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Abstract

The idea behind profile-guided optimizations (PGO) is to
monitor different aspects of a program’s run-time behavior,
and then employ this information to guide decisions dur-
ing individual compiler optimizations to improve program
performance. PGO is a mature technology that is available
in most mainstream compilers and is widely regarded to
benefit performance. In this work, we conduct the first com-
prehensive empirical study of the behavior and properties of
PGOs in two state-of-the-art mainstream C/C++ compilers,
GCC and Clang, evaluated using MiBench embedded system
benchmarks on x86-64 platform. Our study reveals many
interesting, some expected and some counter-intuitive ob-
servations about PGOs in mainstream C/C++ compilers. We
believe our intellectually intriguing observations will help
compiler designers and software developers further develop
and usefully deploy this technology.
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1 Introduction

High-level programming languages allow developers to write
code at a higher level of abstraction that is cleaner, more con-
cise, more intuitive to read, and easier to extend, update and
maintain later. Often, the compiler is then used to translate
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this high-level code into an efficient and correct binary. Com-
pilers employ many specialized algorithms, called optimiza-
tions, that are tasked with the responsibility to transform
and improve the structure, layout and composition of the
generated code into a semantically-equivalent variant that
can achieve good run-time performance (typically, speed) on
the underlying computer hardware.

Several compiler optimizations, especially in ahead-of-
time compilers, like those for C/C++, employ static-time
heuristics to guide their application. For instance, the com-
piler may use static heuristics to decide the best basic-block
layout for a function, or determine the registers to spill dur-
ing register allocation, or choose the methods to inline during
function inlining. These static heuristics in mature compil-
ers are carefully tuned by experienced compiler writers for
the common case across many programs. Yet, these heuris-
tics may still cause the compiler to generate code with poor
performance characteristics, especially when they do not cor-
rectly model the actual run-time behavior of the program.

Profile-guided optimizations (PGO) is an alternate tech-
nology that employs the run-time program behavior infor-
mation, rather than or in addition to static program analysis,
to guide compiler decisions [43]. Program profiling in ahead-
of-time (AOT) compilers typically uses prior runs of the
program to collect information about the execution-time be-
havior of the program. Profile information can be collected
using binary instrumentation or sampling. The application
of PGOs in AOT instrumentation-based compilers typically
operates in three steps: (a) Firstly, the compiler instruments
the binary by inserting code to monitor aspects of program
execution-time behavior, (b) Secondly, the instrumented bi-
nary is executed with some representative program inputs,
which causes the instrumentation code to output profile data
at run-time. (c) Lastly, the compiler uses the profile data
in a subsequent compile of the program to fine-tune the
optimizations and regenerate the program binary.

Profiling and PGOs represent a mature technology with
support in most production-grade C/C++ compilers. Yet, the
benefits and properties of PGOs in mainstream C/C++ com-
pilers, including the popular GCC [23] and LLVM [16] com-
pilers, have not been comprehensively explored in recent
years and remain poorly understood. For instance, while
the benefits developers attain from PGOs for their projects
for some typical use-cases are often reported [51], detailed
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analysis regarding behavior of PGOs, best and worst case
PGO results, etc. are typically unavailable. Other properties
of PGOs, such as the impact of ideal case and cumulative pro-
file data on PGO performance, and their sensitivity to profile
data with regards to code generation and performance, are
also unknown. Given the maturity of the field, one of our
aims is to also investigate if PGO properties across contem-
porary compilers reveal similar results and trends, or if there
is still an opportunity for compilers to learn from each other
to mutually benefit and improve.

Our goals for this work are, through a series of well-
designed experiments and with multiple mature and contem-
porary C/C++ compilers (GCC and Clang, in this study) (a) to
explore important properties and evaluate the performance
impact of instrumentation-based offline PGOs, on the em-
bedded systems benchmark suite, MiBench, running on an
x64 hardware platform, and (b) to compare and understand if
and how the properties of PGOs correlate across compilers.

Some important contributions from this work are:

1. Our experiments show that while PGOs can help im-
prove program performance significantly for some
program inputs, they can also cause large losses, in
adverse cases.

2. Our experiments reveal that the ideal profile does not
always produce the best performance from PGOs.

3. We find that profile data aggregation done for the cu-
mulative profile often lowers performance over the
best profile.

4. We find that the benefit individual optimizations real-
ize from profile data is uneven and unpredictable.

5. We find poor correlation between most PGO proper-
ties, including in the level of benefit achieved, across
the two mainstream compilers employed for this work.

The rest of the paper is organized as follows. We present
related works in Section 2. We present details of our ex-
perimental setup in Section 3. We explain the experimental
results in Section 4. We present directions for future work
in Section 5, and our conclusions in Section 6.

2 Background and Related Works

The term profile data represents any quantitative informa-
tion about the execution time behavior of a program [32, 40].
Examples include, basic block or instruction execution fre-
quency counts, function invocation and call-site counts, con-
ditional branch direction and program path profiles, and data
object reference counts. Compiler writers may employ this
profile data to guide certain decisions during optimizations,
such as register allocation to select the variables to promote
to registers [41, 46], basic block layout to improve cache
behavior [37], instruction scheduling to reduce hazards and
improve instruction-level parallelism [12, 50], and to balance
varying trade-offs during function inlining [5, 9, 10], loop
unrolling [45], and selective compilation [3].
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Profiling data can be collected in two ways: offline and on-
line [43]. Offline profiling uses prior program runs to collect
profile data, and later compilation uses that profile infor-
mation for optimization decisions. In general, static or AOT
compilers, like GCC/g++ use this multi-step offline profiling
approach [11, 38, 49]. Dynamic or online profiling collects
profile data during each execution, and is commonly used
by just-in-time compilers in advanced managed languages
runtimes, like those for Java [4, 15, 31]. Our current work
explores the behavior of PGOs in contemporary static C/C++
compilers employing offline profiling.

