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DeSC: Learning Deep Semantic Descriptor for
NeRF Registration

Sheldon Fung, Wei Pan, Kui Su, Hui Cui, Xinkui Zhao, Xuequan Lu†

Abstract—NeRF registration has gained increasing attention
recently. While existing research demonstrates considerable po-
tential for this task, most methods primarily focus on either
global geometric or rendering photometric information during
feature learning, overlooking the rich cross-modal information
inherent in the NeRF embedding feature space. In this paper,
we propose DeSC, a novel NeRF registration approach that
leverages the rich cross-modal features from NeRF to learn robust
semantic descriptors. In particular, we propose a Deep Semantic
Aggregation module, which employs a weighted graph convolu-
tion network to capture high-frequency texture details in NeRF
patches. This approach reveals the underlying semantics shared
across different NeRFs of the same scene, thereby yielding more
robust global feature descriptors that lead to better alignment
accuracy and robustness. In addition, we design a density-aware
photometric consistency loss that facilitates the learning of robust
features. Extensive experimental results on Objaverse datasets
demonstrate that our approach produces superior registration
performance to state-of-the-art techniques.

Index Terms—NeRF, Scene Registration, Deep Semantic De-
scriptor.

I. INTRODUCTION

3D scene registration, which involves estimating the relative
transformation between two given 3D scenes in arbitrary
poses, is a fundamental problem in 3D computer graphics and
vision. It facilitates various real-world applications such as
autopilot, VR/AR, SLAM, etc. The registration task has been
well-explored on common 3D data representations, such as
point cloud or mesh.

Recent advances in the Neural Radiance Field (NeRF) [1]
have brought a new perspective to the field. Research on
Large-scale NeRFs [2], [3] shows the potential of concatenat-
ing NeRF blocks for city-scale representation. These methods
assume all NeRF blocks are trained in a unified camera coordi-
nate system. However, it is challenging to ensure the availabil-
ity of relative camera poses during image capture in practice,
as this requires high-precision multi-sensor fusion to track
real-time trajectories and poses. NeRF2NeRF [4] pioneers the
use of the surface field to perform registration on NeRFs in
a global optimization manner. Nonetheless, it requires dull
manual keypoint annotation that limits its practical use. DReg-
NeRF [5] resorts to a deep-learning approach to directly
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Fig. 1. Visualization of features in different stages. Despite showing strong
correlations with color, NeRF embeddings exhibit cross-frame inconsistency
(b). In contrast, our designed Deep Semantic Descriptor learns strong local
view-independent textual semantic features and shows superior cross-frame
consistency (c). This leads to more robust final features and yields better
correspondences (d) for more precise NeRF alignment (f and g).

predict the final set of correspondences with the aid of the
Attention mechanism [6]. However, the point cloud sampled
from NeRF is noisy and involves arbitrary artifacts due to
inaccurate volume density estimations, especially in under-
trained cases. Thus, the direct regressing correspondence is
prone to failure in such scenarios. Alternatively, VF-NeRF [7]
resorts to using the Normalizing Flow to select quality rays
for registration optimization. Yet, it is vulnerable to textureless
and highly symmetric cases since the optimization relies on
photometric loss. Nevertheless, current methods only consider
global geometric or rendering photometric information and
neglect the rich cross-modal information that is exhibited
in the intermediate view-independent embeddings of NeRF.
These embeddings capture intrinsic scene properties, such
as geometry and high-level semantics, and are less affected
by view-dependent rendering inconsistencies or illumination
artifacts.
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NeRF can be viewed as a 3D-2D cross-modal mapping
function, where, given a viewing perspective and a point in the
3D space, NeRF outputs the corresponding color and density.
In practice, NeRF decouples the prediction of color and den-
sity by first encoding the coordinate into a view-independent
embedding with corresponding density, then a decoder is used
to predict the color conditioned on the given perspective.
We observe that the view-independent embedding exhibits
rich cross-modal information as it encodes 3D coordinate and
2D color information. This inspires us to ask: how can we
exploit such hybrid features to learn robust descriptors for the
NeRF registration task? One naive solution is incorporating the
point cloud registration pipeline and using the sampled view-
dependent embeddings as inputs. However, the optimization
in such a setting is non-trivial since 1) NeRFs are trained
separately and do not share a universal embedding feature
space, and 2) transforming the embedding feature into the
same feature space compromises feature distinctiveness.

To this end, we propose DeSC, a novel NeRF registration
approach that leverages the rich cross-modal features from
NeRF to learn robust semantic descriptors. We design a
Deep Semantic Aggregation module (DSAM) that leverages
graph convolution [8] to strengthen local view-independent
textual semantic features. Specifically, we sample point cloud
generated from NeRF hierarchically using KPConv [9]. Given
a sparse point, we construct a local patch by selecting k
nearest dense points. Then we introduce a novel textual-aware
graph convolution network on the patch to aggregate semantic
feature descriptors. These features are subsequently fed to a
Transformer [6] to learn global contextual information. Finally,
the generated deep semantic feature descriptors can be used to
predict the relative pose between the NeRF pair. Our technical
contributions are summarized as follows:

• A cross-modal NeRF registration framework that lever-
ages implicit color embeddings from NeRF to learn
robust local feature descriptors.

• A transformation invariant deep semantic descriptor that
captures local high-frequency implicit color features.

• a density-aware color consistency loss.

