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Abstract—Atomic Memory Operations (AMOs) constitute a
key mechanism for supporting synchronization in many-core
architectures. These operations can be executed near the core
(i.e., when the data is at first-level private cache) or far (i.e.,
at the shared cache). While far AMOs can mitigate coherence
bottlenecks under high contention, they are suboptimal in scenar-
ios of low contention and substantial data reuse. Consequently,
achieving near-optimal performance requires a prediction-based
dynamic adaptation of the execution location of the AMO.
Current approaches to dynamic AMO execution address this
challenge partially, since they fail to robustly track and respond
to changing execution conditions.

This work makes two primary observations to improve the
near-far execution decision for AMOs. First, the behavior of
AMOs can be more consistently determined by using their
Program Counter (PC) rather than their target memory address,
as currently done in the state of the art. Second, a global, system-
level perspective is necessary to effectively determine where
to execute each AMO. Building on these insights, we propose
Versatile Atomic Memory Operations (VAMOs), a novel dynamic
AMO execution approach that (i) employs a per-core, compact,
PC-indexed predictor to infer the best location to execute each
AMO, (ii) uses both local and global information to update the
local predictors, and (iii) bypasses the private cache levels entirely
for those AMOs predicted as far. This unique combination
enables efficient execution of AMOs and the ability to react
rapidly to changes in the sharing patterns.

Across diverse benchmarks and applications with varied AMO
access and contention patterns, our simulation-based evaluation
shows that VAMOs improves average performance by 21.82%
and reduces storage requirements by 88.96% over the state-of-
the-art DynAMO design.

Index Terms—atomic memory operations, microarchitecture,
memory subsystem, parallel architectures

I. INTRODUCTION

The continuous evolution towards large-scale many-core
architectures and intricate parallel workloads has elevated
synchronization primitives to a key determinant of system
performance. Within this synchronization landscape, Atomic
Memory Operations (AMOs) play a key role. AMOs are hard-
ware instructions that perform a read-modify-write sequence
as a single, indivisible unit to prevent data races. They are
fundamental components of virtually all modern Instruction
Set Architectures (ISAs), including x86 [1], Arm [2], and
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RISC-V [3], and constitute the core building blocks for
mutexes, barriers, and lock-free data structures. These atomic
instructions are available to programmers through compiler
built-in macros [4] or specific libraries [5].

Historically, AMOs have been executed near the processing
core, typically within the first-level data cache (L1D). In such
a near AMO execution model, the cache coherence protocol
ensures that the core obtains exclusive ownership of the corre-
sponding cacheline prior to performing the modification. Al-
though this approach is highly efficient for data that experience
little or no contention, it becomes a significant performance
hurdle when multiple cores repeatedly access and update the
same synchronization variable (i.e., under high contention) [6].
In these cases, the associated cacheline is continuously mi-
grated, or “ping-ponged”, across the participating cores. This
behavior induces substantial coherence activity, which results
in significant latency overhead in obtaining the cacheline.

To address this limitation, far AMOs emerged as a clever
alternative for these scenarios. Rather than migrating data
to the requesting core, a far AMO transfers the operation
itself to dedicated modules [7]–[13], or, more commonly,
to the first shared level of the memory hierarchy (e.g., the
Last-Level Cache or LLC), where the target data reside.1

This design is conceptually simple yet highly effective: by
executing atomic operations at a fixed location in the memory
hierarchy, the performance overhead associated with repeated
cacheline migrations is mitigated.

The practical relevance of this approach is evidenced by
its adoption in commercial architectures. Armv8.1+ systems
implement atomic instructions via the Large System Exten-
sions (LSE), while the AMBA 5 CHI (Coherent Hub Interface)
protocol [14] supports both near and far AMOs. More recent
Arm’s Neoverse CPUs [15], [16] support near and far AMOs,
based on a pre-configured machine register [17]. However,
Arm recommends a near AMO configuration due to different
pitfalls [18]. ARM Cortex-A77 also implements far atomic
operations to enhance scalability [19].

The RISC-V ISA provides native support for atomics
through the ‘A’ Standard Extension, which defines AMOs
such as amoadd.w or amoxor.d. While the ISA defines

1The request message includes the operand, operation, and offset within the
cacheline, and an acknowledgment to the requesting core is returned once the
operation has been completed. Coherence actions may be required to ensure
exclusive access to the cacheline at the LLC. Simple arithmetic logic is also
added to each LLC bank.



the semantic behavior, the microarchitecture determines where
to execute. High-performance RISC-V implementations (e.g.,
CVA6 [20] or BOOM [21]) are designed to support a near
execution model. In a standard RISC-V TileLink [22] or ACE-
based [23] system, AMOs can be intercepted by the L1D
controller for near execution or encapsulated into a message
and sent to the LLC for far execution.

Likewise, contemporary Graphics Processing Units (GPUs)
make extensive use of far atomics at the shared second-level
cache (L2) to sustain extremely high throughput demands
imposed by thousands of concurrent threads [24]–[30].

Despite their potential, far atomics are not always the best
solution. Under conditions of low data contention and high
reuse of cachelines it is preferable to perform the AMOs
locally. By doing so, the slow traversal to the LLC is replaced
by fast L1D hits.

Recent prior work has sought to dynamically determine
the best way to execute a specific AMO (near vs. far)
through hardware-based prediction mechanisms. DynAMO [6]
represents the current state-of-the-art (Sec. II-A). Located at
the L1D, it dynamically selects where to execute AMOs
based on the observed behavior of previously accessed data.
Subsequently, Delegato [31] extended this idea to a multi-
chiplet scenario, specifically targeting the reduction of cross-
chiplet coherence activity by delegating atomic ownership to
designated coherence controllers.

Although DynAMO highlights the benefits of enabling such
dynamic AMO execution, we have identified four drawbacks
that still need to be addressed to make this kind of predic-
tion even more appealing (Sec. II-B). First, predictions in
DynAMO rely on thresholds whose optimal values depend
on each application. Second, DynAMO only uses local infor-
mation, disregarding valuable global information available at
the LLC. Third, it is overly conservative and biased towards
near AMOs in order to avoid the forever far phenomenon, in
which once an AMO is performed far, it cannot be returned
back to near. Fourth, achieving the full benefits of far atomics
is hindered by futile traversals of the private cache levels.

This work proposes Versatile Atomic Memory Operations
(VAMOs), a new approach to dynamic AMO execution that
overcomes the aforementioned limitations. VAMOs employs a
per-core, compact predictor indexed by the Program Counter
(PC) to anticipate the best way to execute each AMO. The
predictor is updated not only with local information, but also
with global information to precisely detect contended cache-
lines. Furthermore, AMOs that are executed far can bypass the
private cache levels entirely, thus alleviating L1D pressure and
substantially reducing their latency, which lies in the critical
path of highly contended synchronization operations.

Our approach is motivated by two key observations. First,
the behavior of AMOs exhibits a strong correlation with their
associated PC. Thus, using the PC to index the predictor
enables accurate behavioral prediction even for previously
unseen memory addresses, and substantially reduces the re-
quired metadata footprint, since the number of distinct atomic
instructions is typically much smaller than the number of

unique atomic memory addresses they access. In addition,
it allows AMOs prediction to be performed earlier in the
pipeline, fully bypassing the private cache levels for far AMOs
on their way to the LLC for processing.

