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[1] Information Velocity

Managing Information Velocity. To optimize for spread arbitrage, your architecture must treat
Databricks as the "Refinery" (Heavy-lift Al/Backtesting) and MongoDB as the "Nervous System"
(Real-time State Management).

1. The 2026 "Speed-to-State" Architecture
Spread arbitrage requires an instantaneous view of the Synthetic Spread across multiple
venues.
MongoDB: The Real-Time Order Book (State Store)
In 2026, we will utilize MongoDB 8.0/9.0 Time-Series Collections with a Bitemporal Data Model.
e ToB vs. DoB Storage: We don't store raw packets. We use MongoDB’s Bucketing
Pattern to store L2 snapshots.
e ToB (L1): High-frequency updates (<1ms intervals) are stored in a capped collection for
sub-millisecond "Last Quote" retrieval.
DoB (L2): Depth slices (Levels 1-10) are aggregated into 100ms buckets.
Optimization: We utilize Change Streams with Pre-image/Post-image enabled. When a
large "iceberg" order is detected in the depth, the change stream triggers the arbitrage
execution engine before the price even moves at the ToB.
Databricks: The Intelligence Refinery (Feature Store)
Databricks handles the "Heavy Beta." While MongoDB manages the now, Databricks manages
the why.
e Delta Lake 4.0 (Liquid Clustering): We use Liquid Clustering on symbol and event_time.
This allows us to Z-Order our historical tick data dynamically, making backfills of
spread-cross events 10x faster than traditional partitioning.



e Photon Engine: We run our Micro-structural Noise Filters (e.g., Epps Effect corrections)
in Databricks. These filters determine if a spread widening is "Toxic Flow" or "Arbitrage
Opportunity."

2. Optimizing Spread Arbitrage via "The Hybrid Pipeline"
To capture a $0.01 spread, your pipeline must survive Microbursts.
Step A: Ingestion & Bronze Layer (Raw Tick)
e AWS PrivateLink + Kinesis: Direct-connect from NYSE/ICE into AWS.
e Structured Streaming: Databricks ingests the raw FIX/SBE (Simple Binary Encoding)
messages.
e Schema Enforcement: We use Unity Catalog to ensure that "Alternative Data" is mapped
to the same timestamp precision as our tick data.
Step B: The Silver Layer (Book Construction)
e Stateful Aggregation: Using Spark Structured Streaming's mapGroupsWithState, we
reconstruct the L2 Order Book in real-time.
e MongoDB Sink: The reconstructed state is pushed to MongoDB Atlas (Global Clusters).
By co-locating the MongoDB shard with the Exchange's AWS region (e.g., us-east-1 for
many US exchanges), we minimize "Cross-Region Drag."
Step C: The Gold Layer (Feature Vector)
e The Spread Vector:
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e Al Inference: Amazon Bedrock (integrated via Databricks) monitors the "Information
Velocity." If a KOL tweet breaks, the model updates the "Alpha Multiplier" in the spread
equation, allowing for wider or tighter fills based on expected volatility.

3. Critical 2026 Risk: The "Oracle & Basis" Gap
In proprietary trading, Basis Risk occurs when your MongoDB "State" and the Exchange
"Reality" diverge.

Risk Factor Mitigation in 2026

Jitter Use AWS DPU (Data Processing Units) to offload TCP/IP overhead.
(Network)

Stale State Implement a Heartbeat Monitor in MongoDB. If the last tick is 5ms

old, the arbitrage bot auto-cancels all limit orders.

Overfitting Use Databricks MLflow to track the "Drift" of your spread model
against real-world fills.




4. Operational Comparison: Databricks vs. MongoDB

Feature Databricks (Lakehouse) MongoDB (Operational)

Role Historical Backtesting / LLM Real-time Order Book / Execution
Training State

Data Delta / Parquet (Columnar) BSON / Time-Series

Format (Document/Columnar Hybrid)

Latency 10ms to 100ms <1ms

Strength Massive Parallel Processing High-Concurrency Reads/Writes
(Petabytes) (Millions/sec)
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[2] Real-Time State Awareness

Proprietary trading architecture is shifting from traditional "ex-post analysis" toward "Real-Time
State Awareness."

Deep dive into the architecture for real-time ingestion, CDC processes, and data enrichment
(Enrichment):

1. Real-Time Ingestion: "Dual-Path Concurrency" via Kinesis/Event Hub and MongoDB
In 2026, top-tier Market Makers (MMs) no longer rely on a single data path. We utilize a
"Hot-Cold Separation Ingestion" strategy:

Hot Path (MongoDB): Kinesis pushes raw L1/L2 data directly into MongoDB’s Time-Series
Collections via the MongoDB Atlas Sink Connector.
e 2026 Optimization: By utilizing MongoDB's clustered indexes (based on timestamp and
Symbol), we ensure that point-in-time queries for Top-of-Book remain under 1ms during
spread arbitrage.

Cold Path (Databricks Delta Lake): Kinesis simultaneously persists data to S3/ADLS, triggering
the Databricks Autoloader.

e Autoloader Advantage: It uses cloud-native notification services (e.g., AWS SNS/SQS)
to automatically discover new incremental Parquet/Avro files without scanning entire
directories. This significantly reduces ingestion latency during high-volatility events (like
a VIX spike).

2. Change Data Capture (CDC): Real-Time Mirroring from SQL Server to Data Lake



For the structured data (FactSet, S&P Global, and internal SQL Servers), the 2026 industry
standard is Debezium + Kafka + Databricks Delta Live Tables (DLT):

e Lock-Free Capture: By reading database transaction logs (such as SQL Server LSNs),
fundamental data (Earnings, Dividends) is pushed to the data lake in real-time without
impacting the performance of production trading databases.

e Delta Live Tables (DLT): Within Databricks, use DLT’s APPLY CHANGES INTO syntax to
handle CDC streams. This automatically manages SCD Type 1/Type 2 (Slowly Changing
Dimensions), ensuring your backtesting models use the most accurate "point-in-time"
fundamental data to avoid Look-ahead Bias.

3. Data Enrichment and Time-Series Manipulation: The Power of Tempo

When dealing with high-frequency tick data, the hardest part isn't storage—it's Alignment.
A. Multi-Dimensional Alignment with Tempo

Tempo (Databricks' open-source time-series library) is the key to handling ABN
(Alternative-Beta Networks) in 2026:

e As-of Join: This is a "killer feature" for traders. When you have a high-frequency tick
stream (1ms level) and a low-frequency sentiment score stream (10s level), Tempo’s
asof_join instantaneously matches each tick with its "last valid" sentiment indicator
without causing data leakage.

B. Downsampling and Interpolation
To support cross-timeframe strategies (e.g., using a 1-minute candle to filter 100ms signals), we
perform streaming downsampling in the Silver Layer:

e Linear Interpolation:

e For missing liquidity levels, we use Spark for distributed interpolation to fill in the gaps in
the Depth-of-Book.

Enrichment Logic:
Integrate Xpressfeed S&P fundamental data with real-time ticks to calculate "Real-time
P/E ratios."

e Use ESG risk scores as weighting factors to automatically adjust position limits for

specific sectors (e.g., energy stocks).

