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Background — LLM Inference

dLLM is an autoregressive model
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Background — LLM Inference

dLLM is an autoregressive model
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A lot of redundant computing -> KVVCache (ATFLE)




Background - QKV in attention/transformer

1What’s the meaning of “KV” in “KV Cache”?

s Differs from KV store Iin storage system
“*Intermediate result in LLM inference (Key tensor, Value tensor)
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&) Background - LLM inference
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Prefill: generate KV cache
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dDecode: generate next token
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©) Background — LLM inference

JLLM Inference: 1 prefill step + N decode step

With KV Cache
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dBut KVCache is the problem!

250

LLM Model: OPT-30B

#Layers Hidden Dim. Data Type 200

48 7168 Float16 &5 150
: Q 100

KVCache Size: b

« Asingle token: 2 x 48 + 7198 « 2B = 1.3MB
« 32K tokens: 1.3MB x 32K = 40.6GB

]

OPT-30B
Model Size

256 512 1024 2048 4096 8192
Sequence Length w/ bsz=16

[ KVCache size can easily exceed GPU memory capacity! ]




Background — LLLM inference

To solve the problem of KVVCache being too large

dLossy compression
**Quantization
“* Low-importance tokens eviction

J Lossless
¢ Offload KVCache to host memory
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©)) Background — KVCache compression

to
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float16 — —> - int4
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Quantization

Less ‘
important -

Unimportant tokens eviction (during prefill process)

» Data precision loss;
» The maximum compression rate Is
fixed

» Token information permanent loss;
» The importance of tokens varies
throughout the decoding process.

[ Compression is at a cost of reducing the quality of generated results! ]




KV Cache offloading

*No information lost!

“+Good model accuracy!

“»*But the problem still persists!
» PCle bandwidth

) Background — KVCache offloading
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dHigh PCle bandwidth is required for offloading to match GPU
Inference speed

Longchat-7B, floatl6, batch size=1

Prefill required Decode required

Seq. length Prefill step time [ms] 1 Decoding step time [ms]  KVCache size [GB] bandwidth [GB/s] bandwidth [GBIs]
1K 172.59 27.99 0.50 2.92 17.99
2K 327.27 30.73 0.99 3.03 32.27
4K 670.07 36.05 1.97 2.94 54.60
8K 1343.27 46.91 3.92 2.92 83.60
16K 3026.89 68.35 7.83 2.59 114.52
32K 7640.90 112.46 15.64 2.05 139.08

The PCle bandwidth is only up to ~28 GB/s




AKVCache + TopK attention

dTopK attention

< Attention is sparselll. In most transformer layers, n% top KV can carry
enough information to maintain model accuracy.

“+Only use top N% KVCache with largest attention weights (during decode

stage

J ) k Al2 elem.

> weights = softmax(Q @ K") 64 32.0

S . 128 87.8

»indices = TopK(weights, k) 75 ST

» output = attention(Q, K[indices],V[Indices]) 512 91.1

1024 91.9

2048 91.9

N _ _ 4096 91.9

[1] Memory-efficient Transformers via Top-k Attention 65536 (vanilla) 919




UdKVCache + TopK attention
dNow required PCle bandwidth is great smaller! (Topk = 10%)

Seq. length Prefill step time [ms]
1K 172.59
2K 327.27
4K 670.07
8K 1343.27
16K 3026.89
32K 7640.90

Longchat-7B, floatl6, batch size=1

1 Decoding step time [ms]

27.99
30.73
36.05
46.91
68.35

112.46

KVCache size [GB]

0.50

0.99

1.97

3.92

7.83

15.64

Prefill required Decode required
bandwidth [GB/s] bandwidth [GB/s]

2.92 17.99

3.03 32.27

2.94 54.60 1 O 0/
X 0

2.92 83.60

2.59 114 .52

2.05 139.08

The PCle bandwidth is only up to ~28 GB/s
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Offloading + TopK attention

 Overhead of top-k attention and KVCache selecting

¢ Some new operators (TopK operators + Fetch KVVCache) are added to the
critical path!

weights = softmax(Q @ K")
indices = TopK(weights, k)
output = attention(Q, K|indices|,V|[Indices])




) Offloading + TopK attention

 Overhead of top-k attention and KVCache selecting

¢ Some new operators (TopK operators + Fetch KVVCache) are added to the
critical path!

“*Cannot overlap the data transfer and computation!

« Layer i >f Layeri+1 »j

Sequential CompiFetch CompE Fetch [Attn and COm';ertchi/Compv Fetch ‘[Attn and
? Query PQ |Top-kiTop-k | FFN JQueny PQ |Top-k| Top-k | FEN

---- = n >
Comp ttn and |Comp Comp [Attn and Timeline
PQCache
FFN Que Top-k| ,| FFN { LLM Comp J
l
—

Fetch Top k Fetch Top k ) Extra Comm
(Cache) (Cache) _ | PQ Comp




Offloading + TopK attention + Prefetch

] Target: completely hide the KVVCache loading overhead through
overlapping

] But how?

