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Abstract—Memory performance bottlenecks the execution of
graph applications, from traditional graph analytics (GA) to
rapidly evolving graph neural networks (GNNs), due to the large
size and complexity of graphs. While machine learning (ML) algo-
rithms have shown potential in data prefetching to hide memory
access latency, existing approaches face challenges with phase tran-
sitions and irregular memory access patterns in graph applications.
To address these challenges, we introduce GraFetch, a specialized
prefetching system for accelerating graph applications. GraFetch
comprises of 1) a novel Hierarchical Hybrid Prefetching (HHP)
framework that supports the cooperation of phase-specific ML
predictors for high-complexity pattern prefetching and rule-based
prefetchers for low-complexity pattern prefetching; and 2) Do-
main Specific Machine Learning (DSML) models integrated in the
framework, which incorporate domain knowledge of graph appli-
cations to detect phases, recognize patterns, and predict memory
accesses. We evaluate our approach using popular GA frameworks
GPOP and X-Stream, and state-of-the-art GNN frameworks PyG
and DGL. Our domain specific attention-based memory access
predictors achieve 7.4% higher F1-score for delta (consecutive
address jump) prediction and 15.35% higher accuracy@10 for
page prediction compared with basic attention models. GraFetch
achieves an average IPC improvement of 12.47% for GA and 4.18%
for GNNs over a system with no prefetcher. This outperforms
state-of-the-art rule-based prefetchers BO (7.12% for GA, 1.10%
for GNNs), ISB (3.82% for GA, 1.60% for GNNs), and IMP (8.47%
for GA, 2.20% for GNNs), as well as ML-based prefetchers Voyager
(9.61% for GA, 3.14% for GNNs) and TransFetch (10.98% for GA,
2.48% for GNNs).

Index Terms—Machine learning, prefetcher, domain specific,
graph analytics, graph neural networks.

I. INTRODUCTION

GRAPHS are widely used across various fields, ranging
from social networks and biological systems to recom-

mendation engines, owing to their capacity to represent complex
relationships and interactions among entities intricately. Graph
applications use graph structures and algorithms to solve real-
world problems. Traditional Graph Analytics (GA) [1] focus on
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extracting patterns directly from the graph structure using algo-
rithms such as Breadth-First Search, Connected Components,
and PageRank. Researchers have proposed various effective
and scalable graph processing frameworks to improve graph
analytics performance, such as GPOP [2] and X-Stream [3].
Recently, Graph Neural Networks (GNNs) [4] have risen as
a crucial breakthrough in graph algorithms, offering advanced
techniques for learning representations from graph-structured
data. Their ability to encode graph topology and node features
into low-dimensional embeddings has revolutionized tasks such
as node classification and link prediction [5]. Frameworks for
GNN, such as PyTorch Geometric (PyG) [6] and Deep Graph
Library (DGL) [7], provide the necessary infrastructure and
tools for implementing, training, and evaluating GNN models
efficiently.

Graph applications can be efficiently developed based on
the GA and GNN frameworks. However, they often encounter
performance bottlenecks due to low memory performance [8].
Studies show that up to 60% of execution time in GNN work-
loads is spent on memory-bound operations, such as feature
aggregation and neighborhood sampling [9]. Frequent, irregular
memory accesses to large graph data, compounded by parallel
execution randomness, create a bottleneck that limits compu-
tational efficiency and scalability [10]. These insights motivate
us to focus on memory optimization as a critical step toward
improving the performance of graph applications.

Data prefetching [11] is a memory optimization technique that
hides memory access latency. It predicts and fetches data from
main memory into the cache hierarchy before processor requests.
There are several prefetching mechanisms for accelerating graph
applications. Traditional rule-based prefetchers, for example,
rely on the heuristic spatial locality [12], [13], [14] and temporal
locality [15], [16] of memory accesses. These prefetchers are
effective for regular stride and streaming patterns [17], and their
simplicity allows for straightforward hardware implementation.
However, these rule-based prefetchers cannot handle the com-
plex memory access patterns seen in graph applications. On the
other hand, Machine Learning (ML) algorithms have shown high
performance in recent memory access prediction and prefetching
tasks [18], [19], [20], [21], [22]. In particular, models using the
attention mechanism [23] have demonstrated high accuracy in
complex memory access pattern detection and high practicality
due to their parallelizable structure [8], [24].

Considering the ubiquity and significance of graph analyt-
ics and graph neural networks, we believe there is a need to
develop dedicated high-performance ML prefetchers for such
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applications. However, two major shortcomings in existing ML-
based prefetchers hinder the advancement of such specialized so-
lutions. 1) The fallacy of one-model-fits-all. Graph applications
typically involve multiple distinct phases. For instance, the GA
framework X-Stream utilizes Scatter and Gather phases in each
processing iteration, while the GNN framework PyG employs
Aggregate and Update phases in each forwarding computation
step. The memory access patterns vary significantly across these
phases, making it ineffective to train a single general ML-based
predictor that performs well for all phases [25]. Moreover, within
each phase, regular and irregular memory patterns are inter-
leaved. For instance, loading a feature vector for one graph node
constitutes regular streaming access, whereas visiting neigh-
boring nodes may result in irregular memory address jumps.
The ease of learning regular patterns often dominates model
training [26], resulting in a biased model that excels at predicting
regular patterns but performs poorly on complex ones, contra-
dicting our motivation behind applying ML to prefetching. 2)
Limited incorporation of domain knowledge. Existing ML-based
prefetchers [19], [22], [24], [27] model the prefetching process
as a simple sequence prediction problem, lacking integration of
domain knowledge from architecture or computation. However,
the domain knowledge is crucial for modeling. The context of
the architecture shapes the design of ML prefetching models.
For example, in multi-core systems, program counters (PCs)
hold greater significance compared to single-core systems, as
they specify the core for a memory request. The context of the
computation influences the design and training of an ML-based
prefetcher. For example, the paradigm of a graph application
defines processing phases, enabling training multiple phase-
specific models; traversing nodes across pages causes wide-
ranging page jumps, motivating spatial-temporal prefetching;
the information on graph inputs and GNN models can offer
valuable insights and boost model performance.

To address the above shortcomings, we propose GraFetch,
accelerating Graph applications via preFetching. Specifi-
cally, GraFetch consists of 1) a novel Hierarchical Hybrid
Prefetching (HHP) framework, which analyzes memory ac-
cess patterns and allocates different prefetchers accordingly,
and 2) Domain Specific Machine Learning (DSML) models for
prefetching with domain knowledge integrated into the ML-
based components in HHP.

The Hierarchical Hybrid Prefetching (HHP) framework tar-
gets graph applications with multiple processing phases and
complex memory access patterns. We design four levels of
memory access analysis in HHP, consisting of: 1) application
level, where memory accesses are extracted; 2) phase level,
where phases are identified based on the computation paradigm;
3) snippet level, where short sequences sharing similar patterns
are detected and specific prefetchers are allocated based on
snippet pattern complexity; and 4) access level, where future
memory accesses are predicted and prefetches are issued. HHP
offers several advantages over existing approaches. First, HHP
employs phase-specific ML models, which outperform a one-
model-fits-all model approach. Second, HHP can better exploit
the capabilities of ML models by training ML models using
snippets under complex patterns. Third, HHP offers flexibility in

integrating lightweight rule-based prefetchers to handle regular
patterns, thereby saving computational resources. Moreover,
analyzing snippet complexity can pinpoint the pain points of the
memory performance of an application, guiding the software-
level optimizations and prefetching strategies. This framework
distinguishes this work from our previous work [8], which uses
purely ML-based predictors for prefetching.

