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Abstract—Generalized few-shot 3D point cloud segmentation
aims to adapt to novel classes from only a few annotations
while maintaining strong performance on base classes, but this
remains challenging due to the inherent stability—plasticity trade-
off: adapting to novel classes can interfere with shared repre-
sentations and cause base-class forgetting. We present HOP3D, a
unified framework that learns hierarchical orthogonal prototypes
with an entropy-based few-shot regularizer to enable robust
novel-class adaptation without degrading base-class performance.
HOP3D introduces hierarchical orthogonalization that decouples
base and novel learning at both the gradient and representation
levels, effectively mitigating base-novel interference. To further
enhance adaptation under sparse supervision, we incorporate an
entropy-based regularizer that leverages predictive uncertainty to
refine prototype learning and promote balanced predictions. Ex-
tensive experiments on ScanNet200 and ScanNet++ demonstrate
that HOP3D consistently outperforms state-of-the-art baselines
under both 1-shot and 5-shot settings. The code will be publicly
released upon acceptance.

Index Terms—Few-shot learning, orthogonal regularization,
prototype refinement

I. INTRODUCTION

3D point cloud semantic segmentation assigns a label to
each point in a 3D scene and underpins autonomous driving,
robotics, and AR/VR applications [1]-[3]. With large-scale
dense annotations, fully supervised models have achieved
remarkable progress [4]-[7], yet high-quality 3D annotation is
costly and difficult to scale [8], [9]. This motivates few-shot
3D segmentation, which adapts to novel categories from only
a few labeled examples [10]-[13]. A more realistic setting
is generalized few-shot 3D point cloud segmentation (GFS-
3DS), where the model must recognize base classes with
abundant supervision and novel classes with sparse annotations
simultaneously [14], [15].

GFS-3DS is fundamentally constrained by the stability—
plasticity dilemma: improving novel-class performance often
degrades base-class knowledge [16]—[18]. This conflict is par-
ticularly acute for prototype-based formulations widely used
in few-/generalized few-shot 3D segmentation [11], [14], [15],
[19], [20]. First, base and novel categories share the same
feature space and parameters, so few-shot updates for novel
classes can directly perturb base decision boundaries. Second,
segmentation is prototype-centric: predictions are governed by
the relative geometry between point embeddings and class pro-
totypes. Under sparse and biased support, novel prototypes are
often noisy; updating them can warp the prototype subspace
structure, making base—novel separation fragile and amplifying
interference [2], [14], [15]. In short, reducing interference
requires controlling both (i) the few-shot adaptation dynamics

(how to learn) and (ii) the prototype subspace structure that
shapes the decision geometry (what to learn).

Orthogonality provides a natural guiding principle for ad-
dressing both levels [21]-[25]. Prior work shows that or-
thogonal gradient projection can mitigate forgetting in con-
tinual learning [21] and that orthogonal prototypes improve
base—novel separation in generalized few-shot 2D segmenta-
tion [22]; related orthogonal-basis designs have also appeared
in 3D class-incremental learning [23]. However, orthogonality
must be enforced at both levels to be effective in GFS-3DS:
gradient-space orthogonalization alone can stabilize updates
but cannot prevent few-shot noise from geometrically warping
the prototype subspace, while prototype-space orthogonality
alone improves separability yet cannot stop novel adapta-
tion from perturbing shared parameters and forgetting base
knowledge. Therefore, a joint design that aligns projected
updates with prototype subspace geometry is necessary for
reliable base—novel joint recognition, but such a two-level
orthogonality coupling remains underexplored in GFS-3DS.

Motivated by this, we propose HOP3D, a unified framework
that instantiates orthogonality at both the optimization level
and the representation level, together with an entropy-aware
few-shot regularizer. Specifically, HOP-Net performs hierar-
chical orthogonalization via: (i) HOP-Grad, which projects
novel gradients onto the orthogonal complement of base
gradient directions to suppress harmful interference during
Phase 2 adaptation; and (ii) HOP-Rep, which learns orthogo-
nal prototype subspaces to induce a base/novel representation
decomposition, improving separability while preserving base
knowledge. To further improve robustness under extremely
limited supervision, we introduce HOP-Ent, a dual-entropy
regularizer (conditional-entropy minimization and marginal-
entropy maximization) integrated into few-shot training to
sharpen and balance novel predictions, avoiding extra test-time
optimization [26]. Our main contributions are:

o From a unified view (how vs. what to learn) of GFS-3DS,
we propose HOP-Net, which instantiates a joint orthog-
onality principle via gradient-space orthogonal projection
(HOP-Grad) and prototype-space orthogonal decompo-
sition (HOP-Rep) to mitigate base—novel interference.

