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Abstract—Precise pointer information is essential for data-
flow analysis. While flow-sensitive pointer analysis yields highly
precise results, it introduces more computations. To provide a
better trade-off between precision and performance, prior work
has developed LEVPA, a pointer analysis that processes pointers
according to their pointer level, generally accelerating the analy-
sis. However, LEVPA still performs redundant computations for
intermediate variables that are generated during Static Single
Assignment (SSA) transformation. For real-world programs, we
have observed that those variables may constitute up to 87%
of all analyzed variables. These unnecessary computations cause
LEVPA to timeout for large programs.

To address these limitations, we present Level-based Inter-
mediate variable Skipping Pointer Analysis (LISPA), an en-
hancement of LEVPA that operates on a def-use graph without
computing points-to set of intermediate variables introduced
during SSA transformation. The key insight behind LISPA is
that intermediate variables do not introduce new pointers into the
analysis, because they always alias with variables in the original
program. Therefore, there is no need to compute their points-to
set in a fixed-point computation. Across 27 real-world C/C++
programs, we show that LISPA is on average 2.14× faster than
LEVPA, while using 2.38× less memory.

Index Terms—Flow Sensitivity, Pointer Analysis, Intermediate
Variables

I. INTRODUCTION

Pointer analysis computes the set of memory locations
to which program variables may point. This information is
essential to various data-flow analyses that are used to per-
form compiler optimizations (e.g., dead code elimination [1]),
reason about semantic properties of programs (e.g., data races
detection [2]), and detect security vulnerabilities (e.g., SQL
injection analysis [3]). To reduce the number of resulting false
positives, a precise data-flow analysis requires precise points-
to information. For example, well-established compilers such
as LLVM [4] use precise pointer information to perform code
optimizations that ensure a program behaviour remains intact.

Traditionally, flow-sensitive pointer analysis is modelled
as a fixed-point computation problem over the Control-Flow
Graph (CFG) of a program. However, this model is not
practical for programs with more than 100K lines of code
(LOC) due to the tremendous size of the CFG. To accelerate
flow-sensitive pointer analysis, LEVPA [5] groups all pointers
according to their pointer level. LEVPA starts with the highest
pointer level and constructs a sparse graph representing the
define-and-use relationship of points-to sets between program
locations. LEVPA then transform the related instructions into
full SSA form [6] and computes their points-to set using an
Andersen-style pointer analysis [7]. The computed points-to

set is used to construct the sparse graph for the next pointer
level. This level-by-level processing enables LEVPA to scale
to programs with more than 100 KLOC. However, LEVPA
unnecessarily computes points-to sets of intermediate variables
that are introduced during SSA transformation, hindering its
ability to reach its full potential performance. As we will show
on our benchmark suite, intermediate variables may constitute
up to 87% of all analyzed variables, rendering most LEVPA
points-to set computations redundant. Our key observation
here is that these intermediate variables do not introduce
new pointers into the analysis because they always alias to
existing ones. Therefore, an efficient pointer analysis should
not process them in a similar fashion to original program
variables by computing and propagating their points-to sets
using an Andersen-style pointer analysis.

To address the inefficiencies of traditional level-by-level
pointer analysis, we present Level-based Intermediate vari-
able Skipping Pointer Analysis (LISPA), an enhancement of
LEVPA that operates on a Def-Use Graph (DUG) without
computing the points-to sets of intermediate variables intro-
duced during SSA transformation. LISPA treats intermediate
variables differently by directly passing points-to sets of the
pointers that alias with these intermediate variables to the
program locations that use them. Unlike LEVPA, LISPA does
not compute and propagate the points-to set for intermediate
variables to compute the DUG. Instead, for a specific pointer
level, LISPA builds def-use edges for pointers at that level
with any def-use relationship on intermediate variables being
eliminated. When a def-use edge leads to an intermediate
variable as its destination, LISPA automatically update the
destination to the use locations of that intermediate variable.
LISPA then performs its fixed-point computation directly on
those edges before moving on to process the next pointer level.
This approach enables LISPA to avoid redundant points-to set
computations and propagation for intermediate variables.

To evaluate LISPA, we implemented it as an optimization
analysis in LLVM 17 [4]. We then ran LISPA on 16 bench-
marks from the SPEC CPU 2017 benchmark suite [8] and
14 benchmarks from prior work [9], ranging from 1K to
1M+ LOC. Across 27 benchmarks for which at least one anal-
ysis terminates within the time limit, LISPA is 2.14× (min:
1.01×, max: 13.65×, geomean: 2.14×) faster than LEVPA,
while consuming 2.38× (min: 1.21×, max: 6.82×, geomean:
2.38×) less memory. To further evaluate its competitiveness,
we compare LISPA with two state-of-the-art flow-sensitive
pointer analyses: SFS [10] and VSFS [9]. On average, LISPA



is 2.12× (min: 0.01×, max: 23.59×, geomean: 2.12×) faster
than SFS and has a slightly worse performance than VSFS
(min: 0.01×, max: 15.39×, geomean: 0.88×).

II. BACKGROUND

A. Flow-Sensitive Pointer Analysis

Traditional flow-sensitive pointer analysis is based on find-
ing a fixed-point solution on a CFG G = ⟨V,E⟩. Each
node v ∈ V represents a basic block, and each edge
e = (v1, v2) ∈ E represents the control flow between two
basic blocks. Each node v ∈ V has two transfer functions
associated with it that compute the points-to set before entering
(inv) and after exiting (outv) node v. The functions rely on
pred(v), genv , and killv . While pred(v) represents the set
of predecessors of node v and only depend on the CFG, genv
and killv represent the set of pointer information generated
and eliminated at node v, relying on the semantics of v. The
analysis iteratively computes in(v) and out(v) for each v ∈ V
according to Equation 1 until convergence.

inv =
⋃

v′∈pred(v)

outv′

outv = genv ∪ (inv − killv)

(1)

B. Intermediate Representations (IRs)

SSA form [11] is an IR that ensures each variable in
the program is defined only once throughout a program.
Converting a program into SSA form is beneficial for per-
forming data-flow analysis [12], because SSA explicitly shows
the relation between the definition and uses of a variable.
However, translating programs into full SSA form requires
pointer information due to potential indirect definitions/uses.
To work around this dependency, modern compilers use partial
SSA form, where only variables whose addresses are never
taken (i.e., top-level variables) are represented in SSA form.
All operations on the remaining variables (i.e., address-taken
variables) are performed using store and load instructions.

