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Abstract

Accurate static profile prediction is crucial for achieving
optimal program performance in the absence of dynamic
profiles. However, existing static profiling methods struggle
to fully exploit the complex structure of the compiler’s in-
termediate representation and fail to effectively utilize the
calling context information needed for accurate profile in-
ference. To address these limitations, we introduce GraalNN,
a Graph Neural Network-based static profiling framework
that directly learns structural information from control-flow
graphs. This reduces the reliance on handcrafted features
and minimizes the effort required for feature engineering
while improving the model’s ability to predict profiles.
GraalNN adopts a two-stage approach: it predicts context-
insensitive profiles during parsing and uses contextual infor-
mation from the call graph to refine profiles during inlining.
This methodology achieves a 10.13% runtime speedup across
a diverse set of industry-standard benchmarks, surpassing
state-of-the-art static profiling techniques by more than 2.5%.
Furthermore, GraalNN improves throughput by 3.7% over
other static profiling methods on real-world microservices.

CCS Concepts: » Software and its engineering — Just-
in-time compilers; -« Computing methodologies — Ma-
chine learning.
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1 Introduction

Collecting accurate program profiles is an essential step in
optimizing program performance, as profile-guided optimiza-
tion (PGO) can leverage these profiles to tailor the compi-
lation process to a program’s runtime behavior [30, 40, 41].
Compilers that utilize dynamic profiling, where profiles are
collected by executing the program with representative in-
puts, achieve substantial performance gains [8, 51]. For in-
stance, BOLT reports up to a 20.4% speedup for GCC and
Clang compilers [42], while the Graal compiler achieves a
33.14% performance boost [54].

Despite the clear benefits of PGO, the complexity and
resource demands of collecting dynamic profiles limit its
widespread adoption [8, 42]. Identifying representative in-
puts that accurately reflect typical application use cases is
challenging, and collecting profiles based on these inputs re-
quires two compilations and a profile-collection run, which
can be time-consuming. As a result, many large-scale soft-
ware systems, including MySQL [20], opt not to use PGO in
production due to the difficulties associated with obtaining
program profiles.

Static profiling techniques have emerged as an alterna-
tive to the challenges of dynamic profiling, allowing pro-
gram profiles to be predicted without the need for runtime
profiling and the overhead of repeated compilations. These
methods, instead, rely either on heuristic-based approaches
or Machine Learning (ML) models. Though efficient and
straightforward, heuristic models depend heavily on the
compiler-developer’s intuition and often fail to cover corner
cases [2, 53]. In contrast, ML-based models capture more com-
plex program patterns and consistently outperform heuristic
models in profile prediction accuracy [39, 47, 54].

State-of-the-art ML-based static profilers rely on tradi-
tional ML models, such as XGBoost [9], which face two key
limitations: they struggle to directly process and exploit the
structure of the compiler’s intermediate representation (IR)
and fail to use the information from the calling context ef-
fectively. These models rely entirely on handcrafted features
to access structural data from the program’s IR; however,
this manual feature engineering is tedious and restricts the
model’s ability to fully represent the IR’s complexity. Ad-
ditionally, these models can only make predictions based
on information from individual functions, neglecting the
broader calling context.
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To address the key limitations of traditional ML-based
static profilers, we introduce the GraalNN framework, a
Graph Neural Network (GNN)-based static profiling solution
that directly exploits structural information from control-
flow graphs (CFGs) while enabling context-sensitive profile
predictions. Unlike previous methods that rely on manually
engineered structural features, GNNs [49] allow us to capture
structural information directly from the CFG. This reduces
the effort needed for feature engineering and improves the
model’s ability to learn and represent complex control-flow
dependencies [36]. By working directly on the graph struc-
ture, GNNs inherently learn the relationships between nodes
in the CFG, resulting in more accurate and efficient profile
predictions [18].

In addition to capturing structural information, GraalNN
extends static profiling by predicting context-sensitive pro-
files. During the inlining phase, the context-insensitive pro-
files inferred during the parsing phase are refined by com-
bining the caller’s CFG with the callee’s CFG. This process
creates a unified graph that integrates critical contextual
information, enabling GraalNN to predict more accurate pro-
files by considering the broader execution context in which
each method is invoked [44, 52].

Our key contributions are as follows:

e We present GraalNN, an end-to-end GNN-based static
profiling framework that directly leverages structural
information from control-flow graphs (CFGs), address-
ing the limitations of traditional static profilers. The
GraalNN static profiler is generally applicable within
any ahead-of-time (AOT) compiler, as it operates on
CFGs, but in this work, we apply it to the GraalVM
Native Image compiler (§2).

e We reduce the reliance on manually engineered fea-
tures by enabling GNNss to directly capture structural
dependencies from CFGs, lowering feature engineer-
ing effort while improving the model’s ability to rep-
resent complex control-flow relationships (§2.1).

e We enhance profiling accuracy by introducing context-
insensitive and context-sensitive predictions enabling
GraalNN to capture broader execution contexts and
improve the accuracy of static profiling (§3).

e We achieve a 10.13% geometric mean runtime speedup
on various industry-standard benchmarks, surpassing
previous static profilers by over 2.5%, while keeping
the binary size increase capped at 2.94%. Furthermore,
we demonstrate the quality of GraalNN in a real-world
cloud scenario, increasing the throughput of microser-
vices demo apps by 13.16% while limiting the binary
size increase to 5.05% (§4.3 and §4.4).

Section 2 introduces the GraalNN static profiler, while
Section 3 details its implementation. Section 4 presents the
evaluation results, and Section 5 reviews related work. Fi-
nally, Section 6 concludes the paper.
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2 GraalNN Static Profiler
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Figure 1. The overview of the GraalNN static profiler.
The figure illustrates the steps required to infer context-
insensitive profiles, as well as, context-sensitive profiles at
the callee’s CFG when the caller’s CFG is provided.

GraalNN is a static profiler that leverages GNNs to predict
both context-insensitive and context-sensitive branch exe-
cution probabilities (i.e., static program profiles [53]). The
framework uses control-flow graphs (CFGs) of a method
and its callers to estimate execution probabilities for control
flow branches in If statements. Figure 1 illustrates the main
stages of GraalNN’s methodology.

