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Abstract

Pathology foundation models have markedly advanced computational pathology.
Yet the most capable models are large, expensive to run, or released with closed
weights, while openly available alternatives have trailed them in both accuracy and
robustness. Here we introduce RudolfV 2, RudolfV 2-B, and RudolfV 2-S, a family
of three open-weights pathology vision foundation models that narrow this gap. In
a comprehensive evaluation across representative public benchmarks, RudolfV 2
is the best-performing and most robust openly available model, approaching the
performance of our closed flagship Atlas 2. Its distilled ViT-B and ViT-S variants
match far larger models at a fraction of the inference cost while remaining notably
robust for their size. We release all three models openly for academic researchE]

1 Introduction

The large-scale digitization of pathology, alongside virtual microscopy and artificial intelligence
(AI)-driven analysis of histological images, has begun to reshape anatomic pathology, producing a
growing body of encouraging proof-of-concept studies and early clinical applications [e.g., |8} [17,
45,168l 46]]. Progress, however, has been held back by models that struggle to generalize and stay
robust across settings. This is compounded by the limited availability of training data, especially for
rare entities [20], and by how costly and impractical it is to assemble annotations that span the full

"RudolfV 2 is available at: https://huggingface.co/collections/Aignostics/rudolfv-2
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Figure 1: RudolfV 2 is the best-performing open-weights model. RudolfV 2-B and 2-S achieve prediction
performance similar to competing models but are up to an order of magnitude more efficient. The performance
average is based on morphology prediction tasks from eva [29] and molecular prediction tasks from HEST [33]]
in Tablem The dots show the processing speed of each model for a 224 x 224 pixel image on an L4 GPU.

range of disease manifestations along with the biological and technical variation introduced by tissue
handling, staining, and scanner hardware. Pathology foundation models have arisen as a response to
these obstacles, offering the prospect of transferable and resilient representations that absorb such
heterogeneity through self-supervised pretraining at scale [e.g., [14] [86l 26l [T9] [70, 3, 2]]. For
instance, foundation models underpin applications such as Atlas H&E-TME [[75]], which profiles
the tumor microenvironment (TME) from routine H&E at expert pathologist-level accuracy, or
OpenTME [27], a derived open dataset of cell-level profiles across thousands of TCGA slides—use
cases where robustness to technical variation and efficient inference are decisive for real-world
impact.

Many of the strongest models, however, are distributed with closed weights, or exposed through
proprietary interfaces [e.g.,[3] O] [64] 2]]—a natural choice for commercial and clinical use, but one that
gives the academic community limited room to access, use, and build on them independently. Openly
released models, in turn, have trailed their closed counterparts in both accuracy and robustness. A
second and largely separate hurdle is computational: the leading models are expensive to run, a
concern that is especially acute in pathology, where each whole slide image (WSI) decomposes into
thousands of tiles and inference cost accumulates rapidly at scale. Here, we address these limitations
and introduce an open-weights successor to our earlier pathology foundation model RudolfV [19].

Building on a refined training pipeline and an enlarged training corpus, we developed “RudolfV 27,
an open-weights model that attains the strongest downstream performance of any openly available
pathology foundation model and approaches our proprietary flagship Atlas 2 [2]]. RudolfV 2 is at
the same time the most robust open model to date, matching Atlas 2 in its resilience to the staining,
scanner, and medical-center variation that routinely degrades foundation model representations—
thereby narrowing the accuracy—robustness gap that has separated open models from their closed
counterparts.

We distill [33} [7, 23] this flagship into two compact variants, “RudolfV 2-B” and “RudolfV 2-S”,
built on the leaner ViT-B and ViT-S backbones. These variants process a standard 224 x 224 image
2.5 and 6.5 times faster, respectively, and rank as the most capable openly available small models
released so far, rivaling far larger networks at a small fraction of their inference cost. Notably, this
efficiency comes without sacrificing reliability: both lightweight models are markedly more robust
than other open models of comparable size, extending RudolfV 2’s robustness advantage into the
low-compute regime. Each model is trained across a wide spectrum of diseases, stain types, and
scanners, and draws on several image magnifications. We release the weights of all three models
openly for academic research, and evaluate them against other leading models on a broad range of
downstream pathology applications, including the prediction of morphologic and molecular features.
Figure[T] and Figure 2] summarize the model performance characteristics and key results.
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Figure 2: (A) RudolfV 2, RudolfV 2-B, and RudolfV 2-S are the most robust open-weights models and define the
state-of-the-art performance—robustness Pareto front. The plot shows the performance average and the robustness
average from TableE} (B) The RudolfV 2 models define the performance—efficiency Pareto front.

