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Abstract—Miss Status Handling Registers (MSHRs) track
cache miss information while cache lines are being fetched from
higher cache levels or memory. In traditional implementations,
when all MSHR entries are occupied, the cache cannot process
new misses, stalling demand requests and dropping or delaying
prefetches, and in the end, limiting memory-level parallelism.
Scaling the number of MSHR entries is not straightforward,
as they must support associative lookups for high performance.
In addition, hardware prefetching further increases MSHR
pressure.

This paper first observes that academic work has largely over-
looked industrial implementations of MSHRs, with important
implications for performance. Then, it details the implementation
of industry-like MSHR designs, namely Homeless, in which
prefetch requests can still be issued when MSHRs are full
but are degraded to fill higher cache levels, and its demand-
to-prefetch (D2P) variant, where a demand miss that cannot
allocate an MSHR entry is instead issued as a prefetch-style
request. Finally, we analyze the need for the first-level data
cache (L1D) MSHR information for both demand and prefetch
misses, and propose Nomad, a microarchitectural technique that
(i) enables prefetching to L1D even when the MSHR is full and
(ii) allows incoming demand misses to reclaim L1D MSHR entries
occupied by prefetch requests. Across six benchmark suites,
Nomad delivers the strongest improvements on AI/ML and GAP,
where L1D MSHR pressure is highest, and performs similarly
to Homeless-D2P on the remaining suites. For AI/ML workloads
and in the absence of an L1D prefetcher, Nomad reaches 11.3%
speedup, while Homeless-D2P achieves 8.3%. With an L1D Berti
prefetcher, Nomad reaches 14.4% speedup compared to the 9.4%
achieved by Homeless-D2P. These improvements come with no
storage cost.

Index Terms—MSHRs, prefetching, memory-level parallelism,
cache miss handling, microarchitecture

I. INTRODUCTION

Miss Status Handling Registers (MSHRs) [1] track out-
standing cache misses and play an important role in enabling
memory-level parallelism (MLP). In essence, the MLP is
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limited by the number of MSHRs in the first-level data cache
(L1D). MSHRs track misses at cache line granularity. Cache
misses check the MSHRs to determine if a miss for the
same cache line address is already pending. If a matching
request is already pending, the new request is merged (or
coalesced) with the existing one, so no additional request is
sent to higher cache levels, such as the second-level cache
(L2) and the last-level cache (LLC). When the MSHR is
full, new requests missing in cache cannot be redirected to
a higher cache level, which reduces MLP. Since MSHRs
are commonly implemented as fully-associative structures and
require searching all their entries on any cache miss, they are
difficult to scale [2]–[7].

Impact of a full L1D MSHR. When all MSHR entries are
occupied, L1D cannot process new misses. Demand requests
that miss in L1D are negatively acknowledged and must be
retried at a later time [8], [9], introducing stall cycles that
reduce MLP. Store read-for-ownership (RFO) requests [10] are
dropped when no MSHR entry is available, degrading the write
throughput. Hardware prefetch requests further increase the
MSHR pressure and are dropped or delayed when the MSHR
is full (Section II-D).

Industry alternatives. The problem of MSHR full is well
recognized in the processor industry. However, their solutions
are not well disclosed. Through examination of patent appli-
cations from AMD [11], Qualcomm [12], and Samsung [13],
[14], as well as vendor BIOS configuration guides for Intel
processors [15]–[18], we identify a variety of techniques that
manage MSHR resources differently when MSHR becomes
full. These techniques are described with minimal implemen-
tation detail and, to the best of our knowledge, have not
been previously analyzed in the academic literature, with
important performance consequences. We present the first
detailed description and systematic study of one of such
techniques as a representative of industry standard, namely
Homeless Prefetch [16]–[18], where prefetch requests can still
be issued when MSHRs are full but are degraded to fill higher
cache levels, and its demand-to-prefetch (D2P) variant [15],
where a demand miss that cannot allocate an MSHR entry is
instead issued as a prefetch-style request, stressing the need for
academic work to improve the standard baseline (Section IV).

The problem. Despite their diversity, all industry tech-



niques converge on the same approach. When the L1D MSHR
is full, requests fill higher-level caches (e.g., L2) rather than the
L1D. This incurs additional access latency, particularly costly
for store operations under a total store order (TSO) consistency
model [19], which depends on timely L1D write hits to
pipeline stores efficiently [20]. For L1D-targeted data prefetch-
ers [21], [22] their potential performance is also limited. In
addition, none of these techniques provides a mechanism to
reclaim MSHR entries occupied by prefetch requests on behalf
of incoming demand misses. As a result, demand requests have
no option but to wait, even when MSHR entries are held by
prefetch requests that have not yet completed.

Our observation. We observe that demand requests and
prefetch requests have fundamentally different MSHR require-
ments. A demand miss must track the destination register, the
cache line offset, data size, and how to extend the data to the
register size (signed or unsigned) in order to route the returning
data to the correct memory operation upon completion [20]. In
contrast, a prefetch miss only needs to allocate the cache line
in L1D, as it is not linked to any in-flight memory operation.
The question we ask in this work is: can this asymmetry be
exploited to manage MSHR resources more effectively?

Our approach. We answer affirmatively and propose No-
mad, a set of lightweight L1D MSHR management policies
that exploit the demand-prefetch asymmetry. When the L1D
MSHR is full, Nomad enables three mechanisms. (i) MSHR
bypass, where prefetch requests are issued to the higher cache
level without allocating an L1D MSHR entry, yet the returned
cache line is still filled into L1D. (ii) MSHR eviction, where
MSHR entries occupied by prefetch requests are reclaimed
for incoming demand misses, since the in-flight prefetch can
complete without MSHR tracking. (iii) Demand-to-prefetch
(D2P), which, unlike industry implementations, enables L1D
fills without MSHR allocation, allowing demand accesses to
subsequently hit in L1D.

Contributions. We present the first detailed description
and academic analysis of MSHR management techniques em-
ployed in commercial processors and their impact on hardware
prefetchers. Our evaluation reveals that proper MSHR manage-
ment alone can shift prefetcher speedups by several percentage
points, an effect not captured in academic evaluations that
drop or stall prefetch requests when MSHRs are full. We
propose and evaluate Nomad, a mechanism that enables L1D
fills without L1D MSHR allocation.

Key results. Nomad enables small L1D MSHR budgets
to recover most of the performance lost when the MSHR
is full. The largest gains over Homeless-D2P appear on
AI/ML and GAP, where L1D MSHR pressure is high-
est, while Nomad performs similarly to Homeless-D2P on
SPEC CPU2017, Ligra, GMS, and Google. Without an L1D
hardware prefetcher, an 8-entry Nomad design outperforms
the 16-entry Standard-MSHR baseline on SPEC CPU2017,
GAP, GMS, AI/ML, and Ligra. For AI/ML workloads and
in the absence of L1D prefetcher, Nomad reaches 11.3%
speedup, while Homeless-D2P achieves 8.3%. With an L1D
Berti prefetcher, Nomad reaches 14.4% speedup compared

to the 9.4% achieved by Homeless-D2P, with per-application
speedups of up to 85.4% for 619.lbm.

