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*  Chung-Chi Chen
« Ph.D. Candidate, NLP Lab, Dept. of Computer Science and Information Engineering,
National Taiwan University
* Lecturer, Dept. of Quantitative Finance, National Tsing Hua University
« Education
« M.S., Dept. of Quantitative Finance
+ B.S., Major in Dept. of Economics
« Organizer
* Fine-grained Numeral Understanding in Financial Tweets (FinNum) Shared Task
Series in NTCIR 2019 & 2020
»  Workshop on Financial Technology and Natural Language Processing (FInNLP) in
IJCAI 2019 & 2020
« Awards
« 1stin FinTech Hackathon organized by Jih Sun Securities and Microsoft, 2019.
» 1stin FinTech competition organized by Standard Chartered, 2018.
« 2nd in FinTech Hackathon organized by Jih Sun Securities and Microsoft, 2018.
+  2nd in FinTech Hackathon organized by E.SUN FHC, 2017.

http://cichen.nlpfin.com/’ -

FinTech

The Financial Stability Board (FSB)

FinTech is technology-enabled innovation in financial services that could result in new business models, applications, processes or
products with an associated material effect on the provision of financial services.



Simple : Using technology to improve financial services.
the fundamental services haven't changed. only the way to provide the service change
Financial Services

Payments

Deposits and Lending
Market Provisioning
Capital Raising
Insurance

Investment Management

Overview of FinTech Application



FinTech Applications ' NLEab

National Taiwan University
« Payments American Bank &%

* Cashless World
* Emerging Payment Rails

Personal information

- Deposits and Lending First name Middle name Last name
* Alternative Lending i e
« Shifting Customer Preferences "
o ) Cit State Iip code
« Market Provisioning ' :
\ Phona number Home Motile Work
« Smarter, Faster Machines
. New Market Platforms Email address Date of birth
o Capital RaiSing Country of citzenship Counfry of resdance
Soc-d Sanry numiser . Passport number

*  Crowdfunding

Account infermation

L] l nsurance Account type: Checking Regulor savings Fived deposit
Opnring dapmll amouni balance:

« Insurance Disaggregation

Checking | Regular savings [ Certificate of Deposit (CD)
* Connected Insurance
. InVEStment Management | HEREBY REGUEST AMERICAN BAMNK TO OPEN AN ACCOUNT IM MY MAME SET FORTH IN THIS APPLICATION
* Empowered Investors - R Sais

* Process Externalisation



Capital Rising, Investment Management & Market Provisioning are more related to NLP

Banking Sector is the Most Affected
Common People are Target audience
Provide Automated Service for Target Audience

example of FinTech improving Service

i1



Physical Bank to Banking Everywhere

« Bank 1.0 — Physical Bank
* Over-the-counter Service
« Bank 2.0 - Online Bank
+ Some services can be done via the Web
« Bank 3.0 — Mobile Bank (Where we are)
 Moneyless & Mobile Wallet
» Most services can be done with Smartphone
« Bank 4.0 - Banking Everywhere (Where we are going to be)
« Technology-Enabled Innovation
* No Time Restriction & No Geographical Restriction
* Blockchain

« Al-Enabled Innovation
* Precision Marketing (Personalized Recommendation System)
« Real-Time Wealth Management Suggestion

embedded banking & emotional banking are the mechanisms that allow Bank 4.0 to work

embedded banking

Cﬁ]mm[ab

National Taiwan University



key part of Bank 4.0 b.c remove the boundary between financial and non-financial platforms
financial services are integrated directly into non-financial platforms.

use Open APIs (Open Banking), which make it easy to add financial functions to third-party platforms
example : buying a game in a stream service

Emotional Banking : Proactive Al Assistance

providing "assistance for all about money" exactly when and where a customer might need it

NLP in Finance

Two Traditional NLP research
Sentiment Analysis
Dictionary Construction

build dictionaries that accurately reflect the "tone" of financial documents, as general-purpose sentiment dictionaries often fail in this
context

mention 3 research papers related to Dictionary Construction
When Is a Liability Not a Liability? Textual Analysis, Dictionaries, and 10-Ks

TIM LOUGHRAN, BILL MCDONALD
three-fourths (73.8%) of the words flagged as negative by general dictionaries were actually neutral within business context.

created the Loughran-McDonald (LM) Financial Dictionary, which remains an industry standard for calculating financial document
sentiment today.

NTUSD-Fin: A Market Sentiment Dictionary for Financial Social Media Data

market sentiment dictionary built from over 330,000 labeled posts on financial social media to evaluate investor attitudes.


https://onlinelibrary.wiley.com/authored-by/LOUGHRAN/TIM
https://onlinelibrary.wiley.com/authored-by/MCDONALD/BILL

Compare with SentiWordNet NLEab

Natiaral Takwan Linfversiy

Word NTUSD-Fin SentiWordNet |  Word ID
buy 0.59| 0.00,  buyil
sell -0.98 0.00 sell#4
call 0.44 0.00 call#3
put -0.49| 0.00 put#l

overvalued -3.42 0.25| overvalue#l
undervalued 1.21 -0.38| undervalue#|




Compare with 10-K Sentiment Dictionary {Z\NLEN

[ ]
Hatiaral Ta wan Linfrertty

» 10-K Sentiment Dictionary (Loughran and McDonald, 2011)

» There are 354 positive words and 2,355 negative words in their
dictionary.

* Only 152 positive words and 329 negative words appear in our
dictionary.

« "easy" is a positive word in 10-K Sentiment Dictionary , but gets a
negative market sentiment score in NTUSD-Fin.