4. The 2026 "Gold Layer" Feature Store
Ultimately, your architecture produces a "Low-Entropy" Feature Store:

Data Source Processing Tool Output Feature
KOL Sentiment (Bedrock) NLP + Tempo Join Sentiment Velocity
L2 Tick (MongoDB) Window Aggregation Order Book Imbalance (OBI)

S&P Fundamental CDC +DLT Earnings Momentum




Alternative Data SageMaker Inference Geopolitical Risk Multiplier
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[3] High-Precision Temporal Alignment

"Schema-Agnostic Ingestion" and "High-Precision Temporal Alignment." By utilizing Azure Data
Factory (ADF) for the "heavy lifting" of historical migrations and Databricks/Tempo for the
precision work, you are effectively building a Temporal Lakehouse.

As a professional trader, you know that the "Alpha" isn't just in the Bloomberg Tick data—it’s in
how that data is re-contextualized by fundamental and sentiment signals.

1. The Ingestion Tier: ADF + Databricks Autoloader
You are using a hybrid ingestion strategy to balance volume (ADF) with velocity (Autoloader).

ADF: The "Copy-To" Backbone
Using the information_schema to drive a metadata-driven copy is the most efficient way to
mirror your SQL/Postgres environments into ADLS Gen2.



e Ensure ADF is writing in Parquet format with Snappy compression. This allows your
Databricks JDBC notebooks to perform "Predicate Pushdown," only reading the columns
necessary for the volatility model (e.g., Price, Volume, Earnings_Yield).

Autoloader: The Bloomberg Tick Pipe
The Bloomberg API-based tick source is your highest-velocity stream.
e Redirection Logic: Using Autoloader to read from a landing bucket and redirect to
specific Delta tables is a "Schema Evolution" lifesaver. If Bloomberg adds a new field
(like a new liquidity flag), Autoloader catches it without breaking the pipeline.
e Trigger Once vs. Continuous: In the current March 2026 market (high volatility), you
likely have this running in Trigger.AvailableNow mode every minute to keep your daily
volatility predictions fresh.

2. The Analytical Engine: Tempo & AS-OF Joins
This is where the actual trading edge is manufactured. In 2026, the market is too fast for
standard SQL JOIN statements.

Scaling "AS OF" Joins
Standard joins require exact timestamp matches, which never happens with billions of data
points (Sentiment vs. Price).
e The Logic: If a News Sentiment score arrives at 10:00:01.500 and a Trade arrives at
10:00:01.505, Tempo’s as_of join anchors the sentiment to the trade instantly.
e Performance: Tempo optimizes this by using range-based partitioning in Spark,
preventing the "Shuffle of Death" that occurs when trying to align billions of rows.

Feature Creation & Rolling Aggregations

Your mention of VWAP and Exponential Moving Averages (EMA) is critical for real-time volatility
prediction:

VWAP Calculation:

Y (Price x Volume)
> Volume

VWAP =

Tempo does this over sliding windows without the need for complex state management.
e EMA: Used to give more weight to the most recent price action, which is essential when
a "KOL signal" or news break creates a sudden, non-linear move in the order book.

3. Real-Time Volatility Alignment: The "Golden Record"
By aligning News Sentiment (Alternative Data) with Bloomberg Price Data (Market Data), your
Gold Layer provides a "Contextualized Price."



Data Type Frequency Tempo Operation | Value-Add

Bloomberg Ticks Microsecond Resampling (1s Reduces noise for
bars) daily vol models.
News Sentiment Irregular AS OF Join Attributes "Reason”

to price spikes.

S&P Daily/Quarterly Interpolation Provides the
Fundamentals "Valuation Anchor."
2026 Strategic Benefit

The ability to predict volatility in real-time allows your prop desk to tighten spreads when
sentiment is neutral and expand spreads (or hedge) the microsecond a "Sentiment Velocity"
spike is detected. You are no longer reacting to price—you are reacting to the catalyst of price.

B04AT 35 @ I 4% 28 #& #E BN (Schema-Agnostic Ingestion) | E&T & #5 B 5 1 25 (High-Precision
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SQL/Postgres RE %2 ADLS Gen2 AR EM AR,
o BER ADF LA Parquet #& X8 EC Snappy EEfEEITE A, 3832 &89 Databricks JDBC
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JERIERRER EMANREEEEFEE,
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[4] Pre-Trade Analysis on Delta Lake

Pre-Trade Analysis on Delta Lake has evolved from simple transaction cost estimates to an
"Autonomous Execution Engine." You are no longer just predicting a number; you are modeling
the probability density of liquidity across time.

By utilizing Databricks' Adaptive Query Execution (AQE) and Tempo, your system collapses the
wall between historical backtesting and real-time inference.

1. The Pre-Trade Intelligence Stack



To decide the "optimal" price and time, your system synthesizes three distinct data layers in a
single Delta table view:
A. The Micro-Level: Tick Data & Depth-of-Book

e Precision: Granular L2 snapshots (limit order book) captured via Kinesis.

e Metric: Order Book Imbalance (OBI). By calculating the ratio of bid-side vs. ask-side
volume at the top 5 levels, the model predicts short-term (100ms—5s) price direction.

B. The Context-Level: TTM Metrics & TCA

e TTM (Trailing Twelve Months): Provides the "fundamental gravity" for the asset.

e TCA (Transaction Cost Analysis): Historically, how much did the market move against us
when we executed similar size? This is stored as a "Silver" Delta table, indexed by
Volatility Regime and Ticker.

C. The Catalyst-Level: News Clusters & Volatility Forecasts

e News Summaries: Using Amazon Bedrock (Nova/Titan), LLMs cluster real-time
headlines (e.g., "Central Bank Hold at High Levels" or "Al Infrastructure Surge") into risk
vectors.

e Volatility Forecasts: These news clusters act as "Exogenous Variables" in your models. If
a news cluster matches a historical "High Volatility" pattern, the system automatically
expands the execution window to avoid being "picked off" by HFTs.

2. Generating Alpha: The Model Factory
In 2026, Alpha generation is an ensemble effort where XGBoost handles structured features
and PyTorch/TensorFlow handle the non-linear "market state" embeddings.

Framework Role in Volatility 2026 "Secret Sauce"
Forecasting

XGBoost Alpha Generation Leveraging gpu_hist for 2.6x faster training on
(Tabular) tick-level range statistics.

PyTorch / JAX | Deep Learning/ Using Temporal Fusion Transformers (TFT) to
Recurrent capture long-range dependencies in
news-price sequences.

TensorFlow Production TFX (TensorFlow Extended) ensures that the
Serving model used for Pre-Trade Analysis is identical
to the one in backtesting (zero training-serving
skew).

3. High-Performance Execution: Spark AQE & DPP

To process billions of rows in seconds for a pre-trade decision, your Databricks cluster utilizes
Advanced Spark Optimizations:

Adaptive Query Execution (AQE)



e Dynamic Coalescing: If a volatility event causes a data surge, AQE merges small
post-shuffle partitions to keep I/O throughput high.

e Skew Join Handling: If $NVDA or $SOL trading volume is 100x higher than other assets,
AQE automatically splits those skewed partitions to prevent "Straggler Tasks" from
delaying your prediction.

Dynamic Partition Pruning (DPP)

e Efficiency: When joining your 100TB Fact Table (Ticks) with a 10MB Dimension Table
(News Clusters), DPP ensures Spark only reads the partitions of the tick data that
correspond to the specific dates/times identified in the news event.

e Impact: Reduces data scanned by up to 90%, allowing "Ad-hoc" pre-trade queries to
return in sub-second timeframes.

