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ABSTRACT PVLDB Artifact Availability:

Disaggregated memory (DM) separates memory and computing
resources into distinct pools, improving resource utilization, scal-
ability, and data sharing in data centers and cloud environments.
These systems utilize RDMA-capable networks, which provide high
throughput and low latency, making them well-suited for high-
performance indexing in data storage systems. However, existing
DM-optimized hash indexes face significant challenges in achiev-
ing the one RTT goal due to excessive remote read/write accesses,
correctness issues in concurrent operations, high latency during
resizing, and costly multi-node synchronization.

This paper addresses these challenges by introducing a novel
architecture called SHARD, designed to enhance the performance of
hash indexes in disaggregated memory. We leverage the structure
of Iceberg Hashing to ensure that each key is mapped to fewer buck-
ets. We propose the Ordered-CAS technique to minimize read/write
accesses and ensure correctness when handling duplicate keys. To
address the trade-offs between resizing and synchronization, we
adopt a lazy resizing strategy and propose the RDMA-combining
and adaptive frequency synchronization (AFS) techniques. We im-
plement SHARD and conduct a comprehensive evaluation on DM.
The results show that SHARD outperforms state-of-the-art DM-
optimized hash indexes by at most 6.7x (RACE), 3.6x (SepHash),
and 1.8x (Outback) in YCSB workloads, respectively.
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The source code, data, and/or other artifacts have been made available at
https://github.com/zhtshr/Shard.

1 INTRODUCTION

Recent advancements in disaggregated memory (DM) decouple
compute and memory nodes, organizing them into distinct com-
pute and memory pools [20, 55, 63], and interconnecting these two
resource pools via CXL [1] or RDMA [21]. This architectural shift
is gaining popularity in modern data centers [17, 21, 60] due to its
ability to improve resource utilization, achieve flexible hardware
scalability, and facilitate efficient data sharing [34]. These systems
typically leverage RDMA-capable networks for communication
due to their notable advantages such as high throughput (100-400
Gbps), low latency (2-3 pus), and the ability to bypass remote CPUs
and kernel [16, 61, 79].

Within DM architecture, disaggregated hash indexes are widely
employed in high-performance data storage systems, including
databases [60, 73], key-value stores [16, 40, 59, 70, 84], and file sys-
tems [42]. In a DM architecture, network round-trip time (RTT)
often becomes a performance bottleneck. Excessive RTTs and large
data volumes can saturate the NIC’s packet rate and bandwidth [26,
32, 70]. To study the effect of packet rate and data size on through-
put, we test the read throughput of RDMA NIC with different
configurations, as shown in Figure 1a. In existing works [43, 84],
128 bytes and 512 bytes are standard data transfer volumes per ac-
cess because once the data block size per access exceeds 512 bytes,
network bandwidth becomes the bottleneck [43]. We have found
that less RTT always achieves higher throughput, even if the total
data size read is greater. This phenomenon arises from each thread
sending RDMA requests frequently, causing the NIC packet rate to
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Table 1: The features of different hash indexes. ( The index marked with an * indicates that it was originally a single-machine
index and has been adapted for DM. For variable-length keys/values, a pointer is required, adding 1 RTT. Duplication indicates
whether the index correctly handles duplicate inserted keys, missing indicates whether there will be data loss during data
movement. The bucket group refers to a collection of buckets, whose combined size is smaller than a segment.)

RTTs/latency Correctness Resizing
Type . .. . - Sync
search insert network | duplication missing | granularity strategy latency
FaRM ~1/low ~4/high One-sided | v/ v hash table blocking high low
CLevel* | 4/high 5/high One-sided | v X segment non-blocking high high
RACE 2/medium 5-6/high One-sided | X X segment non-blocking  high low
SepHash | 2-3/medium 3-4/medium One-sided | v/ v segment blocking medium | low
Outback | 1/medium 1/medium RPC v v segment blocking medium | low
Iceberg® | ~3/medium  ~5/high One-sided | v/ v bucket group  blocking low high
SHARD ~1/low ~2/low One-sided | v/ v bucket blocking low low
a lock-free design for various index operations, even including
S Gt i the hash table resizing. However, due to the latency of network
§20 Compute messages, we observe existing designs incur concurrency inconsis-
= tency [51, 65, 80, 84], causing duplication and missing errors. Some
élo RDMA concurrency techniques, such as checksum, versioning, FaRM cache
%’ Memory line versions, and dirty bit [10, 16, 17, 80], require non-negligible
E ol - % = time or space overhead, which introduces more network roundtrips

Number of Threads

()

(b)

Figure 1: (a) RDMA-read throughput of an RDMA NIC with
different RTTs and data sizes. (x refers to read x bytes, 2*x-b
refers to 2 RTTs with doorbell batching, and 2*x refers to 2
RTTs.) (b) Hash architecture on DM. @ Basic operations. &
Resizing operations. ® Synchronization of the local cache.

fall behind the threads’ sending frequency [28, 68]. Consequently,
this discrepancy leads to the blocking of several threads.

Existing works [26, 32, 36, 41, 43, 65, 70, 84] propose various
optimization solutions to reduce RTTs. As shown in Figure 1b,
These solutions typically involve co-designing basic operations,
resizing, and cache synchronization. Basic operations may require
multiple RTTs for correctness, resizing involves modifying remote
memory, and cache synchronization adds another RTT. Achieving
a single RTT for basic operations on a hash index is challenging.

FaRM [16] uses hopscotch hashing [23] with lock-free reads,
reducing read-path RTTs to 1.04, but writes require a lock, poten-
tially triggering cascading data displacements. RACE [84] employs
cuckoo hashing to resolve conflicts, requiring multiple reads per op-
eration. Its re-read method for inserts and concurrent write scheme
reduce blocking but may introduce errors. SepHash [43] uses a
multi-segment structure to reduce resizing latency and improve
insert performance, but increases RTTs due to more reads. Out-
back [36] achieves one-RTT communication using RDMA-RPC
but offloads computation to memory nodes, creating a CPU bottle-
neck [22, 65].

To achieve the one RTT goal, there are the following challenges:

1) Correctness in concurrent operations. To improve sys-
tem scalability, existing DM-optimized indexes [12, 84] employ

685

to basic operations.

