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Abstract

Memoization is about avoiding recomputation, by caching
results and retrieving them when previously-seen inputs are
provided again in the future. In the literature, many different
ways have been proposed to efficiently (and correctly) check
if such input has indeed already been seen.

Prior work largely focuses on structural equality of the
keys. In many commonly-used approaches, like PYTHON’s
@cache avoiding (or accepting) observable semantic changes
is the responsibility of the programmer.

Here we propose a new approach, where cache keys are
considered equal if they are created in the same way. We im-
plement our approach on top of Fearless, a language with ref-
erence and object capabilities allowing to control side effects
and enforcing determinism of localized code expressions.
Our technique guarantees language-enforced unobservable
caching: removing the caching annotations does not change
the observable program semantic.
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1 Introduction

Memory capacities of general-purpose computers are are
continually increasing, and caching the results of expensive
functions (when safe) can yield substantial speed-ups. The
classic example is memoizing a naive Fibonacci calculation,
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which is reduced from exponential time to linear. Many lan-
guages have support for memoization. For example, PyTHON
offers the decorator @cache.

from functools import cache
@cache
def fib(n):
if n < 2:
return n
return fib(n - 1) + fib(n - 2)

If we remove the decorator @cache, fib takes exponential
time, while with the decorator @cache, fib takes (effectively])
linear time. The decorator (conceptually) expands to the
following code:

fib_cache = {} # A global cache (dictionary) for fib
missing = object() # A sentinel object

def fib(n):
# See if a previous call computed the result for n
res = fib_cache.get(n, missing)
if res is not missing: # previous result found
return res # return previous result
if n < 2:
res = n
else:
res = fib(n - 1) + fib(n - 2)
fib_cache[n] = res # Add new result to cache
return res

That is, an early exit condition is applied to the start of the
function: if the element has been computed previously, we
return the cached result; otherwise we compute normally and
cache the result on exit. Other interesting examples include
obtaining efficient parsers from naive parsers [33, 38] and
accelerating various data structure operations [8].

This form of memoization requires using the function
inputs as keys in a hashmap. It works well in this example
because there is a single input that is most likely a small
number; and small numbers make for good hashmaps keys.

But while the naive Fibonacci calculation highlights the
potential of memoization, there are three major barriers to
memoization being both effective (leading to performance
gains) and safe (never changing program behaviour beyond
performance improvements).

!PyrHON 3 uses exclusively big-ints, with an interning cache to use a
single instance for each small integer, making the analysis slightly more
complicated.
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Problem 1: Large Keys with Slow Comparisons. If the
function has many parameters, the hashmap key becomes a
tuple of arguments.

def op(a, b, c, d):
res = op_cache.get((a, b, ¢, d), missing)

This makes memoization less effective: while creating the
key tuple may be only a minor cost, the operation
op_cache.get((a, b, c, d), missing)

may be expensive. When we often say that hashmap ac-
cess is (slow) constant time, we mean with respect to the
size of the hashmap. The real cost of hashmap. get is on the
same order of complexity of the cost of hashing and compar-
ing the map keys. Value-like objects often use structural
equality and structural hashing that traverse large parts
of their reachable object graph. This makes comparisons,
and hashmap operations, scale linearly with the size of the
key objects. Even if the map only contains one entry, and
that entry is the one we are searching for, accessing the
map requires at least one call to inputKey.hashCode and
inputKey.equals(existingKeyInMap).

That is, when large input is involved, the cost of saving
and accessing the input->output connection can exceed the
cost of the avoided recomputation.

Problem 2: Observational Instability. Fibonacci is a sim-
ple mathematical function, with clear repeatable semantics.
Moreover, the input is a (deeply) immutable integer. What
about memoization when IO, non-determinism, exceptions,
mutation and aliasing come into play? The semantics of
PYTHON’s @cache are defined as the code expansion above.
This optimization is unobservable in cases like our PyTHON
Fibonacci; but there is no guarantee that this is the case
in general. Adding memoization can cause a cache-induced
semantic change: the cached program may return an ear-
lier result instead of an updated result that the uncached
computation would have produced at that point. Consider
caching a function that reads captured mutable state during
execution. The cached results would introduce observational
instability — a situation where caching vs. not caching is
observable, and may yield unpredictable changes in program
behaviour. Our goal is to provide caching as an optimization
with language-enforced unobservability.

Problem 3: Observable Key Equivalence. Ordinary equal-
ity (e.g., .equals methods) intentionally does not require ob-
servable equivalence [51]. It is usually required only to be an
equivalence relation: reflexive, symmetric, and transitive. It
must also agree with hashing: equal values must have equal
hashes. These conditions are enough for predictable hash
maps and hash sets, but they intentionally allow many weak
equalities. For example, an object may compare by inspecting
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only an id field, while ignoring other state that is observable
by computations.

For caching, the required strength of equality depends
on what the cached computation can observe. If the lan-
guage merely allows disciplined programmers to write sound
caches, then equality only needs to be strong enough for the
particular cached computation. Weak equality may be sound
for a particular program if the programmer takes responsi-
bility to ensure that the cached computation, and all code
reachable from it, never observes the ignored parts of the
key or never produces a result dependent on those parts. By
contrast, in our example of .equals considering only an id
field, a computation which does read the other parts of an
object and returns varying results depending on those may
change behaviour when cached.

In the general case, this means that the programmer would
need to consider some common subtle scenarios. Circular
object graphs are challenging because defining correct equiv-
alence may require graph isomorphism. More challenging
are third party entities: if a key contains an object defined by
some other library that we do not control, their comparisons
may only respect the weak general comparisons contract,
leaving unpredictable observability gaps. The state of such
library objects may not be accessible, so we can not even
implement our own comparisons for those types.

Instead, a language enforcing unobservable caching must
navigate a balance between restricting what a cached expres-
sion can observe and enforcing key equality close enough
to full observable equivalence between a first computation
and return of a memoized result. The weaker the equality
check is, the more the language must restrict what cached
computations can observe.

Direct observation of object identity (i.e., memory address)
is especially destructive: if identity can be observed, then
two structurally identical but distinct objects can be distin-
guished, making general unobservable caching impossible.

Ordinary user-defined equality is sufficient for hashmap
correctness, but not for language-enforced unobservable
caching. Enforced unobservability requires the language to
close the gap: whatever cached code may observe must be
covered by automatically checked key equality, and whatever
automatically checked key equality does not cover must be
made unobservable.

One option is to disentangle those two kinds of equal-
ity, and to use a correct by construction system-generated
equality when comparing cache keys.

Contributions. In this paper we provide a controlled way
to elevate values (of type T) to the status of a valid key compo-
nent (of type Norm[T]), normalizing objects by their semantic
role in the program rather than by identity or raw struc-
tural equivalence. Object identity is not observable by the
surface language, and Norms are internally compared by ob-
ject identity (i.e., current memory address, as updated by
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the GC), thus the issues Large keys with slow comparisons
and Observable key equivalence evaporate. Finally, we build
our approach on top of Fearless, a language using reference
capabilities (RCs) and object capabilities (OCs) to enforce
many safety properties. These features can be used to en-
force deterministic behavior for cached expressions/method
bodies, in turn preventing Observational instability. Overall,
our system ensures unobservable caching: our memoization
is guaranteed to only impact performance. Adding or re-
moving caching does not change the observable program
semantics, in that no program can distinguish between a
fresh or cached computation results.

