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CCS Concepts: « Computer systems organization — Distributed architectures; « Computing methodologies — Artificial
intelligence.

Additional Key Words and Phrases: Machine learning system, LLM serving, KVCache

1 Introduction

With the rapid adoption of large language models (LLMs) in various scenarios [6, 35, 37, 46], the workloads for
LLM serving have become significantly diversified. These workloads differ in input/output length, distribution
of arrival, and, most importantly, demand different kinds of Service Level Objectives (SLOs). As a Model as a
Service (MaaS) provider, one of the primary goals of Kimi [32] is to solve an optimization problem with multiple
complex constraints. The optimization goal is to maximize overall effective throughput, which directly impacts
revenue, while the constraints reflect varying levels of SLOs. These SLOs typically involve meeting latency-related
requirements, mainly the time to first token (TTFT) and the time between tokens (TBT).

To achieve this goal, a prerequisite is to make the best use of the various kinds of resources available in the GPU
cluster. Specifically, although GPU servers are currently provided as highly integrated nodes (e.g., DGX/HGX
supercomputers [34]), it is necessary to decouple and restructure them into several disaggregated resource
pools, each optimized for different but collaborative goals. For example, many other researchers [19, 39, 52] have
suggested separating prefill servers from decoding servers, because these two stages of LLM serving have very
different computational characteristics.

Further advancing this disaggregation strategy, we have engineered a disaggregated KVCache by pooling CPU,
DRAM, SSD and RDMA resources of the GPU cluster, referred to as MooNCAKE Store. This novel architecture
harnesses underutilized resources to enable efficient near-GPU prefix caching, significantly enhancing the global
cache capacity and inter-node transfer bandwidth. The resultant distributed KVCache system embodies the
principle of trading more storage for less computation. Thus, as demonstrated in Figure 1, it substantially
boosts Kimi’s maximum throughput capacity in meeting the required SLOs for many important real-world
scenarios. Later in this paper, we will first delve into a mathematical analysis of this strategy’s benefits for LLM
serving and empirically assess its efficacy using real-world data (§2.2). Then, we will detail the design choices
made in implementing this petabyte-level disaggregated cache, which is interconnected via an RDMA network
up to 8x400 Gbps (§3.2).

Building on this idea, we also found that the scheduling of KVCache is central to LLM serving, and hence propose
a corresponding disaggregated architecture. Figure 2 presents our current KVCache-centric disaggregated
architecture for LLM serving, named MooNcAKE. For each request, the global scheduler (Conductor) will select
a pair of prefill and decoding instances and schedule the request in the following steps: 1) transfer as much
reusable KVCache as possible to the selected prefill instance; 2) complete the prefill stage in chunks/layers and
continuously stream the output KVCache to the corresponding decoding instance; 3) load the KVCache and add
the request to the continuous batching process at the decoding instance for generating request outputs.

Although this process seems straightforward, the selection policy is complex due to many restrictions. In the
prefill stage, the main objective is to reuse the KVCache as much as possible to avoid redundant computation.
However, the distributed KVCache pool faces challenges in terms of both capacity and access latency. Thus
Conductor is responsible for scheduling requests with KVCache-awareness and executing scheduling operations
such as swapping and replication accordingly. The hottest blocks should be replicated to multiple nodes to avoid
fetching congestion, while the coldest ones should be swapped out to reduce reserving costs. In contrast, the
decoding stage has different optimization goals and constraints. The aim is to aggregate as many tokens as
possible in a decoding batch to improve the Model FLOPs Utilization (MFU). However, this objective is restricted
not only by the TBT SLO but also by the total size of the aggregated KVCache that can be contained in the VRAM.
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Fig. 1. The experiment of the effective request capacity of MooNcAke under the real-world conversation workload and
different TBT SLOs. In this experiment, MooNcAKE and three baseline systems utilize 16 8XA800 nodes each. More on §7.2.

In §4, we will detail our KVCache-centric request scheduling algorithm, which balances instance loads and user
experience as measured by TTFT and TBT SLOs. This includes a heuristic-based automated hotspot migration
scheme that replicates hot KVCache blocks without requiring precise predictions of future KVCache usage.
Additionally, we introduce new scheduling optimizations—Early Rejection (§4.3.2) and Early Rejection based
on Prediction (§4.3.4)—to address the issue of underutilized resources in disaggregated serving systems during
overload scenarios. Experimental results show that our enhanced KVCache-centric scheduling significantly
reduces TTFT and increases service capacity in real-world settings.

We will also describe the main design choices made during its implementation, especially those not covered
in current research. For example, regarding P/D disaggregation, there are currently debates on its feasibility in
large-scale practice due to bandwidth requirements and trade-offs associated with chunked prefill (e.g., Sarathi-
Serve [1]). We demonstrate, through comparison with vLLM, that with a highly optimized transfer engine, the
communication challenges can be managed, and P/D disaggregation is preferable for scenarios with stringent SLO
limits (§7.2). Based on P/D disaggregation, we propose a dynamic P/D switch algorithm (§5.1) that automatically
balances workloads by adapting to dynamic conditions. Additionally, we discuss how to implement a separate
prefill node pool that seamlessly handles the dynamic distribution of context length. We employ a chunked
pipeline parallelism (CPP) mechanism to scale the processing of a single request across multiple nodes, which
is necessary for reducing the TTFT of long-context inputs. Compared to traditional sequence parallelism (SP)
based solutions, CPP reduces network consumption and simplifies the reliance on frequent elastic scaling (§3.3).
Furthermore, our workload-aware cache strategy (§5.2) effectively addresses declining cache hit rates caused by
evolving upper-layer systems. We also detail improvements in fault tolerance mechanisms (§5.3), significantly
enhancing system reliability.

MooNCcAKE is currently the serving platform of Kimi and has successfully handled exponential workload
growth (more than 100 billion tokens a day). According to our historical statistics, the innovative architecture of
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Fig. 2. MOONCAKE architecture.

MoonNcakE enables Kimi to handle 115% and 107% more requests on the A800 and H800 clusters, respectively,
compared to previous systems. Besides, MOONCAKE has become a critical component in open-source LLM
inference communities, integrated into prominent frameworks such as SGLang [51] and vLLM [23]. In the open-
source MOONCAKE section (§6), we will detail the architecture and functionalities of the open-source modules,
MoonNcake Store and Transfer Engine (§6.1). We will illustrate MOONCAKE’s practical utility by presenting
real-world integration cases with frameworks such as SGLang (§6.2) and vLLM (§6.3).

To ensure the reproducibility of our results while safeguarding proprietary information, we also provide
detailed experimental outcomes using a dummy model mirroring the architecture of LLaMA3-70B, based on
replayed traces of actual workloads. These traces, along with the distributed KVCache storage and transfer
infrastructure of MOONCAKE, are open-sourced at https://github.com/kvcache-ai/Mooncake.

In end-to-end experiments using public datasets and real workloads, MOONCAKE excels in long-context scenarios.
Compared to the baseline method, MOONCAKE can achieve up to a 498% increase in the effective request capacity
while meeting SLOs. In §7.3, we compare MOONCAKE Store with the local cache design and find that the global
cache design of MooNCAKE Store significantly improves the cache hit rate. In our experiments, the cache hit
rate is up to 2.36X higher than that of the local cache, resulting in up to 48% savings in prefill computation time.
MOONCAKE, to the best of our knowledge, is the first system to demonstrate the significant benefits of using a
distributed KVCache pool to share KVCache across different chat sessions and queries in large-scale deployment
scenarios. We also evaluate the performance of the transfer engine that supports high-speed RDMA transfers in
MooNcAKE, which shows it is approximately 2.4X and 4.6x faster than existing solutions (§7.4).

ACM Trans. Storage
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Table 1. Notations and parameters. Model and machine parameters are set according to LLaMA3-70B and 8xA800.

Notation Description Value

l Num layers 80

d Model dimension 8192

a,b Constant coefficients in Equation 1 4, 22

gqa Num g heads / Num ko heads 8

s Tensor element size 2B (BFloat16)
G GPU computation throughput 8%312 TFLOPS
Bhog Host-to-device bandwidth 128 GB/s

Buic NIC bandwidth 800 Gbps

n,p Prompt and matched prefix length, respectively

2 Preliminary and Problem Definition
2.1 Service Level Objectives of LLM Serving

Modern large language models (LLMs) are based on the Transformer architecture, which utilizes attention
mechanisms and multilayer perceptrons (MLP) to process input. Popular Transformer-based models, such as
GPT [40] and LLaMA [45], employ a decoder-only structure. Each inference request is logically divided into two
stages: the prefill stage and the decoding stage.

During the prefill stage, all input tokens are processed in parallel, and hence it is typically computationally
intensive. This stage generates the first output token while storing intermediate results of computed keys and
values, referred to as the KVCache. The decoding stage then uses this KVCache to autoregressively generate
new tokens. It processes only one token at a time per batch due to the limitation of autoregressive generation,
which makes it memory-constrained and causes computation time to increase sublinearly with batch size. Thus,
a widely used optimization in the decoding stage is continuous batching [23, 49]. Before each iteration, the
scheduler checks the status and adds newly arrived requests to the batch while removing completed requests.

Due to the distinct characteristics of the prefill and decoding stages, MaaS providers set different metrics to
measure their corresponding Service Level Objectives (SLOs). Specifically, the prefill stage is mainly concerned
with the latency between the request arrival and the generation of the first token, known as the time to first token
(TTFT). On the other hand, the decoding stage focuses on the latency between successive token generations for
the same request, referred to as the time between tokens (TBT).

In real deployments, if the monitor detects unmet SLOs, we need to either add inference resources or reject
some incoming requests. However, due to the current contingent supply of GPUs, elastically scaling out the
inference cluster is typically unfeasible. Therefore, we proactively reject requests that are predicted not to meet
the SLOs to alleviate the cluster’s load. Our main objective is to maximize overall throughput while adhering to
SLOs, a concept referred to as goodput in other research [47, 52].

2.2 More Storage for Less Computation

To meet the stringent SLOs described above, a commonly adopted solution is to cache previously generated
KVCache and reuse it upon finding a prefix match. However, existing approaches [15, 44, 51] typically restrict
caching to local HBM and DRAM, assuming that the transfer bandwidth required for global scheduling would
be prohibitively high. But, as we will described later in §7.3, the capacity of local DRAM supports only up to
50% of the theoretical cache hit rate, making the design of a global cache essential. In this section, we present a
mathematical analysis of the actual bandwidth necessary to benefit from this strategy, explaining why distributed

ACM Trans. Storage
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caching is advantageous, especially for larger models like LLaMA3-70B. More experimental results will be given
later in §7.4.2.

