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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 AI/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. 

●​ ToB vs. DoB Storage: We don't store raw packets. We use MongoDB’s Bucketing 
Pattern to store L2 snapshots. 

●​ 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. 

●​ 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. 



●​ 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) 

●​ AWS PrivateLink + Kinesis: Direct-connect from NYSE/ICE into AWS. 
●​ Structured Streaming: Databricks ingests the raw FIX/SBE (Simple Binary Encoding) 

messages. 
●​ 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) 

●​ Stateful Aggregation: Using Spark Structured Streaming's mapGroupsWithState, we 
reconstruct the L2 Order Book in real-time. 

●​ 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) 
●​ The Spread Vector: 

 
●​ AI 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 
(Network) 

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

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 
Training 

Real-time Order Book / Execution 
State 

Data 
Format 

Delta / Parquet (Columnar) BSON / Time-Series 
(Document/Columnar Hybrid) 

Latency 10ms to 100ms <1ms 

Strength Massive Parallel Processing 
(Petabytes) 

High-Concurrency Reads/Writes 
(Millions/sec) 

 
 
 
管理資訊流速（Information Velocity） 
為了極大化價差套利的效率，您的架構必須將 Databricks 定位為「煉油廠」（負責重型 AI 運算與

回測），並將 MongoDB 定位為「神經系統」（負責即時狀態管理）。 
 

1. 2026 年「速至狀態」（Speed-to-State）架構 
價差套利需要對跨多個交易場域的合成價差（Synthetic Spread）擁有瞬時視角。 
MongoDB：即時掛單簿（狀態儲存庫） 
在 2026 年，我們將利用 MongoDB 8.0/9.0 的時序集合（Time-Series Collections）與雙時態資料

模型（Bitemporal Data Model）。 
●​ ToB vs. DoB 儲存： 我們不儲存原始封包，而是使用 MongoDB 的分桶模式（Bucketing 

Pattern）來儲存 L2 快照。 
●​ ToB (L1)： 高頻更新（間隔 <1ms）儲存在固定大小集合（Capped Collection）中，以實現亞

毫秒級的「最後報價」擷取。 
●​ DoB (L2)： 深度切片（1–10 檔）被聚合到 100ms 的數據桶中。 
●​ 優化： 啟用包含前映射/後映射（Pre-image/Post-image）的變更串流（Change Streams）。

當在深度中偵測到大型「冰山單（Iceberg Order）」時，變更串流會在價格於 ToB 發動前，

直接觸發套利執行引擎。 
Databricks：智能煉油廠（特徵儲存庫） 
Databricks 處理「重型 Beta」。當 MongoDB 管理「當下」時，Databricks 負責解釋「原因」。 

●​ Delta Lake 4.0 (液態叢集/Liquid Clustering)： 我們對標的符號（Symbol）與事件時間（

Event Time）使用液態叢集。這讓我們的歷史逐筆資料（Tick Data）能進行動態 Z-Order 排
列，使價差交叉事件的回補速度比傳統分區快上 10 倍。 



●​ Photon 引擎： 在 Databricks 中執行微觀結構雜訊過濾器（例如 Epps 效應修正）。這些過

濾器決定價差擴大是屬於「有毒流量（Toxic Flow）」還是「套利機會」。 
 

2. 透過「混合管線」優化價差套利 
為了捕捉 $0.01 的價差，您的管線必須能在微爆發（Microbursts）流量中生存。 
步驟 A：攝取與銅層（原始逐筆資料） 

●​ AWS PrivateLink + Kinesis： 從 NYSE/ICE 直接連線至 AWS。 
●​ 結構化串流（Structured Streaming）： Databricks 攝取原始 FIX/SBE（簡單二進位編碼）訊

息。 
●​ 架構強制執行（Schema Enforcement）： 使用 Unity Catalog 確保「替代數據」被映射到與

逐筆資料相同的時間戳精度。 
步驟 B：銀層（掛單簿構建） 

●​ 有狀態聚合： 利用 Spark 結構化串流的 mapGroupsWithState 功能，即時重建 L2 掛單

簿。 
●​ MongoDB 接收端（Sink）： 重建後的狀態會推送到 MongoDB Atlas (全域叢集)。透過將 

MongoDB 分片與交易所的 AWS 區域協同部署（例如多數美國交易所使用的 us-east-1），
我們能將「跨區域延遲（Cross-Region Drag）」降至最低。 

步驟 C：金層（特徵向量） 
價差向量：​

 
●​ AI 推論： 透過 Databricks 整合 Amazon Bedrock 來監控「資訊流速」。若有 KOL 的推文爆

發，模型會更新價差公式中的「Alpha 乘數」，根據預期波動率調整掛單的寬度。 
 

3. 2026 年關鍵風險：Oracle 與 Basis（基差）間隙 
在自營交易中，當您的 MongoDB「狀態」與交易所的「現實」發生偏離時，就會產生基差風險（

Basis Risk）。 
 

風險因素 2026 年緩解方案 

抖動 (Network 
Jitter) 

使用 AWS DPU (資料處理單元) 來卸載 TCP/IP 負載。 

過時狀態 (Stale 
State) 

在 MongoDB 中實作心跳監控 (Heartbeat Monitor)。若最後一筆
跳動超過 5ms，套利機器人將自動撤銷所有限價單。 

過度擬合 
(Overfitting) 

使用 Databricks MLflow 追蹤價差模型相對於真實成交情況的
「漂移（Drift）」。 

 
 

4. 運作效能比較：Databricks vs. MongoDB 



 

功能特
性 

Databricks (Lakehouse) MongoDB (運作層/Operational) 

定位角
色 

歷史數據回測 / LLM 模型訓練 即時掛單簿 / 交易執行狀態 

資料格
式 

Delta / Parquet (列式儲存) BSON / 時序集合 (文件與列式混
合) 

延遲表
現 

10ms to 100ms (串流處理) <1ms (點對點查詢) 

核心優
勢 

海量平行處理 (Petabytes 等級) 高並行讀寫 (每秒百萬級次數) 

 

[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. 

●​ 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. 

●​ 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): 

●​ 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. 

●​ 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: 

●​ 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: 

●​ Linear Interpolation:  
●​ 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." 
●​ 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 

 
自營交易架構如何從傳統的「事後分析（ex-post analysis）」轉向「即時狀態感知（Real-Time State 
Awareness）」。 
針對即時數據攝取、CDC（異動資料擷取）流程與數據強化（Enrichment）架構的繁體中文（台灣技

術慣用語）深度解析，並依要求移除粗體標示： 
 

1. 即時數據攝取：透過 Kinesis/Event Hub 與 MongoDB 實現「雙路徑並行」 
在 2026 年，頂尖的造市商（MMs）不再依賴單一數據路徑，而是採用「冷熱分離攝取（Hot-Cold 
Separation Ingestion）」策略： 
 
熱路徑 (Hot Path - MongoDB)：Kinesis 透過 MongoDB Atlas Sink Connector 將原始 L1/L2 數據

直接推送到 MongoDB 的時序集合（Time-Series Collections）中。 
●​ 2026 年優化點：利用 MongoDB 的叢集索引（Clustered Indexes，基於時間戳與標的代碼 

