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Abstract

Processing-In-Memory (PIM) integrates compute capabilities
directly into memory modules to reduce costly data move-
ment, promising large performance gains for data-intensive
workloads In PIM systems, small processors—Data Process-
ing Units (DPUs)—are embedded near memory banks to exe-
cute computations close to where data resides. Although PIM
has shown strong benefits for analytical tasks, supporting
transactional workloads such as online transaction process-
ing (OLTP) remains challenging due to decentralized DPUs
and the lack of efficient hardware coordination mechanisms.

We present PIM-TIDE (Processing-In-Memory with Trans-
actional Isolation via Deterministic Execution), a new trans-
action execution platform designed for PIM architectures.
PIM-TIDE provides a lightweight software-based coordina-
tion mechanism that enables transactions to span multiple
DPUs, while ensuring consistency, atomicity, and isolation.
By using the CPU selectively for transaction coordination,
PIM-TIDE avoids the performance penalties of frequent inter-
DPU communication. We evaluate PIM-TIDE on real PIM
hardware (UPMEM) and show that it achieves scalable trans-
action processing with low overhead, both in terms of per-
formance and energy efficiency, in TPC-C based workloads.
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1 Introduction

Recently, Processing-In-Memory (PIM) architectures have
attracted significant interest as a means to mitigate the grow-
ing disparity between processor speed and memory band-
width [21, 42, 50]. By integrating compute capabilities di-
rectly into memory modules, PIM architectures reduce costly
data movement and offer substantial performance gains for
memory-bound workloads across domains such as machine
learning [27, 36, 40, 52], graph analytics [22, 60], scientific
computing [10, 28, 41] and data stores [1, 33, 35, 54].

Among commercial PIM solutions, UPMEM distinguishes
itself by offering a flexible general-purpose programming
model [58]. Its architecture features thousands of lightweight
Data Processing Units (DPUs) embedded within DRAM mod-
ules. Each DPU supports multithreaded execution (up to 24
hardware threads) and provides high-bandwidth access to lo-
cal memory. With over 20,000 hardware threads distributed
across thousands of DPUs, applications must exhibit massive
parallelism to fully harness UPMEM’s potential.

A key limitation of UPMEM—and PIM architectures more
broadly—is the absence of direct inter-DPU communication.
Any exchange between DPUs must be mediated by the host
CPU, incurring high latency and serialization costs. As PIM
systems scale to thousands of DPUs, this bottleneck becomes
increasingly problematic for transactional in-memory data
stores, which require concurrent access to distributed data
while preserving strong consistency. Existing work has there-
fore either focused on OLAP workloads [1, 33, 35, 54], which
are more amenable to parallelization, or restricted the ex-
pressiveness of the transaction abstraction by limiting its
scope to a single DPU [39].

This paper addresses this problem by introducing PIM-
TIDE (Processing-In-Memory with Transactional Isolation
via Deterministic Execution), the first PIM-accelerated in-
memory data store to support cross-DPU transactions. To
avoid the high cost of CPU-mediated coordination, PIM-TIDE
draws inspiration from speculative techniques commonly
employed in the literature on distributed transactions [38, 47]
and deterministic concurrency control [49, 56]. In order to
hide the cost of inter-node communication and eliminate the
need for distributed locking, PIM-TIDE precomputes a global
transaction order and decomposes each distributed transac-
tion into subtransactions that execute independently on their
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local DPUs. By constraining each subtransaction to access
only local data and by enforcing a deterministic serialization
order, PIM-TIDE avoids contention among distributed trans-
actions and sidesteps complex synchronization, all while
providing strong consistency guarantees with minimal inter-
DPU communication. This overall design aligns well with
the architectural constraints of UPMEM and enables scalable
concurrency across thousands of DPUs.

Via an extensive experimental study, we assess PIM-TIDE’s
scalability, speedup, and energy gains with respect to a CPU-
based system. Our results highlight speedups (up to 6.75x)
and energy gains (up to 3.52x) in all tested workload con-
figurations. These efficiency gains are attained also thanks
to the usage of scheduling techniques and concurrency con-
trol schemes that optimize processing of local vs distributed
transactions. The remainder of the paper is organized as
follows. Section 2, presents a short overview of PIM, related
work on concurrency control, deterministic transactional sys-
tems, and PIM-accelerated databases. Section 3 discusses the
design and implementation of PIM-TIDE. Section 4 presents
the results of our experimental evaluation. Finally, Section 5
presents the conclusions and future work.

2 Background and Related Work

This section provides background on PIM (§2.1). Next, it
discusses related work on concurrency control (§2.2), deter-
ministic transactional systems (§2.3) and PIM-accelerated
databases (§2.4).

2.1 Processing-in-Memory

Overview of PIM. One approach to enable in-memory com-
putation is known as Processing Using Memory (PUM). This
technique takes advantage of existing logic within DRAM
chips to perform data copying, bitwise operations, and ba-
sic arithmetic tasks directly inside memory arrays, without
requiring significant hardware changes. A more flexible alter-
native is Processing Near Memory (PNM), which augments
memory modules with dedicated, general-purpose compute
units positioned in close physical proximity to the memory.
Despite PNM processors being less powerful than modern
CPUs, they can execute a broader range of application logic
than PUM processors. For this reason, this work focuses on
the PNM approach. Together, PUM and PNM represent the
two predominant architectural strategies for implementing
Processing-in-Memory systems [42].

The UPMEM Architecture. The UPMEM PIM platform [29]
is the first real-world hardware implementation of a PNM
architecture. Each UPMEM module conforms to a standard
dual in-line memory module (DIMM) form factor but incor-
porates several PIM-enabled chips. As depicted in Figure 1,
each chip houses eight Data Processing Units (DPUs). Each
DPU contains a 64MB DRAM bank, referred to as MRAM,
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Figure 1. Internal depiction of an UPMEM PIM chip [29].

24KB of instruction memory (IRAM), 64KB of fast scratch-
pad memory (WRAM) and a lightweight general purpose
core. This multithreaded, in-order 32-bit RISC core operates
at 350 MHz and supports up to 24 hardware threads. A
fully populated UPMEM system contains 2560 DPUs in total,
yielding 160 GB of memory.

Concurrency in UPMEM PIMs. Although each DPU can
spawn up to 24 concurrent threads (referred to as tasklets)—
matching the 24 hardware threads—empirical evidence indi-
cates that peak instruction throughput is typically reached
when running 11 tasklets, which matches the DPU’s pipeline
depth. Hence, the full UPMEM system with 2560 DPUs en-
ables the concurrent execution of up to 28,160 tasklets.

DPUs operate independently and inter-DPU communica-
tion must be explicitly coordinated via the host CPU, whereas
tasklets executing on the same DPU can directly communi-
cate through local memories, namely WRAM and MRAM.
Consequently, to achieve optimal performance on UPMEM
platforms (and PIM architectures more broadly), applications
should be designed to maximize memory access locality and
minimize costly inter-DPU communication.

A further limitation of the current UPMEM architecture
is the mutual exclusivity between computation and commu-
nication on a DPU. Specifically, data transfers between the
CPU and the DPU-attached DIMMs can only occur when
the target DPUs are idle—i.e., not performing any computa-
tion [15]. This restriction effectively prevents the overlap of
computation and data movement. For example, it is not pos-
sible to copy intermediate transaction results from the DPU
or to have DPUs wait for a signal from the CPU via shared
CPU-DPU variables without first halting computation.

