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Abstract

3D Gaussian Splatting (3DGS) and Neural Radiance Fields
(NeRF) have advanced novel-view synthesis. Recent meth-
ods extend multi-view 2D segmentation to 3D, enabling in-
stance/semantic segmentation for better scene understand-
ing. A key challenge is the inconsistency of 2D instance
labels across views, leading to poor 3D predictions. Exist-
ing methods use a two-stage approach in which some rely
on contrastive learning with hyperparameter-sensitive cluster-
ing, while others preprocess labels for consistency. We pro-
pose a unified framework that merges these steps, reducing
training time and improving performance by introducing a
learnable feature embedding for segmentation in Gaussian
primitives. This embedding is then efficiently decoded into
instance labels through a novel "Embedding-to-Label” pro-
cess, effectively integrating the optimization. While this uni-
fied framework offers substantial benefits, we observed arti-
facts at the object boundaries. To address the object boundary
issues, we propose hard-mining samples along these bound-
aries. However, directly applying hard mining to the feature
embeddings proved unstable. Therefore, we apply a linear
layer to the rasterized feature embeddings before calculating
the triplet loss, which stabilizes training and significantly im-
proves performance. Our method outperforms baselines qual-
itatively and quantitatively on the ScanNet, Replica3D, and
Messy-Rooms datasets.

Project Page — https://unic-lift.github.io/
Code — https://github.com/val-iisc/UniC-Lift

Introduction

Extensive research has been undertaken on various 2D seg-
mentation variants, including semantic (Xu, Xiong, and
Bhattacharyya 2023; Zhou et al. 2023b), instance (He et al.
2023; Cheng et al. 2022), and panoptic (Kirillov et al. 2019a;
Hu et al. 2023) segmentation. Recently, advancements in
open-set segmentation (Kirillov et al. 2023b; Zou et al.
2024) have enabled these techniques to predict classes ab-
sent in the training dataset. Building upon these 2D ad-
vancements, researchers have focused on understanding 3D
scenes, which is crucial for applications in AR/VR (Choy,
Gwak, and Savarese 2019), autonomous driving (Feng et al.
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Figure 1: Our method takes a set of multi-view RGB im-
ages as input, and passes these images through a pre-trained
instance/semantic segmentation method. Although accurate,
segmentation methods for 2D images do not generate multi-
view consistent segmentation masks. Observe how labels
vary across the images. Our method formulates this as a
clustering problem in 3D, utilizing feature-vectors in 3D
space which are trained using contrastive losses. Our method
generates consistent segmentation masks. We further moti-
vate the necessity of this work in Fig. 2

2019), and path planning (Bartolomei, Teixeira, and Chli
2020). A major challenge in 3D scene understanding is
the lack of large-scale, richly annotated datasets, unlike 2D
image datasets (e.g., Cityscapes (Cordts et al. 2016), MS
COCO (Lin et al. 2015), CamVid (Brostow, Fauqueur, and
Cipolla 2009)). To overcome this, many works “lift” la-
bels from 2D segmentation methods to 3D representations
such as point clouds (Liu et al. 2022), Neural Radiance
Fields (NeRF) (Kundu et al. 2022; Siddiqui et al. 2023),
and Gaussian Splatting (3DGS) (Zhou et al. 2023a). This
approach uses efficient 2D segmentation techniques for 3D
tasks but faces a key challenge: inconsistent multi-view se-
mantic masks from 2D models.

In this work, we tackle the problem of 3D instance seg-
mentation under inconsistent 2D instance masks. (Fig. 1).
One plausible solution for the task is to use an off-the-shelf
video instance segmentation method (Zhang et al. 2023;
Heo et al. 2023) to obtain consistent masks for multi-view
image sequences. However, these methods have limitations
when there are significant occlusions and large changes in
the observed scene, thus requiring joint optimization for re-



identification task (Li and Loy 2018), which is challenging
for real-world in-the-wild scenes. Recent 3D representations
(NeRF, 3DGS) learn the underlying geometry of the scene
from 2D multi-view images. Thus, these representations can
be utilized to aggregate semantic/instance labels from 2D
segmentation methods and generate 3D consistent masks.
Recent works (Fu et al. 2022; Kundu et al. 2022; Bing et al.
2023; Zhi et al. 2021; Siddiqui et al. 2023) in this direc-
tion lift the 2D segmentation labels to 3D representations to
achieve multi-view consistent 3D segmentation. However,
a significant limitation of these methods is that they are ex-
tremely slow as they have additional expensive steps of label
assignment (Siddiqui et al. 2023) in the loss function.

