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Self-Introduction

https://yuwang0103.github.io/

Research Interests:

Data Mining and Machine Learning

» Neural-Symbolic Learning \Qb 2.
: » Graph and Network § @ \%
‘ l e LLM + Structured Knowledge P ,§
. « Al/ML/DM Applications s‘%'"eu, & Qéb
Yu (J ack) Wang o Document Intelligence i
(YOll) o Social Computing

o Networking Physical Infrastructure

¥+ 3= % Recruiting Ph.D. students and interns! | am actively seeking highly motivated
students for Ph.D. or Research intern positions. Please feel free to email me your CV,
transcripts, and brief descriptions about why you want to work with me if you are interested!

Contact:
yuwang@uoregon.edu
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What is Data?
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Why Analyze Data? — Paper Management

Google Scholar
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Why Analyze Data? — Paper Management
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Why Analyze Data? — Paper Management %
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Why Analyze Data? — Paper Management
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IN-THE-FLOW AGENTIC SYSTEM OPTIMIZATION FOR

EFFECTIVE PLANNING AND ToOOL USE

Zhuofeng Li*!-2, Haoxiang Zhang*'-®, Seungju Han', Sheng Liu', Jianwen Xie?,
Yu Zhang?, Yejin Choi', James Zou'!, Pan Luf!
!Stanford University, Texas A&M University, *UC San Diego, *Lambda

1'0) Website: https://agentflow.stanford.edu
+ ) () code (¥ Model @Demo [» Visualize

ABSTRACT

Qutcome-driven reinforcement learning has advanced reasoning in large language
models (LLMs), but prevailing tool-augmented approaches train a single, mono-
lithic policy that interleaves thoughts and tool calls under full context; this scales
poorly with long horizons and diverse tools and generalizes weakly to new scenar-
ios. Agentic systems offer a promising alternative by decomposing work across
specialized modules, yet most remain training-free or rely on offline training de-
coupled from the live dynamics of multi-turn interaction. We introduce AGENT-
FLOW, a trainable, in-the-flow agentic framework that coordinates four modules
(planner, executor, verifier, generator) through an evolving memory and directly
optimizes its planner inside the multi-turn loop. To train on-policy in live environ-
ments, we propose Flow-based Group Refined Policy Optimization (Flow-GRPO),
which tackles long-horizon, sparse-reward credit assignment by converting multi-
turn optimization into a sequence of tractable single-turn policy updates. It broad-
casts a single, verifiable trajectory-level outcome to every turn to align local plan-
ner decisions with global success and stabilizes learning with group-normalized
advantages. Across ten benchmarks, AGENTFLOW with a 7B-scale backbone
outperforms top-performing baselines with average accuracy gains of 14.9% on
search, 14.0% on agentic, 14.5% on mathematical, and 4.1% on scientific tasks,
even surpassing larger proprietary models like GPT-4o. Further analyses confirm
the benefits of in-the-flow optimization, showing improved planning, enhanced
tool-calling reliability, and positive scaling with model size and reasoning turns.

Which category does this paper belong to? .

Tool Learning
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Why Analyze Data? — Paper Management

In-the-flow agentic system optimization for effective planning and tool use

Search within citing articles

Latent collaboration in multi-agent systems

J Zou, X Yang, R Qiu, G Li, K Tieu, P Lu, K Shen... - arXiv preprint arXiv ..., 2025 - arxiv.org
Multi-agent systems (MAS) extend large language models (LLMs) from independent single-
model reasoning to coordinative system-level intelligence. While existing LLM agenis ...
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Cutting-edge agentic Al systems are built on foundation models that can be adapted to plan,
reason, and interact with external tools to perform increasingly complex and specialized ..
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Large reasoning models have demonstrated sirong problem-solving abilities, yet real-world
tasks often require external tools and long-horizon interactions. Existing agent frameworks .
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H Zhu, Z Zhang, H Huang, DJ Su, Z Liu, J Zhao... - arXiv preprint arXiv ..., 2025 - arxiv.org
Reinforcement Learning with Verifiable Rewards (RLVR) reliably improves the reasoning
performance of large language models, yet it appears to modify only a small fraction of .
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Z e - 2025 - knowledge.uchicago.edu

In this thesis we develop a series of practical algorithms for language model to self-train, by
aclively and sirategically creating and controlling leamning experiences themselves ...
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Why Analyze Data?
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EFFECTIVE PLANNING AND TOOL USE
Zhuofeng Li*' *, Haoxiang Zhang™" ‘.beunxilll(n‘.shmg].iu + Jianwen Xie*,

Yu Zhang’. Yejin Choi'. James Zou'', Pan Lu
I Stanford Usiversity, “Texas A&M Uriversity. A('mu.q«, ‘Lambda

ABSTRACT

ening b large language
models (LLMs), but prevailing t00l-augmented approaches train a single, mono-
lithic policy that interleaves thoughts and tool calls under full Sontext; this scales.
poorly with long horizons and diverse tools and generalizes weakly 0 new scenar-
los. Agentic systems offer a promising alleraative by decomposing Work across
specialized modules, yet most remain training-free o rely on offline training de-
coupled from the live dynamics of multi-turn interaction. We introduce AGENT-
FLOW, a trainable, in-he-flow agentic framework that coordinates four madules
(planner, exccuto,verfe, geneato) thaough an evlving mersory and disetly
inside the

ments, we propose Flow-based Group Reined Policy Oprimization (Flow-GRPO),
which tackles long-hi by

turm optimization into a sequence of tractable single-tum policy updates. It beoad-
casts.a single, verifiable trajectory-level outcome to every tum 1o align bocal plan-
mer decisions with global success and stabilizes leaming with group-normalized
advantages. Across ten benchmarks, AGENTFLOW with a 7B-scale backbone

scarch, 14.0% on agentic, 14.5% on mathematical, and 4.1 on scientiic tasks,

even surpassing larger proprictary models ke GPT-4o. Funher analyses confirm

the beneits of in-the-flow optimizaticn, showing improved planning, echanced
dp i wi

OO

U=

Paper Management

IN-THE-FLOW AGENTIC SYSTEM OPTIMIZATION FOR
EFFECTIVE PLANNING AND ToOL USE
Zhuofeng Li*' *, Haoxiang Zhang™" ‘.beunxilll(n‘.shmg].iu + Jianwen Xie*,

Yu Zhang’. Yejin Choi'. James Zou'', Pan Lu
I Stanford Usiversity, “Texas A&M Uriversity. lc'mmm ‘Lambda

ABSTRACT

ening b large language
models (LLMs), but prevailing t00l-augmented approaches train a single, mono-
lithic policy that interleaves thoughts and tool calls under full Sontext; this scales.
poorly with long horizons and diverse tools and generalizes weakly 0 new scenar-
las. Agentic systems offer a promising alleraative by decomposing Work across
specialized modules, yet most remain training-free o rely on offline training de-
coupled from the live dynamics of multi-turn interaction. We introduce AGENT-
FLOW, a trainable, in-he-flow agentic framework that coordinates four madules
{ploozs, exscuta, verifer, geoerte) through en volving monsey wnd divecy
optimizes its planner inside the mult-turn loop. To train on-policy i live environ-
s, we: propase Flow- thdhrnwvﬁrﬁu«fﬂmn‘ Oprimiarion (Flow GRPO),
which tackles long-hi by
turm optimization into a sequence of tractable single-tum policy updates. It beoad-
casts.a single, verifiable trajectory-level outcome to every tum 1o align bocal plan-
mer decisions with global success and stabilizes leaming with group-normalized
advantages. Across ten benchmarks, AGENTFLOW with a 7B-scale backbone

scarch, 14.0% an agentic, 14.5% on mathematical, and 4.1 on scientiic tasks,

even surpassing larger proprictary maodels ke GPT-4o. Funher analyses confirm

the beneits of in-the-flow optimizaticn, showing improved planning, echanced
dp 1g wil

W)

B

70

60 4

Accuracy (%)

500

KIND

Bl SemiEmb
B GCN

Citeseer

Cora
Dataset

79.0

Pubmed

In-the-flow agentic system oplimization for effective planning and 1ool use.

