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Supplementary Material
In this supplementary material, we provide additional details
omitted from the manuscript. Sec. A covers implementation
and evaluated 3D tasks. Sec. B outlines the experimental
setup, and Sec. C explains our Gaussian-friendly evaluation
protocol. Sec. D presents additional comparison experiments
on pq codebook, while Sec. E includes qualitative results, an-
notation analyses, and city-scale dataset evaluations. Sec. F
addresses limitations and future directions. We also provide
a supplementary video that highlights city-scale experiments.

A. Implementation Details
Overall, our method consists of (1) a pre-processing stage
that constructs the codebooks in Product Quantization,
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and pre-training of 3DGS, (2) a training stage that aggre-
gates multiview CLIP embeddings into unified Gaussian-
registered embeddings, and (3) Inference stage that directly
referring to language-embedded 3D Gaussians for the down-
stream task.

Pre-Training stage. In the pre-processing stage, we need
to extract per-patch CLIP embeddings to build PQ code-
books. It consists of a patch extraction step, and a CLIP
embedding extraction step. To obtain patches, we utilize
the LVIS dataset, a large-scale dataset having ground truth
image segmentations. From the segmentation mask given
in the LVIS dataset, we identify object regions and crop
them into individual image patches. Each cropped patch is
then processed and encoded using the OpenCLIP ViT-B/16
model. Based on these predictions, we continue to build
PQ codebooks. We utilize FAISS [3] open-source library
for our Product Quantization implementation. We use 128
sub-vectors per embedding, with each subvector assigned to
one of 256 centroids, yielding an 8-bit index per subvector.
This process is illustrated in Fig. S5.

3D Gaussian parameters Θ [7] are also optimized during
the pre-processing stage. We typically care about this initial-
ization of the 3D Gaussians, which can potentially impact
the performance of the 3D scene understanding tasks. So,
we follow the original 3D Gaussian Splatting method and
utilize the optimized 3D Gaussians as our initial parameters.
In other words, the pre-training is conducted using the de-
fault hyperparameters from 3DGS [7] framework, running
30,000 iterations. Also, we consistently apply this paradigm
across different methods for fair comparison. Especially,
for LeGaussian [20] that employs mutual training, we dis-
abled 3D Gaussian updates during feature assignment in our
experiments.

Training stage. Based on the PQ and the initial 3D Gaussian
parameters Θ, we begin the training stage. All competing
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Figure S1. We illustrate the process of construction and encoding process of Product Quantization we used in Dr. Splat. (left) We first
construct by update subvector centroids using CLIP features extracted from large-scale object images. (right) After constructing PQ
codebook, centroids for each sub-vectors are kept frozen. For query feature, we divide into sub-vectors and are encoded into centroid indices
by finding nearest neighbor.

models and our proposed model are trained and evaluated
on a single NVIDIA RTX A6000 GPU to ensure fair per-
formance comparison. The training stage consists of three
main steps: extracting pixel-wise CLIP embeddings from
training images, the feature aggregation stage, and lastly
feature registration stage.

Given multi-view images, we extract dense CLIP features
assigned to each pixel. To obtain per-pixel CLIP features,
we adopt the feature extraction scheme by LangSplat [16],
which utilizes SAM [12]. To collect per-patch embeddings,
we followed the OpenGaussian framework and used a single-
level mask, while LangSplat utilized multi-level masks.

Once these CLIP features are extracted for all images,
we proceed to the feature registration step. In the feature
registration step, we iteratively measure the contribution
(weights) of pre-trained Gaussians for each ray assigned to
the pixels in the training images, and update the 3D Gaussian
embeddings. These weights are determined according to the
volume rendering equation, which defines their influence
during the color rasterization process (see Sec. 3.2 of the
manuscript). After the registration process, we normalize
the embeddings by dividing embeddings with L2 norms.

Lastly, we register aggregated features to 3D Gaussians.
For memory efficiency, we quantize the aggregated Gaus-
sians using the pre-trained PQ codebooks to encode features
to indices, a set of 128-channel 8-bit integer indices (Fig. S5).
While registration, Gaussians that were never selected in the
top-k process are pruned to reduce noise and memory con-
sumption. At the end of the training, we retain a set of
assigned Gaussians with 128 8-bit integer indices.

