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Abstract
Data center applications’ large instruction footprints cause
frequent front-end stalls by overwhelming on-chip micro-
architectural structures such as instruction cache (I-cache),
instruction translation look-aside buffer (iTLB), and branch
target buffer (BTB). To reduce pressure on these structures,
data center providers leverage profile-guided optimizations
by reordering binary layout along a relatively small number
of hot code paths. Such reordering provides the highest ben-
efit if profile collection and optimization happen on the same
version of the binary. In practice, companies have to optimize
and deploy a fresh version of the binary with a profile from a
previous version, making a large fraction of the profile stale.
In this paper, we propose Wax1, a novel technique to opti-
mize data center applications with stale profiles. Wax’s key
insight is to leverage the debug and source code information
while optimizing fresh binaries with stale profiles. We eval-
uate Wax for 5 data center applications to show that Wax
provides significant (5.76%-26.46%) performance speedups.
Wax achieves 1.20%-7.86% greater speedups than the state
of the art, obtaining 65%-93% of fresh profiles’ benefits.

CCS Concepts: • Computer systems organization →
Pipeline computing; • Software and its engineering
→ Compilers; Software performance.

Keywords: Profile-guided optimizations; Profile staleness;
Frontend stalls; Debug information; Data centers

1We open source our work at https://github.com/ice-rlab/wax
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1 Introduction
Data centers consume a substantial amount of energy, caus-
ing significant operating cost [20, 32]. Data center operators
such as Google and Meta have to enable efficiency by reduc-
ing operating cost, while also maintaining the performance
customers need [7, 8, 20, 32, 55, 58, 68]. One key obstacle
to achieving energy and performance efficiency is the large
code footprint of data center applications [8, 32, 55, 57, 58].
As these applications have complex logic [55] with frequent
invocations of libraries [32], language runtime [5, 54, 55], and
kernel modules [8], their large code footprints exhaust micro-
architectural structures in the processor frontend, such as
instruction cache (I-cache) [36, 38], instruction translation
lookaside buffer (iTLB) [12, 71], and branch target buffer
(BTB) [34, 66, 67]. As a consequence of these frontend stalls,
data center processors fail to perform useful operations, caus-
ing significant performance and energy inefficiencies worth
millions of dollars [8, 28, 32, 53, 68, 80].

Data center operators aim to address frontend stalls through
Profile-Guided Optimizations (PGO) by changing code layout
to place frequently executed (i.e., “hot”) code together. Specif-
ically, companies like Google and Meta continuously profile
their data center applications in production via efficient hard-
ware support [2] and leverage these profile samples to guide
optimizations using systems like AutoFDO [13], BOLT [57],
and Propeller [65]. Unfortunately, application binaries corre-
sponding to such profiles are always lagging behind the most
recent sources [13], as we show in Fig. 1. Profiling the fresh
binary before deployment is also not possible, as collecting
representative profiles requires live traffic [32, 35, 55, 60].
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Figure 1. Google [13] and Meta [9] continuously profile data
center applications’ one version (𝑅0) and use these profiles to
optimize a subsequent version (𝑅𝑛). As practitioners deploy
new versions every one or two weeks, source codes change
rapidly between these versions, causing 70-92% of profile
samples to become stale; adapted from [9].

Consequently, practitioners have to optimize the fresh bi-
nary with the profile of the last deployed binary [9, 13].
If sources and profiles for data center applications change
slowly, i.e., over several weeks, PGO techniques could still
adapt to changing profiles [13] as companies like Google
and Meta release new binaries weekly or bi-weekly [9]. Alas,
recent work [9, 27, 28] reports that data center applications’
profiles change rapidly and even within a week, 70% of pro-
file samples do not match the fresh binary, rendering them
stale, “invalid for optimizations [9].” As a result, PGO sys-
tems fail to avoid two thirds of all frontend stalls [9], losing
significant performance potential [27].
Prior works [9, 48, 74] aim to address profile staleness

by using binary code similarity [6, 26]. To map stale pro-
file to the fresh binary, these techniques match the simi-
larity of assembly instructions, basic-blocks, and functions
between stale and fresh binaries. These techniques measure
the similarity of binary functions based on their “mangled
names” [31], while hashing assembly instructions and jump
targets to match basic-blocks. Unfortunately, as we (§2.4) and
others [9, 13] observe, matching the similarity of assembly
instructions and basic-blocks is especially challenging for
C++ binaries as function inlining vary widely across versions
of the same application.
In this paper, we first quantify the performance implica-

tions of these challenges for C++ binaries, and then charac-
terize how functions and basic-blocks change across various
versions, while also identifying potential solutions. Optimiz-
ing 5 real-world data center applications with stale profile,
state of the art [9] obtains 3.9%-18.60% speedups, which are
only fractions of fresh profiles’ speedups (7.64%-38.45%). For
function mapping, we observe that even small changes in
mangled names make it challenging for state-of-the-art tech-
niques to address profile staleness. The mangled names of
C++ functions depend on their various components, such
as names, namespaces, and parameters. Furthermore, Link-
Time Optimizations (LTO) such as function partitioning [11]

and constant propagation [39], also affect functions’ man-
gled names. Analyzing the changes in the source code of
data center applications, we observe that many hot functions
exhibit changes in their names, namespaces, parameters, or
LTO partitions, modifying their mangled names. As a result,
state-of-the-art techniques [9, 74] fail to map 2%-33.9% of
function samples from stale profile to fresh binary.
Similarly, existing techniques [9, 48, 74] face significant

challenges while mapping basic-blocks due to changes in
function inlining and source code. Existing techniques map
basic-blocks using hash values. These techniques compute
the hash value of a basic-block based on its predecessor,
successor, and instruction content, such as opcodes and
operands of its assembly instructions. For a basic-block,
changes in function inlining mainly affect its predecessors
and successors, while changes in source code primarily mod-
ify its instruction content. For example, minor changes in
source code leading to addition or removal of even a single
instruction, or opcode change of a single instruction, alter
a basic-block’s hash value across versions. Inspecting the
changes in the source code of data center applications, we
observe that many hot basic-blocks experience such small
changes. As a result, the state of the art fails to map 9.5%-
39.3% of basic-block samples from stale profile.

The key takeaway of our characterization is that informa-
tion available at the binary level is insufficient to address
profile staleness. Our characterization also reveals that the
source code of data center applications includes useful in-
formation to address this insufficiency. We could leverage
this useful information of the source code using the debug
information of the data center applications’ binary.

Based on our characterization’s insights, we propose Wax,
a novel technique that addresses profile staleness by leverag-
ing source code and debug information. In particular, Wax
maps the source code from the stale version to the fresh
version using Source Mapping. Wax combines these source
mappings with debug information to perform Function Map-
ping and Basic-block Mapping.
For Source Mapping, Wax first identifies all source loca-

tions corresponding to an application’s binary using the
debug information. A source location consists of a source
file and a line number. Consequently, Wax creates 1-to-1
mappings of stale and fresh source locations by comparing
their file names, absolute paths, and source code content.
For Function Mapping, Wax first identifies all the binary

functions corresponding to each source file using the debug
information. Next, to map a function from a stale file, Wax
compares it against all functions from the corresponding
fresh file. While comparing functions, Wax leverages deman-
gling [31] to compare their namespace, name, parameters,
and LTO partitions separately. Comparing these demangled
information separately and limiting the comparison only to
the mapped pair of source files enables Wax to accurately
map more functions, despite changes across versions.
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For Basic-block Mapping, Wax first identifies all the basic-
blocks corresponding to each function using the debug in-
formation. Next, to map a basic-block from a stale function,
Wax compares it against basic-blocks from the correspond-
ing fresh function using their assembly instructions, pre-
decessors, and successors. While comparing basic-blocks
and instructions, unlike prior work [9, 48, 74], Wax only
considers basic-blocks and instructions corresponding to a
mapped pair of stale and fresh source lines. Limiting com-
parison only to the mapped pair of source lines helps Wax
avoid inaccuracies due to changes in function inlining and
source code, while also reducing the overhead of comparing
all basic-blocks and instructions with each other.

