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Abstract
We present an approach to train a 3D Vision Lan-
guage Mask Grounding model without requiring
3D supervision. This is achieved by reconstruct-
ing the Gaussian splatting field from the input
point cloud, and supervising the mask decoder
model using 2D labels and losses. This pipeline
allows us to distill the knowledge from power-
ful 2D foundation models to 3D grounding mod-
els, demonstrating impressive performance for
both zero-shot and pretraining. We show this
approach outperforms baselines/SOTA for 3D
vision-language grounding, and also outperforms
other 3D pretraining techniques.

1. Introduction
When a user mentions the keys by the door or the blue mug
on the table, they use language to indicate a specific set
of objects and 3D locations in space. Such 3D language
grounding provides a particularly natural interface for peo-
ple to communicate about their surroundings.

For AI systems operating in physical spaces, identifying
the set of 3D masks or bounding boxes indexed by a lan-
guage query represents a core functionality; with applica-
tions across autonomous navigation, robotic manipulation,
and AR/VR. Yet, despite its importance and recent advances
in both 2D vision-language grounding and 3D reconstruc-
tion, the gap between human and machine performance in
3D Vision-Language Grounding remains one of the most
significant challenges in embodied AI.

3D vision-language grounding (3D VLG) is severely con-
strained by data scarcity. Generative multimodal models
are routinely trained on billions to trillions of tokens from
language (Achiam et al., 2023; Touvron et al., 2023), im-
ages (Radford et al., 2021; Labs, 2023), videos (Polyak et al.,
2024; Brooks et al., 2024). Nearer to the task of 3D VLG,
models trained for promptable image and video mask seg-
mentation use millions to billions of labeled masks (Kirillov
et al., 2023; Ravi et al., 2024). In contrast, existing 3D VLG
models are limited to training on only tens of thousands of
labeled 3D masks and scenes, restricting their ability.

In this paper, we propose a scalable pretraining approach for
3D VLG that enables grounding language into a set of target
3D masks; without requiring 3D mask labels. Language-
Indexed Field Transfer with Gaussian Splatting (LIFT-GS),
is supervised on 2D frames directly. It uses differentiable
rendering to render the predicted 3D features and masks
into 2D frames (e.g. via Gaussian Splatting (Kerbl et al.,
2023)). LIFT-GS is then distilled directly from powerful
frame-based foundation models, using pseudolabels from
SAM (Kirillov et al., 2023), CLIP (Radford et al., 2021),
and Llama 3.2 (Meta AI, 2024).

LIFT-GS conducts both Promptable 3D Segmentation and
Reconstruction. The render-supervised formulation is highly
flexible; as it imposes essentially no constraints on the
model input or network architecture. Therefore, in order
to demonstrate the effectiveness of differentiable rendering
for structured prediction tasks, we choose model inputs and
meta-architectures that are scalable and offer advantages for
3D vision-language grounding.

As visual input, LIFT-GS exclusively utilizes point clouds
(positions and colors) to align with the preferences for many
modern embodied AI applications that operate in real time.
Point clouds from SLAM, for example, serve as widely
adopted input in robotics and AR/VR. By relying on raw
point clouds rather than 2D feature-enhanced point clouds
like ConceptFusion (Jatavallabhula et al., 2023b), LIFT-GS
eliminates the need for preprocessing and feature fusion dur-
ing inference, reducing inference time from approximately
60 seconds per frame to just 1 second for the forward pass.

LIFT-GS follows the common MaskFormer (Cheng et al.,
2021b) meta-architecture. However, the output tokens from
the Encoder and a Mask Decoder are instead interpreted as
3D Gaussians rather than image patches. The entire pipeline
is then trained end-to-end by optimizing the 2D loss between
the rendered 2D masks and the pseudo-grounding masks.

We validate the effectiveness of LIFT-GS on two popular
3D vision-language grounding (3D VLG) downstream tasks:
open-vocabulary 3d instance segmentation and 3D referen-
tial grounding. The results show that distillation provides
significant improvements over models trained from scratch,
and achieves state-of-the-art performance on both tasks.
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More importantly, the approach consistently improves from
both more data and better 2D foundation models, which
indicates the potential for further improvement.

Intriguingly, we find that LIFT-GS “pretraining effectively
multiplies the fine-tuning dataset” (Hernandez et al., 2021)
by a constant factor (roughly 2x), across varying amounts
of fine-tuning data. This somewhat counterintuitive obser-
vation indeed matches empirical data scaling laws for pre-
training in other modalities (Hernandez et al., 2021), where
pretraining shifts the power-law scaling in log-dataset size
to the left by that constant factor. The fact that the coef-
ficient does not show diminishing returns, even when we
use all available fine-tuning data, underscores that 3D VLG
models are currently operating in the data scarce regime.

