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Heap abstraction critically affects both the efficiency and precision of pointer analysis for Java programs.

By merging heap objects allocated at different program points, heap abstractions can significantly improve

analysis efficiency, but often at the cost of precision.Mahjong, a state-of-the-art heap abstraction based on

object merging, demonstrates that object merging can substantially improve the efficiency of pointer analysis

while preserving precision for type-dependent clients; however, this client-specific guarantee limits its general

applicability. In this work, we investigate how to improve the efficiency of pointer analysis through object

merging, while preserving precision in a manner independent of any particular client. Our key insight is that,

from the perspective of pointer analysis, many heap objects exhibit early flow confluence: they are allocated at

different program points and then quickly propagate to the same pointers (variables or fields), after which

they continue to flow together through the program. Merging such early-confluent objects has negligible

impact on overall analysis precision. In contrast, merging objects that do not flow to the same pointers, or

that converge only much later, can introduce substantial precision loss.

Guided by this insight, we propose Valve, a new heap abstraction approach that efficiently identifies and

merges early-confluent objects. Valve encodes the flow information needed for early-confluence detection as

nondeterministic finite automata (NFAs) and approximates mergeability checking via an NFA-equivalence test,

enabling efficient object merging while retaining high precision. We evaluate Valve on the largest benchmarks

used in recent literature as well as modern large-scale Java applications, by integrating it with multiple state-

of-the-art pointer-analysis techniques and directly comparing it with Mahjong. The results show that Valve
achieves substantially higher precision than Mahjong for non-type-dependent clients, while maintaining

comparable precision for type-dependent clients. At the same time, Valve delivers comparable or often better

analysis efficiency across all evaluated cases. Overall, Valve, as a heap abstraction approach, significantly

improves the efficiency of pointer analysis across several state-of-the-art techniques while maintaining high

precision (99.61% on average).
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Fig. 1. Illustration of early flow confluence and how object merging affects pointer analysis precision.
Red regions denote the portion of the PFG where merging loses precision (i.e., introduces additional over-
approximation), whereas white regions preserve the original precision after merging.

1 Introduction

Pointer analysis is a fundamental static analysis technique that underpins numerous client applica-

tions, including security analysis [5, 14, 20, 26, 33, 66, 69], bug detection [10, 13, 34, 35, 40], compiler

optimization [3, 27, 39, 61], and verification [2, 19, 29]. For modern object-oriented languages such

as Java, balancing efficiency and precision of pointer analysis remains a long-standing challenge.

Two largely independent design dimensions shape this tradeoff: heap abstraction [24] and context

sensitivity [44]. Heap abstraction governs how dynamically allocated objects are represented and

grouped during analysis, while context sensitivity determines how calling contexts are distinguished.

Over the past decade, research on context sensitivity has achieved substantial progress, leading

to sophisticated techniques such as selective context sensitivity [31, 47, 65] and hybrid context

sensitivity [25, 50, 53], which improve efficiency while maintaining precision. In contrast, heap

abstraction has received less systematic attention, and allocation-site abstraction has remained

the prevailing design choice in practice. This abstraction represents all objects allocated at the

same allocation site by a single abstract object. This design continues to dominate widely used Java

analysis frameworks such as Soot [56],WALA [12], Doop [9], and Tai-e [49].
Despite its relative stability as a design choice, heap abstraction plays a central role in shaping

the effectiveness of pointer analysis. The number and granularity of abstract heap objects directly

determine the size of the points-to relation and the cost of propagating points-to information. This

influence becomes even more pronounced under context-sensitive configurations. When calling

contexts are distinguished, each allocation site may give rise to multiple context-specific heap

objects, potentially multiplying the size of the abstract heap and amplifying the cost of analysis.

Thus, despite its importance, heap abstraction remains relatively underexplored, leaving a largely

untapped design space for more effective Java pointer analysis.

To improve the efficiency-precision tradeoff, prior work [24, 51] has explored object merging,

which selectively merges heap objects allocated at different program points to shrink the abstract

heap. Most notably, the state-of-the-artMahjong [51] shows that such merging can significantly

accelerate pointer analysis while preserving precision for type-dependent clients—clients whose

correctness depends only on the types of objects pointed to by variables, such as resolving virtual

calls for call-graph construction or determining potentially failing cast operations. However, such

approaches establish their precision guarantees only for specific classes of clients. For other clients,

such as thread-escape analysis and side-effect analysis, they provide no precision guarantees and

may incur precision loss. This client-centric perspective raises a broader question: can we design a

heap abstraction that improves efficiency through object merging while preserving pointer analysis

precision independently of any particular client?
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Key Insight. In this work, we answer this question affirmatively by focusing on a client-independent

notion of precision: the precision of the computed points-to relation, which serves as a common

interface for many downstream clients that query points-to or derived aliasing information [62].

To reason about how points-to facts are produced, we view pointer analysis through a pointer
flow graph (PFG) [12, 22, 31, 37, 55], whose nodes are pointers (variables or fields) and whose

edges represent flows among pointers (akin to the constraint graph in Andersen-style analyses [4]).

Intuitively, abstract objects are generated at allocation sites and then propagate through the PFG;

whenever an object reaches a pointer node, the analysis derives the corresponding points-to fact.

Our key observation is that many heap objects exhibit early flow confluence: although allocated

at distinct program points, they quickly reach an overlapping set of pointers (i.e., PFG nodes)

and subsequently propagate through largely the same region of the PFG. We call such objects

early-confluent objects and define them in Section 3. As illustrated in Fig. 1(a), once objects converge

early, they propagate together and induce essentially the same points-to facts; thus, merging

them introduces negligible imprecision, which is largely confined to their (typically small) pre-

confluence regions. In contrast, as shown in Fig. 1(b), merging objects that converge only much

later after traversing substantially different regions of the PFG, or that do not converge at all,

can introduce many spurious points-to facts and increase false positives in downstream clients.

Therefore, by identifying early-confluent objects, we can merge them aggressively to shrink the

abstract heap—and thus accelerate pointer analysis—while largely preserving the precision.

Approach. Guided by the above insight on early flow confluence, we present Valve (Section 4), a

new heap abstraction approach that accelerates pointer analysis by merging objects while retaining

high precision. Identifying such merge candidates requires reasoning about how objects flow

through the program. A natural approach is to analyze object flows on the pointer flow graph (PFG)

introduced above. However, constructing a complete PFG typically requires a pre-analysis—running

whole-program pointer analysis to a fixed point—and the resulting graph can be large, making

both its construction and subsequent analysis expensive.

To avoid this overhead, Valve approximates early confluence using allocation-local flow informa-

tion derived from lightweight program structure around allocation sites, without requiring the full

PFG. This design matches our goal: observing convergence shortly after object allocation provides

strong evidence that the objects become confluent early.

The key idea behind Valve is to identify early-confluent objects through nondeterministic

finite automata (NFA) equivalence testing. We encode the flow information relevant to early

confluence as NFAs and use an appropriate notion of NFA equivalence as an efficient approximation

for identifying early-confluent objects. This approximation enables Valve to efficiently identify

and merge early-confluent objects. The use of NFA equivalence to identify mergeable objects is

inspired byMahjong [51], while Valve’s NFAs differ fundamentally in what they represent and

how equivalence is defined (detailed in Section 4).

Evaluation. We evaluate Valve on the largest benchmarks used in recent studies [37, 61, 65] and

additional modern large-scale Java applications (Section 5). We compare Valve with Mahjong [51]

by integrating both into three state-of-the-art pointer-analysis techniques—Zipper𝑒 [31],Moon [65],
and Cut-Shortcut [37]—representing different design principles and efficiency-precision tradeoffs.

Across all three analyses, Valve achieves substantially higher precision than Mahjong for non-

type-dependent clients (avg. Valve: 99.37% vs.Mahjong: 75.48%), while maintaining comparable

precision for type-dependent clients (Valve: 99.84%,Mahjong: 99.84%).
In terms of efficiency, Valve matches or often surpassesMahjong across all evaluated configu-

rations. For the especially large programs (9 of 13 benchmarks) where Zipper𝑒 andMoon cannot
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finish within 5 minutes, the Valve-enhanced analyses significantly outperform their Mahjong-
enhanced counterparts: With the efficiency-oriented Zipper𝑒 (avg. 1714 seconds), Valve achieves an
average speedup of 41.3×, compared withMahjong’s 4.3×. With the precision-orientedMoon (avg.

3613 seconds), Valve attains an average speedup of 4.3×, versusMahjong’s 1.2×. For the largest
programs where both Zipper𝑒 andMoon are not scalable but the ultra-efficient Cut-Shortcut—
even faster than context-insensitive analysis—still scales, Valve further reduces its analysis time

by 2893 seconds on average (up to 7576 seconds). In contrast,Mahjong slows down the analyses

because it relies on a whole-program pointer analysis as a pre-analysis to construct the required

program information, whose cost becomes significant for programs of this scale.

In summary, this work makes the following contributions:

• We introduce the notion of early-confluent objects (Section 3) based on an observation about object
flows: many objects allocated at different program points quickly reach overlapping pointers and

then continue to flow together. This observation motivates a client-independent criterion for

object merging, which tends to introduce negligible imprecision.

• We propose Valve (Section 4), a new heap abstraction that efficiently identifies and merges

early-confluent objects. By guiding object merging using early flow confluence, Valve improves

pointer analysis efficiency while maintaining high precision.

• We conduct an extensive evaluation of Valve on large benchmarks (Section 5). Compared to

Mahjong, the state-of-the-art merging-based heap abstraction, Valve achieves substantially

higher precision thanMahjong for non-type-dependent clients, while maintaining comparable

precision for type-dependent clients. At the same time, Valve delivers comparable or often better

analysis efficiency across all evaluated cases.

• We built Valve on top of Tai-e [49], a state-of-the-art static analysis framework for Java, and

have fully open-sourced Valve as part of a publicly accessible artifact [58].

2 Motivating Example

As discussed in Section 1, existing heap object merging approaches can substantially accelerate

pointer analysis, but they preserve precision only for specific clients. In this section, we motivate

the need for a more general object merging approach using a simplified example distilled from

a real-world application. We first use this example to explain the merging criterion employed by

Mahjong, the state-of-the-art object merging technique, and show how this criterion degrades

the overall precision of pointer analysis. We then revisit the same example using our approach,

demonstrating that adopting a different perspective on object merging allows Valve to identify alter-
native merging opportunities while preserving overall precision. Throughout the paper, we consider

flow-insensitive pointer analysis, following the standard of Andersen-style pointer analysis for Java.

Example. Figure 2 presents a simplified HTTP application with three classes: Request, Usage, and

Client. Class Request (line 1) models HTTP requests with field f storing the request payload. Class

Usage (line 5) demonstrates two usage scenarios: usage1() (line 6) builds a request using Client

and then sends it, while usage2() (line 11) directly constructs a request without using the client.

