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Abstract
Disaggregated LLM inference separates prefill and decode

across nodes, relying on cross-node KV cache reuse (prefix
caching) to reduce time-to-first-token (TTFT). Yet existing
systems manage this cache entirely in user space, atop the
Operating Systems (OS) kernel that already handles memory
mapping, page tables, and RDMA registration. We identify a
management scaling paradox: user-space overhead from coor-
dination RPCs, per-chunk locking, redundantmemory copies,
and RDMA transfer fragmentation grows to 79% of achiev-
able TTFT as the cache warms, nearly doubling latency when
caching should help most. We formalize this paradox as a
TTFTdecompositionmodel and validate it on the state-of-the-
art LMCache +Mooncake stack atop vLLM.We then present
RMC (Remote Memory for Cache), a kernel-space frame-
work that extends OS-provided shared memory (/dev/shm)
to cluster-wide scope via content-addressed Virtual Memory
Regions (VMRs), where any node computes the address of
any cached chunk by hashing its token content, requiring no
coordination. Across four workloads, RMC achieves 1.1–1.3×
TTFT reduction over LMCache +Mooncake and up to 2.1×
over full recompute.

CCS Concepts: •Computer systems organization→Dis-
tributed architectures; •Computingmethodologies→
Distributed artificial intelligence; • Networks → Pro-
gramming interfaces.

Keywords: KV cache management, LLM serving, Disaggre-
gated inference, Operating systems, RDMA, Prefix caching,
Distributed shared memory
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1 Introduction

In autoregressive LLM serving, each token’s Key and Value
(KV) projections are cached so that previously computed at-
tention states can be reused across decoding steps [5, 25].
Prefix caching, reusing KV cache from tokens shared across
requests, reduces redundant computation, with production
workloads exhibiting 45–71% cache hit rates [5, 19, 22, 31]. In
disaggregated serving [20, 22, 33], where prefill and decode
run on separate nodes, cached KV data must be transferred
across the network, making cache management efficiency a
direct determinant of time-to-first-token (TTFT).
Existing systems manage KV cache entirely in user space.

Our instrumented profiling of the LMCache + Mooncake
stack [5, 22], the state-of-the-art for cross-node KV cache
reuse atop vLLM [12], reveals that user-space overhead from
coordination RPCs, per-chunk locking, redundant memory
copies, serialized hashing under Python’s Global Interpreter
Lock (GIL), and RDMA transfer fragmentation grows to 79%
of achievable TTFT as the cache warms, nearly doubling la-
tency when caching should help most (§3). The root cause is
redundant software layers: user-space stacks replicate mem-
ory allocation, eviction, and transfer registration that the
Operating System (OS) kernel already performs; they cannot
bypass the kernel, so they add coordination on top of it. In
disaggregated serving, this coordination must span multiple
nodes: user-space stacks maintain distributed hash tables,
metadata RPCs, and per-node buffer management to track
and transfer cached KV chunks across the network.

This raises a natural question: if theOS kernel alreadyman-
ages memory, page tables, and RDMA registration on every
node, can it provide the distributed caching layer directly?
We observe two KV cache properties that make this feasible:
(1) per-token cache occupation is fixed bymodel architecture,
so memory regions have a known size at deployment time;
and (2) cache index is determined by token content, meaning
the same token sequence always produces identical KV ten-
sors, so a deterministic hash of tokens can serve as both the
cache index and the location of that chunk across the cluster.
Together, these eliminate the need for metadata servers, dis-
tributed hash tables, or coordination RPCs: any node can inde-
pendently locate any cached chunk by hashing its tokens. The
kernel already provides the necessary primitives (mmap, page-
fault handling, and RDMAmemory registration), and vLLM

https://doi.org/10.1145/3805621.3807658
https://doi.org/10.1145/3805621.3807658
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3805621.3807658


EuroMLSys ’26, April 27–30, 2026, Edinburgh, Scotland Uk Amir Noohi, Bita Asoodeh, and Antonio Barbalace

already uses /dev/shm for local KV cache sharing; the natu-
ral extension is cluster-wide. We introduce the idea of RMC
(RemoteMemory forCache), which extends the Partitioned
Global Address Space (PGAS) model with content-addressed
Virtual Memory Regions (VMRs), memory regions whose
address and location are derived from the token content they
cache, and validate it with a prototype. Our contributions:

• Instrumented profiling of LMCache +Mooncake quan-
tifying user-space management overhead and the man-
agement scaling paradox (§3).