» Dictionary-based model in SemEval-2017 Task 5 dataset (Cortis et al.,

2017).
Micro-F1 Macro-F1
10-K Sentiment Dictionary 21.67% 23.02%
NTUSD-Fin 61.23% 40.22%

Automatic Domain Adaptation Outperforms Manual Domain Adaptation for Predicting Financial Outcomes

Core Finding : Automatically generated or adapted sentiment dictionaries perform better than manually created ones when forecasting
financial market movements



Key Points .\ Lab

« Automatically created sentiment dictionaries for predicting financial
outcomes (Return & Volatility)

» 10-K reports 1994 to 2013

» Use the SVM to construct the dictionary (Threshold = 0.8)

* In empirical finance, a correct sentiment classification decision is not
sufficient — the decision must also be interpretable and statistically
sound. That is why we use ordinary least squares (OLS)

* The dependent financial variable is excess return or volatility.

« The value of the text variable for a category is the proportion of tokens
from the category that occur in a 10-K.

Yi = B1Zi1 + Pazias + -+ + BpTip + &;

Index Construction
use text mining to build indices that can reflect or predict significant economic events using keyword matching

Measuring Economic Policy Uncertainty



Findings ' NLEub

« Developing a new index of economic policy uncertainty (EPU) based on
newspaper coverage frequency
* Uncertainty or uncertain
+ Economic or economy
+ Congress, deficit, Federal Reserve, legislation, regulation or white house

« The index spikes near tight presidential elections, Gulf Wars | and Il, the 9/11
attacks, the failure of Lehman Brothers, the 2011 debt-ceiling dispute and
other major battles over fiscal policy.

« Firm-level: policy uncertainty raises stock price volatility and reduces
investment and employment in policy-sensitive sectors like defense,
healthcare, and infrastructure construction.

« Macro-level: policy uncertainty innovations foreshadow declines in
investment, output, and employment in the United States and, in a panel VAR
setting, for 12 major economies.

Economic Policy Uncertainty Index for Taiwan

Goal: The index is designed to reflect or predict significant economic events by analyzing textual data.
Method: It traditionally uses keyword matching, where researchers count specific keywords in newspapers to build a quantitative data
point



The Influence between the EPU Indices of NLP
Different Countries . —

+ Findings :
» The "Marginalisation" of Taiwan

Measure Country-level Socio-Economic Indicators with Streaming New: AN Empirical Study

« proposed automatically indicator construction method with the technique of event extraction & NER



NLP

Approach - Event-Centric Indicator Measure(..\ 4

Event Extraction

« Extracts the predicate as an

event trigger by the result of

Semantic Role Labeling

« Corpus-based event trigger

Mational Taiwan University

iJ

Event “iEgi.—:\ m“ Related*

the U.S. recession began Us. Deceaber

; X 2007 Y
extension & Check by human S Doceasec 2007 SR (200712
. . SEPT. 1,2011 _
LOCBtIOﬂ & T| me The bankruptcies _Df ﬂm:c American solar A:tte;‘::]an L;;tlt?gg? Y
power companies in the last month
I The man accused of fatally shooting his New Last
¢ GeONameS & T|mex2 estranged wife inside a New Jersey Jersey Tuesday N
: church last Tuesday (USA) (2009-07)
* Rule-based inference
Indicator Event triggers Text
Unemployment unemploy, lavoff, dismissal, lay off, | Apple to lay off 190 employees from self-driving car unit.
rate economic crisis, bankrupt

CBOE  Volatility
Index (VIX) ©

sell share, liguidate, scandal, debt,
loan & (events for EPU)

Humana executives sell nearly 74000 shares worth $22.7
million.

Economic  Policy
Uncertainty (EPU)

economic  slowdown, institutional
'ri'{’ﬁ'kl‘.i‘{’.?."i(’.f. war, (‘J‘f-."if..'i'. terrorist ﬂ”ﬂ('k

These policies and other institutional weaknesses con-
tinue to undermine prospects for sustained econonyic de-

velopment ¥\




NLP in FinTech Applications

Overview C{:INNLEub

Matiesnal Taiwar University

* Know Your Customer (KYC)
« As a highly-regulated industry, financial institutes are asked to
evaluate their customers, including legal persons and natural persons,
from different aspects such as identification and credit evaluation.

* Know Your Product (KYP)
« Traditionally, KYP is a basic requirement for the salespersons in
financial institutions. They must understand the attributes of the
financial instruments they plan to merchandise to their customers.

« Satisfy Your Customer (SYC)
+ SYC becomes a new focus of the financial institutions. In the FinTech
revolution, people pay close attention to leverage technology to satisfy
those customers, not in the VIP-class.

34

Know Your Customer (KYC)

a fundamental process necessitated by the highly regulated nature of the financial industry, requiring institutions to evaluate both legal
persons (corporations) and natural persons (individuals) across various aspects such as identification and credit evaluation



Know Your Customer (KYC) ‘.

NLP
Lab

Bational Taman Univenity

» Regulation Technology (RegTech)

-

Compliance and Governance

Cyber risk and monitoring

Prevent financial crime

Data management and intelligent analysis

» Corporate Social Responsibility (CSR)

L]

Principles for Responsible Investment (PRI)

Environmental, Social, Governance (ESG)

Social Responsible Investment (SRI)

Handschke, Sebastian GM, et al. "A corpus of corporate annual and
social responsibility reports: 280 million tokens of balanced
organizational writing." Proceedings of the First Workshop on
Economics and Natural Language Processing. 2018.

KYC - Cooperate Customer

- Past

« Event Extraction

» Event Summarization

» Future




Event Forecasting
Identifying Predictive Causal Factors
Causality Detection

Relation
Complex Relation Extraction
Network Embedding

Other Scenarios
Exaggerated Numeral Information Detection
Legal Issues
Risk Prediction

Financial institutions use NLP to summarize a company's past events when first time facing.
Event Extraction

converting past event unstructured documents into structured tables
paper :

Doc2EDAG: An End-to-End Document-level Framework for Chinese Financial Event Extraction ->

End-to-end document-level financial event extraction.



