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HE Bk HM R Bk HM S FES HM 2k FES HM
CLIP (Radford et al., 2021) 69.34 74.22 71.70 72.43 68.14 70.22 96.84 94.00 95.40 91.17 97.26 94.12
FET MBI
MaPLe (Khattak et al., 2023a) 81.91 75.09 78.35 76.60 70.77 73.57 97.73 95.30 96.50 95.70 98.07 96.87
PromptSRC (Khattak et al., 2023b) 84.23 75.78 79.78 77.60 70.37 73.81 98.07 94.00 95.99 95.23 97.17 96.19
HicroPL (Zheng et al., 2025) 85.16 76.50 80.60 78.34 71.68 74.86 98.36 95.45 96.88 95.62 97.69 96.64
BT R vk
MMRL (Guo & Gu, 2025) 85.71 76.28 80.72 77.70 71.20 74.31 98.83 94.33 96.53 95.97 97.50 96.73
AN P forR Sre 85.71 72.60 78.61 77.70  69.13 73.16 98.83 94.83 96.79 95.97 94.70 95.33
MMRL++ (Guo & Gu, 2026) 85.43 77.79 81.43 77.60 71.40 74.37 98.90 94.40 96.60 95.43 96.97 96.19
AT AR S 85.43 76.48 80.71 77.60 71.30 74.32 98.90 94.57 96.69 95.43 96.87 96.14
T BMETORSI
AlignedNorm H 85.46 77.79 81.45 77.60 71.47 74.41 98.90 94.77 96.79 95.63 97.43 96.52
A 40.03 +1.31 40.74 | 40.00 40.17 4+0.09 | +0.00 +0.20 -+0.10 | +0.20 +0.56 -40.38
Frik StanfordCars Flowers102 Food101 FGVCAircraft
H%E EiES HM e EiES HM H Bk HM F% Bk HM
CLIP (Radford et al., 2021) 63.37 74.89 68.65 72.08 77.80 74.83 90.10 91.22 90.66 27.19 36.29 31.09
AT Bk
MaPLe (Khattak et al., 2023a) 72.30 73.80 73.04 96.03 73.33 83.16 90.70 92.03 91.36 36.07 34.47 35.25
PromptSRC (Khattak et al., 2023b) 78.20 75.47 76.81 98.07 77.37 86.50 90.63 91.50 91.06 43.33 36.27 39.49
HicroPL (Zheng et al., 2025) 81.13 75.04 77.97 98.10 74.75 84.85 90.74 91.72 91.23 46.06 37.61 41.41
BT Rk
MMRL (GHO & Gu, 2025) 81.30 74.83 77.93 98.97 76.97 86.59 90.57 91.53 91.05 46.13 37.47 41.35
AP R SR s 81.30 70.00 75.23 98.97 73.03 84.04 90.57 89.90 90.23 46.13 35.10 39.87
MMRL++ (Guo & Gu, 2026) 81.23 75.23 78.11 98.50 77.47 86.73 90.50 91.70 91.10 16.47 38.50 12.11
R R S 81.23 72.43 76.58 98.50 73.80 84.38 90.50 91.57 91.03 46.47 38.63 42.19
T BRI
AlignedNorm H 81.70 73.83 77.57 98.40 76.03 85.78 90.57 91.60 91.08 46.20 38.60 42.06
A +0.47 +1.40 +40.99 | -0.10 +42.23 +1.40 | +0.07 +40.03 +40.05 -0.27 -0.03 -0.13
g SUN397 DTD EuroSAT UCF101
H% EiES HM B% EiES HM H% LES HM Bk Bk HM
CLIP (Radford et al., 2021) 69.36 75.35 72.23 53.24 59.90 56.37 56.48 64.05 60.03 70.53 77.50 73.85
FT IR
MaPLe (Khattak et al., 2023a) 80.80 78.33 79.55 79.87  57.60 66.93 91.70 75.10 82.57 83.53 77.23 80.26
PromptSRC (Khattak et al., 2023b) 82.50 78.87 80.64 83.27 61.50 70.75 92.80 72.20 81.21 86.87 78.83 82.65
HicroPL (Zheng et al., 2025) 83.25 78.99 81.06 83.60 65.30 73.33 94.04 72.28 81.74 87.47 81.02 84.12
FET Rk
MMRL (Guo & Gu, 2025) 83.07 79.23 81.10 85.87 64.10 73.40 96.10 72.33 82.54 88.30 79.63 83.74
At ) fiR S 83.07 76.63 79.72 85.87 59.77 70.48 96.10 59.20 73.27 88.30 76.30 81.86
MMRLA++ (GUO & Gu, 2026) 82.93 79.57 81.22 85.07 65.83 74.22 95.73 84.17 89.58 87.37 80.43 83.76
A R S s 82.93 78.43 80.62 85.07 61.70 71.52 95.73 81.63 88.12 87.37 80.40 83.74
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K, MTEDAIRFE T 5 AR T 5. Bk, $eiaoc ERIRHERE S —Fh A &R RS BEET) = B
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FHZT, Ehmocgon s (st =M

