The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

IQGS: Instance Query-based Gaussian Segmentation

Yichao Gao' 2, Xinyuan Liu ! 2, Yike Ma', Yucheng Zhang', Feng Dai'*

'Institute of Computing Technology, Chinese Academy of Science
2University of Chinese Academy of Sciences
{gaoyichao23s, liuxinyuan21s, ykma, zhangyucheng, fdai} @ict.ac.cn

Abstract

In recent years, Gaussian scene representations have achieved
a series of promising results in 3D reconstruction. Compared
to the previous 3DGS paradigm, the latest reconstruction ap-
proach 2DGS can achieve more accurate geometric repre-
sentation using fewer Gaussian points. Accordingly, develop-
ing a panoramic segmentation algorithm suitable for 2DGS-
reconstructed scenes is of significant importance. However,
existing segmentation methods are primarily designed for
3DGS. They either fail to account for all objects in complex
segmentation scenes or suffer from significant performance
degradation when applied to 2D Gaussian scenes. Moreover,
these methods consistently exhibit poor cross-dataset gener-
alization. To address these issues, we propose IQGS, a seg-
mentation framework applicable to 2DGS representations.
Specifically, IQGS employs per-instance query and relaxed
object-level supervision instead of strict pixel-level ID super-
vision, effectively mitigating the segmentation performance
degradation that occurs when applied to 2DGS. At the same
time, by learning features independent of specific object ID
assignments, IQGS enhances its ability to generalize across
diverse datasets. Our method achieves impressive panoramic
segmentation results across multiple datasets, with an aver-
age mloU of 66.6%, surpassing the state-of-the-art method
Gaussian Grouping, which achieves 57.17%.

Code — https://github.com/tom-gao-gyc/IQGS

Introduction

Recently proposed Gaussian Splatting methods, including
3DGS (Kerbl et al. 2023) and 2DGS (Huang et al. 2024),
reconstruct scenes by fitting object surfaces with 3D Gaus-
sian spheres and 2D Gaussian splats. The newer reconstruc-
tion paradigm, 2DGS, can reduce surface noise in the 3DGS
approach and thus achieve more accurate geometric repre-
sentations with fewer Gaussian points. Downstream tasks
after reconstruction—such as scene editing, object interac-
tion, and semantic understanding—require disentangling in-
dividual objects within the reconstructed scene. Therefore,
it is crucial to develop segmentation algorithms that are ap-
plicable to 2DGS-reconstructed scenes.
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To distinguish which instance each Gaussian point be-
longs to, an additional learnable instance attribute is em-
bedded into each Gaussian point, as shown in Figure 1(a).
However, given the general scarcity of 3D annotations for
objects in reconstructed scenes, it iS necessary to lever-
age rendered 2D images and masks from multiple view-
points for 3D scene segmentation. Existing methods for per-
forming panoptic segmentation on Gaussian-reconstructed
scenes typically lift per-view 2D masks into the 3D scene
space. These approaches can be broadly categorized into
two paradigms: clustering-based methods and classification-
based methods.

Early clustering-based methods optimize rendered multi-
view instance feature maps using contrastive learning, as
shown in Figure 1(b). This learning paradigm encourages
intra-mask similarity and inter-mask separation based on
masks generated by SAM (Kirillov et al. 2023), and retrieves
instances via feature clustering. However, these methods of-
ten underperform in panoptic segmentation, as it is challeng-
ing to find a single clustering threshold that can simultane-
ously accommodate all instances—Ilargely due to the signif-
icant variability in their discriminability across different cat-
egories. Additionally, these methods only learn instance at-
tributes embedded in the Gaussian points, without acquiring
any transferable modules that can represent object features
across different scenes. As a result, they lack the ability to
generalize to other scenes.