Inference stage. Finally, in the inference stage, the PQ-
assigned Gaussians from the previous steps are used. By

recalling the PQ index list assigned to each 3D Gaussian,
cosine similarity is computed between the embeddings of
a given text query, extracted using the same CLIP encoder,
and each 3D Gaussian. Detailed steps are provided in Sec.
3.3 of the manuscript. As the subvector norms do not sum
to 1, normalization by the sum of the subvector L2 norms is
applied. We can apply this by using the search function
in the Faiss library. The resulting similarity scores are then
used to perform various 3D tasks, as evaluated in the study.
The following sections explain how the computed activation
values are applied in each task.

B. Experiment Setup

We conduct experiments on three different tasks: 3D object
selection task, open-vocabulary 3D object localization task,
and open-vocabulary 3D semantic segmentation task. These
tasks are closely related to the 3D search as described in Fig.
1 of the manuscript as well as the 3D scene understanding
tasks [22].

3D object selection. To evaluate the model’s 3D awareness
capability, we evaluate a 3D object selection task. We first
extract text features from an open-vocabulary text query us-
ing the CLIP text encoder [17]. Next, we compare these text
features to the 3D Gaussian embeddings by computing the
cosine similarity score. By thresholding the similarity, we
identify the 3D Gaussians that are relevant to the given text
query. The threshold value for each method is determined
through a grid search to identify the optimal performance.

We use the LeRF-OVS dataset [8] with annotations by
LangSplat [16]. As the LeRF-OVS dataset lacks 3D ground
truth, we follow the 2D segmentation-based evaluation
method proposed by OpenGaussian [22]. This approach
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Figure S2. We compare the quality of the scenes and pseudo ground truth labels obtained from different evaluation protocols. (top) Trained
scenes following OpenGaussian evaluation protocol, which fix the positions and the number of the initial points during training. (bottom)
Trained scenes following our evaluation protocol, which dose not require any constraint during training.

evaluates 3D understanding by measuring multi-view 2D seg-
mentation accuracy between the rendered occupancy mask
from the selected 3D Gaussians and the GT object masks.
Ground truth segmentation masks are manually annotated
corresponding to text queries as described in [16]. We evalu-
ate the IoU and localization accuracy for the metric.

Open-vocabulary 3D object localization. Given an open-
vocabulary text query, we use the CLIP text encoder [17]
to extract a text feature of the given text query. Then, we
compute the cosine similarity score between the query text
feature and the Gaussian-registered embeddings. Finally,
we select highly relevant 3D Gaussians by thresholding the
obtained cosine similarities. We set the threshold of each
method individually by searching the thresholds that show
the best mIoU on the scenes used for evaluation.

Open-vocabulary 3D semantic segmentation. We further
evaluate our method using the open-vocabulary 3D seman-
tic segmentation task. For a given set of open-vocabulary
text queries representing categories, we use the CLIP text
encoder to extract a language embedding for each query.
We then compute the cosine similarity scores between the
3D Gaussian embeddings and the language features from

the given text queries. Using the obtained cosine similarity
scores, we assign each 3D Gaussian to the category with the
highest the cosine similarity score.

C. Evaluation Protocols

Limitations of existing evaluation protocols. Compared
to the previous works, such as LERF [8], LEGaussian [20],
and LangSplat [16], our method challenges to leverage the
3D Gaussian representation into the 3D scene understanding
tasks. Similar to ours, OpenGaussian [22] is a concurrent
work that aims at the open-vocabulary 3D semantic seg-
mentation task as well. However, unlike OpenGaussian, we
introduce a new evaluation criterion specialized for the 3D
Gaussians, instead of using point cloud-specific evaluations.

