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Profile-guided optimization (PGO) is a well-established technique for improving program performance,
being integrated into major compilers such as GCC, LLVM/Clang, and Microsoft Visual C++. PGO collects
information about a program’s execution and uses it to guide optimizations such as inlining, and code layout.
However, these very transformations alter the program’s control flow, rendering the collected profiles stale
or inaccurate. To deal with this problem, this paper investigates how to reuse profile data after optimization
without re-executing the program. We study two complementary strategies: prediction, which estimates
likely hot code paths in the optimized program, and projection, which transfers profile information from the
original control-flow graph to its transformed version. We evaluate several techniques for reconstructing
profile data, including a large language model (LLM)-based approach using GPT-4o, and a lightweight method
that compares opcode histograms of code regions recursively to identify structural similarities. Our results
show that the histogram-based method is not only simpler but also consistently more accurate than both the
LLM-based approach and prior prediction and projection techniques, including those implemented in LLVM
and the BOLT binary optimizer.
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1 Introduction

Profile-guided optimization (PGO) is a widely used technique to improve program performance.
It has been implemented in production compilers such as GCC [14], LLVM/Clang [29], and Mi-
crosoft Visual C++ [38], and is routinely applied in large software systems [33, 35]. By leveraging
dynamic execution profiles collected from representative workloads, PGO enables optimizations
such as inlining, loop unrolling, and code layout decisions to be tailored to the actual behavior of
programs [20]. This approach can yield substantial performance improvements, with speedups of
up to 20-30% being reported in both academic studies and industrial practice [27, 28, 31, 32].

Profile Usage and Preservation: a Circular-Dependency Problem. PGO introduces a fundamental
tension between optimization and information fidelity: profile data guides transformations that
alter the very control-flow graph (CFG) to which the data refers. This leads to a chicken-and-egg
problem. On the one hand, profile data is indispensable for effective optimization; on the other, the
act of optimizing often invalidates or distorts the profile. Once the CFG is transformed, the original
mapping between execution counts or branch probabilities and program edges may no longer hold,
leaving subsequent passes with stale or misleading information.

Modern compilers attempt to address this challenge, but the solutions often require nontrivial
engineering effort. In LLVM, for example, many optimization passes contain custom logic to
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update or repair profile information as transformations are applied. Concrete instances include the
function updateBranchWeights in LoopPeel.cpp!, which recalculates branch frequencies after
loop peeling, and updatePredecessorProfile- Metadata in JumpThreading. cpp?, which refines
predecessor probabilities during control-flow duplication. In other cases, when transformations
are too disruptive, profile information is simply invalidated, as observed in LLVM’s simplifycfg
pass, for instance. Consequently, the need to preserve profile fidelity across a wide variety of
optimizations has been the subject of repeated discussions on the LLVM mailing lists®, often
resulting in large and intricate patches that require careful design and extensive review.

Profile Matching: Shortcomings of Current Approaches. There are techniques that attempt to
project profile data from one version of a program onto another [2, 27, 40]. In principle, these
methods could be used to propagate profile information along the optimization pipeline. However,
the three techniques we are aware of were not designed with compiler optimizations in mind. Their
primary goal is to enable the reuse of profile data during program development.

The approaches of Wang et al. [40] and Ayupov et al. [2] project a profile from an older version
of a program P, onto a newer version P; by matching hash codes of basic blocks. This matching
is exact and therefore fragile: even small transformations that alter the instructions inside basic
blocks break the correspondence. To mitigate this problem, Wang et al. and Ayupov et al. use
a hierarchy of matches. They first hash all instructions of each basic block, and if no match is
found, they fall back to a relaxed hash that considers only the opcodes of instructions. Along a
similar direction, Moreira et al. [27] use, as hash codes, branch features, such as the opcode of a
comparison (less-than, greater-than, etc.), the direction of the edge (backward or forward), and
similar attributes®. Nevertheless, as we will show in Section 5, exact matching, even with relaxed
hash functions, leads to an excessive number of misses in the presence of compiler optimizations.

The Contribution of This Paper: Heuristics for Similarity Matching. This paper proposes solutions
to propagate profile data through compiler optimizations. Specifically, we address the following
problem: given a program P, a sequence S of its basic blocks sorted by observed execution frequency,
and an optimized version P’ of P, how can we construct a sequence S’ for P’, also sorted by execution
frequency, without executing P’? This paper investigates two classes of heuristics to derive S’:
Static Prediction: P’ — §’. These techniques analyze P’ to infer the execution order S’ using
stochastic or predictive methods, without looking neither into P nor into S:

e Random: randomly shuffle the blocks of P’ to produce S’ (see Section 3.1).
o LLVM: apply the static profiling heuristics available in LLVM to infer S” (see Section 3.2).
e LLM-Pred: use a large language model (LLM) to predict S’ (see Section 3.3).

Static Projection: (P, S, P’) +— S’. These techniques attempt to match the edges of the control-flow
graphs (CFGs) of P and P’, and use this mapping, together with S, to reconstruct S”:

e Ayupov: apply the hierarchy of hash functions proposed by Ayupov et al. [2] to match CFG
edges (see Section 4.1).

e HistLoop: recursively compare opcode histograms of code regions using Euclidean distance
as a similarity criterion to match CFG edges (see Section 4.2).

e LLM-Proj: use an LLM to infer §’, given knowledge of P, P’, and S (see Section 4.4).

! Available in https://llvm.org/doxygen/LoopPeel_8cpp_source.html on September 8th, 2025.

2 Available in https://llvm.org/doxygen/JumpThreading_8cpp_source.html on September 8th, 2025.

3For a recent proposal, see https://discourse.llvm.org/t/rfc-profile-information-propagation-unittesting/73595

4Moreira et al.’s approach was designed to preserve profile during development cycles, not compiler optimizations. In their
own words: “we expect (but do not require) that the set of modified vertices be much smaller than the total number of vertices.”
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Some of these heuristics rely on matching criteria proposed in prior work, such as those by
Ayupov et al. [2] (currently in use in the BOLT binary optimizer [32]). However, to the best of
our knowledge, they have not been previously evaluated as mechanisms for propagating profile
information through compiler optimizations—a gap that this paper addresses for the first time.
Furthermore, the heuristics in Sections 3.3, 4.2 and 4.4 are novel.

Summary of Results. We have implemented the heuristics proposed in this paper within the
LLVM compilation infrastructure (release 18.1.8). Section 5 demonstrates that histograms of LLVM
instructions, despite their simplicity, provide highly accurate matching: they outperform all the
other heuristics in almost every setting, including the hierarchy of hash functions proposed in prior
work. This approach even surpasses the resource-intensive LLM-based technique, which leverages
GPT-4.00 to reconstruct stale profile data. Section 5.6 further shows that the runtime overhead
of applying these heuristics is small enough to make them practical during compilation, while
compiler optimizations are applied. In summary, this paper makes the following observation:

Key Observation: The Euclidean distance between histograms of instructions in
basic blocks is an effective criterion for matching blocks across versions of the same
control-flow graph transformed by different optimizations. This heuristic is simpler to
implement than previous approaches and is more resilient to program transformations,
because it works by similarity, instead of exactly.

To support the key observation, this paper brought forward the following contributions:

The Matching Game: To ease the task of comparing different profile prediction or profile project
approaches, Section 2.1 introduces a simple profiling game: predicting the “hot-order” of basic
blocks in a program’s control-flow graph. This game simplifies the comparison of different
heuristics, as it removes measurement fluctuations from accuracy reports.

Similarity Search: Section 4.2 proposes a new technique for matching basic blocks between two
versions of a program, built upon two main ideas. First, it uses the Euclidean distance between
opcode histograms (computed over a code region and its neighborhood) as the matching
criterion. Second, it traverses these regions recursively, matching them according to their
dominance level. For example, the least nested regions are matched first, followed by their
subregions, and so on.

LLM-based profiling: The paper shows how a state-of-the-art LLM can be used either to predict
a profile from scratch or to project an existing profile onto a new version of the program.
Adapting an LLM to this task was non-trivial, since the textual representation of a program’s
control-flow graph often exceeds the capacity of the model’s context window.

2 Profile Projection and Profile Prediction

The goal of this paper is to enable the use of profile information across compiler optimizations. We
identify two approaches to achieving this goal: prediction of profile information and projection of
profile information. This section defines both terms. Before doing so, however, we formalize the
notion of a program profile (Definition 2.1) and illustrate it with an example (Example 2.2).

