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Abstract
Disaggregated Memory (DM) architectures offer caching sys-
tems the potential for elastic scaling and improved resource
utilization by decoupling compute and memory. However,
this advantage is undermined by costly cross-node synchro-
nization, which exacerbates the overheads of critical cache
operations, including hotness tracking, eviction coordination,
and memory defragmentation. To address this challenge, we
present FORGE, a caching system tailored for DM that pri-
oritizes synchronization efficiency. FORGE groups cached
objects based on similarity and performs group-level synchro-
nizations to amortize overheads. It evicts cold groups via a
contention-free and hotness-aware FIFO queue, efficiently
sustaining high hit ratios while mitigating memory fragmenta-
tion. Leveraging the predictability of FIFO evictions, FORGE
adopts a lazy synchronization strategy that updates hotness
metrics just-in-time for eviction and offloads this process
to on-chip memory in RDMA NICs for acceleration. Exten-
sive evaluations on YCSB and real-world workloads demon-
strate that FORGE achieves up to 4.5× higher throughput,
4.0×/7.5× lower P50/P99 latency, and an average of 1.14×
higher cache hit ratio compared with state-of-the-art systems.

1 Introduction

In-memory caching systems like Memcached [3] and Re-
dis [4] are fundamental infrastructure in cloud datacenters [6,
17,18,54,75]. They accelerate data access for various applica-
tions, including web services [14], machine learning [55], and
serverless computing [37]. These applications often exhibit
highly dynamic and bursty workloads [58,60,65,72], making
it crucial for caching systems to elastically scale resources
to ensure both high performance and utilization. However,
traditional caches run on monolithic servers where compute
and memory resources are tightly coupled, preventing inde-
pendent scaling of compute and memory and often leading to
resource overprovisioning and underutilization.

To improve resource utilization and scalability, Disaggre-
gated Memory (DM) architectures [42, 61] decouple compute
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Figure 1: Memory access latencies in different architectures.

and memory from monolithic servers into separated pools.
Compute Nodes (CNs) in compute pools provide abundant
CPU cores, while Memory Nodes (MNs) in memory pools
offer large memory capacity. CNs access remote memory on
MNs via high-speed interconnects like Compute Express Link
(CXL) [1] and Remote Direct Memory Access (RDMA) [2],
bypassing limited compute units on MNs. This allows caching
systems to independently scale compute (via CNs) for high
throughput and memory (via MNs) for large capacity, aligning
resources more closely with application demands.

Despite the advantages of DM, caching systems face a crit-
ical new challenge: synchronization amplification. While
prior work has extensively optimized key-value indexing
for DM [43, 45, 46, 63, 71, 85], the efficiency of essential
housekeeping tasks, including hotness tracking, eviction, and
garbage collection, remains largely unaddressed. In mono-
lithic servers, these tasks are lightweight, leveraging low-
latency (10–100 ns), cache-coherent CPU load/store to ac-
cess compact metadata. However, in disaggregated archi-
tectures (Fig. 1), where MNs lack computational capabil-
ity [42,43,45,62,79], housekeeping must be offloaded to CNs.
This shift introduces cross-node synchronizations over high-
latency interconnects like CXL (∼350 ns [78]) or RDMA
(∼2,000 ns [34]), incurring delays at least 20× higher than
monolithic setups. Consequently, the housekeeping synchro-
nization overheads become severe performance bottlenecks,
directly interfering with latency-sensitive Get/Set operations.
To fully exploit DM’s potential, caching systems need to re-
think how to efficiently coordinate housekeeping synchroniza-
tions across nodes in DM by overcoming three key challenges:



1) Efficiency–Effectiveness Trade-off in Eviction. While
evicting groups of cold objects appears promising for amor-
tizing synchronization costs, its efficacy heavily depends on
grouping strategies and workload characteristics. In skewed
workloads [7, 12, 13, 75], groups often contain a mix of hot
and cold objects, resulting in aggregated group-level hotness
metrics that obscure fine-grained object popularity. This can
mislead CNs into retaining cold objects grouped with hot ones
while evicting uniformly warm groups, degrading cache hit
ratios and undermining benefits of batched eviction.

2) Accuracy–Overhead Dilemma in Hotness Tracking.
Group-level hotness tracking mitigates synchronization over-
head by aggregating metadata updates, but leads to mislead-
ing coarse-grained metrics under skew. On the other hand,
object-level tracking ensures accuracy but demands frequent
fine-grained updates across distributed CNs, reintroducing
prohibitive synchronization costs. While First-In-First-Out
(FIFO) replacement avoids hotness tracking altogether by en-
forcing a static eviction order, it ignores access patterns and
often results in suboptimal hit ratios [20, 77].

3) Timeliness–Cost Conflict in Synchronization. For
hotness-aware eviction to be effective, MNs need to hold
up-to-date hotness metrics that accurately reflect dynamic
access patterns. In DM, achieving this timeliness demands
frequent synchronizations from distributed CNs, incurring
substantial network overhead. While delaying synchroniza-
tions for batching can amortize costs, it introduces staleness in
hotness metrics, causing misidentification of hot/cold objects
and ultimately degrading cache performance.

As a result, these fundamental trade-offs leave caching
systems struggling to balance management granularity, syn-
chronization efficiency, and eviction effectiveness, remaining
open and critical problems in DM environments.

To address these challenges, we present FORGE, a FIFO-
based group-level caching system on disaggregated memory.
By organizing objects into groups sharing similar access pat-
terns, FORGE coalesces the accuracy of object-level tracking
with the efficiency of group-level coordination. Specifically,
CNs execute Get/Set operations and track fine-grained object
hotness to ensure precision, while synchronizing metrics to
MNs only in coarse-grained groups to amortize network over-
heads. Leveraging these fine-grained metrics during group
eviction, a lightweight regrouping scheme extracts and consol-
idates hot objects while filtering out cold ones, ensuring high
adaptivity. To enable scalable eviction, FORGE transforms the
standard FIFO policy into a contention-free, hotness-aware
mechanism via ring-array-based virtual segmentation. By
mapping groups to distinct virtual segments based on their
hotness, FORGE accelerates the eviction of cold groups while
preserving hot ones, effectively improving hit ratios without
the synchronization bottlenecks of traditional priority queues.

Our co-design of group-level caching and FIFO replace-
ment introduces a novel lazy synchronization scheme tailored
for DM. We observe that synchronized object hotness metrics

are not needed immediately upon cache hits but can be de-
ferred until predictable group evictions, triggered as groups
approach the head of the FIFO queue. CNs monitor FIFO
queue metadata to identify groups nearing eviction and initiate
just-in-time hotness flushing, ensuring accuracy while mini-
mizing synchronization frequency. Furthermore, despite the
large cache capacity of MNs, the number of objects evicted
concurrently remains small, enabling CNs to efficiently lever-
age the fast on-chip memory of RDMA NICs (RNICs) in MNs
as synchronization destinations. This strategy significantly
reduces synchronization overhead and mitigates interference
with performance-critical Get/Set operations, balancing time-
liness, efficiency, and effectiveness.

In summary, this paper makes the following contributions:
• We identify and analyze the critical challenge of syn-

chronization amplification in DM caching systems, where
housekeeping synchronizations become a major bottleneck.

• To address this challenge, FORGE introduces three key
innovations: 1) DM-tailored group-level management to amor-
tize synchronization overheads; 2) fine-grained object hotness
tracking combined with hotness-aware FIFO queue to en-
hance hit ratios despite group-level eviction; 3) a lazy syn-
chronization mechanism that exploits predictable eviction tim-
ing to defer and batch hotness updates, accelerated by RNIC
on-chip memory, ensuring both efficiency and timeliness.

• We implement FORGE and perform extensive experi-
ments that show the performance advantages of FORGE over
state-of-the-art systems. The source code of FORGE is pub-
licly available at https://github.com/cszjyang/forge.

2 Background and Motivation

2.1 In-Memory Caching Systems

In-memory caching systems store frequently accessed (hot)
objects in fast but limited-size memory and serve Get/Set
requests from applications, reducing access latency and of-
floading backend storage. When the cache is full, replacement
algorithms evict less accessed (cold) objects to make room
for new ones, maximizing the cache’s utility [20, 38].

