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Background: Large Language Models (LLMs)

Large Language Models (LLMs) are widely applied in industry and researched in academia.
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Challenge of Online Model as a Service System

More Data + Larger Model + Longer Context = @ Higher Intelligence
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Long input: Moonshot Al’s Kimi Supports 2 Million Characters
Input in March 2024, become a widely recognized app in China




Challenge of Online Model as a Service System

More Data + Larger Model + Longer Context = @ Higher Service Loads
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' The price numbers are not accurate, just a demonstration!

H800 H20 Xeon SPR + 8 * DDR5-4800
Hardware 80GB VRAM, 3.3 TBps 96GB VRAM, 4 TBps 8*64GB DRAM, 8*40GB/s
Spec ~ 1 PFLOPS ~ 200 TFLOPS < 20 TFLOPS
P > $ 10,000 ~ $50,000 ~ ¥60,000
Best Allround, : .
for especially for TFLOPS/S Bandwidth/5 Capacity/$

| Motivation for Heterogeneous LLM Serving




LLM Inference

Prefill Decode
LLM LLM LLM B LLM B
iteration 1 iteration 2 iteration 3 iteration 4
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LLM Inference: Prefix Caching

* KVCache can be shared across requests with the same prefix, reducing computation

“What day is it today” — “What day is it tomorrow” B
Prefill for Request | Prefill for Request Il
< S N T St ~4
What —  what  What "
day — [ day [ II\ ,,,,,,,,, —’I
— |
9% || KVCache Reuse e T S
is  |—— is Vs — is '
4 _ ———— \____‘___________—/I
t | it .
N ~— "]
today |—— today tomor tomorrowj
~— _— row
(5 tokens computed) (1 token computed)




Different Hardware are Good at Different Dimension

Hardware
Spec

Best
for

/" Hs0o I

80GB VRAM, 3.3 TBps
~ 1 PFLOPS
>S$ 10,000

For Prefill!

Allround,

Kespecially for TFLOPS/S/

-~

.

H20 \

96GB VRAM, 4 TBps

~ 200 TFLOPS
~ $50,000

For Decode!

Bandwidth/S

/

Xeon SPR + 8 * DDR5-4800

8*64GB DRAM, 8*40GB/s
< 20 TFLOPS
~ ¥60,000

Capacity/S

' The price numbers are not accurate, just a demonstration!




Train/Inference Workflow
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Mooncake: A KVCache-centric Disaggregated Architecture

for LLM Serving

1. P/D disaggregation
architecture centered around
the distributed KVCache pool

2. Trading more storage of less
compute! Increase the
throughput of Kimi by 75%

3. Meet SLO guarantee

F Moonshot Al + [B KVCache Al @ Tsinghua

More: https://github.com/kvcache-ai/Mooncake

Mooncake (1): 7E H Z & Hi it H 4, Kimi DL KVCache %}EF'»L\\H@]ﬁ%iﬁﬁfi;’ﬁ*@-

+ [ The serving platform of Kimi
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https://github.com/kvcache-ai/Mooncake
https://zhuanlan.zhihu.com/p/705754254
https://kimi.ai/

Kimi @ Moonshot Al

Y, Download APP

KIMI

Ask Anything...

A Researcher
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https://'www.nature.com » news - iFkton 3

'Another DeepSeek moment': Chinese Al model Kimi K2
{E&: E Gibney - 2025 — As with DeepSeek's models, Kimi K2 is open-weight, n
downloaded and built on by researchers for free. It can be accessed through ...

72-Bench Telecom (Agentic Tool Use)




P&D Disaggregated Inference

* Avoid interference between prefill and decoding in a mixed batch

* Decouple resources and parallelism to improve MFU (Model Flops Utilization)
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P&D Disaggregation V.S. Chunked Prefill
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P&D Disaggregation Becomes a Necessary

B Prefill and decode needs different parallelism strategy, e.g., DeepSeek V3/R |

A

l API Server <

Decode Load Balancer

Y

Prefill Load Balancer

.................... v

Expert-Parallel Load Balancer _

Expert-Parallel Load Balancer

- Prefill Service Decode Service




KVCache Cache introduces High Challenges

to Storage System

Each 1 token -> 2 * layers * hidden dimension = tens of KB KVCache Sk

Not only the size of KVCache is large, it also requires high transfer Reu«_,-ablg’fs,‘f’f,;lf‘_'_(‘.g;~
bandwidth to avoid stall of GPU chaChe ;

KVCache of
TB Model
(tens of TB)

TB Model
100B+ Model (TB)

(Hundreds of

|0B+ Model
(GB)



KVCache Cache: Local or Global

—— Conversation — = Synthetic
Tool&Agent - Al B Cache hit ratio grows proportional to
0.6- S ) -
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E 75% max / --------------
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Cache Capacity (tokens)

exceeds to size of a single machine
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Key of KVCache Cache: Large size and bandwidth
Utilize high performance connection like (GPUDirect) RDMA/Storage

Will be open sourced soon!

« Pooled memory as KVCache cache

 Independent to specific inference
engine

« Optimized for multi-NIC scenario




Mooncake Store: External Integration

Inference
Engine

Mooncake
Store

Storage
Resource

vLLM, and other inference engine Megatron, training
@ Zero-copy Object Put/Get @
Managed Store (master-slave) P2P Store (client-only)
@ Mooncake Store BatchTransfer API @
Mooncake Transfer Engine
@ Memory Read/Write @
Bare-metal UL NWMeriss -
Storage EI AL i || ooy [
Resource ™ ™™

Local mem Remote mem (Remote) SSD Storage _ B




Evaluation: Effective Request Capacity

Request Capacity Ratio (%)

Effective request capacity: Number of requests that meet the latency requirements

Achieve up to a 498% increase in effective request capacity compared to vLLM, vLLM with
prefix caching and with chunked prefill
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Evaluation: GPU Computation Cost

m Cache hit rate: global cache > local cache

m Save 29% - 61% on GPU computation costs
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Mooncake — Open Sourced and Build with the Community

From flagship applications =) [0 industry-wide adoption

2024.3 Kimi went viral for its long-context 2024.1 | Mooncake open-sourced; Used in Dynamo, the distributed inference
capabilities, using Mooncake to handle surging traffic adopted by Alibaba and Ant Finance system highlighted at GTC 2025 Keynote

! ! !