Second, we observe that the coherence directory is aware
of the sharing patterns of all cachelines, so this global in-
formation can be leveraged to assist each core’s predictor in
deciding whether it is better to execute the AMO near or far.
Specifically, cores become effectively blind to sharing patterns
for AMOs executed far, so it is essential to rely on global
information to ensure that AMOs can be reclassified as near
when their access pattern changes.

Our evaluation, conducted using a comprehensive set of
benchmarks with varying AMO activity and behaviors, exe-
cuted on a cycle-level simulator, provides empirical evidence
for the superiority of VAMOs over the best implementation of
DynAMO. Specifically, we find that VAMOs attains average
performance improvements of 21.82% over DynAMO, which
comes from more accurate AMO predictions and reduced
latency for far AMOs. All of the above comes with a reduction
of 88.96% in storage requirements, mainly due to the more
compact PC-based prediction structures.

In summary, this work makes the following contributions:

• We identify the shifting threshold values and forever far
issues as fundamental limitations of contemporary state-
of-the-art dynamic AMO schemes.

• We introduce a PC-based prediction mechanism that im-
proves accuracy, reduces storage requirements, and—by
not using the L1D cache state information for prediction—
enables early bypass of private cache levels.

• We propose a directory-assisted feedback loop that detects
far AMOs quickly and effectively allows cores to dynam-
ically recover from far-executing states.

II. BACKGROUND AND MOTIVATION

An effective prediction of near-far AMO execution must
generalize the behavior of atomic instructions with maximum
accuracy while simultaneously minimizing storage require-
ments. This section analyzes the limitations of state-of-the-art
proposals and discusses design alternatives for the predictor.

A. State-of-the-art near-far AMO prediction

DynAMO [6] constitutes the state-of-the-art approach to
dynamic near-far AMO prediction. Specifically, Soria et al.
identify two possible predictor implementations:

DynAMO-Metric compares the number of times each cache-
line has been used to complete a near AMO and the number
of times the coherence directory has invalidated it. If the result
of dividing both values goes over a predefined threshold, the
AMO accessing that cacheline is executed near; otherwise,
far. This mechanism is only used when the cacheline is not in
exclusive state in the L1D. In case of being in exclusive state,
the AMO is always executed near.



DynAMO-Reuse predicts as near those AMOs for cachelines
that are frequently reused in the L1D, whilst those that act on
cachelines with low reuse are predicted as far. To measure
the frequency of reuse, the predictor, indexed by cacheline
address, includes a reuse bit that indicates whether the cache-
line has been reused since it was fetched. In addition, it also
includes a set of 5-bit reuse counters, which are initialized
to their maximum value (31) for newly allocated cachelines.
These counters are updated whenever a cacheline is invalidated
or evicted from the L1D depending on the value of the reuse
bit (increased if 1, decreased if 0). AMOs for cachelines
obtaining a reuse counter greater than 0 are executed near.
Otherwise, when the counter reaches 0, its minimum value,
they execute far. When no reuse counter is found (predictor
miss), the prediction falls back to a DynAMO-Metric-like
policy. It accounts for the total number of cachelines brought
into the L1D by near AMOs, and the total number of these
cachelines that have been reused, and calculates a ratio. If this
ratio exceeds a threshold, a near AMO is issued, and a far
AMO is executed otherwise.

Additionally, DynAMO-Reuse can employ the state of the
cacheline in the L1D to refine its prediction. Specifically,
DynAMO-Reuse-PN (Present Near) is conservative and keeps
AMOs near whenever the cacheline is already found in the
L1D. DynAMO-Reuse-UN (Unique Near) does it only if the
cacheline is found in an exclusive state, therefore being more
aggressive than DynAMO-Reuse-PN in sending AMOs far.

B. Limitations of near-far AMO prediction

DynAMO is a pioneer in demonstrating that dynamic AMO
execution can be valuable in general, yet we have identified
four drawbacks in its approach. By addressing them, this work
shows that the benefits of dynamic AMO execution can be
even larger.

1) Reliance on predefined threshold values: We observe
that the optimal threshold value used in DynAMO to decide
between far or near depends on the workload under execution.
Selecting an optimal threshold for a wide set of applications
becomes a complex (if not impossible) task. This is illustrated
for a subset of four applications with different AMO behav-
iors (for details on experimental setup and applications, see
Sec. IV) in Fig. 1. The figure plots execution times, normalized
to an all-near baseline, for DynAMO-Metric and DynAMO-
Reuse-PN (DynAMO-Reuse-UN behaves identically in these
cases) over a range of threshold values. As we can see, it
is virtually impossible to find a good threshold value for all
cases in DynaAMO-Metric. Larger threshold values tend to
favor far-friendly workloads (hist-3d and rsor) but have an
adverse effect on near-friendly workloads (lir fs and spmv).
DynAMO-Reuse-PN is less sensitive to the threshold value,
although its performance still depends on it. Small threshold
values preserve performance in near-friendly workloads, but
only capture part of the performance benefits of far AMOs in
far-friendly workloads.
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Fig. 1. Performance of DynAMO with different thresholds

2) Lack of system-wide perspective: DynAMO updates its
predictor using invalidation requests as the only external event,
so it indirectly infers contention on cachelines from them.
However, invalidations are delayed local observations rather
than direct measures of system-wide contention. More specif-
ically, by the time an invalidation is processed by the L1D, the
cacheline may already have been reused, and the feedback it
provides may, therefore, be stale. For example, in DynAMO-
Reuse, the increment or decrement of the reuse counter de-
pends on a local condition (reuse bit) that may hide contention.
Essentially, reuse counters are updated only when invalidating
or evicting cachelines, regardless of whether the cacheline
is highly contended or not. In this way, DynAMO-Reuse
becomes sensitive to reuse distance: short local reuse distances
mask contention, whereas long reuse distances expose it.

As a consequence, DynAMO is not able to precisely deter-
mine the global view of the actual contention of a cacheline,
but only its local reuse. In this way, DynAMO misses some far-
friendly behaviors that arise from global contention patterns
and that are only observable by the coherence directory.

3) Lack of far-to-near recovery: DynAMO can remain
in a suboptimal far prediction state after AMO transitions
from a far to a near-friendly phase. For example, DynAMO-
Metric uses the ratio of completed near AMOs over invalida-
tion/eviction events to decide between near and far. However,
once a cacheline is classified and executed as far, no new
near AMOs are completed on it. The ratio therefore remains
unchanged, and the predictor cannot transition back to the near
state (the forever far phenomenon).

Similarly, DynAMO-Reuse predicts AMOs as far when the
reuse counter reaches zero, and as near otherwise. Recover-
ing from a far prediction state requires increasing the reuse
counter, which only occurs when the corresponding cacheline
is invalidated or evicted after having been reused. However,
once a cacheline is predicted as far, it cannot be locally
reused, no invalidation-driven update is generated, and the
reuse counter never increases. Hence, the AMO remains in
the far state until its corresponding entry is evicted.

More generally, both designs lack an effective mechanism to
recover from far-state misclassifications. We believe that this
is the reason why DynAMO-Reuse is strongly biased towards
the near state at allocation time (i.e., setting the reuse counter
to 31), requiring 31 decrement events before the associated
cacheline can transition to far.

4) Far AMO latency is unnecessarily high: Since the most
advanced DynAMO variants use the state of the cacheline at
L1D to determine the prediction, AMOs to be executed far are
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Fig. 2. Percentage of near- and far-friendly accesses for different AMOs

detected after the L1D access. Hence, they opt for traversing
the private cache levels for both predicted near and far AMOs.
This is problematic for the latter, as far AMOs do not need
to perform any bookkeeping at the private cache levels and,
thus, experience this extra latency uselessly (contrary to what
happens with AMOs predicted as near). Obviously, removing
this extra latency accelerates far AMOs.

