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Abstract

Humans naturally understand 3D spatial relationships, en-
abling complex reasoning like predicting collisions of ve-
hicles from different directions. Current large multimodal
models (LMMs), however, lack of this capability of 3D spa-
tial reasoning. This limitation stems from the scarcity of
3D training data and the bias in current model designs to-
ward 2D data. In this paper, we systematically study the
impact of 3D-informed data, architecture, and training se-
tups, introducing 3DI-LMM, an LMM with advanced 3D
spatial reasoning abilities. To address data limitations, we
develop two types of 3D-informed training datasets: (1)
3D-informed probing data focused on object’s 3D location
and orientation, and (2) 3D-informed conversation data for
complex spatial relationships. Notably, we are the first to
curate VQA data that incorporate 3D orientation relation-
ships. Furthermore, we systematically integrate these two
types of training data with the architectural and training
designs of LMMs, providing a roadmap for optimal design
aimed at achieving superior 3D reasoning capabilities. Our
3DI-LMM advances machines toward highly capable 3D-
informed reasoning, surpassing GPT-4o performance by
8.7%. Our systematic empirical design and the resulting
findings offer valuable insights for future research in this
direction.’

1. Introduction

When humans observe a scene, they perceive more than iso-
lated objects; they intuitively understand the spatial rela-
tionships among these objects [53], enabling complex rea-
soning and interaction with the environment. For example,
recognizing that a car is approaching an obstacle and might
collide involves interpreting the 3D object orientations and
spatial relationships. This innate ability to comprehend and
reason about 3D space is crucial for navigating and interact-
ing with the physical world.

Despite significant advancements, current LMMs [1, 4,
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Figure 1. 3D spatial reasoning is crucial for LMMs to ground
objects in 3D space and infer their 3D spatial relationships, such as
distance, orientation, and spatial interactions. We systematically
study the impact of 3D-informed data, architecture, and training
setups, introducing 3DI-LMM, an LMM with advanced 3D spatial
reasoning abilities.

38, 40, 55], exhibit limited capability of 3D spatial reason-
ing. These models excel at identifying objects and generat-
ing descriptive captions but struggle with tasks that require
intricate 3D reasoning, such as predicting object interac-
tions or understanding physical events.

The primary challenge lies in the scarcity of high-quality
3D spatial relationship data, which prevents models from
learning effective 3D spatial reasoning. Collecting a small
set of high-quality 3D-aware data to tackle the first chal-
lenge is feasible, albeit labor-intensive, using readily avail-
able tools. Recent efforts [2, 14] leverage vision foundation
models to recognize [64], detect [41], segment [30] and es-
timate the depth [10, 60] in images. These approaches form
semi-automated pipelines to construct pseudo-2.5D datasets
for training LMMs with spatial reasoning capabilities, such
as depth ordering [14, 56].

However, a significant gap remains: previous works [2,
14, 16] have primarily focused on 3D distance relationships,
overlooking the crucial role of 3D object orientation. This



is primarily due to the absence of robust 6D pose estima-
tors. Understanding object orientation is essential for com-
plex spatial reasoning tasks, such as determining if two cars
are facing the same direction to avoid dangerous collision.
Addressing this gap, we aim to incorporate 3D orientation
relationships—converted from ImageNet3D [17]—into our
data engine, making us the first to enable complex spatial
reasoning involving 3D orientation relationships.

Even with 3D-informed data in hand, fully unlocking
its potential remains challenging due to the intricate, multi-
stage development process required for an LMM. For exam-
ple, Spatial VLM [14] utilizes 3D-informed data during the
instruction tuning stage, but it remains uncertain whether
such data can enhance other stages like vision encoder pre-
training or multimodal alignment. This limitation suggests
that a more holistic approach is necessary.

In this paper, we present a systematic investigation into
building LMMs with enhanced 3D spatial reasoning capa-
bilities through a compound design approach, as illustrated
in Fig. 1. Our key contributions are threefold:

First, we identify three fundamental types of 3D spa-
tial relationships that LMMs must master: distance re-
lationships, orientation relationships, and complex spatial
reasoning that combines both. To evaluate these capabil-
ities, we introduce SpatialVQA, a comprehensive bench-
mark containing 1,323 questions that target 3D spatial un-
derstanding, built upon diverse urban and indoor scenes
from Omni3D [11].

