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Abstract. Large Multimodal Models (LMMs) have achieved remark-
able success on images and short videos, yet scaling them to long videos
remains challenging due to frame-centric tokenization and limited con-
text windows. 3D geometry provides a natural compression mechanism
for visual streams: depth and camera pose enable observations from mul-
tiple views and time steps to be fused into a persistent, world-aligned rep-
resentation. While recent 3D LMMs leverage geometry-aware representa-
tions to improve spatial reasoning, they continue to lag behind specialist
3D perception systems on grounding and segmentation tasks. We argue
that a key limitation is geometry-aware decoding: existing methods com-
municate 3D predictions through language tokens, proposal selection, or
lightweight grounding queries, creating a bottleneck between language
reasoning and dense geometric prediction. Building on these insights, we
introduce Qwen-3D, a geometry-aware LMM that compresses visual in-
formation within the Qwen backbone using multi-view geometric cues,
enabling efficient long-horizon visual reasoning over static scenes. Qwen-
3D augments visual tokens with 3D Rotary Positional Embeddings, al-
lowing attention to operate directly in 3D scene space rather than across
independent image frames and thereby facilitating scalable cross-view
and temporal reasoning. To bridge language and geometry, Qwen-3D in-
corporates a query-based segmentation decoder that grounds language
directly in the underlying 3D scene representation, unifying referential
grounding, instance segmentation, and visual question answering across
both images and videos. Across a diverse set of benchmarks, Qwen-3D
surpasses existing 3D LMMs and outperforms several large proprietary
2D models. Notably, Qwen-3D achieves these improvements while main-
taining strong performance on standard 2D vision—language benchmarks
by jointly training on 2D and 3D data. Our code and checkpoints can be
found at the project website https://qwen-3d.github.io/.

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 se-
quences is computationally expensive due to the quadratic cost of attention, and
limited context windows prevent long-range spatio-temporal reasoning across
frames. Multi-view 3D geometry, in the form of depth and camera poses, offers
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Fig. 1: Qwen-3D performs attention directly in 3D world space rather than
over independent image frames. Given multi-view RGB observations, depth, and
camera poses, Qwen-3D maps visual tokens into a shared 3D coordinate system and ap-
plies geometry-aware attention through 3D Rotary Positional Embeddings. The model
jointly supports language reasoning, 2D grounding, and 3D grounding within a uni-
fied architecture, achieving state-of-the-art performance across a broad range of vi-
sion—language and 3D understanding benchmarks.

a principled alternative, allowing video frames to be mapped into a shared 3D
coordinate system. This enables compression of long multi-view streams into
compressed persistent scene representations where temporally distant frames
may correspond to nearby 3D locations.

Existing approaches to integrating such 3D information compression into
VLMs in order to improve their long range reasoning abilities generally follow
one of two distinct paradigms. One line of work introduces 3D point clouds as
auxiliary inputs to the model , 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 features with
corresponding depth. The second line of work integrates geometry directly into
the visual token representation. Methods such as LLaVA-3D and Video-
3D-LLM modify positional encodings such that multi-view image tokens
are embedded according to their 3D world coordinates rather than their 2D
image-plane positions. This approach allows the model to reason over multi-
view observations in a shared spatial coordinate system while maintaining the
strong visual representations learned by large VLM backbones.

Despite these advances, existing 3D large multimodal models (LMMs) still lag
substantially behind specialist 3D perception systems. Dedicated models trained
for detection, segmentation, and grounding continue to outperform general-
purpose 3D LMMs by a large margin . Moreover, most current 3D
LMMs do not even attempt standard 3D perception tasks such as object detec-
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Fig. 2: Decoding object information in 3D LMMs. From left to right: (i) Text-
space decoding, as in 3D-LLM 7 where object coordinates or bounding boxes are
generated autoregressively as language tokens. Unlike images, 3D scenes do not ad-
mit a canonical world coordinate frame, making dense spatial prediction through
text generation inherently ambiguous. (ii) Proposal-selection decoding, as in Video-3D-
LLM [17][18[48], where the model selects from a predefined set of object proposals. This
approach is fundamentally limited by proposal quality and cannot localize objects ab-
sent from the proposal set. (iii) Special-token decoding, as in LLaVA-3D , where
grounding information is communicated through a single dedicated token. While ef-
fective for coarse language-to-vision communication, this creates a severe information
bottleneck between language reasoning and dense geometric prediction. (iv) Qwen-
3D (ours), which directly connects contextualized vision-language features from the
backbone to a mask-based segmentation decoder. By sharing dense visual representa-
tions between language reasoning and geometric prediction, Qwen-3D grounds multiple
referential expressions directly in the underlying scene representation, enabling high-
quality 2D and 3D grounding and segmentation.

tion on ScanNet . The only exception, Grounded-3D-LLM 7 achieves
less than half the performance of state-of-the-art 3D detectors.