LLVM IR is based on partial SSA form, where all top-level
variables are put into SSA form, which means each has only
one definition. However, address-taken variables are never ex-
plicitly used throughout the IR. Therefore, their points-to sets
may be indirectly updated multiple times using store and load

instructions. While a top-level variable may be introduced by
both a load instruction and an alloca instruction, an address-
taken variable is only introduced at an alloca instruction.
For example, an alloca instruction x = alloca ptr introduces
both a top-level variable x and an address-taken variable atv_x

into the analysis and sets x points to atv_x. In this paper, we
use lowercase letter to represent a top-level variable (e.g., a)
and prefix a variable name with atv_ to represent an address-
taken variable (e.g., atv_a).

C. Def-Use Graph (DUG)

A DUG is a graph G = ⟨V,E⟩ where each v ∈ V represents
an instruction and each edge e = (v1, v2, label) ∈ E represents
the define and use relationship among instructions. A DUG is

useful in pointer analysis because it connects use locations of
a points-to set directly to its corresponding defining location.
Compared to operating on a CFG, computing a fixed-point
solution on a DUG eliminates the propagation of unnecessary
information because all modifications to a points-to set from
a definition location are propagated directly to use locations.

However, computing def-use information for all variables
in a program requires pointer information because pointers
introduce indirect memory accesses. Due to potential aliases, it
is difficult to determine whether a particular memory location
is being read or written through a pointer. To build a DUG,
existing techniques either perform a staged analysis or level-
by-level analysis. A staged analysis bootstraps a flow-sensitive
pointer analysis with the result of a flow-insensitive pointer
analysis that over-approximates the precise points-to sets at
each program location. Following this approach, a DUG
may contain imprecise def-use edges, along which the main
analysis may later propagate the points-to set of a pointer that
may not be used at the use locations of those imprecise edges.
In contrast, level-by-level analysis groups pointers according
to their pointer levels and processes each pointer level flow-
sensitively. Later, the result of the current pointer level is used
to bootstrap the analysis in the next pointer level.

III. AVOIDING UNNECESSARY COMPUTATIONS

To scale pointer analysis to large codebases, Yu et al. [5]
introduced LEVPA, an analyzer that associates each pointer
with a numeric value called pointer level that represents the
number of dereferences needed to retrieve a non-address value.
LEVPA then groups pointers in a program according to their
pointer levels and computes a fixed-point solution for each
group of pointers in each round of the analysis. To achieve
that, LEVPA starts by setting the current pointer level lc to
the highest pointer level among all pointers in the program.
Once LEVPA computes the points-to sets of all pointers at
lc, it decrements it by one to process the next pointer level
with the points-to sets computed by far. This approach yields
correct results because the points-to set of a pointer p (i.e.,
pts(p)) may only be modified by an assignment to p (e.g., p
= q) or dereferencing a pointer with a higher pointer level (e.g.,
store x y and p ∈ pts(y)). Thus, if LEVPA processes pointers
in a descending order of pointer levels, when it reaches pointer
level l, the points-to sets of all pointers at pointer levels higher
than l would have been computed and will remain fixed during
the remainder of the analysis. Unlike LEVPA, LISPA handles
intermediate variables that are introduced during translation
into partial SSA form differently. Our key observation is that
those intermediate variables do not introduce new pointers into
the analysis, because they are introduced to represent specific
versions of address-taken variables at a program location. As
a result, these intermediate variables always alias with existing
pointers. Thus, it is redundant to compute and propagate their
points-to sets during fixed-point computation.

Figure 1 shows an example where the intermediate variable
%1 aliases with the address-taken variable atv_a (Line 17),



1 def main()
2 entry:
3 A = alloca i8
4 B = alloca i8
5 a = alloca i8*
6 b = alloca i8*
7 tmp = alloca i8*
8 t1 = alloca i8**
9 t2 = alloca i8**

10 store a t1
11 store b t2
12 store A a
13 store B b
14 br <cond> branch1 branch2

16 branch1:
17 %1 = load a
18 store 'A' %1
19 branch2:
20 %2 = load t1
21 %3 = load t2
22 call swap %2 %3
23 %4 = load a
24 store 'B' %4
25 end:
26 %5 = load a
27 store '?' %5
28 def swap(i8** p, i8** q)
29 omitted...

Fig. 1: The simplified LLVM IR of a program that swaps the
points-to sets of two pointers.

because top-level variable a is set to (Line 5) point to address-
taken variable atv_a throughout the program. By the semantics
of load instructions, we know the points-to set of %1 is an
exact copy of the points-to set of atv_a. Thus, there is no
need to compute the points-to set of %1 once the points-to set
of atv_a is known. To build correct def-use chains for atv_a,
we can transit all def-use edges for atv_a that end in Line 17
to the use locations of %1 (Line 18). The transition of def-
use edge enables LISPA to avoid computing points-to set of
intermediate variables, which is required by LEVPA due to
using an Andersen-style pointer analysis [7]. In this section,
we present the algorithm detail of LISPA. We first explain
how LISPA works intra-proceduraly, and we then show how
to extend it to the inter-procedural case.

