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Please give me a detailed description of the following

Attribute Pool

Searched Attribute

__________

. 1
@ categories in one sentence: faces, leopards, motorbikes, (Search Space) All :_ _(Ehfpef‘fe_)__,l All
User @ accordion, .., wild cat, windsor chair, wrench.
Images Images
. Fillin | |... Fill in
Faces are the front part of a person's head, typically
characterized by features like eyes, nose, and mouth, Y'EJ. . Y ____. -
with varying shapes, skin tones, and expressions that ao &Leamable Prompts “LH“: e }g I Learned Prompl : @LH-‘. ‘ ;g
convey emotions and enable recognition. LLM o Optlmlze __________ )
Forward | |--- —) Forward
[ ] Given these descriptions, please summarize five Search
User general and independent attributes in one noun. Text Text Img
& Encoder Encoder Encoder
Shape, Color, Material, Function, Size. v;ﬂn:\
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(shape), (color), (material), (function), (size), (shape, color), (color,
function), (color, size), ......, (shape, material, function, size), (color, - S .
. . . . . . upervise
material, function, size), (shape, color, material, function, size) & E-I—>®—> Logits p Logits

Attribute Pool

(a) Form an attribute pool.
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(b) Differentiable attribute search.
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Ik T iX—451e.
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ISR, FATHY B Ar 2 m] 2 ) AL E o
MERFLREIC 0. BEIEPRUEMUE (32, 39, 63], FRATH
W/ MEBIER K Lo SROCACKE o, [A)I iR
NG Lirain KT8 TC. FATR N HIE
[14, 28] HefhxX —AEAAC ), SZEFIALX AT
i) A -

flz,va,0) = f(z,v; 0). (8)

& = argmin Lyq (f(z,v a,0),c), (9)



0= argmein Livain(f(z,v &,0),¢). (10)

H Livain il Loar #R A SURIR K L. £0di82R,
PR E R B A (ou).

RGP, SESEMMEIMEER (NAS) ¥k 8, 31,
A6] FETHETF RS E R I M S RS HT R A, FoT
TERE T RENE TG RSN XA
(535 AR Y R RSB, X 1 F el g
HOR, BATE R ERETEL 5 MR I, 7
K A800 GPU LA A2 5 b, XM T
M EAR T G S B R S . st
G E BN JE R R AR A VT AR/ ME R S H], IR AR iE—
BIRTHERE .

4. I
4.1. 5B

JRFPK (Base-to-Novel) Wiz LhES. EHE [19,
29, 60, 61] WA, FRATRAEGR R4 B 2RATHT 2.
BRI R4 AT NS, HEAEREE BVl . A<
S5 R R BT R R B TR
L BRI ER AL B 40 TmageNet, FRATRF 16 FEA
pric (16-shots) Fdli s imif:, —EM T, H—F
TSk

BEE: (Cross-dataset) 295, 52 w5y TAE [19,
60, 61] —%, FATE LA TmageNet-1K P i
SRR, IRIGTEZ A AN 5 EPRAE HZ AL RE
SIS H e JE I AR AR S R R

BT R . ROV B IER T 5 LB RN
JEPEE, BOMMRERART 31 MEkEEHE. K
M ChatGPT-4o JHATIEVEAR ). R 3 R TH45r
i) B 1) S P DA B 3R AT 48 2R SRV D 3 1 ) e %
Her. Mgt T TR RSB EZ 40 .
SEBRANYT . FRATHE 15 A R AR S AR
PERE. FRATHRAE T ESEMBRAHER 2, DASOX W EAE
3 YA e JE TR AF S (E (HM). DR
PIEAN(E LB 5%

4.2. B FB|H2 (Base-to-Novel) (1772 1L fig

R 1R, TATE 11 AR E S EEE T
TLAP LI AR E LB R ANZ A RE , CUFRSE R A
R ATPrompt FMENL . (HASHER /2, ATPrompt
—H PRI T A LR PERE

TERESE 0L P UGB EORARIY ST . (1) W) SRR
e RS P AR O ER S, At ATPrompt X Hik
A REnS BB THERE . (2) IR RAAFZE O R AT
SE) SCARPERPTERE, a5 ABSMRA ] S ik
TTY R BTIRATN TR K] 2 3] SUAR PR
Sl PR TGRS IS ANE 3

4.3. I55i4E (Cross-dataset) 774

22 BN T =M RS BRI A R . KA
W ERIB S tERE, 45 CoOp. CoCoOp I
MaPLe 43 33255 T 1.38%. 0.85% FI 0.45%.

4.4. 1577 1. (Domain Generalization) 5215

A BN T R R TR A SR . SRR
I ¥ CoOp. CoCoOp F1 MaPLe 543 B4R
T 0.90%. 0.49% #1 0.33%.

