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What is the distance between the leftmost 
bottle and the rightmost bottle?

The left bottle is at [...]      and the right bottle is 
at [...]       . The distance is 1.05 meters. 
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Detect the 3D bounding box of the bottle 
that could be leaking fluid.
The bottle is at [x1,y1,x2,y2]          

<3d_box center="0.31, 0.21, 0.83"... 

Please detect the 3D location of point 

x: -0.34, y: -0.17, z: 0.83

Which building is taller, is it         or        ?

Region [0] is with more height.

Detect the 3D bounding box of         .

<3d_box center="-0.27, 1.31, 31.11" 
dimensions="2.05, 1.46, ...</3d_box>

Detect the 3D bounding boxes of all objects.

Figure 1. Overview. GR3D bridges 2D pixel-space and 3D metric-space by integrating multiple grounding capabilities into visual chain-
of-thoughts, enabling complex spatial understanding through grounded 2D perception followed by 3D inference.

Abstract

We present GR3D, a spatial vision language model
equipped with three complementary grounding capabili-
ties—explicit 2D grounding, implicit 2D grounding, and
monocular 3D grounding—within a single framework.
GR3D introduces an implicit grounding mechanism that
identifies entity mentions during generation and inserts the
corresponding region tokens into the text stream, allowing
the model to reference visual evidence on the fly when pro-
ducing spatial chain-of-thought responses. In parallel, a
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region-prompted monocular 3D grounding design predicts
3D bounding boxes in the camera view from grounded re-
gion queries, supported by intrinsic-aware normalization
and dense geometric supervision. Together, these grounding
capabilities enable GR3D to decompose complex spatial
understanding problems into grounded 2D perception fol-
lowed by 3D inference. GR3D achieves consistent improve-
ments across grounded and non-grounded spatial bench-
marks, demonstrating grounding as an effective induc-
tive bias for strengthening spatial understanding in VLMs.
These grounding capabilities collectively enhance general
spatial understanding beyond the grounding task itself.

https://www.anjiecheng.me/gr3d


1. Introduction
Vision–language models (VLMs) have rapidly evolved into
general-purpose perception–language systems [? ? ? ?
? ? ? ? ], capable of understanding scenes, follow-
ing open-ended instructions, and supporting diverse mul-
timodal tasks. As these models begin to serve as the core of
embodied agents that must act, manipulate, and navigate in
the physical world [? ? ? ? ? ? ? ? ? ], their spatial com-
petence becomes crucial. Embodied intelligence requires
models not only to recognize what is present, but also to
understand where objects are and how they are arranged in
space—capabilities essential for grounding language into
actions such as where to reach, step, or orient [? ? ? ].
Without reliable spatial grounding, the link between high-
level instructions and physical interaction remains brittle,
limiting the scalability of VLMs toward real-world embod-
ied perception and control.

Rapid progress in spatial VLMs has substantially ad-
vanced 2D spatial understanding and even 3D perception
[? ? ? ? ? ? ? ? ? ]. Yet grounding—the ability to re-
liably associate linguistic mentions with concrete visual re-
gions and connect 2D evidence with 3D structure—remains
limited. Two challenges, in particular, are under-addressed.
(i) Implicit 2D grounding is scarce: most systems support
explicit “point to X” grounding but lack mechanisms or
data for automatically detecting entities mentioned in free-
form text and integrating their corresponding visual evi-
dence during generation. Constructing such supervision is
difficult, as it requires aligning textual mentions to latent
visual regions and interleaving region information into the
language stream. (ii) Monocular 3D grounding is inherently
ill-posed: from a single view, object scale, depth, and in-
trinsics are entangled, and 3D prediction requires first iden-
tifying which instance the text refers to before estimating
its 3D extent and pose. Existing approaches often bypass
this intermediate localization step [? ], rely on multi-view
supervision [? ], or are limited by the scarcity of 3D box
annotations [? ].

To address these limitations, we introduce (GR3D), a
spatial VLM that integrates grounding as a core mechanism
for learning spatial representations. GR3D jointly supports
three complementary grounding capabilities within a uni-
fied architecture: explicit 2D grounding, which predicts ob-
ject regions through the language head in a structured tex-
tual format; implicit 2D grounding, which links linguistic
mentions to visual evidence through dynamic region inser-
tion; and monocular 3D grounding, which extends region
understanding into 3D by predicting bounding boxes and
camera intrinsics under dense geometric supervision. To-
gether, these mechanisms establish a fine-grained alignment
between language, image regions, and geometry, enabling
consistent 2D and 3D spatial reasoning.

While explicit 2D grounding predicts the location

of queried objects, it cannot handle free-form reason-
ing where spatial cues are implicit. Real-world spatial
queries—e.g., describing relations, distances, or navigation
targets—require first recognizing and localizing the entities
mentioned before reasoning about the query itself. GR3D
bridges this gap with an implicit 2D grounding mechanism
that performs streaming region insertion: as the model gen-
erates responses, it dynamically predicts the visual region
corresponding to each mentioned entity, encodes the region
into a token, and injects it directly into the ongoing lan-
guage stream. This enables reasoning to evolve directly
over grounded visual evidence, yielding coherent spatial
predictions without any separate detection phase.

Inferring 3D structure from a single view introduces
both linguistic and geometric ambiguities, such as de-
termining which instance a description refers to and es-
timating its depth, scale, and pose without multi-view
cues. GR3D addresses these challenges through a region-
prompted 3D grounding formulation: each grounded 2D
region is treated as a query for 3D inference, supported by
intrinsic-aware normalization and dense geometric supervi-
sion derived from depth estimation. This design aligns se-
mantic localization and geometric prediction within a con-
sistent camera-view framework, enabling the model to in-
fer coherent 3D structure directly from grounded 2D ev-
idence and to generalize across diverse scenes and view-
points. Crucially, by receiving region tokens produced by
implicit 2D grounding, the 3D predictor naturally plugs into
CoT-driven reasoning—allowing the model to first resolve
“which object” via grounded language generation and then
infer “what 3D structure” for that object. This decompo-
sition makes monocular 3D grounding applicable to both
instance-level referring tasks and open-set category-level
3D detection.

Integrating explicit 2D grounding, implicit 2D ground-
ing, and monocular 3D grounding positions GR3D as a
flexible spatial understanding framework spanning 2D/3D
and single-/multi-view settings. Through this grounding-
centered formulation, the model learns to localize, refer-
ence, and reason over spatial structure in a unified man-
ner. Implicit grounding enhances CoT accuracy and spa-
tial consistency on CVBench [? ], ERQA [? ] and
SAT [? ], while region-prompted 3D grounding with dense
point supervision achieves state-of-the-art performance on
Omni3D. Moreover, we observe key insights: (i) ground-
ing improves general spatial understanding even without ex-
plicit localization; (ii) dense geometric supervision provides
scalable structure cues; (iii) combining implicit grounding
with region-prompted 3D inference unlocks a versatile de-
composition pipeline that supports referring-instance 3D
grounding, category-level 3D detection, and multi-object
scene grounding. Together, these results show that embed-
ding grounding within the model architecture strengthens



both spatial perception and grounded reasoning.

