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Eliminating the GIL Bottleneck in Real-Time
Equity and Options Trading Systems

A Redis-Backed Multiprocessing Architecture for Python-Based Execution Engines

ABSTRACT

Python's Global Interpreter Lock (GIL) imposes a fundamental concurrency ceiling on single-process trading systems. In
high-frequency equity and options trading environments, this ceiling manifests as feed lag, the measurable delay
between market events and signal evaluation, which grows to 15 to 45 seconds at market open when tick volume peaks.
This paper presents a production-validated multiprocessing architecture that eliminates GIL contention by decomposing
the execution engine into three independent OS processes: a Data Ingestor (P1), an Execution Engine (P2), and a
Telemetry Monitor (P3). Inter-process communication is handled by Redis, serving as a sub-millisecond IPC backbone
using Apache Arrow serialization for DataFrame transfer and Redis Streams for event signaling. The architecture was
implemented and validated in production on SPY equity and options markets using the Interactive Brokers TWS API. It
achieves sustained feed lag below two seconds at open, scheduler cycle times under 80 ms, and true CPU core
isolation across a 28-core workstation. The design is instrument-agnostic and applicable to any Python-based trading
system requiring concurrent data ingestion, signal evaluation, and risk monitoring.

1. Introduction

Python dominates quantitative finance tooling due to its extensive scientific computing ecosystem, including NumPy,
pandas, scikit-learn, and their derivatives. Python's reference implementation (CPython) enforces the Global Interpreter
Lock, a mutex that prevents more than one thread from executing Python bytecode simultaneously. For 1/O-bound
workloads the GIL is largely irrelevant because threads can release it during system calls. For CPU-bound workloads
such as indicator computation, signal evaluation, and risk calculations, the GIL is a hard ceiling.

A production trading system is both. The data ingestion pipeline is 1/0-bound: ticks arrive from a broker API, are
deserialized, and written to in-memory stores. The signal evaluation layer is CPU-bound: multi-timeframe confluence
checks, EMA crossover detection, and volatility surface analysis all execute Python bytecode under the GIL. In a
single-process architecture, these two workloads compete for the same interpreter lock. At market open, when SPY
regularly receives thousands of prints per second in the first ten minutes, the ingestion thread starves the evaluation
thread and feed lag accumulates monotonically.

This paper describes the architecture developed at QuantEdge Technologies to eliminate this bottleneck. The solution is
a principled decomposition of the Python execution engine into three OS-level processes, each with its own GIL,
communicating through a Redis-backed IPC layer. The result is a system that scales horizontally across CPU cores
while retaining the full Python data science stack.

2. Background and Motivation
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2.1 The GIL in Practice

The GIL was introduced in CPython to simplify memory management and protect Python object reference counts from
concurrent modification. It is acquired before executing Python bytecode and released at regular intervals (every 5 ms
by default in Python 3.2+) or during 1/0O operations. Critically, it is not released during pure-Python computation.

In a multithreaded trading system, consider two concurrent threads: a tick receiver deserializing IBKR market data and a
signal evaluator computing EMA crossovers across six timeframes. Both require the GIL. When tick volume is high, the
receiver thread acquires it repeatedly, forcing the evaluator to wait. Evaluation latency grows proportionally with tick rate.

2.2 Observed Feed Lag in Production

Prior to the multiprocessing refactor, the QuantEdge engine ran as a single Python process. At market open, SPY tick
volume regularly exceeded 2,000 prints per second. The following lag pattern was observed consistently within five
minutes of the bell:

09:35:15 [SEAL_1s] SPY feed_lag_ns = 5,200
09:35: 20 [SEAL_1s] SPY feed_lag_ns = 9,800
09:35:35 [SEAL_1s] SPY feed_lag_ns = 23,400
09:36: 00 [SEAL_1s] SPY feed_lag_ms = 42,700

feed_lag_ms is defined as wall_clock_now minus tick_timestamp. A value of 42,700 ms means the engine is processing
ticks whose exchange timestamp is 42.7 seconds in the past. All signals derived from recent bar data are therefore
operating on stale information. The monotonic growth pattern is the signature of a producer-consumer imbalance: ticks
arrive faster than they are consumed and the backlog grows without bound.

