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ABSTRACT

KV caching is essential for reducing redundant attention compu-
tation in LLM inference, yet existing memory-centric or storage-
centric approaches operate inefficiently in cloud environments due
to the bandwidth—capacity—cost coupling of cloud resources. Fur-
thermore, conventional hierarchical cache designs treat each tier
as a global pool and often incur substantial cross-tier data move-
ment, which in cloud deployments becomes inter-node network
traffic—an extremely scarce and expensive resource.

In this paper, we first analyze the bandwidth—-capacity—cost char-
acteristics of cloud memory and storage and derive practical guide-
lines for selecting and combining cloud resources for KV caching.
Building on these insights, we present PolarK'V, a cloud-native dis-
tributed KV cache pool deployed at scale in Alibaba Cloud. PolarKV
organizes disaggregated memory and cloud block storage into a
shard-paired, co-located hierarchy, treating memory as a bandwidth
tier and storage as a capacity tier. PolarKV breaks the “tier-as-a-
whole” abstraction: instead of migrating data between two global
tiers, it partitions both the memory tier and the storage tier into
aligned shards and performs tiering as shard-to-shard movement.
By co-locating each memory shard with its corresponding storage
shard on the same VM, PolarKV confines most tiering traffic to lo-
cal paths rather than the network, removing additional VM-to-VM
data movement network traffic. PolarKV is already commercially
available as an independent KV cache service on Alibaba Cloud,
enabling customers to connect inference engines such as vLLM
and SGLang through a lightweight library. In our evaluation across
controlled benchmarks and real production deployments, PolarKV
reduces time-to-first-token (TTFT) by up to 80%.
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1 INTRODUCTION

Large Language Models (LLMs) have rapidly become the foundation
of modern Al applications [1, 34, 51, 52]. Central to their success
is the Transformer architecture [42], whose attention mechanism
enables effective modeling of long-range dependencies. Yet autore-
gressive decoding imposes substantial computational and memory
overhead: each new token requires attending to the entire prefix.
KV caching mitigates this cost by storing previously computed
attention states [23, 36, 43], avoiding redundant computation and
enabling prefix sharing across requests.

A growing body of prior work has extended KV caching be-
yond GPU HBM by storing KV in host DRAM, remote memory or
distributed storage via distributed-file-system-based solutions [2,
11, 23, 36, 39, 55]. These designs demonstrate the usefulness of
multi-tier KV placement and work well on traditional fixed clusters.
However, they do not address the performance and cost character-
istics unique to large-scale cloud environments, where bandwidth,
capacity, and cost coupling, rather than raw capacity, dominate KV
cache efficiency.

In production cloud platforms, we observe several fundamental
operational constraints that limit existing KV cache designs. First,
storage is not always cheaper: the bandwidth of cloud block stor-
age (CBS) is tightly coupled to provisioned capacity, so achieving
high throughput often requires reserving large volumes, making
high-end storage tiers nearly as costly as memory. Moreover, CBS
must be attached to VMs whose network bandwidth can sustain
the storage bandwidth, and VM network bandwidth is itself tied to
instance specifications; thus, using high-bandwidth CBS frequently
forces provisioning oversized VM types with excessive CPU and
memory resources, further inflating deployment cost. Second, dis-
aggregated memory can be significantly underutilized, as its
effective throughput is bounded by per-instance network band-
width, which scales with the VM specification rather than with
actual memory demand; guaranteeing sufficient remote-memory
bandwidth often requires large instances, again increasing cost but
with more memory resources. Third, a hierarchical design is nec-
essary, but classical hierarchies fail in the cloud: given these
constraints, neither memory-only nor storage-only designs offer a
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viable performance—-cost envelope. A hybrid memory-storage hier-
archy becomes essential. However, existing hierarchical systems
often treat memory and storage as two independent global pools.
As a result, tiering operations frequently translate into inter-node
data movement. In the cloud, such tiering traffic typically traverses
VM-to-VM networks, where bandwidth is scarce, costly, and tied
to instance specifications. Consequently, classical hierarchical de-
signs suffer from severe network bottlenecks and require expensive
over-provisioning, negating their intended benefits.

These observations highlight the need for a cloud-native KV
cache architecture that jointly reasons about memory, storage,
bandwidth, and VM-level constraints, rather than directly port-
ing traditional hierarchical caching techniques into the cloud.

To address these challenges, we present PolarKV, a cloud-native
distributed KV cache pool designed and deployed at scale on Alibaba
Cloud. PolarKV adopts a shard-paired, co-located hierarchical
architecture that unifies disaggregated memory and cloud block
storage within each memory-node VM. In this design, memory
serves as a bandwidth tier, while storage provides elastic capac-
ity, enabling PolarKV to scale efficiently with cloud resources.

PolarKV breaks the “tier-as-a-whole” abstraction. Instead of treat-
ing memory and storage as two global pools and migrating data
across tiers at cluster scope, PolarKV partitions both tiers into
aligned shards and performs tiering as shard-to-shard movement.
By co-locating each memory shard with its corresponding storage
shard on the same memory-node VM (via directly attached cloud
block storage volumes), PolarKV confines most tiering traffic to
intra-VM data paths, largely removing network bandwidth from
the critical tiering operations.

Architecturally, PolarKV externalizes KV management as an
independent service, consisting of (i) a distributed memory layer,
(ii) a co-located storage layer paired with memory shards, and
(iii) a metadata service that tracks KV placement and lifecycle.
Building on our prior distributed memory pool [8, 49], PolarKV adds
production-grade metadata management and direct block-storage
integration while avoiding distributed file-system overheads and
dedicated storage VMs. Correctness is preserved by falling back to
local recomputation on cache misses or failures.

By decoupling KV cache placement from inference execution,
PolarK'V enables KV cache to be shared across nodes, allowing suc-
cessive requests of the same session to reuse KV cache even when
scheduled on different nodes. It has been commercially deployed as
an independent KV cache service on Alibaba Cloud and integrates
with mainstream inference engines, including vLLM and SGLang,
through a lightweight client library. Importantly, this integration
is non-intrusive: users can enable PolarKV by simply installing
the client library and configuring the service endpoint, without
any changes to vLLM or SGLang. This drop-in design significantly
lowers adoption cost and allows PolarKV to serve as a reusable KV
cache backend for existing and evolving LLM serving stacks.

We summarize our main contributions as follows:

e We conduct an empirical analysis of cloud memory and block
storage, showing how bandwidth-capacity—cost coupling fun-
damentally constrains KV cache performance. Based on these
observations, we derive practical guidelines for cost-effective KV
caching by appropriately combining cloud memory and storage.

e We introduce a shard-paired, co-located hierarchical architecture
that treats memory as a bandwidth tier and storage as a capacity
tier. The key idea is to break the “tier-as-a-whole” abstraction
by partitioning both tiers into aligned shard pairs and perform-
ing tiering as local shard-to-shard movement within each VM,
thereby keeping tiering traffic off the network-critical path.

o Building on this architecture, we implement PolarKV as a dis-
tributed KV cache system that materializes the shard-paired,
co-located design by directly attaching cloud storage to memory-
serving nodes. This implementation reduces network bandwidth
overhead, simplifies tiering logic, and enables efficient scaling
with cloud resource elasticity.

o We evaluate PolarKV under diverse workloads on Alibaba Cloud,
including controlled microbenchmarks, public long-context bench-
marks, and a representative case study from large-scale online
deployments, demonstrating its performance and cost efficiency
in large-scale LLM serving environments.

