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Abstract—Recent research revisits pairwise-correlating data prefetching due to its extremely low overhead. Pairwise-correlating data
prefetching, however, cannot accurately detect where data streams end. As a result, pairwise-correlating data prefetchers either
expose low accuracy or they lose timeliness when they are performing multi-degree prefetching. In this work, we propose a novel
technique to detect where data streams end and hence, control the multi-degree prefetching in the context of pairwise-correlated
prefetchers. The key idea is to have a separate metadata table that operates one step ahead of the main metadata table. This way, the
runahead metadata table harnesses the degree of prefetching by allowing/disallowing the main metadata table to issue prefetch
requests. We evaluate our proposal in the context of a four-core chip multiprocessor and show that it significantly reduces erroneous
prefetches, providing up to 16.1% performance improvement on top of a state-of-the-art pairwise-correlating prefetcher.

Index Terms—Cache Memory, Performance, Data Prefetching, Pairwise-Correlating Data Prefetching, Overprediction.
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1 INTRODUCTION

D ATA prefetchers leverage the predictability of memory access
patterns and proactively fetch pieces of data that are not

in on-chip caches, thereby hiding the long latency of memory
accesses and improving execution performance [1], [2], [3].

Traditionally, the ability of data prefetchers in enhancing
performance was the single major metric at evaluating data
prefetchers. As such, data prefetchers have grown in their perfor-
mance enhancements, while other factors like imposed overheads
have been marginalized. However, with the widespread use of
multi- and many-core processors, and accordingly, the movement
towards lean cores [4], [5], computer architects re-design virtually
every component, considering low-overhead as a major design
constraint. One of the components that recently has been con-
templated for simplification is the data prefetcher.

Recent research [6], [7], [8], [9], [10], [11], [12], [13] ad-
vocates of using low-overhead prefetchers, even if they offer
slightly lower performance as compared to high-performance
but extremely-high–overhead prefetcher designs. The research
towards lean data prefetchers has culminated in revisiting delta-
based pairwise-correlating data prefetching.

In contrast to streaming prefetchers [14], [15], [16], that
store the whole observed address streams next to each other in
a FIFO buffer, or footprint-based prefetchers [17], [18], [19],
[20], that store bit-vectors for all observed accesses over large
memory regions, pairwise-correlating prefetchers correlate every
event with a single next prediction. The event can be some relevant
information about the memory accesses, like the last observed
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address, the last observed delta, or even a combination of several
pieces of information like the last three observed deltas. The next
prediction, also, can be the next expected address, with address-
based pairwise-correlating prefetchers [21], [22], [23], [24], [25]
or the next expected delta, with delta-based pairwise-correlating
prefetchers [8], [9]. Figure 1 illustrates how prefetcher metadata
is organized with different prefetching methods.
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Fig. 1: Comparison of streaming, footprint-based, and pairwise-correlating
prefetchers.

Pairwise-correlating prefetching, in fact, is not a new concept
in data prefetching literature; it goes way back to the 90s when
the simple, preliminary data prefetchers were initially proposed.
However, the turnaround from large, high-overhead streaming and
footprint-based prefetching [14], [15], [17], [18] to simple delta-
based1 pairwise-correlating prefetching [8], [9] is a new trend
motivated by the movement towards multi- and many-core sys-
tems, where architectural components from hardware optimizers
like prefetchers to cores themselves need to be as simple and low-
overhead as possible [4], [5].