• RMC: content-addressed PGASwith zero-coordination
chunk addressing, write-once semantics that eliminate
locking, and single-operation RDMA transfers (§4).

• Evaluation across four representative workloads show-
ing 1.1–1.3× TTFT reduction over LMCache +Moon-
cake and up to 2.1× over full recompute (§5).

2 Background
2.1 KVCache in Disaggregated LLM Serving
During inference, LLMs store Key and Value projections

from prior tokens in a KV cache to avoid recomputation dur-
ing generation [12, 25]. The cache size per token is fixed by
model architecture [5, 12]; for Llama-3.1-8B [1] (32 layers, 8
KV heads, 128-dim, BF16) this yields 128 KB/token, or 32MB
per 256-token chunk.

LLMinferencehas twophases [30, 33]:prefillprocesses the
entire prompt in one pass, producing the KV cache (compute-
bound), and decode generates tokens one at a time (memory-
bandwidth-bound[20]).Thekeymetric is time-to-first-token
(TTFT), the delay until the first output token [22]. Disag-
gregated serving [20, 33] separates prefill and decode onto
specialized nodes, but the entire KV cache must now reach
the decode node before generation begins (§3).
2.2 Prefix Caching
Production workloads exhibit 45–71% prefix caching ra-

tios [5, 19, 22, 31] from shared system prompts, few-shot ex-
amples, and RAG contexts. Prefix caching stores and reuses
KV data for previously seen token sequences in a prompt,
eliminating redundant prefill and reducing TTFT. vLLM’s
PagedAttention [12] and SGLang’s RadixAttention [32] im-
plement local prefix caching at 256-token chunk boundaries,
where each chunk is identified by a hash of the cumulative
token sequence. Since vLLM is a multi-process Python appli-
cation, the prefix cache hash table resides in the scheduler
process [12], serializing all cache lookups under Python’s GIL.

Single-node caching is inherently limited: if the KV cache
is evicted under memory pressure, or the request is routed to
a different node, the prefix must be recomputed from scratch
or retrieved from a slower storage tier (e.g., disk).
2.3 State-of-the-Art
Extending prefix sharing across nodes in a disaggregated

cluster requires three capabilities: (1) cache lookup and man-
agement, mapping token sequences to cached KV chunks and

deciding what to cache, where, and when to evict; (2) cross-
node location tracking,maintaininga cluster-widedirectory so
any node can locate cached prefixes; and (3) high-throughput
data transfer, moving multi-megabyte KV chunks between
nodes with minimal latency.

Nosinglesystemprovidesall three.vLLM[12]andSGLang[32]
handleonly local caching;CacheGen[14]andCacheBlend[29]
reduceprefill cost but provideno cross-node lookup.Themost
complete cross-node solution today combines:

• LMCache [5] provides cache identification and multi-
tiermanagement. Each 256-token chunk is identified by
a cryptographic hash (sha256_cbor) and can be stored
across GPU, CPU DRAM, local disk, or remote storage
tiers. LMCache integrates directly into vLLM’s KV con-
nector interface, handling prefixmatching, chunk-level
eviction, and tier promotion.

• Mooncake [22] provides location tracking and RDMA-
based transfer. Its centralized metadata service (Con-
ductor) maintains a cluster-wide directory of cached
prefixes, and its transfer engine (NIXL)managesRDMA
buffer registration, connection pooling, and data move-
ment between nodes.

Together, layeredatopvLLM’sdisaggregatedprefill-decode
coordination, LMCache and Mooncake form the state-of-the-
art stack for cross-node KV cache reuse, deployed in produc-
tion by Moonshot AI for their Kimi service [22]. Critically,
all existing systems (vLLM, SGLang, LMCache, Mooncake,
CacheGen, CacheBlend) operate entirely in user space with
explicit coordination for cross-node sharing. As we show in
§3, this architectural choice introduces management over-
head that grows with cache hit rate, precisely when caching
should deliver the greatest benefit.