Traditional caching systems scale at the granularity of in-
stances on monolithic servers, where compute and memory
resources are tightly coupled. This rigid bundling prevents
independent scaling of individual resources and often leads to
overprovisioning and underutilization. For example, during
peak demand, the system launches additional instances to han-
dle the increased load. The new instances bring both compute
and memory, even if only one resource type is the bottleneck,
leaving the other resource underutilized. Moreover, instance-
based scaling often requires expensive data repartitioning and
cache warming [5, 21, 23], discouraging frequent resizing.

https://github.com/cszjyang/forge


READ WRITE CAS FAA0
20
40
60
80
100
300
450
600

Th
ro
ug
hp
ut
(M
op
s/
s)

Types of Memory Access Operations

Local memory access
RDMA-Host memory
RDMA-Device memory7.6×

5.0× 15.0×15.0× 15.8×

(a) Performance: Local memory access
vs. RDMA in Host/Device memory

READ
+CAS

READ
+FAA

READ
+CAS

READ
+FAA

0
10
20
30
40
50
60
70
80
90

Th
ro
ug
hp
ut
(M
op
s/
s) RDMA READ

RDMA CAS/FAA

CAS/FAA on
Host Memory

CAS/FAA on
Device MemoryIncrease by

2.4~3.0×

READ-Only
Throughput
4.3×

(b) Performance interference
between RDMA verbs

Figure 2: Performance characteristics of RDMA-based DM.

2.2 Adapting Caching Systems to DM

To improve resource utilization in datacenters, Disaggregated
Memory (DM) architectures [42, 61] deconstruct monolithic
servers by decoupling compute and memory into distinct
resource pools. Compute Nodes (CNs) offer abundant CPU
cores and limited local memory for temporary buffering, while
Memory Nodes (MNs) provide large memory capacity but
limited compute power for control-plane operations (e.g., con-
nection management). These pools are interconnected via
high-speed links such as CXL [1] and RDMA [2], enabling
CNs to directly access remote memory on MNs without in-
volving the MNs’ weak compute units. This decoupled design
allows independent scaling of compute and memory by adding
CNs or MNs. Moreover, since MNs are shared across all CNs,
scaling does not necessitate data repartitioning, simplifying
resource management and load balancing.

The demand for elastic scaling makes caching systems ideal
for DM. CNs handle compute-heavy tasks including Get/Set
requests, hotness tracking, and eviction, while MNs store the
cached objects and hotness metrics such as access timestamps
(for LRU [20]) and frequency counters (for LFU [38]). The
systems independently scale the CNs and MNs on demand,
improving performance and resource efficiency.

However, DM introduces fundamental performance chal-
lenges. As shown in Fig. 2a, RDMA throughputs are lower
than local memory by 5.0–15.8×. Atomic RDMA_CAS/FAA
(compare-and-swap/fetch-and-add) operations are particu-
larly costly due to RNIC serialization: they incur 4–5× higher
overhead than basic reads/writes and degrade concurrent
RDMA_READ throughput by 4.3× due to interference (Fig. 2b).
Although using RNIC on-chip memory as the RDMA_CAS/FAA
destination can shorten the serialization critical path, improv-
ing atomic throughput by 4.9× and reducing interference by
2.4–3.0×, this memory’s scarce capacity (e.g., 256 KB in a
Mellanox ConnectX-5 RNIC) limits broader applicability.

These hardware constraints pose a critical challenge for
caching systems, which continuously perform housekeep-
ing tasks (hotness tracking, eviction, and garbage collection)
to maintain high hit ratios. In DM, ensuring coherence and
correctness for these tasks necessitates frequent cross-node
synchronization. This requirement transforms housekeeping
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from lightweight local operations into heavy network burdens
that interfere with performance-critical Get/Set operations,
severely undermining overall system efficiency.

Hotness Tracking and Eviction. Existing replacement al-
gorithms broadly fall into two main categories: queue-based
and sampling-based. Traditional queue-based schemes (e.g.,
LRU [20], LFU [38]) maintain a global priority queue (often
a linked list). On cache hits, CNs promote accessed objects
within the queue; for eviction, CNs remove cold objects at the
queue tail. However, such queue manipulations under exclu-
sive locks necessitate a sequence of RDMA_CAS, RDMA_READ,
and RDMA_WRITE. For consistency, only one CN can update
the queue at a time, forcing other CNs to block and retry under
contention. Exacerbated by DM’s high latency [44, 84], such
blocking severely degrades concurrency and performance.

Recent algorithms for monolithic servers, like SIEVE [82],
mitigate the hit-path overhead of traditional queue-based
schemes. Specifically, on every cache hit, a thread checks and
sets the object’s visited bit using an atomic operation (e.g.,
RDMA_CAS in DM), bypassing the overheads of promoting the
object within the queue. However, for eviction, a thread still
needs to lock the queue and move a global pointer to sequen-
tially scan the linked objects, reading and clearing their visited
bits until an unvisited cold object is found. Although fast in a
monolithic server, this scanning is expensive in DM, since it
triggers serialized RDMA operations with multiple network
round trips while holding the lock, severely inflating eviction
latency and blocking other CNs’ concurrent evictions.

To quantify these synchronization overheads, we evaluate
LRU and SIEVE on RDMA-based DM using YCSB [19]
and real-world Twitter traces [75], with 16 threads on CNs
and a 10% cache ratio on MNs. The experimental setup is
detailed in § 6. To reduce blocking contention, we partition
the queues of both LRU and SIEVE into 32 shards, allowing
different CNs to simultaneously operate on different shards.
Despite this synchronization optimization, the RDMA traffic
in LRU remains overwhelmingly dominated by hotness track-
ing (57.4%) and eviction (29.2%), vastly exceeding the mere
13.4% consumed by actual Get/Set operations, as shown
in Fig. 3a. While SIEVE reduces the hotness tracking traf-
fic (37.7%), it shifts the synchronization bottleneck to the
blocking eviction path (47.6%). These findings demonstrate



that conventional queue-based policies, though effective in
monolithic systems, incur synchronization overheads that are
severely amplified into major performance bottlenecks in DM.

To avoid the costly blocking overhead of global queues,
state-of-the-art DM systems like Ditto [62] employ sampling-
based algorithms [10, 56]. On cache hits, CNs locally accu-
mulate hotness metrics and periodically flush them in batches
to MNs using RDMA_WRITE (for access timestamps) and
RDMA_FAA (for frequency counters). To select eviction candi-
dates, CNs read a random sample of objects via RDMA_READ,
compare their (potentially stale) hotness metrics, and evict the
coldest ones using RDMA_CAS to ensure consistency [62, 81].
Consequently, Ditto eliminates blocking among CNs during
synchronization for hotness tracking and eviction, achieving
3.1–5.0× higher throughput than SIEVE in DM.

However, these benefits come with two critical trade-offs.
First, while the periodic and batched hotness flushing reduces
network traffic, it creates a dilemma: short flushing intervals
maintain metric accuracy but limit traffic reduction, whereas
long intervals reduce traffic but risk stale metrics leading to
erroneous eviction of hot objects. Second, the sampling-based
eviction introduces another trade-off: limited sampling may
overlook colder objects and reduce hit ratios, while extensive
sampling increases RDMA_READ traffic and overhead. Conse-
quently, these mechanisms struggle to balance synchroniza-
tion efficiency, metric freshness, and eviction effectiveness. In
Fig. 3a, our evaluation of Ditto reveals that hotness tracking
and eviction still consume 45.9% and 18.0% of total RDMA
traffic, respectively, exceeding the 36.1% for Get/Set execu-
tions. These synchronization overheads significantly hinder
the scalability and efficiency of state-of-the-art DM systems.

Garbage Collection (GC). In dynamic workloads, object
size distributions fluctuate over time [75]. The frequent in-
sertion and eviction of variably-sized objects lead to mem-
ory fragmentation, where free space becomes divided into
small, non-contiguous fragments dispersed across multiple
CNs, making each CN struggle to allocate contiguous space
for large objects. Consequently, fragmentation diminishes ef-
fective memory utilization and cache hit ratios. To mitigate
this, caching systems leverage GC [57] for defragmentation.
However, GC in DM necessitates costly cross-node coordi-
nation using RDMA_READ and RDMA_CAS to track and reclaim
fragments. As shown in Fig. 3b, while GC mitigates eviction
costs by reclaiming space for new objects, it consumes 31.9%,
38.2%, and 18.3% of traffic respectively in LRU, SIEVE,
and Ditto. In contrast, for YCSB workloads with uniform
object sizes, GC is unnecessary. These results highlight the
persistent tension between fragmentation management and
synchronization efficiency in DM caching systems.