Prefetch critical KV | | Maximum Reduction
< €

Attention |FFN| Attn | FFN

> time

S T .

- Good! but how to do?
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InfiniGen

dInfiniGen:

s Algorithm adjustments create opportunities for system optimization.

U Technical Contributions:
“*Why is prefetching possible?

ss*How Is prefetching implemented?
“*Others




InfiniGen - Why is prefetching possible?

dThe inputs for each transformer block are very similar!

Qi — 1t Transformer:
Attn_out;_y = Attn(LN(Tblock_in;_,))
FFN_out;_y = FFN(LN(Thlock_in;_{ + Attn_out;_,))
Tblock_in; = Tbhlock_in;_4 + Attn_out;_q1 + FFN_out;_4




InfiniGen - Why is prefetching possible?

dThe inputs for each transformer block are very similar!

i — 1" Transformer:
Attn_out;_y = Attn(LN(Tblock_in;_,))
FFN_out;_y = FFN(LN(Thlock_in;_{ + Attn_out;_,))
Tblock_in; = Tbhlock_in;_4 + Attn_out;_q1 + FFN_out;_4

g == Thlock_in; o

g o Pl s Tensors OPT-6.7B OPIT-13B OPT-30B Llama-2-7B Llama-2-13B
st |I— AL Tblock in; {| 0.95 0.96  0.97 0.89 0.91
& Sl Attn outi—; | 0.29 028  0.36 0.31 0.27

S FFN out;; | 034 028  0.35 0.37 0.34

X-axis
(Outlier Dimension)




InfiniGen - Why is prefetching possible?

hidden_state; = LN;(Thblock_in;)
Q; = W? @ hidden_state;
K; = W§ @ hidden_state;
weights; = Softmax(Q; @ K})
indices = TopK(weights;, k)

The computation of TopK indices
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Q; = W? @ hidden_state;
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InfiniGen - Why is prefetching possible?

The computation of TopK indices

hidden_state; = LN;(Thlock_in;_,)
Q; = W] @ hidden _state;
K: = W¥ @hidden_state;
weights; = Softmax (Q{ @ KQT)
indices' = TopK(weights;, k)

Calculation of estimated TopK indices



InfiniGen - Why is prefetching possible?

hidden_state; = LN;(Thlock_in;) hidden_state; = LN;(Thlock_in;_,)
Q; = W] @ hidden _state; Q; = W] @ hidden _state;

K; = W§ @ hidden_state; K: = W¥ @hidden_state;
weights; = Softmax(Q; @ K}) weights: = Softmax (Q; @ KQT)
indices = TopK(weights;, k) indices' = TopK (weights, k)
The computation of TopK indices Calculation of estimated TopK indices

Thlock_in; and Q; and Q; are alike. iy weights; and T Q indices and

Thlock_in;_ are alike. K; and K; are alike. weights; are alike. indices' are alike.




InfiniGen - Why is prefetching possible?

hidden_state; = LN;(Thlock_in;) hidden_state; = LN;(Thlock_in;_,)
Q; = W] @ hidden _state; Q; = W] @ hidden _state;

K; = W§ @ hidden_state; K: = W¥ @hidden_state;
weights; = Softmax(Q; @ K}) weights: = Softmax (Q; @ KQT)
indices = TopK(weights;, k) indices' = TopK (weights, k)
The computation of TopK indices Calculation of estimated TopK indices
;Z:giijzz_alngre alike. IQ{z Zﬂg IQ(Z erz lelikkz. SppEDsE ‘ivveel%’;f:si;aanrg alike. — ;zzxgi’a;rz alike.

The tensor Thlock_in;_, is obtained during (i — 1)t layer. Therefore, it can be utilized
for prefetching for it layer.
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©)) InfiniGen - Why is prefetching possible?

Prefetching opportunities (excluding the initial layer)
*»0/1 layer: full attention
**Other layers: TopK attention

Prefill Decoding
Partial | Layer (i — 1) Layer i
Weight ldx | \ [ky . = BT
GPU | Generation ? e | Attention |[FFN (mf o |90 | FFN
' T > time
CPU \ | Prefetching
\ Selected Selected

~——>| Prefetching > ---

| Tokan IDs Keys/Values




InfiniGen - How is prefetching implemented?

dThe overhead of TopK operator is high!

**Both Memory and Computation.

dWhat’s worse, the operator is done on CPL.
hidden_state; = LN;(Tblock_in;_,)
Q; = W! @ hidden_state;
K; = WX @ hidden_state;
weights; = Softmax (Q; @ K;T)
indices’ = TopK(weights;, k)




InfiniGen - How is prefetching implemented?