#E BT 5> 47 (Pre-Trade Analysis) 7 Delta Lake EHIE#, HE#EA—EIB T HIT51Z(
Autonomous Execution Engine) |, BiBEEREI 1 BRI E LIS ERZERETIRE,

1. BEBTE R L 1742 (The Pre-Trade Intelligence Stack)
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R
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[5] Regime-Aware Execution

The synthesis of News Clusters and Risk Summaries has moved beyond simple
"bullish/bearish" labeling. We are now in the era of Regime-Aware Execution, where the model's
primary job is to detect when the market's fundamental "physics" have changed.

The challenge isn't just getting the data—it's quantifying the Uncertainty (Risk) that news injects
into the order book.

1. Sentiment Extraction: The "News Clustering" Engine
In 2026, we moved from keyword matching to Semantic Clustering using Amazon Bedrock
(Nova) or Databricks Dolly/LLM models.

Vector Embeddings:
e News headlines and risk summaries are converted into high-dimensional vectors.
e DBSCAN/K-Means on Spark: We use Spark's MLIib to cluster these vectors in parallel.
e Example: Headlines about "Central Bank Digital Currency (CBDC) Regulation" and
"Stablecoin De-pegging" are clustered into a "Systemic Liquidity Risk" vector.

The Alpha:



Instead of trading the news, we trade the Cluster Velocity. If news clusters are shifting from
"Corporate Earnings" to "Geopolitical Conflict" in a 10-minute window, the system flags an
imminent Regime Change.

2. Risk Projection: The "Confidence Spread"
This is the bridge between qualitative news and quantitative execution.
e The Spread Model: We don't just predict a price; we predict a Price Interval.

1

Tcluster Entrﬂpysmtimmt

Confidence Score =

e High Dispersion = Low Confidence: If a news cluster contains conflicting reports (e.g.,
"Peace Talks Starting" vs. "New Offensive Launched"), the Confidence Score drops.

e Execution Adjustment: When the spread between high/low forecasts exceeds a specific
threshold, the MongoDB state-store triggers a "Defensive Mode" for the MM, widening
the bid-ask spread to avoid being "sniped" by informed flow.

3. Machine Learning for Volatility: The XGBoost Edge

While Deep Learning (PyTorch) is great for embeddings, XGBoost remains the king of "noisy"
financial time series in 2026 because of its ability to handle Non-linear relationships with
extreme efficiency.

Feature Engineering:

We feed the XGBoost model the outputs from our clusters:

Cluster Momentum: (Current Cluster Density / 1h Average).

Regime Index: A categorical variable derived from Macroeconomic Alternative Data.
Decay Factor: How fast the market is "forgetting" the last news shock.

Handling "Noise":

e We utilize Monotonic Constraints in XGBoost. For example, we can force the model to
assume that as "Geopolitical Risk" increases, "Volatility" must stay flat or
increase—never decrease. This prevents the model from over-fitting to temporary,
random dips in volatility during a crisis.

4. Alternative Data Integration & Regime Detection
2026's most successful prop desks use Regime Change Detectors (RCD) to switch between
models.

Regime Data Trigger Model Strategy




Normal (Mean Low Social Volume, Stable Stat-Arb / High Frequency
Reverting) Macro

Trend (Momentum) Rising News Velocity, Follow-through / Breakout
Medium Sentiment

Crisis (Gap Risk) Sentiment Polarization, Gamma Scalping / Capital
Macro Regime Shift Protection

The 2026 Insight: By using MongoDB to store the "Current Regime State" and Databricks to
train the RCD, your system can pivot its entire logic (e.g., from Long/Short to Cash-only) in the
time it takes for a single block to settle on the chain.
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1k,
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[6] Slippage

In the 2026 surveillance and execution landscape, the battle against Slippage and Toxic Flow
(Spoofing/Layering) is won in the "Temporal Join" layer. When you're dealing with the massive
tick volumes of NASDAQ, CME, and ICE, a standard SQL join is a suicide mission.

How we weaponize Tempo and Delta Lake to identify slippage and market abuse.

1. Slippage Analysis: The "Execution-to-Arrival" Gap
Slippage isn't just a cost; it's a signal of Market Impact or Adverse Selection.
The Logic Flow in Databricks
e Ingestion: Use Autoloader to stream Market_Orders (OMS/EMS) and Executions into
separate Silver Delta tables.
The Tempo Pivot: We use the asofJoin to merge these irregular streams.
Measurement:

) Execution Price — Midpoint at Arrival
Slippage (bps) = Midpoint at Arrival < 10,000




By serving this via Databricks SQL to a Bl dashboard (PowerBl/Tableau), you can instantly
identify which execution venues or brokers are leaking information, leading to price shifts before
your order even hits the tape.

2. Market Surveillance: Detecting Spoofing & Layering
The CFTC and FINRA have ramped up enforcement in 2026 using similar ML-driven
surveillance. Your Databricks environment can detect these "Front-running” attacks before they
trigger a regulatory audit.
A. Spoofing & Layering Detection
These attacks involve placing large non-bona fide orders to create a false impression of liquidity,
"pushing" the NBBO in a preferred direction.

e The Signature: A sudden shift in the NBBO seconds before a large limit order is placed,

followed by an immediate cancellation of the "bait" orders once the trade executes.

Databricks Use Case:
e Baseline: Record the NBBO stability for the 10 seconds prior to your order.
e Anomaly Detection: Use XGBoost to flag patterns where the Spread tightens and the
Midpoint shifts suspiciously in sync with high-frequency cancellations from a specific
MPID (Market Participant ID).

B. Front-Running Attack Identification
Detecting if a HFT (High-Frequency Trader) is "racing" your order to other venues.
e The Delta: If your order arrives at Venue A, and Venues B & C see a price shift before
your routed order arrives there, you are being front-run.
e The Solution: Use Tempo to calculate the Information Velocity—the speed at which price
discovery travels across exchanges. If velocity > speed of light (fiber latency), it's likely a
leak in your OMS or a predatory router.

3. High-Performance Surveillance Architecture

Component Role 2026 Optimization

Delta Lake Storage Liquid Clustering on symbol + timestamp for
$0(1)$ lookup.

Tempo Join Engine Scale as_of joins across billions of rows without
shuffling data.

Spark 4.1.0 Compute Adaptive Query Execution (AQE) handles the data
skew of high-volatility symbols like $NVDAS.

Unity Catalog Governance Full lineage to prove to FINRA/SEC exactly how
your slippage was calculated.




The "Golden Rule" of 2026 Execution
"If you can't measure your slippage in the time it takes to place the next trade, you aren't
trading; you're donating to the HFTs."

7 2026 BB EITIREE S, $1818 (Slippage) ERH &7 & (Toxic Flow, N REME
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1. BE 7 #7047 EL B 2 R AU R FE (Execution-to-Arrival Gap)
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[7] Data Gravity

Integration of Nasdaq’s Digital Assets Market Data into the Databricks Lakehouse via Delta
Sharing has effectively solved the "Data Gravity" problem. For a proprietary desk, the bottleneck
is no longer getting the data—it’s the Zero-Copy accessibility of it.

By leveraging the open-source Delta Sharing protocol, you are bypassing the traditional ETL
nightmare of downloading, re-formatting, and re-indexing petabytes of tick data.