C. PC- vs. target address-based prediction

Prediction mechanisms for memory operations can use
the target memory address, the PC, or both to infer the
behavior of the operation. As discussed, DynAMO employs
the target memory address and the coherence state of the
cacheline at L1D to perform the prediction. In this section,
we advocate for performing the prediction using only the PC
of atomic instructions.

Our decision is driven by the intuition that different cache-
lines accessed by the same atomic instruction within the same
program region are likely to exhibit the same access pattern.
To back up this intuition, we performed the study depicted in
Fig. 2, in which we ran all our benchmarks and full applica-
tions with all AMOs issued as far to characterize each access
as either near or far friendly. Upon receiving the request at
the LLC, we classify it as far-friendly if the current accessing
core is different from the previous, otherwise as near-friendly.
Each bar represents the PC of a different AMO instruction in
the evaluated applications, and reports the percentage of near-
friendly and far-friendly accesses, demonstrating that most
PCs are either fully near-friendly or fully far-friendly. Inside
each bar, the number of different cachelines that each PC
accesses is shown, to demonstrate that a single PC can capture
the behavior of several cachelines.

Using the PC instead of the target address to drive the
predictor has three important consequences. First, since the
number of atomic instructions is typically much lower than the
number of distinct cachelines accessed (see Fig. 2), the storage
requirements of the predictor are smaller. Second, the predictor
has a shorter learning period and is also able to anticipate
the behavior of unseen cachelines. Third, predictions can be
generated before the target address has been calculated at an
earlier stage in the instruction pipeline, e.g., immediately after
the completion of the decode stage. This opens up another
important opportunity, not exploited before to the best of our
knowledge: the private cache levels can be bypassed, and the
AMO can be sent directly to the LLC for execution. As noted
before, traversing the private cache levels for an AMO success-
fully predicted as far is futile and detrimental to performance.

III. VAMOS: VERSATILE ATOMIC MEMORY OPERATIONS

VAMOs improves upon the state of the art in AMO pre-
diction in three different ways. First, the prediction accuracy
is increased by using PC-based prediction (instead of using
the target address) and, importantly, refining the prediction
mechanism with global information gathered at the LLC about
contention. Second, the latency of far AMOs is reduced by
circumventing the private cache levels and proceeding straight
to the LLC, thanks to an early prediction requiring only the PC.
Third, the extra storage required to keep the prediction meta-
data is reduced, as PC-based indexing requires fewer entries
to capture the necessary prediction information. Importantly,
VAMOs does not entail any modification to the coherence
protocol or existing memory structures (e.g. the L1D).

A. VAMOs overview

The near-far prediction in VAMOs is essentially performed
by a PC-indexed table of saturating counters: the Predict Far-
Near Table or PFNT (see Sec. III-C1 for organization details).
AMOs predicted as far effectively bypass the private cache
levels and are dispatched directly to the LLC. In contrast, near
AMOs follow their course through the L1D. When a near
AMO hits in any of the private cache levels (L1D or L2 in
our configuration), VAMOs considers the prediction correct
and updates the PFNT counter accordingly, consolidating the
near prediction for the AMO. In case of a L2 miss, the request
is forwarded to the LLC but the PFNT is not yet updated.

Both near AMOs missing in the private cache hierarchy
and far AMOs bypassing the private cache hierarchy reach the
LLC. There, the necessary coherence actions (e.g., invalidating
remote copies, if any, including any copy that may be present
at the requester’s private cache) are carried out, ensuring that
the copy in the inclusive LLC is the only valid copy. In the case
of a near AMO an exclusive copy of the requested cacheline
is returned to the L1D. For a far AMO, the operation is
performed directly at an exclusive copy of the cacheline held
in the LLC and an acknowledgment (Ack) message signaling
the completion of the operation is sent to the requesting core,
including the operation result. Note that the LLC does not
change the decision indicated by the predictor on how to
execute the current AMO.

Reuse of cachelines can be simply detected on L1D hits
by near AMOs. However, detecting no reuse would require
adding a reuse bit per L1D entry. As an alternative, we opt
for complementing the PFNT with a Reuse Tracking Table
or RTT (see details in Sec. III-C2). The RTT is indexed by
cacheline addresses and tracks both the PC of the last AMO
and if there is local reuse. Accesses to the RTT are not part
of the critical path for either atomic or non-atomic memory
accesses, since this table is only used to update the PFNT
counter and it is not accessed at prediction time. Importantly,
the PC field in the RTT is used to update the PFNT for any
event in which only the cacheline, but not the PC, is known
(e.g., on cache evictions/invalidations).

A key contribution of VAMOs is that it uses global infor-
mation available at the LLC to provide valuable information
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Fig. 3. Overview of VAMOs

to update the PFNT via hints transmitted along the response
messages. Specifically, the LLC informs the local core about
possible contention on the cacheline by examining the incom-
ing request queue on the home node (details are provided in
Sec. III-C3). These hints serve to update the PFNT counter
for the AMO towards far.

Additionally, the LLC also checks for repeated far AMOs
on the same cacheline generated by the same core. This allows
the PFNT to update the counter towards near for AMOs that
have been wrongly predicted as far. To detect these cases,
VAMOs adds a small physical address-indexed table, the Far-
to-Near Detection Table (FNDT), to each of the LLC banks.
This table tracks the requesters of the cachelines most recently
accessed via far AMOs (see Sec. III-C3 for more details).

B. Operation examples

To illustrate the interplay between the different tables em-
ployed in VAMOs, Fig. 3 shows four different AMO scenarios:
two predicted as near and two as far, which we elaborate next.

Fig. 3.a illustrates a case of a correctly predicted near AMO
that hits in the private cache levels. In this case, the PFNT
counter is updated to reinforce this correct near prediction
by using the PC kept in the RTT for the cacheline address.

Fig. 4. Core extensions introduced by VAMOs

Additionally, the cacheline, if present in the RTT, is updated
to indicate reuse.

Fig. 3.b shows a case of an AMO correctly predicted as
far. In this case, the request is not forwarded to the private
cache levels. Instead, the core inserts the request directly
into the interconnection network and it is directly routed to
the LLC. During the far AMO processing at the LLC, the
incoming request queue is searched, revealing contention for
that cacheline. The Ack message in response to the far AMO
request includes now a hint informing about the contention
observed at the LLC. This information serves the local core
to confirm that the prediction was correct and the far prediction
for the PC is reinforced in the PFNT.

Fig. 3.c presents a case of an AMO wrongly predicted
as near. The AMO misses in the private cache levels and
is forwarded to the LLC. Upon processing at the LLC, the
incoming request queue is again searched, revealing contention
for that cacheline. Since the AMO was originally predicted
as near, the cacheline is forwarded to the requester’s private
caches, including the contention hint for the PFNT to update
the counter towards far.

Finally, Fig. 3.d illustrates a far misprediction. As before,
the incoming request queue at the LLC is checked when
processing the far AMO request. This time no contention is
found. Moreover, on accessing the FNDT, the LLC detects
potential data reuse for that node. Hence, the LLC informs
the requesting node of this situation by including this hint in
the Ack message. The hint is subsequently used to update the
PFNT counter towards near.