Class Client (line 17) provides two methods for request handling: build(), and send(). Method

build() (line 18) allocates two Request objects, assigning either a File or String to the payload

field depending on some condition. The send()method (line 29) first retrieves the request’s payload

to perform validation (line 30), and then proceeds to transmit the request (omitted for brevity).

The right side of Figure 2 shows the corresponding pointer flow graph (PFG) [31], in which each

node represents a variable or an object field, and an edge from pointer x to pointer y indicates that

any object pointed to by x may flow to y. The left half of the PFG tracks three distinct Request

objects: 𝑜20, 𝑜24, and 𝑜12 (𝑜𝑖 denotes the abstract object allocated at line 𝑖). Objects 𝑜20 and 𝑜24, created

Proc. ACM Program. Lang., Vol. 10, No. OOPSLA2, Article 353. Publication date: October 2026.



Heap Abstraction via Early-Confluent Object Merging for Pointer Analysis 353:5

1 class Request {
2 Object f;
3 }
4
5 class Usage {
6 void usage1(Client c){
7 r = c.build();
8 c.send(r);
9 }
10
11 void usage2() {
12 z = new Request(); // 𝑜12
13 z.f = new String();// 𝑜13
14 // process z...
15 }
16 }

17 class Client {
18 Request build() {
19 if (...) {
20 x = new Request();// 𝑜20
21 x.f = new File(); // 𝑜21
22 return x;
23 } else {
24 y = new Request(); // 𝑜24
25 y.f = new String();// 𝑜25
26 return y;
27 }
28 }
29 void send(Request s) {
30 p = s.f;
31 // validate p, send s...
32 }}

𝑜20 𝑜24 𝑜12

x y z

r

s
...

...

...
𝑜20 𝑜24 𝑜12

𝑜21 𝑜25 𝑜13

𝑜20.𝑓 𝑜24.𝑓 𝑜12.𝑓

p

...

...
...
...

𝑜21 𝑜25 𝑜13

Fig. 2. A simplified HTTP application and its corresponding PFG. Nodes represent variables/object fields, and
an edge from x to y indicates objects pointed to by x may flow to y. Here, r, x, y, z, and p are local variables.
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(a) The impact of Mahjong merging 𝑜24 and 𝑜12.
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(b) The impact of Valve merging 𝑜20 and 𝑜24.

Fig. 3. Comparison of Mahjong to Valve on how different merging affects precision in terms of points-to
sets. Red elements indicate imprecision introduced by the merge: red pointers become imprecise, red arrows
show how imprecision propagates, and red objects are spuriously pointed to by the imprecise pointers.

in build(), flow together as return values to r (line 7). Subsequently, they are passed together as

arguments to method send() and continue to propagate jointly thereafter. In contrast, 𝑜12, created

in usage2(), propagates independently and never converges with 𝑜20 or 𝑜24. The right half of the

PFG tracks three payload objects. The payload objects in the fields of 𝑜20 and 𝑜24 are loaded into p

in send(), whereas the payload of 𝑜12 is accessed independently in usage2().

𝑜R
20

𝑜R
24

𝑜R
12

𝑜F
21

𝑜S
25

𝑜S
13

f

f

f

Fig. 4. Mahjong’s FPG.

Mahjong. Mahjong aims to accelerate pointer analysis while preserving

the type information in points-to sets. In particular, after object merging,

any pointer that originally may point to objects of certain types should still

point to objects of exactly those types. This enablesMahjong to preserve

the precision of type-dependent clients, such as call graph construction.

To achieve this goal,Mahjong merges objects that are type-consistent, a
merging criterion defined on the field points-to graph (FPG) [51]. Figure 4

illustrates the FPG for our example, where nodes represent objects (super-

scripts denote initials of their types) and labeled edges represent instance field points-to relations.

Two objects are type-consistent if traversing any identical sequence of fields from their respective

nodes reaches objects of the same type. In our example, 𝑜24 and 𝑜12 are type-consistent: following
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field 𝑓 from either object reaches a String (𝑜S
25
and 𝑜S

13
). Consequently, merging them minimally

impacts object types in points-to sets: after merging, their field 𝑓 still points to String objects.

However, this criterion can noticeably degrade precision in terms of points-to relations. Figure 3a

illustrates the impact of merging 𝑜24 and 𝑜12 on the PFG under Mahjong, where 1 - 3 highlight the

propagation of imprecision, as detailed below: 1 Merging 𝑜24 and 𝑜12 can be viewed as adding both

objects to their allocation-site left-hand-side variables (A-LHS variables). Consequently, A-LHS

variables y and z, which previously pointed to either 𝑜24 or 𝑜12, now imprecisely point to both;

2 These imprecise A-LHS variables then propagate imprecision along PFG edges: in particular,

any pointer that is reachable from exactly one of the A-LHS variables (but not the other) becomes

imprecise. For instance, variable s, a successor of y, now imprecisely points to 𝑜12; 3 Moreover, load,

store, and call operations on all imprecise pointers may introduce additional PFG edges, causing

imprecision to further propagate. Consider the load statement p = s.f (line 30): since s imprecisely

points to 𝑜12, an additional PFG edge from 𝑜12.𝑓 to p will be introduced (red edge in Figure 3a). As

a result, p now imprecisely points to 𝑜13 and continues to propagate imprecision along the PFG.

This cascading propagation illustrates that even a single merge under the type-consistent criterion

can lead to compounding imprecision in points-to relations.

Our Approach: Merge Early-Confluent Objects. The example above exposes a key limitation of

the type-consistent criterion: by focusing solely on type preservation, it overlooks how merging

affects object propagation in pointer analysis itself, leading to cascading precision loss. To address

this issue, we reconsider heap abstraction from the perspective of object flow. Our key insight

is that many heap objects exhibit early flow confluence: although allocated at different program

points, they quickly propagate to the same pointers and thereafter flow together throughout the

program. Merging such early-confluent objects has negligible impact on overall points-to precision.

In contrast, merging objects that never converge in the PFG, or that converge only much later,

can lead to substantial precision loss. In our example, 𝑜20 and 𝑜24 are early-confluent: they are

created in the same method and immediately converge at the same return pointer, after which they

propagate together. Merging them introduces imprecision only at pointers 𝑥 and 𝑦, while leaving

the points-to relations of all other pointers unchanged.

Guided by this insight, we propose Valve, a precision-guided heap abstraction that identifies

and merges early-confluent objects by analyzing object flow in the program. In our example,

Valve merges 𝑜20 and 𝑜24, which preserves overall analysis precision while capturing additional

acceleration opportunities thatMahjong systematically misses. At the same time, Valve deliberately
avoids merging 𝑜24 and 𝑜12, which never converge in the PFG, thereby preventing the imprecision

introduced byMahjong. Under this merging criterion, whereasMahjong causes imprecision for

most pointers in Figure 3a, Valve introduces imprecision only at two of them.

In Section 3 we introduce the concrete notion of early-confluent objects. In Section 4 we present

Valve, our approach for efficiently identifying and merging such objects.

3 Early-Confluent Objects

In this section, we begin by presenting our observation of how merging impacts the precision of

pointer analysis, and based on this observation, we define early-confluent objects—objects that can
be merged while largely preserving precision.

Our observation in Section 3.1 reveals two distinct forms of imprecision when two objects are

merged: (1) Direct imprecision arises at pointers that the merged objects directly flow to; (2) Indirect
imprecision arises at pointers that the merged objects do not reach directly, but are relevant to the

Proc. ACM Program. Lang., Vol. 10, No. OOPSLA2, Article 353. Publication date: October 2026.



Heap Abstraction via Early-Confluent Object Merging for Pointer Analysis 353:7
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Fig. 5. The insight of Valve on which pointers may become imprecise after merging.

propagation of the merged objects. To preserve precision, both forms of imprecision must be consid-

ered. Accordingly, the definition of early-confluent objects is closely tied to these two forms of impre-

cision. We discuss how merging early-confluent objects confines each form in Sections 3.2 and 3.3.

3.1 Merging-Induced Imprecision and Early-Confluent Objects

This section presents our observation of how merging impacts the precision of pointer analysis,

which motivates our merging criterion. By considering the confluence behavior of how objects

flow through the program, imprecision due to merging them can be characterized as regions due to

confluence. To better present our observation, we first introduce some concepts.

Definition 3.1 (Confluent Pointers). Two pointers 𝑝1 and 𝑝2 in a pointer flow graph are confluent
if paths on the pointer flow graph from them eventually reach the same set of pointers. Specifically:

(1) every path from 𝑝1 eventually reaches a pointer reachable from 𝑝2, and (2) symmetrically, every

path from 𝑝2 eventually reaches a pointer that is reachable from 𝑝1.

Definition 3.2 (Confluence Frontier). For confluent pointers 𝑝1 and 𝑝2, their confluence frontier
is the set of all pointers that: (1) are reachable from both 𝑝1 and 𝑝2, and (2) have some immediate

predecessor that is reachable from either 𝑝1 or 𝑝2, but not both.

Intuitively, the confluence frontier of pointers 𝑝1 and 𝑝2 is the boundary where two previously

separated flows from the two pointers begin to overlap. We illustrate this concept using Figure 5,

focusing on its upper-left portion. In the figure, pointers 𝑝1 and 𝑝2 are confluent: every path from

𝑝1 and every path from 𝑝2 eventually reaches one of the pointers in {𝑦1, 𝑦2, 𝑦3}, which constitutes

the confluence frontier of 𝑝1 and 𝑝2.

Definition 3.3 (Pre- and Post-Confluence Region). Given two confluent pointers 𝑝1 and 𝑝2, their

confluence frontier divides the pointers reachable from 𝑝1 or 𝑝2 into two distinct regions: (1) the

pre-confluence region, where pointers are reachable from either 𝑝1 or 𝑝2, but not both; and (2) the

post-confluence region, where pointers are reachable from both 𝑝1 and 𝑝2.

Based on pre- and post-confluence regions, we now describe the two forms of merging-induced

imprecision, using Figure 5. Building on this characterization, we then present a merging criterion

that accounts for both forms of imprecision to achieve good precision during merging.
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Direct Imprecision. We use direct imprecision to refer to imprecision arising from the pointers

that the merged objects directly flow to—that is, the pointers residing in the pre-confluence region

of the A-LHS variables of the merged objects. When two objects are merged, their A-LHS variables

begin to imprecisely point to both objects. This imprecision then propagates along pointer-flow

edges to subsequent pointers. As a result, all pointers in the pre-confluence region of the two A-LHS

variables become imprecise. In contrast, pointers in the post-confluence region remain precise:

since they are already reachable from both A-LHS variables without merging, they already point to

both objects and are therefore unaffected by the merge.

Consider the two objects 𝑜1 and 𝑜2 with A-LHS variables 𝑝1 and 𝑝2 in Figure 5. When 𝑜1 and 𝑜2 are

merged, both 𝑝1 and 𝑝2 will imprecisely point to both objects. 𝑜1 and 𝑜2 will then propagate along

pointer-flow edges, causing pointers in the pre-confluence region of 𝑝1 and 𝑝2 (i.e., 𝑝1, 𝑝2, 𝑥1, 𝑥2) to

be imprecise. In contrast, pointers 𝑦1, 𝑦2, 𝑦3, and 𝑦4 remain precise: they were already reachable

from both 𝑝1 and 𝑝2, and point to both 𝑜1 and 𝑜2 without merging.

