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Machine Learning vs Machine Reasoning

e Machine Learning focuses on mining the hidden patterns from data to tackle a

Dre-C

 Machine Reasoning i
manipulating acquired

supervised learning
(e.g. classification, regression)

(X, yi)} — fo

etermined problem

plements thinking process as a computational system by
<nowledge and data to answer a new question

learned models

(Ds, f1)} — Fo

reasoning w/ knowledge
(e.g. meta learning)

unsupervised learning { ; } —> reasoning w/o knowledge { N } 3
(e.g. density estimation) xl\ g¢ (eg. scientiﬁcgdiscovery) - .@7&, R G@

index of data samples

index of tasks ~ acquired knowledge

L. Bottou, From Machine Learning to Machine Reasoning, Machine Learning (2014)
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When creative machines overtake man

“l expect huge RNINs on dedicated hardware to
simultaneously perceive and analyze an immense
number of multimodal data streams (speech, texts,
video, many other modalities) from many sources,
learning to correlate all those inputs and use the
extracted information to achieve a myriad of
commercial and non-commercial goals. Those RNNs
will continually and quickly learn new skills on top of
those they already know. This should have
innumerable applications, although | am not even sure
whether the word application still makes sense here.”

Dr. Jtirgen Schmidhuber

Source:TEDx Talks (2012)
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.
‘.. processiNg svstems 2024

LSTM: SEQUENCE TO
SEQUENCE LEARNING WITH
NEURAL NETWORKS

(Don’t watch if you're Neural Scientist)

g | um The core idea

‘ "ya SUtSkever | o |f: Bio neuron ~= artificial neuron
OpenAI Cofounder ; e Then: Human Brain ~= Very large artificial neural network

Source: NeurlPS 2024 Test-time Talk
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https://www.youtube.com/watch?v=1yvBqasHLZs

Learning Principle of Future!

What we got right: Deep Learning / Autoregressive Models (Transformer) / Scaling Hypothesis

L
What we got wrong: the LSTM

The heart of the LSTM

e The integrator

“The Deep Learning Hypothesis”

e Human perception is fast
o Neurons fire at most 100 times a second
o Humans solve perception in 0.1 seconds

Pre-training as we know it will end

Compute is growing:

- Better hardware
- Better algorithms
- Larger clusters

Data is not growing:

-  We have but one internet (’: :

\‘—\

- The fossil fuel of Al

Our main idea

Target sequence

Conclusions

X Y z Q e |If you have a large big dataset
1 1 1 1 e And you train a very big neural network
e Then success is guaranteed!
f } } } } } What comes next? Example from nature
C D . X Y z
10,000 ° — .
juence ﬁ o' :r Crua e
: ) 1,000 m }bi : s
What comes next? The long term
- M, = 0.10 x M, 075 I
. : @ N
Superintelligence
e Agentic R - -yl
@ Reaso n S 1 10 100 é(();)((;y massw(go)o 100,000 1,000,000 10,000,000
e Understands § _#x m———— —e——
o Isselfaware JaA ¥ ™ Manger et al,, 2013

lya Sutskever, SeqZ2seq Learning with Neural Networks: what a decade, NeurlPS 2024 Test-time Talk
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What is Agentic Al?

o Autonomously determines what actions to take, plans multi-step workflows,
and adapts based on real-time data.

e autonomy — abllity to make decisions, execute tasks, and refine strategies.
e adaptability — learning from feedback, market fluctuations, and new data.
» coordination — Interacting with other Al agents and databases.

In LLM Out
Query/ Call/ Read/
Results Response Write
Retrieval Memory
Tools
KORE A Copyright © 2026 : L
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JUNE 8,2024 | 12 MIN READ RESEARCH

Al Will Become Mathematicians’ ‘Co-Pilot’ Advanced version of Gemini with Deep

Fields Medalist Terence Tao explains how proof checkers and Al programs are

dramatically changing mathematics Think officially achieves gold-medal
standard at the International

Mathematical Olympiad

21 JULY 2025

Thang Luong and Edward Lockhart

ogle DeepMind

Towards Robust

Mathematical Reasoning

Source: Christoph Drosser & Google DeepMind
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?’"F Sebastien Bubeck &

