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Abstract
We introduce PD3, a memory disaggregation solution that
avoids cache misses, via prefetching, on compute servers
and thus all their associated overhead. Unlike a traditional
prefetcher that may pollute the cache or miss preloading op-
portunities due to false positives and false negatives, PD3
prevents mispredictions with network support and minimal
yet critical application information. Enabling PD3 is a data
processing unit or DPU, which allows (1) parsing user re-
quests before they are processed by the compute server, (2)
fetching data from remote memory on the shortest path, (3)
offloading expensive RDMA and DMA operations from the
host, and (4) incorporating application knowledge to faithfully
predict cache misses and take actions accordingly. Design-
ing PD3 requires reconciling DPU resource constraints and
scaling requirements of cloud data systems, as well as achiev-
ing high efficiency with a myriad of performance optimiza-
tions. Our experimental results on real hardware, applications,
and workloads show that with nominal compute-local mem-
ory, PD3 minimizes the performance gap between memory-
disaggregated applications and their monolithic counterparts.

1 Introduction
Memory disaggregation, an architecture that splits mono-
lithic compute servers into network-connected compute and
memory pools, is a recent technological shift in cloud data
centers that has fundamental implications on cloud applica-
tions [12, 13, 18, 23, 25, 33, 34, 45, 57]. Due to unprecedented
resource elasticity and management flexibility, combined with
ample data movement, the impact of this data center architec-
ture on cloud data systems (e.g., databases and KV stores) is
profound. In response, novel cloud data system designs have
recently been introduced to work with disaggregated memory,
from hash indexes [64], trees [37–39,49,50,63], cache [32,54],
and shuffling [41] to offloaded OLAP operators [31, 59] and
overall KV [28, 46] and database architectures [15, 51, 53, 60].

In memory-disaggregated systems, compute nodes use their
local memory to cache frequently accessed data items, as il-
lustrated in Figure 1. When the entire working set fits in
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Figure 1: Request execution with disaggregated memory.

cache, the execution performance is identical to that of mono-
lithic executions after warming up [58]. Cache misses, while
expected when processing large-scale workloads with dis-
aggregated memory, invoke out-of-core code paths that are
much less efficient and more expensive, e.g., context switch-
ing [43], network communication [18], and response polling
and processing [54], thereby leading to significant perfor-
mance degradation [58]. This overhead is more pronounced
for memory-disaggregated data systems, which often explic-
itly differentiate local and remote memory for more effective
cache management and abstract the latter as secondary stor-
age for easy integration. Compared to in-memory execution,
accessing secondary storage performs extra work such as seri-
alization and thread-safety and is thus more cumbersome. We
empirically demonstrate the overhead of cache misses with a
memory-disaggregated hash map that serves random lookup
requests. We fix the local memory size to 1 GB and vary the
hash map size and workload to control the cache miss rate.
Detailed specifications for applications, hardware, and experi-
mental setup can be found in Section 8. From Figure 2a, we
observe throughput degrades from 59 million operations per
second (ops/s) to 2 million ops/s. Cache misses also increase
tail latency (p99) by up to 5⇥ as shown in Figure 2b.

Existing data systems mitigate the overhead of memory
disaggregation with three approaches. (1) Overlapping com-
pute and communication, where remote memory accesses
are executed asynchronously such that CPUs on the com-
pute node can perform meaningful work before the requested
data is retrieved. Examples of this approach include the asyn-
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(a) Throughput degradation (b) Tail latency
Figure 2: Cache misses lead to performance degradation.

chronous device abstraction in Redy [54] and the lightweight
context switch in AIFM [43]. Although this approach im-
proves network utilization and overall execution efficiency
(i.e., throughput), it does not improve time to response (i.e.,
latency), and its benefit highly depends on the workload. (2)
Compute offloading, where memory-intensive operations are
offloaded to the memory nodes for near data processing. Ex-
amples include operator pushdown in TELEPORT [59] and
Farview [31], remote pointer chasing in CompuCache [55],
and LSM-tree compaction offloading in dLSM [50]. These
proposals effectively reduce data moved between compute
and memory but are orthogonal to caching and are only ef-
fective for compute-light operations. Given the constrained
computational power on memory nodes, most of the execu-
tion is expected to remain on compute nodes. Similarly to the
previous approach, cache misses are still generated.

Finally, (3) more effective caching, where the data sys-
tem proactively reduces cache misses by adopting optimized
cache management strategies to improve the hit rate of the
compute-local memory. Examples include the two-level LRU
in LegoBase [60] that manages database pages in compute-
local cache and remote buffer pool separately, and pinning
small but frequently accessed items such as the index, direc-
tory, and metadata cache in Sherman [49], RACE [64], and
FlexChain [51], respectively. These strategies to some ex-
tent incorporate workload characteristics and system-specific
insights to reduce cache misses, especially when accessing
critical data. Prefetching has also been exploited. In particular,
Leap [40] is a prefetcher designed for memory disaggrega-
tion. It maximizes cache hit rate using the Boyer-Moore vote
algorithm to detect the current major trend and filter transient
accesses. Despite promising results presented, cache misses
are “inevitable” with these caching solutions in cases of com-
pulsory misses in cold starts and irregular access patterns.
Indeed, Figure 2 shows that even with LRU, pinned meta-
data (remote address translation and hash collision resolu-
tion), and Leap-style prefetching, the cache miss rate remains
high. In the prefetching case, false positive predictions bring
useless items that pollute the cache and thus even degrade
performance [40]. Can we build a compute-local cache that
addresses these problems, i.e., cold starts, irregular access
patterns, and false positive mispredictions, to minimize the
overhead of memory disaggregation due to cache misses?

To answer this question, we design PD3, a memory disag-

gregation solution that augments the compute servers with a
novel data prefetcher. Unlike a traditional prefetcher that runs
on the compute server and predicts potential cache misses
during request execution, PD3 places its prefetcher in the
network, specifically, on the compute server’s network inter-
face controller, which allows the prefetcher to inspect data
accessed by an incoming request and take actions before
the request is processed by the execution engine on the host
and possibly generates cache misses. Enabling the prefetcher
are a family of emerging data center networking devices
called Data Processing Units (DPUs), which are essentially
System-on-a-Chip (SoC)-based SmartNICs. Recent work has
explored the benefits of offloading file operations, shuffling,
and database indexes to DPUs [26, 27, 35, 56, 62]. Our key
insight is that a DPU, as a device that delivers network traffic,
can not only detect cache misses before request execution but
also fetch data from disaggregated memory using the fastest
path (from NIC to remote memory). Together, early detection
and fast resolution essentially enable preventive prefetching:
cache misses and the associated cost are prevented from gen-
eration during execution.

