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1. Objective Function
Let s̃ be the output edge-image pair and s be the real

edge-image pair, z be the noise vector, and ŝ be the ran-
dom sample. Based on our preliminary results, we leverage
WGAN-GP as the basis in our network model to achieve
stable and effective training. The loss function of WGAN-
GP is defined as follows:
LDJ

(D) = E
s̃∼Pg

[DJ (s̃)]− E
s∼Pr

[DJ (s)]+λ E
ŝ∼Pŝ

[(||∇ŝDJ (ŝ)||2−1)2].

(1)
LDJ

(G) = E
s̃∼Pg

[−DJ (s̃)]. (2)

Let x̃, x and x̂ be the generated edge, real edge and ran-
dom generated edge, and ỹ, y and ŷ be the generated natural
image, real image and random generated natural image, re-
spectively. Since the discriminators DE and DI adopt the
same architecture as DJ , we can define their losses as:
LDE

(D) = E
x̃∼Pg

[DE(x̃)]− E
x∼Pr

[DE(x)]+λ E
x̂∼Px̂

[(||∇x̂DE(x̂)||2−1)2].

(3)
LDE

(G) = E
x̃∼Pg

[−DE(x̃)]. (4)

LDI
= E

ỹ∼Pg
[DI(ỹ)]− E

y∼Pr
[DI(y)]+λ E

ŷ∼Pŷ
[(||∇ŷDI(ŷ)||2− 1)2].

(5)
LDI

(G) = E
ỹ∼Pg

[−DI(ỹ)]. (6)

During training, DJ , DE and DI are updated to min-
imize Equation 1, Equation 3 and Equation 5 separately.
Our classifier is used to predict class labels. We use the fo-
cal loss [5] as the classification loss. Let c be the predicted
class label. Formally, the loss function between the ground-
truth label and the predicted label is defined as:

Lac(D) = E[logP (C = c|y)]. (7)

Classifier is trained to maximize Equation 7. The generator
also maximizes Lac(G) = Lac(D) when the classifier is
fixed.

We train the encoder E with the L1 loss between the
random input vector z and generated vector z̃. z̃ is from
encoding the edge x̃ which is the output of the generator
GE . Formally, the loss function is defined as:

Llatent
1 (E) = E

z∼Pz
||z − E(x̃)||1. (8)

In summary, the loss function of the generator GE is:
LGE

(G) = LDJ
(G) + LDE

(G). (9)

and the loss function of the generator GI is:
LGI

(G) = LDJ
(G) + LDI

(G)− Lac(G). (10)

The generatorGE minimizes Equation 9 andGI minimizes
Equation 10.

2. Implementation Details
In the stage of instance generation, we train the model

with 100 epochs, and randomly generate latent vectors in
the normal distribution with zero mean and variance of
1.0. We train the generator and the discriminators with
instance normalization. The encoder is implemented with
ResNet blocks using instance normalization and ReLU, and
the classifier is implemented with MRU block [2]. We use
ReLU and Tanh for the generator while Leaky ReLU for the
discriminator. In the instance of DCGAN, we use the Adam
optimizer with a learning rate of 0.0002 and a beta of 0.5 for
all the networks. In the instance of WGAN [1], we clamp
the weights between−0.01 and 0.01 after each gradient up-
date and use the RMSprop optimizer with a learning rate
of 0.0002 for all the networks. In the instance of WGAN-
GP [3], we set the weight of gradient penalty λ to 10, using
the RMSprop optimizer with a learning rate of 0.0002 for
all the networks. For background generation, we train the
pix2pix model with the 110 epochs. We use XDoG [7] to
obtain the edge maps of objects for training data.

3. Representative Samples from Sketchy-
COCO

We show more examples of SketchyCOCO including
five-tuple ground truth data in Fig. 1.

4. Object Level Results
4.1. More object level comparison results

We compare edgeGAN with ContextualGAN [6],
SketchyGAN [2], and pix2pix [4] under different training
strategies. Fig. 3 shows the comparison results. This figure
is a supplement to Fig. 6 in the paper.