The seeming universality of scaling laws across modalities,
and the effectiveness of LIFT-GS pretraining on in 3D VLG
settings, suggests that the underlying tools may also be use-
ful at least in other 3D understanding settings. Specifically,
render supervised framework can be used with essentially
any 3D/4D task or model, provided the results are render-
able. This can be combined with knowledge distillation
from frame-based models in order to overcome data scarcity
in 3D, and LIFT-GS specifically addresses a scarcity of 3D
grounded masks. For summary, our contributions are:

• Differentiable rendering as a tool for training large-
scale 3D promptable segmentation models. Instead
of proposing a new architecture, the contribution is to
train the model using differentiable rendering with a
structured 2D grounding loss.

• A pseudo-labeling strategy for distilling a 2D vision-
language grounding pipeline into 3D versions. The
pretrained 2D models are needed only for pseudo-
labeling and they are not needed during inference.

• State-of-the-art performance and realistic evalua-
tions. We demonstrate the effectiveness of the ap-
proach using sensor pointclouds, common in embodied
settings. Rigorous experiments show state-of-the-art
performance and reveal scaling properties.

2. Related Work
3D Vision-Language Grounding 3D Vision-Language
Grounding (3D VLG) refers to the task of mapping lan-
guage descriptions of objects in a scene, to a set of cor-
responding 3D masks or bounding boxes that indicate the
location of the objects in the observed scene. Despite its
importance, there is very little annotated data for 3D VLG
available — mainly because there are very little 3D data
with annotated masks or bounding boxes period, as well
as language annotation for each instance. This provides a
major challenge for essentiall all existing models, since they

[The]  [telephone] [that] [is] [besides] [the]  [chair]

Figure 1: Illustration of 3D Referential Grounding Task. Given
an object description, the task requires the model to predict 3D
masks for all mentioned noun phrases while ensuring that the
located objects satisfy the semantic relationships described in the
entire sentence.

require access to use ground-truth 3D masks or bounding
boxes for trainings (Yuan et al., 2021; Roh et al., 2021; Yang
et al., 2021; Zhu et al., 2023c; 2024), and many require them
during inference in the form of proposal masks or bounding
boxes (Fang et al., 2024; Zhang et al., 2023b). This lack of
annotated data is a major challenge for all existing models,
as the number of 3D scenes with annotated masks or 3D
bounding boxes is in the thousands (Dai et al., 2017; Yesh-
wanth et al., 2023; Somasundaram et al., 2023), compared
to the millions of images and videos used for image and
video segmentation (Kirillov et al., 2023).

Unlike prior approaches, LIFT-GS introduces a render-
supervised approach for 3D VLG. It uses differentiable ren-
dering to train directly on image masks, without requiring
3D bounding boxes or masks during training or inference.
This formulation is architecture agnostic and allows the
model to be trained using only image and language losses,
without the need for 3D masks or bounding boxes. LIFT-GS
demonstrates this by training an end-to-end 3D feedforward
model. LIFT-GS takes as input a RGB pointcloud and a
language utterance as input, and outputs 3D masks.

3D Instance Segmentation 3D instance segmentation refers
to the task of predicting masks for a set of instance in a 3D
scene, not necessarily given a language prompt. For exam-
ple, using a predefined set of category labels (Qian et al.,
2021; Schult et al., 2022; Hou et al., 2018) or interactive seg-
mentation using input “prompts” (Osep et al., 2024; Zhou
et al., 2024; Ma et al., 2024; Chen et al., 2024a).

Because of the lack of 3D data with masks with which
to train a 3D segmentation model, a class of recent work
has emerged that trains no predictive 3D segmentation
model at all, but instead directly lifts powerful pretrained
image and video models to 3D using per-scene optimiza-
tion and multiview geometry. For example, by using depth-
unprojection with heuristic view-merging strategies such as
voxel-voting (Jatavallabhula et al., 2023a; Zhou et al., 2024;
Xu et al., 2023b). Another more recent approach to lift 2D
segmentation to 3D is by using differentiable rendering to
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optimize the 3D representations to minimize the 2D loss
between rendered outputs and ground-truth RGB values,
2D features (Kerr et al., 2023; Kim et al., 2024; Dou et al.,
2024; Chen et al., 2024b; Gu et al., 2024), or masks (Cen
et al., 2023; Xu et al., 2023a). These approaches leverage
the large-scale data available for image and video segmenta-
tion, but use a fixed per-scene lifting process that does not
improve with more training data and takes a long time to
run (e.g. minutes per scene on a H100).

