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Abstract: Point cloud semantic segmentation of indoor environments is a fundamental task in 3D scene understanding. However,
existing methods mainly rely on geometric structures and color information, which are prone to error results in scenarios involving
occlusion, sparse sampling, and geometrically similar structures. To address this issue, this paper proposes a text-knowledge-guided
method for the point cloud semantic segmentation of indoor 3D scene. Built upon RandLA-Net as the baseline, the proposed method
first constructs the textual semantic prototypes using multi-template prompts, and further enhances the stability of semantic anchors
through periodic prototype refreshing. Then, a cross-modal semantic feature alignment mechanism is introduced at both the shallow
and the high-level feature stages. Through feature alignment, bidirectional semantic interaction, and gated fusion, textual priors are
progressively injected into the point cloud feature learning process. Finally, the model is jointly trained with a point-wise classification
loss, a text-prototype alignment constraint, and a boundary optimization constraint to improve the semantic feature discrimination and
segmentation boundary quality. Experimental results on the S3DIS dataset demonstrate that the proposed method achieves 86.8% OA,
81.6% mAcc, and 67.2% mloU, exhibiting more stable segmentation performance in complex indoor scenes. As a consequence, these
results indicate that incorporating textual semantic priors can effectively enhance high-level semantic representations of point clouds,

providing a feasible solution for indoor 3D scene understand.

1. Introduction

Point cloud semantic segmentation of indoor environments aims
to assign a semantic label to each point in a scene. As a funda-
mental task in 3D scene understanding, it plays an important role
in applications such as robot navigation, digital twins, and build-
ing information modeling. Existing methods mainly rely on the
geometric structure and color information of point clouds, which
are prone to error results in scenarios involving occlusion, sparse
sampling, and categories with similar geometric shapes (Charles
R Qi et al., 2017; Charles Ruizhongtai Qi et al., 2017; Wang et
al., 2019). To address this issue, this paper proposes a text-
knowledge-guided method for indoor 3D scene point cloud se-
mantic segmentation(Thomas et al., 2019; Zhao et al., 2021).
Built upon RandLA-Net as the baseline, the proposed method
constructs textual semantic prototypes through multi-template
prompting, and introduces a cross-modal semantic enhancement
mechanism at both the shallow and high-level feature
stages(Qian et al., 2022). Combined with segmentation supervi-
sion, prototype alignment, and boundary optimization in a joint
training framework, the proposed method improves the point-
wise semantic discrimination capability in complex indoor
scenes. The main contributions of this paper are summarized as
follows:

(1) A text-knowledge-guided framework for indoor 3D scene
point cloud semantic segmentation is proposed. By introducing
category-level semantic priors into the RandLA-Net baseline,
the proposed framework enhances the model’s ability to distin-
guish semantic categories in complex scenes.

(2) A textual semantic prototype construction method based on
multi-template prompting is designed, where the prototype up-
dating mechanism is introduced to improve the stability and
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robustness of textual semantic anchors.

(3) A cross-modal semantic feature alignment strategy is devel-
oped to integrate point cloud features with textual semantic fea-
tures. Combined with segmentation supervision, semantic align-
ment constraints, and a boundary optimization objective, the
proposed method further improves the overall performance of
indoor point cloud semantic segmentation.

2.  Experimental Method
2.1 Dataset and Evaluation Metrics

To validate the effectiveness and generalization capability of the
proposed method, experiments were conducted on the public
Stanford Large-Scale 3D Indoor Spaces (S3DIS) dataset(Armeni
et al., 2016). This dataset contains six independent indoor areas,
covering typical scenes such as offices, conference rooms, and
corridors, with more than 215 million semantically annotated
points in total. All point clouds are annotated into 13 semantic
categories, and each point is associated with 3D coordinates and
RGB color information, which jointly describe both geometric
structure and appearance characteristics. To ensure fair compar-
ison with existing studies, the official six-fold cross-validation
protocol was adopted. In each fold, one area was used for testing,
while the remaining five areas were used for training. This eval-
uation setting reduces the influence of distribution differences
across individual areas on the experimental results.

