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Longer and Longer Context Window in LLMs

¢ Longer context window
¢ Improved understanding and factual accuracy

¢ Enhanced summarization and information retrieval

¢ Advanced in-context learning

+ Claude 2: 100K + Claude 3.5 Sonnet: 200K
Llama 2: 4K + Llama 3: 8K + Llama 4 Scout: 10M
. GPT-4 Turbo: 128K ' GPT-4.1: IM
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JO(n?) Inference latency to the context size n

Expensive Long Context Serving

1Most of the time is spent on attention operations

Prompt Length | 128K | 256K | 512K | 1M
Total Latency (s) | 32.8 111 465 || 1,765

FFN (s) | 7.6 15 31 70
Attention (s) | 25.2 96 434 |11,695

[ 1] RetrievalAttention: ACCELERATING LONG-CONTEXT LLM INFERENCE VIA VECTOR RETRIEVAL 4

Decoding latency of Llama-3-8B
across different context lengths on one A100 GPU!!

1695 /1765 = 96%
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“This is a very long prompt..."”
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But KV Cache Is Not Enough!

KY cache grows linearly with context window length!

LLM Model: Llama3-8B

#Layers | Hidden Dim | GQA Compress Ratio | Data Type
32 4096 4 BF16
KYV Cache size:

* Asingle token: 2 x 32 x 4096/4 x 2B = 128KB
* 1M tokens: 128KB x 1M = 128GB

GPU memory capacity:

 RTX5090: 32GB
 A100: 40/80 GB

#tokens

Key Vectors  Value Vectors

| |

\_ | |

head dim

KV Cache




KV Cache Optimizations

> time

PCle
dOpt. 1: Offload g —— &
~31GB/s
“*Offload KV cache to CPU DRAM
CPU Memory
*PCle bandwidth is limited GPU
[ KV Cache ] { Memory }
Cheap & Large Expensive & Small
dInfiniGen (OSDI 24) §
N : Prefill i Decoding
**Prefetching next layer’s KV vectors Partial || Layer(i-1) Layer i
Weightldx | | [y ) kv | Light
GPU | Generation i ser. | Attention |FFN (= o) | Arention | FFN

CPU *| Prefetching AR
1 Selecte
/ oo s erascail P H .
; Tsoigrc’tf& Keys/Values |—]r efetching

InfiniGen leverages prefetching to overlap data transfer
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KV Cache Optimizations

dOpt. 2: TopK Attention

¢ Attention is sparselll,

“*In most transformer layers, n%
top KV can carry enough
information to maintain model
accuracy.

“*Only use top n% token with
largest attention weights

[1] Memory-efficient Transformers via Top-k Attention

KT Attention
0 Score
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Before softmax: -0.61 -0.02 0.31
After softmax: 0.47
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dOpt. 2: TopK Attention Layer 2 Head 0

Drop unimportant keys
REURULY (StreamingLLM, H20, ...)

accurac

**Only use top n% token with 12
largest attention weights 14

0 2 4 6 8 10 12

S d d. but Visualization of the attention weights
oungs g00¢, but... in Llama-2-7B over sentence with a length of 16.12!

[1] Memory-efficient Transformers via Top-k Attention
[2] StreaminglLLM: Efficient Streaming Language Models with Attention Sinks 12




©)) KV Cache Optimizations

dOpt. 2: TopK Attention

“* Attention is sparselll, A

**In most transformer layers, n% g
top KV can carry enough o i 05
information to maintain model I N | E
accuracy. : -

D Token ‘B* was not critical

**Only use top n% token with
largest attention weights

Token ‘B’ is critical now
-0 v (@] 5 <

wn

Visualization of the attention weights
Critical tokens depend on the query of prompt “A is B. C is D. A is”.[?]