Second, we propose a novel compound 3D-informed de-
sign that introduces improvements across multiple dimen-
sions, leading to our proposed 3DI-LMM model. On the
data front, we develop two types of 3D-informed training
datasets: (1) 3D-informed probing data focused on object-
level 3D properties, and (2) 3D-informed conversation data
for for complex spatial relationships. Architecturally, we
explore mixing different visual encoders and investigate
their 3D awareness capabilities. For training, we introduce
3D-informed data at multiple stages: pre-pretraining, mul-
timodal alignment, and instruction tuning.

Third, we present the first comprehensive search over the
LMM design space for spatial reasoning tasks and propose a
roadmap towards developing state-of-the-art models in this
domain. The experiment demonstrates that our proposed
3DI-LMM achieves state-of-the-art performance on spatial
reasoning tasks, surpassing both GPT-4o [1] (by 8.7%) and
spatial-centric models like Spatial VLM [14] (by 10.5%).
Our systematic analysis reveals that while architectural im-
provements contribute a 1.3% gain, the strategic incorpo-
ration of 3D-informed data across different training stages
yields a substantial 13.7% performance improvement.

Our findings highlight the importance of a holistic ap-
proach to improving LMMs’ 3D spatial reasoning capabili-
ties, demonstrating that both architectural choices and care-

fully curated open-source 3D-informed training data play
crucial roles in achieving superior performance. This work
establishes a new benchmark for spatial reasoning in LMMs
and provides valuable insights for future research in this di-
rection.

2. Related Works

Large multimodal models (LMMs). Recently, there has
been a significant surge in research on multimodal LLMs,
exemplified by products like GPT-4 [1] and Gemini [55],
as well as open-source models such as LLaVA [33, 38, 40]
and Qwen-VL [8]. These open-source models combine pre-
trained vision encoders [15, 26, 45, 46] with LLMs [7, 27,
57], enabling the language models to handle a wide range
of tasks that involve images as input. Typically, these meth-
ods has the alignment stage that aligns image features with
the input embedding space of the language model using
connectors [13, 34, 38], trained with paired images and
captions [51]. The instruction fine-tuning [40] stage uses
data that contains both images and instructions to enhances
LMMs. However, current LMMs are unsuccessful in spatial
visual reasoning, due to limited spatial-aware data and stag-
nant 3D-informed architecture design. We aim to bridge
this research gap.

3D spatial reasoning with LMMs. Understanding
about spatial relationships between objects in images is cru-
cial for visual reasoning. While this comes naturally to hu-
mans, LMMs have been found to struggle with recognizing
spatial relations [47], due to the lack of 3D-aware spatial-
related data during training. Fortunately, with foundation
models like SAM [30] and depth estimators [10, 60], semi-
automatic annotation for 3D-aware VQA data has been
adopted in recent studies [14, 16]. Spatial VLM [14] uses
the pseudo-annotated 3D-aware VQA data for training only
while SpatialRGPT [14, 16] further augments LLaVA with
extra input of regional mask and depth map during infer-
ence, which is not our focus. Although human-annotated
3D-aware VQA data is rare, we aim to leverage human-
annotated 3D object-level datasets (like ImageNet3D [43])
by simply converting image-pose pairs into image-text pair
data. However, even with the collected data, a major chal-
lenge remains in effectively utilizing 3D-aware data to train
optimal models. Current approaches like Spatial VLM [14]
use the standard LLaVA and two-stage training. To date,
no work has addressed when (which training stage) and
where (which network component) are optimal to inject the
3D-awareness to LMMs. We bridge this gap by conduct-
ing a compound design that simultaneously considers 3D-
aware data, architecture, and the training, leading to a best-
performing design. Rather than competing, our study has
the potential to complement prior works [14, 16] by offer-
ing new compound design recipe.



