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The conventional approach to represent objects in static program analysis is to use allocation-site abstraction.
This design choice may lead to redundant computations when many abstract objects are similar. Existing
mechanisms that aim to merge such objects are not effective for JavaScript. We propose a novel adaptive heap
abstraction technique that during analysis discovers and merges similar abstract objects, thereby reducing the
analysis complexity while preserving most of the precision.

The technique has been implemented in a state-of-the-art program analyzer for JavaScript. On a collection
of 96 challenging programs, it yields a 2X speedup on average (up to 17X) with a negligible loss of precision.
The experimental results also show the effects of various analysis configurations.
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1 Introduction

Pointer analysis is an essential component in static analysis of programs with pointers or
objects [1, 21, 24]. In the JavaScript programming language, which is the focus of this work,
functions are a kind of objects and type information is generally unavailable, so pointer analysis
is crucial for construction of call graphs and for inferring interprocedural dataflow. Computing
such information is valuable for vulnerability detection and many other software development
tasks [7, 18, 25, 27]. However, making pointer analysis scalable to large, real-world applications
remains challenging, which motivates research in new techniques to improve performance without
sacrificing precision.
The common choice of heap abstraction in pointer analysis is allocation-site abstraction, which

abstracts objects by their syntactic allocation site [4]. Objects that are allocated at the same source
code location are grouped together as one abstract object, whereas objects created at different
locations are treated as distinct by the analysis. A variant is field-based analysis [7] which groups
all objects into a single abstract object and only distinguishes heap locations according to field
names. That approach may scale well but generally leads to unacceptable precision losses. Context-
sensitivity is a general technique for improving precision of pointer analysis [23]. Instead of only
abstracting by allocation site, context-sensitive pointer analysis uses more fine-grained abstractions
that also distinguish objects by the calling context at the allocations. Although the precision
gained by context-sensitivity in some cases leads to performance improvements, adding context-
sensitivity generally makes analysis less scalable. Another variant is type abstraction [2] which
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refines allocation-site abstraction using object types, but that approach is not directly applicable to
dynamically typed languages like JavaScript.

Hardekopf and Lin [9] have demonstrated that allocation-site abstraction can lead to redundant
analysis computations when objects from different allocation sites are equivalent in the sense that
the objects appear in exactly the same points-to sets, which is called location equivalence. They
proposed a technique named LE for detecting location equivalence and effectively merging the
equivalent abstract objects to improve analysis performance. LE is a pre-analysis designed for C
programs and is not applicable to a dynamic language like JavaScript, where indirect calls are
pervasive. Other approaches [16, 28] either rely on type information, which is difficult to obtain
in JavaScript, or employ a preliminary, less precise pointer analysis to accelerate a subsequent,
more precise one, which does not help on our situation where the baseline analysis is already
flow-insensitive and context-insensitive. The limitations of existing work are described in detail in
Section 5; altogether, none of the related techniques that have been developed for other languages
can easily be adapted to speed up state-of-the-art pointer analysis for JavaScript.
In this work, we propose a novel technique inspired by widening [5] to coarsen allocation-site

heap abstraction during subset-based pointer analysis for JavaScript. Unlike the LE technique, our
approach detects object similarities during analysis rather than using a pre-analysis, which means
that it can leverage partially computed points-to information. This is not simply an adaptation
of Hardekopf and Lin’s notion of location equivalence. Instead, we design a set of heuristics that
use information from the program syntax and the points-to sets to identify when and which
abstract values can advantageously be represented using a coarser abstraction. Functions are
treated differently than ordinary objects to keep the algorithm simple and to prevent precision
losses in call graph construction.
We implement the technique on top of a state-of-the-art program analysis framework for

JavaScript and evaluate it on a set of real-world cases drawn from GitHub and the npm reg-
istry. The results demonstrate that adaptive heap abstraction achieves an average speedup of
2.03× on 96 challenging cases. In the best case, it delivers a 17× improvement, and for the most
time-consuming case, it yields nearly a 7× speedup. Moreover, the technique enables successful
analysis of 69 additional cases that the baseline fails to complete. Across all benchmarks, the loss in
precision remains modest, with an average increase of only 2.28% call edges.

In summary, our contributions are as follows:

• We propose an adaptive heap abstraction technique, presented as an extension of the wave-
propagation pointer analysis algorithm [19].
• We design effective heuristics, based on a novel notion of abstract object similarity that
combines syntactic and points-to information. Merging is performed for abstract objects that
are sufficiently similar and as early as possible to maximize the effect.
• We perform a large-scale empirical evaluation on real-world JavaScript cases, demonstrating
the scalability benefits of our approach withminimal loss in precision, and evaluating different
design choices.

2 Motivation
Consider the JavaScript code in Figure 1 from the package undici. The dictionaryConverter function

defined in lines 1–16 returns a function that processes an array of converter objects, such as the one
in lines 17–32. In that function, the key, converter, and allowed properties of each of those objects
are read in lines 5, 8, and 9. In an ordinary subset-based points-to analysis with allocation-site
abstraction (see, e.g., [1, 21, 24]), the corresponding part of the flow graph looks like Figure 2a. Here,
nodes represent program variables, expressions or object properties, and edges represent direct
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1 webidl.dictionaryConverter = function (converters) {

2 return (dictionary) => {

3 let dict = {}

4 for (const opt of converters) {

5 const { key, converter } = opt

6 let value = dictionary[key]

7 value = converter(value)

8 if (opt.allowed

9 && !opt.allowed.includes(value)) {

10 throw Exception(/*...*/)

11 }

12 dict[key] = value

13 }

14 return dict;

15 }

16 }

17 webidl.converters.RequestInit = webidl.dictionaryConverter([

18 {

19 key: 'cache',

20 converter: webidl.converters.DOMString,

21 allowed: requestCache

22 },

23 {

24 key: 'referrerPolicy',

25 converter: webidl.converters.DOMString,

26 allowed: referrerPolicy

27 },

28 {

29 key: 'mode',

30 converter: webidl.converters.DOMString

31 }

32 ]);

Fig. 1. A code snippet from the package undici.

dataflow relations. The abstract objects that model the three objects in the array are denoted 𝑜18, 𝑜23,
and 𝑜28, respectively. We observe that in this situation, there is no reason to distinguish between
these three abstract objects. Adaptive heap abstraction (presented in Section 3) intuitively collapses
them into one abstract object, for example using 𝑜18 as representative as shown in Figure 2b.
This leads to a reduction of the number of flow graph nodes and edges without affecting the
concretization of the points-to sets of the program variables and expressions.
In the actual undici code, there are not only 3 objects and 3 property read operations but 50

objects and 7 property read operations, and there are many functions like dictionaryConverter, so
the reduction in analysis complexity is significant. Suppose a base variable (in this case, opt) points
to 𝑙 abstract objects, each object has 𝑘 ancestors (including the object itself) in the prototype chain,
𝑚 property read operations applied to this variable, and each object property access resolves to 𝑛
target objects. It then takes time 𝑂 (𝑙 × 𝑘 ×𝑚 × 𝑛) to compute the points-to information for this
part of the program. Merging the abstract objects in the undici example corresponds to reducing 𝑙 .
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(a) Ordinary heap abstraction.
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(b) Adaptive heap abstraction.

