
Network Bending: Expressive Manipulation of Deep
Generative Models

Terence Broad
Department of Computing

Goldsmiths, University of London
t.broad@gold.ac.uk

Frederic Fol Leymarie
Department of Computing

Goldsmiths, University of London
ffl@gold.ac.uk

Mick Grierson
Creative Computing Institute

University of The Arts London
m.grierson@arts.ac.uk

Abstract

We introduce a new framework for manipulating and interacting with deep gen-
erative models that we call network bending. We present a comprehensive set of
deterministic transformations that can be inserted as distinct layers into the compu-
tational graph of a trained generative neural network and applied during inference.
In addition, we present a novel algorithm for analysing the deep generative model
and clustering features based on their spatial activation maps. This allows features
to be grouped together based on spatial similarity in an unsupervised fashion. This
results in the meaningful manipulation of sets of features that correspond to the
generation of a broad array of semantically significant features of the generated
images. We outline this framework, demonstrating our results on state-of-the-art
deep generative models trained on several image datasets. We show how it allows
for the direct manipulation of semantically meaningful aspects of the generative
process as well as allowing for a broad range of expressive outcomes.

1 Introduction

We introduce a new framework for the direct manipulation of deep generative models that we call
network bending. This framework allows for active divergence [1] from the original training distri-
bution in a flexible way that provides a broad range of expressive outcomes. We have implemented
a wide array of image filters that can be inserted into the network and applied to any assortment of
features, in any layer, in any order. We use a plug-in architecture to dynamically insert these filters
as individual layers inside the computational graph of the pre-trained generative neural network,
ensuring efficiency and minimal dependencies. As this process is altering the computation graph
of the model, changes get applied to the entire distribution of generated results. We also present a
novel approach to grouping together features in each layer. This is based on the spatial similarity of
the activation map of the features and is done to reduce the dimensionality of the parameters that
need to be configured by the user. It gives insight into how groups of features combine to produced
different aspects of the image. We show results from these processes performed on generative models
for images (using StyleGAN2, the current state-of-the-art for unconditional image generation [2])
trained on several different datasets, and map out a pipeline to harness the generative capacity of deep
generative models in producing novel and expressive outcomes.
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2 Related Work

2.1 Deep Generative Models

A generative model consists in the application of machine learning to learn a configuration of
parameters that can approximately model a given data distribution. This was historically a very
difficult problem, especially for domains of high data dimensionality such as for audio and images.
With the advent of deep learning and large training datasets, great advances were made in the last
decade. Deep neural networks are now capable of generating realistic audio [3, 4] and images
[5, 6, 2]. In the case of images, Variational Autoencoders [7, 8] and Generative Adversarial Networks
(GANs) [9] have been major breakthroughs that provide powerful training methods. Over the past few
years there has been major improvements to their fidelity and training stability, with application of
convolutional architecture [10], progressively growing architecture [11], leading to the current state
of the art in producing unconditional photo-realistic samples in StyleGAN [6] and then StyleGAN2
[2]. One class of conditional generative models that take inputs in the form of semantic segmentation
maps can be used to perform semantic image synthesis, where an input mask is used to generate an
image of photographic quality [12–14].

Understanding and manipulating the latent space of generative models has subsequently been a
growing area of research. Semantic latent manipulation consists in making informed alterations to the
latent code that correspond to the manipulation of different semantic properties present in the data.
This can be done by operating directly on the latent codes [15, 16] or by analysing the activation space
of latent codes to discover interpretable directions of manipulation in latent space [17]. Evolutionary
methods have been applied to search and map the latent space [18, 19] and interactive evolutionary
interfaces have also been built to operate on the latent codes [20] for human users to explore and
generate samples from generative models.

2.2 Analysis of Deep Neural Networks

Developing methods for understanding the purpose of the internal features (aka hidden units) of deep
neural networks has been an on-going area of research. In computer vision and image processing
applications, there have been a number of approaches, such as through visualisation, either by
sampling patches that maximise the activation of hidden units [21, 22], or by using variations of
backpropagation to generate salient image features [21, 23]. A more sophisticated approach is
network dissection [24] where hidden units responsible for the detection of semantic properties are
identified by analysing their responses to semantic concepts and quantifying their alignment. Network
dissection was later adapted and applied to generative models [24], by removing individual units,
while using in combination a bounding box detector trained on the ADE20K Scene dataset [25]. This
led to the ability to identify a number of units associated with the generating of certain aspects of the
scene. This approach has since been adapted for music generation [26].

2.3 Manipulation of Deep Generative Models

The manipulation of deep generative models is itself a nascent area of research. An interactive
interface built upon the GAN Dissection approach [24] was presented with the GANPaint framework
in 2019 [27]. This allows users to ‘paint’ onto an input image in order to edit and control the spatial
formation of hand-picked features generated by the GAN.