2) High-latency and blocking resizing operation. In existing
designs [12, 43, 84], resizing is processed at a coarse granularity.
These designs typically employ a single thread to do the data move-
ment. This process also causes other operations to be blocked, even
if it is handed off to a background thread, it still introduces con-
tention and leads to numerous retries. All of these factors contribute
to high tail latency and a drop in throughput during resizing.

3) Dilemma between resizing and synchronization. After
resizing, the compute nodes need to synchronize the metadata
from remote memory to obtain the latest index structure. If a
coarse-grained resizing strategy is employed, adjusting the local
depth [43, 84] within the bucket can aid other threads in promptly
verifying resizing. Alternatively, opting for a fine-grained resiz-
ing approach to minimize blocking during resizing necessitates
an RDMA READ in each operation to validate potential metadata
modifications, introducing an additional RTT. Therefore, there is a
trade-off between resizing and synchronization.

We present the SHARD, a Scalable And Resize-optimized Hash
index on Disaggregated memory, to achieve these goals. We lever-
age the structure of Iceberg Hashing [6, 48] to access fewer buckets.
Iceberg Hashing is RDMA-friendly because it needs to access only
one bucket on average during queries. It is also low-associativity,
which means that each key is only mapped to a few positions. This
enables us to look up one bucket with an extremely high probability
(e.g., > 97%) during queries. To address the duplication error, @ we
propose the Ordered-CAS technique. For the missing error, we
employ a blocking resizing method. Simply using coarse-grained
blocking would cause threads highly blocked, so @ we opt for a
lazy fine-grained blocking approach and introduce the RDMA-
combining technique to minimize resizing blocking time. The
fine-grained approach renders the original synchronization method
based on local depth invalid. To address this, ® we propose the



Adaptive Frequency Synchronization (AFS) technique to re-
duce synchronization overhead. We achieve the goal of one RTT
while addressing all the previously mentioned challenges. Table 1
shows the summary of all the RDMA-based hash indexes. Iceberg
hashing requires locking nodes to ensure correctness, which incurs
significant overhead in DM. Previous work [2, 43] implemented
CLevel on DM, so we include it in the comparison.

We implement SHARD and evaluate its performance using the
widely-used YCSB benchmark [15, 72]. Experiments show that
SHARD can achieve over 15.5 million read-only requests per second.
This result shows that SHARD outperforms state-of-the-art DM-
optimized hash indexes by at most 6.7x (RACE), 3.6x (SepHash),
and 1.8x (Outback) in YCSB workloads, respectively. Overall, SHARD
offers lower latency and better scalability than prior works.

The main contributions of this paper are as follows:

o We systematically identify three critical challenges for im-
plementing correct and highly scalable hash indexing on
DM. Subsequently, we conducted an in-depth analysis of
the underlying causes of these challenges (§2).

e We propose four techniques to address these issues, in-
cluding Ordered-CAS, lazy-resizing, RDMA-combining and
AFS. Our SHARD achieves the one RTT goal in basic opera-
tions, correctness, non-blocking resizing, and lightweight
metadata synchronization (§3).

o We implemented SHARD and evaluated its performance
under YCSB and real-world benchmark (§4).

2 BACKGROUND AND MOTIVATION

In this section, we study the characteristics of DM in Section 2.1,
then explore the existing disaggregated hash indexes and hash
indexes that can be applied to DM in Section 2.2 and Section 2.3.
Finally, we examine the existing hash index structures to motivate
our study in Section 2.4.

2.1 Disaggregated Memory (DM)

DM architectures [8, 52, 75] separate computing and memory re-
sources into distinct pools [30, 31, 74]. The computing pool contains
multiple CPUs (e.g., 100) and limited DRAM (e.g., 1 GB), while the
memory pool offers vast memory (e.g., 100-1000 GB) but fewer,
weaker CPU cores (e.g., 1-2). These pools are connected via high-
performance networks like InfiniBand and CXL [13]. RDMA, com-
monly used over InfiniBand, allows compute nodes to access remote
memory with memory semantics. We focus on RDMA-enabled
DM [29, 32, 39-41, 65, 76, 77], which provides one-sided opera-
tions—RDMA READ, WRITE, and ATOMIC (e.g., CAS, FAA). RDMA
works on a post-polling mechanism where users post requests to a
send queue, which are executed in order. Through doorbell batch-
ing [51, 71], multiple RDMA operations can be bundled into one
request. The RDMA NIC asynchronously reads/writes data from
remote memory, while the completion queue is polled to track
operation status.

2.2 DM Based Hash Index

Disaggregated hash usually stores hash tables in each memory node,
and the compute nodes have several working threads. High-speed
RDMA networks interconnect the compute nodes and memory
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nodes. Typically, compute nodes will cache data that are less fre-
quently modified to speed up the operation.

FaRM [16]. FaRM uses a hopscotch-hashing table [23]. As shown
in Figure 2 (a), A lookup inspects at most H neighbors and verifies
consistency by checking the version counter embedded in every
cache line. During insertion, if no empty entry is found, entries are
shifted to preserve the H-invariant. Every modified cache line’s ver-
sion is incremented. To optimize both space and lookup cost, FaRM
keeps the hopscotch neighborhood small (H = 8) and introduces
overflow buckets to host entries that cannot be placed within it. If
neither an empty slot nor a successful shift can be found, the table
is resized: the entire hash table is locked, all data is migrated, and
every thread is blocked until the operation completes.

CLevel [12]. CLevel manages hash tables with a lock-free level
list. As shown in Figure 2 (b), both insertion and search operations
traverse the hash tables sequentially from lowest to highest level.
The search returns data from the highest level, while insertion clears
duplicates and adds the data to the topmost bucket. If no space is
available, a larger hash table is allocated at the top and added to
the global level list. A background thread continuously migrates
data to consolidate hash tables until only two levels remain. In DM
implementations [2, 43], the level list is cached on the compute node,
and local memory access is modified to remote memory access.

RACE [84]. RACE uses an extendible hash scheme with a hash
table made up of multiple segments and a directory. As shown in
Figure 2 (c), the directory contains a global depth variable indicating
the hash suffix length for indexing segments. Each segment has a
local depth variable and contains several buckets, each holding 8
entries. Buckets share an overflow bucket to handle hash conflicts.
After inserting a KV, RACE re-reads to check for duplicate keys.
When a bucket is full, the entire segment is resized. RACE sup-
ports concurrent insertion, allowing data migration and insertion
to happen in parallel. The directory is cached on the compute side
to reduce remote access time for compute nodes.

