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d £=2/0A (Full Fine-Tuning)
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EEME: SEEFN

A CUESREUANAI, ERASEPREDIETNZSEDH#HTH)
1B, HFEISRANUFREESKRUEMRRETSEEHNO, + AP,
Bl: 1y

max Z Zlog(Pcb(yt‘xany))

(x,y)eZ t=1
L XA RIED N E2NRKRUEIIZ I NS LEIEEACEIEER
ZRSEPoe—HEY, XMFELIIRHNRERSYS, —AK
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4 =5 WMEYVZERIFZ T
1. fEESMGR (Standard FT)
BT, BEHIEERRE. RRTE

FESHS54%

< §

2. DHrEEEERIA (Layer-wise FT)
FE&INE — BETRER, ANRER —EEEEZFRINEMIES

3. EARE2ERIA (Hybrid FT)
45 embeddingSRERE, AR{LES
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SERVE

D%M%W?}-Lﬁﬂ (Parameter-Efficient Fine-Tuning, PEFT)
RS SEMAS DS, XNEFHIRNDEESFHESE

/7]

~/I\

O

o é{\ 0. O (< == Gradient flow |
LoRA Fine O< $ KD% O“ ﬁ)k o> fx O  additional
Tuning \g// U O (O) LoRA layers )

o
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MRy EARIE

L ARBIANBEREINSHGRT ERBZINSEIREAD =

AD(O) |

Hp|O] < D] , [RICTIHACHMEICEIRZENTIXO:

Y|

max Sj Sj log (P@0+A<I>(@) (ye|, y<t))
(z,y)ez t=1

L I XAMMXGTE—E 0 SEEY ARSI . TTNERRE,

ARE

31RZBYKIN S TV (W Adapter, prefixtuing, LoRAS)
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SRR 7ED 3K

d =2 E

1. IBIIERINSEL
a. JEBCE
b. iR

2. IRENEB DS 2K

3. 5| \E

S SEUC

Addition-based BitFit Selection-based
°
E FAR LN Tuning
Ladder-Side
Tuning Attention Tuning
AttentionFusion
Adapters Diff-Pruning
LT-SFT
3
(A Fish-Mask
LeTS
*LoRA
Soft prompts

Reparametrization-based

KronA
@

Intrinsic-SAID

14

Scaling Down to Scale Up: A Guide to Parameter-Efficient Fine-Tuning. 2023.
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SRR

1 =3RRI
1. 1BNEMINSEL 215280024 3.5 AESEUL

(a) Additive PEFT (b) Selective PEFT (c) Reparameterization PEFT

Output Output Output
af)
Combine ﬁ ﬁ
AN
Merge
-~
) % N
) 0 o g
Input Input Input Input (train)

[ ]Frozen [_] Learnable
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Scaling Down to Scale Up: A Guide to Parameter-Efficient Fine-Tuning. 2023.
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1.3&08C 35 5 E-Adapter Tuning

Diﬂj‘_ “IMransformer®, 1B/ T~T)l1Z
1J|| #L‘“‘#ﬁﬂ&ﬂ% SECHHESS

BYAdapterf®, i@

U SRR . ® AdapterZEiaigit:
gt : Adapterg /I\ TR + JE&M +
. [OO0OQO0O0O0] | |
(e | LE3RA¥ BORRSH
B o ) | — | h' = h+ oc(Wgaown - h) - Wy,
Layorm E E E l \
[F ] e | RIGRSERTS BB A1) A (r—d)
eed-forv:/ard layer i i I i
(s ] ) NPl ER, MR <d, —REHELE

____________________

Parameter-Efficient Transfer Learning for NLP. 2019. 17
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1.3&08C 35 5 E-Adapter Tuning

1 LS

1. Adapter{XFZ|IZ/ DE5EL, B2 2RTERNER
2. FRANAEE r SEUENIERR, 4EEE8-256 28], REIEN 64 <BEFEERE

Total num — Trained CoLA SST MRPC STS-B QQP MNLI, MNLIL,, ONLI RTE | Total
params params / task
BERT| ARGE 9.0x 100% 60.5 949  89.3  87.6 721 86.7 85.9 91.1 70.1| 80.4
Adapters (8-256) | 1.3x 3.6% 595 940 895  86.9 718 84.9 85.1  90.7 71.5| 80.0
Adapters (64) 1.2x 2.1% 56.9 942  89.6  87.3 718 85.3 84.6 914 688 | 79.6

Table 1. Results on GLUE test sets scored using the GLUE evaluation server. MRPC and QQP are evaluated using F1 score. STS-B is
evaluated using Spearman’s correlation coefficient. CoLA is evaluated using Matthew’s Correlation. The other tasks are evaluated using
accuracy. Adapter tuning achieves comparable overall score (80.0) to full fine-tuning (80.4) using 1.3 X parameters in total, compared to
9x. Fixing the adapter size to 64 leads to a slightly decreased overall score of 79.6 and slightly smaller model.

Parameter-Efficient Transfer Learning for NLP. 2019. 18



EicEs HyA-Adapter Tuning

J AdapterFusion & Adapter Tuning BY—
ZRYSHY Adapter, SCINEE5E

:\
J

4

((—(Gadiiom) )

AdapterFusion

A

A A

Adapter

Add & Norm
4

Feed
Forward

Add & Norm

Multi-Head
Attention

\\ AL

J

ﬁ—} Add & Norm

(%) AdapterFusi
[_SoftMax |
(%)
{ vawe J [ Key ) [ Query
4 \

]

e

EFB L

S2Y |
RRRES]

® Bixmiz (MKTER)

BrEE—: XDIRESHIER, 1llZk
AdapterFusiont&EiR

BirEs—

553

AdapterFusion:Non-Destructive Task Composition for Transfer Learning. 2020.
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: RDIRHRENMTER, XIBNME
Jl}lléﬁ\ Adaptert&Eiii
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2 3&ficEs HyA-Adapter Tuning

A XWFIEE—, EAEES Rl AZERAdapteriRIR, AFZFS
SEEFZHER

|

® FipilllZxo\:

1. Single-Task Adapters(ST-A): WFNPES,
BREDBIRYOHITIN, STESZEBTAF
o, G400,

2. Multi-Task Adapters(MT-A): N'MEZR BT

ESFINHI, HITERESI.

