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1. AlignDRAW 4R L5+ &

B Reed et al [1] 2016 FE#2H GAN-INT-CLS UK, KEHBIFEEMERT GAN A B85
M ARZEBREIES

GAN-INT-CLS &M GAN A#REEF (0FE 2), FEIRZERAN P IGINCARRFAESR I H 4 B
BALRBBEILIR, RALLERN 64x64 B, AT, textembedding ERFEVIEFEFL S
E—RRANBIERME T, ELAEFT, EMEGRETREZRE, BRZATA text embedding
EREEHZERE, RELHIFREMGHFMEHTHE. HF GAN-CLS FEZMAT
Matching-aware discriminator, RI7E£ 588 X IR BRI T5 2K (pair loss), —FPEE A
fake EMRILEC T EFRAINA, H—FEELEGRELE T HRXA, Tl AT HESLER
M ENNEBIRAERE S S LML (image loss), 7 HEEBLE R4 MEKRIRSG E
XARPEEXR, MMRIEEREBRITEXAHER. GAN-INT FEHFRT XAFEENHER
&, EHENXAFERBREMRESENERNSHEN.
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2. GAN-INT-CLS F &ML 2544

4% GAN-INT-CLS ZJ/5, Reed et al XFEFETEHRLH T Generative Adversarial What-
Where Network(GAWWN)[2], %@ 7E ML F 0 bounding box #1 keypoint FRE, M
mEE M EGREERS, 527 128x128 AR,

StackGAN[4]ZELL Bl FEH—25, AT WA GAN XD FERE R, B BTN HIg
70 up sampling FAREERFEMREFBRE, Frld Zhang et al B 7T X~ EIMEH
GAN WM&, E—MEBRBATERMKBE (64x64) MER, ZMBEFEXTRGNE R, HE
EREEEREL, EE_MBRPEE—MERNE L EAM A\ RNFXER text embedding,
MK ETE—MEERNATEL, HMAEMT 256x256 ERBME . AR EIZETP
AT CA(Conditioning Augmentation)RHSR 3 SXASFAE I N —LE ST FHRIREVLIE S, M
MESEREGEEESHNTEM. AEELET EFPIREM StackGAN++[5] Ei#H—, ¥
GAN ¥ Z—MPRIEN, XAT ZMERSFIMNESNERNRH TG, SEAERBEN
1% (64x64, 128x128, 256x256) , 1R 4 A et R R E B — A E AR AR IKEERE,
F—AHEEAESHEERSFNAAN. EllGEEFENERBILERBREZE— text
embedding fRIE T BLREEINMBANXAE L. EIIZTENX T I ABRE MEHILE K
f£% (conditional generative tasks), EIRSthY RE| T IEBRE ML IES (unconditional
generative tasks) o



ch with reshape IUpsampIing lJoi ning IResiduaI ‘H[Ij;c:mvsxa

128x128 L 256x256 ?
X2Ng XNg 1
§ lm—

G ‘ [ i

128x128x3
Jcu
D;

Unconditional
loss

3. StackGAN++ F {KAEZE

2, Xuetal X7E StackGAN++E Al E32H AttnGAN [6], #BEE StackGAN++iZ 77353807
TERANE, FARIIAM sentence feature EARBAR, BRIt attention FEHHE]
word R HIFREL T word embedding YE A BERARIEANMLE, £ 5L 265X 5% word
embedding BB EAEMAL, NT{EBEKEHRERER L SCAPNET ., I, ZXFERE
7 —7%h DAMSM (Deep Attentional Multimodal Similarity ModeD#%1, %47 &2 7 I %kiS
EhitE loss 77T, NMXEELHIBEEY source loss(BIEi@ GAN 8 loss), EIRTEANESE
W& word embedding BIE IR, EEMEBEEGRERIUZE I EHEBHFIE
(local image features)ER word embedding #{73F BB T 3515 DAMSM loss {ESEAEIZ4E
ISSEXAREHIERRIER, MESEBREE TR
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4. AttnGAN B RAELE