The instrumentation-based profiling technique is a promi-
nent profiling strategy that inserts software counters in the
binary code to record and collect detailed profile information,
like block, function, and call-site execution counts, and how
often branches are taken during execution [11, 24]. While
this code instrumentation-based technique can produce ac-
curate profiles, it suffers due to high overhead of the instru-
mented binary [20]. Sampling-based profiling uses OS or
library support to periodically collect the program’s execu-
tion information, such as the current instruction address,
function, or call stack, to determine the code executing at
that time. Over time, the collected profile information is ag-
gregated to determine the hot blocks, or methods, or paths,
etc. While instrumentation-based technique can collect more
precise profile information more quickly, the sampling-based
approach has lower overhead and is less intrusive, making it
more suitable for production environments [26, 28].

Researchers have suggested other strategies to reduce
the profiling overhead, most of which then yield imprecise,
approximate or incomplete program information. Some tech-
niques switch between the instrumented and non-instrumented
code at run-time [6, 33]. Other techniques attempt to lower
overhead by using low-level hardware performance coun-
ters [1, 17]. Hardware-assisted sampling based techniques
sample the value of the instruction pointer on different as-
pects of the execution-time program behavior [18, 48]. Such
low-overhead profiling systems can be employed in produc-
tion systems to continuously monitor application behavior
after deployment [2, 13, 39]. Other techniques help correlate
the stale or approximate hardware samples with high-level
source code [13, 29]. In this work we only use the offline
software instrumentation based profiling systems that are
the default mode for mainstream C/C++ compilers.

The offline profiling technique generates a single immutable
binary customized to the provided profile data. A binary that
is customized using PGOs guided by the provided profile data
may deliver poor performances for other different or non-
representative program inputs. Therefore, a major challenge
to successfully employing the offline profiling approach for
PGOs is finding program inputs that are representative of the
overall program execution behavior. Researchers studied the
benefit of representative profiles on PGOs and found that real
run-time profiles are better than statically derived profiles
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Table 1. Properties of MiBench benchmarks with MiDatasets
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Table 2. Flags to Generate Profile Data and Enable PGOs

but not as good as perfect profiles from the same run [47].
Various approaches have also been used to study and statisti-
cally combine the profiles over multiple runs to account for
the variations in execution behavior across inputs [8, 19, 42].

To our knowledge, there are no recent works that conduct
a thorough investigation and comparison of the PGO sys-
tems employed by contemporary AOT compilers. Modern
compilers, conceivably, leverage the vast prior knowledge re-
garding profiling mechanisms and PGOs to implement their
systems. Our goal in this work is to conduct a systematic ex-
ploration of many important properties of PGOs, including
several that have never been studied, in the context of main-
stream C/C++ compilers. We also study how PGO properties
correlate and vary across mature compilers.

3 Experimental Setup

In this section we describe our benchmarks, machine config-
uration, and experimental design employed for this work.

3.1 Benchmarks, Machine & Compiler

We use the MiDataSets [21] suite for this work. MiDataSets
extends MiBench [25], which is a suite of benchmarks in-
tended to represent commercial embedded systems use cases.
In particular, MiDataSets expands the number of inputs for
each benchmark to 20 that are collected from various sources
and varying size, nature, and data set properties [21]. The data
sets were collected to study the influence of program input
on the performance benefit obtained from compiler optimiza-
tions, in general, and iterative compilation, in particular, and
hence seemed a good fit for this work on PGOs.

MiDataSets includes minor compatibility fixes to MiBench
benchmarks for 64-bit architectures. However, we found
that the ispell benchmark doesn’t support x86_64. We also
could not use mad and di jkstra, as these two benchmarks
require a library we could not build. These three benchmarks
are excluded from our experiments and analysis, leaving us
with 27 benchmarks. Table 1 lists the benchmarks used in our
study along with the count of union of functions executed
during a benchmark run with any of their inputs and the
sum of the number of basic blocks in those functions.

Benchmark Exec. | Total Benchmark Exec. Total Instrument Binary to Use Profile Data and
Func. | Blocks Funcs. | Blocks

automotive_bitcount 19 101 office_ghostscript 3272 39012 Generate Profile Data Enable PGOs
automotive_gsort1 4 61 office_rsynth 41 754 Clang | -fprofile-instr-generate | -fprofile-instr-use
automotive_susan_c 20 702 office_stringsearch1 11 190 (-f file- t ) (—f file- )
automotive_susan_e 20 702 security_blowfish_d | 8 136 prolile-generate proiiie-use
automotive_susan_s 20 702 security_blowfish e | 8 136 GCC —fpr oﬁle—gener ate —fproﬁle -use
consumer_jpeg_c 291 4234 security_pgp_d 293 5393
consumer_jpeg_d 274 3944 security_pgp_e 293 5856 .
consumer lame 192 2034 security rijndacl d | 8 162 All our experiments and measurements are performed on
consumer_tiff2bw 303 | 6489 || security rijndacle | 8 162 a server with an Intel(R) Xeon(R) CPU E5-2660 @2.20GHz
consumer_tiff2rgba 305 6476 security_sha 8 52 s .
consumer_tiffdither 303 6471 telecom_CRC32 5 25 processor and 16 GB of RAM. The server’s operatlng syStem
consumer_tiffmedian | 306 [ 6647 telecom adpem ¢ | 3 66 is Linux. We use the CPU cycle count metric provided by the
network_patricia 6 152 telecom_adpem_d 3 66 Linux performance analysis tool, called perf or perf event:

telecom_gsm 63 707 P y > p perj_ S,

to collect program performance measurements.

We use two of the most popular, state-of-the-art and con-
temporary C/C++ compilers, GCC [23] (version 11.3.1) and
LLVM/Clang [16] (version 15.0.0) for this work. We use the
-O3 optimization level for our baseline performance.

Clang offers two profile collection flags, -fprofile-instr-
generate that is documented as a front-end PGO flag, and
-fprofile-generate mentioned as a middle-end PGO flag. We
collected all our results with both these profiling flags, and
found that their overall trends, patterns and observations
relevant to this work are identical. Yet, using the -fprofile-
instr-generate flag consistently provides slightly better per-
formance results. Hence, we only present the results with
this one profiling flag for Clang in this work. Table 2 lists
the flags we employ to enable and use the instrumentation
based profiling and PGO support provided by the compilers.

