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Abstract—In this paper, we present the Streamline temporal
prefetcher, which introduces a stream-based metadata represen-
tation that produces three significant benefits over Triangel, the
previous state-of-the-art in temporal prefetching. First, it removes
redundancy present in Triangel’s metadata. Second, it prioritizes
the storage of those metadata entries that have higher prefetch
utility. Third, it eliminates the need for the untenable LLC traffic
that is induced when Triangel dynamically adjusts the size of
its metadata store. The end result is that for memory-intensive
SPEC 2006, SPEC 2017, and GAP benchmarks, Streamline
outperforms Triangel by 6.7 percentage points on an 8-core
system with a stride prefetcher. This performance benefit comes
from Streamline’s improved storage efficiency: It holds 33% more
correlations than Triangel, which translates to 12.5 percentage
points better prefetch coverage. Significantly, Streamline matches
the performance of Triangel even when Triangel is given twice
the metadata storage.

I. INTRODUCTION

Temporal prefetching, also known as correlation-based
prefetching, is an important form of prefetching because it
can cover irregular memory access streams. The idea is to
learn pairs of correlated addresses: If address X is typically
followed by address Y , then X can serve as a trigger for
the prefetch of Y . Thus, temporal prefetchers can prefetch
arbitrary repeated sequences of addresses. However, since
these prefetchers essentially memorize correlations, they can
require huge amounts of metadata, so work in this area has
focused on the management of metadata.

Early work stored the metadata off chip and employed
techniques to amortize the cost of their access and to prob-
abilistically omit their update [51]. Later work introduced a
metadata representation that allowed it to be cached [20] and
prefetched [55].

A significant milestone was the advent of on-chip temporal
prefetchers. The Triage prefetcher [54] stores in a partition
of the LLC only the most frequently accessed portion of its
metadata and discards the rest. Arm produced a commercial
on-chip temporal prefetcher in 2020 [29]–[31], [40], and
recently, Ainsworth and Mukhanov [4] provide important im-
plementation details that were missing from the Triage paper.
Their Triangel prefetcher improves upon Triage by performing
accuracy-based metadata filtering and degree control.

Despite these advances, on-chip temporal prefetchers face
three challenges. First, to increase prefetch coverage, they
need to store as many useful correlations as possible. Second,
because the metadata store competes with the data partition
for LLC real estate, they need to minimize the size of
the metadata partition. And third, they require a metadata
organization that avoids the high cost of dynamically resizing
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Fig. 1: Benefits of Stream-Based Designs: We show two
truncated LLC ways of metadata entries for the stream
[A, B, C, D, E]. (a) Pairwise entries redundantly store
addresses as both trigger and prefetch target. Moreover, since
they’re inserted independently, temporal adjacency doesn’t
always translate to spatial locality. (b) Stream-based entries
hold 33% more correlations and exhibit good spatial locality.

the metadata partition. In this paper, we address all three
issues by leveraging a simple design principle for metadata
management: Exploit the structure and semantics of streams.
This principle has significant implications, as we now explain.

First, because temporal metadata describes sequences—or
streams—of data addresses, our prefetcher uses a stream-
based metadata format, which produces three benefits. (1)
Our stream-based format stores metadata more compactly
than in prior work. Figure 1a shows how the previously-
used pairwise format stores all but the first and last address
in a stream twice, once as the trigger and then again as the
prefetch target. By contrast, Figure 1b shows how our stream-
based format eliminates this redundancy, enabling the storage
of 33% more correlations. (2) Our stream-based format has
better spatial locality and induces less metadata traffic for
higher degree prefetches. Figure 1 shows that a pairwise
format has its correlations scattered across the metadata store,
so it requires multiple metadata reads to issue higher-degree
prefetches, whereas our stream-based format requires just one.
(3) Our stream-based format fixes a fundamental issue in the
design of Triangel: When Triangel’s metadata store is resized,
the metadata index function changes, leaving metadata entries
misplaced (see Section III-C2 for details). Thus, to resize its
metadata store, Triangel must shuffle up to 1MB (average of
516KB) of metadata to move them to the correct locations,
incurring significant metadata traffic to the LLC. Our stream-
based format enables a new indexing scheme that prevents
metadata entries from being misplaced, eliminating the need
for a costly shuffling operation.

Second, our prefetcher uses the prefetch utility of the
metadata when deciding which metadata to store. Both Triage
and Triangel view metadata as raw data, so they store triggers
that appear most frequently, even if those triggers do not lead



to useful prefetches. By contrast, the consideration of prefetch
utility enables our prefetcher to prioritize the storage of entries
that lead to useful prefetches.

Unfortunately, a stream-based representation also introduces
three adverse side effects: (1) reduced prefetch coverage be-
cause the reduced number of triggers increases the likelihood
of missing a trigger, (2) a new form of redundancy when
metadata entries overlap, and (3) increased conflict misses
because the larger metadata entry size reduces associativity.
This paper resolves each of these problems, enabling the
design of a new on-chip temporal prefetcher that uses a stream-
based representation to significantly improve storage efficiency
and thus improve overall performance.

This paper makes the following contributions:
• We present Streamline, an on-chip temporal prefetcher

that uses a stream-based metadata representation to pro-
vide several benefits over Triangel:
– Storage Efficiency. For the same metadata store size,

Streamline holds 33% more correlations, which leads
to an increase in prefetch coverage by 12.5 percent-
age points. Moreover, (1) Streamline can outperform
Triangel even when Triangel is given twice as much
metadata storage (1MB vs. 0.5MB), and (2) when both
prefetchers are given 1MB metadata stores, Streamline
can outperform Triangel even when Triangel’s meta-
data is placed in a separate dedicated store.

– Performance. On an 8-core system with an L1D stride
prefetcher, Streamline outperforms Triangel by 6.7
percentage points. On a single-core system with an
L1D stride prefetcher, Streamline outperforms Triangel
by 3 percentage points, and Streamline’s accuracy is
greater by 3.6 percentage points.

– Bandwidth Efficiency. Streamline’s compact metadata
format also improves bandwidth efficiency: Streamline
generates 39% to 87% less metadata traffic to the LLC.

– Simplicity. Streamline eliminates the need for Trian-
gel’s costly metadata rearrangement operation.

• We incorporate prefetch utility into Streamline’s meta-
data management policies: We (1) reformulate Belady’s
MIN [9] for temporal metadata and (2) introduce Utility-
Aware Dynamic Partitioning, which utilizes prefetch ac-
curacy to better size the metadata partition than Triangel.

The remainder of the paper is organized as follows. We first
contextualize our work in Section II and then provide relevant
background in Section III. Next, we describe our solution
in Section IV and then present our empirical evaluation in
Section V. Finally, we conclude in Section VI.

II. RELATED WORK

We now place our work in the context of previous work.