A. Computing Pointer Levels in LLVM

LISPA processes input programs in partial SSA form. In
the remainder of this paper, we will use LLVM IR as the
primary partial SSA form that LISPA accepts, without loss
of generality to its applicability to other partial SSA forms.
To decompose complex assignments and maintain SSA form,
LLVM IR introduces a list of temporary variables to store
the intermediate result of dereferencing a pointer. A pointer
variable in the original source code is then allocated in the
IR using an alloca instruction. A well-formed LLVM IR
instruction implicitly imposes the pointer level relationship
for its pointer operands. For example, the IR instruction “%0

= load a” implies that pointer a is one pointer level higher
than %0. However, the introduction of opaque pointers in
LLVM 17 omits the detailed type information of a pointer
from the textual representation. This omission forces us to
compute pointer levels using the same approach of LEVPA.
In particular, LISPA runs a Steensgaard-style analysis [13],
which runs in almost linear time, to compute imprecise points-
to information. Using the results of this pre-analysis, LISPA
constructs a points-to graph and detects all Strongly Connected
Components (SCC) in the graph. The pointer level of a SCC
s is computed recursively (i.e., pl(s)) using the equation:
pl(s) = maxk∈pts(s) pl(k) + 1. Then, the pointer level of a
pointer p (i.e., pl(p)) has pointer level l if p ∈ s and pl(s) = l.

Algorithm 1: Intra-procedural LISPA
Data: A program prog
Result: A CFG annotated with points-to information

1 for each function F in prog do
2 workList, pointerLevel ← Initialize(F);
3 while pointerLevel ̸= 0 do
4 BuildDefUseGraph(pointerLevel, worklist);
5 propagateList ←

initializePropagateList();
6 Propagate(propagateList);
7 CreateDefUseLabels(pointerLevel, worklist);
8 pointerLevel ← pointerLevel - 1
9 end

10 end
11 return;

B. Intra-Procedural LISPA

Algorithm 1 shows the pseudocode of the core algorithm
for intra-procedural LISPA, which consists of four steps.

1) Initialization: LISPA starts off by constructing a work-
list for each analyzed function. The higher the pointer level of
a pointer, the higher its priority is in a worklist. LISPA then
finds the highest pointer level across all worklists and starts
processing pointers in a descending order of pointer levels.

2) Building Def-Use Graph: Similar to LEVPA, LISPA
only processes pointers with lc for the current analysis round.
Each analysis round starts with building def-use chains for
all pointers p such that pl(p) = lc, where pl maps a pointer
to its pointer level. LISPA guarantees that when new def-use
edges are constructed, all def labels and use labels regarding
pointers in lc are already marked. One exception to this is
when LISPA is processing the highest pointer level, where no
labels are marked. However, since there are no address-taken
variables in that pointer level, it is safe to construct an empty
DUG in this case.

To bypass intermediate variables in building def-use edges,
LISPA recognizes all define and use labels introduced when
an intermediate variable is created. Without special handling,
such labels results in def-use edges with intermediate variables
as destinations. LISPA then moves all such labels to the use
locations of that intermediate variable. LISPA repeats this
label updating scheme for all pointers in lc before moving
to the next step of the algorithm. The correctness of LISPA
comes from the following theorem.

Theorem 1. At a pointer level, the def-use label set created
by LISPA is obtained from the corresponding LEVPA set by
filtering out all use labels introduced at program locations that
introduce intermediate variable, while retaining all others.

Informally, a use label u(a) at a program location that
introduces an intermediate variable %0 is removed, because
LISPA moves all such labels to other program locations. The
moving destination always contain another use label u

′
(a)

that LEVPA creates due to using %0, which aliases with a.



a = alloca i8*5 { 5 }

store A a12 { 12 }

call swap %2 %322 { 22 }

%5 = load a26 { 12 , 22 }

Fig. 2: Dominator graph for atv_a from Figure 1. Each node
has a label, which is its line number from Figure 1, shown to
its left. The figure shows the out set of each node to its right.

For a define label d(a) created by LEVPA, it is also created
by LISPA because LISPA recognizes all uses of intermediate
variables in a store instruction store x %1 and creates define
labels for the aliases to %1.

With all def/use labels marked for a pointer, LISPA de-
termines where the possible locations that define the used
points-to set are. Similar to LEVPA, to determine the source
of a points-to set, LISPA computes the iterated dominance
frontier [14] of each definition label by building a dominator
graph for all definition labels. Accordingly, the source of a
points-to set at a program location is its immediate dominator
in the dominator graph. To compute its fixed-point solution,
LISPA then records each def-use relationship as a def-use edge
in the DUG. Figure 2 shows the dominator graph of atv_a

from Figure 1. All nodes except 26 represent a definition
location of atv_a. LISPA adds 26 to the dominator graph,
because more than one control-flow reaches its basic block.
In the figure, we associate each node with the set of definition
locations that affect pts(atv_a). The call node 22 also defines
atv_a, and we will explain how LISPA handles it later when
we extend LISPA to the inter-procedural case. To compute
the program locations that pass the effect of a points-to set
definition for a node, LISPA performs the following fixed-
point computation based on the following set of equations:

inv =
⋃

v′∈pred(v)

outv′

outv = genv ∪ (inv − killv)

genv = {v} if v is a definition location else ∅
killv = inv if strong update else ∅

(2)

In Figure 2, 5 creates pointers a and atv_a. Therefore,
LISPA marks them as definition locations for a and atv_a by
considering them as initializations, with random values, of the
points-to set of a pointer. LISPA then updates the dominating
definition locations of 12 and 22 to themselves, because they
perform strong updates for the underlying points-to set and

a = alloca i8*5

store A a12

call swap %2 %322store ’A’ %118

store ‘?’ %527

Fig. 3: The part of the DUG related to atv_a from Figure 1.
Each node has a label, which is its line number from Figure 1,
shown to its left.

all definitions before them are irrelevant to the use location.
Finally, when the two branches merge at 26 , LISPA updates
its dominating definition location to be the union of the out
sets of 12 and 22 , because they may affect pts(atv_a) at 26 .

The source of a points-to set can then be determined with
the above dominator graph. Figure 3 shows the def-use edges
related to atv_a from Figure 1. For each program location with
a use label for atv_a, LISPA finds its immediate dominator
in the dominator graph and creates a def-use edge for atv_a.
As we have previously discussed, LISPA transfers labels that
have been generated for intermediate variables to the program
locations that use them. Therefore, instead of creating a def-
use edge from 12 to 17 like LEVPA, LISPA creates a def-use
edge from 12 to 18 .