We evaluateWax on 5 data center applications—gcc, clang,
mysql, postgres, and mongodb—using a range of major and
minor versions. Our evaluation results show thatWax guides
optimizations with stale profiles across all applications, pro-
viding significant performance gains (5.76%-26.46%). In par-
ticular, Wax provides 1.20%-7.86% greater speedups com-
pared to the state-of-the-art technique [9]. Even with stale
profiles, Wax achieves 65%-93% of fresh profiles’ benefits. We
also evaluate Wax’s efficiency in terms of compilation time
and memory overhead. Furthermore, we demonstrate that
Wax retains its performance gains across various workload-
s/inputs, application versions, and optimizations. In terms
of accuracy, Wax achieves better 𝐹1-𝑠𝑐𝑜𝑟𝑒s than the state-
of-the-art technique. Using stale profile, Wax outperforms
the state-of-the-art online code layout optimizations system,
Ocolos [77, 78], even when Ocolos finishes optimizations
with fresh profile. Finally, we apply Wax’s approach to opti-
mize clang with Propeller [65] to show that Propeller speeds
up clang by 6.4% with Wax’s approach compared to 5.4%
gains with the state of the art.

This paper makes the following contributions:
• A comprehensive characterization of profile staleness in
data center applications, identifying key challenges of map-
ping stale functions and basic-blocks to fresh binaries.

• Wax: a novel technique to map stale functions and basic-
blocks to fresh binary using source and debug information.

• An extensive evaluation of Wax for 5 data center appli-
cations to show that Wax achieves 5.76%-26.46% perfor-
mance speedups, providing 1.20%-7.86% greater speedups
than the state of the art.

2 Understanding the Challenges of
Optimization with Stale Profile

In this section, we investigate the behavior of 5 data cen-
ter applications to understand the challenge of using stale
profiles for optimizations. In particular, we examine the gap
between the speedup of binaries optimized with the fresh
profile and the speedup of binaries optimized with the stale
profile with the state-of-the-art approach. Providing a brief
overview of the state-of-the-art approach, we show how data

Table 1. Data center applications, their fresh versions, stale
versions, and workloads we study, similar to prior work [9].
Application Fresh Stale Workloads
gcc 9 8 Compiling a large template-heavy
clang 15 14 LLVM source file [40]
mysql 8.1.0 8.0.28 Different sysbench queries [4]
postgresql 14.2 13.2 Different pgbench queries [3]
mongodb 7.0.16 6.0.19 Different YCSB queries [15]

center applications’ behavior stops the state of the art from
addressing profile staleness.

2.1 Experimental Methodology
Hardware Setup. We conduct our experiments on a Linux
server with Intel(R) Platinum 8380 (icelake) CPU with 256GB
memory. The Intel processor supports Last Branch Record
(LBR), avoiding profiling overhead. We conduct each experi-
ment multiple times, at least five times, to ensure that the
standard deviation stays within 5% of the average.
Applications and Workloads. Google and Meta report
that their applications have multi-megabyte code footprints.
Unfortunately, these applications and their corresponding
workloads are proprietary. Consequently, similar to prior
work [9, 34, 36–38, 41, 47–49, 57, 58, 65, 66, 70, 71, 79], we
leverage 5 open-source applications and workloads with
large code footprints. We describe these widely-used appli-
cations, their stale versions, fresh versions, and workloads
in Tab. 1. In particular, we carefully follow the experimen-
tal methodology of the state of the art [9]. For example, we
compile all applications with the highest level of optimiza-
tion flags, O3+LTO+AutoFDO for clang and O3+LTO for others, to
build baseline stale and fresh binaries. Similarly, we profile
both binaries with LBR, collecting stale and fresh profiles,
and use them to optimize the fresh binaries with BOLT [57].
For BOLT version, we use LLVM 20, as BOLT is a sub-project
of LLVM [40]. Finally, we measure the performance of these
binaries to evaluate how effectively prior work addresses
profile staleness.

2.2 Importance of using stale profile to optimize
data center applications

Large code footprints of data center applications cause fre-
quent I-cache, iTLB, and BTB misses, leading to costly front-
end stalls [7, 8, 20, 32, 55, 58, 68], reducing processor effi-
ciency by more than 20% [8, 32]. To reduce front-end stalls,
data center providers collect application profiles with Intel’s
Last Branch Records (LBR) [2] and use these profiles to distin-
guish frequently executed instructions (i.e., “hot” code) from
rarely executed instructions (i.e., “cold” code). By putting hot
and cold code separately from each other in the application
binary, profile-guided optimizations [13, 57, 65] help data
center providers reduce the size of the code footprint by
an order of magnitude [58], significantly improving perfor-
mance efficiency (up to 8% end-to-end [57]). Consequently,
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Figure 2. The relative and absolute performance speedups
the state of the art [9] achieves with stale profile. We also
show the speedups of optimizations with fresh profiles for
comparison. The heights of the bars represent the relative
speedup, denoting the fraction of the fresh profile’s benefits.
The values on top of the bars specify absolute speedups.

PGO systems have seen widespread adoption in today’s data
centers, accelerating half of all CPU cycles [13, 57, 58, 65].

Achieving significant performance benefits with PGO sys-
tems requires high-quality profiles that are statistically rep-
resentative of typical usage scenarios [9, 13, 60]. Otherwise,
denoting incorrect code regions as “hot,” PGO systems would
increase the code footprint, leading to performance degrada-
tion [14, 69]. Data center providers avoid such performance
regression by employing continuous profiling [9, 13, 60].
Google and Meta continuously profile data center applica-
tions over weeks and use these profiles to optimize the sub-
sequent release binary before deployment [9, 13]. As profiles
lag behind the most recent source [13], 70-92% of profile
samples become stale within weeks [9].

We first study the performance implications of such profile
staleness for 5 data center applications. We measure the per-
formance speedups BOLT provides with fresh profiles, while
also quantifying BOLT’s speedups with the state-of-the-art
approach [9] to use stale profile. As we show in Fig. 2, while
prior work helps BOLT obtain 3.9%-18.60% speedups using
stale profiles, they are still only fractions of fresh profiles’
speedups (7.64%-38.45%). Next, we investigate why data cen-
ter applications lose such a significant performance potential
due to profile staleness, despite using the state of the art [9].

