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Abstract

Prefetchers predict future memory accesses to bring data into the
cache before it is accessed by recognizing and repeating or ex-
trapolating an application’s memory access pattern. To date, no
prefetcher predicts all of the disparate access patterns across all ap-
plications. The Berti prefetcher captures streaming access patterns
where a single instruction accesses addresses a consistent delta
apart from each other. It fails to capture spatial patterns where
different instructions access addresses with a consistent delta. We
have found that by accessing Berti’s tables in two orientations, a
prefetcher can detect and predict both streaming and spatial pat-
terns, resulting in speedups of up to 1.89% over baseline Berti for
almost zero additional hardware cost.
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1 Introduction

Applications rely on hardware prefetchers to avoid losing perfor-
mance to cache misses. Prefetches rely on the past to predict the
future by learning application access patterns. Correlating prefetch-
ers [1, 4, 11] record sequences of cache misses and replay them if
they repeat, but do not generalize to new addresses. Spatial prefetch-
ers [5, 7] also record a sequence of misses, but generalize their access
pattern to replay the same sequence of accesses in a new region of
memory (typically a page). Finally, offset-based prefetchers predict
that a future access will occur a certain delta from a demand access.
Offset-based predictors capture streaming access patterns, such as
iterating through an array [3, 15, 17, 21], or capture a sequence of ac-
cesses to a data structure [6, 13, 14] similarly to spatial prefetchers,
but not both.

The Berti [15] prefetcher is a recent design that measures mem-
ory access latency and leverages this information to determine how
far ahead it should prefetch a streaming access pattern. Berti is
designed to capture local patterns, with consistent offsets between
accesses by the same instruction pointer (IP). This addresses the
limited coverage of the Best-Offset Prefetcher [14] which found a
single global offset based on latency information. Although Berti
improves coverage over the Best-Offset Prefetcher, it does not mea-
sure access offsets between different IPs, which means that it misses
spatial access patterns. Our insights are that (i) accessing Berti’s
per-IP history table by column instead of by row recovers enough
global history information to find inter-IP deltas, and (ii) spatial
patterns are only worth detecting and recording in the absence
of streaming patterns, allowing us to reduce overheads. Based on
these insights, we propose Global Berti, a prefetcher that detects
both streaming and spatial patterns, resulting in speedups of up
to 1.89x over baseline Berti for only 264B of additional storage
overhead.
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2 Motivation

The code in Listing 1 exhibits both streaming and spatial access
patterns. Fig. 1 shows how these access patterns are laid out in
space and time. Line 3 strides across the list array: each of its in-
stances accesses data a predictable offset from the last instance. This
streaming access pattern is predictable by simple stride and stream
prefetchers [3, 21], as well as by more sophisticated prefetchers like
Berti [15]. In contrast, Line 7 accesses data (h->next) a constant
offset from the data accessed by the preceding Line 6 (h->data).
This is an example of a spatial access pattern, which is predictable
by spatial prefetchers like Bingo [5] or Gaze [7], as well as by global
offset prefetchers like Pythia [6]. Line 4 exhibits both streaming
and spatial access patterns. Each access instance of Line 4 is both
a consistent offset (sizeof (ListNodex)) from the previous Line 4
and a different consistent offset (tails - heads) from the previous
Line 3. This will be the case any time multiple fields are accessed in
an array of data structures, or any time multiple streaming access
patterns with the same stride are interleaved. Any time a spatial
access pattern includes an IP with a streaming access pattern, all
IPs in the spatial pattern will have streaming patterns. Therefore,
when a streaming access pattern is present, searching for spatial
access patterns is redundant.

Our insight that spatial access patterns are only relevant when
there are no streaming access patterns simplifies the process of
searching for spatial patterns. Because the accesses of a spatial
pattern have no streaming pattern, we cannot prefetch several
iterations in the future. Therefore, only the current pattern instance
matters, which means that we can confine our search for spatial
patterns to only the most recent instance of each IP in the global
history. Given a table mapping IPs to local address histories (as
exists in streaming prefetchers, including Berti), looking at only
the most recent entry for each IP provides a curated version of the
global address history, including only the addresses that might be
relevant for useful spatial patterns.

Organizing our address history per-IP, as streaming prefetchers
do, actually makes it easier to find useful spatial patterns. We simply
need to read a column from the table.