C. Implementation details

1) Predicting AMOs: the Predict Far-Near Table (PFNT):
The PFNT (depicted in Fig. 4 in green) is a set-associative
cache, indexed with the PC, that stores a saturated n-bit
Nearness Counter (NC) per entry. It also includes a per-entry
valid bit (V). To add context to the predictor, the PFNT is
not indexed directly with the PC of the AMO, but with a
XOR of the PC and the Return Address Stack (RAS) entries.
This context is needed for AMOs used in synchronization
libraries, where the same instruction can be called from



different program sites having different contention and locality
properties. Including information from the RAS in the PFNT
index differentiates these scenarios for the same AMO.

The PFNT is accessed prior to the initiation of the cache
access. In this way, its access latency can be completely hidden
and does not penalize AMO instructions with a private cache
access to perform the prediction.

The NC values are updated under several conditions, as
will be detailed in Sec. III-C4, to increase or decrease the
confidence of the AMO associated with that PC to be executed
near or far. The upper half of the counter range encodes a near
AMO prediction (values from 2n−1 to 2n − 1), whereas the
lower half encodes a far AMO prediction (values from 0 to
2n−1 − 1). When a new entry is allocated in the PFNT, its
NC is initialized to the weakest near value (2n−1) for a fast
transition to far.

2) Updating the PFNT: The Reuse Tracking Table (RTT):
The RTT (illustrated in Fig. 4 in yellow) is a set-associative
cache indexed with cacheline addresses. Entries are only
allocated by AMO instructions. Each entry, apart from the
valid bit (V) and Tag, records the PC of the most recent AMO
that accessed it, as well as two bits that track its reuse behavior.
Specifically, the Atomic Insert (AI) bit is set whenever a (near)
AMO inserts the corresponding cacheline in L1D, regardless
of whether the RTT entry is already assigned or is a new entry.
The Reuse (R) bit is set when the cacheline is accessed by any
other memory operation, signaling that it has been reused.

Upon allocation of a new entry in the RTT by an AMO
instruction, its PC stored and both the AI and the R bit are
set to 0. Subsequent near AMOs targeting the same cacheline
and different than the one stored in the PC field, update the
PC and reset the AI and R bits to track the reuse since this
new near AMO. AMOs predicted as near missing in L2 set
the AI bit, even if it was cleared before due to an access to
the same address by a different PC. Thereafter, if any other
memory access references the same cacheline and results in an
L1D hit, the R bit is set. If the AI bit is not set, setting the R
bit is unnecessary, because the RTT is designed to record the
absence of reuse of cachelines inserted by atomic instructions.

When a cacheline is evicted or invalidated from L1D,
VAMOs consults the RTT. If the AI bit is set and the R bit is
not set, the AMO should have been executed in far mode, since
the associated cacheline did not exhibit any temporal reuse. In
this case, VAMOs uses the PC stored in the RTT to update
the NC in the corresponding entry in the PFNT towards far.
Conversely, if the cacheline was reused, the NC does not need
to be updated at this point, as it has already been updated on
each reuse event. All of the above also takes place every time
an entry in the RTT is replaced. By using the AI and R bits in
this way, VAMOs is able to effectively identify near predicted
AMOs that do not benefit from data reuse, and therefore, that
should be predicted as far in future occasions.

The RTT also serves to identify potential reuse in highly
contended cachelines accessed with both atomic and non-
atomic memory instructions. In this scenario, with a narrow
view of only AMOs, they should be predicted as far. However,

Fig. 5. LLC extensions introduced by VAMOs

this would have a detrimental effect on the non-atomic instruc-
tion following the AMOs, as they anyway bring the cacheline
to L1D. With a wide view of both atomic and non-atomic
memory instructions, near execution is the preferred choice
for these AMOs.

The RTT also helps in this situation. When non-atomic
memory operations execute, if an entry for the accessed
cacheline is found, we update the PFNT, through the PC filed
in the RTT, so that future AMOs with the same PC will be
predicted as near. Essentially, the corresponding NC is set to
the weakest near value if it was within the far values. In this
way, if we later determine that it is best to predict the AMO
as far, the counter can quickly switch to far.

Finally, VAMOs also employs the RTT when updating the
NC after receiving the hints included in the reply messages
from the LLC. Through the PC stored in the RTT, we are able
to “link” the cacheline address with the entry in the PFNT
containing the NC used in the prediction. The NC is then
increased or decreased as appropriate.

3) Global information to improve accuracy: One of the key
observations not explored in previous works that we make
in VAMOs, is that the accuracy of AMO predictions can
be increased if the local predictor is updated with global
information provided by the LLC. VAMOs does this in
two different ways.

1) The LLC recommends near for an AMO predicted as
far. One of the weaknesses that we have detected in previous
approaches is that when an AMO is locally predicted as
far, future predictions cannot be reversed back to near (see
Sec. II-B). The fact that the local core does not keep a copy of
the cacheline in its private levels, prevents it from observing
(through coherence messages) the activity of this cacheline.
Thus, a core that predicted an AMO as far and is now the
only core repeatedly accessing the cacheline would maintain
the far prediction even when a near prediction would be now
preferable to exploit local data reuse.

VAMOs solves this limitation by equipping the LLC with
the Far-to-Near Detection Table (FNDT), as illustrated in
Fig. 5. The FNDT is a fully associative cache that, indexed
by the cacheline physical address, stores for each entry the
identifier of the core that most recently accessed a cacheline
via a far AMO.

On receiving a request at the LLC, and in parallel with
its processing, the LLC controller accesses the FNDT. If the



request is for a far AMO, an entry is found for the target
cacheline, and the core ID stored in the FNDT matches the ID
of the core that issued the current far AMO request, the LLC
sets a bit in the Ack reply (the far-to-near bit) to inform the
requester of the potential local reuse. Conversely, if the request
is for a non-atomic instruction, an entry is found for the target
cacheline, and the stored core ID does not match the ID of the
core issuing the request, the entry at the FNDT is deallocated.
Upon reception of the Ack reply from the LLC, when the far-
to-near bit is set, the core can infer the potential local reuse for
that cacheline, updating the corresponding NC towards near.

2) The LLC recommends far for an AMO predicted as
near. When several AMOs issued by different cores compete
for the same cacheline, the best approach is to execute the
AMOs as far. DynAMO detects this scenario locally at L1D,
based on the received coherence messages. On the contrary,
VAMOs adopts a more efficient solution based on detecting
this scenario globally at the LLC and informing the PFNT so
that it can update the NC towards far.

To this end, whenever a new request is inserted at the tail
of queue of incoming requests at LLC, the queue is searched
to locate the most recent preceding AMO request targeting the
same cacheline and originating from a different core. If such
an AMO request is found, a specific contention bit is set in
the request to inform about the detected contention. If the new
incoming request is itself an AMO, its contention bit is also
set. When an AMO request reaches the head of the queue and
is processed, an active contention bit is propagated back in the
response from the LLC. Upon receiving a response from the
LLC, if the contention bit is set, the NC is updated towards
far. Note that our approach searches the queue of incoming
requests at enqueue time rather than at dequeue time, when
the request is going to be processed. The reason is to avoid
affecting the processing time of AMOs at the LLC2.

4) Putting it all together: updating NC values: VAMOs
considers four different scenarios when updating the Nearness
Counter (NC) for a predicted AMO: (i) upon completion of the
AMO operation; (ii) on the eviction of a cacheline from L1D;
(iii) when an entry in the RTT is evicted; and (iv) on non-
atomic accesses to cachelines already accessed by far AMOs.
Below, we examine each case.

