. 0 .
- R1EZT AIE -

% 8 I ALAL



https://ictkc.github.io/teaching/

%A\ HIF A

X NEDD, EIRAEK




X NEI)
TCEAHE, MEIRARE




(P p
- G ( » %
< i DRy OF \\%\

University of Chinese Academy of Sciences

(1 I FF TR




AL B3N E AN

0 Stepl - & A\isERY:

— IR IEENF

Embeddings, -

i3, ERE—T

> EREFHTHHNRHIEFER
> REFFPZX "&HF—1MF

TTEFT (Time To First Token)

oken

U..ﬁ

£l

MHAITES MtokenEE I

SN (FBaal) To.

S ftm%

censHY

SHHRHIEIS

%.....




(N 4 P
68 YT RRT
o University of Chinese Academy of Sciences

AL B3N E AN
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KVEGIIREAFITE

A LLMXGPUERFEHEKRFERIERNENKVERF
Q LALlama2-7B (7*10°) #&8Y795)

A RENE (NELUI[IZRETFE) * sizeof(FP16) ~= 14G
d KVEE:

QO BTokenZFTEL = 2 * MEEE * T SILE * TR LHEE * KIVFETE]
O RBKVEFA/N =batch_size * S tokenz{ * 1 Token==152%
d Llama2-7Bfg: 1*4096 * 2 * 32 * 4096 * 2 ~=2G
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batch size: IR A\
IR LBV TIEK, HTEK

0 HEIE[ Egbatch_size2 35— R QIfEE
QLT RIRGPUITERET), {Bbatch size KAZSEEFm

GPU Utilization
Prefill vs Decode Phase
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User request I D [:, D
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GPU Resource Utilization: [BJHigh Utilization [7]Low Utilization
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EEAMERYE A Token#y,

k= A ¥ o = =—3 xwa Y 4 -\ NN L
Rl "FEHRICIZEE" | BEEFMKIMEIEE. SRXEERSF
" . KVEEFEX
] =r
R ETXRE (#ZLlama2 7TBARTiTH)
Grok-4 256K tokens 128G
i [=] stack
GPT-5 (ChatGPT 5) 400K tokens 200G overflow
Claude Opus 4.x / Sonnet 4 200K tokens 100G
Qwen3 Coder / Qwen3 Max | 1M /128K 496G/62G: ‘g..’
DeepSeek-V3/ R1 64K tokens 32G
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1. ZE8FE] (Multi-Query Attention)
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1. ZE8FE ] (Multi-Query Attention)
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Z&aiaFa] (Multi-Query Attention)

Fast transformer decoding: One write-head is all you need
N Shazeer - arXiv preprint arXiv:1911.02150, 2019 - arxiv.org

Multi-head attention layers, as used in the Transformer neural sequence model, are a
powerfulalternative to RNNs for moving information across and between sequences. While ...

v 1R277 \UY | #WEIERE: 762 HHEXE FFE 2 MRAE 9

[PDF] AttenXjon is all you need
A Vaswani, N Shazeer, N Parmar... - Advances in neural ..., 2017 - digitalyouth-hub.com

.. to attend to all positions in the decoder up to and including that position. We need to prevent
.. We implement this inside of scaled dot-product attention by masking out (setting to —) ...

W RE Y9 S|IA WEIRARE: 5676 HXNE 9

15
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ZEia T2 (Multi-Query Attention)

TECHNOLOGY | ARTIFICIAL INTELLIGENCE

Google Paid $2.7 Billion to Bring Back an AI Genius Who

Quit in Frustration

Amid debate on whether tech companies are overspending on Al, Google’s pricey reunion with Noam Shazeer
draws attention

1= FER (Noam Shazeer) 16
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1. ZE1EF=J] (Multi-Query Attention)

Q KVIZEEREIFE, HEEERTIEE
Attention | Training | Inference | Beam-4 Search
Type enc. + dec. enc. + dec.
multi-head 13.2 1.7 4 46 2.0 + 203
multi-query 13.0 1.5 + 3.8 1.6 4 32
multi-head local 13.2 1.7 + 23 1.9 4 47
multi-query local 13.0 1.5 + 3.3 1.6 + 16

17
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1. ZE1EF=J] (Multi-Query Attention)

0 B EE(E

0 817 TokenFT548 = 2 * MBEL * iFEHLE TRIILEE * KIVIX
S F AN
a BRRIKVZEFA/N = batch_size * | ZtokenZ{ * B Token=FT24

linll
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1. ZE1EF=J] (Multi-Query Attention)

O ERELIPERIRY

Table 3: Billion-Word LM Benchmark Results.