These lifted 3D pseudolabels can be used to partially address
the lack of 3D data with ground-truth masks, by pre-training
a 3D instance segmentation model on the 3D pseudola-
bels (Genova et al., 2021; Peng et al., 2023). However, this
fixed lifting pipeline introduces accumulated errors from
inaccuracies in 3D reconstruction and label-merging strate-
gies, creating a bottleneck for overall performance.

LIFT-GS instead trains a promptable 3D segmentation
model using only 2D losses, eliminating the need for a fixed
lifting process and label-merging strategies. Not relying on
heuristic lifting methods or specialized losses (e.g., cross-
mask contrastive loss), LIFT-GS is trained on a large-scale
dataset using the same mask losses (Dice, Cross-Entropy
Focal) as the original frame-level segmentation models. As
shown in Appendix Section ??, LIFT-GS features trained
directly on 2D pseudolabels outperform these lifted 3D pseu-
dolabels. And we show effective data scaling in Section 4.4.

Render-Supervised 3D While photometric losses using
differentiable rendering (Mildenhall et al., 2020; Kerbl
et al., 2023) were originally used for per-scene optimization,
render-supervision is emerging as a powerful and generic
technique to train predictive 3D models using only 2D losses.
For 3D reconstruction, 2D photometric losses can be used
to train strong feedforward models (Hong et al., 2024; Tang
et al., 2024). PonderV2 (Zhu et al., 2023a) instead uses
render-supervision for representation learning, by adding
additional constrastive losses on the rendered pixels, using
ground-truth category labels to pretrain an Encoder.

LIFT-GS introduces render-supervision for 3D VLG, using
mask- and grounding-losses typically used for 2D VLG.
LIFT-GS jointly trains an Encoder and Mask Decoder, and
for the first time demonstrates using differentiable rendering
to train a 3D mask decoder.

3. Method
LIFT-GS is a (pre)training pipeline for 3D vision-language
grounding models that uses only 2D supervision. It accom-
plishes this using differentiable rendering and structured 2D
losses, and uses pseudo-labeling for frame annotations.

SAM
Seg 1:
Seg 2:
Seg 3:

…

CLIP
Seg 1: 
Seg 2:
Seg 3: 

CLIP Embedding 

SAM Mask 
SAM-CLIP FeatureInput Image

Figure 2: SAM-CLIP Pseudo-Label Generation. We lever-
age powerful 2D foundation models to generate pseudo language
queries, i.e., CLIP embeddings, along with their corresponding
ground-truth 2D masks for training. All pixels within the same
mask share the same features.

3.1. Task Formulation

The formulation of 3D Vision-Language Grounding used in
LIFT-GS is shown in Figure 1, and based on MDETR (Ka-
math et al., 2021). The model takes as input a language
query, such as “the black chair close to the table near the
wall” and a pointcloud input. The objective is to predict
3D gaussian masks, for all mentioned noun phrases (chair,
table, wall); ensuring that the predicted masks adhere to the
semantic relationships described in the language query, via
a mask-to-query correspondence matrix.

As shown in Figure 3, LIFT-GS takes as input a point cloud,
P, and language query embeddings, Q. It outputs 3D fea-
ture Gaussians G with a correspondence matrix C.

LIFT-GS: (P,Q) 7→ (G,C), (1)

The pointcloud P ∈ R|P |×6 contains positions and RGB
colors. LIFT-GS is trained with pointclouds from unpro-
jected posed multi-view RGBD, but any pointcloud recon-
struction will work, including pointmap-based methods that
do not require depth or camera pose (Wang et al., 2023;
Yang et al., 2025; Wang et al., 2025). This makes the method
highly flexible, applicable across diverse scenarios, from
sparse-view settings to extremely long video sequences.

The Language queries are encoded into embeddings Q ∈
R|Q|×FQ , i.e. via CLIP (Radford et al., 2021) in our design.
Each embedding can be either from a single word or a full
sentence, depending on the desired granularity of grounding.

The model predicts 3D Gaussians G ∈ R|G|×|FG| with aux-
illiary features, enabling the differentiable rendering of 3D
information into 2D. In LIFT-GS, the first part of channels
of FG are standard Gaussian splatting parameters (i.e. posi-
tions µ, covariances Σ, 3rd-degree SH coefficients ψ). The
remaining channels are renderable auxiliary 3D attributes:
predicted 3D masks M ∈ R|G|×m, and renderable auxil-
iary features: predicted features F ∈ R|G|×F .

Following the trend in mask grounding (Liu et al., 2023),
the predicted 3D masks M ∈ R|G|×m contains m predicted

3
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Encoder

Backbone

Gaussian 
Head

Mask Decoder 
Transformer

Language Query 

Embedding  Q

Visual 

Token

Language 

Token Mask Proposal Token

Dot Product

Point Cloud P GS with  

Predicted Masks 

G
M

Figure 3: Architecture Design. LIFT-GS predicts 3D Gaussian Splatting G and 3D masks M given a point cloud P and language query
embeddings Q as inputs. The 3D masks M are generated by a Transformer-based Mask Decoder.

masks for each Gaussian, where m is the mask proposal
number. Consequently, the rows in the correspondence
matrix C ∈ Rm×|Q| represent the log-probability that the
i-th predicted mask corresponds to each embedding of Q.

