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A Details of Prototype Reliability Estimation

for Base–Novel Scoring

A.1 Local Prototype Construction

For each novel class c, we construct a global prototype

and M local prototypes from the support foreground

features. The global prototype is obtained by average

pooling over all support foreground features of class c:

pc
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Nc

Nc∑
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f ci , p̂c
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To preserve finer part-level geometry, we further extract

foreground patch tokens from local support regions. Let

T c = {tci}
|T c|
i=1 denote the patch token set of class c. We

use M learnable slots to aggregate these tokens into

M local prototypes. The assignment weights acim are

produced by a learnable slot-to-token soft assignment

module, where acim denotes the soft assignment weight

from token tci to slot m. The m-th local prototype is

computed as

pc,m
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∑
tci∈T c acim tci∑
tci∈T c acim
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In this way, the support branch provides one global

prototype as a class-level semantic anchor and M lo-

cal prototypes as reusable part-level representations.

The number of slotsM controls the granularity of local

structural representation.

A.2 Global Prototype Reliability

For the global prototype, reliability is determined by

cross-shot consistency and base ambiguity. Let f̄ ck de-

note the average foreground feature of class c in the

k-th support shot, and let wb denote the frozen classi-

fier weight of base class b. We define

uccls-shot =
1

K(K − 1)

∑
1≤i<j≤K

cos
(
f̄ ci , f̄

c
j

)
, (A.3)

ucbase = max
b∈Cb

cos
(
p̂c
g,wb

)
. (A.4)

The global reliability is then computed as

rcg = σ(α1u
c
cls-shot − α2u

c
base) , (A.5)

where σ(·) is the sigmoid function, α1 and α2 are learn-

able parameters. A reliable global prototype should re-

main stable across support shots while staying suffi-

ciently separated from base semantics.

A.3 Local Prototype Reliability

For each local prototype pc,m
l , reliability is determined

by three factors: local compactness, cross-shot coverage,

and local base ambiguity.

Local compactness. We measure whether the tokens as-

signed to slot m form a coherent local mode by the

weighted within-slot dispersion:

ulcomp(c,m) =

∑
tci∈T c acim ∥tci − pc,m

l ∥2
2∑

tci∈T c (acim)
2 . (A.6)

A smaller value indicates that the assigned tokens are

more compact and therefore more reliable.

Cross-shot coverage. Let T c
k denote the patch token set

from the k-th support shot. We compute the total as-

signment weight received by slot m from shot k:

Ac
k,m =

∑
tci∈T c

k

acim. (A.7)

We then define cross-shot coverage as

ulcov(c,m) =
1

K

K∑
k=1

I
(
Ac

k,m > ϵ
)
, (A.8)

where ϵ is a small threshold. The cross-shot coverage

term measures whether the same local pattern is re-

peatedly supported across different shots.
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Local base ambiguity. We penalize slot-level patterns

that are overly close to base classes:

ulbase(c,m) = max
b∈Cb

cos(p̂c,m
l ,wb) . (A.9)

Combining the above three factors, the local reliability

is defined as

rc,ml = σ
(
− β1ulcomp(c,m) + β2u

l
cov(c,m)

− β3ulbase(c,m)
)
,

(A.10)

where β1, β2, and β3 are learnable parameters. In this

way, only compact, reusable, and base-discriminative

local patterns receive high reliability.

A.4 Unified Base–Novel Scoring

Unified base–novel scoring makes support-derived novel

responses more comparable to base-class responses and

provides conflict statistics for the subsequent calibra-

tion stage. Given the reliability-aware global and local

prototypes, we compute for each query point j and each

novel class c a global score and a local score:

scg(j) = rcg · cos
(
fqj , p̂

c
g

)
, (A.11)

scl (j) = max
m=1,...,M

(
rc,ml · cos

(
fqj , p̂

c,m
l

))
. (A.12)

The final novel score is

zcn(j) = λgs
c
g(j) + λls

c
l (j), λg + λl = 1. (A.13)

We then define the overall novel score and label as

sn(j) = max
c∈Cn

zcn(j), ĉn(j) = argmax
c∈Cn

zcn(j). (A.14)

Base scores are obtained from the frozen base classifier,

yielding the base score sb(j) and base label ĉb(j). By

comparing frozen base-class responses and reliability-

weighted novel-class responses in a unified score space,

we identify the most competitive base–novel pair for

each query point:

p̂(j) =
(
ĉb(j), ĉn(j)

)
. (A.15)

These quantities are used in the subsequent conflict lo-

calization stage.

