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Al in the Opencast Video Portal

Turning lecture recordings into interactive learning
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THE TEAM

The people behind it

Rudiger Rolf Renato Garita Figueiredo Olaf A. Schulte
virtUOS - Universitat Osnabrick Opencast - ETH Zirich

virtuOS - Universitat Osnabriick
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WHAT IS OPENCAST

Free software for lecture
capture o OPENCAST

Built by universities for universities — focused on
opencast.org - open source since 2008

automated lecture capture and integration.
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WORKS WITH YOUR LMS ® ®
PI o t LMS Moodle ILIAS
ugs In o you r Native plugin Native plugin
: : o ®
Dedicated plugins for Moodle, ILIAS and Stud.IP — plus
LTI for any LTl-compatible system. Stud.IP LTI
Native plugin Any LTl-compatible LMS
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WHERE STUDENTS WATCH <>» OPENCAST Q e % G

Welcome to the central video hub of the Opencast community! This website contains all videos related to
everything Opencast, which mainly consists of conference recordings. To learn more about specific

L @
P Projects S software projects under the Opencast umbrella, see the Projects page.
O l I a °® e v I e o p o I a Webinars Opencast is a flexible, reliable, and scalable open source video management system for academic

institutions, built by a community of developers from leading universities and organizations worldwide.

Conferences >

Misc 2 To learn more about Opencast, see the official website. Or check out our projects on GitHub.

Recordings from our latest conferences

Opencast Summit 2026 (Manchester) < || Oldestfirst v || 88 v

Opencast's open-source front door — browse and

watch, and organise and structure every recording in

Welcome to the Summit Stand-up from institutions Opencast in Numbers Opencast Releases
2026 Wed, Feb 25, 2026 Wed, Feb 25, 2026 Wed, Feb 25, 2026

O n e p | a C e Wed, Feb 25, 2026 Greg Logan Greslogan
L
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map.opencast.org
A GLOBAL COMMUNITY

Used d th d a
sed around the wor ;o5 *Q? 2
Q s

Opencast runs at universities across the globe — Q

\
¢ \
v

thousands of captioned recordings, and a

community that improves it together.
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Al SUMMARIES

A short recap of every
lecture

A 200-400 word overview — the gist before the deep
dive.

o OPENCAST

<¥ Al-Generated Summary ~ R Report

The lecture deepens core ideas from mathematical statistics to clarify what can and cannot be achieved with machine learning. It focuses
on estimation limits (Rao-Cramér bound), the role of bias in high dimensions, asymptotic properties of maximum likelihood (ML), and
how Bayesian methods incorporate prior knowledge, illustrated for Gaussian models.

A central theme is the generalized Rao-Cramér bound, which for biased estimators includes both variance and bias terms. Historically,
statisticians insisted on unbiased estimators, but the James-Stein result showed that in dimensions =3, a *biased* shrinkage estimator
for the mean of a multivariate Gaussian can uniformly beat the unbiased ML estimator under quadratic loss. Geometric intuition: in high-
dimensional Euclidean space, probability mass concentrates away from the mean, so shrinking estimates toward the origin can reduce
overall error.

The lecturer distinguishes three crucial notions: bias-variance trade-off, consistency, and asymptotic efficiency. An estimator is consistent
if it converges to the true parameter as the sample size grows; a persistent bias with infinite data signals inconsistency. Under regularity
conditions and when the true distribution lies in the model class, ML estimators are consistent, asymptotically normal, and asymptotically
efficient: their covariance approaches the inverse Fisher information, saturating the Rao-Cramér bound.

He then contrasts ML with Bayesian estimation. ML effectively corresponds to using a Dirac-delta prior on the parameter; Bayesian
methods retain a full posterior over parameters. For Gaussian likelihood with Gaussian prior (conjugate prior), both posterior and
predictive distributions remain Gaussian. This yields transparent formulas: the posterior precision equals “data precision + prior
precision”, so the prior acts like an *effective sample size* injected into estimation. This makes clear how strong or wrong priors can help
or hurt and motivates recursive (online) Bayesian updating.

In conclusion, the lecture emphasizes that all prediction is constrained by fundamental inequalities and model assumptions. Bias is not

inherently bad; in high-dimensional, data-scarce regimes, well-chosen structural bias or priors can dramatically improve estimation—
while wrong ones require more data to overcome.

. Al-generated content may contain errors or inaccuracies. Always verify information from reliable sources.
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QO Interactive Quiz ~

INTERACTIVE QUIZZES

I t .t .t h i t t
’ O Interactive Quiz ~ [ Report
I e e d ba ‘ k According to the lecturer, what is the main lesson from the James-Stein result about bias in estimation?

Any estimator with bias must be rejected, regardless of its performance.

10 questions

O Cumulative - All 6 videos up to here

A small, well-motivated bias can improve overall estimation error, especially in higher dimensions.

8_10 q u eStiO n S pe r Vi d eo, a n Swe red right afte r Bias only matters when the sample size is infinite; for finite data it is irrelevant.

Wa tC h I n g . Bias is harmless as long as the noise is Gaussian and the loss is quadratic.