To develop components within the HHP framework, we in-
troduce a DSML for prefetching methodology. Following the
methodology, we optimize the DSML-based memory access
predictors by incorporating domain knowledge of graph appli-
cations, including: modality, structure, phase, and locality. 1)
Modality. Modality refers to the way of describing an event [28].
In a multi-core system, we treat the program counter (PC)
sequence as a distinct modality input in a prediction model, intro-
ducing the perspective of the requested core to a memory access.
2) Structure. We incorporate the domain features from the graph
structures and the metadata of the GNN model to further improve
the model performance. By merging memory access addresses,
program counters, and structural features, we propose a novel
model backbone DAMMA, a Domain Specific Attention-Based
Multi-Modality Network Using Attention Fusion. 3) Phase. Due
to the distinct memory access patterns across phases in graph
applications, we propose training phase-specific predictors. To
support this, we design phase transition detectors using a novel
soft transition mechanism that avoids false positives. 4) Locality.
Wide-range memory page jumps in graph applications motivates
us to develop page and delta predictors for temporal and spatial
locality, respectively. We implement a chain spatio-temporal
prefetching strategy to manage ML model predictions. In ad-
dition, we propose a composite entropy to evaluate snippet
complexity and train DAMMA-based predictors on complex
snippets exclusively. At run time, low-complexity snippets are
handled by rule-based prefetchers, while high-complexity snip-
pets are allocated to ML-based predictors.

Our prefetcher relies on several essential hardware capa-
bilities such as fast inferencing and efficient online training.
There is potential for deployment in future systems enabled
by emerging hardware technologies. For example, embedded
FPGAs (eFPGAs) or other lightweight inference accelerators
that are tightly coupled with memory controllers are promis-
ing for supporting such requirements [29]. These technologies
facilitate rapid access to model parameters stored in on-chip
memory, enable low-latency inference through highly parallel
hardware execution, and support efficient model updates via
high-bandwidth communication.

Our main contributions are summarized as follows:
� We propose a novel Hierarchical Hybrid Prefetching

(HHP) framework that analyzes memory access pat-
terns through four levels—application, phase, snippet, and
access—and allocates different prefetchers.

� We introduce a methodology for developing Domain Spe-
cific Machine Learning (DSML) models for prefetching,
which captures the context of the architecture and the
computation of an application.

� We propose GraFetch to exemplify our approach in the
domain of graph applications. We propose optimizations
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including: phase-specific page predictors and delta pre-
dictors using a novel DAMMA structure trained on high-
complexity snippets, a phase detector with a soft transi-
tion mechanism, an unsupervised snippet detector (Soft-
KSWIN), and a composite entropy for measuring memory
sequence complexity and prefetcher allocation.

� We evaluate our approach using popular frameworks of
graph analytics (GA) GPOP and X-Stream, and state-of-
the-art graph neural networks (GNNs) frameworks PyG
and DGL. Results show that our optimized DAMMA-
based models achieve 7.4% higher F1-Score for delta
prediction and 15.35% higher accuracy@10 for page pre-
diction compared with the basic models on average.

� GraFetch achieves an average IPC improvement of 12.47%
for GA and 4.18% for GNNs over a system with no
prefetcher. This outperforms rule-based prefetchers BO
(7.12% for GA, 1.10% for GNNs), ISB (3.82% for GA,
1.60% for GNNs), and and IMP (8.47% for GA, 2.20% for
GNNs), as well as ML-based prefetchers Voyager (9.61%
for GA, 3.14% for GNNs) and TransFetch (10.98% for GA,
2.48% for GNNs).

II. RELATED WORK

A. Machine Learning for Data Prefetching

Machine Learning (ML) has recently achieved success in
memory access prediction and data prefetching. One indirect
approach involves enhancing existing prefetchers, aiding in
decisions like prefetcher configuration and filtering [30]. Liao
et al. [31] utilize nearest neighbor, support vector machine,
and decision tree for optimizing data center prefetching config-
urations. Rahman et al. [32] optimize a subset of prefetchers
to maximize prefetcher effectiveness. Zhang et al. introduce
RAOP [33], employing a recurrent neural network to improve
an existing offset prefetcher. Recent works [20], [34] explore
using reinforcement learning to configure prefetchers. A di-
rect way of applying ML for prefetching involves framing
memory access prediction as a sequence prediction problem.
Peled et al. propose NN-pref [35] uses a multi-layer perceptron
to detect arbitrary memory access patterns. Long Short-Term
Memory (LSTM) network shows high accuracy in predicting
memory accesses [22], [27], [36], [37]. Recently, the attention
mechanism [23] have demonstrated significant improvements in
ML-based prefetching. Voyager [19] combines LSTM and the
attention mechanism to enhance predictive capabilities. Trans-
Fetch [24] achieves state-of-the-art prefetching performance
using a fully attention-based network. Duong et al. [38] lever-
age frequency-based temporal prefetching candidates to build
compact NN-based models, while Zhang et al. [39] propose
table-based approximations for NN prefetchers to enhance prac-
ticality. In contrast, this work focuses on modeling and achieving
higher prefetching performance through NN models and domain
knowledge, leaving the optimization of deployment practicality
for future work.

In this work, ML plays both indirect and direct roles. We
present a comprehensive prefetching framework where multiple

ML models collaborate to aid in the selection of prefetchers and
to predict future memory accesses.

B. Domain Specific Machine Learning

Domain Specific Machine Learning (DSML) [40] refers to a
methodology that integrates domain knowledge into the design,
training, and optimization of ML models for domain specific
problems. Murdock et al. demonstrate the effectiveness of do-
main knowledge in improving ML model predictive ability [41].
Domain knowledge have been integrated into ML models in
various areas, such as climate modeling [42], turbulence mod-
eling [43], and earth science [44]. There are also several notions
related to DSML. Theory-guided data science [45] proposes a
new paradigm that is gaining prominence in scientific disciplines
when designing data science models. Informed machine learn-
ing [46] integrates prior knowledge into the machine learning
pipeline by using it as an independent input source. Physics-
based machine learning [47] incorporates physical properties
into model training by introducing physics-guided loss functions
and initialization.

In this work, we introduce a methodology to develop DSML
models for a domain specific problem: prefetching for graph
applications. While some existing ML-based prefetchers have
incorporated some domain features into their modeling, such
as program counters [19] and memory configurations [24], we
propose a comprehensive approach that considers both the con-
text of the architecture and the context of the computation in
developing ML models for prefetching.

C. Prefetching for Graph Applications

Recent work on data prefetching for irregular, indirect access
patterns in graph and data-intensive applications has led to
diverse approaches. The Indirect Memory Prefetcher (IMP) [48]
targets L1 cache prefetching, leveraging a linear correlation
assumption in indirect memory accesses, which is particularly
effective in graph-based applications. However, its reliance on
linearity limits adaptability to complex access patterns. We
address this by adopting more flexible ML models for diverse
memory accesses. Ainsworth et al. [49] propose CSR-specific
prefetching for graph traversal, whereas our method, indepen-
dent of specific data structures, adapts to diverse application con-
texts. Prodigy [50], a hardware-software co-design prefetcher,
uses compiler support for indirect accesses, adding complexity
outside our design scope; in contrast, our approach integrates
without additional software. DVR [51] and SVR [52] enhance
memory-level parallelism through microarchitectural support,
but their microarchitecture-specific optimizations limit their
portability across hardware configurations. In contrast, we aim to
design a prefetcher that can seamlessly function across different
architectures without needing such hardware-specific adapta-
tions. Gretch [53] focuses on virtual address spaces and relies on
the detection of data dependencies in virtual memory. In contrast,
our approach is not confined to virtual memory spaces, allowing
it to function across broader contexts. DMP [54] presents an L1
cache prefetcher that detects indirect memory access patterns
using index streams based on a differential matching method.
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Fig. 1. Scatter and Gather phases in graph analytics.

Algorithm 1: Scatter-Gather Paradigm in Graph Analytics.
1: while not done do
2: for all vertex v that need to scatter updates do
3: SCATTER(v)
4: __synchronize()__
5: for all vertex v that have updates do
6: GATHER(v)
7: __synchronize()__

Our work instead targets multi-core systems, using an ML-based
method to learn the interleaved memory accesses in LLC. Exist-
ing works such as DMP [54] and SVR [52] require access to the
input graph data during execution for prefetching. In contrast,
our approach leverages domain knowledge (e.g., the number
of phases in the application) and graph metadata (e.g., the
number of nodes and edges), without accessing the actual graph
data at runtime. In summary, our domain-specific ML-based
prefetcher stands out for its adaptability without dependence
on data formats, compiler support, or hardware modifications,
making it versatile across computational contexts.

III. BACKGROUND

Our prefetching approach is grounded in the domain knowl-
edge present in graph applications. In this section, we illustrate
the widely-used paradigms in graph analytics and graph neural
networks that inform our prefetching model development.