Another promising line of work (Kobayashi, Matsumoto,
and Sitzmann 2022; Zhou et al. 2023a) is to distill fea-
tures from rich 2D image feature extractors such as CLIP-
LSeg (Li et al. 2022) or DINO (Caron et al. 2021) in-
stead of lifting the 2D labels. However, these methods suf-
fer from slow speed as they distill high-dimensional fea-
tures into 3D representations. For example, on average,
DFF (Kobayashi, Matsumoto, and Sitzmann 2022) takes
approximately two days of training. Recently, Contrastive-
Lift (Bhalgat et al. 2023) solved this problem by connect-
ing 2D segmentation to 3D using a learnable 3D vector em-
bedding that aligns with 2D label predictions. Contrastive-
Lift achieves this by integrating slow-fast contrastive loss,
eliminating the need to solve the linear assignment problem.
However, this method requires an additional expensive step
of HDBSCAN (Mclnnes, Healy, and Astels 2017) as post-
processing to find the centroids to label the optimized em-
bedding. In this work, we propose an efficient single-stage
3D segmentation method achieving superior performance in
a fraction of training time compared to baseline.

We propose UniC-Lift, a novel 3D segmentation method
built on 3DGS (Kerbl et al. 2023). UniC-Lift addresses the
challenge of generating consistent 3D segmentation masks
from inconsistent 2D segmentation maps. To effectively en-
code 3D features, we add a d-dimensional vector embedding
v € R? as a property for each 3D Gaussian primitive and
then rasterize this embedding to the desired camera view.
Further, to address the issues at the boundary, we propose
a strategy for hard-mining samples to apply the triplet loss.
We propose a simple “Embedding-to-label” process to de-
code the rasterized embeddings to class label. This straight-
forward approach outperforms existing state-of-the-art 3D
segmentation methods. We demonstrate the utility of UniC-
Lift in two downstream tasks: object manipulation and ob-
ject extraction. Our main contributions are as follows:

* An effective single-stage method for 3D segmentation
that directly decodes the learned 3D embedding to a con-
sistent segmentation label, given inconsistent 2D seg-
mentation labels.

* A novel contrastive loss based on the triplets to reduce
the inter-class variance which aids in accurate 3D seg-
mentation.

* Demonstrating high-quality and accurate 3D segmenta-
tion by showing effective downstream object manipula-
tion and extraction applications.
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Related Work

3D Representations. Neural Radiance Fields (Mildenhall
et al. 2021) and its variants (Barron et al. 2022; Miiller et al.
2022; Barron et al. 2021; Fridovich-Keil et al. 2022; Chen
et al. 2022; Barron et al. 2023) utilize volumetric rendering
equation which is based on ray-tracing to make a differen-
tiable renderer. These representations perform well on the
task of novel-view synthesis from input multi-view images
and their camera pose. Recently, Gaussian Splatting (Kerbl
et al. 2023) has revolutionized this field. It is based on raster-
ization instead of ray-tracing and can achieve very high FPS
to render high-resolution novel-views (Lu et al. 2024). Fur-
ther, these representations are extended to other tasks such as
dynamic scenes (Yang et al. 2023), stylization (Huang et al.
2022; Dhiman et al. 2025), sparse-views (Li et al. 2024; Wu
et al. 2023), hierarchical scenes (Dhiman et al. 2023), etc.

Scene Understanding in 3D Representations. Semantic-
NeRF (Zhi et al. 2021) lifts 2D semantic labels to 3D
by using a separate radiance field network to predict the
class labels utilizing a cross-entropy based loss. Whereas
NeSF (Vora et al. 2021) samples a pre-trained NeRF model
to obtain the volumetric grid and convert this to a semantic
grid by using a convolutional volume-to-volume network.
This semantic grid is converted into class probabilities by
rendering. These methods did not take into account the in-
consistency in the 2D ground-truth semantic maps. After-
wards, a lot of works (Mirzaei et al. 2022; Yu, Guibas, and
Wu 2021) explored the similar approach and improved the
performance in scene understanding using NeRF. Similar
techniques (Lan et al. 2023; Li, Liu, and Zhou 2024) have
also been explored in the domain of Gaussian splatting.

