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Abstract—Data collections provide a powerful abstraction
to organize data, simplifying development and maintenance.
Choosing an implementation for each collection is a critical
decision, with performance, memory and energy tradeoffs that
need to be balanced for each use case. Specialized implementations
offer significant benefits over their general-purpose counterparts,
but also require certain properties of the data they store, such
as uniqueness or ordering. To employ them, developers must
either possess domain knowledge or transform their data to
exhibit the desired property, which is a tedious, manual process.
One such transformation—commonly used in data mining and
program analysis—is data enumeration, where data items are
assigned unique identifiers to enable fast equality checks and
compact memory layout. In this paper, we present an automated
approach to data enumeration, eliminating the need for manual
developer effort. Our implementation in the MEMOIR compiler
achieves speedups of 2.16x on average (up to 8.72x) and reduces
peak memory consumption by 5.6% on average (up to 50.7%).
This work shows that automated techniques can manufacture
data properties to unlock specialized collection implementations,
pushing the envelope of collection-oriented optimization.

Keywords—compilers, memory optimization

I. INTRODUCTION

When developers use data collections (e.g., lists, sets, maps),
they must choose how to implement them. While custom
implementations allow hand-tuned performance and memory
use, many rely on general-purpose implementations provided
by the language or libraries. For example, a C++ developer can
select either a std: :vector (array) or a std: : 1ist (linked list)
to optimize common operations. This process, called collection
selection, significantly impacts both performance and memory
usage [1, 2]. Consequently, tools exist to guide developers
through this optimization space [2—-11].

Furthermore, collection implementations can be specialized
to leverage properties of the data they store. For example,
if a certain key is never used in a hashtable, it can be
used as a tombstone key to mark slots that are empty or
removed, eliding the need for an extra bit to mark each slot.
Without such properties, selections like this are left entirely
unexplored. Implicit knowledge of properties is a hallmark
of domain-specific languages, naturally enabling specialized
implementations. However, for general-purpose applications,
these properties do not exist naturally. In these cases, developers
must manufacture the necessary property by normalizing their
data if they wish to employ a specialized implementation.

For example, bitsets provide a compact and performant
solution to store finite sets over a contiguous range of integers,
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e.g., [0, N). This property can be manufactured with data
enumeration, where each item in the domain of a set is assigned
a unique integer identifier. These identifiers can then be used
as the domain of a bitset. Consider the following code, where
we find and print all unique items in an array:

1 array := ["foo”, "bar”, "foo"]
2 set: Set = {}

3 for v in array:

4 if not set.has(v):

5 set.insert(v)

6

print(v)

This program can be transformed to use data enumeration
(shown below). First, a mapping from identifiers to the original
data is created (Line 1). Items in the array are replaced with
their identifiers (Line 2). Then, the set is replaced with a bitset
over the identifiers (Line 3). The original data is retrieved by
indexing into the mapping with the identifier (Line 7).

enumn := {@->"foo", 1->"bar"}
array := [0, 1, @]
set: BitSet = {}

for v in array:
if not set.has(v):
set.insert(v)
print(enumn[v])

T Y N

While data enumeration may seem straightforward, it can be
unwieldy to perform manually. Developers must balance the
cost of translating between data and identifiers, ensuring that
operations are performed on the correct form. In large projects,
keeping usage consistent across modules is difficult, risking
subtle logic errors, while evolving features and refactoring can
introduce performance bugs as boundary choices become stale.

To ameliorate these issues, we propose automatic data
enumeration (ADE). With ADE, the compiler creates the
enumeration mapping, inserts translations between data and
identifiers, and replaces sets with bitsets. We introduce opti-
mization techniques to eliminate redundant translations and
employ static heuristics to decide when to use either identifiers
or the original data. With these techniques, ADE achieves
speedups of 2.16x on average (up to 8.72x) and reduces peak
memory consumption by 5.6% on average (up to 50.7%) on a
wide range of benchmarks. Furthermore, user directives enable
performance engineering for up to 78.1x speedup and a 70.1%
peak memory reduction. We implement ADE in the MEMOIR
compiler [12]. The MEMOIR compiler with ADE is publicly
available at https://github.com/arcana-lab/memoir.
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This paper makes the following contributions:

« Introduces Automatic Data Enumeration (§III).

« Presents optimizations to eliminate redundant translations
between data and identifiers (§III-C-III-E).

« Extends MEMOIR to support collection selection (§III-H).

o Enables performance engineering with directives (§11I-1).

« Evaluates the performance and memory usage impact of
ADE on multiple architectures (§IV).

« Investigates the impact of each optimization (§IV:RQ3).

« Explores a performance engineering case study using direc-
tives to fine tune ADE (§IV:RQ4).

II. BACKGROUND AND MOTIVATIONS

Data enumeration is a manual optimization rooted in string
interning, where each string is assigned a unique identifier.
Interning is useful when strings serve as map keys or set
items, avoiding an O(n) multiplicative factor on all search
operations. This pattern is commonly seen in compilers and
language runtimes, with the earliest documented usage in
Common Lisp [13] and Scheme [14]. It persists today in
modern languages such as Java [15], Lua [16], and Clojure [17].

However, interning applies to more than strings. Java
interns boxed booleans, and some integers, to reduce memory
usage [18]. Additionally, Go’s unique package [19] lets
developers intern comparable data types, exposing a Handle
type for identifiers. More generally, the flyweight design
pattern [20] is used by developers to deduplicate shared
immutable data, an example being LLVM’s storage of constant
values.

Data enumeration differs from interning by requiring that all
unique identifiers be contiguous, i.e., in the range [0, N) where
N is the number of unique data items. With this property, maps
and sets over the data can be converted into array-like data
structures, such as bitsets, where a key’s identifier is used as its
index into the array. Converting sets and maps into array-like
data structures is the primary benefit of data enumeration.

We build ADE on top of MEMOIR [12], a compiler
intermediate representation (IR) with data collections as first
class citizens in an SSA form. MEMOIR enables the collection-
oriented analysis and transformation necessary for ADE. We
describe our extensions to MEMOIR, along with a brief
overview of technical details and syntax, in §III-A.

