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A DETAILS OF NETWORK ARCHITECTURE

The mapping network of StyleGAN2 [3] randomly samples a 512-
dimensional latent code z from a normal distribution and maps
it to a latent code w of dimension I X 512, where [ represents the
number of layers in the generator network. These mapped latent
codes serve as training samples for the Latent Regularizer. To obtain
the outlier latent code, we introduce random noise to the randomly
sampled latent code w. In the first stage of training, we initially
add noise to the first six layers of w. Specifically, we perform a
masking operation on the first six layers of w, randomly setting
the vector values of these layers to zero with a 25% probability,
followed by the addition of Gaussian noise. As illustrated in Figure 1,
the Latent Regularizer structure adopts a standard transformer
architecture. The noisy latent code w’ is divided into two sets
of vectors: the noisy vectors w; from the first six layers and the
remaining clean vectors w;. The transformer encoder receives w;,
Meanwhile, the transformer decoder accepts two inputs: first, the
output of the transformer encoder; and second, the element-wise
sum of w; mapped through an MLP and the position embedding.
The output of the transformer decoder is concatenated with w; to
form the reconstructed latent code w.

Transformer Transformer = . D
Encoder Decoder ;

8 _o-0

MLP MLP O
w

Xelement mul
@ element sum
(©concatenation
(Jmask
(Onoise

(O position embedding

0
|
|
D_

,-_
1
\

s 00
00

g

Figure 1: The network architecture of the Latent Regularizer.

For a randomly sampled wy, perform n times of slight perturba-
tion to obtain the latent code motion sequence wg, wi, ..., wp as
training samples. As illustrated in Figure 2, the Latent Predictor
employs a straightforward teacher-forcing cross-attention Trans-
former Decoder [7] for motion sequence prediction. Fy is the in-
termediate feature of wy. The feature vector sequence and patch
vector sequence extracted from Fp, after undergoing mapping and

concatenation, are used as the input for the transformer encoder.
Meanwhile, the transformer decoder accepts two inputs: first, the
output of the transformer encoder; and second, the element-wise
sum of the latent code motion sequence wo, w1, ..., wp—1 after pro-
jection and the position embedding. The output of the transformer
decoder, after being mapped through an MLP, serves as the pre-
dicted latent code motion sequence wo, Wi, . .., Wp.

1
Transf Transf 08 O
ransformer ransformer = |
[ Encoder ]_'[ Decoder ]_'_>: 000
00 O
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000 '@e 0o 00 O
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Figure 2: The network architecture of the Latent Predictor.

B MORE QUALITATIVE EVALUATIONS

We present more qualitatives comparisons between our method
and DragGAN [5] in terms of inference speed and image editing
performance. Figure 3 presents the results on the AFHQCat [1]
dataset. Figure 4 presents the results on the FFHQ [2] dataset. Fig-
ure 5 presents the results on the Landscapes HQ [6] dataset. Figure 6
presents the results on the Self-distilled StyleGAN Dog [4] dataset.

The results of these qualitative comparisons demonstrate that
our method not only converges more rapidly than DragGAN [5],
but also surpasses it in both inference speed and image editing
performance.
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Figure 3: A qualitative comparison between our method and DragGAN [5] on the AFHQCat [1] dataset in terms of inference
speed and image editing performance.
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Figure 4: A qualitative comparison between our method and DragGAN [5] on the FFHQ [2] dataset in terms of inference speed
and image editing performance.
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Figure 5: A qualitative comparison between our method and DragGAN [5] on the Landscapes HQ [6] dataset in terms of
inference speed and image editing performance.

407
408
409

413
414
415
416

420
421
422
423
424
425
426
427
428
429
430

431

443
444
445
446
447
448
449



465
466
467

469
470
471
472
473
474
475
476

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

Supplementary Materials: Auto DragGAN: Editing the Generative Image Manifold in an Autoregressive Manner ACM MM, 2024, Melbourne, Australia

Ours

DragGAN

Ours

DragGAN §

Ours

DragGAN

Ours

DragGAN

0.00s 0.01s 0.02s 0.04s 2s
5

Figure 6: A qualitative comparison between our method and DragGAN [5] on the Dog [4] dataset in terms of inference speed
and image editing performance.
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