JReduce computational complexity through dimensionality

reduction.

Original Attention: Layer i

Query Projection

ED:.XH

Attention Input

= [T Query

Query Weight

Attention

[T TI x =
Query

Key Cache

[T T

Attention

Score

Minimal Rehearsal: Layeri — 1

Partial Query Projection

[TTH X
Attention Input
of Layeri —1  partial Query Weight

= [l Partial Query

Attention Speculation

[1T] X

Partial Query

Partial Key Cache

Speculated
= [ T19 Attention Score
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@) InfiniGen - How is prefetching implemented?

dKey/Query Skewing

Before

Query Key Attention Score

1045011503 X 1 2 2 = 33
\ / )9@
4 4 X 24

Partial Query Partial Key




dKey/Query Skewing
| Before
Query Key Attention Score
11011113 X 1 2 2 = 33
\ [/ )se
4 4 X = 24
Partial Query Partial Key
| After
Skewed Query Skewed Key Attention Score
1 1 1 X 1 0 0 = 33 )
x | = 32
Partial Query Partial Key




InfiniGen - How is prefetching implemented?

dKey/Query Skewing

“ Offline modification of the query and key weights using singular value
decomposition (SVD)

“*The identical computation result:
@xAxATxKH=QKT A=V

- (a)Q=UxVT
Uy o qd1
(f j Z U ?z
@ - qz
01
- (b) Q = UZ(VTA)

e ~
: /7%_ U Fq}ﬁlﬁql

- R

@%‘ NS




Prefill stage: reduce the dimensionality of Key after skewing

Partial Weight Index
i Generation 3 67
1. Column Sum
2. Top-K  _________.
Absolute Sum of I — | Selectediox | Selected
Skewed Query and Key = _'_31 f’_7_ i Partial
Weights

Indices = TopK(KA + QA).abs().sum(axis = 1),T)
K' = (KA)[:,Indices]




Prefill stage: reduce the dimensionality of Key after skewing

Partial Weight Index
i Generation 3 67
1. Column Sum
2. Top-K  _________.
Absolute Sum of I — | Selectediox | Selected
Skewed Query and Key = _'_31 f’_7_ i Partial
Weights

dDecode stage: compute Partial Query and TopK indices

¢ The selected weight/score is within the range of [max — a, max].
~ KV Selection |

: S Attention
;- Partial Query Projection Speculation
! Partial Key Cache !
; | (Transposed)
: Attention i Partial | ¥
. Input Partial Query 55 3 E-:l:-f [—] Sttt
Query Weight Speculated el i
Attention Score i (.. Excluded




©)) InfiniGen - Others

dTechnical Contributions:
“*Why Is prefetching possible?
“*How Is prefetching implemented?
“*When the CPU memory is out of memory (OOM):

» a counter-based approach can be used to drop entries from the KVVCache.
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Evaluation — Setup

dModels
*OPT model with 6.7B, 13B and 30B parameters
“*Llama-2 model with 7B and 13B parameter

dHardware
1 X NVIDIA RTX A6000 GPU (48GB memory)
s Intel Xeon Gold 6136 with 96GB DDR4-2666 memory
*PCle 3.0 X 16 (~16GB/s)




Evaluation — Accuracy

JAccuracy

s+ KVCache management:
» Full: no compression, generation with full KV Cache
» H,0 (NeurlPS 2023): SOTA low-importance token eviction algorithm

» Quantization
> InfiniGen
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©)) Evaluation — Accuracy

.

JAccuracy

OPT-6.7B OPT-13B OPT-30B Llama-2-7B Llama-2-13B

52 52 52 52 52

(=]
‘l\, 44 44 44 = 44 44 ©
>

® 3 |[—Furcache — % 2 0

‘5 -&-Quantization

3 28 |len0 28 28 28 28

(&) o InfiniGen
< 20 20 20 20 20

60 45 30 15 0 60 45 30 15 0 60 45 30 15 0 60 45 30 15 0 60 45 30 15 0
Relative KV Cache Size (%)

[ InfiniGen outperforms all the baseline, achieves near lossless accuracy ]




(1Baseline

“*FlexGen (ICML 2023)
» All KVVCache on the CPU memory w/ prefetching
» All KVVCache are stored on the CPU memory and only Model are on the GPU.

“sUnified Virtual Memory (UVM):
» All KVVCache on the CPU memory w/o prefetching
» The data movement between CPU and GPU are managed by NVIDIA driver.

