Data Mining

Course Overview and Logistics

https://data-mining.github.io/winter-2026/

CS 453/553 — Winter 2026
Yu Wang, Ph.D.
Assistant Professor
Computer Science
University of Oregon

Knowledge Intelligence for Discovery and Decision-making (KIND) Lab


https://data-mining.github.io/winter-2026/
https://data-mining.github.io/winter-2026/
https://data-mining.github.io/winter-2026/
https://data-mining.github.io/winter-2026/
https://data-mining.github.io/winter-2026/
https://data-mining.github.io/winter-2026/
https://data-mining.github.io/winter-2026/
https://data-mining.github.io/winter-2026/
https://data-mining.github.io/winter-2026/
https://data-mining.github.io/winter-2026/

Self-Introduction

https://yuwang0103.github.io/

Research Interests:

Data Mining and Machine Learning
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¥+ 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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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

KIND
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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
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