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Abstract

In this work, we take a step towards more robust and in-
terpretable image classifiers that explicitly expose the task’s
causal structure. We propose to decompose the image gen-
eration process into independent causal mechanisms that
we train without direct supervision. By exploiting appropri-
ate inductive biases, these mechanisms disentangle object
shape, object texture, and background; hence, they allow
for generating counterfactual images. We demonstrate the
ability of our model to generate such images on MNIST and
ImageNet. Further, we show that counterfactual images can
improve out-of-distribution robustness with a marginal drop
in performance on the original classification task, despite
being synthetic. We open-source our models and code. 1

1. Introduction
Despite the considerable successes of deep neural net-

works (DNNs), they still struggle in many situations. e.g.,
classifying images perturbed by an adversary or failing to
recognize known objects in unfamiliar contexts. Many of
these failures can be attributed to shortcut learning [3]. The
DNN learns the simplest correlations and tends to ignore
more complex ones. This characteristic becomes prob-
lematic when the simple correlation is spurious, i.e., not
present during inference. Consider the setting of a DNN
that is trained to recognize cows in images [1]. A real-world
dataset will typically depict cows on green pastures in most
images. The most straightforward correlation a classifier
can learn to predict the label ”cow” is hence the connection
to a green, grass-textured background. Generally, this is not
a problem during inference as long as the test data follows
the same distribution. However, if we provide the classifier
an image depicting a purple cow on the moon, the classifier
should still confidently assign the label ”cow.” Thus, if we
want to achieve robust generalization beyond the training
data, we need to disentangle possibly spurious correlations
from causal relationships.

1Code and full-length paper can be found at https://sites.
google.com/view/counterfactual-generation/home
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Figure 1: Out-of-Domain (OOD) Classification. A classi-
fier focuses on all factors of variation (FoV). An FoV might
be a spurious correlation, hence, impairing the classifier’s
performance on OOD data. An ensemble, e.g., a classifier
with a common backbone and multiple heads, each head
invariant to all but one FoV, increases OOD robustness.

Distinguishing between spurious and causal correlations
is one of the core questions in causality research [8]. One
central concept in causality is the assumption of indepen-
dent mechanisms (IM), which states that a causal genera-
tive process is composed of autonomous modules that do
not influence each other. In the context of image classifi-
cation (e.g., on ImageNet), we can interpret the generation
of an image as a causal process [6, 9]. We decompose this
process into separate IMs, each controlling one factor of
variation (FoV) of the image. Concretely, we consider three
IMs: one generates the object’s shape, the second generates
the object’s texture, and the third generates the background.
With access to these IMs, we can produce counterfactual
images, i.e., images of unseen combinations of FoVs. We
can then train an ensemble of invariant classifiers on the
generated counterfactual images, such that every classifier
relies on only a single one of those factors. The main idea is
illustrated in Figure 1. By exploiting concepts from causal-
ity, this paper links two previously distinct domains: dis-
entangled generative models and robust classification. This
allows us to scale our experiments beyond small toy datasets
typically used in either domain.

2. SCMs for Image Generation
Our goals are two-fold: (i) We aim at generating coun-

terfactual images with previously unseen combinations like
a cat with elephant texture or the proverbial ”bull in a china
shop.” (ii) We utilize these images to train a classifier in-
variant to chosen factors of variation.
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Problem Setting Consider a dataset comprised of obser-
vations x (e.g. images), and corresponding labels y (e.g.
classes). A common assumption is that each x can be de-
scribed by lower-dimensional, semantically meaningful fac-
tors of variation z (e.g., color or shape of objects in the im-
age). If we can disentangle these factors, we are able to
control their influence on the classifier’s decision. In the
disentanglement literature, the factors are often assumed to
be statistically independent, i.e., z is distributed according
to p(z) = Πn

i=1(zi). However, assuming independence is
problematic because certain factors might be correlated in
the training data, or the combination of some factors may
not exist. Consider colored MNIST [5], where both the
digit’s color and its shape correspond to the label. The sim-
plest decision rule a classifier can learn is to count the num-
ber of pixels of a specific color value; no notion of the digit’s
shape is required. This kind of correlation is not limited
to constructed datasets – classifiers trained on ImageNet
strongly rely on texture for classification, significantly more
than on the object’s shape [3]. While texture or color is a
powerful classification cue, we do not want the classifier to
ignore shape information completely. Therefore, we advo-
cate a generative viewpoint. However, simply training, e.g.,
a β-VAE [4] on this dataset, does not allow for generating
data points of unseen combinations – the VAE cannot gen-
erate green zeros if all zeros in the training data are red.