Another line of work adopts a classification-based Gaus-
sian segmentation paradigm, such as Gaussian Grouping (Ye
etal. 2024). As shown in Figure 1(c), it first leverages the ex-
ternal model DEVA (Cheng et al. 2023) to reassign a glob-
ally unique ID to each object across SAM-generated multi-
view masks. Subsequently, per-view rendered instance at-
tributes are classified into ID maps and supervised via a per-
pixel classification loss. A key advantage of this approach
lies in providing more explicit optimization signals: DEVA
enforces cross-view consistent object IDs, directly enabling
precise supervision. This clarity facilitates learning discrim-
inative and stable instance attributes within Gaussian points.

However, such classification-based Gaussian segmenta-
tion models also have some limitations. 1) When applied
to 2DGS, the segmentation accuracy degrades dramati-
cally. As shown in Figure 1(d), Gaussian Grouping achieves
60.99% mloU on the counter scene reconstructed via 3DGS,
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Figure 1: Overview of existing methods. (a) To identify the instance of each Gaussian point, an additional learnable instance at-
tribute is embedded into each point and rendered to each view. Existing Gaussian segmentation methods fall into two categories:
(b) clustering-based methods use GT masks to cluster features on the rendered feature map; (c) classification-based methods
introduce a classifier to explicitly predict each pixel’s instance ID, requiring the external model DEVA for global instance IDs.
However, even SOTA methods have notable limitations, as illustrated by Gaussian-Group on bonsai dataset: (d) severe accuracy
degradation (60.99% — 35.62% on mloU) when transferring from 3DGS to 2DGS; (f) significant performance drop (61.76%
— 0.82% on mloU) when transferring from source to target scenes.

but drops sharply to 35.62% under 2DGS. This degradation
stems from view-dependent depth ordering in 2DGS, which
easily causes inconsistent rendered features for the same ob-
ject across views (See Appendix.A.1 for detailed analysis).
While such variations are expected and even desired for pho-
torealistic reconstruction due to lighting or occlusion, they
impair segmentation performance. This is particularly prob-
lematic for classification-based methods, as excessive fea-
ture discrepancies of the same object across multiple views
make it difficult to predict consistent IDs (See Appendix.A.2
for detailed analysis). 2) They have weak generalization
ability across different scenes. As shown in Figure 1(e), the
original model trained on the ramen scene achieves 61.76%
mloU, but it drops sharply to 0.82% when the classifier is re-
placed by one trained on room scene, revealing poor cross-
scene generalization. This is because the instance IDs ob-
tained via classification are only valid within the original
scene, meaning IDs from new scenes are completely unfa-
miliar to the model. To put it simply, ID#1 in a new scene is
not the same object as ID#1 in the original scene whatsoever.

To address the aforementioned limitations, we propose
IQGS, ainstance query-based framework for Gaussian scene
segmentation tailored to 2DGS. In IQGS, a set of learn-
able queries is introduced to model scene objects. These
queries decode objects in both the original 3D space and
the rendered 2D space, enabling efficient learning through
supervision from 2D ground-truth masks, complemented by
2D-3D consistency constraints and 3D regularization. De-
spite its simple architecture, two key designs enable 2DGS
to achieve superior segmentation performance and gener-
alization capability: (1) ID-agnostic supervision signals:
The object decoded by each query only needs to align with
the ground-truth masks of that object in the corresponding
views, without the need to predict object ID number. Ob-
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viously, this relaxed, view-specific prediction objective is
more compatible with the rendered features under unstable
depth ordering in 2DGS, and thus improves segmentation
performance. Moreover, the learned features are decoupled
from object IDs themselves, and this in turn enhances gen-
eralizability. (2) ID-aware sample matching: Unlike con-
ventional methods that use Hungarian matching to associate
queries with ground-truth objects, here queries are directly
linked to objects by global ID, i.e., the i-th query specializes
in predicting the object with ID#i. This design fully lever-
ages the cross-view consistency priors introduced by DEVA,
preventing fluctuations in the optimization target of individ-
ual queries during training and allowing them to focus on
learning object-specific features. Incidentally, when priori-
tizing generalization, using Hungarian matching remains a
viable option, as it allows queries to learn more general ob-
ject features without being confined to a single object. Fur-
thermore, Hungarian matching enables implicit ID unifica-
tion, thereby eliminating the need for the external DEVA
model. Our contributions are summarized as follows:

* We are the first to identify that SOTA 3DGS scene seg-
mentation methods suffer severe performance degrada-
tion when transferred to 2DGS, while these methods also
exhibit poor cross-scene generalization.

