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An Introduction to Trading
A Brief History

Trading, a form of communication as old as human civilization.
Emerged as a by-product of specialization and exclusive
access o resources. The oldest evidence of human trade is

found in Mesopotamia (modern day lrag) dating back to the
21° century BC to the Assyrians.

Early Trading Methods include:

0 ! | ong-distance trade on foot
9

A Use of domesticated animals
(horses, camels) for transport

A Tablet containing an account in

Barter systems evolving into | |
. Sumerian cungiform describing the S”’Q Road
commodity money, shell money, receiptof oxen |

and eventually coins and paper
currency
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Exchange and Capital Raising Through the ges

Monopolies and Funds (1600-1780s): Rise of early joint-stockR companies such as the Dutch East I
India Company (VOC), established in 1602, and the British East India Company (1600). These entities
pioneered large-scale trade finance, issuing shares to investors and dominating maritime commerce.

THE EAST INDIA COMPANY TRADE, c. 1800 " K L ® <
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Exchange and Capital Raising Through thigek

Globalization (1780s — Growth Until 1914): International trade expanded rapidly
with Improved transport and communication networRs. In 1851, [Paul Reuter
(founder of Reuters) used a submarine telegraph cable beneath the English
Channel to transmit markRet data between London and [Paris, replacing his
earlier networR of carrier pigeons.

Great Reversal: Disruptions caused by WWI, the Great Depression (1929), and
WWII halted globalization.

Return of Globalization (1980s-1990s): Deregulation, free-market policies, and
technological advancements reignited global capital flows.

Boom in Electronic MarRets (2000s). Rise of fully digital trading platforms,
high-frequency trading, and algorithmic strategies.

Reversal ? (2025). Rise of Tarrifs and nations shifting to self reliance in the
midst of global chaos and uncertainty may cause a reversal
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Just as social media democratized the economy, Al is
now democratizing and Rhowledge-based expertise.

Example: From Traders to Machines to I\ide

. b T

Early 2000s: electronic trading crushed manual execution. Costs and
commissions collapsed. Execution desRks shrank by ~907%. Traders didn't all
vanish, but most had to shift. Some moved to quant, risk, or ops. Some
stayed in prop or niche trading. Human execution became marginal.
Commissions collapsed 10x.

Now: Al is doing the same to quants and developers. Models write code,
lest ideas, and takRe over repetitive worRk.

[Pattern:
[Routine work gets automated.
Fewer people do more, at higher leverage.

Lesson:
Old edge = doing the work fast.
New edge = building the system that does it.
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The rise of Smart Machines

Over the past couple of decades computers have advanced in a way that it has reached the point of rivaling human

iNntelligence. This revolution is called artificial intelligence.

/Artificial Intelligence (Al). computer systems dedicated o
performing tasks close to human intelligence, such as speech
recognition, language translation, and visual perception. It Is the
dntelligence of software as opposed to the intelligence of humans.

Late 1980s > 2000

Statistical Approach & First

NetworkArd ectraa Large Language Models [LLMs)

1950 > Mid 1980s i arly 2000s > 2(
Early Days & Rule-Based Recurren idden ':L.r;n,g Deep Learning & the Rise of Neural RoBERTa, D.:.eE-_ERTq. GPTNeo FlanTs, LLal.-'IaF,
Neural arkov Short-Term BART, TS, TO0,GPT-3 PaLM, Bard, GPT-4,
Appioaches Memory” Networks GPT-2 BLOOM, Claude
(LSTM) ChatGPT
enhanced
RNN models
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Language Al refers to a subfield of Al that
focuses on developing technologies capable
of understanding, processing, and generating
human language. The term Language Al can
often be used interchangeably with natural
language processing (NLIP) with the continued
success of machine learning methods In
(ackRling language processing problems. We
use the term Language Al to encompass
lechnologies that technically might not be

LL.Ms but still have a significant impact on the
fleld.



The rise of Smart Machines
LLMs as Language interface - new PC/iphone moment

Over the past couple of decades computers have advanced in a way that it has reached the point of rivaling human
intelligence. This revolution is called artificial intelligence.