NLP

Lab

Hational Tabwan University

Entity Mark Table
IDEA
Mark Entity (English) LI
[PER] ol Weigqun Liu
IR TR Siioeen
[ORG] -y Securities
iz Co., Iid.
[DATE1] 2070 22H | Sept 22nd, 2017
[DATEZ] 20184E0 16 H Sept. 6ih, 2018
[DATES] 20MB5ER 20 | Sept. 20th, 2018
[DATE4] 200943 J1 20 Mar. 20th, 2018
[SHARE1] 750000 750000 shares
:v:n . Event Table of Equity Pledge
o otk
" ~ [iPledger | Pledged Shares | Pledgee | BeginDate | EndDate | TotalHolding Shares | Total Holding Ratio
Record -I-:' [SHAREZ] [ORG] [DATE1) [DATE4] [SHARES] [RATIO)
- [SHARE]] [ORG] [DATEZ2) [DATE4] |SHARES] [RATION
Eviant
Argument | ID | Sentence
“ HIDATEYL (PER]S JLES 11 1) 2 (] [SHARET]R B 4 11 [ORG].
:I"t”l‘g’ ry in [DATE1], [PER] pledged his [SHARE1 ]t [DRG]
_— 3 e A e O T DR IR Y[SHARE2)
AHer tha company carried oul the transleming of the capital accumulation lund 1o the capital siock, his pladged shares became [SHAREZ].
. [DATEZ2]. [PERJT I FI[SHARES) X o] K2 i WIPE[ORG]. % Sped 130 00 PR £ ) 5 f 00 .
in [DATE2). [PER] pladged [SHARE]] io [DRG], as a supplementary pladge io the above pledged shares,
e R 39 B b A ML RL 6 £ [SHAREA]. WU By10) H0 {DATES].
The aloremanioned pledged and supplementary pledged shares added up 1o [SHAREA4]. and the onginal repurchase date was [DATE3].
1o |IDATES]. [PERJ 1 JL 1t MFIISHAREAIL i /410 [ BIRiEIdb % . Wik 11913 K 7 [DATE4).
in [DATER], [PER] extended the repurchase date to [DATES] for [SHAREA] he pledged.
" WA . [PERJER Y & vl MR [SHARES]. 5 & o) AU [RATIO).

As ol the dale of this announcement, [PER] hold [SHARES] of the company. accounting lor [RATIO] of the iotal share capital of the company.

Event Summarization

paper :

+ A Unified Model for Financial Event Classification, Detection and Summarization



Results Go2) Lab

Habional Taswan Unisers ity

Meihod Fl
HAN 92.5
ULMFn 933
BERT 94.8
Our approach 95.5

Table 2. Event type classification result

Method NMI B-Cubed
UMass 0,665 0.310
LSH 0.613 0.263
SemEntity 0.708 0,391
BERT-5im 0.717 0.397
Our approach 0.742 0.414

Table 3. Event clustening result

Method R-1 R-2 R-1.

Bi-LS TM-attention 528 4.0 492

News article Reference summary DCA 541 355 509
Or announcerment (shifted right)

................ Cwur approach 56.5 1.3 533

Table 4. Event summarization result

Future Event Forecasting
papers :

« Forecasting Firm Material Events from 8-K Reports
« Uses SEC filings (8-K reports) to predict future important corporate events.

Causality Detection

focuses on establishing directional, cause-and-effect relationships between variables rather than simple correlations (, not just )



papers

NTUNLPL at FinCausal 2020, Task 2: Improving Causality Detection Using Viterbi Decoder
-> Build NLP models specifically for detecting causal relationships inside financial text.

Identifying Predictive Causal Factor

both causality detection & Identifying Predictive Causal Factor deal with understanding relationship between variables, but focus is
different

Identifying Predictive Causal Factor
isolates the specific variables that directly drive and reliably forecast an outcome,

papers

Identifying Predictive Causal Factors from News Streams
-> find cause from news stream

Complex Relation Extraction
identifies implicit and explicit relationships between companies and industries through transaction records, news, and contact histories
papers :

Extracting Complex Relations from Banking Documents
Extracting Complex Relations from Banking Documents

Financial Text Data Analytics Framework for Business Confidence Indices and Inter-Industry Relations



NLP

Application Scenario '\ Lab
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Visualization of partial Granger causality analysis among industries

Network Embedding
representing companies as vector
papers

+ News2vec: News Network Embedding with Subnode information
« Build graph embeddings of a company from financial news.

Exaggerated Numerical Information Detection

paper




Numeracy-600K: Learning Numeracy for Detecting Exaggerated Information in Market Comments
Created a 600K dataset for numerical reasoning in financial text

Legal Issues
Identifies active litigation
papers

Step-Wise Refinement Classification Approach for Enterprise Legal Litigation
A step-wise refinement classification approach for enterprise legal litigation replacing Black-Box (NN)

e-Commerce and Sentiment Analysis: Predicting Outcomes of Class Action Lawsuits
demonstrating that the textual sentiment in corporate SEC disclosures (MD&A and Market Risks sections) can accurately
predict the outcomes of securities class action lawsuits against e-commerce companies

Risk Prediction
evaluate the operation of a company for a customer oriented product
papers

Learning to Learn Sales Prediction with Social Media Sentiment

Transferring knowledge from source products significantly reduced sales prediction error for new target products compared to
traditional time-series and baseline models.

Interpretable Operational Risk Classification with Semi-Supervised Variational Autoencoder
presents SemiORC, a semi-supervised text classification framework that addresses two major hurdles in automated Operational
Risk Management (ORM): severe data imbalance (sparse labels) and a lack of model interpretability.

KYC - Personal Customers

Unlike corporate KYC (understanding companies), Personal KYC focuses on understanding an individual customer.



traditional KYC relies one

application forms

credit reports
NLP for personal KYC
Writing Style Analysis
paper

You Write Like You Eat: Stylistic variation as a predictor of social stratification
analyze a customer's writing style to predict their social stratification (social class), which helps in risk and credit assessment

personal knowledge graph

Instead of treating every customer as isolated information, build a graph connecting everything known about them.



