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EFFECTS OF DIFFUSION-BASED DATA EXTENSION AND COMPLEMENTARY INFORMATION ON

PLANT DISEASE DIAGNOSIS SYSTEMS
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Plant diseases are a serious problem in agriculture, with the FAO reporting that up to 40% of the
world’s annual crop production is lost to pests. This causes losses to the global economy in excess of $220
billion annually, necessitating rapid detection and accurate treatment of plant diseases. However, current
inspection methods are mainly visual and genetic, which are costly in terms of manpower, money, and time.
To address this issue, research has developed inexpensive and convenient automatic plant disease diagnosis
systems. 2015 saw the development of an automatic diagnosis system using deep learning, followed by
the release of plant disease datasets and the proposal of improved versions, which have achieved high
discrimination performance. However, these automatic diagnosis systems have the problem that the leaf
images included in the training images are pre-cropped with the same background, which significantly
reduces the diagnosis performance for images taken in actual fields or agricultural fields. As a means
of addressing this problem, it is essential to ensure the diversity of training images and improve upon
realistic datasets. Many data extensions using GAN-based image generation models have been proposed
in the past, but these methods also suffer from a lack of diversity due to a biased distribution of training
images of healthy leaves, as well as from the enormous amount of time and effort required. On the other
hand, research on Diffusion Models (DMs) has been progressing, and it is now possible to generate images
with rich diversity using large-scale pre-trained models. In this study, we applied DreamBooth to Stable
diffusion to generate disease-specific images using a small number of plant disease images, and evaluated
the effectiveness of Diffusion-based data expansion using the generated images. The results showed that
the +Prompt(v2)-augmentation method achieved the best discrimination performance for cucumber leaves
in HE, MYSV, MD, Macro avg, and Micro avg, and for eggplant leaves in HE, PM, and BW. This means
that we can use the information complemented by prompt to identify the leaves. We confirmed that
domain-adaptation is also feasible by considering complementary information from prompts. Future work
is expected to improve the quality of the generated images by addressing problems in converting latent
representations to images in the text-to-image generation model, adjusting the loss function of DreamBooth,
and improving the attention mechanism of U-Net. Translated with DeepL.com (free version)
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MPlantVillage dataset(PVD)[3]) ORBHIC XD,

&, BRE B O SRR ER & &%T%?w&h\y b

BAREZERE (FAO) ot [1]1c &k 2 &, R O/E
VWEERDORK 40% PERICE s TRbATWVWS L
EINTVWDE. 2070, EYFHEOR#E LM 2 2
Bt MR ILEDS BRI RTH 5. L LEDS, BT
DORBFIEEFF L L TRRLHEMRIC X 2 HEBES,
PEWZIGC TEBETHRENERER>TED, 2O b2
IR - BERAY - IRFRERY 2 2 b 23RES .

Z DI T L ZfliCF 8 AR YR E B8
Wis 27 b OB ERE X, ZHUCTAT i ge s i
LTWa. 2015 4R, GRE B EMZIERH L X 2 v

REHER— 2D Eiﬂﬁﬁb%ﬁ/XTL\iPﬁ?fééﬂ mh‘ﬁﬁ‘ﬁ"
BIMEREZ R LT W3 [4][5]. Lo L, 2heoHERN
AT A, ?@ﬁ@r‘*ih%ﬁﬁﬁw%mwﬁ)ﬂ
DERTAOWMOENZZDDTH D, EROM BT
R SNBSS 2 2 WIERED BREZE IR T T 2 2w
S EPFEL TV [6][7]. 205 ’Yﬂ@?‘%?‘:@ %
BX D BEEBIG TR S NG 2 L 7RV
Xty b TH25 PVD OWER MPlantDoc[8]J 75’1\\5513
L, SRS XD ERAMEZEZER L &M N TOWZE M
LTW53 [9][10]. L2 L, 2ho DK% I, [REX
B35 TR S BB ZEE TEEEGR E 7 R ME§IC