1. All the discussions and techniques we propose in this paper are applicable
to all pairwise-correlating prefetchers regardless of being address-based or
delta-based. However, in this paper, in line with all recent state-of-the-art work,
we narrow down our focus to delta-based pairwise-correlating prefetchers
because they are extremely low-overhead and hence, more suitable for modern
multi- and many-core systems.
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Organizing metadata in a delta-based pairwise-correlated
manner leads to significantly less storage requirement for the
prefetcher to offer a considerable performance improvement.
State-of-the-art streaming prefetchers [14], [16] require megabytes
of metadata; state-of-the-art footprint-based prefetchers [18], [19]
require tens of or over a hundred kilobytes of metadata; state-of-
the-art delta-based pairwise-correlating prefetchers [8], [9] require
several hundreds of bytes or a few kilobytes of metadata. The main
reason why delta-based pairwise-correlating prefetchers impose
less storage overhead is the “desirable fusion” of metadata in
these methods. I.e., an observed access pattern that would be
otherwise captured in several correlation entries is captured in
a single pairwise correlation entry. For example, consider the
same sequence of accesses shown in Figure 1, taking that ‘A’
and ‘B’ each falls into a separate 4 KB memory page. Such an
access pattern is likely to happen when the program loops over
two objects of the same class, where each object is allocated
in a different page [26]. With a 48-bit physical address space
and 64-byte cache blocks (6-bit cache block offset), for such
an access pattern, a streaming prefetcher needs to store the all
observed addresses, resulting in N×4×42+N×4×42 = 336N
bits storage requirement (excluding the overhead of indexing the
history [14]). With a footprint-based prefetcher, two large bit-
vector (each 64-bits) plus the corresponding page tags (each 36-
bits) are stored, resulting in 200 bits storage overhead. With a
delta-based pairwise-correlating prefetcher, the prefetcher simply
stores the correlation between three 16-bit delta pairs, resulting
in only 48 bits of storage requirement. Thanks to this extremely-
low storage overhead, delta-based pairwise-correlating prefetchers
gain increasingly more attention in the literature [8], [9].

While fusing metadata results in less storage overhead, it
causes loss of useful information on the other hand. An important
item of information that gets lost with pairwise-correlating is
lookahead information. Unlike streaming prefetchers [14], [15],
[16] that prefetch multiple data addresses that follow the correlated
address in the FIFO history buffer, or footprint-based prefetch-
ers [17], [18], [19] that prefetch multiple data addresses whose
corresponding bit in the bit-vector is set, pairwise-correlating
prefetchers have the information of only one next expected address
or delta per correlation entry. With this lookahead limitation,
pairwise-correlating prefetching could face timeliness as a major
problem, in that, issuing merely a single prefetch request every
time may not result in prefetch requests that cover the whole la-
tency of cache misses. Therefore, pairwise-correlating prefetchers
struggle to issue multiple prefetch requests at once (i.e., multi-
degree prefetching); nevertheless, the lack of sufficient lookahead
information makes this task particularly challenging.

Initial work [27], [28] suggested storing several next predic-
tions (e.g., three next addresses that are expected to follow the
current address) in order to perform multi-degree prefetching.
However, the inefficiency of these methods was shown by later
research [15], [29]. The main reason why storing a certain number
of next predictions is not efficient is that the length of different
correlated address/delta streams is quite dissimilar, ranging from
a couple to hundreds of thousands [29]. Hence, storing a certain
number of predictions, say, N, would either result in storage-
inefficiency or limited miss coverage. In detail, if the length of
a stream is smaller than N, say M, the N −M entries stored in
the metadata storage is useless, resulting in storage-inefficiency;
otherwise, if the length of a stream is greater than N, say K, the
K−N addresses in the stream would not be captured.

What is typically employed in state-of-the-art pairwise-
correlating data prefetchers as the de facto mechanism, including
delta-based [9] and address-based [25] ones, and even similar
instruction prefetchers [30], is using the prediction as input to the
metadata tables to make more predictions: whenever a prediction
is made, the prefetcher assumes it a correct prediction, and

repeatedly indexes the metadata table with the prediction to make
more predictions. While this approach has no storage overhead, it
offers poor accuracy, as explicitly shown by recent work [8], [16],
[19], [30]. The problem is that the prefetcher has no information
about how many times it should repeat this process. In other
words, the mechanism is not able to detect when a data stream
ends and cease the prefetching for the stream accordingly. In fact,
this emanates again from dissimilar stream lengths: if we repeat
this process N times, for streams whose length is smaller than N,
say M, we overprefetch N−M addresses, resulting in inaccuracy;
for streams longer than N, we may lose timeliness.

