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Abstract
Elastic LLM inference must bring new GPU instances online

quickly, but burst scale-out makes many instances fetch the

same large model from shared cloud storage. In our produc-

tion environment, distributing Qwen2.5-72B from NFS to 50

instances takes 28 minutes. Model weights are immutable,

read in full, loaded nearly sequentially, and identical across

replicas. These properties allow inference nodes to use host

memory and intra-cluster bandwidth as a cooperative cache

without the write and consistency mechanisms of a general-

purpose file system.

We present CacheFS, a peer-to-peer cooperative caching
file system. Its central mechanism is hash-aware cooperative

eviction. Under memory pressure, each node preferentially

retains blocks assigned to it by consistent hashing. When ag-

gregate cache capacity covers the working set, the union of

𝑁 partial caches converges toward full model coverage even
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1 Introduction
Elastic scaling is the defining operational challenge of cloud

LLM inference because request volumes fluctuate by an or-

der of magnitude within minutes, forcing platforms to bring

tens of GPU-equipped instances online rapidly. The domi-

nant cold-start bottleneck is model weight retrieval. A 70B-

parameter model occupies 140GB in FP16, and current fron-

tier models at the 200B–700B scale reach 400–650GB. Under

the default storage configurations in our production environ-

ment, retrieving a 70B model can take about nine minutes

on one node (§2.2). Burst scale-out compounds the problem

because 𝑁 instances competing on shared upstream band-

width degrade to 𝑂 (𝑁 ) startup time, forcing operators to

keep large pools of idle GPU instances on standby just to ab-

sorb scale-out bursts, defeating the cost rationale for elastic

provisioning in the first place. Inference servers also provide

resources for caching. Host memory typically exceeds GPU

capacity by 2–8×, although KV-cache offloading increasingly

competes for it, and intra-cluster networks provide more

bandwidth than upstream storage (§2.4).

Existing systems address fragments of this with dispro-

portionate complexity. Distributed file systems (Ceph [39],

JuiceFS [23]) provide read-write POSIX through centralized

metadata services. In our deployment, a model load opens

tens of large weight files and reads them near-sequentially,

so centralized metadata is not a throughput bottleneck. The

difference is the operational complexity and read-write ma-

chinery that model loading does not require. Dragonfly [8]

accelerates P2P container-image distribution but exposes no

file-system interface and requires a heavyweight coordinator

stack.

Key insight. We observe that LLM model loading has a

constrained I/O profile inwhich files are read-only, consumed

in their entirety, near-sequentially, and identically across repli-
cas. Specializing for these properties exposes one design

question: when each node has only enough memory to cache

part of the model, how should the partial caches be coordi-

nated so the cluster behaves like a single, model-sized cache?

We present CacheFS1, a peer-to-peer cooperative caching
file system whose core mechanism is hash-aware coop-
erative eviction. These properties allow CacheFS to omit

write consistency, partial-read optimizations, and support

for heterogeneous access patterns. Under memory pressure,

each node deterministically retains the blocks for which it

is the consistent-hash owner. Without centralized or per-

block retention coordination, the union of partial caches

converges toward full model coverage. The cluster can there-

fore serve every block from a peer even when no node can

hold the complete model. In production, CacheFS uses this

cluster-level coverage for peer-served scale-out and achieves

1
Our deployed system is unrelated to the earlier CacheFS name used for

local caching of network-file-system data.

a 56× speedup over the configured NFS path (§5.2). Sec-

tion 5.8 shows this eliminates upstream backsource entirely

on a workload where a uniformly-random eviction policy (2-

random) re-fetches 800+ blocks per node. Several supporting

mechanisms make this insight usable, including a source-

less distribution model that lets consumers without storage

access join the cooperative cache, gossip coordination that

requires no external etcd, ZooKeeper, or Redis service in the

user cluster, a warm CacheRoot tier that breaks the bootstrap

paradox, and a coroutine-based data plane that drives the

cluster’s commodity TCP NICs to line rate (with optional

RDMA for low-latency deployments).

Contributions. (1) An eighteen-month production deploy-
ment of CacheFS on a major cloud inference platform span-

ning a fleet at the hundred-thousand-GPU scale and four

regions, including 56× faster Qwen2.5-72B distribution to 50

instances than NFS and an 82.5% reduction in DeepSeek-R1

per-node loading relative to object storage, with 7,700+ GPU

card-hours saved per day in conjunction with a compan-

ion fast-startup runtime that reduces framework initializa-

tion (§5). (2) A production-driven design combining source-

less P2P distribution, gossip-based coordination, proactive

preload, a coroutine-based TCP/RDMA data plane, and a

CacheRoot warm tier behind a transparent FUSE interface

(§3, §4). (3)Hash-aware cooperative eviction, the central mech-

anism that makes a cluster’s partial caches converge toward

full model coverage without coordination. Under pressure

this drives upstream backsource to zero where the 2-random

eviction policy still re-fetches 800+ blocks per node (§3.4,

§5.8). (4) Operational lessons, including non-obvious bottle-
necks (Go GC, gossip fan-out) and deployment-time inter-

ventions (preload, priming-wave practice) that we report so

other operators can avoid the same pitfalls (§6).

2 Background and Motivation
This section describes the deployment context of LLM in-

ference services, characterizes the cold-start bottleneck that

motivates CacheFS, and identifies the workload properties

and cluster resources that inform its design.

2.1 LLM Inference in the Cloud
Modern inference platforms run on Kubernetes [5], with

weight files stored on cloud-managed networked storage

(NFS or object storage). On one major cloud, the inference

GPU fleet grew roughly five-fold over fourteen months into

a multi-region deployment at the hundred-thousand-GPU

scale. The production service provisions 1–5Gbps of storage

bandwidth per client based on cost and hardware constraints,

far below GPU-node memory bandwidth. This gap becomes

important when hundreds of GB must be delivered quickly.

Real elastic workload. Figure 1 plots a 24-h trace of one

production tenant. Instance count swings 29–155 (5.3×), and
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Figure 1. Production trace from one inference tenant (24-h

window, 2-min samples). (a) Active instance count swings

5.3× diurnally, and request rate tracks it. (b) The day contains

92 scale-out events. Eleven (12%) admit ≥ 5 instances within

a 2-min window. At this burst size, 𝑁 -way contention on

upstream NFS dominates startup latency.

0 100 200 300 400 500 600
Time (seconds)

Container image pull (30 s)

Framework init (45 s)

Weight retrieval: 540 s (87%)

H2D transfer (6 s)

total 621 s
(10.3 min)

Figure 2. Cold-start pipeline breakdown for a 70B model

loaded from cloud NFS. Weight retrieval dominates at 87% of

total startup time. Framework initialization (30–60s) is the

second largest phase.

request rate swings 22.5–129 req/s (5.7×). Of the 720 two-

minute windows, 92 (12.8%) contain at least one scale-out

event. Among them, 24 admit ≥ 3 new instances, 11 admit

≥ 5, and the largest single window adds +12. This tenant
alone schedules 220 instance-arrivals/day. At the 2Gbps
NFS cap, each Qwen2.5-72B (136GB) load takes 540s. When

a pod lands on a node without a warm local cache, its eight

GPUs remain idle during loading. This wastes up to 220 ×
540𝑠 × 8 ≈ 264 GPU-card-hours/day on this tenant alone.