3) Propagating Points-To Sets: Given a DUG, LISPA starts
at the first definition location of a pointer p. It then passes
pts(p) from that location to all uses of p in the DUG. Then,
pts(p) is defined or used according to the semantics of the
instruction at the use location. If pts(p) is updated at the
use location, LISPA propagates it until it remains fixed at
all program locations. LISPA performs another fixed-point
computation similar to Equation (2) on the current DUG, but
with genv = pts(x) if v is store x y else ∅.

4) Creating Def-Use Labels: When LISPA computes the
fixed-point solution for all pointers at lc, it concludes its
iteration by creating all indirect def-use labels for pointers
at the next pointer level. The fixed-point solution computed
at Line 7 of Algorithm 1 represents the final version of the
points-to sets for all pointers at lc. Equipped with a fixed and
correct points-to set, LISPA knows how pointers in the next
pointer level are indirectly defined or used. For example, the
instruction at Line 12 in Figure 1 defines the points-to set
of atv_a, the pointer that is pointed to by a. To process a,
LISPA creates a definition label for atv_a so that it knows that
pts(atv_a) is defined here and that its original points-to set is
required in case of a weak update. For each load instruction a

= load b, LISPA creates a use label for all pointers p such that



p ∈ pts(b). For each instruction store a b, LISPA creates
both a def label and a use label for each pointer p ∈ pts(b),
where the use label supports performing a weak update.

C. Inter-Procedural LISPA

To extend LISPA to the inter-procedural case, LISPA should
handle pointers used as arguments at a call site and returned
from a callee, which requires computing the points-to sets for
parameters of all functions. Since LISPA is flow-sensitive, it
does not need to differentiate the points-to set of a parameter
under a different calling context. Whenever LISPA detects that
the points-to set of an argument to a function has been mod-
ified, it triggers another iteration of fixed-point computation
by updating the points-to set of the corresponding parameter.
Similarly, if the points-to set of the return value has been
modified, LISPA passes the new points-to set back to the call
site, triggering another fixed-point computation at the caller.

Inter-procedural LISPA also requires building DUG edges
that represent def-use relation across functions. Since pointers
may be passed across functions, the points-to set of a pointer
that has been allocated in one function may be defined (or
used) in other functions. To build inter-procedural def-use
edges, LISPA can simply build the direct inter-procedural
def-use edge by connecting program locations in different
functions. However, this approach is hard for large programs,
because it would require finding inter-procedural def-use edges
over large inter-procedural Control Flow Graph (ICFG). In-
stead, LISPA splits an inter-procedural def-use edge from
function f to function g into a set of intra-procedural def-
use edges. To achieve that, LISPA creates two def-use edges
when a points-to set of a pointer is defined or used in g. One
edge is from the immediate dominating definition location to
the call site in f . The other edge starts from the entry of g and
ends at the program location that defines (or uses) the pointer
within g. If the points-to set of a pointer is later defined or
used in f after calling g, LISPA creates def-use labels at the
call site to g to correctly propagate the updated points-to set.

Inter-procedural LISPA must maintain the invariance of
level-by-level analysis; all pointers with a higher pointer level
must be processed before analyzing pointers at a lower pointer
level. Since functions may have different highest pointer levels,
and they may call each other, processing all pointers in a
function before moving on to process other functions breaks
the level-by-level invariance. To overcome this challenge,
LISPA first gets the highest pointer level across all functions.
For each pointer level, LISPA processes all pointers at it
for all functions before processing the next pointer level.
By induction, we can then show that LISPA maintains the
invariance, primarily by showing that there will be no missing
def-use labels for any pointers at the current level l when
LISPA starts building DUG edges for these pointers. For the
base case, LISPA is analyzing the highest pointer level, where
there are no missing def-use labels, because pointers at that
level do not have indirect definitions or uses. For the induction
case, let’s assume LISPA is at pointer level l of function f ,
f calls another function g, and the highest pointer level of

the parameters of g is m. If l > m, then all pointers in g
with pointer level ≥ l cannot define or use the points-to set
of a pointer allocated in f , because there is no control-flow
among these variables. If l = m, g may define or use a pointer
p with pointer level l − 1 as a result of passing arguments to
the points-to sets of parameters. By induction on l, LISPA has
already created all labels for pointers at level l, it can correctly
compute the points-to set of these pointers. Therefore, LISPA
correctly creates all def-use labels in g for pointers allocated
in f if they are pointed to by a parameter of g.

IV. EVALUATION

We have implemented LISPA in LLVM 17 as a module
analysis. We chose LLVM 17 as our platform to show that
our implementation works on recent LLVM versions that use
opaque pointers.

To evaluate LISPA, we compare its runtime performance
and memory usage to LEVPA [5]. Comparing LISPA to
LEVPA assesses the potential performance gains due to
eliminating the redundant computations of the points-to sets
of intermediate variables. Since the original implementation
of LEVPA is no longer available, we had to reimplement
it by carefully following the algorithm described by the
authors [5]. To ensure a fair comparison with LISPA, we
implemented a version of LEVPA that is flow-sensitive but
context-insensitive. To evaluate LISPA against more modern
pointer analyses, we compare it with two state-of-the-art flow-
sensitive pointer analyses: SFS [10] and VSFS [9]. Unlike
LISPA, SFS and VSFS are staged analyses, which means
they first build a DUG by running a flow-insensitive pointer
analysis as a pre-analysis.

A. Benchmarks
Since several programs from the original LEVPA bench-

mark are no longer available, we could not use them for
our empirical evaluation. To evaluate the performance of
LISPA across different sizes of programs, we instead chose
30 programs from two benchmark suites: 16 programs from
the SPEC CPU 2017 benchmark [8] and 14 programs from
the evaluation suite for VSFS [9]. Table I shows more details
about our full benchmark suite. All programs are written in
C/C++ and their size range from a 1 KLOC to more than
1,500 KLOC. We have compiled them using Clang 17.0.1 [15]
with optimization set to -O0. We choose this optimization
level to keep the code structure of the original benchmark
as enabling other optimization levels potentially alter control
flow or pointer behavior.