JEIL, B, HA, HREREZ 0 E G & Md TH
LU 2B TEHMIi LT w3, 2021 FICERE S 158
[11] T3, 5722 B S % 22 ), b= b,
F R, A F OB E TR ER A TbNT.
DIFFETIE, A CFE TR SN EFE G L F U R
T =X a7 A MEBITH L TIFE ICEmWZETERED
RS T, B7g 2 BRI S B ISR D 7 — & & 5
U765, ZWEREDR T 3 2 2 L o3& Sl 2 Offf
R I D, BRECBWTHEI U LOEE 2T o7
TATHoTH, 2D X5 RFAEEBIIHN T 2@%H &,
U T 2 PULIE DR L v 2 & ZHIRINICR L
TW2. 207D, EHEPARONRTHZERLD
WL, B RO R Z FICE W LT 2 ATREME DY
U (12 ZoMBEICHLT 2 F&E LT, #E R
DERMZMRL, BIENZ T — 2ty bADWREIT
BRTH . 2T, BEICIZFEZ L D GAN (Generative
Adversarial Network) [13] N— 2 QE{RAERKE T L%
I U 7o 7 — RIEEEARE X AT 3 [14][15). 2R B0
FRE—EDORREIND T W23, £ 2 [B5 Tl X
N7EBZEE CEEEGRE 7 2 MEBICOEIL, B
KM, HREG 2 &0 2B R & D THEEIL 72 K58
THHMER TN T Wiz, EROBEIGREZE R L /-
7= LR EM X T ViRV, £72,CycleGAN|[16] %
U728 T, EBR OISR 2% 8 L, CycleGAN
DARXANVELHEREZ L, R EO WG SR EH
O EAERLTWS [17][18]. LA L,CycleGAN 1%
WA ZZET 570, WEDOREZ T T, AR
NHEBROERDZMIBTLEDS W0 REIEET
378, WY REBRPER S IR OCATREMD D 2. 72,
AR S DB BITHIG T 2 s S b 7z, 7—
ZAEEOE SR SN TWS. —HT,CycleGAN %
R U7 LeafGAN[19] T, £ H 3 % BEHBUZ D AR
ZNEGT 2B OEEREEZHATE D, BAZIFEE
BeEMT 2 eNTE, 7F— 245k L THIRNICTE
HTEk #Re LTFEE 7.4% oMfRen Ll sk
H3,CycleGAN 13 1 1t 1 OZHZITSET NV TH 279D,
A2 AT RE 72 B O MBI 272 B O BBUCHIIR 2 h 5.
Z T, B oREEREERL, 2R IR NG
T35 LT, ISHIERRREBREENKEITS productive
and pathogenic image generation(PPIG)[20] 2324 X
N ARSI NEBGZEE T 2H8HEERREAD
AR 2R L, PR T 711.5% 55 81.2% T
M EXE2Z IR LED, 2o DFIHEICE, EK
ETNVOEEIMEH SN B2 EDOEHEBGRD 71
WOARoN, 2RI DMDOANY =2 2 ¥ ZFHRE
WKHET E TRV WS HEDPFET 5. 72,PPIG
DR R GE X R EEE GO BGRE T, &K
43,137 MO EGRAERK & E 2 R b 72 style transfer D%
PITONTED, ZHFHEHEGHREDZ X212 X % FHe,
ETVOREICE ST 2R R TD 2 &\ o @D
5.

—75C, ii4F1& Diffusion Model (DM) [21] ORFZEAS
A, KRR ZHFTEE T T A2 @R Ui E 2 iR

Table 1 F—&%t v T OFFM [HEKE (HREBEISHE)]
_— Cucumber Eggplant
Class Train Test Train Test

Healthy (HE) 11,895(6) 5,576(2) 12,431(5) 1,122(1)

Cucurbit chlorotic yellow virus (CCYV)  3,775(1)  179(1

(

)
Melon yellow spot virus (MYSV) 16,098(4)  1,004(3)
Mosaic diseases(MD) 23,866(3) 1,626(2)
Corynespora leaf spot (CLS) 6,141(4)  1.813(3)
Powdery mildew (PM) 5,642(4)  1,898(3) 7,936(5)  938(1)
Gray mold(GM) 1,024(1)  166(1)
Leaf mold(LM) 3,188(3)  732(2)
Verticillium wilt (VW) 3,176(3)  354(2)
Bacterial wilt(BW) 3415(3)  462(1)
Total 67,417 12,093 31,170 3,774