_ NLP
Lifelogs of Customers .\ Lab

Hatioral Tahwan Linieersity

+ Lifelogs

r i s  Betler ki the weddesg soep
an Howkado coms, Good ry

» Constructing Personal Knowledge Graph

Pareonsl

Enimwiecige Graph o
rd o~ S,
_,’/ o Moy denisl 1\\
_ M

« An-Zi Yen, Hen-Hsen Huang, and Hsin-Hsi Chen, 2019. Mullimodal joint leaming for personal knowledge base
construction fram twitter-based lifelogs. Information Processing & Management

+ HKrisztian Balog and Tom Kenter. 2019. Personal knowledge graphs: A research agenda. In Proceedings of the 2019 3
ACM 3IGIR International Conference on Theory of Information Retrieval,

Early Detection

Credit Problem
Start attacking the problem earlier
Diseases



The insurance companies can encourage and support their customers to get treatment early

Benefit to both insurance institute and their customers

Know Your Product (KYP)

Traditionally, KYP meant that financial advisors had to understand the basic characteristics of products (stocks, bonds, insurance, mutual

funds) before recommending them.

In modern FinTech, KYP becomes much broader:

continuously updating product information
estimating future prospects
evaluating risk

explaining recommendations with Al

in here, product can be stock

Task Information Source Goal

Earnings Call Transcript + Voice Predict stock risk

Analysis

Earnings Call Q&A Analyst—Executive Predict financial risk
dialogue

Analyst Behavior Analysts' questions Predict changes in analyst

forecasts
Numeral Financial tweets Build market indicators

Understanding

Earnings Conference Call Analysis

An earnings conference call

Main Contribution

Introduced multimodal (text + audio) financial prediction

Showed Q&A is more informative than prepared
speeches

Used semantic + pragmatic features to model analyst
decision making

Treated numerals as structured financial information
instead of plain text



a live audio meeting where a public company's top leaders discuss their financial results, share future goals, and answer questions
from market experts

contain text, audio data
papers :

What You Say and How You Say It Matters: Predicting Financial Risk Using Verbal and Vocal Cues
used to analyze both the transcripts (textual data) and vocal cues (audio data) from these calls to predict stock price volatility

can notice even if Text looks positive But voice sounds hesitant.
Predicts future stock volatility (financial risk)

Risk Prediction from Earnings Call Q&A
the Question & Answer section is often more informative than prepared speeches.
papers :
Financial Risk Prediction with Multi-Round Q&A Attention Network
Introduced attention over multiple Q&A turns.

Showed Q&A contains stronger predictive signals than prepared speeches.
Improved financial risk prediction.

Analyst Behavior Analysis
predict changes in financial forecasts by analyzing how professional analysts interact with company leaders during Q&A sessions
papers :

Modeling Financial Analysts' Decision Making via the Pragmatics and Semantics of Earnings Calls
analyze the programmatic and semantic features of the questions analysts ask to understand their underlying decision-making
process



to predict changes in analyst forecasts, such as adjustments to a company's "price target"

finding : specific analysis ask into more specific direction

Understanding Numbers in Social Media

utilizes social media data (such as Twitter) to extract numerals and construct indicators. Research shows that investors on social media
("the crowd") tend to be more progressive with their price targets compared to professional analysts, though following them can yield
similar results

papers :

Fine-grained Numeral Understanding in Financial Tweet



Summarizing Crowd Opinions into NLP

- ] - 'm
Indicators for Price Forecasting “Am-_
"'!?-.Twitter Monito.r.“"" ,r/ . Numeral Understanding ﬂ\*\ / = Ol Generation \

L

| $GS

SAAPL
Tweets

j|=

Y"‘HDD 1 $GS

S| Extracter ‘ J
/ ,f/\, ‘ $AAPL } |
' $GS ‘ $GS J F'nce

LY

$AAPL }_‘ SAAPL JJ\ |-—.
Support_| ... Sell-side | L

JN— AN R

S

Price Target
Support and Resistance
Buying price & Selling price

« extract and classified number into categories
» release The FinNum Benchmark Dataset:

Satisfy Your Customer (SYC)

the most important issue in the FinTech

Topic Main NLP Task

Wealth management Recommendation

Main Contribution

Combine news and prices to recommend portfolios



Topic Main NLP Task Main Contribution

Story ending prediction Narrative reasoning Shows narrative prediction methods can inspire financial
forecasting and advice

NClaim Claim detection Detect investment recommendations in analyst reports

Rational classification Argument mining Evaluate the quality of evidence supporting investment advice

Analyst report quality Text classification Predict whether analyst reports are reliable

Explainable recommendation Explainable Al Recommend products together with understandable reasons

Financial content Recommendation systems Personalize financial news and information

recommendation

Insurance recommendation Knowledge graph Recommend insurance products for cold-start users

recommendation

Wealth Management Suggestion
Help customers make investment decisions automatically.
papers

Stock Embeddings Acquired from News Articles and Price History, and an Application to Portfolio Optimization
The model combines stock prices & financial news to recommend investment portfolios

inside a neural network
to recommend investment portfolios.
Story Ending Prediction — Financial Advice

Story Ending Prediction is a task that needs to select an appropriate ending for the given story, which requires the machine to understand
the story and sometimes needs common-sense knowledge.



Professional analysts perform almost the same reasoning.
They

summarize facts
understand events
predict future outcomes

papers
Discriminative Sentence Modeling for Story Ending Prediction

NClaim Dataset

papers

NumClaim: Investor's Fine-grained Claim Detection



i ) NLP
Motivation *.\ Lab

Matioral Ta fwan Unfversiy

» Over 58.47% of sentences in analysis report contain at least one
numeral

* Investors always make a claim with an estimation
« (X) We estimate that the sales may growth
« (O) We estimate that the sales growth rate may exceed 40%

« The importance of fine-grained claims and the numerals.
» We estimate that the sales growth rate may exceed 5%
» We estimate that the sales growth rate may exceed 40%



NumClaim

» Chinese financial analysis reports

» The annotators work in the financial industry (bank’s treasury
department and hedge fund)

« The Cohen’s kappa agreements between the experts are 88.31%

+ 5,144 instances: 23.78% “In-claim” and 76.22% “Out-of-claim”

Sentence

We estimate that the sales growth rate may exceed 40%.