3 Background on Berti

The key idea of the Berti [15] prefetcher is to find timely deltas for
streaming access patterns. Timeliness is important to prefetchers
because a prefetch issued too late will fail to hide all the latency
for the access it predicted, whereas a prefetch issued too early
may be uselessly evicted before being accessed, while potentially
evicting still-useful data itself. The best distance to prefetch ahead
in a streaming access pattern depends on how the data is being
used. A loop that does 1000 cycles of processing on each value
it reads (i.e., high operational intensity [20]) would be satisfied
by prefetching only the next access, whereas a loop that merely
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Listing 1: Example code with streaming and
spatial access patterns. Color highlights cor-
respond to the patterns in Fig. 1

sums up a large array (i.e., low operational intensity) could require
prefetching hundreds of iterations ahead to hide all of its memory
latency in steady state.

Prefetchers like Pythia [6] or the Micro-Armed Bandit [9] lever-
age reinforcement learning techniques to find an appropriate prefetch
distance. Berti instead maintains a longer history per IP, looks back
into it to find what distance it should have used to be timely (the
timely delta), and uses that distance going forward. Timely deltas
also resolve the issue of complex strides: patterns of accesses that
are consistent, but not identical. For example, an instruction that
accesses addresses 0x0, 0x4, 0xC, 0x10, 0x18, 0x1C, 0x24, ... would
appear inconsistent to a stride or stream prefetcher that was not
designed with complex strides in mind [16]. Searching for timely
deltas makes the complexity of the stride pattern irrelevant, if the
pattern fits in the IP’s history then the timely delta will be a multi-
ple of the sum of the components, without any need to recognize
or detect the complex pattern. The previous example of a complex
stride alternated the strides 4, 8, 4, §, ..., which produces timely
deltas of 12, 24, ... without any specialized complex stride detection.

Berti collects the timing information it requires to compute
timely deltas in two structures (shown in Fig. 2). First, it associates
each access in its history table (Fig. 4) with a timestamp, such as a
cycle count. The Berti history table is logically an IP-indexed set of
FIFO queues holding the access history for each IP. Second, Berti
further adds a timestamp to each MSHR, and a latency field to each
L1 cache line. When a prefetch is filled, the latency is recorded with
the line, or set to zero on an overflow. When the latency information
for a demand access becomes available, either because the access
hit on a prefetched cache line or because a miss was filled, Berti
searches for timely deltas in its history table by looking in the row
indexed by the access IP for accesses that are timestamped further
in the past than the latency of the access. The differences between
the cache line addresses of those past accesses and the line address
of the current access are the set of timely deltas. Fig. 3 illustrates
this process for a 25-cycle load demanded at timestamp 35, with
prior loads at timestamps 15 and 5. When Berti finds timely deltas
for an IP, it records them in its delta table.

The delta table (shown in Fig. 5) maps IPs to timely deltas. Every
time a delta is found for an IP, its associated coverage counter is
incremented, as is the global counter for the IP. When the global
counter overflows, the status of each IP is set according to a series
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Figure 2: Berti [15] tables and their inter-
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Figure 3: Calculating timely deltas with Berti for one IP with
accesses to addresses 0x100, 0x108, then 0x110.

of thresholds. On each memory access, the delta table row for that
IP (if any) is searched for deltas with a PREFETCH or PREFETCH_-
REPLACE status, indicating deltas that were often timely in the past.
Berti uses these high coverage deltas for prefetching by adding
them to the access address and issuing prefetches for the resulting
cache lines. Deltas with low coverage when the counter overflows
are instead marked for replacement by new deltas when they arrive.

4 Global Berti Design

Our Global Berti prefetcher detects both streaming and spatial ac-
cess patterns with small modifications to Berti’s history table. It
then stores deltas for both types of access patterns in the same delta
table with little additional storage, and issues prefetches agnosti-
cally to which pattern a delta represents.

4.1 Global Berti structures

Fig. 4 shows the modifications we make to Berti’s history table.
The structure of the table is unchanged, we instead add a new way
of accessing it. Berti accessed its history table row-wise, inserting
new entries at the front of each FIFO row and checking an entire
row for timely deltas based on the access history of one IP. We add
the option to access the first column of the table, corresponding to
the most recent accesses by all IPs. We perform this column access
when we search for global deltas corresponding to spatial access
patterns, which we do on each demand access by an IP with no
known streaming access patterns.