We base our analysis on the model using notations described in Table 1 and incorporate specific parameters of
LLaMA3-70B. Essentially, current popular LLMs are autoregressive language models where each token’s KVCache
depends only on itself and preceding tokens. Therefore, KVCache corresponding to the same input prefix can be
reused without affecting output accuracy. If a current request’s prompt of length n shares a common prefix of
length p with previously cached KVCache, its prefill process can be optimized as follows:

qlp : nl.k[p : n],o[p : n] = MLP(hidden[p : n])

k[1:n],v[1:n] « KVCache + (k[p : n],v[p : n])

o[p : n] = Attention(q[p : n],k[1: n],0[1:n])

KVCache « (k[1:n],0[1:n])

Given input length n, the FLOPS of the prefill stage can be calculated as:
flops(n) =1 x (an*d + bnd®) (1)

Thus, reusing KVCache approximately reduces the computation cost of prefill by I x (ap?d + bpd?). However,
this requires transferring the cached KVCache into the prefill GPU’s HBM, with a size of p X [ X (2 X d/gqa) X s.

Assuming the average computation throughput is G and the average KVCache loading speed is B (where B is
determined by the minimum of Bj,; and By;.), the reuse of KVCache is beneficial in terms of TTFT if:

B 2ds

=> ()

G gqa X (apd + bd?)
In such scenarios, reusing the KVCache not only reduces GPU time and costs but also enhances the user experience
by improving TTFT. The criteria for bandwidth Brelative to computation throughput G are more readily met
with larger values of d, which is proportional to the model size. For example, when running LLaMA3-70B on
a machine with 8XA800 GPUs and assuming a prefix length of 8192, Equation 2 yields a minimum required B
of 6 GB/s. The requirement for B will be enlarged to 19 GB/s for an 8xH800 machine. Moreover, in practical
scenarios, because the transfer stages cannot be perfectly overlapped with each other, the actual bandwidth
requirement is even higher. However, as we will demonstrate in §7.4.2, a fully utilized 100 Gbps NIC per NVIDIA
A800 HGX network is sufficient to meet these criteria.

3 Design of MOONCAKE
3.1 Overview

As depicted in Figure 2, MOONCAKE employs a disaggregated architecture that not only separates prefill from
decoding nodes but also groups the CPU, DRAM, SSD, and RDMA resources of the GPU cluster to implement a
disaggregated KVCache. To schedule all these disaggregated components, at its center, MOONCAKE implements
a global scheduler named Conductor. Conductor is responsible for dispatching requests based on the current
distribution of the KVCache and workload characteristics. MOONCAKE Store, detailed in §3.2, manages the storage
and transfer of these KVCache blocks.

Specifically, Figure 3 demonstrates the typical workflow of a request. Once tokenizing is finished, the conductor
selects a pair of prefill nodes and a decoding node, and starts a workflow comprising four steps:
1) KVCache Reuse: The selected prefill node (group) receives a request that includes the raw input, the block keys
of the prefix cache that can be reused, and the block keys of the full cache allocated to the request. It loads the
prefix cache from remote CPU memory into GPU memory based on the prefix cache block keys to bootstrap the
request. This step is skipped if no prefix cache exists. This selection balances three objectives: reusing as much

ACM Trans. Storage
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KVCache as possible, balancing the workloads of different prefill nodes, and guaranteeing the TTFT SLO. It leads
to a KVCache-centric scheduling that will be further discussed in §4.
2) Incremental Prefill: The prefill node completes the prefill stage using prefix cache and stores the newly generated

incremental KVCache back into CPU memory. If the number of uncached input tokens exceeds a certain threshold,
the prefill stage is split into multiple chunks and executed in a pipeline manner. This threshold is selected to fully
utilize the corresponding GPU’s computational power and is typically larger than 1000 tokens. The reason for
using chunked but still disaggregated prefill nodes is explained in §3.3.

3) KVCache Transfer: MOONCAKE Store is deployed in each node to manage and transfer these caches. This step
is asynchronously executed and overlapped with the above incremental prefill step, streaming the KVCache
generated by each model layer to the destination decoding node’s CPU memory to reduce waiting time.

4) Decoding: After all the KVCache is received in the CPU memory of the decoding node, the request joins the
next batch in a continuous batching manner. The decoding node is pre-selected by Conductor based on its current
load to ensure it does not violate the TBT SLO.

3.2 MooncAKE Store: Cache of KVCache

Central to MOONCAKE is its efficient implementation of a distributed global cache of KVCache, referred to as
MooNCcAKE Store. As described in §2.2, reusing cached KVCache not only cuts computation costs but also improves
user experience by reducing the TTFT, particularly when the aggregated bandwidth is fully utilized. However,
achieving full utilization is challenging because the bandwidth can reach up to 8x400 Gbps, comparable to DRAM
bandwidth.

We first introduce how MooNCAKE Store manages KVCache in §3.2.1, including its storage scheme and eviction
policy. In §3.2.2, we describe the object-based APIs and memory transfer APIs of MOONCAKE Store. In §3.2.3, we
will detail the design of MOONCAKE Store’s transfer engine, a high-performance, zero-copy KVCache transfer
system designed to maximize the benefits of using multiple RDMA NICs per machine. It enhances execution
efficiency and reliability through techniques such as topology-aware path selection and endpoint pooling.

ACM Trans. Storage
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3.2.1 KVCache Management. In MOONCAKE Store, all KVCache is stored as paged blocks within a distributed
cache pool. The block size, i.e., the number of tokens contained in each block, is determined by the model size
and the optimal network transmission size, typically ranging from 16 to 512 tokens. Each block is attached with a
hash key determined by both its own hash and its prefix for deduplication. The same hash key may have multiple
replicas across different nodes to mitigate hot-cache accesslatency, controlled by our cache-load-balancing policy
described in §4.2.

MooncaKE Store allocates space for each cache block in the cache pool and logs metadata such as the block key
and its address. When the cache pool is full, MooNcAKE Store employs an LRU (Least Recently Used) strategy to
evict an existing cache block—unless the block is currently being accessed by an ongoing request—and overwrites
the evicted block’s space with the new block.

3.2.2 Interface. Atthe higher layer, MOONCAKE Store offers object-based APIs such as put, get, and change_replica.
These facilitate the caching of KVCache in a disaggregated manner, organizing mini blocks of KVCache as memory
objects and enabling Conductor to adjust the number of replicas for each KVCache block to achieve higher
bandwidth aggregation. These functions are supported by a set of synchronous batch transfer APIs, detailed in
Listings 1.

Transfer operations are available for both DRAM and GPU VRAM and will utilize GPU Direct RDMA when
optimal, provided that the specified memory region has been pre-registered. The completion of these operations
can be monitored asynchronously via the getTransferStatus API, which reports whether transfers are ongoing
or have encountered errors.

Listing 1. Memory transfer APls in MOONCAKE Store.

int registerLocalMemory(void *vaddr, size_t len, const string &type);
BatchID allocateBatchID(size_t batch_size);

int submitTransfer(BatchID batch_id, const vector<Request> &entries);

int getTransferStatus(BatchID batch_id, int request_index, Status &status);
int freeBatchID(BatchID batch_id);
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3.2.3 Transfer Engine. To efficiently implement the above APIs, a transfer engine is designed to achieve several key
objectives: 1) Effectively distribute transfer tasks across multiple RDMA NIC devices; 2) Abstract the complexities
of RDMA connection management from the APIs; and 3) Appropriately handle temporary network failures. This
transfer engine has been meticulously engineered to fulfill each of these goals.

Network Setup. The benefits of MOONCAKE rely on a high-bandwidth network interconnect. Currently, we use
standard HGX machines where each A800 GPU is paired with a 100/200 Gbps NIC, and each H800 GPU is paired
with a 200/400 Gbps NIC, which is comparable to memory bandwidth and existing libraries (other than NCCL)
fail to fully utilize this capacity. As for NCCL [10], it cannot gracefully handle dynamic topology changes due to
the addition or removal of nodes/NICs and does not support DRAM-to-DRAM paths. In contrast, the transfer
engine endeavors to find alternative paths upon failure.

To address congestion, the network utilizes RoCEv2 tuned by cloud providers. In the scheduler, we mitigate
congestion by increasing the number of replicas for hot KVCaches (§4.2).

Topology-aware path selection. Modern inference servers often consist of multiple CPU sockets, DRAM, GPUs,
and RDMA NIC devices. Although it’s technically possible to transfer data from local DRAM or VRAM to a remote
location using any RDMA NIC, these transfers can be limited by the bandwidth constraints of the Ultra Path
Interconnect (UPI) or PCle Switch. To overcome these limitations, MOONCAKE Store implements a topology-aware
path selection algorithm.

Before processing requests, each server generates a topology matrix and broadcasts it across the cluster. This
matrix categorizes network interface cards (NICs) into "preferred" and "secondary" lists for various types of
memory, which types are specified during memory registration. Under normal conditions, a NIC from the
preferred list is selected for transfers, facilitating RDMA operations within the local NUMA or GPU Direct RDMA
through the local PCle switch only. In case of failures, NICs from both lists may be utilized. The process involves
identifying the appropriate local and target NICs based on the memory addresses, establishing a connection, and
executing the data transfer.

For instance, as illustrated in Figure 4, to transfer data from buffer 0 (assigned to cpu: ) in the local node to
buffer 1 (assigned to cpu: 1) in the target node, the engine first identifies the preferred NICs for cpu: @ using the
local server’s topology matrix and selects one, such as m1x5_1, as the local NIC. Similarly, the target NIC, such as
mlx5_3, is selected based on the target memory address. This setup enables establishing an RDMA connection
from m1x5_1@local to m1x5_3@target to carry out RDMA read and write operations.

To further maximize bandwidth utilization, a single request’s transfer is internally divided into multiple slices
at a granularity of 16 KB. Each slice might use a different path, enabling collaborative work among all RDMA
NICs.

Endpoint management. MOONCAKE Store employs a pair of endpoints to represent the connection between a
local RDMA NIC and a remote RDMA NIC. In practice, each endpoint includes one or more RDMA queue pair
objects. Connections in MOONCAKE Store are established in an on-demand manner; endpoints remain unpaired
until the first request is made.

