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Abstract

We consider scene-specific visual localization, i.e., estimat-
ing the camera poses of a query image taken in a specific
site given the training data composed of support images
in the same site and their corresponding reconstructed 3D
point cloud. A critical performance factor in the localiza-
tion pipeline is aligning the features of the 2D query image
with the training data for the subsequent keypoint match-
ing with the point cloud. Prior art has been primarily fo-
cusing on aligning the query images with the support im-
ages without making the most of the rich geometry and ap-
pearance information of the point cloud. To leverage the
point cloud information so as to achieve higher localiza-
tion accuracy, we propose 3DFA, a novel approach which
directly aligns the 2D query image with the features of the
3D model. 3DFA employs a simple yet effective hierarchi-
cal patching operation designed for direct 2D-3D align-
ment, and a patch-matching loss without the need for any
additional annotation. Our extensive experiments on repre-
sentative datasets demonstrate that 3DFA outperforms the
SOTA methods substantially, cutting the translation and ro-
tation errors by 18.3% and 8.4%, respectively, and achiev-
ing robustness against different levels of scene noise.

1. Introduction

Visual localization is to estimate the camera poses of a
query image taken in a 3D scene. It has important commer-
cial applications in robotics, augmented reality, and nav-
igation. We consider the common case of scene-specific
visual localization, i.e., the neural network for localiza-
tion is trained and tested at the same site or “scene” (e.g.,
a warehouse, mall, airport, station, etc.). As compared
with its scene-agnostic counterpart based on foundation
models [18, 32–34], scene-specific localization generally
achieves higher accuracy due to better optimization and cus-
tomization for the site (as confirmed in our extensive exper-
iments).
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Figure 1. We propose 3DFA, a novel 2D-3D feature alignment ap-
proach to directly align the features of the 2D features of the query
image with that of the 3D point cloud for scene-specific visual lo-
calization. By involving the point cloud into the feature alignment
process (c), 3DFA beats previous methods with only 2D-2D fea-
ture alignment at either image level or pixel level (a, b). To facili-
tate such alignment, 3DFA employs a novel hierarchical patching
operation as well as a patch-matching loss function.

The training data of a scene-specific visual localization
network is composed of support images (i.e., images of
known poses taken at different locations of the target scene
at different times) and a point cloud built from these images
with each of its point having a feature optimized in the 3D
reconstruction process. After training, the current localiza-
tion pipeline locates a query image in three major steps: 1)
Feature extraction: Extract keypoints and their correspond-
ing features from the query image as query features (using
a 2D encoder); 2) Feature alignment: Align the query fea-
tures with the features of support images (extracted using
the same encoder) as the aligned keypoints of the query im-
ages; and 3) Keypoint matching: Match the features of the
aligned keypoints of the query image with the points of the
point cloud. The matched keypoint-point pairs are then in-
put to the PnP algorithm to obtain the camera poses [13]. It
is clear from the above that, to achieve accurate visual lo-
calization, feature of 2D keypoints must be similar to those
of corresponding points in the 3D point cloud; this naturally
requires considering the geometry and appearance informa-
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Figure 2. There are multiple 3DFA layers in the network, each consisting of 1) pose estimation; 2) Hierarchical Patching (Section 3.2);
and 3) Feature Alignment Module (Section 3.2). Patch-matching loss (Section 3.3) is also included in each 3DFA layer as supervision. At
the end, a final pose estimation (Section 3.4) will be conducted using aligned features.

tion of the 3D model.
Step 2 in the above pipeline, i.e. feature alignment, has

been widely known to play a critical determinant role in the
accuracy and robustness of visual localization. Without a
properly designed feature alignment, the keypoint features
of the query image and point cloud features would not be
matched well, and this inevitably degrades localization per-
formance. Early works on visual localization consider no
feature alignment (i.e., no Step 2) but simply match the ex-
tracted keypoint features with the reconstructed point cloud
features [4, 5, 29, 30, 39, 40, 42, 44]. Because the fea-
tures of the query images and point cloud are extracted and
optimized in different ways, the matched pairs are not sat-
isfactory, hence degrading the performance. More recent
ones study 2D-2D feature alignment, where they align the
image or pixel features between the query and support im-
ages [20, 25]. Because 3D features have not been consid-
ered in their alignment, these methods have not fully uti-
lized the information in the point cloud, compromising the
keypoint matching and localization performance.