Symbol），確保在價差套利期間，針對掛單簿頂端（Top-of-Book）的時間點查詢（

Point-in-time Queries）延遲保持在 1ms 以下。 
 
冷路徑 (Cold Path - Databricks Delta Lake)：Kinesis 同步將數據持久化至 S3/ADLS，並觸發 
Databricks 自動載入器（Autoloader）。 

●​ Autoloader 優勢：它利用雲端原生通知服務（如 AWS SNS/SQS）自動偵測新的增量 
Parquet/Avro 檔案，無需掃描整個目錄。這顯著降低了在高波動事件（如 VIX 飆升）期間

的數據攝取延遲。 
 

2. 異動資料擷取 (CDC)：從 SQL Server 到數據湖的即時鏡像 
結構化數據（FactSet、S&P Global 及內部 SQL Server），2026 年的業界標準是 Debezium + 
Kafka + Databricks Delta Live Tables (DLT)： 

●​ 無鎖擷取（Lock-Free Capture）：透過讀取資料庫交易記錄（如 SQL Server 的 LSNs），基
本面數據（盈餘、配息）能在不影響正式生產環境交易資料庫效能的情況下，即時推送到數

據湖。 
●​ Delta Live Tables (DLT)：在 Databricks 內部使用 DLT 的 APPLY CHANGES INTO 語法

處理 CDC 串流。這會自動管理 SCD Type 1/Type 2（緩慢變化維度），確保您的回測模型

使用最精確的「時間點（Point-in-time）」基本面數據，避免前瞻偏差（Look-ahead Bias）。 
 

3. 數據強化與時序處理：Tempo 的威力 
處理高頻逐筆資料（Tick Data）時，最難的部分不是儲存，而是對齊（Alignment）。 
 
透過 Tempo 進行多維度對齊 
Tempo（Databricks 的開源時序函式庫）是 2026 年處理「替代貝塔網路（ABN）」的關鍵： 

●​ As-of Join：這是交易員的「殺手級功能」。當您擁有高頻逐筆串流（1ms 等級）與低頻情緒

分數串流（10s 等級）時，Tempo 的 asof_join 能瞬間將每一筆 Tick 與其「最後有效」的情

緒指標配對，且不會造成數據洩漏。 
 



降採樣與插值 (Downsampling & Interpolation) 
為了支援跨時區策略（例如：使用 1 分鐘 K 線來過濾 100ms 的訊號），我們在銀層（Silver Layer）
進行串流降採樣： 

●​ 線性插值： 
●​ 針對缺失的流動性層級，我們使用 Spark 進行分散式插值，填補掛單深度（Depth-of-Book

）中的空隙。 
●​ 強化邏輯 (Enrichment Logic)： 
●​ 整合 Xpressfeed S&P 基本面數據與即時 Tick，計算「即時本益比 (Real-time P/E)」。 
●​ 將 ESG 風險評分作為權重因子，自動調整特定產業（如能源股）的部位上限。 

 
4. 2026 年「金層 (Gold Layer)」特徵儲存庫 
最終，您的架構會產出一個「低熵（Low-Entropy）」的特徵儲存庫（Feature Store）： 
 

數據源 處理工具 產出特徵 (Output Feature) 

KOL 情緒 (Amazon 
Bedrock) 

NLP + Tempo Join 情緒流速 (Sentiment 
Velocity) 

L2 逐筆資料 (MongoDB) 視窗聚合 (Window 
Agg) 

掛單簿失衡 (OBI) 

S&P 基本面數據 CDC + DLT 盈餘動能 (Earnings 
Momentum) 

替代數據 (Alternative 
Data) 

SageMaker 推論 地緣政治風險乘數 

 

[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. 



●​ 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. 

●​ 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. 

●​ 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). 

●​ 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. 

●​ 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:​

​
Tempo does this over sliding windows without the need for complex state management. 

●​ 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 
bars) 

Reduces noise for 
daily vol models. 

News Sentiment Irregular AS OF Join Attributes "Reason" 
to price spikes. 

S&P 
Fundamentals 

Daily/Quarterly Interpolation Provides the 
"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. 
 
如何透過「無架構攝取（Schema-Agnostic Ingestion）」與「高精度時序對齊（High-Precision 
Temporal Alignment）」構建一個時態湖倉（Temporal Lakehouse）。 
在專業交易領域，「Alpha」不僅存在於彭博（Bloomberg）的逐筆資料中，更存在於如何透過基本面

與情緒訊號對這些數據進行「重新語境化（Re-contextualization）」。 
 

1. 攝取層：ADF + Databricks Autoloader 
您採用了混合攝取策略，平衡了數據總量（ADF）與流速（Autoloader）。 
 
ADF：資料複製的主幹 
利用 information_schema 來驅動「元數據驅動複製（Metadata-driven copy）」，是將 
SQL/Postgres 環境鏡像到 ADLS Gen2 最有效率的方式。 

●​ 建議確保 ADF 以 Parquet 格式搭配 Snappy 壓縮進行寫入。這讓您的 Databricks JDBC 
筆記本能執行「謂詞下推（Predicate Pushdown）」，僅讀取波動率模型所需的特定欄位（如

：價格、成交量、盈餘殖利率）。 
 
Autoloader：彭博逐筆資料管線 
基於彭博 API 的逐筆數據源是您流速最高的串流。 

●​ 重導向邏輯： 使用 Autoloader 從登陸桶（Landing bucket）讀取並重導至特定的 Delta 
Table 是處理「架構演進（Schema Evolution）」的救星。即便彭博增加了新的欄位（如新的

流動性標記），Autoloader 也能在不中斷管線的情況下自動捕捉。 
●​ 觸發模式： 在 2026 年 3 月目前高波動的市場環境下，建議每分鐘以 

Trigger.AvailableNow 模式執行一次，以確保每日波動率預測維持在最新狀態。 
 

2. 分析引擎：Tempo 與 AS-OF Joins 
這是實際製造交易優勢（Trading Edge）的核心。2026 年的市場速度已快到標準 SQL JOIN 語句

無法負荷的地步。 
 



擴展 AS-OF Joins 
標準 Join 需要時間戳完全匹配，但在處理數十億個數據點（情緒 vs 價格）時，這幾乎不可能發

生。 
●​ 邏輯： 若新聞情緒分數在 10:00:01.500 到達，而成交資料在 10:00:01.505 到達，Tempo 

的 as_of join 會瞬間將情緒錨定至該筆交易。 
●​ 效能： Tempo 透過 Spark 的「範圍分區（Range-based partitioning）」優化此過程，防止在

對齊數十億行數據時發生災難性的「數據洗牌（Shuffle of Death）」。 
 
特徵創建與滾動聚合 
您提到的成交量加權平均價（VWAP）與指數移動平均線（EMA）對於即時波動率預測至關重要。 

●​ VWAP 計算： Tempo 在滑動視窗（Sliding windows）上執行此運算，無需複雜的狀態管理。 
●​ EMA： 用於賦予近期價格行為更高權重。當 KOL 訊號或新聞爆發導致掛單簿出現突然的

非線性移動時，EMA 的反應速度至關重要。 
 

3. 即時波動率對齊：「黃金記錄」 
透過將新聞情緒（替代數據）與彭博價格數據（市場數據）對齊，您的「金層（Gold Layer）」提供了一

種「具備語境的價格（Contextualized Price）」。 
 

數據類型 頻率 Tempo 運算 增值價值 

彭博逐筆資料 微秒 重採樣 (1s K線) 減少每日波動率模型的雜訊。 

新聞情緒 不定期 AS OF Join 為價格飆升歸納「原因」。 

S&P 基本面 每日/每季 插值 (Interpolation) 提供「估值錨點」。 

 
2026 年戰略效益 
這種即時預測波動率的能力，讓您的自營交易部門（Prop Desk）能在情緒中性時收窄價差，並在

偵測到「情緒流速（Sentiment Velocity）」飆升的微秒內，立即擴大價差或進行避險。 
您不再只是對價格做出反應，而是對驅動價格的「催化劑」做出反應。 
 

[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 

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

●​ TTM (Trailing Twelve Months): Provides the "fundamental gravity" for the asset. 
●​ 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 
●​ News Summaries: Using Amazon Bedrock (Nova/Titan), LLMs cluster real-time 

headlines (e.g., "Central Bank Hold at High Levels" or "AI Infrastructure Surge") into risk 
vectors. 