o We introduce HOP-Ent, a dual-entropy regularizer in-
tegrated into Phase 2 training to improve prediction
certainty and class balance.

o Extensive experiments on ScanNet200 and ScanNet++
demonstrate that HOP3D achieves state-of-the-art per-
formance under both 1-shot and 5-shot settings.
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Overview of the proposed HOP3D framework, integrating HOP-Net and HOP-Ent. The training pipeline consists of two phases: Phase 1 trains base

classes with HOP-Rep and collects base-task gradients G to construct an orthonormal basis B for HOP-Grad; Phase 2 introduces novel classes for few-shot
adaptation, applies HOP-Grad to project each novel gradient g as g (removing B), continues to use HOP-Rep for prototype subspace orthogonalization,
and integrates HOP-Ent for entropy-guided refinement. (a) Gradient orthogonalization in HOP-Grad using B and g; (b) Prototype similarity heatmaps and
orthogonal prototype subspaces before/after HOP-Rep; (c) Confidence distribution and class-frequency distribution before/after HOP-Ent.

II. METHODOLOGY
A. Overview

We propose HOP3D, a unified framework for GFS-3DS that
reduces base—novel interference and improves generalization
under limited supervision. As shown in Fig. 1, HOP3D inte-
grates two complementary components: (1) HOP-Net, which
performs hierarchical orthogonalization, applying gradient-
level orthogonal projection to avoid base-class forgetting and
representation-level prototype orthogonalization to strengthen
semantic separation; and (2) HOP-Ent, an entropy-based few-
shot regularizer that encourages confident and balanced pre-
dictions. HOP3D is trained in two phases: base pretraining and
novel adaptation. During the latter, both HOP-Net and HOP-
Ent are activated to jointly enhance optimization stability and
few-shot generalization.

B. Hierarchical Orthogonal Prototype Network (HOP-Net)

Orthogonal Gradient Projection (HOP-Grad): At the gra-
dient level, HOP-Net incorporates an orthogonal projection
module to stabilize few-shot adaptation while preserving base-
class knowledge. Inspired by continual learning, this module
prevents gradients from novel-class samples from updating
directions already optimized for base classes by projecting
them onto the orthogonal complement of the base gradient
subspace. Let ¢ € R? denote segmentation head parameters,

including the class prototypes and the corresponding classifier
weights, where d is the dimensionality of the vectorized
parameter set.

Upon completing Phase 1 training, we extract a represen-
tative set of gradients G = {¢¥}]_, from the converged
model by re-processing 7" mini-batches from the base training
set, where 7T is chosen to balance gradient diversity and
computational cost. Each ¢(¥) € R? denotes the gradient of
the Phase 1 objective with respect to ¢ computed at the ¢-th
extraction step. We then apply the Gram—Schmidt process to
G to construct a compact orthonormal basis B € R*7 where
r < T corresponds to the effective rank of the gradient set:

B =GS({g"}y),

The basis B remains fixed throughout Phase 2, constraining
gradient updates to lie within the orthogonal complement of
the base optimization subspace.

During Phase 2, for any gradient g € R? with respect to ¢
that is induced by the novel-class supervision, we project it
onto the orthogonal complement of the base subspace spanned
by B as § = g — B(BTg). Since B is orthonormal, BB g
is the component of g within B, and ¢ retains only the
component orthogonal to B. This removes update directions
that overlap with the base optimization subspace, helping
mitigate base-class forgetting.

with B'B=1. (1)



