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Abstract

Hardware data prefetching is a fundamental technique for mitigating the long latency of
off-chip memory accesses and is critical for sustaining the performance of high-performance
processors. While prior research has significantly advanced prefetching techniques, most of
the techniques are optimized for workloads with relatively small instruction footprints. In
contrast, server workloads exhibit very large instruction footprints (tens of megabytes) along
with complex and irregular memory access patterns due to frequent transitions between user
and kernel execution. These characteristics limit the effectiveness of state-of-the-art hard-
ware prefetchers, particularly those that rely on program counter (PC)-based correlation, as
they require substantial metadata storage and struggle to maintain high accuracy and cov-
erage. In this thesis, we observe that server workloads often exhibit a set of persistent global
memory access offsets that remain stable across execution. Motivated by this observation,
we propose Toppy, a lightweight LLC-based hardware prefetcher that leverages global offset
patterns without relying on PC-based tracking. Toppy employs the Misra—Gries heavy-hitter
algorithm to efficiently identify the top-k most frequent offsets using a very small hardware
footprint. These persistent offsets are then used to generate prefetch requests at the last-
level cache, enabling effective capture of recurring access patterns with minimal overhead.
To further improve robustness, we design an adaptive mechanism that dynamically balances
prefetch coverage, accuracy, and DRAM traffic by tuning the offset selection threshold at run-
time. This allows Toppy to achieve a favorable trade-off between performance and memory
bandwidth consumption across different workload characteristics and system configurations.
We evaluate Toppy on a diverse set of server and cloud workloads and compare it against
several state-of-the-art prefetchers, including KPC-P, IPCP, Berti, SPP-PPF, Gaze, Bingo,
Pythia, and MLOP. Compared to a baseline system with an L1D IP-stride prefetcher, Toppy
achieves an average performance improvement of 9.22%, outperforming all evaluated designs.
The next best prefetcher, Bingo, achieves a performance gain of 6.28%. Importantly, Toppy
delivers this performance with a storage overhead of only 425 bytes per core, compared to
approximately 119 KB required by Bingo. Overall, Toppy demonstrates that exploiting per-
sistent global offsets is an effective approach for prefetching in server workloads. It achieves
a strong balance between performance improvement, hardware cost, and memory bandwidth
utilization, making it a practical solution for future server-class processors.
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Chapter 1
Introduction

The growing disparity between processor speeds and main memory latency has made mem-
ory access one of the primary performance bottlenecks in modern computing systems. This
challenge is particularly pronounced in large-scale server workloads, where applications op-
erate on massive datasets and exhibit complex memory access behaviors. Hardware data
prefetching has long been recognized as an effective technique to mitigate memory latency
by predicting future memory accesses and fetching data into the cache hierarchy ahead of
demand [35, 33, 40].

A hardware prefetcher operates alongside the cache subsystem by observing memory ac-
cess patterns at runtime and issuing speculative memory requests. Over the years, a wide
variety of prefetching techniques have been proposed, ranging from simple stride-based mech-
anisms to sophisticated correlation-based and learning-based approaches [13, 38, 18]. While
these techniques have demonstrated significant performance improvements on traditional
benchmark suites such as SPEC CPU [5], their effectiveness on modern server workloads
remains limited [14].

Recent studies have shown that state-of-the-art hardware prefetchers provide only marginal
performance improvements for memory-intensive server applications [14], as illustrated in
Figure 1.1. In many cases, the observed gains are less than 2% compared to a baseline
[P-stride prefetcher at L1D. Even advanced designs, including temporal prefetchers such as
ISB [47], Triage [46], Triangel [10], and reinforcement learning-based approaches such as
Pythia [15], fail to consistently deliver substantial benefits. Among existing techniques, the
Bingo prefetcher achieves the highest improvement of approximately 6.28% [13], but at the
cost of significant storage overhead. This highlights a fundamental gap between prefetcher

design assumptions and the characteristics of modern server workloads.
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Figure 1.1: Performance of hardware prefetchers for memory-intensive server workloads nor-
malized to an L1D IP-stride prefetcher. Most prefetchers provide less than 2% improvement,
while Bingo achieves the highest improvement of 6.28%.

One of the primary reasons for this inefficiency is the unique nature of server applications.
Unlike traditional workloads, server workloads exhibit highly irregular and diverse memory
access patterns, resulting in significantly lower prefetch accuracy, as shown in Figure 1.2.
Prefetchers that achieve high accuracy on conventional benchmarks often experience a dras-
tic drop in effectiveness when applied to server environments [14]. Furthermore, temporal
prefetchers rely on recurring access patterns, which are often absent in these workloads,
further limiting their utility [47, 46, 10].

Another critical challenge is the rapidly increasing instruction footprint of server applica-
tions. Studies indicate that instruction footprints grow by approximately 30% annually [11].
This leads to a substantial increase in the number of unique program counters (PCs) encoun-
tered during execution. As a result, PC-based prefetchers face significant scalability issues,
as they require large metadata tables to track per-PC behavior. As shown in Figure 1.3,
increasing the storage capacity of the Bingo prefetcher results in only marginal performance
gains [13], highlighting the limited scalability of large metadata-based designs.

Non-PC-based prefetchers attempt to address these scalability concerns by eliminating
dependence on program counters [34]. However, these approaches typically rely on detect-
ing short-term or transient access patterns, which are often irregular in server workloads.
Consequently, their performance improvements remain limited and comparable to PC-based
designs [14].

In addition to these challenges, cache hierarchy interactions further complicate prefetch-
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Figure 1.2: Prefetch accuracy of state-of-the-art prefetchers averaged across memory-
intensive server workloads. Most prefetchers exhibit low accuracy, indicating irregular mem-
ory access patterns.

ing in server systems. High instruction miss rates at the L1 and L2 caches lead to contention
between instruction and data streams. Data prefetching at lower cache levels can introduce
cache pollution, evicting useful instruction lines and causing front-end bottlenecks [37, 30].
This behavior often negates the benefits of accurate data prefetching, necessitating careful
consideration of where prefetching should be performed in the memory hierarchy.

These observations motivate the need for a fundamentally different approach to data
prefetching for server workloads. An effective solution must be lightweight and capable
of handling irregular access patterns without relying on program counters. Additionally,
it should minimize interference with instruction caches and operate efficiently within con-
strained hardware resources. In this work, we observe that despite the apparent irregularity
of server workloads, a small number of global memory access offsets account for a signifi-
cant fraction of cache accesses. These offsets, defined as the differences between consecutive
cache-line addresses, exhibit persistence across execution phases. We find that a small set of
frequently occurring global offsets can cover a substantial portion of last-level cache accesses,
providing an opportunity for efficient prefetching.

Motivated by this insight, we propose Toppy, a lightweight offset-based hardware prefetcher
that leverages the most frequent global offsets to generate prefetch requests. Unlike prior ap-
proaches [35], Toppy does not rely on program counters or localized access streams. Instead,
it dynamically identifies persistent offsets using a streaming algorithm and issues prefetches

based on their observed frequency. By operating at the last-level cache and adapting its
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Figure 1.3: Impact of increasing storage size on Bingo prefetcher performance. Even huge
increases in storage result in only marginal performance gains.

aggressiveness based on runtime conditions, Toppy achieves a balance between performance
improvement and storage overhead. Our evaluation demonstrates that Toppy significantly
outperforms existing state-of-the-art prefetchers on memory-intensive server workloads while
requiring only a tiny storage overhead. These results highlight the effectiveness of leveraging

global offset locality and motivate a shift toward simpler, more effective prefetching designs.
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Chapter 2
Background & Motivation

This chapter presents the background and motivation necessary to understand the design
and challenges addressed in this thesis. We first discuss the organization of the memory
hierarchy and the need for multiple levels of memory to balance performance, cost, etc. We
then examine the impact of memory access latency on processor performance and describe
the Memory Wall problem, which arises due to the growing gap between processor speeds
and memory access times.

To mitigate memory access latency, modern processors employ several hardware opti-
mizations such as caching, out-of-order execution, and hardware prefetching. Among these,
prefetching plays an important role in improving memory-level parallelism by predicting
future memory accesses and fetching data before it is requested by the processor. This
chapter also reviews the fundamentals of hardware prefetching, discusses prior prefetching
techniques, and motivates the need for lightweight and bandwidth-aware prefetching mech-

anisms for systems.

2.1 Memory Hierarchy

Modern processors employ a hierarchical memory organization consisting of multiple levels
of cache positioned between the processor cores and main memory, as shown in Figure 2.1.
This hierarchy is designed to bridge the large gap between processor speed and main memory
latency by exploiting the trade-off between access latency and capacity.

At the top of the hierarchy is the L1 data cache (L1D), which is closest to the processor
core and provides the lowest access latency, typically on the order of a few nanoseconds.

Due to its stringent latency requirements, the L1D cache is very small, usually only tens of
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kilobytes in size. Its primary role is to supply data to the core at nearly core speed, thereby

minimizing pipeline stalls.
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Figure 2.1: Overview of a memory hierarchy

Below the L1D cache lies the Level-2 cache (L2C). The L2 cache is larger than the L1
cache, typically on the order of hundreds to thousands of kilobytes, and has slightly higher
access latency. It serves as an intermediate cache that captures working sets too large for the
L1 cache while still providing much faster access than lower levels of the memory hierarchy.
In most modern architectures, both the L1D and L2 caches are private to each core,
allowing low-latency access.