In the first stage, GraalNN encodes the basic blocks of
the CFG using predefined feature vectors that capture each
block’s control flow, low-level code, and structural charac-
teristics. It employs a GNN model with GraphSAGE convo-
lutions [27], which drive information exchange and aggre-
gation between neighboring blocks across multiple layers
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(where each layer corresponds to one step of message pass-
ing). This process generates rich, learned representations for
each CFG block, reflecting its structural role and positional
significance within the broader CFG.

In the second stage, the learned representations of blocks
ending with If nodes and their immediate successors are
extracted and passed through a feedforward neural network
(FNN) [3]. This network then infers the execution probabili-
ties of the True branches for If statements® during parsing,
enabling the generation of context-insensitive profiles.

To predict context-sensitive profiles, GraalNN incorpo-
rates the caller’s CFG during inlining. As illustrated in step
zero of Figure 1, the callee’s graph is inlined in the caller’s
graph, enriching the context for profile prediction.

2.1 GNN Model Input

Using the CFG as input to GNN models offers several practi-
cal advantages for profile inference. By designing GraalNN
to work on top of the CFG, we enable GNN models to utilize
a minimal graph representation that preserves the essential
control-flow information of the program source code [11, 15].
The CFG’s compact structure reduces the computational
overhead associated with graph processing, leading to faster
training and inference times (see Appendix A for details on
how inference times scale with the number of vertices in a
graph). Furthermore, the CFG offers a cleaner and less noisy
representation of control flow, improving the model’s learn-
ing efficiency and facilitating faster convergence [26, 48].
Finally, using CFGs and CFG-extracted features as the in-
put ensures that GraalNN’s architecture is largely GraalVM-
agnostic, as CFGs are standard in most optimizing compilers.
To process CFG data for use in GraaINN, we define input
vectors to be fed into its GNN profile-inference models. In the
context of GNNs, these inputs consist of two key components:
the vertex? feature vector, which captures the characteristics
of each graph vertex (i.e., each CFG block), and the edge
matrix, which encodes the connections between vertices.

2.1.1 Vertex Features. Each CFG block is represented as a
vector of nine features, as detailed in Table 1. These features
are adopted from GraalSP [54], selecting only those that
specifically characterize CFG blocks. Unlike GraalSP, which
employs non-graph-based machine learning models requir-
ing the input feature vector to be flattened and supplemented
with additional features (seven more than our approach)
to describe global structural information, our GNN-based
method inherently learns structural and topological char-
acteristics directly from the graph data. This significantly

IThe execution probability of the False branch is then implicitly defined.
2To clarify the distinction between intermediate representation (IR) nodes
(see Figure 1, where each CFG block is constructed out of at least two IR
nodes) and the vertices of the CFG, we use the term "vertex" or "CFG block"
exclusively to refer to the nodes of the CFG. In contrast, "node" is reserved
for IR nodes throughout this work.
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reduces the reliance on complex, handcrafted features used
in previous works [39, 54].

As detailed in Table 1, the vertex features are categorized
into three groups based on the characteristics of the CFG
blocks they describe:

1. Node Types: The internal structure of each CFG block
is represented by histograms of fixed and floating IR
nodes (features 1 and 2 in Table 1). These histograms
count the occurrences of each node type within a block.
For instance, the histogram for the fixed nodes in block
B1 from Figure 1 would indicate one If node and one
LoopBegin node. Node Types features can be extracted
in any compiler that utilizes CFGs.

2. Code Characteristic Estimation: Low-level code char-
acteristics are estimated using the Graal static cost
model, which provides high-level statistical measures
of a block’s computational cost [33]. Specifically, we
estimate the number of CPU cycles required to execute
a CFG block and its corresponding assembly size (fea-
tures 3 and 4 in Table 1). These estimates are obtained
by summing the CPU cycles and assembly sizes for all
fixed and floating nodes within the block. To enhance
these features, nodes within a CFG block are further
categorized based on their CPU cycle counts: nodes
requiring 0 or 1 CPU cycle are labeled as CPU Cheap,
while those requiring 64 or more cycles are labeled as
CPU Expensive. The counts of these categorized nodes
are then included as vertex features (features 5 and 6
in Table 1). While these features are specific to Graal,
they can be generalized if the cost model proposed
by Leopoldseder et al. [33] is incorporated into other
compilers.

3. Control-Flow Characteristics: Features such as control
split depth, loop depth, and dominator depth (features
7-9 in Table 1) characterize the control flow position of
a CFG block within the overall graph. These features
have been widely utilized in prior ML-based profile
inference studies [7, 19, 39, 47, 54]. They enable GNNs
to explicitly capture critical control-flow patterns by
integrating these values with the extracted structural
features, enhancing the model’s ability to represent
the broader program context.

Once the features of a CFG block are collected, they are
organized into a vector form, as shown in Figure 1, where
each CFG block has an associated feature vector. The vertex
feature vector allocates fixed positions for all features: seven
positions are reserved for numerical features (features 3-9
in Table 1), while features 1 and 2, which are categorical
histograms, are converted into fixed-size vectors using one-
hot encoding [28]. Each unique fixed and floating node type
is assigned a specific position in the vector, representing the
count of that node type in the CFG block. With 106 fixed
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Table 1. Summary of vertex features used for CFG blocks [54]. For histogram features, the total number of possible entries is
indicated in brackets. Features marked with (*) are specific to Graal, while unmarked features can be generally extracted in

any compiler that utilizes CFGs.

# Feature Name Type

Category

Description

1. Fixed Nodes Histogram

2. Floating Nodes Histogram Histogram (64)

3. Estimated CPU Cycles™ Numeric

. Estimated Assembly Size* Numeric
5. CPU Cheap Count* Numeric
6. CPU Expensive Count” Numeric
7. Control Split Depth Numeric
8. Loop Depth Numeric
9. Dominator Depth Numeric

Histogram (106) Node Types

Node type

Control-Flow
Control-Flow

Control-Flow

Histogram representing the distribution of fixed
nodes in the block

Histogram representing the distribution of float-
ing nodes in the block

Code Characteristic Estimated number of CPU cycles required for

executing nodes in the block

Code Characteristic Estimated assembly size of nodes in the block
Code Characteristic Number of nodes in a block requiring 0 or 1 CPU

cycle

Code Characteristic Number of nodes in a block requiring 64 or more

CPU cycles

Number of blocks containing cfs-nodes with a
successor that dominates the given block
Number of nested loops that enclose the given
block

Depth of a block in the dominator tree

node types, 64 floating node types, and seven numerical
features, the vertex feature vector has a total length of 177.