(i) Update after execution of an AMO. Fig. 6 presents a flow
diagram illustrating how the NC is updated upon completion
of an AMO. Near AMOs hitting L1D or far AMOs where the
current owner of the cacheline is the requesting core or with
the FNDT determining that the requesting core is the same
that performed the last far AMO for that cacheline increment
the NC (towards near). Conversely, near AMOs missing in
L1D and far AMOs hinted with contention from the LLC
decrement the NC (towards far). In all other cases, the NC

2Note that, to accelerate contention detection at insertion time, the incoming
request queue could be partitioned into Q distinct queues [32]. Each request
could be dispatched to a particular queue based on the address of the access.
This partitioning would reduce the number of requests that have to be
examined during insertion, thereby improving the efficiency of the enqueue
operation.

Fig. 6. Flow diagram of the NC update after AMO operation

Fig. 7. Flow diagram of the NC update after an eviction from the L1D or
the RTT, or after executing a non-atomic access on a cacheline previously
accessed with a far AMO

remains unchanged. Note that detection of potential contention
has higher priority when deciding how to update the NC.

The diagram also illustrates that near AMOs missing in L1D
set the AI bit in the RTT, while near AMOs hitting in L1D set
the R bit in the RTT if the AI bit was already set. The same
behavior is exhibited by any non-atomic requests that access
cachelines originally inserted by AMO operations.

(ii) & (iii) Update on evictions from L1D or RTT. Fig. 7 (left
side) condenses how the NC is updated in these two scenarios.
If the AI bit in the RTT entry is set but the R bit is not, the
corresponding NC is decremented. This favors far accesses
for unused cachelines.

While updating the NC after an L1D eviction is always
a good decision, performing the same update on an eviction
from the RTT may, in some situations, seem detrimental,
specifically, when the temporal reuse window of the cacheline
exceeds the effective lifetime (live window) of its correspond-
ing entry in the RTT. In this case, the PFNT will not be
able to observe and record potential reuse and future AMOs
on the cacheline may be predicted as far. This could be a
consequence of an underprovisioned RTT (since VAMOs is
not completely insensitive to the number of addresses accessed
by AMOs), or due to low temporal locality on the references
to the involved cacheline. However, in the latter case, it may
be, in fact, preferable to execute these AMOs as far, given that
no short-term reuse is observed.

Our experiments with a large set of benchmarks (see
Sec. IV) corroborate the advantages of updating the NC on
RTT evictions as it enables VAMOs to filter out unused
cachelines even before the line itself is evicted from L1D.
This allows the predictor to transition more rapidly to far.

(iv) Update on non-atomic accesses for cachelines previ-
ously targeted by far AMOs. The final scenario in which the



NC must be updated is depicted in Fig. 7 (right side). This
case corresponds to cachelines accessed with both atomic and
non-atomic instructions. Since non-atomic instructions cannot
execute far, the most advantageous strategy in this case is to
execute the AMO near, and subsequently, exploit the resulting
data locality for the non-atomic access. Unfortunately, if
AMOs are executed far, there is no local information available
to identify this potential reuse. Consequently, upon each non-
atomic access to a cacheline previously accessed by a far
AMO, the predictor sets the NC to the weakest near value.

D. Storage requirements

Finally, we specify the structural parameters for the com-
ponents of VAMOs. We conducted a series of experiments
in which we evaluated multiple design configurations for the
PFNT, the RTT, and the FNDT, as well as different bit-widths
for the NC values.

Focusing, first, on the PFNT and the size of the NC, the
results indicate that the configuration delivering the highest
performance employs 3 bits for storing each NC and a PFNT
organized as 16 entries, 4-way 4-set-associative. In total, each
PFNT entry requires one valid bit, 10 bits for the PC tag,
and 3 bits for the NC, for a total of 14 bits per entry.
This corresponds to a storage requirement of just 28 bytes
per PFNT instance.

As for the RTT, the configuration comprising a total of
4 sets of 4 ways each (16 entries in total) yields the highest
performance. Each RTT entry requires a valid bit, 20 bits for
the address tag, 12 bits to store the PC, and 2 bits for the AI
and R fields. This results in a total of 35 bits per entry and
70 bytes per RTT.

The FNDT is implemented as a fully associative table,
with the optimal configuration consisting of only 4 entries.
Each FNDT entry requires a valid bit, 20 bits for the address
tag, and 9 bits for the node identifier (allowing high-scale
configurations with up to 512 nodes). Hence, each entry
requires a total of 30 bits, corresponding to 15 bytes per FNDT.

Overall, for each node in the system, the combined storage
overhead of the PFNT, the RTT, and the FNDT amounts only
to 113 bytes.

IV. EVALUATION METHODOLOGY

We evaluate VAMOs using a cycle-level, in-house simulator
that faithfully models an out-of-order processor implementing
the RISC-V instruction set architecture. The core is driven
by an instruction stream generated by Spike [33], the official
RISC-V ISA simulator. The memory hierarchy is modeled
using SLICC [34], coupled with the GARNET interconnection
network model [35]. The simulated system approximates an
Intel Alder Lake–class microarchitecture [36]. The system
parameters are shown in Table I.

We compare VAMOs with the state-of-the-art AMO place-
ment predictor, DynAMO [6]. Specifically, we consider its
three variants: DynAMO-Metric (Dyn M), DynAMO-Reuse-
UN (Dyn R UN), and DynAMO-Reuse-PN (Dyn R PN). For
the threshold parameters used in these variants, we explored

TABLE I
SYSTEM CONFIGURATION

Processor (32 out-of-order cores)
Front end Decoupled, 64KiB TAGE-SC-L
Back end 512-entry ROB, 192-entry LQ, 114-entry SQ
Width (instr./cycle) 6 decode/alloc, 12 issue, 8 commit

Memory hierarchy
Private L1I 32 KiB, 8 ways, 4-cycle latency
Private L1D 48 KiB, 12 ways, 5-cycle lat., stride prefetcher
Private L2 1.25 MiB, 16 ways, 10-cycle latency
Shared L3 3 MiB/core, 24 ways, 45-cycle latency, inclusive
Coherence protocol Sparse directory-based MESI protocol
Memory 32 banks, 100-cycle latency

Interconnection network
Topology 8 × 4 2-dimensional mesh
Latency 1 cycle route, 1 cycle link

VAMOs
PFNT & RTT (per core) 16 entries, 4 ways in both cases
FNDT (per LLC bank) 4 entries, fully associative

DynAMO
AMT (per L1D) 128 entries, 4 ways
Metric & Reuse thresholds 0.2 & 0.5 resp.