We propose an instance query-based scene segmentation
framework tailored for 2DGS, which significantly allevi-
ates the issues via two key designs: ID-agnostic supervi-
sion signals and ID-aware sample matching.

Extensive experiments on multiple classic datasets vali-
date our method: it not only outperforms SOTA 2DGS-
adapted versions but also surpasses original 3DGS meth-
ods under the 2DGS setting. Moreover, cross-scene gen-
eralization experiments show that our model effectively
learns object-level features across diverse environments.



Related Work

Nerf-based Methods Neural Radiance Fields (NeRF) re-
constructs 3D scenes by learning a continuous volumetric
representation from multi-view images. Numerous segmen-
tation methods have been proposed based on NeRF recon-
structions (Wang, Chen, and Yang 2022; Chen et al. 2022;
Fan et al. 2022; Niemeyer et al. 2022; Fu et al. 2022; Goel
et al. 2023; Chen et al. 2023a; Fang et al. 2022; Li et al.
2023c; MIRZAEI et al. 2024; Lin et al. 2023a; Li et al.
2023b; Hao et al. 2023; Wu et al. 2022; Azizi et al. 2023;
Chen et al. 2025a,b). However, NeRF suffers from several
inherent limitations which have made it increasingly obso-
lete compared to more recent Gaussian-based reconstruction
approaches. Therefore, we focus our subsequent discussion
on segmentation methods based on Gaussian reconstruction.

Feature Distilling Methods They transfer high-
dimensional features from 2D vision foundation mod-
els (Caron et al. 2021; Radford et al. 2021; Li et al. 2023a;
Wang et al. 2022; Li et al. 2022) into 3D representa-
tions (Oquab et al. 2023; Fan et al. 2023; Xu et al. 2023;
Chen et al. 2023b; Lin et al. 2023b; Radford et al. 2021;
Zhou et al. 2023; Liu et al. 2023; Lu et al. 2023; Cho
et al. 2023). However, since these semantic features are not
specifically designed for segmentation tasks, they are not
well-suited for fine-grained instance-level 3D understand-
ing. Therefore, we focus our subsequent discussion on the
2D mask-lifting paradigm.

Contrastive Learning-Based Methods Several recent
works explore segmentation using clustering-based con-
trastive learning. SA3D (Cen et al. 2023) utilizes user
prompts for single-object segmentation via contrastive su-
pervision. OmniSeg3D (Ying et al. 2024) constructs a fea-
ture field from 2D masks with hierarchical contrastive learn-
ing and manually tuned similarity thresholds. SAGA (Cen
et al. 2025) aligns SAM-generated masks across views using
per-Gaussian contrastive loss. LangSplat (Qin et al. 2024)
clusters Gaussians in SAM mask space as pseudo-instances.
Click-Gaussian (Choi et al. 2024) enhances this with hier-
archical contrastive supervision and global feature aggrega-
tion. However, all these methods depend on similarity-based
clustering, which suffers from the lack of globally optimal
thresholds across diverse object types, limiting segmentation
completeness and accuracy.

Classifier-based Methods Another approaches perform
per-pixel classification over rendered Gaussians. For exam-
ple, Gaussian Grouping introduces learnable classifiers for
each object and applies classification loss directly on the
rendered outputs. However, its performance degrades sig-
nificantly under 2D Gaussian Splatting (2DGS), mainly due
to depth ordering ambiguities. Similarly, OMEGAS (Wang
et al. 2025) follows a classification-based strategy and ad-
ditionally enforces cross-view feature consistency using co-
sine similarity losses, but still struggles with segmentation
quality in the 2DGS setting.
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Method
Preliminaries: 2D Gaussian Splatting

Scene Representation To represent the scene, each 2D
Gaussian’s property is characterized by a centroid p =
{z,y,2} € R?, a2D size s € R? in standard deviations,
and a rotational quaternion g € R*. To enable efficient -
blending during rendering, the opacity value o € R and the
color vector ¢ are parameterized using spherical harmonics
(SH) up to degree 3. These adjustable attributes are collec-
tively symbolized by G,, where Go, = {pi,s:, qi, &, C; }
represents the set of attributes for the i-th 2D Gaussian.