The rest of this paper is organized as follows. First, we present
the background and motivation in Section 2. Then we provide
PolarKV’s overview and detailed design in Section 3 and Section 4.
Next, we evaluate PolarKV in Section 5 and review the related work
in Section 6. Finally, we conclude the paper in Section 7.

2 BACKGROUND AND MOTIVATION
2.1 Background on LLM Inference

LLM inference. Most LLMs adopt decoder-only Transformer
architectures [42] and generate tokens autoregressively: given a
prompt, the model predicts the next token one step at a time until
an end-of-sequence (EOS) symbol is reached. Figure 1 illustrates
the LLM inference process, which typically consists of two phases:
prefill and decode. During prefill, it processes all input tokens to
generate the initial output token, which usually results in high
computational complexity. Since the computational complexity of
attention mechanisms scales quadratically with input length, the
computation time in the prefill phase generally grows superlinearly
with input length. In contrast, during decode, tokens are generated
autoregressively one by one based on previously produced outputs
until reaching the EOS marker.

KV cache. At the heart of Transformer inference lies the self-
attention mechanism, which enables the model to capture long-
range dependencies across tokens. Given an input sequence of
hidden states X = [x1, X2, ..., xn], each attention layer computes:

oK™
Vi
where Q = X Wo, K = XWkg, and V = XWy are the query, key,
and value matrices, respectively, and d. is the key dimension. Dur-
ing autoregressive decoding, for each newly generated token, the
model must form a new query Q; and compute its attention with
all previous keys [K1, Ky, ..., Ky—1] and values [V, Va, ..., Vi—1] to
predict the next token.

Figure 2 illustrates the attention process during inference. Given
input tokens x1, X, x3, the model first enters the prefill phase, pro-
cessing the full input sequence to compute the corresponding query,
key, and value matrices and generates the next token x4. In the

Attention(Q, K, V) = Softmax ( v, (1)
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Figure 1: Overview of the LLM inference pipeline

first iteration of the decode phase, the newly generated token x4
is appended to the previous context to form [x1, x2, x3, x4], which
the model uses to predict the next token. In each step, the model
attends to all previous tokens by recomputing K and V for earlier
positions, even though these representations remain unchanged.
This leads to substantial redundant computation—for instance,
K1, K2, K3, V1, Va, V3 are repeatedly recomputed at every decoding
step. As the sequence grows longer, the inference cost increases
quadratically with the sequence length.

To improve efficiency, modern LLMs cache the key and value
matrices in GPU memory. In subsequent decoding steps, when gen-
erating a new token x;, the model only needs to compute the current
token’s Oy = x:Wp, K¢ = x;Wk, and V; = x; Wy, while directly
reusing the cached {Ki}fz_ll and {Vi}f.;ll from previous tokens. This
KV cache mechanism eliminates redundant computation and signif-
icantly accelerates autoregressive generation. By reusing historical
keys and values, it reduces the per-token computation complexity
from O(n?) to O(n), enabling fast, scalable, and memory-efficient
inference—particularly critical for long-context applications.

Prefix cache. While the standard KV cache avoids redundant
computation during the decoding process of a single request, it
cannot exploit redundancy across different requests. In real-world
LLM serving, requests often share long common prefixes, such as
system prompts, shared contexts, or dialogue histories. However,
without cross-request reuse, each request must still perform prefill
computation for the shared prefix, leading to inefficiency.

To address this limitation, recent systems introduce prefix cache.
Instead of caching only the keys and values generated during the
current session, a preﬁx cache stores reusable attention states (i.e.,
precomputed K and V tensors) corresponding to frequently occur-
ring prefix segments. When a new request begins with a known
prefix, the model can directly load the corresponding cached KV
and skip the expensive prefill computation for that segment. This
approach extends the benefits of KV caching from intra-request
reuse to inter-request reuse, significantly improving end-to-end
throughput and latency for workloads with shared context. Prefix
caching has become a fundamental optimization in modern LLM
inference engines such as vLLM and SGLang, and has also attracted
increasing attention in the academic community [10, 26, 47].

KV cache stores. The capacity of GPU high-bandwidth memory
(HBM) is inherently limited and is primarily consumed by model
weights. As LLM context lengths continue to grow [22, 40], the
size of the KV cache increases proportionally, quickly exceeding
the remaining HBM capacity. This has motivated a line of work
exploring alternative KV cache storage layers on host memory,
remote memory, or storage to provide larger capacity at lower cost.
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Figure 2: Attention computation in prefill and decode stages

Mooncake [36] pools host memory across inference nodes to create
a shared KV cache pool. AIBrix [41] further extends this idea by
placing KV caches on disaggregated remote memory. LMCache [11]
uses host memory as its default KV store and exposes interfaces to
integrate external stores such as Mooncake. Other systems leverage
distributed file systems (e.g., 3FS [39]) to implement SSD-based KV
caches for improved cost efficiency, while AlayaDB [14] stores KV
entries inside a database. Although effective in fixed, on-premises
cluster environments, these systems do not account for the unique
performance and cost characteristics of large-scale cloud deploy-
ments. Moreover, beyond GPU HBM and local host memory, most
designs adopt a single-layer approach—either disaggregated mem-
ory or storage—rather than a hierarchy that jointly leverages both.
As a result, existing solutions fall short in balancing capacity, per-
formance, and cost under cloud resource constraints.

2.2 Characteristics of Cloud-Based KV Cache

Cloud storage is not always cheaper. Although cloud block
storage (CBS) is often viewed as a low-cost alternative for KV cache
placement, especially compared to memory, our analysis shows
that this intuition breaks down in real cloud environments. CBS
offerings such as AWS EBS [3], Azure Ultra Disks [4] and Alibaba
Cloud ESSD [12] exhibit a strong bandwidth—-capacity coupling:
higher bandwidth is available only when provisioning proportion-
ally larger storage volumes. As shown in Table 1 (using Alibaba
ESSD as an illustrative example), achieving multi-GB/s through-
put may require reserving terabytes of capacity, even in scenarios
where the KV cache itself is far smaller.

For many modern LLM deployments, especially during high-
throughput decoding, memory and I/O bandwidth—rather than
raw capacity—often becomes the dominant performance bottle-
neck [13, 18, 38]. KV cache access is highly bandwidth-intensive,
requiring sustained high-throughput reads/writes from memory
(and, when offloaded, from remote memory/storage), especially as
context lengths and concurrency increase, and as model sizes grow,
inflating the per-token KV footprint [23, 31]. In these cases, the



Table 1: Specifications of Alibaba Cloud ESSD Block Storage Tiers

Metric PL3

PL2 PL1 PLoO

Provisioned Bandwidth min(120 + 0.5 X C, 4000)
Maximum Bandwidth (MB/s) 4000
Saturation Capacity (GB) 7760

Cost (CNY/GB/month) 4

Cost at Max Bandwidth (CNY/month) 31040

Cost per GB/s of Bandwidth (CNY/month) 7946

min (120 + 0.5 x C, 750)

min(120 +0.5 X C, 350)  min(100 + 0.25 X C, 180)

750 350 180
1260 460 320

2 1 0.5
2520 460 160
3441 1346 910

C denotes the storage capacity in GB.

