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Abstract

Generalized zero-shot semantic segmentation of 3D point
clouds aims to classify each point into both seen and un-
seen classes. A significant challenge with these models is
their tendency to make biased predictions, often favoring the
classes encountered during training. This problem is more
pronounced in 3D applications, where the scale of the training
data is typically smaller than in image-based tasks. To address
this problem, we propose a novel method called E3DPC-
GZSL, which reduces overconfident predictions towards seen
classes without relying on separate classifiers for seen and un-
seen data. E3DPC-GZSL tackles the overconfidence problem
by integrating an evidence-based uncertainty estimator into
a classifier. This estimator is then used to adjust prediction
probabilities using a dynamic calibrated stacking factor that
accounts for pointwise prediction uncertainty. In addition,
E3DPC-GZSL introduces a novel training strategy that im-
proves uncertainty estimation by refining the semantic space.
This is achieved by merging learnable parameters with text-
derived features, thereby improving model optimization for
unseen data. Extensive experiments demonstrate that the pro-
posed approach achieves state-of-the-art performance on gen-
eralized zero-shot semantic segmentation datasets, including
ScanNet v2 and S3DIS.

Introduction

Semantic segmentation of 3D point clouds refers to a task
that classifies each point into a specific semantic category.
Most existing methods for this task mainly use supervised
learning techniques that rely on a labeled dataset where
each point is already categorized (Graham, Engelcke, and
van der Maaten 2018; Zhao et al. 2021). Although these su-
pervised models perform well at segmenting categories they
have been trained on, they face challenges when dealing
with novel or previously unseen categories, reducing their
effectiveness in real-world scenarios. This limitation arises
because these methods heavily rely on labeled training data,
which may not cover all possible real-world scenarios or ob-
jects.

To overcome this limitation, zero-shot learning (ZSL)
provides a valuable alternative by enabling models to gen-
eralize learned knowledge to novel, previously unseen cate-
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Figure 1: An illustration of E3DPC-GZSL. E3DPC-GZSL
mitigates the challenge of the overconfidence problem, as
shown in the bottom figures, by using a dynamic calibra-
tion (n). The upper figure shows how 7 is obtained from the
uncertainty estimate (u), which is parameterized by the ev-
idence («), resulting in an adaptive calibration for both the
seen (bottom left) and unseen (bottom right) datasets.

gories. However, even with zero-shot learning, achieving ac-
curate segmentation for these novel categories remains a sig-
nificant challenge. This is particularly critical in high-stakes
3D applications such as autonomous driving and medical
imaging, where precise segmentation is crucial for safety
and reliability.

Despite its significant potential impact in various applica-
tions, research on ZSL in the 3D domain has received lim-
ited attention in the literature. Early efforts to apply ZSL
to point clouds (Cheraghian, Rahman, and Petersson 2019)
focused on a classification task by learning to map point
cloud features into a word embedding space. Subsequent
studies (Cheraghian et al. 2019) introduced an unsupervised
skewness loss to address the hubness problem, which arises
from the phenomenon that the nearest neighbors of many
data points converge to a single hub in a high-dimensional
space.

To address more practical scenarios, these techniques
have been extended to generalized zero-shot learn-
ing (GZSL). GZSL seeks to recognize both seen and unseen
categories during inference. There are two different config-
urations to achieve GZSL: transductive and inductive set-
tings. Transductive settings allow the use of unlabeled data,



including unseen points without labels, whereas inductive
settings strictly avoid using unseen points during the train-
ing phase. A critical issue with GZSL models trained in this
inductive setting is that they often produce biased predic-
tions, with a tendency to favor the seen categories used dur-
ing training (Chao et al. 2016).

To overcome this problem, two main approaches are com-
monly used: 1) the binary classification approach and 2) the
calibrated stacking approach. Methods using the binary clas-
sification approach (Zhang and Koniusz 2018; Chen et al.
2020) first use binary classification to determine whether the
input data belong to seen or unseen categories. For seen cat-
egories, a supervised task is applied, while for unseen cate-
gories, a ZSL task is applied. In the calibrated stacking ap-
proach, the models (Chao et al. 2016; Michele et al. 2021;
Yang et al. 2023a) adjust the final prediction probability of
the GZSL model by reducing the probability of seen cate-
gories using predefined hyperparameters. By lowering the
probability of seen categories, it increases the relative prob-
ability of unseen categories. However, both approaches rely
heavily on hyperparameters, as demonstrated in Figure 2(a),
and face the challenge of applying the same hyperparame-
ters consistently across all input data. Figure 2(a) shows how
performance varies with different predefined calibration fac-
tors, indicating that performance is dependent on them. (See
also the section on uncertainty estimation).