Structural Causal Models In representation learning, it
is commonly assumed that a potentially complex function
f generates images from a small set of high-level semantic
variables. Most previous work, e.g, [9], imposes no restric-
tions on f , i.e., a neural network is trained to map directly
from a low-dimensional latent space to images. We follow
the argument that rather than training a monolithic network
to map from a latent space to images, the mapping should
be decomposed into several functions. Each of these func-
tions is autonomous, e.g., we can modify the background
of an image while keeping all other aspects of the image
unchanged. These demands coincide with the concept of
structural causal models (SCMs) and independent mecha-
nisms (IMs). An SCM C is defined as a collection of d
(structural) assignments

Sj := fj (PAj , Uj) , j = 1, . . . , d (1)

where each random variable Sj is a function of its parents
PAj ⊆ {S1, . . . , Sd} \ {Sj} and a noise variable Uj . The
noise variables U1, . . . , Ud are jointly independent. The
functions fi are independent mechanisms, intervening on
one mechanism fj does not change the other mechanisms
{f1, . . . , fd}\ {fj}. The SCM C defines a unique distribu-
tion over the variables S = (S1, . . . , Sd) which is referred
to as the entailed distribution PC

S . If one or more structural
assignments are replaced, i.e., Sk := f̃(P̃Ak, Ũk), this is

called an intervention. We consider the case of atomic in-
terventions, when f̃(P̃Ak, Ũk) puts a point mass on a real
value a. The entailed distribution then changes to the inter-
vention distribution PC;do(Sk:=a)

S , where the do refers to the
intervention. If we learn a sensible set of IMs, we can in-
tervene on a subset of them and generate interventional im-
ages xIV . These images were not part of the training data
x as they are generated from the intervention distribution
P

C;do(Sk:=a)
S . To generate a set of counterfactual images

xCF , we fix the noise u and randomly draw a, hence an-
swering counterfactual questions such as ”How would this
image look like with a different background?”. In our case,
a corresponds to a class label that we provide as input, de-
noted as yCF in the following.

Training an Invariant Classifier To train an invariant
classifier, we generate counterfactual images xCF , by in-
tervening on all fj simultaneously. Towards this goal, we
draw labels uniformly from the set of possible labels Y for
each fj , i.e., each IM is conditioned on a different label. We
denote the domain of images generated by all possible label
permutations as XCF . The task of the invariant classifier
r : XCF → YCF,k is then to predict the label yCF,k that
was provided to one specific IM fk – rendering r invariant
wrt. all other IMs. This type of invariance is reminiscent
of the idea of domain randomization (DR) [10]. In DR, we
commonly assume access to the true generative model (the
simulator). This assumption is not feasible without access
to this model. It is also possible to train on interventional
images xIV , i.e., generating a single image per sampled
noise vector. Empirically, we find that counterfactual im-
ages improve performance over interventional ones.

3. Counterfactual Generative Networks
Our goal is to decompose the image generation process

into several IMs. We assume the causal structure to be
known. Concretely, we consider four IMs for the task of im-
age classification: object shape, object texture, background,
and image composition. The inherent structure of the model
allows us to generate meaningful counterfactuals by con-
struction. We refer to the entire generative model as Coun-
terfactual Generative Network (CGN).

3.1. Independent Mechanisms

An overview of our CGN is shown in Figure 2. All IM-
specific losses are optimized jointly end-to-end. For the
experiments on ImageNet, we initialize each IM backbone
with weights from a pre-trained BigGAN-deep-256 [2], the
current state-of-the-art for conditional image generation.