Search within chog arices

Latent collaboration in muli-agent systems
4225 X805, B, G . KT P, K Shen... - rki popet any . 2025

anavary

model masars leve roligence
4 Save D9 Cin Coodiy4 Relaisdaicies ABZvesions b

Adaplation of agentic ai
Eiang. 4Lin, 250 £ iang. L o, Y. - anc
300 0475 A sy a8 Buit o1 foundasen mdels M1 can b S3EII1S i

el s prom ey e s secacnd
tr Save 9 Cie Condby2 Foiatodarties AIZ

Dccpngem AGeneral Rﬂawmng Agent wih Scalate Toolsets
oy
wwwvhmw yotresward

\m-mu.‘ywm,wmw- -

%o Save 000G CoedbyZ Relatsdatces ALZiversens §

The Path Nt Taken: RLVR Provably Leams Off the Principals
Zzban

2 . O 51, 2L, L2003 - 000 e 0Ky .. 2025 - 8
Fo

odels. pe 4. o
Y Save B9 Cim Cisdiy | Reaisdaricen Al dremiors 30 N

Self.Play Methods in Reinforeement Learning for Language Models
2 - 2025 - kncwidge.

[Pp— e—

T Save 9 i Aol

T —

kindlab-fly.github.io



What is Data Mining?

Input Data Data : :
Data | Preprocessing [  Mining > Postprocessing == Information
Feature Selection .
Dimensionality Reduction F|_Iter|qg P_atterns
. Visualization
Normalization Pattern Interpretation
Data Subsetting pretatio
Many Definitions

Non-trivial extraction of implicit, previously unknown and
potentially useful information from data

Exploration & analysis, by automatic or semi-automatic
means, of large quantities of data in order to discover
meaningful patterns
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Why Data Mining? — Networking Infra Risk ¢ '/NRG
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Why Data Mining? — Drug Design

/— Chemical lerarles ﬁ /— Protein Target \ /— Virtual Librari?s
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Why Data Mining? — Drug Design
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Why Data Mining? — Commercial Perspective

* Lots of data 1s being collected
and warehoused

1,000 terabytes, _
* Web data 1,000,000,000,000,000= bytes G{)ugle facebook

* Google has Peta Bytes of web data
* Facebook has billions of active users

* purchases at department/ YaHOO!  amazoncom
grocery stores, e-commerce

* Amazon handles millions of visits/day
 Bank/Credit Card transactions

* Computers have become cheaper and more powerful

* Competitive Pressure 1s Strong

* Provide better, customized services for an edge (e.g. in Customer
Relationship Management)

KIND
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Why Data Mining? — Scientific Perspective

e Data collected and stored at
enormous speeds

* Remote sensors on a satellite

 NASA EOSDIS archives over
petabytes of earth science data / year

fMRI Data from Brain Sky Survey Data
 Telescopes scanning the skies
e Sky survey data

* High-throughput biological data

e Scientific simulations

* terabytes of data generated in a few hours

* Data mining helps scientists
* 1n automated analysis of massive datasets
* In hypothesis formation

KIND
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Why Data Mining? — Social Good

Text: "Breaking: NASA confirms first-ever human colony on Mars will
begin next vear — tickets for civilians already being sold out in minutes!”
Ours IC Model
Influence Spread=2768.06 '8 Influence Spread=534.50

[

/ \ / CYCLIP: Cyelic Contrustive Language-Image \
Pretraining
0 ; w

Text: " Today I bought a new pencil."

Ours IC Model
Influence Spread=20.45 Influence Spread=534.50

Abstract Generation

/o o \

RAG 2.0: Future of LLMs

Pedrabatay

foctrabmnt

Review Generation

KIND 17 O
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However, we have challenges — Question

What kind of data mining question you want to answer?

CCCmalAZa January to January Mean Temperature {degrees C) 2080s relative to 1961-90
' |

H\ 'J'\

Reducing hunger and poverty by

Findi It tive/
INCING AlteMatver green energy sources increasing agriculture production

KIND
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However, we have challenges — Question

What kind of data mining question you want to answer?

Judge a man by his questions rather than his answers.

------ Voltaire

The important thing is not to stop questioning.

------ Albert Einstein

He who asks a question is a fool for five minutes; he who
does not ask a question remains a fool forever.
------ Confucius

KIND
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However, we have challenges — Data

Data is usually in a very large scale!

McKinsey Global Institute

Big data: The next frontier
for innovation, competition,

and productivity
Big data—capturing its value

Big data—a growing torrent
$ 60 O to buy a disk drive that can
store all of the world’s music
117 bile ph
5 billion sz
“11: i f content shared
30 billion o rFecsbosk svery monts

40 (y projected growth in
0 global data generated
per year vs. ;E_(y
9%

growth in global
IT spending

2 3 5 terabytes data collected by
the US Library of Congress
in April 2011

15 out of 17

sectors in the United States have
more data stored per company
than the US Library of Congress

KIND
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$300 billion

potential annual value to US health care— more than
double the total annual health care spending in Spain

€250 billion

potential annual value to Europe’s public sector
administration —more than GDP of Greece

$600 billion

potential annual consumer surplus from
using personal location data globally

60 (y potential increase in
O retailers’ operating margins
possible with big data

140,000-190,000

more deep analytical talent positions, and

1.5 million

more data-savvy managers
needad to take full advantage

of big datd in the United States



However, we have challenges — Data

Data is usually in a very large scale!

Textbook Internet Neural
Knowledge Base Knowledge Base Knowledge Base

158 million books 1.1 billion websites 405 billion parameters
ISBN DB 2023 Musemind 2024 Hugging Face 2024

*  We remember meanings, not details.

*  We forget on purpose.

* Tiny active memory, Larger long-term memory.

@ 2.5 petabytes, 1 billion books
KIND
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https://isbndb.com/blog/how-many-books-are-in-the-world/?utm_source=chatgpt.com
https://isbndb.com/blog/how-many-books-are-in-the-world/?utm_source=chatgpt.com
https://isbndb.com/blog/how-many-books-are-in-the-world/?utm_source=chatgpt.com
https://musemind.agency/blog/how-many-websites-are-there?utm_source=chatgpt.com
https://musemind.agency/blog/how-many-websites-are-there?utm_source=chatgpt.com
https://huggingface.co/blog/llama31
https://huggingface.co/blog/llama31
https://huggingface.co/blog/llama31

However, we have challenges — Data

Data is diverse and heterogeneous

PDF ConnectionlLens
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Summary

* Data is everywhere

* Data Mining brings scientific advancement and social wellness

 However, there are challenges

(1) What are good questions to ask?

(2) Data i1s scattered around the world, how to find them?

(3) Data is very large-scale, how to analyze them efficiently, space/time?
(4) Data 1s very heterogeneous and specialized

This is the reason for taking data mining!

