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Abstract. A unified model for 3D vision-language (3D-VL) understand-
ing is expected to take various scene representations and perform a wide
range of tasks in a 3D scene. However, a considerable gap exists between
existing methods and such a unified model, due to the independent ap-
plication of representation and insufficient exploration of 3D multi-task
training. In this paper, we introduce PQ3D, a unified model capable
of using Promptable Queries to tackle a wide range of 3D-VL tasks,
from low-level instance segmentation to high-level reasoning and plan-
ning. This is achieved through three key innovations: (1) unifying vari-
ous 3D scene representations (i.e., voxels, point clouds, multi-view im-
ages) into a shared 3D coordinate space by segment-level grouping, (2)
an attention-based query decoder for task-specific information retrieval
guided by prompts, and (3) universal output heads for different tasks to
support multi-task training. Tested across ten diverse 3D-VL datasets,
PQ3D demonstrates impressive performance on these tasks, setting new
records on most benchmarks. Particularly, PQ3D improves the state-of-
the-art on ScanNet200 by 4.9% (AP25), ScanRefer by 5.4% (acc@0.5),
Multi3DRefer by 11.7% (F1@0.5), and Scan2Cap by 13.4% (CIDEr@0.5).
Moreover, PQ3D supports flexible inference with individual or combined
forms of available 3D representations, e.g ., solely voxel input.

Keywords: 3D Vision-Language · 3D Scene Understanding · Visual
Reasoning

1 Introduction

Recent advancements in embodied artificial intelligence have emphasized the
importance of connecting 3D scene understanding with natural language [21,32,
34, 52, 79]. This step is crucial for embodied agents to understand and execute
human instructions in real-world scenarios [5,59]. In recent years, numerous tasks
and datasets for benchmarking 3D scene understanding with languages have
been proposed, including 3D semantic segmentation [60], 3D vision-language
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Prompt: [Navigate to the door]

Prompt: [Chair]

Prompt: [Cabinet to 
the left of the TV]

Prompt: [I want to 
watch Super Bowl] 

Prompt: [Describe this object] [Loc]
PQ3D: This is a trash can next to a 
working desk

Prompt: [How many computer 
screens are on the desk?]
PQ3D: There are two screens

Prompt: [            ]

Prompt: [Organize this room]
PQ3D: 
1. Clean the floor by broom.
2. Tidy up the desk.
3. Throw papers to trash can.
4. Empty trash can.

Prompt: [A table near the sofa] Task Name

      Instance Segmentation        Visual Grounding          Question Answering 

      Dense Captioning                 Task Planning                Embodied Navigation

Prompt Type
Text Prompt: [txt] Location Prompt: [loc] Image Prompt: [img]

Fig. 1: PQ3D is a unified model for 3D vision-language understanding, capable of
taking various prompts (object categories, referring sentences, images, locations) to
perform a wide range of tasks in a 3D scene, including instance segmentation, visual
grounding, question answering and dense captioning. Remarkably, PQ3D can take a
novel prompt type unseen during training, e.g ., an image sketch of a vase, to locate the
related object in the scene. If further instruction-tuned with a large language model
and plugged into an embodied agent, PQ3D can also plan a complex task and navigate
the agent to desired objects.

(3D-VL) reasoning (referring [1, 2, 8, 37, 74], question answering [3, 49, 76], and
captioning [12]), and open-vocabulary 3D understanding [25,27,39,64].

The state-of-the-art (SOTA) approaches typically address these tasks utiliz-
ing specific scene representations [3, 10,26,28,48,62]. These representations can
all be derived from RGB-D streams, each with unique advantages and draw-
backs. For instance, voxels offer a uniform, grid-like structure ideal for instance
segmentation [60,62] but struggle to capture fine geometric details. Point clouds
provide detailed spatial information crucial for visual grounding [10,79], but they
miss texture details. Multi-view images include a rich visual context beneficial
for open-vocabulary scene understanding [53,64] but lack accurate 3D location.
The full potential of combining all these representations for holistic scene un-
derstanding has not been well studied. Additionally, several works in 3D-VL
reasoning explored multi-task training [7, 13] and pretraining [73, 79] to seek
mutual benefits from related tasks; however, they still require an off-the-shelf
3D mask proposal module. Thus, despite substantial progress, there is still a
gap toward a unified model achieving comprehensive 3D-VL understanding,
from low-level instance segmentation to high-level reasoning and planning.

