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Abstract Multi-task learning (MTL) systems handle multiple tasks from different domains by
promoting knowledge sharing and transfer. Recent progress in task arithmetic-based MTL has
shown that merging independently fine-tuned expert models into a pre-trained model at the

parameter level can produce a unified model capable of solving downstream tasks, offering an
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efficient and flexible solution. However, static merging methods often face task interference and
parameter conflicts, degrading performance, while dynamic methods require maintaining many
expert modules, significantly increasing costs. To address these challenges, this paper proposes
the Mixture of Rank-One Experts (RankOne-MoE), an efficient model merging approach. By
statically merging most modules in fine-tuned models using task arithmetic and applying singular
value decomposition (SVD) to generate dynamically routed rank-one experts for task-relevant
modules, the method constructs a cross-task shared rank-one expert library, enhancing
performance and adaptability. Experiments on merging eight ViT-B/32 models show a 5.40%
average improvement in MTL accuracy over the state-of-the-art (SOTA) static method and an

81.45% reduction in parameter count compared to the SOTA dynamic method, demonstrating
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the approach’s effectiveness and efficiency.
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H8 g8 HE
i e e 3 ! A\ M2 U
AL WA L ‘ o S M,

BEA
Pl b

FRH -
Pl B

B3 fk—LFKIEA (RankOne-MoE) R 8 % . RankOne-MoE X H—1bJ2 F1 £ 303 75 J1 )2 R Tl THE S5 S5 AR I A8 491 %F
Z 2 BAHLZ AR I T A S B — & R I T Bl 8 A

(2)BhA I A I AT A B e FLI AR Sl A S
Bk — & G0 P B AR DG £ R AT A 9. (3) 3))
L G B S A I — L R RIS AT
(B B 2] %6 Sl — A2 AR AR . FRATTAESR 4. 1. 2,
4. 1. 3,4, LA =AF o Bl T4
4.1.2 Be—R it

3.2 Ay g5 R R, 7 Transformer B i,
MLP 2 () 2508 A 57 52, PRI O 38 A A hy s A DG
SR AT A G I LS N AT 55 8] A M 7
Ko BRI AT I A MLP 25U Tah iS5
Can WEMOoE ™[It & I 7 ¥ ) - H il >k By SRy A7
TR, 3R A S 3 BRI T AR IR A s
SEBRIV o

SRy fiff DR b AR T ST A Tl R i
J5 %% MLP 2 B9 A T B 4T & 5 (H 5 i
(SVD, HEILE 4. 1D, 44 H o i R ARFR N o, i
M — RN S E R — L i, g T3
fift JE Sk W2 AT e e 4. 1 e 4. 2 g,
o A S i AR R P e — 3 (R B v S

EX 4.1 A SES . X TAEE
m X n () SEHERE W, o] L o . W=UZV",
HA UE—Am X m B IESSH R  FR N 2287 5 ) i
R B HRE - AT FmaE. T2
— A m X a ST AR EX AL LT E IR UK
A S (E, HABAEXS e R N F, HAT S EH T 77X
HEB 5 VI—>n X n (0 IE S SR B R R A 35 S 1) it
HE B R B FN PRV E— A4 A R i

EX 4.2 FHFERRE—s . e L4 1,4E
B WA S (SVDO A L E SR Mg %

NN — N B —FE R B A BB
Wzigz'ufv?‘%imu,v}r (5

o, RHERE WSk WEHEFR & AL AN o
BT R AE  w, (ZE AT R D o, (CF 35 I i) 43
SIREUMVE G wol E—AF—5EE". 1E5%
B s FH v s FRATT AT LA S5 I £ 4> 3 S (B X 1 18 Bk —
LR ST (URE RS W
TEAR S B B4 Transformer B ) MLP
5 AN (Linear) 2 EATIAT 55 1] 1243 1) 3
RHA M ER g M e R Hid RN ¢ A
{F 55 s A Al [ FE7REE [ Transformer 3k, o F1 A 43 5
NN Z W Ay 4R RS . AESEBR M L X
Sk BESE K. AN, 7E VIT-L/14 LR rp , h =
4096 Fl 0 = 1024, T LAE)Z R S BUR W 4EE 1Y
L, MLP J2 3k AN 261 J2 09 S 850 R D K
R G I T2 5 R A IR .
I AR SCHE LR 6 MILP JZ2 PSR P 2 43 i kA 745 57
(B3 i, DABE O B ZE IR IR e Bk — %
FITE A 55 AH MR T R 8 A
A
o (6)

