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Abstract

Pathology foundation models offer transferable representations for a range of downstream
tasks in computational pathology, but reliance on proprietary data, substantial compute
requirements, and limited availability of training code and preprocessing pipelines hinder
independent validation and further methodological development. We present OpenMidnight
1.1, an open-source replication and refinement of Midnight trained on approximately 12,000
publicly available whole-slide images from The Cancer Genome Atlas. Using an encoder ini-
tialized with pretrained DINOv2 weights, OpenMidnight 1.1 uses approximately 320 H100
GPU-hours for pathology pretraining—a 34-fold reduction relative to the compute reported
for Midnight. Across 16 classification and four segmentation datasets in THUNDER, Open-
Midnight 1.1 achieves the highest mean segmentation Dice (69.7) and ranks fourth among
14 models, ahead of Midnight, with performance that matches or exceeds models trained
on substantially larger datasets in several tasks. Our ablation studies additionally examine
how initialization, data volume, model size, and tissue composition affect downstream per-
formance, providing empirical evidence to inform the development of future training recipes.
Our release of the training code, preprocessing pipeline, and model weights lowers barriers to
reproducible research and further development of competitive pathology foundation models.

1 Introduction

In recent years, self-supervised learning has transformed computational pathology by enabling foundation
models to learn from terabytes of histopathology images without costly, time-consuming expert annotation,
a major bottleneck for modeling gigapixel whole-slide images (WSIs) (Ochi et al., 2025). However, gener-
alizability, interpretability, and reproducibility remain important concerns for their integration into clinical
workflows in the real world (U.S. Food and Drug Administration, 2026).

Open access to training code, preprocessing pipelines, pretraining data, and model weights supports in-
dependent evaluation and reproducible development (Heil et al., 2021; Wagner et al., 2024). Yet leading
models, including GigaPath, Virchow2, H-Optimus-0, and Hibou, have largely relied on proprietary datasets
and substantial computational resources, often without releasing complete pretraining code (Xu et al., 2024;
Zimmermann et al., 2024; Saillard et al., 2024; Nechaev et al., 2024). These barriers restrict the research
community’s ability to reproduce and extend their results. Meanwhile, independent benchmarks suggest
that larger pretraining datasets do not consistently translate into better downstream performance (Marza
et al., 2025; Gatopoulos et al., 2024; Ma et al., 2025). Together, these observations motivate more efficient
and reproducible training approaches built on publicly available data.
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Midnight (Karasikov et al., 2025) demonstrated the potential of this philosophy, achieving performance
comparable to models trained on more than a million slides using only 12,000 publicly available whole slide
images (WSIs) from The Cancer Genome Atlas (TCGA) (Weinstein et al., 2013). Nevertheless, its training
required 32 H100 GPUs for 14 days. Its weights were released under a non-commercial license, but its training
code was not made available, limiting independent replication. Contributions of pretraining initialization,
model size, and pretraining data scale and composition also remained insufficiently characterized, leaving
open whether a more accessible training recipe could facilitate further improvement of performance.

Here, we present OpenMidnight 1.1, a fully open-source replication and refinement of Midnight trained
on approximately 12,000 publicly available TCGA slides. OpenMidnight 1.1 outperforms Midnight on the
THUNDER benchmark suite (Marza et al., 2025) using a fraction of Midnight’s reported training compute,
at an estimated training cost of $800. It ranks fourth among 14 models across five THUNDER evaluation
categories, remaining competitive with models trained on one to two orders of magnitude more data (Fig-
ure 1). Controlled ablations assess the contributions of DINOv2 initialization (Oquab et al., 2023), model
size, pretraining data volume and corpus composition; additional analyses examine the geometry of the
learned representations and qualitatively assess prediction errors in a downstream segmentation task. We
release the complete training pipeline, preprocessing scripts, and model weights to support reproducibility
and lower the barrier to developing pathology foundation models aimed at clinical deployment.
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Figure 1: Benchmark performance relative to pretraining data scale. Scores equally average the four
THUNDER category means: linear probing, KNN, and 16-shot classification (F1), and segmentation (Dice).
Each classification category averages 16 datasets, and segmentation averages four. Pretraining slide counts
are shown on a logarithmic scale. OpenMidnight 1.1, trained on approximately 12,000 publicly available
TCGA slides, performs comparably to models trained on substantially larger slide collections.

2 Related Work

Pathology foundation models learn transferable representations from histopathology images, typically
through self-supervised pretraining on tiles extracted from whole-slide images. Early models demonstrated
the value of domain-specific pretraining using publicly accessible data: CTransPath employed contrastive
learning (Wang et al., 2022), while Phikon adopted the iBOT masked-image modeling objective (Filiot
et al., 2023). More recent models, including GigaPath, Virchow2, H-Optimus-0, and Hibou, have adopted
DINOv2-based training (Oquab et al., 2023) and substantially expanded their pretraining corpora, often
incorporating proprietary data (Xu et al., 2024; Zimmermann et al., 2024; Saillard et al., 2024; Nechaev
et al., 2024). Although these models achieve strong downstream performance, independent reproduction
remains difficult when their pretraining data or training code are not publicly available.
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Midnight demonstrated that competitive pathology foundation models could be trained using approximately
12,000 publicly available TCGA slides (Karasikov et al., 2025). Although its model weights were released,
the training code was not publicly available, and pretraining required substantial computational resources.
Midnight is the closest methodological predecessor to our work. We extend this direction by providing
an open training pipeline, reducing pretraining compute, and examining the effects of initialization, data
volume, model size, and tissue composition under the tested training configurations.

Independent benchmarks provide complementary assessments of pathology foundation models. EVA sup-
ports tile- and slide-level classification and nuclei segmentation (Gatopoulos et al., 2024), while HEST eval-
uates gene-expression prediction from histological morphology (Jaume et al., 2024). THUNDER broadens
tile-level evaluation to include classification, segmentation, image retrieval, representation comparisons, and
assessments of uncertainty and robustness (Marza et al., 2025). Together, these frameworks support evalua-
tion across different uses and properties of learned representations. Our study uses THUNDER to compare
the released model with existing foundation models and EVA and HEST to evaluate training ablations.