A. Graph Analytics

Graph analytics frameworks using various computing
paradigms have been developed with exceptional perfor-
mance [2], [3]. We target graph analytics frameworks with iter-
ative barrier-synchronized phases. For example, Scatter-Gather
is a widely-used parallel programming paradigm for graph an-
alytics [2], [3]. As is shown in Fig. 1, graph analytics under the
Scatter-Gather paradigm operates in two phases:

Scatter: Each node in the graph processes its local data and
computes partial results. These partial results are then sent to
neighboring nodes in the graph.

Gather: Each node collects the partial results received from
its neighbors and combines them to compute the final result.

Given a graphG(V, E), whereV denotes the set of vertices and
E denotes the set of edges, the computation process of Scatter-
Gather is shown in Algorithm 1. For each processing iteration,
the two phases alternate, with a barrier synchronizing all nodes
between phases.

Fig. 2. Aggregate and update phases in graph neural networks.

Algorithm 2: Aggregate-Update Paradigm in GNNs.
1: for l = 1. . .L do
2: for vertex v ∈ V l do
3: al

v = AGGREGATE(hl−1
u : u ∈ N (v), u ∈ V l−1)

4: hl
v = UPDATE(al

v,W
l, σ())

B. Graph Neural Networks

The Aggregate-Update paradigm [55] is foundational in
many GNN architectures [56], [57], [58] and is used to iter-
atively refine node representations by incorporating informa-
tion from the surrounding graph structure. Fig. 2 illustrates
an example where a graph neural network updates the fea-
ture vector of a target node through Aggregation and Updates
phases.

Given a graph G(V, E ,X), where V , E , and X denote the
set of vertices, the set of edges, and the vertex features, and
given a GNN model M(L, f l,Al,W l), where L, f l, Al and
W l denote the number of model layers, the hidden dimension
in layer l, the graph adjacency matrix in layer l, and the weight
matrix in layer l, the GNN model inference process consists of
two phases, as shown in Algorithm 2:

Aggregate: Each node aggregates information from its neigh-
boring nodes. The input is the last layer hidden feature hl−1

v for
neighboring nodes of v, denoted as N (v), and the adjacency
matrix Al, the output is the aggregated feature al

v .
Update: Each node updates its own representation based on

the aggregated information. The input is the aggregated feature
al
v and the weight matrix W l, the output is the updated ver-

tex feature for hl
v layer l, which is typically processed by an

activation function Sigmoid σ().
Using the domain knowledge of GNN computation, we in-

corporate the information of phases, input graph structure, and
GNN metadata into the development of prefetching models for
GNN applications.

IV. HIERARCHICAL HYBRID PREFETCHING

Memory access patterns vary among different phases of graph
processing, with regular and irregular patterns interleaving. To
improve the effectiveness of prefetching for various phases and
patterns, we propose a novel prefetching framework, Hierarchi-
cal Hybrid Prefetching (HHP), which decomposes the memory
access patterns and allocate prefetchers.
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Fig. 3. Pattern distribution varies at different graph processing phases.

Fig. 4. Various locality patterns exist in memory access sequences.

A. Diversity in Memory Access Patterns

We observe diverse memory access patterns in graph applica-
tions, which motivates us to decompose these patterns, aiming
to optimize the development of ML models for prefetching.

Fig. 3 shows the diverse distributions of memory accesses
at different graph processing phases. As examples, we extract
traces from the graph analytics application BFS using GPOP
framework [2] and the graph neural network algorithm GCN [56]
using PyG framework [59]. In Fig. 3, we visualize the trace
distribution in three normalized dimensions: instruction index,
pages address, and block address delta (the consecutive cache
line address difference). The observation that the memory access
distribution varies across phases has led us to train specialized
ML models for each phase to improve memory access prediction
performance.

Fig. 4 provides a granular view of memory access sequences,
showcasing typical locality patterns from the aforementioned
example applications. These patterns include spatial patterns,
where the block address delta is within a small region; temporal
patterns, where repeated access of the same distance page oc-
curs; spatial-temporal patterns, which mix spatial and temporal
patterns; and irregular patterns, which exhibit limited explicit
patterns. These patterns interleave in the memory accesses dur-
ing application execution. This observation motivates us to dis-
tinguish regular simple patterns from complex spatial-temporal
and irregular patterns. By focusing on the complex patterns, we
aim to train more efficient model for memory access prediction.

B. Hierarchical Hybrid Prefetching Framework

We introduce a novel generic framework called Hierarchical
Hybrid Prefetching (HHP) to address the diverse distribution
and various patterns encountered in graph applications. The
overall structure of HHP is illustrated in Fig. 5. We design
four hierarchical levels to process the input memory access
sequence and use a hybrid prefetching controller to manage the
cooperation of multiple prefetchers.

Fig. 5. Overview of the Hierarchical Hybrid Prefetching (HHP) framework.

Fig. 6. Chain spatial-temporal prefetching.

Application level: At this level, the HHP framework receives
input that comprises memory access addresses, program coun-
ters, and domain features. The domain features encompass vari-
ous aspects, including the application paradigm, characteristics
of the input graph structure, and the metadata of GNN models.
By incorporating this diverse set of inputs, the HHP framework
gains a comprehensive understanding of the memory access
behavior within the graph application context.

Phase level: Taking the input from the application level,
a phase transition detector determines the current graph pro-
cessing phase. The number of phases is determined by the
programming paradigm of the application and we assume access
to this domain knowledge before model training. There are two
scenarios for phase detection. If online interfaces for software
hints are available, phases can be directly allocated based on
these hints [60]. Alternatively, if no online interfaces exist,
we can offline train a classifier, such as a decision tree [61],
using memory access traces extracted from each phase. For each
phase, we train phase-specific DSML models for memory access
prediction.

Snippet level: We define a snippet as a short piece of sequences
sharing similar patterns. To detect a snippet, we propose using
an unsupervised snippet shift detector to sense the shifts in
memory access patterns. We propose using a locality complexity
detector to assess the complexity of the initial sequence of
a snippet. Our approach runs both rule-based and ML-based
prefetchers in parallel. Based on the detected complexity for
an entire snippet, we select which prefetcher’s predictions to
use. This selection targets only the predictions, not the active
prefetcher, and relies on a straightforward condition derived
from the complexity detection, ensuring no additional switching
overhead is introduced.
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Access level: Memory access prediction and data prefetching
happen at the memory access level. We use spatial-temporal
prefetching considering the complex patterns in graph appli-
cations. Rule-based prefetching combines spatial and temporal
prefetchers, while DSML-based prefetching uses a page predic-
tor for temporal page jumps and a delta predictor for spatial
predictions within a page.

C. Hybrid Prefetching Controller

We designed a hybrid prefetching controller to manage the
prefetcher switching and to handle predictions from multiple
ML prediction models.

Prefetcher switching: When a new snippet is detected, the
initial short sequence is analyzed for locality complexity. If the
sequence is detected as high complexity, the controller allocates
phase-specific DSML-based models for prefetching. Prefetcher
switching occurs only at the snippet level.

Rule-based prefetchers: Rule-based prefetchers keep operat-
ing in parallel and learning access patterns. Predictions from
rule-based prefetchers are issued during low-complexity snip-
pets and during the processing of the locality complexity de-
tector. The temporal prefetcher is prioritized over the spatial
prefetcher when it can offer predictions, as it demonstrates high
accuracy by predicting under exact matches only.

DSML predictors: We propose a Chain Spatial-Temporal
Prefetching (CSTP) strategy to manage predictions from the
delta predictor and the page predictor, as shown in Fig. 6. Given
an input sequence of memory block addresses (”Page-offset”,
e.g., A-1) and a PC sequence, the two predictors operate in
parallel. A Page Base Offset Table (PBOT) records the latest
offset and PC for past pages. For a predicted page, the latest
offset and PC can be retrieved from the PBOT for further spatial
and temporal inference. This chain process continues until either
the temporal degree is exceeded or the page offset is missing in
the PBOT. Given a spatial degree Ds and temporal degree Dt,
the total prefetch degree Dp range is [Ds + 1, Ds(Dt + 1)].

