ULF-Loc: Unbiased Landmark Feature for Robust Visual Localization with 3D
Gaussian Splatting

Supplementary Material

In this supplementary material, we first present a the-
oretical analysis of the inherent feature bias in Feature-
3DGS [19], where Appendix A.l establishes the problem
setup and Appendix A.2 derives the bias expression un-
der a simplified model. A more rigorous analysis under
joint optimization is then provided in Appendix A.3, con-
firming the fundamental limitations of a-blending. Subse-
quently, Appendix B offers the pseudo-code for our key
algorithmic components: Keypoint-Consensus Landmark
Sampling (B.1) and the highly efficient, GPU-parallelizable
Local Geometric Consistency Verification (B.2). Finally, a
comprehensive set of experiments is detailed in Appendix
C, encompassing the formal definitions of evaluation met-
rics (C.1), the use of semantic segmentation for enhancing
3DGS reconstruction (C.2), complete quantitative results
on the 12Scenes (C.3) and Cambridge Landmarks (C.4)
datasets, the localization speed comparison (C.5), ablation
experiments on LGCV parameters (C.6), extensive qualita-
tive visualizations (C.7), and a dedicated analysis of failure
cases (C.8).
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A. Theoretical Analysis of Feature Bias

A.l. Problem Setup and Notation

Consider a 3D feature point with feature vector denoted as
u € RP . Tts 2D projection features across K training views
are {f2P € RP}[X . We assume that the 2D feature f2”

in view k should preserve the characteristics of the true (but
unknown) 3D feature p, yet in practice exhibits variations
due to viewpoint changes and other factors. We thus model
this relationship as:

2P =+ e, (1)

where € represents view-independent variation, satisfying
e ~ N(0,%) with X = diag(c?,...,0%). Our objective
is to analyze the bias of features obtained by Feature-3DGS.

A.2. Bias Analysis under Simplified Model

In Feature-3DGS, the rendered feature F’s(uy,) at pixel uy in
view k is computed via a-blending of multiple Gaussians:

Fy(up) = Y fieuT, @)

PEN (uy)

where T; = [];_;(1—aq;) is the accumulated transmittance,
N (ug) is the set of sorted Gaussians overlapping with pixel
uy, fi is the feature vector of the i-th Gaussian, and «; is its
blending weight.

As described in the main paper, to analyze the inherent
bias in the 3DGS optimization process, we decompose the
feature rendering process. Assuming that the target Gaus-
sian is at position ¢ in A/ (uy ), we isolate its individual con-
tribution:

Fy(up) = fiw T+ Y

1EN (ug),i£t

fioi L. 3

Defining the target’s cumulative weight as wy = «,7} and
aggregating the remaining terms into a normalized neigh-

borhood feature B), = (ZieN(uk))i# fiaiT3) /(1 — wy),
we obtain the equivalent formulation:

Fy(ur) = wy fr + (1 — wy) By. 4

Feature-3DGS optimizes the features of each Gaussian
primitive by minimizing the feature loss L;. Here, we em-
ploy the Lo loss:

K
L= lwefe+ 1 —we)Be — fi°I5. ()
k=1

To simplify and intuitively analyze the feature bias, we
consider a randomly selected training view k£ and assume
achieving perfect fitting in this view:

wy fr + (1 — wi) By = f2P. (6)



Solving for the optimal feature f;* in this view yields:

P 2P — (1 — wi) By
t Wi )

wy # 0. (7

Substituting f2P = u + €

M 1—wg)Br | e

fi=—- g + —. ®)
Wk W Wk

Since both w; and By are random variables, we com-

pute the expectation E[f;] using conditional expectation

(E[E[X|Y, Z]] = E[X]). First, conditioning on wy, and By:

po (1= wk)By

E[f{ [wg, By] = — ©)
Wi Wi
Then, taking the overall expectation:
1—w,)B
E[f;] = Eu, 5, {“ _ (k)k] ) (10)
Wi Wi

The expected bias of this optimal solution relative to the
true feature p is:

1—wk

bias:E[ft*] _lu’:]Ewk»Bk |: (:U’_Bk‘):| . (D

Wk

This result aligns with Eq. (5) in the main paper, con-
firming the inherent bias in 3DGS feature learning. The
bias expression reveals two critical insights:

* Bias amplification from low contribution. The factor
(1 — wy)/wy amplifies the bias when the target Gaus-
sian’s contribution to pixel rendering is partial (wj, < 1).
This amplification becomes particularly severe when wy,
approaches zero, corresponding to cases where the Gaus-
sian is heavily occluded or has very low opacity.