ERETADPREINTVS. TNHDETUEEZLD
RZZIWZHEIEARETH D ,GAN X b b LRk Az E R4 AL
MATHET H 5. FFIC text-to-image Hiffi % 7 F 2 b (=
prompt) L7256, & D2 < OZRERER %2 LK
TEBAREMEDL D 5.

Stable Diffusion & & 3 @ Latent Diffusion
Model(LDM)[22] % ~ — 2 & U 7= 7 4 2 70 & & i
BRERESREENRT 5 text-to-image EF/LTH H DM
D Z VAE[23] ZBCiE U, #E1E22 M T o4 L
ZHAGDEDL T, FHOMBL 7 — X4 HE
FRECH EXE 251, 7F A rya—&e
cross-attention #EfEE B U T, 7F X bR EDERE
fEZERECHi{§ & A G DE B Z & T text-to-image DH]
BEMZRIBEICL TV 3.

% 2T, AL Tl Stable Diffusion 12 DreamBooth|[?]
ZEAL, FEHEG T — X0 RE L TV 2RIt
LT, 2 DiEYiR o> & ¥ E G 2 v ORI RL
L 7= % 42 1% % 17\ Diffusion-based d 7 — X fkik &
1T 9 .Stable Diffusion FZHATFHHICH W7 — K IZED
X7 X R b oG EERFTREIS D, B AR 712
BFZFDOFETIEATE RV, Z 2T, DreamBooth %1
Fi LT Stable Diffusion {2 U \WHAEYH O % 3840
T5. ZOFHECXD, YR ICKRA ORERP BB
Y AMESE RGBT %, R XN 2 E GO
A LEXBLZEPHFTES. ZNUTE ST, 77— XK
ke LCoOBRMEZ D, #ilE 7 v ofiEm LicH S
T5IEHRAMEOHNTSH 5.

2. EE

AREBTHEHA LT — 2Ly M, FHEWCOVWTE
MR E R E 73R 2 U TR, ks
WEF B 72 DI [RBE X L iR TR IS E L X B
BELE ZOF—Xty M, WRIKRERZ DT
7K BRI OREIRE G S F E TV 5. MR D
7=, FHE A /G I3 EE G L Bl o @5 ok Sz
HETH 5. SEYORR L 7 7 ABDONFRIZLT O
DTH3. %57 -2ty FORNFR%Z Table 1 ITRT. ZTw
SHEF—Xty NI 5 BEOWMYWRE (GBxERE
(CCYV), #it 2 2 (MYSV), E¥ 4 27§ (MD), 35
MO (CLS), 5 ¥ A 2% (PM)) &4 (HE) 0Ff 6 2
FRARMFH. BIET— Xty M35 BEHOMYHE (5
AR (PM), K2 MK (GM), 332090 (LM),



BZEE (VW), HhbiiE (BW)) &4 (HE)
AEER LT

DEt6 75

3. AEHAISEOBE

HAEAE G OBINC & 27— XILRO R 2 HEE
T30, UFD (1)~(4) OE&HTET—XEy b %
ER L, ImageNet21k[25] 7 — &t v F THEHFEAD
EfficientNetV2[26] THE ¥ 7. BHEERE T VI,
LAION-5B THAEE EAD stable diffusion2. 1 €7
L&A L, DreamBooth TEINFE %1T- 7.