3 5 <SANVIDIA
2024.6 Mooncake tech report sparked 2025.2 USENIX FAST g

wide industry discussion Best Paper Award £ S
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’ COMPUTING SYSTEMS
ASSOCIATION

kvcache-ai/Mooncake -- An open-source initiative co-launched by Moonshot Al and Tsinghua University,
ERIK RIEDED BESTPAPERTAWARD with collaboration from various large model and infrastructure providers

presented to

Ruoyu Qin, Zheming Li, Weiran He, Jialei Cui, Feng Ren,

Mingxing Zhang, Yongwei Wu, Weimin Zheng, and Xinran Xu A\“ %& MAD Sys i%g \%:

0/

ANT
FINANCIAL

Mooncake: Trading More Storage for Less Computation —

QA
e e W2 HUAWEI (-] Alibaba Cloud | &m#s SOFT
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ﬂ,.M,«y Rk, 2/25/2025
Date
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M VolcanoEngine B4 BESE @SWS < NVIDIA and more ...
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https://github.com/kvcache-ai/Mooncake

/LLM

One of the most widely used
inference engines, adopted by
major cloud providers

Its distributed inference is
built on Mooncake

v0.8.3 (i)

github-actions released this 2 days ago

Cluster Scale Serving

» Support XpYd disaggregated prefill with{MooncakeStore)(#12957)

Inference engine of xAl, widely
used in DeepSeek inference
Distributed architecture was co-
developed with Mooncake

41.5K Stars

g

GitHub Stars

- 57 commits to main since this release

LMSYS Org &

The SGLang Team is honored to announce that the following well-known
companies and teams, among oth
DeepSeek V3 and R1. @AMD
@novita_ai_labs @Byt

have adopted SGLang for running

Announcing NVIDIA Dynamo
Distributed Inference Serving Library

Spotlighted by Jensen
Huang at GTC 2025
Keynote

Its architecture is inspired
by Mooncake, with
explicit acknowledgments

Disaggregated Inference GPU Resource Allocation

Acknowledgement

We would like to acknowledge several open source software stacks for motivating us to create Dynamo.

e vLLM and vLLM-project
e SGlang e Memory bottlenecks: Large-scale inference workloads demand extensive

capacity. KV cache offloading across memory hierarchies (HBM, DDR, N

DistS . .
¢ Zeve memory limits and speeds up latency. (Mooncake, JAIBrix, LMCache)
« (Mooncake ] ()

LMSYS Org & o
@lmsysorg
SGLang has achieved a milestone with full support for PD
Disaggregation, thanks to the{ MoonCake team. Jeng Ma, Shangming Cai,
Xuchun Shang and Yuan Luo were instrumental in this achievement.

Special thanks to Atlas Cloud for their support with the H100s cluster.
Let's go! %




Key to KVVCache

« Mooncake Transfer Engine
 End-to-end zero-copy

4 Transfer Fast

~O~
Io \

O
¢O» Mooncake
\Ol
High-performance distributed

KV cache storage

LIy Store More v| Easy to Use

« Elastic, Shared, and Multi-layer KV Cache « Extensive and user-friendly APIs
« Memory Allocator Optimized for LLM Inference




Transfer Fast: Mooncake Transfer Engine

* Key features C/C++ APIs Python APIs Go APIs Rust APIs
Batch Transfer Interface
RDMA Transport TCP CXL/SHM  NVMe-of libfabric
RoCE IB eRDMA  Transport Transport Transport Tra[rxlg]o it

Mooncake Transfer Engine

—— Transfer Engine ~— TCP —+— Gloo

4 x 200 Gbps NiCs 8 x 400 Gbps NICs Lightening fast over RDMA
~4 —~4
9, 9 * 40 GB KVCache (128k tokens, LLaMA3-70B)
> >
c J e 1+ 87GB/s @ 4%x200 Gbps, RoCE
© © 190 GB/s @ 8%400 Gbps, RoCE

124 F e \4.6x

% 25 s0 75 100 % 25 50 75 100

Cache Size (GB) Cache Size (GB)



Store More: Elastic Shared Multi-layer KV Cache

« Key features

What day is it today? What day is it tomorrow?
S56Lang instance SGLang instance

« Dynamic resource scaling: dynamically
adding and removing store nodes
(startup in <80s for 500GB memory and
8 RDMA NICs)

e

shared KV cache

=
« Multi-layer storage (WIP): offloading Ej Mooncake |

! ' it
cached data from RAM to SSD 41__ } _T:_

is




Extensive APls, Easy to Use

Put/Get APIs

* Put/Get single object

« Batch Put/Get

« (Batch) Zero-copy Put/Get: recommended

« (Batch and zero-copy) Put/Get from/into
multi-parts

Configurable KV cache placement
* Replica number

* With soft pin

* Preferred segment

Hello world example

from mooncake.store import MooncakeDistributedStore

# 1. Create store instance
store = MooncakeDistributedStore()

# 2. Setup with all required parameters

store.setup(
"localhost™, # Your node's address
"http://localhost:8888/metadata”, # HTTP metadata st
512*%1624*1824, # 512MB segment size
128*16024*1024, # 128MB local buffer
“tcp®, # Use TCP (RDMA for
" # Leave empty; Mooncake