The Last-Level Cache (LLC) is the largest on-chip cache and is commonly shared
among all processor cores. With capacities ranging from a few megabytes to tens of megabytes,
the LLC is designed to retain a large amount of data on-chip and reduce accesses to main
memory. Although its access latency is higher, typically tens of nanoseconds, it remains

significantly faster than accessing main memory.
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At the bottom of the hierarchy is main memory (DRAM), which offers large capacity,
often several gigabytes to terabytes, but at the cost of much higher access latency, typically
on the order of hundreds of nanoseconds. Memory accesses that miss in all cache levels must
be served by DRAM, resulting in substantial performance penalties.

Overall, the memory hierarchy illustrated in Figure 2.1 demonstrates the fundamental
design principle that as memory capacity increases, access latency also increases. This mo-
tivates the use of effective caching and hardware prefetching techniques to mitigate memory

access delays and improve system performance.

2.2 Server Processors & Server Workloads

2.2.1 Server processors

Server processors, including Intel Xeon [27] and AMD EPYC [9], are designed to sustain high
throughput for large-scale data center workloads. These systems integrate a large number
of cores, support simultaneous multithreading (SMT), and employ deep memory hierarchies
with private L1/L2 caches and a shared last-level cache (LLC) to efficiently manage data
movement. Internally, these processors rely on out-of-order execution to extract instruction-
level parallelism and maximize resource utilization. While the front-end is responsible for
supplying instructions, overall performance is also constrained by the back-end, where in-
structions are scheduled, executed, and retired.

A key challenge in server processors lies in the memory subsystem. Modern workloads
exhibit large working sets and irregular access patterns, which place significant pressure on
the cache hierarchy. Frequent data cache and TLB misses result in long-latency memory
accesses, causing pipeline stalls and underutilization of execution resources. To mitigate
memory latency, processors employ multi-level cache hierarchies along with hardware data
prefetchers that attempt to predict future memory accesses. While effective for regular access
patterns, these prefetchers often struggle with the irregular and complex behaviors observed
in server workloads, leading to limited coverage and reduced accuracy.

Although front-end optimizations such as branch prediction, Fetch Target Queues (FTQ),
and instruction prefetching techniques like Fetch-Directed Instruction Prefetching (FDIP)
help maintain instruction supply, they do not eliminate performance bottlenecks. Prior
work [11] shows that a significant portion of execution time is spent in both front-end and

back-end stalls. Figure 2.2 presents a breakdown of pipeline stall cycles on an Intel Xeon
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Figure 2.2: CPU performance breakdown in server workloads on an Intel Xeon processor
(adapted from [11]).

processor. While front-end stalls contribute notably to performance loss, a substantial frac-
tion of cycles is dominated by back-end stalls, particularly those caused by memory latency,
cache misses, and contention for execution resources.

In practice, even with efficient instruction delivery, back-end bottlenecks remain a primary
limitation to performance. Data-intensive server applications frequently experience long
memory access latencies and irregular access patterns, which reduce effective cache utiliza-
tion and stall execution pipelines. Therefore, improving back-end efficiency, particularly in
the memory subsystem, is critical for enhancing overall system performance. Addressing
challenges such as memory latency, cache behavior, and prefetching effectiveness is essential

to fully exploit the capabilities of modern server processors.

2.2.2 Server Workloads

A rigorous understanding of server workloads is a prerequisite for any architectural investi-
gation of processor performance. A workload represents the complete set of computational
activities required to execute an application, service, or task, encompassing not only the
software itself but also the associated demands on compute, memory, storage, and network-
ing resources [25]. Importantly, workloads are characterized not only by their functional

role but also by the intensity and diversity of resource usage they impose on the underlying
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hardware. As a result, two workloads serving similar purposes may exhibit vastly different
architectural requirements depending on their execution characteristics [25].

Server workloads are typically categorized along both functional and behavioral dimen-
sions. From a functional perspective, transactional workloads process a large number of
small, latency-sensitive operations, commonly observed in financial systems, e-commerce
platforms, and request-driven services where responsiveness is critical [42]. In contrast, an-
alytical workloads operate on large datasets and perform compute-intensive operations such
as aggregations, data mining, and machine learning inference, often prioritizing throughput
over latency [26]. Batch workloads form another important category, where large volumes of
tasks are executed in parallel during off-peak periods, leveraging thread-level and data-level
parallelism to maximize system utilization [26].

To capture the diversity of modern server workloads in our study, we utilize publicly
available traces from multiple benchmark suites, including CloudSuite [2], CVP-1 [3] traces
provided by Qualcomm, Java Renaissance workloads from a recent MICRO 2024 study [44],
and Google workloads released as part of the Data Prefetching Championship (DPC-4) [8].
These workloads collectively span a broad range of real-world applications, including cloud
services, enterprise systems, and large-scale production environments, and exhibit diverse
memory access characteristics. Modern server workloads have grown significantly in com-
plexity due to their interaction with deep and layered software stacks. These stacks include
operating system components, kernel services [31, 23], large third-party libraries [12], and
managed runtime environments such as virtual machines and language runtimes [39]. This
increasing software complexity leads to a rapid expansion in code footprint, with studies
indicating an approximate growth rate of 30% per year [31, 12|. Consequently, both instruc-
tion and data working sets have expanded significantly, placing substantial pressure on the
processor memory hierarchy.

This behavior is quantitatively illustrated in Table 2.1, which presents instruction and
data Misses Per Kilo Instructions (MPKI) across multiple cache levels for the evaluated
workloads. A key observation is the substantially higher instruction cache miss rate in
server workloads compared to traditional benchmarks. The average L1 instruction cache
(L1I) MPKI across server workloads is 19.18, which is over 11x higher than SPEC CPU
2017 at 1.63. Certain workloads, such as CVP-1, exhibit extremely high instruction pressure
with an L1I MPKI of 32.15, while Google workloads reach 18.17. Even relatively moderate
workloads such as CloudSuite and Java Renaissance show L1I MPKI values exceeding 10.

This clearly indicates that server workloads have significantly larger instruction footprints,
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Table 2.1: Instruction and Data MPKI across cache levels for evaluated workloads

Workload Lil | LID L2 L2 LLC LLC
MPKI | MPKI | IMPKI | DMPKI | IMPKI | DMPKI

CloudSuite 10.77 | 6.69 0.09 3.54 0.00 2.66
Java Renaissance | 11.76 6.02 0.78 3.17 0.05 2.65
XS Bench 0.00 | 23.00 | 0.00 59.03 0.00 27.21
Google 1817 | 1079 | 3.3 4.21 0.81 6.34
CVP-1 3215 | 14.80 | 0.29 45.04 0.00 13.60
Average 19.18 | 11.93 | 2.85 7.34 0.34 5.52

| SPEC CPU 2017 | 1.63 | 3051 | 019 | 1789 | 000 | 1279 |

often exceeding the capacity of the L1I cache, resulting in frequent instruction misses.

In contrast, the data-side behavior exhibits a different trend. SPEC CPU 2017 shows a
higher average L1D MPKI of 30.51 compared to 11.93 for server workloads, suggesting that
traditional benchmarks are more data-intensive at the L1 level. However, server workloads
demonstrate more diverse and irregular behavior across deeper levels of the memory hier-
archy. For instance, XS Bench shows a high L1D MPKI of 23.00 along with an elevated
LLC MPKI of 27.21, indicating sustained pressure on lower cache levels. Google workloads
exhibit relatively balanced pressure across levels, with L2 MPKI values and LLC MPKI of
6.34. On the other hand, CVP-1 shows moderate LLC MPKI of 13.60.

Overall, while the average LLC MPKI of server workloads (5.52) is lower than that of
SPEC CPU 2017 (12.79), this does not imply reduced memory pressure. Instead, it reflects
a fundamental shift in workload characteristics: server workloads are increasingly dominated
by large instruction footprints and irregular access patterns, rather than purely data-intensive

behavior.

2.3 Hardware Data Prefetchers

Prefetching algorithms play a vital role in improving computer system performance by pre-
dicting future memory accesses. As illustrated in Figure 2.3, (@) the processor core issues
demand requests to the cache following a sequential access pattern, such as X, X + 1, and X
+ 2. (@) The hardware prefetcher monitors these cache accesses and identifies the underly-
ing sequential pattern. Based on this observation, it predicts the next memory address, X +
3, and generates a prefetch request for it. (@) The corresponding data is then fetched and

brought into the cache ahead of time. (@) Consequently, when the processor later issues
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a demand request for X + 3, the data is already available in the cache, thereby reducing

memory access latency and avoiding the delay associated with accessing main memory.

Demand
Request e
X+3 X+3
Data
Cache X+2
access X+1 a
pattern X Prefetch
e Request
X+3

Prefetcher

Figure 2.3: Example of hardware prefetching based on memory access patterns.

Prefetching enhances computational efficiency by minimizing memory latency and re-
ducing the processor’s idle time. Prefetchers, in combination with caches, are crucial for
bridging the gap between processor speeds and memory access times, enabling seamless data
flow and improving the overall performance of modern computer systems.

Several key metrics are used to evaluate prefetcher performance. Accuracy refers to
the fraction of prefetched cache lines that are actually used by the processor before eviction.
High accuracy indicates that the prefetcher is making correct predictions, while low accuracy
implies wasted bandwidth and cache pollution. In this context, useful prefetches are those
prefetched cache lines that are later accessed by the processor and contribute to demand
requests. In contrast, useless prefetches are those that are never accessed by the program
and may displace useful data from the cache, negatively impacting performance.

Another critical metric is coverage, defined as the fraction of total cache misses that are
eliminated due to prefetching. A high-coverage prefetcher successfully brings a large portion
of missing data into the cache ahead of time, thereby reducing demand misses. However,
high coverage alone is not sufficient; it must be balanced with accuracy to ensure that the
prefetched data is actually beneficial.