Of course, using object identity as an ultimate fine-grained
equivalence relation is a well-known approach to solving
Observable key equivalence; such solutions are only effective
when the same actual object is reused instead of a newly
created copy. Our controlled way to elevate values to Norms
handles this and is a key conceptual novelty of our approach,
along with complementary use of other language features
to restrict sources of instability.

Sections 2 and 3 provide more background and context on
cached functions, and introduce some of the newer language
concepts that play an important role in our solution. Section
4 explains how our approach works for caching functions
from immutable data to immutable data, and Section 5 ex-
tends these ideas to handle caching of computations over
mutable data, with reliable cache invalidation. Section 6 fur-
ther contextualizes our efforts with respect to prior efforts for
similar base languages. Because reference capability systems
are generally used to enforce data-race-free concurrency,
interplay between concurrency and caching is an important
consideration. Section 7 considers the role of concurrency in
the design of function caching support — both as a technical
challenge and as an opportunity for program design. We
wrap up discussing future work (Section 8).

2 Background

The standard way to avoid expensive deep equality tests is to
replace the deep comparisons with reference/identity equal-
ity, coupled with an approach to increase the probability
that the reference equality check succeeds. Many variants of
the latter exist, discussed below. The key idea is that if the
code systematically uses a single canonical representative in
memory for all equivalent structures, then reference equality
checks can replace all deep equality checks for (canonical-
ized) objects used as keys. The extreme version of this is
called maximal sharing [50], where all structurally equiva-
lent objects (or subobjects) share the same memory allocation
and therefore location.

Cached/memoized functions (originally memo-functions)
were originally proposed by Michie in 1968 [35], and have
since enjoyed a long history of reinvention in different con-
texts. They are, for obvious reasons, more heavily explored
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in the context of purely functional languages? where object
equality cannot change over time.

The historical crucial building block we rely upon to fight
the hight cost of key comparisons is Hughes’s insight [29]
that effectively splits safety of caching from optimality of
caching. By only relying on reference equality when looking
up in the cache and accepting that two structurally identi-
cal structures allocated at different program/code locations
would lead to two separate cache entries and repeated com-
putation, we solve both Large keys with slow comparisons
and Observable key equivalence. This is often enough for the
particular class of programs that frequently reuse the same
exact values. Many programs can be slightly adjusted to im-
prove this reuse, either using custom logic or some language
provided constructs, as discussed below.

Obtaining Canonical Representations. Efficacy of mem-
oization improves the more often keys with the same mem-
ory address are used. A wide array of techniques can achieve
this: interning [16, 40], hash-consing [7, 46], the flyweight
pattern [10], and many more. All of these approaches focus
on merging all objects with the same internal representation
into the same object in memory. While maximal sharing
is often the idealized goal, consistently achieving maximal
sharing requires either extreme care from developers or di-
rect compiler and runtime support. It also often ends up
interning many single-use objects, costing time and space
for caching structures that are never reused. This is why
most implementations of cached functions today, whether
language-supported or as a design pattern, assume selective,
opt-in memoization.

Canonicalization in simple cases. One simple form of
canonicalization works for objects/keys whose whole reach-
able object graph (ROG) is made of immutable objects with
canonical constructors that just initialize the state by initial-
izing each field directly with a corresponding constructor
parameter. In simple cases, we can use a hashmap to check if
an object corresponds to an already-existing key, then either
return the previous version, or make a new one and associ-
ated it to the key [7, 9]. In this way, if two objects have the
same structure in memory, they are also represented by the
same pointer in memory from the beginning of their life time.
We call this allocation based canonicalization: object alloca-
tion and canonicalization happen at the same time and can
be seen as the same operation. This means that those objects
can keep their hashcode/equals implementations as default-
/identity based, and other hashmaps and caches would be
able to compare them by comparing a single 64-bit address.
Even if the reachable object graph may contain thousands

2E.g., HaskELL [12, 29, 42], ACL2 [8], Rocq [9], purely functional fragments
of LISP [38] and APL [21]
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of sub-objects, comparison is constant and fast. In the sim-
plest cases, this happens at creation time: a duplicated object
simply never exists in memory [7, 50].

Crucially, this simple case is not the general case. Our
work becomes relevant when the general case comes into
play. For example, a common version of the Flyweight pat-
tern requires merging objects with equivalent ROGs; but
most code examples showing the Flyweight pattern in ac-
tion just so happen to only show the simple case we are
discussing: there is a single canonical constructor taking a
deeply immutable value for each field and directly initial-
izing such fields; and those fields are the intended visible
state of the object. Seeing the Flyweight only through the
lens of those examples muddles the difference between the
Flyweight and the core insight of our work.

Canonicalization in the general case. However, in most
OO0 languages, the situation is much more involved. The state
of an object is more loosely connected to the parameters of
the constructor/factory, and the observable behavior of an ob-
ject is even more loosely connected. In many cases objects are
first allocated and then initialized via a set of mutations be-
fore they become stable enough to be used as keys. This pre-
vents allocation based canonicalization even for immutable
data; it is always the case that mutable data cannot be canon-
icalized, as objects which are temporarily structurally equiv-
alent may change to be inequivalent in the future [48].

Moreover, the very concept of full canonicalization does
not play nicely with information hiding. One of the core
ideas about OO is that a program can evolve the private
state representation of objects as long as the observable be-
havior stays the same. Consider for example a Person type,
where the constructor directly stores a string name into a
private (final) field. Then, the getter would return "Unknown"
if the hidden Person.name field contains the empty string.
In this moment of time, the object Persons.of ("") and the
object Persons.of ("Unknown") have a different representa-
tion (but equal observable semantics®), thus according to full
canonicalization, they should be different. Then, in the future,
Person gets refactored so that "" is replaced with "Unknown"
at construction time instead of at getter time. Now full canon-
icalization would merge the objects Person.of ("") and
Person.of ("Unknown"). Is this desirable, or is this a viola-
tion of encapsulation? With respect to caching, this changes
the program’s performance characteristics: a cache imple-
mented as an identity hash map over fully canonicalized keys
Map[Person,IdealDog]l, would compute the ideal dog only

one time for persons created either with Persons. of ("Unknown")

nn

or Persons.of ("") in the new program; while in the old one
the ideal dog is computed twice. Thus minor refactorings
turn into sources of unpredictable performance changes.

3This underlines that full canonicalization may still be imprecise: the highest
level of reuse would use observable equivalence instead [26], which is
however much harder to check than graph isomorphism.