"localhost:560051" # Master service

)

# 3. Store data
store.put("hello key"™, b"Hello, Mooncake Storel™)

# 4. Retrieve data
data = store.get("hello key™)
print(data.decode(}) # Output: Hello, Mooncake Store!

# 5. Clean up
store.close()



How to Integrate with SGLang? - HiCache

HiCache by Zhigiang, et. al. Request Queue

EEE |
Request
Dispatch Yy
GPU Executor Scheduler >
Result i Response
Read | Write Update | Query
Cache HiRadixTree .
Controller | <St0re, Load Page First Layout
GPU HBM g \‘
Completion ./ l
ACK Layer-first GPU Memory Pool Page-first Host Memory Pool
‘ [Token_ids]: {
t GPU_indices, (tevero [ A T8 1) || (A oo [avers IummEN -
— CPU_indices, [Layer‘] | A ” B | ]
hit_count, B | Layer0 | Layer 1
[ | - (Lover2 I ) | L Lo Tomert S |




SGLang + Mooncake

LMSYS Org & o -

Prefill Workers: 3 Nodes

@lmsysorg

Expent Expen
Sub-group Sub-geoup

I DoepER Normal Dispatich

4 Breaking: SGLang provides the first open-source implementation to ‘ ’

serve @deepseek ai V3/R1 models with large-scale expert parallelism

and prefill-decode disaggregation on 96 GPUs.
It nearly matches the throughput reported by the official DeepSeek T '

Attention Anention Atention Atention Anention Anention
blog, achieving 52.3K input tokens per second and 22.3K output tokens o f——
per second per node. This optimized strategy improves output | S || o | s || <550 | s
throughput by up to 5x compared to vanilla tensor parallelism.

Decode Performance
=Acknowledgment . Deeplség‘a(i?;'l'\?P;fi’:’é;u; P16 W DeepSeek (Profile) ® EP72 m TP16
We would like to express our heartfelt gratitude to the following teams and collaborators: 80000 25000

- SGLang Core Team and Community Contributors — Jingyi Chen, Cheng Wan, Liangsheng Yin, Baizhou Zhang,

Ke Bao, Jiexin Liang, Xiaoyu Zhang, Yanbo Yang, Fan Yin, Chao Wang, Laixin Xie, Runkai Tao, Yuhong Guo, Kaihong = @ o |
Zhang, Lei Yu, Yu-Hsuan Tseng, Qilin Tian, Peng Zhang, Yi Zhang, Yineng Zhang, Byron Hsu, and many others g § 20000
- Atlas Cloud Team — Jerry Tang, Wei Xu, Simon Xue, Harry He, Eva Ma, and colleagues — for providing a 96- § 60000 E

device NVIDIA H100 cluster and offering responsive engineering support. b= u':/)

- NVIDIA Solution Architect Team — Xuting Zhou, Jinyan Chen, and colleagues — for their work an the seamless g 2 15000
integration of expert parallelism. i §

- NVIDIA Enterprise Product Team — Trevor Morris, Elfie Guo, Kaixi Hou, Kushan Ahmadian, and colleagues — B8 40000 %

for optimizing the DeepSeek R1 kernels. é g 10000
- LinkedIn Team — Biac He, Qingquan Song, Chunan Zeng, Yun Dai, Yubo Wang, and colleagues — for optimizing ; é.

the Flash-Attention 3 backend. % g
BMooncake Team — Shangming Cai, Teng Ma, Mingxing Zhang, and colleagues — for their collaboration on PD § 20000 é 5000
disaggregation in SGLang| S E N

- FlashInfer Team — Zihao Ye, Yong Wu, Yaxing Cai — for additional DeepSeek R1 kernel optimizations. g 3

- Dynamo Team - Kyle Kranen, Vikram Sharma Mailthody, and colleagues - for extra support on PD

disaggregation in SGLang. 0 0

1K input 2K input 4k input oiit
Thank you all for your invaluable support and collaboration.
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TP16 bs
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100
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3 Prefill + 9 Decode
DeepEP + EPLB

Double Batch Overlap

* 523k input tps

» 22.3k output tps

Runnable Batch Size (bs)

* per node




SGlang + HiCache + Mooncake

SGLang HiCache with Mooncake Backend on Multi-turn Conversation Benchmark

q#
Prefill Performance Cache Hit Rate Change Than kS . A |

4 1o OPUonly 0‘.. 80+ ...--I-—I--I"'""._. SOFT
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) A 8
1 ‘\.\‘ 20+
‘¢ am ._._.__. 0.. .. . @, 1
!A.I—.'—. o 0— .'t.' '.Ill.--.ll. %w% Z
2 4 6 8 10 2 4 6 8 10
# Rounds # Rounds ANT GROUP

Effective KV caching significantly reduces TTFT by eliminating redundant and costly re-computation.
Integrating SGLang HiCache with the Mooncake service enables scalable KV cache retention and high-

performance access. In our evaluation, we tested the DeepSeek-R1-671B model under PD-disaggregated || I Eg t:.".. :l:sl. *i
deployment using in-house online requests sampled from a general QA scenario. On average, cache hits 28|
achieved an 84% reduction in TTFT compared to full re-computation. | APPROACHING.AI

— Ant Group




https://github.com/MoonshotAl/checkpoint-engine/

Rollout Workers

E
Trainer Workers
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The Rise of Mooncake

Train/Inference Workflow 0%

<O} Mooncake
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Heterogeneous GPU Interconnects

m Multiple paths coexist within the same cluster

__Noge 1 -~ . Node2
cPu | i | cpu —— ]
— — s
PCle Switches » PCle Switches||PCle Switches PCle Switches||PCle Switches
(@
= 2 [2][L
ii[§ ”’] | 2\
-------------------- SRR WY G . [NV Me-of
switches Storage SSD
GPU-Direct RDMA l