3 Methods

OpenMidnight (Kaplan et al., 2025) was first introduced as an open-source replication and refinement of
Midnight (Karasikov et al., 2025), including both training code and the model weights, with closely matching
performance. We retained key elements of training methods described in Midnight, including TCGA data, a
DINOv2-initialized ViT-G/14 backbone, the self-supervised objective, tissue filtering, stain-aware augmen-
tation and use of a kernel density estimation (KDE) regularizer (Wang & Isola, 2020) in place of DINOv2’s
KoLeo regularizer. We changed how training patches were supplied: rather than sampling new regions
from whole-slide images throughout training, we selected random, tissue-filtered patch locations in advance.
We also moderated color augmentation and trained for 250,000 steps on eight H100 GPUs, compared with
Midnight’s one million steps on 32 H100 GPUs.

OpenMidnight 1.1 introduces several updates and refinements to our initial blog release, including a cor-
rection to the sign of the KDE regularizer, a shorter training schedule, antialiased positional-embedding
interpolation, and a checkpoint averaging procedure described below. The shortened 137,500-step schedule
further reduces pretraining compute to 320 H100 GPU-hours—approximately 34-fold fewer than reported
for Midnight. Figure 2 summarizes the OpenMidnight 1.1 pretraining and evaluation pipeline.

3.1 Model Architecture and Training Objective

OpenMidnight 1.1 uses a ViT-G/14 encoder with approximately 1.1 billion parameters and four register
tokens. We initialize the student encoder from Meta’s pretrained DINOv2 weights (Oquab et al., 2023),
resizing the learned patch positional embeddings from a 37 × 37 grid to the 16 × 16 grid used for our
224 × 224-pixel global crops. Following DINOv2, separate DINO and iBOT projection heads each produce
scores over 131,072 prototypes. Their MLP weights are initialized from a truncated normal distribution
with standard deviation 0.02, and their biases are set to zero; the teacher is then initialized as a copy of the
student.

During pretraining, the DINO loss matches the student’s class-token predictions from global and local crops
to the teacher’s predictions from global crops of the same image. The iBOT loss asks the student to match
the teacher’s prototype scores at patch locations hidden from the student but visible to the teacher. The
teacher is updated as an exponential moving average of the student. Following Midnight, we also replace
DINOv2’s KoLeo regularizer with a KDE regularizer (Wang & Isola, 2020), weighted by 0.05. The initial
OpenMidnight implementation contained a sign error in this term: when added to the minimized training
loss, it favored the opposite of the intended feature-spreading behavior. OpenMidnight 1.1 corrects the sign.

3.2 Pretraining Data and Patch Sampling

Following Midnight, we use approximately 12,000 TCGA (Weinstein et al., 2013) WSIs spanning 31 cancer
types and 24 primary sites. Before training, we select random locations for 224 × 224-pixel tiles across
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Figure 2: Overview of the OpenMidnight 1.1 pipeline. Pretraining: ∼25M tiles are extracted from
∼12K TCGA whole-slide images and used to train a DINOv2-initialized ViT-G/14 on 8 H100 GPUs (320
GPU-hours). Evaluation: the frozen model produces embeddings for THUNDER classification tasks and
segmentation tasks.

the slides’ available resolution levels, allowing sampled regions to overlap. We retain Midnight’s HSV-based
tissue filter, accepting tiles for which more than 60% of pixels fall within the specified tissue color range.
This yields a pool of approximately 25 million sampled tiles. Figure 3 shows the numbers of slides and tiles
by primary site.

3.3 Training Setup

We train on eight 80 GB NVIDIA H100 GPUs with a batch size of 48 per GPU (384 in total), using AdamW
for 137,500 optimizer steps. Following DINOv2’s square-root batch-size scaling, a base learning rate of
3 × 10−4 at a reference batch size of 1,024 gives a peak rate of approximately 1.84 × 10−4 for our batch size.
The learning rate warms up to this value over 12,500 steps and then decays on a cosine schedule. Over the
full run, weight decay increases from 0.04 to 0.2 and teacher momentum increases from 0.994 to 1.0, both
on cosine schedules. We use a stochastic depth rate of 0.4.

Each tile produces two 224 × 224-pixel global crops and eight 98 × 98-pixel local crops. Following Midnight,
we first apply HED stain augmentation to each crop with probability 0.5 and a perturbation range of
±0.05 per channel, before applying RGB color jitter. To avoid excessively strong color perturbations in
histopathology tiles, we reduced the standard DINOv2 RGB color-jitter strengths for brightness and contrast
from 0.4 to 0.2, saturation from 0.2 to 0.1, and hue from 0.1 to 0.05. We also omit solarization from the
second global crop. For local crops, OpenMidnight 1.1 interpolates positional embeddings using bicubic
interpolation with antialiasing and zero offset.

The run processes approximately 52.8 million tile presentations from the approximately 25-million-tile pool
and takes about 40 hours, or 320 GPU-hours. We obtain the reported model by averaging the parameters
of five teacher checkpoints saved at steps 87,500, 100,000, 112,500, 125,000, and 137,500.
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Figure 3: Pretraining data distribution across primary sites. Numbers of WSIs (navy, left axis) and
sampled tiles (teal, right axis) in the pretraining corpus, comprising approximately 12k slides from 31 TCGA
projects and 25 million sampled tiles, grouped by their primary sites.

3.4 Evaluation Protocol

We evaluate OpenMidnight 1.1 using THUNDER (Marza et al., 2025) across 16 classification and four
segmentation datasets. For classification, we evaluate linear probing, KNN, and 16-shot classification using
frozen image embeddings and report F1 scores. For semantic segmentation, we train THUNDER’s Segmenter
decoder on frozen patch-token embeddings and report Dice scores. We also assess prediction calibration
using expected calibration error (ECE). All evaluations follow THUNDER’s task-specific protocols, with
computational modifications described below.

