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Abstract

A food recipe is an ordered set of instructions for prepar-
ing a particular dish. From a visual perspective, every in-
struction step can be seen as a way to change the visual
appearance of the dish by adding extra objects (e.g., adding
an ingredient) or changing the appearance of the existing
ones (e.g., cooking the dish). In this paper, we aim to teach
a machine how to make a pizza by building a generative
model that mirrors this step-by-step procedure. To do so, we
learn composable module operations which are able to ei-
ther add or remove a particular ingredient. Each operator
is designed as a Generative Adversarial Network (GAN).
Given only weak image-level supervision, the operators are
trained to generate a visual layer that needs to be added to
or removed from the existing image. The proposed model
is able to decompose an image into an ordered sequence of
layers by applying sequentially in the right order the corre-
sponding removing modules. Experimental results on syn-
thetic and real pizza images demonstrate that our proposed
model is able to: (1) segment pizza toppings in a weakly-
supervised fashion, (2) remove them by revealing what is
occluded underneath them (i.e., inpainting), and (3) infer
the ordering of the toppings without any depth ordering su-
pervision. Code, data, and models are available online1.

1. Introduction
Food is an integral part of life that has profound implica-

tions for aspects ranging from health to culture. In order to
teach a machine to “understand” food and its preparation, a
natural approach is to teach it the conversion of raw ingredi-
ents to a complete dish, following the step-by-step instruc-
tions of a recipe. Though progress has been made on the
understanding of the recipe-to-image mapping using multi-
modal embeddings [6, 39], remaining challenges include (i)
the reconstruction of the correct steps in the recipe, and (ii)
dealing with partial occlusion of ingredients for food that

1http://pizzagan.csail.mit.edu
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Figure 1. How to make a pizza: We propose PizzaGAN, a compo-
sitional layer-based generative model that aims to mirror the step-
by-step procedure of making a pizza.

consists of different layers.
The archetypal example for this is pizza (Fig. 1 (left)).

The recipe for making a pizza typically requires sequen-
tially adding several ingredients in a specific order on top
of a pizza dough. This ordering of the adding operations
defines the overlap relationships between the ingredients.
In other words, creating this pizza image requires sequen-
tially rendering different ingredient layers on top of a pizza
dough image. Following the reverse procedure of sequen-
tially removing the ingredients in the reverse order corre-
sponds to decomposing a given image into its layer repre-
sentation (Fig. 1 (right)). Removing an ingredient requires
not only detecting all the ingredient instances but also re-
solving any occlusions with the ingredients underneath by
generating the appearance of their invisible parts. Going be-
yond food, the concept of “layers” is widespread in digital
image editing, where images are composed by combining
different layers with different alpha masks.

In this paper, we propose PizzaGAN, a compositional
layer-based generative model that mirrors this step-by-step
procedure of making a pizza. Given a set of training im-
ages with only image-level labels (e.g., “pepperoni pizza”),
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for each object class (e.g., “pepperoni”), we learn a pair
of module operators that are able to add and remove all
instances of the target object class (e.g., “add pepperoni”
and “remove pepperoni”). Each such module operator is
designed as a generative adversarial network (GAN). In-
stead of generating a complete new image, each adding
GAN module is trained to generate (i) the appearance of
the added layer and (ii) a mask that indicates the pixels of
the new layer that are visible in the image after adding the
layer. Similarly, each removing module is trained to gener-
ate (i) the appearance of the occluded area underneath the
removed layer and (ii) a mask that indicates the pixels of
the removed layer that will not be visible in the image after
removing this layer.

Given a test image, the proposed model can detect the
object classes appearing in the image (classi�cation). Ap-
plying the corresponding removing modules sequentially
results in decomposing the image into its layers. We per-
form extensive experiments on both synthetic and real piz-
zas to demonstrate that our model is able to (1) detect and
segment the pizza toppings in a weakly-supervised fashion
without any pixel-wise supervision, (2) �ll in what has been
occluded with what is underneath (i.e., inpainting), and (3)
infer the ordering of the toppings without any depth order-
ing supervision.