A. Temporal Prefetchers

Joseph and Grunwald [26] introduce address correlation
to target temporal locality. By learning correlations, tempo-
ral prefetchers are quite powerful since they can cover any

repeated memory sequence. Early temporal prefetchers [26],
[36] store their correlations in tiny on-chip structures, but their
limited capacity fails to capture enough of the access stream
to see significant performance, demonstrating the high storage
costs needed for effective temporal prefetching.

Thus, the majority of temporal prefetching research focuses
on efficiently managing this metadata by storing the bulk of
it off chip [6], [20], [49], [51], [52], [55] and fetching the
metadata on demand to issue prefetches. Recent work [4], [53],
[54] eliminates this additional off-chip traffic by storing the
metadata in a partition of the LLC. We now discuss prior
work in temporal prefetching in more detail.

1) Off-Chip Temporal Prefetchers: Nesbit, et al. [36] intro-
duce the Global History Buffer (GHB), which is the basis of
early work in off-chip temporal prefetching. The GHB stores
accesses in a buffer and uses an index table to search for delta
and address correlations. For the large metadata requirements
of temporal prefetching, the GHB resides in DRAM [6], [20],
[51], [52], [55], leading to significant DRAM traffic to access
prefetcher metadata.

Wenisch, et al.’s STMS prefetcher [51] reduces metadata
traffic by amortizing the cost of writes via probabilistic sam-
pling, and it amortizes the cost of reads by fetching long
streams of metadata. Bakhshalipour, et al. [6] enhance the
index table to halve the metadata traffic required to use longer
history lengths.

Jain, et al. introduce the ISB [20], which uses a structural
address space to enable PC-localized metadata to be cached on
chip, but the ISB suffers from poor metadata utilization. Wu,
et al.’s MISB [55] prefetches metadata within the structural
address space to improve timeliness and utilization, but MISB
still incurs significant off-chip traffic.

Streamline differs from this body of work because it stores
its metadata on chip, so it incurs no off-chip metadata traffic.
And unlike the GHB, which is also a stream-based represen-
tation, Streamline’s representation does not redundantly store
a separate entry for each memory access.

2) On-Chip Temporal Prefetchers: Triage [53], [54] keeps
its metadata on chip to eliminate this costly off-chip traffic, and
Triangel [4] improves Triage by increasing prefetch accuracy
and reducing on-chip traffic (see Section III for a more
detailed description of both prefetchers). Our work improves
performance by better managing this on-chip metadata store.

B. Other Prefetching Work

There exists decades of research in data prefetching that
targets different patterns such as deltas [11], [14], [17], [19],
[24], [27], [32], [35], [37]–[39], [41], [46], [47], [57], spatial
footprints [7], [12], [50], pointer chases [15], [44], and strided
indirect array accesses [56]. Whereas regular prefetchers can
cover some irregular patterns, temporal prefetchers can do so
more accurately, which is critical for bandwidth-constrained
multi-core environments (see Figure 11d). Another line of
work instead uses neural models to perform temporal prefetch-
ing [16], [48], which focuses on improving the prediction
mechanism rather than the management of the metadata store.
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Fig. 2: Overview of Triage and Triangel

In addition, there is extensive work in mitigating load latencies
through techniques such as software prefetching [5], [23], [58],
criticality-based scheduling [28], runahead execution [33],
[34], [43], off-chip load prediction [10], and load elimina-
tion [13], but these are orthogonal to our approach.

III. BACKGROUND

In this section, we first provide background on Triage [54]
and Triangel [4] that is helpful for understanding the rest of
this paper. Section III-C then describes the issues with these
prior approaches.

A. Triage

Triage [54] is the first temporal prefetcher to store its
metadata in a partition of the LLC; it discards any metadata
that doesn’t fit. Triage assumes that the LLC is way-partitioned
so that in each set some ways are allocated for metadata and
the rest for data. Triage sizes this partition to maximize the
trigger hit rate. Triage’s training unit (TU) stores each PC’s
last access to be the trigger for its next access.

1) Hardware Design: Figure 2 shows Triage’s overall de-
sign. Its metadata entries consist of a hashed trigger address
(10 bits), a compressed prefetch target (10-bit lookup table
(LUT) index and 11-bit tag), and a confidence bit, so 16 entries
fit in a block. While LUT compression increases the storage
capacity, Triangel’s authors show that it significantly reduces
prefetch accuracy. Altogether, Triage’s auxiliary structures
(TU, replacement state, LUT) require 18.875KB.

2) Overall Operation: On an L2 miss or prefetch hit to
address A, Triage finds A’s trigger in its TU and stores the
new correlation in its metadata. Triage then issues metadata
read requests and prefetches until the degree of four is met.
Triage resizes its metadata partition every 50K accesses.

B. Triangel

Triangel improves upon the prefetch accuracy and storage
efficiency of Triage with three main changes: (1) a confidence
mechanism, which tracks the likelihood that a PC will produce

accurate address correlations, (2) a metadata reuse buffer
(MRB), which reduces the pressure on the LLC, and (3)
a dynamic partitioning scheme based on set dueling, which
maximizes the hit rate of both triggers and data. Figure 2
summarizes Triangel’s overall organization.

1) Hardware Design: Triangel’s metadata entries consist of
a hashed trigger address (10 bits), an uncompressed prefetch
target (31 bits), and a confidence bit, so 12 entries fit in an
LLC block. To enable a prefetching lookahead of two, Triangel
modifies the TU entries to track the last two addresses.

Triangel’s TU entries have 3 confidence counters (12 bits),
a sampling rate (4 bits), and a timestamp (32 bits). For a
given PC, reuse confidence indicates whether correlations are
used before eviction, and pattern confidence measures prefetch
accuracy by tracking whether correlations repeat. Triangel
tracks confidence by implementing two structures: (1) a history
sampler (HS), which tracks reuse and pattern confidence, and
(2) a second chance sampler (SCS), which provides leeway
for reordering. Overall, Triangel requires 17.6KB per core.

2) Overall Operation: On an L2 miss or prefetch hit to
address A by PC X , Triangel queries its TU for A’s trigger
address. Depending on X’s lookahead bit, Triangel correlates
A with either the last address or the one prior 1 . Triangel’s
confidence counters determine whether to store X’s correla-
tions and set X’s prefetch degree. If X can store correlations,
Triangel checks its MRB to prevent redundant stores before
writing to its metadata 2 . If X has non-zero degree, Triangel
searches for A first in its MRB and then in the metadata store,
updating the MRB if an entry is found 3 . If A’s entry is
found, Triangel issues a prefetch 4 and repeats step 3 and
step 4 until X’s prefetch degree is met.