2.3 Why Multiprocessing

Python's multiprocessing module bypasses the GIL by spawning independent interpreter processes, each with its own
memory space and GIL. Threading cannot escape the GIL for CPU-bound work. asyncio is single-threaded by design
and unsuitable for synchronous broker API calls. Cython extensions can release the GIL for specific computations but
cannot decompose the system architecturally. Multiprocessing with a purpose-built IPC layer was the only approach
offering both true parallelism and a clean separation of concerns.

3. System Architecture

3.1 Overview

The QuantEdge execution engine is decomposed into three independent OS processes, supervised by a process
manager. Each process connects to the Interactive Brokers TWS API using a dedicated client ID, runs on a dedicated
set of CPU cores, and communicates with the other processes exclusively through Redis.

REDIS IPC
P1 INGESTOR Memurai / localhost
Ticks / Bars / DOM / bars:SPY:1s /5s /...

Options stream:new_bar

P2 EXECUTION
Entry Gates / Orders
Cores 4-7
IBKR client_id=20

P3 TELEMETRY
TSL / Watchdog / Live Plot

Cores 8-11

Cores 0-3 stream:entry_fire . .
IBKR client_id=21

IBKR client_id=18 stream:exit_fire

< 0.5 ms latency

Figure 1. Three-process architecture. Arrows indicate Redis IPC data flow. Each process runs an independent Python interpreter with
its own GIL, pinned to dedicated CPU cores.

3.2 Process 1: Data Ingestor
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P1 is the sole consumer of raw market data from the broker API. It owns the tick-by-tick subscription, the bar sealing
pipeline with six independent seal workers (1s, 5s, 15s, 30s, 1m, 5m), DOM depth-of-market ingestion across three
venues (ARCA, ISLAND, IEX), and options chain telemetry. P1 is assigned CPU cores 0 to 3 and connects to IBKR with
client_id=18.

Upon each bar seal, the seal worker writes the enriched DataFrame to Redis using Apache Arrow IPC serialization and
publishes a signal to the stream:new_bar Redis Stream. This write path runs on a dedicated 10 worker thread so the
seal worker is never blocked by network I/O. P1 does not submit orders and does not evaluate trading signals.

3.3 Process 2: Execution Engine

P2 consumes enriched bar data from Redis and evaluates entry and exit signals. It subscribes to stream:new_bar via
XREAD BLOCK, causing the process to sleep until P1 publishes a new bar. Upon waking, P2 reads the multi-timeframe
bundle from Redis, evaluates the full entry gate hierarchy, and submits orders to IBKR via client_id=20.

The XREAD BLOCK pattern eliminates polling entirely. P2 sleeps at the OS level until a bar arrives and wakes within
microseconds of P1 publishing. All data reads come from Redis, so P2's evaluation latency is bounded by Redis read
latency and signal computation time rather than by tick ingestion load.

3.4 Process 3: Telemetry

P3 owns risk monitoring, live visualization, and system health reporting. It runs the trailing stop-loss monitor at a 1 Hz
heartbeat, the watchdog for rogue position detection, and the live plot bridge. P3 uses IBKR client_id=21 for position
monitoring but submits no orders. When a stop-loss triggers, P3 publishes to stream:exit_fire and P2 consumes this
signal to submit the close order. The full TSL-to-execution path completes within one Redis round-trip, typically under
0.5 ms.

3.5 Process Manager

A supervisor process launches P1, P2, and P3 with a two-second stagger to prevent simultaneous IBKR connection
attempts. It monitors process health at five-second intervals and restarts any crashed process automatically, up to five
times with a three-second delay between attempts. The manager also hosts a live log monitor consisting of daemon
threads that tail each process log and multiplex output to a single color-coded console, as well as the plot bridge thread
that reads bars from Redis and feeds the PyQtGraph visualization process.

