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Abstract

Spatial reasoning is an important ability for Multimodal
Large Language Models (MLLMs) to understand the phys-
ical world. While current MLLMs can generate answers
from 2D images, they lack the inherent ability to per-
ceive 3D objects and reason about spatial relationships.
In this paper, we demonstrate that point clouds provide
rich geometric information for spatial tasks, enabling a
lightweight model to achieve competitive performance com-
parable to Vision-Language Models (VLMs). We intro-
duce Lightweight Spatial Reasoner (LitSpaR), a multimodal
model that takes point clouds as input and performs spatial
reasoning via 3D visual grounding, serving as the foun-
dation for spatial reasoning. To achieve this, we curate
a synthetic dataset and three real-world datasets with the
‘grounding-then-reasoning’ schema for training. LitSpaR
achieves competitive performance on VSI-Bench, where we
adapt the benchmark to accept point clouds as input instead
of images. Beyond spatial reasoning, LitSpaR retains se-
mantic Question Answering (QA) capabilities and supports
semantic object insertion, making it well-suited for AR/VR
applications.

1. Introduction

Spatial reasoning capabilities, including perceiving spatial
layouts, object sizes, positions, and their relationships, are
essential for diverse domains, such as embodied intelli-
gence, autonomous driving, and AR/VR. Recent advanced
Vision-Language Models (VLMs) [1, 4, 5, 13], pretrained
on image-text and video-text pairs, have made remarkable
strides in 2D vision understanding. However, their ability
suffer from inherent limitations in 3D spatial comprehen-
sion due to the loss of spatial information during 3D-to-2D
projection. Although some datasets provide RGB-D images
and raw camera parameters for 3D reconstruction, directly
utilizing these 3D parameters for reasoning remains chal-
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lenging. This is because, unlike semantic concepts, these
3D parameters serve primarily as mathematical transfor-
mations; their physical semantics are not directly accessi-
ble, making them non-intuitive for both humans and VLMs
without explicit decoding mechanisms.

Point clouds, consist of a set of sparse points sampled
from 3D space, provide an explicit geometry representation
of the physical world. Recognizing this advantage, some
researchers [12, 16] have proposed models by taking point
clouds as multimodal inputs, while they mainly focus on se-
mantic Question Answering (QA) or 3D grounding, lacking
the ability to reason in space. Some studies [9, 18, 20] also
explored the integration of encoded spatial data as auxiliary
inputs for VLMs, demonstrating promising improvements
in spatial reasoning tasks. However, these approaches re-
main reliant on 2D visual inputs, which may incur substan-
tial computational overhead and architectural complexity,
and may have restrictions on visual input configuration. In
contrast, humans can understand the 3D environment using
only spatial cues such as touch and proprioception, even
without visual input—a capability that inspires our explo-
ration of point-cloud-only reasoning.

However, for spatial reasoning tasks, we identify two
key limitations in existing training recipes. First, most
point cloud encoders lack the capacity to perceive rela-
tional attributes between objects, such as direction and
distance. Second, due to the scarcity and inherent noise
in real-world datasets, direct training on such data often
yields suboptimal performance. To address the first issue,
we design a grounding-reasoning schema that integrates
3D grounding into the reasoning chain, aligning with re-
cent advances [9, 20]. This design emulates human spatial
cognition, wherein objects are first localized before their
properties and inter-object relationships are reasoned about.
For the second issue, we introduce a two-stage curricu-
lum learning framework: the model is initially trained on
synthetic datasets to acquire robust foundational represen-
tations, and subsequently fine-tuned on real-world data to
enhance domain alignment and generalization.
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<Instructions>
Detect all the boxes.
What is the color of bed.
If | standing by the stove, looking at ...
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Let's first detect them, stove, refrigerator and table.
<|layout_s|>bbox_0=Bbox(stove,6.16,2.39,1.16,1.61,0.61,1.11,0.01)
bbox_1=Bbox(refrigerator,9.57,2.58,1.18,1.61,0.77,0.98,1.86)
bbox_2=Bbox(table,9.46,4.84,0.62,-3.07,0.91,1.83,0.77)<|layout_e|>