A sustained morning ramp 31→104 instances (3.4× in 9 h)

shows weight loading dominates every ramp, not just peaks.

2.2 Anatomy of Cold-Start Latency
A cold start runs four phases sequentially: (1) container im-

age pull (tens of seconds), (2) framework initialization, includ-

ing CUDA warmup and shard planning (30–60s before the

first weight byte, as Figure 2 shows), (3)weight retrieval (ap-
proximately nine minutes per node for a 70B/140GB model

over 2Gbps NFS, with a 235B/470GB model scaling propor-

tionally), and (4) host-to-device transfer (less than 6s for

140GB over PCIe Gen4 at 25GB/s). Phase 3 dominates at

∼87% of total time (Figure 2).

The problemworsens during burst scale-out. When𝑁 pods

simultaneously request the same model, they share the up-

stream bandwidth of the storage backend. If the NFS service

provisions a total of 𝐵total Gbps across all clients, each pod

effectively receives 𝐵total/𝑁 , causing startup time to scale lin-

early with the burst size. Production measurements confirm

this severity. Distributing Qwen2.5-72B to 50 simultaneous

instances from cloud NFS requires approximately 28 minutes

end-to-end, while loading a DeepSeek-R1 model takes about

19 minutes per node. Operators compensate by maintaining

warm standby pools of idle GPU instances, a costly strategy

that wastes scarce accelerator resources.

2.3 LLM File Access Characteristics
LLM inference I/O has four properties unusual among con-

ventional file-system workloads. Read-only: weight files are
immutable post-publication, eliminating write coordination,

consistency protocols, and journaling. Full-file: each model

file is read in its entirety, not as aworking set of hot regions. A

serving replica must load every weight file before it can serve

requests. Lazy delivery of an initial working set does not

remove this requirement. Near-sequential: safetensors [22]
memory-maps the header and sequentially loads tensors per

the metadata index, with occasional small seeks at tensor

boundaries, highly amenable to aggressive prefetching. Ho-
mogeneous, repeated: every replica reads the same files in the

same order, so a block fetched by any node can serve all sub-

sequent requesters. For the tensor and model formats in our

deployment, successive versions have little byte-identical

content in common. A new mount reads fresh metadata for

an updated model. Changes in path, length, or mtime pro-

duce new cache keys, so old blocks are not reused (§3.7). The

useful reuse is therefore among replicas in the same burst.

Hash-aware eviction lets their aggregate cache cover the

complete model (§3.4). Together, these properties allow a

tailored system to dispense with write paths, locking, and

metadata consistency.

2.4 Resource Opportunities in Inference Clusters
Inference clusters provide two resources for faster model

distribution. GPU servers typically have 2–8× more host

DRAM than GPU memory (1–2 TB alongside 640GB), while

intra-cluster networks reach up to 400Gbps. Host DRAM is

also used by the inference runtime, and long-context serving

increasingly uses it for KV-cache offloading. The remaining

capacity can still buffer immutable model weights and reduce

repeated reads from upstream storage.

2.5 Limitations of Existing Solutions
LLM weight loading requires a different combination of

mechanisms from existing content-distribution systems. Dis-

tributed file systems such as Ceph [39] and JuiceFS [23]

provide read-write semantics through separate metadata ser-

vices. In our deployment, a model load opens tens of large

weight files and reads them near-sequentially, so centralized

metadata is not a throughput bottleneck. The difference is

the additional operational complexity and read-write sup-

port, which model loading does not need. Dragonfly [8]



delivers P2P at the HTTP layer with a centralized scheduler,

exposes no POSIX, and targets layered OCI images. Local

SSD caching atop NFS shares nothing across nodes and faces

a bootstrap paradox because the first wave has empty caches

exactly when fast startup matters most.

3 System Design
This section describes CacheFS’s architecture, sourceless

distribution, cluster management, cooperative caching, data

transfer, CacheRoot, and correctness mechanisms.

3.1 Overview
CacheFS aggregates idle host memory across inference clus-

ter nodes into a cooperative P2P cache for model weight files.

Figure 3 illustrates the overall architecture.

Each CacheFS node is structured as a layered stack. Three

access interfaces serve different deployment scenarios: a

FUSE mount provides POSIX compatibility for unmodified in-

ference frameworks (vLLM, SGLang, Transformers); a native
SDK (C/Python) offers direct block-level access for latency-

sensitive integrations; and an optional daemon serves as

a shared caching backend for co-located containers (§4.1).

CacheFS can cache any POSIX-accessible directory regard-

less of the backing store (cloud NFS, object storage via a

FUSE gateway, or a local file system), requiring no changes

to the upstream storage configuration. Upstream durable

storage remains the system of record for training and model

updates. It also provides the final source on a cache miss.

Below the VFS, the metadata engine and cache store imple-

ment the five-layer lookup (local→ P2P peers→ seeders→
CacheRoot → source). The transport layer separates control

(Serf + gRPC [18]) from data (coro-rpc over TCP/RDMA).

End-to-end walkthrough. In a 50-instance Qwen2.5-72B

scale-out, all 50 pods FUSE-mount CacheFS at 𝑡=0, lazily

exposing the upstream NFS namespace. vLLM then reads

model-XXXX-of-37.safetensors via FUSE. On each miss,

the cache store walks the lookup chain. A per-node pending-

operation table coalesces concurrent requests (§4.3), but it

does not coordinate misses across nodes. Before a new own-

ership announcement reaches other nodes, several pods may

fetch the samemissing block from upstream. Each completed

fetch caches the block and announces ownership, so later

reads can use peers. Gossip shortens this duplicate-fetch

window but does not eliminate it. Read-ahead and (when

scheduled) preload warm the P2P cache faster than the appli-

cation consumes it. Within a few gossip rounds every block

is held by multiple peers, so most reads resolve at intra-

cluster bandwidth without touching upstream, completing

the 50-instance burst in 30s on 32Gbps cloud NICs (§5.2).

Because epidemic propagation allows each node to fetch

from multiple peers simultaneously, batch completion time

approximates the single-node load time rather than scaling

with 𝑁 .

3.2 Sourceless Distribution Model
CacheFS additionally supports a sourceless mode for deploy-

ments where consumers have no upstream storage access

(e.g., a fine-tune producer that must deliver weights to con-

sumers without round-tripping through cloud storage). A

provider walks a local directory at startup, caches its data,

and broadcasts a Serf readiness event. Consumers join the

cluster, receive the inode tree via a single gRPC LoadMeta
call, and thereafter serve both metadata and data to later

joiners, spreading epidemically with effective bandwidth

doubling per round (yielding 𝑂 (log𝑁 ) warm-up, §5.4). The

invariant is 𝑁 ·𝐶 ≥ 𝐵, where 𝑁 is the number of nodes,𝐶 is

the per-node cache capacity, and 𝐵 is the total working-set

size. Under this invariant, the union of partial caches must

cover the working set. Because gossip propagation is eventu-

ally consistent, sourceless mode offers best-effort availability,

and transient membership churn or extreme cache pressure

can make blocks unavailable. If a requested block cannot be

retrieved from the cooperative cache, the read returns an

error rather than falling back to upstream storage.

