EmbodiedSplat: Online Feed-Forward Semantic 3DGS
for Open-Vocabulary 3D Scene Understanding
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A. Additional Explanations.

In this section, we supplement the additional details about
our study including the experimental settings (Sec. A.1) and
further details for the overall framework of our Embodied-
Splat (Sec. A.2) and EmbodiedSplat-fast (Sec. A.3).

A.1. Implementation Details.

Model & Training Details. EmbodiedSplat is built on top
of pretrained FreeSplat++ [41], which is the feed-forward
3DGS that supports whole-scene 3D reconstruction. 3D
sparse U-Net [7] with temporal-aware memory adapter [46]
are attached to obtain 3D geometric-aware features g where
Minkowski Res16UNetl18A [7] is adopted as 3D U-Net.
The training of EmbodiedSplat consists of two stages which
are explained in Sec. 5. Memory-based adapter is trained
only in the second stage, where it is zero-initialized to
enable a smooth fine-tuning, following [46]. We adopt
Adam [1] optimizer with an initial learning rate of 1e-4 fol-
lowed by cosine decay for both stages.

Keyframe Selection. For the experiments, we select
keyframes for each testing scene that cover the entire
scene from the full set of multi-view images, following
[11, 16, 36]. Specifically, we calculate the pose distance
between two cameras as follows:

2
dist(Trel) = \/||trel|2 + gtr(]l - Rrel)7 (9)

Dataset ‘ Scene ID ‘ Num of multi-view images ‘ Num of keyframes
scene0000.01 5920 363
scene0046.00 2480 280
scene0079.00 1196 119
scene0158.00 1920 83
. scene0316.00 770 45
SeanNet 01 Cene0389_00 1415 205
scene0406.00 1414 120
scene0521.00 1566 84
scene0553.00 1500 61
scene0616.00 3027 226
09cl414f1b 2391 428
9071e139d9 1221 310
SeanNet+[47] | oarearisn 652 138
c49a8c6eff 1188 253
office0 900 230
officel 900 230
office2 900 230
. office3 900 230
Replica [38] officed 900 230
room0 900 230
rooml 900 230
room2 900 230

Table 7. Configurations of the three benchmarks [9, 38, 47].

where Tyl = [Ryel|trel] denotes the relative pose between
two cameras. If the pose distance between current frame
and last keyframe exceeds 0.1, we append the current frame
to the list of keyframes. Collected keyframes are treated
as streaming images for the experiment of our Embodied-
Splat. Tab. 7 presents the list of testing scenes for each
benchmark with the number of selected keyframes. Note
that the same set of keyframes is used to train all per-scene
optimized baselines [6, 21, 22, 26, 32, 37, 43] to ensure fair
comparisons.

Point clouds Annotation. To evaluate the performance
on 3D semantic segmentation, we assign text labels to
the ground-truth point clouds using the optimized seman-
tic 3DGS, following [17, 18]. Given M semantic Gaussians
and C' text labels, we first compute the per-Gaussian se-
mantic logits P € RM*¢, To obtain the semantic logit for
apoint p € R3, we aggregate the semantic logits of multi-
ple Gaussians weighted by their Mahalanobis distance [10]
to p. Specifically, the scaled semantic logit contributed by
i-th Gaussian to point p is formulated as:

N 1 _

P =exp(—5(p— ) 27 (p— )P, (10)
where P;, u; and X; are the semantic logits, 3D mean vector
and 3D covariance of i-th Gaussian, respectively. The final
semantic logits for a point p is then computed by summing

the weighted logits from every neighboring Gaussians that
are located sufficiently close to p, as formulated in:

P= Z P, (11)



dt dt dt
Figure 6. Depth visualizations with RGB-D inputs.

where N(p) denotes the set of neighboring Gaussians of
point p. Annotated point clouds are compared to the
ground-truth semantic labels to evaluate the 3D semantic
segmentation performance. Since EmbodiedSplat and all of
the baselines exploit the camera poses given by the dataset,
the resulting 3DGS is already aligned with the ground-truth
point clouds which enables the proper aggregation of 3DGS
to given 3D points via Eq. 10.

Using Ground-Truth Depth Maps. Embodied agent
equipped with depth sensor can acquire RGB-D inputs in-
stead of RGB alone. Therefore, we also evaluate the per-
formance of our EmbodiedSplat with RGB-D instead of
using depth predictions from the model (c¢f. gray-colored
rows in Tab. 1-2). However, depths estimated from sen-
sor often contains holes which represents missing or invalid
depth values. These typically arise from the surfaces that
are reflective, transparent, too dark, too thin, or outside the
valid measurement range. Hence, we fill the missing re-
gions of the sensor depth d’. with depth predictions d* from
our model, formulated as:

i) {d@(z‘), if dt (i) > le — 3 and d% (i) < 10, 12

dt(i), otherwise

where i € {1,--- , H x W}. Fig. 6 shows the d, d’, and d",
respectively. Sensor depths d’ show large missing parts in-
dicated with white, where those parts are filled by predicted
depths, resulting in a smooth and complete depth maps dr.