Another important design parameter is the prefetch degree, which specifies the number

11
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of cache lines a prefetcher requests ahead of a detected access pattern. For example, if a se-
quential prefetcher observes accesses to cache lines X, X+1, and X+2, a degree of one would
prefetch only X+3, whereas a degree of four would prefetch X+3 through X+46. A higher
prefetch degree can improve coverage by bringing more future data into the cache, increasing
the likelihood that upcoming memory accesses will find their data already available. How-
ever, excessively large prefetch degrees may reduce accuracy, consume additional memory
bandwidth, and increase cache pollution by introducing data that is never used. Therefore,
selecting an appropriate prefetch degree is critical for balancing performance benefits against
resource overheads.

Timeliness captures whether prefetched data arrives in the cache at the right time. A
prefetch is considered timely if it arrives before the corresponding demand access but not so
early that it is evicted before use. Late prefetches, which arrive after the demand request,
fail to hide memory latency, while early prefetches risk being evicted or causing unnecessary
cache pressure. Achieving good timeliness is particularly challenging in irregular workloads
where access patterns are difficult to predict.

Prefetching also introduces trade-offs in terms of bandwidth consumption and cache uti-
lization. Aggressive prefetching strategies may increase coverage but can overwhelm memory
bandwidth and increase cache contention. These fundamental concepts provide the basis for
understanding modern prefetching designs. Building on this foundation, the next subsections

review state-of-the-art prefetching techniques proposed in prior work.

2.3.1 BOP: Best-Offset Hardware Prefetcher

The Best-Offset Prefetcher (BOP) [35] is a hardware prefetching mechanism designed to
identify a single memory access offset that maximizes the number of timely prefetches. A
prefetch is considered timely when the prefetched cache line arrives in the cache hierarchy
before it is requested by the processor, thereby successfully hiding memory access latency. In
contrast, a late prefetch corresponds to a correct prediction issued too close to the demand
access, resulting in pipeline stalls and reduced effectiveness.

BOP focuses on identifying the best offset for generating prefetch requests. An offset
is defined as the difference between two cache line addresses. For example, consider three
accesses to cache line addresses x, x + 5, and = + 7. The possible offsets are (x +5—x) =5,
(t+7—(x+5) =2, and (z +7 —x) = 7. BOP gained prominence as the winning design
of the Second Data Prefetching Championship (DPC-2) [1], demonstrating strong
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performance due to its emphasis on timeliness and simplicity. The core idea behind BOP is
to dynamically evaluate a set of candidate offsets and select the one that yields the highest
number of useful prefetches over a fixed observation window, referred to as an epoch.

The prefetcher maintains a predefined list of candidate offsets, determined at design
time, which represent possible spatial distances between memory accesses. During each
epoch, BOP evaluates these offsets by issuing trial prefetches (or by monitoring hypothetical
usefulness) and tracking their effectiveness using lightweight hardware structures. Specifi-
cally, for each candidate offset, the prefetcher records the number of times the corresponding
prefetched cache line is accessed before eviction, thereby classifying prefetches as either useful
(timely) or ineffective (late or unused).

At the end of each epoch, BOP selects the offset that produces the highest number of
timely prefetch hits as the best offset. This selected offset is then used exclusively in the
subsequent epoch to generate prefetch requests. By restricting prefetching to a single offset,
BOP avoids unnecessary memory traffic and reduces cache pollution, leading to high prefetch
accuracy and efficient bandwidth utilization.

However, this design choice also introduces a key limitation. Since BOP relies on a
single global offset at any given time, it is inherently constrained in its ability to capture
complex or irregular memory access patterns that may require multiple offsets or context-
dependent behavior. As a result, while BOP excels in scenarios with regular and dominant
spatial patterns, its coverage is limited in workloads exhibiting diverse or multi-modal ac-
cess characteristics. Overall, BOP represents a design point that prioritizes timeliness and
accuracy through selective prefetching, trading off coverage and adaptability for simplicity

and robustness.

2.3.2 MLOP: Multi-Lookahead Offset Prefetcher

The Multi-Lookahead Offset Prefetcher (MLOP) [45] extends the design philosophy of the
Best-Offset Prefetcher (BOP) by addressing its fundamental limitation of relying on a single
offset and issuing only one prefetch per demand access. While BOP focuses on selecting a
single globally optimal offset that maximizes timeliness, MLOP generalizes this approach by
learning and applying multiple offsets corresponding to different lookahead levels, thereby
increasing both prefetch degree and coverage.

At its core, MLOP is designed to answer the following key question: for a given cache

miss, which combination of offset and lookahead distance can generate a timely prefetch? To
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Figure 2.4: Example of lookahead levels applied to a sequence of cache line addresses.

this end, MLOP evaluates a set of candidate offsets across multiple lookahead levels, where
each lookahead level represents a different distance into the future access stream. Instead of
associating a single offset with a demand access, MLOP allows multiple offsets to be active
simultaneously, each responsible for prefetching data at a different future point.

Lookahead in MLOP refers to the relative distance between the current demand access
and the predicted future access that a prefetch aims to target. A lookahead of one corre-
sponds to the immediate next access, while higher lookahead levels correspond to accesses
further ahead in the stream. This notion enables MLOP to generate prefetches with varying
lead times, which is critical for hiding memory latency, especially in deep memory hierarchies.

As illustrated in Figure 2.4, consider a demand access to cache line address 100. A
prefetch to address 105 corresponds to lookahead level 1, as it targets the immediate next
access. Similarly, prefetches to addresses 115 and 130 correspond to lookahead levels 2 and
3, respectively, since they target accesses that occur further ahead in the sequence. By
enabling such multi-level predictions, MLOP can issue prefetches early enough to overlap
memory latency for accesses that are distant in time.

This multi-offset, multi-lookahead design allows MLOP to issue multiple prefetch requests
per demand access, significantly increasing the prefetch degree. As a result, MLOP achieves

higher coverage compared to BOP, particularly for workloads with complex memory access
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patterns that cannot be captured by a single offset. Furthermore, by associating different
offsets with different lookahead levels, MLOP improves prefetch timeliness, ensuring that

data required in both the near and distant future is fetched appropriately.

2.3.3 Berti: an Accurate Local-Delta Data Prefetcher

Berti [38] is an L1D prefetcher that leverages a local delta—based mechanism to proactively
fetch data. It distinguishes between stride and delta: a stride is defined as the difference
between two consecutive memory accesses generated by the same instruction pointer (IP),
whereas a delta represents the difference between the current memory access and any previous
memory access generated by the same IP. By tracking and learning useful deltas through
several hardware structures, Berti improves its ability to anticipate future memory accesses
and issue timely prefetch requests.

In this context, a local delta refers to the difference between the cache-line address of
the current memory access and that of a previous access generated by the same instruction
pointer (IP). Unlike a stride, which considers only two consecutive accesses, a local delta can
be computed with respect to any prior access from the same IP. This allows Berti to capture
a broader range of access patterns beyond simple sequential behavior.

For example, consider an instruction IPx that generates accesses to cache line addresses
X, X+2, X+5, X+7,and X + 10. The differences between consecutive accesses are +2,
+3, +2, and +3, resulting in a repeating but non-constant access pattern. A stride predictor,
which relies on a single constant stride, may not accurately capture such behavior. When
the access to X + 10 occurs, the set of observable local deltas includes +10 (computed as
X 410 - X), +8 (from X + 10 — (X + 2)), +5 (from X + 10 — (X + 5)), and +3 (from
X + 10 — (X 4+ 7)). Unlike stride-based prediction, which considers only the most recent
difference, local deltas capture relationships with multiple prior accesses.

This distinction between strides and local deltas is illustrated in Figure 2.5, adapted and
modified from [38]. By maintaining such a set of deltas, Berti is able to recognize multiple
potential deltas that may be useful for future predictions. To understand the importance
of timeliness, consider a scenario where the goal is to prefetch cache line address 15. After
observing demand accesses to addresses 11 and 8, the prefetcher can compute deltas of +4 and
+7, respectively. While these deltas correctly identify the target address, issuing prefetches
based on them may not effectively hide L1D miss latency, since the prefetch requests are

generated too close to the actual demand access, resulting in late prefetches.
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Figure 2.5: Illustration of how the Berti prefetcher derives stride, local delta, and timely
local delta information from memory access sequences to enable timely prefetching.

As shown in Figure 2.5, accesses to addresses 6 or 3 can generate larger deltas of +11
and +12, respectively. Leveraging such deltas enables the prefetcher to initiate requests
for address 15 significantly earlier in the access stream. This increased lead time allows
the memory subsystem to service the prefetch before the demand access occurs, thereby
improving prefetch timeliness and increasing the likelihood of latency hiding.

Overall, Berti’s use of local deltas, particularly those derived from earlier accesses, allows
it to overcome the limitations of traditional stride-based prefetchers. By identifying both ac-
curate and timely correlations, it strikes a balance between correctness and early prediction,

which is critical for achieving high prefetch effectiveness in modern out-of-order processors.

2.3.4 IPCP: Instruction Pointer Classifier-Based Spatial Hard-

ware Prefetching

The IPCP [40] proposes an instruction pointer (IP) classifier-based approach to spatial hard-
ware prefetching, motivated by the observation that different IPs exhibit distinct spatial
memory access behaviors depending on the application’s control-flow and data-flow charac-
teristics. By dynamically classifying IPs according to their access patterns, the framework
enables the use of specialized and lightweight prefetching mechanisms tailored to each class,
thereby improving both prefetch accuracy and timeliness.

