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Abstract

3D visual grounding aims to identify the target object
within a 3D point cloud scene referred to by a natural lan-
guage description. Previous works usually require signif-
icant data relating to point color and their descriptions
to exploit the corresponding complicated verbo-visual re-
lations. In our work, we introduce Vigor, a novel Data-
Efficient 3D Visual Grounding framework via Order-aware
Referring. Vigor leverages LLM to produce a desirable
referential order from the input description for 3D visual
grounding. With the proposed stacked object-referring
blocks, the predicted anchor objects in the above order
allow one to locate the target object progressively with-
out supervision on the identities of anchor objects or exact
relations between anchor/target objects. We also present
an order-aware warm-up training strategy, which aug-
ments referential orders for pre-training the visual ground-
ing framework, allowing us to better capture the com-
plex verbo-visual relations and benefit the desirable data-
efficient learning scheme. Experimental results on the
NR3D and ScanRefer datasets demonstrate our superior-
ity in low-resource scenarios. In particular, Vigor sur-
passes current state-of-the-art frameworks by 9.3% and
7.6% grounding accuracy under 1% data and 10% data set-
tings on the NR3D dataset, respectively.

1. Introduction

Visual grounding is an emerging task that aims to ground
a target object in a given 2D/3D scene from a natural de-
scription, where the description contains information to
identify the target object (e.g., color, shape, or relations to
other anchor objects). This task is potentially related to
industrial applications to AR/VR and robotics [3, 24, 25].
Compared to object detection, the main challenge of visual
grounding lies in the requirement to find the only one object
described in the given natural description, while there might

*Equal Contribution

be multiple objects with the same class of the target object
appearing in the scene. Therefore, the model is expected to
identify the relations between all objects in the scene to find
the ideal target object according to the given description. In
recent years, significant progress has been made in image-
based 2D visual grounding [22,27,37,43,49,52]. However,
comparatively fewer efforts are directed towards address-
ing the more intricate challenge of 3D visual grounding,
raised from joint consideration of the unstructuredness of
natural language descriptions and scattered object arrange-
ments in the 3D scene. The complications of the two modal-
ities make it challenging to directly refer to the target object
with plain cross-modal interaction between the features of
the scene point cloud and the referring description, show-
ing the need for additional research in the field of 3D visual
grounding.

As pioneers of 3D visual grounding, Referit3D [2] and
ScanRefer [8] are two benchmark datasets that build upon
the point cloud scene provided by the ScanNet [12] dataset.
The former presents a graph neural network (GNN) [35]-
based framework to explicitly learn the object spatial re-
lations as the baseline. The latter designs a verbo-visual
cross-modal feature extraction and fusion pipeline as the
baseline. Following the settings of the aforementioned
benchmarks, several subsequent methods are presented [4,
11, 14, 18–20, 29, 40, 45]. However, these approaches use a
referring head to localize the target object directly. Without
explicitly considering any additional information about the
anchor objects mentioned in the description, models must
implicitly discover the relation between the anchor objects
and the target object. They may be misled by other simi-
lar objects presented, as pointed out in [5]. To overcome
this issue, some approaches [1, 41, 47] propose to incor-
porate anchor objects during training by including their la-
bel annotations [5, 17]. Nonetheless, human annotators are
usually required to obtain this additional linguistic infor-
mation [1, 47], causing potential difficulty in scaling up to
larger datasets for real-world applications.

To eliminate the need of human annotation for training
grounding models, recent approaches [5,17,39,53] leverage
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Figure 1. Referential orders for 3D grounding. The order manifests an anchor-to-target referring process that helps the grounding model
identify the target object described in the input.