KIND
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Question Time!
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Course Logistics

25 mi-graph.github.io/w

Department of Computer Science, University of Oregon

Data Mining

Winter-2025

A SYLLABUS @ SCHEDULE  wa PAPER  \"PROJECT B MATERIALS % GRADE

LIKELY i

s OFFERS DA
== AssncunouUFFERmn
MACHINE CUSTOMERS 5
e M I NI G mmsw
Ly APPLICATIONS -
Alc PHNMS

~w.icamincPAT [ERNS All information will be

Course Description available On the WebSite!

Welcome to the fascinating field of data mining, a discipline at the intersection of computer science, statistics, and intelligence!
Throughout this course, we'll explore various data mining techniques, from regression to classification to clustering to association
analysis. You'll learn how to prepare data, select appropriate algorithms, and interpret results. Real-world examples and case
studies will illustrate the practical applications of data mining across diverse industries.

G

[\

==

PROCESS LEARNE

TA?ST“H?S; - https://ml-graph.github.io/winter-2025/

=2
=
=
=

ooy

Students will complete two quizzes, a team-based (optional) course project and paper presentation.

Coding notebooks will be provided when necessary for some important topics.

Goals Prerequisite

* Broad overview of Data Mining * Linear Algebra, Probability /Statistics, Calculus
* Data Mining Skills — Knowledge and Code *  Programming — Python, PyTorch

* Machine Learning Skills — Knowledge and Code *  Curiosity — Critical Thinking

* Real-world GML/DM applications * Diligence — Hard Working

KIND
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Course Logistics - Time

Times:

* Classes: Monday/Wednesday 12:00-1:20 pm PST, Gerlinger 302
» Office hours: Wednesday 1:20-2:00 pm PST, other time by appointment
e Zoom: https://uoregon.zoom.us/j/4052006678

KIND
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https://uoregon.zoom.us/j/4052006678#success

Course Logistics — Quzz

Times:

* Classes: Monday/Wednesday 12:00-1:20 pm PST, Gerlinger 302
» Office hours: Wednesday 1:20-2:00 pm PST, other time by appointment
e Zoom: https://uoregon.zoom.us/j/4052006678

Components:

Course Assessment and Grading Scale

Category CS-453 (%)||CS-553 (%)
Quzz 1 20% 15% * Aslong as you are active thinking and
Quzz 2 20% 15% understand the content, you will be good
Project 40% 45%
Participation 5% 5%
Paper Presentation|[15% 20%
Overleaf Bonus 5% 5%

KIND

kindlab-fly.github.io


https://uoregon.zoom.us/j/4052006678#success

Question Time!

KIND

kindlab-fly.github.io



Course Logistics — Quzz

Times:

* Classes: Monday/Wednesday 12:00-1:20 pm PST, Gerlinger 302
» Office hours: Wednesday 1:20-2:00 pm PST, other time by appointment
e Zoom: https://uoregon.zoom.us/j/4052006678

Components:

Course Assessment and Grading Scale

Category CS-453 (%)||CS-553 (%)
Quzz 1 20% 15% * Aslong as you are active thinking and
Quzz 2 20% 15% understand the content, you will be good
Project 40% 45%
Participation 5% 5%
Paper Presentation|[15% 20%
Overleaf Bonus 5% 5%

KIND

kindlab-fly.github.io


https://uoregon.zoom.us/j/4052006678#success

Course Logistics — Project

Times:

* Classes: Monday/Wednesday 12:00-1:20 pm PST, Gerlinger 302
» Office hours: Wednesday 1:20-2:00 pm PST, other time by appointment
e Zoom: https://uoregon.zoom.us/j/4052006678

Components:

Course Assessment and Grading Scale

Category CS-453 (%)||CS-553 (%)
Quzz 1 20% 15%
Quzz 2 20% 15% https://ml-graph.github.io/winter-
Project 40% 45% 2026/project/
Participation 5% 5%
Paper Presentation|[15% 20%
Overleaf Bonus 5% 5%

KIND O
kindlab-fly.github.io 3 0



https://uoregon.zoom.us/j/4052006678#success
https://ml-graph.github.io/winter-2026/project/
https://ml-graph.github.io/winter-2026/project/
https://ml-graph.github.io/winter-2026/project/
https://ml-graph.github.io/winter-2026/project/
https://ml-graph.github.io/winter-2026/project/
https://ml-graph.github.io/winter-2026/project/

Course Logistics — Project

Project

The project may be completed either individually or as a team; both approaches are acceptable. For team-based projects, only one
team member should submit the final report and dearly specify all contributing teammates. Bonus Points will apphy if vou consider

doing projects in the following fields with (*) or any domain beyond the following
1. Background and Problemn Formulation - 10%

Background - 5%:
What is the general background of the problem you are working on?

I want to develop a better paper categorization system

Problem Formulation - 5%
Under the general topic, what specific problem is your project addressing?
I'want to develop a machine learning model/algorithm to take input of the paper, output the paper topic (machine

learning, computer system, human-computer collaboration, etc)

2. Data Mining Stage - 35%

Data Collection and Store - 15%
What data are you looking to kick off your project? How do you collect themn? What data structure do you use to represen

them?
I collect CorafCiteseer/Pubmed Data from somewhere {e.g., a paper, a GitHub repository, Hugging Face, etc.), and |
use an adjacency list to store their connection and a matrix to store their node feature
Data Mining - 209
What kind of data mining problem do you need to do and wiy?
I need to analyze the network homophily/heterophily since leveraging this property might help me develop a better
machine learning model for paper classification

How do you do it?
| calculate for every edge, the two ending points, whether they are in the same class or not, and quantify the average
ratio as a homophily ratio

What kind of pattern do you find? How do you present your findings/anatysis?
I find that in many paper citation networks, the homophily is pretty high. Using Number/Table/Figure, etc

3. Mochine Learning Stage - 35%
Machine Learning Model Design

Based on your targeted problem, what kind of machine learning model do you want to build and why?
I want to build a graph neural network to fully exploit the discovered hemophily principle.

KIND

kindlab-fly.github.io

https://ml-
graph.github.io/winter-
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https://ml-graph.github.io/winter-2026/project/
https://ml-graph.github.io/winter-2026/project/
https://ml-graph.github.io/winter-2026/project/
https://ml-graph.github.io/winter-2026/project/
https://ml-graph.github.io/winter-2026/project/
https://ml-graph.github.io/winter-2026/project/

Course Logistics — Paper Presentation

Times:

* Classes: Monday/Wednesday 12:00-1:20 pm PST, Gerlinger 302
» Office hours: Wednesday 1:20-2:00 pm PST, other time by appointment
e Zoom: https://uoregon.zoom.us/j/4052006678

Components:

Course Assessment and Grading Scale

Category CS-453 (%)||CS-553 (%)
Quzz 1 20% 15%
Quzz 2 20% 15% https://ml-graph.github.io/winter-
Project 40% 45% 2026/presentation/
Participation 5% 5%
Paper Presentation|[15% 20%
Overleaf Bonus 5% 5%

KIND

kindlab-fly.github.io


https://uoregon.zoom.us/j/4052006678#success
https://ml-graph.github.io/winter-2026/presentation/
https://ml-graph.github.io/winter-2026/presentation/
https://ml-graph.github.io/winter-2026/presentation/
https://ml-graph.github.io/winter-2026/presentation/
https://ml-graph.github.io/winter-2026/presentation/
https://ml-graph.github.io/winter-2026/presentation/

Course Logistics — Paper Presentation

Presentation

Paper Presentation Details

You can either collaborate with a team or present individually. The choice of topic is entirely up to you.