To prevent a large number of endpoints from slowing down request processing, MOONCAKE Store employs
endpoint pooling, which caps the maximum number of active connections. We use the SIEVE [50] algorithm to
manage endpoint eviction. If a connection fails due to link errors, it is removed from the endpoint pools on both
sides and re-established during the next data transfer attempt.

Failure handing. In a multi-NIC environment, one common failure scenario is the temporary unavailability of
a specific NIC, while other routes may still connect two nodes. MOONCAKE Store is designed to adeptly manage
such temporary failures effectively. If a connection is identified as unavailable, MoONCAKE Store automatically
identifies an alternative, reachable path and resubmits the request to a different RDMA NIC device. Furthermore,

ACM Trans. Storage



10 « R.Qinetal

MOONCAKE Store is capable of detecting problems with other RDMA resources, including RDMA contexts and
completion queues. It temporarily avoids using these resources until the issue, such as a downed link, is resolved.

3.3 MoonNcAKe’s Prefill Pool

Unlike the inviolable decoding nodes, the necessity and best practices for designing a separate and elastic prefill
pool remain under debate. For example, although many researchers [19, 39, 52] share our intuition to use a
disaggregated architecture, it is worth discussing whether this separation is still necessary with the introduction
of chunked prefill [1].

However, after careful consideration, we decided to maintain MOONCAKE’s disaggregated architecture. This
decision is primarily driven by the fact that online services typically have more stringent SLOs. While chunked
prefill reduces decoding interference, it remains challenging to simultaneously maximize MFU during the prefill
stage and meet the TBT SLO during the decoding stage. We will demonstrate this in the end-to-end experiments
in §7.2. Another important reason is that we think prefill nodes require different cross-node parallelism settings
to handle long contexts as the available context length of recent LLMs is increasing rapidly, from 8k to 128k and
even up to 1 million tokens [16]. Typically, for such long context requests, the input tokens can be 10 to 100 times
larger than the output tokens, making optimizing the TTFT crucial. Due to the abundant parallelism in long
context prefill, using more than a single 8XGPU node to process them in parallel is desirable. However, extending
tensor parallelism (TP) across more than one node requires two expensive RDMA-based all-reduce operations
per layer, significantly reducing the MFU of prefill nodes.

Recently, many works have proposed sequence parallelism (SP) [5, 13, 20, 21, 24, 26, 29]. SP partitions the input
sequences of requests across different nodes to achieve acceleration, allowing even long requests to meet the TTFT
SLO. However, when applied to shorter input requests, SP results in a lower MFU compared to using single-node
TP only. Recent research [47] proposes elastic sequence parallelism to dynamically scale up or down the SP group.
Although possible, this adds complexity to our architecture. Additionally, SP still requires frequent cross-node
communication, which lowers the MFU and competes with network resources for transferring KVCache across
nodes.

To address this, MOONCAKE leverages the autoregressive property of decoder-only transformers and implements
chunked pipeline parallelism (CPP) for long context prefill. We group every X nodes in the prefill cluster into a
pipelined prefill node group. For each request, its input tokens are partitioned into chunks, each no longer than
the prefill_chunk. Different chunks of the same request can be processed simultaneously by different nodes,
thus parallelizing the processing and reducing TTFT.

CPP offers two main benefits: 1) Similar to pipeline parallelism in training, it requires cross-node communication
only at the boundaries of each pipeline stage, which can be easily overlapped with computation. This leads to
better MFU and less network resource contention with KVCache transfer. 2) It naturally fits both short and long
contexts, bringing no significant overhead for short context prefill and avoiding frequent dynamic adjustment of
node partitioning. This pipeline-based acceleration method has been explored in training systems [27], but to
our knowledge, this is the first application in the inference stage, as long context inference has only recently
emerged.

4 Scheduling
4.1 Prefill Global Scheduling

Previous research on LLM serving typically uses a load-balancing strategy that evaluates the load on each instance
based on the number of assigned requests. In MooNcAKE, however, the selection of prefill instances considers
additional factors—not just load but also the prefix cache hit length and the distribution of reusable KVCache
blocks. While there is a preference to route requests to prefill instances with longer prefix cache lengths to reduce
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Fig. 5. The prefill scheduling experiment that shows KVCache-Centric scheduling significantly reduces average TTFT.

computation costs, it may be beneficial to schedule them to other nodes to ensure overall system balance and
meet TTFT SLOs. To address these complexities, we propose a cache-aware global scheduling algorithm that
accounts for both the prefill time due to the prefix cache and the local queuing time.

Algorithm 1 details the mechanism for our KVCache-centric prefill scheduling. For every new request, block
keys are then compared one by one against each prefill instance’s cache keys to identify the prefix match length
(prefix_len) With this matching information, Conductor estimates the corresponding execution time based on
the request length and prefix_len (which varies by instance), using a polynomial regression model fitted with
offline data. It then adds the estimated waiting time for that request to get the TTFT on that instance. Finally,
Conductor assigns the request to the instance with the shortest TTFT and updates the cache and queue times
for that instance accordingly. If the SLO is not achievable, Conductor directly returns the HTTP 429 Too Many
Requests response status code to the upper layers.

The backbone of this scheduling framework is straightforward, but complexities are hidden in the engineering
implementation of various components. For example, to predict the computation time of the prefill stage for a
request, we employ a predictive model derived from offline test data. This model estimates the prefill duration based
on the request’s length and prefix cache hit length. Thanks to the regular computation pattern of Transformers,
the error bound of this prediction is small as long as enough offline data is available. The queuing time for a
request is calculated by aggregating the prefill times of all queued requests. In practical implementations, TTFTs
are computed in parallel, rendering the processing time negligible compared to the inference time.

More difficulty lies in predicting the transfer time because it is determined not only by the size of the transferred
data but also by the current network status, especially whether the sending node is under congestion. This also
necessitates the replication of hot KVCache blocks, which will be discussed in §4.2.

4.2 Cache Load Balancing

In MoONCAKE, each prefill instance has its own set of local prefix caches. The usage frequency of these caches
varies significantly. For example, system prompts are accessed by almost every request, whereas caches storing
content from a local long document may be used by only one user. As discussed in §4.1, Conductor’s role is
crucial in achieving an optimal balance between cache matching and instance load. Thus, from the perspective of
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Algorithm 1 KVCache-centric Scheduling Algorithm

Input: prefill instance pool P, decoding instance pool D, request R, cache block size B.
Output: the prefill and decoding instances (p, d) to process R.

: block_keys « PrefixHash(R.prompt_tokens, B)

TTFT,p « inf, 0

: best_len, best_instance < FindBestPrefixMatch (P, block_keys)

: for instance € P do
best_len
instance.prefix_len
prefix_len < best_len

transfer_len < best_len — instance.prefix_len

Tiransfer < EstimateKVCacheTransferTime(transfer_len)
else

prefix_len « instance.prefix_len

Ttransfer «0

> kvcache_balancing_threshold then

R A A >

_ =
_- O

—_
N

Tqueue < EstimatePrefillQueueTime (instance)
Tprefint < EstimatePrefillExecutionTime(
len(R.prompt_tokens), prefix_len)

14:  if TTFT > Tiransfer + Tqueue + Tprefill then

15: TTFT « Ttransfer + Tqueue + Tpreﬁll

16: p < instance

17: d, TBT « SelectDecodingInstance(D)

18: if TTFT > TTFT_SLO or TBT > TBT_SLO then

19: reject R; return

20: if —bestlen kvcache_balancing_threshold then
p.prefix_len

21:  TransferKVCache(best_instance, p)

22: return (p,d)

—_
w

the distributed cache system, load balancing also plays an important role. Specifically, it involves strategizing on
how to back up caches to ensure that global prefill scheduling can achieve both high cache hits and low load.

A straw-man solution to this KVCache scheduling problem could be collecting the global usages of each block,
using a prediction model to forecast their future usages, and making scheduling decisions accordingly. However,
unlike the estimation of prefill time, workloads are highly dynamic and change significantly over time. Especially
for a Maa$ provider experiencing rapid growth in its user base, it is impossible to accurately predict future usages.
Thus, we propose a heuristic-based automated hotspot migration scheme to enhance cache load balancing.

As previously noted, requests may not always be directed to the prefill instance with the longest prefix cache
length due to high instance load. In such cases, Conductor forwards the cache’s location and the request to
an alternative instance if the estimated additional prefill time is shorter than the transfer time. This instance
proactively retrieves the KVCache from the holder and stores it locally. More importantly, we prefer to compute
the input tokens if the best remote prefix match length is no larger than the current local reusable prefix multiplied
by a threshold!. Both strategies not only reduce the prefill time for requests but also facilitate the automatic
replication of hotspot caches, allowing for their broader distribution across multiple instances.

To validate the effectiveness of our strategy, we conduct a scheduling experiment that compares random
scheduling and load-balancing scheduling with our strategy. We further compare the local cache-aware scheduling
described in §4.1 and the global cache-aware scheduling described in this section that considers cache load

IThis threshold is currently adjusted manually but can be adaptively adjusted by an algorithm in the future.

ACM Trans. Storage



Mooncake: A KVCache-centric Disaggregated Architecture for LLM Serving « 13

balancing. In random scheduling, a prefill instance is selected arbitrarily for each request. In load-balancing
scheduling, the instance with the lightest load is chosen. Specifically, we build a MOONCAKE cluster consisting
of 16 8xA800 nodes, and replay the conversation trace detailed in §7.2.1 for the experiment. We assess the
performance of each scheduling algorithm based on the TTFTs. The experimental results, depicted in Figure 5,
demonstrate that our KVCache-centric scheduling algorithms outperform random and load-balancing scheduling.
By incorporating cache load balancing, the global cache-aware algorithm reduces the average TTFT by an
additional 14% compared to the local cache-aware algorithm.

4.3 Overload-oriented Scheduling

Most existing work on LLM serving assumes that all requests will be processed, optimizing the throughput or the
TTFT and TBT of requests accordingly. However, in real scenarios, processing every incoming request is neither
economical nor realistic. For commercial inference services facing rapidly increasing volumes of user requests,
the growth rate of the cluster’s inference resources is far slower than the increase in incoming requests. As a
result, overload is a common issue in current LLM serving, especially during peak times.