Additionally, numerical features are normalized to ensure
stable and efficient model training [35]. This is achieved by
transforming each numerical feature x using x = (x— iy )/ 0y,
where i, and oy represent the mean and standard deviation
of x calculated from the training data. Histogram features,
however, are not normalized since they typically consist of
only zeros and ones.

2.1.2 Edge Matrix. To encode the graph’s structure for the
GNN, we use an edge matrix that represents the connections
between graph vertices. This matrix is constructed following
the PyTorch Geometric (PyG) [22] specifications, as we lever-
age this library for implementing our GNN models. The edge
matrix, edgeMatrix, is structured as a 2-by-M matrix, where
M represents the number of edges in the graph. Each column
i in the matrix denotes a directed edge, specifying a connec-
tion from block edgeMatrix[0][i] to block edgeMatrix[1][i].
For example, the edgeMatrix for the callee’s CFG depicted
in Figure 1 is:

edgeMatrix = Bo B1 B1 B2 B2 B3 B3 B4 B7
Bl B2 B6 B3 B7 B4 B5 B1 B8
For simplicity, the edge matrix shown above represents
connections in only one direction. However, in practice, our
GNN profile-inference models use an edge matrix that in-
cludes bidirectional connections for each pair of neighboring

CFG blocks.

2.2 GNN Profile-Inference Model

Given the CFG, G = (8B, &), defined as a directed graph with
vertices B (CFG blocks) and edges & (control-flow connec-
tions), we construct input representations for the GNN-based
Profile Inference Model, as detailed in Section 2.1. Each CFG
block is described by a feature vector of length 177, cap-
turing its structural, computational, and control-flow char-
acteristics. These feature vectors form the feature matrix
X € RIBIX177 where each row corresponds to the feature
vector of a graph vertex.

The graph’s connectivity is encoded in an edge matrix E €
R**I€l Each column of E specifies a directed edge, indicating
a connection from vertex E[0, i] to vertex E[1, i]. Together, X
and E provide the structural and feature-based representation
of the CFG, serving as input to the GNN model.

The GNN model consists of layers that combine SAGEConv
and GraphNorm, formally defined as fiayer = GraphNorm o
SAGEConv. Specifically:

fin (R\ﬂlxm, szl&l) — RIBIXD (1)
fhidden : (R‘B|XD, szlgl) _ RIBIXD, @

where D is the hidden feature size of the GNN. The SAGEConv
graph convolution operation, derived from the GraphSAGE
framework [27], exchanges and aggregates features from a
vertex’s local neighborhood, while GraphNorm [6] normal-
izes vertex features for stable and efficient training.
GraphSAGE is chosen for its ability to inductively learn
vertex representations, enabling it to generalize to unseen
vertices and CFG structures. This capability is critical in our
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application, where CFG blocks may contain IR nodes that
appear infrequently in the training data or are entirely novel.
By sampling and aggregating features from a block’s local
neighborhood, GraphSAGE efficiently captures the structural
and topological properties of the CFG. Its lightweight and
scalable design ensures computational efficiency, even for
large graphs, while its robustness to out-of-distribution data
enhances model reliability.

Additionally, the use of GraphNorm improves model per-
formance by stabilizing training and accelerating conver-
gence. Normalizing vertex features within the graph pre-
vents feature magnitude imbalances, ensuring the model
focuses on meaningful structural patterns in the CFG.

To compute execution probabilities, the extracted input
representations are processed in two phases: GNN Feature
Encoding and FNN Profile Inference, corresponding to steps
one and two in Figure 1.

2.2.1 GNN Feature Encoding. The input feature matrix
X € RIZX177 and edge matrix E € R**I€l are passed through
N GNN layers to encode the features of CFG blocks, where
N > 2. Each layer alternates with a non-linear activation
function, ¢, where we use ¢ = GELU [29] due to its smooth
activation outputs and superior performance compared to
ReLU [1]. The GNN encoding is formally defined as:

H(N) = ﬁ'lidden o Sb (fhidden) ©0---0 ¢ (ﬁlidden) ° ¢ (ﬁn (X, E)) 5

(N—-2)-times

where HN) ¢ RIBIXD represents the final output matrix
containing the encoded features of all CFG blocks after N
layers. The functions fi, and fhidden are defined in Equations 1
and 2, respectively. These encoded features, H®MN), encapsu-
late both the intrinsic characteristics of each CFG block and
their contextual roles, relationships, and positions within
the graph.

2.2.2 FNN Profile Inference. Using the encoded features,
we infer branch execution probabilities for all CFG blocks
that terminate with If nodes. For a given block, such as B2
in Figure 1, which ends with an If node, we consider the
feature vectors of B2 and its outgoing branches (B3 for the
True branch and B7 for the False branch).

The encoded features of these blocks, denoted as Hélz\]),

Héév), H(N) € RP, are concatenated and passed through
a feedforward neural network (FNN) [3] to compute the

execution probability of the True branch:
pe2true = o (NN (HY @ B @ HEY')),

where & denotes vector concatenation, and o (x) = He){pﬁ
is the sigmoid activation function.
This process is repeated for all CFG blocks that terminate

with If nodes.
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2.3 Context-Sensitive Profile Inference

To predict context-sensitive profiles, we enhance the feature
extraction process by incorporating additional contextual
information from the caller’s CFG, provided the specific call
chain is available (step zero in Figure 1). Instead of relying
solely on the CFG of the method where branch probabilities
are being inferred, we substitute the caller’s CFG block con-
taining the Invoke node—representing the call site of the
method—with the CFG of the callee. By inlining the callee’s
CFG into the caller’s CFG, we construct a context-sensitive
CFG that integrates both the method and its calling context.
Features extracted from this enriched, context-sensitive CFG
are then passed to GraalNN, enabling more accurate and
informed predictions of branch probabilities.

To illustrate the inlining procedure, consider the caller’s
CFG = (B and the callee’s CFG G.

caller’ claller) callee —
('Bcallee callee’?

), where the call site in the caller’s CFG is rep-
resented by the block b7 . .