Professional audio/visual products account for 20%.

In-claim
Qut-of-claim

In-claim

Qut-of-claim

estimate 2.86
price target 2.80
downgrade  2.58
upgrade 1.55

lower/higher than -1.37

cause -1.37
last year -1.26
influence -1.25

NLP

Lab

Matioral Tahwan Universiy

g7

Designed for argument mining in the financial domain to identify and extract key claims made by investors.
Published with expert annotations, distinguishing between in-claim and out-of-claim numerical mentions (frequently used in tasks

like FinNum)

Investment Rationale Classification



After detecting claims, the next step is evaluating

the supporting evidence.

papers :

» Rationale Classification for Educational Trading Platforms

IDEA

Chen, Chung-Chi, Hen-Hsen Huang, and Hsin-Hsi Chen. "Fine-grained Financial
Opinion Mining: A Survey and Research Agenda." arXiv (2020): arXiv-2005.

1600
1400 +
L0 4
1000 <
o) 4
600
a0
-0 m
Lewel 1 Level 2 Level 3 Leved 4
oy Very simplistic Little thouwght A lot of thought
or no ar maninal ar very specific

researchianalysis researchianalysis research/analysis

Figure 1: Distribution of rationales by levels of thoughtfulness

I. A rationale contains little or no thought.

I

. A rationale contains research or analysis that is simplis-
tic or too general.
3. A ratnonale contains specific research or analysis.

4. A rationale contains an extensive amount of research or
analysis.

NLP
‘.1 Lab

Hatioral Taiwan Uiniversity

g9




Automates the classification of whether a student's rationale is thoughtful or not using convolutional neural networks (CNNs) and
support vector machines.

Accurate vs Inaccurate Analyst Reports
papers
Measuring Forecasting Skill from Text

forecasting skill can be accurately measured directly from the language used in predictions, proving that high-accuracy forecasters
exhibit distinct linguistic patterns (such as calibrated uncertainty, higher readability, and neutral tone) across geopolitical and financial
domains.

Explainable Recommendation

Traditional recommender : recommend stock A -> no explanation

Explainable recommender : recommended Stock A -> lower risk / similar return / fits your profile
papers

Try This Instead: Personalized and Interpretable Substitute Recommendation



Scenario O/:ﬁm[ab

MNational Taiwan University

“I want the same level of
camera performance

“Here are cellphones
With comparable
or better cameras:” W‘
Alex
>
lPhone 11 Pro Samsung
Galaxy S10 P30 Pro
“I am a fan of Apple”
Bella 9 +

iPhone 11 Pro iPhone XS iPhone 11

“Here are cellphones
also made by Apple:”

Samsung

A2CF: “Based on the item Galaxy Mega, you are currently browsing, & s;?:?vngzsa Sa’ m: instead because it comes with: better battery, better screensize,
Black 16GB  we recommend you to try u Black Smartphone for and better cord.”
Ll Verizon

User: “Although | wanted a white one (I bought a hard-shell case for color), this is simply the best cellphone | have ever had, and | will never want to trade it in when |
have to for something... I'm aging and eye-sight is diminishing, and only this phone (6'3" screensize[+]) is big enough for me to easily read.”

Biltwell Gringo Biltwell Solid : .
A2CF: “Based on the item Helmet Blast you are currently browsing, Bubble Shield instead because it comes with: better shield, better knuckle, and better
g Shield (Smoke, we recommend you to try [Amber, One colors.”
Large) Size)

User: “The quality of the product is very good. This is for my daughter who is relatively small and wears a small helmet. As a result, in order to get the snaps on both sides
snapped you have to somewhat distort the face shield|-]. There is nothing wrong with the face shield[+]..."

HP Officelet 4650 ”~
A2CF: “Based on the ite Wireless All-in-One You are currently browsing, - = ”gg;‘:;“" instead because it comes with: better price, better colors,
- on the item Photo Printer with we recommend you to try Q i One ,ﬂn;, and better quality.”
Mobile Printing

User: “I finally had to replace my ailing HP 5510 that finally decided that it wouldn't feed paper 50% of the time, and when it did, it often would change colors[-] half way
down a picture... This printer absolutely blows away my 5510 in all facets!... The pictures printed from the 4x6 tray are stunning! True photo lab quality[+].”

Generate recommendations with human-understandable explanations.

Personalized Financial News Recommendation



Every investor has different interests.
papers :
Next Cashtag Prediction on Social Trading Platforms with Auxiliary Tasks

introduces personalized next-cashtag prediction on social trading platforms by combining textual BERT representations with stock

price trends, using an Attentive Capsule Network trained jointly with market-driven auxiliary tasks (predicting mention growth and
stock profitability).

By combining what people write, how stock prices move, and what's trending, the Al gets really good at guessing the exact
$CASHTAG you'll want to talk about next!

ATBRG: Adaptive Target-Behavior Relational Graph Network for Effective Recommendation

constructs a dynamic, pair-specific sub-graph bridging user behaviors and the target item instead of representations over the entire
Knowledge Graph (which introduces noise and high computational cost).

Personalized Insurance Recommendation for new comers
Insurance differs from online shopping.
Problems

rarely purchased
complicated products

little historical data

Paper

DCDIR: A Deep Cross-Domain Recommendation System for Cold Start Users in Insurance Domain



Use
insurance knowledge graph

user behavior from another domain
to recommend appropriate insurance products.

