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1 Motivation 1 Architecture

Most semantic image synthesis methods struggle to
generate realistic objects as they cannot handle scale
information properly. We address this issue by
enhancing the multi-scale ability for both generator
and discriminator. The approach thus generates
more realistic

1 Contribution

e We propose a dual pyramid generator for
semantic image synthesis which adapts the
conditioning to the size of the objects.

e We propose to unify supervision at pixel, patch,
and feature level to enforce the generator to
generate realistic objects that are well aligned with
the semantic maps.

e State-of-the-art qualitative and quantitative results
on 3 datasets

* Dual Pyramid Generator

Label+3D Noise Generated Image

(S

—

Spatial Adaptation Learning Image Synthesis

e Scale-Enhancement Discriminator

Fake/Real Alignment

Fake Image >/

\ Real Image

N Real /1 Fake Class

J Dual Pyramid Generator J Scale-Enhancement Discriminator

. Spatially-adaptive normalization (SPADE) We utilize supervisions at different levels to boost the ability of

discriminator to handle multi-scale information
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JExperiments

- Qualitative Evaluation * Quantitative Evaluation

Methods Cityscapes ADE20K ADE20K-Outdoor
“ FID| mloUT | FID] mloUT | FID] mloUT
CRN [3] 104.7 32.4 73.3 22.4 99.0 16.5
pix2pixHD [30] 95.0 38.3 81.8 20.3 97.8 7.4
SPADE [21] 71.8 62.3 33.9 38.3 63.3 30.8
DAGAN [27] 60.3 060. | 31.9 40.5 N/A N/A
LGGAN | 28] 57.7 08.4 31.6 41.6 N/A N/A s B
CC-FPSE [17] 4.3 63.5 31.7 43.7 N/A N/A | o i S BN, s
SIMS [22] 49 7 47 N/A N/A 67.7 131 (a) Label (b) Ground Truth (c) SPADE (d) OASIS (e) DP-GAN
OASID] | 417 93 | 283 85 | 480 A Generated images from ADE20k dataset

Comparison to state-of-the-art methods on different datasets.
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2 T % 03 2 ¢ B g # £ z 8§ 9 3 4 g 4 2 4|z
SPADE [21] 075 808 885 543 506 404 390 419 887 691 920 662 415 891 646 732 421 297 61.5| 53.6
DAGAN |27] Q74 800 890 601 537 41.2 394 465 889 659 0925 668 458 899 T1.2 7534 570 258 609 | 564
CC-FPSE [17]) | 977 828 898 536.1 613 423 418 504 896 693 0925 685 483 902 697 743 454 434 650 | 58.1
LGGAN [28] 97.8 831 897 598 560 425 428 505 895 700 927 690 486 906 722 B2 524 388 o4.0 | 592
OASIS [25] 069 702 851 703 642 416 5077 499 B850 748 920 649 540 884 656 790 634 539 637 | 61.5
DP-GAN 97l 81.9 8§72 714 TALT7 469 555 603 873 729 924 wA74 555 599 815 831 739 553 669 | 669

Per-class IoU for Cityscapes, obj-mlIoU is mIoU only for object classes.

 Architecture Ablation

(a) Gen/ Dis (b) Lys in (5) (C) Ly n (6)

Gen | Dis | FID | mloU | obj-mloU  Enc | Dec| FID | mloU | obj-mloU  Enc | Dec | FID | mloU | obj-mloU
OA |OA [47.7] 69.3 61.5 49.21 67.9 59.5 44.1| 69.9 62.1
OA |DP (47.9] 74.0 67.4 v |44.5] 72.1 64.4 v 44,41 69.2 60.8
DP |OA [45.4| 69.9 62.0 v | v 443 728 66.4 v | v |45.0) 73.8 66.8
DP |DP (44.1| 73.6 66.9 v 44.1| 73.6 66.9 v |44.1] 73.6 66.9

(a) Label (b) O-OA

(c) DP-OA

(d) OA-DP (e) DP-DP

DP or OA denote if the generator or discriminator from OASIS (OA) or our approach (DP) are used