We argue that this gap stems from a fundamental challenge in adapting
language-centric architectures to 3D perception. While large language models
excel at reasoning over discrete tokens, dense 3D grounding requires predict-
ing spatially precise outputs in a continuous world coordinate system. Unlike
images, which provide a canonical pixel coordinate frame, 3D scenes admit no
universal reference frame: the same object may appear at entirely different co-
ordinates across scans and environments. As a result, autoregressively decoding
3D boxes, coordinates, or masks as language tokens is an unnatural interface for
3D perception.

Existing 3D LMMs typically address this problem either by representing
grounding outputs through text generation or by attaching lightweight ground-
ing modules that communicate with the backbone through a small set of query
vectors (Figure . While these approaches preserve the reasoning capabilities of
the underlying language model, they create a severe information bottleneck be-
tween high-capacity visual representations and the dense geometric predictions
required for grounding. Consequently, current 3D LMMs improve high-level spa-
tial reasoning but remain significantly weaker than specialist systems on core
3D perception tasks. This observation raises an important open question: how
should a large multimodal model interface with a 3D grounding system?
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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 ob-
ject grounding (Figure . Rather than treating grounding as language gener-
ation or restricting communication through a small set of latent queries, we
propose a unified architecture in which the language model and grounding de-
coder share dense visual representations. This design enables rich bidirectional
interactions between language reasoning and geometric perception, substantially
improving grounding accuracy while preserving the general-purpose capabilities
of the multimodal backbone. Built on the strong 2D foundation of Qwen2.5-VL-
3B, Qwen-3D integrates 3D structure directly into the vision-language backbone.
First, we leverage geometric information to compress visual tokens within the
backbone, merging tokens originating from nearby 3D locations. This enables
efficient reasoning over long multi-view videos while preserving spatial consis-
tency across views. Second, we introduce 3D Rotary Positional Embeddings to
the Qwen backbone, allowing attention within the backbone to operate in a
geometry-aware coordinate system and improving cross-view spatial reasoning.

Across a wide range of 3D grounding benchmarks, Qwen-3D outperforms
both proprietary 2D VLMs and the strongest existing 3D LMMs while main-
taining strong performance on 2D tasks. Compared to the previous 3D LMM
state-of-the-art, Qwen-3D improves 3D visual grounding by 4% Acc@25, sur-
passes the best single-stage 3D LMMs by 12% Acc@25, and increases 3D in-
stance segmentation accuracy by 13% mAP. The model also achieves compet-
itive performance on 3D visual question answering while preserving the strong
2D capabilities of its backbone. Furthermore, Qwen-3D substantially narrows
the gap between general-purpose 3D LMMs and specialist 3D grounding mod-
els on in-domain benchmarks, while significantly outperforming specialist meth-
ods on out-of-distribution 3D scenes and language instructions. Following prior
3D LMMs such as LLaVA-3D [50] and Grounded-3D-LLM |[11], we characterize
Qwen-3D as a vision—language generalist based on its broad multi-modal 2D
and 3D capabilities, while further broadening the evaluation scope beyond these
baselines to include 3D object detection, text-only baselines, and generalization
across unseen distributions.

Contributions. Our contributions are as follows:

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

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

— 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 bench-
marks, improving 3D visual grounding by 4% and instance segmentation by
13%, while maintaining strong 2D multimodal performance.