We expect such a unified model for 3D scene understanding to integrate
various scene representations and select appropriate features based on specific
task instructions. However, two significant challenges exist: Firstly, these differ-
ent scene representations have varying granularities, making it difficult to unify
them in a single feature space. Secondly, there have been limited research efforts
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regarding developing a unified training paradigm that can accommodate 3D-VL
tasks at different levels with diverse input instructions and output formats.

To address these challenges, we introduce PQ3D, a unified model using
Promptable Queries to concurrently manage various 3D scene representations,
prompts, and outputs in numerous 3D-VL tasks, as depicted in Fig. 1. An
overview of the proposed PQ3D model is shown in Fig. 2(c), featuring three
key innovations: (1) We unify dense point cloud features with multi-scale voxel
features and multi-view image features into a shared 3D coordinate space. This
process involves the unsupervised grouping of 3D points into larger segments and
pooling features to the segment level, significantly reducing the number of points
and facilitating training. (2) A novel attention-based query decoder is introduced
that progressively retrieves task-specific information from aligned scene features
under the guidance of task prompts. (3) Each query is processed through three
universal output heads to predict an instance mask, a task-relevance score, and
a sentence; these are then combined to produce the required task outputs.

We conduct extensive experiments on ten 3D-VL datasets, including Scan-
Net200 [60] / Replica [63] for instance segmentation, ScanRefer [8] / ReferIt3D [2]
/ Multi3DRef [74] for visual grounding, ScanQA [3] / SQA3D for question-
answering, Scan2Cap [12] for dense captioning, and ObjNav from CortexBench [50]
for embodied navigation. The proposed PQ3D achieves impressive results across
these tasks, setting new records on most tasks as shown in Fig. 2(a). For example,
our model boosts the state-of-the-art on ScanNet200 by 4.9% (AP25), ScanRe-
fer by 5.4% (acc@0.5), Multi3DRef by 11.7% (F1@0.5), and Scan2Cap by 13.4%
(CIDEr@0.5). More importantly, PQ3D is the first unified model capable of
handling all these tasks simultaneously. The proposed model also shows zero-
shot capability with novel prompt types; for instance, we can prompt it with an
image sketch to locate all related objects in a scene as in Fig. 1.

Our main contributions can be summarized as follows:
– We introduce PQ3D, a unified model adept at solving a broad spectrum of

3D-VL tasks with promptable queries. The tasks range from low-level instance
segmentation to visual grounding, and high-level reasoning and planning.

– Our model uniquely aligns voxels, point clouds, and multi-view images into a
shared 3D space and employs an attention-based query decoder to adaptively
extract task-relevant features guided by prompts, offering a flexible approach
to model all 3D-VL tasks.

– In our extensive experimentation across various 3D-VL tasks, PQ3D not only
achieves competitive results but also sets new records in most of the tasks.

2 Related Work

2.1 3D Vision-language Learning

In recent times, there has been a surging interest in the field of 3D vision-
language (3D-VL) learning. 3D-VL tasks establish a vital connection between
the physical world and natural language, contributing to the development of
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Fig. 2: Comparison between PQ3D and other models. (a) When comparing PQ3D
to other state-of-the-art (SOTA) methods, PQ3D demonstrates superior performance
on most tasks. (b) Previous models have been designed for speci�c tasks and repre-
sentations, often limiting the potential for developing a uni�ed model. (c) Our PQ3D
can �exibly accommodate various input representations, e�ectively addressing a wide
range of tasks.

embodied intelligence [37,79]. In this emerging domain, objects refer [1,2,8,74],
question answering [3, 71], and dense captioning [12] tasks are introduced to
evaluate natural language grounding concerning 3D object properties and rela-
tionships. Additional tasks include embodied question answering [49] and navi-
gation [61], which explore models' capabilities within an embodied environment.