We evaluate the ablation runs using EVA (Gatopoulos et al., 2024), which covers tile- and slide-level classifi-
cation and nuclei segmentation. With the encoder frozen, we follow EVA’s task-specific evaluation protocols
and report balanced accuracy for classification and Dice score for segmentation. For gene-expression predic-
tion, we use HEST (Jaume et al., 2024) and report the mean Pearson correlation across its nine benchmark
tasks.

THUNDER and HEST evaluations use an optimized pipeline adapted from their official codebases. The
optimizations include FP16 encoder inference, feature caching, vectorized evaluation of frozen features, INT8
storage of patch-token features with FP16 scaling factors, and TF32 matrix multiplication in segmentation
decoders. These optimizations reduce computation and storage requirements, but changes in numerical
precision and implementation can affect the resulting scores. The optimized evaluation code is publicly
available at https://github.com/MedARC-AI/pathfm-full-evals.

4 Results

4.1 Benchmark Performance

Table 1 presents performance across five THUNDER evaluation categories, with classification and calibration
evaluated on 16 datasets and segmentation evaluated on four datasets. Complete per-dataset results are
provided in Appendix A.2. OpenMidnight 1.1 achieves the highest mean segmentation Dice (69.7) among
all 14 models evaluated and ranks fourth overall with a rank sum of 25. It also achieves higher mean linear-
probing F1 than models trained on substantially larger datasets, including H-Optimus-0 and Virchow2,

5

https://github.com/MedARC-AI/pathfm-full-evals


which use more than 500,000 and approximately 3.1 million slides, respectively. These results are obtained
using approximately 12,000 publicly available TCGA slides, reinforcing Midnight’s finding that competitive
pathology foundation models can be trained on substantially smaller datasets.

OpenMidnight 1.1 exceeds Midnight in linear probing, KNN, few-shot classification, and segmentation,
achieving a lower rank sum (25 versus 26) despite its higher calibration error (ECE of 5.8 versus 2.9). Both
models use TCGA slides, but Midnight reports training on 32 H100 GPUs for 14 days, compared with
eight H100 GPUs for approximately 40 hours for OpenMidnight 1.1—approximately 34-fold fewer reported
GPU-hours. This comparison demonstrates competitive benchmark performance with substantially less
pretraining compute.

Table 1: Performance on THUNDER. Results are averaged over 16 classification datasets for linear prob-
ing, KNN, 16-shot classification, and calibration, and four segmentation datasets. Classification performance
is measured by F1, calibration by ECE, and segmentation by Dice, all expressed as percentages. Models are
ordered by the sum of their ranks across the five metrics. Bold indicates the best scores for each task type,
and OpenMidnight 1.1 is highlighted. Adversarial attack results are excluded because numerical effects in
our optimized evaluation pipeline can weaken attacks unevenly across models, compromising comparisons of
adversarial robustness.
Model #WSIs Source Lin. Prob. ↑ Calib. ↓ KNN ↑ Few-shot ↑ Seg ↑ Rank sum ↓

Histopathology models

UNI2-H 350K Private 85.7 3.9 83.3 79.8 69.2 11
GenBio-PathFM 177K HistAI, TCGA, GTEx, REG 85.4 4.8 83.7 79.4 68.2 18
Virchow2 3.1M Private 84.7 4.0 82.9 74.0 68.9 24
OpenMidnight 1.1 12K TCGA 85.2 5.8 80.8 74.0 69.7 25
Midnight 12K TCGA 84.7 2.9 80.0 71.5 68.0 26
H-Optimus-0 > 500K Private 83.8 4.0 81.4 76.2 64.6 28
H0-mini 6.1K TCGA† 83.7 3.8 79.7 75.0 68.2 29
GigaPath 171K Private 83.6 3.5 79.9 75.9 67.1 30
Virchow 1.5M Private 82.8 4.5 77.4 71.8 69.1 36
OpenMidnight 12K TCGA 84.8 5.3 79.3 43.6 69.1 37
Phikon2 60K TCGA, GTEx, CPTAC, others 79.7 3.8 73.9 71.8 67.3 39

Natural-image models

DINOv3-L — — 77.9 3.0 71.5 61.8 61.6 44
DINOv2-L — — 77.3 4.5 70.7 58.8 59.7 55
DINOv2-B — — 76.5 5.3 69.1 60.2 60.0 57

†H0-mini was distilled on TCGA from H-Optimus-0, which was pretrained on private data.

4.2 Ablation Studies

We investigate four aspects of the training recipe: DINOv2 initialization, pretraining data volume, model
size, and tissue composition. These experiments were conducted using the OpenMidnight implementation
before correction of the KDE regularizer’s sign and are evaluated on EVA. Appendix A.1 reports an additional
comparison on EVA and HEST between models trained with the uncorrected and corrected KDE regularizer.
The combined average score changes from 0.7704 to 0.7689, an absolute difference of 0.0015, indicating a
small aggregate change in downstream performance following the sign correction.

4.2.1 Effect of Initialization with Pretrained DINOv2 Weights

To investigate the effect of backbone initialization, we compare OpenMidnight ViT-G/14 runs initialized from
publicly available DINOv2 weights or random weights. Both runs share the same training configuration. We
periodically evaluate checkpoints on EVA to track downstream performance throughout pretraining.

DINOv2 initialization provides an early advantage: before pathology pretraining, mean EVA performance is
0.74 for the pretrained encoder and 0.37 for the randomly initialized encoder (Figure 4). The gap narrows
during training; at 137,500 steps, the corresponding scores are 0.80 and 0.78. Thus, pretrained initialization
improves performance throughout the observed training trajectory under the shared configuration. Using
DINOv2 pretrained weights therefore offers a practical way to reduce the pathology-pretraining compute
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needed to achieve strong downstream performance, while separate hyperparameter tuning could further
improve the randomly initialized model.

Figure 4: Effect of pretrained initialization on downstream performance. Mean EVA performance
across pretraining checkpoints for OpenMidnight ViT-G/14 initialized from DINOv2 weights (solid) or ran-
dom weights (dashed). Both runs use the same training configuration; shading indicates the performance
gap.