All analyses take a single compiled bitcode as their input.
For programs in SPEC CPU 2017, we replace the linker in
the compilation script with llvm-link to force the script to
output a single bitcode file instead of a binary. For the VSFS
benchmark, we use wllvm, which internally uses llvm-link, to
compile each input program into a single bitcode file.

B. Experimental Setup
We have conducted all our experiments on a server with

AMD EPYC 7531 16-Core processor, 488 GB RAM, running



Ubuntu 22.04. To reduce the impact of the execution envi-
ronment, we ran each analysis 5 times for each program and
report the average performance across all runs. To measure
the runtime for LISPA and LEVPA, we use the LLVM option
-time-passes, which reports the time used in each pass. To
measure the memory usage for each analysis/pass, we use the
LLVM option -track-memory. For the comparison against SFS
and VSFS, we use the direct output of both analyses. We set
the timeout for each analysis run to be 2 hours, because we
noticed that if an analysis runs for longer than 2 hours, it rarely
terminates even when we extend the timeout to 12 hours. We
also set the memory limit to 488 GB (i.e., all available RAM).

C. Comparing LISPA to LEVPA

Table I reports the running time and memory usage of
LEVPA and LISPA for all benchmark programs. For each
program, we highlight the best performing analysis in bold.
For LISPA, we also report the time it takes to compute pointer
levels, the time to build Memory SSA, and the time to solve
its fixed-point solution. This decomposition gives a better
understanding of the various components that contribute to
the running time of LISPA.

With respect to the overall runtime, Table I shows that
LISPA has better performance than LEVPA for all 27 pro-
grams that at least one analysis can analyze. Across all
programs, LISPA achieves an average speedup of 2.14×
(min: 1.01×, max: 13.65×, geomean: 2.14×) compared to
LEVPA, showing that removing the unnecessary computation
and propagation of the points-to sets for intermediate variables
helps accelerate level-by-level flow-sensitive pointer analysis.
Nevertheless, LISPA and LEVPA fail to analyze 3 programs
(PERLBENCH, GCC, BLENDER) within the time limit. This is
because the average points-to sets size is quite large for both
analyses to handle, because these programs have relatively
large program size (over 500 KLOC in LLVM IR instructions).
However, we have observed that a large program size does
not always imply longer analysis time. For example, NINJA
has 198 KLOC LLVM IR instructions, yet LISPA takes only
0.76 seconds to analyze it. On the other hand, LISPA requires
2.31 seconds to analyze NANO, which is a program with only
87 KLOC LLVM IR instructions.

To evaluate any potential loss in precision, we have com-
pared the resulting points-to sets at every program point. For
all pointer queries, both LISPA and LEVPA compute the same
points-to set, demonstrating that LISPA maintains the same
precision as LEVPA despite avoiding unnecessary points-to
propagation and computation for intermediate variables.

On average, LISPA is 2.14× faster than LEVPA, with-
out any loss in precision of the computed points-to sets.

With respect to memory usage, Table I shows that LISPA
uses 2.38× less memory (min: 1.21×, max: 6.82×, geomean:
2.38×) than LEVPA, confirming our initial key observation
that removing the computation and propagation for the points-
to sets of intermediate variables should reduce the memory

used by the analysis. Similar to the running time, we have
observed that the memory usage of both analyzers does not
always increase with the size of the analyzed program. For
example, LEVPA and LISPA use 28.65 MB and 12.36 MB,
respectively, to analyze NINJA. However, they use 186.71 MB
and 66.27 MB, respectively, to analyze LEELA, which is 2.48×
smaller than NINJA.

We have also observed that the running time for LISPA
is correlated to its memory usage. If LISPA spends more
time analyzing a program, it is more likely that it uses more
memory and vice versa. Running a correlation test between
the memory usage and the runtime of LISPA shows that their
Pearson product-moment correlation coefficient [16] is 0.86,
indicating that they are indeed positively correlated.

On average, LISPA uses 2.38× less memory than
LEVPA. The longer LISPA runs for, the more memory
it uses.

D. Discussion

Both LISPA and LEVPA perform pointer analysis in a
level-by-level fashion. Performing the analysis this way does
not require a pre-analysis that computes def-use chains for
address-taken variables. While LISPA removes the compu-
tation and propagation of the points-to set for intermediate
variables, it also introduces more work in finding the def-
use chains for address-taken variables. Therefore, we have
investigated several factors of the input program that may
affect the performance of LISPA.

Table II shows detailed statistics that we have collected
while running LISPA. For each program, we show the number
of different LLVM IR instructions that LISPA has processed.
We also show the number of nodes and edges of the built
DUG, as well as the average points-to set size. The number of
getelementptr and bitcast instructions are shown together as
copy, because LISPA considers them both as copy instructions.
Since LEVPA and LISPA fail to analyze PERLBENCH, GCC,
and BLENDER, we could not collect their DUG information.

Examining the data in Table II, we observe that the
complexity of DUG construction affects the performance of
LISPA. This is expected in a fixed-point computation, because
LISPA must propagate the points-to set from a node to all its
children in the DUG to compute its solution. We quantify the
complexity of a DUG by computing the ratio between the
number its edges and the number of its nodes. The higher
that ratio is, the more complex the DUG is, because an
update to a points-to set at a node will on average affect
more nodes. The results suggest that if a DUG has more
edges per node, it makes the program harder to analyze. For
example, LISPA spends 203.3 seconds analyzing MUTT while
spending 3,234.43 seconds analyzing MRUBY. Both programs
are similar in size and number of nodes in their DUGs.
However, the DUG for MRUBY contains approximately 26×
more edges than MUTT, which is the main reason behind its
longer analysis time. Overall, LISPA spends more time when
the generated DUG has a high edge-node ratio.