k
[,MLP, ~_ [,MLP, , [,MLP,_ [,MLP, T
T, -~ E 0 u,; Vi

N T HEZATSS R I T FUERS - BRA TR T A 1T
55 %t 1 J2 BBk — B R G — A B — A 2 % 50
PLidr, Hodh /38R Transformer Hf )25, 1 68 MLP
R i B F-3543 (B MLP, 5 MLP,) . BRI,
P4 ZR MLP A5, HoB 5800 PV o SOl

P‘M”":{(quIM”",ﬁfIIMI‘P‘xﬂIz:1,2,---,T} (7)
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Pl

L
&

Eitd 2025 4F

Hor M = G MR EMUP R ] LR EE MLLP,
B % 53 P

LR BA UL T A — & 5t IS
Yty i (ul ™", 00 M), M TC T A7t 76 B I L 1k J2 T
55 1w S M PRI SRR AR T A AR . LA
oM AE VIT-L/ 14 B rh, S i 2tk )2 2800
R 4096 X 1024, B2 419 T8, il HFRA1
Tk Gk B — oy i a , AT A7 6if (4096 X b+ kX
102D 4S80 Horb kR 87 SHE SRS Rk . TEARSC
IERIA SR BE B Fp b= 32, NI T AE i I S 800
4096 X 324 32 X 1024 =163, 8401 AL 5 5L tEZ %L
Y 3. 90%0 - RIAFRA T VA AESHO T R .
4.1.3 hEmaIt

FE L — 9 AT A MLP PR T —
AT 55 LB — & 500, B B T A5 A1
KBRS 8. TEARTT Y FRATTHE— 25 34
Al et sh 25 s th AL i A SE ) A sh Pk ik i A i
Rk — % 5, IR B A I BIHI ZRpi Al v, LS
LS 1) B HH T

R T SEK — B bR FRATE ST B R
R(x): RN — R, Horp, o 2 i A S0 i B R4 AIE L A,
FORFEE 2 YRS . B rh B4 4R £ X T, Horp
T RAT 5B kR BT 55 1L 5 P b AN i
Bh— L MBI . Hm)is i, 4 R AR (x) B9AE
FHRARYE R ARRIE 2 N BT 55 1k — & Kol —
MEIHRE RR—BetE AR SCRH S Z LM E R
S B PR, B AN Transformer YA — A~ %
M. BRME 6T 2 MLP, e, Hfk— %
Kt P A B GO AR AR R () B9 i 43 i AR
a={a, )" - WEAGIFMBSEERN.

Ot = O+ SIS () oty (o 17) (8)
=1,=1

Horp, 05 2 Bl A B f S 280, 1 a,,) 2 —
578 BRI UNR @, o AL 1] @ R R p 26 (AR SCHR p
BN R 75) B KA W T e, ) BUE R 1, 75 00 h
0o i XML BT FES  Rirdan AR G A
SR L RS 5 S BB A e 64 i v A
SRCEFRRIBYE . R DU T AN b B T
B REEIR T T8 IR B3 I P R PR B L A
BIRIEAE 55 SR R 50 .