Global Berti: Simultaneous Streaming and Spatial Prefetching

1 IP tag line address | timestamp IPtag lineaddress timestamp

7 24 16 7 24 16

I
Row accesses
insert new
accesses and
find streaming
patterns

Column accesses find

e = = - =4 spatial patterns

Figure 4: Global Berti History table with access patterns.
Numbers represent field bitwidths.

= =

= & o % o

w0 2 © o £ o o £
s S 3 ®© o 30 @© o 30
3 = > % 0 = 2% 0

a o 8 ] 58 g [} o082
=] J3) g 2.5 k) o o £

Single entry

| Original Berti fields | New fields for spatial patterns

Figure 5: Global Berti Delta table with additions highlighted.
Numbers represent field bitwidths.

Fig. 5 shows our delta table, which is also almost identical to
Berti’s with the addition of a single extra bit per row that tracks
the presence of local deltas, and a single bit per delta entry that
prevents double-counting. Issuing prefetches using the delta table
is similar to Berti. On each demand access, if there are deltas with
a PREFETCH or PREFETCH_REPLACE status in that IP’s delta table
entry, then those deltas are added to the demand line address to
determine the target line addresses to prefetch.

4.2 Training Global Berti

Training Global Berti has two stages: (i) local training finds stream-
ing patterns with timing information, similarly to the original Berti,
and (ii) global training finds spatial patterns.

Local training is triggered when access latency information be-
comes available, either on a cache hit to a line with latency data
stored alongside it, or when a demand miss is filled. At this time,
like Berti, Global Berti performs a row access to its history table,
collecting timely deltas. A delta is considered timely if its time-
stamp is less than the current timestamp minus the latency of the
access being considered. These deltas are used to increment the
coverage of entries in the delta table for the triggering IP, and the
row’s counter is also incremented. If the counter overflows, then
all deltas in the row have their state set to either NO_PREFETCH,
PREFETCH_REPLACE, or PREFETCH based on whether or not they
meet the associated thresholds (0, 5, and 8 respectively). The cover-
ages of each entry are then reset.

Local training is where Global Berti sets a delta table row’s local
field. If any timely delta found for this access has a state other than
NO_PREFETCH or a coverage greater than the lowest prefetching
threshold, the Global Berti sets the local flag in that delta table
row to indicate the presence of a streaming pattern. The local
flag disables global training for the delta table row in question. We
disable global training when a streaming pattern is present because

Table 1: Storage Requirements of Global Berti

Entries Entry size (b) Total size (B)

History Table 64 X 16 47 6016
Delta Table 64 18 +32 x 20 5264

MSHR Timestamps 16 16 32
L1 Latencies 768 12 1152
Total 12464

any IP with a consistent offset from a streaming access is itself also
a streaming access, and would therefore receive no benefit from
global training while filling its delta table row with useless entries.

Global Berti performs global training on each demand access,
without waiting for latency information. Because spatial patterns
are detected only for IPs without streaming patterns, Global Berti
cannot start prefetching a spatial pattern until the first access in it,
which is likely a cache miss. As a result, timing information is not
useful for spatial patterns. If Global Berti either does not have an
entry in the delta table for the demand IP, or has an entry without
the local flag set, it then performs a column access in the history
table, collecting the most recent access in each row. It uses the cache
lines of these accesses to calculate deltas, and then attempts to
insert those deltas into the delta table entries corresponding to the
IPs of those prior accesses, succeeding if the delta table entries both
exist and do not have their local flags set.

For both local and global training, Global Berti increments the
coverage of a delta at most once per instance of the IP for that row.
This is achieved using the increment field that Global Berti adds
to each delta entry. The increment fields of all entries in an IP’s
delta table row are set on each demand access to the IP, at the same
time that the row’s counter is incremented. When a matching
delta is inserted, that delta’s coverage is only incremented if the
increment field is still set, and the increment field is than cleared.
This prevents many accesses by different IPs to the same cache line
from immediately saturating the coverage of prior IPs.

4.3 Global Berti storage overheads

Table 1 summarizes the Global Berti storage overheads. We have
increased the capacity of both the history and delta tables compared
to the original Berti, choosing 64 rows for both our history and
delta tables, 16 entries for each history FIFO, and 32 deltas per delta
table row. These selections put the total storage budget of Global
Berti slightly over 12KB, which still falls well within DPC4’s 32KB
limit for L1 prefetchers. We leave exhaustive parameter sweeps to
future work.

