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Figure 1. Prompted Artist Identification Benchmark . We introduce the first large-scale benchmark for identifying prompted
artist names from generated images. The benchmark covers four axes of generalization that match realistic use cases: (1)
Artists: we collect artists commonly used in prompts and simulate open-set artist classification by testing on artists not seen
during training. (2) Prompt complexity: users describe images in many different ways, including short, simple prompts as
well as more descriptive, complex prompts. (3) Text-to-image models: users can generate images using various text-to-image
models, which have different training data and architectures that may affect the generated image’s overall style. (4) Number
of artists: users may include multiple artists in the prompt to mix styles, creating images that are not easily attributable
to a single artist.
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(1) Artists. The set of artists that may be included
in a prompt is open-ended. Any given model is likely
to encounter images generated with artists that were
not included in its training set, so we create a set of
held-out artists in the benchmark.

(2) Prompt complexity: Users construct prompts in
a variety of ways, from short, simple prompts to long,
complex prompts that may specify additional styles,
reducing the visibility of the artist’s style in the result-
ing image. Thus, we manually design simple prompts
(e.g., “picture of the ocean in the style of..”), along
with long, complex prompts scraped from databases
of real use-cases [77]. We then hold out a set of test
prompts from the training set to evaluate generaliza-
tion across unseen prompts and content. To reduce the
association of a given artist name with specific content,
we query the model using the same content prompt,
with different artist names inserted into the prompt.

(3) Text-to-image models: Users can choose from a
large selection of popular image generators. The com-
plex interaction of the network architecture, learning
algorithm, training images, and input prompts leads to
varying representations of the same artist’s style that
may be challenging to identify. We collect training
and evaluation set images from commonly-used mod-
els: SDXL [58], SD1.5 [61], PixArt- ¥ [11], and Mid-

journey [51].

(4) Number of artists per prompt: Users may in-
clude multiple artists in one prompt, creating combined
styles that can be challenging to associate with any one
artist. To study these cases, we create subsets for im-
ages generated with 2 and 3 artists in our benchmark.

We evaluate a wide range of methods on our
benchmark: feature similarity methods, contrastive
style descriptors, data attribution methods, super-
vised classifiers, and few-shot prototypical networks.
The degree of generalization varies across different
methods. Our benchmark reveals substantial room
for improvement across all generalization settings
evaluated. Supervised and few-shot models trained on
images generated with prompted artists perform better
on seen artists and complex prompts. However, style
descriptors trained on real artwork generalize better
on simple prompts, where the artist’s style is more
apparent. We find that capturing and recognizing
the representation of prompted artists, as learned
and expressed by a generative model, is a related,
yet distinct problem from style recognition of real
artwork. Meanwhile, prompts referencing multiple
artists continue to pose the greatest challenge. We
release the benchmark and dataset to help advance
the responsible moderation of Al-generated content at

https://graceduansu.github.io/IdentifyingPrompted Artists.
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M, when images are generated from complex prompts
that obscure the artist’ s style, style similarity methods
become less effective than a classifier trained directly
on our dataset.

A i R RS A B P £ . Many large-scale datasets
containing paired prompts and generated images
have been released, including DiffusionDB [83], Jour-
neyDB [77], and TWIGMA [12], text-to-image model
evaluation benchmarks [4, 27, 41, 66, 87], and user pref-
erence alignment datasets [13, 34, 78, 85]. Other ef-
forts focus on user-generated art from text-to-image
models and provide richer stylistic variety [71, 84, 91].
Yet none of these datasets targets images explicitly
prompted with artist names. The closest work, by
Leotta et al. [42], represents an early attempt to tackle
the challenging problem of inferring artist names from
generated images. They offer a dataset of 8,519 DALL
- E 2 [60] images covering five artists. In contrast,
we construct a large-scale benchmark of 1.95M im-
ages, which spans hundreds of artists, multiple genera-
tive models, diverse prompts, and varying numbers of
artists, enabling comprehensive evaluation of open-set
artist-name recognition.

3. BRI EARK P

Our goal is to create a benchmark evaluating the gen-
eralization of prompted artist identification methods
across four relevant axes to cover the various images
generated from typical prompts from real-world text-
to-image model users. Specifically, the benchmark’s
dataset includes seen vs. held-out artists (Section 3.1),
prompt types of varying complexity (Section 3.2), dif-
ferent text-to-image models (Section ??), and different
numbers of artists per prompt (Section 3.3). We re-
fer to images generated with prompts invoking one or
more artist names as “artist-prompted images.”

