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MOTIVATION

LLM serving at scale is a resource scheduling problem



Throughput vs Latency Trade-off in LLM Inference

KVCache as the Central Bottleneck

Trade-off

THROUGHPUT LATENCY

e Higher throughput e  Smaller batches
e  More KVCache needed e LessKVCache pressure




Business Goals

Meet Service Level
Objectives




Key Metric #1: TTFT (Time to First Token)

S — - —
o TTRT<300ms

Users perceive this delay immediately



Key Metric #2: TBT (Time Between Tokens)

GOOD - Smooth Streaming

D - N - D - D

BAD - Stuttering Output

e — o —— o
- Target;Eachgap <100ms



How LLMs Generate Responses: Two Stages

PREFILL STAGE DECODING STAGE
Process: Parallel 333 Process: Sequential §8

Y ¢
CTREIST W D e

Characteristics:

- Memory-bound

- Sequential

- Repeats many times




The vLLM Approach: Prefill + Decoding on SAME GPU

.. SINGLE GPU

Decoding requests waiting:




Mooncake's Core Insight

Same 10k token system prompt used 100 times

X TRADITIONAL WAY v MOONCAKE WAY

Al 100 GPUs computing

N
N

NN A
Total Cost: 99 GPUs receive

Transfer is almost 50x CHEAPER!



Multi-node Systems Waste Computation Without
Coordination

Node 1 Node 2 Node 3 Node 4

B 50k Doc B 50k Doc B 50k Doc

X X X Idle

Computing Computing Computing

Same S0k token document computed 3 times!

200% overhead

0%



The Mooncake Architecture

Four specialized components work tfogether

\ g

RDMA
Output Generation

$ $

Distributed KVCache Storage




Step 1: KVCache Reuse

Conductor searches for matching prefix cache

4

Search Results:
Prefix cache found!
Selects optimal prefill node

2




KVCache Reuse Examples

System Prompt Reuse Multi-turn Chat Document Q&A

00 100 Users & Conversation B 50k Document

Around 50% of the KVVCache tokens in the real-world workloads can be reused



Step 2: Incremental Prefill
Compute ONLY uncached portion

PREFILL NODE 3

g

Cached prefix New computation
(Reused)

4

Store new KVCache:
MOONCAKE STORE

For very long input: Uses chunked prefill (e.g., 1024 tokens/chunk)



Step 3: KVCache Transfer

Stream KVCache from Prefill » Decoding

B . = LM

Asynchronous transfer Layer-wise transfer
(overlapped with computation) for better pipelining




Step 4: Decoding

Generate tokens one-by-one and stream to user

Receives complete KVCache

2
2

_—
g

Real-time response




Scaling up long-context inference

Request

256K

tokens

Request

256K

tokens

x N layers |

Attention FFN ]
GPU O GPU O § QutpUL
All heads All cols Tokens
. x N layers
Attention FFN :
e A Ve o\
GPUO GPU 1 GPUO GPU 1
Heads 0-15 Heads 16-31 Cols 0-1791 Cols 1792-3583
GPU 2 GPU 3 ) GPU 2 GPU 3
All-Reduce All-Reduce
Heads 32-47 Heads 48-63 Cols 3584-5375 Cols 5376-7167
@® NVLink - 1.8 TB/s @® NVLink - 1.8 TB/s
o 4 & y

https://docs.nvidia.com/multi-node-nvlink-systems/multi-node-tuning-guide/overview.html

Output

Tokens



Scaling beyond single-node

Request

256K

tokens

Attention

Node 0

GPUO | | GPU 1
Heads 0-7 Heads 8-15

GPU 2 | | GPU 3
Heads 16-23 Heads 24-31
|
RDMA
100 GB/s

|
Node 1

GPU4  GPUS5
Heads 32-39 Heads 40-47

GPU6 = GPU7
Heads 48-55 Heads 56-63

® NVLink - 1.8 TB/s

All-Reduce

FFN
Node 0
GPU 0 GPU 1
Cols 0-895 Cols 896-1791
GPU 2 GPU 3
Cols 1792-2687 Cols 2688-3583
|
RDMA
100 GB/s
|
Node 1
GPU 4 GPU 5
Cols 3584-4479 Cols 4480-5375
GPU 6 GPU 7

