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Immutability is common in the programming mainstream: deep immutability is the default in functional
languages while imperative languages typically provide opt-in support for shallow immutability, usually
enforced through static checking.

Python is a dynamic imperative language where mutability is inherent: not only are most objects mutable,
but programs themselves—modules, classes, functions—are represented by mutable objects at run-time, and
libraries routinely rely on this mutability. This makes adding immutability to Python a significant challenge.

This paper presents the design and implementation of deep immutability for Python. Our primarymotivation
is to permit multiple sub-interpreters to directly share object references, which currently requires costly
serialisation. Sharing via immutability introduces a soundness challenge, as a violation could corrupt the
interpreter’s state.

We identify numerous challenges that stem from decades of design decisions that did not anticipate
immutability, and show how they can be overcome through two complementary techniques: detachment,
which severs run-time links that would cause immutability to propagate too widely, and freezability, which
gives objects run-time control over whether and how they may become immutable. Together, these principles
form a general design pattern for deep immutability in dynamic languages. We validate our design with an
implementation on CPython 3.15 that is backwards-compatible with existing programs and enables direct,
zero-copy sharing of immutable objects across sub-interpreters.

CCS Concepts: • Software and its engineering → General programming languages; • Computing
methodologies→ Concurrent programming languages.
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1 Introduction
Recent years have seen two parallel attempts to overcome the performance implications of Python’s
global interpreter lock (the GIL). The GIL only permits one Python thread at a time to execute
bytecodes which causes all Python code to run sequentially. Python manages memory through
a combination of reference counting and tracing garbage collection (GC), and the GIL is crucial
for correctness of reference count manipulations. Without the GIL, both correctly and incorrectly
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synchronised programs can race via reference count manipulations., which in turn can lead to
use-after-free errors, and memory corruption.

The on-going work on “Free-threaded Python” [12] aims to enable parallelism by removing the
GIL completely. It makes all reference count manipulations atomic, using atomic exchanges to avoid
racing field updates to cause reference counting to be applied to the wrong objects, and introduces
per-object locks in container objects to ensure integrity of their operations. Free-threaded Python
ensures the integrity of the Python interpreter, but user programs can break due to data races.

Python 3.12 permitted multiple isolated Python “sub-interpreters” to run with separate GILs [19]
in the same Python process, which allows parallelism between threads in different sub-interpreters.
From an implementation standpoint, this is a much simpler way to avoid the limitations of the
GIL than free-threading, as each sub-interpreter is largely unmodified. As it keeps the GIL-based
design, existing C extensions can continue to rely on the GIL for correctness. Isolation is enforced
by giving each sub-interpreter its own completely separate state. Every interpreter maintains an
independent PyInterpreterState containing its own module dictionary, memory allocator, and
global variables, together with a dedicated GIL that guards only that interpreter’s threads.

Rather than tracking ownership per object, CPython enforces isolation structurally: each inter-
preter manages its own object space and memory, and the interpreter prevents references from
crossing between interpreters through strict API boundaries. As a result, memory management,
reference counts, and object lifetimes remain confined within a single interpreter, and communica-
tion between interpreters must instead occur through explicit message-passing mechanisms such
as channels introduced by Python Enhancement Proposal (PEP) 554 [20, 21].
Stoldt et al. [23] recently proposed a design for dynamically-enforced region-based ownership

based on work by Arvidsson et al. [1] and Cheeseman et al. [8] as a way to add parallelism to Python.
The design avoids the data races possible in Free-threaded Python without the strict isolation needed
by multiple sub-interpreters. While their work focuses on efficient movement of mutable objects
between threads or sub-interpreters, their approach relies on deep immutability to support safe
sharing of objects which must be concurrently accessible without blocking. For example, the object
representing Python’s string type, but also user-defined objects and types. Notably, Python does
not have explicit support for immutability, and a proposal for adding it was rejected in 2005 [28].
The work by Stoldt et al. [23] assumes that immutability can be added to Python. This is the

inspiration for our work: exploring the design space of adding immutability to Python, a 35 year-
old language without sound static type checking. Python programs are imperative and rely on
mutability for many programming patterns including metaprogramming.

Contributions. The lack of sound static checking in Python, and reliance on mutable declarations
and metaprogramming, means that well-understood static type-based approaches to immutability
do not work. We have to move the time when modules, types, and objects become immutable from
compile-time to run-time. This presents an especially hard challenge in languages like Python
where types are represented as normal mutable objects in the object graph, and there is a surprising
level of interconnectedness between objects in the run-time. This requires us to design ways to
handle freeze propagation, i.e., how far effects of making something immutable reaches. In this
paper, we tame freeze propagation in two main ways: detachment and freezability. Together, they
form a general design pattern for integrating deep immutability into dynamic, reflective languages.
Detachment is the act of severing links between objects in the run-time to stop immutability

from propagating too far. We design five detachment techniques for immutable objects: detaching
a function from the global scope; a nested function from its enclosing function’s stack frame; a
function from its stateful module import; a mutable sub-object from its immutable parent; and a
mutable field from its enclosing immutable object. Without detachment, immutability in languages
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like Python would be severely restricted as often, making an object immutable would incapacitate
the entire system by making “everything” immutable.
Freezability is a new property of objects that controls if and how they may become immutable.

This is required by the lack of a static type system that can propagate immutability at design-time,
and check for internal consistency. Making types (and objects) freezable permits them to change
(including metaprogramming) until becoming immutable. Explicit freezability permits objects to be
made immutable directly, but not as a side-effect of making something else immutable.
One of our goals for immutability is to permit direct, zero-copy sharing of immutable objects

across sub-interpreters. This enables data-race free parallelism in Python without having to give
up the GIL. This requires rethinking how immutable objects’ memory is managed as Python’s
memory management assumes a single sub-interpreter manages memory in isolation. We build
on prior work [17] on managing immutable data by leveraging a strongly-connected component
(SCC) analysis, adapting that work in non-trivial ways to handle external references into SCCs,
rollback in case of failure, and adding support for weak references.

Outline. §2 gives a brief background on immutability. §3 states our goals for this work and
discusses the challenges due to pervasive global state, objects’ interconnectedness, and memory
management design. §4 introduces a simple protocol for making objects immutable at run-time, §4.2
introduces detachment, and §4.3 introduces freezability. §5 discusses memory management without
a GIL, SCCs, as well as noteworthy details of our implementation. §6 discusses our goal-fulfilment,
compares the time it takes to make an object graph immutable with time it takes to serialise it, test
coverage, and investigates the overhead of our implementation.

2 Background
Immutability is a well-known and well-explored concept in several settings [11, 18]. For example,
immutability is the norm in functional programming languages and only special data types like
“ref cells” (etc.) support operations that modify objects in-place. As shown in Table 1, many im-
perative languages support some notion of immutability. This immutability is typically shallow
meaning that an object is considered immutable if its fields cannot change—however, the fields
may reference objects which are mutable. Deep immutability in contrast means that sub-objects
must also be immutable. Most scholarly works on immutability are concerned with deep immutabil-
ity [5, 9, 15, 16, 25] but not all [6, 14]. None of the main dynamically typed imperative languages
(including JavaScript, Python, Ruby, Lua, Perl, PHP, and Smalltalk) have built-in, general-purpose
deep immutability. The dynamically typed languages Erlang and Clojure have deep immutability,
stemming from their functional nature. Their approach is to eliminate mutation syntax rather than
dynamically enforcing immutability. In contrast, most dynamically typed imperative languages
require run-time enforcement because mutating operations are a fundamental part of the lan-
guage. Ruby and JavaScript both provide a freeze() function that makes objects shallow immutable.
This avoids propagation to e.g., an object’s class. Scheme, by contrast, encourages functional pro-
gramming but retains pervasive mutable constructs. It does not provide a built-in notion of deep
immutability. Immutability arises from programmer discipline, not semantic enforcement.

Immutable vs. Read-Only. It is important at this point to distinguish between immutable and read-
only. Immutability is a property of an object—an immutable object cannot be modified; read-only is
a property of a reference—a particular reference cannot be used to mutate its referent. Read-only
references do not preclude the existence of other references through which mutation is permitted.
Read-only references may witness the mutation through such references; it is thus a considerably
weaker property. For a while, the term “reference immutability” was used synonymously with
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Table 1. Comparison of immutability across languages. TS Enforced means enforced by a static type system.
Legend: † – Uniqueness types; ‡ – Ownership system. ♦ – Via final; val; let; or const.