3.1 EWFIR I EARK

In the real world, users can reference an open-ended
and continuously growing set of artists in image genera-
tion prompts, increasing the likelihood that a prompted
artist identification model will encounter names not
seen during training. While the training set may cover
the most frequently used artists, the ability to general-
ize to held-out artists without retraining remains im-
portant. To ensure the benchmark includes the most
relevant artists for real-world applications, we collect
a list of artists most commonly used in text-to-image
model prompts, then designate a set of held-out artists
to evaluate how well vision models generalize to unseen
artists.
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include the artist list, curation details, and artist name
frequencies in our LAION subset in the supplement.
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supplement.

R, TN ERFHRRAE, FAIEHIT
B ER A SDXL  [58] . SD1.5 [61] Al PixArt- ¥
[11] DA 2 Bl A B o X T8 A2 2 57 2B L)
SDXL K&, FAIEA 10 MARFBYERFT. BT
Midjourney [51] (—FhPAEAL ) ek &, FATILDE
JourneyDB #fiik [77] DASRAFFATBOE M MELHN R
HIEARZSE . GiREENE 3 545, Full dataset

statistics tables are included in the supplement.

33. BMRRZ M EARR

A BB PR S PR R BN SR K R
WEEAERR TG ZNEAREBRFERIREGZ 0
AREPRAE . B0, FEM JourneyDB  [77] 4L
Midjourney H F'#) 10,000 47 B REHLEEA HT, FoAT]
K 10.8 % MR EUE 2N ERFEL T, MES 1A
CAREL TG 147 %, NMUEEMZARE LT
4.5 %. HAomaER 4 ek, 2R HME
g, H s 2 MEREA TR 4.8 %, UF
3ANERZEZLTME 25 %, MHESG 44 RELZLZRE
HFHEER S 1.3 % giE /D,

UL, FRATIIEME S R AR E R R E B
FIPAh. SR, FATRE S E—MEE 2 EARK
PR EGEIESE, AE—MEE 3 NEREE RN
EGQ BRI R AR F RN B L ZARK
T Rz ALRE ST

HEMEZNEARE NS TR E G . TR —1%
ARG RS HE R BRI B 46 AWEAS E R B 2R K
NEERE ZtE Bz e, FAOTRSUE ST 3.2 35
R . OGN TARE L FImA B b,
e.g., AP ERBER— R, R <artist 1> fll <artist
2> LARKWKIWELSE 3D fEYe, JEEANY, BGEE ", T 2 )
ZARZEH 3L EAREK, FEPE 100 MW ZARKA
GALIT AT RER R ZAREH G, RIEHAH SDXL

www.xueshuxiangzi.com



LR B EREE T 2 EARFEE, WA 3

JourneyDB: Random Sample of 10k Prompts
80001 7447

)]
o
o
o

4000+

Frequency

2000 1471

a8 251 130 74 50 21 21 17 13
U U T T T T T T
0 1 2 3 4 5 6 7 8 9 10
Number of Artists per Prompt

Figure 4. XFHMERHFHZREZABMS . HTH
RSO B EGE T P 2R E AR R 2N ZARE, RANM
Midjourney H F'f) JourneyDB [77] W EHLHHEE T 10,000
MR, TN RPZAREAR . BREE
14.7 % PIRREA N 2ZREN A TE, 48 % A 2 MR
EWHT, 2.5 % &H 3 NEARKNLT .

R 2, RATEMEMWEER], MR ARG ER I
I, A S SRR E AR I TR PR AR Ik
b, FEARIRIEGFER T, A2 R 0 WA S AR BIr (8 71
A SCA B PR AR ) S [ T A B A2 fl . DRLBE - FATToxk
CLIP [59] IR 7> BEAT fa] B 5 J AT, A3
A=A T ERF X AR A SR HOE 55 R iz AL
HAPRRNE: 1) BPRERIRN, R ERELT
XA R R . 2) IR S ZRE Y
RN 3 55 R EEAEAN ) (g SCA B BRI 2 ] 17
TEZESR. 3) BBETRT ERZEEIEM, K ERK
I EE NG S EE R
PR SCAS B AR AKX 57 o AN [ P SCAS B B 4R
RREAUAT AN [ B U R R SR M 2R, X ] 8 2 52 i 2
BRI AR . (R, FRATAERATR R, it
FehEg Lo HROAN[R] SUAS 2] PR B 2 2 (8] 1) P AR A0
Mok OB SCA S B AR W TN L EARZ R
TR, FRATT S35 (5 A ) o MR 7 A 1A [
B2 18] CLIP FBRARMUE, RAE R T EREKM
A RTPrARA, FATWEER], X Rt m
CLIP M BUR TR, X RIS/ ] B
THOUR, EARRAFXAEME BRI L E K, 5 SDXL
1 SDL.5 MIH, ZRZEAL FRIFERAER PixArt WX
PR MR/