RDMA Network ]




Hidden Risks of Mooncake TE

auto engine = new TransferEngine();
engine.installTransport(“rdma”, args);

auto id = engine.allocateBatch();
engine.submitTransfer(id, reqs);

while (true) engine.getStatus(id, st);
engine.freeBatch(id);

RDMA Network ]

® The Imperative Path Selection Paradigm

© made static binding decisions once at
startup

O executed a fixed, state-blind path
scheduling policy

O executed fragilely, and lacks mechanisms
to detect & bypass unavailable paths




Challenges from Imperative Path Selection

m Static Binding

m Creates communication silos

<«—> Data Plane : : Without GPU-Direct
<« Path With GPU-Direct (e.g., GTX series)
~ |l = L | Lo u : : b |
Zllo|: |o||Z||F]|e & ssf%s 9 (|FOF

GDU Direct RDMA ] | 6ou Direct RomA | [ ?7? ]

Different workloads, different transports Different hardware, different transports




Challenges from Imperative Path Selection

m State-Blind Scheduling

(3 slices from this request
® |ncreases latency and wastes bandwidth (3 Slices from concurrent requests

A transfer request with 2560 KB  Topology matrix snippets:

[ ] [ ] -
40 slices in total (each 64KB “ ‘0”7 {INICO, NIC1, NIC2, NIC3
Cpu. [ ] ’ ’ ’ ’ [N N ]
o N a Y a 3 a 3 a 3 a 3 a Y a ) a 3 a Y a 3 a 3 a 3 a 3 a 3
\_ ) G _J G ) L ) G _J L ) G _J G ) L ) G _J L ) G _J L ) G _J G )
o N a N a 3 a 3 a Y a 3 a Y a 3 a 3 a Y a 3 a Y a 3 a N a 3 [ ] [ ] [ ]
\_ ) L ) G ) G ) G _J L ) G _J G ) G ) G _J L ) G _J L ) L ) L )
o N a 3 a 3 a 3 a 3 a ) a Y a 3 a 3 a Y a 3 a Y a 3 a Y
\_ ) G _J G ) L ) G _J L ) G _J G ) L ) G _J L ) G _J L ) G _J
o N a Y a 3 a 3 a Y a 3 a Y a 3 a 3 a Y a 3
\_ ) G _J G ) L ) G _J L ) G _J G ) L ) G _J L )
< >

Transfer Latency



Challenges from Imperative Path Selection

m Fragile Execution

m Requires manual intervention and heavy troubleshooting

______ Process 1 Prd&s2

» What if a single RDMA fabric failed?

O O
i = ' =
I I = T ------- ~" > What if a single process crashed?

( RDOMADGitches ] > What if the RDMA switch failed?




TENT: Transfer Engine

® Goal: Make all transports first-class citizens

vLLM SGLang Dynamo LMCache Checkpoint Engine NIXL Mooncake Store

Transfer Engine APIs

Orchestration Unified Segment Abstraction
Discover Routing Staging Buffers Devices
Plugin Loaders Error Handling Topology
Transport Plugins (load all if possible) Control Plane
Plugins
wi 1 RoCM
RDMA (with GDR/eRDMA) NVLink MNNVL TCP H— cted
SHM/CXL GDS 1io_uring HIXL . e Redis HTTP

Heterogeneous GPU Interconnects



Features of Mooncake TENT

Dynamic Orchestration

© Unified Segment Abstraction

© Application-Oblivious Topology
Discovery

© Dynamic Per-Request
Orchestration

Adaptive Slice Spraying

= Latency Prediction based NIC
Selection

© Cross-Process Fairness

Resilient Self-Healing

© Link-Level Resilience

© Transport-Level Resilience




Unified Segment Abstraction

UINT64_MAX

Logical View [

w0 |

ut ]

cudao] |

Metadata View

location: cpu:0

name: node050:12345

type: memory

tier 1 devices: [mix5 0, ...]|H

tier 2 devices: [/

tier 3 devices: [mix5_ 4, ...] [}

Topology

This segment can be referred as
the engine’s host and port

topology |'
buffers > address |
devices length iy

\ 4

name: m/x5 0

type: rdma
trans.p.ort rdma/{lid,gid,props}}
specific
data

Devices

location: cpu:0 N

transports: [nvlink, rdma, tcp L
transport nvlink/handle |

specific rdma/rkeys |
data in
Buffers
2025/11/30 40



Application-Oblivious Topology Discovery

m Step |:Probe hardware information

m |ist of memory/NIC devices
® Their NUMA affinity, PCle Bus ID

m Capabilities: bandwidth, direct-access, etc.

MEM:
cpu:[0-1],
cuda:[0-7]
NIC:
mlx5 [1-8]

DRAM )
HL cpu:0 CIiU )

UPI

ssd:0 |

» PCle Switches

PCle Switches

Y
>

| CPU

v

PCle Switches

PCle Switches

o mIx5 3

025/11/30

41




Application-Oblivious Topology Discovery

m Step |: Probe hardware information

cuda:0| :{

m Step 2: Maps NICs for each MEM
m Tier I:NIC(s) with the shortest PCle hop e

®m Tier 2:same NUMA but not in tier | =

[ I[mIx5_5], [mIx5_6

[ [mIx5_7], ImIx5_8

[ mix5_ 1], I[mIx5_2

’

mlix5_4

: . UPI
m Tier 3: cross NUMA E Egﬁ:'\é' |<;-| CPU ',:

» PCle Switches||PCle Switches

PCle Switches

ssd:0 |




Application-Oblivious Topology Discovery

m Step |:Probe hardware information
m Step 2: Maps NICs for each MEM

m Step 3: Load transports

m  Runtime support and transports can be dynamic libraries

» They can be loaded on runtime (e.g., if CUDA is enabled)

