
Lecture 1: Introduction

Jason Ren

Fall 2026, CS, UNC

COMP 690-204 Deep Generative Models



Instructor: Jason 

• Assistant Professor, Department of Computer Science

• 1st year at UNC, 1st time teaching DGM

• Interests: CV/ML/AI
• Multimodal understanding and generation

• 3D vision

• Embodied intelligence and robotics

• Web: https://jason718.github.io/

• Contact:
• jasonren@cs.unc.edu

• Office hours: Tues 4-5pm (FB 240)
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Course website

• All information about this course can be found on the website

  https://jason718.github.io/dgm-26fall/

• We will also use Canvas
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Grading Rubric

• 50% — Final project

• 5% — Proposal

• 20% — Presentation

• 25% — Final artifacts

• 25% — Paper reviews

• 25% — Paper presentation

• 5% bonus for active class participation
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Paper reviews (25%)

5

- Lecture will be taught by Jason

- Reading:

- You need to submit paper review 

for 1 paper before class 

- Due 11:59 PM ET the day before

- 2 missed reviews forgiven



Paper reviews (25%)

6

• Before each READING class, every student must submit a short review 
of one of the suggested papers via Google Form

• Reviews are due 11:59 PM ET the day before class 

• We don't accept late submissions, but everyone gets two missed reviews 
forgiven over the semester

• You may skip submitting a review for the class in which you are presenting a 
paper

https://docs.google.com/forms/d/e/1FAIpQLSeBGqrOyGssRPMKmwIMXHGfsrwieLNu9GtGyFhRjoYhPa4Q5w/viewform?usp=header


Paper presentation (25%)
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Paper presentation (25%)

• One person per paper 

• Sign up for papers here: Google Sheet
• Each student will present 2 papers over the semester 

• The instructor will present any papers that remain unclaimed

• Aim for roughly a 20-minute talk 

• [Required!] Email the instructor a draft of your slides two days 
before your presentation to get feedback

• [Required!] Email your final slides to the instructor before class
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https://docs.google.com/spreadsheets/d/1XQZBTU8oam9Aki0Dsy7Nzrs7D-mQw3L7mfABFjAY388/edit?usp=sharing


Final project (50%)

• Group projects
• Up to 3 students
• Topic of your choosing—get creative!

• Proposal (due 10/01)
• 5-minute in-class presentation, plus a written proposal (up to 2 pages)
• Explain the problem formulation, excitation plan, and any initial results

• Final artifacts 
• Final presentations (in class: 12/03, 12/08): 10-minute talk + 5-minute Q&A
• Final report (due 12/10)
• Results webpage, source code, etc. (due 12/10)
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“GenAI” Era

10*Acknowledgement: Many of the following slides are modified from Beidi Chen, Xun Huang



Chatbot
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Text-to-image
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• A group of students are sitting in the 
classroom. The lecturer writes "Deep 
Generative Models" on the 
blackboard



Text-to-video
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A pig sitting in front of a slot machine. 
The arm of the slot machine moves 
down, causing gold coins to come 
bursting out of the bottom of the slot 
machine, showering the pig with coins



Code Generation
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Protein design and generation
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What are Generative Models?

16*Acknowledgement: Many of the following slides are modified from Kaiming He



What do these scenarios have in common?

• There are multiple or infinite predictions to one input

• Some predictions are more “plausible” than some others

• Training data may contain no exact solution

• Predictions may be more complex, more informative, and higher-
dimensional than input
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Discriminative vs. Generative models
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Discriminative vs. Generative models
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Discriminative vs. Generative models
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Discriminative vs. Generative models
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Probabilistic modeling
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Probability is part of the modeling
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Probability is part of the modeling
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Probability is part of the modeling
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Probability is part of the modeling
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Probability is part of the modeling
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Generative models w/ probabilistic modeling
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Generative models w/ probabilistic modeling

COMP 690-204 Deep Generative Models, Fall 2026 29



Generative models w/ probabilistic modeling
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Generative models w/ probabilistic modeling
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Generative models w/ probabilistic modeling
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Generative models w/ probabilistic modeling
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Notes:

• Generative models involve statistical models which are often designed and 
derived by humans

• Probabilistic modeling is not just the work of neural nets

• Probabilistic modeling is a popular way, but not the only way

• "All models are wrong, but some are useful.” - George Box



What are Deep Generative Models?

34*Acknowledgement: Many of the following slides are modified from Kaiming He



Deep Generative Models
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Deep Generative Models
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Learning to represent probability distributions
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Learning to represent probability distributions
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Learning to represent probability distributions
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Learning to represent probability distributions
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Learning to represent probability distributions
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Deep Generative Models may involve:
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• Formulation:
• formulate a problem as probabilistic modeling
• decompose complex distributions into simple and tractable ones

• Representation: deep neural networks to represent data and their 
distributions

• Objective function: to measure how good the predicted distribution is

• Optimization: optimize the networks and/or the decomposition

• Inference:
• sampler: to produce new samples

• probability density estimator (optional)



Formulating Real-world Problems

as Generative Models
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Formulating Real-world Problems as Generative Models
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Case study: Formulating as 𝑝 𝑥|𝑦
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Case study: Formulating as 𝑝 𝑥|𝑦

COMP 690-204 Deep Generative Models, Fall 2026 46



Case study: Formulating as 𝑝 𝑥|𝑦
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Case study: Formulating as 𝑝 𝑥|𝑦
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Case study: Formulating as 𝑝 𝑥|𝑦
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Case study: Formulating as 𝑝 𝑥|𝑦
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Case study: Formulating as 𝑝 𝑥|𝑦
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Case study: Formulating as 𝑝 𝑥|𝑦
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Case study: Formulating as 𝑝 𝑥|𝑦
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Case study: Formulating as 𝑝 𝑥|𝑦
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Case study: Formulating as 𝑝 𝑥|𝑦
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Case study: Formulating as 𝑝 𝑥|𝑦
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Summary
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