3. Methods

In this section we start by reviewing LMMs in Sec. 3.1,
specifically the architecture and the choice of training data
and strategies. We present the task of reasoning 3D spatial
relationships and explain the challenges LMMs face when
answering these questions in Sec. 3.2. Then we study how
to address these challenging problems with LMMs and in-
troduce our 3DI-LMM in Sec. 3.3.

3.1. Preliminary of LMMs

Data. The success of deep learning in vision is largely due

to well-curated data [20, 54], and LMMs similarly depend

on this foundation, albeit with diverse data formats below.

* Image-only data, such as ImageNet [17], is commonly
used for MAE [23]/DINOvV?2 [45] pretraining with a self-
supervised objective. This step enables the model to learn
rich visual features solely from visual signals.

» Noisy image-text pairs: Large-scale image-text pairs [20,
36, 50] are used for pretraining with contrastive loss (e.g.,
CLIP [46, 62]) to align visual and textual representations.

* Multimodal alignment: At this stage, image-caption pairs
(e.g., CC3M [51]) are utilized to align visual features with
the language model’s word embedding space, typically
through image-captioning tasks. This pretraining ensures
that the model can interpret and relate visual content to
textual queries in a shared semantic space.

e Multimodal instruction-following data. Visual instruction
tuning data is essential but challenging to collect, as it
rarely exists in its natural form online. Prior works [38,
40, 44, 56] repurpose VQA benchmarks [22, 31] into
instruction-tuning datasets.

Architecture. A standard LMM [38, 40] consists of a vi-

sual encoder to process the image, a multimodal connector

to transform the visual feature to visual token, and a LLM

for reasoning. However, the extent to which these archi-

tectural components contribute to the spatial understanding
of LMMs remains unknown. We review these architectural
components as below.

e Vision encoder: Most LMMs rely on language-
supervised models like CLIP [46], leveraging web-scale
noisy image-text data. Recent LMMs [42, 56] integrate
vision models trained only on visual signals, including
self-supervised [23, 45, 66] and generative models [49].

* Connector: Features from a visual encoder are mapped
into the LLM token space by connectors [3, 13, 34, 40]
such as a MLP [38, 40].

e LLMs: LLMs [1, 7, 57] serve as the foundational back-
bone of LMMs, driving their reasoning capabilities.
Open-source LLMs like Llama series [18, 57] are fre-
quently adopted to enhance the reasoning capability.

Training. The aforementioned data supports pre-

pretraining for strong visual representation learning, align-

ment pretraining to synchronize visual and language rep-

resentations, and instruction tuning to enable multimodal

instruction-following and reasoning capabilities

* Pre-pretraining. This stage focuses on developing foun-
dational visual representations, often with reconstruction-
based objectives (e.g., MAE [23], DINOv2 [45]). This
step prepares the model to handle more complex multi-
modal tasks by first refining its visual understanding.

* Multimodal alignment pretraining. At this stage, the
model is trained to describe images in details to align vi-
sual and language representations in the same space.

* Visual instruction tuning. The final stage involves refin-
ing the model’s ability to process complex multimodal in-
structions using visual instruction tuning data. This often
incorporates transformed VQA datasets, enhancing the
model’s capacity in handling tasks that demand coordi-
nated reasoning across language and vision.

3.2. Reasoning 3D Spatial Relationships

3D spatial reasoning analyzes the spatial relationships be-
tween objects in the 3D world space, such as objects being
far or close to each other, or one object lies to the left or right
of another object [58]. It extends beyond standard 3D tasks,
such as 3D object detection and 3D pose estimation that
studies the 3D nature of individual objects, and focuses on
understanding their mutual relationships in 3D. In this work
we identify three main types of 3D spatial relationships, i.e.,
distance, orientation, and spatial reasoning, and study how
we can better address these problems with LMMs.