Indirect Imprecision. Direct imprecision is intuitive. However, it does not fully characterize

merging-induced imprecision. Merging may also create indirect imprecision at pointers that are not
directly reached by the merged objects from their A-LHS variables. This happens when imprecise

variables are used as the bases of operations such as field loads or method calls.

Consider the two field load statements (𝑟1 = 𝑥1.𝑓 and 𝑟2 = 𝑥2.𝑓 ) in the lower part of Figure 5,

where 𝑥1 and 𝑥2 lie in the pre-confluence region of 𝑝1 and 𝑝2, but 𝑟1 and 𝑟2 do not. After merging,

direct imprecision arises from 𝑥1 and 𝑥2, causing them to point to both 𝑜1 and 𝑜2. Due to the two

field load statements: (1) 𝑟1 may now imprecisely point to 𝑜4 from 𝑜2 .𝑓 (in addition to 𝑜3 from 𝑜1 .𝑓 ),

and (2) 𝑟2 may now imprecisely point to 𝑜3 from 𝑜1 .𝑓 (in addition to 𝑜4 from 𝑜2.𝑓 ). This imprecision,

originating from 𝑟1 and 𝑟2, then propagates through the PFG until reaching their confluence frontier,

causing imprecision in the pre-confluence region of 𝑟1 and 𝑟2. Note that this process can cascade:

subsequent operations (e.g., loading another field 𝑔) from variables in the pre-confluence region of

𝑟1 and 𝑟2 may introduce and propagate imprecision further.

Early-Confluent Objects as Merging Criterion. Guided by our observation, both direct and indirect

imprecision can be characterized by pre-confluence regions of variable pairs related to the merged

objects. To preserve precision, we thus need to confine the pre-confluence regions that give rise to

both forms of imprecision. This gives the following definition of early-confluent objects:

Definition 3.4 (Early-Confluent Objects). Two objects are early-confluent if:

(1) their A-LHS variables are early-confluent; and

(2) the variables where indirect imprecision may arise are early-confluent as well.

Central to Definition 3.4 is the notion of early-confluent variables, which allows us to confine

the pre-confluence region of two variables. When this notion is applied to variables identified in

Definition 3.4, it confines the imprecision introduced by merging early-confluent objects. Back

to Figure 5, whether 𝑜1 and 𝑜2 would be merged by Valve depends on whether 𝑝1, 𝑝2 and 𝑟1, 𝑟2
are early-confluent. If the A-LHS variables 𝑝1 and 𝑝2 are early-confluent, the direct imprecision

introduced by merging is confined to a small, local region (Section 3.2). If 𝑟1 and 𝑟2 are early-

confluent as well, the indirect imprecision introduced by merging is likewise confined to a small

region (Section 3.3). Consequently, the overall precision loss incurred by merging 𝑜1 and 𝑜2 is small,

and they are therefore considered as a valid merging candidate by Valve.
We introduce early-confluent variables and show how this notion confines direct imprecision in

Section 3.2. We discuss the variables from which indirect imprecision may arise under different

program constructs, and confine indirect imprecision using early confluence on these variables in

Section 3.3. Our approach of identifying and merging early-confluent objects is detailed in Section 4.
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3.2 Confining Direct Imprecision

Since direct imprecision arises from the pre-confluence region of A-LHS variables, a smaller

pre-confluence region leads to less direct imprecision induced by the merge. Merging should

therefore be permitted only when this region is sufficiently small; otherwise, the merge could

introduce imprecision in a large portion of the program, which may then be further amplified by

cascading imprecision effects. Moreover, we aim to make merging decisions efficiently; otherwise,

the computational overhead may outweigh the benefits of merging.

For both precision and efficiency, we confine the pre-confluence region of two variables to

their intra-procedural scopes, so as to ensure imprecision remains within a small, localized region.

To achieve this, we introduce first-escaped pointers that enclose the local scope. If two variables

converge before or exactly at their first-escaped pointers, then their pre-confluence region will not

extend beyond the local scope, and we call such variables early-confluent variables. We give the

definition of first-escaped pointers and early confluence as follows.

Definition 3.5 (First-Escaped Pointers). The first-escaped pointers of a variable 𝑣 are the set of all
pointers 𝑞 such that there exists a pointer-flow path from 𝑣 to 𝑞 where the edge entering 𝑞 is the first

inter-procedural pointer-flow edge on that path. Such edges fall into three representative categories:

• Store: 𝑞 is an instance field (e.g., 𝑜.𝑓 ) that 𝑣 flows to.

• Return: 𝑞 receives the return value from a return variable that 𝑣 flows to.

• Call (argument or receiver): 𝑞 is a formal parameter (resp. this variable) of a method, and 𝑣 flows

to the corresponding argument (resp. receiver) at the call site.

In fact, apart from the cases above, we consider all other pointer-related Java features—array indices

and static fields—that may give rise to first-escaped pointers. However, since they can be handled

similarly to the three cases above, we omit them here and from the rest of this paper for brevity.

Intuitively, the first-escaped pointers of a variable mark the earliest boundary where its pointer

flow escapes the local (intra-procedural) scope. Imprecision that crosses this boundary may propa-

gate widely throughout the program. Based on this, we define early-confluent variables.

Definition 3.6 (Early-Confluent Variables). Two variables 𝑣1 and 𝑣2 are early-confluent if they
have the same first-escaped pointers.

Consider objects 𝑜20 and 𝑜24 whose A-LHS variables are 𝑥 and𝑦 in the method build() in Figure 2.

According to Definition 3.5, since 𝑥 and 𝑦 are both directly returned from build() to its caller

at line 7 in usage1(), 𝑟 is the first-escaped pointer of them both. Having the same first-escaped

pointers, 𝑥 and 𝑦 are early-confluent according to Definition 3.6. Merging 𝑜20 and 𝑜24, according to

Section 2, thus incurs imprecision only to 𝑥 and 𝑦 that are local to their allocation sites.

Requiring two variables to have the same first-escaped pointers has two advantages. First, identi-

cal first-escaped pointers of two variables tend to confine their pre-confluence region to a small local

scope, thereby bounding the imprecision introduced by merging. Second, this definition enables

efficient merging decisions. Rather than reasoning about pointer flows across the entire program—

which would require constructing the entire PFG—we only need to compare the first-escaped

pointers of variables. These can be analyzed using lightweight analysis (detailed in Section 4).

Note that our definition is not restricted to variables that converge within the same method.

It is general enough to capture cases where variables from different methods that nonetheless

share the same first-escaped pointers. For example, the A-LHS variables of two objects allocated in

different methods may both be stored to the same instance field, and are early-confluent according

to Definition 3.6. As our evaluation demonstrates, using this definition preserves much of the

precision of a precise pointer analysis while achieving substantial speedup (detailed in Section 5).
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Confining Direct Imprecision. To preserve precision for object merging, we therefore account

for direct imprecision at pointers directly reached by the merged objects through their A-LHS

variables. For each candidate merge (𝑜1, 𝑜2) with A-LHS variables (𝑝1, 𝑝2), we require 𝑝1, 𝑝2 to be

early confluent so as to restrict their pre-confluence region, thereby confining direct imprecision.

3.3 Confining Indirect Imprecision

Direct imprecision explains the effect of merging on pointers reachable from A-LHS variables.

However, merging can also introduce indirect imprecision at pointers that are not directly reachable

from the A-LHS variables, but become imprecise due to operations on imprecise variables (e.g.,

loading the field of some variable in the pre-confluence region of A-LHS variables).

Indirect imprecision may arise due to three kinds of pointer-related operations (1) instance

field loads, (2) instance field stores, and (3) method calls. In the following, we focus on indirect

imprecision caused by field loads, method calls, and their combinations, and show how variable

early confluence can confine such imprecision. We do not explicitly consider field stores, because

for indirect imprecision introduced by field store operations to propagate through the program, it

needs to be loaded into a variable. Therefore, by considering imprecision at load sites, we prevent

its propagation through the program. This may leave imprecision in instance fields themselves, but

such imprecision does not further propagate to other pointers.

1 class A { }
2
3 class Box {
4 A f;
5 A get() {
6 return this.f;
7 }
8 }

9 Box x1 = new Box();//𝑜1
10 Box x2 = new Box();//𝑜2
11 x1.f = new A(); //𝑜3
12 x2.f = new A(); //𝑜4
13 A r1 = x1.f;
14 A r2 = x2.f;
15 t = r1;
16 t = r2;

Fig. 6. Example of indirect imprecision via in-
stance field loads.

Loaded Instance Fields. Indirect imprecision may

arise from the left-hand-side variables of field-load

statements whose base variables are imprecise. Con-

sider the example in Figure 6. Class Box has a field

𝑓 and a method get() to obtain 𝑓 . Two Box objects

𝑜1 and 𝑜2 are allocated (lines 9–10), their field 𝑓 is

assigned 𝑜3 and 𝑜4, respectively (lines 11–12), and the

fields are loaded to 𝑟1 and 𝑟2 (lines 13–14). Finally, 𝑟1
and 𝑟2 are assigned to 𝑡 (lines 15–16).

As illustrated by the dashed lines in Figure 5, merging 𝑜1 and 𝑜2 introduces indirect imprecision

in 𝑟1 and 𝑟2 via the field-load statements at line 13–14. Specifically, 𝑥1 and 𝑥2—the respective A-LHS

variables of 𝑜1 and 𝑜2—will imprecisely point to both objects, causing direct imprecision in their

pre-confluence region. Then, because 𝑥1 (resp. 𝑥2) now points to both 𝑜1 and 𝑜2, loading field 𝑓

through 𝑥1 (resp. 𝑥2) causes 𝑟1 (resp. 𝑟2) to receive objects from both 𝑜1.𝑓 and 𝑜2 .𝑓 . Consequently,

as shown at the bottom of Figure 5, both 𝑟1 and 𝑟2 end up imprecisely pointing to both 𝑜3 and 𝑜4.

This indirect imprecision then propagates to all pointers reachable from 𝑟1 or 𝑟2, polluting their

points-to sets with spurious objects in the pre-confluence region. Pointers in the post-confluence

region of 𝑟1 and 𝑟2 (e.g., 𝑡 ), however, remain unchanged. Since these pointers are reachable from

both 𝑟1 and 𝑟2 without merging, they already receive 𝑜3 from 𝑜1.𝑓 via 𝑟1 and 𝑜4 from 𝑜2 .𝑓 via 𝑟2.

Therefore, merging 𝑜1 and 𝑜2 does not alter their points-to sets. As a result, although merging 𝑜1 and

𝑜2 renders 𝑟1 and 𝑟2 imprecise, the variable 𝑡 in their post-confluence region remains unchanged.

