
Pyforge — Complete Project Specification

How to Use This Document

Read this from top to bottom at least once. Every term is explained the first time it appears. If

something still doesn't make sense, take that exact section to a new Claude chat and ask it to

explain further. Do not skip sections — later sections build on earlier ones.

Part 1: What Problem Pyforge Solves

First, what is a machine learning model doing?

A machine learning model is a mathematical function. You give it a list of numbers, it does some

calculations, and it gives you back a number (or a category, or a probability).

For example: a model that decides whether to show a user an advertisement might take in:

How old the user is (a number like 28)

How many times they visited the site in the last week (a number like 5)

What time of day it is (a number from 0 to 23, like 14 for 2pm)

128 more numbers that represent the user's general browsing patterns (these 128 numbers

together are called an "embedding" — a compact numerical summary of complex behavior)

The model takes all of these numbers, does a bunch of math, and outputs something like 0.73,

which means "73% chance this user will click the ad."

The list of numbers you feed into the model is called a feature vector. Each individual number in

it is called a feature.

Where do those numbers live?

Before you can call the model, you need to collect all those numbers from somewhere. They have

to be stored somewhere — you can't just recalculate everything from scratch on every request.

The standard place to store them is Redis. Redis is a program that runs as a separate process on

your computer (or on a server) and stores data in RAM (the fast, temporary memory inside a

computer, as opposed to a hard drive, which is slow and permanent). You store data in it, and

when you need the data, you ask Redis to send it to you.

The process of asking Redis for data involves:

1. Your Python program sends a message to Redis over a network connection (even if both are

on the same machine, they talk through a "local network connection" called a socket)



2. Redis looks up the data in its RAM

3. Redis sends the data back to your Python program as raw bytes

4. Your Python program converts those raw bytes back into numbers

This whole cycle — ask, wait, receive, convert — takes about 100 to 500 microseconds (a

microsecond is one millionth of a second). That sounds fast, but at scale it matters enormously.

What is the actual bottleneck?

Here is the crucial thing most people get wrong: the model itself is extremely fast. A typical

model making a prediction takes about 200 microseconds. The problem is everything you have

to do before and after calling the model.

The full sequence is:

1. A request arrives (someone wants a prediction for user X)

2. Go to Redis and ask for user X's features ← takes 200–500µs

3. Receive raw bytes from Redis ← now you have bytes, not numbers

4. Convert bytes back into Python numbers ← takes time and creates Python objects

5. Assemble those numbers into a proper list/array ← more Python object creation

6. Call the model with that array ← takes ~200µs

7. Return the result

Steps 2–5 together routinely take 5 to 50 milliseconds (a millisecond is one thousandth of a

second). That's 25 to 250 times slower than the model itself.

Why does the "conversion" in steps 3–5 matter so much?

When Python programs create objects — numbers, strings, lists, dictionaries — those objects

take up memory. Python automatically manages this memory. Periodically, Python runs a

cleanup process called the garbage collector that finds objects that are no longer needed and

frees the memory they were using.

The problem is that the garbage collector has to stop everything else in Python while it runs. This

is called a "stop-the-world pause." It typically takes 1 to 50 milliseconds and happens at

unpredictable times.

If you are serving 50,000 predictions per second, that means you are creating and throwing away

Python objects roughly 200,000 times per second (multiple objects per prediction). This triggers

the garbage collector frequently, and when it runs, every prediction that happens to be in

progress at that moment gets delayed.



This is why the slowest 1% of your requests (called your p99 latency) end up being much slower

than your typical request — those are the ones that got hit by a garbage collection pause.

What Pyforge does differently

Pyforge eliminates most of steps 2–5 entirely for the most frequently needed features.

The key idea is: instead of storing features in Redis and fetching them over a network connection

every time, Pyforge stores them in a region of RAM that multiple Python programs can directly

access — no network, no bytes-to-numbers conversion, no Python object creation.

This region of RAM is called shared memory. It is a specific feature of operating systems (like

Linux, macOS, Windows) where you can set aside a portion of RAM and allow multiple programs

to read from and write to the same physical memory addresses.

When you read a feature from shared memory in Pyforge, the sequence is:

1. Calculate the memory address where the feature is stored (done once at startup)

2. Read the bytes at that address directly into your output array

That's it. No network. No conversion. No Python objects created. The data was already in RAM,

already in the right format, and you just read it.

The result: reading a feature from Pyforge's shared memory takes about 5 microseconds p99,

compared to 200–500 microseconds with Redis. About 40–100 times faster.

Part 2: Background Concepts You Need to Understand

Before describing how Pyforge works, here are the foundational concepts.

What RAM is and how programs use it

RAM (Random Access Memory) is where your computer stores things it is actively using. Unlike

a hard drive, RAM is extremely fast to read and write. The contents of RAM disappear when you

power off your computer.