To tackle this issue, we propose a novel method named
E3DPC-GZSL, which integrates two main approaches in
GZSL. First, E3DPC-GZSL enables point-wise calibrated
stacking without relying on predefined hyperparameters.
Unlike previous methods that apply the same stacking pa-
rameter to all samples, E3DPC-GZSL introduces a learn-
able calibration parameter. This parameter adjusts prediction
probabilities based on the characteristics of individual sam-
ples. It is derived from estimated uncertainty levels, which
act as an indicator for identifying unseen samples, but with-
out the need for explicitly distinguishing between seen and
unseen samples (See Figure 2(b)). By evaluating the pre-
diction evidence of reliable seen data with labels, E3DPC-
GZSL can implicitly distinguish between seen and unseen
samples and perform dynamic calibration to the predicted
class probabilities. This calibration adjusts proportionally to
the uncertainty of the unseen samples — larger adjustments
are made for higher uncertainties, while smaller adjustments
are made for lower uncertainties. Moreover, E3DPC-GZSL
introduces a new training strategy for data augmentation
for unseen classes to overcome data scarcity issues. Unlike
the typical visual-text space alignment in ZSL, this strat-
egy incorporates a new approach to semantic space refine-
ment by fusing learnable tuning parameters into text-derived
features. The proposed strategy tunes text embeddings and
aligns feature vectors to the refined space, resulting in a bet-
ter understanding of scenes.

In summary, our contributions are as follows:

* We show that the performance of existing methods can
vary when using the standard calibrated stacking ap-
proach.

* We propose a novel method, E3DPC-GZSL, which mit-
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Figure 2: (a) Segmentation performance variation with dif-
ferent calibration factors on S3DIS. (b) Uncertainty differ-
ence between seen and unseen points.

igates the overconfidence of zero-shot models on seen
categories by redistributing prediction probabilities using
estimated uncertainty.

* We propose a new strategy for tuning semantic embed-
dings to overcome data scarcity in 3D zero-shot learning.

* We show that the proposed method outperforms state-of-
the-art (SOTA) methods for both seen and unseen classes.
Extensive analysis confirms the effectiveness of our ap-
proach for generalized zero-shot semantic segmentation
in 3D datasets.

Related Works

Point Cloud Semantic Segmentation. Several approaches
have been proposed to accomplish semantic segmentation
of 3D point clouds. One such method uses a multilayer per-
ceptron (MLP) that processes individual points as input, in-
cluding models (Qi et al. 2017b,a) specifically designed to
handle unordered points directly. Another approach employs
point-wise convolution techniques, which extract features by
applying kernel operations to the point cloud (Hua, Tran, and
Yeung 2018; Thomas et al. 2019). This includes sparse con-
volution methods (Graham, Engelcke, and van der Maaten
2018; Choy, Gwak, and Savarese 2019), which map the point
cloud to grid cells and perform 3D convolution operations
only where data exists to extract features. More recently,
transformer-based methods (Zhao et al. 2021; Yang et al.
2023b) have been proposed to encode the point cloud us-
ing attention mechanisms. However, all these methods have
been designed for fully supervised learning with labels. In
contrast, few methods have been developed for unsupervised
settings.

In the GZSL setting, a generator usually synthesizes un-
seen samples using semantic information, which is then used
to train semantic segmentation classifiers (Michele et al.
2021; Yang et al. 2023a). Certain methods adopt a pseudo-
labeling approach for the unseen data (Cheraghian et al.
2020, 2022). Additionally, some approaches incorporate ex-
tra information, such as projected 2D images (Lu et al. 2023)
or geometric primitives (Chen et al. 2023), to enhance seg-
mentation performance.