Introduction and Background - What is the general impact and background of the topic?

Maotivation and Problem - What is the core research problem, and why do we study it?

Related Work and Challenges - How did previous works address this problem, and what are some of the challenges?

Proposed Solutions/Methods and Rationale - What are the proposed methods/techniques, and why are they proposed? What

specific reasons would solving this problem require these proposed(1) methods/technigues?

Experimental Setting, Results, and Analysis - What experiments are designed to verify the proposed method? How are results h . I
being discussed and analyzed? Are there any interesting findings? ttps //m -

Conclusion and Future Work gra ph . g|t h u b |O/W|nte r-

Do not use sentences in the slides, but use bullet peints and important points that you can logically chain together for your

speech | will be very careful taking note of this. Please pardon me for this! 202 6/D rese ntat |O n/

Natural Disaster Modeling

Neural-Biology Analysis

Social Network

Agentic Al

Reasoning/Planning

[ SRR [ R o S —

KIND
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https://ml-graph.github.io/winter-2026/presentation/
https://ml-graph.github.io/winter-2026/presentation/
https://ml-graph.github.io/winter-2026/presentation/
https://ml-graph.github.io/winter-2026/presentation/
https://ml-graph.github.io/winter-2026/presentation/
https://ml-graph.github.io/winter-2026/presentation/

Course Logistics — Paper Presentation — Bad Example

The provided image outlines the logistical and academic requirements for a course
at the University of Oregon, likely CS-453/553. Classes are held on Mondays and
Wednesdays from 12:00 pm to 1:20 pm PST in Gerlinger 302, with office hours
scheduled for Wednesdays from 1:20 pm to 2:00 pm or by appointment. A specific
Zoom link is also provided for virtual access.

The grading structure, labeled "Course Assessment and Grading Scale,"
distinguishes between undergraduate (CS-453) and graduate (CS-553)
requirements. For undergraduate students, the grade is heavily weighted toward
two quizzes at 20% each (40% total) and a project worth 40%, followed by a
paper presentation at 15% and participation at 5%. Graduate students have a
slightly different distribution, with quizzes weighted less at 15% each (30% total),
while the project and paper presentation are weighted higher at 45% and 20%
respectively.

Both groups have the opportunity for a 5% Overleaf Bonus. Beside the grading
chart, a motivational note emphasizes that students will succeed as long as they
maintain active thinking and understand the content.

KIND

kindlab-fly.github.io



Course Logistics — Paper Presentation — Good Example

Times:

* Classes: Monday/Wednesday 12:00-1:20 pm PST, Gerlinger 302
» Office hours: Wednesday 1:20-2:00 pm PST, other time by appointment
e Zoom: https://uoregon.zoom.us/j/4052006678

Components:

Course Assessment and Grading Scale

Category CS-453 (%)||CS-553 (%)
Quzz 1 20% 15% * Aslong as you are active thinking and
Quzz 2 20% 15% understand the content, you will be good
Project 40% 45%
Participation 5% 5%
Paper Presentation|[15% 20%
Overleaf Bonus 5% 5%

KIND
kindlab-fly.github.io 3 5 O



https://uoregon.zoom.us/j/4052006678#success

Course Logistics — Timeline

Basics

Advanced

EVENT DATE DESCRIPTION
Lecture 01/05/2026 Overview
Monday syllabus
Assignment 01/05/2026 Project released!
Monday
Lecture 01/07/2026 Logistics
Wednesday Basics
Lecture 01122026 Classification
Menday KNN/Naive Bayes
Lecture 01/14/2026 Classification
Wednesday Decision Tree

Martin Luther 01/19/2026 04:30 Enjoy )

King, Jr holiday Monday

Lecure 01/21/2026 Clustering
Wednesday Kemeans, Hierarchical

Clustering
Lecture 01/26/2026 Dimension Reduction
Monday PCA
Lecture 01/28/2026 Linear Regression

Wednesday Gradient Descent

Lecture 0210242026 Logistic Classification
Menday
Lecture 02/04/2026 Neural Network
Wednesday
Exam 02/09/2026 16:00 Quzz1
Monday

COURSE MATERIAL

Course Materials:

© Slides

[Project]

Course Materials:

o Slides

Course Materials:

© Slides

Course Materials:

© Slides

Course Materials:

© Slides

Course Materials:

o Slides

Course Materials:

© Slides

Course Materials:

o Slides

Course Materials:

© Slides

Topics:
© Lecture 1 - Lecture 8
© Closed Book

Lecture 02/11/2026
Wednesday

02/11/2026 16:00

Wednesday

Lecture 02/16/2026

Monday

02/16/2026 16:00

Monday

Lecture 02/18/2026

Wednesday

02/18/2026 16:00

Wednesday

Lecture 02/23/2026
Monday

02/23/2026 16:00
Monday

Lecture 02/25/2026
Wednesday

Graph Mining

Presentation 1

Graph Mining

Presentation 2

Temnporal Mining

Presentation 3

Spatial

Cloud Paint Mining

Presentation 4

Image Mining

Course Materials:

o Slides

Group
o Group 1: 7-7:15 pm
© Group Z: 7:15-7:30 pm

Course Materials:

o Slides

Group

Group 3: 7-7.15 pm
Group 4: 7:15-7:30 pm
©° Zoom

o

o

Course Materials:

o Slides

Group

Group 5: 7-7:15 pm
Group &: 7:15-7:30 pm
© Zoom

o o

Course Materials:

© Video Record
o Slides

o Video

Group
© Group 7:7-7.15 pm
© Group 8 7:15-7:30 pm

Course Materials:
© \Video Record
o Slides
° Video

Lecture

Lecture

Lecture

Exam

02/25/2026 16:00
Wednesday

03/02/2026

Monday

03/02/2026 16:00

Monday

03/04/2026

Wednesday

03/04/2026 16:00

Wednesday

03/09/2026

Monday

03/09/2026 16:00

Maonday

03/11/2026 16:00
Wednesday

03/20/2026 23:59
Friday

Presentation 5

Language Mining

Presentation &

Language Mining

Presentation &

Review
Future

Presentation &

Quzz 2

Project Report Due

Group
o Group9:7-7:15 pm
© Group 10: 7:15-7:30 pm

o Zoom

Course Materials:

o Slides

Group

°

Group 11: 7-7:15 pm
Group 12: 7:15-7:30 pm
o Zoom

o

Course Materials:

Group

Group 13: 7-7:15 pm
Group 14: 7:15-7:30 pm
© Zoom

°

°

Course Materials:

Group
© Group 15: 7-7:15 pm
© Group 16: 7:15-7:30 pm
© Zoom

Topics:
o Lecture 9 - Lecture 16
© Closed Book

Phase 1 + Quzz 1

KIND

kindlab-fly.github.io

Phase 2 + Quzz 2 + Project Report



Course Logistics — Timeline

Basics

Advanced

EVENT

DATE

DESCRIPTION

COURSE MATERIAL

Lecture 02/11/2026 Graph Mining Course Materials:
Wednesday o Slides 02/25/2026 16:00 Presentation 5 Group
Lecture 01/05/2026 Overview Course Materials: Wednesday o Group9:7-7:15pm
Monday Syllabus o Sides © Group 10: 7:15-7:30 pm
02/11/2026 16:00 Presentation 1 Group © HeEm
Wednesday o Group 1:7-7:15 pm -
Assignment 01/05/2026 Project released! [Project] © Group2:7:15-7:30 pm
Manday © Lecture /2 ¥ [/ i .‘.
aper sentation
Lecture 01/07/2026 Logistics Course Materials: . e .
Wednesday Basics o Sides Lecture DZN GjDZE Graph Mining Course Materials: p N
donday ides
Y @ Slides 03/02/2026 16:00 Presentation & Group
Monday 5 " 7:15
Lecture 011242026 Classification Course Materials: ! © GADEZEBLIL
Manday KNN/Naive Bayes © Sides 02/16/2026 16:00 Presentation 2 Group ° ffﬂhp 12:7:15-7:30 pm
Monday s Group3:7-7.15 pm ¢ coom
z 5. \ J
Lecture 0111472026 Classification Course Materials: O Gl 3ZE BT
e © Zoom
Wednesday Decision Tree © Slides Lecture 03/04/2026 Language Mining Course Materials:
Wednesday P
Martin Luther 01/19/2026 04:30 Enjoy ) Lecture 02/18/2026 Temporal Mining Course Materials: - N
AT S enesey © olees 03/04/2026 16:00 Presentation & Group
) Wednesday © Group 13:7-7:15 pm
Lecture cﬁwmozs ;u::cr r\gH . Course Materials: 02/18/2026 16:00 Presentation 3 Group © Group 14: 7:15-7:30 pm
Wednesda: means, Hierarchical Slides § -
’ Clustering o s Wednesday o Group 5:7-7:15 pm o Zoom
o Group 6: 7:15-7:30 pm \ J
© Zoom
Lecture 01/26/2026 Dimension Reduction Course Materials: Lecture 03/09/2026 Review Course Materials:
Monday PCA @ Slides Monday Future o S
Lecture 02/23/2026 Spatial Course Materials:
Lo [P [ . Moterial Monday Cloud Paint Mining o Video Record ' \
eere . pnearfegresson ourse Matenals o Slides 03/09/2026 16:00 Presentation & Group
Wednesday Gradient Descent © Slides iy
° Video Manday o Group 15: 7-7:15 pm
© Group 16: 7:15-7:30 pm
Lecture 02/02/2026 Logistic Classification Course Materials: o Zoom
Manday o Slides 02/23/2026 16:00 Presentation 4 Group \ y
Monday o Group 7: 7-7:15 pm
© Group 8 7:15-7:30 pm Exam 03/11/2026 16:00 Quzz 2 Topics:
Lecture 02/04/2026 Neural Netvark Course Materials: . Wednesday - 1
Wednesday o Slides o Lecture 9 - Lecture
e Closed Book
12425/20; ials:
- YRS 3D ] Tt Lecture FZ. 25/2026 Image Mining Course Materials:
Maonday o Lecture 1 - Lecture 8 Wednesday ¢ Video Record Due 03/20/2026 23:59 Project Report Due
o Closed Book © Slides Friday
o Video L3
\ J \ J
| |

Phase 1 + Quzz 1 Phase 2 + Quzz 2 + Project Report

KIND

kindlab-fly.github.io



Course Logistics — Timeline

Basics

Advanced

EVENT DATE DESCRIPTION COURSE MATERIAL Lecture 02/11/2026 Graph Mining Course Materials:
Wednesday o Slides 02/25/2026 16:00 Presentation 5 Group
Lecure 01/05/2026 Ovenview Course Materials: Wednesday e Group9:7-7:15pm
Monday Syllabus o Sides © Group 10: 7:15-7:30 pm
02/11/2026 16:00 Presentation 1 Group ©
Wednesday o Group 1:7-7:15 pm -
Assignment 01/05/2026 Project released! [Project] © Group2:7:15-7:30 pm
Monday © Lecture 03/02/2026 Language Mining Course Materials:
Monday o Slides
Lecture 01/07/2026 Logistics Course Materials: . e .
Wednesday Basics o Sides Lecture DZN GjDZE Graph Mining Course Materials:
donday des
sy @ Slides 03/02/20261 Presentation & Group
Monday 5 715
Lecture 0112/2026 Classification Course Materials: Y © @mpIETEEE
Monday KNM/Nzive Bayes o Sides 02/16/2026 16:00 Presentation 2 Group o Group 12 7:15-7:30 pm
Monday s Group3:7-7.15 pm ¢ coom
Lecture 0111472026 Classification Course Materials: O Gl 3ZE BT
o ° Zoom
Wednesday Decision Tree © Slides Lecture 03/04/2026 Language Mining Course Materials:
Wednesday P
T Lot 01/19/2026 04:30 Enjoy ) Lecture 02/18/2026 Temnporal Mining Course Materials:
King, Jr holiday Monday Wednesday o Slides
03/04/2026 16:00 Presentation & Group
) Wednesday © Group 13:7-7:15 pm
Lecture 01/21/2026 Clustering Course Materials: 02, FE o Group 14:7:157:30 pm
wednesday Kemeans, Hierarchical o Slides u W l c e Zoom o
Clustering ’ = coam
o Group 6: 7:15-7:30 pm
© Zoom
Lecture 01/26/2026 Dimension Reduction Course Materials: | Lecture 03/09/2026 Review Course Materials:
Monday PCA o Slides Monday Future s g
Lecture 02/23/2026 Spatial Course Materials:
Monday Cloud Paint Mining o Video Record
Lecture 01/28/2026 Linear Regression Course Materials: © Slides 03/09/2026 16:00 Presentation 6 Group
Wednesday Gradient Descent © Slides iy
° Video Manday o Group 15: 7-7:15 pm
© Group 16: 7:15-7:30 pm
Lecture 02/02/2026 Logistic Classification Course Materials: o Zoom
Monday o Slides 02/23/2026 16:00 Presentation 4 Group
Monday o Group 7: 7-7:15 pm
© Group 8 7:15-7:30 pm Exam 03/11/2026 16:00 Quzz 2 Topics:
Lecture 02/04/2026 Neural Netvark Course Materials: .
Wednesday o Siides Wednesday o Lecture 9-Lecture 16
e Closed Book
12425/20; ials:
- YRS 3D ] Tt Lecture FZ. 25/2026 Image Mining Course Materials:
Monday © Lecture 1 - Lecture & Wednesday © Video Record Due 03/20/2026 23:59 Project Report Due
o Closed Book © Slides Friday
o Video L3
\
| |

Phase 1 + Quzz 1

KIND

kindlab-fly.github.io

Phase 2 + Quzz 2 + Project Report



Question Time!
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Basics

* Linear Algebra

e (Calculus

* Statistics/Probability

KIND

kindlab-fly.github.io



Basics — Linear Algebra — Scalar/Vector/Matrix

Scalar
v=3 1
Vector 5
~1 2 & Please note that we will use
v=1 | this one by default
Matrix
(1 2 3]° v € R1X3
_ {0 5 1}[ 3x1
A = 5 3 7| [ 4rows ueER
_3 9 8_ i A E R4X3
3 columns

KIND

kindlab-fly.github.io



Basics — Linear Algebra — Scalar/Vector/Matrix

Scalar
Scalar Operation
v=23
Vector
v=[1 2 5]
Matrix
(1 2 3]]7
_10 5 1}|
A = 5 3 7 4 rows
‘_3 9 8l1.
3 columns

