creative
comimons

C O M O N S
& X EAlI-HI el Xl 2.0 Gigel=
Ol OtcHe =2 E 2= FR0l 86tH AFSA
o Ol MHE=E= SN, HE, 8E, A, SH & &5 = AsLIC

XS Mok ELICH

MNETEAl Fots BHEHNE HEAIGHHOF SLICH

Higel. M5t= 0 &

o Fot=, 0l MEZ2 THOIZE0ILE B2 H, 0l HAS0 B2 0|8
£ 2ok LIEFLH O OF 8 LICEH
o HEZXNZREH EX2 oItE O 0lelet xAdE=2 HEX EsLIT

AEAH OHE oISt Aele 212 WS0ll 26t g&
71 2f(Legal Code)E OloiotI| &H

olx2 0 Ed=t

Disclaimer =1

ction

Colle


http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/

0
M
h

ol
el

{|n

whetule] T8 o]

X
il

Analysis on the Uniformity of Parameter Efficient Transfer

Learning Method

2023 {2 &

Tor
Ho
iy
HE

T

B

T



0
M
h

ol
el

{|n

whetule] T8 o]

X
il

Analysis on the Uniformity of Parameter Efficient Transfer

Learning Method

2023 {2 &

Tor
Ho
iy
HE

T

B

T



Analysis on the Uniformity of Parameter Efficient

Transfer Learning Method

ToR

2022 | 12 ¥

o
Ho
iy
HE

T

s

T

ol

2022 | 12 ¥

)

%o %o

&

oF TF oF

........



ol

Tor

pa—

0
K

—_
N
N

hel medg o

3o

| =

ot Hi~

742 At o] mdo] S| 1L glrt.

=

=

s A 7 o)l mhetu]E

S}

71 §1
At Qlo] mEL 7]E AAT]

(3]
=

o

J)
—_
file)

ol

o
[l

<|m
~

%) zo] &

o

a&

=
3} Afole] §AR4o] shetule

o] glet. ole] wet, mel AAE S5 o

a

S
™

s

3} Apo] GAHY S

w

Fof dlolel Al W2 M2 o}

el
=2

o wel 2R w4

sfetu]el o T

71"}l LoRAE A&

S}
of

141 fAbAol

©

Ziof| B

<

A3

=

s

2221 landscape Ao Al LoRA 7}Ex]9] HE 927} T UG B0 moltt= A}

44



o

setu)g opo

s

Suijfe}

Aol o]

1=

Z

=
o

5 A Abolo A S Hig LR, M= thE Sk 7t

St
ot

LoRA

]

Z

goz rd 1%

e

<5, Linear Mode Connectivity, &% -GAML,

S}
o}

Aol

2 x
)

Qo] matuy §8&

=
T

SHH: 2021-20229

ii



A1 A2

1.1 A g W s ..o

1.2 =BO| LA

A2% #d A+

21 Apshe el 7] she Avte] fA14
S

22 mlelue] §&H AV TG ..

2.3 g orrlE

A3 g A4

3.1 LoRA . . . . .

iii

iii

vi

vi



412 WMTI16En-Ro . . ... ... ... ... ... ....... 11

42 FAABA AT .. 13
4.2.1 Convexity Gap . . . . . . . ... o 13

4.2.2 Centered Kernel Alignment . . . . ... ... ....... 14

43 uietole @&F eE AT SA L Lo 16
431 SkEAS 16

432 ZH TIASAM L 17

4.3.3 Linear Mode Connectivity . . . . . . .. .. .. ... ... 21

44 TV 7|9V AR L 23
441 SMAEMIR 23

442 SMAE AN 25

Asd 28 30
5.1 AE 30
5.2 BFES GITL L 30
2ned 32
Abstract 37

iv



LoRAS G Al . . . oo 8

QQP, A2 g A2l LoRAR sh53t 71| Ate] &9

QAFE 19
QQP, & =4 = BERT A}©] convexity gap. . . . . ... 20
En-Ro, 14| 2= MBART A}©| convexity gap. . . . . . . 22
QQPoA =Y A4-2] LoRA 7}532] AFo| convexity gap. . 26

FY seedo| A A= HHE Al59] LoRAE QQP= 953 4
I} AFO] convexity gap. . . . . ... 27

En-Ro, 77l] seedo] o gt

oft

2 A52] LoRA 85 753 Aol
convexity gap. . . . . . ... oo 28

En-Ro, A2 th= A4=2] LoRA 7}5%]| Alo| convexity gap. 29



10
12

golgAle] Hlojg 7R . ..