Composition Mechanism. The function of the com-
poser is not learned but defined analytically. Given the gen-
erated masks, textures and backgrounds, we composite the
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Figure 2: CGN. Here, we illustrate the architecture used
for the ImageNet experiments. The CGN is split into
four mechanisms, the shape mechanism fshape, the texture
mechanism ftext, the background mechanism fbg , and the
composer C. Components with trainable parameters are
blue, components with fixed parameters are green.

image xgen using alpha blending, denoted as C:

xgen = C(m, f ,b) = m� f + (1−m)� b (2)

where m is the mask (or alpha map), f is the foreground,
and b is the background. The operator � denotes element-
wise multiplication. While, in general, IMs may be stochas-
tic (Eq. 1), we did not find this to be necessary for the com-
poser; therefore, we leave this mechanism deterministic.
This fixed composition is a strong inductive bias in itself –
the generator needs to generate realistic images through this
bottleneck. To get a strong supervisory signal, we use an un-
constrained, conditional GAN (cGAN) to generate pseudo-
ground-truth images xgt from noise u and label y. We feed
the same u and y into the IMs to generate xgen and mini-
mize a reconstruction loss Lrec(xgt,xgen).

Shape Mechanism. We model the shape using a binary
mask predicted by shape IM fshape, where 0 corresponds to
the background and 1 to the object. The shape loss Lshape

prohibits trivial solutions, i.e., masks with all 0’s or 1’s that
are outside of a defined interval while at the same time forc-
ing the output to be close to either 0 or 1. As we utilize
a BigGAN backbone for our ImageNet-Experiments, we
need to extract a binary mask from the backbone’s output.
Therefore, we add a pre-trained U2-Net [7] as a head on
top of the BigGAN backbone. The U2-Net was trained for
salient object detection, hence, it is class agnostic. While
the U2-Net presents a strong bias towards binary object
masks, it does not fully solve the task at hand as it cap-
tures non-class specific parts. By fine-tuning the BigGAN
backbone, the IM learns to generate images of the relevant
part with exaggerated features to increase saliency.

Texture Mechanism. The texture mechanism ftext is
responsible for generating the foreground object’s appear-
ance, while not capturing any object shape or background
cues. For MNIST, we use an architectural bias – an addi-
tional layer before the final output. This layer spatially di-
vides its input into patches and randomly rearranges them,
similar to a shuffled sliding puzzle. This conceptually sim-

ple idea does not work on ImageNet, as we want to pre-
serve local object structure, e.g., the position of an eye. We,
therefore, sample patches from the full composite image
and concatenate them into a grid pg. We then minimize
a perceptual loss between the foreground f (the output of
ftext) and the patchgrid: Ltext(f ,pg). Over training, the
background gradually transforms into object texture.

Background Mechanism. The background mechanism
fbg needs to capture the background’s global structure while
the object must be removed and inpainted realistically.
However, we found that we cannot use standard inpainting
techniques, as they are either too slow or do not work well
on synthetic data because of the domain shift. Instead, we
exploit the same U2-Net as used for the shape mechanism
fshape. Again, we feed the output of the BigGAN backbone
through the U2-Net with fixed weights. However, this time,
we minimize the predicted saliency. Over the progress of
training, this leads to the object shrinking and finally disap-
pearing, while the model learns to inpaint the object region.

3.2. Generating Counterfactuals to Train Invariant
Classifiers

After training the CGN, each IM network has learned a
class-conditional distribution over shapes, textures, or back-
grounds. By randomizing the label input y and noise u of
each network, we can generate counterfactual images. The
number of possible combinations is the number of classes
to the power of the number of IM’s. For ImageNet, this is
10003. The amount of possible images is even larger since
we learn distributions, i.e., we can generate a nearly unlim-
ited variety of shapes, textures, and backgrounds, per class.
We train on both real and counterfactual images.

4. Experiments
Our experiments aim to answer (i) if our approach can

reliably learn the disentangled IMs, and (ii) if counterfactual
images enable the training of invariant papers. We report
selected results of the full-length paper.