II. RELATED WORKS

Neural Radiance Field. In addition to widely adopted
3D scene representation techniques such as point clouds and
meshes, Mildenhall et al. [1] introduce NeRF, an implicit
3D scene representation approach. NeRF utilizes differentiable
volume rendering techniques and stores scene representations
as the weights in a neural network through back-propagation.
Despite its ability to synthesize novel views with high fidelity,
the inefficiency during both training and testing phases poses
significant limitations for real-world applications. Numerous
works have been dedicated to addressing such issues by
reducing redundant computation operations while maintaining
the synthesize quality [10]–[22]. Liu et al. [10] utilizes voxel-
bounded implicit fields and progressively prunes empty voxels
during training to improve the computation efficiency. Instead
of directly using rays for rendering, Mip-NeRF [16] improves
fine details representation by alternatively rendering anti-
aliased conical frustums. Barron et al. [16] extends Mip-NeRF

to tackle artifacts presented in unbounded scenes. Instant-NGP
[18] adopts a voxel-based occupancy grid to skip the redundant
computation at empty space. Our work aims to align two
trained NeRFs without known relative transformation.

NeRF Registration. Recent research [2], [3] shows the
potential of dividing scenes into partitions to train multiple
NeRFs for large-scale scene representation. However, these
methods assume the relative transformation between two
blocks is known, which is not always the case in real-world
applications. iNeRF [23] estimates the relative pose between
the image and NeRF, however, it does not directly estimate
the relative pose between NeRF pair. Pioneer works [4], [24]
incorporate global registration method (i.e. ICP [25]) and en-
force surface consistency. These optimization-based methods
require either fine initialization or human interactions. Reg-NF
[26] introduces a bidirectional registration loss to avoid human
annotation in [4]. Inspired by RegTr [27], DReg-NeRF [5]
adopts a deep-learning approach and directly predicts the final
set of correspondences between the point clouds sampled from
the NeRF pair. VF-NeRF [7] proposes to use Normalizing
Flows to generate camera perspective with high ViewShed
Fields values to produce images for the registration task.

Point Cloud Registration. Correspondences-based meth-
ods, combined with outlier removal techniques such as
RANSAC [28], are the most common approaches [29]–[45]
for point cloud registration task. Early works employ convo-
lution networks to extract local geometric features [29], [31].
With the Transformer [6] demonstrating superior performance
across various tasks, DCP [32] makes the first attempt to
adopt the Attention mechanism in the point cloud registration
tasks. Predator [34] couples GCN [8] with cross attention
to aggregate global feature representations. Recent studies
seek to exploit 2D-3D cross-modal feature fusion [37], [38],
[41]. Another research branch explores different strategies
to enhance rotational variance [35], [36], [39], [44]. These
state-of-the-art point cloud registration methods inspire our
work. However, directly applying these methods to the NeRF
registration task might result in a subpar performance since the
point cloud sampled from NeRF tends to be noisy and contain
artifacts. Our work takes an alternative approach and exploits
the local implicit color embeddings from NeRF to learn robust
semantic descriptors.

III. MOTIVATION

Neural Radiance Fields (NeRFs) are powerful for 3D scene
representation, but aligning independently trained NeRFs,
known as NeRF registration, is challenging due to their
implicit nature [5], [7]. Unlike explicit 3D data, such as
point clouds, NeRFs encode scenes within neural networks,
making standard registration methods less effective. Yet, NeRF
registration is crucial due to the following aspects:

Scalability for large-scale scenes. In real-world scenarios,
capturing and rendering large environments as a single NeRF
can be computationally prohibitive and memory-intensive [2],
[3], [5], [7]. Works such as Block-NeRF [2] and Mega-NeRF
[3] have addressed this by partitioning large scenes into multi-
ple, locally trained NeRF blocks. However, these blocks often



JOURNAL OF TVCG, VOL. XX, NO. YY, ZZ 2024 3

lack shared coordinate systems in practice and thus require
registration to compose a globally coherent representation [5].

Handling pose uncertainty. Real-world data is frequently
captured in GPS-denied or unconstrained environments where
global camera poses are unavailable or noisy. As a result,
NeRFs trained on different subsets of images will exist in
arbitrary coordinate frames [5]. Registering these NeRFs into
a unified frame becomes necessary for downstream tasks such
as novel view synthesis, scene fusion, or long-term mapping
[5], [7].

Efficiency and modularity. NeRF registration enables a
modular reconstruction workflow: instead of re-training a
monolithic NeRF whenever new image data becomes avail-
able, smaller NeRFs can be trained independently and later
registered. This approach offers practical benefits in terms
of training speed, incremental scene updates, and memory
management.

In fact, NeRF registration presents unique challenges. Un-
like explicit representations, NeRFs encode scenes implicitly
in network weights, making standard registration methods
less effective. Our proposed DeSC is designed specifically to
operate in this implicit domain. Prior approaches like DReg-
NeRF [5] often sample point clouds with RGB values from
NeRFs and feed them into point cloud registration pipelines,
such as RegTR [27] or GeoTR [35]. However, these sampled
point clouds can be noisy and artifact-prone, especially in
under-trained or low-overlap settings. In contrast, our method,
DeSC, directly leverages NeRF’s internal view-independent
semantic embeddings, which are rich cross-modal features but
are not available in point cloud data. We introduce a Deep
Semantic Aggregation Module (DSAM) that aggregates these
embeddings into robust local descriptors, which are then fused
with geometric features and processed via Transformers [6] for
matching. This design makes our approach more resilient to
noise and overlap issues.