Table 2: Configuration and cost of selected Alibaba Cloud ECS instance types

Memory-optimized Family

Compute-optimized Family

Metric

r9ilarge r9ixlarge r9i.2xlarge r9i48xlarge c8ilarge c8ixlarge c8i.2xlarge c8i.48xlarge
vCPU count 2 4 8 192 2 4 8 192
Memory (GB) 16 32 64 1536 4 8 16 512
Network bandwidth (GB/s) 0.31 0.50 0.75 8.00 0.31 0.50 0.75 12.50
Monthly cost (CNY) 317.48 634.95 1269.91 32001.67 195.70 391.39 782.78 19618.40
Cost per GB/s of Bandwidth (CNY/month)  1024.13 1269.90 1693.21 4000.21 631.29 782.78 1043.71 1569.47
Cost per GB (CNY/month) 19.84 19.84 19.84 20.83 48.93 48.92 48.92 38.32

effective cost of storage is governed not by the per-GB price but
by the amortized cost per GB/s of usable bandwidth. Table 1 and
Table 2 show that this bandwidth-normalized cost for CBS can be
comparable to, or sometimes exceed, the bandwidth cost associated
with the VM instances that provide memory resources.

Additionally, CBS cannot be used standalone: block storage must
be attached to VM instances with sufficient network bandwidth
to match storage throughput and maximize performance. Since
network bandwidth scales with VM specification, high-bandwidth
storage deployments require high-end VM types, as shown in Ta-
ble 2, adding further cost. For example, 10 GB/s ESSD bandwidth
requires an ECS instance sustaining 10 GB/s network bandwidth,
substantially increasing total cost.

These characteristics are not unique to Alibaba Cloud; other
major providers offer storage with similar bandwidth—-capacity rela-
tionships. Overall, the operational cost of achieving high-bandwidth
KV access on CBS is significantly higher than implied by per-GB
pricing alone, and storage-only KV cache designs may not provide
the expected cost advantage for bandwidth-intensive workloads.

Cloud memory may be underutilized. Disaggregated mem-
ory pools in the cloud are typically built by aggregating DRAM
across VMs. While DRAM itself provides high raw bandwidth, its
effective bandwidth in a distributed memory pool is limited by the
hosting VM’s network interface. As shown in Table 2, memory-rich
instances often offer only modest network throughput. This mis-
match means that even multi-hundred-GB or terabyte-scale DRAM
configurations can become bandwidth-limited rather than capacity-
limited, leaving substantial portions of memory underutilized when
serving KV cache traffic from multiple inference engines.

Conversely, instances with higher network bandwidth often pro-
vide higher memory capacities and higher per-GB cost. Thus, mem-
ory capacity and memory bandwidth do not scale proportionally
in the cloud—an important but frequently overlooked operational
constraint. The cost-effective way to build a large DRAM pool is not
always to purchase the largest-memory instances; in many cases,
multiple smaller instances with higher aggregate bandwidth offer
better effective throughput for KV access.

Overall, these observations highlight that cloud memory, much
like cloud storage, does not offer a simple performance-cost trade-
off. A KV cache that naively treats DRAM as a uniformly high-
performance tier risks severe underutilization and unnecessary cost.
The cloud-native KV cache design must instead reason jointly about
memory capacity, usable bandwidth, and instance-level costs, rather
than treating memory as a monolithic high-bandwidth resource.

Memory-storage hierarchy becomes necessary. The above
observations reveal a fundamental asymmetry in cloud resources:
memory is a bandwidth resource, while storage is a capacity
resource. Cloud memory offers the only practical way to achieve
multi-GB/s to tens-of-GB/s effective bandwidth (by combining some
small VMs) for hot KV access, but scaling it for capacity is prohib-
itively expensive and often leads to bandwidth underutilization.
Conversely, cloud block storage provides elastic capacity at low
per-GB cost, but achieving sufficient bandwidth requires substantial
over-provisioning of both storage volume and high-bandwidth VM.

Because KV cache workloads may simultaneously require high
bandwidth for a small hot set and large capacity for the cold set,
neither memory-only nor storage-only designs can provide a sat-
isfactory performance—cost operating point. Instead, the natural
architectural consequence is a memory-storage hierarchy, where
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the memory tier serves as a bandwidth layer for hot KV data,
and the storage tier serves as a capacity layer for the colder KV
entries. This division aligns each cloud resource with its strengths
and avoids the inefficiencies of single-tier designs.

2.3 Hierarchical KV Caching Challenges

While hierarchical caching is a long-standing concept in storage and
memory systems [21, 32, 38, 44], applying it directly to cloud-based
KV caching introduces unique challenges. As shown in Figure 3(a)
and Figure 3(b), existing designs can be abstracted into two patterns:
parallel-coordination architectures, where memory and storage
operate as peer layers and placement is mediated by a controller,
and strict tiered architectures, where storage serves as an overflow
(backing) tier for memory and misses trigger fetch-and-fill from
storage. Despite their differences, both abstractions treat each tier
as a global pool and rely on frequent cross-tier data movement,
which in cloud deployments typically traverses the network.

These designs implicitly assume cheap cross-tier data movement,
an assumption that breaks down in cloud environments, especially
for KV cache workloads where multi-GB transfers are common
and network bandwidth is the dominant bottleneck. As shown
earlier, cloud network bandwidth scales with VM specifications,
not data demand, making frequent migration between memory
and storage expensive and slow. Consequently, naively applying
classical hierarchical designs leads to substantial performance loss
and inflated operational cost.

These limitations highlight a deeper insight: hierarchy alone is
insufficient—the tiers must be organized in a way that avoids cross-
node movement and removes dependence on network bandwidth
for tiering operations. This motivates our co-located, cloud-native
memory-storage organization, shown in Figure 3(c). Instead of
operating two globally disjoint tiers, PolarKV breaks the “tier-as-a-
whole” abstraction by partitioning both memory and storage into
aligned units and co-locating each memory unit with its corre-
sponding storage capacity within the same VM. Concretely, each
memory-node VM attaches its own cloud block storage volumes, al-
lowing memory-storage transfers (e.g., fill and eviction/writeback)
to occur locally within a single VM rather than across the network.

This architectural shift turns the expensive inter-node tiering
problem into an efficient intra-node data movement path, elimi-
nating additional network overhead on VM-to-VM data movement
and enabling the hierarchy to scale smoothly with cloud resources.
Conceptually, PolarK'V preserves the semantic benefits of hierar-
chical caching while avoiding the performance penalties that arise
when tiering traffic must traverse the network.
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Figure 4: Overview of PolarKV

3 OVERVIEW

Rationale. With the increasing deployment of LLM services on
cloud platforms, the primary goal of PolarKV is to build a cost-
effective and high-performance KV cache system that fully lever-
ages cloud-native infrastructure. KV caching requires both high
bandwidth and large capacity to accommodate the growing atten-
tion states of modern LLMs. In traditional monolithic settings, these
requirements are typically satisfied by local DRAM or NVMe de-
vices. In the cloud, however, bandwidth to disaggregated memory
and cloud block storage is usually lower than on-node intercon-
nects and is coupled with instance specifications—for example, the
bandwidth of block storage often scales with its provisioned capac-
ity. PolarKV is designed with these constraints in mind and adopts
a shard-paired, co-located hierarchy that balances cost, capacity,
and performance by localizing tiering within each VM.

Overview. Figure 4 illustrates the architecture of PolarKV. The
system organizes its distributed KV cache pool into two hierarchical
layers: a memory layer, realized through distributed disaggregated
memory, and a storage layer, backed by cloud block storage. Above
this data layer, a KV manager server manages resource metadata,
coordinates memory and storage allocation, and exposes a unified
interface to inference engines. During runtime, the inference engine
contacts the manager server to obtain remote memory addresses
corresponding to the target KV entries and subsequently performs
direct RDMA-based read/write operations to the disaggregated
memory nodes. To support large-scale multi-node inference, a proxy
component is deployed alongside each inference node to schedule
user requests, balance load, and exploit data locality when possible.