kpll 5 (1K || BREFATIE) R logits (R, AIRIN AT fE

BRZEH A 25 B L, ap ALRHEEGUDN, PORTHDCHIB IR ARE , HUERrfeR-patch 22,

B WICIEEE SRR T R Y I R O SR T logits ARIFFE T2 JYa /Y, ISR
TR TR HAN IR TR R AT UL, RPN T BB X AR T BN SRR ST IE BN (] REAE S I Hh % il 4 4
.
& 9. 15 MIHHEM Y .
Heihse | KB IS RiIE%R WikgE A FRBIR
TmageNet 1000 1.28M ~ 50000  RHAEH FRoSSEME “a photo of a [CLASS].”
Caltech101 100 4128 1649 2465  ZBLEHARSE IR GIELHE “a photo of a [CLASS].”
OxfordPets 37 2944 736 3669 AR RR IR R 5 “a photo of a [CLASS], a type of pet.”
StanfordCars 196 6509 1635 8041  KIEMMER. A5 HAEMRATRLE R ‘a photo of a [CLASS].”
Flowers102 102 4093 1633 2463 FETFI P AL 22 “a photo of a [CLASS], a type of flower.”
Food101 101 50500 20200 30300 RV T B AR R 51 “a photo of [CLASS], a type of food.”
FGVCAircraft 100 3334 3333 3333 KM S AR R (Y AL 432 “a photo of a [CLASS], a type of aircraft.”
SUN397 397 15880 3970 19850 RIS 5t G IR RPEfR “a photo of a [CLASS].”
DTD 47 2820 1128 1692 LUALE AR A2 “[CLASS] texture.”
EuroSAT 10 13500 5400 8100 BT TR R R S 8 w2k “a centered satellite photo of [CLASS].”
UCF101 101 7639 1898 3783 B i shAE R 51 “a photo of a person doing [CLASS].”
ImageNetV2 1,000 ~ ~ 10,000 T3l ImageNet 43 fRiZALEE ST AE  “a photo of a [CLASS].”
ImageNet-Sketch | 1,000 ~ ~ 50,889  FLIR| XARSTIE WAL T i H ARiE B “a photo of a [CLASS].”
ImageNet-A 200 ~ ~ 7,500 H 2511 ImageNet #7485 FEFEHARIES]  “a photo of a [CLASS].”
ImageNet-R 200 ~ ~ 30,000 ImageNet HAREBI\EZHELARILEN “a photo of a [CLASS].”

C. thsecBlan i

15 MR BTN B 2 90 SH SRR T A IR, BRARREIUENT, S8 1l MMRLA++ RS H0X
o BRI, o B8 0.7, FFME J =6 BEITHBNHEERR . S BAREM I ERE 5 MMRLA+ £
Fr—3k. B SUN397 4h, Frfi $dssesus il MMRL++ iIlZae % 4F SUN397, #ishl% 3 4 epoch. fif
AR A CLIP VIT-B/16 {8 T4, A AdamW fEfLds, #0500 1x 1073, RARIX: ) HI
JEd, IFBE 1A warm-up epoch, warm-up BB RIEER 1 x 1077, AI2EJ PRI TR BEN 5.

D. #hseseiaaif

P BEE BB ML g W, 35 10, 11 N E/ADREARE T PRSI 6 11. | 6 5 18 7 eon T MMRLA++

A1 AlignedNorm FEA ]2 IR J1E .
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A 10, HRBIPFRIZALN IS . KHask EER S BRI (%).

