CVPR
#00027

001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027

028

029
030
031
032
033
034
035
036
037

CVPR 2026 Submission #00027. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Qwen-3D: A Generalist 3D Vision-Language Model for Spatial Understanding

Anonymous CVPR submission

Paper ID 00027

Abstract

Recent Large Multimodal Models (LMMs) achieve impres-
sive performance on images and short videos, but long
video reasoning remains computationally expensive and
temporally inconsistent due to frame-level tokenization and
limited context windows. We observe that 3D geometry pro-
vides a natural compression mechanism for multi-view vi-
sual streams. Geometric signals such as depth and camera
pose allow RGB frames to be fused into persistent world-
aligned representations, enabling efficient reasoning over
space and time. Motivated by this insight, we introduce
Owen-3D, a geometry-aware LMM that leverages multi-
view geometric signals to compress visual tokens within the
QOwen backbone, enabling efficient processing of long and
highly redundant video sequences. By modifying visual to-
kens with 3D Rotary Positional Embedding, Qwen-3D per-
forms attention in the world space rather than over inde-
pendent image frames, enabling efficient cross-view reason-
ing. Qwen-3D further integrates a query-based segmenta-
tion decoder that grounds language tokens directly in vi-
sual space, allowing unified reasoning across referential
grounding, instance segmentation, and visual question an-
swering for both images and videos. Across a broad suite of
benchmarks, Qwen-3D outperforms large-scale proprietary
2D models and existing 3D LMM approaches. Finally, we
show that joint training on both 2D and 3D data preserves
strong 2D vision—language capabilities while substantially
improving 3D reasoning.

1. Introduction

Current Vision—Language Models (VLMs) perform well on
images and short video clips, but struggle with long multi-
view video streams. Processing long sequences is computa-
tionally expensive due to the quadratic cost of attention, and
limited context windows prevent consistent spatio-temporal
and 3D reasoning across frames. Multi-view 3D geometry,
in the form of depth and camera poses, offers a more prin-
cipled alternative, allowing video frames to be mapped into
a shared 3D coordinate system. This enables compression

of multi-view streams into persistent scene representations
where temporally distant frames correspond to nearby 3D
locations.

Existing approaches to integrating 3D spatial awareness
into VLMs generally follow one of two distinct paradigms.
One line of work introduces 3D point clouds as auxiliary in-
puts to the model [1 1, 19, 20], either alongside or in place of
multi-view images. While these approaches expose explicit
geometric structure, they treat point clouds as a modality
separate from the visual tokens, overlooking the fact that
point cloud features are inherently aligned with image fea-
tures with corresponding depth. The second line of work
integrates geometry directly into the visual token represen-
tation. Methods such as LLaVA-3D[54] and Video-3D-
LLM[53] modify positional encodings such that multi-view
image tokens are embedded according to their 3D world co-
ordinates rather than their 2D image-plane positions. This
approach allows the model to reason over multi-view obser-
vations in a shared spatial coordinate system while main-
taining the strong visual representations learned by large
VLM backbones.

Despite these advances, existing 3D large multimodal
models (LMMs) still lag behind specialist 3D vision sys-
tems. Dedicated models trained for tasks such as detection,
segmentation, or grounding continue to outperform general-
purpose 3D LMMs [22, 23, 55]. Moreover, most current
3D LMMs do not attempt 3D object detection on standard
benchmarks such as ScanNet [14, 37]. The only exception,
Grounded-3D-LLM [12], achieves less than half the perfor-
mance of state-of-the-art 3D detectors. These results high-
light a key tradeoff: while general-purpose 3D LMM’s offer
a broad range of reasoning capabilities, they currently lack
the specialized grounding mechanisms of dedicated 3D sys-
tems, preventing them from matching—or in many cases,
even addressing—the high-level performance required for
core 3D perception.

To bridge these performance gaps, we introduce Qwen-
3D, a geometry-aware 3D LMM that extends the Qwen
family of models [5] with explicit mechanisms for multi-
view reasoning and object grounding. Built on the strong
2D foundation of Qwen2.5-VL-3B, Qwen-3D integrates
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Figure 1. Qwen-3D replaces frame-level attention with geometry-aligned world-space attention using 3D positional embeddings.
Unlike conventional 2D VLMs that rely on spatio-temporal attention over video frames, Qwen-3D builds a geometry-aware 3D represen-
tation from multi-view RGB, depth, and camera poses. This enables attention in the world space via 3D Rotary Positional Embeddings.
Qwen-3D supports joint decoding of text responses and 2D/3D object masks. Qwen-3D achieves state-of-the-art performance across a
multitude of vision—-language tasks from images and multi-view videos.

3D structure directly into the vision—language backbone.
First, we leverage geometric information to compress vi-
sual tokens within the backbone, merging tokens originat-
ing from nearby 3D locations. This enables efficient rea-
soning over long multi-view videos while preserving spatial
consistency across views. Second, we introduce 3D Rotary
Positional Embeddings to the Qwen backbone, allowing at-
tention within the backbone to operate in a geometry-aware
coordinate system and improving cross-view spatial reason-
ing.

In addition, Qwen-3D incorporates a 3D query-based
segmentation decoder that grounds noun phrases from the
language stream directly in world space. Unlike prior ap-
proaches that communicate between the VLM backbone
and object decoder through a small set of query vectors,
our model shares full visual token representations between
the backbone and decoder, enabling richer visual-language
interactions and stronger grounding performance.

Across a wide range of 3D grounding benchmarks,
Qwen-3D outperforms both proprietary 2D VLMs and the
strongest existing 3D LMMs while maintaining strong per-
formance on 2D tasks. Compared to the previous 3D LMM
state-of-the-art, Qwen-3D improves 3D visual grounding by
4%, surpasses the best single-stage 3D LMMs by 12%, and
increases 3D instance segmentation accuracy by 12%. The
model also achieves state-of-the-art performance on 3D vi-
sual question answering while preserving the strong 2D ca-
pabilities of its backbone. Furthermore, Qwen-3D substan-

tially narrows the gap between general-purpose 3D LMMs

and specialist 3D grounding models on in-domain bench-

marks, while significantly outperforming specialist methods
on out-of-distribution 3D scenes and language instructions.

Contributions. Our contributions are as follows:

* A geometry-aware VLM backbone that integrates multi-
view structure through 3D rotary positional embeddings
and geometry-based token compression.