UPMEM Programming. The UPMEM software stack pro-
vides a runtime library with architecture-specific primitives—
low-level routines for direct hardware interaction—a subset
of the standard C library, and a Clang-based compiler. De-
velopers write DPU programs in C using a Single Program
Multiple Data (SPMD) model, where tasklets operate on dif-
ferent portions of data and can follow independent control
paths. While DPUs function as general purpose processors,
they lack native hardware support for complex floating-point
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operations. These tasks are instead handled via software em-
ulation, resulting in a higher computational cost compared
to standard CPUs. For intra-DPU synchronization, UPMEM
exposes two atomic instructions—acquire and release—
that allow tasklets on the same DPU to coordinate using
lock-based mechanisms. These primitives operate on a 256-
bit atomic register, where each bit can be used as a lock.
When a tasklet issues an atomic instruction with a memory
address, a hardware hash function maps that address to a
specific bit in the register, enabling atomic locking or un-
locking of that logical lock. However, the runtime currently
only offers these low-level synchronization operations and
does not support more advanced constructs like read—-write
locks. Finally, the limited instruction RAM, restricted to only
24 KB represents another relevant constraint on the size of
programs that can be executed on a DPU.

2.2 Concurrency Control

Designing concurrency control schemes has been extensively
studied in both the Database Management Systems (DBMS)
and, more recently, Transactional Memory (TM) literature. A
key distinction is that TM research often adopts opacity [26]
as its isolation criterion, which offers stronger guarantees
than the consistency levels typically used in DBMSs, such
as strict serializability [2]. Unlike opacity, criteria like strict
serializability allow transactions that will eventually abort to
read from inconsistent states. This is considered acceptable
in DBMS environments due to their sandboxed nature [16].
In contrast, TM systems are typically integrated into low-
level programming languages (e.g., C/C++), where accessing
inconsistent memory can result in severe program behav-
iors such as crashes or infinite loops [30, 48]. To prevent
such issues, opacity requires that even aborted transactions
observe only consistent states—specifically, states that cor-
respond to some serial execution that preserves real-time
ordering. Since PIM-TIDE targets C programs running in a
non-sandboxed environment (the UPMEM system), it adopts
opacity as its consistency model. Accordingly, we focus our
review on concurrency control schemes from the TM litera-
ture, which are designed to provide opacity.

Specifically, we focus on software-based implementations
of the transaction abstraction, also known as Software-TM
(STM) [53], since existing PIM systems are not equipped
with hardware mechanisms for transactional synchroniza-
tion [31], and it is uncertain if they will be in the near future.
STMs have been extensively studied in cache-coherent multi-
core CPUs, resulting in numerous algorithms (e.g., NOrec [8],
JVSTM [4], SwissTM [12], TinySTM [18]).

Recently, STMs have also been proposed for various hard-
ware platforms, including embedded devices[20], non-cache-
coherent many-core systems [24], distributed systems [3, 7],
GPUs [45], and heterogeneous systems [6]. In this emerg-
ing line of research, PIM-STM represents the closest work to
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PIM-TIDE. Analogously to PIM-TIDE, PIM-STM provided im-
plementations of the transaction abstraction for the UPMEM
PIM system. PIM-TIDE builds upon the most robust STM
implementation from PIM-STM (i.e., based on TinySTM [18])
for single DPU transactions and introduces a deterministic
concurrency control scheme (see Section 3.2) for transactions
spanning multiple DPUs. For this reason, PIM-TIDE achieves
similar performance to PIM-STM in single DPU transac-
tions and improves over PIM-STM by enabling inter-DPU
transactions, which were previously not possible.Moreover,
PIM-STM single DPU restriction is deliberate as it avoids
costly inter-DPU CPU-mediated communications. While this
choice is motivated by efficiency concerns, it significantly re-
stricts the generality and applicability of PIM-STM in current
PIM systems, as it limits the scope of the atomicity guaran-
tees provided by transactions to datasets that can fit on a
single DPU (at most 64MB in the current UPMEM system).
PIM-TIDE’s hybrid concurrency control scheme overcomes
this limitation by combining a local, non-deterministic, STM
scheme, with a deterministic concurrency control that en-
ables coordinating the execution of transactions spanning
multiple DPUs, while circumventing the need for additional
inter-DPU distributed commit protocols (see Section 3, Exe-
cution paragarph).

2.3 Deterministic transactional systems

The concurrency control schemes discussed in the previous
section are non-deterministic, meaning they allow transac-
tions to be executed in any serialization order that satisfies
the target consistency criterion (e.g., opacity or strict seri-
alizability). In contrast, deterministic transactional systems
enforce a predefined serialization order. As a result, given
the same initial state and inputs, every execution yields an
identical final state. This additional guarantee eliminates
non-determinism caused by thread scheduling or deadlock
resolution, significantly simplifying replication and distribu-
tion: each replica or partition processes the same (sub)set of
transactions in the same order, avoiding the well-known pit-
falls of distributed locking and atomic commit protocols [25].

A canonical example of this approach is Calvin [56], which
batches incoming transactions into epochs, determines their
order via a distributed sequencer, replicates transaction in-
puts across nodes (e.g., using consensus [34]), and then uses
a deterministic lock-scheduling protocol to execute transac-
tions in that order. By decoupling transaction ordering from
execution, Calvin achieves full ACID semantics across parti-
tions without requiring Two-Phase Commit (2PC), enabling
both high throughput and fault tolerance.

More recently, Epic [49] has built on Calvin’s foundation
by combining deterministic sequencing with Multi-Version
Concurrency Control (MVCC) and GPU acceleration. Epic
preprocesses transaction batches on the GPU to assign ver-
sions and precompute read/write dependencies, eliminating
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runtime version-chain searches. Once preprocessing is com-
plete, transactions are executed in parallel—on either the
CPU or GPU—according to the globally defined order, deliv-
ering strong throughput gains under contention.

Sparkle [37] further advanced deterministic transaction
processing by removing the assumption that a transaction’s
read and write sets must be known in advance. It also ad-
dressed a key bottleneck in Calvin: the use of a single thread
for deterministic scheduling.

PIM-TIDE draws inspiration from these techniques in the
deterministic distributed database literature, adapting and
specializing them to function efficiently on a real PIM system.

Deterministic transaction ordering has also been proposed
as a way to simplify the development, debugging, and testing
of multithreaded applications. LiTM [59] achieves determin-
ism by organizing transactions into batches and using a
priority-based lock acquisition scheme: when multiple trans-
actions contend for the same lock, only the one with the
highest priority succeeds in reserving the data item. Con-
flicts are detected by verifying whether all required items
have been successfully reserved. Transactions that observe
no conflicts proceed to commit, while those that encounter
conflicts are aborted and retried. LiTM enforces determinis-
tic ordering by decoupling the execution (i.e., reservation)
phase from the commit phase within each batch. However,
this strict separation can unnecessarily extend transaction
lifetimes, increasing contention and introducing conflicts
that might not arise under a more relaxed scheduling model.
This trade-off highlights the performance challenges of en-
forcing determinism in concurrent environments.