Mitigating Bias of Prediction towards Seen Categories.
ZSL models typically train on samples from seen categories,
resulting in a bias toward those categories. This bias is more
pronounced in inductive settings, where unseen samples are
not available during training. To address this issue, one ap-
proach is to distinguish samples as either seen or unseen and



then categorize them accordingly. This approach effectively
breaks down the GZSL task into a supervised learning task
for seen categories and a ZSL task for unseen categories.
Some methods use gating networks that perform binary clas-
sification before classifying the specific category of the input
data (Zhang and Koniusz 2018; Chen et al. 2020). A more
recent method (Lu et al. 2024) uses multiple gating networks
to classify data not only as seen or unseen, but also as am-
biguous.

Another approach is to adjust the predicted probabili-
ties or scores of a model to more accurately represent the
true probability or confidence of each prediction. A sim-
ple but effective calibration technique, known as calibrated
stacking, is used in point cloud semantic segmentation mod-
els (Michele et al. 2021; Yang et al. 2023a) by increasing the
probabilities of unseen predictions to a specified level.

However, both approaches heavily rely on hyperparame-
ters and face the challenge of applying the same hyperpa-
rameters consistently across all input data.

Problem Definition

ZSL Setup. Given a point cloud, a training set D;,- contains
Ny, labeled point samples: Dy, = {(x;, yl)}ZNZtI Each sam-
ple in the training set consists of a point x; € R"» from
the point cloud and its corresponding label y;. In Dy,., the
labels come from a set of ))® of Ny seen classes. The point
x can comprise either 3D spatial coordinates or spatial coor-
dinates with color components (7, g, b). Additionally, during
training, class description vectors t € RNt either associated
with N, seen classes or IV, unseen classes, can be accom-
panied by y in the form of semantic attributes or natural lan-
guage embeddings. Note that the experiments presented in
this paper consider the inductive setting, where only class
description vectors are provided and no unseen points are
included. .

At inference, a set of points D}, = {xi}f-v:ti is provided
from a set Y* of IV,, unseen classes that is completely dis-
joint from Y®. In other words, there are no overlapping
classes between V¥ and Y*, meaning Y% N Y* = ).

GZSL Setup. In the ZSL setting, samples are drawn exclu-
sively from unseen classes during inference. However, the
GZSL setting allows samples to be drawn from both seen
and unseen classes. In this setting, the inference set Dy, =
{xl}fvz‘j consists of sample points from Y = Y% U Y*.
Generalized Zero-Shot Semantic Segmentation. Given
the label set ) = {ck}ivgl, where N, is the total number
of seen and unseen classes (Vs + N, ), generalized zero-
shot semantic segmentation can be achieved by introducing
a weight matrix w, € RM7*Ne This matrix maps an in-
put point x to the output space and is obtained by using
the feature vector f extracted by a trained encoder F, i.e.,
f = B(x) € RMs.

Concretely, a classifier for 3D semantic segmentation can
be implemented by computing class posterior probabilities
p from a logit vector £ = wgf , as follows:

el
N, )
Zj:i et

pr =D (ck|x) = ; (D
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Figure 3: The E3DPC-GZSL architecture. The encoder E
extracts features from the point cloud; the decoder D gen-
erates synthesized features by aligning visual features with
a semantically tuned text space for training the classifier C.
The classifier C then predicts the class for each point by in-
corporating an uncertainty estimator to adjust the predicted
probabilities.

where ¢, and ¢; are the k-th and j-th elements of the vector
£, respectively, with k ranging from 1 to N.. The predicted

class for a given x is then computed as § = argmax py. The
Ck
classifier is typically optimized using the cross-entropy loss:

1 &
Lop = —EZ Z 1 (cx = ¢y,) Pr,

j=1lcred

2

where 1(-) is the indicator function and N, is the number
of points in a minibatch. The cross-entropy loss function
reaches its minimum when the predicted probabilities per-
fectly match the ground truth labels for all samples, i.e.,
when the predicted probability for the correct class is 1, and
for all other classes, it is 0. Thus, minimizing the cross-
entropy loss tends to amplify the differences between the
logit values, in particular by increasing the highest logit
while suppressing the others. This happens because the loss
function heavily penalizes incorrect classifications, forcing
the model to make highly confident predictions for the most
likely class (Guo et al. 2017). However, this tendency to
make overly confident predictions can be problematic in
GZSL. When the model encounters novel unseen classes,
it may struggle to generalize effectively because it has been
trained to make very sharp distinctions between the classes
it has seen before.