'3¥ @SebastienBubeck
@ Ernest Ryu @

<> Thereare3 proofs in dlscussmn
vi. (n =1/L, discovered by human)
v2.(n =1.75/L, discovered by human )
Proof: | took a convex optimization paper with a clean open problem in it V.GTP5 (1 = 1.5/L, discovered by Al )

and asked gpt-5-pro to work on it. It proved a better bound than what is . . , »
g s Sebastien argues that the v.GPT5 proof is impressive, even though it is
in the paper, and | checked the proof it's correct. weaker than the v2 proof. (2/9)

Claim: gpt-5-pro can prove new interesting mathematics.

Details below.
ANl 5t

r—’L—l

Ernest Ryu @]
ChatGPT 5 Pro v The proof itself is arguably not very difficult for an expert in convex

optimization, if the problem is given.

I 2503.10138v1.pdf
= poF

Knowing that the key inequality to use is [Nesterov Theorem 2.1.5], | could
Can you improve the condition on the step-size in Theorem 1? | don't prove v2in a feW hou rs by Searching th rough the set Of re|evant

want to add any more hypothesis, | just want you to work to improve . .
the step-size condition under the same assumptions as Theorem 1. com b ' nat' ons. (3/ 9)

& Ernest Ryu @ oo 21;
Request for GPT-5 Pro |
SRR ER <> The proofis something an experlenced PhD student could work out in a few

hours. That GPT-5 can do it with just ~30 sec of human input is impressive
Yes. Under the same assumptions as Theorem 1 (convex L-smooth f and fixed step size for gradient and potentially very u seful to the ri ght user.

descent), you can enlarge the guaranteed-convexity window fromn < 1 / Lto

However, GPT5 is by no means exceeding the capabilities of human
experts. (9/9)

i.e., the optimization curve n > f(z,) is convex for any step size § € (0,3/(2L)]. This strictly improves
Theorem 1's bound and still lies below the non-convexity regime exhibited in Theorem 2. See Theorem 1

and Theorem 2 in §3 (pp. 4-6) for the problem setup and statements referenced below. O

Source: S. Bubeck & E. Ryu (2025)
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* Analysis

— Autocorrelation inequalities. AlphaEvolve was able to improve the best known
bounds on several autocorrelation inequalities.
— Uncertainty principles. AlphaEvolve was able to produce a refined configuration
for a problem arising in Fourier analysis, by polishing an uncertainty principle
Human defines “what?”’ construction [33] leading to a slightly better upper bound.

e Combinatorics and number theory

(?} Scientist / Engineer

— Erdés’s minimum overlap problem. AlphaEvolve established a new upper bound

. _ Initial program ini ' ' i i
Prompt template  Choice of existing ¢ . S cogwpgnents for t}f minimum overlap problem [25], slightly improving upon the previous
and configuration or custom LLMs i record [40].
* Geometry and packing
______ L - _l - l - _L - — Kissing number problem. In 11 dimensions, AlphaEvolve improved the lower
r : r él( ! r PN | -‘- bognd on the kissing pumber, finding a configuration .of 593 non-overl.apping
| b | | — . . — unit spheres that can simultaneously touch a central unit sphere, surpassing the
' Prompt sampler || LLMs ensemble | 'Program database, Best program previous record of 592 [31].
e e e e e ' b Vi — Packing problems. AlphaEvolve achieved several new results in packing problems,
I I I such as packing N points in a shape to minimize the ratio of the maximum
s e o e e e S e e e e o i it i ey and minimum distance, packing various polygons in other polygons in the most

efficient way, and variants of the Heilbronn problem concerning point sets avoiding
small-area triangles [29].

Distributed Controller Loop

I
|
|
parent _program, inspirations = dataobase.sample() |
prompt = prompt_sampler.build(parent_program, inspirations) |
diff = 1llm.generate(prompt) :
child program = apply diff(parent program, diff) |
results = .execute(child program) |
database.add(child program, results) |

& AlphaEvolve

v
. S ¢ \
o - 3 |
- s - q -
b :; - . : '; -
. : -

Data Center Optimization Hardware Optimization Software Optimization
Borg Scheduling TPU Circuit Design Gemini Training

AlphaEvolve figures out “how?”