2. Related work

Generative Adversarial Networks (GANs). Generative
Adversarial Networks (GANs) [2, 11, 16, 36, 38] are gen-
erative models that typically try to map an input random
noise vector to an output image. GANs consist of two net-
works, a generator and a discriminator which are trained
simultaneously. The generator is trained to generate re-
alistic fake samples while the discriminator is trained to
distinguish between real and fake samples. GANs have
been used in various important computer vision tasks show-
ing impressive results in image generation [21, 36], image
translation [8, 23, 31, 55], high quality face generation [26],
super-resolution [29], video generation [12, 44, 45], video
translation [3], among many others.

Image-to-image translation. Conditional GANs
(cGANs) are able to generate an output image conditioned
on an input image. This makes these models suitable for
solving image-to-image translation tasks where an image
from one speci�c domain is translated into another domain.
Several image-to-image translation approaches based on
cGANs have been proposed [5, 8, 22, 23, 31, 34, 47, 55, 56].
Isola et al. [23] proposed a generic image-to-image trans-
lation approach using cGANs trained with a set of aligned
training images from the two domains. CycleGAN [55]
bypasses the need of aligned pairs of training samples by
introducing a cycle consistency loss that prevents the two

generators from contradicting each other and alleviates the
mode collapse problem of GANs.

In this paper, we formulate every object manipulation
operator (e.g., add/remove) as an unpaired image-to-image
translation and build upon the seminal work of Cycle-
GAN [55]. Our work offers extra elements over the above
image-to-image translation approaches by building com-
posable modules that perform different object manipula-
tion operations, generating a layered image representation
or predicting the depth ordering of the objects in the image.

Image layers. Decomposing an image into layers is a task
that was already addressed in the 90s [10, 20, 42, 43, 46].
More recently, Yang et al. [51] proposed a layered model for
object detection and segmentation that estimates depth or-
dering and labeling of the image pixels. In [50], the authors
use the concept of image layers and propose a layered GAN
model that learns to generate background and foreground
images separately and recursively and then compose them
into a �nal composite image.

Several approaches have been also proposed for the
amodal detection [25] or segmentation [15, 30, 57], the task
of detecting or segmenting the full extent of an object in-
cluding any invisible and occluded parts of it. The recent
work of Ehsani et al. [13] tries not only to segment invisible
object parts but also to reveal their appearance.

Generating residual images. Recently, researchers have
explored the idea of using a cGAN model to generate only
residual images, i.e., only the part of the image that needs
to be changed when it is translated into another domain,
for the task of face manipulation [35, 40, 53]. For exam-
ple, these models are able to learn how to change the hair
color, open/close the mouth, or change facial expressions
by manipulating only the corresponding parts of the faces.
Instead, in this paper, we exploit the generation of residual
images to infer a layer representation for an image.

Modular GAN. Our work is also related to studies inves-
tigating the modularity and the composability of GANs [17,
53]. Recently, Zhao et al. [53] proposed a modular multi-
domain GAN architecture, which consists of several com-
posable modular operations. However, they assume that all
the operations are order-invariant which cannot be true for
adding and removing overlapping objects in an image. In-
stead, our model takes into account the layer ordering and
is able to infer it at test time without any supervision.

Image inpainting. Removing an object from a natural
image requires predicting what lies behind it by painting the
corresponding pixels. Image inpainting, the task of recon-
structing missing or deteriorated regions of an image, has
been widely explored in the past by the graphics commu-
nity [4, 9, 18]. Recently, several approaches using GANs
have been proposed [33, 49, 52] to solve the task. The main
difference of our removing modules is that one single GAN



Figure 2.Module operators that are trained to add and remove pepperoni on a given image.Each operator is a GAN that generates
the appearanceA and the maskM of the adding or the removing layer. The generated composite image is synthesized by combining the
input image with the generated residual image.

model is responsible for both segmenting the desired ob-
jects and generating the pixels beneath them.