2 Related Work

Pathology foundation models. In recent years, pathology foundation models [19} 13| 2| |89, 26|
86, (70,114} 118,164} 1511 136, (55, 167]] established themselves as the basis for developing clinical-grade
applications [84] in digital pathology. These models fall into two categories: tile-based and slide-
based. Tile-based models [[19} 13} 2} |89, 14, 9} 164} 40, 139] are trained via self-supervised learning
frameworks such as DINOv2 [62] or DINOv3 [73]] to encode small, fixed-sized image tiles into
compact embeddings. These embeddings then typically serve as a starting point to train slide-
based pathology foundation models [55} 72, |84]], which learn to aggregate the per-tile information
into a single representation for an entire WSI using slide-level supervision such as patient report-
[550 1831172, [78]] or molecular [80} [87]] data. Key drivers behind the progress of pathology foundation
models are increasing both the number of WSIs used for training [9, 89} 3] and model capacity,
primarily through larger encoders [89, [9, [39]]. In contrast to this prevailing focus on scale, the
model presented here, RudolfV 2, attains the strongest downstream performance among openly
available pathology foundation models—trained on 300k WSIs using a 1.1 billion-parameter Vision
Transformer [21]—and is released together with two distilled, resource-efficient variants, RudolfV
2-B and RudolfV 2-S, based on ViT-B and ViT-S backbones.

Robustness of pathology foundation models. While pathology foundation models are trained
on increasingly large and diverse pretraining datasets, their lack of robustness to scanner differ-
ences, laboratory processing artifacts, and staining variations remains problematic [47, 24} 16, 48|
3141530112 1131 158]]. This can lead to a substantial decrease in performance when prediction targets
are correlated with such confounding information in the representations [S0, |44} 47]]. Multiple
investigations have analyzed these shortcomings and proposed benchmarks to quantify this robust-
ness [24} 47]. So far, only limited work has focused on improving the robustness of pathology
foundation models. Examples include stain normalization [56,69], data augmentation [22]], project-
ing out confounder information [[60} 47, distillation [24], or applying methods during downstream
training (e.g., DANN [28| 47]).

Efficient pathology foundation models. To provide efficient alternatives to large-scale frontier
pathology foundation models, several groups [89, 64, 25, 2] have released lightweight counter-
parts, either by training small encoders from scratch [[64, 38, 59, [1]] or by performing knowledge
distillation [33| [7]] from larger foundation models [25} 89, 2]

3 Data and Methods

3.1 Dataset and Preprocessing

We curate a dataset of more more than 300k de-identified WSIs, derived from the digital archives
of Charité - Universitidtsmedizin Berlin and LMU Munich, from which we extract tiles at multiple
resolutions, namely 0.25, 0.5, 1.0, and 2.0 microns per pixel, corresponding to objective microscopic
magnifications of 40x, 20x, 10X, and 5 X, respectively.



3.2 Model Framework and Compute Environment

We perform model training in several phases, including distillation.

Pretraining and model distillation. All of our model architectures are based on the Vision
Transformer (ViT) [21], using a patch-token size of 8. Our main model, RudolfV 2, is based on the
ViT-g architecture with 1.1 billion parameters. For the distilled versions, RudolfV 2-B and RudolfV
2-S, we use the model sizes “base” (ViT-B; 86 million parameters) and “small” (ViT-S; 22 million
parameters), respectively. Our RudolfV 2 training framework builds on an extended RudolfV [19] and
Atlas [3]] approach, with parts based on DINOv?2 [62] and selective improvements from DINOv3 [73]].
For model training, we use NVIDIA A100 GPUs.

Posttraining. A novel component of our framework is a dedicated posttraining stage, which we
adapt from paradigms established in other domains. Broadly, posttraining refers to a refinement stage
applied after pretraining and prior to downstream task adaptation; its concrete objective, however,
varies by domain, ranging from behavioral and preference alignment in large language models [e.g.,
150 (71}, [76} 163]] to representational alignment in computer vision [e.g., 52, 154, 88| [77, I57]. To our
knowledge, this represents the first introduction of a dedicated posttraining stage to improve pathology
foundation models.

3.3 Evaluation Protocols

For reproducibility and comparability, we use publicly available frameworks for evaluation:
HEST [35], eva [29], PathoROB [47]], and Plismbench [24], covering tile-level as well as slide-
level tasks. To further extend the pool of tasks, we additionally report a number of results for public
benchmarks based on an in-house evaluation framework. To evaluate the quality of the foundation
model embeddings, we keep the model encoders frozen and solely apply task-specific prediction
heads. Unless stated otherwise, we report results based on a concatenation of the CLS token and the
mean over patch tokens (“CLS+MEAN”). Input images are normalized using each model’s specified
statistics. We do not apply normalization to the output tokens unless the evaluation framework
specifically does so.