●​ 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 
Forecasting 

2026 "Secret Sauce" 

XGBoost Alpha Generation 
(Tabular) 

Leveraging gpu_hist for 2.6x faster training on 
tick-level range statistics. 

PyTorch / JAX Deep Learning / 
Recurrent 

Using Temporal Fusion Transformers (TFT) to 
capture long-range dependencies in 
news-price sequences. 

TensorFlow Production 
Serving 

TFX (TensorFlow Extended) ensures that the 
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) 



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

●​ 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) 
●​ 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. 

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

 
 
盤前分析（Pre-Trade Analysis）在 Delta Lake 上的演進，其已轉向一套「自主執行引擎（

Autonomous Execution Engine）」，透過建模流動性在時間維度上的機率密度來進行決策。 
 

1. 盤前情報技術棧（The Pre-Trade Intelligence Stack） 
 
為了決定最佳的價格與時間，您的系統在單一 Delta Table 視圖中綜合了三個不同的數據層： 
A. 微觀層級：逐筆資料與掛單深度（Tick Data & Depth-of-Book） 

●​ 精度：透過 Kinesis 擷取細顆粒度的 L2 快照（限價單掛單簿）。 
●​ 指標：掛單簿失衡（OBI）。藉由計算前 5 檔買方與賣方量的比率，模型可預測短期（

100ms–5s）的價格方向。 
B. 背景層級：TTM 指標與 TCA 

●​ TTM（過去 12 個月）：為資產提供「基本面重力」參考。 
●​ TCA（交易成本分析）：歷史上，當我們執行類似規模的訂單時，市場對我們產生了多少不

利移動？這被儲存為一個「銀層（Silver）」Delta Table，並以波動率機制（Volatility_Regime
）與代號（Ticker）建立索引。 

C. 催化劑層級：新聞叢集與波動率預測 
●​ 新聞摘要：利用 Amazon Bedrock (Nova/Titan)，大型語言模型（LLMs）將即時頭條（例如

「央行維持高利率」或「AI 基礎設施需求激增」）聚類為風險向量。 
●​ 波動率預測：這些新聞叢集作為模型中的外生變數。若新聞叢集符合歷史上的高波動模式

，系統會自動擴大執行窗口，以避免被高頻交易（HFT）獵殺。 
 

2. 產出 Alpha：模型工廠（The Model Factory） 
在 2026 年，Alpha 的產生是一場整合運作：XGBoost 處理結構化特徵，而 PyTorch/TensorFlow 
則處理非線性的市場狀態嵌入。 
 

框架 在波動率預測中
的角色 

2026 年的獨門秘訣 

XGBoost Alpha 產生（表格
數據） 

利用 gpu_hist 使逐筆層級的範圍統計訓練速度
提升 2.6 倍。 



PyTorch / JAX 深度學習 / 遞歸
神經網路 

使用時序融合變換器（TFT）捕捉新聞與價格序
列中的長程依賴關係。 

TensorFlow 生產環境服務 TFX 確保用於盤前分析的模型與回測模型完全
一致（達成零訓練-服務偏差）。 

 
 

3. 高性能執行：Spark AQE 與 DPP 
為了在數秒內處理數十億行數據以做出盤前決策，您的 Databricks 叢集利用了先進的 Spark 優
化技術： 
自適應查詢執行（AQE） 

●​ 動態合併：若波動事件導致數據激增，AQE 會合併 Shuffle 後的小分區，以維持高 I/O 吞
吐量。 

●​ 傾斜合併處理：若 $NVDA 或 $SOL 的交易量比其他資產高出 100 倍，AQE 會自動拆分

這些傾斜分區，防止落後任務延遲您的預測。 
動態分區裁剪（DPP） 

●​ 效率：當將 100TB 的事實表（逐筆資料）與 10MB 的維度表（新聞叢集）進行關聯時，DPP 
確保 Spark 只讀取與新聞事件特定日期/時間對應的逐筆資料分區。 

●​ 影響：減少高達 90% 的數據掃描量，使即時性盤前查詢能在亞秒級時間內回傳結果。 
 

[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:  

●​ News headlines and risk summaries are converted into high-dimensional vectors. 
●​ DBSCAN/K-Means on Spark: We use Spark's MLlib to cluster these vectors in parallel. 
●​ 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. 

●​ The Spread Model: We don't just predict a price; we predict a Price Interval.​

 
●​ High Dispersion = Low Confidence: If a news cluster contains conflicting reports (e.g., 

"Peace Talks Starting" vs. "New Offensive Launched"), the Confidence Score drops. 
●​ 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":  

●​ 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 
Reverting) 

Low Social Volume, Stable 
Macro 

Stat-Arb / High Frequency 

Trend (Momentum) Rising News Velocity, 
Medium Sentiment 

Follow-through / Breakout 

Crisis (Gap Risk) Sentiment Polarization, 
Macro Regime Shift 

Gamma Scalping / Capital 
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. 
 
新聞分群與風險摘要的合成已超越了單純的「看漲/看跌」標籤。我們現在進入了體制感知執行（

Regime-Aware Execution）時代，模型的主要任務是偵測市場底層的「物理特性」何時發生了變

化。 
挑戰不在於取得數據，而是在於如何量化新聞注入掛單簿中的不確定性（風險）。 

 
1. 情緒擷取：新聞分群引擎 
在 2026 年，我們已從關鍵字匹配轉向使用 Amazon Bedrock (Nova) 或 Databricks Dolly/LLM 模
型進行語義分群（Semantic Clustering）。 

●​ 向量嵌入：新聞頭條與風險摘要被轉換為高維向量。 
●​ Spark 上的 DBSCAN/K-Means：我們利用 Spark 的 MLlib 並行處理這些向量的分群。 
●​ 範例：關於「央行數位貨幣 (CBDC) 監管」與「穩定幣脫鉤」的頭條會被分群為「系統性流動

性風險」向量。 
●​ Alpha 來源：我們不針對新聞進行交易，而是交易分群流速（Cluster Velocity）。如果新聞分

群在 10 分鐘窗口內從「企業盈餘」轉向「地緣政治衝突」，系統會標記即將發生的體制變

換。 
 

2. 風險投影：信心價差（Confidence Spread） 
這是定性新聞與定量執行之間的橋樑。 

●​ 價差模型：我們不只預測價格，而是預測價格區間（Price Interval）。 
●​ 高離散度 = 低信心：如果新聞分群包含衝突的報導（例如「和平談判開始」與「發動新攻