SepHash [43]. SepHash uses extendible hashing with a sep-
arate segment structure to reduce resizing blocking. Figure 2 (d)
shows the overall architecture of SepHash. Each directory entry
has a small CurSegment and a large MainSegment. The CurSegment
stores metadata (CurSegMeta) to filter non-existent fingerprints,
while the MainSegment holds an FPTable for fingerprint range
lookup. Searches involve both segments. SepHash uses append-
only operations for insertions, updates, and deletions. When the
CurSegment reaches capacity, it merges with the MainSegment,
and when the MainSegment is full, it splits into two. Two finger-
prints (fp and fp2) are used to improve key filtering. KV metadata
(bitmap and fp2) is written asynchronously during insertion. To
reduce RTTs, FPTables are cached locally.

Outback [36]. Outback uses the design of Ludo hashing [56].
Ludo hashing is a type of dynamic minimal perfect hashing (DMPH)
that can achieve no hash collisions. A bucket locator distributes
keys into different buckets. Ludo hashing uses brute force to find a
hash seed, allowing keys to be mapped to different slots without
collision. As shown in Figure 2 (e), Outback caches bucket locator
and bucket seeds at compute nodes, enabling local bucket address
computation. The search/insert/update/delete operations are sent
via an RDMA-RPC request to achieve one RTT. Threads in memory
nodes need to perform address read/write and resizing operations.
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Figure 3: The iceberg hashing structure.

2.3 Iceberg Hashing on DM

Iceberg hashing [6, 48] is a novel hash index aimed at optimizing
time and space consumption simultaneously. As shown in Figure
3, Iceberg hashing adopts a three-level structure: the first level is
the frontyard, which stores most of the elements (> 97%); the next
two levels are the backyard used to store overflow elements. There

is about T of the data in the backyard, hence most queries

only need to access the first level. The operation process of Iceberg
hashing is also very simple, prioritizing access to the first level,
followed by the second and third levels. Iceberg hashing exhibits
low associativity, which restricts each element to map to a small
number of positions. This limitation reduces the number of mem-
ory locations to be examined when performing queries, thereby
improving search efficiency.

The advantages of Iceberg hashing can also be applied to DM,
i.e,, read and write operations only access a bucket in most cases.
However, it still faces some challenges in DM: 1) how to ensure
correctness when data may be inserted into different layers; 2)
the methodology for executing efficient resizing across distributed
nodes; 3) a high-performance mechanism to synchronize metadata.

2.4 Challenges in DM Based Hash Index

Designing a correct and efficient hash index on DM is challenging
due to the characteristics of DM and RDMA networks. An in-depth
analysis of the three challenges associated with the design of hash
indexes will be conducted, with a summary of disaggregated hash
indexes presented in Table 1.
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Figure 4: An error case of duplication.(e[x] and e[y] are in-
serted duplicated key k.)
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Missing!
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Figure 5: Missing error during resizing. (The blue keys are
inserted by other threads and the red keys are unable to be
moved to the new segment.)

Insight 1: On DM where high throughput is pursued, read-
write algorithms must be carefully designed to guarantee
consistency. We observed that in previous works [12, 84], there
were concurrency controls that could lead to inconsistency.

We found a duplication error in the design of RACE. The re-
reading mechanism may lead to inconsistencies. Figure 4 shows
the error case. When two threads concurrently write to the same
key while another thread is reading, a dirty read may occur. We
tested this scenario with the Zipfian YCSB workload (skewness =
0.99) in Figure 6a. The index has a non-negligible probability of
encountering errors.

The missing error occurs in CLevel and RACE due to their non-
blocking methods, as shown in Figure 5. In non-blocking mode, the
insert operation thread competes with the resizing thread for empty
entries, preventing the resizing thread from finding enough space
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only workloads: (a) different indexes and (b) different sync
strategies of SHARD (fixed1: freq=1, fixed2: freq=10000).

to move data. An experiment with 16 threads (Figure 6b) confirms
this behavior, showing an error rate of 2.1%-5.4% across different
segment sizes.

Insight 2: Fine-grained resizing can improve throughput.
Since the non-blocking resizing strategy will cause the missing error,
we consider the blocking approach. We fixed the bugs in RACE by
employing a blocking method and evaluated the real-time insert
performance of the four indexes. Figure 6¢ shows the result. Outback
achieves the highest write throughput, FaRM’s and RACE’s blocking
during resizing leads to lower throughput. SepHash proposes a two-
segment structure and the minimal blocking granularity (64KB),
achieving minimal performance degradation. Therefore, a finer-
grained resizing is desired in designing a DM-based hash index.

Insight 3: An appropriate synchronization strategy is re-
quired to boost throughput and reduce resizing latency. Fine-
grained resizing reduces blocking time and can be done concur-
rently by multiple threads. However, this requires all threads to
proactively synchronize metadata in order to obtain the latest table
information. We evaluated the performance of two synchronization
strategies in SHARD: synchronizing metadata every 1 operation and
every 1,000 operations. As shown in figure 6d, the fixed-1 strat-
egy remains more stable during resizing but yields lower overall
throughput. In contrast, the fixed-1000 strategy delivers higher
throughput; however, because fewer threads participate in syn-
chronization and more KVs are inserted into the overflow level,
performance drops more sharply during resizing. Our goal is to
achieve higher throughput while maintaining stable performance.

3 DESIGN OF SHARD

We present SHARD, a resize-optimized hash table on DM. The design
of SHARD is guided by three primary goals: (1) reducing RTTs during
read and write operations with guaranteed correctness, (2) using
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fine-grained resizing to amortize the latency to all threads, and (3)
efficiently synchronizing metadata. Specifically, the distinct features
of SHARD are described in the following.

e Basic Operation and Correctness (§3.2) . For the concur-
rent correctness of different threads and to reduce access
overhead, we design the insertion/update/deletion oper-
ations as lock-free in-place modifications, where all read
and write operations need to be executed in a fixed order
(Ordered-CAS).

e Low Latency Resizing (§3.3) . In existing designs, the
blocking time of resizing is not negligible. For this reason,
we choose the fine-grained and lazy resizing approach.
After that, we propose the embedded version number and
RDMA-combining approach, which guarantees perfor-
mance and correctness.

e Adaptive Frequency Synchronization (§3.4) . During
resizing, an efficient synchronization is needed. Therefore,
we designed the Adaptive Frequency Synchronization (AFS)
algorithm, which enables each compute node to predict the
time of resizing and execute synchronization promptly.