4.1. Does our approach learn the disentangled in-
dependent mechanisms?

Standard metrics like FID are not applicable since the
counterfactual images are outside of the natural image do-
main. We thus focus on qualitative results in this section.
As shown in Figure 3, our CGN generates counterfactuals
of high visual fidelity on ImageNet. We also find an unex-
pected benefit of our approach. In some instances, the com-
posite images eliminate structural artifacts of the original
BigGAN images, such as surplus legs.We hypothesize that
fshape learns a general shape concept per class, resulting in
outliers, like elephants with eight legs, being smoothed out.
The CGN can fail to produce high-quality texture maps for
very small objects, e.g., for a bird high up in the sky, the
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Figure 3: Counterfactuals. The CGN successfully learns
the disentangled shape, texture, and background mecha-
nisms, and enables the generation of permutations thereof.

colored MNIST double-colored MNIST Wildlife MNIST
Train Acc ⇑ Test Acc ⇑ Train Acc ⇑ Test Acc ⇑ Train Acc ⇑ Test Acc ⇑

Original 99.5 % 35.9 % 100.0 % 10.3 % 100.0 % 10.1 %
IRM (2 Envs) 99.6 % 59.8 % 100.0 % 67.7 % 99.9 % 11.3 %
IRM (5 Envs) - - 99.9 % 78.9 % 99.8 % 76.8 %

LNTL 99.3 % 81.8 % 98.7 % 69.9 % 99.9 % 11.5 %
Original + GAN 99.8 % 40.7 % 100.0 % 10.8 % 100.0 % 10.4 %
Original + CGN 99.7 % 95.1 % 97.4 % 89.0 % 99.2 % 85.7 %

Table 1: MNISTs Classification. In the test set, colors
and textures are randomized.

texture map will still show large portions of the sky. Also,
in some instances, a residue of the object is left on the back-
ground, e.g., a dog snout. For generating counterfactual im-
ages, this is not a problem as a different object will cover the
residue. Lastly, the enforced constraints can lead to a reduc-
tion in realism of the composite images xgen compared to
the original BigGAN samples.

4.2. Do counterfactual images enable training of
invariant classifiers?

In the following, we describe our results on the different
MNIST variants. The label is encoded in the digit shape,
foreground color or texture, and the background color or
texture. In the training domain, all FoVs are correlated
with the class label. In the test domain, only the shapes
correspond to the correct class. We compare to current
approaches for training invariant classifiers: IRM [1] and
Learning-not-to-learn (LNTL) [5]. Original + CGN is ad-
ditionally trained on counterfactual data to predict the input
labels of the shape IM. Original + GAN is a baseline that is
trained on real and generated, non-counterfactual samples.

IRM considers a signal to be causal if it is stable across
several environments. We train IRM on 2 environments (90
% and 100 % correlation) or 5 environments (90 %, 92.5
%, 95 %, 97.5 %, and 100% correlation). LNTL considers
color to be spurious, whereas we assume (complementary)
that shapes are causal. The results in Table 1 confirm that
training on counterfactual data leads to classifiers that are
invariant to the spurious signals. We hypothesize that the
difference between environments may be hard to pick up
for IRM, especially if only a few are available. We find that
we can further improve IRM’s performance by adding more
environments. However, continually increasing the number
of environments is an unrealistic premise and only feasible
in simulated environments. Our results indicate that LNTL
and IRM have trouble scaling to more complex data.

5. Discussion
We assume that an image can be neatly distinguished

into a class foreground and background throughout this
work. This assumption breaks once we consider more com-
plex scenes with different object instances or for tasks with-
out a clear foreground-background distinction, e.g., in med-
ical images. An exciting research direction is to explore
different configurations of IMs to tackle this challenge. Fur-
ther, in our experiments, we assume the causal structure to
be known. This assumption is substantially stronger than
in more general standard disentanglement frameworks [4].
A possible extension to our work could leverage causal dis-
covery to isolate IMs in a domain-agnostic manner.
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