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Deep Learning and Large language models

• How it started

• How it’s going

(GitHub copilot) 
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Machine learning for image analysis

• Recap: In classical supervised machine learning, we typically select features for training our classifier
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Deep learning for image analysis

• In deep learning, this selection becomes part of the black box

_             ?        
Convolutional neural network
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Neural networks

• How biologists see neurons

Neuron image source: 
https://commons.wikimedia.org/wiki/File:Blausen_0657_MultipolarNeuron.png
Licensed CC-BY 3.0 by BruceBlaus
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• How computer scientists see neurons

“perceptron”
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Activation 
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https://commons.wikimedia.org/wiki/File:Blausen_0657_MultipolarNeuron.png
https://creativecommons.org/licenses/by/3.0/deed.en
https://commons.wikimedia.org/wiki/User:BruceBlaus
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Neural Networks

• Early form: “Multilayer Perceptron”

• fully connected class of feedforward artificial neural network

https://en.wikipedia.org/wiki/Multilayer_perceptron 

Input layer Hidden layer(s) Output layer

If there are many hidden 
layers, we speak of a 
deep neural network

https://en.wikipedia.org/wiki/Multilayer_perceptron
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Convolutional neural networks

• Layer types

Fully connected layer



@haesleinhuepf

Convolutional neural networks

• Layer types

Convolutional layerFully connected layer
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Convolutional neural networks

• Layer types

Convolutional layerFully connected layer

Pooling layer
(“Max pool”, “Average pool”)
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Convolutional neural networks

• Assuming we had no activation functions in the network
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𝑦 = 𝑤5 𝑤1𝑥1 + 𝑤2𝑥2 + 𝑤6 𝑤3𝑥2 + 𝑤4𝑥3

𝑦 = 𝑤5𝑤1𝑥1 + 𝑤5𝑤2𝑥2 + 𝑤6𝑤3𝑥2 + 𝑤6𝑤4𝑥3

𝑦 = 𝑤5𝑤1𝑥1 + (𝑤5𝑤2 +𝑤6𝑤3)𝑥2 + 𝑤6𝑤4𝑥3

𝑦 = 𝑣1𝑥1 + 𝑣2𝑥2 + 𝑣3𝑥3

𝑣1 = 𝑤5𝑤1
𝑣2 = 𝑤5𝑤2 + 𝑤6𝑤3

𝑣3 = 𝑤6𝑤4
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layers can be reduced by eliminating brackets!



@haesleinhuepf

Activation functions

• Introduction of non-linearity and activation functions enabled what we call deep-learning today.
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Activation functions

• Introduction of non-linearity and activation functions enabled what we call deep-learning today.
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Source: https://en.wikipedia.org/wiki/Activation_function  

Licensed CC-BY-SA 4.0 by Laughsinthestocks

https://en.wikipedia.org/wiki/Activation_function
https://creativecommons.org/licenses/by-sa/4.0
https://commons.wikimedia.org/w/index.php?title=User:Laughsinthestocks&action=edit&redlink=1
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Learning: Back propagation

• Learning is an optimization problem

• Step 0: Initialize the network randomly

• Weights

• Bias

• Step 1: Forward pass the input through the network, get an 
initial prediction

• Step 2: Compare the output with the ground truth, compute 
the error (loss function)

• The loss function can be freely defined.
• Example: mean squared error

• Step 3: Update weights

Slide adapted from: Mahmood Nazari, TU Dresden
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Back-Propagation Algorithm 

The loss function can be expanded from

as the prediction depends on inputs x weights w 
and bias b

Derivatives with respect to w and b:

14

Slide adapted from : Mahmood Nazari, TU Dresden
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Back-Propagation Algorithm 

• The principle of the BackProp algorithm is to calculate 
the gradient of the loss function with respect to each 
trainable parameters of the network, i.e. 

𝜕ℒ

𝜕𝑤𝑖𝑗
𝑘                      

• where 𝑤𝑖𝑗
𝑘  is the i:th weight of node j in layer k, 

which will allow the optimization algorithm to update 
the weights step by step using stochastic gradient 
descent 

𝑤𝑖𝑗
𝑘 = 𝑤𝑖𝑗

𝑘 + 𝜂
𝜕ℒ

𝜕𝑤𝑖𝑗
𝑘

• where η is the step length, in this context known as 
the learning rate. 
η can be varied during training (e.g. from epoc to 
epoc).