Numerous models have been proposed to tackle these benchmarks in task-
speci�c ways. MVT [33], ViL3DRel [10], and ViewRefer [26] perform 3D visual
grounding by explicitly incorporating spatial relation information into their de-
signs. While these endeavors [10,26,33,36,48,66,70,75] have demonstrated im-
pressive results, they often require specialized model architectures tailored to
speci�c tasks. In contrast, our model is uni�ed, performing multiple tasks in one
model. In a recent line of research, several works [11,30,32] explore 3D instruc-
tion tuning to leverage the power of large language model (LLM) to enhance
3D reasoning.PQ3D can further bene�t these models by providing a robust 3D
scene encoding module guided by language, which can be seamlessly integrated
into these instruction tuning pipelines.

2.2 Query-based Model

Query-based models have gained prominence in 2D perception [20,22,29,31,78].
DETR [78] has allowed queries to attend to visual features from the back-
bone network dynamically, enabling object detection without the need for post-
processing techniques like NMS [22,78]. Building upon this concept, subsequent
works such as [14, 22, 29] have extended the query-based approach to universal
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image segmentations, where queries are employed to match pixel-level features
and generate high-quality masks. Additionally, the use of queries initialized from
language has led to advancements in referring segmentation [17,65].

More recent literature has further demonstrated the potential of query-based
models in achieving uni�ed understanding [35,43,69,80]. For instance, Perceiver-
IO [35] leverages queries to extract information from multi-modal features, while
XDecoder [80] formulates multiple vision-language tasks within a generalized de-
coding framework. However, in the context of 3D vision-language understanding,
a query-based paradigm for handling multiple tasks is still lacking.

2.3 Promptable Segmentation

The concept of promptable segmentation, as presented in the SAM framework [40],
centers around the utilization of prompts to direct the process of segmentation.
These prompts can manifest in diverse forms, such as foreground/background
points, approximate bounding boxes or masks, and free-form text, which furnish
guidance on the desired elements to be segmented in an image [40,46,47].

Promptable segmentation is intimately linked with open-vocabulary learn-
ing. Previous studies such as OWL-ViT [51] and OVR-CNN [72] have lever-
aged contrastive learning with extensive image-text pairs to demonstrate object
detection generalization capabilities [51, 72, 77]. OpenSeg [24] and OVSeg [45]
extend open-vocabulary detection from the object level to pixel-level segmenta-
tion [24,42,45,56,67,68]. In the �eld of 3D vision, methods like OpenMask3D [64]
and OpenScene [53] have used 2D features to accomplish zero-shot segmentation.
The PLA model [18] harnessed captions to align vision and language for novel-
class instance segmentation. Our work takes cues from these existing method-
ologies, leveraging the bene�ts of prompting images, text, and point-based data
to achieve open-vocabulary promptable segmentation.

3 Method

In this section, we presentPQ3D , which consists of three main modules: Task
Prompt Encoding, 3D Scene Encoding, and Prompt-guided Query Learning, as
depicted in Fig. 3. Next, we will explain the details of each module.

3.1 Task Prompt Encoding

In various 3D-VL tasks, a task prompt can be of diverse formats, including ob-
ject categories, referring sentences, questions, 3D bounding boxes, 3D locations,
images,etc. Diverse prompt formats are one of the key obstacles to building a
uni�ed model for 3D-VL understanding. However, we �gured out that all these
diverse prompts can be divided into three categories:textual, visual, and nu-
merical. We encode the textual and visual prompts by the pre-trained CLIP
model [57], which allows us to train using a text prompt and perform infer-
ence using an image prompt in a zero-shot manner. Numerical prompts,e.g.,
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Fig. 3: The model architecture of PQ3D , which consists of Task Prompt Encoding ,
3D Scene Encoding , and Prompt-guided Query Learning modules. In prompt
encoding, task prompts in diverse formats are projected to a shared feature space. In
scene encoding, point clouds, voxel grids, and multi-view images of a scene are �rst
encoded by corresponding encoders and then aligned into a shared 3D coordinate space.
The prompt-guided query learning module takes in zero-initialized instance queries and
progressively retrieves task-relevant information from aligned scene features under the
guidance of task prompts. Finally, each updated instance query is fed into three output
heads to predict an instance mask, a task-relevance score, and a sentence.

3D bounding boxes and locations, are projected by fully-connected layers into
the same feature space as CLIP. With such uni�cation, we do not distinguish
di�erent prompt formats anymore and this design enables the model to transfer
knowledge between di�erent prompts. The encoded task prompt is denoted as
t 2 R T � D , T is the number of prompt tokens, andD is the hidden dimension.