We evaluate five foundation models using their publicly available weights (UNI2-H [14],
H-Optimus-0 [70], Midnight-12k [39]], Virchow?2 [89] and Phikon-v2 [26]]) and three additional
foundation models (Atlas 2 [2]], Pluto-4G [64] and HO-mini [24]) whose weights are either not pub-
licly released or not accessible to us. If not accessible, we include comparisons based on published
results.

HEST The HEST-Benchmark [35]] is composed of tasks for gene expression prediction and designed
as multivariate regression. We use the default evaluation protocol and implementation [32]. The
protocol leverages a Ridge Regression with Principal Component Analysis (PCA) to solve the
multivariate regression on the extracted foundation model embeddings. The results are based on the
Pearson correlation coefficient as defined in [35]. Dataset details can be found in Appendix [A.T]

eva The eva framework [29] comprises tasks for clinical prediction across various cancer types and
pathology applications. Again, we use the default evaluation protocol and implementation [23]]. For
patch-level classification tasks, a linear classification head is trained on the CLS or CLS+MEAN
tokens. For patch-level segmentation tasks, segmentation is performed on the extracted patch token
embeddings. For slide-level classification tasks, eva applies the default Attention-based Multiple
Instance Learning (ABMIL) [34] protocol. We use balanced accuracy as a performance metric for all
patch-level and slide-level classification tasks. For patch-level segmentation tasks, Dice score without
background is reported. Evaluation results are presented using the test split when provided, and the
validation split when a test split is unavailable. Datasets details can be found in Appendix[A.1]

PathoROB The PathoROB Robustness Index benchmark [47] is designed to evaluate model
robustness with respect to non-biological, confounding features. We use their default evaluation
protocol and implementation [[65]]. Our average values for Virchow?2 differ slightly from official
values due to using bicubic image resizing instead of bilinear. This does not affect the ranking. We
provide dataset details in Appendix
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HEST-ccRCC 28.6 27.6 26.1 28.1 29.2 20.9 27.2 26.4 27.4 279 -
HEST-COAD 33.6 30.1 31.3 332 30.9 31.8 25.8 27.0 25.6 349 -
HEST-IDC 61.9 60.6 59.7 60.5 61.1 59.9 59.7 59.1 56.8 62.7 -
HEST-LUNG 57.5 55.7 55.2 574 57.5 58.3 56.8 56.3 55.0 59.4 -
HEST-LYMPH-IDC 26.8 26.2 26.0 274 26.6 27.5 25.7 26.4 24.8 28.6 -
HEST-PAAD 50.6 50.8 50.6 52.3 51.1 50.2 47.8 50.7 47.7 54.2 -
HEST-PRAD 37.0 36.6 37.1 37.5 36.2 37.1 353 36.3 379 39.7 -
HEST-RECTUM 232 22.1 19.8 22.7 24.0 20.3 20.7 20.5 18.7 254 -
HEST-SKCM 65.7 61.5 57.8 68.3 66.1 64.8 64.0 61.2 58.4 70.0 -
MSI CRC (patch) 73.6 71.8 723 72.0 70.0 70.8 71.9 - 68.3 78.0 -
MSI STAD (patch) 75.6 74.6 754 73.1 72.2 73.7 72.5 - 69.2 76.1 -
HEST-Average 42.8 412 40.4 43.0 42.5 41.2 40.3 40.4 39.1 448 432
Molecular-Average 48.6 47.1 46.5 48.4 47.7 46.8 46.1 - 44.5 50.6 -
BACH 89.5 90.9 89.4 92.2 74.7 90.6 88.6 - 73.6 91.7 93.2
BreakHis 90.2 90.3 82.4 86.3 81.0 83.4 81.1 - 70.9 88.3 81.8
CoNSeP 66.9 66.7 66.1 63.6 64.5 62.4 64.5 62.9 62.9 66.1 65.0
CRC-100k 97.1 97.1 96.9 96.9 96.4 96.7 96.6 - 95.3 97.2 96.8
Gleason 78.2 78.0 77.2 77.6 71.3 79.0 78.5 - 75.3 80.7 78.5
MHIST 86.5 87.2 84.5 82.6 85.1 81.2 86.5 - 79.6 88.5 87.9
MoNuSAC 71.6 69.6 68.6 64.5 68.1 65.8 66.8 64.3 64.3 69.4 70.4
PANDA 67.0 67.1 66.2 66.2 66.2 65.4 64.7 - 62.1 68.3 66.6
PCAM 954 95.1 94.4 95.1 94.4 93.0 93.9 - 90.0 96.1 95.2
CAMELYONI6 (0.25 MPP) 85.9 87.4 86.4 85.9 84.7 86.1 85.7 - 80.7 86.8 -
TCGA Uniform (1.0 MPP) 79.0 78.0 75.4 79.4 76.0 83.7 78.0 - 70.1 84.1 -
TCGA Uniform (0.5 MPP) 772 76.0 733 78.8 78.8 83.2 71.5 - 76.7 82.7 -
Morphology-Average-Pluto-4G 82.5 824 80.6 80.6 78.6 79.7 80.1 - 74.9 82.9 81.7
Morphology-Average 82.0 82.0 80.1 80.8 78.9 80.9 80.2 - 75.1 83.3 -
Prediction-Average-Pluto-4G 62.6 61.8 60.5 61.8 60.6 60.5 60.2 - 57.0 63.8 62.5
Prediction-Average 66.0 65.3 64.0 65.3 64.0 64.6 63.9 - 60.5 67.7 -
Robustness Index (Camelyon) 89.7 87.7 93.0 544 70.5 47.8 79.9 71.8 1.9 94.0 -
Robustness Index (TCGA) 86.1 85.3 85.7 80.3 81.2 85.8 82.2 79.4 61.9 87.9 -
Robustness Index (Tolkach) 96.4 95.9 96.5 92.3 91.8 94.1 95.4 93.2 76.8 96.4 -
Plismbench (Leaderboard metric) 65.0 65.1 64.7 36.0 52.2 373 46.4 - 19.6 64.5 -
Robustness-Average 84.3 83.5 85.0 65.8 73.9 66.2 76.0 - 40.0 85.7 -