2.3 Towards Efficient Synchronization

To overcome synchronization bottlenecks, caching systems in
DM need to rethink the coordination of housekeeping tasks

across distributed CNs. A promising approach involves or-
ganizing cached objects into groups, enabling group-level
hotness tracking and eviction to amortize synchronization
overheads across multiple objects. Moreover, fixed-size group
allocation can mitigate memory fragmentation [36]. However,
despite these potential benefits, critical challenges remain in
realizing practical group-level caching for DM.
C1: Efficiency–Effectiveness Trade-off in Eviction. Despite
efficiency, coarse-grained group eviction can be ineffective at
retaining hot objects and evicting cold ones. For example, in
skewed access patterns [41, 83], aggregated group-level hot-
ness metrics (e.g., access timestamps and frequency counts)
often mislead CNs to mistakenly retain skewed groups con-
taining both hot and cold objects, while evicting more uni-
formly warm groups, thereby reducing hit ratios.
C2: Accuracy–Overhead Dilemma in Hotness Tracking.
To avoid inaccurate group-level hotness metrics, caching sys-
tems employ accurate object-level tracking. But this requires
fine-grained updates of hotness metrics from distributed CNs,
reintroducing prohibitive synchronization overheads. Another
method is to evict groups in FIFO order, thus avoiding expen-
sive hotness tracking. However, FIFO eviction is unaware of
object hotness and often yields low hit ratios [20, 77].
C3: Timeliness–Cost Conflict in Synchronization. For
hotness-aware eviction to be effective, the hotness metrics on
MNs need to be timely, which requires frequent costly syn-
chronizations from distributed CNs, as analyzed in § 2.2. De-
laying and batching synchronization reduces cost but results
in stale metrics, leading to misidentification of hot objects.

3 FORGE Overview

To address these challenges, FORGE coalesces the strengths
of group-level caching and FIFO eviction, and introduces
novel DM-friendly designs. Fig. 4 shows the overview of
FORGE. To serve application Get/Set requests, CNs access
and manage the cached objects on MNs via one-sided RDMA.
The MN hash table indexes the cached objects, which are orga-
nized into groups based on access patterns (§ 4.1). FORGE de-
couples operation granularity: performance-critical Get/Set
requests operate on individual objects to avoid read/write am-
plification, while housekeeping tasks are performed at the
group level to amortize synchronization overheads.

For a Set request, a CN inserts the object into an allocated
group and updates the hash table (§ 4.2). Each group occupies
a fixed-size memory chunk to prevent external fragmentation.
When a group becomes full (i.e., reaching chunk capacity or
a configurable maximum object number such as 256 [74,76]),
the CN pushes the group pointer into the tail of the contention-
free FIFO queue (§ 5.1) on an MN. Upon exhausting groups
with available space for insertion, the CN dequeues and evicts
cold groups from the queue head to reclaim their space for
new allocations. This group-level eviction removes overheads
from the critical path of latency-sensitive Get/Set operations,
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amortizing synchronization costs across multiple objects.
For Get requests, all CNs can read objects from any groups

(full or partially filled) via the hash table. On cache hits, CNs
increase the objects’ frequency counters in their local fine-
grained Object Frequency Maps (OFMs). These updates are
buffered and lazily flushed to MNs at the group level to track
global hotness of objects (§ 4.3). This design directly ad-
dresses C2: object-level tracking guarantees accuracy, while
group-level flushing amortizes synchronization overheads.

To tackle C1, FORGE significantly enhances basic group-
FIFO eviction through two key techniques. First, it integrates
a lightweight regrouping mechanism. During eviction, CNs
fetch synchronized OFMs from MNs to identify hot objects.
FORGE’s Two-Way Index Map (§ 5.3) allows CNs to effi-
ciently extract and consolidate only the hot objects for rein-
sertion, bypassing the overheads of scanning entire groups
and querying hash tables. Second, FORGE introduces virtual
segmentation (§ 5.4) to infuse the FIFO queue with hotness-
awareness, assigning hotter groups to deeper segments within
the queue to systematically delay their eviction and prioritize
the removal of colder groups. Together, these strategies effec-
tively improve cache hit ratios with minimal coordination.

To resolve C3, FORGE introduces a novel lazy-yet-timely
hotness synchronization strategy (§ 5.2) that leverages the
predictable, sequential eviction order of the FIFO queue. By
anticipating which groups are nearing the queue head and thus
imminent eviction, distributed CNs defer flushing fine-grained
object hotness metrics (OFMs) until groups enter the eviction
window, effectively eliminating unnecessary synchronization
traffic. This approach ensures metrics are updated precisely
when needed for eviction decisions, balancing freshness and
efficiency. Moreover, FORGE directs this synchronized traffic
to the fast on-chip memory of RNICs in MNs, which is small
but sufficient for handling the limited number of groups within
the eviction window, further reducing latency and overhead.

As previewed in Fig. 3, FORGE drastically reduces syn-
chronization overheads, thereby achieving significantly higher
throughput and lower latency while improving the cache hit
ratio compared with state-of-the-art systems [62].
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4 Grouping Management for Cached Objects

4.1 Object Grouping Scheme

FORGE groups cached objects with similar access patterns to
enable effective group-level eviction. The rationale is that by
collectively evicting groups of cold objects while preserving
hot ones, the system can maintain high hit ratios while amor-
tizing synchronization overheads. To enhance intra-group
similarity, FORGE adopts a two-phase grouping scheme.
Phase 1: Write-Time Grouping. During Set operations,
each CN exploits temporal locality by sequentially inserting
newly written objects into a group with available space, ceas-
ing additions once the group reaches capacity. This approach
leverages empirical findings that objects written contempora-
neously often exhibit correlated access patterns [59, 74, 76].
Moreover, this method remains application-agnostic by rely-
ing exclusively on object write time, a universally available
and lightweight attribute. This design ensures broad generaliz-
ability without requiring prior knowledge of object semantics
or access characteristics.
Phase 2: Hotness-Based Regrouping. When a group reaches
eviction, the hotness metrics accumulated over its lifecycle
serve as a robust indicator of object access patterns. FORGE
leverages these metrics to identify and extract hot objects from
the evicted group, merging them into a new hot group for rein-
sertion. This strategy effectively consolidates frequently ac-
cessed objects while filtering out colder ones, thus enhancing
cache efficiency with minimal synchronization overhead.

To validate the grouping effectiveness, we measure intra-
group similarity using the real-world workloads in §6. We
calculate the coefficient of variation (CV, standard deviation
divided by the mean) of object reuse times within the same
group, where a lower CV indicates higher similarity. Fig.5
reports the average CV of 10,000 groups of 256 objects under
three schemes: 1) random grouping, 2) Phase-1 write-time
grouping, and 3) Phase-2 hotness-based regrouping. The re-
sults show that Phase-1 grouping improves intra-group simi-
larity over random grouping, while Phase-2 regrouping fur-
ther refines it. Similar trends hold for the other group sizes
(16–1024 objects), but the results are omitted due to space lim-
itation. As a result, the two-phase grouping scheme enables
FORGE to evict cold objects in batches while preserving the



Hash Tablehash

Bucket

Slot

Object 
Key

Fp
Index Field: 8B Group Field: 8B

KeySize

Len Pointer Ver Group ID SN Ver

Bucket … Bucket

Slot Slot Slot

8bit 8bit 44bit 4bit 48bit 12bit 4bit

ValSize Key
4B 4B

Variable-Sized Object

Value

Figure 6: The data structures
of the hash table and object.

Set

CN
Read Bucket

Write the
new Obj.

Read the
old Obj.

CAS Index Field

Write 
Group Field

Get

CN

MN
Read 

Bucket
Read the

Obj.

Update local 
hotness 
metrics

MN

Figure 7: The workflows of
Set and Get operations.

hot ones with similar access patterns for future reuse.

4.2 Grouping-Aware Caching Operation
To ensure low latencies and high throughputs for caching sys-
tems in DM, FORGE proposes performance-critical Get/Set
operations to become lock-free and non-blocking, while sup-
porting efficient group-level management.