Generative Transformer
Adversarial Models,

LSTM: Long short- : Networks, Google

Sequence-to-  pyblishes .
Chomsky ALPAC Term Memory , Google Brain, sequence seminal Agentlc Al ..
publishes discredits ' Pre-trained  learning & work Pre-trained mOdGIS mimic
seminal work  the promise : word the encoder- “Attention language .
“Syntactic of machine Late 1980s > 2000 embeddings decoder isAllYou models (e.g., human I_Ogﬁ
Structures™  translation Statistical Approach & First (Word2Vec)  architecture  Need B}

1957 1966 Network Architectures - 2013 2014 2017 2018 Large Language Models (LLMs]

1950 > Mid 1980s 1985 1989 997 Early2000s > 2018

Early Days & Rule-Based Recurrent  Hidden “Long ' : : RoBERTa, DeBERTa, GPTNeo FlanT5, LLaMa,

A };nac)l;es _ s Markov Shegt Maros Deep Lekarnmg & the Rise of Neural SARLTE. 30/0FTE oyl - A
PP Networks  Models Memory” Networks GPT-2 BLOOM, Claude

(RNNs) (HMMs) for (LSTM) ChatGPT

World's fl rst . speech enhanced Attention iS Models Banana,

- Veo 3,
recognition RNN models

chatbot: ELIZA | All you Need

LLM's reasoning

Gemini Ultra, GPT-5,
Claude 3, Agentic
Deepseek,  Al,_Grok 4,
Reasoning Nano

LLM’s understand Grammar very well
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Where Al performance breaks down

Al models.do not fail everywhere. They fail
in-specific gaps.

They perform well on tasks and data they
have seen, but struggle when examples,
steps, orreasoning patterns are missing.
This often-appears'as hallucinations:
confident outputs that are incorrect or
incomplete.

You find these gaps through
experimentation. You fill them by adding
targeted examples and by breaRing
complex tasks into smaller, explicit steps.
This reduces missing reasoning and
makes the model aware of what it does not
Rnow.

Mind the gap between apparent capability
and true understanding.

‘Mind the Gap!

Understanding the Limits of Al
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unified in one system. That is super math. That is a super mathematician. Same in

is this: elite data from elite experts. Example: If we can
capture the reasoning patterns, intuition, and niche Rnowledge of top mathematicians, we can fine tune
an LLM into something that has never existed before, a single coherent mathematical intelligence built
from many elite minds. Instead of rare expertise being fragmented across individuals, it becomes




Where Al performance breaks down

« Alrperformance drops as tasR
complexity'increases, with
growinguncertainty (Gap) and
hallucinations.

o Model improvements shift
capability to-the right, but
performance decay remains.

e Some complexity-levels form
a hidden capability wall that

models may not reliably cross.

o Al workflows (Algorithm)
Reep humans in control.
TasRkRs are manually broRen
into smaller steps with
explicit logic to stay in high-
reliability regions.

Al agents automate this
process. They decide how to
decompose tasRks, call tools,
and act autonomously, but
still face uncertainty and
limits.

Al performance

Mind the Gap: Al Performance vs Task Complexity
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Chaos midst simplicity

After traini_ng: We can generate text by predicting one My—m rSes frOm
wordtetime very simple rules of gravity

Word Probability
% speak 0.065 - .
/ P . 3 . -
A trained language model can : generate 0.072 e - s i ]
& v A X
Input o politics 0.001 - . . : :".1
walk 0.003 Iy y . -
I S S S-S ] r_T . o -
LLMs are an example of whal’ o - -
called “Generative A1” Output at step 1 .
L J ...-....
A\ The next token - » - A
b . g . Probability -8 " ’
prediction is = Gl "
. . ability 0.002 - -
Ve ry S| mple N text 0.084 )
principle but coherent 0.085 4 N . : . "GN
+ | . v of
the results are oy .- N4 .
0.041 T, .

too complex to
com prehend Output at step 2
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Financial LLM Applications

LINGUISTIC TASKS

Linguistic tasks harness the power of Al to
process vast amounts of unstructured text
data, enabling better decision-making in
finance.

