





ically use multiple discriminators to improve the photo-
realism of object’s parts (e.g., the eyes or mouth of a hu-
man face), single-discriminator GANs already excel at this
task. Our goal is to use multiple discriminators to im-
prove the photo-realism of complex scenes where the results
of single-discriminator GANs are easily distinguishable as
synthetic images.

2.2. Multi-discriminator GANs

We start by extending the classical (vanilla) discrimina-
tor defined above to fine-grained discriminators.

Let Di(.), K = 1,...,p, denote p discriminators.
Each Dy(.) is used to improve the photo-realism of a
(fine-grained) component of the image generated by G(.).
For example, if we are modeling living rooms, these
fine-grained discriminators focus on the photo-realism of
couches, chairs, coffee tables, end tables, lamps, etc., re-
spectively. Note that each of these fine-grained discrimina-
tors Dy, (.) may be used in multiple image locations. For in-
stance, if a living room scene contains two chairs, the chair
discriminator will be applied to the pixels where we wish to
draw the two chairs.

Let the loss function of the k" fine-grained discrimina-
tor be L. And, let X}, = {ij};."il, with X}, one of the
ny real photos of the object category Dy (.) specializes on.

Similarly, let Y = {Y;}!", be the set of synthetic (gen-
erated) images, where Y; = G(z;), z; ~ p,. Note that
X},; are images of a single object, whereas Y; are images of
complex scenes with multiple objects.

Hence, next, we need to identify the pixels (or regions) of
the synthetic images where each of the fine-grained objects
of interest are. To do this, we define the function

- {mR), o

which identifies the areas }A/” belonging to fine-grained cat-
egory k;;. This means that (YL], k;;) includes a single ob-
ject who's class is the same as that of &Y., k;; € [1, p]. For
example, ¥; might be the image of a living room and }/}il the
pixels of a couch, Y5 the pixels of a coffee table, and Y;3
the pixels of a lamp.

In the above, f(.) is typically a differentiable function
given by a deep neural network.

We can now define the set ), as the image patches of
the synthetic images ) that correspond to the object class
k. Formally,

~

Vi = {? }V(ﬁ-j,kﬁ:k) @

andk=1,...,p
The task of Dy(.) is to discriminate between the real
photos in &} and the synthetic images in ). To have the

same number of real and synthetic images we select a sub-
set X, frgm X, of the same size as YV, i.e., X}, ~ X}, with
| Xk| = |Vk|, |A| the cardinality of the set A.

We are ﬁnally ina posmon to do a forward pass on Dk( )
using the sets Xk and yk, i.e., Dj.forward pass(Xk,yk)
We follow with the computation of the loss L£;. And, then,
we do a backward pass with the gradient of the loss, i.e.,
Dy, .backward_pass(V Ly,).

These fine-grained discriminators allow us to improve
the photo-realism of the different elements in a complex
scene. This yields much improved, photo-realistic synthetic
images of complex scenes. However, we still need to de-
fine a way to assign these discriminators to their appropri-
ate image locals. We do this by incorporating a new broker
module to GANs.

2.3. Broker module

Let Dg(.) denote the discriminator that applies to the
whole image, i.e., the complex scene. This discriminator
is tasked to learn the distribution of objects and background
elements in the image using a training set of real photos
Xo = {Xo;};2,. Its loss function is Lo.

Learning the underlying distribution of complex scenes
is however a very difficult task. We use the function f(.)
defined above to help solve the problem. We call the com-
bination of these two network components, Dy (.) and f(.),
the broker module.

This new GAN module works as follows. First G(.) gen-
erates m synthetic images. Formally, Y = {G(z )}Z 1
with z; ~ p,. Then, f(.) is used to identify any possible
regions (or pixels) corresponding to one of the possible p
object classes.

It is key to note that lowering the threshold of the prob-
ability of detecting these object classes will allow the func-
tion f(.) to guide the generator to synthesize images with
those objects. This is because once f(.) assigns an image
region to class k, the fine-grained discriminator Dy (.) is as-
signed on it. This forces the generator to synthesize more
photo-realistic versions of the object.

Thus, if we want synthetic images that mostly resemble
the scenes in the training set Xy, we can set a large threshold
for f(.) to assign fine-grained discriminators to each region
of the image. But if we want f(.) to have a larger influence,
we will lower that threshold value. This threshold mediates
the influence of Dy(.) and f(.). Hence, the name broker.

2.4. DMM-GAN

We are finally in a position to define the training algo-
rithm. Our approach is general and can be applied to any
GAN architecture/topology, loss, etc. In this paper we will
show examples of adding the proposed broker module to
BigGAN, ProGAN, StyleGAN and StyleGAN2. As it is
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Scene
«  StyleGAN2 6.640.02
S DMM-StyleGAN2 w/ 1 fgd ~ 6.04:0.02
8 DMM-StyleGAN2 w/2 fgd ~ 5.740.03
= DMM-StyleGAN2 w/ 5 fgd ~ 5.240.02
. StyleGAN2 3.240.01
£ DMM-StyleGAN2 w/ 1 fgd ~ 2.740.02
2 DMM-StyleGAN2 w/ 2 fgd ~ 2.44-0.02
& DMM-StyleGAN2 w/ 5 fgd ~ 2.240.01
Table 4: Ablation study on DMM-StyleGAN2 at

512512 resolution. fgd = # fine-grained discriminators.