Language Immutability TS Enforced Comment

Haskell Deep Yes Purely functional
Clean [7] Deep Yes† Optimises mutation internally
ML / OCaml / F# Default Yes Explicit mutable refs allowed
Erlang Deep Yes Purely functional
Elm Deep Yes No mutation
Rust Deep Yes‡ Mutation under borrow rules
Pony [10] Shallow / Deep Yes Imperative actor language
Python Shallow No Convention-based, named tuples
Java Shallow Partial♦ Deep immutability via discipline
Kotlin Shallow / Deep Partial♦ Encouraged via data classes
Scala Deep Partial Functional collections
Clojure Deep Yes Functional
Swift Shallow / Deep Partial♦ Strong for value types (structs)
TypeScript Shallow No Libraries add deep immutability
JavaScript Shallow No Object.freeze(obj)
Ruby Shallow No obj.freeze()
Scheme Shallow No Explicit, principled support built-in
C++ Shallow / Medium Partial♦ Manually enforced
Go Weak No Convention-based
Julia Deep (optional) Yes struct vs mutable struct
Dart Shallow / Deep Partial♦ Deep immutability at compile time

read-only references [3, 18, 26]. This is an unfortunate misnomer as none of the strong immutability
guarantees apply to “immutable references”. Read-onlyness is not relevant in this work.

2.1 Support for Immutability in Python
The Python programming language does not support immutability as a language concept. A small
number of core Python type objects including bool, int, float, str, complex, tuple, and frozenset do
not permit mutation, and their instances are shallow immutable. Attempting to assign to attributes
of these objects is rejected dynamically and gives rise to a readonly attribute error. Notably, the root
class object’s type object is immutable. Except for references to their immutable type, instances
of bool, int and float do not contain references to other objects so they are deeply immutable;
instances of str and complex only have immutable sub-objects so they are deeply immutable too;
shallow immutable tuples are deeply immutable if they store only deeply immutable arguments.
Immutability is not a reified concept in Python—it is not generally possible to introspect on

an object’s support for mutation; one can simply try to mutate it and fail. The closest to a reified
notion of immutability is the “frozen” concept. For example, the shallow immutable frozen set
mentioned above and data classes that define a frozen attribute that controls shallow immutability.

class Frozen:

__slots__ = ("x", "y", "_frozen")

def __init__(self, x, y):

object.__setattr__(self, "x", x)

object.__setattr__(self, "y", y)

object.__setattr__(self, "_frozen", True)

def __setattr__(self, name, value):

if getattr(self, "_frozen", False):

raise AttributeError("Obj is immutable")

object.__setattr__(self, name, value)

Fig. 1. Implementing shallow immutability
using __slots__ and __setattr__().

2.1.1 Strictness of Immutability. The discussion above
implicitly assumed a non-strict definition of deep im-
mutability. For example, the number 4711 has a mutable
reference count which is manipulated implicitly by as-
signing from 4711 to variables and fields, and inspected
through the sys.getrefcount API. Similarly, every type
object maintains a list of all direct subclasses of the type,
which can be extended by evaluating a new class defi-
nition that extend the type, and inspected through the
__subclasses__() method that each type defines.

The implementation of, e.g., reference counts and sub-
class lists as object attributes is a pragmatic choice. From a
philosophical perspective, it makes sense to permit these attributes to staymutable even though their
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enclosing object is immutable. However, as our goal with this paper is to enable the direct sharing
of objects across sub-interpreters this choice has far-reaching consequences. As we shall see in §3.6,
permitting reference counts to staymutable when objects are shared across sub-interpreters requires
additional machinery for reference count manipulations to stay correct. Same for subclass lists.

class Frozen:

def __init__(s, x, y):

s._x = x

s._y = y

@property

def x(self):

return self._x

@property

def y(self):

return self._y

Fig. 2. Shallow immuta-
ble via @property

This kind of pragmatism is not unique to Python. Many languages pro-
vide escape hatches for immutability, e.g., C++ provides a mutable keyword
that permits members of const objects to be modified, and a const_cast

operation reinterpreting const pointers as mutable, thus permitting any
mutation. Rust provides an UnsafeCell<T> which is used to implement
smart pointers and synchronisation primitives like RefCell and Mutex.

2.1.2 Immutability and User-Defined Types. Python permits a user-
defined type to implement shallow immutability by a combination of
__slots__ which prevents adding and removing fields of an object and
__setattr__() which redefines field assignment. The class definition in
Fig. 1 redefines field assignment to inspect the value of _frozen. If _frozen
is True, assigning to fields raises an AttributeError. Another approach is
shown in Fig. 2 that uses the @property decorator to prevent reassigning the x and y attributes, but
new (mutable) fields can be added to the object because it does not use __slots__.

2.1.3 PEP351: The Freeze Protocol. PEP 351 [28] was published in 2005 and rejected based on a
discussion on the python-dev mailing list that took place October 2005 to February 2006 [13]. It
describes a protocol for requesting an immutable copy of a mutable object. It defines a new built-in
function, freeze(), which uses this protocol to provide an immutable copy of cooperating objects.
The intended semantics of PEP351 was as follows: When a mutable object 𝑜 is passed to the

built-in freeze() function, it calls 𝑜’s __freeze__() method to get an immutable copy. (This is
notably different from freeze() in Ruby or JavaScript, which make an object shallow immutable
in-place.) If 𝑜 does not have a __freeze__()method (i.e., it is not cooperating), a TypeError is raised.
Importantly, the __freeze__()method was intended as a programmer-defined method which could
be implemented in any way. This level of trust in programmers to “do the right thing” is common
in Python’s design. A call to __freeze__() could in principle return the unmodified self object,
or if using the design in Fig. 1 set the _frozen flag to True before returning self. (As opposed to
returning a copy, aligning with Ruby and JavaScript
PEP351 was rejected due to a “general feeling” that there were no compelling use cases for

immutability (the few motivating examples in the PEP could be implemented in other ways) and
that freezing should not be applied to arbitrary objects but be an essential and explicit part of object
design. In 2024, a discussion about a potential resurrection [24] of PEP351 motivated by a need for
“a parallel-read-access dictionary and potentially other data structures to complement free-threaded
Python” surfaced on discuss.python.org but no PEP proposal has yet come out of this discussion.

3 Challenges for Adding Immutability to Python
Let us first establish and motivate our goals for adding deep immutability to Python in the first
place. We split these into two groups: functional and non-functional. These goals are compatible
with—or inherited from—the goals of Stoldt et al. [23], which was the inspiration for this work.

Our functional goals are: (G1) a notion of immutability that is strong enough to enable direct
(data-race free) sharing of immutable objects across Python sub-interpreters; (G2) not breaking
any existing code; (G3) support existing programming patterns that are incompatible with a strict
definition of immutability by providing escape hatches in a safe way; and to (G4) embrace Python’s
dynamic nature and only reject code when it actually violates immutability.
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Our non-functional goals are: (G5) minimum performance impact on programs that either do not
use immutability or use it without raising dynamic errors; (G6) immutable objects should enjoy
the same promptness of reclamation as normal Python objects; and finally (G7) have a reasonable
complexity budget as to not impact the burden of maintaining the language too negatively.

3.1 Reification and Interconnectedness
1 import random

2 from random import randint as _randint

3 class Die(object):
4 def __init__(self, sides):

5 self.sides = sides

6 def roll1(self):

7 return random.randint(1, self.sides)

8 def roll2(self):

9 return _randint(1, self.sides)

10

11 d = Die(6)

Fig. 3. A simple Die class and a 6-sided
instance.

Python represents most things in a program as an object at
run-time: types, functions, and modules are all represented
as mutable objects. Fig. 3 shows a simple Python program,
and Fig. 4 shows the resulting object graph.While the graph
is a simplification1, it shows that the Python object graph
is considerably more complex than the naive object graph
programmers may imagine. For illustrative purposes, the
die class has two methods for rolling the die. The program
also imports the random module to call the randint func-
tion via the module object as well as the directly imported
randint function under the name _randint.

Note: From this point on, we will use immutable to mean deeply immutable.

Die object 6

locals

random

d

random

sides

roll2
Die class

Die

roll2

roll1

__init__

randint

roll1

__init__

_randint

_randint

random

Fig. 4. Simplified overview of Python’s
object model. “Ice blue” = immutable.

In Fig. 4, the stack frame (locals) has the variables d, Die,
random, and _randint pointing to a die object, a type object,
a module object and a function object respectively. The die
has a reference to its type object which has references to
three function objects for its functions. The roll1 function
object has a reference to random whereas the roll2 function
object has a reference to _randint.

We want immutability to enable direct sharing of objects
across sub-interpreters. If we naively share the object ref-
erenced by d, all the objects above would become shared as
a result. Below, we discuss the challenges that stem from
this design: mutable type objects (§3.2), function objects and
their interaction with enclosingmutable state (§3.3), mutable
module state and its interplay with sub-interpreter isolation
(§3.4), access to global state from extensions written in C
(§3.5), and finally challenges due to Python’s strategy for memory management (§3.6).