II. BACKGROUND

A. Miss Status Handling Registers (MSHRs)

A memory request that experiences an L1D miss must be
forwarded to higher levels, and the instruction that triggered
the request cannot be completed until the requested L1D
line is returned. If the L1D cannot handle multiple in-flight
misses, the processor pipeline stalls until the outstanding miss
is resolved. Kroft [1] introduced the concept of MSHRs to
allow multiple concurrent outstanding cache misses without
stalling the processor. Initially, MSHRs store information
about the line address requested by the processor and a valid
bit. Kroft’s design supports a single outstanding miss per word
of the cache line being fetched. Farkas [23] further improves
this design to allow multiple misses per word by extending
the valid bit to n bits, representing each word that could
be read from a cache line. The first memory request that
misses in cache (primary miss) creates a new entry in the
MSHR. Subsequent misses for the same cache line (secondary
misses) are coalesced. The cache stalls only when the number
of distinct cache lines missing simultaneously exceeds the
number of available MSHR entries (a structural-stall miss).

B. Functionality of MSHRs

This section describes the current functionality of MSHRs
that goes beyond the ability to enable multiple cache misses.

1) Resolving memory operations missing in cache. The
MSHRs keep track of demand requests and supply the re-
quested data to memory operations once the cache miss is
resolved [1]. This is commonly done by tracking the offset of
the requested data, the size to be loaded, the register where
the data should be stored, and how to extend the data to the
register size (signed or unsigned) [20].

2) Coalescing. When a new cache miss occurs, the MSHR
is associatively searched for a matching entry. If one is found,
the new request (secondary miss) is merged with the request
tracked by the MSHR and, knowing that the cache line has
already been requested from a higher cache level, simply
waits for the cache line to be fetched. In this way, the
number of accesses to higher cache levels is reduced. Yet, the
MSHR must store the information to fill the data requested by
secondary misses in the destination register.

3) Address resolution using MSHR IDs. Most interconnec-
tion protocols, such as AXI [24], in the event of a cache miss,
append an identifier (ID) to the request. This ID associates
the generated transaction with an MSHR entry that holds the
missing address. The transaction ID is also attached to the
response, allowing the MSHR to be accessed directly (without
requiring an associative search). This approach enables faster
and more efficient access to MSHR, an important decision
when large MSHRs are used.

4) Coherence support. Cache coherence protocols use tran-
sient states and count the number of pending acknowledgments
to track the status of protocol transactions [25]. When a



request triggers an invalidation or broadcast message (e.g.,
when requesting write permission), all acknowledgments need
to be collected before resolving the cache miss. The MSHR
tracks the transient states and acknowledgment counts.

5) Writeback buffer support. Cache evictions (either dirty
or noisy clean evictions [26]) are also involved in coherence
management, since they often require confirmation for higher
cache levels. Evictions can use the same MSHR structure as
cache misses (e.g., the Gem5 [27] protocol implementation),
or a different one. In this work, we assume that cache evictions
use a separate writeback buffer as implemented in commercial
processors [28].

C. Hardware prefetching techniques

Prefetching techniques play a pivotal role in hiding the
main memory latency. However, prefetch requests also allocate
MSHR entries, which makes the efficiency and scalability
of prefetching fundamentally constrained by the number of
MSHRs. Processors employ a range of prefetching mecha-
nisms, including RFO prefetching and hardware prefetching,
discussed below.

Hardware prefetchers observe memory accesses and proac-
tively fill the data cache to hide the main memory latency. At
the L1D level, recent academic proposals include Berti [22]
and MLOP [29]. These designs are typically very aggressive,
but still achieve high coverage and accuracy. Our evaluation
analyzes them. For L2, Pythia [30] represents the state of
the art, also providing high coverage and accuracy. We use
Pythia in our baseline configuration, and it is used in all our
experiments. Contemporaneous processors implement read-
for-ownership (RFO) prefetch as proposed by Gharachorloo et
al. [10]. This read-for-ownership, or read-exclusive prefetch,
can be initiated for the target cache line when stores ex-
ecute [10] or when stores commit [31]. In this work, we
model the latter alternative: store prefetch on-commit. RFO
prefetches the cache line into L1D with write permission,
so that by the time the store reaches the head of the store
buffer (SB), it can complete immediately. More importantly,
cache hits allow writes to be pipelined, offering high write
throughput even when the consistency model enforces TSO.
However, if the cache line is not present in L1D with write
permission, e.g., the RFO was dropped due to a full MSHR,
the SB head stalls until ownership and data arrive, and younger
stores following TSO need to restart the write [20].

D. Handling requests when MSHRs are full

Traditional MSHRs do not process new cache misses when
all of their entries are occupied. Fig. 1 explains what happens
to such misses at L1D. Demand requests are commonly placed
in a retry queue (RQ) 1 [9], [32], [33], which has the
highest priority to access the cache. As soon as an MSHR
entry becomes available, requests from the retry queue are
the first to be serviced 2 . RFO requests from the processor
1 are simply discarded when the MSHR is full 2 . For the

hardware prefetcher, the prefetch queue (PQ) stalls issuing new
requests until an MSHR entry becomes available 1 . However,
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Fig. 2. Percentage of cycles in which all 16 L1D MSHR entries are occupied
with no L1D prefetcher and with Berti prefetcher at the L1D. Light bars
show total MSHR-full cycles; dark bars show MSHR-full cycles with only
demands.

because the cache port is pipelined, a prefetch request may
already be in flight when the MSHR becomes full. In such
cases, if the cache access results in a miss and no MSHR is
available at that moment, the prefetch request is dropped 2 .
A similar resource constraint can arise at the L2. Requests that
require a new L2 MSHR cannot proceed beyond the private
L2 until an L2 MSHR entry is free. When the L1D-to-L2
path cannot accept more requests, additional L1D misses stop
issuing requests to the L2, and the L1D-side behavior follows
the policy illustrated in Fig. 1. The L2 prefetch queue also
stops issuing prefetches while no entry is available.

III. MOTIVATION

A. MSHR pressure as a limiting factor for MLP

L1D MSHRs are a scarce resource in modern CPUs, placing
a limit on the achievable MLP of the core. During program
execution, a significant fraction of cycles is spent with all L1D
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Fig. 3. Performance sensitivity to L1D MSHR size with Berti at L1D,
normalized to a 16-entry Standard-MSHR and no L1D prefetcher

MSHRs occupied. During those intervals, demand requests
that miss in cache are delayed, and prefetch requests are either
stalled, dropped, or demoted depending on the prefetching
policy. At this point, no further cache line can be fetched.
Fig. 2 shows the fraction of cycles during which all entries of
a 16-entry L1D MSHR are occupied for NoPrefetch and Berti
(see Section VI for methodology details). Without prefetching,
AI/ML and GAP saturate the MSHR for 48.9% and 25.6% of
cycles, respectively, rising to 50.3% and 26.5% with Berti.
Fig. 3 shows that this pressure directly limits performance.
With Berti at L1D, scaling the Standard-MSHR from 16 to
128 entries improves performance from 2.7% to 19.4% on
AI/ML and from 0.0% to 12.0% on GAP. These results show
that increasing the number of MSHRs provides substantial
performance gains.