Methods such as Panoptic NeRF (Fu et al. 2022) and
Instance-NeRF (Liu et al. 2023) use information from 3D
instances by extracting volume density from the pre-trained
NeRF network. The major disadvantage of these works was
the use of 3D masks or tracked object masks. Panoptic Lift-
ing (Siddiqui et al. 2023) and DM-NeRF (Bing et al. 2023)
use linear assignment problem during optimization to solve
the multi-view inconsistency problem in the ground-truth
2D mask. Contrastive-Lift (Bhalgat et al. 2023) used learn-
able permutation-invariant embedding vectors to solve the
multi-view inconsistency problem. But rely on algorithms
like HDBSCAN to find the cluster centroids.

Open-Set segmentation in 3D. Recently, methods such as
SAM (Kirillov et al. 2023a), SEEM (Zou et al. 2024) which
has capability of segmenting objects in a scene by using texts
or interactive scribbles. DFF (Kobayashi, Matsumoto, and
Sitzmann 2022) distills the knowledge of off-the-shelf 2D
image feature extractors such as CLIP-LSeg (Li et al. 2022)
or DINO (Caron et al. 2021) into a 3D feature field opti-
mized in parallel to the radiance field. Then, these distilled
features are used to decompose the 3D scene and perform
various editing tasks. Based on the similar strategy, other
works (Tschernezki et al. 2022; Kerr et al. 2023) distill open-
set semantics into 3D space which can then be used for zero-
shot segmentation. Similar to NeRF. a lot of work (Shi et al.
2023; Qin et al. 2023; Zhou et al. 2023a) have also emerged
for Gaussian splitting.
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Figure 2: Previous methods are multi-stage: (a) some pre-
process 2D masks before lifting them to 3D (e.g., DM-
NeRF (Bing et al. 2023), Gaussian Grouping (Ye et al.
2023), and Panoptic-Lift (Kundu et al. 2022)), while oth-
ers use (b) a separate clustering algorithms on learned em-
beddings (e.g., Contrastive-Lift (Bhalgat et al. 2023)). (c) In
contrast, our method uses a single, unified representation to
perform segmentation directly.

Proposed Method
Preliminaries

3D Gaussian Splatting (3DGS) models a scene using set
of 3D Gaussians parameterized by position (u), covariance
(X), opacity («), and spherical harmonics for color (c).
Given input RGB images and camera poses, 3DGS jointly
optimizes these parameters to render novel views. Gaussians
are initialized from SfM point cloud and refined via “Adap-
tive Density Control” algorithm which splits, clones, and
prunes primitives based on training gradients. During ren-
dering, Gaussians are projected to 7' 2D splats, rasterized,
and a-blended to get the final pixel color C.

i—1
C=> cao; [ -d). (1)
ieT j=1

The final opacity o) is determined by multiplying the
learned opacity «; with the 2D projected Gaussian density
evaluated at the pixel location. The rendering loss function
is a combination of £; and D-SSIM loss:

Erendering = (1 - /\)Ll + )\Essim (2)

Motivation

Two-stage methods like Contrastive-Lift require a compu-
tationally expensive post-processing step, using algorithms
such as HDBSCAN to derive labels from optimized embed-
dings. This approach introduces significant computational
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Figure 3: Intuition of Embedding-To-Label Process. A toy
experiment demonstrating how contrastive learning enables
direct label prediction. Embeddings, initially distributed in a
constrained space (e.g., [0, 1]?), converge to distinct corners
during training. Each corner effectively becomes a unique
binary code that can be thresholded and mapped to a label,
removing the need for post-processing.

overhead during training (Tab. 5). Further, it also results
in a complexity for novel views of O(nlogc), where n is
the number of pixels and c is the number of clusters. In
contrast, our unified, single-stage framework eliminates this
bottleneck by directly associating labels with the optimized
vectors. This design achieves a superior O(n) time com-
plexity for novel-view prediction, reducing overall inference
time, and represents a fundamental architectural improve-
ment over prior methods, as illustrated in Fig. 2.