Further Exploration

Crowdfunding

Crowdfunding is raising small amounts of money from many people online. Success depends heavily on persuasiveness

papers :

Let's Make Your Request More Persuasive: Modeling Persuasive Strategies via Semi-Supervised Neural Nets on Crowdfunding Platforms



Details

[ | Mar 5, 2017 - 6:21 pm PST

I am the first lender on this woman-lead group loan in

- Burma. This loan will be utilized to repair her old
duck farm and enable here to purchase nutritious
vt duck feed that can help boost duck egg production.
}:E','q‘;;";. This way, she will be able to support her children’s
| ¢ education in the future.

commitment concreteness impact

Strategy Top Ranked Keywords
Commitment | joined, lenders, loaning, lend, loan
just, join, loaned, made, lent
Concreteness | women, marmied, old, heads, year-old
money, sells, years, business, number

Emotion hard, thank, better, grief, great
maybe, help, please, thanks, happy

Identity promotion, shall, captain, form, number
spirits, lenders, member, team

Impact improve, new, better, products, money
to, use, business, more, order

Scarcity minutes, there's, now, soon, go

expire, hours, days, number, left

+ Builds a neural network to measure persuasiveness & identify persuasion strategies

« Using word- and sentence-level attention, the model not only predicts overall request success but also pinpoints which specific
words and sentence tactics contribute most to persuasive outcomes across different crowdfunding platforms
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* Lee, SeungHun, KangHee Lee, and Hyun-chul Kim. "Content-based
success prediction of crowdfunding campaigns: A deep learning
approach." Companion of the 2018 ACM Conference on Computer
Supported Cooperative Work and Social Computing. 2018.

» Kaminski, Jermain C., and Christian Hopp. "Predicting outcomes in
crowdfunding campaigns with textual, visual, and linguistic
signals." Small Business Economics (2019): 1-23.

The supervision signal is

| Number of lenders who funded the request.

FinBERT

Pretrained BERT on

financial documents

general text
to create a domain-specific language model

papers :

FinBERT: A Pre-trained Financial Language Representation Model for Financial Text Mining



Compliance Checking

Banks must follow many regulations. Manual compliance checking is

slow
expensive

inconsistent.

Paper
Deep Semantic Compliance Advisor for Unstructured Document Compliance Checking

Uses NLP to automatically compare regulations & company documents to detect compliance issues.

use Clause-Level Matching to find the most relevant standard reference clauses for any given contract clause.

use Statement-Level NLI to determines whether a contract statement semantically entails (complies with), contradicts (violates), or is
neutral toward a reference standard statement

Use Graph Neural Network (GNN) syntactic sentence encoder that builds dependency parse graphs of legal statements. This
allows the model to capture deep syntactic relationships and long-distance dependencies much better than standard sequential
encoders

Anti-Money Laundering (AML)

traditionally employees manually inspect customer records, transaction histories and news.

Paper

Pluto: A Deep Learning Based Watchdog for Anti Money Laundering



a distributed NLP batch system that uses paragraph embeddings and news clustering to automate adverse media screening,
reducing manual AML compliance workload by 67%

Human Resource Automation

traditionally employees manually inspect customer records, transaction histories and news.

Paper
Learning to Ask Screening Questions for Job Postings

propose a model to suggest screening question based on job posting
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We added screening questions based on your job description to help you identify qualified applicants (we recommend

adding 3 or more). Applicants must answer each question. Make sure to delete unneeded questions

Scrmenng Question Tampate

' How many years of work experience do you have usmgn Google Analytics

: ? X
Ideal Answer: 1 minimum Qualification type: Required ¥
e Tools-typed Screening Question
e g gy e AR Sorvesirq Qe o . ...,
l Have you completed the following level of educanon; Bachelor's Degree . v 7 x

Ideal Answer: Yes Qualification type: Required ~

: Do you speak Japanese

—--.--.-_..-rs ........

Ideal Answer: Yes Qualification type: Preferred ¥

Fluent in Japanese. ;mg[,,mmmpm ﬂ_a,,g,.age Japanese) Formatted Question:
15 P o B i L RS
»— | L= || t || [ana.z} |
Lp
| ouestion_ | ] [NuLL]; aumm‘ _I\__
Template” ‘Parameter - e g :
Classification : Extracton //,"E—*’ o
’ — L @p) |
—1 T .
| L S | [ ta |
Sentences w/ Template Label

Generated Questions Top-K Questions ‘I



Identity Verification

Paper

Are You for Real? Detecting Identity Fraud via Dialogue Interactions






IDEA

The fake personal information of a loan applicant:

School Company Residence

Nanjing University Baidu No.3 Gulou Street

System: Which university did you graduate from?
Applicant: Nanjing University.

System: Which company do you work for?
Applicant: Baidu.

System: Where do you live?

Applicant: No.3 Gulou Street.

Decision: Non-Fraud (Wrong)

System: When was Nanjing University founded?

Applicant: | am not sure.

System: Which is the nearest subway station to Nanjing University?
Applicant: | am not quite clear.

Decision: Fraud (Correct)

/ _ @ Manager \

@ Activate Worker

@ Extinct Worker

@ Explored Answer Node

O Not Explored Answer Node

Nanjing
University
Baidu

Zifeng Tower  Robin Li
Gulou Subway

Station

NLP
*.} Lab

Mational Taiwan University

28



knowledge graph-based questions that fraudsters are unlikely to know.