3 Motivation
In disaggregated LLM serving, a KV cache miss forces full

prefill computation, while a cache hit only requires an RDMA
transfer, 22× cheaper on our target hardware (§5). Yet our
profiling reveals that the state-of-the-art cross-node caching
stack (§2) introduces coordination overheads that largely
overlap the savings.
Figure 1 shows TTFT for 20 requests on a disaggregated

prefill-decodecluster (Llama-3.1-8B-Instruct [1], twoRTX4090
nodes, 200Gbps RDMA), progressively warming the cache
from 0% to 80% hit rate. We compare three regimes. Full re-
compute (no caching, colocated) pays full prefill every re-
quest (∼853ms). LMCache + Mooncake performs disaggre-
gated caching with the full user-space stack (hashing, RPCs,
PCIe staging, RDMA transfers). Computation + communica-
tion only is derived by instrumenting the caching stack to
isolate GPU prefill time for uncached chunks plus RDMA
wire transfer time for cached chunks, stripping all user-space
management (hashing, RPCs, staging, locking). The latter
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Figure 1. Progressive TTFT (Llama-3.1-8B, 7,680 tokens, 80%
hit, 200Gbps RDMA). Shaded gap: user-space management
overhead, growing to 79% of achievable TTFT.

drops to∼184ms once warm, a 4.6× reduction. However, LM-
Cache +Mooncake adds ∼145ms of management overhead
on average, growing from 26% of computation + communi-
cation TTFT at request 1 to 79% once converged, capping the
ideal 4.6× speedup at ∼2.6×.
3.1 TheManagement Scaling Paradox

In existing systems, the measured TTFT for a request with
𝐶 fixed-size chunks at cache hit rate 𝑓 decomposes as:

𝑇ttft = (1−𝑓 )𝐶𝑡pfill︸        ︷︷        ︸
prefill

+ 𝐶𝑡stage︸︷︷︸
PCIe staging

+ 𝑓 𝐶𝑡mgmt︸   ︷︷   ︸
software overhead

(1)

This models exclusively the per-request prefill-side latency
before the first token (TTFT). Here 𝑡pfill is per-chunk GPU
prefill compute cost, 𝑡stage is per-chunk GPU→CPUmemory
copy cost (in user-space stacks such as LMCache, KV data
is staged through CPU-side buffers before RDMA transfer,
incurred for every chunkwhether cached or not), and 𝑡mgmt is
per-chunk software overhead (hashing, locking, coordination
RPCs, and network round-trips to the metadata service) in-
curred for cached chunks; freshly computed chunks also pay
management cost during the store path, but this is subsumed
by 𝑡pfill which dominates. As 𝑓 →1, the prefill term vanishes
while the staging cost remains constant and the management
term grows with the number of cached chunks: every cached
chunk must be staged through CPUmemory, acquire locks
under the GIL, synchronize with the coordinator, and pass
through user-space memory management. Note that Eq. 1 is
purposely a simplifiedmodel. For example, the behavior at the
very first request (𝑓 =0, cold start) is not accurately modeled:
disaggregated caching is slower than colocated recompute
because the staging and coordination costs are incurred with
zero cache benefit, as confirmed in our evaluation (§5).We de-
fine themanagement scalingparadox: in anydisaggregated
caching system where per-object management cost is non-zero,
the fraction of latency consumed by management grows mono-
tonicallywith cachehit rate, becauseuseful computation shrinks

while management overhead grows. Eq. 1 provides a general
diagnostic: when 𝑡mgmt > 𝑡pfill, additional caching degrades
rather than improves effective throughput.

