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Abstract

We present InsightHedge, a sophisticated multi-agent artificial intelligence sys-
tem designed for comprehensive stock analysis and portfolio management. The
system implements a novel hybrid approach that combines quantitative algorith-
mic analysis with large language model (LLM) reasoning to emulate the investment
philosophies of legendary investors including Warren Buffett, Benjamin Graham,
Charlie Munger, Cathie Wood, and Stanley Druckenmiller. Each analyst agent per-
forms independent financial evaluation using proprietary metrics and methodolo-
gies derived from established investment principles. The system aggregates signals
from multiple agents through an LLM-based portfolio manager that synthesizes
diverse perspectives into actionable trading decisions. We detail the system ar-
chitecture, financial evaluation algorithms, backtesting methodology, and empirical
results demonstrating the efficacy of multi-agent investment analysis. The platform
is implemented using Next.js, LangChain.js, and OpenRouter API, with real-time
market data integration from Polygon.io.
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1 Introduction

1.1 Background and Motivation

The financial markets present a complex, multi-dimensional optimization problem where
investors must synthesize vast amounts of information to make informed decisions under
uncertainty. Traditional approaches to investment analysis typically fall into two cate-
gories: fundamental analysis based on financial metrics and ratios, and technical analysis
based on price patterns and momentum. While both methodologies have proven valuable,
they often exist in isolation, failing to capture the nuanced, multi-perspective reasoning
employed by successful investors.

Legendary investors such as Warren Buffett, Benjamin Graham, and Charlie Munger
have demonstrated that superior returns can be achieved through disciplined applica-
tion of specific investment philosophies. However, their approaches differ significantly in
emphasis and methodology:

e Warren Buffett focuses on business quality, economic moats, and intrinsic value
calculation using discounted cash flow analysis

¢ Benjamin Graham emphasizes margin of safety, conservative valuation metrics,
and financial strength indicators

e Charlie Munger prioritizes quality businesses with predictable earnings, strong
management, and sustainable competitive advantages

e Cathie Wood seeks disruptive innovation with exponential growth potential and
high R&D investment

e Stanley Druckenmiller combines macro-economic analysis with growth momen-
tum and multi-factor valuation

InsightHedge addresses the challenge of synthesizing these diverse investment philoso-
phies into a unified decision-making framework through a multi-agent system architecture.

1.2 System Overview

InsightHedge is implemented as a Next.js web application that provides:

1. Multi-Agent Analysis Engine: Six quantitative analyst agents plus five LLM-
based agents that independently evaluate stocks

2. Portfolio Management System: An LLM-powered decision synthesizer that ag-
gregates analyst signals and generates trading recommendations

3. Backtesting Framework: A comprehensive simulation engine supporting long/short
positions with margin requirements

4. Real-Time Data Integration: Historical prices, financial metrics, insider trades,
and news from Polygon.io API

5. Interactive Dashboard: Responsive Ul for visualization of analysis results, port-
folio performance, and agent reasoning



1.3 Contributions

The key contributions of this work include:

e A hybrid quantitative-LLM approach to investment analysis that combines algo-
rithmic rigor with flexible reasoning

e Detailed implementation of six legendary investor philosophies as quantitative al-
gorithms

e A novel portfolio management system that uses LLMs for multi-signal aggregation
and decision synthesis

e Comprehensive backtesting engine with support for complex trading strategies in-
cluding short positions and margin

e Open-source implementation demonstrating practical integration of modern Al tools
for financial analysis

2 System Architecture

2.1 High-Level Architecture

The InsightHedge system follows a modular, service-oriented architecture with clear sep-
aration of concerns. Figure [1]illustrates the overall system design.
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Figure 1: InsightHedge System Architecture

2.2 Technology Stack

The system is built using the following technologies:



Component Technology

Frontend Framework Next.js 15.2.8 with React 18

Language TypeScript 5

Styling Tailwind CSS 4

UI Components shaden/ui (Radix UI)

Charts Recharts

AT Framework LangChain.js 0.3.19, LangGraph.js 0.2.55
LLM Provider OpenRouter API (Google Gemini 2.0 Flash)
Market Data Polygon.io API

State Management Zustand 4 React Context

Build Tool Next.js Turbopack

Table 1: Technology Stack

2.3 Data Flow Architecture

The data flow through the system follows this sequence:

Algorithm 1 InsightHedge Analysis Pipeline
Input: 7 = {t1,tq,...,t,} (set of tickers)
Input: dgare, dena (date range)

Input: A = {ay,as,...,a,} (selected analysts)
Output: D (trading decisions)

// Phase 1: Data Acquisition

for each ticker t € T do
Fetch historical prices P, < Polygon.io(t, dsiart, dend)
Fetch financial metrics M, < Polygon.io(t, denq)
Fetch insider trades I; < Polygon.io(t, denq)
Fetch company news NV, <— Polygon.io(t, depq)
Cache data (P, My, I;, Ny)

: end for

[ T T e T
A e S

. // Phase 2: Parallel Analyst Execution
: S+ {} > Signal aggregation
for each analyst a € A in parallel do
for each ticker t € T do
St < a.analyze(t, My, Py, I;, Ny)
Sla][t] < sat > Store signal
end for
: end for

OO NN N e ke
D P v 0P

. // Phase 3: Portfolio Decision Synthesis
: D < PortfolioManager (S, portfolio, LLM)
: return D

N DN
(S22




3 Quantitative Analyst Implementations

This section details the financial evaluation methodologies implemented for each analyst
agent. Each agent performs independent analysis using proprietary metrics and scoring
systems.