B. Why not just increase the MSHR size?

Increasing the number of MSHRs to handle more outstand-
ing L1D misses might seem straightforward, but this approach
presents significant challenges, as acknowledged in a recent
patent from AMD [5]. Adding more MSHRs significantly in-
creases the area cost [2]–[4], [6] due to the complex hardware
required. Even if designers are willing to accept this trade-
off for potential performance gains, more pressing constraints

like bandwidth and latency are not easily mitigated. MSHRs
are typically implemented using content-addressable memory
(CAM) to facilitate associative lookups [5], [6] on each cache
miss. Although substantial research has aimed to enhance
the scalability of these structures [34]–[36], expanding the
CAM capacity remains challenging [6], [37]–[39] due to
extra area and increased power consumption and multiporting,
thus limiting the MLP [6]. These factors, combined with the
stringent low-latency requirements of modern L1D caches,
severely limit the size of high-performance MSHRs.

These limitations are evident in modern CPUs. Intel ar-
chitectures provide between 10 and 16 MSHR entries, 10 in
Haswell, 12 in Skylake, and up to 16 in Golden Cove [31],
[40]–[42]— while AMD’s Zen 4 architecture offers up to
24 MSHR entries [43]. Modern processors, on the other
hand, manage MSHR saturation through alternative methods.
For example, the OpenXiangShan processor [9] reserves a
limited number of MSHRs to allocate prefetches. In the
default configuration, 6 out of 16 to prevent prefetches from
monopolizing MSHR resources. Alternatively, when MSHRs
become full, processors redirect prefetches to higher cache
levels [11], [16]–[18] or discard them altogether [31], as
detailed in Section IV. These methods, combined with the
modest number of MSHRs in current CPUs and the new
advances in prefetching, highlight the need for new MSHR
techniques focused on prefetch requests.

IV. MSHR MANAGEMENT IN COMMERCIAL CPUS

Through examination of patent filings from AMD [11],
Qualcomm [12], and Samsung [13], [14], as well as vendor
BIOS configuration guides [16]–[18], we identify several
techniques that redirect requests to a higher cache level when
L1D MSHR entries are exhausted.

AMD redirects prefetch requests to L2 based on MSHR
occupancy and prefetch confidence [11]. Samsung describes
a prefetch scheduling mechanism that dynamically selects
the target cache level for prefetch requests based on MSHR
occupancy and other system resources [13], and a two-pass
prefetch mode in the Exynos microarchitecture [14] in which
the prefetcher first sends a request to L2 without allocating an
L1D MSHR entry, and issues a second-pass fill to L1D once
an entry becomes available. Qualcomm describes converting
an L1D demand miss into a prefetch-style request for the
next cache level when L1 resources are unavailable [12]. Intel
server platforms expose a Homeless Prefetch configuration
option [16]–[18]. To the best of our knowledge, these mech-
anisms have not been previously described or analyzed in the
academic literature. We focus on Intel’s Homeless Prefetch
as a commercial reference mechanism because it is a simple
technique available as a configuration option on Intel server
platforms.

A. Uncovering the Homeless Prefetch

No official Intel documentation describes the internal imple-
mentation of the Homeless Prefetch. Three vendor-authored
SPEC CPU2017 flag descriptions (Nettrix [15], Compal [44],



and Fujitsu [45]) provide the most detailed publicly available
descriptions of its behavior. We base our model on these
sources.

1) Prefetch demotion: All three descriptions consistently
report the following behavior. When all L1D MSHR entries
are occupied and a hardware prefetch request misses in L1D,
the request bypasses the L1D MSHR (no L1D MSHR entry is
consumed) and is sent directly to L2. The L2 cache processes
the request as usual (fetching it in case of a miss), but without
sending a response to L1D to fill the line [15]. A subsequent
demand access to the same address will miss in L1D but it
will hit in L2, reducing latency.

Processor read-for-ownership (RFO) requests [10], [31] face
the same MSHR constraints as hardware prefetches. Although
none of the vendor descriptions explicitly addresses RFO
handling, we apply the same demotion policy: when the L1D
MSHR is full, RFO requests are sent to L2 rather than being
dropped.

Demand requests that miss in L1D and find the MSHR full
enter the retry queue [9], [32], [33] and are rescheduled with
highest priority. When an MSHR entry becomes available, the
retry queue drains first, ahead of new requests. The demand
request allocates an MSHR entry, is issued to L2, and the
returned cache line fills L1D.

2) Demand-to-prefetch (D2P) demotion: One of the three
vendor descriptions [15] additionally describes that Homeless
Prefetch allows early fetch of demand misses into the mid-
level cache when resources are insufficient to track the demand
in L1. A Qualcomm patent [12] describes a similar mechanism
where L1D demand misses are converted into prefetch requests
for the next cache level.

We implement this as an extended variant, Homeless-D2P,
in which, when a demand load misses in L1D and all MSHR
entries are occupied, the demand is issued to L2 as a prefetch-
style request without allocating an L1D MSHR entry. The
cache line is fetched into L2 (but not into L1D). The original
demand remains in the retry queue and is rescheduled when
an MSHR entry becomes available. Upon retry, the demand
misses in L1D but hits in L2, reducing its miss latency. If
the retry finds the MSHR full again, no additional prefetch
requests are issued to avoid duplicate traffic.

However, these techniques still maintain the conventional
assumption that prefetch misses in L1D require full L1D
MSHR support. As a result, on full MSHR occupation,
prefetch requests are demoted to fill L2 rather than L1D. In
addition, demand misses cannot reclaim L1D MSHR entries
occupied by prefetch requests. These two limitations motivate
Nomad, which re-examines the need for L1D MSHR support
for prefetch misses. This enables prefetching to L1D even
when the L1D MSHR is full and allows incoming demand
misses to reclaim L1D MSHR entries occupied by prefetch
requests.

V. NOMAD

Our key observation is that, unlike demand requests that
miss in cache, prefetch requests do not require precise tracking

of destination registers or cache line offsets. This distinction
opens the door to new opportunities based on the relaxation of
the conventional allocation rules in the L1D MSHR structure
imposed by prefetching. Our proposal, Nomad, enables more
flexible handling of prefetch requests by re-evaluating their
need for L1D MSHR resources (Section V-A). With Nomad,
prefetch requests can bypass L1D MSHR allocation when it is
full while still fetching the cache line into L1D (Section V-B).
In addition, a demand miss can reclaim an L1D MSHR
entry currently used by a prefetch without any impact on
the prefetched cache line (Section V-C). Finally, if all L1D
MSHRs are occupied by demand requests that miss in cache,
non-tracking prefetch requests for the same cache line can be
used instead, but allowing to fill the L1D with that cache line
(Section V-D).