AdapterFusion:Non-Destructive Task Composition for Transfer Learning. 2020. 20



2 3&ficEs HyA-Adapter Tuning

A XNFMEZ, BEEsSRESHEFFEISBHIAdapter=£y, 5l
A—THEZEHBERNEIAdapterFusion

AdapterFusionB{KL510) :
I. &1 Adapter HiH— TR
hy o, ...,
Query2Transformer E /$,$ j:]l-l_ *RE

ST a; = softmax(q - k;)

KeyfJValueNME = .
%B@Adopteﬁ’gﬁtﬁtﬂ 3. BD*RI‘T‘JE‘I%
Reusion = 2ihi

AdapterFusion:Non-Destructive Task Composition for Transfer Learning. 2020.
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2 &0 Es A -AdapterFusion

1 LS

—————————————————————————————————————————————

Dataset  Head Full ST-A MT-A F.w/ST-A FEwMTA | *Head: Ri||ZosL

MNLI 54.59 84.10 | 84.32 8249 049 | 84.28 83.05 e Full: £27/03 i
QQP 76.79 90.87 : 90.59 89.47 +0.60 i 90.71 90.58 e QT—A- i/ Y73
SST 85.17 +045 92.39 4022 | 91.85 4041 92.27 +071 | 92.20 +0.18  93.00 +0.20 ! . 79@ | 1£%§$LL1“ .
WGrande | 51.92 <035 60.01 +008 | 61.09 +o11 5770 +140 | 6023 031 5932 <030 | 2k Adapter |
IMDB 85.05 +022  94.05 021 | 9385 +£007 92.56 +054 § 93.82 +039 92.66 032 e MT-A: W MESBES

_HSwag | 3417 +027 39.25 +076 ; 38.11 +0.14 3647 +098 i 37.98 +001 37.36 +0.10 B

Z Adapter

CosQA 50.06 +051 6028 040 60.01 002 6125 -0.90 60.65 055 6278 007 « Fusion w/ ST-A [ Fusion
SciTail 85.30 +244 9432 +o0.a1 | 93.90 +o.16 9453 +043 | 94.04 +023 94.79 =+0.17 “w/ MT-A |
Argument | 70.61 +059 76.87 4032 i 77.65 +034 75.70 +0.60 : 77.65 4021  76.08 4027 ! !

. . . 24 . . 76 . . . . Py =3 s !
MRPC | 7191 to13 8504 +04s 8516 tos2 8186 099 9029 cos 8468 w0 | IBIRILUREIE. Adapter |
~SICK 7630 +071  87.30 +042 { 8620 +000 88.61 +1.06 | 8728 +099 9043 +030 | Tuning., AdapterFusion=fFff !
RTE 61.37 +1.17 6541 4090 | 71.04 +162 77.61 +321 | 76.82 +168 79.96 +0.76 - 4t . i
CB 68.93 +452 8249 +233 | 86.07 387 89.09 +1is | 9214 =097 89.81 =09 ;Bfér ,n‘%i%ﬁdaspée’:ﬁusmn ;
Mean 64.17 75.51 | 76.05 75.80 L 77.33 77.06 ERMERERIINE |

AdapterFusion:Non-Destructive Task Composition for Transfer Learning. 2020. 22
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3.2RIR T~ A -Prefix-tuning

Q BENE
Prefix-tuningzETransformerfi8—2 CGEBARAZRBHIAER) BRII—T

AURIRT, REEREIIZREY R X BIRN FEYSIhH THIE

Fine-tuning Prefix

A =
(Transiation) Transformerf9&—=
Transformer (Translation) : H
o oommertiEnseien - o Prefix Prefix-tuning
(Summarization)
F Transformer (Summarization)
11 c1 1 1 [ 1 C] Prefix Transformer (Pretrained)

Transformer (Table-to-text) (Table-to-text

RN i

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

RSB RS AR

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

ESHR AN RS

Prefix-tuning: Optimizing continuous prompts for generation. 2021. 23
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3.2~ A -Prefix-tuning

L STRFRAP S AR BRI 51 -

® 5HOF (GPTRIIFE) : BIRHVRINS TNz = [PREFIX;x;y]

® Encoder-Decoder (BART_ T5%)

Autoregressive Model (e.g. GPT2)
PREFIX Wi (source table) y (target utterance)

I 1l 3 L

Harry Potter , Education , Hogwarts [SEP] Harry Potter is graduated from Hogwarts .

Activation hy hy hs hs hs he hy hg hg hio hi1t hiz his  his his

Indexing L1 241 l? 4 5 6 7 84] L? 10 11 12 13 14 15 1

: 2z = [PREFIX;x;PREFIX"y]

Summarization Example

Article: Scientists at University College London discovered people
tend to think that their hands are wider and their fingers are
shorter than they truly are.They say the confusion may lie in the
way the brain receives information from different parts of the
body.Distorted perception may dominate in some people, leading to
body image problems ... [ignoring 308 words] could be very
motivating for people with eating disorders to know that there was
a biological explanation for their experiences, rather than
feeling it was their fault."

?Summary: The brain naturally distorts body image -

Piax = [1,2] Xiax = [3,4,5,6,7,8] Yiax = [9,10,11,12,13, 14, 15] {a finding which could explain eating disorders like %
| anorexia, say experts. |
Encoder-Decoder Model (e.g. BART) PREFIX
PREFIX L (source table) PREFIX Y (arget utterance) Table-to-text Example
l i i : Table: name[Clowns] customer-
Z Lany Potter , Education , Hogwarts r 1I[SEP] Harry Potter is graduated from Hogwanl- rating[1 out[of g] ]eagType[coffee
shop] food[Chinese] arealriversidel
Activation  p h, By hy hs he hr hs hg hio hii hio his hia  his  hig hir near[Clare Halll \
{ Textual Description: Clowns is a )
I i 11 12 13 14 15 17 | coffee shop in the riverside area |
ROSKIR 11 2 1 LE, 4 5 6 7 841 [4? 19] | ] ! near Clare Hall that has a rating |
E 1 out of 5 . They serve Chinese |
Pidx = [1,2] Xidx = [3,4,5,6, T, 8] Pigx += [9, 10] Vi = [11, 12, 13, 14, 15, 16, 17] ’\ food . }

