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Figure 1: Top row: We will build on the results obtained in FreeStyleGAN [1] where multi-view
images a) are used to provide a coarse geometric proxy b). We can render the closest view
with StyleGAN to generate a very realistic image c). This allows insertion into 3D virtual
scenes d) and semantic manipulation e) or stereo viewing f). In this internship we will extend
these ideas to models of cars captured with multiple images (left), allowing free-viewpoint
rendering (center and right)

Context and goal
FreeStyleGAN [1] extends the capabilities of StyleGAN [2, 3, 4] to enable free-viewpoint
renderings of faces using multi-view data. A novel camera manifold formulation together with a
multi-view embedding strategy [5, 6] for the first time allows GAN-generated images to be used
in virtual environments and enables new applications like generative stereoscopic image synthesis,
while preserving semantic editing capabilities, such as changes of lighting or facial expression [7,
8, 9]. In this internship we plan to extend these ideas to other classes of objects, and in particular
cars.
Methodology

Our paper [1] focused on faces, while the underlying strategies can be adapted to a variety of
different domains. A particularly promising domain are cars: The pre-trained model from the
original StyleGAN papers based on the LSUN car dataset [10] appears to be a good starting point,
but a joint GAN fine-tuning and embedding step might be necessary to achieve high-quality results.
Multi-view data is available, but geometry reconstruction might have to be complemented by
custom solutions [11] or guided by geometric priors [12] to account for errors arising from highly
specular appearance, which violate typical photo-consistency assumptions. A new camera
manifold needs to be derived [13], which accounts for full 360° views. Convincing integration of
the generated images into synthetic or real scenes with moving cameras will require a dedicated
solution for reflection synthesis using manipulations in latent space [14]. This can be
complemented by localized activation map interventions [15, 16], likely guided by semantic labels
[17], or GAN dissection [18]. More details and hands-on suggestions on all those points are given
below.

Approach
We next describe the possible steps of the internship; the exact set of tasks will depend on the
duration of the internship and the background of the student.
1. Projection
We will start by performing experiments to project a single car image onto the StyleGAN latent
space using [5]. We will observe result quality and then explore semantic editing capabilities using
[7], which should be exactly what is shown in GANSpace [14]. To facilitate this step, we will build
on the datasets of car images available from [11].
2. Define Camera Manifold
Based on the above observations, we will have an initial idea what the camera manifold might look
like. GANSpace [14] show considerable camera variations, including 360° views of the car.
Therefore, the manifold will likely be a lot less restricted than the one for faces. We will use images
with different viewing angles, and perform global transformations (e.g., translation, rotation,
scaling) to the images before projecting onto the GAN and observe result quality to get a feeling
for the boundaries of the camera manifold (for example, we would expect a car rotated 90° and
shifted to the image corner to look bad after projection). Full control and dense viewpoint coverage
can be obtained using synthetic data, but the background might heavily influence projection quality
[1]. Based on all these observations, we will devise a first image alignment procedure. This will
likely be guided by a car detector and/or semantic segmentation of the input images and can be
complemented by an analysis akin to Sec. 4.3 in [1].
3. Generating Views
Once we have a manifold formulation and the corresponding alignment we will use it to project
multi-view images onto the GAN using a parameterized embedding [1] and try to generate arbitrary
manifold views. Training data generation requires a rough camera calibration and geometric proxy
obtained using SfM/MVS, and it may be worth considering completely synthetic training data,
even though it might be difficult to match the appearance of the multi-view dataset. Special care
will be given to avoid problems with the background (e.g., masking it out as a first step).

4. Fine-Tuning
We will then experiment with fine-tuning the GAN to improve result quality: Instead of only
finding latents, we will also fine-tune car-specific GAN weights, by enabling GAN weights to
change when training.
5. Better Geometry
We will investigate how to improve 3D reconstruction [11, 12] to get a better geometry estimate.
We will use the reconstruction to leave the camera manifold using warping [1]. At this point we
should be able to synthesize free viewpoints of a car.
6. Reflections
Car reflections will likely not look convincing or coherent, especially when compositing the
synthesized car into a 3D scene [19]. As reflections are encoded by the latents as well (see
manipulations in [14]), it might be worth identifying corresponding subspaces in latent space via
learning, with the goal of approximate control over the reflections. Training data could comprise
synthetic images, maybe real-time on-the-fly reflection synthesis using simple environment
mapping. We don’t expect the reflections to be completely disentangled from other image
properties (for example, changing a reflection might alter the size of the tires). To attack this
problem, restricting the effect of latent manipulations to specific image regions [15,16,18]
identified via semantic labels [11] might be worth considering.

Work environment and requirement
The internship will take place at Inria Sophia Antipolis in the GRAPHDECO group
(http://team.inria.fr/graphdeco). Inria will provide a monthly stipend of around 1100 euros
for EU citizens in their final year of masters, and 400 euros for other candidates.
Candidates should have strong programming and mathematical skills as well as knowledge
in computer graphics, geometry processing and machine learning, with experience in C++,
OpenGL and GLSL on the graphics side, and tensorflow/pytorch for learning.
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