Sourceless mode was motivated by an early fast container-

startup scenario. In current production, the source-backed

path (§3.6) handles all model distribution because it provides

stronger availability guarantees when the cluster contracts

or experiences correlated failures.

3.3 Gossip-Based Cluster Management
CacheFS uses Serf [21] (a SWIM [12] implementation) for de-

centralized membership and application-level events. Nodes

discover each other through a join address or K8s service

discovery. The SWIM failure detector identifies crashed or

partitioned nodes within seconds. Group isolation via distinct
Serf-group tags lets multiple independent CacheFS instances

coexist on the same network without cross-talk.

To track block ownership, each node broadcasts an an-

nounce on cache insertion and a revoke on eviction. Each

peer’s local metaMap records, per (target, block), the set
of hosts that hold it.

gRPC Tracker Exchange (§5.9). New joiners obtain the

membership list through Serf, then directly exchange tracker

information with each existing peer via a lightweight gRPC

call, avoiding the broadcast storm that an all-members re-

announce would cause at scale. This replaces the earlier

event-based tracker bootstrap (§6.1).

3.4 Cache Hierarchy and Hash-Aware Eviction
Multi-layer hierarchy. CacheFS resolves reads in strict

layer order: (1) local cache (memory-backed via memfd for

zero-copy or disk-backed; default 128GiB, 4–128MiB blocks);

(2) P2P peers consulted via the metaMap (up to 10 candidates,

failed peers blacklisted briefly); (3) seeders for full-copy hold-

ers when the metaMap lacks the block; (4) CacheRoot (§3.6);
(5) upstream source as last resort. Each fetched block is cached
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Figure 3. CacheFS architecture overview. Each node exposes three access interfaces (FUSE, SDK, Daemon) atop a read-only

VFS. The cache store and metadata engine are served by three transport channels: Serf gossip (control plane), gRPC (metadata),

and coro-rpc (data plane). Cache lookups proceed left-to-right through five layers: local cache, P2P peers, seeder nodes,

CacheRoot, and the remote source.

locally and gossiped, so subsequent requests resolve at the

P2P layer.

Prefetch andpreload. CacheFS prefetches 24 blocks ahead

of the read position by default, scaled to available buffer

memory. Read-driven prefetch only fires once the applica-

tion starts reading, but inference frameworks spend 30–60s

on container start and CUDA init before the first weight byte.

CacheFS therefore adds a preload operation that fetches a

target into the local cache (and, with --broadcast, into ev-

ery cluster node) as soon as the mount is ready. Preload

reuses the same multi-layer lookup. A 60s preload window

reduces per-instance read time by 7–41% (mean 27%) across

our 8-wave scale-out (§5.6).

Hash-aware eviction. A cooperative cache should maxi-

mize the aggregate distinct blocks across the cluster. CacheFS
uses a consistent hash ring (100 virtual nodes per physical

node, refreshed on membership change) to assign each block

a responsible node 𝑅(·). At node 𝑖 , eviction runs five pro-

gressive rounds. When hash-aware mode is enabled and the

cluster has more than one node, rounds 1–3 progressively

delete blocks for which 𝑖 is not responsible, first using pair-

compare and then direct eviction. If these rounds cannot free

enough space, rounds 4–5 fall back to 2-random eviction

over all blocks.

Convergence. Consistent hashing spreads blocks roughly

evenly, making each node responsible for approximately

𝐵/𝑁 blocks (where 𝐵 is the total block count and 𝑁 is the

number of nodes). Because rounds 1–3 preferentially evict

non-responsible blocks, each node retains at least its respon-

sible share. Provided the per-node cache capacity 𝐶 ≥ 𝐵/𝑁 ,

the cluster’s combined cache covers the entire working set

even when no single node can hold the model (𝑁𝐶 ≈ 𝐵).

§5.8 confirms this at 𝑁𝐶 ≈ 𝐵 (60GiB cache, 136GB model,

𝑁=3→4). On the warming wave, hash-aware eviction drives

backsource fetches to zero, while 2-random re-fetches 800+

blocks per node.

3.5 Data Transfer Plane
CacheFS separates its control plane (Serf + gRPC for meta-

data) from its data plane, which must saturate the NIC. The

data plane uses coro-rpc2, a coroutine-based RPC layer

that bridges Go to a C++20 coroutine library via CGo and

multiplexes block transfers per connection. Over TCP, coro-

rpc sustains 140Gbps on a single 200Gbps NIC as a multi-

connection aggregate. Production-class cloud Ethernet runs

at 10–48Gbps per host depending on instance class, so the

data path is rarely the limiter. An optional RDMA (RoCE v2)

path sustains 360Gbps on a single 400GbpsNIC and 485Gbps

with two such NICs aggregated. Beyond two NICs, aggregate

throughput plateaus. Initial profiling suggests memory pages

not being pre-faulted as the likely bottleneck, and we leave

further scaling as open work. We use the RDMA path for

latency-critical fast container-startup scenarios on RDMA-

provisioned nodes. Transport selection is per-connection

2https://github.com/alibaba/yalantinglibs/tree/main/src/coro_rpc

https://github.com/alibaba/yalantinglibs/tree/main/src/coro_rpc


with transparent TCP fallback on RDMA init failure. CacheFS

enforces per-connection bandwidth caps to prevent data

transfers from starving co-located inference traffic. All trans-

ferred blocks are CRC32-verified before cache insertion.

3.6 CacheRoot: Near-Local Warm Cache
The P2P cache is effective once the cluster is warm, but

the first wave faces the bootstrap paradox of §2.5 because

no peers hold any data. CacheFS breaks the paradox with

CacheRoot, a two-tier architecture that interposes a persis-
tent, pre-warmed cache cluster between user instances and

the remote storage backend (the fourth tier in the lookup

chain, Figure 3).

A CacheRoot cluster comprises always-running nodes

with large caches pre-populated with popular models. They

expose a gRPC tracker service that, given (target, block),
returns addresses of nodes holding the block. Results are

cached locally (5s TTL). Data transfer reuses coro-rpc. A

dedicated NIC may be bound to CacheRoot traffic to iso-

late it from intra-cluster P2P. In production, we deploy one

CacheRoot cluster per region. Once a user cluster is warm,

reads are served by intra-cluster peers and CacheRoot traffic

drops to zero. CacheRoot therefore absorbs only the initial

cold-start burst.

3.7 Correctness and Robustness
Despite serving immutable artifacts, CacheFS must still en-

sure every consumer sees a self-consistent model view and

that failures degrade cleanly. A mount caches namespace

metadatawith directory revalidation disabled, and each cache

key encodes path, length, and mtime. Source files must re-

main immutable for the lifetime of a mount. A new model

version is exposed through a new mount, which reads fresh

metadata and derives new cache keys when the path, length,

or mtime changes. Existing mounts do not automatically de-

tect in-place updates. Network-transferred blocks are CRC32-

verified before cache insertion. Gossip ownership is a per-

formance hint rather than a correctness requirement. On

a miss in source-backed mode, CacheFS tries ten peer can-

didates (30s timeout each), blacklists failures for 15s, then

falls through to seeders, CacheRoot, and finally the source.

