FFaceNeRF: Few-shot Face Editing in Neural Radiance Fields

Supplementary Material

Overview

In this supplementary material, we present details of model
architecture in Section A. Section B covers details of the
experiments. Section C presents additional details and ex-
planation of our applications. Section D presents an ex-
periment on dataset scaling. Section E present additional
experiments. Lastly, Section F discusses about the social
impact.

A. Architecture of Geometry Adapter

Our geometry adapter, ®4.,, consists of a lightweight MLP
that receives the viewing direction vy € R3, the Tri-plane
feature F/ . € R32, the segmentation label of the geometry
decoder Seg € R'®, and the density ¢ € R! in the Figure
2 of the main paper. Therefore, the input dimension is 51,
and the output dimension is the number of new mask labels,
which in our experiments were 17 for the Base layout and

19 for the Nose and Eyes layouts.

To evaluate whether this simple MLP can effectively fuse
different features compared to attention modules, we con-
ducted an additional study to identify any differences. The
alternative architecture replaced the first layer of our ® g,
with multi-head self-attention, where the number of heads
was set to 4 as shown in the Figure 1. The comparison
was conducted under the same conditions as in the abla-
tion study in Section 4.4 of the main paper. The evaluation
results show that switching to the multi-head self-attention
module did not have a meaningful effect (0.847 mloU with
training on 10 data, compared to 0.850 with our MLP) but
did increase the training time. Therefore, we chose the MLP
architecture for ®g,.
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Figure 1. Visualization of our MLP network and multi-head self-
attention network which are used as the geometry adapter.

B. Additional Details of Experiments
B.1 Tri-plane Mixing

We conducted tri-plane mixing experiments in Section 4.3
of the main paper and found a balance between the tri-plane
mixing ratio and augmentation effectiveness. We consid-
ered two variables, mloU and L1, each representing the re-
tention of semantic information and the variance of infor-
mation, respectively. Using these variables, we identified
the top layers for each variable, as shown in Table 1. For
instance, referring to Table 1, when N=2 layers were mixed
for the top mloUs, we combined layers 13 and 14. When
N=5 layers were mixed for mloU, we combined layers 10
through 14 (13, 14, 11, 12, and 10). Similarly, when N=5
layers were mixed for the top L1, we combined layers 1
through 5.

Table 1. List of the top 7 layers in mloU and L1, respectively
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B.2 Baseline Comparisons

We compared our method with two masked based face edit-
ing methods: NeRFFaceEditing [3] and IDE-3D [5]. For
NeRFFaceEditing, we fine-tuned the model by training only
the geometry decoder while keeping the other components
fixed. This approach was necessary because training the en-
tire model with only 10 data samples, as in our method, led
to overfitting. Similarly, for IDE-3D, we trained only the
semantic decoder. Note that the geometry decoder in NeRF-
FaceEditing and the semantic decoder in IDE-3D serve sim-
ilar roles, though they are named differently in their respec-
tive papers. In addition to the comparison results included
in the main paper, we present additional editing results pro-
duced by our FFaceNeRF and two baselines, in the upper
part of Figure 2.

B.3 Comparisons with Other Editing Methods

Mask-based editing offers distinct advantages over other
face editing methods, particularly in its ability to achieve
detailed and precise modifications. Unlike point-based,