* Neighborhood feature entanglement. The term (u —
By,) quantifies the discrepancy between the true feature
and the aggregated neighborhood features, meaning that
each Gaussian’s optimized feature deviates from its in-
trinsic characteristic y to compensate for neighborhood
context.

Notably, the bias vanishes only under two ideal conditions:

(1) when wy, = 1 (complete dominance of the target Gaus-

sian), or (2) when Bj, = p (perfect neighborhood consis-

tency). In practice, occlusions, viewpoint variations, and
scene complexity prevent these conditions from being met,
making bias an inherent limitation of a-blending in 3DGS.

A.3. Rigorous Analysis under Joint Optimization

The previous simplified analysis provides an intuitive un-
derstanding of the source of bias. However, the actual
optimization process in 3DGS involves joint optimization
across all views. To establish a more rigorous theoretical
foundation, we reanalyze the feature bias problem within
the joint optimization framework.

Specifically, we obtain the optimal feature f;* by mini-
mizing the loss function £ (corresponding to Eq. (5)). Ac-
cording to the first-order necessary condition in optimiza-
tion theory, the partial derivative of the loss function with
respect to f; should be zero at the extremum:

9ft — k kJt k k k .

Solving this yields the optimal feature f;*:

s S (P - - w)BY) e,
It = ZK w? ’ Zwk’ > 0.
k=1 "k k=1

Substituting f2P = u + €
_ MZII::1 wg + ZkK:1 W€k — Zszl wi (1 — wi) By
= = )
D1 Wi
(14)

Similarly, to compute the expectation E[f}], we employ
conditional expectation. First, conditioning on the sets
{wiHE | and {By}E ;:

MZkK:1 Wy — ZkK:1 wi (1 — wy) By,

K 2
k1 W
Then, taking the overall expectation:

NZ;{:1 Wy — 2521 wi (1 — wy) By,

(13)

Ii

E[fi {ws}, {Br}] =

5)

E[f?]=]E{wk},{Bk}[ K 2
k=1 "k
(16)

The expected bias of the optimal solution relative to the true
feature y is bias = E[f;] — p, namely:

S wk(1 — wy) (i — By)
Zszl w%
a7

Compared to the simplified single-view analysis in
Eq. (11), the rigorous joint optimization yields a more com-
plex but structurally similar bias expression in Eq. (17),
confirming that the feature bias is inherent to the a-blending
process in 3DGS. This theoretical understanding motivates
our proposed Geometry-Weighted Feature Fusion (GWFF)
approach, which avoids a-blending optimization altogether
and directly constructs unbiased features through multi-
view aggregation.

bias = E{wk},{Bk} [

B. Pseudo-code of K.C. Sampling and LGCV
B.1. Keypoint-Consensus Landmark Sampling

We present the pseudo-code of the Keypoint-Consensus
Landmark Sampling (K.C. Sampling) algorithm in Algo-
rithm 1. This algorithm implements an efficient sampling



Algorithm 1: Keypoint-Consensus Landmark Sampling

Algorithm 2: Local Geometric Consistency Verification

Require: Gaussians G; Feature Extractor F; Training
Views V; Distance Threshold 7; Landmark Number
n; Nearest Neighbors k

Ensure: Sampled landmarks (_3

1. S« 09

2: Q — (Z)

3: forveVdo

4: P, < Project(G.center, v)

5: T, < {i | P! within image bounds of I, }
6: Ky }_(Iv)

7: fori € 7, do

8: Amin < minke;g,u H/Pf] — ]CH
9: if dpin < 7p then

10: S[’L] — S[Z] +1

11 end if

12: end for

13: end for

14: A < RandomSample(G, n)
15: for a € Ado

16: N, <+ kNN(qa, G, k)

172 ¢* < argmaxgen, S[g]
18: G+ Gu{g*}

19: end for

20: return G

strategy for selecting representative landmarks from Gaus-
sian primitives through a two-stage process. First, it com-
putes consensus scores by evaluating Gaussian projections
against 2D keypoints across multiple views. Second, it ap-
plies random sampling with local KNN search to ensure ge-
ometric stability and uniform distribution.