III. AUTOMATIC DATA ENUMERATION

Before going into the details of automatic data enumeration
(ADE), we discuss our high-level approach.

Associative collections map keys of an arbitrary type to
values. While their definition affords greater flexibility than
sequential collections, they require indirection—e.g., search
trees or probes—to access. Fundamentally, this arises from
mapping a sparse or noncontiguous domain into memory:

sparse
K—V

We address this limitation by decomposing associative

collections into a sparse mapping and a dense mapping:

sparse dense

K—— E —> V, where E = [0, |K])

K — E assigns keys to a contiguous range E, which is then
mapped to values via E — V. The contiguity of E enables the
values of E — V to be efficiently stored in an array-like data
structure. We refer to the mapping K — E as the enumeration
of K, and E — V as the enumerated collection.

In this section we describe our implementation of automatic
data enumeration. §III-A describes our extensions to MEM-
OIR [12]. §III-B describes how we transparently transform
a program with automatic data enumeration. We describe
optimizations to eliminate redundancy ($III-C) and transfor-
mations that uncover latent redundancy (§III-D and III-E).
Next, we explain how ADE handles function calls (§III-F)
and nested collections (§1II-G). Then, §III-H presents the
collection implementations explored in our system, including
details on the specialized implementations enabled by data
enumeration. Finally, §III-I introduces optimization directives
to enable performance engineering with ADE.

A. Intermediate Representation

Our compiler operates on MEMOIR [12]: an extension of
the LLVM IR [21] with first-class representation for data
collections in an SSA form. MEMOIR extends the LLVM
IR with types and operations for common data collections, i.e.,
sequence, map, set and tuple. The MEMOIR syntax can be
found in Figures 1 and 2. MEMOIR is generated from C, C++
or Rust through a custom library that preserves information
about collections instead of lowering data collections to an
in-memory representation. ADE transforms collections in the
program before MEMOIR is lowered to LLVM IR, where
collections are laid out in memory.

In this paper, we extend MEMOIR with the for-each loop',
which iterates over each element in the collection, binding the
key and a reference to the value.

MEMOIR uses structured control flow, where blocks do not
have names, so we use an implicit ordering for ¢ functions:

o If-else exit: ¢(value_if_true, value_if_false)

e Loop entry: ¢(initial_value, recurrent_value)

e Loop exit: ¢(final_value)

We introduce nested collections, e.g., x: Map<K,Set<V>>.
Operations are performed at a specific nesting level, e.g., insert
(x, k) inserts into the map and insert(x[k], v) inserts into
the nested set at k. The result of updates, such as insert, is
the new state of the base collection.

We extend MEMOIR to support collection selection with
type annotations. For example, Set{HashSet}<f32> is a set
implemented with a HashSet. Collection types can also have
an empty selection, e.g., Set{e}<f32>, also written as Set<f32>
for simplicity. The available selections are described in §III-H.

B. Inserting Enumerations and Translations

We now describe the framework for automatic data enumer-
ation before delving into optimizations. Listing 1 serves as an
example MEMOIR program being transformed. As a result of
our example transformation, we will enumerate %hist.

"Implemented in LLVM as a higher-order function, where a function
representing the body of the loop is passed as an operand.



‘ v € Variables, f € Functions,n € N ‘

Fou=fn T f(v:T ...): b Sfunctions
b = if v: b else: b if-else
| for [v, v] in x: b for-each loop

| do: b while v do-while loop

| ix b sequencing
in=v: T? = op(x...) instructions
op ::= new AT construction
| read | has | size query

| write | insert | remove | clear update

| add | sub|call | ¢ | .. LLVM

x == v |x[s]|x.n operands
su=v|n]|end scalars

Fig. 1: The MEMOIR expression syntax.

‘ s € Selections U e ‘

T ::= AT | ST | void types
AT == CT | Tup<T...> aggregates
CT ::= Seq{s}<T> | Set{s}<ST> | Map{s}<ST,T> collections
ST = u64 | .. | i64 | ... | f64 | f32 | ptr | idx scalars

Fig. 2: The MEMOIR type syntax.

First, the enumeration %e: Enum is created with type Enum =
(Enc, Dec), where Enc = Map<f32,idx> maps values to unique
identifiers and Dec = Seq<f32> provides the reverse mapping.
The enumeration is populated on the fly as new values are
encountered. We introduce three translation functions:

fn idx @enc(Enum,f32) translates a value to its identifier.
Behavior is undefined if the value is not in the enumeration.

fn f32 @dec(Enum,idx) translates an identifier to its value.
Behavior is undefined if the identifier is not in the enumeration.

fn (Enum, idx) @add(Enum,f32) adds a value to the enumera-
tion, returning the updated enumeration and the new identifier.
If the value is already in the enumeration, returns the input
enumeration and the value’s identifier.

To transform the program, the compiler must know where to
perform translations. Algorithm 1 generates three sets—7oEnc,
ToDec and ToAdd—with use sites that must be patched by
translating the value with a call to the respective function.

After collecting the uses to patch, we can transform the
program, shown in Listing 2. First, we transform the type
of %hist to Map{BitMap}<idx,u32> (line 4). Then, a new
enumeration is allocated (line 3). Finally, all use sites are
patched by calling the helper function (lines 8 and 13).

A keen eye will notice that, at this point, we have not
optimized the behavior of the program. Rather, we have solely
added a level of indirection! In the remainder of this section,
we discuss optimizations that make ADE performant.

C. Eliminating Redundant Translations

Redundant translation elimination (RTE) is the primary
driver for optimizing performance with ADE. Informally, RTE
leverages the properties of the @enc, @dec and @add functions

Listing 1: Compute histogram of a sequence.

1 fn void @count(%input: Seq<f32>):

2 %hist := new Map<f32,u32>()

3 for [%i, %vall in %input:

4 %hist@ := ¢(%hist, %hist3)

5 %cond := has(%histo, %val)

6 if %cond:

7 %freq := read(%histo, %val)

8 else:

9 %hist1l := insert(%histo, %val)
10 %freqo0 := ¢(%freq, 0)

11 %hist2 := ¢(%histo, %hist1)

12 %freql := add(%freqo, 1)

13 %hist3 := write(%hist2, %val, %freql)

Listing 2: Compute histogram of sequence with ADE.

