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Layout Category: objects from bedroom to living room

Attribute: Indoor lighting Color Scheme

Figure 1: Manipulation results from four different abstraction levels, including layout, categorical objects, scene attributes, and color
scheme. For each image tuple, the first is the original synthesis and the followings are the results with some degree of manipulation.

Abstract

Although Generative Adversarial Networks (GANs) have
significantly advanced image synthesis, it remains unknown
how photo-realistic images are able to be composed of the
layer-wise stochasticity introduced in recent GANs. In this
work, we show that highly-structured semantic hierarchy
emerges as variation factors for synthesizing scenes. By
probing the layer-wise representations with a broad set of
semantics at different abstraction levels, we are able to
quantify the causality between the input activation and the
semantics occurring in the output image. Such a quantifica-
tion identifies the human-understandable variation factors
learned by GANs to compose scenes. We find that the layer-
wise latent codes used in GANs are specialized to synthesize
hierarchical semantics: the early layers determine the
spatial layout and configuration, the middle layers control
the categorical objects, and the later layers render the scene
attributes as well as color scheme. Identifying such a set
of manipulable latent variation factors facilitates semantic
scene manipulation.

1. Introduction

Success of deep neural networks stems from the repre-
sentation learning, which identifies the explanatory factors
underlying the high-dimensional observed data [4]. But
current efforts on interpreting deep representations mainly
focus on discriminative models [30, 9, 28, 1, 2]. Recent
advance of Generative Adversarial Networks (GANs) [10,
14] is capable of transforming random noises into high-
quality images and layer-wise latent codes are introduced
into GANs [15, 5] to control the synthesis from coarse to
fine. However, how these variation factors are composed
together and how to quantify such semantic information
remain unknown. In this work, we deeply study the
hierarchical generative representations and find that GANs
actually learn human-understandable scene variations at
multiple abstraction levels, including layout, categorical
object, attribute, and color scheme. A re-scoring technique
is proposed to quantitatively identity these latent semantics,
which can be further used to precisely control the generation
process, as shown in Fig.1. Codes are available at https:
//genforce.github.io/higan/.
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Figure 2: Method for identifying the emergent variation factors in generative representation. By deploying a broad set of off-the-shelf
image classifiers as scoring functions, F (·), we are able to assign a synthesized image with semantic scores associated with each candidate
variation factor. For a particular concept, we learn a decision boundary in the latent space by considering it as a binary classification task.
Then we move the sampled latent code towards the boundary to see how the semantic score varies correspondingly, and use a re-scoring
technique to quantitatively verify the emergence of the target concept.

1.1. Related Work

Deep Representations for Image Synthesis. Generative
Adversarial Networks (GANs) [10] advance the image
synthesis significantly. Some recent models [14, 5, 15] are
able to generate photo-realistic faces, objects, and scenes,
making GANs applicable to real-world image editing tasks
[22, 24, 23, 26, 3, 19, 32, 7]. Despite such a great
success, it remains uncertain what GANs have actually
learned to produce such diverse and realistic images. Bau
et al. [3] analyzed the individual units of the generator
in a GAN and some concurrent work [12, 8, 21] interpret
the latent semantics learned by GANs. Unlike them, our
work quantitatively identifies the emergence of multi-level
semantics inside the layer-wise generative representations.
Semantic Scene Editing. Laffont et al. [16] pre-defined 40
transient attributes and managed to transfer the appearance
across scenes. Cheng et al. [6] proposed verbal guided
image parsing to recognize and manipulate the objects in
indoor scenes. Karacan et al. [13] learned a conditional
GAN to synthesize outdoor scenes based on pre-defined
layout and attributes. Some other work [17, 32, 11, 18] stud-
ied image-to-image translation and can be used to transfer
the style of one scene to another. Different from them, we
achieve scene manipulation by identifying the hierarchical
semantics emerging from the generative representations of
fixed GANs. We can also precisely control the editing from
different abstraction levels, including layout, categorical
object, attribute, and color scheme.

2. Semantic Hierarchy in Scene Representation
In this section, we introduce the semantic hierarchy in

the deep generative representations for scene synthesis.
Multi-level Semantics. Imagine an artist drawing a picture
of the living room. The very first step is to choose a
perspective and set up the room layout. After the spatial
structure is decided, the next step is to add objects that
typically occur in a living room, such as a sofa and TV.
Finally, the artist will refine the details of the picture with

specified decoration styles, e.g., warm or cold, natural
lighting or indoor lighting. The above process reflects how
a human interprets a scene to draw it. As a comparison,
generative models such as GANs follow a completely
end-to-end training for synthesizing scenes, without any
prior knowledge about the drawing techniques and relevant
concepts. This work explores how the semantics learned
by GANs align with the human-understandable variation
factors. We surprisingly find that GAN synthesizes a
scene in a manner highly consistent with the human. Over
the convolutional layers, GAN manages to compose these
multi-level abstractions hierarchically. In particular, GAN
constructs the spatial layout at the early stage, synthesizes
category-specified objects at the middle stage, and renders
the scene attributes and color scheme at the later stage.
Identifying the Emergent Variation Factors. We use
some off-the-shelf classifiers to extract multi-level seman-
tics (e.g., layout and scene attributes) from the synthe-
sized image as candidates. We then propose a re-scoring
technique to quantitatively identify the emerging variation
factors that are most relevant to the scene synthesis model.
Fig.2 illustrates the identification process which consists of
two steps, i.e., probing and verification. In the probing
phase, we construct a training set with randomly sampled
latent codes (data) and the corresponding semantic scores
(label). Then we train a linear boundary in the latent space
for each candidate by solving a bi-classification task. In
the verification phase, we re-sample some latent codes and
move these codes towards the latent boundary to see how
the semantic scores change accordingly. Hence, we have
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where 1
K