A. Overcoming L1D MSHR functionality for prefetch requests
with Nomad.

This section elaborates on how prefetch requests that miss
in L1D can be handled without allocating L1D MSHR entries,
revisiting each of the functionalities described in Section II-B.
In this way, prefetch requests do not need to be tracked using
L1D MSHRs, which increases the potential of prefetching and
allows demand accesses to find more free MSHR entries. We
assume that with Nomad, a prefetch miss may or may not be
allocated in the L1D MSHR. We also assume that the large
L2 is inclusive with respect to the small L1D, as in recent
processors [46].

1) Resolving memory operations missing in cache. A
prefetch action ends when the requested line is allocated in
cache. Unlike demand requests that miss in cache, prefetch
misses do not need to be linked to memory operations in the
processor, thus not requiring keeping track of the information
necessary to correctly fill the corresponding register.

2) Coalescing. Coalescing cannot be performed for prefetch
requests that are not tracked by the MSHR. Hence, duplicate
requests (for the same cache line) can be generated. Apart
from extra bandwidth requirements, duplicate requests can be
an additional source of complexity for the already complex
coherence protocol. Our solution is not to allow duplicate
requests past the private L2, where the actual complexity of
the coherence protocol resides. As a consequence, Nomad is
enabled only at the L1D MSHRs, while the L2 MSHRs still
track prefetch requests, filtering duplicate coherence transac-
tions. We leave L2 MSHR optimizations for future work.

3) Address resolution using MSHR IDs. In conventional
designs, cache fills are matched to MSHR entries using the
MSHR ID carried by the response. In Nomad, some prefetch
requests may reach L2 without an L1D MSHR ID, either
because they bypassed the L1D MSHR or because their entry
was later reclaimed by a demand miss. Therefore, responses
from L2 to L1D to prefetch transactions must include the
cache line address. Upon a prefetch response, the MSHR is
associatively searched to identify a matching entry, if any.
Fortunately, with Nomad, a small MSHR can perform as well
as very large ones, making this search cheap and fast. Since



the L2 MSHR tracks all prefetch requests and an MSHR ID
can be used from that point on, no changes are needed beyond
the L2.

4) Coherence support. Acknowledgment counting is man-
aged by the L2 MSHR, and when all acknowledgments are
collected, the L2 informs the L1D about the permission
that has been obtained. Similarly, transient states are not
necessary for prefetch requests generated at the L1D, even
when prefetchers can request either read-only or read-write
permissions. Usually, cache coherence protocols convey in the
data message the permission for the provided cache line (e.g.,
via data or data_exclusive messages) [25].

5) Writeback buffer support. Cache evictions requiring
coherence actions always allocate an entry in the writeback
buffer so they do not allocate MSHR entries.

6) Selecting the destination way. Prefetches do not reserve
a destination way on a cache miss; the way is chosen when
the line returns. When a prefetch response reaches the L1D,
it checks for a pending demand miss to the same line in the
MSHR. If one exists, the response fills through the normal
demand path. Otherwise, it calls the replacement algorithm
to select a victim way, writes the victim back if it is dirty,
and allocates the line. If no way is available, or the writeback
cannot be performed, the returned line is discarded.

B. Bypassing the L1D MSHR while filling L1D

In the academic literature, when all L1D MSHR entries are
occupied, demand requests that miss in cache are scheduled for
retry, RFO requests are dropped, and the prefetch queue stalls,
dropping prefetch requests that are already in flight when
they miss in L1D (Section II-D). Alternatively, in industrial
solutions, the L1D MSHR allocation can be bypassed at the
cost of not fetching the cache line into L1D (in the best
scenario into L2), a suboptimal solution.

In contrast, with Nomad, prefetch requests that miss in L1D
do not allocate an MSHR entry when it is full, but after being
sent to L2, they return to L1D where they are inserted, thanks
to the different requirements of prefetch requests described in
the previous section. In this way, RFO requests can continue
fetching cache lines with read-write permission to L1D, allow-
ing an efficient cache write pipeline under TSO. Similarly, the
prefetch queue can continue issuing requests to L2 on cache
misses, bringing cache lines to L1D.

C. Prefetch allocation and eviction

Although Nomad does not require the allocation of L1D
MSHR entries for prefetch misses, doing so when MSHR
entries are available is beneficial. Allocating an entry allows
demand and prefetch requests to the same cache line to be
coalesced, which filters redundant requests to L2 and saves
traffic.

However, when a demand request is missing in the L1D
and finds the MSHR full but with some entries occupied by
prefetch requests, the demand request can immediately reclaim
a slot held by a prefetch. In such cases, the first MSHR entry
occupied by a prefetch request is chosen for eviction. From

TABLE I
L1D-L2 BUS WIDTH (IN BITS) FOR ARM CHI

Channel Direction Purpose Base Nomad

TXREQ L1D → interconnect Send requests 178 178
TXDAT L1D → interconnect Send data 374 374
TXRSP L1D → interconnect Send responses 77 77
RXDAT interconnect → L1D Receive data 374 438
RXRSP interconnect → L1D Receive responses 77 77
RXSNP interconnect → L1D Receive snoops 114 114

Total – – 1194 1258

this point on, the MSHR entry cannot be evicted, as it is
considered a demand entry. Reclaiming a slot only removes the
L1D MSHR tracking for the prefetch; the higher-level memory
request remains in progress, so the cache line will still be
stored in L1D when the miss is resolved. Recall that prefetch
responses always need to search the MSHR for a match, which
ensures that the demand entry is identified so it can resolve
the memory operation that generated the request. This prefetch
eviction policy ensures in-flight prefetches can still provide
benefit, even if their tracking is lost before completion.

D. Upgrading demand-to-prefetch

When a demand request needs an L1D MSHR entry and
all are occupied by other demand requests, meaning that no
prefetch entry can be reclaimed (Section V-C), the request is
rescheduled in the retry queue, where it waits until an entry
becomes available. An alternative, employed in industry [12],
[15], is to perform a demand-to-prefetch (D2P). Specifically, in
Homeless-D2P, the cache line is placed in L2, so the demand
must still wait for an MSHR entry and, upon retry, pay the
L2 access latency.

Under Nomad, the bypass mechanism described in Sec-
tion V-B enables D2P to fill L1D directly. The original demand
can then complete as a cache hit upon retry. As in Homeless-
D2P, demand retries never send additional prefetch requests.

E. Hardware implementation

Nomad is implemented with minimal hardware overhead,
relying on simple extensions and additional logic. Importantly,
Nomad does not require extra storage. The bypass MSHR
mechanism needs to widen the bus for the L2-to-L1D connec-
tion (used exclusively by prefetch requests) for the physical
address to be sent to L1D (e.g., 46 bits in Intel [47]). The
logic for associative searches in the MSHR on the arrival of a
prefetch request is borrowed from the coalescing mechanism.
Evicting MSHRs requires a priority encoder to select the first
entry occupied by a prefetch request. The demand-to-prefetch
mechanism simply leverages the previous schemes without
requiring further modifications.

Power and area overhead. We use ARM CHI [48] as an
example to estimate area. ARM CHI uses six channels between
the L1D and the L2, whose bit widths are calculated in Table I
using the OpenXiangShan CHI interface as reference [9].