To overcome the shortcoming of 2D-2D feature align-
ment, we propose, for the first time, a scene-specific 2D-3D
Feature Alignment network that directly aligns the features
of the 2D query image with that of 3D point cloud for visual
localization. The network, termed 3DFA, is briefly com-
pared with previous approaches in Figure 1: we replace the
support images generally used in previous approaches by
the point cloud to leverage its rich geometry and appear-
ance information. Designing such 2D-3D feature alignment
presents us two key challenges. First, how to effectively
relate the 2D features with the 3D ones? Second, how to
design a proper loss function to optimize alignment without
any extra annotation effort?

To respond to these challenges, 3DFA makes the follow-
ing two contributions:
• A hierarchical patching operation to align 2D and 3D

features: We propose a hierarchical patching operation
that divides the 2D query image and 3D point cloud into
spatially relevant patches. After establishing the corre-
sponding 2D and 3D patch pairs, we apply feature align-
ment directly on each pair.

• A novel patch-matching loss function without addi-
tional annotation effort: To optimize feature alignment,
we propose a patch-matching loss function. The func-
tion utilizes the correspondence established by hierarchi-
cal patching without any extra annotation cost.
We conduct extensive experiments on representative

datasets that cover diverse scenes and scales. Our experi-
ments demonstrate that 3DFA achieves significant perfor-
mance improvement over the state of the art, reducing the
median localization errors by 18.3% and 8.4% in transla-
tion and rotation, respectively. 3DFA is also robust against
different levels of noise in the scene.

2. Related Work

2.1. Visual Localization
Early works directly use 2D images to regress camera
poses [1, 6, 12, 15, 16, 24, 27, 31, 35, 36, 41, 43], since
these methods do not have explicit 3D representations in
their pipelines, they are widely outperformed by the more
common ones with a 3D model. Given support images of
the target scene, visual localization first reconstructs a 3D
model with features, usually a point cloud, and then ex-
tracts keypoints with features from the query image. Fi-
nally, it matches 2D keypoints to 3D points and uses PnP
algorithm to output the camera pose [8, 11, 13]. Some of
these works do not employ any feature alignment in their
networks, instead they explore different combinations of 3D
reconstruction methods as well as 2D keypoint extraction
ways [2–5, 7, 10, 14, 17, 21, 22, 26, 29, 30, 39, 40, 42, 44].
Later, methods with 2D-2D feature alignment are proposed
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Figure 3. In one 3DFA layer, we utilize the estimated camera pose to divide 2D and 3D features into spatially corresponding patches. Then
feature alignment is applied to each pair of patches and outputs the updated 2D and 3D features.

to improve localization performance by aligning query im-
age features to the support images [20, 25]. While these
methods address image-level misalignments arising from
variations in illumination and style, they neglect to incorpo-
rate point cloud features during feature alignment, therefore
failing to leverage the rich geometry and appearance infor-
mation embedded within the point cloud. Lately, a series
of foundation models have also been presented to jointly
tackle multiple 3D tasks through pure regression [18, 32–
34]. These models are often trained with a massive amount
of high-quality data and hence have good generalizability.
While they are also able to output camera poses as one of
the general tasks, their accuracy is commonly lower than
dedicated scene-specific visual localization approaches (as
confirmed in our experiments).

2.2. 2D-2D Feature Alignment

Existing works bypass a direct 2D-3D feature alignment
and resort to a 2D-2D one. Their feature alignment is con-
ducted on image or pixel level between the query image and
the support images. One work focuses on the potential im-
age style variation. It aligns query image feature to support
image features through image style transfer [20]. The other
work tries to align individual pixels between query image
and support images [25]. These works achieve better per-
formance compared with similar networks without align-
ment; however, they do not directly exploit the geometry
and appearance information in the point cloud. Hence, their
performance is still suboptimal.

3. 3DFA Scheme

3.1. Pipeline Overview

We are given a support image set Is of a 3D scene, their
camera poses that consist of rotation matrices and transla-
tion vectors Rs, ts ∈ SE(3) and the camera intrinsic pa-
rameters K. Our goal is to compute the poses of a query
image Iq such that the differences between estimated pose
R̂q, t̂q and ground truth pose Rq, tq are minimized.