Cols 5376-6271 Cols 6272-7167

® NVLink - 1.8 TB/s

x N layers

All-Reduce

https://docs.nvidia.com/multi-node-nvlink-systems/multi-node-tuning-guide/overview.html

Output

Tokens



Existing solution: Sequence parallelism

KoVo
RDMA 64K RDMA
100 GB/s 100 GB/s

N-1 rotations

= 3 per layer

RDMA RDMA
100 GB/s KaV> 100 GB/s
64K




Existing solution: Sequence parallelism

KsVs
RDMA 64K RDMA
100 GB/s 100 GB/s

N-1 rotations

= 3 per layer

RDMA RDMA
100 GB/s KiVi 100 GB/s
64K




Existing solution: Sequence parallelism

Node 0
Go Gl
G2 G3

K

2v2
RDMA 64K e
100 GB/s 100 GB/s

< 4
N-1 rotations m
G4 G5
= 3 per layer
G6 G7
» »
RDMA RDMA




Existing solution: Sequence parallelism

KiVi

RDMA 64K RDMA
100 GB/s 100 GB/s

N-1 rotations

= 3 per layer

RDMA RDMA
100 GB/s K3Vs 100 GB/s
64K




Chunked Pipeline Parallelism

Node O

KV cache ¥

[Z] h

o ’*oad prefix cache

SYS SYS

SY'S SYS

Node 1

KV cache ¥

SYS

Token Blocks

Node 2 Node 3

KV cache ¥ KV cache ¥

SYS SYS

‘ a b c d e ‘ f ‘ g h | i |
(16~512 tokens) L L L L l L
S e
: A=Hash(a) B=Hash(A+b) ! C=Hash(B+c) : D=Hash(C+d) | E=Hash(D+e) = F=Hash(E+f) :
1 1 1 1 !
Atch %tch Q/Match %tch ﬁatch Mismatch 3
— As=Hash(a) B=Hash(A+b) | C=Hash(B+c) | D=Hash(C+d) | E=Hash(D+e)
F=Hash(E+f) | G=Hash(F+g) | H=Hash(G+h) I=Hash(H+i)
F=Hash(E+f) | G=Hash(F+g) | H=Hash(G+h) I=Hash(H+i) A=Hash(a) B=Hash(A+b) | C=Hash(B+c) | D=Hash(C+d) | E=Hash(D+e)
Put Get

0 Transfer 0
Get() Prefill Decoding

Instance Instance




Chunked Pipeline Parallelism

Node O Node 1 Node 2 Node 3

8] A P
h-state
@ KV cache ¥ KV cache ¥ KV cache ¥ KV cache ¥

SYS SYS SYS SYS
D
-
async store
¥ writing to
svs | A~ svs E] B C D

A B C D

SYS SYS
A B C



Chunked Pipeline Parallelism

SYS | A | B~

SYS

Node O

async store

¥ writing

SYS

SYS

Node 1

[ 2 ]

KV cache ¥

SYS

v
async store

¥ writing

A

Node 2

KV cache ¥

SYS

K

Node 3

KV cache 4

SYS



Chunked Pipeline Parallelism

Node O Node 1 [\ [oe [0
b | T C W B L5 A .
h-state h-state h-state
KV cache ¥ KV cache ¥ KV cache ¥
SYS ||A||B SYS || A SYS
v v v
async store async store async store
V¥ writing V¥ writing t2
sys|[A||/B| c~ sys || A | B~ A B C
L writing A B
SYS [ A~ SYS

Node 3

KV cache ¥

SYS



Chunked Pipeline Parallelism

Node O Node 1 [\ [oTo [ Node 3
=4 D s C e B £ A
h-state h-state h-state
KV cache ¥ KV cache ¥ KV cache KV cache ¥
SYS |[|A||B||C SYS||A|lB SYS || A SYS
- v B v
async store async store async store async store
¥ writing ¥ writing t3
sys||A|/B|[c| D~ sys||A|[B | c~ A B e D
EE—
¥ writing ¥ writing A B c D
SYS || A B~ SYS || A~  —
e
A B c
S
Py
—