For simplicity, we only consider the X-Y values(Horizontal) and round to 1-floating number.
Coordinate of stove: (6.2, 2.4)

Coordinate of refrigerator: (9.6, 2.6)

Coordinate of table: (9.5, 4.8)

Horizontal vector of stove and refrigerator:

LLM X dimension: 9.6 - 6.2 = 3.4

Y dimension: 2.6 - 2.4 = 0.2

The front direction vector is <3.4, 0.2>, and the left direction vector is <-0.2, 3.4>.

The vector of stove and table:

X dimension: 9.5 - 6.2 =3.3

Y dimension: 4.8 - 2.4 = 2.4

The vector of stove and table is <3.3, 2.4>.

Since the question only care about left or right, so the we calculate the dot product of the left vector.
The left vector dot product is (-0.2 * 3.3) + (3.4 * 2.4) = -0.66 + 8.16 = 7.50.

So the direction is left.

Figure 1. Architecture of LitSpaR. The input point cloud is encoded by a Point Transformer V3 and its features are aligned to the LLM
backbone via a two layers MLP adapter. For spatial reasoning tasks, LitSpaR first grounds the objects of interest, then calculates their

geometric relationships to get the final answer.

In this work, we present LitSpaR, a multimodal large
language model (MLLM) specialized for 3D spatial rea-
soning, semantic question answering, and semantic object
insertion—the task of generating object placement anchors
in 3D space from language instructions. Unlike prior ap-
proaches [9, 18, 20], LitSpaR relies exclusively on point
clouds as multimodal input, eliminating the need for cam-
era calibration and 2D visual encoding. To equip the
model with these capabilities, we curate four spatial reason-
ing datasets following the proposed grounding-reasoning
schema. We employ the SpatialLM Dataset [16] for the first
stage of curriculum training, and a combination of Scan-
Net [11], ArkitScenes (0], and ScanNet++ [24] for the sec-
ond stage. During training, we apply an exponential moving
average (EMA) strategy to the model weights to further im-
prove performance. Finally, despite comprising only 580M
parameters, LitSpaR achieves competitive results while of-
fering substantial efficiency advantages.

Our main contributions are summarized as follows:
¢ First Point-Cloud Reasoning MLLM: We propose

LitSpaR, a lightweight model that performs spatial rea-
soning exclusively from point cloud, achieving superior
performance on the VSI-Bench benchmark with only
580M parameters.

* General Abilities: In addition to maintaining semantic
QA ability, we also introduce Semantic Object Insertion
for LitSpaR, a critical feature for immersive AR/VR in-
teraction experiences.

* Training Recipe: We identify key limitations in exist-
ing spatial training pipelines and address them through a
grounding-reasoning schema and a two-stage curriculum
learning strategy.

* Grounding Evaluation: We introduce a novel evaluation
metric for 3D grounding tasks, designed to align more

closely with human spatial intuition than existing metrics.

2. Related work

3D Understanding via 2D Vision. This represents a main-
stream research direction, with an increasing number of
models and approaches recently proposed. These mod-
els are primarily built upon VLMs, taking videos as the
primary input and 3D data as auxiliary information. 3D-
LLM [14] employs a pre-trained image encoder to extract
2D features from multi-view images and back-projects them
onto the point cloud. It then introduces a Q-Former [15] to
align point clouds features with the Large Language Model
(LLM) using a fixed number of tokens. LLaVA-3D [26]
proposes encoding 3D positional embeddings and inject-
ing them into the 2D features of a CLIP [17] encoder,
enabling the VLM to perceive 3D information. Spatial-
MLLM [21] enhances spatial reasoning by incorporating
geometric features from VGGT [19], a feed-forward neural
network that directly infers key 3D attributes of a scene for
reconstruction. N3D-VLM [20] adopts an architecture sim-
ilar to LLaVA-3D and employs the same grounding-then-
reasoning paradigm during training. GS-Reasoner [9] re-
constructs videos to point clouds and resulting point clouds
to geometric features with PTv3 [22] of their dataset. Then,
it leverages a cross-attention module to fuse the geomet-
ric features and vision features. In contrast, our model is
lightweight and takes point clouds as the sole input, yet
achieves competitive results.

