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Abstract
Deep recommendation systems enhance user experiences by
providing fast, high-quality personalized recommendations,
which requires large-capacity and high-speed memory. While
memory disaggregation offers a cost-efficient solution for
handling large-scale embedding vectors (EVs), it suffers from
significant network overheads. Processing-in-memory (PIM)
technology restructures the data access path by offloading
bandwidth-intensive embedding operations to remote PIM
pools, hence minimizing data movement and alleviating
network transfer costs. However, fully exploiting the band-
width potential of disaggregated PIM pools is hindered by
sub-optimal intra-unit parallelism, cross-unit load imbalance,
and granularity mismatch in the host-device data transfer.
To tackle these challenges, we propose CloverRec, a cost-
efficient and high-performance recommendation inference
system that offloads embedding operations to a disaggregated
PIM pool. CloverRec employs a fine-grained dimension-
partitioned data layout to achieve synchronization-free paral-
lelism, introduces a dynamic data placement mechanism to
mitigate hot-spot skewness across thousands of PIM units, and
orchestrates hierarchy-aware data transfer at rank granularity
to suppress transfer amplification and saturate the host-device
bandwidth. Evaluations on a real UPMEM PIM system
show that CloverRec outperforms state-of-the-art embedding
schemes by up to 8.18×.

1 Introduction
Recommendation systems have become a fundamental com-
ponent in many applications across various domains, such as e-
commerce [62, 70], personalized advertisements [21, 23], and
social media [58]. The core driving force behind recommenda-
tion systems lies in their capability to capture user behaviors
and preferences while distilling essentials from vast amounts
of information. Modern recommendation systems widely
employ deep learning recommendation models (DLRMs) [1,
14, 65] to enhance the accuracy. Such deep recommendation
systems efficiently handle billion-scale users and items while
delivering substantial enhancements to user experiences.

Deep recommendation systems typically consist of two
parts: an embedding layer that creates low-dimensional
representations of input features, and a compute-intensive top
multi-layer perceptron (MLP) that scores items. The inputs
of deep recommendation systems are generally categorized
into two types: dense features (e.g., product price) and
sparse features (e.g., product ID) [1, 65]. Recommendation
systems transform sparse features into dense representations
by encoding them as embedding vectors (EVs) [3]. The
trained EVs are stored in various EV tables according
to their properties. To process an inference request, the
deep recommendation systems retrieve the target EVs by
performing lookups in the EV tables using the sparse features
as keys. These EVs are grouped by their table IDs, forming
several EV groups. The EVs within the same EV group are
further reduced via pooling mechanisms (e.g., sum/max).

In contrast to the compute-intensive MLP layers, the
embedding layer exhibits low compute intensity and de-
mands high bandwidth. Enterprise-level deep recommenda-
tion systems typically adopt an embedding-disaggregated
structure [14,58] to enhance resource utilization and optimize
cost-efficiency, where GPUs accelerate MLP layers and CPUs
handle embedding layers. The embedding-disaggregated
structure enables flexible CPU/GPU configurations, achieving
higher resource efficiency.

To improve recommendation accuracy and support richer
feature representations, recommendation systems tend to store
more EVs with higher dimensions [28, 60], leading to an
unprecedented scale of EV tables. Recent studies report that
EV tables in enterprise-level recommendation systems will
scale to dozens of terabytes [2, 49, 76], which cannot be fully
placed into the memory of a single machine. Fully GPU-
resident deployments are even less cost-efficient, since they
over-provision expensive GPU memory for massive, sparse,
and low-compute-intensity embedding tables. Therefore,
practical deployments need remote embedding access to
decouple embedding capacity from GPU compute capacity.

Memory disaggregation [26,52,53,57,63,64,78,79] allows
flexible resource management by decoupling the compute and



memory resources, which becomes a promising solution to
provide high scalability and resource utilization in modern
data centers. By adopting memory disaggregation schemes,
recommendation systems can store EV tables in remote
memory pools and independently scale them with high cost-
efficiency. However, the recommendation systems need to
fetch a large number of EVs from the remote memory pool
during inference, ranging from tens to hundreds of EVs per
table for one request [23, 56, 82], making GB-scale data
movements for each inference. Therefore, despite using high-
performance networks (e.g., RDMA [16] or CXL [11]) to
connect different resource pools and caching hot EVs in
the compute pools, the memory-disaggregated embedding
scheme still suffers from significant data transfer overheads.

Due to the salient features of minimizing data move-
ments and achieving high bandwidth and energy efficiency,
processing-in-memory (PIM) [33, 34, 36–39, 42] offers a
non-trivial new platform and performs computations closer
to where data resides. PIM becomes an efficient solution
to reduce the network overheads of memory-disaggregated
embedding schemes. To this end, we explore offloading
embedding operations to a disaggregated PIM pool, which
significantly reduces network transfer costs. However, simply
offloading embedding operations to real PIM systems unfor-
tunately suffers from the following system-level challenges:

1) Inefficient intra-DPU parallelism. A PIM system
consists of thousands of DRAM processing units (DPUs) [69],
each of which handles embedding lookups and reduction of
EV groups. Each DPU allows its threads to perform embed-
ding operations for different EV groups. However, this group-
based parallelism causes load imbalance among threads due
to varying group sizes, resulting in low performance. While
performing operations at the EV granularity can address
the load imbalance issue, it introduces significant thread
contention caused by lock-based correctness mechanisms,
ultimately failing to achieve high performance.

2) Performance degradation due to inter-DPU load
imbalance. A PIM system leverages thousands of DPUs
to deliver high bandwidth and offer parallelism, making
load balancing across DPUs crucial. However, real-world
workloads often exhibit skewed access patterns, where a few
hot EVs account for most accesses [1, 29, 35, 73], resulting
in significant load imbalance across DPUs. Such a load
imbalance deteriorates the performance.

3) High transfer amplification due to granularity mis-
match in PIM processing. DPUs are generally managed at
the DPU-Set (all allocated DPUs) granularity. However, the
PIM system distribute and execute tasks at the granularity of
a single DPU. Since the real UPMEM PIM product [13]
requires transferring data of the same size in a single
transmission due to data alignment, the granularity mismatch
in PIM processing results in significant transfer amplification.
Furthermore, all DPUs have to wait for the slowest one during
processing, which decreases the system performance.
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Figure 1: The workflow of a deep recommendation system.