[1] Memory-efficient Transformers via Top-k Attention
[2] QUEST: query-aware sparsity for efficient long-context LLM inference 13




) KV Cache Optimizations

dOpt. 2: TopK Attention e e
(@) |
= DB
“*Attention is sparselll, 4
= 5 050} layer 0, avg.
% ) 0 — . layer 10, avg.
**In most transtformer layers, n% B20a5ll " e in headn
top KV can carry enough a - layer 10, head 8
information to maintain model S BT A L T G
Sorted token
accuracy. 1.00F
**Only use top n% token with 0.75}
largest attention weights 0.50} —— niah, step O 1
— fwe, step O
0.25¢ —— fwe, step 1
------------ fwe, step 10
The sparsity exhibits high variability 0.00516K 20Kk 30K
Sorted token
Variety of Attention Sparsity
[1] Memory-efficient Transformers via Top-k Attention 14




Static methods is inadequate

We need some strategy to find topk token from full KV efficiently




KV Cache Optimizations

dOpt. 2: TopK Attention

Query Sum
lement-wise Min O
dQuest (ICLR 24) e S Score
*KYV vectors stored in pages, each Keys | I Element-wise Max Max
with a pair of min/max key vector Quest use min/max key to find topk pages
hash code
dMagicPIG (ICLR 25) Y o
“*Use Locality Sensitive Hashing
. atten. output
(LSH) to sample important :
Key/Value MagicPIG leverages LSH to do sample
16




Existing approaches face challenges in accuracy and efficiency

dDrop-out based (e.g. StreamingLLM)

“*Assuming static token importance = Accuracy loss

JOther Leading Methods

“*See next page...

17




InfiniGen
OSDI 24

Quest
ICLR 24

hash code

MagicPIG
ICLR 25

Data transfer

Existing Long-Context Inference: SOTAs

Decoding
Layer (i — 1)
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Prefetching, but frequent data transfer

| TopK Selection
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|CAfter )

I Skewed Query Skewed Key Attention Score

| 131 1| x Mo| |o - 33
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LUse reduced dimension to find topk, still costly
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JI_ Use page level reduced keys, accuracy loss
I
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|

Use Locality Sensitive Hashing (L.SH)
to sample important Key/Value,
accuracy loss
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Can We Leverage ANNS?




Challenges: When ANNS Meets KV Cache

JIndex traversal and construction costs

“*Quest latency !l : 3.61 s (prefilling) and 14.86 ms (decoding) on Llama-2-
7B using A100 GPU, 32Kk context

ANNS Test Results KV Cache Estimations

Algo. ) Index construction = Latency per token
Index construction Avg. latency (in prefilling stage) (in decoding stage)

IVF FLAT 562 ms 2.58 us 575.5s 2.64 ms

HNSW 300 ms 1.02 us 307.2 s 1.04 ms

ANNS test achieving 0.9 recall
on SIFT subset (32k samples, 128-dim, float16)
CPU: Intel(R) Xeon(R) 6982P-C
[1] LServe: Efficient Long-sequence LLM Serving with Unified Sparse Attention 21




Challenges: When ANNS Meets KV Cache

JCollaboration between GPU and CPU

PCle

*GPU CPU  (——> | GPU

» Highspeed computation, fast memory access ~31GB/s

» Limited memory capacity

CPU Memory

o
«CPU [ KV Cache ] { M(e;lflgry J

» Abundant memory

> Lower computational throughput Cheap & Large  Expensive & Small

» The control logic for managing index structures is often better suited for CPU execution

JQuestions

“*Where to place data and computation?

“*How to leverage parallelism and overlap to fully utilize both processors"22
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Retrolnfer

JRetrolnfer
** A Vector-Storage System for KV Cache

D Key deSignS Wave Index Wave Buffer

(Section 4.2) (Section 4.3)
i =
.:.Wave index Meta Index ) et Bufferl _l e I (Q
[Centroid O 0—9 Steady Zone Iﬁ 9
. . 2(V)
» Wave: Attention-aWare VEctor index GPU € TS
G Block Cache
(1] 000|000
< Query Vector © ~—
*Wave buffer | Quemveerro @{ ______________________ _
. 888 000 880 1S Buffer Manager
888 888 800 Cluster Mapping co
CPU
000|000|000 Block Cache
\V 000 00 Management
333/8883°
- A g

Retrolnfer Overview

24




Wave Index: 3 Zones

Distinguish 3 zones within the token sequence

*»*Steady zone: initial + recent tokens!!!

" . . . . Physical
**Retrieval zone: retrieve using cluster-based index
. . . . ]~ Logical
**Estimation zone: unretrieved clusters

— Steady zone +—

Initial tokens Recent tokens

©000000000000000000000 « 0@ - @

Retrieval zone () O Estimation zone ()

[1] Streamingl.LLM: Efficient Streaming Language Models with Attention Sinks 25
-]




Wave Index: 3 Zones

dTripartite Attention Approximation
“*Steady zone 0°: precise attention

“*Retrieval zone o': precise attention

<*Estimation zone 0%: estimated attention

— Steady zone +

Initial tokens Recent tokens

©000000000000000000000 « 0@ - @

Retrieval zone () O Estimation zone ()

26




Wave Index: Meta Index

(1Meta index

**Spherical k-means clustering

“*Segment-level clustering

> To save index construction overhead

> Based on the coarse-grained spatial locality ?