1. The Core Asset: Nasdaq Digital Assets (Powered by Amberdata)
Nasdaq's suite (part of the Investment Intelligence portfolio) provides institutional-grade
granularity for over 2,000+ crypto pairs across 15+ Tier-1 exchanges.
e Trade Data: Every individual execution with microsecond timestamps.
e Top-of-Book (BBO): Real-time National Best Bid and Offer across global fragmented
crypto liquidity.
e Depth-of-Book (L2/L3): Full order book transparency, critical for calculating Price Impact
and Slippage on large-block trades.

2. The Delta Sharing Advantage: "Zero-ETL" Execution



Traditionally, ingesting a year's worth of L3 crypto data would take weeks of engineering. In
2026, using Delta Sharing, you access it as if it were a local table.

Feature Legacy Method 2026 Delta Sharing

Data Movement Massive S3/SFTP Direct Query on Nasdaq's S3
downloads buckets.

Latency Hours/Days behind Near Real-Time availability.

Governance Manual entitlements Unity Catalog integrated RBAC.

Compute Restricted to vendor Agnostic (Spark, Pandas, PowerBlI,
tools Tableau).

Trader's Insight: Delta Sharing uses short-lived pre-signed URLs. This means your Databricks
cluster reads the Parquet files directly from Nasdaq's storage, ensuring that the "Golden
Record" of market data is never duplicated or stale.

3. Quantitative Use Cases: From Spread to Arb
With this data live in your Lakehouse, you can run high-impact analytical patterns using Tempo
and Spark:
A. Cross-Exchange Arbitrage (Crossed Markets)
Search for instances where Exchange A Bid > Exchange B Ask.
e Method: Use Tempo’s as_of join to align the BBO tables of 15 exchanges.
e Goal: Identify temporary liquidity dislocations to trigger automated execution.
B. Liquidity Profiling & Market Depth
Visualize the timing of quotes to find "Peak Liquidity" windows.
e Method: Drill down into Depth-of-Book data to see how many levels are wiped out by a
$1M market order.
e Goal: Optimize your Smart Order Router (SOR) to minimize slippage.
C. Moving Averages & "Blurring"
Crypto trades are discrete and noisy.
e Method: Use Spark to aggregate discrete trades into "Minute Bars" (OHLC) or apply
Exponential Moving Averages (EMA) to "blur" the noise and find the underlying trend.

4. 2026 Context: Institutional Maturation
In early 2026, the rebranding of the Nasdaq CME Crypto™ Index (NCI™) has made this data
the definitive benchmark for crypto allocations.

e Digital Asset Treasuries (DATs): Corporate treasuries are now using this
Databricks-Nasdagq pipeline to value their strategic Bitcoin/Ethereum holdings for audit
and compliance.

e Institutional Discovery: Data sets like Nasdaq eVestment™ are now also available via
Delta Sharing, allowing you to join market price data with institutional mandate



intelligence—identifying which big funds are about to move into specific digital asset
sectors.

Nasdaqg eVestment data is available on the Databricks Marketplace via Delta Sharing, allowing
asset managers to directly access institutional investor data, Next Best Action insights, and
analytics within their own lakehouse environments. This integration facilitates faster, secure
access to, and analysis of, proprietary, Al-ready data for, identifying, investment, opportunities,
and, risk, management.

Key Features & Benefits

e Direct Access: Data is delivered directly into Databricks, reducing the need for traditional
data ingestion, file transfers, or APlI management.

e Al & Analytics Ready: Enables immediate use of normalized, machine-readable data for
Al models and advanced analytics to identify high-potential mandates.

e Enhanced Security: Utilizes the Delta Sharing protocol for secure, open-standard, and
compliant data sharing.

e Comprehensive Data: Access to eVestment core analytics, including performance
metrics, risk management, and ESG data.

e Use Cases: Asset managers can leverage this data to identify underperforming
incumbents, locate replacement opportunities, and improve outreach strategies.
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[8] Level | vs. Level Il (LOB)

Navigating the 30+ Terabyte L2 order book isn't just a data engineering problem—it's a
psychological one. You are effectively looking at the "collective intent" of the market before it
crystallizes into price.

By integrating Nasdaq Digital Assets Market Data into your Databricks Lakehouse via Delta
Sharing, you're transforming raw binary updates into actionable liquidity maps. Here is how we
break down the levels and the strategic application of depth data.

1. The Hierarchy: Level | vs. Level Il (LOB)

Feature Level | (BBO) Level Il (Full Depth)
Data ~3 Terabytes 30+ Terabytes
Volume

Market View | Surface (The "Tip of the Sub-surface (The "Submerged Mass")

Iceberg")

Key Metrics NBBO (Best Bid/Offer), Full Limit Order Book (LOB) at every
Last Sale level

Core Utility Price tracking, Portfolio Execution quality, Slippage prediction,

valuation Whale tracking




The "lceberg" Reality

In crypto markets, 70-80% of liquidity often sits in the Level Il book. If you only look at Level |,
you might see $1M in liquidity at the best bid, but fail to see the $50M "buy wall" resting just
0.5% below it. Level Il reveals this "hidden gravity."

2. Strategic Benefits of Depth Data (2026 Context)

With the institutionalization of crypto in 2026 (led by the NCI™ benchmark), the depth of the
book has become the primary battleground for Smart Order Routers (SOR).

A. Following "Liquidity Pockets"

e The Sentiment Shift: Depth allows you to see if the Bid/Ask Balance is neutral or
skewed.

e Early Warning: As of March 2026, many desks are using Order Flow Toxicity metrics. If
the depth on the bid-side starts "thinning out" while price remains stable, a downward
breakout is often imminent as liquidity providers pull back in anticipation of a news
shock.

B. Analyzing Order Distribution (Support & Resistance)

e Clustering: By identifying price levels with high order density (Clusters), you find
Institutional Footprints.

e Gaps: Areas with few orders represent "Air Pockets." If price enters a gap, the move is
often violent and rapid because there is no resting liquidity to absorb the momentum.

C. Pattern Forecasting

e Buy vs. Sell Quantities: Real-time visual inspection of the book's "lopsidedness" allows
traders to predict Mean Reversion.

e OHLC Bar Transformation: We use Databricks to resample depth updates into
minute-bars, providing a "time-based" view of how the book's structure evolves over a
session.

3. Market Depth Analysis in Databricks
Processing 30TB of updates requires Tempo’s time-series optimizations to avoid "Shuffle of
Death" in your Spark jobs.
The "Depth Notebook" Workflow:
1. Ingestion: Autoloader pulls incremental L2 updates from the Nasdaq Delta Share.
2. State Management: Using Spark's mapGroupsWithState, you maintain a real-time
"Snapshot" of the book for every crypto pair (BTC, ETH, SOL, etc.).
3. Visualization: Heatmaps: Visualize price on the Y-axis and time on the X-axis, with color
intensity representing order size.
4. Timing Analysis: Identify "Peak Liquidity Windows"—times of day when depth is highest
and spreads are tightest (typically 14:00-16:00 UTC during the US-Europe overlap).