Our measurements confirm this: at convergence (80% hit),
the computation + communication baseline drops to∼184ms,
yet LMCache +Mooncake measures ∼329ms. The ∼145ms
gap is pure management overhead, amounting to 77–79% of
the achievable TTFTdepending on the request. The ideal 4.6×
speedup from caching is capped at ∼2.6×.
3.2 Root Cause: Redundant User-Space Layering
We found that all these overheads stem from treating KV

cache management exclusively as a user-space application
problem: hash tables in Python dictionaries, metadata in RPC
servers,memory inuser-space allocatorswithper-object lock-
ing. This is not unique to LMCache and Mooncake: KVDi-
rect [28] found that actual data transfer accounts for only
13.2% of total KV cache transfer duration, with 87% consumed
by synchronization, andFlowKV[13] reports that for example
discontinuous allocation forces redundant operations domi-
nating transfer time. Beyondoverhead, user-space scheduling
introduces stale snapshots: cache availability is checked once
at dispatch and frozen, so concurrent requests redundantly
recompute shared chunks, a thundering-herd pattern that
grows with parallelism.
The OS kernel is already involved. These user-space layers
build the distributed KV caching layer atop the OS kernel.
Every RDMA transfer requires kernel-registered memory re-
gions; every allocationgoes through thekernel page allocator;
every CPU-side buffer is backed by kernel-managed virtual
pages. Bypassing the OS kernel is not the answer: kernel by-
pass (e.g., DPDK [6], SPDK [24]) eliminates the kernel from
the network data path, but in a dynamicmulti-user system the
memory control pathmust pass via the OS kernel, which can-
not be bypassed. Because user-space stacks redundantly repli-
catememory management that the kernel already performs,
the question is whether the kernel’s existing involvement can
be made direct, providing the distributed caching layer itself.
From local sharedmemory to cluster-wide. The answer
is hinted by how KV cache is already sharedwithin a single
node. vLLM uses /dev/shm, the kernel’s POSIX shared mem-
ory facility, to share KV cache between processes on the same
machine [12]. The kernel manages this through page tables:
no user-space RPC, no explicit serialization, and no per-object
locking. The natural extension is to add RDMA-backed re-
mote page faults, turning node-local shared memory into
a cluster-wide in-kernel Partitioned Global Address Space
(PGAS), a programming model where a single virtual address
space is partitioned across nodes so that any node can access
any region through a uniform address [21].
What is needed to be extended. Prior RDMA-based remote
memorysystems (Infiniswap[9],Leap[15],AIFM[23],FaRM[7])
provide remote paging at 4 KB–2MB granularity, far below
the 32MB that matches a KV cache chunk, and none support
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content-addressed addressing, where the memory address
and location of an object are derived solely from a hash of
its content, analogous to how distributed hash tables (e.g.,
Chord) resolve object location from content keys without a
central directory. RMAI [16] demonstrated coarse-grained
VMRs via an in-kernel PGAS for MoE expert loading, but
uses model-architecture-based addressing and cannot iden-
tify chunks by token content. Two properties of KV cache
make content-addressed kernel-level caching feasible:

1. Fixed occupancy per token. Cache occupancy per
token is determined entirely bymodel architecture (§2),
so memory region sizes are fixed at deployment time
and no dynamic allocation or sizing is needed.

2. Content-determined cache index. The same token
sequence always produces identical KV tensors, an ob-
servation exploited by vLLM [12] and SGLang [32] for
local prefix caching. A deterministic hash of token con-
tent uniquely identifies each chunk without requiring
a metadata server.

Together, these properties mean that any node can inde-
pendently compute the location of any cached KV chunk, with
no coordination server, no distributed hash table, and no
network round-trips. With cache addressing in the kernel,
where RDMA registration, page-fault handling, and mem-
orymapping are native primitives, the PCIe staging, software
coordination overhead, and stale-snapshot hazard are all elim-
inated: chunks become visible cluster-wide as soon as they
are written, and an in-kernel fault handler resolves remote
accesses without crossing the user–kernel boundary.

