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Abstract
Processing-In-Memory (PIM) is a novel approach that aug-
ments existing DRAM memory chips with lightweight logic.
By allowing to offload computations to the PIM system, this
architecture allows for circumventing the data-bottleneck
problem that affects many modern workloads.
This work tackles the problem of how to build efficient

software implementations of the TransactionalMemory (TM)
abstraction by introducing PIM-STM, a library that provides
a range of diverse TM implementations for UPMEM, the first
commercial PIM system. Via an extensive study we assess
the efficiency of alternative choices in the design space of
TM algorithms on this emerging architecture. We further
quantify the impact of using different memory tiers of the UP-
MEM system (having different trade-offs for what concerns
latency vs capacity) to store the metadata used by different
TM implementations. Finally, we assess the gains achievable
in terms of performance and memory efficiency when using
PIM-STM to accelerate TM applications originally conceived
for conventional CPU-based systems.
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1 Introduction
Modern workloads are becoming increasingly data-intensive,
requiring to process large amounts of data, often with ran-
dom access patterns [46]. These workloads often suffer from
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the known problem of the data movement bottleneck, where
overall performance is degraded due to the sheer amount
of data being transferred between main memory and the
processor [22, 40].
Recently, Processing-In-Memory (PIM) has gained some

prominence as a way to tackle this issue [40]. PIM, as the
name suggests, departs from the traditional processing par-
adigm by performing computation directly in the memory
device. Recently, UPMEM has introduced the first commer-
cially available PIM hardware [50]. The UPMEM hardware
achieves the goal of performing computation closer to mem-
ory by having multiple processing units, referred to as Data
Processing Units (DPU) embedded in each memory module.
Each DPU provides up to 24 hardware threads, which can
communicate via a fast scratchpad memory region. Inter-
DPU communication, conversely, has to be mediated by the
CPU, which copies messages from the source DPU into the
target(s) DPUs.

Given that each DPU supports parallel execution of multi-
ple hardware threads, concurrent accesses to data hosted in
the same DPU needs to be synchronized in order to avoid
concurrency anomalies. Synchronization of concurrent code
is a long-studied problem that has traditionally been tack-
led using lock-based schemes. Designing efficient locking
schemes, though, is a notoriously complex endeavor, as they
are error-prone and vulnerable to deadlocks. Furthermore,
locks can hinder composability [43]. These considerations
led to the emergence of Transactional memory (TM) [32, 33].
TM is a simpler and more intuitive alternative to lock-based
synchronization. With TM, complexity is strongly reduced,
as, by leveraging the concept of transactions, programmers
only need to identify which code sections have to be exe-
cuted atomically, while delegating to the TM library the task
of implementing the underlying synchronization scheme.
This work investigates, to the best of our knowledge for

the first time in the literature, the problem of how to develop
an efficient Software-based TM (STM) for PIM devices, by
introducing PIM-STM (§3), a library that provides a range
of STM implementations for the UPMEM PIM system. We
leverage the STM implementations provided by the PIM-
STM library to investigate the efficiency of several choices in
the design space of STM algorithms, namely the use of visible
vs invisible reads, write-back vs write-through, commit-time
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vs encounter-time locking, and Ownership-records (ORec)
vs No-Ownership records (NOrec). These STM implementa-
tions are specialized to cope with and take advantage of the
unique hardware features of PIM architecture, in particular
the existence of different memory tiers with different capac-
ity/performance trade-offs, and the availability of atomic
instructions with restricted semantics (when compared to
conventional synchronization primitives available on CPUs).
By introducing the first STM implementation for PIMs,

PIM-STM aims to simplify the development of applications
that needs to manage concurrent access to shared state and
take full advantage of the parallelismmade available by these
emerging hardware architectures. In order to demonstrate
the usefulness of STM in the context of PIMs and evaluate the
efficiency of the alternative STM implementations provided
by PIM-STM, we develop portings for the UPMEM system
of synthetic benchmarks, concurrent data-structures as well
as more complex TM benchmarks originally designed for
CPUs [38], namely KMeans and Labyrinth (§4.1).
Our experimental results (§4.2) indicate that the most

robust performance across all the evaluated workloads is
achieved using a design inspired by the NOrec STM for CPU.
This design opts for adopting coarse meta-data in order to al-
leviate the instrumentation overheads otherwise incurred by
approaches that rely on fine-grained (e.g., word-level) meta-
data, also known as Ownership records (Orecs). In fact, given
the relatively low degree of parallelism provided within a
single DPU in the UPMEM PIM devices, the additional con-
currency degree achievable via the use of ORecs is, in most
of the considered workloads, outweighed by the benefits (in
terms of reduced overhead) provided by the NOrec design.
However, even though the NOrec design is the most ro-

bust (performance-wise) one in our study, we also show that
it can be up to 2× slower than alternative STM implementa-
tions in workloads that encompass update transactions with
relatively large read phases. Overall, our study shows that
no one-size-fits-all-solution seems to exist that can achieve
optimal performance for any workload. Thus, the choice of
the STM implementations strongly depends on the workload
characteristics. Our work not only provides application de-
velopers with guidelines on which workload types better fit
alternative STM designs, but also makes available a library
(PIM-STM) that allows developers to test the performance
of alternative STM designs with their own applications via
trivial configuration changes.
Finally, we conduct a study to compare the speed-ups

and energy-gains attainable when porting STM-based ap-
plications to use PIM-STM (and the UPMEM system) with
respect to their original CPU-based implementations (§4.3).
Our study highlights, on one hand, speed-ups by up to 14.53×,
but, on the other hand, smaller energy gains (up to 5×) and
in one scenario even slightly higher energy consumption

(31.5%). These results confirm the strong performance poten-
tial of the UPMEM system, but also that its current version
is not equally competitive regarding energy efficiency.

2 Background and related Work
This section provides background and discusses related work
on PIM (§2.1) and on Transactional Memory (§2.2).

2.1 Processing-in-Memory
Background on PIM. Two main approaches exist for imple-
menting PIM. Processing Using Memory (PUM) where the
circuit level logic of available DRAM hardware, with little to
no modifications, is used to perform computation in mem-
ory. The second approach, Processing Near Memory (PNM)
places dedicated computational units near memory, which,
despite being less powerful than modern CPUs, support the
execution of generic application logic. Conversely, PUM is
less flexible than PNM since it is limited to the copy of data,
bitwise operations and simple arithmetic operations [40].