DeSTM [51] proposes a looser execution model. Instead
of introducing full barriers between execution and commit
phases, as in LiTM, DeSTM imposes two milder constraints:
(i) all transactions in a round must begin before any transac-
tion may initiate its commit phase; and (ii) new transactions
can start only after all transactions from the previous round
have completed. These constraints, together with a token-
passing algorithm, are sufficient to guarantee deterministic
execution. However, they still restrict scheduling flexibility
and may result in reduced performance [44].

2.4 PIM-Accelerated Databases

Processing-in-Memory (PIM) has recently emerged as a promis-
ing approach to accelerate memory-bound database oper-
ations by offloading data-intensive tasks to compute units
located near memory, especially in OLAP settings [1, 35, 54].
For example, Membrane [54] uses a hybrid CPU-PIM design
to evaluate selection predicates directly in memory, reduc-
ing data movement. However, such systems primarily target
read-heavy workloads with largely immutable state and, un-
like PIM-TIDE, are not designed to support OLTP scenarios,
which require frequent updates and coordinated concurrency
control across multiple DPUs.
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Figure 2. Communication between CPU and PIM

3 PIM-TIDE

This section discusses the design and implementation of PIM-
TIDE, a system specifically designed for Processing Near
Memory (PNM) architectures. Its architecture is depicted
in Figure 2, which provides an overview of PIM-TIDE main
building blocks. PIM-TIDE, executes transactions in rounds,
which we call epochs. Each epoch is subdivided into three
logical phases: batching, communication, and execution.

Batching. In PIM-TIDE, transactions are submitted in
batches to the PIM system. A transaction is composed of one
or more subtransactions, where each subtransaction executes
on a distinct DPU. A transaction is said to be local if it only
accesses one DPU (i.e., contains only one subtransaction).
Else, it is said to be distributed. Analogously, we say that
a subtransaction is local or distributed depending on the
nature of the transaction it is associated with.

To generate a subtransaction, PIM-TIDE’s users must spec-
ify: i) its target DPU; ii) the computational logic to be exe-
cuted; iii) its input parameters. The execution of a subtransac-
tion generates a (possibly void) result, which the applications
can retrieve programmatically. The computational logic to
be executed by each subtransaction on a DPU is a generic
code routine for UPMEM that leverages the PIM-TIDE soft-
ware API to demarcate transaction’s start and end, as well
transactional read/write access to memory. In this sense,
subtransactions are akin to stored procedures (i.e., a precom-
piled collection of SQL statements stored within a database
designed for execution).

The input and output parameters of a subtransaction are
encoded in the form of a bit array, which provides both
increased efficiency, since the parameters can be packed,
effectively eliminating wasteful padding, and greater flex-
ibility due to the ability to include parameters of different
data types. Note that unlike many deterministic concurrency
controls (e.g., [13, 32, 49, 56]), PIM-TIDE eschews the as-
sumption of a priori knowledge of the transactions’ read and
write sets — which increases PIM-TIDE’s flexibility, ease of
use and avoids the need for reconnaissance queries.

Algorithm 1 presents an example of the usage of the pro-
gramming interface exposed by PIM-TIDE on the CPU side.
It depicts the creation of a transaction T, whose logic is
inspired by the Payment transaction of TPC-C. This transac-
tion T can contain one or two subtransactions (referred to
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Algorithm 1 Example usage of PIM-TIDE’s API (Host side)

1:

2: transaction ¢~ CREATE_TRANSACTION()

3 sub_transaction_a «— CREATE_SUB_TRANSACTION()
4 sub_transaction_b <— CREATE_SUB_TRANSACTION()
5: sub_transaction_a.set_type(PAYMENT)

6: sub_transaction_a.add_param(w_id)

7 sub_transaction_a.add_param(d_id)

8 sub_transaction_a.add_param(c_w_id)

9: sub_transaction_a.add_param(c_id)
10: sub_transaction_a.add_param(amount)
11: tx.add(w_id, sub_transaction_a)
12: if c_w_id # w_id then > This is a remote payment
13: sub_transaction_b.set_type(PAYMENT REMOTE)
14: sub_transaction_b.add_param(w_id)
15: sub_transaction_b.add_param(d_id)
16: sub_transaction_b.add_param(c_w_id)
17: sub_transaction_b.add_param(c_id)
18: sub_transaction_b.add_param(amount)
19: tx.add(c_w_id, sub_transaction_b)
20: RunTx(transaction)

as A and B). In the latter case (i.e., T is a distributed trans-
action), each subtransaction targets a different DPU. This
example starts by instantiating a transaction object and two
subtransaction objects (line 2-4). The stored procedure exe-
cuted by A in a specific DPU is defined in line 5. Then, the
input parameters for A are appended to the corresponding
sub_transaction object (lines 6-10). Next A is added to the
encompassing transaction (line 11). In case the condition
in line 12 is true, the same process is repeated for B (lines
13-19). After completing the association of A, and possibly B
to T, T is handed over to the batching protocol (line 20).

At the end of each epoch, the set of previously received
transactions are arranged in to a batch. As depicted in Fig-
ure 2, batches are composed solely of subtransactions. These
subtransactions are arranged into sets, each containing sub-
transactions aimed at a distinct DPU (e.g., using 2048 DPUs,
a batch will have 2048 sets of subtransactions). Within a
batch, subtransactions belonging to distributed transactions
are assigned a commit timestamp by the CPU. As we will
see, during the execution phase, this timestamp (commit_ts
in line 6 of algorithm 3) is enforced by PIM-TIDE'’s determin-
istic concurrency control, sparing distributed transactions
from the need to execute additional commit protocols, such
as, Two-Phase Commit (2PC) [2].

Communication. Once a batch is constructed, it is trans-
ferred to the DPUs. Performing this CPU-DPU communica-
tion in batches is essential to maximize performance for two
reasons. First, the CPU-DPU bandwidth increases (up to a
point) as the data size increases. Therefore, a larger batch size
enables faster communication speeds. Second, each epoch
requires activating DPU kernels, which imposes a fixed cost.
The larger the batch size, the higher the number of transac-
tions that can be executed per epoch. As a result, executing
the same number of transactions requires a lower number
of epochs, which reduces the overall kernel activation costs.

Algorithm 2 Pseudo-code of an example program running
on UPMEM’s DPU, inspired by the TPC-C Payment.

function EXECUTE_PAYMENT_SUB_TX(params, commit_ts, execution_mode)
tX ¢— CREATE_TX_LOG > Instantiate a log storing transactional metadata

1:

2.

3 w_id ¢~ READ_NEXT_PARAM(params)

4 d_id <~ READ_NEXT_PARAM(params)

5: ¢_w_id <= READ_NEXT_PARAM(params)
6 c_id «— READ_NEXT_PARAM(params)

7 amount «<— READ_NEXT_PARAM(params)
8

START(tx, commit_ts, execution_mode)

9 warehouse «— READ_WORD(tx, warehouse_arr[w_id])

10 WRITE_WORD(tx, warehouse.ytd, READ_WORD(tx, warehouse.ytd) + amount)
11 district «— READ_wORD(tx, district_arr[d_id])

12: WRITE_WORD(tx, district.ytd, READ_WORD(tx, district.ytd) + amount)
13 if w_id == c_w_id then

14 ¢ < READ_WORD(tx, customer_arr[c_id])

15 WRITE_WORD(tX, c.balance, READ_wORD(tx, c.balance) - amount)

> Local payment

16: CcoOMMIT(tx)

Clearly, larger batch sizes can increase transaction process-
ing latency as individual transactions can only finish after
all transactions in the batch have executed. Ultimately, the
duration of the batching phase is an application-dependent
decision, as this parameter should be tuned to match the max-
imum admissible latency of the target application — thus
striking a good balance between latency and throughput.