We make our code publicly available at https://qwen-3d.github.io/|
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2 Related Work

Building upon the rapid progress of 2D Large Multimodal Models [5]35}[40],
recent work has focused on extending these models to understand 3D scenes.
Existing approaches can be grouped into four main categories:
(a) 3D point cloud encoders trained from scratch. Methods such as
LL3DA [10], Scene-LLM [14], and Grounded-3D-LLM [11] augment multi-view
image streams with explicit 3D point cloud encoders. The resulting 3D fea-
tures 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 [15] uses Q-Former lay-
ers [28] to compress large numbers of 2D foundation-model features into small
sets of latent tokens. In contrast, Qwen-3D performs multi-view feature com-
pression 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 fea-
tures as input to the language model. Approaches such as LEO [18] and ChatScene |17]
first detect objects with off-the-shelf 2D or 3D detectors, pool features within de-
tected regions, then feed these pooled features into their VLMs. These methods
may yield structured object representations and improve grounding, but per-
formance is fundamentally constrained by the robustness of the detectors them-
selves, 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 posi-
tional embeddings of multi-view visual tokens to better encode 3D spatial re-
lationships [211[22}/48,[50]. 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 discuss these grounding architectures in detail in the
following section.

8D Visual Grounding. Visual grounding—identifying objects referred to by lan-

guage—is a fundamental capability for 3D vision—language systems. Early work |3}
20,[33] achieved strong performance by designing specialized architectures tai-

lored for 3D grounding. Subsequent methods [3}|22}[51,[52] unified grounding,

question answering, and captioning within a single framework. More recently,

3D LMMs have leveraged large-scale pretrained vision—language features to as-

sist 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. [2h) Models such as 3D-LLM [15]

directly decode 3D bounding boxes in the text space. However, they achieve low
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performance on localization 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. ) Approaches
such as Video-3D-LLM [48|, ChatScene [17], and LEO [18] first run an object de-
tector 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. ) Following the mask-as-embedding
paradigm introduced by LISA [26], several methods decode a special grounding
token (e.g. < REF >) and localize it using an explicit decoder head, as in LLaVA-
3D [50], Grounded-3D-LLM [11], and Reason3D [19]. Essentially, the VLM heads
and the decoder heads are only connected via the generated < REF > tokens.
Although these methods can, in principle, ground multiple instances from a
category, only Grounded-3D-LLM has been applied to 3D object detection.
Rather than relying on text-space bounding boxes, proposal selection, or
grounding tokens, Qwen-3D directly connects contextualized vision—language
features from the VLM backbone to a mask-based segmentation de-
coder ( Fig. ) This avoids the bottleneck imposed by the special token
decoding and aligns more naturally with contemporary multi-object detection
and segmentation architectures. As a result, Qwen-3D achieves state-of-the-art
grounding and detection performance among 3D LMMs.

3 Method

Qwen-3D extends Qwen2.5-VL with three key components. First, we construct
a geometry-aware scene representation by projecting multi-view visual features
into a shared 3D coordinate system and compressing redundant observations
through voxel-based token merging. Second, we enable geometry-aware reasoning
by replacing image-plane positional encodings with 3D Rotary Positional Em-
beddings, allowing attention to operate directly in world space. Third, we intro-
duce a geometry-aware decoding mechanism that directly couples contextualized
vision—language features with a mask-based grounding decoder, enabling dense
language-guided prediction in both 2D and 3D. Figure [3] provides an overview.

3.1 Geometry-Aware Scene Representation

Given a set of posed RGB-D observations, we first lift visual features into a
shared world coordinate system. Specifically, we use the Qwen2.5-VL vision en-
coder to extract image features and unproject their corresponding depth values
using camera intrinsics and poses, producing a set of aligned feature-coordinate
pairs

FC = {(fiapi)}zj‘\ilv

where f; € RP denotes a visual feature and p; € R? its corresponding world-
space coordinate.
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Fig.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, unpro-
jects 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 atten-
tion layers augmented with 3D Rotary Positional Embeddings and LoRA adaptation.
Two task heads operate on the shared tokens: a 3D mask decoder for referential ground-
ing and instance segmentation and a text decoder for open-ended question answering.

Multi-view observations produce substantial redundancy because pixels from
different views often correspond to the same physical location. Rather than rea-
soning over frame-level tokens, we aggregate observations directly in world space.
Specifically, we apply voxel-based token merging (with a voxel size of 5cm) to the
feature-coordinate pairs, following . This process discretizes the space
and mean-pools the features and coordinates within each occupied voxel, yield-
ing a compact, unordered set of geometry-aligned tokens FC' = {( fj,pj)}j]‘i/l,
where M’ < M.