A.2. EmbodiedSplat

The main objective of our EmbodiedSplat is to map the T’
number of posed streaming images into open-vocabulary
3DGS which supports diverse perception tasks such as 1)
3D semantic segmentation, 2) 2d-rendered semantic seg-
mentation and 3) noviel-view synthesis with depth render-
ing, while achieving near real time reconstruction speed.
Here, we explain further details for inference pipeline of
our EmbodiedSplat.

Warm-up Stage. Our EmbodiedSplat first collects the N =
30 number of images and reconstructs the initial semantic
3DGS as warm-up stage. The warm-up stage is performed
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Figure 7. Toy example of sparse coefficient field initialization
at ¢th pixel. 1) We first add index to each instance-level mask. In-
dex starts from 47 since the latest index in global codebook from
previous time step is 46. 2) Instance-level features extracted from
current frame I? are appended into codebook with attached in-
dices, producing updated codebook C*. 3) We initialize the index
cache I} (i) and weight cache Qf (i) of i-th local Gaussian aligned
with ¢-th pixel. Since -th pixel belongs to instance ‘53’, index
‘53’ is added to first entry of I} (7): I} (i,0) = 53. Corresponding
confidence value wf (i) is further inserted into first entry of Qf(4).

offline, requiring approximately 33-34 seconds in the Em-
bodiedSplat setting and 4-5 seconds in the EmbodiedSplat-
fast setting. Constructed semantic 3DGS serves as start-
ing point which is then progressively expanded in an online
manner as the model continues to explore the scene.

Local Semantic Gaussians Field. Given the current frame

It with time step ¢, we select the N = 30 past frames from

the previous time steps t — IV to ¢t — 1. N reference views

and I* are converted to the local semantic Gaussians field

O = {ul,wt, £, 1¢, Ot gl with updated global codebook

C! through the process described below:

* Local gaussian triplets {u} ,w! f/}: We follow the
FreeSplat++ to obtain the local gaussian triplets by lever-
aging the CNN-based network £. Specifically, the back-
bone features of I and N reference views are extracted
using a shared 2D backbone, after which a cost volume is
constructed between them via plane sweep stereo [8, 19].
Obtained cost volume is then processed by UNet++ [52]-
like decoder, outputting the depth map d* € RH*W,
pixel-wise Gaussian latents ff € RP*WxD and con-
fidence scores w! € RT*W for each Gaussian latent.
Finally, 2D pixels are unprojected to 3D space by us-
ing depth prediction d’, resulting in 3D points u} €
RH*XWX3 Here, H x W denotes the resolution of input
images and D represents feature dimension of ff. Kindly
refer to FreeSplat++ [41] for more details.

« Sparse Coefficient Field {I}, 2!} and codebook C':
We lift the original 2D CLIP features to each Gaussian
through our novel sparse coefficient field, preserving both
memory efficiency and full semantic capability of CLIP.
We provide the illustration of toy example for local sparse



coefficient field initialization in Fig. 7 for better under-
standing.

* 3D CLIP Features g}: Given the pixel-aligned Gaus-
sian latents flt and pixel-wise CLIP features sf, semantic-
aware Gaussian latents g are obtained by doing g/ =
f! + proj(s}), where MLP layer proj(-) is adopted
to match the feature dimension between them. Then,
gl € REXWXD and 3D points pf € RE*W>3 con-
struct the local feature point clouds which is subsequently
processed by 3D U-Net and memory-based adapter.
Memory-based adapter retrieves the global Gaussian la-
tents /="' and their 3D coordinates y/~! from the pre-
vious time step, and selects the latents that are spatially
close to the local feature point clouds in 3D space. While
the 3D U-Net processes the local point clouds as input, se-
lected global latents are injected to its intermediate layers.
This design enables the network to aggregate geometric
priors not only from the local point clouds of the current
frame, but also from the previously reconstructed global
scene. Resulting 3D features g} € R7ZxWxD " compen-
sate the 3D geometric prior to 2D CLIP features, leading
to the clear performance improvement in 3D scene under-
standing (cf. Tab. 3). Kindly refer to [46] for more details
about memory-based adapter.

Gaussians Fusion. Obtained local semantic Gaussians O}
are then fused with the global Gaussians (:)Z*1 to produce
the updated global set (:)g at step ¢. Gaussian fusion is ap-
plied only to valid Gaussians pairs between the local and
global sets where the valid pairs are determined according
to the rules described below.