Proposed Approach

In this section, to overcome the aforementioned issues, we
propose a novel method, E3DPC-GZSL, for generalized
zero-shot semantic segmentation of 3D point clouds. The
overall architecture of E3DPC-GZSL is shown in Figure 3.
E3DPC-GZSL consists of three main components: 1) an en-
coder E that extracts feature vectors f from input points x,
2) a decoder D that generates synthesized features, helping
to train a classifier for segmentation and transfer knowledge



from seen to unseen categories, and 3) a classifier C' with an
uncertainty estimator U that performs segmentation by us-
ing the feature vectors produced by F and D. Note that dur-
ing inference, only the feature encoder FE, the classifier C,
and the uncertainty estimator U are used, while the decoder,
which assisted the classifier in learning potential unseen fea-
tures, is detached.

The training process of E3DPC-GZSL is divided into
three phases. Below, we describe each phase and outline our
strategies for achieving reliable predictions.

Phase I: Training Encoder

This training process aims to optimize the encoder E to ex-
tract a distinctive feature vector f from an input x for cat-
egory identification. The knowledge gained from F is then
used to train the decoder D for feature vector synthesis. The
feature vectors produced by D are then used to learn the pa-
rameters for C' and U.

In this phase, the encoder F is trained from scratch by
optimizing the cross-entropy loss over seen samples of Dy,..
This approach is taken for two main reasons: first, there
are no effective pre-trained foundation models for 3D point
clouds; second, the configuration of 3D datasets varies sig-
nificantly from task to task. For instance, in classification
datasets (Wu et al. 2015; Uy et al. 2019), each point cloud
sample typically contains a single object without back-
ground, whereas segmentation and detection datasets (Dai
etal. 2017; Armeni et al. 2017) contain multiple objects with
background in point cloud samples.

Phase II: Training Decoder

This training process has two goals: 1) to overcome data
scarcity by training the decoder D to enable feature synthe-
sis, and 2) to improve feature representation for synthesis by
conditioning on both scene- and point-wise semantics.

Given a point x of the class ¢, from D;,, the pre-trained

encoder F extracts the feature vector f. As described in Fig-
ure 3, the decoder D is then trained to generate the feature
vectors f from a vector z € RY=. The vector z is randomly
sampled from a uniform distribution in the range [0, 1). To
mitigate data scarcity issues in zero-shot learning, D is con-
ditioned on auxiliary prior knowledge about the class in the
form of a text-driven feature embedding t, which represents
the class for feature synthesis.
Semantic Tuning. In E3DPC-GZSL, the text embedding
t is tuned by introducing a learnable feature vector derived
from the scene semantics, denoted as s € R™Vt. This vector is
constructed based on a scene composition descriptor in R™e,
whose elements are either 1 or —1. A value of 1 indicates
the presence of a class in the scene, while a value of —1
indicates the absence of objects belonging to that class.

To learn s, the scene composition descriptor is passed
through a fully connected layer with a hyperbolic tangent
activation function. This introduction of s has two key ad-
vantages: it improves the quality of synthesized features by
exploiting both global scene-based and local point-based
conditions, and it acts similarly to adjusting prompts that
include a word for a class name (e.g., [chair]) to prompts
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that include the class name with the scene description (e.g.,
[chair] near [table] in the room). Once s is obtained, t is
tuned by adding point by point. The synthesized feature vec-
tor f is then produced from z and t ®s, i.e., f = D(z,t®s),
where ® denotes an point-wise multiplication operation.
Opimization. The decoder D is trained by following the ap-
proach in (Yang et al. 2023a), minimizing the decoder loss.
This decoder loss consists of the discrepancy loss between
f and f, the contrastive loss between positive and negative
pairs, as well as the prototype distance loss across classes.
Once the parameters of D are learned, the synthesized fea-
tures align with the semantic space derived from tunable text
representations.

Phase I1I: Training Evidence-Based Classifier for
3D Semantic Segmentation

The goal of this training process is twofold: first, to obtain
the parameters of a classifier C' for 3D semantic segmen-
tation, and second, to learn parameters of U for evaluating
prediction confidence.

