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Dettmers T, Lewis M, Belkada Y, et al. LLM. int8 (): 8-bit Matrix Multiplication for Transformers at Scale[C]. NeurIPS 2022
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Parameters 125M 1.3B 27B 6.7B 13B
S REBY> |32-bit Float 25.65 1591 1443 1330 12.45
Int8 absmax 87.76 16.55 15.11 14.59 19.08
Int8 zeropoint 56.66 1624 1476 1349 13.94
Int8 absmax row-wise 3093 1708 1524 14.13 16.49
Int8 absmax vector-wise 35.84 1682 1498 14.13 1648
Int8 zeropoint vector-wise 25.72 1594 1436 1338 1347
Int8 absmax row-wise + decomposition 3076  16.19 14.65 13.25 12.46

oo Absmax LLM.int8() (vector-wise + decomp) 2583 1593 1444 13.24 1245
reRTRi Zeropoint LLM.int8() (vector-wise + decomp)  25.69 1592 1443 13.24 1245
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Dettmers T, Lewis M, Belkada Y, et al. LLM. int8 (): 8-bit Matrix Multiplication for Transformers at Scale[C]. NeurIPS 2022
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Xiao G, Lin J, Seznec M, et al. Smoothquant: Accurate and efficient post-training quantization for large language models[C]. ICML 2023
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Frantar E, Ashkboos S, Hoefler T, et al. GPTQ: Accurate post-training quantization for generative pre-trained transformers[C]. ICLR 2023
Shao W, Chen M, Zhang Z, et al. Omniquant: Omnidirectionally calibrated quantization for large language models[C]. ICLR 2024

Kim S, Hooper C, Gholami A, et al. SqueezerLLM: Dense-and-Sparse Quantization[C]. ICML 2024
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Xia H, Zheng Z, L1, et al. Flash-1lm: Enabling cost-effective and highly-efficient large generative model inference with unstructured sparsity. VLDB 2023.
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Xia H, Zheng Z, L1, et al. Flash-1lm: Enabling cost-effective and highly-efficient large generative model inference with unstructured sparsity. VLDB 2023.
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Xia H, Zheng Z, L1, et al. Flash-1lm: Enabling cost-effective and highly-efficient large generative model inference with unstructured sparsity. VLDB 2023.
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Xia H, Zheng Z, L1, et al. Flash-1lm: Enabling cost-effective and highly-efficient large generative model inference with unstructured sparsity. VLDB 2023.
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Gu Y, Dong L, Wei F, et al. MiniLLM: Knowledge distillation of large language models[C]. ICLR 2024.
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a5t Pt KB | prompts — apau 2=t Reverse KD
PR | £(6) = KL[pllqe] : P \ . L(9) = KL[ge|lp]
T E .

veey VL(6) (Section 2.2)

Sequence-Level KD MiniLLM (Ours)

Gu Y, Dong L, Wei F, et al. MiniLLM: Knowledge distillation of large language models[C]. ICLR 2024.
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Gu Y, Dong L, Wei F, et al. MiniLLM: Knowledge distillation of large language models[C]. ICLR 2024.
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Muodel #Purams . Melhod GPT4  R.L | GPT4 R-L | GPT4 R-L R-L R-L

»] 1.5B Teacher | 584 27.6 | 429 143 | 486 163 | 276 | 318

o o N — = =kl J:ngl-. Ai:l: SFTw/ie KD | 386 233 | 263 g | 328 14.7 6.3 18.5

3,

MlﬂlLLMH,ﬁ‘i*lnlﬁSE**Eﬂ *E\_\;_ % g KB 403 228 | 2778 108 319 134 | 197 | 220
SeqKD 412 227 | 262 104 310 143 | 164 | 188

[MiNILLM | 447 246 | 292 132 341 169" | 253 | 26.6

GPT:2 SETwioKD | 519 255 | 396 130 423 160 | 251 | 320

e KD SI.6 250 | 392 120 428 154 | 237 | 310

SHAENRZXE A AL, MiniLLMa A= T HMOM seqkD 505 253 | 300 126 430 169% | 200 | 302
ok [MiviLM | 522 254 | 405 156 | 426 17.70 | 274 | 345