4.5. —L ot

LEERINAE ImageNet EiEFT. 7 fe/MEH AR A
WS, FATEZEORM CoOp fENELT k. FATH)
ATPrompt "M TWANEN (BIEFTER) . HL5%
B aE RIS I R .
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76.07 76,27 76,24 76,33 76.18

~
o

~
N

73.02 73:33 7313 7316 73093

Accuracy (%)
~
N

7021 7980 7027 7024 4995

~
o

(o)}
o]

1 2 4 6 10
Soft Prompt Length

¥l 5. ImageNet EAFIEICKEZRREE. HmiEscn e
SRR S, ISRz A

PP KB, 12/ 5, FRATWIE TR PR AR 51
JUR IR A O . BB 1 284k E) 10, 3K
T EE BN K AR R SRR MR ey 5 18, M
T DR JE Az AL B

PHTCOL L. FEFATM Tk, TR T 5 25 T
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Average ImageNet Caltech101 OxfordPets

ik Base Novel HM Base Novel HM Base Novel HM Base Novel HM

CoOp (110 22) 82.69 63.22 71.66 76.47 67.88 71.92 | 98.00 89.81 93.73 | 93.67 9529 94.47
CoCoOp (CvPR 22) 80.47  71.69 75.83 75.98 70.43 73.10 | 97.96 93.81 95.84 | 95.20 97.69 96.43
MaPLe (cvrr 23) 82.28 75.14 78.55 76.66 70.54 73.47 | 97.74 94.36  96.02 | 9543 97.76  96.58
PromptSRC (1cov 23) 84.26  76.10 79.97 77.60 70.73 74.01 | 98.10 94.03 96.02 | 95.33 97.30  96.30
ArGue (CvPR 24) 83.69 78.07 80.78 76.92 72.06 74.41 | 98.43 95.20 96.79 | 95.36 97.95 96.64
DePT (cvenr 24) 83.66 71.82 77.29 7713 70.10 73.45 | 98.33 94.33 96.29 | 94.70 97.63 96.14
CoPrompt (ICLR 24) 84.00 77.23 80.48 T7.67 71.27  74.33 | 98.27 94.90 96.55 | 95.67 98.10 96.87
PromptKD (cver 24 86.96 80.73 83.73 80.83 74.66 77.62 | 98.91 96.65 97.77 | 96.30 98.01 97.15

CoOp + ATPrompt 82.68 68.04 74.65 (+2.99) | 76.27 70.60 73.33 | 97.95 93.63 95.74 | 94.77 96.59 95.67
CoCoOp + ATPrompt 81.69 74.54 T77.95 (+2.12) | 76.43 70.50 73.35 | 97.96 95.27 96.60 | 95.46 97.89 96.66
MaPLe + ATPrompt 82.98 75.76 79.21 (+0.66) | 76.94 70.72 73.70 | 98.32 95.09 96.68 | 95.62 97.63 96.61

DePT + ATPrompt 83.80 73.75 78.45 (+1.16) | 77.32 70.65 73.83 | 98.48 94.60 96.50 | 94.65 97.99 96.29

PromptKD + ATPrompt 87.05 81.82 84.35 (+0.62) | 80.90 74.83 77.75 | 98.90 96.52 97.70 | 96.92 98.27 97.59