• Epoc: Updating all parameters considering all 
input/ground-truth pairs

15

Slide adapted from : Mahmood Nazari, TU Dresden

Input x

Prediction  𝑦
Ground 
truth ො𝑦ℒ 
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Model validation

Train dataset (e.g. 80% of the data)

• Used for training directly

Validation dataset (10% of the data)

• After every iteration see if the model overfits

Test dataset (10% of the data)

• Final evaluation after training is finished (once)

Underfitting

• A trained model that is not even able to properly 
process the data it was trained on

Overfitting

• A model that is able to process data it was trained on 
well

• It processes other data poorly

https://towardsdatascience.com/how-to-split-data-into-three-sets-train-validation-and-test-and-why-e50d22d3e54c 
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https://towardsdatascience.com/how-to-split-data-into-three-sets-train-validation-and-test-and-why-e50d22d3e54c
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The U-net

• The U-net is a very common DNN architecture in biological image processing.

• Contraction: Increase the “What”, decrease the “Where”

• Expansion: Increase the “Where”, decrease the “What”

Ronneberger (2015)
Sources: Ronneberger (2015) https://arxiv.org/pdf/1505.04597.pdf
Johannes Soltwedel, OncoRay, TU Dresden

https://arxiv.org/pdf/1505.04597.pdf
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Image denoising: CARE

• Content aware image restoration (CARE)

• Image acquisition of pairs of images: A high-quality and a low-quality image.

• Problem: shot noise, biology moves!

Source: Ronneberger (2015) https://arxiv.org/pdf/1505.04597.pdf 

Slide adapted from: Martin Weigert, EPFL Lausanne

https://arxiv.org/pdf/1505.04597.pdf
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Image denoising: CARE

• Important to use on the same conditions/structures/staining that the networks were trained 
on!

Slide adapted from: Martin Weigert, EPFL Lausanne
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Image denoising

• Noise2Void

Slide adapted from: Alexander Krull, MPI CBG

Data by Stephanie Heinrich
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Image denoising

• Noise2Noise by NVidia 
(Lehtinen 2018) 
https://arxiv.org/pdf/1
803.04189.pdf 

Slide adapted from Alexander Krull (MPI CBG, now at U. Birmingham)

https://arxiv.org/pdf/1803.04189.pdf
https://arxiv.org/pdf/1803.04189.pdf
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Image denoising

• Noise2void: Krull et al (2019)
https://arxiv.org/abs/1811.1
0980

• Noise2self: Batson and 
Royer (2019)
https://arxiv.org/abs/1901.1
1365 

Slide adapted from Alexander Krull (MPI CBG, now at U. Birmingham)

https://arxiv.org/abs/1811.10980
https://arxiv.org/abs/1811.10980
https://arxiv.org/abs/1901.11365
https://arxiv.org/abs/1901.11365
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Image segmentation

• U-net for pixel classification

-> Semantic segmentation 

-> Probability maps

Sources: Ronneberger (2015) https://arxiv.org/pdf/1505.04597.pdf
Johannes Soltwedel, OncoRay, TU Dresden

https://arxiv.org/pdf/1505.04597.pdf
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Nuclei/cell segmentation

• Recap: Terminology

Input Image
Instance Segmentation

(individual cells)

Semantic Segmentation

(foreground/background)

Slide adapted from: Martin Weigert, EPFL Lausanne
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CellPose

• Cell/Nuclei –
segmentation based 
on flow-fields 

• Technically similar to 
Watershed, but with a 
deep-learning based 
altitude-image

Image source: Modified from Stringer et al (2020) licensed CC-BY-NC 4.0
https://www.biorxiv.org/content/10.1101/2020.02.02.931238v2.full 

http://creativecommons.org/licenses/by-nc/4.0/
https://www.biorxiv.org/content/10.1101/2020.02.02.931238v2.full
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Input

StarDist

• Prediction of probable object centers + polygon outlines

• Non-maximum-suppression of less likely polygons

Slide adapted from: Martin Weigert, EPFL Lausanne and 
from https://github.com/stardist/stardist (license: BSD3)