As shown in Fig. 6, each slot in the hash table in MNs con-
tains two atomic 8-byte fields, i.e., the index field and group
field. The atomic index field contains a 1-byte fingerprint (fp)
of the object key for quick filtering, a 1-byte object length in
the granularity of fixed-size memory blocks (e.g., 256 bytes),
and a pointer to an object in MNs. The atomic group field
contains the object’s group ID, and an intra-group sequence
number (SN). The group ID is the unique key of the group
determined at group allocation time, while intra-group SN
indicates the object’s insertion order within the group.

Lock-free insertion typically uses pointer swapping: CN
writes an object to MN and then atomically installs the pointer
into the index using RDMA_CAS [46, 52, 62, 85]. But since
RDMA_CAS works on 8-byte granularity, it cannot update both
the index and group fields simultaneously. A naive solution,
i.e., locking the slot to atomically update both fields, would
block concurrent accesses and degrade Get/Set performance.

FORGE employs lightweight versioning to ensure non-
blocking progress and consistency without locks. Each slot
in the system includes a 4-bit version number for both its
index and group fields. During a Set operation, the CN first
updates the index field with an incremented version number
and later updates the group field to match the version. This
two-phase versioning mechanism guarantees that subsequent
Get operations can safely read consistent group information
by verifying version matches, eliminating the need for locks
while maintaining data integrity and high concurrency.
Version-Assisted Lock-Free Set. Fig. 7 shows the processing
of Set operations. In the first Round Trip Time (RTT), a CN
issues an RDMA_READ to fetch the hash bucket that the object
key corresponds to, and in parallel writes the object to a group
with available space in MNs (Phase-1 grouping in § 4.1). The
CN then scans fp-matched slots in the fetched bucket and
follows pointers to read objects and identify a key match. If a
key-matched slot is found, the CN sends RDMA_CAS to update
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Figure 8: Object hotness tracking in the CN-side OFM table.

the slot’s index field with the new object pointer and an in-
cremented version number. If not matching, an empty slot is
selected and updated in a similar manner. Upon a successful
RDMA_CAS, the CN asynchronously issues an RDMA_WRITE to
update the group field with the object’s group ID, SN, and a
version number matching the index field. Since the CN does
not need to wait for the final asynchronous RDMA_WRITE to
complete, the group-level management does not cause addi-
tional RTTs to the critical path of Set operations.
Version-Assisted Lock-Free Get. As shown in Fig. 7, the
workflow of Get is similar to Set when locating the object
with the target key, except that Get does not write a new object
or update the slot. Since the Set operation atomically updates
the index fields using RDMA_CAS, the Get operation can al-
ways follow the pointer to read the consistent and up-to-date
object data without blocking. Upon locating a target object
(i.e., a cache hit), the CN verifies that the version numbers of
the object’s index and group fields match, ensuring both corre-
spond to the same atomic Set operation. In rare cases where a
Get operation races with a concurrent Set, it may transiently
observe a stale version in the group field, when the Set has
updated the index field via RDMA_CAS but its asynchronous
RDMA_WRITE to the group field is still in flight. This timing
window is inherently brief (spanning one RDMA RTT of a
few µs) and does not compromise correctness, since the index
field that is updated first always references consistent object
data. When versions match, the CN extracts the object’s group
ID and intra-group SN from the group field to accurately track
hotness, maintaining integrity without locking.

4.3 Group-Based Object Hotness Tracking

As shown in Fig.8, a CN tracks object hotness by increasing
access counters in a local Object Frequency Map (OFM) table.
Specifically, each OFM corresponds to a group, structured
as a compact 1-byte-per-object frequency array indexed by
the intra-group SN. This layout ensures that the i-th counter
directly maps to the i-th object within the group. Prior to group
eviction, OFMs buffered across distributed CNs are flushed to
MNs to synchronize global hotness metrics. The OFM design
offers the following key advantages in DM architectures.
CN-Side Memory Efficiency. CN local memory is scarce,
necessitating efficient utilization [43, 45, 46]. Existing object-
level systems [62] waste limited CN memory by storing object
keys to index buffered hotness metrics, which is inefficient
given that real-world keys are often long (e.g., ≥38 bytes
for 50% of objects at Twitter [75]). FORGE addresses this



inefficiency via its OFM table, which indexes metrics using
compact group IDs and intra-group SNs. Since SNs serve as
implicit offsets within arrays, they require no explicit storage,
eliminating key-induced memory bloat. This design dramati-
cally reduces the metadata footprint: a mere 1GB table can
track hotness for one billion objects, maximizing CN memory
efficiency while maintaining full hotness tracking capability.
Network Efficiency. Since the 1-byte-per-object frequency
counters within a group are stored contiguously, the counters
for 8 objects can be flushed in a single 8-byte RDMA_FAA,
significantly reducing synchronization traffic.

In DM caching, timely synchronization of hotness metrics
from distributed CNs to MNs is critical. Without this, stale
metrics on MNs cause hot objects to be misidentified as cold,
inducing erroneous evictions and degraded hit ratios. State-
of-the-art systems [62] rely on random sampling to select
eviction candidates, which makes future metric needs unpre-
dictable and forces periodic synchronization, resulting in a
dilemma: short intervals increase overhead, while long inter-
vals risk staleness. In §5.2, FORGE resolves this dilemma by
leveraging the predictable FIFO eviction order to enable low-
overhead lazy synchronization of hotness metrics precisely
when needed, ensuring accuracy without unnecessary traffic.

5 FIFO-Based Replacement for Groups

FORGE adopts a group-level FIFO replacement to over-
come the synchronization amplification in DM. First, evicting
groups in FIFO order avoids inefficient random sampling and
expensive per-object evictions in DM. Moreover, the strict
FIFO order prevents unfair group evictions misled by highly
aggregated group-grained hotness metrics. Furthermore, the
predictability inherent in FIFO eviction unlocks novel and
efficient synchronization schemes in DM.

5.1 Contention-Free FIFO Management
Conventional FIFO queues structured as linked lists [8, 31,
82] require exclusive locks to serialize concurrent operations.
Akin to LRU as analyzed in § 2.2, this serialization imposes
a severe bottleneck in DM by allowing only a single CN to
progress while others are blocked. FORGE eliminates this
contention by structuring the queue as a lock-free ring array.

As shown in Fig. 9, the FIFO queue on an MN is organized
as a ring array of N contiguous nodes. For convenience, we
denote the i-th node in the ring array as A[i]. The 4-byte head
cursor points to the FIFO head node A[head mod N], which
becomes the oldest in the queue and will be dequeued next.
The tail cursor points to A[tail mod N] where the next FIFO
node will be enqueued. Crucially, the two cursors are packed
into an 8-byte aligned word on the MN to enable RDMA_FAA-
based contention-free FIFO enqueue and dequeue as follows.

When a group reaches capacity, the CN filling it enqueues
a FIFO node referencing the group by first performing an
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Figure 9: The CN-driven FIFO queue management.

RDMA_FAA to atomically advance the tail cursor by one and re-
trieve the oldTail value. The CN then issues an asynchronous
RDMA_WRITE to populate the FIFO node at A[oldTail mod N]
with the queue cycle count (⌊oldTail/N⌋), the group’s unique
ID, the number of grouped objects, and a pointer to the group’s
location, thereby efficiently linking the group to the queue.

When a cache is full, a CN evicts cold groups in the eviction
window starting from the FIFO queue head. Specifically, the
CN dequeues FIFO nodes by advancing the head cursor by k
(e.g., 4) with RDMA_FAA and reads the k FIFO nodes starting
at A[oldHead mod N] via RDMA_READ. To ensure consistency,
the CN verifies whether the fetched FIFO nodes belong to the
current queue cycle by comparing their cycle counts against
the expected cycle. Any mismatch indicates an unfilled or
stale node from the last cycle, prompting the CN to retry the
fetch. Once consistency is ensured, the CN uses the metadata
in the fetched FIFO nodes to conduct group-level evictions.
A Segment field in the FIFO node enables hotness-aware
optimizations during eviction to improve hit ratios (§ 5.4).