* A unified 3D grounding architecture with a query-based
segmentation decoder that grounds language directly in
world space and shares full visual token representations
with the VLM backbone.

e A general-purpose 3D multimodal training framework
that jointly learns from 2D and 3D data, preserving strong
vision—language capabilities while improving 3D spatial
reasoning and grounding.

 State-of-the-art performance among 3D-LMM methods
across 3D benchmarks, improving 3D visual grounding
by 4%, instance segmentation by 12%, while maintaining
strong 2D multimodal performance.

We will open-source our model upon acceptance.

2. Related Work

3D Large Vision-Language Models Building upon the
rapid progress of 2D Large Multimodal Models [5, 35, 42],
recent work has focused on extending these models to un-
derstand 3D scenes. Existing approaches can be grouped
into four main categories:
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Figure 2. Decoding object information in 3D LMMs. From left to right: (i) Direct bounding box decoding in text space, as in 3D-
LLM [17]; (ii) Two-stage grounding via proposal selection, as in Video-3D-LLM [19, 20, 53]; (iii) Special token decoding, as in LLaVA-
3D [12, 54]; (iv) (Ours) Directly connecting contextualized vision—language features from the VLM backbone to a mask-based segmenta-

tion decoder

(a) 3D point cloud encoders trained from scratch. Meth-
ods such as LL3DA [11], Scene-LLM [16], and Grounded-
3D-LLM [12] augment multi-view image streams with ex-
plicit 3D point cloud encoders. The resulting 3D features
are projected into an LLM backbone in addition to or as
a replacement for 2D image features. These approaches,
however, require large-scale point cloud-language datasets
for alignment—an acute limitation given the scarcity of 3D
data. In contrast, Qwen-3D builds upon powerful 2D pre-
trained features and augments them with 3D information via
positional encodings.
(b) Learnable 3D feature compression. 3D-LLM [17]
uses Q-Former layers [28] to compress large numbers of
2D foundation-model features into small sets of latent to-
kens. In contrast, Qwen-3D performs multi-view feature
compression in a parameter-free manner, directly guided by
the 3D spatial layout of the tokens.
(c) Object-centric approaches. Another line of work uses
object-level features as input to the language model. Ap-
proaches such as LEO [20] and ChatScene [19] first detect
objects with off-the-shelf 2D or 3D detectors, pool features
within detected regions, then feed these pooled features into
their VLMs. These methods may yield structured object
representations and improve grounding, but performance is
fundamentally constrained by the robustness of the detec-
tors themselves, which often struggle due to limited data
diversity. In contrast, Qwen-3D is a single-stage model that
directly grounds the language in the 3D visual stream.
(d) Positional embedding adaptation. Several methods
modify the positional embeddings of multi-view visual to-
kens to better encode 3D spatial relationships [22, 23, 53,
54]. Our model follows this general paradigm. Similar to
these models, we incorporate 3D information via positional
embeddings in the vision-language attention. We utilize 3D
Rotary Positional Encoding for this purpose.

Beyond spatial encoding, Qwen-3D also differs from
prior work in how grounded outputs are decoded. We dis-
cuss these grounding architectures in detail in the following

section.

3D Visual Grounding. Visual grounding—identifying
objects referred to by language—is a fundamental capabil-
ity for 3D vision—language systems. Early work [3, 21, 33]
achieved strong performance by designing specialized ar-
chitectures tailored for 3D grounding. Subsequent meth-
ods [3, 23, 55, 56] unified grounding, question answer-
ing, and captioning within a single framework. More re-
cently, 3D LMMs have leveraged large-scale pretrained vi-
sion—language features to assist grounding in 3D scenes;
our method follows this paradigm. These newer approaches
typically adopt one of three designs ( Fig. 2):
(a) Direct bounding-box decoding. ( Fig. 2a) Models such
as 3D-LLM [17] directly decode 3D bounding boxes in the
text space. However, they achieve low performance on lo-
calization tasks, likely due to the scarcity of 3D-language
data and the unstructured nature of 3D scenes.
(b) Two-stage grounding via proposal selection.
( Fig. 2b) Approaches such as Video-3D-LLM [53],
ChatScene [19], and LEO [20] first run an object detector
to generate candidate proposals, then select the object that
best matches the query. While this improves grounding
robustness, performance is bottle-necked by the quality of
the proposals.
(c) Special token decoding. ( Fig. 2¢) Other methods de-
code special grounding tokens (e.g. < REF >) and local-
ize them using explicit decoder heads, such as in LLAVA-
3D [54] and Grounded-3D-LLM [12]. Essentially, the VLM
heads and the decoder heads are only connected via the gen-
erated < REF > tokens. Although these methods can, in
principle, ground multiple instances from a category, only
Grounded-3D-LLM has been applied to 3D object detec-
tion. We include ablations on the < REF > token design
with our architecture in our experiments.

Rather than relying on text-space bounding boxes, pro-
posal selection, or grounding tokens, Qwen-3D directly
connects contextualized vision—-language features from
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the VLM backbone to a mask-based segmentation de-
coder ( Fig. 2d). This avoids the bottleneck imposed by
the special token decoding and aligns more naturally with
contemporary multi-object detection and segmentation ar-
chitectures. As a result, Qwen-3D achieves state-of-the-art
grounding and detection performance among 3D LMMs.

3. Method

We introduce Qwen-3D, a geometry-aware extension of
Qwen2.5-VL [5] that enables efficient reasoning over multi-
view 3D scenes. Given multi-view RGB-D frames, cam-
era poses, and a language query, Qwen-3D projects visual
features into a 3D feature cloud and compresses redundan-
cies via voxel-based token merging. A vision-language
backbone processes these geometry-aligned tokens using
3D Rotary Positional Embeddings for spatial reasoning in
world coordinates. Finally, a mask-based grounding de-
coder predicts 3D segmentation masks for queried objects
alongside text responses for question-answering. Notably,
Qwen-3D preserves the original 2D input—output interface
of Qwen2.5-VL while extending it to operate on multi-view
3D scenes. Figure 3 illustrates the architecture, detailed be-
low.

Geometry-Aware Visual Encoding We construct a 3D
feature cloud by projecting multi-view RGB features into
world coordinates using depth maps and camera poses. This
enables geometry-aware token compression based on spa-
tial proximity. We use the Qwen2.5-VL pre-trained ViT en-
coder to process RGB images into feature maps F, down-
sampled by a factor of S to a size of N x % X % x D,
where D is the feature dimension. We then unproject the
pixel-aligned depth maps using camera intrinsics and poses,
nearest-downsampling them to match this spatial resolution
and yield 3D coordinates C of size N X % X % x 3.