_*EI]%Q JI-E; :*E Eg Eﬁ*u‘/\ I IEBB%EEE% SET wio KID ;T 254 a3 12.4 43.1 I6.1 2.5 271
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Tanh [E R B3l 1649 20,7 3.8 148 B4l 178 47,8 15:2 26.7 2 —
RelLU+RFF" | 6.0 791 20.9 5.1 19 49 79 228 39.9 133239 m (l
SIREN" 55 i 309 9.0 [.3 T3 701 Al.5 7.0 263 15.7 ; £
M (oursi| 5.5 649 A5.1 4.0 1.1 L5 657 Ash 24.3 7.0 9.4 i &
3
Ground truth QIREN SIREN RelLU+RFF RelLU Tanh
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Jiaming Zhao, Wenbo Qiao, Peng Zhang*, et al. Quantum Implicit Neural Representations. ICML, 2024 (CCF-A)
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Kwon W, Kim S, Mahoney M W, et al. A fast post-training pruning framework for transformers[J]. NeurIPS 2022.
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User Entire Fine-tunad FLOPs/latency Sample Fine-tuned

Intervention Dataset Transformer Constraints Dataset Transformer
e . i

~g -~
(a) Existing Prunipg Frameworks

®

Retraining

1. EFFisher{SEMEMIRIARIDESR, MERRIELLA);
2. EFENIEEFRNERENSIRESROENUE, RERKTEET  AEE<sRS s
3. BT AR\ SRAORADAUR, DB SO, RATAE RS,

Kwon W, Kim S, Mahoney M W, et al. A fast post-training pruning framework for transformers[J]. NeurIPS 2022.
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argmin L(m) s.t. Cost(m) < C

> WBEEEE): $ICosdALEE, BT 1 , ;
| HessinfERRELUSIIGE, EUGSEAR 0 2= jp) 2 (5t ) (AT

HFisher{=ESEMET R, |

HessianfGEE14, BEZFEEZL? Fisher (SEEIEEA4 7 9 ASHessian VT
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Kwon W, Kim S, Mahoney M W, et al. A fast post-training pruning framework for transformers[J]. NeurIPS 2022.
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|—BERTsise -—-BERTguse-1% —DISHIBERT  —— DistilBERT - 1%
MML| QoP QNLI SS5T-2
Er i
g # Epochs  E2E time (hr)
L= Ty
DynaBERT [25] 4 12
23 L‘_II!- I.‘E.l FL;I:I I'I'..'} Lt B3 rLII!- I:I‘..l L'-jl!- L":'.I 1.0 B l.j-:E- E:'.' LB "_I‘} in oy |:fc- E-:.' II.IL' '.'-I.'} 1A EBERT [HQH 6 5
Relative FLOPS Relative FLOPs Relative FLOPs Relative FLOPs BEMP ELS&[[ il 17
5T5-B MRPC SQuaD 1.1 3 SQuab 2.0 CoFi [13.3_7}] 40 13
Ours 0 0.01

Spearman Cor.

SH(thZ iR ERIRIRIELE

ns e m? i (18] 1 -n.q e T & wn .o [+ 51 e L7 LE (FR} Tk (184 e B LE e 1a
Belative FLOPs Relative FLOPs Belabive FLOPs Relative FLOPs

RIFFEBAFRR FLOPs £95RAY BERTBASE Fl DistilBERT A/ E.

Batch size | MNLI QQP QNLI SST-2 STS-B MRPC SQuAD;; SQuADa; | Geo. mean

32 1.27x 142x 142x 123x 1.34x 1.36x 1.33x 1.37 % 1.34x
256 [.34x 154 153x 1.5x [1.54x 155x 1.34 % 1.40x 1.47 %

TE(XPFE1 %IRRT, BELIRFARIRKIERINE

Kwon W, Kim S, Mahoney M W, et al. A fast post-training pruning framework for transformers[J]. NeurIPS 2022.
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S

PN B W A e i | = P = WA
0(N?) - O(NVN)