Figure 2 illustrates the pipeline of our proposed 3DFA
network. We begin with 3D scene reconstruction using
the support image set Is and ground truth camera param-
eters Rs, ts,K. We choose PNeRF as our 3D represen-
tation [37], a point-cloud-based approach with good per-
formance. Meanwhile, PNeRF is a very general point
cloud, each point is a 3D coordinate plus a single fea-
ture vector. Hence, 3DFA will also enjoy the advance-
ment of more sophisticated future point-based representa-
tions, for example any 3D Gaussian splatting variants. The
3D reconstruction step will eventually return us a point
cloud P = {p1, p2, · · · } where each individual point pi =
{ci ∈ R3, fi ∈ Rd} contains a 3D coordinate plus a d-
dimensional feature vector.

The next step is to extract keypoints from the query im-
age Iq . For this task, we employ the widely adopted R2D2
network [23], which is known for its robust performance in
generating reliable keypoints. This step does not rely on any
specific characteristics of the R2D2 network so that 3DFA
is, again, compatible with any alternatives. The result of
this step is a keypoint set K = {k1, k2, · · · } where each in-
dividual keypoint ki = {Ci ∈ R2, Fi ∈ Rd} contains a 2D
coordinate plus a feature vector.
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Then we move to our proposed 2D-3D feature alignment.
The point cloud P and 2D keypoints K will together go
through multiple rounds of feature alignment. Each round
contains the pose estimation, the patching operation and
the alignment. After this hierarchical and iterative feature
alignment, the final aligned 2D and 3D features are used to
estimate the output R̂q, t̂q .

During training, support images with ground truth cam-
era poses are used as the query to train 3DFA network. In
the inference stage, unseen query images are used to evalu-
ate network performance.

3.2. 2D-3D Feature Alignment
Hierarchical Patching. We need correspondence between
features in order to align them. The intuition of patching is
that spatially corresponding regions in the image and point
cloud are the ones we should align. Such feature align-
ment ensures keypoints are more likely to match with the
point cloud correctly, thereby improving localization accu-
racy. This is possible by utilizing the camera parameters.
Specifically, we can project a 3D point at coordinate c to
the image plane and derive its image coordinate C as[

C
1

]
= K ·

[
R | t

]
·
[
c
1

]
, (1)

where R, t,K are camera poses and intrinsic parameters.
Note that in our pipeline, pose estimation is done before
patching, which aims to produce a camera pose for the
patching operation. During training, we can ignore the es-
timated pose and directly use ground truth pose to enhance
learning.

This projection operation establishes a mapping relation-
ship between each 3D point and its corresponding 2D re-
gion. To preserve image locality and facilitate efficient
computation, we then divide the image and point cloud into
corresponding patches based on the projection. Specifically,
we divide the query image into square patches, then identify
which keypoints are inside a patch and which 3D points are
projected to that patch. Note that our design is also compat-
ible with other patching shapes and areas, if necessary.

Depending on the specific patch partition used, one sin-
gle patching operation only focuses on a specific scale of
the features. In order to extend our approach to multiple
scales, we employ a hierarchical structure, which includes
multiple patching operations in total, each working with a
different patch size. Hierarchical patching helps to facili-
tate feature alignment at different scales, iteratively improve
feature quality and enhance pose estimation.
Feature Alignment Module. After one patching operation,
we have multiple pairs of 2D and 3D patches. Denote a
specific pair, say the ith one, as ⟨Pi,Ki⟩, where Pi ⊆ P and
Ki ⊆ K are two subsets of 3D points and 2D keypoints.
We start by encoding the 2D and 3D patch descriptors. For
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Figure 4. The final pose estimation module. It first determines
the final keypoint matching result in a small 3D neighborhood
by a cross-attention layer, it then removes those low-confidence
matches by a reliability score. This module enables 3DFA to ad-
just the final output for one last time.