To efficiently address the mentioned problems, we propose
CloverRec, a PIM-enabled recommendation system that
delivers cost-efficient inference. CloverRec fully leverages the
high parallelism of DPU threads and achieves load balancing
across DPUs, while further mitigating transfer amplification
with rank-level PIM processing. Specifically, this paper makes
the following contributions:

• Dimension parallelism. To efficiently utilize DPU
threads, CloverRec redesigns the intra-unit data processing
scheme via a fine-grained dimension parallelism, enabling
lock-free concurrent access to distinct data slices partitioned
by dimension ranges. This approach fully exploits the
parallelism of DPU threads while minimizing inter-thread
synchronization overheads, hence gaining high performance.
• Dynamic redundancy-based load balancing. To make

thousands of DPUs load-balanced, CloverRec creates multiple
replicas of hot EVs across DPUs. CloverRec leverages
lightweight split and merge operations to dynamically adjust
the replication scheme, hence enabling efficient adaptation to
various access patterns. To reduce CPU computation costs,
CloverRec facilitates intra-DPU reduction and proactively
controls the redundancy degree (i.e., the number of replicas).
• Rank-level PIM processing. To alleviate transmission

amplification and saturate CPU-DPU bandwidth, CloverRec
implements a hierarchy-aware transfer mechanism that aligns
data transfer granularity with the physical DIMM rank
structure, minimizing padding overhead. CloverRec further
minimizes transfer costs by pipelining data transmission with
DPU execution.

• Real implementation and comprehensive evaluation.
We have implemented and evaluated CloverRec on a real PIM
system using the representative recommendation framework
DLRM [14, 58]. Extensive experimental results show that
CloverRec outperforms state-of-the-art embedding disaggre-
gation schemes by up to 8.18×. We have released the open-
source codes for public use in https://github.com/L
ighT-chenml/CloverRec.

2 Background and Motivation
2.1 Deep Recommendation Systems
As shown in Figure 1, a typical deep recommendation system
processes two types of inputs: dense features (e.g., user

https://github.com/LighT-chenml/CloverRec
https://github.com/LighT-chenml/CloverRec


Figure 2: The illustration of different embedding disaggregation schemes (the upper part shows the logical structures of different
schemes, while the lower part displays the physical structures).

age) and sparse features (e.g., user ID). Sparse features
are transformed into trained d-dimensional embedding vec-
tors (EVs) [3], stored in EV tables based on their properties.
During inference, the system retrieves the EVs from tables,
then reduces them using pooling mechanisms (e.g., sum/max).
The dense features are also encoded into d-dimensional EVs
via the bottom multi-layer perceptron (MLP). The combined
EVs of dense and sparse features are then processed by the
top MLP to output scores (e.g., click-through rates).

Despite diverse and ad-hoc designs [19,48,61,82], deep rec-
ommendation systems typically follow the embedding-MLP
paradigm [24, 58], where an embedding layer encodes input
features and a top MLP computes item scores. While recent
approaches [4, 15, 77] incorporate large language models for
recommendations, embedding-MLP-based DLRMs remain
dominant due to their cost-effectiveness.

2.2 Embedding Disaggregation
In deep recommendation systems, embedding layers and
MLP layers have distinct characteristics: MLP layers are
compute-intensive and benefit from GPU processing, while
embedding layers, with low compute intensity, are inefficient
on GPUs. To optimize resource utilization and cost efficiency,
these systems typically adopt an embedding-disaggregated
structure [14, 58]. As shown in Figure 2(a), the embedding
and MLP layers are respectively processed by CPUs and
GPUs. Such a local embedding disaggregation allows flexible
CPU/GPU configurations and high resource efficiency.

Modern deep recommendation systems store massive EVs
to represent the features of billions of users and items,
resulting in unprecedentedly large EV tables. For instance,
an EV table can reach 2 terabytes when storing a billion 512-
dimension EVs in FP32 format [44, 55], which exceeds the
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Figure 3: The latency breakdowns of different embedding
disaggregation schemes.

memory capacity of a single machine. Memory disaggrega-
tion schemes [20,26,52,53,57,63,64,78,79] provide flexible
and high-scalable memory management. By adopting memory
disaggregation, deep recommendation systems accommodate
large-scale EV tables while providing high performance
and cost-efficiency [49, 67]. As shown in Figure 2(b), the
remote embedding scheme stores the EV tables in remote
memory pools. During inference, the host server retrieves all
required EVs from the remote memory pool before locally
performing embedding reduction. This design addresses
the memory-capacity problem, but exposes every raw EV
lookup to remote data movement. The remote access path can
dominate inference latency even when the embedding tables
are successfully disaggregated.

Unfortunately, despite using high-performance networks
(e.g., RDMA [16] or CXL [11]) to connect these pools and
caching hot EVs on the host server, remote embedding dis-
aggregation still suffers from significant network overheads.
As shown in Figure 3, data transfer overheads dominate the
end-to-end latency, accounting for up to 80% across various



Figure 4: The architecture of a UPMEM-based PIM system.

recommendation models (experimental details in §5.1). This
is because recommendation systems must retrieve massive
EVs during inference, ranging from tens to hundreds of EVs
per table per request [23,56,82], thus leading to GB-scale data
movement for each inference. This highlights the critical need
for optimizing the I/O path in remote embedding schemes.

Processing-in-memory (PIM) [33, 34, 36–39, 42] is a
computing paradigm that minimizes data movement by
bringing computation closer to data (in or near the memory),
offering high bandwidth and energy efficiency. PIM is
a promising solution for reducing the network overhead
of remote embedding disaggregation [18, 27, 40, 49]. As
illustrated in Figure 2(c), by offloading embedding lookup and
reduction tasks to the PIM pool, the remote PIM embedding
scheme allows the host server to fetch only the reduced EVs,
hence significantly reducing network transmission volume. Its
key idea stems from a pragmatic design principle: introducing
controlled, internal re-coupling within the disaggregated
memory pool to eliminate the primary data transfer bottleneck,
thereby enabling feasible and high-performance disaggre-
gation at the system level. PIM pool acts as a specialized
disaggregated resource, analogous to GPU pools, representing
a natural evolution of disaggregated architectures toward
heterogeneity and specialization.

2.3 Real PIM Systems for Embedding
While existing designs [18, 25, 32, 46, 71] leverage PIM to
improve the application performance across diverse domains,
they are mainly evaluated based on simulators (e.g., DRAM-
sim [47] or Ramulator [51]) or FPGA-based emulations [27].
UPMEM proposes commercial PIM hardware [13], boosting
many applications with the real PIM system [6, 10, 30, 45].

2.3.1 The Architecture of A Real PIM System
Figure 4 illustrates the architecture of a real PIM system,
UPMEM PIM, comprising a host CPU, standard DRAM
modules, and PIM modules. The UPMEM PIM module is
a DDR4-2400 double-rank DIMM with 16 PIM chips, each
containing 8 DRAM processing units (DPUs). Each DPU
includes a 64-MB main DRAM bank (called MRAM), a
64-KB scratchpad memory (WRAM), a 24-KB instruction
memory (IRAM), and a DPU processor. The UPMEM PIM
system achieves a high per-DIMM bandwidth of 80 GB/s and
a total aggregated bandwidth of 1.6 TB/s [17].

The DPU processor offers high thread-level parallelism
with 24 threads (tasklets in UPMEM [69]) that share
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Figure 5: The performance of PIM-enabled embedding
disaggregation under the workloads of different skewness
(the number of EV operations indicates the number of EVs
that need to be lookuped and reduced for the DPU).