3D Understanding via Point Cloud. These models,
like ours, accept point clouds as their exclusive vision in-
put modality. LL.3DA [8] adopts a 3D visual encoder pre-
trained on ScanNet detection as the scene encoder. 3D-
LLaVA [12] uses a 3D U-net [10] to process point clouds



class Bbox:

name: str
position_x: float
position_y: float
position_z: float
angle_z: float
scale_x: float
scale_y: float
scale_z: float

Figure 2. Definition of our structured representation for bounding
box.

into super point features, and uses Omni Superpoint Trans-
former (OST), composed of self-attention layers, to fur-
ther extract features for LLM. SceneScript [2] uses a sparse
ResNet as the point cloud encoder, then applies a decoder-
only transformer to output the scene layout. SpatialLM [12]
performs 3D grounding from point clouds and predicts 3D
bounding boxes. While it performs grounding, it focuses
primarily on this task and lacks spatial reasoning and QA
capabilities.

3. LitSpaR

3.1. Overview

LitSpaR adopts the architecture similar to SpatialLM [16],
composed of a point cloud encoder, a two-layer MLP
adapter, and an LLM, trained in next token prediction man-
ner. The encoder-only Point Transformer v3 (PTv3) [22] is
adopted as the point cloud encoder, with parameters initial-
ized from Sonata [23] to leverage its superior performance.
The PTv3 encoder accepts a set of N points as input, where
each point feature is formed by concatenating coordinates,
colors, and normals (if available). The input points are seri-
alized via several space-filling curves, and partitioned into
ordered subsets by a fixed length. Attention is computed
within these subsets to reduce computational overhead and
preserve locality. Through several transformer and max-
pooling layers, these points are finally mapped to M points
feature embeddings with dimension N, where M is signif-
icantly smaller than IV in two or three orders of magnitude.
The encoder can be formalized as follows:

F=£(P), PecRVX{6I} FeRrRM*PD (1)

Figure 2 shows the 3D grounding bounding box rep-
resentation we defined, which follows SpatialLM [16].
We design the grounding-then-reasoning schema for the
LitSpaR, like [9, 20]. It detects all the bounding boxes of
objects of interest, and all the grounding outputs are en-
closed within <layout_s>...</layout_e>. All the
numbers are floating-point values with two decimal places,
including the positions, scales, and rotations around the z-
axis. Then, the model reasons about the spatial relations

Point Cloud Mesh Video

Semantic QA data
+ Whatis the color ...
+ Whattypeis the ...
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Figure 3. Semantic QA dataset curation pipeline.
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Figure 4. Semantic object insertion dataset curation pipeline.

Human:

How is the room?

GPT:

The room appears to be a modern, spacious interior with a minimalist design. It
features a large open area with a high ceiling, white walls, and a smooth floor.
There are multiple seating areas with sofas and tables, arranged in a seating
layout. Large windows allow natural light to fill the space, and there are some
decorative elements like wall art and plants. The overall atmosphere is clean
and contemporary.

Human:

What is the color of coffee table?

GPT:

The coffee table is dark in color, appearing to be black or a very dark shade.

Figure 5. Two examples of QA ability.

between objects. We present an example of how LitSpaR
determines the direction in VSI-Bench in Figure 1. It cal-
culates two dot products: one between the target vector and
the front vector, and another between the target vector and
the left vector. By comparing these two results, it deter-
mines the answer left.

3.2. Dataset Curation

Our training datasets comprise one synthetic dataset and
three real-world datasets, summarized in Table 2. All
datasets, including the evaluation set, focus on indoor
scenes.



Table 1. Evaluation on VSI-Bench. We cite GS-Reasoner’s results as reference, though direct comparison is inequitable by its requirement

for both video and point cloud.