F% Fh T 2 5 ST o AR o A 131 ) e A DG
ML SR RIS A BEE T L IR I 2Rt
3 R A] L 30T % E X4 YRR TR T Pk . IR

ki AdaMerging ™" Hl WeMoE " iy i & . T A 1A H o
g iORNE W & RS A T e RO G = R L N
¥4 FH R B0 3 e/ M S T W B R B B 2K Y A bR
B CUni 5e/IMED SEFT A Ak, DT B PR 1 e AL RE A2
A PEE A Y AT A LK . B R B A
H b5 3 T e/ IME 8 SCUNF

By f (Oumerges X)108f (O e x,) (D)
HA [ (O e x,) TR LA I O, X
BHE x, € D WS AR . i T ik it B2
P R TRT PR R TR 1 s I 4% S RO, H
S TF RS R BAE AR . B, ARk E M S
ViT-B/32 MRSz 86 b, 0] LATE 8 435 P 58 i 1
KA, R PR E R T R e &
4.1.4 ShFppibaEs

k4.1 3H Ry 5 AT = AT 55 AH G B Y
SHREHLRIMLP) B T h &G X TR
T EPATHE G IS B (B 2 3 2 01 2
DL IH 1R AR A EET Task Arithmetic™™ i)
WK G I LLERE [ Transformer H(1 23k 1 &
FIEHCATT) R HAA R R anF

T
O = 06T > T (10)
=1

Horp AR —AN S5 H PG4T S80S
155 F8 8 S 802 0] 1A BRI R 0. 3. oAt
ATT 2P I —A0)Z R LR A T A

B2 FRATTHG A 152 A MLP R, 23k 7R 7
JIEH LA K LayerNorm JH — b AR He 34 B8 45 o9 A5
BT F A 4 7 xCHE & ol 5238 1 IR BT L A 7Y
FFUEA 735028 DA R S8 IR BA T 55
4.2 it it

AT RAT VRGN b T AR SCIR B
RankOne-MoE J7 & ) SE L4015 . ZEAS T L AT
X% )5 G AT A LGS L DAY BT M AE 45 FLA% O BT
S

(O#ESHEEIFNEE

RankOne-MoE 45 & T # A& A IF s &G IFM
Pomi o X F 5 FURAE S5 A R 85 i i (£
KEBEEATT fH—46)Z) , i i J T Task
Arithmetic B & 8 G IR 5SRO0 T S 80
e 2R TR AT 55 A S i (A e Cn 22 J2 TR AL
MLP J2), I AR—L 5 5 3 m AL, LS B
AE55 F5 8 FRIE RS A A B . JEF 1) . RankOne-MoE
TEPERE SRR Z A L T R A P-4
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(OB —L R = S

Bk — & RO &2 W /N R oo .
RankOne-MoE ¥ 2k Y |2 43 fift h— R 5 Bk— & K,
FEA R — BT S L R — B Kb, A SUEE T
AT 55 1) A8 IR 8 (] Fsf 1K 0 AR A A7 R 5 B
Ao A FEPRIE LRI, AT E T AT APk EE L
il TR T ANFHOC B E AH OGRS Bk — B K.

(D TR M FIHH =k

RankOne-MoE H % i (65 b B b5 pR 5L 5¢ 4 3k
FICARZE AR S 31, 18 TR A IR
JE I RE A AT IS O . Beh, AR AT B A
Vo KR BRI AN S O R A R RS AR AT
FEE ST B BB 430 o9 58 U AT e

W3t PLE A #ET % i . RankOne-MoE 78 2 1% %5
REFLA IR RE RCR GE MR R R T
CELILE, W RKHBEZAT 55 S G it 7 —Fh i
R AR R B i R T R

=

5 3 I§

FEATT o FRAT3E I R i S I ik 1 R 0y ik
BIAERE. BI85 1WA T ek 3
LTSRS 2R RN T 24 S5 G I B 1 fig
R B, 5. 3 N A EEXTHE B sk kAT T
WADH . FATA9 RankOne-MoE AU 8% I 5 s 41l
https: //github. com/EnnengYang/RankOne-MoE.
5.1 EWigE