MRAM/WRAM data and synchronize using primitives
such as mutexes. However, each DPU is a lightweight
processor with limited single-thread performance, rather than
a latency-optimized CPU core. Its performance therefore
depends on exposing enough independent work across
tasklets and avoiding frequent synchronization. Furthermore,
DPUs need to load data from MRAM into WRAM for
processing. The DPU SDK facilitates programming by
providing transparent MRAM access via a software cache.
DPU programming adopts a conventional accelerator model,
similar to CUDA [59]. The execution program (analogous
to a kernel function) is typically preloaded onto DPUs. The
host CPU transfers task data to DPUs, initiates the execution
program, and retrieves results after the DPUs complete
processing. The transmission sizes for DPUs involved in a
single transfer must be equal to ensure data alignment and
simplify hardware design [69]. This constraint results in
a trade-off. A larger transfer group can efficiently utilize
host-DPU bandwidth, but every DPU in the group must pad
its buffer to the largest useful payload in that group.

2.3.2 Key Challenges in PIM-Based Embedding
Although PIM-enabled embedding disaggregation signifi-
cantly reduces network costs, inefficient PIM processing
becomes a new performance bottleneck, accounting for 63%
of latency on average, as shown in Figure 3. This inefficiency
arises from the following challenges:
Challenge 1: Inefficient intra-DPU parallelism. DPUs
handle embedding lookups and reductions on EV groups (each
group contains EVs from the same request and table).
However, fully utilizing the parallelism of DPU threads to
efficiently perform embedding reduction is challenging. A
straightforward approach is to assign different EV groups
to separate DPU threads, but this leads to load imbalance
due to varying numbers of EVs in each group. A finer-
grained strategy that assigns reduction tasks at the EV level
eliminates load imbalance, but causes contentions among
threads competing to reduce the same group. Consequently,
this approach results in marginal performance improvements
or even degrades performance due to locking overheads.
Challenge 2: Severe inter-DPU load imbalance. Although
the PIM system offers high bandwidth and parallelism with
thousands of DPUs, balancing workloads among these DPUs
is critical. Each DPU stores a subset of EVs and performs



reduction on them. However, real-world workloads are often
skewed, with certain hot EVs being accessed frequently [1,
29, 73, 75], resulting in significant inter-DPU load imbalance.
While caching hot EVs at the host server can mitigate this
imbalance, uncached EVs still vary in access frequency. Con-
sequently, under skewed workloads (e.g., Zipfian distribution,
α = 0.99), some DPUs become overloaded, as shown in
Figure 5(a). This load imbalance degrades PIM processing
latency by up to 5.1×, as depicted in Figure 5(b).
Challenge 3: Granularity mismatch in PIM processing.
While DPUs are processed at the DPU-Set granularity (in-
cluding all allocated DPUs), task dispatch and execution
are performed at the single DPU granularity. Each DPU
exhibits different transfer and execution time due to the inter-
DPU load imbalance, which is hard to eliminate in practice.
Since DPUs must transfer data of the same size in a single
transmission, this granularity mismatch forces less-loaded
DPUs to pad and transfer extra padding data, leading to
severe transfer amplification. Furthermore, during both data
transfer and execution, all DPUs must wait for the slowest
DPU, exacerbating the performance degradation.

3 Design Principles for Real PIM Devices
Achieving high-performance recommendation inference on
disaggregated PIM systems needs to coalesce the properties
of software and hardware. We propose three fundamental
system-level design principles that address the core challenges
of exploiting real PIM devices for data-intensive workloads
such as recommendation inference. These principles capture
unique hardware properties and provide a portable framework
for designing high-performance PIM-enabled systems.

• Principle 1: Decouple data access via fine-grained
partitioning. PIM units (e.g., DPUs) offer tens of hard-
ware computation cores (e.g., DPU threads), but exploiting
this parallelism is non-trivial due to load imbalance and
synchronization overheads. A key insight is to decompose
monolithic data vectors into independent dimension slices
to enable concurrent, lock-free memory access within PIM
units. For instance, in embedding reduction, by assigning each
computation core a contiguous slice of dimensions for all
vectors, we achieve efficient computation parallelism without
locks or barriers. This principle is applicable to any data-
parallel operation in which the computation can be partitioned
along an independent axis (e.g., dimensions, columns, or
keys). Such a decomposition maximizes core utilization while
eliminating synchronization.

• Principle 2: Adaptive data placement for skewed
workloads. PIM devices comprise thousands of independent
PIM units. Static partitioning or replicating strategies fail
to maintain load balance across PIM units under skewed,
varying access patterns. An effective approach is to dynam-
ically redistribute hot data across PIM units based on ob-
served access frequency. This approach involves proactively
replicating frequently accessed data items (e.g., EVs) onto

Figure 6: The system overview of CloverRec.

multiple PIM units, enabling fast and efficient data redistribu-
tion. The system continuously adapts replica placement via
lightweight split/merge operations, while controlling the trade-
off between redundancy (for load balance) and locality (for
reduction performance). This principle shifts from static data
placement approaches to a data-centric, adaptive approach
that maintains load balance under dynamic workloads.

• Principle 3: Align host-device data transfer granularity
with hardware hierarchy. The mismatch between the logical
granularity of task dispatch and the physical granularity of
data transfer causes significant overheads. To bridge this
gap, the transfer granularity should align with the hardware’s
memory and interconnect hierarchy. By transferring data at
the rank level, we minimize data padding overhead while
saturating the available host-device bandwidth. This principle
advocates for a granularity-aware data movement strategy that
balances transfer amplification against bandwidth utilization,
a critical trade-off in PIM-enabled system.

These design principles collectively address the key chal-
lenges of PIM programming: parallelism efficiency, dynamic
load balancing, and data movement optimization. Although
discussed in the context of recommendation inference and
illustrated with UPMEM PIM as a case study in this work,
these principles generalize to a broad class of data-intensive
workloads and can be applied to diverse PIM devices and
similar heterogeneous, near-memory architectures.

4 CloverRec Design
4.1 System Overview
Figure 6 shows the overview of the CloverRec system.
CloverRec consists of three components, including (1) a
host server that performs the global inter-DPU reduction,
(2) a GPU pool that computes MLP layers, and (3) a PIM
pool for storing large-scale EV tables and performing high-
performance embedding operations (lookup and reduction).
The PIM pool serves as a high-bandwidth, compute-capable
storage tier, storing large-scale EV tables and performing
data reduction to minimize data movements. It comprises
PIM-enabled systems, each consisting of a host CPU, DRAM
memory, and PIM-enabled memory.