Definition 2.1 (Profile Information). The control-flow graph (CFG) of a program G = (V,E)
consists of a set of vertices V, representing basic blocks, and a set of directed edges (u,v) € E, where
an edge indicates that block v may immediately follow block u during execution. An edge profile
is a function P, : E +— N that maps each edge in E to its observed execution frequency. A block
profile is a function Py, : V +— N that maps each vertex in V to its observed execution frequency.
The law of conservation of flow applies: for any v € V, the sum of the frequencies of incoming
edges must equal the block frequency, which in turn equals the sum of the frequencies of outgoing
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edges, except at entry and exit nodes:

D Pew—0) = Pyp(o) = 3 Pe(v > w). M

Example 2.2. Figure 1 (a) shows a function that computes the sum of an arithmetic progression
iteratively. Part (b) depicts three different executions of a compiled version of this function. Part (c)
presents the control-flow graph of the program,’ annotated with profile information obtained from
the executions. Finally, part (d) shows the CFG of the same program after loop rotation with profile
data. This data comes from the three executions in Figure 1 (b).

long arith_prog_sum(long a, long d, long n) { (d) | bbe:
long s = 0; s =0
t0 = a
long t = a,l . . o=o
for (long i = @; i < n; i++) { po = i0 < n
s += t; br po bbl, bb5
t +=d;
¥ ¢ (b) profile:
return s;
} ! bbo: L ./a.out 2 3 20
s0 =0 ./a.out 2 3 0 26
@ =2 ./a.out 2 3 4 o2
i0o =0 A AN il =phi(ie, i2)
bbl ; ! sl =phi(s@, s2)
; t1 =phi(te, t1)
a d s2 = sl + tl
t2 =t1 +d
ey 27 bb3
i1 =phi(ieo, i2)
sl =phi(s@, s2)
t1 =phi(te, t1)
pe = il <n i2 =1+ 1
br p@ bb2, bb4 pl = i1 <n
pl bb2, bb4
24
bb2: 3 2
s2 = s1 + t1 bb4: bb4:
t2 =tl +d ret sl s3 =phi(s2)
br bb3 br bb5
\% 24 " 3]
bb3: Edge profile bb5:
i2 = i1 + 1 s4 =phi(s2, s@)
() br bbl xx| Block profile ret s4

Fig. 1. (a) Function computing the sum of an arithmetic progression via iterative summation. (b) Three execu-
tions producing profile data. (c) Control-flow graph of the program with profile information. (d) Optimized
CFG after loop rotation, with profile data carried forward.

Example 2.2 shows that a program profile, whether edge-based or block-based, is a total function:
every block (or edge) of the program’s CFG is assigned a frequency. Such total profiles can be
produced by instrumentation [12] or by sampling [15], complemented with techniques to fill in
missing edges while respecting the conservation law of Equation 1, as implemented by BOLT [32].
Throughout this work we assume that program profiles are always total functions.

SWe use a simplified version of the LLVM intermediate representation. It preserves the Single-Static Assignment form [7]
but omits types and auxiliary metadata.
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2.1 The Hot-Order Problem

We now introduce a benchmark for measuring the quality of a statically reconstructed profile.
This benchmark, called the Hot-Order Game, has the advantage of being well defined both for
static projection and for static prediction of profile information. Thus, it provides a unified way to
evaluate all the heuristics described in Sections 3 and 4. The Hot-Order Game is defined as follows:

Definition 2.3 (The Hot-Order Game). The problem of ordering the blocks in a CFG by their
temperature is defined as:

e Input: A control-flow graph G = (V, E) and a block profile P, : V +— N,

e Output: An ordering L of V, where v = L; € V denotes the i-th block in the sequence.

e Goal: Let Sg = [Pp(v1),...,Pp(v,)] be a reference ordering of V determined by Py, i.e.,
Pyp(v;) > Py(v;) for i < j. Let Sy be the sequence of execution frequencies of blocks in L, e.g.,
St = [Py(Ly),...Py(Lyn)]. Let D be the Swap Distance® between S; and Sg. The objective of
the Hot-Order Game is to minimize D.

Ordering blocks by their temperature serves as a benchmark for the accuracy of profile re-
construction techniques. In other words, Definition 2.3 can be used to evaluate: (i) methods that
reconstruct execution frequencies of basic blocks [27]; (ii) approaches that complete missing infor-
mation in sample-based profilers [2, 17]; or (iii) techniques that estimate branch probabilities [5, 28].
Example 2.4 illustrates how this definition can be applied in practice.

Example 2.4 (Block Ordering by Hotness). Using the block frequencies P, from Example 2.2, a
reference hot-ordering of the program in Figure 1(c) is R = [bb1, bb2, bb3, bb@, bb4], with frequencies
Sr = [27, 24, 24, 3, 3]. Consider instead a static inference approach that computes the ordering via a
depth-first walk of the control-flow graph. This yields L = [bb®, bb1, bb2, bb3, bb4], with frequencies
St = [3, 27,24, 24, 3]. The Swap Distance in this case is 3, since Sy can be transformed into Sg using
three swaps, e.g., (bb0, bb1), (bbe, bb2), (bbe, bb3).

2.2 Static Profile Prediction
Static profile prediction refers to techniques that attempt to infer the hot-order of a program’s basic
blocks by analyzing the program alone, without executing it. Definition 2.5 formalizes this problem.
Definition 2.5 (Static Profile Prediction). The problem of static profile prediction is:
e Input: A control-flow graph G = (V,E).
e Output: An ordering L of V, where v = L; € V denotes the i-th block in the sequence.

A variety of techniques can be used to construct such an ordering, as explored in Section 3. In
particular, any method that infers branch frequencies [41] can be used to reconstruct L. Alternatively,
approaches that estimate branch probabilities [5, 28] are also applicable, since probabilities can be
converted into execution frequencies [4].

2.3 Static Profile Projection

Static profile projection refers to techniques that attempt to map a profile produced for a reference
control-flow graph onto another—optimized—version of that control-flow graph, without executing
this new version. We formalize this problem as follows:

Definition 2.6 (Static Profile Projection). The problem of static profile projection is:

%The Swap Distance is the minimum number of swaps between adjacent elements required to transform L into R. For
example, if R = [a,b,c] and L = [a, ¢, b], then the Swap Distance is 1 (one swap between c and b).
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e Input: A control-flow graph G,.s = (V;, E,), an edge profile P, : E, — N, and a control-flow
graph Gop = (Vopt, Eopt) obtained after a finite sequence of transformations applied to Gef.
e Output: An ordering L of V,;, where v = L; € V,,; denotes the i-th block in the sequence.

Heuristics for profile projection are discussed in Section 4. Several of these heuristics form
the core contribution of this paper, as they provide compiler engineers with practical means to
propagate profile data across the optimization pipeline.

3 Profile Reconstruction Heuristics

This section describes different heuristics that we have designed and implemented to solve the
Profile Prediction Problem of Definition 2.5. Thus, these heuristics produce an ordering of the basic
blocks of a program, given only a static view of that program’s control-flow graph.

3.1 Random Order

This heuristic produces a random ordering of the basic blocks using the Mersenne Twister algo-
rithm [24] as the random number generator. Although this approach has no practical industrial
value, it serves as a null hypothesis. A natural null hypothesis for an ordering heuristic is that it
performs no better than a uniformly random ordering of the blocks. Theorem 3.1 (For the proof, see
Section ??) gives the expected swap-distance under that null model: E[swap-distance] = N(N—-1)/4.
If a heuristic yields an average swap-distance that is lower than this baseline (and the difference
is statistically significant under an appropriate test), then one can reject the null hypothesis and
conclude that the heuristic captures nontrivial structure of the program beyond random chance.

THEOREM 3.1. Let N > 1 and consider the set of all permutations of N distinct elements. If a
permutation is sampled uniformly at random, the expected adjacent-swap distance (i.e., the expected
number of adjacent swaps required to transform the permutation into the sorted order, equivalently
the expected number of inversions) equals

N(N - 1)
—

Proor. Index the N distinct elements by 1,. .., N in the sorted order. For each pair1 <i < j < N
let the indicator random variable

E[swap-distance] =

Xij =

1 if the pair (i, j) is inverted in the sampled permutation (i.e., j appears before i),
0 otherwise.