3.2 Experimental Data Collection

In this section we present our automated data collection
setup and explain terms we employ in the rest of this paper.
We employ the appropriate flags with each compiler to
generate the respective instrumented binaries for each of
the 27 benchmarks that then collect profile information for
all the 20 inputs provided by MiDataSets. Then, we generate
PGO-enabled binaries for each benchmark by feeding the
different profile data, which generates 20 distinct custom
binaries for each program-input/profile pair. We use the
tools provided by each compiler framework to combine the
20 profiles for each program into a cumulative profile. We use
the cumulative profile to generate the 215" customized binary
for each benchmark. Finally, we compile each benchmark
with the ‘-O3’ flag with both compilers (22" baseline binary).
Next, for each program, we collect performance numbers
(CPU cycles) by running the 21 customized binaries along
with the baseline (O3) binary with each of the 20 inputs. We
run each binary-input pair 12 times and compute the average
and standard deviation, which results in 440 performance
measures (22 binaries * 20 inputs) for each benchmark. For
each program-input pair, we divide their average perfor-
mance with the corresponding O3-binary performance to
calculate the benefit delivered by PGOs in each scenario.
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Table 3. Illustrative color-coded sample matrix of collected performance for 20 custom binaries (in rows) evaluated across 20

inputs (in columns) for a hypothetical benchmark and data:

PGO-Same-Best, ¢ PGO-Same-Worst,

0.85
0.88
0.87

0.85
0.87
0.82
0.88
0.89

0.96

Baseline (03), ¢

PGO-Best, PGO-Worst, PGO-Same,
PGO-Cumul, PGO-Cumul-Best, © PGO-Cumul-Worst.
0.88
1089
0.86
0.93
0.86

0.83
0.87
0.88
0.84
0.80

Lo Lo Loy Lose Loss [oss Lo Loss Los> Joss Toss T Loss Looe [osc Bz

1.00 100 1.00 1.00 1.00 100 1.00 1.00 1.00

Table 3 shows an example hypothetical performance ma-
trix for a single benchmark using this experimental method-
ology, where the 22 rows indicate distinct PGO binaries and
the columns indicate the 20 distinct provided inputs. We use
this table to describe the following terms that we employ to
explain the PGO results in the rest of the paper.

PGO-Best refers to the best PGO performance across all
PGO binaries and 20 inputs, and indicates the best gain from
using PGOs for this program. This is the smallest ratio in
the top 21 rows of Table 3. In contrast, PGO-Worst indicates
the poorest overall PGO performance observed, and denotes
adverse scenarios when the use of PGO results in low per-
formance gain or even a loss (over O3). This is the highest
ratio in the top 21 rows of Table 3.

PGO-Same describes the configuration where a binary
customized by PGOs using a profile/input (say, A) is executed
using the same input A. In such cases the profile used during
PGOs is an ideal match to the input used during evaluation.
PGO-Same-Best refers to the best performance obtained in
the PGO-Same configuration. PGO-Same-Worst is the worst
performance delivered by the PGO-Same configuration.

PGO-Cumul describes the configuration using the binary
generated by the cumulative profile. Earlier studies show
that a cumulative profile over several inputs may help PGOs
deliver close to the ideal performance on multiple program in-
puts, while preventing adverse cases. PGO-Cumul-Best refers
to the best performance achieved with the PGO-Cumul con-
figuration, while PGO-Cumul-Worst describes the lowest per-
formance in this configuration.

1.00  1.00 100 100 100 1.00 100 100 100 100

4 Experiments & Observations

In this section, we describe our analysis, explain our obser-
vations, and answer many interesting questions regarding
the properties of PGOs in mainstream C compilers.

4.1 Performance Benefit from PGO

The goal of employing PGOs is to generate binaries cus-
tomized to certain execution-time program profiles that can
then deliver enhanced performance for those profiles. Since
the same statically generated binary will be used for all pro-
gram inputs, an important consideration is the performance
impact of the customization process for program inputs that
may not match the profile employed during PGO. In this
work we measure the best-case and average-case perfor-
mance benefit from PGOs in GCC and Clang. We study the
performance impact of detrimental cases, when they happen.
Compiler optimization and PGO techniques for C language
compilers are extremely well-studied and published. Given
that such studies are widely available to students and com-
piler writers, we determine if different mature mainstream
C compilers show similar PGO-related performance traits.

Best-Case Performance Benefit from PGOs:

Figures 1 and 2 show the PGO performance results with
the GCC and Clang compilers, respectively. The first bar for
each benchmark in Figures 1 and 2 shows the best case per-
formance impact from PGOs with the respective compilers.
Thus, we see that PGOs can deliver significant performance
gains for several programs, including benefits up to 32%
for bitcount, 30% for jpeg c and 21% for pgp_d with GCC,
and benefits up to 16% for pgp_d, 15% for jpeg_c, and 13%
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Figure 1. PGO-Best, PGO-Worst, PGO-Same, and PGO-Cumul results with GCC
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Figure 2. PGO-Best, PGO-Worst, PGO-Same, and PGO-Cumul results with Clang

Worst-Case Performance Benefit from PGOs:
The second bar in Figures 1 and 2 shows the PGO-Worst

result, which is the maximum detrimental effect from PGOs
when the program input during execution does not match
the profile used during compilation. Unfortunately, we see
that PGOs can have a large negative impact, delivering per-
formance that is lower that the O3 performance in many
cases, including losses of 8%, 12%, and 11% for pgp_d, jpeg_d,
and tiffmedian, respectively with GCC, and degradations of
up to 14%, 11%, and 8% for tiff2bw, bitcount and pgp_d, re-
spectively with Clang. In several cases the performance of
PGO-Worst is substantially lower than the default O3 opti-
mization level. This result leads us to our second observation
about PGOs in mainstream C/C++ compilers, which is that:

for tiffdither with Clang. Also important, the PGO-Best per-
formance was always at least as good as the baseline O3
(no-PGO) performance with both our compilers. We also
find that not all programs benefit from PGOs, while the per-
formance gain is meager for several others. This observation
is consistent with prior research [34] and confirms the ex-
isting knowledge that PGO effectiveness is program and
workload-dependent. The average PGO-Best performance
gain over all our benchmarks is 8% with GCC, and 4% with
Clang. Thus, this result gets us the first observation about

PGOs in mainstream C/C++ compilers, which is that:

Observation #1: As is generally believed, the applica-
tion of PGOs can result in a significant performance

gain for many programs.
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Observation #2: Application of PGOs with non-
representative profiles can result in severe losses.
Thus, realizing the gains, while limiting the adverse
cases, remains an important concern with PGOs. This
observation is also consistent with prior knowledge.