Refs: Lee et al. (2025) FinLLMs; Bridging
Finance and AI Survey (2025); From Deep
Learning to LLMs (2025)

SENTIMENT ANALYSIS

Sentiment analysis utilizes AI to gauge
market sentiment from news articles and
social media, providing valuable insights for
traders and investors.

TIME SERIES REASONING

Time series reasoning involves analyzing
historical financial data, helping predict
future trends and inform investment
strategies through advanced Al models.



Harnessing LLMs for
Sentiment Analysis

SCALING INSIGHTS

Large Language Models (LLMs) enhance sentiment analysis by generating
nuanced insights from unstructured data, transforming how financial narratives
are interpreted and acted upon.

Refs: FinSentLLM arxiv.org/abs/2509.12638 | ChatGPT and the Stock Market
(2024) | What is Financial Sentiment? (2025)

.....

o #
2



Beyond Sentiment Analysis

STRUCTURED EVENTS

Structured Event Representation focuses on
extracting critical details about who did what
to whom in financial contexts.

KNOWLEDGE GRAPHS

Knowledge graphs leverage LLMs to extract
enterprise relations, enhancing our ability to
visualize complex interconnections in
finance.

REASONING MODELS

Fin R1 and Fino1 are advanced reasoning
models that implement a chain of thought
specifically tailored for finance-related
predictions and analyses.

Refs: Fin-R1 (2025) | Fino1
arxiv.org/abs/2502.08127 | Knowledge
Graph-Driven Forecasting (2025) |
Structured Event Representation (2025)



Integrating Al Insights
iInto Portfolio

Management

AI-DRIVEN DECISION MAKING ;'j’f
. _—Z X
Leveraging LLM insights enhances portfolio optimization, allowing for smarter & . A J
investment strategies that adapt to market changes and investor goals. | ",,»’Z,f N __._-_,r
o — -

. . . 7 .
Refs: Black-Litterman + LLM Views (2025); HARLF (2025); Decision-informed o
NNs (2025); Sentiment-augmented RL (2025) P 2%







Foundation Models
Transforming Financial
Time Series

REVOLUTIONIZING DATA ANALYSIS

Financial time series data requires specialized models to address its unique
characteristics, including noise, non-stationarity, and regime changes.

Refs: Kronos arxiv.org/abs/2508.02739 | FinCast (2025) | Re(Visiting) TSFMs
(2025) | Dual Adaptation ICML 2025




Integrating News and
Price Data for Insights

MULTIMODAL DATA FUSION

This approach enhances forecasting by combining textual news data with price
movements, enabling better volatility predictions and informed trading decisions.

Refs: Cross-Modal Temporal Fusion (2025); Multimodal Language Models (2025);
FinMultiTime (2025)




Understanding Market
Microstructure
Through Al

VISUALIZING LIMIT ORDER BOOKS

AI models analyze market microstructure, optimizing trade execution by
interpreting limit order books, enhancing liquidity and pricing efficiency in real-
time markets.

Refs: TradeFM from JPMorgan (2026) | LOBERT arxiv.org/abs/2511.12563 |
TLOB arxiv.org/abs/2502.15757 | Deep LOB Briola et al. (2025)



Understanding LLM
Behavior Under
Uncertainty

EVALUATION FRAMEWORK

This framework characterizes LLM performance across risk, ambiguity, and
paradox, identifying crucial dimensions for effective deployment in finance.

Refs: Financial Brain Scan arxiv.org/abs/2508.21285 | LLM Knows Geometry

(2025) | Kong et al. arxiv.org/abs/2602.14233 | Risk, Ambiguity, and Infinity:

Behavioral Signatures of Modern Large Language Models (2025)
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Ambiqguity and
Paradox in LLMSs

ELLSBERG’S URN

GPT-4 consistently avoids selecting from an
ambiguous urn, showcasing its risk-averse
behavior in uncertain scenarios and decision-
making processes.