OpenGaussian [22] computes evaluation metrics directly
from 3D Gaussians, using ScanNet [2] ground truth point
clouds with semantic labels. It aligns Gaussian centers µ
with dataset points [x, y, z] and keeps both µ and the number
of Gaussians N fixed during parameter optimization. This
differs from vanilla 3D Gaussian Splatting [7]. As shown
in Fig. S2, their approach introduces significant quality is-
sues, influenced by the evaluation metric. However, the



reason behind this optimization trick is related to evaluation.
The evaluation by OpenGaussian involves predicting la-

bels for each Gaussian and measuring their alignment with
the ground truth point cloud using Intersection over Union
(IoU). To compute IoU, the overlap (intersection) and to-
tal extent (union) of the points are calculated between the
3D Gaussians’ center locations {µ} and the ground truth
point clouds at fixed positions. As we discussed, since Open-
Gaussian does not update the locations of the 3D Gaussians,
which is identical to the locations of the 3D ground truth
points, they simply count the overlap and union without
considering the volumetric properties of the 3D Gaussians.

We claim that such an evaluation protocol has two domi-
nant issues. First, by pre-defining the number of Gaussians
as well as the center locations of the 3D Gaussians, the opti-
mized 3D Gaussians produce degraded rendering quality as
shown in Fig. S2, which is not a practical solution. Second,
the aforementioned IoU is calculated only with the number
of 3D Gaussians, which does not consider the significance
of each Gaussian having different shapes and densities.
Our Gaussian-friendly evaluation protocol. To address
these limitations, we propose a novel evaluation protocol to
compute IoU from 3D Gaussians. Our evaluation protocol
follows the original 3D Gaussian Splattings’ optimization
scheme [7] by updating the location of the 3D Gaussians
as well as the number of 3D Gaussians. After we obtain
the optimized Gaussians Θ, these parameters are used to
train language-embedded Gaussians. Then, the following
question is how we assign the ground truth semantic labels
for each Gaussian from the existing per-point semantic an-
notations provided by the ScanNet dataset [2].

Starting from the given Q numbers of point cloud P =
{pk}Qk=1 and a set of semantic labels S = {s}, we com-
pose a paired set of points and their labels as {pk, s

pk}Qk=1,
which is provided by the official datasets. We mea-
sure the Mahalanobis distances between the language-
embedded 3D Gaussian parameters Φ = {θi, f̃i}Ni=1 =

{µi, Si, Ri, αi, ci, f̃i}Ni=1 (Sec. 2 of the manuscript) and
ground truth point clouds. Note that the Mahalanobis dis-
tances is already used in the 3DGS [7] when computing effec-
tive alpha values, as stated in the Eq. 1 of the manuscript. We
maintain to use this equation to calculate the Mahalanobis
distance dmahal(·) between volumetric 3D Gaussian θ and
3D point p as:

dmahal(p, θ) = (p− µ)⊤Σ−1(p− µ). (1)

Using the Mahalanobis distance, we determine the semantic
label of each Gaussian as below:

sθi = argmax
s∈S

( ∑
pk∈P

1{spk = s} · dmahal(pk, θi)
)
, (2)

where sθi is the semantic label of the i-th 3D Gaussian θi,
1{spk = s} is an indicator function returning 1 only when

k-th point label is identical to a semantic label s ∈ S. In
shorts, this equation determines the semantic label of each
3D Gaussian from the specific semantic label s that has the
highest sum of the Mahalanobis distances from the ground
truth point to each 3D Gaussian.

The proposed assignment process enables generally ap-
plicable evaluation of 3D Gaussians without any constraints.
Fig. S2 shows the quality degradation of the trained scene
following the OpenGaussian evaluation protocol, which fixes
the position and the number of initial points during training.
On the other hand, our generalizable evaluation protocol
does not impose any constraints during the training of Gaus-
sians, and it also enables high-quality scene reconstruction,
effectively capturing detailed areas.