1 type Enum = // describe in text.

> fn void @count (%input: Seq<f32>):

3 %e := new Enum()

4 %hist := new Map{BitMap}<f32,u32>()

5 for [%i, %vall in %input:

6 %hist@ := ¢(%hist, %hist3)

7 %e@ := ¢(%e, %e2)

8 %id := call @enc(%e@, %val)

9 %cond := has(%histo, %id)

i) if %cond:

1 %freq := read(%histo, %id)

12 else:

13 (%el, %id) = call @add(%e@, %val)
14 %hist1l := insert(%histo, %id)

15 %freqo := ¢(%freq, 0)

16 %hist2 := ¢(%histo, %hist1)

17 %e2 := ¢(%ed, %el)

18 %freql := add(%freqo, 1)

19 %hist3 := write(%hist2, %id, %freql)

to apply rewrite rules. The first leverages the fact that edec is
the inverse function of @enc, allowing the rewrite:

call @enc(e, call @dec(e, x)) — X

Additionally, if a value needs to be decoded, then it is already
in the enumeration, allowing the rewrite:

call @add(e, call @dec(e, x)) — (e, x)

Finally, since values are never removed from the enumeration
and @dec is injective, allowing the rewrite:

eq(call @dec(e, x), call @dec(e, y)) — eq(x, y)

This analysis is described with more detail in Algorithm 2,
which collects redundant translations into TrimEnc, TrimDec
and TrimAdd. These are used to recompute ToEnc, ToDec and
ToAdd, by subtracting the corresponding Trim set.

We use a static heuristic to estimate the benefit of ADE.
Informally, enumeration is beneficial iff we can find redundant
translations. To compute the heuristic, we perform a what if
analysis using the results of the FINDREDUNDANT function:

|TrimEnc| + |TrimDec| + |TrimAdd)|

This heuristic could be extended with profile information,
however this static heuristic has sufficed for our use cases.



ALGORITHM 1: Uses to patch for enumerated collection.

ALGORITHM 3: Find candidates for enumeration sharing.

in: v associative collection variable

out : ToEnc(v), ToDec(v), ToAdd(v)

foreach r € Redefs(v) do

foreach u € Uses(r) do

switch User(u) do

case op(r, k) where op € {read, has, remove} do
| insert use of k in ToEnc(v)

case write(v, r, k) do
| insert use of k in ToEnc(v)

case insert(r, k) do
| insert use of k in ToAdd(v)

case for [k, v] in r: ... do
| insert Uses(k) in ToDec(v)

case op(r[k]..., ...) do # Nesting, see §III-G
| insert use of k in ToEnc(v)

ALGORITHM 2: Identify redundant translations.

function FINDREDUNDANT(ToEnc, ToDec, ToAdd):

foreach u € ToDec do

if u € ToEnc then # Encoding a decoded value

insert u in TrimDec

insert u in TrimEnc

else if u € ToAdd then # Already enumerated

insert u in TrimDec

insert u in TrimAdd

else if User(u) is eq(x, y) A x = UsedBy(u) then

let w < use of y in User(u)

if w € ToDec then # Comparing enumerated values
L insert u in TrimDec

insert w in TrimDec

| return TrimEnc, TrimDec, TrimAdd

D. Sharing Enumerations Between Collections

Although enumeration can benefit a single collection, it is
common for multiple collections to operate on the same data. To
exploit this, we share an enumeration between multiple enumer-
ated collections. This amortizes the overhead of constructing the
enumeration and uncovers redundant translations to eliminate.
In this section, we present algorithms and heuristics to identify
cases where sharing is beneficial.

We use the term candidate to refer to a group of collections
that share an enumeration. Informally, we identify a candidate
as the maximal set of collections that improve the benefit
heuristic. For a collection to be in a candidate, its inclusion
must make the benefit of the candidate greater than the sum
of its parts. The key insight being that, if two collections
are sharing data, they are likely to be constructed from one
another or have their values compared. If this is the case,
redundant translations will surface when computing the benefit.
Algorithm 3 shows the analysis in more detail.

E. Propagating Identifiers through Collection Elements

In addition to sharing an enumeration between the keys
of sets and maps, any collection can be transformed to store

in: A set of collection allocations in the function

out : Candidates set of collections to share an enumeration

# Track the allocations that already belong to a candidate.

let Used = @

# Create a candidate for each collection in the function.

foreach a € A where a ¢ Used A a isa Assoc<T,U> do

let C = {a}

insert a in Used

# Find other collections that would benefit the candidate.

foreach b € A where b ¢ Used do

if CANSHARE(D,T)) V CANPROPAGATE(b,T) then

let By = BENEFIT(C) + BENEFIT({b})
let By = BENEFIT(C U {b})
# Benefit must be greater than the sum of its parts.
if By > By then insert b in C ; insert b in Used

# Only emit candidates with positive benefit.
| if BENEFIT(C) > O then insert C in Candidates

I

Benefit of sharing an enumeration between collections.
unction BENEFIT(C):
let TrimEnc, TrimDec, TrimAdd =

TRIM( U ToEnc(c), U ToDec(c), U ToAdd(c) )

ceC ceC ceC

Yty

| return |TrimEnc| + |TrimDec| + |TrimAdd|

# SIII-D: Key type of collection must match to share.
function CANSHARE(x,T):

| return x isa Assoc<T,V>
# §III-E: Element type of collection must match to propagate.
function CANPROPAGATE(x,T):

| return x isa Assoc<K,T>V x isa Seq<T>

Listing 3: Find parent in union-find without propagation.

1 fn u32 @find(%uf:Map<idx,u32>, %v:u32, %e:Enum):
2 %id_v = call @enc(%e, %Vv)

3 do: %curr := ¢(%v, %parent)

4 %id_curr := ¢(%id_v, %id_parent)

5 %e@ := ¢(%e, %el)

6 %parent := read(%uf, %id_curr)

7 (%el, %id_parent) = call @add(%e@, %parent)
8 %not_done := neq(%id_parent, %id_curr)

9 while %not_done

10 %found := ¢(%parent)

1 ret %found

identifiers in its elements using propagation. Consider Listing 3,
where we iteratively search the %uf map using the value read
in the last step as the key in the next step.

