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Figure A. Illustration of Sliding Window. For a sliding window with a size of 6 and a step size of 4, we perform segment clustering every
4 keyframes and merge the local map into the global map. As shown in the figure, this reduces the reading and updating of the global map,
enabling efficient reconstruction.

In this supplementary document, we first provide more
implementation details in Sec. A. Next, we supply more vi-
sualization results of our methods in Sec. B.

A. Implementation Details

Dataset Setting. For ScanNetV2 [1], we use the following
10 scenes: scene0000, scene0062, scene0070, scene0097,
scene0140, scene0200, scene0347, scene0400, scene0590,
and scene0645. All selected scenes are evaluated on the 00
trajectory. For the evaluation of 3D semantic and panop-
tic segmentation, we use the 19 classes: wall, floor, cab-
inet, bed, sofa, table, door, window, bookshelf, picture,
counter, desk, curtain, refrigerator, shower curtain, toilet,
sink, and bathtub. For Replica dataset [6], the commonly-
used 8 scenes {room0-2, office0-4} are used for evaluation,
and two additional labels, other furniture and ceiling, are
used for evaluation.

Details of Our OnlinePG. Following [4, 9, 10], we adopt
CLIP [5] and LSeg [2] as text and image visual-language
feature extractors, with feature dimension Df = 512. We
use EntitySeg [3] to extract 2D instance segmentation for
each keyframe. We sample a keyframe every 20 frames
and maintain a sliding window of size 12. Segment clus-

tering and local-to-global map fusion are performed every
7 keyframes. The illustration of sliding window design is
shown in Fig. A. For an online image stream, we main-
tain a fixed-size window and move it in fixed steps. Each
time the sliding window moves, it builds a local map for
all keyframes in the window and merges it into the global
map based on bidirectional matching. The resolutions of
the Replica [6] and ScanNetV2 [1] datasets that we used
are 640×360 and 640×480, respectively. When perform-
ing bidirectional bipartite matching between the local and
global maps, we remove matches with scores below the
threshold 1/Nins to filter out erroneous results, where Nins

is the number of candidate matches. For rendering opti-
mization, the learning rates for the 3D Gaussian’s location,
opacity, scale, color, and rotation are set to 0.00015, 0.05,
0.001, 0.001, 0.01, respectively.

Runtime Analysis. Because the running speed of our
method is affected by the number of masks in the 2D image
and the number of instances in the 3D scene, we report the
running time in 10 selected scenes from ScanNetV2. For
the video stream, we select one frame every 20 frames as a
keyframe and process it. As shown in Fig. B, we show the
runtime of four main parts in our system: (#1) Keyframe
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Figure B. Runtime Performance of OnlinePG. We divided the system’s time consumption into four parts and statistically analyzed the
distribution of the execution time of each part across ten scenarios used by ScanNet. The black dashed line represents the average time.

Preprocessing and 3D Segments Initialization, (#2) 3DGS
Optimization, (#3) Segment Clustering, and (#4) Local-to-
Global Map Fusion. #1 and #2 are called once every time a
new keyframe is inserted. #3 and #4 are called only when
the sliding window moves a fixed step size.

Besides, the FPS performance of different online meth-
ods is also shown in Tab. A and Tab. B. Since OnlineAny-
Seg [7] needs to obtain the mask and features in advance,
the FPS results reported by different methods in the table
do not include the time of VLM inference.

B. More Experimental Results

Detailed Performance of Each Scene. The detailed 3D se-
mantic and panoptic segmentation performance of our ap-
proach and different online baselines (O2V-Mapping [8]
and OnlineAnySeg [7]) are shown in Tab. A and Tab. B,
respectively.

Figure C. Visualization Results of 3D Language Features. For
better visualization, we perform principal components analysis
(PCA) on the high-dimensional language features.

3D Language Feature. In Fig. C, we show the visualiza-
tion results of the language features reconstructed by our
OnlinePG. We used principal component analysis to com-
press the 512-dimensional features into 3 dimensions for
visualization. As can be seen from the figure, the features
we obtained can distinguish finer-grained objects, such as

carpet and floor, bed and sofa, etc. Objects with semantic
similarity have similar characteristics, and visualization can
show that they have similar colors.
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Figure D. Qualitative Rendering Results. We show the rendered
RGB, Depth, and language feature of different scenes.