Data layer. The data layer combines disaggregated memory with
cloud block storage to form a hierarchical caching substrate. It
breaks the “tier-as-a-whole” abstraction: rather than operating two
global tiers and migrating data across them at cluster scope, PolarKV
partitions both tiers into aligned shards and treats tiering as shard-
to-shard movement within each memory-node VM. Each memory-
serving VM hosts a memory shard and attaches its own cloud block
storage volumes, forming a co-located shard pair that confines
most data movement traffic to intra-VM paths. The memory tier is
implemented using our distributed memory pool (DMP), introduced
in our previous work [8, 49], which provides elastic, high-bandwidth



remote memory accessible via RDMA. Within DMP, the Home Node
(HN) handles resource management and metadata coordination,
while the Slab Nodes (SNs) contribute the actual physical memory
resources. The inference engine connects directly to SNs through
the RDMA network, achieving low-latency and high-throughput
access. The storage tier extends capacity using cloud block storage
(Alibaba ESSD in our product). Each SN runs a lightweight disk
server (DS) process that asynchronously offloads cold KV cache
entries to ESSD and reloads them when required.

KV manager. The KV manager is responsible for managing both
memory and storage resources and maintaining the global KV cache
metadata. It communicates with the HN of the disaggregated mem-
ory system to allocate or reclaim large contiguous memory chunks.
Once the HN returns available regions and their corresponding SN
locations, the KV manager exposes these as addressable spaces to
inference engines. Before performing read or write operations, infer-
ence engines query the KV manager for address mapping, ensuring
efficient memory utilization and consistent metadata synchroniza-
tion. Communication between the inference engines and the KV
cache manager uses RDMA-based RPC to achieve low latency.

Proxy. The Proxy component operates at the inference-node level
to coordinate requests and maintain cache locality. It balances in-
coming traffic across inference nodes and routes each request to
the node with the highest cache affinity, thereby improving hit
rates and reducing remote access. Since inference engines typi-
cally maintain a small local DRAM-resident KV cache, the proxy
leverages this locality information to prioritize requests that can
be served directly from local memory, further minimizing latency
and inter-node communication.

4 DESIGN AND IMPLEMENTATION

4.1 Client-side library

The client-side library of PolarKV serves as the bridge between
the LLM inference engine and the distributed KV cache pool. It
provides an abstraction that hides the underlying complexity of
remote memory management and RDMA communication, allowing
inference frameworks to store and retrieve KV states transparently.
As shown in Figure 5, the library provides two core components: a
chunk-based hashing module and an RDMA client.

Chunk-based hashing scheme. The inference engine invokes
store_kv(token_ids) and load_kv(token_ids) to store or re-
trieve KV cache entries. Upon receiving a request, the library first
divides the input token sequence into multiple chunks and com-
putes a unique hash key for each chunk. These hash keys are then
used to index and locate KV entries across remote memory and stor-
age nodes. To enable prefix-aware reuse, PolarKV employs a chunk-
based prefix-hash chain, where each chunk’s hash is computed by
concatenating its token IDs with the hash of its predecessor, fol-
lowing common practice in existing LLM caching systems [11, 23].
This recursive chaining ensures that two chunks share the same
prefix key only if all preceding tokens are identical, preserving
semantic correctness for prefix matching. Through this mechanism,
PolarKV supports fine-grained cache management and efficiently
reuses overlapping KV segments across requests.

Inference engine

load_kv(token_ids) / store_kv(token_ids)

chunk-based hashing
RDMA client

allocate_mem(key)/get_addr(key’

remote_write/remote_read

I KV manager I | Memory slab node |

Figure 5: Client-side overview of PolarKV

RDMA client. The RDMA client manages the communication
between the inference node, the KV manager, and the slab nodes
that constitute the disaggregated memory pool. It uses an RDMA-
based RPC protocol to allocate remote memory regions and obtain
the physical addresses associated with specific hash keys. Once the
addresses are resolved, one-sided RDMA read and write operations
are used to directly access memory on remote nodes, ensuring low
latency and minimal CPU involvement.

4.2 KV cache manager

The KV cache manager is PolarKV’s core control component. It
manages the lifecycle of KV cache across both memory and storage
and serves client requests from inference nodes. As illustrated in
Figure 6, communication between clients and the KV cache manager
is conducted via an RDMA-based RPC protocol. The manager em-
ploys an RPC handler to process incoming requests and coordinate
cache operations such as memory allocation, metadata lookup, and
data migration. Internally, the KV cache manager consists of three
main submodules: the memory manager, which handles disaggre-
gated memory resources; the storage manager, which coordinates
cache offloading to cloud storage; and the metadata module, which
tracks the location and status of all cached entries. The following
subsections describe each of these components in detail.

Memory manager. The memory manager is responsible for man-
aging raw memory resources provided by the distributed disag-
gregated memory. At initialization, it allocates a set of fixed-size
memory chunks from the disaggregated memory pool and records
their metadata, including node ID, starting address, and size, in a
hash table. When a client requests memory for storing a KV cache
entry, the memory manager scans the available chunks to locate
one with sufficient free space, splits the chunk as needed, and up-
dates the metadata table accordingly. The remaining space in the
chunk is retained for future allocations.

Each allocated KV cache entry is also registered in both the meta-
data hash table and the LRU list for cache replacement management.
When an entry is evicted from the LRU list, its associated memory
region is released back to the memory manager and merged with
the original chunk from which it was allocated. Since the chunk size
is fixed on the client side, the size of each KV cache entry is also con-
stant, which simplifies memory allocation, reduces fragmentation,
and streamlines the overall management logic.

To balance load across nodes, the memory manager uses round-
robin allocation among memory nodes, distributing requests evenly
and avoiding resource hotspots.

Metadata management. The metadata manager maintains global
metadata for all KV cache entries, including their locations and
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Figure 6: Overview of KV cache manager

states. It stores the mapping between each key and its corresponding
memory address in a hash table. Since some KV caches may reside
on cloud storage, an additional flag is used to indicate whether an
entry is stored in memory or on storage. For on-storage entries, the
corresponding memory address is set to zero.

To track data access patterns and support eviction decisions, the
metadata manager maintains two LRU lists, one for in-memory
KV caches and the other for on-storage caches. Each hash-table
entry maintains a pointer to its node in the corresponding LRU
list, allowing quick updates when a lookup request hits an existing
entry. When a client requests to load a KV cache, it first sends an
RPC to the KV manager, which queries the metadata table to locate
the entry and returns the memory node ID and the corresponding
address. Once the client obtains the address, it can directly perform
a one-sided RDMA read from the memory node.

To migrate data between memory and storage, the metadata
manager employs a background thread that periodically issues of-
fload requests to the storage. When KV caches are moved from
memory to storage, their metadata entries are also migrated from
the in-memory LRU list to the on-storage list. When the total stor-
age usage reaches a predefined threshold, the system evicts the
least recently used on-storage entries to free up capacity.

To improve fault tolerance, the metadata manager can persist
the global metadata (e.g., key-to-address mappings, location flags,
and LRU states) to a cloud database. This enables fast recovery
after KV manager server failures: if the KV manager crashes, it
can reconstruct the metadata table by reloading from the cloud
database, thereby restoring the locations and states of all KV cache
entries. To avoid impacting the critical path, metadata persistence
is performed asynchronously (e.g., via a background flush thread
and batched updates), so normal lookup and RDMA access remain
high-performance while durability is provided in the background.