Human-Al Customer Service

Paper

Service Group: A Human-Machine Cooperation Solution for Group Chat Customer Service






i )
Scenario

[ ]
L1}
Mational Taiw
- Demo Sarvice Group & E Demo Service Group =
MocanTestong ﬁ {9 g B = MocanTaitorg # G g Ea
@ Mirghs @ Mg T‘lwhutﬂn:l;}he answeru* and
1ound a discount on the official website. = | recommendsit to the agent.
T~ Chitchat SRELHIDN O I So there is a "Quick Reply” tag.
o White fﬁ*a.:hmM Quick Reply || ignore
All right, thanks. Mg
@ This question has no preset answer.
White T e How 10 UP(race to & Premium member? Sothere isonly a “Ignere” tag to avoid
' te you thirik o can, you & & reiy: 1 notification.
Why cant | gat a discount? Question 4 e p
W repiy 1 e
| ‘Guick fepty | | ignove J o
Minghui
ServiceBot  sotot Agent answerstheguestion HOw 10 UPGrase to 2 Premium mambes?
“ #hack Quastion notification: manualy. Knowleoge
' — Extraction system saves this e
Why cant I get . Notification question answer pair. Ohinghul © Vou Con Upgrede to premium
maembership by paying a one-time membership fee
EfER o8 401
@ d % @ B E G E E - L' @d d DO € - L

Enter a message Enter 3 massage

(a) Question Notification (b) Answer Recommendation and Knowledge Extraction

:::": How to upgrade 1o a Premium member?

Robotrecommends related premium membercise oo ()
YU CaN UPOrate to DAEmILIM membersrep by paying 3 e 1 L
one-time membership fee Serviceiol oo
A customer asks a similar @J“_" | found related questions for you
qu l ’ ' tcanuﬂ' o 1D ||i:-gradt- 10 & Premaurm msmbeer S —
Bingius recaled
“'f",::,,"f R SEvadustnow After clicking the "Quick Reply” tag, e
Mirgnurecated  the recommended answers are
. displayed in the sidebar. Agent can ¥ <
@ S chick the button at the bottom to Robot reply the answer ServicaBot® How to 102 Premium member? .
| wandder how 10 BeEome 3 promium member reply with answer content content g b tmerl e
1 Uneaad
|' Chisck oy ' grade 0 Sevicefod wibat
i This is the serice group for Mora] > @Jack | found this answer fior you
mvailable batwemn DO 74:00 weekid ¥ou can upgrade to prameum mambership by paying
mary bee logged for quality § a one-time membership lee
Ropy
@ b % @B OB E D - 00X @EEECE - A

Crtmr = e -k Erbon =



-

{c) Answer Recommendation and Knowledge Extraction (d) Question Answering
[ J

« knowledge graph-based questions that fraudsters are unlikely to know.

Debt Collection Chatbot
papers :
Two-stage Behavior Cloning for Spoken Dialogue System in Debt Collection

S : NLP
cenario )\ Lab

Hatigenil Tinwai Uiiviity

Flow-based Robot [ |4antity _ 1 Robot: Hello, are you Tom? TSBC Robot
verification .l
il L
.. =t Customer: (1) Yes Policy Cloning
A Pass  Fail Robot: Your bill has expired, . ]
. 1 A o | Script Cloning |*
Negotiate Erid’ please repay it.
repa:rment Customer: @ | have no [-ﬁﬁlic?s.fcrip_t-]
time now.
. /lﬁmﬂm __Database _
w""”_‘_“ to pay / @ Unable to pay Robot: You need to repay Scripts:
A L ¥
End End Stress today to avoid worse effects. Policy: 1. Can you repay it today?
res;?:se - - h Ask repayment] 2 Sir, what time will you
p— ustomer: am busy now. i repay your loan?
Ask farinstaliment = /(3 Unrecognized | | | will repay it few days later. | | e
" Acespt intent pay ys 3. Can you find :1 way to pay
. o " + back tomorrow?
Negotiate timely End _ Robot response: Please Robot response: Sir, what
instalment TR repay soon, goodbye. (END) time will you repay your loan?

Debt Collection Chatbot

papers :



Unknown Intent Detection Using Gaussian Mixture Model with an Application to Zero-shot Intent Classification

TSBC replaces fragile, hardcoded dialogue decision trees in debt collection with a two-stage behavior cloning model that learns
high-level collection policies and selects candidate scripts directly from unannotated human collector call logs.

Learning with Weak Supervision for Email Intent Detection
Federated Learning
Financial institutions cannot freely share customer data. Instead of sending data,

each institution trains locally.
Only model parameters are shared.

papers :
Federated Meta-Learning for Fraudulent Credit Card Detection
Fraud Detection

papers :

Interpretable Multimodal Learning for Intelligent Regulation in Online Payment Systems
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S
i Transaction Feature | Transaction Anchor
i ;I —_— i Megative Texi-Transaction|
Toansastinn | E g Text2Trade Self-Attention TR
Cﬂ ¥ [ E. — 1 Block " Block "1 6 —/— Positive Text-Transaction
i Triplet Loss
- |- O
e | \
] Trade2Texi Self-Attention I
Text : % 1 |] H ﬂ . Blok |7 Block || & ———
| I b
; Text Feature = | <Y
g
Description Amourd | Average | Mas Lunch Diimviwies
Variange Ao e ArmpaEnt Time Time
G. 1?5 []-l FEEn PerE 35
the first "brand-directed” outlet mall in Talwan 0.100 0.11
a one-stop shopping expenience for duty free

a well-known world-class jewellery company today

143
built an Al detective called CIAN (used on Tencent's WeChat Pay) that checks if a shop's written description matches what they are

actually selling.

CIAN uses cross-modal and intra-modal attention to fuse merchant text descriptions with transaction flows, pairing it with a low-
rank matrix approximation explainer (CIAN-Explainer) for interpretable regulatory risk detection in WeChat Pay.

The Behavioral Sign of Account Theft: Realizing Online Payment Fraud Alert



Real-time Fraud Prevention and Detection (. N"'Eah

Mational Tarwan Ussseniny

" Exante Risk Prediction Module e ‘" Interim Fraud Detection Module

Terminating the Ongoing Transaction

Completng the Ongoing

|
i
|
|
] i ' A Transaction

Updating Transaction Sequence }

&.n Ongoing Transaction

Allowing Follow-up I ' . l
Transaction :

¥ I

1

Ex-ante

Locking the Account

Ir_.-—-—--—-----

D — H Time Amit Aut Moerchant Addr
. . - 7:50 100,00 Face 7 25

: : §:27 20.50 12 25

& [I D m 10:15 S00.00 Password 7 25
1:17 12535  Fingerprint 25

D D D m 20:37 13500  Password 25

The Example of Transaction Records.