3.2. Training 3D with 2D Supervision

Predicting a 3D Gaussian Splatting with desired 3D at-
tributes enables training a 3D model using only 2D supervi-
sion, eliminating the need for large-scale 3D annotations. In
this section, we first discuss the 2D losses used for training
and then describe the process of generating pseudo-labels
when perfect labels are unavailable. We show ablations for
both losses and pseudo-labels in the experiments.

LIFT-GS utilizes three 2D losses to train the model: LRGB,
Lfeat and Lground. The rendered image, feature map, and 2D
mask are denoted in the equations below as Ĩ ∈ RH×W×3,
F̃2D ∈ RH×W×F , and M̃2D ∈ RH×W×m , respectively.
Their corresponding ground-truth counterparts are I , F2D,
and M2D, where M2D ∈ RH×W×K .

Reconstruction losses: LRGB is the 2D photometric
loss, formulated as a combination of L1 loss and SSIM
loss (Wang et al., 2004):

LRGB = λ1L1(I, Ĩ) + λ2LSSIM(I, Ĩ) (2)

Grounding losses: The grounding losses, Lmask, measure
the prediction quality between the rendered 2D masks, M̃2D,
and the ground-truth masks, M2D. Since the predicted and
ground-truth masks differ in number, we employ Hungarian
matching to compute the set-to-set loss. σ(i) is the index of
predicted masks matching to i-th ground truth mask accord-
ing to the matching distance dmatch.

σ(i) = argmin
j

dmatch(M̃,Mi,C) (3)

The mask shape is supervised with Lmask, the combination
of Focal (Lin et al., 2017) and Dice (Sudre et al., 2017) loss
used in SAM (Kirillov et al., 2023):

Lground =
1

K

K∑
i

λ3Lmask(M̃
σ(i)
2D ,Mi

2D)+λ4LCE(Cσ(i), i) (4)

LCE is the correspondence loss, encouraging correct corre-
spondences between predicted masks and language tokens.
Specifically, the ground-truth mask set M2D consists of K
binary masks, each corresponding to a span Qk ⊆ Q of
language query embeddings Q. Cσ(i) represents the corre-
spondence probability of the σ(i)-th mask proposal across
spans of the |Q| language embeddings. We optimize this
using a cross-entropy loss.

LCE(Cσ(i), i) = − log
exp(Cσ(i),i)∑K
j exp(Cσ(i),j)

(5)

Feature loss: Lfeat is the feature rendering loss which mea-
sures the difference between rendered feature map F̃2D and
ground-truth feature map F2D. As in (Zhu et al., 2023b),
LIFT-GS uses a contrastive loss.

Lfeat =
1

H ×W

H,W∑
u,v

− log
exp(f̃(u,v) · fk)∑
j exp(f̃(u,v) · fj)

(6)

f̃(u, v) is the feature vector of F̃2D at location (u, v). fj
denotes a batch of unique feature vectors from F, and fk is
the ground-truth feature vector corresponding to f̃(u, v).

3.3. SAM-CLIP 2D Pseudo-Label

Although LIFT-GS doesn’t need 3D annotations, getting
high-quality 2D supervision remains challenging. We show
how leveraging 2D foundation models for pseudo-label gen-
eration enables reasonable zero-shot performance and sig-
nificantly enhances downstream tasks after fine-tuning.

4
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“White”

“Black cabinet near the wall”

Figure 4: Zero-Shot 3D Segmentation. Trained using only 2D
pseudo-labels, LIFT-GS can localize objects in 3D from real text
inputs in a zero-shot manner. From left to right, we visualize
the input point clouds, segmented 3D masks(in yellow), rendered
images from predicted 3DGS, and rendered segmentation masks.
Language queries include both high-level abstract concepts (e.g.,
white) and detailed descriptions (e.g., black cabinet near the wall).

As shown in Figure 2, we leverage 2D foundation models to
generate pseudo-labels, including pseudo language queries
and corresponding 2D masks. For each image, we apply
SAM (Kirillov et al., 2023) to obtain segmentation masks.
For each segmented region, we extract a CLIP (Radford
et al., 2021) image embedding as the pseudo language query
embedding. Since CLIP’s text and image embeddings share
the same feature space, LIFT-GS can take text embeddings
as input during inference. During pretraining, we concate-
nate these CLIP embeddings to form Q and construct C,
using the corresponding 2D masks as ground truth.