3.2 Programs Expect Mutable Type Objects
As also pointed out by Stoldt et al. [23], user-defined types in Python are represented at run-time
by mutable objects. Type objects can be manipulated in a way that instantly becomes visible to all
their instances. Many Python libraries rely on this ability to perform so-called “monkey-patching”
of types. Common uses include testing, metaprogramming, and boilerplate code generation.

Mutable type objects introduces a challenge for deep immutability as every object has a reference
to its type object. Thus, to create an immutable instance of class 𝐶 , the type object for 𝐶 must
also be immutable. Furthermore, since many Python programs rely on user-defined types being
mutable, making type objects immutable by default is not possible, as this contradicts (G3). Making
an immutable copy of a type to serve as the type for immutable objects does not scale: first it will

1This program gives rise to many more objects than shown, for example all functions in the random library, but also the
super type of Die, the types of the function objects, the module object, and the type object — the type of all types.
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dictionarylist

1 2

list

4 5

read_x() mod_y()

__globals__ __globals__

x y

read_x mod_y
x x

inner_inc()

100

outer()

Cell 0

inner_read()

y x

Fig. 6. Simplified object structures. Left (a)—the program in Fig. 5. Right (b)—the program in Fig. 7. Lightly
shaded cells show propagation of immutability if we made read_x() or inner_read() immutable.

parallelise the entire type hierarchy as each type has a pointer to its super class; second if the same
mutable type is modified 𝑛 times and immutable objects created of each version of the type, we end
up with 𝑛 parallel hierarchies. This complicates the semantics of instance-of tests, not to mention
serving as a likely source of confusion for programmers.
Occasionally, there is a need for Python types to contain mutable state, even for types which

are designed to be effectively immutable. One such example is found in Python’s Fraction class
which uses a mutable lru_cache from the functools library to implement hashing efficiently, as
a fraction such as 9

3 should hash identically to 3. Fraction instances have no way to modify their
numerator or denominator but because the Fraction class’ __hash__ function captures mutable
state (cf., §3.3.2), they are fundamentally incompatible with strict deep immutability.

3.3 Functions are Defined in an Inherently Mutable Context
1 # Program 0
2 x = [1, 2]

3 y = [4, 5]

4

5 def read_x(idx):

6 return x[idx]

7

8 def mod_y(o):

9 y.append(o)

Fig. 5. Creates the ob-
ject graph in Fig. 6a.

Functions are a fundamental part of any Python program. Most types contain
several methods, which are internally represented as function objects. Making
a type immutable thus requires that function objects can be made immutable.
Functions in Python are surprisingly complex. When Python encounters

a function definition it creates a function object which can be called at a
later point in time. Function objects contain references to any external state
captured by a function definition. There are different ways how external
state is represented and captured, depending on whether the external state
comes from the enclosing module or an enclosing function, in which case the
captured state originates from a stack frame. For now, we confine ourselves to functions defined in
Python. Functions defined in C pose additional challenges discussed in §3.5.

3.3.1 All Functions Capture Global State. We focus for now on the global state. Fig. 5 shows a
program with two functions and Fig. 6a shows the object structure created by the running program.
In Python, every function object has a reference to the globals dictionary of the scope it was defined
in, stored in the __globals__ attribute. This reference is used to resolve variables found in the local
scope. The functions read_x and mod_y both use the reference to the dictionary of their defining
scope to find the global variables x and y defined on Line 2 and Line 3 respectively. Note that the
reference to globals is there, even if a function never accesses it.
Say that we want to make the read_x() function object immutable. This requires making its

type immutable, and critically for this section, also the globals dictionary which is reachable from
the function object. Since everything is reachable from globals this makes all other objects in the
program in Fig. 6a immutable. In principle, not all of these need to be deeply immutable forread_x()
to be immutable, e.g., mod_y() and the list in y that are not accessed by read_x().

It is not generally possible to analyse a Python function to see what parts of globals it accesses due
to Python’s powerful metaprogramming facilities. For example, if a function with parameters f and
v performs f(v) this could in principle be a lookup from the global namespace if f is bound to the
builtin function globals() and v to some variable name as a string. And even if we could tell exactly
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what variables are captured and make their values immutable, the namespace is a normal dictionary
and does not support preventing keys (the variables) from being reassigned. Second, in principle, it is
possible to access anything in the global namespace through a function object even though the func-
tion it represents does not do so. (Meaning e.g., read_x.__globals__["y"].append(6) is possible.)

1 def outer():

2 x = 0

3 y = 100

4

5 def inner_read():

6 print(x)
7

8 def inner_inc():

9 nonlocal x

10 x = x + 1

11 return x

12

13 return (inner_read,

14 inner_inc)

Fig. 7. inner_inc()
captures x from the
frame of outer().

Making all global functions immutable is not possible as many modules
and even the Python interpreter make use of mutable global variables. This
makes such an approach a non-starter.

3.3.2 Functions Capturing Shared Mutable State. In Python, functions that
capture external state are represented differently at run-time depending on
whether the external state comes from the enclosing module namespace
(discussed in §3.3.1) or from an enclosing function. Fig. 7 shows a program
with a function called outer() and two nested functions defined inside it.
Fig. 6b shows how the object graph would look like on Line 13. The three
functions share a cell object that contains the actual value which is used
by Python. This indirection allows both functions to reassign x in a way
that is visible to the other function. This allows the reassignment in Line 10
to be observed by the outer() and inner_read() functions. Also note that
only variables captured from an enclosing function use this indirection. The
variable y remains a direct reference to the contained object because neither
nested function captures it.

Making inner_read immutable requires all its reachable objects to be immutable which include
the shared cell x. This is shown by the light shading in Fig. 6b. This prevents the reassignment on
Line 10 in inner_inc, even though inner_inc is mutable.

3.4 Making Functions Immutable can Incapacitate Modules with Mutable State
Python modules are represented at run-time as mutable module objects with fields for each top-level
declaration pointing to types, functions or ordinary Python objects. Stoldt et al. [23] exemplified
mutable module state with the math and random modules: it is reasonable to turn mathematical
constants such as math.pi into actual constants that cannot be reassigned, but the random module
needs mutable state to function.

The leftmost code in Fig. 8 shows a simplified version of Python’s random module. This module
defines a Random class with internal state mutated on Line 9. The top-level function random() is a
bound method, i.e., a pair of a function object and its bound self: (Random.next, _inst). The module
also stores a reference to the Random class object. Line 1 states that instances of Random should not
be made immutable. If that happens, calls to next() will fail due to the update on Line 9.
Python’s import statements are versatile. Their location and usage influence the object graph

and therefore also how immutability interacts with module objects. Fig. 8 shows the three main
ways modules are usually imported and used.
– Program 1 imports the module at the top-level.2 This defines a new global variable random

referencing the module object. This module object is then captured by the coin_1() function, as
discussed in §3.3.1, to be used to call the random() function in Line 6.

– Program 2 imports the module inside the coin_2() function. Each time the function is called,
it imports the random module and store a reference to its module object in the local variable
random. Thus, the function does not capture any external state.

2One can think of import name as desugaring to name = __import__("name"). The latter function is a builtin function
importing modules by name as string, returning a module object.
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1 # Instances of Random should be mutable
2 class Random:

3 def __init__(self, seed=1):

4 self.state = seed

5 # Return float in [0, 1)
6 def next(self):
7 s = self.state

8 s = (110 * s + 123) % 0xffff

9 self.state = s

10 return (s & 0xff) / 0xff

11

12 _inst = Random()

13 random = _inst.next

1 # Program 1
2

3 import random

4

5 def coin_1():

6 r = random.random()

7

8 if r < 0.5:

9 return "Heads"

10 else:
11 return "Tails"

1 # Program 2
2

3 def coin_2():

4 import random

5

6 r = random.random()

7

8 if r < 0.5:

9 return "Heads"

10 else:
11 return "Tails"

1 # Program 3
2

3 from random import random

4

5 def coin_3():

6 r = random()

7

8 if r < 0.5:

9 return "Heads"

10 else:
11 return "Tails"

Fig. 8. Three programs showing how a Random module can be imported and used in slightly different ways.
All programs behave the same while the function and module objects are mutable.