*Results for HO-mini taken from [24] (HEST, eva) and [65] (PathoROB). Results for Pluto-4G taken from [64].

Table 1: Comparison of RudolfV 2 models to state-of-the-art open-weights and closed-weights models
(Atlas 2 [2]], Pluto-4G [64]). The three sections of the table show prediction results for tasks with morphology
and molecular targets as well as for robustness benchmarks. The best open-weights model result per row is in
bold, the second-best open-weights model result is underlined. The presented RudolfV 2 models exhibit the best
average performance in each of the three sections.

Plismbench The Plismbench benchmark [24] measures the representation consistency across differ-
ent scanning and staining conditions. We use the default evaluation protocol and implementation [66].
We report the leaderboard metric, defined as the average of four metrics: cosine similarity for all pairs,
top-10 accuracy for cross-scanner pairs, top-10 accuracy for cross-staining pairs, and top-10 accuracy
for cross-scanner and cross-staining pairs and use n = 8,139 tiles, the reference value reported in the
repository. The official Plismbench leaderboard [66] reports results for either the CLS+MEAN or the
CLS token per model. Here, we report results for both the CLS+MEAN (in Table|[T)) and CLS tokens
(in Table[2). Further details can be found in Appendix

Additional benchmarks The public benchmarks MSI CRC [43], 37], MSI STAD [43] [37], and
TCGA Uniform [49] are not part of any public evaluation framework. For these benchmarks, we
report an evaluation based on an internal framework. For each benchmark, we apply linear probing
using logistic regression. Results are computed for 5 seeds over data split, shuffling, and initialization



of the prediction head per foundation model and task. The mean across seeds is reported. Dataset
splits are described in detail in Appendix

4 Results

The following analysis is based on public benchmark datasets from four foundation model evaluation
frameworks: HEST [35]], eva [29], PathoROB [47]], and Plismbench [24]], as well as additional (TME)
and MSI prediction benchmark datasets. The tasks span TME tissue and cell typing, morphological
pattern recognition, cancer subtyping, and gene mutation prediction from histology. The evaluation
protocols and task descriptions are detailed in Section[3.3]and Appendix respectively.

