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World's Top 10 Hedge Funds
&9 sx|HE £ 28R4t (MY E3) Quant-based o &
1 Citadel 446 AE
2 AQR Capital Management 161 HE
3 D.E. Shaw 155 HE
4 Bridgewater Associates 136 HE & otojEZE
5 Two Sigma Investments 110 HE
6 Renaissance Technologies 92 ZE
7 Elliott Investment Management 76
8 Farallon Capital Management 48
9 Man Group Limited 44
10 Ruffer Investment Company 24

At&: https://www.investopedia.com/articles/personal-finance/011515/worlds-top-10-hedge-fund-firms.asp, 2025/9€ 7|1&
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Python library

statsmodels
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PyPortfolioOpt, skfolio

EX0QI Mean-Variance Optimization 71%
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PyPortfolioOpt, skfolio
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sklearn.ensemble.RandomForest™
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tensorflow, PyTorch
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Markets

AQR Bets on Machine Learning as
Asness Becomes Al Believer

The firm is raising external capital for two machine-learning strategies, and this subset of artificial intelligence now powers about a fifth
of the trading signals in its flagship multi-strategy fund.

That’s quite the turnaround. Asness has built up his $128 billion powerhouse by riding classic rules-based methods for picking
securities like value investing — methods based on economic principles that have been backed by decades of academic research.
Machine-learning techniques, however, are shaking up the conventional quant approach, by uncovering potentially profitable trading
ideas that lack straightforward economic logic.

... According to Kelly’s colleague Tobias Moskowitz, machine-learning methods are helping performance, by making the systematic firm
nimbler and faster at incorporating fresh research. It’s early days yet. But in this year’s tariff-spurred market volatility, something is
working.

... These newer Al-boosted models are particularly good at reacting to various changing data points, such as transaction costs, market
correlations and trading conditions, according to Moskowitz, AQR principal. ...

AF&E: www.bloomberg.com
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Behind Bridgewater’s Surge
A series of management and other changes have driven the hedge fund
giant’s flagship fund to its best year in 15 years.

January 8, 2026

The firm stresses that its systemic expert systems are the
foundations for the next Al step, which it has been working on
since 2012. It notes that all of its strategies are benefiting from
their progress in Al but in different ways. In ATA, humans train
the machine that determines the rules. In the other strategies, Al
techniques allow humans to systematize human intuition more
efficiently.

“Since 2012, Bridgewater has aggressively pursued the vision of
the artificial investor that can do everything a human can, with
computers not just representing the insights but also generating
the insights themselves,” Jensen said.

At www.institutionalinvestor.com

Financial News "25/6/27 ?|At: Point72, DE Shaw,
Millennium 52| | X|THETF Al 3! AR M 27H0]| 7| oA
x| KA RO

Hedge funds offer bumper pay to lure Al talent:
‘Million-dollar packages are not far’

Point72, Balyasny Asset Management, DE Shaw and Millennium are among hedge funds offering

lucrative packages to hire Al engineers

Hedge funds are warming to rapidly evolving artificial intelligence and are ready to award bumper pay
deals to engineering talent with the relevant skillset

Point72, Balyasny Asset Management, DE Shaw and Millennium are among hedge funds offering hundreds
of thousands of dollars to hire top talent with Al and machine learning expertise.

At=: www.fnlondon.com
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Questioning the Answers: LLMs Enter the Boardroom
(Enron Case Study — October 16, 2001 Q3 Earnings Call)

Analyst: How confident can we be that these will be the last write-offs?

Kenneth Lay: If we thought we had any other impaired assets, they would be on th|s Ilst
today. But we do still have at least three areas
company, which you're aware pf Of course, one’s Ci
India, ... And then, of course, finally broadband. ... Questioning the Answers: LLMs Enter the Boardroom

Enron, Q3 2001 Earnings Call, Department of Justice Govemment Exhibits, hitps:/ivwwew justice.gov/archive/enron/exhib)

H1: Firms that remain on-topic when answering questions during earnings call Q&A have
Reactive vs. Proactive Pivoting vs. ( superior stock performance compared to those that pivot to adjacent or unrelated topics.

Analyst questions posed on write-downs: 6 California, India, and broadb:

H2: Firms that proactively address key issues in their prepared remarks, before analysts ask

Mentions of ‘write-downs’ in prepared: 0
HER about them in earnings call Q&A, have superior stock performance compared to those that
respond reactively.
1
S&P Global : . - R e i R VN Data:

Market Intelligence

+ S&P Global Market Intelligence Machine Readable Transcripts (MRT)
+ Jan 2008 - September 2024
* Russell 3000

S&P Global ‘ v , - : i
Market Intelligence ) ; 3

Atz S&P Global
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Questioning the Answers: LLMs Enter the Boardroom