5 Evaluation

5.1 Methodology

We measure performance using Champsim [10] with the DPC4
single-core full-bandwidth configuration. Table 2 summarizes the
system parameters. We measure performance on the entire set of
public DPC4 traces, weighted equally. We skip the first 50M instruc-
tions of each trace and measure IPC for the next 200M instructions.

We measure speedup as the ratio of IPC against DPC3 Berti [18].
DPC3 Berti differs significantly from Berti [15], as described in



Gilead Posluns and Mark C. Jeffrey

1.30 L.5

|
1.25 I
£1.20

@1.15 |
21.10 |
51.05 |
e

No Prefetching HEl Global Berti

§i1.00 II |
0 0.95 | I
0.90
0.85

||]||| TTTT

OOOO0 EOOOOD UL—NTHY

ISR ARe SSSSSSY
S ¢ SSII 4SSSAS

RSTinn SOE9S

RESENES
Dl

N

XN ONOTFMTHNOTHODNFFONNNOEOO UO:
S BT G

rotreirs
S

PN

Figure 6: Speedup of L1 Global Berti normalized to L1 Berti with no other prefetchers

Table 2: System Configurations

8-wide 000, 576-entry ROB, 160 issue slots, 240-entry load

Core queue, 112-entry store queue
L1D cache 48KB, 12-way, 16 MSHRs, 5-cycle latency, Berti/GBerti/No
prefetcher
L2 cache 2MB, 16-way, 32 MSHRs, 10-cycle latency, Pythia/No
prefetcher
L3 cache 3MB, 12-way, 64 MSHRs, 35-cycle latency, No prefetcher

Main mem 1 channel, 4800 MTPS

Sec. 3. Unlike Berti, DPC3 Berti associates timely deltas with pages
instead of IPs, determining the best delta for prefetching within
each page. This per-page delta will capture a streaming pattern if
one is present, and may partially cover a spatial pattern if there
is no streaming pattern touching the page. DPC3 Berti associates
IPs with pages, and uses them to generalize deltas to new pages.
DPC3 Berti also records the access set of each page, and uses this
information to reduce useless prefetches when prefetching within
a page by not issuing prefetches to lines not previously demanded.
DPC3 Berti also uses this recording to issue a ’burst’ of prefetches
when an old page returns to the cache, similarly to Bingo [5].

5.2 Speedup compared to Berti

Fig. 6 shows the speedup of Global Berti over DPC3 Berti across
all of DPC4’s public traces with no other prefetchers in the system.
Global Berti provides speedups as high as 1.89x over DPC3 Berti,
with no slowdowns worse than 0.92x, for a gmean speedup of
1.08X.

The SPEC17 benchmarks observe the largest speedups, with a
1.89x speedup on 602.gcc-1850B, and additional large speedups on
mcf, fotonik, and xalancbmk. On the SPEC17 traces, the gmean
speedup over baseline Berti is 1.12X. Graph algorithm traces ob-
serve almost as large a speedup, with large speedups on ligra Maxi-
mal Independent Set and gmc Triangle Counting. Overall, the graph
traces observe a gmean speedup over Berti of 1.11x. The Al traces
are observe no improvement from Global Berti over Berti for most
traces, but a large speedup for traces of llama models, resulting in
a gmean speedup over Berti of 1.05%. The Google traces, observe a

lower but more consistent speedup on all trace categories except
charlie, which instead sees a small slowdown compared to Berti.
Overall, Global Berti provides a gmean speedup of 1.05X over Berti
for Google’s traces.

The largest speedups from Global Berti over Berti come on irreg-
ular applications like SPEC17 or graph processing, where streaming
access patterns are less important compared to spatial access pat-
terns. Al applications are dominated by matrix multiplies which are
highly regular, with no benefit to detecting spatial access patterns
over streaming patterns (except on llama). Google’s traces are more
heterogeneous [12], so seeing a lower but consistent speedup from
prefetching a new type of access pattern makes sense.

5.3 Speedup with Pythia at the L2

Fig. 7 shows the speedups from replacing DPC3 Berti with Global
Berti in the DPC4 Baseline configuration, maintaining Pythia at
the L2. Pythia [6] is a reinforcement-learning-based prefetcher that
learns an offset to prefetch for each miss IP based on memory band-
width consumption and prefetch usefulness. Because Pythia’s feed-
back is agnostic as to which IP requests the cache line it prefetched,
it can find some of the same spatial patterns as Global Berti. How-
ever, as an L2 prefetcher Pythia cannot prefetch outside the same
page as the triggering demand access, limiting the offsets it can
use. Pythia also issues at most one prefetch per access, which may
make it harder for Pythia to be timely for large spatial patterns
with many accesses being predictable following one cache miss.
Replacing Berti with Global Berti at the L1 while Pythia is active
at the L2, we see speedups up to 1.49x%, slowdowns no worse than
0.94%, and a gmean 1.06X improvement.