Marco Servetto and Colin S. Gordon

This issue is not as severe when canonicalization is done
by the programmer and is the responsibility of the program-
mer, but it is a real issue if we consider an automatic, lan-
guage wide canonicalization algorithm, that must work for
any kind of object and object graph.

Other barriers to automatic global canonicalization are
more practical performance costs. While studies show that
programs often contain many equivalent objects [30, 34],
identifying them requires expensive traversals of large object
graphs. While these traversals can be integrated into garbage
collection [7], this is a high tax to pay on all (immutable)
object allocations for widely varying gains.

Requiring Use of Canonicalized Versions. Passing a
non-canonical input to an API that expects only canonical
inputs — can lead to bugs by causing the cheaper equality
checks to fail when the more expensive structural equiv-
alence checks would succeed. A natural approach to pre-
venting this problem is to use types to distinguish canonical
and possibly-non-canonical versions of structures. Papi et al.
[40] and Dietl et al. [16] describe type-qualifier-based exten-
sions to JAvA’s type system to ensure that interned strings
(or other types) are used in APIs which expect them, intro-
ducing types of the form @Interned T. Fillidtre and Conchon
[19] introduce a hash-consing library for OCamL which uses
an abstract type 'a hash_consed to represent canonicalized
values. In these and other cases, these ensure that a value
has been canonicalized through some cache, but the types
do not distinguish between different caches that may exist.

Caching and Mutability. To date all safe approaches
to memoized functions or canonicalization rely on using
only immutable data [9, 29] or disable canonicalization for
structures involving mutable data [7, 48]. In practice most
languages permit mutable data, even using it pervasively, so
this is not a general solution: arguments to cached functions
may be mutated between calls, or the cached function itself
may observe other mutated state via captured references.
Using function caching or relying on canonicalized repre-
sentations is therefore unsafe in most settings. We will show
that some pieces of ideas from prior work, when combined
together with certain reference capabilities [11, 22, 25] al-
lows combining the performance insights of prior work with
strong yet flexible correctness guarantees.

3 FeAaRLESS and Capabilities

Our work takes place in the context of FEARLESs [52, 53], an
object-oriented (OO) language with reference capabilities [11,
22, 25] and object capabilities [37] for controlling side effects.
For the examples in this paper, it is sufficient to under-
stand only a small subset of FEARLESS’s syntax and types. A
simple type declaration in FEARLESS takes forms like



Normalization by Origin, Not by Shape

Point: {
.x(): Nat; // abstract methods, as fields
.y : Nat;

.withX(x: Nat): Point -> Points.of(x, this.y());
.withY(y: Nat): Point -> Points.of(this.x(), y);
3

This resembles a class declaration in many languages, and
has a few syntactic features of note beyond the usual idiosyn-
crasies. Method declarations are annotated with a return type
on the right, and an -> separating method signatures from
bodies. As with most object-oriented languages, all classes
are mutually defined, so the methods of Point may reference
the companion class which in turn may reference Point.

Points: { // A way to allocate Points
.of (x: Nat, y: Nat): Point ->
{ .x => x; .y -> y};// Allocate a Point
} // the arguments are captured in method bodies

The body of Points.of allocates an instance of Point; the
type Point is inferred from the return type of method .of.
The method signatures are implicitly inherited from the ab-
stract methods of Point above.* As usual, we can build upon
our Point with more user defined types, like Rectangle /
Rectangles below.

// Allocate Rectangles and define the type Rectangle
Rectangles: {
.of (tl: Point, br: Point): Rectangle -> Rectangle:{
.topLeft():Point->tl; // As above, arguments are
.bottomRight():Point->br; //captured in meth bodies

}

Here we also show that Rectangle (a top level visible type)
can be defined directly inside the .of factory.

Blending ideas from classic object calculi [13] and modern
closure-centric variants of object-orientation [45], FEARLESS
lacks explicit fields, whose roles are played (as in classic cal-
culi [3, 31]) by simple closures. Objects in FEARLESS have no
constructors, and defining concise factories like Points.of
is common. Allocation and full initialization are a single
operation, that just entails capturing values in the method
bodies. ® Those factory methods, like .of, are just regular
methods and thus can perform mutations prior to the al-
location, thus there can be no direct connection between
the (factory) method parameters and the values captured by
the newly created/returned object. The method names here
begin with 7 — that is, the dot is part of the name. Method
names may in general begin with non-alphabetic characters.

“The {. .} notation is technically a multi-lambda [45], though later code
examples use it for standard lambdas. As in Java, the actual type of a
(multi)lambda is inferred by target-type inference.

SFearless capture is more rigid than, for example, Javascript update. As in
Java, it is the value that is captured, not an update-able local variable.
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This permits both SMALLTALK [23, 24] style operator over-
loading and conventions like that in the code above to look
like more typical modern object-oriented languages.

When considering observational instability of function
memoization, the ability to reason about presence or absence
of side effects is key. Most objects in FEARLESS are naturally
immutable, and most standard library types (e.g., Map[K, V1)
are immutable (i.e., functional). FEARLESS does expose a prim-
itive type Var[T] which serves a similar purpose to ML refer-
ence types, as a mutable container of a single T, which can be
used for typical imperative structures. To enable improved
reasoning about sharing, FEARLESS builds on a long line of
work in static reference capabilities 11, 22, 25, 49], where ref-
erence types are coupled with a type qualifier restricting ac-
cess through the reference. In particular, reference capability
systems allow different aliases to the same object to carry dif-
ferent permissions — so one part of the program may be able
to mutate a structure while another part may only be able to
observe, but not cause, mutations. Most types in FEARLESsS
are imm (utable) by default, if not otherwise annotated. Updat-
ing a Var[T] requires holding a mut (able) reference of type
mut Var[T].But the permission restrictions imposed by these
capabilities are deeply transitive. A read (-only) reference to
a container, such as a read Var[mut Var[Str]] may not be
used to obtain a mut reference to the inner var. Note that mut
and imm are mutually exclusive, as imm implies the reachable
objects are considered immutable by the whole program,
while mut allows mutation. These permissions also constrain
what is captured by closures — an imm closure capability
means the closure does not have access to any mutable state.

This includes global state; like other languages in with
reference capabilities, all global state is immutable, so an imm
closure has no way to cause externally-visible side effects
or observe them. This is key to creating immutable struc-
tures. Like earlier reference capability systems, any code
that accepts only immutable inputs may have its result auto-
matically converted to immutable by the type system, even
if the construction process included mutating objects and
returning mutable objects. If all inputs to a specific method
call location are imm, and there is no global mutable state,
those locally-mutated objects never escape, and are either
discarded or can be frozen along with a return value that
reaches them. This is also how FEARLESS can create cyclic im-
mutable data: if inputs to the construction are immutable, the
creation logic can create the structure as initially immutable,
and then the type system can convert the single returned
object’s capability from mut to imm, freezing the reachable
object graph of the return value. This type system feature is
insensitive to the existence of cycles.