Meta Index

[ 3 (v) J . Segment

centroid © © O n Steady Zone
Token S|m|lar|ty ..... e .. .......... Es. ........................... g.. ..
in wave index 11 Baaiud | | { | BiL Lo

Meta index design

27




<)) Wave Index: Estimation Zone

JAccuracy-Bounded Attention Estimation

**For un-retrieved clusters, use centroids to generate estimate attention

Vtoken O

token atten. =

use centroid’s weight O Centij)idO
q¢-C]
: e Vd | O % o
i-th iz q.KjT q-CJT ,1=1..m itoken O :
centroid Doy p€ Ve + 3oy m(sj0€ V) Y O
weight : O
p tokens all m clusters ~Mmmmmmmmmmmmmmooomooooooees

in steady zone with S tokens each I:th cluster and eentroid

28




©)) Wave Index: Estimation Zone

JAccuracy-Bounded Attention Estimation

**For un-retrieved clusters, use centroids to generate estimate attention

token atten. =

use centroid’s weight z softmax (W) VUtoken |
q_:__LT_ token token |
e Vd |

Vioken LEH Cluster atten.

i-th iz qkT acT Jdi=lom = z i Vtoken = Qi z Vtoken
centroid ijl..p e Vd + Zj=1..m (Sj . QW) token token
weight _ & .
p tokens all m clusters T

in steady zone  with s; tokens each

29




Wave Index: Estimation Zone

JAccuracy-Bounded Attention Estimation

**For un-retrieved clusters, use centroids to generate estimate attention

AR
ﬁ Cl. e _]—1..31 J
. e Vd _ Si
a; = = —,l=1.m q,KT
i-th q'Kj f}_ T i
cent.roid Zj:l..pe ¥ ijl..m (sj-eVd) T4 Zj=1..si € \a
weight e Vd _
p tokens all m clusters S;
in steady zone  with s; tokens each . :
Jensen’s inequality

The estimation is a lower bound

31




()) Wave Index: Data Placement and Workflow

(JPhysical placement
*CPU: KV vectors (stored in blocks)
Wave Index
“*GPU: centroids + > v Sl
Meta Index
L After prefilling centroid [O]O]O
cpu| L2V =
*GPU performs segmented clustering PR RE
3 Query Vector @ C
**KYV vectors offload asynchronously ---}---—--—-—----__=3 -
338]°o0T38°
“*CPU construct related data K e oselete
structure asynchronously cpry| 1990100010
000[000[000
. v 000 Q0
dDecoding g goo[ess|sss

*+*GPU search centroids

*CPU send retrieved KV blocks
-]

Retrolnfer Overview

32




Wave Buffer: Why and How

dData traffic is still high

Is it Possible

“*Though wave index reduce it to <2% of full attention

JA GPU buffer is designed

“*Based on a phenomenon “adjacent decoding steps for neighboring query

vectors show strong temporal locality”

—@— Base -4~ W/ GPU cache
-8- W/ Async cache update

-g o : . =Y
g 300 ..... ,*’_...q
I 200 ik ’IE- ................ d
n R ] :
- IRty :
&) 100 W votsninniwine ‘. ....................... 1
S SEAEASE
16 32
Batch size

1 Throughput with batch sizes

Base is constrained by PCle bandwidth

33



Wave Buffer: Overview

1 Buffer contents on GPU

*»Execution buffer
“*Steady zone

+*Block cache

dDuring decoding: 3 Data copy

dControl plane on CPU

“* A table containing cluster-id to infos

“*Cache policy: just LRU

copy-3 : e ‘; —
(miss) Execution Bufferl ‘ I ............. T
copy-11 ;
Steady Zone mc;sied
ata
GPU Block Cache
CPU / - \
SustorDagcHinol Cluster Mapping Table
InBlockCache?
GPU BlockIDs
K I‘%\ Initial CPU Index Block Cache
Block Number Management
v CPU Block Padding #
LRU Entry Pointer \_/\