$1.60 Proactive & On Topic Proactive & Off Topic Proactive & On Topic
e N (Y +1.21%*
$1.40
5150 +0.91%* -2.56%***
‘ Reactive & On Topic Reactive & Off Topic Proactive & Off Topic
$1.20
$1.10
$1.00 Reactive & On Topic
$0.90
$0.80
$0.70 Reactive & Off Topic
$0.60
N~ [ee} (@) o — N [qV} (40] < Te} © N~ N~ o0} (o)) o i N AN (+2] <
e @ < o o 4 4 g9 S g g g G g g g gl
O 5 o c 5 <« o 3 o c 5 @ O 5 o c 5 Q o 3 o
8§ o 2 3 <« ¢ 8 o 2 A <« & & o 2 3 <« & & o 2
S&P Global

Source: S&P Global Market Intelligence Quantitative Research & Solutions. For all exhibits, all returns and indices are unmanaged, statistical composites and
their returns do not include payment of any sales charges or fees an investor would pay to purchase the securities they represent. Such costs would
lower performance. It is not possible to invest directly in an index. Past performance is not a guarantee of future results. Data as at 10/24/2024.

Market Intelligence

At&: S&P Global
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BlackRock.

. How machine learning is enhancing macro investing
The underestimated edge

How machine learning is enhancing macro investing

Macro investing®ll MLS &-856t= 228X H 2% HAl

OEMISE- (Poohng)% EStAAY 2 23t

summary HBH: JHE It A TRAIP EATSHs T, T IS 27, Rt A BIOIELS
%C’*(Poohng)or@ "*%QPH g EHAIY
* Macroinvesting has historically had only limited 3
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How: Invesco 2023 paper

4> Invesco Can Machine Learning enhance

systematic incorporation of equity
signals?

By Tarun Gupta, Ph.D.. David Mischiich and Yifei Shes. Ph.D.

In theory, an investor can achieve above-market performance by
obtaining better information or having a better process to distill relevant
information from the available data. We conduct an experiment to
evaluate whether machine learning (ML) can enable better inference

of future returns from stock characteristics such as earnings yield,
profitability, and momentum. Our findings suggest that while employing
a non-linear ML model may lead to improved signal processing,
thoughtful transformation of raw signals potentially further enhances

e

b=

nE rx

information extraction of the ML model.

world of d factor
investing. the quest for informational
advantage has led to an increasing number
of predictive stock characteristics being
‘discovered’! As such traditional signals
become more commoditized, researchers
Iternati for

as well as interaction
effects among the signals.

There are, however, caveats associated
with applying ML methods for return
forecasting. For instance, stock

example by analyzing earnings call

In its 34 year, Risk and Reward
provides a platform for Invesco’s

investment professionals to produce
original research and investment
strategy content. This Q1 2023
edition contains two additional

But how should the available signals be
incorporated in an investment model?
Machine learning (ML) techniques have
drawn significant attention, as they are
generally well suited for dimension
reduction and signal combination.®

cte such as eamings yield are
known to be weak predictors of future
stock returns; in other words, the signal-to
noise ratio is rather low. This and the
dynamic nature of markets are chalienges
for any statistical modeling technique, but
with increased model complexity there is
increased concern of overfitting. Allowing
non-linearities also makes the results more
difficult to interpret, necessitating additionsl

articles. Contact your local Invesco
representative for the full edition.

Additionally, they may capture potential
non-linear relationships between signals

tools for performance monitoring and
attribution.

About risk: The value of investments and any income will fluctuate (this may partly be the result of exchange rate fluctuations) and investors may

not get back the full amount invested.

T Profe J Clients and Fi | Ady

for rofesional Cientsin Dubai. eland. the ke of Man, Jersey and Guernsey, and the UK. for

Hong Kong: for Instituonal investors andjor Accredited investors in Singapore: for Gertain specific sovereign wealth funds andor O
o i

for Oualfied Che inlsrael

China; f Taiwan: for Qualified
i @ hadand:
spec ndonssia: for pp: only: for Q Investors, fund:
Japan: and for one-on- SA, T is
5.1 fe % ch 31103, Iis not intended for and should not be distributed to, or

refied upon, by the public of retal investors

1 Can Machine Learning enhance systematic incorporation of equity signals?

At&: Invesco

CanMachine Learning enhance systematic incorporation of equity signals?
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How: Two Sigma “A Machine Learning Approach to Regime Modeling” (21'3)

We also find that most equity style factors’ mean returns
were above average, with the main exception being
Momentum. Additionally, these factors in particular
experienced much higher volatilities compared to their
long-term averages (.g., Value exhibited 18.2% volatility in
Market Condition 4 vs. 8.9% long-term; Momentum 19.1%
inMarket Condition 4 vs. 10.5% long-term: Low Risk 20%
inMarket Condition 4 vs. 10.4% long-term). This might
mean that there is reversal behavior occurring within stocks
exhibiting more choppy returns

Owerall, it locks like this market condition potentially
captures risk-on market periods where bubbles might exist
or be forming. We'll label it Walking on Ice (WOI).

Historical Analysis of the Four Market
Conditions

Now that we have an understanding of the various market
conditions, let’s look back through history to see when each
occurred. This analysis will be able to tell us the extent to
which there have been fairly persistent market conditions, or
regimes, throughout history.