simplicity of notation, we omit the index i for all descriptors
in this subsection. Then hP and hK are

hK = ϕ1

(∑
kj∈Ki

Fj

∥Ki∥

)
, (2)

hP = ϕ2

(∑
pj∈Pi

fj

∥Pi∥

)
, (3)

where ϕ1, ϕ2 are the 2D and 3D patch encoder respectively.
The patch encoders are implemented by MLPs so the output
descriptors are also feature vectors. The extracted patch de-
scriptors aggregate and encapsulate the features of all points
within a patch. Subsequently, we align the 2D and 3D patch
descriptors by

h′
K ⊕ h′

P = ϕ3

(
hK ⊕ hP

)
, (4)

where h′
K, h

′
P are the updated patch descriptors after feature

alignment, ϕ3 are the 2D-3D fusion layer and ⊕ represents
concatenation. This step enables feature exchange between
the corresponding 2D and 3D patch descriptors, ensuring
that both descriptors hold semantically similar features to
their spatially associated regions. Finally, the updated patch
descriptors are decoded and integrated back into the origi-
nal 2D and 3D features to complete the feature alignment
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Table 1. Evaluation on large scenes selected from DL3DV-10K dataset. We report the median translation error / rotation error (centimeters
/ degrees). The SOTA performance is highlighted in bold while the second-best and a tie is marked with an underline.

Method Mall Hall Store Market Court Feast Average

PoseNet 82.4/9.18 126.7/11.31 109.5/11.23 112.1/10.93 214.7/15.73 128.4/12.97 129.0/11.89
DFNet 36.7 / 1.99 62.0 / 2.68 55.3 / 2.41 56.2 / 2.42 97.6 / 3.44 128.4 / 12.97 61.1 / 2.63
DSAC* 15.4 / 1.84 27.3 / 2.43 22.4 / 2.22 22.9 / 2.31 42.5 / 3.16 27.8 / 2.40 26.4 / 2.39
PNeRFLoc 14.7 / 1.53 26.0 / 2.10 21.2 / 1.85 21.0 / 1.91 43.0 / 2.83 25.0 / 2.20 25.1 / 2.07
DUSt3R 19.9 / 2.07 34.7 / 2.81 29.1 / 2.44 28.4 / 2.61 55.2 / 3.54 33.5 / 2.99 33.4 / 2.74
MASt3R 18.4 / 1.91 31.7 / 2.54 26.7 / 2.32 26.5 / 2.31 51.4 / 3.47 31.2 / 2.70 31.0 / 2.54
VGGT 18.5 / 1.96 31.5 / 2.63 25.9 / 2.27 26.5 / 2.37 53.5 / 3.50 30.6 / 2.71 31.1 / 2.57
ACE0 15.4 / 1.60 27.2 / 2.18 22.2 / 1.93 21.9 / 1.99 44.2 / 2.95 26.1 / 2.31 26.5 / 2.16
ACE 14.6 / 1.55 25.7 / 2.11 21.0 / 1.87 20.7 / 1.93 41.9 / 2.85 24.7 / 2.24 24.8 / 2.09
PixLoc 14.0 / 1.54 24.9 / 2.05 20.6 / 1.85 21.4 / 1.92 40.5 / 2.81 25.3 / 2.19 24.5 / 2.06
NeRFLoc 13.5 / 1.53 23.9 / 2.02 19.5 / 1.84 22.3 / 1.90 39.4 / 2.77 25.6 / 2.13 24.0 / 2.03

3DFA (ours) 11.5 / 1.42 19.5 / 1.85 17.8 / 1.84 20.2 / 1.90 35.4 / 2.56 24.4 / 2.13 21.5 / 1.95

process

Fj ← Fj + ϕ4

(
Fj + h′

K

)
, (5)

fj ← fj + ϕ5

(
fj + h′

P

)
, (6)

where ϕ4, ϕ5 are patch decoders. After this step, the up-
dated 2D and 3D features are ready for another round of
patching and alignment, forming the hierarchical structure
of 3DFA.

3.3. Patch-Matching Loss
Given the established matching relationships between 2D
and 3D patches, we naturally employ a patch-matching loss
Lp to supervise the feature alignment process. In one fea-
ture alignment module, say there are n pairs of patches in
total, for the ith 2D patch Ki and the jth 3D patch Pj , Aij

is the cosine similarity between their patch descriptors hKi

and hPj , then

Lp =
1

n2

n∑
i=1

n∑
j=1

(Aij − Iij)
2
, (7)

where I is the n × n identity matrix. This patch-matching
loss is essentially forcing the differentiation of patches,
which constrains the network to generate similar descriptors
for corresponding patches, further enhancing feature align-
ment. Finally the network will be supervised together by
the patch-matching loss and the traditional localization loss
Ll [9],

L = αLp + βLl, (8)

where α, β are hyperparameters.