Trained with 2D pseudo-labels, LIFT-GS can perform zero-
shot 3D grounding using real text queries without fine-
tuning, as shown in Figure 4. However, the zero-shot model
suffers from low accuracy and struggles with complex ex-
pressions, a common limitation of CLIP-based methods
that function as bag-of-words models (Yuksekgonul et al.,
2023). Future improvements in pseudo-labeling, such as
captioning (Meta AI, 2024) and 2D language grounding
models (Liu et al., 2023), could alleviate the need for fine-
tuning altogether. In this work, we focus on fine-tuning.

Overall, LIFT-GS shows that even simple pseudo-labeling
strategies can be effectively distilled into 3D models. Our
experiments show that pretraining with 2D pseudo-labels
substantially boost performance on downstream tasks.

3.4. Architecture

LIFT-GS is network-agnostic, imposing few architectural
constraints and being readily adapted to other architectures.
We describe the network used in experiments, as in Figure 3.

Encoder: Predicting 3DGS from Point Cloud

Encoder takes point clouds as input and predicts 3D Gaus-
sian splatting (without masks) and per-point features as
latent variables. Generally, the number of predicted Gaus-

sians |G| can differ from the number of input points |P |.

However, our focus is on demonstrating the effectiveness of
differentiable rendering for structured prediction tasks like
Promptable 3D segmentation. So in our experiments, we set
|G| = |P | with a bijective mapping to ensure consistency
with point cloud-based evaluation tasks. For comparison to
prior work (Zhu et al., 2023b) , LIFT-GS uses a SparseConv
UNet (Contributors, 2022) as the Encoder Backbone to get
per-point features, and uses an MLP as Gaussian Head to
regress Gaussian parameters of G with features F.

Decoder: Mask Decoder for 3D VLG

The Decoder takes per-point features from the Encoder and
language embeddings Q as input to predict the 3D mask
M ∈ RN×m and the correspondence matrix C ∈ Rm×|Q|.
The predicted M serves as a renderable feature of the 3DGS
G and is subsequently used to generate 2D masks. While
this work focuses on 3D vision-language grounding (3D
VLG), the proposed framework is a general pipeline that
can be extended to other 3D tasks with renderable outputs.

We adopt a 3D variant of the Transformer-based mask de-
coder in MaskFormer (Cheng et al., 2021a; Jain et al., 2025),
inspired by the success of MDETR (Kamath et al., 2021)
and BUTD (Jain et al., 2021). As illustrated in Figure 3, the
3D Mask Decoder Transformer takes three inputs: visual to-
kens from per-point features, language tokens from Q, and
m learnable mask proposal tokens. It outputs m predicted
mask embeddings and a correspondence matrix C. The 3D
masks M are computed as the dot product between visual
tokens and output mask embeddings. These similarity scores
are then differentially rendered into mask images M̃2D.

4. Experiments

Table 1: Open-Vocabulary 3D Instance Segmentation. We
evaluate our model on ScanNet200 by using category names as
text queries and compare it against SOTA models.

Model mAP↑ mAP25↑ mAP50↑
OpenScene (Peng et al., 2023) 11.7 17.8 15.2
OpenMask3D (Takmaz et al., 2023) 15.4 23.1 19.9
PQ3D (Zhu et al., 2024) 20.2 32.5 28.0
LIFT-GS-Scratch 22.5 35.1 30.7
LIFT-GS 25.7 40.2 35.0
∆ +3.2 ↑ +5.1 ↑ +4.3 ↑

In this section, we first provide training details and demon-
strate how pretraining significantly enhances downstream
task performance through a set of carefully designed abla-
tions. Additionally, we uncover several intriguing findings
by scaling pretraining and fine-tuning data, as well as ex-
ploring the impact of different 2D foundation models.

5
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4.1. Training Details

We provide details below with more details in Appendix.

Training Datasets We use ScanNet (Dai et al., 2017) as
the primary dataset for downstream task fine-tuning and
evaluation, as its annotations form the basis for established
benchmarks. Our method’s flexibility enables training on
diverse 3D datasets without requiring language annotations
or instance masks. For pretraining, we primarily use Scan-
Net (Dai et al., 2017) and ScanNet++(Yeshwanth et al.,
2023) and also explore Taskonomy(Zamir et al., 2018) and
Aria Synthetic (Somasundaram et al., 2023).

Architecture Our pipeline imposes no constraints on the
3D architecture or inductive biases, allowing flexibility in
model selection. For experiments, we use SparseConv UNet
as the encoder backbone, a widely adopted architecture for
point cloud processing. The Mask Decoder is an 8-layer
Transformer decoder with a hidden state size of 512.