– Program 3 imports only the random() function from the module and adds it to the globals of the
program. The coin_3() function then captures the method object stored in random as part of its
globals and uses it in Line 6.
To make the coin_3() function immutable we have to make the captured random method object

immutable. This will propagate to random._inst, meaning that random._inst.next() calls will fail.
Before looking at Programs 1 and 2 we have to understand how module imports in work in

CPython. When the interpreter encounters a import module statement, it checks if the requested
module is already imported and cached in the sys.modules dictionary. If not, a new module object is
created and the module is initialised. The module object is then added to the sys.modules dictionary
to be used by following imports. Finally, the import statement then retrieves the module object
from the sys.modules and adds it to the current scope. In other words: CPython initialises each
module only once. Subsequent imports are served directly from the sys.modules dictionary.
In CPython, the import statement in coin_2() will always retrieve the same module object

from the sys.modules dictionary (unless this has been overwritten by a user). The behaviour of

__globals__

self

globalscoin_1()

method

Random obj

42Random

random

_inst

function

sys

modules

dict.

module

state
__cla

ss_
_

random

random

random

Random

Fig. 9. Object graph from Program
1 in Fig. 8. For coin_1() to be im-
mutable, all lightly shaded objects
must be immutable too.

Programs 1 and 2 is therefore equivalent. However, they behave
differently when immutability is introduced. Program 2 remains
working when coin_2() is made immutable, since the function
does not capture anything and always loads the current module
when called. Program 1, on the other hand, captures the random

module object as part of the globals of the coin_1() function
object, see §3.3.1. The resulting object graph is shown in Fig. 9.
Thus, making coin_1() immutable propagates into the random
module, incapacitating it by preventing the reassignment on
Line 9 in next() in Fig. 8 on subsequent calls.

3.5 C Extensions Have Access to Global Mutable State
One feature specific to CPython is a C interface which allows
the addition of new built-in object types, calling C library func-
tions and performing system calls. This feature is often used by
modules that require hardware access or native execution speed,
like NumPy, or avoid GIL limitations.
C Modules used to store global state in static variables which restricted them to be imported

once per process. PEP 3121 [27] introduced per-module state which provides storage possibilities
inside the module object. This allows a module to be imported several times with independent

Proc. ACM Program. Lang., Vol. 10, No. PLDI, Article 274. Publication date: June 2026.



274:10 Fridtjof Stoldt, Sylvan Clebsch, Matthew A. Johnson, Matthew J. Parkinson, and Tobias Wrigstad

states and is required by modules to support sub-interpreters. Per-module state is now the intended
way of having global state in a module. This poses a few unique challenges regarding immutability:

(1) The per-module data from CPython’s perspective is a void* pointer. The data inside this pointer
is defined by the module it belongs to. The module is free to mutate its per-module state without
any restrictions. If we would allow module objects to be immutable, there would be no way of
externally ensuring that the per-module state stays unchanged. Thus, modules written in C
could not be made immutable safely.

(2) If C modules can be made immutable, they can be accessed by multiple interpreters at a time
without the protection of the GIL. Such modules would therefore need to implement correct
synchronisation to update the per-module state in a thread-safe way.

(3) Function objects wrapping C functions and types defined in C store a pointer to the module that
defined them. This pointer is needed to make the per-module state accessible inside functions
and methods of the objects. However, it also means that every function or type object points to
a module object which must be immutable for the object to be immutable.

3.6 Memory Management in Python Relies on the GIL
In Python 3.12, each sub-interpreter runs with its own GIL and maintains fully independent state.
This includes separate loaded modules, distinct module search paths, independent built-in objects,
and a private tracing garbage collector to manage cycles. Threads and Python objects belong to a
single interpreter, and C extension state is generally not isolated unless explicitly designed to be. As
a result, objects and modules cannot be safely shared across interpreters without explicit bridging
mechanisms such as serialisation. This strict isolation provides memory and execution safety but
introduces significant challenges when trying to coordinate work or share state between sub-
interpreters, particularly for libraries not designed for concurrent use by the same Python process.

Fig. 10 illustrates two challenges when sharing objects that stem from sub-interpreter isolation.
It shows sub-interpreters Sub 1 and Sub 2, each with its own sub-heap. Almost all objects in Python
are part of a doubly linked list used by a per-sub-interpreter garbage collector to find unreachable
cycles. These references are represented in grey as they are inaccessible from Python programs.
References are annotated with the GIL used by a sub-interpreter when operating on the reference.
Notably, Obj2 has incoming references whose accesses are synchronised using different GILs.

Sub 1

Obj3

Obj1 Obj2

1

2

1

1

Sub 2

Fig. 10. Direct sharing of
an object across two sub-
interpreters.

This means that two assignments x = Obj2 and y = Obj2 executing in
parallel in Sub 1 and Sub 2 respectively will not synchronise on a common
GIL, meaning non-atomic reference count manipulations on Obj2 can race.
Beyond the problem of thread-safe reference count manipulations lie

thread-safe cycles as cycles can span sub-interpreters: unless Sub 2 is
stopped while Sub 1 is performing garbage collection, concurrent manipu-
lations from Sub 2 can destroy the correctness of cycle detection. This can
lead to memory corruption and use-after-free. As the reference from Obj3
to Obj2 in Fig. 10 is not visible to sub-interpreter 1’s garbage collector,
sub-interpreter 1 does not knowwhat other sub-interpreter to synchronise
with when performing garbage collection.

4 Designing Deep Immutability for Python
Python’s type system is not strict enough to soundly enforce immutability. This forces us to adapt a
dynamic solution. To tame how immutability can propagate through the system, we introduce two
complementary principles.Detachment (§4.2) addresses the structural problem: it severs specific run-
time references—through globals, closures, modules, or object substructure—that would otherwise
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cause immutability to spread far beyond what programmers intend. Freezability (§4.3), in contrast,
provides the policy mechanism that determines whether and under what conditions an object
may become immutable at all. Together, detachment constrains the reach of immutability, while
freezability governs the permission to enforce it. These two principles form the foundation of our
dynamic approach to deep immutability.

4.1 Freezing and Introspecting Mutability Dynamically
The two basic building blocks of our design are the two functions freeze(obj) and is_frozen(obj).
The former makes the transitive closure of objects reachable from obj immutable and the latter
returns true if all objects transitively reachable from obj are immutable.
This notion of immutability is deceptively simple. As we have seen, there are a lot of hidden

complexities in the design and implementation of Python that break this simple model.
For concreteness, let us return to Fig. 3 and append a line freeze(d). The programmer’s intention

is, we speculate, to simply make the 6-sided die instance immutable, say to preserve the outcome
of a good roll. Now consider Fig. 4. With our knowledge from the previous section, we know there
is also a reference from the the die object referenced by d to the Die class object and references
from the function objects back to the modules where they were defined, e.g., from __init__ back
to locals and from randint back to its defining module object random. Consequently, the call to
freeze(d) will end up making all objects in Fig. 4 immutable. This illustrates both the necessity of
controlling propagation: by severing links between objects, and by preventing certain objects from
ever becoming immutable.

t1 = (1, (2, (3, None))) # Immutable list
is_frozen(t1) # True

name = "Eric"

is_frozen(name) # True

from collections import namedtuple

Person = namedtuple('Person', ['name'])

# Create deeply immutable named tuple
eric = Person(name)

is_frozen(eric) # returns True

Fig. 11. Immutability by construction.

4.1.1 Immutability by Construction. To avoid reasoning
about how freezing arbitrary objects propagates through
the object graph, immutability by construction is an ap-
pealing approach. As hinted to by the immutable num-
bers in our figures, we consider all objects of core Python
which are inherently deeply immutable (§2.1) immutable
in our system. Complex immutable structures must be
constructed from the inside out, but immutable cyclic
structures and structures involving user-defined types
cannot be created. Fig. 11 shows typical cases.

4.1.2 Dynamic Immutability. Instances of user-defined
types as well as lists and dictionaries, mutable objects
can be made immutable using the freeze() function in-
troduced above. We sketch the implementation of freeze() in Fig. 12, using Python’s metapro-
gramming facilities, restricting it to a single argument, and assuming the existence of the function
mark_as_immutable().

def freeze(obj):

mark_as_immutable(obj)

for attr_name in dir(obj):
value = getattr(obj, attr_name, False)

if value and not is_frozen(value):

freeze(value)

Fig. 12. Freeze function sketch.

The dir() function returns a list of names of the at-
tributes of the object, e.g., sides in the case of a die. The
function getattr(𝑜,𝑎,𝑣) looks up the value of attribute
𝑎 in object 𝑜 , returning 𝑣 if the attribute is does not exist.
Given the existence of a is_marked_as_immutable() func-
tion, we could implement is_frozen() in a similar way,
using type tests to identify (shallow) immutable objects.

4.1.3 Types are Made Immutable at Run-Time Through an Explicit freeze() Call. Making objects
immutable through an explicit freeze() call extends naturally to dealing with monkey-patching.
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Making types mutable on creation and optionally being made immutable later through an explicit
freeze() operation in user code fits well with the design of Python as declarations of classes and
functions are evaluated at run-time in the order they are discovered by the interpreter. While this
delay gives the programmer the necessary flexibility to perform monkey-patching before making
a type immutable, it also introduces challenges for reasoning about the effects of making a type
immutable in a running program. We discuss a type’s freezability in §4.3.