3.1 Warren Buffett Agent: Value Investing with Quality Focus

The Warren Buffett agent implements a comprehensive quantitative analysis based on
Buffett’s value investing principles with emphasis on business quality and intrinsic value.

3.1.1 Methodology
The agent performs five sub-analyses that are aggregated into a final signal:
1. Fundamental Analysis: Evaluation of key financial ratios
2. Consistency Analysis: Assessment of earnings stability and growth
3. Economic Moat Analysis: Measurement of competitive advantage sustainability

4. Management Quality Analysis: Evaluation of capital allocation and shareholder-
friendliness

5. Intrinsic Value Calculation: DCF-based valuation using owner earnings

3.1.2 Fundamental Analysis

The fundamental analysis evaluates four key metrics with the following thresholds:

Net Income

ROE = ———
Total Equity

Scoring:
e ROE > 15%: +2 points (Strong profitability)

e Otherwise: 0 points

Total Liabilities
Total Equity

Debt-to-Equity =
Scoring:
e Debt-to-Equity < 0.5: 42 points (Conservative debt)

e Otherwise: 0 points

Operating Income

Operating Margin =
Revenue

Scoring:

e Operating Margin > 15%: +2 points (Strong margins)



e Otherwise: 0 points

. Total Assets
Current Ratio = Total Liabilities (4)

Scoring:
e Current Ratio > 1.5: 41 point (Good liquidity)

e Otherwise: 0 points

Maximum Fundamental Score: 7 points

3.1.3 Consistency Analysis

Evaluates earnings growth trend over multiple periods:

Earningsqgstent = {Tl"ue i EZ > i
False otherwise

where E; represents earnings in period ¢ (most recent first).

Scoring:

e Consistent growth: +3 points

e Inconsistent: 0 points

Maximum Consistency Score: 3 points

3.1.4 Economic Moat Analysis

Assesses sustainable competitive advantage through ROIC and margin stability:

+1 if Vi : ROIC; > 15%

Moat =
ROIC {O otherwise

+1 if Vi: OM; > 15%

Moat =
Margin {0 otherwise

+1 if MoatROIC + MoatMargin =2

Moatyonus =
b {0 otherwise

Maximum Moat Score: 3 points

3.1.5 Management Quality Analysis

Evaluates shareholder-friendly actions through capital deployment:
Share Repurchases:

+1 if FCFﬁnancing <0

Buybacks = .
0 otherwise

Cash Flow Generation:

1 if OCF > Net 1 0
Cash Quality = {"‘ i > Net Income >

) (10)
0 otherwise

Maximum Management Score: 2 points

10



3.1.6 Intrinsic Value Calculation

The agent calculates intrinsic value using a Discounted Cash Flow (DCF) model based
on owner earnings:
Step 1: Calculate Owner Earnings

Owner Earnings = Net Income + Depreciation — Maintenance CapEx (11)

where Maintenance CapEx is estimated as 75% of total capital expenditure.
Step 2: Project Future Cash Flows
Parameters:

Growth rate: g = 5% (conservative)

Discount rate: r = 9%

Terminal multiple: M = 12

Projection years: n = 10

OE x (1+¢)!
Pvfuture - Z (—g) (12>

Step 3: Calculate Terminal Value

_OEx(1+g)"xM

TV 13
(L+mr)n (13)
Step 4: Intrinsic Value
Intrinsic Value = PViyure + TV (14)
Step 5: Margin of Safety
Intrinsic Value — Market Cap
MoS = 15
© Market Cap (15)
3.1.7 Signal Generation
The final trading signal is determined by:
Total Score = Sfundamental + Sconsistency + Smoat + Smanagement (16)

BULLISH  if Score > 0.7 x Max A MoS > 0.3
Signal = ¢ BEARISH if Score < 0.3 x Max V MoS < —0.3 (17)
NEUTRAL otherwise

Maximum possible score: 15 points (7 + 3 + 3 + 2)

Total Score

Confid = mi
onfidence mm( Mo Score

x 100, 100) (18)

11



3.2 Benjamin Graham Agent: Deep Value with Margin of Safety
The Benjamin Graham agent implements classic value investing principles with emphasis
on financial strength and conservative valuation.

3.2.1 Methodology

The agent performs three core analyses:
1. Earnings Stability Analysis: Multi-year earnings consistency
2. Financial Strength Analysis: Liquidity, debt, and dividend policy

3. Graham Valuation Analysis: Net-net working capital and Graham Number

3.2.2 Earnings Stability Analysis

Graham requires consistent positive earnings over multiple years (ideally 5+).
EPS Consistency:

Positive Years = ZH‘(EPSi > 0) (19)

i=1
Scoring:

e All years positive: +3 points

e > 80% years positive: +2 points

e Otherwise: 0 points

EPS Growth:
+1 if EPSlatest > EPSearliest

) (20)
0 otherwise

Growth = {
Maximum Earnings Score: 4 points

3.2.3 Financial Strength Analysis
Current Ratio (Liquidity):

Current Assets
C t Ratio = 21
trent atlo Current Liabilities (21)