4.2.2 Effect of Pretraining Data Volume

To examine how pretraining data volume affects downstream performance, we compare OpenMidnight
trained on the full TCGA corpus with a model trained on a randomly sampled 25% subset of slides, holding
the remaining training settings constant. Despite a fourfold reduction in pretraining slides, mean EVA per-
formance decreases by only 0.008, from 0.815 to 0.807 (Table 2). This modest gap suggests limited gains from
additional slides within the tested range, consistent with our broader observation that strong performance
is possible without a massive pretraining corpus.

Table 2: EVA performance when pretraining on the full TCGA corpus versus a randomly sampled 25%
subset of slides. Classification tasks report balanced accuracy and segmentation tasks report Dice.

Data BACH BRACS BreakHis CRC Gleason MHIST PCam-10 PCam CoNSeP MoNuSAC Avg

100% 0.888 0.666 0.950 0.963 0.799 0.855 0.797 0.929 0.634 0.666 0.815
25% 0.900 0.652 0.879 0.963 0.789 0.840 0.831 0.929 0.638 0.653 0.807

4.2.3 Effect of Model Sizes

To examine whether increasing model size improves downstream performance, we compare OpenMidnight
models with ViT-S, ViT-B, ViT-L, and ViT-G backbones, each initialized from the corresponding pretrained
DINOv2 weights. Learning rate and stochastic depth rate were selected for each model size (Table 3), while
the remaining training hyperparameters were held constant.

Mean EVA performance generally increases with model size, although the trend is not monotonic: ViT-L
scores 0.778, below ViT-B at 0.789 (Figure 5). Further experiments with more extensive hyperparameter
tuning for each model size are needed to clarify this relationship. ViT-G nevertheless achieves the highest
mean EVA score (0.816), suggesting that greater model capacity may improve downstream performance
under the tested training conditions.
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Table 3: Learning rate and drop path rate for each model size.
Model Learning rate Drop path rate
ViT-G 3 × 10−4 0.4
ViT-L 4 × 10−4 0.2
ViT-B 5 × 10−4 0.2
ViT-S 7 × 10−4 0.0

Figure 5: Effect of model size on downstream performance. Mean EVA benchmark performance for
ViT-S, ViT-B, ViT-L, and ViT-G models, plotted against parameter count (left) and FLOPs (right), with
logarithmic x-axes. All models are initialized with pretrained DINOv2 weights and use the model-specific
learning rates and stochastic depth rates listed in Table 3.

4.2.4 Effect of Pretraining Tissue Composition

To investigate whether pretraining tissue composition affects related downstream tasks, we exclude all breast
slides from the TCGA corpus and compare the resulting OpenMidnight model with a full-corpus baseline
under the same training setup. Breast slides account for approximately 10% of the pretraining corpus
(Figure 3). We group EVA tasks into breast-related tasks (BACH, BRACS, BreakHis, PCam, PCam-10)
and other tasks (CRC, Gleason, MHIST, CoNSeP, MoNuSAC)1.

Mean performance on breast-related tasks decreases from 0.845 to 0.824 when breast slides are excluded
(Figure 6), while the mean for the other tasks changes from 0.784 to 0.780, with individual scores changing
by approximately 0.01 or less. The larger decline in the breast-related group is consistent with a contribution
from tissue-matched pretraining data. The stable non-breast results indicate that the breast decline may be
attributed to the missing breast tissue rather than a general loss from training on less data.

The breast-related decline is concentrated in BreakHis (from approximately 0.95 to 0.87) and, to a lesser
extent, BACH (from approximately 0.89 to 0.86). BRACS and PCam change little, while PCam-10 improves
slightly. PCam contains lymph-node sections with metastatic breast cancer rather than breast parenchyma,
which may partly explain its stability. BRACS, on the other hand, had the lowest baseline score among breast
tasks (approximately 0.66). This may suggest that its baseline performance relies more on morphological
features shared across tissues than on breast-specific features.

4.3 Qualitative Analysis of Representations and Prediction Errors

To examine how pathology pretraining changes the geometry of the embedding space, we use BACH as a
case study and compare representations from pretrained DINOv2-G/14, OpenMidnight 1.1, and Midnight.
We project CLS-token embeddings from all 400 BACH images into two dimensions using UMAP, coloring

1MoNuSAC includes samples from multiple tissue types; we group it with the other tasks for this analysis.
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OpenMidnight OpenMidnight (breast excluded)

Figure 6: Effect of excluding breast tissue from pretraining. EVA performance of OpenMidnight and
an otherwise matched model trained without breast WSIs. Tasks are grouped as breast-related (left) and
other tasks (right).

each image by its category: normal, benign, in situ carcinoma, or invasive carcinoma (Figure 7). The
DINOv2 embeddings show substantial overlap among categories, whereas the pathology-pretrained models
exhibit more distinct category-associated clustering. In particular, OpenMidnight 1.1 and Midnight show
clearer separation between in situ and invasive carcinoma, while normal and benign cases remain more
intermixed. This visual pattern is consistent with their BACH balanced accuracies of 0.888, 0.904, and 0.725
for OpenMidnight 1.1, Midnight, and DINOv2-G/14, respectively.

Figure 7: Embedding-space geometry before and after pathology pretraining. UMAP projections
of CLS-token embeddings from all 400 BACH images for pretrained DINOv2-G/14, OpenMidnight 1.1, and
Midnight. Points represent tiles and are colored by diagnostic category. Compared with DINOv2, the
pathology-pretrained models show more distinct category-associated clustering.

To qualitatively examine errors when using different foundation models for downstream segmentation, we
compare tile-wise Gleason-pattern predictions from OpenMidnight 1.1 and Midnight on two selected PANDA
slides (Bulten et al., 2022) (Figure 8). Each example displays the slide, pathologist annotation, model
predictions, and their agreement with the annotation. Both models recover broad tissue regions but show
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local disagreements with the annotations, including confusion between stroma and tumor and among Gleason
patterns. The agreement maps reveal errors shared by the models and regions where only one model is correct.
These qualitative analyses complement aggregate benchmark scores and provide additional insights to guide
improvements in foundation model training and the use of these models for downstream segmentation tasks.