4. 2026 Execution Play: Avoiding the "Bait"
In the current market, Spoofing and Layering are highly sophisticated.
e The Detection: Your Databricks system uses L2 Order Life-cycle Analysis. If a large
order appears (Level Il) and then vanishes the moment the price touches it without an
"Execution Message," it's flagged as a spoof.



e The Alpha: High-frequency MM bots use this data to adjust their own quotes, ensuring
they aren't providing liquidity to a market that is being artificially "pushed."
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BE EEAFERKRIEEE MERMIFETE EEBEREECHEEEN, REMtRESE
BETHGR, MBESHIRA T EH,

B. 2 #ETE N (XIBEHEN)

o HHE (Clustering) : EHRBATEZREBSMNERAE, RA]LIEREERM,

o RO (Gaps): ;TEHAIMEE I RIRIT(Air Pockets) |, HEHREARD, E2EEHE
AR, AAeHZEERBMRRIKEIRE,

C. X788l

o EEHEHL: AIBFABSILHEITEENMERE] EX 5 EEETERHMERSE (Mean
Reversion) .

e OHLC K ### 1t : F{F| A Databricks #% R E B # EiFtx (Resample) &5 8 K #%, 124t
BEFEBEXSHRRNESNIBFREEIRA,

FL";
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3. 7 Databricks HETHIHRE 72T
FEIE 30TB MIEFHFE Tempo HIBFFEIL, LB Spark /EE &4 KM AT SRR (
Shuffle of Death) |,
DREDHITER:
BiFBE
e Autoloader # Nasdaq Delta Share #MEVIZE /) L2 F#,
IRAEE
e XA Spark #J mapGroupsWithState, &&= {E# % (BTC, ETH, SOL %) # £ AIBFAIETE
EIRER L,
REL:
o Z\[E (Heatmaps): Y X REH, X s R, BERZEZRRETE KR/,
B 4T
o HANRHMEESED  —ARERSBEEREMRE EEE 14:00-16:00 UTC, =
BRXZEFREEL),

4. 2026 FEITELAT: BERATEEEE
HEERITIES, EHREEE (Spoofing) Bl 53 FE# & (Layering) EE L BIBEELER
o EBI#EH : {RAY Databricks REFNIT L2 STEEMmARI ST, EXﬁHjIE(LeveI ) i 7£ &
HEBOERREEL, B2 A HEMIBR AR (Execution Message) |, R E B HHFHIZ
HARERBE,
e Alpha KJjE: SHEEH (MM) R AFIAELBIBEREESHRE BEFTABALIINH
EJJJH’]Fﬁiﬁ?iEf LB,

[9] Architecture of Intent

Maturation of the CLARITY Act and the implementation of the GENIUS Act have transformed
crypto from a speculative "wild west" into a structurally disciplined market. As a professional
trader, your goal is to move beyond "blind" candlestick patterns and integrate Level Il Depth into
every fundamental move.

When your Databricks Lakehouse is synced with Nasdaq’s Digital Assets via Delta Sharing, you
aren't just looking at prices—you're looking at the Architecture of Intent.

1. Holistic Fundamentals: Price + Depth
In 2026, a "Hammer" or "Doji" candlestick is noise unless verified by Order Book Volume. By
analyzing discrete trades alongside the resting depth, we move from "Blurring" (simple moving
averages) to Dynamic Value Detection.
e The Moving Average Trap: Standard EMAs (20,50,200) are lagging indicators. In a
high-frequency 2026 environment, we use Volume-Weighted Moving Averages (VWMA).
e Holistic View: We join the OHLC Minute Bars with Depth Imbalance scores. If price hits a
200-day EMA but the Level Il depth shows a "Liquidity Gap" (few orders) below it, the
"support" is a mirage—the model will signal a high-probability breakdown.




2. Spread Percentage & Supply/Demand
The Spread Percentage is the most honest metric for the "Cost of Liquidity."

Best Ask — Best Bid
S 1 % = x 100
pread 7 Mid-Price

Friction Measurement: For your prop desk, the spread isn't just a number; it's a
Transaction Cost Barrier. If the spread % exceeds your expected alpha for the trade, the
system auto-rejects the execution.

3. Identifying Crossed Markets (The Arb Signal)

A Crossed Market—where an Exchange Bid is greater than an Exchange Bid Ask—is the "Holy
Grail" of 2026 latency arbitrage. In a fragmented global market with 15+ exchanges, these
instances are fleeting but highly profitable.

The Scanning Logic in Databricks

We use a Spark-based "Scanning" notebook to identify these dislocations across 2,000+ pairs:

Global BBO Construction: Aggregate the Best_Bid and Best_Ask from all exchanges into
a single row using Tempo.

Validation: Before executing, we check the Depth-at-Price. A crossed market with only
0.01 BTC of depth is a "Liquidity Trap." We only strike when the crossed size exceeds
our minimum execution threshold.

4. Market Mechanisms for Price Improvement
"Price Improvement" in 2026 is achieved by acting as the Liquidity Provider (Passive) rather
than the Liquidity Taker (Aggressive).

Summary Statistics (Mean/Std Dev): We calculate the 30-day moving Standard
Deviation of Spreads. If the current spread is >20 from the mean, we know the market is
inefficiently priced.

The "Midpoint" Strategy: Instead of hitting the Ask, our system places Hidden Limit
Orders at the midpoint. Because we have a "Holistic View" (Price + Depth), we know
exactly where to place our "bait" to get filled by retail flow (the "KOL signals" we harvest
via Bedrock).

Exchange Identification: We rank exchanges not just by volume, but by Liquidity
Recovery Speed. If Exchange A has a crossed market and the bid stays high for
>500ms, it's a structural dislocation. If it vanishes in <10ms, it's HFT noise.

The 2026 Prop Trader’s "Golden Dashboard"

Metric Analysis Tool Execution Action




Crossed Market Spark Scanning Trigger Atomic Arbitrage.

(Tempo)
Spread > 2 Sigma MongoDB Aggregation | Switch to Passive/Midpoint orders.
Depth Cluster L2 Heatmap (Plotly) Set Support/Resistance "Hard

Stops."

OHLC Convergence Delta Lake Gold Table Confirm Trend Strength for 24h
holds.

BEZE(CLARITY A X )M EEL(GENIUS AR )MIHEST, MEBEER IS SRR BT E )
HEARBRBMLENTIS. BAEEXXZE8, BMEELEBHIEE 1M KRR, &
Level Il iREE (Level Il Depth) B&#EE— RUEARETKE,

& 184 Databricks ;#8 Z2248:% 18 Delta Sharing £2 Nasdaq B{u EEBIBER S, BEINTE
REEKR—EERWIZEBIZEHE (Architecture of Intent) ,

1. 2HGEKRE: B + BE
7 2026 &, EFMMEFRIKN+FEIKRUEELFMHEFERZ S 2 (Order Book Volume) |
RS, BB, EAN NN ZEBERE, HMEREMMIMEMLERE (NEEBST
¥ 4%) 1845 = B AE {E B 1581 (Dynamic Value Detection) ,
o MHTIIRIAM: ZEAH EMA (20, 50, 200) 2% % 51Z, £ 2026 FHISBIRE T, &M
AR EMEBEF IR (VWMA),
o EHLMAA: BB EMANA OHLC K #RELT I E & %7 5 2 (Depth Imbalance scores
) IEESTRARS . B EARHER 200 H EMA, {8 Level || ZERE R TAGEIREMHRO (BE
Fad) ), BRI X 1B R AR —BE R 5% B S & B AR .