In sourceless mode, a read returns an error if the requested

block cannot be retrieved from the cooperative cache, with-

out falling back to upstream storage (§3.2). CacheRoot tracker

queries use a 2s per-address timeout with 5s result caching.

Security and remaining robustness limitations are discussed

in §6.3.

4 Implementation
CacheFS is implemented primarily in Go, with the high-

throughput data transfer path written in C++ and accessed

via CGo. The system comprises five major packages: the

cache store (block management, local and remote caching,

eviction), the metadata engine (read-only inode tree, source-

less provider/consumer logic), the Serf cluster module (mem-

bership, gossip events, consistent hash ring), the transport

layer (coro-rpc bindings, RDMA/TCP, bandwidth control),

and the daemon/SDK subsystem. CacheFS mounts via FUSE

[30] using the go-fuse library. Because the file system is

strictly read-only, the VFS layer implements only the read

path (Open, Read, Readdir, Lookup, GetAttr, and ReadLink)
and returns EROFS for all write operations. This reduces

the implementation surface compared to a full-featured dis-

tributed file system.

4.1 Daemon Architecture
When multiple inference containers run on the same host,

separate FUSE mounts would duplicate cache memory and

Serf membership. CacheFS uses a daemon architecture in

which a long-running daemon holds the cache store, Serf

membership, and transport connections, while lightweight

FUSE clients connect to it via UDS (or VSock for VM clients).

The daemon provides zero-copy block delivery via memfd. It
allocates blocks through memfd_create() and passes the

file descriptor over UDS using SCM_RIGHTS. The client then
maps the block directly with mmap, avoiding data copies be-
tween address spaces. This is critical when many containers

simultaneously load the same model through a shared dae-

mon.

4.2 Native SDK
Each FUSE read traverses the kernel VFS, crosses into user

space via the FUSE device, and returns through the same

path, incurring at least two context switches per operation.

For workloads that are sensitive to per-read latency (rather

than aggregate bandwidth), CacheFS provides native C and

Python SDKs that communicate directly with the daemon

process, bypassing the FUSE layer entirely.

Through the SDK’s block-oriented API, applications open

a target file by path, then read blocks by offset and length.

Internally, the SDK issues the same daemon requests as

the FUSE client but avoids the kernel round-trips. On a

40GiB test file read sequentially from a warm cache, the SDK

achieves 18.4 GiB/s, within 5% of local tmpfs (19.3 GiB/s) and
over 3× the throughput of the FUSE path (5.9 GiB/s). Produc-

tion retains FUSE because vLLM, SGLang, and Transformers

already load model weights through file paths. The SDK

serves integrations that can issue path, offset, and length

requests directly.

4.3 Memory Management and RDMA
CacheFS manages hundreds of GB of cached data alongside

a Go runtime whose GC is sized for much smaller heaps.

All cache pages are allocated off-heap via memfd_create()
+ mmap (invisible to GC), with madvise(MADV_HUGEPAGE) to

encourage 2MiB pages and reduce TLB pressure on large



eviction scans. Pages use Acquire/Release reference count-
ing and return to a reuse pool at zero count. To avoid re-

dundant upstream fetches when multiple threads request

the same block concurrently, a PendingOpsManager dedu-

plicates in-flight requests. Only the first caller fetches the

block, while the others wait for its result. We raise Go’s soft

memory limit to 1GiB so GC cycles are infrequent.

The RDMA path (RoCE v2 over standard Ethernet) regis-

ters a pool of fixed-size 128 KiB bounce buffers at startup and

pipelines transfers in chunks. RDMA capability is probed per

connection. Failures fall back transparently to TCP. Cache-

Root transport may be bound to a dedicated NIC to isolate

cold-start bursts from intra-cluster P2P.

4.4 Implementation Complexity
CacheFS comprises ∼30k lines of Go (production code, ex-

cluding tests, vendored libraries, and protobuf-generated

stubs) and a ∼500-line C++ shim bridging coroutine RPC via

CGo, with the cache store (9.3k), VFS (5.6k), metadata engine

(2.6k), Serf cluster (1.3k), and transport (0.7k+0.3k) forming

the core.

All VFS write entry points return EROFS immediately, elim-

inating subsystems that a read-write file system requires:

journaling, transaction coordinators, write-coalescing buffers,

dirty-page tracking, copy-on-write block mapping, and meta-

data transactions. This keeps the implementation focused

on the read-only model-loading path rather than general

file-system updates. The metadata engine implements only

Lookup, ReadDir, GetAttr, ReadLink, and LoadMeta, with
no inode allocation, parent-pointer maintenance, quota, or

ACL/xattr. The central new mechanism, hash-aware cooper-

ative eviction, requires roughly 200 lines.

5 Evaluation
We evaluate CacheFS along eight dimensions: (1) end-to-end

model distribution (§5.2); (2) CacheRoot cold-start accelera-

tion (§5.3); (3) scalability with burst size (§5.4); (4) data-plane

throughput and access-interface overhead (§5.5); (5) the proac-

tive preload mechanism (§5.6); (6) per-instance latency dis-

tribution (§5.7); (7) hash-aware eviction under cache pres-

sure (§5.8); and (8) ablation and production deployment ex-

perience (§5.9, §5.10).

5.1 Experimental Setup
Hardware and software. Production loads (§5.2, §5.3) run

on GPU inference servers across three vendor GPU classes (a

prior-generation 8×GPU server, a current-generation 8×GPU
server, and an extended-memory variant). Scalability mi-

crobenchmarks (§5.4) use general-purpose VMs at three NIC

tiers: Node-10G, Node-16G, and Node-25G. Node-16G is the
cloud’s standard high-bandwidth tier with 16Gbps steady

and 32Gbps burst. The transport microbenchmarks (§5.5)

use 200Gbps NICs for TCP and 400Gbps NICs for RDMA

(RoCE v2). The production storage configurations provide

1–5Gbps per client. All experiments run on Linux. Produc-

tion services use Kubernetes orchestration, with vLLM and

SGLang as inference engines. CacheFS uses 128MiB blocks

in production and in the model-file experiments. Other de-

faults are a 128GiB in-memory cache, 24-block prefetch,

hash-aware eviction, 100 virtual nodes per physical node,

200ms gossip interval, 30s peer timeout, and 15s blacklist.

The file-read experiments in §5.6–5.8 use safetensors on
general-purpose VMs (96 vCPU, 384GiB RAM, 32Gbps base-

line and 48Gbps burst bandwidth) to reproduce SGLang’s

model-loading I/O without requiring GPUs.

Models and baseline. We evaluate seven production mod-

els ranging from 62GB to 643GB. They are Qwen2.5-32B and

Qwen2.5-72B, Qwen3-32B and Qwen3-235B [41], MiniMax-

M2, DeepSeek-R1, and DeepSeek-V3.2 [13]. Except for the

Qwen2.5-72B 50-instance result, whose baseline is cloud NFS,

all other experiments that access upstream storage use cloud

object storage as the baseline or source.