Embedding-To-Label Process. A key challenge in de-
veloping a unified contrastive learning framework is the de-
coding of optimized embeddings into discrete labels. We il-
lustrate the intuition behind our approach by presenting a
simplified toy experiment that demonstrates how our learned
embeddings are transformed into discrete labels in a uni-
fied, single-stage process. i. Experimental Setup: Consider
a scenario where we train a model using contrastive learn-
ing on embeddings constrained to the [0, 1] space via a
sigmoid activation. The goal is to cluster these embed-
dings into at least four distinct classes. ii. Observation: Ini-
tially, the embedded vectors are randomly distributed within
the square as shown in Fig. 3. Embeddings of similar in-
stances are pulled together and different instances are pulled
apart due to the applied contrastive clustering loss.As train-
ing proceeds, the embeddings align and converge towards
the corners of the square, forming well-separated clusters.
iii. Conversion to Label: The conversion to discrete labels
is straightforward. For e.g, an embedding clustered near the
top-right corner (e.g., [0.9,0.8)]), after thresholding by 0.5,
yields a binary vector [1,1] and decodes to 3. Each binary
vector directly decodes to a specific label (e.g., [1,1] decodes
to 3, with other corners decoding to 0, 1, and 2).

Methodology

As explained in Preliminaries, a 3D Gaussian is
parametrized by p, ¥, «, and color ¢ in 3DGS. We
add an extra parameter, vector v, where v € R? is a
d-dimensional vector to model instance segmentation of a
scene. Given set of images Z = {Iy, Is, ..., I }, their corre-
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Figure 4: Overview of our pipeline. Given input (a) multi-view RGB images and (c) inconsistent segmentation maps, we
optimize (b) 3D representation to lift 2D segmentation labels to 3D. To learn the view-dependent changes associated with the
novel-view synthesis task, we take a rendering loss: L;cndering With GT RGB image. For optimizing the learnable 3D vector
embedding we apply Ly ster to the rasterized embedding and further apply Ly,ipie: by passing it through a linear layer. Further,
we apply a 3D loss L3p to the primitives of 3D representation. More details are in Method section.

sponding poses m = {71, 2, ..., 7y } and the semantics or
instance segmentation labels M = {M;, My, ..., My}, our
method also optimizes for the vector v along with other pa-
rameters of 3DGS. Note that M; € REXW [, ¢ REXWx3
where H and W are the height and width of an input image.
We render v to get vector-embedding V, on which we
apply contrastive loss and then pass it through a linear layer.
Then, we apply triplet loss between positive and negative
pairs along the boundaries of the 2D segmentation map.
Further, we regularize 3D Gaussians with a smoothness loss
such that neighbouring Gaussians have a similar vector v.
During inference, we apply a simple “Embedding-to-Label”
process to the rendered vector V to get the class label.

Rendering of learnable vector-embeddings. Each 3D
Gaussian has a vector embedding v for instance or semantic
segmentation. Unlike color, v is view-independent. During
training, we initialize v using a normal distribution and ren-
der these vector-embeddings in the same way as color.

i—1

V= Zviag H(l — o)

ieT =1

3

Contrastive Loss on rendered vector-embeddings (V).
Building upon the rendered vector-embeddings V, we gen-
erate a vector map V € RF*WXd for a given camera pose
x;. Corresponding to the camera pose, we also have a ground
truth segmentation mask M;. Using M;, we divide the pixel
space into K distinct sets, each representing a segment.
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This creates a partition O = {Q, s, ..., Qx }, where each
Q; N Q; = 0 is disjoint from the others. Next, we compute
the centroid for each segment as mq, = ﬁ > ueq, Y(u).
The core idea is to apply a contrastive loss that maxi-
mizes the similarity between vector-embeddings within the
same segment and minimizes the similarity between vector-
embeddings from different segments. This clustering loss is
then calculated as follows:

Leluster = Z Z ”W(u) - sz”i -

Q€0 ue;