3D spatial relationships. For distance spatial relation-
ships, we study if models can estimate and compare 3D
distances between objects. These spatial relationships re-
quire more than depth awareness, which gives the distance
between the viewer and the object and can be roughly esti-
mated from the object scale, but also the 3D distances be-
tween two objects that are often harder to estimate. On the
other hand, orientation spatial relationships require models
to understand the 3D orientations of an object, e.g., pre-
dicting if two objects are facing the same direction. Lastly,
spatial reasoning spatial relationships look into 3D spatial
relationships that need a combination of 3D awareness of
location and orientation and then performing spatial reason-
ing on the 3D information.

3.2.1. Challenges of 3D spatial reasoning

Reasoning about 3D spatial relationships remains a chal-
lenging task for state-of-the-art open-sourced and propri-
etary LMMs. We attribute this to two main limitations in
modern LMMs, the lack of 3D awareness and inability to
perform 3D spatial reasoning.

3D awareness refers to the ability of a visual encoder to
represent 3D-aware features such as representing the 3D ob-
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Figure 2. Examples from our Spatial VQA benchmark featuring a broad range of questions that require 3D spatial reasoning.

ject shapes and the 3D orientations. Previous studies re-
sorted to proxy tasks, e.g., part correspondence [19] and
3D pose estimation [43], to quantitatively evaluate the 3D
awareness of visual foundation models with linear probing.
Results showed that most visual encoder, specifically ones
trained with language supervision, demonstrated limited 3D
awareness of 3D object poses [43], which inevitably limits
the 3D spatial reasoning capabilities of LMMs built upon
these encoders.

Inability to perform 3D spatial reasoning. To infer the
3D spatial relationships, models must also be able to per-
form 3D spatial reasoning from 3D-aware visual features.
Despite the abundant Internet-scale data for multi-modal
training, we argue that high-quality 3D spatial reasoning
data are scarce. Existing pretraining and visual instruction
tuning data for LMMs [40, 56] focused on detailed descrip-
tions and conversations about scenes, appearances, and ac-
tions, while being vague about the 3D spatial relationships
that build up the high-level physical events. Despite their
success on a wide range of image understanding tasks, these
LMMs fails to learn the nature of 3D scenes or to perform
3D spatial reasoning.

3.2.2. Spatial VQA for Evaluation

Despite the rising interests in spatial reasoning, there lacks
a comprehensive open source benchmark for reasoning 3D
spatial relationships. Early datasets on spatial reasoning
were built on 3D scans rather than images [6, 61]. Re-
cent visual-language benchmarks on spatial reasoning ei-
ther focused on 2D spatial relationships [14, 16], e.g., left
or right in the image plane, or only on distance spatial rela-
tionships [56].

To enable a thorough evaluation of the 3D spatial rea-
soning capabilities of LMMs, we introduce SpatialVQA,
a visual question answering benchmark that covers a wide
variety of 3D spatial relationships. Our Spatial VQA dis-

tinguishes itself from all previous spatial reasoning bench-
marks in the sense that all questions require different lev-
els of 3D awareness and cannot be answered from 2D spa-
tial reasoning only. Specifically, SpatialVQA consists of
1,323 questions, ranging from questions can be answered
from distance-awareness only, e.g., which object is closer to
a third object, to questions that require estimating objects’
3D orientations, e.g., if two objects are facing the same di-
rection, and eventually questions that require complex 3D
spatial reasoning over a combination of object 3D locations
and orientations, e.g., an object is in the front/left/back/right
direction of another object.

We build our Spatial VQA on images from Omni3D [11],
which provide 3D bounding box annotations on diverse ob-
jects from both urban [12, 21] and indoor scenes [9, 48,
52]. We follow [16, 56] and develop rule-based meth-
ods to generate visual question-answer pairs from the 3D
groundtruths. Please refer to Fig. 2 for some examples of
Spatial VQA and to appendix Sec.B for details about our
benchmark.

3.3. Compound 3D-Informed Design

Problem formulation. While previous approaches fo-
cused on generating 3D-informed instruction tuning data
to enable LMMs with the abilities to estimate distances,
depths, or spatial relationships [14, 16], it is largely under-
studied the best recipe for developing LMMs with strong
3D spatial reasoning capabilities. Motivated by the two
aforementioned limitations of LMMs in Sec. 3.2.1, we con-
sider two main aspects in our compound 3D-informed de-
sign — the architecture design that leads to visual encoders
with strong 3D awareness and the training setup that ad-
vances the 3D spatial reasoning capabilities of LMMs.