Learning Segmentation. As shown in Figure 3, to learn the
parameters of C, the pre-trained encoder E is used to encode
the samples of seen classes, while the pre-trained decoder D
generates synthetic features for unseen classes. C' is then op-
timized using the cross-entropy loss on feature vectors pro-
duced by E and D, following the standard framework out-
lined in (1) and (2). Here, the resulting class probabilities
are represented as a vector p € R™¢, where p;, denotes the
probability of the class cy.

Uncertainty Estimation. To avoid overconfident prediction
due to prior knowledge of seen classes, at inference, the cali-
brated stacking method (Chao et al. 2016) is used to compute
class probabilities, resulting in the vector p’ € [0, 1]™Ve:

P =pr—n- Ly (cr), 3)

where p). represents the probability of the class ¢x; 1, (z) is
denoted as 1 (x € A), i.e., 1 (¢ € V*); and the prediction
probability is redistributed using a calibration factor 7 in the
range [0, 1]. In (3), 77 is used to decrease the probabilities for
seen classes, which consequently increases the relative prob-
abilities of unseen classes. Once the class probabilities are
computed, the predicted class is assigned as § = argmaxpj,.
Ck

However, segmentation performance can degrade when ap-
plying a pre-defined 7 to (3), as demonstrated in Figure
2(a). To mitigate this performance degradation, 7 is treated
as an adjustable parameter in E3DPC-GZSL. It is learned
from uncertainty estimation derived based on evidence the-
ory (Shafer 1976) and subjective logic (Jg sang 2016).

In standard uncertainty estimation (Sensoy, Kaplan, and
Kandemir 2018; Ulmer, Hardmeier, and Frellsen 2023;
Wang et al. 2024; Zong et al. 2024), the Dirichlet distribu-
tion, characterized by a concentration parameter vector ¢, is
used as a conjugate prior for Bayesian inference. When the
Dirichlet distribution is uniform, it acts as a non-informative
prior, representing complete uncertainty about the outcomes.
For example, when minimal prior knowledge is assigned
to all concentration parameters relevant to class probabil-
ity (e.g., ax = 1 for all k classes, where o > 1), it implies



no preference for any particular class (See Figure 1). This
reflects maximum uncertainty and a lack of evidence, mean-
ing there is no bias or skew toward the probability of any
particular class.

This uncertainty (or, conversely, evidence) can be mod-
eled using evidence theory (Shafer 1976; Sensoy, Kaplan,
and Kandemir 2018), where the degree of uncertainty is in-
versely proportional to the total amount of evidence repre-
sented by a with the relationship o = evidence + 1:

U= —,
e%y]

“

where oy is defined as the sum of all concentration parame-

ters, i.e., g = Zszl ay, and K denotes the number of the
parameter o.

To derive 1 based on prediction uncertainty, the uncer-

tainty is measured exclusively using reliable sets of seen la-
bels with K = Ng, considering two scenarios: 1) For un-
seen classes, u ideally reaches its maximum by accumulat-
ing the evidence («) from seen classes. This occurs when
all « are associated with seen classes, their class probabili-
ties have minimal evidence. As a result, given unseen sam-
ples, high uncertainties associated with seen classes result
in low class probabilities and a large 7, thereby redistribut-
ing class probabilities more evenly for unseen classes. 2)
For seen classes with labels, a skewed distribution towards
a given class, driven by low uncertainty, increases predic-
tion evidence with a small 5. Based on this reasoning, the
process for estimating 7 is as follows: model the evidence
distribution as Dirichlet, estimate its concentration parame-
ters « (substituting the evidence), compute the uncertainty
u from the estimated «, and then estimate 1 from u (See
Figure 1).
Learning 1. The module U for estimating « is optimized
on the expected probability of evidence 7y, for each class,
defined as m; = ayi/ap. Three objectives guide it: first,
to estimate parameters that minimize Bayesian risk to im-
prove evidence for class prediction (L1 ); second, to regu-
larize the optimization process ensuring balanced prediction
for seen and unseen classes (Lpyr); and third, to improve
evidence estimates by identifying unseen classes from seen
ones (Lpr):

Lepv =Lsr +AprLpr +ArLLBL, (5)

where Apy, and Apy, are the weighting coefficients.