For any given historical period, the GMM will estimate
probabilities that the market was in the four market
conditions. So each market condition will have a probability
for a particular period, and the four probabilities will sum
to 100%. Exhibit 4 shows the highest probability market
condition for periods throughout history: We should note
that each period displayed in Exhibit 4 is independent and
identically distributed. This means the GMM evaluates each
period completely independently, without awareness of what
market conditions occurred in the past or future.

Exhibit 4: Highest Probability Market Conditions
Throughout History

kn

The legend at the bottem of the exhibit includes the percent
of time the GMM found that market conditionto have the
highest probability over this 1971 - 2020 period. Steady
State occurred most frequently since 1971, and each of the
other three market conditions occurred in roughly 15-20%
of the periods.

Starting from the top of the exhibit, Inflation was present
exclusively inthe 1970s and 1980s, as expected, since that
periodwas characterized by relatively high inflation and
interest rates. Over that first decade and a half, Inflation was
Fairly persistent (i e., limited interruption from other market
conditions), as it took quite a bit of time to get soaring prices
for goods and services under control. We don't see Inflation
atany point in the last decade. Perhaps it will enter the
picturein 2021 or 2022 if inflation does not prove transitory
(more on that in the next section).

'WOI oceurred mostly during the tech bubble in the late
1990s and early 2000s. Markets were fragile for 2 while,
as the bursting of the tech bubble occurred over multiple
years. There were ahandful of Crisis periods during this
time as well, which correspond to days where the market
had relatively large drawdowns, while the WOI periods were
times where the market either temporarily reversed and/
or experienced large volatility. WOI was also the highest
probability market condition in the immediate post-crisis
performance reversals after the Global Financial Crisis
(GFC) and COVID market crises, indicating that the market
was recovering but still in a fragile state.

As expected, Crisis occurred during notable periods like
the stock market crash in 1987, the GFC in 2008, and the:
COVID market crisis in 2020.

We find that Steady State deminated the last decade with a
sprinkling of short-lived Crisis and WOI periods. This period
coincided with the “decade of the central bank” where the
Federal Reserve and its counterparts around the world
exhibited major influence over the economy and markets.
Over this time, Steady State was interrupted here and there
by some Crisis flare ups (e g., European Sovereign Debt
Crisis in the early 2010s and the Taper Tantrum in mid-
2013), but the central banks would often step in to steady
the markets through quantitative easing and rate cuts, rarely
allowing WOI periods to form and returning markets to
Steady State”

oo mmoommoms oo
[ pe—. oo o
1 © hitpe ey cobe com/2019/12/17idecade ot h L-bank-enge-zc-the-fed-ch —

©2021 T S All gt Resrved T g’ e 0" g regetered tadermarkaf T S Investrerta L.

At&: Invesco

HAl2{'d 7|l 710t =3 B H (Gaussian Mixture Model, GMM) 2

225101 28 A%H2| Regime H2HE 2AI5H 014t

QU=
H|X| = &k & H-101 GMM ¥ 112|1E5S AFRSH BA1 AR Two Sigma9l 1774
Factor #2E°| 225 EE'E'OM AN g 223t (Factor £5%: Core Macro,
Secondary Macro, Macro Style, Equity Style)

QAR ERE 47X A %
1) 2171 2™: Equity®t Credit HE 271 =2 M5
2) g4 2 R 2o| TE{7t Qf D 7f””'E7fL°
3) QIE210]/4 2H: Local Inflation HE| Y. Equity, Interest Rate 27!
4) ArA ST 10 A|EF£|0F Equity ZHE ¥S

Q@ AIAMH:

SHX|gH HEAO| &8t
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" AT 7|Ete 2 MEFME SIFRHHYE|S ETF, F7HX14-3 ETF 5) HIE SHE =342 £7,
SFRIRIOIALS OFRTEA HIE SO A4 Hoj =3 * 47| 82 EAZD AE % 0Eo0= 22 4 st

AlDE HZA} : IZE(QRAFT)

TEZENA

" APYEE Al B2 HOIE T (Input) — E[O|L/HAE — BH AT'D LM(HI-F4 H|F TE)O| T=HAE HE

"AIADYE TR HI|/HIHT| 2l EHA Al

Training / Testing Al Risk Model

gz | TEETHL IS S0, IR A U S 23 Hoje 2ua HHa| g B0 BY F NESI7] B o A1y
AR
Al AT Uof e - - OHE|H ETF: B 5 B, SYIA A ETF: HIE = WSk Sunivorship bias), 07 & (Look-
AlE =20 =k - 199019 0|3 304 049 ahead bias) & ABHF HEL2 2 &3 529
ks THAT HolEE bl
. iE-otEAta £ = e .
23 350 ye HENHSSUN SHSHENSEY 2T
H|F = . SIEIRLAL HIE &4 OHERHA H|E S
I 15 =3 SlefepE FIERLHIF = ti H|E Z0f
== - 4E|E ETF: 8|5 4, B717 A ETF: B3 - WA AIE HOIE(FEAAR
0-1002.2 0of2 W, FAARL] YL,
¢ BE|H ETFE IHTE LT ETF U TSY ETF 5 FHMNEI FR AT 19
S7HE ETFE 27 S SHETFSE HE