By sampling correlations into its HS, Triangel measures X’s
(1) reuse confidence (i.e., whether X’s correlations get reused
prior to eviction) and (2) pattern confidence (i.e., whether X
consistently produces the same correlations) 5 . The HS evicts
correlations into the SCS, which provides leeway in case the
prefetch target doesn’t occur immediately after its trigger 6 .



Triangel’s set-dueling partitioner tracks the number of trigger
and data hits and resizes to best maximize both 7 .

C. Issues with On-Chip Temporal Prefetchers

We now identify three issues with these on-chip prefetchers.
1) Pairwise Representation: Both Triage and Triangel

store their metadata using a pairwise representation where
each metadata entry consists of a trigger address and a
prefetch target (see Figure 1a). For example, an access stream
[A, B, C, D, E] is represented as pairs of correlated addresses:
(A, B), (B, C), (C, D), (D, E). We see that addresses B,
C, and D are stored twice in the metadata store. Further-
more, since their metadata entries are scattered throughout the
metadata partition, higher degree prefetching requires multiple
independent reads to the LLC, significantly increasing traffic.

2) Issues with Dynamic Partitioning: Dynamic partitioning
is important because the utility of data and metadata can
vary over time. Unfortunately, dynamic partitioning in Triangel
incurs heavy data movement because the location for each
entry is determined by a two-level metadata index function
based on the trigger address: The first index function selects
the LLC set, and the second selects a way within the selected
set. Thus, each resize of the metadata store changes the number
of ways allocated for metadata and changes the index function
that maps metadata entries to LLC ways (see Figure 5a).
Consequently, a change in indexing can leave metadata in the
wrong way. Triangel’s solution is to relocate the misplaced
metadata after each resize, but each rearrangement operation
could require shuffling up to 1MB of metadata in the LLC.

3) Trigger-Based Metadata Management: Both Triage and
Triangel manage metadata as if they were managing cache
data. For metadata replacement, they use cache replace-
ment policies—Hawkeye [21] for Triage and SRRIP [4] for
Triangel—that were designed to minimize data misses; when
applied to temporal metadata, these policies minimize trigger
misses without regard to the utility of the metadata. Similarly,
for dynamic partitioning, Triage uses Hawkeye to find the size
that maximizes trigger hit rate, and Triangel uses set duel-
ing [42] to optimize the combined hit rate of data and trigger
accesses, all without regard to the utility of the metadata.

IV. OUR SOLUTION

Our solution builds on the observation that temporal meta-
data contains semantic information that regular data does
not. Thus, our Streamline prefetcher uses a stream-based
representation that is particularly amenable to the constraints
of on-chip temporal prefetching, and our prefetcher considers
the prefetch utility of each entry when managing its metadata.
The result is a simplified design and an on-chip temporal
prefetcher that maximizes storage efficiency.

A. Stream-Based Representation

Streamline’s stream-based representation eliminates the in-
herent redundancy in the pairwise representation used by
prior on-chip temporal prefetchers. For example, if we utilize
stream-based metadata entries of length four (i.e., those that
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Fig. 3: Misalignment Causes Redundant Metadata: (a)
Misalignment occurs when an old entry and a new entry
overlap (e.g., [B,C,D,E]) but have different triggers. (b) By
combining the old entry 1 and the new entry 2 into an
aligned entry 3 , stream alignment eliminates this redundancy.

store four correlations per metadata entry), the space saved
from eliminating this pairwise redundancy enables each cache
block to hold 4 additional correlations. Since a pairwise
representation can hold 12 correlations per cache block, a
stream-based metadata store can hold 33% more correlations
than a pairwise metadata store.

Moreover, our stream-based representation provides several
additional benefits. First, since every address in a stream entry
was accessed by the same load PC, stream-based entries are
naturally PC-localized, which yields higher prefetch accuracy.
By contrast, pairwise entries could have been inserted by any
PC, so higher degree prefetches can jump among streams.
Second, streams reduce metadata traffic by a factor of their
length. For example, Streamline’s stream length of four can
reduce traffic by up to 4×. Finally, the use of our stream-
based representation eliminates the high cost of metadata store
resizing without sacrificing any prefetch coverage.

B. Resolving Stream-Based Problems

While a stream-based format has many valuable properties,
it also presents significant new challenges: (1) Because there
are fewer triggers, the likelihood of missing a trigger increases
and the prefetch coverage decreases; (2) because it can store
overlapping entries for the same stream, stream misalignment
creates staleness and a new form of redundancy; and (3)
stream entries are larger, so a naive implementation lowers
associativity, which can lead to increased conflict misses in
the metadata store. The remainder of this subsection presents
our solutions to these issues.

1) Missed Triggers: We empirically find (see Section V-C1)
that stream lengths of five or more lose significant prefetch
coverage from missed triggers. We also find that a stream
length of four sits at the inflection point that optimizes both
the storage capacity and the number of missed triggers. We
therefore design Streamline with a stream length of four.

2) Stream Misalignment: Figure 3a shows an old entry and
a new entry that share an overlapping substream ([B,C,D,E])
but have different triggers. These two entries are misaligned
because naively inserting the new entry into the metadata
store would create redundancy with the old entry. More-
over, Figure 4a shows that the old entries can hold stale
metadata, resulting in lost prefetch coverage ([X ,Y ]) and
useless prefetches ([D,E]). In Figures 3b and 4b, we eliminate
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Fig. 4: Misalignment Produces Stale Metadata: (a) Mis-
alignment can result in stale metadata; here, the stream entry
[A, B, C, D, E] should be updated to [A, B, C, X , Y ],
but because the stream entries are misaligned, the trigger A
will continue to prefetch [D, E] (useless prefetches) instead
of prefetching [X , Y ] (lost coverage). (b) By overwriting
old entries 1 with updated metadata from new entries 2 ,
stream alignment eliminates this stale metadata.

misalignment by performing stream alignment, which creates
an aligned entry 3 from the trigger of the old entry 1 and
the updated correlations of the new entry 2 . The new entry’s
leftover correlations are then used to bootstrap the next entry.

The matching old entry for a new entry can be found in
Streamline’s per-PC metadata buffer, which holds recently
fetched entries for the current stream. Thus, for each com-
pleted stream entry E, Streamline performs stream alignment
by searching its metadata buffer for any entry that contains
E’s trigger address. (It skips any entry that has E’s trigger
address as its final address because there is no overlap.) In
Section V-C2 we show that a 3-entry per-PC metadata buffer is
sufficient for finding the majority of these misaligned entries.

3) Increased Conflict Misses: Stream-based metadata en-
tries are larger than pairwise entries, so fewer entries can fit
in each metadata way (4 vs 12). Thus, if we were not careful,
our stream-based representation would lower associativity and
increase the number of conflict misses in the metadata store.