Geometry-based token compression  Multi-view obser-
vations inherently produce redundant tokens at overlapping
3D locations. To mitigate memory bottlenecks, we apply
voxel-based token merging (with a voxel size of Scm) to the
feature-coordinate pairs, following [22, 23, 54]. This pro-
cess discretizes the space and mean-pools the features and
coordinates within each occupied voxel, yielding a com-
pact, unordered set of geometry-aligned tokens FC' =
{(f5,p;) 3%}, where M' < M.

Vision—Language Attention with 3D RoPE  We use the
Qwen2.5-VL language tokenizer [5] to embed the input
natural language query into a sequence of tokens 7 =
{ti}L_,, where t;, € RP and L is the number of tokens.
The concatenated sequence of voxelized 3D point features
and text tokens is then processed by N pre-trained multi-
modal attention layers from Qwen2.5-VL. To enable spatial
reasoning, we adapt Qwen’s Multimodal RoPE—originally

designed for 1D or 2D grids—to encode 3D world coordi-
nates (x, y, z), resulting in four positional components

PE3p(p) = [PE(t); PE(x); PE(y); PE(2)].

where ¢ represents a token’s temporal position in the se-
quence and x, ¥y, z denote 3D spatial coordinates. For text,
the temporal ID increments sequentially (reducing to stan-
dard 1D RoPE), while point cloud tokens share a constant
temporal ID and use their world coordinates as spatial IDs.

This embedding defines a rotation matrix R(p) ap-
plied to query and key vectors before attention: q =
R(py)a, k = R(py)k

Because 3D point clouds are permutation-invariant, we
replace Qwen2.5-VL’s autoregressive causal masking with
full attention over visual tokens. This improves 3D perfor-
mance without degrading the backbone’s original capabili-
ties. Further attention masking details and RoPE ablations
are provided in the appendix and experiments section, re-
spectively.

8]

Grounding Decoder Unlike prior VLM grounding ar-
chitectures that communicate with object decoders via a
small set of query tokens [12, 54], our approach directly at-
tends to the full set of contextualized visual tokens from the
backbone, enabling richer language-visual interactions. We
adapt a mask decoder design similar to UniVLG [23] [23].
We instantiate N learnable object queries that cross-attend
to the language and visual tokens from the VLM backbone,
followed by self-attention among the queries. For all at-
tention involving visual tokens, we 2D or 3D positional
embeddings corresponding to the input modality. Finally,
we decode segmentation masks via a dot product between
object queries and the updated visual tokens and identify
grounded object text spans via dot products with the lan-
guage tokens. For question answering, we use the Qwen2.5-
VL text-generation head to perform next-token prediction
over the contextualized scene-language features.

Training Objectives We supervise Qwen-3D on three
losses: (a) Mask loss: We assign predictions to ground-
truth instances via Hungarian matching [8] and supervise
matched masks with Binary Cross-Entropy (BCE) and Dice
loss, following Mask2Former [13].

(b) Span alignment loss: As in [21, 24, 29], we supervise
each predicted text span with the corresponding matched
ground-truth text span using Binary Cross Entropy loss.
The queries that remain unmatched are supervised to pre-
dict low probability over all text tokens.

(c) Text generation loss: For question-answering and cap-
tioning tasks, we use a token-level cross-entropy on the gen-
erated answer.

Our complete loss is formulated as:

L = oimask Lmask + Olspan £span + Qtgen Egen (D
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Figure 3. Qwen-3D architecture. Given a natural language query and multi-view RGB-D inputs, the Qwen2.5-VL vision encoder extracts
multi-view 2D features, unprojects them into world-space XYZ coordinates, and voxel-pools them to reduce spatial redundancy. The
resulting tokens are fused with text via Qwen vision—language attention layers augmented with 3D Rotary Positional Embeddings and
LoRA adaptation. Two task heads operate on the shared tokens: a 3D mask decoder for referential grounding and instance segmentation

and a text decoder for open-ended question answering.

where Lk is the mask loss, Lgpay is the span alignment
loss, Lgen is the text generation loss, and the o’s are the loss
weight terms.

Joint 2D-3D Training Qwen-3D shares parameters
across 2D and 3D modalities, natively processing single or
multiple RGB images as well as multi-view posed RGB-D
frames. Within both the VLM backbone and the grounding
decoder, 2D visual tokens are structured on a regular grid
with 2D positional embeddings, whereas 3D inputs are rep-
resented as unordered point tokens with 3D embeddings. To
improve alignment between 2D and 3D representations dur-
ing training, we lift 2D data to 3D with probability p using
reconstruction models such as MoGE [43].

Implementation Details Qwen-3D introduces only
~50M trainable parameters. We freeze the Qwen2.5-VL
ViT backbone, fine-tune the vision—language attention
layers via LoRA [18], and train the mask decoder from
scratch. We train jointly on on 2D and 3D datasets runs
for 200k iterations (learning rate 10~%) on eight 48GB
L40S GPUs with an effective batch size of 8, which takes
approximately three days. Text-generation loss is applied
exclusively to captioning and question-answering tasks;
for detection, we construct prompts [21] by concatenating
object class names (e.g., “find chair. table. sofa.”).
Following [22, 23], we subsample 15 frames per scene
during training. At inference time, we feed all posed RGB-
D frames to our model (~90 on average for ScanNet),
which takes about 2 seconds per scene end-to-end. Our
voxel-pooling strategy is critical for enabling this scalability
- without it, the model runs out of memory even with sub-

stantially fewer input frames. Finally, due to computational
constraints, we adopt the 3B VLM backbone variant rather
than the 7B models common in prior 3D-LMMs [53, 54].
Additional hyperparameters are detailed in the appendix.

4. Experiments

We evaluate Qwen-3D against existing LMMs and spe-
cialized 3D vision models on visual grounding in both in-
domain (Sec. 4.1) and out-of-domain settings (Sec. 4.2),
along with 3D instance segmentation (Sec. 4.3) and 3D
VQA (Sec. 4.4). We also assess how well Qwen-3D re-
tains its 2D multimodal capabilities (Sec. 4.5) and ana-
lyze which design choices most significantly impact perfor-
mance (Sec. 4.6). Qualitative results, failure mode analy-
sis, robustness to depth and camera pose noise, and perfor-
mance on text-only tasks are provided in the appendix.