Source: Google DeepMind (2025)
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Al for Service Industries

Data Sources

Sources
/ - -
8 IEm J .
] ] b
1]
Care Providers Institutions Pharma
- ~
/9
Payers Wearable Publications
(Insurance) Sensors Medical Forums
Modalities
= ’
»
L e
M o O
— J v
- - ,
Image Video Graphs
X-Ray Ultrasound Chemical Compounds
". -
—
Tables & Text Time Series Sequences
EHR, Clinical Records ECG Genomics

Training

Foundation
Model

Adaptation

Healthcare

Source: Stanford & OpenAl
@f& KO RE A Copyright © 2026
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Downstream Tasks

Y
Healthcare &J
Interface for Care Providers
* Diagnosis

* Treatment
o W .. | * Summarization of Patient Records

Interface for Patients

* Question Answering

* Assistive Care

* Community Health & Prevention

Biomedicine éii‘.
- T
= . YN =
Ly 3 g
Q
Personalized Drug Clinical
Medicine Discovery Trials

Risk & Opportunity in Al4Insurance

Multimodal Data Sources

Pedagogy (Structure)

Teaching Materials

= a U

Pre-Recorded Lesson Plans Exams &
Textbooks Lectures & Curricula Assignments
Interaction

- — Vs
=] | Y

l_J R, == % 4

Discussion Online Live Classroom Feedback

Forums Courses Sessions & Grading

Subject Matter (Content)

g ! 1] :‘0‘
| e | J

Math Physics Chemistry Earth Science
3 © o ‘s
- ‘o0 /
L [ ]
e — — J
History Art Languages Drawing

Foundation
Model

Education

Tasks & Goals

Assist Students

* Identity * Inclinations
* State » Skills
* Motivation * Preferences

Assist Educators

Including both teachers and
education tools & materials

Facilitate Learning

Tracking and Analyzing
Progression & Performance

Facilitate Teaching

Modeling Cognition & enabling
interaction adaptive teaching

Understand Subject Matter

In a diverse range of
sciences & humanities



Al for Law & Medical Services

Progression of GPT Models on the MBE

Med-PalLM 2
(14.7 B?)

80%
100
70% -
Average MBE
Passing Range GPT-4
60% - % (177)
Q1 2019 Q4 2022 Q1 2023 -
wl
50% = 80
2]
2 =
& < Med-PaLM
g 40% B (540 B)
= =
™ c GPT-3.5
o
30% - (1?§ B)
8 w0 AR,
Random Guessing| . k3 L BN g - O
S BioMedLM
20% - v (2.7 B)
s — BLOLINKBERT lactica
40
00/0 T r A .
GPT-2 ada babbage curie davinci GPT-3.5 ChatGPT GPT-4 Student Avg. March 2022 July 2022 Nov 2022 Dec 2022 Jan 2023 March 2023

001 001 001 001 (NCBE BarNow)

B GPT<=3.5 N GPT-4 HEE NCBE

Source: Katz et al. & Yennie Jun
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Al for Natural Science

@ Google DeepMind

Soes

s o8 0%
a egge ° ° Q Y SO AY
Mill m N
‘ HIoNS OT new MmaterialS discovere =
< ¢ . LiMgGeS,
Yol
7 o with deep learning
?
£
3 5 o- ®
(;:) 29 NOVEMBER 2023 ?
o
B Amil Merchant and Ekin Dogus Cubuk o —0
=
’ KV,SE, Rb,HfSi 0,
0= NS ZP2QNOIVRIT VR AlphaFold Experiment AlphaFold Experiment AlphaFold  Experiment Structural pipeline
?D% SEnassIsaRaRyy r.m.s.d.q; = 0.8 A; TM-score = 0.93 r.m.s.d. = 0.59 A within 8 A of Zn r.m.s.d.gs = 2.2 A; TM-score = 0.96
=
< GNN
e 3 > . TeT44 e >\ . 197404 ————————— H.igh )
- o [Single ) — confidence e — — Stability 5
Genetic | —p representation| —»- Y |
1 database (s.rie) % confidence §
search I Candidates Graph / : 5
Y\ . : L Energy models J
a Structure “’ = -
PrPT4T4 / Evoformer s ; = -
b (48 blocks) modie DFT 2.2 Million stable
Input sequence (8 blocks) m i3 GNoME .
TTT : e Compositional pipeline ; ’
e 108 00 o o s 1fi o P PP Database
Rt u, e o 3 { Interatomic potentials ]
4 alr alr )
"|| representation representation | ——p 3D structure 3
(r,r,c) (r.r.c)