\ Buffer Manager j

Wave buffer design

34



dSynchronous cache access

“*The KV vectors are ready as
soon as possible

JAsynchronous cache update

**Cache update
**Admit missed data

‘*Removed from critical path

Coordination between CPU/GPU

Admit missed data async

Wave Index Wave Buffer ,'
(Section 4.2) (Section 4.3) .
~ ) — \
Meta Index Execution Buffer KoM (\‘
troid ﬁ / |
[Ceg(\;) dlO Q—O Steady Zone 9
GPU £
Gt \O)-G Block Cache
Query Vector © %-k
Q00 |000|000 LA
o]e]e) Q0O
K [ooolooolooo |
- 300l6d0lo Cluster Mapping L1 1 | |
888 000 880 Block Cache
M t
" [8381588[8°7] |\
- PAL

Retrolnfer Overview
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accuracy loss
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| Data transfer TopK Selection
________ R O T R RS S i

| Partial E Layer (i —1) Layeri | ,
| Weight Idx : o : B on | Skewed Query Skewed Key Attention Score
| GPU |Generation|™| gq; | Attention |FFN |mb| | 4pcoit |FEN| - | q 1] |1 x M o| |o = 33
l E electea 5 Selected i i . 6 X 5 = 32

OSDI 24 | !TSOk/e/?t/D}S Reys/Velues : Partialery Partiay
: Prefetching, but frequent data transfer ''Use reduced dimension to find topk, still costly

e
| : Query Sum
Q ¢ : ph : Element-wise Min ﬁ chre
ues | % Quest-Offload is implemented | o _’_}
. . —> I

ICLR 24 : in this paper : Keys | |- Element-wise Max Max
: Jl_ Use page level reduced keys, accuracy loss
: hash code :

MagicPIG : Attention is Cade o : Use Locality Sensitive Hashing (LSH)

ICLR 25 | doneonCPU H Gl 2E)s | to sample important Key/Value,
| |
| |

|

atten. output




Parameters

1Zones setup
“*Steady zone: 4 + 64
“*Retrieval zone: 1.8%

s*Estimation zone: 23%

(1Segment clustering
“+8K tokens in a segment

»#clusters = 1/16 #tokens

Initial tokens — Steady zone T Recent tokens

Q000000 VOOO - OO - O
Retrieval zone () () Estimation zone ()
Meta Index
[ 2(V) ] vt SCEMeENt
Geniroid O D © O u Steady Zone

i e i /f%\ .q ............................... e
Token similarity j { il  ERESERAER
in wave index l 11 Boaek] ! 1! | Bad i :

....................................................................

Meta index design
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Parameters

dCache Setup
5% of all KV vectors
*Page size: 2KB

(1Baseline setup

*»Follow the paper statements

39



Other Configuration

JHardware
“*1 X NVIDIA A100 GPU (80GB memory)
*AMD EPYC 7V12 64-core CPU (1900GB memory)
*PCle 4.0 X16 (~31GB/s)

dModels
‘*Llama3.1-8B
*Qwen2.5-7B
“*Llama38B-1048K

] 128K context

40




Accuracy

Retrolnfer always approaches full attention accuracy
*Drop 0.73%/0.78%/1.46% compared to full attention

s Achieves 5.48%/15.51%/3.33% accuracy improvements compared to the
best-performing baselines on each model

Bl Retrolnfer 0 MagicPIG
B2 Full Attention [l InfiniGen
BN Quest

[
N O
N O

N
(92

Avg. accuracy(%)
un
o

0

L|ama3 1 Qwen2 5 Llama3

Average Model Accuracy

(RULER, 8K to 128K Context) 41




Accuracy

JRetrolnfer maintains accuracy close to full attention, even with a
low retrieval budget

JRetrolnfer sometimes outperforms full attention

—@— Retroinfer —#— Quest —-= Full Attention
~50 | 501
o~
> ' .
© z : ; ‘ z
- | :
o :
(&)
< : : i :
078 4 o igs 6 2 > 105
Retrieval budget / total KVs (%) Retrieval budget / total KVs (%)
(a) mk2_niah on Qwen2.5 (b) cwe on Qwen2.5

Accuracy vs. Retrieval Budgets

42




Efficiency

dRetrolnfer scales well and achieves the best throughput

MagicPIG is constrained InfiniGen exhibits worst because of
by CPU compute capacity 1ts expensive speculative operations and
_ frequent data transfer over PCle
Quest and full attention Quest (offload) exhausts
cannot scale beyond GPU memory the limited PCIe bandwidth