pre-trained 2D priors (e.g., SAM [23], LDM [34]) or large
language models (LLMs) for automatic dissection of the de-
scriptions and generation of prior linguistic knowledge. For
example, Diff2Scene [53] conducts the use of LDM to ob-
tain text-conditioned 2D semantic maps as pseudo labels
to guide a 3D segmentation model to achieve scene under-
standing and produce zero-shot 3D visual grounding. Un-
fortunately, limited by the spatial understanding ability of
2D diffusion models between multiple objects as described
in [30], the ability of Diffi2Scene to achieve effective visual
grounding for complex description with multiple anchor ob-
jects is still unclear. On the other hand, NS3D [17] utilizes
Codex [10] to parse descriptions into nested expressions and
designs a neuro-symbolic framework to find the target ob-
ject step-by-step. However, it only considers fixed-template
relations between objects (e.g., below/above, near/far, etc.)
and cannot be easily extended to arbitrary natural descrip-
tions. Inspired by the mechanism of human perception sys-
tem [9, 31], CoT3DRef [5] generates the referential order
of a description that points from anchor objects to the fi-
nal target object using LLM. For example, for a description
“Find the water bottle on the table nearest to the door.”,
the referential order is generated as { “door” (anchor), “ta-
ble” (anchor), “water bottle” (target) }. Additionally, it uti-
lizes a rule-based algorithm to localize the identities of the
above anchor/target objects, which guides a transformer-
based module to predict the final target object. However,
as noted in [5], such rule-based identity prediction might
not be applicable for scenarios with complex language de-
scriptions.

In this paper, we propose a data-efficient 3D Visual
Grounding framework via Order-aware Referring (Vigor).
Leveraging the LLM-parsed referential order, Vigor ex-
ploits the awareness of anchor objects from the textual de-
scription, as depicted in Fig. 1. With such ordered anchor
objects as guidance, a series of Object Referring blocks
are deployed to process the corresponding objects, each
performing feature enhancement to update the visual fea-

tures of corresponding objects. Since only the ground-truth
grounding information of the target object is available dur-
ing training (no ground-truth referential order observed),
we additionally introduce a unique warm-up learning strat-
egy to Vigor. This pre-training scheme can be viewed as
augmenting object labels and referential orders to initial-
ize Vigor so that it can be realized in data-efficient train-
ing schemes. Our experiments on real-world benchmark
datasets confirm that Vigor performs favorably against re-
cent 3D visual grounding methods, especially when the size
of training data is limited.

We now summarize our contribution as follows:

• We present a Data-Efficient 3D Visual Grounding
Framework via Order-Aware Referring (Vigor), which
performs 3D visual grounding from natural description
inputs.

• By utilizing sequential yet consecutive Object Refer-
ring blocks, Vigor is able to locate anchor/target ob-
jects mentioned in the description by considering plau-
sible referential orders established by LLM.

• We introduce a warm-up strategy that introduces the
model with the ability to locate anchor/target object
identities by synthesizing training examples of reliable
labels and referential orders.

• Through comprehensive experiments, we show that
Vigor achieves satisfactory performances in various
low-source settings, surpassing current grounding ap-
proaches significantly.

2. Related Work

2.1. 2D Visual Grounding

2D visual grounding aims to locate the target object
in an image referred to by a natural language descrip-
tion, with various approaches being proposed in recent
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years [22, 26, 27, 37, 38, 43, 46, 49]. Among them, verbo-
visual feature alignment frameworks [22, 26, 27, 49] have
proven themselves to be an effective way to equip mod-
els with abilities to tackle description contexts and image
semantics simultaneously. Particularly, as one of the pi-
oneers, MDETR [22] extends DETR [7], an end-to-end
object detection framework, to incorporate text modalities
with the proposed text-image alignment contrastive losses.
GLIP [49] takes a step forward to improve the performance
of visual grounding by proposing unified multi-task learn-
ing that includes object localization and scene understand-
ing tasks, showing that these tasks could gain mutual bene-
fits from each other. Grounding DINO [27] further designs
the large-scale grounding pretraining for DINO [15], reach-
ing the capability of open-set grounding. Although great
progress is achieved, extending these 2D visual grounding
methods to 3D scenarios is not easy due to the additional
depth information in 3D data that triggers more compli-
cated object arrangements and more complex descriptions
to describe the relations between objects, leaving 3D visual
grounding as an unsolved research area.

2.2. 3D Visual Grounding

In 3D visual grounding, models are designed to jointly
handle complicated natural language descriptions and scat-
tered objects within a point cloud scene. Previous ap-
proaches attempt to solve this task by either construct-
ing text-point-cloud feature alignment frameworks [20], de-
signing pipelines to better exploit the 3D spatial relations of
objects [2, 11, 14, 18, 44, 48], or bringing in auxiliary visual
features [4, 19, 29, 45]. Specifically, BUTD-DETR [20] ex-
tends MDETR [22] to 3D visual grounding by adapting a
text-point-cloud alignment loss to pull the features of point
cloud and text together. To exploit the 3D spatial rela-
tions, graph-based methods [2, 14, 18, 48] utilize GNNs to
model the 3D scene, with nodes and edges being the ob-
jects and object-to-object relations, to learn their correla-
tions explicitly. Also, some studies craft specialized mod-
ules [11, 16, 40, 44], such as the spatial self-attention pre-
sented in ViL3DRel [11] and relation matching network in
CORE-3DVG [44], to capture spatial relations among ob-
jects.