Prior approaches that perform multi-degree prefetching in such
a way, typically choose the degree of prefetching empirically
based on a set of studied workloads. For example, Shevgoor et
al. [9] set the degree to four; Bakhshalipour et al. [25] set it to
three. These numbers are chosen completely experimentally for
a specific configuration and by examining a limited number of
workloads, with which, the chosen number provides a reasonable
trade-off between accuracy and timeliness. Obviously, limiting the
degree to a certain predefined number neither is a solution that
scales to various configurations and workloads, nor is optimal
(w.r.t accuracy and timeliness) for the examined very configu-
ration/workloads because the length of streams, not only across
applications but also across different address streams of the same
application, conspicuously varies [29]; that is why prior work [8],
[16], [19], [30] observes severe inaccuracy for these prefetching
methods.

Recently, Kim et al. [8] proposed a method, named SPP, to
harness multi-degree prefetching in the context of delta-based
pairwise-correlating prefetching. SPP predicts prefetching confi-
dence and throttles the prefetcher if the prediction is smaller than
a constant predefined threshold (chosen empirically). While such
a mechanism might be useful for harnessing the prefetcher, it
causes the performance of the prefetcher to become increasingly
dependent on the accuracy of throttling decisions [10], [19], [20].
That is, when the confidence prediction is not accurate, the
prefetcher either loses accuracy due to overprefetching or loses
miss coverage (and timeliness) because of inopportunely stopping
prefetching. Moreover, enforcing constant predefined thresholds,
that are chosen empirically based on evaluating a limited set of
configurations and workloads, reduces the flexibility of this at
scaling beyond its evaluated scope.

In this work, we propose a novel solution to harness the
multi-degree prefetching in the context of pairwise-correlating
prefetchers. The key idea is to have separate metadata information
for predicting the next but one expected event (e.g., the delta
following the next delta; two deltas away from now). This way,
in fact, we employ two separate metadata tables: one predicts
the next event (DISTANCE1; D1), the other predicts the next but
one event (DISTANCE2; D2), which we call Runahead Metadata
Table. When issuing multi-degree prefetching, the first prefetching
is issued using only D1. For issuing the second prefetch, D1
is searched using its previous prediction, similar to multi-degree
prefetching of previous methods; meanwhile, D2 is searched using
the actual input (not prediction); the prefetch request is issued only
if the prediction of both tables match; otherwise, the prefetching
is finished. From the third prefetch request (if any) onward,
both tables are searched using the corresponding inputs from the
previous steps; if their predictions match, the prefetch request is
issued and the process continues; otherwise, the prefetching is
finished, concluding that the stream has come to an end.

2 THE PROPOSAL
We propose Runahead MetaData (RMD), a general method for
harnessing pairwise-correlating prefetching. The main component
of RMD is an additional D2 table, namely Runahead Metadata
Table, which runs a step (e.g., one delta) ahead of the conventional



IEEE COMPUTER ARCTHITECUTE LETTTERS 3

D1 table. More specifically, D2 predicts what address/delta will
happen next but one (two steps away from now); in contrast, D1
(the conventional metadata table of pairwise-correlating prefetch-
ing) predicts what address/delta will happen next (one step away
from now).

The reason for adding D2 is to harness the multi-degree
prefetching of D1: until when the recursive lookups should re-
sume? As D2 operates one step ahead of D1, what D2 offers is
what D1 is expected to offer in the next step. Hence, when D1’s
second prediction (i.e., prediction using the previous prediction as
input) is not equal with D2’s prediction, we intuitively conclude
that the stream has been finished, and do not further issue prefetch
requests for the current stream. However, as long as the predictions
match, we continue prefetching to provide efficient timeliness,
while preserving accuracy2.