1 Box x1 = new Box(); //𝑜1
2 Box x2 = new Box(); //𝑜2
3 x1.f = new A(); //𝑜3
4 x2.f = new A(); //𝑜4
5 A r1 = x1.get();
6 A r2 = x2.get();

Fig. 7. Example of indirect
imprecision via method call.

Method Calls. Indirect imprecision may also arise from variables that

receive return values from methods dispatched on imprecise variables.

Consider the example in Figure 7. Two Box objects 𝑜1 and 𝑜2 are allo-

cated (lines 1–2), with their fields 𝑓 set to 𝑜3 and 𝑜4, respectively (lines

3–4). The program then calls method get() on 𝑥1 and 𝑥2, storing the

results in 𝑟1 and 𝑟2 (lines 5–6). When 𝑜1 and 𝑜2 are merged, their A-LHS

variables 𝑥1 and 𝑥2 will imprecisely point to both objects, introducing

direct imprecision. Because 𝑥1 (resp. 𝑥2) now points to both 𝑜1 and 𝑜2,
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Fig. 8. From early-confluence determination to NFA equivalence testing.

each call x1.get() (resp. x2.get()) dispatches on both receiver objects (and hence multiple callees),

so the return variable may receive the union of return values across those callees, retrieving the

same instance field 𝑓 from both 𝑜1 and 𝑜2. Therefore, 𝑟1 and 𝑟2 receive return values from both

method calls and become imprecise by pointing to both 𝑜3 and 𝑜4, introducing indirect imprecision.

Combinations of Field Loads and Method Calls. The above effects can cascade, causing further indi-

rect imprecision through combinations of field accesses and method calls. Consider statements 𝑟1 =

𝑥1.𝑚1 () and 𝑟2 = 𝑟1.𝑚2 () using a temporary variable 𝑟1. If merging makes 𝑥1 imprecise, then 𝑟1 may

receive imprecise results through the first call (as in the method-call case). Once 𝑟1 is imprecise, the

method call on 𝑟1 can further introduce indirect imprecision at 𝑟2. This can extend to longer chains

of method calls and field accesses, making variables holding the intermediate results imprecise.

Confining Indirect Imprecision. To preserve precision for object merging, we therefore account

for not only direct imprecision at A-LHS variables, but also the indirect imprecision introduced by

field loads, method returns, and their combinations.

Concretely, for each candidate merge (𝑜1, 𝑜2) with A-LHS variables (𝑥1, 𝑥2), we collect all vari-
ables defined by loads/calls whose base is 𝑥1 or 𝑥2 (and, transitively, base variables that become

imprecise through such definitions). For each matched variable pair (𝑟1, 𝑟2) arising from the same

(combinations of) field/method operation(s), we require them to be early-confluent. This keeps each

affected variable’s pre-confluence region small and local, thereby confining indirect imprecision.

4 Valve: Identifying and Merging Early-Confluent Objects

This section presents Valve, our novel approach to identify and merge early-confluent objects based

on the insight developed in Section 3. Starting from an allocation-site-based abstraction, Valve
identifies and merges groups of objects that are mutually early-confluent to coarsen the heap. For

ease of exposition, we illustrate our approach using one pair of objects in the following section.

The merged heap is subsequently fed to a pointer analysis, thereby improving its efficiency.

To enable efficient identification and merging, Valve encodes the flow information relevant to

early-confluence determination as nondeterministic finite automata (NFA). Under this encoding,

whether two objects are early-confluent is approximated using an appropriate notion of NFA

equivalence. We present the NFA-based approximation of early-confluence determination and

an overview of Valve in Section 4.1. We then describe the construction of the NFAs and their

equivalence checking in Sections 4.2 and 4.3.
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4.1 From Early Confluence to NFA Equivalence

To ease the understanding, we first detail the approximation from early confluence to NFA equiva-

lence, and then give an overview of Valve at the end of this section.

As discussed in Section 3, determining whether two objects are early-confluent involves checking

early-confluence across pairs of variables at which imprecision may arise due to merging (e.g.,

the objects’ A-LHS variables, as well as variables derived from them via field loads, method calls,

and subsequent operations), so as to confine merging-induced imprecision. Specifically, if two

variables have identical first-escaped pointers, they are early-confluent, and imprecision is confined

to a small localized region; if all such variable pairs are early-confluent, then the two objects are

early-confluent and constitute a good merging candidate.

Consider the left side of Figure 8: to determine whether objects 𝑜1 and 𝑜2 are early-confluent, we

need to examine early-confluence by comparing the respective first-escaped pointers for (1) their

A-LHS variables 𝑝1 and 𝑝2; (2) variables 𝑥1 and 𝑥2 introduced by the field-load statements 𝑥1 = 𝑝1.𝑓

and 𝑥2 = 𝑝2 .𝑓 ; (3) variables 𝑦1 and 𝑦2 introduced by the method-call statements 𝑦1 = 𝑝1.𝑚(. . . ) and
𝑦2 = 𝑝2.𝑚(. . . ); and (4) any further variables derived via subsequent operations on them.

NFA Equivalence. We observe that NFAs are well-suited for encoding the information required

for early-confluence analysis, as illustrated on the right side of Figure 8. We define the object-flow
NFA for an object 𝑜 , denoted as 𝑁𝐹𝐴𝑜 , as a 6-tuple sequential automaton (𝑄, Σ, 𝛿, 𝑞0, Γ, 𝛾) [1], where
each component captures a specific aspect of the object’s local flow from its allocation site.

(1) States (𝑄): Each variable appearing on the left corresponds to a state in 𝑄 . The set of states

comprises the A-LHS variable of 𝑜 and all variables reachable from it via a sequence of operations,

such as assignments, instance field loads, and method calls.

(2) Transitions (𝛿 : 𝑄 ×Σ→ P (𝑄)): Each operation on a variable that gives rise to another variable

on the left corresponds to a labeled transition between the two corresponding states. Transition

labels are: 𝜖 for copy assignments, 𝑓 for instance field load of field 𝑓 , and𝑚 for a call to method

𝑚. For example, the field-load statement 𝑥1 = 𝑝1.𝑓 corresponds to a transition from state 𝑝1 to

state 𝑥1 with label 𝑓 , i.e., 𝑥1 ∈ 𝛿 (𝑝1, 𝑓 ). Because each state may have multiple successor states

under the same label (e.g., some variable’s field 𝑓 may be loaded multiple times), the resulting

automaton is an NFA.

(3) Initial State (𝑞0): The A-LHS variable of 𝑜 serves as the initial state on the right, since it is the

origin of all subsequent flows to be tracked for 𝑜 .

(4) State Labeling (𝛾 : 𝑄 → P (Γ)): To facilitate early-confluence determination, each variable on

the left has the set of its first-escaped pointers, and we annotate its corresponding NFA state

𝑞 ∈ 𝑄 on the right using escape sites as 𝛾 (𝑞), which encodes the corresponding first-escaped

pointers. We give the precise definition of escape sites in Section 4.2.

(5) State Labels (Γ): Γ is the set of all possible escape sites.

(6) Transition Labels (Σ): Σ is the set of all possible transition labels.

Under this encoding, determining whether two objects are early confluent can be approximated

via checking the equivalence of their corresponding object-flow NFAs. Intuitively, two objects’

NFAs are equivalent if, for every sequence of operations from their start states, the reached states

carry equivalent state labels [51]. This indicates that, for all variable pairs requiring examination,

they are early confluent, and the two objects are thus early-confluent (detailed in Section 4.3).

The high-level NFA-equivalence-checking idea is inspired by Mahjong [51], which uses NFA

equivalence to identify type-consistent objects for merging. However, Valve introduces a funda-
mentally different NFA formulation tailored to early-confluence detection, in which the states,

transitions, and state labels are defined to capture object-flow structure rather than type consistency.
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Fig. 9. Overview of Valve.

Overview of Valve. Figure 9 presents an overview of Valve that illustrates its key components

and their interactions. Valve begins with an allocation-site-based heap abstraction of the input

program, and considers each pair of objects 𝑜𝑖 and 𝑜 𝑗 . For each object, the NFA Builder constructs

an object-flow NFA that models its flow information after allocation. During construction, the

Escape-Site Analyzer identifies the escape sites—which encode first-escaped pointers—for each

variable, and attaches them as labels to the state corresponding to that variable.

The resulting NFAs are then passed to the Equivalence Checker. The checker determines whether

the two objects are early-confluent by checking NFA equivalence based on the equivalence relation

we defined over the state labels, which is implemented by the Escape-Site Equivalence Checker. When

the NFA𝑜𝑖 and NFA𝑜 𝑗
are deemed equivalent, we merge 𝑜𝑖 and 𝑜 𝑗 in the resulting heap abstraction,

which is supplied to subsequent pointer analysis to improve its efficiency.

We detail each of the components in the following subsections (Sections 4.2 and 4.3).

4.2 Constructing Object-Flow NFAs

This section presents the first step of Valve: constructing object-flow NFAs that will subsequently

be used for equivalence checking to guide merging decisions. This is achieved by first running the

NFA Builder to construct an NFA for each object, and then running the Escape-Site Analyzer to

attach escape sites as state labels to the NFA.

4.2.1 NFA Construction Overview. The NFA for object 𝑜 is constructed by performing a lightweight,

intra-procedural traversal of the statements in the method containing 𝑜’s allocation site.

BuildNFA() in Algorithm 1 details the construction for object-flow NFAs. The traversal starts

from 𝑜’s A-LHS variable (line 4). For each variable 𝑥 , we add it to the set of states 𝑄 (line 7), and

then identify all assignments 𝑦 = 𝑥 , field accesses 𝑦 = 𝑥 .𝑓 , and method calls 𝑦 = 𝑥 .𝑚(...), where 𝑥 is

used as a base variable or copied to the left-hand side variable (lines 8–16). For each such operation,

we add a new state representing the left-hand side variable 𝑦 and create a transition from 𝑥 to 𝑦

labeled with the operation. We recursively repeat this process for each newly discovered variable

state until no new variables or operations can be reached from the allocation site within the current

method. Finally, for each state 𝑥 that encodes a variable, we identify its escape sites Esc(𝑥) via the
Escape-Site Analyzer, and record them as 𝑥 ’s state label 𝛾 (𝑥) (lines 17–19).

4.2.2 Defining and Identifying Escape Sites. As discussed above, each state in the object-flow NFA

should be annotated with a state label that encodes the first-escaped pointers of the corresponding

variable, thereby supporting the determination of early confluence for the corresponding variable

pairs. However, identifying the exact first-escaped pointers to serve as state labels requires a PFG—

whose construction typically depends on a whole-program pointer analysis that is costly—as it

involves reasoning about how objects flow inter-procedurally through the program.

To avoid this overhead, Valve uses escape sites to approximate first-escaped pointers. Intuitively,

an escape site is a reference at a statement (e.g., a field reference 𝑦.𝑓 at a field store statement
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Algorithm 1: Object-flow NFA construction.