Figure 8: Qualitative comparison of downstream segmentation errors on PANDA slides. Tile-
wise predictions from OpenMidnight 1.1 and Midnight on two selected PANDA slides. Each example shows
the raw WSI, pathologist annotation, model predictions, and agreement with the annotation: both models
correct, only OpenMidnight 1.1 correct, only Midnight correct, or both models incorrect. Predictions are
based on local tile morphology and assembled into slide-level maps for visualization.

5 Conclusion and Limitations

OpenMidnight 1.1 achieves competitive downstream performance using approximately 12,000 publicly avail-
able TCGA slides and 320 H100 GPU-hours—approximately 34-fold fewer reported GPU-hours than Mid-
night. We release the training code, preprocessing pipeline, and model weights to support independent
reproduction, inspection of training choices, and further development. Our ablations additionally examine
how initialization, data volume, model size, and tissue composition affect downstream performance, providing
empirical evidence to inform future training recipes.

Our study has several limitations. Hyperparameters were not independently optimized for every ablation
condition, and comparisons based on individual pretraining runs do not establish the variability of the ob-
served effects. The ablations also used the implementation before correction of the KDE regularizer’s sign.
Although our training procedure reduces compute requirements, repeated pretraining remains costly, limiting
the practical scope of extensive ablations and hyperparameter searches. Smaller experimental frameworks
such as nanopath (Scotti et al., 2026) offer a complementary approach for rapidly exploring training choices
before validating promising configurations at larger scale. Nonetheless, OpenMidnight 1.1 lowers the compu-
tational and access barriers to developing competitive pathology foundation models, enabling the community
to reproduce, investigate, and improve their training using public data.
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6 Broader Impact Statement

Pathology foundation models may support more efficient tissue analysis and research on clinically relevant
outcomes. OpenMidnight 1.1 lowers barriers to this research through public training data, reduced pre-
training compute, and openly released code and weights, enabling independent reproduction and further
development. However, downstream errors and uneven performance across patient populations, institutions,
and imaging conditions could cause harm if these models are used without adequate validation. OpenMid-
night 1.1 is a research model, not a validated diagnostic system. Clinical applications require independent
validation in the intended setting, assessment of subgroup performance and robustness, and appropriate
clinical oversight. Users must also respect patient privacy and applicable data-use conditions when adapting
or evaluating the model.

References
Wouter Bulten, Kimmo Kartasalo, Pindaro H. C. Chen, Peter Ström, Hans Pinckaers, Kunal Nagpal,

PANDA Challenge Consortium, et al. Artificial intelligence for diagnosis and gleason grading of prostate
cancer: the panda challenge. Nature Medicine, 28(1):154–163, 2022. doi: 10.1038/s41591-021-01620-2.

Alexandre Filiot, Ridouane Ghermi, Antoine Olivier, Paul Jacob, Lucas Fidon, Alice Mac Kain, Charlie
Saillard, and Jean-Baptiste Schiratti. Scaling self-supervised learning for histopathology with masked
image modeling. medRxiv, 2023. doi: 10.1101/2023.07.21.23292757. Phikon model.

Ioannis Gatopoulos, Nicolas Känzig, Roman Moser, Sebastian Otálora, et al. eva: Evaluation framework for
pathology foundation models. In Medical Imaging with Deep Learning, 2024.

Benjamin J Heil, Michael M Hoffman, Florian Markowetz, Su-In Lee, Casey S Greene, and Stephanie C
Hicks. Reproducibility standards for machine learning in the life sciences. Nature methods, 18(10):1132–
1135, 2021.

Guillaume Jaume, Paul Doucet, Andrew H. Song, Ming Y. Lu, Cristina Almagro-Perez, Sophia J. Wagner,
Anurag J. Vaidya, Richard J. Chen, Drew F. K. Williamson, Ahrong Kim, and Faisal Mahmood. Hest-1k:
A dataset for spatial transcriptomics and histology image analysis. In Advances in Neural Information
Processing Systems, December 2024.

Daniel Kaplan, Ratna Sagari Grandhi, Connor Lane, Benjamin Warner, Tanishq Mathew Abraham, and
Paul S. Scotti. How to train a state-of-the-art pathology foundation model with $1.6k. Technical Report
SOPHONT-TR-2025-001, Sophont, 2025. URL https://sophont.med/blog/openmidnight.

Mikhail Karasikov, Joost van Doorn, Nicolas Känzig, Melis Erdal Cesur, Hugo Mark Horlings, Robert Berke,
Fei Tang, and Sebastian Otálora. Training state-of-the-art pathology foundation models with orders of
magnitude less data. In Medical Image Computing and Computer Assisted Intervention – MICCAI 2025,
volume LNCS 15967, pp. 573–583. Springer Nature Switzerland, October 2025. doi: 10.1007/978-3-032-0
4984-1_55.

Jiabo Ma, Yingxue Xu, Fengtao Zhou, Yihui Wang, Cheng Jin, Zhengrui Guo, Jianfeng Wu, On Ki Tang,
Huajun Zhou, Xi Wang, et al. Pathbench: A comprehensive comparison benchmark for pathology foun-
dation models towards precision oncology. arXiv preprint arXiv:2505.20202, 2025.

Pierre Marza, Leo Fillioux, Sofiène Boutaj, Kunal Mahatha, Christian Desrosiers, Pablo Piantanida, Jose
Dolz, Stergios Christodoulidis, and Maria Vakalopoulou. THUNDER: Tile-level histopathology image
understanding benchmark. Neural Information Processing Systems (NeurIPS) D&B Track, 2025.

Dmitry Nechaev, Alexey Pchelnikov, and Ekaterina Ivanova. Hibou: A family of foundational vision trans-
formers for pathology, 2024.

Mieko Ochi, Daisuke Komura, and Shumpei Ishikawa. Pathology foundation models. JMA journal, 8(1):
121–130, 2025.