B Details of Conflict Localization and Selective

Calibration

B.1 Point-level Conflict Identification

Based on the unified score vector z(j), the candidate

base–novel conflict pair p̂(j), and the base–novel margin

m(j), we further define a point-level conflict score to

quantify local ambiguity. Specifically, we first convert

the unified scores into a posterior distribution over the

joint label space:

pc(j) =
exp(zc(j))∑

c′∈Cb∪Cn
exp(zc′(j))

, c ∈ Cb ∪ Cn. (B.16)

The prediction entropy is then given by

H(j) = −
∑

c∈Cb∪Cn

pc(j) log pc(j). (B.17)

Based on the margin and entropy, we define the point-

level conflict score as

ϕ(j) = exp

(
−|m(j)|

τm

)
· H(j)

log(|Cb|+ |Cn|)
. (B.18)

The two factors in ϕ(j) characterize complementary as-

pects of ambiguity. The margin term reflects whether

the base and novel scores are close, implying strong

competition between the two classes, while the entropy

term measures the uncertainty of the prediction when

all base and novel classes are jointly considered. There-

fore, a high conflict score indicates that the point lies in

a highly ambiguous region with strong base–novel com-

petition and high uncertainty in the joint label space.

We collect points with high conflict scores into the con-
flict point set Ωconf . These points are used only to iden-

tify candidate conflict regions; the final calibration unit

is defined at the region level.

B.2 Conflict Region Construction

After obtaining Ωconf , we construct a neighborhood

graph on the query point cloud. Let Nk(j) denote the

k-nearest neighbors of point j. An edge is created be-

tween two points i and j only if

(i) both points belong to Ωconf , and

(ii) they share the same candidate pair, i.e., p̂(i) =

p̂(j).

This yields the filtered graph

Gconf = (Ωconf , Econf) , (B.19)

Econf = {(i, j) | i ∈ Nk(j), i, j ∈ Ωconf ,

p̂(i) = p̂(j)}.
(B.20)
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The connected components of this graph are treated

as candidate conflict regions. Conflict points are used

only to initialize region construction. In point clouds,

ambiguous points are often sparse, fragmented, and lo-

cally unstable due to missing observations, thin struc-

tures, or noisy features. Aggregating neighboring con-

flict points into regions therefore provides a more stable

and semantically meaningful unit for calibration. For

each candidate region Rt, we determine its dominant

pair through conflict-score-weighted voting:

pt = argmax
(cb,cn)

∑
j∈Rt

I[p̂(j) = (cb, cn)]ϕ(j), (B.21)

where pt = (ctb, c
t
n) denotes the dominant conflict base–

novel class pair of Rt.

The pair consistency score γt, as defined in the main

text, measures how strongly the points in Rt support

this dominant pair. We retain only regions that sat-

isfy both a minimum size requirement and a high pair-

consistency score, and denote the retained region set

by R. The minimum size threshold nmin suppresses

isolated noisy points and accidental high-entropy re-

sponses, while the pair-consistency threshold τpair en-

sures that each retained region is dominated by a sin-

gle base–novel pair rather than mixed local ambigui-

ties. Since this stage serves as local structural verifica-

tion rather than category rediscovery, we set τpair con-

servatively and keep nmin small to moderate, so that

fragmented but semantically consistent conflict regions

can still be preserved. In practice, we use τpair = 0.75

and nmin = 12, which provide a good balance between

suppressing noisy conflict proposals and preserving lo-

calized true conflicts. We use k = 16 for k-nearest-

neighbor-based conflict region construction. This value

provides a balanced local neighborhood for region ag-

gregation: a smaller k tends to fragment coherent con-

flict regions into isolated components, while a larger

k may over-connect nearby structures and expand the

calibrated regions. Thus, k = 16 offers sufficient local

connectivity without excessively merging different local

structures. The subsequent calibration step is applied

only to these retained regions.