\—p| Structure | _—p : > s i
database b . '3 = 28 207 —— ‘ Stability —— 3
search : e
Templates i

\ 3

: Candidates Graph Random Structure Search

< Recycling (three times)

AlphaFold GNoME

Jumper et al,, Highly accurate protein structure prediction with Alphatrold, Nature, (2021)
Merchant et al, Scaling deep learning for materials discovery, Nature, (2023)
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Millions of new materials discovered
with deep learning

29 NOVEMBER 2023

Amil Merchant and Ekin Dogus Cubuk

< Share

Al GNoME 421K

Computational methods 48K

L Human experimentation 20K
Source: Google DeepMind & Berkeley Lab (2023)
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Al-augmented Autonomous Lab Operation

Computations Text mining Robotic synthesis
4 4 X PP,
Materials Project Deelend 2
. \ Heating
a -
Air-stable \ i B
oono 7 b
Novel : 3 ‘ \ ‘:
_ 0 J L Y . -
| N // lll
Targets DDDDDDDDDDDR /‘( 7
Precursors + temperature Wl W Powder dosing Characterization
— HHH N\
a Raw diffraction pattern
] Predict reaction path Suggest
Qél recipes 4
= l Structure
Precursors Hatdbases § Target
600 °C .. ;fﬁ arge
Intermediates Probability (%) =
700 °C Predict phases
Products O /
AAAA ‘.‘ A A ‘.‘ Confirm by
Update | | | | L ' ; refinement
L OO XXOX OXX @« ~roerilantions
Recipe optimization Phase identification

Szymanski et al., An autonomous laboratory for the accelerated synthesis of novel materials, Nature, (2023)
Bolko et al., Autonomous chemical research with large language models, Nature, (2022)
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Communication

Finance IT Service
C—
i/}

Mo ‘ , —=
o V ‘Mz#d:wwce
S

Education service

Manufacturing

Autonomous Lab
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Is Al Treat? or Threat!

e McKinsey & Company estimates Al could unlock $50 billion to $70 billion of
nsurance industry revenue, with the nighest impact on marketing and sales,
customer operations, and software engineering dimensions.

e Data security landscape Is shifting as Al and cloud transformation accelerate.
6 1% of organizations say their Al applications are already being targeted by
attackers, while 48% report reputational damage caused by Al-generatec
misinformation of deepfakes.

McKinsey & Company, Al in Insurance: Understanding the Implications for Investors, (2026)
Thales, Top Cybersecurity Risks Facing Insures in the Age of Al and Cloud Transformation, (2026)
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Project
Glasswing

Securing critical software
for the Al era

Source:Anthropic & 27 |HEE
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Agentic Al & CyberSecurity

S VA G0 AR T o
| Ve .‘”\'“)l" u.'/” _\’s
- @ --- ---@---- e IS
' Models L Memory ' '
" LLM & Proprietary ! | Global & Org-specific |
l.____‘____.l O’ i’ smmm  mm ome e it D
|
Decision,
Context
Agent Crew ;
Alert BeneS Next Steps
| Evidence Analysis  Correlation and Response Remediation |
Collection Agent Agent Triage Agent Planner Agent Agent
1 = .
| N | : |
, Collection Tools - Analysis Tools Lo Response Tools ,
File collection, memdump, Genetic analysis, sandbox, IOC block, credential reset,
' c¢md-line extract, log 1 VirusTotal, recursive URLscan, | | isolate machine, etc. '
l collection, SIEM query, | | reputation checker, IP analysis, | | I
i end-user feedback, etc. |1 script/macro analyzer, etc. Ll ) [

Source: N-iX
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Agentic Al & Moral Hazard
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Demystifying Actuarial Skills with Agentic Al

e Processing claim recorc
updating morta
control are heavy burden to ac

o Al agents are enhanced wit

TO Use S

heclalizec

over tin

e Use cases of Al in actuarial analysis
e | dentify sudden changes in claim patterns
e simulate risk scenarios and report

Al In Actuarial Analysis:
Agentic Al:Your new ac

tools, mal
e, and make autonomous decisions.

s f& KO RE A Copyright © 2026
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s, regulatory shifts,
ity tables or loss, version

Nta

‘uarial teames.

