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N o n - L i n e a r  S i g n a l s
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Spaces, Hilbert Spaces, and RKHS
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Mathematical Spaces: The Playground of Data

N o n - L i n e a r  S i g n a l s

6

• A "space" is a set of objects + rules for how 
they relate

• Defines what exists (points, vectors, 
functions) and what you can do with them

• Euclidean space (Rn): Finite dimensions (X, 
Y, Z). Our intuitive 3D world

• Hilbert space (H): Infinite dimensions. 
Points can be functions or curves
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Hilbert Spaces: The Infinite Playground

N o n - L i n e a r  S i g n a l s

7

• Hilbert space (H): Infinite dimensions. Points can 
be functions or curves

• A single "point" can be a function, signal, or time 
series

• Examples in our model:

• Limit order book snapshots
• VPIN sequences
• Tick-level order flow

• Powerful structure for complex data 
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Setbacks of a Low Dimensional Model

N o n - L i n e a r  S i g n a l s

Three Dimensional SetbacksTwo Dimensional Setbacks
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Kernels: The Similarity Engine
N o n - L i n e a r  S i g n a l s

Matérn Kernel Polynomial Kernel RBF/Gaussian Kernel
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Reproducing Kernel Hilbert Space (RKHS) - Making the Infinite 
Computable

N o n - L i n e a r  S i g n a l s

• A special type of Hilbert space with a 
reproducing kernel

• RKHS maps points that are not linearly 
separable in low dimensions to a high-
dimensional space that could reveal 
hidden relationships 

• Kernel Trick: Don’t have to use high 
degree polynomials 

• Avoids high computation costs and risk 
of overfitting
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Nonlinear signals in RKHS
N o n - L i n e a r  S i g n a l s

• Nonlinear signals in finance are 
everywhere:

• Example: Price impact vs. order flow 
(curved, not straight)

• Find nonlinear signals lift them into 
Hilbert space make them linear.

• Compute the "infinite" via kernel trick
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Layer Overview

12
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Mapping the Market's Clocks – Fast Kernels
L a y e r s  O v e r v i e w

Moving from Abstract space to Market Reality

Event Time Over Calendar Time – Fast Kernal

• Financial markets don't run on a standard clock but on events
• Standard clocks dilute high-frequency signals

Example:

• Dollar Bars: Sampling data only once a fixed dollar volume 
transacts

• Result: Normalizes the arrival date of information and stabilizes 
calculations
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Mapping the Market's Clocks – Fast/Slow Interaction

L a y e r s  O v e r v i e w

Multi-scale Data Integration

• Mechanics:

• Fast Kernels: Microstructure and order flow (Event-time)

• Slow Kernels: Macro and volatility regimes (Calendar-time)

• Fast/Slow Interaction: Tensor Products force RKHS to capture non-linear relationships
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Kernel 1 – Limit Order Book (LOB)
L a y e r s  O v e r v i e w

• Static snapshot of resting liquidity

• Measures liquidity depth, market resilience, and execution 
cost

• Samples in event time (dollar bars)

• Frequency: High-frequency (milliseconds to minutes)

• Key Intuition:

Thick Book --> stable prices
Thin Book   --> fragile market & high price impact

LOB directly captures supply–demand pressure.
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Kernel 2 – Variance Risk Premium (VRP)
L a y e r s  O v e r v i e w

• Bridges the gap between option market and the 
underlying spot market

• Samples in calendar time (daily)

• Frequency: Medium-frequency (days to weeks)

• Key Intuition:

Low VRP --> indicates market complacency
High VRP --> predicts higher future returns

VRP acts as an early-warning radar for systemic risk appetite.
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Kernel 3 – Macro Motion
L a y e r s  O v e r v i e w

• Factors in growth, inflation, policy, and credit conditions

• Samples in calendar time

• Frequency: Low-frequency (months to years)

• Key Intuition:

High Smoothness --> implies a stable long-term baseline
Regime Filter --> modulates high-frequency signals to prevent 

mismatch errors

Macro Motion provides the baseline economic reality in our model.
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• In an RKHS model, Kyle’s Lambda operates as a 

way to measure the market illiquidity which we 

then can utilize to regularize the RKHS model. 

•Simply put, Kyle’s Lambda helps show how 

trades move the market, avoiding the 

movements that can be distilled to “noise”.

L a y e r s  O v e r v i e w
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Kyle’s Lambda
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•The Hawkes Process model looks at how a 

trade can lead to a burst of follow-on 

trades, enacting a “panic” or “boom” after 

a trade, and an increase in the eccentricity 

of the market.

L a y e r s  O v e r v i e w

19

Hawkes Process Intensity
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•Sentiment Analysis consists of utilizing text to 

make a quantifiable assessment of a market 

or stock. 

•Our model consists of taking news headlines, 

utilizing FinBERT, to give us an understanding 

of the reactions the market had to news in 

this sector.