(DFELE

T FusionBench™ B & , TR A1 /™A% 846 £ I
BERVG I TAERIR & 7 FZ LI Mo
TEHT T NAST 12 A8 A A o Bl B A M AT 55 o Tk A
A IF A O . X A B 4B AL EE
SUN397™ (375 5t 40 25 | Cars™ (IR 0 25
RESISC45 ' G& R IE14 5325 \EuroSAT ™ (i 31 %]
1845335 . SVHN" (5t 807 U0 . GTSRB (52
ARG CMNIST (F 57425 . DTD
(FBRE35r28) . IXEFHRER W 1) 2L 552
S BB S ZREERBR AR E . Beak . FRATT
AT T8 KA 55 B rIA AL 5 91 B 20 S0 43 28
AR50, DT UEFRATT ) 7 VA AE AN [R5 750 KA A AT
ST AR

(2RISR

R T SRR A G I 5k i 1S R AR R L R AT
WA Z AT AR B T = AR AR VIT

I 2R A AL . CLIP-ViT-B/32. CLIP-ViT-B/16 #il
CLIP-VIiT-L/14%7 STl im0 2 > B o
FE55 b R 5 FEERBE Y, HAT AN [R] 1 S B0 LR
TR R et L i i 2 AR B . 7 SE 50
b AT A e ik AR s AR XX = A F i 2k
RERYFEAT R o DI Ay A 55 26 WX g 1) 2 R A8
A, TR S AL B R S BOEAE I A T AR 3
2 1) RankOne-MoE J7 ik A K HAR RS H T3 36 1 &

(3)X] HLHEZL

ASCRF T R AT HORT T AL 5 3 O ik
w5 B I MBI R GIF RS b AR
7 kAL EE T mALS I 1Y Weight Averaging™ .
Fisher Merging"*’ . RegMean-*" | Task Arithmetic"'"
H1 AdaMerging™ « & F F 25 [A] &5 I () DARE™ Fll
Ties-Merging "'« 214G 319 77 54345 WEMOE™ .,
ST AL 21 . eAh, AT T
SRR S L M RRE A S e R
BRSO S AL 34T 53 2K (Pre-trained) , i
BT 55 % g 1 SO AR A 43 28 1241 55 (Individual) »
fifi AL S 24T 5522 2 7 G U 2 — > MTL B Al
(Traditional MTL) . iX$HLE HILE R T 2M G
JRARmE S g PR T A X LGRS

(DI TERR

FEA SO, FRATTR FH Top-1 20 28w R AE Ny 43
TS W PEAS 8 b - BV AE 25 78 i A R IE 0 1
B A H AR50 ) Fe A9 30 M0 o3 2R AT 55 Hh B
FHERS VAR . edh FRATEICHR T /\ME S
PRI HER 2 DR 25 7 ik PR RE I 25 G VAl 6 45 o

(5)SEIny

R T BRSO T A A SR B AT L FRAT
BTG I — PPAHE 4L FusionBench ™ X i 47
FEL T LTI, IS T R SO i S 4L
BE . TEZHELET B> Iy i Y 7 A [m] 0 R4 3R 455
AR 43T AT IR DT T PR PR 25 S Rkt AR
BRI o X T A SCHE H 1Y RankOne-MoE 77 1, 3%
TR A Adam LAk R SO0 8% i 2850, Lot 0% 3y
A ML BE S S A R B — B R ERE .
A g 027 ) R E N 1 X 104 A B /N R 16, I
L BRI 2 2 1000 25 » DL 9 28 75 5 R 7]
WAL . X T RankOne-MoE H it 6 4 68 2 8%
B RATTEL 16, 32, 64, 128, 256, 512 | RS 2
TR — L ZE =L A, ATHLE
[25%6, 5024, 752, 10020 118 3 L e £ LL il



2326 it A

Pl

L
&

Eitd 2025 4F

BV 3h 25 % rh AL A DA e 50 PP R R I p o B
T IESEE I BRARFERIUE  A SO 5 1Y
BN BB - Bk — L 5080 k=32, L XL R LA
P="T5000 3X—BRIAMC B AR RE A TR AR Z 0] 52