To balance costs and user experience, the system should process as many requests as possible until the system
load reaches a predefined threshold. After this point, remaining requests will be either directly rejected or deferred
for later retry. MOONCAKE, implemented as a disaggregated inference system, allows for more flexible scheduling
strategies but also confronts unique scheduling challenges not present in non-disaggregated systems and not
mentioned in previous works[19, 39, 52].

In this section, we describe an early rejection policy designed specifically for a disaggregated architecture and
address the load fluctuation caused by this approach. We then explore how predicting the generation length is
necessary to mitigate these problems.

4.3.1 Scheduling in Overload Scenarios. In scenarios where system overload occurs, scheduling involves deter-
mining whether to accept or reject incoming requests based on the system load. A critical aspect of this process
is defining what constitutes the "systemload", as this definition influences the threshold at which requests are
rejected. In conventional coupled systems, the prediction of TTFT and TBT can be complicated by interference
between the prefill and decoding stages. Therefore, the load is often measured simply by the ratio of the number
of requests being processed to the system’s maximum capacity.

In contrast, MOONCAKE, with its disaggregated architecture, processes the prefill and decoding stages indepen-
dently. Thus, we use SLO satisfaction as a direct load measurement. Specifically, we define l;;; and Iy, as the
TTFT and TBT SLO constraints for requests, respectively. The load for prefill and decoding instances is then
determined by comparing the predicted maximum TTFT and TBT on an instance against l;;¢; and l;;. With
these two criteria, MOONCAKE’s scheduling requires two key decisions: first, whether to accept the prefill stage
based on the prefill instance’s load, and second, whether to proceed with the decoding stage depending on the
decoding instance’s load.

4.3.2 Early Rejection. In practice, the individual load on prefill or decoding instances does not accurately reflect
the actual number of requests processed by the system. This discrepancy arises due to a time lag between
scheduling prefill and decoding instances for a single request. If a request is rejected by the decoding instance
due to high load after the prefill stage has been completed, the computational resources expended during the
prefill stage are wasted. Consequently, the actual number of successfully processed requests during prefill is less
than that indicated by the load metric.

To address this issue, it is natural to advance the load assessment of the decoding instance to precede the
beginning of the prefill stage. We refer to this strategy as Early Rejection. Upon the arrival of a request,
Conductor evaluates whether to accept the request based on the greater load between the prefill and decoding
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Fig. 6. The load of prefill and decoding instances over 20 minutes, before using the prediction-based early rejection.

pools. Early Rejection significantly reduces ineffective computations from rejected requests and enhances load
balancing.

4.3.3 Load Fluctuation Caused by Early Rejection. However, Early Rejection introduces new challenges. Figure 6
shows the observed real-world instance load over a 20-minute period in a cluster of 20 machines after using the
Early Rejection strategy. It highlights significant anti-phase fluctuations between prefill and decoding machines.
This phenomenon becomes more pronounced in clusters with fewer prefill machines and in scenarios where the
prefill stage takes longer.

Upon further exploration, we found that this load fluctuation problem is rooted in the time lag between
predicting the decoding load and its actual execution. Scheduling based on the current decoding load is inherently
delayed. This delay causes fluctuations and phase staggering between the loads on prefill and decoding instances,
as illustrated in the theoretical example described in Figure 7a. The green curve represents the load of prefill
instances (scaled from 0 to 1), and the yellow curve represents the load of decoding instances.

In Stage 1, the load on both prefill and decoding instances is low, so Conductor accepts a large number of
requests until the load on prefill instances reaches its limit. In Stage 2, requests processed by prefill instances are
scheduled to decoding instances, causing the load on decoding instances to be high. Consequently, Conductor
rejects incoming requests, leading to a lower load on prefill instances. In Stage 3, no new requests enter the
decoding stage, resulting in a decreased load. At this point, Conductor again accepts a large number of requests
until the prefill instances are fully loaded. In Stage 4, as the load on decoding instances increases, Conductor
rejects requests, causing a low load on prefill instances. This severe fluctuation in load between prefill and
decoding instances results in poor resource utilization of the inference cluster.

4.3.4  Early Rejection Based on Prediction. To solve the load fluctuation problem, we propose a framework of
Early Rejection Based on Prediction to address scheduling challenges in overload scenarios for disaggregated
LLM serving systems like MOONCAKE. As illustrated in Figure 7b, this framework predicts the decoding load after
the prefill stage of incoming requests and uses this prediction to decide whether to accept the requests, which
helps mitigate the fluctuation problem. The core component of this strategy is the accurate prediction of the
decoding load for the subsequent period. We introduce two approaches for this:

Request level: Previous work highlights a significant challenge in predicting loads for LLM serving: the unknown
output length of each request. If we could determine the output length in advance, it would be possible to estimate
the TTFT and TBT much more accurately. This, in turn, would help predict the number of requests a decoding
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Fig. 7. Instance load when applying Early Rejection and Early Rejection Based on Prediction.
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instance can complete and the number of new requests that will be added after a specified time, thereby obtaining
the load at that time. However, predicting each request’s output length is challenging due to high costs [19]
or low accuracy, especially under overload conditions where resources are scarce and accurate predictions are
necessary, making request-level predictions particularly difficult.

System level: In contrast to request-level predictions, system-level predictions do not attempt to predict the
completion time for individual requests. Instead, they estimate the overall batch count or the TBT status for
instances after a specified time. This type of prediction is ongoing and requires less precision, making it more
appropriate for overload scenarios.

In MooNCAKE, we currently utilize a system-level prediction strategy: we assume that each request’s decoding
stage takes a uniform time ¢4. First, for a given moment ¢, requests that can be completed by the prefill instances
at t are added to the uniform decoding instances. Next, requests that will be completed (i.e., their execution time
exceeds t;) before t are removed from the decoding instances. Finally, the average TBT ratio of all decoding
instances to Iy, is calculated to predict the load. The exploration of request-level prediction is left for future
work.

5 Implementation

This section describes the implementation of MooNCAKE and the pragmatic lessons learned while running it
in production. Several techniques described here were not part of the original blueprint; instead, they emerged
through successive iterations as we confronted issues inherent to large-scale, distributed LLM serving. Because
the ecosystem is still young and there is no agreed-upon reference design for critical modules (e.g., Conductor or
MOONCAKE Store), implementation inevitably involves exploration and dead ends. By documenting both our
missteps and our fixes, we hope to provide a useful playbook for practitioners and researchers entering this
space.

5.1 Dynamic PD Ratio

In production, we observed a clear periodic shift in the relative loads of the prefill and decode clusters. During
working hours, requests are dominated by long-form document analysis and retrieval-augmented queries, stressing
the prefill stage; in the evening, mobile chat sessions with short prompts prevail, shifting the bottleneck to the
decode stage. Our initial deployment used a static prefill/decode (PD) replica ratio, which caused predictable but
pronounced imbalance.

Frequent model upgrades made tuning harder. Each new revision exhibits different inference latency and
response-length characteristics, so manual PD tuning quickly becomes both inaccurate and operationally expen-
sive.

To address these issues we implemented an automated PD-ratio controller that periodically samples the recent
prefill and decode loads and computes an imbalance factor:

_ Ldecode + 1
fim=—"—"—

Lpreﬁll +1

where Lgecode and fpreﬁu are the mean loads after discarding the top and bottom 10% of samples to suppress
outliers. A f;;, > 1 indicates that decode replicas are overloaded and should be increased; a f;;, < 1 suggests
that prefill replicas require scaling instead.

Because production traffic is highly skewed, driving f;,, directly to 1 often causes oscillations. Instead, the
controller follows the machine tide, which adds capacity during peak hours and removes capacity during off-peak
periods, to adjust the PD ratio gradually. When scaling out, it first adds replicas to the more heavily loaded side;
when scaling in, it removes replicas from the less-loaded side. Each adjustment is bounded to avoid overshoot
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Fig. 8. A 24-hour trace of prefill and decode loads and replica counts in an online cluster.

while continuously reducing imbalance. Figure 8 illustrates the PD-ratio controller in action over a 24-hour
period, demonstrating its ability to adaptively adjust both the number and ratio of prefill and decode replicas in
response to real-time load fluctuations.

5.2 Flexible KVCache Storage

In the initial deployment of MOONCAKE, each node was provisioned with 1 TB of DRAM to form a distributed
KVCache pool. A one-hour offline replay experiment showed that nearly all requests with shared prefixes
benefited from high cache reuse, thanks to the global KVCache-sharing mechanism. Online metrics confirmed
this benefit, with hit rates peaking at 50%. Over time, however, the hit rate degraded, falling below 20% during
peak hours. A detailed analysis of production traffic revealed two primary causes:

(1) Rising per-node throughput. Continuous inference optimizations significantly increased the number of
requests each node could serve. As a result, the volume of KVCache entries that had to be retained within a
given time window began to exceed the original DRAM budget, triggering large-scale evictions.

(2) Heterogeneous cache demands. New serving features, such as context caching and web-search augmen-
tation, introduced greater variance in prefix reuse. For example, reference content retrieved by a web search
is typically used only once and does not reappear in subsequent dialogue turns, making it unnecessary to
cache. In contrast, context cache allows users to designate segments of the prompt for repeated reuse over
a period of time, requiring strong cache persistence. The uniform LRU-based eviction strategy originally

ACM Trans. Storage



18 « R.Qinetal

used by MOONCAKE was agnostic to these distinctions, leading to premature eviction of high-value entries
and lower overall cache hit rates.

To address these issues, we introduced two key improvements to the cache storage and eviction strategy. First,
we adopted a hierarchical caching architecture in which KVCache entries are stored across VRAM, DRAM, and
SSD according to their access frequency. SSD is used only during peak load or for offloading long-lived context
cache entries, and we prefetch proactively based on request-queue patterns to mask latency. Second, we replaced
LRU with a semantics-aware eviction policy: low-value cache segments (e.g., ephemeral web search results) are
excluded from MooNCAKE Store, while context-cache entries are retained with strong persistence guarantees
and, in the worst case, offloaded to SSD instead of being evicted. Experimental results (§7.3.4) show that this
adaptive KVCache storage strategy increases the global cache hit rate by 93%.

5.3 Stateless Conductor

In the early design of MooNcakE, Conductor maintained the entire cluster’s KVCache metadata in memory.
Consequently, a failure or rolling restart of a Conductor instance would wipe out all cache information, (i)
violating the context-cache protocol and (ii) reducing request throughput. Another issue is that the cluster’s
service had to be taken completely offline during an update: under Kubernetes deployment’s rolling update, a
newly started Conductor instance would incorrectly assume that all blocks were available, overwriting blocks
that might still be under prefill or actively used for decoding, thereby corrupting ongoing inference.