Other sources of observational instability include non-
determinism from random number generation, I/O, and simi-
lar external behaviours. FEARLESs adopts the notion of object
capability [37] to manage this. Access to any of those or sim-
ilar platform functionalities is mediated by distinct objects
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passed to the program in restricted ways. Notably, all uses
of those non-deterministic features require calling mut meth-
ods — those which require a mut capability to the receiver.
Thus an imm or read closure cannot capture or use object
capabilities. The details of FEARLEsS’s object capabilities will
not play a prominent role in the following, but the fact that
reference capabilities can restrict use of object capabilities is
important to our safety arguments.

4 Our Design

We propose here a concrete design offering normalization via
factory/constructor output and memoization built on top of it.
We have implemented this for the language FEARLESS, as de-
scribed in Section 3. FEARLESS also guarantees that any com-
putation that accepts no mutable reference is deterministic.

We implement unobservable caching: a cached expres-
sion/method should return an object that is observably equiv-
alent to the object produced by re-executing the expres-
sion/method. A valid but pointless way to obtain this be-
havior would be to simply re-run the expression/method
every time it is called, which is unobservable but wasteful.
The goal is then to make use of normalization/memoization
when conservatively sound, and to re-execute otherwise.

Our strategy is to use only Norms — normalized versions
of structures — as keys, and to ground the identity of those
keys not in the structural shape of the normed object (slow
and complex) but to previously Normed results from a factory
for objects.

To clarify; the conventional approach, that we can call Nor-
malization by shape asks: “Are these two objects structurally
isomorphic?” Instead, our approach Normalization by origin
asks: “Were these objects produced by the same computation
from reference-identical normalized inputs?”

This is our main contribution: that factory/constructor
arguments are the right abstraction boundary, not the actual
object graph resulting from the factory. Supporting this is the
careful integration of earlier ideas from both function memo-
ization and control over side effects in a new complementary
blend.

Here by factory we refer to the expression / method invo-
cation that produces an object considerered fully initialized
and suitable to be an immutable key for caching. This method
invocation can internally allocate and edit a complex graph
of mutable objects, which are guaranteed by the FEARLESS
type system to be fully encapsulated in the resulting value.

This does mean that we accept a form of partial canonical-
ization instead of maximal sharing: two structurally identical
objects may remain duplicated in memory and appear dif-
ferent to caches. We use a wrapper type, Norm[T] whose in-
stances represent the normalized version of a T. A developer
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cannot create instances of Norm directly, but must instead use
trusted language-provided APIs in the base library.®
Operationally, this allows our caches to blend fast compar-
isons in cache lookups (Hughes’s approach [29]) with type-
based constraints ensuring that inputs are canonicalized [16,
19, 40], thus increasing the odds of cache hits. But while this
combination is new, the real benefits arise from the details
of our interface to canonicalizing data, producing Norms.
Many types from base (the standard library) have a method
.norm that returns the normalized version of that value.’”

23.norm = Norm[Nat]{23}
"Hello".norm = Norm[Str]{"Hello"}

Conceptually, those calls access a HashMap[Nat,Norm[Nat]]
and an HashMap[Str,Norm[Str]] hidden in the static data of
the standard library. Of course, we said conceptually. There
is no reason to actually materialize a hashmap from 64-bit
numbers to wrapper object of each number. Numbers are
small enough that comparing them by structural equality
or by object identity makes no difference; but of course the
second one has practical overhead costs, so for small standard
library objects we use their actual representation as key,
and only allocate real Norm wrappers for larger ones.® Our
language hides those details, so that the mental model shown
to the programmer is more uniform: a thing can be used as
a key if and only if it is of type Norm[_].

We could then use the Cache type to write

.shortestPath(
addressStart: Str, addresstEnd: Str): Path ->
Cache.of (addressStart.norm, addressEnd.norm,
// This closure's result will be cached for
// the passed addressStart and addressEnd
{ al, a2 -> VeryComplex.search(al.get, a2.get) });
// .get accesses the Str inside Norm[Str]

The unobservability of this caching relies on Fearless’s ability
to ensure the lambda {a1,a2->...} captures zero values.’
Calling . shortestPath would require at least three hash map
accesses; two on strings (from calling .norm) and one on a
key object with two Norm[Str] fields and a lambda. The third

®We declared Norm to be Sealed inside the base package; then only code
inside base is allowed to directly create Norm objects. Similar sealing
mechanisms to require factory usage could be used in other languages.
"Having these built-in normalizable types is convenient, not necessary.
8This is orthogonal to boxing of primitives, but just a matter of value size:
for very small strings (an immutable type), even those larger than a couple
machine words, it is often cheaper to directly compare the values than to
dig through caches. For these and similarly small values, the value is the
canonicalization.

FEARLESS has a type (CaptureFree) which ensures lambdas implement-
ing it do not capture any state, and thus are implemented as singletons.
This is a common optimization that also happens in Java or C++: a non
capturing lambda is a static constant that is reused over and over, not a
new object created every time. This is precious because it means that the
identity of the lambda can be used as a stable key for our caches. Otherwise,
each execution of the code above would allocate a fresh lambda, and thus
not be found in the cache.
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one is quite fast (using the identities of the two norms and
the lambda!®) and unavoidable; but the first two could be
slow on long strings.

A method using norms should often expose them like this:

.shortestPath(
addressStart: Norm[Str], addressEnd: Norm[Str]
): Path ->
Cache.of (addessStart, addressEnd,
{ al, a2 -> VeryComplex.search(al.get, a2.get) });

In this way it is clear from the API that caching is used and
that addresses should be stored and moved around in their
normalized form. This is also why the lambda takes a1 and a2
as Norm[Str] instead of just Str: if VeryComplex. search were
to internally rely on other cached computation, we could
pass the input as Norm[Str] instead of extracting the string
via .get; this would avoiding costly renormalization steps.

Cache.of is conceptually the same kind of abstraction
PyTHON offers with @cache, but with the guarantees of un-
observable caching. That is, if we peel off the Cache. of call,
we get the following semantically equivalent code.

.shortestPath(
addressStart: Norm[Str], addressEnd: Norm[Str]
): Path ->
VeryComplex.search(addessStart.get, addressEnd.get)

As a stylistic choice, FEARLESS relies on explicitly passing
lambdas instead of code rewriting transformations.

4.1 Memoization for User-Defined Datatypes

For each custom type where we can express a factory method
over Norm types, we can produce Norms of that type. We now
show a conventional example over Points and Rectangles:

NormPoints: {
.of (x: Norm[Nat], y: Norm[Nat]): Norm[Point] ->
Cache.ofMemo(x,y, { x1,yl ->
Points.of (x1.get, yl.get); });}
NormRectangles: {
.of (topLeft: Norm[Point], bottomRight: Norm[Point]
): Norm[Rectangle] ->
Cache.ofMemo(topLeft,bottomRight, { t,b ->
Rectangles.of (t.get,b.get); });3}

Cache.ofMemo works the same as Cache.of, except it addi-
tionally mints a new Norm for the result. Methods Cache. of
and Cache . ofMemo are overloaded with many different arities,

The global Cache object mediates access to the memoization functional-
ity. It internally has a global hashmap from arguments and computations
to cached results, which is only indirectly accessible by cache updates/re-
trievals; the hashmap is not directly accessed by FEARLESs code. In the
current implementation there is a global identity hashmap from lambda
identity to a cache object, internally using a hashmap from pairs of norms
to a Path. With more control over the backend code generation (FEARLESS
targets the JVM) we could instead simply add a synthetic field to the single-
ton lambda object containing such cache object, thus avoiding an identity
hashmap access.

