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Figure 1. We train all methods on the large-scale ARKitScene dataset and then directly test them on the unseen ScanNet++ dataset. Our
RayletDF shows superior generalizability compared to baselines, achieving significantly more accurate 3D scene surface reconstructions.

Abstract

In this paper, we present a generalizable method for 3D sur-
face reconstruction from raw point clouds or pre-estimated
3D Gaussians by 3DGS from RGB images. Unlike exist-
ing coordinate-based methods which are often computa-
tionally intensive when rendering explicit surfaces, our pro-
posed method, named RayletDF, introduces a new tech-
nique called raylet distance field, which aims to directly
predict surface points from query rays. Our pipeline con-
sists of three key modules: a raylet feature extractor, a
raylet distance field predictor, and a multi-raylet blender.
These components work together to extract fine-grained lo-
cal geometric features, predict raylet distances, and ag-
gregate multiple predictions to reconstruct precise surface
points. We extensively evaluate our method on multiple
public real-world datasets, demonstrating superior perfor-
mance in surface reconstruction from point clouds or 3D
Gaussians. Most notably, our method achieves exceptional
generalization ability, successfully recovering 3D surfaces
in a single-forward pass across unseen datasets in testing.
Our code and datasets are available at https://github.
com/vLAR-group/RayletDF.

1. Introduction
Learning efficient, accurate, and generalizable 3D surface
representations is crucial for many applications in mixed
reality, embodied AI, and graphics. Given RGB/D im-
ages and/or point clouds, a series of 3D representations has
† Equal contribution * Corresponding author

been developed to recover 3D geometry, including occu-
pancy fields (OF) [38], un/signed distance fields (U/SDF)
[13, 44], radiance fields (NeRF) [39], and vector fields (VF)
[70]. While achieving excellent results in 3D reconstruc-
tion, these coordinate-based methods and their variants typ-
ically demand dense network evaluations to obtain explicit
surfaces, thus being computationally heavy.

Recently, the point-based method 3D Gaussian Splat-
ting (3DGS) [30] has emerged as an appealing alternative
to those coordinate-based methods, thanks to its impressive
real-time performance in synthesizing high-fidelity RGB
images at high resolutions. However, it still falls short in
rendering high-quality depth views, due to its failure in cap-
turing fine-grained surface geometry, though various con-
straints such as depth priors [33, 62], local smoothness or
planarity regularization [24, 63] can be added to enhance
the quality of surfaces recovered.

On the other hand, a line of recent ray-based methods
such as DRDF [32], PRIF [20], DDFs [1], Pointersect [8],
and RayDF [36] have demonstrated excellent performance
in representing intricate surfaces based on light rays. Nev-
ertheless, due to the limitation of existing ray parametriza-
tions such as Plucker and spherical coordinates, they are
often limited to recovering object-level surfaces and require
per-scene training, lacking the desired generalizability to in-
fer diverse 3D scene structures in a single forward pass.

In this paper, we present a generalizable 3D surface rep-
resentation pipeline to accurately recover 3D geometry. The
core module of our pipeline is a new technique called raylet
distance field, with inspiration from ray-based methods.

The term raylet is defined as a unit segment of a light ray
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Figure 2. An illustration of raylets and raylet distances.

and its starting point is sampled (or located) near the sur-
face of a shape. The raylet distance is defined as the signed
distance between the surface hit point and the raylet start-
ing point. As illustrated in Figure 2, given three light rays
{r1, r2, r3} emitting from light sources, we sample three
raylets {l1, l2, l3} near the surface S, where raylet distance
d1 is assigned positive as its surface hit point p locates
further away from the raylet starting point pl1 , whereas
{d2, d3} are assigned negative accordingly. Note that, given
a single light ray, we can sample numerous raylets on both
sides of the surface hit point. Intuitively, such definitions of
raylets and raylet distances primarily focus on nuanced lo-
cal patterns of surfaces, and these local geometric patterns
are usually generalizable across diverse shapes.

With this merit of raylets, we simply formulate the prob-
lem of generalizable 3D surface reconstruction into learning
raylet distance fields from visual observations. In particular,
our pipeline comprises three modules: 1) a raylet feature
extractor to extract geometry features from an input 3D
scene for a query raylet; 2) a raylet distance field to predict
the signed raylet-surface distance value for the input query
raylet; and 3) a multi-raylet blender to aggregate multiple
predicted raylet distances along every single ray, ultimately
recovering the accurate surface point.