We resolve this issue by replacing both Triangel’s way-
partitioning scheme and its complicated two-level index func-
tion with a simpler unified tagged set-partitioning scheme.
Rather than partitioning by ways, our tagged set-partitioning
scheme instead partitions by LLC sets. Each allocated set
dedicates a fixed number of ways to metadata storage: 8 (i.e.,
half of them). Moreover, rather than store the metadata trigger
tag with the rest of the entry within an allocated metadata way,
our scheme instead stores part of these trigger tags within
the existing LLC tag store, which simplifies the design by
eliminating the need for a secondary index function.

Thus, under our tagged set-partitioning scheme, each meta-
data set has a fixed number of allocated ways, and metadata
entries can be freely1 placed in any of those ways, creating
an effective associativity of 32 (4 entries in each of the
8 allocated ways), thereby eliminating any issues from low
associativity. Our scheme is made possible by our stream-
based representation, which reduces the number of metadata

1Because partial trigger tags can alias, entries that have the same partial
tag are stored in the same LLC way so Streamline would need only 1 LLC
read per access. In Section V-D5 we show that partial tag aliasing occurs
infrequently and minimally impacts performance.
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Fig. 5: Partition Indexing: When Triangel resizes from 3
metadata ways to 2, the index function changes, creating
misplaced metadata that need to be rearranged. By contrast,
Streamline’s metadata store uses a static index function, pre-
venting metadata from being misplaced.

entries and, consequently, the number of tags. By contrast, a
pairwise representation cannot utilize the LLC tag store for
this purpose, because it would require 120 tag bits per way,
which far exceeds the size of a cache tag.

C. Eliminating Expensive Repartitioning

Figure 5a shows that when Triangel resizes the metadata
partition, the allocation of ways between data and metadata
changes, as does the metadata index function, resulting in
misplaced metadata entries, which are located in the wrong
way. Triangel handles this issue by rearranging all of the
misplaced metadata after a repartition. Unfortunately, this
scheme is extremely costly because it can require shuffling
up to 1MB of metadata in the LLC.

To solve this problem, we introduce filtered indexing, which
uses a fixed index function that matches that of the maximum
partition size; any metadata entry that is mapped to a way
(or set) allocated for data is filtered out and discarded. For
example, in the top of Figure 5b where there are only 3 ways
allocated, an entry (3, V ) would get filtered out because it
would have mapped to a way allocated for data. In other words,
filtered indexing avoids the creation of misplaced metadata.

It might appear that filtering would create gaps in the
recorded stream and reduce prefetch coverage, but by storing
our metadata as streams, we can cover these gaps by realigning
the stream to select a different trigger. For example, consider
(1) the access stream [A1, B, A2, A3], where B is filtered
and the Ai accesses are not and (2) the current stream entry
(B, A2, A3). Since B is a filtered trigger, that entry would
be discarded; however, we can instead realign this entry to
the prior access A1, creating a realigned entry (A1, B, A2)
that is not filtered. With realignment, we can cover many
triggers that filtered indexing would otherwise discard. By
contrast, a pairwise format cannot be realigned because it
has no flexibility to change the trigger address—any filtered
entries would simply result in lost prefetch coverage. In
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Fig. 6: Utility-Aware Replacement: An illustration that TP-MIN better caches temporal metadata than MIN. We represent
the access stream as a sequence of squares and the contents of a 1-entry metadata store as orange rectangles. (a) Since MIN
maximizes trigger hits, it stores correlations with the trigger B. But because B’s target address is unstable, MIN fails to cover
any access. (b) TP-MIN maximizes correlation hits, so it successfully covers 3 accesses by storing the correlation (A, B).

TABLE I: Partitioning: Across all schemes, only our filtered
tagged set-partitioning (FTS) reduces conflict misses and fixes
costly repartitioning. All other combinations of Rearranged (R)
/ Filtered (F) indexing, Untagged (U) / Tagged (T), and Way
(W) / Set (S) partitioning don’t address both issues.

Partition Low Associativity Expensive
Scheme Small Partition Big Partition Repartitioning
RUW 7 7 7

FUW 7 7 3

RUS 7 7 7

FUS 7 7 3

RTW 7 3 3

FTW 7 3 3

RTS 3 3 7

FTS (ours) 3 3 3

Section V-D6 we show that stream realignment recoups most
of the performance that would have been lost to filtering.

Table I shows that only Streamline’s FTS partitioning
scheme addresses the low associativity across partition sizes
and eliminates the need for expensive repartitioning.

D. Utility-Aware Metadata Management

Whereas Triangel utilizes prefetch utility only to filter out
inaccurate metadata entries, Streamline utilizes it in every as-
pect of its metadata management. Specifically, we approximate
prefetch utility by considering the entire correlation as a unit
instead of considering the trigger address alone. In doing so,
Streamline better controls the contents and size of its metadata
store and thus achieves better storage efficiency.

1) Temporal-Prefetching-MIN: Triangel [4] uses the SR-
RIP [22] policy for metadata entry replacement because its
authors found minimal benefit from the use of Hawkeye [21].
However, Hawkeye learns from Belady’s optimal replacement
policy [9], and we observe that Belady’s MIN is not optimal
for the replacement of temporal prefetching metadata.

Prior work [54] applied Belady’s MIN to temporal metadata
by maximizing the number of trigger address hits, but this
approach is suboptimal because it doesn’t consider the utility

64B Cache Block
314{ ( )x4}x4

3110{ }x121

Streamline

Triangel

Cache Tag
36{ }x4

3{ }x12

Fig. 7: Metadata Format: Triangel stores 12 correlations
(trigger, target, conf) per cache block, whereas Streamline
stores 16 correlations across four stream entries. Triangel
stores replacement state in the tag array. Streamline addi-
tionally stores partial trigger tags.

of the prefetch target associated with those triggers. Figure 6a
shows an example where maximizing the trigger hit rate can
generate many useless prefetches because the trigger address
doesn’t consistently map to one prefetch target.

To address this issue, we introduce Temporal-Prefetching-
MIN, or TP-MIN, which maximizes the hit rate of the en-
tire correlation rather than just its trigger address. Whereas
Belady’s MIN evicts the correlation whose trigger is used
furthest in the future, TP-MIN instead evicts the correlation
used furthest in the future. Figure 6b shows that TP-MIN can
enable more accurate prefetching than MIN.

2) Utility-Aware Dynamic Partitioning: Triangel sizes its
metadata store with a set dueling scheme [42] that maximizes
the hit rate of both data and triggers. But as Section IV-D1
explains, the trigger hit rate does not directly correlate with
prefetching performance, so we instead modify this scheme
to maximize the hit rate of data and accurate correlations.
Whereas Triangel weights each metadata hit equally, we score
correlation hits based on the current global prefetch accuracy,
which we show in Section V-D3 better sizes Streamline’s
metadata store. Section IV-E4 provides further details.

