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Multi-Head Attention (MHA)
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Vaswani, Ashish, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez,
You Need." Advances in Neural Information Processing Systems, 2017.
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Multi-Query Attention (MQA)

« PfBattention headE=[E—2HKV
« KV cache per token: 2dl
. RIFATEPaLM (2022), StarCoder (2023), Gemini (2024)Z:4&58Y
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Shazeer N. Fast transformer decoding: One write-head is all you need[J]. arXiv preprint arXiv:1911.02150, 2019.



Grouped-Query Attention (GQA)

#n,Nheads i 48, EREEERKY

KV cache per token: 2ng,dyl
=in, = npAY, GOQA > MHA; Zin, = 1A, GQA > MQA
N FAfELLaMA2-34B, 70B (2023), LLaMA3 (2024), DeepSeek-v1 (2024)FH=8Y
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Ainslie J, Lee-Thorp J, de Jong M, et al. Gga: Training generalized multi-query transformer models from multi-head checkpomts[J] arX|v preprint
arXiv:2305.13245, 2023.




Grouped-Query Attention (GQA)

* MetaffLLaMA2-30B_EAYSCES, GQATEZNMMES LEUE Y SMHARERIZRIN

MQARIFFNZERY AZ1.33(=

EEELTNNT - < CQARIFFNAE A AZIL 3f5
RSB SMHARIR HEAIMQAIGQAEBL LK

BoolQ PIQA SIQA Hella-Swag ARC-e ARC-c NQ TQA MMLU GSM8K Human-Eval

MHA 71.0 793 482 75.1 712 43.0 124 447 280 49 7.9

MOA 706 79.0 479 74.5 716 419 145 428 265 48 73

GOA 694 788 486 75.4 721 425 140 462 269 53 7.9
yaaN—=mtlh

Touvron H, Martin L, Stone K, et al. Llama 2: Open foundation and fine-tuned chat models[J]. arXiv preprint arXiv:2307.09288, 2023.



Grouped-Query Attention (GQA)

- {82, DeepSeek{t7B densef&B FRILLE, MHARNRINEZ L TMQASGQA

. MQARIFFNUREY A1 3313
Eﬂﬁﬁﬂ%ﬁ L — < GQAMIFFNHEEE AZIL 313

S SAEIMHAR HIMQARIG QAR Z2]
. Dense 7B Dense 7B Dense 7B
Benchmark (Metric) # Shots w/MQA  w/ GQA (8 Groups) w/ MHA
# Params - 7. 1B 6.9B 6.9B
BBH (EM) 3-shot 33.2 35.6 37.0
MMLU (Acc.) 5-shot 37.9 41.2 45.2
C-Eval (Acc.) 5-shot 30.0 37.7 42.9
CMMLU (Acc.) 5-shot 34.6 38.4 43.5
VaaN—<nvifim

Liu A, Feng B, Wang B, et al. Deepseek-v2: A strong, economical, and efficient mixture-of-experts language model[J]. arXiv preprint
arXiv:2405.04434, 2024.
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Multi-head Latent Attention (MLA)

* Low-rank joint compression for KV
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0 |
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Nitt—3k, XFFKV Cache, RFATFE

compressed latent vector ¢V = h, W2,

h; € R4 cKV € R4
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Wiy € R¥Xe

- WY SW,EF, W/ SWEF

« KV cache pertoken: d.l, d, < n,dy
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Liu A, Feng B, Wang B, et al. Deepseek-v2: A strong, economical, and efficient mixture-of-experts language model[J]. arXiv preprint

arXiv:2405.04434, 2024.
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) _ [,c®), R
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- FiBheadt=EEE

qlkT (R WQ)R —](CKVW ) « Cache per token: (d.+dg)l
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Liu A, Feng B, Wang B, et al. Deepseek-v2: A strong, economical, and efficient mixture-of-experts language model[J]. arXiv preprint
arXiv:2405.04434, 2024.



e d.=4d, Attention Mechanism KV Cache per Token (# Element) Capability

p Multi-Head Attention (MHA) 2npdpyl Strong
e dp = 7" Grouped-Query Attention (GQA) 2ngdyl Moderate
Multi-Query Attention (MQA) 2dj1 Weak
MLA (Ours) (de +dR)l ~ Zdnl Stronger
. Small MoE Small MoE | Large MoE Large MoE
Benchmark (Metric) # Shots w/MHA  w/MLA | w/MHA  w/ MLA
# Activated Params - 2.5B 2.4B 25.0B 21.5B
# Total Params - 15.8B 15.7B 250.8B 247 4B
KV Cache per Token (# Element) - 110.6K 15.6K 860.2K 34.6K
BBH (EM) 3-shot 37.9 39.0 46.6 50.7
MMLU (Acc.) 5-shot 48.7 50.0 57.5 59.0
C-Eval (Acc.) 5-shot 51.6 50.9 57.9 59.2
CMMLU (Acc.) 5-shot 52.3 53.4 60.7 62.5

MJT@ b

Liu A, Feng B, Wang B, et al. Deepseek-v2: A strong, economical, and efficient mixture-of-experts language model[J]. arXiv preprint
arXiv:2405.04434, 2024.
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Chang, Chi-Chih, Wei-Cheng Lin, Chien-Yu Lin, Chong-Yan Chen, Yu-Fang Hu, Pei-Shuo Wang, Ning-Chi Huang, Luis Ceze, Mohamed S. Abdelfattah,
and Kai-Chiang Wu. "Palu: Compressing KV-Cache with Low-Rank Projection." arXiv preprint arXiv:2407.21118 (2024).



wi

I T .
| q@Kx’ | | Offline
J” (GEMV) S (Fused) m
|
|

Absorb

RoPE = ‘ a@H

| £ | : ‘ Score J—» Softmax —» (GEMV)
| Low-Rank | by {1 | Reconstruct :
| Projection - esi 0 on-thefty - :
""""""" R I

| 1 i

1 I

v v ;

Low-Rank Key Original Key ! e 1l )
(Cached) (Not cached) | Low-Rank | h} fmrp Low-Rank Value
i M -~ & (Cached)

aiWi0 = ( ini )Wi0 = ( P HiVBiV )VVIO =P HiV(BivWi

)

« Value-reconstruction®] LAfusionZElJwe ,

D TWeRNSEE, JLURAFERESE
EITE, H—ZIN&Einference,

« Key-reconstruction S8 ERIAEIWIR, £SRoPE
ROFEZ RS ASEHl, RIS R reconstruction 55

N =
/D\Hbl )

D—ER, TTiEELEBRR.
yanN—atntlf

Chang, Chi-Chih, Wei-Cheng Lin, Chien-Yu Lin, Chong-Yan Chen, Yu-Fang Hu, Pei-Shuo Wang, Ning-Chi Huang, Luis Ceze, Mohamed S. Abdelfattah,
and Kai-Chiang Wu. "Palu: Compressing KV-Cache with Low-Rank Projection." arXiv preprint arXiv:2407.21118 (2024).
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Chang, Chi-Chih, Wei-Cheng Lin, Chien-Yu Lin, Chong-Yan Chen, Yu-Fang Hu, Pei-Shuo Wang, Ning-Chi Huang, Luis Ceze, Mohamed S. Abdelfattah,
and Kai-Chiang Wu. "Palu: Compressing KV-Cache with Low-Rank Projection." arXiv preprint arXiv:2407.21118 (2024).
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Chang, Chi-Chih, Wei-Cheng Lin, Chien-Yu Lin, Chong-Yan Chen, Yu-Fang Hu, Pei-Shuo Wang, Ning-Chi Huang, Luis Ceze, Mohamed S. Abdelfattah,
and Kai-Chiang Wu. "Palu: Compressing KV-Cache with Low-Rank Projection." arXiv preprint arXiv:2407.21118 (2024).
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Chang, Chi-Chih, Wei-Cheng Lin, Chien-Yu Lin, Chong-Yan Chen, Yu-Fang Hu, Pei-Shuo Wang, Ning-Chi Huang, Luis Ceze, Mohamed S. Abdelfattah,
and Kai-Chiang Wu. "Palu: Compressing KV-Cache with Low-Rank Projection." arXiv preprint arXiv:2407.21118 (2024).