Fig. 2. Flow graph before and after abstract objects have been merged using adaptive heap abstraction.

In other situations, merging abstract objects corresponds to reducing 𝑛 (if target objects are similar)
or 𝑘 (if ancestor objects are similar).

One important question remains: How and when can we decide which abstract objects to merge?
If merging only few abstract objects or merging late in the analysis process, it will have little effect.
If merging too many or too early, analysis precision may degrade significantly. (Unlike, e.g., the
LE approach, we choose to tolerate some precision loss in order to maximize the performance
improvements.) Furthermore, we need to be able to decide without incurring a major overhead
to the pointer analysis. In the following section, we present an analysis design that reaches these
objectives.

3 Approach
In this section, we present the adaptive heap abstraction technique as an extension of a basic pointer
analysis for a simplified variant of JavaScript.

3.1 Light-Weight JavaScript
To better illustrate the concept of adaptive heap abstraction, we first introduce a lightweight
JavaScript language, with different kinds of statements shown in Table 1 (the right column will be
discussed in Section 3.2): object allocations, function definitions, variable assignments, function
return, property read and write operations, and function calls. For simplicity, we assume each
function takes exactly one parameter, though it is straightforward to extend the model to multiple
parameters. Since we focus on flow-insensitive pointer analysis in this paper, control-flow con-
structs such as loops and conditionals are omitted, so a program is modeled as a set of statements.
We also ignore many JavaScript language features including dynamically computed property ac-
cesses, prototype-based inheritance, getters and setters, etc.; how to handle those features is not
important for understanding how adaptive heap abstraction works. The implementation used for
the experimental evaluation (Section 4) supports the full JavaScript language.
In JavaScript, functions are a special kind of objects. A function token 𝑓𝑖 represents a function

defined at program location 𝑖 , and an object token 𝑜𝑖 represents non-function objects allocated at
location 𝑖 .1 A token 𝑡𝑖 is either a function token or an object token. For a function at location 𝑖 , we
let param𝑖 and ret𝑖 denote its parameter and return variable, respectively.
1In practice, allocation sites are represented by source location ranges like ⟨file, startLine, startColumn, endLine, endColumn⟩.
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Table 1. Light-weight JavaScript and pointer analysis rules.

Type Statement Constraint Rule

Object Alloc. 𝑥 = {}𝑖 𝑜𝑖 ∈ pt (𝑥 )

Function Definition 𝑥 = 𝑝 ⇒𝑖 { . . .} 𝑓𝑖 ∈ pt (𝑥 )

Assignment 𝑥 = 𝑦 pt (𝑦) ⊆ pt (𝑥 )

Return return𝑖 𝑥 pt (𝑥 ) ⊆ pt (ret𝑖 )

Property Read 𝑥 = 𝑦.𝑓
𝑡𝑖 ∈ pt (𝑦)

pt (𝑡𝑖 .𝑓 ) ⊆ pt (𝑥 )

Property Write 𝑥.𝑓 = 𝑦
𝑡𝑖 ∈ pt (𝑥 )

pt (𝑦) ⊆ pt (𝑡𝑖 .𝑓 )

Function Call 𝑥 = 𝑦 (𝑧 )
𝑓𝑖 ∈ pt (𝑦)

pt (𝑧 ) ⊆ pt (param𝑖 )
pt (ret𝑖 ) ⊆ pt (𝑥 )

3.2 Basic Pointer Analysis
The right column of Table 1 presents the declarative rules for classical flow- and context-insensitive
Andersen-style pointer analysis [1], where pt (·) denotes the points-to set of a program variable,
expression, or abstract object property (collectively called variables). Each statement is modeled as
a constraint on the points-to sets. Object allocations, function definitions, assignments, and return
statements are modeled as simple set constraints. Property reads, property writes, and function
calls are modeled by conditional constraints. The analysis result is defined as the least solution
to the constraints for the given program. If a call graph is desired, it can be extracted from the
points-to sets of the callees at the function calls.
One way to operationalize the analysis constraint rules is using a simplified version of Pereira

and Berlin’s wave propagation algorithm [19] as shown in Algorithm 1. The wave propagation
algorithm takes as input a program represented as a set of statements (as defined in Table 1) and
produces the points-to relation pt. Subset relations are represented using a set of directed edges, 𝐺 .
Both pt and 𝐺 are initially empty.
The main procedure, Analyze, begins by invoking Init, which processes the simple constraints

that model object allocations, function definitions, direct assignments, and return statements. The
helper function 𝑆.add (𝑖) adds item 𝑖 into set 𝑆 (i.e., 𝑆 ← 𝑆 ∪ {𝑖}).
Following initialization, the analysis enters a fixed-point loop (lines 5–10), where it alternates

between two sub-procedures: Propagate and AddEdges. The Propagate step ensures that for each
subset edge 𝑛 → 𝑛′ in 𝐺 , the points-to set of 𝑛 is propagated to 𝑛′. The AddEdges step processes
the conditional constraints. For each property read, property write, and function call, if the receiver
or callee has new token, the procedure adds the corresponding derived subset edges to 𝐺 .
The pseudocode omits several important optimizations present in the full wave propagation

implementation, such as using worklists to track only the changed variables and subset edges
in last iteration, allowing Propagate and AddEdges to process only the changed parts, as well as
topological sorting with cycle elimination. While these optimizations are essential for performance
and our approach is compatible with and can benefit from them, the simplified algorithm presented
here suffices for explaining the core ideas of adaptive heap abstraction.

Proc. ACM Softw. Eng., Vol. 3, No. FSE, Article FSE038. Publication date: July 2026.