Models Obj. Cnt. | Abs. Dist. | Obj. Size | Room Size | Rel. Dist. | Rel. Dir. (e./m./h.)
GPT-40* 46.2 53 43.8 38.2 37.0 41.3

Gemini-1.5 Pro* 454 56.2 30.9 64.1 43.6 51.3
LLaVA-NeXT-Video-72B* | 48.9 22.8 57.4 353 42.4 36.7

GS-Reasoner (pred dep.)* | 69.1 61.9 70.0 65.7 65.4 88.9

GS-Reasoner (gt dep.)* 70.9 73.6 77.8 81.8 70.6 90.5

LitSpaR (ours, w/o syn.) 55.5 38.8 62.5 84.9 354 48.6 (54.8,46.8,44.2)
LitSpaR (ours) 71.6 68.9 78.3 84.8 57.5 86.8 (89.9,85.4,85.3)

*: Models that has video input, while our model uses point cloud.

e./m./h.: Abbreviations for easy, medium, and hard difficulty levels, respectively.

Table 2. Dataset statistics.

Dataset | Type | #Scenes | #Train | #Test
SpatialLM [16] syn. 12,328 | 12,328 0
ScanNet [11] real 1,513 1,201 312
ARKitScenes [6] | real 5,048 4,898 150
ScanNet++ [24] real 1,006 906 50

For the spatial reasoning task, unlike GCoT [9], which
relies on querying a GPT, we employ programmatic gen-
eration. This approach is cost-effective while maintaining
competitive model performance. Regarding the QA task,
the data collection procedures differ between synthetic and
real-world datasets. SpatialLM provides only point clouds
files and bounding box annotations, whereas QA pairs and
video data remain inaccessible. Consequently, we estab-
lished a pipeline that first renders point clouds into videos
and then queries a VLM to generate QA pairs, thereby
constructing a semantic QA dataset as illustrated in Fig-
ure 3. Conversely, for real-world datasets where video data
is readily available, we directly query the VLM to collect
the semantic QA dataset. Finally, the semantic object inser-
tion task data is generated via a dedicated pipeline, depicted
in Figure 4. Its distinction from the QA pipeline lies in the
mesh rendering process; specifically, we incorporate the tar-
get bounding box (highlighted in green) into the mesh and
render it as a single frame.

Table 3. Processed dataset statistics.

Task syn. real
3D Grounding 1.03M 29.1K
Spatial Reasoning 346M 119.6K
Semantic QA 200.6K  99.1K
Semantic Object Insertion ~ 27.8K -

Finally, we summarize our processed training dataset

statistics in Table 3. For the semantic object insertion task,
because the scenes in real-world datasets are not as simple
as those in the synthetic dataset, we are still working on it.

We adopt VSI-Bench [7] as our evaluation benchmark,
which comprises over 5,000 question-answer pairs sourced
from ScanNet [11], ScanNet++ [24], and ARKitScenes [6].
The benchmark originally defines eight tasks focused on
video-based spatial and temporal reasoning. However,
given that our model processes point clouds, we substi-
tute the original videos input with the corresponding offi-
cial point clouds. Additionally, we exclude two tasks, Route
Plan and Appr. Order, due to their potential dependence on
temporal cues, which are inaccessible in static representa-
tions like point clouds.

3.3. 3D Grounding Metric DIoUsp

Previous works evaluate the performance of 3D ground-
ing bounding box by determining whether their Intersec-
tion over Union (IoU) with the ground truth exceeds a spe-
cific threshold [9, 16], e.g., [oU3p @0.25. The IoUsp score
function is defined as follows:

Vol(B red N B t)
IOU3D(BpTed; Bgt) = m,
pre g

2)
where B denotes the bounding box, and Vol is the volume
function.

Although simple, this function has limitations in dis-
crimination and continuity, and tends to assign extremely
low scores, especially when encountering objects whose di-
mensions along the x, y, and z axes differ significantly in
scale, such as TVs, carpets, and paintings. As shown in
Figure 7, if we apply the loUsp function, the predictions in
sub-figures (a) and (b) yield the same score, i.e., 0. How-
ever, (a) has a slight influence on its spatial relationships,
while (b) does not.