To comprehensively evaluate segmentation performance, sev-
eral quantitative metrics were employed, including class-wise
Intersection over Union (IoU), mean Intersection over Union
(mloU), Overall Accuracy (OA), mean Accuracy (mAcc), and
the Kappa coefficient. Their definitions are given in Eqgs. (1) to
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Figure 1. Overall pipeline of the proposed text-knowledge-guided network for indoor 3D scene point cloud semantic segmentation

(5). Specifically, IoU measures the overlap between the pre-
dicted region and the ground-truth region for each class, and can
simultaneously penalize false positives and false negatives.
mloU is the average loU over all categories and is used to reflect
the overall performance of the model under class-imbalanced
conditions. OA denotes the proportion of correctly predicted
points among all points, while mAcc represents the average clas-
sification accuracy across categories. The Kappa coefficient is
further adopted to evaluate the consistency between prediction
results and ground-truth annotations.

The proposed text-knowledge-guided method for indoor 3D
scene point cloud semantic segmentation adopts an encoder-de-
coder architecture, with RandLA-Net serving as the baseline (Hu
et al., 2020). Given an input point cloud, each point is repre-
sented by its 3D coordinates and RGB color information. The
input point cloud is first transformed by a feature mapping layer
for initial feature embedding, and is then fed into multiple dilated
residual encoding modules. During the progressive random
downsampling process, the receptive field is continuously en-
larged, enabling the extraction of hierarchical geometric-seman-

loU = TP; 0 tic features. After encoding, the network obtains high-level point

GT; + FP; cloud features with strong abstract semantic representations.

»¢_ ToU; Subsequently, the decoder gradually restores point-wise spatial

mloU = ———— @ resolution through layer-wise interpolation and skip connections,

TP + TN and outputs the category prediction for each point. Different

Overall accuracy (0A) = 3) from conventional point cloud segmentation methods that rely
TP+ FP+TN+FN . . .

c solely on geometric structure and color information, the pro-

mAcc = l E ) posed method introduces textual knowledge priors into the point

C i GT; cloud feature learning process to enhance the model’s discrimi-

I;; ~ Pe native capability (Ding et al., 2023; Peng et al., 2023). Specifi-

Kappa = 1——Z7e ) cally, two types of textual information are incorporated during

Where, TP denotes the number of positive samples correctly
classified as positive, TN denotes the number of negative sam-
ples correctly classified as negative, FN denotes the number of
positive samples incorrectly classified as negative, and FP de-
notes the number of negative samples incorrectly classified as
positive. TP;, GT;, and FP; represent the number of correctly
predicted positive samples, the number of ground-truth samples,
and the number of negative samples incorrectly predicted as pos-
itive for the i-th class, respectively. p, denotes the overall ac-
curacy, while p, can be expressed as:

c
p, - Eat 2 ©
Where a;, and a,; denote the numbers of ground-truth and
predicted samples for the i-th class, respectively, and N denotes
the total number of samples.

2.2 Overall Framework

training. The first is textual prototypes constructed from cate-
gory lables, which provide stable semantic anchors for point-
wise features. The second is auxiliary scene description text,
which provides scene-level semantic context. The former is
mainly used for point-wise semantic alignment supervision,
while the latter is primarily employed for cross-modal semantic
feature alignment.

Based on the above design, the overall pipeline of the proposed
method can be summarized as follows. First, textual semantic
prototypes and scene description text are constructed. Next, a
text encoder is used to map the textual inputs into the semantic
feature space. The textual semantic information is then progres-
sively injected into the point cloud encoding stage and the high-
level feature fusion stage. Finally, a joint optimization objective
is adopted to collaboratively constrain point-wise classification
results, category-level semantic consistency, and boundary qual-
ity. The overall framework is illustrated in Figure 1.
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Table 1. Comparison of different methods on the S3DIS dataset

8.5~ = &8 = E = T 5 £ & & % T =
PointNet 78.6 662 476 88.0 88.7 693 424 231 475 516 541 420 96 382 294 352
RSNet - 66.5 565 925 928 786 328 344 516 681 597 601 164 502 449 52.0
SPG 855 730 621 899 951 764 628 471 553 684 735 692 632 459 87 529
PointCNN 88.1 756 654 948 973 758 633 51.7 584 572 716 69.1 391 612 522 586
PointWeb 873 762 66.7 935 942 80.8 524 413 649 681 714 671 503 627 622 585
ShellNet  87.1 - 66.8 902 936 799 604 441 649 529 71.6 847 538 64.6 486 594
Ours 868 816 672 924 954 785 505 536 614 659 653 775 548 614 613 563