E. Hardware Design

We now describe Streamline’s hardware design, highlighting
its differences from prior work. We then detail its operations,
as well as the overhead of our auxiliary structures.

1) Stream-Based Metadata: Figure 7 shows that Stream-
line’s metadata entries consist of a 10-bit hashed trigger and



5

7

Training Unit (TU)

L2 Cache

Main Memory

Last-Level Cache

Data Partition
Temporal 
Metadata 
Partition

TP-Mockingjay Sampler

PC Stream Instability MJ Pred Metadata Buffer

Triage StreamlineMemory Hierarchy

6

Addr PF Target Time PC

3

Dynamic Partitioner

4

2

1
L

2 
M

is
s o

r
Pr

ef
et

ch
 H

it

Fig. 8: Overview of Streamline

four 31-bit prefetch targets. To fit four stream entries into
a cache block, we spill trigger bits into the LLC tag store
(see Section IV-B3). To locate its metadata entries within the
metadata store, Streamline performs a standard tag check.

2) Training Unit: Like prior work, Streamline’s training
unit records prior accesses for each PC but tracks the last
stream instead of the last address. Whereas Triangel has a
shared Metadata Reuse Buffer, we instead augment each of
Streamline’s TU entries with a small 3-entry stream metadata
buffer. A shared metadata buffer like Triangel’s would be
more storage efficient, but Streamline needs to have metadata
entries for each PC available so that it can perform stream
alignment. We evaluate different stream metadata buffer sizes
in Section V-C2 and empirically determine that a size of three
offers a good balance of storage cost and performance.

3) Set-Partitioning: Streamline creates its metadata store by
taking a subset of LLC sets and allocating 8 ways in each of
these sets for metadata. Given a 2MB LLC, Streamline creates
a 1MB store by allocating every set for metadata, a 0.5MB
store by allocating every other set for metadata, a 0.25MB
store by allocating every 4th set for metadata, and so on.

4) Dynamic Partitioning: Whereas Triangel scores all
metadata hits equally, Streamline scores them based on
prefetch accuracy. Moreover, whereas Triangel has 9 partition
sizes (0 to 8 ways), Streamline has 3: 0MB, 0.5MB, and 1MB.
Each data hit increments the set dueling counters by 16. Each
metadata hit increments based on prefetch accuracy: for 10%
to 25% prefetch accuracy, increment by 2, for 25% to 50%
increment by 3, for 50% to 70% increment by 4, for 70% to
90% increment by 6, for 90% to 95% increment by 7, and for
95+% increment by 8. Streamline tracks prefetch accuracy in
epochs of 2048 prefetches. Since a 0MB partition cannot issue
prefetches, we permanently allocate and sample 64 metadata
sets. Streamline resizes every 215 sampled accesses.

5) Metadata Replacement: Streamline’s metadata replace-
ment policy is a modified version of Mockingjay [45]—which
we refer to as TP-Mockingjay—that emulates TP-MIN instead
of Belady’s MIN. Details about Mockingjay can be found in

the original paper; we now focus on our modifications. TP-
Mockingjay samples 8 LLC sets, and for each sampled set it
manages a 32-set, 10-way sampler. To learn from TP-MIN,
we modify the sampler entries to store correlations. To reduce
storage overhead, we learn the reuse distance for just the first
correlation in a stream entry. Whereas Mockingjay uses 5-bit
ETRs, we find that 3 bits suffice because temporal metadata
has more consistent reuse than raw data.

6) Stability-Based Degree Control: For each PC, Stream-
line sets the prefetch degree with a simple metric that tracks
how often a metadata entry is inserted into the metadata buffer.
In other words, this metric measures how often an attempted
prefetch requires a metadata read, which is analogous to
measuring the stability of a PC’s access stream.

For a stream length of four, a stable PC should hit in the
metadata buffer 75% of the time and only need to fetch a
new entry every four accesses. By contrast, an unstable PC
would fetch entries more frequently because the addresses it
accesses miss in the metadata buffer. Thus, Streamline tracks
PC instability in epochs of 1024 accesses and prefetches at
degree four whenever there are less than 400 insertions, degree
three whenever there are less than 600, degree two whenever
there are less than 800, and prefetches at degree one otherwise.

7) Overall Operation: Figure 8 shows the details of
Streamline’s training and prefetch operations.

Training: On an L2 miss or prefetch hit to address A by
PC X , Streamline appends A to X’s stream entry E 1 . If E
is full, the metadata buffer is checked for E’s trigger address.
If found, Streamline performs stream alignment on E and the
matching entry 2 . Either the unaligned E or the resulting
aligned entry is then written back to the metadata partition.

Prefetching: If A misses in the metadata buffer, Streamline
sends a read request for A to the metadata store and updates
the metadata buffer 3 . If a new entry was read, then X’s
instability counters are updated. Every 1024 accesses, Stream-
line sets X’s degree based on its instability 4 . If A now hits
in the metadata buffer, Streamline issues a prefetch 5 and
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Fig. 9: Single-Core: Streamline outperforms Triangel across the irregular subset, memory-intensive subset, and all benchmarks.

TABLE II: Simulator System Parameters

Core 4GHz, 6-wide OoO, 352-entry ROB, hashed-perceptron [25]

L1I 32KB, 8-way, 4-cycle latency, 8 MSHRs, 2 R/W ports

L1D
48KB, 12-way, 5-cycle latency, 16 MSHRs, 2 R/W ports

PC-Localized Stride Prefetcher (degree = 3)

L2 512KB, 8-way, 10-cycle latency, 32 MSHRs, 1 R/W port

LLC 2MB/core, 16-way, 20-cycle latency, 64 MSHRs, 1 R/W port

DRAM
3200 MT/S, 8B channel width, 64K rows

tCAS = tRP = tRCD = 12.5, 8 banks/rank

1/2/4/8C: 1/2/2/4 channels, 1/1/2/2 ranks/channel

repeats steps 3 to 5 until X’s prefetch degree is met or
until Streamline misses in both the metadata buffer and store.

To resize the metadata partition every epoch, Streamline’s
utility-aware partitioner is updated—on an L2 miss, a prefetch
hit, or a metadata access—similar to Triangel’s set-dueling
partitioner 6 . To update its reuse distance predictor, TP-
Mockingjay samples completed stream entries 7 .

8) Storage Overhead: Each training unit (TU) entry stores
a 3-entry metadata buffer, the current stream, two 10-bit
instability counters, and TP-Mockingjay’s 3-bit prediction.
Thus, a 256-entry TU requires 17.8KB. For TP-Mockingjay,
each sampler entry stores a valid bit, two 8-bit address hashes
for the trigger and prefetch target, an 8-bit timestamp, and
an 8-bit hashed PC, for a total of 10.3KB. TP-Mockingjay
also requires a 5-bit per-set clock for another 1.3KB. Overall,
Streamline’s auxiliary structures require 29.4KB per core.