Object probabilities

Directional distance maps

Polygon candidates Final segmentation

https://github.com/stardist/stardist
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PlantSeg

• Combination of neural networks + graph partitioning

Source: Modified from https://github.com/hci-unihd/plant-seg 

https://github.com/hci-unihd/plant-seg
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Summary: Deep Learning for Bio-image Analysis

• [Convolutional] Neural Networks is a decade old technology that enabled breakthroughs in various fields 
during the last decade. Examples in Microscopy:
• Image Denoising
• Image Segmentation

• Common scheme: Smart algorithms for processing input/output of neural networks
• Image in, segmentation out

• Deep-Learning based often represent state-of-the-art techniques with respect to result quality

• Training these models is
• computationally expensive,
• needs large amounts of training data (single images),
• requires a certain level of expertise

• If Otsu-Thresholding + Connected Component Labeling does the job, don’t dive into deep learning!
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Generative Artificial Intelligence:

Foundations, Applications and Implications
Robert Haase

Re-using materials from Loic A. Royer (CZ Biohub), Alexandr Dibrov (CSBD/MPI-CBG Dresden), 

Aditya Ramesh et al (OpenAI) and Alexandr Khrapichev (University of Oxford)

3
0

@haesleinhuepf



@haesleinhuepf

Generative Artificial Intelligence

• Definition: “Generative artificial intelligence […] is a type of artificial intelligence (AI) system capable of 
generating text, images, or other media in response to prompts.”1

• Commonly based on Neural Networks

• Bridges fields:
• Natural Language Processing (NLP)
• Computer Vision (CV)

• Use-cases
• Translating text
• Writing emails, text, grant proposals
• Summarizing articles
• Writing code
• General question answering
• Image generation

1 source: https://en.wikipedia.org/wiki/Generative_artificial_intelligence 

A picture of 

a cat and a 

microscope

https://en.wikipedia.org/wiki/Generative_artificial_intelligence
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How does it work?

• Combination of neural networks 

• Example: Generative Adversarial Networks (GANs)

• Use-cases:

• Generate training data for other tasks 
(such as image segmentation)

Modified from Alexander Dibrov (Myers lab, CSBD / MPI-CBG)

Generator DiscriminatorSynthetic (fake)
real 
or

fake ?

Noise

Real

Geometry

+

32
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How does it work?

• Combination of neural networks + other elements

• Example: Variational Auto-Encoders (VAE)

• Use-cases:

• Combine images (cat, microscope)

Encoder Decoder

“Bottleneck”, 
“Embedding”
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Cat picture source: Ramesh et al., licensed CC-BY 4.0 
https://arxiv.org/pdf/2102.12092.pdf 

33

http://creativecommons.org/licenses/by/4.0/
https://arxiv.org/pdf/2102.12092.pdf
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How does it work?

• Combination of neural networks + other elements + various data sources

• Examples: GPT / DALL-E, 
Stable Diffusion

• Use-case:
• Generate image from 

noise + text

The cat’s fur 

is black and 

white.
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How does it work?

• Combination of neural networks + other elements + various data sources

• Examples: GPT / DALL-E, 
Stable Diffusion

• Use-case:
• Generate image from 

noise + text

The cat’s fur 

is black and 

white.
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Deconstruction

• Deconstruction is a method in software engineering to

• understand how existing software works

• prevent reinventing the wheel

• identify limitations

• identify bottlenecks

• Related methods

• Reverse engineering

• Code review

• Pair programming

• In the age of computers writing code, reading code is a key skill.

36
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Deconstruction of napari-chatGPT

• Napari is a Python-based image viewer, extensible via plugins / “widgets”.

https://napari.org/ 
https://github.com/haesleinhuepf/napari-simpleitk-image-processing 

37

https://napari.org/
https://github.com/haesleinhuepf/napari-simpleitk-image-processing
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Deconstruction of napari-chatGPT

• Napari-chatGPT can automate programming plugins / “widgets”.