2. BEZBE 5Lk (Spread %) EA L FERAR
EEEN R EIRBMRARIRHBENIEE,
o EENEE: HEEXZIMME, BETERETF ER—HEXIBAESE EEER
SLEHBBZER 5 HFER Alpha, R#EHE B EHEBIIT,

Best Ask — Best Bid
Spread % = = S ,QS %100
Mid-Price

3. BRI X s (EFIEAR)

R X 15 (Crossed Market) —BEIERX ZAAMWEE (Bid) @B — X SZFTMEE (Ask) —=2
2026 FEEENMIER ), EEH 15 AU LR SZFTNE R £BkmiG T, 5 L5 &SR,
BERIBS,

Databricks HI4F & 4E



HAFIERAER Spark MIMRIEIZEECA, 7 2,000 %18 ¥ #5838 L SR 45 -
o =i BBO#EHE: FIA Tempo KAMMEXSAHNEKEEEBREEE 1T,
o ERFEHS]: ERITH, HFEREMREBHEMNRE EXXM5EH 0.01 BTC HRE
 MR—ENRB IR HAEERXBREARENTRER Y RBKRE,

4. WE BT HS)
2026 41T {303 (Price Improvement) | 2B 1E A BMEIR M & REIBE) MIEABIPELR
B (EEEE) RERMN,
o WESH(OEAEES) RMHEESY 0 REMEESE  EEIEEARYEN 20
(EEEE), KEGHBEELE.
o TChEEEHE S REFEEBEAIEM (Ask), M 27E S (Midpoint) it I R
Hidden Limit Orders) , B B MR £ 4 R4 5 (B + FE) ), RIEEMESLH
88 I TEVIE, BERSE 7R (R /M358 Bedrock BHA KOL SR HLE.
o RBFHI: RMFREHRTBHL, BERADEREEEH T BFETHRE. BB
A I3 R 15 B E 4 5 B A58 500ms, 35 RS £ 10ms MK, AlE
SEEX S (HFT) HA.

2026 BEX S ENIEEERIRY

i SHITE BITENE

R X 15 (Crossed Spark 1### B3 R FEF (Atomic Arbitrage)

Market) (Tempo) °

&% > 2 Sigma MongoDB & DI 2 w5 B /o BEEAS P EE SRR

RE#E & (Depth Cluster) L2 Z[E (Plotly) REXEB/EAMIEEE],

OHLC #Z a8k Delta Lake £E%& HRRBERE, 1T 24 /B
2

[10] Nasdaqg L2

Nasdaq L2 schemas into the Databricks LakTehouse, you are moving from simple data storage
to a high-fidelity Market Replay Engine. he sequence and nanoseconds fields are where the
"truth" of the market lives.

1. Schema Architecture: The "Nano-Precision" Edge
In the fragmented crypto markets of 2026, Time-of-Flight (ToF) is everything. Your schema
reflects this by splitting the exchange_timestamp from the received_timestamp.



Critical Field Deep-Dive:

e sequence (Long): This is your Integrity Check. If you are ingesting a "Top of Book"
stream and the sequence jumps from 10025 to 10028, you have a packet loss. In 2026,
missing even 3 messages in a volatility event can lead to "Ghost Bids" and catastrophic
slippage.

e received_timestamp_nanoseconds: By comparing this to the exchange_timestamp, you
calculate Exchange Latency.

e Alpha Signal: If the latency on Exchange A spikes by 50ms while Exchange B remains
stable, it's a signal that Exchange A's matching engine is "congested." This is often a
precursor to a price breakout.

e num_order (Depth): This differentiates between a single "Whale" (1 order for 100 BTC)
and "Retail Momentum" (100 orders for 1 BTC). In the 2026 "KOL-driven" regime, retail
momentum is easier to sandwich, while whale walls are meant to be respected.

2. Real-Time Analytics in Databricks (Spark + Pandas)
Processing 33+ Terabytes requires a tiered approach. We use Spark for the heavy-lift (Gold
Layer) and Pandas/Plotly for the "Last-Mile" visualization.
A. The Spark "Gold" Transformation
e To find Crossed Markets, we use Spark to pivot the exchanges into a unified "Global
Book" in milliseconds.
B. Visualizing Liquidity with Plotly
e For Market Depth Analysis, we convert a slice of the Level Il data into a Liquidity
Heatmap. This reveals "hidden" support/resistance levels that traditional candlesticks
miss.
X-Axis: Time (at nanosecond precision).
Y-Axis: Price.
Color Intensity (Z): volume or num_order.

3. Advanced Trading Use Cases (2026)

I. The "Slippage Prediction" Model
Using the Depth of Book schema, we calculate the Cost to Sweep $N$ coins.
1. Input: price and volume from the Depth table.
2. Logic: Iteratively sum the volume until it meets your trade size.
3. Output: The difference between the price at Level 1 and the price at the final level.
4. Action: If "Cost to Sweep" > 15bps, the system reroutes to the Smart Order Router
(SOR) to slice the order.

II. Detection of "Hidden Walls"
e By analyzing the is_bid, price, and num_order fields, we can detect Iceberg Orders. If
the last price (ToB) keeps hitting a specific level and volume is being consumed, but the
bid price doesn't move and the num_order remains low, a large hidden buyer is present.

. Volatility Forecasting (Tempo)



e We use the mid price (bid + ask) / 2 and calculate its Exponential Moving Standard
Deviation over 100ms intervals. Because we have nanosecond precision, we can detect
the "Micro-Clustering” of volatility before it shows up on a 1-minute chart.

4. Operational Comparison (2026)

Metric Top of Book (ToB) Depth of Book (DoB)

Storage Strategy | Delta Lake (Hot/Warm) Delta Lake (Cold/Deep Archive)

Query Pattern Point-lookups & Spreads Massive aggregations &
Heatmaps

Main "Enemy" Latency / Information Data Skew / Processing

Leakage Bottlenecks

Traded Feature Arbitrage (Arb) Mean Reversion / Liquidity

Provision

Nasdaq L2 #&4& (Schemas) # A Databricks Lakehouse %, X 5 R # i a{a L E s SiB 17 {34
b A= R EMNTIS EESI% (Market Replay Engine) , Sequence (£ 5115%) Bl nanoseconds (£
M EGLY R s BEAE IR,

1. EREER UV REENED
£ 2026 FREFHLMMERWEHIED, BIREMAEEH (Time-of-Flight, ToF)iRTE T — Y. &RIKEH
FEiE# exchange_timestamp (3 5 A B RE12,) E2 received_timestamp (3% Uk B R 85) 40 Bt 2k I B8
— &
B BRI AR AT
e sequence (Long): & 2RSS E M IEE (Integrity Check) , MR R IE E R fx E R {E (
ToB) I3k, MFFIsRHE 10025 BkE| 10028, RFRBELE T HEEX, 7 2026 FMEREE
o, BEIfEE KL 3 EARE M AT E 3 W= & & (Ghost Bids) 13l 1& B K 21 89 BE
e received_timestamp_nanoseconds: ZFEiE#§ tiEGLEL exchange_timestamp ¥ftb, #&7]LL
5 3% 5 FriEE (Exchange Latency)
e Alpha % : EX 5T A BWIEEMMT 50ms X 5FT B RIFEE, E2—EFAM BERX
ZHFT AMIRESIEERNIZEE KB, ERESEREHATK,
e num_order GRE): :EREESE—TEfR) (1 £5TE 100 BTC) BBk S Eh8E1 (100 £iTE
% 1BTC). 7 2026 &£TKOL BE®) IkEeH T, S BIaEE B 5 = BA/A X E (Sandwich)
, MEfRERNEAREE,