2.3 Construction of Textual Semantic Information

2.3.1 Construction of Textual Semantic Prototypes: To en-
hance the stability of textual priors, a multi-template prompting
strategy is adopted to construct textual semantic prototypes. For
each category, instead of using only a single category label as the
textual input, multiple descriptive templates are designed, and
the category label is inserted into different sentence patterns to
generate a set of semantic prompts (Radford et al., 2021; Zhou
et al., 2022a; Zhou et al., 2022b). In this way, the semantic bias
caused by a single expression form can be reduced, making the
textual representation more robust(Devlin et al., 2019). Let
t(comydenote the textual feature of the c-th category under the
m-th template. After being fed into a pre-trained text encoder,
the corresponding token-level textual features are obtained. Con-
sidering that different text sequences may have different lengths,
masked average pooling is adopted to obtain the sentence-level
semantic representation, and the textual feature generated from
each template is L2-normalized. Subsequently, the textual fea-
tures of all templates belonging to the same category are aver-
aged, and the resulting feature is normalized again to obtain the
final semantic prototype, which can be expressed as follows:

M
Do = Norm(% Z Norm(Pool (E(tc'm)))) @)
m=1

Where, Norm (+) denotes 12 normalization, M is the number of
templates, E(-) represents the text encoder, and Pool (+) de-
notes the masked average pooling operation.

2.3.2 Construction of Scene Description Text: In addition to
textual prototypes, auxiliary scene description text is also con-
structed to provide scene-level semantic context for point cloud
feature learning. Specifically, under the current experimental set-
ting, a short textual description is organized according to the an-
notated categories corresponding to each input point cloud, and
is then fed into the text encoder to obtain token-level textual fea-
tures. This textual feature mainly serves as a label-assisted cross-
modal semantic guidance signal to enhance the alignment be-
tween point cloud features and semantic information.

2.4 Text-Knowledge-Guided Point Cloud Segmentation
Network

2.4.1 Point Cloud Feature Encoding and Shallow Semantic
Modulation: Given an input point cloud, the network first em-
ploys the RandLA-Net to extract hierarchical point cloud fea-
tures. At the shallow feature extraction stage, local geometric
structures and color information of the point cloud still dominate
the feature representation. However, appropriately injecting tex-
tual semantic priors at this stage can improve the network’s sen-
sitivity to category-related information. Based on this consider-
ation, the global vector of the scene description is used to condi-
tionally modulate the output features of the first encoder layer.

Let z denote the global vector obtained from the encoded scene
description, and let F; denote the point cloud feature output by
the first encoder layer. Two lightweight mapping branches are
then employed to generate the scaling term and bias term asso-
ciated with z, respectively, for feature modulation of F;, which
can be formulated as follows:
F{ = F,0(1+ aS(2)) + aB(z) ®)

Where, S(-) and B(:) denote the scaling mapping branch and
the bias mapping branch, respectively, o is a learnable coefficient,
and © denotes element-wise multiplication. Through this
mechanism, the network is able to introduce sceney-related se-
mantic bias while preserving shallow geometric detail infor-
mation, thereby providing more explicit semantic guidance for
subsequent deep feature learning.

2.4.2 High-Level Cross-Modal Semantic Interaction and Fu-
sion: After obtaining the bottleneck features, a cross-modal se-
mantic feature alignment module is introduced in the high-level
semantic space. Let P € REXN*D denote the high-level point
cloud features and T € RE*L*Pdenote the token-level text fea-
tures, where B, N, L, and D are the batch size, number of
points, number of text tokens, and feature dimension, respec-
tively. To reduce the modality gap, a lightweight bidirectional
alignment module is first applied, followed by bidirectional
cross-modal attention to model point-to-text and text-to-point in-
teractions. This enables point cloud features to absorb semanti-
cally relevant textual cues while refining text features through
point cloud responses.

To avoid introducing textual noise and weakening geometric
structure information, an adaptive gated fusion mechanism is
used to combine the original point cloud features with the inter-
acted features Py:

G = o (MLP([P;; P])) ©9)
P’ = GOPr + 1-6)oP (10)
Where [ - ; - ]denotes feature concatenation, MLP is a multi-

layer perceptron, o is the Sigmoid function, and G is the gat-
ing weight. In this way, textual semantics are adaptively injected
while preserving geometric structure. The fused features are then
sent to the decoder to produce the final point-wise segmentation
results.