3. Method

We now describe our proposedPizzaGANmodel. In
this paper, we are given a set of training RGB images
I 2 RH � W � 3 of heightH and widthW with only image-
level labels. LetC = f c1; c2; :::; ck g be the set of all the
k different labels (i.e., pizza toppings) in our pizza dataset.
For each training imageI j , we are given a binary vector of
lengthk that encodes the image-level label (i.e., topping)
information for this image.

Our goal is to learn for each object classc two mapping
functions to translate images without any instance of classc
to images with instances of classc (i.e.,addingclassc) and
vice versa (i.e.,removingclassc). To do that, for each class
c, we split the training samples into two domains: one with
the images which contain the classc (X +

c ) and one with the
images that do not contain it (X �

c ).

3.1. Architecture of modules

Generator Module. Let G +
c be the generator module that

addsa layer of the classc on an input imageI r � (mapping
G +

c : X �
c ! X +

c ). Also, let G �
c be the corresponding

generator module thatremovesthe layer of the classc (map-
ping G �

c : X +
c ! X �

c ). This pair of generator modules is
shown in Fig. 2 for the class pepperoni. Below, for simplic-
ity we often omit the classc from the notations.

The output generated imagesI f + = G + (I r � ) and
I f � = G � (I r + ) are given by:

I f + = M + � A+ + (1 � M + ) � I r � (1)
I f � = M � � A � + (1 � M � ) � I r + (2)

whereM + ; M � 2 [0; 1]H � W are the layer masks that indi-
cate how each pixel of the adding or the removing layer, re-
spectively, will affect the �nal composite generated image.
A+ 2 RH � W � 3 is the RGB image that captures the ap-
pearance of the adding layer, whileA � 2 RH � W � 3 is the
RGB image that captures the appearance of the parts that
were occluded by the removing layer. In Fig. 2, we observe
thatA+ captures the appearance of the pepperoni whileA �

captures the appearance of the cheese that lies underneath
the pepperoni. The� denotes the element-wise product.

Note that all the non-zero values ofM + andM � denote
the pixels that change in the output composite image.
Discriminator. Our model contains a single discrimina-
tor D , which is responsible for evaluating the quality of the
generated composite images. This network is trained to (i)
distinguish whether the input image is real or fake (Dadv )
and (ii) perform a multi-label classi�cation task for the in-
put image for all the classes (D cls ). These two objectives of
the discriminator are crucial to force the generator to gener-
ate realistic images and, more importantly, to add or remove
speci�c object classes from images without modifying the
other class labels of the image. Discriminator networks with
an extra auxiliary classi�cation output have been success-
fully used in various GAN models [8, 32, 35].

3.2. Learning the model

All the addingG + and removingG � generator modules
and the discriminatorD are learned jointly. The full objec-
tive loss function contains four different terms: (a)adver-
sarial losses that encourage the generated images to look
realistic, (b)classi�cation losses that prevent theG + and
G � to add or remove instances that belong to a different
class than the target one, (c)cycle consistencylosses that
prevent theG + andG � from contradicting each other, (d)
mask regularization losses that encourage the model to use
both the generated layers and the input image.
Adversarial loss. As in the original GAN [16], we use the
adversarial loss to encourage the generated images to look
realistic (i.e., match the distribution of the real image sam-
ples). For each adding moduleG + and the discriminator
D , the adversarial loss is given by:

L adv (G + ; D ) = EI r + [logDadv (I r + )]+

EI r � [log (1 � Dadv (G + (I r � )))]
(3)

whereG + aims to generate realistic images, whileD aims
to distinguish between real imagesI r + and fake onesI f + .
G + tries to minimize this loss, whileD tries to maximize
it. Similarly, we introduce an adversarial lossL adv (G � ; D )
for each removing moduleG � and the discriminatorD .
Classi�cation loss. As explained above, the discriminator
D also performs a multi-label classi�cation task. We intro-
duce here a classi�cation loss that encourages the generated


