
Supplementary Material: Can we make NeRF based visual localization
privacy-preserving?

The supplementary material is structured as follows. In
Sec. 1 we first provide comprehensive details regarding the
ppNeSF architecture, including a detailed description of the
image-based encoder Φ, the feature field Γ, and the under-
lying neural implicit field. In addition we give more de-
tails regarding the hierarchical scheme and the uncertainty
computation. In Sec. 2 first we detail how the model is
trained, then, we provide further details on the pose refine-
ment, the relation between training/runtime cost vs. perfor-
mance, and study the impact of the number of segmentation
classes considered on the localization accuracy. Finally, in
Sec. 3 we expand upon the privacy aspect. First, we de-
scribe the inversion model used for the privacy attack and
describe our training and evaluation protocol for the pri-
vacy attack. Then, in Sec. 3.1 we provide additional privacy
baseline experiments and in Sec. 3.2 an analysis on why us-
ing segmentations allows high level privacy preservation.

1. Details on the ppNeSF architecture

Image-based encoder Φ. The image-based encoder is
composed of a feature backbone and a decoder. The back-
bone is a SWIN-t transformer [12] (patch size: 2, embed
dim: 96, depths: {2, 2, 6, 2}, num heads = {3, 6, 12, 24})
which outputs a set of 4 feature maps with strides (2, 4, 8,
16). No pre-trained weights are used to initialize the en-
coder.

The feature map with stride 2 has a dimension of 96.
It is processed through a feature head consisting of three
conv2D layers (internal dimension 128) with ReLU activa-
tion and one upsampling layer such that the feature map is
pixel aligned. This resulting feature map has a dimension
of 96 and is used for the joint embedding space learning.

The multi-scale feature maps are processed with a con-
volutional feature pyramid type of network [11] to output
two final feature maps of stride 4 and 2. They are pro-
cessed through segmentation heads (three conv2D layers
with ReLU activation and internal dimension of 128, one
upsampling layer of scale 4 or 2) which yield the pixel
aligned coarse and fine segmentation maps with respec-
tively K and Kf classes.

The final feature maps are processed through uncertainty

heads (three conv2D layers with ReLU activation and inter-
nal dimension of 128, one upsampling layer of scale 4 or 2)
to obtain the pixel aligned coarse and fine uncertainty maps
with respectively K and Kf dimensions. The gradients are
detached from the input of the feature head, coarse and fine
uncertainty heads as to not destabilize the segmentation rep-
resentation learning.

Feature field Γ. The feature field consists of hash tables
with 10 levels with resolution ranging from 16 to 16,384.
The feature dimension per level is set to 4 with a log
hashmap size of 21. Following [2], a conical section of a
ray consists of 6 points and is encoded through the hash ta-
bles. The encoded features are weighted and averaged. This
encoding makes the 3D feature scale-aware which is benefi-
cial for scenes with large viewpoint changes. The resulting
feature is then concatenated with the scale feature (see [2]
for more details) and processed by an MLP consisting of
3 linear layers (internal dimension 128) with ReLU activa-
tions. The output feature has a dimension of 96 to match the
encoder-based feature dimension. Feature rendering uses
the opacity weight from the main neural implicit field. Gra-
dients are detached from these weights.

ppNeSF. A neural implicit field is a representation of a
3D scene whose underlying geometry is encoded through
MLPs. Additional information such as radiance, semantics,
or features may also be stored and encoded. NeRFs [13]
are a special form of neural implicit fields which store radi-
ance and use volumetric rendering [7] to optimize the neural
fields solely using RGB images with known intrinsics and
camera poses. Follow-up work tackle training efficiency by
introducing 3D structures such as hash tables, octrees, or
grids [4–6, 14, 21, 22], reducing the number of required
training views by adding additional regularization or geo-
metric priors [16, 19, 20, 23], and improving the quality by
reducing aliasing [1, 2, 15].

PPNeSF uses the ZipNerf architecture as the background
neural implicit field.1 Concretely, given an image with
known pose, each emitted ray is modelled as a conical frus-
tum whose sections can be decomposed into a set of 6

1Our implementation is based on https://github.com/
SuLvXiangXin/zipnerf-pytorch.git.
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isotropic Gaussians such that they approximate the shape
of the conical frustum. For each level Vl of the grid in a
a conical section, a feature is obtained by trilinear interpo-
lation applied at the Gaussian’s mean location xj . The six
resulting features are re-weighted wj,l based on how each
Gaussian fits into the grid cell and the averaged feature is

fl = meanj(wj,ltrilerp(xj ;Vl)

where trilerp is the trilinear interpolation operation. The
resulting level features are then concatenated and fed into a
shallow MLP to obtain the density and a geometric feature
di, gi = hgeo(cat[fl]l). The geometric feature is fed along
with the encoded point position to a shallow MLP to obtain
the 3D segmentation

s3Di = hseg(cat[g, enc(pos)]).

