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1. Ablation Study

To justify the technical choices we made and evaluate the
contribution of each component we perform an ablation
study.
Impact of global latent space. In particular, we divide the
ablation into three major categories to capture all aspects of
the proposed model. We first evaluate the contribution of
the global latent code by modifying imHead latent space to
a set of local latents, reported as w. Local Lat.. We follow
NPHM and use 32 latent dimensions for each of the K=32
regions resulting in a total 1248 latent space, 4.87× increase
compared to 256 that we use in imHead. In addition we re-
port the performance of another variation that extends the
local latents to include an additional global identity latent,
following the architectural design of NPHM, reported as w.
Local and Global Lat.. The total latent space of this model
is 1344 (same as NPHM) which reflects to 5.25× increase
in the latent size. Finally, to demonstrate the impact of a
single global latent space, we report the results of a model
trained with a local latent space where each region receives
a local latent of size 8, resulting in a latent space size of
312. As can be easily observed in Tab. 1, utilizing a split
latent space diminishes the reconstruction performance of
the network. This significantly deteriorates when we use a
latent space with the size of 312, where the model strug-
gles to achieve reasonable performance. The reason behind
this, as suggested in [4, 11, 12], is that global patterns of
the shape are copied in each local latent which inevitably
increase the size of the model. To enable a fully local latent
space, whilst also achieving sufficient reconstruction per-
formance, it is necessary to increase each latent sufficiently
enough to encode both global and local information. An
intermediate solution is to build a local-global latent space,
similar to NPHM model. Although this approach achieves
similar performance with imHead, it suffers from two main
factors: a) a 5× larger latent space which limits the shape
compression and b) a highly constrained latent space that
prohibits localized face editing as the latent codes are now

extended with global information. imHead can successfully
bridge both worlds by leveraging a compact latent space
along with an intermediate localized representation that can
facilitated disentangled manipulation.

Impact of FusionNet. To demonstrate the impact of the
proposed structural blending network, we train a model that
directly regress the local SDF from each local-part network
without using an intermediate feature representation as in
imHead. Despite being slightly lighter model, the perfor-
mance of the the model drops significantly, as each of the
local networks need to directly predict the global SDF. It is
also important to note that the normal consistency of the re-
constructions deteriorates due to non-smooth blending. In
contrast, when using the proposed FusionNet, the local fea-
tures are aggregated and the SDF values are regressed us-
ing an intermediate feature representation. This allows the
model to learn more complex representations while achiev-
ing smooth reconstructions.

Impact of Local Canonical Space. We additionally report
the effect of using a per-region canonical space (w/o Local
Canonical Space). In particular, each local-part network
uses a canonical space that is defined around its correspond-
ing keypoint kj as:

f jx = gj(x− kj , zjid) (1)

where f jx denotes the j-th feature embedding correspond-
ing to point x and kj represent the generated landmark
keypoint corresponding to region j. This canonical space
can effectively reduce the workload of each local part net-
work and facilitate the training process. As can be seen in
Tab. 1, apart from the training stability, the canonical space
has a positive impact on the reconstruction performance of
imHead, as we observe a significant performance improve-
ment when using a canonical space for each local-part net-
work (imHead-Full).

1

https://rolpotamias.github.io/imHead/



	Ablation Study
	Robustness to Noise
	Limitations and Societal Impact
	Dataset Curation
	Implementation Details
	Identity Network
	Expression Warping Module

	Backward vs. Forward Warping