Training Details We train the Encoder and Decoder jointly
using a batch size of 32 for 76k steps on 32 A100 GPUs. We
use AdamW (Loshchilov & Hutter, 2017) optimizer with a
learning rate of 1e-4 and weight decay of 1e-4.

4.2. Evaluation on 3D Vision-Language Grounding

We fine-tune and evaluate our pretrained model on two rep-
resentative 3D VLG tasks: 3D open-vocabulary instance
segmentation and 3D referential grounding. Our results,
shown in Tables 1 and 2, demonstrate significant improve-
ments over models trained from scratch and achieve state-
of-the-art performance with pertaining.

4.2.1. GROUNDING SIMPLE NOUNS IN 3D

We first evaluate simple grounding for simple noun-phrases,
using object categories without spatial relationships. Fol-
lowing the protocol in (Zhu et al., 2024), we convert the
standard 3D instance segmentation benchmark on ScanNet
into an open-vocabulary 3D instance segmentation task. The
categories of objects are used as language queries, which are
input to the model to predict the corresponding 3D masks.

Evaluation setting: We evaluate using the standard metric
mAP, a measure of mask overlap averaged across categories.
We fine-tune LIFT-GS for 500 epochs.

Results: Compared against the state-of-the-art baselines
PQ3D (Zhu et al., 2024) and OpenMask3D (Takmaz et al.,
2023), our pretrained model (LIFT-GS) achieves substantial
performance gains (mAP 25.7% vs 20.2%), as shown in
Table 1. It significantly outperforms its counterpart trained
from scratch (LIFT-GS-Scratch mAP +3.2%).

4.2.2. GROUNDING COMPLEX PHRASES IN 3D

Next, we examine grounding multiple objects using more
complex phrases that contain spatial references, referred to
as 3D Referential Grounding (3D RG).

Evaluation Setting. We evaluate LIFT-GS on the most
common 3D Referential Grounding benchmarks: ScanRe-
fer (Chen et al., 2019), SR3D, and NR3D (Achlioptas et al.,
2020; Abdelreheem et al., 2022). We use standard top-1
accuracy as the evaluation metric, considering a predicted
bounding box correct if its IoU with the ground truth ex-
ceeds 0.25 or 0.5. Since LIFT-GS outputs masks instead of
axis-aligned bounding boxes, we derive bounding boxes by
extracting the extreme corner points from the point cloud
within the predicted masks.

LIFT-GS is designed to be practical. To ensure a more real-
istic evaluation for embodied applications, we introduce two
modifications: (1) we predict 3D masks without assuming
the availability of ground-truth 3D bounding boxes, and (2)
we utilize sensor point clouds (Sensor PC) from RGB-D
scans instead of mesh-derived point clouds (Mesh PC).

Existing methods are typically trained on mesh-derived
point clouds (Mesh PC), requiring creating scene meshes
from RGB-D scans, processing, and sampling point clouds.
They generally rely on segments derived from clustering cen-
ters generated during human annotation. Since such infor-
mation is unavailable in real-world applications, we instead
use raw sensor point clouds (Sensor PC) from RGB-D scans.
This setting is inherently more challenging, as reflected in
the significant performance drop of BUTD-DETR (Jain
et al., 2021) when transitioning from Mesh PC to Sensor
PC (Table 2), consistent with findings in (Jain et al., 2024).

Baselines We compare LIFT-GS against the state-of-the-
art two-stage methods, 3D-VisTA (Zhu et al., 2023c) and
PQ3D (Zhu et al., 2024), as well as the SOTA single-stage
method, BUTD-DETR (Jain et al., 2021). All two-stage
baselines assume access to ground-truth 3D masks or boxes
during inference, so we re-evaluate them using predicted
boxes from the SOTA object detector Mask3D (Schult et al.,
2022). For fairness, we re-train 3D-VisTA and BUTD-
DETR on sensor point clouds. Because PQ3D uses multiple
backbones and a multi-stage training pipeline, we were not
able to reproduce PQ3D on the sensor point cloud setting.

Results Our model without pretraining (LIFT-GS-Scratch)
achieves slightly better performance than the state-of-the-art
single-stage method BUTD-DETR (Jain et al., 2021), likely
due to architectural similarities with extra modifications.

With pretraining, LIFT-GS achieves significant improve-
ments across all three datasets, with relative gains of
10%−30%, demonstrating the effectiveness of our pretrain-
ing approach. Notably, LIFT-GS outperforms 3D-VisTA in
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Table 2: 3D Referential Grounding. We report top-1 accuracy with various IoU thresholds (0.25, 0.5).