1 Input: Object 𝑜
Output: 𝑜’s object-flow NFA (𝑄, Σ, 𝛿, 𝑞0, Γ, 𝛾)

2 Function BuildNFA(𝑜):
3 𝑄, Σ, 𝛿, Γ, 𝛾 ← {}, {}, {}, {}, {}
4 WorkList ← {𝑜’s A-LHS variable}
5 whileWorkList is not empty do
6 retrieve 𝑥 fromWorkList
7 add 𝑥 to 𝑄

8 foreach 𝑦 = 𝑥 do
9 add 𝑦 to 𝛿 (𝑥, 𝜖)

10 add 𝑦 toWorkList

11 foreach 𝑦 = 𝑥 .𝑓 do
12 add 𝑦 to 𝛿 (𝑥, 𝑓 ), add 𝑓 to Σ
13 add 𝑦 toWorkList

14 foreach 𝑦 = 𝑥 .𝑚(. . . ) do
15 add 𝑦 to 𝛿 (𝑥,𝑚), add𝑚 to Σ
16 add 𝑦 toWorkList

17 foreach 𝑥 ∈ 𝑄 do
18 𝛾 (𝑥) ← Esc(𝑥)
19 Γ ← Γ ∪ 𝛾 (𝑥)
20 return (𝑄, Σ ∪ {𝜖}, 𝛿,A-LHS(𝑜), Γ, 𝛾)

Input: Variable 𝑣
Output: Escape sites of 𝑣

21 Function Esc(𝑣):
22 WorkList ← {𝑣}
23 𝐸 ← {}
24 whileWorkList is not empty do
25 retrieve 𝑥 fromWorkList
26 foreach 𝑦.𝑓 = 𝑥 do
27 add ⟨𝑦.𝑓 ⟩ to 𝐸
28 foreach return 𝑥 do
29 let𝑚 be the enclosing method

30 add ⟨𝑚⟩ to 𝐸
31 foreach 𝑟 = 𝑦.𝑚(𝑎1 . . . 𝑥 . . . 𝑎𝑛) do
32 add ⟨𝑦.𝑚(𝑎1 . . .★ . . . 𝑎𝑛)⟩ to 𝐸
33 foreach 𝑦 = 𝑥 and 𝑦 is not visited do
34 add 𝑦 toWorkList

35 return 𝐸

𝑦.𝑓 = 𝑥) through which objects escape the current method, flow to some first-escaped pointers

in other methods or the heap. The key insight is that, although computing the exact first-escaped

pointers requires inter-procedural reasoning about pointer flows, the escape sites through which

objects escape to them can be identified in a lightweight manner. This observation enables us

to analyze whether two variables share the same first-escaped pointers by applying a dedicated

equivalence relation over their escape sites, thereby efficiently approximating early confluence.

Function Esc(𝑣) in Algorithm 1 computes the escape sites for variable 𝑣 . It maintains a worklist

initialized with 𝑣 and repeatedly processes a variable 𝑥 reachable from 𝑣 by assignments (e.g., 𝑥 = 𝑣).

For each such 𝑥 , the algorithm records every escape site at which 𝑥 may escape:

• Store. For each store statement 𝑦.𝑓 = 𝑥 , it adds the escape site ⟨𝑦.𝑓 ⟩, indicating that the objects

pointed to by 𝑥 may escape into the heap location denoted by field 𝑓 of objects pointed to by 𝑦.

• Return. For each return statement return 𝑥 , it adds the escape site ⟨𝑚⟩, indicating objects are

returned to the caller of the enclosing method𝑚.

• Call (argument and receiver). For a call 𝑟 = 𝑦.𝑚(𝑎1, . . . , 𝑥, . . . , 𝑎𝑛) where 𝑥 is passed as an

argument, the escape site ⟨𝑦.𝑚(𝑎1, . . . ,★, . . . , 𝑎𝑛)⟩ is added, with★marking the argument position.

The case for receivers is similar, with a mark ★ at the receiver position.

4.3 Equivalence Checking of Object-Flow NFAs

Once all object-flow NFAs are constructed, we identify early-confluent objects by checking the

equivalence of these NFAs, which is based on the equivalence relation on escape sites. We first

describe how Valve determines whether two object-flow NFAs are equivalent under a straightfor-

ward identity relation on escape sites. We then present two relaxation techniques that relax this

equivalence relation, enabling the identification of early-confluent objects that are missed under

the strict identity relation, thereby creating more opportunities for merging.
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4.3.1 The NFA Equivalence Checking. Following [51], two NFAs are considered equivalent if, for

every sequence of transitions from their respective initial states, the states reached by that sequence

carry the identical set of escape sites as state labels. Because the automata are nondeterministic, a

single sequence of transitions may lead to multiple states; in this case, we require that the union of

the labels of all reachable states be the same. We adopt a standard two-step approach for NFA equiv-

alence checking, which tests the equivalence of two sequential automata in almost linear time [51].

To collect object pairs for checking,Valve first scans all statements in the input program to identify

every allocation site (and its corresponding allocated object). Since all objects are obtained directly

by scanning the whole program, this process does not require constructing or traversing a call graph.

For each identified object, Valve constructs a corresponding object-flow NFA. It then performs

equivalence checking on all pairs of these NFAs, including those whose corresponding objects

are allocated in different methods or classes. To reduce the number of meaningless object pairs to

check, Valve uses pruning to avoid unnecessary comparisons. Specifically, it ignores object pairs of

different types, and it also ignores pairs whose initial NFA states have non-equivalent state labels

(i.e., escape sites), since such NFAs cannot satisfy the definition of NFA equivalence in our setting.

4.3.2 The Equivalence Relation on Escape Sites. Using identity relation on escape sites for NFA

equivalence checking is too strict for Valve to identify early-confluent objects, as distinct escape

sites may also resolve to the same first-escaped pointers and result in early confluence. For example,

consider escape sites ⟨𝑎.𝑓 ⟩ and ⟨𝑏.𝑓 ⟩ from statements 𝑎.𝑓 = 𝑥 and 𝑏.𝑓 = 𝑦, respectively, where

𝑎 and 𝑏 differ. Even though they differ, 𝑎.𝑓 and 𝑏.𝑓 may still resolve to the same instance fields,

causing objects that flow to them to converge at those fields. Thus, using an identity relation on

escape sites in our NFA equivalence checking misses objects that are truly early-confluent, causing

Valve to overlook merging opportunities that might be beneficial for efficiency.

However, perfectly identifying all such cases is challenging in general, as it would require us to

solve the exact first-escaped pointers, which is what we are trying to avoid in the first place. We

therefore propose two techniques to normalize the escape sites, so as to relax the strict identity

relation on them. Specifically, two escape sites are deemed equivalent if and only if they become

identical after the normalization.

Must-Alias Variable Substitution. The first normalization technique is required when variables in

the escape sites have distinct names, but refer to the same objects. Back to the example on𝑎.𝑓 and𝑏.𝑓 .

If 𝑎 and𝑏 are must-aliases—i.e., they are guaranteed to refer to the same object 𝑜—then 𝑎.𝑓 and𝑏.𝑓 re-

solve to the same instance field 𝑜.𝑓 , causing objects that flow to 𝑎.𝑓 and 𝑏.𝑓 to converge at that field.

To capture such scenarios, we define two escape sites as equivalent if they become identical

by replacing each variable with the representative of its must-alias equivalence class. To achieve

this, Valve employs a lightweight must-alias analysis that determines when two variables are must

aliases, following the approach described in [45]. Specifically, the must-alias analysis is performed

as a lightweight pre-pass before NFA construction. It scans all program statements and constructs

must-alias information. During equivalence checking, whenever Valve compares two escape sites, it

first replaces every variable appearing in the escape sites with the representative of its corresponding

must-alias equivalence class. The resulting normalized escape sites are then compared syntactically.

Context-Irrelevant Argument Filtering. The second normalization technique relaxes the identity-

based equivalence relation used for escape sites at call sites. Under the strict relation, corresponding

arguments in two escape sites must be either identical or must-alias. However, some arguments

may be irrelevant to the first-escaped pointers associated with the escape sites: they do not affect

how the corresponding call sites are dispatched in pointer analysis.
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This observation follows from how first-escaped pointers are determined. For an escape site at a

call site, the corresponding first-escaped pointer is determined by the target method and context to

which the call resolves. An argument never affects the target method, and in some cases it does not

affect the context either. For instance, under object-sensitive pointer analysis, the context depends

only on the receiver object, not on the arguments; in such cases, the context-irrelevant argument

can be safely ignored when comparing escape sites.

Since there are many variants of context sensitivity, deriving an optimal, general-purpose proce-

dure for identifying all context-irrelevant arguments is likely intractable. Instead, we approximate

this decision using Cut-Shortcut’s principled pattern-based analysis [37], which efficiently iden-

tifies arguments whose propagation should be distinguished across specific contexts to preserve

pointer-analysis precision. If an argument is selected by Cut-Shortcut, it indicates that the argu-
ment should propagate under a distinct context (intuitively, the argument itself serves as a context

element), and we therefore retain it in the escape site. Otherwise, we exclude the argument when

checking escape-site equivalence.

4.4 Soundness and Precision

This section briefly discusses the soundness and precision of pointer analysis using the heap

abstraction produced by Valve compared to pointer analysis using the allocation-site-based heap

abstraction. The soundness of Valve-enhanced pointer analysis is straightforward to establish.

Because Valve constructs a heap abstraction that is strictly coarser than the allocation-site-based

heap, all points-to relations are preserved under this coarser abstraction. Specifically, if a pointer 𝑝

points to an object 𝑜 without merging, then after merging it either continues to point to the same

object 𝑜 (if 𝑜 is not merged), or to a merged abstract object 𝑜 ′ that incorporates 𝑜 .
As for precision, Mahjong, which focuses on type-dependent clients, still incurs some precision

loss for such clients. Since Valve targets a more general notion of precision beyond type-dependent

clients, it faces a more challenging task of preserving precision. First, precision loss in the pre-

confluence region described in Section 3.2 is generally unavoidable when merged objects have dis-

tinct A-LHS variables. However, Valve’s early-confluence merging criterion confines pre-confluence

regions to a small region of the program, and hence introduces limited imprecision due to merging.

Second, we do not explicitly handle indirect imprecision introduced by field store operations.

Nevertheless, as discussed in Section 3.3, such indirect imprecision can be largely confined by

our handling of field load operations. These potential sources of imprecision are reflected in our

empirical evaluation of Valve in Section 5, and the results indicate that such cases are rare in

practice, resulting in nearly negligible imprecision.

5 Evaluation

This section empirically evaluates Valve in terms of both precision and efficiency. As Valve is a heap
abstraction based on object merging, we compare it against the state-of-the-art merging-based heap

abstraction, Mahjong [51], which has demonstrated significant speedups in pointer analysis while

maximally preserving precision for type-dependent clients. In addition, we include the standard

allocation-site abstraction (i.e., no merging) as a baseline. This baseline enables us to quantify both

the precision impact and the performance gains introduced by object merging.