Your computer's RAM is just a very long sequence of bytes. Every byte has an address — a

number identifying its position. When a program wants to store something in RAM, the

operating system gives it an address and says "you can use memory starting at this address for

this many bytes." When the program wants to read that thing back, it uses the address to find the

bytes.

When you write x = 42  in Python, Python is: asking the OS for some memory, storing the

number 42 at that memory address, and keeping track of the address so it can find 42 again when

you use x .



What a Python process is

A process is a running program. When you run python my_script.py , the operating system

creates a process: it gives the process its own chunk of memory, starts executing your code, and

manages that process separately from all other processes.

The key thing about processes: by default, no two processes can access each other's memory.

This is a security and safety feature of modern operating systems. If process A has a variable x =

42  and process B has a variable x = 99 , they are completely separate. Process A cannot see

process B's variable, and vice versa.

This is why you can't just have two Python programs share a regular Python variable — they're in

separate processes with separate memory.

What shared memory actually is

Shared memory is an exception to the "processes can't see each other's memory" rule. The

operating system has a feature that lets multiple processes point to the same physical RAM

addresses. You create a "shared memory segment" — a labeled region of RAM — and any process

that knows the segment's name can open it and read/write those same bytes.

Think of it as: normally each process has its own private notebook. Shared memory is like a

whiteboard that multiple processes can all walk up to and read or write on.

Python's standard library includes a module called multiprocessing.shared_memory  that gives

you access to this feature.

What bytes are and why converting them matters

All data in a computer is ultimately stored as bytes. A byte is a number from 0 to 255. A float32

number (a 32-bit decimal number) is stored as 4 bytes. A float64 is 8 bytes. An int32 is 4 bytes.

When you send data between programs — over a network, through a file, through a pipe — you

always send raw bytes. The receiving program has to know what those bytes mean in order to

convert them back to something useful.

Redis stores everything as raw bytes. When your Python program receives bytes from Redis, it

has to:

1. Create a new Python float or int object

2. Parse the bytes to figure out what number they represent

3. Store the number in that new Python object

That process of converting bytes back to a usable Python object is called deserialization. It takes

time, and it creates Python objects, which the garbage collector has to manage.



In shared memory, the data is already stored in the right binary format (the actual float32 bytes).

You don't convert it — you just read the bytes directly from their address and tell NumPy "these

bytes at this address are a float32 array." NumPy creates a view of that memory — a way of

looking at existing bytes as if they were numbers — without copying or converting anything.

What NumPy is and why it matters

NumPy is a Python library for working with arrays of numbers. The key property of NumPy

arrays that makes Pyforge possible:

A NumPy array is a contiguous block of bytes in RAM where all elements are the same type. If

you have a NumPy array of 100 float32 values, that's exactly 400 bytes in a row in memory (100 ×

4 bytes each), with no Python objects in between.

You can create a NumPy array that doesn't own its data — it's just a view of bytes that already

exist somewhere else in memory, including in shared memory. This is called a view or a zero-

copy operation, because no bytes are copied — NumPy is just told "interpret these bytes that are

already here as an array of float32 values."

This is fundamentally different from how Python normally works. A Python list of 100 floats is

100 separate Python float objects, each stored at a different memory address, connected by

pointers. Reading them involves following 100 pointers. NumPy's contiguous layout means you

read 100 values from 100 consecutive bytes — no pointer-following, which is much faster.

What Redis is more specifically

Redis is a program that runs separately from your Python code. It stores data as key-value pairs

— you give it a name (the key) and some data (the value), and you can later retrieve the data by

name.

Redis keeps all its data in RAM, which is why it's fast. It communicates with other programs

through a network protocol — even when both programs are on the same computer, they

communicate through a "network socket" which is a local communication channel.

In Pyforge, Redis is used for:

Storing the name of the current shared memory segment for each schema (so any process

can find it)

Tracking how many processes are currently using each segment (reference counting)

Storing feature data for features that don't need the shared memory fast path

A crash-recovery log (explained later)

What a data type is

A data type specifies what kind of number is being stored and how many bytes it uses.



float64 : a 64-bit decimal number. Can represent very large and very small numbers with

high precision. Uses 8 bytes. This is Python's default float.

float32 : a 32-bit decimal number. Less precise than float64, but uses only 4 bytes. Twice

as memory-efficient. Most ML models work fine with float32 precision.

int32 : a 32-bit integer (whole number). Uses 4 bytes. Can store values from roughly -2

billion to +2 billion.

Why this matters: if you have 200 features and use float64, you need 1,600 bytes per feature

vector. If you use float32, you need 800 bytes. That's 800 bytes less to copy into your output array

on every request. At 50,000 requests per second, that's 40 million fewer bytes copied per second

— which means less CPU cache pressure and faster throughput.

Being explicit about types also prevents subtle bugs. If you train a model with float64 features

but accidentally serve with float32, the numbers are slightly different due to rounding. The

model's predictions will be subtly wrong in ways that are hard to debug.