5.2 End-to-End Model Distribution
Figure 4 summarizes end-to-end model distribution for three

production models, all measured during real inference scale-

out. The plotted values are from one production scale-out

event per model. The microbenchmarks in §5.4, §5.6, and §5.8

are averaged over at least three runs and report distributions.

Scale-out results. For Qwen2.5-72B with cloud NFS, all

50 instances contend for upstream bandwidth, requiring ∼28
minutes for the batch. With CacheFS, a few provider nodes

seed the model, and subsequent instances fetch from peers.

The 50-instance scale-out completes in 30 seconds, a 56×
speedup. The P2P path replaces NFS’s𝑂 (𝑁 ) contention with

𝑂 (log𝑁 ) propagation. With cloud object storage, Qwen2.5-

72B requires 787s per instance at 𝑁=10 and 6,666s per in-

stance at 𝑁=100. CacheFS reduces the 𝑁=100 per-instance

read time to ∼150s (§5.6), a 44× speedup. Aggregate through-

put remains nearly flat at 13.8 Gbps and 16.3 Gbps as concur-

rency grows tenfold, indicating a shared upstream bottleneck

rather than a client-NIC limit. The warm-path NIC-scaling

result in §5.9 independently confirms that client NIC band-

width is not the ceiling. We did not isolate the storage, gate-

way, and network contributions. If upstream storage already

meets the burst-readiness target, CacheFS provides less ben-

efit on the cold path. Warm peer-served waves still reduce

backsource to approximately 0.3% or less (§5.4).

Per-node results. DeepSeek-R1 per-node load drops from

∼19 minutes to 200s (82.5% reduction). The remainder is

dominated by host-to-device transfer and framework init,

confirming the storage bottleneck is gone. For Qwen3-235B

(∼470GB), per-node startup drops from 6minutes to 60s (6×).
End-to-end startup (with container scheduling, image pull,

and runtime init) drops ∼9.4 minutes→∼4.3 minutes. Both
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Figure 4. End-to-end model distribution time. The Qwen2.5-
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reduction), and 6×, respectively.
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Figure 5. CacheRoot and P2P acceleration across three pro-

duction models. The direct baseline in both panels is cloud

object storage. (a) P2P improves weight retrieval time by

3.6–6.4×. (b) P2P reaches up to 43.6 Gbps for DeepSeek-V3.2.

the 6-minute baseline and the 60-second result include frame-

work initialization. The 6× improvement therefore combines

CacheFS’s weight-retrieval reduction (∼5.5 minutes→∼45s)
with the companion runtime’s reduction of framework ini-

tialization. Other startup phases account for most of the

remaining time.

5.3 CacheRoot vs. P2P Acceleration in Production
We isolate CacheRoot’s contribution from intra-cluster P2P

by measuring two distinct production scale-out phases on

three models. Cold-start (CacheRoot): a fresh deployment

where the user-cluster cache is empty and all blocks must

be fetched from the pre-warmed CacheRoot tier. Scale-out
(P2P): a subsequent burst into a cluster whose prior wave has
already warmed the P2P cache, so blocks are served entirely

by intra-cluster peers. Figure 5 summarizes the results.

CacheRoot reduces cold-start weight retrieval time by

3.1–4.6× across the three models. Subsequent P2P-served

scale-out further improves to 3.6–6.4× and reaches up to
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Figure 6. Scale-out completion time vs. burst size. Without

CacheFS, time grows with cluster size as instances contend

for shared upstream bandwidth. With CacheFS, once the P2P

cache is warm (after the first wave), completion time remains

near-constant regardless of burst size. High-bandwidth NICs

(Node-16G, 16–32Gbps) further reduce absolute time com-

pared to 10Gbps nodes.

43.6 Gbps for DeepSeek-V3.2. For Qwen3-32B, E2E service

readiness falls from 103s to 58s. For models that exceed the

in-memory cache quota, a disk-backed cache variant trades

throughput for capacity (13.9–15.6Gbps) while remaining

well above the baseline.

5.4 Scalability with Burst Size
We test how CacheFS scales with burst size by issuing pro-

gressively larger waves of Qwen2.5-32B (63GB, 30 files). The

first wave populates the cooperative cache from upstream.

Subsequent waves are served primarily by the warm P2P

layer.We report per-wave completion time (themean elapsed

time for newly added instances to finish loading) and the

fraction of data served from peers vs. source (Figure 6).

High-bandwidth (Node-16G, 16–32Gbps). The first 10-

instance wave has a mean completion time of 33s and mean

upstream reads of 9.7 GiB/instance. Once warm, subsequent

bursts complete in 12–15s regardless of 𝑁 : 50→100 in 12.4s,

100→200 in 13.6s, and 200→400 in 14.5s with approximately

0.3% backsource. Completion time is effectively independent
of 𝑁 once the cooperative cache warms.

Moderate-bandwidth (Node-10G, 10Gbps). With gRPC

tracker exchange (§3.3), CacheFS achieves 55s for 100→200

and 56s for 200→400. The 200→400 wave records less than

0.3% backsource. Without tracker exchange, 100→200 takes

83s with mean upstream reads of 2.1 GiB/instance. For the

100→200 wave, mean completion time falls from 485s with-

out CacheFS to 55s with CacheFS and tracker exchange, a

8.8× speedup (Figure 6). Warm-cluster waves fetch nearly

all data from peers. gRPC tracker exchange reduces com-

pletion time by 34% at large 𝑁 . Completion time also scales



gRPC
TCP

coro-rpc
TCP

1×200G

coro-rpc
RDMA
1×400G

coro-rpc
RDMA
2×400G

0

100

200

300

400

500

Pe
r-h

os
t t

hr
ou

gh
pu

t (
G

bp
s)

29

140

360

485

(a) Transport

CacheFS
FUSE

CacheFS
SDK

tmpfs
0

5

10

15

20

40
-G

iB
 se

qu
en

tia
l r

ea
d 

(G
iB

/s
)

5.9

18.4 19.3

(b) Access interface

Figure 7. (a) Per-host data-plane throughput under multi-

connection aggregate workloads. coro-rpc/TCP (140Gbps,

model-distribution path) achieves 4.8× gRPC throughput. Op-

tional coro-rpc/RDMA reaches 360Gbps on a single 400Gbps

NIC and 485Gbps as a two-NIC aggregate for fast-startup

scenarios. (b) Access interfaces on a 40GiB warm-cache read.

The SDK achieves 3.1× FUSE throughput and is within 5%

of tmpfs. FUSE remains the model-distribution path and is

not the bottleneck for bandwidth-bound weight loads.

with available NIC bandwidth (55s at 10Gbps vs. 14.5s at

16–32Gbps).

5.5 Throughput and Access Interface
Figure 7(a) reports per-host data-plane throughput under a

multi-connection aggregate workload. The TCP benchmarks

use hosts with 200Gbps NICs, while the RDMA benchmarks

use RoCE v2-capable hosts with 400Gbps NICs. Over TCP,

coro-rpc reaches 140Gbps on a single 200Gbps NIC. This is

4.8× gRPC throughput, due to avoiding Protobuf serializa-

tion and using coroutine scheduling. This is the path used by

the production workload of §5.2–5.8. Over RDMA, coro-rpc

sustains 360Gbps on a single 400Gbps NIC and 485Gbps

with two such NICs aggregated. Beyond two NICs, aggregate

throughput plateaus (likely due to memory pages not being

pre-faulted) and remains open work. We use the RDMA path

for latency-critical fast-startup scenarios.