This combination of multi-sampling and weighting effec-
tively reduces spatial-aliasing and handles scale variations.

Segmentations can finally be rendered through alpha
composition s3D =

∑n
i=1 Tiαis

3D
i , where Ti is the accu-

mulated transmittance and α the discrete opacity value at
sample i. Furthermore, Z-aliasing induced by the proposal
sampling is handled by deriving an inter-level loss which is
smooth with regard to translation along the ray. For more
details please refer to [2].

Except for the segmentation part, PPNeSF’s geometric
field Ψ architecture is similar to ZipNeRF [2]. Two levels
of proposal networks are used, their hash tables’ maximum
resolutions are 512 and 2048. The main network uses a
hash grid with 10 levels with resolution ranging from 16 to
16,384. The feature dimension per level for all hash tables is
set to 4 with a log hashmap size of 21. The geometric MLP
contains two linear layers and ReLU activations (internal
dimension 64), scale featurization is used. Coarse and fine
semantic heads consist of a three layer MLP with ReLU
activations (internal dimension 128).

The number of samples per proposal network is set to 48
while the number of samples for the main network is set to
24. Sampling is handled by the proposal networks (see [2]
for more details).

1.1. Fine segmentation level

In Sec. 4 of the main paper, we introduced a hierarchi-
cal approach to provide a finer supervision to ppNeSF
and increase the convergence basin during visual localiza-
tion. We further explain how the fine segmentation tar-
gets are derived. For each coarse class k ∈ [1,K], we
want to establish a mapping between the assigned features
A(k) to coarse class k and the n fine prototypes associ-
ated to class k. Let Kf = n ∗ K be the total number of
fine prototypes and U the number of pixels in the training

batch. We first compute softmax scores from the similari-
ties between 3D features and 3D fine prototypes {p3Dfk }nk=1

and the similarity between 2D features and 2D fine proto-
types {p2Dfk }nk=1. Subsequently, for a coarse class k, we
solve Eq. 2 (main paper) with Sf ∈ IR|A(k)|n defined
as Sf

ik = exp(F 2D
i p2Dfk /τ2)exp(F

3D
i p3Dfk /τ2)/Z yielding

Qf
k ∈ IR|A(k)|n, Z being a normalization factor. The K

resulting mappings Qf
k are combined into Qf ∈ IRUKf ,

which is used as segmentation target to optimize the over-
all training objective Eq. 1 (main paper) with regard to
the image encoder Φ and the segmentation/geometry fields
Ω/Ψ. Note that with this hierarchy constraint, Qf is
not a minimizer of Eq. 1 (main paper) for the fine fea-
ture/prototypes similarity softmax score but still provides
coherent and valid target labels. Fine assignments are de-
fined as Af (k) = {i|h(i) = k} with h = argmaxk(Q

f ).
The fine prototypes are updated by EMA based on fine as-
signments, similar to the update of the coarse prototypes.

We want to enforce, in the embedding space, the hier-
archy that was defined through the aforementioned hierar-
chical clustering algorithm. To that end we introduce the
following hierarchical prototype loss.

Lhierar = 1
2

∑K
k=1

1
|A(k)|

∑
i∈A(k) Lick

+
∑Kf

k=1
1

|Af (k)|
∑

i∈Af (k)
max(Lifk,maxj∈A(kc)(Ljckc))

where Lick and Lifk are the pixel to prototype con-
trastive losses at coarse (c) and fine level (f ), with

Lick = − log

(
exp (Fui

pck/τ)∑N
j=1 exp(Fui

pck/τ)

)
and Lifk defined similarly. For simplicity, we omitted the
2D/3D notations, but the loss is independently applied on
2D feature/prototypes and 3D feature/prototypes. Note that
the kc coarse prototypes are associated to the fine proto-
types k and minimizing these distances between pixels and
their assigned prototypes ensures that the loss between each
pixel and its corresponding fine prototype remains below
the loss with the associated coarse prototype.