Ideal-Case Performance Benefit from PGOs:

The next two bars (bars 3 and 4) for each benchmark in Fig-
ures 1 and 2 show the performance range of the PGO-Same
configuration for GCC and Clang, respectively. Remember
that with PGO-Same the program is run with the same in-
put as the profile used during binary customization. Since
the performance benefit with PGOs is expected to heavily
depend on the quality of the profile used, the PGO-Same con-
figuration provides an ideal usage scenario with PGOs [27].
Correspondingly, we find that PGO-Same-Best achieves per-
formance that is equal or close to the PGO-Best result in
most of our cases with both compilers. However, counter-
intuitively, we find that the PGO-Same configuration does
not always produce the best results, and in the worst case it
delivers performance that is equally or almost as poor as the
overall PGO-Worst for each benchmark. This is a confusing
result that we investigate further, and may require tuning
the heuristics employed during compiler optimizations.

We further studied the PGO-Same results by comparing
the number of times this configuration produces the best
performance result for each corresponding benchmark. The
results are shown in Table 4. We find that PGO-Same achieves
the best performance in only about half the cases. Specifically,
the PGO-Same configuration produces the best performance
in 47% of the cases with Clang and 51% of the cases with GCC.
For the cases identified as Not Best, the last column in Table 4
shows that PGO-Same performs poorer compared to PGO-
Best by an average of 2.7% for Clang and 3.1% for GCC. These
results indicate that the observed deltas reflect actual perfor-
mance difference between PGO-Same and PGO-Best, rather
than noise-induced variations. Interestingly, there is never
a case when the performance provided by the PGO-Same
scenario was not also produced by some other (seemingly,
unrelated) program input/profile guiding the PGOs. This re-
sult with PGO-Same gives us to our third observation about
PGOs in mainstream C/C++ compilers:

Observation #3: Even the ideal application of PGOs
with a perfect profile may result in performance
losses, a result that calls for further investigation by
compiler developers.

Benefit from PGOs with Cumulative Profile:

Earlier research suggests that combining multiple program
execution-time profiles into a single aggregate or cumu-
lative profile allows PGOs to achieve good performance

Soma Pal and Prasad A. Kulkarni

Table 4. Analysis of PGO-Same

PGO-Same is ...
Compiler | Sole Best | Tied Best | Not Best | Delta(%)
LLVM 0 252 288 2.7
GCC 0 276 264 3.1

while avoiding adverse performance degradations in many
cases [8]. Correspondingly, both GCC and Clang recommend
mechanisms to generate cumulative profiles before deploy-
ing PGOs. For this work, we combine all our 20 unique pro-
files into the single cumulative profile for each benchmark.

The last two bars for each benchmark in Figures 1 and 2
show the best and worst performance results with the PGO-
Cumul configuration with the GCC and Clang compilers,
respectively. We find that using cumulative profiles can miti-
gate to some extent, but not entirely, the worst losses caused
by PGOs using non-representative profiles. Thus, while PGO-
Cumul-Worst still results in a performance loss of up to 11%
(for pgp_d) with GCC and 12% (again, for pgp_d) with Clang,
the degradations are often lower than the worst-case results
seen with PGO-Worst. Unfortunately, employing cumulative
profiles also reduces the best-case performance gains from
PGOs in most cases, presumably due to its averaging effect.
That is, the PGO-Cumul-Best performance is typically lower
than the PGO-Best performance with both the GCC and
Clang compilers. This is an interesting result that challenges
the rationale for generating and using the cumulative profile.
These results with the cumulative profile gives us to our
fourth observation about PGOs:

Observation #4: While the aggregation of profile
information from multiple program runs can mitigate
the worst-case losses from PGOs, they also have an
adverse effect on the best performance from PGOs.
Thus, the issue of generating the ideal profile data to
use for PGOs remains an open research question.

Performance Corelation Between Compilers:

Issues regarding the types of program profile information
to collect and strategies to apply them during optimizations
to benefit performance for C/C++ programs have been very
well studied over many years. Therefore, it may be reason-
able to expect that different mainstream C/C++ compilers
guided by such extensive past research would implement
similar strategies and achieve comparable benefits (and per-
haps, losses) for PGOs. However, after comparing Figures 1
and 2 we find that the PGO performance results for the GCC
and Clang compilers bear little noticeable correlations with
each other. Some benchmarks, like the two symmetric key
encryption algorithms, blowfish and rijndael, do not bene-
fit from PGOs with both compilers. Some other programs,
like pgp and jpeg_c, show significant best-case improvement
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LLVM vs GCC Best Performance
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Figure 3. The level of benefit a program input receives from
PGOs with one compiler is not a meaningful predictor of the
level of benefit that will be received with another compiler

with PGOs for both compilers. Yet, the differences dominate
the similarities. On average, GCC achieves higher best-case
performance gains from PGOs. Several programs, like bit-
count and adpcm_c, see significant performance gains with
GCC, but not with Clang. In contrast, other programs, like
tiffdither, gain more with Clang in the best-case.

To study these divergent results further, Figure 3 plots
the best PGO performance (compared to O3) achieved by
GCC on the Y-axis for each benchmark-input pair to the
corresponding PGO performance with Clang on the X-axis.
The cluster of points in the upper-right corner indicates that
PGOs offer small to no benefits to many benchmark-inputs
pairs with both GCC and Clang. Points in the lower right
corner show cases that improve with GCC, but not with
Clang. Points in the upper left corner show cases that im-
prove with Clang, but not with GCC. Thus, this scatter plot
again confirms the poor correlation between the GCC and
Clang performance results with PGO.