€ B8 . . To construct a context-
sensitive CFG, we replace b .. ~ler With the entire

graph Qcauee, forming a new graph G = (8, §). The new set
of blocks, B, is defined as:

B = (Bcaller U Bcallee) \ {bInvoke

caller

caller
in

and the new set of edges, &, is:

&= ( caller \ {(bparent’ Invoke) (bInvoke’ hild)})
U acallee U {(bparent’ entry)’ (bexit’ bzhild)}’

where bentry and b, oxit are the entry and exit blocks of gcau

The integration redirects the edges that previously con-

nected by, .. to its parent block by, ... and child block
bzhlld Specifically, the edge (bparent, b, voke) is Teplaced

with (b3, rents entry) connecting the parent block to the en-

try block of g allee
placed with (bex1
to the child block.

Once constructed, the new graph G allows feature extrac-
tion as described in Section 2.1. This enables the prediction
of branch probabilities at If nodes in gcauee while incorpo-
rating the contextual information from the caller’s CFG.

Slmllarly, the edge (b7 ) is re-

Invoke’ Chlld

oDl d) connecting the exit block of gcau .

2.4 Branch-Probability Prediction Heuristics

To enhance the reliability of GraalNN, we incorporate branch
probability heuristics to refine predicted profiles for both
context-insensitive and context-sensitive cases. These heuris-
tics are critical for mitigating the impact of outliers, which
can cause significant degradation in program execution speed
when predicted profiles are inaccurate [31]. By applying

3We assume that b} voke Das only one parent block and one child block. In
practice, blocks ending with cfs nodes may have multiple child blocks, all
of which must be appropriately connected to the exit blocks of G

callee”
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these heuristics, we reduce the risks associated with deploy-
ing GraalNN in practical compiler optimization tasks, ensur-
ing robust and reliable performance.

We adopt two heuristics proposed by Cugurovi¢ et al. as
part of the GraalSP framework [54]: the loop heuristic and
the dead-end heuristic.

The loop heuristic assigns a minimum probability, referred
to as the loop guard (LG), to branches that lead into loop
bodies, prioritizing these paths in execution predictions. This
ensures that the compiler can always recognize the impor-
tance of loops, which are typically executed multiple times.

The dead-end heuristic addresses branches leading to pro-
gram termination, capping their probabilities using an exit
guard (EG). Specifically, it limits the probability of termi-
nating branches when non-terminating branches have sub-
stantial assembly sizes. This is controlled by two thresh-
olds: the maximum exit probability and the minimum non-
terminating branch assembly size, where the former is condi-
tioned on the latter. By applying this heuristic, the compiler
avoids overestimating paths leading to early termination,
ensuring that non-terminating branches with optimization
potential are not overlooked.

GraalNN achieves greater robustness and reliability in
profile-guided optimizations by refining predicted proba-
bilities with these heuristics. This approach minimizes the
chance of generating suboptimal code due to inaccurate pre-
dictions and prevents the compiler from making overly ag-
gressive optimizations that could result in significant perfor-
mance penalties. The combination of these heuristics ensures
a balance between predictive accuracy and practical usability
in real-world compiler scenarios.

3 Implementation

GraalNN is integrated into the compiler through a two-phase
process. The first phase is an offline stage where the models
are trained and validated to ensure their quality and accu-
racy. The second phase is an online stage where the trained
models are utilized within the compiler to predict branch
probabilities at If nodes.

3.1 Training and Validation

Before integrating the GraalNN into the Graal compiler, it is
necessary to first train the GNN profile-inference models.

3.1.1 Training and Validation Dataset. To ensure high-
quality training data for GNN-based static profilers, we build
our training dataset from real-world projects [39, 54]. We
construct our training set using various libraries included
in the GraalVM Reachability Metadata Repository. These
libraries cover a wide range of applications, including data-
base management, data compression, logging, networking,
web servers, HTTP protocols, and email support [17].
Control-flow graphs are collected in two phases: the pars-
ing phase for context-insensitive cases and the inlining phase
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for context-sensitive cases. During the inlining phase, we
gather the CFGs requiring profile predictions and incorpo-
rate the caller graphs by inlining them, as described in Sec-
tion 2.3, to form a single context-sensitive CFG.

In total, we collected 227,683 CFGs during the parsing
phase and 970,693 CFGs during the inlining phase. Each
graph contains at least one If node with branch probabilities
labeled using instrumentation-based profiling, resulting in a
total of 3,043,875 labeled If nodes. The 90% of the collected
graphs are used for training, with the remaining 10% reserved
for validation and model selection.

3.1.2 Probability Labels. To generate labels for training
our model, we leverage the PGO workflow. This process in-
volves compiling programs from the training dataset and
collecting execution counts for branches at If nodes dur-
ing runtime. For each If node, the execution counts of the
True and False branches are denoted as nyrye and ngaise,
respectively. The execution probability of the True branch,
which serves as the label for the corresponding If node, is

— NTrue
computed as prrye = T

3.1.3 Distribution of Execution Counts. As explained
in Section 3.1.2, labels are derived from the execution counts
of branches at each If node. The total execution count for
an If node is calculated as the sum of its True and False
branch counts, n7pye +NFalse. For each If node, we normalize
the execution count of each If node by dividing it by the
total execution count across all observed methods in the
program.

Figure 2 illustrates that the distribution of normalized ex-
ecution counts at If nodes is long-tailed and highly skewed.
This indicates that a small subset of If nodes is executed
frequently, while the large majority of branches are executed
only a handful of times, making their contribution negligible
in comparison to the most frequently executed nodes.

Distribution of Execution Counts
10°
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Figure 2. Distribution of normalized execution counts for
If nodes from the training dataset (Log Scale, 50 bins).
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3.1.4 Model Training. To optimize program performance,
it is crucial that GraalNN accurately predicts profiles for the
most frequently executed If nodes, as prediction of their
profiles has the greatest impact on overall runtime [54]. In
contrast, predictions for less frequently executed nodes are
less critical to performance.

To ensure that the GNN profile-inference models during
training prioritize frequently executed If nodes, we use
a weighted binary cross-entropy (BCE) loss [38] with the
normalized execution counts from Section 3.1.3 serving as
training weights for each If node. This approach enables
the model to implicitly learn to recognize and prioritize hot
code regions. We optimize the model’s parameters using the
AdamW optimizer [37] with a learning rate of 0.001.

Training is conducted for 200 epochs, with the model
checkpointed at the epoch that achieves the lowest validation
loss. This approach ensures optimal performance regardless
of the total number of training epochs.