TABLE II
BENCHMARK INPUTS AND PROPERTIES

Name Code Input APKI Near/Far

Sp
la

sh
-4 FMM fmm 16 K particles [37] 0.3 Near

Ocean cp ocean cp 514×514 1.0 Near
Radiosity radiosity room [37] 1.4 Near
Raytrace raytrace car [37] 0.3 Far

C
ir

cu
sT

en
t

Random Access rand 8 MiB 166.6 Far
Stride-1 stride1 8 MiB 333.3 Near
Stride-N (N=9) strideN 72 MiB 249.9 Near
Pointer Chase ptrchase 8 MiB 200.0 Far
Central central 8 MiB 333.3 Far
Scatter scatter 8 MiB 374.9 Near
Gather gather 8 MiB 374.9 Near
Scatter/Gather sg 8 MiB 399.9 Near
Histogram-3D hist-3d IMG [38], [39] 124.9 Far
Histogram hist 32k iters 250.0 Far
Radix Sort rsor 2 MB vector 108.6 Far
SPMV spmv rma10 [40] 69.6 Near
Local Inc-Reuse lir 32k iters 99.9 Near
lir False Sharing lir fs 32k iters 99.9 Near
Local Inc-No Reuse linr 32k iters 199.9 Near
linr False Sharing linr fs 32k iters 199.9 Far
Local-to-Global Inc lgi 32k iters 235.4 Far
Global-to-Local Inc gli 32k iters 114.2 Near
Multi-Address multi addr 32k iters 125.0 Far
Multi-Call multi call 32k iters 142.8 Far

multiple threshold values for each predictor and selected, in
each case, the one that delivered the best average performance
for the set of benchmarks that we employ. All other aspects of
the DynAMO predictor configuration follow the specification
provided by its authors. The main configuration parameters
for both VAMOs and DynAMO are summarized also in
Table I. We also compare VAMOs against three static AMO
placement policies: (i) the All Near policy, which serves
as the baseline, with all performance results normalized to
this configuration; (ii) the All Far policy, which executes all
AMOs far, representing the opposite extreme of the All Near
policy; and (iii) the All Far Bypass policy, which executes
all AMOs far while also bypassing the private caches and
issuing far AMO requests directly to the LLC, analogous to
the behavior of VAMOs.

We evaluate the predictors using a large variety of AMO-
intensive parallel applications:

Splash-4 [41] is an improved version of the Splash-3 bench-
mark suite [42], which in turn, builds on the classic SPLASH-



2 [37] and eliminates important performance bugs, data races,
and improper synchronization. Splash-4 applies modern pro-
gramming techniques to improve scalability on contempo-
rary hardware by replacing all possible critical sections with
atomic operations or other lock-free constructs. We selected
the four applications with higher APKI: FMM, Ocean cp,
Radiosity and Raytrace. For the rest, AMO execution does
not impact performance.

CircusTent [43] is an open source benchmark suite for
shared and distributed memory systems designed to measure
the performance of a target architecture’s memory subsystem
with respect to AMOs. Its different kernels represent distinct
memory access patterns.

Histogram-3D is a reduction kernel based on the
OpenCV [44] color histogram program.

Histogram is a similar reduction kernel that only per-
forms one atomic reduction (Histogram-3D does 3, one per
RGB channel).

Radix Sort is a shared memory multithread sorting algorithm
that uses a shared array to sort a vector of numbers, similar
to the load-balanced parallel radix sort [45].

SPMV [46] is a sparse matrix-vector multiplication kernel
where matrices use the compressed sparse column format.

Local Inc-Reuse, Local Inc-Reuse-False Sharing, Local Inc-
No Reuse, and Local Inc–No Reuse–False Sharing represent
a family of variants derived from the same Local Inc kernel,
where each thread that performs an accumulation operation
on a distinct variable. Each variant corresponds to a distinct
configuration of data reuse and false-sharing behavior.

The Local-to-Global Inc and Global-to-Local Inc kernels
are two-phase applications. In the former, the execution is
partitioned such that the initial 25% of the iterations corre-
spond to a near-friendly phase, whereas the remaining 75%
correspond to a far-friendly phase. The latter kernel exhibits
the inverse distribution of phases.

Finally, we present the Multi-Address and Multi-Call ker-
nels. The Multi-Address kernel consists on an AMO perform-
ing reductions to two memory addresses: one highly local to
the thread/core, and another address highly contended. The
far-friendly and near-friendly accesses are interleaved, and we
will test different interleave lengths.

The Multi-Call kernel aims to reflect the behavior of a
synchronization library. It consists of a function with a single
AMO which is called at various points in the code with
different localities and contention scenarios. In this kernel, the
near-friendly and far-friendly calls are completely interleaved
(i.e., every near-friendly call to the function is followed by a
far-friendly call, and vice versa).

Table II summarizes the characteristics of each application.
The near- or far-friendly classification is derived from the
relative performance of the All Near and All Far static
policies for each benchmark. For all CircusTent applications,
each thread executes 16k iterations. All the dynamic behav-
ior benchmarks (gli, lgi, multi addr and multi call) will be
evaluated to demonstrate the superior adaptability of VAMOs
over DynAMO.

V. RESULTS

A. VAMOs contention and reuse characteristics

Fig. 8 illustrates the classification that VAMOs assigns to
each AMO, as well as the contention and reuse character-
istics identified in the system. Applications on the X-axis
are ordered from those exhibiting predominantly near-friendly
behavior (left) to those exhibiting predominantly far-friendly
behavior (right). The Y-axis denotes how atomic instructions
were executed (Near/Far) and the fraction of the application’s
AMOs that fall into each classification category as described
next. For an AMO predicted as near, three scenarios may
occur: (i) the AMO hits in the L1D, indicating that the near
prediction was accurate; (ii) the AMO is forwarded to the LLC,
where the corresponding cacheline is found to be contended,
in which case a far AMO might have been preferable to
mitigate contention; or (iii) the AMO reaches the LLC and
the cacheline is not contended, in which case the near AMO
prediction was adequate.

For far-predicted AMOs, we adopt an analogous classifica-
tion: (i) a far AMO whose requester is identical to the last
requester for that cacheline, that indicates we may want to
switch to near prediction. (ii) a far AMO targeting a contended
cacheline, in which case the far AMO is expected to help
alleviate contention; and (iii) a far AMO targeting a cacheline
that is neither contended nor reused, where the far AMO may
proactively contribute to preventing future contention on that
cacheline and mitigate pollution on the private cache by data
that will not be reused.

Fig. 8 shows how VAMOs adapts to near-friendly applica-
tions/phases (from left to right up to fmm), with a predominant
near-predicted AMO that successfully hit in the L1D cache.
This behavior arises because these applications experience
negligible contention, such that the initial near prediction
remains valid throughout the entire execution. Nevertheless,
some specific benchmarks warrant a more detailed discussion.

For the Local Increment-Reuse False Sharing (lir fs) bench-
mark we can see around 20% of contended lines classified
as near. The presence of false sharing causes contention at
the LLC, pushing the prediction towards far. However, the
subsequent reuse by a load following the AMO restores the
NC value to a near prediction value. By doing so, VAMOs
can favor the local reuse observed for the cacheline in the
next predictions for the AMO.

In the Scatter/Gather (sg) benchmark, there is a high number
of requests to previously unseen cachelines (classified as near
with no contention, as they correspond to cold cachelines).
However, due to the temporal locality exhibited later in the
execution, the predictor ultimately classifies most accesses as
near AMOs with L1D hits, reducing the ratio of near with no
contention to around 25%.

When analyzing the Scatter and Gather benchmarks sep-
arately, this reuse pattern does not occur for one of the
three distinct memory access instructions in the application.
Consequently, all AMOs issued by that particular instruction
are consistently predicted as far, since no reuse is observed. In
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Fig. 8. Classification of AMOs performed by VAMOs and the corresponding
scenarios observed in the system

contrast, the remaining two instructions exhibit sufficient reuse
for their respective AMOs to be predicted as near, allowing
these accesses to be satisfied by the L1D. The use of PC-based
indexing in the prediction mechanism is crucial for exposing
this behavior.

We now consider far-friendly applications, for which the
predominant prediction outcome is far AMOs, typically tar-
geting either contended or non-contended cachelines. Appli-
cations such as rand and ptrchase neither exhibit contention
nor show data reuse. Consequently, their predictors transition
to issuing far AMOs. By contrast, other applications such as
raytrace, rsor, central, hist-3d, hist, linr fs, target contended
lines. In these cases, initially issued near AMOs encounter
contention at the LLC, and VAMOs eventually switches to
far AMO predictions. However, far AMOs do not necessarily
experience the same level of contention upon reaching the
LLC. This observation reinforces the conclusion that correctly
identifying far AMOs not only reduces execution time under
contention, but also mitigates the contention at the LLC itself.