Observation #5: For GCC and Clang, the perfor-
mance delivered by PGOs does not correlate well with
each other. Such behavioral divergence, likely due to
differences in implementation, applied heuristics and
optimizations, may indicate opportunities to learn
and improve for both compilers.

4.2 Code Generation with PGOs

In this work, we do not study the compiler source code to
understand what and how the different optimization passes
in each compiler employ profile data during their code trans-
formation decisions. However, we study the behavior of
individual optimization passes with (and without) PGOs, the
sensitivity of the PGO passes to differences in supplied pro-
file data, in terms of generated code variants, and differences
between compilers. We present these results in this section.

Performance Sensitivity of Optimizations:
Compilers implement many optimizations passes. Several of
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these passes use profile data, when available and directed, to
improve their effectiveness. We present observations from an
experiment we devised to understand the sensitivity of indi-
vidual optimization passes to profile data. More specifically,
we attempt to study how individual optimization passes react
to profile data, positively, negatively, or not at all.

GCC provides 154 command-line flags to control the ap-
plication of individual optimization passes. Clang, however,
does not similarly expose flags to enable/disable optimiza-
tions. The Clang frontend, invokes the opt tool to apply
machine-independent transformations, followed by lic for
machine-specific transformations. We update the Clang source
code (including, opt and Ilc) to introduce 85 new command-
line flags to disable individual optimization passes.!

Our experiment starts with the -O3 configuration, and uses
the command-line flags to successively disable transforma-
tions, one by one, cumulatively, until the final configuration
has all optimizations disabled (ideally, -O0). We then have
two variants for each such configuration, one with PGOs ON,
the other with PGOs OFF. Remember that with PGOs ON,
each benchmark can be compiled with one of its 21 different
profiles, and executed with any of 20 different inputs. Each
benchmark-profile-input configuration (with PGOs ON/OFF)
requires the generation of a distinct binary.

For better illustration, we plot the results of this experi-
ment for only a small sample (8) of representative benchmark-
input configurations 2. For experiments with PGOs ON, we
select some best-case input/profile configurations (indicated
by the ‘(B)’ suffix after the benchmark name in the figure leg-
end), and other worst-case input/profile configurations (as
indicated by the (W)’ benchmark suffix). The set of bench-
marks plotted differs for GCC and Clang.

Figures 4(a) and 4(b) present the impact of cumulatively
disabling individual optimizations on program performance,
for GCC and Clang, respectively. Each data-point plots the ra-
tio of 03/00 execution-time cycles (on y-axis) when ‘n’ flags
(on X-axis) are cumulatively disabled. With GCC, we find
that even after disabling all 154 flags, performance does not
reach -O0 , which suggests the presence of many hidden opti-
mization passes in GCC that are not exposed to user control
via command-line flags. While that is not the case with our
updates to Clang, we instead find a few optimizations with a
dominant impact on performance. Overall, we observe that
with both compilers, (a) several optimizations contribute
to performance movements, with many also causing per-
formance losses, and (b) the set of optimizations causing
performance gains or losses varies for each configuration,
which provides the compelling basis for the considerable
research in optimization pass selection [7, 22, 36].

The list of 154 GCC and 85 Clang optimization command-line flags are
listed in Appendix Table 5 and 6

2We ran many other benchmark-configurations, and the performance trends
displayed here represent the overall trends we observed.
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Figure 5. Performance impact of profile information on individual optimizations. At each data-point on X-axis, ‘n’ passes are
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indicate the ‘best’ or ‘worst’ performing configuration, respectively, for that benchmark. There is one additional curve in the
GCC graph since we plot both the ‘best’ and ‘worst’ performing configurations for ‘pgp_d’, as a special case.

Figures 5(a) and 5(b) show how individual optimization
passes are affected by the presence of profile data, for GCC
and Clang, respectively. Each data-point plots the impact of
profile data on cumulative optimization performance. Data-
point ‘0’ shows the overall impact of profile data (PGO/no-
PGO cycles) on program performance (all optimization passes
are ON). Each successive point after that plots the same ratio
with one additional pass OFF. Thus, a positive or negative
impact of profile data on pass ‘n’ will show as a performance
gain or loss, respectively, over pass ‘n-1’; no impact will keep
the point ‘n’ steady with data-point ‘n-1’. Thus, these figures
reveal some interesting results: (a) Many optimization passes
employ profile data to improve their effectiveness, (b) There
is no discernible trend in how profile data impacts a specific
optimization pass.

There are several additional points to note. First, given
the magnified scale on the Y-axis used in these plots, while
minor shifts in the graph may be within the range of stan-
dard deviation (error bars not plotted for clarity), there are
also many significant shifts in performance for each bench-
mark. Second, this is a substantial experiment that required
extensive updates to the Clang compiler source code, and
significant compute resources. Yet, the experiment is still

exploratory and may need to be developed further to study
additional optimization effects, including optimization inter-
actions enabling or disabling opportunities for other opti-
mization passes.

Overall, the impact of profile data on optimization behav-
ior appears quite fickle, often characterized by significant
performance swings during the intermediate stages of opti-
mization. There is no trend of continuous performance gain
or loss with PGOs, for most of our benchmarks. These results
reveal our sixth observation about PGOs in C/C++ compilers:

Observation #6: The effect of profile data on opti-
mizations may be subject to (un)predictability issues
similar to, and perhaps even more severe than, those
afflicting general compiler optimization behavior, and
may require solutions similar to pass selection, i.e., se-
lectively determine which passes employ what profile
data, if any, for each workload and input. This obser-
vation may also help explain the non-intuitive results
seen earlier in Section 4.1, especially Observation #3.
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Number of Distinct Function Variants Generated:
PGOs use profile data to customize the generated code to
maximize the execution-time program performance. In this
section we attempt to understand the sensitivity of this cus-
tomization. In other words, do (small) changes in the col-
lected profile data bias the PGOs differently to generate dif-
ferent code customizations in each case?