Since increasing Triangel’s size to 30KB doesn’t affect per-
formance, we faithfully model the original size.

V. EVALUATION

This section presents our empirical evaluation of Streamline,
whose benefit over Triangel is best seen in a multi-core setting.
But before presenting these results in Section V-B2, we first
describe our methodology and present single-core results.

A. Methodology

1) Simulator: We evaluate Streamline using Champ-
Sim [18], a trace-driven simulator. We model an Intel Ice Lake
core [3]. Details are provided in Table II. In our single-core
evaluation, we warmup for 200 million instructions and eval-
uate for 800 million instructions. In our multi-core evaluation,
we scale up the LLC and DRAM parameters, warmup for 200
million instructions, and evaluate for 200 million instructions.

2) Baseline: We compare Streamline to the state-of-the-art
temporal prefetcher, Triangel [4]. Both prefetchers train on
L2 misses and on prefetch hits, prefetch into the L2 at a max
degree of four, and store metadata in the LLC. We model
the traffic, latency, and port contention of metadata accesses.
Our baseline system has an L1D IP-Stride prefetcher, and in
Section V-B6 we also evaluate with Berti [35], the state-of-the-
art L1D prefetcher. And in Section V-B7 we evaluate with L2
stride prefetchers (IPCP [37], Bingo [7], and SPP-PPF [14]).

3) Benchmarks: We evaluate on all memory-intensive
benchmarks (>1 LLC MPKI) in the SPEC 2006 [1], SPEC
2017 [2], and GAP [8] suites. For our multi-core evaluation,
we simulate 150 mixes of the memory-intensive workloads
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Fig. 10: Performance Analysis: (a) Streamline outperforms Triangel across core counts, (b) winning on 77% of our mixes.
(c) Streamline outperforms Triangel across bandwidth levels. (d) Streamline’s high storage efficiency significantly improves
prefetch coverage, (e) at no loss in prefetch accuracy. (f) Since streams provide more context, Streamline can profitably increase
degree up to its stream length.

for each of our evaluated core counts: 2, 4, and 8. Similar to
prior evaluations of Triage [54] and Triangel [4], Figures 9
and 11a additionally show results for an irregular subset of
benchmarks. As in prior work, we create this subset by taking
all benchmarks with at least 5% headroom under an idealized
Triage prefetcher that is given unlimited metadata storage.

B. Performance Analysis

1) Single-Core Results: Figure 9 shows that Streamline
(8.1%) outperforms Triangel (5.1%) across memory-intensive
benchmarks over our baseline with a strided L1 prefetcher.
Specifically, Streamline outperforms Triangel by 2.7, 1.2, and
6.2 percentage points on SPEC 2006, SPEC 2017, and GAP,
respectively. Triangel outperforms Streamline on SPEC 2006
mcf because it bypasses metadata entries from the load PCs
that perform scans (i.e., data accesses with no temporal reuse).
Since Streamline does not have a bypassing mechanism, it
must insert these non-temporal entries and evict more valuable
entries. Moreover, because Streamline permanently allocates
64 sets to metadata, it suffers a larger performance loss than
Triangel on workloads with little irregularity, such as bzip2.

On the irregular subset, Streamline (17%) likewise outper-
forms Triangel (11.5%). Specifically, Streamline outperforms
Triangel by 2.6, 2.1, and 12.3 percentage points on SPEC
2006, SPEC 2017, and GAP, respectively.

2) Multi-Core Results: Figure 10a shows that Streamline
outperforms Triangel by wider margins on multi-core systems,
showing that Streamline better handles diverse workloads than
Triangel. Specifically, Streamline sees wins of 7.2, 6.9, and 6.7
percentage points for 2, 4, and 8 cores, respectively. Moreover,

Figure 10b shows that Streamline outperforms Triangel in 77%
of the 4-core heterogeneous mixes.

3) DRAM Bandwidth: Figure 10c shows that in bandwidth-
limited settings where off-chip traffic is precious, Streamline
enjoys a performance win because its storage efficiency in-
creases both prefetch coverage and accuracy with a minimal
increase to off-chip traffic. Specifically, Streamline maintains
a 3 to 3.3 percentage point margin for moderate bandwidth
levels and a 1.1 to 2.7 percentage point margin at lower
levels. Overall, Streamline only increases off-chip traffic by
1.3 percentage points over Triangel (see Figure 14).

4) Prefetch Coverage and Accuracy: Figure 10 shows that
Streamline has better prefetch coverage (+12.5 percentage
points) and prefetch accuracy (+3.6 percentage points) than
Triangel. Specifically, Streamline sees 7.4, 5, and 24.6 per-
centage points better prefetch coverage across SPEC 2006,
SPEC 2017, and GAP, respectively. Notably, our ablation
study in Section V-D4 shows that naively replacing a temporal
prefetcher’s pairwise format with a stream-based one enables
it to achieve significantly better prefetch coverage (+7.6
percentage points) than Triangel.

While Triangel’s metadata filtering improves prefetch ac-
curacy, it does so at the cost of prefetch coverage. By
contrast, Streamline’s TP-Mockingjay replacement policy and
stream-based metadata format enable it to have better prefetch
accuracy at no loss in prefetch coverage. In particular, TP-
Mockingjay prioritizes the eviction of entries likely to issue
useless prefetches. Moreover, stream-based entries provide
greater context than pair-based entries can. That is, when
Streamline hits in its metadata buffer, Streamline issues a
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Fig. 11: Regular Prefetchers: (a) With Berti in the L1D, Streamline still outperforms Triangel across the irregular subset, the
memory-intensive subset, and all benchmarks. (b) Streamline significantly widens the gap on multi-core systems. (c) With L2
stride prefetchers, Streamline sees similar wins because (d) it provides twice as much additional prefetch coverage as Triangel.

prefetch that has the historical context of (1) the current trigger
access and (2) the previous trigger access that brought that
entry into the metadata buffer. In other words, Streamline’s
metadata buffer hits provide context analogous to temporal
prefetchers that utilize longer trigger histories [6], [16], [48].

5) Prefetch Degree: Figure 10f shows that while Triangel
is insensitive to the degree, Streamline performs best at degree
four—its stream length—because of our metadata format.
For pairwise formats, higher degree prefetching can jump
among different streams, which reduces prefetch accuracy.
By contrast, our stream-based format only stores in each
entry accesses from a single stream, enabling more accurate
prefetching at higher degrees up to the stream length.

6) Upper-Level Prefetchers: To evaluate Streamline and
Triangel in the presence of an aggressive stride prefetcher,
we use a baseline with Berti in the L1D. Figure 11b shows

that in a multi-core setting, Triangel provides no performance
benefit, while Streamline outperforms Triangel by 4.1, 3.9,
and 3.8 percentage points for 2, 4, and 8 cores, respectively.