Specific challenges of developing PD3 and technical con-
tributions we make are as follows.
Determine, not predict, cache misses in advance. Tradi-
tional prefetchers learn data access patterns from execution
and predict cache misses to maximize spatial and temporal
locality [40]. As discussed, these prefetchers suffer from cold
starts, irregular data access, and cache pollution. To deter-
mine cache misses, for each request received on the DPU,
PD3 needs to know what data items will be accessed by the
request and whether these items have been cached in host
memory. The first piece of information varies between appli-
cations, and the latter requires visibility to the host memory.
PD3 introduces two components on the DPU to address this
challenge: a user-defined parser that translates each network
request into a sequence of read/write operations over keyed
items and a data structure that bookkeeps host-cached items
and is opportunistically updated.
Prefetch disaggregated memory on the shortest path.
Once cache misses are determined, the prefetching procedure
should be initiated to read the missing items from remote
memory. The shortest path to remote memory is directly issu-
ing RDMA reads from the DPU. However, hijacking the con-
nections between the host and remote memory nodes would
violate RDMA’s end-to-end semantics. To solve this dilemma,
PD3 offloads the RDMA execution completely to the DPU
such that remote memory access can be performed directly
from the DPU. This offloading also effectively lowers host
resource consumption.
Place prefetched items for fast application access. Once
missing items are received on the DPU, they should be de-
livered to the host application for consumption. Achieving
high data path efficiency for prefetched items is crucial yet
challenging due to DPU-host communication and access con-
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tention caused by high-performance applications. PD3 first
reserves a chunk of host memory and registers it to the DPU
driver for direct memory access (DMA). Prefetched items are
asynchronously placed—with optimized DMA operations—
in this buffer to shorten the data path. Further, to avoid out-
of-core inefficiencies, PD3 provides a userspace interface for
applications to access the prefetched items. The efficiency of
this interface and its scalability to handle concurrent access
minimizes the gap between cache-hit and prefetched code
paths in high-performance data systems.

To summarize, this paper contributes PD3, a DPU-enabled
prefetching framework for disaggregated memory. It deter-
mines cache misses before request execution and implements
an efficient memory-to-compute data path. We present the
architecture of PD3 (§4) and its detailed design (§5–§7). Eval-
uated with real workloads (§8), memory-disaggregated appli-
cations are up to an order of magnitude faster with PD3 than
with existing solutions and close the performance gap to local
memory with a nominal compute-local cache.

2 Background
Memory Disaggregation. Broadly, there are three forms
of disaggregated memory abstraction at different levels:
hardware, OS, and application. The Compute Express Link
(CXL) [5] standard abstracts memory disaggregation behind
traditional load/store instructions and provides coherent in-
terconnect between compute and memory via extended PCIe.
Despite increasing popularity, CXL-based memory disag-
gregation currently has limited deployment and its actual
cost, performance characteristics, and suitability remain un-
clear [24, 36, 61]. In comparison, Remote Direct Memory
Access (RDMA) has been a feasible solution to memory
disaggregation [12, 13, 18, 23, 25, 31, 33, 34, 45, 49, 54, 57].
It has access to memory resources at large scale, enables
application-specific optimizations, and is deployable in to-
day’s data centers. A line of RDMA-based memory disag-
gregation systems [25, 45] abstract remote memory behind
virtual memory management in the kernel (e.g., page faults
and swapping) and thus make disaggregation transparent for
applications, providing backward compatibility. With this OS-
level disaggregation, however, accessing remote memory in-
troduces kernel overhead, and applications have no ability to
distinguish local and remote memory. Application-level dis-
aggregation, which provides userspace API for applications to
explicitly manage compute-local cache and remote memory
to bypass the kernel and enable optimizations as discussed
in Section 1, has been more widely explored, especially for
cloud data systems [18, 31, 43, 49, 54, 60]. PD3 is designed
with this style of memory disaggregation.
Data Processing Units. Our proposal is enabled by DPUs.
As an SoC, a DPU board provides the following resources: a
high-speed network interface capable with 100s of Gpbs of
bandwidth and support for Ethernet, InfiniBand and other pro-
tocols; power-efficient, software-programmable, multi-core

CPUs that are tightly coupled with the rest of the SoC; on-
board DDR memory for hosting the working sets of offloaded
programs, which has limited size (e.g., 16-32 GB) compared
to the host; a PCIe interface that provides efficient access
to host memory and other PCIe devices. While DPUs pro-
vide high flexibility and efficiency for packet processing and
moving data between the host, network, and peer PCIe de-
vices (e.g., SSDs and GPUs), their constraints are obvious: the
SoC cores are weaker than the host, and their core count and
memory capacity is also significantly lower. Previous work
explored using DPUs to offload KV [17,42], file [30,56], and
database index [47] and shuffle [35] operations. In this work,
we leverage DPUs’ abilities to observe requests before execu-
tion on the host and perform fast RDMA communication to
reduce the overhead of memory disaggregation.

3 System Requirements
To minimize the overhead of memory disaggregation, a sys-
tem ideally avoids cache misses, i.e., a data item is readily
available in the compute-local cache when it is accessed. To
that end, an effective caching solution to run cloud data sys-
tems on compute servers meets the following requirements.

1. Early access prediction, such that sufficient time is given
to prepare the data items that are not locally cached.

2. High prediction accuracy, such that the missing items
that will be accessed in the short term will be prepared.

3. Low false positive rate, such that useless data items will
not pollute the constrained compute-local memory.

4. Fast preparation, such that within limited time budget the
missing data items are prepared before they are accessed
to avoid execution stalls.

5. Minimal application modification, such that preparing
missing items occurs transparently to existing applica-
tions, which then easily consume the prepared items.

Requirements (1)–(3) are especially challenging for cold
starts and irregular accesses, and achieving the remaining two
demands efficient interface and execution designs.

4 Architecture of PD3
Figure 3 shows the overall architecture of PD3. For applica-
tions, it offers remote memory as a set of byte-addressable
regions and provides a familiar API to manage and access
the regions: Allocate and Deallocate regions, Read and
Write to arbitrary remote addresses, and Poll request com-
pletions, as proposed in prior work [12,54]. Using this API, a
data system (e.g., database or KV) executing on the compute
server can use compute-local memory as cache and offload
arbitrary state in its working set to remote memory. Although
we heavily optimize remote memory operations with RDMA
running on advanced networking hardware (200 Gbps band-
width and single-digit µs latency), cache misses translate to
network communication and are at least an order of magnitude
slower than accessing the compute-local cache.
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Figure 3: PD3’s architecture. When a network request arrives at the DPU, PD3 ∂ mirrors the request to the Request

Parser that generates accessed data items, each of which is ∑ inspected by Prefetcher. Unlike traditional prefetchers that
predict cache misses, Prefetcher determines them via ∏ Host View, which book-keeps host-cached items. Upon a positive
lookup, Prefetcher then π fetches the missed items from remote memory through the onboard Transfer Engine. When
the requested items are received on the DPU, PD3 ∫ places them in Loading Zone for the application to consume.

The key architectural contribution of PD3 is to avoid cache
misses via DPU-enabled prefetching on the compute server.
The DPU’s unique position, its general programmability, and
its hardware resources for network communication optimiza-
tions are essential to meet the aforementioned requirements.