FNTETE T EARFAR R FBRIRA S B EARFK A
BEFIHR A Z THIAR N, Xt ZAR KA AL, iR
NSRS, AR RS EAR R E S KUK R
JERAR. Behh, PixArt EESZARFHEILNK IR E
FEALT SDXL A1 SD1.5,

RS I EARZ A TR T BRI R
MRS ZANIARRL T, AT T AR i
CARFEL FBRNPCER, VAR BrA ZAR KX
JEo FEZAR 1b o, FAER TREE R R PN 2 2
ARZEAT, ARG 7R AL A AA EAR 2 A A

IR, ToitRx TR AR IE R E R . RATA]
PATERE 5 HE MR E B B — A AR R G 1 521
. XRIHE— MR P RN ERE KRR

NERFERME, FAEEZ ZARZATFHIMA, &

NERFELLTF WV R FGRE T -

FAVERR I EARF BN EUE VLT —RI A
ANFFEBRTT AN, RPN R, TETA
AR b At A [R] ) U A AR A T AP HE AR

XA RN FEAT 43 R PR 2 s RIS
RE S % BB AR 28 . BIRMTE R ABEL
P BNy vpos 2R MR RRAE AT DA SE I A U3k
EHlrzA, BRI S RIS, ENFHEELZNE
ATHF RIS . B, FRATHES T IUR IR 5 T4
R I EMAEFRAT AR FZ R BIE 5 _E 2R 728
A%
o XFHREESIRST (CSD) [75] a—Fhil &t B [a] X

FEARIPE A KU R4S . CSD il ) B x2S 7

K H LAION-5B [ ~500 k ¥FikHL ZAR KKK L

BEFT I %5 [33] [69] »

« DINOv2 [55] , CLIP [59] :
YIZRIY H B R FFIE

o i E A (AbC) [80] : DINO (AbC) f
CLIP (AbC) J& H T4 & il () SCA 3] BB 9 HisE
B b RN B B R AR, 43 i@ AL DINO - [6]
A CLIP  [59] fid k). B2 MR Ima-
geNet [17] FIZAREIRAE & H1) SD1.5 BiALE R
K% BN .

o JERIMZE: RATET RBIML [72] IZ— D2,
Pl IEAR S ) T, A AT AN AR D 5 1)
EARF . FENGIR], B — G mIEs, FEik
S B v R T IR R K R AL, B
EARFINH ST B G 20135 1 345 3 1 11 5
CLIP F#fiE. FEAERE AR, T DAS AR R Y J5 B
TIE S FI I 25 3 100 B0 SR FARZE 4 . ATk mT
DA 70 B 2R R 1) S5 R AR S BUARRAIE OF
TR PR LS EAR K

o HLAfArERR FATE CLIP EH®midas Easm—A4
BA—ZEEUZM MLP /Eh502K3k, RG]
PR EE NG 2 .

3.4. FFHrHESR

B—ZRZ A3 AV EABIRU L AATR
AR top-1 43 FEHERTE . XA R AT
PR ARG RGN IENE, FABIAER 4 T A Rl
YIRS PAREA T B LA . UINZR IR e 2 MR
{18 SDXL, SD1.5, PixArt 1 Midjourney $#fi4E
AR ITE DR EREZAINGE R, RS HERANE
ZRPE R B e A T WA E TR R TR
IMERFWRR, FATE A B A B IR A
VERMRI 122 o W50 5 2K8%, T RIEURRE LY.
HATHENGE R W Z 5], AT RECMERK
M REER . R AR ST g v, FRA1E
WERFUES . PRI AT T8 R A, X