Rendering Process The 2D per-view feature map is
computed by rendering per-Gaussian attributes (e.g., SH-
encoded color) to the image plane using the differentiable
rasterization in 2DGS. At each pixel, attributes are aggre-
gated via kernel-weighted projection:

N
Vi (e,y) =3 w(z,y) -a, "
=1

{félg c RDfea[ x HxW

Here, a® is the attributes of the i-th Gaussian, and
wl(k) (x,y) is its contribution to pixel (z,y) under view k.
This produces view-consistent feature maps that reflect the
scene’s appearance from each camera perspective.

IQGS Architecture

We retain all inherent attributes of the 2D Gaussian prim-
itives. At the same time, to enable semantic reasoning and
instance segmentation, we augment each Gaussian with an
additional learnable attribute called instance. The architec-
ture and loss of IQGS is illustrated in Figure 2.

Feature Extraction Our model supports both 3D point
cloud segmentation and 2D per-view instance segmentation,
requiring features from both domains.

For the 3D case, each Gaussian’s instance attribute | (NS
RP s projected into a lower-dimensional feature space us-
ing a learnable linear projection, yielding the 3D feature ten-
sor:

F3p(i) = P(ID), F3p € RV*P 2)

For 2D per-view features, the rendered feature map from
view v is defined as:

Fgg(a:,y) =P (Renderk ({I(i)}fil)) ,
Fé’g RDXHXW

3)
€

Here, the function Rendery/(+) renders these embeddings
into a 2D feature map under view k.

Query Design and Decoding We introduce a learnable
query set:

Ql c RNq xD ( 4)
where N, is the number of queries, and D is the query em-
bedding dimension, which is also equal to the dimension of
the final feature representation.
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Figure 2: Overview of the proposed IQGS framework. (a) IQGS introduces learnable queries to model scene objects, which
decode objects in both the original 3D space and rendered 2D space. (b) This enables efficient learning via supervision from 2D
ground-truth masks, supplemented by 2D-3D consistency constraints and 3D regularization. Note that the instance ID is only
used for to match queries with GT masks, without direct involvement in loss calculation. This ultimately enables the model to
avoid the accuracy degradation and weak generalization under 2DGS.

Before decoding, we enrich the queries via a combination
of cross-attention (Vaswani et al. 2017) and self-attention
over the 2D feature maps:

Q = SelfAttn(CrossAttn(Q’, Fap)) )

where each query Q; € RP targets a potential object in-
stance.

For 3D instance segmentation over the Gaussian set:

S3p(i,j) = Qi - Fapj, 6
S3D c RBXNQXNPls ( )
where S3p (i, ) represents the predicted assignment score
between query ¢ and Gaussian j.

For 2D instance segmentation over the Gaussian set, we
compute the per-query segmentation activation map as:

S%(z’,x, y) = reshape (Qi _Fgllc))) 7

. (N
SéD) c RNq X HxW

Here, the dot product produces a 1D activation map of length

H x W, which is reshaped into the spatial map Sap (i, 2, y)

for instance 7 at view k.

Matching Strategy We introduce two alternative matching
strategies, respectively tailored for achieving higher panop-
tic segmentation accuracy and better cross-dataset general-
ization.