4 Design
RMC provides the cluster-wide distributed cache argued

for in §3: a Partitioned Global Address Space (PGAS) where
each 256-token KV cache chunk maps to a fixed-size Virtual
Memory Region (VMR) at a deterministic address computed
from token content. All nodes (coordinator, prefill, and de-
code) map the same PGAS region via kernel-level mmap, so
identical virtual addresses resolve to thesame logicalVMRslot
on every node. Figure 2 shows the end-to-end architecture.
4.1 Content-Addressed PGAS
The central idea of RMC is that the virtual address of any

VMR is a deterministic function of token content:

vmr_addr=BASE+
(
xxHash64(tok[0:𝑏]) mod 𝑁𝑠

)
×𝑆vmr

(2)
where 𝑏 is the chunk boundary (a multiple of 256), 𝑁𝑠 is the
total number ofVMRslots, and𝑆vmr is theVMRsize (32MB for
Llama-3.1-8B). All parameters are fixed at model deployment
time and identical across all nodes. Computing aVMRaddress
requires a single xxHash64 evaluation [4] on 1KB of token
data plus a modulo and an offset addition (the BASE address),
which is constant-time per chunk regardless of cluster size,
with no coordination server or distributed hash table.

Correctness follows from determinism (identical tokens
produce bit-identical KV tensors, so no false matches) and
prefix dependency (the KV cache at boundary 𝑏 depends on
all tokens [0:𝑏], so no missed matches). Hash collisions are
negligible (<10−9 at 100K active chunks with 64-bit hashes)
and, when they occur, fall back to prefill, producing correct
results, never stale data.

4.2 Chunk-Level VMRs

Each VMR is a contiguous memory region holding the KV
cache for one 256-token chunk across all transformer layers
(32MB for Llama-3.1-8B). Because all VMRs for a givenmodel
are identically sized, allocation is fragmentation-free: slots
are never split, merged, or partially occupied.
The contiguous layout enables single-operation RDMA

transfer of an entire chunk without staging buffers, scatter-
gather lists, or per-layer iteration, in contrast to the frag-
mented transfers used by existing stacks (§5.2).
Write path and coherence. After computing a chunk’s KV
cache content, the prefill node writes the data into the corre-
sponding VMR via mmap() and broadcasts its owner node ID
to the corresponding entry in the block directory (the shared
lookup structure described in §4.3) on every other node us-
ing one-sided RDMA writes. After the broadcast, all nodes
knowwhich node owns the chunk and can issue RDMA reads
to fetch it. VMRs follow write-once semantics: once com-
puted, a chunk is immutable until evicted. Because each block-
directory entry is a single 8-byte owner ID and aligned stores
are atomic on x86-64, no locking is required. If twonodes inde-
pendently compute the same chunk, determinism guarantees
bit-identical results, making concurrent writes safe without
application-level locks. On eviction, the kernel broadcasts a
zero owner ID to all remote block directories, invalidating the
entry cluster-wide.

4.3 PrefixMatching and Scheduling

Given a request with 𝑇 tokens, RMC finds the longest
cached prefix and the best target node in a single pass. For
each of the𝐶= ⌊𝑇 /256⌋ chunks, it computes the VMR address
via Eq. 2 and reads the corresponding entry in a shared block
directory, a compact array in shared memory accessible from
both user space and the kernel, where each 8-byte entry holds
the ownernode ID (zero if unoccupied). For example, 1MVMR
slots require only 8MB of directory space, fitting comfortably
in shared memory on each node. The longest cached prefix
is the last chunk with a non-zero owner node ID; the target
node is argmax𝑛hits(𝑛).

Each lookup requires a single hash and one local directory
read. Because the block directory resides in shared memory,
the coordinator and vLLM’s scheduler read it directlywithout
a metadata service or RPCs. Ownership is propagated by one-
sided RDMAwrites, so consistency is eventual: a stale-zero
entry causes unnecessary recomputation and a stale-owner
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Figure 2. RMC architecture.