Kernal-based Attention: Performer

» Standard attention module can be represented as
Attention(Q, K, V) = AV = softmaz(QK*)V

> If we can decompose Aas A = Q'(K’)%, the attention module can be rewritten as
Attention(Q, K, V) = AV = Q'(K")'V = Q" (K')'V)

oo T TR mm mm mm o e o e Em e e - Em Em S e e = ==, 0 o e em am em Sm Sm Sm S Sm EE SR SR SR SE SR SR SE SE SE SR SE S SE S S s e s == .
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Kernal-based Attention: Performer

> Find function qb

gb(K) = K’ O(Lrd)

Cb(Q) — Q, O(Lrd)

Attention(Q, K, V) =[p(Q)(o(K)" ¢(V))

,";;"“""““O_(_L_Q_d_) “““ e ,/O‘(‘Ljr‘d‘)‘"j:::::::::::::::::::::: !
7/ S e B —
0T I E: = i
| LxL ||| Pl xd SR R rxE WS
- EEEHE L ®)T /
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Kernal-based Attention: Performer

Find function ¢
that can approximate to Softmax

Softmaz(Q, K) ~ ¢(Q)(K)

or replace it

Softmaz(Q, K) = ¢(Q)o(K)

/‘\T\%@ﬂdﬁ |




Kernal-based Attention: Performer

» Decompose softmax calculation
» Performers find a function to approximate by independent random samples ®
from Standard Gaussian distribution

el = ¢(q) - p(k) =Gk [ esvarlal’/z [ el

N 2 1 120 1 ewz-a—llall?/2 1 w2 k—|[k[|?/2
% = By pr(wio) [ew.q—nqn /2 o pwrk—IK]|?/ ] ~ | = |
Expect approximate to \ ewm-a—|lall*/2 ) \ pwm k—|k||*/2 )
Softmax when m -> o | ] | J
where 4, k € R™ ¢,k € RY q k
Weakness: m need to be large
5 VanN—<uitif

Choromanski, Krzysztof Marcin, et al. "Rethinking Attention with Performers." International Conference on Learning Representations. 2020.
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Position-Based: StreamingLLM

Tattention maps ERY&EM: FENSHEEES
fEErtokensFI#]4G tokens(sinks) k.
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Efficient Streaming Language Models with Attention Sinks, Xiao et al, ICLR 2024
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Efficient Streaming Language Models with Attention Sinks, Xiao et al, ICLR 2024




Position-Based: StreamingLLM

[RIEE SR
HEF=La M tokenipk R BIEXEERI\N, —HFEEF{Kppl
sinksiEEI+A{ER?
* o *® Llama-2-13B PPL (})
- EeEBENER? 0 + 1024 (Window) 5158.07
poam— V < 4 +1020 5.40
. E=2%7Rattention: 4"\n"+1020 5.60

AT A2EN M tokens{EAsinks?
HAFEEFEENIREE, 1)|ZE#0iEHtokenE 2 F7 ] LAY

/Y\J%ﬂﬁ

Efficient Streaming Language Models with Attention Sinks, Xiao et al, ICLR 2024



Position-Based: LM-Infinite

[E4aRY B EEFIStreamLLM—E$, {REE&iTtokens#l]
045 tokens, XBIETF

« LM-Infinite@dRecentENF)|| & <E,
. ¥AtokenBIRI BRABAIRecent/TiE—3., B2, e 1
¥5~1005EENEIYJiatokenZ B, A-shaped
mask T B B
BN AR _ERIFPPLIZRE :
H —— Lama-2 + LM-Infinite i distance © # - 1 0
12 4 — e 1 attended
----------------------------------------------- + 2 2 1 0
gm- masked
gs_ 2 2 2 1 0
3, distance . i B BB
2 ceiling\
= " . 1 2 1 0
T otiprinbarmiol s ANA Y
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LM-Infinite: Zero-Shot Extreme Length Generalization for Large Language Models, Han et al, NAACL 2024



Position-Based: LM-Infinite

LM-InfiniteA4~F3j)|

7%, {BREttEE KNAKEF

HAVREI G EITFAIPPL,

ArXiv OpenWebText2
Model Train Leng. 2K 4K 8K 16K 32K 2K 4K 8K 16K
Long-context Training/Finetuning
Sandwich 512 5.0 52 5.3 - - 233 238 24.7 -
XPos 1K 21.6 20.7 - - - - - - -
LongLLaMA 8K 8.2 7.4 - 6.9 - - - - -
MPT-7B-SW 65K 6.5 5.4 43 4.4 3.6 0.8 10.9 6.6 5.1
Vanilla
MPT-7B 4K 55 25x10% L1x10° 1.7x10% 1.6x10° 8.3 13x10° 1.9x10% 13x10°
LLaMA 2K 3.8  1.0x10* 6.0x10* 6.8x10* 49x10 6.2 6.6x10° 46x10° 44x10?
GPT-]-6B 2K 3.9  1.3x10° 1.0x10° 1.6x10® 2.8x10° 8.8 7.5x10°7 1.3x10° 1.8x10°
Llama-2 4K 34 3.8 8.5x10% NaN NaN 6.2 5.8 6.5x10% NaN
LM-Infinite
MPT-7B 4K 5.7 6.8 5.8 6.0 4.6 8.5 12.2 8.5 8.9
LLaMA 2K 4.4 4.5 3.7 42 1.0 6.3 6.1 9.5 7.0
GPT-]-6B 2K 3.8 3.1 3.0 3.1 2.1 8.8 8.5 6.5 7.4
Llama-2 4K 43 3.6 3.3 42 6.5 6.1 53 8.3 8.2

/Y\J%Eﬂdﬁ

LM-Infinite: Zero-Shot Extreme Length Generalization for Large Language Models, Han et al, NAACL 2024
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InNfLLM: Training-Free Long-Context Extrapolation for LLMs with an Efficient Context Memory, Xiao et al. 2024




Content-Based: H20

H207EKV Cache P {REE 7T : |
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H2O: Heavy-Hitter Oracle for Efficient Generative Inference of Large Language Models, Zhang et al, NeurIlPS 2023
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H2O: Heavy-Hitter Oracle for Efficient Generative Inference of Large Language Models, Zhang et al, NeurIlPS 2023
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Content-Based: H20