We train separate models tailored to each phase to ac-
commodate both context-insensitive and context-sensitive
profile inference, which are performed during the parsing
and inlining phases. The need for distinct models arises be-
cause the underlying nature of profiles varies significantly
between these two phases. In the parsing phase, execution
counts are aggregated across all possible call paths for which
a method is reachable, resulting in context-insensitive pro-
files. Conversely, in the inlining phase, execution counts are
specific to the context of the particular call graph from which
a method is invoked, leading to context-sensitive profiles.
Given these differences, we develop one profile inference
model using context-insensitive labels and training graphs
from the parsing phase, and another using context-sensitive
labels and context-enhanced CFGs from the inlining phase.

3.1.5 Model Implementation. Our GNN model is im-
plemented using the PyTorch Geometric [22] library, with
SAGEConv layers serving as the primary graph convolution
mechanism. The feedforward neural network (FNN) head,
responsible for probability prediction, is implemented using
the PyTorch [43] library.

Both context-insensitive and context-sensitive GNN pro-
file inference models are configured with N = 8 SAGEConv
layers and a hidden feature size of D = 64. The FNN head
is a two-layer neural network with hidden sizes of 128 and
64. Overall, each model contains 115,265 trainable parame-
ters, determined through extensive hyperparameter tuning
to minimize the weighted binary cross-entropy (BCE) loss
on the validation set.

3.2 Model Deployment

Once the GNN profile inference models (context-insensitive
and context-sensitive) are trained, they are deployed into the
compiler to predict branch probabilities under the GraalNN
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framework. These models are integrated into two distinct
compiler phases:

1. Parsing Phase. The context-insensitive model is de-
ployed during the parsing phase, immediately after
constructing the CFG for each program method. De-
ploying the model at this stage enables compilers to use
the predicted profiles and perform PGO at the earliest
possible point, unlocking optimization opportunities
throughout the subsequent compilation stages.

2. Inlining Phase. The context-sensitive model is de-
ployed during the inlining phase, when the call context
becomes available. At this stage, the compiler con-
structs context-sensitive CFGs, refining the profiles
generated during the parsing phase to enhance their
accuracy based on the specific context under which
the method is invoked.

The trained models are integrated into the Graal compiler
using the ONNX Java Runtime [16], which facilitates running
PyTorch-trained models across Windows, Linux, and Darwin
OS distributions.

4 Evaluation

In this section, we present the experiments conducted to
evaluate the impact of deploying GraalNN within GraalVM
Native Image. Our primary focus is to assess the framework’s
effect on program execution time. Additionally, we analyze
its impact on binary size and compilation time for the com-
piled applications.

We describe the evaluation setup (§4.1), assess GraalNN
on industry-standard benchmark suites (§4.2), compare it
with state-of-the-art static profilers (§4.3), and evaluate its
performance on real-world microservices benchmarks in the

cloud (§4.4).

4.1 Evaluation Setup

4.1.1 Software and Hardware Setup. We use GraalVM
Enterprise Edition 24 using the Serial Garbage Collector and
running on Oracle Linux Server 7.4. We conducted experi-
ments on a machine equipped with two Intel E5-2699 CPUs
@ 2.30 GHz (18-core processors) with 756 GB of DDR4 mem-
ory clocked at 2400 MHz.

To conduct measurements, we pin the evaluated process
to the first core and use only the first-core’s memory to min-
imize measurement instability from non-uniform memory
access. We run benchmarks with hyper-threading enabled,
using a 40 GB RAM disk to eliminate I/O noise and set CPU
C-states to 0 to prevent power-saving modes from affecting
results.

4.1.2 Test Benchmarks. We evaluate our models using
standard Graal compiler benchmark suites, ensuring no over-
lap with the programs used during training. These include
three comprehensive suites: the Renaissance suite [45], the
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Table 2. Impact of deploying different GNN-based static profiler configurations on runtime, binary size, and compile time in
the GraalVM Native Image compiler, expressed as percentage changes relative to a baseline that does not employ any static

profiler or have access to dynamic profiles.

Configuration Runtime Speedup (%) Binary Size Incr. (%) Compile Time Incr. (%)
GNN@Parsing (No-Guards) 8.20 2.60 14.19
GNN@Parsing (LG=20 EG=(80, 50)) 7.16 2.67 14.36
GNN@Parsing (LG=20 EG=(90, 100)) 7.55 2.59 14.22
GraalNN (No-Guards) 9.48 2.65 21.25
GraalNN (LG=20 EG=(80, 50)) 9.15 2.70 20.07
GraalNN (LG=30 EG=(80, 50)) 10.13 2.94 20.85

DaCapo suite [4], and the DaCapo con Scala suite [50], com-
prising a total of 29 diverse benchmarks. The benchmarks
cover a wide range of tasks and applications, including cross-
language static code analyzers, compilers, class file decoders,
code formatters, computationally intensive tasks like ray
tracing with the Sunflow rendering engine, XML process-
ing tools, machine learning algorithms, and text search and
processing using Apache Lucene. Additional workloads sim-
ulate microblogging with Twitter Finagle, test Java streams
and concurrent algorithms, execute genetic algorithms with
the Jenetics library, and evaluate frameworks such as Akka.

These benchmarks, representing comprehensive applica-
tions with significant codebases, are commonly employed
in the literature to assess proposed optimization methods [5,
44]. Moreover, their inclusion facilitates direct performance
comparisons with GraalSP [54], the current state-of-the-art
static profiling framework for the Graal compiler.

4.1.3 Evaluation Metrics. For each test benchmark, we
evaluate the impact of our models on program runtime, bi-
nary size, and compile time by measuring the percentage
change in these metrics relative to a baseline, for which
branch execution probabilities are uniformly distributed (i.e.,
no heuristic or ML-based profile predictions are applied).
Each metric is averaged over n runs for a given benchmark,
with n determined based on the benchmark’s stability [54].
To aggregate results across multiple benchmarks, we utilize
the geometric mean [23, 24].

4.2 Evaluation of GNN-based static profilers

To select the optimal configuration for our GNN-based static
profiler, we evaluate the performance of the GraalNN frame-
work, which predicts both context-insensitive and context-
sensitive branch probabilities, against a configuration that
uses the GNN-Profile Inference Model only during the pars-
ing phase, referred to as GNN@Parsing.