To better identify the target object, [4, 19, 29, 45] aim to
produce richer input semantic information for learning the
grounding model. For example, [4, 29, 45] introduce im-
age features by acquiring 2D images of the scene to obtain
more color/shape information. MVT [19] projects the point
cloud into multiple views for more position information.
Although these approaches have achieved great progress
in dealing with scattered object arrangements, such meth-
ods typically extract a global, sentence-level feature [13,28]
from the given natural description. As a result, detailed in-
formation such as the target object, anchor objects, and their

relations may not be preserved and leveraged properly, po-
tentially reducing training efficiency and prediction accu-
racy as discussed in [5].

To address the above issue, some works have put their
efforts into mining the natural descriptions to acquire addi-
tional prior knowledge for improved learning [1, 5, 17, 41,
47]. Specifically, ScanEnts3d [1] and 3DPAG [47] recruit
human annotators to establish one-to-one matching between
each anchor object mentioned in the description and the cor-
responding object entity in the 3D scene. With such ad-
ditional information, they design dense word-object align-
ment losses to improve the training. However, annotating
one-to-one text-3D relations requires considerable labor ef-
fort. For example, it takes more than 3600 hours of work-
force commitment in 3DPAG to annotate anchor objects for
88k descriptions.

2.3. Data-Efficient 3D Visual Grounding

To eliminate the need for human annotators for learn-
ing grounding models, NS3D [17] makes the first attempt
to use the LLM. It leverages Codex [10] to parse fixed-
template descriptions into nested logical expressions, fol-
lowed by a neural-symbolic framework to execute the log-
ical expressions implemented as programmatic functions.
By doing so, NS3D correctly locates the anchor/target ob-
jects mentioned in the given description and achieves im-
pressive performance with only 0.5% training data on syn-
thetic datasets. Unfortunately, NS3D is not designed to
handle arbitrary natural descriptions, resulting in compli-
cated expressions and unforeseen functions and hindering
the framework from successful execution [17]. Recently,
CoT3DRef [5] proposes to utilize LLMs to acquire the ref-
erential order of the description, listing from anchor objects
to the final target object. It deploys a rule-based searching
method using a traditional sentence parser [36] to construct
the one-to-one matching between class names in the or-
der and potential anchor/target objects in the scene at once.
The matching information is encoded by positional encod-
ing as pseudo labels of anchor/target objects and as addi-
tional inputs for the proposed transformer-based CoT mod-
ule to learn the referring process implicitly and predict the
final target object. By the above design, CoT3DRef is able
to reduce the training data to 10% while preserving com-
petitive performance on real-world datasets. Nevertheless,
since the parsed pseudo labels may not be accurate, taking
them as additional inputs might result in noisy information
and degrade the grounding process, impeding correct target
prediction and affecting training stability.
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Figure 2. Architecture of our 3D Visual Grounding Framework with Order-Aware Referring (Vigor). By taking a point cloud scene
C and a natural description D as inputs, our Vigor produces a referential order of anchor/target objects O1:B and conduct Object-Referring
blocks R1:B to locate the target object progressively.

3. Methodology

3.1. Problem Formulation and Model Overview

3.1.1 Problem formulation

We first define the setting and notations used in this paper.
For each indoor scene, we have a set of colored point cloud
C ∈ RN×6, where N denotes the number of the points in
the scene, with each point represented in terms of its three-
dimensional coordinate and RGB spaces. C is processed to
acquire K object proposals P = {p1, . . . ,pK} that repre-
sent possible objects in the scene, with each proposal con-
taining I points (i.e., pn ∈ RI×6, n ∈ [1, · · · ,M ]). P
is obtained either by pre-trained object segmentation net-
works [21, 32, 42] or directly from the dataset. Along with
P , the class labels L = {l1, · · · , lK} for all proposals are
additionally predicted by a Pointnet++ [33] classifier. For
3D grounding, a text description D is given, illustrating the
target object in C by describing its color, shape, or relations
to other anchor objects. Given the above inputs, our goal
is to identify the exact target object that matches D among
all objects in the scene by predicting a K-dimensional con-
fidence score S = {s1, · · · , sK} for classifying the target
object.