In state-of-the-art systems [62], multiple CNs can indepen-
dently sample and then race to evict the same cold objects
using RDMA_CAS, where only one CN succeeds while the oth-
ers suffer failed attempts and retry overhead under contention.
In contrast, our RDMA_FAA-based management is contention-
free. Each atomic RDMA_FAA on the cursors succeeds without
retries and returns a unique old value, ensuring that multiple
CNs can concurrently and safely enqueue and dequeue groups
without locks or RDMA_CAS-retry loops. This design substan-
tially reduces atomic operation overhead, thereby mitigating
interference with performance-critical Get/Set executions.

5.2 Lazy Hotness Synchronization
To maintain high hit ratios, accurate hotness metrics (tracked
via OFMs in § 4.3) are important for identifying hot objects
during eviction. However, synchronizing OFMs from dis-
tributed CNs to MNs eagerly upon every cache hit incurs
significant overheads. To achieve high efficiency, we observe
that the synchronized hotness metrics are not necessary right
away upon cache hits, but only later during evictions, whose
timing is predictable in the FIFO-based replacement.

Our key insight is that, under FIFO-based replacement, a
group only becomes eligible for eviction once its correspond-
ing FIFO node enters the eviction window near the queue



head (Fig. 9). For groups outside this window, CNs track
OFMs locally without synchronization, avoiding unnecessary
DM traffic. When a group’s FIFO node enters the eviction
window, CNs proactively flush their buffered OFM updates
for that group to MNs using efficient batched operations, i.e.,
one RDMA_FAA per 8 counters. This flush-on-entry strategy
ensures that by the time a CN dequeues the FIFO node to evict
the target group, the group’s OFM on MNs has been glob-
ally synchronized across all CNs, providing accurate hotness
metrics for informed eviction decisions.

However, if the eviction window is too small, a group may
be quickly evicted after entering the window, before CNs can
timely detect its entry and flush the buffered OFMs. FORGE
prevents this detection failure by determining a safe eviction
window size that guarantees CNs have sufficient time to detect
new groups and flush their OFMs before eviction.
Robustness via Physical Bounds. To determine the window
size, we analyze the maximum eviction rate under a worst-
case write-miss workload (i.e., 0% hit ratio), where each op-
eration is a cache-miss Set involving at least 2 RDMA_WRITE,
1 RDMA_READ, and 1 RDMA_CAS. As shown in Fig. 2a, RNIC
throughput limits are 107 Mops/s for WRITE, 88 Mops/s for
READ, and 20 Mops/s for CAS. Consequently, the through-
put bottleneck of cache-miss Set becomes: 1

2
107+

1
88+

1
20

≈
12Mops/s = 12ops/µs. Thus, in each µs, at most 12 new ob-
jects are inserted and the other 12 are evicted. Suppose the
eviction window holds 16 groups and each group contains 256
objects, evicting them all consumes at least 16×256

12 ≈ 341µs.
Therefore, CNs only need to check the eviction window every
100 µs, providing a 3.4× safety margin over the maximum
eviction rate, to ensure timely OFM flushing before group
eviction. In practice, real-world workloads [9, 53, 69, 75] ex-
hibit higher hit ratios than this worst case and consequently
lower eviction rates, permitting even more relaxed detection
intervals. For system configurations (e.g., more RNICs per
MN) that sustain higher maximum eviction rates, FORGE dy-
namically adjusts both the eviction window size and detection
intervals to ensure robust and timely synchronization.

In every detection interval (e.g., 100 µs), each CN issues
one probing RDMA_READ to fetch the current FIFO head value
headNow, in parallel with normal Get/Set RDMA RTTs to
minimize detection overhead. The CN compares headNow
with the previous value headLast from the last detection inter-
val. If headNow> headLast, headNow−headLast new FIFO
nodes have entered the eviction window. In this case, the CN
issues another RDMA_READ to fetch these FIFO nodes in the
eviction window, extracts their group IDs, and flushes the cor-
responding buffered OFMs from the CN to MNs using one
RDMA_FAA per 8 bytes. This design ensures each CN incurs
negligible detection overhead, while all groups’ OFMs are
lazily yet timely synchronized before evictions.
Acceleration via RNIC Device Memory. Our analysis of
the maximum eviction rate reveals an insight: although the
cache capacity in MNs could be large, the number of objects

concurrently evicted by CNs remains small. Our FIFO-based
replacement further confines concurrent evictions to a limited
number of objects within the eviction window. This evic-
tion locality enables FORGE to leverage the fast yet limited
(256KB) on-chip device memory of RNICs in MNs to accel-
erate synchronization of hotness metrics (OFMs).

Based on this insight, CNs direct their synchronization
traffic to a dedicated region (e.g., 16 KB) in the on-chip mem-
ory of the RNIC in MNs. This region is organized as an
OFM Ring Array (short for RA) and consists of M contiguous
OFMs. The value of M is configured to exceed the number of
groups in the eviction window. This is highly practical, since
a 16KB buffer can accommodate 1-byte-per-object OFMs for
up to 16K objects, which are 4× more than the 16 groups
of 256 objects in the eviction window. When the FIFO node
A[i mod N] enters the window, CNs flush the buffered OFM
of the corresponding group to RA[i mod M] via RDMA_FAA.
Furthermore, the head and tail cursors of the FIFO queue,
occupying only 8 bytes, are also maintained in RNIC on-chip
memory to accelerate RDMA_FAA-based enqueue and dequeue.

As shown in Fig. 2, this on-chip synchronization reduces
RDMA_FAA overhead by up to 5× and alleviates performance
interference with concurrent Get/Set executions. Importantly,
while most commodity RNICs provide such on-chip memory,
this acceleration is an optimization, not a dependency. If on-
chip memory is unavailable, FORGE seamlessly places the
OFM Ring Array and cursors in MN host memory while pre-
serving correctness and the benefits of lazy synchronization.

5.3 Lightweight Object Regrouping

When a CN evicts a batch of k (e.g., 4) groups by advancing
the FIFO head (obtaining oldHead), it fetches the correspond-
ing k FIFO nodes starting from A[oldHead mod N] and their
fully synchronized OFMs starting from RA[oldHead mod M].
The CN then zeroes out these OFM locations in RA via
RDMA_WRITE, initializing them for future reuse in the ring.

Guided by the access frequencies in the fetched OFMs, the
CN ranks the objects across the k evicted groups and consol-
idates the hottest objects into a new group until it becomes
full (Phase-2 regrouping in § 4.1). As shown in Fig. 10, this
process entails a sequence of parallelized operations: reading
hot objects from their original locations, compacting them
into a consolidated buffer, writing the new group to the MN,
and updating the corresponding hash table slots to reference
the objects’ new locations.

However, this process faces a critical performance chal-
lenge: locating specific objects and their hash table slots
is prohibitively expensive without fine-grained indexing. A
straightforward approach would be to read the entire group
chunk via RDMA_READ, scan it sequentially to extract object
keys, and then perform a hash table lookup for each key. Such
a strategy is impractical due to generating excessive network
traffic, fundamentally undermining FORGE’s efficiency.
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To enable lightweight regrouping, FORGE introduces a
Two-Way Index Map (TWIM) embedded at the tail of each
group’s chunk. As shown in Fig. 11, the TWIM is an array
where each 8-byte entry corresponds to an object indexed by
its intra-group SN. Each TWIM entry mirrors the object’s
index field in the hash table but replaces the object pointer
with a reverse pointer to the object’s hash table slot. The
TWIM is constructed by the CN that populates the group,
allowing object start offsets within the group to be calculated
by summing preceding object lengths stored in the TWIM.

With the aid of TWIM, regrouping becomes highly efficient.
When evicting a group, the CN uses FIFO node metadata
to derive the TWIM address (GroupPointer+ChunkSize−
NumOb ject ×8) and fetches the OFM and TWIM in parallel.
The OFM identifies the SNs of hot objects, while the TWIM
provides their exact data locations and index slot addresses.
This allows the CN to only read the necessary hot objects
and update their index slots with minimal RDMA operations,
eliminating costly full-group scanning and hash table lookups.

5.4 Hotness-Aware FIFO Queue
Although the contention-free FIFO queue minimizes synchro-
nization overheads for replacements, its assumption that older
objects are colder does not always hold. Many real-world
workloads exhibit skewed access patterns [7,12,13,75]: older
objects can remain frequently accessed, while newly inserted
ones are often short-lived [77]. As a result, plain FIFO often
achieves lower hit ratios than adaptive schemes like LRU [20].