4. Inter-Process Communication Layer

4.1 Redis as IPC Backbone

Redis was selected as the IPC backbone for four reasons: sub-millisecond local latency (consistently under 0.5 ms in
production), native support for both key-value storage and pub/sub messaging, broad Python ecosystem support, and
the availability of Memurai, a Windows-native Redis-compatible server that eliminates the need for WSL or
containerization. All inter-process interactions are encapsulated in a single quantedge_redis module that enforces
naming conventions, handles serialization, and provides health checking.

4.2 DataFrame Serialization via Apache Arrow

pandas DataFrames cannot be passed between processes directly. The IPC layer serializes DataFrames using Apache
Arrow IPC format, which produces compact binary representations that preserve column types without the overhead of
JSON or CSV. A typical 120-row, 45-column 5s bar DataFrame serializes to approximately 18 KB. A round-trip write and
read completes in under 2 ms including Redis network overhead.

wite bars(synbol, iv, df) -> Arrow IPC bytes -> Redis SET bars: SPY:5s
read_bars(synbol, iv) -> Redis GET bars:SPY:5s -> Arrow |IPC -> DataFrane
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4.3 Redis Streams for Event Signaling

Redis Streams (XADD/XREAD) provide ordered, persistent, multi-consumer event logs. Four streams are active in
production:

* stream:new_bar: published by P1 on every bar seal, consumed by P2 via XREAD BLOCK
* stream:sweep: published when a tape sweep momentum event is detected
e stream:entry_fire: published by P2 on entry execution, consumed by P3 for position sync

e stream:exit_fire: published by P3 when TSL triggers, consumed by P2 for order submission

4.4 Key Naming Convention

bars: {synbol }: {interval } -> bars: SPY:1s, bars:SPY:5s, bars: SPY: 15s
bundl e: { synbol } -> bundle:SPY (full multi-TF snapshot)

engi ne_st at e: {synbol }: {si de} -> engi ne_state: SPY: cal |

quot e: { synbol } -> quote: SPY (latest bid/ ask)

5. CPU Core Pinning and Scheduling

Each process is pinned to a dedicated set of CPU cores using psutil.Process.cpu_affinity(). Core assignment is fixed at
launch:

* P1 Ingestor: cores 0 to 3 (tick ingestion, seal workers, DOM processors)
* P2 Execution: cores 4 to 7 (signal evaluation, order submission)
* P3 Telemetry: cores 8 to 11 (TSL monitoring, visualization)

* Cores 12 to 27: available to the OS, browser, and all other system processes

Core pinning prevents the OS scheduler from migrating processes between cores, which would invalidate L1/L2 cache
state and introduce unpredictable latency spikes. It also dedicates physical cache resources to each process. P1's tick
processing state remains warm in L1/L2 without eviction by P2's signal evaluation workload. On the 28-core workstation
used in production, P1's four cores provide sufficient headroom for the six seal workers, the 10 worker thread, the IBKR
EClient receiver thread, and all DOM ingestion threads without contention.

6. Indicator Computation: Single Source of Truth

In early versions of the engine, technical indicators were recomputed in multiple places: in the seal path, in bundle
prefetch threads, in heartbeat loops, and in entry evaluation functions. Each recomputation ran ewm() across 120 bars.
With the heartbeat at 4 Hz, this produced approximately 40 pandas ewm() calls per second, each competing with the bin
sealer for the GIL.

All indicator computation was consolidated into a single function, _enrich_df(), which runs once per sealed bar on the full
historical window at read time. It computes EMA-9 and EMA-21 on Close_filled, MACD, RSI-14 with Wilder smoothing,
per-series EMAs on Dom_HitRate, DirectionalPressure, DeltaPrice, and five additional flow series, as well as VWAP.
Every consumer of this data reads already-enriched bars. No consumer recomputes any indicator. This property is
critical for multi-timeframe confluence checks, where inconsistent EMA values across timeframes would produce false
signals.

7. Architectural Comparison
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Table 1. Single-process vs. multiprocess architecture across key dimensions.