Type objects keep a list of references to their subclasses for pragmatic reasons which poses two
problems for immutability: making a class (say object) immutable will propagate to its subclasses;
it is not possible to subclass immutable classes. While this link between type objects is “incidental”,
the effects of it are real. We discuss how we can sever such links in §4.2.

4.1.4 Self-Containedness: A Non-Starter. An early question from a Python programmer suggesting
that immutability should be tracked in Python’s type system was: In this example, how can we tell
that the call func(x) in the 2nd statement has not made x immutable causing the append to fail?

x = [1, 2, 3]1 ; func(x)2 ; x.append(4)3

To limit the need to reason about freeze propagation, we initially explored requiring that object
graphs be self-contained to be frozen. Assume freeze(x) would cause all objects in the set 𝐺 to
become immutable. Self-containedness requires that every reference 𝑟 to an object in 𝐺 originates
from within𝐺 , or is the reference stored in x. Otherwise, freezing with fail. A similar constraint is
used in many statically checked type systems that permit (externally) unique objects to be made
immutable [1, 4, 9, 16]. This is essentially the same as a copying solution (à la the Freeze Protocol
in §2.1.3), except that the copying is not needed as all witnesses to objects changing from mutable
to immutable are inside the graph that turns immutable. In our setting, requiring that object graphs
are self-contained to be frozen would have prevented func(x) from freezing x, since the calling
frame retains a reference (assuming the calling frame is not reachable from x).

We abandoned this idea for three reasons which have been recurring in this work, and is worth
understanding before continuing with the rest of the paper:

– There is more than one Python. For our implementation to be efficient, we relied on reference
counting, which is how memory is managed in CPython: counting the number of edges in the
graph being frozen as we traverse it and comparing the result with the sum of the in-degrees
as reported by each node’s reference count. This implementation was rejected by Guido van
Rossum (Python’s creator) as not all versions of Python rely on reference counting, nor should
we constrain future version of CPython to use reference counting.

– Python is a moving target. In parallel with our work, CPython adopted (coming in the next release)
deferred reference counting [2]. This change was motivated by work on Free-threaded Python
that uses atomic reference counts on shared objects. With deferred reference counting, reference
counts are a safe under-approximation of the in-degrees of a node in the object graph. With
deferred reference counting, some references become “borrowed” and do not cause the reference
count to change, which means a loss of precision for our implementation of the self-contained
check. In the call to func(x), the x reference would be borrowed, meaning that func could now
freeze x. This is in principle fixable, but points to the following underlying problem.

– Python programmers are domain specialists, not programming language specialists. Python pro-
grammers should not be expected to understand how reference counting works—or how memory
management is implemented. In particular, they should not have to understand when deferred
reference counting elides or does not elide reference count manipulations in order to debug an
unexpected failure to freeze, or an unexpected success.
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4.2 Detachment
In this sectionwe describe five techniques for detaching objects to stop the propagation of immutabil-
ity. Detachment only affects immutable objects—the semantics of mutable objects is unaffected.

__globals__

dictionarylist

1 2

list

4 5

read_x() mod_y()

__globals__

x y

read_x mod_y

dictionary

x

Fig. 13. The result of freezing read_x() from
Fig. 5. Compare with the “naive” solution in
Fig. 6a.

4.2.1 Detaching Globals Variables. We handle captur-
ing of global state in two ways. First, when we make
a function 𝑓 immutable, we create a fresh dictionary
and store it in the function’s __globals__ attribute
in place of the old global’s dictionary. We then pop-
ulate the dictionary with the keys that the function
object knows it has captured (their names are stored
as strings in a tuple in 𝑓 .__code__.co_names). Second
we freeze the new dictionary along with its contents.
This behaviour is shown in Fig. 13: immutability only
propagates to the value of x while y and mod_y remain mutable. Giving each immutable function
object a private dictionary has three main consequences:
(1) This permits the original globals dictionary to stay mutable, but values which are shared with

private dictionaries will become immutable.
(2) Because the immutable function is detached from the namespace where it was defined, code like

Fig. 14 is possible. This may seem surprising at first, but it is actually quite intuitive: making a
function immutable “locks” the values of its captured variables in place in the private dictionary
of the immutable function, but not in its enclosing namespace.

(3) Metaprogramming accesses from within an immutable function can now fail when trying to
access a variable that was not copied to the private dictionary. For example, evaluating the
expression globals("yx"[0]) inside the frozen read_x() function will fail trying to access y

from its private dictionary since y was not “captured explicitly” by the function.
x = [1, 2, 3]

def tally():

sum = 0

for v in x:

sum += v

return sum

freeze(tally)

tally() # 6
x = [1, 2] # reassign x
tally() # still 6

Fig. 14. Freezing locks
captured values.

This solution is not “perfect”—but we believe that it is good enough. It
preserves the intended behaviour of use cases that do not rely on metapro-
gramming. When names accessed dynamically are known ahead-of-time,
explicitly mentioning the variable will cause it to be copied across. Functions
that access global variables whose names are computed dynamically, and
functions that need to update global variables should not be made immutable.

This approach may make objects in the globals dictionary immutable, e.g.,
the value of x in Fig. 6a. We assume that this is the intended behaviour when
programmers freeze functions. In §4.3 we discuss ways to preventing objects
from being frozen. In addition to the globals dictionary, function objects also
store a reference to the __builtins__ dictionary which behaves the same as
the globals dictionary. We handle this dictionary using the same solution as globals.

x x

inner_inc()

100

outer()

Cell 0

inner_read()

y x

Cell

Fig. 15. Detaching a cell object from an en-
closing stack frame stops propagation.

4.2.2 Detaching Variables from Enclosing Namespaces.
As we showed in §3.3.2, when a function 𝑓 captures a
variable 𝑥 from an enclosing function 𝑔, the result is a
shared mutable cell. Deep immutability of 𝑓 requires the
cell to be frozen, but this stops 𝑔 for reassigning 𝑥 . Also
this problem can be solved using detachment. When a
function is made immutable, we create private copies of
its cells, including the pointer to its contents, and make the copies immutable along with their
content. This is shown in Fig. 15. Compare with Fig. 6b where inner_inc() is also affected.
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1 x = ...

2

3 def function(arg = x):

4 print(arg)
5

6 class A():

7 field = x

Fig. 16. A program show-
ing how the variable x can
be used as part of function
and class definitions

This permits the original cells to remain mutable, allowing other
functions to reassign their captured variables. An immutable cell will
reject any attempt at reassigning its value, raising an exception. Making
the function inner_read immutable will “lock it” to the current values
it captures and will not allow updates to these from the function.
Our solution freezes state which is reachable from other functions.

This may lead to errors if functions rely on mutating shared state. We
believe that this error is actually good, as it warns programmers that
they froze state which is expected to be mutable. Because of detachment,
freezing inner_read() permits the assignment on Line 10 in inner_inc().
The reassignment means that inner_inc() will remain working, while
inner_read() retains the value from when it was frozen.

Functions and classes can capture the values of external variables due to initialisation of default
arguments and class attributes, see Lines 3 and 7 in Fig. 16. In both cases, the value of x is read
when the declaration is evaluated and stored in a field in the resulting object. Freezing this object
will propagate to this captured value.

4.2.3 Module Object Detachment. We now revisit the problem exemplified by Fig. 8 where freezing
could lead to modules becoming incapacitated. Asking users to refactor their code from the style of
Program 1 into Program 2 would be a massive undertaking, even if the change itself is trivial. Even
with our detachment from globals introduced in §4.2, the random module would still be frozen if
we freeze coin_1() since it is reachable from the function object.

globalscoin_1()

modulemethod

Random obj

42Random

random

globals proxy

__globals__

random

self _instfunction

state
__cla

ss_
_

random

random

random

Random

sys

modules

dict.

dict.

mut_modules

Fig. 17. Freezing coin_1() from
Fig. 8 detaches the module object and
replaces it with a proxy that stops
freeze propagation.

Our solution is to make detachment stronger for module
objects by replacing a module object with a proxy that causes
themodule object to be loaded from the current sub-interpreters
when the function is called. The solution is shown in Fig. 17.

When we freeze a module object 𝑚 with name 𝑛 we first
create a copy 𝑚′ of 𝑚 and store that copy in a new module
dictionary in sys: sys.mut_modules[𝑛]=𝑚′. We then remove all
module state from𝑚 and use metaprogramming to turn𝑚 into
a proxy object that transparently delegates all accesses to𝑚′ via
sys.mut_modules[𝑛] on the current interpreter. The proxy 𝑚

will also import the module if it is missing from the interpreter
it is being accessed from.𝑚 can now be frozen without affecting
the mutable state stored in𝑚′ since there is no direct reference
from𝑚 to𝑚′ This mechanism is transparent to Python code
interacting with the module and subsequent sharing of𝑚 is
easy as it is deeply immutable.