TR T M 45 E B

www.xueshuxiangzi.com



(a) SCAE EGAS T LR

(b) BRBZ I ZARRK

Content only vs.
Artist-prompted

Artist-prompted vs.
Real prototype

Model

Simple Complex  Simple Complex
SDXL 0.571 0.738 0.570 0.476
PixArt 0.632 0.816 0.522 0.441
SD1.5 0.520 0.643 0.590 0.527
Midjourney - - - 0.541

Number of Artists Compared

Prompt Type Owvs. 1 1vs. 2 2vs. 3
Complex 0.738 0.811 0.866
Simple 0.571 0.711 0.782
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Train Test

Content only  Artist-prompted Content only — Artist-prompted
5

# Seen artists 100

Complex  # Held-out artists 0 5
Prompts # Prompts 900 900 100 100

# Seeds 10 10 10 1

77777777 #Seenartists 100 T 7T U5

Simple  # Held-out artists - 0 - 5
Prompts # Prompts 450 450 50 10

# Seeds 2 2 2 1

# Images 9,900 990,000 1,100 1,100

Table 2. ZARZFEEA MBS T PR R iR
— K B BE Ed EAR R A P R ARy b, A
TSR, Hrp sl ARG A SR A i) SDXL
BIRUA BB EARF A BN AR R . NIGEAE T
FATEME T Ay il ARG R A ) SDXL ER, il
WAE R A WAFIE L ZAR RN X PSR 2 o) R o

Method Complex Simple
Accuracy AP AUCROC Accuracy AP  AUCROC
Chance 50.0 - - 50.0 - -
CLIP - linear probe 61.6 79.9 79.5 82.5 97.7 97.9
CSD - linear probe 70.2 81.3 79.6 92.5 98.2 98.3
Proto. Net. - linear probe 70.7 83.6 80.8 91.0 97.3 97.0
" Full CLIP finetune 673 786 793 845 964 971

Table 3. ZARZAFMMEER . FAVPAE THELZARR LTk
AT 55 T LB AERI PR ZARZ 3 IT7k, FAs TR
TEHERE (AP) FIHM S BAERFAE M 2 NI (AUCROC).
SR T T iR i R DA AR AT 55, (HBEAH — Ik
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MMZACHERE : R R ZARE . AFPEREZ R A
SCRFN GBI, AR RN ERFHIGER . FIAX

Method Complex Simple

Accuracy  Precision Recall Accuracy ~ Precision Recall
Chance 45.0 — — 45.0 — —
CLIP 643+ 1.6 63.7+58 694+28 81.0+20 79.7+42 84.0+28
CSD 683 +1.7 67.0+56 7414+27 865+ 18 85.3+£34 83.9+24

Proto. Net. 743 +£20 703+54 852+23 91.2+16 903+28 928 +24
Classifier 744+£18 719+53 812426 91.1+15 89.9+28 929+21
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RRUT] DAEAT PPN, T FATHY Midjourney [51] FEA5H
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# Artists 35 35 95 95 130
_# Prompts 647 658 ¢ 649 697 2651
#Tmages 647 658 619 697 2,651

Table 5. H—ZREZHIEES . BARWIARZFEINEIEEQIEMH SDXL [58] . SD1.5 [61] . PixArt- 3 [11] I
Midjourney [51] AR EIE . WIFESE 3 Tk, FROATIRE T 1000 ME 4478, 500 AMETEIRA, IFEfA P T 110
MARFEERFZTF . WTHNERFERRAS, OVEH 10 ASREFFA: 8 SDXL 7 8nryEG, X7 HAMmFE460
2 AAREPIFT . AT 110 FZARE DN 100 (B W EARZH 10 REZEARK . MWTFERZARE, FAVEEH 55w
PREMTIR . MFHREZAREK, WAOTLHIMI 5 R RGN 2% .

TEAER /NG kT A RIFIEM BT A% 9 Bon TR AN R Z
ARZFHE ISR SDXL FREHR, XL EN
FAT I BAE T 3298 SRR PP Y
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(a) 2 LA