The total number of inversions (equivalently the adjacent-swap distance) is
X = Z Xi;.
1<i<j<N
By linearity of expectation,
E[X]

E[Xi;].
1<i<j<N
For any fixed pair (i, j), in a uniformly random permutation the two relative orders i < j and j < i
are equally likely, hence P(X;; = 1) = % Therefore E[X;;] = % and

]:)xl B N(N—l)xl _ N(N-1)

2 2 2 4

BIX] = ( ,

which proves the theorem. O
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3.2 LLVM Predictor

This heuristic leverages the LLVM infrastructure to estimate the execution frequency of basic blocks.
Specifically, it relies on BranchProbabilityInfoAnalysis, an analysis pass that computes branch
probability estimates for conditional branches and switch statements in a function. The analysis
annotates CFG edges with probabilities indicating how likely each successor of a terminator
instruction is to be taken. When available, these probabilities are derived from profile-guided
optimization (PGO) data. In the absence of PGO (which is the case relevant to our work) they are
obtained from static heuristics. These heuristics are based on features similar to those described
by Wu and Larus [41], such as: loop backedges are likely to be taken; error-handling paths are
unlikely; equality tests (==) tend to evaluate to false; and so forth. Given these statically assigned
probabilities, we compute a hot-order of basic blocks in three steps:

(1) Initialization: Assign frequency 1 to the entry block, assuming it is executed once.

(2) Propagation: Apply the Ball-Larus algorithm [4] to propagate execution frequencies through-
out the CFG. Transition probabilities between blocks are taken from BranchProbali-bityInfoAnalysis
which extends the original Ball-Larus method.

(3) Ordering: Sort the basic blocks according to the frequencies estimated in the previous step.

Example 3.2. Figure 2 illustrates how the LLVM predictor works on the program from Exam-
ple 2.2(a). Part (a) shows the program after initialization, with frequency 1 assigned to the entry
block, while the remaining blocks have undefined frequencies. Part (b) presents the probabilities
between blocks as computed by BranchProbabilityInfoAnalysis. These probabilities are de-
rived from LLVM’s static heuristics: for instance, loop backedges are assumed to be very likely,
which explains the high probability (0.96875) assigned to the edge returning to the loop header,
while the exit edge receives only 0.03125. Part (c) shows the result of applying the Ball-Larus
algorithm [4], which propagates the initial frequency through the CFG by multiplying it with the
edge probabilities and ensuring flow conservation at each block. Because the backedge is taken
with probability close to one, the loop header is expected to be visited many times, leading to an
estimated edge frequency of 31 for the backedge. Finally, part (d) shows the block frequencies,
computed from the edge frequencies using Equation 1.

3.3 Prediction with a Generative Model

This heuristic uses a large generative model to predict the hot-ordering of basic blocks. We imple-
mented the analysis using Microsoft GENAISCRIPT, a TypeScript-based framework for composing
prompt-driven Al workflows. The configuration was as follows:

e Model: OpenAl GPT-40 (Vision variant, text-only mode)

e Deployment: Azure OpenAl Service

e Identifier: azure:gpt-40_2024-11-20

e Parameters: Max tokens: 16,384; temperature: 0 (deterministic); other hyperparameters not
publicly disclosed

e Response format: JSON with a strict schema

e Documentation: https://ai.azure.com/catalog/models/gpt-4o0

To automate model interaction, we developed a GENAIScripT workflow that processes LLVM IR
programs (.11 files). The workflow executes the following steps:

(1) Filter the input files and extract functions using regular expressions on define blocks.
(2) Parse the labels of basic blocks in each function.
(3) Generate a tailored prompt for each function following the template in Figure 3.

Proc. ACM Program. Lang., Vol. 1, No. 1, Article 1. Publication date: January 2026.


https://github.com/microsoft/genaiscript
https://ai.azure.com/catalog/models/gpt-4o

1:8 Elisa Frohlich, Angélica Aparecida Moreira, and Fernando M. Quintéo Pereira
a b
® bbl: (®) bbl:
i1 =phi(ie, i2) il =phi(ie, i2)
s1 =phi(s@, s2) 107 —>| sl =phi(se, s2)
t1 =phi(to, t1) t1 =phi(to, t1)
pe = il <n po = il <n
br po bb2, bb4 br po bb2, bb4
0.96875/?
0.03125/?
B ?
bb4: bb4:
20? ret sl 1.01? ret sl
1.0/
N
bb3: bb3:
i2 =1 +1 i2 =il +1
br bbl br bbl
c d 32
© bbl: @ bbl:
i1 =phi(ie, i2) i1 =phi(ie, i2)
1.01 —s s1 =phi(s@, s2) 1.01 —=| sl =phi(se, s2)
t1 =phi(to, t1) t1 =phi(to, t1)
pe = il <n po = il <n
br po bb2, bb4 br po bb2, bb4
0.96875/31 0.96875/31
0.03125/1 0.03125/
31
2 . 1
bb4: bb2: bb4:
s2=sl+t1 1,031 et s1 s2 = sl +t1 1.0/31 et 1
t2 = t1+d t2=t1+d
br bb3 br bb3
1.0/31 1.0/31
‘ ‘ 31
bb3 bb3
i2 =1 +1 i2 =1 +1
br bbl br bbl

Fig. 2. Static inference of profile information using the branch probability heuristics available in the LLVM
compiler. Numbers associated with each block show the frequency of execution of that block. The pairs
prob/ freq associated with each edge show the probability that the edge is traversed and its execution frequency,
i.e., how often the edge is expected to be traversed.

(4) Send the prompt to GPT-40 via GENAIScRIPT’s runPrompt interface, enforcing a JSON schema
with three fields:
e bbOrderByHotness: ordered list of blocks, with explanations.
o benchmarkInfo: identifiers for the file/function.
e additionalNotes: optional observations.
(5) Parse the model’s response and save it to structured JSON files, one per benchmark.

4 Profile Projection Heuristics

This section presents heuristics for solving the Profile Projection Problem (Definition 2.6). In contrast
to the prediction heuristics of Section 3, projection techniques operate with richer information.
Besides the control-flow graph G,p;, whose hot-order must be inferred, they also take as input
a previous version Gy of the program’s CFG together with a profile P, for the edges of G,.
Note that G, and G,p, may differ in both the number of vertices and the structure of edges. All
the heuristics in this section, except for the one discussed in Section 4.4, use the same template,
which Algorithm 1 shows. The only difference between these heuristics is in the implementation
of block_matching. The rest of this section discusses the variations that we have evaluated in this

paper.
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LLVM internals, and advanced optimizations techniques. You have deep expertise in low-level
strong track record in static analysis, JIT compilation, and custom backend development.

Task: You are given a function written in LLVM’'s intermediate representation. You are asked
to analyze the function and provide insights on its basic blocks.

I have two questions regarding this function *x${ Pkt
Question 1, Hot Block Estimation:

Could you guess which basic block would be the "hottest", where "hottest" means the basic
block that is more likely to be executed more often?

Question 2, Hotness Ranking:

This function has ${ } basic blocks: ${ }. Could you sort this
sequence of basic blocks by "hotness"? That is, if a basic block bb_x appears ahead of

they might have equal frequency.

Reasoning and Heuristics: Please provide a brief explanation of your reasoning for the

any other heuristics you applied during your analysis.

Role: You are a Compiler Engineer with over 20 years of experience in compiler construction,

code generation, IR transformations, and performance tuning for modern architectures, with a

another block bb_y, it means you think bb_y will not be executed more often than bb_x, though

hottest basic block and the order of the other basic blocks as you did. If relevant, include
any insights from control-flow structure, loop presence, loop header, branching behavior, or

Fig. 3. Prompt template used to request a profile prediction from GPT-40. The template asks the model to

identify the hottest basic block and to produce a ranking of blocks by hotness, along with reasoning.

Algorithm 1: Profile projection via block and edge matching. Sections 4.1 and 4.2 discuss
different implementations of function matching_heuristic. Section 4.3 discusses the im-
plementation of function block_matching. The LLM-based projector of Section 4.4 does
not use this template, although it solves the same problem.