Training Datasets We train jointly on a mixture of
3D and 2D datasets to enable 3D comprehension while
preserving the base model’s pre-trained capabilities.
The 3D datasets include referential grounding (SR3D,
NR3D [1], ScanRefer [10]), instance segmentation (Scan-
Net200 [37], Matterport [9]), and question answering
(ScanQA [4], SQA3D [34]). To mitigate catastrophic for-
getting of Qwen’s original capabilities, we co-train on 2D
datasets: referential grounding (RefCOCO, RefCOCO+,
RefCOCOg [25]), instance segmentation (COCO [30]),
captioning and QA (LLaVA-Instruct-150k [31]), and in-
struction fine-tuning (Alpaca [41]).
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Table 1. Results on 3D Visual Grounding and QA for both experts and LMMs. *2D VLM numbers obtained from prior works [3, 40]

ScanRefer ScanQA (Val) SQA3D (Test)
Acc Acc
Methods @25 @50 EM@1 C M R EM@1
(Det) (Det)

BUTD-DETR [21] 52.2 39.8 - - - - -

ScanQA [4] - - 23.5 673 13.6 343 -
Expert PQ3D [56] 56.7 51.8 20.0 652 139 - 47.1
Models 3D-VisTA [55] 51.0 46.2 22.4 69.6 139 357 48.5

ODIN [22] 43.1 334 - - - - -

Locate-3D [3] 61.1 50.9 - - - - -

UniVLG [23] 63.5 56.4 25.7 785 152 400 50.2

2D VLMs*

LLaMA [2] 37.3 24.2 - - - - -

GPT-40 [35] 48.2 32.6 18.0 583 142 334 -

Two-Stage

ChatScene [19] 55.5 50.2 21.6 877 18.0 41.6 54.6

LEO [20] - - 24.5 101.4 20.0 49.2 50.0

Video-3D LLM - 7B [53] 58.1 51.7 30.1 102.1 - - 58.6
LMMs

Single-Stage

NaviLLM [52] - - 23.0 759 154 384 -

LL3DA [11] - - - 76.8 159 373 -

SceneLLM [16] - - 27.2 80.0 16.6 40.0 54.2

3D-LLM [17] 30.3 - 20.5 694 145 357 -

Grounded 3D-LLM [12] 48.6 44.0 - 75.9 - - -

LLaVA-3D - 7B [54] 50.1 427 27.0 103.1 20.8 49.6 55.6

Qwen-3D - 3B (Ours) 65.6 57.7 30.5 952 383 469 56.0

4.1. Evaluation on 3D Referential Grounding

Datasets. We evaluate on the validation sets of three
ScanNet-based [14] 3D referential grounding benchmarks:
SR3D, NR3D [1], and ScanRefer [10]. While SR3D com-
prises 88k synthetic utterances, NR3D (41k) and ScanRefer
(51k) feature complex, human-annotated queries. Follow-
ing recent work [3, 7, 22, 23], we operate directly on noisy,
raw sensor RGB-D point clouds rather than clean, post-
processed meshes. Although this setup introduces sensor-
mesh misalignments that can degrade performance [22, 23],
it better reflects practical embodied learning scenarios.

Evaluation Metrics. We report standard Top-1 accuracy,
where a prediction is correct if the highest-confidence pre-
dicted bounding box achieves an Intersection over Union
(IoU) with the ground-truth box above a threshold (0.25,
0.5). Since our model predicts segmentation masks, we
convert masks to bounding boxes by thresholding at their
extreme corners.

Baselines. Following prior work [53, 54], we compare
Qwen-3D against state-of-the-art expert (non-LMM) and
LLM-based approaches. Expert baselines include two-
stage [55, 56] and single-stage [3, 23] methods. LLM-
based baselines include: (i) two-stage models relying on
detector proposals (LEO [20], Chat-Scene [19], Video-

3D-LLM [53]); (ii) single-stage text-space decoders (3D-
LLM [17]); and (iii) single-stage < REF > token de-
coders (Grounded 3D-LLM [17], LLaVA-3D [54]). Unlike
these, our single-stage method directly decodes segmenta-
tion masks by routing LMM backbone features to an ob-
ject mask decoder. We also evaluate against proprietary 2D
VLMs (GPT-4o [35], LLaMA [2], Qwen2-VL [32]). Tab. |
presents quantitative results, and full results on Referit3D
are available in the appendix.
Qwen-3D outperforms all prior 3D LMM-based models.
It surpasses the text-decoding single-stage model of 3D-
LLM [17] by over 30%, the recent single-stage state-of-the-
art LLAVA-3D [54] by 12%, and the two-stage Video-3D-
LLM [53] by 4%. This establishes Qwen-3D as the new
state-of-the-art for 3D referential grounding among LMM-
based models. Notably, our strongest baseline, Video-3D-
LLM, uses a larger backbone (Qwen2-VL-7B), whereas
Qwen-3D uses Qwen2.5-VL-3B (e.g., 70.1 vs. 65.3 on
RealWorldQA [45]), indicating that the improvements of
Qwen-3D are not solely explained by a stronger VLM back-
bone.
Qwen-3D closes the gap with expert 3D grounding mod-
els. On ScanRefer [10], Qwen-3D outperforms state-of-the-
art expert model UniVLG and all other models and sub-
stantially narrows the gap between specialist 3D models
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Table 2. Evaluation on Locate3D ScanNet++.

Model Acc@25 Acc@50
UniVLG [23] 323 24.6
Video-3D LLM [53] 332 27.6
Qwen-3D (Ours) 50.5 28.5

Table 3. Evaluation on ScanNet200 Instance Segmentation.

Model mAP mAP25

Mask3D [39] 274 423
Closed PQ3D [56] 27.0 463
Vocabulary MAFT [27] 29.2 433

ODIN [22] 31,5 531
Language- PQ3D [56] 20.2 325
Prompted UniVLG [23] 279 46.1
LLM- Grounded-3D-LLM [12] 12.1 16.8
Based Qwen-3D (Ours) 277 46.2

and LMM-based approaches on other 3D grounding bench-
marks.

4.2. Out-of-Domain 3D Referential Grounding

While LMMs often trail specialists in-domain, they typ-
ically excel at out-of-domain (OOD) generalization. We
evaluate Qwen-3D on Locate-3D [3], which provides hu-
man instructions for ScanNet++ [49] scenes. ScanNet++
introduces a distinct domain shift from our fine-tuning data
as it is captured via iPhone LiDAR rather than ScanNet’s
iPad Structure sensor.