Chunked Pipeline Parallelism

SYS

SYS

C~

Node O

KV cache ¥

SYS

¥ writing

A

(¥

SYS

SYS

D

Node 1

D

KV cache ¥
SYS ((A||B
v

async store

¥ writing

D~

¥ writing

c

e

h-state

Node 2

C

KV cache

SYS ||A || B

v
async store

—>

h-state

Node 3

KV cache ¥

SYS A

v
async store




Chunked Pipeline Parallelism

Node O Node 1 Node 2

e 0

KV cache { KV cache ¥ KV cache ¥

SYS |([A||B|(C| D SYS (A||B|(C| D SYS (A | B

async store

sys||A|/B||c]| D svs| A (B|lc| D A B
Vv writing V writing A
SYS||A|(B|([C| D~ SYS |A||B| C~

Node 3
—
A
h-state C
KV cache ¥ B
SYS|A|| B
asyncvstore
t5
C D
B C D
A B c D



Chunked Pipeline Parallelism

Node O Node 1 Node 2
--P
y J t K
SYS||A|/B|/C| D SYS||[A|B|[C| D SYS||A|(B|[cC| D
sys|(al|/B|lec]|l D sys||Fal| | B |[c|| D A B
¥ writing A
SYS A B [ D SYS A B C D~

Node 3

SYS (A B | C

v
async store

D
c D
B c

t6



Chunked Pipeline Parallelism

Node O Node 1 Node 2 Node 3
S
cact KV cache 4 f
SYS|[A||B|lc| D SYS |[A||B|(c| D SYS||A|(B|[C| D SYS A B
sys|[al[B|lc| D sys|[a|[B|lc| b A B C D
A B C D
SYS A B 5 D SYS || A B Cc D
A B C
» RDMA transfer Decoding Instance




Mooncake Architecture Overview

KVCache-
centric
Conductor

Cache-aware
Prefill

Scheduler

Which instance to go?

KVCache
Balance
Scheduler

Cache load balancing

Load-balance
Decoding

Scheduler

Decode balancing

Prefill Pool

Decoding Pool

Mooncake Store

. )
| /Prefill Instance I

1|l GPUVRAM

Local
Chunked |msp |
Prefill
||| Scheduler

Il cPuDRAM/SSD

Distributed KVCache Pool

PP/SP

CPU/DRAM/SSD

GPU/VRAM ¥

i Paged KVCache

J

i Local ‘ ‘
! Scheduler- ‘

W o s mm w mm w mm w s s % mm % mm % s M s % M % mm % Mm% e s s mm 5 mm % s =

GPU/VRAM

Local
Chunked |msp|
Prefill
Scheduler

CPU/DRAM/SSD

Distributed KVCache Pool

fPrefiII Instance R

GPU/VRAM
Paged KVCache
!

Local "
Scheduler = ‘

KDecoding Instance Yy .

Prefill Stage
Optimization Goal

max Cache Reuse
s.t.

TTFT SLO,

MFU Lower Bound,
KVCache < DRAM

Decoding Stage
Optimization Goal

max Throughput

s.t.
TBT SLO,
KVCache < VRAM



The Scheduling Tension

Addition factor to consider?

[

10 token blocks e n

New Request

]

eed prefill instance

e

Reordering Prefill Instance A

Heterogeneous instances

\4

Prefill Instance B

Queue: Queue:
.-. 3 requests (~5s wait) . 1request (~0.5s wait)
Cached prefix blocks: Cached prefix blocks:
(T T[] e
8/10 blocks matched Network tOpOIOgy 2/10 blocks matched
— only 2 blocks to recompute — 8 blocks to recompute
Multi-level kv-cache pool
Instance A (local cache) Instance B (local cache) Instance B (RDMA transfer)

T_queue = 5.0s (3 requests ahead)
T prefill = 1.0s (2 blocks)

TTFT = 6.0s TTFT

T_queue = 0.5s (1 requests ahead)
T prefill = 4.0s (8 blocks)

T transfer = 2.0s (RDMA, 6 block)
T queue + T prefill = 1.5s

=4.5s TTFT = 3.5s




The Scheduler Design

Prefix hashing and matching

Algorithm 1 KVCache-centric Scheduling Algorithm

Input: prefill instance pool P, decoding instance pool D, request R, cache block size B.