Input: Original program G, with profile P, optimized program Gy,
Output: Projected profile P;” on G
Initialize Mp < 0, M, < 0, P, < 0
My, « block_matching(Goig, Grews - - - additional parameters. . .)
foreach edge e.,f € Gy do
if Jeop € Gopr such that src(eqp) = My [src(err)] and dst(eqp) = Mp[dst(err)] then
Me[eref] < €opt
Pé[eopt] «— P, [eref]
end
end
Use He et al. [17] to extend P, to a total function: P,/ « fill_missing_data(P,)
foreach e,y such that P,[e,p;] = undefdo
‘ P} [eopt] < missing data
end
Use P;’ and Equation 1 to build P,

4.1 Hash-Based Matching

Two prior techniques, proposed by Wang et al. [40] and Ayupov et al. [2], address the Profile
Projection Problem by matching hashes derived from the syntax of basic blocks. These methods
rely on a hierarchy of hash functions as a balance between collision resistance and robustness to
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program transformations. For instance, Ayupov et al. use the following three hash variants to find
a match for a basic block b:

Loose: a hash based solely on the set of instruction opcodes in b, ignoring operands.

Strict: a hash based on all instruction opcodes and operands in b, in their exact order of appearance.

Full: a combination of b’s strict hash and the loose hashes of its predecessors and successors. This
variant is used by Ayupov et al. [2], but not by Wang et al. [40].

To match basic blocks between two versions of a control-flow graph (e.g., G, and G, in Def-
inition 2.6), Ayupov et al. apply the hashes in descending order of strictness: first the full hash,
then the strict hash, and finally the loose hash if the others fail. Algorithm 2 shows this pattern.
Example 4.1 illustrates how this approach works in practice.

Algorithm 2: Hash-based block matching.
Input: Original program G, with profile P, optimized program Gy,
Output: Basic block matching M,
Initialize My <« 0
foreach basic block b, € Gr do
bopt <= match_full(Gopr, brer) or match_strict(Gops, brer) or match_loose(Gopr, brer)
if bypr # O then
‘ My [bref] — bopt
else
if by.r = entry_block(Gy.r) then
‘ My [byer] < entry_block(Gopt)
else
‘ My [brer] < undef
end

end

end

Example 4.1. Figure 4 (a) shows the hash codes that Ayupov et al. assign to the program from
Figure 1 (a). For clarity, only the last four digits of each decimal hash value are displayed. Part
(b) shows a new version of the program, optimized with LLVM’s implementation of Global Value
Numbering (GVN) [34]. In LLVM 18.1.8, this optimization merges two blocks from Figure 4 (a),
e.g., bb2 and bb3, into a single block bb2 in Figure 4 (b). The full hash successfully matches three
blocks between the two versions: bb@, bb1, and bb4. The merged block bb2 in Fig. 4 (b) remains
unmatched under both the full and strict hashes. However, the loose hash is able to establish a
correspondence between bb2 in Figure 4 (a) and bb2 in Figure 4 (b).

As Example 4.1 demonstrates, Ayupov et al.’s method attempts to match blocks using as much
contextual information as possible, gradually relaxing the hash definition when a direct match
cannot be found. Wang et al.’s technique follows the same principle, but omits the full hash.

4.2 HistLoop: Histogram-Based Similarity Matching

This section introduces a heuristic that matches basic blocks by similarity. This approach contrasts
with those of Wang et al. [40] and Ayupov et al. [2], described in Section 4.1, which rely on exact
hash matching. The similarity criterion is defined as follows:
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(a) 6121 : Dashed lines show block matching bbo: 6121 (b)
9676 (with the used hash) s0 =0 2676
0009 || t0=af--------------- QLI oo 10 = a 0009
ie =0
br bbl

13
27 l

7100 : bbl: 7100
0124 il =phi(ie, i2) i1 =phi(ie, i2) 0124
0072 s1 =phi(s@, s2) s1 =phi(s@, s2) 0072

I e - ----------—- '
t1 =phi(te, t1) - t1 =phi(te, t1)
po = il < n po = il < n
br p@ bb2, bb4 br p@ bb2, bb4

24

4600 bb2:
0004 s2 = sl + t1 bb4: 8918
t2 =tl+d ret sl 0608
b b3
"= 0040 |- -oooooom - bb2: K Hash codes
2 =51+ tl -
24 s Will be full
9672 bb3: 0616 t2=1t1+d
reconstructed trict
0311 i2=1i1+1 0013 i2=1i1+1 (Section 4.3)
0040 br bbl 0040 br bbl . -

Fig. 4. (a) The program from Figure 1 (a), annotated with three hash variants for each basic block. (b) The
same program after optimization with LLVM’s Global Value Numbering.

Definition 4.2 (Opcode Histograms). Let I be a set of instructions ranging over an opcode alphabet
L. A histogram of opcodes, denoted Hy, is a table that maps each opcode in L to the number of times
it occurs in I. If b is a basic block with a set of predecessors P = {p1, pa, ..., pm} and successors
S = {s1,82,.-.,5n}, we define the Local Histogram of b as the histogram computed over the set
{b}UPUS.IfL = {by,b,,...,by} is a natural loop7, we define the Loop Histogram as the histogram
formed over all basic blocks in L. Finally, given three basic blocks by, by, and b3, we say that b; is
more similar to b, than to bs if the Euclidean distance between the local histograms of b; and b, is
smaller than that between b; and bs.

Histogram-based matching establishes correspondences between the basic blocks of two pro-
grams, Grr and Gy, using two algorithms: loop_matching and block_matching. The former
matches loops in the CFG using loop histograms as the similarity criterion. The latter matches
blocks in the CFG using local histograms as the similarity criterion. These algorithms replace
block_matching in Algorithm 1 with the following function composition:

My, « block_matching(Grer, Gopr, Loop_matching(Gyer, Gopt, null, null))

Algorithm 3, which implements loop_matching, recursively matches loops in the program,
starting from the least nested to the most nested. The base case occurs when the analyzed loop has
size one; that is, it contains a single basic block (not necessarily a loop). Recursion occurs whenever
loop_matching detects an inner loop, as Example 4.3 explains.

Example 4.3. Figure 5 shows the histogram matching process when projecting a profile from the
program in Figure 1 (c) to its optimized version after loop rotation seen in Figure 1 (d). Figure 5 (a)
shows the initial call to the loop_matching function. The histograms are simplified to display only

7 A natural loop is a strongly connected component in a control-flow graph with a single entry point. To simplify Algorithm 3,
we let [,y and lo; refer to either natural loops or single basic blocks that exist outside any loop, e.g., which have [,,r.size = 1;
hence, giving the non-recursive case of Algorithm 3.
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Algorithm 3: loop_matching

Histogram-Based loop Matching. The function closest_loop returns the loop I, €
Ly, whose histogram has the lowest Euclidean distance to that of l,,r. The function
loop_matching recursively applies this algorithm to nested loops.

Input: Reference code Gy.f, optimized code Gy, reference loop Ly.f, optimized loop Lop:
Output: Matching of loops M; from Ly, to Lopt

Initialize M; « 0; Ml’ — 0

if Lyer = null then

Initialize L], 38 the top-level loops of G,,f

Initialize L7, as the top-level loops of Gpy

’
op
else
Initialize L7, £ as the loops inside L.¢
Initialize L;pt as the loops inside Loy
end
foreach loop [,f € L;ef do
lopt — closest_loop(L;pt, Lref)
if lopy # 0 then
‘ Ml’ [lref] — lopt
else
if Lor = entry_loop(Lyer) then
‘ Ml’[l,ef] « entry_loop(Lept)
else
‘ M][lrer] < undef
end
end
end
foreach loop I, € L;ef do
let lopr — M [Lef]
if lopt # undefthen
if l,pf.size = 1 then
‘ Ml [lref] — lopt
else
| M; = M; U loop_matching (Gref, Gopts Lyefs lopt)
end

end
end

the operands present in the basic blocks: ret, br, add, 1th, and phi. In this phase, a matching is
formed between the regions [bb@], [bb1,bb2,bb3] and [bb4] from the original program and the
regions [bb1], [bb2,bb3] and [bb4] from the optimized program. Figure 5 shows the Euclidean
Distance between matched histograms in the matching edges. Subsequently, loop_matching is
recursively called for the regions with multiple blocks, e.g., [bb1, bb2, bb3] (original) and [bb2,
bb3] (optimized), as shown in Figure 5(b). This results in a matching from [bb1] to [bb2] and
[bb3] to [bb31], which Figure 5 (b) shows.