For i-th local Gaussian ©! (i) which is aligned with i-th
pixel of current frame ¢, we first obtain a set of Gaussians
S! from global set @;’1 whose 3D coordinates project onto
pixel 7 in frame I¢. Subsequently, we search the valid match
for ©!(i) within the S} based on the broader fusion tech-
nique proposed by [41]:

arg min d} (), ifdf(i) — min; ¢ g¢ di (5) > —6,
my = jes!t (13)
a, otherwise

where ¢ is a threshold and d/(j) is the depth value of j-
th global Gaussian in S!. Similarly, df(¢) is the predicted
depth value of i-th local Gaussian on frame I*. Local Gaus-
sians which have no valid match (©) are directly appended
to the global set without modification. In contrast, resulting
valid Gaussians pairs (i,m;) € P are fused according to
the following fusion rule:

wt (@) pt (3) + wy ' (ma) g (ma)

pg(mi) = t(‘)+w§‘1(mi) , (14
wp(mi) = wi (8) + w~ ' (my), (14b)
£l (mi) = GRU(f (4), ££7"(ma)), (14c)
g, (mi) = GRU(g] (1), &5 ' (m4)), (14d)
I} (ms), Q (my) = F(Ij( )Qt 1(ml)) (14e)

Here, F(-,-) denotes our proposed online fusion algorithm
for sparse coefficient field which is described in Algorithm.
1. Next, we provide the further details about our sparse
coefficient field with its online fusion algorithm F (-, -).

Motivation of Sparse Coefficient Field. At the beginning
of Sec. ??, we introduce a naive approach for lifting the
pixel-level 2D CLIP features to each Gaussian. Eq. 3 sub-
sequently fuses the local CLIP features with paired global
features based on the confidence-weighted average. It can
be rewritten as:

(1—a) s, (ms), (15)

sg(mi) =a-si(i)+
wi (1)
wi (i) +wg™ ' (mi)
ear combination. During the exploration from step 1 to 7T,
the 2D CLIP features of m;-th global Gaussian may be pro-
duced by fusing the £ > 1 number of local features by re-
peating the weighted-sum of Eq. 15 for £ — 1 times. For
example, if k& = 3, the final CLIP features sg(mi) of m;-th

global Gaussian can be formulated as:
Sz;(mz) = (1 — 012)((1 — 041) . sl(mi,O) + aq -sl(mi, 1))
+ag - Sl(mla )
=1-a2)(1—ai1)-
+ ag - Sl(mza 2)

where @ = denotes the coefficient of lin-

si(ms,0) + (1 — a2)as - si(my, 1)

k-1
=Y Bj-si(mi,j), k=3,
i=0

(16)
where s;(m;) is the set of k CLIP features collected across
k different views to produce sg(mi). «; denotes the coeffi-
cent of ¢-th fusion operation from Eq. 15. Eq. 16 shows that

T

s, (m;) can be represented as linear combination of s; (m;),

where 32770 3 =
for sg(mi) and [ denotes coefficients for each local basis.
Note that Eq. 16 can be generalized to any number of k.

The main idea of our sparse coefficient field {I, 2} is to
leverage the weighted combination of local basis in Eq. 16
to store per-Gaussian CLIP features in memory-efficient
manner. Pixel-level to Instance-level: We replace the pixel-
level local basis s;(m;) with instance-level representations
and allow every Gaussians to share the same global basis
dictionary C through lookup indices. Specifically, index
cache I stores the indices where they are linked with corre-
sponding instance-level CLIP features stacked in the global
codebook C. These instance features serve as global ba-
sis function for semantic features of each Gaussian. Weight
cache € further stores the coefficients (3 to retrieve the con-
tribution of each basis. Finally, the original CLIP features

T

s, (m;) can be restored by performing linear combination

with sparse coefficient field via Eq. 4.

1. Here, s;(m;) serves as local basis

Online fusion of Sparse Coefficient Field. The number of
local basis k in Eq. 16 may increase if exploration continues
with collecting more views while the coefficients list 5 may



be also updated based on the confidence-weighted average
of Eq. 15. Our online fusion Algorithm. | tracks the growth
of local basis sg(mi) and updates of coefficients 5 by us-
ing our sparse coefficient field along the exploration. To
aid the understanding of our online update process, Fig. 9
presents a toy example that illustrates Algorithm. 1. It con-
tinuously collects the new evidence from incoming view by
accumulating the index of new local basis into global in-
dex cache. Coefficients for each local basis in weight cache
) are also updated based on the confidence-weighted aver-
age. To limit the maximum number of local basis for each
Gaussian, Algorithm. | only keeps the top L — 1 basis with
the highest coefficients. It removes the basis with low con-
fidence scores, thereby sharpening the semantic Gaussian
representations and preserving the memory efficiency.

Post Refinement. After processing all of the 7" images,
we perform floater removal proposed by [41] as a post re-
finement. It effectively removes the floater which improves
the rendering quality while only taking 2-3 seconds in both
EmbodiedSplat and EmbodiedSplat-fast.

A.3. EmbodiedSplat-fas:.

EmbodiedSplat-fast is introduced as a faster and lighter
variant of our EmbodiedSplat to satisfy the near real-time
per-frame processing time. Three modifications are adopted
to EmbodiedSplat: 1) Replacing the heavy 2D VLM into
real-time models, 2) removing the 3D CLIP features to im-
prove the inference speed and 3) proposing the efficient
3D search strategy to obtain per-Gaussian cosine similari-
ties faster. Since EmbodiedSplat-fast doesn’t use 3D mod-
ules such as 3D U-Net and memory adapter, and relies
solely on 2D CLIP features with the sparse coefficient field,
it can be directly built on top of pretrained feed-forward
3DGS [41] without any additional training. This training-
free approach allows the direct combination with various
types of 2D VLMs, highlighting the broad applicability of
EmbodiedSplat-fast.