We remedied both issues by making Conductor stateless. Instead of storing KVCache metadata (block IDs,
block keys, and context cache entries) centrally, the metadata is offloaded to the inference nodes. Each inference
node is now responsible for allocating KVCache blocks, acquiring locks to prevent concurrent modification, and
committing updates. Conductor keeps only a shadow copy of the metadata in memory, used exclusively for
cache-aware scheduling (§4); all state-changing operations occur on the nodes. On startup, a Conductor instance
reconstructs its shadow view by querying every node, and after each request’s prefill phase, it refreshes the view
with the information returned by the node.

Figure 9 illustrates the workflow:

(1) Upon receiving a request, the Conductor instance performs prefix matching using its shadow metadata and
selects the optimal prefill node.

(2) It then issues a TxAllocate to the chosen node. The node checks local capacity:
o If capacity is insufficient, it returns an error and the Conductor instance rolls back.
e Otherwise, it allocates the required blocks (excluding those reused via prefix matching), locks all relevant

blocks (both reused and newly allocated), and returns the handle set.

(3) When the first token arrives from the decode node—indicating KVCache transfer has completed—Conductor

issues TxCommit to the prefill node, which persists the block keys and IDs.

MooNcAKE also supports inter-node KVCache transfer to improve cache load balancing (§4.2). In the stateless
design, the Conductor instance initiates paired TxAllocate operations on the source and destination nodes; the
source performs no allocation but participates in locking its blocks. Upon finished transfer, both nodes commit.

The stateless Conductor design enables safe rolling updates in which old and new Conductor instances
may concurrently handle requests. The KVCache block locking mechanism at the node level ensures that two
Conductor instances cannot mutate the same block concurrently. Temporary inconsistencies are possible. For
example, the new Conductor instance updates a block while the old one still makes scheduling decisions based
on stale metadata, which may lead to suboptimal node selection. But updates are short-lived, and we observe
negligible impact on production workloads.

ACM Trans. Storage



Mooncake: A KVCache-centric Disaggregated Architecture for LLM Serving + 19

1 1

tor
request ——f | ————

1 1

1 1

1 1

local prefix match : :

— | |

1 1

tx allocate(prefix, new) —— |

1 1

1 check 1

1 1

1 4—' 1

1 —| 1

1 1

1 alloc & lock 1

1 1

LI I handler -sessssssnesensd -~— :

1 1

1 1

1 1

1 1

1 1

; prefill (porompt) :

1 1

1 1

1 1

1 1

| < 1

| ] 1

1 1

1 1

1 1

1 1

1 1

X decode(prompt, prefill addr) | L
1 1
1 1
1 1
1 1
1 1

1 ]

(after receiving the first token) 1 1

1 1

tx commit :

1

commit :

<—| I

1

1

< 1

1

1

1

1

Fig. 9. Interaction flow for a single request between the Conductor instance and the inference nodes.

6 Open-source MOONCAKE
6.1 Overview of the Open-source MooNcAKE Architecture

Popular LLM inference frameworks such as SGLang [51], vLLM [23], and LMDeploy [8] have attracted large
and active communities due to their ease of use, high performance, and multi-platform deployment support.
These frameworks implement advanced features such as continuous batching and prefix caching, substantially
improving inference throughput. However, despite rapid progress, their support for P/D disaggregation and
distributed KVCache reuse remains limited. Before integrating MooNCAKE, for example, vVLLM relied on PyNCCL
(Python bindings for NCCL [10]) for multi-node P/D disaggregation, which exhibited poor performance and
a large failure domain due to NCCL’s collective communication pattern being ill-suited for point-to-point
communication. Furthermore, while both vLLM and SGLang implemented prefix caching early, their caches were
confined to local GPU memory and could not be shared across instances. This limitation significantly degrades
their performance under long-context scenarios (see §7.2.3). To accelerate progress in distributed LLM inference,

ACM Trans. Storage



20 « R.Qinetal.

we have open-sourced the MOONCAKE system and provided third-party integration with these popular inference
frameworks.

As illustrated in Figure 10, the core component of the open-source MOONCAKE architecture [22] is the Transfer
Engine. It unifies diverse protocols including RDMA, NVLink, TCP, and NVMe-oF, under a single transfer
semantics API. For RDMA-like protocol, open-source Transfer Engine supports eRDMA [7] to adapt to different
server vendors and cloud service providers such as Alibaba Cloud. The topology-aware design dynamically
optimizes data paths based on hardware locality, achieving a remarkable throughput for KVCache transfers while
reducing cross-node latency by 40% compared to conventional approaches like Gloo [41]. Building upon Transfer
Engine, MOONCAKE implements two specialized storage subsystems: the P2P Store enables efficient KVCache
sharing across nodes through its decentralized architecture, while the MooNCAKE Store provides a distributed
KVCache pool specifically optimized for LLM inference workloads. Thus, these components can work together
to support KVCache optimized features like P/D disaggregation and KVCache reuse in popular LLM inference
systems.

Currently, MOONCAKE has been integrated into the aforementioned open-source LLM frameworks. Through
collaboration with the SGLang and vLLM teams, MooNCAKE now officially supports P/D disaggregation in
these two open-source LLM inference systems. By leveraging the high-efficiency communication capabilities of
RDMA devices, MOONCAKE significantly improves inference efficiency in P/D disaggregation scenarios, providing
robust technical support for large-scale distributed inference tasks. These integrations demonstrate the role of
open-sourced MOONCAKE architecture as a pluggable efficiency booster for LLM systems.

LLM inference frameworks adopt diverse KVCache management strategies, including variations in storage
layouts, eviction policies, and access interfaces. To ensure broad compatibility, MOONCAKE exposes modular APIs
from components such as the Transfer Engine and MooNCAKE Store, enabling tailored integration with different
framework designs. There are two major design choices in integrating MOONCAKE into an open-source inference
framework: using direct GPU-to-GPU access or CPU offload and applying KV Transfer or KV Store paradigms.
As shown in Table 2, MooNCAKE supports all these features for better compatibility.

GDR and CPU offload. GPUDirect RDMA (GDR) offers lower latency by direct GPU communication but
requires sufficient GPU memory and CUDA support. MOONCAKE can utilize CPU offload, which is more scalable
and offers larger and cheaper CPU memory, but this incurs higher latency from CPU-GPU data transfers.

KV Transfer and KV Store. Use Transfer Engine as the KV Transfer mode, which involves moving KVCache
between devices as needed. It can cause high bandwidth usage but lower access latency if managed well.
MooNcAKE Store provides the KV Store mode. It uses a centralized, distributed cache pool, which centralizes
management, reduces redundancy, and optimizes for scalability, but may have higher access latency due to
centralized storage. However, efficient serialization and network optimizations can mitigate the overhead.

Table 2. Strategies of current open-source LLMs

) Transfer Method
Operation
GPU-to-GPU (GDR) CPU Offload
KV Transfer SGLang -
KV Store - vLLM

6.2 Integration with SGlLang

The modern deployment of LLMs like Kimi K2 [33] and DeepSeek R1 [17] requires careful orchestration of
computation and communication to achieve scalable and cost-effective inference. The SGLang framework
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Fig. 11. Workflow of SGLang P/D disaggregation with MOONCAKE.

addresses this challenge by providing a flexible, high-performance environment that supports advanced parallelism
and disaggregation techniques. A critical enhancement to the capability of SGLang is the integration of MOONCAKE
to accelerate P/D disaggregation communication.

To overcome communication bottlenecks, MOONCAKE provides a streamlined RDMA communication layer
explicitly built for the unique requirements of P/D disaggregation. There are four steps in the workflow (see
Figure 11): (1) It begins with the KVManager initializing the MooNcAKE, which involves registering GPU addresses
into RDMA, creating a request pool to map bootstrap rooms to metadata, and setting up a ZMQ server for
communication. (2) The KVSender adds metadata entries to the request pool when initiating a transfer. A pair of
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prefill and decode server connections is established for each request. This approach allows us to easily scale the
prefill and decode server pools up or down as needed. (3) Upon initialization, the KVReceiver also populates the
request pool and sends metadata to the KVSender via ZMQ, triggering prefill thread of KVSender. This thread
performs GDR-based RDMA writes using MOONCAKE transferSync and notifies the KVReceiver upon completion.
(4) Finally, the decode thread of KVReceiver processes the completion signal, removing the corresponding entry
from the request pool. This coordinated process ensures efficient data transfer and synchronization between
components.

Efficient Fragmented Memory Transfers. For each KV transfer, there are many fragmented GPU memory
indices. MooNcAKE employs RDMA queue pairs to transfer contiguous fragmented KVCache data without
additional copying, minimizing overhead. On the other hand, MooNcAKE offers batch transfer APIs to reduce the
invocation overhead between SGLang and MOONCAKE.

Asynchronous and Non-blocking APIs. SGLang offloads network operations of MOONCAKE to dedicated
background threads, ensuring that the scheduler event loop in SGLang remains fully responsive and unhindered
by blocking communication calls. Transfer engine operations of KVSender/KVReceiver are non-blocking and run
in a background thread. This ensures that the original scheduler event loop continues to operate uninterrupted
while data transfer occurs in the background.

Lightweight and Modular Integration. MoONCAKE is designed with modular interfaces compatible with
communication abstractions of SGLang, such as DeepEP [12], allowing integration without extensive refactoring.
By integrating MoONCAKE as a module and avoiding interference between Prefill and Decode servers, MOONCAKE
can smoothly support tensor/data/pipeline parallel execution, achieving high GPU utilization across distributed
inference workloads.

Fault-tolerance with MooNCAKE. MOONCAKE introduces robust mechanisms to handle failures and maintain
system stability for P/D fault tolerance in SGLang. It includes health monitoring via a dedicated route and
heartbeat threads, enabling detection of P/D instance failures. Upon identifying issues (e.g., sync timeouts or
killed instances), the system aborts affected requests, restarts unhealthy P/D, and cleans up KV states to prevent
residual conflicts. Failures are synchronized between P/D nodes to propagate root causes, while reduced resource
contention and configurable environment variables improve debuggability and adaptability. These changes ensure
uninterrupted service.