Nomad widens only the L2-to-L1D data-response1 channel,
leaving the other channels unchanged. As shown in Table I,
this increases the local L1D interface width by only 64
bits, from 1194 to 1258 bits, corresponding to a 5.3% area
overhead. Note that Nomad requires the extra 64 bits only
for L2-to-L1D responses and not for the requests from L1D
to L2. On average across all workloads, the L1D miss rate
is 8.56% without prefetching. So, for these 8.56% of loads,
Nomad incurs an average power overhead of 0.45%. In the
presence of the Berti L1D prefetcher, the power overhead
becomes 0.94%. These overheads scale linearly, as the L2-
to-L1D response channel is private to each core because both
L1D and L2 are private caches.

F. Non-inclusive cache hierarchies

Nomad uses an inclusive L2 with respect to L1D, as in
most modern CPUs from AMD, Intel, and ARM [43], [46],
[49]. Since Nomad operates at the L1D MSHRs and the L2
handles all requests conventionally from that point onward,
the inclusivity policy between L2 and LLC does not affect
Nomad. If L1D and L2 are not inclusive, Nomad is not
affected, as the coherence directory remains inclusive even
in non-inclusive hierarchies [50] and all incoming coherence
messages go through the L2 before reaching L1D.

G. Nomad versus Homeless

Although Homeless (see Section IV) and Nomad target
the case where the L1D MSHR is full, they differ in three
important ways.

1) Handling of prefetches and RFOs. In Homeless, when a
hardware prefetch or an RFO cannot allocate an L1D MSHR
entry, the request is sent to L2 and the cache line is allocated
there, but not in L1D (Section IV-A1). A subsequent demand
access to that line therefore still misses in L1D and pays the
L2 access latency. This behavior is particularly undesirable for
RFOs under TSO consistency model [19], where timely L1D
write hits are important for pipelining stores efficiently [20]. In
contrast, Nomad allows prefetches and RFOs to bypass L1D
MSHR allocation while still filling L1D.

2) Reclaiming L1D MSHR entries. Homeless does not
reclaim MSHR entries occupied by prefetch requests by in-
coming demand misses. As a result, when the MSHR is full,
a demand miss must wait in the retry queue until an entry
is released. Nomad removes this restriction by allowing a
demand miss to reclaim an entry held by a prefetch request
without interrupting the request.

3) Demand-to-prefetch demotion. In the extended Homeless-
D2P model (Section IV-A2), a demand miss that arrives when
the L1D MSHR is full can be issued to L2 as a prefetch-style
request without allocating an L1D MSHR entry. However, the
line is placed in L2, not in L1D. The original demand must still
wait for an MSHR entry, retry, miss in L1D, and pay the L2
round-trip latency. Nomad’s D2P, described in Section V-D,

1For the data channels, a 64-byte cache line is transferred over two cycles,
corresponding to a 256-bit data path; the remaining bits correspond to protocol
metadata.

TABLE II
SIMULATION PARAMETERS OF THE BASELINE SYSTEM

Core

Front-end TAGE-SC-L branch predictor [51], 6-wide fetch and
decode, 144 decode queue, 205 issue queue

Back-end
ROB/LQ/SB sizes 512/192/114, 12 execution ports, 8
width commit, store prefetch on-commit [10]

Memory hierarchy

L1I 32 KB, 8-way, 4 hit cycles, 2 read ports, 16 MSHRs

L1D 48 KB, 12-way, 5 hit cycles, 3 read ports, 2 write ports,
32-entry retry queue, 16 MSHRs, 16-entry prefetch
queue, No-prefetch

L2 1.25 MB, 10-way, 15-cycle round-trip latency,
32 MSHRs, Pythia prefetcher

LLC 3 MB per core, 12-way, 60-cycle round-trip latency,
64 MSHRs

Memory Mess simulator, DDR4-2666, 21.33GB/s per channel
Coherence MESI directory-based protocol

TABLE III
CONFIGURATIONS OF EVALUATED PREFETCHERS

Prefetcher Level Parameters Size

IP-Stride L1D 1024 entries, degree three 9.4 KB

MLOP L1D 256-entry AMT, 500-update, 16-
degree 8.47 KB

Berti L1D 8-set 16-way History, 64-entry 16-
delta Delta, 70% MSHR Threshold 4.4 KB

Pythia L2 2 active features, 15 actions 25.5 KB

differs in that the prefetch-style request fills L1D directly.
When the demand retries, it can complete as an L1D hit rather
than paying an additional L2 access.

VI. METHODOLOGY

Our evaluation employs the following simulation infrastruc-
ture. Each benchmark is processed by a detailed in-house
cycle-level out-of-order core simulator using configuration
parameters similar to a Golden Cove processor [52], and
detailed in Table II. The processor models in detail the core
microarchitecture as well as the L1D and MSHR, and has
a prefetch on-commit mechanism for stores [31]. Memory
requests by the core are injected into an SLICC-modeled
memory hierarchy [53] that implements a directory-based
coherence protocol that sends coherence transactions through
the network modeled with GARNET [54] and connects to a
DRAM modeled with Mess [55]. The energy consumption of
caches and memory for reads and writes is obtained using
CACTI 6.5 [56] at a 22nm technology node, and the MICRON
DRAM Power Calculator [57]. The total energy consumption
is computed by accounting for the number of accesses to tags
and data across the whole memory hierarchy.

For our single-thread evaluation, we feed our simulator
with traces released in the 4th Data Prefetching Champi-
onship (DPC4) [58], [59] for SPEC CPU2017, GAP, Ligra,
GMS, Google, and AI/ML benchmarks. For each trace, we
warm up for 50M instructions and collect statistics for 200M
instructions. For SPEC, we calculate the statistics for each
application using their SimPoint [60] weights. For the other
suites, missing such weights, we assign equal weights for each
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Fig. 4. Performance sensitivity to L1D MSHR size without an L1D hardware
prefetcher normalized to a 16-entry Standard-MSHR and no L1D prefetcher

interval. For our multiprogrammed evaluation, we construct 50
random four-core mixes from the DPC4 single-thread traces.
For each mix, we report the normalized harmonic mean of
speedups.

For our multi-thread evaluation, we run all SPLASH-4
benchmarks [61] using simmedium inputs and 16 threads. The
simulator is fed with instructions provided by Sniper [62].
We collect statistics for the whole parallel region. For all
benchmark suites, we use the geometric mean to average the
speedups. Our study incorporates both memory-intensive and
non-memory-intensive workloads.

We compare Nomad against two different versions of the
Homeless prefetcher: the base Homeless configuration, where
L1D prefetch requests and processor RFO requests are de-
moted to fill L2 when the MSHR is full; and an optimized
Homeless-D2P configuration, where demand requests that
miss in cache may also be issued to L2 as prefetch requests.
Both versions are configured to achieve the best possible
performance for that technique. Our baseline is a Standard-
MSHR configuration where all L1D misses are stalled if there
is no space available in the MSHR.