To improve adaptability, FORGE partitions the FIFO queue
into segments to prioritize evicting cold objects. Groups are
inserted into different segments based on their hotness: the
hotter a group is, the farther from the head it is placed. For
example, groups in Phase-1 containing likely-cold new ob-
jects are inserted into the first segment (i.e., Segment 0 in
Fig. 12a), near the head and thus evicted quickly. In contrast,
a merged group in Phase-2 is likely hotter and thus inserted
into the deeper segments (e.g., Segments 1 or 2) according to
its aggregated access frequency, delaying their eviction. Con-
sequently, the groups with colder objects are evicted sooner
than hotter ones, thus increasing the proportion of hot objects
retained in the cache. However, this segmented FIFO queue
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Figure 12: The virtual segmentation of the FIFO queue.

requires a linked-list-based structure that allows random in-
sertion, limiting only one CN holding the lock to modify
the queue, while other CNs are blocked. This conflicts with
FORGE’s contention-free ring-array design.

To avoid this conflict, FORGE adopts virtual segmenta-
tion on top of its contention-free ring array by embedding
a Segment field in each FIFO node. As shown in Fig. 12b,
CNs simulate segment-based insertion by assigning Segment
values to FIFO nodes while physically enqueuing them at the
queue tail. Phase-1 groups are enqueued with Segment = 0,
and Phase-2 merged groups are enqueued with Segment > 0.

When a FIFO node with Segment > 0 is dequeued, its group
is not evicted. Instead, the CN decrements its Segment value
and reinserts it into the queue tail. Only nodes with Segment =
0 are considered for eviction. Before eviction, the CN inspects
the group’s OFM: if most objects are active (e.g., over half
the counters are non-zero), the group is reinserted rather than
evicted, and the CN proceeds to the next candidate. This rein-
sertion avoids unnecessary regrouping for hot objects already
co-located in one group, and speeds up the eviction of sub-
sequent groups with more cold objects. Moreover, since the
OFM is zeroed out upon fetch (§ 5.3), the reinsertion restarts
the group’s hotness tracking from zero for the next eviction
cycle, preventing stale metrics from accumulating indefinitely.
Overall, virtual segmentation enables hotness-aware eviction
while preserving FORGE’s ring-array structure for efficient
synchronization.

5.5 Discussions
Support for multi-queue designs. Prior work [22, 28, 32, 33,
77] employs multiple queues to filter out unpopular objects
and mitigate cache pollution. As an orthogonal optimization,
FORGE also incorporates this approach by maintaining a 20%
small FIFO queue and an 80% main FIFO queue. Each queue
is independently managed with our virtual segmentation and
lazy hotness synchronization, accelerated via RNIC on-chip
memory. New groups first enter the small queue. When the
small queue is full, its head group is either promoted and
reinserted into the main queue if hot, or evicted and merged
if cold. The main queue applies the same policy when full.
Considerations for tiered caching. In addition to MN-tier



caching, CNs can leverage their limited local memory to cache
objects, thereby accelerating Get/Set operations. However,
hotness tracking, eviction, and GC in the MN tier still require
cross-CN synchronization to ensure coherence and consis-
tency. Therefore, the relative synchronization cost can become
even higher in systems with CN-tier caching, further highlight-
ing the motivations and benefits of FORGE’s synchronization-
efficient mechanisms for managing the global tier on MNs.
FORGE currently does not employ CN-tier caching, aligning
with state-of-the-art systems [62] for fair comparisons.
Adaptability to CXL-based DM. While FORGE primarily
focuses on RDMA-based DM and assumes one-sided RDMA
verbs, its design principles are potentially applicable to CXL-
based DM using memory-semantic instructions. Recent re-
search [29, 30] indicates that CXL shared memory pools in-
troduce new architectural constraints for cross-CN coherent
synchronization. As a result, caching systems like Ditto [62],
which rely on fine-grained synchronization for object-level
housekeeping, may encounter scalability bottlenecks due to
excessive synchronization traffic. In contrast, FORGE signifi-
cantly reduces cross-node synchronization demand through
coarse-grained group management and lazy hotness flushing,
making it highly adaptable to the architectural constraints of
future CXL environments.

6 Performance Evaluation

6.1 Experimental Setup
Testbed. We conduct our evaluation on a cluster of 6 machines
(3 CNs and 3 MNs), each with two Intel Xeon Gold 6230R
CPUs, 256 GB DRAM, and a 100Gbps Mellanox ConnectX-5
RNIC connected to a 100Gbps InfiniBand Switch.
Comparisons. We compare FORGE with three state-of-the-
art systems, Ditto [62], S3-FIFO [77], and GL-Cache [74].
Ditto [62] represents the state-of-the-art in DM caching sys-
tems, employing sophisticated object-level hotness tracking
and sampling-based eviction. Similar to LeCaR [68], CNs uti-
lize multiple eviction policies (e.g., LRU and LFU), select the
highest-weight policy to predict the utility of sampled objects,
and evict the lowest-utility objects. CNs maintain a history
of recently evicted objects, which they use to adjust policy
weights to correct mispredictions. S3-FIFO [77] is the latest
object-level replacement algorithm. It uses multiple FIFO
queues to filter out unpopular objects and promote hot objects
through the queues. GL-Cache [74] is an efficient group-level
caching system. It uses decision trees to predict the utility of
sampled groups based on their group-level hotness metrics
and evicts those with the lowest predicted utility.

However, S3-FIFO and GL-Cache are designed for tradi-
tional monolithic servers and cannot directly work on DM.
Thus, based on their original papers [74, 77], we faithfully
re-implement them on RDMA-based DM (i.e., S3FIFO-DM
and GLCache-DM). For fair comparisons, we further enhance

them with DM-relevant designs proposed by FORGE, includ-
ing lock-free Get/Set operations, contention-free FIFO man-
agement, asynchronous and batched RDMA for hotness flush-
ing, and lightweight object regrouping. In GLCache-DM, CNs
periodically flush collected training data (e.g., group hotness
metrics and utility scores) to MNs, where decision trees are
asynchronously retrained to avoid blocking CNs. Although
SIEVE [82] is another prominent FIFO-based algorithm for
monolithic servers, our analysis in § 2.2 demonstrates its se-
vere synchronization bottlenecks in DM due to serialized
doubly-linked queue scanning. As a result, SIEVE-DM deliv-
ers 3.1–5.0× lower throughput than Ditto. In contrast, our en-
hanced S3FIFO-DM leverages a contention-free ring-array to
mitigate these synchronization bottlenecks, making S3FIFO-
DM a much stronger and robust representative for object-level
FIFO schemes throughout our evaluation. All the evaluated
systems are implemented in C/C++. Since Ditto’s open-source
prototype only supports a single MN, we use one MN for fair
comparisons across all four systems, and further evaluate the
other three systems with multiple MNs in §6.5.
Configurations. We use the recommended configurations
of all baselines, e.g., a sample size of 5 and a history size
of 1024 for Ditto [62], a 10% small queue and an object
frequency ceiling of 3 for S3-FIFO [77], 7-dimensional group-
level hotness metrics and XGBoost-based [16] decision trees
for GL-Cache [74]. For FORGE and GLCache-DM, the group
size is 64 objects, and each eviction merges 8 groups. We
analyze the sensitivity of FORGE to group sizes in §6.6.
Workloads and Methodology. The YCSB [19] workloads
with a Zipfian distribution (θ = 0.99) include: A (50% GET,
50% UPDATE), B (95% GET, 5% UPDATE), C (100% GET),
D (95% GET, 5% INSERT), and E (95% SCAN, 5% INSERT).
The real-world workloads cover object stores from Wikime-
dia [64] and IBM [25], block I/O from CloudPhysics [69] and
Microsoft Research Cambridge [53], and key-value caches
from Twitter [75] and Meta [9]. Each workload comprises
up to 100 million requests, while the IBM workload contains
10–40 million requests due to trace limitations. Before evalu-
ation, we warm up the cache with the first 20% of requests.
Following state-of-the-art methodologies [62, 74, 77, 82], we
evaluate the cache as a closed system with on-demand fill,
where each Get miss includes the overhead of an uncounted
Set. This setup provides performance isolation and generality
across storage backends. We further analyze the sensitivity of
system performance to different miss penalties in §6.6.