JRERAIB O 7 — KRR, 512 x 512 27 &1C
V¥4 XL, HEOFLEYI D EE, ETNEARER, -180
° H 5 180° FTOMEEEEIT oz, H%IZ ColorJitter
T brightness = 0.1, contrast = 0.1, saturation = 0.1

LRE. epoch X 100 IZFE L, ERINZEBOR)
SRR L 7.
a) DreamBooth &&E

instance prompt (R4 RIFFICEBMYE X7 — &
Z IS prompt) 1137 <**> leal” IZREE. instance
prompt OFHHERIZIE, FHREZ L OFEFEGRT —X
Ty FOHRS 0MGEIR Lz, 7 <> leal” D7 <HFF >

DERFIIZ, instance prompt R L7z 30 WE#
BLEMENZEIND., "<, "leafl’ 2 W\WH 7
7 AT BEAOMMTICHYE T 5. £, &7 —
ZYRFIETHAT 2 30 ELTHLEL D 5., **
DOFHIZIEZw 5 DEIZIHE, CCYV, MYSV, MD,
CLS, PM OJEIZ 00,... 05 ¥ &% L, R35Ecix HE,
PM, GM, LM, VW, BW OJEiZ00,..., 05 &
#HL7.

+Locally-augmentation T i3 2 HE D5 D in-
stance prompt (ZIE” <**> leaf” ICFE. **OHHIZIX
Zwo hEIEE, W\E, ZH, =&, &, R
fift (BRHAFERS) DIIEZ 00_Saitama,... ,05_Noken & s
L, Z3EEEL, L3, _E,E%,%ﬂ,BW

DIEZ 00_Toyama,. .. ,04_Kochi ¥ @& L7=.

I FEB L VHEORENPRI FRAGLDAS L
L T class prompt (21X leaf” ¥ BL7E. class prompt @
FEHE G (EANLER) 2, SHRE I 0P G
T—=Xty bEMHLE. <> leal” D7 leal” DD
12, class prompt FEHRHMHH L2 1EAMLEGRZ Z R L
P VAR S RS R AR

PL—=V7DNy FH¥ 4 X1F 1.0, gradient accu-
mulation steps(/Ny 77— ¥ [EHF SR 2 ETT B,
AL BT 2EHMAT v 7O 1% 2.0 ICE&E. prior
preservation loss(IERMLEI&RD loss DEA)(PPL) D1
KEEEAEMILT, EA% 1. 0IZFEL . train
text encoder ZHMICL TTF R b Y3 —X% fine
tuning L7z, X 5e-6 1ICFKE, £ L Tscale Ir %
AL, Ir scheduler(Learning Rate % #i% 3 % 72 %
@ Scheduler) 213" constant” Z % L 7z.  Ir warmup
steps 1% 0 ICFEE. MRIREEIX 768 x 768 ¥ 7 L IVICEE
L, max train steps(*F#E &2 X7 v 7H)800 ITHE
L7.

b) Stable diffusion &€

DreamBooth T%% L 7z instance prompt % Stable
diffusion @ prompt (AT F % Z ¥ TEBDOERZIT -
7z. num inference steps % 80 [AIZ, guidance scale (&
10 ITREL 1.
c) +Normal-augmentation

DreamBooth 12 A 13 2 % HHEGIEEREZ LI
FERAWEGD 5 30 BUEIR Lz, £ L T¥E L&Y
JRERER % prompt AL, &WEZ LI 3,000 K3
DA L 7. Baseline @7 — &t v MIAKEBGZIEM
L, 2wohEF—Xty F2it 85417, RIEF—
Xy b % 49,170 Kz L.
d) +Locally-augmentation

+Locally-augmentation T £ %3450 B35 12 0t
LZhZNDREZ NI & O TEEAERZITS.

HET— 2ty MIEENLEGH BEICOWTE
& ®7z3K% Table f) 127”3 . +Locally-augmentation
T, ZOWRENEE T —Rty MIERRZWES%
HE Of$ L iEE X ¥THBREREZITS. FlXIE, Zw
5 WEHE 0o¥E 7 -4ty MIFE, &, BH, &
B, S5, BHOZ 6 OB, SHEFIATVS
% KD 5 h#E PM 084, HE OBIEIFFOEH, B

FET—Zty P eRbEEDETVERWV. 20k

PM i

1. HE 0 &HI e PM O %%

e 7<04_Kochi > leaf and <05> leaf”
2. HE O it PM OfE&% 4

e 7 <05_Noken> leaf and <05> leaf”

DFt 2 72— XDERPDBEYL 725, Fig. ?NF0ad
TN T3 Filed num @ () O EOHKFIE, &WET
RER 72— XERLTWS, 1 72— 1,000
ERREIT5 720, 205 DEPM OYERLY, 27—
2 x 1,000 & = FF 2,000 BAERK, Zwv 5 hIELEEL
16 7 =z —X x 1,000 #& = &t 16,000 BERT 5.