For each benchmark in this work, we have gathered 21
different run-time profiles — one for each of the 20 individual
inputs provided by MiDatasets, and one cumulative profile.
We use these 21 profiles to generate 21 distinct binaries using
PGOs. Thus, each program function can have 21 potential
distinct variants. However, some of these generated binaries
may be identical. We compare these 21 binary instances
with each other to determine the actual number of distinct
variants for each function in our benchmark set.

Directly comparing the binary or the corresponding assem-
bly versions of different variants of a function may exhibit
false differences due to inconsequential differences in the
general-purpose registers or memory addresses and offsets
assigned by the compiler. To prevent triggering such false
variants, we first use the Ghidra disassembler to translate
the binary code for each function variant to higher-level as-
sembly code. Ghidra is an open-source reverse engineering
framework, developed and open-sourced by the U.S. National
Security Agency [35]. During this translation process, we
normalize all memory addresses, register values, and non-IP-
relative immediate values in the code by replacing them with
constant patterns. Next, we use Ghidra’s API to partition the
function code into its constituent basic blocks.

To compare any two variants for a function, we compute
the mapping between their basic blocks, and then compare
each instruction in every corresponding block. We partition
the 21 instances of each function into distinct equivalence
classes, such that all instances in each class have identical
block mappings and instructions, while either the block lay-
out or assembly instructions or both are different across the
different equivalence classes.
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For several programs in our benchmark set, there are func-
tions that are never reached during any execution. We re-
move these functions from consideration for this experiment
as they do not generate any profile information. There are
a total combined 5854 executed functions in our 27 bench-
marks 3. Of these 5854 executed functions, 1598 have a single
basic block in the O3 program binary. We found that none
of these single-block functions have more than one variant.
Therefore, we do not plot these functions in any graphs in
this section to more clearly see the trends for the remaining
more interesting multi-block functions.

Figure 6 plots the ratio of the number of multi-block func-
tions with N distinct variants to the total number of executed
functions, in ascending values of N on the X-axis. Thus, we
find that, even after removing the small single-block func-
tions, most other functions still only generate a very small
number of distinct variants. For 87.9% of the functions, LLVM
generates 2 or fewer variants. With GCC, 86% of the func-
tions have 3 or fewer variants. We also see that, in general,
LLVM generates fewer variants compared to GCC.

Importantly, we also observe that, albeit small, there is a
significant fraction of functions that have a very high num-
ber of variants, with several where the compiler generates
different codes for every profile that we could provide. This
abundance of generated variants for a small fraction of func-
tions is also a consequential result, which while reinforcing
the Pareto principle (the 80/20 or 90/10 rule) also demon-
strates the vitality and depth of the customizations that com-
pilers can perform in response to compelling variations in
run-time behavior. These results studying the static code
variants generated for each function by GCC and Clang re-
veal the seventh observation about PGOs:

Observation #7: Compilers generate a small number
of variants for most functions. Yet, PGOs are sensitive
to changes in profile data, and can generate many
distinct variants in several cases.

Dominant category of PGOs:

Compiler transformations can be categorized based on whether
or not they update the program control-flow (CF). Many
PGOs, like function inlining, loop unrolling, block layout, and
hot/cold code splitting, often update the function/program
control-flow layout, while a few, such as register allocation,
typically do not. In order to better understand and compare
the category of PGOs deployed by our two compilers, each
plot in Figure 7 shows a heat map of the number of CF vari-
ants for each class of function variants. Thus, the leftmost
cells in Figure 7(a) specify that of the (60+348=)408 functions
that have 2 variants with PGOs for GCC, 60 functions have

*Due to compiler optimizations, such as inlining and hot code splitting, the
number of executed function differ in GCC and Clang. Here we report the
intersection of the function names provided by the two compilers.



LCTES 26, June 15-16, 2026, Boulder, CO, USA

-20.0

20 - ﬁ' .
.,
19 - 2 - -17.5
18 - 20222
17 - _ * . 2
16 - 2 15.0
o 15- -- -2 o .
E 14 - 2 I4llll L
E 13 - . ' -12.5
12 -
{15 . 0 @
. Beoage R
] 10- -I o e Iol . . o
55 m oge  Be
8- 4 2
2 7- 22.8:6:4:4: : : : .2 a’ m-
6- 37. L) .ZI L) loﬂaﬂ - L]
5- 5322 8 2 P 1]1] 2 ls.o
4- uszﬁme 272 | 'e' *2 ' ¢ ¢
- mwogOGoe 0, @8\’
2 348 Bﬁ.e.ll).. B 2 -25

Rl |, o

(a) with GCC

Soma Pal and Prasad A. Kulkarni

-20.0

21 -

20 - 4' |

19- o -175

18 - 2

17 - . _'

16 - 2 15.0
" 15 ' I L] .
‘g 14 -
= 13- . - * -125
cu el ] Il
Eu B Bpged | .
o 10- oy .l a:
g o= l (] . e o @
5 8- lol . '. z ) l [l .’7-5

7- 2 2 [1]1] 1)1

L) Ll el ) O—CJ - (]
6- 26 4 2
() () * o Ol * & o, 1
5- S E |1 2 1 .5_0
4- 22 10'17'0'@'2' P . 2
o 8 000 0700 9 . (] o @
3- 4330 26 E110 4 2
o & o 9 . 0 0. 0. 0 @ L]
2-24911537 20,186 2 1 4 -25
1-26562 20 4 4“ n ¢ .
!

[ T R B B B B R
Nmtrnn\ol-cumnﬁmmcrmuor-mmoﬁ
[ A P = R R =

Number of Function Variants

(b) with Clang

Figure 7. Heat map of number of function variants with different block-level control-flows for GCC (left) and Clang (right)

a single CF, while 348 have 2 distinct CFs, across the 2 vari-
ants. Likewise, for the 255 functions with 3 PGO variants in
Figure 7, 9 of them reveal a single CF across the 3 variants,
86 have 2 different CFs, and 160 of them have a different
CF across their 3 PGO variants. The X-axis for the plots in
Figure 7 starts at 2 because we do not show single-block
functions, as mentioned earlier.