6.2 Performance in YCSB Workloads

We evaluate the four systems under YCSB workloads with
256-byte objects and a 20% cache size, a standard setting in
DM caching [62]. The performance trends and bottlenecks
remain consistent with the smaller 10% cache ratio in Fig. 3.
We vary the number of threads across 3 CNs from 16 to 256.

As shown in Fig. 13, Ditto and S3FIFO-DM exhibit the
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Figure 13: Throughputs, 50th (upper) and 99th (lower) percentile latencies of systems in YCSB workloads at 20% cache sizes.

worst throughputs and latencies, bottlenecked by the costly
object-level synchronizations. Their CNs frequently synchro-
nize object hotness updates to MNs when cache hits, creating
significant RDMA traffic (corroborating the traffic breakdown
in Fig. 3) that interferes with Get/Set and inflates P50 laten-
cies. Ditto embeds the hotness metadata in hash buckets to
facilitate tracking and sampling, but the enlarged hash buckets
increase the RDMA payload of each index lookup. Moreover,
on cache misses, their object-level eviction mechanisms lie
on the critical path and lead to high P99 latencies. In Ditto,
the random sampling and RDMA_CAS-based eviction incur
large overheads and contention-induced retries. S3FIFO-DM,
despite being improved by using our contention-free FIFO
queue, still suffers from high eviction overheads because its
policy requires intensive RDMA operations to demote cold
objects and promote hot ones through multiple queues.

GLCache-DM and FORGE remove the group-level hotness
tracking and eviction from Get/Set critical paths and signif-
icantly reduce synchronization traffic. Thus, they achieve
higher throughputs and lower latencies than Ditto. However,
like Ditto, GLCache-DM suffers from inefficient sampling
and retry under contention, and the buffered hotness metrics
need to be synchronized at intervals to avoid stale metrics
on MNs. Moreover, each inference of the decision trees con-
sumes hundreds of microseconds of CN CPU cycles. Conse-
quently, the performance of GLCache-DM is still constrained.

FORGE excels by eliminating synchronization bottlenecks.
Its contention-free FIFO management eliminates the inef-
ficient sampling that plagues Ditto and GLCache-DM. Its
version-assisted lock-free index and TWIM-based lightweight
regrouping overcome the potential inefficiency of coarse-
grained group management. More critically, FORGE’s lazy
synchronization ensures that hotness metrics are flushed just-
in-time for eviction, radically reducing synchronization traffic
(validating the benefits previewed in Fig. 3) without sacri-
ficing metric accuracy. Consequently, FORGE achieves 2.0–
8.7× higher throughput, 1.3–5.9× lower P50 latency, and
3.9–13.3× lower P99 latency than all baselines.

FORGE demonstrates superior cache performance, achiev-
ing hit ratios in the top two across workloads. Its lazy syn-
chronization equips CNs with globally accurate hotness infor-
mation, enabling precise eviction decisions and the effective
identification and reinsertion of hot objects. In contrast, the hit
ratios of Ditto (and GLCache-DM) are hampered by their de-
pendence on random sampling and stale (or misleading group-
grained) hotness metrics, with read-latest YCSB D being an
exception where their recency-aware algorithms like LRU
align well with the access pattern. Although S3FIFO-DM
also benefits from accurate metrics, FORGE maintains a hit
ratio advantage in YCSB B–E by augmenting the FIFO foun-
dation with a hotness-aware virtual segmentation that proac-
tively evicts colder groups within the same queues, adapting
better to shifting access patterns. The write-intensive YCSB
A proves challenging for all grouping methodologies, yet
FORGE sustains a highly competitive stance. These collec-
tive results validate that FORGE’s synchronization efficiency
delivers comprehensive system improvements, boosting not
only throughput and latency but also enhancing hit ratios.

6.3 Performance in Real-World Workloads

We evaluate the four systems with real-world workloads from
CloudPhysics (CPhy), Wikimedia (Wiki), Microsoft Research
Cambridge (MSR), and IBM, using 128 threads across 3 CNs.
Aligned with the setup in Ditto’s paper [62], object sizes are
fixed at 256 bytes, while cache sizes are varied among 5%,
10%, and 20% of the trace footprints.

As shown in Fig. 14, the performance of both Ditto and
S3FIFO-DM remains constrained by their costly object-level
synchronization mechanisms. In particular, S3FIFO-DM de-
livers the lowest throughput and highest latency in most cases.
Its eviction policy necessitates frequent object demotion and
promotion across multiple queues. Such frequent queue man-
agement triggers a high volume of atomic RDMA_FAA opera-
tions, which are especially expensive and significantly inter-
fere with performance-critical Get/Set as shown in Fig. 2.
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Figure 14: Throughputs, latencies, and hit ratios in real-world workloads at 5%, 10%, 20% cache sizes with fixed object sizes.
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Figure 15: Throughputs, latencies, and hit ratios in real-world workloads at 5%, 10%, 20% cache sizes with variable object sizes.

In CPhy with a 5% cache size (short for CPhy-5%), the
small cache cannot hold enough groups for GLCache-DM
to train reliable decision trees, impairing the model’s robust-
ness and reducing eviction effectiveness and hit ratios. In
CPhy-20%, the large cache and skewed access pattern lead
to high hit ratios (≈96%) for all systems. Higher hit ratios
reduce eviction frequency and overhead, thereby improving
the throughputs and latencies of all systems. However, despite
lower rates of eviction and random sampling, the eviction tim-
ing of any specific object (and group) in Ditto (and GLCache-
DM) remains unpredictable. Therefore, CNs in both systems
still need to periodically flush buffered hotness metrics to
MNs, incurring DM traffic and limiting performance.

In contrast, FORGE synchronizes hotness just-in-time for
eviction, thereby adapting to dynamic hit ratios. Leverag-
ing this lazy mechanism, CNs flush metrics only when a
new group enters the eviction window. Under high hit ratios
in CPhy-20%, evictions are rare, and new groups enter the
eviction window slowly. Consequently, the lazy synchroniza-
tion is infrequent, improving the throughput and latency of
FORGE. On the other hand, under low hit ratios in workloads
like IBM, evictions occur more frequently to make room for
new objects, triggering more rapid hotness synchronization to
maintain metric accuracy. This adaptive approach, combined
with efficient FIFO-based hotness-aware group eviction, dras-
tically reduces synchronization overheads while maintaining
high hit ratios. As a result, compared with Ditto and GLCache-

DM, FORGE achieves 1.3–4.5× higher throughput, 1.2–4.0×
lower P50 latency, and 1.2–7.5× lower P99 latency across
workloads, with an average 1.14× improvement in hit ratios.

6.4 Robustness to Memory Fragmentation

We evaluate the systems in real-world workloads from Meta
and Twitter with their dynamic object sizes, using 128 threads
across 3 CNs. To establish a stringent baseline for compari-
son, we enhance the object-level systems (Ditto and S3FIFO-
DM) with a slab-based allocator that organizes object blocks
into 24 size classes, a standard technique to mitigate external
fragmentation [11, 24]. Even with this enhancement, Fig. 15
shows that their performances sharply degrade under small
cache sizes (e.g., Meta-5% and Twitter-5%). This is because
object-level evictions divide free memory into small, disjoint
fragments reclaimed by multiple CNs. Each CN struggles to
allocate contiguous memory for large objects, reducing effec-
tive memory utilization and lowering hit ratios. With larger
cache capacities (e.g., Meta-20% and Twitter-20%) mitigating
fragmentation, the performances of Ditto and S3FIFO-DM
recover but remain fundamentally constrained by their costly
object-level hotness tracking, evictions, and GC.

In contrast, GLCache-DM and FORGE perform evictions
and space reclamation at group granularity, avoiding external
fragmentation and achieving robustness under dynamic ob-
ject sizes. Furthermore, FORGE’s enhanced FIFO eviction
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Figure 16: The scalability of systems with CNs and MNs in
the Meta workload at 20% cache sizes.

and lazy synchronization mechanisms give it a performance
advantage. Compared with GLCache-DM (the best baseline),
FORGE achieves 1.61–1.93× higher throughput, and reduces
P50 and P99 latency by 1.43–2.00× and 1.67–1.95× respec-
tively, with 1.02–1.09× improvements in hit ratios. Since the
workloads contain large objects, both systems are ultimately
bottlenecked by the single MN’s finite network bandwidth.