2. Method
GR3D is designed to address two major limitations of cur-
rent Spatial VLMs: the lack of an implicit grounding mech-
anism that allows models to automatically associate linguis-
tic mentions with visual evidence during reasoning, and the
difficulty of performing monocular 3D grounding from a
single image with entangled depth and scale cues. To over-
come these, we first construct a foundational Spatial VLM
(Sec. 2.1) that provides geometry-aware features for both
single- and multi-view inputs. Building on this foundation,
we introduce explicit and implicit 2D grounding (Sec. 2.2)
to link linguistic expressions with visual evidence, and ex-
tend them to monocular 3D grounding through region
prompts, intrinsic normalization, and dense geometric su-
pervision (Sec. 2.3). Finally, we describe our data con-
struction pipeline (Sec. 2.4) that generates large-scale im-
plicit grounding annotations and balanced 2D–3D supervi-
sion to facilitate training.

2.1. Foundational Spatial VLM
Objective. We follow the design principle of SR-3D [? ] to
construct a foundational Spatial VLM based on the NVILA-
8B-Lite [? ] architecture. This model provides a unified
spatial representation that supports both single- and multi-
view spatial understanding, serving as the base for subse-
quent grounding modules. At this stage, no grounding capa-
bility is included; the focus is on building a geometry-aware
representation layer compatible with language reasoning.
Single-view Setup. The base NVILA encoder extracts
dense visual tokens from an RGB image for single-view in-
puts. To make these tokens spatially aware, we augment
them with 2D positional embeddings derived from their
pixel coordinates and relative depth cues. Each visual token
therefore carries both appearance and geometric context.
Unlike language tokens, which are processed sequentially,
these enriched visual tokens retain their spatial arrangement
within the image grid. They are passed through the multi-
modal projector before being fed to the language model.
This projection preserves spatial locality while remaining
compatible with NVILA’s multimodal fusion pipeline.

In addition, we preserve the region-prompt design used
in SR-3D: specific image regions can be encoded as individ-
ual query tokens by pooling features within a given bound-
ing box. This structure allows downstream modules to ref-
erence localized spatial content directly, maintaining full
alignment with the NVILA token structure and positional
hierarchy. Overall, the single-view formulation provides
a strong spatially-structured feature space for both region-
level interaction and text-aligned representation.
Multi-view Setup. Our framework naturally extends from
single-view to multi-view inputs by embedding all image

tokens with depth- and pixel-based positional cues in a uni-
fied spatial feature space. The first view is processed exactly
as in the single-view case, and all subsequent views are
transformed into the first-frame coordinate system. Please
see the supplementary materials for our multi-view results.

2.2. Grounding in the 2D Plane
Grounding on the 2D plane aims to teach the model to as-
sociate linguistic mentions with localized image evidence.
We introduce both explicit and implicit forms of grounding,
designed to strengthen the spatial reasoning capacity of the
vision–language model.

2.2.1. Explicit 2D Grounding
For explicit 2D grounding, we adopt a simple and
general formulation. Given a natural-language instruc-
tion, the model predicts 2D bounding boxes directly in
HTML-style textual format (e.g., <bbox>[x1, y1, x2,
y2]</bbox>), using its standard language generation
head without any additional detection branch. This uni-
fied design integrates grounding seamlessly into the vision–
language interface, without introducing task-specific archi-
tectural components.

2.2.2. Implicit 2D Grounding
Consider a global spatial reasoning query such as: “In the
kitchen, how far is the second bottle on the shelf from the
small brown teddy bear on top of the washing machine in
the laundry room?” Traditional spatial VLMs attempt to
answer such questions directly from global image features,
relying on large-scale question–answer pairs to memorize
spatial relationships. However, this departs from how hu-
mans perceive scenes: we first identify where each men-
tioned object is before reasoning about their relations. Our
implicit grounding mechanism explicitly introduces this in-
termediate step of entity localization during generation,
aligning the model’s behavior with human visual reasoning.
Streaming Region Insertion. Given an input instruc-
tion, the model generates its response in a chain-of-
thought (CoT) fashion. When an entity (e.g., “the sec-
ond bottle on the shelf”) is mentioned, the model first pre-
dicts its corresponding 2D bounding box coordinates, e.g.,
[x1, y1, x2, y2]. Immediately after, the corresponding im-
age region is encoded through the region encoder, and its
embedding—a region token—is inserted directly into the
text stream at that position. The generation then contin-
ues conditioned on both the textual and visual context. The
same procedure repeats for subsequent entities, producing
a temporally aligned reasoning trajectory that alternates be-
tween language and vision.
Training and Inference Paradigm. During training, the
bounding box coordinates are directly predicted by the lan-
guage head and optimized through teacher forcing, as they
are treated as part of the textual output sequence. Once the
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Figure 2. Method overview. GR3D builds on Region-VLMs by adding streaming region insertion for visual Chain-of-Thought reasoning.
During CoT, the model repeatedly predicts a region, extracts its visual embedding, and reinserts a region token into the text sequence,
enabling step-by-step spatial reasoning with dynamically refreshed visual cues.

coordinates are produced, the corresponding region token—
derived from the ground-truth region—is inserted into the
generation stream. This token is detached from the compu-
tation graph (i.e., no gradient flows through it) but serves
as a strong conditional cue for subsequent token prediction.
During inference, the process becomes fully autoregressive.
The model first predicts coordinates, then encodes the pre-
dicted region to obtain its embedding, which is inserted
back into the ongoing sequence before the next generation
step. The subsequent reasoning, such as relational compar-
ison or distance estimation, is thus conditioned on both the
textual context and dynamically inserted region evidence.
Comparison and Interpretation. Our stream-based
grounding can be viewed abstractly as analogous to a two-
step process, i.e., first grounding entities with a VLM, and
then performing region-conditioned reasoning with a spatial
VLM with a region encoder equipped. Unlike this staged
formulation, our approach unifies both phases in a single
generative stream. The model learns when and what to
ground based on linguistic context, and its reasoning nat-
urally unfolds on grounded evidence without explicit stage
transitions. This results in a fluid, interpretable reasoning
process that tightly couples perception and cognition while
avoiding the discontinuities of discrete grounding modules.