FSE038:6 Wenyuan Xu and Anders Møller

Algorithm 1: Simplified wave propagation algorithm
Input :𝑃 , program to analyze
Output :pt, points-to relation

1 pt ← ∅ // points-to relation
2 G ← ∅ // flow graph edges

3 Procedure Analyze()
4 Init ()
5 repeat
6 𝑝𝑡 ′ ← 𝑝𝑡

7 𝐺 ′ ← 𝐺

8 Propagate()
9 AddEdges()

10 until 𝑝𝑡 ′ = 𝑝𝑡 and 𝐺 ′ = 𝐺

11 Procedure Init()
12 foreach 𝑥 = {}𝑖 ∈ 𝑃 do
13 pt (𝑥).add (𝑜𝑖 )
14 foreach 𝑥 = 𝑝 ⇒𝑖 {. . .} ∈ 𝑃 do
15 pt (𝑥).add (𝑓𝑖 )
16 foreach 𝑥 = 𝑦 ∈ 𝑃 do
17 𝐺.add (𝑦 → 𝑥)
18 foreach return𝑖 𝑥 ∈ 𝑃 do
19 𝐺.add (𝑥 → 𝑟𝑒𝑡𝑖 )
20 Procedure Propagate()
21 repeat
22 𝑝𝑡 ′ ← 𝑝𝑡

23 foreach 𝑢 → 𝑣 ∈ 𝐺, 𝑡𝑖 ∈ pt (𝑢) do
24 pt (𝑣).add (𝑡𝑖 )
25 until 𝑝𝑡 ′ = 𝑝𝑡

26 Procedure AddEdges()
27 foreach 𝑥 = 𝑦.𝑓 ∈ 𝑃, 𝑡𝑖 ∈ 𝑝𝑡 (𝑦) do
28 𝐺.add (𝑡𝑖 .𝑓 → 𝑥)
29 foreach 𝑥 .𝑓 = 𝑦 ∈ 𝑃, 𝑡𝑖 ∈ 𝑝𝑡 (𝑥) do
30 𝐺.add (𝑦 → 𝑡𝑖 .𝑓 )
31 foreach 𝑥 = 𝑦 (𝑧) ∈ 𝑃, 𝑓𝑖 ∈ 𝑝𝑡 (𝑦) do
32 𝐺.add (𝑧 → param𝑖 )
33 𝐺.add (𝑟𝑒𝑡𝑖 → 𝑥)

3.3 Adaptive Heap Abstraction
Algorithm 2 presents the basic framework of our approach, which builds on top of Algorithm 1
with a few key modifications (marked in blue).

The general idea is that in each iteration of the main loop, we check for each variable if the size
of its points-to set exceeds a predefined threshold, in which case its tokens are grouped and then
merged. The rationale is that a large points-to set is an early sign of the pattern observed in the
motivating example in Section 2. We refer to this process as merging the tokens; it will be discussed
in detail in Sections 3.4 and 3.5. When merging tokens, variables that represent properties of the
corresponding objects are also merged. For example, when merging the tokens 𝑜18, 𝑜23, and 𝑜28
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Algorithm 2: Analysis with adaptive heap abstraction
1 𝐴← ∅ // variables whose tokens need to be merged
2 𝐵 ← ∅ // variables whose tokens have been merged

3 Procedure Analyze()
4 Init ()
5 repeat
6 foreach 𝑣 ∈ 𝐴 do
7 𝑣 ′ ← Rep(𝑣)
8 if 𝑣 ′ ∉ 𝐵 then
9 Merge(𝑣 ′)

10 𝐵.add (𝑣 ′)
11 𝐴← ∅
12 𝑝𝑡 ′ ← 𝑝𝑡

13 𝐺 ′ ← 𝐺

14 Propagate()
15 AddEdges()
16 until 𝑝𝑡 ′ = 𝑝𝑡 and 𝐺 ′ = 𝐺

17 Procedure Propagate()
18 repeat
19 𝑝𝑡 ′ ← 𝑝𝑡

20 foreach 𝑢 → 𝑣 ∈ 𝐺 do
21 AddTokens(𝑢, 𝑣)
22 until 𝑝𝑡 ′ = 𝑝𝑡

23 Procedure AddEdges()
24 foreach 𝑥 = 𝑦.𝑓 ∈ 𝑃, 𝑡𝑖 ∈ 𝑝𝑡 (𝑦) do
25 𝑡 ′

𝑖
← Rep(𝑡𝑖 )

26 𝐺.add (𝑡 ′
𝑖
.𝑓 → 𝑥)

27 foreach 𝑥 .𝑓 = 𝑦 ∈ 𝑃, 𝑡𝑖 ∈ 𝑝𝑡 (𝑥) do
28 𝑡 ′

𝑖
← Rep(𝑡𝑖 )

29 𝐺.add (𝑦 → 𝑡 ′
𝑖
.𝑓 )

30 foreach 𝑥 = 𝑦 (𝑧) ∈ 𝑃, 𝑓𝑖 ∈ 𝑝𝑡 (𝑦) do
31 𝐺.add (𝑧 → param𝑖 )
32 𝐺.add (𝑟𝑒𝑡𝑖 → 𝑥)
33 Procedure AddTokens(u, v)
34 foreach 𝑜𝑖 ∈ pt (𝑢) do
35 pt (𝑣).add (Rep(𝑜𝑖 ))
36 foreach 𝑓𝑖 ∈ pt (𝑢) do
37 pt (𝑣).add (𝑓𝑖 )
38 if |pt (𝑣) | ≥ 𝑀 then
39 𝐴.add (𝑣)

from Section 2, we also merge the variables 𝑜18 .key, 𝑜23.key, and 𝑜28 .key, and similarly for the other
object properties.
In the global state, in addition to pt and 𝐺 we introduce two additional sets: 𝐴, which tracks

variables whose tokens are candidates for merging, and 𝐵, which tracks variables with tokens that
have already been merged. Rep(·) is a function (defined later as part of Algorithm 3) that provides
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the representative for a merged token or variable. For the motivating example, we chose 𝑜18 as
representative for 𝑜23 and 𝑜28, so Rep(𝑜23) = Rep(𝑜28) = 𝑜18, and Rep(𝑜23 .key) = Rep(𝑜28 .key) =
𝑜18 .key.

The modifications to the base algorithm can be grouped into three parts:

(1) At lines 6–10, for each variable 𝑣 in 𝐴, the algorithm first looks up its representative variable
Rep(𝑣), denoted as 𝑣 ′. If the tokens of 𝑣 ′ have not yet been merged, it performs the merging
and then adds 𝑣 ′ to 𝐵. We will discuss the Merge function in detail in Section 3.4.