2.3 What stops the state of the art from using all
stale functions?

PGO systems identify hot functions and basic-blocks using
LBR profiles. Parsing LBR samples, these systems count the
executions of functions and basic-blocks to optimize the code
layout. Consequently, optimizing fresh binary’s code layout
with stale profile’s execution counts requires that PGO sys-
tems first identify the functions and basic-blocks in the fresh
binary that correspond to the functions and basic-blocks
from the stale binary. We refer to this identification process
asmapping. PGO systems also require that this mapping is 1-
to-1, i.e., one function in the binary corresponds to only one
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Figure 3. Breakdown of all stale functions and their samples
including Ayupov et al.’s [9] mapping results: name ambigu-
ity stops prior work from accurately mapping up to 21% of
stale functions and 33.9% of samples.

function in the profile [9]. Now, we briefly describe how the
state of the art maps functions and then show its limitations.
State-of-the-art functionmapping. The state of the art [9]
maps functions by first identifying them using mangled
names [31]. The mangled name of a C++ function encodes dif-
ferent components, such as the function’s namespace, base-
name, and parameters. While partitioning a function, Link-
Time Optimizations (LTO) also append the partition’s suffix
to the mangled name. For example, gcc-8 has the function,
wi::force_to_size(long*, long const*, unsigned int,

unsigned int, unsigned int, signop)(.constprop.3843)

Here, wi is the namespace, force_to_size is the basename,
(long*, long const*, unsigned int, unsigned int, unsigned

int, signop) are parameters, and .constprop.3843 is the
LTO suffix. Consequently, the function’s mangled name is
_ZN2wi13force_to_sizeEPlPKljjj6signop.constprop.3843

Assuming little or no changes in functions’mangled names,
the state of the art [9] maps stale and fresh functions in a
way that minimizes the edit distance of their names.
Key limitation: name ambiguity. Using edit distance of
names to map functions stops prior work from correctly
mapping functions when those names change in a way that
creates name ambiguity. As components like namespace or
parameters change, functions’ mangled names also change,
introducing ambiguous mappings. For example, as we man-
ually inspect source code changes from mysql-8.0.28 to
mysql-8.1.0, we observe the renaming of a function from
MYSQLlex(YYSTYPE*, YYLTYPE*, THD*) to my_sql_parser_lex

(MY_SQL_PARSER_STYPE*, MY_SQL_PARSER_LTYPE*, THD*). Instead of
mapping them, the state of the art maps the stale function to
a different fresh function, Query_block::save_properties(THD*)
as its mangled name’s edit distance is less than the edit dis-
tance of the correct function’s mangled name.
Implications of name ambiguity.We analyze the implica-
tions of such name ambiguity by studying the breakdown
of all stale functions and their corresponding samples for 5
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data center applications. In particular, we classify them into
three categories: (1) functions Ayupov et al. [9] maps cor-
rectly, (2) functions with name ambiguity, and (3) remaining
others (e.g., functions removed). As we show the results in
Fig. 3, we observe that name ambiguity prevents state of the
art from mapping a large fraction of functions (up to 21%),
corresponding to an even greater fraction of samples (33.9%).
Addressing name ambiguity. To address name ambiguity,
we manually inspect how function names change across
versions for two data center applications, mysql and clang.
We use the debug information of all stale functions with
name ambiguity to identify their source code location, i.e., file
name and line number. We carefully examine both stale and
fresh versions of the corresponding source code to identify
how different components of functions’ name change across
versions. Tab. 2 shows the corresponding results.

Table 2. Manual inspection of how different components of
functions’ names change. While file names of these functions
from stale profiles rarely change, 1 for mysql and 2 for clang,
inaccuracy of debug information amplifies such changes.

Application Number of Changes
Filename Namespace Basename Parameters Suffix

mysql 11 7 44 97 23
clang 20 10 21 76 1

As we show, the frequency of changes differs across dif-
ferent components. Specifically, the namespace changes less
than the basename, which changes less than the parameters.
For file name, functions rarely move between files based
on our manual inspection though inaccuracy of the debug
information artificially boosts the frequency of such changes.
Based on the insights of our manual inspection, we de-

velop heuristics to resolve name ambiguity for stale func-
tions. We leverage our heuristics to study how functions
change between versions for the remaining data center ap-
plications. As we show the results in Tab. 3, we observe a
similar trend. Comparing the source file and the components
of the functions’ names, step by step, we could address name
ambiguity.

Table 3.Automated characterization of how different compo-
nents of functions’ names change for different applications.

Application Number of Changes
Filename Namespace Basename Parameters Suffix

gcc 39 84 146 261 845
postgres 4 0 19 0 35
mongodb 27 0 0 0 0

1314 *overflow = false;

1313 if (needs_overflow)

1327 *overflow = wi::OVF_NONE;

1326 if (needs_overflow)

gcc/wide-int.cc

gcc/wide-int.cc

movq 0x1f8(%rsp), %rax

movb $0x0, (%rax)

movq 0x1d8(%rsp), %rax

movl $0x0, (%rax)

gcc-9.5.0

gcc-8.5.0

(a) Key opcode change affecting basic-block’s hash values

if ((TREE_CODE (op0) == INTEGER_CST
     && TREE_OVERFLOW (op0))
    || (TREE_CODE (op1) == INTEGER_CST
        && TREE_OVERFLOW (op1)))
  return NULL_TREE;

if ((TREE_CODE (op0) == INTEGER_CST
     && TREE_OVERFLOW (op0))
    || (TREE_CODE (op1) == INTEGER_CST
        && TREE_OVERFLOW (op1)))
  return NULL_TREE;

movl    (%rcx), %eax
andl    $0x800ffff, %eax
cmpl    $0x800001a, %eax
je      0xf9f710 <_ZN9vr_values24vrp_evaluate_conditionalE9

tree_codeP9tree_nodeS2_P6gimple+0xb0>

movl    (%rcx), %eax
movq    %rcx, %r12
andl    $0x800ffff, %eax
cmpl    $0x8000019, %eax
je      0x1176f00 <_ZN9vr_values24vrp_evaluate_conditionalE9

tree_codeP9tree_nodeS2_P6gimple+0xa0>

gcc/wide-int.cc

2383
2384
2385
2386
2387

2414
2415
2416
2417
2418

gcc-8.5.0

gcc/wide-int.cc

gcc-9.5.0

(b) Instruction addition updating basic-block’s hash values
Figure 4. Examples of changes in basic-blocks that creates
issues for state of the art [9] to solve profile staleness. Here,
highlighted assembly instructions represent key modifica-
tions corresponding to the highlighted C++ codes.

Observation: Due to changes in functions’ names-
paces, basenames, parameters, and LTO partitions, it
is challenging to map functions using names.
Insight: Comparing functions’ contexts (e.g., source file,
namespaces, basenames, parameters, and suffixes) step
by step enables mapping more functions.

2.4 What stops the state of the art from mapping all
stale basic-blocks?

State-of-the-art basic-block mapping. The state of the
art [9] maps basic-blocks using hash values. In particular,
prior work computes multiple hash values of a basic-block
using its content (e.g., prioritizing opcodes over operands),
predecessor, and successor. Maximizing the similarity of
these hash values, prior work maps basic-blocks.
Key limitation: content change.Mapping basic-blocks us-
ing hash values limits prior work when stale and fresh basic-
blocks’ hash values do not match due to content changes.
For example, as source code changes across versions, they
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Figure 5. Breakdown of all stale basic-blocks and their sam-
ples including Ayupov et al.’s [9] mapping results: variations
in basic-block content and function inlining decisions stop
prior work from mapping up to 22.5% and 3% of basic-blocks,
respectively, corresponding to 34.8% and 4.5% of samples.

result into content changes in corresponding basic-blocks.
In Fig. 4, we show examples of such changes in gcc.