The UPMEM system. UPMEM PIM [28] is the first pub-
licly available PNMhardware implementation and it has been
employed to accelerate applications in a range of domains
(e.g., machine-learning [26, 39] and bioinformatics [10, 27]).
An UPMEM module is a standard dual in-line memory mod-
ule (DIMM) consisting of several PIM chips. A PIM chip,
depicted in Fig.1 contains 8 data processing units (DPUs).
Each DPU has a 64MB DRAM bank (MRAM) that can be
accessed by the CPU, 24KB of instruction memory (IRAM),
64KB of fast scratchpad memory (WRAM) and a core with
24 hardware threads. The UPMEM system has a total of 2560
DPUs, resulting in 160GB of PIM-enabled memory.
UPMEM provides a runtime library comprised of hard-

ware specific instructions (i.e., functions used to interact
with the hardware) as well as a subset of the C standard
library and a compiler (based on clang). Using these tools,
the programmer is able to write DPU programs in the C
programming language. These programs use the single pro-
gram multiple data (SPMD) model, where different tasklets
(software threads), operating on different chunks of data, can
execute different control flow paths. Each DPU can execute
up to 24 tasklets concurrently (because it has 24 hardware
threads), although the effective maximum degree of paral-
lelism is achieved at 11 tasklets (parallelism is achieved by
pipelining instructions from multiple tasklets via a pipeline
whose maximum effective depth is 11).

DPUs provide two simple intra-DPU synchronization prim-
itives, namely the acquire and release atomic instructions,
which can be used to implement lock-based abstractions
(shared among tasklets of the same DPU). These instructions
are based on a 256 bit atomic register (i.e., a 256 bit array).
The acquire/release instruction receives as input parameter a
memory address and attempts to atomically acquire/release
a “logical lock”, i.e., one of the 256 entries of the bit array.
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The association between the input address and the index of
the corresponding logical lock in the bit array is determined
via a hash function implemented in hardware. Overall, the
current UPMEM library provides only very simple synchro-
nization primitives (e.g., no ReadWrite Lock implementations
are provided). This renders the task of building concurrent
applications for PIMs quite complex and PIM-STM aims to
fill this gap by providing programmers with the abstraction
of atomic transactions.
Different DPUs can execute independently and current

UPMEM systems have up to 2560 DPUs, for a total of up to
28160 concurrent tasklets. As mentioned, communication in
tasklets on different DPUs has to be mediated via the CPU.
In contrast, tasklets running on the same DPU can communi-
cate via the local WRAM and MRAM. As such, to maximize
the performance of the UPMEM system (and of PIM devices,
more generally), applications should be engineered to in-
crease memory access locality and avoid expensive inter-
DPU communication — a principle which is also at the basis
of the design of PIM-STM, as we will discuss in §3.1.

Another restriction of the current UPMEM system is that
communication to/from the DPU can only occur when the
DPU is not performing computation. More precisely, in the
current UPMEM system [17], the CPU can access the DPU
DIMMs only provided that the DPU is not performing any
computation. Overall, given that communication needs to
mediated via the CPU, this limitation prevents overlapping
computation and communication — another aspect which
has affected the design of PIM-STM, as discussed in §3.1.

Related work on PIM. In the literature on software li-
braries for PIM, the work that is most closely related to ours
is SynCron [23], which implements synchronization primi-
tives (locks, barriers, semaphores, and condition variables)
across different DPUs. To implement these abstractions, Syn-
cron assumes the availability of message passing links that
allow for efficient and direct communication among DPUs.
A first, fundamental difference between PIM-STM and Syn-
cron lies in the type of synchronization primitives studied,
namely transactions for regulating concurrency within a
DPU (PIM-STM) vs inter-dpu blocking primitives (Syncron).
Further, hardware support for inter-DPU message passing
is not provided by the UPMEM hardware and emulating
them via CPU-mediated communications would introduce
severe overheads. The absence of hardware support for di-
rect inter-DPU communication is a key factor at the basis of
PIM-STM’s design choice to only support transactions that
access data located in the PIM in which they execute.

PIM-STM is also related to the works that investigated the
implementation of concurrent data structures for PIM [5, 36]
(which can also be implemented using STM). These works,
however, assume a single threaded execution model for the
DPUs and, as such, avoid concurrency issues via a simple
flat-combining model [31]. Conversely, PIM-STM provides

Figure 1. Internal depiction of an UPMEM PIM chip [28].

programmers with a generic synchronization abstraction
(atomic transaction), whose implementations support the
multi-threaded execution model of the UPMEM system.

2.2 Transactional Memory
Transactional memory (TM) has surfaced as a simpler and
more intuitive alternative to lock-based synchronization.
Despite borrowing the TM transaction abstraction from the
database literature, STMs are not designed to operate in sand-
boxed environments (unlike DBMSs). Thus, TMs normally
adopt more stringent safety guarantees, such as opacity [25].
Roughly speaking, opacity guarantees that every transac-
tion, including the ones that eventually abort, observes a
state that can be explained via a sequential execution. Hence,
opacity rules out the possibility of externalizing the writes of
uncommitted transactions to concurrent transactions, a tech-
nique sometimes used in the context of database concurrency
control [29, 45].

The TMabstraction can be implemented in software (STM),
hardware (HTM) or in a combination of both (hybrid). This
work investigates the problem of how to develop efficient
software-based implementations of the TM abstraction for
PIM devices. Therefore, in the following, we focus on analysing
related works on STM implementations. STMs have been
long studied in the context of cache-coherent multi-core
CPUs and a plethora of alternative algorithms have been
proposed in the literature, e.g., [2, 7, 15, 19]. In §3, we discuss
the key design choices underlying existing STM algorithms.

Recently, (S)TM implementations have been proposed for
alternative types of hardware platforms, ranging from em-
bedded devices [20], non-cache coherent many-core sys-
tems [24], distributed systems [1, 6], GPUs [42] and het-
erogeneous systems [4]. To the best of our knowledge, our
work is the first to propose the use of STM for PIM and to
investigate the efficiency of alternative STM designs for this
emerging systems.

3 PIM-STM
This section presents the API and key design choices (§3.1)
of the PIM-STM library, as well as the STM implementations
(§3.2) that it includes.
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Figure 2. STM taxonomy. The designs in dashed boxes are
either impossible to implement or impractical.

3.1 API and key design choices
The PIM-STM exposes a conventional STM API that allows
programs running inDPUs to demarcate (start/abort/commit)
transactions and issue read/write requests to local WRAM or
MRAM addresses. The PIM-STM library provides a number
of alternative implementations of the transaction abstrac-
tion for the UPMEM PIM system and developers can control
which implementation to employ via compile time macros.

A key design choice of PIM-STM is to restrict transactions
to operate within the boundaries of the DPU in which they
execute.This choice is based on two observations. First, the
UPMEM system does not provide support for direct com-
munication between DPUs and inter-DPU communication
has to be mediated by the CPU — which is costly. In fact,
we empirically verified that the latency of a CPU-mediated
inter-DPU read for a 64-bit memory word is three orders
of magnitude larger than a read to the local DPU MRAM
(namely 331`𝑠 vs 231 𝑛𝑠 , respectively). Second, communica-
tion and computation cannot be overlapped in the current
UPMEM system (§2.1), which prevents the use of speculative
techniques used in the distributed TM literature to mask
inter-node communication latency [35, 44]. For these rea-
sons, we do not provide support for distributed transactions
in PIM-STM and intentionally restrict their scope solely to
local data — which, as we have already mentioned, is key to
maximize the performance achievable using PIM systems.