B.3 Region-level Selective Calibration

For each retained region Rt ∈ R, we construct a com-

pact region representation from the query features in

that region. Specifically, we aggregate the point features

by average pooling and max pooling, and concatenate

the two pooled descriptors before mapping them with

a lightweight MLP. This design captures both the over-

all regional context and the strongest local responses,

while being more stable than using individual conflict

points alone. Since conflict points in point clouds are

often sparse and locally noisy, region-level aggregation

provides a more reliable unit for calibration.

The calibration head predicts a single scalar offset

∆t for the dominant pair pt = (ĉtb, ĉ
t
n) of region Rt.

We adopt this dominant-pair formulation because each

retained region has already been filtered to preserve a

single dominant base–novel confusion pattern. Under

this setting, directly correcting the dominant pair is

sufficient to adjust the relative score margin between

the dominant base and novel classes within the region.

Compared with a full multi-class update, this pair-wise

design makes the correction more localized, controlled,

and interpretable.

The predicted offset changes only the relative score

margin between the dominant novel and base classes

in Rt, without altering the scores of the other classes.

Therefore, calibration acts as a local margin correction

rather than a global reshaping of the score space. To

supervise this update, we assign each retained region a

binary sign gt, indicating whether the local boundary

should move toward the novel side or remain on the

base side according to the majority label in the region.

Under this formulation, Lsep determines the direction of

the boundary shift, while Lreg constrains its magnitude.

Together, they encourage local but moderate correction

of ambiguous base–novel boundaries.

B.4 Base-preserving Test-time Transductive

Adaptation

We next describe the practical setup of test-time trans-

ductive adaptation (TTA), focusing on how stable base

anchors are selected and how the lightweight episode-

specific refinement is performed. A query point is in-

cluded in the stable base-anchor set only if it satis-

fies three conditions: it is initially predicted as a base

class, it lies outside the detected conflict set, and it

has high confidence within the base-class subspace. To-

gether, these conditions identify base predictions that

are both reliable and less susceptible to local base–novel

ambiguity. The selected anchors therefore serve as sta-

ble reference points during test-time refinement.

During TTA, we update only the calibration-related

parameters while keeping the backbone and base clas-

sifier frozen, so the refinement is confined to the region-

level pair-wise calibration applied in the retained con-

flict regions. Accordingly, the consistency objective is

imposed only on the stable base anchors, encourag-

ing the refined model to preserve confident non-conflict

base predictions while adapting the calibration module

to the current episode.
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In practice, the adaptation design is intentionally

lightweight. For each episode, we perform only a small

fixed number of refinement steps (5 by default), and up-

date only the calibration-related parameters. To avoid

unstable refinement in episodes with too few reliable

base anchors, TTA is applied only when the stable base-

anchor set is sufficiently large. Otherwise, the adapta-

tion step is skipped, and the initial calibrated prediction

is used directly. This design keeps the refinement stable

and efficient, while preserving the base-side reliability

established by the frozen classifier.

C Details of Optional Textual Prototype

Augmentation

C.1 Prompt Construction

For each novel class, we first convert the dataset la-

bel into a canonical class name. This normalization is

performed once for each dataset-specific label set using

simple rules: lowercase, removing separators or suffixes,

and converting to singular form when appropriate. For

example, labels such as “trash bin” and “office chair”

are converted to “trash bin” and “office chair”, respec-

tively. Given the canonical class name c, we construct

a small set of fixed prompt templates shared across all

datasets:

a photo of a {class}
an indoor {class}
a 3D scan of a {class}
a point cloud object of a {class}

We intentionally restrict the prompt set to these fixed

templates. We do not use manually written long de-

scriptions, LLM-generated attributes, scene-level text,

or dataset-specific prompt engineering in experiments.