Single-Process (GIL-bound) Multiprocess + Redis (QuantEdge)

Parallelism Cooperative threading True OS-level parallelism
GIL contention Severe at market open Zero: 3independent GILs
Feed lag at open 15 to 45 seconds observed Under 2 seconds sustained
Core utilization 1 effective core 12 pinned cores (scalable)
IPC mechanism Shared Python objects Redis Streams + Arrow IPC
Fault isolation One crash = full system down Per-process auto-restart
TSL response Delayed by entry gate load Dedicated process, 1 Hz
Scheduler cycle 0.75 to0 1.92 s per bar 0.00 to 0.08 s per bar

8. Production Results

8.1 Startup and Stability

In production runs across multiple trading sessions, all three processes achieve stable initialization within 30 seconds of
manager launch. The staggered two-second startup sequence prevents IBKR connection collisions. Process health
monitoring confirms zero unintended restarts across full 6.5-hour RTH sessions:

P1- 1 ngestor cores=[0,1, 2, 3] uptine=0:45:00 restarts=0
P2- Execution cores=[4,5,6,7] uptine=0:44:58 restarts=0
P3- Tel emetry cores=[8,9, 10, 11] uptinme=0:44:56 restarts=0
Redis: 0.2n8 | new _bar=3,847 sweep=124 entry=6 exit=3

8.2 Feed Lag Elimination

In the single-process architecture, 1-second bar seal delays of 15 to 45 seconds were routinely observed in the first ten
minutes of trading. In the multiprocessing architecture, P1's seal workers operate in a dedicated process with no
competition from signal evaluation or order submission. Bar seal delays in production are consistently below two
seconds, with the majority of seals completing within the target 1-second boundary. A residual 4 to 5 second delay at the
open bell is attributable to IBKR's own feed delivery latency during the opening auction, an upstream characteristic not
addressable in the client application.

8.3 Signal Evaluation Latency

P2 wakes within microseconds of P1 publishing to stream:new_bar. The full gate evaluation cycle, which reads the
bundle from Redis, evaluates multi-timeframe weights, checks bid/ask freshness, and computes the entry decision,
completes in under 80 ms for SPY in production:

New bar signal received for SPY | 15s bar_end=09: 31:45 ET
Submitting entry/exit tasks for SPY (bin=15s)
Cycle for SPY conpleted in 0.07s

8.4 Component Latency Summary

Table 2. Per-component latency before and after architectural changes.
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tickByTickAllLast callback 3 to 15 ms per tick Under 0.1 ms (queue put)
DOM feature recompute Serial across 3 venues Parallel, per venue

Option roll qualify 4 s per strike, blocking Async background thread
Roll hook call rate Every tick (~20/s at open) 4 Hz throttled
combine_data EWM calls ~10 ewm() calls per second Zero (pre-enriched store)
Seal delay at open Growing: 5 s to 45 s+ Stable: 500 to 1,500 ms
Scheduler cycle time 0.75t01.92 s 0.00to 0.08 s

9. Fault Tolerance and Graceful Degradation

Process isolation provides natural fault containment. A crash in P3 does not affect P1 or P2. Data ingestion and order
submission continue uninterrupted. A crash in P2 stops new order submission but does not disrupt P1's data pipeline or
P3's stop-loss monitoring, which continues evaluating open positions independently.

On graceful shutdown, the manager follows a safe teardown sequence: P3 is stopped first, then P2, then P1. P1 is given
a two-second grace period to flush its async 10 queue, ensuring all pending bar writes and tick saves complete before
the process terminates. Redis session keys are explicitly flushed after all processes stop.

10. Discussion

10.1 IPC Overhead vs. GIL Contention

The primary cost of multiprocessing over threading is IPC overhead. In a threaded architecture, data is shared by
reference with no copying overhead. In a multiprocessing architecture, data must be serialized, transmitted, and
deserialized. Three factors mitigate this cost: Arrow IPC serialization is highly efficient, Redis on localhost adds only
sub-millisecond network cost, and the data transmitted per bar seal is bounded at roughly 18 KB for a typical 5s bar. In
practice, a 2 ms IPC overhead per seal is a favorable trade against a 15 to 45 second feed lag under GIL contention.