3.1 Architecture

Figure 7 shows the overall architecture of SHARD on DM. Each mem-
ory node stores a separate hash table, which includes a directory
and a three-level structure. We record the address of each segment
in the directory. In the compute node, each thread maintains the di-
rectory cache to accelerate the retrieval process. Compute node use
one-sided RDMA to perform read/write operations on the index.

We employ the design principles of iceberg hashing[6, 48] in
SHARD because this structure is RDMA friendly. To support resizing,
each level consists of segments, and the segment number increases
when resizing. Figure 8 shows the structure of segments in each
level, a segment is composed of 2% buckets (b is an adjustable pa-
rameter between 10-20). We don’t need to record any metadata in
segments and buckets, thus reducing space overhead. To minimize
RTTs, the design allocates the maximum number of entries to buck-
ets in level 1, which contain 64 entries. Subsequently, buckets in
level 2 contain 8 entries, and those in level 3 are limited to a single
entry. Consequently, the majority data is in level 1.
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The layout of an entry is shown in Figure 8, the first 16 bits are
used to record metadata which is used to further reduce operation
latency. Each entry contains a 1-bit lock to lock a bucket during
resizing, a 7-bit fp (fingerprint) to filter out different keys, a 4-bit
sid to pre-know the segment id after resizing for acceleration like
SepHash, and a 4-bit len to present the length of the KV block in
64B units. If the KV length exceeds this limit (1024B), we can store
the next block pointer at the end of the block. Therefore, we can
write metadata into an empty entry using only a CAS.

3.2 Basic Operation and Correctness

3.2.1 Basic Operation. To ensure correctness and minimize re-
trieval RTTs, we propose the Ordered-CAS technique. Each op-
eration follows a predefined access sequence. The workflows of
insert/search/update/delete operations are shown in Figure 8.

Insertion: Algorithm 1 shows the process of the insert operation.
To insert a KV, the thread will prioritize insert in level 1. @ The
thread first writes the KV block in the memory pool (line 6), ® then
calculates hash(key), and obtains the segment address from the
local cache to get bucket address (line 7). ® After that, the thread
read the bucket with an RDMA READ (line 8). @ The thread finds
an empty entry from front to back of the bucket and writes the
entry with an RDMA CAS (lines 12-14). If a CAS operation fails, it
is necessary to check whether the already inserted key is identical.
If so, the operation should switch to an update; otherwise, the
insertion must continue searching for an empty entry. If there is no
empty entry, the thread keeps inserting in level 2 and level 3 (lines
18-28). When the insertion operation still cannot find an empty
position at the third level, we will use the open addressing method
which has 8 entries in each chain node to tolerate hash collisions.
The strategy of only searching for the first empty entry may leave
redundant and invalid KV pairs in the index [10]. Fortunately, this
scenario occurs infrequently and does not compromise correctness
(we will substantiate it in section 3.2.2). Thus, we can eliminate
these entries during the resizing process to reduce latency in basic
operations. We will introduce the synchronization and moving
during resizing in Section 3.3.

Search: The search process is similar to that of insertion, as
shown in algorithm 2. @ The thread first calculates hash(key) and
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Algorithm 1 Insert(key,value)

: thread.insert_num+ =1
: check_sync()
: if load_factor() > THRESHOLD then
resize()
end if
: new_entry = write_key_value(key, value)
: segment,of fset = hash(key)
: bucket = read_lv1_bucket(segment,of fset)
> read the level 1 bucket using remote address
9: if bucket.lock and is_dirty(bucket) then

> sync from remote

> trigger resizing

[~ I B~ NS B N S R R

10: move_lvl_bucket(bucket) > move in the first visit
11: end if

12: if insert_bucket(bucket, new_entry) == true then

13: return > insert into lv1 buckets
14: end if

15: if !bucket.over flowbit then

16: set_over flowbit(bucket) > insert oveflow
17: end if

18: fori « 1to 2 do

19: segment,of fset = hash;(key)

20: bucket = read_lv2_bucket(segment,of fset)

21: if !bucket.lock and is_dirty(bucket) then

22: move_lv2_bucket(bucket)

23: end if

24: if insert_bucket(bucket, new_entry) == true then

25: return > insert into lv2 buckets
26: end if

27: end for

28: insert_lv3_bucket(new_entry) > insert into 1v3 buckets

reads the bucket like insert operation (lines 2-3). @ Then the
thread retrieves KV from front to back (lines 7-10). The thread will
read the KV block if the fingerprint (fp) matches. If the KV is not
found, the thread continues retrieving level 2 and level 3 (lines
11-22). The search operation returns the first matched key, but it
will travel throughout all three levels if a key doesn’t exist. To avoid
unnecessary RTTs, we leverage an overflow bit in each bucket to
indicate insertion overflow to the next level (line 8 and lines 15-17
in algorithm 1).

Update: To update a KV, the thread first writes the KV block,
and then uses search operation to find the first matched key. Once
the target key exists, the entry is modified using an RDMA CAS to
refer to the new KV block.

Deletion: For correctness, the deletion thread should identify
all the matched KV from level 3 to level 1, in reverse sequential
order, then set the entries to zero with an RDMA CAS. When the
last matched KV is deleted, the key is invisible, hence the deletion
operation is atomic.

Under skewed workloads, write operations are subject to heavy
contention, resulting in many RDMA CAS failures. To solve this
problem, we employ the read delegation and write combining tech-
niques in SMART [41], which uses a local lock table to resolve hash
conflicts in the same thread.



Algorithm 2 Search(key)

1: check_sync() > sync from remote
2: segment,of fset = hash(key)
3: bucket = read_lvl_bucket(segment,of fset)

> read the level 1 bucket using remote address
. if 'bucket.lock and is_dirty(bucket) then
move_lvl_bucket(bucket) > move in the first visit
. end if
: value = search_bucket(bucket, new_entry)

> search lv1 buckets

8: if value # NULL || bucket.over flowbit then

9: return value

N g

10: end if

11: fori < 1to2do

12: segment, of fset = hash;(key)

13: bucket = read_lv2_bucket(segment,of fset)
14: if 'bucket.lock and is_dirty(bucket) then
15: move_lv2_bucket(bucket)

16: end if

17: value = search_bucket(bucket, new_entry)
18: if value # NULL then

19: return value

20: end if

21: end for

22: return search_lv3_bucket(new_entry)
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Figure 9: All possible scenarios. (KV1, KV2, and KV3 are in
the same bucket and have the same key.)