Onward! ’26, October 4-9, 2026, Oakland, CA, USA

NPoints: {
.of (x: Norm[Nat], y: Norm[Nat]): Norm[NPoint] ->
Cache.ofMemo(x,y, { x1,yl -> NPoint:{
.x:Norm[Nat] -> x1; //by capturing a Norm[Nat]
.y:Norm[Nat] -> y1; //using the result of .x/.y
}}); }//for cache accesses is more efficient

NRectangles: {
.of (topLeft: Norm[NPoint], bottomRight: Norm[NPoint]
): Norm[NRectangle] ->
Cache.ofMemo(topLeft,bottomRight,
{t,b->NRectangle:{
.topLeft:Norm[NPoint] -> t; //if the points are
.bottomRight:Norm[NPoint] -> b;//used by other
}}); 3}//caches, we can access those caches with
//less indirections by exposing/capturing norm values

Figure 1. An example demonstrating maximal sharing by
using Norm for internal representations.

including zero.!! To cache a long computation with zero ar-
guments,

Cache.of ({computationExpression})

suffices. Or to additionally mint a new norm for custom
datatypes, the zero-arity overload of Cache.ofMemo may be
used:

Cache.ofMemo({factoryExpression}).

Note that data does not need to be designed with Norm
in mind. Above Point and Rectangle are pre-existing user
defined types that have no mention of Cache/Norm. How-
ever, by carefully designing data to be Norm and to aggre-
gate Norm data, a developer can avoid most cache access
indirections for cache input keys, as shown in Figure 1.
Moreover, by declaring the types NPoint and NRectangle
directly into the call to Cache.ofMemo(..), we establish a
single creation point for those types. This obtains maximal
sharing for NPoint and NRectangle assuming that the user
code does not contain other uses of Cache.ofMemo(. .) return-
ing NPoint, NRectangle or Nat; that is Nat.norm normalize
Nats and NormRectangles.of and NormPoints.of normalize
NRectangles and NPoints. That is, if for a given type there
are multiple code locations of Cache.ofMemo, the creation
lambdas will have distinct identities, and equivalent alloca-
tions will not be memoized.

Defining types in this style is not required. In practice
whether this is a worth the extra syntactical weight depends
on the application. Weaving Norm through declarations is
useful when other caches using those types as keys are com-
mon.

Here NPoint and NRectangle directly store normed val-
ues, and the only factory for NPoint/NRectangle is protected
under a Cache. ofMemo lambda.

1n fearless, a zero arg lambda does omit the => symbol, so we write { x+y}
instead of, for example, { () ->x+y}
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Norms built using this pattern will indeed be maximally
shared, and cached expressions over them will only run when
truly novel input is provided, returning the cached result in
all the other cases.'?

While this is the highest-performance case, this is also the
case that existing approaches to canonicalization support
just fine.

Next we defend our claim that our approach degrades
gracefully when we get out of this ideal scenario.

4.2 Cyeclic Structures

Let us consider some cases involving cyclic object graphs.
From a string containing a regular expression, we can create
a state machine with circular links between the states. Full
canonicalization of the state machine instance would be very
challenging, but with our approach, the conventional
Regex.compile(String): RegexStateMachine
functionality is all we need; we can just wrap around
Cache.ofMemo(normStr,{s->Regex.compile(s.get)})
and it is done.'® This will produce Norm[RegexStateMachine]
objects that can be used with Norm[Str] inputs for matching:
Cache.of (normStr,normReg,{s,r-> r.get.match(s.get)})

The last expression only executes full regular expression
matching if needed, and just returns the cached result oth-
erwise. If two different regular expression strings are com-
piled to identical RegexStateMachine, our approach would
not recognize them as identical and re-run the regex match
computation.

Another example could be module dependencies for a
build system, where modules can have circular dependencies.

Now, assuming a method Dependencies.of (module:Str) : Graph,

we can easily memo-cache the call to Dependencies.of and
get a Norm[Graph] without the need to know anything about
how the dependencies are computed. Again, our approach
requires us to accept that if some modules have equivalent
Graphs, that call would return a duplicated Norm, that in turn
can cause some spurious re-computation. But the user of our
model can mitigate this problem if they apply additional in-
sights from their problem domain. For example, we can imag-
ine that many different modules may have zero dependencies,
and it would be better to return a truly normalized empty
Norm[Graph] representing zero dependencies. This can easily
be done, but requires extra code and knowledge of the do-
main logic. Assuming we have a method Dependencies.empty

2Note that unlike other approaches which can achieve maximal shar-
ing [19], this approach is not limited to data allocated directly as im-
mutable. Our example directly builds the NRectangle, but arbitrary code
can be placed in that expression. Thanks to the presence of promotion fea-
tures [11, 22, 25] in FEARLESS, initially-mutable objects can be mutated
arbitrarily before being frozen into imm.

3Note that the Regex library does not need to be aware of the caching.
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returning the constant empty dependency graph, it could
look something like this':

.normDep(s: Norm[Str]): Norm[Graph]->
this._normalizeEmpty(Cache.ofMemo(s,{s1->
Dependencies.of (s1.get)}));
._normalizeEmpty(d: Norm[Graphl): Norm[Graph]->
d.get.isEmpty ?{
.then->Cache.ofMemo({Dependencies.empty});
.else->d;

};

At a first look, it may seem like
.then->Cache.ofMemo({Dependencies.empty}) is going to com-
pute a new norm every time it is called, but since it is cached
over zero parameters, this is actually returning a constant
value computed only the first time and then cached.

4.3 Memoized Maps

A very interesting example is the one of actual hashmaps,
with arbitrary user-defined logic to compute key equality. If
a hashmap is immutable!® and the keys are large and slow
to compare, but we tend to reuse the same key values over
and over, we can simply cache the hashmap .get method.

MemoCache[K,E]:{
.map:Norm[Map[K,E]];
.get(key: Norm[K]): E ->
Cache.of (key, this.map,{ k,m -> m.get.get(k.get)})
}

This data type wraps a normalized Map[K,E] and caches ac-
cess to the map elements. If we can store the keys as Norm[K],
when the cache is warm this map is now as fast as an identity-
based hash map while keeping the standard hashmap seman-
tics of performing complex equality checks on the large and
unpredictable object graph of the key objects.