Compared to conventional embedding disaggregation



Figure 7: The structure of the DPU buffer.

schemes [14, 49, 58, 67], CloverRec’s essential feature stems
from the offloading of embedding operations to the PIM pool.
During inference, the host server checks its embedding cache
to obtain the cached EVs and sends the missed EV IDs to
the PIM pool. The host CPU in a PIM system dispatches the
EV IDs to DPUs and launches DPU execution to perform
embedding operations. After the execution, the host CPU
fetches the reduced EVs from DPUs and sends them to
the host server. After receiving the reduced EVs, the host
server performs the global reduction of these EVs and the
cached EVs to generate the final output of embedding layer.
Moreover, the host server fetches missed EVs to update the
embedding cache. To minimize transfer cost, CloverRec
only fetches a random portion of the missed EVs (< 1% of
reduced EVs) to update the embedding cache.

Embedding tables are partitioned by rows and evenly
distributed across all available DPUs, supporting arbitrary
table sizes. Initially, DPUs store the same number of EVs.
Each DPU maintains a buffer in MRAM, which stores EVs,
embedding operations tasks, and reduction results. Figure 7
presents the detailed structure of the DPU buffer. Before
execution, the host CPU sends the metadata (including the
function type, the number of EV IDs, and the number of EV
groups) and task pairs (including the group and EV IDs) to the
DPU buffer. During execution, each DPU leverages multiple
threads to concurrently perform embedding operations. Each
EV group maintains a reduced EV as the reduction result. It
is worth noting that each data transmission only involves the
valid task pairs and reduced EVs while padding extra data to
ensure the transfer sizes are the same.

While offloading embedding operations on real PIM
systems poses several challenges (§2.3), CloverRec over-
comes these challenges and achieves efficient PIM-enabled
embedding operations with the following synergistic designs:

• Efficient intra-DPU parallelism (§4.2). CloverRec
enables dimension-parallel embedding reduction across DPU
threads, eliminating inter-thread synchronization while maxi-
mizing thread parallelism for high performance.

• Dynamic redundancy-based load balancing (§4.3).
CloverRec balances inter-DPU loads by replicating hot EVs
across multiple DPUs. It dynamically optimizes replication
scheme through split and merge operations, adapting effi-
ciently to varying access patterns.

• Rank-level PIM processing (§4.4). CloverRec employs
rank-level transfer to simultaneously minimize transmission
amplification and fully saturates the bandwidth between the
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Figure 8: The illustration of different intra-DPU reduction
parallelism mechanisms (using 4 threads as an example).

host CPU and DPUs. By pipelining data transfers with DPU
execution, CloverRec further reduces transfer overhead.

4.2 Dimension Parallelism
DPU provides high parallelism with tens of DPU threads. It
is crucial to fully leverage the parallelism of DPU threads
for achieving high-performance embedding operations. Intu-
itively, the DPU allows DPU threads to perform embedding
operations at the EV group granularity, called group-based
parallelism. As shown in Figure 8, when processing 2 EV
groups (containing 4 and 2 EVs respectively) with 4 threads,
group-based parallelism leaves threads 2–3 idle, leading to
low parallelism efficiency.

To improve utilization of DPU threads, DPUs can adopt
finer-grained parallelism by arranging DPU threads to per-
form embedding operations at the EV granularity. This
EV-based parallelism allows DPU threads to operate on
individual EVs across groups, as shown in Figure 8. However,
EV-based parallelism may assign different EVs from the same
EV group to multiple DPU threads. Although EV lookups
are read-only and conflict-free, the following reduction phase
requires these threads to accumulate values into the same
reduced EV buffer. Locks or atomic operations are therefore
needed to prevent race conditions during concurrent updates,
and the resulting synchronization overhead can dominate the
lightweight embedding computation.

We observe that the EVs are typically high-dimensional to
represent features of billion-scale data [19,54,58,80], making
it practical to follow Design Principle 1 (§3). Based on this
observation, CloverRec introduces dimension parallelism to
fully leverage the parallelism of DPU threads. As shown in
Figure 8, each DPU assigns threads to process embedding
operations of distinct dimension ranges for all involved EVs.
For instance, thread 0 processes the operations of dimensions
0–15 for EVs 0–5. The dimension parallelism maximizes
thread utilization while eliminating inter-thread synchroniza-



tion, hence bringing significant performance gains.
There are two requirements for applying dimension par-

allelism. First, the number of EV dimensions needs to
exceed the number of DPU threads. Second, the embedding
operations should not involve inter-dimension dependencies
and allow DPU threads to independently operate on distinct
dimensions. These requirements are typically met in practice
since: (1) enterprise-level recommendation models use high-
dimensional EVs to improve accuracy [19, 54, 58, 80], and (2)
common pooling operations (e.g., sum/max) are dimension-
independent. Therefore, dimension parallelism can be effec-
tively applied in a wide range of scenarios.

4.3 Dynamic Load Balancing
Since CloverRec leverages thousands of DPUs to achieve
high-performance embedding operations, it is essential to
ensure load balancing across DPUs. In practice, the load
imbalance stems from the fact that the hotness of EVs
exhibits significant differences. As a result, the DPUs that
store hot EVs need to handle a large number of embedding
operations and become overloaded. Prior designs [7, 10, 32]
employ static load balancing mechanisms, incurring severe
overheads when access pattern changes. In contrast, following
Design Principle 2 (§3), CloverRec leverages a dynamic load
balancing scheme that adapts to varying access patterns with
constrained overhead, providing finer-grained adjustment than
static approaches.

4.3.1 Redundancy-based Load Balancing
CloverRec leverages a redundancy-based load-balancing
mechanism to prevent DPUs from being overloaded. For
a hot EV, CloverRec stores multiple replicas of the EV
across multiple DPUs, each of which holds a replica. Each
embedding operation on a hot EV is randomly dispatched to
one of its replica-hosting DPUs.

In CloverRec, we quantify EV hotness using the num-
ber of accesses to an EV (i.e., EV frequency), a standard
metric for identifying hotness in many systems such as
caching systems [41, 74] and tiered-memory systems [43, 72,
83]. When enabling redundancy, each replica-hosting DPU
has an equal probability of serving operations for that EV.
The expected per-replica load (EV _Freq) is computed as
EV _Freq = Total_Freq

Number_o f_Replicas , where Total_Freq indicates
the total access frequency of an EV. For non-redundant EVs,
their numbers of replicas are 1. Each EV’s total frequency
is tracked via a 4-byte counter, adding negligible memory
overheads (< 1% for 128-dimension EVs). For DPUx storing
K EVs, its expected frequency is computed as DPU_Freqx =

∑
K−1
i=0 EV _Freqi, where EV _Freqi is the expected frequency

of the ith EV (or replica) stored on DPUx. The expected
frequency of a DPU represents its estimated hotness during
the following requests.

Figure 9 illustrates the effectiveness of redundancy-based
load balancing. Consider 3 DPUs where DPU 1 initially
stores a hot EV (EV 5) with frequency 850, causing overload.

Figure 9: The illustration of redundancy-based load balancing
(using 3 DPUs as an example).