To comprehensively assess the impact of Valve acrossmodern context-sensitivity pointer-analysis
techniques, which generally provide substantially better scalability than conventional context-

sensitivity analyses while still maintaining high precision, we combine both Valve andMahjong
with three representative state-of-the-art pointer analyses and evaluate them on large-scale Java

programs. First, we consider two selective context-sensitive analyses: Zipper𝑒 [31], which empha-

sizes efficiency, andMoon [65], which prioritizes precision. These analyses represent two distinct
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design points along the efficiency-precision spectrum of selective context sensitivity. Second, we

combine Valve andMahjong with Cut-Shortcut [37], a recent pointer-analysis technique that
achieves very high efficiency while maintaining competitive precision. Importantly, Cut-Shortcut
scales to large programs where advanced selective context-sensitive analyses fail to handle and, in

our experiments, runs even faster than context-insensitive pointer analysis on such programs. We

exclude conventional 𝑘-context-sensitive analyses (e.g., 𝑘-object-sensitive analyses [38]) because

they do not scale to most programs in our benchmarks to achieve comparable precision.

Specifically, our evaluation is designed to answer the following research questions.

RQ1. How does Valve compare withMahjong in terms of precision and efficiency when combined

with state-of-the-art selective context-sensitive analyses (Zipper𝑒 andMoon)?
RQ2. For large-scale Java programs that selective context-sensitive analyses cannot scale, how

does Valve compare with Mahjong in terms of precision and efficiency when combined with

Cut-Shortcut?
RQ3. How does Valve behave in practice with respect to object merging, particularly in terms of

the extent and characteristics of the merged objects?

5.1 Experimental Setup

Implementation. To ensure a fair and consistent comparison, we implement and execute all

evaluated pointer analyses within the same framework, since running them in different frameworks

may introduce differences unrelated to the techniques themselves due to variations in IR, solver

implementations, or engineering optimizations. We implement Valve on top of Tai-e [49], which
already provides mature implementations of Mahjong, Zipper𝑒 , and Cut-Shortcut. For a uniform
experimental setting across all techniques, we port Moon to Tai-e. Moon selects the objects to

be analyzed context-sensitively. We adopt its original artifact implementation to guide selective

context-sensitive analysis in Tai-e, ensuring that the results faithfully reflect Moon’s effectiveness.
The full implementation is included in our artifact and released as open source [58].

Benchmarks. We evaluate Valve on 17 large Java programs. 15 of them are the largest bench-

marks adopted from recent literature [37, 61, 65], and the remaining 2 are large real-world Java

projects: h2o and flink. These programs span across benchmark suites including DaCapo [7, 8]

and Renaissance [43], as well as standalone projects such as flink [11] (stream processing frame-

work), columba (email client) and soot (Java analysis framework). These programs are large and

complex; in particular, the largest ones cannot be analyzed to completion within a few hours even

by context-insensitive pointer analysis. To best match each program’s runtime environment, we

analyze h2o, flink, biojava, als, and chirper with JDK 17, which these projects target, and the other

programs with JDK 1.6 as in previous literature.

Precision Metrics. To assess pointer-analysis precision under different heap abstractions, we adopt
four representative client analyses that are widely used in prior work [36–38, 41, 51, 61, 65, 68].

Specifically, we measure: (1) cast-resolution analysis, by the number of may-Failing Casts (#FC);
(2) call-graph construction, by the number of Call-graph Edges (#CE); (3) Thread-Escape analysis,
by the number of objects that may escape their allocation thread (#TE); and (4) Side-Effect analysis,
by the average number of objects each method may modify (#SE). Since object merging preserves

soundness, it can only over-approximate these client results; thus, smaller values consistently

indicate higher precision across all metrics.

These clients also capture two qualitatively different notions of precision. #FC and #CE are

type-dependent: their results depend only on the types of the objects that may appear in a pointer’s

points-to set. For example, cast-resolution analysis (#FC) checks x = (T)y by testing whether any
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possible object type in 𝑦’s points-to set is incompatible with 𝑇 , regardless of which specific objects

are involved. In contrast, #TE and #SE are non-type-dependent: they require finer-grained points-to

information about which objects each pointer may reference (e.g., whether a particular object may

escape or be modified). Consequently, they impose substantially stronger demands on points-to

precision and more directly reflect object-identity imprecision introduced by heap abstraction.

Analysis Time. To evaluate efficiency, we measure the end-to-end speedup achieved by analyses

enhanced with Valve orMahjong, including the overhead of computing the heap abstraction (i.e.,

performing object merging). We define speedup as 𝑇 pta/(𝑇 pta

′ +𝑇merge), where 𝑇 pta denotes the

pointer analysis time without merging, 𝑇 pta

′
the pointer analysis time with merging, and 𝑇merge

the time spent computing the heap abstraction.

Experimental Configuration. All experiments are conducted on a machine equipped with an Intel

Xeon 2.30GHz CPU. For each analysis, we allocate 256GB of memory and use 8 threads; the pointer

analyses run single-threadedly, while Valve andMahjong exploit parallelism only for computing

heap abstractions. We set the time budget to 12 hours and report the average runtime over 3 runs.

We adopt 3-object sensitivity for Zipper𝑒 andMoon, while Cut-Shortcut is intentionally de-

signed to operate without contexts [37]. Object sensitivity has been widely validated as effective

for object-oriented languages [28, 38, 46]. We set 𝑘 = 3 as it provides high precision in practice;

larger 𝑘 is not supported byMoon and also causes Zipper𝑒 to exceed our time and memory budget.

5.2 RQ1: Valve vs. Mahjong for Selective Context Sensitivity

This section compares Valve to Mahjong in terms of precision and efficiency when combined

with state-of-the-art selective context-sensitive analyses (Zipper𝑒 andMoon), using the standard
allocation-site abstraction (Alloc) as a baseline.

Combining three heap abstraction techniques with two context sensitivity configurations yields

six analyses in total. Table 1 reports the results of these analyses across all benchmarks, except

four (h2o, flink, als, and chirper) that do not scale with either Zipper𝑒 orMoon. For each analysis

and each benchmark, we report the total analysis time 𝑇 total, which consists of the time spent

computing the heap abstraction 𝑇merge and the pointer analysis time with merging 𝑇 pta

′
. We also

report four precision metrics: #TE, #SE, #FC and #CE, as described in Section 5.1. Notably, row CI
in the table corresponds to the result of context-insensitive pointer analysis using Alloc.

Efficiency. When combined with selective context-sensitive analyses, Valve-enhanced analyses

achieve comparable or often superior efficiency to Mahjong. With the efficiency-oriented analysis

Zipper𝑒 (scaling on 11 programs averaging 1273 seconds), Valve achieves an average speedup of

34.7×, compared with Mahjong’s 13.3×. With the precision-oriented Moon (scaling on 9 programs

averaging 2223 seconds), Valve attains a speedup of 2.8×, versusMahjong’s 1.1×.
Notably, for the especially large programs (9 of 13 benchmarks) where Zipper𝑒 andMoon cannot

finish within 5 minutes, the average speedups achieved by Valve become even larger. With the

efficiency-oriented Zipper𝑒 , Valve achieves an average speedup of 41.3×, versusMahjong’s 4.3×.
With the precision-orientedMoon,Valve attains an average speedup of 4.3×, versusMahjong’s 1.2×.

The efficiency of Valve stems from its methodology: (1) its unique merging criterion enables

a lightweight analysis to identify mergeable objects; (2) this distinct criterion also leads Valve
to merge a more diverse set of objects compared to Mahjong, resulting in more pronounced

improvements. We discuss each of these two factors below.

First, by focusing on early-confluent objects,Valve can perform efficient merging using allocation-

local flow information derived from lightweight program structures, without requiring a whole-

program pointer analysis; in contrast, Mahjong depends on such a whole-program analysis to
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Table 1. Efficiency and precision results for CI, Zipper𝑒 and Moon, using Alloc, Mahjong, and Valve. OoM
indicates the analysis crashes after running out of memory. Entries marked with ‘+’ show changes relative to
the Alloc baseline. For all metrics, smaller is better.

Zipper𝑒 [31] Moon [65]