勢」），信心分數會下降。 
●​ 執行調整：當高/低預測之間的價差超過特定閾值時，MongoDB 狀態儲存庫會觸發造市商

（MM）的「防禦模式」，擴大買賣價差以避免被知情流量（Informed flow）狙擊。 
 

3. 波動率機器學習：XGBoost 的優勢 
雖然深度學習（PyTorch）在嵌入處理上表現優異，但 XGBoost 在 2026 年依然是處理「多雜訊」金

融時間序列的首選，因為它能極其高效地處理非線性關係。 
特徵工程： 

●​ 我們將分群產出的結果餵給 XGBoost 模型： 
●​ 分群動能：(當前分群密度 / 1小時平均值)。 
●​ 體制索引：從宏觀經濟替代數據衍生的類別變數。 
●​ 衰減因子：市場「遺忘」上一次新聞衝擊的速度。 



處理雜訊： 
●​ 我們在 XGBoost 中利用單調限制（Monotonic Constraints）。例如，我們可以強制模型假

設隨著「地緣政治風險」增加，「波動率」必須保持平穩或增加，絕對不能減少。這能防止模

型在危機期間過度擬合（Over-fitting）暫時性的隨機波動回落。 
 

4.​ 替代數據整合與體制偵測 
2026 年最成功的自營交易部門使用體制轉換偵測器（Regime Change Detectors, RCD）在不同

模型間切換。 
 

體制 數據觸發條件 模型策略 

常態 (均值回歸) 低社交媒體聲量、宏觀經濟穩定 統計套利 / 高頻交易 

趨勢 (動能) 新聞流速上升、情緒中性 順勢交易 / 突破策略 

危機 (跳空風險) 情緒極化、宏觀體制移轉 Gamma 策略 / 資本保護 

2026 年的關鍵洞察：透過使用 MongoDB 儲存「當前體制狀態」並使用 Databricks 訓練 RCD，您

的系統可以在單個區塊在鏈上完成結算的時間內，切換其整個邏輯（例如從多/空頭轉換為純現金

部位）。 
 

[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 

●​ 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:​

 



By serving this via Databricks SQL to a BI dashboard (PowerBI/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. 

●​ 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: 

●​ Baseline: Record the NBBO stability for the 10 seconds prior to your order. 
●​ 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. 

●​ 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. 

●​ 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 
$O(1)$ 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 $NVDA$. 

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." 
 
 
在 2026 年的監控與執行環境中，對抗滑價（Slippage）與有毒流量（Toxic Flow，如虛假掛單 
Spoofing 或分層掛單 Layering）的勝負關鍵在於「時序關聯（Temporal Join）」層。當你處理來自 
NASDAQ、CME 或 ICE 的海量逐筆數據（Tick Data）時，使用標準 SQL Join 簡直是自殺行為。 
將 Tempo 與 Delta Lake 工具化，用以識別滑價與市場操縱行為的深度解析。 

 
1. 滑價分析：執行與到達間的間隙（Execution-to-Arrival Gap） 
滑價不只是成本，它更是一種市場衝擊（Market Impact）或逆向選擇（Adverse Selection）的信號。 
Databricks 中的邏輯流程 

●​ 攝取：使用 Autoloader 串流市場訂單（OMS/EMS）與執行記錄到各自的銀層（Silver）Delta 
Table。 

●​ Tempo 樞紐：我們使用 asofJoin 來合併這些不規則的數據串流。 
衡量公式： 

 
透過 Databricks SQL 將結果推送到 BI 儀表板（如 PowerBI/Tableau），你可以立即識別出哪些執

行場域或券商正在洩漏資訊，導致價格在你訂單正式上線前就發生位移。 
 

2. 市場監控：偵測虛假掛單（Spoofing）與分層掛單（Layering） 
CFTC 與 FINRA 在 2026 年已加強執法，並使用類似的機器學習驅動監控。你的 Databricks 環境

可以在觸發監管審計前，先偵測到這些「搶先交易（Front-running）」攻擊。 
 
A. 虛假掛單與分層掛單偵測 
這些攻擊涉及放置大量非真實交易意圖的訂單，以創造流動性的假象，並將 NBBO 推向特定方

向。 
●​ 特徵：在大型限價單下達前幾秒，NBBO 出現突然位移，且一旦交易執行，「誘餌」訂單便

立即撤銷。 
 
Databricks 使用案例 

●​ 基準線：記錄訂單下達前 10 秒的 NBBO 穩定性。 
●​ 異常偵測：使用 XGBoost 標記特定模式，例如當價差（Spread）縮窄且中點價格（Midpoint

）位移與特定 MPID（市場參與者 ID）的高頻撤單行為呈現高度同步。 
 
B. 搶先交易（Front-Running）攻擊識別 
偵測高頻交易（HFT）是否在「賽跑」贏過你的訂單並先抵達其他交易場域。 

●​ 差異值：如果你的訂單到達場域 A，而場域 B 與 C 在你的路由訂單抵達前就出現價格位

移，那你就是被搶先交易了。 



●​ 解決方案：使用 Tempo 計算「資訊流速（Information Velocity）」——即價格發現跨交易所

傳播的速度。如果流速 > 光速（光纖延遲），這很可能是你的 OMS 洩漏或遇到了掠奪式路

由。 
 

3. 高性能監控架構 
 

組件 角色 2026 年優化點 

Delta Lake 儲存層 對 Symbol + Timestamp 使用液態叢集（Liquid Clustering），
實現 $O(1)$ 查詢。 

Tempo 關聯引
擎 

在不洗牌（Shuffle）數據的情況下，跨數十億行執行 as_of 
join。 

Spark 4.1.0 運算層 自適應查詢執行（AQE）可處理如 $NVDA 等高波動標的的數
據傾斜（Data Skew）。 

Unity 
Catalog 

治理層 提供完整數據血緣（Lineage），向 FINRA/SEC 證明你的滑價
計算方式。 

2026 執行的「黃金法則」 
如果在下一次交易前，你無法即時衡量目前的滑價，那你不是在交易，你是在對高頻交易者（

HFTs）進行慈善捐贈。 
 

[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. 

●​ Trade Data: Every individual execution with microsecond timestamps. 
●​ Top-of-Book (BBO): Real-time National Best Bid and Offer across global fragmented 

crypto liquidity. 
●​ 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 
downloads 

Direct Query on Nasdaq's S3 
buckets. 

Latency Hours/Days behind Near Real-Time availability. 

Governance Manual entitlements Unity Catalog integrated RBAC. 

Compute Restricted to vendor 
tools 

Agnostic (Spark, Pandas, PowerBI, 
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. 

●​ Method: Use Tempo’s as_of join to align the BBO tables of 15 exchanges. 
●​ Goal: Identify temporary liquidity dislocations to trigger automated execution. 

B. Liquidity Profiling & Market Depth 
Visualize the timing of quotes to find "Peak Liquidity" windows. 

●​ Method: Drill down into Depth-of-Book data to see how many levels are wiped out by a 
$1M market order. 

●​ Goal: Optimize your Smart Order Router (SOR) to minimize slippage. 
C. Moving Averages & "Blurring" 
Crypto trades are discrete and noisy. 