Attention h di,d, dff | dev-PPL
multi-head 8 128 8192
multi-query &8 128 9088 30.2
multi-head 1 128 9984 31.2
multi-head 2 64 9984 31.1
multi-head 4 32 9984 31.0
multi-head 8 16 9984 30.9

19



1. ZE8FE ] (Multi-Query Attentlon)
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2. 9 HEIEFES] (Grouped-query Attention)

HQoH, =

Values
Keys
I
P
e
Queries

Multi-head

—

—

—

—

—

'
—

—

PMAHZK, V

Grouped-query Multi-query

INIRig i

\\\\\\\\

00000000 oEdDoonn

Figure 2: Overview of grouped-query method. Multi-head attention has H query, key, and value heads. Multi-query
attention shares single key and value heads across all query heads. Grouped-query attention instead shares single
key and value heads for each group of query heads, interpolating between multi-head and multi-query attention.

21
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2. 9 HEIEFE ] (Grouped-query Attention)

A

O HEEERE

= — 'ﬁMQAT e

I/

SRS MHAFF

Mz

Model | Tinfer Average \ CNN arXiv PubMed MediaSum MultiNews WMT TriviaQA
| S R1 R1 R1 R1 R1 BLEU F1
MHA-Large 0.37 46 O 42.9 44.6 46.2 35.5 46.6 27.7 78.2
MHA-XXL 1.51 43.8 45.6 47.5 36.4 46.9 28.4 81.9
MQA-XXL 0.24 43.0 45.0 46.9 36.1 46.5 28.5 81.3
GQA-8-XXL || 0.28 43.5 45.4 47.7 36.3 47.2 28.4 81.6

Table 1: Inference time and average dev set performance comparison of TS Large and XXL models with multi-
head attention, and 5% uptrained T5-XXL models with multi-query and grouped-query attention on summarization
datasets CNN/Daily Mail, arXiv, PubMed, MediaSum, and MultiNews, translation dataset WMT, and question-
answering dataset TriviaQA.

{EAGQA RYIREY

845 LLAMA2-70B., LLAMA3 ., DeepSeek-V1,
ChatGLM2, ChatGLM3, Qwen2%f

22
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DeepSeek-V2: A Strong, Economical, and Efficient
Mixture-of-Experts Language Model

Contents

DeepSeek-Al

research@deepseek.com

1 Introduction)

2 Architecture

2.1 Multi-Head Latent Attention: Boosting Inference Efficiency|. . . . . .

2.1.1

Preliminaries: Standard Multi-Head Attention|

212

Low-Rank Key-Value Joint Compression| . . .

2.13

Decoupled Rotary Position Embedding| . . . .

2.1.4

Comparison of Key-Value Cache| . . . . . . ..

University of Chinese Academy of Sciences

B =71 (Multi-head Latent Attention)
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3. ZLBEFES] (Multi-head Latent Attention)

7J

el

WWKVELETF6E, (EFERH

-

b % %% Cached During Inference

Multi-Head Attention (MHA) | Grouped-Query Attention (GQA) | Multi-Query Attention (MQA) ! Multi-Head Latent Attention (MLA)
I 1 I

g LELENEN S

1 : : :
~N3EN8ENN ¢ § § §

o EED

s HTNAAIA

B\ L7
..........
.......

..

s
. .
)
“““““
. DA
....

.
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.

. .