Codebook-based Cosine Similarity. In EmbodiedSplat-
fast, we further introduce the efficient inference strat-
egy to compute the per-Gaussian cosine similarities. The
main idea is to precompute the cosine similarities between
instance-level CLIP features stored in codebook C7" and
text prompts, and then reuse these values to obtain the
per-Gaussian cosine similarities through the linear combi-
nation derived from sparse coefficient field (¢f. Eq. 8).
Since the number of features stored in global codebook
is much smaller than the total number of Gaussians (cf.
Tab. 14), it significantly improves the 3D search latency.
Specifically, our codebook-based cosine similarity results in
O(K D+ M (L—1)) complexity while naive computation of
per-Gaussian cosine similarities incurs O(M D), where K
denotes the codebook size, M is the number of Gaussians,
D is the CLIP dimension and L is the cache size. We show

View 1
(a) SAM + CLIP

(b) FastSAM + CLIP
Figure 8. Multi-view inconsistent masks from FastSam [49].

2D VLM Configurations ‘ Contextual Information ‘ Speed

SAM [23, 32] + CLIP [33] X 23220 ms
FastSAM [49] + CLIP [33] X 31.5ms
FastSAM [49] + OpenSeg [15] (Ours) v 991.3 ms
FastSAM [49] + Mask-Adapter [28] (Ours) v 43.3 ms

Table 8. Comparisons on different 2D VLM configurations.

the complexity comparison between these two approaches:

O(KD+ M(L—1)) ~O(KD + M) an
< O(MD + M) =~ O(M(D +1)) ~ O(MD),
where K < M and L = 6. Tab. 4 further reports the real
inference time comparisons on NVIDIA 6000 Ada GPU.

B. Discussions.

In this section, we supplement additional discussions:
Sec. B.1 explores the diverse configurations of 2D VLM in
the embodied scenarios, justifying our choice of 2D models
within EmbodiedSplat framework. Sec. B.2 explains addi-
tional works that are closely related to our study but are not
included in the main paper. Finally, Sec. B.3 discusses the
limitation of our EmbodiedSplat.

B.1.2D VLM

Here, we discuss the motivation behind our choice of a 2D
VLM. Most of the exisitng semantic 3DGS [6, 21, 26, 32,
43] exploit the combination of SAM [23] and CLIP [33] to
extract the open-vocabulary cues from 2D images. Specif-
ically, LangSplat [32] customizes the original SAM to out-
put three levels of masks with different granularity by lever-
aging the SAM’s inherent property of producing coarse-
to-fine segmentations. After obtaining the instance-level
masks, corresponding image patches are cropped and subse-
quently fed into CLIP to generate open-vocabulary features.
Following works [6, 21, 26, 43] adopt the same strategy
by simply adopting the same customized SAM from [32].
However, this simple combination of SAM and CLIP has
two limitations in the embodied scenarios: 1) Customized
SAM [32] + CLIP incurs prolonged inference time (23.22
seconds per image) which hinders the near real-time capa-
bility of the model. Main bottleneck arises from the heavy
post-processing of customized SAM to obtain clean object-
level masks for the entire image. 2) Feeding the cropped
image patches to CLIP ignores the background part of the



objects which is crucial to understand the contextual infor-
mation.

First limitation can be easily addressed by simply adopt-
ing the real-time 2D models such as FastSAM [49]. How-
ever, combining the FastSAM with CLIP further exacer-
bates the second issue. We empirically find that FastSAM
frequently fails to generate masks with a consistent level
of granularity; for example, it may produce an object-level
mask in one view while generating part-level masks in an-
other view with same object. Since the cropped patches of
part-level masks lack the surrounding regions necessary to
preserve object-level semantics, CLIP often produces incor-
rect semantic predictions for these patches which is illus-
trated in Fig. 8. To alleviate this issue, we adopt the com-
bination of FastSAM and pixel-level CLIP models such as
OpenSeg [15] and LSeg [25]. Because these models oper-
ate on the full image, each pixel-level CLIP feature inher-
ently preserves global contextual information. The result-
ing per-pixel features are then pooled using the masks pro-
duced by FastSAM to obtain instance-level representations.
To further improve the inference speed, we adopt Mask-
Adpater [28] into EmbodiedSplat-fast, which pools the
instance-level CLIP features from MaskCLIP [50]-based ar-
chitecture. Tab. 8 summarizes the comparisons among dif-
ferent 2D VLM configurations. Furthermore, Tab. 10 and
Sec. C.1 examines the performance of diverse 2D VLM
within our EmbodiedSplat framework.

B.2. More Baselines.

We discuss more recent baselines or concurrent works in
semantic 3DGS which are closely related to our study but
not mentioned in the main paper. Tab. 9 shows the overall
comparison between our EmbodiedSplat and the additional
baselines which are described next.