B.2. Local Geometric Consistency Verification

We present the pseudo-code of the Local Geometric Consis-
tency Verification (LGCV) algorithm in Algorithm 2. This
algorithm is implemented in a tensor-operation style, which
enables the full utilization of GPU parallel computing capa-
bilities. Consequently, it achieves high computational effi-
ciency and can rapidly process large-scale point set data.

C. More Experiments

C.1. Evaluation Metrics

We provide the formal definitions of the evaluation metrics
used in the main paper. The rotation and translation errors
between the estimated and ground-truth camera poses are
calculated as follows:

e
AR = arccos (trace(RQR)1> , (18)
At = [t~ t2, (19)

Require: Source Points X € RY*2; Target Points Y €
RN *2; Nearest Neighbors K; Angular Threshold 7,;
Scale Threshold 7; Support Score Threshold Tgypport

Ensure: Valid match mask Miq € BY

I: I < KNN(X, K)

X, + gather(X,I),Y,, « gather(Y, )
AX + X, — X[:,None,:], AY «+ Y, — Y[:,None, :]

X + normalize(AX, dim = —1)
Y < normalize(AY,dim = —1)

R A A o

=4

Ax + matmul(X, X7), Ay < matmul(Y,YT)

—_ -
N o~

¢ Mangie < |Ax — Ay | < (1 —14)
13:
14: R ||AY [l2/([[AX]|2 +€)
12 Ry < RJ:,:,None], R; < RJ[:,None, ]
i; Ryiplet < stack([Ry, R;, R © R;, —1)
;(g)i Meate < var(Rgipler, dim = —1) < 7,
21: S < sum(Myngte A Micare, dim = (1,2))

(3%
N

: return Mg < S 2 Tupport

where R and £ represent the estimated rotation matrix and
translation vector, while R and £ denote the corresponding
ground-truth values.

C.2. Semantic Segmentation for Building 3DGS

Following the practice in [6, 9], we employ semantic seg-
mentation during training on the Cambridge Landmarks
dataset to enhance 3DGS reconstruction quality. We uti-
lize Mask2Former [5] to precisely isolate dynamic objects
(e.g., vehicles and pedestrians) and sky regions from the
static background, as visualized in Fig. A. The segmenta-
tion masks are utilized during the 3DGS reconstruction pro-
cess to exclude these transient elements, leading to cleaner
and more consistent 3D representations. The removal of dy-
namic objects reduces the formation of ghosting artifacts,
while the exclusion of sky regions eliminates unnecessary
geometry in areas lacking structural information.

C.3. Complete Localization Results on 12Scenes

We present the complete localization results on 12Scenes in
Tab. A, supplementing the four scenes shown in the main
paper due to space constraints.



Table A. Localization Results on 12Scenes. We report the median translation and rotation errors (cm/°) for each scene. The last column
reports the average over all 12 scenes.

Apartment 1

Apartment 2

Office 1

Office 2

Methods Avg.]
kitchen living bed kitchen living luke gates362  gates381 lounge manolis Sa 5b

APR  Marepo [4] 1.9/1.2 1.7/0.9 2.0/1.0 2.1/1.1 1.8/0.9 2.3/1.3 1.7/0.9 2.4/12 1.9/1.0 1.9/0.9 2.0/0.9 29/1.1  2.1/1.04
SCRNet [8] 2.3/1.3 2.4/0.8 3.3/1.5 2.1/1.0 4.2/1.8 4.4/1.4 2.6/0.8 3.4/1.4 2.7/0.9 1.8/1.0 3.6/1.5 34/12  3.0/122
SCRNet-ID [10] 2.6/1.4 2.0/0.8 2.0/0.8 1.8/0.9 3.0/1.2 3.711.3 2.1/1.0 2.9/1.2 3.4/1.1 2.6/1.2 3.3/1.2 3.8/1.3  2.8/1.12