ST. PETERSBURG GAME

In the St. Petersburg paradox, GPT-4 aligns closely with
human baselines, demonstrating its ability to engage
effectively in complex decision-making challenges.

Refs: Risk, Ambiguity, and Infinity: Behavioral Signatures
of Modern Large Language Models (2025); A Financial
Brain Scan of the LLM (2025); When LLMs Go Abroad:
Foreign Bias (2025)




A a0

The Five Sins

Kong et al. (2026): 164 papers reviewed. No single bias in >28% of studies.
Biases compound to create an illusion of validity.

Look Ahead Bias occurs when future Survivorship Bias excludes failed firms from 3. Narrative Bias: LLM generates plausible
information inadvertently influences model analysis, creating a misleading view of but ungrounded causal stories.
predictions, leading to overly optimistic performance by only considering successful
results and flawed evaluations. entities in the dataset.

4. Objective Bias: Training rewards
confidence over calibrated uncertainty.

STRUCTURAL VALIDITY FRAMEWORK: FIVE PILLARS FOR DEPLOYMENT READINESS. 76% OF 5. Cost Bias: Ignores Iatency inference cost
PRACTITIONERS SAY EVALUATION TOOLS ARE SCARCE.

REFS: KONG ET AL. ARXIV.ORG/ABS/2602.14233 | AL AGENT MISINFORMATION (2025) | and trading friction.
SOCIAL GROUP BIAS (2025) | FROM TASKS TO TEAMS (2025)

Refs: Kong et al. arxiv.org/abs/2602.14233



Trust and Regulation In
Financial Al

ENSURING ETHICAL PRACTICES

Building trust in AI for finance requires robust regulations and a solid framework
that prioritizes ethical considerations and transparency in decision-making.

Refs: The Agentic Regulator (2025); CFA Explainable AI Report (2025); BIS Al
Explainability Paper (2025); US Treasury Al Risk Framework (2026)




The Complexity of
Prediction In Finance

ACCURACY VS. PROFIT

Understanding that prediction accuracy does not guarantee profitability is
crucial in finance, as chaotic market behavior often leads to unexpected
outcomes.

Refs: LiveTradeBench (2025); TradeTrap (2025); Can LLM-based Strategies
Outperform? (2025)




LLM Behavior
Under
Uncertainty

Number of words processed by LLMs during their training

| T |

GPT-4

H parameters
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NewsWitch from Zanista

WA ZAMNISTA

80% of financial data is unstructured: news, filings, calls, social o B —

media. LLMs unlocR this layer. .
:;.. ”””””” |

Evolution: dictionary methods — Vector Embeddings — GPPT ';;::f:m | i

sentiment. Dense embeddings capture entity relationships, —

narrative framing, semantic drift. ""”“"‘“"

NewsWitch: ~IM articles/day, RAG pipelines + PCA for

scalability. —
Refs: hitps.//zanista.ai/products/newswitch = e |
\ /[ & A \

) Disctaimer
[ p— ot Tanipta a1
i sty GFT4n
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https://zanista.ai/products/newswitch

From Signals to Decisions: Multi-Agent Trading

TradingAgents (UCLA/MIT 2025): analyst agents collaborate via structured debate
) T—— 0

MASS, MASFIN: Decomposed financial

e reasoning, each agent specializes.

5 LEARNING 6 ACTUATORS
ELEMENT

Mew Insights

REASONING
ENGINE

I
I
I
I
I Signals to Portfolios
I

I

1 »
| I
= . : GOALS ‘@ o R — ? . .
2 | i *EBIM@ B S Black-Litterman + LLM views. HARLF:
0 @ ! 'S _ : . . . . . .
i | | 8 | Rule-based Eeatud Ergetion ' S E Hierarchical RL with sentiment. Hybrid:
x & i Adaptive
= : Knowedge Graph i 5 i _ I% Model Training = sentiment + macro + technical.
I3 I ecisian I ol A
o = B - ik i 1
z : - | erence (B8] wriiey ocets dapt, Updete & Froty Prediction accuracy # trading profit. The
) | . A - - "‘} gap is non-trivial.
i ; B | @
| I =
; / ' R @ Refs: TradingAgents
. - | arxiv.org/abs/2412.20138 | MASS
Tokenization ; Word Embeddings; I a:
Contextual Analysis _ (202 5) I MASFIN