p3 S o &
v W §s & o oz \ ¥
s & e & & & & Y *
F & & & & F &
S S N S

HEST-ccRCC 28.1 283 26.3 26.4 26.8 21.3 274 26.7 26.6 26.0 289
HEST-COAD 31.0 28.0 27.7 30.1 30.9 29.1 259 24.9 25.0 323 31.6
HEST-IDC 61.3 59.7 58.7 59.0 59.8 58.2 59.2 58.6 54.1 62.1 60.6
HEST-LUNG 56.6 53.9 51.0 55.8 559 55.8 55.3 54.8 54.2 57.2 56.9
HEST-LYMPH-IDC 25.8 253 254 27.2 259 26.4 25.6 26.3 24.4 282 273
HEST-PAAD 49.6 48.0 46.8 50.0 49.1 49.0 472 49.2 44.5 523 51.1
HEST-PRAD 359 353 354 35.7 38.5 337 34.8 36.8 355 38.5 374
HEST-RECTUM 22.0 20.5 17.7 223 222 18.5 20.9 18.6 17.5 24.0 233
HEST-SKCM 63.8 59.6 51.6 65.9 64.5 63.6 61.9 60.1 55.5 67.8 67.0
MSI CRC (patch) 74.0 72.0 71.9 71.8 69.7 69.9 71.6 - 67.6 78.2 -
MSI STAD (patch) 76.3 759 75.6 72.8 72.6 72.6 73.0 - 68.6 75.8 -
HEST-Average 41.6 39.8 37.8 41.4 41.5 395 39.8 39.6 37.5 432 42.7
Molecular-Average 47.7 46.0 44.4 47.0 46.9 453 45.7 - 43.0 49.3 -
BACH 89.8 91.5 90.0 91.5 75.9 90.5 88.3 774 73.3 91.1 93.8
BreakHis 90.0 89.5 814 85.5 80.1 81.2 82.1 - 71.3 85.6 81.5
CoNSeP 66.9 66.7 66.1 63.6 64.5 62.4 64.5 62.9 62.9 66.1 65.0
CRC-100k 97.0 97.1 96.9 96.5 95.5 96.6 96.7 96.1 93.9 97.1 96.4
Gleason 78.9 79.1 71.5 77.5 77.0 80.0 78.3 - 75.7 79.5 79.3
MHIST 86.2 87.3 84.5 82.6 84.4 80.4 86.1 79.0 71.7 88.0 87.5
MoNuSAC 71.6 69.6 68.6 64.5 68.1 65.8 66.8 64.3 64.3 69.4 70.4
PANDA 67.0 65.9 66.5 64.6 67.2 65.2 64.9 66.7 62.4 68.3 66.8
PCAM 95.3 94.9 94.4 95.0 94.3 929 93.8 94.2 89.4 96.1 95.1
CAMELYONI6 (0.25 MPP) 85.8 87.1 86.8 85.2 83.1 84.0 85.9 84.2 80.2 86.5 -
TCGA Uniform (1.0 MPP) 78.9 78.1 75.3 79.3 75.6 82.7 782 - 69.8 84.2 -
TCGA Uniform (0.5 MPP) 77.2 75.9 734 78.8 78.7 82,5 77.8 - 76.7 82.6 -
Morphology-Average-Pluto-4G 82,5 824 80.7 80.1 78.6 79.4 80.2 - 74.5 824 81.8
Morphology-Average 82.0 81.9 80.1 80.4 78.7 80.4 80.3 - 74.8 82.9 -
Prediction-Average-Pluto-4G 62.0 61.1 59.2 60.8 60.0 59.5 60.0 - 56.0 62.8 62.2
Prediction-Average 65.6 64.7 63.0 64.4 63.5 63.6 63.7 - 59.6 66.8 -
Robustness Index (Camelyon) 89.5 87.8 93.0 51.5 69.0 46.7 74.1 - 1.6 93.6 -
Robustness Index (TCGA) 86.1 85.1 85.5 79.6 80.4 85.4 82.7 - 58.8 87.8 -
Robustness Index (Tolkach) 96.2 95.5 96.0 91.4 91.0 93.9 95.2 - 73.3 95.9 -
Plismbench (Leaderboard metric) 61.5 58.1 56.6 332 48.0 33.8 44.8 54.1 16.4 60.5 -
Robustness-Average 83.3 81.6 82.8 63.9 72.1 65.0 74.2 - 37.5 84.4 -

*Results for HO-mini taken from [24] (eva), [66] (Plismbench) and [32] (HEST). Results for Pluto-4G taken from [64].

Table 2: Same table content and formatting as in Table but for the CLS token instead of CLS+MEAN.

Table [I|demonstrates that RudolfV 2 achieves the best performance among open-weights foundation
models on morphology prediction tasks (up to 1.1 p.p. improved average performance over the runner-
up Midnight-12k [39]]), molecular prediction tasks (up to 0.2 p.p. improved average performance
over the runner-up UNI2-H [14]) and model robustness evaluation (up to 8.3 p.p. improved average
performance over the runner-up Virchow?2 [89]). Notably, RudolfV 2 also performs on par with



the closed-weights model Pluto-4G [64] and is only surpassed by the state-of-the-art pathology
foundation model Atlas 2 [2]. On model robustness evaluation, RudolfV 2 comes close to Atlas 2 [2],
narrowing the gap to 1.4 p.p. (84.3 vs. 85.7).