IV. METHODOLOGY

A. Problem Definition

Given two misaligned NeRF models FX
N and FY

N , our
objective is to find a set of correspondences C∗ =
{(Cxi

,Cyi
) | Cxi

∈ R3,Cyi
∈ R3, i = 1, . . . , t} that lies

within the bounding box of each NeRF model. Then by solving
the following equation, we can obtain R∗ ∈ SO(3) and
t∗ ∈ R3 that aligns FX

N to FY
N :

R∗, t∗ = min
R,t

∑
(Cxi

,Cyi
)∈C∗

∥R · Cxi
+ t− Cyi

∥22. (1)

B. Querying NeRF

We consider NeRF an encoder-decoder network. Given a
query point location x ∈ R3 within the bounding box, encoder
network with parameter θe extracts volume density σx and
view-independent embedding ex ∈ Rde :

σx, ex = Fn(x; θe). (2)

In common practices [18], [23], the final color on the image
is view-dependent and is derived from the integration along
the sample rays. We follow [5] and compute the point color
cx at position x using the NeRF decoder with parameters θd:

cx =
1

n

n∑
i=0

Fn(ri, ex; θd), (3)

where n is the total image number used to train the NeRF.
ri = (oi, di) is the viewing perspective of the i-th image
where oi and di are the camera position and viewing direction,
respectively. For the input NeRF NX , we adopt the occupancy
mask Mo from the occupancy grid in [18] to accelerate the
sampling speed, and only sample the center of the non-empty
voxel grid as point set P ∈ Rm̄×3. We then construct the
point cloud X such that X = {pi|pi ∈ P, σpi

> σt} and
X ∈ Rm×3, where σpi

can be computed using equation (2)
and σt is a hyperparameter. Similarly, we construct point cloud
Y ∈ Rn×3 for the other input NeRF NY .

C. Deep Semantic Aggregation Module

NeRF serves as a cross-modal mapping function that maps
3D spatial coordinates to 2D visual observations. Although
its view-independent latent embeddings capture rich semantic
information across geometry and appearance, these embed-
dings are learned independently in each NeRF and remain
fixed during registration, leading to significant distributional
discrepancies across models.

To effectively extract semantic features from NeRFs, we
propose the Deep Semantic Aggregation Module (DSAM)
that leverages view-independent embeddings from NeRFs to
learn robust semantic features. This module addresses the
inconsistency of view-independent embeddings across sepa-
rately trained NeRFs while still leveraging their rich semantic
content.

Given a NeRF-derived point cloud X , we apply KP-
FCNN [9] to sample X hierarchically and simultaneously
extract multi-level geometry features. We use points and
the corresponding features from the coarsest and the second
dense layer, denoted as Ẋ ∈ Rm′×3, F Ẋ ∈ Rm′×dk , and
X̂ ∈ Rn′×3, F X̂ ∈ Rn′×dk , respectively. dk is the number of
feature dimensions and m′ < n′. Given a coarse point xi ∈ Ẋ,
we construct a patch pi at dense points X̂:

pi = {xj ∈ X̂ | xj ∈ Kn(xi), ∥xi − xj∥2 < τ}, (4)

where Kn(·) denotes the K-nearest neighbours and τ is a
predefined radius threshold. To bridge the distribution gap
between independently trained NeRFs, we enrich the view-
independent embedding ej with its corresponding density σi

and color ci, forming a photometrically conditioned embed-
ding:

êi = ei + S4→de([ci;σi]), (5)

where [·; ·] denotes concatenation operation and S4→de
(·)

is a deterministic projection function. We adopt sinusoidal
positional encoding [6] as function S4→de

(·) in this work.
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Fig. 2. An overview of our proposed DeSC. In our proposed Deep Semantic Aggregation module, FP-FCNN is employed to down-sample the point cloud
hierarchically into multiple density levels and extract geometric features simultaneously. The second coarsest and the sparsest point clouds are used to query the
respective NeRF to obtain view-independent embeddings. Our proposed texture-aware graph convolution network generates robust deep semantic descriptors
from the NeRF view-independent embeddings which are then merged with geometric features.

By doing so, the benefits are twofold: 1) the output features
are thus conditioned on the corresponding NeRF photometric
information, which is shared by the NeRF pair NX and NY ,
and 2) it strengthens the cross-frame mutual information that
potentially stabilizes the learning process.

To capture local high-frequency textures, we introduce a
novel texture-aware graph convolution network. For each patch
pi, we construct a local graph Gi = (pi, Ei), connecting
neighbors based on proximity. We define the texture-aware
edge convolution at layer l + 1 as:

e
(l+1)
i = max

(xj ,xk)∈Ei

hθl([e
(l)
j ;wjk(e

(l)
k − e

(l)
j )]), (6)

where hθl denotes convolution layer with weights θl. wjk

is the deviation weight that aims to capture the local high-
frequency texture details that lie in the patch. It should
emphasize points that are close to one another but exhibit
distinct features. We thus formulate it as follows:

wjk = exp(−∥xj − xi∥22 − α(⟨ej , ei⟩+ 1)), (7)

where α is a hyperparameter. This design encourages the
network to focus on feature contrasts in spatially close regions
and is especially useful in capturing detailed textures and
semantic boundaries. We concatenate all convolutional outputs
and fuse them with the original geometric feature to form the
final deep semantic descriptor exi :