Model Bits per byte
CIFAR-10
PixelCNN (Oord et al., 2016) 3.03
PixelCNN-++ (Salimans et al., 2017) 292
Image Transformer (Parmar et al., 2018) 2.90
Pixel SNAIL (Chenet al 20173 2 85
Sparse Transformer 59M (strided) 2.80
Enwik3
Deeper Self-Attention (Al-Rfou et al., 2018) 1.06
Transformer-X1. 88M (Dai et al., 2018) 1.03
Transformer-XL 277M (Dai et al.. 2018} .94
Sparse Transformer 95M (fixed) 0.99
ImageNet 64x64
PixelCNN (Oord et al., 2016) 3.57
Parallel Multiscale (Reed et al., 2017) 37
Glow (Kingma & Dhariwal, 2018) 351
e SPN LSO Menick & Kalehbrenper 2018 1 57
Sparse Transformer 152M (strided) 3.44
Classical music, 5 seconds at 12 kHz
Sparse Transformer 152M (strided) 1.97

EEIR, XAFNES LBits per byte

IErRERA R

Child R, Gray S, Radford A, et al. Generating long sequences with sparse transformers. arXiv:1904.10509
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Model #Param  Dev  Test
Dataset text 8

T12 (Al-Rfou et al., 2018) 44M - 1.18
Adaptive (Sukhbaatar et al., 2019) 38M  1.05 1.11
BP-Transformer (Ye et al., 2019) 39M - 1.11

Our Longformer 41IM  1.04 1.10

Dataset enwik8

T12 (Al-Rfou et al., 2018) 44M - 1.11
Transformer-XL (Dai et al., 2019) 41M - 1.06
Reformer (Kitaev et al., 2020) - - 1.05
Adaptive (Sukhbaatar et al.. 2019) 3IoM  1.04 1.02
BP-Transformer (Ye et al.. 2019) 38M - 1.02
Our Longformer 41IM  1.02 1.00
BEEO®R B nEBERS fEtext8Flenwik8RYSLIG B REIFSEN
A=k a7

Beltagy I, Peters M E, Cohan A. Longformer: The long-document transformer. arXiv: 2004.05150
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Model | Layers | Heads | Perplexity
LSTMs (Grave et al., 2017) - - 40.8
QRNNs (Merity et al., 2018) - - 33.0
Adaptive Transformer (Sukhbaatar et al., 2019) 36 8 20.6
Local Transformer 16 16 19.8
Adaptive Input (Baevski and Auli, 2019) 16 16 18.7
TransformerXL (Dai et al., 2019) 18 16 18.3
Routing Transformer 10 16 15.8

LA DRI B R ARG B B T AR

SIS EMER L
O(N?) - 0(nlogn) or 0(n)

Roy A, Saffar M, Vaswani A, et al. Efficient content-based sparse attention with routing transformers[J]. TACL, 2021.
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_ exp (@(Ci'XjWC))
- Yy exp ((Z)(Ci'XjWC))

N
C; = Noramlize << E UiiX;) + C)
j=1

I; = Argmax(U' )

ij

X5, I' = Sort(X,1)

Wang N., Gan G., Zhang P., et al. ClusterFormer: Neural Clustering Attention for Efficient and Effective Transformer [J]. ACL, 2022, 1: 2390-2402.
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HERRIERT): WEEFEH (Query) . # (Key) FME (Value) R THTHIERSIINFITE.

Cy ¢ [l Next layer

CE i 62 —_—

w Centroids )

Chunking

L

X(Word Sequence) X*( Sorted Word Sequence )

79 = Attention(QY%, K%, Vi)

79 = BlockConcat(Z%, ..., Z%)

T A

Z%

29z

Z0s

Concat

Resort

Next layer

Z( Output )

Model Complexity: O(N?) - O(NVN)

Wang N., Gan G., Zhang P., et al. ClusterFormer: Neural Clustering Attention for Efficient and Effective Transformer [J]. ACL 2022, 1: 2390-2402.
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Maodel
IWSLTI4({De-En) WMTI4En-De)
Varational Attention 331 —
Random Feature Attention 3.6 =
Transformer 34.4 27.3/264
Reformer 34.0 26,3254
Routing Transformer 32.5 24.3/23.6
ClusterFormer 349 27.4/26.5
(3) BTELE,