TABLE I: Benchmark program information, running time (in seconds) and memory usage (in MBs) for LISPA and LEVPA.
For each program, we list the number of lines of the original C/C++ source code in KLOC and the number of compiled LLVM
IR instructions in KLOC. The shortest time and least used memory in a row are in bold. OOT indicates analysis timeouts, and
“-” means the data cannot be collected due to timeouts.

Program Source LLVM

Memory Usage (MBs) Running Time (Seconds)

LEVPA LISPA Rate LEVPA LISPA Rate

Level DUG Solving Total

LBM 1 8 3.44 1.88 1.83 0.07 0.01 0.01 0.02 0.05 1.4
MCF 3 8 3.99 2.97 1.34 0.12 0.02 0.02 0.03 0.08 1.5
DEEPSJENG 10 31 14.83 9.25 1.6 0.72 0.1 0.1 0.11 0.31 2.32
DPKG 40 58 72.62 27.27 2.66 17.76 0.24 0.31 0.58 1.31 13.65
NAB 24 60 34.2 24.05 1.42 1.76 0.24 0.27 0.43 1.05 1.68
DU 28 60 33.24 24.34 1.37 1.41 0.21 0.21 0.45 1.07 1.32
XZ 33 60 34.05 23.03 1.48 1.51 0.24 0.13 0.38 0.89 1.7
LEELA 21 80 186.71 66.27 2.82 16.66 0.41 0.51 2.1 3.85 4.33
NANO 59 87 161.97 71.11 2.28 118.39 0.33 78.21 34.64 113.62 1.04
PSQL 25 89 80.2 36.27 2.21 56.78 0.29 7.15 1.97 10.26 5.53
JANET 23 94 155.27 65.62 2.37 124.2 0.42 80.91 13.79 96.35 1.29
I3 27 109 64.44 45.4 1.42 3.63 0.46 0.73 0.83 2.26 1.61
BAKE 25 117 170.87 38.05 4.49 25.72 0.23 1.68 15.86 18.19 1.41
TMUX 48 128 146.95 28.24 5.2 20.36 0.44 0.27 0.65 1.61 12.65
ASTYLE 14 155 276.64 40.57 6.82 59.18 0.62 0.33 1.21 4.62 12.81
X264 96 194 98.53 73.49 1.34 4.32 0.86 0.43 1.82 3.48 1.24
NINJA 17 198 28.65 12.36 2.32 2.31 0.16 0.2 0.39 0.76 3.04
MRUBY 48 218 244.29 168.44 1.45 3,504.56 10.4 2,062.89 1,159.54 3,234.43 1.08
MUTT 96 232 2,764.15 691.76 3.99 304.45 0.93 38.88 162.03 203.3 1.5
NAMD 8 271 191.09 157.9 1.21 8.53 1.34 0.05 2.93 5.63 1.52
POVRAY 170 275 1,370.44 305.96 4.48 571.15 1.25 334.93 94.52 482.22 1.18
BASH 115 304 446.93 198.41 2.25 524.63 1.09 397.69 160.77 512.71 1.02
LYNX 134 348 1,286.96 928.65 1.39 477.16 1.26 164.06 306.43 472.87 1.01
IMAGICK 259 555 5,289.76 594.45 8.89 3,590.6 2.68 1,465.87 2,040.05 3,509.97 1.02
OMNETPP 134 556 3,282.58 492.11 6.67 542.7 2.86 10.71 30.22 57.82 9.39
PERLBENCH 362 850 - - - OOT - - - OOT -
XALANCBMK 520 1341 1,787.64 1,189.41 1.5 638.22 7.52 275.96 208.8 503.02 1.27
PAREST 427 2,781 - 25,290.05 - OOT 16.52 20.52 5,923.53 5,988.25 -
GCC 1,304 3,302 - - - OOT - - - OOT -
BLENDER 1,577 3,444 - - - OOT - - - OOT -

The more DUG edges that each node is associated with,
the longer time LISPA needs to terminate.

We also observed that the analysis time increases as the
average points-to set size grows. For LISPA to solve fixed-
point solution at each pointer level, more work needs to be
done if the average points-to set size is large. For exam-
ple, LISPA spends 18.19 seconds analyzing BAKE. However,
LISPA takes only 10.26 seconds to analyze PSQL, which has a
similar number of DUG nodes and edges. The main difference
between these two benchmarks is that the average points-to
set size of BAKE (22.29) is approximately 2.5× larger than
the average points-to set size of PSQL (9.16). In addition,
while more alloca instructions introduces more pointers into
the analysis, it does not always result in a larger average
points-to set. For example, IMAGICK contains 17,538 alloca

instructions, however, the average points-to set size is 93%
smaller than DU that contains only 2,756 alloca instructions.
Therefore, the effort required to analyze a program is hard to
predict from simply counting its textual representation (e.g.,

number of instructions). Instead, accurate insights can only be
gleaned by examining data that are only obtained after running
the pointer analyses (e.g., DUG nodes and edges and average
points-to set size).

The larger the average points-to set size is for a program,
the more analysis time LISPA would have spent.

E. LISPA vs Modern Flow-Sensitive Pointer Analyses

Table III shows the running time of SFS and VSFS on
our benchmark suite, as well as the speedup rate compared
to LISPA. A rate larger than 1 indicates that LISPA has
better runtime performance than the compared analysis. Across
all programs, 27 programs can be analyzed by at least one
analysis. In addition, LISPA can analyze 3 more programs
(OMNETPP, XALANCBMK, and PAREST) then SFS and VSFS.

1) Comparison against SFS: Across the 24 programs that
can be solved by both analyses, LISPA achieves an average
speedup rate of 2.12× (min: 0.01×, max: 23.59×, geomean:
2.12×) against SFS. However, LISPA does not always out-



TABLE II: The number of LLVM IR instructions for each benchmark and the number of nodes and edges in the built DUG
for LISPA. The column for copy shows the sum of getelementptr and bitcast instructions for each program. The last column
shows the final average points-to set. We use “-” to indicate that the data cannot be collected due to timeouts.