QQP o8 AlA]l . . ..
WMT16 Romanian-English g]oJg] oJA] . . . ... ... ...

QQP tl°ol¥

2]
3 3]

[

16

Jo

K

<z

Tor
]
o

{z
__Oﬁ

=

1

Jl

3 4]

16

Jo

=K

<|m

Tor

17
17
25
25

1

vi

J1

QQP HlolH
ROl SAFE ©
ROl SAFE © o

6]
8]

[



Al o g 3§ g2 wlojE

=

=

A1 AE

1.1

H]

mj

7stel, @A GPT-3[1]

%_
7H Ad dof o]

LR

L
—

At Qo] el 37]
g Qi stetule

It} At} <o} male

=

=

|

R

SHA

[e)

o]
=

N
K
m_e
4

o

| o

EE

(e}

o I Ao Rd S E V|FoR

Sfite]

<]

Hofol A 7}

=2
pu—

CER:!

=

=

a}

1

linear mode connectivity

_1:.
-

o)

o

landscape 4}o] LIPS ) A2 th

7217} w7 el 2A

7SR5
=



130 QA|RE, 22 EH o

71

= "Al =45

2wy

4

7] F7k] wet Mz £A47F tiF= A A

21jo] oje] 91

=1
oh=

B3] wlA 24

=1
Sh=

2

d.o
=22

Aetel m
o

1o, @ YolA Q= metu] eyt

I
R

ks

<

AE dl4st7] 9

=
jLE

1

=

9. ol

al

A

Tor

©

AL, 2o A= o

A

)

@ F7)0f Hla] A& 4o watulg

Ay B2

| oretule o] 1% 2]

Z

o] mal A

3t nhepn]g

ther

A& vlA 24

it skl el

skebu] ey

T

{Jm

ol

o
T

5 AW M=

S}
ol

St o

e fAbgol

kel

of
tRal, 2.8 wtetolE

S

Ap4el

S}
of

A}



o A
= T

¥

%

5 Al HlelEAle] Zrt

3} ZFo]| linear mode connectivity 7} L
1

< seedo]] WA §lo] linear mode connectivity S

S}
of

foith. 1 27}, wepul
it

S
e

°

1

o
i

SEEE

2] &

|

—

2

=]

1
ol

et

kel

T o R S O o of o o oo T
o U IR wﬁ%uﬂ.4ﬂwm_
) T W — Xm0 zw N g ©° X 0
wrafuﬂ mLu_.m_mﬂLE% %ﬁ%ﬂﬂﬂ%
o Y P ol jul ‘W s ol uy T
O A R R SR
T W o= o N =~ % © w
= _ oV T o <) — {n 9o
W N Iod . T 5
o = Ak N N RS BE oo W NE
= T m A T HWL T w " Ha
Sc: EFRIEze cEE25dee
gy 1 Tor o3 o B R
<+ E) R S IS
W i { o o X - # pﬁvo & A_ﬂ o T I ME lo-
A I R
= m B X | B g X 5 v ¥ og M
‘lm__l — (0] o] .A_H |
[ fH) X o © Jux_ il | —
sz 2 S8 Fww oWl © g o Fa T
_ ! ~ . K 63
MWWATO_E;M%%QW m»%%%ﬂﬂ%
g — el | o)
R G e B R RN S
= o = M X = m 2o D X o NP
> QL s 0 ﬂy.u! o — 0 ~ 7
Zmow P EN T g TR oo mN
SItewgroTacd I
A B R R~ KA TR o OO =
G - B S R VT G SO N ARG
- T & 8T = o Jo s - " oo T il
WM Hoa m B NS om ﬂ M_H g or X op Mm i wﬂ_
v I ,DI = =
T T I T MM DRe R e g
> = 2 B T O O d w O T . B U
— T = T = o o °
W W2 R oy oo moap H Nom o @ o
M o = ™ e - ~ i Tl
ol X 5o L N = 12 B RN T Ko w rorEoT
o ow oW § T T oW o oH T Y A SO
R Ko 4 B T o om W owm K — LG I C I S



o
%

Al 2%

& 29 7

i
ol

ol

2.1 A4

m o] 2ol

feis

=LA
Cige

iy

e e 220 A

]