StanfordCars Flowers102 Food101 FGVCAircraft
s Base Novel HM Base Novel HM Base Novel HM Base Novel HM
CoOp (11CVv 22) 78.12 60.40 68.13 | 97.60 59.67 74.06 | 88.33 82.26 85.19 | 40.44 22.30 28.75
CoCoOp (CVPR 22) 70.49 7359 72.01 | 94.87 71.75 81.71 | 90.70 91.29 90.99 | 33.41 23.71 27.74
MaPLe (VPR 23) 7294 74.00 73.47 | 95.92 7246 82.56 | 90.71 92.05 91.38 | 37.44 35.61 36.50
PromptSRC (1ccv 23 78.27 7497 76.58 | 98.07 76.50 85.95 | 90.67 91.53 91.10 | 42.73 37.87  40.15
ArGue (CvrPR 24) 75.64 73.38 74.49 | 98.34 7541 85.36 | 92.33 91.96 92.14 | 40.46 38.03 39.21
DePT (cvrr 24) 79.67 7240 75.86 | 98.20 72.00 83.08 | 90.43 91.33 90.88 | 42.53 22.53  29.46
CoPrompt (1CLR 24) 76.97 74.40 75.66 | 97.27 76.60 85.71 | 90.73 92.07 91.40 | 40.20 39.33  39.76
PromptKD (cvrr 24) 82.80 83.37 83.13 | 99.42 82.62 90.24 | 92.43 93.68 93.05 | 49.12 41.81 45.17

CoOp + ATPrompt 7743 66.55 71.58 | 97.44 67.52 T79.77 | 88.74 87.44 88.09 | 40.38 27.22 32.52
CoCoOp + ATPrompt 74.50 73.47 73.98 | 96.52 73.59 83.51 | 90.59 91.74 91.16 | 37.30 33.15 35.10
MaPLe + ATPrompt 75.39 73.84 74.61 | 97.82 75.07 84.95 | 90.65 92.00 91.32 | 37.61 36.15 36.87

DePT + ATPrompt 79.29 73.47 76.27 | 98.20 73.69 84.20 | 90.42 91.69 91.05 | 43.19 33.23 37.56

PromptKD + ATPrompt 82.51 84.03 83.26 | 99.15 82.03 89.78 | 92.48 93.86 93.22 | 49.63 42.35 45.70

SUN397 DTD EuroSAT UCF101
Tk Base Novel HM Base Novel HM Base Novel HM Base Novel HM
CoOp (11cv 22) 80.60 65.89 72.51 | 79.44 41.18 54.24 | 92.19 54.74 68.69 | 84.69 56.05 67.46
CoCoOp (CvPR 22) 79.74 76.86 78.27 | 77.01 56.00 64.85 | 87.49 60.04 71.21 | 82.33 73.45 77.64
MaPLe (cvPRr 23) 80.82 78.70 79.75 | 80.36 59.18 68.16 | 94.07 73.23 82.35 | 83.00 78.66 80.77
PromptSRC (1ccv 23) 82.67 78.47 80.52 | 83.37 6297 71.75 | 92.90 73.90 82.32 | 87.10 78.80 82.74
ArGue (CvPR 24) 81.52 80.74 81.13 | 81.60 66.55 73.31 | 94.43 88.24 91.23 | 85.56 79.29 82.31
DePT (cvrr 24) 82.37 75.07 7855 | 83.20 56.13 67.04 | 88.27 66.27 75.70 | 85.43 72.17 78.24
CoPrompt (ICLR 24) 82.63 80.03 81.30 | 83.13 64.73 72.79 | 94.60 78.57 85.84 | 86.90 79.57 83.07

PromptKD (cver 24) 83.69 81.54 82.60 | 85.84 7137 7794 | 97.54 82.08 89.14 | 89.71 82.27 86.10

CoOp + ATPrompt 80.84 68.64 74.24 | 80.83 4549 58.22 | 90.34 59.79 71.96 | 84.49 64.96 73.45
CoCoOp + ATPrompt 80.50 76.86 78.64 | 78.63 56.89 66.02 | 87.95 74.15 80.46 | 82.74 76.40 79.44
MaPLe + ATPrompt 80.98 78.15 79.54 | 80.50 5828 67.61 | 94.84 T77.59 85.35 | 84.08 78.88 81.40

DePT + ATPrompt 82.42 76.48 79.34 | 82.64 56.77 67.30 | 89.60 69.50 78.28 | 85.60 73.15 78.89