ID Matching We directly match each query to a segmen-
tation mask with the same ID assigned by DEVA. Formally,
given a set of queries {¢; } and DEVA-generated masks with
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corresponding IDs {1}, we establish a one-to-one align-
ment by :

indices = {(i, ) | ID(¢;) = ID(M;)} ®)

Hungarian Matching For each view, we match predicted
query masks to SAM-provided ground-truth masks by com-
puting a pairwise cost:

C(i, j) = /\focal : ['focal(S2D (’L), M])
+ )\dice : Ldice(S2D (71)’
indices = arg min Z C(i,7)
(i,4)em
where Sop (i) € {0,1}#*W is the i-th predicted binary
mask and M is the j-th SAM-generated ground-truth mask.
C(i, 7) denotes their matching cost, and the Hungarian algo-

rithm is applied per view to find the optimal assignment 7
minimizing the total cost.

9

(10)

Loss Function

2D Loss To supervise the predicted segmentation masks at
the 2D level, we apply several per-view loss functions (Lin
et al. 2017; Milletari, Navab, and Ahmadi 2016) that guide
both mask accuracy and feature discriminability throughout

training.
Focal Loss :
1 .
Lok = 57 Looca(S5),My) (11
matched (i,5)EM
Dice Loss -
1 )
Lice = N ﬁdice(sgl)), M;) (12)
matched

(i,5)eM
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Figure 3: Visualization of model results (see Appendix.B for more results). (a) provides both 3D and 2D results of IQGS. (b)

compares our results with other methods.

3D Loss To enhance global 3D consistency and structure
in the reconstructed Gaussian scene, we apply the following
two 3D-level losses:

3D Feature Regularization Loss :

1
Legp =17 Y
P |N| (i,5)EN

f(i)

mask

f(j)

mask

13)

2

where NV is a set of neighboring Gaussian pairs, encouraging
semantic smoothness and avoiding over-fragmentation in 3D
space.

2D and 3D Consistency Loss :

Nq
Leconsist = Z Z Eoverlap (Hv (SSD (m)) »Sgg (m))

k m=1
(14
where II, () denotes the projection of 3D instance predic-
tions into view k. This loss aligns the 2D segmentation out-
put with 3D geometry.
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Total Loss The final training objective combines all 2D
and 3D loss terms with weighting coefficients:

ﬁtotal = )\mask . Emask + /\dice . Acdice
+ >\reg : [’reg3D + /\geom . Econsist

where each A is a hyperparameter controlling the contribu-
tion of its corresponding loss.

5)

Experiments
Datasets

We use the same datasets as prior works on Gaussian scene
segmentation, including, 360_v2, and LERF reconstruction
datasets (Barron et al. 2021). The two datasets consist of
seven indoor scenes. All scenes are real-world rather than
synthetic, and they feature a wide variety of objects within
complex and extensive environments. As such, evaluating
models on these datasets effectively demonstrates their ro-
bustness and generalization capabilities. Each scene con-
tains multi-view images captured around the environment,



Paradigm Method LERF Datasets (%) 360_v2 Datasets (%)
ramen  figurines  teatime | bonsai  counter  Kitchen room
SA3D (NeurIPS 2023) 33.01 27.89 25.03 33.98 28.19 34.09 25.15
ADGS-based Omniseg3D (CVPR2024) 35.67 29.60 31.59 34.70 30.03 35.14 26.68

-Dase

SAGA (AAAI 2025) 43.81 35.47 37.80 44.98 40.25 46.03 49.27
Gau-Group (ECCV 2024) 61.76 42.81 53.21 60.33 60.99 59.79 61.32
Gau-Group (ECCV 2024) 40.97 31.22 33.65 40.30 35.62 37.42 35.23
2DGS-based | OMEGAS (arXiv 2024) 48.63 40.83 4151 46.66 46.57 39.45 42.34
IQGS (Ours) 63.73 61.76 52.60 76.50 74.96 69.71 66.91

Table 1: Per-scene mloU results on LERF and 360_v2 datasets.

together with SAM-generated segmentation masks, camera
intrinsics and extrinsics estimated via SfM algorithms, and
an initial sparse point cloud reconstruction.