6.5 Scalability Analysis

Our scalability evaluation employs the Meta workload with
a 20% cache size, scaling MNs from 1 to 3 and varying the
thread count across 3 CNs from 100 to 300; Ditto is excluded
as its open-source prototype lacks multi-MN support, and its
CN scalability was previously assessed in §6.2. As depicted
in Fig. 16, both FORGE and GLCache-DM demonstrate ex-
cellent scalability, where adding MNs increases aggregate
network bandwidth, alleviating the network bottleneck and
boosting throughput. This improvement is marginal under
low thread counts (e.g., 100) where systems are compute-
bound, but becomes pronounced with abundant CN threads
(e.g., 300) where network bandwidth is the primary constraint.
The non-linear compute scaling with thread count stems from
overheads and resource contention in Hyper-Threading [48].
S3FIFO-DM scales poorly due to exacerbated memory frag-
mentation under scale. Ultimately, FORGE’s highly efficient
synchronization design enables it to outperform GLCache-
DM (the best baseline) by 1.54–2.02× across configurations.

6.6 Sensitivity Analysis

We evaluate FORGE’s sensitivity to group size and cache miss
penalty in CPhy-20% and IBM-20%, the workloads with the
highest and lowest hit ratios in § 6.3, respectively.
Group Size. As shown in Fig. 17a, in the low-hit-ratio IBM
workload, where evictions occur frequently, larger groups bet-
ter amortize eviction overheads and thus yield higher through-
put. Conversely, smaller groups can maintain higher intra-
group access similarity, leading to slightly better hit ratios. In
the high-hit-ratio CPhy workload, where evictions are rare,
performance is largely insensitive to group size. These results
show that FORGE is robust across different group sizes.
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Figure 17: The sensitivity analysis of system performance.

Miss Penalty. For each Get miss, CN threads are stalled
for 100 µs or 500 µs before inserting the missed object into
the cache, emulating the realistic latency of fetching objects
from distributed storage [35, 47]. As shown in Fig. 17b, the
impact of this penalty is highly workload-dependent: in the
high-hit-ratio CPhy workload, misses are rare, minimizing the
penalty’s effect and allowing FORGE to outperform all base-
lines by 1.68–2.64× and 1.78–2.66× under the 100 µs and
500 µs penalties, respectively. Conversely, the low-hit-ratio
IBM workload triggers frequent miss penalties, leading to sub-
stantial thread stalls that limit overall throughput and leave the
network significantly underutilized, thereby diminishing the
relative advantage of FORGE’s synchronization efficiency;
despite this, FORGE still maintains a clear superiority with
performance gains of 1.52–6.94× (100 µs) and 1.17–2.68×
(500 µs). More importantly, in datacenters, a large number
of concurrent application clients [54] would sustain network
saturation despite such stalls, thus giving FORGE’s efficient
synchronization a decisive performance advantage.

6.7 Contributions of Different Techniques

Fig. 18 presents an ablation study of FORGE on YCSB work-
loads with a 20% cache size. Starting from a baseline with
group-level FIFO eviction, we apply each proposed technique
one by one. We use 256 CN threads across 3 CNs.
+ Lock-free Index. Our version-assisted lock-free index elim-
inates serialization on hash table slots during Set operations.
This is especially critical for the write-heavy YCSB A, where
it improves the throughput by 21.5× and P50 latency by 6.7×.
+ Contention-free FIFO Management. By minimizing the
synchronization overheads of FIFO enqueuing and dequeuing,
this technique excels on workloads with low hit ratios that
trigger frequent evictions. It boosts the throughput by 23.1%–
57.5% and reduces P99 latency by 1.25–10.36× across all
workloads, with peak gains observed in YCSB E.
+ Lightweight Regrouping. Leveraging TWIMs for object re-
grouping, CNs efficiently read only the necessary hot objects
and update their pointers with minimal RDMA operations.
This improves throughput by 32.6%–55.8%, and cuts P50 and
P99 latency respectively by 20.0%–65.2% and 45.2%–61.0%.
+ Hotness-aware FIFO Queue. This design enhances FIFO
queues through virtual segmentation, effectively retaining hot
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Figure 18: Performance contributions of different techniques across YCSB workloads at 20% cache sizes.

groups longer while prioritizing the eviction of cold ones.
Built upon the multi-queue scheme, it yields a substantial
1.12–1.21× improvement in cache hit ratios for YCSB A–D.
The gain is more modest (1.06×) in the scan-heavy YCSB E.
+ Lazy Hotness Synchronization. Leveraging the predictabil-
ity of FIFO evictions, distributed CNs wait until a group nears
the queue head to flush its hotness metrics, eliminating unnec-
essary synchronization traffic. FORGE further accelerates the
traffic via RNIC on-chip memory to minimize interference
with performance-critical Get/Set operations. Even on a base-
line already heavily optimized by the preceding techniques,
this lazy synchronization further improves the throughput and
P50 latency by up to 18.9% and 33.3%, respectively.

7 Related Work

Memory Disaggregation. To improve resource utilization,
existing studies leverage memory disaggregation across var-
ious domains, including indexes [43, 45, 46, 85], key-value
stores [26, 39, 52, 63, 67], transaction processing [29, 79, 80],
and memory management [15, 40, 42, 49, 61, 70, 83]. Unlike
them, FORGE focuses on caching systems in DM. Its closest
competitor, Ditto [62], employs an eager object-level house-
keeping mechanism that introduces substantial synchroniza-
tion overhead and undermines overall caching efficiency. In
contrast, FORGE pioneers an innovative lazy hotness synchro-
nization mechanism integrated into a DM-tailored group-level
framework and enhanced-FIFO replacement strategy, which
fundamentally reduces synchronization demands through co-
ordinated eviction of groups rather than individual objects.
Group-based Cache and Storage Management. Grouping
objects to amortize operational overheads has been widely ex-
plored across various storage tiers. In distributed file systems,
SmartStore [27] aggregates correlated files into semantic-
aware groups via latent semantic indexing to optimize com-
plex metadata queries. For local flash storage, Kangaroo [50]
and RIPQ [66] group small objects into large writes to mit-
igate flash write amplification. In monolithic in-memory
caches, Segcache [76] groups objects with similar lifecycles
to enable efficient bulk expiration, whereas GL-Cache [74]
clusters objects to amortize machine-learning overheads for
eviction. In contrast, FORGE introduces group-level manage-
ment specifically for DM architectures to resolve the unique

bottleneck of cross-node synchronization amplification.
Replacement Algorithms. Prior research [8, 22, 28, 31, 33,
51, 59, 73, 77] focuses on sophisticated eviction algorithms
to optimize hit ratios and throughputs in monolithic servers,
but fundamentally overlooks the critical challenge of synchro-
nization amplification in DM. For instance, recent algorithms
like SIEVE [82] achieve efficiency via simplified structures
in monolithic environments. However, as demonstrated in
§ 2.2, applying SIEVE directly to DM still incurs prohibitive
object-level synchronization overhead, especially due to the
eager checking and setting of visited bits upon cache hits,
and the blocking queue scans during eviction. In contrast,
FORGE lazily defers hotness metric flushing until object
groups enter the eviction window, bypassing unnecessary
DM traffic for hotness tracking upon cache hits. Moreover,
FORGE performs group-level eviction using a contention-
free and hotness-aware FIFO design, eliminating the costly
blocking overhead while maintaining high hit ratios. Overall,
FORGE enables a high-performance DM caching system via
a holistic redesign with DM-friendly data structures, efficient
eviction schemes, and novel synchronization mechanisms.

8 Conclusion

DM amplifies the synchronization overheads in crucial cache
housekeeping, creating a critical bottleneck that undermines
the benefits of resource disaggregation. FORGE addresses
this challenge through a synergistic design with DM-tailored
group-level management, a contention-free hotness-aware
FIFO policy, and a lazy-yet-timely hotness synchronization
mechanism. This cohesive approach minimizes unnecessary
cross-node synchronization while preserving accuracy, en-
abling FORGE to significantly outperform state-of-the-art
DM caching systems. The source code of FORGE is publicly
available at https://github.com/cszjyang/forge.
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