The object graph in Fig. 17 shows module object detachment
to avoid freeze propagation when a function is frozen, and how the module state remains mutable.
The solution effectively turns Program 1 in Fig. 8 into Program 2 from the same figure. Program 2
imports the module inside the function and thus always loads the mutable module object on the
current interpreter. This should also keep CPython and its external libraries working, as existing
references continue being module objects—we only change their internal state.

This solution may not work for every module. Some modules may require that objects created on
one interpreter are only ever used on the specific interpreter that it was created on. This could be,
because the object is just a handle to some internal mapping. For such cases, modules can opt-out
of this behaviour cf., §4.3.
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4.2.4 Detaching C Extensions’ References to Global Mutable State. In §3.5 we discussed challenges
with C-modules’ access to module state. We considered multiple solutions to this problem, including
preventing C-modules from being frozen. Such approaches add significant complexity to the
implementation not tomention problems for the Python programmer. To our delight, the detachment
in §4.2.3 handles all of these cases in an intuitive and explainable way, while supporting immutability
for most C modules automatically. What started as a convenience feature turned into an integral
component to support the freezing of types and functions defined in C.

1 class Die:

2 _count = shared_field(0)

3 def __init__(self, sides):

4 ... # old code from 𝐹𝑖𝑔. 3
5 while True:

6 c = self._count.get()

7 if self._count.swap(c, c + 1):

8 break

Fig. 18. An example shared field usage.

4.2.5 Detaching Fields. As §4.1.3 exemplified, cases exist
where an immutable object need to retain some mutability.

A shared field lets an immutable object keep a mutable field
but restricts the field to only contain immutable objects. The
latter restriction is necessary as the shared field becomes a
channel through which sub-interpreters can access the same
data, and sub-interpreters cannot safely share mutable state
(§3.6). The field is implemented as an object indirection with
methods get(), set(val) and swap(old,new) that read from,
write to, and CAS on the field.

If we implemented the __subclasses__ list in a type object using a shared field, we would be
restricted to only subclassing immutable types with immutable classes. Apart from being restrictive,
the inheritance relation is established at the creation of the type object, at which point the type
object is mutable and constructed. A good example of use for shared fields is a class that counts
how many times it has been instantiated. Fig. 18 shows how we can extend the die class with such
a counter. The shared_field() constructor takes an immutable argument as the initial value for
the field and is implemented using locks to ensure that all interactions are thread-safe. Building on
shared fields to make e.g., thread-safe counters with inc() and dec() methods is straightforward.

Technically, we could implement atomic reference counting for immutable objects using shared
fields, but this would not be sufficiently efficient. We return to this in §5.1.

1 class type:

2 # Each sub−interpreter has its own list
3 __subclasses__ =

4 local(lambda _ : [])

5 # Called by the inheriting subclass
6 def subclass(self, typ):

7 # Add self to typ's base classes
8 typ.__bases__ += (self,)

9 sub = self.__subclasses__.get()

10 sub.append(typ)

Fig. 19. An example interpreter-local
field usage.

4.2.6 Detaching Mutable Sub-Objects. Permitting immutable
objects to reference mutable objects has use cases, as exem-
plified by the __subclasses__ list above. We can enable that
through interpreter-local fields, which work like thread-local
indirections but at the sub-interpreter level. It effectively im-
plements one field in the object per sub-interpreter that is
only accessible to that sub-interpreter. Because stores to such
a field will only be read from the same sub-interpreter such
fields can contain both mutable and immutable objects. An
interpreter-local field is initialised with an immutable object
that will be the initial value for any thread, or by a lambda
function which will be run once per sub-interpreter on first access to compute the initial value.
The field’s constructor will freeze the lambda to ensure that it does not capture mutable state from
its creator. The interpreter-local field is implemented as an immutable object with two methods,
get() and set(value) that return or update the object stored in the field for the current interpreter.

Fig. 19 shows a hypothetical implementation of the __subclasses__ attribute using an interpreter-
local field. Since the field is effectively private to a single sub-interpreter, which uses a GIL, there is
no need for additional synchronisation and all objects in the list and the list itself can stay mutable.
In this implementation, asking an immutable class for its subclasses may give different results on
different sub-interpreters (which is consistent with mutable classes).
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4.2.7 New Cyclic Garbage Challenges. A side-effect of “escape hatches”, such as allowing mutable
fields in immutable objects, is that it permits the creation of cycles in “immutable” objects after
they were frozen. Such cycles will not be detected by our strongly connected component analysis
(cf., §5.2.3) and since immutable objects do not participate in cycle detection, such cycles can cause
leaks. This can be solved by adding a stop-all-sub-interpreters GC event which is technically easy,
and consistent with normal Python GC, including free-threading. Solving it without a global stop
effectively needs concurrent GC. We leave this to future work and for now require programmers to
manually break cycles involving escape hatches.

4.3 Freezability: Managing the Propagating Effects of Deep Dynamic Freezing
Freezing types and functions can have far-reaching consequences, even after detachment has
been applied. To provide control to Python programmers, we introduce the notion of freezability.
Objects can opt-out of freezing by setting x.__freezable__ = No which will cause freeze() to fail
if called on x or propagating to x. We consider most objects to be freezable by default with a notable
exception being type objects, which are unfreezable unless they have been explicitly marked as
freezable by setting x.__freezable__ = Yes.
Types are special since they define the behaviour of objects in the form of fields and methods,

and behaviour is a major factor in deciding if something can be frozen or not. Having a type
unfreezable by default means that its instances are unfreezable until the type allows freezing. This
is especially important for C-types, as incorrectly assuming that a C-type can be frozen and shared
across sub-interpreters can lead to undefined behaviour, including crashes and memory corruption.
Subclasses and instances inherit freezability but can override it while keeping the base type

freezable. Standard classes like list, dict, etc. are immutable and their instances freezable.
Not all objects allow the addition of attributes. The function set_freezable(obj,val) can set the

attribute, falling back to storing the metadata outside of attributes, if setting the assignment fails.

1 x = [1,2,3]

2 with mutable(x):

3 func(x)

4 # x is guaranteed mutable
5 x.append(4)

Fig. 20. “Protecting”
against freezing.

The notion of freezability and ability to set it dynamically allows the
construction of mechanisms like the one shown in Fig. 20. Using a context
manager, it is possible to write code that temporarily prevents the freezing
of an object, by setting and unsetting the __freezable__ attribute. The
mutable context manager has methods __enter__() and __exit__() called
at the beginning and end of the “block” (Lines 2 and 4) that will set
x.__freezable__ = No and then restore x.__freezable__.

4.3.1 Explicit Propagation. We want propagation to make immutability work without calling
freeze() on every single object in a graph. However, some objects may be freezable, but should
not be frozen as part of propagation. This could be a type object or an object representing some
configuration which supports immutability but should not be frozen accidentally by the programmer.
obj.__freezable__ = Explicit supports this case. It allows calls to freeze() to succeed if obj is
passed in directly but not if obj is frozen by propagation. Setting the value on the class will also
require all instances to be explicitly frozen.
As an example, assume that the Die class from Fig. 3 is marked as explicitly freezable. To make

the d instance immutable, we must explicitly freeze the type object first, or at the same time.
freeze(Die)1 ; freeze(d)2 or freeze(Die, d)3 or freeze(d, Die)4

The order between statements 1 and 2 matters, but not between arguments in statements 3 and 4.
Forcing explicit freezing seems to strike a nice balance between being permissive by default and
giving control to users (which is pythonic). Using explicit effectively requires that the programmer
correctly declares the side effects regarding explicitly freezable objects as part of a freeze() call. If
the programmer is misinformed about the reachability of such an object, freezing will fail.
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4.3.2 Decorators: @frozen, @freezable, @explicitly_freezable, and @unfreezable. Python pro-
vides a decorator mechanism that can be used to write statically typed-looking code. A declaration

@decorator class Foo: ...1

is semantically equivalent to (where the del operator removes the _tmp variable)
class _tmp: ...1 ; Foo = decorator(_tmp)2 ; del(_tmp)3

To help programmers document immutability in source code we provide an @frozen decorator
to use on class declarations to render type objects immutable immediately after creation. The
@frozen decorator calls set_freezable(class, Yes) in addition to calling freeze(). The @freezable,
@unfreezable and @explicitly_freezable decorators set __freezable__ to No, Yes, or Explicit re-
spectively, immediately after creation. The @unfreezable decorator should have been used in place
of the comment on Line 1 in Fig. 9. Decorators allows freezing of types to be an “essential and
explicit part of object design” (§2.1.3).We expect that most Python classes can or will be @frozen.