.....
......
"
________

Latent KV

Figure 3 | Simplified illustration of Multi-Head Attention (MHA), Grouped-Query Atten-
tion (GQA), Multi-Query Attention (MQA), and Multi-head Latent Attention (MLA). Through
jointly compressing the keys and values into a latent vector, MLA significantly reduces the KV

cache during inference.
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3. ZLBEFES] (Multi-head Latent Attention)
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F= 77 (Multi-head Latent Attention)
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ZLBETES (Multi-head Latent Attentlon)

- 4= 1=h [=5] 2=
BKVEGa7iE, (ERIRE
FEKX
Attention Mechanism KV Cache per Token (# Element) Capability
Multi-Head Attention (MHA) 2npdpl Strong
Grouped-Query Attention (GQA) 2ngdpl Moderate
Multi-Query Attention (MQA) 2dpl / 4. 5*EASL YR Weak
MLA (Ours) (de+d)l ~ %dh/l Stronger
HETEE S

service. On a single node with 8 H800 GPUs, DeepSeek-V2 achieves a generation throughput
exceeding 50K tokens per second, which ig 5.76 times|the maximum generation throughput of
DeepSeek 67B. In addition, the prompt input throughput of DeepSeek-V2 exceeds 100K tokens
per second.

27
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RiZ5e: 4. Flash Attention

0 BQRVAEIR/NMNAESRAMAPLER, R SRESHE HBM

Outer Loop R
K:dxN .
* F Attention on GPT-2
Copy Block to SRAM
Static Random- QNxd ' Outerloop V:NXd 154 ;l Matmul
=>r |- - - — - — — B
(c] V) . 1y
Access Memory St SRAM: 19 TB/s (20 MB) X | E o 'Ir Dropout
. . & | 1l :-I 7y
High Bandwidth ARELRA (151 1.57T8/5 (40GB) 2 Si 'y cony il | © | E104
Memory HBM S +> C°mp‘;§\ﬂ°c" | il Softmax
- on - = E
o | I3 ol .E
ETNE S DRAM: 12.8GB/s £ | BB <O |3 8|F .. Fused
(CPU DRAM) (>17TB) | 15 Mask  Kernel
| 11 - : '
. . M a ' M |
Memory Hierarchy with - Output to HBM 0 - JMatmu
Bandwidth & Memory Size sm(QKV: Nxd PyTorch FlashAttention
Inner Loop "

FlashAttention

https://arxiv.org/pdf/2205.14135 29
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g5 4. Flash Attention

L1

A RFQKVIZEIR/NRESRAMAALE, ERIAZEIHEIHBM

Model implementations

OpenWebText (ppl) Training time (speedup)

GPT-2 small - Huggingface [87]
GPT-2 small - Megatron-LM [77]
GPT-2 small - FLASHATTENTION

GPT-2 medium - Huggingface [87]
GPT-2 medium - Megatron-LM [77]
GPT-2 medium - FLASHATTENTION

18.2 9.5 days (1.0x)
18.2 4.7 days (2.0x)
18.2 2.7 days (3.5%)
14.2 21.0 days (1.0x)
14.3 11.5 days (1.8x%)
14.3 6.9 days (3.0x%)

https://arxiv.org/pdf/2205.14135 30
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5. PageAttention — vLLM#Z/ UM

d KV

| —

A LN RKEMESENTE, REZEIRE, F

1 PageAttention{gE e/ NRAATF

1 slot for 2 slots future used 1 slot future used

Four

score and | seven years

ago

~
7 KV cache states for
request A's prompt

generated token (reserved) External fragmentation (reserved)
~—M — "
our |fathers |broughtf [e)s/s] ’ <e0s>| <resv> ... <resv> You | only | live | once B3Il =17 RIS (-1 V2
g S g g Y
2038 slots never used 3 KV cache states for 507 slots never used
(internal fragmentation) request B’s prompt (Internal fragmentation)

Request A

Request B
current iteration

current iteration

« &4 KV Cache GHEED A, WRARA— I
 PagedAttention WHEFERAEZNDNTIE, EESEWETL M, REEH, BATIN

https://arxiv.org/pdf/2309.06180 31
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R%5E: 5. PageAttention — vLLMAZ/IUM /N

0 5 HuggingFace Transformers (HF) #0 HuggingFace Text Generation
Inference (TGI) H{TT7XJLE, vLLMALIEERERNX 24/ 3.5

= LLaMA-13B, A100-40GB ~ _ LLaMA-7B, A10G
= =

£ 154.2 = _—
§ 150 g .