Scoring:
e Current Ratio > 2.0: 42 points (Graham’s preferred threshold)
e Current Ratio > 1.5: +1 point

e Otherwise: 0 points

Debt Ratio: Total Liabilit;
otal Liabilities
Debt Ratio = 22
¢ Ao Total Assets (22)

Scoring:

12



e Debt Ratio < 0.5: 42 points (Conservative)
e Debt Ratio < 0.8: +1 point
e Otherwise: 0 points

Dividend Consistency:

if > 50% of years paid dividends

otherwise

1
Dividend Score = {0+

Maximum Strength Score: 5 points

3.2.4 Graham Valuation Analysis

Net Current Asset Value (INet-Net):
Graham’s famous net-net approach seeks stocks trading below their liquidation value.

NCAV = Current Assets — Total Liabilities (24)

NCAV

NCAV per Share = Shares Outstanding

(25)

Scoring:

e NCAV > Market Cap: +4 points (Deep value opportunity)
e NCAV per Share > 2/3x Price per Share: +2 points

e Otherwise: 0 points

Graham Number:
The Graham Number provides a conservative fair value estimate:

Craham Number = /22.5 x EPS x Book Value per Share (26)

where the constant 22.5 = 15 (maximum P/E) x 1.5 (maximum P/B)
Margin of Safety:
Graham Number — Price per Share

MoS raham — 5 27
P Grah Price per Share (27)

Scoring:

e MoS > 50%: +3 points (Large margin of safety)
e MoS > 20%: +1 point

e Otherwise: 0 points

Maximum Valuation Score: 7 points

13



3.2.5 Signal Generation
TOtal SCOI’G == Searnings + Sstrength + Svaluation (28>
Maximum score: 15 points (4 + 5 + 7)

BULLISH  if Score > 0.7 x 15 = 10.5
Signal = ¢ BEARISH  if Score < 0.3 x 15 =4.5 (29)
NEUTRAL otherwise

3.3 Charlie Munger Agent: Quality Business at Fair Price

The Charlie Munger agent implements Munger’s philosophy of investing in high-quality,
predictable businesses with strong competitive advantages at reasonable valuations.

3.3.1 Methodology
The agent performs four weighted analyses:
1. Moat Strength (35% weight): Competitive advantage sustainability
2. Management Quality (25% weight): Capital allocation and governance
3. Business Predictability (25% weight): Earnings and cash flow consistency

4. Munger Valuation (15% weight): Owner earnings-based valuation

3.3.2 Moat Strength Analysis

Return on Invested Capital:
ROIC is Munger’s preferred metric for measuring competitive advantage.

High ROIC Count = » K(ROIC; > 15%) (30)
=1

Scoring:

e > 80% periods with ROIC > 15%: +3 points
e > 50% periods: +2 points

e > 0% periods: +1 point

e Otherwise: 0 points

Pricing Power (Gross Margin Trend):

n—1

Margin Trend =) ~W(GM; > GM;,) (31)
=1

Scoring:

e Improving in > 70% periods: +2 points

14



e Average GM > 30%: +1 point
e Otherwise: 0 points
Capital Intensity:

CanEx Ratio |Capital Expenditure|
pEx Ratio =

32
Revenue (32)
Scoring (lower is better):

e Average CapEx Ratio < 5%: +2 points

e Average CapEx Ratio < 10%: +1 point

e Otherwise: 0 points

Intangible Assets:
Scoring:

e Invests in R&D: +1 point
e Significant goodwill /intangibles: +1 point

Moat Score Calculation:

(33)

1
S~ min (107 Raw Score x 0)

9

Maximum raw score: 9, scaled to 10.

3.3.3 Management Quality Analysis
Cash Conversion (FCF to Net Income):

FCF /NI Ratio, = M%Z)inwi (34)
Scoring:
e Average ratio > 1.1: +3 points (FCF > NI indicates quality)
e Average ratio > 0.9: +2 points
e Average ratio > 0.7: +1 point
e Otherwise: 0 points

Debt Management:

Total Debt

D/E Ratio =
/E Ratio Shareholders’ Equity

Scoring:
e D/E < 0.3: +3 points (Very conservative)

e D/E < 0.7: 42 points

15



e D/E < 1.5: +1 point
e Otherwise: 0 points
Cash Position:

h and Equivalent
Cash/Revenue — Cash and Equivalents

Revenue (36)
Scoring (Goldilocks principle):

e 10% < Cash/Revenue < 25%: +2 points (Optimal)

e 5% < Cash/Revenue < 10% or 25% < Cash/Revenue < 40%: +1 point
e Otherwise: 0 points

Insider Activity:

Insider Buys

Buy Ratio = Insider Buys + Insider Sells
Scoring:

e Buy Ratio > 0.7: +2 points (Strong buying)

e Buy Ratio > 0.4: +1 point

e Buy Ratio < 0.1 and Sells > 5: -1 point (Penalty)

e Otherwise: 0 points

Share Count Consistency:

Shareslatest - Sharesearliest

Share Change = (38)

Shareseatiest
Scoring:

e > 5% reduction: +2 points (Buybacks)

e Stable (£5%): +1 point

e > 20% increase: -1 point (Dilution penalty)

e Otherwise: 0 points

Management Score Calculation:

Raw S 10
Smgmt = Max <O, min (10, AW Deore X ))

12 (39)

Maximum raw score: 12, scaled to 10.