3D methods. In the main paper, we adopt clustering-based
methods [26, 43] and feature-lifting approaches [6, 21] as
a 3D baseline that supports direct 3d referring. Here, we
introduce more baselines which fall in this 3D category.
VoteSplat [20] is another clustering-based method where it
groups the gaussians by exploiting Hough voting algorithm
to reduce the training cost. Since their code is not publicly
available, we do not compare the performance with VoteS-
plat. LUDVIG [29] is another recent work in feature-lifting
approach, where they directly lift the pixel-wise CLIP fea-
tures into per-scene optimized 3DGS without feature distil-
lation process. Specifically, they collect the multiple CLIP
features for each Gaussian across multi-view images and
aggregate them based on the rendering weights obtained
from rasterization function. CF? [24] follows the LUDVIG
to directly bind the 2D features into 3DGS while more fo-
cusing on reducing the number of Gaussians. Since the way
they lift the features are highly overlapped with Occam’s
LGS [6], we do not include LUDVIG and CF® in Tab. |

Method |  Venue | Generalizable | Online | Whole-Scene
VoteSplat [20] ICCV’25 X X v
LUDVIG [29] ICCV’25 x x v
CF3 [24] ICCV’25 X X v
LSM [12] NeurIPS’24 v X X
OVGaussian [4] arXiv'24 v X X
SLGaussian [3] arXiv'24 v X X
GSemSplat [40] arXiv’'24 v X X
SemanticSplat [27] arXiv’25 4 X X
UniForward [39] arXiv'25 v X X
Gen-LangSplat [35] arXiv'25 v X X
SIU3R [44] NeurIPS’25 v X X
EA3D [51] | NeurIPS’25 | X | v | v
EmbodiedSplat (Ours) | = | v | v | v

Table 9. Comparison between EmbodiedSplat and additional
baselines.

of the main paper. However, Tab. 10 provides the further
comparison with them on 3D semantic segmentation.

Feed-forward semantic 3DGS. LSM [12] is a pioneering
work that introduces semantic feed-forward 3DGS. They
add an additional semantic head on the feed-forward 3DGS.
2D CLIP features obtained from multi-view images are then
distilled into feed-forward model through semantic head via
2D rendering function. Although effective, LSM only per-
forms with only two or a few input views, lacking the ca-
pability to understand the whole scene. Furthermore, LSM
focuses on understanding the scene by rendering the 2D fea-
ture maps rather than directly referring the 3D Gaussians.
Since our study focuses on whole-scene understanding with
direct 3D inference which is crucial in embodied scenar-
i0s, we do not include LSM as baseline in Tab. 1. Sev-
eral literatures [3, 4, 27, 35, 39, 40, 44] follow the simi-
lar framework with LSM, proposing diverse variants of se-
mantic feed-forward 3DGS. However, 1) all of them do not
provide the open-sourced code except for SIU3R [44]. 2)
They don’t address the whole-scene semantic reconstruc-
tion. 3) Finally, they only discuss the offline setting, solely
relying on pre-collected multi-view images which deviates
from embodied scenarios.

SLAM + Semantic 3DGS. In contrast to aforementioned
baselines, this category addresses the online reconstruc-
tion of semantic 3DGS by exploting the SLAM pipeline.
Online-LangSplat [22] falls within this category where
it combines the language embeddings into MonoGS [30]
which is 3DGS-based SLAM. EA3D [51] further proposes
the advanced online framework based on HiCOM [14]
which is the 4DGS-based SLAM. They improve the multi-
view consistency among the 2D feature maps by exploit-
ing the matching distributions between two adjacent frames.
However, Online-LangSplat and EA3D both still require the
per-scene optimization, which prevents them from general-
izing to novel scenes in near real time. Furthermore, they
distill the feature of 2D models into 3DGS via rendering
function, inherently limiting the framework from support-
ing direct 3D referring. Note that the code of EA3D is not



ScanNet [9] ScanNet200 [34]
Method Inputs 10 classes 15 classes 19 classes 70 classes Online / Offline
mloU mACC | mloU mACC | mloU mACC | mloU mACC
Occam’s LGS [6] RGB 42.14 70.28 35.04 63.71 30.49 5791 20.32 40.49 Offline
Dr. Splat [21] RGB 39.21 66.66 31.84 60.58 28.38 55.85 19.29 33.84 Offline
LUDVIG [29] RGB 41.11 68.34 33.73 62.90 29.34 56.98 21.23 39.87 Offline
CF3 [24] RGB 38.14 65.13 30.13 59.13 26.34 5243 18.23 30.11 Offline
EmbodiedSplat (SAM [23, 32] + CLIP [33]) RGB 45.56 75.13 37.90 66.82 33.12 59.03 21.98 41.11 Online
EmbodiedSplat (FastSAM [49] + LSeg [25]) RGB 57.48 77.63 51.84 68.78 42.23 58.12 23.13 35.18 Online
EmbodiedSplat (FastSAM [49] + OpenSeg [15]) RGB 49.81 76.13 49.23 75.47 46.22 70.37 31.16 48.38 Online
EmbodiedSAM [45] RGB-D 52.13 78.13 50.98 77.81 48.11 71.45 33.11 48.14 Online
OpenScene [31] Point Cloud, RGB-D 54.56 80.45 53.74 79.85 50.71 72.75 33.84 50.06 Offline
EmbodiedSplat (FastSAM [49] + OpenSeg [15]) RGB-D 57.41 82.45 55.18 80.27 ‘ 52.12 75.66 ‘ 34.75 52.36 ‘ Online

Table 10. Additional comparisons on 3D Semantic Segmentation in ScanNet [9] and ScanNet200 [34] datasets.

publicly available yet.