Figure 11a shows that on one core Streamline (22%) out-
performs both Triangel (20.1%) and Berti (19.1%). Specifi-
cally, Streamline outperforms Triangel by 0.5, 0.8, and 3.7
percentage points and Berti by 4, 0.5, and 3.8 percentage
points on SPEC 2006, SPEC 2017, and GAP, respectively. On
the irregular subset, Streamline further outperforms Triangel
(+3.5 percentage points) and Berti (+6.1 percentage points).

7) L2 Stride Prefetchers: To evaluate Streamline and Trian-
gel in the presence of regular L2 prefetchers, we use baselines
with IPCP [37], Bingo [7], and SPP-PPF [14]. Figure 11c
shows that Streamline outperforms Triangel by 1.1, 2.4, and
1 percentage points and the baselines by 2.2, 4.8, and 2.6
percentage points for IPCP, Bingo, and SPP-PPF, respectively.
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Fig. 13: Efficient Metadata Management: (a) Streamline matches Triangel’s performance even when Streamline is given
a metadata store that is half as large as Triangel’s. (b) Streamline significantly reduces metadata traffic through its use of
stream-based metadata and filtered indexing. (c) Streamline significantly improves correlation hit rate by considering prefetch
utility in its replacement decisions.

Figure 11d shows that Streamline’s wins come from providing
twice as much additional prefetch coverage as Triangel.

C. Resolving Stream-Based Problems

We now present results that demonstrate how Streamline
handles the unique problems that arise from the use of streams.

1) Missed Triggers: Figure 12a shows that a stream length
of four performs best by maximizing storage capacity while
minimizing the loss in prefetch coverage from having one
trigger per stream. In particular, lengths of four, eight, and
sixteen hold 16 correlations per way, whereas lengths of two,
three, and five can hold only 14, 15, and 15 correlations,
respectively. Moreover, the rate of missed triggers is stable
up to a length of four, which misses 6.8% of triggers relative
to a pairwise format, and then rapidly increases to 25.8%.
Both the storage capacity and rate of missed triggers impact
prefetch coverage, which peaks at 31.5% for a length of four
and decreases to 24.1% for a length of sixteen and 28.6% for
a length of two. Thus, while lengths of eight and sixteen also
maximize storage capacity and have 1.9 and 3.2 percentage
points more prefetch accuracy than a length of four, their high
rate of missed triggers ultimately degrades performance.

2) Redundancy: Figure 12b shows the impact of stream
alignment on metadata redundancy. We measure redundancy as
a function of metadata store size, but we exclude benign forms

of redundancy that disambiguate streams. To illustrate benign
redundancy, consider the entries (C, A, T ) and (D, A, Y ).
Even though address A appears redundantly, Streamline uses
it in a greater context—(C, A) and (D, A)—to determine
when to prefetch T or Y . Because a pairwise format cannot
distinguish these contexts, it would oscillate between storing
(A, T ) and (A, Y ) and mispredict. We find that 31% of
Streamline’s redundancy is benign and that stream alignment
halves the rate of redundancy.

Figure 12c shows the stream alignment rate: We measure the
rate at which Streamline detects that a new metadata entry is
redundant with one in the cache; we see that Streamline needs
a metadata buffer with at least 3 entries to effectively align
streams. With a 1-entry buffer, Streamline aligns only 11% of
the redundant entries, but with a 3-entry buffer it aligns 67% of
them, improving prefetch coverage by 1.2 percentage points
over a 1-entry buffer. Larger buffers are not helpful: They
improve the stream alignment rate but do not further improve
prefetch coverage; instead, they only increase overhead.

3) Conflict Misses: Tagged set-partitioning simplifies our
design by eliminating Triangel’s two-level index function.
Moreover, by enabling full-associativity, it improves Stream-
line’s correlation hit rate by 10.8 percentage points and
improves performance by an additional 2.2 percentage points
over our baseline.
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D. Understanding Our Benefits

We now present additional results that illustrate the source
of Streamline’s performance—its high storage efficiency.

1) Storage Efficiency: Figure 13 shows that Streamline is
significantly more storage efficient than Triangel. In particular,
we make two observations: (1) When given half of Triangel’s
metadata allocation, Streamline outperforms Triangel, and (2)
when both Streamline and Triangel are given 1MB of metadata
capacity, Streamline outperforms Triangel, even when Triangel
has dedicated storage outside of the LLC (Triangel-Ideal).

2) Metadata Traffic: Figure 13b shows that our stream-
based metadata and filtered indexing enable Streamline to
significantly reduce metadata traffic. In particular, at 1MB,
Streamline has 61% of Triangel’s traffic. Since there is no
filtering at 1MB, Streamline’s traffic reduction comes purely
from its stream-based metadata. Although a stream length of
four should reduce traffic by 4×, its effectiveness is diminished
because stream alignment writes back partial updates. The
impact of filtered indexing increases as the size of the metadata
store decreases. For example, at 0.125MB, filtered indexing
reduces Streamline’s traffic to 13% of Triangel’s traffic.

3) Utility-Aware Metadata Management: To illustrate the
benefits of optimizing for prefetch utility, we first compare
a variant of Streamline that uses Belady’s MIN with one
that uses TP-MIN. By discarding entries that see no future
use (i.e., entries that are unlikely to issue useful prefetches),
Streamline-TP-MIN achieves a higher correlation hit rate
(+9.3 percentage points) which improves prefetch accuracy
(+4 percentage points) and speedup (+1.9 percentage points).
Figure 13c shows that TP-Mockingjay enables Streamline to
achieve a better correlation hit rate (+21.5 percentage points)
than Triangel, and it also enables Triangel to close a third of
the gap. We also compare Streamline against a variant that

uses Triangel’s partitioner, and we find that Streamline selects
the best partition size more often (+22 percentage points).

4) Ablation Study: Figure 14 ablates various components of
Streamline’s design and shows how each contributes to its high
prefetch coverage. In particular, we measure (1) the impact of
adding each component on top of an unoptimized stream-based
prefetcher (Streamline-unopt), which utilizes only our stream-
based metadata format and (2) the impact of removing each
component from our complete Streamline prefetcher.

We see that Streamline-unopt achieves better prefetch cov-
erage (+7.6 percentage points) than Triangel. Thus, by elimi-
nating the redundancy inherent to pairwise metadata formats,
our stream-based metadata format alone significantly increases
storage efficiency (and therefore prefetch coverage).

We observe that both a 3-entry metadata buffer (+ MB) and
the stream alignment operation (+ SA) alone have marginal
effects on prefetch coverage and performance. Without a
sufficiently large metadata buffer, Streamline-unopt will often
fail to perform stream alignment (see Section V-C2). Thus,
these two optimizations need to be combined (+ MB, SA)
to substantially reduce redundancy, which enable Streamline-
unopt to achieve better prefetch coverage (+8.7 percentage
points) and speedup (+1 percentage point) than Triangel.