T4 GPU_tGeneration throughput (token/s)BYi=Ft :

Seq. length 512432 5124512 51241024
Model size  6.7B 30B 6.7B 30B 6.7B 30B
Accelerate 204 (2. G) 0.6 (8, C) 155(1.G) 068, C) 5.6 (16, C) 0.6 (8, C)
DeepSpeed 10.2(16.C) 0.6 (4. C) 9.6 (16.C) 0.6 (4. C) 10.1(16,C) 0.6 (4, C)
FlexGen 20.2 (2, G) 8.1 (144, C) 16.8 (1. G) 8.5(80,C) 16.9 (1. G) 7.1 (48, C)

H>O (20%) 35.1 (4, G) 12,7 (728,C) 351.7(4,G) 18.83(416,C) 52.1(4,G) 13.82 (264, C)

A100 GPU_Llatency#throughputfJtEFt :

Seq. length  Model size  Batch size Metric  FlexGen H>0 (20%)

7000+1024 30B | latency (s) 57.0 50.4
500045000 13B 4 latency (s) 214.2 155.4
204842048 6.7B 24 latency (s) 99.5 53.5
2048+2048 6.7B 24 throughput (token/s) 494.1 918.9
2048+2048 6.7B 64  throughput (token/s) OOM 1161.0
S MN\T=rsutul 1L

H2O: Heavy-Hitter Oracle for Efficient Generative Inference of Large Language Models, Zhang et al, NeurIlPS 2023
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Scissorhands: Exploiting the Persistence of Importance Hypothesis for LLM KV Cache Compression at Test Time, Liu et al, NeurlPS 2023

~—

5K



Content-Based: TOVA
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Transformers are Multi-State RNNs, Oren et al, 2024
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Transformers are Multi-State RNNs, Oren et al, 2024
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TreeKV: Smooth Key-Value Cache Compression with Tree Structures, He et al, 2024
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TreeKV: Smooth Key-Value Cache Compression with Tree Structures, He et al, 2024



Content-Based: TreeKV

SRS E R MER A SR R T R

PG19i{ EEF1OpenWebText2,

AT T TreeKVE2AB8E1LLER4kE D701 ZRAY
LLMBESSBRUENT "FLRK" NAHITESEIE,
AEERTENKEMOIMEIIMAINLLAEZE,

32 experiment
— TOWA

H2O
— StreamingLLM
— TreekY

3.0

Megative Log-Likelihood

200000 400000 GOO000 00000 1000000
Input Sequence Length

PG19
Context Length 4k 8k 16k
Budget Ratio 25.0% 12.5% 6.3%
Full Attn 6.84 >10° OOM
StreamingLLM  7.19 7.19 7.19
H20 7.06 7.08 7.25
TOVA 7.00 7.06 7.15
TreeKV (ours) 7.02 6.88 6.91
OpenWebText2
Context Length 4k 8k 16k
Budget Ratio 25.0% 12.5% 6.3%
Full Attn 544  >10° OOM
StreamingLILM  5.78 5.62 5.31
H20 5.60 5.48 5.25
TOVA 5.62 5.50 5.24
TreeKV (ours) 5.60 5.45 5.18
7 VI N\T=TSJTU m

TreeKV: Smooth Key-Value Cache Compression with Tree Structures, He et al, 2024



F A TreeKVAVIZERZRE 75 TULABRRY S TV EK VB EEE E4aprompts_EES#EITH20RYZLER.

Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code
Method Len. B.R. N o> ~ ) " > Avg.
< o Q! : o Y 0 Q0 = o c b
ﬂmﬁﬁp ﬂ-ﬁ‘ %Q@‘ Qﬁﬁh Gﬂq‘i‘-ﬂ\ 1;1*-“\@:\ q‘?ﬁ’ rﬂ{\\w‘?' 6?35‘* ?C,‘ﬁ‘" LAl Y
Cache Size = Full
0-4k 1 35.6 46.03 54.42 41.25 3148 2741 6200 8836 4047 1445 96.03 5696 5839 5022
FullKV 4k - Bk 1 31.22 37.74 48.15 41.74 30.27 2457 7500 8889 3903 993 9100 6214 4549 4809
" 8k+ 1 18.96 42.03 44 42 28.64 26.22 2315 7500 9230 4287 699  63.00 5868 4293 4347
Avg. 1 28.59 41.93 4900 37.21 20.32 25.04 7067 8985 40.79 1046 8334 5926 4894 4726
Cache Size = 2048
0-4k  50% 19.45 4091 4717 40.59 27.50 26.68 56.00 8896 4048 1339 9675 5653 5642 46098
H20 4k -8k  25% 19.77 30.17 4339 35.66 25.25 2305 69.00 8878 3740 939 8950 5953 4547 4433
8k+ <13% 8.53 38.64 4417 28.75 23.53 21.80 64.00 9230 4271 7.00 63.00 6161 4283 4145
Avg. 18% 15.91 36.57 44 9] 35.00 2542 2384 63.00 9001 40.19 992 8308 5922 4824 44725
0-4k  50% 32.11 44.86 54.20 43.09 29.35 26.78 60.00 89.53 3941 15.19 9642 5812 59.83 49091
TreeKV 4k -8k  25% 29.77 33.80 47.90 38.29 26.22 2295 7500 B88.R9 3637 970 9050 6070 4754 46.74
ree 8k+ <13%  15.37 37.89 4425 27.01 23.30 2147 7200 91.82 4133 774 63.00 6412 4742 42R2
Avg. 18% 25.75 38.85 48.78 36.13 26.29 2373 69.00 90.08 3904 10.88 8331 6098 5160 46.49

TreeKV: Smooth Key-Value Cache Compression with Tree Structures, He et al, 2024
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Content-Based: SnapKV

(" Input Sequnce KVs R
SnapKV B ETF XS <promptAY/E4E : r I L
- RtzprefillingfEE4E—IR, %%[ —— Obs.
ROk B2 KA, L™ o
» SEREBDHIKY Cache, ZZESLELEHEBARE. A e o 9 Weight Calc.
| |
7‘ prefillingX M HIKV Cache{RER ml =l Obs—
Eifrtokens (Observation Wlndow) | window
. HARSMRETE NS tokens, LARAEAIAT _ Clusterings l —
ABE{ljo oncaitena II'Ig”‘Ea ures wind’:w
F‘Snap!‘.’i L™ v J
\_ Compressed KVs )
yaaN—<uvif