KIND
kindlab-fly.github.io 4 2 O



Basics — Linear Algebra — Scalar/Vector/Matrix

Scalar

Vector

v=[1 2 5]

Matrix

- 4 TOWS

90O W ol

3 columns

KIND

kindlab-fly.github.io

Scalar Operation with Vector

scalar_vector_ops_list(s: float, v: List[float]) —

add [s + x Tor in vl
sub j

v]
mul

5 in
* % for x in
s in

scalar_vector_ops_list(s, v_list)
scalar_vector_ops_numpy(s)

< 0.0

== Pure Python lists =

scalar s = 2.8

vector v = [1.8, -2.8, 3.5, 0.9]
5 + V [3.8, 8.8, 5.5, 2.08]
[-1.8, -4.8, 1.5, -2.@]
[2.0, -4.8, 7.8, 8.8]
[@.5, -1.8, 1.75, 0.4]

V-5
5 ¥V
v /s



Basics — Linear Algebra — Scalar/Vector/Matrix

Scalar
Scalar Operation with Vector
scalar_vector_ops_numpy(s: float) -»
s np
v — 3 v = np.array([1.8, -2.@, 3.5, 0.8], dtype=float)
add = 5 + v
sub = v - s
mul = s % v
VeCtOl' div=v /s

dot = np.dotiv, v)
norm = np. linalg.norm(v)

v=[1 2 5]

print(f"||v]||

MatriX print ()

== NumPy arrays
7 scalar s
vector v

- 4 TOWS

wNnN o
O W U1
O -, W

\

—

T

3 columns

KIND
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Basics — Linear Algebra — Scalar/Vector/Matrix

Scalar
v=23
Vector
v=[1 2 5]
Matrix
(1 2 3]]7
_10 5 1}|
A = 5 3 7 4 rows
‘_3 9 8_,_
3 columns

KIND

kindlab-fly.github.io

Scalar Operation with Matrix

scalar matrix ops_list(s: fleoat, M: List[List[fleatl]) —
add 5 + % for x in row] for row in M]
sub ®» =5 for x in row] for row in M]
mul 5 % x for x in row] for row in M]
div ¥ f s for x in row] for in M]

scalar s
matrix M
[1.8, -2.
[4.5,
s+ M
[3.0,
[6.5,
M-5
[-1.8,
[2.5, -2.8, -3.5]
s kM=

[2.8, -4.8, 6.0]
[9.8, 8.0, -3.0]
M 5 =

[#.5, -1.8, 1.5]
[2.25, 8.8, -B.75]

= Il =

I ma



Basics — Linear Algebra — Scalar/Vector/Matrix

Scalar
Scalar Operation with Matrix
V = 3 scalar_matrix_ops_numpy(s: float) —=
import numpy np
M = np.array([[1.8, -2.8, 3.8],
VeCtOl‘ 4.5, 0.8, -1.5]], dtype=float)
v=[1 2 5]
== NumPy arrays ==
scalar s
matrix M
. [ri1. -2.
Matrix 0.
s + M
(1 2 3]]
0 5 1
A = - 4 TOwWS
2 3 7
13 9 8l1.
L J
Y
3 columns eE L vl

KIND
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Basics — Linear Algebra — Scalar/Vector/Matrix

Matrix Multiplication
(1 2 3
1 2
A=051 x B=|23 == c=r1 ?
2 3 7 _ °
3 9 8
4 X% 3 3X2

Dimensions much match!

What is the dimension of C? (4 X 3)(3 X 2) » 4 X
2

KIND

kindlab-fly.github.io



Basics — Linear Algebra — Scalar/Vector/Matrix

Matrix Multiplication
1X14+2%X2+4+3X
4—2—3] , 20
2 3 7 .
13 9 8.
4 X 3 3 X2
1X24+2%Xx3+3X%x7
4—2—3 ] 1 (20 29]
0 5 1
A = X B =12 ) C =
2 3 7 c
13 9 8.
4 X3 3 X2

KIND
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Basics — Linear Algebra — Scalar/Vector/Matrix

Matrix Multiplication
OX1+5%x2+1x%x5
1 2 3] 7 20 29]
2 3 7 .
3 9 8
4 %3 3 X 2

O0X24+5%X3+1X7

1 2 3] \29'
—5—1

1
5

3 3 X2

KIND
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Basics — Linear Algebra — Scalar/Vector/Matrix

Matrix Multiplication
2X14+3X2+7X5

- - , \20 29]
A = y Bzu 3] — 2|15 22
7

43
3 9 8]

O -
(O B AV
_

4 x 3 3 X2

2X24+3X3+7X7

1 2 3 . \'20 29]
_|10 5 1 o p_] ) = |15, 22
A‘e—:xﬁ" _5 ~ 143 " 62
3 9 8]
4 %3 3 X2

KIND
kindlab-fly.github.io 5 0 O



Basics — Linear Algebra — Scalar/Vector/Matrix

Matrix Multiplication
3X1+2%X9+4+5X%X8

(1 2 3] 7 20 29]
10 5 1 . 15 22
A=y 3 4] X B_H g] —  C<|43 62
-3—9—38| 61 |

4 x 3 3X2
3X24+3XxXx94+7x%Xx8
1 2 3] 1 \'20 29]
A= 2 3 7 B ¢ C =362
-S—9—38. 61 89

4 % 3 3X2

KIND

kindlab-fly.github.io



Basics — Linear Algebra — Scalar/Vector/Matrix

[float]], B: [float]]) — [ [float]]:
():

numpy np

A = np.array([
[l r ]l
[4, 5, 6]

1, dtype=float)
m, n = len(A), len(A[2])

n2, p = len(B), len(B[@]) B = np.array([
n=n2, [! ]I
[9, 10],

range(m) ] [11, 12]
dtype=float)

range(p)] _
range(m) :
j range(p):
k range(n):
C[i1[j] += A[i]l[k] * BIk][j]

A@B
np.matmul(A, B)
np.dot(A, B)

KIND
kindlab-fly.github.io 5 2 O
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Basics — Physical Meaning of Matrix Multiplication in ML

House 1
Size — 1000 sqft

2 bed, 2 bath
Location: 3

HOUSE PRICE PREDICTION
House 2 USING MACHINE LEARNING TECHNIQUES

Size — 2000 sqft
3 bed, 2 bath
Location: 2

House 3
Size — 1500 sqft
2 bed, 3 bath
Location: 4

KIND
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Basics — Physical Meaning of Matrix Multiplication in ML

Contribution Coefficient 0.002, 1,0.5, 1.2

House 1
Size — 1000 sqft 1000%0.002 + 2*1 + 2*0.5 + 3*1.2
2 bed, 2 bath =8.6
Location: 3
House 2
Size — 2000 sqft 2000%0.002 +3*1 +2*%0.5+2*%1.2
3 bed, 2 bath =10.4
Location: 2
House 3
Size — 1500 sqft 1500%0.002 + 2%1 + 3*0.5 + 4%1.2
2 bed, 3 bath —
11.3
Location: 4

KIND

kindlab-fly.github.io



Basics — Physical Meaning of Matrix Multiplication in ML %

Contribution Coefficient 0.002, 1,0.5, 1.2

House 1
Size — 1000 sqft i ]
2 bed, 2 bath e 2k 15k
Location: 3 X = 2 3 2
2 2 3
3 2 4
House 2 ) )
Size — 2000 sqft 0.002
3 bed, 2 bath A=| 1
Location: 2 0.5
| 1.2 |
House 3
Size — 1500 sqft
2 bed, 3 bath Y = ATX
Location: 4