The Instruction Pointer Classification-based Prefetching (IPCP) [40] framework performs
IP classification at the L1 data cache (L1-D) level and uses this information to guide effi-
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cient L1-D prefetching. This classification information is further communicated to the L2
prefetcher, enabling coordinated multi-level prefetching with minimal additional hardware
overhead. ITPCP is designed to handle a wide range of access behaviors.

IPCP categorizes instruction pointers (IPs) based on their observed spatial memory access
patterns and applies different prefetching strategies accordingly. IPs exhibiting constant
strides between consecutive cache-line accesses are handled using a simple stride prefetcher,
while those with irregular or repeating stride patterns are managed using a more complex
stride predictor that leverages hashed signatures to capture recent access history and predict
future strides with higher confidence. Beyond IP-based patterns, IPCP also identifies global
stream behavior, where accesses occur in bursts within a confined memory region, and applies
region-based prefetching to preserve spatial locality across multiple IPs. For accesses that do
not match these patterns, IPCP cautiously employs next-line prefetching under low memory-
pressure conditions to avoid performance degradation. Overall, IPCP combines multiple
lightweight and specialized prefetching techniques with adaptive control, enabling effective

coverage of diverse access patterns while maintaining low hardware overhead.

2.3.5 Signature Path Prefetcher

Traditional prefetchers, such as stride-based designs, are effective when memory accesses
follow simple and regular patterns. However, many modern applications exhibit complex
access sequences that cannot be accurately captured using a single stride or offset. As a
result, conventional prefetchers often fail to achieve high coverage for these workloads.

The Signature Path Prefetcher (SPP) [32] addresses this limitation by learning correla-
tions between sequences of memory accesses rather than relying solely on individual strides.
Instead of predicting future accesses based on a single recent access, SPP captures the his-
tory of observed access patterns and uses it to identify recurring memory access paths. This
enables the prefetcher to recognize complex patterns that may reappear over time, even when
individual offsets appear irregular.

A key feature of SPP is its use of confidence-based prediction. Multiple candidate future
accesses may be associated with a given access history, and SPP assigns a confidence value
to each prediction based on its past occurrence frequency. These confidence values allow
the prefetcher to prioritize more reliable predictions while reducing the impact of inaccurate
ones.

By combining path-based correlation with confidence estimation, SPP is able to achieve
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higher coverage than traditional stride-based prefetchers and can effectively capture a wider
range of memory access behaviors. Consequently, SPP has become a representative design

for learning complex memory access patterns in modern processors.

2.3.6 Bingo

Many memory access patterns cannot be accurately captured using a single correlation
source. Some accesses are strongly correlated with detailed context, while others can only
be predicted using more general information. Relying on a single predictor often leads to
either low coverage or low accuracy.

Bingo [13] addresses this challenge by employing multiple correlation mechanisms with
varying levels of specificity. Instead of using a single access history, Bingo attempts to
match memory accesses using both detailed and coarse-grained context information. When
highly specific correlations are available, Bingo generates accurate predictions. When such
correlations are unavailable, it falls back to more general correlations to maintain coverage.

This hierarchical prediction strategy enables Bingo to balance prediction accuracy and
coverage more effectively than traditional prefetchers. By exploiting correlations at multiple
levels of granularity, Bingo can capture a wider range of memory access behaviors while
avoiding excessive reliance on any single prediction source.

As a result, Bingo achieves high coverage and strong performance across diverse work-
loads, making it one of the most effective correlation-based prefetchers proposed in recent

years.

2.3.7 Gaze

Modern applications often access memory in ways that are difficult for traditional prefetchers
to anticipate. Techniques such as stride and correlation prefetching work well when memory
accesses follow clear, repetitive patterns, but many real-world workloads exhibit behavior
that appears irregular and unpredictable. However, this apparent randomness is often a
consequence of looking too closely at individual memory accesses. When memory activity is
viewed at a larger scale, meaningful patterns frequently emerge.

GAZE [19] is based on the insight that applications tend to spend most of their time
accessing a relatively small number of active memory regions, which they call zones. Instead
of focusing on individual addresses, GAZE tracks these zones and observes how applications

move between them over time. By learning the relationships among frequently accessed
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zones, GAZE can uncover higher-level structure in memory behavior and use it to predict

future accesses more effectively, even when fine-grained access patterns seem irregular.

2.3.8 Chimera: Leveraging Hybrid Offsets for Efficient Data Prefetch-

ing

Chimera [24] is a hybrid prefetcher that improves prefetching effectiveness by leveraging
multiple memory access features rather than relying on a single dimension such as temporal,
spatial, or instruction-based locality. It combines these complementary features to better
capture the diverse access patterns commonly observed in modern workloads.

Specifically, Chimera integrates three coordinated components. First, it employs a pro-
gram counter (PC)-based prefetcher that learns access behavior per instruction and identifies
the most useful offsets based on historical patterns, similar in spirit to prior PC-based ap-
proaches such as Berti [38]. Second, it incorporates a spatial or region-based prefetcher
that analyzes access patterns within a memory region and determines effective offsets us-
ing region-level history, similar to techniques used in prefetchers such as Bingo [13] and
SPP [33]. Finally, Chimera includes a global or periodic prefetcher that captures recurring
access patterns across the entire application by learning global offsets over time, similar to
BOP [35].

By combining PC-based, spatial, and global perspectives, Chimera is able to improve
both coverage and accuracy while maintaining timeliness. This multi-dimensional design
allows it to adapt to a wide range of access behaviors, making it particularly effective for

complex and irregular workloads where single-feature prefetchers often fall short.

2.3.9 Hyperion: A Highly Effective Page and PC Based Delta
Prefetcher

Hyperion [20] is a hardware prefetcher that extends the timely delta concept introduced in
prior work, such as Berti, by incorporating additional contextual information through page-
level learning. A timely delta refers to an address difference that enables prefetch requests
to arrive at the cache at the right time—mneither too early, which may lead to eviction, nor
too late, which fails to hide memory latency.

Unlike traditional PC-based approaches that rely solely on the instruction pointer to

learn useful deltas, Hyperion augments this learning process by incorporating page-level
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information. By considering both the generating instruction and the memory region (page) in
which accesses occur, Hyperion captures richer context about memory behavior. This allows
it to better distinguish between access patterns that may appear similar at the instruction
level but differ across memory regions.

Through this combined use of PC-based and page-based learning, Hyperion improves
the accuracy and timeliness of its prefetch decisions. This design enables it to adapt more
effectively to complex and irregular workloads, where relying on a single source of information

is often insufficient.

2.3.10 Pythia

Pythia [16] is a reinforcement learning (RL)-based hardware prefetcher that focuses on im-
proving overall system performance rather than relying solely on traditional metrics such as
coverage and accuracy. It recognizes that these metrics do not always correlate with per-
formance gains and therefore incorporates system-level factors, such as memory bandwidth
utilization, into its decision-making process.

Pythia models prefetching as a learning problem, where it selects actions based on runtime
behavior and receives a numerical reward that reflects the effectiveness of each prefetch. This
reward captures aspects such as accuracy, timeliness, and overall system impact, allowing
the prefetcher to adapt dynamically to different workloads.

To capture diverse access patterns, Pythia leverages both control-flow and data-flow
information. The control-flow component uses instruction-level context, while the data-flow
component captures relationships between memory accesses, enabling more accurate and

timely prefetching.

2.4 Motivation

Although hardware data prefetching has been extensively studied, its effectiveness on modern
server workloads remains limited. Existing prefetchers provide only modest performance
gains due to irregular memory access patterns and large instruction footprints. This section

highlights the key limitations and insights that motivate our design.
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2.4.1 Irregular Local Offsets

Many prefetchers rely on program counter (PC)-based correlation, assuming that memory
accesses from a given PC follow predictable patterns such as fixed strides. However, this

assumption does not hold for server workloads, where access patterns are highly irregular.

507.9K
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-16.4K
-114.7K
-147.5K
-327.7K
-458.8K
-819.2K

Offsets
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Figure 2.6: Local offsets observed for PC 0xff£ffb7£202£8 in the server_011 workload. The
x-axis represents 70 consecutive L1D accesses generated by the same PC.

Figure 2.6 shows that offsets for a single PC vary significantly over time and do not exhibit
stable behavior. Additionally, these offsets often span distant memory regions, making
pattern learning difficult and reducing prediction accuracy.

This behavior is not limited to a single instruction. Across the server_011 workload,
approximately 59.86% of PCs exhibit irregular access patterns, while only 28.64% show
regular behavior. The remaining 11.50% correspond to PCs that generate only a very small
number of load accesses (typically one or two), which is insufficient to infer any stable
access pattern. These results indicate that irregular memory access behavior is the dominant
characteristic of the workload rather than an isolated phenomenon associated with a few PCs.

Insight: PC-based prefetchers are ineffective for server workloads because most instruc-
tions exhibit irregular and non-stationary access patterns, limiting the usefulness of per-PC

correlation for accurate prediction.

2.4.2 Transient Global Offsets

Global prefetchers attempt to overcome local irregularity by analyzing the overall memory

access stream. However, their effectiveness is limited by transient offsets, which appear only
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for short execution phases.

Since these prefetchers rely on epoch-based learning, offsets that seem useful in one phase
often disappear in the next. At the end of each learning round, MLOP evaluates the collected
offset scores and selects only those offsets that satisfy its selection thresholds. A learning
round is considered failed when no offset is selected after this evaluation process, resulting
in a prefetch degree of zero. As a result, the prefetcher may fail to identify any useful offset
despite ongoing memory accesses, leading to missed prefetching opportunities. Figure 2.7
shows the percentage of such failed learning rounds across the evaluated workloads.

