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Motivation

Microscopy Image Analysis

- Heterogeneous
- shape

- appearance

- morphology

- modality

- Diverse Tasks
- Cell Counting

- Orientation Prediction

- Segmentation

- nuclei

- cytoplasm

- subcellular structures

- Many others

- Extremely Laborious

Image Credit to

Cellpose: deep learning-based, generic cell segmentation



Preliminaries

Diffeomorphisms

“A diffeomorphism is a map between manifolds which is differentiable and has a differentiable inverse.”

Examples of diffeomorphisms Diffeomorphisms allow local warpings



Remark 1: When two cells are sufficiently similar, differing only by a 

diffeomorphism, we can compute the warping field between them. This 

enables a pixel-perfect mapping of annotation from one cell to the other.

Intuition: Cells exhibit diverse shapes, poses, and morphometric features, but 

notably, a small set of archetypes can represent most cells.

Methods (1/3)

DiffKillR: Killing and Recreating Diffeomorphisms

Remark 2: To achieve this, we need a way to measure such “similarity” that 

is invariant to diffeomorphisms.



DiffKillR: Killing and Recreating Diffeomorphisms

Methods (2/3)

DiffKillR is a novel framework that reframes cell annotation as

 the combination of archetype matching and image registration tasks.

- Using a small set of annotated archetypes, DiffKillR efficiently propagates 

annotations across large microscopy images, reducing the need for extensive 

manual labeling.

- More importantly, it is suitable for any type of pixel-level annotation.



Remark 1: When two cells are sufficiently 

similar, differing only by a diffeomorphism, 

we can compute the warping field between 

them. This enables a pixel-perfect mapping of 

annotation from one cell to the other.

Remark 2: To achieve this, we need a way to 

measure such “similarity” that is invariant to 

diffeomorphisms.

DiffeoMappingNet

Sensitive to Diffeomorphisms

DiffeoInvariantNet

Invariant to Diffeomorphisms

DiffKillR: Killing and Recreating Diffeomorphisms

Methods (3/3)



A small set of annotated cells forms a cell bank.

We call them “archetypal” cells, but in practice random selection would be sufficient.

Workflow (1/3)



Workflow (2/3)

DiffeoInvariantNet learns a latent space that is invariant to common diffeomorphisms.

For each new cell, it finds the closest archetypal cell within the cell bank.



Workflow (3/3)

DiffeoMappingNet transforms the label to the new cell using the pairwise 

diffeomorphism computed via image registration.



CUTSDiffeomorphisms Considered

We introduce a suite of realistic diffeomorphisms.



CUTSTheoretical Results (1/2)

Covers for diffeomorphism group and bandlimited deformations.

Infinite dimensional transformation can be characterized by a finite number of its realizations. 

Every 𝜔-bandlimited deformation can be uniquely determined by some combinations of 

elements in ෠𝐺 since there exists a constant 𝐶0 that satisfies Equation 4.

: a positive definite self-adjoint operator with spectrum in [0, inf)

: the set of all 𝜔-bandlimited deformations 

: geodesic distance



CUTSTheoretical Results (2/2)

Error bounds for cell matching with DiffeoInvariantNet.

For cell matching using the encoder Φ of DiffeoInvariantNet, the error between the test cell 

and the matched archetype cell in the latent space is bounded above by some functions of the 

minimal covering radius 𝜖 of the cell bank ෠𝐺 and the Lipschitz constant 𝐿 of the encoder.

: matching operator that matches new cell to the reference (archetypal) cell

: cell bank, where 𝑚 = # augmentations

: new cell



CUTSEmpirical Results (1/5)

Sanity Checking the DiffeoInvariantNet

→ Reasonable cell matching results

matching cells augmented by a realistic diffeomorphism to its original version



CUTSEmpirical Results (2/5)

Sanity Checking the DiffeoMappingNet

→ Ablating DiffeoMappingNet architecture on Synthetic Shape Registration



CUTSCUTSEmpirical Results (2/5)

Sanity Checking the DiffeoMappingNet

→ Ablating DiffeoMappingNet architecture on Synthetic Shape Registration



CUTS

Application 1: Cell Counting

Empirical Results (3/5)



CUTSEmpirical Results (4/5)

Application 2: Cell Orientation Prediction



CUTSEmpirical Results (5/5)

Application 3: Few-Shot Segmentation
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