4.2. Some 128× 128 results in the object level

We have trained the model on images of resolution
128 × 128. What is different from training on images of
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(d)

(e)

(f)

(h)

(i)

(a)

(b)

(c)

(g)

Figure 1: More exmples of the five-tuple ground truth data of SketchyCOCO, i.e., (1) {foreground image(a), foreground
sketch(b), foreground edge maps(c)}, (2) {background image(e), background sketch(f)}, (3) {scene image(d), foreground
image & background sketch(g)}, (4) {scene image(d), scene sketch(h)}, and (5) sketch segmentation(i). Unlike foreground
sketches depicting single objects, background sketches such as grass and trees are purposefully designed to depict a specific
region (e.g., several tree sketches depict a forest).

resolution 64 × 64 is that we use one more discriminator,
whose structure is a copy of DI . And we set the size of
its input to 64 × 64 to guarantee the global information. In
addition, we also set the size of DI ’s input to 256× 256 so
that the model can pay more attention to local details. Some
results are shown in Fig. 4.

5. Scene Level Results

In this section, we show more 128× 128 scene-level re-
sults in Fig. 5, which are generated based on the 64 × 64
object level results, as well as more 256 × 256 results in
Fig. 6, which are generated based on the 128 × 128 object
level results.
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Full Model DCGAN WGAN W/O DJ W/O DI W/O DEInput

Figure 2: The results of network ablation. The full model is
based on WGAN-gp and containsDJ ,DI andDE . WGAN
and DCGAN are the structures replacing WGAN-gp with
WGAN and DCGAN, respectively.

Table 1: Object level scores in the ablation study.

Model(object) FID Accuracy Shape Similarity
Full Model 87.59 0.8866 2.294e+04
W/O DJ 95.63 0.8361 2.457e+04
W/O DI 110.17 0.6964 2.331e+04
W/O DE 91.12 0.8204 2.341e+04
DCGAN 108.86 0.6429 2.335e+04
WGAN 106.67 0.3172 2.471e+04

6. Ablation Study
• How the joint discriminator DJ works? We concat

the outputs of the edge generator and the image gen-
erator in the width channel as a joint image, which is
used as the fake input ofDJ . The real edge-image pair
is taken as the real input. Therefore, the generated edge
and image from the same vector respect each other un-
der the constraint of the adversarial loss. In the infer-
ence stage, the attribute vector, which can be mapped
to an edge image close to the input sketch, also can be
mapped to a natural image with reasonable pose and
shape. As shown in Fig. 2, the pose and shape of the
generated image are not correct without DJ .

• Which GAN model suits our approach the best?
WGAN-gp was proved to be more suitable for small
data sets than DCGAN and WGAN, making training
more stable and producing higher quality results. As
shown in Fig. 2, when we change it to DCGAN or
WGAN, the results get worse in both faithfulness and
realism. So our network is based on WGAN-gp. More
quantitative results are shown in Table 1.

• Whether multi-scale discriminators can be used to
improve the results? We use multi-scale discrimina-
tors to improve the quality of generated images. For

resolution 64×64, we add an edge discriminator (DE)
and an image discriminator (DI ), the inputs of which
are enlarged edge (128× 128) and image (128× 128)
respectively. As a result, the model can learn smaller
receptive fields and thus pay more attention to local
details. As shown in Fig. 2, the quality of local details
is not as good as that of the full model when without
DI orDE . As shown in Table 1, the full model outper-
forms the model without the multi-scale discriminators
on both realism and faithfulness metrics.
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[7] Holger Winnemöller, Jan Eric Kyprianidis, and Sven C Olsen.
Xdog: an extended difference-of-gaussians compendium in-
cluding advanced image stylization. Computers & Graphics,
36(6):740–753, 2012. 1

3



324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

CVPR
#4318

CVPR
#4318

CVPR 2020 Submission #4318. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Input Ours (a) (b1) (b2) (c1) (c2) (c3) (c4)

4



432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

CVPR
#4318

CVPR
#4318

CVPR 2020 Submission #4318. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Input Ours (a) (b1) (b2) (c1) (c2) (c3) (c4)

5



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

CVPR
#4318

CVPR
#4318

CVPR 2020 Submission #4318. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.
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Figure 3: From left to right: input sketches, results from edgeGAN, ContextualGAN (a), two training modes of Sketchy-
GAN (i.e., SketchyGAN-E (b1) and SketchyGAN-E&S) (b2), and four training modes of pix2pix (i.e., pix2pix-E-SEP (c1),
pix2pix-E-MIX (c2), pix2pix-S-MIX (c3), and pix2pix-S-SEP (c4)).
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Figure 4: More 128× 128 results in the object level.
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Figure 5: More 128× 128 results in the scene level.
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Figure 6: More 256× 256 results in the scene level.
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