The consequence of this design decision is that program-
mers need to define a partitioning scheme for their applica-
tions’ data that strives to avoid (or at least minimizes) the
need for having to atomically manipulate data residing at
different DPUs — which in practice can still be achieved,
albeit sequentially, by coordinating the data manipulation

via the CPU. In fact, the complexity of defining such a parti-
tioning scheme is strongly application dependant, but, gen-
erally speaking, the more fine grained the data partition-
ing scheme, the larger are expected to be i) the algorithmic
changes required to adapt the application’s logic to the new
data partitioning scheme, and ii) the overheads introduced
to support such algorithmic alterations (e.g., as the number
of sub-problems grows, the cost for disseminating inputs
and combining results grows accordingly) [41]. Overall, PIM-
STM seeks a sweet-spot regarding data partitioning by al-
lowing developers to adopt relatively coarse data partitions
(namely 64 MB, which corresponds to the memory capacity
of a single DPU in the current UPMEM system), while still
providing the intuitive and familiar abstraction of transac-
tions, although restricted to operate solely on local data.
Another key design choice is predicated on the fact that

the UPMEM system has two types of memory: WRAM (fast,
but with a capacity of only 64KB) and MRAM (slower, but
with a capacity of 64MB). This provides the flexibility to
maintain the TM metadata (such as readsets, writesets and
lock table) in either of these memory modules. By placing the
STM internal data structures in WRAM, the overheads of in-
strumentation can be reduced. However, this can, at least for
some applications, create a non-trivial trade-off, as allocating
the STM metadata in WRAM reduces the WRAM available
for PIM applications to store their own data. The PIM-STM
library controls whether STM metadata is kept in WRAM or
MRAM via compile-time macros; this allows application de-
velopers to easily tune the underlying STM implementation
to better match their application requirements.

3.2 STM algorithms included in PIM-STM
While designing PIM-STM, we have strived to include in
it a set of implementations that could enable us to explore
exhaustively the design space of STM algorithms. Given
that we target programs coded using the C programming
language, we focused our attention to single-version, word-
based TM designs. In fact, C is a low level programming
language that does not support object-orientation; further,
since multi-versioning is typically used in object-oriented
TMs [2], we also dismiss this design choice. This leaves us
with four main design choices, namely, meta-data granular-
ity, visible vs invisible reads, lock timing and write policy.

Metadata granularity. The granularity at which con-
flicts are detected is a key aspect of an STM. Two main ap-
proaches have been used in the literature, which we refer to
as ORec-based vs NOrec-based. Most STM algorithms follow
the ORec-based approach, where meta-data for conflict detec-
tion are maintained in structures called Ownership Records
(Orecs). This metadata is kept at the level of memory-words
(or of memory regions, to limit the number of ORecs used
by the STM). This design allows tracking conflicts at a finer
granularity than the alternative, NOrec design (introduced



PIM-STM: Software Transactional Memory for Processing-In-Memory Systems ASPLOS ’24, April 27-May 1, 2024, La Jolla, CA, USA

by D’Alessandro et al. [7]), which relies on a single sequence
lock to track the commit event of update transactions. When-
ever a transaction 𝑇 detects that some concurrent update
transaction 𝑇 ′ committed, 𝑇 validates its readset, which en-
sures that 𝑇 ′ did not conflict with 𝑇 . The NOrec design has
the benefit of reducing themetadatamaintained and accessed
during transactions’ execution. Its key disadvantage is that
it incurs additional validations, which are avoided by ORec
based designs thanks to their ability to track conflicts at a
finer granularity.

Read visibility. This design choice determines whether
read operations are detectable by other concurrent trans-
actions. For this to be possible, read operations must leave
a trace of their execution, which implies issuing expensive
writes to shared variables. Invisible read designs avoid these
costs, but cannot prevent that the value observed by an un-
committed transaction is later invalidated by a concurrently
committed transaction. Therefore, approaches based on in-
visible reads (e.g., Tiny [18, 19] and NOrec [7]) rely on addi-
tional validation phases (taking place at commit time and/or
during transaction execution) that verify whether the state
observed by a transaction is still valid. In cache-coherent
CPUs, the visible read policy tends to perform worse [30, 47]
due to high cache invalidation traffic that this approach gen-
erates. However, given that the architecture of the UPMEM
system is quite different from modern multi-core CPUs, we
investigate whether a similar conclusion applies in this case.

Lock timing. Internally, STMs regulate concurrency by
using some form of locking. Regarding the time at which
locks are acquired, it is possible to categorize STMs into
one of the following two options: Encounter-Time Locking
(ETL) and Commit-Time Locking (CTL). The former acquires
locks during transaction execution, while the latter defers
lock acquisition until commit time. CTL may allow for in-
creased concurrency by reducing the time locks are held.
However, using CTL, conflicts are detected later by transac-
tions, which can lead to performing more wasted work in
case of abort. CTL also requires checking the writeset for
reads-after-writes on every read.

Write policy. The write policy determines the moment
in which writes are made visible. The Write-Back (WB) pol-
icy defers until commit time the task of writing new values
to their memory addresses, buffering them during transac-
tion execution. This approach avoids the cost of undoing
writes when transactions abort. However, WB requires an
additional copy phase at commit time, slowing down trans-
actions that do not abort. The alternative approach, Write-
Through (WT), writes directly to shared memory and buffers
old values in an undo log, to restore old values in case the
transaction aborts. With WT, reads are spared from looking

up the transaction’s writeset, writes do not need to be prop-
agated to shared memory at commit time, but it incurs the
cost of undoing writes on abort.
Fig.2 presents the taxonomy of the STM design choices

that we consider in this work. Note that this taxonomy in-
cludes the design options that are most frequently adopted
by existing STM implementations, but there are indeed some
plausible, although less common, design choices that are
not considered in the taxonomy (e.g., allowing transactions
to wait when lock contention is encountered, rather than
simply aborting). The figure highlights, using dashed boxes,
the design combinations that are either incompatible (as
they would break correctness) or undesirable (due to the
efficiency reasons). Specifically, the WT and CTL policies
are not compatible (i.e., WT is only viable with ETL), since
it would lead to exposing the updates generated by uncom-
mitted transactions (violating opacity [25]). Further, it is
undesirable to combine the NOrec design with the following
two design choices (and, to the best of our knowledge, no
STM algorithms exist that adopt these combinations):

1. Visible reads: as detecting the existence of concurrent
transactions that read some data item, without being able to
pinpoint which item was read, brings no practical advantage,
thus only adding overhead.