BT B A
5.2 ZINEEEFHFIERE

FATHES. 2. 115, 2. 2755 43 BIPKBF AR SCH HA 1Y)
RankOne-MoE 77 ¥ 5 34 A0 A& JF 5 i (RA &

AR A IR O FEh SR I R AT R L
. XS B AE A Tl RankOne-MoE 7E 24T
FERE I R R R, LR S S
SR Z AU RE
5.2.1 XHESAIEO AR IOk

T LR 2ME 3 DHIER T ARSIk
16 VIiT-B/32. ViT-L/14 F1 ViT-B/16 = Fl 42 44 |-
(AT 55 Gt bERE . P s 25 1 A LU T &
BRI

*x1 &H/)\4 CLIP-VIiT-B/32 Bt S {E K gExTEE

7ok SUN397  Cars RESISC45 EuroSAT  SVHN  GTSRB  MNIST  DTD  “Figi
Pre-trained 63.2 59.6 60. 2 45.0 31.6 32.6 48.3 44. 4 48.1
Individual 75.3 77.7 96. 1 99.9 97.5 98.7 99.7 79.4 90.5
Traditional MTL 73.9 74.4 93.9 98.2 95.8 98.9 99.5 77.9 88.9
ZATS R G 1 1
Weight Averaging 65.4 62.4 70.6 75.7 64.5 54.9 86.2 50.5 66.3
Fisher Merging (NeurIPS 2022)  67.0 68. 2 72.8 75.7 80.1 56.3 88.7 53.5 70.3
RegMean (ICLR 2023) 67.8 68.9 82.7 94.3 90.5 78.9 97.7 64.2 80.6
Task Arithmetic (ICLR 2023) 57.0 55.7 64.7 73.2 77.9 68.4 96.0 47.1 67.5
DARE (ICML 2024) 57.0 55.3 64.6 73.2 77.6 68.2 96. 1 47.7 67.5
Ties-Merging (NeurIPS 2023) 67.0 64.1 74.3 74.5 77.7 69.3 94.1 53.9 71.9
AdaMerging (ICLR 2024) 67.8 71.2 83.8 92.1 87.9 93.0 98.2 66.9 82.6
WEMOE (ICML 2024) 74.5 77.0 93.5 96.8 96.8 98.8 99.5 76.7 89. 2
RankOne-MoE (FA1f#) 72.1 74.6 92.6 97.5 94.9 98.0 99.3 75.1 88.0
£2 A4 CLIP-VIT-L/A4 B § SE S BT
7ok SUN397  Cars  RESISC45  EuroSAT  SVHN  GTSRB  MNIST  DTD  “FHR§EE
Pre-trained 68.2 77.9 71.3 61.3 58.4 50. 6 76.4 55.4 64.9
Individual 82.3 92.4 97.4 99.9 98.1 99.2 99.7 84.1 94.1
Traditional MTL 80.8 90. 6 96. 3 96. 3 97.6 99. 1 99.6 84.4 93.5
ZATS IR G I Tk
Weight Averaging 72.5 81.5 82.3 88.5 81.6 74.0 96. 6 61.7 79.8
Fisher Merging (NeurIPS 2022)  69.7 77.8 69.8 99.0 62.2 58.2 84.7 57.0 72.3
RegMean (ICLR 2023) 75.3 88.2 90. 6 96. 8 95.8 92.1 98.4 72.9 88.8
Task Arithmetic (ICLR 2023) 71.9 78.9 80.5 84.6 87.4 83.4 98.0 58.5 80. 4
DARE (ICML 2024) 72.0 78.9 80.5 84.5 87.6 83.5 98.0 58.7 80.5
Ties-Merging (NeurIPS 2023) 74.7 83.1 86.5 89.7 89.6 85.1 97.7 63.8 83.8
AdaMerging (ICLR 2024) 78.0 90.7 90.9 96.2 94.9 97. 4 98.5 81.5 91.0
WEMOE (ICML 2024) 81.5 92.5 95.8 98.1 97.5 99.3 99.5 83.8 93.5
RankOne-MoE (Fk A1) 79.5 91.1 94.5 97.8 96.0 99.2 99.2 83.6 92.6