V. DOMAIN SPECIFIC MACHINE LEARNING FOR DATA

PREFETCHING

With the Hierarchical Hybrid Prefetching framework estab-
lished, we develop machine learning models as components
(detectors and predictors) within this framework. To create high-
performance specialized models for prefetching graph applica-
tions, we introduce a methodology of Domain Specific Machine
Learning (DSML) for data prefetching. This integrates domain
knowledge into ML-based prefetching.

A. Overview of DSML for Prefetching

Fig. 7 illustrates the methodology for developing DSML
models for data prefetching. By exploiting domain features from
the context of the architecture and the computation of a specific
application, we can integrate domain knowledge into ML models
for prefetching.

Fig. 7. Methodology for developing DSML models for data prefetching.

B. Domain Features for Prefetching

Knowing the hardware platform of an application, we can
integrate domain features from the context of the architecture.
Example features include:
� Platform: the target architecture on which the computa-

tion is executed, such as multi-core platform, multi-CPU
cluster, heterogeneous architecture, etc.

� Memory hierarchy: the parameters for each level of cache,
main memory, flash memory, etc.

� Memory address configuration: the bit length of a memory
address, the cache line size, the page size, etc.

With the domain knowledge of the running software, we can
extract domain features from the context of the computation.
Example features include:
� Computing paradigm: a style of computation process, such

as Scatter-Gather [2], [3] in graph analytics and Aggregate-
Update [55] in graph neural networks.

� Phase: a step or a super-step in a computing paradigm.
Different phases encompass memory accesses with diverse
patterns.

� Modality: a mode, a set of features, to describe or repre-
sent the computation. To describe the memory accesses,
modalities include program counters, memory addresses,
memory page sequences, thread IDs, etc.

� Locality: the data access patterns in a computation, e.g.,
the spatial locality and the temporal locality.

� Thread: a unit of execution within a process. Interleaved
memory accesses in multi-threaded applications make the
prediction harder than in single-threaded applications.

� Coordination: the way how multiple cores or nodes of a
system work together in a parallel computing application,
including synchronous and asynchronous coordination.

� Data representation: graph data can be represented as an
edge list, adjacency list, adjacency matrix, and various
sparse graph representations [62].

� Metadata: metadata of input graph and application, such
as the number of edges and nodes in the input graph of a
graph analytics application, and the number of layers and
dimensions in a GNN application.

Note that the above describes various features that can be used
to define a domain specific model in general. In this work, we
leverage domain knowledge, specifically phase, modality, and
locality, to guide model design and achieve higher prediction
performance using a small set of simple input features. These
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Fig. 8. Multi-core shared memory architecture with hierarchical hybrid
prefetching and DSML models for LLC prefetching.

include the total number of nodes and edges in the input graph,
as well as the number of layers and hidden dimensions in the
GNN model, as discussed in Section VI-D.

C. DSML for Graph Application Prefetching

Graph analytics and graph neural networks (GNNs) are major
application areas, driving progress in fields such as social net-
work analysis [63] and scientific computing [64]. By focusing
on optimizations for data prefetching in graph applications, this
paper illustrates the role of domain specific modeling in a broad
application domain.

We specify optimizations for developing ML models for graph
application prefetching by incorporating the context information
of the architecture and the computation.

1) Context of Architecture: Our target platform is multi-core
shared memory architecture, as shown in Fig. 8. The memory
hierarchy presents multi-core processors with private L1 caches
(including data cache L1D and instruction cache L1I), private
L2 caches, a shared last level cache (LLC), and a shared main
memory. We focus on the shared LLC prefetching. The HHP
framework with DSML models takes input from the history of
LLC requests, predicts future memory accesses, and requests
prefetches to LLC. We take into account the memory address
configuration of the system. The prefetching is at the block level,
leading us to train a model to predict the block index.

2) Context of Computation: In developing DSML models,
we integrate domain features from the context of the computa-
tion including modality, and structure, phase, and locality.

Incorporation of modality: When multi-threaded applications
are executed in parallel, it leads to interleaved instructions and
a significant irregularity in memory accesses. Memory address
sequences alone cannot fully capture this complexity. Instead,
considering the instruction perspective, Program Counters (PCs)
indicate the execution of a specific thread. We assume PCs are
accessible in LLC prefetching, following existing works such as
TransFetch [24] and Voyager [19]. Furthermore, we emphasize
the PC sequence as an equally vital input modality alongside the
address sequence.

Incorporation of structure: For graph analytics, we incorpo-
rate the input graph structure, including the number of nodes,
the number of edges, and the graph density. For graph neural
network, we also incorporate the GNN model metadata, includ-
ing the neural network layers and the hidden dimensions. These

Fig. 9. DAMMA incorporates three types of input embeddings and extract
features through three types of attention-based layers.

features are normalized and processed as input to the memory
access prediction models.

Incorporation of phase: As analyzed in Section IV-A, memory
access distribution varies for different phases. In line with the
HHP framework, we train phase-specific ML models based
on the computing paradigm and the number of phases. We
employ a phase transition detector to determine and select the
corresponding model for each phase.

Incorporation of locality: We observe wide-range memory
access jumps across pages from Fig. 4. Therefore, in addition to
predicting block indexes based on spatial locality, we propose
predicting memory access pages based on temporal locality.
In addition, we measure the complexity of a memory access
sequence and train the ML models only using high-complexity
patterns that show less regular locality in it, aiming to improve
model performance on complex patterns.

D. DAMMA

We propose DAMMA, a Domain Specific Attention-Based
Multi-Modality Network Using Attention Fusion, as shown in
Fig. 9. DAMMA is a versatile backbone network capable of
fulfilling diverse prefetching tasks, including memory access
delta prediction and memory page prediction. DAMMA learns
embeddings for the input of memory accesses, program coun-
ters, and domain features, denoted asEM , EP , andED. The em-
beddings are processed using layers based on the attention mech-
anism [23], including a self-attention layer, a multi-modality
attention fusion layer, and a Transformer encoder.

Self-Attention Layer takes an embedding as input, converts
them to three matrices through linear projection, then feeds them
into a scaled dot-product attention defined as:

Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
V (1)

where Q represents the queries, K the keys, V the values, and
d the dimension of layer input.

Multi-Modality Attention Fusion Layer merges the input of
two modalities for memory access EM and program counters
EP through concatenation and self-attention:

Ecx = Concat (EM , EP )
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MMAF(Ecx) = Attention
(
EcxW

Q
i , EcxW

K
i , EcxW

V
i

)
(2)

Transformer Encoder consists of a Multi-head Self Attention
(MSA) and a point-wise feed-forward network (FFN).

MSA(Q,K, V ) = Concat (head1, . . . , headH)W
O

headi = Attention
(
QWQ

i ,KWK
i , V WV

i

)
(3)

FFN(x) = max (0, xW1 + b1)W2 + b2 (4)

where WQ
i ,WK

i ,WV
i ∈ Rd×d and H is the number of heads.

In DAMMA, the Transformer encoder takes the point-wise sum
between the MMAF and the self-attention of ED as input.

VI. GRAFETCH

As an exemplar of the proposed Hierarchical Hybrid
Prefetching (HHP) framework and the Domain Specific Ma-
chine Learning (DSML) methodology for prefetching, we de-
velop GraFetch to accelerate graph analytics and graph neural
network applications through prefetching. We specify our design
of DSML models in HHP, including the phase transition detec-
tor, snippet shift detector, locality complexity detector, and the
memory access predictors.

A. Phase Transition Detector Using Soft Transition

Graph processing phases are defined in software, thus, we
use program counters (a.k.a. instruction pointers) to detect the
phases. Given a stream of T history program counters at time
t, represented as PCt = {pct−T+1, . . . , pct−1, pct}, and the
corresponding phase as class nt ∈ 0, 1, . . . , N − 1, we can train
a classifier as the phase detector that predicts the current phase.
A phase transition is detected when two consecutive phase
predictions are different.

However, a naive classifier exhibits a notable issue: high false
positive rate due to the detector prematurely signaling a phase
transition upon predicting a different phase. This encompasses
scenarios involving transient pattern fluctuations within a phase
and erroneous predictions.

To address this, we propose a soft transition mechanism aimed
at mitigating this false positive rate, as shown in Algorithm 3.
Our approach involves the establishment of a result queue,
denoted asQ, which retains past phase inferences. Subsequently,
we compare the modes (i.e., the most frequently occurring
element) between the initial and latter halves of Q. A transition
detection is reported when the two modes are different, effec-
tively mitigating the impact of abrupt pattern shifts. We apply
soft transition detection to Decision Tree (DT) [61] and Random
Forest for phase detection [65].