This keeps the textual branch lightweight and ensures

that the gain mainly comes from our conflict-aware use

of semantic priors rather than aggressive prompt tun-

ing.

For the k-th prompt Tk(c), we obtain its adapted

textual feature by encoding the prompt with the frozen

text encoder and then mapping it into the point-feature

space with the adapter, followed by normalization. Let

K denote the number of prompt templates. The final

textual prototype is defined as the normalized average

of the K adapted prompt features:

pc
t = Norm

(
1

K

K∑
k=1

pc
t,k

)
. (C.22)

C.2 Text-to-point Adapter

The text-to-point adapter is a lightweight residual MLP.

Given a text embedding e, we apply layer normalization

and a two-layer MLP to produce a residual update, add

it to a linear projection of e, and normalize the result

to obtain the adapted feature A(e).

This design is adopted for three reasons. First, since

the textual input is defined at the class level rather than

the token level, a heavy cross-attention module is un-

necessary. Second, the residual connection preserves the

original semantic structure of the text embedding while

learning only the adjustment needed for alignment with

the point-feature space. Third, the lightweight formula-

tion introduces minimal parameter overhead and allows

the branch to serve as a semantic alignment module

rather than an additional multimodal backbone.

C.3 Adapter Training

The adapter is trained only during the base training

stage, where base classes provide stable supervision for

class-level semantic alignment. The adapter maps text

embeddings into the point-feature space used by the

segmentation model.

To this end, we optimize the adapter with three

complementary terms. Let pb
g denote the correspond-

ing support-derived global prototype, and let wb de-

note the base-class classifier weight of class b, obtained

during base training. These three terms play different

but complementary roles: Lcls aligns text with the clas-

sifier space, Lproto aligns text with support-derived vi-

sual information, and Lnce improves class discrimina-

tion. During few-shot episodic training and test-time

transductive adaptation, the text encoder and adapter

are frozen, and these alignment losses are no longer

used, so that the textual branch serves as a stable se-

mantic prior rather than adapting to sparse episodes.

The three terms are defined as

Lcls =
1

|Cb|
∑
b∈Cb

(
1− cos

(
pb
t ,wb

))
, (C.23)

Lproto =
1

|Cb|
∑
b∈Cb

(
1− cos

(
pb
t ,p

b
g

))
, (C.24)

Lnce = −
1

|Cb|
∑
b∈Cb

[
cos
(
pb
t ,wb

)
τ

− log
∑
b′∈Cb

exp

(
cos
(
pb
t ,wb′

)
τ

)]
.

(C.25)

The overall alignment objective is

Lalign = Lcls + λ1Lproto + λ2Lnce. (C.26)
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C.4 Reliability Terms

Textual priors can vary in reliability across episodes:

a textual prototype may be unstable across prompts,

inconsistent with the support representations, or too

close to a base category. We therefore estimate textual

reliability using three interpretable terms: prompt con-

sistency, support agreement, and base ambiguity.

The prompt consistency term measures whether dif-

ferent prompts of the same class produce stable adapted

textual features. Larger variation across prompt instan-

tiations indicates lower prompt-level stability and lower

textual reliability. It is defined as

ucpc =
2

K(K − 1)

∑
1≤k<l≤K

1 + cos
(
pc
t,k, p

c
t,l

)
2

. (C.27)

The support agreement term measures how well the

textual prototype agrees with the support-derived local

and global prototypes. A reliable textual prior should

remain compatible with the visual evidence available in

the current episode. We define the support agreement

term as

ucsa = αrcg ·
1 + cos

(
pc
t , p

c
g

)
2

+
(1− α)

∑M
m=1 r

c,m
l [1 + cos(pc

t ,p
c,m
l )]

2
(∑M

m=1 r
c,m
l + ε

) .
(C.28)