Prefix-tuning: Optimizing continuous prompts for generation. 2021.
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3.2~ A -Prefix-tuning

1 SLIuZ5 R

21.0+ /.\ l36.0 46.0 - N
»
E 20.01 .35_0I - 45.0] +0.475
S 195 = o i
51 L 34.5 i =
o) o) @ ] 0.470
& +— ROUGE-2 2 44.5 —e— BLEU
19.01 +— ROUGE-L [34.0 " —— TER 4 |0.465
18.5 1335 '
L0.460
0 100 200 300 0 10 20 30 40
Prefix Length (XSUM) Prefix Length (DART)

@ L AN N |
RTAHARHKMIS, WFXSUMER[BERSE
ES, RANRINKER200, WFDARTSE 5
table-to-text{FBKi%, RAHRILEER10

_____________________________________________________________________________________

Prefix-tuning: Optimizing continuous prompts for generation. 2021.

method
—— FT

PT

100 200 300 400 500

training_data_size

68 YT RRT

g University of Chinese Academy of Sciences

S SSEEEEESEEREEE

" 4

/4

method

—— FT

PT

100

200 300 400 500

training_data_size

o BRRD=R:

EEEIRIZE T, Prefixtuning (&) X
MFLERR (BE) , MERRNSHE

HENED

25
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3.2~ A -Prefix-tuning

W ENI ST S

E2E ® Full vs Embedding-only: :

BLEU NIST MET ROUGE CIDEr Full 2 ZETransformerfyE—R2ENIA |

PREFIX  69.7 881 461 714 2.49 / BIR4SE, Embedding-only R#E4iA
Embedding-only: EMB-{PrefixLength} EDD /\@'i“ éﬁ\ﬂ’g%ﬁ

EMB-1 481 333 321 602 1.10 PIOAEBS Embeddi v < Prefix
EMB-10 622 670 386 664 175 XIS RIE Embedding-only < Prefix |
EMB-20 619  7.11 393  65.6 1.85 tuning '

Infix-tuning: INFIX-{PrefixLength}
INFIX-1 67.9 8.63 458 69.4 242

s e wh By S0 3 N @ BIZ (Prefix) vs g (Infix) : |
 PREEERRNEXNYPE (Blz =

Table 4: Intrinsic evaluation of Embedding-only (§7.2) [)(; PREF IX;y])
and Infixing (§7.3). Both Embedding-only ablation and SPIG 4 B8 S thigRig) w%%%a:ﬁﬁé%

Infix-tuning underperforms full prefix-tuning.

Prefix-tuning: Optimizing continuous prompts for generation. 2021. 26
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4. ¥R12 1~ yE-Prompt tuning

A 5ENA
Prompt tuning@I&{ERPrefix tuningBy@{LiR: BIRERIAFRYIGIHEE—
B mE, BFraoh4s8ENITFaAE

e ) ) . N
Model Tuning Prﬁgﬁ'er}ed : Prompt Tuning ® Model Tunmgj’i;ﬁ
(I parEms) ) | BN FHESAIE=E ) |ISR8EIA, B
raskA [20_[ TaskAModel | | Mg HERHEEESHORIT, (BMESS1101Z
Batch (11B params) INEHK
\ / : é 21 ’[ Pre-trained J | 7)39&)
b1 ( R | l;] _B bj Model . Prom tt . 7’52%
Al a2 11B pttuning /J;
-I;:tl::f? g T‘Ia1s; Bal\r/la?gsel , _ B ( parame) M-S /N\ATAZ X \E= B —_— = NS
(e | 1 WS (BN RIGER, FHELR)
o () | e FIRAT RGBS (T4, (BME
as C as ode w
Batch (11B params) : %520,480 ﬁ%’éﬂ)
N Y,

The power of scale for parameter-efficient prompt tuning. 2021.
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4 YRIR T >E-Prompt tuning

=H=- Model Tuning =&- WARP
@= Prefix Tuning (Train) =x= Prompt Tuning
D 'QI ’gﬁéﬂ: =+=Prefix Tuning (Infer) ~ =®= Prompt Design
o)
= /l £ -100%
100 []
-H- 1 109 /./ - .
—-t= 5 -
90 =e- 20 % ./ , o 1% A
: v . &
2 ::: 1(5)8 “ : % 107 ® | et = -0.1% E
é 80 X S /+/+ g
A x;O g _—t -0.01% 3
C’)j 70 5 10° >~— /x’/x/’ -0.001% ®
o X
3 N
n

o ]
60 ,‘(/ > +
3 _,_/ 103
50 +/ ° * ® ® *

108 10° 1010
108 109 wo° . nedetratametets

! odel arameters - (EFISHIFIFER:
o iRRKE: (@ Promptiengh | Model Tuning: FiES%UINESISE
RTRKERE N0 RIS, I, LIRS | Prefix Tuning: 5FE0.1% -1%2%

EAATIOER, XLBSHAEEE | PomptTuning: F0.01%BH
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BitFit

(Bias-only Fine-tuning)

1 BitFit{X BN B HTIE SIRE

RV GIE DA

NFE2R0E:
SEMATENRE (weight) F{RE (bios)
WFBItFit

o REHhaNERE

pAg={i
KR

BitFit: Simple Parameter-efficient Fine-tuning or Transformer-based Masked Language-models. 2021.

N

(W)

ZrREIN (D)

RO ESEFRIRE

s YR

z5i

41T, MARE

o 3
68 YT RRT
\ 4 University of Chinese Academy of Sciences

b bias (fRE) S, ka8
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BitFit (Bias-only Fine-tuning)

A N ABitFit RiEbiasth B RNER?

/—

® Transformer I F—ZEBEES:
ST We+b
LayerNorm: 138§ bias ({m#2IN)

® FE bias HN{ER:
NEREDH (BAER)
FOEIRTRID SR

T ENIERE: ANZ [T (BXE

(i
|~

), RiCERRE" (bias)

31

BitFit: Simple Parameter-efficient Fine-tuning or Transformer-based Masked Language-models. 2021.