3.2 Geometry-Aware Vision—Language Attention

Unlike conventional VLMs that perform attention over image-plane coordinates,
Qwen-3D performs attention directly in a shared world coordinate system. We
use the Qwen2.5-VL language tokenizer |5]| to embed the input natural language
query into a sequence of tokens 7 = {t;}L_ | where ¢, € R 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 multimodal 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 coordinates
(x,y, z), resulting in four positional components

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

where t represents a token’s temporal position in the sequence and z,y, 2
denote 3D spatial coordinates. For text, the temporal ID increments sequentially
(reducing to standard 1D RoPE), while point cloud tokens share a constant
temporal ID and use their world coordinates as spatial IDs.
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This embedding defines a rotation matrix R(p) applied to query and key
vectors before attention: q = R(p,)q, k= R(pir)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 performance without degrading the backbone’s original capabili-
ties. Further attention masking details and RoPE ablations are provided in the

appendix and experiments section, respectively.

3.3 Geometry-Aware Decoding

Most existing 3D LMMs communicate grounding information through language
tokens, proposal indices, or a small number of dedicated grounding tokens [11}[15]
481/50]. While these interfaces preserve the reasoning capabilities of the language
model, they create a bottleneck between the rich visual representations learned
by the backbone and the dense geometric predictions required for grounding. In-
stead, we directly expose the full contextualized vision—language representation
produced by the backbone to a mask-based segmentation decoder.
Let

V= {’Ui,i = 1..M’}

denote the contextualized visual tokens produced by the geometry-aware atten-
tion layers and

the corresponding language tokens. We instantiate (N) learnable object queries
Q={q,n=1.N}

and process them through a Mask2Former-style decoder [12]. Each decoder
layer alternates between cross-attention to visual and language tokens, and self-
attention among object queries. This allows each query to jointly reason about
scene geometry and linguistic context while maintaining access to the full visual
representation rather than a compressed grounding bottleneck.

For all attention involving visual tokens, we use positional embeddings cor-
responding to the underlying modality (2D image coordinates or 3D world co-
ordinates). After the final decoder layer, each object query predicts (i) a seg-
mentation mask through a dot product with the updated visual tokens and
(ii) a language grounding score through a dot product with the language to-
kens. This unified decoder naturally supports both 2D and 3D grounding. For
referential grounding, object queries learn to associate text spans with the cor-
responding visual regions. For question answering and captioning, we use the
original Qwen2.5-VL language head to perform next-token prediction over the
contextualized scene-language representation. This design enables dense geo-
metric prediction while preserving the reasoning capabilities of the underlying
language model.
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Training Objectives We supervise Qwen-3D on three losses:

(a) Mask loss: We assign predictions to ground-truth instances via Hungarian
matching [7] and supervise matched masks with Binary Cross-Entropy (BCE)
and Dice loss, following Mask2Former [12].

(b) Text-span grounding loss: As in [20L[23,]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 predict
low probability over all text tokens.

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

Our complete loss is formulated as:

L= Qmask ‘Cmask + Otextground Etextground + Qgen Lgen (1)

where Lpask is the mask loss, Liextground is the text grounding loss, Lgen is
the text generation loss, and the a’s are the loss weight terms.

3.4 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 in-
puts are represented as unordered point tokens with 3D embeddings. To improve
alignment between 2D and 3D representations during training, we lift 2D data
to 3D with probability p using reconstruction models such as MoGE [42] follow-
ing UniVLG [22]. This enables a single set of parameters to operate seamlessly
across images, videos, and reconstructed 3D scenes.

Implementation Details Qwen-3D introduces only ~50M trainable parameters.
We freeze the Qwen2.5-VL ViT backbone, fine-tune the vision-language atten-
tion layers via LoRA [16], and train the mask decoder from scratch. We train
jointly on 2D and 3D datasets 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 [20] by concatenating object
class names (e.g., “find chair. table. sofa.”).

Following [21,/22], 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 substantially 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 [48]/50]. We include additional
hyperparameters and an ablation of the test-time frame subsampling in the
appendix.
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Table 1: Results on 3D Visual Grounding and VQA for both experts and
LMMs. *2D VLM numbers obtained from prior works |[3}[321[381|47]

ScanRefer ScanQA (Val) SQA3D (Test)