3.2 3D Scene Encoding

There are three widely used representations for 3D scenes: point clouds, voxel
grids, and multi-view images, which have their unique advantages in di�erent
tasks. For example, voxels o�er a uniform, grid-like structure ideal for instance
segmentation [60,62], point clouds provide spatial information crucial for visual
grounding [10,79], and multi-view images include a rich visual context bene�cial
for open-vocabulary learning [53,64].

To simultaneously handle various tasks in a 3D scene, we aim to achieve seam-
less uni�cation of these representations. To accomplish this, we �rst group the
dense 3D points into larger segments through unsupervised graph-based segmen-
tation and masks [23]. The grouped segments are much fewer than the original
points, making the training feasible by reducing the number of tokens in cross-
attention. Then, we encode these scene representations by the corresponding
encoders and pool the features to the segments in total ofM .
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Point Cloud To process the point cloud of a 3D scene, we �rst partition the
full point cloud into the pre-generated segments. For each segment, we sample
1,024 points, normalize their coordinates into a unit sphere and then feed them
into a pre-trained PointNet++ backbone [54, 55] to obtain the point features,
denoted by P = f p0; p1; :::; pM g 2 R M � D , whereM is the number of segments.
Voxel To extract voxel features, we follow Mask3D [62] to �rst discretize the 3D
scene into voxels and then channel these voxels into a sparse convolutional U-net
backbone. The sparse U-Net includes downsampling and upsampling stages to
extract hierarchical information from the given scene. The extracted features of
each voxel are remapped to the pre-generated segments and average-pooled to
obtain segment-level features. We also apply a linear layer to project the voxel
features to the hidden dimensionD, denoted by V = f v0; v1; :::; vM g 2 R M � D .
Multi-View Image Given multi-view images of a 3D scene, we follow Open-
Scene [53] to get the multi-view image features for each 3D point. We �rst com-
pute per-pixel embeddings for each image using the pre-trained OpenSeg [24]
segmentation model. We then back-project each 2D pixel into 3D point and
aggregate the features from the associated multi-view pixels. Finally, we ob-
tain the segment-level image features by simply average pooling, denoted as
I = f i0; i1; :::; iM g 2 R M � D .

The �nal 3D scene representation is composed of these three segment-level
featuresf V ; I ; Pg. Besides, we add positional encoding to segment-level features.
In our implementation, We compute the average coordinate across all points
within each segment as its 3D location, which is further encoded by an MLP into
the same hidden dimension, denoted asL = f l0; l1; :::; lM g 2 R M � D . Unifying all
features to the pre-generated segments is crucial for instance queries to e�ectively
interact with these features in query learning.

3.3 Prompt-guided Query Learning

We propose a novel Transformer-like decoder to instruct the instance queries
to assimilate scene and prompt information. This process begins with a set of
instance queriesQ0, whose values are initialized to zeros and positions are sam-
pled via Farthest Point Sampling from 3D points [64]. Within the decoder layer
l , the instance queriesQ l retrieve task-relevant information by �rst attending to
the scene featuresf V ; I ; Pg in parallel and then the task prompt t , followed by
a spatial self-attention as [79]. All attention layers are followed by the forward
layer (FFN). The spatial self-attention utilizes location information from the
coordinates of the farthest sampled points. Formally, we have:

Q
0

l = FFN(Norm( Q l +
X

F 2f V ;I ;P g

MaskedCrossAttn(Q l ; F))) ; (1)

Q
00

l = FFN(Norm( Q
0

l + CrossAttn( Q
0

l ; t ))) ; (2)

Q l +1 = FFN(Norm(SpatialSelfAttn( Q
00

l ))) : (3)

Following [14,62], we adopt masked attention when cross-attending to the scene
features, which restricts the attention to localized features centered around the
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query for faster convergence and improved performance. To support �exible in-
ference when only some representations are available, we randomly drop out some
scene features with rate 0.6 in masked-attention computation during training.
After N decoder layers, we expect the �nal instance queriesQ to have collected
enough information for solving the given task.