2. Databricks 5B BN 547 (Spark + Pandas)

FREERER 33 TB MBIBEZENBRE, HMEMA Spark ETEREH (£/8), HifERA
Pandas/Plotly 1Tl &% — 128 IR E 1L,

A. Sparkl £ [& |82



o ATIHHIRXMI5H(Crossed Markets), EAME A Spark EEM AH L AR ST EiEE

i& (Pivot) &#ft— #l £k A (Global Book) 1,
B. £/ Plotly R 81bR %

o HHEMZEEDM, HMHF Level Il BiEMIY) F g AR BN E2E (Liquidity Heatmap) .
ERRTESK KRESHE BN SR E/BR O,
X & BFE(RUHEE).

o YL B,

e ZEEMIEE (Z): volume B¢ num_order,

3. X ZEMG = (2026)

| IR ETERER
FERITEZERERE EMTEERRBMIBAK (Cost to Sweep)
1. A : ZFEER (Depth table) H#4 price £ volume,
2. #E: ERENXZE BIRERENRZHRE,
3. Wil FEERESREARELERZEMNEER,
4. 17Eh: BIHEIRELA] > 15bps, R G EFRAEEREFTE IR H (SOR) EITIRE,

. {58 TS S
o BB HT is_bid. price B num_order &4z, F AR LUERIKILETE (Iceberg Orders) . &
=ITER (ToB) A A EEM AR EMEIE, BEEFREEHE num_order RIF7E
B, KRFEXREBBEER.

. ;REHZTFEA (Tempo)
o HMERADE (bid+ask)/2 WEtEHTE 100ms Bl AMIEHBENIZEZEZ, ANRERS
WRE, BMTLUERBSERLRAE 1 SEERZE, AEREIKREIR M MERERE(

Micro-Clustering) 1,

4. EFAEELLER (2026)

iz RIEIRME (ToB) FTEERE (DoB)

[T SR Delta Lake (Z4/:B 81%) Delta Lake (4/ZRE7F)
BHERX AHHEHEEENE ABRERGHEAEER
FEIMMAL iEE / ERRR BURER / FEIERE
Xttt EFI (Arb) ¥ERE / RENEIRH




[11] Morningstar Dynamic Service

The inclusion of the Morningstar Dynamic Service APl model into your 2026 proprietary trading
stack completes the "Intelligence Loop." While Nasdaq provides the high-fidelity Tick/Depth
data, Morningstar (powered by MongoDB Atlas) provides the Institutional Context (Ratings,
Analysis, and Fund flows).

By using a lift-and-shift approach to modernize these APIs into a multi-region MongoDB Atlas
environment, you are essentially turning 600,000 investment offerings into a real-time,
queryable "Knowledge Graph."

1. The 2026 "No-ETL" Advantage: Atlas Search
The most significant efficiency gain you've identified is the removal of the "Search ETL" pipeline.

e Lucene Integration: By using Atlas Search, you are performing text-matching (e.g.,
searching for "ESG High-Yield Tech Funds") directly on the same collection where the
fundamental data lives.

e The Trading Edge: In 2026, when a KOL signal or News Cluster breaks, your system
doesn't just look for a ticker; it uses Atlas Search to find all Investment Offerings with
exposure to that specific theme or risk summary, pulling the Morningstar Rating and
Analyst Opinion in a single API call.

2. Architecture: Breaking the Monolith
Morningstar’s shift from a monolithic database to a Serverless/Microservices architecture on
MongoDB Atlas allows for "Plug-and-Play" financial intelligence.

Feature Legacy Monolith 2026 MongoDB Atlas Stack

Data Structure Rigid Relational Tables Agile Collections (JSON-like)

Scalability Vertical (Expensive) Multi-region Serverless (Scale on
Demand)

Search External Integrated Atlas Search (Zero ETL)

(ElasticSearch/Solr)

Deployment One-off Implementations Standardized Dynamic Service

APls

Data Scope (The "Gold" Feature Set):
e $260B AUM Context: You are managing the data underlying massive asset flows.
e 600k Offerings: Every equity, stock, and fund has a unique signature.
e Personalization: The API serves "Opinion-as-a-Service," allowing your trading bots to
weigh a trade not just on price, but on the Morningstar Qualitative Analysis.



3. The 2026 "Prop Trader" Workflow
Here is how the Morningstar/MongoDB layer interacts with your Nasdag/Databricks layer in a
pre-trade scenario:
1. Signal: A news cluster on Databricks detects a "Regime Change" in Green Energy.
2. Lookup: Your bot queries the Morningstar Dynamic API via Atlas Search for funds with
"High Sustainability Ratings."
3. Discovery: The API returns a list of 50 equities with institutional "Buy" ratings and high
analyst conviction scores.
4. Execution: Your Smart Order Router (SOR) pulls Nasdaq Level |l Depth for those 50
tickers to calculate the Slippage-Adjusted Entry.
5. State Management: The final trade "Intent" is saved in a MongoDB collection, ready for
real-time Slippage Analysis later.

4. Key 2026 Technical Components

e Multi-Region Atlas: Ensures that if your trading desk is in London but your execution
engine is in New York (us-east-1), the Morningstar data is replicated locally for
sub-millisecond API responses.

e Serverless Efficiencies: You only pay for the "Bursts" of data during market open and
close, avoiding the cost of idling massive database infrastructure.

e Dynamic APIs: By exposing these as APIs, your Databricks Notebooks can pull
fundamental data via simple HTTP GET requests, merging them with Tempo as_of joins
for a holistic view.

Synthesis of the 2026 Proprietary Stack

Information Source: Morningstar (Fundamental Ratings/Opinions).
Storage/Search: MongoDB Atlas (Agile Collections, Atlas Search).
Market Intelligence: Nasdagq (Tick/Depth Level | & 1I).

The Refinery: Databricks (Spark, Delta Lake, Tempo).

The Execution: Polygon/CME/NASDAQ (The Venues).

#% Morningstar Dynamic Service API #2Z4# A & 2026 8 B & X 5 i 4 (Proprietary
Trading Stack), 12 EMERFARIMERXTR ., & Nasdaq IRt S REMNEZREREEIEE,
Morningstar (1 MongoDB Atlas E&Ef) BliR 4t T ##E T = GEk. 2 TEHEERE),

BRGEL API AL B E £ =i MongoDB Atlas BiE, B L#§ 600,000 1B%E1ZH
HitA—ERENFERMI BB

1.2026 FEHIM & ETL |22 : Atlas Search
EAEA N RBEERNERAENRBRTIES ETLIER,
e Lucene B4 : BiBFE A Atlas Search, Bl LIEEAMEEATDHRIENR —EES (
Collection) 4T X AL (5N FTESGC S BRI EHEE D,
o RHZEP: 72026 F, E KOL ERAIFTHEBRERER, CHRMTRIZSHBRELN,
MmaEF A Atlas Search HF A H B ETESAREES BIGMIREIZEN, BLAEER
API i A B HMEL Morningstar FF#RER 2 ATERE R,



2. 248 TR EE RS =X R il
Morningstar ¢ B 82 = & #1 E &7 MongoDB Atlas B R3S/ MARTS R4, IR 7 IEMEAD
A IMERIER.