arxiv.org/abs/2512.21878 | BL+LLM
(2025) | HARLF (2025) | Trading-RI

EXTERNAL KNOWLEDGE () Al AGENTS F;T MEMORY ) l ENVIRONMENT arxiv.org/abs/2509.11420
SOURCES B

MULTI-AGENT ARCHITECTURE MULTI-AGENT ARCHITECTURE

API caLLS (i)

INTERACTION

| 4
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MarRet Participants

Who's Who In Finance

How It All Connects:

o Corporations issue shares or bonds (they need
money).

@ Jane Street | [»/iA\ | g e Sell Side (broRers/dealers) helps move those

securities to investors.

e Buy Side (investors) provide the money in exchange
for shares/bonds.

o« MarkRet MakRers/HFTs Reep the system running
smoothly by maRking sure there’'s always someone to
buy or sell at any moment.

k -
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Al bubble?

Cumulative Return Around Dot-Com Bubble (Mar 1999 - Mar 2001) Cumulative Return: NASDAQ vs S&P 500 (Last 1 Year)

Cumulative Return
Cumulative Return

1999-04 1999-07 099-10 2000-01 2000-04 2000-07 2000-10 2001-01 2001-04 2024-11 2025-01 2025-03 2025-05 2025-07 2025-09
Date Date

3-Month Rolling Correlation (Daily Returns): NASDAQ vs S&P 500 (1999-Today)

2004 2012 2016
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https://github.com/zanistaai/AI-in-Finance

DATA ACCESS

LLMs enable access to 80 percent of
unstructured financial data, enhancing
insights and decision-making capabilities in
the finance sector.

Refs: FinSentLLM arxiv.org/abs/2509.12638
| LLMs in Equity Markets
doi.org/10.3389/frai.2025.1608365

Key lakeaways

ENGINEERING CHALLENGES

Transitioning from signals to decisions

requires careful engineering to ensure

effective integration of AI models into
traditional financial workflows.

Refs: Bridging Finance and AI Survey (2025);
From Deep Learning to LLMs (2025)

DOMAIN SPECIFICITY

Foundation models need domain specific

training to accurately reflect the unique

characteristics and dynamics of financial
data for optimal performance.



BIASES

LLMs exhibit measurable behavioral biases
that can impact decision-making and
reliability in financial contexts, leading to
suboptimal outcomes.

Refs: Financial Brain Scan
arxiv.org/abs/2508.21285 | When LLMs Go
Abroad (2025)

Kong et al. arxiv.org/abs/2602.14233

Key lakeaways

RESEARCH VALIDITY

The five sins of evaluation undermine
research validity, affecting the credibility of
results and findings within the financial Al
landscape.

PROFITABILITY

Prediction accuracy does not guarantee
profit, highlighting the complexity of market
behavior and the challenges of translating
insights into successful trades.



Key lakeaways

OVERSIGHT PREDICTION CHAOQOS
Human oversight is essential in AI-driven Prediction accuracy does not automatically  Simple rules can produce chaotic behavior in
finance to ensure ethical decisions and translate to trading profit; success requires a markets and LLMs, complicating the
mitigate risks associated with automated deep understanding of market dynamics and relationship between signals and actionable
trading systems. behavior. trading decisions.