B.3. Limitations

Our EmbodiedSplat is built on top of pretrained
FreeSplat++ [41]. Hence, it inherits the limitation of
FreeSplat++: when the feed-forward 3DGS fails to re-
construct the scene accurately, the resulting semantic
Gaussian field becomes correspondingly noisy. We provide
several examples where EmbodiedSplat fails to build
clean semantic Gaussians due to the inaccurate 3DGS
reconstruction.

Out-of-Distribution Scenarios. This is shown in Tab. 2
of the main paper where the EmbodiedSplat trained in
ScanNet [9] dataset fails to outperform the baselines in
Replica [38] due to the huge domain gap between real-
world scenes and synthetic scenes. Since feed-forward
3DGS is overfitted to the real-world domain, it fails to per-
form accurate 3D reconstruction in the synthetic domain.
Inaccurate 3DGS reconstruction leads to noisy lifting of se-
mantic features to each Gaussian, finally resulting in low
3D segmentation performance.

Inaccurate Depth Estimation. We discuss the inaccurate
depth estimation case in Sec. ?? of the main paper. If
the model faces difficult regions for depth estimation such
as ceilings or transparent backgrounds, and these cases
are largely absent from the training dataset, feed-forward
3DGS tends to fail in producing high quality depth predic-
tions. This is shown in the performance drop of Tab. 2
when the model is trained on ScanNet [9] and evaluated
on ScanNet++ [47]. Since ceiling parts are largely absent
in the multi-view images of ScanNet but frequently appear
in ScanNet++, model trained on ScanNet tend to gener-
ate noisy depth maps for these regions during evaluation
on ScanNet++. Inaccurate depth maps lead to noisy point
clouds, which in turn degrade the quality of feature aggre-
gation performed by the 3D U-Net and the memory-based

adapter of EmbodiedSplat. If the agent is equipped with
depth sensors, this issue can be largely mitigated.

C. Additional Experiments.

Understanding the 3D scene with direct 3D referring is cru-
cial in embodied scenarios for the faster inference and bet-
ter spatial comprehension. Hence, main paper focuses on
3D Semantic Segmentation by annotating the point clouds
without rendering the 2D feature maps. However, as we
show in Fig. 1, our EmbodiedSplat supports diverse per-
ception tasks such as 2D-rendered segmentation and novel-
view synthesis. In this section, we present more vari-
ous experiments that are not included in the main paper:
Sec. C.1 presents comparisons against a broader set of base-
lines and further evaluates EmbodiedSplat with diverse 2D
models on 3D semantic segmentation. Sec. C.2 explores
the comparisons on 2D-rendered segmentation. Sec. C.3
conducts the experiments on novel-view synthesis in RGB
space. Sec. C.4 provides deeper ablations on memory ef-
ficiency of our sparse coefficient field. Finally, Sec. C.5
provides more qualitative results of our EmbodiedSplat and
EmbodiedSplat-fast.

C.1. 3D Semantic Segmentation

Here, we provide additional comparisons on 3D semantic
segmentation with broader set of baselines and explores
diverse 2D models within the EmbodiedSplat framework.
Experimental setting is kept identical with the main pa-
per and experiment is conducted on ScanNet [9] and Scan-
Net200 [34] datasets with varying number of classes: 10,
15, 19 and 70 classes.

Comparisons with 3DGS methods. 1st-7th rows of
Tab. 10 presents the additional comparisons with seman-
tic 3DGS which support direct 3D referring. Specifically,
LUDVIG [29] and CF? [24] are further added as a recent
baselines. The 5th-7th rows of Tab. 10 further demon-



‘ ScanNet [9]

Method Search Domain 10 classes 15 classes 19 classes
mloU  mACC | mloU mACC | mloU mACC
LangSplat [32] ‘ 2D ‘ 45.83 73.12 ‘ 42.89 69.34 ‘ 44.15 70.45
Occam’s LGS [21] D 41.13 73.34 40.21 66.82 39.11 64.34
Dr. Splat [21] i 40.11 71.62 3845 66.11 39.67 65.72
EmbodiedSplat ‘ 3D ‘ 47.44 76.95 ‘ 44.11 70.12 ‘ 43.75 68.16

Table 11. Quantitative results on 2D-rendered semantic seg-
mentation in ScanNet [9] dataset.

strate that EmbodiedSplat performs well across diverse 2D
models, indicating that its compatibility is not restricted
to any specific 2D VLM. It is worth noting that widely
used SAM+CLIP combination is not suitable for embod-
ied scenarios that require fast inference, as discussed in
Sec. B.1. Hence, we adopt FastSam [49] with pixel-level
CLIP model [33] to extract semantic cues from 2D images.