An approach that alters the computational graph of the model such that a change alters the entire
distribution of results, is presented as an algorithm for “rewriting the rules of a generative model”
[28]. In this approach, the weights from a single convolutional layer are used as an associative
memory. Using a copy-paste interface, a user can then map a new element onto a generated output.
The algorithm uses a process of constrained optimisation to edit values in the weight matrix to find
the closest match to the copy-paste target. Once the rules of the weight matrix have been altered, all
results from the generator have also been altered.

3 Clustering Features

As most of the layers in current state of the art GANs, such as StyleGAN2, have very large numbers
of convolutional features, controlling each one individually would be far too complicated to build a
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Layer Resolution #features CNN depth #clusters Batch size
1 8x8 512 1 5 500
2 8x8 512 1 5 500
3 16x16 512 2 5 500
4 16x16 512 2 5 500
5 32x32 512 3 5 500
6 32x32 512 3 5 500
7 64x64 512 4 5 200
8 64x64 512 4 5 200
9 128x128 256 5 4 80

10 128x128 256 5 4 80
11 256x256 128 6 4 50
12 256x256 128 6 4 50
13 512x512 64 7 3 20
14 512x512 64 7 3 20
15 1024x1024 32 8 3 10
16 1024x1024 32 8 3 10

Table 1: Table showing resolution, number of features of each layer, the number of ShuffleNet [33]
convolutional blocks for each CNN model used for metric learning, the number of clusters calculated
for each layer using k-means and the batch size used for training the CNN classifiers. Note: LSUN
church and cat models have only 12 layers.

user interface around and to control these in a meaningful way. In addition, because of the redundancy
existing in these models, manipulating individual features does not normally produce any kind of
meaningful outcome. Therefore, it is necessary to find some way of grouping them together into
more manageable ensembles of sets of features. Ideally such sets of features would correspond to the
generation of distinct, semantically meaningful aspects of the image, and manipulating each set would
correspond to the manipulation of specific semantic properties in the resulting generated sample.
In order to achieve this, we present a novel approach, combining metric learning and a clustering
algorithm to group sets of features in each layer based on the spatial similarity of their activation maps.
We train a separate convolutional neural network (CNN) for each layer of the StyleGAN2 model with
a bottleneck architecture (first introduced by Grézl et al. [29]) to learn a highly compressed feature
representation; the later is then used in a metric learning approach in combination with the k-means
clustering algorithm [30, 31] to group sets of features in an unsupervised fashion. In our experiments
we have performed this feature clustering process on models trained on three different datasets: the
FFHQ [6], LSUN churches and LSUN cats datasets [32].

3.1 Architecture

For each layer of the StyleGAN2 model, we train a separate CNN on the activation maps of all
the convolutional features. As the resolution of the activation maps and number of features varies
for the different layers of the model (a breakdown of which can be seen in Table 1) we employ an
architecture that can dynamically be changed, by increasing the number of convolutional blocks,
depending on what depth is required.

We employ the ShuffleNet architecture [33] for the convolutional blocks in the network, which is
one of the state-of-the-art architectures for efficient inference (in terms of memory and speed) in
computer vision applications. For each convolutional block we utilise a feature depth of 50 and have
one residual block per layer. The motivating factor in many of the decisions made for the architecture
design was not focused on achieving the best accuracy per se. Instead, we want a network that
can learn a sufficiently good metric while also being reasonably quick to train (with 12-16 separate
classifiers per GAN model). We also want a lightweight enough network, such that it could be used
in a real-time setting where clusters can quickly be calculated for an individual latent encoding, or it
could be used efficiently when processing large batches of samples.

After the convolutional blocks, we flatten the final layer (4x4x50) and learn from it a mapping into a
narrow bottleneck ( #�v 2 R10), before re-expanding the dimensionality of the final layer to the number
of convolutional features present in the GAN layer. The goal of this bottleneck is to force the network
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to learn a highly compressed representation of the different convolutional features in the GAN. While
this invariably looses some information, most likely negatively affecting classi�cation performance
during training, this is in-fact the desired result. We want to force the CNN to combine features of
the activation maps with similar spatial characteristics so that they can easily be grouped together by
the clustering algorithm. Another motivating factor is that the clustering algorithm we have chosen
(k-means) does not scale well for feature spaces with high dimensionality.

3.2 Training

We generated a training set of the activations of every feature for every layer of 1000 randomly
sampled images, and a test set of 100 samples for the models trained on all of the datasets used in
our experiments. We trained each CNN using the softmax feature learning approach [34], a reliable
method for distance metric learning. This method employs the standard softmax training regime [35]
for CNN classi�ers. Each classi�er has been initialised with random weights and then trained for
100 epochs using the Adam optimiser [36] with a learning rate of 0.0001 and with� 1 = 0 :9 and
� 2 = 0 :999. All experiments were carried out on a single NVIDIA GTX 1080ti. The batch size used
for training the classi�ers for the various layers can be seen in Table 1.