Analysis 𝑇 total (𝑇 pta

′ +𝑇merge) #TE #SE #FC #CE 𝑇 total (𝑇 pta

′ +𝑇merge) #TE #SE #FC #CE

g
r
u
n
t
s
p
u
d CI 27 14715 7873 6710 274653 27 14715 7873 6710 274653

Alloc 641 12333 7207 5131 225279 OoM – – – –

Mahjong 166 (67+98) +4753 +1079 +22 +2382 OoM – – – –

Valve 34 (27+7) +9 +15 +0 +2 OoM – – – –

f
r
e
e
c
o
l

CI 32 16744 12040 9625 312882 32 16744 12040 9625 312882

Alloc 565 13966 10848 6657 267290 OoM – – – –

Mahjong 151 (21+130) +9312 +832 +107 +294 OoM – – – –

Valve 36 (28+8) +4 +36 +0 +36 OoM – – – –

b
r
i
s
s

CI 33 17521 11214 7752 294616 33 17521 11214 7752 294616

Alloc 636 14750 10369 5838 259645 OoM – – – –

Mahjong 176 (72+104) +7283 +1070 +26 +269 OoM – – – –

Valve 43 (36+8) +15 +33 +29 +0 OoM – – – –

c
o
l
u
m
b
a

CI 63 19686 11941 10413 419632 63 19686 11941 10413 419632

Alloc 1473 17021 10962 7867 328611 OoM – – – –

Mahjong 1561 (1295+266) +5098 +816 +9 +331 OoM – – – –

Valve 1286 (1277+8) +5 +14 +0 +8 OoM – – – –

h
s
q
l
d
b

CI 3 3078 1768 1635 63720 3 3078 1768 1635 63720

Alloc 3201 2485 1521 823 56219 689 2395 869 777 55784

Mahjong 199 (195+4) +1391 +426 +1 +3 617 (613+4) +1417 +589 +0 +5

Valve 14 (9+5) +3 +5 +13 +0 258 (254+5) +7 +26 +13 +17

j
e
d
i
t

CI 13 8046 4491 4056 150296 13 8046 4491 4056 150296

Alloc 10 6455 3940 2821 122800 1707 6200 3436 2493 121191

Mahjong 41 (8+33) +2580 +511 +0 +8 1812 (1779+33) +2668 +730 +0 +8

Valve 13 (8+5) +3 +12 +0 +7 968 (963+5) +30 +35 +10 +45

h
2

CI 4 3635 1968 1857 99945 4 3635 1968 1857 99945

Alloc OoM – – – – 2956 2840 1507 1124 89584

Mahjong 18 (12+6) 4425 2096 1206 90224 2548 (2542+6) +1439 +448 +0 +2

Valve 45 (40+5) 3041 1738 1206 90224 861 (856+5) +5 +16 +0 +4

s
o
o
t

CI 39 11102 6504 16633 415845 39 11102 6504 16633 415845

Alloc 4534 7003 5174 8760 270801 3979 7264 2609 8601 272715

Mahjong 4317 (4234+83) +1917 +438 +0 +11 3675 (3592+83) +1950 +746 +0 +11

Valve 1505 (1493+11) +28 +12 +10 +3 1310 (1298+11) +18 +36 +0 +5

b
a
t
i
k

CI 6 7416 3236 3285 127819 6 7416 3236 3285 127819

Alloc 868 5924 2571 2057 110012 220 5201 1105 1954 108163

Mahjong 105 (91+14) +2618 +604 +0 +9 230 (216+14) +2663 +825 +0 +11

Valve 195 (189+6) +8 +15 +0 +0 306 (300+6) +18 +43 +0 +40

fi
n
d
b
u
g
s CI 4 5752 1777 3370 107446 4 5752 1777 3370 107446

Alloc 578 4712 1400 2288 93421 11 3730 831 1639 88288

Mahjong 12 (5+8) +2384 +596 +0 +1 16 (8+8) +2457 +706 +5 +17

Valve 15 (9+6) +4 +5 +0 +1 16 (10+6) +7 +33 +0 +4

c
h
e
c
k
s
t
y
l
e CI 3 4570 1391 1825 80611 3 4570 1391 1825 80611

Alloc 555 3804 1125 1207 69594 11 2616 774 930 66536

Mahjong 9 (2+7) +1791 +600 +0 +0 14 (7+7) +1729 +677 +5 +20

Valve 11 (5+6) +0 +7 +0 +0 14 (8+6) +2 +20 +0 +3

b
i
o
j
a
v
a

CI 815 11061 5651 5710 265876 815 11061 5651 5710 265876

Alloc 953 10718 5431 4860 240955 7769 9514 4663 3569 202711

Mahjong 1436 (493+943) +2537 +726 +0 +2 5334 (4390+943) +2868 +890 +50 +30

Valve 869 (857+13) +36 +21 +87 +2745
1

5865 (5852+13) +12 +37 +0 +6

e
c
l
i
p
s
e

CI 13 9020 5353 5074 184970 13 9020 5353 5074 184970

Alloc OoM – – – – 2673 6613 4003 3507 163831

Mahjong OoM – – – – 2175 (2136+39) +2883 +834 +0 +8

Valve 2678 (2674+4) 7301 4568 3640 165230 245 (241+4) +23 +40 +3 +20

support its merging. For example, in columba,Mahjong requires 266 seconds to identify and merge

type-consistent objects, while Valve identifies and merges early-confluent objects in only 8 seconds.

1
Due to space constraints, we discuss the reason for this unexpected precision loss in the supplementary material.
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The second reason is more subtle. Valve adopts a different merging criterion from Mahjong,
resulting in substantially different sets of merged objects (detailed in Section 5.4), which affect

analysis efficiency differently. Valve identifies a diverse set of mergeable objects, including those

whose invoked methods are selected for context-sensitive treatment by selective context-sensitive

techniques. Merging such objects reduces the number of contexts for these methods, thereby accel-

erating the analysis. In contrast, for many objects merged by Mahjong, their invoked methods are

already treated context-insensitively by selective context-sensitive techniques, largely diminishing

the potential efficiency benefits of merging. Consequently, merging these objects tends to yield more

modest improvements than those achieved byValve. Additionally, the objects merged byValve often
involve more complex instance-field usage than those merged by Mahjong. Since object merging

also merges their associated instance fields, Valve can reduce more instance fields that the enhanced

pointer analysis needs to distinguish and process, thereby yielding greater efficiency improvements.

Precision. For non-type-dependent clients, Valve substantially outperformsMahjong, preserving
a much higher average precision of 99.35%, whereas Mahjong achieves only 73.52%. Even for

type-dependent clients that Mahjong prioritizes over others, Valve still achieves a comparable

average precision of 99.82% compared to Mahjong’s 99.84%. The potential sources of precision loss

in Valve have been discussed in Section 4.4.

Valve’s high precision stems from its object-merging strategy. By merging only early-confluent

objects—objects whose flows quickly converge and then propagate together—Valve confines the
imprecision introduced bymerging to a small localized region of the PFG. Consequently, it avoids the

cascading propagation of spurious points-to information in general and achieves higher precision

in practice, independently of downstream clients. In contrast,Mahjong’s type-consistency criterion
enables each object merge to preserve the precision of type-dependent clients [51]. While effective

for such clients, it does not preserve more general object-flow information, which can substantially

affect the precision of non-type-dependent clients.

We further compare Valve andMahjong on three additional common metrics: devirtualized calls,

average points-to set size, and the number of may-alias variable pairs. The average precision values

are 99.96% vs. 99.81% (devirtualized calls), 98.54% vs. 35.22% (average points-to set size), and 99.66%

vs. 93.28% (the number of may-alias variable pairs), respectively (detailed results are provided in

the supplementary material due to space constraints). These results further demonstrate that Valve
can maintain high precision in a client-independent manner.

5.3 RQ2: Valve vs. Mahjong for Cut-Shortcut

This section compares Valve to Mahjong in terms of precision and efficiency when combined with

Cut-Shortcut. Cut-Shortcut can be viewed as an alternative pointer analysis that prioritizes

scalability: selective context-sensitivity approaches such as Zipper𝑒 andMoon typically achieve

higher precision, but are considerably less efficient than Cut-Shortcut.
We therefore focus on extremely large programs where selective context sensitivity struggles to

scale but Cut-Shortcut remains scalable, to evaluate whether Valve can accelerate Cut-Shortcut
in the settings where it is most applicable. Table 2 reports the results of the three heap-abstraction

techniques (Alloc, Mahjong and Valve) under Cut-Shortcut on the 4 largest benchmarks where

Zipper𝑒 and Moon both fail to scale (cannot finish analysis within 12 hours or run out of memory).

Accelerating Cut-Shortcut poses unique challenges compared with selective context-sensitive

analyses. First, it already exhibits exceptional efficiency: as shown in Table 2, it is even faster

than CI. Second, unlike context-sensitive techniques that analyze each method multiple times

under different contexts and thus instantiate many objects, Cut-Shortcut analyzes each method
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Table 2. Results for the 4 largest programs under CI, Cut-Shortcut with Alloc, Mahjong, and Valve; these
programs remain unscalable even for state-of-the-art selective CS approaches such as Zipper𝑒 and Moon.

Analysis 𝑇 total (𝑇 pta

′ +𝑇merge ) #TE #SE #FC #CE

h
2
o

CI >12h – – – –

Alloc 31492 27350 16438 11806 4331899

Mahjong >12h – – – –

Valve 23916 (23866+49) +45 +351 +1 +83

fl
i
n
k

CI 19667 23101 12653 12859 721542

Alloc 5034 20423 11532 7126 492573

Mahjong 23390 (517+22872) +4756 +1692 +43 +388

Valve 3506 (3415+91) +17 +93 +0 +5

a
l
s

CI 15336 53549 29328 47770 3431659

Alloc 8066 46568 26194 35201 2581138

Mahjong 24742 (2572+22170) +5995 +1999 +56 +1775

Valve 5625 (5577+47) +73 +65 +38 +102

c
h
i
r
p
e
r

CI 413 15733 8277 9943 512580

Alloc 148 15199 8111 7140 429798

Mahjong 855 (98+757) +1878 +673 +6 +315

Valve 124 (113+10) +7 +26 +2 +0

only once. This results in fewer objects being propagated on the PFG, making it harder to achieve

significant speedups through object merging.

Efficiency and Precision. Despite the limited optimization opportunities, Valve pushes the effi-

ciency boundaries further. Across the four largest benchmarks, Valve reduces the analysis time of

Cut-Shortcut by 2893 seconds on average (up to 7576 seconds), yielding a modest but practically

meaningful average speedup of 1.34×. In contrast,Mahjong incurs a slowdown in this setting. This

is because Mahjong first relies on a whole-program context-insensitive pointer analysis to identify

type-consistent objects; for programs of this scale, the cost of this pre-analysis becomes significant

and outweighs the efficiency benefits brought byMahjong’s heap abstraction.

As for precision, Valve achieves higher precision than Mahjong on all four clients across all

programs in Table 2. For non-type-dependent clients, Valve substantially outperformsMahjong,
preserving a much higher average precision of 99.51%, whereas Mahjong achieves only 88.53%.

Even for type-dependent clients that Mahjong prioritizes over others, Valve still achieves a better
average precision of 99.98% compared toMahjong’s 99.82%.

5.4 RQ3: How Does Valve Merge Objects in Practice?

This subsection examines how Valve merges early-confluent objects in our experiments. We focus

on three aspects: (1) the extent of merging, i.e., how many abstract heap objects are eliminated

compared to the standard allocation-site abstraction; (2) the structure of merging, i.e., what the

merged groups (equivalence classes) look like in terms of their number and size; and (3) the

equivalence relations induced by merging, i.e., how the object pairs merged by Valve compare with

those merged byMahjong.

Extent of Merging. Figure 10 reports the number of heap objects under different heap abstractions,

including Alloc, Valve, and Mahjong. We exclude h2o because Mahjong requires a context-

insensitive pointer analysis (CI) as a pre-analysis step, and CI does not scale to it. Overall, relative

to Alloc, Valve reduces the number of heap objects by 26.6% per program on average, ranging

from 18.9% on chirper to 35.8% on freecol. As a reference point, Mahjong achieves an average

reduction of 44%, and, except for soot, it merges more objects than Valve on every program.

Interestingly, although Valve typically merges fewer objects thanMahjong, it can still deliver

higher speedups (as shown in Sections 5.2 and 5.3). This suggests that the acceleration from object
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Fig. 11. Characteristics of merged objects by Valve and Mahjong. The left chart shows the number of
equivalence classes merged per program, and the right chart shows the average size of equivalence classes.

merging is not determined solely by how many objects are merged, but also by which objects are

merged. Intuitively, merging objects that quickly become confluent tends to reduce redundant

points-to propagation along the most shared flow paths, thereby improving efficiency even when

the total reduction in object count is relatively modest.

Structure of Merged Objects. To further characterize the merging induced by Valve, we analyze
the equivalence classes of early-confluent objects identified by Valve in each program. Concretely,

Valve groups mutually early-confluent objects into one equivalence class and merges all objects in

the class into a single abstract object.

Figure 11 reports, for each program, (i) the number of equivalence classes produced by Valve and
(ii) the average equivalence-class size (i.e., the number of objects in a class). We include the same

statistics forMahjong for comparison;Mahjong merges objects according to its type-consistency
criterion [51], and each class corresponds to a set of objects merged by Mahjong. The results show
a clear contrast: despite merging fewer objects overall, Valve partitions the objects into noticeably

more equivalence classes on average (Valve: 2682 vs. Mahjong: 1772), and its average equivalence-

class size is significantly smaller (Valve: 5.7 vs. Mahjong: 14.8). In other words, compared to

Mahjong, Valve’s merging is more fine-grained: merging decisions are more distributed across the

heap (more classes), while each merged group is more cohesive (smaller classes).

