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Challenges in Histopathology 

● We want to generate images both at patch and WSI level
○ Labels are typically at whole slide level, eg. reports 

● WSIs are inherently multi-scale
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Graikos, Alexandros, et al. "Learned representation-guided diffusion models for large-image generation." CVPR 2024

Previous work

● We proposed using representations learned with self-supervision in place of 
human annotations
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● Impractical to train directly on the entire digitized slides (32,000 x 32,000 px)
○ We introduced an algorithm to synthesize large histopathology images by 

spatially controlling the local, patch-based model

Previous work
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Limitations

● Models that are restricted to a single magnification/scale fail to understand global 
context
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ZoomLDM - Multi-scale diffusion model

● Going multi-scale allows us to 
overcome this limitation.

6



Multi-scale data

● We feed the WSI to a pre-trained SSL encoder (UNI [2]) to obtain a grid of SSL 
embeddings. 
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Multi-scale data : 20x

● We create (image, embedding) pairs at all magnifications
○ 20x ⇒ single SSL embedding
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Multi-scale data : 10x

○ 10x ⇒ 4 SSL embeddings
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Multiscale data : Lower magnifications

○ 0.625x ⇒ 32x32 SSL embeddings, average pooled to 8x8
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Summarizer

● We process embeddings with a Summarizer, projecting them to a shared latent 
space.
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Summarizer

● Implemented with a 12-layer Transformer
● Trained jointly with the LDM
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ZoomLDM - Training

● Train LDM on 256x256 patches conditioned on the summarizer’s outputs
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Results - Patch generation

● SoTA across all magnifications, due to parameter sharing
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Results - Patch generation

● ZoomLDM preserves semantic features of the reference patch
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Results - Patch generation

● ZoomLDM preserves semantic features of the reference patch
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Joint multi-scale sampling

● We can generate multiple scales at  the same time
○ 1.25x image guides the structure of 20x with global context.
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Large image generation

Similar to a photo-mosaic?
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[3] Graikos, Alexandros, Nebojsa Jojic et al. "Fast constrained sampling in pre-trained diffusion models." arXiv preprint (2024)

Large image generation - joint sampling

● During sampling the 5x image 
guides the generation of the 20x 

● “Self-guidance” by minimizing the 
difference between the 
downsampled 20x patches and the 
5x guide [3]

● We introduce a faster and less 
memory-intensive way to enforce 
guidance that avoids backprop
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Comparison to previous work

● The generated large images maintain global context without sacrificing details
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Results - Large image generation
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Results - Satellite (NAIP)
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Superresolution

● 4x super-resolution ⇒ 5x to 20x magnification
● Same joint sampling algorithm
● No access to ground-truth SSL embeddings (In 20x magnification)
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Superresolution - inversion

● We infer the 20x SSL embeddings from the 5x low-res image.
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Superresolution - inversion

● We infer the 20x SSL embeddings from the 5x low-res image
○ Use the denoising loss to find the SSL embeddings that best denoise the 5x image
○ Similar to textual inversion
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Results - Superresolution
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Multiple instance learning

● ZoomLDM as feature extractor for MIL

● Can utilize features at multiple scales
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Conclusion

● ZoomLDM is the first multi-scale LDM for large image domains
○ Shared weights across scales achieve SoTA in patch generation

● Multi-scale generation and our efficient joint sampling algorithm enable:
○ Large image generation (4096 x 4096 pixels)
○ Superresolution

● Multi-scale features outperform SSL in MIL tasks

28