Dash et al [7] 2489 TAC-GAN {547 AC-GAN fYEIE, FNEET XAAR, FERIEHN
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T classlabel fEAZIR, ALHIRPENERFTEFTRROEECERBASESE R, BN
WETHEIMER, BIIIBIMERNAREF T ERHR,

Johnson et al [8]MR7E text embedding MR HTTAR, MEERABIXAEX, RET
it scene graph REEXAFERNREHKXER, kTS scene graph AIEAD _EXFE XY
BN RBFEIH bounding box F1 mask H B2 — Nk FLAIE X AY scene layout, FASFIX
Itk scene layout 1EABIAINAZI LA GAN ME RSB A . ZFENET Z &%
MINERME R RRIE, FE4EMERERRMXAIEN,
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5. F)F scene graph & s B& Y 2 RHESE

Hong, Seunghoon, et al [9]#2 1 7 HDGAN {4 StackGAN RF|M B4, EBERFEH
T — MG — I A #8 (single-stream Generator) BB A £ MREF L A RRAIMKIEE, ST
T imEE A RNAERER, FETIE class label FEIMNIAFRIEE . Hong, Seunghoon, et al
[10] R H Ay Inferring Semantic Layout for Hierarchical Text-to-Image Synthesis.” H3¥& 3K
EREGREIED ATE, BEMXAEIEXAES (text to semantic layout) PR f5 FB 4 LB,
EMNXARENEXAERSRFR, XDARD, EMNXAFBEL LSTM MEIKFE DX RLAFIH
bounding box REFI A BILSTM ZEENLHIFTERAY bounding box H TN FT & S A91E X
mask 2R /5% bounding box F1 mask %54 B /3 semantic layout £ 4 /54E GAN B9 .
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3. MEAERE

XL B 2016 F 2| 2018 FME & ERXAZIEREKMNTTETINEL, GAN Ay
BRILFHMABTT/AAE], R GAN EEBRMERTHHBEEREMNLE . BRABED
TR, BANABESMITERERRERCNARD A=F BT EMNERE";
FETBEEMEASMAMAXKEL, E=RITIEMNIMINIR

SFIEHNMEERE", MBI GAN-INT-CLS[1]F1 GAWWNI[2]{X{# FH—~ GAN,
%/ StackGAN 35I| ([4,5,6]) % HDGAN[OJFHZIF MEZE LA GAN #1Till%k, WMRETIEE
SMEMEEEISRE F, TREEM— GAN EZ4 GAN B9 R IE 24 ML LRI,
MEREESHEEXH—NSFBEN, XAREMERFEENEPESTESZN R,
X AR ESMERBRENEZXAEE, BRED GAN BEAFLMNEE, N UFE
B RER

MENERTNFAXREES, EEHRNENTTEDR ([11[2114]) EZMRAREIE
TIHAEST & B R ER > BOM LR 4T IA%E, MXTF XA EN R 2R FHBEEME, FIHE
B X AR RS SCARANIE R text embedding(sentence embedding), T ik E ki ik 2
ENEHEN, BTN AHAEL . M AlignDRAWSIRFLTE ([51.[6]) H#H—
BRXAREEEZREIEENER word &5, BEEMNENARKEAERIR, &E,
&£ MAY scene graph[8]% semantic layout[10]RME#H —, TR RUKLZAISCA
T, BRI XAE X HTERANIZHE, 827 IXARPLFREXRNEE, Mk
XEE X E R RRE]— layout FiEE £, FHREEBLEEMERNHR.

N FBHIEMFANMARNTR, JLFRETEPHE SR, HFHRIPARHEEN
TIEEMER T BOMY loss kUL, FlENFE GAN-INT-CLS[1]F1 GAWWNI[2]H1=Z] AP loss
(image loss, pair loss) A Z#ERMTTERELE, 7 StackGAN R F H 4 piiaz Y1)l 2k
PANT KL IERIR (DKL(N (u(t), “(1) [IN(0,1))); e TAC-GAN[7TIFRZIIANT class loss;
7£ Image Generation from Scene Graphs [8]F N E LS EE T /<7 loss (Box loss, Mask
loss, Pixel loss, Image adversarial loss, Object adversarial loss, Auxiliarly classifier loss) .
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