Overall, Global Berti provides lower speedups over Berti with
Pythia at the L2 compared to without. This is to be expected from
Amdahl’s Law [2] even if there was no overlap between Pythia’s
prefetching and Global Berti’s. However, the reduction in speedup
from adding Pythia at the L2 varies across trace categories. On the
SPEC17 traces, there is little reduction in gmean speedup. The
speedup on gcc reduces to 1.49%, but he gmean speedup over
Berti+Pythia is still 1.11x. Using Global Berti alone has a large
slowdown (gmean 0.93% over Berti+Pythia, indicating that Pythia
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Figure 7: Speedup of L1 Global Berti with and without L2 Pythia normalized to L1 Berti with L2 Pythia

is providing a large speedup over Berti alone on the SPEC17 traces.
Pythia’s speedup on these traces appears to be mostly orthogonal to
Global Berti’s, enabling a similar speedup from replacing Berti with
Global Berti regardless of whether or not Pythia is contributing.

In contrast, on graph traces, the gmean speedup from Global
Berti over Berti reduces to 1.06X when Pythia is at the L2, but
using Global Berti without Pythia produces a gmean 1.02X speedup
over Berti+Pythia. This indicates that on graph benchmark traces,
Global Berti and Pythia are producing similar prefetches, with the
benefit of using Global Berti instead of Pythia likely being due to
Global Berti being located at the L1 instead of the L2, so its useful
prefetches save more cycles. For Al traces, the gmean speedup of
Global Berti increases to 1.07x, driven by large speedups appearing
for rwkv traces 2 and 3, where Pythia makes no difference for Berti
but starts providing a large speedup for Global Berti, suggesting
that Global Berti’s spatial prefetches are providing useful hints to
Pythia’s Reinforcement Learning agent. Finally, Google’s traces see
no significant change in gmean speedup of Global Berti over Berti
when Pythia is present at the L2, similarly to SPEC17.

6 Related Work

Streaming prefetchers originate from the basic stride [3] and
stream [17, 21]. These prefetchers identify and predict the common
programming pattern of striding over an array in a loop, where the
same instruction accesses data a consistent offset from the previous
access. More sophisticated stride prefetchers such as IPCP [16] can
recognize more complex streaming patterns, such as a repeating se-
quence of strides. Berti [15] introduces the idea of tracking prefetch
timeliness to determine how far ahead to prefetch in the stream,
while the Micro-Armed Bandit [9] uses a reinforcement learning
agent for this purpose.

Spatial prefetchers are most simply exemplified by the next-line
prefetcher [19], which simply prefetches a constant delta of +1
for all memory accesses on the basis that programs tend to access
memory sequentially. More sophisticated spatial prefetchers such
of the Best Offset Prefetcher [14] learn the best global delta for a
workload. Spatial prefetchers such as Bingo [5] and Gaze [7] divide
the address space into regions (typically pages) and record the

cache lines accessed within each region, then replay those accesses
if the program returns to the region in question, or appears to
be repeating the pattern in a different region. This approach can
be effective, but requires high storage overhead and risks issuing
many useless prefetches [7]. Less aggressive spatial prefetchers
such as Hyperion [8] and DPC3 Berti [18] associate a delta with
each page instead of prefetching a full access set. Our approach
of associating potentially multiple spatial deltas with each IP is
unusual for spatial prefetchers, and allows us to be more accurate
than global or regional delta based spatial prefetchers like the Best
Offset Prefetcher while avoiding the over-prefetching of record-
and-replay prefetchers like Bingo.

7 Conclusion

We have presented our submission for DPC4, the Global Berti
prefetcher. Global Berti requires almost no additional storage com-
pared to baseline Berti, but is able to detect and predict spatial
patterns composed of offsets between IPs as well as streaming pat-
terns between instances of a single IP. By accessing the same history
table with different orientations, Global Berti achieves up to 1.89x
speedup over baseline Berti for only 264B of additional storage.
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