2. Encounter time locking: as tracking via the global
sequence lock the writes issued by ongoing transactions
yields two strong disadvantages: i) it significantly amplifies
the frequency of updates to the sequence lock, which require
using atomic instructions; ii) it would lead to more frequent
readset validations, which would be triggered by the write
of still ongoing transactions, i.e., by transactions that can
still abort in the future. Thus, these additional validations
are not only expensive, but also of very little practical use.
This leaves us with 7 viable combinations (Fig.2), corre-

sponding to the STMalgorithms included in PIM-STM,which
we describe in the next section.

3.2.1 STM implementations. The 7 viable STM options
in our taxonomy can be grouped in threemain classes, namely
approaches that use designs based on: i) Norec; ii) Orec and
Visible reads; iii) Orec and Invisible Reads. For the first two
classes, we opted for porting to UPMEM two corresponding
STM algorithms for CPU, namely Tiny [18, 19] and NOrec [7].
We choose these algorithms as they are quite popular in the
STM literature and are generally regarded as two of the most
popular STM algorithms for CPU [13, 14, 37]. Algorithms
based on visible reads are less common in the literature, so
we developed a new STM algorithm, which we called VR.
This implementation is inspired by classic lock-based concur-
rency control used in DBMSs and adapted to ensure STM’s
safety (opacity). Below we describe in more detail each of
these algorithms.
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Tiny [18, 19]. This implementation uses the concept of
version clock validation, where a version is attributed to each
memory address (and kept in an Orec alongside the lock).
Every transaction maintains a lower and upper bound that
constrain the visibility of its snapshot. Tiny allows extend-
ing this upper bound. An extension occurs when a transac-
tion tries to read a memory position with a higher version
than the snapshot’s upper bound and requires verifying that
the version of every memory address previously read has
not changed since the read was performed. This extension
mechanismmight allow transactions from being spared from
aborting, enhancing efficiency with respect to simpler de-
signs (e.g., TL2 [11]). To protect written positions, Tiny uses
a lock table, whose entries (which serve as Orecs) cover a set
of memory addresses. The mapping between an address and
a lock table entry is done via a hash function. The size of
the lock table (which is determined at compile time) dictates
the balance between memory usage and aliasing. Aliasing
happens when different memory positions are mapped to
the same lock table entry. Using a larger lock table leads to
less aliasing (and thus, less unnecessary aborts). However,
a larger lock table also takes up more space. This is a par-
ticularly important consideration in the UPMEM hardware,
given the limited capacity of WRAM. In this work, we use
Tiny to fully cover the sub-tree of the taxonomy associated
with Orecs and invisible reads.

NOrec [7]. This approach strives to reduce instrumen-
tation overheads via a simple design that relies on a sin-
gle sequence lock (i.e., a timestamped lock) to serialize the
commit phase of update transactions. NOrec uses commit
time locking and write-back as a way of decreasing the time
during which transactions hold the global lock. To ensure
opacity, NOrec performs value-based validation on the pre-
viously read memory locations. This is done by checking,
upon every read, if any concurrent transaction committed.
In the positive case, NOrec checks the read set to determine
whether the values read so far have been overwritten by any
concurrent committed transaction. Concurrent updates are
detected by verifying if the sequence lock increased. The se-
quence lock is also exploited to implement a simple back-off
policy that delays transaction start if the lock if found busy.
This helps reducing conflicts in high contention scenarios.

Visible Reads (VR). This STM design tracks read and
write accesses to memory words by means of read-write
locks (rw-locks). Similarly to Tiny, VR use a lock table where
each entry is mapped to a set of memory addresses via hash-
ing. Each entry of the lock table contains a rw-lock that
controls access to the corresponding memory position. This
implementation contains 3 variants (VR CTLWB, VR ETLWB
and VR ETLWT). All these variants ensure read visibility by
having transactions acquire rw-locks in read mode as soon
as the read is performed. Write operations trigger the acqui-
sition of the corresponding rw-lock in write mode, which

it takes immediately or at commit time depending on the
lock timing policy (ETL vs CTL). Fig.3 illustrates our rw-lock
implementation for the UPMEM system. Each rw-lock uses
a 32-bit word. The 2 least significant bits are used to encode
whether the lock is acquired and in which mode. If the lock is
acquired in read mode, we use the topmost 6 bits to store the
number of readers currently holding the lock. As UPMEM
supports at most 24 concurrent tasklets, we use the remain-
ing 24 bits to also store the identity of the readers that have
acquired the lock. This is useful in combination with the
WB policy, as it spares from having to consult the writeset
whenever a read is issued (to return the latest value written
by the transaction, if any). For efficiency reasons, when the
lock is in write mode, we encode the lock owner identity by
storing in topmost 30 bits the (word-aligned) address of the
owner’s readset. To avoid deadlocks, a transaction aborts
every time it tries to acquire a lock that is already being
held in an incompatible mode. This means that a transaction
request to upgrade a read lock to a write lock causes an abort
if the lock is held in read mode by other transactions.

Unlike all other approaches, the VR design avoids the need
for validating previously read memory positions. However, it
incurs additional costs due to the need of tracking readers (by
acquiring a read-write lock in read-mode). Further, its lock-
based design makes it more susceptible to spurious aborts
in high contention workloads.

Hardware synchronization primitives. Existing CPU-
based STM implementations, such as TinySTM and NOrec,
rely heavily on compare-and-swap (CAS) to, e.g., update the
sequence lock (NOrec) or to update an entry of the lock-table
(Tiny). However, the CAS instruction is not available on the
UPMEM hardware. To implement the CAS primitive (on the
UPMEM hardware), we use the acquire and release instruc-
tions described in §2.1. More precisely, we first acquire a lock
on the address targeted by the CAS operation, then we check
if the current value matches the expected one and finally, we
release the lock. Recall that the acquire and release atomic
instruction are implemented via a 256 bit atomic register.
Thus, when two tasklets try to acquire locks on different
addresses (e.g., corresponding to different lock table entries)
that are mapped to the same bit of the atomic register, the
two tasklets may suffer lock aliasing and be unnecessarily
serialized. However, in our STM implementations, this se-
rialization occurs only for the time needed to consult and
possibly update a lock table entry (Tiny and VR) or to up-
date the sequence lock (NOrec). This is a relatively short
period of time compared to the actual transaction duration
and, as we will see in §4.2, the impact of this lock aliasing
on performance is negligible. Further, as the acquire/release
primitives of UPMEM operate on a hardware register (i.e.,
they do not access WRAM or MRAM), their overhead is
minimal in practice.