This behavior arises because, when issuing a near AMO
to a contended cacheline, the AMO must wait until the
corresponding cacheline has been invalidated in the private
cache of its previous owner. During this invalidation interval,
additional near AMO requests targeting the same cacheline
may arrive at the LLC, thereby exacerbating contention. In
contrast, when AMOs are issued as far, by the time the
request reaches the LLC, the preceding AMOs, also issued
as far, will typically have been completed, therefore avoiding
invalidations or waiting periods.

The AMO can then be executed directly at the LLC,
reducing the possibility of another far AMO targeting the
same cacheline to arrive at the LLC concurrently, and thus
reducing contention at the LLC. As a result, many far AMOs
are classified as far AMOs that access a cacheline that is
effectively non-contended at the time of service. Although the
cacheline is globally contended over the course of execution,
the probability of contention at the specific instants when each
far AMO is processed at the LLC is significantly reduced.

To substantiate this observation, we quantified the residence
time at the LLC for each atomic access, i.e., the number of cy-
cles an AMO request spends at the LLC request queue before
being completed. We found that, for applications that issue

AMOs to highly contended cachelines (e.g., raytrace, rsor,
linr fs, central, lgi, hist-3d, hist), the time spent in the LLC
is substantially reduced. On average, the LLC residence time
of AMOs decreases from 108.34 cycles to 18.42 cycles (83%
reduction) under VAMOs compared with the All Near policy.
Moreover, for these applications, as well as for applications
that exhibit little or no data reuse (and therefore cause VAMOs
to issue far AMOs), the time spent in the private caches is also
reduced. Because far AMOs bypass the private cache levels,
the average residence time at the L1D and L2 levels is lowered.
Overall, when far AMOs are issued appropriately, the end-to-
end latency of atomic accesses is reduced by 48% relative to
the All Near policy.

B. Atomic distribution (DynAMO vs VAMOs)

We next analyze the distribution of AMOs comparing VA-
MOs against DynAMO-Metric (Dyn M), DynAMO-Reuse-
PN (Dyn R PN), and DynAMO-Reuse-UN (Dyn R UN),
classifying them into near and far AMOs (Fig. 9). The first
observation is the increased ratio of far predictions that VA-
MOs generally reach in far-friendly applications. Even in some
cases where the different variants of DynAMO completely fail
to anticipate far AMOs (namely, linr fs, central, and hist),
VAMOs successfully detect them. The second observation is
that VAMOs preserves the same high prediction accuracy as
DynAMO in near-friendly applications.

Overall, the observations above are a direct result of the fact
that predictions in VAMOs closely match workload behavior
and, as will be seen next, will lead to significant performance
improvements (around 34% on average). This shows the
adaptability of VAMOs to contention and reuse, outperforming
all DynAMO variants.

Regarding the low adaptability of DynAMO, the threshold
selected for Dyn M avoids performance degradation in near-
friendly applications, but it also prevents far-friendly applica-
tions from exploiting the benefits of far AMOs. Dyn R PN
and Dyn R UN have similar issues for applications operating
on highly contended cachelines (e.g., textitlinr fs, central,
hist), only showing good adaptability for raytrace, rsor, rand,
ptrchase and hist-3d.

The limited adaptability of DynAMO-Reuse arises from
both how contention is anticipated and how the DynAMO
predictors are searched. In workloads that combine contention
with short reuse distances, local reuse is observed first and the
predictor remains biased towards near AMOs, even when far
AMOs would be preferable. Consequently, for workloads such
as linr fs, central, and hist, it does not effectively transition
to far AMOs, whereas in raytrace, rsor and hist-3d, which
exhibit longer reuse distances, contention can be detected more
accurately. Likewise, in rand and ptrchase, where reuse is
limited, DynAMO-Reuse easily adapts to far AMOs. Scatter
and gather expose a different limitation: DynAMO predictors
cannot detect the absence of reuse of one of the instructions
because they are indexed with the target memory address.
Conversely, the fact that VAMOs employs a PC-indexed local
predictor allows it to capture multiple cachelines accessed by
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Fig. 10. Execution times of VAMOs compared with the best DynAMO variant for each benchmark, and All Far and All Far Bypass static policies. All
execution times are normalized to All Near.

the same instruction within a single entry, and also leverage
observed past behavior for the instruction on unseen cacheline
addresses it accesses.

C. Performance impact

Fig. 10 reports the execution times for All Far, All Far
Bypass, DynAMO, and VAMOs, normalized to the All Near
static policy. For DynAMO, we select the variant that performs
best for each benchmark (we mark its bars in the figure with
the configuration used in each case). The All Far policy bars
allow to discern if an application is near or far-friendly (near-
friendly applications perform poorly with the All Far policy).
It also enables a more precise assessment of the impact of
bypassing private cache levels.

For near-friendly applications, VAMOs achieves perfor-
mance comparable to All Near, without incurring any degra-
dation due to mispredictions. In the scatter and gather bench-
marks, the PC-based local prediction implemented in VAMOs
enables anticipating absence of reuse in multiple cachelines
accessed by the same AMO instruction, therefore resulting in
reductions of around 20% in both cases.

As discussed in Sec. V-B, DynAMO behaves over-
conservatively in most far-friendly benchmarks. Under high
contention and short reuse distances (e.g., linr fs, central, lgi,
hist), it does not classify any AMOs as far. In contrast, VAMOs
improves performance between 75% to 85% for central and
hist, and 55% for linr fs. For applications with longer reuse
distances (raytrace, rsor, hist-3d), DynAMO-Reuse is able to
identify contention and issues far AMOs, yielding performance
gains of up to 9%, 25% and 65% for raytrace, rsor and hist-
3d, respectively. Yet, VAMOs outperforms DynAMO-Reuse
because it transitions more rapidly to far and bypasses the
private caches, achieving improvements of 13%, 58% and 87%
for raytrace, rsor and hist-3d.
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Fig. 11. Far AMOs ratio along gli and lgi executions

Finally, in applications that exhibit negligible data reuse
(rand, ptrchase), DynAMO-Reuse matches the performance
of the All Far configuration, with improvements of 22% and
33% for rand and ptrchase, respectively. Due to its bypassing
mechanism, VAMOs matches the performance of the All Far
Bypass configuration for these two applications, further in-
creasing performance gains up to 29% and 48%, respectively.

DynAMO yields average performance improvements of
10% when the best-performing variant is selected for each
benchmark, whereas VAMOs consistently attains average per-
formance gains of 34%.

D. Adaptability of VAMOs

Finally, we evaluate the kernels whose atomic access pat-
terns change dynamically though their execution: gli, lgi,
multi addr and multi call. These kernels exhibit different
access patterns through different execution phases. These dif-
ferent access patterns may be due to the atomic instruction ac-
cessing different memory addresses with different contention
and locality behaviors, or due to a function containing an
atomic instruction being called in different points in the code,
which would resemble a synchronization library.

First, we consider gli and lgi. Fig. 11 illustrates the temporal
evolution of the fraction of far AMOs issued by DynAMO-
Metric, DynAMO-Reuse (note that DynAMO-Reuse-UN and
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DynAMO-Reuse-PN exhibit very similar behavior), and VA-
MOs. The Y-axis reports the fraction of far AMOs issued
in each time interval, while the X-axis shows the cumulative
fraction of AMOs executed during the application.