SnapKV: LLM Knows What You are Looking for Before Generation, Li et al, 2024



@) Content-Based: SnapKV

f£LongBench_EABIRFH20 BRI

| Single- Document (A Multi- Document QA Summarization Few-shot Learning Synthetic Code
LLMs * i g S LaBTS | o~ e T VR s o g
1;:'&.1."—“{1 a_g—-"?c ,‘:}ﬁ;ﬂ km‘*‘?jh TF‘:‘_‘&}' @ﬁﬁ"-&* Gﬁ.ﬁ-ﬁqu Q‘E:h%ﬁ ":N._.“'q.\.b qﬁi" ﬂﬁu‘?ﬂ 5?3:}& ?C":‘ﬁ Tl "}'L ?ﬁi
All KV 1818 2556 4094 2457 19.39 10.49 2797 249 24.81 71.0 6.9 39.73 317 35 444 4382
- SnapKV: 1024 1802 2373 40325 2461 19.84 10.77 19.79 24.44 2353 700 6142 39.64 167 3.0 4334 440
E SnapkV: 2048 1792 2503 4138 2449 19.38 11.34 21.6 24.22 24.36 70.0 6111 3991 217 40 4446 4492
E SnapKV: 4096 1792 2547 4076 2492 19.53 11.27 2534 2542 2458 705 6108 39.62 317 40 4449 4408
H20: 4096 13.17 2482 20.01 16.86 9.74 1.2 25.71 2326 2383 7.0 6106 40.33 0.0 00 4152 4097
All KV 2088 2936 432 33.05 24.58 14.66 30.89 2276 26.61 66.5 B399 40.83 0.0 305 54389 59.05
E| SnapKVv: 1024 1932 266 3793 3415 2334 1271 2345 21.81 2493 65.0  BO.EE 3E.19 00 310 5363 5762
':_a‘h SnapKV: 2048 1928 2881 40.26 3531 23.75 13.44 26.3 2229 25.73 66.0  79.93 39.59 0.0 310 5605 58.61
5| SnapKv:4096 2068 2934 4221 33.95 24.88 14.15 28.55 23.11 26.45 66.0 BL2S 40.52 0.0 295 54.79 5881
H20: 4096 1931 283 3775 3051 23.06 11.76 27.55 21.37 26.49 B0 T5.8 39.92 00 255 5356 5553
All KV 2682 33060 4928 4277 21.13 1927 3285 24.25 27.06 7.0 B6.23 42.98 275 8698 5551 52.B8
—= | SnapKV: 1024 2354 2951 4925 4094 25.7 19.42 25.89 23.82 26.11 695 B6.48 42.06 298 B8B.56 55.65 51.87
‘E SnapKV: 2048 2589 3247 486 41.71 27.31 18.69 28.81 245 2606 7.0 B6.27 42.47 309 B7.43 5593 5201
= SnapkV: 4096 2641 3336 49.81 4232 27.93 18.76 30.74 2419 27.08 7.0 B6.25 43.01 273 8618 55.62 51.65
H20: 4096 2261 2906 47.22 36.54 20.6 16.25 30,0 238 26.75 7.5 B6.16 4297 346 B6.38 53.72 511
All KV 2681 3706 5155 47177 3246 26.59 34.25 26,05 2791 76.0  90.57 46.98 55 1000 6907 69.65
= | SnapKV: 1024 2601 3465 5158 4823 32.67 2592 21.71 250 2723 745 9042 4648 35 995 69.02 6898
E| SnapkV:2048 2712 369 5191 47 .46 33.23 26.27 3019 25.84 278 760 90.24 46.31 55 1000 6872 70,01
= | SnapKV:4096 2646 3703 5262 4771 33.35 26.45 32.64 25.87 2794 5.5 90.T1 47.14 55 1000 6881 69.56
H20: 4096 2045  32.09 48.02 34.76 25.69 16.5 29.76 23.53 26.84 745 90.24 47.1 706 9942 6491 6352 - m

SnapKV: LLM Knows What You are Looking for Before Generation, Li et al, 2024
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SnapKV: LLM Knows What You are Looking for Before Generation, Li et al, 2024
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Mistral-7B-Instruct-v0.2 without Pooling
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SnapKV: LLM Knows What You are Looking for Before Generation, Li et al, 2024



I HEF XA, PyramidKVEGHEH T SnapKV

71'|=_|}='E|’Jattention mapsA&pyramidal patterns, . Cache size £ 2/, FEL
AR == VAL — - N
BRI AR NIRRT, . SENEEAASnapkV—E
Layer 0 Layer 6 Layer 12

Localized
Attention
( 3 documents )
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: Attention Massive
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by

PyramidKV: Dynamic KV Cache Compression based on Pyramidal Information Funneling, Cai et al, 2024
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f£LongBench_t, #&#YLIaMa-3-8B-Instruct, Mistral-7B-Instruct, LlaMa-3-70B-InstructiJEN{E
T EESnapKV,H20,StreamingL LMEIFAIER.

Single-Document QA Multi-Document QA Summarization Few-shot Learning Synthetic Code
P> S <« > o
Method o &t o {le" qﬂ:l- . 0;}5 e A 4 Q,Cf ol o O oe C X Avg.
- Q@*:-?E’ N\ ,‘?&G{QD n:}wl “N}‘;ﬁ Gﬂﬂ- Cl‘?h% Rt RUNER\ PP 5?3'1\ e DRV
18409 3619 4559 9151 4887 11214 8734 10614 2113 5177 8209 6258 11141 9289 1235 4206
LlaMa-3-8B-Instruct, KV Size = Full
FKV 2570 29.75 41.12 4555 3587 2235 2563 23.03 2621 73.00 9056 41.88 4.67 69.2558.0550.77 41.46
LlaMa-3-8B-Instruct, KV Size = 64
SKV 1986 9.09 2789 37.34 28.35 18.17 1586 2080 1641 3850 8592 3632 5.22 69.0051.78 48.38 33.05
H20  20.80 11.34 27.03  37.25 30.01 1794 1829 2149 19.13 38.00 8470 37.76 5.63 69.33 53.44 50.15 33.89
SLM 1744 868 2225 3537 31.51 1597 1546 2006 14.64 38.00 7233 29.10 542 69.5046.14 45.09 30.43
Ours  21.13 14.18 30.26 35.12 23.76 16.17 1833 21.65 19.23 58.00 88.31 37.07 523 69.5052.61 45.74 34.76
LlaMa-3-8B-Instruct, KV Si1ze = 2048
SKV 2586 2955 41.10 4499 3580 21.81 2598 2340 2646 7350 9056 41.66 5.17 69.2556.6549.94 41.35
SLM  21.71 2578 38.13  40.12 32.01 16.86  23.14 2264 2648 70.00 8322 31.75 5.74 68.5053.5045.58 37.82
H20 2556 26.85 3954 4430 3292 21.09 2468 23.01 26.16 53.00 90.56 41.84 491 69.2556.4049.68 39.35
Ours 2540 29.71 4025 4476 3532 2198 26.83 2330 26.19 73.00 90.56 42.14 5.22 69.2558.76 51.18 41.49

PyramidKV: Dynamic KV Cache Compression based on Pyramidal Information Funneling, Cai et al, 2024
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Content-Based: PyramidKV

EAEIEELE E, PyramidKVABEFSnapK VIR EIEF,

LLaMA-3-8B - 8K Context Size __ LLaMA-3-70B - 8K Context Size

FEERPP LRI e e e L P : > bl by ¢ e e s e e
{a) FullkKV, KV Cache Size = Full, Acc. = 100.0 {a) Full KV, KV Cache Size = Full, Acc. = lﬂv‘.] 0