PIM-STM: Software Transactional Memory for Processing-In-Memory Systems ASPLOS ’24, April 27-May 1, 2024, La Jolla, CA, USA

Lock Table

0 0

00

10

010xABC

write bit
read bit

6 bits 24 bits

3 010000100001

2 bits
# Readers Reader Flags

30 bits
Owner (write mode)

Atomic Bit Register
for Acquire/Release

read
lock

write
lock

25
6 

bi
ts

...

Read

Write

Memory

Figure 3. Design of lock table

4 Experimental Evaluation
This section aims to answer the following key questions:

1. Which STM designs perform better in different set-
tings? What guidelines can be provided to identify
which STMs better fit different workload characteris-
tics? (§4.2)

2. What impact has the choice of allocating the STM
metadata in WRAM (vs MRAM) on the efficiency of
the various STM designs? (§4.2.1 and §4.2.3)

3. What performance and energy gains can be achieved
by using PIM-STM to accelerate STM applications orig-
inally designed for CPUs? (See §4.3)

In order to answer the first two questions above, we study
the performance of the different STM implementations pro-
vided by PIM-STM on a single DPU. This allows us to assess
the scalability and efficiency of the various solutions as the
degree of parallelism on an individual DPU varies. We eval-
uate the scenario in which multiple DPUs are used concur-
rently when addressing the third of the above questions.

All the experiments presented in this section were run on
the UPMEM server, which is equipped wit two Intel Xeon
Silver 4215 CPUs. This system has 256GB of main memory
(DRAM) and 160GB of PIM-enabled memory (i.e., a total
2560 DPUs, see §2.1). For our multi-DPU study (§4.3 study,
we use a machine equipped with an Intel Xeon Gold 5218
CPU (32 hardware threads) and 190GB of DRAM. Unless
otherwise specified, the reported results are obtained by
averaging 10 runs and we also report the corresponding
standard deviation.
The code of PIM-STM and all the presented benchmarks

is publicly available 1.

4.1 Benchmarks
Below we describe the set of benchmarks used in our study,
which includes synthetic benchmarks, concurrent data struc-
tures as well as two complex applications from the STAMP
benchmark suite [38] in the domain of machine learning
(Kmeans) and VLSI design (Labyrinth).

ArrayBench. This is a synthetic benchmark that relies
on transactions to manipulate an array of size 𝑁 and that
we use to shape two workloads (denoted as A and B) with
1https://github.com/Andre12Lopes/PIM-STM.git

diverse characteristics. In workload A, 𝑁 is set to 12,500 and
the array is split into two regions, one of size 𝑌=2,500 and
another of size 𝐾=10,000 (such that 𝑌+𝐾=𝑁 ). Transactions
execute in two phases: in the first phase, they read 100 ran-
dom array entries from region 𝑌 ; in the second phase, 20
array entries at random in region𝐾 are read and modified. In
workload B, we set 𝐾=10 and execute only the second phase,
in which transactions manipulate 4 array entries. Overall,
workload A is less contention prone, despite generating a
larger number of read and write accesses (as the first phase
operates on a non-contended array region and the array re-
gion manipulated in the second phase is much smaller in
workload B).

Linked-List. An implementation of a concurrent Linked-
List that uses TM for synchronization. It exposes three oper-
ations: add, remove and contains. Each is encapsulated within
a transaction. The size of the list is kept roughly constant
by enforcing equal number of adds and removes throughout
the duration of the benchmark. We consider two workloads
which generate different contention levels: in the low con-
tention (LC) workload, 90% of the operations are contains (i.e.,
read-only transactions); in the high contention (HC) work-
load, only 50% of the operations are contains. Each tasklet
performs 100 operations and initially the list has 10 elements.

KMeans. This is a TM based porting of the K-means al-
gorithm, whose goal is to determine the coordinates of the
centroids of 𝑘 clusters, given as input a set of 𝑁 -dimensional
points. This is achieved by initializing the clusters’ coordi-
nates at random and assigning each input point to the cur-
rently closest cluster and updating its centroid. In KMeans,
transactions are used to update the coordinates of the cen-
troid to which an input is assigned to, but the computation of
the closest centroid is performed non-transactionally. Thus,
transactions are relatively small (their readset and writeset
size coincides with 𝑁 ) and the fraction of time spent in trans-
actions decreases quickly as the number of centroids grows.
Also in this case, we consider a low contention (LC) work-
load (𝑘 = 15, 𝑁 = 14), and a high contention (HC) scenario
(𝑘 = 2, 𝑁 = 14).

Labyrinth. The Labyrinth benchmark [38] is a porting of
the Lee algorithm [34]. Transactions are used to concurrently
route paths over a shared 3-dimensional grid while guaran-
teeing that paths do not overlap. Transactions encompass
an expensive computation aimed at identifying the shortest
path. However, this phase operates on a private copy of the
grid that is accessed directly, i.e., without using the STM API.
We use Labyrinth to generate 3 workloads that route 100
paths over grids of different sizes, namely 16×16×3, 32×32×3
and 128×128×3 for workloads, named S, M, and L resp. By
varying the grid size, the duration of transactions (and the
size of their readset/writeset) increases accordingly.

https://github.com/Andre12Lopes/PIM-STM.git
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4.2 Efficiency of alternative STM designs
This study assesses the efficiency of the alternative STM
designs of PIM-STM on a single DPU, both for the case of
STM metadata kept in MRAM (§4.2.1) and in WRAM (§4.2.3).

4.2.1 STM metadata hosted in MRAM. Fig. 4 and 5 re-
port the throughput (number of committed transactions per
second), abort rate and time breakdown for the case where
TM metadata is kept in MRAM. In the following, we analyse
each benchmark.

ArrayBench. The two workloads of this benchmark have
very different characteristics and this is reflected into the
relative performance of the STM algorithms to the extent
that the worst performing solution for workload A is the
most competitive one for workload B.

Let us start by discussing the results for ArrayBench A. In
this case, the top 3 performing solutions are based on the VR
design, with the two ETL variants delivering the best perfor-
mances, followed by the CTL variant. While the choice of the
write policy (WB vs WT) appears to have limited impact, the
CTL design reduces peak throughput by nearly 25% with VR.
This can be explained via the breakdown plot in Fig.4i, which
shows that VR CTLWB spends more time in the read and
commit phases than the ETL variants. This can be explained
by considering that Tiny’s CTL implementation requires
scanning the write set every time a read is performed (to
return values previously written by the current transaction).
Additionally, all CTL implementations performmore work at
commit time (i.e., acquire locks and write values to memory).