Write/read workflow. Based on the preceding components, Fig-
ure 7 illustrates the end-to-end KV cache write and read workflow
in PolarKV when accessing disaggregated memory. The handling
of on-storage data will be introduced in the next subsection.
When a client initiates a write operation, it first sends an RPC
request to the KV manager to allocate remote memory, which is
handled by the memory manager (@). After the allocation, the
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Figure 7: Workflow of in-memory data access

key and its associated memory information are recorded in the
metadata table (@), and the key is temporarily write-locked to
prevent concurrent access or background eviction before the data
is ready. The KV manager then returns the allocated address to
the client (€)). Upon receiving the address, the client performs a
one-sided RDMA write to transfer the KV data directly into remote
memory (@). After the write completes, the client issues an RPC
to release the write lock (@), finalizing the operation.

For a read operation, the client first requests the corresponding
address from the KV manager (@). The KV manager looks up the
metadata table and, if the entry is found, temporarily read-locks it
to prevent concurrent writes or background eviction, then returns
the memory-node ID and address to the client (@); otherwise, an
invalid address is returned to indicate a cache miss. Once a valid
address is returned, the client performs a one-sided RDMA read
from the remote memory (@). Finally, after the data is fetched, the
client sends an RPC to unlock the key (@).

PolarKV’s RPC is implemented over RDMA, enabling request
handling within tens of microseconds. For data transfer, PolarKV
fully exploits one-sided RDMA operations, allowing direct remote
memory access without involving remote CPUs. Together, these
designs enable highly efficient data access.

Concurrency control. PolarKV uses per-key locks in the KV
manager to handle concurrent accesses. For a write, the manager
allocates memory and installs a write lock only if the key does
not already exist. The entry becomes readable only after the client
finishes the one-sided RDMA write and sends a write-finish RPC.
For a read, the manager returns the remote address only when
the entry exists and is not write-locked; otherwise, the request is
treated as a cache miss or retried according to the client policy. Thus,
readers observe either a fully written KV entry or a cache miss,
but never partially written data. If multiple clients concurrently
write the same key, only the first writer proceeds, while later writers
receive a duplicate/in-progress status and skip the write. This is safe
because KV entries for the same model and prefix are deterministic,
and it avoids duplicate allocation and RDMA traffic.

Scalability. The KV manager is involved only in metadata opera-
tions, such as address lookup, memory allocation, lock management,
and metadata state transitions. It is not on the large-data transfer
path: after an address is resolved, KV tensors are transferred directly
between the inference engine and memory slab nodes through one-
sided RDMA read/write operations. Therefore, the manager handles
small metadata RPCs rather than large KV data movement. The key-
address table is hash-based, and the LRU lists can be partitioned by
key range to reduce contention under high concurrency. Since KV
entries are naturally identified by prefix/hash keys, the manager
design is also amenable to sharding by assigning disjoint key ranges
to different manager instances for larger-scale deployments.



4.3 Storage layer

PolarKV employs a storage layer to provide large-capacity backing
for the disaggregated KV cache. Instead of deploying a distributed
file system across multiple storage nodes to construct a global
namespace, PolarKV breaks the “tier-as-a-whole” abstraction and
adopts a shared-nothing, shard-paired design at the storage layer.
Concretely, it partitions storage capacity into per-SN storage shards
and pairs each shard with a corresponding SN, localizing tiering
operations to the SN. As illustrated in Figure 8, each storage shard
is co-located with its paired SN and is responsible for offloading in-
memory KV blocks from that SN to its local cloud block storage, and
reloading them on demand. This design eliminates global coordina-
tion overhead and keeps most tiering traffic off the network-critical
path. Because KV allocation is balanced across SN, the resulting
storage footprint is naturally balanced as well, avoiding cross-node
synchronization for storage placement.

Disk server. Data movement between memory and storage is
handled by a lightweight disk server (DS). In PolarKV, each DS is
co-located with its corresponding SN on the same VM, as shown
in Figure 8. The DS shares the memory space of its SN, allowing it
to directly access in-memory KV data during offloading without
additional network hops or serialization overhead.

To fully leverage cloud infrastructure, PolarKV uses cloud block
storage as the storage medium. As summarized in Table 1, cloud
block storage is typically offered in multiple performance tiers with
different bandwidth, capacity, and pricing characteristics. Given
that KV caching is sensitive to both bandwidth and capacity, Po-
larKV favors storage options with low cost per GB and low cost
per provisioned bandwidth (e.g., per GB/s), and then aggregates
bandwidth across devices. In our implementation, we construct a
RAID-0 array from multiple cost-efficient, low-bandwidth Alibaba
ESSDs (PLO) to achieve high aggregate throughput. A native file
system (e.g., ext4) is mounted atop the array, enabling the DS to
access the ESSDs through standard file interfaces with minimal
software overhead.

The DS does not maintain additional metadata; instead, it di-
rectly uses the KV key, a fixed-size hash value typically around 64
bytes, as the filename, simplifying lookup and management. This
does not create one file per token: PolarKV stores KV cache at the
chunk granularity, where each chunk contains multiple tokens and
typically corresponds to tens to hundreds of MB of KV data for
modern LLMs. When the DS receives an offload request from the
KV manager, the request includes the key, which the DS uses as the
filename when writing the data to storage. Similarly, when reload-
ing data, the DS reads the corresponding file directly by key name.
Since each storage node uses multiple ESSDs organized in RAID-0,
a write for a single KV cache entry can span multiple ESSDs, fully
utilizing the underlying bandwidth. Hence, further chunking of KV
items into smaller files is unnecessary. Communication between the
DS and KV manager is also implemented via RDMA-based RPC, and
each DS contains an RPC handler to process requests for offload,
load, and deletion operations.

Workflow. The KV manager orchestrates data movement between
memory and storage through the DS. It periodically scans the LRU
list and issues offload requests for recently unused KV entries. For
each selected KV item, the KV manager sends a request to the DS
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Figure 8: The architecture of the storage layer

corresponding to the SN where the item currently resides. The
request includes the key, memory address, and size. Upon receiving
the request, the DS launches a background thread to asynchronously
write the specified memory region to storage. Once the operation
completes, the DS notifies the KV manager, which updates the
metadata to mark the entry as stored on disk.

When a read request targets a KV item that resides on stor-
age rather than in memory, the KV manager first allocates a new
memory region from the SN paired with the corresponding DS. It
then sends a load request containing the key and target address to
the DS, which reads the data from storage back into memory and
confirms completion. Meanwhile, the KV manager monitors the
storage utilization on each node and instructs the DS to evict the
least recently used on-storage KV entries once storage utilization
reaches a predefined threshold.

4.4 High availability

In production cloud environments, performance alone is insuffi-
cient. As an independent KV cache service on the critical path of
LLM inference, PolarKV must tolerate failures, scale dynamically,
and remain continuously available under node churn and partial
outages. These requirements motivate high availability (HA) as a
first-class design concern.

Failure model and design philosophy. PolarKV operates in
a cloud environment where VM restarts and transient network
disruptions may occur. Rather than enforcing strong availability
guarantees through synchronous replication or coordination-heavy
protocols, PolarKV adopts a pragmatic HA model aligned with the
role of KV caching in LLM inference. Specifically, KV cache entries
are treated as performance optimizations rather than correctness-
critical state. If KV data becomes unavailable, inference correctness
is unaffected: the LLM engine can always recompute the corre-
sponding attention states. This design prioritizes forward progress
and graceful degradation over strict cache preservation, achieving
high availability with minimal operational overhead.