(DX H = FAEROR & I T7 0k A Tn] LAFT
LA W . e R B R T (Pre-
trained ) % /\AN T AR 55 HEAT B I L PEREHL2E . IX
Je P R B A 0 T B o) 1 3 A8 R 7R L T
REIATAT AR B AT 55 2EAT U0 R IR e LA
JE HARE S5 BYRFE T oK o U ST N R A L S8

A (Individual) 1 % 2 i b, R B AR L 1
—ARREATSS W T AT 55 T R UL AT S5 b
R T . BRI, X Fh Oy 1 7 2 B AT 55 4E 4
— Oy A ST AR S S BON AT AR A T R AR
W AT S B B 2 AN B S PR AT . B
1555 1y 24T %5 % 3 (Traditional MTL) J7 3 9401
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%3 &F/\4 CLIP-ViT-B/16 B i & (F 1 sE X tE

/RS SUN397  Cars  RESISC45 EuroSAT  SVHN GTSRB MNIST  DTD  “F¥EE
Pre-trained 65.5 64.6 66.3 54.1 51.9 43.4 51.7 44.9 55.3
Individual 78.9 85.9 96. 6 99.0 97.6 99.0 99.7 82.3 92.3

ZATS R 5 1 71

Weight Averaging 68.7 69.0 75.0 83.2 74.9 62.5 93.7 5l. 1 72.3
Fisher Merging (NeurIPS 2022) 70. 8 71.8 76.2 93.4 77.4 61.2 90.7 52.3 74.2
RegMean (ICLR 2023) 71.1 76. 4 86.0 95.4 93.9 86.5 98.4 64.3 84.0
Task Arithmetic (ICLR 2023) 65.9 68.3 75.4 84.5 88.8 81.9 98.0 53.9 77.1
DARE (ICML 2024) 65.9 68.2 75.4 84.2 88.6 81.7 98.0 54.2 77.0
Ties-Merging (NeurIPS 2023) 70.6 71.2 79.8 87.5 83.2 76.2 96. 4 55.4 77.5
AdaMerging (ICLR 2024) 70.6 79.6 86. 1 93.6 93.5 95.4 98.1 62.9 85.0
WEMOE (ICML 2024) 76.5 85.1 94.4 98.8 97.1 99.0 99. 6 80.2 91.3
RankOne-MoE (F&A111) 76.0 83.5 93.6 98.1 96. 6 98.4 99. 4 78.6 90. 5

AT« @ BRA IR 7 2, X 2RI R T
AL 55 AR L R AR AL — > 2T SR A AR T
155 Rl A AL ek . SR X iy i K i Al gk
JIT A AT 55 B RSCHE T e 5 e 1 50 a R A A, O HLAE
S L FH PR AT B A KA 3R e R i e B JXURS: S 4 1) 2
TE 2 S B U7 5