As for the invisible reads solutions, the variants based on
Orecs (i.e., Tiny-based) are approx. two times slower than
the best performing VR-based variant. NOrec is the worse
performing solution with this workload and at 11 tasklets it
is around 2.5× slower than the best STM. By the breakdown
plot in Fig.4i, we see that the performance of these solu-
tions is hampered by their additional readset validation(s),
which are expensive in this workload as readsets are rela-
tively large (transactions read up to 120 memory positions).
This cost is exacerbated in NOrec, which needs to validate
the transaction’s readset upon each read if any update trans-
action commits concurrently. Thanks to its finer grained
conflict detection capability, Tiny performs a lower number
of validations than NOrec.We also see that the cost of exe-
cuting read operations is larger for the solutions that use the
invisible reads policy (Tiny and NOrec). This may appear
counter-intuitive, given that the VR policy requires acquir-
ing a rw-lock in read mode (a cost that is spared by both
Tiny and NOrec). However, keeping in mind that the read la-
tency is dominated by the number of neededMRAM accesses
(which overshadow the latency of WRAM and register ac-
cesses), there are two main reasons that justify these results:
i) the acquisition of the rw-lock relies on an atomic operation
(§2.1) that operates on a DPU register, i.e., it does not access

MRAM and, thus, introduces very limited overhead; ii) the
Tiny and NOrec variants execute a larger number of MRAM
read accesses than the VR variants, some of these accesses
being due to the invisible read design (e.g., reading twice the
lock to detect concurrent writes or reading the transaction
snapshot) and others (for the case of NOrec) due to the WB
design (i.e., having to consult the writeset).

The relative performance of the considered STMs is almost
reversed when considering workload B (Fig.4b). Here, NOrec
shines, as it wastes less time processing aborted transactions
(Fig.4j) for two main reasons: i) in NOrec transactions wait
until the global sequence lock is free before starting, which
acts as a contention management mechanism [48, 49]; ii) the
abort cost is lower in NOrec since it does not need to update
any ORec.
The ETL-based variants of VR, i.e., two most competi-

tive solutions for workload A, here stop scaling at around
4 tasklets and their peak throughput is ∼40% lower than
NOrec’s. In fact, in this workload, a read on the a data item
is always followed by a write. Hence, the use of read-write
locks provides limited benefits, unlike in workload A where
transactions access a large number of data items by solely
reading them. Also in this workload, all the ETL variants
have an edge over the corresponding CTL counterparts (for
the same reasons discussed when analysing workload B).

Regarding the Tiny variants, they achieve a slightly worse
performance than the ETL variants of VR. The main reason
is that the use of VR allows detecting conflicts earlier that
in Tiny, which reduces the time wasted when aborting. The
CTL variants of Tiny scales better than its VR counterpart,
although the two reach a similar peak throughput. In fact,
the VR CTLWB suffers a higher abort rate than the Tiny
CTLWB: with this workload, VR CTLWB incurs spurious
aborts that are triggered when transactions attempt to up-
grade a rw-lock from read mode to write mode (as if two
transactions conflict on more than a data item, both of them
can abort if they attempt to acquire write locks on different
data items concurrently), which are instead avoided by the
other designs. This also reflects into a larger wasted time for
VR CTLWB (Fig.4j).

Linked-List. In both the LC and HC workloads of this
benchmark, the best performing STM is NOrec, whose peak
throughput in the LC/HC workload is 6%/15%, better resp.,
than the Tiny-based solutions. The VR variants are clearly
the worse performing ones, as they experience amuch higher
abort rate. In fact, when a transaction𝑇 attempts to upgrade a
rw-lock from read to write mode (i.e., in order to update a list
element), it is likely to encounter that lock already acquired
in read-mode by a concurrent transaction 𝑇 ′. This causes 𝑇
to abort, even though𝑇 ′ may also later abort. Conversely, in
the invisible reads based designs, if a transaction 𝑇 aborts,
this is always due to a conflict with a committed transaction.
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(a) Throughput (ArrayBench A) (b) Throughput (ArrayBench B) (c) Throughput (Linked-List LC) (d) Throughput (Linked-List HC)

(e) Abort rate (ArrayBench A) (f) Abort rate (ArrayBench B) (g) Abort rate (Linked-List LC) (h) Abort rate (Linked-List HC)

(i) Phases (ArrayBench A) (j) Phases (ArrayBench B) (k) Phases (Linked-List LC) (l) Phases (Linked-List HC)
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Figure 4. Throughput, abort rate and time breakdown for ArrayBench and Linked-List with metadata in MRAM.

As for the comparison between NOrec and the Tiny-based
variants (which achieve similar performance in these work-
loads), the reasons underlying the NOrec gains differ de-
pending on the considered workload: in the LC workload,
despite incurring a slightly higher abort rate, NOrec has an
edge over the Tiny variants as it can process reads more
efficiently, due to its simpler logic (which overall spares 2
MRAM access w.r.t. Tiny to process a read request); in the
HC workload, NOrec and the Tiny variants have a similar
abort rate, but NOrec wastes less time aborting (by perform-
ing more frequent validations, NOrec detects conflicts earlier
than Tiny).
Regarding lock timing, the ETL variants of Tiny and VR

have a slight advantage over their CTL counterparts, al-
though this design choice has a less strong impact (especially
for the Tiny-based approaches) than in the ArrayBenchwork-
load. This can be explained by noting that transactions have
smaller writesets in this workload. Thus, the extra costs in-
curred by CTL when reading (i.e., scanning the writeset to
determine if the item was previously written) are reduced.

As for the write policy (WB vsWT), it has a negligible impact
on performance (analogously to what previously observed).

KMeans. In the LC scenario(Fig.5a), we observe an almost
linear scalability for NOrec and for the ETL- based variants of
Tiny and VR, which all achieve very similar peak throughput.
NOrec has a slight edge over these solutions, mostly thanks
to its more efficient handling of read and write operations
(Fig.5i). We can also observe that, despite the various STMs
experiencing quite different abort rates (ranging from ∼5%
to ∼80%), this does not impact significantly throughput. In
KMeans LC, most of the time is spent in non-transactional
code, which explains why the choice of the STM implemen-
tation has only a limited impact on performance.
This is not the case for the HC scenario, though. As the

number of centroids decreases by a factor of 7.5×, the bench-
mark spends a much larger fraction of time executing trans-
actional code which increases contention drastically. Thus,
the performance gaps among the STMs amplify, with NOrec
achieving ∼22% higher throughput than the ETL variants of
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(a) Throughput (KMeans LC) (b) Throughput (KMeans HC) (c) Throughput (Labyrinth S) (d) Throughput (Labyrinth L)

(e) Abort rate (KMeans LC) (f) Abort rate (KMeans HC) (g) Abort rate (Labyrinth S) (h) Abort rate (Labyrinth L)

(i) Phases (KMeans LC) (j) Phases (KMeans HC) (k) Phases (Labyrinth S) (l) Phases (Labyrinth L)
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Figure 5. Throughput, abort rate and time breakdown for the KMeans and Labyrinth benchmark with metadata in MRAM.