2.3. Monocular 3D Grounding via Region Prompt
Monocular 3D grounding aims to enable single-view mod-
els to infer 3D structure from natural language and visual
cues. This task faces two major challenges. First, linguistic
ambiguity: textual references often under-specify which in-
stance is being mentioned, requiring the model to implicitly
identify the target entity before 3D reasoning. Second, geo-
metric ambiguity: the coupling between object scale, depth,
and camera intrinsics makes single-view estimation inher-
ently uncertain. We address these through several compo-
nents below that align semantic localization and geometric
inference within a unified generative framework.
Region-prompt Formulation. Given a localized 2D re-

gion, the model treats this region as a spatial query for 3D
reasoning. The region’s visual features are pooled and en-
coded into a region token, which is fused into the text stream
to guide 3D box prediction. Since the model already pos-
sesses implicit 2D grounding capability, this step focuses
solely on extending that capacity from 2D to 3D—mapping
a grounded region to its corresponding 3D representation.
This formulation simplifies 3D grounding by conditioning
inference on a given region, enabling the model to estimate
position, scale, and orientation directly without performing
explicit multi-step localization.
3D Box Representation. Each 3D bounding box is ex-
pressed in a unified, language-based format compatible
with 2D HTML-style outputs, eliminating the need for
task-specific heads. The box is parameterized by its cen-
ter (xc, yc, zc), size (w, h, l), and orientation (θp, θr, θy),
where (θp, θr, θy) are normalized Euler angles (pitch/rol-
l/yaw). To ensure consistency across datasets, we standard-
ize orientations by selecting the rotation variant that mini-
mizes the angular deviation between the local PCA axes of
the region and the global coordinate axes (X,Y, Z)—that
is, the variant closest to the identity basis rather than a mir-
rored alternative. This compact decomposition makes the
representation transferable: the center term aligns naturally
with depth-based supervision (see below), while the dimen-
sion and rotation terms capture view-invariant geometry.
The format promotes stability, interpretability, and seamless
integration into the generative language interface.
Intrinsic Normalization. To mitigate scale and depth am-
biguity, we introduce an intrinsic-aware normalization strat-
egy that rescales images according to focal length, yield-
ing a consistent field of view across datasets. Concretely,
given focal length fx, we normalize the spatial scale by
W ′ = 1000

fx
· W and H ′ = 1000

fx
· H , aligning the appar-

ent object size in the feature space and supporting robust
3D inference without explicitly regressing intrinsics.
Points and Direct Grounding Supervision. We supervise
monocular 3D grounding with complementary signals be-



Method
SUN-RGBD [? ] ARKITSCENES [? ] OBJECTRON [? ] HYPERSIM [? ] KITTI [? ] NUSCENES [? ]

AP3D ↑
AP15 ↑ mAP ↑ AP15 ↑ mAP ↑ AP15 ↑ mAP ↑ AP15 ↑ mAP ↑ AP15 ↑mAP ↑ AP15 ↑ mAP ↑

Vision Specialist Models

ImVoxelNet [? ] - - - - - - - - - - - - 9.4
SMOKE [? ] - - - - - - - - - - - - 10.4
Cube R-CNN [? ] - 15.33 - 41.73 - 50.84 - 7.48 - 32.50 - 30.06 23.26
OVMono3D [? ]w/ Cube R-CNN - 15.20 - 41.60 - 58.87 - 7.75 - 25.45 - 24.33 22.98
DetAny3D [? ]w/ Cube R-CNN 26.62 18.96 59.55 46.13 72.51 54.42 11.43 7.17 44.28 31.61 41.01 30.97 24.92

Vision Language Models

Qwen3-VL-4B [? ] 28.28 17.60 63.97 46.33 61.60 43.13 11.56 6.44 17.39 11.25 7.48 4.89 -
Qwen3-VL-8B [? ] 28.28 17.77 62.32 45.23 61.63 43.59 11.62 7.23 5.23 3.32 11.52 7.56 -
GR3D-8B (Ours) 43.49 31.64 67.49 52.52 71.68 54.32 16.42 10.87 22.18 14.75 22.98 16.59 25.40

Table 1. Comparison on the Omni3D [? ] benchmark between GR3D, vision specialists, and recent VLMs. We report AP15 and mAP for
each dataset domain. GR3D outperforms all recent VLMs and vision specialists, especially on the indoor domain.

Method APsun
2D APark

2D APobj
2D APhyp

2D APkit
2D APnus

2D

Cube R-CNN [? ] 15.07 40.22 49.24 11.05 36.14 34.64
Qwen3-VL-8B [? ] 8.06 22.44 30.06 3.08 1.54 2.56
GR3D-8B (Ours) 38.86 46.17 51.66 28.53 20.49 22.16

Table 2. 2D detection results on the Omni3D benchmark. We
report the mean Average Precision (mAP) for each dataset domain.

yond sparse 3D-box labels. (i) Region→3D: when a 2D box
is available, the model predicts its 3D box directly from the
region prompt. (ii) Pure text→3D: when no 2D box ex-
ists, the model localizes the mentioned entity via its built-in
textual grounding and regresses its 3D box, enabling cov-
erage of text-only data. In addition, we construct an auxil-
iary dense region-to-3D supervision: from ground-truth or
predicted depth maps, we randomly sample valid surface
points per image (e.g., 100 per image) and train the model to
predict their 3D coordinates conditioned on the correspond-
ing region prompt. This depth-driven signal scales super-
vision well beyond limited 3D-box annotations. Finally, to
tolerate modest grounding noise, we apply lightweight 2D
bounding-box augmentation (jitters in size and location),
improving robustness while preserving semantic locality.

Together, region-prompt grounding, structured 3D box
representation, intrinsic normalization, and scalable train-
ing signals address both linguistic and geometric ambigui-
ties of monocular 3D grounding. These components jointly
provide a camera-relative spatial understanding that gen-
eralizes across datasets and supports future extensions to
multi-view and embodied reasoning tasks.

2.4. Data Construction and Composition

Data Construction for Grounding. To construct the im-
plicit grounding corpus, we start from RefSpatial [? ],
which includes 2D samples from OpenImages [? ], 3D
video data from CA-1M [? ], and synthetic scenes. RefS-
patial contains diverse image–text pairs, but it lacks region-
level annotations for all the mentioned entities. To obtain
them, we use Florence-2 [? ] to generate candidate 2D
bounding boxes and class labels for each textual mention,
producing dense but noisy region annotations.

Methods Acc. (%)

Human 98.3

GPT-4V-Turbo [? ] 66.9
GPT-4o [? ] 64.5
LLaVA-v1.5-7B-xtuner [? ] 50.8
CogVLM-7B [? ] 50.8
LLaVA-v1.5-7B [? ] 51.6
LLaVA-InternLM2-7B [? ] 52.4
SpatialRGPT-8B* [? ] 87.9
SR3D-8B* [? ] 90.3
GR3D-8B (Ours) 94.4

Which point is closer to the camera? 
(A) A is closer (B) B is closer

The point labeled A is at [0.76, 0.13, 
0.80, 0.20]       and the point labeled 
B is at [0.44, 0.73, 0.48, 0.79]       . 
(B) B is closer

Figure 3. Results on the BLINK-Depth benchmark for point-level
region spatial understanding. Left: comparison with VLM base-
lines. Right: visualization of one sample. Our method surpasses
prior Region-VLMs (*), which require manual annotated masks.