Z [mea, - mﬂa”i
Q,,Q,€0

i)
Triplet Loss. To cluster the vector embeddings V, we use
the clustering loss that measures the similarity between two
vector-embeddings. However, this distance metric does not
guarantee a consistent penalty, as detailed in the supplemen-
tary material. To address this, we transform V by passing it
through a linear layer, parametrized by W?*¢, resulting in
a transformed vector z = WV . Before passing through lin-
ear layer, we pass V through a sigmoid layer to restrict the
range to [0, 1]. Instead of clustering z directly, we apply a
triplet loss. This loss further reduces variance within clusters
and maximizes the margin between different clusters. Our
triplet sampling strategy is straightforward. For each pixel

“4)
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Figure 5: Qualitative comparison of our method with Contrastive lift on scenes from ScanNet dataset. Regions, where
Contrastive lift performs poorly, are highlighted with red boxes.

uy, ug € ;, we select vector-embedding a = W o (V(u1))
as an anchor. We then randomly choose a positive sample
p = Wo(Y(ug)) and a negative sample n = W o (V(u3))
from a different segment ug € ;, where ¢ # j and o(.) is
sigmoid operator. To enhance cluster separation, we select
positive and negative samples from segment boundaries. Af-
ter iterating through all pixels, we obtain a set of triplets A,
which we use to enforce the triplet loss as defined in Eq. 5
where ¢ is the margin. Note that the triplets are obtained in
the projected space through linear layer mentioned earlier.

> max(0,[la—pll5—lla—n|3+3) ()
(a,p,n)EA
3D neighborhood Regularization. To encourage nearby
Gaussians to share similar embeddings, we apply a spatial
smoothness prior in the 3D space. For each Gaussian prim-
itive ¢ with center pu;, we construct a 3D neighborhood set
N@) = {llwi —pwl3 < 755 # 4 4,5 € {1,..,[G[}},
where 7 is a threshold which selects only those Gaussians
that are physically close and |G| are the number of Gaussian
primitives in 3DGS model G. We then enforce embedding
consistency only within these neighborhoods by penalizing
the difference between their embedding vectors:
g1
Lsp=> Y fvi—v;l3
=1 jEN (i)
We apply this loss after 15000 iterations, once the adaptive
density control mechanism has stabilized.
Total loss function for this optimization problem is:

Ctm’plet =

(6)

£total = Erendering + )\cluster‘ccluster (7)
+Atriptet Ltripiet + A3pL3p
For better stability, we apply Lyripier and L3p after the
adaptive density control step. We use Acjusters Atriplets A3D>
dand T as le7 !, 1le7!, 1le7!, 1, and 1le~2, respectively.
Embedding-to-label. We first convert the rendered embed-
ding V by applying a sigmoid function V = o(V). We then
threshold it to convert into a binary vector Y = 1[V > 7],
where 7 = 0.5. We obtain discrete label by mapping V into
alabel | = ), Vi 251, Further details and rationale are
provided in the supplementary material.
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Experiments

Implementation Details We build our method on the
3DGS (Kerbl et al. 2023) and train it for 30k iterations on
a single RTX A6000 GPU. The model is optimized using
the ADAM optimizer (Kingma and Ba 2014) with a learn-
ing rate of 1e~* and the loss defined in Eq. 7. We exclude
gradients from the segmentation losses (Egs. 4, 5, 6) from
the 3DGS “Adaptive Density Control” step. For our experi-
ments, we set the embedding dimension (d) to 12 and use a
maximum of 3, 000 triplets.

Dataset and Baselines We benchmark our results on Scan-
Net (Dai et al. 2017) and Replica3D (Straub et al. 2019)
datasets using the same scenes as Contrastive-Lift. We also
evaluate on Messy-Rooms dataset, which contains scenes
with 25 to 500 objects. We compare our method with
Contrastive-Lift (Bhalgat et al. 2023), Panoptic-Lifting (Fu
et al. 2022), Panoptic-NeRF (Kundu et al. 2022), Gaussian-
Grouping (Ye et al. 2023) and Unified-Lift (Zhu et al. 2025).
We follow the Contrastive-Lift evaluation protocol for Scan-
Net and Replica.