Eﬁ) DSAC* [1] - - - - - - - - - - - - 0.5/0.25
“ ACE[2] 0.53/0.27  0.60/0.19  0.49/0.20  0.63/0.26 0.59/0.23 0.76/0.27 0.69/0.22 0.81/0.32 0.84/0.21 0.76/0.28 0.86/0.33 0.82/0.28 0.7/0.26
GLACE [14] 0.49/0.27  0.59/0.19  0.49/0.22  0.58/0.27 0.60/0.24 0.69/0.31 0.67/0.22 0.72/0.28 0.67/0.20  0.65/0.28 0.79/0.31 0.80/0.25 0.7/0.25
NeRF-SCR [3] 0.9/0.5 2.1/0.6 1.6/0.7 1.2/0.5 2.0/0.8 2.6/1.0 2.0/0.8 2.7/1.2 1.8/0.6 1.6/0.7 2.5/0.9 2.6/0.8  2.0/0.76
PNeRFLoc [17] 1.0/0.6 1.5/0.5 1.2/0.5 0.8/0.4 1.4/0.5 8.1/3.3 1.6/0.7 8.7/3.2 2.3/0.8 1.1/0.5 - 2.8/0.9  2.8/1.08
SplatLoc [16] 0.8/0.4 1.1/0.4 1.2/0.5 1.0/0.5 1.2/0.5 1.5/0.6 1.1/0.5 1.2/0.5 1.6/0.5 1.1/0.5 1.4/0.6 1.5/0.5  1.2/0.50

v»  GSplatLoc [13] 1.31/0.24  0.68/0.21 1.42/0.24 0.67/0.26 0.54/0.19 1.84/0.31 1.82/0.26 1.99/0.26 0.64/0.22 0.78/0.27 3.66/0.37 0.94/0.27 1.4/0.26
g GSFFs-PR Feature [11]  0.3/0.20  0.3/0.18  0.4/0.17  0.7/0.42  0.4/021  0.6/0.27 0.5/0.23 0.5/027 0.8/029 0.5/0.22 0.9/041 1.1/0.41 0.6/0.27
% Marepo+GS-CPR [9] 0.67/0.35  0.40/0.19  0.41/0.21  0.45/0.25 0.59/0.25 1.04/0.45 0.86/0.35 0.52/0.26 0.76/0.20 0.48/0.22  0.69/0.27 0.99/0.28 0.7/0.28
% ACE+GS-CPR [9] 0.46/0.22  0.44/0.17  0.44/0.18 0.40/0.19 0.50/0.20 0.64/0.27 0.57/0.20 0.56/0.24 0.71/0.21 0.51/0.20 0.68/0.27 0.57/0.19 0.5/0.21
STDLoc [6] 0.26/0.17  0.36/0.17 0.31/0.16 0.28/0.18 0.31/0.13  0.49/0.20 0.40/0.14 0.36/0.17 0.47/0.15 0.34/0.17 0.58/0.24 0.57/0.22 0.4/0.18

Ours 0.29/0.19  0.29/0.14  0.29/0.12  0.25/0.17  0.26/0.12 0.41/0.17  0.35/0.14 0.31/0.14 0.43/0.13  0.32/0.15 0.47/0.22 0.38/0.16 0.3/0.15

Figure A. Visualization of Segmentation Masks. From left
right: query images, segmentation masks, and rendered images.

Table B. Recall on Cambridge Landmarks Dataset. We report
the average recall (%) under different thresholds.

Methods Cambridge Landmarks
Avg.[50cm/5°]  Avg.[15em/5°]  Avg.A[10em/5°]

HLoc(SP+SG) [12] 91.4 64.8 52.0
ACE [2] 78.7 43.1 31.5
GLACE [14] 91.0 62.8 47.6
STDLoc [6] 95.4 70.8 59.9
GLACE+GS-CPR [9] 92.5 65.5 50.7
ACE+GS-CPR [9] 84.6 56.8 42.6
Ours 93.7 72.0 62.2

C.4. Additional Results on Cambridge Landmarks

Tab. B extends the Cambridge Landmarks evaluation from
the main paper by reporting recall rates under the more
stringent 10cm/5° threshold and adding comparisons with
the structure-based method HLoc [12]. Our method

achieves a recall of 62.2% at this challenging threshold, ex-
ceeding HLoc [12] by 10.2% and STDLoc [6] by 2.3%.
These results demonstrate the particular advantage of our
approach in high-precision localization.

C.5. Comparison of Localization Speed

We evaluate the computational efficiency of different meth-
ods by measuring their localization speed in frames per sec-
ond (FPS). As illustrated in Fig. B, our method achieves
a competitive speed of 4.4 FPS while maintaining superior
localization accuracy. This represents a significant speed
advantage over GSplatLoc [13] (0.6 FPS) and NeRFMatch
[18] (2.2 FPS), while being comparable to STDLoc [6] (3.9
FPS). The speed-accuracy comparison reveals that our ap-
proach strikes an optimal balance, delivering both high pre-
cision and practical efficiency.