We then refine these annotations through a VLM for ver-
ification and a rephrasing pipeline. This process (i) veri-
fies one-to-one alignment between textual mentions and de-
tected regions, removing unmatched or ambiguous cases,
and (ii) rewrites generic class names into concise, instance-
level descriptions based on image context. The resulting
corpus provides high-quality implicit grounding supervi-
sion that links textual mentions to corresponding visual ev-
idence with precise instance semantics.

For explicit grounding, we augment samples that contain
ground-truth boxes by generating short instance-level refer-
ring expressions with a vision–language model and validat-
ing their existence in the image. Only verified matches are
retained. Together, these procedures yield reliable implicit
and explicit grounding data, while depth, point, and 3D-box
supervision follow the setup in Sec. 2.3.

Data Composition and Distribution. Our training data is
composed of publicly available sources: 97K grounded CoT
samples, 780K 3D detection samples from Omni3D [? ]
and EmbodiedScan [? ], and 272K pointmap reconstruction
samples from DepthLM [? ]. We do not use any proprietary
or in-house data and the scale of our 3D detection data is
comparable to prior works such as VST [? ], ensuring per-
formance gains are not simply due to data size.



Method
SPATIAL GENERAL

BLINK [? ] CVBench [? ] RWQA [? ] ERQA [? ] SAT [? ] EMB [? ] ChartQA [? ] MME [? ] POPE [? ] AI2D [? ]
Dep. Spa. Avg. Rel. Dep. Dis. Avg.

NVILA-Lite-8B 73.38 79.72 50.51 93.38 92.83 91.00 86.31 65.35 36.25 62.60 68.90 84.80 1692 88.10 91.01

GR3D-8B (Stage 1) 87.90 83.21 54.35 96.92 98.16 95.50 87.23 68.75 40.25 76.00 81.01 84.48 1656 88.23 91.81
GR3D-8B (Stage 2) 87.90 80.41 53.26 96.46 98.00 96.00 87.26 65.23 38.50 70.60 77.58 84.00 1626 87.00 91.54

Table 3. Performance comparison on general visual question answering and spatial reasoning benchmarks.

3. Experiments
In this section, we begin by describing the implementation
details (Sec. 3.1), including the training stages and datasets
used. We then present the main results of our model, high-
lighting its 3D detection performance in Sec. 3.2. Next, we
assess whether the model preserves its general VLM and
spatial capabilities in Sec. 3.3. In Sec. 3.4, we evaluate the
visual grounded CoT enabled by our implicit grounding ap-
proach. Finally, Sec. 3.5 provides additional analysis and
ablation studies of the model’s 3D detection performance.

3.1. Implementation Details
Our model is trained in two stages as detailed in following.
Stage 1: Spatial Pretraining. The goal of this stage
is to strengthen the model’s spatial understanding and 2D
grounding capabilities, which later improves its 3D detec-
tion performance, as shown in our analysis. We initialize
the visual encoder, projector, and LLM from NVILA-Lite
8B, while the spatial positional encoding module is newly
initialized. Training is performed on a data mixture similar
to SR-3D, augmented with 2D grounding data and region-
to-3D detection data from Sec. 2.4. During this stage, we
freeze the visual encoder and train the remaining modules.
Stage 2: Detection CoT Finetuning. After pretraining,
the model already possesses strong 2D grounding and basic
3D detection abilities. We then fine-tune it on CoT-oriented
detection data, including detection data in CoT format (cu-
rated from Omni3D by first grounding in 2D and then pre-
dicting 3D boxes). Since the visual features are already
well-formed after Stage 1, we fine-tune only the LLM to
learn the reasoning and text-generation structure.

3.2. 3D Object Detection
We evaluate our model on the Omni3D test set, following
the benchmark protocol and hyperparameters used in De-
tAny3D. The Omni3D benchmark reports Average Preci-
sion (AP), where predictions are matched to ground-truth
using 3D IoU with thresholds ranging from 0.05 to 0.50.

For comparison, we include both vision-specialist base-
lines (e.g., ImVoxelNet [? ], Cube R-CNN [? ], OV-
Mono3D [? ], and DetAny3D [? ]) and VLM-based base-
lines (e.g., Qwen3VL-4B [? ] and Qwen3VL-8B [? ].
Our main results are shown in Table 1 and Fig. 4, where
our model outperforms all VLM baselines. Compared with
vision specialists, our model achieves competitive results

overall and delivers notably better performance on indoor
datasets.

We further analyze why existing VLMs perform worse
on 3D detection. First, unlike our approach, they do not dis-
entangle 3D detection into a two-step process—2D ground-
ing followed by 3D box prediction. As we show in the anal-
ysis (Sec. 3.5), 2D grounding provides a stable geometric
anchor that leads to more reliable and consistent 3D predic-
tions. Second, existing VLMs struggle with handling cam-
era intrinsics. Qwen3VL is highly sensitive to input reso-
lution, since pixel dimensions implicitly encode the focal
length used in its geometric reasoning. This makes its 3D
predictions unstable under changes in image size. VST [?
] partially addresses this by normalizing focal length in a
manner similar to ours. However, it still requires FoVs to
be passed as text prompts. Representing metric geomet-
ric parameters in textual form is difficult for the model to
parse and integrate reliably, which limits its 3D understand-
ing across scenes and camera setups.

Since our method explicitly separates 2D grounding
from 3D prediction, we also evaluate 2D grounding perfor-
mance on the Omni3D benchmark. As shown in Table 2,
our model exceeds region proposals generated by Cube R-
CNN and the Qwen3-VL family. For Qwen3-VL models,
which do not perform explicit 2D grounding, we evaluate
using 2D boxes projected from their predicted 3D outputs.

3.3. Visual Question Answering
We investigate two key questions: (1) whether Stage 1 spa-
tial pre-training effectively improves spatial reasoning per-
formance, and (2) whether Stage 2 detection CoT finetun-
ing negatively affects the model’s general VQA capabilities.
We evaluate two variants of our model: one after spatial
pre-training and one after CoT finetuning. The results are
presented in Table 3. After spatial pre-training, the model
shows a clear improvement on spatial-related VQA bench-
marks, confirming the effectiveness of this stage. In con-
trast, Stage 2 finetuning focuses on learning the structure of
CoT reasoning, and the results indicate that it does not sig-
nificantly reduce general VQA performance. Most bench-
marks remain similar to the Stage 1 model, suggesting that
the model maintains strong general-purpose abilities.