3.4 Output Heads and Losses

We adopt the following three output heads to support a variety of 3D-VL tasks:
Mask head For each instance query, we apply a mask head to predict a binary
mask over the pre-generated segments. Formally, we have:

pmask = � (f s(V + I + P) � f q(Q)T ) (4)

where f s; f q are projection layers. The dimension off s(V + I + P) is M � D and
f q(Q) is Q � D , where M; Q , and D represent the number of segments, queries,
and hidden dimensions, respectively. The multiplication of f s and f q followed
by sigmoid function � results in a binary mask in M � Q dimension. During
training, we follow [62, 78] to apply Hungarian Matching between queries and
ground-truth objects, then calculate the mask loss:

L mask = � bceL bce + � dice L dice (5)

where L bce is the binary cross-entropy loss andL dice is the Dice loss [14,29,64].
Grounding head We apply a grounding headf g to predict if an instance query
is related to the task. f g is implemented as linear projection layers. Formally, we
have:

pgrd = � (f g(Q)) (6)

During training, if grounding labels are provided as supervision, we calculate a
binary cross-entropy loss as the grounding lossL grd .
Generation head We choose the decoder of a pre-trained T5-small [15, 58] as
the generation head to generate a text response, using all instance queries as the
encoded inputs. During training, if text responses are provided as supervision for
dense caption and QA task, we calculate the cross-entropy loss as the generation
lossL gen.

During training, the total loss is the weighted sum of losses from the above
three heads:

L total = � mask L mask + � grd L grd + � genL gen (7)

4 Experiments

4.1 Experimental setting

Training Datasets Tab. 1 shows a summary of the datasets used for the multi-
task training of PQ3D . Notably, we combine eight datasets for training, includ-
ing about 662K training samples for various tasks.



Unifying 3D Vision-Language Understanding via Promptable Queries 9

Training Details The training procedure consists of two stages. In the �rst
stage, we train the model with instance segmentation alone on ScanNet200 for
800 epochs. At this stage, instance segmentation is trained with a classi�cation
head on instance queries, instead of prompting object categories. At the second
stage, we continue train the model on the full training set using the training
objectives in Eq. (7) for 50 epochs. We set the hidden dimensionD to 768, and
query decoder layerN to 4. We utilize the AdamW optimizer with a learning
rate of 1e-4, batch size of 16,� 1 = 0.9, and � 2 = 0.98. The loss balance weights
� mask ; � gen are set to 1, and� grd is set to 10. To further demonstrate the capa-
bility of PQ3D , we also transfer it to an embodied agent for object navigation
using the ObjNav task from CortexBench [50] and instruction-tune it with a
large language model (LLM) Vicuna-7B using the instruction-following dataset
from [32]. The whole training process is conducted on four NVIDIA A100 GPUs.
More details can be found in the appendix.

Table 1: Datasets for uni�ed training. The size of ScanNet200 is# scenes (1202)�
# categories (200).

Dataset Task Prompt Heads Size

ScanNet200 [60] instance segmentation category mask,grounding 240K
ScanRefer [8] visual grounding sentence grounding 37K

Nr3D [2] visual grounding sentence grounding 119K
Sr3D [2] visual grounding sentence grounding 66K

Multi3DRefer [74] visual grounding sentence grounding 44K
ScanQA [3] question answering question grounding,generation 30K
SQA3D [49] question answering question generation 89K

Scan2Cap [12] dense captioning 3D box generation 37K

Total - - - 662K

4.2 Quantative Results

Instance segmentation on ScanNet200 As shown in Tab. 2, PQ3D demon-
strates SOTA performance for instance segmentation tasks on ScanNet200. Our
approach achieves 20.2% forAP, 28.0% forAP50, and 32.5% forAP25 in prompt-
able manner, which uses the output logits from the ground head after prompting
all classes in ScanNet200. Notably, our methods surpass other open-vocabulary
approaches, o�ering a more versatile language interface. However, our model's
performance with tail classes is relatively less robust due to biases in the CLIP
text encoder, which is analyzed in the appendix. To mitigate this issue, we in-
corporate a closed-vocabulary task head, which enables our model to surpass the
closed-vocabulary SOTA method, Mask3D [62], especially in the tail classes.
Zero-shot transfer to Replica In addition to evaluating our method's perfor-
mance on ScanNet200, we investigate its generalization capabilities to an out-
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of-distribution dataset Replica [63]. Our observations reveal that PQ3D dis-
plays improved generalization abilities on unseen data, surpassing other open-
vocabulary approaches in terms ofAP, AP50, and AP25 metrics by 0.2%, 4.1%,
and 7.7%. These �ndings imply a notable capability of PQ3D for e�ective trans-
fer to di�erent datasets.