The base ambiguity term measures whether the tex-

tual prototype is overly close to some base classifier

weight:

ucba = max
b∈Cb

1 + cos(pc
t , wb)

2
. (C.29)

The final textual reliability is defined as

rct = σ
(
γ1u

c
pc + γ2u

c
sa − γ3ucba

)
. (C.30)

C.5 Usage in Conflict-region Calibration

For each retained conflict region Rt with dominant pair

(ĉtb, ĉ
t
n), we extract the region representation ht, the

textual prototype of the dominant novel class p
ĉtn
t , its

reliability r
ĉtn
t , and a region-level text prior score. We

define the region-level text prior score as the average

text-to-region compatibility:

s̄textt =
1

|Rt|
∑
j∈Rt

cos
(
fqj ,p

ĉtn
t

)
. (C.31)

To control the influence of textual priors, we introduce

a reliability-aware gate ηt. The final text-aware calibra-

tion input is then formed as

∆t = ψ
(
ht ∥ ηtp

ĉtn
t ∥ ηts̄textt

)
, (C.32)

where ψ(·) denotes the pair-wise calibration head, and

its input is the concatenation of the region feature, the

gated textual prototype, and the gated text prior score.

The resulting offset is applied only to the dominant

base–novel pair within region Rt, leaving stable non-

conflict areas unchanged.

In this way, textual information is introduced only

when it is both locally relevant and sufficiently reliable,

preserving the support-driven nature of the framework

while avoiding indiscriminate fusion of textual cues.

D Experimental Settings

D.1 Datasets and Evaluation Metrics

We evaluate the proposed method on four indoor bench-

marks: S3DIS, ScanNet, ScanNet++, and ScanNet200.

For all datasets, we follow the same base/novel class

splits as GFS-VL, so that the comparisons are directly

aligned with prior generalized few-shot settings. Each

benchmark is evaluated under both 1-shot and 5-shot

settings. During testing, each episode consists of a few-

shot support set for the novel classes and a query point

cloud to be segmented in the unified label space con-

taining both base and novel classes.

We report four standard metrics for generalized few-

shot segmentation: mIoU-B, mIoU-N, mIoU-A, and

HM. Here, mIoU-B and mIoU-N evaluate segmentation

performance on base and novel classes, respectively;

mIoU-A denotes the average performance over the uni-

fied label space, reflecting the overall generalized seg-

mentation quality; and HM (harmonic mean) between

base and novel performance more directly reflects the

quality of joint discrimination under base–novel coexis-

tence. Since generalized few-shot segmentation requires

a balanced treatment of base and novel classes rather

than novel-only recognition, we emphasize mIoU-A and

HM in the main paper.

D.2 Implementation Details

We use PTV3 as the backbone to extract support and

query features, and follow the same base/novel class

splits as GFS-VL on all benchmarks for fair compari-

son. The support-only version of our method is denoted

by Ours-S, while Ours-ST further incorporates the op-

tional textual prototype augmentation module. A base
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classifier learned during base training is retained and

kept frozen during generalized few-shot inference, pro-

viding stable base-class responses in the unified base–

novel score space.

Unless otherwise specified, the support-driven core

framework uses M = 4 local slots, a stable base-anchor

threshold τb = 0.9, a separation loss weight λsep = 0.3,

and a regularization weight λreg = 0.05. We set τpair =

0.75 and nmin = 12. All experiments are conducted on

two NVIDIA L40S GPUs using the AdamW optimizer.

We use an initial learning rate of 0.006, while the back-

bone blocks are optimized with a 10× smaller learning

rate of 0.0006.

Our training pipeline consists of three stages: base

training, generalized episodic training, and test-time

transductive adaptation. During base training, the base

classifier and the backbone are trained on base classes.

For Ours-ST, the text-to-point adapter is also trained

only at this stage, while the CLIP text encoder re-

mains frozen. During generalized episodic training, the

model learns prototype reliability estimation and selec-

tive calibration in a unified base–novel scoring space,

with the base classifier kept frozen. At test time, we

update only the calibration-related parameters under

the base-preserving consistency constraint, while keep-

ing both the backbone and the frozen base classifier un-

changed. By default, test-time transductive adaptation

is performed for 5 steps.