AR R 2 70672
PEERIEEE- . 0
A 70 S0 HliLH 2R A
A 20| GaS RO RS N
A 1 EEA0| i) 3 B aiAY

SAMSUNG SECURITIES

SAMSUNG SECURITIES

At JHIE AME

i
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UE

L A =B - SHALB|ZE

[ B

oA

JEEEFRRR S A48 L8R (2024, 10), 47~84

BERT®] %0 7|43t o ] 2E
HyA G2E QW] #F8A4

A O AR A

2 P

B ATE ddelzE RaA Haert R, Bx7L ol eldiFalet 31 Y Aud F7hAel
ARE AR ER BARY FAQLQERDE ofdelAE BuA A5 Abdolzrt 3R HF
5t AN A0 o) e FAbelH, HEL o]ojdE #7149 4RIt 8-S
snstn gvh B g ofdeliE B A5 eldl g9 Fvislm, AbHo|xz} opd
KR-FinBERT-SC(Pre-trained Language Model) 2 |8 gtetabs 49 SrhHl Anst gleAs
e}

2001~2023 713t F FAT AR 4 3AD A e o AE BaA L3457 BEY
AFe FHUAYF GE BeEtiR, BERTo 22 A8 F84& Abdelzpr) &8 =)
A EA datel )&k, BERT®] 5 E4wil BERTe 20 45 f-848
Aozl WA, Fagl kg wols okl o] 9 Wakg wr) Ase], A9 AR A4
tate] #7140l ARE AlFsa vk BERTo 2 A8 A8 W47} A3 2 9 waxeis
A% F goy ddzlaErt EFdS dhed $9E s D el dieiie) 8
U S gt ol ~E BaMe) A5 aoke An fE4e 4L slly] §E, F ARe

MR HehHolojM HliE HRE Hdg FEE] HME F ARE o] AlEae} girh

- Aol ze] us

@ ol

FH O o del~E E0A, AFFOIZE, BERTOE, BIAE oDlold, BlAE FHEYH

RE2: MBI S|

[ =

BERT (Bidirectional Encoder Representations from Transformers) =,

EUS YL 2 O[5{5H0] THO{ 9| O| 0| Z 2o T Sh= A0 X2| &2
Glo|
= Od.

=82 371201710 42| AE B TASO| HET QOFHAES I/ T
BERT AIE|THE BA12 AA|3}, 0|2 S8, BERT 24 7|8t0] A| 20| Tha
AP 7|8H0] T A| T2 HICE 401 50| O £ 2.2 21013,

O =2A0M e EXIL7A HA B S H IS A| DEO0| BERTELHH £&
Q20| £ 27O R LIS AT HO Tt
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UE

KR-FIinBERT 22| AtE

1y

QUANTITATIVE
ISSUE

2025.7.29

MACRO%

8%, CFA Quant Analyst
dy78 kmi@samsng com

Compiance Note
=2

»m LN YD DRI 215 Q0L g2
%0 BN YL

e

KR -FinBERTS| &8

|2 ME|HE 2 Al ALRS17|

E &4

KR-FnBERT 22 #8338 HULE PHEBYMN

WHAT'S THE STORY?

APHUTORIM, A71010) B 4 U S USH O/ AV E T HASA HYT 4
UH SIYC B KR EOOIA = MEIE BA, A E HAO) CREO|CE

ZA| APGOIA £01R| &= 012 A2 DA U LASO] CoRA, Tp0li= ARO| XF 29
AEFCHYD UE IR WYL YHY SO0 QUOACH 22 R AL Attention X
Transformer Y 12IB2| W2 210K, A2 X}0f 212 (Natural Language Processing,
NLP) 5210 22| 8212t HHOICH &, AP AE HU 90 5Y MEIMES 23
Oh= ZIQIO| OFS HIRBO0H YYHQ FAR S ABXIE 0121 71§ A A AR
B 4 Y= 2240) Ei9ict

SUSHY

EEIME Z8 EHQUS MEIUE BAF IIESY & USE, BAR
S| M BBYS YA YIS Ut

2g/ei0l=z2|

Of71M ALBOHE iRl 2/210| 212} KR-FInBERT 2ROICHES FHL KR~
FinBert-SC%). O] 22 S0 NLP 27400 gt 91309t 28 wojof B2HEl
BERT7IMH AR 24 B4 2E'E LU

p———

i
Hy

(T BOXI ¥ %)

g5

BERT £A19| £-8H Xtxl= 0 7HEHet
91717 | ol|A| 34 A|7I BERT RS JIHE CHR 2. IO, 285t 4 918,
(HuggingFace AlOIE 5 &8)

=U{e| ti 20l F-8 2O0FBERT RE =, M-S H-142| “KR-FnBERT "7t 3U3.