We further observe that tagged set-partitioning (+ TSP)
significantly improves prefetch coverage by reducing metadata
conflict misses, and TP-Mockingjay (+ TP-MJ) significantly
improves prefetch accuracy by prioritizing useful metadata
entries. Similar to the prior two optimizations, the combination
of these components is also synergistic because the increased
cache associativity from tagged set-partitioning enables TP-
Mockingjay to make better metadata replacement decisions.
Thus, together they (+ TSP, TP-MJ) achieve better prefetch
coverage (+10.7 percentage points), prefetch accuracy (+2.9
percentage points), and performance (+2.1 percentage points)
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Fig. 15: Mitigating Filtering Coverage Loss: Realignment
recoups 72% to 79% of the performance lost to filtering. When
hybrid-partitioned, a filtered cache outperforms an unfiltered
cache, showing that filtering can be beneficial by reducing the
pressure at small partition sizes.

than Triangel.
Figure 14 shows that the removal of any of these com-

ponents will affect Streamline’s performance, so they are all
crucial to Streamline’s design. Since stream-based redundancy
can often be benign (see Section V-C2), the removal of
Streamline’s metadata buffer or its stream alignment operation
impacts performance less than the removal of tagged set-
partitioning or TP-Mockingjay, which directly improve the
utilization of the metadata store.

5) Partial Tag Aliasing: To enable 32-way set associativity
per cache set, Streamline stores partial trigger tags in the tag
array. If the partial tag of an entry X matches that of an
existing entry Y , then X is placed in the same LLC way
as Y so that metadata access only requires one LLC read. In
other words, aliasing of partial tags can constrain and affect
metadata replacement. In practice, we observe that by utilizing
6-bit partial tags, only 3.8% of the correlations in the metadata
store alias. Thus, the effects on replacement are minimal.
Moreover, each additional trigger bit further halves the amount
of aliasing.

6) Filtering Prefetch Coverage Loss: While filtering can
result in loss of prefetch coverage, Figure 15 shows that
Streamline’s realignment operation recovers 72% to 79% of
the lost performance. However, because the amount of filtering
grows with the maximal partition size, if Streamline were to
support greater partition sizes, it would see worse prefetch
coverage loss at its smaller partition sizes. We propose two
solutions: (1) Instead of equally dividing the trigger addresses
across LLC sets, skewed indexing biases the trigger-to-set
mapping towards the sets allocated for smaller partition sizes,
so skewed indexing reduces the amount of filtering at those
partition sizes. (2) Instead of purely way-partitioning or set-
partitioning the LLC, hybrid-partitioning combines the two
approaches. For example, a 0.25MB metadata store would
filter 75% of triggers under way-partitioning (2048 sets, 2
ways) and set-partitioning (512 sets, 8 ways), but hybrid-
partitioning (1024 sets, 4 ways) would only filter 50% of trig-

gers. Empirically, filtering reduces Streamline’s performance
by 1 to 1.8 percentage points for small partition sizes; however,
we find that (1) skewed indexing enables Streamline to recover
all of this performance loss, and (2) hybrid-partitioning enables
Streamline to achieve higher performance than an unfiltered
Streamline, demonstrating that a controlled amount of filtering
can be beneficial for smaller partition sizes because it reduces
pressure on the metadata store.

VI. CONCLUSION

In this paper, we have advanced the state-of-the-art in on-
chip temporal prefetching by creating a metadata management
scheme that leverages the semantics of a stream, and we
have explained how our Streamline prefetcher addresses the
various challenges that arise from a stream-based metadata
representation.

Our new scheme has several benefits: (1) It simplifies the
overall prefetcher design, (2) it eliminates redundancy in the
metadata store, and (3) it more effectively manages the meta-
data store, which translates to significantly better prefetch cov-
erage. When compared against Triangel, Streamline sees better
prefetch coverage (+12.5 percentage points) and prefetch
accuracy (+3.6 percentage points). In terms of performance,
Streamline achieves 8.1% speedup over a system with a stride
prefetcher, outperforming Triangel by 3 percentage points in a
single-core setting and by 6.7 percentage points in a multi-core
setting. Two points are noteworthy: First, Streamline matches
the performance of Triangel even when Triangel is given twice
the metadata storage; and second, while Triangel provides no
benefit in a 8-core system with Berti in the L1D, Streamline
provides an additional 3.8 percentage points of speedup.
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S. Pugsley, and J. Kim, “The Championship Simulator: Architectural
simulation for education and competition,” 2022.

[19] Y. Ishii, M. Inaba, and K. Hiraki, “Access map pattern matching
for data cache prefetch,” in Proceedings of the 23rd International
Conference on Supercomputing, ser. ICS ’09. New York, NY, USA:
Association for Computing Machinery, 2009, p. 499–500. [Online].
Available: https://doi.org/10.1145/1542275.1542349

[20] A. Jain and C. Lin, “Linearizing irregular memory accesses for improved
correlated prefetching,” in Proceedings of the 46th Annual IEEE/ACM
International Symposium on Microarchitecture, ser. MICRO-46. New
York, NY, USA: Association for Computing Machinery, 2013, p.
247–259. [Online]. Available: https://doi.org/10.1145/2540708.2540730

[21] ——, “Back to the future: Leveraging Belady’s algorithm for improved
cache replacement,” in 2016 ACM/IEEE 43rd Annual International
Symposium on Computer Architecture (ISCA), 2016, pp. 78–89.

[22] A. Jaleel, K. B. Theobald, S. C. Steely, and J. Emer, “High
performance cache replacement using re-reference interval prediction
(RRIP),” in Proceedings of the 37th Annual International Symposium
on Computer Architecture, ser. ISCA ’10. New York, NY, USA:
Association for Computing Machinery, 2010, p. 60–71. [Online].
Available: https://doi.org/10.1145/1815961.1815971

[23] S. Jamilan, T. A. Khan, G. Ayers, B. Kasikci, and H. Litz, “APT-GET:
Profile-guided timely software prefetching,” in Proceedings of the
Seventeenth European Conference on Computer Systems, ser. EuroSys
’22. New York, NY, USA: Association for Computing Machinery,
2022, p. 747–764. [Online]. Available: https://doi.org/10.1145/3492321.
3519583

[24] L. Jia, J. P. Mcmahon, S. Gudaparthi, S. Singh, and R. Balasubramonian,
“PATHFINDER: Practical real-time learning for data prefetching,” in
Proceedings of the 29th ACM International Conference on Architectural

Support for Programming Languages and Operating Systems, Volume 3,
2024, pp. 785–800.
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