3.2.2  Correctness. We will demonstrate that SHARD is linearizable
in the presence of mixed workloads involving search, insertion,
update, and deletion, attributed to the protocol features of RDMA
NIC [51]. We prove the linearizability by demonstrating the follow-
ing two invariants are correct [24, 57].

I1: Multiple readers read the same value of a key. Readers
can always get the same value simultaneously since they retrieve
it in the same order.

I2: After any reader returns a new value, all subsequent
readers must also return the new value. We prove the property
of SHARD by contradiction. Supposing that KV1 and KV2 have the
same key but different values. The visible KV transitions from KV1
to KV2, and then back to KV1. There are three cases altogether.
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Case 1: As shown in Figure 9 (a), the position of KV2 is in front
of KV1. KV2 is visible when KV2 is inserted. KV2 becomes
invisible when KV2 is deleted, or KV2 is updated, or the
same key (KV3) is inserted in front of KV2. In the deleted
case, KV1 was inserted first, the thread that deletes KV2
will also read KV1 because RDMA READ and RDMA CAS
are not out-of-order! [51]. In this case, the deletion thread
will delete KV1 first (delete in reverse order). Consequently,
KV1 will not be visible again. In the other two cases, this
conclusion also holds.

Case 2: As shown in Figure 9 (b), KV2 is in front of KV1, and KV3
is in front of KV2. KV2 is visible when KV3 is deleted. In
this condition, KV1 is also invisible because readers will
find out KV2.

Case 3: As shown in Figure 9 (c), KV2 is behind KV1. In this case,
KV2 is invisible. Hence the visible KV would not transform
to KV2.

This conclusion remains applicable to multi-level structures,
ensuring accuracy without introducing extra costs.

3.3 Low Latency Resizing

Algorithm 3 Move_bucket(bucket)

1: if 'IRDMA_CAS(bucket.lock,0,1) then

2: return > failed to get lock
3: end if

4: new_bucket = new_bucket() » allocate new bucket in local
5. for i < 0 to bucket.len — 1 do

6: if need_move(bucket.entry(i].sid) then

7: new_bucket.entry[i] = bucket.entry|i]

8: bucket.entryli] =0 > move to new bucket
9: end if

10: end for

-
—_

: RDMA_WRITE(new_bucket)
. bucket.lock =0
: RDMA_WRITE(bucket)

[
[T )

When the number of KV entries reaches the threshold of load
factor (0.8 of the total size), a resize is triggered. The first thread iden-
tifying this condition takes responsibility for resizing. The thread
@ initially acquires a lock on the hash table, ® then allocates a new
segment in every level of the remote memory pool, with the size
of the new segment being the total of all preceding segment sizes.
After that, ® updates the metadata in the remote memory pool, and
® subsequently releases the hash table lock. Afterward, half of the
entries will be moved to new entries. All the threads should update
metadata first in each operation (line 1 in algorithm 1 and algorithm
2). In case of metadata changing, they cannot continue with the
operation until all threads finish the synchronization, otherwise
the stale threads would cause consistency issues.

To reduce resizing latency and blocking time, we adopt the lazy
resizing strategy, which amortizes data movement to all threads.
The granularity of the data movement is similar to that of the search

!The invariant order is: insert KV1 using CAS, insert KV2 using CAS, and the delete
operation must read both KV1 and KV2.



operation, which is a bucket. This task will be accomplished by
the first thread that accesses it. Therefore, we can add moving
buckets to the base operation (lines 8-10, 17-19 in algorithm 1
and lines 4-6, 14-16 in algorithm 2). During the moving process,
we can detect redundant and invalid KV pairs and purge them
without introducing additional overhead. Since the move operation
is always executed before all insertion operations, we can avoid
missing errors (mentioned in 2.4). We can distinguish which buckets
should be moved by version numbers. Version numbers are related
to global resizing times, so the needed bits are O(log(log(N))).
Consequently, we can embed the version number in lock bits for
every 8 entries (the size is a cacheline).

Ver:1 ‘ BucO' Ver:2 ‘ Buc0 ‘ Ver:2 ‘ Buc4 ‘
Compute © wit
. write new
Node @ split in local @write old bucket bucket
Memory @ lock old bucketv e V e
1> 1>
Node @ unlock old bucket ue er: “ er:

(a) The workflow of moving data in a bucket.

@ splitin local @ write old bucket

A VAVAVAVA

Memory Node @ lock old bucket @ write new bucket © unlock old bucket

@ split in local @ & @ write old bucket

R VAVAV

Memory Node @ lock old bucket @ write new bucket

@ split in local

Compute Node \ /‘\\//"

Memory Node @ lock old bucket © & @ & @ write buckets

(b) RDMA-combining. (red lines: the reduced RTTs)

Figure 10: The workflow of move and the RDMA-combining
technique.

For instance, SHARD has been resized twice, resulting in a global
version of 2. The version number of buckety is 1, which is behind
the global version. Figure 10a and algorithm 3 shows the five steps
of moving data from buckety to buckets: ® lock the old bucket by
an RDMA CAS (lines 1-3); @ distinguish which entries to move via
segment ID (lines 5-10); ® write new data and version numbers
to the new bucket using an RDMA write, each cacheline should
be written new version numbers (line 11); ® write new data and
version numbers to the old bucket; ® unlock the old bucket (lines 12-
13). When a thread is moving, it reads the bucket into the compute
node. Hence it doesn’t need an additional RTT to read the bucket
during basic operations.

We proposed RDMA-combining technology based on the mov-
ing process. Observation reveals that we could discriminate incon-
sistent entries with the version number in each cacheline, hence we
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Figure 11: The corner case of splitting.

do not need to unlock at the end of the moving operation. Above
all, the operation of writing and unlocking the old bucket can be
combined into a single RDMA write. Furthermore, due to the order-
preserving feature of RDMA write [16, 51], we can even write
buckets at a time by using doorbell batching. Consequently, we
need only two extra RTTs to move a bucket, as shown in Figure
10b, bringing little blocking time.