3.4. Implicit Grounding CoT
We aim to evaluate two aspects of our implicit ground-
ing approach: (1) how accurate the grounding is, and (2)



Figure 4. Qualitative results on 3D object detection. Our model produces accurate 3D bounding boxes on in-the-wild samples.

whether the grounding genuinely contributes to correct an-
swers rather than producing hallucinated reasoning.

To study this, we evaluate our model on the MM-
GCoT [? ] benchmark, which provides three key met-
rics: answer accuracy (A-Acc), grounding accuracy (G-
Acc), and answer–grounding consistency (Consist.). A-Acc
measures the correctness of the textual answer. G-Acc fol-
lows the Acc@0.5 protocol, where a prediction is consid-
ered correct if its IoU with the ground-truth box exceeds
0.5. The consistency metric measures the percentage of pre-
dictions where both the answer and the grounding box are
correct. We show results in Table 4, where our method out-
performs baselines in all these metrics.

To further evaluate the performance in spatial reasoning
scenarios, we conduct experiments on BLINK-Depth using
the same grounding-based CoT formulation. As shown in
Table 3, our method surpasses prior Region-VLMs, which
are typically strong on this benchmark but require manually
annotated masks as input. In contrast, our model achieves
higher performance while performing grounding automati-
cally. We additionally provide qualitative examples demon-
strating that our model can accurately localize tiny regions
and successfully handle point-level areas.

3.5. Analysis and Ablation Study

2D→3D vs Direct 3D Prediction. As shown in Table 5,
first grounding the target region in 2D and then predicting
its 3D bounding box leads to a clear improvement over di-
rect 3D prediction. This two-step design is more vision-
centric, as it explicitly forces the model to learn object-
specific visual features before performing 3D reasoning.
It also naturally decomposes the task into two subprob-
lems—2D grounding and 3D inference—where the former
benefits from significantly larger amounts of training data

across generic detection and grounding datasets. Leverag-
ing this abundant 2D supervision allows the model to estab-
lish stronger spatial priors, which in turn improves down-
stream 3D detection performance.
Do spatial pretraining help 3D detection? Table 5 fur-
ther supports this assumption by showing that spatial pre-
training noticeably improves performance in the outdoor
domain. The Omni3D dataset is highly imbalanced [? ],
with far fewer outdoor training samples compared to indoor
scenes. As a result, models trained from scratch struggle
to generalize in outdoor settings. Spatial pretraining pro-
vides a strong remedy by injecting generic 2D spatial and
grounding knowledge, enabling the model to better transfer
its learned priors to the 3D detection task. This demon-
strates that leveraging 2D supervision is especially benefi-
cial when 3D data is limited or unevenly distributed.
Effect of Intrinsic Normalization. Intrinsic normaliza-
tion yields a modest, yet consistent improvement. Although
its impact is smaller than the two factors discussed above,
normalizing intrinsics helps reduce systematic biases when
the model encounters cameras with different focal lengths.
Without this normalization, the model may lead to small but
noticeable localization offsets in the predicted 3D boxes.
Contribution of Pointmap Reconstruction. We further
analyze the effect of pointmap reconstruction as an aux-
iliary task for 3D detection. This supervision strengthens
the model’s ability to align region-level visual features with
their corresponding 3D geometry. To isolate this effect from
2D grounding quality, we use ground-truth 2D boxes as our
model input and evaluate only the 3D prediction. This sepa-
ration is enabled by our disentangled pipeline and allows us
to directly measure the reconstruction capability. As shown
in Fig. 5, increasing the amount of pointmap supervision
yields a clear scaling trend on SUN-RGBD: more pointmap



ATTRIBUTE JUDGEMENT OBJECT AVERAGE

AccA ↑ AccG ↑ Cons. ↑ AccA ↑ AccG ↑ Cons. ↑ AccA ↑ AccG ↑ Cons. ↑ AccA ↑ AccG ↑ Cons. ↑

Qwen2.5-VL-7B [? ](AF) 73.6 72.5 59.8 87.9 56.3 51.5 57.8 64.1 59.1 73.1 64.3 56.8
Qwen2.5-VL-7B [? ](GF) 48.8 82.6 45.7 80.6 72.8 62.4 26.7 62.3 32.6 52.0 72.6 46.9

LLaVA-7B [? ](AF) 68.6 9.2 8.8 83.0 11.2 11.5 58.4 9.1 9.9 70.0 9.8 10.1
LLaVA-7B [? ](GF) 59.7 6.3 5.6 82.5 0.5 0.6 35.9 5.5 9.7 59.4 4.1 5.3
LLaVA-GCoT-7B [? ] 72.8 66.7 56.1 88.3 61.7 56.9 62.3 61.7 61.3 74.5 63.3 58.1
GR3D-8B (Ours) 78.9 77.3 66.7 85.0 79.6 70.4 71.1 65.7 66.1 78.3 74.2 67.7

Table 4. Results on the MM-GCoT benchmark. “AF” and “GF” correspond to answer-first and grounding-first prompting settings. AccA,
AccG, and Cons. refer to answer accuracy, grounding accuracy, and consistency between them.

2D→3D PT Cam APsun
15 ↑ APsun

3D ↑ APkit
15 ↑ APkit

3D ↑

– – – 30.19 20.27 10.08 6.22
✓ – – 42.29 29.87 15.61 10.03
✓ ✓ – 41.24 30.95 21.55 14.35
✓ ✓ ✓ 43.49 31.64 22.18 14.75

Table 5. Ablation study on the key components of GR3D-8B. “PT”
denotes pretraining, “2D→3D” denotes 2D grounding followed by
3D prediction, and “Cam” denotes using normalized intrinsics.

data consistently improves 3D detection performance.