What a cache line is

Your CPU (the processor in your computer) has a small amount of extremely fast memory built

into it called a cache. When the CPU needs data from RAM, it doesn't fetch just the bytes you

asked for — it fetches a 64-byte chunk called a cache line containing your bytes plus the

surrounding bytes. This is because programs usually access nearby data in sequence, so fetching

a neighborhood of bytes at once saves future trips to RAM.

If a piece of data is split across two cache lines (for example, the first 4 bytes of a float32 are at the

end of one cache line and... wait, float32 is only 4 bytes, this wouldn't happen), the CPU needs

two cache line fetches instead of one. This is called a cache line straddle.

More practically: if you have a field in shared memory that starts at byte 60 and is 8 bytes long

(bytes 60–67), it straddles two cache lines (bytes 0–63 and bytes 64–127). Two fetches instead of

one.

Pyforge avoids this by ensuring each field starts at a byte address that is a multiple of 64. This is

called 64-byte alignment. It means some space is wasted (padding bytes between fields) but

every field read requires exactly one cache line fetch.

What Numba is

Numba is a Python library that takes a Python function and compiles it to machine code (the

actual CPU instructions, like what C and C++ compile to). This happens the first time you call the

function. After that, calling the function runs the compiled machine code directly, without going

through the Python interpreter.

Why does this help? Normally, Python executes code by interpreting it one statement at a time.

Each statement involves looking up the operation, checking types, creating result objects, and so



on. This interpreter overhead is why Python is often described as slow.

When Numba compiles a function, the interpreter overhead disappears. The function runs as

native CPU instructions. For tight loops over numbers — exactly what Pyforge's feature

assembly does — this can be 10 to 100 times faster than interpreted Python.

The constraint: Numba only works well on code that operates on numbers and NumPy arrays,

without creating Python objects. You can't Numba-compile arbitrary Python code. Pyforge's

assembly function is specifically designed to meet these constraints.

What Parquet is

Parquet is a file format for storing tabular data (data organized in rows and columns, like a

spreadsheet). Unlike a CSV file (which stores everything as text), Parquet stores data in binary

format with explicit types, which makes it much faster to read.

The key property of Parquet: it is columnar. In a regular row-based file, row 1's data is stored

together, then row 2's data, and so on. In a columnar file, all of column A's values are stored

together, then all of column B's, and so on.

This matters when you want to read one column from a file with millions of rows. With row

storage, you'd have to read every row and extract the relevant column. With columnar storage,

you read only the bytes for that column.

For Pyforge's offline store (the disk-based historical record of features), Parquet means reading

the "age_normalized" column for a billion users is much faster than reading all billion rows.

What asynchronous programming means

Normally, when your Python program calls a function that has to wait for something (like a

response from Redis), the whole program pauses and waits. This is called synchronous

(blocking) execution.

Asynchronous programming is a way of writing code so that while one part of the program is

waiting, other parts can run. In Python, this is done with asyncio  — a standard library module

that manages a loop of tasks, switching between them when one is waiting.

The key Python keywords are async def  (define a function that can pause and resume) and

await  (pause here until this thing is done, but let other tasks run in the meantime).

In Pyforge, the WAL consumer (the process that reads from the log and writes to Parquet) is an

asyncio task. While it's waiting for a Redis response, other asyncio tasks can run. This is more

efficient than using a thread (which would actually pause execution and consume more OS

resources).



Part 3: The Five Components of Pyforge

Component 1: The Schema System

What a schema is and why it's needed

Before Pyforge can store features in shared memory, it needs to know:

What features exist (their names)

What type each feature is (float32, int32, etc.)

How many values each feature has (a single number, or an array of 128 numbers)

This information is called a schema (a Greek word meaning "shape" — the schema defines the

shape of your data).

You define a schema in Python like this:

This says there are four features. The first three are single numbers. The last is an array of 128

numbers. Every field has an explicit data type.

Pyforge uses a library called Pydantic v2 to validate this definition the moment you write it —

Pydantic checks that no two fields have the same name, that all data types are ones Pyforge

knows about, and that shapes make sense. Pydantic v2 does its validation using code written in

Rust (a fast systems programming language), which makes the validation itself fast.

The offset table — the key to fast lookups

After you define a schema, Pyforge does a one-time computation: it figures out exactly where in

shared memory each field will live, and records this in a data structure called the offset table.

Here is how the offset calculation works for the UserFeatures schema above:

 

python

class UserFeatures(FeatureSchema):

    version = 1

    fields = [

        FeatureField("age_normalized",      dtype.float32), # one float32

        FeatureField("session_count_7d",    dtype.int32), # one int32

        FeatureField("ltv_score",           dtype.float32), # one float32

        FeatureField("behavior_embedding",  dtype.float32, shape=(128,)), # 128 flo

]



Each field starts at a multiple of 64 (64, 128, 192, 256...) to ensure cache line alignment as

described in Part 2.