Rendering Results. In Fig. D, we present rendering results
from four viewpoints on the ScanNetV2 [1] and Replica [6]
datasets, including RGB, depth, and language features.

3D Instance Results. In Fig. E, we present 3D instance
segmentation results of some scene from the ScanNetV2 [1]
and Replica [6] datasets. Different colors represent different
3D instances. Due to the GT mesh of the Replica dataset
containing many unobserved areas in the images, this will
lead to some noisy instances (on the floor and walls), which
will also cause the PRQ (S) of the online method to be worse
than that of the offline method.



O
n

li
n

eA
n

y
S

eg
O

u
rs

G
ro

u
n

d
 T

ru
th

Figure E. Qualitative 3D Instance Segmentation Comparison. We show the 3D instance segmentation results from several scenes from
ScanNetV2 [1] and Replica [6] datasets.

Table A. 3D Semantic and Panoptic Segmentation Results on Replica Datasets. We demonstrate the 3D segmentation performance and
FPS data of the online method in different scenes of Replica [6].

Method Metrics Room 0 Room 1 Room 2 Office 0 Office 1 Office 2 Office 3 Office 4

O2V-Mapping [8]
mIoU 29.25 39.58 32.53 18.78 17.54 20.75 12.59 23.24
mAcc. 38.00 52.60 43.22 27.56 20.25 30.20 17.95 38.47
FPS 3.08 3.05 3.08 3.05 3.10 3.13 3.18 3.28

OnlineAnySeg [7]

mIoU 46.76 45.13 51.30 37.54 25.38 32.91 25.45 48.23
mAcc. 62.41 67.50 66.84 50.47 31.24 46.99 42.46 59.45
PRQ (T) 30.26 51.65 26.59 45.34 22.10 24.90 16.32 27.17
PRQ (S) 8.58 15.99 10.97 8.65 2.73 7.15 4.83 11.46
FPS 9.90 13.06 12.91 15.40 20.94 11.65 10.81 11.45

Ours

mIoU 53.60 67.16 68.31 32.07 10.19 53.53 54.95 43.55
mAcc. 59.34 80.17 75.86 36.28 16.07 60.06 60.86 50.96
PRQ (T) 31.03 57.49 51.14 48.45 0.00 48.40 47.46 43.89
PRQ (S) 11.75 17.22 12.44 7.37 4.47 17.48 9.20 18.05
FPS 12.07 13.91 14.07 15.85 18.22 14.77 12.42 14.14

Table B. 3D Semantic and Panoptic Segmentation Results on ScanNetV2 Datasets. We demonstrate the 3D segmentation performance
and FPS data of the online method in different scenes of ScanNetV2 [1].

Method Metrics 0000 0062 0070 0097 0140 0200 0347 0400 0590 0645

O2V-Mapping [8]
mIoU 35.80 46.09 41.21 26.29 24.25 39.08 27.54 39.74 33.18 28.27
mAcc. 59.92 72.72 55.59 55.73 34.15 63.91 47.12 58.33 49.85 52.22
FPS 3.38 3.43 3.43 3.53 3.40 3.50 3.43 3.38 3.43 3.38

OnlineAnySeg [7]

mIoU 32.64 31.13 23.26 39.08 12.62 39.32 32.97 33.93 34.66 33.26
mAcc. 50.61 60.73 31.92 69.62 31.86 52.43 54.51 56.42 55.89 58.02
PRQ (T) 42.32 33.47 36.29 71.30 53.32 33.76 38.43 25.97 38.95 56.06
PRQ (S) 18.53 38.20 12.89 41.70 7.94 39.09 20.35 38.26 24.50 21.32
FPS 15.57 22.91 26.44 22.83 15.72 19.27 20.41 25.22 22.98 16.93

Ours

mIoU 39.75 75.09 46.50 52.59 48.04 47.84 52.76 39.44 37.95 44.92
mAcc. 61.77 90.36 62.95 70.39 64.54 62.11 72.50 62.18 53.33 60.05
PRQ (T) 20.21 35.28 49.55 58.63 51.67 46.56 42.08 0.00 33.55 42.16
PRQ (S) 40.05 63.27 24.34 52.79 39.28 43.94 36.68 56.53 33.36 27.88
FPS 13.33 18.83 15.68 17.57 14.23 18.48 17.86 16.89 15.26 14.08
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