With the obtained N number of pseudo GT 3D Gaussians,
we measure IoU by considering the volumetric significance
of each Gaussian. We define the significant score di for
each Gaussian θi with its scale si = [six, siy, siy]

⊤ and
opacity αi as di = sixsiysizαi where sixsiysiz denotes a
relative ellipsoid volume of a Gaussian θi. With the obtained
significant scores d = [d1, d2, ..., dN ]⊤, we calculate IoU
of i-th 3D Gaussians for the label as:

Intersectioni = d · (lpred
i ⊙ lgt

i ),

Unioni = d · (lpred
i + lgt

i − (lpred
i ⊙ lgt

i )),

IoUi = Intersectioni/Unioni,

(3)

where lpred
i ∈ RN and lgt

i ∈ RN are binary vectors indicat-
ing whether the predicted/GT label of each Gaussian is the
n-th label, sθ in Eq. (2). The proposed metric is designed to
assign a larger weight to the Gaussians with higher signifi-
cant scores when measuring IoU, and the significant score
endows our metric with volume-awareness.
Volume awareness of the proposed metric. To validate
that the proposed metric can effectively approximate the
volumetric IoU of the 3D scene, we compare our metric with
another volume-aware IoU measurement based on voxel
representation. Before measuring IoU with voxels, we train
3D Gaussians and generate labeled pseudo-GT 3D Gaussians
with Eq. (2). Then we first sample voxels in the scene,
and allocate a GT label to each voxel with the labeled 3D
Gaussians. We obtain the most likely label of each voxel by
defining the label score. The label score lvoxel

jn is computed
with the opacity αi and the density N (vj |µi,Σi) of each
Gaussian at the position of a voxel vj as:

lvoxel
jn =

∑
θi∈Θ

αi · 1{sθi = s} · N (vj |µi,Σi), (4)

where 1{sθi = s} is an indicator function determining
whether a Gaussian θi is assigned to the n-th label and
det(Σi) is the determinant of Σi. With the obtained score,
we first filter out empty voxels by thresholding with: pj =



OpenGaussian evaluation Our evaluation
OpenGaussian Ours OpenGaussian Ours

IoU > 0.15 52.7 54.3 57.8 52.6
IoU > 0.30 36.4 39.4 38.0 40.3
IoU > 0.45 14.7 15.5 18.3 25.6

3D mIoU 23.1 25.0 25.2 25.4

Table S1. We compare different metrics for measuring IoU, pro-
posed by OpenGaussian [22] and our work.

∑L
n=1 l

voxel
jn , where L is the total number of the labels, which

can be interpreted as a density of each voxel vj . Then we
assign a label with the highest score, as the GT label of each
voxel. We can also generate predicted labels of voxels using
the predicted labels of Gaussians in the same manner, and
can evaluate IoU by comparing the GT and predicted labels
of the voxels one-to-one.

Volume awareness is inherent in this voxel-based IoU
evaluation as the voxels explicitly represent the volume of
the scene. We show the volume-awareness of our evalua-
tion metric by showing a correlation between our metric and
voxel-based metric in Fig. S3. As can be seen, our metric ob-
tains a high correlation with the voxel-based IoU evaluation
metric by considering the significant score when calculating
IoU. This result shows the necessity of the significant score,
which endows our metric with volume awareness.

Although the voxel-based IoU evaluation effectively mea-
sures volume-aware IoU of the scene, the computational cost
to assign labels is too expensive. Each time new labels of
Gaussians are predicted, the process of assigning them to
the voxels is required for evaluation. Different from voxel-
based IoU evaluation, our IoU evaluation protocol has a low
computational cost, since there is no repeated assignment
process after we once generate the labeled pseudo-GT Gaus-
sians. In other words, our proposed IoU evaluation protocol
is a fast and volume-aware evaluation for measuring the IoU
of scenes represented by 3D Gaussians.
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Figure S3. Scatter plot of mIoUs with different mIoU evaluation
protocols, measured from eight scenes of the ScanNet [2] dataset.
(left) Low correlation between voxel-based metric and our metric
without significant score, i.e., same score di for all Gaussians.
(right) High correlation between voxel-based metric and our metric.