FELLPIIE SIESLLLLSLLISIILII SIS, *’*’fn‘ﬁ»*‘n“w*’*ﬂ*‘ PILPPESEEEIIEEES e S T T T o ey
(b) PyramidKV, KV Cache Size = 128, (b) PyramidKV, KV Cache Size = 128, Acc. = 100.0
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(c) SnapKV, KV Cache Size = 128, Acc. = 8§74 () SnapKV, KV Cache Size = 128, Acc. = 98.6
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(d) H2O, KV Cache Size = 128, Acc. =523 JT
RN [l L s/
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PyramidKV: Dynamic KV Cache Compression based on Pyramidal Information Funneling, Cai et al, 2024
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Layer-Condensed KV

O Core Idea
MEERREREEREN, (NHIRERKY cache, K@KV Cache EHIEIE

O Challenge

- MEEETIE: EESEEMN N ESTRIGEES T NE, 7 A
(XABE—EN KVs 2R "EEEEXTEEER, 0 —0 e —0——0

MESEEXTENER" XihE

o |IREKER: = tokenfUiT ERERTRI— NIRRT
token, FEEIFKEIRZR, BIA 7 FHITII4

(a) Standard transformer (b) Our model

/Y\J%ﬂﬁ b

Haoyi Wu and Kewei Tu. Layer-Condensed KV Cache for Efficient Inference of Large Language Models. In Proceedings of the 62nd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers), pages 11175-11188. 2024.



Layer-Condensed KV
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O Challenge r LCKV
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Haoyi Wu and Kewei Tu. Layer-Condensed KV Cache for Efficient Inference of Large Language Models. In Proceedings of the 62nd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers), pages 11175-11188. 2024.




Layer-Condensed KV

O Experiments

* Generation Throughput

o BILASCIEIX 26 x{SHEIEREFH

GPU  Model Size  Seq. Length Batch Size Throughput (tokens/s)
Ll Ours Ours Ll Ours Ours
ama- =2 w =10 ama w=2 w=10
L1B 5+8187 48 384 (8x) 119(2.5x) 142496 4113.37(29x) 2374.05(1.7x)
: 542043 239 1150(4.8x) 289(1.2x) 5142.86 10033.40(2.0x) 7239.92 (1.4x)
RTX 5+8187 1 12 (12x) 4 (4x) 32.02 151.91 (4.7x) 83.80 (2.6 %)
3090 204842048 2 23 (11.5%) 8 (4x) 56.98 171.65 (3.0x) 119.68 (2.1x)
7B 542043 5 64 (12.8x) 16(3.2x) 140.88  534.02 (3.8x) 31538 (2.2x)
5124512 9 95 (10.6x) 32(3.6x) 22531 378.89 (1.7x)  380.60 (1.7x)
512+1024 7 72(103x) 16(23x) 174.11 401.92 (2.3x)  310.05 (1.8x)
30B
(CPU-offload) 512+1024 4 83 (20.8%) 23 (5.8x%) 0.23 5.99 (26.0x) 1.63 (7.1x)
A100 7B 204842048 15 128 (8.5x) 42(2.8x) 141.10  421.02 (3.0x)  315.09 (2.2%)
30B 204842048 1 32(32x%) 8 (8x) 14.10 108.29 (7.7x) 77.65 (5.5%)

Table 1: Maximum generation batch size and throughput on an RTX 3090 (24GB) and an A100 (80GB) GPU
respectively with different sequence lengths. Following Zhang et al. (2023), we use “x + y” to denote a prompt

length of = and a generation length of y.
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—
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Haoyi Wu and Kewei Tu. Layer-Condensed KV Cache for Efficient Inference of Large Language Models. In Proceedings of the 62nd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers), pages 11175-11188. 2024.



Cross-Layer Attention

Transformer with

Traditional Transformer Cross-Layer Attention (Ours)

FFN

FFN

Out Proj.

0 Core Idea

Attention

BETENING: THMECBEEEMIE; (g ] Gy (ot
- RBE/NDETERER,; ]
- SSERENNE, EEENERLRIENEER,

(Attention

[k, vere. ] [ QProj. | [ verej. | [ QProj. |

§
'

D St re n g t h S Traditional Attention CLA2 CLA3

1. w7

Layer 9KV [ | Layer9 Layer 9

gﬁ\/ﬂg I‘Ej ;Ejlrl—l EI\J I:F I‘Ej KV ;%&;Egﬁ% W ﬁ ; Layer 8KV | | Layer8 Layer 8KV Layer 8 Layer 7 KV

Layer 9

| Layer9 ]
Ciayers ) - Cimyers ]
—— — ] ] I = ﬁ*& . L 6 KV
2. SKMAERNEREZR, %/ T7HFETFHEZRFRIEE Layec 6K wer
Layer 5 KV Layer 4 KV —>
3. CLASMQA/GQA/MHAIEZE, TILASE1E&ER; Layer 4 KV Layer 4 KV
Layer 2 KV
Layer 2 KV - Layer 1 KV —>
Layer 0 KV -

Layer OKV [ | Layer0
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/¥ \FTSITUI |
Brandon, William, Mayank Mishra, Aniruddha Nrusimha, Rameswar Panda and Jonathan Ragan-Kelley. “Reducing Transformer Key-Value Cache Size with Cross-Layer
Attention.” Advances in Neural Information Processing Systems (2024) .




#) Cross-Layer Attention

O Experiments

« CLAEXFIIBHNZEE TR (MOA + & CLA 5 MQA/GQABESEILISTIN S &R
SCE /’Eﬁmri/P\JZ??Paretolaﬁza_ e MCFD_AE@%;(EJ% 2x > KV Cache /), l
BRE TN RIE/N

Pareto Frontier w1th and w1thout CLA (1B Models) Model i Posds Heads Layers Tohen (165 Perplexit
14.4 4 [ .H32 MQA . Non-CLA Baselines
RS : L H128-MHA 128 16 16 20 163 840 13.15
_ _ _ - RN _ H128-GQA4 128 16 4 20 40960 13.36
1494 I RO U WSRO S SO OO0 O 0 b H128-GQA2 198 16 9 20 20 480 13.52
- - - P P - H128-MQA 128 16 1 20 10240 13.54
H64-MQA 64 32 1 20 5120 13.81
fy 5 H46-MQA 46 45 1 20 3680 13.96
% 14.0 ; @ H46-MOA. H32-MQA 32 64 1 20 2560 14.37
= 1 1 : MQA + CLA2 Models
g HM_MQA-CLAZ. g H§2 MQA-CLA2 512 4 1 10 20480 13.49
A 13.89 e HOAMQA oty Nl ; H256-MQA-CLA2 256 8 1 10 10 240 13.51
g H90 MQA -CLA2@® ; P P ; H128-MQA-CLA?2 128 16 1 10 5120 13.60
O - P Pl - H90-MQA-CLA2 90 22 1 10 3600 13.73
_%5 13.6 -H128- MQA ~CLAZ @it pyy oy MQA . H64-MQA-CLA2 64 32 1 10 2560 13.89
= i i GQA + CLA2 Model
2 H256 MQA-CLAZ‘ gH128- GQAZ ; ; QA+ odels
; _  H512-MQA-CLAZ i ; H256-GQA4-CLA2 256 8 4 10 40 960 13.38
1344 o bbb T H128-GQA4-CLA2 128 16 4 10 20480 13.48
: : : .leg-gQM » H128-GQA2-CLA2 128 16 2 10 10240 13.59
; ; : C R : MQA + CLA > 2 Models
@ H128-MHA H128-MQA-CLA4 128 16 1 5 2560 13.95
' 1(')3 T T 'i64 ST 1'05 T MOQA + CLA2, Non-Uniform Sharing
. .. - - -KeepEnds .
H128-MQA-CLA2-KeepEnd: 128 16 1 11 5632 13.62
KV Cache Bytes Per Token (16-Bit Precision) H128-MQA-CLA2-DenseFront 128 16 1 11 5632 13.75