Our distilled models RudolfV 2-B and RudolfV 2-S are the leading efficient open-weights models for
morphology prediction, molecular prediction, and model robustness in comparison to HO-mini [24]]
and Phikon-v2 [26]. For morphology prediction tasks, RudolfV 2-B even matches the average
performance of our open-weights flagship RudolfV 2 and outperforms larger open-weights models.

Table [2] provides additional evaluation results when using the CLS token instead of CLS+MEAN
tokens, with conclusions similar to those in Table [T}

5 Conclusion

With RudolfV 2, we set out to narrow the gap that has separated openly available pathology founda-
tion models from their closed, proprietary counterparts. Across representative public benchmarks,
RudolfV 2 is the best-performing and most robust open-weights model to date, approaching the per-
formance and matching the robustness of our closed flagship Atlas 2. Moreover, its distilled variants,
RudolfV 2-B and RudolfV 2-S, retain much of this capability and robustness at a fraction of the
inference cost, making them well suited to research settings with limited computational resources. By
releasing the weights of all three models for research use, we hope to lower the barrier to reproducible
work in computational pathology and to establish a stronger foundation for the community to build
upon.
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A Appendix

A.1 Task Descriptions

HEST-Benchmark The HEST-Benchmark was introduced by [35] for benchmarking foundation
models for histology on the task of gene expression prediction from H&E-stained images. The
benchmark includes 72 spatial transcriptomics profiles (using Xenium or Visium technology) with
corresponding H&E-stained images from 47 patients grouped into 10 tasks based on organ. Each
task involves predicting the expression levels of the 50 most variable genes (highest normalized
variance) from 112x112 um H&E-stained image patches (equivalent to 224 %224 pixels at 20 x
magnification) centered on each spatial transcriptomics spot, formulated as a multivariate regression
problem. We use the default Ridge Regression with PCA (256 factors) evaluation protocol to solve
the multivariate regression problem for extracted embeddings [35]]. Specifically, the objective of
the 10 tasks is to predict gene expression levels for invasive ductal carcinoma (breast cancer, IDC),
prostate adenocarcinoma (prostate cancer, PRAD), pancreatic adenocarcinoma (pancreatic cancer,
PAAD), skin cutaneous melanoma (skin cancer, SKCM), colonic adenocarcinoma (colon cancer,
COAD), rectal adenocarcinoma (rectum cancer, READ), clear cell renal cell carcinoma (kidney
cancer, ccRCC), hepatocellular carcinoma (liver cancer, HCC), lung adenocarcinoma (lung cancer,
LUAD), and axillary lymph nodes in IDC (metastatic, LYMPH-IDC). The benchmark applies patient-
stratified splits to avoid any train/test patient-level data leakage, resulting in a k-fold cross-validation
where k is the number of patients [35]]. Performance is measured as the Pearson correlation coefficient
between the predicted and measured gene expression. Results are reported as the mean across folds.

BACH The BACH dataset comprises 400 H&E microscopy images (2048 x 1536 pixels at 20x
magnification) of breast cancer biopsies. It was introduced as part of the ICIAR 2018 Grand Challenge
on BreAst Cancer Histology images (BACH) [4]. The task of the challenge is to classify each image
into one of the following four classes: “normal”, “benign”, “in situ carcinoma”, and “invasive
carcinoma”. The dataset is split into 268 training images (67 images per class) and 132 test images

(33 images per class). The patches are resized and cropped to 224 x 224 pixels.

CRC-100k The CRC-100k dataset contains 107,180 H&E images (224 x224 pixels at 20x magnifi-
cation) extracted from colorectal cancer (CRC) tissue samples [42]]. The tissue samples originate from
CRC primary tumors and CRC liver metastases. The task of this benchmark is to classify each image
into one of the following nine tissue classes: “adipose”, “background”, “debris”, “lymphocytes”,
“mucus”, “smooth muscle”, “normal colon mucosa”, “cancer-associated stroma”, and “colorectal
adenocarcinoma epithelium”. The dataset is split into 100,000 training images (NCT-CRC-HE-
100K-NONORM) and 7,180 test images (CRC-VAL-HE-7K). We use the original (no-norm) images
without Macenko color normalization [41]].

MHIST The task of MHIST is to classify images of colorectal polyps into hyperplastic polyps
(HPs) vs. sessile serrated adenomas (SSAs) [85]. This distinction is clinically important as HPs are
typically benign whereas SSAs are precancerous lesions that can turn into cancer if left untreated.
The task is challenging for pathologists, often showing considerable inter-pathologist variability. The
MHIST dataset consists of 3,152 H&E images (224 x224 pixels at 8 x magnification) of colorectal
polyps. Labels are derived from the majority vote of seven pathologists. The dataset is split into
2,162 training images (1,545 HP and 617 SSA) and 990 test images (630 HP and 360 SSA).