●​ 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. 

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

●​ 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. 

 
Nasdaq 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, AI-ready data for, identifying, investment, opportunities, 
and, risk, management.  
 
Key Features & Benefits 

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

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

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

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

●​ Use Cases: Asset managers can leverage this data to identify underperforming 
incumbents, locate replacement opportunities, and improve outreach strategies. 

 
 
數據重力（Data Gravity）問題的終結。透過 Delta Sharing 協議，Nasdaq 將數位資產數據直接對

接到 Databricks Lakehouse，標誌著從「擁有數據」到「零拷貝（Zero-Copy）即時存取」的典範轉

移。 
 

2026 年機構級數位資產數據架構：Nasdaq 與 Delta Sharing 的整合 
在 2026 年，將 Nasdaq 的數位資產市場數據透過 Delta Sharing 整合至 Databricks Lakehouse，
有效解決了數據重力問題。對於自營交易部門而言，瓶頸不再是獲取數據，而是如何實現數據的

零拷貝可用性。 
藉由開源的 Delta Sharing 協議，您能繞過傳統 ETL 處理數 PB 逐筆資料（Tick Data）時，在下

載、格式轉換與重新索引上的惡夢。 
 

1. 核心資產：Nasdaq 數位資產（由 Amberdata 提供技術支援） 
Nasdaq 的數據套件提供跨 15 個以上頂級交易所、超過 2,000 對加密貨幣對的機構級精度： 

●​ 交易數據（Trade Data）：包含微秒級時間戳的每一筆個別執行記錄。 
●​ 最佳買賣報價（BBO）：針對全球碎片化的加密貨幣流動性，提供即時的全國最佳買賣報

價。 
●​ 訂單簿深度（L2/L3）：全透明的掛單簿數據，對於計算大宗交易的價格衝擊（Price Impact）

與滑價（Slippage）至關重要。 
 

2. Delta Sharing 優勢：零 ETL 執行 
傳統上，攝取一整年的 L3 加密貨幣數據需要耗費數週的工程開發。在 2026 年，透過 Delta 
Sharing，存取這些數據就像存取本地資料表一樣簡單。 



 

功能特性 傳統方法 2026 Delta Sharing 

數據移動 大規模 S3/SFTP 下載 直接查詢 Nasdaq 的 S3 儲存桶 

延遲表現 落後數小時或數天 近乎即時的可用性 

治理機制 手動權限管理 整合於 Unity Catalog 的角色存取控制 (RBAC) 

運算能力 受限於廠商工具 不受限 (Spark, Pandas, PowerBI, Tableau) 

交易員洞察：Delta Sharing 使用短效期的預簽名 URL（Pre-signed URLs）。這意味著您的 
Databricks 叢集直接從 Nasdaq 的儲存空間讀取 Parquet 檔案，確保市場數據的「黃金記錄（

Golden Record）」永不重複且永不過時。 
 

3. 量化應用場景：從價差到套利 
當這些數據在您的 Lakehouse 中即時運作時，您可以利用 Tempo 與 Spark 執行高影響力的分析

模式： 
A. 跨交易所套利（市場交叉） 
搜尋交易所 A 買價 > 交易所 B 賣價的情況。 

●​ 方法：使用 Tempo 的 as_of join 對齊 15 個交易所的 BBO 資料表。 
●​ 目標：識別暫時性的流動性錯位以觸發自動執行。 

B. 流動性剖析與市場深度 
視覺化報價時機以尋找「巔峰流動性」窗口。 

●​ 方法：深入研究 L3 數據，分析 100 萬美元的市價單會掃掉多少檔位的掛單。 
●​ 目標：優化智能訂單路由（SOR），將滑價降至最低。 

C. 移動平均與模糊化處理 
加密貨幣交易具有離散且多雜訊的特性。 

●​ 方法：使用 Spark 將離散交易聚合為「分鐘 K 線（OHLC）」，或套用指數移動平均線（EMA）
來模糊雜訊，找出潛在趨勢。 

 
4. 2026 年背景：機構市場的成熟化 
在 2026 年初，Nasdaq CME Crypto Index（NCI）的重新品牌化，使該數據成為加密貨幣配置的權

威基準。 
●​ 數位資產財庫（DATs）：企業財庫正利用此 Databricks-Nasdaq 管線，針對其戰略性持有的

比特幣/乙太幣進行審計與合規估值。 
●​ 機構級發現：Nasdaq eVestment 等數據集現在也透過 Delta Sharing 提供。這讓您能將市

場價格數據與機構指令情報（Institutional Mandate Intelligence）進行關聯，進而識別哪些

大資金即將進入特定的數位資產板塊。 



 
Nasdaq eVestment 數據現已透過 Delta Sharing 在 Databricks Marketplace 上架。這項整合讓資

產管理經理能直接在自家的湖倉架構（Lakehouse）環境中，存取機構投資人數據、下一步最佳行

動（Next Best Action）洞察以及深度分析。 
這項合作不僅加速了對專有、AI 就緒數據的存取，更確保了過程的安全性，協助專業人士精準識

別投資機會並強化風險管理。 
核心功能與優勢 

●​ 直接存取 (Direct Access)：數據直接交付至 Databricks 環境中，徹底擺脫傳統數據攝取（

ETL）、繁瑣的檔案傳輸或複雜的 API 管理。 
●​ AI 與分析就緒 (AI & Analytics Ready)：提供標準化且機器可讀的數據，可立即投入 AI 模

型與進階分析，鎖定具備高潛力的投資委託案。 
●​ 增強安全性 (Enhanced Security)：採用 Delta Sharing 協議，確保在開放標準下進行安全

且合規的數據共享。 
●​ 全方位數據 (Comprehensive Data)：完整存取 eVestment 的核心分析功能，涵蓋績效指

標、風險管理機制及 ESG 數據。 
●​ 應用場景 (Use Cases)：資產管理經理可利用這些數據識別表現不佳的既有業者、挖掘潛

在的更換機會，並優化市場外展與推廣策略。 

[8] Level I vs. Level II (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 I vs. Level II (LOB) 
 

Feature Level I (BBO) Level II (Full Depth) 

Data 
Volume 

~3 Terabytes 30+ Terabytes 

Market View Surface (The "Tip of the 
Iceberg") 

Sub-surface (The "Submerged Mass") 

Key Metrics NBBO (Best Bid/Offer), 
Last Sale 

Full Limit Order Book (LOB) at every 
level 

Core Utility Price tracking, Portfolio 
valuation 

Execution quality, Slippage prediction, 
Whale tracking 



The "Iceberg" Reality 
In crypto markets, 70-80% of liquidity often sits in the Level II book. If you only look at Level I, 
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 II 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" 

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

●​ 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) 
●​ Clustering: By identifying price levels with high order density (Clusters), you find 

Institutional Footprints. 
●​ 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 

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

●​ 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. 

●​ The Detection: Your Databricks system uses L2 Order Life-cycle Analysis. If a large 
order appears (Level II) and then vanishes the moment the price touches it without an 
"Execution Message," it's flagged as a spoof. 



●​ 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." 