3.1.2 Model overview

As shown in Fig. 2, Vigor is composed of B consecutive
Object-Referring blocks {R1, · · · , RB} to progressively lo-
cate the target object. In particular, by taking both P and
D as the inputs, Vigor utilizes the Object-Referring blocks
R1:B in Fig. 2 to sequentially produce anchor objects to

guide the grounding process. Each Ri takes the object fea-
ture Fi ∈ RK×di and the text feature T ∈ R(|D|+1)×768

as the inputs. Note that T contains a 1× 768-dimensional
sentence-level feature and |D| × 768-dimensional word-
level feature, where |D| denotes the length of D after to-
kenization. By observing Fi and T , the Object-Referring
block Ri aims to produce the refined feature Fi+1 along
with the updated anchor/target objects and their relations
for grounding purposes.

To enable our Object-Referring blocks to capture proper
information about the anchor/target objects, we apply a
Large Language Model (LLM) to D to generate a Refer-
ential Order O1:B = {O1, · · · , OB} that mimics human
perception system of searching target object [9, 31] by ex-
tracting and arranging the class names of the anchor and
target objects, similar to [5]. Specifically, {O1, · · · , OB−1}
represent the class names of the anchor objects, and OB is
the class name of the target object (please refer to Supp. F
for details of Referential Order generation). Note that Oi:B

is observed by the i-th Object-Referring block Ri as guid-
ance, which updates the features of anchor/target objects
with the proposed Feature Enhancing (FE) module. Since
the ground truth referential order is not available during
training, we introduce a unique warm-up strategy for train-
ing Vigor. This is achieved by synthesizing accurate ref-
erential order and anchor/target object labels. It is worth
noting that, with the above design, Vigor can be applied for
3D grounding tasks and achieve satisfactory performances
with a respectively limited amount of training data. We now
detail the design of our Vigor in the following subsections.
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(b) Synthesizing a referential order and description for order-aware learning warm-
up. Given P and L, several class names are sampled to construct Daug . The identities
of anchor/target objects paug1:B described in Daug are then located by considering the center
coordinates and class name of each proposal. By the above design, the augmented referential
order Oaug

1:B is uniquely determined (i.e., the appearance order of each sampled class name
in Daug).

Figure 3. Illustration of feature enhancement and synthesizing warmup data in Vigor.

3.2. 3D Visual Grounding with Order-Aware Object
Referring

3.2.1 Object-referring blocks.

Given the object proposals P , the corresponding labels
L = {l1, · · · , lK}, the encoded text features T , and the
derived referential order O1:B the as inputs, our Vigor de-
ploys a series of Object-Referring blocks {R1, · · · , RB} to
perform the grounding task. As depicted in Fig. 2, this re-
ferring process is conducted by leaving out an anchor object
and updating the visual features in each step until only the
final step locates the target object of interest. Thus, the de-
ployment of Object-Referring blocks allows one to focus
on the anchor/target objects so that their visual features and
spatial relations between them can be exploited while those
of irrelevant objects are disregarded.

Take the i-th referring block observing Oi:B for exam-
ple, a masked feature Fmask

i = Fi⊙Mi is derived by apply-
ing a Hadamard product between Fi and a K-dimensional
binary mask Mi to replace features of object proposals in
Fi not belonging to any of the object classes in Oi:B . Such
a masking strategy ensures that Fmask

i contains objects de-
scribed in Oi:B and hence explicitly suppresses the effects
of irrelevant objects that are not in our interests. Thus, the

j-th entry of Mi (denoted as mij) is defined as:

mij =

{
1 if class name of lj is in Oi:B ,

0 otherwise.
(1)

Fi and Fmask
i are refined into Fi+1 for the next referring

block via the feature enhancement module (as discussed
later). At the final stage, the output FB+1 of RB is utilized
to predict the confidence score S that represents the identity
of the target object, supervised by a cross-entropy loss Lref .
Additionally, to ensure the text feature T properly describ-
ing the anchor/target objects, we follow CoT3DRef [5] and
apply the language classification loss Ltext to T for match-
ing the associated class labels.