Next Jump to topic in video

Al-generated content may contain errors or inaccuracies. Always verify information from reliable sources.

o OPENCAST
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59 questions

CUMULATIVE QUIZZES (i Vi 5 Advansed in Loaring |

Howv is the final course grade composed according to the lecturer?

Review the whole

50% homework, 50% exam

e
S e r I e S 70% exam grade, 30% average project grade

30% exam grade, 70% project grade

Previous Next & Jump to topic in video

Series-spanning quizzes that tie a course together —

Questions from all 6 videos in series

. Videos included:
b u I |t fo r exa m p re p . * Advanced Machine Learning (10 questions)
* Advanced Machine Learning (10 questions)
= Advanced Machine Learning (10 questions)
* Advanced Machine Learning (10 questions)
» Advanced Machine Learning (9 questions)
* Advanced Machine Learning (10 questions)

L. Al-generated content may contain errors or inaccuracies. Always verify information from reliable sources.

o OPENCAST
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BACK TO THE SOURCE

Quizzes linked to the video

Every quiz question links to the part of the recording — one click back to where it's

explained.

' Jump to topic in video
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HOW IT WORKS

From the lecture hall to the quiz

In the lecture hall Automatic Whisper subtitles Al quizzes &
processing summaries

O oo 12/ 20
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Opencast X
w University Q search G

S @ > TestKlTutor: Advanced Machine Learning > Advanced Machine Learning

ETH Zurich

Test Kl Tutor: Advanced Machine
Learning

Test Kl Tutor: Deep Learning

IN THE PORTAL set of documents
ents s.t. |S| < c. The sé

O,

nction.

Right next to the video

ol

Summaries and quizzes are in Tobira Portal,

Advanced Machine Learning e Ce
Nov 21, 2019 at 2:13 PM =

directly under each recording

No description Part of series: Advanced Machine Learning
Duration: 44:48
¢ Al-Generated Summary ~ [ P Report | &n

The lecture connects current concerns about opaque algorithms and data-driven manipulation with concrete machine learning methods, focusing first on structural support vector machines (SVMs) and then motivating
ensemble learning and boosting as alternative paradigms.

Key points include:

- Algorithms increasingly influence human decisions (e.g., targeted political ads), raising issues of transparency, control, and unintended “self-enslavement” to optimized systems.

- True transparency of complex Al systems via source-code inspection is largely unrealistic; instead, we may need to judge algorithms by observed behavior, analogous to how we evaluate human experts.

- Structural SVMs generalize standard SVMs to complex outputs (sequences, trees, subsets) via a joint feature map (z, y), a weight vector w, and a margin-based learning formulation with slack variables and loss
functions.

- Cutting-plane training for structural SVMs iteratively adds violated constraints but can become computationally expensive when the output space is combinatorial (e.g., all partitions or trees).

- These methods have practical impact in tasks like diverse document retrieval and image collection summarization by learning to select representative subsets under carefully designed feature maps and loss functions.

From there, the lecturer highlights a limitation: designing good feature maps U still depends heavily on human creativity. This motivates ensemble methods, where many weak classifiers are combined to form a strong

one. Bagging (Breiman) uses bootstrap resampling; boosting (Freund & Schapire) reweights data to focus on hard examples. Remarkably, AdaBoost was invented as an algorithm first, and only later understood as
performing a kind of Newton step to minimize an exponential loss—reversing the traditional “define loss, then derive algorithm” paradigm.

0 OPENCAST 13 / 20



IN PRACTICE

What we keep in mind.
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TRUST & ACCURACY

Labelled — and easy to
flag

Every item is marked Al-generated and meant to be
verified — and students can flag anything wrong in one
click.

0> OPENCAST

Report Content Issue

Help us improve by reporting issues with Al-generated
content. Your report will be reviewed by administrators.

Describe the issue (optional):

e.g., Contains inaccurate information, inappropriate content,
etc.

z

[ Cancel ] [ Report Issue ]

15/ 20



1_*1\'1\-?ER51'1‘A’1‘@(JSNABRUCR

MODELS & PRIVACY

Your choice of model

Run it the way that fits — convenience, or full data control.

Commercial LLMs

Hosted services — quick to adopt, top quality.

PPPPPPP

Your own services

Local models on campus (Ollama, vLLM) — no data leaves the
university.



ROADMAP

What's next

® Close Opencast integration ® Formulas in quizzes & summaries

® More languages

Prototype funded by Universitat Osnabrick & ETH Zirich - finalisation in the LernKl project (Stiftung Innovation in der Hochschullehre)

O> OPENCAST 1 8 / 2 0



1_*1\'1\-?ER51'1‘A’1‘@(JSNABRUCR

LOOKING FURTHER

Longer-term goals

® Learning outcomes summarised for every video
® Built into Opencast's new interactive video
® Connecting Opencast data to local RAG systems

® “Previously on ...” style video recaps
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OPEN SOURCE

Try it Yourself

Built with the Opencast community — so the next university

starts where we finished.

https://go.uos.de/opencast-ai
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Thank you

Questions welcome — and it's all in the open

Rudiger Rolf - Renato Garita Figueiredo - Olaf A. Schulte

Universitat Osnabrlick - ETH Zirich - opencast.org

https://go.uos.de/opencast-ai
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