BitFit

(Bias-only Fine-tuning)

1 LS

University of Chinese Academy of Sciences

M M . L / VRN 4
BitFit ZE{XEHTA 0.1% REISEBVET T, PEEEER NI aMEERIN
% Param QNLI SST-2 MNLI,, MNLI,, CoLA MRPC STS-B RTE QQpP Avg.
Train size 105k 67k 393k 393k 8.5k 3.7k 7k 2.5k 364k

(V) Full-FTt 100% 93.5 924.1 86.5 87.1 62.8 91.9 89.8 71.8 87.6 84.8
(V) Full-FT 100% 91.7£0.1 93.4+02 855+04 85.7404 6224+1.2 90.740.3 90.04+04 71.9+-1.3 87.5+04 84.1
(V) Diff-Prunef 0.5% 93.4 94.2 86.4 86.9 63.5 91.3 89.5 71.5 86.6 84.6
(V) BitFit 0.08% 91.44+24 932+04 84.4+0.2 84.840.1 63.6+0.7 91.740.5 90.3+0.1 73.24+3.7 85.44+0.1 84.2
(T) Full-FT% 100% O1.1 94.9 86.7 85.9 60.5 89.3 87.6 70.1 72.1 81.8
(T) Full-FTt 100% 93.4 94.1 86.7 86.0 59.6 88.9 86.6 71.2 71.7 81.5
(T) Adapterst 3.6% 90.7 94.0 84.9 85.1 59.5 89.5 86.9 71.5 71.8 81.1
(T) Diff-Prunef 0.5% 93.3 94.1 86.4 86.0 61.1 89.7 86.0 70.6 71.1 81.5
(T) BitFit 0.08% 92.0 94.2 84.5 84.8 59.7 88.9 85.5 72.0 70.5 80.9

Table 1: BERT| argg model performance on the GLUE benchmark validation set (V) and test set (T). Lines with
T and § indicate results taken from Guo et al. (2020) and Houlsby et al. (2019) (respectively).

BitFit: Simple Parameter-efficient Fine-tuning or Transformer-based Masked Language-models. 2021.
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1.LORA (Low-Rank Adaptation)

4 LoRAIAN: ENBESMANREP, RENSEIESAW LR

FREFRBY, HIEEIER)RTRAErE
W, -» W, + AW

d XEERESHPFEERLFA@ENE XM, BRENBNEFT LA

JEEHERNTRT KL E

LoRABYZIL BB {EFA D T LIWEEHT, EARSRREEIA]
RE, ARDSHENSIRE

L11]]

LoRA: Low-Rank Adaptation of Large Language Models. 2021. e



. LoRA (Low-Rank Adaptation)

0 LoRA ZERETI4NE E3IA— PB4, B MERIEH:
AR B AR

® )| ZAIREPAGRIREISE, (XEF AN B

® ||Z&TANE, RERNE= BA S5IRIGINESE Pretltained
h, BNTERIRIRSHIEEISE: Welghts
h = Wyx + AWx = Wyx + BAx
— \
W, € R¥* BeRM  AeRrxd

LoRA: Low-Rank Adaptation of Large Language Models. 2021. 40



1. LoRA (Low-Rank Adaptation)

d LoORA B LRS: h = Wox + AWx = Wyx + BAx

h | | h | ]
ZER N
Pretrained Finetuned Pretrained
Weights Weights Weights
W e R4 R AW € Rdxd W € R4xd
o | |
X | ' d I
Full Weights Finetune get AW Lora only train A and B

MIRSHMEANIZEE, BRENEN2rd (BN < d)

LoRA: Low-Rank Adaptation of Large Language Models. 2021.
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. LoRA (Low-Rank Adaptation)

1 LS

A

University of Chinese Academy of Sciences

— =9 T H /W N S = /4

FASIEREESD, LoORMBRFEMMALZRINRE (EFRoBERTa)
Model & Method |# Trainable

Parameters| MNLI SST-2 MRPC CoLA QNLI QQP RTE STS-B Avg.

RoBpase (FT)* 125.0M| 87.6 948  90.2 63.6 928 919 787 912 864
RoOBpase (BitFit)* 0.IM| 847 937 927 62.0 91.8 840 815 90.8 85.2
ROBhase (Adpt”)* 0.3M[87.14+0 94.241 88.5+11 60.844 93.141 90.240 71.5427 89.7+3 844
RoBhase (Adpt)* 0OM |87.3+1 94.7+3 884+ 62.649 93.0+2 90.6+0 759422 9034+, 854
RoOBypase (LORA) 0.3M[87.54+3 9514+, 89.74+7 634415 93343 90.8+; 86.6+7 915, 87.2
ROBijaree (FT)* 355.0M| 90.2 964  90.9 68.0 947 922  86.6 924 889
ROBiarge (LORA) 0.8M]90.61+> 96.215 90.9+12 68.2119 94915 91.611 874125 92.61> 89.0
ROBiaree (Adpt")7 3.0M|90.24+3 96.145 90.24+7 68.3+10 948+, 9194, 83.84,9 92.1+7 884
ROBiaee (Adpt”)t 0.8M|90.5+3 96.6+> 89.7412 67.8425 94.843 91.7+> 80.1420 91944 879
RoBiaree (AdptH)T 6.0M|89.9+5 96.24+3 88.7429 66.5444 94747 9214+ 83.4411 91.0417 87.8
ROBiaree (Adpt™)t 0.8M[90.34+3 96.34+5 87. 7417 663420 94. 742 91.541 729420 91.545 86.4
ROBiaree (LORA)T 0.8M[90.6+> 96.21+5 90.2+10 682419 94813 91.6+2 85.241; 92315 88.6
DeBxx. (FT)* 1500.0M| 91.8 97.2 92.0 72.0 9.0 927 93.9 929 91.1
DeBxx1. (LoRA) 4.M (9194, 969+, 92.6+6 724411 960+ 929+, 94914 93.0+, 913
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. LoRA (Low-Rank Adaptation)