The offset table records these numbers. It is a small NumPy array where each row contains:

A unique number representing the field name (specifically, a numeric hash of the name —

more on this below)

The byte position where this field starts (64, 128, 192, 256...)

A code for the data type (for example, 0 = float32, 1 = float64, 2 = int32)

How many elements this field has (1, 1, 1, 128)

How many total bytes this field uses (4, 4, 4, 512)

The offset table is computed once when the schema is registered and never recomputed. When

a request comes in and needs to read a feature, Pyforge uses the pre-computed offset table to

immediately know where to find the bytes — no calculation required at request time.

Why a numeric hash instead of the field name string

Suppose you want to look up the field named "session_count_7d" in the offset table. One

approach: store the actual string "session_count_7d" in each row of the offset table and search for

a match. Problem: string comparison is slow — Python has to compare character by character.

Faster approach: convert "session_count_7d" to a number (its hash) — a fixed-size integer

computed from the string's characters. Comparing two integers is much faster than comparing

two strings. You compute the hash of the field name you're looking for, then search the offset

table (which is sorted by hash) using a binary search — which finds the answer in at most log₂(n)

comparisons, where n is the number of fields. For 200 fields, that's at most 8 comparisons.

Importantly: this hash-and-binary-search approach creates no Python objects during the

search. You're just doing integer comparisons in NumPy arrays. This is part of why the hot path is

allocation-free.

Header:                bytes 0–15   (16 bytes, reserved for metadata)

age_normalized:        bytes 64–67  (4 bytes for one float32, starts at 64 for

alignment)

session_count_7d:      bytes 128–131 (4 bytes for one int32, starts at 128 for

alignment)

ltv_score:             bytes 192–195 (4 bytes, starts at 192)

behavior_embedding:    bytes 256–767 (512 bytes for 128 float32s, starts at 256)



Component 2: Shared Memory Allocation and Lifecycle Management

Creating the shared memory segment

When you register a schema with Pyforge, it allocates a shared memory segment:

1. Calculates the total size needed: header (16 bytes) + sum of all field sizes (after 64-byte

alignment padding)

2. Calls multiprocessing.shared_memory.SharedMemory(create=True, size=total_size)

— this tells the operating system "give me a named region of RAM of this size"

3. Writes 16 bytes of metadata into the start of the segment: 8 bytes for the schema version

number, 8 bytes for a checksum (a number computed from the schema definition — if the

segment gets corrupted, the checksum will be wrong, alerting us to the problem)

4. Gives the segment a name that includes the schema name and version:

pyforge_UserFeatures_v1_abc123

5. Stores this name in Redis under the key pyforge:schema:UserFeatures:current_segment

— so any other process can look up the segment name and open it

Any process that wants to read UserFeatures just looks up the Redis key to find the segment

name, then opens the segment by name.

The reference counting problem

Here is a problem that has to be solved carefully:

Imagine there are 5 Python processes currently reading from the shared memory segment

pyforge_UserFeatures_v1_abc123 . Meanwhile, someone updates the schema — adds a new

field — and Pyforge creates a new segment pyforge_UserFeatures_v2_def456 .

Can Pyforge immediately delete the old segment v1_abc123 ? No — those 5 processes are still

using it. If we delete it, those processes will crash when they try to read from a memory address

that no longer exists.

We need to keep the old segment alive until every process that is using it has finished.

Pyforge solves this with reference counting in Redis. The idea:

Every time a process opens a shared memory segment to start reading, it increments a

counter in Redis for that segment: INCR

pyforge:refcount:pyforge_UserFeatures_v1_abc123  (this makes the counter go from,

say, 3 to 4)

Every time a process finishes reading and closes the segment, it decrements the counter:

DECR ...  (counter goes from 4 to 3)



The segment is only eligible for deletion when the counter reaches 0 (meaning nobody is

using it)

Redis INCR  and DECR  are atomic operations. "Atomic" means the operation completes as a

single indivisible step — no two processes can interfere with each other by both incrementing at

the same instant. Redis processes each command one at a time (it's single-threaded internally),

so even if 100 processes try to increment at the same moment, they each get processed in

sequence and the counter ends up with the correct value.

When a new schema version is created, Pyforge needs to:

1. Point the Redis key to the new segment name

2. Increment the new segment's reference count

3. Decrement the old segment's count

4. Add the old segment to a "delete it when count reaches 0" queue if the count is now 0

These four steps need to happen atomically — as one indivisible operation. Pyforge uses a Redis

Lua script to accomplish this. Redis supports running small programs (written in the Lua

scripting language) directly on the Redis server, and these programs run atomically — nothing

else can happen on Redis while the Lua script runs. This guarantees the four steps all happen

together.

What happens when a process crashes — the watchdog

Reference counting works in normal operation. But what if a process crashes unexpectedly while

holding a segment open? The process incremented the counter but never decremented it. The

counter is now permanently stuck at 1, and the old segment can never be deleted. This is called a

memory leak — the memory is used up but can never be reclaimed.