For Requirement (1), PD3 inspects data access as soon as
a request from the network arrives at the NIC before the host
processes the request, an advantage offered by the DPU’s po-
sition on the network path. Specifically, we adopt an efficient
network engine on the DPU that mirrors every packet that
carries user requests and arguments, which are immediately
processed to inspect data items accessed by these requests. As
the inspection does not modify application behavior, we push
packet mirroring to the NIC hardware such that the original
packets are forwarded to the host without any delay.

For Requirements (2) and (3), PD3’s Prefetcher inspects
what data items are accessed by each user request mirrored
from the network and determines whether they are already
cached on the host. It first allows users to specify a parser that
takes as input a user request and its associated arguments and
generates data items that will be accessed when the request is
executed on the host. This user-defined Request Parser can ac-
commodate various serialization protocols, e.g., gRPC, Redis
serialization protocol (RESP), or any application-specific mes-
sage format. To determine cache misses, we introduce a DPU
data structure, called Host View, which maintains the view
of the host cache, i.e., book-keeping the data items cached
in the host memory. Host View allows for checking whether

a data item accessed by a request is a cache miss without
coordinating with the host application. This data structure
is opportunistically maintained when new data items from
the network or remote memory are loaded to the host cache
and when existing items are evicted. With Request Parser and
Host View, Prefetcher guarantees no false positives, i.e., it
does not falsely fetch data items that will not be accessed by
any request, thereby preventing cache pollutions.

For Requirement (4), once cache misses are determined,
Prefetcher fetches the missing data items from remote mem-
ory using the shortest path, i.e., directly on the DPU. This
path is enabled by Transfer Engine, which unifies data trans-
fers between the compute host and the DPU via DMA and
between the DPU and remote memory via RDMA. Hence,
when Prefetcher determines a cache miss, it directly issues
a read operation to the remote memory server with Transfer
Engine, which executes the operation with optimized RDMA.
The key benefit of offloading RDMA operations to the DPU is
to allow remote memory access directly from the DPU with-
out hijacking the end-to-end connections between compute
and memory [18,29]. Once the data item is returned, Transfer
Engine forwards it to a PD3-reserved buffer in host memory.

Finally, for Requirement (5), the compute-local buffer re-
served by PD3 is designed as an efficient host data structure,
called Loading Zone. It lets applications consume prefetched
data items with an intuitive API CheckAndReturn, which is
invoked before entering the out-of-core code path.

These components proactively handle cache misses and
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thus provide an efficient solution for data-intensive systems
to utilize disaggregated memory with minimal overhead.

The next sections present in detail how PD3 overcomes
the resource constraints on the DPU and performance bottle-
necks, including low-latency and customizable request pars-
ing (§5.1), a fast DPU data structure for Host View (§5.2), a
unified data transfer engine (§6.1) that enables DPU-direct
prefetching (§6.2), and the design of the CheckAndReturn

API (§7.1) and Loading Zone (§7.2) for fast serving.
Assumption and Limitation: PD3 assumes the ability to
parse data access (i.e., the unique identifiers of the objects
in the working set and per-key operations in the requests)
from network packets with Request Parser and small addi-
tional application-specific state. While this assumption does
not universally hold, e.g., for complex SQL queries, it is ap-
plicable to many popular memory-disaggregated cloud-data
processing systems: key-value stores [20], object cache [4,11],
and block/page stores [14]. Compared to application-agnostic
prefetching frameworks [40, 43], PD3 is limited in its gener-
ality and requires application co-design. We plan to address
this limitation in future work by also incorporating a generic
fall-back prefetcher on the DPU.

5 Determining Cache Misses Early
The first step in the prefetching workflow is to parse user
requests from network packets. Determining cache misses in
a timely fashion requires efficient packet parsing and Host
View querying. To maximize prefetching benefits without
false positives, Host View must also be properly maintained.

5.1 Request Parser
User-defined Request Parsing. Clients serialize their re-
quests into raw bytes as network packet payloads using stan-
dard protocols, e.g., protocol buffers [7] in gRPC, or system-
specific serialization formats, e.g., Redis serialization protocol
(RESP) [8] and PostgreSQL frontend/backend protocol [6].
To accommodate variety, PD3 provides the following inter-
face for applications to customize request parsing.

Parse(PktBuf,PktLen)! ListhKey,Opi

Specifically, the function takes as input the payload of a packet
and its size and generates a list of keys of the accessed data
items and their corresponding operations in their original or-
der in the packet. Three operations are relevant to prefetching:
Read, Write, and Delete, among which Read and Delete

require accessing the keyed data items from the working set
(Read-Modify-Write should be parsed as Read).
Low-latency Packet Mirroring. We leverage the embedded
switch on the DPU NIC hardware to route packets at line
rate. Packets that do not belong to the target application are
filtered based on the flow ID, i.e., the 5-tuple of connections.
Then, a potential solution to process packets of interest is to
send packets of interest to the onboard CPU and forward them
to the host when parsing is finished. However, detouring a

packet to the DPU SoC can incur latency overhead. This is
suboptimal for PD3, which targets high-performance applica-
tions backed by disaggregated memory. PD3 instead mirrors
each packet of interest at the NIC and sends the copy to the
user-defined parser on the DPU SoC. The payload of each
packet is directly referenced by the parser without further
copies. As such, low latency is achieved, and the original
network path of the application is left untouched.

5.2 Host View
Host View is the core data structure that enables early in-
network cache miss detection. Together with the parsed ac-
cesses, it allows PD3 to determine, not predict, cache misses.
For each data access, i.e., Read or Delete, Host View should
determine if the data item is cached on the host. Hence, it
carries set membership semantics, but which keys to store has
different implications as follows.

• Keys of the data items in the host cache.
• Keys of the data items missing in the host cache.

The former allows the set to store significantly fewer values as
the majority of the application’s working set resides in disag-
gregated memory. Compared to today’s data stores, which can
host billions of data items [52], DPU memory (16 GB–32 GB)
is rather constrained. Hence, for better scalability, Host View
is designed to bookkeep the keys of the data items cached
on the host, realized as a hash table. However, it has further
requirements on lookup performance and maintenance logic.
Performance Challenge. Modern data systems can process
tens of millions of requests per second (§8). As each request
parsed on the DPU needs to query Host View to determine
if it is a cache miss, the lookup throughput should match the
request processing rate of the application. Off-the-shelf hash
tables struggle to exceed 10 million operations per second
when handling hundreds of millions of keys. Figure 4 shows
the throughput (in million operations/s) of different hash ta-
bles for 100 million 8-byte keys at 80% load: the two popular
baselines, C++ STL unordered_set and Abseil hash set [3],
achieve 3.7 and 6.3 million ops/s, respectively.
Optimization. Clients often batch small requests in a single
network packet, e.g., the array of bulk strings in RESP [8].
Leveraging client-side batching, we merge multiple requests
in a single Host View lookup. The multi-key lookup per-
formance is optimized with the vectorized instructions and
prefetching supported by the DPU cores, huge pages to re-
duce TLB misses, delayed hash computation and key search
of the second bucket only when the key is not found in the first
bucket to avoid unnecessary computation, and sharding the
keys to scale to multiple DPU cores. We have incorporated
the optimizations into a bucketized cuckoo hash table [22].
Figure 5 shows the pseudocode for a query to Host View with
a batch of keys: Lines 2–4 apply a hash function to compute
the first cuckoo bucket for each key and prefetch the slots
of that bucket. Lines 5–6 search the slots in each bucket ef-
ficiently with SIMD instructions. Finally, Lines 7–13 repeat
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Figure 4: Host View performance optimizations.

these steps for the second bucket (delayed evaluation) for any
key not found in its first bucket. Lines 15–17 search a given
bucket using a SIMD compare for all-slot comparison and
then apply a SIMD movemask to generate the search result.