Additionally, we assess the effects of using different guard
parameters for the branch probability prediction heuristics
described in Section 2.4. Specifically, we explore variations in
the loop guard (LG) and exit guard (EG) values—initially set
at LG=20 and EG=(80, 50) in the GraalSP approach [54]—as

these have been shown to improve the runtime speedup
of their baseline ML model by over 2%. Configurations not
using branch probability prediction heuristics are denoted
by the No-Guards tag.

mmm GNN@Parsing (No-Guards)
mmm GNN@Parsing (LG=20 EG=(90, 100))

mmm GraalNN (No-Guards)
mmm GraalNN (LG=30 EG=(80, 50))

16.00

14.00

12.00

10.00

8.00

6.00

Runtime Speedup (%)

4.00

2.52 2.41

2.00

0.00

DaCapo Renaissance DaCapo con Scala

Benchmark Suites

Figure 3. Comparison of runtime speedup across benchmark
suites for different GNN-based configurations.

4.2.1 Runtime Performance. Table 2 demonstrates that
all GraalNN configurations outperform the GNN@Parsing
configurations. Notably, the best-performing GraalNN con-
figuration, with LG=30 and EG=(80, 50), exceeds the perfor-
mance of GNN@Parsing (No-Guards) configuration by ap-
proximately 2%, confirming that refining profile predictions
during the inlining phase with context-sensitive profiles posi-
tively impacts the runtime performance. Additionally, tuning
the branch probability heuristic guards further enhances the
runtime speedup of GraalNN and improves model robust-
ness in real-world scenarios by reducing the likelihood of
critical mispredictions. Our results show that GraalNN per-
forms optimally when the probability of staying in a loop is
at least 30%. In contrast, GNN@Parsing configurations are
negatively affected by aggressive guard settings, prompting
us to adjust the EG values to be less aggressive.
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Interestingly, branch probability heuristics do not have as
strong a positive effect on GraalNN and GNN@Parsing as
they do with GraalSP. This difference can be attributed to
the higher descriptive power of GraalNN’s GNN model com-
pared to GraalSP’s XGBoost model. The GNN is significantly
more capable of capturing the distribution of training set
probabilities, reducing the need for guard-based corrections.
In some cases, applying guards even negatively impacts the
performance of the GNN-based static profilers.

Figure 3 illustrates the runtime performance of the GNN-
based static profilers across benchmark suites. GraalNN con-
figurations perform exceptionally well on the Renaissance
suite, surpassing GNN@Parsing configurations by over 5%.
However, all models exhibit less pronounced performance on
the DaCapo con Scala benchmark suite, likely due to its older
codebase, which diverges significantly from the modern Java
code used for model training.

4.2.2 Binary Size. All configurations result in a compara-
ble impact on the binary size of compiled programs, with an
average increase of approximately 2.65%, with an exception
for the GraalNN (LG=30 and EG=(80, 50)), which incurs a
slightly higher increase of 2.94% due to a more aggressive
loop guard (Table 2). These increases in binary size are attrib-
uted to optimizations such as code duplication, which are
applied more aggressively based on the inferred profiles. In
contrast, the baseline scenario, where execution probabilities
are uniformly distributed across branches, applies duplica-
tion less aggressively, leading to smaller binary sizes [34].

4.2.3 Compile Time. As anticipated, GraalNN configura-
tions result in higher compile times due to the use of GNN
models in two distinct compiler phases (Table 2). This in-
crease is primarily attributed to the additional extraction of
GNN input vectors, GNN inference, and the generation of
higher-quality profiles that trigger PGO within the compiler.
In experiments conducted on an Intel i7-1370P with 18 cores?,
the parsing phase required an average of 2.41 additional sec-
onds for the test benchmarks, directly reflecting the time
added by GNN input extraction and inference. The remain-
ing increase in compile time arises indirectly as the compiler
spends more time optimizing code based on the improved
profile information. Moreover, GraalNN incurs additional
computational overhead by predicting context-sensitive pro-
files on inlined CFGs, which are inherently larger and more
resource-intensive to process.

4.2.4 Discussion. Based on the results, we conclude that
GraalNN (LG=30, EG=(80, 50)) is the best-performing con-
figuration, offering the highest runtime speedup with only
a marginal increase in binary size and compile time com-
pared to other evaluated configurations. Detailed results and
benchmark-specific comparisons are presented in Appen-
dix B for further insights.

4Developer’s laptop

CGO ’25, March 01-05, 2025, Las Vegas, NV, USA

In circumstances where compile time-saving is crucial,
we recommend using GNN@Parsing (LG=20 EG=(90, 100)),
which still achieves a strong runtime speedup of 7.55% while
being over 6% faster to compile than GraalNN (LG=30 EG=(80,
50)) and having a lower binary size increase. Take note that
even though GNN@Parsing (No-Guards) appears better than
GNN@Parsing (LG=20 EG=(90, 100)) across all three metrics,
we prefer the GNN@Parsing configurations whose predic-
tions are guarded by branch probability heuristics, as static
profilers that are purely ML-based can harm compiler per-
formance due to mispredictions on unseen data and vulnera-
bility to outliers [47].

4.3 Comparison with Existing Profiling Techniques

For comparison with relevant static profilers, we evaluate our
two best GNN-based configurations: GNN@Parsing (LG=20,
EG=(90, 100)) and GraalNN (LG=30, EG=(80, 50)). We com-
pare these configurations directly against:

e The Graal compiler utilizing the branch probability
prediction heuristics proposed by Wu and Larus [53],
which are similar to the heuristics adopted by Clang’s
default compiler settings [32].

o The Graal compiler employing GraalSP [54] as its static
profiler, which serves as the default static profiling
mechanism in the GraalVM Native Image [52].

Since GraalNN is tailored to Java bytecode, we excluded
direct comparisons with VESPA [39], a static profiler specifi-
cally designed for the BOLT binary optimizer [42].

We express the impact of each static profiler relative to
the compiler baseline, which uniformly assigns execution
probabilities over branches (does not use any static profiler or
has access to dynamic profiles). The summary of the results
is presented in Table 3.