 
導航超過 30 TB 的 L2 訂單簿（Order Book） 不僅是一個數據工程問題，更是一個心理學問題。你

實際上是在價格結晶（Crystallizes）之前，觀察市場的「集體意圖」。 
透過 Delta Sharing 將 Nasdaq 數位資產市場數據 整合至 Databricks 湖倉架構，你正在將原始的

二進位更新轉化為具備操作性的「流動性地圖」。以下是我們對深度數據（Depth Data）的層級分

析與策略應用。 
 

1. 層級架構：Level I vs. Level II (LOB) 
 

特性 Level I (BBO) Level II (Full Depth) 

數據總量 約 3 Terabytes 30+ Terabytes 

市場視角 表面（「冰山一角」） 水面下（「淹沒的巨量」） 

關鍵指標 NBBO (最佳買賣價), 成交價 掛單簿 (LOB) 的每一層級 

核心用途 價格追蹤、投資組合估值 執行品質、滑價預測、巨鯨追蹤 

 
「冰山」的現實 
在加密貨幣市場中，70-80% 的流動性通常存在於 Level II 訂單簿中。如果你只看 Level I，你可能

在最佳買價看到 100 萬美元的流動性，卻沒發現就在其下方 0.5% 處正墊著 5,000 萬美元的「買

盤牆」。Level II 揭示了這種「隱藏的引力」。 
 

2. 深度數據的戰略優勢（2026 年背景） 
隨著 2026 年加密貨幣在 NCI™ 基準指數 引領下的機構化，訂單簿深度已成為智能訂單路由（

SOR）的主要戰場。 
A. 追蹤「流動性口袋」 

●​ 情緒轉移： 深度數據讓你洞察買賣平衡（Bid/Ask Balance）是處於中性還是偏斜。 
●​ 早期預警： 截至 2026 年 3 月，許多交易部門正使用「訂單流毒性（Order Flow Toxicity）」

指標。若買方深度開始「變薄」而價格維持穩定，通常預示著在新聞衝擊前，流動性提供者

已先行撤退，隨後將出現向下突破。 
B. 分析訂單分布（支撐與壓力） 

●​ 叢集（Clustering）： 藉由識別訂單密度極高的價格位準，你可以發現機構足跡。 
●​ 缺口（Gaps）： 訂單稀少的區域代表「氣穴（Air Pockets）」。若價格進入缺口，走勢通常既猛

烈又迅速，因為缺乏掛單流動性來吸收動能。 
C. 模式預測 

●​ 買賣數量對比： 即時視覺化檢查訂單簿的「傾斜度」，讓交易員能預測均值回歸（Mean 
Reversion）。 

●​ OHLC K 線轉化： 我們利用 Databricks 將深度更新重採樣（Resample）為分鐘 K 線，提供

掛單結構在交易時段內演變的「時間維度」視角。 
 



3. 在 Databricks 中進行市場深度分析 
處理 30TB 的更新需要 Tempo 的時序優化，以避免 Spark 作業中發生災難性的「數據洗牌（

Shuffle of Death）」。 
「深度分析」工作流： 
數據攝取： 

●​ Autoloader 從 Nasdaq Delta Share 抓取增量的 L2 更新。 
狀態管理：  

●​ 利用 Spark 的 mapGroupsWithState，為每個幣對（BTC, ETH, SOL 等）維護即時的訂單

簿「快照」。 
視覺化： 

●​ 熱圖（Heatmaps）： Y 軸代表價格，X 軸代表時間，顏色深淺代表訂單大小。 
時機分析：  

●​ 識別「流動性巔峰窗口」——即深度最高且價差最窄的時段（通常在 14:00–16:00 UTC，美

歐交易時段重疊期）。 
 

4. 2026 年執行戰術：避開「誘餌」 
在當前市場中，虛假掛單（Spoofing）與分層掛單（Layering）已進化得極其精密。 

●​ 偵測機制： 你的 Databricks 系統執行 L2 訂單生命週期分析。若大單出現（Level II）並在價

格接觸的瞬間消失，且沒有對應的「成交訊息（Execution Message）」，系統會自動將其標

記為虛假掛單。 
●​ Alpha 來源： 高頻造市（MM）機器人利用這些數據調整自身報價，確保不會為被人工「推

動」的市場提供流動性。 
 

[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 II 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. 

●​ 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). 

●​ Holistic View: We join the OHLC Minute Bars with Depth Imbalance scores. If price hits a 
200-day EMA but the Level II 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." 

 
●​ 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 >2σ 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 
(Tempo) 

Trigger Atomic Arbitrage. 

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. 

 
隨著《CLARITY 法案》的成熟與《GENIUS 法案》的推行，加密貨幣市場已從投機性的「西部荒野」

轉變為具備結構性紀律的市場。身為專業交易員，您的目標必須超越「盲目」的 K 線型態，將 
Level II 深度（Level II Depth） 整合進每一次的基本面波動。 
當您的 Databricks 湖倉架構透過 Delta Sharing 與 Nasdaq 數位資產數據同步時，您看到的不再

只是價格——您看見的是意圖的架構（Architecture of Intent）。 
 

1. 全方位基本面：價格 + 深度 
在 2026 年，單獨的「槌子線」或「十字星」K 線型態若沒有「掛單簿交易量（Order Book Volume）」
的驗證，皆屬雜訊。透過分析離散交易與掛單深度，我們能從單純的「模糊化處理（如簡單移動平

均線）」轉向動態價值偵測（Dynamic Value Detection）。 
●​ 移動平均線陷阱： 標準的 EMA (20, 50, 200) 是落後指標。在 2026 年的高頻環境下，我們

改用成交量加權移動平均線 (VWMA)。 
●​ 全方位視角： 我們將分鐘級別的 OHLC K 線與「深度失衡分數（Depth Imbalance scores

）」進行關聯。若價格觸及 200 日 EMA，但 Level II 深度顯示下方存在「流動性缺口（掛單

稀少）」，則該「支撐」僅是幻象——模型將發出高機率崩跌的訊號。 
 

2. 價差百分比（Spread %）與供需關係 
價差百分比是衡量「流動性成本」最誠實的指標。 

●​ 摩擦力衡量： 對自營交易部門而言，價差不僅是數字，更是一種交易成本壁壘。若價差百

分比超過該筆交易的預期 Alpha，系統將自動拒絕執行。 

 
 

3. 識別交叉市場（套利訊號） 
交叉市場（Crossed Market）——即某交易所的買價（Bid）高於另一交易所的賣價（Ask）——是 
2026 年延遲套利的「聖盃」。在跨越 15 個以上交易所的碎片化全球市場中，這些瞬間轉瞬即逝，

但獲利極高。 
Databricks 的掃描邏輯 



我們使用基於 Spark 的「掃描」筆記本，在 2,000 多個幣對中識別這些錯位： 
●​ 全域 BBO 構建： 利用 Tempo 將所有交易所的最佳買賣價聚合至單一行。 
●​ 驗證機制： 在執行前，我們會檢查「特定價格的深度」。若交叉市場僅有 0.01 BTC 的深度