We compare against public checkpoints of UniVLG and
Video-3D-LLM (supplied with state-of-the-art ODIN [22]
box proposals). We omit LLaVA-3D [54] as its ground-
ing model weights and code are not publicly released. As
shown in Tab. 2, Qwen-3D significantly outperforms both
baselines on these OOD tasks. We attribute our better
generalization over UniVLG to Qwen-3D’s stronger pre-
training. Furthermore, while Video-3D-LLM uses a large
VLM backbone, its reliance on off-the-shelf 3D detectors
bottlenecks OOD robustness. Conversely, Qwen-3D di-
rectly decodes boxes from VLM features, allowing it to bet-
ter exploit the underlying representation for superior gener-
alization.

4.3. 3D Instance Segmentation

We evaluate Qwen-3D on the ScanNet200 [37] instance
segmentation benchmark. While traditional methods [22,
39] assume a closed vocabulary setup, recent models [23,
56]—Ilike ours—adopt a language-prompted paradigm
(e.g., “find chairs. tables. sofa.”’). Furthermore, because
most 3D grounding VLMs predict only a few bounding
boxes, they fail as full scene detectors, with Grounded-

Table 4. 2D Ref. grounding datasets and RealWorldQA

RefCOCO RefCOCO+ RefCOCOg RealWorldQA

LAVT [48] (B) 72.7 62.4 61.2

ReSTR [26] 67.2 55.7 54.5

X-Decoder (L) [57] - 64.6

UniVLG [23] 69.2 61.3 64.1 -
Qwen-2.5 3B [5] 89.1 82.4 85.2 62.6
Qwen-3D (Ours) 90.7 85.3 86.0 61.4

3D-LLM [12] being the only exception to our knowledge.
As shown in Tab. 3, Qwen-3D outperforms Grounded-3D-
LLM by 15% AP and 30% AP25, effectively bridging the
performance gap between generalist VLMs and matching
the performance of language-prompted specialist models.

4.4. 3D Visual Question Answering

We evaluate Qwen-3D on two 3D question answering
benchmarks: ScanQA [4] and SQA3D [34]. Both datasets
use visual scenes from ScanNet [14], with ScanQA focus-
ing on spatial-relation questions and SQA3D emphasizing
situational reasoning.

Following prior work, we report Exact Match (EM@1),
ROUGE (R), CIDEr (C), and METEOR (M). As shown
in Tab. 1, Qwen-3D outperforms state-of-the-art expert
model UniVLG [23], and achieves comparable perfor-
mance to the single-stage LMM state-of-the-art LLaVA-
3D-7B [54].

4.5. 2D Vision-Language tasks

To prevent degradation of the base model’s strong 2D ca-
pabilities, we co-train Qwen-3D on 2D datasets, including
the RefCOCO family [25] and LLaVA-Instruct-150k [31].
Tab. 4 evaluates Qwen-3D against its pre-trained base
model (Qwen2.5-VL 3B [5]) on RefCOCO 2D grounding
benchmarks and the held-out RealWorldQA [45] dataset.
As in our 3D setup, Qwen-3D predicts segmentation masks
which we convert to bounding boxes for evaluation. Results
show that Qwen-3D performs comparably to the 2D-only
base model across both tasks, successfully maintaining its
2D strengths while extending effectively to 3D.

For additional visualizations of Qwen-3D, ablations on
pre-training retention, and results on text-only tasks, please
refer to the appendix.

4.6. Additional Analysis and Ablations

We ablate several of our key design choices on ScanRefer
(Top-1@0.5).

Full Text Tokens vs. Grounding Token We ablate the
full token interface between the vision-language attention
module and the object mask decoder against a variant that
replaces the full text token injection with a special ground-
ing token < REF > into the mask decoder, similar to
LLAVA-3D [54] and Grounded-3D-LLM [12]. As shown in
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Table 5. Ablations of Qwen-3D

(a) Text vs. < REF > (b) Pos. Embed.

(c) Attn. Mask (d) VLM Tuning

Mask Type Topl Acc. Finetune Topl Acc.

Model Top1 Acc. Pos. Embed. Top1 Acc
Grounded 3D-LLM 44.0

LLAVA-3D - 7B 0.7 12\ID‘ 3D mROPE g;g
Qwen-3D < REF > 430 ave S mRo .
Qwen-3D (ours) 57.7 3D RoPE (ours) 57.7

Tab. 5a, with the < REF > token, Qwen-3D achieves com-
parable performance to both LLAVA-3D and Grounded-3D-
LLM, however, Qwen-3D with the full text and visual token
interface greatly outperforms all < REF > token baselines.

Positional Embedding: We compare the 3D positional
embeddings against the 2D MROPE utilized in Qwen2.5-
VL and a naive implementation of 3D RoPE in Qwen’s
MROPE on 3D grounding. As shown in Tab. 5b, the 3D
ROPE outperforms all other RoPE variants. We hypothesize
this is because 3D RoPE improves the model’s cross-view
spatial reasoning over the 2D variant, while the distribution
of the frequencies in Qwen’s original MRoPE hinders the
model’s capability to discern spatial relationships along the
point cloud’s axes. We provide further details of the alter-
native RoPE designs in the appendix.

Causal Mask vs. Full Attention Mask: Qwen2.5-VL
applies causal masking in its vision—language attention lay-
ers, even for non-autoregressive tasks such as grounding.
We compare this original design—which stays closer to
the model’s pre-training distribution—against a full atten-
tion mask where all vision and language tokens attend to
each other except during autoregressive text generation. As
shown in Tab. 5c, the full-attention variant significantly out-
performs the causal-mask variant.

Freezing vs. Fine-tuning the Base VLM: As shown in
Tab. 5d, fine-tuning the underlying Qwen VLM is essen-
tial to achieve strong grounding performance. Keeping the
VLM frozen leads to a substantial drop in accuracy.

5. Limitations and Future Directions

In this work, we focus on visual grounding from multi-view
RGB videos that depict largely static scenes. Extending
Qwen-3D to handle dynamic environments is an important
direction for future work. This will likely require integrat-
ing temporal motion representations, dynamic scene recon-
struction, or object-centric tracking into the model’s geo-
metric reasoning pipeline. Additionally, as with prior 3D
vision-language models, the performance of Qwen-3D de-
pends on the quality of the input 3D geometry. Although
our experiments already operate on real-world noisy 3D re-
constructions and demonstrate strong performance, jointly

36.4
57.7

Causal
Full

37.0
57.7

Frozen
Finetune

refining geometry during inference remains an interesting
direction for future work.