Source: https://github.com/royerlab/napari-chatgpt (BSD3 license)
https://twitter.com/loicaroyer/status/1653600252807757824   

38

https://github.com/royerlab/napari-chatgpt
https://twitter.com/loicaroyer/status/1653600252807757824
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Deconstruction of napari-chatGPT

• Napari-chatGPT defines a list of “tools”

https://github.com/royerlab/napari-chatgpt/blob/aa00b48d0523da588ece5dc8cdb006c895c4b473/src/napari_chatgpt/omega/tools/google_search_tool.py 
https://github.com/royerlab/napari-chatgpt/blob/aa00b48d0523da588ece5dc8cdb006c895c4b473/src/napari_chatgpt/utils/google.py#L58 
Code origin: https://github.com/Nv7-GitHub/googlesearch   

39

https://github.com/royerlab/napari-chatgpt/blob/aa00b48d0523da588ece5dc8cdb006c895c4b473/src/napari_chatgpt/omega/tools/google_search_tool.py
https://github.com/royerlab/napari-chatgpt/blob/aa00b48d0523da588ece5dc8cdb006c895c4b473/src/napari_chatgpt/utils/google.py#L58
https://github.com/Nv7-GitHub/googlesearch
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Deconstruction of napari-chatGPT

• Napari-chatGPT defines a list of “tools”

https://github.com/royerlab/napari-chatgpt/blob/aa00b48d0523da588ece5dc8cdb006c895c4b473/src/napari_chatgpt/omega/tools/google_search_tool.py 
https://github.com/royerlab/napari-chatgpt/blob/aa00b48d0523da588ece5dc8cdb006c895c4b473/src/napari_chatgpt/utils/google.py#L58 
Code origin: https://github.com/Nv7-GitHub/googlesearch   
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https://github.com/royerlab/napari-chatgpt/blob/aa00b48d0523da588ece5dc8cdb006c895c4b473/src/napari_chatgpt/omega/tools/google_search_tool.py
https://github.com/royerlab/napari-chatgpt/blob/aa00b48d0523da588ece5dc8cdb006c895c4b473/src/napari_chatgpt/utils/google.py#L58
https://github.com/Nv7-GitHub/googlesearch
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Deconstruction of napari-chatGPT

• Napari-chatGPT defines a list of “tools”

https://github.com/royerlab/napari-
chatgpt/blob/aa00b48d0523da588ece5dc8cdb006c895c4b473/src/napari_chatgpt/omega/tools/n
apari_widget_maker.py#L10 

Our prompt goes here

41

https://github.com/royerlab/napari-chatgpt/blob/aa00b48d0523da588ece5dc8cdb006c895c4b473/src/napari_chatgpt/omega/tools/napari_widget_maker.py#L10
https://github.com/royerlab/napari-chatgpt/blob/aa00b48d0523da588ece5dc8cdb006c895c4b473/src/napari_chatgpt/omega/tools/napari_widget_maker.py#L10
https://github.com/royerlab/napari-chatgpt/blob/aa00b48d0523da588ece5dc8cdb006c895c4b473/src/napari_chatgpt/omega/tools/napari_widget_maker.py#L10
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Prompt engineering

• chatGPT can solve simple image analysis tasks

Prompt Response

https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/
04_generating_code_for_processing_images.html 

Result

42

https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/04_generating_code_for_processing_images.html
https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/04_generating_code_for_processing_images.html
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Prompt engineering

• With more advanced tasks, it might need additional help.

https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/
05_generating_advanced_image_processing_code.html 

43

https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/05_generating_advanced_image_processing_code.html
https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/05_generating_advanced_image_processing_code.html
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Prompt engineering

• With more involved tasks, it might need additional help.

The more sophisticated 
prompt had errors in 4 

out of 10 runs.

The more sophisticated 
prompt produced 

useful results in 5 out 
of 10 runs.

https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/
05_generating_advanced_image_processing_code.html 44

https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/05_generating_advanced_image_processing_code.html
https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/05_generating_advanced_image_processing_code.html
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Prompt engineering

• Prompts can be used to write code, but also to generate images, e.g. with DALL-E.
One can generate quite realistic images given a detailed prompt.