In Fig. 4a, as developers introduce a new C++ enumeration
type OVF_NONE with value 0 to replace false, the opcode of
a single assembly instruction changes from movb to movl,
also modifying the corresponding basic-block’s hash value.
Similarly, in Fig. 4b, even with no change of source code, the
corresponding basic-block contains an additional assembly
instruction, potentially due to different function inlining
decisions, altering the basic-block’s hash value. Changes in
function inlining similarly affect basic-blocks’ predecessors
and successors, while also moving entire basic-blocks from
one function to another. As the state of the art [9] could
not identify a basic-block when its hash value or enclosing
function change, such content changes stop the techniques
from mapping all basic-blocks.
Implications of content change. We analyze the impli-
cations of such content change by breaking down all stale
basic-blocks and their samples in four categories: (1) basic-
blocks Ayupov et al. [9] maps, (2) basic-blocks with content
changes, (3) basic-blocks moving from one function to an-
other due to variation in inlining, and (4) remaining others
(e.g., basic-blocks removed). As we show the results for 5
data center applications in Fig. 5, we observe that content
change stops prior work from mapping up to 22.5% of basic-
blocks, representing 34.8% of samples. Similarly, as basic-
blocks move across functions due to variation in inlining, up
to 3% of basic-blocks and their 4.5% samples remain stale.
Addressing content change. As we show in Fig. 4, the
source code includes valuable information to address these
content changes. While comparing stale and fresh basic-
blocks, we could also compare their corresponding source
codes using debug information that practitioners generate,
strip before deployment, and store for future usage [13, 57,
58]. Combining source code and debug information, we could

identify basic-blocks in inlined functions. Finally, we could
separate multiple basic-blocks that originate from the same
source code line (e.g., short-circuit conditions [76], loop un-
rolling [75]) by comparing its preceding and succeeding lines.

Observation: Changes in source code and compilation
alter the content, predecessor, and successor of basic-
blocks, making it difficult to map them.
Insight: Using source filenames, line numbers, content,
and CFG information enables mapping more basic-blocks
with better accuracy.

3 Wax’s Design
We show Wax’s design in Fig. 6. Fig. 6a shows Wax’s work-
flow to help PGO techniques optimize the fresh binary using
the full potential of the stale profile. Toward this aim, Fig. 6b
showsWax’s three modules: (1) Function Mapping, (2) Source
Mapping, and (3) Basic-block Mapping. Function Mapping
creates 1-to-1 mappings of stale and fresh functions using
their demangled names and debug information from binaries.
Source Mapping uses stale and fresh source code to create 1-
to-1 mappings of stale and fresh source locations. Basic-block
Mapping uses assembly instructions and debug information
from binaries to generate 1-to-1 mappings of stale and fresh
basic-blocks. For all three modules, Wax resolves ambiguity
using stale profiles.

3.1 Function Mapping
As functions’ namespace, basename, parameters, and LTO
suffix change, Wax maps such functions by comparing their
changes, while also using debug information, as shown in
Fig. 7. Wax begins by identifying 1-to-1 mappings of source
files based on their path names (§3.1.1). For each mapped pair
of files, Wax then compares their functions, i.e., functions
with debug information pointing to these files. For stale
functions, Wax considers only those with profiles, as their
execution counts guide optimizations. Then, Wax repeatedly
compares different components of function names, keeping
newly-found 1-to-1 mappings (§3.1.2).

3.1.1 File Mapping by Name. Wax first maps source files
based on their path names. As the debug information refers
to source files, Wax extracts their names to map files across
versions. If multiple files share the same name, Wax maps
functions with the same parent directory name. Wax recur-
sively traverses all predecessor directories until it finds a
unique mapping. If Wax fails to find a unique mapping for a
file, Wax utilizes Levenshtein Similarity [42] metric:

𝑙𝑒𝑣_𝑠𝑖𝑚(𝑠1, 𝑠2) = 1 − 𝑒𝑑𝑖𝑡_𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝑠1, 𝑠2)
max(𝑙𝑒𝑛𝑔𝑡ℎ(𝑠1), 𝑙𝑒𝑛𝑔𝑡ℎ(𝑠2)) (1)

An example of file mapping is as follows:



Wax: Optimizing Data Center Applications With Stale Profile ASPLOS ’26, March 22–26, 2026, Pittsburgh, PA, USA

Fresh Source Code

Compiler IR

Object Files

Executable Binary

Fresh
Optimized Binary

Parser

Code Generator

Linker

Binary Optimizer

AutoFDO/
CSSPGO

Propeller

BOLT

WAX

Stale
Profile

Stale Source Code

Stale
Optimized Binary

Fresh
Profile

(a) Wax’s workflow in the context of data center applications’s
compilation and optimization pipeline

Source
Mapping

Functions

Basic-blocks

Filenames

Source Locations

Instructions

Function
Mapping

Stale Functions

Fresh Functions

Basic-block
Mapping

Stale 
Source Locations

Fresh Source
Locations

Stale
Basic-blocks

Fresh
Basic-blocks

Source Lines

Source Paths

Fresh Source

Stale Binary

Read Paths

Read Data

Read Debug
Fresh Binary

Stale Source

Stale Profile

(b) Wax’s internal architecture showing interactions among its
modules (blue) and their inputs (white) and outputs (yellow).

Figure 6. An overview of Wax’s design

stale files
S0: /home/abc/myapp-1.0/src/query.cpp

S1: /home/abc/myapp-1.0/test/query.cpp

fresh files
F0: /home/abc/myapp-2.0/src/query.cpp

F1: /home/abc/myapp-2.0/test/query.cpp

F1: /home/abc/myapp-2.0/src/test/query.cpp

Here, all files share the same name, query.cpp. As S0 and
F0 share the same parent directory (src), Waxmaps S0 and F0.
Similarly, S1, F1, and F2 share the same parent, test. However,
for all of them, test’s parent directories vary (myapp-1.0,
myapp-2.0, and src). Therefore, Wax maps S1 and F1 as they
have the highest Levenshtein Similarity.

3.1.2 Function Mapping Loop. Wax first compares the
mangled names of all stale and fresh functions to map the
ones with identical mangled names. To map the rest of the
functions, Wax uses a “matching” operation. Defining this
matching operation, we describe how Wax performs the

Function Mapping Loop

File Mapping
by Name

Name
Demangling

Stale Functions

Stale Filenames

Fresh Functions

Fresh Filenames

Name
Demangling

Stale Functions

Fresh Functions

Stale Files

Fresh Files

Compare Mangled
Names

Parameters Matching

Basename Matching

Namespace Matching

Suffix Matching

1-to-1 Mapping

Stale Profile

Partition by Files

Figure 7. Wax’s Function Mapping with various steps (blue
boxes), their sequence (blue arrows) and intermediate results
(black arrows) to produce the final output (yellow boxes).