— 1754 —+ Transformer

E == fefarmer

0 59 e g Transt

2 outing Transformer

i 129 9 = Clusterformes

ar §

g 100

g "]

g =0 4

E 25

o ; ; ; ; ; ; . ;
{3] £50 500 THO 1000 1250 1500 IVSO 2000

sequence length

The longer the sequence, the more noticeable the efficiency improvement

QPEES
Model CR MR SUBI MPQA 20NEWS Average
DiSAN (Shen et al., 2018) 34.8 - 942 90.1 - -
MPSAN (Dai et al., 2020) 854 - 94.6 9.4 - -
Transformer! (Vaswani et al., 2017) 6.2 818 054 899 #3.6 87.38
Reformer! (Kitaev et al., 2020) 83.0 797 947 BR.6 81.7 85.54
Routing Transformer! (Roy et al, 2021) 80.1 788 943 81.2 81.3 8314
ClusterFormer 88.1 827 962 90.4 83.8 88.24
(4) EFNL
12000
Transformer
—%— fAefarmer
= AR =& Routing Transformer
f —— ClusterFormar
— 8000
c
]
E 6000
1]
E
4000 1
2000 1

T L] T
] 250 S00

750

1000

1250

sequeance l2ngth

1500

1 v
1750 2000

Wang N., Gan G., Zhang P., et al. ClusterFormer: Neural Clustering Attention for Efficient and Effective Transformer [J]. ACL, 2022, 1: 2390-2402.
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EFFNEFIQK VD BIZR T ARBIMEML SRHES :
> EFFINER, M REATF—MZREEES, 38R T ETF T
(ko iR BAEa0IEHIRE, R — NhARED: per block

baseline Transf. 800M 0.160s 5.9ms

+ Sparse FF 0.093s 3.1ms
Controller(z) = arg max(Reshape(2C,Cy, (—1,N))) + Sparse QKV - 0.1525 6.2ms
+ Sparse FF+QKV - 0.061s 1.9ms

) ) Speedup 2.62x 3.05x |
Yoparse = max(0, zW; + b;) @ Controller(z) baseline Transf. 7B 3.690s 0.581s
= Sparse FF - 1.5955 ().2595
SparseFFN(z) = Yiparse Wa + bo TIRREE 28 >

+Sparse QKV - 3.154s 0.554s
+Sparse FEF+QKV - 0.183s 0.014s

> EAtention 2o, L TIFERTHRIEL, HESRELERS

dx iR E B Rdx (M + S)RIKERE, HFMxs =d, Fi@id ]
Ysm = Zi xiDi,sEi,m EI‘JTU_ :_Eti-I_%EﬁtHo ﬁﬁjﬂl«lzﬁé:gﬁg*ﬂg% ﬁgﬁgﬂjlﬁ_l,]ﬂﬁlﬂﬁ%

FHERERISEE.
Jaszczur S, Chowdhery A, Mohiuddin A, et al. Sparse is enough in scaling transformers[J]. NeurIPS 2021.
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Group Type A: MLP Group Type B: Multi-head Attention Group Type C: Channel-wise Grouping
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Ma X, Fang G, Wang X. LIm-pruner: On the structural pruning of large language models[J]. NeurIPS 2023.



At (PE/y,
& "%, »

1 | J’
'S 2

E)
2 @ >
& N

*

Tianjin University

J LR A

» » LR

et mm  mm ke n mm s s e s mm o mm st mm s mm s mm sk mm  mm  mm ke s mm s mm s = ket mm 4 mm s m ke % mm  mm = ke s mm s mm h mm ko k mm  mm st e s mm  mm ket e s mm s mm ke kw4 mm s ke s e mm ket omm  mm s ke e o s e

S EEMEAE: AR R R MR, ASET
 MEASEURENER, RTINS

N 2
fw_;:=|x:i.q..~;f{m—f:w,.emmnwajﬂk W—%Z( = ) O (IWHIP).
> B oHEIHTRE, RIREN. SRak HEFEE, PENERMES D, Fid