If we naively apply our transformation to this code, the
key is translated on each iteration, adding costly accesses to a
potentially hot loop. Propagation addresses this by mutating %uf
to store identifiers for both its keys and values. Listing 4 shows
the same program with propagation applied to the elements of
%uf. As a result, there is no translation in the loop. It has been
replaced by a single decode outside the loop.

We refer to a collection storing identifiers in its elements as
a propagator. Algorithm 4 details how we identify the uses
to patch for propagators. Since we cannot determine that a
given value is an identifier or not at runtime, propagators must




Listing 4: Find parent in union-find with propagation.

1 fn u32 @find(%uf:Map<idx,idx>, %v:u32, %e:Enum):
2 %id_v = call @enc(%p, %Vv)

3 do: %id_curr := ¢(%id_v, %id_parent)

4 %id_parent := read(%uf, %id_curr)

5 %not_done := neq(%id_parent, %id_curr)

6 while %not_done

7 %id_found := ¢(%id_parent)

8 %found := call @dec(%p, %id_found)

9 ret %found

ALGORITHM 4: Uses to patch for propagator.

in: v a collection variable
out : ToEnc(v), ToDec(v), ToAdd(v) uses to patch.
foreach r € Redefs(v) do
foreach u € Uses(r) do
switch User(u) do
case v := read(r, k) do
| insert Uses(v) in ToDec(v)
case write(v, r, k) do
| insert use of k in ToAdd(v)
case for [k, v] inr: ... do
| insert Uses(v) in ToDec(v)

store identifiers in all elements. As such, all values written to
the collection must be added to the enumeration. Algorithm 3
shows how we apply the benefit heuristic to identify beneficial
propagators for a candidate. We employ the same heuristic for
propagation and sharing, as the key insight holds for both.

F. Interprocedural Transformation

To handle enumerated collections passed as arguments, the
compiler determine which enumeration to use for translation
in the callee, detailed in Algorithm 5. This generates a set
of equivalence classes, where items in a class share the same
enumeration. Each class is given a global variable to store the
enumeration. When patching a use, the enumeration is loaded
from this global variable for the translation.

For recursive functions, ADE reuses the enumeration at each
invocation, avoiding construction overhead. Without reuse, the
constructing an enumeration at each invocation led to timeouts
and significant memory overhead for our benchmarks.

For functions that are externally visible, or have parameters
that are only enumerated for some callers, we create a clone of
the function to transform. We do not apply ADE to collections
passed into calls with indirect or externally defined callees,
nor collections that escape into unknown memory locations.
This ensures correct translation for all uses and functionally
prevents transformation of collections shared among parallel
threads, but permits correct handling of sequential programs
and thread-local collections.

G. Enumerating Nested Collections

We extend ADE to operate on nested collections by making
our analyses conscious of nesting. We refer to a nested

ALGORITHM 35: Unify collections that share an enumeration.

in: V the set of all candidates
in: F the set of functions with enumerated parameters
out : EnumClass: equivalence classes for each enumeration
# Unify redefinitions.
let U be a union-find data structure
foreach r € Redefs(v) where v € V do
| unify v with 7 in U

# Unify parameters, see Figure 3 for a visual aide.
foreach p € Params(f) where f € F do
# Unify parameters where all arguments agree.
foreach a € Incoming(p) where U find(a) = b do
| unify p with b in U
# Unify parameters whose arguments are unified at each call.
if 3g € Params(f) where VYc € Callers(f),

U find(c.arg(p)) = U find(c.arg(q)) then
| unify p with g in U

# Compute the equivalence classes from the union-find.
let EnumClass = classes(U)

Callee params

A A }All incoming edges use A — parameter uses A
n }Incoming edges disagree — parameter uses C
1=
Arguments agree — parameters share F
(|

Caller 1 args Caller 2 args

Fig. 3: Visualization of unifying parameters in Algorithm 5.

collection using the operand syntax from Figure 1. If a nested
collection is enumerated, all collections at that nesting level
share an enumeration. For example, given %x:Seq<Set<f32>>,
%x[0] and %x[1] use the same enumeration. To ensure that all
keys are properly translated, we patch nested operand indices
as shown in the last case statement of Algorithm 1.

H. Collection Selection

ADE makes specialized implementations possible by manu-
facturing the necessary properties, expanding the selection
space. Table I outlines the implementations available to
each type, where the Enum’d? column marks specialized
implementations for enumerated collections. The rest of this
section describes those specialized implementations in more
detail.

BitSet is implemented with a boost::dynamic_bitset,
a contiguous array of bits that supports dynamic resizing.
Dynamic resizing is necessary for our application since
enumerations are constructed on the fly. BitMap is implemented
similarly, with a contiguous array to hold the values.

SparseBitSet is implemented with Roaring [22], a popular
compressed bitset library used by Apache Lucene [23] and
Youtube [24], and studied by academia [25]. Roaring uses a
hybrid compression technique, combining uncompressed bitsets,
packed arrays and run-length encoding to achieve a performant
yet compact implementation.



TABLE I: Collection selection candidates and the average case complexity of basic operations, where n is the number of
elements in the collection k is the largest integer key in the collection.

Type Enum’d? | Selection Description Rd/Wr | Insert | Remove Storage

Seq<T> X Array Resizeable array 1 0(n) O(n) n - bits(T')

Set<T> X HashSet Hash table — o(l) o(l) O(n - bits(T))
X FlatSet Sorted array — log(n) | log(n) n - bits(T)
X SwissSet Swiss table — o(1) o(1) O(n- (1+bits(T)))
v BitSet See §III-H — 1 1 k
v SparseBitSet See §III-H — o(l) 0 (k) O(k)

Map<K, T> X HashMap Hash table o(l) o(l) o(l) O (n - (bits(K) + bits(T))

X SwissMap Swiss table o(l) o(l) o(l) O(n - (1 + bits(K) + bits(T))
v BitMap See §III-H 1 1 1 k - (1 +bits(T))

1. Performance Engineering with Optimization Directives

Modern compilers are becoming open boxes [26-28], where
performance engineers are given the ability to dictate optimiza-
tion plans to the compiler. In this vein, we provide directives
to specify candidates and constraints that override the benefit
heuristic. This allows performance engineers to fine-tune ADE,
while still benefiting from fully automatic transformation.