Another promising direction is enabling multi-step
grounded reasoning. In the current formulation, Qwen-
3D primarily performs single-step grounding by directly lo-
calizing language-referred entities in the scene. However,
many real-world tasks require sequential reasoning, such as
composing multiple grounding operations, performing spa-
tial comparisons, or executing multi-stage instructions. In-
corporating multi-step reasoning mechanisms, for example
through iterative grounding or reasoning frameworks such
as [38], could enable richer interaction between language
and spatial representations. We expect that combining
geometry-aware perception with structured reasoning will
further improve performance on complex visual-language
tasks in 3D environments.

6. Conclusion

We introduced Qwen-3D, a geometry-aware 3D vi-
sion—language model that integrates explicit multi-view ge-
ometric reasoning into a strong multimodal backbone. By
leveraging depth and camera pose to guide token compres-
sion and introducing scale-aligned 3D Rotary Positional
Embeddings, Qwen-3D efficiently processes long multi-
view video streams while maintaining consistent cross-view
spatial understanding. We further proposed a tightly in-
tegrated grounding architecture that directly connects con-
textualized vision—language features from the backbone to
a 3D query-based segmentation decoder, enabling direct
language-to-3D alignment. Extensive experiments show
that Qwen-3D significantly advances the state of the art
among general-purpose 3D LMMs, achieving strong im-
provements in 3D grounding and instance segmentation
while preserving competitive 2D multimodal performance.
Our results substantially narrow the gap between generalist
multimodal models and specialist 3D grounding systems,
and demonstrate superior robustness in out-of-domain set-
tings. Overall, our findings highlight the importance of
tightly integrating geometric structure with pretrained vi-
sion—language representations, suggesting a promising path
toward unified models capable of reasoning across both 2D
and 3D visual environments.
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7. Appendix

7.1. Sensitivity to Pose and Depth Noise

While Qwen-3D already operates on real-world sensor
noise in all experiments reported in the paper, we further
stress-test the model under controlled settings with substan-
tial depth and camera pose noise.

Following UniVLG [23], we simulate depth noise by
injecting Gaussian noise with increasing variance into the
raw depth maps before unprojection. To simulate additional
pose noise, we add Gaussian noise with increasing variance
to both the translation and rotation components of the pro-
vided camera poses.

We evaluate on ScanRefer (Top-1@0.25) against Uni-
VLG, the strongest reported baseline. We choose UniVLG
as the primary baseline because many strong 3D LMMs,
such as Video-3D-LLM [53], adopt two-stage pipelines that
rely on external object detection models and operate on pre-
processed detections at inference time. Fairly evaluating
such methods under additional noise would require these
external detectors to be re-run on the perturbed point clouds,
making comparisons difficult to standardize. In contrast,
existing single-stage 3D LMMs either substantially under-
perform our model or do not release the necessary visual
grounding code (e.g., LLaVA-3D [54]). Nevertheless, Uni-
VLG remains the strongest reported baseline on ScanRefer,
and we therefore report comparisons against it.

As shown in Fig. 4, Qwen-3D avoids catastrophic fail-
ure even under significant noise. Specifically, Qwen-
3D demonstrates high robustness to depth noise, showing
no significant performance drop even under high variance
noise, matching UniVLG’s resilience to spurious points.
Qwen-3D is similarly robust to pose noise, degrading grace-
fully and even outperforming the state-of-the-art model un-
der extreme misalignment. We attribute this robustness to
the strong integration of 2D pretrained vision-language pri-
ors from the Qwen backbone into explicit 3D structures, al-
lowing the model to project reasoning over 2D inputs into
accurate 3D masks even when the underlying 3D structures
are corrupted.

7.2. Additional 3D Grounding Results

We report detailed 3D grounding evaluations on the SR3D,
NR3D [1], and ScanRefer [10] benchmarks in Tab. 6. To
our knowledge, no prior 3D LLM-based models report on
the SR3D and NR3D benchmarks. Qwen-3D outperforms
all prior LLM methods on ScanRefer using only a 3 billion
parameter backbone, despite many of the strongest prior
methods utilizing more powerful backbones of 7 billion pa-
rameters or more.
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7.3. Text-only Results

We jointly train our model on visual reasoning tasks
alongside the pure text instruction fine-tuning dataset, Al-
paca [41], and evaluate Qwen-3D’s instruction-following
capabilities on the MMLU-Pro [44] benchmark. As shown
in Tab. 7, our model performs competitively with Qwen2.5-
VL-3B [5] on general instruction-following tasks. This
demonstrates no significant degradation of the original
backbone’s text generation capabilities, despite our adap-
tations from causal attention masking to full attention over
the inputs.

7.4. End-to-end Latency

We estimate the end-to-end latency of Qwen-3D on 3D
tasks, tracking from raw scene inputs to the final 3D ground-
ing outputs. As noted in Section 3 of the main text, doing
an inference on the full set of multi-view RGB-D frames
through Qwen-3D takes approximately 2 seconds. This in-
cludes the time required to unproject RGB-D frames (20
ms) and voxelize the 3D point cloud (1 ms). Standard RGB-
D SLAM reconstruction methods [15] used for ScanNet
scenes add about 1 to 5 seconds, yielding a total end-to-
end latency of roughly 3 to 7 seconds. Notably, SLAM
reconstruction costs can be amortized per scene as the re-
construction only needs to be run once; subsequent queries
to the same environment only require the 2-second model
forwarding time. Additionally, we note that all 3D LMMs
need to run SLAM to obtain their point clouds; Qwen-3D
does not introduce any new dependencies over prior meth-
ods.