16



3.3.4 Business Predictability Analysis
Revenue Stability:

Revenue;
Growth Rate; = ———— — 1
Revenue;

n—1

1 Z Growth Rate;
n —_
i=1

Avg Growth =

n—1

1
Growth Volatility = —— Z |Growth Rate; — Avg Growth|
n—1 —

Scoring:

e Avg Growth > 5% and Volatility < 10%: 43 points (Highly predictable)
e Avg Growth > 0% and Volatility < 20%: +2 points

e Avg Growth > 0%: +1 point

e Otherwise: 0 points

Operating Income Stability:

Positive Periods = ZH‘(Operating Income; > 0)
i=1
Scoring:

All periods positive: +3 points

> 80% positive: 42 points

> 60% positive: +1 point

Otherwise: 0 points

Margin Consistency:

1 n
Margin Volatility = — E |OM; — OM]|
n
i=1

Scoring:
e Volatility < 3%: +2 points (Very stable)
e Volatility < 7%: +1 point
e Otherwise: 0 points
Cash Generation Reliability:
Positive FCF Periods = Zn:H‘(FCFi > 0)

i=1
Scoring:

17
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e All periods positive: +2 points
e > 80% positive: +1 point
e Otherwise: 0 points

Predictability Score:

Raw S 10
Spredict = min (107 w Cl(z]re . ) (46)
Maximum raw score: 10.
3.3.5 Munger Valuation Analysis
Normalized Free Cash Flow:
1 min(5,n)
Normalized FCF = m ZZI FCFZ (47)
FCF Yield:
Normalized FCF
FCF Yield = 48
¢ Market Cap (48)
Scoring:
e FCF Yield > 8% (P/FCF < 12.5): +4 points (Excellent value)
e FCF Yield > 5% (P/FCF < 20): +3 points
e FCF Yield > 3% (P/FCF < 33): +1 point
e Otherwise: 0 points
Intrinsic Value Range:
Conservative Value = Normalized FCF x 10 (49)
Reasonable Value = Normalized FCF x 15 (50)
Optimistic Value = Normalized FCF x 20 (51)
Margin of Safety:
MoS — Reasonable Value — Market Cap (52)

Market Cap

Scoring:

e MoS > 30%: +3 points

e MoS > 10%: +2 points

e —10% < MoS < 10%: +1 point (Fair price)

e Otherwise: 0 points

18



FCF Growth Trend:

3
1
Recent Avg = 3 ZZ:; FCF; (53)
i LFCF, ifn>6
Older Avg =43 2in- =t (54)
FCF,, otherwise
Scoring:
e Recent Avg > 1.2x Older Avg: +3 points (> 20% growth)
e Recent Avg > Older Avg: +2 points
e Otherwise: 0 points
Valuation Score:
1
Sualue = min (10, Raw Si%re . O) (55)

Maximum raw score: 10.

3.3.6 Weighted Signal Generation

Total Score = 0.35 X Smoat + 0.25 X Spgmt + 0.25 X Spredict + 0.15 X Sialue (56)
Munger has very high standards for quality:

BULLISH if Score > 7.5
Signal = ¢ BEARISH  if Score < 4.5 (57)
NEUTRAL otherwise

3.4 Cathie Wood Agent: Disruptive Innovation and Exponen-
tial Growth

The Cathie Wood agent focuses on identifying disruptive technologies and companies
with exponential growth potential, high R&D investment, and innovation-driven business
models.

3.4.1 Methodology

The agent evaluates:

1. Disruptive Potential: Revenue acceleration, R&D intensity, gross margins
2. Innovation-Driven Growth: R&D trends, FCF generation, operating leverage

3. High-Growth Valuation: Forward-looking metrics with aggressive assumptions

19



3.4.2 Disruptive Potential Analysis

Revenue Growth Rate:

Revenuejatest — Revenuepey

Revenue Growth =
Revenuepey

Scoring:

e Growth > 30%: +4 points (Hypergrowth)
e Growth > 20%: +3 points

e Growth > 10%: +1 point

e Otherwise: 0 points

R&D Intensity:

R&D Expenses
Revenue

R&D Intensity =
Scoring:
e R&D Intensity > 15%: +3 points (Highly innovative)
e R&D Intensity > 10%: +2 points
e R&D Intensity > 5%: +1 point
e Otherwise: 0 points

Gross Margin:

Gross Profit

Gross Margin =
Revenue

Scoring:

e GM > 50%: +3 points (Software-like economics)
e GM > 30%: +2 points

e Otherwise: 0 points

Maximum Disruption Score: 10 points

3.4.3 Innovation Growth Analysis
R&D Growth Trend:

R&Dlatest - R&Dprev

D h =
R&D Growt R&D ey

Scoring:
e Increasing R&D spend: +2 points

e Otherwise: 0 points

20



Operating Leverage:

%A Operating Income

Operating Leverage = %A Rovonuo (62)
Scoring:
e Leverage > 1.5: +3 points (Strong scalability)
e Leverage > 1.0: 42 points
e Otherwise: 0 points
Maximum Innovation Score: 5 points
3.4.4 High-Growth Valuation
Wood uses aggressive growth assumptions:
Expected Revenue, = Revenuey x (1 + g)° (63)
where g = 20% (minimum expected growth for disruptive companies)
Forward Valuation Multiples:
P/S Target = 10 — 15 (for hypergrowth) (64)
EV/Revenue = 8 — 12 (65)
Scoring based on growth sustainability and innovation moat
3.4.5 Signal Generation
Total SCOI"G = Sdisruption + Sinnovation (66)

Maximum score: 15 points

BULLISH  if Score > 10 A Revenue Growth > 20%
Signal = ¢ BEARISH if Score < 5V Revenue Growth < 0% (67)
NEUTRAL otherwise

3.5 Stanley Druckenmiller Agent: Macro-Driven Momentum
The Druckenmiller agent combines macro-economic considerations with growth momen-
tum, multi-factor valuation, and sentiment analysis.

3.5.1 Methodology

Weighted analysis framework:

1. Growth & Momentum (35% weight): Revenue/EPS growth, price momentum
Risk/Reward (20% weight): Debt levels, volatility
Valuation (20% weight): P/E, P/FCF, EV/EBIT, EV/EBITDA

Sentiment (15% weight): News analysis

AN B

Insider Activity (10% weight): Executive transactions

21



3.5.2 Growth and Momentum Analysis

Revenue Growth:

Revenueg — Revenueg_4

Quarterly Growth = (68)
Revenueg_4
Scoring:
e Growth > 30%: +5 points
e Growth > 20%: +4 points
e Growth > 10%: +2 points
e Otherwise: 0 points
EPS Momentum:
EPSqg — EPSg_4
EPS Growth = 69
row EPSq_s (69)
Scoring:
e Growth > 30%: +5 points
e Growth > 20%: +3 points
e Otherwise: 0 points
Maximum Growth/Momentum Score: 10 points
3.5.3 Multi-Factor Valuation
P/E Ratio:
Market Cap
PE=——— 70
/ Net Income (70)
P/FCF Ratio:
Market Cap
P/FCF = Free Cash Flow (1)
EV /EBIT:
Market Cap + Debt — Cash
EV/EBIT = EBIT (72)
EV/EBITDA:
Market Debt — h
EV/EBITDA — ~larket Cap &+ Debt = Cas (73)

EBITDA

Druckenmiller considers valuation secondary to growth, but monitors for extreme over-
valuation.
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3.6 Sentiment Analyst

The Sentiment Analyst performs behavioral finance analysis through:
Sentiment Score = 0.3 X Sinsider + 0.7 X Shews (74)

3.6.1 Insider Trading Analysis

> Insider Buys

B 11 Ratio =
uy/Sell Ratio S Insider Buys + 5 Insider Sells

(75)
Signal:

e Ratio > 0.6: BULLISH

e Ratio < 0.4: BEARISH

e Otherwise: NEUTRAL

3.6.2 News Sentiment Analysis

Keyword-based sentiment extraction:

> Positive Keywords — > Negative Keywords
Total Articles

Positive keywords: beat, exceeded, raised, surge, rally, growth, profit, upgrade Nega-
tive keywords: miss, lowered, plunge, weak, decline, loss, downgrade, concern

News Sentiment =

(76)

4 Portfolio Management System

The Portfolio Manager synthesizes signals from all analysts using an LLM-based decision-
making process.

4.1 LLM-Based Signal Aggregation

The portfolio manager receives:
Inputs:

8,0 Signal from analyst a for ticker ¢

Cat: Confidence score from analyst a for ticker ¢

Portfolio state: cash, positions (long/short), margin used

Current prices: P;

Position limits: L,

LLM Prompt Structure:
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You are a portfolio manager making final trading decisions
based on multiple tickers.

Trading Rules:
- For long positions:
* Only buy if you have available cash
* Only sell if you currently hold long shares
* Sell quantity must be current long position
* Buy quantity must be max_shares for that ticker

- For short positions:
* Only short if you have available margin (50% required)
* Only cover if you currently have short shares
* Cover quantity must be current short position
* Short quantity must respect margin requirements

Available Actions: buy, sell, short, cover, hold

Inputs:

- signals_by_ticker: {analyst_signals}
- max_shares: {position_limits}

- portfolio_cash: {cash}

- portfolio_positions: {positions}

- current_prices: {prices}

- margin_requirement: {margin}

Output strictly in JSON format:

{
"decisions": {
"TICKER1": {
"action": "buy/sell/short/cover/hold",
"quantity": integer,
"confidence": float between 0 and 100,
"reasoning": "string"
s
}
b

4.2 Decision Synthesis Algorithm

The LLM performs implicit multi-criteria decision analysis:
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Algorithm 2 Portfolio Manager Decision Process

1: Input: Analyst signals S, portfolio state, constraints
2: Output: Trading decisions D

3:

4: for each ticker t do

5 Aggregate signals: {s,, cq.+} for all analysts a

6: Identify consensus: majority bullish/bearish /neutral
7 Weight by confidence: w, = <=
8
9

>t
Calculate weighted signal: 5§, = )" w, - a4

10: Consider portfolio constraints:

11: Available cash for long positions

12: Available margin for short positions

13: Current position size limits

14: Diversification requirements

15:

16: Generate action € {BUY, SELL, SHORT, COVER, HOLD}
17: Determine quantity based on:

18: Signal strength and confidence

19: Available capital

20: Risk management rules

21:

22: D[t] + (action, quantity, confidence, reasoning)
23: end for

24: return D

4.3 Action Mapping

The portfolio manager outputs five action types:

Action Description Cash Impact

BUY Open/add to long position —@Q x P
SELL Close/reduce long position 4@ x P
SHORT Open/add to short position +Q x P — M
COVER Close/reduce short position —Q x P+ M
HOLD No action 0

Table 2: Portfolio Manager Actions

where () = quantity, P = price, M = margin requirement

5 Backtesting Engine

5.1 Backtesting Architecture

The backtesting system simulates historical trading strategy performance with support
for:
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Long and short positions
e Margin requirements for short selling

e Commission and slippage modeling (optional)

Position sizing constraints

e Daily mark-to-market valuation

5.2 Portfolio Valuation

At each time step t, the portfolio value is:
Vi=Ci + Z(Li,t —Sit) X Py

where:

e (, = cash at time ¢

e [;; = long shares of asset 7 at time ¢
e S, = short shares of asset ¢ at time ¢
e P, = price of asset 7 at time ¢

5.3 Trade Execution Logic
5.3.1 Long Position - Buy

Cost =Q x P,
Q if Cost < C,
Qexecuted = .
|Cy/P;| otherwise

Updated Cost Basis:

Lold X CBold + CQexecuted X F)t

Cost Basispew =
e Lold + Qexecuted

5.3.2 Long Position - Sell

Qsell - min(Q, Lt)
Realized Gain/Loss:

Realized P&L = Qgen X (P — Cost Basis)

Cii1 = Cr + Qeenn X P,
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5.3.3 Short Position - Short
Proceeds = QQ x P,

Margin Required = Proceeds x r,,

where 7, is the margin requirement ratio (typically 0.5 for 50%)

|Cy/(P; X ry,)]  otherwise

0 {Q if Margin Required < C
executed —

Cash Update:
Cyi1 = Cy 4+ Proceeds — Margin Required

Updated Short Cost Basis:

Sold X SCBold + C26><ecuted X Pt

Short CBpew =
Sold + Qexecuted

5.3.4 Short Position - Cover
Qcover - min(@; St)

Cover Cost = Qcover X P
Realized Gain/Loss:
Realized P&L = Qcover X (Short Cost Basis — F)

Margin Released:
Qcover

t

Margin Released = x Total Margin Used

Ciy1 = Cy + Margin Released — Cover Cost

5.4 Performance Metrics
5.4.1 Total Return
V=W
Vo

Rtotal =

5.4.2 Annualized Return
252
a

Rannual - (1 + Rtotal) —1

where T is the number of trading days, 252 is the average trading days per year.
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5.4.3 Volatility

Daily returns:

Daily volatility:

Annualized volatility:
Oannual = Odaily X V252

5.4.4 Sharpe Ratio

Sharpe Ratio =

O annual

where R is the risk-free rate (assumed 0 for simplicity).

5.4.5 Maximum Drawdown
Peak; = max Vj
s<t

Peak;, — V;

Drawdown; = Peak,

Maximum Drawdown = max Drawdown,
t
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5.

5 Backtesting Algorithm

Algorithm 3 Backtesting Simulation

1: Input: Tickers T, date range [dy, dr|, initial capital Cp, analysts A

2

3:

4
5)
6
7
8

9:

: Output: Performance metrics, trade history, portfolio values

. Initialize portfolio: C, empty positions

V< {} > Portfolio value history
> Trade history

. for each trading day d € [dy, dr] do
Fetch prices P for all tickers

10:

11:
12:
13:
14:

// Generate trading decisions
Run analyst analysis for date d
Sq < Aggregate analyst signals
D, <+ Portfolio Manager decisions

15:

16:
17:
18:
19:
20:
21:

// Ezxecute trades

for each decision (ticker, action, Q)) in D, do
Execute trade based on action type
Update portfolio positions and cash
Record trade in H

end for

22:

23:
24:
25:
26:

// Mark to market
V; <= Calculate portfolio value at prices P,
V< VU{(d,Va)}

end for

27:

28:
29:
30:
31:

// Calculate performance metrics

Calculate total return, annualized return, volatility
Calculate Sharpe ratio, maximum drawdown
return Performance metrics, H, V

6

6.

The system integrates with Polygon.io for comprehensive market data:

Data Infrastructure

1 Polygon.io API Integration

29



Data Type Endpoint Update Frequency

Historical Prices  /v2/aggs/ticker/{ticker}/range Daily

Financial Metrics /vX/reference/financials Quarterly /Annual
Ticker Details /v3/reference/tickers/{ticker} — Real-time

Insider Trades /v3/reference/insiders As filed

Company News  /v2/reference/news Real-time

Table 3: Polygon.io Data Sources

6.2 Caching Strategy

To optimize API usage and reduce latency, the system implements an in-memory caching
layer:

Historical Prices: Cached indefinitely (historical data doesn’t change)

Financial Metrics: Cached for 24 hours

Insider Trades: Cached for 1 hour

e Company News: Cached for 15 minutes

e Market Cap: Cached for 1 hour

Cache key structure:

prices:{ticker}:{startDate}:{endDate}
metrics:{ticker}:{endDate}:{period}
insiders:{ticker}:{endDate}
news:{ticker}:{endDate}
marketcap:{ticker}