KIND
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Basics — Linear Algebra

1 Basics
(AB)"! = B 'A! (1)
(ABC..)"! = ..C'B'A-! (2)
(AT)"! = (A™HT (3)
(A+B)f = AT+B' (4)
(AB)T = BTAT (5)
(ABC..)" = ..CTBTAT (6)
(AH)-1 = (A-1HYH (7)
f_ﬁn-‘-B}” - ﬁn”+B” {3}
(AB)Y = BHAY (9)
[ABC}H - ...C”B”A” “{H
The Matrix Cookbook
Matrix Codebook [ http://matrixcookbook.com ]

Kaare Brandt Petersen
Michael Syskind Pedersen

https:// www.math.uwaterloo.ca/~hwolk owi/matrixcookbook.pdf

VERSION: NOVEMBER 15, 2012

KIND
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https://www.math.uwaterloo.ca/~hwolkowi/matrixcookbook.pdf
https://www.math.uwaterloo.ca/~hwolkowi/matrixcookbook.pdf
https://www.math.uwaterloo.ca/~hwolkowi/matrixcookbook.pdf
https://www.math.uwaterloo.ca/~hwolkowi/matrixcookbook.pdf
https://www.math.uwaterloo.ca/~hwolkowi/matrixcookbook.pdf
https://www.math.uwaterloo.ca/~hwolkowi/matrixcookbook.pdf

Basics — Linear Algebra - Distance

UNIVERSITY ST

EASTISTHAVE

KIND O
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Basics — Linear Algebra - Distance

UNIVERSITY ST

EASTISTHAVE

2 2 _0-5
D(a,b) = l(ax - bx) + (ay - by) ] D(a,b) = Iax — bxl + |Cly — byl

KIND
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Basics — Linear Algebra - Distance

* Jlu—v|?
« Function from a vector space to a single positive real value: f:R% —» R
* Distance between u and v

1
Jlu —v||P = (Z?=1|lli — Vilp)p

* Examples:
(1) Manhattan distance (L{): |Jlu — v||* = (Z?zl lu; — vil)
1

UNIVERSITY ST

(2) Euclidean distance (L,): ||v]|? = (Z?:ﬂ“i — Vi|2)E

KIND
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Basics

* Linear Algebra

e (Calculus

* Statistics/Probability
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Basics — Derivative and Gradient

dy_

v 2 Scalar Input vs Scalar Output
X

y = 2x,

How much change does the single unit change of x would cause on y?

)

y.backward()

primt{"x =", x.item())
print("y =", y.item())
print{"dy/dx =", x.grad.item())

0.0s

&.
X

y/d .

KIND
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Basics — Derivative and Gradient

dy dy 121 . _[-
y = 2x1 + 3x5, a—xl = 2,a—x2 =3 d = [3] X = [le Scalaislnput

y=a'x Viy = a Vector Output

How much change does the single unit change of x would cause on y?

y vs x1 (slice of the plane)

12.5
10.0
Plane: y = 2*x1 + 3*x2 25
o
¥ 5.0
7
o254 . . r
o x = torch.tensor([1.5, -8.5], requires_grad= )
= 00
251 y =2 % x[8] + 3 % x[1]
501 y.backward()
-7 T T T T T
-4 -2 0 2 4 int("x1 =", x[@].item(), "x2 =",
x1 (with x2 fixed at 1.0} it '
y vs x2 (slice of the plane) aabizl] : .
", x.grad[@].item())
10 4 r
", x.grad[{i.item())
5
5
5
E s
i
-
-10 1 ayfaxl
ay/foxd
-15
201

-4 -2 [ 2 4
x2 (with x1 fixed at -2.0)

KIND
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Basics — Derivative and Gradient

ox,  ox, a=[5 3] x=[)

oy _ 5 9%,

Vi1 = 2x1 + 3%,

v _, o

= 4x; + 5x,, = 4,
Y2 X1 X2 x; 9x,

y =a'x

x: tensor of shape (2,) —= [x1, x2]

returns: tensor of shape (2,) — [y1, y2

yl = 2 % x[8] + 3 % x[1]
y2 = 4 x x[8] + 5 % x[1]
return torch.stack([yl, y2])

x = torch.tensor([1.8, 2.8], reguires_grad=

ad.functional. jacobian(f, x

print("Jacobian dy/dx:")
print{J1)}

< 0.0s

Jacobian dy/dx:
tenser([[2., 3.1,
[4., 5.11)

KIND

kindlab-fly.github.io

=3

oy Vector Input
E \E
Vector Output

How much change does the single unit
change of x would cause on y?



Basics — Example

import

inflation tren

texts = ml_abstracts + non_ml_abstracts
labels = [1] * leni(ml_abstracts) + [B8] * len(non_ml_abstracts)

KIND
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Basics — Example

vectorizer = CountVectorizer{stop_words='english', binary=
# = vectorizer.fit_transform(texts)

feature_names = vectorizer.get_feature_names_out()
print(f"Number of keyword features: {len(feature_names)}")
print("Sample keywords:", feature_names[:18])

(1381 -~ 0.0s

Number of keyword features: &1
Sample keywords: ['algorithm' ‘'algorithmic' 'algorithms' ‘'analysis' ‘analyze' ‘analy
'applies' 'approach' 'assumptions' ‘'based']

B~
import torch
import toerch.nn as nn

num_features = X¥.shape[1]
num_classes = len(set(labels))

model = nn.Linear({num_features, num_classes)
print(model)

[122] < 0.0s

Linear({in_features=61, out features=2, bias=True)

KIND
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Basics — Example

from- tc
import-tor

{.toarray(), dtyp orch.float32)
ch.tensor(labels, dtype=t long)

unique_labels = torch.unique(y_tensor)

train_indices = []

test_indices = []

for 1bl in unique_labels:
lbl_indices = (y_tensor == 1bl).nonzero(as_tuple=
train_indices.extend(1bl_indices[:5].tolist())
test_indices.extend(1bl_indices[5:].tolist(})

¥X_train, X_test = X_tensor[train_indices], X_tensor[test_indices]
y_train, y_test = y_tensor[train_indices], y_tensor[test_indices]

optimizer optim.SGD{model.parameters(), 1r=08.81)
criterion = nn.C ()

epochs = 12@

for epoch in-range(epochs):
model.train{)
optimizer.zero_grad(}
outputs = model(X_train)
loss = criterion{outputs, y_train)
loss.backward()
optimizer.step()

KIND

kindlab-fly.github.io

model.eval()
with torch.no_grad(}:
logits = model(X_test)
predictions = torch.argmax(logits, dim=1)
accuracy = {predictions == y_test}.float().mean().item()
print(f"Test accuracy: {accuracy i

0.0s

Test accuracy: 0.80




Basics — Example

0.5

Class 1 (ML) Keyword Weights

Class 0 (Non-ML) Keyword Weights

0.3 A

0.2 1

0.1 1

Weight

0.0 A

—0.1 1

0.4 4 —

learning
theory
predict
mode
data

learning
theory
predict
mode
data

KIND

100

200 300
Epoch

400

500

100

200 300
Epoch

400

500
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Basics

* Linear Algebra

e (Calculus

* Statistics/Probability
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Basics — Statistics/Probability

* Probability — from model to data

\ A fair coin What is the probability of

1;‘% . P(Head) =0.5 observing 7 heads in 10 tosses?