7.5. Detailed Comparison of Training Datasets

Qwen-3D is trained on a mix of 2D and 3D datasets.
The 3D datasets comprises approximately 255k sam-
ples spanning 3D question answering [4, 34], referen-
tial grounding [1, 10], and instance segmentation [37].
The 2D datastes include referential grounding (Ref-
COCO, RefCOCO+, RefCOCOg [25]), instance segmen-
tation (COCO [30]), captioning and question answering
(LLaVA-Instruct-150k [31]), and instruction fine-tuning
(Alpaca [41]). Notably, all of these 2D datasets are included
in the pre-training dataset of many modern 2D VLMs, in-
cluding Qwen2.5VL, the backbone we use. We include
them to avoid catastrophic forgetting of 2D capabilities as
our model’s VLM backbone as it trains on new 3D data.
Our most competent expert model baseline, Uni-
VLG [23], is trained on a nearly identical dataset mixture,
excluding only LLaVA-Instruct-150k and the text-only Al-
paca dataset. In contrast, the state-of-the-art single-stage
3D LMM, LLaVA-3D [54] utilizes a much larger 3D fine-
tuning dataset, compiling over 860K 3D visual-reasoning
samples together from various benchmarks alongside the
2D LLaVA-Instruct-150k dataset. The leading two-stage
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Figure 4. Sensitivity analysis to camera pose noise (left) and depth noise (right) on ScanRefer (Top-1@0.25). We compare Qwen-3D

against state-of-the-art expert model UniVLG [23]

3D LMM, Video-3D-LLM [53], uses a 3D training mix-
ture similar to ours - substituting Referit3D [1] with
Multi3DRefer [51]. However, it also relies heavily on ex-
ternal object detectors, which are typically trained on Scan-
Net200 instance segmentation datasets.

7.6. Rotary Position Embedding Implementation

To process interleaved visual and textual data in the vision-
attention layers, Qwen2.5-VL [5] utilizes a Multimodal Ro-
tary Positional Embedding (mRoPE). This method decom-
poses positional encodings into temporal, height, and width
components. Each token ¢ in a sequence of length K is
assigned a position ID in each dimension, and the final po-
sitional embedding is the concatenation of the sinusoidal
encodings of these components:

PE(p) = PE(t;; hi;w;)1sy,

For text tokens, the temporal ID ¢ increments linearly,
while h and w are assigned the same values as ¢, effectively
reducing mRoPE to 1D-RoPE. For image tokens, ¢ is held
constant while (h,w) are assigned to corresponding pixel
coordinates. To maintain temporal consistency across all
modalities and dimensions, the position IDs of each modal-
ity are incremented by the maximum position ID of the pre-
ceding modality, ensuring visual features and text instruc-
tions occupy distinct, non-overlapping positions in the po-
sitional embeddings.
2D RoPE Projection: This extension aims to stay as close
as possible to the Qwen2.5-VL pre-training distribution.
Temporal IDs follow the original scheme, while the height
and width IDs for voxelized point-cloud tokens are obtained
by sampling corresponding 2D pixel coordinates from one
of the views where the voxel is visible.

Naive 3D MRoPE: This extension aims to inject absolute
3D spatial information by replacing the height and width

13

components with embeddings of absolute XYZ coordinates:

PE(p) = PE(t;; 24 s, 2i) 1~

=1

This method is similar to our final 3D RoPE, except it
utilizes Qwen2.5-VL’s partitioning of the embedding chan-
nels among the four dimensions, resulting in an imbalanced
frequency spectrum across the four dimensions, with high-
frequency channels being assigned to the temporal axis and
low-frequency channels being assigned to the z-axis. We
find that this degrades the model’s 3D grounding capabili-
ties in our ablations.

Our 3D ROoPE instead initializes the same range of fre-
quencies for each dimension, resulting in a uniform distri-
bution of high and low frequency channels across all com-
ponents. We find that this method significantly outperforms
all other variants on 3D grounding tasks.

7.7. Additional Hyperparameters

Hungarian Matching cost weights during training have a
sizable impact on our model’s performance on 3D ground-
ing tasks. Our final configuration utilizes the standard cost
coefficients from Mask2Former [13], as we found that alter-
native weighting schemes proposed in other 3D grounding
works [23] can hinder performance.

7.8. Comparison with Token Merging

While Qwen-3D utilizes voxelization pooling to reduce
multi-view redundancy, a popular alternative for reducing
redundancy in video model architectures is token merg-
ing [6], which iteratively fuses visually similar tokens
within ViT attention layers. We attempted to compare
these methods to our voxelization pooling by replacing the
voxelization with a plug-and-play token merging strategy
within our vision-language attention layers [6]. This im-
plementation proved infeasible for dense 3D scenes, as
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Table 6. Results on 3D language grounding for both experts and LMMs. We evaluate top-1 accuracy on the official validation set. *
UniVLG numbers reproduced using the official code with a single 40GB 8 GPU node instead of their 32 GPU setup, and verified with the

authors.
SR3D NR3D ScanRefer
Acc Acc Acc Acc Acc Acc Acc Acc Acc Acc Acc
Methods @25 @50 @75 GT) @25 @50 @75 (GT) @25 @50 @75
(Det) (Det) (Det) (Det) (Det) (Det) (Det) (Det) (Det)

Referlt3DNet [1] 27.7 - 39.8 240 - - - 264 169 -
ScanRefer [10] - - - - - - - 355 224 -
InstanceRefer [50] 31.5 - 48.0 299 - - - 40.2 329 -
LanguageRefer [36] 39.5 - 56.0 28.6 - - - - - -
SAT-2D [47] 354 - 579 31.7 - - - 445  30.1 -
BUTD-DETR [21] 52.1 - - 67.0 433 - - 546 522 39.8 -

Experts PQ3D [56] 62.0 559 462 797 522 450 376 66.7 567 51.8 433
3D-VisTA [55] 56.5 515 428 764 477 422 355 651 51.0 462 367
ODIN [22] 38.1 293 231 - 31.6 208 158 - 43.1 334 262
Locate-3D [3] 65.8 529 - 53.7 40.5 - - 59.9 49.6 -
Locate-3D+ [3] 68.2 54.8 - 56.1 432 - - 61.1 509 -
UniVLG (1 GPU node) [23]* 71.7 636 512 - 52.8 420 330 - 64.1 5277 435
UniVLG [23] 730 648 51.8 - 583 498 39.1 - 63.5 564 46.0
2D VLMs*
LLaMA [2] 213 139 - 28.0 169 - - 373 242 -
Qwen2-VL-2B [46] - - - 31.1 - - - 359 319 -
Qwen2-VL-72B [46] - - - 47.6 - - - 448  40.3 -
GPT-40 [35] 29.2 189 - 382 251 - - 482 325 -
Two-Stage
ChatScene [19] - - - - - - - 555 502 -
LEO [20] - - - - - - - - - -

LMMs Video-3D LLM - 7B [53] - - - - - - - 58.1  51.7 -
Single-Stage
NaviLLM [52] - - - - - - - - - -
LL3DA [11] - - - - - - - - - -
SceneLLM [16] - - - - - - - - - -
3D-LLM [17] - - - - - - - 30.3 - -
Grounded 3D-LLM [12] - - - - - - - 479 44.1 -
LLaVA-3D - 7B [54] - - - - - - - - 50.1 42.7 -
Qwen-3D(Ours) 61.8 558 45.6 - 551 487 395 - 65.6 577 45.0