SR3D NR3D ScanRefer
Method Acc@25 Acc@50 Acc@25 Acc@50 Acc@25 Acc@50

Mesh PC
LanguageRefer (Roh et al., 2021) 39.5 - 28.6 - - -
SAT-2D (Yang et al., 2021) 35.4 - 31.7 - 44.5 30.1
BUTD-DETR (Jain et al., 2021) 52.1 - 43.3 - 52.2 39.8
3D-VisTA (Zhu et al., 2023c) 56.5 51.5 47.7 42.2 51.0 46.2
PQ3D (Zhu et al., 2024) 62.0 55.9 52.2 45.0 56.7 51.8

Sensor PC + Bounding Box Proposals using Mesh PC
3D-VisTA (Zhu et al., 2023c) 47.2 43.2 42.1 37.4 46.4 42.5

Sensor PC
BUTD-DETR (Jain et al., 2021) 43.3 28.9 32.2 19.4 42.2 27.9
LIFT-GS-Scratch 44.0 28.8 37.2 23.1 45.0 29.5
LIFT-GS 50.9 36.5 43.7 29.7 49.7 36.4
∆ +6.9(16%) +7.7(27%) +6.5(17%) +6.6(29%) +4.7(10%) +6.9(23%)

Table 3: Comparison with other Pretraining Baseline. LIFT-GS
clearly outperforms Ponder-v2 and its variant Ponder-v2†, which
is trained on the same SAM-CLIP features as ours.

Model Acc@0.25 Acc@0.5 Acc@0.75

Scratch 42.19 27.23 9.66
Ponder-v2 (official) 40.92 25.97 8.84
Ponder-v2† 45.40 29.36 9.29
LIFT-GS 47.53 33.75 13.49

Acc@25, despite 3D-VisTA being a two-stage method with
bounding box proposals from Mask3D using Mesh PC.

4.3. Ablation and Analyses

We conduct an in-depth analysis of the proposed method
through a series of ablation and scaling experiments. For
these evaluations, we use a model pretrained only on Scan-
Net as the baseline. To simplify the presentation for the
ablations, we report results on the combined evaluation set
of ScanRefer, SR3D, and NR3D. Additionally, we report
the higher accuracy threshold Acc@0.75.

Compare to SOTA pretraining methods We compare to
Ponder-v2 (Zhu et al., 2023b), a state-of-the-art method for
point cloud pretraining. Ponder-v2 takes point clouds as
input and predicts voxel grids, which are then used to render
2D images via NeRF (specifically NeuS, which additionally
models surfaces (Wang et al., 2021)). Pretraining is super-
vised by 2D photometric loss and CLIP features, where
features are computed based on per-pixel text labels for the
mask (GT category labels and masks for each instance).

We found that the official Ponder-v2 checkpoint fails to
improve performance on 3D referential grounding, likely
due to the limited size and diversity of its per-pixel text
labels. Therefore, we retrain the Ponder-v2 while using the
SAM-CLIP pseudolabels described in Section 3.3. Training

Table 4: Loss Ablation. We show the impact of different pretrain-
ing losses on 3D referential grounding task. Lground significantly
improves results, particularly at high IoU thresholds.

Model Lground LRGB Lfeat Acc@0.25 Acc@0.5 Acc@0.75

Scratch 42.19 27.23 9.66
- ✓ 46.34 31.54 12.50
- ✓ ✓ 46.67 31.81 12.45
- ✓ ✓ 47.69 31.35 11.36
- ✓ ✓ ✓ 47.53 33.75 13.49

on the pseudolabels (indicated by Ponder-v2† in Table 3)
significantly improves Acc@0.25 +4.5% vs. the official
Ponder-v2, and +3.2% vs. training from scratch. Since
both approaches use render-supervision, this experiment
underscores the advantages of pseudolabel distillation in
data-scarce regimes. Moreover our method does not rely
on human-annotated per-pixel text labels, making it highly
scalable to other datasets, as shown in Table 6.

Loss Ablation Existing pretraining pipelines primarily fo-
cus on the encoder (Zhu et al., 2023b; Banani et al., 2021),
whereas the render-supervised formulation can pretrain the
entire architecture in a unified manner. To assess the impact
of the grounding loss, which applies only to the decoder, we
compare models pretrained with different losses in Table 4.

A model trained with Lground alone (row 2) still substantially
improves downstream task performance, performing only
slightly worse than the model trained with the full loss (row
5), demonstrating the effectiveness of the grounding loss.
Furthermore, comparing models with and without Lground
(row 5 vs. row 4) clearly shows that Lground significantly
enhances downstream performance, particularly in more
challenging scenarios (IoU thresholds of 0.5 and 0.75).

4.4. Data Scaling

Finetuning Data Scaling We limit the fine-tuning data size
to 0.1, 0.2, and 0.5 of the full dataset for 3D referential
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Table 5: Fine-tune Data Scaling. We show Acc@0.5 results with
different ratio of fine-tuning data on referential grounding task.