triggers fallback to prefill; neither produces incorrect results,
since recomputed KV data is bit-identical to evicted data.
4.4 OS Kernel-Level Operation
As argued in §3, extending /dev/shm-style shared mem-

ory to cluster scope requires OS kernel involvement. RMC
registers the entire PGAS region with the RDMANIC once at
deployment; subsequent VMR transfers use one-sided oper-
ations without user-kernel transitions or intermediate buffer
copies.
VMR-granularity faulting. Standard remote memory sys-
tems [9, 15] fault at 4 KB granularity, so fetching a 32MB
chunk triggers ∼8,000 individual faults. RMC handles the en-
tire chunk in a single fault (one trap, one RDMA operation,
one TLB batch update), eliminating three orders of magni-
tude of per-page overhead. At system level, coarse-grained
VMR faulting reduces total page faults by up to 80% and TLB
shootdowns by 4× [16].
Transparent access. User-space serving systems access KV
cache through memory-mapped VMR regions. A page fault
on an unmappedVMR triggers the kernel fault handler,which
reads the owner node ID from the block-directory entry for
that VMR, issues a one-sided RDMA read to the owner, pop-
ulates local pages, and resumes the faulting process transpar-
ently. From vLLM’s perspective, cached KV data appears in
CPU-pinned memory accessible to the GPU on first access,
requiring no modification to the serving system.
Implementation. We implement RMC as a Linux kernel
module building on the in-kernel PGAS infrastructure of
RMAI [16], adding∼2,000 lines ofC.While RMAIprovides the
base PGAS and VMR faulting mechanisms, RMC contributes
content-addressed addressing (Eq. 2), write-once coherence
without locking (§4.2), and the block-directory scheduling de-
sign (§4.3). VMRs use lazy page allocation, so only populated

VMRs consume physical memory; theOS kernelmaintains an
LRUlist acrossall slotsandreclaimspagesundermemorypres-
sure; evictedentriesare invalidatedcluster-wideviaone-sided
RDMAwrites that zero the corresponding block-directory en-
tries. This eliminates application-level eviction logic.We inte-
gratewith vLLM[12] via a customCacheEngine that replaces
the default PagedAttention KV cache backend with memory-
mapped access to the PGAS region (∼200 lines of Python).

5 Evaluation
We evaluate RMC against the combined LMCache +Moon-

cake stack [5, 22], the state-of-the-art for cross-nodeKVcache
reuse atop vLLM’s disaggregated serving. We focus on time-
to-first-token (TTFT), the primary SLOmetric for interactive
LLM applications [20, 22, 33], as it directly determines per-
ceived responsiveness and is dominated by prefill and cache
transfer latency in disaggregated deployments.
Setup. Disaggregated prefill-decode cluster with NVIDIA
RTX 4090 GPUs (24GB), Intel i7-9700K CPUs, 32GB DDR4,
andBlueField-2200GbpsNICs, runningLlama-3.1-8B-Instruct [1]
(32 layers, 8 KVheads, 128-dim, BF16; 32MB/chunk) on vLLM
0.15.1 with LMCache 0.3.14 and Mooncake 0.3.9. We evalu-
ate four workloads modelling representative production pat-
terns [22, 31], each with progressive cache warm-up (token
counts are exact multiples of the 256-token chunk boundary):

• W1 –Multi-turn Chat (2,048 tokens, 8 chunks, 50% hit)
• W2 – RAG Retrieval (4,096 tokens, 16 chunks, 44% hit)
• W3 – Code/Agent (6,144 tokens, 24 chunks, 54% hit)
• W4 – Long Context (7,680 tokens, 30 chunks, 63% hit)

5.1 End-to-End TTFT

Table 1 reports converged TTFT across four regimes: full
recompute (no caching), LMCache + Mooncake, RMC, and
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Table 1. Converged TTFT (ms) at 200Gbps. Speedups are
RMC over baseline.

Workload
Full

Recomp.
LMC+
MC RMC

Comp+
Comm

vs
LMC

vs
Rec.