1.2. Uncertainty

We model uncertainty by adding an uncertainty predic-
tion head so that the 2D encoder predicts both segmen-
tation logits l ∈ IRKxWxH and class-wise uncertainties
ρ ∈ IRKxWxH for each image pixel. In this formulation,
the network predicts a per-pixel Gaussian distribution over
the segmentation classes, where the vector of logits li is the
mean and the vector of uncertainties ρi is the diagonal el-
ements of the covariance matrix for the pixel ui The cross
entropy objective in Eq. 1 (main paper) is therefore modi-
fied by sampling the Gaussian distribution before applying



Figure 1. From left to right: original image, rendered depth, coarse image-based segmentation s2Dc , fine image-based segmentation s2Df ,
coarse rendered segmentation s3Dc , fine rendered segmentation s3Df , coarse uncertainty map u2D

c and fine uncertainty map u2D
f .

softmax. This yields:

s̄2D(k|ui) = softmax(meant({l2Di + ρi ∗ ϵt}NS
1 ))

s̄3D(k|ui) = softmax(meant({l3Di + ρi ∗ ϵt}NS
1 ))

where ϵt ∼ N(0, I) is jointly sampled NS times for the
2D and 3D logits so that both modalities benefit from the
uncertainty modelling. This allows for better stability dur-
ing training and we use uncertainty to filter out ambiguous
pixels during visual localization in Eq. 3 (main paper).

We provide visual examples of coarse/fine image-based
and rendered segmentations, as well as coarse/fine uncer-
tainty maps in Fig. 1.

2. Details on training and localization

Training. ppNeSF and the feature field Γ are trained with
an initial learning rate of 1e-2 exponentially decaying to 1e-
4 with the Adam optimizer [10]. The encoder is trained with
an initial learning rate of 1e-3 exponentially decaying to 1e-
4 with the Adam optimizer [10].

All models are trained for 50k iterations on a single
Nvidia V100 32Gb GPU. We sample 4096 rays per training
iteration. A training iteration takes approximately 800ms.
50,000 training iterations are done per scene. Proposal
weights are annealed during 1,000 iterations. The coarse
and fine prototypes are randomly initialized at the begin-
ning of the training. Similar to [2], distortion (with a weight
of 0.5) and anti-interlevel (with a weight of 0.1) losses are
used during training.

Depth supervision with the depth loss from [23] (with a
weight of 2) is used to give coarse geometry priors to our
models. We used rendered depth maps from DSAC*2 on

2https://github.com/vislearn/dsacstar

7Scenes, Marigold [8] (model ”marigold-lcm-v1-0”)
to estimate depth maps on Cambridge Landmarks, and
ZoeDepth [3] (”zoe nk” model on torch hub) on Indoor6.

To resume these details, we provide the pseudo-code de-
scribing the training process of PPNeSF in Algorithm 1.

2.1. Visual localization

During the pose refinement, 4096 rays are sampled per iter-
ation on 7Scenes and Indoor6, while 8192 rays are sampled
per iteration on Cambridge Landmarks. 64 proposal sam-
ples per ray and 32 final samples per ray are used. The pose
is refined for 150 coarse iterations and 150 fine iterations.
While most of the queries converge in a much lower num-
ber of iterations, a few queries require more iterations when
the optimization landscape is not smooth. The pose is op-
timized on SE(3) with an Adam optimizer, 0.33 decay rate
where the initial learning rate is set to 2e-2 for all datasets.

Comparatively, we run a simple baseline performing
pose refinement by aligning RGB images rendered with
ZipNeRF to the query images. It yields an average
19cm/4.8°/47% on 7Scenes and 5.1m/31° on Cambridge
Landmarks compared to 5cm/0.35°/87% on 7Scenes and
14cm/0.4° on Cambridge Landmarks obtained with pp-
NeSF. The poor localization results obtained with RGB
alignment is mainly due to to illumination variations and
lack of texture, which is compensated by the segmentation
based representations of ppNeSF, which is robust to such
challenges.

