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Supplementary Materials: InstantAS: Minimum Coverage
Sampling for Arbitrary-Size Image Generation

1 DENOISING DIFFUSION MODEL

Given a dataset D = {xi}fi 1» the diffusion model learns a mapping
from the standard normal distribution N (0, 1) to the distribution
p(x) to which D belongs. As a result, we can generate a random
vector € ~ N(0,I) and feed it into the diffusion model to obtain
a corresponding x, which will be a sample from the distribution
p(x).

In the training phase, the diffusion model is divided into a for-
ward process and a reverse process. The forward process is a Markov

process that adds noise to samples x¢ in the dataset:

xt =1 = Prxr—1 + \/,3_t€ (1)

where f; represents a sequence of hyperparameters that is man-
ually specified, and € is a random noise vector sampled from the
standard normal distribution N (0,I). We can write Equation 1 in
the form of a probability distribution:

q(xelxr—1) = N (|1 = Brxe—1, Br]) (2

After performing the above forward process T times, we obtain
xT, and by setting ; appropriately, we can make x approximately
follow the distribution A(0,I). In addition, due to the characteris-
tics of the Markov process, we can simplify the forward process
into one step:

Xt = Vorxo + V1 — aze (3)
where a; =[] 220 as and a; = 1—f. Due to the reparameterization

trick, e still obeys N (0,I). Therefore, we can write Equation 3 in
the form of a probability distribution:

q(xelx0) = N (xe|Varxo, (1 - a)l) ©)

According to Bayes rule, we can obtain the probability distribution
expression for the reverse process:

q(xeloxe—1)q(xe—1)
q(xt)

Since we do not know the exact form of ¢(xp), we cannot solve

the integral for computing q(x;): q(x;) = f q(xt|x0)q(x0)dxp. In-

stead, we use the empirical distribution to approximate g(xo), by

adding xq as a condition to the probability distribution. Therefore,

Equation 5 can be written as:

®)

q(xe-1lx¢) =

q(xe |1, x0)q(x2—1]%0)

q(xt|xo)
Obviously Equation 6 can be calculated from Equation 2 and Equa-
tion 4:

q(x¢-1lxt, x0)

(6)

q(x¢-1lxs, x0) =

Vai—1pt (l_at—l)\/l_ﬂt 1—0a;-1 (7)
= N(xt—1| —x0 + - Xt, - ﬁtl)
1—(Xt 1 -t 1 — O

We cannot get xq directly during generation, so we use a neural
network sy (x;, t) to fit xp:

L = lIsgCxe, 1) = xoll3 ®

In the sampling phase, we use the trained neural network sg (xz, t)
to replace x¢ in Equation 6, thus obtaining the reverse process in
the sampling step:

1—ar

xie1 = —= (e = <Esp(x, 1) + fre O

B
Var Vi-a
The reverse process is iterated T times, and the final xq is the gener-
ated output of the model. For a detailed understanding of diffusion
models, please refer to reference [1, 3-11].

1-a;

2 EXPERIMENT IMPLEMENTATION DETAILS

In all experiments conducted in this paper, we use the unified pre-
trained text-to-image model StableDiffusion 2.0 for InstantAS and
all compared sampling methods. In the comparison experiment of
sampling speed, we use the DDIM method with a fixed step size of
50 for all models. For the sake of fairness, we removed the accel-
eration packages in the code of some models, including xformers
and accelerate, etc., so that all models can be compared under the
same conditions.

3 REGIONAL CONTROL GENERATION
COMPARISON

In this section, we demonstrate the region control generation ca-
pabilities of InstantAS and MultiDiffusion[2], as shown in Figure
1. The mask-based generation region limitation method used by
MultiDiffusion employs masks to segment the latent representa-
tion of an image into different semantic regions, and applies dif-
ferent prompts to these regions separately. In contrast, InstantAS
aligns semantic information to different regions in cross-attention
through masks. Compared to MultiDiffusion, the target region shape
control of MultiDiffusion is more refined. However, since Instan-
tAS performs alignment after modification in the deeper feature
cross-attention, the boundaries it affects cannot be represented very
precisely. Nevertheless, InstantAS demonstrates significantly bet-
ter fusion effects between regions than MultiDiffusion, resulting
in more consistent and natural-looking generated images overall.

4 FAILURE CASES AND DISCUSSION

Experimental results show that compared to previous work, our
method has significant advantages in terms of generation quality
and sampling speed. However, our method still has some shortcom-
ings. First, because larger-sized images exceed the training resolu-
tion of the diffusion model, it is difficult to find their latent rep-
resentations in the latent space of the diffusion model. As a result,
the generated images struggle to account for information that is far
apart in the image, losing some global structure. This is specifically
manifested in prompts with a single target or larger entities, where
the method cannot accurately restore the content. Secondly, when
the content described by the text is difficult to be compatible with
the specified target image size, sometimes the content described by

!https://huggingface.co/stabilityai/stable-diffusion-2-base
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the text will be stacked in the image. Some failure cases are shown
in Figure 2.

According to the manifold distribution hypothesis, for a fixed
prompt, the latent feature distribution of its corresponding image
data is located near a low-dimensional manifold within the high-
dimensional space represented by a fixed-size image training set.
However, for images of any size larger than this fixed size, they ex-
istin a higher dimensional space. Therefore, how to utilize this low-
dimensional manifold to search for embedding representations in
the higher dimensional space, thereby obtaining images with con-
sistency in the latent space, is the direction of our future research.
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A photo of rolling

. Silent interior of the Forests burning with wildfires and thick smoke;
mountains;

dense forest;
A Spyder-Man is swinging:

Dark clouds and rough sea;

582x709 728x376 523x1209 683x683

InstantAS
(Ours)

MultiDiffusion

Figure 1: Comparison results of regional information control generation between InstantAS and MultiDiffusion. Our proposed
InstantAS method has a more natural fusion of foreground and background, and does not appear contentless boundaries.

Smiling face of a
A photo of Alps with a helicopter flying in middle-aged woman

mid-air-  596x1539 1182x1182

(b)

A large waterfall flowing down the cliff
683x1587

(©

Figure 2: Some failure cases. (a) (b) When the described content includes specific quantities or entities with complete structures
that occupy most of the image area, repetition of elements often occurs. (c) When the description content is incompatible with
the image size, for example, when it is required to generate a waterfall from top to bottom in a horizontally long image, the
generated results will often have content stacking.

291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
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



	1 Denoising Diffusion Model
	2 Experiment implementation details
	3 Regional control generation comparison
	4 Failure Cases and Discussion
	References