4. Related Work
Spatial Vision Language Models. Recent work has
rapidly expanded the spatial capabilities of VLMs across
2D grounding, monocular spatial reasoning, and multi-view
3D scene understanding [? ? ? ? ? ? ? ? ? ? ? ? ? ? ?
? ? ? ? ? ? ? ? ]. Representative 2D spatial VLMs such
as SpatialVLM [? ], SpatialPin [? ], VST [? ], and Spa-
tialLadder [? ] focus on image-plane relations including
relative position, direction, and distance using explicit spa-
tial cues. SRGPT [? ] improves fine-grained single-view
spatial perception by introducing a region branch for more
precise region-level querying. SR-3D [? ] extends this
idea by preserving and enabling multi-view spatial reason-
ing through a unified visual tokens space. Other multi-view
spatial VLMs [? ? ] incorporate 3D cues or cross-view
alignment for scene reasoning. Despite this progress, im-
plicit 2D grounding and monocular 3D grounding from a
single image remain underexplored [? ? ? ]. In contrast,
our approach jointly addresses both problems without re-
quiring any spatial annotations at inference time.
Monocular 3D Grounding. Traditional 3D object detec-
tion has long focused on single-dataset, closed-set scenar-
ios [? ? ? ? ? ? ? ? ? ], achieving strong perfor-
mance but suffering from poor generalization to new envi-
ronments. Initial efforts to overcome this [? ? ] utilized
multi-dataset training to create universal detectors. The
Omni3D [? ], for instance, aggregated a wide variety of
3D datasets and proposed a universal model trained jointly
on them. However, these models still confined to a prede-
fined list of object classes seen during training. More re-
cent work [? ? ? ] have turned their focus to the open-
vocabulary setting. OVMono3D [? ] proposes a two-stage
“detect-then-lift” pipeline: it first employs an off-the-shelf
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Figure 5. Scaling behavior when increasing pointmap prediction
data on SUN-RGBD. More pointmap supervision leads to better
3D detection performance.
2D open-vocabulary detector [? ] to generate 2D propos-
als, then feeds these region features into a specialized 3D
head to regress 3D parameters. DetAny3D [? ] proposes a
more integrated, promptable architecture that directly fuses
features from 2D foundation models and uses 2D prompts,
e.g., points, boxes, or text to query the model for 3D out-
puts. Instead of treating 3D grounding as a standalone de-
tection task, GR3D predicts 3D boxes as part of a unified
VLM framework that also includes dynamic implicit 2D
grounding. This unified approach allows GR3D to leverage
grounding as a key driver to enhance general spatial align-
ment and geometry-consistent reasoning, improving perfor-
mance on both grounded and non-grounded spatial tasks.
Thinking with Images. Our work is also realted to the re-
cent line of “Thinking with Images” work [? ? ? ? ? ? ?
? ]. Different from these approaches, GR3D avoids explicit
visual thought processes and external tools, offering a more
efficient and unified design through implicit 2D grounding
and native 3D reasoning within the VLM’s generative flow.

5. Conclusion
We introduced GR3D, a spatial VLM that integrates ex-
plicit 2D grounding, implicit grounding for CoT reasoning,
and monocular 3D grounding within a single framework.
By enabling the model to reference visual evidence during
generation and by coupling region-grounded queries with
3D box prediction, GR3D decomposes spatial understand-
ing into grounded 2D perception followed by 3D inference.
GR3D delivers consistent gains across various benchmarks,
showing that grounding serves as an effective inductive bias
for better spatial understanding in VLMs.
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Figure 6. Qualitative comparison on 3D object detection between our model and Qwen3-VL 8B [? ]. Our model produces more accurate
3D bounding boxes with fewer missed objects, demonstrating stronger spatial grounding and detection reliability.
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1. More Results on 3D Detection
We show a qualitative comparison on 3D object detection
between GR3D and Qwen3-VL-8B [? ]. As shown in
Fig. 6, when multiple objects are present, GR3D produces
clearly better results due to our detect-then-lift technique.
For indoor scenes, GR3D also predicts 3D boxes with more
accurate orientations compared to Qwen3-VL-8B.

2. More Results on 2D Grounding
Our approach decomposes 3D detection into two steps: first
grounding the target in 2D, then predicting its 3D proper-
ties based on the grounded region. Because accurate 2D
grounding is essential for the first step, we evaluate our
model on two grounding benchmarks. We first report re-
sults on RefSpatial [? ], a benchmark designed for spatial
referring that includes queries about vacant regions, spatial
relations (e.g., “left of”, “between”), and fine-grained spa-
tial logic. As shown in Table 6, our model achieves strong

spatial referring performance and outperforms several base-
lines, including RoboRefer [? ], demonstrating its ability to
reason about complex spatial relations in 2D. We further
evaluate on the widely used RefCOCO, RefCOCO+, and
RefCOCOg datasets [? ? ] to measure general referring
capability. These benchmarks contain diverse referring ex-
pressions involving object names, attributes, and relational
descriptions. Results in Table 8 show that GR3D performs
comparably to vision-specialized models and is on par with
top VLMs such as InternVL-3.5 [? ] or Qwen2.5-VL [? ],
confirming that our strong 2D grounding ability generalizes
well to both spatial and standard referring benchmarks.

Method LOCATION PLACEMENT UNSEEN

Gemini-2.5-Pro [? ] 46.9 24.2 27.1
SpaceLLaVA-13B [? ] 5.8 4.3 4.0
RoboPoint-13B [? ] 22.8 9.2 8.4
Molmo-7B [? ] 21.9 12.8 12.2
Molmo-72B [? ] 45.7 14.7 21.2
RoboBrain-2.0-7B [? ] 36.0 29.0 32.5
RoboRefer-8B [? ] 52.0 53.0 37.7
GR3D-8B 63.0 50.0 41.5

Table 6. Performance comparison on RefSpatial [? ].

3. More Results on Multi-View Understanding
3.1. Multi-View Extension of Our Framework
Our framework naturally extends from single-view to multi-
view settings through a unified spatial embedding design
similar to SR-3D [? ]. All image tokens, regardless of the
view they originate from, are mapped into the same spatial
feature space using depth-based and pixel-based positional
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Methods Quantitative Qualitative Avg.

Random - - - - 25.0 36.1 28.3 25.0 -
Human Level† 94.3 47.0 60.4 45.9 94.7 95.8 95.8 100 79.2

Proprietary Models (API)
GPT-4o [? ] 46.2 5.3 43.8 38.2 37.0 41.3 31.5 28.5 34.0
Gemini-1.5 Flash [? ] 49.8 30.8 53.5 54.4 37.7 41.0 31.5 37.8 42.1
Gemini-1.5 Pro [? ] 56.2 30.9 64.1 43.6 51.3 46.3 36.0 34.6 45.3

Open-source Models
InternVL2-2B [? ] 24.9 22.0 35.0 33.8 44.2
InternVL2-8B [? ] 31.3 29.0 48.9 44.2 38.0 33.4 28.9 46.4 37.5
InternVL2-40B [? ] 41.3 26.2 48.2 27.5 47.6 32.7 27.8 44.7 37.0
LongVILA-8B [? ] 29.1 9.1 16.7 0.0 29.6 30.7 32.5 25.5 21.6
VILA-1.5-8B [? ] 17.4 21.8 50.3 18.8 32.1 34.8 31.0 24.8 28.9
VILA-1.5-40B [? ] 22.4 24.8 48.7 22.7 40.5 25.7 31.5 32.9 31.2
LongVA-7B [? ] 38.0 16.6 38.9 22.2 33.1 43.3 25.4 15.7 29.2
LLaVA-Video-7B [? ] 48.5 14.0 47.8 24.2 43.5 42.4 34.0 30.6 35.6
LLaVA-Video-72B [? ] 48.9 22.8 57.4 35.3 42.4 36.7 35.0 48.6 40.9
LLaVA-OneVision-7B [? ] 47.7 20.2 47.4 12.3 42.5 35.2 29.4 24.4 32.4
LLaVA-OneVision-72B [? ] 43.5 23.9 57.6 37.5 42.5 39.9 32.5 44.6 40.2
SR-3D-8B 54.9 53.8 74.5 65.1 63.5 81.8 33.5 75.9 62.9
GR3D-8B 69.6 55.2 76.8 65.6 70.5 86.3 35.5 81.2 67.6