A28

pip install transformers

from transformersimport pipeline
classifier = pipeline("text-classification”, model="snunlp/KR-FinBert-SC")

text] ="KOSPl= 3t SAMIE &
result1 = classifier (text1)
print(result1)

Y A2 2 O bt

) [{label" 'positive’, 'score’: 0.9998443126678467}]
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UE

HAl2{d 7|dto| E] 2 E|0|M R (1/2)

L_

- OIMISE AR ISt w2 2R|5k 0|2 st
+ A K| E2FO| 2| Ik 1401 2 80CH 7§ X| B2 FiN| Q2{ZHO 2 AL, O A STHIHE] 4015 740] 204 K| HEE DAl SH4 7|0l 4 S Al
X132,

|20 SOl A| At/ O3 2 AMtof SH= XX THE| M2k o £ 8H= 1R Q.

Ef/AEIQI 20 20| HAISHIfE T HA1S | ightGBMO|2H= DiAl2] ¢ majxo| chotet

=S| ]IHE-| HH_E_ I_-| FO" AI-_Q_OIJ— |:|-|A|E-|L_I 7|I:H 7|I:I|-O| "]IHE-l EEII .LLE_-”OlO_Iq"E UNE=X-13
3|

o
- I T StA St

© AAO| I I = /A|ZE 64

-I>
ﬁ
fo
oL
>
=)

DDQM2 2% 325
3 Light AT P/E AEE BES
M R EY GBM IHEX 0% ATHP/E = A,
ol/ea otg o7 H4l2'g i EPS chg =0, =3
tI.l_T’EJH 3?'—55 HISEA] EPS Hi3tS 27t% =0
FAT| P/E + A VEX| 0% e GZ=
+ &5
GIOES! 5} Bl ATHP/E = A,
. o A2 tEX| 0%
: —
Hrshy
A%
e,
AR A
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H4l2l'd 7192| WE] 20| R (2/2)

E| 0% 2H| feature WA UHI

HEE EIREES H2(%) | #e23 A3 (%)

SR 52113 | kospicd 00 | kosiced 04

FEEES 15182 | s tonkw.c0 01 | usdiokw.ctd 01

e %401 | yentokwec20 01 | yentokrw.cé0 00

% 30 32 (0 35 | veasuy3rc20 06 | tesary3yce0 03

S8 104 22 (%) 39 | tesuytoyc0 04 | tressury_10yrc60 02

AT fadPE ) 82 | hosipec0 03 | keppectd 04

A0 wdPB ED T4 | heeipoci 00 | voepirbcol 02 FH HE| =E e (1270 HE %)

VKOSP %1% (p) 614 | vospiZ0.c20 10 | viosp200.c60 4 A = =c o

) R T SR TP o ot P/E (RE CHH, fwd, 2158 H2) = 3% FYOIY 2R (FQ1, Tm) = 12%

Wi 71 (USDIba) 1029 | wilkgr20 12 | wibgo0 0 HiES2E (Fy1) x 5% HAOIY Z7H8 (FRO, yoy) x 3%

O 241 22 (%) 38 | wh2yiage0 07 | ush2ylagced 01 o =

O 1051 221 (%) 43 | whi0yleg o2 04 | Wb ilyleg.ctd 00 EPS 'A2tE (FY2, Tm) x 17% GO B712 27T (A0 yoy) x 3%

0% TIPS 104 22 (%) 20 | ustips 10y Jag.c20 09 | ustips 0y lag.cé0 00 HEHEH EPS BiEIR (BE FY1, 1m) x 16% YOI E7HE (A 24 BAHLAD x 6%

VX FI% () 306 | vilagca 09 | vixlagc60 12 = =

O/ 1M AIZ9 FIE () 524 | smmeniiagc20 00 | &mumenulagct0 02 BEIEY AN 2 (Y2, 1m) x 10% #7426 (Gm) x 0%

01 I5M AHIA2] FLE () 561 | Esmnonmanulagc20 02 | Emronmenieg cé0 o1 EPS $zkg (FQ1, 1m) x 3% SH2L SR (Tm) x 22%

= PMIRIR () 490 | chinapmilagc20 00 | chinapmilagctd (1]

T 43 yoy A ) 290 | epotc20 00 | expotced i3

T2 CPlyoy X1 (%) 20 | opyoyc20 00 | cpLyoycéd 04

01 CPiyoy A1 (%) 24 | uscpiyoylagc20 00 | uscplyny-lagct) -03

S0 1041-34 39 (%) 03 | teasury_10.3.dffc20 13 | treesry 10.AdM.060 -05

0= 109-241 32 () 05 | (810.2.df lag.c20 12 | w1024 Jag 0 -06

01 7IEHe I (012 - TIPS 104) (%) 23 | weifakgc 01 | useifialegce0 00

¥ AB3E (Fa3Y - CP) (%) 15 | realatec2 15 | marateced 5 !