These three modules together allow us to learn gener-
alizable ray-based surface representations from large-scale
training data with ground truth depth scans as supervision
signals. Once the pipeline is well trained, it can be used
to infer high-quality 3D scene surfaces on unseen datasets
from arbitrary query viewing angles in a single forward
pass. Notably, our pipeline can not only train and evalu-
ate on point clouds, but is also amenable to any scene rep-
resented by 3D Gaussians recovered by the popular 3DGS
[30] from RGB images. Our pipeline is called RayletDF
and Figure 1 shows qualitative results on diverse indoor
scenes. Our contributions are:

• We propose a generic pipeline for explicit 3D surface re-
construction from either point clouds or 3D Gaussians.

• We introduce a new raylet distance field followed by a
blender to learn generalizable surface patterns.

• We show superior accuracy in surface reconstruction
across multiple datasets, clearly outperforming baselines,
especially in terms of generalizability to new datasets.

• We benchmark generalizable surface reconstruction on
3D Gaussians and will release 7770 3D scene Gaussians
trained on ScanNet/++, ARKit, and MultiScan datasets.

2. Related Works
Classical approaches to recovering 3D surfaces from im-
ages mainly include SfM [43] and SLAM [6] systems to
obtain sparse point clouds, optionally followed by various
global or local smoothness priors to recover continuous sur-
faces, but the reconstructed shapes usually lack fine de-
tails. Early learning methods to model explicit 3D struc-
tures mainly include voxel grids [14, 67, 68], point clouds
[17], octree [54], meshes [29] based pipelines, but the fi-
delity of these discrete shape representations is often limited
by the spatial resolutions and memory footprint. A compre-
hensive survey of these methods can be found in [4, 25].

Coordinate-based Methods for Surface Reconstruc-
tion: To avoid the discretization issue of classical explicit
3D representations, a series of implicit representations has
been developed to use simple MLPs to recover continu-
ous 3D shapes [21]. These representations, including OF
[12, 38], SDF [44], UDF [13, 58], VF [47, 70], and NeRF
[39, 56], typically take 3D coordinates as input and predict
various properties of input coordinates. While demonstrat-
ing exceptional accuracy in recovering continuous 3D sur-
faces and/or rendering 2D views, these methods and their
variants [55, 61, 65] demand dense 3D point sampling and
network evaluations to regress explicit surface points given
any query view, thus being computationally heavy. In this
paper, our RayletDF learns efficient raylet fields and does
not require dense sampling to regress surface points.

Point-based Methods for Surface Reconstruction:
Point-based methods aim to recover surfaces by render-
ing disconnected geometry samples, including the sim-
plest point sample [23] and circular/ elliptic discs/ ellip-
soids/ surfels sample rendering methods [45, 48, 77]. Re-
cently, a new point-based method 3DGS [30] has been in-
troduced to represent the scene by a set of 3D Gaussians
with various properties such as position, covariance, and
color. While achieving real-time rendering of 2D views
thanks to the tile-based rasterizer, 3DGS falls short in
synthesizing highly accurate depth views as it is hard to
capture fine-grained surfaces, though advanced techniques
[9, 11, 15, 18, 24, 26, 27, 33, 42, 50, 63, 64, 66, 73–76]
can mitigate this issue but at the expense of generalization
across various scenes. Meanwhile, researchers also intro-
duce fast winding number to balance the efficiency and ac-
curacy [2, 10]. These approaches achieve better geometry
fidelity and convergence speed but still need per-scene op-
timization and point normals. In this paper, our introduced
raylet distance field and the blender aim to learn nuanced lo-
cal surface features, thus being accurate and generalizable.

Ray-based Methods for Surface Reconstruction: A
line of works formulates 3D shapes as ray-based neural
functions. Existing ray-based methods simply take individ-
ual rays as input and estimate either RGB values such as
LFN [49], NeuLF [34] and others [7, 19, 41, 51], or surface
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Figure 3. Overview of our proposed pipeline. The leftmost block shows the raylet feature extractor module, the middle block shows the
raylet distance field module, and the rightmost block shows our multi-raylet blender module.

points including PRIF [20], DDFs [1], RayDF [36], and
others [28, 32, 52, 53, 72]. Although these methods have
shown excellent efficiency and accuracy in rendering sur-
faces, they can typically represent object-level shapes and
lack generality due to the limitation of light ray represen-
tations. In this paper, instead of using global light rays to
represent surfaces, we use raylets to recover geometry.

Image-based Depth Estimation: With the advance-
ment of techniques for novel view RGB synthesis, existing
methods [5, 46, 69] for image-based depth estimation can
also be used to recover per-view depth scans, followed by
depth fusion for 3D surface reconstruction. However, such
a pipeline inherently lacks consistent depth alignment and
geometry consistency priors. Therefore, the recovered 3D
structures are inferior in quality.