We analyze Nomad using four L1D prefetching configura-
tions: NoPrefetch, IP-Stride, MLOP, and Berti. The prefetchers
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Fig. 5. Performance sensitivity to L1D MSHR size with Berti at L1D,
normalized to a 16-entry Standard-MSHR and no L1D prefetcher.

insert requests into the PQ, which drains when there are
L1D read ports not used by demand requests during the
current cycle. Table III details their configurations. Every
prefetcher is individually fine-tuned for optimal performance
using a baseline 16-entry L1D MSHR. Also, Berti needs to
be adjusted by training with zero latency for bypassed or
discarded prefetch requests, establishing a lower performance
bound, as it uses an extended MSHR to track prefetch latency.
Pythia is always used in our experiments as the L2 prefetcher,
and RFOs, described in Section II-C, remain enabled in all
configurations.

VII. EVALUATION

Our key evaluation results are summarized in Table IV.
Nomad outperforms the Standard-MSHR and Homeless on
all six benchmark suites without additional storage. Nomad
also outperforms Homeless-D2P, improving IPC by 14.4%
on AI/ML (vs. 9.4% for Homeless-D2P) and by 11.3% on
GAP (vs. 10.0%). On the remaining suites, Homeless-D2P
and Nomad provide similar performance. Homeless-D2P has
slightly higher speedup on SPEC CPU2017 and Ligra, while
Nomad has slightly higher speedup on GMS and Google. With
16 entries, Nomad recovers 74% of the 128-entry performance
ceiling on AI/ML and 94% on GAP.



TABLE IV
EVALUATION SUMMARY WITH BERTI AT L1D, 16 L1D MSHR ENTRIES. MSHR FULL IS THE FRACTION OF CYCLES WITH ALL 16 STANDARD-MSHR

ENTRIES OCCUPIED. SPEEDUP AND ENERGY ARE NORMALIZED TO A 16-ENTRY STANDARD-MSHR AND NO L1D PREFETCHER.

MSHR Speedup (%) Dynamic energy overhead in (%)

Suite Full (%) Standard Homeless Homeless-D2P Nomad 128-e MSHR Standard Homeless Homeless-D2P Nomad

AI/ML 50.3 2.7 5.4 9.4 14.4 19.4 1.0 1.6 3.9 3.4
GAP 26.5 0.0 0.3 10.0 11.3 12.0 7.1 9.2 9.5 9.3
Ligra 12.4 7.2 8.6 10.2 10.0 10.5 1.7 2.3 2.0 2.3
SPEC 4.6 5.0 5.4 5.6 5.5 5.9 5.8 6.2 6.4 7.1
GMS 0.8 −0.1 0.1 0.5 0.6 0.6 27.8 29.8 29.2 29.5
Google 4.5 1.1 1.5 2.2 2.6 2.6 3.5 3.9 2.8 1.8

The gains come from two complementary sources whose
relative weight varies with MSHR pressure and prefetch
coverage. On SPEC CPU2017 and Ligra, bypass and eviction
keep prefetch requests flowing into L1D even on a full
MSHR, recovering most of the performance lost due to MSHR
stalls. On GAP, where Berti’s L1D prefetch coverage on the
most MSHR-intensive workloads is low, D2P accounts for
nearly all of the improvement by converting blocked demands
into L1D-filling prefetch requests. AI/ML benefits from both
mechanisms, with bypass and eviction raising speedup from
2.7% to 5.8% and D2P raising it further to 14.4%.

Performance improvements come at a modest energy cost.
Nomad’s dynamic energy remains comparable to Homeless-
D2P across all suites, and slightly lower on AI/ML (3.4% vs.
3.9%) and GAP (9.3% vs. 9.5%). L1D-to-L2 traffic increases
as Nomad issues requests that the Standard-MSHR would have
stalled or dropped, but LLC-to-DRAM traffic remains similar
across all configurations (Section VII-H).

A. Performance vs. L1D MSHR Size

Figs. 4 and 5 show performance as the number of L1D
MSHR entries varies from 8 to 128, without L1D prefetching
(Fig. 4) and with Berti (Fig. 5). Results are normalized to a
16-entry Standard-MSHR without L1D prefetching. In both
settings, performance improves as the L1D MSHR budget
increases, and Nomad recovers a large fraction of that per-
formance with substantially fewer entries. Without an L1D
prefetcher, the largest gains appear on the suites with the
highest L1D MSHR pressure. At 16 entries, Nomad reaches
11.3% on AI/ML and 12.0% on GAP. With only 8 entries,
Nomad outperforms the 16-entry Standard-MSHR on all six
suites. These gains arise because, once the L1D MSHR is
full, the baseline cannot process new misses, whereas Nomad
allows blocked demand misses, as prefetch-style requests, and
RFOs, bypassing the L1D MSHR, to make forward progress.

With Berti at L1D, the same trend remains and pressure on
the L1D MSHR increases because demand misses and prefetch
requests compete for the same entries. Nomad allows the
prefetcher to continue issuing prefetch requests when MSHR
are full and the largest gains again appear on AI/ML and
GAP, where Nomad reaches 14.4% and 11.3%, respectively,
at 16 entries. Berti’s accuracy remains almost unaffected, with
a maximum drop from 86.2% to 84.7% in Google. Across all

suites, Nomad delivers accuracies in the range of 76.9% to
98.0%.

B. Per-Application Analysis

Fig. 6 breaks down the per-application speedup with Berti
and 16 L1D MSHR entries. The largest gains appear on
workloads that saturate the MSHR for a large fraction of
execution. On AI/ML, llama2-7b reaches 3.8% with the
Standard-MSHR, relative to the 16-entry Standard-MSHR
without an L1D prefetcher. Bypass allows 49 prefetch requests
per kilo-instructions (PKI) to be issued when the L1D MSHR
is full, raising performance to 6.7%. Eviction reclaims 2.9 L1D
MSHR entries PKI from prefetch-occupied slots, reaching
7.5%. D2P converts 128.5 demand misses PKI into prefetch-
style requests that fill L1D without MSHR allocation, reaching
16.8%. On GAP, the PageRank benchmarks show negligible
speedup with Standard-MSHR and Berti. Berti’s L1D cache
prefetch coverage on this workload is only 1.3%, so bypass
and eviction provide negligible improvement. D2P turns 180.9
PKI demand misses into L1D-filling prefetch-style requests,
reaching 43%.

The largest regression is 607.cactuBSSN (−5.2% with
Nomad vs. −0.1% with Standard-MSHR at 16 entries). This
benchmark exhibits interleaved access patterns whose reuse
distances exceed the cache residency time. Nomad gives the
prefetcher more room to issue requests, but those requests
arrive too early and are evicted before demand, turning the
additional prefetch traffic into cache pollution. This behav-
ior has been already reported previously [63], [64] and is
not specific to Nomad. For instance, with the Standard-
MSHR, performance degrades as entries increase (−0.1%
at 16, −3.8% at 24, −4.8% at 128). This trend is con-
sistent with Berti’s accuracy on the problematic simpoint
607.cactuBSSN_s-2421B, where accuracy drops from
0.48% at 16 entries to 0.14% at 24 and 0.12% at 128.