(X LRSS IR B 5k RATULEE 3
PLR 25 5 . f 87 5000 AR OF 1 5 O 7 1 (Weight
Averaging) R IUEL 2% . PN B R BB X 43 AN [R] BB Xof
B A TR R TR T BT 55 AR DG PR 55 A A
Xof R PE R By BT R AL R . AT 95 B8 OR (Task
Arithmetic )38 1 A SRS rp 38 U 55 FHOC Y L K
] i JF G IF B B R Al v, W] & T A aa Y
I 2B RERE L TR SRR R X 7k PR
SEVEEAL S5 A E R RO OR B o TR B T A5 (] Y
4 91 77 7 DARE F Ties-Merging 1 # 72 K H .
DARE il i BEHLAL B &8 53 2 8 S A s AL I T sl 0 A7
fitt e K AHIX — SR AT RE 225 T IR E 55 1 A5 2
D HAEREFR AT 55 BATF A B4R T, I
T Ties-Merging fE 5 IF Rl B P X FF 28007 5 A
RO T AT 55 [ h 58 o BROHCPEAT: 55 B8R (1 Al
DT TR ERE . ek B TR T i
(N Fisher Merging. RegMean. AdaMerging) il 1
P SRR El AT 2 2] 1 5 2 AN TR (1Y) 28K
3 BCANTR) ) TR R L 5 TR B A AR P S A L TR
fe LA BT Hd, AdaMerging 1 FH IohRr 20
BRI G I R B R A S G I s h &R
M. Bilan, 78 ViT-B/32 2844 I, AdaMerging ik
B 7 82. 6 KGR . W AL TSy ik rh 3R — 4
() RegMean, J&5 F 45 B 4 80. 6.

(3) % b = FOR A 1 & JF 424 (R VIT-B/32,
ViT-B/16 F1 ViT-L/14) . B A1 & B S B AR kK
FIAEHL Can VIT-L/ 1O e A i B b R B B = i
PEREFIE N o 33X AT RE R TR BT B v B
HEZ N SEOIUA X AT R RS G4 T
BRI REME. A SHORE R BT A I
o A v B ) 2 00 A% B i 28 T R HL G 5 1)
Btk

O LUAS [ A9 AT 55 850 (B VIT-B/32 L& JF
/M5 M VIT-B/32 EA I 20 M™ME 55 T BALG
I AT R BAER KA 55 50 F &G I ik
(WEMOE A1 RankOne-MoE ) 4/5 $Xk — % b 45 55 T 4%
NS AT . AN, 3K S PR 7E 20 ME
5 h, BT 55 B B0 Task Arithmetic 1 Ties-
Merging 5 1 i [)) Weight Averaging [ 41 L% A B
AR TR X R i T e TR AT SR R
JH B — (5 1 4 i R0 IR T 5 T BRI A &L
P o X — S HE M AdaMerging 114 g BH i 42 7+ &
H AT A AU 254N 2 0 5 9 R BT I & 1 A IR
ABEH OCHE

(5)XF F AR SCHR H ) RankOne-MoE J5 3 5 H:
b F 25 4 R 5 O O HE S 25 R L IR AT R B
RankOne-MoE 7E = Fh 4844 ¥R B — B0 L 5=
PERE . B5ER 2 ANMTES5 1 G T M e B IR T # s
J5iE. BB A, RankOne-MoE (94 I M REE
WA G AT BRI A U G AT S ) A
(Traditional MTL) , L T HAEFE TR 510 2
1E55 5 i3 K /1. RankOne-MoE J5 ¥ #941:
SEPERE AR 5 T CHES O i Ak S A
A HWE
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*4 ARTFHESH/\A CLIP-VIiT-B/32 EEI B S &K gext b
VRS SUN397 Cars RESISC45  EuroSAT  SVHN GTSRB  MNIST DTD  “Figks)E
Task Arithmetic 57.0 55.7 64.7 73.2 77.9 68.4 96.0 47.1 67.5
RankOne-MoE (52# 1)) 72.1 74.6 92.6 97.5 94.9 98.0 99. 3 75.1 88.0
AR b — (I BR “ ke — 43 ) 62.7 59.9 89.4 92.6 93.5 91.0 97.0 54.4 80. 0
AR (I BR“Sh A ) 64.5 63.5 73.6 88.9 83.4 74.0 9.8 55.1 75.0
*®5 AH =+ CLIP-VIT-B/32 & B MR K HEsExTLE le8
L T 7"—.—Indi\'|'rlua|
ji % $iﬁj*’§‘f£ —a— WEMOE
Weight Averaging 61. 10 6 [ -@ RankOne-MOE-16
) ) i =@ RankOne-MOE-32
Fisher Merging (NeurIPS 2022) 62.11 2 5 —@ RankOne-MOE-64
. s -& RankOne-MOE-128
RegMean (ICLR 2023) 70.02 il M i :
Task Arithmetic (ICLR 2023) 61.38 T
Ties-Merging (NeurIPS 2023) 60. 63 & 3[
AdaMerging (ICLR 2024) 69.41 2F
WEMOE (ICML 2024) 74.27 | -,..“,;:-.-;,::;*;;E'EEE;E::‘
RankOne-MoE (F&AIT#) 72.90 2 3 1 5 6 7 8
{5 it
5.2.2 XfHEhEEIFHITE 4 R[FENT 5 $icit TR Y S 2 80t H (Individuals)