L a y e r s  O v e r v i e w

20

Sentiment Analysis
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2013 Bitcoin Crash

VPIN – Volume Synchronized Probability of Informed Trading
L a y e r s  O v e r v i e w

• Helps measure order flow toxicity – describes the 
likelihood others are trading on unknown information

• Measured on dollar bars

VPIN Equation

𝑉𝑃𝐼𝑁 =
σ𝑖=1
𝑛 |𝑉𝑖,𝑠 − 𝑉𝑖,𝑏|

σ𝑖=1
𝑛 𝑉𝑖

2010 Crash Flash
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VannaCharm – Delta Derivatives
L a y e r s  O v e r v i e w

Vanna:
• Derivative of Delta with respect to Vega 

(Implied Vol)
• Combine to measure option prices 

response to various market conditions
• Measured in Dollar Bars

Charm:
• Derivative of Delta with respect to time
• Combine to measure option prices 

response to various market conditions
• Measured in Dollar Bars
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Event Proximity
L a y e r s  O v e r v i e w

• Utilizes exponential proximity decay
• Calendar utilizes Sin/Cosine Encoding

• Measures proximity to notable event 
dates – Earnings, FOMC, FPI, PPI, NFP, 
Options Expiry, Fed Speech, GDP
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Back Testing

24
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Kernel Redundancy
B a c k  T e s t i n g

• LOB
• VPIN
• Kyle's Lambda
• Hawkes
• Vanna Charm
• VRP
• Macro Motion
• Sentiment

Order Flow
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Final Architecture
B a c k  T e s t i n g

• LOB
• VPIN
• Kyle's Lambda
• Hawkes
• Vanna Charm
• VRP
• Macro Motion
• Sentiment

Position 
Sizing 
Gates

Result: individual kernel OOS correlations are near-zero (−0.016 to +0.023) — the architecture is clean and the 

kernels are genuinely independent

Repurposed Final Architecture
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Implementation: 3-stage pipeline
B a c k  T e s t i n g

Shows us the 
"surface"

Finds the 
true state 
by filtering
signals
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First Results
B a c k  T e s t i n g
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Too Good To Be True
B a c k  T e s t i n g
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What We Do Have: Real Signals
B a c k  T e s t i n g

Limit Order Book Signal Short Interest SignalVPIN Signal
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What Quant Firms Do
B a c k  T e s t i n g

Model Expanded Universe Leverage
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Next Steps

32
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Cross Assets
N e x t  S t e p s

Integrating fixed income, currency, and commodity features would give the model a 
fuller picture of what is driving price movement.

The model could detect Risk-On and Risk-Off shifts in market mood before they hit 
individual stock prices.

This would let us identify whether a stock's move is driven by a broader global trend or 
something specific to that company.
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More Data
N e x t  S t e p s

Pulling in real-time economic indicators and SEC filings would give the model a broader 
set of signals on top of what it already uses.

Market-By-Order data would show every individual order placed in the market rather 
than aggregated summaries.

These additional layers would allow the model to detect structural changes in a stock 
before they show up in the price.
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Cross Asset Goal
N e x t  S t e p s



© 2026 Southern Methodist University | CONFIDENTIAL: This presentation and its contents are proprietary and confidential information belonging to Traders@SMU. The materials may contain sensitive information protected by applicable laws and regulations. Unauthorized use, disclosure, or distribution of this document or any of its contents is
strictly prohibited. If you are not the intended recipient, please notify the sender immediately and delete this document along with any copies in your possession. Any unauthorized review, use, disclosure, or distribution is prohibited and may result in legal action. While every effort has been made to ensure the accuracy and reliability of the
information presented, Traders@SMU makes no representations or warranties of any kind, express or implied, regarding its completeness or suitability. All information is provided "as is" without any warranty. This presentation may contain forward-looking statements regarding future events or performance. These statements involve risks
and uncertainties that could cause actual results to differ materially from those expressed or implied. In no event shall Traders@SMU or Southern Methodist University be liable for any direct, indirect, incidental, special, consequential, or punitive damages arising out of or related to the use of this presentation or its contents. For questions
regarding this presentation or its contents, please contact Traders@SMU.


	Slide 2: Non-linear Signals
	Slide 3: Team
	Slide 4: Agenda
	Slide 5: Spaces, Hilbert Spaces, and RKHS
	Slide 6: Mathematical Spaces: The Playground of Data
	Slide 7: Hilbert Spaces: The Infinite Playground
	Slide 8: Setbacks of a Low Dimensional Model
	Slide 9: Kernels: The Similarity Engine
	Slide 10: Reproducing Kernel Hilbert Space (RKHS) - Making the Infinite Computable
	Slide 11: Nonlinear signals in RKHS
	Slide 12: Layer Overview
	Slide 13: Mapping the Market's Clocks – Fast Kernels
	Slide 14: Mapping the Market's Clocks – Fast/Slow Interaction
	Slide 15: Kernel 1 – Limit Order Book (LOB)
	Slide 16: Kernel 2 – Variance Risk Premium (VRP)
	Slide 17: Kernel 3 – Macro Motion
	Slide 18: Kyle’s Lambda
	Slide 19: Hawkes Process Intensity
	Slide 20: Sentiment Analysis
	Slide 21: VPIN – Volume Synchronized Probability of Informed Trading
	Slide 22: VannaCharm – Delta Derivatives
	Slide 23: Event Proximity
	Slide 24: Back Testing
	Slide 25: Kernel Redundancy
	Slide 26: Final Architecture
	Slide 27: Implementation: 3-stage pipeline
	Slide 28: First Results
	Slide 29: Too Good To Be True
	Slide 30: What We Do Have: Real Signals
	Slide 31: What Quant Firms Do
	Slide 32: Next Steps
	Slide 33: Cross Assets
	Slide 34: More Data
	Slide 35: Cross Asset Goal
	Slide 36