LLVM IR Instructions Def-Use Graph

Program alloca load store copy call phi # nodes # edges avg. pts() size

LBM 139 2,771 419 889 71 1 48 40 0.86
MCF 348 2,578 924 1,171 180 30 320 532 1.82
DEEPSJENG 905 9,007 2,803 3,240 943 23 609 2,407 1.26
DPKG 2,912 14,402 5,081 5,920 5,813 132 8,684 9,768 8.04
NAB 2,723 18,802 6,060 6,792 3,016 112 5,460 6,089 1.17
DU 2,756 14,819 5,763 6,304 2,008 329 6,928 7,428 25.77
XZ 2,695 16,225 6,365 8,985 1,843 122 5,359 4,964 34.65
LEELA 8,626 12,993 9,853 8,641 9,665 88 14,258 10,829 10.5
NANO 3,289 22,317 7,936 8,389 5,337 429 11,331 62,846 64.36
PSQL 3,283 19,321 8,364 5,452 7,135 212 13,048 17,069 9.16
JANET 6,018 21,775 8,920 15,134 6,428 352 13,877 57,282 16.5
I3 4,352 27,111 8,868 15,313 8,427 887 13,812 18,609 14.36
BAKE 3,853 13,670 6,512 4,553 5,547 127 12,266 19,092 22.29
TMUX 789 15,897 6,509 19,384 11,910 5,893 728 1,091 12.4
ASTYLE 3,580 17,216 14,508 32,396 20,502 2,700 945 1,288 23.7
X264 6,723 52,967 15,177 38,656 5,036 573 16,731 18,412 126.3
NINJA 655 5,108 3,326 10,145 4,797 1,745 1,253 1,329 15.83
MRUBY 9,558 51,578 21,731 45,816 10,259 809 34,484 2,602,994 17.71
MUTT 8,386 57,523 18,239 25,122 14,637 1,916 35,623 106,098 5.33
NAMD 18,726 95,651 36,746 30,637 4,404 702 761 592 0.85
POVRAY 12,324 72,972 28,356 41,519 15,245 214 36,755 144,282 193.64
BASH 11,475 70,325 29,350 19,111 16,832 2,118 37,679 251,505 103.65
LYNX 9,131 80,267 25,791 27,046 22,383 3,460 54,636 150,639 253.63
IMAGICK 17,538 159,026 57,071 85,586 34,629 804 102,818 964,965 1.93
OMNETPP 45,585 94,257 60,440 62,441 57,479 1,396 77,505 68,654 52.36
PERLBENCH 21,741 220,260 58,486 132,286 27,615 8,200 - - -
XALANCBMK 122,545 234,904 158,646 143,937 131,551 1,718 238,559 203,321 98.36
PAREST 267,742 444,110 311,547 300,330 322,417 23,501 401,074 302,237 614.5
GCC 113,305 785,686 248,311 491,234 183,620 23,137 - - -
BLENDER 220,616 894,017 369,324 532,919 164,520 12,460 - - -

perform SFS, as SFS outperforms it on 5 programs. This is
due to the different methods that LISPA and SFS construct
a DUG. SFS is a staged analysis that runs an Andersen-style
pointer analysis as a pre-analysis to bootstrap the construction
of its DUG. While the generated DUG may contain def-use
edges that lead to redundant points-to sets propagation, it is
less computational intensive due to using a flow-insensitive
analysis. On the other hand, LISPA builds its DUG with level-
by-level analysis, leading to a more precise DUG than that
built by LEVPA. While a more precise DUG benefits the
analysis by removing unnecessary points-to sets propagation, it
is also more computational intensive. For some programs, the
benefit of performing DUG efficiently surpasses the benefit
of avoiding redundant points-to sets propagation, while for
others, the latter is more impactful.

2) Comparison against VSFS: VSFS improves upon SFS
by assigning version identifiers to points-to sets so that differ-
ent program locations have the same version identifier refer
to a shared points-to set. Naturally, VSFS outperforms SFS
on all 24 benchmarks that can be solved by both analyses.
Across these programs, LISPA achieves an average speedup

rate of 0.88× (min: 0.01×, max: 15.39×, geomean: 0.88×)
against VSFS. While VSFS outperforms LISPA on 13 out
of 24 programs, LISPA outperforms VSFS on the remaining
11 programs. Similar to SFS, VSFS relies on an Andersen-
style pointer analysis to build itsDUG, which is the main
reason for this speedup discrepancy.

LISPA is competitive with modern flow-sensitive
pointer analysis algorithms. On average, LISPA is 2×
faster than SFS while achieving a comparable perfor-
mance to VSFS.

V. RELATED WORK

There has been several proposed approaches for flow-
sensitive pointer analysis in the past two decades. We can
generally divide these approaches into two categories: (1)
performing fixed-point computation of points-to set on a graph
representation of a program and (2) reducing the computation
to solving a Context-Free-Language Reachability problem on
a points-to graph.



TABLE III: Runtime performance (in seconds) for SFS and
VSFS and the speedup rate of LISPA against them. A speedup
rate larger than 1 means LISPA is faster than the underlying
analysis. Each entry is a mean of 5 separate runs. OOT
indicates analysis timeouts, and “-” means the data cannot
be collected due to timeouts.