Examples of these directive are shown in Listing 5. Users can
explicitly enable (line 1) or disable (line 3) data enumeration
for a collection. Additionally, they can specify that a collection
should not share an enumeration with another (line 1). Alter-
natively, they can specify a group of collections to share an
enumeration between (lines 5 and 7). Finally, users can select
the implementation for a given collection (line 3).

Listing 5: Directives allow users to control and guide ADE.

1 #pragma ade enumerate noshare(c)

2 a = new Set<u32>

3 #pragma ade noenumerate select(SwissMap)
4+ b = new Map<u32, u32>

5 #pragma ade share group("d+e group”)

6 C = new Set<u32>

7 #pragma ade share group("d+e group”)

s d = new Set<u32>

IV. EVALUATION

We answer the following research questions:

RQ1 What is the impact of ADE on performance and memory
usage, and are there differences across architectures?

RQ2 What proportion of sparse accesses are eliminated?

RQ3 What is the impact of our techniques to uncover and
eliminate redundant translations?

RQ4 Can user directives enable further benefits?

RQ5 How does ADE compare to state-of-the-art collection
implementations from industry?

A. Experimental Setup

We perform our evaluation on two machines:

Intel-x64: 176 core Intel Xeon Gold 6238L CPU at 2.10GHz
with 2.8MiB 8-way L1d$, 88MiB 16-way L2$, 121MiB 11-way
LL$, and 376GiB of DDR4 at 3200MT/s.

AArch64: 128 core ARM Neoverse N1 at 3GHz with 8MiB
4-way L1d$, 8MiB 4-way L2$, 128MiB 8-way LLS$, and
256GiB of DDR4 at 3200MT/s.

Both machines run Ubuntu 22.04.1 LTS. Our compiler is built
upon the MEMOIR compiler [12] using LLVM 18.1.8 [21],
with abstractions from NOELLE [29].

We implement 15 of the 17 Lonestar *Analytics’ bench-
marks [30] and fregmine from PARSEC [31]. These bench-
marks are implemented in C++ using abstract MEMOIR
data collection types instead of low-level implementations,
representing code written by developers before heavy manual
optimization. The benchmarks are listed in Figure 4, with the
breakdown of collection operations executed in each, and a
hierarchical clustering of benchmarks based on the breakdown.
We use suite inputs where provided, otherwise we use an input
from SNAP [32, 33]. All benchmarks are compiled with full
LTO and -03. Results shown are the median of 10 runs, with
the geometric mean (GEO) reported in each plot.

RQ1: Performance

We compare ADE against the MEMOIR compiler on Intel-
x64. The only difference between these two compilers are
the analyses and transformations detailed in §III. We present
speedup for the whole-program (Figure 5a) and region of
interest, where initialization is factored out (Figure 5b).

We find that ADE provides substantial whole-program
speedups of 2.12x on average, up to 8.72%, with a sole
regression on KC of 0.94x. KC is a case where the cost of
constructing the enumeration (1.16X initialization slowdown)
is not amortized by the ROI speedup (2.01X) since > 90% of
execution time is initialization. Focusing solely on the region
of interest, we see speedups of 2.98x on average, up to 9.02x.
These results show that ADE optimizations and specialized
implementations overcome the overhead of enumeration con-
struction and translation for significant performance gains.

We evaluate memory usage using maximum resident size and
present our findings in Figure Sc. We find that ADE reduces
maximum resident size by 5.6% on average, up to 50.7%.
However, we see no impact on the majority of benchmarks.
We see one regression on FIM with a 27.3% increase. The
regression is caused by our static benefit heuristic, which results
in the compiler enumerating cold collections that are only used
during verbose output. Since verbose output is disabled for the
PARSEC input, the additional mappings are allocated and never
used. While ADE does not consistently reduce memory usage,
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Fig. 5: Performance and memory usage of ADE compared to
MEMOIR running on Intel-x64.

it achieves the aforementioned performance results without
bloated memory usage.

With recent shifts in server and consumer computing markets
from x86-64 towards AArch64, it is important to examine the

impact of compiler optimizations across both architectures.
Figure 6 shows the performance results of ADE on AArch64.

We found no significant difference in relative memory usage
between Intel-x64 and AArch64. Bars are shaded green if the
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Fig. 6: Performance and memory usage of ADE relative to
MEMOIR on AArch64.

results are better on AArch64 than Intel-x64, and red if worse.

We find that ADE speedups are robust across architectures,
with whole-program speedups of 2.03x on average, up to
11.35%, and ROI speedups of 2.91x on average, up to 7.89x.
We find some benchmarks with significant regression on
AArch64, such as SSSP, where whole-program speedup falls
from 8.72x to 4.60x. This is caused by operation-level perfor-
mance differences across architectures (Table III). Specifically,



TABLE II: Sparse/dense access counts relative to MEMOIR.

MEMOIR ADE Difference
Bench | Sparse Dense | Sparse Dense | Sparse Dense  Total
BC 48.8 51.2 | 40.1 110.6 | -8.7 +594 +50.7
BFS 100.0 0.0 32 982 | -96.8 +98.2 +14
BP 6.3 93.7 6.2 935 | -0.1 -0.2 -0.3
CcC 100.0 0.0 320 101.0| -68.0 +101.0 +33.0
CD 100.0 0.0 398 603 | -60.2 +60.3 +0.0
FIM 33.0 67.0 56 1022 | -274 +352 +7.7
IS 649 351 57 117.0| -59.2 +81.9 +22.7
KC 100.0 0.0 | 151.0 82.1 | +51.0 +82.1 +133.0
KT 53.0 47.0 53 1022 | -47.7 4552 +74
MCBM | 74.1 259 | 63.7 115.6| -10.4 +89.7 +79.3
MST 5.0 95.0 27 1002 | -23 452 429
PP 99.3 0.7 87 1002 | -90.5 +994 +8.9
PR 100.0 0.0 242 957 | -75.8 +495.7 +19.9
PTA 100.0 0.0 304 107.6 | -69.5 +107.5 +38.0
SSSP 50.0 50.0 0.1 100.0 | -50.0 +50.0 +0.1
TC 19.7 803 0.1 3803 -19.6 +300.0 +280.4

TABLE III: Per-operation speedup of different implementations
relative to Hash{Set,Map}.