18 Tsomie:
IROS2025

—_
g
S 154 O
5 ACE+GS-CPR
& ICLR2025
[sa)
= 124 STDLoc
S CVPR2025
=
=
g 9
g7 *
e
& Ours

6 T T T T

0 1 2 3 4 5

Speed (FPS)

Figure B. Average Median Translation Error and Speed Com-
parison on Cambridge Landmarks.

C.6. Ablation Study on LGCV Parameters

We conduct the ablation study of LGCV parameters on the
Cambridge Landmarks Court scene. We evaluate the per-
formance by reporting the inlier rate (%) after mismatch



Table C. LGCV Parameters Ablation on the Count Scene. We
report the inlier rate after removing mismatches with different pa-
rameter settings. The horizontal axis represents the scale threshold
Ts, and the vertical axis represents the angular threshold 7.

Inlier Rate (%) | 7s=0.05 7,=0.1 7,=02 71,=03 71,=04

7o = 0.8059 64.7 65.3 56.3 449 352
Tq = 0.8559 64.9 62.1 39.6
Tq = 0.9059 66.6 58.4
Tq = 0.9659 61.9
Tq = 0.9759 64.5
Tq = 0.9859 63.0

removal. The results under different parameter combina-
tions of the angular threshold 7, and the scale threshold 7
are summarized in Tab. C. The experimental results reveal
a clear trend: both overly lenient and overly strict thresh-
old settings lead to a degradation in the inlier rate. Specifi-
cally, when the thresholds are too lenient (e.g., 7, = 0.8059,
Ts = 0.4), the geometric constraints are insufficient to fil-
ter out all incorrect matches, resulting in a lower inlier
rate. Conversely, when the thresholds are too strict (e.g.,
7. = 0.9859, 7, = 0.05), the algorithm rejects a certain
number of correct matches along with the outliers, thereby
reducing the total number of valid correspondences and ul-
timately impairing the subsequent pose estimation. The
ablation study identifies an optimal parameter range that
balances the thoroughness of mismatch rejection with the
preservation of correct matches. Based on these findings,
we set 7, = 0.9659 and 75 = 0.1 for all experiments in the
main paper.

C.7. Qualitative Visualizations

We present extensive qualitative evaluations on the 7Scenes,
12Scenes, and Cambridge Landmarks datasets in Fig. C.
Each visualization is organized into four columns showing
different stages of our localization pipeline. The first col-
umn displays the original query image. The second column
visualizes 2D-3D correspondences by transforming them
into 2D-2D matches. We render the sampled Gaussian land-
marks after solving the initial pose to depict match quality.
The third column presents the rendered image using this ini-
tial pose. The final column stitches the query image and the
rendered image of the final pose to represent the localization
result.

The visual results confirm the effectiveness of our K.C.
sampling strategy and unbiased landmark features in gen-
erating reliable 2D-3D correspondences. Across all tested
scenes, our method produces consistently high-quality
matches that lead to accurate initial pose estimates. The
rendered images in the third column closely match the cor-
responding query images, demonstrating the accuracy of
these initial pose estimates. The precise alignment achieved

in the final column further validates the high localization ac-
curacy of our approach, demonstrating robust performance
in both indoor and outdoor environments.

C.8. Failure Case Analysis

Fig. D shows some failure cases of our localization ap-
proach. The results indicate that our approach consistently
achieves accurate initial pose estimation across these cases,
demonstrating the robustness of the K.C. sampling strat-
egy and the effectiveness of unbiased landmark features.
These features, combined with high-quality Gaussian land-
marks, enable reliable 2D-3D matching even in complex
environments. However, the pose refinement stage occa-
sionally fails due to limitations inherent in 3D Gaussian
Splatting reconstruction [7, 15]. Specifically, we observe
that floating artifacts near camera positions (a common is-
sue in neural rendering techniques) produce erroneous ren-
derings that mislead the image matching-based pose refine-
ment stage, ultimately leading to incorrect pose estimation
results. These failure cases indicate that employing a more
robust refinement method could be a promising direction for
future work.



Query 2D-3D Matches Render Localization

Figure C. More Qualitative Visualizations on 7Scenes, 12Scenes, and Cambridge Landmarks.



Render Localization

Figure D. Failure Cases Visualization. Initial pose estimation succeeds with robust 2D-3D matching, but the refinement stage fails due to
floating artifacts.
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