Pyforge solves this with a watchdog process. A watchdog process is a separate Python process

whose only job is to monitor other processes and clean up after them if they crash.

Here is how it works:

Every process that opens a shared memory segment writes its PID (process ID — a unique

number the operating system assigns to each running process) and the current timestamp into a

Redis hash (a Redis data structure that stores key-value pairs) at the key pyforge:heartbeats .

It updates this timestamp every 100ms — this is called a heartbeat.

The watchdog runs in a loop every 100ms:

1. Reads all entries in pyforge:heartbeats

2. For each PID entry, checks: is this process still alive? Uses a library called psutil  to check

psutil.pid_exists(pid)  — this asks the operating system whether a process with that



PID currently exists

3. If the process is dead AND its last heartbeat is more than 500ms old (meaning it's definitely

dead, not just slow to write its heartbeat): decrement all the reference counts that dead

process held, and add those segments to the cleanup queue

4. For any segment in the cleanup queue with a reference count of 0: delete it (call

shm.unlink()  which tells the operating system to free that memory)

The result: within 100–500ms of a process crash, its shared memory references are cleaned up.

This is a concrete, measurable guarantee — not "eventually it'll get cleaned up somehow."

Component 3: The Read Path — How Features Are Actually Served

This is the component that makes Pyforge fast. Everything built so far (schemas, shared

memory, reference counting, watchdog) exists to support this.

The sequence of a single feature read

When a prediction request arrives and needs features for user_001 , here is exactly what

happens:

Step 1: Find the current segment (happens rarely)

The first time after the schema is registered (or after a schema version change), Pyforge reads

from Redis: "what is the current segment name for UserFeatures?" This call takes ~200µs. The

result is cached in a Python variable local to the serving thread. It is NOT called again on

subsequent requests — only when the schema version changes.

Step 2: Open the segment as a NumPy array (once per process, not per request)

Pyforge calls:

This creates a NumPy array that is a view of the shared memory bytes. No data is copied — the

NumPy array and the shared memory point to the same physical RAM. This is done once when

the segment is first opened, not on every request.

Step 3: Use the offset table to locate the data

The offset table was pre-computed at schema registration time. To find where user_001 's

age_normalized  feature is in the segment, Pyforge:

python

numpy.frombuffer(shared_memory_segment.buf, dtype=numpy.uint8)



1. Looks up age_normalized 's byte offset in the offset table using the hash-based binary

search (no Python object creation)

2. Now knows exactly: "age_normalized is at bytes 64–67 of the segment"

Step 4: Assemble the output vector (the Numba-compiled step)

Pyforge has a pre-allocated output buffer (a NumPy float32 array that was created once at

startup). It copies the bytes from the shared memory view into this output buffer field by field.

This copying is done by a Numba-compiled function. The function is a tight loop:

There are no Python objects created inside this loop. It runs as compiled machine code.

Step 5: Return the output buffer

The output buffer — now filled with the user's feature values — is returned to the caller as a

NumPy array. The caller passes it directly to model.predict() .

Total time for steps 3–5: approximately 2–5 microseconds.

Why this is called "lock-free"

A lock is a mechanism for making sure only one process does something at a time. For example,

if two processes both want to write to a file, you use a lock to make them take turns, so their

writes don't collide and corrupt each other.

Locks are a bottleneck at high request volumes — processes have to wait in line for the lock.

The Pyforge read path doesn't need locks because:

The shared memory segment is read-only during serving (writes happen through a

separate path)

Multiple processes reading from the same memory simultaneously is safe — reading

doesn't change anything, so there's nothing to corrupt

The offset table is computed once and never modified during serving — any process can

read it at any time without needing exclusive access

No locks means no waiting. 1,000 concurrent requests can all be reading from shared memory

simultaneously without any of them waiting for the others.

for each field:

calculate where in the shared memory this field's bytes are

copy those bytes into the output buffer at the right position

advance the output position



The pre-allocated buffer pool

Every prediction request needs an output array to put the assembled feature vector into. The

naive approach: call numpy.empty(n_features)  on every request, creating a new array each

time.

The problem: creating a NumPy array allocates memory. At 50,000 requests per second, that is

50,000 memory allocations per second. All those allocations eventually have to be freed. The

garbage collector does the freeing, and as described earlier, the garbage collector pauses

everything when it runs.

The solution: allocate a pool of output arrays at startup and reuse them.

Pyforge creates, say, 100 NumPy arrays of the right shape at startup. When a request comes in

and needs an output buffer, it takes one from the pool. When the prediction is done, it returns the

buffer to the pool.

The pool is implemented as a collections.deque  (a Python data structure that supports

efficient add/remove from both ends). Checking out a buffer is pool.pop() . Returning it is

pool.appendleft(buffer) . Both operations are O(1) (take constant time regardless of pool

size). In CPython (the standard Python implementation), these operations are thread-safe

because of Python's Global Interpreter Lock — only one thread runs Python code at a time, so

these simple operations can't be interrupted mid-execution.