3. RayletDF
3.1. Overview
Our RayletDF models 3D surface as a neural network f .
It takes a scene volumetric data P and a query raylet l as
input, directly predicting the corresponding raylet distance
dl, i.e., the distance between surface hit point and raylet
starting point as shown in Figure 2. The scene volumetric
data can be a sparse point cloud or on-the-shelf 3D Gaus-
sians recovered by the popular 3DGS [30] from RGBs, both
denoted by P ∈ RN×C0 for simplicity, where N repre-
sents the total number of surface points or Gaussian centers
and C0 represents the number of per-point features such as
point/Gaussian center xyz optionally with other properties
like colors or opacity. The query raylet l ∈ R1×6 is pa-
rameterized by its starting point xyz and a unit vector rep-
resenting ray direction. Formally, it is defined as below:

dl = f(P , l) P ∈ RN×C0 , l ∈ R1×6 (1)

Since our method aims at representing accurate and gen-
eralizable 3D surface representations, the pipeline is de-
signed to be trained on a large number of 3D scenes with
depth images as supervision signals. Once well-trained, it
is expected to be applied to various unseen datasets, directly

inferring high-quality depth maps at arbitrary query viewing
angles. As shown in Figure 3, our pipeline has three com-
ponents clarified in the following Sections 3.2&3.3&3.4.

3.2. Raylet Feature Extractor
This module is designed to learn local features from an in-
put scene volumetric data point P for any specific query
raylet l. As shown in the leftmost block of Figure 3, given
an input scene P , we simply adopt the powerful Spar-
seConv architecture [22] without any pretraining step as
the backbone network, obtaining per-point features F ∈
RN×C where the embedding length C is predefined as 32.
Implementation details are in Appendix 5.5.

Having the input scene P and its per-point features F ,
we need to extract the local features for a specific input
query raylet l whose starting point is denoted by pl and ray
direction by a unit vector ul. In particular, as shown in Fig-
ure 3, for the query raylet l, we identify the top K nearest
points {p1

l · · ·pk
l · · ·pK

l } in the input scene P with regard
to the raylet starting point pl. The simple K-nearest neigh-
bors (KNN) algorithm is adopted based on the point-wise
Euclidean distances. After that, we gather the information,
denoted by f̂k

l , for the kth neighboring point as follows:

f̂k
l =

(
pk
l ⊕ (pk

l − pl)

||pk
l − pl||

⊕ ||pk
l − pl||

)
⊕ fk

l (2)

where pl and pk
l are the xyz positions of points, ⊕ is the con-

catenation operation, || · || calculates the Euclidean distance
between two points, and fk

l is the feature vector extracted
from per-point features F .

Lastly, we stack all information of the total K neighbor-
ing points into a local feature vector fl for the query raylet
l for simplicity as follows, though other methods such as
max/mean and attentional pooling are also applicable.

fl = f̂1
l ⊕ · · · f̂k

l · · · ⊕ f̂K
l (3)

Overall, our key insight of this module is that the features
extracted for a query raylet should retain local geometrical
patterns near surfaces, allowing the learned raylet distance
representations to be generalizable across diverse scenes.
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3.3. Raylet Distance Field
This module aims to learn accurate raylet surface distance
value for any specific query raylet l. As illustrated in the
middle block of Figure 3, we feed the query raylet, i.e., the
starting point pl and direction ul, and its feature vector fl

(ref to Section 3.2) into MLPs, directly predicting the cor-
responding raylet surface distance value dl.

To improve the generalizability and robustness of raylet
distance predictions, we further predict a confidence score
sl alongside the distance value dl. This score is basically
designed to weight the prediction and blend multiple raylets
sampled along a single ray which will be detailed in Section
3.4. Formally, the raylet distance field is defined as:

(dl, sl) = MLPs
(
pl ⊕ ul ⊕ fl

)
(4)

For fast computation, the MLPs consist of 8 layers and
each layer has 256 hidden neurons, though more sophisti-
cated neural layers can be applied as well. Since the pre-
dicted distance value could be positive or negative, there is
no non-linear activation function added at the output layer.
More details are in Appendix 5.6.

Our design of this raylet distance field is particularly
simple in concept, but has a clear advantage over the pre-
vailing coordinate-based surface representations such as
OF, SDF, and UDF: our method takes raylets as input, with-
out requiring sampling dense coordinates along a single ray,
thus being efficient to regress surface points.

3.4. Multi-raylet Blender
The ultimate goal of our pipeline is to infer the surface point
for any given light ray r, i.e., the distance D between the
query camera center pcam and the surface hit point along
the ray. Since our raylet distance field learns representations
for raylets instead of entire rays, this allows us to sample
multiple raylets along each single ray followed by blending
multiple estimations, potentially improving the generaliz-
ability and robustness of our method.