，那是一個「流動性陷阱」。我們僅在交叉規模超過最低執行閾值時才發動攻擊。 
 

4. 改善價格的市場機制 
2026 年的「價格改善（Price Improvement）」是透過擔任流動性提供者（被動掛單）而非流動性提

取者（主動吃單）來實現的。 
●​ 摘要統計（均值/標準差）： 我們計算價差的 30 天滾動標準差。若當前價差大於均值的 2σ

（兩個標準差），代表市場定價失靈。 
●​ 「中點價格」策略： 系統不會直接去吃賣價（Ask），而是在中點（Midpoint）放置隱藏限價單（

Hidden Limit Orders）。因為我們擁有「全方位視角（價格 + 深度）」，我們精確知道將「誘

餌」放在哪裡，能被零售流量（我們透過 Bedrock 獲取的 KOL 訊號）成交。 
●​ 交易所識別： 我們不只按成交量排名，還按流動性恢復速度對交易所進行排名。若交易所 

A 出現交叉市場且買價維持高檔超過 500ms，這是結構性錯位；若在 10ms 內消失，則僅

是高頻交易（HFT）雜訊。 
 

2026 自營交易員的「黃金儀表板」 
 

指標 分析工具 執行動作 

交叉市場 (Crossed 
Market) 

Spark 掃描 
(Tempo) 

觸發原子套利 (Atomic Arbitrage)
。 

價差 > 2 Sigma MongoDB 聚合 切換至被動/中點價格掛單策略。 

深度叢集 (Depth Cluster) L2 熱圖 (Plotly) 設定支撐/壓力位「硬停損」。 

OHLC 趨勢收斂 Delta Lake 金層表 確認趨勢強度，執行 24 小時持
倉。 

 

[10] Nasdaq 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: 
●​ 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. 

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

●​ 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. 

●​ 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 

●​ To find Crossed Markets, we use Spark to pivot the exchanges into a unified "Global 
Book" in milliseconds. 

B. Visualizing Liquidity with Plotly 
●​ For Market Depth Analysis, we convert a slice of the Level II 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" 

●​ 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. 

 
III. Volatility Forecasting (Tempo) 



●​ 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 
Leakage 

Data Skew / Processing 
Bottlenecks 

Traded Feature Arbitrage (Arb) Mean Reversion / Liquidity 
Provision 

 
Nasdaq L2 結構（Schemas） 進入 Databricks Lakehouse 後，交易系統如何從單純的數據存儲進

化為高保真的市場重播引擎（Market Replay Engine）。 Sequence（序列號）與 nanoseconds（奈
秒）欄位才是市場「真相」的所在地。 

 
1. 結構架構：奈秒級精度的優勢 
在 2026 年碎片化的加密貨幣市場中，數據傳輸耗時（Time-of-Flight, ToF）決定了一切。您的結構

透過將 exchange_timestamp（交易所時間戳）與 received_timestamp（接收時間戳）分離來反映這

一點。 
關鍵欄位深度解析： 

●​ sequence (Long)： 這是您的完整性檢查（Integrity Check）。如果您正在攝取「最佳報價（

ToB）」流，而序列號從 10025 跳到 10028，代表發生了封包丟失。在 2026 年的高波動事

件中，即使丟失 3 條訊息也可能導致「幽靈買單（Ghost Bids）」並造成災難性的滑價。 
●​ received_timestamp_nanoseconds： 透過將此欄位與 exchange_timestamp 對比，您可以

計算交易所延遲（Exchange Latency）。 
●​ Alpha 訊號： 若交易所 A 的延遲飆升 50ms 而交易所 B 保持穩定，這是一個訊號，顯示交

易所 A 的撮合引擎正處於「壅塞」狀態。這通常是價格突破的前兆。 
●​ num_order (深度)： 這能區分單一「巨鯨」（1 筆訂單 100 BTC）與「散戶動能」（100 筆訂單

各 1 BTC）。在 2026 年「KOL 驅動」的體制下，散戶動能更容易被三明治攻擊（Sandwich）
，而巨鯨牆則必須被尊重。 

 
2. Databricks 中的即時分析 (Spark + Pandas) 
處理超過 33 TB 的數據需要分層處理。我們使用 Spark 進行重型運算（金層），並使用 
Pandas/Plotly 進行「最後一哩路」的視覺化。 
A. Spark「金層」轉換 



●​ 為了找出交叉市場（Crossed Markets），我們使用 Spark 在毫秒內將多個交易所的數據轉

置（Pivot）為統一的「全域帳本（Global Book）」。 
B. 使用 Plotly 視覺化流動性 

●​ 針對市場深度分析，我們將 Level II 數據的切片轉換為流動性熱圖（Liquidity Heatmap）。
這揭示了傳統 K 線圖會錯過的「隱藏」支撐/壓力位。 

●​ X 軸： 時間（奈秒精度）。 
●​ Y 軸： 價格。 
●​ 顏色強度 (Z)： volume 或 num_order。 

 
3. 進階交易應用場景 (2026) 
 
I. 「滑價預測」模型 
使用訂單簿深度結構，我們計算橫掃代幣的成本（Cost to Sweep）。 

1.​ 輸入： 深度表（Depth table）中的 price 與 volume。 
2.​ 邏輯： 迭代累加交易量，直到滿足您的交易規模。 
3.​ 輸出： 第一檔價格與最終成交檔位價格之間的差異。 
4.​ 行動： 若「橫掃成本」 > 15bps，系統會重新路由至智能訂單路由（SOR）進行拆單。 

 
II. 偵測「隱藏牆」 

●​ 透過分析 is_bid、price 與 num_order 欄位，我們可以偵測冰山訂單（Iceberg Orders）。若
最新價格（ToB）不斷觸及特定價位且成交量被消耗，但買價不移動且 num_order 保持在

低位，代表存在大型隱藏買家。 
 
III. 波動率預測 (Tempo) 

●​ 我們使用中價 (bid + ask) / 2 並計算其在 100ms 間隔內的指數移動標準差。由於具備奈

秒精度，我們可以在波動率出現在 1 分鐘圖表之前，先偵測到波動的「微觀聚類（

Micro-Clustering）」。 
 

4. 運作效能比較 (2026) 
 

指標 最佳報價 (ToB) 訂單簿深度 (DoB) 

儲存策略 Delta Lake (熱/溫數據) Delta Lake (冷/深層封存) 

查詢模式 點對點查詢與價差計算 大規模聚合與熱圖繪製 

主要「敵人」 延遲 / 資訊洩漏 數據傾斜 / 處理瓶頸 

交易特性 套利 (Arb) 均值回歸 / 流動性提供 

 



[11] Morningstar Dynamic Service 
 
The inclusion of the Morningstar Dynamic Service API 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. 

●​ 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. 

●​ 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 
(ElasticSearch/Solr) 

Integrated Atlas Search (Zero ETL) 

Deployment One-off Implementations Standardized Dynamic Service 
APIs 

 
Data Scope (The "Gold" Feature Set): 

●​ $260B AUM Context: You are managing the data underlying massive asset flows. 
●​ 600k Offerings: Every equity, stock, and fund has a unique signature. 
●​ 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 Nasdaq/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 II 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 
●​ 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. 

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

●​ 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: Nasdaq (Tick/Depth Level I & II). 
●​ The Refinery: Databricks (Spark, Delta Lake, Tempo). 
●​ The Execution: Polygon/CME/NASDAQ (The Venues). 