Comparisons with point-cloud methods. We further com-
pare EmbodiedSplat with the point-cloud understanding
methods in 8th-10th rows of Tab. 10. Specifically, we adopt
OpenScene [31] as offline method and EmbodiedSAM [45]
as online method. Since they take RGB-D as inputs, we
feed same RGB-D into EmbodiedSplat for the fair evalu-
ation. Our EmbodiedSplat outperforms both methods by
exploiting the 3DGS representation which enables smooth
feature aggregation onto 3D points using the Mahalanobis
distance defined in Eq. 10.

C.2. 2D-rendered Semantic Segmentation

Here, we explore the 2D-rendered semantic segmentation
with our EmbodiedSplat.

Rendering 2D Feature Map with EmbodiedSplat. Ren-
dering the 2D feature maps from 3D Gaussians with high
dimensional features incurs huge computational overhead.
Hence, we adopt alternative approach which does not re-
quire direct rendering of Gaussian features. For pixel j of
the target view, we obtain the list of the rendering weights
for every Gaussians. Specifically, rendering weight can be
easily obtained by leveraging rasterization function of Eq. |
where T;a; denotes the rendering weight of ¢-th Gaussian.
We keep top 5 Gaussians with the highest weight and com-
pute the cosine similarities for each selected Gaussian with
given text classes. Finally, cosine similarities of every 5
Gaussians are linearly combined using their corresponding
rendering weights, finally outputting the cost map for pixel
j. Note that rendering weights are renormalized to sum to 1
before performing the linear combination.

We compute two cost maps by using 2D CLIP features
and 3D CLIP features, and ensemble them via Eq. 6 to ob-
tain final costmap in 2D domain.

Experimental Settings. We evaluate the 2D-rendered se-
mantic segmentation on interpolated novel views of Scan-
Net [9] dataset with 10, 15 and 19 classes. Testing scenes

Method iPSNRT ePSNR SSIMf LPIPS| &< 1.17 | Type

pixelSplat [2] 15.54 13.47 0.557 0.608 0.023 Offline
MVSplat [5] 16.51 13.67 0.591 0.541 0.323 Offline
PixelGaussian [13] 16.33 13.40 0.601 0.549 0.282 Offline
FreeSplat++ [41] 23.29 19.44 0.771 0.320 0.904 Offline
EmbodiedSplat 22.78 19.14 0.738 0.367 0.885 ‘ Online

Table 12. Whole Scene Reconstruction resutls on ScanNet [9].
iPSNR and ePSNR detnoes PSNR on the interpolated views and
extrapolated views, respectively.

Method iPSNRT ePSNRT SSIM{ LPIPS| &< 1.1% ‘ Type
pixelSplat [2] 10.70 1037 0497  0.663 0.000 Offline
MVSplat [5] 11.10 1062 0497  0.648 0.028 Offline
PixelGaussian [13] 10.78 10.44 0.529 0.639 0.012 Offline
FreeSplat++ [41] 22.63 19.51 0.829 0261 0.890 Offline
EmbodiedSplat ‘ 21.54 1862 0780 0330 0.925 Online
Table 13. Whole Scene Reconstruction resutls on Scan-

Net++ [47]. iPSNR and ePSNR detnoes PSNR on the interpolated
views and extrapolated views, respectively.

are identical with 3D semantic segmentation setting.

Experimental Results. Tab. 11 exhibits the performance
on 2D-rendered segmentation performance on ScanNet
dataset. Our EmbodiedSplat shows the comparable per-
formance with 2D-specific method such as LangSplat [32]
even though it is not optimized to specific scene.

C.3. Novel View Synthesis

In this section, we evaluate the rendering quality of Embod-
iedSplat in the RGB space.

Experimental Settings. Given the constructed whole-
scene 3DGS, we render the interpolated and extrapolated
novel views respectively to evaluate the novel view synthe-
sis, following [41]. PSNR, SSIM [42] and LPIPS [48] are
adopted as rendering metric. We further evaluate geomet-
ric accuracy by reporting the depth quality. Specifically,
threshold tolerance 6 < 1.1 on depth difference between
rendered depth and ground-truth depth is adopted as met-
ric. We conduct the experiments on ScanNet [9] and Scan-
Net++ [47] datasets.

Baselines. We compare the rendering quality of our
EmbodiedSplat with representative feed-forward 3DGS
works: pixelSplat [2], MV Splat [5], PixelGaussian [13] and
FreeSplat++ [41].

Experimental Results. Tab. 12 and Tab. 13 show that our
EmbodiedSplat successfully adapt the inference pipeline of
FreeSplat++ into online setting, where it shows the com-
parable performance to original FreeSplat++ which lever-
ages the entire set of pre-collected images in offline setting.
Hence, it inherits the superior performance of FreeSplat++
compared to the previous feed-forward 3DGS models [2, 5,
13] in whole-scene reconstruction setting.