N the ability

N context

How Al Agents are transforming insurance risk modeling, ampcome, (2025)
uarial coworker, Casualty Actuarial Society, (2025)

Risk & Opportunity in Al4lnsurance
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Single LLM vs Orchestrating Al Agents

LM l Black Box
?

Hallucination

Check
Financial S
Conditions
@ Deterministic

Falck et al,, Is In-Context Learning in Large Language Models Bayesian! A Martingale Perspective, ICML (2024)
o KOREA Coprright © 2026 Risk & Opportunity in Al4Insurance 37
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- Survival bias
- Fault references

@ - Predictive Bias

Orchestration

Trace
Regulatory
Issues

Validate Data
Processing
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Multi-Agent based Code Migration

“ Translator & oo
/ Agentic
Loop
Legacy actuarial code Verifier V
(R, SAS, ...) New code

(python, Rust, ...)

<, KOREA Coprright ©202¢ Risk & Opportunity in Al4lnsurance 38
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Orchestrating Agents for Causal Data Analysis

ORCA: ORchestrating Causal Agent

Joanie Hayoun Chung Sumin Lee Sungbin Lim
Department of Statistics, Department of Statistics, Department of Statistics
Korea University Korea University Korea University
Seoul, South Korea Seoul, South Korea LG Al Research
jchung02@korea.ac.kr leesumin0924@korea.ac.kr Seoul, South Korea
sungbin@korea.ac.kr

= KOREA

l l UNIVERSITY
Chung, Hayoun Lee, Sumin LIM(t)

oot ot K, @ LG Al Research

Chung et al., ORCA: ORchestrating Causal Agent, CHI poster (2025)
o KOREA Coprright © 2026 Risk & Opportunity in Al4Insurance 39

i UNIVERSITY by Korea University

oe
KOREA UNIVERSITY




Orchestrating Agents for Causal Data Analysis

Causal Analysis (a) Data Exploration Causal Discovery | Causal Inference
Procedure [EDA] [Configure Modeling] [Implementation] [Interpretation]
Data Exploration & Understanding Causal Specification Effect Estimation Interpret Outcome
* Which tables actually matter? « Which variables are confounders? | e« Isthe model identifiable? « What does the result mean?
» What relationships am | missing? » Can | trust this causal direction? * |Isthe estimator valid for my data? « How confident should | be?
o
User
Database .
User query/ Intermediate
Feedback T artifacts
Causal Agent ()
Retrieve Orchestrator
Data 4 4
/’ v p ) an v SW 2 ( T = 2
) 2 ¥ e )/ ~ Voo = 1) = ~ R ~N / R s =4l
g/ g g/ £ £ g
g g 2 3 2 2
Module § Module § Module l Module § Module § Module I Module -é Module -é Module
S G State ) G State S o
\ 4 S L o J\ J . 1\ I\ s W LS — \ Al \ JL_J\
Data Exploration Agent Causal Discovery Agen Causal Inference Agent

Chung et al., ORCA: ORchestrating Causal Agent, CHI poster (2025)

o,
Q:J;(
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Orchestrating Agents for Causal Data Analysis

Causal #--"-*-
Proc r N 7 N R
Table Explorer Table Recommender Text2SQL Generator
Provide structural summary » Recommend tables and columns |[®| Create and execute SQL queries
and interpretation related to analysis intention to retrieve data
\_ | | o _/
State ‘
‘ﬁ;éble name : i “Iv“\ (o4 - . ) f e ] ‘
. | iOb]ect;ngsummary. e user_id| spend | coupon_use
 Column Description: 'Recommended Tables: .. A12 120 yes |
O n o * I . N
\" ) iERD: .‘ B91 45 Nan
Caus: Table structure & B —_— , ,
Column-level diagnostics Relevant tables and join relations SQL queries and retrieved dataset
Checkpoints 1 l l
Review data quality and Confirm /include / exclude | : :
relevance tables Inspect aggregation & units =

Chung et al., ORCA: ORchestrating Causal Agent, CHI poster (2025)

&, KO RE A Copyright © 2026
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Data Preprocessor

Perform data preprocessing
required for analysis

| =

{ "data_type": ,
"missing_ratio"”: ..