W1 (2,048, 50%) 231 174 156 152 1.1× 1.5×
W2 (4,096, 44%) 455 378 319 305 1.2× 1.4×
W3 (6,144, 54%) 691 488 390 366 1.3× 1.8×
W4 (7,680, 63%) 853 530 401 366 1.3× 2.1×

computation + communication only. The computation + com-
munication lower bound is obtained by instrumenting the
user-spaceLMCache+Mooncake codepathwithfine-grained
timestamps to isolate only GPU prefill time (for uncached
chunks) and RDMAwire transfer time (for cached chunks),
excluding all management overhead. It is not a kernel-level
system or a separate implementation, but a measured de-
composition of the existing user-space stack that reveals the
inherent cost floor. Figures 3–6 show how TTFT evolves per-
request as the cache progressively warms.
Cold-start overhead. LMCache +Mooncake is slower than
full recompute for the first several requests because the full
recompute baseline runs colocated (single GPU, no network
transfer), while disaggregated caching must pay staging, co-
ordination, and transfer costs even at zero hit rate. Crossover
occurs around request 3–4; RMC’s lower overhead shifts it
earlier.
Figures 3–6 show per-request convergence. Management

overhead scales with cached chunk count: from 22ms (W1,
4 chunks) to 164ms (W4, 19 chunks), representing 14–45% of
achievable TTFT. RMC’s advantagewidens from 1.1× (W1) to
1.3× (W3–W4) because it eliminates per-chunk coordination,
hashing, and staging. At every workload, RMC converges to
within 4–35ms of computation + communication, confirm-
ing the management scaling paradox is a structural property
of user-space cache management. Because per-chunk man-
agement cost (𝑡mgmt in Eq. 1) is independent of cluster size,
the paradox predicts that RMC’s advantage grows further
with longer contexts and larger clusters, where more cached
chunksamplify theoverheadRMCeliminates.Ourmotivation
experiment (Figure 1) demonstrates this at 80% converged hit
rate; at full convergence the paradox is most acute, as the pre-
fill term in Eq. 1 approaches zero and management overhead
dominates entirely.

5.2 Overhead Source Analysis

We instrument both LMCache andMooncake code paths
to isolate the sources of the overhead gap.
Mooncake transfer engine (dominant). Each cross-node
transfer traversesCPU-sidememorystagesonboth the sender
and receiver before and after reaching the wire. Our instru-
mentation measures 2 HTTP + 1 ZMQ coordination round-
trips per transfer (100𝜇s–5ms). Mooncake further fragments
each region into 64 KB slices, so a 32MB chunk becomes 512
RDMA operations backed by 4KB kernel pages, each with
its own CQE, underutilizing NIC bandwidth [22, 28]. Every
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Figure 3.W1: Multi-turn Chat (2,048 tokens, 50% hit).
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Figure 4.W2: RAG Retrieval (4,096 tokens, 44% hit).
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Figure 5.W3: Code/Agent (6,144 tokens, 54% hit).

cached chunk traverses this pipeline, so costs grow linearly
with cached chunk count.
LMCachemanagement layer (minor). LMCache [5] adds
sha256_cbor hashing under the GIL (3×/chunk), 4𝑁 mutex
locks per retrieve, and per-chunk cudaStreamSync, totaling
∼4ms forW4 (under 3% of the gap).

Table 2 quantifies the scaling: overhead grows from 22ms
(W1, 4 cached chunks) to 164ms (W4, 19 cached chunks),
confirming the management scaling paradox from §3. The
near-linear scaling (∼8.6ms/chunk) confirms that cost is dom-
inated by per-chunk operations (hashing, locking, RDMA
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Figure 6.W4: Long Context (7,680 tokens, 63% hit).

Table 2.Management overhead across workloads. Overhead
grows with cached chunk count, consuming 14–45% of
achievable TTFT.
Workload Hit% Cached Comp+Comm Overhead OH%

W1 (2,048, Chat) 50% 4 152ms 22ms 14%
W2 (4,096, RAG) 44% 7 305ms 73ms 24%
W3 (6,144, Code) 54% 13 366ms 122ms 33%
W4 (7,680, Long) 63% 19 366ms 164ms 45%

fragmentation), precisely what in-kernel single-operation
transfers eliminate.