This behavior is consistent with Valve’s early-confluence criterion. If multiple objects become

confluent shortly after allocation, then before confluence they typically traverse nearby and closely
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related regions of the program; merging them therefore confines the introduced imprecision to

a small pre-confluence portion of the pointer flows. This merging behavior helps explain the

consistently good precision achieved by Valve, as empirically demonstrated in Sections 5.2 and 5.3.

Comparison of Equivalence Relations. We also conduct a fine-grained comparison between the

equivalence relations produced by Valve and Mahjong. Specifically, for each technique, we record

the set of object pairs identified as equivalent and therefore merged. We then compare the intersec-

tion and difference between the sets produced by Valve andMahjong, in order to better understand

the similarities and differences between their merging strategies.

For object pairs merged by both Valve andMahjong, on average, they account for 56.5% of the

pairs merged by Valve and 35.0% of those merged by Mahjong. This result indicates that the two
techniques identify substantially different and cross-cutting merge opportunities, rather than one

being simply a refinement of the other.

For object pairs merged exclusively by each, we further inspected the top-5 most frequently

merged object types for each technique. Overall, the types of objects merged only by Valve and
those merged only byMahjong are quite different, due to their different merging criteria. The types

merged only by Valve vary across benchmark programs, whereas those merged only by Mahjong
are mostly String and primitive-array types across different programs.

For example, on the eclipse benchmark, among the object pairs merged only byMahjong, the
top-5 types are java.lang.String, java.lang.String[], char[], int[], and java.io.File. In
contrast, among the object pairs merged only by Valve, the top-5 types are java.lang.Object[],

org.eclipse.Status, java.lang.String[], org.eclipse.JavaModelStatus, and org.eclipse.Label,

including several application-specific types from the eclipse benchmark, demonstrating the diversity

of the mergeable objects identified by Valve.

Discussion. Given that Valve and Mahjong identify cross-cutting merge opportunities, it is

natural to ask whether combining them can yield a more favorable precision-efficiency tradeoff.

However, because these techniques can influence each other, their combinations can be varied.

We briefly discuss two combination variants below, leaving a systematic exploration of the rich

interactions among multiple heap abstractions as an interesting direction for future work.

The first combination merges only objects that are both early-confluent and type-consistent, by

running both techniques independently over the original allocation-site-based heap and intersecting

their equivalence relation. Since this combination is a refinement over Valve and Mahjong, it
is expected to deliver better precision with less efficiency benefits than either technique alone.

The second combination appliesMahjong and Valve sequentially. For example, we may first run

Mahjong to obtain a coarsened heap and then feed it into Valve for further coarsening. Note that
this is distinct from the previous combination: because the coarsening performed byMahjong is

observed by Valve,Mahjong affects which objects Valve identifies as mergeable. On a coarser heap,

more objects become early-confluent, enabling Valve to discover additional merging opportunities

beyond using each technique alone, with the resulting heap embodying imprecision introduced by

both techniques. However, given Valve andMahjong’s good precision on type-dependent clients,

it is expected to not lose much precision for type-dependent clients.

5.5 Ablation Study

To further understand the effectiveness of our two relaxation techniques (Section 4.3.2), we conduct

an ablation study over three incremental configurations: (1) Strict, which uses identity-based es-

cape-site equivalence only, i.e., no relaxation; (2) +MustAlias, which additionally enables must-alias

variable substitution; and (3) +Filtering, which further adds context-irrelevant argument filtering

on top of (2). For each configuration, we report the speedup over the no-merge baseline and the
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resulting precision (i.e., the ratio between the precision metric of the no-merge baseline and that of

the corresponding configuration). Due to space constraints, we summarize only the average results

here; detailed per-benchmark results are provided in the supplementary material.

Across the three configurations (Strict, +MustAlias, and +Filtering), the speedups are 1.15×,
3.43×, and 45.91× for Zipper𝑒 , with precisions of 99.96%, 99.88%, and 99.76%, respectively. For

Moon, the corresponding speedups are 1.03×, 1.12×, and 2.87×, while the precisions are 99.92%,
99.92%, and 99.35%. For Cut-Shortcut, the speedups are 0.96×, 1.06×, and 1.38×, with precisions of

99.88%, 99.86%, and 99.74%. Across all three modern pointer analyses, the two relaxation techniques

contribute additional merging opportunities and efficiency gains, while the resulting precision

loss remains negligible. The slightly sub-unit speedup of Strict on Cut-Shortcut is likely due to

run-to-run performance variation.

Additionally, we examine how the two relaxation techniques affect the extent of merging itself by

measuring the remaining heap size. Relative to the no-merge baseline, Strict reduces the remaining

heap size to 87.6%; +MustAlias lowers it further to 84.0%; and +Filtering brings it down further to

73.4%. This progressive reduction demonstrates that each relaxation technique uncovers additional

early-confluent objects that the strict identity relation alone would miss.

6 Related Work

We discuss two major directions for improving the efficiency and precision of Java pointer analysis:

(1) designing better heap abstractions and (2) improving context sensitivity.

Heap Abstractions. Type-based heap abstraction [48] can be seen as merging all objects of the

same type. It achieves better precision than CHA [16, 18] and RTA [6] with high efficiency, and

is therefore used in production compilers [61]. However, it is substantially less precise than the

allocation-site-based abstraction [22], which remains predominant for precise pointer analysis [51].

Tan et al. [51] proposedMahjong to merge type-consistent objects for type-dependent clients.

Mahjong encodes field points-to relations of a context-insensitive pointer analysis and object types

as NFAs, and reduces type-consistency checking to NFA equivalence testing. Valve also leverages

an NFA-based encoding, but from a fundamentally different perspective. Instead of reasoning about

types in field points-to sets, Valve reasons about object-flow confluence, encoding object-flow

information in the NFAs to determine early confluence, without a whole-program pointer analysis.

Xu and Møller [63] proposed an adaptive heap abstraction for JavaScript pointer analysis that

merges objects when points-to sets grow large. An appealing aspect is that, similar to Valve, their
approach does not rely on a separate whole-program pointer analysis. However, this method makes

merging decisions on-the-fly, based on internal metrics during pointer analysis, whereas Valve
identifies early-confluent objects beforehand, via object-flow information.

For machine-learning-based techniques, Jeon et al. [22] proposed Graphick, a general frame-

work that learns so-called graph-based heuristics to optimize pointer analysis. When applied to

Mahjong’s field points-to graph, it yields a heap abstraction comparable to Mahjong in precision

and efficiency. Similarly, Chen et al. [15] presented 4DM, a learning-based technique for optimizing

Datalog-based program analyses that can also produce a heap abstraction by learning a merging

heuristic targeting objects in the JDK. Unlike these learning-based approaches, Valve is designed
under the insight of merging early-confluent objects, and derives merging decisions directly from

early flow confluence. By targeting objects that converge quickly to the same set of pointers,

Valve is able to confine the imprecision due to merging while accelerating the pointer analysis.

Additionally, learning-based approaches share a limitation by relying on a training phase (e.g.,

Graphick requires approximately 200 hours to train on four selected programs [22]). Generally,

learning-based approaches are sensitive to the training programs and metrics, and the learned
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heuristics are usually difficult to comprehend and explain [31]. As a training-free and insight-driven

approach, Valve is complementary to these approaches. For example, Valve’s insight into merg-

ing early-confluent objects may provide a useful perspective for designing learning objectives in

learning object-merging heuristics for heap abstractions.

Abstraction refinement [32, 64, 67] is a general technique for improving static analysis precision

and can be applied to construct heap abstractions for pointer analysis. However, its goal fundamen-

tally differs from ours. Refinement-based approaches start from a coarse abstraction and iteratively

refine it to improve analysis precision, while Valve takes the opposite direction: starting from an

allocation-site-based heap abstraction, it merges early-confluent objects to coarsen the heap to

accelerate pointer analysis while preserving precision. Despite this contrast, it would be interesting

to combine these two approaches. For example, refinement could focus on objects that are not

identified by Valve, as early-confluent objects merged by Valve tend to have negligible impact on

precision and are therefore less likely to benefit from further refinement.

Vivien and Rinard [57] proposed to identify escape sites through an expanding pointer analysis

for compiler optimization purposes. Valve also identifies escape sites to merge early-confluent

objects, but adopts a more lightweight approach without a pointer analysis.

Context Sensitivity. Context-sensitivity has been proven as an effective approach to improve

the precision of Java pointer analysis while maintaining efficiency, attracting substantial research

attention in recent years. Prior work on context sensitivity largely falls into two categories: (1) se-

lecting specific elements as contexts, such as objects [38], call-sites [17, 23], types [46], context

transformations [54], value-contexts [42, 52], or combinations thereof [25, 30, 53]; (2) selectively

applying context sensitivity to objects [65], methods [60], or variables [36], guided by heuris-

tics [47], patterns [21, 31], machine learning [22], or combinations thereof [25, 50]. More recently,

Ma et al. [37] proposed Cut-Shortcut, obtaining precision comparable to context sensitivity via

PFG manipulation, at the cost of context insensitivity. Among these, LSRV [52] is technically close

to Valve. It uses levelized summaries, a technique similar to NFAs, to abstract the impact of value

contexts, thereby deduplicating redundant contexts. In contrast, Valve leverages NFAs to encode

object-flow information and compares them to merge objects to coarsen the heap. These techniques

have undoubtedly advanced pointer analysis.

Valve, as a heap abstraction, is orthogonal and complementary to these advancements. As

is demonstrated by our evaluation in Section 5 using three representative context-sensitivity

techniques—Zipper𝑒 [31],Moon [65] andCut-Shortcut [37]—with distinct principles and tradeoffs,
the integration yields substantial efficiency gains with nearly negligible precision loss.

7 Conclusions

This paper proposed Valve, a heap abstraction that improves pointer analysis efficiency while

preserving precision in a client-independent manner by identifying and merging early-confluent

objects—objects that quickly converge to the same pointers and propagate together. By approxi-

mating early-confluence determination via an NFA equivalence problem, Valve identifies early-
confluent objects efficiently while retaining high precision. Our extensive evaluation on large-

scale Java benchmarks shows that Valve consistently improves the efficiency–precision tradeoff.

Compared with the state-of-the-art merging approach Mahjong, Valve achieves substantially

higher precision for non-type-dependent clients while maintaining comparable precision for type-

dependent ones. Meanwhile, it matches or often surpassesMahjong in efficiency across multiple

state-of-the-art pointer-analysis techniques with different design principles and precision-efficiency

tradeoffs. We expect Valve to highlight the importance of heap abstraction in Java pointer analysis

and to serve as a useful reference for future work in this area.
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8 Data Availability Statement

We have provided an artifact [58] to reproduce all experimental results presented in Section 5; it is

available at https://doi.org/10.5281/zenodo.21508558. To reproduce the results, please follow the

instructions in the README.pdf included in the artifact package. In addition, we have provided

supplementary material [59] detailing the results of the ablation study in Section 5.5, available at

https://doi.org/10.5281/zenodo.21857709.
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