 
將 Morningstar Dynamic Service API 模型納入您 2026 年的自營交易技術棧（Proprietary 
Trading Stack），標誌著「情報閉環」的正式完成。當 Nasdaq 提供高保真的逐筆/深度數據時，

Morningstar（由 MongoDB Atlas 驅動）則提供了機構背景（評級、分析與基金流量）。 
透過將這些 API 現代化並搬遷至多區域 MongoDB Atlas 環境，您實際上將 600,000 項投資標的

轉化為一個可即時查詢的「知識圖譜」。 
 

1. 2026 年的「無 ETL」優勢：Atlas Search 
您所識別出的最顯著效率提升在於移除了「搜尋 ETL」管線。 

●​ Lucene 整合： 透過使用 Atlas Search，您可以直接在儲存基本面數據的同一個集合（

Collection）中進行文本匹配（例如搜尋「ESG 高收益科技基金」）。 
●​ 交易優勢： 在 2026 年，當 KOL 信號或新聞叢集爆發時，您的系統不只是尋找股票代號，

而是利用 Atlas Search 找出所有對該特定主題或風險摘要有曝險的投資標的，並在單次 
API 調用中同步抓取 Morningstar 評級與分析師意見。 



 
2. 架構：打破單體式限制 
Morningstar 從單體式資料庫轉向 MongoDB Atlas 上的無伺服器/微服務架構，實現了「即插即

用」的金融情報。 
 

特性 傳統單體架構 (Legacy Monolith) 2026 MongoDB Atlas 技術棧 

資料結
構 

僵化的關聯式表格 (SQL) 敏捷的文檔集合 (JSON-like) 

擴展性 垂直擴展 (昂貴且有上限) 多區域無伺服器 (按需自動擴展) 

搜尋功
能 

外部掛載 (ElasticSearch/Solr) 內建 Atlas Search (零 ETL) 

部署模
式 

一次性硬編碼實作 標準化動態服務 API (Dynamic 
APIs) 

數據規模（「金級」特徵集）： 
●​ 2,600 億美元 AUM 背景： 您正在管理支撐龐大資產流動的底層數據。 
●​ 60 萬項標的： 每項股票與基金都擁有獨特的數據指紋。 
●​ 意見即服務 (Opinion-as-a-Service)： API 提供的個人化分析，讓您的交易機器人不僅能根

據價格，還能根據 Morningstar 的定性分析來權衡交易權重。 
 

3. 2026 年「自營交易員」工作流 
以下展示 Morningstar/MongoDB 層如何與您的 Nasdaq/Databricks 層在盤前情境中互動： 

1.​ 訊號 (Signal)： Databricks 的新聞叢集偵測到「綠色能源」領域發生體制變換 (Regime 
Change)。 

2.​ 查詢 (Lookup)： 機器人透過 Atlas Search 調用 Morningstar 動態 API，過濾出具備「高永

續評級」的基金。 
3.​ 發現 (Discovery)： API 回傳 50 檔具備機構「買進」評級且分析師信心分數（Conviction 

Scores）極高的股票。 
4.​ 執行 (Execution)： 智能訂單路由 (SOR) 抓取這 50 檔標的的 Nasdaq Level II 深度，計算

滑價調整後的入場價。 
5.​ 狀態管理： 最終交易「意圖」儲存在 MongoDB 集合中，供後續進行即時的滑價分析。 

 
4. 2026 年關鍵技術組件 

●​ 多區域 Atlas： 確保若您的交易櫃檯在倫敦，但執行引擎在紐約 (us-east-1)，Morningstar 
數據能進行本地複製，實現亞毫秒級的 API 回應。 

●​ 無伺服器效率： 您僅需為開盤與收盤期間的資料「突發流量」支付費用，避免了維持龐大

資料庫基礎設施的閒置成本。 
●​ 動態 API： 透過 API 暴露，您的 Databricks 筆記本可以透過簡單的 HTTP GET 請求抓取

基本面數據，並使用 Tempo as_of joins 進行整合。 
 



2026 年自營交易技術棧總結 
●​ 情報來源： Morningstar（基本面評級/意見）。 
●​ 儲存與搜尋： MongoDB Atlas（敏捷集合、Atlas Search）。 
●​ 市場情報： Nasdaq（逐筆/深度數據 Level I & II）。 
●​ 精煉廠： Databricks（Spark、Delta Lake、Tempo）。 
●​ 執行場域： 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. 

●​ AI 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 AI 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] 防禦性報價 (Defensive Quoting) 
 
造市商的防禦性報價是一種風險管理策略，旨在防止逆向選擇（Adverse Selection）。當造市商與

擁有資訊優勢的參與者進行交易時，往往會導致虧損。在市場劇烈波動或面臨「知情流量（

Informed Flow）」的情況下，造市商會擴大買賣價差或暫時停止報價，以避免被獵殺。 
 

1.​ 核心防禦技術 
●​ 擴大價差（Widening Spreads）：當不確定性增加或波動率上升時，造市商會拉大買價與賣

價之間的差距，以補償持有庫存的更高風險。 
●​ 報價偏斜（Skewing Quotes）：造市商可能會朝著預期市場移動的方向整體移動報價（包括

買價和賣價），以阻止不利交易，並鼓勵有助於降低其庫存風險的交易。 
●​ 縮減規模或撤單（Reducing Size/Pulling Quotes）：如果造市商偵測到「有毒流量（Toxic 

Flow）」，可能會減少報價的成交量（深度）或完全撤回報價，從而暫時停止造市活動。 
●​ 避免特定跳動點（Odd-Eighth Avoidance，歷史背景）：傳統上，造市商會避開特定、常見的

價格點，以防止自動化、連發式的交易策略（如早期的 SOES 交易者）利用其報價獲利。 
 

2.​ 防禦性報價的發生時機 
●​ 高逆向選擇風險：在與擁有更佳資訊的參與者（如高頻交易 HFT 演算法或法人機構投資

者）交易時，造市商會採取防禦行動以防止虧損。 
●​ 波動率飆升：在快速且不可預測的價格波動期間，造市商會擴大價差，以防止持有的庫存

因價格快速下跌而貶值。 
●​ 庫存失衡（Inventory Imbalance）：如果造市商持有特定股票的部位過多，會防禦性地調降

買賣價格，以阻止他人繼續賣股票給自己，並鼓勵他人向自己買入。 
 

3.​ 現代化「防禦」工具 
●​ 造市商保護機制（Market Maker Protection, MMP）：現代電子交易所允許造市商設定參數

，如果在設定的時間框架內成交次數超過門檻，系統會自動停用其報價。這能防止造市商

在行情劇烈波動時被「清空（Wiped out）」。 



●​ AI 與機器學習：造市商利用演算法分析進場流量，偵測「偏斜嗅探者（Skew Sniffers）」——
即企圖利用造市商庫存部位獲利的交易者。AI 隨後會建議一套防禦性或具備強健性（

Robust）的報價策略。 
 

4.​ 不同市場中的防禦性報價 
●​ 股市與選擇權：造市商可能會使用「單邊價格改進機制」，或偽造趨勢開始的報價移動，隨

後立即撤回以誘捕激進交易者。 
●​ DeFi（自動化造市商 AMM）：在 DeFi 領域，「防禦性再平衡」是一種保護 AMM 免受套利導

致價值流失的技術。它透過將流動性池調整到「無套利狀態」來實現。 
●​ 場外交易市場（OTC）：在 OTC 市場中，造市商可能會在低流動性事件期間拒絕報價，或

提供顯著加寬的價差。 
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