Table 2: Instance Segmentation results on the ScanNet200 validation set
and zero-shot performance on Replica. The Average Precision (AP) is averaged
over an overlapping range, and the AP 50 , AP 25 is evaluated at 50% and 25% overlaps.
Additionally, we provide AP scores for the head, common, and tail classes. The nota-
tion � PQ3D (w/cls )� represents results using a closed-vocabulary classi�cation head,
whereas �PQ3D (prompt )� denotes segmentation results in a promptable way, which
corresponds to an open-vocabulary setting.

Model
ScanNet200 Replica

AP AP 50 AP 25 head common tail AP AP 50 AP 25

Closed-vocabulary
Mask3D [62] 26.9 36.2 41.4 39.8 21.7 17.9 - - -
PQ3D (w/cls ) 27.0 38.9 46.3 35.8 24.2 20.0 - - -
Open-vocabulary
OpenScene [53] 11.7 15.2 17.8 13.4 11.6 9.9 10.9 15.6 17.3
OpenMask3D [64] 15.4 19.9 23.1 17.1 14.1 14.9 13.1 18.4 24.2
PQ3D (prompt ) 20.2 28.0 32.5 30.9 17.0 11.3 13.3 22.5 31.9

Visual Grounding Tab. 3 provides an assessment of grounding accuracy for
various methods on four benchmarks: ScanRefer, Nr3D, Sr3D, and Multi3DRefer.
Our model consistently outperforms the other methods in most categories. On
the ScanRefer, Nr3D, and Sr3D benchmarks, our model outperforms SOTA by
5.4%, 2.3%, and 3.3%, respectively. Furthermore, on the Multi3DRefer bench-
mark, our model outperforms others in the ST (single target) and MT (multiple
targets) categories and achieves the highest average score of 50.1%. In the ZT
(zero target) metric, our model lags behind the state-of-the-art. This perfor-
mance gap could potentially be attributed to the fact that ZT is only present in
the Multi3DRefer dataset. However, our model trained only on the Multi3DRefer
dataset �PQ3D (sg.)� exhibits better performance in the ZT and MT metric,
but falls short of the uni�ed trained model in other categories.
Question Answering On the ScanQA test set, PQ3D outperforms all other
methods in terms of the BLEU-1, METEOR, and CIDEr metrics. Speci�cally,
our model surpasses SOTA by 8.6% / 5.4% for BLEU-1, 2.6% / 1.0% for ME-
TEOR, 11.2% / 2.6% for CIDEr on �w/ object� and �w/o object� test set. How-
ever, in terms of the EM@1 metric, the 3D-VisTA method outperforms our
model with scores of 27.0% �w/ object� and 23.0% �w/o object�, compared to
our model's 26.1% and 20.0%, respectively. Di�erent from 3D-VisTA, our model
does not use a classi�cation head for QA, which causes a performance drop in
EM metric.
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Table 3: Grounding accuracy (%) on 3D visual grounding benchmarks. The
results of ScanRefer and Multi3DRefer are reported under IoU@0.5. The results of
Nr3D and Sr3D are reported using ground-truth masks during masked cross-attention.
The ZT and ST results from Multi3DRefer are with distractors of the same class.
� PQ3D (sg.)� signi�es a model trained on a single dataset.

Method
ScanRefer Nr3D Sr3D Multi3DRefer

Unique Multiple Avg. Easy Hard Avg. Easy Hard Avg. ZT ST MT Avg.