2.2. Training/runtime cost vs. performance

ppNeSF provides higher localization accuracy and a better
degree of privacy than concurrent methods thanks to its bet-
ter representation learning/clustering approach and regular-

https://github.com/vislearn/dsacstar


Data: Set of posed training images with associated depth
Randomly initialize the coarse and fine prototypes.
for iteration in range(N iterations) do

Sample a random image I
Extract 2D image-based features, fine/coarse segmentation maps and uncertainty F 2D, s2Dc , s2Df , uc, uf

Sample 4096 rays {rn}4096n=1 in I , through two rounds of proposal networks sample 24 final samples per ray
Bilinearly interpolate F 2D at ray origin pixels which yields {F 2D

i }4096n=1

Query the feature field Γ and ppNeSF’s Ψ-Ω to a obtain feature, opacity, coarse and fine segmentations per 3D
point f3D

i , oi, sic, sif
Integrate along rays to obtain rendered feature, opacity and segmentation maps F 3D, d, s3Dc , s3Df
Compute depth loss Ldepth, distortion loss Ldist, anti inter-level loss Linterl

Compute feature contrastive loss LNCE (see Sec. 4.2.1) with {F 3D
i , F 2D

i }
Solve Eq. 2 (main paper) to obtain coarse segmentation targets Q, find assignments per class A(k)
Compute coarse cross entropy loss (Eq. 1 main paper) with coarse assignment Q and coarse segmentations
s3Dc , s2Dc

for coarse class k in range(K) do
With fine prototypes associated to class k and feature assigned to class k, solve Eq. 2 (main paper) to obtain

partial fine segmentation targets Qkf , find assignments per fine class Af (k)
end
Combine partial fine partial into assignments into fine assignments Qf , compute fine cross entropy loss (Eq. 1

main paper)
EMA update on coarse and fine prototypes based on coarse and fine assignments
With coarse/fine assignments A,Af , coarse/fine prototypes and {F 3D

i , F 2D
i } compute Lhierar

Jointly update the feature field, ppNeSF’s segmentation-geometry fields Ω-Ψ and ppNeSF’s encoder Φ by
minimizing the overall loss
L = 2 ∗ Ldepth + 0.5 ∗ Ldist + 0.1 ∗ Linterl + 0.2 ∗ LNCE + 0.2 ∗ LCEc + 0.2 ∗ LCEf + 0.05 ∗ Lhierar

end
Algorithm 1: Pseudo algorithm describing the training process of PPNeSF.

Runtimes 7Scenes Indoor6 360 CL
Training 9h23 9h05 8h38 10h44
Refinement 15s 15s X 15s

Table 1. Average training and average per-image inference times
per dataset.

izations. But this comes at a higher training cost. In Tab. 1,
we report for each dataset the average training time, as well
as average inference time for an image. Note that efficiency
during visual localization could be improved through di-
verse optimization techniques, however working on this as-
pect was out of the scope of this paper.

2.3. The impact of the number of classes

To evaluate the impact of the numbers of latent segmen-
tation classes, we train the model with different number
of classes on the following two scenes: OldHospital and
KingsCollege from the Cambridge Landmarks dataset. We
show median translation errors and rotation errors against
number of classes in Fig. 2. On KingsCollege, at least
100 classes are required to accurately refine the pose while
on OldHospital 50 classes are enough (OldHospital is less
complex than KingsCollege so most information within

the scene can be captured with fewer classes). Above
these minimum number of classes, accuracy increases at a
marginal rate. For a small number of classes the localiza-
tion accuracy is poor, meaning that a minimum number of
classes is required to provide sufficient discriminativeness.
Overall, the optimal number of classes is scene-dependent
and depends on the complexity of the scene.

3. Evaluating privacy preservation

Architecture and optimization. We call ”internal repre-
sentation” of a NIF the feature output of the MLP pre-
dicting geometric information. In NeRFs this feature fur-
ther serves as the input to the MLPs predicting color. We
use a UNET [18] architecture, which takes as input feature
maps and outputs one channel grayscale reconstructed im-
ages. It consists of six encoding blocks (each composed
of the following layers: Reflectionpad2D, conv2D, Batch-
norm2D and ReLU activation), six decoding blocks (each
composed of the following layers: Upsample, Reflection-
pad2D, conv2D, Batchnorm2D and ReLU activation) of
four refinement blocks (each composed of the following
layers: Reflectionpad2D, conv2D, Batchnorm2D and ReLU
activation or sigmoid activation and no batchnorm for the



Figure 2. Refinement with different number Kf = n ∗ K of fine classes (varying number K of coarse classes, n = 5 fine classes per
coarse class). The green curve corresponds to the translation and the blue curve to the rotation error.