3.4. Final Pose Estimation
We employ a fine-matching module at the last pose estima-
tion part to further refine 3DFA’s final output. As illustrated
in Figure 4, for every keypoint, we find M points from the
point cloud with the closest projections on the image plane,
which is a very small subset in the neighborhood since the
estimated pose at this moment is considered to be relatively
accurate. Within this subset, we optimize keypoint match-
ing for one last time by performing a cross-attention op-
eration between the feature of this keypoint and the points
in the neighborhood. The 3D point with the highest atten-
tion score is identified as the final matching result. And
to exclude low-confidence matches, we compute a reliabil-
ity score for each matched pair. Specifically, for a matched
pair ⟨ki, pj⟩, the reliability score s is

s = ϕ6

(
PE(ki, pj)⊕ (Fi, fj)

)
, (9)

where PE(·) is the commonly used 2D and 3D positional
encoding function, and ϕ6 is the reliability prediction layer.

4. Illustrative Experimental Results
4.1. Data Preparation
To thoroughly assess the effectiveness of our proposed
3DFA approach, we select three datasets featuring diverse
3D scenes of various scales: 7Scenes [28] and Scan-
Net++ [38] have room-level or below-room-level scenes.
Among the extensive collection of scenes, we eventually
select ten of them to represent smaller environments with a
variety of styles and objects. DL3DV-10K [19] is a dataset
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Table 2. Median translation error (centimeters) on ScanNet++ (left) and 7Scenes (right). SOTA performance is highlighted in bold while
the second-best or a tie is marked with an underline.

Method Work Studio Bedroom Living Business Dorm Heads Office Chess Fire Average

PoseNet 28.3 30.8 31.7 28.9 30.2 32.0 29 48 32 47 33.79
DFNet 13.9 15.3 15.9 14.0 15.2 15.9 3 7 4 4 10.82
DSAC* 6.0 6.4 6.7 5.9 6.4 6.8 1 3 2 2 4.62
PNeRFLoc 5.8 6.1 6.5 5.7 5.9 6.6 1 3 2 2 4.46
DUSt3R 6.5 6.9 7.5 6.9 6.8 7.6 2 3 2 3 5.22
MASt3R 6.0 6.5 7.1 6.3 6.6 7.0 1 3 2 3 4.85
VGGT 6.2 6.3 7.0 6.0 6.6 7.2 1 3 2 2 4.73
ACE0 5.9 6.2 6.7 5.7 5.9 6.4 1 3 2 2 4.48
ACE 5.9 5.8 6.5 5.6 5.8 6.2 1 3 2 2 4.38
PixLoc 5.8 6.2 6.4 6.0 6.2 6.2 1 3 2 2 4.48
NeRFLoc 5.4 5.7 6.2 5.2 5.4 6.2 1 2 2 2 4.11

3DFA (ours) 4.8 5.2 5.8 4.7 4.7 5.6 1 3 2 2 3.88

with large-scale scenes whose width is usually beyond 20
meters. Again, we select six representative scenes with di-
verse styles and categories. For convenience purposes, we
assign a casual name to each scene from ScanNet++ and
DL3DV-10K, as they are originally named by hashes.

4.2. Comparison With State-Of-The-Art
Table 1 compares the performance 3DFA scheme against
other networks on DL3DV-10K. We follow the common
evaluation practices to report the median translation and
rotation errors of different scenes. We can see that 3DFA
achieves state-of-the-art translation performance across all
six scenes. Additionally, it has SOTA rotation performance
in the majority of scenes, with only two of them resulting in
a tie. In the end, our method also obtains the best average
localization results.

Such results demonstrate the efficacy of our direct 2D-
3D feature alignment and hierarchical patching operation,
particularly in large-scale scenes where the point cloud is
larger and keypoint matching is harder without proper fea-
ture alignment. 3DFA directly aligns features of the key-
points and point cloud based on their spatial correspondence
to improve keypoint matching. Our hierarchical patching
operation also facilitates such alignment across different
scales, while some existing methods, instead, focus either
on individual points or the entire image.