Finetuning Data Ratio 10% 20% 50% 100%

Scratch 6.93 15.04 23.00 27.23
LIFT-GS 14.70 23.03 28.89 33.75

Figure 5: Fine-tune Data Scaling. We show how Grounding
Accuracy changes with increasing Data Ratio from 0.1 to 1.0.

grounding to analyze performance variation with different
fine-tuning ratios. The results are presented in Figure 5 and
Table 5, with additional findings provided in Appendix ??.

Intriguingly, we find that LIFT-GS “pretraining effectively
multiplies the fine-tuning dataset” (Hernandez et al., 2021)
by a constant factor (roughly 2x), across varying amounts
of fine-tuning data. For instance, the pretrained model fine-
tuned on 20% of the data achieves performance comparable
to training from scratch with 50% of the data. The benefits
of pretraining are even more pronounced at higher IoU
thresholds. Overall, a pretrained model can achieve the
same performance as a model trained from scratch on all
the data using only 30−40% of the fine-tuning data.

This observation matches empirical data scaling laws for
pretraining in other modalities (Hernandez et al., 2021).
And interestingly, the fact that the coefficient does not show
diminishing returns, even when we use all available fine-
tuning data, which underscores that 3D VLG models are
currently operating in the data scarce regime.

Pretraining Data Scaling A key advantage of our frame-
work is its ability to pretrain on large-scale RGB-D scans
without requiring 3D or language annotations, ensuring scal-
ability. We scale the pretraining dataset and analyze its
impact on fine-tuning performance, as shown in Table 6.

Scaling the pretraining dataset generally improves perfor-
mance. Adding ScanNet++(Yeshwanth et al., 2023) yields
a notable 0.8% improvement, despite its limited data size.
Incorporating Taskonomy(Zamir et al., 2018) and Aerial
Synthetic (Somasundaram et al., 2023) also enhances per-
formance, though the gains are less pronounced due to dis-
tributional differences from ScanNet, likely due to the mesh
reconstruction quality in Taskonomy as well.

Since our method doesn’t need 3D masks or language an-
notations, expanding the pretraining dataset with real-world
scans is fairly easy. We anticipate continuous improvements
as larger-scale data collections become available.

Table 6: Pretraining on OOD data. Adding more pretraining data
from ScanNet++ improves performance. Taskonomy and Arial
helped less than ScanNet++, likely due to distribution difference.

Pretraining Data Acc@0.25 Acc@0.5 Acc@0.75

Scannet 47.53 33.75 13.49
+Scannet++ 48.29 34.35 14.06
++ Taskonomy and Arial 48.49 34.41 14.35

Table 7: 2D Foundation Model Exploration.

2D Models Acc@0.25 Acc@0.5 Acc@0.75

SAM-B + CLIP-B 46.31 31.50 12.41
SAM-H + CLIP-L 47.53 33.75 13.49
SAM-H + LLAMA-Caption 47.50 32.78 13.25

4.5. 2D Foundation Models Scaling and Exploration

Our pipeline leverages powerful 2D foundation models to
generate pseudo-labels. Here, we investigate their impact
by analyzing performance variations with different 2D foun-
dation models, with results presented in Table 7.

Weaker CLIP and SAM The main experiments use SAM-
H and CLIP-L for pseudo-labeling. Replacing them with
smaller models, MobileSAM (Zhang et al., 2023a)(ViT-
tiny) and CLIP-B, leads to a noticeable performance drop,
especially at higher accuracy thresholds. This suggests that
our model benefits from advancements in 2D foundation
models, highlighting the importance of stronger 2D models.

Captions from VLMs We explore an alternative pseudo-
labeling strategy by combining SAM with the LLAMA-V
model (details in Appendix). After segmenting objects in
2D images using SAM, we prompt LLAMA-V to describe
the segmented regions and encode these descriptions into
CLIP embeddings.

Pretraining with this pseudo-labeling method achieves per-
formance comparable to our original pipeline with SAM-H
and CLIP-L, highlighting the flexibility and extensibility of
our framework. We believe text-based captions hold sig-
nificant potential for future research, and our pipeline is
well-positioned to benefit from advancements in this area.

5. Conclusion
We present LIFT-GS, a model-agnostic pipeline for train-
ing 3D VLG models without 3D supervision by leveraging
Gaussian Splatting and 2D foundation models. Beyond
enabling zero-shot 3D grounding, LIFT-GS significantly im-
proves downstream performance when fine-tuned with lim-
ited 3D data. It also scales effectively, benefiting from larger
datasets and stronger 2D foundation models, suggesting con-
tinuous improvements with increased data. Limitations and
future directions are discussed in the Appendix.
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