Adapted from: 
https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering

/02_generating_images.html 
45

One cat 
is real.

https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/02_generating_images.html
https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/02_generating_images.html


@haesleinhuepf

Prompt engineering

• Prompts can be used to write code, but also to generate images, e.g. with DALL-E.
One can generate quite realistic images given a detailed prompt.

https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/
02_generating_images.html 46

One cat 
is real.

https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/02_generating_images.html
https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/02_generating_images.html
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Prompt engineering

• Prompts can be used to write code, but also to generate images, e.g. with DALL-E.
One can generate quite realistic images given a detailed prompt.

47
Credit: "Mandarin orange, axial view, MRI." is licensed (CC-BY 4.0) by Alexandr Khrapichev, University of Oxford
https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/02_generating_mri_images.html 
https://twitter.com/haesleinhuepf/status/1659138282641342466  

• Quality assurance results depend not only on the language model, but also on the knowledge of the 
observers.

https://wellcomecollection.org/works/sxm89b3x
http://creativecommons.org/licenses/by/4.0/
https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/02_generating_mri_images.html
https://twitter.com/haesleinhuepf/status/1659138282641342466


@haesleinhuepf

Deconstruction of napari-chatGPT

• LangChain is used to combine tools. 

• It uses chatGPT under the hood.

https://github.com/hwchase17/langchain 48

https://github.com/hwchase17/langchain


@haesleinhuepf

Deconstruction of napari-chatGPT

• After combining tools, large langue model and memory in an agent, you can interact with it.

49
https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_pro
mpt_engineering/20_langchain.html 

https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/20_langchain.html
https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/07_prompt_engineering/20_langchain.html


@haesleinhuepf

How much is the fish?

• Executing DALL-E via Python, napari-ChatGPT and LangChain requires an OpenAI account.

• Using OpenAI infrastructure costs real money.



@haesleinhuepf

A little warning by the end

• napari-chatGPT executes code and installs software on your machine.

• Use it with care! E.g. in a virtual machine / sandbox

51



@haesleinhuepf

Generative Artificial Intelligence

• Challenges

• Data safety / security

• Computational cost of training neural 
networks

• CO2-footprint/climate change

• Accessibility

• Bias: “a nice photo of a human”

• Hallucinations

• Glitch tokens

• False information / fake news

• Debugging is hard

Sources: https://replicate.com/stability-ai/stable-diffusion 
https://chat.openai.com/ 

52

https://replicate.com/stability-ai/stable-diffusion
https://chat.openai.com/


@haesleinhuepf

Further reading / watching

https://www.youtube.com/c/digitalsreeni https://www.youtube.com/watch?v=JMo6Sn-L_j4 

Picture source: https://twitter.com/digitalsreeni/status/1541578740584415233 54

https://www.youtube.com/c/digitalsreeni
https://www.youtube.com/watch?v=JMo6Sn-L_j4
https://twitter.com/digitalsreeni/status/1541578740584415233
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Exercises
Robert Haase

June 2023
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Deep-learning based nuclei segmentation

Use CellPose and StarDist to segment the nuclei in the human-mitosis example dataset of scikit-image.

• https://colab.research.google.com/github/BiAPoL/Bio-image_Analysis_with_Python/blob/main/11_deep_learning/stardist.ipynb  

• https://colab.research.google.com/github/BiAPoL/Bio-image_Analysis_with_Python/blob/main/11_deep_learning/cellpose.ipynb

https://colab.research.google.com/github/BiAPoL/Bio-image_Analysis_with_Python/blob/main/11_deep_learning/stardist.ipynb
https://colab.research.google.com/github/BiAPoL/Bio-image_Analysis_with_Python/blob/main/11_deep_learning/cellpose.ipynb


@haesleinhuepf

Connecting Google Drive

• Store the resulting label images to your Google Drive



@haesleinhuepf

Segmentation quality comparison

• Download the segmentation results of CellPose and StarDist from your Google Drive.

• Measure the quality of both compared to a sparse annotation.

• Which algorithm is better on this one image?

https://drive.google.com/drive/u/0/quota
https://github.com/haesleinhuepf/the-segmentation-game 

Note: In a real setting, we 
would need to do this on 

many images. 

https://github.com/haesleinhuepf/the-segmentation-game
https://github.com/haesleinhuepf/the-segmentation-game
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