1 LS

7

Wa

EAES P, LORAHENS SIMRIVAR (5

GPT-31&H

# Trainable | WikiSQL MNLI-m SAMSum
Model&Method Parameters | Acc. (%) Acc. (%) R1/R2/RL
GPT-3 (FT) 175,255.8M 73.8 89.5 52.0/28.0/44.5
GPT-3 (BitFit) 14.2M 71.3 91.0 51.3/27.4/43.5
GPT-3 (PreEmbed) 3.2M 63.1 88.6 48.3/24.2/40.5
GPT-3 (PreLayer) 20.2M 70.1 89.5 50.8/27.3/43.5
GPT-3 (AdapterH) 7.1M 71.9 89.8 53.0/28.9/44.8
GPT-3 (AdapterH) 40.1M 73.2 91.5 53.2/29.0/45.1
GPT-3 (LoRA) 4. TM 73.4 91.7 53.8/29.8/45.9
GPT-3 (LoRA) 37.TM 74.0 91.6 53.4/29.2/45.1

ll=

) PaTRRT

s University of Chinese Academy of Sciences
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. LoRA (Low-Rank Adaptation)

O IEIEPFEIRT: LoRAXM FATF-AttentiontERAY4SEINE

3

(ILLIT)

| V]
%, [EIRTRS W, R0 W, TR o 3K 15 e £ EEE
# of Trainable Parameters = 18M
Weight Type W, W, W, Wo Wy Wi W W, Wi, Wi, W,, W,
Rank r 8 8 8 4 4 2
WikiSQL (£0.5%) | 70.4 70.0 73.0 73.2 71.4 73.7 73.7
MultiNLI (£0.1%) | 91.0 90.8 91.0 91.3 91.3 91.3 91.7

Table 5: Validation accuracy on WikiSQL and MultiNLI after applying LoRA to different types of
attention weights in GPT-3, given the same number of trainable parameters. Adapting both W, and
W, gives the best performance overall. We find the standard deviation across random seeds to be
consistent for a given dataset, which we report in the first column.

LoRA: Low-Rank Adaptation of Large Language Models. 2021.
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. LoRA (Low-Rank Adaptation)

Irnl

. *%H’ilﬁ}z‘ 1‘El:|$i7J[|r 1%":1‘2:%@5%41%5’9%%%7]D?&%@; E

N .
MIERr A A—TERBRITER. BF, /4, 8, 16E0A]
Weight Type r=1 r=2 r=4 r=8 r=64

— W, 688 696 705 704 700

WikiSQL(0.5%) w,, W, 734 733 737 T38 735

W, We W, W, | 741 737 740 740 739

W, 907 909 911 907 907

MultiNLI (+0.1%) W, W, 913 914 913 916 914

W, We W, W, | 912 917 917 915 914

o R
68 YT RRT
\ 4 University of Chinese Academy of Sciences

Table 6: Validation accuracy on WikiSQL and MultiNLI with different rank . To our surprise, a
rank as small as one suffices for adapting both W, and W, on these datasets while training W, alone

needs a larger ». We conduct a similar experiment on GPT-2 in

LoRA: Low-Rank Adaptation of Large Language Models. 2021.

Section H.2
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2. VeRA ( Vector-based Random Matrix Adaptation)

L VeRAZLORABYIRE(C, RLORAPRIFEIEZ ORI N OES
IO, EbelaT: REEIEHRIER + (RZI4EHEE

dimgye dirAnout

A [ \

hi } LERIE h |
0 mr N

VeRATRE

B = N(0,02) shared

across layers
shared
across layers
|
J

Pretrained Weights

Pretrained Weights

/= Rdxd

N

x| X ! & - frozen
| dim; dim;, [ - trainable
h:WOfE—l‘AWCE:WOCE—'—B_ACE, h:W0$+AW$=Wox+&BMAa;

VeRA: Vector-based Random Matrix Adaptation. 2023. i



2. VeRA ( Vector-based Random Matrix Adaptation)

1 VeRARMEARIEFFATIBREN DB HBEE, SIAMTTIIIZRESE
M@EbAld, HFICERD:

W =W, + A,BA A

A € Rrxd,B = ]Rdxr /1 = Rdxd /1 € RT‘XT

shared
—
across layers

\

L shared

BENL#DIB W FHIRES _JlJllfﬁ?El’J?j%%E‘ 2N e
ngﬁﬁ( , rIEEjfgi IEr__'Ed S Rd b E ]R{r B - frozen
SHEHR—DR(E, MLoRABI2rd[ENT +d

VeRA: Vector-based Random Matrix Adaptation. 2023. 42
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2. VeRA ( Vector-based Random Matrix Adaptation)

 SChws
VeRASLORARIIMRENRS, (B2HERID S—THESR (Y+E)

Method | % Tramable | "gqps  MRPC CoLA  QNLI  RTE  STS-B  Ave.
Parameters
FT 125M |  94.8 90.2 63.6 92.8 78.7 912 852
= BitFit 0.IM | 93.7 92.7 62.0 91.8 81.5 90.8  85.4
%5 Adpt” 03M | 942401 885411 60.8+04 931101 715427 897103 83.0
23 Adpt® 0.9M | 947105 884101 626100 930102 759422 903i01 842
~ LoRA 0.3M | 951402 89.7+07 634412 933103 86.6+107 95102 86.6
VeRA 0.043M | 94.640.1 89.5405 65.6408 91.8402 78.7+07 90.740.2 85.2
Adpt® 3M | 96.140.3 902407 683110 94.8102 8381009 921407 87.6
S Adpt 0.8M | 96.6402 89.7112 678425 948403 801420 919404 86.3
£O  Adpt” 6M | 962103 887129 66.5+44 947102 834111 91.0+17 86.8
5 Adpt" 0.8M | 96.310.5 877417 663420 947102 729420 915405 849
LoRA-FA 3.7M | 96.0 90.0 63.0 94.4 86.1 92.0 87.7
LoRA 0.8M | 962405 902410 682410 948103 852411 923405 87.8
VeRA 0.061IM | 96.140.1 909407 68.0408 944402 859407 O91.7405 87.8




3. AdaLoRA ( Adaptive Low-Rank AIIocotlon )

1 AdaLoRAE—M BIERNEHERIETDE, ZIVEBRIITAAN

SEDICARK, AEESSEMNE FLIMILRERIN

12

Wy, 4

10

-
4
2

,,,,,,,,,,,,,,,,,,,,,,,,, _O

yuel [euy Y.