(2) At line 21 in the propagation phase, instead of directly propagating tokens along edges𝑢 → 𝑣 ,
the algorithm invokes AddTokens (lines 33–39). This helper function distinguishes between
object tokens 𝑜𝑖 and function tokens 𝑓𝑖 : for object tokens, their representative Rep(𝑜𝑖 ) is
propagated; for function tokens, the original token is propagated as-is. The reason behind
this distinction will be discussed in detail in Section 3.4. If the size of the points-to set pt (𝑣)
exceeds a pre-defined threshold𝑀 , the variable 𝑣 is added to 𝐴 for future merging.

(3) At lines 25 and 28, for property read and write operations, the representative Rep(𝑡𝑖 ) is used
instead of the original token 𝑡𝑖 when constructing subset edges.

The performance improvements of adaptive heap abstraction comes from multiple factors. Most
importantly, part 3 of the modifications contributes to performance improvements by reducing
the number of subset edges created for property read and write operations. As previous literature
has shown, handling conditional constraints usually dominates the total analysis time [19]. The
resulting reduction in the size of the constraint graph 𝐺 further lowers the cost of subsequent
propagation steps. If a worklist-based optimization is used, this also reduces the number of times
the conditional constraints are triggered. Part 2 of the modifications also improves performance, by
reducing the number of propagated tokens, although this accounts for a smaller fraction of the
gain. Conversely, finding the representative tokens and variables via the Rep function introduces a
small overhead. The experimental evaluation (Section 4) shows that the savings amply outweigh
the overhead.
To summarize the high-level idea and partly answer the question from Section 2 about how

and when to choose which abstract objects to merge, we emphasize two central design choices:
(1) Merging is triggered when a variable’s points-to set exceeds a predefined size (line 38). We
choose a default threshold𝑀 = 50 and explore other values in Section 4. (2) Each variable is selected
for merging at most once (line 8), in order to prevent redundant calls to Merge. We elaborate on
this design choice in Section 3.4.

3.4 The Merge Function
Algorithm 3 shows the Merge function,2 which consists of two main phases:

(1) In the preparation phase (lines 3–5), tokens in pt (𝑣) are grouped according to their signatures,
computed via the function Sig(𝑡). Tokens with the same signature are considered similar for
the purpose of merging.

(2) In the main phase (lines 6–13), for each group of tokens 𝑆 , one of them, head (𝑆), is selected as
the representative. All other tokens in the group are redirected to 𝑡0 via the RedirectToken(𝑡, 𝑡0)
operation. This redirection updates internal references and merges associated property vari-
ables (lines 19–20). For object tokens (denoted Obj), non-representative tokens are removed
from pt (𝑣) (line 11), and only the representative Rep(𝑡0) is retained (line 13).

2In the pseudocode, the notation [ ] represents the empty map, and Keys (𝑚) and Values (𝑚) denote, respectively, the keys
and the values of map𝑚.
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Algorithm 3: The Merge function
1 𝜋 ← [] // union-find map

2 Procedure Merge(v)
3 𝜎 ← [] // map from signatures to token sets
4 foreach 𝑡 ∈ pt (𝑣) do
5 𝜎 (Sig(𝑡)) .add (𝑡)
6 foreach 𝑆 ∈ Values(𝜎) do
7 𝑡0 ← head (𝑆)
8 foreach 𝑡 ∈ 𝑆 do
9 RedirectToken(𝑡, 𝑡0)

10 if 𝑡 ∈ Obj then
11 pt (𝑣).remove(𝑡)
12 if 𝑡0 ∈ Obj then
13 pt (𝑣).add (Rep(𝑡0))
14 Procedure RedirectToken(𝑡1, 𝑡2)
15 𝑡 ′1 ← Rep(𝑡1)
16 𝑡 ′2 ← Rep(𝑡2)
17 if 𝑡 ′1 ≠ 𝑡 ′2 then
18 𝜋 (𝑡 ′1) ← 𝑡 ′2
19 forall 𝑝 ∈ Props(𝑡 ′1) do
20 RedirectVar (𝑡 ′1 .𝑝, 𝑡

′
2 .𝑝)

21 Procedure RedirectVar(𝑣1, 𝑣2)
22 𝑣 ′1 ← Rep(𝑣1)
23 𝑣 ′2 ← Rep(𝑣2)
24 if 𝑣 ′1 ≠ 𝑣 ′2 then
25 𝜋 (𝑣 ′1) ← 𝑣 ′2
26 AddTokens(𝑣 ′1, 𝑣

′
2)

27 Procedure Rep(𝑥)
28 if 𝑥 ∈ Keys(𝜋) then
29 𝜋 (𝑥) ← Rep(𝜋 (𝑥))
30 return 𝜋 (𝑥)
31 return 𝑥

The function RedirectToken(𝑡1, 𝑡2) performs redirection between two tokens. It first retrieves the
representative tokens 𝑡 ′1 and 𝑡

′
2 using Rep(𝑡1) and Rep(𝑡2), respectively. If the two representatives

differ, redirection is performed in two steps:
(1) The redirection relation is recorded in a union-find structure 𝜋 , by setting 𝜋 (𝑡 ′1) ← 𝑡 ′2,

indicating that 𝑡 ′1 has been redirected to 𝑡 ′2.
(2) All property variables associated with 𝑡 ′1 are redirected to their counterparts on 𝑡 ′2 using

RedirectVar (𝑡 ′1.𝑝, 𝑡 ′2.𝑝) for each property 𝑝 ∈ Props(𝑡 ′1) (lines 19–20). Here, Props(𝑡) is a helper
function that retrieves all properties currently associated with token 𝑡 .

Computing token signatures and grouping tokens by their signatures takes time, so we have to
do it selectively. Consider a scenario where merging has already been applied to a variable, causing
its points-to set to become small. As the analysis progresses, the points-to set may continue to
accumulate tokens from other variables that have also undergone merging. This may cause the
points-to set to exceed the threshold again, suggesting that merging should be performed again.
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However, in such cases, it is likely that the newly added tokens all have distinct signatures—because
they were already merged previously. As a result, significant time would be wasted on computing
signatures and performing grouping, without leading to more merging. Thus, the design choice of
applying merging to each variable at most once (line 8 in Algorithm 2) may cause some merging
opportunities to be missed, but it substantially reduces the overhead.