3.3.1. Design space

We introduce the design space considered in our work, i.e.,
choices of training data, model architecture, and training
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Figure 4. Comparison of data cards showcasing the curation pro-
cess and data types: standard LLaVA data (left) vs. our 3D-
informed data (right). For our 3D-informed data curation, we la-
bel depth and distance of objects in Openlmage [32] using semi-
automatic tools, resulting in 3DI-Pb-OI1M. Beyond this, we intro-
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ImageNet3D [43], resulting in 3DI-Pb-IN166K for alignment. We
further augment the conversation about spatial relationship, lead-
ing to 3DI-Ft-1M for instruction tuning.

setup that advance the 3D spatial reasoning capabilities of
LMMs. Refer to Fig. 3 for an overview of our design space.

Data. Standard LMMs follow LLaVA [40] and adopte
feature alignment data for connector pretraining and vi-
sual instruction data for supervised instruction tuning.
These datasets focus on detailed descriptions of images
or machine-generated multi-turn conversations. Besides
standard visual-language datasets, we further consider 3D-
informed data, including 3D-aware probing data and 3D-
informed instruction tuning data. Inspired by [43], the 3D-
aware probing data involves fundamental object-level 3D
properties, such as the azimuth and elevation 3D view-
point of an object, depth of the object from the viewer, and

3D distances between two objects. The goal of the 3D-
aware probing data it to effectively inject fundamental 3D
awareness into the models and benefit subsequent reason-
ing. Meanwhile, the 3D-informed instruction tuning data
focuses on high-level 3D spatial relationships between the
objects, which are built on a combination of the fundamen-
tal 3D properties and 3D spatial reasoning.

To generate the 3D-aware probing data and the 3D-
informed instruction tuning data, we follow the previous
data generation pipelines [14, 16] and exploit visual foun-
dation models to extract and tag the objects in 3D space.
Furthermore, we adopt a pretrained 6D pose estimator in
[43] and estimate 3D orientations of the objects, which
provides the crucial 3D information for generating 3D-
informed data regarding various orientation-related 3D spa-
tial relationships. We illustrate our 3D-informed data gen-
eration pipeline in Fig. 4 and refer the readers to appendeix
Sec.A for details of our 3D-informed data generation.

Architecture. Inspired by Probe3D [19] which probes the
3D-awareness of visual foundation models, we study the de-
sign of visual encoder to enable better 3D spatial reasoning.
We consider two types of visual encoders: (i) Frozen & pre-
trained visual encoder CLIP [46] following [40] but with the
option to mix a wider variety of models, such as MAE [23]
and DINOv?2 [45], and (ii) 3D-aware visual encoders fine-
tuned with our 3D-informed data, e.g., contrastive pretrain-
ing or finetuning with LoRA using language modeling loss.

Training setup. To address the limitations of 3D-aware
LMMs discussed in Sec. 3.2.1, we propose new training
setups that aim to improve 3D awareness and advance the
3D spatial reasoning capabilities. We consider the follow-
ing: (i) in Stage 0: use 3D-informed probing data (3DI-
Pb-OI1M/IN166K) to tune the Lora layers of CLIP vi-
sion encoder (Pre-pretraining); (ii) in Stage 1: 3D-informed
multimodal alignment using a combination of standard
CC558K [40] and our 3D-informed probing data (3DI-Pb-
OIIM/IN166K); and (iii) in Stage 2: 3D-informed instruc-
tion tuning with the standard Mix665K [40] and our 3D-
informed visual instruction tuning data (3DI-Ft-1M).