Note that this mechanism is fundamentally different from
confidence-based methods like SPP [8]. RMD, unlike confidence-
based methods, does not assign probability numbers to correlation
entries, and hence, does not admit/deny prefetching probabilis-
tically. Instead, it relies on the effectiveness of the underlying
prefetcher and ceases prefetching when it determines an end-of-
stream.

Using Figure 2, we epitomize how RMD works. First off, the
entries in tables are interpreted in this way: 〈A, B〉 in D1 shows
that immediately after A, we expect B to happen; 〈C, J〉 in D2
is intended to mean that two steps away from C, we expect J
to happen. Consider that A happens. We index D1 by A. The
prediction of D1 is B; we issue the first prefetch request for B.
Then, we index D1 by B; meanwhile, we index D2 by A. The
predictions of both D1 and D2 are C; their predictions match,
and we prefetch C. Then, we index D1 by C and D2 by B.
The prediction of D1 is D, and the prediction of D2 is P; their
predictions do not match, and we no longer issue prefetch requests.

D2	Table

Delta Pred.

A C

B

C

P

J

D1	Table

Delta Pred.

A B

B

C

C

D

Fig. 2: An illustration of how the proposed method works.

Note that RMD is a general technique and is not limited
to any specific pairwise-correlating prefetcher. It can be used
in the context of either address-based or delta-based pairwise-
correlating prefetchers. Moreover, RMD makes no assumption
about the underlying metadata tables of a prefetching method,
e.g., what is stored in the table, how the table gets updated, the
replacement policy of the table, etc. It just adds a new copy of the
main metadata table of the prefetcher (D1), and trains and uses
it to predict the next but one event. For example, with Variable
Length Delta Prefetcher (VLDP) [9], the D1 itself is three tables
each indexed by a different length of history. With RMD on top of
VLDP, the D2 likewise would be three tables.

3 EVALUATION

3.1 Methodology
We use ChampSim [31] to simulate a system whose configuration
is shown in Table 1. The primary target of RMD and similar
methods is multi- and many-core systems where the resources
such as area and memory bandwidth are scarce and accordingly,

2. Note that this may result in livelock for some particular access patterns. To
prevent livelock, we limit the number of outstanding prefetches to a predefined
large number (in this paper, 8).

hardware optimizers like data prefetchers should be low-overhead
and bandwidth-efficient. Having said that, in this paper, we eval-
uate RMD in the context of a system with four computational
cores and show that even in such a system, RMD is still effective
and superior to competing methods. Noteworthy, we expect larger
superiorness from RMD in the context of systems with more
computational cores.

We use SPEC 2006 benchmark [32] for our evaluations. For
single-core experiments, we report the results for 15 memory-
intensive programs; we create MIX workloads of these programs
for our multi-core evaluations. The details of the simulated pro-
cessor are shown in Table 1. The memory channel is modeled
based on borrowed data from commercial DDR4-2133 technology
specification [33], which provides peak bandwidth of around
17064 MB/s. We run the simulations for at least 100 M instruc-
tions on every core and use the first 20 M as the warm-up and the
rest for actual measurements. All data prefetchers are implemented
near L1 data cache.

TABLE 1: Evaluation parameters.

Parameter Value
Processor 4 cores, 8-wide OoO

L1-I/D 32 KB, 8-way set-associative,
1-cycle load-to-use, 64 B lines

L2 Cache 1 MB per core, 16-way set-associative,
unified, 11-cycle access latency

Memory
DDR4-2133 MHz, 2 ranks/channel,
8 banks/rank, 2 KB row buffer/bank,
tCL-tRCD-tRP-tRAS = 15-15-15-39

We compare the following approaches:

Best-Offset Prefetcher: BOP [7] is a state-of-the-art offset
prefetcher [2], that tries to find certain offsets, prefetching with
which would result in better timeliness. The storage overhead of
this method is 1.85 KB.