Table 7. Qwen-3D on instruction-following benchmark voxelization pooling preemptively downsamples the point

MMLU-Pro [44]

Model EM@1
Qwen2.5-VL-72B 71.2
Qwen2.5-VL-3B 57.1
Qwen-3D (Ours) 55.6

with token merging, the first vision-language attention layer
must still process the point cloud at full resolution (aver-
aging around 33K points for ScanNet scenes). This con-
sistently resulted in GPU out-of-memory errors during in-
ference, regardless of how aggressively the token merging
would downsample in subsequent layers. Conversely, our
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cloud, reducing the number of points to an average of about
14K points prior to the attention layers. This acts as a nat-
ural, 3D-aware compression mechanism that bypasses the
memory overhead of full-resolution multi-view attention.

Table 8. Mask Decoder Text-Query Cross Attention Ablations

Mask Decoder Top1 Acc
Q<->V cross-attn 52.5
Q->V cross-attn 44.3

7.9. Additional Implementation Details

For our model, we use Qwen2.5-VL as the backbone due
to its open-source implementation and its tight integration
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of visual and textual features in its visual-language atten-
tion layers. Within our codebase, we also introduce several
engineering modifications to the original Qwen2.5-VL ar-
chitecture.

The Qwen2.5-VL vision encoder handles the batching
of multiple images by sequentially concatenating images
along the token dimension and using attention masks to
prevent cross-image interaction, resulting in O(N?) com-
plexity in the vision encoder with respect to the number of
images IN. We optimize this by implementing batched for-
warding in the attention mechanism to perform per-image
batched attention. This modification reduces the complex-
ity from O(N?) to O(N) while preserving the original be-
havior of the vision encoder. This also substantially reduces
GPU memory usage, which is essential for processing scene
videos with large numbers of input RGB images.

Additionally, Qwen2.5-VL utilizes causal masking in its
visual-language attention layers, allowing each vision and
text token to attend only to itself and to earlier tokens in the
sequence. This is problematic for our point cloud inputs be-
cause this operation is not permutation-invariant and would
cause the model to learn artifacts of the arbitrary ordering
of the point cloud sequences rather than the underlying ge-
ometry. We rectify this by replacing this causal-masked at-
tention with all-to-all attention for all text and visual inputs
and finetuning our backbone with causal masking only over
the answer tokens. We ablate these changes in the main text.

7.10. Visualizations of Failure cases

In Fig. 5, we outline three common failure modes for Qwen-
3D on 3D referential grounding tasks:

Incomplete object selection (Left): The model occasion-
ally masks only a partial section of the target. This typically
occurs when the underlying point cloud contains significant
holes or artifacts, skewing the geometric understanding of
the complete object shape.

Confusion between instances (Middle): The model cor-
rectly identifies the object class but grounds the wrong in-
stance. Confusion between multiple instances is a com-
mon failure mode seen in mask-decoding architectures, and
similar issues have been noted in previous works, such as
Mask3D [39] and UniVLG [23].

Language ambiguity (Right): The model occasionally
confuses the target object with other reference objects men-
tioned in more ambiguous querying expressions.

7.11. Visualizations of Qwen-3D Results

We include visualizations of Qwen-3D predictions in 3D
referential grounding tasks in Fig. 6, 2D referential ground-
ing in Fig. 7, instance segmentation in Fig. 8, and visual
question-answering tasks in Fig. 9.
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there is a black desk

select the suitcase that chair with back against chair in the center of
is in the center of the the wall directly next to the room. it is in front
bathtub and the desk book shelf of the desk with a

phone sitting on it

Figure 5. Failure cases of Qwen-3D on 3D grounding tasks. The red segmentation masks and boxes refer to Qwen-3D’s prediction and the
green masks and boxes indicate the ground truth.

16

CVPR
#00027



CVPR
#00027
CVPR 2026 Submission #00027. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

SR3D
'I:(};‘e d°°: tha'; ;'n Find the bed that is close Select the shelf that is
e center of the .
) to the storage bin close to the coffee table
curtain and the
bathroom vanity
NR3D
desk underneath this shelf is farther the door that goes
the bunk bed that is away from the into the bathroom
next to couch staircase
ScanRefer

there is a sink right this picture is there is a rectangular
under the soap and located on the back green pillow. it is on
the tissue dispenser. wall of the room. it the right side of a
below the sink there is above the left bed dark couch

is a small white
trash container

Figure 6. Visualizations of Qwen-3D’s predictions on 3D Referential Grounding Datasets SR3D, NR3D, and Scanrefer. The red
segmentation masks and boxes refer to Qwen-3D’s prediction and the green masks and boxes indicate the ground truth.
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RefCOCOg
green color vegetable in small cow laying little girl sitting with toy in
between potato and down her hand
carrot
RefCOCO+
third suitcase dark haired boy

rightest us

RefCOCO

the first half of the
corner sandwich to the left

bed on right bottom

Figure 7. Visualizations of Qwen-3D’s predictions on 2D Referential Grounding Datasets RefCOCOg, RefCOCO+, and RefCOCO.
The model’s predictions are indicated by the green mask and bounding box.
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coco

ScanNet200

Figure 8. Visualizations of Qwen-3D’s instance segmentation predictions on COCO and ScanNet200.
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Q: what color is the bathroom Q: the blue office chair is Q: how many pairs of shoes can
counter next to the door? pushed away from what be seen lying in front of the
N object? table?
ScanQA
iy
A: white A: table
Q: i am sitting on a couch and Q: i am cooking on the Q: i am wiping the window and
there is a backpack on my left. the stove. how many desks the table is on my backside. is
bookshelf to my right is made out are behind me on the the table behind me long or
of what? short?
SQA3D
A:long
Q: Based on the shadow,
where is the sun relative to
Q: Is the closest red car to us Q: What color is the traffic us?
closer than the closest semi lights in this scene? a. Behind
truck? b. On the right
c. Infront
RealWorldVQA

A:yes A: green

Figure 9. Visualizations of Qwen-3D’s responses to visual question-answering tasks on 3D benchmarks SQA3D and ScanRefer and the
2D benchmark RealWorldVQA. Green boxes denote objects relevant to the posed question.
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