I 2: TTFT « inf

[3:p<«0

1 block_keys <+ PrefixHash(R.prompt_tokens, B)

Token Blocks .
a o d e f g h i
(16~512 tokens) L l l l l l
1 T T
| AsHash(a) B=Hash(A+b) ; C=Hash(B+c) : D=Hash(C+d) | E=Hash(D+e) : F=Hash(E +f) i
1 [} ] 1
Atch %tch Q/Match E{atch %tch T dMismatch 3
— A=Hash(a) B=Hash(A+b) | C=Hash(B+c) | D=Hash(C+d) | E=Hash(D+e)
F=Hash(E+f) | G=Hash(F+g) | H=Hash(G+h) I=Hash(H+i)
F=Hash(E+f) | G=Hash(F+g) | H=Hash(G+h) I=Hash(H+i) A=Hash(a) B=Hash(A+b) | C=Hash(B+c) | D=Hash(C+d) | E=Hash(D+e)
A I 1

Get()

Put()

{

|

Prefill
Instance

]

Transfer

Get()

v

[

Decoding
Instance

]




The Scheduler Design

Algorithm 1 KVCache-centric Scheduling Algorithm

Input: prefill instance pool P, decoding instance pool D, request R, cache block size B.

e
. . . 1. PrefixHash(R. B
Prefix hashing and matching |, le"TCﬁlf—Tkﬁsh; refixklash (Raromps tokend, 5)

|
[3:p<«0 |
|

| 4: best_prefi_len, best_matched_instance ¢ FindBestPrefixMatch(P, block keys) _ _ _ _ _ . _|

Compute in Parallel » 3 Torimstance ¢ Pdo_ _ _ _ _ . __._._._ :
Strate A (Iocal cache) 6: prefix_len < instance.prefiz_len - . .

gy I7: Tqueue < EstimatePrefillQueueTime(instance) % Sum of preﬁ” exec time | |

if % < kvcache_balancing_threshold then > Cache-aware prefill scheduling |

Tpresin <— EstimatePrefillExecutionTime(len(R.prompt_tokens), prefiz_len) |
if TTFT > Tqueuc + Tprcﬁll then ﬁ |
TTFT «+ Tqueuc =+ Tpreﬁll SLO target | |

i

Manually tuned

|
best_prefix_len . ; p < instance
~refimden < kvcache_balancing_threshold |5/ endit
else > Cache-aware and -balancing prefill scheduling
T . . g : transfer_len < best_prefiz_len — prefiz_len
Prediction model to estimate this time 16: Tiransfer < EstimateKVCacheTransferTime(instance, best_matched_instance, transfer_len)

17: Tprefin < EstimatePrefillExecutionTime(len(R.prompt_tokens), best_prefiz_len)

18: if TTFT > Ttransfer + Tqueue + Tp?‘ﬁﬁll then

19: TTET < Tyanster + Tauene + Tprenu

20: p < instance

21: end if

22: end if

23: end for

24: d, TBT < SelectDecodingInstance(D) > Load-balancing decoding scheduling

25: it TTFT > TTFT_SLO or TBT > TBT_SLO then

26: reject R; return

27: end if

28: if % > kvcache_balancing_threshold then

29: TransferKVCache(best_matched_instance, p) > KVCache hot-spot migration

30: end if

31: return (p, d)



The Scheduler Design

Prefix hashing and matching

Algorithm 1 KVCache-centric Scheduling Algorithm

Input: prefill instance pool P, decoding instance pool D, request R, cache block size B.

M block_keys <+ PrefixHash(R.prompt_tokens, B)
| 2: TTFT « inf
13:p« 0

Compute in Parallel

Strategy A (local cache)

Strategy B (Remote fetch) C6

Challenging to predict
Dynamic network traffic, topology...