Client-side failure handling. When the KV manager or a mem-
ory/storage node becomes temporarily unavailable, the client li-
brary detects the failure and transparently reports a cache miss
to the inference engine. If the failure occurs while a client RPC is
in flight, the unfinished operation is also treated as a cache miss.
The inference engine then recomputes the required KV states as
part of normal execution. Meanwhile, the client continues to retry



connections to the KV service and automatically resumes KV cache
usage once the service recovers. This approach ensures that failures
in PolarKV never block inference progress; they only reduce cache
effectiveness temporarily.

Metadata persistence and manager recovery. To prevent the KV
manager from becoming a single point of failure, PolarKV persists
KV metadata in an external cloud database. This metadata includes
mappings between logical KV entries and their physical locations
in distributed memory or storage. Upon a KV manager crash or
restart, the metadata is recovered from persistent storage, allowing
the manager to reconstruct the global KV cache metadata and
resume serving requests. Because the underlying KV data stored on
memory or storage nodes remains intact, recovery does not require
rebuilding cached states from scratch.

Memory-node failures. Failures of individual memory nodes are
handled independently. When a memory node becomes unavailable,
the KV manager invalidates only the KV entries residing on that
node. KV entries stored on surviving nodes remain accessible and
continue serving inference requests without disruption. This design
confines failures to a limited subset of cached data and avoids cas-
cading impact across the cluster. Since KV entries are recomputable,
lost entries simply result in temporary cache misses rather than
service interruption.

Discussion. Together, these mechanisms ensure that PolarKV re-
mains continuously available under common cloud failure scenarios
while bounding the complexity and overhead of HA mechanisms.
By treating KV caching as an optional acceleration layer rather
than a correctness-critical component, PolarKV achieves a practi-
cal balance between availability, simplicity, and performance—well
aligned with the operational characteristics of large-scale cloud-
based LLM serving.

5 EVALUATION
5.1 Experimental setup

Setup. In this section, we evaluate PolarKV within two mainstream
inference engines, vLLM and SGLang, across multiple model fami-
lies (DeepSeek, Qwen, and GLM). Since they provide flexible inter-
faces for external KV cache stores, PolarKV can be easily integrated
with them via a lightweight client-side library. All experiments are
conducted on the Alibaba public cloud, including the GPU, memory
and storage resources. For the GPU setup, each GPU instance is
equipped with eight H20 96GB GPUs.

Baselines. We compare PolarKV with two representative external
KV cache solutions: Mooncake, which represents memory-centric
KV caching, and a DFS-based KV cache built on 3FS, which rep-
resents storage-centric KV caching. Although 3FS is a general-
purpose distributed file system rather than a KV-cache-specific
system, it is supported as a KV cache backend by mainstream in-
ference frameworks such as SGLang. Since we are not aware of
an open-source external KV cache system with the same hybrid
memory-storage design point as PolarKV, we use these baselines to
compare three practical design choices for external KV cache man-
agement: storage-centric caching, memory-centric caching, and
PolarKV’s hybrid memory-storage caching.
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Figure 9: Overall performance of PolarKV

Workloads. We first use a synthetic microbenchmark to study
the improvement of PolarKV under the upper-bound benefits of
KV reuse. We then evaluate PolarKV on two public benchmarks,
LooGLE [25] and SCBench [28], which capture realistic long-context
dependency and heterogeneous inference workloads, respectively.
Finally, we report a production case study from Alibaba Cloud,
where PolarKV is deployed under real online traffic to quantify its
impact on end-to-end latency and GPU provisioning efficiency.

5.2 Microbenchmark performance

We begin by evaluating the efficiency of PolarKV using a microbench-
mark on the DeepSeek-R1 model with vLLM, varying prompt lengths
from 10K to 30K tokens. This experiment measures the upper-
bound benefits of KV cache reuse by focusing on time-to-first-token
(TTFT), which is dominated by the prefill phase. We keep concur-
rency up to 4 to avoid TTFT being dominated by inference-engine
queueing. In this evaluation, each session first issues a warm-up
request consisting of a long prompt (10K-30K tokens). After warm-
up, they concurrently issue a second request whose input consists
of the same prefix used by that session plus a short continuation,
producing a 200-token output. Thus, prefix reuse occurs within
each session, allowing us to isolate and measure the benefits of KV
cache reuse under concurrent workloads.

To isolate the impact of PolarKV’s storage hierarchy, we evaluate
two PolarKV variants. The default PolarKV setup uses the hybrid
memory-storage hierarchy and is deployed with 30 memory nodes
(shards), providing 480 GB of aggregate memory. Each node is
provisioned with about 1.2 TB of cloud block storage, mainly to
provide sufficient aggregate bandwidth rather than to match the
working-set capacity. Although this bandwidth-driven provisioning
introduces extra storage capacity, cloud memory is about 40X more
expensive per GB than storage in our setting. Therefore, the hybrid
setup remains much more cost-effective than the PolarKV-memory
setup, which uses 3 TB of distributed memory without the storage
tier. This comparison allows us to quantify how close the practical
hybrid design comes to the ideal memory-only ceiling under KV-
intensive, concurrent workloads.

As shown in Figure 9, both PolarKV-memory and PolarKV dra-
matically outperform native vLLM without external KV caching,
reducing TTFT by up to 80% across all prompt lengths. The speedup
comes from eliminating redundant attention computation: load-
ing a 20K-token KV cache from PolarKV takes only ~0.5 seconds,
compared with ~3 seconds for recomputation. Notably, PolarKV
achieves TTFT that is nearly identical to PolarKV-memory. This
indicates that, in our setting, the hybrid system already operates
close to the memory-only performance ceiling. The reason is that
KV loading is primarily limited by network bandwidth rather than
by the peak bandwidth of DRAM or storage media. The GPU host
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Figure 10: Impact of KV cache bandwidth on TTFT

has two 100-Gbps NICs (200-Gbps aggregate), and the storage tier
is provisioned with sufficient aggregate throughput such that the
end-to-end data path saturates at the network. As a result, the hy-
brid PolarKV design can match the memory-only configuration
for KV reuse in this microbenchmark. This experiment highlights
an important insight for cloud KV cache design: once network
bandwidth dominates, a carefully provisioned hybrid hierarchy can
deliver memory-like KV loading latency in practice.

5.3 Bandwidth sensitivity analysis

To further understand the impact of storage bandwidth on KV cache
performance, we vary the provisioned bandwidth of PolarKV and
measure the resulting TTFT under the microbenchmark configu-
ration (20K-token input). As shown in Figure 10, TTFT decreases
sharply as bandwidth increases from 3 GB/s to 12 GB/s. This result
clearly indicates that KV loading is strongly bandwidth-bound in
low-bandwidth regimes, and insufficient storage bandwidth directly
inflates prefill latency. Beyond 12 GB/s, further bandwidth increases
yield only marginal improvements. At this point, storage bandwidth
is no longer the dominant bottleneck, and overall latency becomes
constrained by GPU-side network limits and other overheads. These
results reinforce our central observation that bandwidth, rather
than raw storage capacity, is the primary determinant of KV cache
efficiency. Proper bandwidth provisioning is therefore essential for
achieving predictable and low-latency LLM inference.

5.4 Performance under realistic workloads

While the microbenchmark isolates the upper-bound benefits of
KV reuse under controlled conditions, we next evaluate PolarKV
on two public benchmarks, LooGLE [25] and SCBench [28], using
SGLang with the Qwen3-235B-A22B model. As a baseline, SGLang
uses a local prefix cache backed by the remaining GPU HBM plus
an extra 50 GB of host memory per GPU. In this evaluation, we fur-
ther compare PolarKV with two representative external KV cache
solutions: Mooncake, which provides a remote-memory-based KV
cache, and a DFS-based KV cache built on 3FS.