2.5 Joint Optimization Objective

To simultaneously ensure point-wise classification accuracy, cat-
egory-level semantic consistency, and segmentation boundary
quality, a multi-loss joint optimization strategy is adopted for
training. First, the cross-entropy loss is used to supervise the
classification results of each valid point, so as to guarantee the
basic point-wise semantic segmentation capability of the model,
which is denoted as Ly,. To further improve the loU metric and
enhance prediction quality in category boundary regions(Ber-
man et al., 2018), the Lovasz-Softmax loss is introduced and de-
noted as Ljgyas,- This loss provides an additional constraint on
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Table 2. Six-fold cross-validation results for semantic segmentation on the S3DIS dataset

i T~ 5~ & = 5 = E = 0 5 2k s Lo B oo

Tt 3 4§28 F 03 2 0% 3 % EF £ 3 £ § 3% : 3
Area 1l 87.5 852 724 0853 963 946 753 672 512 826 788 67.8 80.7 63.1 560 644 629
Area 2 83.8 763 566 0.805 865 945 782 39.8 633 527 61.0 400 71.8 234 46.6 36.6 413
Area 3 89.6 88.7 76.1 0.876 938 96.0 786 722 417 751 799 709 77.6 754 762 829 68.8
Area 4 845 788 613 0.814 93.6 957 779 427 625 302 615 63.6 69.6 445 51.8 514 497
Area 5 844 694 588 0811 879 939 792 00 348 570 285 744 817 602 634 577 46.1
Area 6 909 914 78.1 0894 964 975 819 8l6 679 708 859 749 838 619 745 745 68.7

the classification results from the perspective of IoU optimiza-
tion, and is particularly beneficial for improving segmentation
quality at boundary points and in hard-to-distinguish regions.

To ensure that point-wise features remain semantically con-
sistent with the corresponding textual prototypes in the shared
semantic space, a semantic prototype alignment loss is further
introduced. Let the projected point-wise feature be denoted by
fi, its corresponding ground-truth category by y;, and the tex-
tual prototype of the c-th category by p.. Then, the semantic
matching degree between the point-wise feature and the textual
prototypes of all categories is computed using normalized cosine
similarity as follows:
Norm(f;)"Norm(p,)
S(i,e) = 7 (1 1)
Where, 7 denotes the temperature coefficient. Subsequently,
the similarity scores are treated as classification logits and com-
bined with the ground-truth labels to compute the cross-entropy
loss, yielding the semantic prototype alignment loss Lyj;s,. This
constraint encourages point features belonging to the same cate-
gory to cluster around the corresponding textual prototype, while
enlarging the semantic margin between different categories.
Considering that some semantic categories in indoor scenes ex-
hibit high similarity in geometric structure and appearance, the

model may produce persistent confusion among these categories.

To further enhance the discriminability between easily confused

categories, a pairwise confusion-margin loss Ly, is introduced.

For predefined pairs of confusing categories, this loss enforces
the score of the ground-truth category to be higher than that of
the confusing category by a certain margin, thereby reducing
misclassification between similar categories. By integrating the
above loss terms, the overall loss function of this paper can be
formulated as follows:

L= Lseg + AlLalign + /12Llovasz + A3Lpair (12)
Where, A, 4,,and A3 denote the weighting coefficients of the
category prototype alignment loss, the Lovasz loss, and the pair-
wise confusion-margin loss, respectively. Through the above
joint optimization strategy, the model is able to learn point-wise
feature representations that simultaneously account for local ge-
ometric structure, high-level semantic priors, and boundary dis-
crimination capability, thereby improving the overall perfor-
mance of indoor 3D scene point cloud semantic segmentation.

3.  Experimental Analysis
3.1 Experimental Details

The experiments were implemented using the PyTorch deep
learning framework on an Ubuntu 20.04 system. Model training
was conducted on a 32 GB vGPU, and the network was trained
for 100 epochs in total. During training, the batch size was set to
4 by default. The Adam optimizer was adopted, with a weight
decay of 1x107*. The initial learning rate was set to
1 x 1072, and an exponential learning rate scheduler with y =
0.95was employed for decay to maintain stable optimization in

the later training stage. In addition, to alleviate overfitting, a
Dropout layer with a dropout rate of 0.5 was inserted before the
classification head.