C. Effect of Prefetch Throttling

Berti selects the target cache level for each prefetch request
based on per-delta confidence, and includes an L1D MSHR-
occupancy-based throttling mechanism that redirects all L1D
prefetch requests to L2 when 70% of entries are occupied.
These mechanisms are similar to AMD’s patented prefetch
management strategy [11]. Our Standard-MSHR baseline in-
cludes this throttling mechanism. To isolate its contribution
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Fig. 6. Per-application speedup with Berti at L1D and a 16-entry L1D MSHR normalized to a 16-entry Standard-MSHR and no L1D prefetcher

as a throttle mechanism, we disable it and measure the
impact. At 16 L1D MSHR entries, disabling the throttling
mechanism slightly degrades performance on most suites. The
largest drops occur on AI/ML (from 2.7% to 1.8%) and Ligra
(from 7.2% to 6.2%), while SPEC CPU2017 changes only
marginally (from 5.0% to 4.8%), and Google, GAP and GMS
remain unchanged. This mechanism helps prevent prefetches
from occupying MSHR slots by limiting new prefetch allo-
cations as the MSHR approaches capacity. However, it can
only prevent new prefetch allocations. Entries already held by
prefetches remain occupied and cannot be reclaimed.

D. Comparison with Industry Techniques

Fig. 5 compares Nomad against our best-effort mod-
els of Homeless and Homeless-D2P. All three techniques
improve over the Standard-MSHR, particularly on suites
with high MSHR pressure. On AI/ML with 16 entries, the
Standard-MSHR achieves 2.7%, Homeless raises this to 5.4%,
Homeless-D2P to 9.4%, and Nomad to 14.4%.

The key distinction is where requests fill the cache hierarchy
once the L1D MSHR is full. In Homeless and Homeless-D2P,
requests that bypass L1D MSHR allocation are demoted to fill
L2 rather than L1D, whereas Nomad enables those requests
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Fig. 7. Ablation of Nomad components with Berti at L1D and 16 L1D MSHR
entries

to fill L1D without L1D MSHR allocation. This difference
is reflected in L1D demand MPKI and Nomad is the only
mechanism that reduces it. With Berti and 16 entries, Nomad
reduces L1D demand MPKI from 113.8 to 105.6 on AI/ML
(7.2%) and from 82.9 to 78.3 on GAP (5.5%) relative to the
Standard-MSHR, with per-workload reductions reaching 28%
on biogpt and 27% on rwkv. Homeless and Homeless-D2P
leave L1D demand MPKI within 1% of the Standard-MSHR
on these two workloads, as their fills are placed in L2. As
Nomad preserves L1D placement even when no MSHR entry
is available, it also tolerates smaller L1D MSHR budgets. With
eight entries and Berti, Nomad matches or comes close to the
performance of a 16-entry Homeless-D2P on SPEC CPU2017,
GAP, Google, GMS, and Ligra. AI/ML is the exception, where
the remaining pressure is high enough that eight entries still
leave substantial performance on the table.

E. Ablation study

Fig. 7 isolates the contribution of each Nomad component
by incrementally enabling bypass, eviction, and D2P on top
of the Standard-MSHR, using Berti with 16 entries.

Bypass allows prefetch requests to proceed without allocat-
ing an MSHR entry when the MSHR is full. On AI/ML and
Ligra, it bypasses, on average, 11.8 and 15.2 prefetch requests
per kilo-instructions (PKI), respectively, raising performance
from 2.7% to 5.7% and from 7.2% to 8.8%. Gains are smaller
on the remaining suites. In GAP, Berti’s L1D cache prefetch
coverage is low in workloads (e.g., PageRank) with the highest
MSHR pressure, while GMS, Google and SPEC CPU2017
exhibit lower overall MSHR contention (0.8%, 4.5% and 4.6%
of cycles with a full MSHR vs. 50.3% in AI/ML), limiting
bypass opportunities.

Eviction is built on top of bypass. When the MSHR is
full, a demand miss can reclaim a slot held by a prefetch
without interrupting the in-flight request. This complements
the Berti watermark strategy (Section VII-C), which prevents
new prefetch allocations beyond 70.0% occupancy but cannot
free entries already held. Because the watermark already
constrains how many entries prefetches occupy, eviction rates
remain moderate, reaching 2.7 PKI on Ligra, 1.3 on GAP, and
0.4 on AI/ML. Eviction adds up to 0.2 over bypass alone on
GAP and 0.1 on Ligra and AI/ML.

D2P issues the demand to L2 as a prefetch-style request
that fills L1D directly when all MSHR entries are held by
demand requests and no prefetch entry can be reclaimed. D2P
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Fig. 8. Performance under limited DRAM bandwidth with 16 L1D MSHR
entries

to L1D is the largest contributor to Nomad’s performance,
issuing 36.4 PKI on AI/ML and 12.5 on GAP. On AI/ML, it
raises performance from 5.8% with bypass and eviction alone
to 14.4%. On GAP, where Berti’s prefetch coverage limits
bypass and eviction gains, D2P lifts performance from 0.5%
to 11.3%.

F. Limited DRAM bandwidth

Fig. 8a and Fig. 8b show the speedup under limited DRAM
bandwidth (1/8 of the baseline) without L1D prefetching and
with Berti, respectively. All results are relative speedup over
the Standard-MSHR baseline at the same bandwidth level.

The relative advantage of Nomad and Homeless-D2P
is preserved under limited bandwidth. On AI/ML without
L1D prefetching, Nomad reaches 8.2% while Homeless-D2P
achieves 6.6%, compared to 11.3% and 8.3% under full
bandwidth, respectively. With Berti, Nomad reaches 11.3%
and Homeless-D2P 7.5%, compared to 14.4% and 9.4% under
full bandwidth.

G. Evaluation with Additional L1D Prefetchers

To assess whether Nomad generalizes beyond Berti, we
also evaluate it with MLOP, a non-IP-based prefetcher, and
IP-Stride, a simple prefetcher representative of commercial
designs used by both AMD and Intel [31], [46]. Fig. 9
shows that the same trend holds across both prefetchers. On
AI/ML, Nomad reaches 11.4% with MLOP, compared to 8.6%
with Homeless-D2P and 0.6% with the Standard-MSHR. With
IP-Stride, Nomad reaches 12.5%, compared to 8.4% with
Homeless-D2P and -1.0% with the Standard-MSHR. These
results show that the gains are not specific to Berti and
generalize across other L1D prefetchers.