6.3 Integration with vLLM

MooNcaKE implements a producer-consumer architecture with stateful connectors to enable asynchronous P/D
disaggregation in vLLM. The system introduces three core components: (1) Lookup Buffers implemented as
double-ended queues for non-blocking KVCache insertion by prefill and blocking consumption by decoder, (2)
Connector and Pipes leveraging MOONCAKE Store for remote transmission with zero-copy optimization, and (3)
State-aware Scheduler that manages GPU buffer allocation through allocate/free slots abstraction.

Figure 12 shows the workflow of how to transfer KVCache between P/D with MooNcakE Store. This asynchro-
nous architecture separates prefill and decode nodes using a standalone MOONCAKE store. It ensures that prefill
nodes do not need to wait for decode nodes to retrieve the KVCache. During the initialization stage of the P/D
instances, P/D should create a MooNCAKE client as Connector and attach to the KVCache pool. While P instances
perform prefill computations forward, MooNCAKE simultaneously pushes partial KVCache to D connectors
without blocking the computation pipeline. Prefill instances process the requests with the output length of 1
and put the KVCache to MooNCAKE Store via Connector. Control and data plane separation is achieved via
HTTP/message queue coordination and direct KVCache addressing. This allows decoder instances to bypass
prefill phases by retrieving KVCache directly from MooNCAKE Store and proceeding with decoding.
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Fig. 12. Workflow of vLLM P/D disaggregation with MOONCAKE.

By eliminating intermediate data copies through zero-copy pipe implementation and maintaining cache state
consistency via Connector-based allocation tracking, MooNCAKE reduces KV transmission latency compared to
the native page cache replication approach of vLLM while preserving the original block management semantics.

7 Evaluation

As described before, according to historical statistics of Kimi, MOONCAKE enables Kimi to handle 115% and
107% more requests on the A800 and H800 clusters, respectively, compared to our previous systems based
on vLLM. To further validate these results and ensure reproducibility, in this section, we conduct a series of
end-to-end and ablation experiments on MOONCAKE with a dummy LLaMA3-70B model to address the following
questions: 1) Does MOONCAKE outperform existing LLM inference systems in real-world scenarios? 2) Compared
to conventional prefix caching methods, does the design of MOONCAKE Store significantly improve MOONCAKE's
performance?

7.1 Setup

Testbed. During the reproducing experiments, the system was deployed on a high-performance computing
node cluster to evaluate its performance. Each node in the cluster is configured with eight NVIDIA-A800-SXM4-
80GB GPUs and four 200 Gbps RDMA NICs. The KVCache block size in MOONCAKE Store is set to 256. For
deploying MOONCAKE, each node operates as either a prefill instance or a decoding instance based on the startup
parameters. For deploying other systems, each node hosts a single instance.

Metric. Specifically, we measure the TTFT and TBT of each request, where the TBT is calculated as the average
of the longest 10% of the token arrival intervals. As mentioned in §2, the threshold for TTFT is set to 30 s, and
TBT thresholds are set to 100 ms, 200 ms, and 300 ms, depending on the scenario. We consider requests with both
TTFT and TBT below their respective thresholds as effective requests, and the proportion of effective requests
among all requests as the effective request capacity. For brevity, the subsequent experiments not mentioning
TTFT are assumed to meet the TTFT threshold. To more intricately compare the caching performance, we also
measure the GPU time during the prefill stage and the cache hit rate for each request.

Baseline. We employ vLLM [23], one of the state-of-the-art open-source LLM serving systems, as our experi-
mental baseline. vLLM features continuous batching and PagedAttention technologies, significantly enhancing
inference throughput. Despite its strengths, vLLM’s architecture, which couples the prefill and decoding stages,
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Table 3. Workload Statistics.

Conversation Tool&Agent Synthetic

Avg Input Len 12035 8596 15325
Avg Output Len 343 182 149
Cache Ratio 40% 59% 66%
Arrival Pattern  Timestamp Timestamp Poisson
Num Requests 12031 23608 3993

can disrupt decoding, especially in scenarios involving long contexts. Recent updates to vLLM have integrated
features like prefix caching and chunked prefill to improve performance metrics in long-context scenarios, such
as TTFT and TBT. In our experiments, we also compare these features of vLLM. In our experiments, we utilize
the latest release (v0.5.1) of vLLM. Due to limitations in the current implementation, we test the prefix cache and
chunked prefill features of this version separately.

7.2 End-to-end Performance

In our end-to-end experiments, we evaluate the request handling capabilities of MOONCAKE and baseline systems
under various workloads. Specifically, we measure the maximum throughput that remains within the defined
SLO thresholds. We employ three types of workloads in our tests: two real-world traces sampled from Kimi that
represent online conversations and tool&agent interactions, respectively, and a synthetic workload to cover
different inference scenarios. We will first describe the unique characteristics of these workloads and then discuss
the results. Lastly, we analyze the GPU computation time during the prefill stage, further demonstrating the
advantages of MOONCAKE Store in enhancing cache utilization and reducing computation costs.

7.2.1 Workload. Conversation workload. Chatbots [32, 35] represent one of the most prevalent applications
of LLMs, making conversational requests a highly representative workload for LLM inference. As shown in
Table 3, the conversation workload contains a significant portion of long-context requests—reaching up to 128k
tokens and averaging around 12k tokens—which is comparable to the data lengths found in current long-context
datasets [3, 25]. Moreover, the workload has an average of approximately 40% prefix caching ratio brought about
by multi-turn conversations. We sampled 1 hour of conversation traces from an online inference cluster, where
each record includes the input and output lengths along with timestamps of arrival. Requests are dispatched
according to these timestamps and are preemptively terminated once the model output reaches the predetermined
length.

Tool&Agent workload. Recent studies [38] involving LLMs deployed as tools or agents to perform tasks have
been increasing. These tasks are typically characterized by the incorporation of pre-designed, often lengthy,
system prompts that are fully repetitive. We collected traces of the tool&agent workload, also sampled over a
1-hour period. As indicated in Table 3, this workload exhibits a high proportion of prefix caching, with shorter
input and output lengths.

Synthetic workload. The synthetic workload was constructed from a combination of publicly available
datasets. We categorized the requests in the real trace into three types: short conversations, tool and agent calls,
and long text summarization and QA. For each category, we selected the following datasets: ShareGPT [42],
Leval [3], and LooGLE [25]. ShareGPT comprises multi-turn conversations with short input lengths. Leval serves
as a benchmark for evaluating model performance over long contexts, simulating scenarios where requests
involve lengthy system prompts typical of tool and agent interactions. LooGLE is tailored for long-context QA
and summarization tasks, featuring input lengths of up to 100k tokens and including both multi-turn QA and

ACM Trans. Storage



Mooncake: A KVCache-centric Disaggregated Architecture for LLM Serving

—— Mooncake —-= VLLM Prefix Caching —— Mooncake —-= VLLM Prefix Caching
R vLLM e VLLM Chunked Prefill R vLLM e VLLM Chunked Prefill
X 100 S R X 100 9 =
= & s — o X & -
o o W7 o X 2 T‘I S
2 80 g ‘ < 80 8 -

. © 4+ 4

2 3 7 g + Vo
- + 7 ; - s
£ 60  —* & 60 ",/" i
® il ® g
% 40 — = .‘..E % 40 -I.'"-.- - = =
© o T T © J o T T
g 20 i g 20
=) g g g 3 g S
g o EE £ g ok EEE
= 100 200300 500 1000 e« 100 200300 500 1000

25

Time between Tokens (ms) Time between Tokens (ms)

Fig. 13. The experiment of the effective request capacity

Fig. 14. The experiment of the effective request capacity
of MooNcAKE under the tool&agent workload.

of MooncAkE under the synthetic workload.

single-turn summarizations, making it well-suited for long text summarization and QA scenarios. Overall, the
synthetic workload has the longest average input length. Despite having the highest proportion of prefix caching,
its cache hits are quite dispersed, thus requiring a substantial cache capacity.

During preprocessing, each conversation turn was mapped into a separate request, incorporating both the
input and outputs from previous interactions. For datasets featuring multiple questions with the same lengthy
prompt, each question and its preceding prompt were treated as a single request. We combined the processed
datasets in a 1:1:1 ratio, preserving the sequential relationships within the multi-turn dialogue requests while
randomly shuffling them. Since the datasets do not specify arrival times, we simulated realistic conditions by
dispatching requests at a defined rate using a Poisson process.

7.2.2  Effective Request Capacity. To assess the maximum number of requests that can adhere to the SLOs under
different workloads, we test four system configurations: MOONCAKE, vLLM, vLLM with the prefix caching feature,
and vLLM with the chunked prefill feature, each utilizing 16 nodes.

Conversation workload. The results for this workload are presented in Figure 1. This workload, characterized
by varying input lengths and longer output lengths, causes significant fluctuations in TBT for the vLLM system
due to the lengthy contexts in the prefill stage. While chunked prefill reduces decoding interference, balancing
the enhancement of MFU in the prefill stage with the TBT constraints in the decoding stage remains challenging.
Despite'meeting the TTFT SLO, its effective request capacity is still suboptimal. Compared to vVLLM, MOONCAKE
achieves a very significant increase in effective request capacity.

Tool&Agent workload. In contrast, the tool&agent workload has a high proportion of prefix caching and
shorter output lengths, favoring the vLLM system as the short prefill time minimally impacts output. However, as
illustrated in Figure 13, vLLM and vLLM with chunked prefill experience more severe disruptions in decoding due
to longer prefill processing times, resulting in a lower effective caching capacity than vLLM with prefix caching.
MoONCAKE uses a global cache pool to significantly increase caching capacity and optimize cache utilization
through internode transfers, excelling in scenarios with high prefix caching. As a result, it enhances effective
caching capacity by 42% compared to vLLM with prefix caching under the 200 ms threshold.

Synthetic workload. The synthetic workload features the longest average input lengths and dispersed cache
hotspots, which leads to poor cache utilization under smaller cache capacities. As depicted in Figure 14, most
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Fig. 15. Average GPU time of each request during the prefill stage under different workloads.

requests processed by MOONCAKE maintain a TBT within 100 ms, whereas about 20% of requests handled by
vLLM exceed 300 ms. The performance of systems with prefix caching and chunked prefill is similar to vLLM, as
they fail to mitigate the impact of long contexts on the decoding stage. Compared to vLLM, MOONCAKE increases
effective request capacity by 40% under the 200 ms threshold.