B. Snippet Shift Detector Using Soft-KSWIN

Snippet detecting is critical for assigning specific models and
performing hybrid prefetching. We use unsupervised learning to
detect snippet shifts. The distribution of memory access block
address sequence Xt is defined as P (Xt). If a snippet shift

Algorithm 3: Soft Transition for Phase Detection.
1: Initialize transition← False
2: Initialize history result queue Q and its length limit H
3: n′t ← CLASSIFIER(PCt) �Inference
4: Push n′t to Q
5: if length(Q) ≥W then �Soft transition
6: n′h ← mode(Q[0 : H/2])
7: n′r ← mode(Q[H/2 : H])
8: if n′h! = n′r then
9: transition← True

10: Reset Q

occurs at time t, then:

P (Xt) �= P (Xt−1) (5)

The phase transition is described as a concept drift [66] in the
context of machine learning. Kolmogorov–Smirnov Window-
ing (KSWIN) [67] is a state-of-the-art concept drift detection
approach.

Kolmogorov–Smirnov Windowing (KSWIN): KSWIN is based
on the two sample Kolmogorov–Smirnov (K-S) test [68], which
estimates the probability that two sets of samples were drawn
from the same distribution. The K-S statistic D is the absolute
distance between the two empirical cumulative distributions FA

and FB :

DA,B = sup
x

(|FA(x)− FB(x)|) (6)

where F(·)(x) = 1
n

∑n
i=1 I[−∞,x](Xi) is the empirical distribu-

tion function for n ordered observations Xi; I[−∞,x](Xi) is an
indicator function that equals to 1 if Xi < x and 0 otherwise;
sup(x) is the supremum of the set of distances. KSWIN detects
pattern shifts by comparing the distributions of two windows:
one containing h history samples H and the other containing r
recent samples R. These windows are sampled from a sliding
window Ψ, which keeps w most recent points from the stream,
as shown below:

R = {xi ∈ Ψ}wi=w−r+1 (7)

H = {xi ∈ Ψ | i ≤ w − r; p(x) = U (xi | 1, w − r)} (8)

We can reject the null hypothesis (that there is no statistically
significant difference between the two observations) at a signif-
icance level of α if the following inequality is satisfied:

DH,R >

√
− ln

(α
2

) 1 + r
h

2r

(h=r)
=

√
− ln

(α
2

) 1

r
(9)

KSWIN reports a snippet shift when D exceeds the threshold.
This “hard” detection process ignores the fluctuation when
the pattern is shifting, leading to unstable predictions during
memory access pattern shifts, as shown in Fig. 10.

Soft-KSWIN: We propose Soft-KSWIN, a domain specific
variant of KSWIN that uses the soft detection mechanism (Sec-
tion VI-A) to avoid the instability of KSWIN. We introduce a
soft history window H ′ sampled from a dynamic set of history
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Fig. 10. Example of KSWIN unstable performance in snippet shift detection.

Algorithm 4: Soft-KSWIN for Snippet Shift Detection.
1: Initialize α, th_r
2: Initialize sliding window Ψ and its length limit w
3: Initialize soft history window H ′ with size h
4: Initialize recent window R with size r
5: Initialize counter ← 0, detection← 0
6: Initialize shift← False

7: Initialize threshold←
√
− ln(α2 )

1+ r
h

2r
8: if length(Ψ) ≥ w then
9: Pop the oldest data point from Ψ

10: Push the new data point to Ψ
11: counter ← counter + 1
12: H ′ ← Sample uniformly from Ψ[1:w-r-counter]
13: DH ′,R ← sup(|FH ′(x)− FR(x)|) �Inference
14: if DH ′,R > threshold then �Soft detection
15: detection← detection+ 1
16: if counter ≥ r then
17: if detection/counter > th_r then
18: shift← True
19: Reset the model
20: else
21: Push new data point to Ψ

Fig. 11. Comparison between KSWIN and Soft-KSWIN. KSWIN samples
history data from a fixed-size history window while Soft-KSWIN shrinks the
history window boundary to ensure the history data unpolluted by new pattern.

data points, as shown in Fig. 11 and (10):

H ′ = {xi ∈ Ψ | i ≤ w − r − c; p(x) = U (xi | 1, w − r − c)}
(10)

where c is a counter initiated when a positive detection occurs.
The Soft-KSWIN is shown in Algorithm 4. The history window
samples from the sequence not polluted by the new pattern. As
data flows through the stream, if snippet shift detection occurs,
both the counter and the number of detections are incremented
(lines 11-15). When an entirely new recent window is sampled
and counter ≥ r, if the ratio between detections and the counter
is larger than a threshold thr, a final detection is declared to be
positive and the model is reset for future detections (lines 16-21).

Fig. 12. DAMMA-based models for delta and page predictions.

C. Locality Complexity Detector Using Composite Entropy

We employ a statistical approach to quantify the complexity
of a memory access sequence. We leverage Shannon’s entropy:

H(X) = −
∑
x∈X

p(x) log p(x) (11)

where X denotes the sequence, and x represents the distinct
discrete values within X . For each memory access sequence of
length N , we analyze two distinct sequences:

Page sequence Xp: The page sequence indicates the temporal
locality. Repeated access of a page is easier for prediction though
they are in far distance. More distinct pages in a sequence
indicate low temporal locality and difficult to predict.

Block address delta sequence Xd: The delta sequence indi-
cates the spatial locality. A typical spatial pattern shows nearby
accesses with the same stride, leading to a lower number of
distinct block address deltas.

We compute entropy for both Xp and Xd at length N , and
subsequently merge the two entropies using their geometric
mean. The resulting value is then normalized by dividing it by
logN . The composite entropy Hc is defined in (12):

Hc =
√

H(Xp)H(Xd)/ logN (12)

By setting a locality complexity threshold τ ∈ [0, 1], we de-
fine low-complexity patterns for Hc ≤ τ and high-complexity
patterns otherwise. We train the memory access predictors using
only the sequences with complex patterns. In this way, the trained
predictors avoid bias from the simple patterns. At runtime,
we allocate heuristic rule-based prefetchers for low-complexity
sequences and allocate the DSML models for prefetching high-
complexity sequences.

D. Phase-Specific DSML Spatial-Temporal Prefetcher

We train phase-specific predictors based on DAMMA. To
handle complex patterns, we design a spatial delta predictor and
a temporal page predictor, as shown in Fig. 12.

1) Input Preprocessing: We use memory addresses, program
counters, and domain features for our predictor input.

Memory addresses: Following the address segmentation ap-
proach [24], we split a block address intoS = 
pc �+ 1 segments
for a p-bit page address and c-bit block index.
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TABLE I
GRAPH FRAMEWORKS AND ALGORITHMS FOR EVALUATION

Memory pages: We tokenize the memory page address and
use the token index for ML model input. The vocabulary of
page is in thousands which can be directly processed [19].

Program counters: We use a H-bit length folding method as
the hash function to compress the PC value. The hashed value
is divided by 2H for normalization.

Structure features: We incorporate data structure features of
graph analytics and GNN applications as the domain features.
� For the input graph, we extract the graph structure informa-

tion including: number of nodes, number of edges, density,
diameter, and the average degree. We scale the features and
concatenate them as an input vector.

� For GNN applications, we also incorporate the GNN model
metadata, including: the number of layers, dimension of
input features, dimension of node embedding, GNN layer
type, and the aggregation type. The numeric values of layer
and dimension sizes are scaled while the types are encoded
using one-hot.

2) Spatial Delta Predictor: Fig. 12(a) illustrates the model
of the spatial delta predictor.

Input: It uses the memory address address sequence, PC
sequence, and domain features as inputs.

Output: The model predicts multiple future deltas within a
spatial range, i.e., a page size. The sum of the current address
and the predicted delta is the prediction of future accesses.

Training: The model is trained using labels from future deltas
in the form of a bitmap for multi-label classification. We use
binary cross entropy as the loss function.

3) Temporal Page Predictor: Fig. 12(b) illustrates the model
of the temporal page predictor.

Input: It take memory access page sequence to replace the
memory address sequence as input.