Figure 7(b) reports access-interface throughput on a 40GiB

sequential warm-cache read. The SDK achieves 18.4 GiB/s,

which is 3.1× FUSE throughput andwithin 5% of tmpfs. It by-
passes the FUSE kernel–userspace round-trip via direct dae-

mon communication and memfd-based zero-copy (§4.1). The

SDK is used by the companion fast-startup runtime that is

read-overhead-sensitive. The production model-distribution

path uses FUSE for transparent POSIX compatibility and is

bandwidth-bound.

5.6 Proactive Preload
We next quantify the proactive preload mechanism described

in §3.4. In production, vLLM and SGLang spend 30–60s on

container start, framework initialization, and shard planning

before they read the first weight byte. Preload converts that

idle window into useful background work by fetching the tar-

get model into the local cache (and, with --broadcast, into
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Figure 8. Effect of a 60s proactive preload window on per-

instance read time across eight scale-out waves of Qwen2.5-

72B. Preload reduces read time by 7–41% (mean 27%). Extend-

ing the window to 200s on the warm 10→100 wave further

drops read time from 128.4s to 29.5s (measured separately).

the entire Serf cluster) ahead of demand.We replicate this sce-

nario by running the same model-loader that vLLM/SGLang

invoke (safetensors) after a configurable preload sleep.

Setup. We load Qwen2.5-72B (136GB, 37 safetensor files)

on general-purpose VMs (96 vCPU, 384GiB RAM, 32Gbps

baseline and 48Gbps burst bandwidth). We use 128MiB

blocks, 24-block read-ahead, and a 128GiB in-memory cache.

GPUs are not required because the test only exercises file

reads. A configurable sleep emulates the framework initial-

ization window. We run the scale-out sequence [10, 20, 50,

100, 0, 10, 0, 20, 0, 50, 0, 100] (the second half drops to zero

between waves to test cold-from-zero behavior), reporting

per-instance mean read time with and without a 60s preload

window.

Results. Figure 8 shows preload reduces read time by 7–

41% across all eight waves (mean 27%). On warm-cluster
waves (0→10→20→50→100), the reduction is a consistent

35–41% from overlapping P2P fetches with framework init.

On cold-from-zero waves, the cluster is reset to empty before

each burst, so preload fetches from upstream into an empty

cluster. The gain shrinks with 𝑁 as the 60s seed window

covers a smaller fraction of total bytes (26% at 𝑁=20 falling

to 7% at 𝑁=100). A longer preload window further reduces

read time. With a 200s preload, the warm 10→ 100 wave

drops from 128.4s to 29.5s (measured separately). The benefit

comes from overlapping weight retrieval with framework

initialization and from eliminating P2P/backsource hops at

read time.

5.7 Tail Latency
Mean read time hides cold-start tail behavior, which mat-

ters when each pod becomes ready independently. Figure 9

reports min/P50/P90/max per-instance read time for the

same 8-wave run. Warm-cluster waves are tightly clustered

(P90/min<1.2, max/min<1.4). On the 50→100 wave, P90 is

31.1s, 1.07× the mean. Cold-from-zero waves widen with 𝑁

(min–max spread grows from 21s at 𝑁=10 to 53s at 𝑁=100),
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Figure 9. Per-instance read time distribution (min, P50, P90,

and max) across eight Qwen2.5-72B scale-out waves (60s

preload). Warm waves (10 → 20 → . . . → 50 → 100) are

tightly clustered. Cold-from-zero waves widen with 𝑁 but

exhibit no long tail (P90 remains within 5% of the maximum

at 𝑁=100).

but exhibit no long tail. At𝑁=100, P90 is about 10% above the

mean and within 5% of the maximum. Epidemic distribution

bounds the slowest instance close to the median.

5.8 Hash-aware Eviction under Cache Pressure
A consumer cache that is smaller than the working set must

evict. The question is which blocks to remove. CacheFS’s

hash-aware eviction (§3.4) deliberately retains blocks for

which the local node is the consistent-hash owner and dis-

cards the rest, so that the union of caches across the cluster

converges toward one copy of every block. We compare it

against 2-random, a classical policy that selects two candi-

dates uniformly at random and evicts the older.

Setup. Per-node cache is limited to 60GiB, less than half

the 136GB working set. Every node must therefore evict.

We exercise two patterns: a cold 0→ 3 burst and a 3→ 4

burst that admits a fourth node into a cluster where the prior

three have evicted to fit. We report mean per-instance read

time and the average number of backsource fetches per node.

This is a policy-to-policy comparison under identical cluster

and workload conditions.

Results. As Figure 10 shows, hash-aware eviction halves

read time in the cold burst (247.6 vs. 474.8s, 1.92×) and cuts

backsource amplification from 2,266 to 991 blocks per node.

The difference is larger on the 3→4 wave. With hash-aware

eviction, the three earlier nodes collectively hold every block,

so the new node fetches entirely from peers (0 backsource,
113.7s), while 2-random’s overlapping evictions leave some

blocks absent from all peers, forcing 831 backsource fetches

(260.2s, −56%). Retaining different blocks on different nodes

allows the union of local caches to behave like one cluster-

sized cache, even when no individual node holds the model.
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Figure 10. Hash-aware vs. 2-random eviction under cache

pressure (60GiB cache, 136GB Qwen2.5-72B working set).

(a) Hash-aware halves read time on the cold 0→3 burst and

is 2.3× faster on the 3→4 wave. (b) Backsource amplification.

Hash-aware drives the 3→4 wave to zero upstream fetches.

The cluster’s combined cache covers the entire model.
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Figure 11. Ablation results. Left: gRPC tracker exchange

reduces 100→200 scale-out time by 34% (83s → 55s). Right:
With tracker exchange enabled, increasing NIC bandwidth

from 10 to 25Gbps reduces completion time from 55s to 27s.

5.9 Ablation and Sensitivity
gRPC tracker exchange. On Node-10G with a 100→200

burst, we compare the Serf-based tracker bootstrap with

gRPC tracker exchange (§3.3). Without it, mean completion

time is 83s with mean backsource reads of 2.1 GiB/instance.

With the exchange, mean completion time drops to 55s (34%
reduction) with zero backsource (Figure 11 left). The im-

provement comes from obtaining the initial tracker view

directly from existing peers, avoiding incomplete tracker

views during the join burst.

NIC bandwidth sensitivity. With tracker exchange en-

abled, raising NIC bandwidth from 10 to 25Gbps (2.5×) re-
duces 100→200 completion from 55s to 27s (approximately

2×), broadly tracking the increase in available bandwidth

(Figure 11 right).

CacheRoot ablation. Figure 5 shows that CacheRoot im-

proves first-wave cold-start by 3.1–4.6× across all three pro-

duction models. Once warm, subsequent scale-out bypasses

CacheRoot entirely and reaches up to 43.6 Gbps.