7.2.3  Prefill GPU Time. Prefill GPU time is positively correlated with requests’ TTFT and serving cost and is
determined by requests’ input lengths and cache hit rates. We analyze the average GPU time during the prefill
stage under different workloads, as shown in Figure 15. For MOONCAKE, the conversation workload incurs the
longest prefill GPU time due to its longer input lengths and lower prefix cache ratio. The synthetic workload,
featuring the highest prefix cache ratio and dispersed cache hotspots, achieves optimal cache hit rates within
MooncakE’s global cache pool. Consequently; despite having the longest average input lengths, it requires less
prefill GPU time than the conversation workload. Finally, the tool&agent workload exhibits the shortest prefill
GPU time because it has the shortest average input length and a relatively high prefix cache ratio.

Across different systems, MooNcAKE significantly reduces GPU time by fully utilizing global cache for prefix
caching, achieving reductions of 36%, 53%, and 64% for conversation, tool&agent, and synthetic workloads,
respectively, compared to vLLM. vLLM featuring prefix caching uses local cache stored on HBM, where the cache
capacity is far lower than that of MoonNcaKE. Its prefill GPU time is 1.43X and 1.40X higher than MOONCAKE
for the conversation and tool&agent workloads, respectively. However, in the synthetic workload, where cache
hotspots are more dispersed, the prefill GPU time of vLLM with prefix caching is nearly equivalent to vLLM and
is 2.59% that of MooNCAKE. vLLM with chunked prefill sacrifices some prefill efficiency to maintain lower TBT
during the decoding stage, resulting in the longest prefill GPU times, which are 1.90X, 2.68X, and 3.33X that of
MoonNcaAKE for the three workloads.

7.3 MOONCAKE Store

To address Question 2, we examine the effects of MooNCAKE Store’s global cache pool on system performance.
Our analysis reveals that although using local DRAM to construct KVCache memory increases cache capacity
than HBM only, restricting the cache to a single node still leads to suboptimal cache utilization. We will first
conduct a quantitative analysis of cache capacity requirements and then showcase the benefits through practical
workload experiments.
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Fig. 16. Quantitative analysis of prefix cache hit rates with varying cache capacities. We consider only the sequence of
requests and do not account for factors such as prefill computation time or the replication of hotspots in the cache. The
dashed line for 3M tokens capacity represents the local cache capacity, with the intersection points indicating the ratio of
the cache hit rate to the theoretical maximum hit rate.

7.3.1 Quantitative Analysis of Cache Capacity. Considering the LLaMA3-70B model, the KVCache size required
for a single token is 320 KB. Despite the possibility of reserving approximately 1 TB of DRAM for local caching, this
setup only supports storage for about 3 million tokens, which proves insufficient. Figure 16 displays theoretical
cache hit rates under various workloads and their combinations. The findings indicate that a local cache with a
3M token capacity does not achieve 50% of the theoretical maximum hit rate in most scenarios. We also determine
that, in these workloads, a cache capacity of 50M tokens nearly reaches the theoretical maximum hit rate of 100%,
which requires to pool at least 20 nodes’ DRAM. The results highlight that a global cache significantly enhances
capacity over local caches, thus improving cache hit rates and reducing GPU times.

7.3.2  Practical Workload Experiment. To evaluate the effectiveness of global versus local caching mechanisms,
we focus on two metrics: cache hit rate and average GPU computation time for prefill. We configure a cluster with
10 prefill nodes and restrict all request outputs to 1 to isolate the impact of the decoding stage. Each node in the
local cache setup has a 3M token capacity but can only access its own cache. The global scheduler is programmed
to direct requests to nodes with higher prefix match ratios to maximize cache utilization. Conversely, in the global
cache setup, each node also has a 3M token capacity but can share caches across all nodes, supported by proactive
inter-node cache migration. The experimental data, shown in Figure 17, indicates that the global cache achieves
higher cache hit rates and shorter average prefill GPU computation times across all tested workloads. Compared
to the local cache, the global cache exhibits a maximum increase of 136% in cache hit rate and a reduction of up
to 48% in prefill computation time.

7.3.3 Cache Replica. Building upon the cache load balancing scheduling strategy discussed in §4.2, the cache
keys in MOONCAKE Store may have replicas distributed across different machines, thereby reducing access latency
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Fig. 18. Replication count of cache keys across various workloads. We continuously monitor and record the keys and counts
of all cache blocks every 30 seconds, subsequently ranking the cache keys by the cumulative counts from all samples. This
figure depicts the temporal variation in replication numbers for cache keys ranked at the 10th, 100th, 1000th, and 10,000th

positions.

for hot caches. To further investigate the system’s dynamic behavior, we count the number of cache replicas for

keys across three workloads, as shown in Figure 18.

It can be observed that in the conversation and tool&agent workloads, there are highly concentrated hot caches
(e.g., the top 100 keys), which, after the system stabilizes, have replicas on almost every instance in the prefill
pool. In contrast, the synthetic workload has fewer shared prefix caches, resulting in fewer replicas and potential
fluctuations, even for the top 10 blocks. This demonstrates that our scheduling strategy in §4.2 effectively provides

replicas for hot caches, particularly in scenarios with highly concentrated prefix caches.
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Fig. 19. Cache hit rates obtained under different KVCache storage strategies.

7.3.4  Flexible KVCache Storage. This section empirically evaluates the ability of the hierarchical caching archi-
tecture and the semantics-aware eviction policy proposed in §5.2 to improve cache hit rate. We perform an offline
analysis using request traces collected from approximately 700k user sessions. With the global cache capacity
fixed, we use the standard LRU eviction strategy as our baseline.

Starting from this baseline, we incrementally enable two optimizations: (1) filter out all requests marked as
ephemeral (around 62%), which are unlikely to recur and thus not cached; (2)introduce a hierarchical KVCache
and ensure that requests marked with context cache (around 8%) are not evicted. For comparison, we also
evaluate an oracle system with an unbounded cache, which represents an upper bound on achievable hit rate.

Due to the high proportion of one-off requests, the baseline LRU achieves a modest hit rate of 27% (i.e., the
number of cache blocks hit divided by the number of cache blocks queried is 27%). Filtering out ephemeral
requests yields a minor improvement. Incorporating the hierarchical KVCache significantly increases the hit rate
to 52%, corresponding to a 93% relative improvement over the baseline.

7.4 KVCache Transfer Performance

7.4.1 Transfer Engine. MOONCAKE’s transfer engine is designed to facilitate efficient cache transfers between
nodes. We compare its latency with other popular schemes, considering two alternative baselines: torch.distributed
with a Gloo backend [41] and TCP-based transfers. All schemes are tested with a concurrency level of 64 and a
minimum transfer granularity of 128 KB. As depicted in Figure 20, the transfer engine consistently exhibits signif-
icantly lower latency than the alternative methods. In the scenario of transferring 40 GB of data, corresponding to

the cache size for LLaMA3-70B with 128k tokens, the transfer engine achieves bandwidth of 87 GB/s and 190 GB/s
under network configurations of 4x200 Gbps and 8x400 Gbps, respectively. These rates are approximately 2.4X
and 4.6x faster than those achieved using the TCP protocol. The transfer engine’s code is also open-sourced
and serves as a basic tool applicable to many scenarios (e.g., it is also used in the checkpoint transfer service of
Moonshot AlI).
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Fig. 21. The synthetic workload experiment with varying network bandwidths.

7.4.2  Bandwidth Demand by MooNcAKE. MOONCAKE's global cache pool relies on efficient inter-node cache
transfers to hide cache transfer times within GPU computation times. We evaluate the impact of network
bandwidth on the system’s performance by simulating a range of bandwidths from 24 Gbps to 400 Gbps and
measuring the transfer time and TTFT under the synthetic workload described in §7.2.1. Figure 21a shows that
the average TTFT of requests decreases as bandwidth increases. When the total communication bandwidth
exceeds 100 Gbps, the average TTFT remains below 2 s, significantly less than the TTFT of the recomputation
baseline. However, when bandwidth falls below 100 Gbps, system performance is significantly compromised.
This is marked by a sharp increase in TTFT and evident network congestion, as demonstrated by the substantial
divergence between actual and theoretical transfer times illustrated in Figure 21b. Consequently, we recommend
a minimum network bandwidth of 100 Gbps to ensure optimal system performance.

7.4.3  E2E Latency Breakdown. The latency of a single inference request in MOONCAKE can be decomposed into
five components: 1) scheduling and queuing time; 2) layer-wise prefill time; 3) cache transfer time; 4) time required
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Fig. 22. End-to-end latency breakdown of MooNcAKE. In the figure, Prefill represents the time for layer-wise prefill that
integrates cache loading and storing, and Decode represents the time to decode 128 tokens. All processes with diagonal
stripes can proceed asynchronously with model inference and do not affect MooNcAKE’s throughput.

for the decoding node to load cache from DRAM to HBM; and 5) decoding time. We experimentally analyze the
proportion of these five components under settings with prefix cache ratios of 0% and 95%, as shown in Figure 22.

First, it is evident from the figure that the introduction of prefix caching significantly reduces the prefill time.
Specifically, with an input length of 128k tokens, prefix caching reduces the prefill time by 92%. Furthermore, the
overhead introduced by MooNcAKE has minimal impact on the system’s performance. The Schedule, Transfer,
and Load Cache components can proceed asynchronously with model inference and therefore do not affect
Mooncak€e’s throughput. Moreover, the increase in TTFT due to these overheads is smaller than the reduction
achieved by prefix caching. Even when accounting for the overhead, prefix caching in MOONCAKE can reduce
TTFT by 86% with an input length of 128k tokens.

7.5 P/D Ratio

As a deployed P/D disaggregation system, in this section, we explore the impact of different P/D ratios on system
performance. We define the P/D ratio as the number of prefill nodes to decoding nodes. Using the clusters
comprising 16 nodes but with varying P/D ratios, we measure the average TTFT and TBT under the synthetic
workload described in §7.2.1. We then calculate the effective request capacity as introduced in §7.2.2, setting the
thresholds for TTFT and TBT to 10 seconds and 100 milliseconds, respectively. Increasing the number of prefill
nodes reduces TTFT but increases TBT, and vice versa (Figure 23b). Therefore, we need to find a balance between
TTFT and TBT. Figure 23a demonstrates that when the P/D ratio is approximately 1:1, MOONCAKE achieves its
highest effective request capacity, indicating that the loads on the prefill and decoding clusters are relatively
balanced.