DreamBooth 12 A 7713 % %8 AE{%IE HE O &
H 5 30 B e YR E D5 30 4% DreamBooth @
concept_list & W TRHRFHIZEE 21TV, SHEYHEEER
Z20%E L. 2 U THEEWHREME 2 ©% prompt
WANL, 1 7=—X1,000 F4AK L 7=. Baseline @
T—Xty MIERBEBREZEML, w5 hEFT—X
Ty FRES3AITI, BFEF— Kty bR 45,170 K
2L 7.

e) -+Prompt-augmentation

DreamBooth 12 A /13 2 8 HEBIZERE Z LI
FEAEG» S 30 BGER L. 2L TH¥HE L&MW
YiREM R L 3 ooXREMAEDOETAN LK.
YIRERZ L HAEDE S prompt & 1. 7 <¥*>leaf,
sunlight”, 2. 7?<**>leaf in a flowerpot”, 3. 7<**>
leaf on the soil” @ 3 DD AR%E prompt IZASIL, X
IR Z 12 1,000 BEAERL L 7o, &IRE 2 218 LA L
=51 3,000 ¥ % Baseline D7 — &+t v MIBIML, Zw



IDEF—Xty bEF 85 AT, RIET—X Ly
R % 49,170 Kz L.
f) +Prompt(v2)-augmentation

DreamBooth 12 A 19 2 %2 E HEBREERE Z LI
FEME G S 30 BUEIR L. 2 L THH LL&HEY
JAERER prompt & EE O FHMEI{G D H =LfERIC B2
FrcEbe ke lliatabETANL, &EXRD
12 1,000 AR LTz, BREZ 2] LAER L 726
3,000 #% Baseline 7 —X+t v MBEML, Zw>bh
SRty FRE8541THR, BRIEFT—ZXLy + &
49,170 #2 L 7=.

4. BR-EE
5. REEERER IR
(1) +Normal-augmentation
+Normal-augmentation TAEMK X N7zHEIX, FITFED
T3 &5 BIEPIERBERI N BEEHRTE=. Zh
¥, DreamBooth (2w 5 2 HEHBI% Reconstruction
Loss (RL) D#/MEiz & 32T, DreamBooth #%
FRZH W2 30 BDEIRIZK & S KFFE L 72 BEGRDERR S
N7 THBrEZ 5. SEMHLZ 30 Buk, #ED
—EHRYN TV 20, HRICEECESMDIAA T
2500Z o770, SO LS RERIERS N
CHERIT B, k7, BOBIEBLTH, RPLEEIE
MEN2dOPRELKRTELNL. ZhbDFERYE L
T, Stable diffusion ® VAE decoder D&ERED S
EGICEE T 2 BRIk oFEI KT, TEEVET
7272 Th 3 e HZET 5. PM OAEKER, FETIER
{, BoBERIERSNEG IR TERS L. U,
U-Net @ Self-Attention ## T H 37X X H{R O H B
DY (1) BLEDE->TEB Y, EoREMImMmEhT
WiRWE D BRSNS ERI N e HERT 5. GM X, FF
ERAERERIZ Aol £z, FHERICHWE
Do TEHOEESI D AATERINL TV, Zhi,
LATION-5B 2 & 2 B K $T¥E &7z text-to-image
ENRETICELD, prompt A2 L SEHEOBEI D
N THEERER I N L RT3, 2R R
AZEE BRI HA YR EEGIER SN, Zo
5 DIEDFHAIMRETIX CLS 28 88.0% & xd B W iHE
%7~ L, Baseline ¥ L# LT Micro avg 2% 69.2% % T
MEL7. F7, Z3ETIE HE NO GM O
5 0.6%, HE ~ND VW DFRITEERN 4.2% BHLTH
h, WESALNTZ. ZhiE, RL om/IMbick b, #
RUTHEEBEG (FH U7 30 ) ICBEAT 3 2a5 5,
text-to-image 23f 2 2 RH D ZHRIRERZRIREIZ L 72
POTHBEEZS.
(2) +Locally-augmentation
+Locally-augmentation THEK X Nz X, HEL
HE 2SIEG 3N, ElREh LS IcAoh. £z,
CCYV DRERDI—ERD AEM E N7z X 5 7R EHGE DA B
iz, ZhiE, U-Net @ Cross-Attention ##T 7