To this end, as shown in the rightmost block of Figure
3, we opt for sampling T raylets {l1 · · · lt · · · lT } near the
surface along a single ray r. These T raylets have the
same unit vector of ray direction, but with different start-
ing point positions, denoted by {pl1 · · ·plt · · ·plT }. Natu-
rally, we feed these T raylets into our raylet distance field in
parallel, obtaining the corresponding distances and scores:
{(dl1 , sl1) · · · (dlt , slt) · · · (dlT , slT )}. After that, we blend
all these predictions and estimate the distance between cam-
era center pcam and surface hit point as follows:

D =

T∑
t=1

ŝlt

(
||pcam − plt ||+ dlT

)
, ŝlt =

eslt∑T
t=1 e

slt
(5)

where ŝlt is a normalized score. pcam and plt are always
known during sampling in training and test.

𝒑′ 𝒑

𝒑!"#

𝒓

perpendicular 
distance 

foot of the perpendicular

Figure 4. Raylet sampling on virtual balls of point clouds.

The prediction D is fully supervised using ℓ1 loss, and
the ground truth distance values are converted from the
available depth images in training set.

3.5. Sampling Raylets for Training and Test
Given a specific 3D scene P as input, if it is a raw point
cloud, for a specific query ray r, we sample multiple raylets
for both training or test in the following steps:
• Step 1: For every point p in the input scene point cloud
P , we search its nearest point p′ and identify the Eu-
clidean distance ||p−p′|| as a radius of the ball centering
at point p. In this way, every point in P is assigned a vir-
tual ball. Intuitively, the underlying continuous 3D scene
surface, which is unknown and yet to be estimated, should
be bounded by the union space of all virtual spheres, as
illustrated in the left block of Figure 4.

• Step 2: as illustrated in the right block of Figure 4, given
the query ray r with a camera center pcam, it shoots
through multiple virtual balls. We then project the cen-
ter point of each intersected ball onto the ray, obtaining
a perpendicular distance and the foot of the perpendicu-
lar. After that, we select T foot points, belonging to in-
tersected virtual balls with top T shortest perpendicular
distances, as the starting points of T raylets. If the num-
ber of intersected balls is fewer than T , we just keep the
actual number of raylets. Note that, if there is no ball in-
tersected, meaning that the ray shoots outside the target
3D surface, the ray is discarded in both training and test.
If the input 3D scene P is a set of 3D Gaussians recov-

ered by 3DGS [30] from RGBs, we follow the technique
[31, 74] to calculate an intersection point between the query
ray and each Gaussian, and then we select T intersection
points, belonging to the Gaussians with top T contributions
based on alpha blending, as the starting points of T raylets.

For efficiency, we follow the tile-based splitting strategy
in 3DGS [30] to calculate intersection points on both point
clouds and Gaussians. More details are in Appendix 5.7.

3.6. Surface Normal Derivation
Similar to RayDF, our method also has a nice property
of deriving a closed-form expression for a normal vector,
thanks to the nature of our ray-based formulation. In par-
ticular, given an input raylet l = (pl,ul) and its estimated
raylet distance value dl from the network, the correspond-
ing normal vector nl is provided in Appendix 5.8.

This normal vector can be used in an additional loss to
regularize surface points, or acts as a threshold to remove
outlier predictions, which are left for future exploration.
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Table 1. Quantitative results of all methods for ray surface distance estimation. † indicates the scale is aligned with ground truth depth.

test on → ARKitScenes test on → ScanNet/ScanNet++ test on → MultiScan

ADE ↓ RMSE↓ Abs-Rel↓ Sq-Rel↓ δ ↑ ADE↓ RMSE↓ Abs-Rel↓ Sq-Rel↓ δ ↑ ADE↓ RMSE↓ Abs-Rel↓ Sq-Rel↓ δ ↑
3DGS [30]

pe
r-

sc
en

e
tr

ai
n

/t
es

t

0.268 0.379 0.173 0.098 0.707 0.321 0.461 0.152 0.149 0.761 0.431 0.532 0.322 0.225 0.402
GOF [74] 0.318 0.469 0.213 0.159 0.659 0.320 0.507 0.155 0.214 0.775 0.571 0.700 0.404 0.373 0.363
PGSR [9] 0.219 0.376 0.168 0.183 0.793 0.202 0.536 0.099 0.379 0.877 0.315 0.430 0.285 0.516 0.567

DepthAnythingV2† [69] 0.206 0.294 0.144 0.093 0.860 0.168 0.248 0.118 0.066 0.887 0.228 0.303 0.205 0.117 0.775
Depth-Pro† [5] 0.294 0.403 0.202 0.242 0.750 0.220 0.319 0.120 0.106 0.861 0.280 0.363 0.234 0.157 0.659