After replicating EV 5 to DPUs 0 and 2, the frequency of
DPU 1 significantly decreases while the frequencies of DPUs
0 and 2 only slightly increase, balancing overall load. To
minimize tracking overhead for DPU frequencies, we use
a hybrid frequency method that consists of: (1) Increasing
the actual DPU frequency when accessing an EV replica.
(2) Updating expected DPU frequencies with the changes
in expected EV frequencies when creating/deleting replicas.
This hybrid approach maintains accuracy while minimizing
the costs of updates.

To achieve adaptive load balancing across varying access
patterns, CloverRec leverages a dynamic redundancy-based
load balancing mechanism with four key design goals: (1)
Minimize the maximum DPU loads. CloverRec replicates hot
EVs onto cold DPUs to reduce the maximum DPU loads. (2)
Adaptive replica placement. CloverRec leverages fine-grained
split and merge operations to dynamically adjust the replica
placement with low overheads. Moreover, CloverRec employs
an aging mechanism to prevent overvaluing EVs. (3) Balance
between redundancy degree and EV locality. It is a trade-off
between a high redundancy degree (i.e., more replicas) and a
high locality of EVs. CloverRec optimizes this trade-off by
facilitating intra-DPU reduction and constraining the redun-
dancy degree. (4) Constrained runtime overhead. To make
the runtime overhead manageable, CloverRec dynamically
tunes the operations rates of split/merge operations based on
real-time overhead measurements.

4.3.2 Split Operation
CloverRec creates a replica with a split operation, which
consists of four steps. (1) Hot DPU selection, which chooses
the DPU with highest frequency. (2) Hot EV selection, which
samples EVs from the selected hot DPU to efficiently identify
the one brings the highest reduction in DPU frequency, i.e.,
the expected frequency of the EV would decrease the most
after creating a new replica. (3) Cold DPU selection, instead of



simply selecting DPUs with the lowest expected frequencies,
it prioritizes to select DPUs that (a) contain EVs from fewer
distinct tables, and (b) contain more EVs from the same table
as selected hot EV. Since EVs from the same table are more
likely to be involved in the same EV group, this selection
approach facilitates intra-DPU reductions. Moreover, to
ensure that the split operation reduces the maximum of
the expected DPU frequency, there is a constraint for the
selection: the frequency of the cold DPU after storing the new
replica does not exceed the frequency of the selected hot DPU.
The DPUs with insufficient memory for the new replica are
skipped in this step. (4) Replica placement, which creates a
new replica of the selected hot EV on the selected cold DPU.

4.3.3 Merge Operation
CloverRec maintains a maximum number of total repli-
cas (MAXNrep) to constrain the redundancy degree for
limiting CPU computation costs, EV transfer overheads, and
extra memory footprints. When the current number of total
replicas approaches the maximum number (e.g., exceeding
95% of the maximum number), CloverRec deletes the replicas
with merge operations, each of which consists of three steps:
(1) Cold EV selection, which samples EVs to identify the one
whose expected frequency would increase least upon replica
deletion. (2) Hot DPU selection, which chooses the DPU with
the highest frequency among DPUs storing the selected EV’s
replicas. (3) Replica deletion, which removes the replica from
the selected DPU.

4.3.4 Aging Mechanism
Since CloverRec uses frequency-based hotness identification,
the hot EVs can be overvalued when they become cold.
To mitigate this problem, CloverRec employs an aging
mechanism, which is a cost-efficient and widely-used way
to capture object recency by simply increasing the gained
scores of recently accessed EVs [9]. When an EV is accessed,
its total frequency increases by Freqgain, which is initialized
to 1. CloverRec increases the Freqgain by 0.01 every Naging
requests. The Naging is a user-configured hyperparameter.
With the aid of aging, the recently hot EVs can be efficiently
identified. We recommend setting Naging at 10–100 according
to experimental results in §5.5.

4.3.5 Adaptive Parameter Changing
CloverRec dynamically tunes load balancing based on real-
time overhead measurements, including two key mechanisms.
(1) Operation rate control, which adjusts split/merge opera-
tions per inference (i.e., Nsplit and Nmerge). When the split
overhead is low (e.g., < 1% of the embedding operation
latency) and more replicas are needed (e.g., the current total
replicas are less than 95% of the maximum), CloverRec
increases Nsplit , while decreasing it when the overhead
is high (e.g., > 3% of the embedding operation latency).
CloverRec applies a similar adaptive approach to adjust
Nmerge. (2) Replica capacity (i.e., MAXNrep) management,
which freezes replica creation if the CPU computation

Figure 10: The illustration of different transfer granularities.

and EV transfer overhead of increasing the redundancy
degree overwhelms the performance benefits. CloverRec
halts the creation of new replicas by setting the MAXNrep
to the current number of total replicas. If the performance
improvements from redundancy outweigh the additional costs,
CloverRec gradually resumes creating replicas by increasing
the MAXNrep. We recommend initializing MAXNrep at 1–5%
of total unique vectors. This ensures significant load balancing
headroom while maintaining low memory overhead.

4.4 Rank-Level PIM Processing
The host CPU typically manages PIM processing at the DPU-
Set granularity [69], which transfers data to all allocated
DPUs with a single copy function (e.g., dpu_push_xfer and
dpu_push_sg_xfer) and launches DPUs with a single exe-
cution function (e.g., dpu_launch). Different DPUs typically
have different transfer loads because sparse-feature accesses
are skewed and each request may generate different numbers
of task pairs and reduced EVs across DPUs. However,
the transfer sizes for the involved DPUs need to be the
same to ensure data alignment. As a result, DPUs with
fewer transfer loads need to pad the transmission buffer
to the maximum transfer size, leading to severe transfer
amplification. For instance, in Figure 10, consider DPU0 and
DPU64 need to transfer 900 and 200 reduced EVs to the host
CPU respectively, the DPU64 needs to pad its transfer load
by 4.5×. While the DPU-Set-level processing can saturate
the bandwidth between the host and DPUs, the transfer
amplification significantly degrades the transfer efficiency.

An intuitive way to eliminate the transfer amplification is
to carry out the PIM processing at the single DPU granular-
ity. However, this approach suffers from severe bandwidth
underutilization. As shown in prior study [17], DPU-level
transfers achieve 0.27 GB/s (CPU-to-DPU) and 0.12 GB/s
(DPU-to-CPU) sustained bandwidth, which are only 4.0%
and 2.5% of the full bandwidths 6.68 GB/s (CPU-to-DPU)



and 4.74 GB/s (DPU-to-CPU) respectively. This bandwidth
bottleneck ultimately degrades overall performance.

CloverRec optimizes this granularity trade-off through
rank-level processing. This design is the concrete practice
of Design Principle 3 (§3) on UPMEM PIM. CloverRec
partitions DPUs according to the physical rank organization of
UPMEM DIMMs and issues one copy operation for each rank.
For a rank, CloverRec pads each DPU buffer to the maximum
useful payload among DPUs in this rank, instead of the
maximum payload among all allocated DPUs. This rank-level
transfer mitigates transfer amplification while still saturating
the bandwidths between CPU and DPUs [17]. CloverRec
further pipelines data transfer with DPU execution through
asynchronous copy and execution calls, which alleviates the
transfer imbalance and improves the performance.