Variable Length Delta Prefetcher: VLDP [9] is a state-of-the-art
delta-based pairwise-correlating prefetcher. VLDP operates on
multiple lengths of history to efficiently learn and prefetch
irregular delta patterns. The storage overhead of this method is
998 bytes.

Signature Path Prefetcher: SPP [8] is a state-of-the-art method
that targets the same goal our proposal does; nonetheless, in
a different manner. SPP monitors the accuracy of pairwise-
correlating prefetcher and adjusts the prefetching degree,
considering both accuracy and timeliness of prefetch requests.
The storage overhead of this method is 5.37 KB. We use TP = 0.5
and TF = 0.8 as the throttling parameters since this setting
provides higher performance improvements as compared to the
parameters chosen in the original paper.

Runahead MetaData: RMD is our proposal for harnessing the
multi-degree prefetching in the context of pairwise-correlating
prefetchers. While there are many prefetching methods that can
potentially benefit from RMD, in this paper, we evaluate our
proposal on top of VLDP (named VLDP+RMD) and SPP (named
SPP+RMD). For VLDP+RMD, we make a copy of Delta Pre-
diction Table and train/use it as the runahead metadata. The
overall storage overhead is 1.6 KB. For SPP+RMD, we remove
the baseline throttling mechanism (set the thresholds to zero),
then make a copy of Pattern Table as the runahead metadata. The
overall storage overhead is 8.38 KB.

3.2 Results
Figure 3 shows miss coverage and overpredictions (i.e., inaccurate
prefetches normalized to baseline cache misses [2]) of competing
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Fig. 3: The results of single-core experiments.

methods. Moreover, numbers on the bars indicate the performance
of methods, normalized to a baseline system with no prefetcher.

As Figure 3 shows, RMD significantly reduces the overpre-
dictions of both VLDP and SPP. The reduction for VLDP is 1.4x
on average and up to 3.6x; and for SPP, it is 77.5% on average
and up to 1.9x. These large reductions in overpredictions result
in substantially less memory bandwidth consumption and cache
pollution, which are crucially important for performance and
energy-efficiency especially in multi- and many-core substrates.
While offering large reductions in mispredictions, RMD reduces
the miss coverage negligibly; with RMD, VLDP and SPP offer
only 1.9% and 0.3% lower miss coverage as compared to without
RMD. The performance of methods with RMD is on par with that
of without it. Note that, single-core substrates typically are not
bandwidth-limited [34], [35], and that is why the reduction in the
overprediction does not translate into performance enhancement.

Figure 4 shows the performance of all methods normalized to
a baseline with no data prefetcher. The evaluated workloads in
this figure are four-core MIX workloads, where MIXi is created
by picking programs (i, i+ 1, i+ 2, i+ 3)%15 (modulo 15) from
Figure 3. As the results show, augmenting VLDP and SPP by RMD
results in significant performance improvements. The performance
improvement of RMD on top of VLDP/SPP is 5.8%/9.6% on
average and up to 15%/16.1%.
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Fig. 4: Performance of competing methods normalized to a baseline with no
data prefetcher running multi-core MIX workloads.

4 CONCLUSION

Pairwise-correlating prefetching, thanks to its extremely small
storage requirements, has been recently gaining ever-increasing
attention. One major problem of pairwise-correlating prefetching
is the lack of sufficient lookahead information, which makes end-
of-the-stream detection task particularly challenging, resulting in
poor accuracy with prior multi-degree prefetching mechanisms.
In this paper, we addressed this issue and proposed a novel
technique to harness the prefetching degree in the context of
pairwise-correlating prefetching. We evaluated our proposal on
top of state-of-the-art methods in the literature and showed that it
could largely reduce the overpredictions, resulting in significant
performance improvements.
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