4.3.3 Immutable by Construction for C-Types. This section thus far has talked about freezability
and freezing of mutable objects. §4.1.1 showed that some C-types, like tuples, are immutable by
construction, and also introduced special handling for them. Shallow immutable objects which only
contain other shallow immutable objects are implicitly frozen, when immutability is observed for
the first time. This does not change the behaviour of these objects since they are already immutable
by construction, but it allows them to be easily shared across sub-interpreters without the need of
calling freeze() on them. We provide a register_shallow_freezable(𝑡𝑦𝑝𝑒) function for C-modules
which they can use to register such types. This status will propagate to instances of the type, but
not to subclasses of the type.

1 class Wrapper:

2 ...

3 def __pre_freeze__(self):

4 # Ensure explicitly freezable
5 # data is frozen.
6 freeze(

7 self.explicit_data)

Fig. 21. An example of pre-
freeze hook usage.

4.3.4 Pre-Freeze Hook. The discussions about functions §3.3.2 and
modules §3.4 show that some objects need to be prepared before they
can be frozen properly. Our design adds support for this in the shape of a
“pre-freeze hook”. Objects can define a __pre_freeze__()methodwhich
is run prior to freezing an object. This hook can be used to optimise
the internal representation or freeze explicitly freezable objects which
are hidden from users of the type, as shown in Fig. 21. The pre-freeze
hook can also abort freezing by throwing an exception.

5 Implementation
Our implementation is on top of CPython 3.15.0a1 (sha aeff92d8) adding 6715 LOC and removing
230 LOC across 185 files. Below we describe how we implement safe memory management, how we
track, check and set immutability and our changes to support direct sharing across sub-interpreters.

5.1 Thread-Safe Memory Management without a GIL
To ensure that reference count updates from different sub-interpreters are handled correctly, we
make reference count manipulations on immutable objects atomic.

Mutable objects are unaffected by this change. This is less expensive than the solution adopted
in Free-threaded Python: since the objects are immutable there is no need for atomic exchanges or
per-object locks when accessing objects’ contents. Thus, Free-threaded Python could use this work
to optimise interactions with immutable objects. Atomic reference counting is implemented by
inserting an additional branch in the existing reference counting macros that uses atomic operations
if the target object is immutable. There is already a slow path in the reference counting macros
that we can use for this operation which should minimise the performance impact. Together, this
removes all needs for concurrent accesses to synchronise using a GIL. The implementation of
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sys.getrefcount() that inspects the reference count of an object will use an atomic load when
reading the reference count of an immutable object.
To overcome the problems related to cycle detection, we remove immutable objects from the

remit of their owning sub-interpreter’s garbage collector. Instead we integrate a technique proposed
by Parkinson et al. [17] that performs a strongly connected component analysis of immutable data
structures with the insight that all members of such immutable components will become garbage at
exactly the same time. They can thus be managed by a single shared reference count. This allows us
to collect cyclic immutable garbage without tracing, and without losing promptness of reclamation
(actually, this solution has less floating garbage than tracing-based solutions), meeting (G6).

Once an immutable object becomes garbage, we insert the object back into the doubly linked list
of any sub-interpreter’s collector. This allows us to use the normal dealloc mechanism and lets the
interpreter handle, e.g., resurrection, in accordance with (G7). We expand on this further in §5.2.3,
including how we have to adapt this work to our setting.

5.2 Tracking, Checking, and Setting Immutability
5.2.1 Tracking. To keep the object size invariant, we use two available bits in the object header:
one to track immutability and a second to track whether an immutable object is a representative
for a strongly connected component of immutable objects (cf., Setting below).

To not impact performance of programs that do not make use of immutability, we do not inspect
the sub-objects when a shallow immutable object is created to check if we should set the deep
immutability bit. Instead we delay that check until is_frozen() or freeze() are called on the object.
Following a freeze() call, is_frozen() is a constant-time operation.

5.2.2 Checking. To check immutability we use a write barrier macro: Py_CHECKWRITE. We manually
added calls to the macro since there is no existing write barrier infrastructure. The macro inspects
the immutability bit and fails if the bit is set. The failing function needs to emit an error using
PyErr_WriteToImmutable (which we implement) and back out correctly, which means returning -1

or NULL depending on the function (as C lacks an exception handling mechanism).
In total we added 148 checks to Python core. Immutability is checked as part of CPython’s API

before the set attribute request is passed to the object. This covers all Python code and attributes
of C-types. C-modules which want to support immutability for their types therefore only need to
insert checks at places that alter the state of their C-type without going through CPython’s API.

5.2.3 Setting. The freeze() function sets immutability of an object graph given a set of roots.
The basic concept is this: “Walk the object graph, for each object call the pre-freeze hook followed
by marking the object as immutable, and fail if an unfreezable object is found.” In reality there are
several complexities that need to be handled to protect the interpreter and fulfil our design goals.

The first challenge is that most CPython objects are part of a doubly linked list used by the GC.
Each interpreter has its own GC that runs periodically to detect and break unreachable reference
cycles, thereby deallocating unused objects.
Immutable objects have to be removed from this linked-list because the existing GC needs the

GIL and does not support concurrent access or modification of the linked-list, that might happen if
an immutable object is deallocated. The GC also cannot reason about reachability of immutable
objects, since other sub-interpreters might have a reference to the immutable object. We therefore
remove objects from this list as part of the freezing process.
Removing objects from this list means that we need an alternative way to detect cycles in the

shared immutable object graphs. We adapt Parkinson et al.’s [17] algorithm for reference counting
deeply immutable state. The algorithm is based on calculating the strongly connected components
(SCC) of the object graph. It uses a path-based algorithm to calculate the SCCs. The reference
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counting is then adapted to use a single shared reference count for each SCC rather than per-object
reference counts. This allows cycles of immutable objects to be correctly reference counted without
the need for backup cycle detection.
We adapted the algorithm in several ways for CPython. The original algorithm assumes no

external references to the graph being frozen. We cannot make that assumption. Second, the
original algorithm did not account for failure during the freezing process which may happen due to
unfreezable objects (§4.3). It is common practice for failed operations to not have side effects, so we
need to be able to undo the freezing process. Note that actions of pre-freeze hooks are not undone.
The algorithm follows the same structure as Parkinson et al.’s [17]. It performs a path-based

SCC calculation of the object graph. Any SCC in the current path is considered pending. Any edge
leading into the current pending path represents a cycle and must combine all the pending SCCs
on the path into a single SCC. Once an SCC is fully explored, it is marked frozen.

The original algorithm calculated reference counts by finding all edges into each SCC and using
that to calculate the reference count. In CPython, we cannot do this as we have to handle external
references into this graph. Rather than counting up the incoming edges, we subtract the internal
edges from the SCCs reference counts. Thus, the reference count of an SCC is the sum of the
original reference counts of the objects in the SCC, minus the internal references in the SCC.

We repurpose the two fields in the cycle detector’s doubly linked list during the freezing process.
One is used to implement a union-find data structure to track if two objects are in the same pending
SCC, and the other is used to implement a cyclic list of all the elements in a particular SCC. This
allows the union of pending SCCs in almost linear time. Once an SCC is marked frozen, we no
longer require the union-find pointer in the representative, so we repurpose this to create a list of
all the SCCs during the freezing process. This list is used to undo the freezing process if it fails.
Deallocation of an SCC has to correctly interact with the various schemes of finalisation that

Python has, such as an object being revived if it becomes reachable again. The cyclic list of an
SCC is used to find all objects in the SCC which are then re-added to the linked list of the current
sub-interpreter. They are then deallocated using existing CPython mechanisms.
Many objects mutate internal state during finalisation, which would trigger exceptions in the

case of frozen objects. We avoid this, by marking objects as mutable again during finalisation. This
is safe since these objects are no longer reachable and will be destroyed anyway.

5.3 Direct Object Sharing with Sub-Interpreters
The described design and implementation is set up to allow sharing across sub-interpreter with
separate GILs. Immutability removes the need for synchronisation with a notable exception being
the reference count which is updated atomically to ensure correctness, cf., §3.6.

CPython already provides a way to send and receive objects between sub-interpreters. By default
this is done by serialising, sending the data, and then deserialising the data back into Python
objects3 [21]. Our implementation adds an extra branch to the sending code. If the sent object is
immutable it is sent directly by reference, thereby avoiding the overhead of serialisation.