Mitigation: replicated frequently used cache

F6: prefiz_len < instance.prefiz_len = ——

Tqueue < EstimatePrefillQueueTime(instance)

—! Sum of prefill exec time |

I 8: if % < kvcache_balancing_threshold then

I 9: Tpresin <— EstimatePrefillExecutionTime(len(R.prompt_tokens), prefiz_len)

110: if TTFT > Toueve + Threru then

s TTFT  To + T ] SLO target |
i12: p < instance

A3 endif

14: else

transfer_len < best_prefiz_len — prefiz_len

if TTFT P Ttransfer + TqUEUE + TPTEﬁll then
TTFT < Tiansfer + Tquewe + Tprefit
p < instance

: end for

: d, TBT < SelectDecodingInstance(D)

i TTFT > TTFT_SLO or TBT > TBT_SLO then
reject R; return

: end if

Nif % > kvcache_balancing_threshold then

TransferKVCache(best_matched_instance, p)
. end if
: return (p,d)

Tiransfer < EstimateKVCacheTransferTime(instance, best_matched_instance, transfer_len)
Tprefin < EstimatePrefillExecutionTime(len(R.prompt_tokens), best_prefiz_len)

> Load-balancing decoding scheduling

> KVCache hot-spot migration

|
!

> Cache-aware prefill scheduling |



The Scheduler Design

Bottleneck? Improvement?

Single point of failure

Data access contention

Threshold sensitivity

Staled instance metadata

Algorithm 1 KVCache-centric Scheduling Algorithm

Input: prefill instance pool P, decoding instance pool D, request R, cache block size B.

"1 block_keys PrefixHash(R.prompt_tokens, B) . . . 1
| 20 TTFT < inf Prefix hashing and matching |

[3:p«0 I
| 4 best_prefiz_len, best_matched_instance < FindBestPrefixMatch(P, block_keys) |

e o L taanes prefiaien T T T T T T T T T s 1.
Tqueve < EstimatePrefillQueueTime(instance) |

if % < kvcache_balancing_threshold then > Cache-aware prefill scheduling |
Tpresin <— EstimatePrefillExecutionTime(len(R.prompt_tokens), prefiz_len) |
if TTFT > Tqueue + Tpreﬁll then |

TTFT «+ Tqueue + Tpreﬁll |

p < instance i

end if Strategy A (local cache) !

transfer_len <— best_prefix_len — prefiz_len 1
Tiransfer — EstimateKVCacheTransferTime(instance, best_matched_instance, transfer_len) |
Tprefin < EstimatePrefillExecutionTime(len(R.prompt_tokens), best_prefiz_len) I
if TTFT > Ttransfer + Tqueue + Tp'reﬁll then I
TTFT + Ttransfer + Tqueue + Tpr&ﬁll I
p < instance I

:Lzli i Strategy B (Remote fetch)

M TTFT > TTFT_SLO or TBT > TBT_SLO then |
: reject R?; return |

127: enzl if " I
o est_prefiz_len

128: if p.prefiz_len |

i29: TransferKVCache(best_matched_instance, p) > KVCache hot-spot migration |
e SLO Gate and Hot-spot Migration |

> kvcache_balancing_threshold then



Overload-oriented Scheduling

The Problem: At peak, incoming requests exceeds GPU capacity

80

—== GPU capacity (ceiling)
" Incoming requests

o GPLLcapacitV (60) , 7 R - 7_7_‘__7_
40
| l I

° 8am 2pm 4pm 6pm

10am 12pm

Requests / capacity units

o




Overload-oriented Scheduling: Problem

Why disaggregation matters

prefill & decode share the same GPU

PREFILL DECODE
tokenize + = autoregressive
forward pass token gen

A"

Mooncake — Disaggregated

prefill & decode on separate machines

PREFILL

machine

tokenize +
forward pass

v TTFT SLO met

R 'a
DECODE
machine
autoregressive
KV cache token gen
>
v
isolated
v TBT SLO met
load = are SLOs satisfied?