6 Discussion
Is the Kernel Fundamentally Necessary? A natural ques-
tion is whether a well-engineered user-space system could
eliminatemost of the overheadswithout kernelmodifications.
We argue it cannot, for structural reasons. Even switching
from Python to a hypothetical C/C++ implementation that
avoids the GIL still must (1) cross the user–kernel bound-
ary for every RDMAmemory registration and page pinning,
(2) maintain address-mapping data structures that duplicate
the kernel’s own page tables, and (3) use either userfaultfd
(incurring a context switch per fault) or busy-polling (wasting
CPU cycles) to detect remote accesses. An in-kernel handler
resolves the fault, issues the RDMA read, and maps the page
in a single trapwithout leaving kernelmode, demonstrated by
several works [2, 3, 26, 27]. More fundamentally, the kernel is
already in the path for every RDMA transfer and page alloca-
tion; a user-space layer that coordinates on top of these primi-
tives is, by construction, adding work rather than replacing it.
Thismirrors a broader trendof relocating application-level co-
ordination into infrastructure, as observed in programmable
networking where NFV-based frameworks eliminate redun-
dant protocol handling [11].
Trade-offs and Scope. Kernel-level implementation intro-
duces engineering costs: kernel modules are harder to debug,
bugs risk system-wide crashes, and the development cycle is
slower. RMC also requires Linux with RDMA-capable NICs,
limiting deployment to datacenter environments. We miti-
gate these risks through write-once VMR semantics (which
eliminate most concurrency hazards) and by confining RMC

to a loadable kernel module rather than modifying the core
kernel. The kernel-level approach is justified specifically for
disaggregated multi-node deployments. For single-node serv-
ing, the kernel already provides efficient local sharing via
/dev/shm, and user-space prefix caching works well without
cross-node coordination.
Generalization Beyond KV Cache. The content-addressed
PGAS model generalizes to other distributed AI data with
fixed-size, content-identified semantics: MoE expert param-
eters [8] (fixed-size tensors identified by expert index, as
demonstrated in [16]), LoRA adapter weights [10] (identified
by adapter name with fixed dimensions per layer), interme-
diate activations in pipeline parallelism (identified by layer
and micro-batch), and gradient checkpoints during training.
The core requirement is that data size is known at deploy-
ment time and content identity can be computed without
coordination. NTSM [17] generalizes this principle into a uni-
fied OS-level memory framework that transparently extends
node-local memory to cluster scope, removing the need for
application-level distributed data management.
GPU-Direct RDMA. GPU-Direct RDMA [18] could in prin-
ciple bypass the CPU entirely, enabling NIC-to-GPU DMA.
However, integrating it with kernel-level VMRmanagement
is non-trivial: GPU-Direct requires pinningGPUmemory and
registering it with the NIC at fine granularity, which conflicts
with the dynamic page-fault-driven VMR lifecycle; current
GPU-Direct implementations also lack support for kernel-
initiated RDMA fromwithin a page-fault handler. We leave
this integration as future work for a full system paper.
Fault Tolerance and Eviction. A node failure renders its
VMRs inaccessible, but RMC’s deterministic addressing sim-
plifies recovery:anysurvivingnodecanrecompute lost chunks
from the original token sequences. Under memory pressure,
the kernel evicts VMRs using LRU; the content-addressed
structure also enables prefix-aware eviction that protects
shared prefixes and evicts leaf chunks first.

7 Conclusion
We presented RMC, an in-kernel framework that rethinks

KV cache management as an OS-level memory systems prob-
lem.Byexploitingfixedper-tokencacheoccupancyandcontent-
determined cache index, RMC provides a content-addressed
PGAS where any node computes the index and virtual ad-
dress of any cached chunk without coordination, achieving
1.1–1.3× TTFT reduction over LMCache + Mooncake and
up to 2.1× over full recompute. More broadly, the manage-
ment scaling paradox (Eq. 1) confirms a general anti-pattern
in disaggregated systems: when user-space stacks replicate
functionality the kernel already provides, the resulting over-
head scales with the metric being optimized. We believe this
insight extends beyond KV cache to any distributed AI work-
load where data has fixed size and content-determined in-
dexing and location, including MoE expert routing, LoRA
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adapter serving, and pipeline-parallel activation transfer. As
LLM context lengths and cluster sizes grow, the gap between
user-spacemanagement cost and kernel-native operationwill
onlywiden,makingOS-level redesign increasingly important
for inference efficiency.
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