The function RedirectVar (𝑣1, 𝑣2) behaves similarly. It first obtains the representative variables 𝑣 ′1
and 𝑣 ′2 via Rep(𝑣1) and Rep(𝑣2). If they are different, it records the redirection by setting 𝜋 (𝑣 ′1) ← 𝑣 ′2
and propagates the points-to information by adding all tokens from pt (𝑣 ′1) into pt (𝑣 ′2).
The Rep(𝑥) function implements the find operation of a union-find (also called disjoint-set)

data structure. It recursively resolves the representative of 𝑥 by traversing 𝜋 until reaching a
representative that has no parent redirection. Path compression is also applied during this process
to flatten the structure for future lookups.
Function tokens are handled differently than object tokens, both in Algorithm 2 and in Algo-

rithm 3. Specifically, function tokens are never replaced by their representatives (but we still merge
the variables that represent their object properties, since functions can have properties like any
other objects). This may seem as a missed opportunity for the merging technique, however, we
opted for this design choice because preliminary experiments revealed two problems if treating
function tokens in the same way as object tokens: (1) if one function token were to represent
multiple functions, more analysis work would be needed to model the flow of function arguments
and return values and to build the call graph; and (2) we observed that merging function tokens is
more brittle than merging object tokens, in the sense that merging just a few too many functions
using the signature heuristics (Section 3.5) would sometimes lead to significant precision losses.
Nevertheless, many variations of these design choices are conceivable, which may be worthwhile
to explore in future work.

3.5 Token Signatures
The token signatures, i.e., the Sig(𝑡) function, is defined such that tokens have the same signature if
they represent “similar” objects, like the contents of the array in the motivating example in Section 2.
The optimal definition would maximize the performance gains of the analysis, but this would be
much too expensive to compute. Instead, we choose a pragmatic, heuristic design that sometimes
may be too fine-grained (resulting in missed opportunities for performance improvements) or too
coarse (resulting in precision losses) but allows the token signatures to be computed quickly and
seems to work well in practice. The signature of a token 𝑡 is a tuple,

Sig(𝑡) = ⟨kind,module, name, params, prop⟩

where
• kind is the kind of the token, which is determined syntactically from the allocation site,3
• module is the module (i.e., file) in which the token is defined,
• name is the declared name of the function if 𝑡 is a function token and it has a name (otherwise,
it is the empty string),
• params is the number of parameters in the function declaration if 𝑡 is a function token
(otherwise, the value is set to 0), and
• prop is a hash value of Props(𝑡) (i.e., the set of property names being accessed on token 𝑡 ).

For example, 𝑜18, 𝑜23 and 𝑜28 from Section 2 have the same signature. The definition is inspired
by the notion of type-consistency by Tan et al. [28] but is easier to compute. Most components of

3The token kinds used in the implementation include Object, Function, Array, and Class, plus others that are less
important for the merging mechanism.
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the signature tuple are trivial to obtain. Only the prop component is more expensive, as objects and
functions may gain properties dynamically, and hashing string sets is costly. To address this, the
implementation caches the computed hash of Props(𝑡) and updates it when more properties are
discovered.

4 Evaluation

We implemented our approach on top of Jelly,4 a state-of-the-art pointer analysis framework for
JavaScript and TypeScript that supports modern JavaScript language features, including prototypes,
getters/setters, iterators, asynchronous operations, and models of ECMAScript native functions.
Adaptive heap abstraction is compatible with all of this. An artifact containing the implementation
and all experimental data is available at https://zenodo.org/records/19554781.

Other JavaScript analysis tools, specifically ODGen [14], FAST [10], and Graph.js [8], are not used
in the evaluation because they, unlike Jelly, ignore many JavaScript language features including
ECMAScript native functions, getter and setters, and iterators, resulting in highly unsound analysis
results. Furthermore, Graph.js only analyzes individual files, not whole programs, and ignores
all indirect calls. ODGen is known to suffer from severe scalability issues [8, 10]. FAST is an
improvement of ODGen but still ignores essential language features and fails to analyze all the
benchmarks described below.

The evaluation answers the following research questions:
(1) How does adaptive heap abstraction affect the analysis time for challenging real-world

JavaScript programs?
(2) To what extent does the approach affect the precision?
(3) How do the different heuristics for detecting tokens to merge affect the precision and perfor-

mance of the analysis?
(4) How does the approach perform compared to Hardekopf and Lin’s LE technique [9]?
In all analysis runs discussed below, we set a time limit of 1 hour and a memory limit of 30GB.

All experiments are conducted on an Ubuntu server with 2x AMD EPYC 7773X CPU@2.2GHz.
To obtain a dataset of real-world JavaScript programs that are difficult to analyze, we initially

selected the top 2,000 most-starred GitHub repositories written in JavaScript or TypeScript, along
with the top 1,000 most downloaded npm packages. Then we excluded any program that took
less than 180 seconds to analyze using the baseline Jelly analyzer, as performance improvements
are less interesting for such programs that can already be analyzed relatively quickly. Next, we
excluded programs that could not be analyzed by the baseline Jelly analyzer with default settings
within the selected time and memory limits. This resulted in 96 relevant benchmark programs,
82 from GitHub and 14 from npm. The list includes popular packages, such as, axios, babel-core,
lodash, webpack, and react-router. On average, each of them has over 150 libraries, 1,000 modules,
and 15,000 functions. The full list can be found in the artifact.
For the npm packages, we exclude test files and raw source files (such as those ending in .jsx

or .ts). Test files are excluded for two reasons: (1) when analyzing libraries, the test code is not
relevant for users, and (2) the test code largely relies on the same testing frameworks. Although
our early experiments showed that adaptive heap abstraction significantly speeds up analysis of
such frameworks, including them would reduce the overall diversity of our dataset.

To measure the analysis performance, we use the following metrics: running time, the size of the
points-to sets (calculated as

∑
𝑣∈𝑉 |𝑝𝑡 (𝑣) |), and the size of the subset graph (defined as the number

4https://github.com/cs-au-dk/jelly
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Fig. 3. Analysis times with and without adaptive heap abstraction.

of subset edges). To assess the impact on precision, we use the following metrics as done in prior
work on program analysis for JavaScript [12, 13]:

• Number of call edges: The total number of call edges in the call graph. Distinct call sites within
the same function are treated as separate edges.
• Number of monomorphic call sites: A call site is classified as monomorphic if it has at most
one associated call edge.
• Number of polymorphic call sites: The number of call sites that have multiple call edges.

We do not use dynamic call graphs to measure precision because, to the best of our knowledge,
there is no available tool that can generate high-quality call graphs for our setting. Existing dynamic
call graph generators lack TypeScript support and only work well when comprehensive test suites
are available.

4.1 Result for RQ1 (Performance)
The running times of the baseline analysis and the analysis with adaptive heap abstraction are
shown in Figure 3, where each bar represents a benchmark program. As the results indicate, adaptive
heap abstraction reduces analysis time in most cases.