T}

o
=

4R

Nd

Aol 2o

2

A~
L

o] glo

%= HlolE

/\]./\1
S}
2.9 £ HEYT L] 7157

1
—

A et
11, 12, 13]=

(<

O/\]_

T

Z10o] linear

15t

|y

13, 5 B Aol

5

connectivity 2}

=

Upep

o

==

ol

T linear mode connectivity

landscape Afof| I

o

Al
=

S
1—

il B3]

o

mode connectivity©]t}. [3]
7el o] Az Bofol A

uf, A5}

or
0

24 ot} 9] linear mode connectivity S

e 79 ul) 24 mEa Foi4l



K
o

SERTE

2]

T
_z_.a
__OT
<l
ol

ol

ol

fl o

]

1o, o] H]

AAE vlA

ol
=

& Mgl B

)
—

7} st e 2

N
)
~K

i
<

K

T

‘|_

et e o]
bl shetol e 2 s A (8

g
{|m
__O,l

1

sh= 7]

el o EA

)

St

RS IYE F4

A
—

3, %7

o

oz a7

S|
A

e

wjr
o

she A

1= 74

Z

2 Zt opEte|E o] 7k

o
—

getet. [9]

DREEREERRES

o

7A
o

Tor

LoRAE AF&SHT} LoRA

(7]l A At

w=ollA=
Al Al ZkAeltt. 4, LoRA

H =
T

Al

=
-

132 QIt}.[15, 16, 17]

2o
e AR ot

587

whetu]

=
—

ol

il Al

Clns

=g

= LoRA

1t} [15]

5|

=
—

t}h. opz|eto 2 LoRAE

2~
%9l

S}
=

o= 7|4



= mgo) s s

=
pu—

18 ol M= o

EEERES

w b

linear mode

1=
—

re1g
=

E[6]= st

[y

<|m

Tor

K

__Qn_

—

1

connectivity 2] H

27k He o

2.3 nd GAAE

o

Lo, 77| melo]A Foi7l

o

Tr
od

A A

9|

], 22 2do] A

o thet o] §< ARt

110

K
1l

—_—

N

]

_—

el
,ZT

29 9] linear mode connectivity

A:—
Seuly

1

__Oﬁ

o] /44el 7]

o)
=

2

Fo] 7 s}etu] € of 4

S

T

OF=
FS

&t

o)
=

2

1

o

o

Al

Sl —
T

—_

=]
=

L

ol

7t gel

b, Bl 371 5

o)

ol At



27 o] 3% 7ol Akt £

A 3% WA AA

of w4 24 57| shgol 7

B
i)
=)
i)
=
o,
1o
>
I
ko
i}
LU
j
=
el
E.:
O
)
ﬁ



Add, LayerNerm
Feed Forward

Wi

; . pretrained
Multi-head Attention Weight
3 Wy
Y
T
(a) EHATD] 22 9 LoRA BEO| 1% (b) LoRA9] 913 #2] ¥4

[C15 1] LoRA 2] & A]

. s g kg



il
K
i

]

A4 A

7 BES vA 274

St
=

S
=]

dojgAl 9 2d

4.1

A
—

{Jm

Tor

T

9
g

=

[e}

t}. [15]¢] w2, MNLI, SST-2
n|qto] ntefu] B 2 uA| 243} 55

ol
Tu
i

W
4z

Tor

o] =]

2

=]

o o}

oot g 7ao] W 24 W BaTofA

i

ol
ot

Valid Test
1999 1999
oA 274

=
=

363846 40430 390965

610320

Train

wofl e A

St
ol

b

-

Dataset

QQP
En-Ro

Tzt MR gEeg,
4.1.1 QQP
oA A2 oteta|E Y



Questionl Question2

is_duplicate

How is the life of a math
Which level of prepration is

student? Could you describe 0
enough for the exam jlpt5?
your own experiences?
How do I control my horny How do you control your
emotions? horniness? '
What causes stool color to What can cause stool to come
change to yellow? out as little balls? "
What can one do after MBBS? | What do i do after my MBBS ? 1
(3 2] QQP HlolH oA
= =wode BE 27] giv] 92 o5 meEtny fo® ohad &4 e Hlo]
EjAlo 2 o223l 2t o] o]slf A5 HMA|nt] GLUE[18]o] 2o HoJHAlQl