AdaLoRA: Adaptive Budget Allocation for Parameter-Efficient Fine-Tuning. 2023.
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3. AdaLoRA ( Adaptive Low-Rank Allocation )

1 AdoLoRAjEi&

QA

K, Bk SRERE

SHRFAWRTNGREDE (SVD) BIFI:

W =W, + AW = W, + PAQ

P e ]Rer
EHRAE
BEREZM: Ik = |4
=£28

N

A € RTXT Q = ]Rrxd
FHENANE AFROE

Npell - Nlggll

NIZREE,

IR

Iy

AdaLoRA: Adaptive Budget Allocation for Parameter-Efficient Fine-Tuning. 2023.
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3. AdaLoRA ( Adaptive Low-Rank Allocation )

1 BENMEDER: RIESREEENM, $)SIEEIXE

i

ABEPEBYRR

Q RERMEL(FIERETRER) , RIS RBMDIEDL O EE

=1, (T)
b ( B0
t—t;—t
bt = ¢ (D 4 (b(o) — b(T)) (1 - T—ti—t];
L (™)
2GR HF, KRB NBESHS,

ya)i

7S

0<t<
3
) t<t<T-t

O0.W.

HREO0—>E

AdaLoRA: Adaptive Budget Allocation for Parameter-Efficient Fine-Tuning. 2023.




1 XIZS

ANH- T = = SE =
AdaLoORAFER T EMES . NASHE TFIIRINMNE
# Params | Method XSum CNN/DailyMail
100 % Full FT | 45.49/22.33/37.26 | 44.16/21.28 /40.90
2.20% LoRA 43.95/20.72/35.68 | 45.03/21.84/42.15
RO AdalLoRA | 44.72/21.46/36.46 | 45.00/21.89/42.16
1.10% LoRA 43.40/20.20/35.20 | 44.72/21.58/41.84
S AdalLoRA | 44.35/21.13/36.13 | 44.96/21.77 / 42.09
0.26% LoRA 43.18/19.89/34.92 | 43.95/20.91/40.98
Do AdalLoRA | 43.55/20.17/35.20 | 44.39/21.28/41.50
0.13% LoRA 42.81/19.68 /34.73 | 43.68/20.63/40.71
o AdalLoRA | 43.29/19.95/35.04 | 43.94/20.83/40.96

AdaLoRA: Adaptive Budget Allocation for Parameter-Efficient Fine-Tuning. 2023.

68 YT RRT

s University of Chinese Academy of Sciences

3. AdaLoRA ( Adaptive Low-Rank Allocation )
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4. DORA (Weight-Decomposed LoRA)

1 DORAR— M E D FREREBIEN57A, ZILVRSTIgNEiH’
TIEE-L AR, FHXWXM TS HTRIIEH
Prtranec (] — Frozen Weight J1. *XE_ﬁﬁleWoﬁﬁg IBEREmS

Wy € R™* || — Trainable W' e R™*

| BTSSR/ Ve, AT
@(isﬁr;.?;ie ﬁ
Magnitude _ " ____ ___ Magnitude ~_ _ _—__ __ ____ _ . V - . &
A e WoEme = [Wolle
Direction ————%—————~\ Direction—————%—————~\ 1xk o e _ =
| 1/I[Woll | ] 1[IV + AV, | * M = HW()HC c R 1271 £y SCEMIRIRE @ E,
! _ i Adapt ! a9 .
Pretrained | ! !
daan TV L Z See oV = Wy € RYR: SRER, MAHNRINE:
V =W, € R | L[| Weioht — N — e .
' o= == o || - lc: RIIMEM Ly STEER (FISEE) .

DoRA: Weight-Decomposed Low-Rank Adaptation. 2024.
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4. DORA (Weight-Decomposed LoRA)

1 DORAZ—FPINE

BRAIBEFISE,

Pretrained
Weight D Frozen

WO = Rdxk

Decompose
(Initialize)
Magnitude

— e e e e - = =

‘7 — Trainable

1/[[Wolle

. | Adapt
Pretrained

Weight

V =W, € R*™

S D REEHRE
HIIXRK

T8

— e e e e = =

||V + AVl

7

! Pretrained

Weight

|
I | VeR™

N3, LRSS E S
R TIRI L EERT
Q2. (NEIEREW B 5 IBEOSEmTS

3, BAEFERLORAEIRERT, WT:

W' = m - V+AV Wy+BA

M wiavl. — T [wo+BAJ.

e m: FIIGMNEERE ((UIFXEY, SHED)
« BA: LoRA fEHitE, B c R¥*"_ A c Rk

o |V +AV||.: BEEHEERNIITE

DoRA: Weight-Decomposed Low-Rank Adaptation. 2024. 9



4. DORA (Weight-Decomposed LoRA)

1 SCA4S5R : DORAEEIRHEE

B@BFIESLE, 3

IATE=1y/mm

Model PEFT Method # Params (%) BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-¢c OBQA Avg.
ChatGPT - - 73.1 854 68.5 78.5 66.1 89.8 79.9 74.8 77.0
Prefix 0.11 643 76.8 739 42.1 72.1 72.9 54.0 60.6 64.6

Series 0.99 63.0 79.2 763 67.9 75.7 74.5 57.1 72.4  70.8

Parallel 3.54 679 764 78.8 69.8 78.9 73.7 57.3 752 722

LLaMA-7B LoRA 0.83 68.9 80.7 774 78.1 78.8 77.8 61.3 74.8 747
DoRAT (Ours) 0.43 70.0 82.6 79.7 83.2 80.6 80.6 65.4 776 715

DoRA (Ours) 0.84 69.7 834 78.6 87.2 81.0 81.9 66.2 79.2 784

Prefix 0.03 653 754 721 55.2 68.6 79.5 62.9 68.0 684

Series 0.80 71.8 83 79.2 88.1 82.4 82.5 67.3 81.8 79.5

Parallel 2.89 725 849 79.8 92.1 84.7 84.2 71.2 824 814

LLaMA-13B LoRA 0.67 72.1 83.5 80.5 90.5 83.7 82.8 68.3 82.4 805
DoRAT (Ours) 0.35 72.5 853 799 90.1 82.9 82.7 69.7 83.6 80.8