exi = fi + hθg ([e
(0)
i ; e

(1)
i ; e

(2)
i ; e

(3)
i ]), (8)

where hθg denotes convolution layer with weights θg and
fi ∈ F Ẋ . Our graph-based aggregation strategy is crucial
for capturing fine-grained local structures, especially in areas
with high-frequency textures or complex geometry, ensuring
robust feature consistency across source and target NeRFs
(Figure 2). While simpler alternatives like average pooling
or MLPs can be applied, they often overlook the spatial and
contextual relationships between neighboring points. In con-
trast, our graph formulation enables adaptive, context-aware
feature aggregation, yielding more expressive local descriptors
and substantially enhancing registration robustness. The deep
semantic descriptors are computed on sparsely sampled points
to preserve distinctiveness. However, using only these sparse
points for correspondence estimation may be insufficient. To
address this, we adopt a coarse-to-fine registration framework
[35] that progressively refines correspondences using dense
geometric features (see Section IV-E).

D. Transformer

Inspired by previous works [35], [36], [39], [44], we employ
the self-attention and cross-attention from the Tranformer [6]
to learn robust features for matching. Self-attention aggregates
the intra-frame global contextual information while cross-
attention facilitates the inter-frame mutual information ex-
change as the yielded features are conditioned on the feature
from the other frame.

Geometric self-attention. We follow [35] to enhance the
intra-frame attention with transformation invariant geometric
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encoding. We take the computation of point cloud X as an
example. Given the input feature exi yield from our Deep
Semantic Aggregation module, the output of geometric self-
attention fs

i ∈ Rm′×dt is computed as the weighted sum of
all projected input features:

fs
i =

m′∑
j=1

wi,j(e
x
i W

v), (9)

where Wv ∈ Rdt×dt is a learnable projection matrix. The
attention weight wi,j is obtained through a row-wise softmax
operation applied to the attention score asi,j . And the attention
score asi,j is obtained as follows:

asi,j =
(exi W

Q)(exjW
k + ri,jW

g)T
√
dt

, (10)

where WQ, Wk, and Wg ∈ Rdt×dt are learnable projection
matrices. The geometric structure embedding ri,j ∈ Rdt

comprises a pair-wise distance embedding and triple-wise
angular embedding [35].

Feature-based cross-attention. We adopt vanilla cross-
attention to allow mutual information exchange to aggregate
cross-frame global contextual features. The final attention
output f c

i can be computed using equation (9). The attention
score of cross-attention aci,j is computed as follows:

aci,j =
exi W

Q(eyjW
k)T

√
dt

, (11)

where WQ and Wk ∈ Rdt×dt are learnable projection
matrices. Note that the query exi comes from NeRF NX while
the key eyj is from NeRF NY . The final output f c

i is used in
the subsequent matching procedure.

E. Matching

We adopt the coarse-to-fine matching strategy [35] to es-
tablish correspondences in a two-step manner. The coarse
correspondences are established by selecting the top k entries
of the Gaussian correlation matrix with normalized global
features from the Transformer in section IV-D. To perform fine
matching, the dense points are partitioned into patches using
the points-to-node strategy [35]. Then for each established
coarse correspondence, an optimal transport layer [46] is
applied to the corresponding dense point patch partition to
compute the cost matrix. Finally, the refined dense correspon-
dences are generated with the mutual top k selection on the
entries of cost matrices.

F. Supervision

Our loss function is defined L = Loc + Lp + Ld. We
follow [35] and adopt overlap-aware circle loss Loc and point
matching loss Lp to supervise sparse and dense features,
respectively. Additionally, we introduce a novel density-aware
photometric consistency loss Ld to improve the photometric
consistency at the established correspondences.

Density-aware photometric consistency loss. Given two
well-aligned NeRFs, the rendered pixels from the same camera

perspective should be similar. With this prior knowledge, the
photometric consistency loss aims to supervise the quality
of the established correspondences by exploiting the simi-
larity of the rendered color. However, the correspondences
are established/refined using a non-differentiable coarse-to-
fine strategy. Therefore, directly applying photometric con-
sistency loss on fine correspondences is intractable, as dense
point features only contain geometric information. Conversely,
applying the loss directly at coarse correspondences is also
unsuitable because they lack the necessary precision to accu-
rately reflect photometric consistency. To tackle this dilemma,
we instead exploit the patch-wise photometric information for
supervision. Practically, we design the vague patch color C̄
to capture the local patch photometric information which is
formulated as follows:

c̄i = norm(
1

|pi|
∑
j∈pi

σjcj), (12)

where pi is the patch of ẋi computed through equation (4). cj
and σj are the color and density of x̂j , respectively. Note that
the density σj is used as the weight of the corresponding color
cj . The reason is that the color information at low-density
locations might be unreliable (e.g., the color of transparent
glass). Then the density-aware photometric consistency loss
Ld can be formulated as follows:

Ld =
1

|Cp|
∑

i,j∈Cp

−log(c̄i · c̄Tj ), (13)

where Cp is the predicted coarse correspondences. c̄i and c̄j
are corresponding vague patch color from NeRF NX and NY ,
respectively.