The final projected gradient ¢ is then used to update

parameters ¢ via the chosen optimizer. This gradient-level
decoupling forms the first component of HOP-Net, ensuring
stable adaptation by explicitly separating base and novel
update directions.
Orthogonal Representation Decomposition (HOP-Rep): To
disentangle representations, we enforce pairwise orthogonality
on the parameterized projection bases, rather than raw feature
representations. This ensures both intra-group separation and
inter-group independence between base (S) and novel (S,)
subspaces, enabling sequential projections to resolve features
into mutually decorrelated semantic components. Let € R3
denote a 3D point in the input cloud, and let fy(z) € R be
its embedded feature produced by the backbone network fy(-),
where C is the feature dimension. Define the /5-normalized
base prototype set for the K base classes as S“b = {& €
RO,

In Phase 1, only base prototypes are used. The input feature
is first projected onto the subspace spanned by base prototypes:

Ky

Fo(@) = (fo(@), 30.4) 8.k, 2)
k=1

(@) = fo(@) = fol), 3)

where fy(z) € R denotes the base-aligned component and
r(O(x) € RY is the residual orthogonal to the base subspace.
These two components are concatenated and passed through
a shared multi-layer perceptron (MLP) to produce per-point
classification scores for base classes.

In Phase 2, we introduce the novel prototype set S, =
{800 € RE} X for the K, novel classes. The residual 7(*) ()
is then projected onto the corresponding novel subspace:

=

n

(rO(z), 80.0)3n.0, 4)
1

rM (@) =rO(z) - fu(2), )

where f,(z) € R is the novel-aligned projection and
M (z) € R is the remaining residual. The model employs
two separate MLPs: h;(+) for base features and h,,(-) for novel
and residual features. The final prediction is obtained as:

2@) = [m(h@), halfal@),r @), ©

fn(x) =

~
Il

where z(z) € REv+5n denotes the logits over all foreground
categories. Although base prototypes in Phase 2 are initialized
from those learned in Phase 1, their role is not strictly identical.
In Phase 1, the residual space captures background informa-
tion. In Phase 2, however, the introduction of novel prototypes
redefines the residual structure, prompting further adaptation
of the base prototypes to align with the new decomposition.
To encourage decorrelation among all learned prototypes,
we apply a unified orthogonality regularizer to the cosine
similarity between all distinct prototype pairs. In Phase 1, this

regularizer is applied only to base prototypes, and in Phase 2
it is extended to the joint set of base and novel prototypes:

Lo =) , (7)

i<j

AT A
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where the summation spans all distinct pairs of /2-normalized
prototypes in the current phase.

C. Entropy-based Few-Shot Regularizer (HOP-Ent)

To enhance generalization on novel categories under limited
supervision, we introduce the Entropy-based Few-Shot Regu-
larizer (HOP-Ent). This module jointly optimizes two comple-
mentary entropy-based objectives to encourage both confident
and balanced predictions. During Phase 2, we generate novel-
class supervision by adopting the pseudo-label selection and
adaptive infilling of GFS-VL [15] without any modification.

Let the model output logits for point = be z(x) € RE:TKn
and define p(y | x) = softmax(z(x)) as the predicted class
distribution, where K3 and K, denote the number of base and
novel classes. HOP-Ent consists of two loss components:
Conditional Entropy Minimization. For a selected set S
of high-confidence pseudo-labeled points, we minimize the
entropy of each prediction to improve per-sample certainty:

Loond = ﬁ S =S pellogpiel )|, ®
zeS ceCy,
where C,, is the set of novel class indices.
Marginal Entropy Maximization. To mitigate class imbal-
ance among novel categories, we maximize the entropy of the
batch-level marginal distribution:

N

_ 1 _ _

plo) =+ Zp(c | 2:), Lmarg = — »_ Blc)logp(c), (9)
=1 ceCp

where [V is the total number of points in the batch.

Total Regularization Loss. The overall HOP-Ent loss is a

weighted sum of the above terms:
ﬁcnt = )\cond Econd + Amaurg Emarga (10)

where Acond and Aparg control the trade-off between the two
objectives.

Unlike test-time adaptation techniques, HOP-Ent is inte-
grated into Phase 2 training and jointly updates all model
parameters, including the backbone, classifier heads, and pro-
totypes. This end-to-end optimization encourages confident
and diverse predictions, significantly enhancing robustness in
generalized few-shot settings.