4.4 Antipatterns

No form of function memoization is immune to misuse, in-
cluding ours. But we provide safety guarantees even in the
presence of misuse. Our approach, even when used poorly,
still guarantees that the caching is unobservable by program
logic, though particularly poor usage may nullify most of
the performance advantages of our model. Consider the fol-
lowing bad code: Cache.ofMemo({Points.of(12,43)}). This
mints a new Norm for the point (12,43), but calling
NormPoints.of(12.norm(),43.norm()) would produce a dif-
ferent Norm[Point]. Once this code is in a program,

Cache.of (someNormPoint, ..) may end up running twice de-
pending on which code is producing the specific point.

14The myBool ? {.then..; .else..;J} syntax is the FEARLESs way
to do conditionals.

I5FeaRrLEss’s Map[K, E] type is shallow immutable in the sense that adding,
removing, or updating entries results in a new object, as common in func-
tional programming [39]; keys are required to be immutable but the map
may contain mutable or immutable elements.
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We are not sure if this is a problem. The fact that bad
code will run slowly is not news; however, our system has
a very automatic feel, so we worry that users may not re-
alize that there is still some requirement to follow when
using our system. When it comes to larger, long lived sys-
tems, having duplicated norms may actually be not a curse,
but a blessing in disguise: each lambda passed to Cache.of
and Cache . ofMemo induce a new physical storage location for
cached data. Those storage locations can then be tuned or
flushed independently by the programmer. Or a library may
decide to use its own Cache.ofMemo and its own internally
minted Norms for its own internal use so that it can control
when and how to flush those caches. Such programmatic
tuning of caches has long been a useful feature [4, 43] for
memoization.

5 Repr for Caches on Mutable Objects

So far we have only addressed computations that consume
deeply immutable objects and produce deeply immutable
results, with no visible side effects. With some extension,
our technique does support mutable objects.

FEARLEsS offers the type Repr[T]. An instance of mut Repr[T]
is a safe container for a fully encapsulated mut T instance.
That is, all mutable objects reachable from this instance are
only reachable via the Repr[T] instance. Repr never leaks the
T instance itself, but has methods .1look(f) and .mutate(f).
They allow the user to observe and mutate the content of
the Repr[T] by passing closures to make observations or
updates. .look accepts a lambda taking a read-only view
of T (read T) and returning any immutable K observation.
Similarly, .mutate can receive a lambda accepting the actual
mut T reference and returning any immutable K observation
after possibly mutating the T. As with the FEARLESs cache
APIs discussed earlier, these closures are not permitted to
capture mutable state (so .mutate cannot leak the underlying
reference). It is possible to design a cache system around this
set up:
repr.cachablelLook ({content->expression})

The code above takes a repr, and in a way similar to . look,
passes the read content to the (non capturing) lambda. Reprs
make sense as mutable objects, so the identity of the specific
repr object and the non capturing lambda can be used as the
keys in a hashmap connecting to the result.'® Then, when a
call to Repr.mutate happens, the caches for that repr need
to be flushed.'”

Example: editable cached hash maps. In FEARLESs the
Map type is shallow immutable: the key-element associations
are frozen at map creation regardless of key and value types.

16 Again, with better control on the generated code, we could add a synthetic
field to Repr to store its cache.

7If the repr has a synthetic field with its cache, this is triv-
ial. Another option is to use a Layered approach, with a static
Map[Repr,Map[Lambda,Result]].
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The type EMap (editable map) instead allows for mutation. If
repr is of type mut Repr[EMap[K,E]], a program may call
repr.cachableLook(normK,{m,k->m.get(k.get)})

to cache the hashmap access, similar to the earlier Map ex-
ample. When repr.mutate(. .) is called, the cached accesses
of the contained EMap are flushed. For an EMap that receives
significantly more reads than writes, this can improve per-
formance.

The two different ways to handle hash maps we have
presented weaken, if not remove, the need for an actual
identity hash map [15] type to be exposed in the FEARLESS
standard library. This is indeed impossible in fearless: FEAR-
LESS does not expose object identities. This is necessary for
the determinism guarantees that FEARLESs provides, which
is important for far more than just caching.

Subtly, exposing object identities even to hashmaps is un-
safe. We initially hoped that by using Norms as keys we could
get identity hashmaps that still keep identities unobservable.
However, as soon as a cache of a Cache. ofMemo is flushed, we
could get into both strange behaviors and ways to observe
identities. We advice against it and instead we recommend
the two map approaches shown before.

Example: cached IDE queries over a mutable project.
A typical example is an IDE or compiler server. The project
state is naturally mutable: files are edited, parse trees are
updated, indexes are rebuilt, and intermediate data struc-
tures are maintained incrementally. At the same time, many
IDE operations are read-only observations of that mutable
project: diagnostics for a file, completions at a position, the
type of an expression or the public API of a package.

Such queries are often expensive, and the same query
may be requested many times between edits. For example,
hovering, semantic highlighting, quick-fix menus, and com-
pletion ranking may all ask for information derived from the
same file and position (notably, not the file currently being
edited). With Repr, the project can remain mutable while still
supporting sound caching:

project.cachablelLook(path.norm, position.norm,
{ p, pathN, posN -> p.completionsAt(pathN, posN) })

This call uses the identity of project, the identity of the
non-capturing lambda, and the normalized arguments as the
cache key. The result is an immutable observation, such as a
list of completion items.

The important point is that the mutable Project itself is
never leaked. All read-only observations go through .1look
or .cachablelook, and all mutation goes through .mutate:

project.mutate({ p -> p.updateFile(path, newText) })

Thus .mutate is also the invalidation point: after an edit,
all cached observations associated with that Repr[Project]
are flushed. Without the encapsulation provided by Repr, an
arbitrary alias to the mutable project could mutate it behind
the cache, making the cached result unsound. With Repr,
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cache invalidation follows from the access discipline of the
container (a discipline enforced by reference capabilities).

6 Our experience with Normalization by
shape.

We have long been interested in combining function caching
with reference capabilities to get unobservable caching, given
the long-standing use of reference capabilities for enforcing
method purity [27, 28]. Prior to working on FEARLESS, we
worked on the reference capability language L42. Both FEAR-
LEss and L42 value minimalism. They are languages where
most features can be expressed as libraries and the language
itself is actually a very small logical core. To this aim FEAR-
LESs uses closures/lambdas with flexible and un-intrusive
syntax, while L42 relies on meta-circular meta-programming:
Most L42 code does not directly encode types, but works as
input/output for other code that transforms it and completes
it into the right shape, similarly to how the PyTHON @cache
decorator we discussed at the beginning takes the code of the
method fib in input and produces an elaborated/expanded
version of it.'*

While the two languages are different in many ways, their
approach to reference capabilities is similar, and all of our
considerations would also apply to the other RC based lan-
guages like Pony [11] and M# [25].

Before figuring out this solution (Normalization by origin)
we tried many different implementation strategies in L42
with the established Normalization by shape mindset. Our
goal was to have a standard way to normalize all deeply
immutable objects, and to keep the same type: no Norm[Str1J,
just str. If the Str needs to be normalized, the system could
do it under the hood (or so we hoped!) as in various prior
approaches discussed in Section 2. Most prior work on auto-
matic caching is from the 1990s, and hardware (from CPUs
to memory busses to quantities of available memory) has
changed drastically in the last 30 years. Instead of megabytes
of memory on DEC Alphas and Pentium 4 machines, we
have terabytes of memory.