PCAM PCAM (PatchCamelyon) defines the clinically-relevant task of metastasis detection as
a binary image classification task [81]. The dataset consists of 327,680 H&E images (96x96
pixels at 10x magnification) extracted from scans of sentinel lymph node sections. Each image is
annotated with a binary label indicating the presence of metastatic breast cancer tissue. An image is
labeled as metastatic if the center (32x32 pixels) region contains at least one pixel of tumor tissue.
The dataset is split by ratios of 80:10:10 into training, validation, and test sets with no overlap of
WSIs/cases between the splits. Moreover, every split has a 50:50 balance of positive and negative
examples. For evaluation, we resize each image to 224 x224 pixels. PCAM has been derived from
the CAMELYON16 Challenge [6].

CAMELYON16 The task of the CAMELYON16 challenge [6] is to classify whole slide images
(WSIs) of lymph node tissue sections into metastatic breast cancer tissue being present or not. The
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dataset comprises 399 H&E-stained WSIs of sentinel lymph node sections, which were acquired and
scanned (40 x magnification) at two centers from the Netherlands [6]. The dataset is split into 270
training slides (110 with and 160 without metastasis) and 129 test slides (49 with and 80 without
metastasis). Here, we report results for the CAMELYON16 (small) setup in eva [29], which randomly
samples max. 1,000 patches per slide.

PANDA The PANDA challenge [[10] is concerned with the challenging task of tumor grading of
whole slide images (WSIs) of prostate cancer biopsies, which suffers from significant inter-observer
variability between pathologists. Prostate cancer grading follows the Gleason grading system (3, 4, or
5) based on architectural growth patterns of the tumor, which are then converted into an ISUP grade
on a scale of 1-5 for usage as a prognostic marker. The dataset features 9,555 H&E-stained WSIs
(subset with noisy labels removed) of prostate tissue biopsies from two medical centers scanned at
20x magnification. Specifically, the task is to classify each WSI into an ISUP grade of 0-5 (six
classes), where 0 means that a biopsy does not contain any cancer. The dataset is split into 6,686
training slides, 1,430 validation slides, and 1,439 test slides in a class-stratified manner. Here, we
report results for the PANDA (small) setup in eva [29], which considers a fewer number of total
slides (955 train, 477 validation, 477 test) and fewer randomly sampled patches per slide (200).

BreakHis The Breast Cancer Histopathological Image Classification (BreakHis) dataset was in-
troduced for the task of classifying breast tumor tissue into benign and malignant histological
subtypes [74]. The task involves multi-class classification of microscopic images into eight cate-
gories: “adenosis” (A, benign), “fibroadenoma” (F, benign), “phyllodes tumor” (PT, benign), “tubular
adenona” (TA), “carcinoma” (DC, malignant), “lobular carcinoma” (LC, malignant), “mucinous
carcinoma” (MC, malignant) and “papillary carcinoma” (PC, malignant). The original dataset consists
of 9,109 microscopic images collected from 82 patients at multiple magnification factors, 40x, 100x,
200x, and 400x. For this benchmark, we follow the eva [29] evaluation protocol and use only
the 40 x magnification subset, which consists of 1,995 H&E-stained images (700x460 pixels at
40x magnification, 0.49 um/pixel) selected from classes with at least seven patients to ensure statisti-
cal robustness: TA, MC, F & DC. The dataset is split using patient-stratified partitioning, resulting in
1,132 training images and 339 validation images with approximate class balance maintained across
splits.

CoNSeP The CoNSeP (Colorectal Nuclear Segmentation and Phenotypes) dataset was introduced
for the task of nuclear segmentation and classification in colorectal tissue [30]]. The task involves seg-
menting and classifying cell nuclei into four categories: “miscellaneous”, “inflammatory”, “epithelial”
(combining normal and malignant/dysplastic epithelial cells), and “spindle-shaped” (combining fi-
broblast, muscle, and endothelial cells). The dataset consists of 41 H&E-stained images (1,000 1,000
pixels at 40x magnification) extracted from 16 whole-slide images of unique colorectal cancer pa-
tients, containing 24,319 annotated nuclei in total. Segmentation masks are provided as instance-level
annotations indicating both the spatial extent and class label of each nucleus. The dataset is split into
27 training images and 14 test images. Following the eva [29] protocol, we use the test split as the
validation split.