In gli, all DynAMO variants adapt correctly during the ini-
tial global-increment phase 1⃝ and issue far AMOs, although
they take slightly more time to adjust than VAMOs. When
the application transitions to the local-increment phase 2⃝,
DynAMO remains biased towards far execution 3⃝. DynAMO-
Metric can return to near execution only if enough near AMOs
are issued to reduce its metric below the threshold, whereas
DynAMO-Reuse requires a cacheline to be reused after being
inserted by a near AMO. Because the predictor remains in
the far state after the phase transition, neither condition is
satisfied: near AMOs are not issued, and cachelines are not
reused under near execution. As a result, DynAMO becomes
trapped in the far state and fails to recover (forever far
phenomenon). VAMOs does not suffer from this limitation.
It quickly detects that each cacheline is repeatedly accessed
by the same node (via the FNDT), increases the corresponding
NC, and rapidly transitions back to near AMOs for the
remainder of the execution.

In lgi, the short reuse distance prevents DynAMO variants
from adapting to the far phase 6⃝. VAMOs, in contrast, tracks
contention explicitly and prioritizes it over local reuse. It
therefore transitions correctly from the initial near-friendly
phase 4⃝ to the subsequent far-friendly phase 5⃝.

Now, we analyze the near/far atomic distribution and exe-
cution times of these two kernels (gli and lgi), as well as the
multi addr and multi call kernels. For the multi addr kernel,
we evaluate two variants: one with a 1-1 interleaving (i.e., one
near-friendly access, one far-friendly access), and another with
a 50-50 interleaving (i.e., 50 near, 50 far).

Fig. 12 reports the distribution of AMOs in each case. First,
for gli and lgi, we observe an expected 75%-25% distribution
between near and far predictions, depending on the kernel. For
the multi address 1 kernel, we observe that, as expected, no
far AMOs are predicted by VAMOs. This is an extreme case in
which, because near and far-friendly accesses are completely
intermixed, the predictor is unable to detect the access pattern
of the atomic instruction. Thus, it remains stuck at the initial
near prediction.

The situation is different for the multi address 50 kernel.
In this case, the near-friendly and far-friendly micro-phases
have a length of 50 accesses. While both DynAMO-Metric
and DynAMO-Reuse opt for a near prediction, VAMOs is able
to adapt quickly to each micro-phase and predict the correct
execution placement for each one, leading to the 50%-50%
near-far distribution.

Finally, the multi call kernel behaves similarly to the for-
mer. Despite the near and far-friendly calls being completely
interleaved, they are located at different parts of the code.
Thus, the PC⊕RAS indexing of the PFNT is essential for
using different entries to classify each AMO execution sepa-
rately. In this way, VAMOs can successfully capture the near-
friendly and far-friendly behaviors of each one. Every near
access is correctly predicted as near, and every far access
is predicted as far, leading again to a 50%-50% near-far
distribution for VAMOs.

Fig. 13 summarizes the execution times of these kernels,
normalized to the All Near execution. VAMOs obtains the
best performance in both gli and lgi by its high adaptability
to each phase, while DynAMO is unable to detect the phase
change in gli and remains in a forever far prediction, and
do not detect the far-friendly phase in lgi. In multi address 1
neither DynAMO nor VAMOs is able to detect the far-friendly
behavior of one of the two addresses (DynAMO because of
the short reuse distance, and VAMOs because of the PC index
of the PFNT), and obtain the same performance as the All
Near execution. In this benchmark, interestingly, All Far and
All Far Bypass obtain the best performance, despite half of
the accesses being near-friendly. This is because the benefit
of executing far the far-friendly accesses, and thus avoiding
the high contention at the LLC, is higher than the performance
detriment of executing far the near-friendly accesses.

Finally, in the multi address 50 and multi call kernels,
VAMOs is able to adapt properly to each phase and behavior
of each call and predicts the correct AMO placement for each
access. Contrarily, DynAMO-Metric is unable to detect the far-
friendly address, and in DynAMO-Reuse, only a small subset
of nodes detect this far-friendly address. VAMOs extracts the
full advantage of near and far AMOs in these two kernels,
obtaining the best performance on each one.

E. Ablation study

To assess the impact that the mechanisms implemented in
VAMOs have on performance, we incrementally deactivate
each one of them and quantify their individual contribution to
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Fig. 14. Execution times of VAMOs and its restricted variants, normalized to All Near

overall performance. We progressively remove these compo-
nents until obtaining a highly simplified variant of VAMOs that
solely monitors hits of near AMOs in the L1D, and contention
in the LLC. Fig. 14 reports the execution times for the full
VAMOs design and for these progressively restricted variants.
All execution times are normalized to the performance of the
All Near policy.

We can examine how each component of VAMOs plays a
crucial role in distinct benchmarks. The NC reset triggered by
non-atomic accesses (Sec.III-C2) is critical for lir fs to match
the performance of All Near. The FNDT enables the transition
from the far-friendly phase to the near-friendly phase in gli as
shown in Sec. V-D. The RTT becomes critical to track non-
reused data in gather, scatter, rsor, rand and ptrchase. Finally,
the bypass of private cache levels provides extra performance
gains in most of the far-friendly benchmarks.

VI. RELATED WORK

The academic literature has extensively investigated both
hardware and software techniques aimed at reducing the
cost of synchronization instructions and atomic updates. The
majority of existing proposals rely on specialized hardware
support, for example, dedicated accelerators or interconnec-
tion networks, or on the introduction of novel instructions
to accelerate synchronization primitives [47]–[56]. However,
these approaches typically incur substantial silicon area over-
heads, and most ISAs are reluctant to adopt additional,
non-standard instructions.

Current research in many-core synchronization has looked
at approaches that explicitly account for the physical and
protocol-level constraints of on-chip interconnects. Dele-
gato [31] introduces a delegation-based synchronization model
specifically designed for multi-chiplet architectures, in which
atomic operations are offloaded to dedicated owner entities to
reduce cross-die traffic. Although this multi-chiplet orienta-
tion is interesting, it is largely orthogonal to the many-core
focus of VAMOs.

At the microarchitectural level, prior work has concen-
trated on enhancing the speculative execution of the Read-
Modify-Write (RMW) cycle. Free Atomics [57] and the No
Rush (RoW) [58] scheduler refine the timing and fence con-
straints associated with atomic operations within the processor
pipeline. These techniques remain fundamentally local or
“near”-centric optimizations and therefore do not address the
root cause of interconnect congestion arising from cache-

line ping-ponging. In parallel, the expressiveness of atomic
primitives has been extended through Multi-Address Atomic
(MAD) operations [59], which provide atomicity guarantees
across multiple, potentially non-contiguous memory locations.

VII. CONCLUSION

This work has proposed VAMOs, a lightweight yet highly
accurate PC-based AMO prediction mechanism that dynam-
ically determines the best way to execute each AMO: near
or far. VAMOs is built on two key observations: (i) AMO
behavior can be effectively characterized based on their pro-
gram counter (PC), and (ii) global information exposed by the
LLC can enhance the quality of near–far execution decisions.
By leveraging these observations and bypassing private cache
levels for far AMOs, VAMOs outperforms the state-of-the-art
DynAMO predictor by 21.82% across a comprehensive suite
of AMO-intensive benchmarks with varying behaviors. These
results are achieved while reducing the storage requirements
by 88.96% with respect to DynAMO.
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