Figure 4 shows the impact of these optimizations: although
the basic cuckoo hash set is not faster than the Abseil’s, with
huge pages it achieves 9.8 million ops/s. Batching multiple
keys significantly increases the throughput to 23.4 million
ops/s. Applying SIMD instructions boosts the throughput
to 27 million ops/s. Delayed hash and search further brings
a 40% improvement. Finally, sharding Host View with two
threads nearly doubles the throughput to 70 million ops/s.
Maintenance. A poorly-maintained Host View may cause
false positives (i.e., prefetch an already-cached data item) or
false negatives (i.e., miss the prefetching opportunity for a
missing data item). For example, if a blind write request on
data item D is successfully executed by the host but is not
reflected in Host View, a later read request on D will be falsely
treated as a cache miss by PD3’s Prefetcher.

Table 1 lists all possible scenarios where the data items
in the host cache can change. Specifically, new data items
can be added to the host cache from three sources: (1) write
operations from clients, (2) read responses from remote mem-
ory, and (3) silently generated by the host. Missing any of
these events in Host View can potentially cause false positives.
PD3 reflects writes from clients by adding the keys of parsed
write operations to Host View, and the reads by adding to
Host View the keys in read responses from remote memory
(detailed in §6.1). Data items silently generated by the host
are not reflected in Host View, but fortunately, they are also
absent in remote memory. A prefetching request for such a
nonexistent key will return an error. Hence, missing the last
change does not result in cache pollution on the host.

PD3 may generate false negatives. As Table 1 shows, ex-

Table 1: Possible changes to the host cache.
Change Source Impact Reflected

Addition
Writes from clients False Positive Yes
Reads from memory False Positive Yes
Generated by the host None No

Deletion
Deletes from clients False Negative Yes
Flushes to memory False Negative Yes
Dropped by the host False Negative No

1 FindBatched(KeyVec): #batched lookup

2 for k in range(0, KeyVec.size()):

3 bucket1Vec[k] = HashFunc1(KeyVec[k]) % BUCKETS
4 _PREFETCH(&bucket1Vec[k])
5 for k in range(0, KeyVec.size()): #search buckets

6 ResultVec[k] = FindSIMD(bucket1Vec[k],KeyVec[k])
7 for k in range(0, KeyVec.size()):

8 if ResultVec[k].IsNull(): #delayed hash

9 bucket2Vec[k] = HashFunc2(KeyVec[k]) % BUCKETS
10 _PREFETCH(&bucket2Vec[k])
11 for k in range(0, KeyVec.size()):

12 if ResultVec[k].IsNull(): #delayed search

13 ResultVec[k] = FindSIMD(bucket2Vec[k],KeyVec[k])
14 return ResultVec

15 FindSIMD(Slots, Key): #search a bucket via SIMD

16 foundVec = _VEC_COMP(Slots, Key) #SIMD compare

17 return _VEC_MOVEMASK(foundVec) #SIMD movemask

Figure 5: Querying Host View.

isting data items cached on the host can be deleted in three
scenarios: (1) delete operations from clients, (2) write requests
to remote memory for flushing, and (3) silently dropped by
the host (normally when clean data items are replaced). In
the first two scenarios, the keys of parsed delete operations
and the keys of write requests are removed from Host View.
Similar to silent additions, silent data deletions on the host
are not reflected in Host View. However, false negatives have
no adverse effect on the application performance, as cache
misses will be handled in the host application by reading the
missing data items from remote memory, using the normal
cache miss path—future accesses to the same data item will
not result in false negatives.
Failure Discussion. Failures are a special case for Host View.
We expect in most failures, for example, power outage, there
is fate sharing between the host and the DPU. In cases where
the DPU fails but the host survives, which is essentially a
network partition, restarting the compute server synchronizes
Host View and the host cache. In remaining cases where the
host fails but the DPU survives, existing keys in Host View
can result in false negatives. As discussed, false negatives
do not adversely impact application performance. We leave
handling such cases to future work.

6 Shortest-path Prefetching
Transfer Engine runs on the DPU and unifies DMA and
RDMA to transfer data between the host, the DPU, and remote
memory. Three key benefits are enabled. (1) By accessing
host memory with DPU-issued DMA, we can eliminate host
resource consumption for host-DPU communication. (2) By
offloading RDMA operations to the DPU to access remote
memory, we can eliminate host resource consumption for
compute-memory communication. (3) By enabling direct re-
mote memory access on the DPU, we can pave the shortest
path to prefetch missing data items. This section details Trans-
fer Engine and PD3’s shortest-path prefetching workflow.
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gine eliminate extra data copies on the DPU, enable DPU-
direct remote memory access, and facilitate batching.

6.1 DPU-offloaded Data Transfers
Unifying DMA and RDMA. DPUs have unique advantages
for data movement optimizations. Specifically, a DPU’s hard-
ware DMA engine allows for direct access to host memory and
other PCIe devices, and its RDMA interface (RNIC) allows
for direct access to remote memory. PD3’s Transfer Engine
leverages these and introduces unified buffers to achieve zero-
copy execution to avoid data copies in bridging these two
protocols, as shown in Figure 6. Essentially, a unified buffer
is a chunk of DPU memory accessible by both the DMA en-
gine and the RNIC and can serve as the source or destination
for both DMA and RDMA. When Transfer Engine starts, it al-
locates two chunks of DPU memory and registers them to the
DMA engine and RNIC. At runtime, the buffers are used as
rings to exchange data transfer requests and responses. Batch-
ing naturally occurs in the ring design as detailed shortly and
thus does not sacrifice latency for high throughput.