“*InfiniGen (TopK: up to 10%)
dKVCache management:

“*H,O: 5 compression ratio

ssQuantization (INT4): 4 compression ratio




800 2007.4
mPrefil O Decode
L 400
>
(@]
, oy
@
o 200
I
0
UVM UVM FlexGen FlexGen FlexGen InfiniGen
+ H,0 + INT4 + H,0

OPT-13 model, with 1920 input tokens, 128 output tokens, bs=20 (1920 for prefill + 128 decode)




dSpeedup
*FlexGen + INT4/H20

s+ InfiniGen

6 6
BINT4 mH.O OlInfiniGen _ @INT4 mH,O OlnfiniGen
S 4 - 5 4
o o =
@ @
@ — @
? 2 & 2
1 is the FlexGen H H H I
0 0
512 1024 1536 2048 6.7B 1368 30B
(a) Sequence Length (b) Model Size
OPT-13B, 128 output, bs =8 1920 input tokens,128 output tokens, bs=4




Evaluation — Breakdown

dBreakdown and prefetch overhead
< OPT-13B with 8 *2048 inputs

28.0
15
. @ Attention OFFN
2 o Data Transfer mPrediction
E 1o
>
(&)
o
2 4—_LD_=i
=
0
FlexGen INT4 H,O InfiniGen Ideal

Ry 7

FlexGen and H,O spend most time in data
transfer (96.9% and 91.8% respectively)




Evaluation

Sensitivity analysis

With higher alpha value, accuracy and latency both increase (4 is enough)

“*Higher Partial Weight Ratio will cause a higher accuracy and higher
memory consumption, and latency remains stable (0.3 is enough)

70 60 70 60
9 = = <>’/<> -0 =
; 60 40 — ‘; 60 & 40 —
&) > O Py
© c @ e
- } _.Q_J, = Q
8 50 20 & Q 50 | —E—-E—E-8--8-8-| o
< =1 g =

<-Accuracy -E-Latency <-Accuracy -@-Latency

40 0 40 0

1 3 5 7 9 0.1 03 05 07 09
(a) Alpha Value (b) Partial Weight Ratio




dThank you!
UQ&A




	默认节
	幻灯片 1: InfiniGen: Efficient Generative Inference of Large Language Models with Dynamic KV Cache Management
	幻灯片 2: Contexts
	幻灯片 3: Background – LLM Inference
	幻灯片 4: Background – LLM Inference
	幻灯片 5: Background - QKV in attention/transformer
	幻灯片 6: Background - QKV in attention/transformer
	幻灯片 7: Background - LLM inference
	幻灯片 8: Background - LLM inference
	幻灯片 9: Background - LLM inference
	幻灯片 10: Background - LLM inference
	幻灯片 11: Background - LLM inference
	幻灯片 12: Background - LLM inference
	幻灯片 13: Background - LLM inference
	幻灯片 14: Background - LLM inference
	幻灯片 15: Background - LLM inference
	幻灯片 16: Background - LLM inference
	幻灯片 17: Background - LLM inference
	幻灯片 18: Background – LLM inference
	幻灯片 19: Background – LLM inference
	幻灯片 20: Background – LLM inference
	幻灯片 21: Background – KVCache compression
	幻灯片 22: Background – KVCache offloading
	幻灯片 23: Background – KVCache offloading
	幻灯片 24: Background – KVCache offloading
	幻灯片 25: Background – KVCache offloading
	幻灯片 26: Contexts
	幻灯片 27: Offloading + TopK attention
	幻灯片 28: Offloading + TopK attention
	幻灯片 29: Offloading + TopK attention + Prefetch
	幻灯片 30: Contexts
	幻灯片 31: InfiniGen
	幻灯片 32: InfiniGen - Why is prefetching possible?
	幻灯片 33: InfiniGen - Why is prefetching possible?
	幻灯片 34: InfiniGen - Why is prefetching possible?
	幻灯片 35: InfiniGen - Why is prefetching possible?
	幻灯片 36: InfiniGen - Why is prefetching possible?
	幻灯片 37: InfiniGen - Why is prefetching possible?
	幻灯片 38: InfiniGen - Why is prefetching possible?
	幻灯片 39: InfiniGen - How is prefetching implemented?
	幻灯片 40: InfiniGen - How is prefetching implemented?
	幻灯片 41: InfiniGen - How is prefetching implemented?
	幻灯片 42: InfiniGen - How is prefetching implemented?
	幻灯片 43: InfiniGen - How is prefetching implemented?
	幻灯片 44: InfiniGen - How is prefetching implemented?
	幻灯片 45: InfiniGen - How is prefetching implemented?
	幻灯片 46: InfiniGen - Others
	幻灯片 47: Contexts
	幻灯片 48: Evaluation — Setup
	幻灯片 49: Evaluation — Accuracy
	幻灯片 50: Evaluation — Accuracy
	幻灯片 51: Evaluation — Speedup and Latency
	幻灯片 52: Evaluation — Speedup and Latency
	幻灯片 53: Evaluation — Speedup and Latency
	幻灯片 54: Evaluation — Breakdown
	幻灯片 55: Evaluation
	幻灯片 56: End