RDMA (with GDR)

NVLink

PCle Switches||PCle Switches

<
«

TCP

ssd:0

43




Dynamic Per-Request Orchestration

Opcode il RDMA (with GOR)
i Orchestration
"J,' Local address | s
S outin .
Y S | Remote segment ID | [ - 8 NVLink
S g Stagin
&’ Remote offset/addr |7 ging

TCP

Length B

® Decide transports for each request using the Unified Segment

®m | ocal address

find local MEM type

© Remote segment ID & offset/address
find remote MEM type

find local installed transports  find remote installed transports
U J

~
Prefer to use a transport with the highest

speed, and supported by both sides 2025/1 1130 4




Features of Mooncake TENT

Dynamic Orchestration Adaptive Slice Spraying

© Unified Segment Abstraction = Latency Prediction based NIC

© Application-Oblivious Topology Selection
Discovery © Cross-Process Fairness

© Dynamic Per-Request
Orchestration

Resilient Self-Healing

© Link-Level Resilience

© Transport-Level Resilience




Telemetry-Driven Adaptive Scheduling

A transfer request with 1 GB Topology matrix snippets:
16384 slices in total (each 64KB)  “cpu:0”: {[NICO, NIC1, NIC2, NIC3], [...]}

(nico 10O 0]

Static path selection — suboptimal performance in
heterogeneous environments

T JjcocCcJc Jcc o e e e e Jue J

e | UUUUdudd

Transfer Transfer
Started Completed

®m How to reduce transfer latency and avoid bandwidth waste
® Predict: select local-remote NIC pair based on historical telemetry

®m Feedback: use measured latency to update prediction parameters



Local NIC Selection

m [atency estimation

" Lpred (NICk) —
IFj+Pp*xS
b1,k BW), + Bok

m [F, :NIC inflight bytes
m S :Slice length

m P, :Penalty factor (e.g., higher for
cross-NUMA)

= B, : NIC bandwidth

" B0k, B1x: Prediction parameters

Pre-transfer

O Calculate Ly eq

O Find the best NIC
O Reserve inflight bytes IF,

Post-transfer

© Return inflight bytes IF,

© Measure latency

O Update Bq x, B1  using EWMA

(make estimation more accurate)



Cross-Process Fairness

= How to avoid any single process from saturating NICs?
m Coarse-grained quota allocation

/dev/shm/mooncake

m Decentralized, shared-memory implementation

m Not every scheduling task enters the global level
Interval: ~tens of milliseconds

Scheduler Scheduler
[ S TR ov o ________. 48

® Tolerant shutdown/crashes of any process  cocal NIC 1 Local NIC 3 Local NIC




Features of Mooncake TENT

Dynamic Orchestration Adaptive Slice Spraying
© Unified Segment Abstraction = Latency Prediction based NIC
Selection

© Application-Oblivious Topology
Discovery O Cross-Process Fairness

© Dynamic Per-Request
Orchestration

Resilient Self-Healing

O Link-Level Resilience
© Transport-Level Resilience




Proactive Dual-Layer Resilience

m RDMA Resource Lifecycle EPINICT=Proc2NIC1 i
 tEP:NIC3 —Proc2 NIC3 ..
1+ 'EP:NIC2 —-Proc 2 NIC2 5

® Endpoint == NIC-to-NIC connection {1 Qp QP QP READY

Process 1 Process 2 . epe
B Link-Level Resilience

O Detect failed/unstable link:
PAUSE, CLOSE or TERMINATE

O Allow suboptimal path




Proactive Dual-Layer Resilience

® Transport-Level Resilience

Process 1 Process 2
® Transparent fallback to other PEISSsaseey  jpasss LB S
transports ollullol|u] ollallollo]
(e.g., RDMA—TCP) |2 f ZlZ| Z||= Z|
® Driven by Dynamic Per-Request T Tt N B B B
Orchestration
[ RDMAYitches ]

" Recovery TCP link(s)

® Transport/path will be reused after
link recovery



Evaluation

m Test Cluster: NVIDIA H800 Platform

® Each node is equipped with two Intel Xeon Platinum 8468V CPUs and eight NVIDIA
H800 GPUs

= NVLink & 200 Gbps X 8 RoCE interconnect

= Competitors
= Mooncake TENT

® Mooncake TE (mainstream version)
= NVIDIA NIXL (UCX backend)



Evaluation

m Synthetic Workload 5 1802 Throughput oy Eeeeteny
2 10l
. G| B
= Block size range from 3™ =107
= I c 2|
4KB to 64MB S o0 g 10
£ 1
- 0 S 10 il S —
m Two concurrent R R o it o
Block Size (Bytes) Block Size (Bytes)
threads, 8 NICs are (a) Reads
fully utilized NXL - O-TE O-TENT
2 180 (a) Throughput 104 (b) P99 Latency
o m
= 120t Z10°%t
: :
S 60 £10°f
e -l
= . T n:E i G —
AP @6‘3{\ USROS s @6@(* DUBROA
Block Size (Bytes) Block Size (Bytes) 53
(b) Writes



Evaluation

m KVCache Transfer Benchmark
» Workload: DeepSeek-R [-VW8A8 model with a 4K input

m Comeprises 61 layers, each containing 32 blocks of 144 KB, consisting of a 128 KB
NoPE block and a 16 KB RoPE block

—[—TENT —O>-TE
g 180 (a) Throughput ﬁ 104 g (b) P99 Latency
O Q@ |
Q ©10 ¢
S 60} & |
=1 ——— &
o -1 2 |
= Y24 8 12 16 0124 & 12 16 )

