
Background

Contributions

Use cases

Conclusion

Method

 References

Internal evaluations and benchmarks External evaluations

PathBench [1]:

Training: 

H-Optimus-1 utilizes a 1.1-billion-parameters ViT and is pre-trained using SSL to learn robust,
generalized visual representations from unannotated histology slides. 
 

Dataset:

Figure 1: H-Optimus-1 embedding extraction and downstream applications.

AI has shown strong results in computational pathology across applications such as
therapeutic response, molecular biomarkers, and prognosis.

Foundation models (FM) have emerged as a promising approach, capable of addressing a
wide range of downstream tasks simultaneously.

We introduce H-Optimus-1, a histology FM achieving state-of-the-art (SOTA) performance
across key downstream tasks.

Highly robust foundation model that learns complex, generic features  from histology slides. 

SOTA performance on diverse and complex clinical tasks: biomarker prediction, mutation
status classification, and spatial gene expression.

Released cutting-edge tool to advance biomedical research, development, and diagnostics,
freely available for academic use at: https://huggingface.co/bioptimus/H-optimus-1.

H-Optimus-1 is one of the largest foundation models for pathology with over 1 billion parameters, allowing it
to capture complex histological patterns and generate powerful embeddings for any use-case leveraging
digital pathology. 

Trained on one of the largest & most diverse datasets to ensure robustness across various medical
research applications.

SOTA results across internal and independent external benchmarks.
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More details about the methodology:
H1 Model Benchmark 

Feature extraction:

Input: 
224x224 pixel histology tiles.
MPP=0.5 (20x magnification). 

SOTA Results: H-Optimus-1
ranks first on average
across all evaluated
methods and clinical tasks.

HEST [2]: 
   

Prediction of spatial transcriptomics
(ST) gene expression signatures directly
from H&E.

Covers 9 organs.

H-Optimus-1 ranks first,
achieving the highest accuracy
in capturing localized gene
expression patterns.

Figure 5: HEST-Benchmark results (03.04.26).

Figure 3: PathBench model ranking (overall).

Figure 4: PathBench performance per category.

Thunder [3]:

Tile-only evaluation of 23 foundation models across 16 datasets.

Analyzes models across three axes: downstream performance, feature space organization, and
robustness to noise.

Table 1: Performance comparison of H-Optimus-1 against other foundation models (AUC-ROC reported).

H-Optimus-1 ranks 3/23 in fewshot tasks & 2/23 in linear probing, but 14/23 in segmentation. 

Output: 
1536- dimensional vectors.
Used for diverse downstream tasks. 

 LB174

Includes 22 pathology FMs

Diverse tasks: classification, grading,

survival

41k+ cases

12 organs

26 hospitals

Downstream evaluation methodology:

8 slide-level downstream tasks

9 histology FMs benchmarked with ABMIL [6]

 (learning rate, steps) selected via 5-fold
cross-validation.

Figure 2: Multiple instance learning (MIL) for Whole Slide Image (WSI) analysis.
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