£ 100 £ N

£ 61.8 2 50— |

o 50 c

5 =)

2 - o 8.3

= 0 L 0 [———

3 HF TGl vLLM = HF TGl vLLM

https://arxiv.org/pdf/2309.06180 39
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1. &% (Quantization)

0 KRESHL 32 B¢ 16 (MABENIZREFE, 201, KSER

ST RS MESNEEE/ PHBESEBRE
135 143 85 FP32 to INT8 13 14 8
-47 -32  -6.4 | > -5 | -3 | -6
-0.4 13 4

3.73

FP32: 4 bytes to store
each value

total: 36 bytes

INT8: 1 byte to store
each value

total: 9 bytes

EFIRE

T=

W

& taneexsy

&> Universi ty of Chinese Academy of Sciences
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1. &% (Quantization)

O WEM: BREFELOAFL, LI—M4amEF#HITRN
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- . [ o o e 4
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1. &% (Quantization)

O MWEl: BREFELLOAFL, LA—1 48
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1. &% (Quantization)

0 JERIERE: BTN \15<B>$ﬂ%jc@<@éﬁﬁ&ﬁ§1ms

lowest value highest value

5.47 7.59 4.5
.ﬁ.ﬂﬂ.ﬂ
\I -4.57 -1.95 308  5.47

|
o ® 9 ® o j® Mmax

[1]]]
I+
T

&/IVKIE

FHE "ER" , BUHERENAET

min @—e-—e- oteo—o ® max

128 .

0in FP32! ' O inINT8
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1. &% (Quantization)
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1. &% (Quantization)

0 REEEIEG: F

input
FP16

FP167ERIAFIEMIEIE, (ERFP32EFTEH,

“ 3
68 YT RRT
o 4 University of Chinese Academy of Sciences
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Forward <
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FP16 weight
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2. 85%; (Pruning)

a 1RBIF

PR BT N B R

A SCEINERREDHT, FIRRBESHE &L
0 BIRIHRGHRRENE (RS eERr) siiBiE (SRUEIRR)
0 HEMEERE, RERSERKNDERE

SPARSEGPT: MASSIVE LANGUAGE MODELS
CAN BE ACCURATELY PRUNED IN ONE-SHOT

PREPRINT. VERSION JANUARY 3, 2023.

Elias Frantar Dan Alistarh
IST Austria IST Austria & Neural Magic
elias.frantar@ist.ac.at dan.alistarh@ist.ac.at
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2. 508 (Pruning)

0 SparseGPT : X4 GPT SRERINGEIIGGE, BAFRI TR
w p% sparse
update ( < ~— ~——
o ( ..... - ( = g
§ g gi S
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3. Z%% (Distillation)

O FRE#MEEN&RE—E (logits) NZEE, FEFARERRHITMN

______________ —_——— — —_—_——_—— — — — —
Teacher Model (pre-trained) | | Knowledge [ Distillation

Softmax I l - Soft
...... ﬁ
—*’H—' —il— = T E—

I

| I

< | = _-=_ _ ____/ —_— e ——— Distillation I
Transfer I Loss

Data Set | 1 I

. : Softmax | > Soft |

T=t

Softmax Soft , Student Ground

’ T=1 Targets Loss Truth Label

42



@ TonTaxs

rsity of Chinese Academy of Sciei

3. Z%% (Distillation)

1 DistilBERT: &@id3%i815% BERT [E45&E 60% Hiks, RERHRE 95% LI ER

18 S EFIERE

I'I'I'

Table 1: DistilBERT retains 97% of BERT performance. Comparison on the dev sets of the
GLUE benchmark. ELMo results as reported by the authors. BERT and DistilBERT results are the

medians of 5 runs with different seeds.