The segmentation loss (SL) is the posterior expected loss
designed to minimize Bayesian risk using the cross-entropy
loss function. Assuming a Dirichlet conjugate prior, the loss
is formulated as follows (for a detailed derivation, refer to
Appendix A):

Ns

k'~
] ;c’ |:7 > ]l(ck:cyj)log Trjwk:|d7f

N/ Z/B(a,) H
1 Nb N

= > > M (e =cy,) (¥ (yir)

b j=1k=1

- ¢ (O‘j,U) )’
(©)
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where B(-) represents the multivariate beta function; I'(+)
denotes the gamma function, and 1) (-) is the digamma func-
tion, defined as t(2) = - logI'(x); and N} is the number
of seen samples in a minibatch.

The divergence loss (DL) regularizes the model by reduc-
ing the Kullback-Leibler divergence from a uniform Dirich-
let distribution to ensure reliable uncertainty prediction. A
modified vector & is introduced to avoid misleading evi-
dence when labeled samples are provided and to ensure high
uncertainty for unseen ones, similar to (Sensoy, Kaplan, and
Kandemir 2018):

&=y (e) {yo 1+ )+ (1~
+1,u (cy) - a,

Y) @ \/a} 7

where 1 € R+ is the vector of ones, ® denotes element-
wise multiplication, and y is provided in a one-hot encoded
format. Using &, the module estimates the evidence for each
class by preventing incorrect predictions for unseen samples
from being biased towards any seen classes (see Appendix
A for full derivation):

1 M
Lpr= ﬁbjgl KL [Dir (m;|a;) ‘ Dir (7rj|1)]
R O S
TN & BTN B(&,)
Ns
+ k;(dja’f 1) (¢(a8) — ¥(aj0)))-

®)

In addition to the loss functions, the binary loss (BL) is
introduced to ensure that the evidence is not biased toward
any class when handling unseen samples. The loss function
reduces uncertainty for seen samples and simultaneously in-
creases uncertainty for unseen samples, encouraging bal-
anced predictions:

1 N
;CBL: —Fbjgl []lys (Cyj) logu]

+ Ly (cy,) log(1 — u;)].

In (9), by reducing uncertainty for seen samples, the mod-
ule gains confidence in its predictions for seen classes, lead-
ing to more decisive and accurate results. In contrast, by in-
creasing uncertainty for unseen samples, the module avoids
making overly confident predictions about unseen samples.
This increase in uncertainty prevents overfitting and ensures
that the module recognizes its limitations when it encounters
new inputs.

Inference. Using the learned parameters of U to estimate
«, the dynamic calibration factor is defined as n = v — 4,
where 4 is defined as the average estimated uncertainty of
unseen samples predicted from C before applying calibrated
stacking.

)

Experiments
In this section, we provide details on various experiments
designed to evaluate E3DPC-GZSL. Note that additional re-
sults and analyses are provided in the supplementary mate-
rial.



Training set ScanNet v2 S3DIS
. mloU mloU
Encoder | Classifier Seen Unseen All HmloU Seen Unseen All HmloU
Full supervision VSUJY |l YysuYy“ 1433 519 451 472 |740 50.0 66.6] 59.6
Full supervision only for classifier ys YSuUY¥ 415 392 403| 403 [60.9 215 487| 31.8
Supervision with seen % % 390 00 313 00 |70.2 0.0 48.6| 0.0
3DGenZ (Michele et al. 2021) ys ysu y? 328 77 27.8] 125 [53.1 73 39.0| 129
3DPC-GZSL (Yang et al. 2023a) ys ysuY¥ 345 143 304| 202 [589 97 438| 167
E3DPC-GZSL (ours) \ ys \ ysyyt \ 36.1 154 32.0\ 21.6 \ 679 12.0 50.7\ 20.4

Table 1: Performance Comparisons of 3D GZSL semantic segmentation benchmarks in terms of mIloU(%) and HmIoU(%).

Experimental Setup

Datasets. We evaluate the proposed E3DPC-GZSL method
using the S3DIS dataset (Armeni et al. 2017) and the Scan-
Net v2 dataset (Dai et al. 2017), following the data splitting
protocol outlined in previous studies (Michele et al. 2021;
Yang et al. 2023a).