Tiny, which, in turn, are followed closely by the ETL vari-
ants of VR. This workload is the one that shows the largest
penalty for the CTL design, for both its Tiny-based and VR-
based variants. Interestingly, the CTL variant of Tiny suffers
a much lower abort rate than its ETL counterparts (Fig.5f).
In fact, despite the Tiny CTL design avoiding some spuri-
ous aborts incurred by the Tiny ETL design (by postponing
lock acquisition and reducing lock duration), the CTL vari-
ants detect conflicts later (leading to more wasted work).
Furthermore, even in the absence of contention, CTL im-
plementations spend significant more time in the read and
commit phases (Fig.5j).

Labyrinth. In Labyrinth S and L (Fig.5c and 5d), all imple-
mentations achieve a similar peak throughput at ∼5 tasklets.
Slightly larger performance gaps are observable in workload
S, whereas the performances of the various STMs are closer
in workload L. Unlike in KMeans LC, where most of the time
is spent in non-transactional code, in this benchmark almost
100% of the time is spent in transactional code.

The time breakdown plots show that, unlike all other con-
sidered benchmarks, in Labyrinth the time spent processing
(“Other (Executing)” in Fig.5l) during transactions is the dom-
inating cost at 1 tasklet. Further, this time grows drastically
at 11 tasklets (especially in workload L), overshadowing the
time spent in STM related activities. This increase is due
to the characteristics of these workloads (strongly memory
bound) that lead to under-utilize the DPU’s pipeline, causing
the DPU performance to saturate with less than 11 tasklets
(§2.1 and [50]). Thus, scalability is limited not only by con-
tention at the STM level, but also at the hardware level.
At the STM level, contention is similar for all variants,

except for the VR-based STMs (Fig.5g and 5h). However, the
additional aborts in the VR-based STMs are associated with
a very short transaction that is used to extract jobs from a
shared queue. This transaction is more susceptible to trigger
spurious aborts in the VR-based solutions and undergoes a
larger number of retries. However, due to its relatively short
execution, its aborts have limited impact on performance.
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4.2.2 Main Conclusions. Below we summarize the main
conclusions of the study presented above. To aid our analysis,
we report in Fig.6a the distribution of the peak throughput
of each STM normalized by the peak throughput of the best
STM for each workload.

Metadata granularity. NOrec achieved the best (average
and median) performance across all benchmarks. This can
be attributed to two main factors: F1) NOrec manipulates
a much smaller amount of metadata, which translates into
faster read and write phases; F2) NOrec tends to experience
lower abort rates in high contention scenarios since: a) NOrec
wait until the global sequence lock is free before starting
transactions; b) due to F1, the duration of the transaction
execution phase is reduced, which helps reducing conflict
probability [3, 9].
However, due to its coarse metadata granularity, NOrec

performance can be severely hampered in workloads (e.g.,
ArrayBench LC) where transactions have large readsets and
a low conflict probability. In these settings, NOrec under-
goes frequent, yet unnecessary, readset validations that can
introduce prohibitive overheads.

Read visibility. The designs based on invisible reads (i.e.,
Tiny-based) tend to outperform the VR-based variants in
high-contention scenarios, where the latter tend to suffer
frequent spurious aborts. However, in low contention work-
loads in which transactions issue a large number of reads,
e.g., ArrayBench LC, the best VR design variant is ∼2× faster
than the best Tiny-based variant, given that: i) VR avoids
the cost of readset validation; ii) the overhead of tracking
readers (which requires acquiring a rw-lock in read mode)
is quite low on the UPMEM system and is outweighed by
the benefits provided by the use of VR’s simpler design (that
spares several MRAM read accesses when compared to the
Tiny variants).

Lock timing. ETL is overall more competitive approach
than CTL, at least for the considered workloads, as the main
potential benefit of CTL, i.e., reducing abort rate, is largely
outweighed by its drawbacks, i.e., more wasted work in case
of abort and higher read cost.

Write policy. The write policy (WB vs WT) has very lim-
ited impact on performance in all the considered workloads.
Indeed, when the STM metadata are kept in MRAM, the in-
strumentation overhead is mostly dependent on the number
of MRAM accesses performed by the STM and the write
policy choice has a limited impact on this.

No one-size-fits-all solution. Overall, our results show
that no STM delivers optimal performance across all the
considered workloads and that even the solution that is on
average most competitive (i.e, NOrec) can be up to 2× slower
when faced with non-favourable workloads.
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Figure 6. Distribution across all workloads of the ratio be-
tween the peak throughput of the best STM for a given
workload and the peak throughput of a given STM for that
workload. Lower is better.

4.2.3 STM metadata hosted in WRAM. Due to space
constraints we include the plots for the case of metadata
hosted in WRAM in the extended version of the paper 2, but
we discuss the main conclusions below.

• The use of WRAM to maintain STM metadata reduces
the STM instrumentation overheads significantly, with bene-
ficial effects both on peak throughput and scalability: hosting
the STM metadata in WRAM reduces transaction duration,
which, in turn, reduces the likelihood of conflicts. The speed-
ups achievable via the use of WRAM are strongly related
to the the fraction of time spent running transactional code.
For instance, in KMeans LC, which spends a negligible per-
centage of time executing transactions, the throughput gains
are ∼5%. In the remaining workloads, which spend most of
the time in transactional code, the gains range from 2.46×
to 5.1×, with a geometric mean of 2.86×. Based on these
results, our recommendation is to host STM metadata in
MRAM if applications make little use of transactions (to
reserve WRAM capacity for applications’ needs). If applica-
tions heavily rely on transactions, the gains achievable by
using WRAM to accelerate the STM implementation can be

2https://github.com/Andre12Lopes/PIM-STM

https://github.com/Andre12Lopes/PIM-STM
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substantial; however, one should factor in the possible slow-
down caused by reducing the available WRAM capacity for
other applications’ purpose.

• Although NOrec remains the most competitive solu-
tion in 75% of the workloads, the two ETL variants of Tiny
become the most competitive solutions based on the aver-
age normalized peak-throughput (Fig.6b). In fact, when the
Orecs are allocated inWRAM, their access latency is reduced,
which improves the efficiency of Orecs-based solution.

• The choice of the write policy (WB vs WT) has stronger
impact than when hosting the STM metadata in MRAM, as ,
by accelerating the access to the STM metadata via WRAM,
the relative cost of applying the transaction’s write toMRAM
is amplified. As expected, WB is favoured in high contention
workloads (up to 14% throughput increase in ArrayBench
B) and WT in low contention ones (up to ∼5% throughput
increase in Linked-List LC).