Model Score CoLA MNLI MRPC OQNLI QQP RTE SST-2 STS-B WNLI

ELMo 68.7 44.1 68.6 76.6 71.1  86.2 534 915 70.4 56.3
BERT-base  79.5 56.3 86.7 88.6 91.8 89.6 693 927 89.0 53.5
DistilBERT  77.0 51.3 82.2 87.5 89.2 885 599 913 86.9 56.3
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HALEMOE ( Mixed Expert Models)

A ETransformer FFFNZE&E IMoEER, MoE EHMRMLUERDHR: S
8 (EEIIIENZ) e THENER
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., ( 1 I N
’ ‘ ‘ *
¥ - ( /’é P )
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1 T \ \ P = 08
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1
Rout Rout
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0 BERYEHRY
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1. MOERYEY]

Adaptive mixtures of local experts
RA Jacobs, Ml Jordan, SJ Nowlan... - Neural ..., 1991 - ieeexplore.ieee.org

... the outputs of the local experts, so, to minimize the error, each local expert must make its output
... effects of all the other experts. When the weights in one expert change, the residual error ...

v R U9 B\ WSIERE: 8240 MHXXE FiA 23 MERA

Adaptive Mixtures of Local Experts

Robert A. Jacobs
[Michael I. Jordan |

Department of Brain and Cognitive Sciences, Massachusetts Institute of Technology,
Cambridge, MA 02139 USA

Steven |. Nowlan

| Geoffrey E. Hinton |

Departiment of Computer Science, University of Toronto,
Toronto, Canada M5S 1A4

We present a new supervised learning procedure for systems composed
of many separate networks, each of which learns to handle a subset of
the complete set of training cases. The new procedure can be viewed
either as a modular version of a multilayer supervised network, or as
an associative version of competitive learning. It therefore provides
a new link between these two apparently different approaches. We
demonstrate that the learning procedure divides up a vowel discrimi-
nation task into appropriate subtasks, each of which can be solved by
a very simple expert network. 48



1. Adaptive mixtures of local experts
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1. Adaptive mixtures of local experts
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1. Adaptive mixtures of local experts
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Under review as a conference paper at ICLR 2017
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Figure 1: A Mixture of Experts (MoE) layer embedded within a recurrent language model. In this

case, the sparse gating function selects two experts to perform computations. Their outputs are

modulated by the outputs of the gating network.
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Table 5: Multilingual Machine Translation (bold values represent best results).

GNMT-Mono| GNMT-Multi MoE-Multi  |MoE-Multi vs.
GNMT-Multi
Parameters |278M / model 278M 8.7B
ops/timestep 212M 212M 102M
training time, hardware various 21 days, 96 k20s|12 days, 64 k40s
Perplexity (dev) 4.14 3.35 -19%
French — English Test BLEU 36.47 34.40 37.46 +3.06
German — English Test BLEU 31.77 31.17 34.80 +3.63
Japanese — English Test BLEU 23.41 21.62 2591 +4.29
Korean — English Test BLEU 25.42 22.87 28.71 +5.84
Portuguese — English Test BLEU 44.40 42.53 46.13 +3.60
Spanish — English Test BLEU 38.00 36.04 39.39 +3.35
English — French Test BLEU 35.37 34.00 36.59 +2.59
English — German Test BLEU 26.43 23.15 24.53 +1.38
English — Japanese Test BLEU 23.66 21.10 22.78 +1.68
English — Korean Test BLEU 19.75 18.41 16.62 -1.79
English — Portuguese Test BLEU 38.40 37.35 37.90 +0.55
English — Spanish Test BLEU 34.50 34.25 36.21 +1.96
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Switch Transformers

Journal of Machine Learning Research 23 (2022) 1-39 Submitted 8/21; Revised 3/22; Published 4/22

Switch Transformers: Scaling to Trillion Parameter Models
with Simple and Efficient Sparsity
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Google, Mountain View, CA 94043, USA
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