We further evaluate MLOP under different lookahead levels to understand the trade-off
between prediction depth and hardware cost. Table 2.2 shows that increasing lookahead
provides only marginal performance improvements while steadily increasing storage require-
ments. In fact, beyond a certain point, increasing the lookahead level leads to performance
degradation. This highlights that higher lookahead levels do not necessarily translate into
proportional performance gains, reinforcing the impact of transient and unstable access off-

sets in server workloads.
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Figure 2.7: Fraction of MLOP learning rounds that fail to select any prefetch offset.
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Table 2.2: MLOP performance (Speedup) and storage cost for different lookahead levels.

Lookahead Level Speedup (in %) Storage (KB)
4 1.34 3.4
6 1.36 5.1
8 1.30 6.8
10 1.29 8.5
12 1.22 10.2
14 1.12 11.9

Insight: Short-term, epoch-based learning fails in server workloads due to the transient

nature of memory access patterns.

2.4.3 Persistent Offsets

Despite irregular and transient behavior, certain offsets persist over longer execution periods.
These persistent offsets occur frequently and represent stable relationships in the global
memory stream.

Although server workloads exhibit highly irregular memory access patterns, they often
contain recurring relationships in the global memory stream. These relationships arise from
the organization of data structures and their traversal patterns, such as pointer-based struc-
tures, hash tables, and graph workloads. While accesses generated by a single instruction
may appear unpredictable, program execution frequently revisits similar sequences of mem-
ory locations over time. This behavior is analogous to temporal locality. For example, a
sequence of accesses such as A, B, C, and D reappear multiple times during execution, even
when the addresses are not contiguous and are generated by different instructions. Conse-
quently, the corresponding address offsets also recur, causing a small set of offsets to appear
consistently throughout execution and exhibit persistent behavior. Figure 2.8 shows that a
small number of offsets contribute to a large fraction of memory accesses. This indicates
that long-term patterns exist and can be exploited effectively.

Insight: A small set of persistent global offsets accounts for a significant portion of

memory accesses.

2.4.4 Design Challenges

Designing an effective prefetcher for server workloads requires balancing multiple competing

factors. The prefetcher must handle irregular patterns, adapt to changing behavior, and
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Figure 2.8: LLC access coverage achieved by the top-k most frequent (persistent) global
offsets. A small number of offsets account for a large fraction of accesses.

maintain high accuracy without excessive overhead. At the same time, it must avoid unnec-
essary memory traffic and cache pollution while remaining efficient for large workloads and
multi-core systems.

Insight: An effective design must adapt dynamically while maintaining a balance be-
tween accuracy, coverage, and overhead.

In this chapter, we first discussed the organization of the memory hierarchy and the
characteristics of modern server processors and server workloads. We then reviewed several
state-of-the-art hardware data prefetching techniques and highlighted their underlying design
principles, strengths, and limitations. Finally, through the motivation study, we analyzed the
behavior of local and global offsets, identified the impact of transient and persistent access
patterns, and discussed the key challenges involved in designing an accurate and bandwidth-
efficient prefetcher for multicore systems. These observations motivate the design of Toppy,
which is presented in the next chapter.
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Chapter 3

Toppy: A Global Offset-based Data
Prefetcher for Instruction Heavy
Server Workloads

This chapter presents the design and implementation of Toppy, a lightweight bandwidth-
aware offset prefetcher for multicore processors. Toppy is based on the observation that
many applications exhibit globally persistent memory access offsets that can be leveraged
for accurate prefetch generation. The chapter first describes the overall workflow of Toppy
and the use of the Misra-Gries [36] algorithm for identifying persistent offsets. We then
discuss the adaptive offset-selection mechanism, offset accuracy tracking, and the DRAM
bandwidth-aware control policy used to regulate prefetch aggressiveness. Finally, we describe
the implementation details and storage overhead of Toppy.

We propose Toppy, a lightweight last-level cache (LLC) prefetcher that exploits persistent
global offsets to improve memory access latency. A global offset is defined as the difference
(at cache-line granularity) between two consecutive LLC accesses. Unlike prior approaches
that pre-select a limited set of candidate offsets [35], Toppy dynamically explores all possible
offsets within a bounded range and identifies the most frequently occurring ones.

Toppy continuously monitors LLC accesses and maintains an offset tracking table to
identify the top-k persistent offsets. To efficiently track these offsets under strict storage
constraints, Toppy employs the Misra-Gries [36] algorithm, a streaming algorithm designed

to identify frequent elements using bounded memory.
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Figure 3.1: Misra-Gries algorithm in action for an offset table of size three. O; to Oy are the
offsets with their respective counts. Steps 1 to 4 show four possible scenarios as mentioned
in Section 3.1.

3.1 Design

On every load access that reaches the LLC, Toppy computes the global offset between the
current address and the previously accessed address. The computed offset is then processed
by the offset table, which maintains candidate offsets along with their frequency counts.
Figure 3.1 illustrates the workflow used to identify the top-k persistent offsets using the
Misra-Gries algorithm. Using the top-£ offsets identified by the offset table, Toppy generates
up to k prefetch requests for each LLC access.

Toppy employs the Misra-Gries [36] algorithm to track the top-k most frequently occur-

ring offsets. The algorithm operates as follows:

@ If the computed offset is not present in the offset table and the table contains a free

entry, a new entry is allocated for the offset.

@ If the offset is already present in the table, its corresponding frequency counter is

incremented.

@ If the table is full but contains an entry with a zero count, that entry is replaced with

the new offset and its counter is initialized to one.

@ If none of the above conditions are satisfied, all counters in the table are decremented

by one until at least one entry reaches zero.
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Figure 3.2: Toppy prefetcher in action at LLC. For each offset, Count counts the number
of times the offset is seen. Issued counts the number of addresses generated by Misra
Gries with this offset and useful counts the number of subsequent matches to the addresses
generated by a specific offset. The ratio of issued to useful is used to quantify per offset
accuracy.

Through this process, transient offsets are gradually filtered out, while frequently occur-

ring persistent offsets retain non-zero counts and continue to remain in the table.

3.2 Toppy at the LLC in Action

Figure 3.2 illustrates the operation of Toppy at the LLC. Upon a load access to address
A (0), Toppy computes the offset relative to the previously accessed address Ag. The
previous-address register is then updated with the current address (@). The computed offset
(A — Ap) is inserted into the offset table, which maintains offsets within a bounded range
along with their corresponding frequency counts (@). Using the Misra-Gries algorithm, the
table identifies the top-k most frequently occurring offsets (O, Os,...,0r) (@). For each
selected offset, Toppy generates a prefetch address of the form A + O; (@). The generated
prefetch requests are then inserted into prefetch queue (PQ) (@).

3.3 Adaptive Prefetching Based on DRAM Traffic

Toppy selects the top-k offsets identified by the Misra-Gries algorithm, where the maximum
value of k is set to 12 (Figure 2.8). While increasing k improves prefetch coverage, it can
also increase DRAM traffic and reduce overall prefetch accuracy, since not all selected offsets

generate useful prefetches. Similar coverage—accuracy trade-offs have been observed in prior
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Figure 3.3: Adaptive Toppy with offset accuracy. Tag corresponds to the tag of an address.

prefetching techniques [15, 16]. To address this issue, we extend Toppy with an adaptive
mechanism that dynamically selects offsets based on their runtime usefulness and current
DRAM traffic conditions.

The offset table maintains the frequent offsets identified by the Misra-Gries algorithm
along with their frequency counts. In addition, each offset entry maintains two counters for

accuracy tracking:
e Issued: Number of predicted addresses generated using the offset
e Useful: Number of predicted addresses that later result in demand hits

To estimate the usefulness of each offset, Toppy uses an accuracy tracking table, shown
in Figure 3.3. The table stores predicted addresses along with the corresponding offsets used
to generate them. Figure 3.3 illustrates the workflow of offset accuracy tracking. When
a future demand load access A (@) matches an address stored in the accuracy tracking
table, the corresponding useful counter for that offset is incremented in the offset table (@)).
Simultaneously, a new set of predicted addresses generated using the current top-k offsets
is inserted into the accuracy tracking table (@), and the corresponding issued counters are
updated.

Note that the addresses stored in the accuracy tracking table are used only for offset use-
fulness estimation and are not necessarily actual prefetch requests inserted into the prefetch

queue (PQ). Actual prefetch requests are generated only using offsets whose accuracy exceeds
the threshold.
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Toppy evaluates offset accuracy over fixed-size epochs defined using LLC misses. During

each epoch, the accuracy of an offset is computed as:

Useful
Issued

Accuracy =

At the end of every epoch, offsets whose accuracy exceeds a predefined threshold are se-
lected for prefetch generation in the subsequent epoch, while low-accuracy offsets are filtered
out. The issued and wuseful counters are then reset to allow Toppy to adapt to changing
memory access patterns, similar to prior adaptive prefetching techniques [16]. However, the
offsets and their corresponding frequency counts learned by the Misra-Gries algorithm are
retained across epochs, enabling Toppy to continuously track globally persistent offsets while
monitoring their usefulness locally within each epoch.

At the beginning of a new epoch, none of the offsets initially satisfy the accuracy threshold
because all accuracy counters are reset. To avoid losing prefetch coverage during this learning
phase, Toppy temporarily continues using the top-k offsets selected in the previous epoch
until sufficient runtime information is collected in the current epoch.

To further control memory bandwidth consumption, Toppy dynamically adjusts the
offset-accuracy threshold based on observed DRAM traffic levels. Under high DRAM band-
width utilization, Toppy uses a higher accuracy threshold, allowing only highly accurate
offsets to generate prefetch requests and thereby reducing unnecessary DRAM traffic. Con-
versely, when DRAM bandwidth utilization is low, Toppy lowers the threshold to enable
more offsets to participate in prefetch generation, thereby improving prefetch coverage and

memory-level parallelism.