QQP(191Z AH§5tth. QQPE Fol7l F o] Wo] Aets] 22 Hge G

QLA WYt BAE R0, 22 Fo NS AT 4 9

ZIAE ti=, QQPE 3697 o]4de] ek dlolE et 3977l o] 42| HIAE flofH

5 the] o] e & 741 9l

o

=¢l BERT-base R9-g A14:31917, Huggingface 2Fo] Bef2][20]o]4 A135H

ABHs AHEA 2 REE 27]81519T LoRA SHs A] [7]]14 A|gHe

o] 7t EHATH BEo| 27} metu|EHE AAsIYL, 7 BB 4L attention

S < A2, & FHoT LoRA m2im|EE 253 LoRA9| Hl&2 42 11

ASRAT, AL [1, 2,4, 8, 16, 32) W) ol A Mejspsct. At

B0 2 Sssteld ShEE Rdol 598 Mo AU olBE oF
517] 913 £ 771E 2 5o F7ksho @k 2 4FL LoRAY A4S Fels]

§ I =
10 Sk




7 Shte] AgFOoR o] Rojd Batt FEE ASHT

=i/

@ Aolnz

A
u

GLUE #lz[nta= 2} glol8 Al @ A5 54 7I&= AAdsissdt. 1 5 QQP

& 45e BEmel FIL ARE 5] 3390 £ =RA% GLUES]

2

|

.
-4

2
o
!

o
pi

)
)

7} 71%S et Al Fl QRS 7202 Rl Bk A3t
Tt mdo] A4 62 F G2 52 @ Hgolth F1 ARE 4 412 A4S

AUt recall> A=, AA] FEHQ £ F LEE FEHOZ oS3 219 4|

>

= T precision2 RHl o] YUEES otH, Ro] RO oS3t HofH

O{N fo

AARELE S5 HloH 9 Hl&oltt.

Fl— 94 precision * recall

4.1
precision + recall (4.1)

4.1.2 WMTI16 En-Ro

15, 21 BA We] Bja30] metule] 584 Aol St 7We AT A
CFE gzl e H B s uein S 2beor £ A 92 4 U

2 Bork B = Rol A A 717 Mol HlojE gl WMTI6[22] 5 En-Ro
gl e A AHEaLeTh. g ol Ao] 7} HlojEk o] gL Fuoto], glo]
54 gor FAE0] gow, o2 Sa mdo] Foldl

BojSh s St En-Ro HlolgAle] oAl 3ol SHI@ 4+ ik 314

tu

glolelAlell= 610320 7je] st Hlo|E7F Zets|o] i, A AlgAld=

747k 19997) 9] o]l 7} gk,

kU
i)
O
4
kn}
-
F
1o
K
ny
rlo
o
1%
rid
)
[>
|m
il
)
i
e
oo,
=
ofl,
o
ku
)
o,
=
yJ

2
30,
=
r (o]
R
an
O
il
o
-
kN
i

[®]

|21 3= MBART-Large-CC255 A&}t
AASHE 715 2]+= BERT®F ubzb7tz] 2 Huggingface 2ho] B3 2][20]0] A& H
= ARt BERTS} mpzt7ix| 2 rdll £of 45 &2 thol2 Hesh=

1 2 11 =1
1 ~ = )



YL Sl REL Pt A9 shiu ALt

Q7E e 7o) melo] Wag Bl2T0)4 A
£ A}o] cross attentiono]] LoRAE ZF7}35|oF

oA (1512 ufet A1z @ gae 22 e

self attention @ cross attention =5 LoRAE A5}ttt LoRAS] Hj&2 4

A= (1, 4, 16, 64, 256]0| A A&5tlar, 11 @]9 gk sto]Hutefn|El = [15]9]

A9 A4 ot Hoha

En-Ro 8% 23} BLEU 7 2 £3] #7135ttt BLEUE 1o} mlo] 414

r{u

output_length

-

—~
=
[\

~—

4
BLEU = min(1, )(H precision;)
i=1

reference_length

Romanian English

Depunere de documente: a se vedea
Documents received: see Minutes

procesul-verbal

(Die Sitzung wird um 15.25 Uhr
(The sitting was suspended at 3.25

unterbrochen und um 18.00 Uhr
p.m. and resumed at 6.00 p.m.)

wiederaufgenommen).

Ridicarea sedintei Closure of sitting

6. 6.