5 Performance Evaluation
5.1 Experimental Setup
We incorporate CloverRec into the representative open-source
recommendation framework (DLRM) [14, 58] and evaluate it
on a real disaggregated PIM system.
Platform. We conduct experiments with three servers (a GPU
server, a PIM-enabled server, and a host server), each with a
100 Gbps Mellanox ConnectX-5 InfiniBand RNIC. These
servers are interconnected through a 100 Gbps Mellanox
SB7890 InfiniBand switch. We use the mature RDMA
technology for implementations because the current UPMEM
PIM product does not support CXL technology. The GPU
server contains 1 NVIDIA Tesla V100 GPU, which handles
the MLP layers. The PIM-enabled server is equipped with
8 UPMEM DIMMs and 192 GB DRAM, serving as the
memory pool (in the remote embedding scheme) and the
PIM pool (in the PIM-based embedding scheme), respectively.
The 8 PIM DIMMs contain 1020 DPUs running at 350 MHz
while 4 DPUs are non-functional and cannot be allocated1.
The host server is employed to manage recommendation
inference workflows and coordinate with the GPU server
and the memory/PIM pool, equipped with two Intel 26-core
Xeon Gold 6230R CPUs and 192 GB DRAM.
Comparisons. We compare CloverRec with state-of-the-
art embedding disaggregation schemes (§2.2): local embed-
ding (LocalEmb) [14], remote embedding (RemoteEmb) [49],
and remote PIM embedding (PIMEmb). While LocalEmb
does not support large-scale EVs and cannot be adopted
in real-world recommendation systems, we evaluate it to
demonstrate the performance upper bound. Besides, we
evaluate PIMEmb as it provides a clean baseline to isolate
and quantify the individual contribution of our techniques on
the same hardware platform. For RemoteEmb, the host server
uses one-sided RDMA read operations to fetch EVs from the
remote memory pool.
Workloads. We evaluate CloverRec and the compared
schemes using both synthetic and real-world workloads.

1This is a common case and has also been observed in prior works [6,17].

Table 1: The different configurations of DLRM.

Model Number of
EV Tables

Number of
Rows/Table Emb. Dim Number of

Lookups/Table Bottom-MLP Top-MLP

RM1 [22] 10 1 Million 64 80 256-128-64 256-64-1
RM2 [22] 40 1 Million 64 80 256-128-64 512-128-1
RM3 [22] 10 1 Million 64 20 2560-512-64 512-128-1
RM4 [49] 80 1 Million 128 160 512-256-128 512-128-1

Kaggle [29] 26 Variable
(up to 10 M) 64 80 13-512-256-64 512-256-1

Specifically, the synthetic workloads are generated by using
4 different configurations of DLRM (RM1–4), as shown
in Table 1. These workloads are generated with a Zipfian
distribution (α = 0.99 by default). Among these workloads,
RM1, RM2, and RM4 involve large EV tables and heavy
embedding operations, making them embedding-intensive.
On the other hand, RM3 is more compute-intensive with
larger MLP layers. We further use open-source real-world
workload Criteo-Kaggle [29], which provides features and
click feedback data for millions of advertisements. In this
workload, consecutive records are grouped to form a request.
Default configurations. Unless otherwise stated, we perform
recommendation inference in a batched manner with a batch
size of 32. For PIMEmb and CloverRec, we use all 1020
DPUs to ensure that the EV tables can be fully stored in
DPUs and use one CPU core in the remote PIM pool to
initialize the network connection and manage the workflow
of PIM-enabled embedding operations. For each DPU, we
launch 16 DPU threads to execute intra-DPU embedding
operations. For LocalEmb and RemoteEmb, we use 52 CPU
threads to perform embedding operations. For RemoteEmb,
we use one CPU core to initialize the network connection
of the remote memory pool. For PIMEmb, we adopt group-
based parallelism to perform intra-DPU reductions while
transferring data between DPUs and the host CPU at the
DPU-Set granularity. Moreover, PIMEmb does not employ
a load-balancing mechanism. For RemoteEmb, PIMEmb,
and CloverRec, the embedding cache adopts LRU caching
scheme [12]. The cache size is set to 0.1% of the total
size of all EVs by default, since the memory capacity of
the host server and the memory pool is several orders of
magnitude different. Besides, we set the aging parameter
Naging of CloverRec to 100 by default.

5.2 End-to-End Performance
Figure 11 presents the throughput-latency curves of different
embedding disaggregation schemes. To plot a throughput-
latency curve, we record the throughput and latency via
various batch sizes. At small batch sizes, low request con-
currency may underutilize DPU parallelism, while fixed
host-DPU coordination overheads remain. As the batch
size increases, DPU parallelism becomes better utilized and
the benefit of reduction offloading dominates these fixed
overheads. Therefore, CloverRec shows more gains in the
high-throughput region, which matches the high-concurrency
scenario targeted by production recommendation inference.
Embedding-intensive workloads (RM1, RM2, RM4, and
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Figure 11: The throughputs and latencies of different schemes under various workloads.
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Figure 12: The ablation study of CloverRec designs.

Kaggle). The results indicate that RemoteEmb suffers from
low throughput due to significant network transfer overhead.
Compared with RemoteEmb, CloverRec achieves up to an
8.18× improvement in throughput. The improvements is
primarily attributed to the reduction in effective data move-
ment volume and the elimination of network-bound stalls.
Moreover, compared with LocalEmb, which is considered the
performance upper bound, CloverRec provides comparable
performance, highlighting the effectiveness and significance
of PIM-enabled operation offloading. In contrast, PIMEmb
provides limited or even worse performance compared with
RemoteEmb due to inefficient PIM processing and load
imbalance. The load imbalance problem becomes worse
with larger batches, which further exacerbates the inference
performance. By ensuring efficient intra- and inter-DPU
processing and balanced load distribution, CloverRec achieves
throughput improvements of up to 5.05× over PIMEmb.
Compute-intensive workload (RM3). Although the em-
bedding layer in RM3 contributes less to overall runtime
compared with embedding-intensive workloads, embedding
operations still dominate inference performance. CloverRec
outperforms RemoteEmb and PIMEmb by up to 1.49×
and 2.09×, respectively, demonstrating its efficiency and
effectiveness across diverse workloads.

5.3 Ablation Study
To understand the benefits of CloverRec designs, we evaluate
their performance contributions through an ablation study,
shown in Figure 12. Starting from a Baseline without any
proposed designs, we progressively apply each feature.
+ Dimension parallelism. Dimension parallelism boosts per-
formance by 1.14× (RM1) to 1.93× (RM4), demonstrating
its importance for embedding-intensive workloads, where
intra-DPU embedding operations significantly impact end-
to-end inference efficiency. Figure 13(a) compares different
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parallelism mechanisms on the RM1 workload. While EV-
based parallelism achieves load balancing across DPU threads,
correctness guarantee mechanisms such as locking, resulting
in severe inter-thread synchronization overheads and limited
performance improvements. In contrast, dimension paral-
lelism achieves thread load balancing without synchronization
overhead, delivering 1.62× higher performance.