Algorithm 4 refines the block-level matching without overwriting the results from Algorithm 3.
In this way, it handles basic blocks that belong either to unmatched loops or to no loop at all. Note
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Algorithm 4: block_matching
Histogram-Based Block Matching. The function convert initializes block-level map-
pings from loop-level matches by using the headers of matched loops. The function

closest_block returns the block by, € Gopr Whose histogram has the lowest Euclidean
distance to that of by

Input: Original program G, optimized program G, matching of loops M;
Output: Matching of basic blocks M from G, to Gy
Initialize M;, < convert(M;)
foreach basic block b, € Grr do
bopt < closest_block(Gopt, bref)
if bopr # O then
‘ My [bref] — bopt
else
if byr = entry_block(Gy.r) then
‘ My [brer] — entry_block(Gop)
else
‘ My [brer] < undef
end

end
end

that HistLoop may still leave some blocks unmatched (i.e., associated with undef). This situation
arises when G,; contains more basic blocks than G,.. In such cases, only the most similar blocks
in G,y are matched, while the remaining ones are left unmatched.

(a) - 0|1j0/0|0 bbo: T N
s5c=0a s0 =0 0(1|0(1|0 s0 =0 (b) 0|1|2(0|0|
loop/block [0]1]0|0|0 t0 =a : 0]110]1(3
predecessors [1][0[0]0]0 o =0 ob1s 0j1]1j0(0
successors |0[3]3|1[3 po = i0 < n : i1 =phi(ie, i2) bb2:
,,,,,,, br_po bbl, bbS s1 =phi(s@, s2) s2 =51+t
1o t1 =phi(te, t1) [ | t2-t1+4d
: ] 01 PO = il <n br bb3
i1 =phi(ie, i2) |: : il =phi(ie, i2) : 11001 : br p@ bb2, bb4 \ J
| s1 =phi(s@, s2) |: s1 =phi(s0, s2) RCINE .',
| t1 =phi(to, t1) ] t1 =phi(t, t1) | ; \ bb3:
: po = il < n | s2 = sl +tl | jejijijeje) i 2=41+1
EEEE br po bb2, bb4 | 2=tl+d 301200 br bbl
o[1]e[e]e ‘ br b3 242 IDIFAND
1oejejo 0|1]0|0|1 0|1/2|0|3 gi;gg
0]2(3|13 0|1j1|1|0
. u 1 1o[o[o[1 le1[1[1]e] | @
©2=t1+d bb3: o rvon o i o[1]1]1]e0
i2 = i1+ 1 : : : : 0|1]2|0|3
br bb3 pl-ilen [ s3his2) )| i1 =phitio, 12) | [g[1[2[0[3
br bbs : - ;
o] L g | D |
1[1]e]1]1 2=s1+t1 [T i2=i1+1
o|1|0(1|0| : 2 =tl+d pl =il <n :
bbi; Cnes — — br bb3 br p1 bb2, bbd |
br bbl o3 sa =phi(s2, s0) : \/ :
olo ret s4 T

Fig. 5. (a) Matching of block regions using Algorithm 3 (loop_matching). We let G,s be the left-side CFG,
and Gy the right-side one. (b) Matching of block regions after a recursive call of Algorithm 3.
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Example 4.4. After loop_matching executes, two blocks in the optimized program of Figure 5 (a)
remain unmatched: bb@ and bb5. Similarly, one block from the original program has no match: bb2.
Algorithm 4 then pairs bb2 from G,¢ with bb5 in Gy, since this pair has a smaller Euclidean distance
than the pair (bb2, bb@). Note that this match between a block inside a loop and a block outside
any loop may introduce small inaccuracies in the projected profile. However, such discrepancies
are later corrected by the algorithm described in Section 4.3.

4.3 Filling Out Missing Profile Information

After matching the basic blocks and edges of G, and G, and assigning the corresponding weights
from P/, Algorithm 1 must fill in any missing profile information. We adopt the same method
as Ayupov et al. [2], who build on the work of He et al. [17]. In their approach, the inference of
missing profile data is reduced to an instance of the Minimum-Cost Flow (MCF) problem [10]. If
a complete profile cannot be inferred, He et al. [17] distribute the remaining flow according to a
branch-probability heuristic. Following Ayupov et al. [2], we use a uniform heuristic that assigns
equal probability to all outgoing edges. Example 4.5 illustrates how this inference works.

Example 4.5. Figure 6 shows how histogram-based block matching enables the transfer of profile
information from a reference program to an optimized version. Here, blocks bb®, bb1, and bb2 in
Gy are matched respectively with bb1, bb2, and bb3 in G,;. Profile data can be directly transferred
between matched blocks, and between edges, when sources and destinations are matched. Blocks
and edges without a match remain with undefined profile values (that must be reconstructed).

T T - K
: bbo:
____________________________ —-——— 3 s0 =0
TT==] bb1: 5 t0 = a
................... br bb2 - i0 =0
po = i0 < n
T br po bbl, bbs
5
4&_@27
bb2:

il =phi(ie, i2)
bb1: WS e--TTTTTTTTTTITI e - s1 =phi(s0, s2)

i1 =phi(i0, i2) [ ---~ t1 =phi(te, t1)
s1 =phi(s0, s2) s2 = sl + t1
t1 =phi(to, t1) t2=tl+d

po = i1 < n AR 24)( br bb3

br po bb2, bb4
24 2
i2=14i1+1

bb3:
pl =il <n
s2 = sl + t1 br pl bb2, bb4
7

t2=tl+d L
br bb3 -
et 7
Matching between basic block % ?
_ elening between basiblcte . bb4:
s3 =phi(s2)
Matching between edges br bbs > ?
bb3: MR > ———= bb5:

2=i1+1 s4 =phi(s2, s0)

br bbl ST Projected profile ret s4

bb2:

Fig. 6. Matching between the control-flow graphs of Figure 1(c-d), illustrating how profile data are transferred
from the reference code G (left) to the optimized code Gop (right). Dashed arrows indicate inferred
correspondences between basic blocks and edges. Question marks mark missing or undefined profile values.

Example 4.5 illustrates that direct projection of profile data can violate the law of conservation
of flow. For instance, in Figure 6, the edge from bb2 to bb3 in G, is the only outgoing edge of bb2,
yet its edge frequency does not match the block frequency; hence, breaking flow conservation. The
reconstruction procedure of He et al. [17] resolves such inconsistencies, as shown next.
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Example 4.6. Figure 7 shows how He et al. [17]’s algorithm works on the left-side program seen
in Figure 6. Some frequencies remain identical to the projected profile, while others, like those
involving bb@ and bb5, are adjusted to satisfy flow conservation. In particular, when a block or
edge lacks a defined frequency, He et al.’s algorithm redistributes the missing flow proportionally

according to branch probabilities.
27
\\t::Eﬁ_____!z|27

bb2

i1 =phi(i0, i2) - —H
bbl: E3 s1 =phi(s@, s2) bb; —i1+1 bb4: &
b;‘ bb2 3—>{ t1 =phi(te, t1) pl =il <n 3—>| s3 =phi(s2)
/7 s2 = sl + tl br bb5
©=11+4d br pl bb2, bb4

3 br bb3
6 24
bbo:
s0 =10 bb5: ¢
0 = .
oo Z 3 s4 =phi(s2, s@)
= t s4
po = i0 < n e
br p@ bbl, bb5 Reconstructed profile

Fig. 7. Result of applying He et al. [17]’s reconstruction algorithm to the optimized program in Figure 6.
The observed and reconstructed profiles are shown side by side, with adjusted frequencies ensuring flow
conservation across the CFG.

4.4 Projection with a Generative Model

This projection heuristic uses the same setup discussed in Section 3.3; however, inputs and prompt
vary. The prompt is produced with information specific to each function that is analyzed and
follows the template seen in Figure 8. The remainder of this section describes the methodology to
generate this prompt.

Inputs. For each function, a script collects three textual inputs:

e The LLVM IR of the G, function compiled at -O0.
e Its basic block profile (. bb) and/or edge profile (. edges), if available.
e The LLVM IR of the optimized function G

Prompt Construction. The prompt builder script checks which types of profile (.bb or .edges)
are available. Then it prepares a structured version of the prompt that asks the LLM to:

e Identify the hottest basic block in the optimized function.
e Sort all basic blocks of the optimized function by projected hotness.