Dichiaro interrotta la sessione del I declare the session of the European
Parlamento europeo. Parliament adjourned.

[# 3] WMT16 Romanian-English H]o]¥] ofA|

12 -":I'-\._i "'|::'1. : "":-'!



12 FAY BA A

Bl

4.2.1 Convexity Gap

Convexity gap2 5 B d Ato]9] linear mode connectivity 42 93t #]

M)

F o]t} Linear mode connectivity®] d¥tz el Hr} yp4gL o2y ZF

_v;
Ho
R

Bohstele mae 22 doleMlel el 9 £AE shaste] whE s,

be 2R S5 £ nde] AFAE 6,0, B9 09] errorE <(0)2taL 51,

2312 7} A% 07k 15 o] 034E Hghe] £9) £ sHE malo] Al

u&
5
Be)
ol

E(Wy,Ws) =supe (aW; + (1 — a)Wa) — 5

4] o] 41 [(0)2 7|Z 02 o3, Bato] 29l A7) sk Al L(0))
T} L(0,) Afolo] A-eRE ZAsl ol S wad] ofae] 712

ftlo
)
>,
_O'L
8
i)

H(0y,02) = sup [L(abr + (1 —a)fz) — (L (61) + L((1 — @)b2))] «€[0,1]
(4.4)
[4]= [24]9] AL HAlE o DRl convexity gap& A|$FSHEATH Convexity
gap> A9 HItE B Aol HE B2 A=A 753 B Aol 9] &4d2 vl

Feck

shit, 1% A 07 A% £ A

B
f
o

CG(61,02) = SUgBH(’Wl +((L=7)02), 801 + ((1 = B)b2))  B,~ €[0,1]
>

T ) 1
13 """\-_E 'kl H 1 |



H LRo|XqE convexity gapS 59 T 2 E 9] linear mode connectivity S
gATHE. ol convexity gapol T Sy Ak Ajo]o] 94} WE JF

o7 2QIT 4 Q= A ;oIH, A Ao M E convexity gape &

=
i
1
o
n)

convexity gape 7|F 22 FEH2 W [24]5 AT HiET RYo| s o F
difsh= 23S Al

HZEol tiddd M2 tE F LoRA wmiEtu|go] tish 2t a5 AEAT V&
ot2ta| g & Wy, W, 25 Y down projection §H-2 Ay, Ao, up projection 4=
< Bi, By, 1711 LoRA 7F&2]o] #oliA &89 &2 £45t= 45E 51,52
2} 5pak. o] off, 1 xof] thet ZF LoRA metn|E o] S22 5181412, 59 B2 Asx
olt}. % LoRA 71EAE A% a2 HZSH B £ 7427} 9lek. sht down
projection YPBZ a/s141 + (1 —)y/5242, up projection YA a/s1B81+ (1 —
a)\/52B2 0 2 ZYZ} HI¥6l= HAlo]al, thE Slu= as1B1A; + (1 — a)saBa Ay
FH=Z 7t o] Btste WAlolnt. & =iolM= S A5k LoRA=

Mol 5o g o]FolA QIAIRE, o= 7|E wEtu|H & W2 Aol A eh55t

=

=

B2 9% 719 o] 1 down projection A F0] F2S wp2 4§ ghth
_Tﬂ
==

rr

I B2 B Ay, BoAy°] gfuto] FQ5t1l, B3It By, A1 A29] A

rlo

A5k o|5 Aol o] FALES} BiAy, ByAy©] AT Abolel A9l
flonz Axe] B AL AvkE BE 5 93, o] WHajo] &

Apo] Hliwol o Hdsiet.

e,
o
9,

i)
o>
it
i)

4.2.2 Centered Kernel Alignment
4ol =4 TH-S H| WS 2P centered kernel alignment (CKA)[25]
2 olgaleith. CKAR A2 the B9 vlmshs B thaat 2ok 941, o

= Hlelel Aol N7 9] A& 1241, 7] stsd M2 o F LoRAS A=d



E28h 7oA

5

+4E ES 992 A UeH, oy

- AATA]

i)

]

o
_
N
N
ol

1l

o] AR

il 91o] & ALt 2%

9|

oA N7He] Ao o

==

o el Xof IHiA) 5

s

g

SOl A

shal,

= X0l

E'é
Yie] CKA A4H4e ofefol 2k

(4.6)

bl gk 7HAed,

o)