YEY (Z20] PIE 54 - 2230 (%) 87 | yiedganc20 02 | yekgmcel a5 Long g7t ZEE2|2: HE HOIEI2} Percentile rank (ZAT 200 SUHA L)

El 3 ECIEE T ES A EPSWMBWENEMEPSW | @Eund EEEE] YO St EEE

CEF] & 4 (FY2im%) EECEEHECE Heig . (m%)

T AT T (=9) (FFY1,1m, %) (FY2,1m %) (FQ1,1m, %) (2424241 2131, %)
ADORO ARt HEA 10436 19 a3 a6 58 670 77
A0S0 NHEFHEH -] 10 30 59 26 26 32 103
A0 F1BEY 2 108 35 57 40 25 440 64
A $133EAE B 17 29 36 28 33 524 62
AXBM)  EHETY 1A 23 29 70 57 14 537 56
ADTA4D chEHAL 1A 52 50 238 31 65 26 41
ATBAT0 OIS SYROZET 122 20 24 22 6 662 80
ADOOBHD SKBHOI A A 6222 74 25 21 a7 1061 33
AMTOSD EAZYELAY MR 133 13 43 71 27 01 135
ADIOND 0CIgEA L 36 25 45 17 35 1279 99
ANRTSD 42| metegiof 20 19 163 377 -13 164 %5
A67250 HOEH EZ] 19.4 73 83 40 04 549 18
ADMOT0 1GOI= motesof 13 27 16.9 128 35 13 29
A0SR0 50 ol 124 5 107 33 453 -834 a2
A58 @22 W auH 50 05 68 63 15 62 45
ASESD HAY XS 27 07 15 15 02 26 86
M0N0 223910 L 21 -10 2 99 %5 -291 B4
ANDID 2=ior HERE 09 93 24 186 -7 328 58
AD0AO0D  ECHUBISE L 13 109 78 20 71 -432 06
ADDBACD 4HSDI mh 2 44 320 13 41 1393 39
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Data: S&P Global<| o

marketplace.spglobal.comOfiAf CtFot Bl A

alternative Ci[O|E A{H| AE QLY

Atz: S&P Global

Marketplace
S&P Global

# / Datasets

Catugery (1)
Toxtual X

© oty zobcos
ﬁatinngﬁresé’:
Research Core News

© ucostty Enhascad

Machine Readable
Filings

Machine Readable
Nikkei News

Datasets Solutions Blueprints

ProntoNLP Filings
Analytics

Market Intell

\
Textual Data
Analytics: Sentiment
Scores & Behavioral...

\ \ N
Machine Readable
Broker Research

Market Intelligence

E G0y g

ProntoNLP Transcript

Analytics

Machine Readable
Transcripts

SCRIPTS Asia
Transcripts

Tools & Support v Q sigaln

\
RatingsXpress®:
Research

Altemative X

CDS to Equity Factors

© Pncatiy Esharcad

Machine Readable
Filings

\ A\ A\
Machine Readable
Transcripts

B\
Machine Readable
Nikkei News

Markat Intellig:

Commercial
Prospecting

ProntoNLP Filings
Analytics

Panjiva S\}pp}y Chain
Intelligence

Market In

N ¥
Textual Data Suite

‘U

Global New Vehicle
Registrations

Mobility

Dividend Forecasting
Factors

Market Intell

4

ata
Center Knowledge
Base

Global Trade ﬁths
(GTA) & GTAS
Forecasting

DRIASE] BURDL

Commiodities at Sea:
Commodity
Movements Dry Bulk

S

Ownership Factors

ProntoNLP Transcript
Analytics

Textual Data

Analytics: Sentiment
Scores & Behavioral...

.

Connections: Detailed
Estimates

Short Squeeze Model

L ~'A;..~.. g
FDAAdverse Even

Reporting System
(FAERS)
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Sl2jd 22| F0) cyst 7|2 ofsH (1/2)

28 2OIME M2 710 ALBO| R 501\ 3% EHAE DU 20 7| 010| EH HIE 501, > 7|42 7|2 X0 2I2|0] Ti$tofsh B

TRl SO A BHO|2H= A, /o) QU= MBI 21 HEY 01N YUS L AHY TEO| BAS Ut

HIQSHA LB, T2l 2, I RE MGH LS 317 A TS "5 U §1"0 2 BAB| 42 TH0, T A0S RE HIAMS 3142 A2 HENY,

0| BYL B2 S0 0|5 HS T I, Y2 HIO|EZHAIZYS 2 0121 52 SIS HSIEITA |5 EQI 22 0| HlO[EI 2 HSHAIZ|= U2 3t

OIS SOf, AZlZ £ JHot DY0|S Tsots Rl DU OHECHT i

~ 17Ho Input () HIO|E{ = APEI St 2] A0l [7H2 37| * M2 27| * 2 Kol RGB 44| & &] 2 0| 2044, 0| 37[7}Input layer2l A1¢l 47+ &
-

- 1742 Qutput () HOIEH= 7Holl SHEfBH=X| 10|0i SHeh=X|2] 0, 1 HE7HS019 binary #4-9)
- o5 22 3 AT CIO[E|S| WS, BHe 40| MBS S FHI3 Ol MESS ABIHAL, 1B AIZY LIEOI 7HEAIS A7 (Ol 912 Mol ZE)

=, 61T === (=== = g [ELaF— s
A AEY RHO| Oz U2, YHS U EZ B AOIE 2HSEZ AT TS, T AO[2| S A4 AR El = 7HE X & ote 2 = Aot L,
0% Aol 1 DY HSA| 2 S QA RIeHhe 24, 0| 2H 50| A X| MO, SA HIME SH47t ok O AR,

