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Table 1. ImageNet-R ZUESE FAILEHR - BATIRE THE5 - 10~ 20 F140 FCIL 5 T AP &R R RLERR, 545
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KFFNESH - RSN TR T EWEN, ERRRTRE, L2EFRREH-
Method 5 steps 10 steps 20 steps 40 steps
Avg Last Avg Last Avg Last Avg Last
L2P 78.42 73.57 79.58 73.10 77.93 70.35 74.28 66.02
w/ KAC 77.98 (-0.44) 73.56 (-001) 79.22 (-036) 73.14 (+0.04) 78.94 (+101) 7211 (+176) 76.34 (+2.06) 69.74 (+372)
DualPrompt 79.75 74.57 79.50 72.48 78.35 70.68 74.51 66.31
w/ KAC 79.96 021y  76.37 (+150) 80.72 (+122)  75.67 (+3.9) 80.40 (+205)  74.68 (va00)  76.87 (v236)  T1.24 (1a03)
CODAPrompt  82.27 77.62 82.49 77.01 80.92 74.40 76.80 69.34
w/ KAC 83.75 (+148) 80.14 (1252 84.43 (+194) 79.24 (4203 83.59 w267y 77.94 4350y 79.79 (+299) 74.31 (+a97)
CPrompt 84.07 78.68 83.13 76.80 81.83 74.32 78.98 70.07
w/ KAC 84.51 (+04ay  79.08 (+040) 83.97 w084y 78.07 (+127) 82.56 (+073y  75.73 (+141) 80.89 (+191)  72.05 (+198)

Table 2. CUB200 £ ERIZER o R T PR B ER X RZEIRE . KAC TEFTE &L PG T BE MRS, JUHRE
KFEFIES S, BT AR RS b s REae -

Method 5 steps 10 steps 20 steps 40 steps
Avg Last Avg Last Avg Last Avg Last
L2P 80.05 76.04 74.02 65.28 63.31 51.78 46.84 35.41
w/ KAC 84.42 (w137 83.80 (+176)  81.54 (w1520 79.77 (+1420)  73.70 +1039)  70.13 (+1835)  66.08 (+1924)  60.43 (+2502)
DualPrompt 81.84 76.38 75.10 64.60 66.89 54.68 50.61 37.55
w/ KAC 86.20 (+436)  85.03 (ss65)  82.18 (v108)  79.61 (s1401)  76.93 (v1004)  T1.91 (v1723)  TL.31 (s2070)  64.69 (427.14)
CODAPrompt  83.09 78.73 79.30 71.87 69.49 58.00 52.57 37.81
w/ KAC 86.56 (+347)  85.61 (+68s)  85.04 (4574)  82.59 w1072y 77.23 (v174) 73.32 (v1532)  71.36 (+1879)  64.56 (+2675)
CPrompt 88.62 82.02 85.77 76.80 83.97 72.99 77.34 64.80
w/ KAC 89.60 (+09s)  83.08 (+106) 89.04 (:327)  80.75 (+395) 87.06 (+3.00) 78.54 (4s55) 85.11 (+777) 76.51 (+1171)
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Table 3. DomainNet 455 . el 17E6 MG & ($1345
KR LT TGRS . BATIRE T S
KRG — MESHIERR . 4558 %, KAC 7EDIL K&
HEEIE R T1E-

Method Avg Last
L2P 57.78 49.22
w/ KAC 59.79 (+2.01) 51.10 (+1.88)
DualPrompt 60.96 51.83
w/ KAC 62.06 (+1.10) 52.76 (+0.93)
CODAPrompt 61.61 53.12
w/ KAC 62.78 (+1.17) 53.54 (+042)
CPrompt 61.32 52.49
w/ KAC 62.13 (1os1) 53.02 (+053)

Table 4. XT 4> R B EM AT HBMPIR - TATHZ EBM
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o HA, w/ MLP RRSHEA—RYIZAMLP, THiw/ MLP
(fixed) FRBENLVIIALHIMLP 35, RFETEMER . 058
1£20 #TmageNet-R 5 H 317

CODAPrompt w/KAC w/MLP w/MLP (fixed)
Avg 80.92 83.59 80.56 65.87
Last 74.40 77.94 73.59 51.03
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Table 5. CIFAR-100 10 Z3 5 H P38 2R -

Method Linear KAC

L2P 83.78  83.71 (oo
DualPrompt 84.80  85.74 (woow)
CODAPrompt  86.65  87.26 (wosn)
CPrompt 87.50  87.19 (cosny

Table 6. 7EImageNet-R 20 355+, KAC 55 ZE1ERATKAC
H B AER R L

Method Baseline KAC + Shortcut KAC
L2P 70.35 71.09 72.11
DualPrompt 70.68 72.83 74.68
CODAPrompt 74.40 75.57 77.94
CPrompt 74.32 73.55 75.73
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LUIKAN J71%, BVEERESR R B PN e 220 4% -

TEARTT A, FRATTR U A e P 5 2 i T N REHS BT KAC
RIGHELFIMERE - 3R 6 55 T ImageNet-R 20 25 H
BIE— T ESPERR . SRR, NINELEREE
%E, VERREE R MR, X B IR PR 1 7R 3%
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9. HZ AL

CUB200 TERERTRTHIAL 7 T #R9TKACTECUB200_ 14 RE
MHRRE, BATLHF ML T CUB2007E A [Fsteps i
TEE Y ARSI . WE 6 iR, BELSEERN
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Table 7. {#/H Z M7 #ACUB200 25 LT 2 UCETHIER - 5 T RJF—RIEFR A EMIRESE -

Method 5 steps 10 steps 20 steps 40 steps
mean std mean std mean std mean std
L2P 76.60 0.79 69.23 2.86 59.11 5.06 41.65 471
w KAC 80.35 2.60 77.07 1.92 73.32 0.57 65.89 4.09
DualPrompt 77.35 1.68 71.13 1.88 61.91 5.03 44.98 5.21
w KAC 82.39 1.95 79.55 1.88 75.94 1.76 69.86 4.28
CODAPrompt 75.62 2.65 70.77 0.71 62.58 3.44 45.14 5.49
w KAC 82.88 1.96 78.74 2.73 74.74 0.194 70.57 4.27
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