Control-plane scaling. On Node-16G, mean completion

time increases only slightly from 13.6s at 100→200 to 14.5s

at 200→400. Backsource at 400 nodes is approximately 0.3%,

consistent with fast metaMap convergence.

5.10 Production Deployment
CacheFS has been in production for >18 months, serving

a fleet at the hundred-thousand-GPU scale across four re-

gions and covering a majority of the platform’s inference

GPUs. The production fleet uses both cloud NFS and object

storage as upstream backends. The results in this subsec-

tion are production observations rather than controlled A/B

measurements.

Deployment timeline. CacheFS went live in November

2024 on a single-tenant deployment, expanding within two

months to a multi-tenant fleet at the tens-of-thousands-of-

GPUs scale. Hash-aware eviction was enabled by default

from the first release. CacheRoot was introduced in Sep-

tember 2025 in response to a cloud public-model registry

whose cold-start batches pulling shared public models from

object storage saturated upstream egress. We now deploy

one CacheRoot cluster per region across four cloud regions.

GPU-hour savings. The system saves more than 7,700
GPU card-hours per day by reducing warm-standby pools.

Previously, pools were sized to the peak burst (30–40% of

peak instance count). CacheFS reduces wave completion be-

low the autoscaler interval, allowing pools to be sized to

average demand. It removes the dominant storage bottle-

neck, while a companion fast-startup runtime (outside the

scope of this paper) reduces framework initialization. The

combined effect enables the pool reduction. The 7,700 card-

hours represent one day on a current-generation GPU fleet (8

cards/instance, spanning Qwen2.5/3 and DeepSeek-R1/V3).

Operational notes. Four observations from the deploy-

ment have shaped how we operate CacheFS at scale. (i) The
first wave still matters. Even with CacheRoot pre-warming,

the very first batch of a new model behaves measurably

worse than later waves. We now schedule a small priming
wave (3–5 instances) ahead of expected demand whenever a

new model is published, so the user-visible first batch never

hits a fully cold cluster. (ii) Cache pressure has shifted from
rare to dominant. When most models were under ∼50GB,
fewer than 5% of pod-hours ran with 𝑁𝐶 < 𝐵, and hash-

aware eviction (§5.8) was exercised only on the tail. As

model sizes have grown, this fraction now exceeds 60%, and

hash-aware eviction has become the cluster’s most-exercised

mechanism. (iii) Cross-version heterogeneity surfaces at the
CacheRoot boundary, not within deployments. Per-deployment

isolation keeps each user cluster on a single CacheFS version,

but user clusters routinely talk to a long-lived CacheRoot tier

that may run an older or newer build. We rely on Protobuf’s

natural backward/forward compatibility (unknown fields are

Table 1. Summary of key evaluation results.

Result Improvement §
Qwen2.5-72B, 50-inst. vs. NFS 56× (28min→30s) 5.2

Qwen2.5-72B, 100-inst. vs. obj. storage 44× (111min→150s) 5.2

DeepSeek-R1, per-inst. vs. obj. storage 82.5% (19min→200s) 5.2

Qwen3-235B, per-inst. vs. obj. storage
†

6× (360s→60s) 5.2

DS-V3.2, P2P rate vs. obj. storage 43.6 Gbps (6.4×) 5.3

coro-rpc TCP vs. gRPC 4.8× (29→140Gbps) 5.5

SDK vs. FUSE 3.1× (5.9→18.4 GiB/s) 5.5

60s preload (warm) −35–41% 5.6

Hash-aware vs. 2-random (3→4) 0 vs. 831 backsource/node 5.8

GPU-hours saved per day 7,700+ 5.10

†
With the companion fast-startup runtime.

ignored) and use only additive schema changes. This is suf-

ficient to let mixed-version clusters coexist without coordi-

nated migration. (iv) CacheFS clusters are per-deployment, not
fleet-wide. Separate Serf groups provide logical deployment

separation. Security relies on infrastructure-level isolation

(§6.3).

Table 1 consolidates the key results.

6 Production Experience and Lessons
6.1 Lessons from Production
Gossip alone is not a reliable substrate for high-volume
state convergence. CacheFS uses Serf User Events for

runtime block-ownership announce/revoke. Its original join-

time bootstrap used a CacheFS-defined dump event over Serf.

In CacheRoot, heavier cross-deployment traffic left joiners

with incomplete tracker views, causing unnecessary back-

source reads. We replaced this bootstrap with gRPC tracker

exchange (§3.3) for both large startup bursts and CacheRoot

joins. Each joiner exchanges tracker state with existing peers

and periodically reconciles with a random peer (default in-

terval 120s, configurable). During large startup bursts, Go

GC overhead also reduced the network throughput of gRPC

tracker exchange. We raised Go’s soft memory limit to 1 GiB

to reduce GC frequency (§4.3). Runtime announce/revoke

remains on Serf. Gossip suits steady-state membership and

incremental events, while full-state bootstrap benefits from

a direct request-response path that does not compete with

the event stream.

Preload trumped read-ahead. The original prefetch de-

sign carefully tuned read-ahead window depth. In produc-

tion, the most impactful intervention turned out not to be

read-driven prefetch but proactive preload during frame-

work init. vLLM and SGLang spend 30–60s on container

start, CUDA initialization, and shard planning before the

first weight byte is requested. Preload uses this idle window

to warm the local cache. Whether it can cache the entire

model depends on cache capacity, available throughput, and

the window’s duration. A single --broadcast flag fans the



warm-up to every node in the cluster in one RPC. The les-

son is to look for application-level idle windows rather than

tuning the data path further.

The OS OOM killer is the dominant failure mode. Our

initial implementation allocated cache buffers on the Go

heap. With the default GOGC=100, Go’s heap target is ap-

proximately twice the live heap. Delayed reclamation of

evicted buffers could therefore cause memory consumption

to approach twice the configured cache size, resulting in

OOM-induced restarts. We moved cache pages off-heap via

memfd_create() and mmap, and managed their lifetime with

explicit reference counting (§4.3), separating cache memory

management from GC scheduling.

Co-located inference workloads can still exhaust host

memory. Because CacheFS uses otherwise idle RAM and

is often the largest non-kubelet process on a node, it is a

likely OOM victim. Production therefore sizes the cache as a

fraction of host RAM, subject to a minimum cache size, and

adjusts the daemon’s OOM score_adj relative to inference

containers and critical system processes. The evaluation uses

fixed cache sizes.

6.2 Why Not Existing Systems?
From an operational perspective, we considered and rejected

three alternatives. 3FS [14] was not open-sourced until Feb-

ruary 2025, after CacheFS shipped in November 2024. As

a full read-write file system, it includes chain replication

and FoundationDB metadata that our read-only workload

does not require. The Alluxio design [27] uses a centralized

master for metadata management. Dragonfly [8] requires

centralized schedulers and a Redis state store [40], exposes no

POSIX interface, and targets layered OCI images rather than

hundreds-of-GB weight blobs. CacheFS instead uses gossip

membership and consistent-hash placement. Its tracker and

data path run within each deployment, without a separate

master, scheduler, ZooKeeper, or Redis service.