If the pool is exhausted (all buffers are currently in use), Pyforge allocates a fresh one and logs a

warning. The pool refills asynchronously in a background coroutine.

Eliminating garbage collection pauses on the serving thread

Python's garbage collector is not something you can control precisely by default. It decides when

to run based on how many objects have been allocated and freed since the last run.

Pyforge takes direct control:

python

with registry.get_buffer(UserFeatures, batch_size=1) as output_buffer:

    registry.assemble(entity_id="user_001", output=output_buffer)

    prediction = model.predict(output_buffer)

# buffer is automatically returned to the pool here

python

import gc

gc.disable() # in the serving thread: turn off automatic GC



Then starts a separate background thread that calls gc.collect()  (manually trigger garbage

collection) every 100ms. This thread has nothing to do with serving requests.

The result: the garbage collector never runs during a prediction request. It only runs in the

background thread, on a predictable 100ms schedule, away from the serving path.

Pyforge measures GC pauses using gc.callbacks  — Python's ability to register functions that

get called when the GC starts and stops. The callback records how long each GC pause took in a

Prometheus histogram (a data structure that tracks the distribution of measurements — how

many pauses were 1ms, how many were 5ms, how many were 20ms, etc.). This data is in the

benchmark results.

Batch assembly — serving 1,000 users at once

The get_batch  function is the production-realistic API. Instead of requesting features for one

user, you request features for 1,000 users in one call:

The output is a single two-dimensional NumPy array where row i contains all the features for

entity_ids[i]. This format is exactly what machine learning libraries (scikit-learn, XGBoost,

LightGBM) expect as input — no further conversion needed.

The naive implementation of this would call the single-entity assembly function 1,000 times in a

Python loop. The Pyforge implementation uses NumPy's ability to do operations on entire arrays

at once, so the 1,000 entities are processed in a single vectorized operation rather than 1,000

sequential ones.

For features stored in Redis (not shared memory) — the warm path — batch assembly uses a

single Redis MGET  command that fetches all 1,000 entities' data in one round trip, rather than

1,000 separate GET  commands with 1,000 separate round trips.

Component 4: The Offline Store

Why an offline store exists at all

python

vectors = registry.get_batch(

    schema=UserFeatures,

    entity_ids=["user_001", "user_002", ..., "user_1000"],

)

# vectors is a NumPy array with shape (1000, 131)

# Row 0 is user_001's features, row 1 is user_002's, etc.

# 131 = total number of feature values (1 + 1 + 1 + 128)



The shared memory and Redis system described so far is the online store — it's optimized for

serving predictions in real-time. But you also need to train your model.

To train a model, you need historical data: "what were user_001's features at 2:00pm on Tuesday?

What were they at 3:00pm? What about last week?" You need potentially years of historical

feature values for millions of users.

Storing years of historical data in RAM (whether in shared memory or Redis) would be

impractically expensive. You need to store it on disk. Pyforge uses Parquet files on disk for this

historical record.

The offline store is intentionally simple. It does three things and nothing more:

1. Records every feature write to disk in Parquet format

2. Given a list of (user, timestamp) pairs, returns what those users' features were at those

times (used for building training datasets)

3. Can reload Redis from disk if Redis is wiped and needs to be repopulated

Append-only writes

Every time a feature is updated, Pyforge writes the new value to the Parquet file by appending a

new row. It never modifies or deletes existing rows. The file only ever gets longer.

Why append-only? Because it's crash-safe. Parquet files are written in chunks called row groups.

A row group is written atomically — either the entire chunk is written successfully (along with its

checksum footer), or it's not written at all. If the program crashes while writing a row group, the

row group is incomplete and detectable: Pyforge checks the checksum on startup and truncates

the file back to the last complete row group. No data from before the crash is lost or corrupted.

If Pyforge instead modified existing data in the file (for example, to update a record in-place), a

crash mid-modification could corrupt existing data. Append-only eliminates this risk entirely.

Each row in the Parquet file contains:

The entity ID (for example, "user_001")

event_time : when the feature value was observed in the real world

processing_time : when Pyforge received and stored it

One column per feature field with the actual value

Point-in-time correctness — the training data problem

When building a training dataset for a machine learning model, you need to be careful about

when each feature value comes from.



Example: you want to train a model on historical purchases. For each purchase in your history,

you need the features the model would have had available at the moment the purchase

happened.

If a user made a purchase at 2:00pm, you need their features as they existed at 2:00pm — not

their features as updated at 3:00pm or yesterday. If you accidentally used future feature values

(values that didn't exist yet at 2:00pm), your model is trained on information it couldn't have had

in production. It will appear to perform well in training but will fail when deployed.

Using information from the future to train a model is called data leakage. It's a common mistake

that causes ML models to be confidently wrong in production.