3.3.2. Designing 3D-Informed LMM: A Roadmap

Design instantiation and comparison. The mentioned de-
sign space can result in several design instantiations, as de-
picted in Fig. 5. In a multimodal LLM, a pre-trained CLIP
visual encoder extracts grid features from the input image.
These features are converted into visual tokens via a con-
nector and then processed by the LLM for visual reason-
ing. Fig. 5 (b) shows that LLaVA is a standard design space
without any new spatial-centric design, meaning that the
3D-awareness is completely missing in LLaVA (Fig. 5 (b)).
Asin Fig. 5 (¢), Spatial VLM improves LLaVA by collecting
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3D-informed data that is applied to instruction tuning for
LLM, boosting the spatial reasoning capability. Compared
to SpatialVLM, our design (in Fig. 5 (a)) inject the 3D-
awareness by introduce 3D-informed alignment with Im-
ageNet3D data. Additionally, our 3D-informed intruction
tuning data contain extra 3D orientation data that is missing
in spatial VLM.

Design roadmap. We present the roadmap going from a
standard LLaVA to our final model in Fig. 6. We start with
LLaVA-v1.5 which only achieves a 47.7% accuracy on our
Spatial VQA. This will be our baseline. We then study a
series of design decisions.

* + mixed vision encoder. To build stronger visual encoder,
we mix the original CLIP vision encoder [46] with the
DINOV2 [45] vision encoder to extract the hybrid feature
maps, lifting a 0.3% performance gain. This show that
the self-supervised feature can enhance spatial reasoning.

e Vicunal.5—Llama3. We switch our large language
model from Vicuna-v1.5-7B [65] to Llama3-8B [18], as
the latter achieves 20% higher accuracy on MMLU. This
change results in 1% gain on spatial reasoning. We ana-
lyze that improved language reasoning may enhance spa-
tial reasoning as well.

* + 3DI-FtIM data for stage 2 instruction tuning. We col-
lect the new spatial-aware training set and use it in the in-
struction tuning stage. Impressively, this 3D-informed in-
struction tuning results in a 10.7% performance improve-

performance gain from

LLaVA-v1.5 47.7

better architecture

+ Mixed vision encoder
CLIP & DINOv2

48.0 3D-informed data

Vicunal.5 - Llama3 49.0

+3DI-Ft1M

for stage 2 tuning 59.7.

+ 3DI-Pb-1N166K
for stage 1 alignment

@ GPT-40 54.0

Figure 6. We modernize a standard LLaVA-v1.5 towards the de-
sign of a 3D-informed LMM. The bars are the answer accuracies
on the SpatialVQA benchmark, indicating the spatial reasoning
capability of each model; results for the GPT-4o is shown with the
purple bar.

ment, highlighting the critical importance of 3D-informed
data.

* + 3DI-Pb-INI166K data for stage 1 multimodal align-
ment. We propose leveraging object-level 3D-informed
annotation (e.g., 3D location and 3D orientation of ob-
jects) to align visual features with 3D awareness. 3DI-
Pb-IN166K are converted from human-annotated Ima-



geNet3D [43]. This experiment results in an additional

3% performance improvement, underscoring the impor-

tance of 3D-informed feature alignment.

In a nutshell, the performance gain can be summarized
as 1) better architecture and 2) 3D-informed data. This
roadmap leads to our 3DI-LMM.

4. Experiments

In this section we start by outlining the experimental setup
in Sec. 4.1, followed by presenting the results in Sec. 4.2.

4.1. Experimental setup

We prepare our training data as described in Fig. 4, with
IM paired image and 3D-informed text for pre-pretraining
and alignment, and another 1M multi-turn 3D-informed
conversation for instruction tuning. Data distributions are
supplemented in appendix. Our training setup is built
upon LLaVA-v1.5 [38] and all hyperparameters remain
unchanged unless explicitly stated otherwise. We briefly
overview the training and data setup for the ablated design
choices in Sec. 3.3.1. All experiments are conducted in 8
Nvidia A100 GPUs. We evaluate the spatial reasoning capa-
bility of LMMs on Spatial VQA as introduced in Sec. 3.2.2.