4.3 Performance and energy gains with respect to
CPU

This section assesses the performance and energy gains
achievable by using PIM-STM to accelerate STM-based ap-
plications originally developed for CPUs. To this end, we
ported KMeans and Labyrinth to operate on the thousands
of DPUs provided by the current UPMEM system. We first
describe our multi-DPU porting of KMeans and Labyrinth
(§4.3.1). Next, we analyse performance (§4.3.2) and energy
(§4.3.3) gains.

4.3.1 Multi-DPU Benchmarks. We use our multi-DPU
porting of Kmeans and Labyrinth to illustrate two approaches
that take advantage of inter-dpu parallelism: i) having the
different DPUs cooperate to solve a single problem (Kmeans),
or ii) letting each DPU solve an independent instance of the
same problem (Labyrinth).

Kmeans. We adapted KMeans to have the CPU distribute
disjoint shards of the input points to each DPU. The DPUs
operate in parallel on a private copy of the centroids. At
the end of each round, the DPUs communicate their locally
updated centroids to the CPU, which merges these updates
and communicates the new centroids to the DPUs to start
a new round. For the sake of fairness, we configure both
the CPU and DPU implementations to perform the same
number (3) of rounds. Also, in this experiment each DPU is
assigned 200K input points. Thus, as we vary the number of
used DPUs, we also vary the total number of inputs points
both for the DPU and CPU implementations.

Labyrinth. In our multi-DPU porting of Labyrinth, the
CPU schedules the execution of independent instances of
circuit routing problems on different DPUs; the CPU initiates
a job by transferring the problem inputs to the DPUs; the
DPUs use the PIM-STM library to solve their own problem
instance and report back the updated grid to the CPU.

General considerations. On the DPU-side, we used for
both benchmarks the NOrec STM implementations, which
we configured to use the number of tasklets that provide
peak throughput. On the CPU-side we use the NOrec im-
plementation, which we also we also configured to utilize
the optimum number of threads, namely 4/8 threads for
KMeans/Labyrinth, resp. As our Labyrinth porting is used
to solve independent problems, on the CPU side we execute
4 independent processes in parallel (each using 8 threads).
This is done to ensure the full utilization of all the 32 CPU
hardware threads. Finally, for KMeans we allocate the STM
metadata in WRAM; this is not possible for Labyrinth (as
WRAM has insufficient capacity to maintain transactions’
readsets and writesets), so we allocate the STM metadata in
MRAM.

4.3.2 Performance gains. Fig.7a reports the speedups for
KMeans LC and HC with respect to the CPU-based imple-
mentation, as we increase the number of DPUs. The per-
formance of a single DPU is ∼100×/∼300× slower than the
CPU for LC/HC, resp. As we increase the number of DPUs,
we observe performance gains for the PIM-STM-based im-
plementation starting at around 300/400 DPUs that grow
linearly up to approx. 14×/6× for HC/LC, resp.. In fact, as
the number of DPUs/input size increases, the execution time
of the DPU-based version remains approx. constant, whereas
it grows linearly for the CPU-based implementation.

Labyrinth (Fig.7b) shows a similar trend: the CPU strongly
outperforms a single DPU, but as the number of DPUs in-
creases, the speed-ups of the PIM-based implementation
grow linearly. In fact, the throughput for the PIM-based
implementation grows linearly with the number of DPUs,
whereas it remains constant for the CPU. The peak gains
at 2500 DPUs range from 8.48× (smallest grid size) to 2.22×
(largest grid size). As discussed in §4.2.1, as the grid size in-
creases, the workload characteristics become less favourable
for the UPMEM system, causing its pipeline to saturate at
about half of its capacity and limiting the effective intra-DPU
parallelism. This explains why its competitiveness w.r.t. the
CPU-based implementation decreases as the input size grows.

4.3.3 Energy efficiency. Fig.8 presents the speedup and
energy gain when using all DPUs for all the workloads of our
multi-DPU benchmarks. Energy gain is computed as the ratio
of the energy used by the CPU and by the DPU. Given the
lack of energy counters on the UPMEM system, we estimate
the energy consumed by UPMEM for a given workload as
its thermal design power (TDP), namely 370W [16] when
using all DPUs, multiplied by the workload’s execution time.
Conversely, for the CPU-based implementations, wemeasure
the energy consumed both for the CPU and memory sub-
systems via the RAPL [8] library.

In Fig.8 we observe lower energy gains than performance
gains, and even a 31.5% higher energy consumption for
Labyrinth L (whose speedup is 2.22×). Overall, these results



PIM-STM: Software Transactional Memory for Processing-In-Memory Systems ASPLOS ’24, April 27-May 1, 2024, La Jolla, CA, USA

 0.001

 0.01

 0.1

 1

 10

 100

 1  500  1000  1500  2000  2500

S
p

e
e
d

u
p

#DPUs

Kmeans LC
Kmeans HC

(a) Speedup for KMeans.

 0.001

 0.01

 0.1

 1

 10

 1  500  1000  1500  2000  2500

S
p

e
e
d

u
p

#DPUs

16x16x3 (S)
32x32x3 (M)

128x128x3 (L)

(b) Speedup for Labyrinth.

Figure 7. Speedup with respect to CPU-based implementations of KMeans and Labyrinth.
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Figure 8. Speedup and energy gains for 2500 DPUs with
respect to CPU-based implementations of KMeans and
Labyrinth.

show that the current UPMEM system has an excellent per-
formance potential, but is not equally competitive in terms of
energy efficiency. Fortunately, this gap is expected to be nar-
rowed in the next generation of the UPMEM system, which
is expected to be 35% more energy efficient [16].

5 Conclusions and future work
This work tackled the problem of how to develop efficient
STM implementations for PIM, by introducing PIM-STM, a
library that provides a range of alternative STM implemen-
tations for UPMEM (the first commercial PIM system).

Via an extensive experimental study, we investigated the
efficiency of alternative STM designs as well as quantified
the impact of using different memory tiers provided by the
UPMEM system to maintain the STM metadata. We also
assessed the performance and energy gains achievable by
using PIM-STM to accelerate two popular TM benchmarks
originally designed for traditional CPU-based systems.
The introduction of the PIM-STM library paved the way

for future work aimed at further evaluating the effectiveness
and efficiency of the STM abstraction in a broader range of
domains. A relevant domain, where STM is already being

employed [12, 21], is parallelization of block-chains, namely
to accelerate both the mining and validation of new blocks.
Another interesting research question is how to leverage the
PIM-STM library in order to implement non-transactional
concurrent data-structures (such as linked list or hashmaps)
that can be distributed across multiple DPUs, so as to ex-
ceed the memory capacity of a single DPU. Since PIM-STM
transparently regulates concurrency within the boundaries
of individual DPUs, the key problems that remain to be inves-
tigated in order to pursue this goal are i) how to distribute
operations across DPUs efficiently, and ii) how to coordi-
nate operations’ execution whenever these require updating
atomically the state of multiple DPUs.
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