last block). Internal dimensions of encoder blocks are (256,
256, 256, 512, 512, 512), internal dimensions of decoder
blocks are (512, 512, 512, 256, 256, 256), internal dimen-
sions are refinement blocks are (128, 64, 32, 1), the encoder
blocks conv2d kernel size is 4, the encoder blocks conv2d
kernel size is 3. Skip connections are used for the decoder
blocks. The inversion model is trained with an Adam op-
timizer [9], the initial learning rate set to 1e-3 and weight
decay set to 1e-4. It is trained for 50 epochs and each epoch
containing 100 rendering iterations with a batch size of 2.
The scene is changed (and the associated implicit model
trained on the same scene) once every epoch and the learn-
ing rate decays once every epoch. The set of scenes used
for training one inversion model belong to the same dataset.

Training protocol. For each training epoch of the inversion
model, we randomly select a scene along with a Neural Im-
plicit Field (NIF) trained on that scene (note that the NIF
is then frozen as we train only the inversion model). Then
for each iteration, we select a viewpoint with an associated
image. On the rays emerging from this camera viewpoint,
points are sampled and internal representations from the im-
plicit model are extracted. These representations are then
rendered by alpha composition using the opacity weights of
the implicit model. The rendered internal representations
are fed to the inversion network which attempts to recon-
struct the grayscale GT image by minimizing a combination
of L1 loss and perceptual LPIPS loss. We learn to recon-
struct the grayscale images – instead of RGB – to increase
the generalization power of the model across datasets and to
make the model robust to color variations of certain objects.

Evaluation protocol. We use the FID implementa-
tion of torcheval metrics and the LPIPS imple-
mentation of https://github.com/richzhang/
PerceptualSimilarity.git. These metrics are
applied on grayscale images with 3 replicated chan-
nels. Overall the more visually similar are the re-
constructed images to the original (grayscale) ones, the
higher is the risk that the NIF contain fine grained de-
tails, hence sensitive information about the scene, imply-

ing lower privacy. We use the publicly available LLaVa
mode ”liuhaotian/llava-v1.5-7b” to describe the
grayscale original and reconstructed images. Max new to-
kens is set to 1024 and num beams to 4. The KeyBert
implementation used is from https://github.com/
MaartenGr/KeyBERT.git is used.

3.1. Additional privacy baseline

Training ppNeSF with an additional photometric loss.
In addition to ZipNeRF-wo-RGB and ppNeSF, we add an-
other baseline called RGB-ppNeSF in which we train pp-
NeSF with an additional photometric loss. Note that, sim-
ilar to ZipNeRF-wo-RGB, we remove the color head of
RGB-ppNeSF after training. Following the privacy attack
and evaluation protocol from Sec. 3 of the main paper, we
train inversion models and evaluate the privacy of this new
baseline on three datasets (7Scenes, Indoor6, Mip360). The
reconstruction results are displayed in Tab. 3. Adding a pho-
tometric loss during training subsequently allows the inver-
sion to recover more detailed and accurate images, indicat-
ing a degraded degree of privacy compared to ppNeSF. This
further validates our hypothesis according to which using
RGB supervision induces a privacy breach. This conclu-
sion can be extended to any Nerf method using RGB su-
pervision as they use similar architectures and optimization
processes as our baselines. This further confirms that tra-
ditional NeRF-based localization methods are not privacy
preserving.

In Fig. 3 we also display additional comparisons between
reconstructed images from ZipNeRF-wo-RGBand ppNeSF,
along with the associated LLaVa description for each im-
age in the figure with the prompt ”Precisely list the objects
and details which can be seen in the image”. Our approach
obfuscates most of the high frequency and texture details
compared to models using RGB as supervision.

Privacy experiments with 8bit images. In this section
we explore an alternative option where instead of training
NeRF models with continuous RGB images, we use dis-
cretized 8bit RGB images containing obviously much less

https://github.com/richzhang/PerceptualSimilarity.git
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Figure 3. From left to right: Ground truth image, image reconstructed from ZipNeRF-wo-RGB, image reconstructed from ppNeSF with
the inversion attack. Below each image we show the associated LlaVa’s descriptions highlighting in green objects correctly identified by
the VLM and in red hallucinated objects.