Metrics. We evaluate label accuracy using mean intersection
over Union (mloU) and label consistency using scene-level
Panoptic Quality (PQ%¢"®). PQ*®"® (Siddiqui et al. 2023) ex-
tends Panoptic Quality (PQ) (Kirillov et al. 2019b) by per-
forming matching at the scene level: predicted and ground-
truth segments of the same class are merged across views,
and pairs with IoU > 0.5 are treated as valid matches.
We additionally learn a semantic embedding per primitive
alongside the instance embedding, and rasterize both to ob-
tain instance and semantic labels to compute PQ***"°.
Quantitative Results Tab. 2 shows quantitative compar-
ison on ScanNet and Replica3D dataset. We follow the
setup described in Contrastive-Lift. We observe that our
method outperforms other methods in both datasets. Our ap-
proach shows a significant gain of nearly 10 points for the
Replica3D datasets. We evaluate our method on the Messy-
Rooms dataset (Tab. 1). This dataset consists of a large
number of objects, allowing us to assess the scalability of
our approach. Our method outperforms Contrastive-Lift in
6 out of 8 scenes within this dataset, demonstrating its ef-
fectiveness. Further, our method also outperforms the recent
method Gaussian-Grouping (Ye et al. 2023) on both Scan-



Method Old Room environment Large Corridor environment Mean (%)
25 Objects 50 Objects 100 Objects 500 Objects 25 Objects 50 Objects 100 Objects 500 Objects
Panoptic-Lifting (Siddiqui et al. 2023) 73.2 69.9 64.3 51.0 65.5 71.0 61.8 49.0 63.2
Contrastive-Lift (Bhalgat et al. 2023) 78.9 75.8 69.1 55.0 76.5 75.5 68.7 52.5 69.0
OmniSeg3D-GS (Ying et al. 2024) 80.1 72.4 61.4 46.8 74.9 79.6 63.9 48.5 66.0
Unified-Lift (Zhu et al. 2025) 79.1 72.2 65.9 53.9 77.0 78.9 70.7 54.1 69.0
Ours 86.0 79.1 70.8 574 76.5 72.3 73.0 56.7 71.5

Table 1: Messy-Rooms dataset. PQ**°" metric is reported and best results are marked in bold. Results for the baseline methods
are sourced from (Zhu et al. 2025). We observe that our method outperforms the baseline methods in 6 out of 8 scenes.

PNF

Panoptic- Contrastive- Gaussian-
Method | +GT " ifting Lift Grouping OU®
oxes
ScanNet | 54.3 58.9 62.3 61.83 63.0
Replica3D | 52.5 57.9 59.1 66.52 88.7

Table 2: Results on ScanNet and Replica datasets. We re-
port the PQ**®™ metric and source these values from (Bhal-
gat et al. 2023). We observe that our method outperforms
baselines in both the datasets. Our method achieves a 1.3 %
higher PQ*°°"¢ (88.7 vs. 66.52) than Gaussian Grouping.

Panoptic  Contrastive
Method | ) ifiing Lift Ours
Training | > 20hrs > 15hrs < 40mins

Table 3: Training time comparison on NVIDIA A6000 for a
scene in Replica dataset. Our method exhibits a significant
training time advantage for lifting 2D segmentation masks
to 3D over other methods.

Abl. 3 All (Ours)

i’T.ﬂ.!.!.ﬂ.!

Figure 6: Qualitative results for different design choices dis-
cussed in ablation studies in Tab. 4.

Net and Replica3D dataset.

Qualitative Results. We compare our method with
Contrastive-Lift in Fig. 5 and 7. We can observe that our
method generates accurate masks compared to the baseline.
For example, in Fig. 5 Contrastive-Lift consistently fails to
predict the leg of the highlighted chair whereas our method
consistently predicts the leg of the chair. Further, we provide
more qualitative results in the supplementary material.
Time-performance comparison. Current methods for lift-
ing 2D segmentation masks to 3D often suffer from slow
training speeds due to complex, multi-stage pipelines. For
instance, Panoptic-Lifting (Siddiqui et al. 2023) relies on
time-consuming linear assignment to resolve mask inconsis-
tencies, while Contrastive-Lift (Bhalgat et al. 2023) employs
a computationally intensive clustering algorithm for post-
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Contrastive-Loss (CL) v v v v v
Triplet Loss X X v v v
3D Regularization v X X v v
MLP X X v X v
| AbL1 AbL2 AbL3 w/o MLP with MLP
pPQseene 88.0 83.7 89.0 88.0 89.0
mloU 94.4 91.8 95.2 94.0 95.4

Table 4: Effect of different loss functions. Abl.1 uses “CL
+ 3D Regularization” loss, Abl.2 uses only Contrastive loss
and Abl.3 uses “CL+Triplet loss with MLP”. We observe
that a combination of Contrastive loss, Triplet loss and 3D
neighborhood loss yields the best results for our method.