For smaller cases, where the baseline analysis completes in approximately 3–5 minutes, adaptive
heap abstraction provides limited performance gains. In some cases, it is even slightly slower than
the baseline. This is because such cases exhibit relatively little imprecision, resulting in only a
small number of variables exceeding the merging threshold. Meanwhile, the mechanism introduces
additional overhead to compute signatures, maintain representative mappings, and manage redi-
rection checks. In contrast, larger and more complex cases appear to benefit substantially from
adaptive heap abstraction. The threshold is reached more frequently, and when many tokens have
the same signature, merging effectively reduces redundant propagation and conditional constraint
computation. For example, in the rightmost case in Figure 3, adaptive heap abstraction achieves a
performance improvement of approximately 7× compared to the baseline.
Another promising trend observable in Figure 3 is that, for the cases in the right half of the

figure—i.e., larger and more complex codebases—the baseline analysis time continues to grow
rapidly. In contrast, the analysis time with adaptive heap abstraction shows a slower increase. This
suggests that the approach not only improves performance on large cases in our benchmarks but is
also likely to scale more gracefully as program size and complexity grow, and we expect the trend
to continue beyond the chosen time limit.
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A manual inspection of a small sample of programs where adaptive heap abstraction has little
effect on analysis speed shows that other techniques would be needed to improve performance in
those cases—tweaking the heuristics (in particular, the threshold and the token signature definition)
has little effect.

Although the approach requires additional data structures for bookkeeping, thememory overhead
of analysis is reduced because tokens and variables are merged. For the 47 benchmarks whose
memory consumption was successfully profiled (the remaining benchmarks time out when enabling
memory profiling), average peak memory usage per package decreases from 8.84GB to 4.33GB.
All benchmarks use less memory than the baseline, and 24 use less than 50%.

In general, the performance improvement brought by adaptive heap abstraction is substantial. On
average, it achieves a speedup of 2.03× over the baseline across 96 real-world JavaScript programs.
Among these, 76 (79.2%) cases see at least a 1.3× speedup, 64 (66.7%) achieve at least 1.5×, and 41
(42.7%) exceed 2.0×. In the best case, adaptive heap abstraction achieves a maximum speedup of 17×
compared to the baseline. Moreover, the reduction in memory usage follows a similar trend. The
approach enables the analysis to successfully complete on 69 additional programs that the baseline
fails to handle within the resource limits. This further demonstrates that the technique improves
scalability and makes it possible to analyze larger and more complex JavaScript codebases.

4.2 Result for RQ2 (Precision)
To investigate the impact of adaptive heap abstraction on analysis precision, we examined three
key metrics of the computed call graphs: the number of call edges, the number of polymorphic call
sites, and the number of monomorphic call sites. Evaluating pointer analysis precision using such
call graph metrics follows prior work (e.g., [9, 13, 16, 28]).
From the results, we observe that although the technique introduces some precision loss in

certain cases, the overall impact remains limited. Specifically, in 67 (69.8%) of the cases, the call
graph size increases by less than 1% compared to the baseline. In 94 (97.9%) of the cases, the number
of monomorphic call sites decreases by less than 0.1%. Similarly, 75 (78.1%) of the cases gain less
than 1% additional polymorphic call sites. Notably, more than 20 benchmarks exhibit exactly the
same number of monomorphic and polymorphic call sites before and after applying adaptive heap
abstraction. These results indicate that, despite the merging, the most critical aspects of analysis
precision are largely preserved.

This precision stability is primarily due to our merging heuristics. First, the threshold mechanism
ensures that merging is only triggered in the presence of imprecision. Second, the special treatment
of function tokens avoids mixing callees in the analysis constraints for function calls, thereby
minimizing its impact on call graph accuracy. Third, the token signature mechanism guarantees
that only tokens with sufficiently similar characteristics are merged.

While the overall impact on precision is low, we identify two notable outliers in our evaluation.
The first casemetroui has a significant increase in the number of call edges (from 491,135 to 587,537)
when adaptive heap abstraction is enabled. However, examining the same case across the other two
precision metrics reveals only minor differences: The number of monomorphic call sites decreases
slightly from 32,266 to 32,107 (a 0.05% decrease), and the number of polymorphic call sites increases
modestly from 4,310 to 4,477 (a 3.8% increase). Considering that the technique yields a 1.4× speedup
in this case, we consider this as an acceptable trade-off between performance and precision.

In the second case husky, adaptive heap abstraction introduces around 1,600 additional polymor-
phic call sites (from 5,972 to 7,591). These new call sites relate to JavaScript’s getters and setters. In
Jelly, property accesses are modeled as call sites if the accessed object defines a getter or setter. The
increase occurs because of merging of objects that have getters or setters with those that do not
have them. This behavior is rare and can be mitigated in future work by refining the property hash
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Fig. 4. Different configurations of adaptive heap abstraction.

to incorporate getter/setter information. Meanwhile, since the technique gives a 2.96× speedup, we
also consider the precision loss in this case to be acceptable.
In summary, the adaptive heap abstraction mechanism introduces only minor precision losses:

the experimental results show on average 2.28% more call edges, 0.05% fewer monomorphic call
sites, and 1.33% additional polymorphic call sites.

4.3 Results for RQ3 (Configuration)
To answer RQ3, we evaluated the impact of different design choices by changing one setting at a
time. In the Default configuration used in the evaluation for RQ1 and RQ2, the merging threshold
𝑀 is set to 50 and all the features described in Section 3 were enabled. The following configurations
were tested as variations of the default settings:
M=10, M=30, M=70,M=90: set the threshold to 10, 30, 70, or 90, respectively;
WithoutModule: exclude the module information from the token signature;
WithoutFunc: exclude the function name and the number of parameters from the token signature;
WithoutProp: exclude the property hash from the token signature;
WithoutB: allow merging to be applied to the same variable multiple times (i.e., disabling the

check 𝑣 ′ ∉ 𝐵 in line 8 in Algorithm 2).
Before examining individual metrics such as analysis time and call graph size, we first evaluate

whether each configuration can successfully analyze all benchmarks within the resource bounds.
The results are shown in Figure 4. We observe that not all configurations are able to successfully
analyze all targets. Among them, only the Default andM=70 configurations complete all cases,
while some of them still merit further investigation likeM=30 fails in only one case, andWithout-
Module fails in three. The M=10 and M=90 configurations cause analysis to fail on, respectively,
10 and 9 of the benchmarks.

Setting the threshold parameter M low causes tokens to be merged too early. Since our signature
mechanism relies on information about the abstract objects involved, early merging increases the
risk of imprecision. Moreover, since merging is applied to each variable at most once, early merging
may occur before the variable has accumulated enough similar tokens, reducing its effectiveness.
Conversely, if M is set too high, merging is delayed, such that many tokens may have already
triggered many conditional constraints by the time merging is performed, meaning that the analysis
gains little or no performance benefit.