Metric ZipNeRF-wo-RGB ZipNeRF-wo-RGB 8bits RGB-ppNeSF RGB-ppNeSF 8 bits ppNeSF
LPIPS(↑) 0.53 0.59 0.55 0.54 0.60

FID(↑) 233 241 296 262 313

Table 2. Comparison to additional privacy baselines. The inversion model is trained on the mip360 dataset and evaluated on the Chess
scene from the 7Scenes dataset. We evaluate image reconstruction quality through the LPIPS(↑)/ FID (↑) metrics. Higher LPIPS/FID on
images reconstructed from our privacy attack indicates a more privacy-preserving neural field model.



Model Chess Fire Heads Office Pumpkin Redkitchen Stairs Average

Tr
36

0 ZipNeRF-wo-RGB 0.53/233 0.55/347 0.56/323 0.55/230 0.54/217 0.57/232 0.56/173 0.55/250
RGB-ppNeSF 0.55/296 0.59/405 0.57/337 0.57/321 0.51/217 0.55/260 0.51/193 0.54/289
ppNeSF 0.60/313 0.62/425 0.60/389 0.62/282 0.58/284 0.60/304 0.57/257 0.59/322

Bicycle Bonsai Counter Garden Kitchen Room Stump Average

Tr
7S

ZipNeRF-wo-RGB 0.69/321 0.49/193 0.53/240 0.64/150 0.62/321 0.57/301 0.66/328 0.6/264
RGB-ppNeSF 0.72/241 0.63/362 0.61/391 0.70/269 0.62/306 0.60/284 0.73/413 0.65/323
ppNeSF 0.81/297 0.71/446 0.72/470 0.81/308 0.74/381 0.69/386 0.81/448 0.76/390

scene1 scene2a scene3 scene4a scene5 scene6 Average

Tr
7S

ZipNeRF-wo-RGB 0.51/262 0.53/372 0.52/334 0.55/267 0.50/253 0.53/302 0.52/298
RGB-ppNeSF 0.52/245 0.57/292 0.56/268 0.60/275 0.50/208 0.56/0.53/303 0.55/265
ppNeSF 0.56/311 0.61/364 0.57/324 0.61/334 0.56/279 0.57/316 0.58/321

Table 3. We evaluate image reconstruction quality through the LPIPS(↑)/ FID (↑). We train an inversion model on one dataset (7S: Tr7S,
360: Tr360) and reconstruct images from another unseen dataset. Note that lower reconstruction quality implies better privacy.

fine-grained information. On the Chess scene (7Scenes
dataset), we re-train our privacy baselines (ZipNeRF-wo-
RGB and RGB-ppNeSF) using 8bit RGB images instead
of the original RGB images. On the mip360 dataset, we
train our privacy baselines (ZipNeRF-wo-RGB and RGB-
ppNeSF) using 8bit RGB images and train inversion models
(see Sec. 3 of the main paper for more details) to recover im-
ages on the same mip360 dataset. Finally, we apply the in-
version model on the privacy baselines trained on Chess and
evaluate the quality of the reconstructed images in Tab. 2.
Replacing RGB with 8bit images slightly increases the level
of privacy, but it remains much lower than ppNeSF, which
does not use image level supervision. Indeed, 8bit color
images still contain much more information than our seg-
mentation maps that are based on 100 scene specific clus-
ters. It also shows that training neural implicit fields with
discretized information only still yields a coherent and ac-
curate neural field.

3.2. Privacy of the segmentations

This paper tackles the privacy of NeRF models by analysing
the information contained in the internal space of the neu-
ral fields and accordingly designing a solution to remove
privacy sensitive content from these fields. Regarding
the privacy of segmentations (either rendered or extracted
images), we refer to [17], which shows that segmenta-
tions increase privacy by preventing inversion through non-
injective RGB→classes mappings. Note that contrarily
to [17], our segmentations are trained per scene and cor-
respond to a quantization of PPNeSF’s already privacy-
preserving internal features which further increases the de-
gree of privacy. To illustrate this, we train, on 7Scenes,
inversion models taking as input query segmentation maps
(Q-Segs), rendered segmentation maps (R-Segs) and ren-
dered segmentation maps combined with internal ppNeSF
features. For each modality we then evaluate the inversion
model on Indoor6. We report LPIPS/FID and captions sim-
ilarity between the original and recovered images in Tab. 4.
We observe that segmentation still provide a much higher

degree of privacy than the privacy baseline ZipNeRF-wo-
RGB. Adding rendered segmentations to internal ppNeSF
features only degrades very slightly the level of privacy,
which further validates our assumption about the privacy
of segmentations. Example visualizations are provided in
Fig. 4.
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