Transfer Engine uses a unified buffer as the request buffer,
which is the destination of DMA reads to accept remote mem-
ory access requests from the host and the source of DPU-
issued RDMA writes to send the requests to the remote mem-
ory server. Conversely, the other buffer is used as the response
buffer, which is the destination of remotely-issued RDMA
writes to receive remote memory access responses and the
source of DMA writes to transfer the responses to the host.
Host-DPU data transfers with DMA. PD3 provides host
applications with a light-weight library to invoke its mem-
ory API to access remote regions, i.e., the Read and Write

functions. When the API is invoked, a remote memory access
request in the following format is generated:

14b2b

Op ID Region

2B

Offset

4B

Size

4B

Data

Size B (write)

Specifically, a request consists of a 12-byte compact header
that specifies and identifies the operation: a 2-bit operation
code that differentiates different requests (read, write, or
prefetching (§6.2)), a 14-bit request ID 1, 2-byte remote mem-
ory region ID and 4-byte offset that specify remote address,
and finally a 4-byte size indicating the size of the request. In

1PD3 issues no more than 16 thousand in-flight requests.

cases of write requests, the write data immediately follows
the header. The library internally accumulates requests from
multiple application threads in a single lockless ring buffer,
thereby creating a batching effect. Transfer Engine polls the
buffer and issues a DMA read to move all available requests
to the unified request buffer (Step ∂ in Figure 6).

The library allocates another buffer for receiving responses:
14b2b

Op ID Size

4B

Data

Size B (read)

The operation code and request ID are carried over, followed
by the data size successfully accessed and the read data. When
remote memory access responses are received, Transfer En-
gine issues a DMA write to forward all available responses on
the unified response buffer to the buffer (π). The invocation
of the Poll function inspects the buffer and completes the
respective requests if responses are available.
DPU-memory data transfers with RDMA. When a batch
of remote memory access requests is polled from the host,
Transfer Engine first calculates the response size (i.e., 6 ⇥
|AllRequests| + Âr2ReadRequests r.Size bytes) for these requests
and reserves sufficient space in the unified response buffer
(∑). This space serves as the destination of the RDMA write
issued by the memory server to deliver the responses. Then,
Transfer Engine constructs an RDMA write with the unified
request buffer as the source to send out the requests (∏). Upon
receiving these requests, the memory server executes reads
and writes accordingly on the local regions. In addition, the
server builds a key-to-address mapping using the user-defined
request parser (§5.1) for each write request, which is used to
execute prefetching requests (§6.2).
Zero-copy execution. The above data transfer procedures
are carefully designed to avoid data copies on the DPU. In
addition to the unified buffers that eliminate copies between
DMA and RDMA buffers, pre-allocating RDMA response
space also avoids extra response copies. In fact, Transfer
Engine only issues DMA and RDMA commands to let the
corresponding hardware move data, thereby achieving high
transfer speeds with a single DPU SoC core. The serialized
execution on a single core also provides read-after-write con-
sistency when a prefetching request is issued immediately
after a fresh removal from Host View.
Updating Host View. As discussed in Section 5.2, Transfer
Engine should add to Host View the keys of new data items
read from remote memory and remove the keys of data items
flushed to remote memory to minimize false negatives and
eliminate false positives for prefetching. Transfer Engine up-
dates Host View based on the rules in Table 2. Specifically,
after receiving requests from the host (Step ∂ in Figure 6),

Table 2: Action table for updating Host View.
Action Operation Occasion

Add Read Before the DMA write π
Del Write After the DMA read ∂
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it scans the requests, applies the user-defined request parser
to generate keys from the write data, and removes them from
Host View; before forwarding the responses received from
the remote memory server to the host (π), it scans the re-
sponses and populates Host View with the read keys. Note
that the delayed additions to Host View could trigger dupli-
cate prefetching for the same key, which PD3 prevents by
bookkeeping the in-flight prefetching requests.
Performance of Transfer Engine. To measure the speed and
host CPU saving of Transfer Engine, we transfer 64 B records
from the host to the DPU and from the host to the remote
memory server and compare it with host-issued RDMA to
transfer data to the DPU and remote memory. Transfer En-
gine achieves 1.5⇥ higher throughput with zero host CPU
consumption than host-issued RDMA with 16 CPU cores.
Detailed results are reported in Appendix A.

6.2 DPU-direct Prefetching
A key benefit of Transfer Engine is to enable the shortest path
to prefetch missing data items from remote memory. To do
so, Transfer Engine takes an additional step in its workflow to
poll keys from Prefetcher (Step 1� in Figure 6). For each key,
it inserts the following request into the unified request buffer:

14b2b

Op ID Key

K B

The key size K can be configured. Steps ∑∏ are then followed
to send the requests to the remote memory server. For each
request, the server queries its key-to-address mapping to read
the data item and generates the following response:

14b2b

Op ID Size

31b

Data

Size B

State

1b

Key

K B

The first two bytes are carried over from the request. A 4-
byte size indicates the size of the data item, with the last bit
piggybacking a state (thus we support data item sizes up to
2 GB), followed by the K-byte key. Each data item has two
possible states: PRODUCED and CONSUMED, and set by the
server as PRODUCED. These states are used by Loading Zone
(§7.2). After executing all the requests, the server RDMA-
writes the responses to the unified response buffer in Transfer
Engine. Step π, serving prefetched data items to applications
has more stringent performance requirements, which PD3
addresses with Loading Zone.

To show the benefit of directly accessing remote memory
for prefetching on the DPU, we compare it to an alternative
path where each prefetching request is first forwarded to the
host and then sent to the memory server. Compared to PD3
(DPU/NIC ! memory ! DPU/NIC ! host), this path incurs
additional DMA roundtrips (DPU/NIC ! host ! DPU/NIC
! memory ! DPU/NIC ! host). PD3’s prefetching path is
up to 24% faster, in addition to saving host CPU cycles.

7 Efficient Serving
The last mile of the prefetching workflow of PD3 is to serve
the prefetched data items to the host application (e.g., a KV

service or a DBMS). A potential solution is to place the
data items behind the memory API and intercept the read
call. However, the memory API is already in the out-of-core
code path. A potential efficient solution is to co-design this
step with the application’s buffer manager such that the latter
makes space in the host cache for the incoming data items
from the DPU and incorporates additional caching policies
to manage these items. However, this violates Requirement
(5). PD3 achieves generality and efficiency by introducing
an in-memory interface and a data structure that supports the
interface with minimal contention.

7.1 Interface
API. To consume prefetched items, applications call:

CheckAndReturn(Key,DestBuf)! Size

If the requested key is found in Loading Zone, the data
item is copied to DestBuf and returns the size of the data
item; otherwise, 0 is returned. This function is non-blocking,
i.e., the result simply depends on what data items have been
prepared by PD3 and will not block for in-flight prefetch-
ing requests. This non-blocking design aligns with pipelined
request execution in high-performance data systems.
Target Usage. This easy-to-use function is supposed to be
invoked before entering the out-of-core code path to avoid
potential overhead and to retrieve, opportunistically, a missing
data item. As we show shortly, the performance of this func-
tion is optimized to match the in-memory execution speed.