PromptKD + ATPrompt 83.87 81.35 8259 | 86.92 72.34 78.96 | 97.05 92.07 94.49 | 89.29 8244 85.73

#1078 11 B L, BAVE R HABREHRTTR T G M H ATPrompt AYEEF|H25] (Base-to-Novel) {Z{b3L1 . &5
SR, WAV EAEAR R L BB T — B P e Tt



TR 4 ERAR €S
ik Image Caltech Oxford Stanford Flowers FGVC Euro Average
Food101 . SUN397 DTD UCF101
Net 101 Pets Cars 102 Aircraft SAT
CoOp 71.51 93.70 89.14 64.51 68.71 85.30 18.47 64.15 41.92  46.39 66.55 63.88
+ATPrompt 71.67 93.96 90.65 65.01 70.40 5.86 20.97 65.77 43.44  46.59 69.92 65.26 (+1.38)
CoCoOp 71.02 94.43 90.14 65.32 71.88 86.06 22.94 67.36 45.73  45.37 68.21 65.74
+ATPrompt 71.27 93.79 90.62 65.90 71.17 86.03 23.22 66.63 44.44  48.70 70.71 66.59 (+0.85)
MaPLe 70.72 93.53 90.49 65.57 72.23 86.20 24.74 67.01 46.49 48.06 68.69 66.30
+ATPrompt 70.69 94.04 91.03 66.06 71.99 86.33 24.42 67.05 45.21 48.63 69.15 66.75 (+0.45)

#2078 1L AERdE b, AT =R ELT AT TR TR A i ATPrompt (#5¥i4E (Cross-dataset) iZfL5EH . £ R,

ATPrompt 7& Hr%use FsSeil T —2ur vk aede gt

JE Mk

color, size, shape,
habitat, behavior

SIS BRAR

ImageNet (color, shape)

shape, color, material,
Caltech101 shape, colol, materta (shape,size)

function, size

loyalty, affection, energy,

OxfordPets ) ) (playfulness, energy)
playfulness, intelligence
design, engine,
StanfordCars . & 8 (luxury)
performance, luxury, color
color, flower, .
Flowers102 ’ (color, habitat, growth)
habitat, growth, season
flavor, texture, origin, X
Food101 ’ & (Havor, preparation)

ingredients, preparation

# 3. Sl W UBTHE RGN GR . e RNGERIES %
Fff SR

TREE G H br i de
Average
ImageNet  -V2 -S -A -R
CoOp 71.51 64.20 47.99 49.71 75.21 59.28
+ATPrompt 71.67 64.43 49.13 5091 76.24 60.18 (+0.90)
CoCoOp 71.02 64.07 48.75 50.63 76.18 59.91
+ATPrompt 71.27 64.66 49.15 51.44 76.33 60.40 (+0.49)
MaPLe 70.72 64.07 49.15 50.90 76.98 60.27
+ATPrompt 70.69 64.40 49.10 51.77 77.11 60.60 (+0.33)

F 4 TENABE AR ERX =R AT R TR 3
i1 ATPrompt HyisiZ 1k 555 . ATPrompt AR K T H
HIZ AL TERE -

WA R BE . f£ ATPrompt-Deep Hr, FKAT4E
St BOG A EFFERBE T, ]I ER B A 1 3 SR
BOBERDIC. EAFR T, FAR T H D Z5E (H1F%
BB iR T R N R R R T) Mg £ A (BRI

IA=R Base  Novel HM
Front 76.12 70.50 73.20
Middle 76.13  70.29 73.09
End 76.27 70.60 73.33

%% 5. ImageNet FRFIZERTTAER R . REMEHHER
w7

B M AR SR iR T ) WIRRVER TERE, SR
6 R,

XoF TR T R Base Novel HM
{REBFTGTRE. AT 76.94 70.72  73.70
WA EFMEHG  76.87 7044 73.51
SEALEFMEFRM  76.83 7010 73.31

% 6. T MaPLe+ATPrompt HYRZH. i B IETHCHAE
P FERRRREEE . Bm MR O AR R RO B

GEREM], AETT 1 AR (R OR B A R R T
AT IRAENERE . MR, BTG E M ook
I e M FEIERE, WTHER AR SRS 2 A
VERALRIELSENE, U R IRl -

JE M Base Novel HM
(shape, color) 76.32 70.39 73.24
(color, shape)  76.27 70.60 73.33
(size, habitat) 76.44 70.23  73.20
(habitat, size) 76.46 70.16  73.14