3DGS Cluster Total scene
Method Time + Time + Time + PQ T IoU?
CL+3DGS 422 m 4321m 8541 m 94.6 97.4
Ours 42 m 0Om 42 m 94 96.2

Table 5: Quantitative comparison of our method with
Contrastive-Lift (CL) + 3DGS

processing. In contrast, our unified, end-to-end approach
eliminates these costly intermediate steps, leading to sig-
nificantly faster training, as shown in Tab. 3. To ensure a
fair evaluation, we also compare against a stronger baseline,
Contrastive-Lift-3DGS, which uses the same 3DGS repre-
sentation as our method and Ly st loss followed by HDB-
SCAN clustering. We observe that our approach is faster
than this enhanced baseline as well (Tab. 5, with further
analysis provided in the supplementary material.

Ablations Study

Contrastive Losses, 3D Loss Our method uses a combina-
tion of 3D neighborhood loss, contrFastive loss and triplet
loss to optimize the feature field for instance segmentation
purpose. We evaluate the impact of these losses. Tab. 4 and
Fig. 6 shows results when these losses are applied sepa-
rately. We also observe that applying the triplet loss on MLP-
projected embeddings yields better separation and improves
the overall metrics. We observe that when we use a combi-
nation of the three losses, we obtain the best results.

Number of segmentation masks during training We eval-
uated our method’s robustness using a pre-trained 3DGS
model on the Messy-Rooms dataset with only 5%, 10% and
20% of segmentation masks. Fig. 9 shows that the results
achieve accuracy comparable to training with all masks,
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Figure 7: Comparison with Contrastive lift on Replica3D dataset. Observe that Contrastive-Lift fails to capture some objects
such as the pillows on the sofa set and the set of objects placed inside the mini-cupboard

RGB Instances 0.25 x 0.5 x 1x RGB Instances 10% 20% 100%

Figure 9: Qualitative results on Messy-Rooms dataset by
varying percentage of training data. We show results with
5, 10, 20 and 100(full) % training samples.

Figure 8: Qualitative results on Messy-Rooms dataset by
varying resolution of the segmentation masks. We show .
results with 0.25%, 0.5x and 1 x (full) resolution Conclusion and Future Work

In this work, we introduce UniC-Lift, a single-stage frame-
work for lifting inconsistent 2D multi-view instance masks
into a 3D representation. Unlike previous two-stage meth-
ods that rely on computationally expensive post-processing
such as clustering, our approach directly decodes class labels
from learned vector embeddings. These embeddings are op-

demonstrating the method’s effectiveness with limited data.
We provide implementation details for this ablation in the
supplementary material.

Input resolution of the segmentation masks This exper- timized with a triplet loss function to reduce intra-class vari-
iment investigates the impact of input segmentation mask ance. Experiments demonstrate that UniC-Lift outperforms
resolution. We evaluate our method’s ability to handle state-of-the-art methods while significantly reducing train-
downscaled masks (0.25x and 0.5x) on four scenes from ing time. This efficiency and accuracy enable practical ap-
the Messy-Rooms dataset (Fig. 8). Visual inspection re- plications such as interactive scene editing and mesh extrac-
veals no significant difference between results obtained with tion, while its robust performance in complex, multi-object
0.5xand full-resolution masks. Training at a lower resolu- environments confirms its scalability. Future work focuses
tion will accelerate our method without compromising ac- on extending UniC-Lift to dynamic scenes, large-scale un-
curacy. We provide implementation details for this ablation bounded scenes and hierarchical segmentation for a 3D rep-
in the supplementary material. resentation.
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