4.2. Results

Comparison with the state-of-the-art. Table | presents
the performance of our model compared to state-of-the-art
proprietary systems such as GPT-4o0 and Claude 3.5 Son-

net, along with top open-source models. = Remarkably,
Model Avg. 3D Dist. 3D Orient. 3D Spatial Rel.
Proprietary
GPT-4o [1] 540 594 524 50.8
GPT-40 Mini [1] 454 469 39.3 48.5
Claude 3.5 Sonnet [4]  49.3 50.8 44.5 51.5
Open-sourced
LLaVA-v1.5-7B [38] 47.7 50.6 46.4 46.2
LLaVA-NeXT-8B [39] 50.6  63.5 49.2 41.5
Cambrian-8B [56] 51.7 59.8 46.4 48.9
Spatial-centric
Spatial VLM-13B [14] 52.2 64.3 48.5 45.8
Ours 62.7  86.3 529 50.8

Table 1. Comparison with the state-of-the-arts including pro-
prietary and open source models.

our model achieves a performance of 62.7%, outperform-
ing the top proprietary model by 8.7% and the best open-
source model by 10.5%. Besides, our model excels in all
aspects of spatial reasoning involving 3D distance, 3D ori-
entation and 3D spatial relationship. Moreover, our model

not only enhances spatial reasoning performance, but still
preserves general visual reasoning (detailed in appendix).
Interestingly, although Spatial VLM [14] (implemented in
SpaceLLaVA [2]) outperforms other open-source models in
overall performance, it falls short in 3D orientation reason-
ing compared to LLaVA, due to the lack of tuning with 3D
orientation-specific data. We exclude SpatialRGPT from
this comparison as it relies on additional inputs such as
object bounding box coordinates, segmentation masks, and
depth maps. In contrast, our 3DI-LMM, along with LLaVA
and Cambrian, focuses on learning spatial awareness di-
rectly from raw images. We will consider models with ad-
ditional inputs in future work. In sum, our model achieves
state-of-the-art performance on spatial reasoning, surpass-
ing API models [1, 4] and also spatial-centric VLM [14].

Thorough empirical exploration of the design space.
We comprehensively explore the design space of our ap-
proach as shown in Table. 2. We analyze the results and
elaborate the findings detailed below.

Upgrading architectures enable better spatial reason-
ing. In terms of architecture, integrating a mixed vision en-
coder can improve overall performance especially for the
3D orientation. Then, upgrading the LLM to the more
advanced LLama3-8B enhances spatial reasoning perfor-
mance by 1%, leveraging its improved language reasoning
capabilities.

3D-informed alignment and tuning matter a lot. In
terms of 3D-informed data and training, we find that 3D-
informed instruction tuning with our proposed 3DI-FtIM
dataset yields a substantial performance boost of +10.7%.
To further refine the framework, we explore three data types
for stage 1 multimodal alignment: curated 3DI-Ft1M, 3DI-
Pb-OI1M, and 3DI-Pb-IN166K. The model trained with
3DI-Pb-IN166K performs best. We attribute this to the use
of human-annotated ImageNet3D data, as opposed to the
semi-automated methods employed for 3DI-Pb-OI1M. The
human-annotated ImageNet3D provides more accurate 3D
orientation of objects. This highlights the importance of
high-quality data in the alignment stage.

3D-informed pretraining of vision encoder? The pre-
trained CLIP vision encoder, originally designed for image-
text contrastive learning, lacks 3D-awareness [19], We hy-
potheszie that the vision encoder has a chance to benefit
from 3D-informed data. To verify this, we conduct 3D-
informed pretraining for the vision encoder using curated
3DI-Pb-OI1M probing data. We explore both CLIP [25]
and next token prediction (NTP) [40] objectives to fine-tune
Lora layers [24] of the ViT. We observe that pre-pretraining
in stage O reduces performance, suggesting that tuning vi-
sual foundation models may compromise feature generaliz-
ability. This aligns with prior works advocating for frozen
or locked visual encoders [35, 37].