Pyforge's offline store provides a point-in-time query: given a list of (entity_id, timestamp) pairs,

return each entity's most recent feature values that existed at or before the given timestamp.

Implementation: PyArrow (the library Pyforge uses to read Parquet files) has a function that

efficiently does this query on sorted data. The Parquet file is kept sorted by timestamp. Finding

the right row uses a binary search — instead of scanning every row, it halves the search space

with each step, finding the answer in at most log₂(total_rows) steps. For 100 million rows, that's at

most 27 steps.

The Write-Ahead Log — crash safety for dual writes

When a feature is updated, Pyforge needs to update two things:

1. Redis (the online store — serves live predictions)

2. Parquet (the offline store — records history)

What if Pyforge crashes after updating Redis but before updating Parquet? Redis has the new

value, but Parquet doesn't. They're out of sync.

Pyforge uses a Write-Ahead Log (WAL) to prevent this. The idea: before doing anything, write

what you're about to do to a log. If you crash, you can replay the log on restart to finish what you

started.

Pyforge uses Redis Streams as its log. Redis Streams is a data structure built into Redis that

stores a sequence of messages, where each message has a unique auto-incrementing ID and can

be acknowledged (marked as "I've finished processing this").

The write sequence is:

1. Append a message to the Redis Stream: "I am about to update user_001's features to these

values" — this is instant and always completes before anything else

2. Update Redis with the new feature values

3. In the background, an asyncio task reads the stream and writes the update to Parquet



4. Once the Parquet write succeeds, acknowledge the stream message (mark it as done)

If the program crashes at any point:

After step 1 but before step 4: the stream message is still there, unacknowledged. On

restart, Pyforge replays all unacknowledged messages and completes the Parquet writes.

After step 4: the message is acknowledged and will be skipped on replay.

Handling duplicate replay: if the same message gets processed twice (e.g., crash between the

Parquet write completing and the acknowledgment being sent), Pyforge needs to not write the

same data twice to Parquet. This is handled with sequence IDs: each stream message has a

monotonic ID (a number that only ever increases). Pyforge records "the last message ID I

successfully wrote to Parquet" in Redis. On replay, any message with an ID less than or equal to

the recorded last ID is skipped.

Hydration — recovering after Redis is wiped

If the Redis instance is restarted and loses all its data (which happens by default unless Redis is

configured to persist to disk, which Pyforge's docker-compose does configure), the online store

is empty and no features can be served.

Pyforge's hydration function repopulates Redis from the Parquet offline store:

1. Read the Parquet file

2. For each entity, find its most recent feature values (using the same point-in-time query with

as_of = now )

3. Write all these values into Redis using pipelining — instead of sending one Redis command

and waiting for a response, then sending the next, you send all commands at once and

receive all responses at once. This reduces the number of network round trips from N (one

per entity) to approximately 1

For 1 million entities, hydration takes roughly 30 seconds. This number is benchmarked and

documented so operators know how long to expect Redis to be unavailable after a restart.

Component 5: The Benchmark Suite

Why benchmarks matter as much as the code

Pyforge claims to be fast. A claim without evidence is just marketing. The benchmark suite is

what turns the claim into evidence.

Every benchmark in Pyforge is designed to be:



Reproducible: anyone can run docker-compose up && pytest benchmarks/  on their machine

and get numbers. The exact Redis version and configuration are pinned in docker-compose.yml .

Honest: if a component doesn't help in some situations (for example, Numba doesn't help when

you have fewer than ~50 features because the overhead of calling into compiled code outweighs

the benefit), that is shown and documented. A project that only shows its best numbers is not

trustworthy.

Committed: the benchmark results — the actual JSON files with p50/p95/p99/p999 latencies,

and the SVG flamegraphs showing where time is spent — are committed to the repository.

Reviewers can see real numbers without running anything themselves.

What p50, p95, p99, p999 mean

These are percentile latencies — they describe the distribution of how long requests take.

p50 (50th percentile): half of requests are faster than this, half are slower. Also called the

median.

p95 (95th percentile): 95% of requests are faster than this. Only the slowest 5% take longer.

p99 (99th percentile): 99% of requests are faster than this. This is the standard "is this fast

enough?" metric.

p999 (99.9th percentile): 99.9% of requests are faster than this. This catches rare

pathological slow requests — like the ones caused by garbage collection pauses.

A system with good p50 but bad p999 might look fast on average but have occasional spikes that

feel terrible to users. Pyforge targets good p999 specifically because GC pauses show up there.

The five benchmarks

Benchmark 1: Hot path latency

The headline benchmark. Measures p50/p95/p99/p999 for reading one entity's features using:

(a) Pyforge's shared memory path, (b) a direct Redis GET, (c) a naive Python dict. Runs 10,000

iterations for statistical validity.

Expected approximate results on a modern laptop:

Shared memory: ~2µs p50, ~5µs p99, ~8µs p999

Redis: ~150µs p50, ~300µs p99, ~2000µs p999 (p999 spike from GC)

Python dict: ~50µs p50, ~200µs p99, ~5000µs p999

The flamegraph (a visual showing exactly where time is spent in the code) for this benchmark is

committed to the repository.