operation repeatedly using different components of func-
tions’ demangled names. We also discuss some efficiency
considerations.
Compare Mangled Names.Wax first maps functions by
comparing their mangled names. Specifically, Wax maps all
the functions with identical mangled names across versions.
Matching.Waxmatches a set of stale functions with another
set of fresh functions by performing three steps: (1) compar-
ing all pairs from both sets using a similarity metric, (2) find-
ing the maximum similarity score among all comparisons,
and (3) selecting only those pairs with the maximum similar-
ity score. We refer to pairs Wax selects as “matched” pairs.
Wax uses Levenshtein Similarity (Eq. 1) to match strings.
Matching functions using different components of their
demangled names. As Wax finishes mapping functions
with identical mangled names, Wax starts matching the re-
maining functions based on different components of their
demangled names. Wax starts matching with a single com-
ponent. If the matched pairs are not unique, Wax continues
matching with a different component. While matching func-
tions using one component after another, Wax follows the
sequence: namespace, basename, parameters, and suffix. Af-
ter finishing the sequence, if the matching is still ambiguous,
Wax uses “Partition by Files.” Here, for a mapped stale and
fresh source file pair, Wax compares all the functions in the
stale file to all the functions in the fresh file using all compo-
nents of their demangled names.While performingmatching
and partition by files, if Wax finds unique matched pairs,
Wax marks them as mapped using “1-to-1 Mapping.” As
Wax identifies a new set of 1-to-1 mappings, Wax restarts
the matching sequence from the beginning (“Namespace
Matching”) to perform additional mappings.
Efficiency considerations. For efficiency purposes, Wax
first maps stale and fresh functions with identical mangled
names before partitioning them based on file names. Sim-
ilarly, Wax removes all the fresh functions that have cor-
responding stale functions without profiles with the same
namespace, basename, and parameters.
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3.2 Source Mapping
Wax’s Source Mapping module creates 1-to-1 mappings for
(1) source lines and (2) source locations. We define a source
line as a pair of source code file and line. We define a source
location as a tuple of mapped function, source code file, and
line. We include mapped function in source location’s def-
inition to account for function inlining, where assembly
instructions corresponding to a single source line may ap-
pear in multiple functions. As we show in Fig. 8, Wax first
uses Source Line Mapping (§3.2.1) to map source lines from
stale to fresh version based on their content. Wax maps the
remaining source lines of the mapped functions that Source
Line Mapping misses using Source Location Mapping (§3.2.2).
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Figure 8. Wax’s Source Mapping Module
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Figure 9. Zooming into File Line Mapping of Source Mapping

3.2.1 Source Line Mapping. Wax maps source lines by
first mapping source files and then comparing their lines.
Specifically, Wax first collects all absolute paths in the source
tree and applies File Mapping by Name (§3.1.1) to find source
file mappings. Using file mappings, Wax reads their content
to compare source lines.

Compare Lines by Files. For a mapped pair of stale and
fresh files, Wax compares the stale file’s source lines against
the fresh file’s source lines to find line mappings.
File Line Mapping. As illustrated in Fig. 9, Wax’s File Line
Mapping first maps the lines that are identical (“Exact Match-
ing”). Using these mappings, Wax partitions the search space
into segments to compare each stale line between a mapped
stale line pair against only the fresh lines between those stale
line pairs’ corresponding fresh lines (“Partition Matching”).
Within a partition, Wax maps identical lines sequentially
(“Sequential Mapping”), mapping the first stale line to the
first fresh line, and so on. Wax maps the remaining lines
by fuzzy matching via Levenshtein Similarity (Eq. 1). As
Wax creates 1-to-1 line mappings, Wax restarts from the
beginning (“Exact Matching”) to find new mappings.
Filter Unmapped Lines. Wax uses already mapped source
lines to filter the source lines in both stale and fresh versions
that are yet to be mapped.
File Mapping by Similarity. Wax maps the remaining
unmapped lines, assuming that the developers have moved
these lines from one file to another. Wax handles such lines
by remapping files using File Mapping by Similarity. Here,
Wax compares all pairs of stale and fresh source files to
measure the number of identical unmapped lines between
them. Maximizing the number of such lines, Wax creates
1-to-1 file mappings and restarts mapping lines.
Efficiency Considerations.Wax starts File Line Mapping
with the full set of lines in the files to help partition the search
space based on existing mapping. However, Wax restricts
fuzzy matching to lines corresponding to debug information
and reduces the number of similarity checks.

3.2.2 Source Location Mapping. Wax combines source
line and function mappings to find source location mappings.
Join Source Line Maps to Locations. While combining
line and function mappings, Wax finds two unique scenarios:
• Unmapped functions having mapped lines. Assuming
function inlining moved basic-blocks from one function
to another across versions, Wax addresses such scenarios
using Basic-block Mapping (§3.3).

• Mapped functions with missing mapped lines.Wax
addresses such scenarios by rerunning Source Line Map-
ping (§3.2.1) at the granularity of individual function pairs.

Filter Unmapped Source Locations. Wax finds source
locations in stale and fresh binaries without a mapping.
Compare Lines by Functions. For all unmapped locations,
Wax compares source lines in stale unmapped locations of
a stale function against the source lines in fresh unmapped
locations of the corresponding mapped fresh function.
Partition by File. Wax only compares stale source lines to
fresh source lines such that they belong to mapped stale and
fresh file pairs, respectively.
File Line Mapping. Wax uses File Line Mapping (§3.2.1) to
create 1-to-1 mappings of the unmapped source locations.
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Figure 10. Wax’s Basic-block Mapping Module

As we describe in §2, state-of-the-art techniques fail to
map many basic-blocks due to changes in source code and
function inlining. Wax addresses these challenges using
Basic-block Mapping. As we show in Fig. 10, Basic-block
Mapping produces 1-to-1 mappings of basic-blocks using
the source location mappings and debug information. Basic-
block Mapping does not rely on the function mappings, as
basic-blocks can move from one function to another due to
variations in function inlining decisions. A naive approach—
mapping basic-blocks by maximizing the number of mapped
source locations between them—does not perform well, as
the same source location often spans multiple basic-blocks.
Instead, Wax first partitions all assembly instructions us-
ing their corresponding source locations (§3.3.1), then com-
pares instructions within a partition to identify instruction
mappings (§3.3.2), and finally aggregates these instruction
mappings to derive basic-block mappings (§3.3.3).

3.3.1 Partition instructions based on their source lo-
cations. Wax uses debug information to identify assembly
instructions corresponding to a source location and then
partitions all assembly instructions using Source Location
Mappings (§3.2.2). Specifically, for each stale and fresh source
location pair, Wax groups their corresponding stale and fresh
instructions in the same partition. Within a partition, Wax
then compares instructions to identify instruction mappings.

3.3.2 Instruction Mapping. Wax maps instructions by
matching their content: opcode and operand. For both strings,
Wax compares their similarity (Eq. 1), while also prioritiz-
ing opcodes over operands [9, 74]. After matching opcodes
and operands, Wax may find multiple matched pairs. Wax
breaks such ties using the sequential order of instructions.
As Wax finds unique matched pairs, Wax marks them as
mapped using “1-to-1 Mapping.” As Wax identifies a new
set of 1-to-1 mappings, Wax restarts the matching sequence
from the beginning to perform additional mappings.