H128-MQA-CLA2-DenseBack 128 16 1 11 5632 14.03
Table 1: Results of our 1B-scale design space exploration. m
v I Nl M1 O

Brandon, William, Mayank Mishra, Aniruddha Nrusimha, Rameswar Panda and Jonathan Ragan-Kelley. “Reducing Transformer Key-Value Cache Size with Cross-Layer Attention.
Advances in Neural Information Processing Systems (2024)




You Only Cache Once

CCore Idea

fRIDES-ARISERZRY, REEEF—IRKV pair
1. self-decoder
F|EBEfficient Self-Attentionk&EREF KV Cache

L
X! = Self — Decoder(Xl_l),l € [1, 5]7

2. cross-decoder
ERR X =N HISEE Aself-decoderdE Y KV Cache

K=LN(X Wy, V=LNX 2)Wy
X! = Cross — Decoder(X'"1, K, V),l € [g +1, L]
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MJT@

Sun, Y., Dong, L., Zhu, Y., Huang, S., Wang, W., Ma, S., Zhang, Q., Wang, J., & Wei, F. (2024). You Only Cache Once: Decoder-Decoder Architectures for Language Models.

Advances in Neural Information Processing Systems (2024) .



You Only Cache Once

OStrengths

- PAGPUREFEHAEEStoken
« Cache 812 8 O(N+CL), SJFEFF, CLELNI)

52, RALtRFEON), REEEF—IX; Prefilling ' Generation

. TEHEIESIED, (EFBTransformerimizhg NL AN
KV, YOCOPET LIENGPURTE, TJLAIEES then generate new
AYtoken; T T T

« RATRIRET (prefilling) BHEAMHRESELE: T P

- {EFRIEFRINER, forward process?ER A Cross-Decoder (Skipped) Cross-Decoder
ZAIRIAREIEY (REETE—FE) ;

. TR R S RS R SMiCache

KV Cache Memory Prefilling Time Self-Decoder
IS ol 'hh 7

Table 1: Inf lexity of KV . . . .
B s MemOTy SomplER Y © Table 2: Prefilling time complexity of attention

hes. N, L, D are th length, num- i
ber of layers, and hidden dimension.  modules. N, L, D are the same as above. Pre- filling context and then generate

s \&=esorulL

Sun, Y., Dong, L., Zhu, Y., Huang, S., Wang, W., Ma, S., Zhang, Q., Wang, J., & Wei, F. (2024). You Only Cache Once: Decoder-Decoder Architectures for Language Models.
Advances in Neural Information Processing Systems (2024) .



You Only Cache Once

O Experiments

1B S R - IEETHEHERNEF., MERERIETE
¥ & Tokem)llZx, I ERIIMETEKE

Inference Cost (@512k)

Model ARC-C ARC-E BoolQ Hellaswag OBQA PIQA Winogrande SciQ Avg

Training with IT tokens 9 6X
OpenLLaMA-3B-v2 0.339 0.676 0.657 0.700 0.260 0.767 0.629 0924 0.619 60 = 180
Stable[LM-base-alpha-3B-v2 0.324 0.673 0.646 0.686 0.264 0.760 0.621 0.921 0.612 40
StableLM-3B-4E1T — 0.666 — — — 0.768 0.632 0914 —
YOCO-3B 0.379 0.731 0.645 0.689 0.298 0.763 0.639 0924 0.634 40 120

Training with 1.6T tokens
StableLM-3B-4E1T — 0.688 — — — 0.762 0.627 0913 —

20

YOCO-3B 0.396 0.733 0.644 0.698 0.300 0.764 0.631 0.921 0.636 20 60

Extending context length to 1M tokens 6.4X
YOCO-3B-1M 0.413 0.747 0.638 0.705 0.300 0.773 0.651 0.932 0.645 . 30-3X

==

Table 3: Eval Harness [GTA 23] results compared with previous well-trained Transformer language 9 2 ¢
models [TBMR, Tow, GL.23]. We scale the 3B model to 1.6 trillion training tokens. The 1T and GPU Memory | Throughput 1 Prefilling Latency |
1.6T results of StableLM-3B-4EIT are taken from its technical report [TBMR]. YOCO-3B-1M is (GB) (Wps) (s)

extended to the context length of 1M tokens.

MJT@ b

Sun, Y., Dong, L., Zhu, Y., Huang, S., Wang, W., Ma, S., Zhang, Q., Wang, J., & Wei, F. (2024). You Only Cache Once: Decoder-Decoder Architectures for Language Models.
Advances in Neural Information Processing Systems (2024) .




Context Expansion with Parallel Encoding P d

O Core Idea O Strengths
FMEfF, JEFITEfAdecoder-only LM . RES: CEPE RSUBMBARMRS, HIKLETY
. VEREEEE: SRFYNEURTOESHRRAEIAN WS, SRR CHIMERS.

. RREFEHR: ERENRBREEIIVMREYE ¢ B fnERIdecoderfREIFEO(m+n)Ldy,), CEPE{RFE

SR SERI MY E TS FEO(MdgnetNLdgec)
S JJTRIAK e 3 o
= 8 C REINGRE: RS EES, (RISLLM

A pre-trained decoder (e.g., LLaMA)
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....................................................................... ( T )

(LTI (___seifattention ).

Concatenate T

( | | e — e :

000010 IRIRININInInI goagonnnd I¢ Feedforward ).

T T T ( Cross-attention )

LT T = | G | G ]

BN | T T T T KEAan,
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Howard Yen, Tianyu Gao, and Dangi Chen. Long-Context Language Modeling with Parallel Context Encoding. In Proceedings of the 62nd Annual Meeting of the Association for
Computational Linquistics (Volume 1: Long Papers), pages 2588—-2610, 2024.



Context Expansion with Parallel Encoding P d

O Experiments
+ 45 LLaMA-2 9 ETRXCE O FRE| 128K Token + ER E R RIEIRES SO TR0
- {¥F 1/6 BOTZENATIRM 10x AR RERY~THE

ArXiv Book PG19 ProofPile CodeParrot Throughput Mem. (GB) ArXiv Book C4-RP CC Github StackEx Wiki AVg.