Concurrent Batches Concurrent Batches




Evaluation

3] Moonshot Al

m Case Study: Moonshot Al Checkpoint Engine inengie | heckpoptengie | v

train | ————>| ckpt ———————> inference

® Open source with Kimi K2

train |————>| ckpt —————> inference

= Update model weights inLLM [~
inference engines =,

broadcast

m Update time X transfer latency

Model TE TENT
Qwen3-235B-A22B-Instruct-2507 | 28.56 | 18.97
GLM-4.5-Air 14.75 | 11.26




DeepSeekMoE

________________________________________

1
[OOOO ...... OOOO] C] Routed Expert :
Output Hidden h} 1 D Shared Expert :

Attention + MoE

Dense FFN - Sparse Mixture-of-Experts (MoE)

One large |:> Hundreds of Activate only
matrix small matrices 6~8 at a time

QM SM1 SM ‘ ! SM l l SM

°gs s

il 100~9000TFIOps ™
$

g g g < 50 TFlops
‘%a ks, s -i{.j,.," :
BT 00000 17

GPU + CPU AAAAAAAAAAAALALAAALAALAAAALAALALY -

10~90 GB/s

HBM Memory(80GB) 10~90 GB 10~90 GB/s
| SSD(10~40TB)

GPU

Background and Observation of LLM and Sparse Mixture-of-Experts (MoE)

3 Motivation for Local Heterogeneous LLM Serving




Background: Sparsification Trends in LLMs

CompassBench LLM Leaderboard Official Closed Benchmark | 24-07 v CompassBench LLM Leaderboard Official Closed Benchmark | 25-07 v

Language  Knowledge  Reasoning  Math  Code  Instruct  Agent Language  Knowledge = Reasoning  Math  Code  Tool Using
Model v | Relsase :vp parameters — Model ¥  Release :"p Parameters Average
Mistral-Large-Instruct-2... 2024/7/24 one 1238 625 Qwen3-235B-A22B-Thi... 2025(7(25 Chat 2358 63.8
DeepSeek-V2-Chat-0628 2024/5/6 hat 2368 617 DeepSeek-R1-0528 2025/5/28 Chat 6718 63.2
Qwen2-72B-Instruct 2024/6/6 Bl 554 GLM-4.5 2025(7/29 Chat 3588 59.6
Llama3 4708 nstruct STy — - Qwen3-235B-A22B-Inst... 2025/7/22 o - 76
Gemma-2-27B-it 2024(6/27 Chat 278 53.5 GLM-4.5-Air 2025/7/29 Chat 110B 56.8
Qwen1.5-110B-Chat 2024/4/25 hat 1108 510 Kimi-K2-Instruct 2025(7/11 Chat 10008 55.5
GLM-4-9B-Chat 2024/6/4 chat o 4o Minihax-M1-80k 2025/6017 Chat  456B 55
Yi-15-34B-Chat 2024/5/12 chat sas 69 DeepSeek-V3-0324 2025/3[24 Chat  671B 54.4
Mixtral-Bx22B-Instructo. 2024/417 hat . 463 Hunyuan-A138-Instruct 2025/6[27 Chat  80B 519
Gemma-2-9B-it 2024/6/27 Chat o8 455 ERNIE-4.5-Turbo-128K 2025/6/30 Chat 3008 49.4

2 out of top 10 open-source models are MoE All top 10 open-source models are MoE



Background: Sparse Mixture-of-Experts (MoE)

[OOOO ...... OOOO] [j Routed Expert
Output Hidden hy I C] Shared Expert

T

|
|
|
|
I
’ F |
i [1][2][3][4] [Nr-lmr] |
Transformer :
g;:)rc; Attention //__/ |
#} //.' :
Transformer // | |
Block /
Layer ... : [l I] [| Top_Kr :
Transformer | I
Block | . |
G | [OO0Q - - OOQQO)] Input Hidden u, !
(__\ No VU I A 00 s e e e Gmn G G GEn GEn D G G G BN GE GEE GED BN GEN G BN SN BN SER GEN GER GEN BN BN G G G M GE GEm GEm Ee e B
Input_ [ Q ] [ K ] [ vV ]
Embedding \
S
) L Dense FFN > Sparse Mixture-of-Experts (MoE)
[zt | One large Hundreds of + Activate only
" Transformer Block matrix small matrices 6~8 at a time

Transformer Architecture




Background: New Challenge in local deployment

As model sizes grow, traditional GPU-only solutions demand increasingly expensive hardware.

ojo
oloJi 8 x H20

700 UL

600
__ 500
c
.0
@ 400
i
: —
2 300 |oo] 4xAl00
(1]
|
o

200

100

| x RTX 4090
0 |
DeepSeek-MoE DeepSeek-V2 DeepSeek-V3
Total Parameters B Activated Parameters



Observation: CPU DRAM is More Suitable for Sparse Models

Al100 Xeon SPR + 8 * DDR5-4800

Hardware 80GBVRAM, 2TBps 8%64GB DRAM, 8*40GB/s
Spec >$ 15,000 ~ $ 8,000
Barzlwldth $ 7.5 per GBps < $ 25 per GBps
°° | Well Suited
, for Sparsity
C t
o $ 187 per GB >> $ 15.6 per GB -

The price numbers are not accurate, just a demonstration!