V. EXPERIMENTS

A. Implementation

To evaluate our method, we implement it in PyTorch. We
use the Adam optimizer during the training stage with an initial
learning rate of 1e-4, a decay rate of 0.95 for every epoch, and
a weight decay of 1e-6. All the training is conducted on an
Nvidia A100 GPU. For the Objaverse dataset, we train the
network for 20 epochs with a batch size of 1, which requires
approximately 8 hours.

B. Evaluation on Object Scenes

Dataset. The Objaverse [47] is a text-to-3D dataset con-
taining more than 800K objects. Building on the Objaverse
dataset, the Chen et al. [5] construct a NeRF dataset by
randomly selecting 30+ categories that each contains 40− 80
objects/scenes, resulting in a total number of 1700+ ob-
jects/scenes. For each sample, 120 images are rendered and
split into 2 blocks by k-means. Then a randomly generated
transformation is applied to the camera poses of the separated
blocks to ensure the NeRFs are being trained in different cam-
era coordinates. We select 44 unseen objects during training
for the test. Each block of images is used to train a unique
NeRF that is subsequently used to train and test our proposed
approach.
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TABLE I
REGISTRATION EVALUATION RESULTS ON THE OBJAVERSE DATASET. WE REPORT REGISTRATION RESULTS OF RRE, RTE, RMSE, AND RR MATRICES
USING POINT CLOUD BASED METHODS (THE UPPER HALF) AND NERF-BASED METHODS (THE LOWER HALF). ADDITIONALLY, WE SHOW THE TOP 50%

BEST RESULTS (THE LEFT MAIN COLUMN TITLED 50%).

Method 50% 100%
RRE (◦) RTE (cm) RMSE RR (%) RRE (◦) RTE (cm) RMSE RR (%)

FGR [48] 10.77 9.42 10.01 82.6 13.21 11.24 12.47 79.3
CoFiNet [33] 7.55 6.81 7.97 85.7 11.07 9.09 10.10 82.4
predator [34] 8.07 6.73 8.02 85.5 12.11 8.82 10.72 82.1
Lepard [36] 5.62 3.88 4.42 95.3 10.88 3.71 7.43 92.6
GeoTR [35] 4.52 2.14 3.32 96.9 9.19 2.90 6.35 93.2
RegTR [27] 6.35 5.16 6.11 85.7 11.97 4.36 7.65 80.4
SIRA-PCR [40] 4.19 2.03 3.23 97.2 8.74 2.24 6.03 94.5
RoITr [39] 5.11 2.59 3.68 95.3 9.78 3.12 6.65 92.8

DReg-NeRF [5] 5.32 2.45 7.42 90.4 9.67 3.85 10.77 86.4
VF-NeRF [7] 1.96 1.94 2.57 97.1 6.77 2.14 5.34 92.1
Ours 0.35 0.70 0.80 100.0 2.57 1.68 2.44 97.7

(a) Hunter_Boy 0a5b (b) Bananas 3a07 (c) Chair 4b05 (d) Desert_Camo 089f

(e) Salmon 5648 (f) Light ab66 (g) Controller 0866 (h) Phone 1a8c

RRE: 0.66°
RTE: 0.01cm

RRE: 0.41°
RTE: 0.01cm

RRE: 0.26°
RTE: 0.01cm

RRE: 0.84°
RTE: 0.01cm

RRE: 0.40°
RTE: 0.01cm

RRE: 0.46°
RTE: 0.01cm

RRE: 0.33°
RTE: 0.01cm

RRE: 0.03°
RTE: 0.00cm

Fig. 3. Visualization of NeRF registration results. The rendered images of
the aligned NeRFs are split by a diagonal line, where the top-right is the
source NeRF and the bottom-left is the target NeRF. Note that despite the
large alignment error for the high-symmetrical case (e.g. the cone in Figure
(c)), our method can still generate visually accurate estimation.

Evaluation. Our method is evaluated on four metrics:
1) Relative Rotation Error (RRE), 2) Relative Translation
Error (RTE), 3) Root Mean Squared Error (RMSE), and 4)
Registration Recall (RR) RRE measures the rotational error in
degrees and RTE measures the translation error in centime-
ters. RMSE measures the point-wise difference between the
ground truth alignment and the transformation predicted by
the model. RR calculates the fraction of point cloud pairs
with a transformation RMSE less than 0.2m, indicating the
quality of the final alignment. See supplementary for details.
NeRFs are individually trained on each sample, and the re-
sulting models serve as inputs for registration. Performance is
compared against state-of-the-art NeRF registration baselines:
DReg-NeRF [5] and VF-NeRF [7]. We also compare with
the state-of-the-art point cloud registration approaches: FGR
[48], CoFiNet [33], Predator [34], Lepard [36], GeoTR [35],
RegTR [27], SIRA-PCR [40], and RoITr [39]. Note that when
comparing with these point cloud registration methods, we
follow previous works [5], [7] to sample an occupancy grid
[18] as the input point cloud.

Quantitative results. We report the registration evaluation
results on the Objaverse dataset in table I. To highlight the
effectiveness of our method, we include the comparisons with

TABLE II
COMPARISON OF THE ROBUSTNESS AGAINST DIFFERENT NOISE LEVELS

ON VARIOUS METHODS. THE COLUMNS ON THE RIGHT SIDE DENOTE
REGISTRATION RESULTS ON THE AMOUNT OF UNIFORM NOISE IN

DIFFERENT SCALES (1%, 5%, 10% OF THE SCENE SIZE).