Configuration. To ensure a fair comparison, we fix a total cloud-
resource budget for constructing each KV cache pool. In all config-
urations, memory capacity/bandwidth is provided by VMs, while
storage capacity/bandwidth is provided by cloud block storage. As
shown in Figure 10, achieving good performance requires approx-
imately 12 GB/s KV loading bandwidth. Therefore, we provision
each system to provide at least approximately 12 GB/s of aggregate
bandwidth under a comparable cloud-resource budget. As shown
in Table 3, for 3FS we stripe 67 320-GB PL0 ESSD volumes to reach
12 GB/s aggregate bandwidth (about 21 TB total capacity). Since it

Table 3: Configurations of 3FS, Mooncake and PolarKV under
a fixed cloud-resource budget

Memory Capacity ~ Storage Capacity ~ Bandwidth  Total cost (per month)

3FS - 214 TB 12.09 GB/s
Mooncake 928 GB - 17.98 GB/s
PolarKV 156 GB 214 TB 12.09 GB/s

18,352.30 CNY
18,413.84 CNY
18,352.30 CNY

The pricing details of memory and ESSD are summarized in Table 1 and Table 2.
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Figure 11: The performance on LooGLE and SCBench datasets

requires dedicated VMs to host these ESSDs, and the VMs’ aggre-
gate network bandwidth must match the ESSDs’ throughput, this
configuration requires 39 VMs. We then allocate the same budget to
provision resources for Mooncake. Since Mooncake’s remote mem-
ory primarily serves as a capacity resource, we choose a VM type
with the lowest cost per GB (e.g., r9i.large) to minimize capacity
cost. Under the fixed budget, this results in 58 VMs for Mooncake,
providing an aggregate memory capacity of 928 GB and an aggre-
gate network bandwidth of 17.98 GB/s. In contrast, for 3FS and
PolarKV, the hosting VMs are provisioned primarily for network
bandwidth, so we choose a VM type with low cost per provisioned
bandwidth (e.g., c8i.large, which offers the lowest cost per GB/s of
bandwidth).

Performance. Figure 11 shows TTFT results on the LooGLE and
SCBench benchmarks. Due to space limitations, we evaluate Po-
larKV on a representative subset of SCBench tasks and the re-
maining tasks exhibit similar trends. Across all evaluated datasets,
PolarKV consistently and significantly outperforms the other con-
figurations, including Mooncake and 3FS.

For shortdep_qa, the total KV footprint is smaller than in the
other workloads, leading to a higher local prefix-cache hit rate. As a
result, the baseline SGLang local cache already performs well, leav-
ing less room for additional gains from PolarKV. In this workload,
Mooncake’s memory capacity can hold most, or even all, reusable
KV entries, so it achieves TTFT close to PolarKV, with PolarKV re-
ducing TTFT by only 11%. In contrast, 3FS remains slower because
it cannot effectively leverage the host memory on storage-hosting
VMs and introduces distributed-file-system overheads such as meta-
data management and replication. Across the evaluated workloads,
PolarKV reduces TTFT by 47%-53% over 3FS. For shortdep_cloze
and longdep_qga, the KV footprint is substantially larger, making
Mooncake’s capacity limitation more significant. Mooncake even
performs worse than 3FS in shortdep_cloze. However, PolarKV
continues to reduce TTFT by 41%-58% over both 3FS and Mooncake
on these large-footprint workloads, benefiting from higher effective
cache capacity and a more efficient tiering design.



1 [ ] L ] [ 3 [ 3
- = - ' -
Avg input length: 71,262

Bus
~ Code generation Avg output length: 423

! o Sl)P . :n?( 150
rompt length (K)
-Router
50% of traffic 50% of traffic

é Baseline cluster PolarKV-enabled cluster
z 216 * H20 GPUs 40 * H20 GPUs
) 40 GB host memory per GPU 6 TB PolarKV
a
s B Latency (s) w/o PolarKV With PolarKV
E ,§ P90 49.73 24.91
&t P50 13.88 6.81
=5 Avg 21.42 12.34

Figure 12: Production results during PolarKV’s partial (ca-
nary) rollout on an online code-generation workload

On SCBench, we observe trends consistent with LooGLE. In most
cases, 3FS slightly reduces TTFT compared to the no-external-cache
baseline, but remains worse than Mooncake and PolarKV due to
its higher system overhead. Mooncake further improves over 3FS
but still falls behind PolarKV because of its limited cache capacity.
Overall, PolarKV reduces TTFT by 47%-58% and 3%-58% relative
to 3FS and Mooncake, respectively, across these datasets.

5.5 Production case study

We further evaluate PolarKV in a real-world production deployment
on Alibaba Cloud: a coding-agent service operated by a customer
in the autonomous driving domain. The service runs SGLang as
the inference engine and serves the GLM-4.7 model. All measure-
ments reported in this section are collected online during normal
production operation, rather than through offline trace replay.

Application characteristics. This application exemplifies agent-
style interactive LLM workloads, such as coding assistants and
development agents. Within each session, the agent incrementally
extends a growing context and repeatedly issues follow-up requests
that reuse the entire accumulated prefix, making intra-session KV
reuse a dominant performance factor. In this deployment, the per-
request prompt length ranges from 192 to 160K tokens. The average
input length observed by the model reaches 71K tokens, while the
average output length is 423 tokens. The distribution of prompt
lengths is shown in the top-left panel of Figure 12.

Baseline deployment and canary rollout. Prior to adopting
PolarKV, the customer operated a homogeneous inference cluster
with 256 H20 GPUs, where KV states were cached using a con-
ventional hybrid design: remaining GPU HBM was used as the
primary KV cache, and each GPU was further backed by 40 GB of
local host-memory KV caching. In total, this configuration used
approximately 10 TB of host memory cluster-wide for KV caching.
However, the host-memory KV cache is node-local and cannot be
shared across nodes, resulting in a relatively low KV cache hit rate.

To evaluate PolarKV in production, the customer first conducted
a canary rollout. A small PolarKV-backed cluster consisting of 40
H20 GPUs connected to 6 TB of storage was introduced. During
this phase, 50% of the incoming traffic was migrated to the PolarKV-
enabled cluster, while the remaining 50% continued to be served
by the remaining 216-GPU cluster without external KV caching.
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Figure 13: Performance before (256 H20 GPUs) and after (160
H20 GPUs) full migration to PolarKV-enabled cluster

Importantly, this rollout was performed under non-saturated oper-
ating conditions, with sufficient capacity headroom preserved on
both clusters to ensure service stability. As a result, the comparison
focuses on per-request latency rather than maximum throughput.

Figure 12 reports the end-to-end latency comparison between
the two configurations. Despite serving the same fraction of traffic
with less than one-fifth of the GPUs, the PolarKV-enabled cluster
achieves significantly lower latency. Specifically, PolarKV reduces
median (P50) latency from 13.88 s to 6.81 s and tail latency (P90)
from 49.73 s to 24.91 s, representing nearly a 2X improvement.
The average latency is also reduced by 42%. This improvement is
primarily driven by higher KV cache reuse. It stems not only from
the larger KV cache capacity provided by PolarKV, but also from
the cross-node KV sharing it enables. In the baseline deployment,
the effective KV cache hit rate was approximately 30%, since KV
states were confined to node-local GPU and host memory. With
PolarKV, the KV cache hit rate increases to about 85%, allowing
most requests to bypass expensive prefill recomputation and instead
load KV states directly from the shared cache.