+ Dynamic redundancy-based load balancing. Achieving
load balancing across DPUs improves throughput by 1.45×
on average across all workloads, as CloverRec efficiently
utilizes the high parallelism of thousands of DPUs with
balanced loads. To evaluate the adaptability of its dynamic
redundancy-based load-balancing mechanism, we shift the
hotness EV IDs during RM1 execution, as illustrated in
Figure 14, representing a change in access patterns. The Ideal
denotes PIMEmb performance under uniform distribution.
While access pattern changes increase maximum DPU load,
CloverRec mitigates load imbalance by replicating hot EVs
across multiple DPUs, reducing the maximum DPU load by
4.28× and significantly enhancing end-to-end performance.
Furthermore, CloverRec achieves comparable maximum DPU
load to Ideal, highlighting the effectiveness of its redundancy-
based load balancing.
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Figure 15: The latency breakdowns of different embedding
disaggregation schemes.

+ Rank-level PIM processing. Rank-level PIM processing
improves performance by 1.11× (RM2) to 1.13× (RM4) by
reducing transfer amplification and maximizing bandwidth
utilization between DPUs and the host CPU. Figure 13(b)
shows the transfer time of CloverRec with different PIM
processing mechanisms on RM4. Fine-grained transfer elimi-
nates transfer amplification using DPU transfer granularity but
suffers from low bandwidth, hence increasing transfer time.
In contrast, rank-level transfer balances low amplification and
high bandwidth, reducing transfer time by 22.1% compared
to DPU-Set transfer granularity. CloverRec further pipelines
data transfer and DPU execution, achieving an additional
22.7% reduction in transfer time.

5.4 Sources of Improvements
We analyze the sources of performance improvements in
CloverRec by presenting latency breakdowns of different
schemes, as shown in Figure 15. By leveraging efficient PIM-
enabled remote embedding operations, CloverRec reduces
network costs by up to 7.92× compared with RemoteEmb.
Moreover, CloverRec enhances PIM-enabled embedding
processing by up to 18.68× over PIMEmb through optimized
intra-DPU parallelism, inter-DPU load balancing, and rank-
level PIM processing. By proactively managing redundancy
degrees, CloverRec minimizes PIM computing time while
avoiding excessive computation and transfer overheads.

5.5 Sensitivity Analysis
We analyze the impact of the host cache size, the number of
DPU threads, workload skewness, and the aging parameter on
CloverRec’s performance. We show the results on the typical
workload RM1 due to space limitations, as similar trends are
observed across other workloads.
The host cache size. Figure 16(a) illustrates the performance
of CloverRec under varying different host cache sizes. Increas-
ing the cache size from 0 to 0.1% boosts throughput by 1.85×,
highlighting the effectiveness of the host-side embedding
cache. However, further increasing the cache size to 0.8%
results in only marginal gains of 1.14×. Hence, CloverRec
sets the default cache size at 0.1% to balance performance
and memory overhead.
The number of DPU threads. Figure 16(b) shows the
DPU execution time of CloverRec under varying numbers of
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Figure 17: The throughputs of different schemes under
various configurations.

DPU threads. Increasing DPU threads from 1 to 8 reduces
execution time by 3.56×, exhibiting a sublinear scaling trend.
Beyond 8 threads, performance gains become negligible, as 16
threads fully utilize the DPU processor pipeline and saturate
computation resources. These findings align with prior
research [17], which reports that 11 threads are sufficient to
saturate computation resources for all arithmetic operations.
Skewness of workloads. We evaluate the impact of workload
skewness on performance using various Zipfian parameters,
as shown in Figure 17(a). Higher Zipfian parameters indicate
more skewed workloads. For LocalEmb, higher skewness
improves EV time locality, resulting in more cache hits on the
CPU and enhancing performance. For RemoteEmb, PIMEmb,
and CloverRec, higher skewness boosts throughput as em-
bedding caches absorb more EV accesses, reducing transfer
overhead. Compared with PIMEmb, CloverRec achieves
better performance under the same skewness by efficiently
identifying hot EVs and creating replicas for them.
Aging parameter. Figure 17(b) shows the effect of the
aging parameter on CloverRec’s performance. A large aging
parameter prioritizes EVs with high frequencies, potentially
leading to overvaluation and replication of cold EVs. On
the other hand, a small aging parameter prioritizes recently
accessed EVs. Overall, CloverRec demonstrates robustness
to aging parameter variations, with only a slight performance
fluctuation of 7.1%.

5.6 Overheads of CloverRec
Computing overheads. CloverRec introduces negligible
computing overheads for split and merge operations to achieve
load balancing. Figure 18(a) shows these overheads, including
inter-DPU data transfer during split operations, ranging from
0.82% to 2.01% across workloads. CloverRec proactively
constrains overheads by dynamically adjusting Nsplit and
Nmerge for split and merge operations.
Memory overheads. Figure 18(b) shows the maximum DPU
load under varying memory overheads (the host cache is
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Figure 18: The overheads of CloverRec.

disabled to avoid its influence). Increasing replicas reduces
maximum DPU load but slightly increases memory overhead.
CloverRec achieves effective load balancing with only a few
replicas, introducing trivial memory overheads within 0.5%.

6 Discussions
Beyond UPMEM PIM. We leverage the UPMEM PIM as
a case study to demonstrate the efficiency and efficacy of
CloverRec, since other PIM devices [36, 39] are not com-
mercially available. Although PIM devices differ in memory
organization, programming interfaces, and command sets,
CloverRec’s design principles are independent of UPMEM-
specific mechanisms. We implement these principles on
UPMEM PIM as a case study, while the core ideas, includ-
ing dimension-split computation, adaptive replication, and
granularity-aware data movement, target common properties
of PIM-like systems, such as abundant lightweight parallel
units, skewed memory-side workloads, and host-device trans-
fer bottlenecks. Thus, CloverRec generalizes at the design-
principle level, while each platform can instantiate the transfer
granularity according to its own bandwidth hierarchy and
alignment constraints.
The generality of the PIM pool for future connection
technologies. While emerging connection technologies, like
CXL [11], reduce network costs, memory-disaggregated
embedding schemes still have to handle network bottlenecks
due to heavy data transfer loads. Moreover, despite offering
higher performance than RDMA, CXL’s bandwidth (128
GB/s) remains 12.8× lower than that of PIM products (1.6
TB/s). Future advancements in PIM technology will further
widen this performance gap. Therefore, offloading operations
to the PIM pool remains a cost-efficient and promising
solution for memory-disaggregated embedding schemes, even
with future connection technologies.