Finally, since in the current UPMEM system, communica-
tion and computation cannot be overlapped, PIM-TIDE has
to wait till the previous batch is processed to start transfer-
ring a new batch. However, it still overlaps construction of
batch i + 1 on the CPU with the processing of batch i on
UPMEM.

Execution. In this phase, each DPU executes the set of
subtransactions that were assigned to it. This set may in-
clude both local and distributed subtransactions. PIM-TIDE
provides a programmatic interface that, besides transac-
tion demarcation (begin and commit), allows for reading
(read_word(addr)) and writing (write_word(addr)) trans-
actionally addresses of the DPU’s MRAM, at word-based
granularity (4 bytes). This allows C/C++ stored procedures,
intended to be executed by subtransactions in DPUs, to
safely access shared memory in a multithreaded environ-
ment. Despite providing this relatively-low level word-based
programming interface, PIM-TIDE represents a foundation
over which future work can build interfaces at a higher ab-
straction level (e.g., key value stores or SQL databases).

Algorithm 2 shows the pseudo-code of an example pro-
gram, intended to run on a DPU, that encodes the logic of
subtransaction T. It starts by instantiating a log object that
holds the transactional metadata (e.g., commit timestamp,
read/write sets) (line 2). Then, the parameters of T are parsed
and stored (lines 3-7). Once all parameters are collected, T
demarcates the start of the transactional region by invoking
the start() function along with the parameters that define
the commit timestamp and execution mode of T (line 8).
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Using the routines provided by the concurrency control algo-
rithm, T reads and writes several memory words (lines 9-15).
Lastly, T commits the writes performed using write_word()
by calling the commit procedure (line 16).

PIM-TIDE adopts a mixed execution strategy that lever-
ages both deterministic and non-deterministic concurrency
control schemes (in two sequential phases), using the for-
mer for distributed transactions and the latter for local ones.
The key observation is that, since local transactions exe-
cute entirely within a single DPU, they are not required
to obey global or inter-DPU ordering constraints. As a re-
sult, their serialization order can be determined solely based
on intra-DPU conflict dynamics, using a lightweight, non-
deterministic concurrency control mechanism. ! As we will
demonstrate in Section 4.3, non-deterministic concurrency
control achieves up to 1.5X speedup compared to determin-
istic execution when processing local transactions.

Conversely, subtransactions belonging to distributed trans-
actions are executed using a deterministic concurrency con-
trol that executes transactions speculatively (i.e., with no a
priori knowledge of their read- and write-sets), while still
enforcing that their serialization order is equivalent to the
one established by the CPU, at batch construction time. This
approach eliminates the need for communication between
DPUs involved in a transaction to reach a commit decision,
unlike when using traditional distributed commit protocols
(e.g., 2PC). Further, it guarantees that every transaction can
commit within the same epoch in which they execute (i.e.,
there is no need for re-execution in other epochs). In the
event of a conflict between two subtransactions that access
the same position, resolution occurs within the same epoch
by having one of them retry. This represents a significant
advantage over solutions based on traditional distributed
commiit protocols, as it reduces the volume of CPU-DPU com-
munication, which is crucial to maximize performance on the
UPMEM hardware. Despite the intra-DPU overheads intro-
duced by deterministic execution, this solution largely out-
performs alternative approaches based on 2PC (Section 4.3).

Finally, to avoid the complexity of handling the co-existence
of subtransactions regulated by both deterministic and non-
deterministic concurrency control schemes, PIM-TIDE sched-
ules distributed subtransactions (handled by deterministic
concurrency control) before executing local subtransactions
(handled by non-deterministic concurrency control).

The remainder of this section is structured as follows:
Section 3.1 discusses the particularities of PIM-TIDE’s data
partitioning scheme. Section 3.2 presents the transaction
execution model. Section 3.3 describes the challenges and

From the perspective of serializability theory [2], PIM-TIDE ensures that
any edge in the conflict graph between the sub-graph, Gy, corresponding
to local transactions and the sub-graph, Gp, corresponding to distributed
transactions must be oriented from Gy to Gp. This ensures that the global
graph considering all local and distributed committed transactions is cycle
free, provided that G;, and Gp do not contain cycles.
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optimization opportunities associated with the implementa-
tion of PIM-TIDE on the UPMEM PIM system. Finally, Sec-
tion 3.4 explains how PIM-TIDE could recover from crashes
by integrating techniques based on SMR.

3.1 Data model

In PIM-TIDE, programmers must define a data partitioning
scheme that minimizes the need for subtransactions to access
data stored on remote DPUs. While remote data access is
supported, it requires synchronizing the execution of depen-
dent subtransactions—i.e., delaying a subtransaction until its
input becomes available—which can reduce throughput and
increase latency. The difficulty of crafting an effective par-
titioning strategy is highly application-specific. In general,
finer-grained partitioning increases the need for algorithmic
changes to adapt the application’s logic and adds runtime
overheads, such as higher communication costs for distribut-
ing inputs and aggregating results as the number of sub-
problems grows [43]. To balance programmability and per-
formance, PIM-TIDE encourages relatively coarse-grained
partitioning, typically aligning with the 64 MB memory avail-
able per DPU in the current UPMEM architecture.

Finally, a key design choice of PIM-TIDE is to restrict sub-
transactions to only access data stored at their targer DPU.
This choice is based on two observations. First, the UPMEM
system does not provide support for direct communication
between DPUs and inter-DPU communication has to be me-
diated by the CPU, which is costly. In fact, we empirically ver-
ified 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 331us vs. 231ns, re-
spectively). Second, communication and computation cannot
be overlapped, preventing the use of speculative techniques
used in the distributed TM literature to mask inter-node com-
munication latency [38, 47]. For these reasons, the deliberate
design decision to limit the scope of subtransactions to the
DPU in which they are executed represents an intentional
trade-off, which aims to maximize efficiency at the cost of
expressiveness of the programming model. Specifically, this
enables transaction processing to scale across thousands of
DPUs with minimal communication overhead. Note that,
despite this restriction, transactions can still span multiple
DPUs by using several subtransactions.