11

https://sophont.med/blog/openmidnight


Maxime Oquab, Timothée Darcet, Theo Moutakanni, Huy V. Vo, Marc Szafraniec, Vasil Khalidov, Pierre
Fernandez, Daniel Haziza, Francisco Massa, Alaaeldin El-Nouby, Russell Howes, Po-Yao Huang, Hu Xu,
Vasu Sharma, Shang-Wen Li, Wojciech Galuba, Mike Rabbat, Mido Assran, Nicolas Ballas, Gabriel Syn-
naeve, Ishan Misra, Herve Jegou, Julien Mairal, Patrick Labatut, Armand Joulin, and Piotr Bojanowski.
Dinov2: Learning robust visual features without supervision, 2023.

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-o
ptimus/v0, 2024.

Paul S. Scotti, Tanishq M. Abraham, and Hassan Muhammad. Introducing nanopath: A fast, fair challenge
for pathology foundation models. Sophont Blog, June 2026. URL https://sophont.med/blog/nanopat
h/.

U.S. Food and Drug Administration. Considerations for the regulation of generative AI-enabled medical
devices: Discussion paper and request for feedback, August 2026. URL https://www.fda.gov/medica
l-devices/digital-health-center-excellence/considerations-regulation-generative-ai-ena
bled-medical-devices-discussion-paper-and-request. Accessed 5 October 2026.

Sophia J Wagner, Christian Matek, Sayedali Shetab Boushehri, Melanie Boxberg, Lorenz Lamm, Ario Sadafi,
Dominik JE Winter, Carsten Marr, and Tingying Peng. Built to last? reproducibility and reusability of
deep learning algorithms in computational pathology. Modern Pathology, 37(1):100350, 2024.

Tongzhou Wang and Phillip Isola. Understanding contrastive representation learning through alignment and
uniformity on the hypersphere. In International Conference on Machine Learning, pp. 9929–9939. PMLR,
2020.

Xiyue Wang, Sen Yang, Jun Zhang, Minghui Wang, Jing Zhang, Wei Yang, Junzhou Huang, and Xiao Han.
Transformer-based unsupervised contrastive learning for histopathological image classification. Medical
Image Analysis, 81:102559, 2022.

John N Weinstein, Eric A Collisson, Gordon B Mills, Kenna R Mills Shaw, Brad A Ozenberger, Kyle Ellrott,
Ilya Shmulevich, Chris Sander, and Joshua M Stuart. The cancer genome atlas pan-cancer analysis project.
Nature Genetics, 45(10):1113–1120, 2013. doi: 10.1038/ng.2764.

Hanwen Xu, Naoto Usuyama, Jaspreet Bagga, Sheng Zhang, Rajesh Rao, Tristan Naumann, Cliff Wong,
Zelalem Gero, Javier González, Yu Gu, Yanbo Xu, Mu Wei, Wenhui Wang, Shuming Ma, Furu Wei, Jianwei
Yang, Chunyuan Li, Jianfeng Gao, Jaylen Rosemon, Tucker Bower, Soohee Lee, Roshanthi Weerasinghe,
Bill J. Wright, Ari Robicsek, Brian Piening, Carlo Bifulco, Sheng Wang, and Hoifung Poon. A whole-slide
foundation model for digital pathology from real-world data. Nature, 2024.

Eric Zimmermann, Eugene Vorontsov, Julien Viret, Adam Casson, Michal Zelechowski, George Shaikovski,
Neil Tenenholtz, James Hall, David Klimstra, Razik Yousfi, et al. Virchow2: Scaling self-supervised mixed
magnification models in pathology. arXiv preprint arXiv:2408.00738, 2024.

A Appendix

A.1 KDE Regularizer Sign Correction

Table 4 compares the original OpenMidnight run with OpenMidnight 1.1 under otherwise identical training
conditions. The average EVA/HEST score changes from 0.7704 to 0.7689, a difference of 0.0015 in this
comparison.

Table 4: Comparison of OpenMidnight (uncorrected KDE) and OpenMidnight 1.1 (corrected KDE) on EVA
and HEST. Training hyperparameters are otherwise identical; averages include whole-slide tasks.

BACH BRACS BreakHis CRC Gleason MHIST PCam-10 PCam CoNSeP MoNuSAC CAM16 PANDA HEST Avg
OpenMidnight 0.8913 0.6631 0.9527 0.9636 0.7988 0.8547 0.7967 0.9293 0.6341 0.6613 0.8291 0.6565 0.3844 0.7704
OpenMidnight 1.1 0.8881 0.6281 0.9635 0.9671 0.7888 0.8286 0.8075 0.9257 0.6418 0.6695 0.8461 0.6577 0.3834 0.7689
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A.2 Complete THUNDER Benchmark Results

Table 5: Linear probing. Per-dataset F1 scores (%) and their mean over 16 classification datasets; higher is
better. Bold marks the best score in each dataset and the best mean score; OpenMidnight 1.1 is highlighted.

Linear probing (F1)

Model bach bracs break-h ccrcc crc esca mhist pcam tc-crc tc-tils tc-unif wilds spi-br spi-co spi-sk spi-th Avg

Histopathology models

UNI2-H 84.7 65.4 78.7 89.5 94.1 86.4 78.3 95.0 66.9 90.4 78.8 98.9 86.7 90.5 92.5 95.1 85.7
GenBio-PathFM 81.6 60.4 74.8 91.6 95.6 84.7 83.2 93.8 68.0 90.6 79.9 98.2 86.0 90.5 93.5 94.6 85.4
OpenMidnight 1.1 85.0 61.1 87.4 88.7 94.8 80.1 81.5 92.6 63.4 90.6 80.3 98.2 86.1 89.1 90.1 94.2 85.2
OpenMidnight 84.6 59.4 77.3 92.0 94.5 79.8 81.9 93.2 66.3 91.0 82.7 96.5 84.6 88.3 90.5 93.6 84.8
Midnight 87.9 63.9 56.7 90.8 95.5 86.2 80.3 93.5 65.6 91.0 85.3 98.3 86.1 89.6 91.0 94.4 84.7
Virchow2 76.5 62.2 72.5 93.6 92.5 88.9 83.4 92.8 69.6 90.9 78.4 89.8 87.2 90.8 92.0 93.9 84.7
H-Optimus-0 69.7 61.1 66.0 90.8 93.5 83.5 83.3 93.0 67.3 91.0 79.3 98.7 87.2 89.9 91.9 94.4 83.8
H0-mini 71.3 60.6 69.4 90.2 95.4 84.4 78.7 94.5 66.5 91.7 78.2 98.2 86.0 90.2 90.4 93.4 83.7
GigaPath 71.8 62.2 71.6 90.3 94.6 81.8 80.4 93.0 68.3 89.7 75.2 97.5 85.8 90.3 91.9 92.6 83.6
Virchow 66.2 59.9 62.7 91.7 93.7 84.3 82.4 93.6 65.5 90.7 74.8 97.6 86.2 90.2 91.3 94.7 82.8
Phikon2 64.7 58.3 53.5 76.7 92.0 77.3 79.1 90.8 61.1 91.0 77.7 95.8 86.0 89.7 87.2 94.6 79.7