MVSGaussian [35]

tr
ai

n
on

A
R

K
itS

ce
ne

s 0.584 0.755 0.392 0.416 0.425 0.592 0.797 0.395 0.376 0.538 0.543 0.676 0.444 0.434 0.363
Pointersect [8] 0.286 0.397 0.209 0.135 0.749 0.366 0.513 0.190 0.151 0.733 0.266 0.351 0.217 0.117 0.671

RayDF [36] 0.183 0.303 0.139 0.088 0.846 0.227 0.363 0.131 0.123 0.838 0.326 0.425 0.287 0.202 0.583
PFGS [59] 0.264 0.386 0.171 0.098 0.719 0.303 0.455 0.145 0.145 0.779 0.536 0.653 0.442 0.375 0.316

RayletDF (Ours) 0.115 0.218 0.082 0.047 0.928 0.175 0.320 0.085 0.098 0.894 0.216 0.311 0.182 0.107 0.739

MVSGaussian [35]

tr
ai

n
on

Sc
an

N
et

/+
+ 0.600 0.774 0.404 0.448 0.413 0.591 0.787 0.295 0.367 0.528 0.548 0.681 0.448 0.445 0.363

Pointersect [8] 0.328 0.462 0.196 0.142 0.665 0.433 0.604 0.198 0.199 0.658 0.404 0.504 0.296 0.198 0.449
RayDF [36] 0.587 0.704 0.348 0.302 0.317 0.202 0.337 0.114 0.818 0.871 0.604 0.690 0.447 0.467 0.233
PFGS [59] 0.274 0.399 0.177 0.104 0.704 0.286 0.433 0.137 0.142 0.798 0.534 0.669 0.448 2.449 0.327

RayletDF (Ours) 0.132 0.241 0.094 0.053 0.906 0.145 0.276 0.072 0.079 0.922 0.259 0.353 0.236 0.148 0.662

4. Experiments

Datasets: Our method is evaluated on four real-world
datasets based on the available train/test splits: 1) ScanNet
[16] consisting of 1201 and 100 scenes for training and test;
2) ScanNet++ [71] comprising 865 and 50 scenes for train-
ing and test; 3) ARKitScenes [3] with 4498 and 549 scenes
for training and test, which is the largest real-world indoor
scene dataset captured by mobile RGBD sensor form Ap-
ple LiDAR scanner; 4) MultiScan [37] only consisting of
about 200 indoor scenes in total captured by smartphones
and tablets, where all scenes are used as a test set in our ex-
periments. Due to the domain overlap, we merge ScanNet
and ScanNet++, getting a joint train set and a joint test set.

Baselines: We choose 5 representative groups of meth-
ods as our baselines: 1) the state-of-the-art per-scene opti-
mization based 3D Gaussians splatting methods GOF [74]
and PGSR [9] particularly designed for high-fidelity sur-
face reconstruction; 2) the latest feed-forward generalizable
3D Gaussian splatting method MVSGaussian [35]; 3) the
state-of-the-art point cloud rendering method PFGS [59];
4) the state-of-the-art ray-based methods Pointersect [8]
and RayDF [36] which is adapted as a generalizable ver-
sion where the ray feature extractor is exactly the same as
ours; 5) the latest image-based depth estimation methods
DepthAnythingV2 [69] and DepthPro [5].

Metrics: Primarily, we evaluate the surface reconstruc-
tion by measuring the error between predicted ray-surface
distance and ground truth distance. We report the per ray-
surface absolute distance error (ADE) in meters across all
test images, and other four commonly used metrics [57] in-
cluding Root Mean Squared Error (RMSE), the Absolute
Relative Distance (Abs Rel), the Squared Relative Dis-
tance (Sq Rel), and the Threshold accuracy (δ ≤ 1.25)
which measures the percentage of predicted value within
a certain threshold δ of ground truth. In addition, we
also evaluate the reconstructed 3D meshes, reporting Ac-

curacy, Completion, Precision, Recall, Chamfer-L1 dis-
tance, Normal Consistency, and F-scores with a threshold
of 5cm. All details are in Appendix 5.1&5.2&5.3&5.4.

4.1. Evaluation on 3D Gaussians
In this setting, our method takes 3D Gaussians as input
and predicts raylet distances for query rays. To prepare for
this experiment, for every 3D scene in ScanNet/ScanNet++,
ARKitScenes, and MultiScan, we first use the vanilla 3DGS
to learn per-scene 3D Gaussisans from RGB images in an
offline fashion, and then evaluate our method in the follow-
ing two groups of experiments.
• Group 1: We train our method from scratch on the joint

train set of ScanNet/ScanNet++. After that, we evaluate
the trained model on the test sets of ScanNet/ScanNet++,
ARKitScenes, and MultiScan.