1TEIR:;
> FFLoRARYS T\ XS B FRRUTR B A T -
(W+AWMX +b= (WX +b) +(PQ)X

N i s mm s s mm s mm s mm s mm s mm s s mm s mm s mm s Em f mm s mm s mm s mm s mm s mm § s mm s M= s s Em f M= 4w s mm s M s mm s M= § mm s mm s Mm% s Mm b M= & s mm s M= s mm s mm § M= mm s e § s Em s M= s M s Em b M= s s = s mm s mm s mm k= mm s mm s mm s mm s omm o =

e

—

e
|

Ma X, Fang G, Wang X. LIm-pruner: On the structural pruning of large language models[J]. NeurIPS 2023.
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Model Strategy Ratio | #Params #MACs Memory Latency
- - 6.74B  424.02G 12884.5MiB  69.32s
LLaMA.TB Channel 20% 5.39B  339.36G 10363.6MiB 61.50s
Vieuna-7B Block 20% 542B  339.60G 10375.5M1B 58.55s
Channel 50% 3.37B  212.58G  6556.3MiB  40.11s
Block 50% 3.35B  206.59G  6533.9MiB 37.54s
—e— Wikitext2 Ours Wikitext2 |2 —e— Wikitext2 Ours Wikitext2 12
—+— PTB Ours —+— PTB I2 —+— PTB Ours —+— PTBI2
4000 4000
3500 H 3500
3000 / 3000
> 2500 / 22500
ézooo / ézooo
E) 1500 / E 1500
1000 1000
500 | 500 e
0 30 40 50 60 0 10 20 30 40 50 60

Pruning Ratio (%)

Pruning Ratio (%)
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Zhang, Zhenyu, et al. H20: Heavy-hitter oracle for efficient generative inference of large language models. NeurIPS 2023.
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Alizadeh K, Mirzadeh I, Belenko D, et al. LIm in a flash: Efficient large language model inference with limited memory[J]. ACL 2024.
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e ; : = V:‘IULZ T S Size Method HellaSwag PIQA WinoGrande OpenBookQA RTE Average
T —— - v | N Dense 75.9 79.0 69.1 44.0 632  66.2
e e SparseGPT(50%) 70.0 77.3 69.7 42.4 534  62.6
S Tl Il Ml i il Sl B Wanda(50%) 70.7 76.7 67.0 42.0 542 621
S [ e ] ] ] == | 2 iz | e SparseGPT(2:4) 56.7 70.8 64.5 35.4 552 565
dense matrix 2.4 pattern Wanda(2:4) 54.5 70.9 61.9 37.4 534  55.6
Cureight) RowOfTets WRP(0=0.25) 63.1 74.2 66.1 38.8 542 593
=[] Dense 79.4 80.6 722 454 650 685
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Wanda(50%) 76.1 78.7 70.9 44.4 60.6  66.1
- it IIEII BB S aeGPTa) 627 738 69.6 36.6 588 603
Wanda(2:4) 62.1 74.0 65.7 35.6 570 589
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Zadouri T, Ustiin A, Ahmadian A, et al. Pushing mixture of experts to the limit: Extremely parameter efficient moe for instruction tuning[J].
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Zero-shot Results at 3B Scale

Model % Params.] ANLI CB RTE WSC WIC Copa WNG HS | Average
Full-FT T0-3B (Saunh et al., 2022) | 100% 3346 30.0 64.08 6442 5039 7492 50.51  27.51 51.91
e TO-3B (our replication) 100% 41.08 BO36 T6.1T 5337 5392 ERY4 ATAG  29.19 60,06
PEFT I'lﬁ]:{ 0.018% 34.08 a0 6643 56.25  S5.4l TS 52.00 2991 52,90
LORA 0.3% 7.0 79.57 T3.53 6102 51.25 B3.6 5433 25.32 a7.51

I MoVl i 0.32% | 3892 750 7888 625 5219 8577 55.06 3024| 5993

MoV-30 ().68% 38.7 T8.5T 8087 63.46 al.1 87.25 6,27 2863 60.61
Our Method MoV-60 1.22% 38.83 6.79 7455 GO a2.66 879 ho.49 3047 390,53
MoLORA-10 3.18% 38.5 [8.07 7816 6346 5086 86.5 5641 26.72 50.77
MoLORA-15 4.69% 10,0 80.36 80.51 G298 50.86 890 55.33 27.3 G0.79

Zadouri T, Ustiin A, Ahmadian A, et al. Pushing mixture of experts to the limit: Extremely parameter efficient moe for instruction tuning[J].
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U Commonsense ST w 1-----1;'2-- ---14;3 ----- w. ! 'n-t-":.,l -------------------- “\‘

l Reasoning " e X %S X X _}w :

7 : L ATA AR :

Natural Language - ¥ + 4 [:\ !