Third, and new to this paper, we report the FID scores
defined in the previous two paragraphs on the crops of
the objects detected by the YoLo algorithm. For exam-
ple, when generating images of living rooms, we use YoLo
to detect couches, chairs, coffee tables, end tables, and
lamps. We use the pixels inside the bounding box given by
YoLo to compute the FID-50K and FID-infinity scores of
the cropped couches, chairs, coffee tables, end tables, and
lamps. We then report the mean and standard deviation of
these FID scores for each of the five object categories.

This yields 6 FID-50k and 6 FID-infinity scores, two
per object category and two for the global scene, Table 1.
While the scene’s two FID scores give a global measure of
the quality of the whole image, the FID scores of the ob-
jects evaluate the photo-realism of the rendered objects in
the scene. Note that the FID scores of some object cate-
gories are not available for some GANSs. This is the case
when the YoLo algorithms fails to detect any object of that
category in the rendered synthetic images.

3.3. Results on LSUN

Quantitative results on the synthetic living room images
are shown in Table 1. This table shows the results of multi-
ple GAN algorithms and the results of these GANs with the
addition of the broker module and fine-grained discrimina-
tors introduced in this paper. We see that, in every instance,
the addition of the herein derived broker module yields a
statistically significant improvement of the FID score. Re-
call that lower FID scores are preferred.

Qualitative results of the generation of synthetic living
room images are given in Figure 3(a-b). The figure provides
comparative results between StyleGAN?2 in (a) and DMM-
StyleGAN2 in (b).

3.4. Results on DeepRooms

Table 2 shows quantitative results on the generation of
IMP synthetic living rooms. As in the above, the table
provides comparative results with and without the proposed
broker module and fine-grained discriminators on existing

Couch Lamp

Real photos .63 .56
ProGAN A1 .22
StyleGAN 48 33
MSG-StyleGAN .46 31
StyleGAN2 .53 .40
DMM-StyleGAN2 .55 45

Table 5: Training an object detector. mAP results when
training with photos vs$ynthetic images as given by the
listed algorithms and object categories.

GAN algorithms. Again, the addition of the broker module
results in a statistically significant improvement of the FID
score, i.e., significantly lower FID values.

Qualitative results of the generation of 1MP synthetic
living room images were given in Figure 1. Comparative re-
sults are now given in Figure 3(c-d). In (c) we show results
with StyleGAN2 and in (d) results obtained with DMM-
StyleGAN2. Additional comparative results are in the Sup-
plementary File.

3.5. Results on Cityscapes

Quantitative results on the generation of 1MP synthetic
street scenes are in Table 3. Comparative results against
other GAN algorithms are also provided. These results
also show a statistically significance improved FID scores
as compared to state-of-the-art algorithms.

Comparative qualitative results on the generation of IMP
synthetic street scene images are in Figure 3(e-f). Addi-
tional comparative results are in the Supplementary File.

3.6. The role of multiple discriminators

The best results in every experiment was attained with
DMM-StyleGAN?2 using 5 fine-grained discriminators. To
better quantify the contribution of the broker module as a
function of the number of discriminators, we ran an abla-
tion study. In this study, we trained DMM-StyleGAN2 on
DeepRooms using ¢ fine-grained discriminators. We var-
ied ¢ from 1 to 5. We ran multiple experiments for each
value of ¢, each time with a different set of discriminators.
The mean and stanadrd deviation of the FID scores are in
Table 4. As seen in these results, adding fine-grained dis-
criminators improve photo-realism as measured by FID.

3.7. Relevance to downstream tasks

As a final quantitative evaluation, we investigated the us-
age of synthetic images in downstream tasks such as ob-
ject detection as proposed in [37]. Specifically, we sampled
50,000 images from four GAN models considered in this
work and trained an object detection algorithm on those im-
ages. The bounding boxes used to train the object detec-
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Figure 3: Comparative results. Results on (a-b) LSUN, (c-d) DeepRooms, and (e-f) Cityscapes. StyleGAN?2 in (a,c,e) and
DMM-StyleGAN?2 (b,d,f). Zoom in to see improvements in the photo-realism of (b,d,f).

tor are obtained with the YoLo algorithm mentioned earlier.
We compare these results to those obtained when training
the object detector with real photos. Each trained model is
tested on a set of 1,500 real photos with manually annotated
bounding boxes. This task can thus be seen as a proxy for
evaluating the quality of synthetic images as compared to
actual photos. Table 5 shows the mean Absolute Precision
(mAP) of the detection results on two object categories —
couches and lamps. We see that as the quality of synthetic
images improve so does mAP.

4. Conclusions

Generating synthetic images of complex scenes with
GAN:Ss is still a difficult problem. While the generated im-

ages may look reasonable at first glance, these images con-
tain gross errors that clearly identify them as synthetic. A
major reason for these errors is given by the difficulty of
modeling scenes of varying objects that can be or not be
present in a large number of possible locations and poses.
We solve this problem by adding a broker module that
identifies where in the image to use different fine-grained
discriminators. These fine-grained discriminators are then
used to improve the photo-realism of these local regions of
the image. We have provided extensive comparative results
against the state-of-the-art and shown that the proposed ap-
proach yields superior results. We have shown this using
a number of quantitative measure as well as a qualitative
evaluation.
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