Program SFS VSFS

Runtime (s) Rate Runtime (s) Rate

LBM 0.06 1.2 0.03 0.6
MCF 0.17 2.13 0.1 1.25
DEEPSJENG 0.33 1.06 0.16 0.52
DPKG 18.85 14.39 6.37 4.86
NAB 1.66 1.58 0.96 0.91
DU 10.35 9.67 3.13 2.93
XZ 5.04 5.66 2.79 3.13
LEELA 11.99 3.11 5.81 1.51
NANO 36.1 0.32 13.65 0.12
PSQL 7.1 0.69 4.37 0.43
JANET 30.8 0.32 11.3 0.12
I3 21.1 9.34 8.28 3.66
BAKE 38.61 2.12 8.88 0.49
TMUX 25.4 15.78 10.61 6.59
ASTYLE 97.75 21.16 67.06 14.52
X264 82.08 23.59 53.57 15.39
NINJA 10.38 13.66 3.49 4.59
MRUBY 39.18 0.01 15.46 0.01
MUTT 466.48 2.29 129.21 0.64
NAMD 6.24 1.11 4.65 0.83
POVRAY 605.48 1.26 173.21 0.36
BASH 1,556.54 3.04 215.84 0.42
LYNX 5,296.33 11.2 856.75 1.81
IMAGICK 131.53 0.04 80.07 0.02
OMNETPP OOT - OOT -
PERLBENCH OOT - OOT -
XALANCBMK OOT - OOT -
PAREST OOT - OOT -
GCC OOT - OOT -
BLENDER OOT - OOT -

For the first approach, most prior work [9], [10], [17] either
computes the fixed-point solution on the CFG of a program
or another graph that encodes the semantics of the program
data flow (e.g., DUG). This approach propagates points-to sets
along the edges of the underlying graph until all points-to sets
are fixed. However, most fixed-point computations on a CFG
do not scale with the size of CFG. To improve scalability, some
implementations reduce unnecessary propagations of points-to
sets along the CFG edges. For example, Hardekopf et al. [10]
designed a staged algorithm (SFS) that performs fixed-point
computation on DUG of a program instead of its CFG. To
build that DUG, SFS first runs an Andersen-style pointer
analysis to collect the necessary information.

Although Hardekopf [10] claim that SFS can analyze pro-
grams of millions of LOC, a later implementation of SFS [18]
shows that it does not scale to programs more than 100 KLOC.
Barber et al. [9] have later designed an algorithm that improves
SFS by adding a graph pre-labelling extension to reduce the
unnecessary propagation of points-to sets for the same pointer.
According to their evaluation, the improved algorithm achieves
an average speed-up rate of 5.31× against SFS. Unlike these

algorithms, LISPA does not require any pre-analysis to build
the DUG of a program.

Similar to LISPA, Yu et al. [5] introduces LEVPA, an
approach that uses the idea of splitting pointers into different
groups by their pointer level. Unlike LISPA, LEVPA performs
both bottom-up and top-down analyses to summarize the
effect of a function. LEVPA do not differentiate intermediate
variables with other variables in the program like LISPA
does, and it relies on computing memory SSA form and uses
Andersen pointer analysis to analyze pointers flow-sensitively
at a pointer level. Since LEVPA also computes points-to sets
for intermediate variables, the performance is slowed down
due to duplicate computation of points-to set.

For the second approach, an algorithm first builds a points-to
graph that represents the relationship between memory objects.
The algorithm then computes the points-to set of a given
pointer by finding all nodes that are reachable from it. Li et
al. [19] have proposed an algorithm that builds a graph to track
how a memory object flows into a load or a store instruction.
A pointer p then points to a memory object m if p is reachable
from m. In contrast to this algorithm, LISPA does not track
how memory objects flow throughout a program but instead
propagates both pointer and alias information along a DUG.

Gharat et al. [20] have implemented a flow-sensitive,
context-sensitive, and field-sensitive pointer analysis by con-
structing a points-to graph from an input program. The anal-
ysis starts with a precise but possibly non-scalable summary
of a function and repeatedly applies optimizations including
the elimination of data dependence, control flow minimization,
and call inlining to the summary. During the optimization,
the scalability of the summary is improved by reducing the
indirection levels of pointers and simplifying the CFG while
maintaining precision. The authors have shown that their
approach analyzes C programs of 128 KLOC. Similarly, Lei
et al. [21] have modelled the problem of pointer analysis as
a Context-Free Language (CFL) reachability problem, per-
forming the analysis on a points-to graph. Rather than only
checking graph reachability, the CFL approach also checks the
sentence implied by the path between two nodes in the graph
of the underlying CFL. In other words, a pointer p points to
a memory object m if there is a path between p and m, and
the sentence generated from the path belongs to the defined
CFL. Lei et al. [21] have shown that their algorithm analyzes
programs up to 259 KLOC.

Schubert et al. [12] view a program as a collection of
compilation units. Their method aims to efficiently summarize
a module with respect to call graphs, points-to sets, and data-
flow information. The summary of related modules is merged
later when the whole program analysis is performed. This
approach scales to programs of 100 KLOC.

Phasar [22] is an open source static analysis framework
that enables user-defined data-flow analysis, and the points-
to information is automatically computed by the framework.
Since phasar is using Andersen pointer analysis, which is flow-
insensitive, to compute the points-to information, we do not
include them in our evaluation experiment.



VI. CONCLUSION

In this paper, we present a flow-sensitive pointer analysis al-
gorithm that processes pointers according to their pointer level.
Our algorithm (LISPA) avoids the computation of intermediate
variables when building a def-use graph while performing the
flow-sensitive pointer analysis. The key idea behind LISPA is
the intermediate variables always alias to existing variables,
and computing points-to set for these variables is redundant.

To evaluate LISPA, we compared its runtime performance
and memory usage against LEVPA. We used 16 benchmarks
from SPEC CPU 2017 benchmark suite and 14 benchmarks
from the VSFS benchmark suite [9] to evaluate both analy-
ses. The results show that LISPA greatly improves LEVPA
regarding runtime, achieving an average speedup of 2.14×
(min: 1.01×, max: 13.65×, geomean: 2.14×), while im-
proving memory usage of 2.38× (min: 1.21×, max: 6.82×,
geomean: 2.38×). In addition, we compare the runtime of
LISPA with two state-of-the-art flow sensitive pointer analyses
SFS and VSFS. LISPA achieves an average speedup of 2.12×
(min: 0.01×, max: 23.59×, geomean: 2.12×) against SFS
and matches the performance with VSFS (min: 0.01×, max:
15.39×, geomean: 0.88×).
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