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Who am I?
• Research director AI at RISE

• MSc in computer science

       Gothenburg University, 2007

• PhD in computer science

       Chalmers 2018
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Research Institutes of Sweden
• Sweden’s public research institute

• Support for industry and public sector

• ~2800 people at 35 locations

• Extreme width of expertise
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AI 2023
• Generative AI

  - ChatGPT

  - DALL-E

  - Etc

• Advanced cognition/analytics

  - Environment

  - Economy

  - Medicine

  - Self-driving vehicles
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Generalization
 

 

• Crucial to learning

• Allows to transfer knowledge to new situations
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AI building blocks
• Deep artificial neural networks

• Trained from data

    - Inputs

    - Outputs
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Deep learning
Deep artificial neural networks

• Sequential transformations of data

• Trained together (backpropagation)

• Transformations are gradually changed

mogren.one, olof.mogren@ri.se



An artificial neuron
• Inspired by biological neurons

• Each layer in network:

    a collection of neurons

• Each neuron: 

• : trainable parameters

• A pattern as input,

    a value (scalar) as output

mogren.one, olof.mogren@ri.se



Levels of abstractions
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Enough units -> universal approximation

Universal approximation theorem (Cybenko, 1989)



AI: What is it good for?
 

• Computer vision

    - Classification

    - Segmentation

    - Object detection

    - Generating images

• Machine listening

 

• Natural language processing

    - Translation

    - Summarization

    - Generating text

    - Chatting

• Sensor modelling



Deep learning for language

mogren.one, olof.mogren@ri.se

... ...Deep GRU Deep GRU Deep GRU

Query RNN encoder

... ...

Decoder RNN

... ...

Query RNN encoder



Attention mechanisms
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... ...Deep GRU Deep GRU Deep GRU

Query RNN encoder

... ...

Decoder RNN

... ...

Query RNN encoder Attention



Language models
• Likelihood for a text

• Recently:

    - translate

    - generate

    - classify

    - etc



Generating language
Large language models

 

 

 

• Deep neural networks scale well with compute and data
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Chatbots history
• ELIZA (Weizenbaum, 1960)

    - Pattern matching, templates

    - No contextualization

• Tay (Microsoft, 2016)

    - Praised Hitler

    - Taken offline within 16h
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Chatbots now

• Galactica (Meta AI Research, 2022; Taken offline within 72h)

• ChatGPT (OpenAI, 2022; Online since 2022-11-22)

• BARD (Google, 2023), YouChat (you.com 2022)
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Transformers
• Sequenceto sequence (encoder/decoder)

• Parallel computation, scaling

• Scaling training data

• Scaling models

• State-of-the-art in machine translation

Vaswani, et al., 2017



GPT
Generative pretrained Transformer

• Using decoder part of a Transformer

• Unsupervised pretraining

    - Next word prediction

• Fine-tuning for various tasks

• Can take inputs, “prompts”

• Generate answers as text

mogren.one, olof.mogren@ri.se
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Model Training data Parameters Context 
(tokens)

Languages

GPT-1 (Radford, 2018) BooksCorpus ~4.6 GiB 7 000 books 117M 512 English

GPT-2 (Radford, 2018) BooksCorpus ~4.6 GiB 7 000 books 1,5B 1024 English

GPT-3 (Brown, et.al., 
2020)

Common Crawl and Wikipedia ~380 TiB+ ~9 GiB 175B 2048 > 90 different 
languages

InstructGPT: (Ouyang, 
et.al., 2022)

GPT-3+supervised-questions/
answers+human-in-the-loop

175B > 90 different 
languages

ChatGPT (2022) “GPT-3.5”+supervised-questio
ns/answers+human-in-the-loo
p

175B 4 096 or 8 
192*

> 90 different 
languages

GPT-4 (expected 2023) 175B or more*

* unverified estimates.
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Features (according to OpenAI)
• Can respond to follow-up questions

• Can admit mistakes

• Can challenge incorrect premises

• Can reject inappropriate requests
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Content moderation
• “reductions in harmful and

untruthful outputs” (RLHF)

• “Content moderation tooling”

    - Classifies content for

        Violence

        Self-harm

        Hate

        Sexual

    - Will decline to respond if question or

      answer is classified
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Can this replace search engines?
• “Know-it-all” - incorrect but confident

• Over confidence in answers

• Information litteracy

    - ChatGPT makes things up

    - Even references may be made up

• LLMs are already being used in search
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Why is this cool?
• Impressive engineering job

• Impressive fluency

• Scaling - laguage perception and

  abstraction ability increase

  with larger data and model

• Context

• Tracks a long sequence in memory

• Abstraction; finds the important 

• Finds lines of thoughts

• Can combine content and aspects
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Swedish university entrance exam
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Thank you
 

Next hour

• Computer vision

• Machine learning for environmental analysis
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AI 
for the environment

                                                                                                       mogren.one, olof.mogren@ri.se



Environment data
• Remote sensing

    - Satellite imagery

    - Drone footage

• Sound recordings

    - Passive acoustic devices

• Video data

    - Camera traps

• Other sensors

    - Water flow sensors

    - Atmospheric measurements
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Remote sensing
• Computer vision tasks,

    - Classification

    - Semantic segmentation

    - Object detection

    - Regression

mogren.one, olof.mogren@ri.se                                                                       Stable Diffusion 2.1: Sattelite in earth orbit.



Deep learning
for images

• Convolutional neural networks

• Weight 'filters' slides across input

• Retains spatial dimensions
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Image classification



Semantic segmentation



Generative AI



Land cover and land use

Stefanos Georganos



Stefanos Georganos



Stefanos Georganos



Stream flow forecasting
- Collaboration with University of São Paulo

- Dense predictions of water flow
 

Pirinen, Mogren, Västerdal, 2023



Active vision
• UAVs in environmental applications

• Constraints

    - Flight time

    - Data storage

    - Cost and difficulty for humans

• Active collection

    - Choose where to fly

          for optimal data collection

Pirinen et al., 2023



Active vision
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Active vision

Pirinen et al., 2023



Coffee berry disease
• Master project

    - Help detect infected plants

    - Highly dependent on climate change

          and factors such as rainfall,

          humidity, and temperature

• Limited data

    - Few raw images and

         few annotations

mogren.one, olof.mogren@ri.se



Wetland estimation

Pirinen et al., 2023



Cloud thickness estimation

Pirinen et al., 2023



Machine listening
• Environment

    - Weather events

    - Biodiversity markers

• Fire detection

    - Good results in lab settings

• General

    - Sound source separation

    - PhD project

mogren.one, olof.mogren@ri.se



Bird species identification
• Modelling sound using

    spectrograms and convolutional

    neural networks

• Altitude information improved

    results

• Location information future work

Martinsson, 2017



Sound event detection
• Large amounts of data

• Labour intensive annotation

• Few-shot learning

mogren.one, olof.mogren@ri.se



More related activities at RISE
 

mogren.one, olof.mogren@ri.se



So, how do I start?

mogren.one, olof.mogren@ri.se



Getting started
• Study your data

• Identify target test set

• Investigate what kind of model would fit

• Find existing model or develop custom

• Evaluate on test set; compare to baseline

mogren.one, olof.mogren@ri.se
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RISE Learing machines seminars

Every thursday at 15:00
 

• 2023-05-25: Puzhao Zhang, KTH

• More talks after summer break!



Thank you
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