We make several interesting observations from these graphs.

First, they show a different clustering of the cells. While we
see the cells clustering along the primary diagonal in Fig-
ure 7(a) with GCC, a cluster in the bottom-left corner is more
conspicuous in Figure 7(b) with Clang. These graphs indi-
cate that there are more functions with a smaller number
of CFs with Clang. Likewise, we can also infer that control-
flow altering PGO passes seem to be more active in GCC,
compared to Clang. Interestingly, with both compilers, there
were instances of functions with 20 or more distinct control-
flow variants. However, the two compilers appear to differ in
the compiler optimizations most influenced by profile data.
These results studying the CF variants generated for each
function by GCC and Clang reveal the eighth observation
about PGOs in mainstream C/C++ compilers:

Observation #8: A dissimilar set of optimization
passes seem to be most affected by profile data in
the two compilers, providing an opportunity for com-
pilers to learn for each other.

Best performance on all inputs: Figure 8 plots the num-
ber of statically distinct program executables generated for
each benchmark due to differences in profile data. Remember

that, in our experiments, we have 21 possible binary variants
for each benchmark and 20 (plus one cumulative) possible
inputs. Since the data for this figure examines static variants
at the whole-program level, even one static variation in one
function is sufficient to differentiate it from all others pro-
gram binaries. Thus, from this figure we see that, for most
programs, each individual binary generated by PGOs using
a different run-time profile results in different static code.

Given the considerable diversity in static code instances
produced by PGOs in response to differing run-time profiles,
we attempt to find the minimum number of program binaries
necessary to achieve the best performance over all inputs to
each benchmark. We use an approximate greedy algorithm
for this experiment that first finds and orders each binary
variant based on the number of program inputs for which
it attains the best performance. Of course, there could be
several binaries that achieve the best execution time for any
given program input. Our algorithm first selects the binary
that attains the best performance on the most number of
inputs, followed greedily by the next binary that achieves the
best performance on the most number of remaining inputs,
and so on until all our 20 inputs are covered.

Figure 9 plots the minimum number of program binary
variants our algorithm finds to achieve best performance on
all inputs for each benchmark and for both compilers, GCC
and Clang. Interestingly, we find that all our benchmarks
can achieve the best performance across all inputs with five
or fewer binary executables. This result suggests that static
differences in code produced due to differing profiles may
not always translate into different execution time perfor-
mance. For several small benchmarks, such as pgp_e, rijndael
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Figure 9. Smallest number of binaries to achieve best performance across all inputs

and sha, we found that a single binary can attain best per-
formance for all inputs with both out compilers. While the
two compilers continue to display variations, there is broad
overall consistency in these results. Our analysis in this sec-
tion reveal our final observation about PGOs in mainstream

C/C++ compilers, which is that:

Observation #9: Only a fraction of the static code
customizations triggered by run-time profile data ap-
pear to prove consequential for program performance.
The ability to identify and correlate them with pat-
terns in the code input may make it feasible to gener-
ate a single multi-variant binary that can obtain best
performance on all possible program inputs [14, 44].

5 Future Work

There are multiple avenues for future work. First, we plan to

develop mechanisms to independently assess the diversity
of the MiBench dataset we used for our research. Second,
we will explore techniques similar to those employed in the
phase selection research so optimizations use profile data

more selectively only when it is likely to improve program
performance. Third, earlier studies show the faults of profile
data aggregation [30], which may partially explain our re-
sults with the cumulative profile. We plan to develop new
approaches to overcome such challenges. Fourth, given the
divergence in our results across the two compilers, we will
study if transferring optimization strategies from one com-
piler to another is feasible and can lead to improvements.

6 Conclusions
In this work we comprehensively study the properties, behav-

ior and benefits of PGOs in mainstream C/C++ compilers. As
part of our investigation, we identify and reveal nine obser-
vations about PGOs in our framework, many of which were
remarkable and unanticipated. Several of our observations,
including the behavior of the perfect and the cumulative
profiles, the divergence in PGO behavior across mature com-
pilers, and the behavior of individual optimizations with
profile data inform exciting avenues for future research. We
hope that resolving these aspects can result in further, con-
sistent, and explainable gains from PGOs across programs

and compilers.
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Table 5. Appendix A: GCC Optimization Flags