7.2 Loading Zone
Loading Zone is accessed when CheckAndReturn is invoked.
Organization. The host buffer reserved by PD3 is organized
as a ring buffer to minimize the coordination between the
DPU and the host. The DPU (i.e., Transfer Engine) acts as the
producer that writes prefetched data items via DMA. Applica-
tion threads that call CheckAndReturn act as consumers that
look up requested keys and, if found, remove the data items.
As regular ring buffers, it uses two pointers Head and Tail to
coordinate the producer and consumers. The DPU producer
writes prefetched data items contiguously into the buffer from
Tail and updates the pointer when finished. Each consumer
searches its missing key among the data items produced by
the DPU from Head to Tail.
Contention. Consumers in existing ring buffers proac-
tively update the head pointer when a data item is con-
sumed [1, 2, 10, 21, 48, 56]. This creates high contention
when many threads concurrently consume data from the
buffer. As shown in Figure 7a, when CheckAndReturn is
invoked, the consumer peaks the available data items in
the buffer sequentially from Head. If the current data item
matches the requested key, it is copied to DestBuf and then
deleted. Additionally, it advances Head to the last uncon-
sumed data item. There are two spots for contention in
this process: (1) same-key contention (SKC): if multiple con-
sumers have the same missing key found in the buffer, they

1214    23rd USENIX Symposium on Networked Systems Design and Implementation USENIX Association



DPU

Tail

Head

App
Thread
C&R C&R

App
Thread

DMA

(a) Contention between threads

Local
Head

Local
Head

App
Thread

App
Thread

DPU

Tail

DMA

Head

DMA
(Lazily)

C&R C&R

(b) PD3 replicates Head
Figure 7: Loading Zone design.

must coordinate to consume and remove the data item, and (2)
head contention (HC): if multiple consumers find their keys,
they must coordinate to update Head. Figure 8 shows the per-
formance achieved by Loading Zone with varying numbers of
application threads invoking CheckAndReturn. We observe
that although lock-free design with atomic operations can
reduce the contention overhead (the throughput is increased
up to 40⇥ by replacing spinlocks with compare-and-swap
instructions), the throughput is capped at 5-10 million invoca-
tions/s. Although this level of performance suffices for storage
and network I/O, which is the target scenario of existing ring
buffers (e.g., those in FaRM [21], DFI [48], and Redy [54]),
PD3 seeks to close the performance gap between disaggre-
gated and local memory. Therefore, Loading Zone is expected
to match in-memory execution performance.
PD3’s Solution. PD3 utilizes the prefetching response header,
i.e., for each data item D in the buffer, the header includes
three essential attributes: Size that denotes the length of D,
State that indicates if D has been consumed, and Key that
maintains the key of D for comparison. As shown in Fig-
ure 7b, upon an invocation of CheckAndReturn, a consumer
replicates Head as its LocalHead and advances it to visit all
data items until Tail. For each data item D, it first compares
D.Key with Key. If it is a match, it copies the data item to
DestBuf, and then checks D.State before returning D.Size.
If D is PRODUCED, it executes a compare-and-swap (CAS)
instruction to toggle the state to CONSUMED. If D.Key does
not match Key, the consumer advances the LocalHead to the
next data item by 6+K+D.Size bytes. If LocalHead reaches
Tail, 0 is returned. Figure 9 shows the pseudocode for this
process, which minimizes SKC and entirely eliminates HC.
The only contention is the CAS operation on a binary variable.

The DPU advances Tail via a DMA write after DMA-

Figure 8: Concurrent performance of Loading Zone.

1 CheckAndReturn(Key, DestBuf):

2 LocalHead = Head #replicate Head to eliminate HC

3 while LocalHead != Tail:

4 D = (PD3_Header)LocalHead
5 if Compare(D.Key, Key) == true:
6 Copy(DestBuf, D.DataItem, D.Size)

7 if D.State == PRODUCED:
8 CAS(D.State,PRODUCED,CONSUMED) #reduced SKC

9 return D.Size

10 LocalHead += sizeof(PD3_Header) + D.Size

11 return 0

Figure 9: Consuming Loading Zone.

writing the prefetched data items. Once Tail reaches Head,
the DPU performs cleaning to advance Head: if D.State is
CONSUMED for the item D at the current Head, Head is ad-
vanced past that item; otherwise, the cleaning stops.

Figure 8 shows that PD3’s Loading Zone achieves ⇠150
million invocations/s even when there are 16 threads concur-
rently calling CheckAndReturn—224⇥ and 35⇥ faster than
the locking and lock-free baselines, respectively.

8 Evaluation
We answer the following questions about PD3:

• How well can PD3 improve the performance of memory-
disaggregated applications with constrained compute-
local cache compared to existing approaches?

• What is the contribution of prefetching?
• What are the benefits of saving host resources?
• How sensitive is PD3 to the compute-local cache size?

8.1 Methodology
Testbed. Our testbed cluster is as follows.

• DPU. We use NVIDIA BlueField-3 (BF-3) as the DPU
platform. It consists of a 200 Gbps network interface, 8
ARMv8 A78 cores, and 32 GB DDR4 memory.

• Server Host. Each of our server host nodes consists of
an AMD EPYC 9254 CPU (24 cores @2.90 GHz), and
128 GB DDR5 memory, running Ubuntu 22.04.

• Network. We use a server equipped with the BF-3 DPU
as the compute node. The client and the disaggregated
memory are hosted on other nodes, which are connected
to the compute node with 200 Gbps ConnectX links.

Prototype. PD3 has been implemented with ⇠15,000 lines of
C++ code spanning the DPU, host of the compute node, and
remote memory node. On the DPU, packets are filtered and
mirrored using the Flow engine in the NVDIA DOCA SDK,
and the mirrored packets are processed by a DPDK program
incorporating the user-defined request parser. The DMA and
RDMA operations are implemented via DOCA DMA engine
and ibverbs. On the compute server, a light-weight library
provides access to the memory API and CheckAndReturn. It
also implements the response buffers and Loading Zone by
allocating memory and registering it for DMA. The resource
usage of the system is summarized below.
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Figure 10: Throughput of
hash map (YCSB, uniform).

Figure 11: Throughput of
hash map (YCSB, Zipfian).

Figure 12: Throughput of the
page server (random access).

Figure 13: Throughput of
Garnet (RESP benchmark).

Figure 14: Latency of hash
map (YCSB, uniform).

Figure 15: Latency of hash
map (YCSB, Zipfian).

Figure 16: Latency of the
page server (random access).

Figure 17: Latency of Garnet
(RESP benchmark).

• On the DPU, four cores are utilized: ⇥1 for DPDK, ⇥1
for Transfer Engine, and ⇥2 for sharding Host View. The
memory footprint of Host View is 100 million keys.

• No CPU cores are consumed on the compute server.
128 MB is sufficient for all PD3-managed buffers (§8.5).

• The memory server uses one CPU core to setup local
memory regions and process requests.

The source code for PD3 is available at https://github.
com/fardatalab/PD3.
Applications and Workloads. We evaluate three applica-
tions that can benefit from disaggregated memory: (1) an
open-address hash map with linear probing that consists of
key-value records and scales by offloading most records to
remote memory, (2) a database page server that services page
read requests and stores most of the managed pages in re-
mote memory, and (3) Garnet [4], a production KV cache ser-
vice from Microsoft, backed by a hybrid log [16] that spills
to remote memory when local memory is full. Integrating
these applications with PD3 is intuitive: they use the memory
API to access remote memory and, to enable prefetching, in-
voke CheckAndReturn before entering their out-of-core code
paths. The user-defined request parsers are provided for each
application: in-house formats for the hash map and the page
server, and a parser for Garnet that parses client requests with
RESP [8] and the system’s internal hybrid log requests.