3.2 Quantitative Comparison on the S3DIS Dataset

To verify the effectiveness of the proposed method for indoor 3D
scene point cloud semantic segmentation, the proposed approach
was compared with several representative point cloud segmen-
tation models on the S3DIS dataset. The comparison results are
presented in Table 1. The baseline methods include representa-
tive models such as PointNet, RSNet, SPG, PointCNN,
PointWeb, and ShellNet (Zhang et al., 2019; Zhao et al., 2019).
The evaluation metrics include OA, mAcc, mloU, and the IoU
for each category (Huang et al., 2018; Landrieu and Simonovsky,
2018; Li et al., 2018).

Table 1 compares the proposed method with several classical
point cloud segmentation models on the S3DIS dataset. The pro-
posed method achieves 86.8% OA, 81.6% mAcc, and 67.2%
mloU. Both mAcc and mloU are higher than those of PointCNN,
PointWeb, and ShellNet, indicating better class balance and
overall segmentation performance. In terms of class-wise loU,
the proposed method performs well on major structural catego-
ries such as ceiling, floor, and wall, and also achieves favorable
results on challenging categories including column, chair, book-
case, and board. These results suggest that text-knowledge guid-
ance improves the model’s discriminative ability for complex
categories.

3.3 Analysis of Six-Fold Cross-Validation Results

Table 2 presents the detailed results for the six test areas. It can
be observed that the model performance varies across different
areas to some extent, while maintaining relatively good overall
stability. Among them, Area 6 achieves the best performance,
with an mloU of 78.1%; Area 3 and Area 1 also show favorable
results. In contrast, the segmentation performance on Area 2,
Area 4, and Area S is relatively lower, indicating that there is still
room for improvement in scenarios with larger cross-area distri-
bution differences and a greater number of weak-category targets.

3.4 Confusion Matrix Analysis

The confusion matrix and visualization results (Figure 2) show
that the proposed method achieves high recognition accuracy for
large-area structural categories such as ceiling, floor, and wall,
and also produces relatively stable predictions for typical furni-
ture categories such as chair and table. However, some misclas-
sification still exists among categories such as beam, column,
window, as well as bookcase, board, and clutter. Overall, the
text-knowledge-guided mechanism enhances the high-level se-
mantic representation capability of point cloud features and alle-
viates the confusion among similar categories to a certain extent.
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4. Conclusion

To address the limitation of insufficient high-level semantic
modeling in indoor 3D scene point cloud semantic segmentation,
this paper proposes a text-knowledge-guided semantic segmen-
tation framework. The proposed method is built upon RandLA-
Net, which serves as the baseline for efficient hierarchical point
cloud feature extraction. On this basis, category-level semantic
priors derived from a pre-trained text encoder are introduced to
strengthen the semantic representation capability of the network.
Specifically, textual semantic prototypes are constructed through
multi-template prompting to improve the robustness and stabil-
ity of textual category descriptions. In addition, a shallow se-
mantic modulation strategy is employed to inject scene-related
semantic cues into the early stage of feature learning, while a
high-level cross-modal fusion mechanism is designed to enhance
the interaction between point cloud features and textual semantic
information in the deeper semantic space. To further improve
segmentation performance, the model is trained under a joint op-
timization framework that integrates segmentation supervision,
prototype alignment, and boundary refinement, enabling it to
learn point-wise representations that simultaneously preserve lo-

cal geometric details and encode high-level semantic knowledge.

Extensive experiments on the S3DIS dataset demonstrate the ef-
fectiveness of the proposed method. The model achieves 86.8%
OA, 81.6% mAcc, and 67.2% mloU, showing competitive over-
all performance for indoor scene segmentation. The results also
indicate that introducing textual semantic priors can effectively
enhance the discriminative ability of the network, particularly in
complex indoor environments and for semantically similar cate-
gories that are difficult to separate using geometric and color
cues alone. These findings suggest that text-guided semantic en-
hancement provides a feasible and promising direction for im-
proving indoor 3D scene understanding. In future work, more
stable strategies for textual prior construction and stronger cross-
scene generalization capability will be further investigated, with
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Figure 2. Visualization of the confusion matrices for the six areas of the S3DIS dataset
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the goal of improving the robustness and applicability of the pro-
posed method in more diverse real-world scenarios.
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