Table 7. We finetune our model on multi-view datasets [? ? ] following SR-3D [? ], and then evaluate multi-view global spatial scene
understanding on VSI-Bench [? ]. Methods marked with † are evaluated on the Tiny subset. GR3D outperforms all state-of-the-art
baselines, demonstrating strong spatial recognition capability.

Model Name REFCOCO REFCOCO+ REFCOCOG

val testA testB val testA testB val test

Vision Specialists
Grounding-DINO-L [? ] 90.6 93.2 88.2 82.8 89.0 75.9 86.1 87.0
UNINEXT-H [? ] 92.6 94.3 91.5 85.2 89.6 79.8 88.7 89.4
ONE-PEACE [? ] 92.6 94.2 89.3 88.8 92.2 83.2 89.2 89.3

Vision Language Models
InternVL3-1B [? ] 85.8 90.1 81.7 76.6 84.1 69.2 82.8 82.6
InternVL3.5-1B [? ] 85.4 89.7 80.2 77.7 85.5 69.5 81.9 81.6
InternVL3-2B [? ] 89.8 92.6 86.4 84.0 89.2 76.5 87.6 87.2
InternVL3.5-2B [? ] 88.7 91.6 84.8 82.7 88.4 76.6 85.6 85.5
Qwen2.5-VL-3B [? ] 89.1 91.7 84.0 82.4 88.0 74.1 85.2 85.7
Shikra-7B [? ] 87.0 90.6 80.2 81.6 87.4 72.1 82.3 82.2
CogVLM-G [? ] 92.8 94.8 89.0 88.7 92.9 83.4 89.8 90.8
Qwen2-VL-7B [? ] 91.7 93.6 87.3 85.8 90.5 79.5 87.3 87.8
Qwen2.5-VL-7B [? ] 90.0 92.5 85.4 84.2 89.1 76.9 87.2 87.2
TextHawk2 [? ] 91.9 93.0 87.6 86.2 90.0 80.4 88.2 88.1
InternVL3.5-8B [? ] 92.4 94.7 88.7 87.9 92.4 82.4 89.6 89.4
GR3D-8B 91.8 94.5 88.8 87.5 91.4 81.0 89.5 89.7

Table 8. We evaluate GR3D ’s 2D grounding on RefCOCO, Ref-
COCO+, and RefCOCOg [? ? ]. Baseline numbers are taken from
[? ? ]. GR3D achieves grounding accuracy comparable to vision
specialists [? ? ? ] models and performs on par with top VLMs
such as InternVL3.5 [? ].

cues. This allows the model to maintain consistent geo-
metric relationships across views without requiring explicit
point cloud reconstruction or global world coordinates.

For multi-view inputs, the first view is processed exactly

as in the single-view case and is treated as the reference
frame. Unlike SR-3D, which assumes a global world co-
ordinate system and expresses all views in that space, our
approach keeps everything in the coordinate frame of the
first camera. Each additional view is transformed into this
reference coordinate system using its intrinsics and extrin-
sics, so all depth-derived 3D locations and pixel-coordinate
cues are expressed in the same spatial frame. After this
transformation, tokens from different views that observe the
same physical point occupy nearby positions in the unified
embedding space. This allows the model to reason about
3D structure, occlusion, and cross-view consistency directly
from the spatial tokens.

3.2. Results on VSI-Bench
To validate this design, we finetune our stage-1 model on
multi-view datasets [? ? ] following SR-3D [? ], and
then evaluate multi-view global spatial scene understand-
ing on VSI-Bench [? ]. As shown in Table 7, GR3D
achieves strong performance with an average score of 67.6
and surpasses all state-of-the-art baselines, showing that our
method can effectively handle multi-view inputs.

3.3. Results on ScanRefer, ScanQA, MMSI, SPAR
To further evaluate the 3D grounding capabilities of GR3D
on multi-view datasets, we conduct studies leveraging Scan-
Refer [? ] benchmark. However, ScanRefer assumes access



to a pre-aligned world coordinate space, which is not di-
rectly compatible with the settings of Qwen3-VL [? ] and
ours. We therefore adapt ScanRefer into a frame/2D box
grounding followed by 3D detection in the camera coordi-
nate space, and compare against Qwen3-VL under the same
input conditions. Our method outperforms Qwen3-VL-8B
and is competitive with methods that use pre-aligned 3D
input. We also report results on ScanQA [? ], MMSI-
Bench [? ] and SPAR-Bench [? ], showing consistent im-
provements.

SCANREFER SCANQA

@0.25 @0.5 B4 C EM

SPAR 48.8 43.1 15.3 90.7 27.7
3D-LLaVA 51.2 40.6 17.1 92.6 -
Video-3D LLM 58.1 51.7 16.2 102.1 30.1

Qwen3-VL-8B 37.7 33.2 - - -
GR3D-8B 52.0 46.1 18.1 105.1 29.2

MMSI SPAR

GPT-4o 30.3 38.1
InternVL2.5-8B 28.7 36.3
Qwen2.5-VL-7B 25.9 33.1
Qwen3-VL-8B 31.1 39.8

NVILA-8B 28.1 34.1
SR-3D-8B 25.8 32.1
GR3D-8B 29.2 43.7

Table 9. Performance comparison on ScanRefer [? ], ScanQA [?
], MMSI-Bench [? ], and SPAR-Bench [? ].

4. Implementation Details
4.1. Model Architecture
Following NVILA-Lite, we use SigLIP as the vision en-
coder with an input resolution of 448 and a patch size of 14,
paired with a Qwen-2-7B [? ] LLM backbone. For training
the stage-1 model, we follow SR-3D and enable dynamic
tiling with up to 12 tiles per image. We also adopt SR-3D’s
dynamic tiling region extractor, which provides a larger ef-
fective receptive field for regions and improves the model’s
ability to handle small objects. During the first stage, the
vision encoder is frozen and only the remaining modules
are trained. For the second CoT detection stage, the LLM
is fine-tuned to learn the reasoning structure and the autore-
gressive 3D prediction format.