. 4R
« This paper proposes an ex-ante account risk prediction framework that evaluates a user's recent transaction sequence window to

predict account compromise before a thief can initiate a fraudulent transfer.

Numeracy in Financial NLP

Numbers carry much more meaning in finance than in ordinary text.



papers :

Learning to Generate Correct Numeric Values in News Headlines

—— . NLP
Application Scenario *.) Lab

£0)

Natiznal Taiwar Usiversity

(Articlel) FED raises the rates, showing the confidence for
economic recovery. This also stimulates the European stock market,
|;9.pu:t:iall},r the export stocks, in which the Germany ones boosts by
6%.

(Article2) The numbers of manufacturing are in bad situation,
dragging the US stocks to pullback for 24 days. The NASDAQ
composite index of technology stocks drops down by 1.67%.

(Article3) Ride-hailing giant Uber released its first safety report on
Thursday, disclosing that it received a total of 5981 reports of
sexual assault incidents during its ride-hailing trips in the U.S. in

2017 and 2018.
Round
Copy
Paraphrase
(Headlinel) European Stock Takes a Rides of US Rates Raise. The
Germany Stock Rises by 2.6%.

(Headline2) US Manufacturing Stocks Struggle. NASDAQ
Composite Collapses by 1.7%.

(Headline3) Uber Discloses Nearly 6K Reports of Sexual Assaults

« Introduces a pretraining method to correctly select and generate numerical values when creating financial news headlines.

Table Understanding

Financial reports contain



balance sheets
income statements

financial tables

These cannot be understood using plain text models.

papers :

TABERT: Pretraining for Joint Understanding of Textual and Tabular Data
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NIHMTMUMH:;‘
In which city did Piotr's last 15t place finish occur? Utterance Token Representations Column Representations
Year | Venwe : Position ; Event In| |which| | eity | | did | .- ' Year | |venue |[Position ...
.................... Pesssrsnasspaasansnsnsannsnnnasanansnns L 4 L L ! 4 4
Ry | 2003 :Tampere : 3rd | EU Junior Championship
sasasasaslesansssnsane PEETTY PETTT TP PP TP Eree. [ Vertical Pooling ]
Ry | 2005 | Efun : 1u | FUU23 Championship
Lsssaaasss Fesaverees Hrsanenrrns Feussisnanrasassnsnceainses e
Ry | 2008 i lemit ! Imt i Universiade - .l-'l'ﬁl‘ll’ H.l-ﬁunm'-u l..lrﬂ' (xV)
Re | 2006 iMoscow | 2nd  iWorld Indoor Championship Ry tcts)| [In| [which| |eity | .. [7] [32005 | |Erture | | st | ..
& -aﬁ;--!a.-.----a.-;gn -JI-.-.‘-n--:-.-.-a.--a-.-.-a.----.--a.-a.--.--a.-.- & Ilm]| :n-l :mhhl |°1t' .' . ?" ‘.:q“ ] L :ﬂ: : I I.t ] -
Selected Rows as Content Snapshot ; {Ry, Rg, Re) Ry |cus)| (In| [which| |eity | ...[72] | 2007 | ‘pangkok| | 1se | ...
(A) Conteni Snapshat from Input Table (C) Vertical Self-Attention over Aligned Row Encodings
' (B} Per-row Encoding (for each row in content snapshol, using Jy as an example) ’
- Uiterance Token Veciors [ '
2 : d 2005 | | Erfurt | st &l Voctars | ¢
! fcLs) [1n| [which| | city | did] .. '
' = ' ot | Cell-wise Pooling l I Cell-wise Pooling I [ Cell-wise Pooling ] ]
: [ Transformer (BERT) ] "
:R. [CLS] Inwhich city did Piotr's ... [SEP] Year | real | 2005 [SEP] Venue | text | Erfurt [SEP] Position | text | st [BEP] ... .
o | e e s ssss s sssssssssssssssssssssssa s aas

TAPAS: Weakly Supervised Table Parsing via Pre-training

SPot: A Tool for Identifying Operating Segments in Financial Tables

Problems Faced




Challenges — Dataset

1. Data cannot be shared
« Alternative Plans
» Release De-ldentification Dataset
» Using Social Media Data

2. Few benchmark datasets for backtesting

3. Data held by different financial institutions
* Return data to its owner



Challenges — Task

—k

Cross-Platform Analysis
2. Encoding Data with Temporal Information
3. Explainable
« EU: Ethics Guidelines for Trustworthy Al
» Traceability Mechanisms
»  Auditability
4. Lifelong Learning Algorithm
5. Automatic Factor Discovery
6. MultiModal
7. Personalized Assistant
* Investment Advisor
* Insurance Advisor
«  Customer Service

Model Limitations in Fine-Grained Tasks: While current models can detect large anomalies, they struggle with "smaller modifications"
in financial numerals, which is a major issue for detecting false information

Regulatory Adaptation: Developing models that can automatically understand and check compliance when regulations or laws change
is a difficult but essential task for future research

Conclusion
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» Traditional Financial Institution
* Al-assisted Operation
» Provide Better Service
» Personal Finance = Scenario-Based Financial Services
» Automatically KYC
» Corporate Finance = Credit and Risk Management with Al
* Acquisitions and Partnerships

« Academics & FinTech Startups
* Novel Application Scenario & New Business Model
» Tailor-Made Domain-Specific Models

« Papers in Finance and NLP
» ACL Anthology: https://www.aclweb.org/anthology/

» SSRN: https://papers.ssrn.com/sol3/DisplayJournalBrowse.cfm 159