After training, the softmax layer is discarded and the embedding of the �nal layer is used as the
discriminative feature vector where the distances between points in feature space permit to gauge the
degree of similarity of two samples. The one difference in our approach to standard softmax feature
learning is that we use the second to last layer, the feature vector from the bottleneck, giving a more
compressed feature representation than what standard softmax feature learning would offer.

3.3 Clustering Algorithm

Once the CNNs for every layers have been trained, they can then be used to extract feature represen-
tations of the activation maps of the different convolutional features corresponding to each individual
layer of the GAN. There are two approaches to this. The �rst is to perform the clustering on-the-�y
for a speci�c latent for one sample. A user would want to do this to get customised control of a
speci�c sample, such as a latent that has been found to produce the closest possible reproduction
of a speci�c person from the StyleGAN2 model trained on the FFHQ dataset [37, 2]. The second
approach is to perform clustering based on an average of features' embedding drawn from many
random samples, which can be used to �nd a general purpose set of clusters.

The clustering algorithm for a single example is activated by a forward pass of the GAN performed
without any additional transformation layers being inserted, this to obtain the unmodi�ed activation
maps. The activation mapX df for each layerd and featuref is fed into the CNN metric learning
model for that layerCd to get the feature vector#�v df . The feature vectors for each layer are then
aggregated and fed to thek-means clustering algorithm — using Lloyd's method [30] with Forgy
initialization [38, 31]. This results in a pre-de�ned number of clusters for each layer. Sets of features
for each layer can then be manipulated in tandem by the user.

Alternatively, to �nd a general purpose set of clusters, we �rst calculate the mean feature vector#��v df
that describes the spatial activation map for each convolutional feature in each layer of StyleGAN2
from a set ofN randomly generated samples — the results in the paper are from processing 1000
samples. Then we perform the same clustering algorithm as previously for individual samples on the
mean feature vectors.

4 Transformation Layers

We have implemented a broad variety of deterministically controlled transformation layers that can be
dynamically inserted into the computational graph of the generative model. The transformation layers
are implemented natively in PyTorch [39] for speed and ef�ciency. We treat the activation maps of
each feature of the generative model as 1-channel images in the range -1 to 1. Each transformation is
applied to the activation maps individually before they are passed to the next layer of the network.
The transformation layers can be applied to all the features in a layer, or a random selection, or by
using pre-de�ned groups automatically determined based on spatial similarity of the activation maps
(Section 3). Figure 1 shows a comparison of a selection of these transformations applied to all the
features layer-wide in various layers.
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4.1 Numerical Transformations

We begin with simple numerical transformationsf (x) that are applied to individual activation units
x. We have implemented four distinct numerical transformations: the �rst isablation, which can be
interpreted asf (x) = x � 0. The second isinversion, which is implemented asf (x) = 1 � x. The
third is multiplication by a scalarp implemented asf (x) = x � p. The �nal transformation isbinary
thresholding(often referred to as posterisation) with thresholdt, such that:

f (x) =
�

1; if x � t
0; otherwise

(1)

4.2 Af�ne Transformations

For this set of transformations we treat each activation mapX for featuref as an individual matrix,
that simple af�ne transformations can be applied too. The �rst two are horizonal and vertical
re�ectionsthat are de�ned as:

X

"
� 1 0 0
0 1 0
0 0 1

#

; X

"
1 0 0
0 � 1 0
0 0 1

#

(2)

The second istranslationsby parameterspx andpy such that:

X

"
1 0 px
0 1 py
0 0 1

#

(3)

The third isscalingby parameterskx andky such that:

X

"
kx 0 0
0 ky 0
0 0 1

#

(4)

Note that in this paper we only report on using uniform scalings, such thatkx = ky . Finally, fourth is
rotationby an angle� such that:

X

"
cos(� ) � sin (� ) 0
sin (� ) cos(� ) 0

0 0 1

#

(5)

Other af�ne transformations can easily be implemented by designing the matrices accordingly.

4.3 Morphological Transformations

We have implemented two of the possible basic mathematical morphological transformation layers,
performingerosionanddilation [40] when applied to the activation maps, which can be interpreted
as 1-channel images. These can be con�gured with the parameterr which is the radius for a circular
kernel (aka structural element) used in the morphological transformations.

5 Manipulation Pipeline

In our current implementation,1 transforms are speci�ed inYAMLcon�guration �les [41], such that
each transform is speci�ed with 5 items: (i) the layer, (ii) the transform itself, (iii) the transform
parameters, (iv) the layer type (i.e. how the features are selected in the layer: across all features in a
layer, to pre-de�ned clusters, or to a random selection of features), and (v) the parameter associated
with the layer type (either the cluster index, or the percentage of features the �lter will randomly be
applied to). There can be any number of transforms de�ned in such a con�guration �le.

1Our implementation and the datasets we have used for training the clustering models are publicly available
and can be found at:https://github.com/terrybroad/network-bending
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