3.4 Implementation Details

We set the maximum value of k£ to 12 based on the ability of the selected offsets to cover
LLC misses. The offset table size is set to 16 entries. The table size must be sufficiently
large to avoid frequent conflicts and unnecessary replacements when the table becomes full.
In particular, the design must ensure that transient offsets do not evict offsets that may
eventually emerge as persistent offsets. Figure 3.4 shows the impact of offset table size on
the number of conflicts per million instructions caused by a full table. We observe that an
offset table with 16 entries significantly reduces conflicts while maintaining low hardware

overhead.
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Figure 3.4: Offset table conflicts per million instructions for different table sizes at the LLC.

To evaluate the approximation introduced by the Misra-Gries algorithm, we compared
the offsets selected by Toppy with those selected by an oracle implementation that main-
tains exact frequencies for all observed offsets. Across execution, the Misra-Gries structure
achieved an average Top-k Recall of 97%, indicating that 97% of the oracle-selected top-k
offsets were successfully retained by the bounded-memory tracker. This result demonstrates
that the limited-size offset table preserves nearly all important persistent offsets despite its
approximate nature. Overall, a 16-entry offset table is sufficient to prevent transient offsets
from interfering with persistent offset tracking.

To track the usefulness of offsets and monitor available DRAM bandwidth, Toppy op-
erates using epoch-based adaptation. We use an epoch size of 1024 LLC misses. At the
beginning of each epoch, Toppy continues using the top-k offsets selected in the previous
epoch for the initial 128 LLC misses to avoid loss of prefetch coverage during the learning
phase. After every epoch of 1024 LLC misses, the issued and useful counters associated with
each offset are reset to zero.

To monitor DRAM bandwidth utilization, we adopt the mechanism proposed in DSPatch [16].
CAS commands provide a lightweight approximation of DRAM bandwidth utilization be-
cause each CAS operation corresponds to a column read or write that transfers data on
the DRAM bus. Unlike row activation or precharge commands, which only manage DRAM
row state, CAS commands directly represent useful data movement and therefore closely
correlate with actual memory traffic. As a result, counting CAS commands over a fixed time

window provides an efficient and low-overhead mechanism for estimating DRAM bandwidth
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pressure. At the DRAM controller, the number of DRAM column access (CAS) commands
is counted over a window of 4 X tpo cycles. The measured bandwidth utilization is then
quantized into utilization levels corresponding to 25%, 50%, and 75% of peak DRAM band-
width (MTPS).Based on the observed DRAM bandwidth utilization, Toppy dynamically
adjusts the offset-accuracy threshold used for top-k offset selection. When DRAM band-
width utilization is below 25%, Toppy uses an offset-accuracy threshold of 0.1 to enable
aggressive prefetching and improve coverage. As DRAM bandwidth pressure increases, the
threshold is gradually increased to reduce unnecessary prefetch requests. Specifically, Toppy
uses thresholds of 0.3, 0.4, and 0.5 for DRAM bandwidth utilizations of 25%-50%, 50%-75%,
and greater than 75%, respectively. At the end of every epoch of 1024 LLC misses, Toppy
evaluates the current DRAM bandwidth utilization and selects the offset-accuracy threshold
for the subsequent epoch accordingly.

The selected threshold values are based on the trade-off between prefetch coverage, ac-
curacy, and DRAM traffic. Lower thresholds allow a larger number of offsets to participate
in prefetch generation, increasing coverage but also generating additional memory traffic.
In contrast, higher thresholds restrict prefetch generation to only the most accurate offsets,
improving prefetch accuracy while reducing coverage. Since the optimal operating point de-
pends on the available DRAM bandwidth, Toppy dynamically adjusts the threshold based
on observed memory traffic. The chosen threshold values were determined empirically to
provide a good balance between performance improvement and memory bandwidth con-
sumption across the evaluated workloads. A detailed sensitivity analysis of these threshold
values is presented in Chapter 4.

Note: In the current implementation, recording predicted addresses generated using all
top-k offsets into the accuracy tracking table may require a highly multi-ported design, which
is impractical. One possible implementation approach is to extend the conventional prefetch
queue (PQ) into an extended prefetch queue (X-PQ), where each entry additionally stores
the offset used to generate the corresponding predicted address along with a control bit
indicating whether the entry should be issued as an actual prefetch request. Entries marked
for prefetching are sent to the lower-level cache or memory hierarchy, while all entries can still
be inserted into the accuracy tracking table for usefulness estimation. This design enables
the predicted address and its corresponding offset to be recorded in the accuracy tracking
table within the same cycle in which the entry is dequeued from the X-PQ), thereby avoiding
the need for a highly multi-ported accuracy tracking table while preserving offset accuracy

tracking functionality.
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Table 3.1: Per-core storage overhead of Toppy at LLC

Evaluation window 10-bit epoch counter (1024 LLC misses) 10 bits
Offset Table (16 entries) 7-bit offset, 23-bit frequency counter, 10-bit 800 bits
issued counter, 10-bit useful counter
Accuracy Tracking Table 12-bit tag, 7-bit offset, 7-bit FIFO pointer 2439 bits
(128 entries)
Selected Top-k Offsets Up to 12 offsets (7 bits each) 84 bits
Last accessed address 46-bit address register 46 bits
Control logic DRAM bandwidth monitoring and adaptive 20 bits
threshold computation
Total ~ 425 B

3.4.1 Storage Overhead

Table 3.1 summarizes the per-core storage overhead of Toppy at the LLC. Overall, Toppy
requires approximately 425 B of storage per core, making it significantly more lightweight
than prior correlation-based prefetchers such as Bingo [13]. The storage overhead primarily
consists of the offset table, the accuracy tracking table, and additional metadata required
for adaptive prefetch control.

The offset table contains 16 entries, where each entry stores a 7-bit offset, a 23-bit
frequency counter used by the Misra-Gries algorithm, and two 10-bit counters corresponding
to the issued and useful fields used for offset accuracy tracking. We use a 10-bit epoch
counter since Toppy evaluates offset usefulness over an epoch of 1024 LLC misses.

The accuracy tracking table is implemented using 128 entries. Based on our experimental
evaluation, we found that 128 entries provide a good balance between storage overhead and
prefetch history coverage. In the best case, the table can maintain history for up to 128
outstanding prefetched addresses, while in the worst case, when all 16 offset table entries are
active, it can still retain at least eight history entries per offset. Each entry stores a 12-bit
tag corresponding to the prefetched address along with the 7-bit offset used to generate that
prefetch request. Instead of storing the full 52-bit physical address, Toppy employs a 12-bit
tag for address comparison, significantly reducing storage overhead. Despite the potential
for aliasing, the average collision and false-positive rates remain low (less than 5%). Con-
sequently, a 12-bit tag provides a favorable storage-performance trade-off while maintaining
accurate usefulness tracking. The table uses a FIFO replacement policy managed using a
single 7-bit pointer to track the oldest entry in the 128-entry table.

In addition to these structures, Toppy maintains storage for the currently selected top-
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k offsets, the previously accessed address used for offset computation, and small control

registers required for DRAM bandwidth monitoring and adaptive threshold computation.

3.5 Why Toppy Works

Server workloads frequently execute diverse control flows, including repeated invocations of
libraries and kernel routines. While individual access patterns may appear irregular, prior
studies have shown that such workloads still exhibit underlying statistical regularities [14].

Toppy captures these recurring patterns by identifying the most frequent global offsets,
independent of program structure. Although accesses generated by a particular instruction
may not follow stable patterns, server applications repeatedly traverse similar data struc-
tures and execution paths, creating recurring relationships between memory locations. These
repeated relationships manifest as persistent offsets in the global memory stream. By focus-
ing on long-term offset frequencies rather than instruction-specific behavior, Toppy is able
to learn stable prefetching opportunities that remain effective even when execution paths
change.

Unlike prior approaches such as BOP and MLOP [35], which rely on short-term eval-
uation windows and transient offsets, Toppy leverages long-term frequency information to
identify stable prefetching opportunities. This allows Toppy to achieve higher coverage de-
spite the inherent irregularity of server workloads. Although Toppy, like most prefetchers,
may exhibit moderate accuracy, its ability to capture a large fraction of memory accesses
through persistent offsets enables significant overall performance improvement.

In this chapter, we presented Toppy, a lightweight offset-based hardware prefetcher that
combines persistent offset learning with adaptive bandwidth-aware prefetch control. Toppy
uses the Misra-Gries algorithm to identify globally persistent offsets, while dynamically fil-
tering offsets based on runtime usefulness and DRAM bandwidth availability. The proposed
design achieves adaptive prefetch generation with modest hardware overhead, making it suit-
able for multicore systems. The next chapter evaluates the effectiveness of Toppy across a

wide range of single-core and multicore workloads.
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Chapter 4
Evaluation

This chapter evaluates the performance and effectiveness of Toppy across a diverse set of
workloads. We first analyze the single-core performance benefits of Toppy and compare it
against several state-of-the-art hardware prefetchers. We then present sensitivity studies to
understand the impact of different design parameters on performance. Finally, we evalu-
ate the behavior of Toppy in multicore environments and analyze the interaction between
adaptive prefetching, memory bandwidth utilization, and overall system performance.

We perform our evaluation using the latest version of ChampSim [6], a widely used
trace-driven simulator designed for microarchitectural research. ChampSim has been exten-
sively adopted in data prefetching competitions such as the Data Prefetching Championship
(DPC) [4, 8], making it a reliable platform for evaluating prefetching techniques. Addition-
ally, several recent proposals in prefetching and cache management have been implemented
and analyzed using ChampSim [17, 13, 40, 45, 38].