• Group 2: We train our method from scratch on the train
set of ARKitScenes, and then test it on the test sets of
ScanNet/ScanNet++, ARKitScenes, and MultiScan.
For a fair comparison, the four feed-forward generaliz-

able baselines MVSGaussian [35], Pointersect [8], RayDF
[36], and PFGS [59] are all trained with the same amount of
training data and supervision signals as our method. For a
reference, the per-scene methods 3DGS [30], GOF [74] and
PGSR [9] directly render depth images from their optimized
3D Gaussians on test set respectively. For the image-based
depth estimation methods, we first render test view RGBs
from 3D Gaussians and then feed them into a depth esti-
mator, obtaining depth results. Lastly, we use ground truth
depth values to align the scale of estimated depths, which is
strongly in favor of these baselines. More details of experi-
ments are in Appendix 5.4.

Results & Analysis: Table 1 compares the quantitative
results of all methods for estimating distance values of all
query rays from test views. Table 2 compares the quantita-
tive results of 3D meshes reconstructed by TSDF or March-
ing Tetrahedra (MT) from the rendered depth views for the
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Table 2. Quantitative results of 3D meshes reconstructed from estimated ray surface distances. Our model is trained on Scannet/++ dataset.

test on → ARKitScenes test on → ScanNet/ScanNet++

Acc.↓ Comp.↓ Pre.↑ Rec.↑ C-L1↓ NC↑ F1↑ Acc.↓ Comp.↓ Pre.↑ Rec.↑ C-L1↓ NC↑ F1↑
3DGS [30] TSDF 0.111 0.219 0.305 0.247 0.165 0.622 0.268 0.175 0.160 0.274 0.290 0.168 0.650 0.270

GOF [74] MT 0.135 0.575 0.335 0.294 0.355 0.571 0.314 0.165 0.173 0.372 0.385 0.169 0.632 0.368
PGSR [9] TSDF 0.153 0.188 0.437 0.344 0.171 0.691 0.378 0.113 0.088 0.527 0.543 0.100 0.746 0.532

RayletDF (Ours) TSDF 0.051 0.083 0.671 0.609 0.067 0.689 0.633 0.151 0.066 0.527 0.633 0.109 0.705 0.566

Table 3. Quantitative results of estimated ray-surface distances from 3D point clouds.

test on → ARKitScenes test on → ScanNet/ScanNet++ test on → MultiScan

ADE↓ RMSE↓ Abs-Rel↓ Sq-Rel↓ δ ↑ ADE↓ RMSE↓ Abs-Rel↓ Sq-Rel↓ δ ↑ ADE↓ RMSE↓ Abs-Rel↓ Sq-Rel↓ δ ↑

tr
ai

n
on

A
R

K
itS

ce
ne

s

Pointersect [8] 0.335 0.456 0.198 0.132 0.643 0.389 0.553 0.177 0.148 0.680 0.254 0.330 0.201 0.093 0.637
RayDF [36] 0.166 0.281 0.112 0.074 0.876 0.186 0.321 0.094 0.055 0.883 0.154 0.234 0.134 0.062 0.822

RayletDF (Ours) 0.088 0.205 0.066 0.060 0.949 0.107 0.269 0.051 0.049 0.943 0.067 0.149 0.064 0.037 0.943

tr
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/+
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Pointersect [8] 0.299 0.398 0.209 0.141 0.691 0.344 0.477 0.181 0.133 0.708 0.233 0.289 0.225 0.103 0.656
RayDF [36] 0.289 0.407 0.189 0.118 0.699 0.161 0.291 0.086 0.049 0.893 0.349 0.429 0.313 0.259 0.561

RayletDF (Ours) 0.096 0.217 0.074 0.077 0.946 0.093 0.234 0.047 0.040 0.949 0.130 0.229 0.131 0.216 0.914

three excellent per-scene Gaussian based methods and our
method. Note that, in the original paper, GOF uses MT for
higher quality surface reconstruction. Figure 5 shows qual-
itative results. From the results, we can see that:
• When training/testing on ARKitScenes, ScanNet/ Scan-

Net++ datasets in domain, our method achieves the
best accuracy, outperforming the second best method
RayDF by large margins, with 0.115 vs 0.183 meters
on ARKitScenes and 0.145 vs 0.202 meters on Scan-
Net/ScanNet++ on the key metric ADE. This means that
our newly introduced raylet distance field has its clear ad-
vantage over existing ray-based representations.