D. Analysis on Product Quantization
D.1. Search-time Experiments
In addition to its memory efficiency, Product Quantization
significantly enhances search speed. Product quantization
can approximate distances between vectors using quantized
sub-vectors. By precomputing and storing distances between
subvector centroids in a Look-Up Table (LUT), distance cal-
culations between query and database vectors during the
search phase are reduced to simple indexing operations. The
precomputation shifts the complexity of vector distance cal-
culations from O(ND) for a D dimensional vector to O(N)
per subvector.

Use of LUT can be described as follows. For trained PQ
centroids clj , for l = 1, 2, . . . L, and j = 1, ..., 2k, where L
is number of sub-vectors, and k refers the number of bits
used for indexing each centroids. LUT is stored as follows:

LUTl[i, j] = ||cli − clj ||22,where i, j ∈ {1, 2, ...2k}. (5)

Then for vectors, v1 = [v11, . . . ,v1L], v2 = [v21, . . . ,v2L]
mapped to indices j1 = [j11, j12, ..., j1L], and j2 =
[j21, j22, ..., j2L], distance is computed as summation of
each retrieved LUT values following each PQ indices:

d(v1, v2) =

L∑
l=1

LUTl(j1l, j2l). (6)

We can also compute the cosine similarity of the vectors,
by computing inner products rather than distances, following
normalization by the sum of each norm of each sub-vector.
Despite the quantization errors, previous literature [5] shows
that these errors remain within certain quantization bounds,
preserving the correlation between the approximated and
actual distances.

The scalability and speed of the proposed approach make
it particularly suitable for handling complex 3D data. We
compared search speed between computing cosine similarity
of CLIP features and distance computation in product quan-
tization (see Fig. S4). Under identical hardware conditions,
the proposed LUT-based approach demonstrated substantial
speed improvements compared to cosine similarity compu-
tation between CLIP features: with a subvector size of 128,
64, 32 search performance improved by approximately 2×,
6.6×, 14.1× respectively. These improvements underscore
the computational advantages of the proposed method.

Considering that rendering-based methods require signifi-
cantly greater computation compared to 3D data processing,
Dr. Splat’s approach demonstrates its superior efficiency in
search efficiency, and establishes itself as a practical and
scalable solution for 3D data search and processing at scale.

D.2. Scalability of the PQ codebook.
Our PQ codebook provides a scalable, scene-agnostic com-
pression method. Unlike per-scene codebook optimization,
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Figure S4. We compare inference speed between product quantiza-
tion LUT based method and ordinary cosine similarity calculation.
We calculate average inference time spent over one million feature
points. We report mean values over 100 repeated experiments

PQ requires no extra training to new scenes, ensuring imme-
diate applicability and versatility for compression tasks. We
already analyzed the trade-off between compression size and
3D task performance in Sec. 4.4, and Fig. 9-(a) in main. To
further evaluate information loss with traditional codebook,
we compare reconstruction accuracy during compression
in Table S2. We train LSH (random projection) [1] and
LangSplat’s [16] AutoEncoder (AE) on CLIP features from
the LVIS dataset. For evaluation, we test on the LeRF dataset
by calculating cosine similarity between the original CLIP
features extracted from the test dataset and the reconstructed
features using each codebook. For same compression rate,
ours shows superior reconstruction accuracy, which demon-
strates the effectiveness and scalability of PQ codebook.

Codebook 1/32 1/16 1/8
LSH 79.71 (-11.15) 88.35 (-7.70) 93.69 (-5.33)
AE 82.58 (-8.28) 84.03 (-12.03) 85.18 (-13.84)

PQ (ours) 90.86 96.06 99.02

Table S2. Reconstruction accuracy on LeRF dataset. {1/32,
1/16, 1/8} are the compression ratios. AE denotes AutoEncoder.

E. Additional Results
In this section, we present additional results that are not
shown in the manuscript due to space constraints.