2HY¢L EFoltt. CKAE 0 °[4 1

ol
o] Yul7} dlolgl Mg I7] Rt Sejete 4

Xe]

A
—

X1

Feotdd

7} A

3

O AL

AFE7} =T} CKAE

o
T

0

[s

< At

$AE

5

4z
~

2, 1do 3771 3

F71el 242

<]

Bt A%

ol
AR

A
T

ot

S

[

7}

(e}
nds

CKA=

Il ZF B30 S A A 51272 HlolH

9|

CKA Altt= 9

A, B~ E CKA Attof] 2291 HlolH = &<

5

&

7} sheta] e

=
T

al
=

wfatu]

=
—

-

271 2 7]

Al convexity gap A4t} mt

FaA At Al

72 BEs

et

% 29 Ato] GAEE ul

St
of

15



4.3 wEule 584 st AT SA
4.3.1 & A%
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a] A 27
rankl | rank2 | rank4 | rank8 | rankl16 | rank32

param ratio (%) | 0.034 | 0.067 | 0.135 | 0.269 | 0.539 1.077 100

Loss 0.285 | 0.287 | 0.257 | 0.256 | 0.272 0.280 0.232

Accuracy (%) 87.9 87.3 89.0 89.1 88.3 88.0 90.6

1 (%) 838 |832 |84 |8.6 |84 |80 |875

[ 4 QQP dlol&AL, 8H45 7% 8 54 shetule 5 2 A

or

LoRA

rankl | rank4 | rankl6 | rank64 | rank256

param ratio (%) | 0.024 | 0.097 | 0.386 1.545 6.180 100

Loss 3.318 | 6.439 | 3.013 2.95 2.945 4.106

BLEU (%) 26.44 | 304 | 33.66 35.71 36.11 37.38
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Algorithm 1 Greedy Soup with Weight Interpolation

Input: Weights trained on a given task {61, ..., 0}
> Weights are ordered in an increasing order of loss

g < 61 > Single model with the best loss
gnew <~ 61
lpest < Loss(6g) > Loss of the achieved model

for i + 2 to k do
for o« + 1 to 4 do
0 = (aby+ (5 — )0;)/5
if Loss(0') < lpest then
enew A
lpest < Loss(8)
end if
end for
Hg < enew

end for
Return 0, > Aggregated model with improved performance
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Abstract

Analysis on the Uniformity of Parameter
Efficient Transfer Learning Method

Choonghyun Park
Department of Computer Science and Engineering
The Graduate School

Seoul National University

Pretrained Language Models (PLMs) are models that acquired general lan-
guage skills through pretraining on tasks where the model predicts words that
fit in a given text. They are making remarkable progresses in various NLP tasks.
Fine tuning a model based on the pretrained weight improves the downstream
task performance. It also makes models tuned on the same task close to each
other. Based on these characteristics, it is possible to use the averaged weight
of multiple fine tuned models as a single model. The averaged model shows
improved performance without any additional inference cost.

PLMs with more parameters give better results, and recently, researchers are
building Large Language Models (LLMs) with more than 100 billion parameters
to make a better model. Although LLMs can outperform existing PLMs, they
are too large to fine tune for each downstream task. Therefore, recent studies
are proposing Parameter Efficient Transfer Learning (PETL) methods which
tune the model with a small number of parameters, instead of updating the
entire parameter of the model.

Previous works on PETL suggested a variety of PETL methods whose per-

formances are on par with fine tuning the model itself. However, the similarity
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of different train results based on PETL methods are lacking. Using Low-Rank
Adaptation (LoRA), a representative PETL method, we examine the similar-
ity of different train results on each dataset. Although the uniformity among
LoRA train runs is worse compared to the fine tuning results, the output rep-
resentations of trained models are similar for a given input, and different LoRA
weights are in a common basin in the loss landscape. The required amount
of trainable parameters to achieve fine tuning level performance affects these
characteristics.

Based on the similarity of models trained with LoRA, we tried a simple
ensemble method where the weighted sum of all trained weights is used as a
weight of a single model. We empirically show that it is possible to obtain an

improved model with the same size using greedy approach.

Keywords: Parameter Efficient Transfer Learning, Linear Mode Connectivity,
Feature Similarity, LoRA, Pretrained Language Model, Ensemble Model, Fine
Tuning
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