Natural-image models

DINOv3-L 57.9 54.6 77.3 82.5 91.5 76.0 84.1 88.8 55.6 87.0 59.3 94.8 78.3 86.3 82.5 90.1 77.9
DINOv2-L 68.9 50.6 79.5 81.4 90.5 74.9 82.2 87.2 59.3 85.9 56.2 90.3 74.0 85.3 82.2 87.8 77.3
DINOv2-B 64.4 51.4 77.8 79.7 90.4 73.8 82.7 86.3 58.6 85.9 54.4 90.7 76.0 83.8 80.1 87.6 76.5

Table 6: Prediction calibration. Per-dataset ECE scores (%) and their mean over 16 classification
datasets; lower is better. Bold marks the best score in each dataset and the best mean score; OpenMidnight
1.1 is highlighted.

Prediction calibration (ECE)

Model bach bracs break-h ccrcc crc esca mhist pcam tc-crc tc-tils tc-unif wilds spi-br spi-co spi-sk spi-th Avg

Histopathology models

Midnight 5.6 12.1 2.1 3.5 2.7 0.9 2.1 0.7 2.5 0.8 5.6 0.2 1.7 1.1 3.2 1.5 2.9
GigaPath 7.1 7.0 9.1 5.2 2.0 1.4 3.9 2.7 3.1 0.3 3.7 1.0 3.9 2.9 0.5 2.3 3.5
Phikon2 5.7 7.6 17.2 9.3 4.8 0.8 2.5 0.6 0.9 0.8 0.8 1.6 2.2 2.4 2.5 0.5 3.8
H0-mini 6.8 10.9 14.1 3.3 2.9 0.9 7.4 1.0 4.4 0.1 0.9 0.8 3.8 0.7 0.5 1.8 3.8
UNI2-H 8.4 6.2 6.9 8.1 3.8 1.2 7.2 1.2 5.0 1.1 3.6 1.0 5.8 0.3 2.0 0.4 3.9
Virchow2 9.7 6.7 5.7 4.3 4.1 0.5 1.2 4.3 5.5 0.3 7.2 7.1 3.1 0.3 0.9 2.7 4.0
H-Optimus-0 13.3 14.5 2.9 6.2 4.1 2.9 1.6 2.9 3.1 0.5 3.1 1.9 3.4 1.1 0.3 2.0 4.0
Virchow 20.3 11.5 12.8 2.0 3.8 0.5 3.4 1.5 2.6 0.8 5.8 0.6 4.8 0.5 1.0 0.5 4.5
GenBio-PathFM 18.1 16.1 9.3 12.1 2.6 2.0 1.5 1.6 2.8 1.4 0.5 0.3 6.7 1.3 0.3 0.6 4.8
OpenMidnight 16.9 13.6 14.8 12.8 3.4 0.9 3.0 1.7 1.7 0.3 1.3 1.3 6.8 2.4 2.8 1.0 5.3
OpenMidnight 1.1 18.8 15.2 7.7 22.2 3.3 3.4 4.1 2.1 4.7 0.4 1.8 0.2 3.4 2.3 2.1 0.6 5.8

Natural-image models

DINOv3-L 6.0 8.7 4.4 1.5 3.1 0.8 1.2 0.9 3.3 0.8 6.3 1.4 1.6 0.5 6.4 1.0 3.0
DINOv2-L 4.6 10.2 2.6 5.1 5.4 2.5 6.2 2.6 2.6 1.2 10.0 4.5 1.1 1.5 5.6 5.8 4.5
DINOv2-B 16.1 24.6 6.8 8.3 3.1 1.1 0.6 3.4 2.0 1.0 2.2 1.2 6.2 1.7 4.7 1.4 5.3
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Table 7: KNN classification. Per-dataset F1 scores (%) and their mean over 16 classification datasets;
higher is better. Bold marks the best score in each dataset and the best mean score; OpenMidnight 1.1 is
highlighted.

KNN (F1)

Model bach bracs break-h ccrcc crc esca mhist pcam tc-crc tc-tils tc-unif wilds spi-br spi-co spi-sk spi-th Avg