Therefore, we require a new evaluation metric that
aligns with human intuition. We follow the definition of
DIoU [25], introduced DIoUsp, which is defined as fol-
lows:



Human:

| have an object with size <0.13,0.15,0.15>, put it under the dining table.
GPT:

The object can be placed at
<layout_s>bbox_0=Bbox(object,2.94,-0.03,1.57, 0.13,0.15,0.15)<layout_e>.

(a) Instruction: “Put it under the dining table”.

Human:

Given a box with dimensions <0.35,0.27,0.34>, put it at the foot edge of the bed.
GPT:

The object can be placed at
<layout_s>bbox_0=Bbox(object,1.63,2.24,0.73,1.56,0.35,0.27.0.30)<layout_e>.

(b) Instruction: Put it at the foot edge of the bed”.

Figure 6. Two examples of semantic object insertion and their
visualization results.

P2 (Bpredv Bgt)

DIoUj;,, = IoUsp — = ; 3)
DIoUj;p, + 1
DloUsp, = °3TD+ @)

The function p?(-) represents the squared Euclidean dis-

(c) (d)

Figure 7. BEV example explains why DIoU-3D is better than
IoU-3D. Gray solid boxes denote ground truth TV location, while
dashed boxes represent predictions. The red and blue lines repre-
sent the center and the smallest enclosing box diagonal distance of
the two boxes, respectively.

tance between center points of the two boxes, while ¢ de-
notes the diagonal length of the smallest enclosing box that
covers both B,.q and By, Given that raw DIoU3, typ-
ically ranges in (—1,1], we apply a linear transformation
to normalize it to (0,1], thereby facilitating direct com-
parison with IoUsp. Regarding the smallest enclosing
box, we project the eight corner points of both the pre-
dicted and ground truth boxes onto the xy-plane and ap-
ply cv2.minAreaRect to obtain the smallest 2D bound-
ing box. Since the z-axis is consistently oriented across our
dataset, the lower and upper bounds of the smallest enclos-
ing box are directly determined by the minimum and maxi-
mum z-coordinates of the two boxes, respectively.

4. Experiment

The main results on VSI-Bench are reported in Section 4.1.
We provide two spatial semantic QA and object insertion
examples in Section 4.2 to demonstrate the model’s gen-
eral capabilities. Results for 3D Grounding are presented in
Section 4.3, evaluated using DIoU;3p. Although 3D ground-
ing is not the primary focus of this work, we include these
results to ensure experimental completeness and to demon-
strate the efficacy of the new evaluation metric.

4.1. Spatial Reasoning

We evaluate LitSpaR on an adapted version of the VSI-
Bench benchmark [7], where we substitute videos with
point clouds as input and select six out of the eight avail-
able tasks, as detailed in Section 3.2. We follow the offi-
cial evaluation metrics of VSI-Bench, employing Accuracy
for multiple-choice questions and Mean Relative Accuracy
(MRA) for numerical estimation tasks. The results are pre-
sented in Table 1. Due to the scarcity of existing spatial rea-
soning models compatible with our exclusive point clouds
setting, a direct and fair comparison is currently unavail-



Table 4. Comparison of F1-Scores (in %) with DIoUsp and
IoUsp. Objects like painting and carpets get a higher score.