~@—Retroinfer -4p- Full attentipn -#8-- Quest Quest (dffload) - % MagicPIG -A - InfiniGen
400

7 200F 30F ]
2 90+ {
= 3% 300 1150} :
ol Mg £ 500} ] 20} v -
§8°‘*‘ gl 3G 200 1100} :
- o i ] ; ‘
§70 ? oo £82°0 100} 1 s0} 110
< - 4
i A off | R R® ¥ Rt P 8 o ® 8
B 3264 128 I g g 163264 s NSy T R . S R 1 2 4 8 1 1 2 4
Context length (K) Batch size Batch size Batch size Batch size
(a) RULER accuracy (b) Context length=60K (c) Context length=120K (d) Context length=240K (e) Context length=1024K

Accuracy and Decoding throughput vs. Context Length and Batch Size
Benchmark: RULER, model: Llama3-8B-1048K
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dCache ratio: 5% is good 1Segment size: 8K is good

0.87 — : _ .

—0— NIAH ~#- ga 1 -#- vt —0— fwe - # - mkl niah :
- - i 64K 128K
:g 1.0 1.0 : : 0.86 : 32K, .............. .............. *.
S o8l o8t B 2ot e
< 0.6% 0.6 : : 2 ; é
Q i £ : : O 084 T Gmmereeens PRI SO e A S SPRR EORTE
6 0.4 ‘ 0.4 ,? ........ TAREEE LR LR s e ey o &’ )
© = : & : : g i R EaR SR e A
B 10 20 12 10 20 0.82 : :
Cache size / #KV (%) Cache size / #KV (%) ; 50 100 150 200
(a) Llama-3-8B-1048K (b) Qwen2.5-7B Segmented k-means time (ms)
o o o
U Estimation helps a lot Decoding Latency Breakdown (ms)
100 ,
[ fwe w/ est. [ mk3 niah w/ est. Batch size ‘ 1 32
BN fwe w/o est. EESS§ mk3 niah w/o est.
b Yo 5 Access meta index | 0.1447 0.5132
S N .
8 . 50F § ' Estimation zone attention 0.1010 0.5398
g 5 | § Access cluster mapping table 0.2405 0.5902
| - | \ Update cluster mapping table 0.0142 0.5176
s J& :§ .
Llama3:1 Qwen2.5 Flamas Data copy to execution buffer 0.1281 0.9008
Different models Steady and retrieval zone attention | 0.0777 0.2950
Admit missed data | 0.0572 0.1038
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Conclusions

1Pros
“*Innovative technique: estimation via centroids and > v
“*High completeness of system design

“*Excellent experimental results —o— Base

-4~ W/ GPU cache

“*Good story: vector storage system ge —
S 300
)] %35

“*Buffer contributes a lot... 8 100} 8
IS

“*Disparity between motivation and solution

“*Unclear explanation or lack of deep analysis

» Impact of Zone ratio (retrieval / estimation)
» ANNS OOD issue (see next page)

Batch size

45



JOOD (out-of-distribution)

*»The distribution of queries differs from that of the base data

OO0D Issue: When ANNS Meets KV Cache

Search in the KV cache exhibits strong OOD characteristics

1500 1

Frequency

U
o
o

0

[ 1] Retrieval Attention: Accelerating Long-Context LLM Inference via Vector Retrieval

-

o

o

o
1

B

0 50 100 150

Yi-9B-200K

Bl KtoK s Q to K

2500 A
2000
1500 A
1000 A

500

i

0

Llama-3-8B-Instruct-262k

B KtoK Wl QtoK

0

100 200

Mahalanobis Distance between
5000 samples of query and key vectors!!!
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OOD Increases the Searching Difficulty

*Most ANNS indexes are built for in-distribution search

00D queries challenge the assumptions of standard ANNS methods.

Base Data @ 5-NN of ID Query 4 5-NN of OOD Query

. L T
- | ® @~ 7%
< * Lo % * pe el
TS b 2N v | .
| ‘Q > _ P | - ’Q

5 Nearest neighbors’ distribution in cluster-based index
for ID query and OOD query!!l

[1] RoarGraph: A Projected Bipartite Graph for Efficient Cross-Modal Approximate Nearest Neighbor Search 47
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UThank you!
UQ&A
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