Impl. ‘Read Write Insert Remove Iterate Union
BitSet — — 9.08 124 0.19 5817.38
g SparseBitSet | — —  1.54 1.07 0.27 3700.50
% SwissSet — — 161 040 0.27 1.71
E FlatSet — — 019 010 559 2531
= BitMap 10.63 1594 13.10 1.32 2.65
SwissMap 069 146 258 041 3.65 —
BitSet — — 1253  2.63 0.22 6944.48
$ SparseBitSet | — — 281 2.21 0.29 4702.13
5 SwissSet — — 146 0.52 0.28 3.28
£ FlatSet — — 028 0.22 315  50.37
< BitMap 18.65 10.20 8.91 2.60 6.41 —
SwissMap 064 065 1.18 0.51 7.16 —

writes and insertions to a BitMap, hot operations for SSSP, see
1.56x and 1.47x slowdown on AArch64, respectively.

RQ2: Sparse and Dense Accesses

In §IIT we described the high-level goal of ADE: replacing
sparse accesses with dense accesses. We evaluate the composi-
tion of these accesses in our benchmarks, shown in Table II, and
find that ADE effectively replaces sparse accesses with dense
accesses. We find that ADE may increase the total number of
dynamic accesses, however performance results suggest that
this is a beneficial tradeoff.

To understand this tradeoff, we measure relative performance
of different implementations across machines, shown in Ta-
ble III. We find that all operations, aside from set iteration, are
significantly more performant on a Bit{Set,Map} compared
to both Hash{Set,Map} and Swiss{Set,Map}.

RQ3: Ablation Study

In §III, we introduced a battery of optimizations to uncover
and eliminate redundant translations. We perform an ablation

study to understand the impact of each. The results are shown
in Figures 7 and 8 relative to ADE with all optimizations.

First, we evaluate the impact of redundant translation
elimination (RTE), as described in §III-C. The results of
disabling RTE are seen in Figure 7a. We find that RTE is
beneficial across the board, with an average 2.63x slowdown
when disabled, up to 16.7x. We also find that RTE has no
impact on memory usage, which is expected because it solely
removes redundant access operations.

Next, we evaluate propagation (§1II-E), shown in Figure 7b.
These results show the primary benefit of propagation: uncov-
ering latent redundancy, where elements are used to primarily
transfer values from one enumerated collection to another..
This is seen in the correlation between RTE and propagation
ablation speedups. In cases, such as SSSP, this is especially
prevalent as we see approximately equivalent slowdowns when
either RTE or propagation are disabled. This indicates that,
in such cases, the compiler is able to uncover little to no
redundancy without propagation. We find that propagation has
no impact on memory usage for the majority of benchmarks,
with the exception of FIM where we see memory usage balloon
to 1694.3% This is due to propagation being necessary to
enable sharing, without which we introduce many enumeration
mappings. This is supported by the memory usage seen with
sharing disabled, which similarly grows to 1696.1%

Finally, we evaluate sharing (§1II-D), shown in Figures 7c
and 8. Of note, no sharing also entails no propagation, as the
benefit computation will never introduce a propagator unless
it can be shared with an enumerated collection. Similarly
to propagation, sharing uncovers latent redundancy, which
is illustrated by a trend towards the slowdowns seen with
RTE disabled. Unlike the prior optimizations, we find that
sharing has a significant impact on memory usage, rising by
an averge of 20% when disabled. However, we see one outlier
in PTA, which achieves significant speedup and memory usage
reduction with sharing disabled. This is caused by our benefit
heuristic being overly eager to share an enumeration between
collections, leading to Bit{Set,Map} that are sparse over the
shared enumeration. We use this outlier as a case study for
our user-guided optimization directives in RQ4.

RQ4: Performance Engineering Case Study

In RQ3, we found that ADE heuristics were too optimistic
for sharing enumerations in PTA. We use PTA as a performance
engineering case study, using the directives from §III-I.

We first bisect the problem by disabling sharing for each
collection in the program using the noshare directive. Doing
so, we find that the regression was caused by sharing with
the points-to set (Map<ptr,Set<ptr>> %pts), particularly the
inner sets %pts[x]. By disabling sharing for the inner sets,
we achieve a speedup of 78.1x and reduce memory usage
by 71.0% relative to MEMOIR (13.7x speedup and 41.1%
memory usage reduction relative to untuned ADE). The root
cause of this speedup is that the inner sets range over all objects,
while the original enumeration ranges over all pointers. There
are approximately 1.8 x 103 allocations and 2 x 107 pointers
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Fig. 7: Ablation study, whole-program speedup with optimiza-
tion techniques disabled on Intel-x64 relative to ADE with all
optimizations enabled.
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Fig. 8: Ablation study, memory usage with sharing disabled
on Intel-x64 relative to ADE with all optimizations enabled.
RTE had no impact on memory usage, while propagation only
impacted FIM with similar results to sharing.

in the sqlite3 bitcode input we use, resulting in the inner
bitsets using only 0.009% of their bits. This led to a large
performance penalty for aggregate operations, such as iterating
over the bitset or computing the number of set bits.

Seeing these results, we investigated if data enumeration is
even beneficial for the inner sets with the noenumerate directive,
but this resulted in a speedup of only 1.12Xx and a memory
usage reduction of 25.9% relative to MEMOIR.

Finally, we investigate alternative implementations for the
inner set using the select directive. We first selected a
SparseBitSet to compact the memory layout by eliminating
unused bits. This resulted in a 1.57x speedup and 67.1%
reduction in memory usage compared to untuned BitSet. Next,
we selected a FlatSet so that only items in the set are stored,

with linear set union (a hot operation). This resulted in a 2.73%
speedup and 20.4% reduction in memory usage compared to
BitSet. While these results showed a good improvement, they
fall short of the 78.1x speedup and 71.0% reduced memory
usage achieved with noshare.