D. Training Objective
The overall training objective consists of two stages. In

Phase 1, the model is trained on base classes using a segmen-
tation loss and an orthogonality regularizer: Lp; = Cls’é‘ge +

A(()Q,Corm- In Phase 2, the model adapts to novel classes

using both labeled and pseudo-labeled data. The loss combines
segmentation, dual entropy regularization, and continued or-
thogonality: Lpy = Lo + Len + Agiﬁﬁonh. To prevent base
forgetting, orthogonal gradient projection is applied during

optimization: § = g — B(Bg).



TABLE I
PERFORMANCE COMPARISON ON SCANNET200 AND SCANNET++. RESULTS UNDER [-SHOT AND 5-SHOT SETTINGS.

| ScanNet200 [ ScanNet++
Method | 5-shot | 1-shot [ 5-shot | 1-shot

| B N A HM | B N A HM | B N A HM | B N A HM
Fully Sup. 68.70  39.32 4551 50.02 | 68.70 39.32 45.51 50.02 65.45 37.24 4853 4747 6545 3724 48.53 4747
PIFS [27] 28.78 3.82 9.07 6.71 17.84 2.87 6.02 4.88 39.98 5.74 19.44 10.03 | 36.66 4.95 17.63 8.71
attMPTI [19] 37.13 4.99 11.76 8.79 54.84 3.28 14.14 6.17 55.89 4.19 24.87 7.78 53.16 3.55 23.40 6.66
COSeg [11] 57.67 5.21 16.25 9.54 47.03 4.03 13.09 7.42 59.34 6.96 2791 12.45 58.49 6.24 27.14 11.26
GW [14] 59.28 8.30 19.03 14.55 | 55.23 6.47 16.74  11.56 51.35 11.03 27.16 18.15 | 46.71 6.63 22.66 11.59
GFS-VL [15] 67.17 31.18 38.76 42.59 | 67.25 28.89 3697 4042 6049 2140 37.04 31.61 60.02 1790 3475 27.56
HOP3D (ours) | 67.36 3438 41.32 45.52 | 68.45 31.80 39.52 4342 62.40 23.70 39.18 3434 | 61.72 19.23 36.23 29.32

III. EXPERIMENTS
A. Experimental Setup

Datasets. We evaluate our method on two large-scale bench-
marks: ScanNet200 [28], an extension of ScanNet [1] to
200 categories, and ScanNet++ [29], which comprises 460
scenes across over 1,000 unique classes. Following the GFS-
PCS protocol [15], our benchmark incorporates 57 classes
for ScanNet200 and 30 for ScanNet++, with official train/test
splits maintained; all unselected categories are treated as
background during evaluation. Consistent with [30], raw points
are voxelized with a 0.02m grid size.

Evaluation Metrics. We evaluate performance using mean
Intersection-over-Union (mloU) on three category groups: base
classes (mloU-B), novel classes (mloU-N), and all classes
(mIoU-A). To better capture the balance between base and
novel performance, we additionally report the harmonic mean
(HM) of mloU-B and mIoU-N. All results are averaged over
five randomly sampled support sets for each evaluation setting.
Implementation Details. Following GFS-VL [15], we build
our models on Point Transformer V3 (PTv3) [30] as backbone.
Training follows a two-stage protocol. We first pretrain on
base classes with AdamW (learning rate 6 x 10~2). We then
fine-tune in Phase 2 on 1-shot/5-shot support sets for 10% of
the Phase 1 iterations, using a learning rate of 1 X 10~2 on
ScanNet200 and 7 x 1073 on ScanNet++. We use HOP-Rep in
both phases, and enable HOP-Grad and HOP-Ent only during
Phase 2 adaptation. The number of gradient samples 7" for
HOP-Grad is set to 500 to ensure sufficient coverage of base
optimization directions. A batch size of 8 is used. Experiments
are run on 8 NVIDIA A100 GPUs.