3.2.2 Object feature enhancement

With the above masking process, each object-referring
block is expected to update the object features related to the
anchor and target objects. This is realized by our attention-
based Feature Enhancement (FE) module. To be more pre-
cise, in order to update the features associated with the an-
chor and target objects in Ri according to Fi, Fmask

i , T and
Oi:B , our FE module aims to exploit their visual features
and spatial relations through attention mechanisms.

Take the FE module in R1 as an example, as depicted in
Fig. 3a, we start with the lower branch which locally em-
phasizes the features of the potential anchor/target objects
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via a cross-attention layer by treating Fmask
i as value/key

and encoded text feature of O1:B (denoted as TO1:B
) as

query. On the other hand, the upper branch of Fig. 3a
explores the spatial relations between all objects by treat-
ing the self-attended F1 as the key/value of another cross-
attention, with the concatenation of TO1:B

and T being
query. Finally, an additional cross-attention layer is applied
to the previous output features of both branches to obtain
the enhanced proposal feature F2, which enriches not only
the information of anchor/target objects but also the rela-
tions between them.

On the other hand, to prevent the information extracted
from the anchor/target objects from vanishing (i.e., F2 be-
comes identical to F1) during FE, we introduce an addi-
tional masking loss Lmask by projecting F2 from K × d2-
dimensional to K×1-dimensional digits with MLPs to clas-
sify if each proposal in F2 is previously masked in Fmask

1 .
The masking loss Lmask is defined as:

Lmask = LBCE(MLP (F2),M1), (2)

where M1 represents the K-dimensional binary mask as de-
fined in Eqn. 1. It is worth noting that, Lmask is applied to
output features of each referring block with a similar formu-
lation to ensure each output feature contains the information
of the current anchor/target objects correspondingly.

3.3. Order-Aware Warm-up with Synthetic Refer-
ential Order

Although Vigor is designed to produce a referential or-
der of anchor objects for localizing the target object, only
the ground truth point cloud information of the target ob-
ject is given during training. Thus, the above framework is
viewed as a weakly-supervised learning scheme since there
is no ground truth referential order available during train-
ing. To provide better training supervision, we warm-up
Vigor with a simple yet proper synthetic 3D visual ground-
ing task, where the ground-truth labels of anchor/target ob-
jects and descriptions with accurate referential orders can
be obtained. This warm-up strategy is presented below.

3.3.1 Augmenting plausible referential order and de-
scription

To provide better training supervision and to ensure the re-
liability of our synthesized data, the constructed description
and the corresponding referential order need to be easily
and uniquely determined based on anchor/target objects. In
our work, we choose to consider spatial relations between
objects that are independent of viewpoint (e.g., “nearest”
or “farthest”) as the constructing descriptions, suggesting
the referential order of anchor/target objects during this data
augmentation stage. As highlighted in Fig. 3b and Algo-
rithm A1 of our supplementary material, given P , L, and

B, we construct an augmented referential order Oaug
1:B by

choosing B different class labels {laug1 , · · · , laugB } from L
and extracting their class names. The augmented descrip-
tion Daug is then derived as:
“There is a {Oaug

1 } in the room, find the {Oaug
2 } farthest to

it, and then find the {Oaug
3 } farthest to that {Oaug

2 }, {. . .},
finally you can see the {Oaug

B } farthest to that {Oaug
B−1}.”

Since Daug is constructed following the appearing se-
quence of object names in Oaug

1:B , it is guaranteed that Oaug
1:B

is a correct referential order w.r.t. Daug and thus can be
served as ground truth supervision for pre-training Vigor.

It is worth noting that, to have each object in Daug

uniquely defined, we only keep one proposal paug1 with the
class name of {Oaug

1 } in P and remove all the other pro-
posals with that class name. As a result, all the anchor and
target objects in P (denoted as paug1:B = {paug1 , · · · , paugB })
according to Daug and their corresponding identities are
uniquely determined (i.e., paug2 is assigned by finding the
farthest proposal against paug1 with label laug2 , and the rest
of the anchor/target objects are determined consecutively
with the same strategy).