3.3.3 Mapping basic-blocks from instruction map-
pings. Wax uses 1-to-1 instruction mappings to compute
similarity between stale and fresh basic-blocks. Specifically,
Wax computes the similarity score for a basic-block pair
by summing up the Levenshtein Similarity (Eq. 1) values of
the mapped instructions between the basic-block pair. Next,
Wax creates 1-to-1 mappings of basic-blocks by maximizing
their similarity score. Wax breaks ties of similarity scores
among the stale and fresh basic-block pairs by maximizing
the number of stale basic-blocks neighbors mapped to fresh
basic-blocks neighbors. Finally, Wax resolves any remaining
ties by preserving the sequential order of basic-blocks within
their containing functions.
Find Basic-blocks with Mapped Instructions. Wax uses
instruction mappings to identify all pairs of stale and fresh
basic-blocks that share at least one mapped instruction.
Calculate Mapped Instruction Similarity.Wax computes
the similarity for all pairs of stale and fresh basic-blocks using
their mapped instructions. Specifically, Wax computes the
Levenshtein Similarity (Eq. 1) for the mapped instructions
and sums them to obtain similarity scores for basic-blocks.
Similarity Matching.Wax aims to maximize the similar-
ity score for stale and fresh basic-blocks. To this end, Wax
groups each stale basic-block with fresh basic-block (s) hav-
ing the maximum similarity score. Similarly, Wax groups
each fresh basic-block with stale basic-block (s) having the
maximum similarity score. Wax then combines both groups
and removes duplicates. Then, Wax directly checks for 1-to-1
mappings. If any such mappings exist, Wax removes them
from consideration and restarts running Similarity Matching.
Neighbor Matching. If multiple basic-block pairs share
the maximum similarity score, Wax uses their control-flow
information to break ties. Using control flow, Wax finds the
neighbors of the stale and fresh basic-blocks. Among the
neighbors, Wax counts the ones that are already mapped.
Maximizing the number of such mapped neighbors, Wax
finds 1-to-1 mappings. If such mappings exist, Wax removes
them and restarts from Similarity Matching.
Sequential Matching. Wax resolves any remaining ties by
preserving the sequential order of basic-blocks within their
containing functions. For example, Wax maps the first un-
mapped basic-block in a stale function to the first unmapped
basic-block in the corresponding fresh function.
Other similarity metrics. While comparing strings (e.g.,
file names, source codes, and opcodes), Wax supports config-
urable similarity metrics. Among these similarity metrics, we
empirically observe that Levenshtein Similarity [42] outper-
forms longest common subsequence [73] and prefix match-
ing [21] for data center applications, as developers mainly
add new features and bug fixes to these applications [9].
Instead, if applications observe code mutation (e.g., two un-
related variables swap their names), they may benefit from a
different similarity metric. In the future, we will investigate
how to find a good similarity metric for such applications.
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Figure 11. The relative and absolute performance speedups
Wax achieves with stale profiles in comparison to prior work
(Wang et al. [74] and Ayupov et al. [9]) for different data
center applications. For comparison, we also include the
speedups corresponding to optimizations with fresh profiles.
The heights of the bars represent the relative speedup, de-
noting the fraction of the fresh profile’s benefits. The values
on top of the bars specify absolute speedups.

4 Implementation
We implement Wax in 2240 lines of Python code using li-
braries like polars [72] and RapidFuzz [10]. We read de-
bug information and function symbols from application
binaries using llvm-objdump and llvm-readelf utilities, re-
spectively, while demangling function symbols with the
LLVM Itanium demangler. We read basic-blocks and control-
flow graphs (CFG) from application binaries by adding 126
lines of C++ code to LLVM. We open-source our work at
https://github.com/ice-rlab/wax.

5 Evaluation
5.1 Methodology
We evaluate Wax using 5 open-source data center applica-
tions (as described in §2.1). As presented in §2.1, we list the
stale versions, the fresh versions, and workloads for these
applications in Tab. 1. Similar to prior work [9], we compile
clang with O3+LTO+AutoFDO and others with O3+LTO. We col-
lect profiles for all applications using Intel LBR [2]. Using
these profiles, we optimize the code layout of these applica-
tions with BOLT.

5.2 Performance analysis
Speedup. We show Wax’s performance speedups for 5 data
center applications in Fig. 11. For comparison, we also in-
clude the performance speedups prior techniques (Wang
et al. [74] and Ayupov et al. [9]) provide for these applica-
tions. Finally, to understand the upper bound of performance
speedups, we also present the performance gains profile-
guided optimizations provide with the fresh profile. As we
show, Wax achieves an average speedup of 14.32%, attaining
77.14% of the average speedup (18.56%) that profile-guided
optimizations provide with fresh profiles. Moreover, Wax
significantly outperforms both previous techniques [9, 74].

To understand how Wax achieves performance benefits
similar to the fresh profile even with the stale profile, next,
we quantify the cache misses Wax reduces across various
micro-architectural structures such as L1/L2 I-cache, iTLB,
and BTB.
Micro-architectural cachemiss reduction.We quantified
the speedup of Wax in terms of miss reduction in different
micro-architectural caches such as L1 I-cache, L2 I-cache,
iTLB, and BTB. We show the results in Fig. 12. In all of these
cases, Wax reduces more misses than prior work [9, 74].
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Figure 12. Wax’s MPKI reduction for various micro-
architectural structures compared to prior work [9, 74].

Performance generalization across different applica-
tion workloads/inputs. We also investigate whether Wax
could optimize data center applications with stale profiles
across diverse application workloads/inputs. For our inves-
tigation, we leverage eight different mysql queries that are
readily-available to evaluate the performance of mysql. For
each query, we compare Wax against the state of the art [9]
for oracle and average-case configurations. The oracle con-
figuration leverages the same query to drive mysql while
collecting the stale profile and evaluating the performance
of the fresh binary after optimizing it using the stale profile.
On the other hand, the average-case configuration aggre-
gates profiles corresponding to all mysql queries. For both
configurations, we also measure the performance benefits
of using fresh profiles and show the results in Fig. 13. As
Fig. 13 shows, Wax performs better than prior work [9]
across all mysql queries for both oracle and average-case
configurations, highlighting that Wax is more resilient to
workload/input changes than previous techniques.
Performance generalization across major and minor
versions. We evaluate Wax across major and minor version

https://github.com/ice-rlab/wax
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Figure 13. Wax’s performance compared to the state of the
art (Ayupov et al. [9]), across different application inputs
(different mysql queries). The oracle configuration uses the
same input for profile collection and performance evaluation.
The average-case configuration aggregates profiles from all
inputs. For both configurations, Wax significantly outper-
forms prior work across all inputs.

changes for mysql and gcc in Fig. 14. For mysql (Fig. 14a), we
optimize 8.4.4 using stale profiles from minor (8.4.2 and
8.4.0) and major (8.3.0, 8.1.0, 8.0.28) versions. Similarly,
for gcc (Fig. 14b), we optimize 9.5 and 11.5 using profiles
from minor (9.4 to 9.1) and major versions (10.5, 9.5, 8.5),
respectively. Unlike real-world scenarios, where 70% of pro-
file samples become stale within a week [9], minor versions
of gcc and mysql contain only 2-3% of stale profile samples.
Their major versions, on the other hand, include more than
10% of stale samples. As profile staleness increases, Wax’s
gains over prior work [9, 74] also increase, validating Wax’s
resiliency. Across all major and minor versions, Wax outper-
forms previous techniques [9, 74].
Absolute number of samples mapped from stale pro-
files. We also measure the absolute number of samples Wax
and the state of the art map from stale profiles. We list the
number of samples for functions and basic-blocks in Tables 4
and 5, respectively. As these tables show, Wax maps signif-
icantly more samples than the state of the art. Specifically,
Wax maps functions and basic-blocks from all categories
quantified in Figures 3 and 5, except “Remaining others”.