Method RR (%)
0% 1% 5% 10%

FGR [48] 79.3 77.93 76.79 75.63
CoFiNet [33] 82.4 82.01 80.58 79.21
Predator [34] 82.1 81.81 80.31 79.89
Lepard [36] 92.6 92.18 91.51 90.94
GeoTR [35] 93.2 92.96 91.95 91.1
RegTR [27] 80.4 79.39 78.88 77.45
SIRA-PCR [40] 94.5 93.31 92.89 91.71
RoITr [39] 92.8 92.52 92.14 91.24

DReg-NeRF [5] 86.4 85.02 84.68 84.28
VF-NeRF [7] 92.1 91.31 90.18 88.93
Ours 97.7 96.61 96.47 95.74

Input DReg-NeRFOurs GeoTransformer
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Fig. 4. Qualitative Registration Results and Comparisons. In addition to
illustrating the predicted model alignments, we also visualize the camera poses
associated with the input images for each respective NeRF model. For more
intuitive results, we represent the camera poses from the input images of the
source NeRF in red and those from the target NeRF in green. When applying
our method, the precise alignment of these camera poses results in a yellow
appearance, reflecting the mixture of red and green colors due to the accurate
registration.

pointcloud-based methods (shown in the upper half in table I).
Additionally, we report the top 50% of results based on the
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Fig. 5. An illustration of the settings of different overlap ratios. The left, middle, and right columns depict 30%, 50%, and 80% overlap ratios, respectively.
The red and green frustums in the top row represent source and target images and their respective poses in the scenes. The bottom rows display the rendered
images from the well-trained NeRF models from different perspectives.

RMSE metric for further analysis. Our method significantly
surpasses the state-of-the-art techniques across all metrics.
Specifically, our method outperforms the second-best NeRF
registration method VF-NeRF [7] by 5.6% in RR, along with
improvements of 4.2%, 0.46%, and 2.9% in terms of RRE,
RTE, and RMSE, respectively. When compared to the point
cloud-based method SIRA-PCR [40], our approach demon-
strates a 3.2% improvement in RR, and respective gains of
6.17%, 0.56%, and 3.59% in terms of RRE, RTE, and RMSE.
Similarly, for the top 50% results, our method outperforms VF-
NeRF by 2.9% in RR, as well as by 1.61%, 1.24%, and 1.77%
in RRE, RTE, and RMSE, respectively. Compared to SIRA-
PCR [40], we achieve a 2.8% improvement in RR, along with
gains of 3.84%, 1.33%, and 2.43% in RRE, RTE, and RMSE.

Qualitative results. We show comparisons of qualitative
alignment results in figure 4. To better show the comparisons
of alignment details, we add the camera pose visualization of
the images used to train the corresponding NeRF model. We
use red and green geometries to represent the image poses of
the source and target models. Note that the camera geometries
may appear yellow for well-aligned cases due to the color
overlaps. We observe that in some cases, well-trained NeRFs
are still noisy, i.e., having high-density values in empty space
(see rows 2 and 3 in figure 4). We notice that this pertur-
bation significantly influences the alignment results in some
approaches (columns 3 and 4 in Figure 4). Nonetheless, our
proposed method consistently achieves successful registration
across all cases, demonstrating the robustness of the extracted
features. Additionally, we also show the visualization of the
aligned NeRF models in figure 3.

C. Evaluation on Large-scale Scenes

Datasets. To validate the generalizability of our method
beyond synthetic datasets, we conduct comprehensive exper-
iments on three real-world datasets with large-scale scenes:
DTU [49], LLFF [50], and Mip-NeRF360 [51]. These datasets
cover diverse scenarios, including controlled indoor captures,

casually acquired forward-facing scenes, and unbounded 360-
degree outdoor environments.

• DTU dataset. The DTU dataset [49] consists of 124 dif-
ferent real-world scenes and is divided into train (60%),
test (30%), and validation (10%) sets. Each scene is
augmented with arbitrary transformations and is separated
into multiple sets of images with 30%, 50%, and 80%
overlap ratios (See Figure 5), making a total of 744,
372, and 124 for training, testing, and validation sets,
respectively.

• LLFF dataset. The LLFF dataset [50] consists of 8 real-
world large-scale scenes. We divide and augment the
dataset similar to the DTU dataset mentioned above, and
the resulting sample numbers are 480, 240, and 80 for
training, testing, and validation sets, respectively.

• Mip-NeRF360 dataset. The Mip-NeRF360 dataset [51]
consists of 9 real-world large-scale scenes. We divide
and augment the dataset similar to the DTU dataset
mentioned above, and the resulting sample numbers are
540, 270, and 90 for training, testing, and validation sets,
respectively.

Evaluation. The evaluation metrics used are Relative Rota-
tion Error (RRE) in degrees, Relative Translation Error (RTE)
in centimeters, Root Mean Squared Error (RMSE), and Reg-
istration Recall (RR) in percentage. NeRFs are individually
trained on these subsets, and the resulting models serve as
inputs for registration. Performance is compared against state-
of-the-art NeRF registration baselines: DReg-NeRF [5] and
VF-NeRF [7]. We also compare with the state-of-the-art point
cloud registration approaches: RegTr [27], SIRA-PCR [40],
and RoITr [39]. Note that when comparing with these point
cloud registration methods, we follow previous works [5], [7]
to sample an occupancy grid [18] as the input point cloud.