H. Traffic and Energy

Fig. 10 shows traffic per kilo-instructions at three levels
of the memory hierarchy with Berti at L1D and 16-entry
L1D MSHRs. Traffic from L1D to L2 increases over the
Standard-MSHR baseline for all mechanisms (Fig. 10a). The
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Fig. 9. Performance comparison with MLOP and IP-Stride and 16 L1D
MSHR entries
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Fig. 10. Traffic per kilo-instructions across the memory hierarchy with Berti
and 16-entry L1D MSHRs

largest increases appear on AI/ML from 80.2 to 174.9 Ac-
cesses per kilo-instructions (APKI) and GAP from 114.2 to
184.6 APKI, which are also the suites where Nomad provides
the largest performance gains. This increase is expected and
has two sources. First, bypass issues prefetch requests that
the Standard-MSHR baseline would have dropped or stalled.
Second, because bypassed and D2P requests are not tracked by
the L1D MSHR, they cannot be coalesced at L1D, producing
duplicate requests for cache lines that may already be in
flight. This increase in traffic is largely absorbed by the L2
cache. L2-to-LLC traffic (Fig. 10b) increases modestly, and
LLC-to-DRAM traffic (Fig. 10c) remains similar across all
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Fig. 11. Dynamic energy in the memory hierarchy normalized to a 16-entry
Standard-MSHR and no L1D prefetcher
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Fig. 12. L2 MSHR-full cycles per kilo-instructions

configurations and suites. This attenuation occurs because the
L2 MSHR tracks all requests from L1D, including those
issued without an L1D MSHR ID, and coalesces duplicate
transactions before they propagate to the LLC.

The dynamic energy consumption in the memory hierar-
chy, normalized to the Standard-MSHR baseline is shown in
Fig. 11. Across all suites, Nomad’s dynamic energy remains
comparable to Homeless-D2P. The largest difference over
the Standard-MSHR appears on AI/ML (3.4% for Nomad,
1.0% for Standard-MSHR). For Google, Homeless-D2P and
Nomad reduce dynamic energy because fewer L2-Pythia re-
quests reach DRAM, lowering LLC-to-DRAM traffic from
8.9 APKI to 8.7 and 8.6 APKI. Our energy model accounts
for the cost of the associative MSHR lookup required when a
prefetch response arrives without an MSHR ID, i.e., bypassed
and evicted prefetch requests (Section V-A). Importantly, this
overhead is only incurred when bypass or D2P is active due
to L1D MSHRs being full. In contrast, scaling the MSHR to
a larger size increases the CAM area and per-access power on
every cache miss. Note that workloads where Nomad reduces
execution time, it also lowers static (leakage) energy.

I. L2 MSHR Pressure

Fig. 12 reports L2 MSHR-full cycles per kilo-instructions.
The 32 L2 MSHR entries are shared by requests arriving from
L1D and by requests generated by the L2 Pythia prefetcher.
For SPEC CPU2017, GMS, Google, and Ligra, Nomad affects
this metric only modestly. AI/ML shows a larger increase. In
this suite, the Standard-MSHR keeps the L1D MSHR full for
50.3% of cycles (Fig. 2), serializing many misses before they
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Fig. 14. Sensitivity studies for Splash-4x workloads

reach L2. Nomad removes this L1D-side throttle, allowing
more misses to reach L2 concurrently and increasing L2
MSHR pressure. GAP shows a different trend because the
baseline is already under high pressure at L2. With Berti,
Nomad exposes more L1D-side requests; the private L2 re-
solves many, and L1D-originated traffic, including demand-to-
prefetch requests, is prioritized over L2-generated prefetches.
Together, these effects allow Nomad to improve performance
without increasing L2 MSHR pressure.

J. Multiprogrammed Multicore Workloads

Fig. 13 reports harmonic mean of speedups for 50 four-
core mixes with Berti at L1D, normalized to a 16-entry
Standard-MSHR without an L1D prefetcher. Nomad provides
9.2% speedup, compared with 7.9% for Homeless-D2P, 5.6%
for Homeless, and 3.7% for the Standard-MSHR. Nomad is
the highest-performing policy in 44 of the 50 mixes. In the
remaining mixes, Homeless-D2P is higher. The only clear
exception is a mix that includes 607.cactuBSSN, matching
the harmful-prefetch behavior discussed in Section VII-B.

Traffic follows the same trend as in the single-core evalua-
tion. Nomad increases private L1D-to-L2 traffic from 59.3 to
108.8 requests per kilo-instructions, but this increase is largely
contained by the private L2. L2-to-LLC traffic rises from 15.7
to 18.4 requests per kilo-instructions, while LLC-to-DRAM
traffic remains nearly unchanged, from 20.1 to 20.7 requests
per kilo-instructions.

K. Multi-threaded applications

Fig. 14 reports performance on SPLASH-4x [61] with
16 threads. SPLASH-4x has lower L1D MSHR pressure,
so the differences between MSHR management policies are
small. Without an L1D prefetcher, an 8-entry Standard-MSHR
degrades performance by 2.1% relative to 16 entries. Nomad

with only 8 entries provides a speedup of 0.9% over the 16-
entry Standard-MSHR, while Homeless and Homeless-D2P
reach only 0.2% and 0.6%, respectively. With Berti at 16
entries, lu_ncb and ocean_ncp cause all configurations
to regress; Homeless-D2P reduces the loss from −2.1% to
−1.3%, while Homeless and Nomad reach −1.5%. Absolute
gains are smaller than on AI/ML or GAP, consistent with the
lower MSHR pressure of SPLASH-4x, but the same trends
hold.

VIII. RELATED WORK

Parallel cache searches. Existing proposals have shown
the benefits of speculatively issuing parallel memory requests
across multiple cache levels when there is high confidence of
a miss [14], [65]. This is particularly attractive for prefetching,
where the goal is to bring in data that is not already present
in the cache. While prior work has demonstrated the value
of speculatively issuing simultaneous requests across multiple
cache levels, our approach is both orthogonal and highly
complementary. By relaxing the traditional requirement that
every miss must immediately allocate a full MSHR in the
upper-level cache, we enlarge the design space. For example,
a prefetch may be issued directly to the L2 cache with the
intent to fill L1.

Software prefetching. In software prefetching the program-
mer or compiler provides hints to the hardware to bring data
into the cache before it is accessed. However, the effective-
ness of this technique is often fundamentally limited by the
underlying hardware resources, most notably the number of
available L1D MSHRs, which can limit the achievable gains
from prefetching [41], [66].

Scalable MSHR architectures. Asiatici et al. [7] presented
FPGA-optimized MSHRs employing cuckoo hash tables in
block RAM instead of associative memory. Gu and Chen [4]
identify that conventional MSHRs in GPU caches typically
allocate a fixed number of entries and slots per entry, caus-
ing inefficient utilization. They propose Dynamically Linked
MSHRs (DL-MSHR), which dynamically allocate MSHR en-
tries from a shared pool of slots.

IX. CONCLUSION

We presented Nomad, a new L1D MSHR design that
ensures high-performance MSHR management for demand
and prefetch requests. Nomad is based on three key decisions
to take when the L1D MSHR is full: (i) bypassing the MSHR
for prefetch requests, (ii) evicting MSHR entries occupied
by prefetched requests to accommodate demand requests, and
(iii) issuing demand requests as prefetch requests able to fill
L1D. For AI/ML workloads and with an L1D Berti prefetcher,
Nomad reaches 14.4% speedup compared to the 9.4% achieved
by industry solutions without incurring storage cost.
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