FEAT L AT & PR fE L B IR AY B
SRR I A B L S AR SCRAR DG Bh 86T 07
1% WEMOE.

MAERER fA B, IR 1.3 2. FIR 3 TR, A
& H ) RankOne-MoE J5 2 5 Y /i i e gk sh 54
It 771 WEMOE 7 Z AR 5545 i AR # H20 , Mhfg 2=
X7 1% 247 . X #2 B RankOne-MoE 7F 52 i /&
PEREA I I B AT B sE 4 )

SR . T 2245 ) 5 8 %) & » RankOne-MoE 765
B 7 1 AR B s A . W 1R BRI
fic & F i) RankOne-MoE-32 A% T WEMOE 717
it R A KRR . BARI S k7 Bl D
BRI SR, PR R Ab 5 ) 2 850 2 T A T
TA% . Task Arithmetic. AdaMerging 55 J7 15 PR AT AR
G GBI 280 5 Bl s AL o8 42 5%
s IR E AR S 9 2 80 2 1,11 WEMOE 75 224k
P12 AT RR 0 & ORI pR ALY, DR R AL S 1 2
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Cank— 43 A0 3h 25 8% D 647 T Al 2 A » DA
AR DTk . EARRSE. h T AT Rk —
GRS B A I R RO e 2R R A ) L 3R
T8 T AN B9 2 Fl . (D ZEFh— . % RankOne-
MoE i BERN 1 & ZBE B — A e &
% » AT 360 AF ATRE B 11 < ke — 0t S s 1) A 001k
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TSRO 2 T 3K 24GBIH B B R B AR
) . (2) B AT 55 B M 8 14 in 2 20, RankOne-
MoE 1% & fF J* &5 ¥ 0§ i X T WEMOoE
AdaMerging, iX 15 £ Tk — % G A L2 ALH] L 7] L
R AT THRE R PRI K . B AnTE 20 MTE S
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a balance between performance and efficiency remains
challenging, particularly in scenarios involving a large number of
tasks or resource constraints. To address this, this paper
proposes an innovative method called RankOne-MoE, which
combines the strengths of static and dynamic merging to achieve
an optimal trade—off between performance and resource efficiency.

RankOne-MokE leverages task—specific analysis of parameter

correlations, dividing model parameters into low—correlation and
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high—correlation groups. It applies static merging to the low—
correlation group and dynamic merging to the high—correlation
group. For the high-correlation group, rank-one experts are
extracted via singular value decomposition (SVD) and stored in a
shared rank-one expert pool. The most relevant experts are
dynamically selected based on input instances using a dynamic
routing mechanism. Experimental results demonstrate that RankOne—
MOoE achieves multi—task accuracy comparable to state—of-the-art
dynamic methods, while significantly reducing parameter requirements.
For instance, on ViT-B/32, RankOne-MOoE reduces parameter
usage by approximately 81.45% , showcasing outstanding efficiency.

This research is of substantial significance. It enhances both

the performance and efficiency of multi-task learning while
reducing dependence on extensive data collection and storage,
thereby mitigating risks of data privacy leakage. Furthermore,
RankOne-MoE opens up new directions for model merging in
areas such as large language models and multimodal models.
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