Complex Prompts

Simple Prompts

Total
Seen artists Held-out artists Seen artists Held-out artists Unique
Train Test Test-Time Ref. Test  Train Test Test-Time Ref.  Test
# Artists 100 100 10 10 100 100 10 10 110
# Prompts 450 50 5 45 450 50 5 45 1,000
# Seeds 2 2 2 2 2 2 2 2 2
_ #F 2-artist combinations 100 100 o 45 __100 100 o 5 145
# Images 90,000 10,000 450 4,050 90,000 10,000 450 4,050 209,000
(b) 3 fiiRE
Complex Prompts Simple Prompts Total
Seen artists Held-out artists Seen artists Held-out artists Unique
Train Test Test-Time Ref. Test Train Test Test-Time Ref. Test
# Artists 100 100 10 10 100 100 10 10 110
# Prompts 450 50 5 45 450 50 5 45 1,000
# Seeds 2 2 2 2 2 2 2 2 2
_ # 3-artist combinations 100 100 120 120 100 100 120 1 120 220
# Images 90,000 10,000 1,200 10,800 90,000 10,000 1,200 10,800 224,000

Table 6. ZZARFHIEL . S 7SRRS4 M 655 2 AL 2R RN R I Z AR5,

FMVER T P EARFER =42

RESRE IR GRS . SRR R S A R ZEAR M, JURBATE XA AR ZHERAE T 100 HZER

PN

Seen artists Held-out artists  Total

# Artists

# Images 9,907 10,767

Table 7. HEZARFEBEIEE. RATEM T [75] 1
LAION-Styles ffj—A> 74, Hof® 100 i MZEAK
10 PifREEARK. Rm, FAT BRI L T2 T
ZARGAPHIREAEIIL, O RN N B ZAR KA
I ESL RS

Evaluation Set

Method Reference/
hetho Prototype  Seen artists (100-way) Held-out (10-way)
Complex Simple Complex  Simple
CLIP [59] Artist Avg.  15.1 38.3 44.9 79.0
CSD [75] Artist Avg.  19.7 48.1 56.8 92.0
Proto. Net. [72]  Artist Avg. 43.2 87.0 62.7 87.0

Table 8. 5 MK R I EELIAT AL . FATEIPAL 7R
CSD il CLIP J- IR A KR, FERFEN]S R AR 2K A T L
L

R RN R TE SIUR S S

HR I Ran2h i, AERA% Oa i, AT LLBE T A
[l R AY A2 BT b [33] AL
W2 [72] o BIRTRAHEC M EARZ DRI T A
W45, EEGANOLTN, T EERREs, BIREA R
W ERFKHATIIER J Tz ARE ST, A5
Ir R i e A BN Z AR BUT TR RO FFIE . AT A
PN E LA e R P TR R, FER IS RS
M3, BORHRBM S . XRS5 KIRE
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JR BRI TINGRAT B T3 iz A fiE

Fok, M Zulilas T B X tae ] [33] et
FTRERE) , FEA I R BT, IR — 2R
KA B A R AR % . FAT A DX AT IR
RESE USRS PERE, PR L B 7R i 23 ) 258 M1 3 3
K EIATRAEPEN .

ISR A E B A R SR . 5 2L 90 6% 0 W DA VRS
MESR A R A TR 2, A RE S O 1 R HEA T 20 2R A0
Yo FATRAEFAR O HIEER. JAh, SRR
BRI  & SECE 2R ERE, N TN T B P
ik b ol ) LS PR S B o AT B o A [ s
(B, FSCEARZEG) A5 IEH AR g A s S
W2 ARG FAERRAL, A BRIz ALk

MR SE YN R AT R 7 FAT A T A 4 v )1
8, FHAEFAE Ob Had TIERE. HE, AT
R BARINGEEARZZ 2, i EER AR
KB AR GRS ANl B B R E
FrZRRIRIRAR THERE. h T R4 > FPk B 27
PR i S 2 P s AR U RE PR B R M R R
PR HE A ZE B PR Rl R e PT DA Bl > 3K BB 2R
FA T30 1 A8 A BT AR ] A ) B Rl 5
A 2o pE— P B IEX — R . BIRX —AR L
BN B RN R0 9 25 L BUE Lf, (HHAEREAI AN
Uit A SR 2R B A I PR EA TN R R 25 0 5
— 5T, AU AR R AT U GRS 2 1 e S
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(a) BEBIHKA (b) Ytk

(c) A vs. Filr4Bfm

Model Evaluation set

Model Evaluation set Reference Evaluation set
Trainin, Testin S(elegoij;is)t ® z{lcol,d\;,zu; Seen artists  Held-out Seen artists  Held-out
= e it i (100-way) (10-way) Method Real  Gen. (100-way) (10-way)
Vanill Classifier 53.4 -
Cl:;:liﬁzlr NN - Real 24.4 45.0 Real 16.5 49.7 NN - Real v 26.7 54.3
o NN-Gen. 513 580 Simple only 21.1 55.2 NN - Gen. v 43.9 62.3
Supérvised Classifier 49.3 - Complex only 43.6 62.5 Proto. - Gen. v 23.0 61.2
Contrastive NN - Real 244 21.6
Learning [33] NN - Gen. 475 29.6 Simple + Complex 43.9 63.0 Proto. - Real v 43.9 63.0
Proto. Net. [72]  Proto. - Real 43.9 63.0