Implementation Details

All experiments are conducted using PyTorch 2.0.0 on an
NVIDIA A100 GPU. The rendering process is based on the
Gaussian Render framework. When applying the Segment
Anything Model (SAM), we modify its invocation parame-
ters to better suit the Gaussian segmentation task, and apply
post-processing steps including mask filtering and merging.
The batch size is set to 1 for all experiments. To ensure a fair
comparison, training configurations generally follow those
used in the baseline Gaussian Grouping and other related
works. We use the Adam optimizer with a learning rate of
5 x 107* and € = 10! for experiments. All models are
trained for 30,000 iterations.

Metrics

Due to the absence of 3D ground-truth annotations and
standard evaluation metrics for 3D Gaussian segmenta-
tion, we evaluate segmentation performance based on the
2D mean Intersection-over-Union (mloU) across multiple
views. Specifically, for each scene, we compute the IoU be-
tween each predicted instance in a view and its matched
ground-truth instance. Notably, to more accurately reflect
the model’s ability to predict object instances, we do not
limit the evaluation to matched pairs with valid correspon-
dences in both prediction and ground truth. Instead, if a pre-
dicted instance has no corresponding ground-truth match,
we treat its IoU as zero. The final mloU is obtained by aver-
aging the IoUs over all predicted instances across all views
for a given scene.

Panoptic Instance Segmentation

Task Setting Given original training data of a scene, the
goal is to perform panoptic segmentation over the recon-
structed scene. We first conduct experiments in 3DGS re-
construction scenes using both contrastive learning-based
and classification-based approaches. Subsequently, we adapt
Gaussian Grouping algorithms and evaluate OMEGAS in
the 2DGS reconstruction setting. For our method, we ensure
that the same object observed from different views is con-
sistently assigned the same query ID during decoding, and
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that the IDs in the 3D segmentation results are aligned with
those in the 2D masks of all views.

Results and Analysis Quantitative results of baselines
and IQGS are shown in Table 1. Visualization results of
2D and 3D segmentation, along with comparisons to other
methods, are shown in Figure 3. Among the methods ap-
plicable to 3DGS, contrastive clustering-based approaches
such as SA3D-GS (29.62%), Omniseg3D-GS (31.92%), and
SAGA (42.52%) demonstrate relatively low performance
in panoptic segmentation.. In contrast, the classification-
based method Gaussian Grouping achieves significantly bet-
ter results (57.17%). However, when directly transferring the
classification strategy of Gaussian Grouping to the 2DGS
setting, a sharp drop in segmentation accuracy is observed
(36.34%). In contrast, our proposed IQGS (66.6%) demon-
strate superior performance on 2DGS compared to the afore-
mentioned classification-based method. IQGS also achieves
state-of-the-art performance across most datasets.

Generalization Evaluation

Task Setting To evaluate the generalization ability of those
models, we conduct a transfer-based experiment across dif-
ferent scenes. Specifically, we select scene pairs and transfer
a pretrained model trained on one source scene directly to its
paired counterpart target scene without any fine-tuning. We
then assess how well the learned segmentation model gener-
alizes to this new scene. Since contrastive clustering meth-
ods do not provide transferable parameters for inference on
novel scenes, we instead compare with the classification-
based approach Gaussian Grouping.

Results and Analysis The quantitative comparison of
mloU is shown in Table 2, while the qualitative results
are visualized in Figure 1(e) and Figure 4. Most object
IDs are incorrectly segmented in the Gaussian Grouping
results, and the predicted masks often exhibit fragmented
and noisy regions within individual objects. This indicates
that Gaussian Grouping suffers from almost no generaliza-
tion (1.56%) across different datasets. Compared to Gaus-
sian Grouping, IQGS demonstrates initial generalization ca-
pability (11.26%), segmenting more objects correctly and
achieving higher accuracy. In particular, we construct a vari-
ant, /QGS-H, by replacing the ID matching module in IQGS
with a Hungarian matching mechanism. IQGS-H achieves
stronger cross-dataset generalization (34.18%) by avoiding



Method teatime  figurines bonsai room  kitchen  counter
Gau-Group 1.56 1.70 1.10 0.82 1.55 2.65
1QGS 10.11 11.72 9.86 12.78 10.56 12.56
IQGS-H 31.09 41.78 39.92 33.67 28.45 30.17

Table 2: Generalization performance (%) of Gaussian
Grouping, IQGS and IQGS-H (replaced ID-based matching
in IQGS with Hungarian matching) when trained on differ-
ent source datasets and directly evaluated on the target scene
ramen without fine-tuning.