DoRA (Ours) 0.68 724 849 81.5 924 84.2 84.2 69.6 82.8 81.5

LoRA 0.83 69.8 799 795 83.6 82.6 79.8 64.7 81.0 77.6

LLaMA2-7B DoRAT (Ours) 0.43 720 83.1 799 89.1 83.0 84.5 71.0 81.2 80.5
DoRA (Ours) 0.84 71.8 83.7 76.0 89.1 82.6 83.7 68.2 82.4 79.7

LoRA 0.70 70.8 852 79.9 91.7 84.3 84.2 71.2 79.0 80.8

LLaMA3-8B DoRAT (Ours) 0.35 745 88.8 803 95.5 84.7 90.1 79.1 87.2 85.0
DoRA (Ours) 0.71 746 893 799 95.5 85.6 90.5 80.4 85.8 85.2

YA TRRT

University of Chinese Academy of Sciences
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4. DORA (Weight-Decomposed LoRA)

I

1 BhER SFT. LoORASDORATEE IR ER G FHIT (L tEEE
A DoRAZIEXENTEZaEERA (FT) BTN

FT LoRA DoRA
1.4
*  Interstep 1 *  Interstep |

layer 1
layer 2

0.08 A
AM
0.07 1

0.618 0A0'20 0.0|22 01]0 OA'll OAIIQ 01]3 0.'14 O.IIS 0116 OAIl(v OAIIS 0.17.0 O.'22 0.17_4 0A|26 0. I’S 0 I?O 0 '"47
AD AD AD
(a) (b) (c)

Figure 2. Magnitude and direction updates of (a) FT, (b) LoRA, and (c) DoRA of the query matrices across different layers and intermediate
steps. Different markers represent matrices of different training steps and different colors represent the matrices of each layer.

DoRA: Weight-Decomposed Low-Rank Adaptation. 2024. ol
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L FRijllgreisE: K
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T5 (11B)

100%

GLaM (1200B)

22%
48%
30%

Webpages

BETH

/

Falcon (40B)

100%

PaLM (540B)
5%

14% 31%

50%

Conversation Data

8 BXMAD 2

FEYA

LLaMA (65B) GPT-3 (175B)

3%
2% 9% 16%

5%
87% 84%
LaMDA (137B) Galactica (120B)
13% &
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50%
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Scientific Data
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MT-NLG (530B) Gopher (280B) Chinchilla (70B)
2 C 3% 4%
o, 4%
26% 37% 40% <
% 62% 60% .
GPT-NeoX (20B) CodeGen (16B) AlphaCode (41B)
8%
30% 20%
39% 6%
38% .
10% 10%
15% 25% 100%
Books & News Code

A Survey of Large Language Models. 2023.
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0 B8@)3FN: REBEESBFITE T tokentVER 5
P(xryeq | X, X0, 0, X7 ) = softmax(f(xl,xz, ...,xT))
2 FIGER: DERTREXAL, BANBIEIINREHE
p(xl:T) = H{=1 p(x; | x<¢ ) © max H{=1 po (x| X<t )
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A Survey on Post-training of Large Language Models. 2025.
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1EMA vs BmERE
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HIRESIST,

Q =PHNEED: 1-1-0
® Instruction: BRIRSIRIEEIEEH EI'J,EJZN 35
® Input: WITIESBAITN L TXER,
® Output: HAERBEIERBVQIEDNG

A BERBEIBRTNISONET

{
"instruction": "B TENFEFERE",
"input"': "Hello World",
"output": "dlroW olleH"

s
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Type

Dataset Name

oJ#E MR
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Human-Crafted

5

UnifiedQA (Khashabi et al., 2020)'
UnifiedSKG (Xie et al., 2022)’

Natural Instructions (Honovich et al., 2022)*
Super-Natural Instructions (Wang et al., 2022f)’
P3 (Sanh et al., 2021)°

xP3 (Muennighoff et al., 2022)’

Flan 2021 (Longpre et al., 2023)®

COIG (Zhang et al., 2023a)’

InstructGPT (Ouyang et al., 2022)

Dolly (Conover et al., 2023a)*

LIMA (Zhou et al., 2023a)"®

ChatGPT (OpenAl, 2022)

OpenAssistant (Kopf et al., 2023)"
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MoNEESE FIBABEIISS

Type ‘ Dataset Name # of Instances # of Lang Construction Open-source
OIG (LAION.ai, 2023)? 43M En ChatGPT (No technique reports) Yes
Unnatural Instructions (Honovich et al., 2022)10 240K En InstructGPT-Generated Yes
InstructWild (Xue et al., 2023)" 104K - ChatGPT-Generated Yes
Evol-Instruct / WizardLM (Xu et al., 2023a)"3 52K En ChatGPT-generated Yes
Alpaca (Taori et al., 2023a)" 52K En InstructGPT-generated Yes
LogiCoT (Liu et al., 2023a)"® - En GPT-4-Generated Yes
GPT-4-LLM (Peng et al., 2023)% 52K En&Zh GPT-4-Generated Yes
Vicuna (Chiang et al., 2023) 70K En Real User-ChatGPT Conversations No
Baize v1 (Conover et al., 2023b)21 111.5K En ChatGPT-Generated Yes
Synthetic Data UltraChat (Ding et al., 202321)16 675K En&Zh GPT 3/4-Generated Yes
(Distillation) Guanaco (JosephusCheung, 2021)" 534,530 Multi GPT (Unknown Version)-Generated Yes
Orca (Mukherjee et al., 2023)% 1.5M En GPT 3.5/4-Generated Yes
ShareGPT?* 90K Multi Real User-ChatGPT Conversations Yes
WildChat® 150K Multi Real User-ChatGPT Conversations Yes
WizardCoder (Luo et al., 2023) - Code LLaMa 2-Generated No
Magicoder (Wei et al., 2023b)26 75K/110K Code GPT-3.5-Generated Yes
WaveCoder (Yu et al., 2023) - Code GPT 4-Generated No
Phi-1 (Gunasekar et al., 2023)*’ 6B Tokens Code Q and A GPT-3.5-Generated Yes
Phi-1.5 (Li et al., 2023i) - Code Q and A GPT-3.5-Generated No
Nectar (Zhu et al., 2023a)*® 183K En GPT 4-Generated Yes
Self-Instruct (Wang et al., 2022¢)'! 52K En InstructGPT-Generated Yes
Synthetic Data . ) .
(Self-Improvement) Instruction Backtranslation (Li et al., 2023g 502K En LLaMa-Generated No
SPIN (Chen et al., 2024b)* 49.8K En Zephyr-Generated Yes 74
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Natural Instructions (Mishra et al.. 2021) InstructGPT (Ouyang et al., 2021)