Refs: The Agentic Regulator (2025); US
Treasury Al Risk Framework (2026)
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Chronologically Consistent LLMs, He et al. (2025) arxiv.org/abs/2510.11677

When LLMs Go Abroad: Foreign Bias (2025)

Al Agent Misinformation in Financial Decision-Making (2025)

Social Group Bias in Al Finance (2025)

LLM Knows Geometry Better than Algebra (2025)

BENCHMARKS

FinBen: Holistic Financial Benchmark (Xie et al. NeurIPS 2024) arxiv.org/abs/2402.12659
InvestorBench: Financial Decision-Making Benchmark (ACL 2025) arxiv.org/abs/2412.18174
Open FinLLM Leaderboard (Lin et al. 2025) arxiv.org/abs/2501.10963

REGULATION

The Agentic Regulator: Al Governance Framework (2025)
CFA Explainable Al Report (2025)

BIS: Al Explainability in Finance (2025)

US Treasury Al Risk Management Framework (2026)

SURVEYS

Bridging Finance and Al: Comprehensive Survey (2025)

From Deep Learning to LLMs: Al in Quant Investment (2025)

The New Quant: LLMs in Financial Prediction (Fu, 2025) arxiv.org/abs/2510.05533
A Survey of Financial Al (Liu, 2024) arxiv.org/abs/2411.12747

LLMs in Equity Markets (Jadhav & Mirza, Frontiers in Al 2025)

FinLLMs, Lee et al. (Neural Computing & Applications, 2025)

LLM Agent in Financial Trading: A Survey, Ding et al. (2026)

LLM Agents for Investment Management (ACM ICAIF 2025)

Bybee, Kelly & Su. Narrative Asset Pricing (Yale, RFS 2023)

A Review of LLM Agent Apps in Finance (Batra et al. 2025)

LLMs for Financial Apps: Progress & Challenges (Nie et al. 2024) arxiv.org/abs/2406.11903
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Thank you!

arman.khaledian@zanista.ai
https://zanista.ai/

https://www.linkedin.com/in/armankhaledian/
Schedule a call: https://calendly.com/arman-khaledian-zanista/30min



mailto:arman.khaledian@zanista.ai
https://zanista.ai/
https://www.linkedin.com/in/armankhaledian/
https://calendly.com/arman-khaledian-zanista/30min

	From Signals to Decisions: Scaling AI in Finance
	An Introduction to Trading
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	Early Trading Methods include:
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	Transformer Models,
	Google Brain,

	Language AI refers to a subfield of AI that focuses on developing technologies capable of understanding, processing, and generating human language. The term Language AI can often be used interchangeably with natural language processing (NLP) with the continued success of machine learning methods in tackling language processing problems. We use the term Language AI to encompass technologies that technically might not be LLMs but still have a significant impact on the field.
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	The rise of Smart Machines  LLMs as Language interface - new PC/iphone moment
	Over the past couple of decades computers have advanced in a way that it has reached the point of rivaling human intelligence. This revolution is called artificial intelligence.
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	Generative Adversarial Networks,
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	AI models do not fail everywhere. They fail in specific gaps.
	They perform well on tasks and data they have seen, but struggle when examples, steps, or reasoning patterns are missing. This often appears as hallucinations: confident outputs that are incorrect or incomplete.
	You find these gaps through experimentation. You fill them by adding targeted examples and by breaking complex tasks into smaller, explicit steps. This reduces missing reasoning and makes the model aware of what it does not know.
	Mind the gap between apparent capability and true understanding.
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	Long-Only Investors: Mutual funds, pension funds, Vanguard, Fidelity. They pool money from regular people and invest it.
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	Hedge Funds (Long-Short): Like Citadel or Point72. They use more complex strategies, betting both on prices going up and down.
	Sell Side: These are the middlemen who help buy-side clients trade.
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	Dealer: Trades with their own money, providing liquidity (used to be a major revenue source before regulations like Dodd-Frank limited them).


	Market Participants
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	High-Frequency Traders: Use super-fast computers and networks to trade in fractions of a second.
	Can also connect with retail trading apps like Robinhood or E*Trade to aggregate liquidity.
	How It All Connects:
	Corporations issue shares or bonds (they need money).
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	Buy Side (investors) provide the money in exchange for shares/bonds.
	Market Makers/HFTs keep the system running smoothly by making sure there’s always someone to buy or sell at any moment.
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