Soma Pal and Prasad A. Kulkarni

Index GCC Flags Index GCC Flags
1 -fno-aggressive-loop-optimizations 78 -fno-prefetch-loop-arrays
2 -fno-align-functions 79 -fno-printf-return-value
3 -fno-align-jumps 80 -fno-ree
4 -fno-align-labels 81 -fno-reg-struct-return
5 -fno-align-loops 82 -fno-rename-registers
6 -fno-allocation-dce 83 -fno-reorder-blocks
7 -fno-asynchronous-unwind-tables 84 -fno-reorder-blocks-and-partition
8 -fno-auto-inc-dec 85 -fno-reorder-functions
9 -fno-bit-tests 86 -fno-rerun-cse-after-loop
10 -fno-branch-count-reg 87 -fno-sched-critical-path-heuristic
11 -fno-caller-saves 88 -fno-sched-dep-count-heuristic
12 -fno-code-hoisting 89 -fno-sched-group-heuristic
13 -fno-combine-stack-adjustments 90 -fno-sched-interblock
14 -fno-compare-elim 91 -fno-sched-last-insn-heuristic
15 -fno-cprop-registers 92 -fno-sched-rank-heuristic
16 -fno-crossjumping 93 -fno-sched-spec
17 -fno-cse-follow-jumps 94 -fno-sched-spec-insn-heuristic
18 -fno-dce 95 -fno-sched-stalled-insns-dep
19 -fno-defer-pop 96 -fno-schedule-fusion
20 -fno-delete-null-pointer-checks 97 -fno-schedule-insns2
21 -fno-devirtualize 98 -fno-short-enums
22 -fno-devirtualize-speculatively 99 -fno-shrink-wrap
23 -fno-dse 100 -fno-shrink-wrap-separate
24 -fno-early-inlining 101 -fno-signed-zeros
25 -fno-expensive-optimizations 102 -fno-split-ivs-in-unroller
26 -fno-forward-propagate 103 -fno-split-loops
27 -fno-fp-int-builtin-inexact 104 -fno-split-paths
28 -fno-function-cse 105 -fno-split-wide-types
29 -fno-gese 106 -fno-ssa-backprop
30 -fno-gese-after-reload 107 -fno-ssa-phiopt
31 -fno-gese-lm 108 -fno-stack-clash-protection
32 -fno-guess-branch-probability 109 -fno-stdarg-opt
33 -fno-hoist-adjacent-loads 110 -fno-store-merging
34 -fno-if-conversion 111 -fno-strict-aliasing
35 -fno-if-conversion2 112 -fno-strict-volatile-bitfields
36 -fno-indirect-inlining 113 -fno-thread-jumps
37 -fno-inline 114 -fno-toplevel-reorder
38 -fno-inline-atomics 115 -fno-trapping-math
39 -fno-inline-functions 116 -fno-tree-bit-ccp
40 -fno-inline-functions-called-once 117 -fno-tree-builtin-call-dce
41 -fno-inline-small-functions 118 -fno-tree-ccp
42 -fno-ipa-bit-cp 119 -fno-tree-ch
43 -fno-ipa-cp 120 -fno-tree-coalesce-vars
44 -fno-ipa-cp-clone 121 -fno-tree-copy-prop
45 -fno-ipa-icf 122 -fno-tree-cselim
46 -fno-ipa-icf-functions 123 -fno-tree-dce
47 -fno-ipa-icf-variables 124 -fno-tree-dominator-opts
48 -fno-ipa-modref 125 -fno-tree-dse
49 -fno-ipa-profile 126 -fno-tree-forwprop
50 -fno-ipa-pure-const 127 -fno-tree-fre
51 -fno-ipa-ra 128 -fno-tree-loop-distribute-patterns
52 -fno-ipa-reference 129 -fno-tree-loop-distribution
53 -fno-ipa-reference-addressable 130 -fno-tree-loop-if-convert
54 -fno-ipa-sra 131 -fno-tree-loop-im
55 -fno-ipa-stack-alignment 132 -fno-tree-loop-ivcanon
56 -fno-ipa-vrp 133 -fno-tree-loop-optimize
57 -fno-ira-hoist-pressure 134 -fno-tree-loop-vectorize
58 -fno-ira-share-save-slots 135 -fno-tree-partial-pre
59 -fno-ira-share-spill-slots 136 -fno-tree-phiprop
60 -fno-isolate-erroneous-paths-dereference 137 -fno-tree-pre
61 -fno-ivopts 138 -fno-tree-pta
62 -fno-jump-tables 139 -fno-tree-reassoc
63 -fno-lifetime-dse 140 -fno-tree-scev-cprop
64 -fno-loop-interchange 141 -fno-tree-sink
65 -fno-loop-unroll-and-jam 142 -fno-tree-slp-vectorize
66 -fno-lra-remat 143 -fno-tree-slsr
67 -fno-math-errno 144 -fno-tree-sra
68 -fno-move-loop-invariants 145 -fno-tree-switch-conversion
69 -fno-omit-frame-pointer 146 -fno-tree-tail-merge
70 -fno-optimize-sibling-calls 147 -fno-tree-ter
71 -fno-optimize-strlen 148 -fno-tree-vrp
72 -fno-partial-inlining 149 -fno-unroll-loops
73 -fno-peel-loops 150 -fno-unswitch-loops
74 -fno-peephole 151 -fno-var-tracking
75 -fno-peephole2 152 -fno-var-tracking-assignments
76 -fno-plt 153 -fno-version-loops-for-strides
77 -fno-predictive-commoning 154 -fno-web
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Table 6. Appendix B: Clang Optimization Passes

Index Clang Pass Names Index Clang Pass Names
1 -sroa 44 -constmerge
2 -ipscep 45 -lessa
3 -globalopt 46 -stack-coloring
4 -function-attrs 47 -peephole-opt
5 -bdce 48 -register-coalescer
6 -tailcallelim 49 -machine-scheduler
7 -indvars 50 -machine-cp
8 -scep 51 -greedy
9 -early-cse 52 -fast-isel
10 -licm 53 -branch-folder
11 -loop-rotate 54 -block-placement
12 -loop-idiom 55 -cfi-instr-inserter
13 -div-rem-pairs 56 -machine-licm
14 -always-Inline 57 -unreachable-mbb-elimination
15 -simplifycfg 58 -break-false-deps
16 -loop-simplify 59 -x86-cmov-conversion
17 -instcombine 60 -stack-slot-coloring
18 -globaldce 61 -x86-fixup-LEAs
19 -reassociate 62 -x86-fixup-bw-insts
20 -mem2reg 63 -machine-cse
21 -correlated-propagation 64 -machine-dce
22 -gvn 65 -machine-sink
23 -dse 66 -post-ra-pseudos
24 -instsimplify 67 -early-tailduplication
25 -inferattrs 68 -early-ifcvt
26 -loop-unroll 69 -postra-machine-licm
27 -aggresive-instcombine 70 -postra-machine-sink
28 -jump-threading 71 -loop-reduce
29 -loop-vectorize 72 -consthoist
30 -adce 73 -cgp
31 -elim-avail-extern 74 -partially-inline-libcalls
32 -memcpyopt 75 -implicit-null-checks
33 -inliner-wrapper 76 -mergeicmps
34 -deadargelim 77 -cfi-fixup
35 -loop-instsimplify 78 -select-optimize
36 -expand-large-div-rem 79 -x86-fixup-setcc
37 -infer-alignment 80 -machine-combiner
38 -called-value-propagation 81 -processimpdefs
39 -slp-vectorizer 82 -shrink-wrap
40 -loop-load-elim 83 -Irshrink
41 -mldst-motion 84 -lower-global-dtors
42 -loop-deletion 85 -replace-with-veclib

43 -vector-combine
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