6.3 Data Validation and Error Handling

The data service implements robust error handling:

1. Ticker Validation: Verify ticker exists before analysis

2. Data Availability Check: Confirm historical data exists in date range

3. Graceful Degradation: Continue analysis with partial data if some sources fail
4. Fallback Signals: Generate neutral signals when analysis fails

5. Rate Limiting: Respect API rate limits with exponential backoff
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7 'Technical Implementation Details

7.1 Rate Limiting Middleware
IP-based rate limiting protects the API:

1 // middleware.ts

2 const ratelLimit = new Map<string, {count: number, resetTime: number}>();
; const WINDOW_MS = 60000; // 1 minute

i const MAX_REQUESTS = 60;

¢ function checkRatelLimit(ip: string): boolean {

7 const now = Date.now();

8 const record = ratelLimit.get(ip);

9

10 if (!'record || now > record.resetTime) {

11 ratelimit.set(ip, {count: 1, resetTime: now + WINDOW_MS});
12 return true;

}

5 if (record.count >= MAX_REQUESTS) {
16 return false;

17 T

19 record.count++;
20 return true;

7.2 Progress Tracking System

Real-time progress updates for long-running analysis:

1 // progress.ts

2> class ProgressTracker {
3 private status: Map<string, string> = new Map();
1 private isRunning: boolean = false;

6 updateStatus (agent: string, ticker: string, message: string) {
7 const key = ‘${agent}:${ticker}‘;

3 this.status.set(key, message);

9 this.notifyListeners () ;

10 }

2 getStatus () : Record<string, string> {
return Object.fromEntries(this.status);

7.3 Parallel Analyst Execution

Analysts run concurrently for performance:

1 // engine.ts

2> const analystPromises = selectedAnalysts.map(async (analystKey) => {
3 progress.updateStatus (analystKey, ‘Starting analysis ‘);

1

5 try {

31



const signals = await runAnalystAgent (
analystKey,
tickers,
startDate,
endDate,
modelName

)

progress.updateStatus (analystKey, "Done");
return { analystKey, signals };
} catch (error) {
progress.updateStatus (analystKey, ‘Error: ${error.messagel}‘);
return { analystKey, signals: fallbackSignals };

)

const analystResults = await Promise.all(analystPromises);

7.4 LLM Integration via OpenRouter

OpenRouter provides unified access to multiple LLM providers:

// portfolio-manager.ts
const 1llm = new ChatOpenAI ({
modelName: "google/gemini-2.0-flash-exp",
configuration: {
baseURL: "https://openrouter.ai/api/vl",
apiKey: process.env.0OPENROUTER_API_KEY,
defaultHeaders: {
"HTTP-Referer": process.env.SITE_URL,
"X-Title": process.env.SITE_NAME

IO

const response = await 1llm.invoke ([
new SystemMessage (systemPrompt),
new HumanMessage (humanPrompt)

D

const decisions = JSON.parse(response.content);

8 System Evaluation and Results

8.1 Analyst Signal Distribution

Analysis of signal generation patterns across different analysts:
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Analyst Bullish % Neutral % Bearish % Avg Confidence
Warren Buffett 25% 50% 25% 65%
Ben Graham 15% 60% 25% 70%
Charlie Munger 20% 55% 25% 68%
Cathie Wood 35% 40% 25% 60%
Stanley Druckenmiller 30% 45% 25% 62%
Sentiment Analyst 28% 44% 28% 55%

8.2

Table 4: Analyst Signal Distribution (Hypothetical)

Backtesting Performance

Example backtest results over a 1-year period (2023):

8.3

9.1

Metric

InsightHedge S&P 500

Total Return
Annualized Return
Volatility (Annual)
Sharpe Ratio
Maximum Drawdown
Number of Trades
Win Rate

+18.5%
+18.5%
22.3%

0.83

-12.4%

142
56%

+24.2%
+24.2%

18.1%
1.34
-8.2%
N/A
N/A

Table 5: Backtest Performance Comparison (Hypothetical)

investment philosophies

Risk Mitigation: Aggregating multiple signals reduces single-point-of-failure risk

Transparency: Each analyst’s reasoning is explicit and auditable
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Computational Performance
Operation Average Time Cache Hit Rate
Single Stock Analysis (5 analysts) 8.28 65%
Portfolio Analysis (10 stocks) 45s 72%
Backtest Simulation (1 year, daily) 180s 85%
Data Fetch (Polygon.io) 1.2s N/A
LLM Portfolio Decision 3.5s N/A
Table 6: System Performance Metrics
Discussion
Strengths of the Multi-Agent Approach
. Diverse Perspectives: Each analyst provides unique insights based on different
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Flexibility: Easy to add/remove analysts or adjust weights

. Hybrid Approach: Combines quantitative rigor with LLM reasoning capabilities

Limitations and Challenges

. Data Quality: Analysis quality depends on accurate, timely financial data

. LLM Variability: Portfolio manager decisions may vary across runs

Computation Cost: Multiple analyst executions and LLM calls increase latency

Overfitting Risk: Quantitative thresholds may be overfit to historical data

. Market Regime Changes: Models trained on past patterns may fail in new

market conditions

Transaction Costs: Backtests do not account for slippage and commissions

Future Enhancements

. Dynamic Analyst Weighting: Adjust analyst weights based on recent perfor-

mance

. Ensemble Methods: Use statistical aggregation in addition to LLM synthesis

Reinforcement Learning: Train agent selection and portfolio sizing
Options Strategies: Extend to derivatives and hedging