Table 2 and Table 3 list the experimental results on room-
level scenes. In 7Scenes, all performances of various meth-
ods are comparable, which is not surprising in these below-
room-level scenes. We can safely draw the conclusion that
visual localization is solved in these small scenes. Then in

Scannet++, 3DFA achieves SOTA translation results across
all six scenes and SOTA rotation performance in five of
them. Our strong performance in these typical real-life
room level scenes highlights the potential of 3DFA in real-
world applications.

During inference, 3DFA relies on the initial pose estima-
tion to start feature alignment. We here demonstrate how
robust 3DFA is against noises in the initial poses in Ta-
ble 4, where the query images in Hall scene is split into
three subsets according to difficulty (i.e. initial pose esti-
mation error). 3DFA outperforms the other two alignment
schemes in all three subsets, proving our strong robustness
against inaccurate initial pose. We believe such results are
contributed by our coarse-to-fine hierarchy.

4.3. Ablation Study

We conduct the ablation study on ScanNet++ by using dif-
ferent settings of alignment and loss, as shown by Table 5.
Specifically, we remove all the 3DFA layers to obtain the
first row. We keep one 3DFA layer with fixed 3 × 3 patch
partitions to obtain the second row. We remove the patch-
matching loss to obtain the third row. Finally, the last row
is our complete network. By comparing the first and sec-
ond rows, we observe that direct 2D-3D feature alignment
improves localization performance across all four scenes.
By comparing the second and the last row, we observe that
further enhancement is achieved through the hierarchical
structure. Note that in the Work and Studio scenes, hier-
archical patching works significantly better. We attribute
this result to the repeated elements in such kind of envi-
ronments, where raw features of individual keypoint lead to
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Table 3. Median rotation error (degrees) on ScanNet++ (left) and 7Scenes (right). The SOTA performance is highlighted in bold while the
second-best or a tie is marked with an underline.

Method Work Studio Bedroom Living Business Dorm Heads Office Chess Fire Average

PoseNet 5.04 4.77 6.05 4.92 5.22 5.56 12 7.7 8.1 14.4 7.38
DFNet 1.21 1.21 1.43 1.17 1.31 1.39 1.8 2 1.5 2.2 1.52
DSAC* 1.05 1.03 1.25 1.06 1.14 2.30 1.8 1.2 1.1 1.2 1.31
PNeRFLoc 0.93 0.92 1.13 0.91 0.97 1.08 0.8 1 0.8 0.9 0.94
DUSt3R 1.15 1.15 1.36 1.11 1.14 1.26 1.9 1.3 1.1 1.3 1.28
MASt3R 1.12 1.14 1.31 1.09 1.17 1.24 1.8 1.2 1.0 1.2 1.23
VGGT 1.12 1.15 1.29 1.07 1.24 1.35 1.9 1.2 1.1 1.2 1.26
ACE0 0.99 0.98 1.22 0.95 1.02 1.11 1.1 1.2 1.0 1.1 1.07
ACE 0.96 0.93 1.16 0.92 1.00 1.06 0.9 1.1 1.0 1.1 1.01
PixLoc 0.96 0.96 1.17 0.96 1.05 1.06 0.8 0.8 0.8 0.7 0.93
NeRFLoc 0.91 0.92 1.04 0.90 0.95 1.08 1.9 1.1 1.1 1.1 1.10

3DFA (ours) 0.87 0.87 0.97 0.90 0.91 0.99 0.8 1.1 0.8 0.9 0.91

Table 4. We split the scene Hall into three subsets by their initial
estimation error and compare the final median translation and ro-
tation error (centimeters / degrees).

Hard Medium Easy

PNeRFLoc 39.2 / 2.95 26.0 / 2.10 14.2 / 0.95
PixLoc 36.4 / 2.87 24.9 / 2.05 14.0 / 0.95

3DFA (ours) 32.7 / 2.75 20.1 / 1.89 11.3 / 0.87

Table 5. Median translation error (centimeters) on the ScanNet++
dataset of 3DFA with different alignment and loss settings.