; Self-Instruct (Wang et al., 2022
FLAN (Wei et al., 2021) mTO (Muennighoff et al., 2022) (Wang )
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2021 zmNLPESHIESSHK 2022 ChatGPTjatt 2023

Stanford ﬂ

LIMA (Zhou et al., 2023) ““, = i
Visual Instruction Tuning (Liu et al., 2023) DEITA (Liu et al., 2023) hu‘
2024 LLaMA-Adapter (Zhang et al., 2023) InsTag (Lu et al., 2023)

M3IT (Li etal.,, 2023) AlpaGasus (Chen et al., 2023)
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Self-Instruct: Aligning Language Model with Self Generated Instructions. 2022.
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Self-Instruct: Aligning Language Model with Self Generated Instructions. 2022.
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Self-Instruct: Aligning Language Model with Self Generated Instructions. 2022.



B T smxsy

ese Academy of Sciences

Self-Instruct

3 Self-Instruct @354 T™MZIW\ 8 .

I3 STHILER
169 HINAT AR SIFRRAERR, S AR—NETFRALENEALS. )
KRS IR WA 8 HTOEDHE,
BN XA RAALMNEREEE SR EER, - I e EE Y O AL

2PIR3: KBIEN

® TLETEIESZiE, £ (A, Bil) XANLFIRIEIEE R
o —FhELARAN, BEMMmY, BMEANLLKREE, B—FELEmEmE,
JREEREIN, BV HHIUTIRER,

At
%

79
Self-Instruct: Aligning Language Model with Self Generated Instructions. 2022.
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Self-Instruct: Aligning Language Model with Self Generated Instructions. 2022.

@ TonTaxs

&> Universi ity of Chinese Academy of Sciences

{ESSith

- 0.7 B



-4 University of Chinese Academy of Sciences

Self-Instruct

4 @i Self-Instruct 5E4 N AlpacaZziiE s

statistic

# of instructions 52,445

- # of classification instructions 11,584

- # of non-classification instructions 40,861 | m
# of instances 82,439 v'

- # of instances with empty input 35,878 a0 '
ave. instruction length (in words) 15.9 ' T <
ave. non-empty input length (in words) 12.7 /
ave. output length (in words) 18.9 - Nt
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Self-Instruct: Aligning Language Model with Self Generated Instructions. 2022.
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Self-Instruct: Aligning Language Model with Self Generated Instructions. 2022.
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WizardLM: Empowering large pre-trained language models to follow complex instructions. 2023.
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WizardLM: Empowering large pre-trained language models to follow complex instructions. 2023.
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WizardLM: Empowering large pre-trained language models to follow complex instructions. 2023.
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import math
import random
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WizardLM: Empowering large pre-trained language models to follow complex instructions. 2023.
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213 P03 ChatGPT 1585H
WizardLM F=HEl

Model Avg. MMLU ARC HellaSwag TruthfulQA HumanEval GSMS8k AlpacaEval MT-Bench WizardEval
ChatGPT-3.5 76.15 70.0 85.2 85.5 47.0 48.1 80.8 89.37 7.94 100.0
Alpaca-13b 4344  46.63 51.20 76.31 41.62 9.2 8.35 33.25 4.78 76.6
Vicuna-13b 5460 50.84 51.71 79.94 52.68 12.5 24.34 70.43 6.21 86.9
Baize-13b 5146 4972 5691 79.29 47.88 14.6 8.95 66.96 5.75 81.3
CAMEL-13b 5129 4974  55.63 79.25 47.42 17.7 7.13 64.84 5.78 82.1
Tulu-13b 5246  53.19 5392 80.66 43.84 21.3 36.50 45.34 5.76 79.8
WizardLM-13b 58.96 5292  57.25 80.88 50.55 24.0 37.15 75.31 6.35 89.1

Table 1: Performance comparison of ChatGPT-3.5, open-source baselines, and WizardLM-13b.

WizardLM: Empowering large pre-trained language models to follow complex instructions. 2023.
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LIMA: DRIRZ

d R

31,000 ZZK5I0MBKEHY prompt - response =<4ll, FELLaMa-
65B%

e AW <
GRE FHTIESHE, NMERRBRNKFES (BIRRLHF)
Source #Examples Avg Input Len. Avg Output Len.
Training
Stack Exchange (STEM) 200 117 523
Stack Exchange (Other) 200 119 530
wikiHow 200 12 1,811
Pushshift r/WritingPrompts 150 34 274
Natural Instructions 50 236 92
Paper Authors (Group A) 200 40 334
Dev
Paper Authors (Group A) 50 36 N/A
Test
Pushshift r/AskReddit 70 30 N/A
Paper Authors (Group B) 230 31 N/A

89
LIMA: Less Is More for Alignment. 2023.
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Hl LIMA wins

s Tie

LIMA Loses

Alpaca 65B 26%
DaVinci003 35%
BARD (April) 42%
Claude (April) 54%
GPT-4 (April) 57%
0% 25% 50% 7%  100%

Figure 1: Human preference evaluation, compar-
ing LIMA to 5 different baselines across 300 test
prompts.
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DERRE. SV

o

B LIMA wins

B Tie

LIMA Loses

Alpaca 65B 17%
DaVinci003 23%
BARD (April) 47%
Claude (April) 63%
GPT-4 (April) 66%
0% 25% 50%  75%  100%

Figure 2: Preference evaluation using GPT-4 as
the annotator, given the same instructions pro-
vided to humans.
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LIMA: Less Is More for Alignment. 2023.
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A Survey of Large Language Models. 2023.

A Survey on Post-training of Large Language Models. 2025.
LIMA: Less Is More for Alignment. 2023.

LoRA: Low-Rank Adaptation of Large Language Models. 2021.

Scaling Down to Scale Up: A Guide to Parameter-Efficient
Fine-Tuning. 2023.
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