Total Tokens = 4, 096 k=0 (T = 2,048)

AR RN

LLAMA-2 2597 6282 7614 2.409 1.735 1.00% 19.2

LLAMA-2-32K 2601 6621 7945 2414 1.785 1.00x 19.2 LLAMA-2 3541 6.524 6916 5564 1.865 4.043 4816 4.753

YARN-64K 2651 6337 7.326 2457 1.764 1.04x 19.2

CEPE 2579 6202 7536 2396 1763 131 19.8 LLAMA-2-32K 3.561 6.892 7.798 5.931 1.932 4.262 4958 5.048
YARN-64K 3.633 6.631 7.164 5.701 1.930 4.164 4.837 4.866

Total Tokens = 8, 192

LLAMA-2 >10° >10>° >10° > 103 > 10° . . k=8 (1" = 4,096)

LLAMA-2-32K 2505 6339 7.744 2221 1.729 1.00x% 24.9

YARN-64K 2561 6077 7146 2267 1714 250% 248 LLAMA-2 3.602 6.581 6.963 5.348 1.829 4.044 4815 4.740

REPLUG 2589  6.149  7.554 2.307 1.728 0.17x 18.8 LLAMA-2-32K  3.642 6.985 7.767 5.645 1.893 4.270 4988 5.027

STREAMINGLLM ~ 2.740 6327  7.783 2437 1.806 1.94x 20.0 YARN-64K 3752 6718 7218 5466 1894  4.178  4.847 4.868

CEPE 2496 6049 7372 2219 1715 3.48x 226 REPLUG 3.535 6494 6.895 5395  1.833 4.029 4798 4711

Total Tokens = 32, 7638 CEPE 3.486 6.481 6.884 5.319 1.793 3.709 4.302 4.568

LLAMA-2-32K 2322 6178 7.420 2.158 1.664 1.00x 59.1

YARN-64K 2359 5884 6.809 2.193 1.640 1.03% 58.9 k=20(1"=7,168)

CIRIAMINGLLM 2758 6308 7o87 200 15 o 209 REPLUG 3531 6490 6894 538 1830  4.028 4795 4708

Total Tokens — 131,072 CEPE 3475 6.463 6.875 5.266 1.782 3.703 4.296 4.551

LLAMA-2-32K  >10° >10° >10° > 10° > 10° - - k=50 (T = 14, 848)

YARN-64K 10 10 10 10 10 - -

Y:RN- 128K ;_359 ?_270 2.306 ;_242 T.ZM 1.00% 235.6 REPLUG 3.530 6.491 6.899 5.392 1.830 4.028 4.794 4.709

STREAMINGLLM 2371 5058  6.681 2.270 1.280 2.56x 20.0 CEPE 3.467 6.457 6.881 5.273 1.777 3.701 4.292 4.550

CEPE 2217 4869 6305 2.099 1.266 9.90 % 38.6

7/ IN\F=sTull 1L

Howard Yen, Tianyu Gao, and Dangi Chen. Long-Context Language Modeling with Parallel Context Encoding. In Proceedings of the 62nd Annual Meeting of the Association for
Computational Linquistics (Volume 1: Long Papers), pages 2588—-2610, 2024.
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Flash Attention

Motivation

Original Attention

» Quadratic complexity in sequence length, which is a challenge for long sequence
» Reading and writing the attention matrix to and from HBM

Q KT Attention Matrix (Softmax) V 0
(Seq x Channel) (Channel x Seq) (Seq x Seq) (Seq x Channel) (Seq x Channel)

/\T\%@ﬂdﬁ |




Flash Attention

Motivation Original Attention VS FlashAttentlon

<\ SRAM: 19 TB/s (20 MB)
SRAM

S\ HBM: 1.5 TB/s (40 GB)
HBM

WETLRU T o Ja DRAM: 12.8 GB/s
(CPU DRAM) (>1TB)

Memory Hierarchy with
Bandwidth & Memory Size

» Quadratic complexity in sequence
length, which is a challenge for long
sequence

» Reading and writing the attention
matrix to and from HBM

4
(Seq x Channel)

erte l Load Verte : Load (Seq x Channel)

(Seq x Seq) (Seq x Seq)
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Flash Attention

Motivation Original Attention VS FlashAttentlon
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Flash Attention

Motivation FlashAttention
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Flash Attention

Method Step 1: Divide into blocks

» Matrics Q, K, V, O in HBM
»SplitQ,0intoN / B, K,Vinto N/ B block,
where B, = [%} B, = Min(|-|, d)
d d d

B
B - (R - [-
Q @) K

(Seq x Channel) (Seq x Channel)

(Seq x Channel) (Seq x Channel)
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Flash Attention

Method Step 2: On chip compute
Outer Loop j
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Method Step 2: On chip compute
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Method Step 2: On chip compute
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K.
(Channel x Seq)
|74

(Seq x Channel)

InnerLoopi  |m=—=—=—=— ¢ e e e e e e e e e m = - - Inner Loop i

\ 4

S. _
(BéxBC) (B;xd) (Béxd)
not materialize

(Seq x Channel) (Seq x Channel)

Compute Unit /Y\J%JT@




Flash Attention

Dynamic Updating

» Quadratic complexity in sequence length, which is a challenge for long sequence
» Reading and writing the attention matrix to and from HBM

A ) sl
SEFTBI RSN
HH 2 0,50
= S (2®) [V me®) e m(ao)
P ¢ ) . = Softmax(zV) = = ’
=) > f=M)
P = Softmaa:([m(l),m [l(m(l)) x em(@®)-m(z.e?) P; f(x(z))]

Q KT Attention Matrix
(Seq x Channel) (Channel x Seq) (Seq x Seq)
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Flash Attention

Backward Recomputation

» Standard attention requires S, P € RN*N where S is attention score
matrix and P Is Softmax(S)

» FlashAttention store output O and Softmax normalization factor (m, I), which
can be used to reconstruct S, Pin SRAM
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Outer Loop j

|4

K (Seq x Channel)

(Channel x Seq)

|4
(Seq x Channel)

K-
(Channel x Seq)

Load |
: I, Compute Unit
Load | > H
Q | I
(Seq x Channel) - —JI— e ! - - ___} -1
Write Y 'Load Write ILoad : (Seq x Channel)

I
-l e ____ -
| ! Avoid matrix S and PHBM |
i | access by caleulating on-chip_} ] Complexity
S P I
i

o (Sedx Se0), _ _(SeaxSeq) * Standard attention requires @(Nd+N?) HBM access
Quadratic Conplexity Overhead ! e FlashAttention requires O(N2d*/M)
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Flash Attention V2

switch <

* Q blocks are independent K

(Channel_x Seq)
* Switch inner and outer loop

* Block-level parallelism

| Outer Loop i |

v

Q i
(Seq x Channel) I

| Block-level Parallelisml

Compute Unit

>| Inner Loop j I

14
(Seq x Channel)

(Seq x Channel)
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Flash Attention V3

» TMA(Hopper) performs asynchronous data transfers in a DMA-like
manner, allowing for instruction parallelism

Warpgroup 1 GEMMO Softmax GEMM1 GEMMO Softmax GEMM1 GEMMO Softmax

Warpgroup 2 GEMMO Softmax GEMM1 GEMMO Softmax GEMM1 GEMMO Softmax

time

» Support FP8 quantization
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Flash AttentionZ%l

Evaluation
= Effect of Block Size
Cs Tl
O6- 2
Attention Standard FLASHATTENTION @ L 6 o
GFLOPs 66.6 75.2 "4 Runtime 5
HBM R/W (GB) | 353 4.4 $244 =]
Runtime (ms) 35.1 11.7 s | s 2 D
m . . 3
L 64 128 256 512 £