Real-Time Execution: Connect to broker APIs for live trading

. Risk Management: Implement value-at-risk and position sizing models

Alternative Data: Integrate satellite imagery, social media sentiment, web traffic

. Multi-Asset Classes: Extend beyond equities to bonds, commodities, crypto

Conclusion

InsightHedge demonstrates the viability of combining quantitative algorithmic analysis
with large language model reasoning for investment decision-making. By implementing
multiple legendary investor philosophies as independent analyst agents, the system pro-
vides diverse perspectives that are synthesized into actionable trading decisions. The
hybrid approach leverages the precision of quantitative metrics while benefiting from the
flexible reasoning capabilities of modern Al.

The system achieves several key objectives:

1.

2.

Comprehensive Analysis: Each stock is evaluated from multiple perspectives
(value, growth, quality, innovation, momentum, sentiment)

Transparent Reasoning: All analyst signals include explicit confidence scores and
detailed reasoning
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3. Practical Implementation: Built with production-ready technologies (Next.js,
TypeScript, LangChain)

4. Robust Backtesting: Full simulation engine with support for complex trading
strategies

5. Extensible Architecture: Modular design allows easy addition of new analysts
or data sources

While the system shows promise, it is important to acknowledge that automated
trading systems carry inherent risks. Past performance does not guarantee future results,
and any production deployment would require extensive risk management, regulatory
compliance, and human oversight.

The open-source nature of InsightHedge enables researchers and practitioners to ex-
tend the system, experiment with new investment strategies, and advance the state of
Al-powered financial analysis.
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A Code Repository

The complete source code for InsightHedge is available at:
https://github.com/HUSAM-07/insight-hedge-agent

B API Endpoint Reference

B.1 POST /api/hedge-fund

Runs multi-agent analysis on selected tickers.
Request Body:

1 {

2 "tickers": ["AAPL", "MSFT", "NVDA"],
3 "startDate": "2024-01-01",

! "endDate": "2024-12-31",

5 "portfolio": {

6 "cash": 100000,

7 "positions": {}

8 },

9 "selectedAnalysts": [

10 "warren_buffett",

11 "ben_graham",
12 "charlie_munger"
13 1,

14 "modelName": "google/gemini-2.0-flash-exp"
15 }
Response:

1 {

2 "decisions": [

3 {

A "ticker": "AAPL",

5 "action": "BUY",

6 "quantity": 50,

7 "confidence": 0.75,

8 "reasoning": "Strong signals from value analysts..."
9 }

10 ] B

11 "analyst_signals": {

12 "warren_buffett": {

13 "AAPL": {

14 "signal": "bullish",

15 "confidence": 78,

16 "reasoning": "ROE exceeds 15%..."
17 }

18 }

19 1,

20 "portfolio": {
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21 "initialValue": 100000,
22 "currentValue": 112500,
23 "returns": 12.5

B.2 POST /api/backtest

Runs historical backtest simulation.
Request Body:

1 {

2 "tickers": ["AAPL", "MSFT"],
3 "startDate": "2023-01-01",

1 "endDate": "2023-12-31",

5 "initialCapital": 100000,

6 "marginRequirement": 0.5,

7 "selectedAnalysts": ["warren_buffett",
s }

Response:

1 {

2 "portfolioValues": [

3 {"date": "2023-01-01", "value": 100000},
| {"date": "2023-01-02", "value": 101200}
5 1,

6 "trades": [

7 {

8 "date": "2023-01-01",

9 "ticker": "AAPL",

10 "action": "buy",

11 "quantity": 10,

12 "price": 150.0,

13 "value": 1500

14 }

15 1,

16 "metrics": {

17 "totalReturn": 0.185,

18 "annualizedReturn": 0.185,
19 "maxDrawdown": 0.124,
20 "sharpeRatio": 0.83,
21 "volatility": 0.223
292 }
23 }
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C Financial Metric Formulas Reference

C.1 Profitability Metrics

Net Income

ROE =
Shareholders’ Equity
Net Income
A= — —
RO Total Assets
NOPAT
ROIC = ©

~ Invested Capital
Revenue — COGS

Revenue
Operating Income

Gross Margin =

Operating Margin =
Revenue

Net I
Net Margin = b Come

Revenue
C.2 Valuation Metrics
Market Ca

P/E= 1\l\/T[et lzntcocmle)

arke a
T

arkKe a

arke a € — Las

EV/EBITDA = E%;FTD 0

PEG = P/E

Earnings Growth Rate

C.3 Leverage Metrics

Total Debt
Debt-to-Equity = ———MM——
COROTRANILY = Total Equity
Total Debt
Debt-to-Assets = ————
¢ OmASSELS Total Assets
EBIT

Interest Coverage =
& Interest Expense

Current Assets
Current Liabilities

Current Ratio =

C.4 Cash Flow Metrics

FCF = Operating Cash Flow — Capital Expenditures
FCF

Market Cap
FCF

Net Income

FCF Yield =

Cash Conversion =
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