Methods g;‘; g;g EMa@l C M R EM@1
BUTD-DETR |20] 52.2 39.8 - - - - -
ScanQA [4] - - 23.5 67.3 13.6 34.3 -
PQ3D |52 56.7 51.8 20.0 65.2 139 - 47.1
Experts 3D-VisTA [51] 51.0 46.2 224 69.6 13.9 35.7 48.5
ODIN [21] 431 334 - - -
Locate-3D |3] 61.1 50.9 - - - - -
UniVLG [22] 63.5 56.4 25.7 785 15.2 40.0 50.2
2D VLMs*
LLaMA [2] 373 242 - - - -
Qwen2-VL-2B [41] 35.9 319 - - - - -
Qwen2-VL-72B [41] 448 403 - - -
Qwen2.5-VL-3B [44] 364 11.8 - - - - -
Qwen2.5-VL-7B [44] 416 149 - - -
GPT-4o |35] 48.2 325 18.0 583 14.2 334 -
Two-Stage
ChatScene |17] 556.5 50.2 21.6 87.7 18.0 41.6 54.6
LEO |18§] - - 24.5 101.4 20.0 49.2 50.0
LMMs Video-3D LLM - 7B [48| 58.1 51.7 30.1 102.1 - - 58.6
Single-Stage
NaviLLM [49] - - 230 759 154 384 -
LL3DA |10] - - - 76.8 15.9 37.3 -
SceneLLM |14] - - 27.2 80.0 16.6 40.0 54.2
3D-LLM |15 30.3 - 20.5 69.4 14.5 35.7 -
Grounded 3D-LLM |11| 48.6 44.0 - 759 - - -
Reason3D [19] 49.6 41.1 - 73.5 15.1 374 -
LLaVA-3D - 7B [50] 50.1 42.7 27.0 103.1 20.8 49.6 55.6
Qwen-3D - 3B (Ours) 62.2 55.3 28.0 92.0 36.4 46.4 55.4

4 Experiments

We evaluate Qwen-3D against existing LMMs and specialized 3D vision mod-
els on visual grounding in both in-domain (Sec. and out-of-domain set-
tings (Sec. [£.2), along with 3D instance segmentation (Sec. and 3D VQA
(Sec. . We also assess how well Qwen-3D retains its 2D multimodal capa-
bilities (Sec. and analyze which design choices most significantly impact
performance (Sec. . Qualitative results, failure mode analysis, robustness to
depth and camera pose noise, and performance 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 capabil-
ities. The 3D datasets include referential grounding (SR3D, NR3D |1], ScanRe-
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fer [9]), instance segmentation (ScanNet200 [36], Matterport [8]), and question
answering (ScanQA [4], SQA3D [34]). To mitigate catastrophic forgetting of
Qwen’s original capabilities, we co-train on 2D datasets: referential grounding
(RefCOCO, RefCOCO-+, RefCOCOg [24]), instance segmentation (COCO [30]),
captioning and QA (LLaVA-Instruct-150k [31]), and instruction fine-tuning (Al-
paca [39]).

4.1 Evaluation on 3D Referential Grounding

Datasets. We evaluate on the validation sets of three ScanNet-based [13] 3D
referential grounding benchmarks: SR3D, NR3D [1], and ScanRefer [9]. While
SR3D comprises 88k synthetic utterances, NR3D (41k) and ScanRefer (51k) fea-
ture complex, human-annotated queries. Following recent work [3}/6,[21}/22], we
operate directly on noisy, raw sensor RGB-D point clouds rather than clean,
post-processed meshes. Although this setup introduces sensor-mesh misalign-
ments that can degrade performance [21])22], it better reflects practical embodied
learning scenarios.

Evaluation Metrics. We report standard Top-1 accuracy, where a prediction is
correct if the highest-confidence predicted 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 [48]/50], we compare Qwen-3D against state-of-
the-art expert (non-LMM) and LLM-based approaches. Expert baselines include
two-stage [511/52] and single-stage [3l22] methods. LLM-based baselines include:
(i) two-stage models relying on detector proposals (LEO [18], Chat-Scene [17],
Video-3D-LLM [48]); (ii) single-stage text-space decoders (3D-LLM [15]); and
(iii) single-stage < REF > token decoders (Grounded 3D-LLM |[11], LLaVA-
3D [50], Reason3D [19]). Unlike these, our single-stage method directly de-
codes segmentation masks by routing LMM backbone features to an object
mask decoder. We also evaluate against proprietary 2D VLMs (GPT-4o |35],
LLaMA |2], Qwen2-VL [41]). Tab. [1] presents quantitative results, and full re-
sults on Refer[t3D are available in the appendix.