Block Size

Attention Memory Usage

» FlashAttention reduces HBM access (upleft)
» Fewer HBM access result in faster end2end runtime (upright)
» FlashAttention reduces memory footprint (right)
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Flash AttentionZ%l

Evaluation

Attention forward speed, head dim 64 (H100 80GB SXM5) Attention backward speed, head dim 64 (H100 80GB SXM:
Bl Standard attention Bl Standard attention
- FlashAttention-2 600 4 W FlashAttention-2
B Triton B cuDNN
o 600 mmm cuDNN ) BBl FlashAttention-3
~ i -(h.. 472 474
& s FlashAttention-3 496 497 ot
9 9 400 A
= 400 - -
©
D D
Q Q
o Q 200 A
W) 200 wn
512 1k 2k 4k 8k 16k 512 1k 2k 4k 8k 16k

Sequence length Sequence length
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Flash Attention:
HITXI5R HQuerySbatch size, UATFERET TrainfiER

Values

Keys

Queries

Output

LLM Inference:

Query KEHNL, JIGPURIARZIE

BEBTEK ey/Values Ei#1T7H1T?
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Flash Decoding

Queries !

Output

Split 1/5 Split 2/5 Split 3/5

« Bkey/valuekll3 /92 1 chunk

o 1 chunkPJ&Bi#H1TFlash Attention, XFchunk®p&E
—17, SEIMCRIZFFHELEERYattentionAYlog-sum-exp

« FJFBlog-sum-exp, chunkl@#fTreductionBEIME—HY%)
.

Split 4/5

Values

Keys

Split 5/5

CodelLlama-34b end-to-end decoding speed [bs=1, MP=4]




FlashDecoding++

Flash-DecodingfRfR, {EiXARE8IR: ChunkiglsynchronizationfJEdE]=1£18.8%

softmax(x) softmax(x")  softmax(x") softmax(x")  softmax(x')
X7 Xy Xz Xy e Xyg Xy Xy Xz X3 Xy -0 Xggp Xy X7 Xy Xz Xy - Xy Xy
m(x) = max(x;) Calcutate m(x"), f(x"), l(x"), softmax(x") m(x") = m(x'") = a unified max value ¢
Flx) = (exl—m(x) p¥a—mx) exd—m(x)) Calcutate m(x"), f(x"), l(x"), softmax(x"") Calcutate f(x") , I(x")

Update softmax(x") with m(x"), f(x"), {(x"), m(x"), f(x""), I(x"") Calcutate f(x") , I(x"")

16 = ) fi(x)
; Update softmax(x") with m(x"), f(x'), I(x"), m(x"), f(x"), I(x") ...

L
)
softmax(x) = 1(x) Process next partial vector Calcutate softmax(x)
High parallelism X High parallelism High parallelism v
Low memory X | Low memory Low memory |
Synchronization-free Synchronization-free X Synchronization-free
(a) Original softmax (b) Partial softmax (c) Partial softmax with unified max value

Figure 4: Comparison of different softmax computation schemes. (a) Softmax computation for the whole vector. (b)
Computing partial softmax for each partial vector, and a synchronized update operation is required for all partial softmax
results. (c) Computing partial softmax using a unified max value, and each partial vector is processed individually
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calculate
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FlashDecoding++

- GEMV/Flat GEMMXYFGPUF! AR :
InferenceffiE&query 81, IBEXSTqueryfBfEEAIAIETTZI64 (Tensor Core Bx{[E3Z4381i1)

- Memory-bounded5Parallelism-bounded{t{ttEHzE, SIAWbuffer fRiEARFIHIBIZER
1E lﬁQ K%EBE/\anJ M X K K XN 32 64 1[:;1 256 512 32 64 152: 256 512
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By with the best flat GEMM performance for a certain N

- B Tensor CoreflICUDAZILITEEEE R AR & B iXEIFE =R

Tensor Core (CUBLASEE) 1EKTAIEXREIEIERE
CUDA (FastGEMV) TEXJ/MEERIGEMVITERIEREL
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Speculative Decoding

o AMALR D LLMPEInferenceRdfLatency?
_ EREMforwarditE?  x
« LatencylIEiR: -

L KENSEMHBM (High-Bandwidth Memory) #zhZlCache

[ T f"EI_

. G TokenA LA E/ M EFF 4T 7R _fo 4ttt | VerifyinParallel@ |

Autoregressive t t t t
Decoding T |
N A N S Efficiently Draft &, |
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Xia, Heming, et al. "Unlocking efficiency in large language model inference: A comprehensive survey of speculative decoding." arXiv preprint arXiv:2401.07851 (2024).
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Leviathan, Yaniv, Matan Kalman, and Yossi Matias. "Fast inference from transformers via speculative decoding." International Conference on Machine Learning. PMLR, 2023.



Speculative Decoding
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Leviathan, Yaniv, Matan Kalman, and Yossi Matias. "Fast inference from transformers via speculative decoding." International Conference on Machine Learning. PMLR, 2023.




[START] japan ' s benchmark Eikhqi 225 index rose 22 <6
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[1]. Leviathan, Yaniv, Matan Kalman, and Yossi Matias. "Fast inference from transformers via speculative decoding." International Conference on Machine Learning. PMLR, 2023.
[2]. Chen, Charlie, et al. "Accelerating large language model decoding with speculative sampling." arXiv preprint arXiv:2302.01318 (2023).




[START] japan ' s benchmark Eikhqi 225 index rose 22 <6
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[1]. Leviathan, Yaniv, Matan Kalman, and Yossi Matias. "Fast inference from transformers via speculative decoding." International Conference on Machine Learning. PMLR, 2023.

[2]. Chen, Charlie, et al. "Accelerating large language model decoding with speculative sampling." arXiv preprint arXiv:2302.01318 (2023).



Speculative Decoding

'R M, encoder
> m—= M, encoder
m m— M, decoder
[ me M, decoder
8
: ----------------.
%2}
©
]

Wall time -

Figure 5. A simplified trace diagram for a full encoder-decoder Transformer stack. The top row shows speculative decoding with v = 7
so each of the calls to M, (the purple blocks) is preceded by 7 calls to M, (the blue blocks). The yellow block on the left is the call to the
encoder for M, and the orange block is the call to the encoder for M. Likewise the middle row shows speculative decoding with v = 3,

and the bottom row shows standard decoding.
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[1]. Leviathan, Yaniv, Matan Kalman, and Yossi Matias. "Fast inference from transformers via speculative decoding." International Conference on Machine Learning. PMLR, 2023.
[2]. Chen, Charlie, et al. "Accelerating large language model decoding with speculative sampling." arXiv preprint arXiv:2302.01318 (2023).




Speculative Decoding
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Leviathan, Yaniv, Matan Kalman, and Yossi Matias. "Fast inference from transformers via speculative decoding." International Conference on Machine Learning. PMLR, 2023.
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[1]. Yang, Nan, et al. "Inference with reference: Lossless acceleration of large language models." arXiv preprint arXiv:2304.04487 (2023).
[2]. Zhang, Jun, et al. "Draft & verify: Lossless large language model acceleration via self-speculative decoding.” ACL(2024).
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