B. Main Results

We compare HOP3D with representative GFS-3DS base-
lines, including PIFS [27], attMPTI [19], COSeg [11], and
GW [14], as well as GFS-VL [15], the state-of-the-art baseline.
For a fair comparison, we rerun GFS-VL under a unified setup.
The results of the other baselines are quoted from the GFS-VL
paper [15]. A fully supervised model trained with access to
both base and novel labels is reported as the upper bound.
Quantitative results. Table I shows that HOP3D consis-
tently outperforms the strongest baseline, GFS-VL, on Scan-
Net200/++ in both 1-shot and 5-shot settings. On ScanNet200,
HOP3D achieves 34.38% mloU-N and 45.52% HM in the 5-
shot setting, outperforming GFS-VL by +3.20% and +2.93%.
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Fig. 2. Qualitative comparison between GFS-VL and our HOP3D on
ScanNet200. Class color legend is shown at the top. From left to right: query
input, ground-truth labels, GFS-VL prediction, and HOP3D prediction.

The substantial margins over COSeg (+29.17% mloU-N and
+35.98% HM) further highlight how hierarchical orthogonal-
ization mitigates prototype collapse—a failure mode observed
in prior prototype-refinement approaches. Under the 1-shot
setting on ScanNet200, HOP3D achieves 31.80% mloU-N and
43.42% HM, outperforming GFS-VL by 2.91% and 3.00%,
respectively, while preserving 68.45% mloU-B, which is
nearly identical to the fully supervised performance (68.70%),
thereby simultaneously improving novel-class performance
and mitigating base-class forgetting under sparse supervision.

On ScanNet++, which features higher scene diversity and
larger semantic space, HOP3D continues to maintain strong
improvements. In the 5-shot setting, it achieves 23.70% mloU-
N and 34.34% HM, surpassing GFS-VL by 2.30% and 2.73%.
The robust performance on this challenging benchmark sug-
gests that HOP3D scales well with category richness and
long-tail distributions. In the 1-shot scenario, HOP3D attains
19.23% mloU-N and 29.32% HM, improving GFS-VL by
1.33% and 1.76%. This gain is attributed to the entropy-
based refinement introduced by HOP-Ent, which mitigates
prediction bias and promotes balanced novel-class learning.
Overall, these results demonstrate that HOP3D not only en-
hances novel-class generalization but also preserves base-class
performance by stabilizing the optimization landscape.

Qualitative results. Fig. 2 compares HOP3D with GFS-VL
on ScanNet200. GFS-VL misclassifies novel objects (e.g.,
refrigerator) as base classes and distorts base-class predictions
(e.g., table as ceiling), whereas HOP3D yields more consistent
and accurate segmentation. These results indicate that HOP3D
improves novel-class recognition while preserving base-class
segmentation quality.



TABLE II

ABLATION ON SCANNET200 (1-SHOT) FOR HOP-NET AND HOP-ENT.
HOP-Net | HOP-Ent | mloU-B | mloU-N | mloU-A HM
67.64 28.80 36.98 40.39
/1 68.67 29.46 3771 | 41.23
Ve 68.79 29.19 37.53 40.98
v 69.30 30.52 38.69 42.37
v /8 67.11 30.79 3843 | 4220
v v 68.45 31.80 39.52 43.42
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Fig. 3. Qualitative results illustrating the effect of HOP-Net and HOP-Ent.
From left to right: query, ground truth, prediction without HOP-Net/HOP-Ent,
and HOP3D. Circles highlight corrected base—novel misclassifications.

C. Ablation Study

Quantitative results. We evaluate HOP-Net and HOP-Ent
on ScanNet200 under 1-shot, keeping the pseudo-labeling
identical to [15]. As shown in Table II, HOP-Rep-only (}) and
HOP-Grad-only () improve mloU-N/HM by 0.66%/0.84%
and 0.39%/0.59%, respectively, reflecting complementary ef-
fects: prototype orthogonalization promotes semantic decou-
pling, while gradient projection stabilizes few-shot updates
by removing base-conflicting directions. Combining them
(full HOP-Net) further boosts mloU-N/HM to 30.52%/42.37%
(+1.72%/+1.98% over the baseline), indicating additive gains.
We also report a marginal-entropy-only variant (§), which
improves mloU-N/HM by 1.99%/1.81% but is below full
HOP-Net in HM, suggesting that balancing class frequency
alone is insufficient. Adding full HOP-Ent yields the best
trade-off, improving mloU-N/HM by 3.00%/3.03% over the
baseline with only a 0.85% mloU-B drop vs. full HOP-Net.
Qualitative results. Fig. 3 shows that HOP3D corrects typical
base—novel confusions (highlighted by circles) compared with
the variant without HOP-Net and HOP-Ent.