D Inference - ﬂ AR\ A\ [\ |

1 1

i 1

LU/  Question K X | ADAPT Q COMPOSE |

D Answering : \ Evaluate the result of a ‘/ E

- Boolean expression: |

D Question E gﬁ LLM l .eval l.lEltE( not ( True ) and ) |

D Generation i ( True ) is False h
1

‘\\ Boolean Expressions . 2

LoRA Tuning on Upstream Tasks LoraHub Learning for Unseen Tasks

Chengsong Huang, et al. LoraHub: Efficient Cross-Task Generalization via Dynamic LoRA Composition[J]. COLM 2024.
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Task Zero IClayg 1A34,g LoRAu FFThyp |LoraHubgy,
Boolean Expressions 54.0 59.6 56.2 56.0 62.2 55.5
Causal Judgement 575 59.4 60.2 55.6 57.5 54.3
Date Understanding 15.3 20.4 20.0 35.8 59.3 329
Disambiguation 0.0 69.1 0.0 68.0 68.2 45.2
Dyck Languages 13 0.9 4.2 22.2 19.5 1.0
Formal Fallacies 51.3 55.3 k5 53.6 54.0 52.8
Geometric Shapes 6.7 19.6 14.7 24 31.1 74
Hyperbaton 6.7 71.8 49.3 553 773 62.8
. - . §
Eogica - Lecug on 213 391 327 400 422 36.1
(five objects)
52 ; : §
Logtesl Deduction 127 407 338 373 449 36.8
(seven objects)
Logical Deduction® ;
(shiree objécts) 0.0 51.6 8.5 53.6 52.9 45.7

v
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Chengsong Huang, et al. LoraHub: Efficient Cross-Task Generalization via Dynamic LoRA Composition[J]. COLM 2024.



B LR A

» Some thoughts

O (BiEEs) BEEAT, SMIUEEREUSER LIRS RSN INSEHIR

R, 15

FJRIBLORARIMFREIZIN, RENIASHELHE REHIES.

O (BuRE) EXERE ESLTHb

VTR,

AN (WIMoEMIEGEEERS) HIERX

LU, ITERARSSHE=EHI TS,




1Y (PE/y,

43‘% 1
s 2
= Z
= m
2 @
e N

L

K+ ¥

+i/" Tianjin University

LLMi&H{LAYRRE

e
dIT
‘a:




KiE+¥

Tianjin University

RV (PE/),
@s U
s %2
H )
2 g
< N
s

R

R HAfS

> MTEHREA SEHFRISTETES?
O SRS SR AR |
8, SHHETE, !

> MAERSHRREOERT, FSERoRe | .
O {ESHEERINS T, AR arE | O ZARIHCEARNSIETR, TS |

: O ZEScaling lawiHES T, HEREMESH
%, MBASEEALE, EEEEERE, | 48, B ;

AFHERYRREHERIR R ;

> UMEATEIRMARIEE. SRR TFE?
O EEUHAENBRT, SRR Ek |
RS, HEEATEFEERIEtTER !
B, SCIRMEREL R, !

O SRR D SR A RS RAIE,
| AUERGIRETRER. H=tiEIX !
- i =2 1) '



Lk = R 524 @) £ it + ¥
= HHEK @Y Tianjin University

M KIRBIREEHERIRSS, 1 wkEiTWﬁﬁﬁm#T HTRUEIRRIIDR, SE
Min = i REIEEAHESR

TR

|

FF2 :

|

BHEES |

...... |

RPN |

|

I BHRPN I

|

SR : .

: REERY - BeE SEASEYE :

\ EOEMAEEEESR K
N 7z

S s o o o o o o o O S O D S S S S e o



TS E