Table 4. Absolute number of function samples Wax and
state of the art map from stale profiles

Application # of function samples from stale profile
Total Ayupov et al. maps Wax maps

gcc 166943 110127 166669
clang 101616 94920 101224
mysql 5565071 4817643 5565001
postgresql 6541361 6411937 6541361
mongodb 1498661 1299119 1486768

5.3 Sensitivity analysis
We study the sensitivity of Wax’s different heuristics by us-
ing them separately, i.e., by disabling some of them. To com-
pare performance, we compute the speedup over the prior

Table 5. Absolute number of basic-block samples Wax and
state of the art map from stale profiles

Application # of basic-block samples from stale profile
Total Ayupov et al. maps Wax maps

gcc 3598300 1562178 2977511
clang 2033042 1425478 1724122
mysql 66883604 27618695 39981112
postgresql 125645896 66590782 78589857
mongodb 17992518 6096348 8032400
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(a) Optimizing mysql-8.4.4 with stale profiles from minor (left)
and major (right) versions.
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(b) Optimizing gcc-9.5 (left) and gcc-11.5 (right) with stale pro-
files from minor (left) and major (right) versions, respectively.
Figure 14. The performance speedup Wax provides for the
fresh binary compared against prior work (Wang et al. [74]
and Ayupov et al. [9]) with different stale profiles corre-
sponding to different minor (left) and major (right) versions
of mysql (a) and gcc (b). Wax significantly outperforms both
prior work across all different configurations, gaining ben-
efits comparable to the fresh profile. Furthermore, as the
staleness in profile increases, Wax provides more benefits
compared to prior work.

work [9], while normalizing it by the fresh profile’s speedup
((𝑠𝑝𝑒𝑒𝑑𝑢𝑝 (𝑥)−𝑠𝑝𝑒𝑒𝑑𝑢𝑝 (Ayupov et al.))/(𝑠𝑝𝑒𝑒𝑑𝑢𝑝 (Fresh)−
𝑠𝑝𝑒𝑒𝑑𝑢𝑝 (Ayupov et al.)) × 100).
Effect of the twomodules.We turn off Basic-blockMapping
to measure the performance of Function Mapping only and
compare it against full Wax, with both Function and basic-
block mapping. In Fig. 15, we show the speedups that the
applications get with Wax over Ayupov et al. [9], where we
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Figure 15. Performance speedup Wax’s function and basic-
block mapping achieve over Ayupov et al. [9].

find that function mapping provides higher benefit for most
applications.
Baseline binaries with additional optimizations. As we
describe in §2.1, we compile baseline stale and fresh binaries
with the highest level of optimization flags (O3). Further-
more, we also evaluate Wax’s effectiveness across baselines
with additional optimizations, such as function inlining, Link
Time Optimizations (LTO), and AutoFDO, as these optimiza-
tions exacerbate profile staleness [9]. As we show in Fig. 16,
Wax outperforms prior work [9] for all baselines with these
additional optimizations.
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Figure 16. Performance speedup of Wax and Ayupov et
al. [9] with different levels of optimizations.

Effect of using Source Mapping in the earlier and later
stages of Wax. We also evaluate Wax’s sensitivity of using
Source Mapping in the earlier (Wax𝐸 ) and later (Wax𝐿) stages.
Specifically, Wax𝐸 first maps the source code of the stale bi-
nary to the source code of the fresh binary, and thenmaps the
corresponding binary instructions of the matching functions
and basic blocks. On the other hand, Wax𝐿 leverages Source
Mapping only in the later stages. For example, during Func-
tion Mapping, Wax𝐿 uses Source Mapping to compare and
partition functions by files, as we show in Fig. 7. Similarly,
as Fig. 10 shows, Wax𝐿 compares and partitions instructions
by source locations during Basic-block Mapping. In terms of
performance speedups, we do not observe any statistically
significant difference betweenWax𝐸 andWax𝐿 ; 𝑝 = 27.8% is
much higher than the t-test’s [19] typical significance level
of 5% [16]. Consequently, we also measure how many func-
tions and basic-blocks of the fresh profile both Wax𝐸 and
Wax𝐿 successfully map using the stale profile. Tables 6 and 7

show the results, along with the corresponding number of
samples present in the fresh profile. As we show, Wax𝐸 and
Wax𝐿 map almost identical number of fresh functions and
basic-blocks.

Table 6. Effect of using Source Mapping in the earlier and
later stages of Wax, in terms of Function Mapping. Wax
converges to same function mappings for both cases.

Application # of Functions in
Fresh profile

# of Function Samples
in Fresh profile

Total Wax𝐸 Wax𝐿 Total Wax𝐸 Wax𝐿

gcc 3556 2833 2832 149798 145192 145188
clang 4814 3718 3718 132069 126558 126558
mysql 1231 977 978 5093786 4586574 4586574
postgres 975 886 886 4182079 4112923 4112923
mongodb 1934 1566 1565 818161 707266 707062

Table 7. Effect of using Source Mapping in the earlier and
later stages of Wax, in terms of Basic-block Mapping. In both
cases, Wax identifies almost the same basic-block mappings.

Application # of Basic-Blocks
in Fresh profile

# of Basic-Block
Samples in Fresh profile

Total Wax𝐸 Wax𝐿 Total Wax𝐸 Wax𝐿

gcc 64904 50150 50127 1387051 1291319 1291245
clang 92461 74511 74511 1057549 1000103 1000103
mysql 12378 10190 10193 33800126 31045985 31046049
postgres 12433 10893 10895 42965872 40892895 40941260
mongodb 16319 13691 13684 5293115 4757992 4757001

5.4 Efficiency analysis
We analyze Wax’s efficiency by comparing Wax’s compila-
tion time and memory consumption against prior work [9,
74] in Fig. 17. For Wax, we measure and show two config-
urations: (1) using only debug information (allowing Wax
to map only functions) and (2) using both source and de-
bug information (allowing Wax to map both functions and
basic-blocks). As we show, the compilation time and memory
overhead of Wax with only debug information are similar
to prior work, while it still provides significant speedups
over them (Fig. 15). Wax using both source and debug in-
formation consumes more time and memory to compare
source code, assembly instructions, and basic blocks. Still,
Wax completes all comparisons within 3.25 minutes with
48.4 GBs of memory.

5.5 Impact of incorrect mapping
We also evaluate the impact of Wax’s inaccuracy by find-
ing functions and basic-blocks that Wax maps incorrectly.
We identify such incorrect mappings with the help of hot
functions and basic-blocks. BOLT puts only hot functions
and basic-blocks in the .text section after optimization, en-
abling us to identify them automatically. Similarly, we iden-
tify the rest of the functions and basic-blocks (i.e., “cold”)
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Figure 17. Wax’s compilation time and memory consump-
tion while using source and debug information in compari-
son to prior work [9, 74]. While using only debug informa-
tion to guide function mapping, Wax consumes time and
memory comparable to prior work.

that BOLT puts in different sections (e.g., .text.cold and
.bolt.org.text). For each function and basic-block, we com-
pare their hot or cold status after optimizing with fresh and
stale profiles. Aggregating these comparison results for all
functions and basic-blocks, we identify incorrect mappings
and compute the following quantities:

Stale
Hot Cold

Fresh Hot True Positive (TP) False Negative (FN)
Cold False Positive (FP) True Negative (TN)

Table 8. Numbers of functions Wax and prior work [9] map
accurately (TP, TN) and inaccurately (FN, FP) using stale
profile, compared to fresh profile.

Application Ayupov et al. Wax
TP FN FP TN TP FN FP TN

gcc 2077 1478 559 44705 2837 718 768 44496
clang 2333 1000 1974 117095 2453 880 2158 116911
mysql 817 414 99 72858 979 252 106 72851
postgres 846 129 62 17261 888 87 63 17260
mongodb 1318 616 218 161515 1572 362 302 161431

We report these quantities (TP, FN, FP, and TN) for Wax’s
Function Mapping and Basic-block Mapping in Tables 8 and 9,
respectively. We also use these quantities to compare Wax
against Ayupov et al. [9]. For TP and TN, higher is better. For
FN and FP, lower is better. As these tables show, Wax always
outperforms Ayupov et al. in terms of TP and FN. For FP and

Table 9. Numbers of basic-blocks Wax and prior work [9]
map accurately (TP, TN) and inaccurately (FN, FP) using
stale profile, compared to fresh profile.