# 7. 7 ImageNet 3R RIF A ELBE . @ IHERIITT A2 2
FRHWRA, HAERE AT A B N .

JEYEWT . FEASBEIEH, FATEA R Bl 5 8 P



Fe, PRORAEBLSE R, ol R A 2 3 B0 UM 25 -
F T B TR R R ST R . A
RPN, REWPIAAEZESR, (& a2
USSR, BT (41 RE B 3 57 & B
Mo

SAMbEYER bRES . e3R8 b, ATIRTE Tl HAh
DR SRR A R, BRI, R sh i
I TR SR EAE R Z9RE], Faltsm
TeRBIEAEN SR B B AN 2 PR s R, 4% 1)
THRRIN, AR 2. X RV, RNIEGI BT
2P EAAICE A R 2200 FRAE, E i AR AR A
ZALREST

s J@ Base Novel HM

(shape, size) 82.83 67.13 74.16

Common
(color, texture) 82.73 67.56  74.38

(plane, engines) 82.81 66.22  73.59
(football, sport) 82.77 67.14 74.14

Irrelevant

Serched - 82.68 68.04 74.65

8. A5 11 DR FAR AR R B P PR REXT . A1)
BRI R YERAT T B ERE .

5. &5k

A, FAHRH T ATPrompt, —FhRAJEPE A AL
W SCASR/R=E I TR, TR DA LB P, 271
BN 2 UL 5B R LB Z AL RE . BATIITTIE
iR E SR R C S SR E , R R A ) A ]
M—HERIAZE RN D S5 R R 2 dE IR =51 .
TR R RN, BAHRL T —E A3, §
TEMAL R R AL 55 IR A ARG B ik Jg . ATPrompt
BT RIZFRZ AR, e S IA SR Ik
JZAE . RESCIIIE T IR A R, FATE
I AR A4 7 > U i] = 2§ 1 B il 45 1 F
FEREBERAI T 1] o

Jay B 55 AR K T X I AR X FE A4 R T 2L 1 9
BWETE, EAE Rz I IRk B S T I WA 7
AR PERE . BEAh, H AR PSS AR ROB T AL T
SRy, MBI AR IR H B K BRI B AT
RRRARAMI T — A BB 1] -

Fost. AAWFIRZIE K B R Bl2E R4 (Nos. 62361166670,

U24A20330) WY3CHF. AWML EE K B AR A
SEEREHE AT H (Grant No.62206134) . Ha sz
FEARIRL % %% (070-63253222), IRHIFL -4 AR5 H
(JCYJ20240813114237048) DA J% K HEM A 52 15 %20 g
JRAE S S (VCIP) WSy, TR IRt g I 2
IO L (NKSC) fifit.
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Supplementary Material

6. SEBLAN T

6.1. FiEse

FATTE 15 BB LI TIRATER R, A
TR E R FI 251 (Base-to-Novel) 1z {LfE
PAR 5% 4E (Cross-dataset) BPERE, FATTE 11 AR
[l R A S AT T, BRI, X LA
8 TS I A 5940 TmageNet- 1K [6] 1 Caltech
101 [9]; FFAURLEE 432350 OxfordPets [37], Stanford-
Cars [21], Flowers-102 [36], Food-101 [3], #1 FGVCAir-
craft [34]; JH T353R BIR SUN-397 [52]; I T-3h{EiR
BE) UCF-101 [43]; L4280 DTD [5]; PAK
AT T EKBIRFIH EuroSAT [10]. Xz 46 (Do-
main Generalization) SZ5, FA1{# H ImageNet-1K [6]
VERIEEESE (Source Dataset), FH-f HPUAARME N
H#r%dE4E (Target Dataset), {135 ImageNet-V2 [41],
ImageNet-Sketch [48], ImageNet-A [12] 1 ImageNet-
R [11].

