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1. Implementation Details

1.1. Trainable Parameters

The trainable parameters of 3DFA include

¢ The feature head of R2D2 network [2].

* ¢1, the 2D patch encoder.

* @9, the 3D patch encoder.

* ¢s3, the 2D-3D fusion layer.

* ¢4, the 2D patch decoder.

* ¢s5, the 3D patch decoder.

» The cross attention layer in the final pose estimation mod-
ule.

* ¢, the reliability score layer.

Among all these trainable parameters, ¢; to ¢g are imple-

mented as MLPs, where ¢ to ¢5 uses ReLU activation and

¢ uses Sigmoid activation. The cross attention layer as

well as the 3D positional encoding is borrowed from the

widely used point transformer [8]. Note that the keypoint

extraction head of R2D2 network is freezed, as we only

want to finetune the feature extraction part.

1.2. Hyperparameters

In summary, the hyperparameters of 3DFA include

e a, f3, the loss factor.

* M, the final pose estimation scope.

¢ S, the reliability score threshold.

Our experimental results in the paper (Table 1~3 in main
paper) are obtained with « = 8 = 1,M = 5,and S = 0.7.
The experiment on « and 3 is included in later part.

1.3. Training and Inference

3DFA is trained on RTX4090 GPU. In DL3DV-10K dataset,
training takes around 22 hours for one scene. This period
does not include the point cloud reconstruction and 2D key-
point extraction, which we consider as data preprocessing.
During inference, 3DFA is able to process 0.54 image per
second. One more advantage of 3DFA is that, since it re-
places support images by the point cloud for feature align-

ment, our approach does not require support images during
inference. This makes it easier to deploy 3DFA to real ap-
plications, as we only need the trained weights and the point
cloud.

2. Data Preparation Details

3DFA employs PNeRF [9] as the 3D reconstruction ap-
proach which also requires depth maps as point cloud
initialization. 7Scenes [4] already provides ground truth
depth maps. For DL3DV-10K and ScanNet++, we use
COLMAP [3] to estimate the depth maps. If a scene is
named by hashes, we assign it a casual name. We follow
previous work [10] for the real world scale information and
apply a rough scale when the ground truth is missing.

3. More Experimental Results

3.1. Comparison Schemes Setup

To have a comprehensive evaluation of model performance,
we include both scene-agnostic and scene-specific schemes
in our experiments. However, since we focus on scene-
specific visual localization in this paper, we ensure a fair
comparison by feeding all networks the same set of training
data. All results for one scene is obtained on that specific
scene using the same set of support and query images. It is
infeasible to train those foundation models again [1, 5-7],
so for them we only run inference. We find that 16 images
are enough to yield their maximum capabilities roughly, so
for each query image, we feed the 16 most similar support
images to the foundation models.

3.2. Positions of Patch-Matching Loss

As mentioned in the paper, an ascending number of patches
result in the best localization performance. Our final 3DFA
uses a “3, 5, 7,9” number of patches. Here we also explore
the positions of patch-matching loss inside these different
3DFA layers. The results in Table | indicate that apply-
ing the patch-matching loss at every layer is essential, as
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Table 1. Median translation error (centimeters) on the ScanNet++
dataset of 3DFA when patch-matching loss is removed in a cer-
tain layer. For example, “w/o £, @3” means to remove patch-
matching loss in the first 3DFA layer.

3DFA Work Studio Bedroom Living
wlo L, @3 | 5.0 53 6.0 4.8
wlo L, @5 | 5.1 53 59 4.8
wlo L, @7 | 5.1 54 59 4.8
wlo L, @9 | 52 55 6.0 4.7
w/ all £, 4.8 5.2 5.8 4.7

Table 2. Median translation error (centimeters) on the ScanNet++
dataset of 3DFA with differemt « (factor of patch-matching loss).

a | Work Studio Bedroom Living

0 54 5.5 6.0 4.8
025 53 5.5 5.9 4.8
0.5 5.0 53 5.9 4.8
075 | 4.8 5.2 5.8 4.8
1 4.8 5.2 5.8 4.7
1.25 | 49 5.2 5.8 4.8
1.5 5.1 53 6.0 5.1
2 53 55 6.1 52

removing it from any layer leads to a measurable drop in
performance. This observation aligns with our design prin-
ciple of multiscale hierarchical feature alignment. Relying
on a single scale fails to yield optimal localization accuracy.

3.3. Loss Factor « and 3

The two hyperparameters, o and 3, are to balance the lo-
calization loss and patch-matching loss in 3DFA. To iden-
tify an effective configuration, we conduct the experiments
where [ is fixed to be 1 and « has different values. As
shown in Table 2, the best choice of « lies between 0.75 to
1.25 and we use a@ = 1 in our finalized model. These re-
sults suggest that maintaining a balance between the patch-
matching loss and the localization loss leads to the best
overall performance. This outcome is expected: while patch
matching is designed to inject spatial correspondence into
the 2D and 3D feature representations, the primary objec-
tive of the framework is still accurate localization. When the
patch-matching term is weighted too heavily, it can over-
whelm and ultimately degrade the original point cloud fea-
tures, resulting in diminished localization accuracy.
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