Model Output. The LLM responds with:

e The name of the hottest block in the optimized function.

e A complete ranking of blocks by projected hotness.

e Notes explaining how it mapped blocks from -O0 to the optimized version, along with the
computed OO0 frequencies.

Validation and Post-Processing. The script converts the LLM’s output into a structured JSON
format. It also validates the ranking by checking if any block is missing, duplicated, or halluci-
nated. Finally, the script saves the JSON files per-benchmark and per-function that summarize the
projection. This JSON output schema contains the following fields:

e benchmarkName — The benchmark name, derived from the file name.
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Role: You are a Compiler Engineer with over 20 years of experience

in compiler construction, LLVM internals, and advanced optimization techniques.

You have deep expertise in low-level code generation, IR transformations, and

performance tuning for modern architectures, with a strong track record in static analysis,
JIT compilation, and custom backend development.

Task: You are given a function that exists in two versions:
- Its original LLVM IR at -${ :
- Its basic block counts (

- Its edge-level profile ( )
- Its optimized LLVM IR at ${ }r A{ }
Your goal is to project the profile information from the -${ } version onto the

optimized version. I have two questions regarding this function:
Question 1, Hot Block Estimation:

Could you guess which basic block would be the "hottest", where "hottest" means the basic
block that is more likely to be executed more often?

Question 2, Hotness Ranking:

The optimized function has ${ } basic blocks: ${ }. Could you sort this sequence of
basic blocks by "hotness"? That is, if a basic block bb_x appears ahead of another block
bb_y, it means you think bb_y will not be executed more often than bb_x, though they might
have equal frequency.

Instructions:

1. Please respond using the format above.

2. Ensure that the “Sorted Basic Blocks by Hotness” section includes every one of the $

} basic blocks listed in ${ }, without omission or duplication.xx

3. After listing the sorted blocks, please provide a summary line confirming that the total
number of blocks in your list is exactly ${ .

4, If any block from ${ } is missing or duplicated in your sorted list, please
explicitly acknowledge it and correct the list before finalizing your answer.

5. Do not repeat or fully echo the entire function. Focus on analysis. You may refer to
specific lines or blocks but avoid copying the whole code.

Fig. 8. Prompt template used to request a profile projection from GPT-40. The template asks the model to
identify the hottest basic block and to produce a ranking of blocks by hotness, along with reasoning, given an
ordering of a previous version of the program.

e funcName — The analyzed function.

e numBB — Number of basic blocks in the optimized function.

e originalSet — The ground-truth set of basic blocks extracted from the optimized LLVM IR.
e predictedSet — The LLM-projected hotness ranking of basic blocks.

e tokenCount — Number of tokens used for the LLM prompt and response.

o duplicates — List of duplicate block names produced by the LLM, if any.

¢ missing — Blocks that exist in the ground truth but were not included in the prediction.

e extra — Blocks hallucinated by the LLM that do not exist in the optimized IR.

e exceed — A flag indicating whether the prompt exceeded the token limit of the LLM.

5 Experimental Evaluation

This section investigates several research questions concerning the heuristics introduced in Sec-
tions 3 and 4. For clarity, we group these heuristics into two categories: LLM-based, comprising
the techniques described in Sections 3.3 and 4.4, and classic, comprising all the others. Within this
division, we evaluate the following research questions:

RQ1: What is the relative accuracy of the classic prediction heuristics?
RQ2: What is the relative accuracy of the classic projection heuristics?
RQ3: How do the classic prediction heuristics compare with the LLM-based predictor?
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RQ4: How do the classic projection heuristics compare with the LLM-based projector?
RQ5: How do different optimizations impact the accuracy of classic projection heuristics?
RQ6: What is the running time of the different classic prediction and projection heuristics?

Evaluation Metric. We analyze the destructive effects that LLVM optimizations such as constant
propagation and loop rotation may have on the quality of profile data. However, we cannot directly
measure the potential benefits of profile propagation on these optimizations individually, because
these optimizations, in LLVM, do not query profile information. Therefore, we resort to the Hot-
Order Game of Definition 2.3 as our evaluation metric. Accordingly, the accuracy of a heuristic on
a benchmark is measured by comparing the block ordering it produces against a reference ordering
obtained from the instrumented program. Following Definition 2.3, our goal is to minimize the
swap distance between the reference ordering Rp and the ordering predicted by the heuristic, Hp.
We hence adopt the following definition of accuracy:

Definition 5.1 (Heuristic accuracy). Let P be a program with N basic blocks, let Rp be the reference
block ordering, and let Hp be the ordering predicted by a heuristic H. Accuracy is defined as:
2 X swap_distance(Rp, Hp)
NX(N-1)
The resulting value Acc € [0, 1], where 1 denotes a perfect match with the reference ordering.

Acc=1-

Benchmarks. We evaluate our approach using the cBENCH benchmark suite [13], a collection of
programs designed to assess profile-guided optimizations. The suite contains 32 programs, each with
20 distinct inputs. We successfully built and executed 17 of these programs; the remaining 15 were
excluded due to compilation errors with modern clang, even in the absence of instrumentation.
The results for the classic and LLM-based heuristics are based on slightly different subsets of
benchmarks, as the LLM-based approaches described in Sections 3.3 and 4.4 did not yield valid
results for every instance of the Hot-Order Game. Consequently, Sections 5.3 and 5.4 restrict
discussion to the subset of cBENcH for which the LLMs produced valid block sequences. A sequence
is considered valid if it includes exactly all basic blocks from the program’s control-flow graph.

Hardware and Software. Experiments were conducted on an Intel Core i7-6700T processor with
8 GB of RAM, two L1 caches (128 KB each), one L2 cache (1 MB), and one L3 cache (8 MB) running
Ubuntu Linux 22.04.1 LTS. Our approach was implemented in LLVM 18.1.8. For instrumentation,
we used the Nisse framework [12], built from commit 25d9adf of the main branch.

5.1 RQ1 - Accuracy of Classic Profile Prediction Heuristics

This section compares the accuracy of the classic profile prediction heuristics: Random and LLVM.
The goal here is to solve the Static Profile Prediction problem defined in Definition 2.5; in other
words, profile data is reconstructed without any prior knowledge of the program’s execution. We
evaluate the heuristics from Sections 3.1 and 3.2 on the aggregate collection of functions from
the 17 cBENCH programs that clang successfully compiles and that execute without errors across
all 20 available inputs. The reported results correspond to the average accuracy (Definition 5.1)
computed over all 168 functions from these benchmarks, with an average of 42 blocks per function,
each executed with every input.

Discussion. Table 1 presents the prediction accuracy obtained with four different optimization
levels of clang. The results are consistent across levels. As expected, the Random heuristic achieves
around 50% accuracy, matching the theoretical result in Theorem 3.1. The LLVM heuristic, on the
other hand, maintains stable accuracy near 78-80%, indicating that it remains applicable throughout
the optimization pipeline, even as transformations substantially alter the program structure.
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Heuristic -00 -01 -02 -03

LLVM (Sec. 3.2) 79.52% | 77.73% | 77.09% | 77.09%
Random (Sec. 3.1) | 50.37% | 50.15% | 48.44% | 50.50%
Table 1. Relative accuracy (Def. 5.1) of classic prediction heuristics.

However, this heuristic never exceeds 80% accuracy because it relies primarily on a fixed set of
static branch prediction rules, such as loop-back edges being likely taken, pointer comparisons
being likely unequal, and error paths being unlikely. These rules are general-purpose and context-
insensitive: they capture common control-flow patterns but ignore dynamic interactions between
branches, input-dependent behaviors, and correlations across basic blocks. Consequently, they can
only approximate the true execution frequency of branches and basic blocks. We observe that, at
least in our setting, such static heuristics reach a ceiling under 80% of accuracy. In the next section,
we show that higher accuracy can be achieved when profile data from a different version of the
optimized program is available.

5.2 RQ2 - Accuracy of Classic Profile Projection Heuristics

This section compares the classic projection heuristics discussed in Section 4 with respect to the
Profile Projection Problem introduced in Definition 2.6. To compute accuracy, we follow the same
methodology used in Section 5.1, aggregating the average accuracy observed for each of the 168
functions across all 17 benchmarks and 20 input sets, with an average of 42 blocks per function.