3.2 Transaction execution

During the execution phase, each DPU independently pro-
cesses its assigned subtransactions. As noted earlier, when
both deterministic (i.e., distributed) and non-deterministic
(i.e., local) subtransactions are assigned to the same DPU
within an epoch, PIM-TIDE enforces a serialization order in
which deterministic subtransactions are executed first. Only
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Algorithm 3 PIM-TIDE’s Concurrency Control

Global data structures:
Int CLOCK
Set<LockEntry> LOCK_TABLE

1:

2 > Global clock shared by all subtransactions
3

4: Data structures local to each tasklet:
5

6

> Lock table shared by all subtransactions

Int ts > Value of the global clock read at the start
Int commit_ts
subtransactions
7: Enum<DET, NON_DET> mode
8:  Set<ReadLogEntry> read_log
9:  Set<WriteLogEntry> write_log
10: function sTART(tx, commit_ts, mode)
11: tx.ts <= CLOCK

> Timestamp that specifies the order for deterministic

> Execution mode
> Log that keeps track of every read
> Log that keeps track of every write

12: tx.c_ts <= commit_ts

13: tx.mode < mode

14: function READ_WORD(tx, addr)

15: lock «— MAP_ADDR_TO_roCK(addr)

16: if owNER(lock) == tx then

17: return READ(addr)

18: do

19: if was_ABORTED(tx) then

20: break

21: version «— GET_VERSION(lock)

22: value « READ(addr)

23: if —LockED(lock) A GET_VERsION(lock) == version A version < tx.ts then
24: ADD_TO_READ_LOG(tx, lock)

25: return value

26: while Lockep(lock) A-cM_sHOULD_ABORT(tx, OWNER(lock))
27: ROLLBACK(tx)

28: function WRITE_WORD(tx, addr, value)

29: lock <— MAP_ADDR_TO_rOCK(addr)

30: if owNER(lock) == tx then

31: WRITE_TO_MEMORY(addr, value)

32: return

33: while true do

34: if wAs_ABORTED(tx) then

35: ROLLBACK(tx)

36: lock_value < GeT_vALUE(lock)

37: version «— GET_VERSION(lock)

38: if Lockep(lock_value) then

39: if cM_sHOULD_ABORT(tx, OWNER(lock)) then

40: ROLLBACK(tx)

41: else

42: continue

43: log_entry <~ ADD_TO_WRITE_LOG(tx, lock, addr, value)
44: if cas(lock, lock_value, log_entry) == lock_value then
45: break

46: if version > tx.ts then

47: ROLLBACK(tX)

48: function comMMIT(tx)
49: if tx.mode == DET then

50: while CLOCK < tx.c_ts do

51: if wAs_ABORTED(tx) then

52: ROLLBACK(tx)

53: t <= ATOMIC_INCREMENT_AND_GET(CLOCK)

54: if 1s_READ_ONLY(tx) then

55: return

56: if t > tx.ts + 1 A-VALIDATE(tx) then

57: ROLLBACK(tx)

58: for log_entry in tx.write_log do

59: WRITE_VERSION_AND_DROP(log_entry.lock, t)

60: function cM_sHOULD_ABORT(self_tx, other_tx)
61: if self _tx.mode == NON_DET then

62: return true
63: if self tx.c_ts > other_tx.c_ts then
64: return true
65: ABORT(other_tx)

66: return false

after completing the distributed transactions do DPUs exe-
cute local ones in parallel, ensuring correctness. The remain-
der of this section details the concurrency control mecha-
nisms used in PIM-TIDE. Our design builds on PIM-STM [39],
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which evaluated a broad range of non-deterministic concur-
rency control algorithms on single-DPU UPMEM-like sys-
tems. That study found that timestamp-based algorithms
with fine-grained encounter-time locking and write-through
policy—such as the one in TinySTM [18]—consistently de-
liver strong performance across diverse workloads. Accord-
ingly, PIM-TIDE adopts the TinySTM variant developed in
PIM-STM for local, non-deterministic execution, and extends
it with additional mechanisms to support the deterministic
guarantees required for distributed transactions.

The logic executed in every DPU (where the transactions
are executed) is coded using C, where it is not possible to
sandbox the state of the STM from the application’s (un-
like in a traditional database that exposes a query language
interface like SQL). In such an environment, to avoid anoma-
lous application behavior (that can lead to crashes, array
overruns, etc.), the correctness guarantees offered by opac-
ity [16, 26] are essential. Specifically, opacity guarantees that
every transaction, including the ones that eventually abort,
observes a state that can be explained via a sequential exe-
cution, ruling out the possibility of externalizing the writes
of uncommitted transactions to concurrent transactions.

Algorithm 3 presents the pseudo-code for both determin-
istic and non-deterministic concurrency control algorithms
used in PIM-TIDE, where the choice of which algorithm
to use is established at transaction start, via a boolean flag
passed as input to the start transaction primitive. We be-
gin by introducing the key data structures used to regulate
concurrent transaction execution, before describing the con-
currency control logic.

Main data structures. In PIM-TIDE all subtransactions
that execute on a target DPU share a global clock, CLOCK,
which is incremented upon every commit. Every memory
word that is read/written in a transactional context is mapped
to an entry in a global lock table. Each entry e, is a memory
word that can be in one of two modes: locked and unlocked.
When locked, the least significant bit of e is set to one, sym-
bolizing that a subtransaction is trying to write to an address
that maps to e. When e is unlocked, its value represents the
version of the memory address. This version is dictated by
the timestamp of the subtransaction that last updated the
address (this design was originally proposed by TL2 [11]).
The size of the lock table (which is determined at compile
time) dictates a trade-off between memory usage and alias-
ing. Aliasing occurs 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 particularly important consideration in the UPMEM
hardware, given its limited storage capacity. Every subtrans-
action maintains local data structures that store 1) the value
of the global clock read at the start and 2) two sets that track
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about every memory address read and written (the write-
set also contains the value prior to the transaction’s update,
thus serving as an undo log), which is used to validate the
transaction and rolling it back, if necessary. In addition, the
metadata of deterministic subtransactions also includes a
commit timestamp that specifies the order in which they
must be committed.

Start. Every subtransaction, upon start, reads and stores
the global clock (line 11); records the commit timestamp,
which defines the serialization order of deterministic sub-
transactions (line 12); and sets the execution mode (line 13),
which determines whether the subtransaction behaves de-
terministically (DET) or non-deterministically (NON_DET).

Read. When reading the memory position addr, subtrans-
action T starts by reading the state of the corresponding
lock to identify possible read-after-write scenarios. If T is
the owner of lock, it returns the value of addr, which corre-
sponds to the last value written by T to that memory position
(lines 15-17). If T is not the owner of lock or it is unlocked,
it checks if it has been aborted (keep in mind that only de-
terministic subtransactions can be aborted by concurrent
subtransactions). If that is the case, T rolls back by undoing
all its writes and releasing all locks being held (lines 19-20
and 27). If T has not been aborted, it reads the version version
corresponding to addr in the lock table (when lock is un-
locked, it maintains the version of addr, i.e., the timestamp
of the last transaction to have updated addr) the value of
addr, and the version from lock again. If 1) the two versions
read from lock are the same, indicating that version and
addr were read atomically, 2) lock is in the unlocked state,
and 3) version is lower or equal to the global clock value
observed when T started, which means that addr has not
been changed since T started (and opacity is guaranteed),
T adds this read to the read log and returns the previously
read (in line 22) value of addr (lines 21-25). Otherwise, if the
read was not successful because lock was locked, T invokes
the contention manager (line 26) to determine whether to
rollback and retry the entire subtransaction again (line 27)
or wait for the current owner of lock to release it.