• When evaluating all methods across new datasets, our
method demonstrates superior generalizability on unseen
datasets, clearly surpassing all other baselines usually by
more than 0.10 meters in accuracy. This performance gap
is much greater than the in-domain reconstruction results.
Essentially, this is because our learned raylet distance rep-
resentations capture the local surface geometric patterns
which tend to be generalizable at various scenes.

• The per-scene optimization based 3D Gaussian methods
and the depth estimation methods can achieve satisfactory
results, but still being inferior than our method.

4.2. Evaluation on Point Clouds
In this setting, our method takes 3D point clouds as input
and predicts raylet distances for query rays. To prepare for
this experiment, for every 3D scene in ScanNet/ScanNet++,
ARKitScenes, and MultiScan, we uniformly sample 10k
points from the provided 3D scene mesh. Same as Sec-
tion 4.1, we also conduct two groups of experiments. For a
fair comparison, we also evaluate the top-performing ray-
based methods Pointersect and RayDF with exactly the
same training data and supervision signals as ours.

Results & Analysis: Table 3 compares the quantita-
tive results and Figure 6 shows the qualitative results. We
can see that, similar to the analysis in Section 4.1, our
method demonstrates clearly better reconstruction accuracy
on the in-domain datasets. Most notably, we achieve an out-
standing generalization ability when evaluating on unseen
datasets, clearly surpassing two strong baselines. For exam-
ple, when trained on ARKitScenes or ScanNet/ScanNet++,
our method achieves {0.067, 0.130} meters in ADE on
the novel MultiScan dataset respectively, while the base-
lines often have more than 0.20 meters errors. Basically,
our strong generalization ability on point clouds is also at-
tributed to the effectiveness of our virtual ball based raylet
sampling strategy designed in Section 3.5.

4.3. Evaluation on Raylet Sampling in Testing
Regarding our designed multi-raylet blender in Section 3.4,
the single hyperparameter T of this module can be different
in training and test phase, allowing flexibility during eval-
uation on various datasets. Intuitively, once our model is
well-trained on a dataset, in testing, the more number of
raylet samples along every single ray, we may obtain more
accurate surface estimations.

We further conduct experiments to validate the flexi-
bility of raylet sampling in test phase. In particular, we
use our model well-trained on ScanNet/ScanNet++ where
T is chosen as 5 during training, and then directly evalu-
ate on the test splits of ScanNet/ScanNet++, ARKitScenes,
and the whole MultiScan dataset, where T is chosen as
{1, 5, 10, 20} respectively.

Tables 4&5&6 show the quantitative results. It can
be seen that, the more raylets sampled along every sin-
gle ray during testing, we generally obtain more accurate
surface reconstruction. This is particularly obvious when
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the trained model is evaluated on unseen datasets as shown
in Tables 5&6. Primarily, the is because if more raylets
are sampled along every single light ray, our multi-raylet
blender tends to vote a more accurate surface point, instead
of being affected by outlier predictions among all estima-
tions. This validates the generalizability and robustness of
our simple design. More results are in Appendix 5.10.

Table 4. Qualitative results for different number of raylet samples
per ray when evaluating on the test split of ScanNet/ScanNet++.

(train samples: T = 5) ADE↓ RMSE↓ Abs-Rel↓ Sq-Rel↓ δ ↑
test samples: T = 1 0.177 0.337 0.087 0.190 0.896
test samples: T = 5 0.145 0.276 0.072 0.079 0.922
test samples: T = 10 0.140 0.268 0.070 0.070 0.927
test samples: T = 20 0.141 0.271 0.071 0.073 0.925

Table 5. Qualitative results for different number of raylet samples
per ray when evaluating on the test split of ARKitScenes.

(train samples: T = 5) ADE↓ RMSE↓ Abs-Rel↓ Sq-Rel↓ δ ↑
test samples: T = 1 0.161 0.287 0.113 0.076 0.876
test samples: T = 5 0.132 0.241 0.094 0.053 0.906
test samples: T = 10 0.127 0.234 0.092 0.052 0.912
test samples: T = 20 0.124 0.230 0.090 0.052 0.917

Table 6. Qualitative results for different number of raylet samples
per ray when evaluating on the whole MultiScan dataset.

(train samples: T = 5) ADE↓ RMSE↓ Abs-Rel↓ Sq-Rel↓ δ ↑
test samples: T = 1 0.291 0.393 0.261 0.177 0.619
test samples: T = 5 0.259 0.353 0.236 0.148 0.662
test samples: T = 10 0.252 0.346 0.234 0.148 0.674
test samples: T = 20 0.247 0.347 0.234 0.153 0.687

4.4. Ablations
Our pipeline has three major modules, 1) Raylet Feature
Extractor, 2) Raylet Distance Field, and 3) Multi-raylet
Blender. To evaluate the effectiveness of each module and
the sensitivity of hyperparameters, we conduct the follow-
ing ablations on the merged ScanNet/ScanNet++ dataset,
and the input to our method is choose as 3D Gaussians.