Output: The model outputs the probability of the next future
page as determined by the Softmax function.

Training: The model is trained using the future page token as
label. We use categorical cross entropy as the loss function.

VII. EVALUATION

A. Experimental Setup

1) Benchmarks: Table I shows the benchmark frameworks
and applications we use for evaluation.

Graph Analytics (GA): We use two popular graph process-
ing frameworks: GPOP [2] and X-Stream [3]. We use the
built-in applications of the frameworks for evaluation, includ-
ing Breadth-First Search (BFS), Connected Components (CC),
PageRank (PR), and Single Source Shortest Path (SSSP).

TABLE II
GRAPH NEURAL NETWORK DATASETS

TABLE III
SIMULATION PARAMETERS

TABLE IV
PRECISION AND RECALL OF PHASE TRANSITION DETECTION

Graph Neural Networks (GNN): We use two popular GNN
frameworks PyG [6] and DGL [7]. We implement four GNN
models using the two frameworks, including Graph Convo-
lutional Networks (GCN) [56], Graph Attention Networks
(GAT) [57], Graph Isomorphism Network (GIN) [69], and
GraphSAGE (SAGE) [58].

2) Datasets: We use popular graph datasets for our prefetch-
ing experiments, as is shown in Table II.

3) Simulator: We use ChampSim [70] for memory access
traces generation and prefetcher evaluation. We use the same
simulator parameter as in state-of-the-art prefetchers [19], [24],
as shown in Table III.

4) Training: We train a set of DSML models for a single
application using all the datasets. We use the first iteration of the
graph applications to train the models and use the subsequent
iteration of the application execution for evaluation.

B. Evaluation of Phase Transition Detection

1) Metrics: We use Precision (P) and Recall (R) [71] to eval-
uate the prediction of phase transitions. A transition is counted
when the prediction of phase changes.

2) Results: We implement Decision Tree (DT) and Random
Forest (RF) for phase transition detection, incorporating the soft
transition mechanism (Soft-DT and Soft-RF). Table IV shows
their average performance. While all detectors achieve recall =
1, naive DT and RF exhibit low precision due to false positives.
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TABLE V
STATISTICS OF SNIPPETS DETECTED USING SOFT-KSWIN

TABLE VI
DAMMA MODEL CONFIGURATION

Fig. 13. Case study on snippet detection of KSWIN and Soft-KSWIN.

For average precision, soft transition improves DT from 0.384
to 0.967 and improves RF from 0.682 to 1.

C. Evaluation of Soft-KSWIN for Snippet Detection

Table V presents the statistical results of snippet detection
using Soft-KSWIN. The results show that GNN applications
contain more snippets (up to 5482) compared to GA applications
(up to 1463). Additionally, GNN applications exhibit longer
maximum sequence lengths (up to 968 memory accesses) than
GA applications (up to 354 memory accesses). These results
suggest that GNN applications have longer traces, more shifts
among prefetchers in an iteration, and longer stable patterns
within a phase.

Fig. 13 illustrates a case study of how Soft-KSWIN stabilizes
snippet detection performance. The sequence shows memory
access deltas from PageRank using GPOP along with KS statis-
tics of detectors. While KSWIN rapidly detects phases when KS
statistic D exceeds a threshold, it can trigger multiple detections
due to abrupt shifts. Raising the threshold risks missing true
transitions. Soft-KSWIN avoids these unstable detections with
only a small lag.

D. Evaluation of Composite Entropy for Complexity Detection

Fig. 14 shows the proportion of low-complexity and high-
complexity snippets under threshold τ =0.2, 0.4, 0.6, and Mean:

Fig. 14. Proportion of low-complexity and high-complexity snippets given
various thresholds in composite entropy. We also employ the mean composite
entropy of the training set as an adaptive threshold for each application.

Fig. 15. Distribution of memory access patterns under low-complexity and
high-complexity snippets. We use block address deltas to represent the memory
access patterns and use mean threshold to classify the complexity.

the mean composite entropy of the application. For threshold
τ = 0.2, the average proportions of low complexity snippets
for GPOP, X-Stream, PyGs, and DGL are 72.3%, 79.7%, 9.1%,
and 4.4%. This clearly shows the distribution of regular and
irregular memory access patterns. GA applications GPOP and
X-Stream present more regular patterns while GNN applications
show more irregular complex patterns. While increasing the
threshold value to 0.4 and 0.6, more snippets are classified as
low-complexity. This trend also indicates that memory accesses
are diverse and have high variance. To balance the workload
between rule-based prefetchers and ML model training, we use
a mean threshold in our experiments. This mean threshold helps
extract high complexity snippets from both training and testing
sets for evaluating DSML memory access predictors.

We investigate the distribution of memory access patterns by
analyzing block address deltas (deltas) under low-complexity
and high-complexity snippets, as shown in Fig. 15. We use the
mean threshold method of composite entropy to classify the
complexity. Fig. 15 shows that low-complexity snippets exhibit
more consistent and localized memory accesses, as evidenced
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TABLE VII
EFFECTIVENESS OF PC AS MODALITY

by the narrow and concentrated distribution around the me-
dian, indicating high spatial locality and predictable memory
access behavior. In contrast, high-complexity snippets show
a broader distribution, reflecting greater variability and less
predictability in memory accesses. In addition, we observe that
GNN workloads (PyG and DGL) show a greater proportion of
larger deltas and more outliers compared with GA workloads
(GPOP and X-Stream). These findings underscore the need for
tailored optimization strategies to address the challenges posed
by high-complexity snippets.

E. Evaluation of DAMMA-Based Predictors

1) Metrics: We use F1-Score to evaluate the performance
of spatial delta prediction. The F1-Score measures the model
performance in accurately identifying prefetch candidates. We
use accuracy-at-10 (accuracy@10) to evaluate page prediction.
This metric is chosen because a predicted page may not be
accessed immediately but could still benefit near-future memory
requests if it falls within this window. By considering a window
of 10 future accesses, we align with established practices in the
field, as seen in prior work [22].

2) Ablation Study: We evaluate the performance of the pre-
dictors using the high-complexity snippets detected using the
mean threshold. We evaluate our approach by adding compo-
nents starting from a base model:

Base model (B): an attention-based model taking memory
access address sequence as input, trained with all snippets.

Modality of PC (M): adding the program counters as a modal-
ity of input to the base model.

Structure features (S): adding the domain features of graph
structure and GNN metadata as the model context input.

Phase specificity (P): building multiple models, each model
is trained and tested within one phase specifically.

Locality specificity (L): training a model using only high
complexity snippets based on the mean threshold.

The configuration of the eventual DAMMA model is shown in
Table VI. Tables VIII and IX present the ablation study results for
our spatial delta and temporal page predictors. On average, using
PC modality improves F1-score by 0.83% for delta prediction
and 2.23% for page prediction. Adding domain features further
enhances F1-score by 1.72% for delta prediction and 4.30%
for page prediction compared to base models. Phase-specific
models outperform general models by 2.60% for delta prediction
and 5.56% for page prediction. Notably, models trained on high
complexity snippets achieve 2.12% higher F1-score for delta
prediction and 2.53% higher for page prediction than those

Fig. 16. Impact of locality complexity threshold to model performance.

trained on all snippets, due to a focused learning on complex
patterns. Overall, optimized models show a 7.4% higher F1-
score for delta prediction and 15.35% higher accuracy@10 for
page prediction compared to basic models.

3) Effectiveness of PC as Modality: To evaluate the effec-
tiveness of our approach of using PC as a modality, we compare
these two methods:

Base + PC (Context): using PC as a context input rather than
a modality. PCs are processed using domain feature embeddings
and this model does not include the attention fusion layer. This
method is used in TransFetch [24].

Base + PC (Modality): using PC as a modality and using a
fusion layer to merge the input of address and PC. This is used
in DAMMA in this work.

The results of delta and page prediction using different meth-
ods of incorporating PCs are shown in Table VII. Using PC as
context yields only minimal improvement over the base models.
In contrast, using PC as a modality significantly increases per-
formance. Particularly, with page prediction, it shows an 8.53%
higher accuracy@10 compared to using PC as context.

4) Impact of Locality Complexity Detection: We train the
predictors using high-complexity snippets given by various
locality complexity thresholds. We test the predictors on two
scenarios: 1) the whole testing set including snippets of both low
and high complexity, and 2) only the high complexity snippets
given by the mean threshold.