E.1. Additional results on presented 3D tasks
We first show more experimental results for the 3D object
selection task in Fig. S6, and the 3D localization task in
Fig. S7 which are not included in the manuscript due to the
space limit. Consistent with our earlier observations, the
LangSplat model struggles to learn accurate 3D features.
While it occasionally follows feature patterns, it frequently
produces significant noise, making it unsuitable for real-
world applications such as localization, object grabbing, or

3D 200 classes
mIoU IoU > 0.15 IoU > 0.3 IoU > 0.45

LangSplat-m [16] 3.9 7.6 3.5 0.8
LEGaussians-m [20] 4.0 7.4 3.8 1.4
OpenGaussian [22] 14.7 34.2 18.9 11.0
Ours (Top-20) 14.6 36.3 18.6 9.4
Ours (Top-40) 14.9 36.0 19.3 14.0

Table S3. We compare evaluate our method with previous methods
on the ScanNet-200 dataset.

3D image editing. Additionally, we observe persistent spa-
tial bias in the OpenGaussian method, as previously noted,
see red cup, plate, or wavy noodles, and bed cases in Fig. S7,
it fails to select relevant regions in others. In contrast, our
proposed method, which allows direct search and inference
in 3D space, consistently identifies favorable localization per-
formance. This demonstrates the robustness and practicality
of our approach compared to competing methods.

In the Sec.C, we demonstrated that our metric provides
superior volumetric alignment compared to existing ap-
proaches. To further validate the superiority of our model,
we also evaluated its performance using the metric proposed
by OpenGaussian. We confirm that our method outperforms
even using other evaluation protocols as shown in Table S1

E.2. Experiments on the ScanNet200 dataset
The proposed model and its counterparts are designed to op-
erate effectively in open-vocabulary settings. To evaluate per-
formance under more comprehensive open-vocabulary cases,
we conducted additional experiments using the ScanNet-200
annotation [19], which extends the ScanNet limited-label
of 20 to 200 semantic categories, including tail categories
such as armchair and windowsill. These rare classes provide
a closer approximation to real-world scenarios and enable
a robust assessment of the models’ generalization capabili-
ties. For consistency, experiments are conducted using the
same scenes as previous benchmarks, following ground truth
annotations as described in Sec. C.

The results, summarized in Table S3, demonstrate that the
proposed model consistently outperforms its counterparts,
which highlights superior generalization across diverse ob-
ject spaces. The results validate the proposed model’s ability
to excel across both constrained and diverse object spaces,
emphasizing its potential for practical application in complex
real-world scenarios.

E.3. Experiments on the city-scale dataset
As suggested in the previous work [9–11], the proposed
method is further evaluated in a large-scale scenario using
the Waymo San Francisco Mission Bay dataset [21], which
features expansive spatial contexts. For each scene, the
dataset comprises approximately 12,000 images captured
by 12 cameras, providing a challenging and diverse testing
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Figure S5. We illustrate the process of construction and encoding process of Product Quantization we used in Dr. Splat. (left) We first
construct by update subvector centroids using CLIP features extracted from large-scale object images. (right) After constructing PQ
codebook, centroids for each sub-vectors are kept frozen. For query feature, we divide into sub-vectors and are encoded into centroid indices
by finding nearest neighbor.
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Figure S6. We compare 3D object selection task in LeRF dataset with Langsplat [16], and OpenGaussian [22]. We visualize selected
Gaussians with high similarity to query text. Langsplat shows noisy, 3D uncorrelated activations, and Opengaussian often show false positive
activations, while our method show accurate localization showing superiority on generalizability.

environment for 3D localization tasks. We select 3 blocks of
the scene for large-scale scene tests.

We conducted comparisons against the LangSplat-m
model for the 3D text-query localization task as shown
in Fig. S8. Our evaluation focused on qualitatively assessing
how well each model performs in localizing queries within
the 3D space. Our method consistently succeeds in localiz-
ing diverse text queries, demonstrating robust and accurate
performance across various contexts. In contrast, LangSplat-
m struggles to make precise predictions, particularly with
its 3D Gaussian representations failing to align with the ex-
pected ground-truth values. These findings are consistent
with our earlier observations regarding the limitations of

LangSplat-m’s approach.
As shown in Fig. S9, we can see that the results reflect

not only objects, but also attributes like color to some ex-
tent. Additional visualizations of the results can be found
in Fig. S10 and the supplementary video, which provides
a more comprehensive view of the qualitative differences
between the methods. We strongly encourage readers to
refer to these supplementary materials for further insights.