The current solution still has a corner case: when the version
number is behind k (k > 1), there are 2k possible locations for the
key of the currently split bucket, as shown in Figure 11. So we
need to extend the move strategy: since there are only O(log(n))
possible buckets for keys, and the version number of these buckets is
monotonically decreasing. We can bisect the version number to find
the stale bucket (Version < MaxSID) with the smallest segment
ID. The smallest stale bucket is buckety—¢ in Figure 11. Then we
move entries to the correct locations separately and modify the
version number in order. These buckets are visited only once, thus
the overhead of amortization is low.

3.4 Adaptive Frequency Synchronization

Algorithm 4 Check_sync()

1: sync_ferq = a = table.size * (resize_thr — load_factor())
2. if + + thread.cnt >= sync_freq then
3 RDMA_FAA(table.num, thread.num)
> add inserted num to global

4: RDMA_READ(table.meta)

5: if changed(table.meta) then

6: RDMA_FAA(sync_threads, 1)

7: for sync_threads < total_threads do

> wait until all threads have synchronized

8: RDMA_READ(sync_threads)

9: end for

10: end if

11 thread.cnt— = sync_freq v sync every sync_{req times
12: end if

To facilitate the detection of resizing and speedup operations,
each compute node caches metadata consisting of segment count,
bucket number, starting address of each segment and the number
of inserted entries. This approach is akin to previous works [43,
84]. Metadata changes are only affected by resizing, except for
the number of inserted entries. Therefore, threads don’t need to
synchronize in each operation. We can decrease the synchronizing
frequency such as synchronizing in every f operation. Delaying



Table 2: YCSB workloads.

Workload | A B C D F
Type R:U R:U R R:1 RRMW
Ratio 50:50 90:10 100 95:5 50:50

synchronization will not affect correctness, because at this time, the
new threads are waiting for synchronization to complete, only the
old threads that have the same metadata are executing concurrently.

As shown in algorithm 4, each thread first adds its locally inserted
entries to the global table’s metadata and then reads the remote-
side metadata (lines 3-4). If a resize occurs, the current thread must
wait until all threads have synchronized (lines 5-10). The concrete
implementation is that each thread atomically increments a fixed
remote address by one and spins until the counter reaches the total
number of threads.

How to choose the synchronization frequency is a dilemma.
To reduce RTTs and improve overall throughput, a low synchro-
nization frequency should be selected. However, an excessively
low synchronization frequency forces threads that hold the latest
metadata to block, waiting for stale threads to catch up to main-
tain correctness. This prevents the operation from proceeding. The
move postponement will cause extensive insertion overflow to level
2 and even level 3, seriously hurting overall throughput.

To address this problem, we propose the AFS technique by in-
specting the relationship between resizing and synchronization. If
the load factor of the hash table is low, the probability of resizing is
also low, we do not need synchronization, and vice versa. We can
adjust the synchronization frequency according to the probability
by using a function. To simplify the designs, we use a linear func-
tion to fit it. Formally, for total size T, resize threshold R and the
current load factor L, the synchronization frequency F is calculated
as F = aT (R — L). Where « is a tunable parameter (0.1 by default).

3.5 Discussion

Fault tolerance. Our resizing strategy requires all threads to syn-
chronize, but delays can occur due to factors like OS scheduling or
hardware errors. To address this, we set a timeout for each waiting
thread. For short delays, threads can wait briefly, but if the timeout
is exceeded due to hardware issues, all threads reduce the metadata
of total threads and continue processing requests.

Index placement across memory nodes. Our current strategy
to solve index placement is to map hash values to different memory
nodes. But if there is a demand for increasing or decreasing memory
nodes, we should travel throughout all the memory nodes and
choose a new hash function to rebuild the index. To tackle it, we
can leverage the consistent hashing algorithm [27, 44] to reduce
the data volume we should move.

Combining with other works. In our current implementation,
searching variable-length keys still requires pointer chasing, which
incurs an additional RTT. There exists an orthogonal approach
(PRISM [7]) that enables single-RTT pointer dereference. We plan
to incorporate this into our system in future work.
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Figure 12: Comparison of throughput for various indexes
using YCSB.

4 EVALUATIONS

In this section, we evaluate SHARD to answer the following ques-
tions:

e How does SHARD perform under different workloads, in-
cluding real-world workloads, and how scalable is SHARD
when varying compute threads (4.2, 4.3, and 4.4)?

e How does SHARD perform in realtime throughput (4.5)?

e How do the different techniques employed in SHARD con-
tribute to overall performance and throughput (4.6)?

e How does the parameter « affect performance (4.7)?

e What is the space consumption of SHARD (4.8)?

4.1 Experiment Setup

Testbed. We run all experiments on three nodes. Each node has
two 20-core Intel Xeon Silver 4114R CPUs clocked at 2.2GHz (each
with 48.5MB of L3 Cache), 288GB DRAM across two sockets, and
a 100Gbps Mellanox ConnectX-5 InfiniBand NIC connected to a
100Gbps InfiniBand switch.

We configure each machine to act as one compute node and one
memory node. We allocate 36 cores for the compute node and use
the remaining 4 cores for the memory node on each machine, similar
to the settings used in previous works [39, 78]. Our experiments
use all 108 (36x3) compute-side threads and 12 (4x3) memory-side
threads in the cluster. Each thread is pinned to a physical core.

Workloads. Most experiments are based on standard workloads
from the YCSB [72]. We mainly focus on YCSB because it has a
variety of workloads [14]: update heavy (A), read mostly (B), read
only (C), read latest (D), and read-modify-write (F), as shown in
Table 2. When evaluating each index, we first insert one trillion
data entries and then perform three trillion operations. Each KV
pair consists of an 8-byte key and an 8-byte value.
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Figure 13: Comparison of scalability for various indexes under single operations. (The red line indicates the throughput limit.)