Write. When subtransaction T writes to the memory po-
sition addr the value value, it starts by checking if it owns
the lock lock that covers addr. If T is the owner, it writes
value directly to memory and returns (lines 30-32). If T is not
the owner of lock or it is unlocked, T checks if it has been
aborted. If that is the case, T performs a rollback, undoing
all its writes and releasing all locks being held (lines 34-
35). Otherwise, T tries to atomically acquire lock using a
compare-and-swap (CAS) primitive, which replaces the old
value of lock with the address of T’s write log entry that
stores the new value of addr (lines 43-44). If the CAS fails,
T invokes the contention manager to determine whether
to rollback and retry the entire subtransaction or wait for

Lopes et al.

the current owner of lock to release it (line 39). If the CAS
succeeds, T checks if the version of addr is lower or equal to
the global clock value observed by T when it started. If not, T
has to rollback (lines 46-47). Note that the pseudo-code relies
on CAS only to aid presentation. However, UPMEM does not
provide the CAS primitive, but only weaker atomic opera-
tions, which we leverage to implement the CAS abstraction,
as we will discuss in Section 3.3.)

Commit. When subtransaction T commits, if it is deter-
ministic, T waits until the global clock reaches its assigned
commit timestamp, while simultaneously checking whether
it has been aborted in the meantime (lines 49-51). If T was
aborted, it rolls back and reties (line 52). When the global
clock reaches T’s commit timestamp, in the case of a deter-
ministic transaction, or if T is non-deterministic, the global
clock is incremented, and its updated value, t, determines
the serialization order of T (line 53). If T is read-only, it can
be committed immediately, since its observed snapshot is
guaranteed to be consistent (lines 54-55). Otherwise, if the
global clock changed since T started (signaling the commit
of a concurrent subtransaction that may have written to a
position read by T), T revalidates its read log, to ensure that
it is consistent. If validation fails, T rollbacks and retries
(lines 56-57). If validation is successful, T releases all locks af-
ter updating the version of every entry in the lock table that
covers the memory positions written to by T. This is done
by writing the serialization timestamp ¢, obtained during
commit (lines 58-59), to each entry.

Contention Management. When contention arises be-
tween two subtransactions T and T’ that are trying to access
memory addresses mapped to the same lock table entry, the
contention manager determines which of them must abort
and restart. Upon conflict, if T is non-deterministic, it imme-
diately aborts itself (lines 61-62) — this simple contention
management strategy ensures deadlock-freedom and is fre-
quently adopted for its lightweight nature in STM environ-
ments [17,39]. If T is deterministic and its commit timestamp
is greater than the commit timestamp of T”, that is, T must
be serialized after T’, T aborts itself (lines 63-64). Otherwise,
if the commit timestamp of T is smaller, T aborts T’ (line 65).
During execution, if T’ detects that it has been aborted, it
rolls back and retries.

3.3 UPMEM-related challenges and optimizations

This section describes the challenges and optimizations re-
lated to the implementation of PIM-TIDE on UPMEM.

Hardware synchronization primitives. So far, we have
assumed the availability of the CAS primitive to implement
PIM-TIDE’s lock table. However, since the CAS instruction
is not available on the UPMEM system, we implement it in
software by relying on the acquire and release instructions,
see Section 2.1. More precisely, we first acquire a lock on
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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
instructions are implemented via a 256 bit atomic register.
Thus, when two tasklets try to acquire locks on distinct ad-
dresses that are mapped to the same bit of the atomic register,
the two tasklets may suffer lock aliasing and be unneces-
sarily serialized. However, in PIM-TIDE, this serialization
occurs only for the time needed to consult and possibly up-
date the shared data. This is a relatively short period of time
compared to the duration of a subtransaction. Furthermore,
since 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.

WRAM management. The UPMEM system features two
types of memory for application data: WRAM and MRAM.
WRAM is faster, but has limited capacity, whereas MRAM of-
fers larger storage at the cost of lower speed (see Section 2.1).
To enhance efficiency, PIM-TIDE places in WRAM its lock
table, which has a statically defined size and is accessed mul-
tiple times for every transactional access. Conversely, since
the number of data accesses performed by a transaction can
vary widely, we opt for storing the read and write logs (which
may easily exceed the capacity of WRAM) in MRAM.

Further, every access to MRAM requires first transferring
the target data to WRAM via a DMA engine. These trans-
fers achieve maximum sustainable bandwidth only when
operating with granularity above 1 KB [23]. PIM-TIDE faces
this exact challenge, since the subtransactions scheduled for
execution in an epoch are initially located in MRAM (the
host cannot access WRAM and must copy them to MRAM)
and must be transferred to WRAM to be processed. To maxi-
mize efficiency, in PIM-TIDE every DMA transfer retrieves
multiple (i.e., a chunk) of transactions, where the size of
each chunk is chosen to allow the MRAM bandwidth to be
maximized. These chunks are then cached in WRAM for
future accesses. By default, the data structures maintained in
WRAM by PIM-TIDE are sized in order to occupy about 75%
of WRAM, leaving the remainder available for applications.
However, PIM-TIDE’s design allows for easily reducing the
sizes of these data structures, if additional WRAM is required
for application purposes.

Pipelining. As mentioned in Section 2.1, the UPMEM sys-
tem does not allow for overlapping data transfer with pro-
cessing (on the PIM side). However, each epoch in PIM-TIDE
requires three sequential phases: batching, communication
and computation. This creates the opportunity to pipeline
the PIM computation phase of epoch i, with the batching
phase (performed by the host) of epoch i + 1. This optimiza-
tion is highly effective at high load, where the execution
phase is normally longer than batching — thus allowing for
totally removing the batching latency from the critical path.
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3.4 Fault-tolerance

A key advantage of deterministic concurrency control schemes
is that they enable the employment of well-studied State Ma-
chine Replication (SMR) techniques [34, 46, 56, 61], which
provide fault-tolerance and high-availability.

The current implementation of PIM-TIDE does not guaran-
tee fault-tolerance, but its design allows for straightforwardly
integrating additional techniques based on SMR. Specifically,
since PIM-TIDE employs deterministic concurrency, multi-
DPU transactions are already assigned a serialization order
by CPU. This order can be easily disseminated to any replica
(i.e., other independent machines equipped with UPMEM
DPUs), ensuring they serialize transactions in the same order
as the main node.

The only source of non-determinism in PIM-TIDE is the
processing of local (i.e., single DPU) transactions, whose
serialization order is not determined prior to their submis-
sion to the target DPU. However, to maintain system-wide
correctness, this serialization order must be disseminated to
all replicas, ensuring they execute transactions in the same
order as the primary node. One simple way to deal with this
source of non-determinism is to elect a master that operates
using the mixed (deterministic and non-deterministic) exe-
cution strategy described in Section 3.2 and to replicate its
states on a set of backup replicas. At the end of an epoch
the master disseminates the serialization order not only
of deterministic/distributed transactions, but also of non-
deterministic/local transactions to its replicas. The backups
execute all (both local and distributed) transactions using
the deterministic strategy, following the order established
by the master.

Backup replicas could be deployed on distinct UPMEM sys-
tems to survive the failure of an entire system. Alternatively,
one could replicate the state of a DPU on one or more local
DPUs of the same PIM system. The latter approach would
imply sacrificing the effective memory capacity available
at each DPU, but would allow for tolerating partial failure
of the PIM system — provided that the replicas of a given
DPU are deployed on distinct DIMMs of the PIM system (see
Section 2.1), so they can be assumed to fail independently.