Scene Gaussians Num  Codebook Size | Total Size (MB)  Compression Ratio
scene0000.01 32M 8.7K 148 x 63 efficient
scene0046.00 2.4M 5.3K 106 65 efficient
scene0079-00 1.5M 2.8K 64 x 67 efficient
scene0158.00 1L.IM 1.8K 48 68 efficient
scene0316.00 0.6M 0.6K 23 x 70 efficient
scene0389.00 1.9M 2.8K 82 x 69 efficient
scene0406.00 0.9M 2.1K 41 65 efficient
scene0521.00 1.IM 2.0K 49 x 67 efficient
scene0553.00 0.7M 0.8K 31 70 efficient
scene0616.00 2.3M 3.4K 98 68 efficient
Average ‘ 1.57M 3.0K ‘ 69 x 67 efficient

Table 14. Ablations on memory efficiency of sparse coefficient
field in ScanNet [9] dataset.

C.4. Ablations on Memory Compression Rate

In this section, we further explore the memory efficiency
of our proposed sparse coefficient field with CLIP global
codebook.

Experimental Settings. We report the number of gener-
ated Gaussians and the number of CLIP features stored in
the CLIP global codebook for each testing scene. Based on
this, we estimate the total memory size of semantic Gaus-
sians stored by sparse coefficient field. Specifically, we
combine the size of the CLIP codebook with the sizes of the
index and weight caches attached to each Gaussian. Finally,
we report the memory compression ratio gained from our
sparse coefficient field compared to naively storing every
per-gaussian original CLIP features with 768 dimension.

Observations. Tab. 14 shows that the number of CLIP fea-
tures stored in codebook is far smaller than the total num-
ber of Gaussians, yielding an average 67x improvement in
memory efficiency compared to storing per-Gaussian orig-
inal CLIP features. Our sparse coefficient field is highly
practical since it doesn’t require any pretraining stage or
per-scene optimization compared to the existing memory
compression method such as Auto-encoder [32], PQ in-
dex [21] and per-scene optimzied codebook [26, 43]. In-
stead, the sparse coefficient field is constructed on the fly
alongside the semantic 3DGS reconstruction and supports
real-time online updates through Algorithm. 1 (¢f. Fig. 9),
making it highly suitable for online settings.

C.5. Qualitative Results

In this section, we explain additional qualitative results of
our EmbodiedSplat and EmbodiedSplat-fast.

Qualitative results on 3D Semantic Segmentation.
Fig. 10 and Fig. 11 present the additional qualitative com-
parison on 3D semantic segmentation. Our EmbodiedSplat
and EmbodiedSplat-fast output more clear segmentation
mask with more accurate semantic classification compared
to the 3D baselines [0, 21, 26, 43].

Qualitative results on 2D-rendered object search. Fig. 12

showcases the additional visualizations for 2D-rendered ob-
ject search with our EmbodiedSplat. Text queries “stool”
and “book” are given to each row. Our model outputs
multi-view consistent segmentation results by exploiting the
3DGS representation.

Qualitative results on novel-view synthesis. Fig. 13 ex-
hibits the novel-view synthesis results and rendered depths
of our EmbodiedSplat. It supports novel-view rendering
with high fidelity across the entire scene.

Video visulization. Video visualizations in project web-
site demonstrates the online reconstruction process of se-
mantic 3DGS with our EmbodiedSplat-fast in Bird’s-Eye
View. It shows following key aspects of our framework:
1) Near real-time reconstruction: EmbodiedSplat shows
5-6 FPS of per-frame processing time where it can effec-
tively synchronize the semantic reconstruction process to
its online exploration. 2) Online 3D perception with free-
Jorm language: Our EmbodiedSplat-fast can localize the
3D objects based on the free-form language along its ex-
ploration. For example, video shows that EmbodiedSplat-
fast progressively detects the “guitar” which is related to
the given text prompt “I wanna hear the music”. Interest-
ingly, our model supports the semantic refinement with re-
exploration where it corrects the wrong semantic by explor-
ing the same regions and collecting more views, as shown
in the video. Our online fusion algorithm of sparse coeffi-
cient field enables this refinement since it accumulates the
new evidences from the incoming images into the index and
weight cache. Furthermore, it always keeps the top 5 en-
tries with the highest confidence scores at each fusion step,
effectively filtering out low-quality semantics signals along
the exploration. Video further showcases several 3D local-
ization examples using free-form languages. For instance,
EmbodiedSplat-fast localizes “chair”, “sofa” and “stool”
together when queried with the text prompt, “where can [
sit?”. 3) Supporting diverse 3D perception tasks: We also
visualize the rendered RGB images along the camera tra-
jectory as well as 2D-rendered PCA visualizations based on
the CLIP features of each Gaussian. It demonstrates that our
framework supports diverse perception tasks such as RGB
reconstruction and semantic understanding in both 2D and
3D modalities.
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