We extend ChampSim with multiple enhancements to better reflect modern processor
behavior. These include detailed modeling of address translation in the memory hierarchy
and an accurate DRAM timing model. The baseline system configuration used in our exper-
iments is summarized in Table 4.1, and closely resembles the architectural characteristics of
Intel Granite Rapids processors [7].

For workload diversity, we utilize publicly available traces from several benchmark suites,
including Cloudsuite [2], CVP-1 [3] traces provided by Qualcomm’s datacenter team, Java
Renaissance traces from a recent MICRO 2024 publication [44], and Google workloads re-
leased as part of DPC-4 [8]. These workloads collectively represent a wide range of modern
applications spanning client, server, and cloud environments.

The configurations of the state-of-the-art hardware prefetchers used for comparison are
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Table 4.1: Simulation parameters of the baseline system.

Core Out-of-order, hashed perceptron branch predictor [29], 4 GHz with
6-issue width, 4-retire width, 352-entry ROB, FTQ: 24 entries (192
instructions)

TLBs L1 iTLB/dTLB: 64 entries, 4-way, 1 cycle; STLB: 2048 entries, 16-
way, 8 cycles

MMU 2-entry PSCL5, 4-entry PSCL4, 8-entry PSCL3, 32-entry PSCL2,

Caches searched in parallel, one cycle

L1I 32 KB, 8-way, 4 cycles, LRU, FDIP [43] prefetcher

L1D 48 KB, 12-way, 5 cycles, LRU, IP-Stride prefetcher

L2 2 MB, 16-way, 15 cycles, SRRIP [28], non-inclusive

LLC 3 MB/core, 12-way, 74 cycles, DRRIP [28], non-inclusive

MSHRs 16/16/48 at L1I/L1D/L2, 64/core at the LLC

DRAM One channel /4-cores, DDR5-6400 MTPS, FR-FCFS, 64-entry RQ and

controller WQ), reads prioritized over writes, write watermark: 7/8th

DRAM 4 KB row-buffer per bank, open page, burst length 16, tgp: 12.5 ns,

Chip tRCD: 12.5 ns, tCAS: 12.5 ns

listed in Table 4.2. Each simulation executes 200 million instructions after an initial warmup
phase of 50 million instructions to ensure steady-state behavior. In multi-core experiments,
simulations continue until the slowest core completes execution.

Performance evaluation differs for single-core and multi-core settings. For single-core
systems, we measure improvements in Instructions Per Cycle (IPC). For multi-core systems,
we use weighted speedup (WS) [22] and harmonic mean of speedups (HS) [21, 41]. While
WS captures overall throughput, HS emphasizes fairness across applications. These metrics
are defined as:

N-1

IPCEogether
WS = ; IPC;zlone

N

N—1 IPCglone
ZZZO IPCtogether
i

HS =

max(ISO, ISl, ---]SN—I)
mm(ISo, ISl, ...ISN_l)

Unfairness =

' CPI:ogether
IS(Z) = CPI(_zlane
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Table 4.2: Configurations of evaluated prefetchers

256-entry ST, 512-entry 4-way PT, 8-entry GHR,
Perceptron weights with the following entries: 4096 x4,
SPP-PFF [17] 2048x2, 1024x2, and 128x 1 entries, 1024-entry prefetch
table, 1024-entry reject table
BOP [35] 256-entry RR Table, 100-update, 54 offsets
Gaze [19] 64-entry 4-way FT, 64-entry 4-way AT, 256-entry 8-way
PHT, 32-entry 8-way PB, 8-entry DPCT
Berti [38] 8-entry 16-way HT, 16-entry Delta Table
Bingo [13] 2 KB region, 64/128 /4K-entry FT/AT/PHT
MLOP [45] 128-entry AMT, 500-update, 16-degree
128-entry IP table, 8-entry RST table, and 128-entry
IPCP [40] CSPT table
. 2-vault QVStore with 3 planes per vault, each plane having
Pythia [15] 128x 16 entries, and a 256-entries EQ
256-entry Signature Table, 512-entry Pattern Table,
KPC-P [34] 64-entry LLC Sampler

Here, IPC!*"™ represents the IPC of application ¢ when co-executed with other ap-
plications on an N-core system, while I PC#°" denotes its IPC when running in isolation.
The unfairness metric quantifies performance imbalance by comparing the maximum and

minimum slowdowns experienced across applications.
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Figure 4.1: Performance of Toppy prefetcher on server workloads normalized to L1 IP-stride
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Figure 4.2: Prefetch coverage at the LLC with the Toppy prefetcher.

4.1 Single-core performance

Figure 4.1 presents the performance gains achieved by deploying Toppy at the LLC. On
average, Toppy improves performance by 9.22% over the baseline configuration that uses
an IP-stride prefetcher at the L1D. This improvement highlights Toppy’s ability to cap-
ture memory access patterns beyond simple stride-based behavior. Among all evaluated
workloads, Google traces benefit the most, achieving an average speedup of approximately
11.8%. Across the entire workload suite, Toppy consistently delivers at least a 2% improve-
ment over the baseline. However, XSBench shows relatively smaller gains due to the absence
of sufficient offsets that satisfy the accuracy threshold of 0.1, limiting Toppy’s effectiveness.

Prefetch coverage and prefetch degree Figure 4.2 shows the proportion of LLC
misses that are successfully covered by Toppy. On average, Toppy covers 41.48% of LLC
misses, demonstrating its effectiveness in predicting future memory accesses. Client work-
loads from CVP1 achieve the highest coverage, reaching approximately 70%. Figure 4.3
illustrates the average number of offsets (K') selected by Toppy. Across workloads, Toppy
typically operates with a prefetch degree of five, selecting the top five most persistent offsets.
In contrast, for XSBench, the lack of high-confidence offsets results in a reduced prefetch
degree of two.

DRAM traffic and prefetch accuracy Table 4.3 summarizes the impact of different
offset accuracy thresholds on prefetch accuracy, performance, and DRAM traffic. A lower
threshold favors aggressive prefetching, increasing coverage and improving performance, but

at the cost of additional memory traffic. A threshold of 0 effectively disables accuracy filter-
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Figure 4.3: Average value of K with Toppy at LLC

Table 4.3: Toppy’s prefetch accuracy, speedup, and DRAM traffic based on offset accuracy
threshold. DRAM TPKI of the baseline IP-stride is 12.2

OH,SI?}E;;C}IC;:?CY i(fii:f; Performance DRAM TPKI
0.1 34.84% 9.22% 19.54
0.2 38.57% 8.34% 17.49
0.3 43.96% 7.32% 15.91
0.4 46.76% 6.07% 14.65
0.5 49.57% 4.33% 13.63

ing and corresponds to the baseline Misra-Gries design, achieving the highest performance
improvement of 10.68%. However, this gain comes at the expense of substantial DRAM
traffic, reaching 30.5 TPKI (Traffic per Kilo Instructions).

As the threshold increases from 0.1 to 0.5, prefetch accuracy improves from 34.84% to
49.57%, indicating that the prefetcher becomes more selective. However, this increased selec-
tivity reduces performance gains from 9.22% to 4.33%, as fewer useful prefetch opportunities
are exploited. At the same time, DRAM traffic decreases significantly from 19.54 to 13.63
TPKI. These results highlight the fundamental trade-off between performance and memory
bandwidth utilization: lower thresholds maximize performance through aggressive prefetch-
ing, whereas higher thresholds improve accuracy and reduce memory traffic at the expense
of performance.

Note: The bandwidth-aware adaptation mechanism has no impact on the single-core

results because memory bandwidth is not a performance bottleneck in this configuration.
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Although lower accuracy thresholds improve performance by increasing prefetch coverage,
Toppy’s overall prefetch accuracy remains relatively modest. Deploying Toppy at the L1D
or L2 cache levels therefore introduces cache pollution, which increases L1D DMPKI as well
as data and instruction MPKI in the L2 cache. The resulting increase in cache contention
can exacerbate front-end bottlenecks and ultimately degrade performance. In contrast, the
larger capacity of the LLC provides greater tolerance to inaccurate prefetches, while most
instruction working sets remain resident in the upper cache levels. Consequently, Toppy is
deployed at the LLC, where it can exploit memory-level parallelism while minimizing adverse
effects on the front-end. We acknowledge that a more accurate version of Toppy could
potentially be deployed at the L1D or L2 levels, which represents an interesting direction for

future work.

Table 4.4: Top-k offsets chosen by Toppy.

Benchmark Offsets Fraction of

offsets in %
Cloudsuite -8,-1,1,2,4,5,9, 13, 42, 43, 60, 62 75.24
Client -5,-3,-2,-1,1,2,3,4,5, 7 76.10
Server -9,-6,-5,-3,-2,-1, 1, 2, 3,4, 5,6, 11 75.15
XSBench -15,-2,-1,1,2,3,4,5,6, 7 76.10
Java -9,-4,-3,-2,-1,1,2,3,4,5,6, 7, 10 75.3

Renaissance

Google -12,-7,-6,-5,-4,-2,-1,1,2,3,4,5,7, 12 75.10

There is a clear trade-off between accuracy and DRAM traffic. Lower thresholds result
in more aggressive prefetching, increasing DRAM traffic, while higher thresholds reduce
unnecessary memory accesses. Despite this increase, overall bandwidth utilization remains
low (less than 0.5%) due to the high bandwidth of DDR5-6400 memory. Without prefetching,
bandwidth utilization is approximately 0.12%. Given these observations, Toppy selects a
threshold of 0.1 to maximize performance, although a threshold of 0.4 provides a balanced
trade-off.