6.2. Rt

5% DARTS [32] 3%, FelTR M AT 8 07 ok i
FIFARE 1 050 R el v T o S e P B AR R 4
RUFEIAT 10 4, A/ (Batch Size) hy 32, FA1fH
J SGD AR 0, WG %H 0.002, (6 ik
R o WA RN 0,02, 7E5c8d, FR 160
5ANBIEE:, XUCEMEES A 31 A (B CL +C2 +
C3+ CE+ CP) Wikl &M TR RER.

12 ST K B TR A B L TR
PLSIB R G R B LA . s, % 13 R T
Caltech-101 % [ 1R W BE I A 1505 41 A 10 e 4
RE,

6.3. FLFH 2 (Base-to-Novel) 17z L g

etk ik, T VERE ATPrompt, FRAPRFEHS JUR IR
ET SCARRIER R 2 M, f4% CoOp [61],
CoCoOp [60], MaPLe [18], DePT [57] #1 Promp-
tKD [29]. SEEBCETER AT

FUE B . FeATAIHEZREL T PyTorch [38] 9281, By sk

I ¥97E R NVIDIA A800 GPU Lifffr. MERLE )y
W, AR AR HER SRS %, IERENLIRE AN
ROTFENEE . FRATIOEH BEVLER B T (SGD) 1Rk
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76.32  70.39 73.24
76.27 70.60 73.33

shape, color

76.44 70.23  73.20
76.46 70.16 73.14

(

(color, shape
(size, habitat
(

- I = =

habitat, size

(material, function)  76.40 70.13  73.13
(function, material)  76.28 70.00  73.01

(growth, season) 76.46 70.18 73.19
(season, growth) 76.40 70.21  73.17

(color, size, shape)  76.27 69.95  72.97
(shape, size, color)  76.32 70.19 73.13

(habitat, size, shape) 76.50 70.21  73.22
(habitat, shape, size) 76.46 70.08 73.13

Searched Attributes
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(b) Adjacent-front 76.39 70.22 73.18
(c) Adjacent-middle 76.46 70.11 73.15
(d) Adjacent-end 76.34 70.31 73.20
(e) Separate 76.48 70.08 73.14
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ImageNet-1K

color, size, shape, habitat, behavior

(color, shape)

Caltech-101

shape, color, material, function, size

(shape,size)

Oxford Pets

loyalty, affection, playfulness, energy, intelligence

(playfulness, energy)

Stanford Cars

design, engine, performance, luxury, color

(luxury)

Flowers-102

color, flower, habitat, growth, season

(color, habitat, growth)

Food-101

flavor, texture, origin, ingredients, preparation

(flavor, preparation)

FGVC Aircraft

design, capacity, range, engines, liveries

(design, range)

SUN-397 architecture, environment, structure, design, function (function)

DTD pattern, texture, color, design, structure (pattern, color, design)
EuroSAT habitat, foliage, infrastructure, terrain, watercourse (habitat)
UCF-101 precision, coordination, technique, strength, control (precision)
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shape, color, material, function, size

(shape), weight: 0.298
(color), weight: 0.004
(material), weight: 0.002
(function), weight: 0.002
(size), weight: 0.003
(shape, color), weight: 0.003
(shape, material), weight: 0.006
(shape, function), weight: 0.000
(shape, size), weight: 0.565
(color, material), weight: 0.000
(color, function), weight: 0.001
(color, size), weight: 0.005
(material, function), weight: 0.000
(material, size), weight: 0.002
o (function, size), weight: 0.002
(shape, color, material), weight: 0.002
& XN R (shape, color, function), weight: 0.002
(shape, color, size), weight: 0.000
(shape, material, function), weight: 0.001
(shape, material, size), weight: 0.085
(shape, function, size), weight: 0.001
(color, material, function), weight: 0.001
(color, material, size), weight: 0.000
(color, function, size), weight: 0.002
(material, function, size), weight: 0.001
(shape, color, material, function), weight: 0.001
(shape, color, material, size), weight: 0.001
(shape, color, function, size), weight: 0.001
(shape, material, function, size), weight: 0.005
(color, material, function, size), weight: 0.001

(shape, color, material, function, size), weight: 0.001

2 13. 7£ Caltech101 FdRgE F40T 40 MR JE ISR )5 105 H 4521 .
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