ViL3DRel [10] 68.6 30.7 37.7 70.2 57.4 64.4 74.9 67.9 72.8 - - - -
3DJCG [7] 64.3 30.8 37.3 - - - - - - 66.9 16.7 26.2 26.6
UniT3D [13] 73.1 31.1 39.1 - - - - - - - - - -
M3DRef-CLIP [74] 77.2 36.8 44.7 55.6 43.4 49.4 - - - 39.4 30.6 37.9 38.4
3D-VisTA [79] 75.1 39.1 45.8 72.1 56.7 64.2 78.8 71.3 76.4 - - - -

PQ3D (sg.) 76.6 42.0 47.4 73.3 56.7 64.9 78.8 68.2 75.6 61.1 40.5 41.7 48.6
PQ3D 78.2 46.2 51.2 75.0 58.7 66.7 82.7 72.8 79.7 57.7 43.6 40.9 50.1

Table 4: Answer accuracy on ScanQA. Each entry denotes �test w/ object" and
�test w/o object". EM@1 refers to the top 1 exact match accuracy, while BLEU-1,
METEOR, and CIDEr denote text similarity scores between the predicted answer and
the ground-truth answer. The notation " PQ3D (sg.)" indicates a model trained on a
single dataset rather than through uni�ed joint training.

Method EM@1 BLEU-1 METEOR CIDEr

ScanQA [3] 23.5 / 20.9 31.6 / 30.7 13.6 / 12.6 67.3 / 60.2
3D-VisTA [79] 27.0 / 23.0 34.4 / 30.2 15.2 / 12.9 76.6 / 62.6

PQ3D (sg.) 18.9 / 16.1 34.7 / 30.5 14.5 / 12.1 69.3 / 56.0
PQ3D 26.1 / 20.0 43.0 / 36.1 17.8 / 13.9 87.8 / 65.2

For the SQA3D task, it is worth noting that our proposed model falls slightly
behind the SOTA in SQA3D, with a di�erence of 1.4%. As our model utilizes
the CLIP text encoder, it may face limitations in understanding long sentences.

Dense Captioning For the dense captioning task,PQ3D outperforms all other
models in the CIDEr, METEOR, and ROUGE metrics. With a CIDEr score of
80.3%, it signi�cantly surpasses the next best, 3D-VisTA, which has a CIDEr
score of 66.9%. Importantly, the performance ofPQ3D trained on multiple
tasks and datasets exceeds that ofPQ3D trained on a single task and dataset,
showcasing the e�ectiveness of multi-task joint training.

Object Navigation To further verify PQ3D 's e�ectiveness, we �netune it on
the ObjNav task from CortexBench [50] for navigating an embodied agent to a
desired object. The proposedPQ3D provides global 3D features to the naviga-
tion agent that can improve the baseline VC-1 by a signi�cant margin, achieving
a 22.9% increase in success rate. Importantly, our method showcases consistent
and stable performance, even in the absence of a compass or directional guidance.
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Table 5: Answer accuracy on SQA3D under question types.

Method
Test set

Avg.
What Is How Can Which Other

ClipBERT [49] 30.2 60.1 38.7 63.3 42.5 42.7 43.3
SQA3D [49] 31.6 63.8 46.0 69.5 43.9 45.3 46.6
3D-VisTA [79] 34.8 63.3 45.4 69.8 47.2 48.1 48.5

PQ3D (sg.) 35.6 62.7 45.2 66.3 43.3 43.3 46.8
PQ3D 37.1 61.3 44.5 60.9 47.0 45.1 47.1

Table 6: Captioning results on
Scan2Cap under IoU@0.5 with various
text similarity scores. " PQ3D (sg.)" indi-
cates a model trained on a single dataset
rather than through uni�ed training.

Method CIDEr BLEU-4 METEOR ROUGE

Scan2Cap [12] 35.2 22.4 21.4 43.5
3DJCG [7] 47.7 31.5 24.3 51.8
3D-VisTA [79] 66.9 34.0 27.1 54.3

PQ3D (sg.) 75.6 34.4 28.6 57.1
PQ3D 80.3 36.0 29.1 57.9

Table 7: Results on ObjNav from
CortexBench [50]. Note we reproduce
the result of �VC-1 (ViT-B)� ourselves
due to the slight mismatch we have
found. Only variants with PQ3D use 3D
input. The result with � is also without
a compass sensor.

Model Success" SPL " Soft-SPL "

VC-1 (ViT-B) [50] 57.1 0.31 0.41
PQ3D 80.0 0.50 0.60
PQ3D w/o GPS � 75.0 0.45 0.50

4.3 Ablation study

Query Decoder Depth In this study, we examine the in�uence of decoder
depth on downstream tasks. The results suggest that a 4-layer decoder out-
performs both 2-layer and 6-layer ones on all tasks. Consequently, we choose a
4-layer query decoder forPQ3D .