Overload-oriented Scheduling: Problem

Prefill RDMA Decode
Reject at gate no GPU touched
waste: O
prefill never reached

waste: prefill GPU only

prefill xfer decode

Admit requests only when both SLOs can be met



Overload-oriented Scheduling: Solution

ADMISSION CONTROL -

The later you reject, the more GPU you waste

prefill ¢ prefill xfer
&=
Prefill GPU burned Everything wasted

No GPU touched

Mooncake: — before any GPU work begins

i



Overload-oriented Scheduling: Solution

7 check decode Naive fix: check decode capacity before starting prefill
before prefill starts If decode is overloaded — reject early. Looks smart.
t=0

prefill running (5 — 30 s)

t + prefill_dur
request hits decode

Conductor
checks decode load

\/
Decode pool att =0

@ busy free
D1 D3
free free
D5 D7 D8
free free free



Overload-oriented Scheduling: Solution

The bug: the decode load you checked is already stale

t=0
l prefill running (5 — 30 s)
t + prefill_dur
request hits decode
Conductor
checks decode load
\
Decode pool att =0
@ busy free @ busy free
D1 D3 D2 D4
free free free
D5 ; D8 D6
free ' free free free




Overload-oriented Scheduling: Conductor

CONDUCTOR -

Every request passes two checks before any GPU is touched

‘- '#
ﬁ Prefill

Request Gate 1
e U D O here

Gate 2
future ecode check

v

Either gate fails Both gates pass

Prefill starts



Overload-oriented Scheduling: Solution

Conductor: Predict Future Decode Load

New request at t = 0. Prefill = 5s. Goal: predict decode pool size att = 5.
[ s New request | prefill = 5s -» predict decode att =5 | td = 10s | capacity = 3 jobs
IN-FLIGHT PREFILL JOBS
Job A Job B Job C
finishes at t =3 finishesat t =5 finishes at t =8
CURRENTLY DECODING JOBS
Job X JobY Job Z
started t = -8 started t = -3 started t = -1




verload-oriented Scheduling: Solution

Steps 1 & 2 — Apply Two Filters

Project to t = 5. Who enters decode? Who has already left?

STEP 1 — Which prefill jobs finish by t = 5?

Job A Job B

finishes t =3 finishes t =5

finishes t =8

v 3=s5 - ADD v 5=5 - ADD

STEP 2 — Which decode jobs finish before t = 5?

age = 5 — start_time. age > 10s - remove

Job Y Job Z

started t = —3 started t = —1

age = 5—(—8) = 13s > 10s

age = 5—(—3) = 85 < 10s

age = 5—(—1) = 6s < 10s




Steps 3 & 4 — Compute Pool —» Reject

Build the predicted pool, then check against capacity.

STEP 3 — Build predicted decode poolatt =5

Start: J Job Y Job Z — X (age 13s > td)
L
- X: Job Y Job Z + A, B (prefills done by t=5)
)
Final: Job Y Job Z Job A Job B = 4 jobs predicted

STEP 4 — predicted load (4) > capacity (3)

X REJECT — HTTP 429

0 GPU wasted — rejected before prefill starts

coupled system would waste 5s of prefill compute before discovering the overload




Evaluation

Two main questions:

e  Does Mooncake outperform existing LLM inference systems in real-world scenarios?

e Compared to conventional prefix caching methods, does the design of Mooncake Store significantly improve
Mooncake performance?

Central idea: KV Cache-centric disaggregation beats vLLM in goodput.



Evaluation: Set Up Overview

Category Detail
Model Dummy LLaMA3-70B
Testbed 16 nodes - 8x A800 GPUs - 4x 200 Gbps RDMA NICs
Baseline VLI

VLLM + prefix caching + chunked prefill

3 traces (real + synthetic)
Workload . . R
resembling online request distribution

Metric Effective request capacity + GPU cost



Experiment 1. Results

ArXiv
Summarization

L-Eval

® Throughput before SLO breach

Max request rate (req/s) each system sustains while meeting latency SLO

Mooncake-[3P+1D] 1.5 req/s

VLLM 1.0 req/s

0.5 1.0 15 2.0 2.5 3.0
Request Rate (reqg/s) at SLO threshold

VLLM 2.5 req/s

3:5

Mooncake-[3P+1D] 3.0 req/s

4.0



Experiment 1. Results

@ Why L-Eval gains more: prefix caching

Higher cache reuse - less prefill work — higher sustainable throughput

ArXiv Summarization

cache reuse

I very low

Every request unique.
No shared prefixes.