Fig. 16 shows the delta and page prediction under these sce-
narios. As the threshold τ increases, the training dataset becomes
smaller with fewer simple patterns. When testing on snippets
with all snippets, the model performance drops rapidly because
fewer easy-to-predict patterns are used in training. When testing
on high-complexity snippets, the model performance increases
first due to a higher proportion of complex patterns in training.
When τ increases further, the training set becomes insufficiently
large, leading to decreased performance. To balance the training
dataset size and the snippet complexity, we take the mean
composite entropy of each application as the threshold.

F. Prefetching Evaluation

1) Baselines: We compare GraFetch with state-of-the-art
rule-based prefetchers and ML-based prefetchers:

Best-Offset (BO) [12]: rule-based spatial prefetcher that pre-
dicts delta patterns within a page.

Irregular Stream Buffer (ISB) [15]: rule-based temporal
prefetcher based on record and replay.
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TABLE VIII
DELTA PREDICTION F1-SCORE

TABLE IX
PAGE PREDICTION ACCURACY@10

Fig. 17. Prefetch accuracy of GraFetch and the baseline prefetchers.

Indirect Memory Prefetcher (IMP) [48]: rule-based prefetcher
detecting indirect memory accesses assuming linear corelation
among accesses, widely used in applications such as graph
analytics and sparse matrix multiplications.

Delta-LSTM [21]: LSTM-based spatial prefetcher that takes
delta as input and predicts the next delta within a page.

Voyager [19]: ML-based prefetcher using two LSTM-based
models to predict temporally the next page and offset.

TransFetch [24]: ML-based prefetcher using attention-based
model to predict deltas within a spatial range beyond a page.

We train and evaluate all ML-based prefetchers using FP32
precision, consistent with prior studies [19], [21], [24]. This
ensures fair comparison and preserves modeling accuracy. For
practical hardware deployment, these models can be compressed
using techniques such as knowledge distillation [72] and 8-
bit quantization of model weights [73]. Exploring reduced-
precision optimizations and their impact on performance and
accuracy is an important direction for future work.

2) GraFetch Configuration: In the HHP framework, we im-
plement BO as the rule-based spatial prefetcher and ISB as the
temporal prefetcher. By setting the locality pattern threshold τ ,
we evaluate the three variants in GraFetch:

GraFetch: τ = Mean to enable hybrid usage of the heuristic
rule-based prefetchers and the DSML models.

GraFetch-0: τ = 0 to disable the DSML models, equivalent
to ISB-BO hybrid prefetching.

GraFetch-1: τ = 1 to disable the rule-based models, equiva-
lent to prefetching using only DAMMA-based models.

3) Metrics: We use prefetch accuracy, prefetch coverage, and
IPC improvement [74] to evaluate the prefetchers.

4) Results of Prefetching: Fig. 17 shows the prefetch accu-
racy for each application. ISB achieves the highest prefetch
accuracy at 93.11% on average because it predicts only for
exact matches. GraFetch achieves 87.97% accuracy, outper-
forming the baselines BO, IMP, Delta-LSTM, Voyager, Trans-
Fetch, GraFetch-0, and GraFetch-1, which achieve accuracy
of 65.12%, 75.87%, 68.42%, 76.63%, 80.26%, 76.016% and
82.88%, respectively. Fig. 18 shows the prefetch coverage re-
sults. GraFetch achieves the highest coverage at 38.57%, out-
performing the baselines BO, ISB, IMP, Delta-LSTM, Voyager,
TransFetch, GraFetch-0, and GraFetch-1, which achieve cov-
erage of 24.38%, 10.72%, 23.47%, 24.45%, 32.16%, 31.88%,
31.11%, and 36.61%. Fig. 19 illustrates the IPC improve-
ment using the implemented prefetchers. GraFetch achieves
up to 19.50% IPC improvement for graph analytics and up
to 5.68% IPC improvement for GNN, overall 7.22% IPC
improvement on average, outperforming the baselines BO,
ISB, IMP, Delta-LSTM, Voyager, TransFetch, GraFetch-0,

Authorized licensed use limited to: NAVAL GROUP (DCNS LORIENT). Downloaded on June 26,2025 at 12:47:04 UTC from IEEE Xplore.  Restrictions apply. 



ZHANG et al.: GraFETCH: ACCELERATING GRAPH APPLICATIONS THROUGH DOMAIN SPECIFIC HIERARCHICAL HYBRID PREFETCHING 1555

Fig. 18. Prefetch coverage of GraFetch and the baseline prefetchers.

Fig. 19. IPC improvement using GraFetch and the baseline prefetchers.

and GraFetch-1, which achieve IPC improvement at 2.79%,
2.47%, 4.33%, 4.16%, 5.49%, 5.23%, 5.07%, and 6.55%,
respectively.

Notably, GraFetch-1 outperforms all ML-based baselines,
demonstrating the effectiveness of our DSML-based models for
prefetching. GraFetch-0 using only the rule-based prefetchers
achieves 5.07% IPC improvement, only 0.15% lower than Trans-
Fetch. This indicates that existing ML models learn mainly from
simple patterns, which rule-based prefetchers also handle well.
By training with complex patterns exclusively and cooperat-
ing with rule-based prefetchers, GraFetch provides 2.15% and
0.67% higher IPC improvement compared to GraFetch-0 and
GraFetch-1.

We observe that IMP achieves high prefetch coverage for
GPOP benchmarks, on average 44.81%, comparable to ML-
based prefetcher TransFetch at 47.79%. This is because GPOP
uses CSR format input which is a well fit to the learning rule of
IMP. However, IMP shows limitations on other graph application
frameworks due to the low flexibility of its rule-based method
nature. With respect to the graph processing methods, we ob-
serve that the GPOP framework that preprocesses graphs into
CSR format has shown higher prefetching performance for all
prefetchers on average, compared with X-Stream using binary
edge list and COO format used in GNN applications.

We also observe different prefetching performance between
GA (GPOP and X-Stream) and GNNs (PyG and DGL). For
GA, GraFetch results in 12.48% IPC improvement on average,
outperforming the best rule-based baseline BO (7.12%) and ML-
based baseline TransFetch (10.98%). For GNNs, GraFetch re-
sults in 4.18% IPC improvement on average, outperforming the
best rule-based baseline ISB (1.10%) and ML-based baseline
Voyager (3.14%). This aligns with the snippet complexity dis-
cussed in Section VII-D and in Fig. 14. Prefetching for GNN ap-
plications is challenging due to their higher proportion of high-
complexity memory access patterns, as demonstrated in Fig. 15.

Fig. 20. GraFetch as LLC prefetcher and IMP as L1C prefetcher.

Compared to GA workloads, GNNs exhibit more frequent large-
range jumps and a wider distribution of access patterns, resulting
in lower prefetching performance. Despite these challenges, our
method achieves superior prefetcher performance for GNNs
compared to both rule-based and ML-based approaches, which
demonstrates the effectiveness of our framework. Our approach
using the HHP framework effectively analyzes the pain points of
an application, guiding the future optimizations of application
development and prefetching strategies.

5) Effectiveness of Hybrid Prefetching: To evaluate the hy-
brid prefetching strategy driven by composite entropy, we com-
pare GraFetch with the widely used hybrid prefetching technique
SBP and the upper-bound performance of an ideal prefetcher.

6) GraFetch With L1 Prefetcher: We further evaluate our
prefetching within a system that already incorporates an L1
cache prefetcher (L1C). IMP is designed for L1 cache prefetch-
ing by monitoring consecutive processor requests and detecting
streaming and indirect memory accesses. The results of IMP
as L1C prefetcher and GraFetch as LLC prefetcher are shown
in Fig. 20. On average, IMP achieves 6.11% IPC improvement
through L1C prefetching, 10.61% for GA, and 3.54% for GNNs.
GraFetch provides additional speedup for LLC prefetching,
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Fig. 21. Comparing GraFetch with hybrid prefetching SBP and ideal prefetch-
ing.

leading to 10.72% IPC improvement on average, 17.87% for
GA, and 6.42% for GNNs.