Fig. 4: Ablation study of query decoder depth.

Scene Features Our result in Tab. 8 reveals the bene�ts of incorporating
voxel, point, and image features on refering (ScanRefer Acc), question answering
(SQA3D Acc), and captioning (Scan2Cap CIDEr) tasks. Speci�cally, the addi-
tion of point features results in performance changes of +3.1%, +1.7%, +6.8%
and while the inclusion of image features, based on voxel and point, leads to
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improvements of +2.0%, +1.7%, and +5.7% on these respective tasks. These re-
sults exemplify the e�ectiveness of our feature alignment approach, as it enables
enhanced performance across grounding, QA, and captioning tasks.
Flexible Inference To assess how our model performs under the constraints of
limited scene representations, we conduct inference while omitting certain scene
features, using a single set of model weights for testing. From Tab. 8, we can
observe that PQ3D achieves comparable performance with the model trained
with speci�c scene features when the image feature is excluded. When both
image and point features are absent, thePQ3D outperforms the speci�c-tuned
model, demonstrating the improved generalization ability through training with
multiple representations.
In�uence between tasks. In Tab. 9, we examine the interplay among Refer,
QA, and captioning tasks. Our �ndings indicate that incorporating data from
the Refer task yields improvements of +1.8% for QA and +2.2% for captioning.
While adding QA data shows no signi�cant bene�t for Refer, it does contribute
to a +1.2% enhancement in captioning performance. Conversely, data from the
captioning task positively impacts both Refer and QA tasks, with gains of +0.6%
and +0.7%, respectively.

Table 8: Ablation study of scene features .
Each entry denotes PQ3D �trained with speci�c
scene features� and �trained with all features but
some removed during inference�. These results indi-
cate that PQ3D can support �exible inference.

Voxel Point Image Refer QA Caption
X 46.1 / 47.1 43.7 / 44.2 67.8 / 68.1
X X 49.2 / 49.4 45.4 / 45.8 74.6 / 74.7
X X X 51.2 47.1 80.3

Table 9: Ablation study
of in�uence between tasks.
Each entry denotes performance
gain by introducing extra task
data for joint training.

Task Data Refer QA Caption
+Refer - 1.8 " 2.2 "
+QA 0.0 " - 1.2 "
+Caption 0.6 " 0.7 " -

4.4 Qualitative results

Fig. 5 presents the qualitative results of our model,PQ3D . The �rst row displays
the outcome of promptable segmentation, which includes prompt forms like class
names, a sentence, an image, and a 3D location. The second and third rows
demonstrate the results of 3D-VL tasks, encompassing visual grounding, question
answering, and dense captioning. These results exhibit the model's capabilities
in solving various 3D-VL tasks. The last row illustrates the model's pro�ciency
in object navigation and task planning. PQ3D successfully navigates towards
the intended destination and formulates a plan to organize a living room. These
qualitative results emphasize thatPQ3D is a uni�ed model with the potential to
be applied to more embodied agent tasks as a fundamental 3D encoding module.
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Fig. 5: Qualitative examples from PQ3D . Red bounding box denotes the result
from PQ3D , and green denotes ground truth.

5 Conclusions and Future Works

In conclusion, our proposedPQ3D addresses the challenges in 3D vision-language
learning (3D-VL) by o�ering a uni�ed approach that integrates multiple repre-
sentations and supports a wide range of tasks. By leveraging the cross-attention
mechanism between instance queries and representations, our model generates
task-aware instance queries, guided by prompts speci�c to each task. Through
extensive experiments on various 3D-VL benchmarks, we demonstrate the e�ec-
tiveness of unifying di�erent representations in achieving state-of-the-art results.
Notably, our model demonstrates promotable 3D instance segmentation, which
contributes to advancing open-world 3D scene understanding. With these ac-
complishments,PQ3D may potentially impact embodied intelligence more, rep-
resenting a step towards aligning natural language with the 3D physical world.

At present, the scale and generalization capability ofPQ3D still exhibits a
gap compared to 2D vision language foundational models. We aim to enhance
PQ3D by scaling it with more scenes and language data. Additionally, we plan
to utilize the 2D foundational model to guide 3D training.
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