The fault-tolerance mechanisms described above require
including the serialization timestamp of each non-deterministic
subtransaction upon its submission to a backup PIM. Ar-
guably, though, this would impose negligible overhead since
the additional information (i.e., a timestamp) is minimal com-
pared to the amount of metadata each subtransaction already
requires. Furthermore, determining the serialization times-
tamp requires no additional computation as each subtrans-
action already needs to obtain it at commit time.
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Figure 3. Throughput for a mix workload of TPCC with multiple DPUs. Solid and dashed lines correspond to PIM-TIDE and to
the CPU baseline (52 cores Intel Xeon Gold 5320), resp. Different colors indicate different percentages of Payment transactions

accessing multiple DPUs.

4 Experimental Evaluation

This section evaluates the performance of PIM-TIDE across
a variety of workloads and deployment scenarios. Our study
is structured to answer the following questions:

Q1 What performance and energy gains can be achieved
using PIM-TIDE to accelerate OLTP applications? (§4.2)

Q2 What is the performance cost of executing distributed
transactions across multiple DPUs? (§4.2)

Q3 How do different concurrency control strategies — de-
terministic and non-deterministic — compare in terms
of performance under varying workload characteris-
tics? (§4.3)

We start by assessing the performance and energy gains
achievable by using PIM-TIDE to accelerate OLTP workloads
originally developed for CPUs (Q1). We then determine the
scalability and the cost of distributed transactions (Q2). Fi-
nally, to evaluate the performance characteristics of both
non-deterministic and deterministic execution strategies, we
perform single-DPU evaluation. This allows us to examine
both approaches under increasing intra-DPU parallelism,
without the complexities of distributed coordination (Q3).

4.1 Evaluation settings

All experiments were conducted on systems equipped with
UPMEM PIM hardware. Our primary testbed includes two
Intel Xeon Silver 4215 CPUs, 256 GB of DRAM, and 160 GB
of PIM-enabled memory distributed across 2560 DPUs (see
§2.1). For the CPU benchmarks, used to compare the perfor-
mance and energy efficiency of PIM-TIDE, we used a system
with an Intel Xeon Gold 5320 CPU (52 hardware threads)
and 250 GB of DRAM. The Xeon Gold 5320 offers higher per-
formance than the Xeon Silver 4215 and arguably provides
a more balanced comparison against the PIM setup. Unless

otherwise stated, each data point represents the average of
10 independent runs.

The code for PIM-TIDE, along with all the benchmarks
presented in this paper, is publicly available?®.

Most of our evaluation is based on the TPC-C bench-
mark [57], a widely adopted standard for assessing the per-
formance of online transaction processing (OLTP) systems.
TPC-C captures the characteristics of real-world transac-
tional workloads, including a mix of read and write opera-
tions, contention hotspots, and skewed access patterns. Our
implementation builds on a Transactional Memory-based
port used in prior works [5, 19], which itself follows the
specification by M. Stonebraker et al. [55]. The baseline CPU
implementation of TPC-C uses the original implementation
of TinySTM [17].

Due to the memory limitations of the UPMEM architecture—
particularly the instruction memory size per DPU—we focus
on a representative subset of the benchmark consisting of the
Payment, NewOrder, and OrderStatus transactions. By con-
sidering different mixes of these three transaction profiles,
we can evaluate PIM-TIDE with workloads that generate
diverse access patterns.

PIM-TIDE partitions the TPC-C schema by by assigning
each warehouse and all its associated records (districts, cus-
tomers, orders, and stock) to a distinct DPU. Since most TPC-
C transactions target a single warehouse, this partitioning
strategy naturally minimizes distributed transactions (and
cross-DPU interactions) while preserving the benchmark’s
semantics.

To characterize the performance of PIM-TIDE, we vary
the number of threads per DPU, the number of DPUs (same
as the number of warehouses), and the mix of transaction

Zhttps://github.com/Andre12Lopes/PIM-TIDE
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profiles. We report throughput and abort rates, which to-
gether capture system efficiency, scalability, and robustness
under varying degrees of contention and parallelism.

For the sake of simplicity, we refer to each workload by
its mix of transaction types. The mix 44/43/13 (also referred
to as STD), represents a workload with 44% Payment trans-
actions, 43% NewOrder transactions and 13% OrderStatus
transactions. The mix 25/25/50 (i.e., 25%, 25%, 50% for Pay-
ment, NewOrder, and OrderStatus transaction profiles, resp.)
is referred to as CUST (or custom). In some experiments,
we also adjust the probability with which Payment trans-
action can be distributed over multiple DPUs. For example,
if the STD workload is configured to have 75% of the Pay-
ment transaction to access data in multiple DPUs, then the
workload will be denoted as STD 75.

Further, we also use a synthetic benchmark, Bank, in which
each transaction simulates a transfer between 2-100 bank
accounts, determined uniformly at random from a set of
200’000 bank accounts. In our study we will vary the number
of bank transfers in order to easily synthesize workloads
with different characteristics.

Across all experiments, PIM-TIDE uses a 32KB lock table
(the largest lock table size that fits in a DPU’s WRAM) and a
batch size of 128 transactions per batch.

4.2 PIM-TIDE Performance and Energy advantage

This section assesses the performance and energy gains
achievable by using PIM-TIDE to accelerate data intensive
workloads originally developed for CPUs. Section 4.2.1 anal-
yses performance. Section 4.2.2 presents energy gains.

4.2.1 Performance gains. Figure 3 shows the transaction
throughput of the TPC-C benchmark when considering the
STD and CUST mixes (Figures 3a and 3b, resp.). In each plot,
different color lines correspond to different percentages of
Payment transactions that access multiple DPUs (from 0%
to 75%, where 15% is the standard value according to the
benchmarks’ specifications). The solid lines correspond to
PIM-TIDE and the dashed lines represent the CPU baseline.
Each curve reports throughput as a function of the number
of DPUs for increasing percentages of distributed Payment
transactions (0%, 15%, 45%, and 75%).

Across both STD and CUST workloads, PIM-TIDE consis-
tently outperforms the CPU baseline, with the performance
gap widening as the number of DPUs increases. The peak
gains (6.75X) are achieved when the fraction of distributed
Payment transactions is low (STD 0, STD 15, CUST 0 and
CUST 15), as these scenarios incur less CPU-mediated co-
ordination overhead. Although the performance difference
narrows somewhat as the proportion of distributed trans-
actions rises, reflecting the increased communication cost,
PIM-TIDE continues to deliver substantial throughput gains
even with 75% of distributed Payment transactions (6.82X in
STD 75 and 4.78% in CUST 75) .
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Comparing the two workloads, PIM-TIDE achieves higher
absolute throughput in the 25/25/50 configuration (Figure 3b).
This improvement is primarily due to the higher fraction of
read-only OrderStatus, leading to reduced contention.

Overall, the results demonstrate that PIM-TIDE scales
efficiently with the number of DPUs and maintains superior
performance across different workload compositions and
contention levels. At 2000 DPUs, PIM-TIDE achieves up to a
10X throughput improvement over the CPU baseline. These
gains stem from two key factors: (i) the massive parallelism
enabled by UPMEM’s thousands of DPUs and (ii) the ability
of DPUs to perform computation closer to memory, reducing
data access latency compared to the host CPU.

In order to shed additional light on the sources of perfor-
mance gains for PIM-TIDE, in Figure 4 we report the speedup
of the PIM-TIDE-based implementation relative to an equiv-
alent CPU baseline for each individual TPC-C transaction
profile, under a workload with 0% distributed transactions
and varying numbers of DPUs.