6.3 Limitations and Threats to Validity
CacheFS uses plaintext intra-cluster transport and relies

on infrastructure-level isolation (VPC, namespace scoping).

Each deployment runs an isolated Serf group (§5.10), pro-

viding logical separation between deployments. However,

within a single CacheFS cluster there is no data-plane au-

thentication. Serf group tags prevent accidental cross-cluster

mixing but are not adversary-grade. mTLS and attested Serf

joins are planned for deployments requiring intra-cluster ten-

ant isolation. Our quantitative measurements use cloud NFS

and object storage because these are the production plat-

form’s storage backends. A same-hardware head-to-head

comparison with 3FS or Dragonfly remains open work. The

reported end-to-end gains therefore reflect both coopera-

tive P2P caching and the configured upstream paths. The

evaluation does not separate their individual contributions.

We have not evaluated CacheFS on general VM or container

content-distribution workloads. CacheFS does not provide

cross-node single-flight for upstream misses. Multiple nodes

may fetch the same block before gossip propagates the new

ownership announcement. Graceful-degradation behavior is

observational, not from controlled fault injection. CacheFS

is tuned for read-only, full-file, homogeneous reads. Work-

loads with fragmented or random-access patterns (e.g., LoRA

adapters) fall outside our current policies.

6.4 Open Directions
Four extensions are under exploration. Mutable artifacts: a
generation-tagged (target, gen) key extends immutable-

snapshot metadata to KV-cache state (shared across requests

or nodes for prefix reuse) and fine-tune deltas at the cost of

a per-generation miss. Scheduler-integrated preload: issuing
preload at K8s admission time rather than from the frame-

work’s init script would overlap preload with image pull and

further reduce the remaining cold-start window. GPUDirect
RDMA: streaming blocks directly into GPUmemory removes

the PCIe host-to-device hop for the largest models. Memory-
resource coordination with KV-cache systems: CacheFS and

KV-cache offloading systems (e.g., Mooncake [33], vLLM

CPU offload) both target host idle memory. CacheFS and

KV-cache offloading currently set their memory limits inde-

pendently even though both draw from the same host-DRAM

pool. A coordinated allocator could shift memory between

model weights and KV state as scale-out demand and ac-

tive context length change, reducing contention and OOM

events.

7 Related Work
General-purpose distributed file systems. Ceph [39],

Lustre [35], GPFS [34], HDFS [36], and JuiceFS [23] provide

read-write semantics via centralized metadata services opti-

mized for mixed workloads. CacheFS specializes consumer-

side cache cooperation for burst weight loading, allowing

consumers to serve cached blocks to peers.

AI-oriented storage. 3FS [14] is a high-throughput dis-

tributed file system with chain replication, FoundationDB

metadata, and an RDMA data plane for AI training/inference.

3FS is optimized for RDMA networks, whereas CacheFS

supports TCP-only deployments with optional RDMA ac-

celeration. 3FS’s reported per-client peak is ≈320Gbps on
InfiniBand. The key architectural difference is that 3FS in-

cludes a write path, replication protocol, and metadata ser-

vice that our read-only workload does not require, even if it

could be co-deployed on inference hosts. CacheFS assumes

no storage ownership. Training, model updates, and durable

storage remain upstream, while cache replication follows

inference-replica homogeneity. The two systems are com-

plementary. CacheFS reuses memory on inference hosts for



model distribution, whereas 3FS provides a read-write stor-

age system. Tensorizer [10] accelerates per-process tensor

loading but does not share state across nodes. Quiver [25]

and Fluid [19] apply training-aware caching to data lakes.

Their random-access shuffled-sample working sets do not

transfer to inference cold-start.

LLM cold-start and serving. Recent LLM systems op-

timize different stages of startup and serving: Serverless-

LLM [16] reduces cold-start via fast multi-tier checkpoint

loaders; vLLM [26] and SGLang [43] manage KV-cache mem-

ory; DistServe [44] and Splitwise [32] disaggregate prefill and

decode; Llumnix [37] live-migrates requests; AlpaServe [29]

multiplexes model parallelism. CacheFS accelerates weight

delivery to an instance and complements these serving sys-

tems. CachedAttention [17],Mooncake [33], and LMCache [7]

cache KV-cache state rather than model weights. We discuss

resource coordination with these systems in §6.4.

P2P content distribution. Dragonfly [8] and Kraken [38]

accelerate container-image distribution at the HTTP layer

with centralized schedulers, in the spirit of BitTorrent’s

swarm protocol [9], but neither exposes POSIX. Adjacent

work includes Slacker [20], DADI [28], Starlight [6], and

analyses of registry workloads [2]. These systems accelerate

container-image pull by reorganizing image layout or en-

abling lazy block-level fetches, but inherit the layered/OCI

semantics rather than the single-file, gigabyte-scale weight-

blob shape that CacheFS specializes for. A recent TON pa-

per [40] extends Dragonfly with a graph-learning-based

scheduler for large-model distribution, but its centralized

scheduler + Redis architecture is the pattern CacheFS avoids,

and its testbed operates at ∼20× lower per-node bandwidth

with ∼14× smaller artifacts than our environment. These sys-

tems can distribute model bytes. CacheFS addresses the need

to load all weight files before serving requests and reuses

data among replicas in the same scale-out burst (§2.3).

Distributed caching, gossip, consistent hashing. Co-

operative client-memory caching has a long lineage. xFS’s

serverless cache forwarding [1] and Dahlin et al.’s coopera-

tive caching study [11] both treat peer RAM as a tier between

local cache and disk. These designs assume a tightly-coupled

cluster, a centralized metadata authority, or a writable work-

load, none of which match the read-only, gossip-only LLM

weight-loading regime. The Alluxio design [27] provides

memory-speed access with master-managed metadata. Mem-

cached [31] exposes key–value objects, but does not provide

file semantics or coordinate retention across nodes. Cache-

Lib [3] is an in-process engine. RobinHood [4] reallocates

cache capacity across backends for tail-latency reduction at a

different layer. With hash-aware cooperative eviction, nodes

use consistent hashing to select blocks to retain, allowing

the cluster to approximate a single non-redundant cache

without centralized metadata. Unlike Dynamo-style systems

and consistent-hash load balancers (e.g., Maglev [15]) that

use the hash ring to route, CacheFS uses it only for retention,
while routing is data-driven over gossip [12, 21, 24], so the

cooperative cache is resilient to ring rebalancing without

coupling correctness to ring agreement.

8 Conclusion
CacheFS has operated for more than eighteen months across

four cloud regions on a fleet at the hundred-thousand-GPU

scale. Together with a companion fast-startup runtime, it

saves more than 7,700 GPU card-hours per day by reducing

warm-standby pools. The design combines hash-aware co-

operative eviction with sourceless P2P distribution, gossip

coordination, proactive preload, a coroutine-based TCP data

plane, optional RDMA, and a warm CacheRoot tier. These

mechanisms follow from the narrow LLM weight-loading

workload and the operational constraints observed in produc-

tion. Our production experience provides lessons on cache

coordination, preload timing, managed-runtime memory,

and fleet-scale operation.
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