Comparisons. We developed a SHARD prototype with over 4000
lines of C++ code and compared it to five distributed hash indexes.
CLevel, a leveling hash index designed for persistent memory, was
tested with its RDMA version. FaRM, RACE, SepHash, and Outback
are distributed hash indexes for DM. Except for FaRM, these indexes
were implemented from open-source projects [2, 3]. CLevel and
RACE’s concurrent insertion during resizing can cause missing
errors, which we address with a blocking batch write. For SHARD, a
is set to 0.1 by default. Each test runs with 1-4 coroutines per thread,
and the configuration with the highest performance is selected.

4.2 YCSB Benchmark

In this experiment, we use the YCSB benchmarks [15] to test the
performance of these indexes. We run the benchmark with an
uniform and a Zipfian (skewness = 0.99) access distribution. The
results are shown in Figure 12.

For uniform distribution, SHARD can achieve a throughput of
14.5 M/s. SHARD outperforms FaRM, CLevel, RACE, SepHash, and
Outback by 1.1x, 10.9%, 1.6X, 1.9%, and 1.2X, respectively. CLevel
exhibits poor performance because it needs to access buckets in
each level, requiring 4 RTTs. For update-intensive workloads (YCSB
A and F), SepHash exhibits low throughput because its out-of-
place update strategy triggers multiple resizing. RACE shows poor
performance under YCSB D for its insert operations require multiple
round-trip times (RTTs) to ensure correctness.

In Zipfian distribution, CLevel achieves lower throughput due
to its need to access four buckets and its blocking resizing strategy.
RACE’s insert operations involve reading many duplicate keys dur-
ing the re-read phase, and its in-place update policy leads to CAS
failures, wasting RTTs. As a result, RACE performs poorly in work-
load D. However, SHARD scales well in Zipfian distribution by using
a local lock table to reduce RDMA CAS conflicts. In read-intensive
workloads, SHARD outperforms FaRM, CLevel, RACE, SepHash, and
Outback by 1.2, 12.9%, 1.8X, 1.9%, and 1.5X, respectively.

We excluded CLevel from subsequent tests due to its poor per-
formance in RDMA architectures.

4.3 Performance of Single Operations

We evaluate the performance of basic operations for each index.
The data distribution is a uniform access pattern. To quantify the
gap between SHARD and an ideal hash table, we test the system’s
throughput when reading 64-byte buckets and equally-sized KV
blocks, simulating the theoretical upper bound of search operations.
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Table 3: Average round-trip times (RTTs) per operation. (The
network round-trip of Outback is always 1 RPC.)

Index Search Insert Update Delete
RACE 2.03 12.79 3.03 3.03
SepHash 2.20 11.56 3.20 3.20
SHARD 1.00 2.59 2.00 2.00

The same approach was applied to all other operations. Figure 13
and Figure 14 show the scalability and tail latency respectively.

Search. As shown in Figure 13a, SHARD achieves the highest
search throughput and scalability, improving 1.1X-2.5X over FaRM,
RACE, SepHash, and Outback. This is because SHARD requires only
one RDMA READ, while SepHash and RACE require two (Table 3).
When 16 threads per node are reached, the RDMA NIC packet rate
saturates, limiting further throughput gains. RACE outperforms
SepHash due to fewer RTTs (0.17 on average) and smaller data reads
(128B vs. SepHash’s 512B). Although Outback also uses one RTT,
its reliance on RPC creates a bottleneck at the memory node’s CPU,
limiting scalability. Figure 14a shows that SHARD has the lowest tail
latency, while SepHash and RACE’s latency increases with higher
RDMA NIC contention.

Insert. Figure 13b shows that SHARD outperforms FaRM, RACE,
SepHash, and Outback by 1.3~29.6X in insertion throughput. Table
3 indicates that SHARD requires only 2.59 RTTs for insertion. Despite
SepHash using background threads for metadata writing, its NIC
packet rate becomes a bottleneck. RACE requires 12.79 RTTs, with
blocking during resizing causing significant performance degrada-
tion. FaRM’s blocking resize strategy limits its scalability. Outback



m
S 151 N RACE CZ1 Outback
=3 [0 SepHash [ SHARD
5 10
a
<
S 51
o
<
[ f —
All_random All_dist
Figure 15: Real world workload.
. RACE SepHash Outback ~ —e— SHARD
& W"’WWW
o
= 10
5
£
5 2
>
<
< 01
. 0 2 4 6 8 10
Time (s)

Figure 16: Real-time throughput.

uses bucket locking for inserts, leading to increased contention
with more than 50 threads. Figure 14b shows that FaRM, RACE,
and SepHash have much higher tail latencies than SHARD, with
FaRM and RACE experiencing more blocking during resizing, and
SepHash suffering from excessive RTTs.

Update. Figure 13c shows the update throughput of different
indexes. When the number of threads exceeds 24, SHARD still has the
highest throughput. Table 3 shows the RTTs of update operation,
SHARD requiring 2 RTTs to update a KV entry, SepHash and RACE
require 3.20 RTTs and 3.03 RTTs because the retrieval process
requires one more RDMA READ. SHARD outperforms FaRM, RACE,
SepHash and Outback by 1.2x-2.7X%.

Delete. Figure 13d shows the deletion throughput of different
indexes. SHARD achieves 1.4~2.5X higher throughput than FaRM,
RACE, SepHash and Outback. The required number of RTTs is the
same as for update operations in Table 3.

4.4 Real-World Workload

To test the performance of indexes on real-world datasets, we used
the benchmark tools in RocksDB [9] and evaluated two workloads
from ZippyDB, which follow the configuration described in the
paper. Figure 15 shows the peak throughput of SHARD and other
indexes on two real-world workloads. Performance is also mainly
bottlenecked by RNIC RTTs. In datasets with hotspot workload
(all_dist), the performance of all four indexing techniques decreases,
but SHARD still maintains a significant advantage. In each workload,
SHARD outperforms RACE, SepHash and Outback by 6.0x/12.6X%,
1.9%/2.2X, and 1.3X/1.6X respectively.

4.5 Realtime Analysis

To analyze the impact of resizing, we test real-time insertion through-
put across different hash indexes, using the same workload as in
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Section 4.3. The results in Figure 16 show that SHARD outperforms
all other schemes. It achieves at least 2.8, 4.8, and 1.4X higher
throughput than RACE, SepHash, and Outback, respectively. The
performance degradation during resizing is only 0.3s at worst, while
SepHash takes 0.8s and RACE takes 4.8s to recover. SHARD avoids re-
sizing blocking with fine-grained movement and mitigates through-
put loss using RDMA-combining and AFS. SepHash reduces block-
ing time with a two-segment structure, while RACE faces significant
throughput drops due to frequent CAS retries. Outback suffers a
performance drop due to its coarse-grained blocking approach.