2+ H S HEBICERT ABICHER TR EEHTNE - T
Wb, MhoREs2BRL TELT, WE (EoV
A4 ZX/N) & HE(FEDH 4 XK) Bz znfy 4 XD F
FERASINDTHZEZX 5. HE OKHEY; L iE
ZRA L TERSNLEHRIZ, #HiI7E&0E 2 HE OF
B o TRELSALEPERZEREAER L. Th
X, 2RI HE B 0RO K X 4 UEH (TReER
) LIRBEBORO KX A4 VIEWMSMET 52 LT,
IR T UTE (Bi7zia B X 4 U ER) PMERE h
e EZ2A. La»L, HE OfFK 5 BEE¥YE 57—
Xty MZEMLE CCYV O Zw 5 b HEHAIMEREDS,
Baseline & ttXT HE A CCYV DFRZEERN 2.7%
WL 7z, 2, WEDMTInEhTnan X5 AR
g (HE & ZIXFAR) D% MERE iz, HE ND
AR U e HEET 5. F72, BRIETIEHE
DEKNABGBZEETFT—&Z1y MIZTBEML GM 23,
Baseline ¥ kb, HE ~N® GM D7 8EED 1.2% B
LETFORENIALNI=S DD, BINZFRFIERED M L
TR o T,
(3) +Prompt-augmentation

prompt @ AJIIC & 2 EMAERIE <*¥*> leaf, sun-
light” ¥ <**> leaf on the soil” & &7 L 7= FE D 4= p¥ H]
B, 2RENCSURE D 12 BRI R E RGNS
% Z e DHKTZ. 7 <**> leaf in a flowerpot” © $55E L
7RO RKERIE, 2D LL BRI A - T
IROEHRPHEAREDTGIRDIFT T2 S O, —H D HEASK
DAMTER E N EGEL MR TE 2. Zhld, CLIP I
X % Text Encoder ®7 F X b L HEER] D Contrastive
learning 25 YNITHOATE ST, Xkl D QBG4
MENIRED o7z HEET 5. 7z Cross-Attention %
TTFRA M2 HEBRICERT 2BRCHEE T EEFHRD
BmoTVWE7=DTH2eHENT .

0w 5 D EDFHBIMEE X Baseline ¥ lbX, HE AND
MD DFEERD 4.9%, HE ND PM DiE RN
2.7% WYL, RIETIE, HE AD VW OESHEE R
A% WAL, HEDALNTD, FHMEIERE D KX A ¥
2D 5 K5 RAEMEED +Prompt-augmentation
TIEHR o722 HEET 5.
(4) +Prompt(v2)-augmentation

7 <**> leaf in the field” & f657E U 7z BR DA AUEIRZ,
ARENE LTWMGOHICH 2 ERERTIER <,
R RTFORICH 2 WYIREEGIER SN, Zh
%, Stable diffusion ® CLIP IZ & 35 F 2 + L H{RD
MR TWBERAWIZ & o> TERINBEERNZED -
TR B27=DThHhbrEZS. field IXEEGE WS HEE R
73, CLIP TIZFFFECHE & L CEEGICHMNT 5T
ERIXNTWD, SHEOERIERI N L HEET
%. 7 <**> leaf with water droplets on it” ¥ #5E L 7=
BROERE G, RERINKEIRESR IS S 4E
FRIBRDMERL T & 7253, KA KRKLTA 7 & BRI
XhTBYH, BAZAE T2V, GM OARERTIE,
HEORMPLHERITKD X 52 DHR LN, GM DR
DX N EEPER X NI, FTz, 7 <> leaf with