∑K
k=1 stands for the average of K samples to

make the metric more accurate. (·)+ denotes the zero-
truncation operator and λ = 2 is a fixed moving step. Then
we can easily rank the score ∆si among all candidates to
retrieve the most relevant latent variation factors.
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Figure 3: (a) Four levels of visual abstractions emerge at different layers of StyleGAN. Vertical axis shows the normalized ∆si. (b) User
study on how different layers correspond to variation factors from different abstraction levels. (c) Layer-wise manipulation result. The
first column is the original synthesized images, and the other columns are the manipulated images at layers from four different stages
respectively. Blue boxes highlight the results from varying the latent code at the most proper layers for the target concept.
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Figure 4: (a) Independent attribute manipulation results. The middle row is the source images. We are able to both decrease (top row)
and increase (bottom row) the variation factors in the images. (b) Joint manipulation results, where the layout is manipulated at the early
layers, the categorical objects are manipulated at the middle layers, while indoor lighting attribute is manipulated at the later layers. The
first column indicates the source images and the middle three columns are the independently edited images.

3. Experiments
We do experiments on a StyleGAN [15] model trained

with LSUN [27] dataset. We use a layout estimator ([29]), a
scene category recognizer ([31]), and an attribute classifier
([31]) trained on SUN attribute database ([20]) as the off-
the-shelf predictors.

3.1. Emerging Semantic Hierarchy

We apply the proposed re-scoring technique on the layer-
wise latent codes used in StyleGAN. Fig.3 (a) shows that

the layers of the generator in GAN are specialized to
compose semantics in a hierarchical manner: the bottom
layers determine the layout, the lower layers and upper
layers control category-level and attribute-level variations
respectively, while color scheme is mostly rendered at the
top layers. This is consistent with human perception. To
visually inspect the identified variation factors, we move the
latent vector towards the semantic boundaries at different
layers to show how the synthesis varies correspondingly.
We conduct user study on the manipulated images to
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Figure 5: Objects are transformed by GAN to represent different scene categories. On the top shows that the object segmentation mask
varies when manipulating a living room to bedroom, and further to dining room. On the bottom visualizes the object mapping that appears
during category transition, where pixels are counted only from object level instead of instance level. GAN is able to learn shared objects
as well as the transformation of objects with similar appearance when trained to synthesize scene images from more than one category.

validate our discovery about the hierarchical semantics
emerging in the generative representations. The results are
shown in Fig.3 (b), where we can get same conclusion as
from Fig.3 (a) Fig.3 (c) shows some qualitative results from
various abstraction levels.

3.2. Semantic Scene Editing

Identifying the hierarchical variation factors across dif-
ferent layers significantly facilitates scene manipulation.
We can push the latent code towards the boundary of the
desired attribute at the most appropriate layer. Fig.4 (a)
shows that we can change the decoration style (crude to
glossy), the material of furniture (cloth to wood), or even
the cleanliness (tidy to cluttered). Furthermore, we can
jointly manipulate these multi-level semantics. In Fig.4
(b), we simultaneously change the room layout (rotating
viewpoint) at early layers, the scene category (converting
bedroom to living room) at middle layers, and the scene
attribute (increasing indoor lighting) at later layers.

3.3. Categorical Analysis

From all four abstraction levels (i.e., layout, object
(category), scene attribute, and color scheme), one of the
most noticeable things is that GANs are able to transfer
the scene from one category to another by changing the
objects contained in the image. To deeply study the object

mapping in this transferring process, we employ a semantic
segmentation model ([25]), which can segment 150 objects
(tv, sofa, etc) and stuff (ceiling, floor, etc). From Fig.5,
we can see that (1) When an image is manipulated among
different categories, most of the stuff classes (e.g., ceiling
and floor) remain the same, but the categorical objects may
be mapped from one to another. For example, the sofa
(living room) is mapped to a bed (bedroom) and further
mapped to a table (dinning room). (2) Some objects are
shared between different scene categories. For example,
the lamp in living room (on the left edge of the image)
remains after being converted to bedroom. (3) With the
capacity of learning the object mapping as well as sharing
objects across different categories, we are able to turn an
unconditional GAN into a GAN that can control category.

4. Conclusion

In this paper, we propose a re-scoring method to quanti-
tatively study the emergence of highly-structured variation
factors inside the deep generative representations learned by
GANs with layer-wise stochasticity. In particular, GANs
spontaneously learn to set up the layout at early layers, gen-
erate categorical objects at middle layers, and render scene
attributes and color scheme at later layers. Such semantic
hierarchy enables photo-realistic scene manipulation.
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