Quantitative results. The results on the DTU dataset (Table
III) show that our method outperforms existing approaches
across most evaluation metrics. Our method achieves the low-
est RTE and RMSE across all overlap settings, demonstrating
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TABLE III
REGISTRATION PERFORMANCE COMPARISONS ON THE DTU DATASET.

Method 30% 50% 80%
RRE (◦) RTE (cm) RMSE RR (%) RRE (◦) RTE (cm) RMSE RR (%) RRE (◦) RTE (cm) RMSE RR (%)

RegTR [27] 8.50 8.11 16.24 75.5 5.15 4.15 10.59 86.2 3.42 2.73 6.85 89.6
SIRA-PCR [40] 7.06 7.43 15.10 79.9 4.93 4.53 9.31 84.2 2.44 1.77 4.96 93.9
RoITr [39] 7.17 6.36 14.51 75.7 4.66 3.10 8.21 89.9 2.50 1.79 4.49 95.7
DReg-NeRF [5] 5.61 5.23 10.75 85.1 2.87 2.13 4.35 93.4 1.05 1.96 2.14 97.7
VF-NeRF [7] 3.82 4.30 8.41 86.6 3.34 2.20 4.99 93.0 1.77 1.09 2.92 97.2
Ours 3.90 3.46 7.98 90.6 2.58 1.45 3.52 95.3 1.21 1.82 2.01 97.9

TABLE IV
REGISTRATION PERFORMANCE COMPARISONS ON THE LLFF DATASET.

Method 30% 50% 80%
RRE (◦) RTE (cm) RMSE RR (%) RRE (◦) RTE (cm) RMSE RR (%) RRE (◦) RTE (cm) RMSE RR (%)

RegTR [27] 9.55 7.01 17.08 70.7 5.75 4.85 11.29 80.8 2.86 2.32 4.47 93.6
SIRA-PCR [40] 7.53 6.31 13.75 75.7 4.99 2.97 9.02 86.5 2.95 2.44 5.14 92.1
RoITr [39] 7.11 5.34 13.32 78.5 3.64 3.27 6.91 87.3 2.47 1.87 3.75 94.8
DReg-NeRF [5] 5.73 4.45 9.48 84.5 2.87 2.51 5.40 91.1 1.55 1.32 2.32 98.0
VF-NeRF [7] 4.82 3.50 7.92 88.5 2.51 1.69 3.96 92.6 1.60 1.12 2.11 97.9
Ours 3.69 2.70 6.08 91.0 1.98 1.22 2.81 94.2 2.04 0.91 1.92 98.1

TABLE V
REGISTRATION PERFORMANCE COMPARISONS ON THE MIP-NERF360 DATASET.

Method 30% 50% 80%
RRE (◦) RTE (cm) RMSE RR (%) RRE (◦) RTE (cm) RMSE RR (%) RRE (◦) RTE (cm) RMSE RR (%)

RegTR [27] 13.51 8.05 23.50 71.5 7.10 4.77 13.82 83.7 3.24 2.67 5.97 91.6
SIRA-PCR [40] 13.24 7.02 21.03 74.9 5.73 5.05 13.09 80.9 3.91 2.65 7.37 87.1
RoITr [39] 11.66 6.07 20.38 79.4 5.18 3.95 12.29 85.5 3.07 2.31 6.71 89.1
DReg-NeRF [5] 11.16 4.71 18.78 80.9 4.24 3.09 9.65 86.3 2.59 1.88 4.93 92.5
VF-NeRF [7] 10.31 4.00 16.63 84.8 3.68 2.55 8.23 89.2 1.80 1.59 3.75 93.9
Ours 9.20 3.09 13.78 88.1 3.21 2.11 7.12 90.9 1.52 1.28 2.95 95.3
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Fig. 6. The comparisons of qualitative results across different methods. We show the visual comparison of samples with a 30% overlap ratio from DTU,
LLFF, and Mip-NeRF360 datasets.

superior robustness in estimating accurate transformations. The Registration Recall (RR) is consistently the highest,
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Fig. 7. The qualitative results of different overlap ratios for our proposed method. The left, middle, and right columns are samples with 30%, 50%, and 80%
overlap ratios, respectively.

especially at 30% overlap, where our method outperforms
the second-best approach (VF-NeRF [7]) by 4.0% (90.6%
vs. 86.6%). While VF-NeRF achieves slightly lower RRE in
some settings, our method maintains a strong balance between
rotational and translational errors, leading to a more reliable
registration performance.

The results in Table IV indicate that our method continues to
perform favorably compared to other methods. Our approach
consistently achieves the best RMSE and RTE, reaffirming its
robustness in aligning images, even in large-scale real-world
scenes. At 30% overlap, our method outperforms all baselines
in RR (91.0%), which is a 2.5% improvement over VF-NeRF
[7] (88.5%). While VF-NeRF has a slightly lower RRE at
80% overlap, our method demonstrates an overall balanced
performance across all overlap levels, ensuring both accuracy
and reliability.

The results in Table V further validate the effectiveness
of our method in more complex and large-scale 360-degree
scenes. Our method consistently achieves the best performance
across all metrics, significantly outperforming previous state-
of-the-art approaches. Compared to VF-NeRF [7], our method
improves RTE (3.09cm vs. 4.00cm at 30% overlap) and RR
(88.1% vs. 84.8%), demonstrating its strong generalization
ability. The improvement is particularly notable in low-overlap
cases, where other methods struggle with larger errors, while
our method maintains stable and accurate registration.