Histopathology models

GenBio-PathFM 85.8 57.0 84.2 92.8 94.8 83.6 69.7 90.2 64.4 89.2 76.8 95.5 81.4 88.0 92.2 93.0 83.7
UNI2-H 85.3 56.1 79.4 90.9 95.0 83.2 70.9 93.4 64.1 89.1 75.1 98.0 82.6 87.1 90.5 92.5 83.3
Virchow2 81.6 54.9 80.1 91.1 94.3 86.6 73.9 89.7 65.6 88.7 70.9 97.6 82.3 88.0 89.1 92.6 82.9
H-Optimus-0 65.6 52.2 81.9 90.5 93.1 82.1 73.2 89.3 62.4 89.1 73.2 97.9 81.8 87.8 89.3 93.8 81.4
OpenMidnight 1.1 74.5 53.9 83.7 91.8 94.6 79.6 70.6 86.0 59.4 89.2 72.7 93.1 80.1 85.9 85.5 92.5 80.8
Midnight 84.3 50.2 58.1 91.6 94.2 81.4 69.6 88.0 61.9 87.7 77.4 95.0 77.1 85.0 85.7 92.7 80.0
GigaPath 72.1 53.6 68.3 87.1 93.3 78.0 70.3 91.4 61.7 87.5 66.7 97.8 82.4 87.7 87.5 92.3 79.9
H0-mini 71.8 57.2 62.8 86.3 94.4 81.1 72.5 88.8 62.7 90.2 64.0 95.7 80.9 88.0 86.2 92.8 79.7
OpenMidnight 82.7 50.1 78.1 86.1 94.7 74.1 66.5 84.0 60.4 87.0 75.6 92.5 78.3 83.5 83.9 91.3 79.3
Virchow 55.2 51.7 56.0 83.8 92.5 81.8 68.2 90.0 61.8 88.7 62.7 97.5 79.3 87.8 88.8 92.3 77.4
Phikon2 53.1 45.5 51.6 77.2 92.1 75.9 66.5 82.2 56.8 80.8 69.1 91.0 80.2 86.1 83.3 91.4 73.9

Natural-image models

DINOv3-L 60.9 43.8 71.9 76.6 88.3 70.1 73.1 81.6 58.9 83.8 41.6 91.8 66.9 79.8 73.1 81.6 71.5
DINOv2-L 63.4 47.4 65.0 74.2 86.3 68.3 80.5 80.8 58.0 83.7 38.0 90.3 66.0 79.2 71.4 78.4 70.7
DINOv2-B 59.7 45.6 64.1 73.1 86.7 66.7 74.7 80.6 58.2 82.5 36.5 87.6 64.0 77.4 70.4 77.6 69.1

Table 8: 16-shot classification. Per-dataset F1 scores (%) and their mean over 16 classification datasets;
higher is better. Bold marks the best score in each dataset and the best mean score; OpenMidnight 1.1 is
highlighted.

16-shot (F1)

Model bach bracs break-h ccrcc crc esca mhist pcam tc-crc tc-tils tc-unif wilds spi-br spi-co spi-sk spi-th Avg

Histopathology models

UNI2-H 84.7 54.7 69.9 90.6 95.5 76.7 68.1 92.9 60.1 82.5 69.2 95.9 75.0 86.0 85.0 89.9 79.8
GenBio-PathFM 79.9 51.8 68.1 85.9 95.3 75.6 69.6 88.3 63.0 88.0 71.6 94.0 75.8 86.1 88.2 89.7 79.4
H-Optimus-0 55.2 43.1 70.6 83.9 91.2 74.2 65.5 85.9 61.4 88.5 66.9 93.6 76.4 86.9 83.5 91.5 76.2
GigaPath 59.7 45.6 74.9 82.9 90.1 72.8 65.1 92.4 65.1 83.2 58.7 95.1 70.2 87.5 80.1 90.6 75.9
H0-mini 66.0 46.9 63.5 86.8 94.9 69.4 65.4 84.6 57.9 89.7 55.8 93.9 72.5 85.8 76.8 89.9 75.0
OpenMidnight 1.1 76.0 50.4 64.7 63.6 94.7 75.9 58.8 85.3 57.7 85.4 63.5 93.6 67.6 82.0 76.0 89.4 74.0
Virchow2 80.7 51.3 59.4 79.9 91.3 70.0 68.5 80.7 56.4 81.6 57.4 94.2 70.3 76.7 79.2 85.8 74.0
Virchow 49.6 40.1 50.5 88.3 90.3 73.7 60.0 88.2 57.0 76.9 50.7 96.8 75.6 84.0 79.8 87.8 71.8
Phikon2 57.3 42.8 60.9 90.1 89.6 67.0 55.7 83.5 56.2 85.6 60.2 92.2 65.9 82.3 75.4 83.6 71.8
Midnight 82.5 49.6 38.5 77.5 94.7 75.0 62.4 82.8 55.1 76.2 63.4 89.9 61.4 75.6 73.0 86.4 71.5
OpenMidnight 34.2 24.1 45.4 22.6 53.6 34.6 48.5 56.0 51.7 60.8 45.3 47.3 31.3 49.0 49.4 44.4 43.6

Natural-image models

DINOv3-L 56.9 40.5 59.0 75.2 80.4 51.1 72.9 73.7 52.3 65.5 30.6 86.3 52.4 67.6 58.3 66.5 61.8
DINOv2-B 56.6 38.5 63.8 74.6 80.2 51.1 71.8 70.7 51.2 64.7 26.0 83.3 51.2 66.0 54.6 59.6 60.2
DINOv2-L 55.1 41.2 57.6 69.0 77.3 51.0 73.0 65.2 53.3 53.7 26.7 87.8 50.4 66.3 55.2 57.7 58.8
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Table 9: Semantic segmentation. Per-dataset Dice scores (%) and their mean over four segmentation
datasets; higher is better. Bold marks the best score in each dataset and the best mean score; OpenMidnight
1.1 is highlighted.

Semantic segmentation (Dice)

Model OCELOT PanNuke SegPath-Ep SegPath-Ly Avg

Histopathology models

OpenMidnight 1.1 81.1 63.0 71.1 63.7 69.7
UNI2-H 80.8 62.0 71.0 62.9 69.2
OpenMidnight 80.0 62.3 71.4 62.9 69.1
Virchow 80.3 62.6 70.6 62.8 69.1
Virchow2 79.6 62.9 70.6 62.7 68.9
H0-mini 76.8 62.0 71.2 62.7 68.2
GenBio-PathFM 79.7 61.6 69.8 61.5 68.2
Midnight 77.0 61.8 70.5 62.7 68.0
Phikon2 79.3 60.4 69.1 60.4 67.3
GigaPath 77.9 60.4 68.5 61.7 67.1
H-Optimus-0 75.4 55.4 69.3 58.2 64.6

Natural-image models

DINOv3-L 70.1 55.7 65.0 55.5 61.6
DINOv2-B 72.2 46.7 63.7 57.2 60.0
DINOv2-L 71.6 46.3 64.0 57.0 59.7
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