The OrderStatus transaction exhibits the highest speedup,
surpassing 10X at 2,048 DPUs. This strong scaling behavior
stems from its read-mostly nature and lack of contention,
enabling near-perfect distribution and parallel execution
across DPUs.

The NewOrder transaction also achieves substantial gains,
approaching 9% speedup at 2,048 DPUs. Although it intro-
duces more data dependencies and write operations than
OrderStatus, its entirely local execution in the absence of
distributed transactions allows it to scale efficiently as DPU
count increases.

In contrast, the Payment transaction improves more mod-
estly, with performance gains remaining below 2x even at
the largest DPU configuration. Its higher write intensity,
combined with greater contention, diminishes the benefits
of intra-DPU parallelism and amplifies coordination over-
head, thereby limiting scalability.

These results highlight that PIM-based systems can deliver
the largest performance gains in read-heavy and moderately

1091 —— DPU Payment
DPU New Order
8 4 —©— DPU Order Status

Speedup

0 250 500 750 1000 1250 1500 1750 2000
Number of DPUs

Figure 4. Speedup w.r.t. CPU for the Payment, NewOrder
and OrderStatus transactions with multiple DPUs.
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complex transactions. However, the degree of scalability can
be strongly influenced by transaction characteristics such as
contention levels and the balance of reads and writes.

4.2.2 Energy efficiency. Figure 5 presents the speedup
and energy gain when using 2048 DPUs for varying work-
load configurations. Energy gains are determined as the ratio
between the energy consumed by the CPU and the DPU. Due
to the absence of energy counters on the UPMEM system,
we estimate its energy consumption for a given workload by
multiplying the thermal design power (TDP) (370W when
utilizing all DPUs, as reported in [14]) by the workload’s
execution time. Conversely, for the CPU-based implementa-
tions, we measure the energy consumed both for the CPU
and memory subsystems via the RAPL [9] library. Note that
since the UPMEM estimation of energy consumption is an
over-approximation, the reported energy gains represent a
conservative lower bound on the actual gains.

In Figure 5 we observe that PIM-TIDE is able to achieve
energy efficiency gains in all workload configurations. The
observed energy gains range from 2.24x to 3.52X, reflecting
the improvements achieved over the CPU baseline. Overall,
the results demonstrate that the current UPMEM system
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offers strong performance potential. However, the energy
gains are not totally on par with the performance gains.

4.3 Impact of determinism on concurrency control

Figure 6 compares PIM-TIDE’s deterministic and non-
deterministic concurrency controls on a single DPU using
the bank benchmark. We vary the number of bank transfers
performed in each transaction on the x-axis, varying the
corresponding contention level. The results show that the
non-deterministic concurrency control consistently outper-
forms its deterministic counterpart when dealing with local
transactions, achieving up to 1.5 speedup for largest trans-
action sizes. However, the advantage narrows as transaction
sizes decrease, with speedups falling to approximately 1.1x
for the smallest transactions.

The abort rate, shown as the orange bars against the right
y-axis, remains low for smaller transactions but increases
sharply as transaction sizes grow, reaching its highest levels
at the largest transaction size. Deterministic execution gen-
erally exhibits higher abort rates than optimistic execution
in these larger workloads. Interestingly, at smaller transac-
tion sizes, deterministic execution experiences slightly less
contention than its optimistic counterpart. Nonetheless, its
lower throughput is primarily explained by the additional
overhead of enforcing a strict transaction ordering, which
forces transactions to have that are ready to commit to wait
for the completion of every transaction that is serialized
before it — which can severely hinder parallelism.

Figures 7a and 7b extend this study on intra-DPU paral-
lelism to the TPC-C benchmark, showing throughput and
abort rates for individual transaction profiles for the deter-
ministic (dashed lines) and non-deterministic concurrency
controls, as a function of the number of tasklets per DPU.

As shown in Figure 7a, OrderStatus achieves the high-
est throughput and scales nearly linearly with the number
of tasklets. The two concurrency control schemes perform
similarly with this transaction profile, which incurs negli-
gible abort rates (see Figure 7b). This behavior is expected:
OrderStatus is a read-only transaction with low contention
probability (at least in all workloads tested), making it a good
candidate for parallel execution.

The Payment transaction exhibits a markedly different
pattern. Throughput remains relatively stable as tasklets
increase with non-deterministic concurrency control, de-
clining significantly with the deterministic approach. This
degradation stems from higher contention and the overhead
of enforcing a global commit order. Figure 7b presents abort
rates exceeding 90% at higher tasklet counts for both modes,
reflecting severe write contention. Non-deterministic exe-
cution partially mitigates this impact through rapid retries,
whereas deterministic execution suffers more acutely from
its stricter ordering requirements. These elevated contention
levels can be attributed to two factors. 1) Each DPU processes
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Figure 7. Throughput and abort rate for the Payment, NewOrder and OrderStatus transactions of the TPC-C benchmark in a
single DPU. Solid lines represent optimistic concurrency control. Dashed lines represent deterministic concurrency control.

the subtransactions for a single warehouse and 2) every Pay-
ment transaction requires updating the balance of the target
warehouse. As a consequence, all Payment transactions try
to update, and contend on the same field.

Finally, the NewOrder transaction profile demonstrates
limited intra-DPU scalability under both execution modes,
as shown in Figure 7a. Abort rates exceed 80% across tasklet
counts (Figure 7b), severely constraining progress. These re-
sults suggest that NewOrder is highly sensitive to intra-DPU
contention (recall that each DPU stores a different warehouse
in our implementation), and that neither concurrency control
approach effectively handles its complex data dependencies
under increased parallelism. This is due to the fact that the
NewOrder transaction is relatively long, which increases the
likelihood of conflicts. Furthermore, these transactions per-
form a large number of inserts, each of which requiring a
significant number of writes.

In summary, non-deterministic execution is generally
more resilient to contention and parallelism in write-heavy
workloads, while the deterministic approach performs com-
petitively only for read-mostly local transactions. Across all
transactions, high abort rates remain the primary obstacle
to single DPU throughput scaling.

5 Conclusions and Future Work

We presented PIM-TIDE, the first in-memory data store to
support cross-DPU transactions on real PIM hardware. PIM-
TIDE introduces a mixed-mode execution scheme that com-
bines deterministic execution for distributed transactions
with lightweight, non-deterministic concurrency control for
local ones. We evaluated PIM-TIDE using a real-world OLTP
benchmark ported to UPMEM-based PIM hardware, showing
that PIM-TIDE can deliver up to a 10X performance improve-
ment over traditional CPU-based systems, as well as energy
efficiency gains, by leveraging massive parallelism and in-
memory computation.

Overall, PIM-TIDE demonstrates the viability and benefits
of bringing transactional processing to PIM environments to-
day, while also opening several promising avenues for future
research, such as efficient fault-tolerant schemes tailored for
PIM systems and data partitioning schemes to reduce the
frequency of distributed transactions.

As a final note, recently UPMEM has been taken over
by a large corporation, which announced that the UPMEM
technology will foster the development of their future PIM
systems. We believe that this development will increase the
industrial relevance of PIM systems and stimulate research
on how to implement transactional processing systems that
match the unique characteristics of PIM systems.
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