The differences between the methods become even more
pronounced when considering search speed in large-scale
scenarios. For example, the Waymo dataset contains over
2.9M Gaussians, with individual images requiring nearly 1M
computations per image for over 100 images. The computa-
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Figure S7. We compare 3D object localization results between competing methods [16, 20, 22] with Dr. Splat. 3DGS with similarity above
the threshold (0.562) are shown in yellow, while those below the threshold are displayed in blue. Greenbox indicates successful localization,
while red boxes indicates missing or false positive in 3D localization.

tional efficiency of the proposed method allows it to handle
such large-scale data more effectively, highlighting its scala-
bility and practical applicability in real-world scenarios.

F. Broader Applications and Limitations

Broader application. The proposed method offers the
potential for broader applications across diverse scenar-
ios. Similar to works that explore the application in point
cloud [4, 15] and MLP-based methods [18], our approach,

using 3DGS, can be extended to support various input
modalities, such as click or image queries, by leveraging
a self-referencing mechanism. Additionally, integrating our
method with Large Language Models (LLMs) could facil-
itate dialogue-based interactions, allowing users to dynam-
ically issue commands or explore the environment. This
integration suggests promising avenues for developing 3D
interactive systems that go beyond simple search tasks. Our
approach is feature-agnostic, enabling straightforward exten-
sion to various feature representations, such as DINO [14]



3DGS scene Dr. Splat (ours)LangSplat-m

“r
ed

 li
gh

t”
“g

re
en

 li
gh

t”

Figure S8. We compare 3D localization between rendering based Langsplat-m with registration based Dr. Splat. While LangSplat-m shows
randomly distributed activations, fail to localize the target, ours model successfully detect the target in both cases.

or other features, allowing adaption to diverse applications,
i.e. rendering stylization [6, 9, 10].

Furthermore, applying the method to canonical forms
could support dynamic 3D scenes [13, 23]. This adapta-
tion would extend the applicability of our approach beyond
static environments, demonstrating its versatility in handling
complex, real-world scenarios.

Limitation. While our method has demonstrated robust
performance across diverse combinations of nouns and ad-
jectives (e.g., “tea in a glass,” wavy noodles,” and red light”
in Fig. S6 and Fig. S10) as well as unfamiliar nouns (e.g.,
nori,” waldo,” and safety cone”), without additional training,
generalization remains an area for improvement. Exploring
additional training techniques for Product Quantization (PQ)
could further enhance the method’s capabilities. Further
exploration of Product Quantization (PQ) training, such as
using more diverse datasets or finer-grained query represen-
tations, could enhance adaptability across varied contexts.

Despite its advantages, some limitations of the proposed
method have also been identified, particularly related to
CLIP features. Occasionally, related but distinct objects are
simultaneously activated for a given query. For instance, the
query “red apple” might activate non-red apples or unrelated
red objects. This stems from CLIP’s semantic associations
and could be mitigated with post-processing techniques like
re-ranking to improve query specificity.

Lastly, similar to previous methods [16, 20, 22], ours also
requires to set an appropriate threshold. In this study, we uti-
lize a fixed similarity threshold employed a fixed similarity
threshold across all scenes, ensuring stable and reproducible
results. However, optimizing thresholds for specific sce-
narios or implementing dynamic adjustments could further
refine localization accuracy in diverse environments.
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Figure S9. Visualization of 3d localization in different attributes (e.g., color) given as query. The result highlights the ability of Dr. Splat
(ours) to effectively distinguish attributes such as “green light” and “red light” in scenes based on text queries, demonstrating the robustness
in open-vocabulary understanding.
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Figure S10. Qualitative results of Dr. Splat on 3D localization task in city-scale data showcasing Dr. Splat’s generalization performance
across diverse text queries includes various target objects and concepts.
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Lomeli, Lucas Hosseini, and Hervé Jégou. The faiss library.
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