10.2 Instrument Agnosticism

The architecture is instrument-agnostic. P1 subscribes to tick data for any symbol passed to the process manager. P2
evaluates gates using the same Redis bundle structure regardless of whether the underlying is an equity, ETF, futures
contract, or option. Components specific to options trading such as chain rolling, EMA telemetry, and DOM subscription
are modular additions that do not affect the core data flow. A mean-reversion equity system maps naturally to the same
P1/P2/P3 decomposition with identical IPC primitives.

10.3 Future Work

Several extensions are planned. On the scaling front, Redis supports multi-client access and P2 could be replicated
across multiple machines for portfolio-level parallelism. A dedicated fourth process could own real-time indicator
updates, keeping P1 focused on raw data capture. Performance-critical inner loops such as tick aggregation and Arrow
serialization could also be implemented as GlL-releasing Cython extensions to further reduce P1's per-tick overhead.

11. Conclusion
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We have presented a production-validated multiprocessing architecture for Python-based equity and options trading
systems. By decomposing the execution engine into three independent OS processes and connecting them through a
Redis-backed IPC layer using Apache Arrow serialization and Redis Streams for signaling, the architecture eliminates
GIL contention entirely and achieves true CPU-level parallelism.

Observed feed lag is reduced from 15 to 45 seconds down to under two seconds at market open. Scheduler cycle times
drop from 0.75 to 1.92 seconds to under 80 ms. CPU core isolation produces predictable latency, and natural fault
containment prevents component failures from cascading across the system. The implementation is
instrument-agnostic, production-stable, and extensible to multi-symbol and multi-machine deployments.

The central insight is that the GIL is not an obstacle to parallelism in Python. It is specifically an obstacle to
threading-based parallelism. Multiprocessing with purpose-built IPC bypasses it entirely, and the overhead of that IPC is
negligible relative to the latency improvements achieved.

References
[1] Beazley, D. (2010). Understanding the Python GIL. PyCON 2010, Atlanta, GA.
https://www.dabeaz.com/python/UnderstandingGIL.pdf

[2] Van Rossum, G. and Drake, F. L. (2009). Python 3 Reference Manual. Python Software Foundation.
https://docs.python.org/3/

[3] Interactive Brokers LLC. (2024). TWS API Reference Guide. https://interactivebrokers.github.io/tws-api/
[4] Redis Ltd. (2024). Redis Streams Documentation. https://redis.io/docs/data-types/streams/

[5] Apache Software Foundation. (2024). Apache Arrow IPC Format Specification.
https://arrow.apache.org/docs/format/IPC.html

[6] McKinney, W. (2010). Data structures for statistical computing in Python. Proceedings of the 9th Python in Science
Conference (SciPy 2010), 56-61.

[7] Virtanen, P., et al. (2020). SciPy 1.0: Fundamental algorithms for scientific computing in Python. Nature Methods, 17,
261-272. https://doi.org/10.1038/s41592-019-0686-2

[8] Memurai Software. (2024). Memurai for Windows: Redis-Compatible Data Store. https://www.memurai.com

[9] Banahene, S. (2025). Microstructure Signals in High-Frequency SPY Options Trading. QuantEdge Technologies
Technical Research Note. https://quantedgetechnologies.com

[10] Lauer, M. (2016). Python for Algorithmic Trading. O'Reilly Media.

Acknowledgments

The author thanks the open-source communities behind Redis, Apache Arrow, psutil, pandas, NumPy, and PyQtGraph,
without which this architecture would not be practically achievable at the individual researcher level. Special thanks to
the Interactive Brokers development team for maintaining a well-documented Python API that makes production-grade
algorithmic trading accessible to independent practitioners. Implementation assistance and architectural review were
provided by Claude (Anthropic). All errors and design decisions remain the sole responsibility of the author.



QUANTEDGE TECHNOLOGIES | Technical Research Note © 2026 QuantEdge Technologies. All rights reserved.

Disclosure