Qualitative comparisons. We visualize the qualitative re-
sult comparisons across different methods in Figure 6 in
low overlap scenes (30% overlaps). In particular, the scene
from Mip-NeRF360 V is the largest in scale among the
scene-level datasets. The low overlap ratio causes massive
empty space with noise artifacts. Nonetheless, our method
is still able to extract effective features that lead to accurate
NeRF registration, while other methods fail. We visualize the
qualitative result with different overlap ratios for our method

in Figure 7. It shows that our proposed method can achieve
accurate NeRF registration results under extreme low overlap
ratios, showcasing the robustness of the method.

D. Ablation

TABLE VI
ABLATION RESULTS SHOWCASING THE IMPACT OF THE DEEP SEMANTIC
AGGREGATION MODULE (DSAM), THE PHOTOMETRIC ENCODING (PE),

THE LOCAL HIGH-FREQUENCY TEXTURE WEIGHTS (LHTW), AND
DENSITY-AWARE PHOTOMETRIC CONSISTENCY LOSS (DPCL) ON THE

NERF REGISTRATION TASK FOR THE OBJAVERSE DATASET. THE “×” SIGN
REPRESENTS THE CORRESPONDING MODULE BEING REMOVED.

DSAM PE LHTW DPCL RRE (◦) RTE (cm) RMSE RR (%)

× × × × 9.19 2.90 0.063 93.2
✓ × × × 7.57 2.83 0.061 93.9
✓ ✓ × × 6.11 2.44 0.055 95.1
✓ ✓ ✓ × 3.90 1.96 0.039 96.9

✓ ✓ ✓ ✓ 2.57 1.70 0.024 97.7

We conduct extensive ablation experiments to study the sig-
nificance of our proposed Deep Semantic Aggregation Mod-
ule (DSAM) and Density-aware photometric consistency loss
(DPCL). Particularly, we also perform ablation experiments on
the photometric encoding (PE) and the local high-frequency
texture weights (LHTW) within the proposed DSAM. Exper-
iments results are summarized in table VI. Note that when
PE is removed, we directly use NeRF embedding as input
features. Similarly, we adopt vanilla edge convolution [8] when
the LHTW is removed. In general, when both DSAM and
DPCL are removed (row 1), the pipeline degenerates to a pure
point cloud registration method similar to [35]. This setting
is utilized as our baseline to estimate the effectiveness of
our proposed modules. We summarize the ablation study by
answering the following questions:
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Fig. 8. Visualization of a failure case. Our method is able to generate
visually accurate alignment despite the large transformation error due to the
symmetrical structure.

How effective are the proposed modules? When all mod-
ules are removed, the overall performance drops significantly.
Specifically, RR drops dramatically from 97.7% to 93.2%. For
alignment details, RMSE increases by a large margin of 0.039.
Meanwhile, both RRE and RTE saw increasing trends, with
RRE rising from 2.57 to 9.19 degrees and RTE increasing from
1.70 cm to 2.90 cm. The results demonstrate the effectiveness
of our proposed modules.

Is the PE and the LHTW significant? The overall
performance saw a notable descent across all metrics by
removing both PE and the LHTW in the DSAM (row 2).
Compared to the default setting (row 5), RR declined by 3.8%.
Similarly, RMSE increased remarkably by 0.037, indicating a
deterioration in alignment accuracy. Additionally, both RRE
and RTE exhibited increasing trends, further highlighting the
importance of PE and LHTW in maintaining high perfor-
mance. Their individual effects are also evident, as either of
their presence improves the overall performance (row 3 and
row 4). Notably, the LHTW has a more significant effect, as
its presence results in a higher RR increase of 0.6%. A similar
trend is also evident in RMSE.

Is the DPCL helpful? When DPCL is included (row 5), the
overall performance shows a notable improvement across all
metrics compared to the opposite (row 4). Specifically, RRE
and RTE both decrease significantly, RMSE is reduced, and
RR increases from 96.9% to 97.7%. This indicates that DPCL
plays a crucial role in enhancing the alignment accuracy and
robustness of the registration process.

VI. LIMITATION

Our method is designed specifically for NeRF-based repre-
sentations. It makes use of NeRF’s implicit embedding features
through the Deep Semantic Aggregation module to extract
local high-frequency color details. As a result, it does not
directly apply to explicit 3D representations like 3D Gaussian
Splatting (3DGS), voxel grids, or hash-based methods. How-
ever, since 3DGS includes rich per-point attributes like 3D
Gaussians and spherical harmonics, adapting our approach to
3DGS could be a valuable direction for future research.

Another limitation is with highly symmetrical objects or
scenes. For example, as shown in Figure 8, the traffic cone has
strong symmetry in both shape and texture. This causes our
extracted features to also appear symmetric, which can lead
to incorrect matches during registration (see Figure 8(b)). We
plan to investigate this issue further in future work.

VII. CONCLUSION

In this paper, we presented DeSC, a novel NeRF registration
approach that leverages the rich cross-modal features from
NeRF to learn robust semantic descriptors. Specifically, we
designed a deep semantic aggregation module that learns local
view-independent textual semantic features. It leverages a pho-
tometric encoding to strengthen the cross-frame mutual infor-
mation and a novel texture-aware graph convolution network
to capture local high-frequency textures. In addition, we design
a density-aware photometric consistency loss to facilitate the
learning of robust features. Our experiment results showcase
the superiority of our model.
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