Target Source

ramen

bonsai figurines

Figure 4: IQGS-H shows pretty strong generalization capa-
bility.

fixed ID supervision. Hungarian matching enables queries to
learn transferable object representations rather than memo-
rizing scene-specific IDs, thereby enhancing their adaptabil-
ity to unseen scenes.

Ablation Study

Effect of Query Number and Feature Dimension. We
ablate two key hyperparameters—object query number N,
and feature dimension D. Increasing N, improves perfor-
mance by better covering complex scenes. A smaller D,
such as 16, already captures instance identity well, balancing
accuracy and efficiency.

Ny D | LERF (%) 360.v2 (%)
50 16 46.21 57.13
150 16 50.34 63.46
300 16 59.36 72.02
300 8 52.68 64.62
300 32 53.57 66.59

Table 3: Ablation of query count N, and feature dimension
D with mIoU results on LERF and 360_v2 datasets.

Effect of different loss components and weights. We ab-
late the contribution of each loss term by removing them
individually and adjusting their weights. As shown in Ta-
ble 4, removing either focal loss or dice loss significantly
reduces mloU, indicating their critical roles in mask quality.
Moreover, we observe that tuning the weights of Ay, and
Adice jointly can slightly improve performance, but overly
decreasing them harms accuracy.

Effect of model composition. We perform ablation studies
to assess the contribution of key components in our frame-
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Loss Setup | LERF  360_v2
(a) Loss Component Removal \

All losses (default weights) 59.36  72.02
w/0 Lsocal 33.91 48.69
w/0 Lgice 49.43 59.34
W/0 Lreg3p 51.75 60.08
W/0 Leonsist 54.33 66.17
(b) Weight Configuration Variants \

Amask = 10.0 (4 from 20.0) 51.15 63.31
Adice = 2.0 (T from 1.0) 56.52  69.95
Areg = 0.5 ({ from 1.0) 56.85 70.34
Ageom = 0.5 (| from 1.0) 5844 7149

Table 4: Ablation study on loss settings with N, = 300,
D = 16. Results are reported as mloU(%) on LERF and
360_v2 datasets.

work. Replacing the original DEVA+ID matching with Hun-
garian matching leads to performance degradation, confirm-
ing the effectiveness of query-ID to mask-ID alignment over
conventional Hungarian assignment.

We also modify the query branch to predict per-pixel
IDs, following classification-based paradigms, and super-
vise using ID maps instead of binary masks. This yields only
marginal gains over direct application of Gaussian Group-
ing on 2DGS, likely due to the presence of self- and cross-
attention in our query design. These results indicate that
classification-style methods underperform on 2DGS due to
overly strict supervision, while our design alleviates this is-
sue and achieves improved segmentation. Quantitative re-
sults are reported in Table 5.

Module Setup \ LERF (%) 360_v2 (%)
(a) Matching Method ‘

ID Matching 59.36 72.02
Hungarian Matching 49.36 58.21
(b) Supervision Method |

Binary-Mask Supervision 59.36 72.02
ID maps Supervision 40.02 49.27

Table 5: Ablation study on model composition. Results are
reported as mIoU on LERF and 360_v2 datasets.

Conclusion

In this work, we identify the limitations of existing 3DGS-
based segmentation methods, including a performance
degradation when applied to 2DGS and poor generalization.
To address this, we propose IQGS. Extensive experiments
validate that IQGS achieves state-of-the-art results across
multiple complex real-world datasets, both in segmentation
and generalization tasks. We hope this work inspires further
research into query-based representation learning for view-
consistent scene understanding.
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