i {47 B8 582248 (Legacy Monolith) 2026 MongoDB Atlas £ fl7
ii*ﬁ% EerIFE B X &4 (SQL) BEERIXAESE S (JSON-like)
s
R ZEEE (RHEEFLR) ZEHEFARSE (REEHERE)
=) 51 ER$h & (ElasticSearch/Solr) W3 Atlas Search (& ETL)
BE
HEE —RMEEREE ZEEL B REARFS API (Dynamic
= APIs)

BBEHRE (TSR FEE)

e 2600 fEETAUMER: CEEEEXEREREERINEREIE,

o 60 BIFIZN: BEREHASIMERBFMNEEER.

o = RENARFE (Opinion-as-a-Service): API {2t B9 AL 2 #7, EBIEHR SR ATIELER
BB, ZREIRIE Morningstar EM D RIEH X ZHE,

3.2026 EIBEXRZHEITER
LI B~ Morningstar/MongoDB [Z i {a] £ #4% #) Nasdaqg/Databricks [B7E B RIIEHE T HE):
1. #%% (Signal): Databricks H%7 3 5581 2| ik £ 88 R | FE 2 58 4 B2 | 2448 (Regime

Change),
2. &H) (Lookup): #28 AEiE Atlas Search &fFl Morningstar Ei5& AP, &8 H B & &K
BT R ImE SR,

3. %3 (Discovery): API [E1{& 50 18 B B ttal B & 15Tk B 5 #rBf 1510 5 8 (Conviction
Scores) B EHRE,

4. $1T (Execution): FHEETE A (SOR) HMELE 50 1812898 Nasdaq Level |l BE, §HE
BERAEEMASE,

5 REEE: BRX5IEE 77 MongoDB &, & EETEIRMEES .

4. 2026 FRABESATHR 14
o ZEIH Atlas: RECEHMXZEBREMK, BMIT5IEEMK (us-east-1), Morningstar
HiFREETAMER, BREZMNHM API EFE,
o MAIRIFRUE: CEFZTAHMABERKBIMMNEMNEEREIXMNER BETHFEX
BEHEERERENRERA,
o EjEE API: &8 APl R, 188 Databricks ZEE AT LB B ER HTTP GET 53K #MEX
EAREEE, HifEA Tempo as_of joins #ITE S,




2026 F HEX H R TS

15 2R : Morningstar(EAEEHK/ER) .
#77 B S MongoDB Atlas (8% & . Atlas Search) ,
5 1EER: Nasdaq GRZE/FREHIE Level | & 1),

¥5 4% . Databricks (Spark. Delta Lake. Tempo) .
#1471515 - Polygon / CME / NASDAQ.

[12] Defensive quoting

Defensive quoting by market makers is a risk-management strategy used to protect against
adverse selection, which occurs when a market maker trades with a better-informed participant,
resulting in a loss. In situations of high volatility or when facing "informed flow," market makers
widen their bid-ask spreads or temporarily stop quoting to avoid being picked off.

1. Key Defensive Techniques

Widening Spreads: When uncertainty increases or volatility rises, market makers widen
the gap between their bid and ask prices to compensate for the higher risk of holding
inventory.

Skewing Quotes: A market maker may move their entire quote (both bid and ask) in the
direction of the expected market movement to discourage unfavorable trades and
encourage trades that reduce their inventory risk.

Reducing Size/Pulling Quotes: If a market maker detects "toxic" order flow, they may
reduce the volume (depth) of their quotes or pull them entirely, effectively stopping
market-making activity temporarily.

Odd-Eighth Avoidance (Historical): Traditionally, market makers would avoid specific,
common price points to prevent automated, rapid-fire trading strategies (SOES bandits)
from exploiting their quotes.

2. When Defensive Quoting Occurs

High Adverse Selection: When trading against participants with better information, such
as high-frequency trading (HFT) algorithms or institutional investors, market makers act
defensively to prevent losses.

Volatility Spikes: During rapid, unforeseen price movements, market makers widen
spreads to protect against holding inventory that is quickly losing value.

Inventory Imbalance: If a market maker holds too much of a stock, they will defensively
lower their bid and ask prices to discourage further selling to them and encourage
buying from them.

3. Modern "Defensive" Tools

Market Maker Protection (MMP): Modern electronic exchanges allow market makers to
set parameters that automatically disable their quotes if a certain number of trades occur



within a set timeframe. This prevents them from being "wiped out" during a fast market
move.

Al and Machine Learning: Market makers use algorithms to analyze the incoming flow
and detect "skew sniffers"—traders attempting to exploit the market maker's inventory
position. The Al then suggests a defensive, or "robust," quoting strategy.

4. Defensive Quoting in Different Markets

Equities/Options: Market makers might use a "single-leg price improvement mechanism"
or change their quotes as if starting a trend, only to pull them back to trap aggressive
traders.

DeFi (Automated Market Makers): "Defensive rebalancing" is a technique used in DeFi
to protect automated market makers (AMMs) from value leakage due to arbitrage, by
adjusting the liquidity pool to an "arbitrage-free" state.

OTC Markets: In over-the-counter (OTC) markets, market makers may refuse to quote or
provide significantly wider spreads during low-liquidity events.

[10] B & 14 %R {8 (Defensive Quoting)

ﬁﬂ"li’éﬁﬂ"]%%ﬁﬁt#ﬁ{ﬁ%—ﬁﬂﬁ EHERME, 57 1L A% 1E (Adverse Selection) , Ei1& T'I'Tﬁﬁéﬁi
BEAEETEZNBEELTRZRE FEEEREE, EHERZLEESEEIMERE
Informed Flow) I#IER T, EHEEREAEEEEREHEILERE, UERBEZ,

1.

¥l B B i

#EK{E= (Widening Spreads) : EXHEMIEMBRBE LA, EMEEHNAEERE
BZzRMER, UHEREERNES AR,

HERF (Skewing Quotes) - EH A AIEEEHETEHT SR IMNARNEREBHRE (TE
BEMEE), UBELERFIXS, GiGEEEMNRBEEEFRKRMNRZS.

e B R E B (Reducing Size/Pulling Quotes) : 3N 8 & mi g {88 2T 5 &7 & (Toxic
Flow) |, ATREE B/ MEMAR E GFE) AELHERE, M HFELETED,

&% 5245 E Bk B 2k (Odd-Eighth Avoidance, B E =) (E#i L, EHAEHRARE. EEMN
B2, UGB EE. ERXMKF R (INEHM SOES X5 &) M AEREEF,

o5 2 1 R 1 ) 5% A R

SEREREZERR TREFFEEEANBEE (NSHER S HFT BEEATEABEBIRE
BE)XR S, EmESERINEE/TENIURGLEEE,

REBERMAA EREAFRAEIMNER KSR, EMBSREREEZ, UHLEEENER
REEHRE T BMmEZE.

[E 77 & % (Inventory Imbalance) : M1 R ETEF A ERZNTMBZ, SFHE 4 HRRE
BEEER, UHLthWAEESKREXRES, B ARBEZEA,

HREPFEITE

E B R #E % H (Market Maker Protection, MMP) : IR EF X SRS ETERESH
, NMBRAZRTENFREE AR REEBME, RS EEIERAERE, SEMHLETRE
HETRERIZLRB MR EZE (Wiped out) |,



Al B3R 8E ETEAABEE IS MESR=E, FRAIRARIESE (Skew Sniffers) |—
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