RQ5: Comparison with Third-Party Implementations

While the C++ standard template library is commonly used
by developers, it has known performance limitations. Because
of this, developers make use of third party libraries, such as
Abseil [34]. We compare ADE against Abseil’s swiss table, a
highly optimized implementation of sets and maps. We present
our findings in Figures 9 and 10 for Intel-x64. We did not see
many significant differences on AArch64, we will discuss the
differences we did find later in this section.

First, we directly compare Swiss{Set,Map} against
Hash{Set,Map} by setting the default implementation of the
MEMOIR compiler. We present the results in Figures 9 and 10.
On average, we find that Swiss{Set,Map} is more performant
and uses less memory. However, we see major performance
regressions on SSSP, KT, PP and FIM. These regressions are in
stark contrast to large gains on PR and MCBM, with speedups
of 3.43x and 2.69x, respectively.

Using the direct comparison as a backdrop, we compare
ADE against MEMOIR, where both use Swiss{Set,Map} as
the default implementation. Performance results are shown in
Figure 9b. We find that most benchmarks have similar speedup
results as in RQ1. This is with the sole exception of MCBM,
where Swiss{Set,Map} provide a better solution than ADE in
this use case, but tuning with directives could help.

Looking at memory usage in Figure 10b, we find that ADE
provides a significant improvement over Swiss{Set,Map} in
PTA and TC, where memory usage is reduced by 60.0% and
70.4%, respectively, with a sole regression on FIM of 27.6%.

On AArch64, we saw two deviations from the
Intel-x64: SSSP saw performance regressions using
Swiss{Set,Map}, while IS saw performance improvements
using Swiss{Set,Map}.

V. RELATED WORKS AND OPPORTUNITIES

ADE differs from prior approaches to collection selection
by enabling specialized collections through program transfor-
mation. While prior works present a variety of techniques for
exploring the selection space, none expand it. This makes ADE
a fundamentally new approach to memory-centric optimization,
where program transformation and collection selection can be
combined to achieve more than the the sum of their parts. This
section discusses prior work on collection selection (§V-A)
and memory-centric transformations (§V-B) with the goal of
providing both a survey and identifying avenues of future work
using ADE as a signpost.

A. Collection Selection

We classify prior work on collection selection into three
categories: runtime, search-based, and synthesis.

Runtime selection techniques fully embrace the dynam-
icity of collection selection, using profiling to select the
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Swiss{Set,Map} on Intel-x64, lower is better.

implementation. CoCo [10] uses a complexity-guided runtime
selection solution for Java using ‘collection combos’, a set of
implementations with a shared interface. One implementation
in the combo is active at a time, while inactive collections are
updated to hold abstract elements that can be used to compute
the concrete value when the selection changes. Seeing the
overhead of instance-level adaptation, CollectionSwitch [4]
coarsens runtime selection to the allocation site. By combining
runtime selection with just-in-time transformation to introduce
desired properties, specialized implementations could be en-
abled. Additionally, a runtime system could inspect collections
for such desired properties.

Search-based selection relies on runtime profiles to select
implementations for hot operations. perflint [2] first used
this strategy to identify inefficient collection usage in C++,
recommending source code changes to fix them, e.g., converting
set to unordered_set. Brainy [3] extended this with a
machine-learned model that is more effective across inputs.

Similar ideas have since been explored in both Java and C++ [6—
8] and could be use ADE as a selection target. Collection
Skeletons [5] takes a different approach, searching for an
implementation that satisfies the user-specified properties of
the collection, e.g., uniqueness, which could be enhanced with
manufactured properties.

Data structure synthesis takes a data structure description
and synthesizes an implementation. Many approaches [35, 36]
use a relational model of the program’s data for synthesis, with
extensions to support concurrency [37]. CRES [11] extends
these techniques to use static analysis instead of runtime
models, eliding profiling cost. Furthermore, Cozy [9] enables
users to express ad-hoc properties via query descriptions,
such as the directedness or cyclicity of a graph, which are
leveraged during synthesis. To build upon this, MEMOIR
collections can be described to these systems as relations,
and specialized implementations can be synthesized using a
toolbox of transformations that manufacture properties.

B. Automatic Memory Optimizations

Performance engineers employ a variety of memory opti-
mization techniques, from bespoke pointer representations [38]
to hand-rolled garbage collection [39]. However, most of these
techniques demand considerable manual effort with little to no
automation. To reduce this burden, prior work has shown that
compilers can automate several memory optimizations, such
as pool allocation [40], pointer compression [41], array inter-
leaving [42], memory defragmentation [39] and data structure
splicing [12, 43, 44]. This paper adds data enumeration to this
list, however the directions still remains largely unexplored.

VI. CONCLUSIONS

In this paper, we have shown that compilers are capable of
automating data enumeration, achieving up to 78.1x speedup
and 71.0% reduced memory usage without the need for tedious
manual effort. ADE illustrates how compilers can manufacture
data properties to enable general-purpose programs to benefit
from specialized collection implementations, making it the
first approach to enhance collection selection with co-designed
transformations. While this work focuses on data enumeration
for sets and maps, we see clear opportunities for extending
these ideas to additional properties and collection types through
integration with prior work. ADE also demonstrates the
power of collection-oriented compiler infrastructures, like
MEMOIR [12], which make the necessary analysis and transfor-
mation possible. We believe that such infrastructure is essential
for future work in this direction, and that our results establish
a new envelope for collection-centric compiler optimizations,
paving the way for compilers that treat collections as first-class
optimization targets.
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ARTIFACT APPENDIX
A. Abstract

Our artifact includes source files for the MEMOIR compiler,
with the transformation and extensions described in the paper.
In addition to this, it includes the benchmark suite used for
evaluation, and plotting scripts. This artifact reports its results
by recreating Figures 4, 5, 6, 8 and 9 of the paper. The user
is able to configure which experiments they would like to
evaluate, this customization is detailed in the artifact appendix.
The artifact has been tested on both Intel-x64, AMD-x64,
and AArch64. The artifact requires a network connection to
download external dependencies and our benchmark suite.