* Statistics — from data to model (machine learning as well)

Data: 10 tosses — 7 heads

Question: Is the coin fair? What is p?

KIND
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Basics — Probability

* Sample Space: The set of all possible outcomes

* Event: A subset of the sample space

* Probability: under certain situation, how much likelihood of event

Space {1, 2, 3, 4, 5, 6}

“‘Rolling an even number” = {2, 4, 6}

kindlab-fly.github.io



Basics — Probability

Event Details Formula {from English to mathematical operations)

& Probability of &, P{A) P(A) is at or between zero and one: 0 = P[A) =1

notA, A® | A%isthe complementof A | Probability of not A = P(A®) = 1 - PA)

A and B are indepandant
avanls

P(A and B) = P(A)*P(E)

A and B are depandant

S P{A and B) = F(A)"P(B | A) = P(B)"P{A | B) as 2 furms httpS//WWWﬂ asa .gOV/Wp‘
content/uploads/2023/11/210624-
probability-formulas.pdf

Aand B

A and B are mulually
axclusive svants

P(A and B) =0

A and B are independent | PV OF B) = P(A) + P(B) - P(A)*P(B) conveniantyy expands to

sty =1.[1 - P{A)]"1 - P(B)] or is oblained from De Morgan's Rule

AcrB A and B are depandeant

avents P({A or B) = P(A) + P(BE) - P{A)*P(E | A) as 1 of 2 forms

A and B ara mulually
axclusive avants

P{A or B) = P(A) + P(E)

A givan B, Condilional: outcoma of & F(A given B) = P(A| B) = P(A)"P(B | A)/ P(B) [Bayes’ Thm]

AlB Ve I has acOuTed To make this formula, solve the 2 forms in “A and B for P(A | B)

KIND

kindlab-fly.github.io
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https://www.nasa.gov/wp-content/uploads/2023/11/210624-probability-formulas.pdf
https://www.nasa.gov/wp-content/uploads/2023/11/210624-probability-formulas.pdf
https://www.nasa.gov/wp-content/uploads/2023/11/210624-probability-formulas.pdf
https://www.nasa.gov/wp-content/uploads/2023/11/210624-probability-formulas.pdf
https://www.nasa.gov/wp-content/uploads/2023/11/210624-probability-formulas.pdf
https://www.nasa.gov/wp-content/uploads/2023/11/210624-probability-formulas.pdf
https://www.nasa.gov/wp-content/uploads/2023/11/210624-probability-formulas.pdf
https://www.nasa.gov/wp-content/uploads/2023/11/210624-probability-formulas.pdf

Basics — Probability

P(B=W) = 0.3 P(ND|W) = 0.6

§nun P(B=G) = 0.5 » @ : P(ND|G) = 0.2
A (&)

P(B=S) = 0.2 P(ND|S) = 0.05
— N\

KIND
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Basics — Probability

P(B=W) = 0.3 P(ND|W) = 0.4
P(B=G) = 0.5 P(ND|G) = 0.8 7
P(B=S) = 0.2 P(ND|S) = 0.95 ®

| (;L)Q) | After one earthquake, the building is not collapsed
0.8 % 0.5 0.95 x 0.2

P(G|ND) = 0.71 =0.56 P(S|IND) = 0.71 = 0.27
P(ND|T)P(T) P(ND|W)P(W) 0.4 %0.3
P(T|ND) = P(ND) PWIND) = ——ams—= =477 = 017

P(ND) = P(ND|T)P(T)
2

=03%04+05%08+0.2%0.95=0.71

P(ND) = » P(ND|T)P(T)
2.

KIND
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Basics — Probability

P(B=W) = 0.17 P(ND|W) = 0.4
P(B=G) = 0.56 P(ND|G) = 0.8 7
P(B=S) = 0.27 P(ND|S) = 0.95 ®

| (;L)Q) | After two earthquake, the building is not collapsed
0.8 % 0.17 0.95%0.27

P(G|ND) = 0.77 = 0.177 P(S|ND) = 0.77 = 0.33
P(ND|T)P(T) P(ND|W)P(W) 0.4 %0.17
P(T|ND) = POND) P(W|ND) = POND) - 07 0.09

P(ND) = P(ND|T)P(T)
2

=0.17%x04 + 0.56 x 0.8 + 0.27 * 0.95 = 0.77

P(ND) = » P(ND|T)P(T)
2.

KIND
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Basics — Probability %

Posterior trajectories across sequential Bayesian updates
(]
Type
—w
G

P(B=W)=0.3

e
-]
L

=
S
f

Posterior Probability

0.0

0.0 25 5.0 15 10.0 125 15.0 175 200

Number of updates k (survived k earthquakes)
oo P(B=G) =0.5

@ ) Lo Posterior after k = 0 updates (survived 0 earthquakes)

D 0000

o
o

0.6 1

0.4 1

Posterior Probability P(T | ND™k)

o
[N}

P(B=S) = 0.2

\
J

0.0 -
w G L
Building Type T

KIND
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Basics — Probability

Probability of the random variable X taking the value x Py (X = x)

x: Type of Ball

— T

x;: Football x,: Vollyball x5 Basketball
5 10 5
Py(X = x4) Px(X = x3) Px(X = x3)
P A
Py
P(X)
Probability
. Distribution
X1 X2 X3

KIND
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Basics — Probability Density Function — Distribution

- H=0, 072=0.2, m—
[=0, 0?=1.0, ==

08 =0, 0?=50, —— |

B H=-2, 0?=0.5, ==
— 0.6

N ]

b—\

S04

0.2

0.0

1-D Probability Density
Function

2-D Probability Density
Function

3-D Probability Density
Function

N-D Probability Density
Function

kindlab-fly.github.io



Basics — High Dimensional Random Variable
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Basics — High Dimensional Random Variable

Cat — P(Cat)

1. There is no concrete image/shape of the dog, everyone can come up with one of your own choice

2. But somehow dog and cat image distributions are different

When you draw an image, you are actually
sampling from a probability distribution!

KIND
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Basics — Data Distribution %

1D Gaussian Distribution

2D Gaussian Distribution

10 T T T T T T T T | T [ T

- U=0, 02=0.2, =—
08 H=0, 0%=10, == 1]
: H=0, 0?=50, ——

- U=-2, 02=0.5, == -

(x)d

Prohama.com Prohama.com

R256X256 R256><256
KIND
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Basics — High Dimensional Random Variable

Probability of the random variable X taking the value x  Px(X = X)

X € R?56%256 : [mage

%\

x;: Imagel x,: Image?2 x5: Image3
5 10 5
Px(X = xl) Px(X - xz) Px(X == x3)
. "5
£ 9
Py
P(X)
Probability
Density
Distribution

KIND 83
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Basics — High Dimensional Random Variable

Probability of the random variable X, Y taking the value x,y  Pxy(X = x,¥V =)

Sampling something about Sampling something about
At dpg

Pimage,category (Image = Image, Category = Category)

KIND
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Basics — High Dimensional Random Variable

Probability of the random variable X = x givenY =y Pyiy(X =x|Y =y)

Sampling something about Sampling something about

Google  topimege

e f- W 8 G- € - W h- 8- = B8 = il = - -

& - 8
N = Q =

| 5, ("
: »t»

S N "ﬁ E
H'&
ﬂ.., .l

P(X|Y=Cat) P(X|Y=Dog)

KIND O
kindlab-fly.github.io 8 5
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