Table 9. 732KTPIREH . ETIRICH, FATPIRF ST IRIAT THAEN L SRR 2 AN 7 2K35 . e L, FATCE 2
73 HBRITIRAL AN G AR, HHREAE SDXL BRI AR /R PPAL A EAO-F SRR (a) FRATINL BORIRM | A
P MBI MU R 2% .l T2 A T FUARRE AR, B THEN AR Lo (Y AR SR i A 25 8] b fpeafr 48
MR b o] ) B B R Y A5 R SRR 2, I BRAT A FE R HE PR rh i . (b) FRATIL 1 IR 251 NZhdie
o MELSEIEBFE ST AN MM A IR ST A R0 ) BRI SR 2 ) B Bt (8 FH G o — A0, AERTE A3 T AR R .
() XTFIBUp L, FATHEE T M R S I r R bee o 2468 2 ] B A e B 25 0R 0 XA T ealr 4RI, PEBERS A T I
BRI B IR, AR LR, BaPERIERE, PR ITRATHE 32 St b O 1 LS B A

6. DALY
6.1. [t

R T AE T RRATEUE NN P A ST B, R
TIER T —Fh B2 FE . FRATE o T R AL B2
ok H AR T, Hh R ERE 2000 IR 5
144 . PRONBI A BN T FoA T 2 AR T IR 2R
sk E (aniE 2?2 fiis) EE T 2000 Wk

2B R 2% SDXL G FIfa] BRI S AR K
I, FATLH T R UET bR IR 2ZE 5 A2 %N
WHE KR HZEERRE 50 BahnE| 4000, 4Rk
M 50 K. FERZ 2000 RIEMES, FRfERZERERE
Bl i 90 % YRR, RIAARMERZEAE LSS,
%&Eﬁmmfﬁgﬁﬁﬁ¢,&Mﬁm2moﬁaé
IAZT e

FRATHESE 77 iRt T BRI I 2 R AR
WRFEFR. BERFIESRAIEFE 10 ) SDXL
B, % 11 i) SD1.5 g, % 12 F1Y PixArt- X
BIg, PAKFR 13 d1f) Midjourney EIg. £ AW
f g SRR 14 AL E AR Z R IR A 15
H = AR Z IR R
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Reference/ Evaluation set

Prototype images  Seen artists (100-way) Held-out (10-way)
Family Method Architecture Real Gen. Complex Simple Complex Simple
Chance - - - - 1.0 1.0 10.0 10.0
, . v 72410 13.9+20 339+64 477494
ADbC - DINO [80] ViT-B/16 v 21.7+24 451 +37 307455 558475
777777777 S v 105+15 204427 354+£63 523+84
S ADC - CLIP [80] ViT-B/16 v 9203+ 24 481 +34 302+40 60.0+ 509
etrieval- - —— - - - - -~ — -~ - - - - - — o e e e~ [ FEE - Gie 88"
v 6.0+ 1.0 11.0L£1.9 296+55 446 +£8.2
based 55 iT-
methods _ovElA o VMM 119 987433 164434 312568
. v A4E17 249429 11 £68 62.7+83
R -
CLIP [59] ViT-L/14 v 22.8 £ 2.6 534+35 353+£42 785447
77777 T T T T T 153420 319+£33 474£70 T43+£6.6
CSD [75] VIiT-L/14 v 301429 664+34 444 +48 84.6+3.9
Fine-tuned  Prototypical Network [72]  ViT-L/14 v 403 £3.1 749 £3.0 57.7+£45 T75.5£79
classifiers ~ Vanilla Classifier ViT-L/14 v 07+£32 764 +£30 - -

Table 10. ¥£ SDXL KR Fi JEERTE. BATHE T ETR R I IENTFER AT R 2R EE4E By SDXL EIR I
TR > Al . RUAF BT R ZR Y7 A T DARE I ELSC B0 s VR A N S5 i e, AV BRR T AR m AR B I AR K 2 5h,
TERTA TGS, SR SIS RIE A IRE P T NS B R . Nk, FEFRANTH 2R, FAT LT M
BB AP TR -