Full migration. After the canary rollout validated PolarKV’s
stability and effectiveness, the customer proceeded with a full traffic
migration. During this period, the production workload intensity
increased substantially, with the total number of served tokens
growing by approximately 68%. To accommodate the increased
demand, the service was consolidated from the original 256-GPU
cluster to a PolarK'V-backed deployment with 160 H20 GPUs and
20 TB of storage, while still serving full production traffic.

Figure 13 compares the end-to-end request latency distributions
served by the two clusters. Despite using 37.5% fewer GPU resources
and serving 68% higher traffic, the PolarKV-enabled deployment
delivers markedly better performance across both all-day traffic
and peak period. Over the full day, PolarK'V reduces average TTFT
by 55% and average end-to-end latency by 45%, while during a
four-hour peak traffic period, PolarKV reduces average TTFT by
61% and average end-to-end latency by 53%. Beyond the mean,
PolarKV also significantly reduces median latency and tail latency
(P90), by 48-78%. More importantly, these latency improvements are
achieved while the system processes a significantly higher volume
of requests and tokens. As shown in Figure 13, the total number of
served tokens increases from 1.9B to 3.2B over the full day, and from
0.8B to 1.5B during peak period, reflecting a substantial increase in
effective throughput under real production load.

These results indicate that PolarKV not only reduces per-request
latency but also fundamentally improves cluster efficiency: by elim-
inating redundant prefill computation through external KV reuse,




a smaller GPU cluster can sustain higher overall load than a much
larger baseline deployment. To our knowledge, this workload pro-
vides one of the first public characterizations of KV cache behavior
in a production coding-agent deployment.

6 RELATED WORK

Prefix KV cache. Recent LLM serving systems exploit prefix
caching to reuse precomputed attention states (KV) across requests
that share a common prompt prefix, reducing redundant prefill
compute and KV memory. vLLM [23] and SGLang [55] implement
such prefix caching primarily within GPU HBM, using mechanisms
such as PagedAttention and RadixAttention to improve decoding
efficiency. In practice, these built-in prefix caches are confined to
local GPU HBM or host memory, whose capacity is typically limited
to tens of gigabytes per GPU. Moreover, cached KV states are not
shared across GPUs or inference nodes, which can significantly
reduce cache effectiveness when LLM services scale to large multi-
GPU or multi-node deployments. To extend KV cache capacity
beyond GPU memory, several systems explore host and remote
memory. LMCache [11] utilizes host DRAM as a KV cache and ex-
poses a general interface that allows inference engines to integrate
external KV stores. However, KV states in LMCache remain local to
each inference node and cannot be shared across machines, limiting
cache effectiveness at scale. Mooncake [36] further pools DRAM
across multiple hosts to provide a shared remote-memory-based
KV cache, improving cross-node reuse but relying exclusively on
disaggregated memory. Other efforts leverage distributed storage
systems, such as using 3FS [39], to build SSD-backed KV caches.
These designs offer lower capacity cost compared to memory-based
approaches but incur higher access latency and metadata overhead,
resulting in a performance—cost trade-off.

Overall, existing systems place KV caches in GPU memory, host
memory, remote memory, or distributed storage, but treat each
resource in isolation. They do not address the combined bandwidth,
capacity, and operational constraints of cloud environments, nor
provide an integrated design that jointly leverages memory and
storage for scalable, cost-efficient KV caching on cloud.

Disaggregated memory systems. A large body of systems re-
search has explored disaggregated and remote memory as a way
to expand memory capacity beyond a single machine [5, 16, 21, 35,
37, 48]. They primarily aim to provide general-purpose memory
abstraction or extend memory for specific applications, focusing
on transparency, low latency, fault tolerance, and OS integration.
In contrast, PolarK'V targets a workload-specific KV cache for LLM
inference, where access patterns, data lifetime, and performance
requirements are explicitly known. Rather than exposing a generic
memory abstraction, PolarKV uses disaggregated memory as a
bandwidth tier within a hierarchical KV cache and jointly opti-
mizes data placement with cloud storage. This workload-aware
design allows PolarKV to avoid many of the performance and cost
pitfalls that arise when applying general-purpose remote memory
systems directly to LLM serving.

CXL-based memory pooling [20, 24, 48] is a promising direction
and may offer different bandwidth-cost trade-offs from RDMA-
based remote memory. However, current CXL pooling remains
limited in public-cloud deployment because its bandwidth is tied to

PCle links and pooling domains are often switch-local or rack-scale.
Thus, we view CXL as a future substrate, while PolarKV targets
currently deployable cloud infrastructure using RDMA-accessible
disaggregated memory and cloud block storage.

Hierarchical caching and tiered storage. Hierarchical caching
and tiered storage have long been studied in storage and database
systems, where fast but expensive memory is combined with slower,
cheaper storage to balance performance and cost. Examples include
DRAM-SSD buffer caches in databases [7, 15], multi-tier key—value
stores [9, 17, 33], and storage systems that transparently migrate
data across memory and persistent tiers [56]. Most existing hierar-
chical designs implicitly assume that data movement across tiers
is relatively inexpensive, often occurring within a single node or
over high-bandwidth, low-latency interconnects. However, this as-
sumption does not hold for cloud-based LLM serving. As shown
in our analysis, cross-node data movement in the cloud is con-
strained by per-instance network bandwidth and tightly coupled
to resource provisioning and cost. For KV cache workloads, where
multi-gigabyte data transfers are common, naively applying classi-
cal hierarchical designs can lead to severe performance degradation
and inflated operational cost. PolarKV revisits hierarchical caching
from a cloud-native perspective. By co-locating memory and stor-
age within the same VM and eliminating cross-node tiering traffic,
PolarKV preserves the semantic benefits of a memory-storage hi-
erarchy while avoiding the cross-node network bottlenecks.

LLM serving systems and inference optimization. To reduce
the memory footprint and data movement cost of KV caches, a
growing body of work explores KV compaction [53], compres-
sion [6, 19, 29, 30], and sparsification techniques [27, 45, 46, 50, 54].
These approaches exploit redundancy or structure in attention
states, or selectively retain only the most influential tokens, to re-
duce KV size, improve cache efficiency, and mitigate compute and
memory overhead during inference. These techniques primarily
operate at the algorithmic level within a single inference instance,
trading off attention completeness for reduced resource usage. In
contrast, PolarKV addresses a complementary systems-level chal-
lenge: how KV states are stored, shared, and reused across requests
and across inference nodes in cloud environments. Rather than
altering KV representations, PolarKV focuses on scalable, cloud-
native KV management, and its modular cache and metadata design
allows existing compaction or sparsification techniques to be trans-
parently integrated within either the memory or storage tiers.

7 CONCLUSION

KV caching is a critical determinant of performance and cost in
cloud-based LLM inference, yet existing designs fail to account for
the bandwidth, capacity, and operational constraints of cloud plat-
forms. In this paper, we present PolarKV, a cloud-native distributed
KV cache system that unifies disaggregated memory and cloud
block storage through a shard-paired, co-located hierarchical de-
sign, treating memory as a bandwidth tier and storage as a capacity
tier. By breaking the “tier-as-a-whole” abstraction and turning tier-
ing into local shard-to-shard movement, PolarKV removes network
traffic from the critical tiering path. PolarK'V has been deployed
as an independent KV cache service on Alibaba Cloud, integrating
with production inference engines.
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