(1)∼(3) Including different information of neighbor-
ing points. Regarding the raylet feature extractor, in Equa-
tion 2, for each neighboring point, we choose to include: (1)
only the xyz (i.e., pk

l ) of a neighboring point, (2) only the

relative position information
(
i.e., ( (pk

l −pl)

||pk
l −pl||

⊕ ||pk
l − pl||)

, (3) both xyz and the relative position information.
(4)∼(7) Choosing different number of neighboring

points K. For the raylet feature extractor, in Equation 3, the
hyperparameter K is chosen as {1, 5, 10, 20}. This aims to
evaluate the influence of local neighborhood on raylet fea-
tures. In all main experiments, we choose K as 5.

(8)∼(11) Sampling different number of raylets. For
the multi-raylet blender, along each light ray, a total of T
raylets are sampled near the surface. In this ablation, the
hyperparameter T is chosen as {1, 5, 10, 20}. In all main
experiments, we choose T as 5.

(12) Removing the prediction of confidence score sl.
Regarding the raylet distance field in Equation 4, we re-
move the confidence score, and the subsequent multi-raylet
blender turns to simply average out multiple raylet distance
predictions, i.e., ŝlt is 1/T in Equation 5.

(13) Using alpha blending to aggregate multi-raylet
predictions. For the multi-raylet blender, we choose to re-
gard the confidence score sl in Equation 4 as opacity, and
then use alpha blending to get the final prediction.

(14) Using sigmoid to normalize the confidence score
sl. For the multi-raylet blender in Equation 5, we turn
to use sigmoid function to independently normalize confi-
dence scores, meaning that multiple raylets along a single
ray will be trained independently.

Table 7 shows the ablation results. We can see that: 1)
The greatest impact is caused by the decrease of raylet sam-
ple T to be just 1 in training. Basically, this means that our
raylet distance field degenerates to the existing ray-based
method such as RayDF, which is ineffective to learn local
surface patterns. 2) The second greatest impact is caused
by the removal of confidence score sl in Equation 4. Ba-
sically, this is closely related to our design of multi-raylet
blender as ablated in (12)∼(14). Without a suitable multi-
raylet blending strategy like ours, the accuracy of estimated
surface drops. 3) Different number of neighboring points
K and choices of their features included could be helpful as
shown in (1)∼(7), but they are less important overall.
Table 7. Results of all ablated models on ScanNet/ScanNet++.
The main settings are bolded.

ADE↓ RMSE↓ Abs-Rel↓ Sq-Rel↓ δ ↑
(1) Only xyz 0.148 0.278 0.073 0.074 0.921

(2) Only (pk
l −pl)

||pk
l −pl||

⊕ ||pk
l − pl|| 0.146 0.275 0.072 0.078 0.921

(3) Both 0.145 0.276 0.072 0.079 0.922
(4) K = 1 0.151 0.279 0.077 0.077 0.919
(5) K = 5 0.145 0.276 0.072 0.079 0.922
(6) K = 10 0.150 0.280 0.074 0.074 0.920
(7) K = 20 0.152 0.285 0.075 0.073 0.915

(8) T = 1 0.174 0.326 0.085 0.144 0.897
(9) T = 5 0.145 0.276 0.072 0.079 0.922

(10) T = 10 0.141 0.274 0.070 0.066 0.925
(11) T = 20 0.141 0.271 0.070 0.070 0.924

(12) Removing score sl 0.170 0.302 0.084 0.097 0.907
(13) Using alpha blending 0.156 0.290 0.075 0.073 0.914
(14) Using sigmoid 0.164 0.287 0.075 0.078 0.915
(15) The Full Pipeline (RayletDF) 0.145 0.276 0.072 0.079 0.922

5. Conclusion
In this paper, we present a generalizable 3D surface recon-
struction method. By introducing a new technique of raylet
distance field, our pipeline accurately captures intricate lo-
cal surface patterns from both point clouds and 3D Gaus-
sians, demonstrating superior performance across diverse
real-world 3D scene datasets. Remarkably, thanks to the
learned local raylet features, it exhibits excellent generaliz-
ability to new and unseen scenes in testing, while all base-
lines fail to do so.
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Figure 5. Qualitative results of our method and baselines for 3D surface reconstruction on multiple datasets. All methods are trained on
pre-estimated 3D Gaussians.
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ARKitScenes ScanNet MultiScan

Figure 6. Qualitative results of our method and baselines for 3D surface reconstruction on multiple datasets. All methods are trained on
point clouds.
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