Evaluation set

Seen artists (100-way) Held-out (10-way)

Family Method Complex Simple Complex Simple
Chance - 1.0 1.0 10.0 10.0

AbC - DINO [80] 26.5 £33 492 +£41 275+6.1 51.8+8.0
Retrieval- AbC - CLIP [80] 244 +£32 489+39 292+6.1 50.6=+85
based DINOv2 [55] 188 £27 363 3.7 227454 41.5+7.6
methods  CLIP [59] 273435 529+38 315462 57.54+83

CSD [75] 321 +37 61.3+38 346=£62 663+£71
Fine-tuned = Prototypical Network [72] 40.5 £ 3.8 63.0 £3.7 43.8 £ 6.4 53.8 387
classifiers  vapilla Classifier 40.2 £38 65.2+3.7 - -

Table 11. SD1.5 BG4 ZEEMRZ,

Evaluation set

Seen artists (100-way) Held-out (10-way)

Family Method Complex Simple Complex Simple
Chance - 1.0 1.0 10.0 10.0

AbC - DINO [80] 6.8+13 23327 78+25 204%6.6
Retrieval-  AbC - CLIP [80] 6.6+14 243+29 66+£24 226=+6.7
based DINOv2 [55] 47+10 13.0£19 42+16 9.5+ 35
methods  CLIP [59] 74+15 266+29 93+31 29.6+70

CSD [75] 94+£19 380+34 88+£30 353+72
Fine-tuned  Prototypical Network [72] 12.6 £2.0 40.8 £3.5 14.9+33 238+ 64
classifiers  vapilla Classifier 129 +20 41.9+35 - -

Table 12. 7£ PixArt- ¥ E18 KRR,
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Evaluation set

Held-out (96-way)

Seen artists (34-way)

Family Method Complex Complex
Chance 2.9 1.0
AbC - DINO [80] 19.8 £ 2.0 32.3 + 2.6
Retrieval-  AbC - CLIP [30] 29.3 + 2.8 39.7 + 3.2
based DINOv2 [55] 16.8 £ 2.0 28.2 + 2.4
methods  CLIP [59] 30.3 + 3.1 427429
CSD [75] 344 + 23 42.8 + 3.3
Fine-tuned  Prototypical Network [72] 56.8 £+ 3.2 16.8 £ 2.7
classifiers  yapilla Classifier 57.6 + 2.7 -
Table 13. Midjourney EIRHI4 MR,
Evaluation set
Seen artists (100-way) Held-out (10-way)
Family Method Complex Simple Complex Simple
Chance - 3.0 3.0 37.2 37.2
AbC - DINO [80] 15.7+16 282+16 401+19 332423
Retrieval- AbC - CLIP [80] 152+ 1.7 308+ 1.5 393421 34.7+25
based DINOv2 [55] 11.24+13 201+16 363 +£19 33.6+*22
methods — CLIP [59] 165+ 1.7 327+ 1.6 423 +21 366+ 2.7
CSD [75] 193 +£19 379+14 424+21 331429
Fine-tuned  Prototypical Network [72] 45.1 £3.2 77.6 £2.1 61.5+23 483 + 24
classifiers  vapilla Classifier 285+ 2.1 49.3 + 1.8 - -
Table 14. 7£ SDXL 2 ZARZIIREIR EHHES mAPQ10 ZARFE MR
Evaluation set
Seen artists (100-way) Held-out (10-way)
Family Method Complex Simple Complex Simple
Chance - 3.1 3.1 45.0 45.0
AbC - DINO [80] 11.2+1.0 204+10 351412 39.1+1.0
Retrieval- AbC - CLIP [80] 102 +£1.0 2024+09 356+13 436+ 1.3
based DINOv2 [55] 84+£09 13.7£09 343+13 393+£1.1
methods — CLIP [59] 11.3+11 21.3+1.0 371+1.2 466+ 1.3
CSD [75] 132+ 1.1 250+1.0 348+ 12 41.6=*1.1
Fine-tuned  Prototypical Network [72] 35.3 2.7 61.9+21 622+ 1.3 63.0+ 1.4
classifiers  vapilla Classifier 207+ 1.6 342+ 14 - -

Table 15. f SDXL 3-ZARZHER R LW ERF RIS mAPQ10,
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