KTransformers: Arithmetic Intensity-Aware Offloading Strategy

)
Feed-Forward . .
s e Network Offload Priority:
'%mear
% Srared- e - B Routed Experts
.  f 3
tmear | [ vinear B o S
T—le |
‘ Layer“N o ' Layer Norm
——
Shared Experts
Operator MLA Attention Norm & Linear & : Routed Experts: S
: Shared Experts : .
Total Size  : ~ 5B for 128K Context ~17B ~654B :
Arlthm.etlc High Medium Low MLA Attention
IntenSIty ooooooooooooooooooooooooooooooooooooooooooooooooooooo Secoeco0c0co0c0c0c0c000000000000

On a Single GPU

Offloaded to CPUs




User Interface

MoE Advanced
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KTransformers: Challenges and Key Solutions

=

CPU is the Bottleneck for Latency of CPU/GPU Coordination
hallenges Intense Computation Poor CPU/GPU Overlap
CUDA Graph

Advanced CPU Instructions:
Numa-aware Tensor Parallel
Intel AMX

Expert Deferral




Prefill: Intel Advanced Matrix Extensions (Intel AMX)

How AV X-512 solves INT8 matrix multiplication problems
AMX is 8x faster than AVX-512

i I -
{H H{ {I
64 4 <
. " 2,048 5
§
+
1280OPS/cycle/FMA. 2560OPS/cycle/core §§
» 256 i
How AMX solves INT8 matrix multiplication problems ‘g
o
‘_Il6_‘ 64 '_I‘6_' —>
'6{. '6{ 64{. Integer
+= *
B intel AVX-512 VNNI (INT8) B ntelAMx(NTS)

327680PS/ 1 6¢cycle/core. 20480OPS/cycle/core




Prefil: AMX Tiling-aware GEMM Kernel

! I

! Expert Weights Threads |

I Activations I

| I

1 o

% x - I 8 o
| F O 2
Task Scheduler I E ver

1 [\N\ [ 12.5 4

: HEEEE ' TELOP

1 T T T Lg 10.0 7 —e— plot_dir/BF16_mt32-m:32:1024:32-n:3584-k: I560-x e e tht
l l I I plotid\r’fBFlGimGZ-m‘32:1024:32-n:1536-k‘5120-x256x1792.txt
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Prefill: End-to-end Performance

Up to 19.74 X faster than Llama.cpp (which does not use AMX kernel)
Up to 5.88 X faster than Fiddler (which uses Torch’s native AMX kernel, sub-optimal)

Fiddler [E=3 Llama.cpp [EEE Klransformers

- D5-3 BF16/FP16 DSs-2 BF16/FP16 QwW-2 BF16/FP16
9 400 - 500+
k-,
1500 -
2 300 -
E 400 4
| 1000 -
U 200
p 200
£ 100 500 -
=5 32 G4 128 256 512 1024 X048 4096 3192 32 B4 128 256 512 1024 2048 4096 5192
= D5-3 Int4 DS-2 Int8 QW-2 Int8
I 2500 A
_‘é‘ 500 - 800 -
2000 -
S 400 A
et 600 -
o] _
¢ 200 300 1000 1
o
£ 100- 2001 500 -
=
g o 0 0 -
o 32 b4 128 256 512 1024 2048 4096 8192 34 Bd  12E 256 512 1024 2043 4096 192 32 b4 128 256 512 1024 2048 4096 B192

Prompt Length (Tokens) Prompt Length (Tokens) Prompt Length (Tokens)




Decode: CUDA Graph

Fiddler Llama.cpp
3] . .
Challenge: Inefficient CPU-GPU coordination 107} === Kernel Execution Time :
‘g == = Average Kernel Launch Time
Fiddler/Llama.cpp forward (a single token) requires =107 Only 8% of kernels exceed - :
E average launch time ' :75% of kernels exceed
~7000/3000 CUDA kernels, with launch time = 101 f g ! javerage launch time
taking 73%/21% of total. . ] -. . . .
0 25 50 75 100 0 25 50 75 100
Percentile (%) Percentile (%)
Launch A || Launch B || Launch C || Launch D || Launch E CPU Time
e Solution: CUDA Graph
Latencyl .| A % B — C — D — E .
Capture the full forward in a CUDA Graph to
time
: remove launch overhead, while carefully avoiding
| erann 11 Launch Graph time saved

CPU-based operations that introduce breakpoints.




Decode: Numa-aware Tensor Parallel

CPU architecture

CPUO CPU1

Bjoue)
Kouwspw
o
Controller

Challenge: Inefficient CPU-CPU coordination 2| 7 §l=
miE e
Modern systems span multiple NUMA nodes, cross-NUMA 1 — — r

»
CPU2 LN cpus

memory access has worse latency/bandwidth.

J3|jo5u0)
Kowaw
1o
Controller
S BerE:

LC LLC

Memory |}
Controller

3FDd
RBjouo)
oh

I:l Local Weights/States

{ _} Remote Weights/States Solution: Numa-aware Tensor Parallel
rFr-s======== [
{NodeO | Noder Place expert weight slices in the local memory of
B SRR R
| [ [ i TR T each NUMA node so that memory access is mostly
e e ] ] .- : :
: |:'_' |‘5_'“'_': : :'_:| .‘.'_Zl I local, avoiding expensive cross-NUMA memory traffic.
EEDE
1 -1 =l -- = [




Decode: Expert Deferral Mechanism

} =1

CPU bus CPU process E
_______ Z__ experts a, b |
CPU |d|e CPU continue iLayerkq-lAl:tentiun -i
' with experts c,d | :

CPU bus CPU process |
4 experts a, b |
__________________________________ -

CPU and GPU work alternately CPU and GPU work concurrently




Decode: Determining the Number of Deferred Experts

Concern |: Decoding Speedup

Wait 77 Send + Submit
551 Attention EEd Shared Experts
E43 Gate Sync + Receive

8 Immediate Experts + 0 Deferred Experts

571 Immediate Experts
Deferred Experts

cpu- SISO

6 Immediate Experts + 2 Deferred Experts

GPU {emme o | +29% Time
CPU DR

126% Time

GPU -’o°e°u°e°=°e°u".°o"o°o"o:m E
CPU RRRRRIRRIRRXKA]