The ScanNet v2 dataset, collected indoors, consists of
1,201 point cloud scenes for training and 312 point cloud
scenes for evaluation. The training scenes encompass Six-
teen seen classes (Ny = 16), while the evaluation scenes
include four unseen classes (desk, bookshelf, sofa, and toi-
let, N,, = 4) and sixteen seen classes.

The S3DIS dataset consists of 272 scenes from 6 indoor
areas, covering 13 classes. Areas 2, 3, 4, 5, and 6 (228
scenes) are used for training with nine seen classes (Ny =
9), while Area 1 with 44 scenes is designated as the eval-
uation dataset. This evaluation set includes four unseen
classes (beam, column, window, and sofa, NV,, = 4) and nine
seen classes.

Evaluation Metrics. The performance of E3DPC-GZSL
is assessed using two metrics. The first metric is the
mean Intersection-over-Union (mloU), which measures
the average overlap between the predicted and ground
truth segmentations across all classes. We assess three
types of mloU: for seen classes, unseen classes, and a
combined measure for both. The second metric used is
the Harmonic mean of mloU (HmloU), defined as 2 x
(mIoU(Y#) x mIoU(Y*)) / (mIoU(Y*) + mIoU(Y*)).

Implementation Details. We implement the proposed
method using the PyTorch framework. Following the 3D
GZSL semantic segmentation setting (Michele et al. 2021),
the sample points contain spatial coordinates for the Scan-
Net v2 (N, = 3) and spatial coordinates plus color in-
formation for the S3DIS (N, = 6). The experiments use
the FKAConv (Boulch, Puy, and Marlet 2020) network
on the ScanNet v2 and the ConvPoint (Boulch 2020) net-
work on the S3DIS as the encoder and classifier. The en-
coder E encodes the inputs into 64-dimensional feature vec-
tors (Ny = 64) for ScanNet v2 and 128 for S3DIS. The
decoder D used is the generative moment matching net-
work (GMMN) (Li, Swersky, and Zemel 2015). We employ
600-dimensional (NV; = 600) text embeddings, which are a
concatenation of GloVe (Pennington, Socher, and Manning
2014) and Word2Vec (Mikolov et al. 2013), as class descrip-
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tion vectors. The proposed model is trained with a learning
rate of 7e — 2, a batch size of 4, and a poly learning rate
scheduler with a base of 0.9 and 30 epochs. The Adam op-
timizer is used for ScanNet v2, while the SGD optimizer
is used for S3DIS. Each minibatch contains 8192 sample
points (N, = 8192). Apr, and Apy, are set to 0.005 and 0.01
for ScanNet v2 and 0.005 and 0.1 for S3DIS, respectively.
The uncertainty estimator utilizes the same network as the
classifier, employing the exponential function as its activa-
tion function.

Experimental Results

The effectiveness of our proposed methods is compared
with SOTA methods in the inductive generalized zero-shot
learning setting, where the encoder is trained with seen
data ()*) and the classifier is trained with both seen and
augmented unseen data Y“. The methods compared are
3DGenZ (Michele et al. 2021) and 3DPC-GZSL (Yang et al.
2023a). The results of this comparison are summarized in
Table 1. Additionally, for reference, we provide perfor-
mance for three different supervised settings using the same
encoder and classifier as the zero-shot models. Our pro-
posed method achieves improvements over the state-of-the-
art method in both seen and unseen mloU metrics. Specif-
ically, it demonstrates an increase of 1.4% HmloU on the
ScanNet v2 and 3.7% HmloU on the S3DIS. Note that qual-
itative results and additional evaluations on outdoor bench-
marks are provided in the supplementary material.

Further Discussion

Analysis of Component Effectiveness. The effectiveness
of the proposed semantic tuning and the uncertainty estima-
tor is validated by removing and adding each component.
The analysis results are summarized in Table 2. In the table,
“B” represents the baseline consisting of the encoder with-
out calibrated stacking (n = 0), decoder without semantic
tuning, and standard classifier; “S” represents the addition of
the semantically tuned decoder; and “U” represents the addi-
tion of the dynamically calibrated classifier. It is evident that
dynamic calibration using module U effectively adjusts the
module’s predictions independent of semantic tuning. More-
over, when semantic tuning is applied, it enhances classifier
performance by increasing the expressive power of the de-
coder.