Discussion. Table 2 summarizes our observations. In general, projection tends to outperform
prediction, as shown by comparing Tables 1 and 2, although not in every setting. When the
difference between program versions becomes too large, projection accuracy may degrade. This
situation occurs when one of the program collections corresponds to the -00 optimization level.
As we demonstrate in Section 5.5, this limitation is not problematic if profile data is propagated
incrementally throughout the optimization pipeline; that is, from one optimization level to the next,
rather than directly from an unoptimized to a fully optimized version of the same program.

Heuristic -00 -01 -02 -03
-00 Ayupov (Sec. 4.1) 89.90% | 65.28% | 64.71% | 63.95%
HistLoop (Sec. 4.2) | 95.55% | 74.19% | 73.63% | 72.52%
01 Ayupov 64.51% | 91.60% | 83.29% | 81.57%
HistLoop 71.01% | 97.17% | 89.36% | 87.61%
.02 Ayupov 64.44% | 83.55% | 91.78% | 89.55%
HistLoop 71.73% | 90.14% | 96.95% | 94.96%
.03 Ayupov 63.64% | 81.34% | 89.05% | 91.19%
HistLoop 70.51% | 88.02% | 94.76% | 96.85%

Table 2. Relative accuracy (Def. 5.1) of classic profile projection heuristics.

The histogram-based matching heuristic of Section 4.2 consistently outperforms the approach
proposed by Ayupov et al. [2] in every configuration. A more detailed analysis of this result is
provided in Section 5.5. In short, one of the main reasons for the underperformance of Ayupov
et al.’s technique lies in its limited robustness to structural transformations such as loop rotation
(illustrated in Figure 1) and optimizations that duplicate control-flow paths, including vectorization
(which requires aliasing guards) and loop unrolling (which introduces an epilogue to handle residual
iterations). These transformations alter the correspondence between basic blocks in the original
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and optimized programs, reducing the effectiveness of approaches that rely solely on hierarchical
hash matching, as in Ayupov et al.’s method.

5.3 RQ3 - Comparison with LLM-Based Profile Prediction

This section compares the LLM-based profile predictor described in Section 3.3 against the classic
heuristics presented in Sections 3.1 and 3.2. The comparison is conducted over 127 functions (a
subset of the total 168) extracted from the 17 benchmarks, with an average of 20 blocks per function.
As previously discussed, the number of functions had to be reduced because the generative model
occasionally failed to produce valid orderings. Invalid sequences either contained fewer or more
basic blocks than the original control-flow graph, leading to an inconsistent block mapping.

Heuristic -00 -01 -02 -03
LLM-Pred | 69.81% | 70.96% | 69.84% | 71.25%
LLVM 81.53% | 82.61% | 80.30% | 81.51%
Random 50.22% | 49.68% | 47.97% | 50.78%
Table 3. Comparison between classic prediction heuristics and the LLM-based predictor.

Discussion. Table 3 summarizes the results of this comparison. We observe that, although the
LLM-based predictor clearly outperforms the random baseline, it consistently underperforms the
LLVM heuristic, sometimes by a substantial margin. This gap can be attributed to the fundamental
difference between the two approaches. LLVM’s heuristic encodes domain-specific knowledge
about compiler control flow, exploiting structural regularities such as loop backedges, branch biases,
and dominance relations that were empirically tuned for real-world programs. By contrast, the
LLM-based predictor operates purely on statistical correlations learned from textual representations
of control-flow graphs.

Without explicit exposure to dynamic execution feedback, the model tends to generalize across
unrelated contexts, producing plausible but not necessarily accurate block orderings. In particular,
it often fails to capture the asymmetric frequency of paths within loops and conditionals. Our
impression is that, when confronted with conditionals that generate multiple paths, the GPT-based
model tends to select among them almost at random. Nevertheless, it appears capable of recognizing
function entry and exit points, as it almost always puts these blocks at the end of the hot sequence.
Hence, while LLM-based methods show promise, especially in settings that lack traditional compiler
heuristics, they still fall short of outperforming domain-informed techniques.

5.4 RQ4 - Comparison with LLM-Based Profile Projection

This section compares the LLM-based profile projector described in Section 4.4 with the classic
heuristics presented in Section 4. As in Section 5.3, we use a reduced collection of 120 functions
drawn from 17 benchmarks, with an average of 18 blocks per function, for the reasons discussed
in our experimental setup. The universe of functions is smaller than that of Section 5.3, since the
prompts required for projection are substantially larger. These prompts include two control-flow
graphs, as illustrated in Figure 8. The larger the prompt, the higher the likelihood that the generative
model produces malformed or incomplete outputs.

Discussion. Table 4 summarizes our observations. We first note that LLM-based projection
achieves higher accuracy than LLM-based prediction—an expected outcome, as the model receives
additional information in the form of an ordered sequence of basic blocks from one version of
the program. Nevertheless, the accuracy of the LLM-based approach still falls short of the other
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projection heuristics discussed in Sections 4.1 and 4.2. The underlying causes are similar to those
discussed in Section 5.3: the absence of explicit semantic guidance and the model’s tendency to
rely on surface-level structural patterns rather than control-flow semantics.

Heuristic -00 -01 -02 -03
Ayupov 94,30% | 67,57% | 65,48% | 64,08%
-00 | HistLoop | 95,34% | 78,63% | 77,80% | 75,94%
LLM-Proj | 80,70% | 72,95% | 73,57% | 72,15%
Ayupov 66,02% | 97,92% | 91,05% | 88,14%
-O1 | HistLoop | 71,58% | 98,17% | 93,12% | 90,49%
LLM-Proj | 70,00% | 84,55% | 83,16% | 81,24%
Ayupov | 65,65% | 91,08% | 97,99% | 96,70%
-02 | HistLoop | 74,28% | 93,68% | 98,21% | 97,53%
LLM-Proj | 71,01% | 80,87% | 84,14% | 84,00%
Ayupov 63,74% | 88,62% | 95,85% | 97,59%
-03 | HistLoop | 71,59% | 90,81% | 96,73% | 97,92%
LLM-Proj | 70,44% | 80,89% | 83,35% | 84,86%
Table 4. Comparison between classic projection heuristics and LLM-based projection.

We observe that the generative model often reproduces the hot-order sequence of the reference
control-flow graph G, as the ordering for the optimized graph G,,;. When the differences between
Grer and Gy, are small, this strategy yields good accuracy. However, as structural differences
grow, performance deteriorates sharply. In particular, when G, introduces new conditionals or
merges existing paths not present in G, the model appears to make random decisions among
the alternative branches. This suggests that, while the LLM captures some high-level structural
correspondences between graphs, it lacks the causal understanding of control-flow transformations
that traditional, semantics-aware heuristics exploit.

5.5 RQ5 - Impact of Different Optimizations on Profile Projection

To understand why our method is outperformed by the LLVM heuristic in the -00 setup, we
conducted an additional set of experiments. This analysis evaluates the individual impact of each
LLVM optimization pass on our profile projection heuristics.

LLVM includes hundreds of optimization passes, making exhaustive analysis impractical. There-
fore, we restrict our study to the 35 optimizations identified by Silva et al. [37] as the most common
in effective clang optimization sequences. Unlike previous sections, this experiment uses a single
input to isolate the effects of optimizations on the quality of the projected profile. The adopted
methodology is as follows:

(1) Profile the reference control-flow graph G, with a given input I to obtain the reference
ordering R,;

(2) Apply a single optimization pass to Gy, producing the optimized graph Go;

(3) Use either Ayupov et al. [2]’s heuristic or the histogram-based heuristic from Section 4.2 to
reconstruct the profile of G, obtaining the projected ordering H,;

(4) Profile G,p; with the same input I to obtain the actual ordering Rp;

(5) Compute the accuracy between R, and H, according to Definition 5.1.

We intentionally restrict the analysis to a single input to eliminate sources of variability that
could confound the effects of optimizations on projection accuracy. Each cBench program provides
20 numbered inputs; for this experiment, we consistently use the first input.
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Fig. 9. Impact of different optimizations on the accuracy of classic profile projection heuristics. Blue bars
show accuracy for HistLoop, while orange bars show accuracy for Ayupov et al’s technique.