Top-k selected offsets. Table 4.4 lists the offsets selected by Toppy that collectively
account for more than 75% of all selected offsets. Most of these offsets fall within the range

of -16 to 16, indicating strong spatial locality in memory accesses across workloads.
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4.2 Comparison with state-of-the-art prefetchers
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Figure 4.4: Speedup with Toppy and other state-of-the-art prefetchers, including the best
combination of prefetchers (Berti+SPP+Bingo) normalized to an L1D IP-stride prefetcher.

Performance vs storage. Figure 4.4 compares Toppy with existing prefetchers in terms
of performance and storage overhead. Toppy achieves the highest performance improvement
of 9.22% while requiring less than 1KB of storage. In comparison, Bingo achieves 6.28%
improvement but requires over 100KB of storage. Interestingly, Toppy also outperforms a
combined approach using Berti, SPP, and Bingo, which achieves slightly above 8% improve-
ment. When used alongside other prefetchers such as BOP, Bingo, and IPCP, Toppy further
increases performance to approximately 11%.

Performance vs DRAM traffic. Figure 4.5 compares performance improvements
against DRAM traffic for different prefetchers. With an accuracy threshold of 0.5, Toppy
achieves competitive performance with minimal increase in DRAM traffic, comparable to
Berti.
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Figure 4.5: Speedup of Toppy and other state-of-the-art prefetchers, including the best
combination (Berti + SPP + Bingo), normalized to an L1D IP-stride prefetcher, with their
respective DRAM traffic
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Figure 4.6: Speedup of Toppy prefetcher across different DRAM bandwidths (in MTPS).

At a threshold of 0.4, Toppy achieves performance similar to Bingo with only slightly
higher DRAM traffic (14.65 TPKI compared to 13.75 for Bingo). We further evaluate perfor-
mance under varying DRAM bandwidths ranging from 200 MTPS to 6400 MTPS. As shown
in Figure 4.6, Toppy outperforms Bingo across most bandwidth configurations, except at 200
MTPS. Under extremely constrained bandwidth, Toppy with a threshold of 0.5 still achieves
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a performance gain of 1.2%, outperforming other prefetchers such as Bingo.

4.3 Sensitivity Studies

1.11 1.11
2 1.09 1.09
T
g 1.07 1.07
5]

1.05 1.05

1.03575kB 1 MB 2MB 3MB 103 3MB 4 MB

L2 Cache Size LLC Size
(@) (b)

Figure 4.7: Performance sensitivity of Toppy to different 1.2 and LLC cache sizes, normalized
to the corresponding baseline configurations.

Figure 4.7 evaluates the impact of cache hierarchy configurations on Toppy. Increasing
the LLC size reduces the number of LLC misses and consequently decreases the opportu-
nity for prefetching, limiting the achievable performance gains. Conversely, reducing the
L2 cache size increases instruction cache misses (IMPKI), shifting the performance bottle-
neck toward the front-end and reducing the effectiveness of data prefetching. Despite these
changes, Toppy consistently improves performance across a wide range of cache configura-

tions, demonstrating robustness to variations in cache capacity.
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Figure 4.8: Performance sensitivity of Toppy to LLC prefetch queue (PQ) and MSHR sizes,
normalized to the corresponding baseline configurations.
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Figure 4.8 examines the impact of LLC Miss Status Holding Registers (MSHRs) and
prefetch queue (PQ) capacity. Toppy maintains its effectiveness even when these resources
are reduced because its average prefetch degree remains relatively low, averaging approxi-
mately five prefetches. Increasing the number of MSHRs or PQ entries beyond the baseline
configuration provides little additional benefit, indicating that Toppy does not place excessive

pressure on memory—system resources.

1.12

1.07

DRRIP SRRIP Mockingjay Hawkeye SHiP++

Replacement Policies

Figure 4.9: Performance sensitivity of Toppy to different LLC replacement policies, normal-
ized to an L1D IP-stride prefetcher using DRRIP at the LLC.

Figure 4.9 evaluates Toppy under different LLC replacement policies. Across all evaluated
policies, Toppy consistently achieves more than 9% performance improvement. The highest
performance is observed with SHiP++ [48], which more effectively mitigates cache pollution
caused by inaccurate prefetches. These results indicate that Toppy’s benefits are largely

independent of the underlying cache replacement strategy.
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Figure 4.10: Sensitivity of Toppy to internal design parameters.
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Figure 4.10 evaluates the sensitivity of Toppy’s internal design parameters. Increasing
the size of the accuracy tracking table improves performance by enabling more accurate es-
timation of prefetch usefulness; however, the benefit saturates beyond 128 entries. Similarly,
increasing the epoch interval initially improves performance by providing more stable accu-
racy measurements, but performance begins to decline when the interval exceeds 2048 LLC
misses. Based on these observations, a 128-entry tracking table and an epoch interval of

1024 LLC misses provide a favorable balance between performance and hardware overhead.

4.4 Multi-core performance

0.97

MLOP Berti

SPP-PPF Toppy Bingo

Figure 4.11: Performance improvement (in terms of weighted speedup) across 70 mixes.
Bingo is the best prefetcher for multi-core, and Toppy is the second best.

Figure 4.11 summarizes the multi-core (4-core) performance results across 70 multi-programmed
workload mixes. In terms of weighted speedup, Toppy achieves an average improvement of
6.4%, making it the second-best prefetcher after Bingo, which achieves 9.5%. Similar trends
are observed for harmonic speedup (Figure 4.12), where Toppy improves performance by
6.6% compared to Bingo’s 10.4%. Despite its lower average performance, Toppy outper-
forms Bingo by more than 10% in several workload mixes, demonstrating its effectiveness
for certain memory access characteristics.

We also evaluate fairness using the unfairness metric. Bingo achieves the lowest un-
fairness value of 1.25, while Toppy achieves a comparable value of 1.30, indicating only a

modest impact on fairness. In contrast, the baseline IP-stride prefetcher exhibits the highest
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Figure 4.12: Performance improvement (in terms of Harmonic speedup) across 70 mixes.
Bingo is the best prefetcher for multi-core, and Toppy is the second best.

unfairness (1.40). Overall, these results show that Toppy provides competitive multi-core
performance while maintaining fairness close to the best-performing prefetcher. Overall,
Bingo achieves the highest performance but requires significantly higher storage (952 KiB
for an 8-core system). In contrast, Toppy achieves competitive performance with only 2.15
KiB of storage, making it a highly storage-efficient design.

Bandwidth-aware adaptation is expected to become more important in multicore environ-
ments due to increased contention for shared memory resources. In our evaluation, a static
accuracy threshold of 0.1 achieves approximately ~5% average performance improvement in
the multicore setting, and performance consistently decreases as the threshold is increased
further. This suggests that the workloads benefit more from maintaining prefetch coverage
than from aggressively filtering prefetch requests.

Nevertheless, bandwidth-aware adaptation provides additional benefit by dynamically
adjusting prefetch aggressiveness based on runtime memory pressure, increasing the average
performance improvement from approximately 5% to 6.4%. While the gains are modest for
the evaluated workload mixes, the mechanism helps balance coverage and bandwidth con-
sumption without requiring a fixed threshold. We expect its benefits to become more pro-
nounced in systems with higher memory contention, larger core counts, or more bandwidth-
intensive workloads.

In this chapter, we evaluated Toppy across both single-core and multicore workloads and

compared its performance with existing state-of-the-art prefetchers. The results show that
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Toppy effectively improves prefetch coverage while maintaining accuracy and controlling
unnecessary DRAM traffic through its adaptive bandwidth aware design. We also presented
sensitivity studies to justify the design choices used in Toppy and analyzed its behavior
under different workload characteristics. Overall, the evaluation demonstrates that Toppy

provides an efficient and lightweight prefetching solution for modern multicore systems.
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Chapter 5
Conclusion

In this work, we presented Toppy, an LLC-based offset prefetcher specifically designed for
modern server-class workloads that are characterized by large instruction footprints and
complex memory access behavior. A key observation driving the design of Toppy is that such
workloads exhibit persistent memory access offsets that remain stable over long execution
periods. Toppy effectively leverages this property to improve data prefetching decisions at
the last-level cache (LLC).

To identify these persistent offsets efficiently and with minimal hardware overhead, Toppy
employs the Misra-Gries heavy-hitter algorithm, enabling it to dynamically track the most
frequently occurring offsets in the memory access stream. By focusing only on the most signif-
icant offsets, Toppy achieves a balance between accuracy and storage efficiency. Furthermore,
we propose an adaptive mechanism that tunes the offset selection threshold, allowing Toppy
to navigate the trade-off between prefetch coverage, accuracy, and DRAM traffic based on
workload characteristics and system constraints.

Our evaluation demonstrates that Toppy incurs a very small per-core storage overhead of
only 425 bytes, making it highly practical for real-world deployment. Despite this lightweight
design, Toppy delivers significant performance improvements. In single-core configurations,
it consistently outperforms all evaluated state-of-the-art prefetchers for server workloads with
large instruction footprints, achieving substantial speedups while maintaining manageable
DRAM bandwidth usage. On average, Toppy is able to cover approximately 40% of LLC
misses, highlighting its effectiveness in capturing recurring memory access patterns.

In multi-core environments, where contention for shared resources such as LLC capacity
and DRAM bandwidth becomes critical, Toppy continues to provide competitive perfor-

mance. While it outperforms most existing prefetching techniques, it is slightly outper-
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formed by Bingo, which utilizes significantly higher storage resources. Nevertheless, Toppy
achieves a favorable balance between performance and hardware cost, making it an attractive

alternative in resource-constrained systems.
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