T T T T T

4 Immediate Experts + 4 Deferred Experts

° G0000

G PU _i°n°u°o°o°u°o°u°u°u°o°n° E 126% Time
CPU PRI
0 500 1000 1500 2000 2500
Timeline (ps)

Concern 2: Model Accuracy Drop

=]
§‘ - 68.8 -0.1% +0.1% +0.4% +1.1% +0.7% -0.6% -m

E- 57.8 +0.2% +0.3% +0.4% +0.0% +0.6% +1.0% +1.0% -2.4%

T}E‘m - B2.6 +0.3% -0.0% +0.2% -0.2% +0.1% -0.2% -0.5% -l.8%

Lo
4?;6&"".4?" - 46.3 -0.0% -0.1% +1.2% +1.0% +0.4% +0.5% <+0.9% +0.4%

oo
-QEE- 71.7 +0.2% +0.4% +0.1% -0.1% =0.2% =1.6% -m
~E

(=)
& 715 4+04% -02% -0.4% -0.3% -0.9% -16% -2.2% m
(=]
é”@%‘ - 66.4 +0.2% +0.1% +0.2% +0.2% +0.1% -0.5% -1.9% m
qrf-' 1 1 ] 1 ] 1 ] 1 E

T 0 1 2 3 4 5 6 7
Number of Deferred Experts

Balanced Configuration:
defer as few experts as needed to saturate the CPU,
while keep at least 2 non-deferred experts per layer to

protect model accuracy.



Decode: End-to-end Performance

Full-accuracy implementation is up to 1.92 X faster than Llama.cpp and up to 4.09 X faster than Fiddler.

Expert Deferral provides up to |.45 X additional speedups.

Fiddler EEEl Klransformers
B Llama.cpp  EBSS8 KTransformers + Expert Deferral
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Open Source: KTransformers High-performance Heterogeneous Inference System

Exploratory Open-Source Framework E— Widely Used

Future. Integrating more features.

Jul. 2024. First open release. DeepSeek-V2 Feb.2025. DeepSeek-V3/RI with May. 2025. Release Supporting more hardware and models.

with Single GPU + [36GB DRAM Single GPU + 382GB DRAM AMX-based CPU kernel.

1 ! ! !
! o ¢

v

Aug. 2024. Support | M-level long context. Apr. 2025. Support multiple batch size. Oct. 2025. Integrating into < SG/L.
Large User Interfaces Advanced @ Star History
Language [ WebU } Kernels
Models e |2
{ OpenAl API J [ Ollama API J

intel)

m v Kunpeng
@ ~NVIDIA

DeepSeek llamafile
cepsee [ HuggingFace Transformers } 12K
KTransformers
Quantization

@ i Ao,
7 /A4 Ascend

U

8K

' + Flash
: : C Module "L] Attention
L % Injection n =
Jaiaiinininininls v =3 i 1 6K
| InternLM Operator ' oneAPl |
\ L Placement S b

GitHub Stars
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Github Stars

""""" HK

LLaMa ,  CuBLAS |
Heterogeneous Hardware ' ! e
Intel/AMD Nvidia I Apple
CPUs GeForce | Silicon )
- October 2025 April July
Date %} star—history.com

(a) Flexible Framework (b) Top 0.01% on Github (c) Various models and hardware supported




& GitHub
% hitps:/iqwenim_github.io » blog > qwen3 - BRI

Qwen3: Think Deeper, Act Faster | Qwen

202584 829H — For local usage, tools such as Ollama, LMStudio, MLX, llama.cpp, and
are highly recommended. These options ensure that users ...

2 Kimi-K2-Thinking ©
KTransformers Deployment

KTransformers+SGLang Inference Deployment

Launch with KTransformers + SGLang for CPU+GPU heterogeneous inference:



Future: Sparse Attention

Dense Attention = Sparse Attention

i
Full :> Hundreds of + Scan only a
Attention small chunks few at a time
Transformer
gloc;<7 Attention m K. . )
— IMI Mixture of Block Attention (MoBA
Transformer
Block
R MoBA: Mixture of Block Attention for Long-Context
Transformer L L M S
)|
N & deepseek
Emlli?;c;ing [2] [I;] ['\f\/
|
(Copsetiomm | Native Sparse Attention: Hardware-Aligned and Natively

Trainable Sparse Attention

\\,\ Transformer Block

Transformer Architecture
O



More Open Source Integration

N\

‘E}m’f LLaMA-Factory [Roadmap] Integration of KTransformers as a LoRA Fine-Tuning Backend for

~

Easy and Efficient LLM Fine-Tuning | | 3MA-Factory #9266 https://github.com/hiyouga/LLaMA-Factory/issues/9266

FineTuning — Integrated into LLaMA-Factory for local fine-tuning

J

\_

/
SG@” [Feature] KTransformers Integration to Support CPU/GPU Hybrid Inference
for MoE Models #11425  https://github.com/sgl-project/sglang/issues/ | 1425

~

Inference — Integrated into SGLang for wider model support and multi-GPU acceleration

J

You will be able to fine-tuning and inference 67 1B DeepSeek
and | TB Kimi K2 locally with consumer GPUs + server CPUs!




Thanks!

kvcache.ai

KVCache.Al is a joint research project between MADSys and top industry collaborators, focusing on efficient LLM serving.

A2 903 followers & https://madsys.cs.tsinghua.edu.cn/ 9 zhang_mingxing@mail.tsinghua.edu.cn

Customize pins

Pinned

(] Mooncake ' Public (] ktransformers | Public

A Flexible Framework for Experiencing Cutting-edge LLM Inference

Optimizations

Y 388 @ Python  Yr 152k % 1.1k

Mooncake is the serving platform for Kimi, a leading LLM service provided

by Moonshot Al.
@cC++ T4k

] TrEnv-X | Public

@®Go Y58

https://github.com/kvcache-ai