Benchmark 2: Batch assembly throughput



Measures entities per second at batch sizes 1, 100, 1000, and 10,000. Also compares the Numba-

compiled assembly against pure NumPy and a Python loop at each batch size. Shows the

crossover point where Numba's benefit outweighs its call overhead.

Benchmark 3: GC pause impact

Measures p999 latency with the default Python GC enabled vs Pyforge's GC-disabled-with-

background-thread approach. Shows the distribution of GC pauses and quantifies the

improvement.

Benchmark 4: Buffer pool impact

Measures allocation rate (allocations per second) and p99 latency with vs without the pre-

allocated buffer pool. Quantifies how much of the p99 improvement comes from eliminating

allocations vs other factors.

Benchmark 5: Hydration speed

Measures time to repopulate Redis from Parquet for 100,000, 1,000,000, and 10,000,000 entities.

This is an operational benchmark — it answers "how long will the system be down if Redis has to

be restarted?"

Part 4: What Was Considered and Cut

Part of good engineering is knowing what not to build. Here are things that were considered for

Pyforge and deliberately excluded.

Watermark-based late data handling

An earlier version of this design included a sophisticated system for handling feature updates

that arrive out of order. For example: a feature update with an event time of 2:00pm arrives at

2:05pm because of processing delays elsewhere in the system. If a training query for "what were

the features at 2:02pm?" was run at 2:03pm, it would have missed this update.

This is a real problem in data engineering, but solving it correctly requires building something

that is essentially a streaming data system — closer to Apache Flink or Apache Kafka in

complexity. Adding it to Pyforge would make Pyforge a "serving engine AND a streaming

correctness system," which would be two different projects with two different identities.

The decision: cut it. Pyforge stores both event_time  and processing_time  on every write, so

training pipelines can decide themselves how to handle late data. Pyforge is not responsible for

that problem.

Distributed operation

Pyforge runs on one machine. It does not spread data across multiple machines (sharding), does



not keep copies in sync across machines (replication), does not coordinate across nodes.

This is a deliberate decision. The entire value proposition of Pyforge is single-node serving

latency. Distributed systems add enormous complexity in every dimension and would turn this

into a years-long project. Single-node performance is underexplored and genuinely useful.

Exporting compiled code internals

An earlier design included a feature to export the LLVM intermediate representation (a low-level

code format that shows what the CPU instructions look like before the final compilation step) of

the Numba-compiled functions. This was cut because it adds no real value — flamegraphs and

benchmark numbers communicate performance far more clearly than low-level compiler

output.

Part 5: Scope and Identity

What Pyforge is

A Python library — meaning you install it with pip install pyforge , import it in your Python

code, and use it. It is not a separate service you run. It is not a cloud product. It is code you include

in your project.

It runs on one machine. It assumes you have Redis running (which docker-compose handles). It

stores files on local disk.

Approximate size: 3,000 lines of Python code across eight files.

What Pyforge is not

Pyforge is not:

A distributed system (it runs on one machine)

A replacement for Feast in a large organization (Feast handles many other problems

Pyforge doesn't)

A streaming data platform (it doesn't handle real-time data streams)

A database (it doesn't support arbitrary queries)

A cloud service (there is no hosted version)

Who would use it

An ML engineer who is building a prediction service on a single server and needs features served

significantly faster than Redis alone allows, without the overhead of setting up a full distributed



data infrastructure. This is a real and common situation — many ML systems that need low

latency don't actually need to span multiple machines.

Part 6: The Story You Tell in an Interview

When an engineer at a quant firm or ML company asks about this project, here is the explanation

that communicates the depth of thinking:

"Most ML serving systems have a mismatch: the model itself takes 200 microseconds, but the

surrounding infrastructure — fetching features from Redis, converting bytes to Python objects,

assembling an array — takes 5 to 50 milliseconds. I built Pyforge to close that gap for single-node

deployments.

The core idea is storing features in shared memory as typed NumPy arrays with a pre-computed

layout, so reads bypass Redis entirely and go directly to RAM addresses. No deserialization, no

Python object creation in the hot path. The assembly is done by a Numba-compiled function that

runs as native machine code.

The engineering challenges that made this non-trivial were: managing the lifecycle of shared

memory segments when schemas evolve without crashing processes that are mid-read (solved

with reference counting in Redis and a Lua script for atomic version swaps), handling process

crashes without memory leaks (solved with a watchdog process and heartbeats), and making

batch reads vectorized rather than sequential.

The result is ~5µs p99 for the shared memory path versus ~300µs for an equivalent Redis read on

the same hardware. The benchmark suite is committed to the repo with flamegraphs."

Every sentence of this answer shows you understand the problem, the solution, the tradeoffs,

and the engineering challenges. None of it is vague.