4.3.1 Runtime Performance. GNN-based solutions ac-
complish better runtime speedup gains compared to the
other two static profilers, Wu and Larus’s heuristics-based
and GraalSP (Table 3). Notably, our two-phase static pro-
filer, GraalNN (LG=30 EG=(80, 50)), outperforms these static
profilers by 4.49% and 2.67%, respectively.

Figure 4 illustrates that GNN-based solutions perform best
on the DaCapo suite, nearly doubling the runtime boost
demonstrated by GraalSP. The GraalNN framework also
shows significant improvement, being over 11% better than
Wu and Larus’s profiler and over 5% better than GraalSP
on the Renaissance suite. Although the Wu and Larus static
profiler performs best on the DaCapo con Scala suite, its per-
formance comes at the expense of generating much larger
binaries and significantly increasing compilation time (Ta-
ble 3). Moreover, the benchmarks of this suite are less rel-
evant as their codebase is considerably older and diverges
from the more modern Java code used for the training of
GraalSP, GNN@Parsing, and GraalNN models.
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Table 3. Comparison of the impact of deploying GraalNN, GNN@Parsing, and other existing profiling techniques on runtime,
binary size, and compile time in the GraalVM Native Image compiler. The results are expressed as percentage changes relative
to a baseline that does not use any static profiler or have access to dynamic profiles.

Configuration Runtime Speedup (%) Binary Size Incr. (%) Compile Time Incr. (%)
GNN@Parsing (LG=20 EG=(90, 100)) 7.55 2.59 14.22
GraalNN (LG=30 EG=(80, 50)) 10.13 2.94 20.85
Wu and Larus 5.64 31.60 78.51
GraalSP 7.46 3.91 12.01

B GNN@Parsing (LG=20 EG=(90, 100)) B GraalSP
mmm GraalNN (LG=30 EG=(80, 50)) mmm Wu&larus

16.00
14.81
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Runtime Speedup (%)
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DaCapo con Scala

Benchmark Suites

Figure 4. Runtime speedup across different benchmark
suites for various configurations and profilers.

4.3.2 Binary Size. In terms of binary size increase, our
GNN-based solutions are considerably more efficient than
the other two static profilers, generating binaries that are at
least 1% smaller on average than those produced by GraalSP
and over ten times smaller than the binaries produced by
the Graal compiler enhanced with Wu and Larus’s heuristics
(Table 3). Figure 5 shows that a similar trend is observed
across the test suites, except for DaCapo con Scala, where
the generated binaries are of similar sizes for our GNN-based
solutions and GraalSP.

4.3.3 Compile Time. As shown in Table 3 and Figure 6,
our GNN-based static profilers come at the cost of increased
compile time compared to GraalSP, primarily due to the
computational overhead associated with GNN model infer-
ence, especially as GraalNN performs profile inference in
two compilation phases. In contrast, GraalSP is built upon
the XGBoost model, which is a much lighter model compared
to GNNEs.

While the Wu and Larus static profiler directly applies
predefined heuristics without the overhead of ML model
inference, its heuristics significantly increase the binary size,
and a considerable amount of time is spent on generating

mmm GNN@Parsing (LG=20 EG=(90, 100)) mmm GraalSP
= \Wu&Larus

mmm GraalNN (LG=30 EG=(80, 50))
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30.00

25.00

20.00

15.00

Binary Size Increase (%)
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205 234 224
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Benchmark Suites

Figure 5. Binary size increase across different benchmark
suites for various configurations and profilers.

large binaries, making it the most time-consuming method
in terms of compilation.

mmm GNN@Parsing (LG=20 EG=(90, 100)) s GraalSP
mmm GraalNN (LG=30 EG=(80, 50)) = Wu&Larus
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Figure 6. Compile time increase across different benchmark
suites for various configurations and profilers.
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4.3.4 Discussion. Our GNN-based frameworks demon-
strate significant improvements over existing static profil-
ers. Among the evaluated configurations, GraalNN (LG=30,
EG=(80, 50)) stands out as the best-performing approach,
achieving a runtime speedup of 10.13%—exceeding other
static profiling solutions by over 2.5%, a 35% relative im-
provement—while keeping the binary size increase smaller
than both GraalSP and Wu and Larus’s profilers.

Moreover, GNN@Parsing (LG=20, EG=(90, 100)) repre-
sents the second-best configuration. It slightly surpasses
GraalSP in runtime speedup while exhibiting a much smaller
binary size increase and only a marginal compile time in-
crease relative to GraalSP. Additionally, it offers a significant
compile time decrease compared to GraalNN (LG=30, EG=(80,
50)). Therefore, in scenarios where the fast compilation is
critical, GNN@Parsing (LG=20, EG=(90, 100)) provides a com-
pelling alternative, balancing performance and compilation
efficiency.

4.4 Evaluation on Microservices Benchmarks

To further demonstrate the applicability and robustness of
our approach, we evaluate GraalNN and related configura-
tions on a suite of modern microservices applications de-
veloped using three popular Java web service frameworks:
Spring [14], Micronaut [12], and Quarkus [13]. The microser-
vices benchmark suite includes the following: the Spring
PetClinic application, a comprehensive demo for Spring that
simulates a pet clinic management system; the Micronaut
Shopcart application, an e-commerce system built with the
Micronaut framework; and the Quarkus Tika application,
which utilizes the Tika PDF and Tika ODT modules to pro-
cess and extract metadata from documents using the Quarkus
framework.

4.4.1 Experimental Setup. To more closely reflect real-
world scenarios in the evaluation of microservices bench-
marks, we utilize a cloud-based machine equipped with AMD
EPYC 7742 processors, featuring a base frequency of 2.25
GHz and a maximum boost frequency of 3.4 GHz. The rest of
the software and hardware setup is identical to that described
in Section 4.1.1.

4.4.2 Evaluation with O2 Optimization Budget. We
first evaluated the models using the default O2 optimization
budget, also employed in previous experiments. As shown
in Table 4, GraalNN demonstrates substantial performance
gains, doubling the runtime speedup of GraalSP while achiev-
ing the smallest binary size increase among the evaluated
static profilers. However, as illustrated in Figure 7, the perfor-
mance gap between GraalNN and GNN@Parsing is relatively
narrow. Notably, GNN@Parsing outperforms GraalNN in
both Tika benchmarks, suggesting that the optimization bud-
get in O2 constrains the full potential of the inferred profiles.
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Figure 7. Runtime speedup with O2 budget across different
microservices for various configurations and profilers.