The Sandbox Prefetcher (SBP) [75]: SBP monitors the accu-
racy of multiple offset prefetchers at runtime using a Bloom filter
and selects the highest one after a period of executing, similar in
concept to the tournament branch predictor [76]. We implement
an enhanced SBP variant, extending its adaptability to include
all types of prefetchers. We use BO, ISB, and DAMMA-based
models (GraFetch-1) as the input prefetchers.

Ideal prefetcher: An ideal prefetcher prefetches in LLC with
perfect precision and zero latency, showing the upper bound of
LLC prefetching performance.

The results are shown in Fig. 21. On average, SBP, GraFetch-
1, GraFetch, and ideal prefetchers achieve 6.19%, 6.55%, 7.22%,
and 9.63% IPC improvement. While for some cases SBP ef-
fectively improves the performance of GraFetch-1 through hy-
brid prefetching (such as PyG GIN and X-Stream SSSP), in
most cases, SBP fails and makes negative optimization. This is
because the greedy strategy of SBP leads to the limitation of
response lag, a sub-optimal prefetcher works for a period until
the average performance of another prefetcher surpasses it. This
strategy works well for the shift of long stable patterns but can not
quickly adapt to the interleaved patterns in graph applications.
GraFetch achieves 74.97% of ideal performance while SBP only
achieves 64.28% performance of the ideal prefetcher.

VIII. DISCUSSION

This paper explored DSML models to improve prefetching
performance. While these models are not optimized for hardware
implementation, we analyze the computational complexity of
the predictors and discuss techniques for reducing model com-
plexity that we will further explore.

A. Analysis of Computational Complexity

The DAMMA-based predictors in GraFetch dominate its
computational complexity, while the detectors, using non-neural
network methods, are lightweight. In Table X, we analyze
the complexity of neural network predictors in GraFetch and
state-of-the-art ML-based prefetchers using three metrics: total
number of model parameters, model inference FLOPs, and
critical path. Compared to LSTM-based methods Delta-LSTM
and Voyager, GraFetch features a shorter critical path due to the

TABLE X
COMPUTATIONAL COMPLEXITY OF PREDICTORS IN GRAFETCH AND

STATE-OF-THE-ART ML-BASED PREFETCHERS

high parallelism in attention. Compared with the attention-based
method TransFetch, GraFetch employs phase-specific page and
delta predictors. leading to a higher parameter count. As shown
in Table X, GraFetch uses a total of 903.1 K parameters, compris-
ing four separate models: two pairs of page and delta predictors
corresponding to two distinct graph processing phases. This
increase in model complexity, however, translates into a notable
performance gain, with IPC improvement from 5.23% to 7.22%.

Using a fully parallel implementation of the DAMMA mod-
els, we can estimate the latency using the critical path based on
Fig. 12 as follows:

T = Temb + Tatt + Tfusion + Ttrans︸ ︷︷ ︸
DAMMA

+Thash︸ ︷︷ ︸
Input

+Thead + Tav︸ ︷︷ ︸
Output

(13)
where Temb is for the embedding layer composed of a matrix
multiplication (takes Tmm) and an activation function (takes
Tav), Tatt is for the self-attention layer that takes 4Tmm and
3Tav ,Tfusion is for the multi-modality attention fusion layer that
takes Tatt + Tmm + 4Tav , Ttrans is for the Transformer layer
with the same critical path with the fusion layer, Thash is for the
input processes (hashing, segmentation, and tokenization) that
can be implemented in look-up tables with latency 1, and Thead

is for the output layer that takesTmm. Assuming full parallelism,
Tmm = 1 + log2 D for dimension D and Tav = 1 for activation
functions using a look-up table, the overall latency is estimated
as T ≈ 123 processor cycles.

B. Techniques for Reducing Complexity

DSML-based predictors can be further optimized for more ef-
ficient hardware implementation by reducing the model storage
cost and inference latency.

Reducing Storage Cost: As illustrated in Table X, GraFetch
utilizes 903.1 K parameters. The storage cost can be reduced to
approximately 0.86 MB under 8-bit quantization [73]. Although
this storage requirement is higher than that of rule-based models,
it remains well within acceptable limits for existing last-level
cache controllers (several megabytes) [77]. Using knowledge
distillation [72], we can train smaller DAMMA-based models as
students using the current models as teachers while maintaining
the performance. Tensor Decomposition [78] approximates the
model weight matrices with lower-rank matrices to reduce the
number of parameters. Emerging bio-inspired models such as
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spiking neural networks [79] can be integrated into our HHP
framework with smaller overheads.

Reducing Inference Latency: Recent work has explored ap-
proximating matrix multiplication and activation functions using
tables [80], [81]. By implementing layer-wise table lookup, the
model inference latency can be reduced to approximately 50
cycles. Distance prefetching [24] offers an alternative method to
offset the latency by skipping the inference slot and predicting
the memory accesses at a distance.

C. Online Model Update

Following existing ML-based prefetchers such as Trans-
Fetch [24] and Voyager [19]. This approach decouples the train-
ing cost from the deployment platform, ensuring portability and
enabling optimizations tailored to the specific deployment envi-
ronment. In real-world scenarios, the ML models require retrain-
ing to adapt to the dynamic allocation of processor and memory
resources. Following steps can be used for model deployment
and online update. We begin by training an initial pre-trained
model offline using memory access data collected from a single
iteration of the graph application. Offline training ensures that
the model undergoes extensive optimization leveraging powerful
hardware platforms such as GPUs. Then the pre-trained initial
model is deployed on the hardware (e.g., on-chip memory on
an embedded FPGA [29]) for online memory access prediction
and data prefetching. During execution, we continuously collect
memory access data and store the data in DRAM. For online
model training, we load the training data from DRAM to high-
bandwidth memory (HBM) and train a shadow model (stored in
HBM) through hardware (e.g., compute units on FPGA [82]) for
one epoch to adapt to evolving memory access patterns. After
training, the updated models with 903.1 K parameters (as shown
in Table X) are loaded into on-chip memory (e.g., BRAM) to
enable fast inference.

D. Potential Hardware Deployment

Our prefetcher is not constrained to a specific existing archi-
tecture. Potential deployment involves integrating the existing
memory system with emerging technologies, such as an em-
bedded FPGA (eFPGA) [29] tightly integrated with a memory
controller. An embedded FPGA (eFPGA) is a reconfigurable
logic block integrated within a larger system-on-chip (SoC) or
application-specific integrated circuit (ASIC). An example of
hardware deployment using eFPGA is shown in Fig. 22. An
eFPGA allows for reconfigurable hardware, making it adapt-
able to different prefetching models. The ML-based prefetching
models are first compressed using techniques in Section VIII-A,
resulting in simplified, quantized models or table-based approx-
imations. The computations in the ML models are implemented
using logic blocks within the eFPGA, including Multipliers,
Adders, and Look-Up Tables. The parameters of the ML model
are stored in on-chip memory, such as Block RAM (BRAM),
providing fast, low-latency access during inference. There are
also works exploring efficient ML model training on FPGA [83],
[84], facilitating our model’s online update. While the current
implementation demonstrates the capability of our framework,

Fig. 22. Example hardware deployment of ML models for data prefetching in
a Last-Level Cache (LLC) memory controller with eFPGA.

we acknowledge the tradeoff between the additional hardware
resources required and the achievable performance. However,
the framework is designed to provide a scalable foundation for
future optimizations, such as distillation [85], quantization [38],
and tabularization [80]. We believe that with further refinement,
the resource cost can be significantly reduced, making the frame-
work a practical solution for real-world GNN applications.

IX. CONCLUSION

In this paper, we proposed GraFetch, a domain-specific hy-
brid prefetching system designed to accelerate graph applica-
tions. Using a novel Hierarchical Hybrid Prefetching framework
integrated with Domain-Specific Machine Learning models,
GraFetch achieves an average of 12.47% IPC improvement on
graph analytics and 4.17% IPC improvement on GNNs, out-
performing state-of-the-art rule-based and ML-based prefetch-
ers. In the future, we plan to optimize the model hardware
implementation to reduce storage costs and latency overheads.
We also intend to optimize the task allocation among multiple
prefetchers and develop an adaptive controller to achieve more
efficient prefetching. Additionally, we will study prefetching for
the scenario of applications executing simultaneously. We will
also explore the the minimum models required for achieving
similar performance benefits.
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