+20%

throughput gain
over vLLM

more
caching

_—

L-Eval

cache reuse

Long-context benchmark.
Heavy prefix reuse.

+40%

throughput gain
over vLLM



Experiment 1. Results

® The 2P+2D tradeoff

More decoding capacity lowers TBT — but starves prefill, raising TTFT

TTFT TBT
/ et
meets SLO acceptable
Mooncake
[2P+2D]
breaches SLO stays flat
earlier under load



Experiment 2. Simulated Data

DATASET SELECTION -

ArXiv FIXED
avg ~4K How does the advantage scale here?

: T

L-Eval FIXED
avg ~18K

Context length (log scale, tokens)



Experiment 2: Simulated Data

DATASET SELECTION -

16K 32K

Context length (log scale, tokens)



Experiment 2: Simulated Data

DATASET SELECTION -

16K 32K 64K 128K

Context length (log scale, tokens)



Experiment 2: Results

EXPECTED RESULT -

Longer context — larger goodput advantage for Mooncake

high

Goodput

low
16K 32K 64K
context length (tokens)

Disaggregation + prefix caching advantage
128K = extreme end — largest prefill cost, highest KVCache value, biggest expected gain

gap

L

¥ Baseline



Experiment 3: Real Workload

Mooncake

Po P1 P P3 P4 P5 P6 Py P8

Do D1 D2 D3 D4 D5 D6 D7 D8

Disaggregated
prefill-decode

P9

vLLM

Mo M1 M2 M3 M4 Ms M6 M7 M8

Mio Mi11 Mi2 Mi3 Migq Mis Mi16 M1y Mi8

20 Monolithic instances

Collocated
prefill + decode

Same total GPU resources - Real request traces replayed

M9

Mig



Experiment 3: Results

CDF

1.00

0.75

0.50

0.00

10

Mooncake-[10P+10D]

TTFT Distribution

1
1 SLO = 30s

20 30 40 50 60
Time to First Token (s)
Both systems meet TTFT SLO — curves nearly identical

70

e yLLM-[20M]



Experiment 3: Results

w===_ Mooncake-[10P+10D]

CDF

1.00

0.75

0.50

0.25

0.00

10

TTFT Distribution
T
: SLO = 30s
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

20 30 40 50 60 70

Time to First Token (s)

CDF

= yLLM-[20M]

1.00 -

0.75

TBT Distribution

0.25

0.00
0.0

SLO = 0.1s

0.5

Mooncake = 100%

1.0 1.5 2.0
Time Between Tokens (s)

2.5



Experiment 3: Results

Mooncake ~100% TBT compliance - vLLM only 57% - TTFT identical for both



Performance in Overload Scenarios

Strategy

Baseline

Rejection Strategy Comparison

Fewer rejections = more requests served = better goodput

What it does

Reject on load, checks each stage
independently — can waste prefill compute

Early Rejection

Check both gates upfront
before prefill starts

Early Rejection
+ Prediction

Check both gates upfront, using
predicted future decode load

Rejections

4,183

3,771

3,589

vs Baseline

-9.8%

-14.2%



Related Work

. Schedulin
Throughput optimization 9
[ (@](ele} ] [ SARATHI ] [ FastServe ]
[ FasterTransformer ] [ TensorRT-LLM ]
[ Deepspeed ] [ Splitwise ] [ FlexGen ] [ DistServe ] [ Tetrilnfer ]
Inference

KV-Cache Management

Prompt !
[ Cache ] [ SGLang ] [ AttentionSore ]

Mooncake
KV-cache centric disaggregated
arch, building on open-source VLLM,
Radix-attention closest to Mooncake




Future work

Accelerators

[ Computational Power ][ Memory Bandwidth ]

[ Versatile; Not Optimal ][ Capacity ]

|

Process in-memory and Hybrid Bonding Disaggregation

[ Reducing cost ] [ Memory-bound operations ] <:| Moonccke |—> [ Separate Attention Ops ] [ Throughput ]
20

Reduced KV Cache

[ Resource Utilization ]

[ Advanced policies fo improve scheduling ]