©ig{yl - 012 AlZ{ato| 21X

Deep neural network

Multiple hiddenlayer @
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= 2l'd Ya12| E0) thok 712 ofel (2/2)

UBIE{Q1 01T AIZ{TOA "3t 7H A" OFQ| "Sh H e ", B Of2HO] A4 O 2 AT (AA £ B &),

= - L-OO

St EO| 2X|=, 1) AN ABL ZE L EZf [x1, %, ..., X |2 71X [wy, Wy ..., wy | 2 7HE AT AROHCHS R p7HX| HHoELL
2) O] ZHoil M= H|AM Y 3k401 £() (activation function) 2 $F i Of M 8610] £|& L. & 4X| S DFS0]

5 24LEE"AHFEE L E(HL)0f 25t TS 3 2AT Al i

|+ 8|S Bf40| AT} A" O 2 0|20{F,

CHS o1 2 A0 = || B Q] T (X2 y2l 274) O, A& ZEHA (317154941 9| 714 (betal, beta2 S) QHoll K,

CHS 3171 2400 82 ES AN 37 SA |47 HIE| 2 BHE|S0| AIZHUOAE 74 (parameter) 7+ 2 SENZ MALE, (745X ")
oy = QA ol L 20j|.= SFAF A& 0] OfL|

AL

“H|AMS] {10 AFR.EICH= &0l (H| A& AL 717} El2{L] IO SHAIX{O| XpEdA{Ol

Inputlayer < 1»?\ b
— |
-y 1
- Wz /
RET , A 7 flo+ E T;W;
S el
L XS : -
"3:& 1/1'“\ Wnp,
NI R

An example of a neuron showing the input ( x, - x_ ), their corresponding
weights (w, - w_), a bias (b ) and the activation function f applied to the
weighted sum of the inputs.

A S
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UE

Sl2d 2|M%| A2l X (1/3)

MLP= 715 7| 250l Sefol 417 B, CNN(ZHAIE) 2 A

QUANTITATIVE
ISSUE

2026.1.2

MACROE

&%, CFA Quant Analyst
dy76 kim@samsung.com

HERA™Y AtoZ
(6) MLP(Multi-Layer Perceptron) Al X} 23

- 2192|712 HEHRI MLP 2380l ChTH W AE R HS s e

WHAT'S THE STORY?

ChatGPTOIM 220, B Al 712 0] Yy 3 Z44te QDT 240l HEotR /ot
HE 2B0IME Attention 22 NLP 12|15 52| 24 AlOI2 S HEOR = AE7HE
AHELUCH B REE, MUY 2RI 7120 MLP 28 B8 HE £t Y
B TESHE YHE AR S FHHO| D YAIS| YYstLA FCt

41, MLP(Muti-Layer Perceptron, T IALE 2) 2Y2 HUERS of2f 502
2 2wl 912 UHYS YIICH T2 B2, FNN(Feedforward Neursl Netwark, £
3 AI20IE HIIC 0] 2YS Y, 0f2f el 24, FAFOES T4 At
HO 7HCISH SEfO] AIHUOICE 24 50| (0| MREI B2 Dizio|8), 123 uls

U Ego 0 oM, MLP= T o F21E01 E + gle SR S 2
3l

[

]

=
|

"
SN

w2

MLP(Multi-Layer Perceptron) 7Hd=

Input Layer Hidden Layer  Output Layer

RI2 ResearchGate

A= e s

x|

r

QUANTITATIVE
ISSUE

2026.1.8

MACROgY

&%, CFA Quant Analyst
dy76 kim@samsung com

HE ZYH AtoZ
(7) CNN Al EXH2H (7|2 24 7|8

« 38 A7IZ X210 272 71 CNN 20i ceHd ¥t AE 2 Y WHS 2|

WHAT'S THE STORY?

CNN(Convolutional Neural Network, 42 A13%) 2, 324 12 B2 AAIEH 12
7t ZQ3H GO|E{OI M 24 IEIS AHSO 2 3H&0H= H2i'd 2YO|ICt O|D|X| Q14 gl X
2|0jIM 71 71 22 2 Ar80H= 2O, Al Y HE ZX| FH2Z QIsiM 8 £0F
Mz R83HAl 24o|ch

2 A2, CNN 2H0j it ojstio At i, 12|10
CHEHA GYIAIE SOHA APAIB] A HBE DX B

HE X 240] YHoH= Yol

CNN 20| 3Hd& *2| Ha=

Colorirout mage

3a3x3 e

Aoy actaten

A& g
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UE

BEl'd ElA %

A= (2/3)

RNNZ &AL H[O|E{E 2l

QUANTITATIVE
ISSUE

2026.1.21

MACROE

&%, CFA Quant Analyst
dy76 kim@samsung.com

R Y5

St ASHAIHLO 2 VARKCHH S5t

(8) RNN(z:8 +18%Y) Al At 2

« MY Z2 £4HEI0EIQ] RUHO| FHOJHRNN" Y 2O HH I S A7)

WHAT'S THE STORY?