Analysis-ready dataset
with variable metadata

1

Approve dataset for analysis

e — e

Risk & Opportunity in Al4Insurance
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Orchestrating Agents for Causal Data Analysis

Pro

Caus

@ )
Testing Causal Hypothesis

Diagnose data properties

to validate causal assumptions
- Y,

State

o

Data diagnostics
for causal assumptions

Checkpoints l

‘ Validate causal assumption —

~
Algorithm Configuration

Select compatible discovery

strategies based on diagnostics
\_

N

7,

PC FCI GES

ANM LINGAM  NOTEARS

Cl tests Score Function

Compatible algorithm
configurations

l

| Approve algorithm
configuration

(’

j

Graph Generation and Scoring

Generate and evaluate

candidate causal graphs

Candidate causal graphs with
stability and consistency scores

l

Review candidate graphs }—

~

Ensemble and Synthesis
Aggregate evidence into a unified

causal graph
\_

N

J

0.30 .‘j *« 0.78
’ .
4' ‘V
- )
o- -0 =
0.72 0.68
\‘ ° 'l
e 1065 ,°
082 ~ ¥ ¢« D75
- s,

Consensus causal graph
- Final DAG

l

Approve causal graph for
inference

Chung et al., ORCA: ORchestrating Causal Agent, CHI poster (2025)

%
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Orchestrating Agents for Causal Data Analysis

Caus
Pr ( B N G N 6 )
Variable Selection Configuration Selection Model Implementation Interpretation
Classify causal roles of variables ®  Determine inference strategy ™ Perform effect estimation based |[™ Interpret effect by direction,
based on causal graph and query based on DoWhy configuration on selected strategy and graph magnitude, and uncertainty
| & ) J| . | - J
State
Treatnents . )| [Tk )| TR | [t Frrect e = o2
Outcome : .. - »Identificationmethod o P The analysis indicates ...
‘-.;‘cOnfounderS s [} ) | Estimator :.. model.estimate_effect(...
Cau Identified causal roles of variables '» . , , Ecti q | off Interpretable causal effect
(treatment, outcome, ---) Causal inference configuration stimated causal efrect summary
Checkpoints l l l l
| Assess credibility of

Validate variable definitions — Approve inference strategy — Review estimation outcome :
| causal claim

T —

Chung et al., ORCA: ORchestrating Causal Agent, CHI poster (2025)

)
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Orchestrating Agents for Causal Data Analysis

Seconds Density
3500 1 — 0.028 100 : : -
| E : ORCA
3000 - 0.026 ‘ - i
&k i€ Baseline |
2500 : | Baseline
2000 | Mean:1075(s) Mean : 254 (s) 0.022 31% | Total : 1395 (s)
:| :
1500 | ’ 0.020 | : ORCA 4—'
40 13| : 21%
1000 - 0.018 | Mean:0.026 | Mean:0.018 : | Total : 1107 (s)
| v s 76% - | .
i l . 0.016 X 20 {; |
=4 I — — . 0.014 1 o | Data Exploration Causal Discovery Effect Estimation
N o 00 005 010 015 020 025 0.30
GPT-40-mini ORCA GPT-40-mini ORCA ATE Absolute Error
(Baseline) (Baseline)
(a) Data Exploration Duration (s) (b) Causal Graph Error Comparison (c) Distribution of Absolute Error (d) Total Task Duration and Proportion

User 1nteract10n tlme User interaction turns

Baseline

Baseline ORCA

Data exploration step  439.34 + 373.32 |
Causal discovery step
Causal analysis step

78.49 + 117.51
71.48 + 66.69

———

80.60 +77.71 | 5.72+4.17 1+ 2.96

| 164.02£155.64{ 2+4.14 1.1 + 2.331
155.90 + 202.15 | 1.64+1.8 0.714+1.25
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