3DFA Work Studio Bedroom Living

w/o align 6.0 6.5 6.7 6.2
w/ one align 5.7 5.9 6.3 5.2

w/o Lp 5.4 5.5 6.0 4.8

3DFA 4.8 5.2 5.8 4.7

ambiguities in matching. Hierarchical patching effectively
addresses this issue by emphasizing feature locality. By re-
moving the patch-matching loss, we observe a degradation
in all scenes. This loss term serves as an inductive bias for
our 3DFA layers, forcing the similarity between spatially
corresponding patches. Our results prove its ability to en-
hance feature alignment.

Table 6. Median translation error (centimeters) on the ScanNet++
dataset when different patch partitions are used. For example,
”3,5,7,9” means four 3DFA layers where the first one has 3 × 3
patches and the last one has 9× 9 patches.

# of Patches Work Studio Bedroom Living

3, 3, 3, 3 6.0 6.2 6.5 6.0
3, 5, 7, 9 4.8 5.2 5.8 4.7
9, 7, 5, 3 5.0 5.3 6.1 5.0

4.4. Hyperparameter Analysis
4.4.1. Patch Partition
We investigate different combinations of patch partitions in
our 3DFA layers. Table 6 presents the results on four Scan-
Net++ scenes. We test a uniform, an ascending and a de-
scending style. It is observed that the ascending number
of patches yields the best localization performance. We
attribute this to the fact that unaligned 3D features typi-
cally exhibit smaller receptive fields and focus more on lo-
cal details. By starting with broader contextual informa-
tion and progressively moving to fine-grained details, 3DFA
becomes more effective. On the other hand, a descend-
ing number of patches, while suboptimal, still improves lo-
calization accuracy compared to using a fixed number of
patches. This is because our hierarchical patching works
at different scales, extracting and aligning comprehensive
keypoint features. Limiting this process to a single scale
neglects valuable information at other scales. The uniform
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Figure 5. Translation error (centimeters) with different final pose
estimation scope M .

patch partition leads to a bad performance which is even
worse than second row of Table 5. We believe such repeti-
tive partitioning leads to the overfiting to a certain scale and
the absence of all other scales, which eventually degrades
the localization ability.

4.4.2. Final Pose Estimation Scope M

We analyze different scope, M , for the KNN algorithm
in the final pose estimation part. As illustrated in Fig-
ure 5, in the Fire and Heads scenes, the optimal value of M
lies between 3 and 5, and larger values gradually degrade
matching performance. Such result is not surprising, since
3DFA has iteratively aligned 2D and 3D features for multi-
ple rounds, the estimation is very close to ground truth such
that only a minor refinement within a very small scope is
necessary. A larger M in this step will include more points,
which on the contrary introduces noises back to the aligned
features.

4.5. Case Study
Figure 6 illustrates several representative cases of initial and
final match results in 3DFA. Note that our 2D-3D feature
alignment provides crucial geometric constraints that help
differentiate between visually similar keypoints, such as
those in the ellipses. These ambiguous keypoints are a ma-
jor source of localization error of previous methods that rely
primarily on appearance features. In contrast, 3DFA incor-
porates point cloud geometry, and through multiple rounds
of iterative feature alignment, the model progressively re-
fines these matches by leveraging spatial coherence, result-
ing in substantially improved matching accuracy as demon-
strated in the final outputs.

5. Conclusion
We propose, for the first time, to directly align the features
between 3D point cloud and 2D query image for scene-

Figure 6. The initial keypoint match result (left) vs the final result
after all 3DFA layers (right). The red triangles are bad matches
and blue circles are good ones. The ellipses mark the areas that
are significantly improved by our feature alignment. The three
examples are extracted from the DL3DV-10K dataset.

specific visual localization. Our scheme, termed 3DFA, em-
ploys a hierarchical patching operation and patch-matching
loss to effectively take into account the rich geometry and
appearance features of the 3D model reconstructed from
support images. 3DFA substantially boosts the performance
of visual localization as compared with the SOTA 2D-2D
alignment approaches, reducing median errors of transla-
tion and rotation by 18.3% and 8.4%, respectively. Our
work demonstrates the critical role of explicit 2D-3D align-
ment for accurate scene-specific visual localization. Given
its good localization performance, 3DFA holds significant
promise for deployment in application domains like indoor
robotic navigation and augmented reality, where agents op-
erate reliably within the kinds of complex, pre-mapped en-
vironments, represented exactly by our evaluation datasets
that covers small to large scales.
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