Sk Sy ImageNet Caltech101 OxfordPets
H% Bk HM 5% Bk HM £ Bk HM £ fES HM
baseline 85.43 76.48 80.71 77.60 71.30 74.32 98.90 94.57 96.69 95.43 96.87 96.14
+ Lioken 85.16 76.37 80.52 77.43 71.27 74.22 98.83 94.87  96.81 95.03 96.83 95.92
+ Lproj (Hingeloss) 85.44 76.19 80.55 T7.67 71.23 74.31 98.90 94.57 96.69 95.63 97.07 96.34
+ Lproj(smoothL1) 85.32 76.83 80.85 77.47 71.33 74.27 98.73 94.63 96.64 95.17 96.83 95.99
+ Lproj(Ring loss) 85.29 76.94 80.90 77.60 71.30 74.32 98.93 94.70 96.77 95.63 97.37 95.99
+ Lproj(L1) 85.42 76.96 80.97 77.57 71.27 74.29 98.87 94.40 96.58 95.67 97.23 96.44
AlignedNorm 85.46  77.79  81.45 77.60 71.47  74.41 98.90 94.77 96.79 95.63 97.43  96.52
ik StanfordCars Flowers102 Food101 FGVCAircraft
T HAE Bk HM HAE Bk HM fes Bk HM £ Bk HM
baseline 81.23 72.43 76.58 98.50 73.80 84.38 90.50 91.57 91.03 46.47  38.63  42.19
+ Lioken 80.87 72.23 76.31 98.30 73.83 84.33 90.50 91.30 90.90 45.50 36.97 40.79
+ Lproj (Hingeloss) 80.97 71.17 75.75 98.20 73.47 84.05 90.53 91.30 90.91 45.87 37.20 41.08
+ Lproj(smoothL1) 80.67 73.23 76.77 98.27 75.03 85.09 90.57 91.37 90.97 46.43 37.83 41.69
+ Lproj(Ring loss) 80.53 73.53 76.87 98.07 75.90 85.57 90.67 91.50 91.08 46.10 37.37 41.28
+ Lproj(L1) 80.70 73.53 76.95 98.27 75.90 85.65 90.73 91.60 91.16 46.10 38.47 41.94
AlignedNorm 81.70  73.83  77.57 98.40 76.03 85.78 90.57 91.60 91.08 46.20 38.60 42.06
. SUN397 DTD EuroSAT UCF101
‘ H% fiES HM H% ik HM H% ik HM HHE ik HM
baseline 82.93 78.43 80.62 85.07 61.70 71.52 95.73 81.63 88.12 87.37 80.40 83.74
+ Litoken 83.03 78.43 80.66 84.80 63.53 72.64 95.63 80.80 87.59 86.80 80.00 83.26
+ Lproj (Hingeloss) 82.93 78.37 80.59 85.13 61.40 71.34 95.93 82.17 88.52 88.03 80.10 83.88
+ Lproj(smoothL1) 82.87 78.83 80.80 84.77 63.47 72.59 96.30 82.77 89.02 87.23 79.80 83.35
+ Lproj (Ring loss) 82.87 78.97 80.87 84.37 62.50 71.81 95.80 83.07 88.98 87.57 80.13 83.68
+ Lproj(L1) 83.10 79.17  81.09 84.93 61.97 71.66 96.10 82.80 88.96 87.53 80.23 83.72
AlignedNorm 82.93 79.13 80.99 84.63 65.23  73.67 96.10 86.63  91.12 87.43 81.00  84.09
% 11. AlignedNorm 5§ MMRLA++ (Guo & Gu, 2026) 7£ 11 MR I /RA2E S 1 A
BeP e Jiik 1-shot 2-shot 4-shot 8-shot 16-shot
ImageNet MMRL++ 70.03 70.80 71.43 72.30 73.17
g AlignedNorm 70.07 70.87 71.47 72.33 73.07
Caltech101 MMRL++ 94.13 94.87 95.90 96.13 96.83
AlignedNorm 94.33 94.97 95.83 96.03 96.83
OxfordPets MMRL++ 91.30 91.17 92.67 92.33 93.53
AlignedNorm 91.17 90.93 92.87 92.53 93.50
StanfordCars MMRL++ 68.30 72.57 77.97 82.43 86.20
AlignedNorm 70.17 73.87 77.80 81.83 85.40
OxfordFlowers MMRL++ 83.87 89.67 93.80 96.23 98.30
AlignedNorm 84.53 89.63 93.73 96.33 97.87
Food101 MMRL++ 82.93 84.03 84.63 85.43 86.13
AlignedNorm 84.70 85.33 85.90 86.37 87.00
. MMRL++ 28.13 32.50 40.70 49.27 58.20
FGVCAIrcraft AlignedNorm 28.30 33.83 40.80 18.80 58.03
SUN397 MMRL++ 69.00 71.13 73.40 75.40 77.47
AlignedNorm 69.50 71.43 73.97 75.87 77.63
DTD MMRL++ 57.13 60.80 67.10 70.73 74.43
AlignedNorm 56.80 60.90 66.80 71.00 74.80
MMRL++ 78.00 82.40 88.33 89.30 93.33
EuroSAT .
AlignedNorm 7717 80.93 88.67 89.13 93.03
UCF101 MMRL++ 75.50 78.90 82.50 84.73 87.23
AlignedNorm 75.53 78.60 82.40 84.60 87.67
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