For the learnable scalars in reliability estimation, in-

cluding α1, α2, β1, β2, and β3, and the textual reliabil-

ity coefficients γ1, γ2, and γ3, we initialize their effective

values to 1 and constrain them to be non-negative dur-

ing training. Specifically, after each optimizer update,

these scalars are projected to the non-negative range by

x← max(x, ϵ), where ϵ is a small constant. This simple

constraint preserves the intended monotonicity of the

reliability cues: support consistency, cross-shot cover-

age, prompt consistency, and support agreement can

only increase reliability, while local dispersion and base

ambiguity can only decrease reliability. For the fusion

weights of global and local novel scores, λg and λl, we

normalize two learnable logits with a softmax function

so that λg, λl ≥ 0 and λg + λl = 1. The two logits are

initialized equally, yielding λg = λl = 0.5 at the begin-

ning of training. These constraints avoid sign reversal

and unconstrained rescaling, making reliability estima-

tion a bounded and interpretable gating mechanism for

base–novel scoring.

Table E.1 Ablation of Global Prototype Reliability

ucls−shot ubase mIoU-B mIoU-N mIoU-A HM
✓ 59.3 17.4 34.2 26.9

✓ 59.5 17.7 34.4 27.3
✓ ✓ 59.8 18.2 34.8 27.9

Table E.2 Ablation of Local Prototype Reliability.

ucomp ucov ubase mIoU-B mIoU-N mIoU-A HM
✓ ✓ 59.5 17.6 34.4 27.2

✓ ✓ 59.2 17.1 33.8 26.8
✓ ✓ 59.0 17.3 33.9 26.9
✓ ✓ ✓ 59.8 18.2 34.8 27.9

Table E.3 Ablation of Textual Reliability.

upc usa uba mIoU-B mIoU-N mIoU-A HM
✓ ✓ 61.1 24.1 38.9 34.6

✓ ✓ 61.0 23.3 38.4 33.7
✓ ✓ 60.8 23.6 38.5 34.0
✓ ✓ ✓ 61.3 24.4 39.1 34.9

E More Experimental Results

In this section, we further provide ablation studies to

validate the effectiveness and necessity of the reliability

design.

Tab. E.1 evaluates the reliability design for global

prototypes. The cross-shot consistency term ucls−shot

and base ambiguity term ubase are both beneficial. The

combination of these two terms gives the best perfor-

mance. This trend indicates that a reliable global pro-

totype should satisfy two conditions simultaneously: it

should be stable across different support shots, and it

should remain sufficiently separated from base-class se-

mantics. Using only one of these signals is not enough,

because support stability alone cannot prevent seman-

tic drift toward base classes, while base separation alone

cannot guarantee that the support representation itself

is stable. Their joint improvement confirms that global

prototype quality in generalized segmentation depends

on both support consistency and base-aware discrimi-

nation.

Tab. E.2 analyzes the reliability of local prototypes.

The results show that local prototype reliability cannot

be determined by a single geometric or semantic cue;

instead, compactness ucomp, coverage ucov, and base

ambiguity ubase play complementary roles. Compact-

ness favors internally coherent local patterns, coverage

prevents overly narrow or incomplete local support, and

base ambiguity suppresses local regions that are easily

confused with base classes. Only when these three as-

pects are considered together can the local prototype

bank provide both diverse and trustworthy part-level

representations for conflict-aware calibration.
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Tab. E.3 studies the reliability design for optional

textual prototypes. The full formulation, combining sup-

port agreement usa, prompt consistency upc, and base

ambiguity uba, gives the strongest results. Among them,

support agreement appears to be the most critical fac-

tor, indicating that textual priors are most useful when

they are aligned with the support information observed

in the current episode. Base ambiguity also plays an

important role by preventing text-derived prototypes

from drifting toward base semantics. Prompt consis-

tency provides an additional stabilizing effect by reduc-

ing sensitivity to prompt variation, but its contribution

is more complementary than dominant. Overall, these

results show that textual priors are effective not because

they are universally reliable, but because they are selec-

tively trusted through a reliability-aware design before

being injected into conflict-region calibration.