Table 2 +Locally-aug D7 — %+t v + DA

Train
Class Cucumber Eggplant
Field num Field species Field num Field species
HE RE, R, B, I, S, R 5 | S, (LB, =, 5, S
CCYV 1(+5) | W%
MYSV 4(+2) | X, BH, =k, B
MD 3(+5) | ik, RE, IR
CLS 4(42) | W, R, B, EikE
PM A(12) | BE, s, T, e 5(+0) | B, \LBL =, 5OHS,
GM 1(+4) | =&
LM 3(+2) | =H, 58, =l
VW 3(+2) | B, LA, 5T
BW 3(+2) | &, LB, =&
Table 3 ZFw 5 D% Fl-score DLLER
Fl-score [%]
Dataset -
HE CCYV MYSV MD CLS PM Macroavg Micro avg
Baseline 70.5 68.5 52.1 48.0 87.8 66.1 65.5 65.4
+Normal-augmentation 75.4 67.3 496 569 88.0 64.8 67.0 69.2
+Locally-augmentation 70.3 64.4 48.5 464 870 649 63.6 64.1
+Prompt-augmentation 72.7 48.1 46.3 56.8 859 73.5 63.9 68.1
+Prompt(v2)-augmentation  80.4 62.5 54.8 59.7 87.0 7238 69.5 74.3
Table 4 7234 Fl-score DL#KL
Fl-score [%]
Dataset :
HE PM GM LM VW BW Macroavg Micro avg
Baseline 80.8 &899 63.7 85.5 63.3 59.2 73.8 79.8
+Normal-augmentation 79.5 874 625 8277 56.8 57.9 71.1 77.3
+Locally-augmentation 787 87.1 66.0 84.3 61.6 55.7 72.2 77.8
+Prompt-augmentation 799 889 60.8 849 59.0 50.6 70.7 77.9
+Prompt(v2)-augmentation 81.2 90.0 62.8 850 60.0 61.1 73.3 79.7

eggplants” ¥ #6E L - BROEKERIE, 17 A M TERK
SN EUREDTER T X, HEOHFITIE 2RED/ NS Ik
FOEMRLTERS N, Z4UL, LAION-5BIC & %
Rz TcrEIhzT -2ty OoHH» 5, prompt
W R U 7 2R R 2 AR O AGA A, R DIVE B
N2 DTHDEZS. KDTW/= prompt D sub
HHRAEMEINFTICERIN70, 5%I%, prompt
engineering 12 & 2 MG OREZITS Z &%, PPL
WEDIEANLEBROEAZHE T 20BN DD ER
%. +Prompt(v2)-augmentation THK X 724 T4
DOEBEOH % Fig. 1 12 d. 2RI, MYEED
FOMERRPEE R ENREA DS WEEE Z MR L2
H 5, prompt OXARDIRIERSMITI - 7K HE{ER %
EH L. 2w 5 hEOHGIEREE HE, MYSV, MD,
Macro avg, Micro avg (2T, 723 HEDFAIIEREZ, HE,
PM, BW 2 Tiho 7 — XHLERFIEOHF T—FmWFEE
PINEH L. 2K D, prompt (R EFHMEEI{RIC
P72t DIERPIREZ A 1§ 2 Z &€, FHiiEG Iz K

% domain-adaptation H’A[RETH % Z ¥ DHER T X 7=,

6. HBHDIC

AHWFFETUE Stable diffusion (1 DreamBooth % it
L, D EOMEYFEEOLE G2 AW TRBICR L
Efg %z L% 1TV, 4 50 Diffusion-based @7 — X i
RZ2(To7. DR, 77— XILROHT Prompt(v2)-
augmentation 23 b BN/ EREZ R L, prompt 12
X 2 HSEEMREER T S Z 21T & % domain-adaptation
MEETEZZr 2HER L.

SHOBEE L LT, text-to-image £ E TN DELE
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