B. Artifact Check-list (meta-information)

Algorithm: Automatic Data Enumeration

Program: MEMOIR

Compilation: LLVM18.1.8

Transformations: Automatic Data Enumeration

Binary: None

Data set: SNAP, Lonestar and PARSEC

Run-time environment: Linux

Hardware: x64

Run-time state: Yes

Execution: Sole-user

Metrics: Execution time, Maximum resident set size
Output: Figure 4; Optional: Figures 5, 6, 8, 9
Experiments: Performance Evaluation

How much disk space required (approximately)?: 15 GiB
How much time is needed to prepare workflow (approxi-
mately)?: 10 minutes

« How much time is needed to complete experiments (ap-
proximately)?: 2 hours (1 run, with minimal configurations
enabled), 10 hours (1 run, with all configurations enabled)
Publicly available?: Yes

Code licenses (if publicly available)?: MIT License

Data licenses (if publicly available)?: N/A

Workflow framework used?: Docker, Unix Makefiles, Bash,
customization described below.

o Archived?: Yes, https://doi.org/10.5281/zenodo.17633688

C. Description

1) How delivered: The artifact is available on Zenodo [45],
at https://zenodo.org/records/17633688.

2) Hardware dependencies: An x64 processor. This artifact
has been tested on AMD EPYC 7443P, Intel Xeon Gold 6238L,
and ARM Neoverse N1.

3) Software dependencies: The artifact depends on Docker,
all other dependencies are installed during setup. This artifact
has been tested with both Docker 27.5.1 and Podman 4.9.4.

4) Data sets: All inputs provided, generated or downloaded
during setup, sourced from SNAP, Lonestar and PARSEC.

D. Installation

Docker will install all of the required dependencies during
setup. To setup and run the docker image, run:

make docker
If you are using a container tool other than docker, run:

make docker DOCKER=/path/to/tool

E. Experiment workflow
First, configure the experiment workflow:
make config
After configuration, run the experiments:
make all

This will run the following workflow:

1) MEMOIR is compiled (make compiler).

2) Inputs are generated, unzipped or downloaded (make
inputs).

3) All benchmarks are executed, and statistics about their
execution time and memory usage are gathered via
/usr/bin/time (make run).

4) All (configured) figures are created (make plot).

F. Evaluation and expected result

When the experiment workflow is complete, the figures will
be placed in bench/data/<TIMESTAMP>.

Expected: We expect all figures to approximate the trend
seen in the paper. However, due to differences between library
implementations across machines, expect some variance.

Key Results.

Figure-4a.pdf: whole-program speedup of ADE over
MEMOIR. Expected: ~2X geomean.

Figure-4b.pdf: region-of-interest (ROI) speedup of ADE
over MEMOIR. Expected: ~3X geomean.

Figure-4c.pdf: memory usage of ADE relative to MEM-
OIR. Expected: ~100% geomean, <200% maximum. Note:
We have seen variance in the PTA memory usage result across
machines.

(Optional) Ablation Study Results. Nore: We have seen
variance in the PTA result across machines, this is caused
by differences in the C++ STL implementation.

Figure-5a.pdf: speedup, redundant translation elimination
disabled.

Figure-5b.pdf: speedup, propagation disabled.

Figure-5c.pdf: speedup, sharing disabled.

Figure-6.pdf: memory usage, sharing disabled.
(Optional) Abseil Results.

Figure-8a.pdf: speedup of MEMOIR
Swiss{Set,Map} over MEMOIR with Hash{Set,Map}.

Figure-8b.pdf: speedup of ADE with Hash{Set,Map} over
MEMOIR with Swiss{Set,Map}.

Figure-8c.pdf: speedup of ADE with Swiss{Set,Map}
over MEMOIR with Swiss{Set,Map}.

Figure-9a.pdf: memory usage of MEMOIR with
Swiss{Set,Map} relative to MEMOIR with Hash{Set,Map}.

Figure-9b.pdf: memory usage of ADE with
Hash{Set,Map} relative to MEMOIR with Swiss{Set,Map}.

Figure-9c.pdf: memory wusage of ADE with
Swiss{Set,Map} relative to MEMOIR with Swiss{Set,Map}.

with


https://doi.org/10.5281/zenodo.17633688
https://zenodo.org/records/17633688

G. Experiment customization

We provide various knobs for any evaluator to customize
how they would like to run the experiment. An evaluator can
customize their configuration by running make config in the
top-level directory of the artifact. This configuration can be
manually set in the Makefile.config file. The configuration
options are as follows:

o Number of Trials can be set with the TRIALS environ-
ment variable. This will run each configuration of each
benchmark TRIALS times. By default, TRIALS=3.

Note: This will increase the evaluation time by a multi-
plication of TRIALS.

o Select Benchmark with the BENCH environment variable.
If set, this will run a single benchmark instead of the
full suite. This uses the name of the benchmark directory
in bench/benchmarks/<NAME>, not the abbreviation. By
default, this value is unset so that all benchmarks run.

o Select Configurations with the CONFIGS environment
variable, a space-separated string of configuration names.
By default, CONFIGS="memoir ade". The available con-
figurations are:

— memoir: MEMOIR compiler (baseline)

— ade: ADE optimization

— memoir-abseil: MEMOIR compiler, using Abseil
Swiss{Set,Map}

— ade-abseil: ADE, using Abseil Swiss{Set,Map}

— ade-noredundant: MEMOIR compiler with ADE,
redundant translation elimination (§III-C) disabled

— ade-nopropagation: MEMOIR compiler with ADE,
propagation (§III-E) disabled

— ade-nosharing: MEMOIR compiler with ADE, shar-
ing ($III-D) disabled

— ade-sparse: ADE, using SparseBitSet

— ade-nested-sparse: ADE, using SparseBitSet, in-
stead of BitSet, for sets (requires BENCH=points_to)

— ade-inner-no-share: ADE, using SparseBitSet,
instead of BitSet, for nested sets (requires
BENCH=points_to)

H. Notes
For more detailed information about the artifact and how

to extend it to be used on new benchmarks and compiler
configurations, see the README . md in the artifact.

I. Methodology

Submission, reviewing and badging methodology:

« http://cTuning.org/ae/submission-20190109.html

« http://cTuning.org/ae/reviewing-20190109.html

« https://www.acm.org/publications/policies/
artifact-review-badging
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