However, the average request input length, output length, and prefix cache hit rate vary significantly across
different workloads, and these factors all affect the optimal P/D ratio. In practical deployments, we use the
automated PD-ratio controller from §5.1 to adaptively adjust the number of the prefill and decoding instances in
a cluster.
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Fig. 23. The impact of the P/D ratio on the system performance. P is short for prefill nodes and D is short for decoding nodes.

Table 4. Number of requests rejected by the system under the overloaded-scenario experiment.

Baseline Early Rejection Early Rejection based on Prediction

Number of rejected requests 4183 3771 3589

7.6 Performance in Overload Scenarios

In this section, we evaluate performance under overload scenarios, focusing on the maximum number of requests
the system can handle, as discussed in §4.3. The baseline strategy, which rejects requests based on load before
both stages start, leads to resource wastage by rejecting requests already processed in the prefill stage. In
contrast, we propose the Early Rejection and Early Rejection based on Prediction strategies, detailed in §4.3.2 and
§4.3.4, respectively. These strategies take the system’s load into comprehensive consideration, and hence reduce
unnecessary request rejections.

Specifically, we built a MooNCAKE cluster with 8 prefill instances and 8 decoding instances and tested it using
the tool&agent workload described in §7.2.1. To simulate overload scenarios, we increased the replay speed to
2X.

Table 4 shows MooNCAKE’s performance under different strategies. With the baseline strategy, the system
rejects 4,183 requests. In contrast, under the Early Rejection and Early Rejection based on Prediction strategies,
MOONCAKE rejects 3,771 and 3,589 requests, respectively. This demonstrates that by rejecting requests early,
MOONCAKE can avoid unnecessary prefill computations, thereby improving the effective utilization of system
resources. Furthermore, by predicting the load of decoding instances, MOONCAKE can mitigate load fluctuations,
increasing the request handling capacity.

7.7 Performance in Open-source LLM serving

7.7.1  SGLang Integration. We assess SGLang PD disaggregation across three scale clusters (NVIDIA A10, H20,
H200) to demonstrate improvements. We use 2000 input and 100 output tokens for workload generation.
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Fig. 24. The TTFT in SGLANG with different QPS.

We evaluated SGLang on two NVIDIA A10 servers to verify whether the results align with findings from
the original MoONCAKE. By comparing the performance of a 1P1D configuration with that of two regular (non-
disaggregated) instances, we observed that TBT is 7.23 ms under P/D disaggregation. It achieves approximately
30% lower TBT while maintaining comparable total throughput compared to the regular one (10.30 ms). This
means that P/D disaggregation is effective in reducing TBT under similar throughput conditions.

Table 5. Improvements with Mooncake-based PD Disaggregation in SGLang.

Config QPS TTFT (ms) Req/s Output Token/s Total Token/s TputImpr. (%)
SGLang-regular 1 1234 0.29 28.54 741.99 —

SGLang-PD 4P2D 1 1302 0.29 28.71 746.39 0.6%
SGLang-regular 4 4570 0.55 54.61 1419.77 —

SGLang-PD 4P2D 4 1564 0.98 98.15 2551.86 79.8%
SGLang-regular 8 9629 0.65 64.79 1684.61 —

SGLang-PD 4P2D 8 1969 1.77 176.57 4590.73 172%

As shown in Table 5, we adjust traffic stress with queries per second (QPS) from 1 to 8 in NVIDIA H20,

comparing TTFT and TBT between regular and 4P2D config. For lightweight workloads, TTFT is similar for both
P/D disaggregation and regular SGLang. With QPS at 8, P/D disaggregation reduces TTFT by nearly 5X for heavy
workloads.
Open-source Large-scale Deployment. MooNCAKE has been deployed in a large-scale GPU cluster to evaluate
its efficiency under DeepSeek-R1 [17]. The deployment environment utilizes 12 nodes, each with 8 NVIDIA H100
GPUs. SGLang leverages PD disaggregation based on MooNCAKE and other features such as expert parallelism
(EP). Under 2000 token input sequences and P/D ratio is 3:9 configurations, it can achieve 52.3k input tokens/sec
and 22.3k output tokens/sec per node for prefill and decode instances [36].

Figure 24 shows the TTFT increasing under different QPS and different PD ratios. The testbed includes 16
NVIDIA H200 servers. For the 4P12D configuration, the decline in TTFT can be attributed to the saturation of
prefill stages. When the PD ratio is 8P8D and 12P4D, the TTFT increases only 39%/29% when QPS is from 16 to
64. It shows that KVCache-centric scheduling can significantly lower TTFT in open-source deployments.
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Fig. 25. The key metric’s improvement after integrating MOONCAKE in vLLM.

7.7.2  vLLM Integration. The evaluation configuration employs the Qwen2.5-7B-Instruct-GPTQ-Int4 model on
NVIDIA A10 GPUs. Figure 25 measures three KVCache store backends: Redis (VLLM-redis), MOONCAKE Store
with TCP transport (VLLM-MC (TCP)) and MooNCAKE Store with RDMA transport (vVLLM-MC (RDMA)), to
support vLLM PD disaggregation under varying PD ratios. Tests simulate workloads with 200 requests, 1024-input
tokens, 6-output tokens, and 2 QPS to analyze TTFT across different backends and PD ratios. Compared to
vLLM-redis, vLLM-MC (TCP) and vLLM-MC (RDMA) achieve approximately 17%~22%/26%~33% reductions in
TTFT, respectively.

8 Related Work

Significant efforts have been dedicated to enhancing the efficiency of LLM serving systems through schedul-
ing, memory management, and resource disaggregation. Production-grade systems like FasterTransformer [9],
TensorRT-LLM [11], and DeepSpeed Inference [2] are designed to significantly boost throughput. Orca [49]
employs iteration-level scheduling to facilitate concurrent processing at various stages, while vLLM [23] leverages
dynamic KVCache management to optimize memory. FlexGen [43], Sarathi-Serve [1], and FastServe [48] incorpo-
rate innovative scheduling and swapping strategies to distribute workloads effectively across limited hardware,
often complementing each other’s optimizations. Further optimizations [19, 39, 52] lead to the separation of
prefill and decoding stages, leading to the disaggregated architecture of MooNCAKE. Our design of MOONCAKE
builds on these developments, particularly drawing from the open-source community of vLLM, for which we are
deeply appreciative.

Prefix caching is also widely adopted to enable the reuse of KVCache across multiple requests, reducing
computational overhead in LLM inference systems [11, 23]. Prompt Cache [15] precomputes and stores frequently
used text KVCache on inference servers, facilitating their reuse and significantly reducing inference latency.
SGLang [51] leverages RadixAttention, which uses a least recently used (LRU) cache within a radix tree structure
to efficiently enable automatic sharing across various reuse patterns.

Among these approaches, CachedAttention [14], a concurrent work with us, proposes a hierarchical KV
caching system that utilizes cost-effective memory and storage media to accommodate KVCache for all requests.
The architecture of MOONCAKE shares many design choices with CachedAttention. However, in long-context
inference, the KVCache becomes extremely large, requiring high capacity and efficient data transfer along with
KVCache-centric global scheduling. Additionally, MOONCAKE is not a standalone cache service; it incorporates
both a memory-efficient cache storage mechanism and a cache-aware scheduling strategy, further improving
prefix caching efficiency.
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The benefits of a distributed KVCache pool depend on the cache hit rate, which increases as the per-token cache
size decreases under a fixed capacity. Consequently, orthogonal techniques such as KVCache compression [18,
30, 31] and KVCache-friendly attention architectures [4, 28] can further enhance our approach.

9 Conclusion

This paper presents MOONCAKE, a KVCache-centric disaggregated architecture designed for efficiently serving
LLMs, particularly in long-context scenarios. We discuss the necessity, challenges, and design choices involved in
balancing the goal of maximizing overall effective throughput while meeting latency-related SLO requirements.
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A Open-source Request Trace Dataset
A1 Overview

To facilitate further research on LLM serving, we have compiled and publicly released the trace dataset used in our
experiments. This dataset comprises three JSONL files: conversation_trace. jsonl, toolagent_trace. jsonl,
and synthetic_trace. jsonl, corresponding to the conversation, tool&agent, and synthetic workloads, respec-
tively.

The conversation and tool&agent traces were obtained by sampling one hour of online request data from
different clusters, respectively. To preserve caching relationships between requests, we prioritized collecting
requests within the same user session. The synthetic trace was constructed from a combination of publicly
available datasets: ShareGPT [42], Leval [3], and LooGLE [25]. We generated timestamps according to a Poisson
process and ensured that the sequential order of requests within the same multi-turn conversation remained
intact. For statistical details about the traces, please refer to the main text.

Each data entry in the dataset includes the following fields: timestamp, input_length, output_length, and hash_ids.
We have included remapped block hashes, which are particularly useful for analyzing and implementing KVCache
reuse policies. To the best of our knowledge, this is the first open-source dataset that can be used for real-world
KVCache reuse analysis.

A.2 Data Details

Listing 2. Request samples.

"timestamp": 27000,

"input_length": 6955,

"output_length": 52,

"hash_ids": [46, 47, 48, 49, 50, 51, 52,
53, 54, 55, 56, 57, 2111, 2112]
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{
"timestamp": 30000,
"input_length": 6472,
"output_length": 26,
"hash_ids": [46, 47, 48, 49, 50, 51, 52,
53, 54, 55, 56, 57, 2124]
}

Listing 2 presents two samples from our trace dataset. To protect our customers’ privacy, we applied several
mechanisms to remove user-related information while preserving the dataset’s utility for simulated evaluation.
The meanings of the fields are explained below.

Timestamp. The timestamp field indicates the relative arrival times of requests, ranging from 0 to 3,600,000, in
milliseconds.

Input & Output Length. For privacy protection, our trace does not include actual text or tokens. Instead, it uses
input_length and output_length, representing the number of input and output tokens, similar to Splitwise [39].
Hash ID. The hash_ids field describes prefix caching relationships. It is generated by hashing token blocks
(with a block size of 512) into prefix hash values that include both the current and all preceding blocks. The
resulting hash values are then mapped to globally unique IDs. Identical hash IDs indicate that a block of tokens,
along with preceding tokens, is the same, thus allowing reuse within the corresponding KVCache. For example,
in the provided samples, the first 12 hash IDs are identical, indicating they can share prefix caching for the first
12X512=6,144 tokens.
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