mloU

Dataset |B S U Seon Unseen All HmloU
v - —[3478 14.80 30.79| 20.77

ScanNetval ¥, = ¥ |3486 1487 3087| 2085
V9v v - 13609 1523 3191 21.42

vV v v [3611 1540 31.97| 21.59

v — — 16503 10.17 48.15]| 17.60

vV - v |6658 1127 49.56| 19.28

S3DIS | - _|6646 1102 4940 | 18.90
V v v 6790 12.01 50.70| 20.42

Table 2: Analysis of the effects of each module on segmen-
tation performance.

mloU
Seen unseen All

36.09 15.23 3191
36.14 15.31 31.98
36.13 15.33 31.97
36.14 15.32 31.98
36.11 15.40 31.97

66.46 11.02 49.40
66.64 11.19 49.58
67.19 11.66 50.10
66.84 11.39 49.78
67.90 12.01 50.70

Dataset HmloU

Lsr Lpr LB

21.42
21.51
21.53
21.51
21.59

18.90
19.17
19.89
19.46
20.42

ScanNet v2

AN
<SS

S3DIS

NN NN
AN N

Table 3: Ablation study on loss functions for uncertainty es-
timation.

Analysis of Uncertainty Estimator. In addition, to fur-
ther analyze the proposed uncertainty estimation module, we
evaluate the effectiveness of each loss function. The analy-
sis results are presented in Table 3. For reference, the per-
formance of the B+S model in Table 2 is reported in the first
row for each dataset as the baseline. As expected, segmen-
tation accuracy on unseen data improves by redistributing
the model’s prediction probabilities, which coincides with
HmloU improvements, reflecting enhanced performance on
unseen data.

For the S3DIS dataset, the results clearly demonstrate the
effectiveness of the uncertainty estimator for unseen data.
However, its impact on ScanNet v2 is less pronounced,
showing only marginal improvement. To explore this fur-
ther, we analyze and measure the confidence histograms and
reliability diagrams of the models without applying cali-
brated stacking. The confidence histograms in the top row
of Figure 4 show the distribution of prediction confidence,
represented as softmax probabilities of the classifier C' as-
sociated with the predicted class label. The reliability dia-
grams in the bottom row of Figure 4 show accuracy as a
function of confidence, calculating the accuracy of each bin
in the confidence histograms (i.e., the ratio of correct pre-
dictions of each bin). If the model produces balanced out-
puts, the diagram would show the identity function labeled
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Figure 4: Analysis of model confidence on ScanNet v2
and S3DIS: confidence histograms (top) and reliability dia-
grams (bottom). The Gap represents the difference between
the ideal accuracy and the measured accuracy.

“ideal” in the graph. Any deviation from this identity func-
tion indicates that the model produces overconfident out-
puts, with one class of probability significantly higher than
the others (Guo et al. 2017). As evidenced in the confidence
histogram for ScanNet v2, the model tends to produce out-
puts with a significantly high probability of one class. This
overconfidence limits the effectiveness of calibrated stack-
ing, which is intended to reduce the bias toward the classes
seen. Since the probabilities are already very high, subtract-
ing n does not effectively shift the peak of the probability
distribution. In contrast, the model confidence in the out-
puts for S3DIS is relatively lower compared to ScanNet v2.
Consequently, the effect of calibrated stacking is much more
pronounced for S3DIS, resulting in a more effective redistri-
bution of the probability distribution.

Conclusion

We proposed E3DPC-GZSL, a novel approach for gener-
alized zero-shot point cloud semantic segmentation. Our
method exploits the uncertainty of input points to dynami-
cally calibrate classifier predictions. This uncertainty-based
strategy helps to mitigate the bias of zero-shot models to-
wards seen classes, thereby improving the generalization
performance of the model. Additionally, to address the is-
sue of data scarcity, we introduced a novel training strategy
that refines the semantic space by applying semantic tun-
ing to text embeddings. Our experiments show that E3DPC-
GZSL outperforms SOTA methods in 3D semantic segmen-
tation. Despite the significant performance improvements
over SOTA, the impact is less pronounced on models that
tend to produce overconfident results with high probabilities.
Regularizing the model’s overconfidence with biased pre-
dictions in a zero-shot setting could improve performance in
such cases. We leave this as a direction for future research.
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