4.4.3 Evaluation with O3 Optimization Budget. To
fully explore the impact of GraalNN, we extended the evalu-
ation to the O3 optimization budget. Although O3 is not typ-
ically utilized due to its significant impact on binary size (re-
sulting in a 42% increase across microservices benchmarks),
it provides a broader evaluation of optimization potential.

Under the O3 budget, all configurations demonstrated im-
proved performance, with the advantages of GraalNN becom-
ing more pronounced. As detailed in Table 4 and illustrated
in Figure 8, GraalNN outperformed other static profilers by
an average of over 3.2% in runtime speedup and achieved
the best performance across all microservices benchmarks,
while maintaining the lowest binary size increase.

This improvement, however, comes at the cost of a substan-
tial compile time increase. The dual-phase GNN inference
and the subsequent computational demands of processing
larger inlined CFGs contribute to this overhead. Neverthe-
less, the results highlight the effectiveness of GraalNN in
delivering superior runtime performance with trade-offs in
compile time.

5 Related Work

State-of-the-art static profilers use regression ML models,
classification ML models, and handcrafted heuristics to pre-
dict profiles.

Cugurovic¢ et al. [54] introduce GraalSP, a static profiler
that uses an XGBoost ML model [10] for regression to predict
program profiles. GraalSP extracts features from the high-
level, graph-based compiler IR. In addition to the XGBoost
model, GraalSP incorporates two branch probability predic-
tion heuristics to maintain program performance when the
ML model encounters outliers. GraalSP is integrated into
GraalVM Native Image [52].
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Table 4. Impact of deploying GraalNN, GNN@Parsing, and GraalSP on runtime, binary size, and compile time in the GraalVM
Native Image compiler for microservices benchmarks. Results are expressed as percentage changes relative to a baseline without
static or dynamic profiles. The table compares two optimization budgets, O2 and O3.

Opt. Budget Configuration

Runtime Speedup (%) Binary Size Incr. (%) Compile Time Incr. (%)

GNN@Parsing (LG=20 EG=(90, 100)) 2.40 4.20 15.84
02 GraalNN (LG=30 EG=(80, 50)) 3.33 3.74 62.19
GraalSP 1.58 7.76 12.99
GNN@Parsing (LG=20 EG=(90, 100)) 9.92 5.53 17.38
03 GraalNN (LG=30 EG=(80, 50)) 13.16 5.05 129.11
GraalSP 9.46 7.43 12.70
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Figure 8. Runtime speedup with O3 budget across different
microservices for various configurations and profilers.

Moreira et al. [39] developed VESPA, a static profiler that
uses deep learning, specifically a feed-forward deep neu-
ral network (DNN) [25], to predict program profiles. The
proposed DNN model leverages binary-level features and
extends the feature set introduced by Calder et al. [7], origi-
nally proposed for solving the static branch prediction task
[53]. The authors integrated the VESPA static profiler into
the BOLT binary optimizer [42].

Raman and Li [46] and Eichenberger et al. [21] utilized
deep neural network ML models to predict branch profiles
in the LLVM compiler. They extract features from LLVM IR
and use data center workloads and modern C++ applications
to create training datasets.

Rotem and Cummins [47] proposed a static profiler that
utilizes an XGBoost ML model for multiclass classification.
They discretized branch execution probabilities into cate-
gories, thereby transforming the branch probability predic-
tion into a multiclass classification task. Wu and Larus [53]
developed a set of static heuristics to predict branch execu-
tion probabilities. They extended the static branch prediction

heuristics originally proposed by Ball and Larus [2], which
are used by default in the Clang compiler [32].

6 Conclusion

In this work, we introduced GraalNN, a novel framework for
static profiling that leverages GNNs directly on control-flow
graphs (CFGs). By allowing the model to inherently cap-
ture structural information from CFGs, GraalNN reduces the
reliance on handcrafted features, simplifying the profiling
process and enhancing the accuracy of profile predictions.

A key contribution of our approach is the two-stage pro-
filing process: GraalNN predicts context-insensitive profiles
during the parsing phase and refines them with context-
sensitive profiles during the inlining phase. This context-
aware profiling framework enables GraalNN to capture both
local and global control-flow patterns, significantly improv-
ing the precision of static profiles. As a result, GraalNN
achieves a runtime speedup of 10.13% on a wide range of
industry-standard benchmarks, outperforming previous ap-
proaches by over 2.5%, while also reducing binary size by
over 0.9% when compared to other static profiling solutions.
Finally, GraalNN demonstrates its effectiveness on modern
microservices benchmarks, achieving a runtime speedup of
up to 13.16% with minimal binary size increase, highlighting
its practicality for real-world cloud applications.
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A Impact of Graph Size on GNN Inference
Time
We evaluated the scaling of CPU inference time with graph
size by running a GNN model with 8 SAGEConv layers and a
hidden size of 64 on training CFG graphs, using an Intel i7 -
1370P with 18 cores. The average inference time is 4.93ms.
Figure 9 shows inference time increasing with graph size,
with a significant jump for graphs exceeding 1000 vertices.
This highlights the importance of using compact graph ab-
stractions, like CFGs, to minimize compile-time overhead.
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Figure 9. GNN inference time increases with graph size.

B Detailed Test Benchmark Results

We compare the performance of our best GNN-based static
profiling configurations against GraalSP across test bench-
marks. Figure 10 illustrates the runtime speedup, Figure 11
depicts the increase in binary size, and Figure 12 highlights
the compile time increase for each benchmark, all relative to
the default configuration that does not have access to static
or dynamic profiles.
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Figure 10. Runtime speedup of GNN@Parsing (LG=20 EG=(90, 100)), GraalNN (LG=30 EG=(80, 50)), and GraalSP over test
benchmarks (note: Apparat and TMT benchmarks could not be evaluated for GraalSP).
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Figure 11. Binary size increase of GNN@Parsing (LG=20 EG=(90, 100)), GraalNN (LG=30 EG=(80, 50)), and GraalSP over test
benchmarks (note: Apparat and TMT benchmarks could not be evaluated for GraalSP).
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Figure 12. Compile time increase of GNN@Parsing (LG=20 EG=(90, 100)), GraalNN (LG=30 EG=(80, 50)), and GraalSP over
test benchmarks (note: Apparat and TMT benchmarks could not be evaluated for GraalSP).
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