Qwen-3D establishes a new state-of-the-art among 3D LMDMs. It sur-
passes the text-decoding single-stage model of 3D-LLM [15] by over 30%, the
recent single-stage state-of-the-art LLaVA-3D [50] by 12%, and the two-stage
Video-3D-LLM [48] by 4%. This establishes Qwen-3D as the new state-of-the-
art for 3D referential grounding among LMM-based models.

Qwen-3D closes the gap with expert 3D grounding models. On Scan-
Refer |9], Qwen-3D closely matches the state-of-the-art expert model UniVLG,
substantially narrowing the gap between specialist 3D models and LMM-based
approaches, and outperforming all other methods.
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Table 2: Evaluation on Locate3D ScanNet+-+ and ScanNet200 Instance
Segmentation.

(b) ScanNet200 Instance Segmentation

(a) Locate3D ScanNet++ Model mAP mAP25

Mask3D [37] 27.4 42.3

Closed PQ3D [52] 27.0 46.3

Model Acc@25 Acc@50 Vocabulary MAFT |27] 29.2 43.3
UniVLG [22] 32.3 24.6 ODIN |21] 31.5 53.1
Video-3D LLM [48] 332  27.6 Tangunge.  PQ3D 53] 02 325
Qwen-3D (Owrs) — 55.7  43.4 Prompted UniVLG [22] 27.9  46.1
LLM- Grounded-3D-LLM [11] 12.1 16.8

Based Qwen-3D (Ours) 25.3 41.5

4.2 QOut-of-Domain 3D Referential Grounding

While LMMs often trail specialists in-domain, they typically excel at out-of-
domain (OOD) generalization. We evaluate Qwen-3D on Locate-3D [3], which
provides human instructions for ScanNet-++ [46] 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 (sup-
plied with state-of-the-art ODIN [21] box proposals). We omit LLaVA-3D [50]
as its grounding model weights and code are not publicly released. As shown
in Tab. 2a] Qwen-3D significantly outperforms both baselines on these OOD
tasks. We attribute the improved generalization over UniVLG to Qwen-3D’s
stronger pre-training. Furthermore, while Video-3D-LLM uses a large VLM back-
bone, its reliance on off-the-shelf 3D detectors bottlenecks OOD robustness.
Conversely, Qwen-3D directly decodes boxes from VLM features, allowing it to
better exploit the underlying representation for superior generalization.

4.3 3D Instance Segmentation

We evaluate Qwen-3D on the ScanNet200 [36] instance segmentation bench-
mark. While traditional methods [211[37] assume a closed vocabulary setup, re-
cent models [22/52]—like 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-
3D-LLM |[11] being the only exception to our knowledge. As shown in Tab.
Qwen-3D outperforms Grounded-3D-LLM by 13% mAP and 25% mAP25, ap-
proaching 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 [13], with ScanQA
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Table 3: 2D Ref. grounding datasets and RealWorldQA

Model RefCOCO RefCOCO+ RefCOCOg RealWorldQA
LAVT [45] (B) 72.7 62.4 61.2

ReSTR |25] 67.2 55.7 54.5

X-Decoder (L) |53 - - 64.6

UniVLG |[22] 69.2 61.3 64.1 -
Qwen-2.5-VL-3B |5 89.1 82.4 85.2 62.6
Qwen-2.5-VL-3B (mask decoder) 89.7 86.4 84.4 -
Qwen-3D (Ours) 88.1 82.7 84.0 60.4

focusing on spatial-relation questions and SQA3D emphasizing situational rea-
soning.

Following prior work, we report Exact Match (EM@1), ROUGE (R), CIDEr
(C), and METEOR. (M). As shown in Tab. [, Qwen-3D outperforms state-of-
the-art expert model UniVLG [22], and achieves comparable performance to the
single-stage LMM state-of-the-art LLaVA-3D-7B [50].

4.5 2D Vision-Language tasks

To prevent degradation of the base model’s strong 2D capabilities, we co-train
Qwen-3D on 2D datasets, including the RefCOCO family [24] and LLaVA-
Instruct-150k [31]. Tab.|3|evaluates Qwen-3D against its pre-trained base model
(Qwen2.5-VL 3B [5]) on RefCOCO 2D grounding benchmarks and the held-out
RealWorldQA [43] dataset. As in our 3D setup, Qwen-3D predicts segmentation
masks which we convert to bounding boxes for evaluation. Results show that
Qwen-3D preserves the strong 2D capabilities of Qwen2.5-VL despite additional
3D fine-tuning, indicating that geometry-aware reasoning can be added without
sacrificing the general multimodal capabilities of the base model.