3.3.2 Warm-up objectives

To have Vigor follow Oaug
1:B to refer paugi in the i-th referring

block Ri, we design a coordinate loss Lcrd to encourage the
output feature Fi+1 of Ri to identify the coordinate of all
proposals in P w.r.t. paugi . Thus, we calculate Lcrd as:

Lcrd =
1

B

B∑
i=1

LMSE(MLP (Fi+1), V − I · vi), (3)

where MLP (·) represents MLP layers applied to Fi+1, V
is a K × 3 matrix representing center coordinates of calcu-
lated bounding-boxes of all K proposals in P , I stands for
a K × 1-dimensional identity vector, and vi is the 1 × 3-
dimensional center coordinate of paugi .

We note that, the referential loss Lref mentioned in
Sec. 3.2 is also extended to classify both the identity of an-
chor objects using F2:B and the identity of the target ob-
ject for FB+1 during the warm-up process. To this end, we
can define the objectives used during our warm-up process
by summing up the referential loss Lref (for both anchor
and target objects), the masking loss Lmask, the language
classification loss Ltext and the coordinate loss Lcrd. With
this warm-up strategy, Vigor is initialized to observe rela-
tions between anchor/target objects before the subsequent
fully-supervised training stage. Later we will verify that,
with this pre-training scheme, our Vigor produces satisfac-
tory grounding performances especially when the amount
of supervised training data is limited.
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Table 1. Data Efficient Grounding accuracy (%) on NR3D.
Note that each column shows the results trained with a specific
amount of training data.

Method Labeled Training Data
1% 2.5% 5% 10%

Referit3D [2] 4.4 13.6 20.3 23.3
TransRefer3D [16] 11.0 16.1 21.9 25.7
SAT [45] 11.6 16.0 21.4 25.0
BUTD-DETR [20] 24.2 28.6 31.2 33.3
MVT [19] 9.9 16.1 21.6 26.5
MVT + CoT3DRef [5] 9.4 17.3 26.5 38.2
ViL3DRel + CoT3DRef [5] 22.4 27.3 33.8 38.4
Vigor (Ours) 33.5 36.1 41.5 46.0

3.4. Overall Training Pipeline

We now summarize the training of Vigor. With the
warm-up stage noted in Sec. 3.3, we take point cloud data
with real-world natural descriptions to continue the training
process. Since the identity of anchor objects is unknown,
we only apply Lref (for the target object only), Lmask, and
Ltext as supervision. The overall training pipeline is sum-
marized in Algorithm A2 in supplementary.

4. Experiments

4.1. Dataset

NR3D NR3D [2] dataset consists of 707 indoor scenes
in ScanNet [12] with 28715/7485 description-target pairs
in the training/testing set, where the descriptions are col-
lected from human annotators. There are 524 different ob-
ject classes in the scenes in total. NR3D provides ground-
truth class-agnostic object proposals, where each point in
the scene is properly assigned to its corresponding proposal.
As a result, models are only required to classify the target
object that uniquely matches the description among all pro-
posals in the scene, with classification accuracy (Acc in %)
being the metric.

ScanRefer ScanRefer [8] contains 36665/9508
description-target pairs across a total of 800 indoor
scenes in its training/validation set, where the descriptions
are also collected from human annotators. Also derived
from ScanNet [12] but different from NR3D, perfect object
proposals are not available in ScanRefer, and therefore,
additional object proposers are required for all methods.
Nevertheless, Acc in % under 0.25 and 0.5 intersection over
union (IoU) are used as the metrics for ScanRefer. In Scan-
Refer, since ground-truth object proposals are unavailable,
we adopt the visual encoder of M3DRef-CLIP [50] that
applies PointGroup [21] to perform object segmentation as
proposals P and object classification as labels L. We do
not perform object-aware pre-training for ScanRefer since

Table 2. Grounding accuracy (%) on the ScanRefer validation
set. In this table, different amounts of training data are considered.

Method Labeled Training Data
5% 10%

Acc@0.25 Acc@0.5 Acc@0.25 Acc@0.5

ScanRefer [8] 23.0 12.0 27.4 15.0
3DVG-Trans. [51] 35.3 23.3 39.0 29.0
3D-SPS [29] 28.4 16.9 32.9 22.9
BUTD-DETR [20] 38.2 26.2 40.3 28.3
M3DRef-CLIP [50] 37.2 29.9 40.0 32.4
Vigor (Ours) 39.8 31.5 43.6 34.9

imperfect object proposals may lead to noisy synthetic
samples and hinder Vigor’s training stability.