RMN(Recurrent Netral Network 481 41712012, 44t GO B} (24171 = HOIE) &
CHR7] 910§ DOIEI S0 41 DS URATH, 27 7 HH ORI A E B
2 916 ARIMA, VAR (Vector Autoregression), ARCH, GARCH & C12/2t 288 A8
B QIC E4211d 301 A = RNN A0 0121 A B3 I 4 SICk B8 RNNZ
SR AL 2 A0 7158 3OS QYRS HHS IRID YC

AL Simple RNNELE] AIESI01 LSTM 5 Crofet 20| LIgtoni, 01215
410} OfEl A, ESHA OIS FL, TS ChatGPT 22 CHakg 913152l 4

ol 34
| 23
BoiA| s

(BT

i

EAtEs 2B AIEY| 71 7122 Simple RNN 2201 ot Aot 38 AA Y
GIOIE0| O1E B 80k W &8 A2 K217 S0l Chiok OIlAIE S8 44 HEIstRAr
i

RNN 28 7=

@
( ™~ fw
M
St

(s

@ ® O &

AR hitpssftheaisummer. comfunderstanding -ty

QUANTITATIVE
ISSUE

2026.2.2

MACRO®

59, CFA Quant Analyst
dy76 km@samsung.com

—

HERAY AtoZ
(9) LSTM 222 ofs}

= LSTM2| 2A210] Tt ATk S12rEoIM el 2 S8 58 el

WHAT'S THE STORY?

LSTM(Long Short-Term Memory) 2 &% 21 RNN 2201 £ 71 87] 2% BHIE 7
ZHOZ HETHeBHBYSR, F7| 71 AT 2 EG0| FRT AIZE GIOJEf 24
OllM S of S oK BTH 501 35 MY 20| FH T b Ol HI
BHA| LHEL= 20 LSTME A BEE MEIMOR 7ofstl, Tao o2 glg &

U= S AEE HFC,

£2TES(STMY WS % FI21E $42 X BHO2 N0 HASD, 2t A
O|E9tH 41 AE7 OfFH 210/ PHRIRIE AT 2.2 BT

A0 o

K31 LSTMS 24 S5 201 ST Tiel $8 71547 SIS S 11 RoIM BARICH

LSTM(Long Short-TermMemory) 2%

ye
Farger Gate
ST ol
[ (3 P
tanh
X,
ANl ma AN
he-y R
X Inpot Gate
XH&: https://velog o/ @yure.u

A 7bs, LSTME &7| 7|20l 278 7HSl E48t 23112,
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UE

S 2| M x| Al2]| = (3/3)

ChatGPT Z2 LLM AMH| A 2| 2|7} £| = Transformer 2 &2} 1 sH4! Attention &2 S0 Cf

QUANTITATIVE
ISSUE

2026.2.19

MACROE

&%, CFA Quant Analyst
dy76 kim@samsung.com

Ral
fu
a)e

%
ol
rd

e aE
S

AE HAY AtoZ
(10) Attention/Transformer2| 0|8}, 1£

» Transformer 22| OIhE 23K, Seq2Seq 2Lt 7| Attention Y12l Z 00l CHel
M SX UBIE M8 g

WHAT'S THE STORY?

Al th22] 71557t 2 ChatGPT(Generafive Pretrained Transformer) 2| #21& ot
7t 20173 LR Transformer 20| EASHCL 0 2F0IM HYXQl Self-
Atention 12152 2% O|oH FHE 7H Ay IATIM HOI H5S oI, ThDt
E0[0fA BEE| D QJCt 22 A E EXF RYOM = 0|215t Transformer X Attention &
112158 28 HIoIE{ol YEot2 = AlS7 A QORR| 1 Qe

Ol “Attention/Transformerl Of#, 15270, 22 01842 2|5 T2 1) Seq2Seq
2EH2) Atention| £2| 2312]E%1 Bahdenau 3 Luong Attention0il Ttk A 4745
o[BIt 01 22 0 A & Trarsformer 229 E2FQI 4y 28 £Xtot 0|
ChstAf gl Aol

Attention Weightel A|Zf2t

A
Kl
7

todavia
estan
casa
<end>

QUANTITATIVE
ISSUE

2026.3.17

MACROgY

&%, CFA Quant Analyst
dy76 kim@samsung.com

etEg

AE Y AtoZ
(11) Attention/Transformer2 0|8H, 25

« Transformer OF E{A12] L& @t 1215 9! <L 0f CHOHO] AIS] BBk, SR
OliAol 2 $8US AT

WHAT'S THE STORY?

Mifel #3HE F s TR Q| LLM 222 #2|0f = "Attention Is All You Need" =2
9| Transformer 20| ZR3tCt 0] Transformer®) #1% 2HO|, C12f A4S CHYst 8
8 EOMIA 'g2| g8l ot

O| & "Attention/Transformergl O|8H, 250l =, £2X 0.2 Transformer OF7|&{%{2]
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Attention formula

KT
Attention(Q,K,V) = softmax (Q

RH2:"Attentionis Al YouNeed" =8
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