But the natural approaches tried or considered in the past
still had massive computational costs when attempted in
L42 [20] and required choosing between undesirable options:

o Repeated full traversal of reachable object graphs, which
is quite slow [48]. Worse, to ensure all objects are nor-
malized appropriately it is sometimes necessary to run
normalization conservatively, when it is not actually
needed.

e Adding an additional field to every object to cache the
normalized version of that object like a forwarding
pointer. This adds a non trivial space overhead, and is

8More precisely, the L42 meta-programming model is more closely related
to F# type providers [41, 47] then to PYTHON decorators, but with extra
static guarantees: L42 meta-programming only produce well typed terms
when starting from well typed inputs [22, 44].
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unused for most allocations, unless it can be merged
with the forwarding pointer used in copying garbage
collectors [7] (a non-starter in the common modern
case of targeting the JVM). This is on top of previous
arguments and empirical results [4, 7, 43] that canoni-
calizing all immutable objects simply doesn’t pay off.

e Merging normalization and garbage collection, so when
objects are normalized, all the pointers of that object
everywhere get replaced. Normalization must play
nicely with garbage collection in any case [42] (in-
cluding our approach), but this is a major engineering
challenge and adds to the costs of traversal.

e Track how references to non-normalized objects flow
through the code, to automatically replace them all
when the object is finally normalized, akin to some
approaches to incremental computation [3]. This is
both difficult and dynamically costly.

In some of those alternatives, normalizing an object re-
quired normalizing all objects reachable from it, accessing
/ locking on concurrent hashmaps, and reconstructing the
object so that all reachable objects would point to the nor-
malized versions of those original components.

The main optimization offered by most reference capa-
bility languages is unobservable (i.e., data-race-free) paral-
lelism. L42 takes this further, making concurrency automatic
in most cases, based on what is safe to parallelize according
to the reference capabilities’ permissions. Our dream was to
cleanly integrate this with automatic unobservable caching,
so that both optimizations could build on top of each other.
By working under the Normalization-by-shape mindset we
got the exact opposite; the two optimizations were fighting
each other. Normalization ended up as a possibly global oper-
ation, and required swapping objects with their normalized
form while some parallel worker was actively using them. A
working version of this would require substantial synchro-
nization overhead, subtle and costly extensions to garbage
collection (notably much more expensive read- and write-
barriers), or an additional GC-like mechanism reminiscent
of capability revocation in CHERI hardware [18].

Instead, in our proposed design, the division between T and
Norm[T] distinguishes the few normalized values from all the
other ones. The use of the Cache APIs described earlier allows
developers to delimit factory boundaries independently of
what might be considered traditional object intialization,
buying flexibility. We have learned with experience how
normalizing all eligible values is still undesirable. In most
cases it simply leads to a massive computation time overhead
with little memory benefit. Most code will not directly use
memoization, and normalizing all values (or even all values of
some commonly used types) would be too costly. The design
of the String type in Java embodies this fact. Strings can
be interned but this is an optional choice, and most strings
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are not. We now see very clearly why the cost would not be
worth the benefit.

As we discussed before, objects can be circular, and there
are multiple interpretation of what equal even means in the
presence of (deeply immutable) circular object graphs.

Are the two object graphs below equivalent or not?

next

next

next

Those could be, for example, nodes of a circular linked
list where in one case we have one node with associated
value zero and pointing back to itself; in the other case we
have two nodes, but it just so happens that they both have
associated value zero. If we cannot observe object identity,
and those circular linked lists are deeply immutable, there
is no way to distinguish those two graphs. L42 considered
those two graphs equivalent.

The crucial consideration is that our approach sidesteps
this and other subtle questions entirely. If created with the
same factory and by the same arguments, two Norms are the
same, if not; they are conservatively considered different.

The bright side of L42’s graph isomorphism mechanism
is that it did allow for automatic, canonical and always cor-
rect structural implementations for toString, equals and
hashcode, and could have been extended for automatic seri-
alization and deserialization [36].

Given L42’s focus on meta-programming, caches where
implemented with annotations expanding the code instead of
methods taking lambdas. However, L42 code expansion can
only create code that would have been possible to directly
write in that expanded, thus the expansion had to delegate to
publicly accessible primitives. Those primitives where still
soundly enforcing unobservable caching, but (purposely)
cumbersome to use directly.

The FEARLESs lambda based approach sidesteps those two
layers (primitive style and annotation style) offering a single
lambda driven caching interface.

7 Parallelism and Contention

There are many computations we already run in parallel for
performance reasons where some subproblem solutions are
required for multiple other units of work. Compiler analyses,
static analyses, graph algorithms, theorem-prover (or other)
search, and dynamic programming, are just a few examples.

Caching opens the door for multiple parallel workers to
assist each other by pre-filling cache entries which then
serendipitously accelerate other tasks, much like a concur-
rent union-find [6] or the asynchronous convergence of up-
dates used in federated machine learning.

Onward! ’26, October 4-9, 2026, Oakland, CA, USA

But as soon as multiple workers can execute code at the
same time, two problems emerge. The first is traditional
contention. We would need to use some form of concurrent
hash maps. Then the second is the matter of two workers
competing to fill a cache. In our prototype, one worker will
be first and it will start completing the cache; meanwhile
the second worker asking for the cache value would see it
as in progress and will block waiting for the cache compu-
tation to be completed. In turn this can create a deadlock,
but only for computations that would have been going in
loop/stack overflow in the semantic without caches: Suppose
the computation of cache A needs the computation of cache
B, that needs the computation of cache A. We may now have
two workers, one waiting for A and one waiting for B. More
directly, a buggy memoized function may require its own
result, and a worker trying to compute it would deadlock
on its own similar to a thread trying to complete a future
by joining on the result of said future. Note that without
multiple workers, any computation trying to access a cache
that is currently being filled, would be a clear sign that the
semantics without caches would incur a stack overflow.

To prevent those deadlocks from locking threads for an
unbound amount of time, we could implement a full dynamic
deadlock detection system, but that would require full control
of the lifetime and locks of any thread/worker, independently
of their relation with caching. For FEARLESs this would be
quite difficult, since FEARLEss targets the JVM and relies
on the Java standard library to implement its parallelism.
We opted for a simpler solution: a timeout mechanism; if a
worker gets stuck waiting on a cache longer than a certain
amount of time it will start to sequentially (re-)compute the
result of the cached expression, and flag that cache entry as
timed out so that any other workers would also compute it
sequentially instead of waiting for it. Thanks to determinism,
if that computation was doomed to overflow the stack, it will
now be able to do so. If this was just a very long computation,
we are now paying the price to do the computation twice,
as we would have done anyway without the caching model.
Note that thanks to the determinism properties that FEARLESS
enforces, our simple timeout solution is safe and semantics-
preserving.