Application Ayupov et al. Wax
TP FN FP TN TP FN FP TN

gcc 123443 134042 19912 30011 218387 39098 28280 21643
clang 149771 214996 153822 246288 158175 206592 166864 233246
mysql 25328 18063 2264 5327 36467 6924 2116 5475
postgres 40094 5488 1266 2163 42660 2922 1234 2195
mongodb 37754 19838 6082 34357 49960 7632 7331 33108
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Figure 18. 𝑭1-𝒔𝒄𝒐𝒓𝒆 of Wax’s Function Mapping and Basic-
block Mapping compared to the state of the art [9].

TN, Ayupov et al. is sometimes better thanWax.We compare
the significance of TP and FN against the significance of FP
and TN by aggregating them with the following metrics:
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁 ; 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃+𝐹𝑃 ;𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃
𝑇𝑃+𝐹𝑁 ; and 𝐹1-𝑠𝑐𝑜𝑟𝑒 = 2·𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ·𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙 .
Next, we investigate how end-to-end performance corre-

lates with these metrics by measuring their Pearson correla-
tion coefficients (𝑟 ).

Metric 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑅𝑒𝑐𝑎𝑙𝑙 𝐹1-𝑠𝑐𝑜𝑟𝑒
Pearson 𝑟 0.91 0.59 0.95 0.95

As we show, 𝑅𝑒𝑐𝑎𝑙𝑙 and 𝐹1-𝑠𝑐𝑜𝑟𝑒 correlate highly with the
end-to-end speedup. Consequently, we compareWax against
prior work using 𝐹1-𝑠𝑐𝑜𝑟𝑒 in Fig. 18. Fig. 18 shows that Wax
always outperforms prior work [9].
Incorrect mappings due to missing debug information.
We further characterize Wax’s inaccuracy due to missing
debug information. While data center applications’ optimiza-
tion pipeline (Fig. 6a) aims to preserve debug information [1]
as systems like AutoFDO require such information to map
profile back to intermediate representation [13], different op-
timizations (e.g., function inlining and LTO) exacerbate the
quality of debug information [29]. Still, such exacerbation
does not hamper Wax’s recovery of a large percentage of
function and basic-block mappings. As we show in Fig. 7,
while missing debug information could stop Wax’s Func-
tion Mapping from comparing or partitioning functions by
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source files, Wax still maps functions by matching names-
pace, basename, parameters, and suffix as they always exist
in stale and fresh functions’ demangled names. Similarly,
as Fig. 10 shows, while missing debug information could
prevent Wax’s Basic-block Mapping from comparing and
partitioning instructions by source locations, Wax still maps
instructions and basic-blocks by matching instruction op-
codes, instruction operands, and basic-block neighbors as
they are part of stale and fresh binaries. Quantitatively, we
also identify how many identical functions and basic-blocks
Wax fails to map due to missing debug information. As we
show in tables 10 and 11, Wax maps almost all identical func-
tions and basic-blocks across 5 data center applications. Even
in the worst cases, Wax fails to map only 0.04% of identical
functions (gcc) and 1.5% of samples of identical functions
(mongodb). Similarly, Wax fails to map only 1-5% of identical
basic-blocks and 0.002-4.4% of samples of identical basic-
blocks. Consequently, poor debug information does not stop
Wax from obtaining 65%-93% of fresh profiles’ benefits.

Table 10. Numbers of identical functions across stale and
fresh versions Wax fails to map. At most, Wax could not use
0.04% of identical functions or 1.5% of samples.

Application # of Identical
Functions

# of Samples from
Identical Functions

Total Wax fails
to map

Total Wax fails
to map

gcc 26227 10 100370 334
clang 57638 1 110059 2
mysql 51870 3 4845097 26085
postgres 15668 5 6411937 6834
mongodb 94149 11 1307523 19600

Table 11. Numbers of identical basic-blocks across stale and
fresh versions Wax fails to map. Wax could not map only
1-5% of identical basic-blocks, missing 0.002-4.4% of samples.

Application # of Identical
Basic-Blocks

# of Samples from
Identical Basic-Blocks

Total Wax fails
to map

Total Wax fails
to map

gcc 3429 172 97920 4316
clang 9705 277 138482 3
mysql 7748 92 11016218 15562
postgres 7397 135 29693497 5133
mongodb 12380 128 4125618 19861

5.6 Applying Wax to Propeller
We show Wax’s broad applicability by using Wax’s map-
ping to Propeller [24, 65] while optimizing clang-15 with
clang-14’s profile [25]. As we show in Table 12, Wax helps
Propeller optimize with stale profiles, while also outperform-
ing the state of the art [9].

Table 12. Propeller’s [65] speedup for clang with fresh and
stale profiles mapped using prior work [9] and Wax.

Profile Fresh Ayupov et al. Wax
Speedup (%) 5.92% 5.38% 6.44%
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Figure 19. Throughput of mysql read_only before, during,
and after OCOLOS’s code replacement [77, 78] compared to
prior work [9] and Wax.

5.7 Comparison against OCOLOS
OCOLOS [77, 78] is an online code layout optimization sys-
tem to optimize running C/C++ applications in a profile-
guided manner. As OCOLOS optimizes running applications
online, it could leverage fresh profiles instead of stale pro-
files. Therefore, we compare Wax’s effectiveness against
OCOLOS for mysql in Fig. 19. As we show in Fig. 19, Wax
significantly outperforms OCOLOS and Ayupov et al. dur-
ing OCOLOS’s warm-up phase 1 , profile collection phase 2 ,
profile conversion phase 3 , and code replacement phase 4 .
Even after OCOLOS finishes optimizing mysql with the fresh
profile (phase 5 ), Wax still outperforms OCOLOS, although
Wax uses the stale profile. With OCOLOS, function pointers
in registers and memory always point to unoptimized func-
tions [77, 78], even in phase 5 , causing OCOLOS to fall short
of Wax. In contrast, prior work [9] falls short of OCOLOS
in phase 5 .

6 Related Work
Existing techniques leverage profile to perform a wide range
of optimizations, including function inlining and outlining [17,
43], function layout optimizations [30, 56, 59], function merg-
ing [62, 63], basic-block reordering [41, 51, 59], loop opti-
mization [61], and register allocation [22, 45]. Various com-
pilers and binary optimizers implement these techniques
for different static and dynamic languages [54, 55], and at
different stages of the compilation pipeline, such as code
generation [13], linking [44, 64], and post-link optimiza-
tion [46, 57, 65]. Intel’s Last Branch Record (LBR) technol-
ogy [13, 52] provides a low-overhead mechanism to collect
representative profiles.
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BMAT [74], Stale Profile Matching [9], Beetle [48], and
Hydra [23] proposed different techniques to optimize a fresh
version of the binary using a stale version’s profiles. All
these techniques use the binary information only to create a
mapping from stale to fresh binary. In that way, these works
relate to binary code similarity [6, 26]. Unfortunately, solv-
ing the profile staleness problem only using binary code
similarity makes the problem unnecessarily harder, as de-
bug and source code information are always present in the
pipeline of profile-guided optimization systems, as we show
in Fig. 6a. Consequently, Wax uses source and debug infor-
mation to relax profile staleness, outperforming prior binary
code similarity techniques.

Recent work [50, 77, 78] proposed online systems to avoid
profile staleness by profiling and optimizing the fresh binary
online. As we show in Fig. 19, even with a stale profile, Wax
outperforms such an online system as it contains pointers
to an unoptimized version [77, 78].

7 Conclusion
This paper characterized several key challenges of using stale
profiles to optimize fresh binaries. We addressed these chal-
lenges with Wax, a novel technique to map stale profiles to
fresh binaries using source code and debug information. Our
evaluation showed that Wax enabled effective optimizations
using stale profiles, achieving significant speedups (5.76%-
26.46%) across 5 data center applications.
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