Analysis of HOP-Net. HOP-Net introduces hierarchical or-
thogonalization at both the gradient and prototype levels. We
analyze its behavior by varying the orthogonality weight Ao ¢n
and the Phase 2 adaptation ratio (AR). As shown in Fig. 4(a)-
(d), disabling orthogonalization (Ayytp = 0) hurts mIloU-N and
HM, while a small weight improves the base—novel trade-
off, with Aor¢n = 0.1 giving the best overall balance; we
therefore use Aopin = 0.1 by default. Fig. 4(e) further shows
that increasing AR consistently benefits both base and novel
performance, with even minimal adaptation (0.625%) yielding
clear gains. As shown in Fig. 5, Phase 2 adaptation without
HOP-Net leads to a noticeable surge of off-diagonal prototype
similarities, whereas HOP-Net preserves a more diagonal-
dominant structure, indicating reduced inter-class redundancy
and clearer subspace separation.
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Fig. 5. Cosine-similarity matrices of ¢2-normalized prototypes (red: higher
similarity, blue: lower). Phase 1: base prototypes only; Phase 2: joint
base+novel prototypes (base first, then novel). (a) P1 w/o HOP-Net; (b) P1
w/ HOP-Net; (c) P2 w/o HOP-Net; (d) P2 w/ HOP-Net.

Analysis of HOP-Ent. HOP-Ent refines Phase 2 adaptation via
conditional and marginal entropy. As shown in Fig. 6(a), con-
ditional entropy minimization improves prediction certainty,
increasing the mean confidence from 61.4% to 68.5% and
raising the proportion of high-confidence predictions (p > 0.9)
from 21.3% to 31.0%. As shown in Fig. 6(b), marginal entropy
maximization improves class balance by reducing the standard
deviation of novel-class prediction frequency from 0.9361%
to 0.8662% and the coefficient of variation from 1.372 to
1.203. Together, these effects yield more reliable and balanced
predictions, improving novel-class performance with minimal
impact on base classes, consistent with Table II.

Efficiency. Measured on the same platform with AR = 10%
(Fig. 4(e)), HOP3D incurs a 9.7% training-time overhead
over GFS-VL [15]. Using a smaller AR further reduces the
practical overhead, since HOP-Grad is only applied during
Phase 2. Inference cost is unchanged, as HOP-Grad is applied
exclusively during training.

Discussion and Limitations. The ablation results suggest that
reducing base—novel interference in GFS-3DS requires jointly
addressing optimization dynamics and representation geom-
etry, rather than focusing on either aspect alone. HOP-Net
stabilizes few-shot adaptation by constraining harmful update
directions, while HOP-Ent further refines novel predictions
through uncertainty-aware regularization, highlighting the im-
portance of explicitly disentangling how and what to adapt
under extremely limited supervision. Our method currently
relies on the pseudo-labeling pipeline of [15] and constructs a
fixed gradient basis after Phase 1; more robust pseudo-labeling
strategies or adaptive gradient bases may further improve
robustness. Finally, HOP-Grad introduces a small training
overhead, while inference cost remains unchanged.
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Fig. 6. HOP-Ent analysis. (a) Confidence distribution, where higher mean
confidence indicates better prediction certainty. (b) Class frequency distri-
bution, where a lower coefficient of variation indicates better class balance.
HOP-Ent improves both prediction certainty and class balance.

IV. CONCLUSION

We presented HOP3D, a unified framework for generalized
few-shot 3D segmentation that combines hierarchical orthog-
onal prototype learning with entropy-aware adaptation. By
jointly decoupling optimization and representation (how Vs.
what to learn), HOP3D is, to the best of our knowledge, the
first framework to introduce dual orthogonality into GFS-3DS,
achieving a strong balance between base-class retention and
novel-class generalization. HOP-Ent further improves confi-
dence calibration and prediction balance without post-training
or test-time procedures. Extensive experiments on ScanNet200
and ScanNet++ demonstrate state-of-the-art performance (1-
shot and 5-shot settings). Future work will explore extensions
to cross-modal and open-world 3D scene understanding.
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