7 Related Work
PIM hardware architectures. PIM has long been studied to
mitigate the “Memory-Wall” problem [31, 66], but practical
adoption was limited by memory technologies. Recent
hardware prototypes and products have emerged [13, 33,
34, 36–39, 42], bringing PIM closer to practical adoption.
These include Samsung’s HBM-based PIM system [39], SK
Hynix GDDR6-based PIM [36, 38], and AxDIMM’s FPGA-
enhanced DIMMs [33, 34, 42]. Unlike more specialized
designs, UPMEM [13] integrates general-purpose compute
cores into traditional 2D DRAM arrays, which CloverRec
leverages to build a real disaggregated PIM system.

Applications using commercial PIM devices. Prior work has
explored commercial UPMEM PIM for databases and stor-
age [5,10,30], transactional memory [50], deep learning [45],
and graph processing [6]. CloverRec instead presents a cost-
efficient disaggregated recommendation system by offloading
embedding operations to a PIM pool. The closest work,
UpDLRM [7], targets monolithic recommendation scenarios
and relies on EV-based parallelism, static partitioning, and
data transfer, which limits adaptability to dynamic access
patterns and causes suboptimal bandwidth utilization and
amplified data movement. In contrast, CloverRec combines
dimension parallelism, dynamic load balancing, and rank-
level processing for scalable, resource-efficient, and high-
performance disaggregated recommendation inference. Be-
yond recommendation, CloverRec’s data-centric design can
benefit other memory-bound workloads, such as LLM decod-
ing [81], graph analytics [8], and vector search [68].
Simulation- and emulation-based PIM recommendation
systems. Prior works [32, 40, 49] leverage hardware sim-
ulation and emulation to explore PIM-based solutions for
recommendation systems. TensorDIMM [40] emulates PIM
nodes using NVIDIA GPUs. RecNMP [32] simulates its PIM-
related designs using a DRAM simulator Ramulator [51].
ReCXL [49] simulates PIM-enabled CXL device with mod-
ified DRAM simulators. However, these simulation- and
emulation-driven designs require hardware modifications, lim-
iting practical deployment. In contrast, our CloverRec demon-
strates end-to-end performance on a real disaggregated PIM
system, coalescing UPMEM PIM DIMMs, NVIDIA GPUs,
and Mellanox InfiniBand RNICs. To the best of our knowl-
edge, our CloverRec is the first real system implementation of
disaggregated PIM system, providing system-level insights on
PIM hardware and significantly outperforming state-of-the-art
embedding disaggregation schemes.

8 Conclusion
In this paper, we present, implement, and evaluate CloverRec,
a cost-efficient recommendation inference system built on a
real PIM product. CloverRec offloads bandwidth-intensive
embedding operations to a remote PIM pool to reduce network
costs. CloverRec adopts dimension parallelism to maximize
the utilization of all DPU threads while minimizing inter-
thread synchronization overhead. CloverRec further leverages
a dynamic redundancy-based mechanism to achieve load
balancing across DPUs. Moreover, CloverRec employs rank-
level PIM processing to mitigate transfer amplification while
saturating the bandwidth between the host CPU and DPUs.
Our evaluation shows that CloverRec outperforms state-of-
the-art embedding disaggregation schemes by several times.
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A Artifact Appendix
Abstract
The CloverRec artifact contains the source code, build helpers,
workload launchers, and result parsers for CloverRec and
the three baselines evaluated in this paper. It supports
role-by-role functional checks as well as automated end-
to-end experiments on a user-managed GPU and UPMEM
cluster. The artifact received the Artifacts Available, Artifacts
Functional, and Results Reproduced badges.

Scope
The artifact enables validation of the paper’s principal end-
to-end claim: offloading embedding operations to a disaggre-
gated PIM pool, together with CloverRec’s dimension-parallel
execution, adaptive hot-embedding replication, and rank-level
transfer, improves recommendation-inference throughput and
latency relative to local embedding, remote embedding, and a
naive PIM baseline. The supplied launchers exercise the four
systems using the synthetic RM1–RM4 configurations and the
optional Criteo-Kaggle workload. Functional tests can run on
smaller compatible configurations, whereas reproducing the
reported absolute performance requires hardware comparable
to the platform described in §5.1.

Contents
The repository contains four implementation directories:
cloverrec/, naive_pim_emb/, remote_emb/, and
local_emb/. The scripts/ directory provides environment
checks, native builds, role-specific smoke runs, automated
experiment matrices, and result parsing. The Conda and
pip dependency specifications are provided separately for
the GPU/coordinator hosts and the PIM host. Synthetic
RM1–RM4 workloads require no external dataset. The
optional Criteo-Kaggle data is not redistributed and must be
obtained and prepared separately.

Hosting
The artifact is publicly available at https://github.com/L
ighT-chenml/CloverRec. The frozen FAST ’27 artifact is
commit 4825b010d06c8347c713255c3d48c92473406bb0,
available directly at https://github.com/LighT-chenm
l/CloverRec/tree/4825b010d06c8347c713255c3d48c
92473406bb0. The convenience branch artifact/fast27
points to this commit. The commit records the public,
user-managed-cluster instructions; the implementation and
evaluation scripts are unchanged from the version evaluated
by the Artifact Evaluation Committee.

Requirements
CloverRec uses three logical roles: a CUDA-capable model
server, a coordinator, and an RDMA-connected embedding
pool. The model and coordinator may share one host. Re-
producing the paper’s results requires a 100 Gbps RDMA
network, an NVIDIA V100-class GPU, and a UPMEM
server with eight PIM DIMMs (1020 functional DPUs in

our platform). The evaluated software environment uses
Ubuntu 22.04, Python 3.10, a compatible NVIDIA/CUDA
stack, Mellanox ibverbs/pyverbs, and the UPMEM SDK.
Passwordless SSH from the coordinator to each remote role
is required by the automated launcher.

Getting Started
Clone the frozen commit into the same path on all
participating hosts, create the environments from
environment.yml and environment-pim.yml, and
run scripts/check_env.sh for the relevant role on each
host. Configure the model and embedding-pool RDMA
addresses, remote SSH targets, repository paths, and Python
interpreters as documented in README.md. Then invoke
scripts/run_e2e.py with the smoke batch profile for RM1.
This builds the required components, starts all roles, executes
one representative point for each selected system, terminates
remote processes, and writes logs and summary.csv under
results/e2e/. After the environments are installed, this
check normally completes within a few minutes on the
evaluated cluster.

Evaluation Workflow
For the complete synthetic evaluation, run the end-to-end
launcher for cloverrec, remote_emb, naive_pim_emb, and
local_emb over RM1–RM4 with the knee batch profile.
The launcher records throughput, average latency, embed-
ding lookup time, and available breakdown fields for every
configuration. The resulting CSV enables direct comparison
of the four systems and validates the principal performance
trends reported in the paper. On our configured cluster, the
RM1–RM4 matrix completes in approximately one hour after
the first build. The Criteo-Kaggle path is optional and requires
the separately prepared dataset; because each coordinator run
reloads the processed data, it can substantially increase total
runtime. Detailed commands, parameter overrides, expected
outputs, and failure diagnostics are maintained in the frozen
README.md.
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