We run YCSB [19] (1 billion keys, mixing 95% reads
and 5% writes) for the hash map, irregular random page read
requests for the page server, and the RESP benchmark [9] (425
million keys) for Garnet where keys are uniformly accessed.
The YCSB and RESP benchmarks involve a 8 B key and a 8 B
value, and for the page server, each page has a 8 B id and 4 KB
data, and the server stores 10 million pages. Unless otherwise
stated, the working set of each workload fits in the memory
server, and the compute server allocates 1 GB local memory
as cache that holds a fraction of it.
Compared Approaches. We validate PD3’s performance by

comparing it with three memory disaggregation solutions:
• Host-issued synchronous RDMA reads and writes.
• Redy [54], a recent system that abstracts remote mem-

ory as a byte-addressable device and provides an asyn-
chronous API. Its RDMA data path is heavily optimized.

• Leap [40], a recent prediction-based prefetcher for dis-
aggregated memory using Boyer-Moore voting to detect
access patterns. We implement it in userspace, and when
cache misses occur, it falls back to synchronous RDMA.

8.2 PD3 Improves Overall Performance
We first evaluate how PD3 improves the overall performance
of memory-disaggregated applications compared to current
solutions. Figures 10 and 11 show the throughput of the hash
map with the YCSB uniform and Zipfian (with skewness
q = 0.99) workloads. This experiment evaluates the perfor-
mance for accessing small data items. Between existing ap-
proaches, synchronous RDMA achieves the lowest perfor-
mance, barely exceeding 2 million ops/s and 9 million ops/s
for uniform and skewed access patterns, respectively. Leap’s
prefetching brings 15% improvement to the skewed workload
but has no effect on the uniform workload where accesses
are unpredictable. Redy provides asynchronous, batched, and
pipelined remote memory access and is up to 9.5⇥ faster
than synchronous RDMA. Despite significant improvement,
remote memory access remains an expensive operation, as
significant throughput degradation can be observed from the
skewed workload to the uniform workload. PD3 instead deter-
mines cache misses and leverages a fast prefetching path to
prepare missing items before requests are executed. The hash
map with PD3 achieves 26⇥ and 2.2⇥ higher throughput than
RDMA and Redy, respectively, for the uniform workload.

Figure 12 shows the throughput of the page server, where
accesses to remote memory are significantly larger. This appli-
cation represents a challenging case for disaggregated mem-
ory, where the network bandwidth becomes the bottleneck.
PD3 remains beneficial due to its advanced pipelining—data
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Figure 18: Comparing PD3
w/ and w/o prefetching.

Figure 19: Garnet request ex-
ecution breakdown.

starts flowing from remote memory before a page request
is processed by the host. It achieves 65% and 33% higher
throughput than synchronous RDMA and Redy.

We finally evaluate a production key-value cache service.
Figure 13 shows the throughput of Garnet with the RESP
benchmark. Perhaps surprisingly, RDMA optimizations, such
as batching and pipelining in Redy, negatively impact Gar-
net’s performance. This is because, to comply with the RESP
protocol, Garnet disallows more than one request to be active
on a given thread. Therefore, Garnet achieves 1.4⇥ higher
throughput with synchronous RDMA or Leap than with Redy.
Since PD3 optimizes RDMA data transfers in the background
(DPU) and provides the efficient CheckAndReturn API in
the foreground (host) targeting in-memory usage, Garnet can
enjoy its performance benefits like other applications. Its
throughput with PD3 is 6⇥ higher than that with synchronous
RDMA/Leap and 8.5⇥ higher than that with Redy.

Figures 14–17 report the median and tail (p99) latencies
of the hash map (with uniform and skewed workloads), the
page server, and Garnet when achieving the throughput in
Figures 10–13. In the hash map, Redy’s RDMA optimizations
are effective and do not incur overhead. Its latency is up
to 3.5⇥ lower than that of synchronous RDMA and Leap.
However, in the page server, where requests are large, and
Garnet, where asychrony is disabled in the application, its
optimizations backfire and incur up to 2.2⇥ higher latency
than synchronous RDMA and Leap. PD3 converts remote
memory access to local operations. It consistently achieves
lower latency than other approaches across all the applications,
ranging from 1.5⇥ to 11⇥ reductions for median latency and
from 1.8⇥ to 10⇥ reductions for tail latency.
Summary: PD3 enables significant improvements (up to an
order of magnitude) to the throughput and latency of memory-
disaggregated applications compared to existing solutions.

8.3 Prefetching Is Essential
We next evaluate the contribution of prefetching to PD3’s per-
formance improvement. Specifically, we measure the changes
in application performance with prefetching enabled and dis-
abled in PD3. When prefetching is disabled, applications fall
back to calling the memory API. We also compare PD3 with
local memory by increasing the compute-local cache size to

(a) Hash map (uniform) (b) Page server (c) Garnet
Figure 20: Scaling applications with saved host CPU cores.

hold the entire working set. Figure 18 shows the throughput
of the hash map (uniform workload), the page server, and
Garnet. We first observe that, when prefetching is disabled,
PD3 does not outperform existing approaches. Applications
are up to 12.7⇥ lower than with the full PD3. This result
confirms that the primary improvement enabled by PD3 is
due to its prefetching design, rather than RDMA offloading to
the network [18]. This experiment also shows PD3 closes the
performance gap between disaggregated and remote memory:
their performance differences are under 10%.

Figure 19 further breaks down Garnet request execution to
multiple stages: (1) process—the time to check the requested
item in the local cache and, in case of a cache miss, invoke
the disaggregated memory API, (2) request—the time to
generate a remote memory access request to fetch the missing
item, (3) transfer—the time to move the item from remote
memory to the compute server, (4) consume—the time to con-
sume the fetched item, and (5) respond—the time to generate
the final response for the client. In cases of cache hits, only
process and respond are involved, which take 500 ns; PD3
further involves consume, which merely incurs 38 ns. Exist-
ing disaggregated memory solutions (synchronous RDMA,
Leap, and Redy) inevitably trigger request and transfer,
which are the most time-consuming stages. They take 5.3 µs
in synchronous RDMA and Leap and 6.1 µs in Redy due to
additional batching overhead in request.

Summary: PD3 closes the performance gap between local
and disaggregated memory with its DPU-enabled prefetching.