Discussion. Figure 9 presents the accuracy results for the HistLoop heuristic (blue bars) and
Ayupov et al.’s heuristic (orange bars). We observe that most optimizations have minimal impact on
HistLoop, whereas Ayupov et al.’s approach is more sensitive to individual transformations. How-
ever, two optimization passes significantly reduce the accuracy of our histogram-based matching
algorithm: simplifycfg and loop-rotate.

The simplifycfg pass alone does not drastically harm projection accuracy; however, it is one
of the most frequently applied transformations in the LLVM pipeline [37]. This experiment isolates
the standalone effect of each pass, but repeated applications of simplifycfg throughout a full
optimization sequence could accumulate substantial distortion in the projected profiles. A promising
direction for future work would be to determine how often profile information must be regenerated
or revalidated during the optimization process.

In contrast, loop-rotate poses a more intrinsic challenge to our method. This pass modifies the
internal control-flow structure of loops, often changing entry and exit points in ways that alter
execution frequencies. Although the loop-matching phase described in Section 4.2 is designed to
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accommodate structural changes, it cannot infer accurate iteration frequencies when such infor-
mation is absent from the reference program. Consequently, loop rotation remains a fundamental
source of inaccuracy for structure-based profile projection.

5.6 RQ6 - Running Time of the Different Heuristics

This section compares the running time of the different classic heuristics evaluated in this paper.
We do not report results for the LLM-based heuristics for two main reasons. First, their end-to-end
execution time—from prompt submission to response generation—is orders of magnitude higher
than that of the classic heuristics. Second, measuring this time accurately is technically challenging:
the LLMs run on remote servers, and a precise measurement would require an infrastructure
capable of accounting for variables such as network latency and server load.

For the profile projection heuristics, we measure only the projection time itself, excluding the
initial profile generation. The reported times correspond to the cumulative execution time of each
heuristic across all 168 functions in the 17 benchmark programs.

Heuristic | -00 -01 -02 -03

LLVM 1.065s | 1.434s | 1.469s | 1.531s
Random | 0.612s | 0.522s | 0.505s | 0.508s
Table 5. Execution time of classic profile prediction heuristics.

Heuristic | -00 -01 -02 -03
-00 Ayupov | 13.752s | 13.214s | 8.641s | 8.553s
HistLoop | 22.284s | 37.606s | 42.480s | 42.502s
01 Ayupov | 8.672s | 9.490s | 8.363s | 8.762s
HistLoop | 42.972s | 21.917s | 43.724s | 44.989s
.02 Ayupov | 8.999s | 9.200s | 9.286s | 8.992s
HistLoop | 47.266s | 44.176s | 23.428s | 26.262s
.03 Ayupov | 9.010s | 9.029s | 9.479s | 9.407s
HistLoop | 47.912s | 46.555s | 27.912s | 23.726s

Table 6. Execution time of classic profile projection heuristics.

Discussion. Table 5 reports the running times of the profile prediction heuristics, while Table 6
shows those of the projection heuristics. Profile prediction is substantially faster: the LLVM predictor
runs roughly one order of magnitude faster than the hash-based approach of Ayupov et al. [2],
and two orders of magnitude faster than the histogram-based heuristic. In addition to algorithmic
differences, this advantage arises from the fact that LLVM’s predictor does not rely on solving a
minimum-cost flow problem to reconstruct execution frequencies.

The hash-based method of Ayupov et al. [2] outperforms the histogram-based approach (Sec-
tion 4.2) because it matches basic blocks in linear time using hash lookups, whereas the histogram-
based method performs pairwise similarity comparisons across blocks or loops—a computationally
more expensive process. Nevertheless, the histogram-based heuristic remains practical, consistently
completing in under one minute across all 168 functions, regardless of the optimization level.
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6 Related Work

This paper addresses the problem of projecting profile information from one version to another
version of this function. This task needs the resolution of a problem called intra-procedural binary
correspondence: given two control-flow graphs, the maximal correspondence between them is
searched. The intra-procedural correspondence is used in malware identification, redundancy
elimination, and plagiarism detection. Two recent revisions [1, 16] mention only one work on
inter-procedural correspondence as a way to do profile projection: the BMAT approach from Wang
et al. [40]. The same revision shows that the inter-procedural version of binary correspondence is
more commonly discussed in the profile reuse context. This is also the conclusion from the revision
of Kim and Notkin [23], which focus on the binary correspondence between versions of the same
program. Either the intra- and inter-procedural binary correspondence frames on a more general
framework the literature calls the Binary Diffing problems.

Binary Diffing. This term is widely used in the programming language literature, with different
meanings for different authors. For instance, Hemel et al. [18] uses this expression to refer to the
problem of determining whether two binaries are from the same source code or different versions of
the same source code. Adopting a slightly different understanding of the term, Ming et al. [26] want
to determine if two binaries implement similar semantics, i.e., they solve the same problem. Kim
et al. [22], in turn, understands diffing as intra-procedural code correspondence. These divergent
interpretations give two distinct approaches to the problem known as binary diffing [1, 16]. On
the one hand, we have stochastic techniques — machine learning models, like the one from Shin
et al. [36] — to solve the semantic problem of determining when two binaries execute similar
actions. On the other hand, we have hash-based approaches to align binary code, either finding
correspondence between functions (inter-procedural correspondence) or between control-flow
graphs (intra-procedural correspondence). The profile projection techniques seen in section 4 could
be used to solve the latter version of the problem.

Inter-Procedural Correspondence. In the words of Flake [11], the inter-procedural correspondence
consists of “Given two variants of the same executable A called A’ and A”, a one-to-one mapping
between all the functions in A’ to all the functions in A” is created’. Typically, inter-procedural
correspondence extracts characteristics from the many functions that compose the program and
tries to combine them based on these characteristics. Such characteristics can be structural, for
instance, properties from the control-flow graph of the function [25], such as the number of nodes
and edges, circumference, tree-width, etc. They can also be semantical, like instructions opcodes
histograms [8] and many vectors built as combinations of instructions from the program [9]. The
main motivation for the development of inter-procedural techniques is the need to deal with binary
code without high-level information, like function names. Notice that, in the context of this work,
such motivation does not apply, since quality industrial systems that do profile-guided optimization
in big binaries have access to the function names [6, 30, 32, 39].

Intra-Procedural Correspondence. The branching mapping problem discussed in section 2 is
an instance of intra-procedural binary correspondence. Many works deal with this problem, as
discussed in the literature review by Kim and Notkin [23]. In this case, the challenge is to find
a correspondence between anchor points of two functions. The anchor point type defines the
solution nature. There are three main anchor point types: nodes on abstract syntax trees [42]
(when there is access to the source code); instructions on linear sequences of binary code [19];
or vertex in control-flow graphs. The profile projection techniques seen in section 4 fit in the
third category. Common solutions for graph correspondence are based on graph isomorphism or
sequence alignment, In the first case, the graphs can be either abstract syntax trees or control-flow
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graphs. Sequence alignment is usually solved with heuristics because of the binary programs size,
through hash codes derived from instructions k-grams [3, 21].

7 Conclusion

This work addressed a long-standing challenge in profile-guided optimization: keeping execution
profiles accurate as the compiler or the developer transform code. We introduced a systematic
study of two strategies for carrying profile information forward without re-running the program:
prediction, which estimates hot paths directly from optimized code, and projection, which trans-
fers data from an earlier version of the program. Our evaluation shows that a simple instruction
histogram heuristic consistently matches or outperforms more complex alternatives, including the
hash-based method used in the BOLT Binary Optimizer, the heuristics used in LLVM’s static profile,
and large language model (LLM) techniques based on GPT-40. Under standalone optimizations,
the histogram-based matching heuristic achieves very high accuracy, suggesting the possibility of
interposing it between consecutive optimizations in the compilation pipeline.

Although our LLM-based heuristics did not fare better than our histogram-based similarity
search, we believe that these techniques offer exciting directions for future work. Thus, we plan to
explore richer ways to support LLM-based profiling. In particular, we aim to provide the model
with a compact but informative view of the LLVM IR for each function that might otherwise exceed
the token window, enabling the LLM to speculate effectively even with partial data.

Data Availability Statement

The work is publicly available on https://github.com/lac-dcc/hydra, under the Apache-3.0 license.
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