An even simpler solution would be to just let the multi-
ple workers run in parallel and race to complete, instead of
making the other ones wait. This would avoid some lock-
ing/synchronization costs, but accepts duplicating compu-
tation. While some lock-free algorithms [5, 14] do accept
this trade-off and duplicate computation, those algorithms
generally do this with short-running computations. Cached
computations are user-provided and can be arbitrary long.
Moreover, they are exactly computations the user is treating
as computationally intensive by choosing to cache them.

Of course, tuning this timeout is not obvious: too high
and the application will become unresponsive rather than
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crashing, too low and the application will often duplicate
computations.

Conceptually, each occurrence of Cache.of/Cache.ofMemo
could have a different timeout, or the timeout could be set
as a runtime option when launching the whole app, or each
package could have a different timeout. The goal here is to
avoid resource exhaustion in the case of long lived applica-
tions where an outer controller layer has to run/supervise
possibly buggy code that may loop; examples of this could
be web servers serving web pages from external customers
or test suite runners.

8 Future Work and Open Design Space

Programmers have implicitly absorbed that caches/hash maps
need to be used with small keys to be effective, and that
caching is a risky endeavor, where it is easy to accidentally
introduce bugs for little or no/negative performance gain.
Our approach changes the game, and opens new ways of
thinking.

8.1 Speculatively Warming Caches

The unobservability of caching implies that reading a cache
value and discarding the result is a no-op; but it does fill
up the cache. In Section 7 we discussed that concurrent
accesses to a cache could accelerate some algorithms. What
we did not discuss was that intentionally speculating that a
certain computation was likely, and preemptively caching
it, may be useful. Instead of just using algorithms which
tolerate non-deterministic order of updates, with updates
accelerating other threads as a happy secondary effect, this
generic mechanism allows us to introduce this behaviour in
a lightweight way.

For example, we could add a method
Discard.of ({ expression }) taking alambda capturing only
immutable values (an imm lambda in FEARLESS) that immedi-
ately returns Void, but also runs the expression in a separate
parallel worker. This is a different way to exploit unobserv-
able caching, and a new tool in the concurrent programming
toolbox, where manual software-level explicit speculation
is quite difficult and invasive, motivating special-purpose
compiler support for that narrow purpose [54]. Here it sim-
ply falls out of the fact that caching is guaranteed to be
unobservable.

This can assist with parallelizing even algorithms which
are largely sequential with highly-irregular shape, by pre-
emptively calling Discard. of to solve likely subproblems in
parallel with the primary algorithm’s logic, which then fills
some cache entries before the main algorithm requires those
results. Done carefully, it is statistically likely that the final
question will be able to use those caches to compute the an-
swer faster. The crucial idea is that during the computation
of the final question, we could run code like NormRectangles
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that can fetch a Norm[Rectangle] object that, in turn, is used
as a cache key to access a useful precomputed cache.

8.2 Flushing Caches

Another dimension of function caching which is orthogonal
to the problems we have discussed, but key to a working
system long-term, is managing cache sizes [4, 43]. A short-
lived application could simply allow caches to accumulate
entries without limits for the duration of the program. But a
long-lived application needs to balance performance gains
from caching against the memory costs of caches which may
accumulate entries for input which are no longer relevant.
Currently FEARLESs caches have only a basic cache flush
operation, and more detailed APIs remain future work.

Part of the solution typically involves using weak refer-
ences [17], which hold a reference but are not counted as
references by garbage collectors — if the referent of a weak
reference has no normal references reachable from standard
GC roots, it will be collected and the weak reference will be
set to null. A cache may use weak references for keys [42]
or values, which ensures that the cache does not prevent
garbage collection (e.g., of an input the program is done
processing). Reasoning about the performance impacts of
this approach is subtle: cache lookups incur an extra indirec-
tion from accessing weak references, and some applications
may reclaim an object and shortly thereafter allocate a fresh
duplicate, leading to cache churn.

Typically frameworks expose ways to tune individual
caches [4, 43], since different parts of an application may
have different reuse patterns. This requires a way to identify
specific caches.

In FEARLESS (as in Java) any lambda is conceptually an
anonymous inner class; Fearless allows naming them with
this syntax:

.methName (a:Norm[Str],b:Norm[List[Norm[Str]]]):Nat->
Cache.of (a,b,Cache7:CacheF[Str,List[Norm[Str]],Nat]{
aa,bb->Bar.baz(aa,bb)});

Now Cache7 is the name of that non capturing singleton
lambda; by being a singleton its name can be used as the
singleton value of that type. Thus that name can be used as
a handle to various cache managment interfaces.

This is how a FEARLESs program is able to completely
empty a cache: Cache.flush(Cache7) flushes the cache asso-
ciated with the closure above. Programmers often knows
when the cache intensive computation starts and end, so
that they can call flush at the end of the computation. This is
reasonable with modern memory limits. In the past with only
a few hundred megabytes of memory, the concern would
have been how to trim the caches during the cache inten-
sive computation, because assuming enough memory to just
store all the partial works of the computation at hand was a
no go. This approach also permits managing each cache indi-
vidually. Developers could even define multiple lambdas for
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the same task in different contexts, if the different use-cases
benefit from distinct cache policies.

With the closure acting as the handle for its own cache, we
could have operations allowing to set properties of the cache,
setting limits (e.g., Cache.retainLast (2000, lambdaobj) to re-
tain only the most recent 2000 entries), changing caching
strategies (e.g., switching between weak-reference and strong-
reference caches), or other adjustments [4, 43]. In some spe-
cialized domains, there are even special-purpose caching
strategies [32], which a user could provide.

8.3 JIT Time and Compile Time Optimizations

Thanks to FEARLESS’s strong type system, the caches are
fully unobservable: the program flow can not discover if the
caching is happening or not. ’

This means that many different optimizations could be
performed by the compiler or the just in time (JIT) compiler.
In our vision, the JIT could discover cases of over-caching,
where peeling the Cache. of call out would improve perfor-
mance, and dynamically optimize the code by removing such
caches. This in turn could incentivise the user to add more
Cache.of calls, confident that the JIT could remove those
’hints’ if appropriate, by reducing the risk of accidentally
hurting performance. In general cache information could
feed back into the profiling information JIT compilers use to
decide when to recompile.

This is similar to what Java can do with parallel streams:
the system can chose to simply run them sequentially if it
seems like a good idea.

9 Conclusions

This paper presented normalization by origin. Unlike in-
terning and hash-consing, which usually collapse values by
structural equality or representation shape, normalization
by origin collapses values by factory input, where the code
of the factory is conceptually one of the inputs. Norm values
represent canonicalized versions of actual values and sup-
port fast comparison, which allows using the fastest known
approaches to memoization lookups. The support for refer-
ence capabilities in FEARLESS’s type system ensures that the
caching behavior remains completely unobservable to the
executing program.

FEARLESS is available, including prebuilt binaries [2], and

the rest of the language can be learned from an online guide [1].
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