Gleason Arvaniti The Gleason Arvaniti dataset was introduced for automated Gleason grading
of prostate cancer tissue microarrays (TMAs) [5]. The task involves multi-class classification of
prostate tissue images into four categories: “benign”, “Gleason pattern 3”, “Gleason pattern 4”,
and “Gleason pattern 5”. The dataset comprises 22,752 H&E-stained images (750x750 pixels at
40x magnification) from 886 patients across two cohorts: a training cohort of 641 patients and an
independent test cohort of 245 patients, with annotations provided by two experienced pathologists.
Following the eva [29] protocol, the dataset is split into 15,303 training images, 2,482 validation
images selected from TMA 76 due to its balanced distribution of Gleason scores, and 4,967 test
images.

MoNuSAC The MoNuSAC (Multi-Organ Nuclei Segmentation and Classification Challenge)
dataset was introduced for the task of nuclear segmentation and classification across multiple organs
and tissue types [82]. The task involves segmenting and classifying cell nuclei into five categories:
“epithelial cells”, “lymphocytes”, “macrophages”, “neutrophils”, and “ambiguous” (cells that cannot
be definitively classified into the other categories). The dataset consists of 294 H&E-stained tissue

images from four organs: breast, kidney, lung, and prostate, with variable dimensions, from 113x81
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to 1,398 x 1,956 pixels at 40 x magnification. The images were collected from 37 hospitals and 71
patients, containing over 46,000 annotated nuclei. Instance-level segmentation masks are provided,
indicating both the spatial extent and class label of each nucleus. The dataset is split into 209 training
images and 85 test images. Following the eva [29] evaluation protocol, we use the test split as the
validation split.

MSI CRC (patch) This dataset contains 173,630 H&E images (224 x224 pixels at 20x magnifica-
tion) extracted from N = 360 colorectal cancer (CRC) tissue scans from TCGA (TCGA-CRC-DX).
The task is binary classification of microsatellite instability (MSI) vs. microsatellite stability (MSS),
which is a clinically important prognostic marker [43]137]. The dataset is split into 56,044 (28,022
MST + 28,022 MSS) training images, 18,682 (9,341 MSI + 9,341 MSS) validation images, and 98,904
(28,335 MSI + 70,569 MSS) test images.

MSI STAD (patch) This dataset contains 198,464 H&E images (224 x224 pixels at 20x mag-
nification) extracted from N = 315 stomach adenocarcinoma (STAD) tissue scans from TCGA
(TCGA-STAD). The task is binary classification of microsatellite instability (MSI) vs. microsatellite
stability (MSS), which is a clinically important prognostic marker [43}137]. The dataset is split into
60,342 (30,171 MSI + 30,171 MSS) training images, 20,114 (10,057 MSI + 10,057 MSS) validation
images, and 118,008 (27,904 MSI + 90,104 MSS) test images.

TCGA Uniform (10x) and (20x) The TCGA Uniform dataset [49] contains 264,110 to 271,700
patches per resolution with 256 x 256 pixels. The task is to differentiate between 32 cancer classes
from different tissue types (e.g., Colon adenocarcinoma). Only patches showing the specific cancer
type were extracted from the TCGA WSIs based on annotations from two trained pathologists. As
there is no official train and test split, we generate five folds with no overlapping patients and sampled
100 patches per class and fold, resulting in a total dataset size of 16,000 patches. We generate
one dataset containing patches with 0.5 um/pixel (20x) and one with 1.0 um/pixel (10x) to test
the performance of the foundation models at different zoom levels. The results represent the mean
balanced accuracy for the five-fold cross-validation evaluation.

PathoROB The PathoROB Robustness Index was introduced by [47] as a novel metric to quantify
the robustness of pathology foundation models to non-biological confounding features, specifically
medical center differences arising from variations in staining procedures, scanner hardware, surgical
techniques, and laboratory protocols. The Robustness Index measures the degree to which biological
features (e.g., tissue type, cancer type) dominate over confounding non-biological features (e.g.,
medical center signatures) in the neighborhood structure of a foundation model’s embedding space.
The benchmark comprises three datasets sourced from CAMELYON]6! [11]], TCGA[49]], and Tolkach
ESCAJ7/9], covering 28 biological classes from 34 medical centers.

Plismbench The Plismbench robustness benchmark was introduced by [24] as a framework to
quantify the robustness of pathology foundation models to technical variations arising from different
scanning devices and staining procedures. The benchmark measures robustness through cosine
similarity and top-k retrieval accuracy metrics, evaluating the ability of foundation models to maintain
consistent representations of matching tissue tiles across different technical conditions. The evaluation
is performed on registered tile pairs from the PLISM dataset [61], which consists of 46 human tissue
types processed with 13 different H&E staining conditions and captured using 7 WSI scanners,
resulting in 16,278 registered tissue tile pairs. Robustness is assessed across three conditions:
cross-scanner robustness (fixed staining), cross-staining robustness (fixed scanner), and combined
cross-scanner and cross-staining robustness.
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