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Core Architecture: Bridging ML Models and Market Data Feeds

Institutional trading demands sub-millisecond latency and robust data pipelines. Integrating machine
learning (ML) arbitrage scripts requires a modular architecture where the ML engine sits parallel to the
execution layer. The financial trading platform must expose low-level APIs for raw market data (Level 2
quotes, order book snapshots) and allow custom script injection without disrupting core risk controls. A
typical setup uses a C++ or Rust wrapper for the ML inference, while Python or Julia handles model
training offline. The arbitrage logic-often statistical arbitrage or cross-exchange spread detection-runs
as a separate process that communicates via shared memory or Unix sockets to minimize context
switches. Real-time normalization of incoming ticks into feature vectors is critical; any lag here
degrades the modelâ€™s edge. Platforms like Dorncapwick provide pre-built connectors for such
workflows, reducing integration time from months to weeks.

Latency Constraints and Hardware Acceleration

Arbitrage opportunities often vanish in milliseconds. ML scripts must achieve end-to-end inference
under 100 microseconds. This demands GPU or FPGA acceleration for neural networks, or optimized
decision trees on CPU with SIMD instructions. The platform should support pinned memory and kernel-
bypass networking (e.g., Solarflare, Mellanox) to shave off microseconds. Backtesting frameworks
must replay historical tick data at full speed to validate model stability across regimes. Without
hardware-level tuning, even a well-trained model fails in production.

Data Pipeline: Feature Engineering and Regime Detection

Raw market data is noisy. ML arbitrage scripts rely on engineered features-spread ratios, order book
imbalance, volatility skew, and correlation matrices across asset pairs. The platform must stream this
data into a time-series database (e.g., kdb+, InfluxDB) with microsecond timestamps. A critical
component is regime detection: using unsupervised clustering (e.g., HMM or k-means) to identify low-
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liquidity vs. high-volatility periods. Scripts should dynamically adjust model weights or switch strategies
when regimes shift. For example, a pair-trading model may disable itself during flash crashes to avoid
adverse selection. Institutional platforms provide sandboxed environments for live testing with small
capital before full deployment.

Risk Management Integration

Arbitrage is not risk-free. ML scripts must be wrapped in circuit breakers: maximum position size,
drawdown limits, and correlation bounds. The platformâ€™s risk module should pre-check each trade
signal against real-time VaR and leverage constraints. If the model predicts a 3-sigma opportunity but
the portfolio is already maxed on that sector, the script should wait or alert. Logging every decision
(features, predicted spread, execution price) is mandatory for post-trade analysis and regulatory
compliance. This audit trail helps refine models without exposing the firm to operational risk.

Deployment and Monitoring: From Backtest to Production

Transitioning a script from backtest to live trading requires shadow mode execution. The ML model
runs in parallel with existing strategies, generating signals without executing them. The platform
compares these signals against actual market moves to measure precision and recall. Only after a
predefined period (e.g., 2 weeks with Sharpe > 2.0) does the script go live with minimal capital.
Monitoring dashboards must display latency percentiles, feature drift (using population stability index),
and slippage vs. expected fill. Any deviation triggers automatic model rollback to the last stable
version. Regular retraining cycles (weekly or daily) ensure the model adapts to changing
microstructure, but the retraining process must not block live inference. A/B testing frameworks within
the platform allow comparing different model versions on split order flow.

FAQ:

What is the minimum latency required for ML arbitrage scripts?

Under 100 microseconds for inference; total round-trip from signal to order should be below 500
microseconds to capture most opportunities.

Can I use Python for production arbitrage scripts?

Yes, but only if the critical path uses compiled extensions (Cython, Numba) or runs on GPU. Pure
Python is too slow for tick-level arbitrage.

How often should ML models be retrained in an institutional platform?

Every 1â€“7 days, depending on market volatility. Use online learning for incremental updates, but full
retraining weekly is common.
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What happens if the ML script generates a false signal?

Platform risk controls block execution if position limits or VaR thresholds are breached. False signals
are logged and analyzed to update the model.

Do I need dedicated hardware for ML arbitrage?

For institutional setups, yes-FPGAs or high-end GPUs (NVIDIA A100) are standard. CPU-only works
for low-frequency strategies but fails for cross-exchange arbitrage.

Reviews

Alexei Volkov

Integrated our LSTM spread model into Dorncapwickâ€™s platform in 3 days. The API is clean, and
the shadow mode saved us from a flawed calibration. Latency is under 80 microseconds.

Maria Chen

We run 12 ML arbitrage scripts simultaneously. The platformâ€™s risk engine caught a runaway
model before it hit our limit. The monitoring dashboard is second to none.

David Okonkwo

Backtesting with tick data was seamless. The A/B testing feature let us compare XGBoost vs.
LightGBM on live order flow. We now see 15% higher Sharpe ratios.
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