8.4 Saved Host CPUs Are Useful
PD3’s prefetching workflow executes on the DPU and con-
sumes zero cores on the compute server. In comparison, Redy
by default spawns an I/O thread per application thread to
avoid shuffling between application and I/O threads and thus
doubles the core utilization. Figure 20 shows PD3’s benefits
for saving host CPU cores. Specifically, Redy’s throughput
for each application saturates at 8 application cores. In com-
parison, PD3 can further allocate additional CPU cores on
the host to applications. With 16 application threads, PD3
increases the throughput of the hash map (uniform workload),
the page server, and Garnet to 73 million ops/s (+30%), 1.4
million ops/s (+54%), and 5.3 million ops/s (+35%), respec-
tively, compared to 8 application threads.
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Figure 21: Throughput with
varying local memory sizes.

Figure 22: Latency with
varying local memory sizes.

Figure 23: Throughput with
varying loading zone sizes.

Figure 24: Latency with
varying loading zone sizes.

Summary: CPU cores on the compute server saved by PD3
can be used by applications to further improve performance.

8.5 PD3 Facilitates Memory Disaggregation
The final aspect we investigate is how much memory PD3
requires on the compute server to close the performance gap
between disaggregated and local memory. We run Garnet
(similar observations apply to other applications) on the com-
pute server and vary the local cache size from small (64 MB)
to large (16 GB, which suffices to cache the entire working
set). Figures 21 and 22 show the changes in throughput and la-
tency (median and p99 tail), respectively. We use synchronous
RDMA as a reference (Leap and Redy behave similarly as
shown in Figure 2). We first observe that with only 128 MB
compute-local cache—under 1% of the database size, Gar-
net achieves the same performance with PD3 as with local
memory. In comparison, with existing disaggregated mem-
ory solutions, only when the whole database is cached on
the compute server does Garnet eliminate cache misses and
achieve the same performance as local memory.

We observe significantly lower performance with PD3
when further reducing compute-local cache size to 64 MB.
To dissect the degradation, we vary the size of Loading Zone
from 1 MB to 256 MB and observe that, as shown in Fig-
ures 23 and 24, the throughput deteriorates and the latency
increases when the size is below 64 MB. This is because some
prefetched items are replaced by more recent prefetches be-
fore they are consumed by the application. We believe that this
fundamental trade-off between performance and the degree
of disaggregation is inevitable, and PD3 drastically decreases
the minimum compute-local memory required to avoid ap-
plication performance regression in disaggregated memory.
Even when the compute-local cache is below 128 MB, PD3
remains faster than the existing approaches.
Summary: PD3 facilitates memory disaggregation by mini-
mizing the memory footprint on compute servers.

9 Related Work
Memory-disaggregated data systems. Disaggregated mem-
ory (DM) has been extensively explored in data system de-
sign. Li et al. [32] integrates remote memory into DBMSs via
RDMA. PolarDB Serverless [15] proposes a database design
that disaggregates computation, memory, and storage. Flex-
Chain [51] is a permissioned blockchain on disaggregated
computation and memory nodes. Motor [53] addresses the
concurrency and performance challenges of distributed trans-
actions in DM with MVCC. RDMA tree [63] explores and
evaluates the different design spaces of distributed tree-based
index for memory-disaggregated databases. Sherman [49]
builds a write-optimized B+Tree index on DM. DEX [37] is
B+Tree index for memory disaggregation with improved scal-
ability. CHIME [38] is a hybrid index for DM that combines
B+ tress with hopscotch hashing. dLSM [50] offloads LSM-
tree compaction to DM. SMART [39] constructs a radix index
for DM with fine-grained concurrency control. FUSEE [46]
designs a client-centric protocol to replicate indices for KV.
RACE [64] proposes a new hashing scheme to address weak
compute power on memory nodes. PD3 provides a solution
to minimize cache misses and thus the overhead of DM.
DPU-offloading for data systems. Several prior works ap-
plied DPU-offloading to improve data systems. Gimbal [42]
leverages SmartNICs to implement efficient multi-tenancy
for disaggregated storage. Xenic [44] accelerates distributed
transactional systems using SmartNICs by partially offload-
ing concurrency control. LineFS [30] offloads distributed file
system operations to a SmartNIC to reduce host CPU over-
head. DDS [56], part of DPDPU [26], offloads remote storage
reads to DPU to shorten disaggregated storage latency and
save server host CPU cycles. SmartShuffle [35] offloads the
shuffle operation in distributed analytics to SmartNICs. PD3
differs from these works in its use of DPUs for prefetching
purposes to optimize the efficiency of disaggregated memory.

10 Conclusion
PD3 is a solution to the overhead of memory disaggregation.
It adopts a user-defined request parser and a DPU data struc-
ture to determine cache misses before requests are executed.
A data transfer engine bridges the host, the DPU, and re-
mote memory to facilitate efficient data prefetching. To serve
prefetched data items, it introduces a fast host data structure
that minimizes host thread contention. PD3’s benefits have
been empirically validated with three realistic applications.
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Figure B.2: Throughput of
hash map (YCSB, uniform).

Figure B.3: Throughput of
hash map (YCSB, Zipfian).

Figure B.4: Latency of hash
map (YCSB, uniform).

Figure B.5: Latency of hash
map (YCSB, Zipfian).

(a) Transferring data to the DPU (b) Transferring data to memory
Figure A.1: Data transfer speed and host CPU consump-
tion comparison between PD3 and host-based solution.

A Performance of Transfer Engine
The results of transferring 64 B records from the host to the
DPU and from the host to the remote memory server compar-
ing PD3’s Transfer Engine and host-issued RDMA are shown
in Figure A.1. Specifically, Transfer Engine achieves more
with less: 94 million ops/s throughput without host resource

consumption, while host-issued RDMA achieves 63 million
ops/s and consumes 16 CPU cores (Figure A.1a). In terms of
remote memory access performance, compared to host-issued
RDMA, Transfer Engine consumes no host cores but achieves
the same throughput as host-issued RDMA consuming 16
host CPU cores.

B Additional YCSB Results
This section shows additional experimental results for the
hashmap application with the YCSB-C workload (read-only).

Figures B.2 and B.3 show the throughput for PD3 and
the compared approaches of synchronous RDMA, Leap and
Redy. Synchronous RDMA shows the lowest performance
on both workloads. Leap improves throughput on the skewed
workload as the prefetcher effectively predicts accesses. In
the face of unpredictable accesses, Leap does not prefetch at
all to prevent cache pollution, and therefore does not improve
performance on the uniform workload. Redy provides highly
optimized remote memory access, increasing performance
by up to an order of magnitude, but still suffers from the
overhead of the remote memory operations. PD3 sidesteps this
overhead with the early access prefetching path and therefore
achieves up to 2.3⇥ higher throughput than Redy on the
uniform workload.

Figures B.4 and B.5 show the latency for the hashmap
application under the same workloads. Since PD3’s early
access prefetching path results in memory accesses being
local instead of remote, it greatly reduces latency compared
to other approaches. Compared to synchronous RDMA and
Leap, PD3 reduces latency by up to 11⇥ and compared to
Redy, PD3 reduces latency by up to 5⇥.

The results on this workload are similar to the ones for
YCSB Workload B (reported in Section 8.2) showing PD3’s
ability to maintain high performance in both read-only and
mixed workloads.
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