4.6 Step-by-Step Analysis
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(a) Contributions of all techniques. (Baseline: naive implementation
of Iceberg hashing, +Ordered: Ordered-CAS technique, +Lazy: lazy-
resizing technique, +Combining: RDMA-combining technique, +AFS:
AFS technique.)
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Figure 17: Contributions of techniques (uniform workloads).

To analyze SHARD ’s performance, we break down the perfor-
mance gap between a baseline and SHARD by applying each tech-
nique step by step. The baseline is a naive implementation of
Iceberg hashing on DM. Figure 17a shows the results under uni-
form workloads. +Ordered stands for the Ordered-CAS strategy
and optimization for minimizing the RTT. +Lazy is the lazy-resizing
and the fine-grained moving techniques. +Combining represents
RDMA-combining technique. +AFS indicates the AFS technique.

From Figure 17a, we make the following observations: In read-
only workloads, Ordered-CAS improves throughput by 1.4x. With-
out Ordered-CAS, SHARD requires locking and optimistic reads
to ensure consistency, adding 1-2 additional RTTs. In write-only
workloads, SHARD's lazy-resizing strategy boosts throughput by
1.5%, eliminating resizing blocking and reducing remote reads. AFS
increases throughput by 4.1x in write-only workloads. In highly
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Table 4: Space overhead of different hash indexes. (Utilization
refers to the ratio of the space occupied by the entries to the
total used space.)

Index #Entry Utilization Total(GB) Cache(MB)
RACE 644Ti 88.9% 314 108.00
SepHash 7.82Ti 88.3% 319 326.05
Outback 4.29Ti  97.0% 290 59.61
SHARD 483Ti 100% 295 2.36

concurrent scenarios, an additional RTT per operation can signifi-
cantly impact performance. With AFS, SHARD avoids extra RTTs for
metadata synchronization during insertions, improving throughput
and reducing RDMA NIC bottlenecks.

To evaluate RDMA-combining’s contribution, we test real-time
throughput in a write-only workload (Figure 17b). Baseline+ rep-
resents SHARD without RDMA-combining. RDMA-combining im-
proves worst-case throughput by 1.5x by reducing RTTs during
resizing. While the total throughput improvement is modest, it helps
stabilize performance by mitigating degradation during resizing.

4.7 Sensitivity Analysis

To analyze how the parameter « of SHARD affects its performance,
we evaluate the peak insertion throughput under different a con-
figurations, as shown in Figure 18. As a grows from 1le-4 to 10,
the throughput continuously increases until reaching its maximum
at 0.1, then steadily declines. When « is too small, the high syn-
chronization frequency of basic operations causes throughput to
decrease. When « is too large, delayed resizing triggers cause data
overflow into the second and third layers, resulting in increased
latency. Therefore, o = 0.1 is the optimal configuration.

4.8 Space Consumption

In this experiment, we compare the load factor and space utilization
between SHARD, SepHash and RACE.

Table 4 shows the space utilization of the indexes, as well as the
number of entries and space overhead of each index after inserting
4 trillion KVs. SHARD does not record additional metadata in the
bucket, so the space utilization is 100%. SepHash records a 1B fp2
for each entry, the space utilization is 11103;5 = 88.3%. RACE records
a 4B local depth and a 4B suffix in each bucket, The space utilization
of RACE is % = 88.9%. Outback stores a seed for every bucket (4

entries), gaining the space utilization of % =97.0%.
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We also count the cache overhead of the indexes. SHARD con-
sumes only 2.36MB per node, while RACE, SepHash and Outback
require 108MB, 326.05MB and 59.61MB of cache, respectively, sig-
nificantly higher than SHARD. This is because SHARD’s directory
structure occupies merely O(log(s)) space, s is the number of seg-
ments, whereas RACE, SepHash and Outback demand linear space
with complexity O(s).

5 RELATED WORK

Resource Disaggregation. Resource disaggregation has gained
attention for improving utilization and scalability. Previous work
has explored memory disaggregation in areas like operating sys-
tems [55], hardware architectures [34, 35], memory management [4,
53, 59, 60, 63, 69], networking [18, 47, 49, 58, 79], and emerging
needs [5, 20]. SHARD focuses on index structure design in DM,
complementing these works. With the rise of CXL, some stud-
ies have aimed to reconstruct RDMA-based disaggregated applica-
tions [50, 67]. SHARD is not limited to RDMA and can be applied to
CXL-based disaggregated systems.

Disaggregated Data Structure. There is growing interest in
indexing techniques for disaggregated memory systems, includ-
ing hash and tree-based indexes. Sherman [65] and FG-Tree [81]
adapt B+Tree structures for disaggregated memory. dLSM [66]
uses LSM-Tree for better write performance, while Deft [64] re-
duces remote access granularity with unordered node structures.
SMART [41] utilizes a radix tree to reduce read and write amplifi-
cation. Learned indexes like XStore [70] and Rolex [32] use linear
models for faster retrieval, with HTM and locks ensuring correct-
ness. However, learned indexes on DM still have O(log(n)) time
complexity. SHARD addresses amplification issues with novel de-
signs, requiring only about one RDMA RTT per operation.

Hash indexes in different architectures. For DRAM-based
hash indexes, MemC3 [19] uses a global lock for multi-reader, single-
writer access in cuckoo hashing, while Libcukoo [33] applies fine-
grained locking for multi-reader, multi-writer access. Several other
proposals [11, 12, 25, 37, 38, 45, 46, 48, 54, 62, 82, 83] focus on
concurrent hashing for persistent memory, primarily addressing
local memory access. In contrast, SHARD tackles the challenge of
concurrent access in disaggregated hash indexes.

6 CONCLUSION

This paper presents our observations on the three major challenges
for RDMA-based disaggregated hash tables. Then we address these
challenges and propose SHARD, which employs a high load factor
structure to reduce remote memory access. Besides, it uses a lazy
resizing method to alleviate the resize overhead and designs a meta-
data synchronization algorithm. The evaluations show that SHARD
significantly improves operation throughput and latency compared
with state-of-the-art works such as RACE, SepHash and Outback.
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