4.2. Quantitative Results for Data Efficiency

We present the quantitative results on NR3D and Scan-
Refer, with consideration of different amounts of available
training samples against several baselines by reproducing
from their official implementation. Results of NR3D are
shown in Table 1. Vigor possesses a considerably supe-
rior performance when training with 1% (287), 2.5% (717),
5% (1435), and 10% (2871) NR3D training set samples.
Specifically, using only 1% data, Vigor achieves 33.5 over-
all Acc, which even surpasses SOTA methods with 10% of
data. This suggests that Vigor is preferable for 3D ground-
ing, especially when paired training data is limited. Table 2
shows the results on ScanRefer datasets with 5% (1833) and
10% (3666) training samples. Vigor still surpasses all base-
lines under the conditions where imperfect object proposals
are used, indicating the robustness of our methods. The de-
tailed performance on different official subsets of NR3D are
in the Supp. B.1.

4.3. Ablation Studies

We ablate different components of our Vigor in Table 3,
with performances on NR3D under 1%, 10%, and 100%
training samples available to explore the effectiveness of
each component with different amounts of data. Baseline
model A extracts class names of anchor/target objects from
D using a language parser [6] and constructs the referen-
tial order according to the appearance of the names in D
directly. Also, we employ each of our Referring Blocks Ri

in model A without the FE module, i.e., directly using Fi to
calculate attention with text features of Oi:B and D. Model
B enhances the accuracy on 1% and 10% training data by
conducting our two-stage object ordering with LLM. When
further applying the order-aware pre-training in model C,
significant improvements in all settings, especially for 1%
available data, are observed. By conducting our pre-training
strategy, our Vigor is able to learn foundational concepts of
ordering and relations to locate the target objects progres-
sively. Finally, our full model in the last row, incorporating
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Table 3. Ablation studies of proposed components in Vigor. For methods without LLM Object Ordering, we form O1:B according to
the appearance of anchor/target object names in D. Cases of 1%, 10%, and 100% training data are considered.

FE
Module

Order-Aware
Pre-training

LLM Object
Ordering 1% 10% 100%

A 8.9 35.2 53.9
B ✓ 10.3 38.8 53.8
C ✓ ✓ 25.8 42.5 58.0

Ours ✓ ✓ ✓ 33.5 46.0 59.7

30

g

GT

Vigor

MVT

You are looking for
the cups nearest to

the sink basin

its the smaller bathroom
stall closest to the sinks

this trashcan is
by a large screen

on the wall

if looking at the window from
the end of the long table the
second trash can on the left

if you were sitting in
the chair by the

cups it would be the
cup closest to you

the table in the
shape of a half circle

Figure 4. 3D grounding examples of NR3D. Note that blue/green/red boxes denote ground truth/correct/incorrect predictions. While
both MVT and Vigor fail on the last two cases, it is due to the fact that the size of the target object is extremely small (e.g., cup) and the
description does not describe any anchor objects.

FE modules each Ri to enhance features of anchor/target
objects with Fmask

i , achieves optimal results on both set-
tings. This verifies the success of our proposed modules
and warm-up strategy, especially when the available train-
ing data is very limited.

4.4. Qualitative Results

Fig. 4 demonstrates the qualitative results of Vigor on
NR3D, with MVT being the baseline. We display four suc-
cessful cases and two failed cases. It is shown that Vigor
can successfully identify the target object referred by one
to multiple anchor objects, even in lengthy descriptions.
Failed cases include those that refer by shapes or have a
very small target object that is hard for Pointnet++ to cap-
ture visual information.

5. Conclusions
We presented a data-efficient 3D Visual Grounding

Framework with Order-Aware Referring (Vigor) in this pa-
per. Vigor identifies anchor/target objects from the LLM-
parsed referential order of input description and guides the
updates of the associated object features for grounding pur-

poses. The above process is realized by stacked Object-
Referring blocks in Vigor, which progressively process the
features of the objects of interest in the above referential
order. In addition, a unique warm-up scheme to pre-train
Vigor was presented, that augments a pseudo yet desirable
series of anchor/target objects and enables Vigor to realize
relations between objects before formal training. Experi-
ments on benchmark datasets demonstrate that our Vigor
performed favorably against SOTA 3D grounding works in
a data-efficient manner.
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