4.2. Training Hyper-parameters
Both stages use the same optimization schedule: a warmup
ratio of 0.03 and a cosine learning-rate scheduler. In the
stage-1 stage, we train all non-visual modules with AdamW
and a base learning rate of 5 × 10−5, while keeping the
SigLIP encoder frozen. The second CoT detection stage
fine-tunes only the Qwen-2-7B LLM with a smaller learn-
ing rate of 1.5 × 10−5 to stabilize chain-of-thoughts text
generation. Training the stage-1 model takes approximately
4 days on 8 nodes of A100 servers, while the second stage
takes about 4 hours on the same compute setup.

4.3. Data Composition
The data composition for both training stages is summa-
rized in Table 10. Most of our training data follow NVILA’s

Stage-1 Data

Hybrid ShareGPT4V-SFT, Molmo, The Cauldron, Cambrian,
LLaVA-OneVision

Captioning MSR-VTT, Image Paragraph Captioning,
ShareGPT4V-100K

Reasoning CLEVR, NLVR, VisualMRC

Document DocVQA, UniChart-SFT, ChartQA

OCR TextCaps, OCRVQA, ST-VQA, POIE, SORIE,
SynthDoG-en, TextOCR-GPT4V, ArxivQA, LLaVAR

General VQA ScienceQA, VQAv2, ViQuAE, Visual Dialog, GQA,
Geo170K, LRV-Instruction, RefCOCO, GeoQA, OK-
VQA, TabMVP, EstVQA

Diagram & Dialogue DVQA, AI2D, Shikra, UniMM-Chat

Instruction LRV-Instruction, SVIT, MMC-Instruction, MM-
Instruction

Text-only FLAN-1M, MathInstruct, Dolly, GSM8K-ScRel-SFT

Knowledge WordART, WIT, STEM-QA

Medical PathVQA, Slake, MedVQA

Region RegionGPT

Spatial & 2D Grounding RefCOCO, MGrounding, Molmo, Groma, Spatial-
RGPT, RefSpatial, SAT, EmbSpatial, DepthLM

Detection Omni3D, EmbodiedScan

Stage-2 Data

Detection Omni3D-CoT

Spatial RefSpatial-CoT, MMG-CoT, EmbSpatial-CoT, Vis-
CoT

Table 10. Data recipe for training GR3D.

data recipe, though we use only a subset due to computa-
tional constraints. Part of the spatial data is inherited from
SR-3D, while many of the 2D grounding datasets are newly
introduced to the model and trained for the first time on our
weights. For the 3D detection data used in stage 1, we fol-
low DetAny3D’s filtering rules on Omni3D to select high-
quality training objects, and convert each scene into multi-
turn conversations with up to 10 rounds. For the CoT detec-
tion data used in stage 2, we construct multi-object reason-
ing sequences by selecting up to 20 objects for each target.

5. More Related Work

A related line of research, recently formalized as Thinking
with Images [? ], focuses on improving complex VLM rea-
soning by decomposing problems into explicit, intermediate
steps, treating vision as a dynamic workspace. Many such
methods act as “commanders” orchestrating external visual
tools [? ? ] or as “visual programmers” that generate code
for custom analysis and edits [? ? ? ]. Others generate in-
termediate visual representations to guide reasoning, often
called Visual Chain of Thought (V-CoT) [? ]. These V-CoT
methods may interleave text with explicit visual ground-
ings [? ], sketch visual artifacts [? ], generate subgoal im-
ages for robotics [? ], or perform planning entirely through



GR3D Qwen3-VL-8B

missing/incorrect

ambiguous

Figure 7. A failure case analysis of GR3D compared to Qwen3-VL-8B.

visual state sequences [? ]. While these methods enhance
transparency and performance on complex tasks, they still
focus on 2D image space, rely on coarse region-selection
cues or external tools, and rarely integrate these reasoning
steps with a 3D spatial framework. In contrast, our GR3D
framework bypasses the need for an explicit, step-by-step
visual thought process. It achieves a more seamless integra-
tion by performing implicit 2D grounding and unified 3D
reasoning natively within the VLM’s generative flow.

6. Discussions
6.1. Standard VLM without PE
Our method can be applied to standard VLMs, but 3D pri-
ors further improve performance. Using positional embed-
dings, Omni3D mAP (averaged over 6 datasets) improves
from 22.9 to 25.4 compared to a standard VLM without po-
sitional embeddings, showing their benefit as a simple and
effective 3D prior.

6.2. Hallucinations
We do not observe frequent hallucinated 2D boxes. The
main failures are missing or ambiguous 2D grounding,
which leads to incorrect predictions. We show an example
above and compare them with Qwen3-VL-8B [? ].

6.3. Effect of Intrinsic Estimation Errors
The effect of intrinsic normalization is modest. Since the
normalization only determines the resolution size, it does
not require highly accurate intrinsic estimates. In practice,
off-the-shelf intrinsic estimators are sufficiently accurate:
using GeoCalib for focal length prediction on Omni3D re-
sults in only a 1.2 mAP drop (averaged over 6 datasets).

6.4. CoT Data Robustness
We conduct an ablation study on the impact of data qual-
ity by training with a noisier corpus, which leads to perfor-
mance drops from 74.2 to 62.8 on MM-GCoT’s grounding
accuracy. Human evaluation on 200 randomly sampled in-
stances from the filtered corpus shows that 95.5% of the
generated bounding boxes are accurate.

6.5. Latency Analysis
We implement multimodal prefix caching to ensure that the
inference pipeline runs at a speed comparable to standard
autoregressive generation. For Region Insertion, the pro-
cess only extracts relevant areas from already encoded im-
age features and passes them through a lightweight MLP
projector, without re-encoding the image. We provide a la-
tency analysis that compares our method with other base-
lines, tested on the same input image using a single A100
GPU. Our model is fastest among VLMs due to a more ef-
ficient dynamic tiling–based vision encoder (vs. AnyRes).
The additional cost per inserted region is only 0.01 s, which
is a small fraction of the total 2.7 s inference time.

DetAny3D VST-7B Qwen3-VL-8B GR3D-8B

Latency (s) 0.98 2.76 3.23 2.72

6.6. Limitations
Our approach has two main limitations. First, the infer-
ence speed is slower compared to vision specialists. This is
mainly due to the use of a large language model backbone,
our two-stage “2D grounding first” pipeline, and the fact
that 3D bounding boxes are generated autoregressively as
text tokens, all of which introduce additional latency. Sec-
ond, current 3D detection datasets are still limited. Popular
datasets such as Omni3D cover only a narrow set of en-
vironments, camera configurations, and object categories,
which restricts the diversity and scale of 3D supervision our
model can learn from. As a result, further progress will ben-
efit from larger and more diverse 3D datasets with broader
scene coverage and richer object annotations.