6 Evaluation
6.1 Functional Goals
The immutability design presented in this paper makes possible direct sharing of objects across
sub-interpreters (G1). The final benchmark program we run demonstrates the relative efficiency
of sharing frozen objects by reference over pickling-based sharing. We weakly demonstrate that

3Sub-interpreters use the Lib/pickle.py module for serialisation. The module calls the serialisation process pickling and
unpickling respectively. These are the terms used in the documentation of sub-interpreters.
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Fig. 22. PyPerformance benchmark results. Insignificant results are shaded light.

we do not break existing code (G2) by successfully running make test on our Linux test machine,
an AMD Ryzen Threadripper 3970X (32 cores / 64 threads) with turbo boost enabled, 128 MiB L3
cache, and 256 GB ram running Ubuntu 22.04.5 LTS.

Before immutability lands (we hope) in the CPython main branch, it will not be possible to conclu-
sively tell if our design provides sufficient support for e.g., metaprogramming and inherent mutabil-
ity (G3). We leave answering this question for future work. Finally, we embracing dynamic checking—
in particular the only errors raised in our code are right before a violation of immutability would
otherwise have occurred (G4). Tracking immutability in Python’s type system is left as future work.

Test Compliance. We ran the full CPython test suite with our changes on top of it. The test suite
contains 1126 Python files containing a total of 629 132 LOC. Our build ran all the passing tests of
the baseline, suppressing one error due to missing documentation of the immutable module.

6.2 Non-Functional Goals
Our performance goal (G5) was to have “minimum performance impact on programs that either do
not use immutability or use it without raising dynamic errors”.

6.2.1 Running the PyPerformance Suite. The PyPerformance tests are a collection of microbench-
marks used by among others the Faster CPython project to monitor how the performance of Python
changes over time, and to spot regressions or improvements. We ran all 106 microbenchmarks in
the benchmark suite that work on CPython 3.15.0a1, our baseline, and show the results in Fig. 22.
The suite performs its own statistical analysis, comparing repeated timings with a two-sample
t-test, which concluded that 61 of the 106 microbenchmarks had a statistically significant regression
and 5 had a statistically significant improvement. The worst regressions were 17% (pickle_list)
and 14 % (scimark_sparse_mat_mult), and the largest improvements was 16 % (base64_large). The
geometric mean of the speedups and slowdowns across these 66 benchmarks is a 3.6 % slowdown.

We consider a 3.6 % slowdown, as indicated by the benchmark results, strong given that we have
added a write-barrier and not yet optimised any of our code.

6.2.2 Freezing vs. Pickling and Unpickling. To understand the performance of our freeze function
(which has yet to see any optimisation work), we compare the time required to successfully freeze
data structures (lists, trees, dictionaries) with the time required to pickle and unpickle.
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Table 2. Comparing time to freeze (F) with pickle
(P) and unpickle (U) in ms.

Experiment Op Mean GeoM. StdDev

dict-int F 346.23 (1.9×) 346.21 4.56
dict-int P 177.64 177.55 6.15
dict-int U 275.41 (1.6×) 275.25 9.93

dict-student F 661.35 661.33 5.67
dict-student P 1703.00 (2.6×) 1702.98 7.36
dict-student U 1070.02 (1.6×) 1070.01 5.52

tuple F 149.81 (2.7×) 149.78 3.50
tuple P 153.28 (2.8×) 153.27 2.02
tuple U 55.54 55.53 0.35

binary-tree F 800.43 800.23 19.17
binary-tree P 1940.95 (2.4×) 1940.93 9.61
binary-tree U 924.78 (1.2×) 924.74 9.02

Our benchmark generates 1 000 000 strings with
eight characters and inserts them into the respective
data structures. We have two tests for dictionaries,
both using random strings as keys, with one mapping
to integers (dict-int) and the other mapping to user-
defined student objects with a name and age field
(dict-student). We then measured the time to freeze,
pickle and unpickle the data structures over 10 runs.

The results in Table 2 show that freezing is always
faster than pickling and unpickling combined, always
faster than pickling, and sometimes slower than un-
pickling.

6.2.3 Direct Sharing Across Sub-interpreters. To
demonstrate sharing across sub-interpreters, and
what kinds of performance can be expected when using direct object sharing in comparison
with pickling, we built a small benchmark that constructs (per worker) 200 000 4 × 4 matrices of
random values, implemented as a user-defined Matrix class. A producer-interpreter shares lists
of matrices with consumer-interpreters that process them and return how many of the matrices
were invertible back to the producer. Thus, this benchmark mixes local compute with commu-
nication. Our goal is to reduce the overhead of communication by eliminating pickling. Thus, if
communication takes 𝐶 % of the time, we should expect less than 𝐶 % improvement for the entire
benchmark. Note that we do not time freezing itself since the “return on investment” in freezing
will be dependent on object lifetimes. (Table 2 shows that freezing is faster than pickling and
unpickling.)
Communication between sub-interpreters is done via a Python C extension we implemented

which exposes Erlang-like send and receive functions, which allows selective receive on a lockless
message queue. The Pickled line shows the throughput of Python 3.15 when matrices are not
frozen, in which case the data must be pickled to be sent, and unpickled upon delivery. The line
marked Immutable represents the same operation but with a frozen Matrix class and frozen Matrix
instances.

running = True
matrix_inverse = Matrix()
send("started", True)
tags = set(["worker", "shutdown"])
while running:
match receive(tags):
case ["worker", values]:
# values is immutable
count = 0
for matrix in values:
if matrix.invert(matrix_inverse):
count += 1

send("result", count)

case ["shutdown", _]:
running = False

Fig. 23. Effect on performance from direct sharing of immutable objects.

The code running on consumer-
interpreters is shown right in
Fig. 23. Mean values over ten
trials are shown. One standard
deviation is depicted as a ver-
tical line. The throughput of a
single process for the task is
shown for comparison. At the
peak 32 sub-interpreter mark,
sharing is around 4× faster
than sending using pickling.
This demonstrates that data-
race free, direct sharing of immutable objects has the potential to improve Python’s performance.

6.2.4 Promptness of Reclamation. Regarding promptness of reclamation (G6), we provide the
following argument: our implementation detects that an immutable object has become garbage im-
mediately when its RC reaches 0—even cycles. At this point, the object is given to a sub-interpreter
to deallocate. Thus, immutable objects are deallocated more promptly than mutable objects.
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6.2.5 Staying within a Reasonable Complexity Budget. With respect to the (G7), we believe that
we have consistently made design decisions in favour of keeping complexity down. The most
complex part if this implementation is the freeze propagation §4.3 and SCC construction §5, which
is contained in one location. The 148 write barriers add some complexity to existing types. However,
it is usually easy to pin-point where an object is mutated (indicated by an assignment).

7 Conclusion
This work set out to make deep immutability practical in Python, a language whose highly dynamic
object model, pervasive mutability, and reflective facilities appear to be fundamentally at odds
with the notion of freezing arbitrary object graphs. Our implementation demonstrates that deep
immutability can be integrated into Python without breaking its programming idioms, while
enabling efficient and race-free sharing of data across sub-interpreters. It is backwards-compatible
with existing Python programs, and passes all tests on our Linux test machine.

A broader lesson emerged through the design process: dynamic languages require two comple-
mentary principles to support deep immutability—detachment and freezability. These principles are
not Python-specific; they describe design constraints that likely arise in any dynamic, reflective
run-time. Detachment addresses the structural problem: immutability cannot propagate blindly
across a graph whose edges arise from dynamic name lookup, captured environments, mutable
modules, or type-level metadata. Python’s execution model contains many such links, and freezing
an object naively would cause “everything reachable” to become immutable. The repeated need
to sever these links—between functions and their global namespaces, closures and their cells,
modules and their mutable state, and between immutable parents and mutable children—revealed
detachment as a general mechanism. Detachment reshapes the reachable graph around a frozen
object so that immutability stays where it is intended rather than where the run-time happens
to point. We believe this principle applies to any dynamic language with late binding, mutable
meta-objects, or reflective scope resolution. Freezability, in contrast, solves the policy problem:
without a static type system, a dynamic language requires a run-time contract governing whether
an object may become immutable at all. Freezability provides that contract. Declaring a type or
object as freezable permits it to evolve, including through metaprogramming, up to the moment it
is frozen; declaring it unfreezable prevents accidental propagation when freezing other parts of the
system; and declaring it explicitly freezable ensures that only intentional, programmer-directed
freezes succeed. Freezability therefore replaces the compile-time discipline of typed languages with
a run-time permission system that is equally expressive but much better aligned with dynamic
semantics.
Taken together, detachment and freezability provide a transferable framework for introducing

deep immutability into dynamic languages. Detachment isolates what must be immutable; freezabil-
ity grants programmers control over when immutability is allowed. Our experience with Python
suggests that these two principles are not optional conveniences, but necessary ingredients for a
dynamic language that aims to support safe, shareable immutable data without compromising its
design philosophy.
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