Among the configurations for token signature computation (WithoutModule, WithoutFunc,
and WithoutProp), we find that the property hash is the most critical component. Disabling it
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Fig. 5. Precision metrics for different configurations.

leads to 17 failed cases, highlighting its importance in effectively grouping similar tokens. Function-
related information is also valuable, while module information appears to be less important.

Overall, we see that the information that is extracted from the analysis state during the analysis,
i.e., the number of tokens in the points-to sets and the sets of property names that have been
discovered for each token, contributes significantly to the analysis performance improvements.
The other information that is used for making the decisions about which tokens to merge, i.e., the
module names and syntactic information about the functions, plays a minor role but is still useful.

The results for WithoutB show the importance of applying merging to each variable only once.
As previously discussed, this design avoids repeated computation of token signatures. In addition,
it helps prevent over-merging: tokens that represent similar objects are likely to appear together in
a variable’s points-to set during the same iteration, and merging the first such variable should be
sufficient. Allowing merging on the same variable multiple times increases the risk of incorrectly
merging later tokens into existing token groups, causing imprecision for other variables that only
contain a subset of those tokens.
To further investigate the M=30, M=70, and WithoutModule configurations, we selected

92 benchmarks that all three configurations successfully analyze. Figure 5 presents the analysis
times (Figure 5a) and the number of call edges (Figure 5b) for each configuration. To obtain a
concise overview of the comparison results, each bar represents a group of five benchmarks (the
benchmarks are ordered by their baseline analysis time and divided into consecutive groups of five,
with the last group containing any remaining cases). For each group and metric, we compute the
geometric mean for each configuration.
From the results, we observe that among the threshold configurations, the Default setting

remains the most balanced and generally optimal choice. Whether the threshold is set to 30, 50
or 70 has little effect on the analysis precision, according to the number of call edges. In terms
of running time, we observe that across packages with different baseline analysis time, 𝑀 = 50
consistently emerges as a good choice. Choosing𝑀 = 30 or𝑀 = 70 causes objects to be merged
either too early or too late. This trend holds regardless of the code complexity/size, suggesting that
even for larger and more time-consuming packages, using a higher or lower threshold would not
yield better performance than𝑀 = 50.

The WithoutModule configuration is particularly interesting: in most groups, it achieves faster
analysis than the default setting. However, its drawback is also evident—it produces a less precise
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call graph, and in three cases, this imprecision leads to analysis failure due to exceeding the 1 hour
timeout or the 30GB memory limit.
In general, the default configuration offers the best overall trade-off between performance and

precision of the configurations studied in this comparison. Disabling the use of module information
in the token signature may be a viable alternative in some scenarios, as it can yield additional
speedup. However, this comes at the cost of increased imprecision and a risk of analysis failure.

4.4 Results for RQ4 (LE)
As discussed in Section 1, the LE technique by Hardekopf and Lin [9] also aims to improve analysis
performance by merging abstract values, so it is relevant to perform an in-depth comparison
between that that approach and our proposed adaptive heap abstraction technique. LE was designed,
implemented and evaluated for analysis of C programs, but we have made a best-effort adaptation
of LE into the Jelly analyzer for JavaScript to enable an experimental comparison.

To implement the LE technique for JavaScript analysis, it is necessary tomake several assumptions
and adaptations. Most importantly, LE relies on a distinction between direct and indirect variables.
Although all call sites in JavaScript are theoretically indirect, we assume that the analyzed program
never reassigns a different function to the identifier variable used in a function or class declaration.
This allows some call sites to be classified syntactically as direct. Further details of our adaptation
are detailed in Appendix A in the artifact. LE operates in two phases: an preparing phase for
identifying location equivalence and a main phase for leveraging this equivalence information to
perform pointer analysis. We only measure the main phase when comparing analysis time.
The experimental results show that LE does not significantly reduce analysis time, even with

the assumption about call sites: There is only 2% speedup on average, and only 5 benchmarks
experience a speedup of over 1.5X. LE identifies on average 93 equivalent objects compared to 3,332
similar objects in our approach. There are two main explanations for this. First, the strict definition
of location equivalence causes LE to miss opportunities for merging tokens. As an example, consider
the code in Figure 1. The abstract objects 𝑜18, 𝑜23, and 𝑜28 are not location equivalent because they
correspond to different indices of the array object defined in lines 17-32, so they can not be merged
by LE. Our approach merges them because they are determined to be sufficiently similar, without
negatively impacting the precision of the call graph. As demonstrated in RQ2, this is a common
situation. Second, indirect variables are pervasive in JavaScript (unlike in C) due to higher-order
function calls, method invocations, and frequent object read/write operations (including getter
and setters), which prevents LE from detecting equivalences of their abstract values. Altogether,
because LE detects very few location equivalences, we conclude it is ineffective for JavaScript
pointer analysis.

4.5 Threats to Validity
The benchmarks are drawn from the most popular projects on GitHub and npm, thereby represent-
ing widely used JavaScript codebases that are complex and challenging to analyze. The experiments
consistently show that most of the benchmarks benefit from adaptive heap abstraction, which
indicates that the technique is broadly applicable and effective in real-world scenarios. Still, it is
unknown whether the experimental results generalize to other JavaScript codebases.
When selecting benchmark cases, it is possible that different projects share many common

dependencies, which may raise concerns about dataset diversity. However, variations in dependency
combinations and usage patterns can lead to substantially different effects on analysis behavior
and performance.
Modern hardware and operating systems employ various optimizations, such as memory and

disk caching, which can cause subsequent runs of the same to execute slightly faster. To mitigate
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this noise, we warm up the environment by running the analysis twice before recording the actual
results under different configurations. We see in the experiments that the runtime variance for
the same program is within approximately 10 seconds after warm-up, while the speedup achieved
through adaptive heap abstraction significantly exceeds this margin. Moreover, internal metrics—
such as, the reduction in points-to set sizes and the number of subset edges—further confirm that
the observed performance gains are due to the merging itself, rather than external noise.

The approach is implemented on top of the Jelly analysis tool, which is implemented in TypeScript.
As a result, both the performance of the JavaScript runtime (Node.js) and the design choice in
Jelly can influence the observed effectiveness of adaptive heap abstraction. For example, JavaScript
lacks built-in hash functions for objects and does not provide native hash maps, requiring us
to implement such mechanisms manually. These operations would likely be faster in compiled
languages such as C/C++ or Rust, possibly making adaptive heap abstraction even more efficient in
those environments. Moreover, Jelly comprehensively models most JavaScript language features,
unlike other more light-weight analysis tools. The experimental results observed for Jelly may not
generalize to such tools.