Tab. E.1–Tab. E.3 support a unified conclusion: in

generalized few-shot point cloud segmentation, both vi-

sual prototypes and textual priors must be evaluated

by reliability before they participate in base–novel de-

cision making. Reliability modeling is therefore a core

component of our framework, rather than an optional

refinement.

F Limitations and Discussion

F.1 Limitations

Despite its effectiveness, the proposed framework still

has several limitations.

First, the optional textual prior may become un-

reliable when textual semantics are inconsistent with

support-derived visual information. Although the pro-

posed reliability design mitigates part of this mismatch

by evaluating prompt consistency, support agreement,

and base ambiguity, inaccurate textual priors may still

bias calibration in highly ambiguous regions. This issue

can be more pronounced when the support samples are

sparse, visually unrepresentative, or insufficient to ver-

ify whether the textual prototype is truly compatible

with the current episode.

Second, some fine-grained novel categories remain

difficult even after calibration. In these cases, the few

support samples may not provide enough evidence to

distinguish subtle geometric structures. Textual priors

can provide complementary class-level semantics, but

they are often too coarse to resolve instance-level differ-

ences among visually similar categories. Therefore, the

current framework may still struggle when novel classes

require fine-grained geometric discrimination beyond

what sparse support and class-level text can reliably

provide.

Third, the framework depends on the quality of con-

flict localization and retained conflict-region construc-

tion. Selective calibration is applied only to the conflict

regions, so inaccurate localization can directly affect the

final prediction. Under-coverage may leave important

base–novel conflicts uncorrected, whereas over-coverage

may introduce unnecessary changes to otherwise sta-

ble predictions. Although the minimum-size and pair-

consistency filters suppress noisy proposals, conflict lo-

calization can still be challenging under severe sparsity,

missing observations, or fragmented point-cloud struc-

tures.

Fourth, the proposed selective calibration adopts

a dominant-pair formulation. This design is intention-

ally conservative: each retained region is assumed to be

dominated by one base–novel confusion pattern, and

the calibration head predicts a scalar offset only for

the dominant pair. This makes the correction localized,

controlled, and interpretable. However, in rare cases, a

true ambiguous region may contain multiple strongly

competing novel classes. Such regions may either be fil-

tered out by the pair-consistency constraint or be cor-

rected only for the most prominent pair, leaving sec-

ondary confusions less directly calibrated.

These limitations suggest that the current method

is most effective when support and textual information

are reasonably aligned, when fine-grained novel cate-

gories can be represented by the available support, and

when ambiguous conflicts can be localized as coherent

pair-dominant regions.

F.2 Summary and Future Directions

The proposed framework improves GFS-PCS by ex-

plicitly modeling localized base–novel ambiguity. The

support-only framework estimates prototype reliability,

localizes pair-consistent conflict regions, and selectively

calibrates these regions while preserving stable predic-

tions elsewhere. The optional textual prototype aug-

mentation further complements support-derived proto-

types when textual semantics are reliable and locally

relevant.

The above limitations also point to several promis-

ing directions for future work. First, more reliable sup-

port–text consistency modeling could further reduce

the risk of biased textual priors, especially when sup-

port samples are sparse or visually incomplete. Sec-

ond, stronger fine-grained prototype learning may help

distinguish visually similar novel categories by captur-

ing more discriminative local geometry and contextual

cues. Third, more robust conflict localization could im-

prove calibration under noisy, sparse, or fragmented

point-cloud observations. Finally, extending the current
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dominant-pair formulation to multi-pair or multi-class

region calibration is a meaningful direction for handling

regions with multiple competing novel classes, while

still preserving the locality and controllability of selec-

tive calibration. We believe progress along these direc-

tions can further improve the stability, robustness, and

generalization ability of GFS-PCS.