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

Table 4: Ablations of Qwen-3D

(a) Text vs. < REF > (b) Pos. Embed. (c) Attn. Mask (d) VLM Tuning
Model Topl Acc.  Pos. Embed. Topl Acc  Mask Type Topl Acc. Finetune Topl Acc.
Grounded 3D-LLM  44.0 2D 53.2 -

LLaVA-3D - 7B 42.7 Vanilla 3D 199 g‘dllllbal gg‘; Frozen 37.0
Qwen-3D < REF > 30.7 ioned - . u . :

Qwen-3D (ours) 53.5 Aligned 3D (ours) 53.5 Finetune 53.5

We ablate our key design choices on ScanRefer (Top-1@0.5) utterances from
50 randomly sampled scenes from the validation set.
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Geometry-Aware Decoding: 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 grounding token < REF >
into the mask decoder, similar to LLaVA-3D [50] and Grounded-3D-LLM [11].
As shown in Tab. [a] with the < REF > token, Qwen-3D underperforms both
LLaVA-3D and Grounded-3D-LLM, however, Qwen-3D with the full text and
visual token interface greatly outperforms all < REF > token baselines.

Geometry-Aware Attention: 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. 4B our 3D RoPE out-
performs 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 ca-
pability to discern spatial relationships along the point cloud’s axes. We provide
further details of the alternative RoPE designs in the appendix.

Causal Mask vs. Full Attention Mask: Qwen2.5-VL applies causal masking in
its vision-language attention layers, 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 attention mask where all vision and lan-
guage tokens attend to each other except during autoregressive text generation.
As shown in Tab. the full-attention variant significantly outperforms the
causal-mask variant.

Freezing vs. Fine-tuning the Base VLM: As shown in Tab. [dd] fine-tuning the
underlying Qwen VLM is essential to achieve strong grounding performance.
Keeping the VLM frozen leads to a substantial drop in accuracy.

5 Limitations and Future Directions

While Qwen-3D performs attention in a shared 3D coordinate system, we assume
that this coordinate system is largely static over time. Dynamic environments in-
troduce non-rigid motion, object interactions, and topology changes that cannot
be captured by a single persistent scene representation. Extending geometry-
aware attention and grounding to dynamic 4D scene representations is an im-
portant direction for future work. This will likely require integrating temporal
motion representations, dynamic scene reconstruction, or object-centric tracking
into the model’s geometric reasoning pipeline.

While Qwen-3D grounds language directly into 3D scene representations,
most tasks considered in this work involve a single grounding step. Many em-
bodied and interactive applications require compositional reasoning over mul-
tiple grounded entities, such as spatial comparisons, relational reasoning, and
long-horizon instruction following. Integrating geometry-aware grounding with
iterative reasoning frameworks may enable richer forms of scene understanding
and planning.

Qwen-3D relies on externally estimated depth maps and camera poses to
construct its world-space representation. While our experiments demonstrate
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robustness to substantial depth and pose noise, errors in geometric reconstruc-
tion ultimately limit downstream grounding performance. An interesting future
direction is to jointly optimize geometry estimation and language-guided scene
understanding within a single end-to-end framework.

6 Conclusion

We introduced Qwen-3D, a geometry-aware 3D vision-language model that in-
tegrates explicit multi-view geometric reasoning into a strong multimodal back-
bone. By leveraging depth and camera pose to guide token compression and 3D
Rotary Positional Embeddings to perform attention in the world space, Qwen-
3D efficiently processes long multi-view video streams while maintaining consis-
tent cross-view spatial understanding. We further proposed a tightly integrated
grounding architecture that directly connects contextualized vision-language
features from the backbone to a 3D query-based segmentation decoder, en-
abling direct language-to-3D alignment. Extensive experiments demonstrate that
Qwen-3D substantially advances the state of the art among general-purpose
3D LMMs, improving grounding, segmentation, and visual question answering
while preserving strong 2D capabilities. More broadly, our results suggest that
geometry-aware representations alone are insufficient for high-quality 3D percep-
tion. Closing the gap between language reasoning and dense geometric predic-
tion requires equally strong geometry-aware decoding mechanisms. We believe
that tightly coupling world-space representations with dense grounding mod-
ules provides a promising foundation for future multimodal models that reason
seamlessly across images, videos, and 3D environments.
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