When answering RQ3, we modify only one variable at a time to isolate its effect. While exploring
combinations of variables might yield different results, doing so would significantly increase
experimental complexity without altering the main conclusions or diminishing the demonstrated
benefits of adaptive heap abstraction. Nonetheless, we welcome future work that explores effective
combinations of variables or develops new heuristics to further improve the effectiveness.

5 Related Work
When JavaScript programs are executed, arbitrarily many objects may be generated, so static
program analyses need to apply abstractions to ensure termination. The choice of abstraction has a
crucial effect on the analysis performance and precision. Allocation-site abstraction [4] is a natural
and widely used abstraction, used in, for example, the classical subset-based pointer analysis by
Andersen [1]. It is based on the idea that objects that are allocated at the same program location
are likely to be similar and can hence safely be collapsed, whereas collapsing objects created at
different locations is more likely to cause precision losses. This style of pointer analysis is used in
popular tools, such as, WALA [30] and Soot [29] (now SootUp [11]).
Steensgaard’s unification-based pointer analysis [26] uses a more coarse abstraction, which

results in an almost-linear time algorithm but with much lower precision. The adaptive heap
abstraction technique presented in this paper is inspired by Steengaard’s approach and also uses
a union-find data structure to maintain equivalences, but performs unification less aggressively,
thereby almost preserving the precision of the baseline analysis.
Other points-to analysis techniques use type-based abstraction [15, 31], which is typically less

precise than allocation-site abstraction and only works for statically typed languages, thereby
excluding JavaScript. (Even though TypeScript is commonly used, npm packages usually do not
contain detailed type information.)
The design of our approach is inspired by widening, as introduced by Cousot and Cousot [5].

Widening is a general technique for accelerating convergence during program analysis. It is often
used in connection to numerical domains and has also been applied to heap abstractions (e.g. [3]),
but to our knowledge not directly in relation to allocation-site abstraction. In this paper, we instead
group and merge tokens to accelerate convergence, similar in spirit to widening.
The observation that plain allocation-site abstraction is sometimes unnecessarily fine-grained

has previously led to techniques that resemble the one presented in this paper. Most importantly,
Hardekopf and Lin [9] proposed the two methods HVN and LE for detecting pointer equivalence
(variables with identical points-to sets) and location equivalence (tokens that always appear together
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in any points-to set), respectively. As discussed in Sections 1 and 4, detecting and merging location
equivalent tokens can be considered an alternative to our approach, however, the results for
RQ4 show that LE is not effective for JavaScript. Our approach merges tokens if they appear
together in some points-to set (not necessary in all points-to sets, as in LE), and only when a set is
sufficiently large and the tokens have similar syntactic properties. Unlike HVN and LE, merging
opportunities are discovered during the points-to analysis itself, leveraging information from the
partially computed points-to sets. Moreover, HVN and LE by design preserve precision, whereas we
choose to tolerate small precision losses, allowing more aggressive and flexible merging strategies.
Nasre [17] introduced notions of approximate pointer equivalence and location equivalence

for identifying and merging points-to sets and pointed-to sets that are similar but not necessarily
identical. This technique has been developed for field-insentive pointer analysis for C, and it is
unknown how it could be adapted to field-sensitive analysis for JavaScript.

Nagaraj and Govindarajan [16] proposed an approach to accelerate flow-sensitive pointer analysis
for C, by first running a flow-insensitive pointer analysis and applying frequent itemset mining
to find frequently occurring object sets, and then merging those into single summary objects in
flow-sensitive analysis. That approach cannot be used to improve flow-insensitive analysis.

Another related approach is Mahjong by Tan et al. [28], which is designed to speed up allocation-
site-based context-sensitive points-to analysis for Java. Based on a pre-analysis, Mahjong merges
abstract objects where any sequence of field accesses leads to objects of the same type. The work
on Mahjong has inspired our design, particularly in the inclusion of property information when
computing token signatures. The pre-analysis in Mahjong is a context-insensitive Andersen-style
points-to analysis, making the approach unsuitable for speeding up context-insensitive analysis.
Additionally, Mahjong relies on static types, which are not available in JavaScript programs. The
lack of static types and the frequent use of indirect calls in JavaScript programs have motivated our
choice of not using pre-analysis but designing the adaptive heap abstraction algorithm such that
token mergings are decided during the points-to analysis itself.
WALA [30] provides different strategies for heap abstraction. For example, one strategy treats

all instances of the same class created within a code block as a single abstract object, as long as the
number of instances does not exceed a threshold. This idea resembles our approach of computing
signatures using the module information. However, WALA’s techniques rely on type information,
which is not readily available in JavaScript. In contrast, our approach is designed to identify similar
tokens without relying on types.

Many other techniques (e.g., cycle elimination [6], offline variable substitution [20], and set-based
preprocessing [22]) aim to improve analysis performance, not by merging tokens as in adaptive heap
abstraction, but by merging variables. Such techniques can be applied in combination with adaptive
heap abstraction. Also, in context-sensitive points-to analysis [23], allocation-site abstraction is
refined by calling contexts. This improves precision compared to context-insensitive analysis but
generally makes analysis slower. Our approach has been developed to speed up context-insensitive
points-to analysis, but we believe it can also be incorporated into context-sensitive analysis. It may
be interesting for future work to evaluate how adaptive heap abstraction performs in combination
with such other analysis techniques.

6 Conclusion
We have presented an adaptive heap abstraction technique that improves the performance of pointer
analysis of complex JavaScript programs. The key idea is the use of information extracted from
the partially computed points-to sets during the analysis and from the program syntax to guide
selective merging of tokens that represent functions and objects. By identifying and collapsing
tokens that are sufficiently similar, the analysis avoids redundant work, thereby saving time. The
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experimental results on 92 challenging programs show that the performance improvements are
substantial. Most of the programs benefit, especially those with longer baseline analysis time. The
merging heuristics sometimes cause slightly too many tokens to be merged, but the precision losses
are overall negligible. A number of design choices have been evaluated individually, showing that,
in particular, information about which object properties exist is useful when deciding which tokens
to merge.

We believe that the presented technique is not limited to JavaScript or our specific implementation,
but can be applied more broadly to points-to analysis. We encourage future work on adapting the
approach to other analysis tools and programming languages. Additionally, it may be worthwhile to
explore other variations of the heuristics to further improve heap abstractions in pointer analysis.
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