DIOU3D IOU3D
Objects F1@25 | F1@50 | F1@25 | F1@50
door 63.27 35.03 17.44 6.50
window 50.84 32.92 15.66 5.61
curtain 57.24 38.96 18.02 4.92

nightstand 70.83 67.86 44.94 9.82
chandelier 54.44 36.80 25.42 7.84
wardrobe 43.33 38.67 26.67 10.00

bed 96.83 95.24 93.65 80.95
sofa 74.21 60.32 35.71 11.90
chair 24.71 24.71 18.10 10.34
cabinet 26.36 12.65 7.73 0.91
dining table | 56.10 43.90 26.83 7.32
plants 30.00 15.48 15.48 2.38

tv cabinet 36.36 33.33 15.15 0.00
coffee table | 36.36 33.33 18.18 0.00

side table 5.88 5.88 0.00 0.00
air cond. 18.52 11.11 0.00 0.00
dresser 42.11 42.11 26.32 15.79
stool 25.00 25.00 6.25 0.00

refrigerator 0.00 0.00 0.00 0.00

painting 69.05 34.44 16.82 4.21
carpet 39.39 17.68 12.12 6.06
tv 58.33 25.00 10.42 2.08
Mean 44.51 33.20 20.50 8.48

able. However, GS-Reasoner [9] applies a similar reason-
ing paradigm and evaluation tasks like ours; therefore, we
report selected results from their work as a reference base-
line. Compared to advanced VLMs, LitSpaR outperforms
them on all tasks. Compared to GS-Reasoner, which em-
ploys a similar paradigm, we also outperform it on several
tasks.

However, our model under-performs on tasks including
Absolute Distance (Abs. Dist.) and Relative Distance (Rel.
Dist.) by a notable margin than GS-Reasoner. We at-
tribute this discrepancy to the data alignment strategy: GS-
Reasoner aligns its point clouds data along all three axes (X,
Y, and Z), which is crucial for accurately reasoning about
distances between closely situated bounding boxes. In con-
trast, our setting only enforces alignment along the Z-axis
(allowing rotation around it) to enhance the model’s prac-
tical applicability. For instance, in AR/VR applications,
aligning point clouds with the gravity vector (Z-axis) is nec-
essary, whereas precise alignment along the X and Y axes
is not.

4.2. Spatial Semantic QA and Object Insertion

Our model maintains robust capabilities for semantic ques-
tion answering, and examples illustrating this functional-
ity are presented in Figure 5. We are currently working on
conducting quantitative assessments to further validate our
model’s performance, e.g., evaluations on ScanQA [3].

A novel and important feature of our model is Seman-
tic Object Insertion, which enables the model to inter-
pret natural language instructions and precisely localize an-
chors within the point cloud. Unlike traditional methods
that rely on rigid geometric cues (e.g., plane detection and
ray-casting), our language-driven mechanism establishes a
new interaction paradigm for AR/VR applications, enabling
users to convey their intentions through natural language.
Figure 6 provides two examples, showing both the pre-
dicted insertion coordinates and their visualization in the
point cloud.

4.3. 3D Grounding

3D Grounding is the basic ability for understanding the
space. However, we observe that objects with thin bound-
ing boxes or imbalanced dimensional scales often yield low
scores. The introduction of DIoUsp, alleviates this issue. As
reported in Table 4, categories such as door, window, and
tv, which achieved extremely low scores on loUsp, show
improved performance on DIoUszp.

5. Conclusion, Limitations and Future Work

In this paper, we propose LitSpaR, a spatial reasoning
model that achieves competitive performance on 3D tasks
despite its small parameter count. Additionally, we intro-
duce a novel evaluation metric for 3D grounding that aligns
more closely with human spatial perception. A novel fea-
ture of LitSpaR is its semantic object insertion capability,
which localizes 3D bounding boxes for virtual objects, fa-
cilitating AR/VR applications.

Given the early-stage nature of this study and constraints
on time and computational resources, certain aspects of our
implementation and experiments remain preliminary and
require future refinement. For example, trade-offs were
made in our training recipe: while we generated millions
of synthetic samples, we were limited to sampling at most
200K per task for training. We also acknowledge that, de-
spite our focus on point cloud, 2D vision remains essential
for physical world understanding, complementing geomet-
ric data by offering vital dense semantic information.

In future work, we plan to perform deeper analyses, in-
cluding comprehensive ablation studies, and further boost
performance. Furthermore, while PTv3 provides a solid
foundation for point clouds encoding, exploring more ef-
ficient and scalable encoders remains a key direction for fu-
ture research.
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