Roadmap progression towards the best-performing



Model Stage 0 Stage 1 Stage 2 Spatial VQA

Vision Encoder LLM Encoder pretraining Alignment Instruction Tuning Avg. Dist. Orient. Spatial Rel.
Baseline (LLaVA-v1.5)
CLIP [46] Vicuna-7B [65] - CC558K [38] Mix665K [38] 477 50.6 464 46.2
Mixed Encoders

46 23 65
CLIP [46]+DINOV2 [45]  Vicuna-7B [65] - CC558K Mix665K 48.0 519 469 45.6
Advanced LLM
CLIP [46]+DINOV2 [45] Llama3-8B [18] - CC558K [38] Mix665K [38] 49.0 563 517 41.5
3D-informed Tuning for Stage 2
CLIP [46]+DINOV2 [45] Llama3-8B [18] - CC558K [38] Mix665K [38] + 3DI-FtIM | 59.7 852 52.1 44.8
3D-informed Alignment for Stage 1

46 45 18 38 38

46 45 18 38 38
CLIP [46]+DINOV2 [45] Llama3-8B [18] - CC558K [38] + 3DI-Pb-IN166K Mix665K [38] + 3DI-FtIM  62.7 86.3 52.9 51.0

46 45 18 25 38

46 45 18 33 38

Table 2. Thorough exploration of the design space and roadmap progression. We systematically examine the 3D-informed design space
from the aspects of data, architecture and training. The non-gray rows, listed from top to bottom, illustrate the step-by-step progression of

our design roadmap. Gray rows correspond to ablations across the full design space. Our final model is highlighted with a light orange
background. Our final model’s superior performance over other variants confirms the necessity of a 3D-informed compound design.

model. After a thorough empirical exploration of the de-
sign space, we can devise our roadmap progressed towards
the best-performing model. The non-gray rows in Table. 2
align with the roadmap illustrated in Fig. 6, highlighting our
systematic approach to upgrade the architecture and incor-
porate 3D-informed data into the training process. Over-
all, the improved architecture achieves a 1.3% performance
gain, while 3D-informed alignment and instruction tuning
further enhance performance by 13.7%.

User: Consider the

real-world 3D

Consider the real-world 3D locations and orientations orientations of the objects. Are

GPT4o:

3DI-LMM:

=

of the objects. Which object is closer to the car in
Region [0], the car in Region [1] or the car in Region [2]?

To determine which car is closer to the car in Region
[0], we would need to analyze the spatial arrangement
of the objects in the image. However, without the
ability to visually assess the image, | can't provide a
definitive answer. If you can describe the positions of
the cars in Regions [1] and [2] relative to Region [0], |
can help you deduce which one is closer.

The car in Region [1].

the chair in Region [0] and the
chair in Region [1] facing the
same (or similar) directions, or
very different directions?

Based on the image, the chair in
Region [0] and the chair in
Region [1] face similar directions

Very different directions.

Figure 7. Our model is capable of answering question correctly
that needs accurate reasoning on spatial distance and 3D orienta-
tion, while GPT-4o either needs more spatial information or gives
wrong answer.

Qualitative comparison. Fig. 7 illustrates a scenario in-
volving spatial reasoning. GPT-40 struggles to reason about
the spatial relationships between objects due to its limited

ability to comprehend their 3D orientation. In contrast, our
model successfully understands these spatial relationships
and provides accurate answers, demonstrating superior 3D
spatial reasoning capability.

5. Conclusions

In this work, we systematically enhance the 3D spatial rea-
soning capabilities of LMMs through a compound design
approach. By introducing 3DI-LMM, we demonstrated
that integrating 3D-informed data, architectural innova-
tions, and tailored training setups significantly improves an
LMM’s ability to understand and reason about complex 3D
spatial relationships. To tackle data scarcity, we develop
3D-informed training datasets focused on 3D locations, ori-
entations and complex spatial relationship. Our systematic
integration of these datasets with architectural and training
designs provide a roadmap for optimizing LMMs for supe-
rior 3D reasoning capabilities. Experimental results on the
Spatial VQA benchmark highlight 3DI-LMM'’s superiority
over state-of-the-art models, setting a new standard for 3D
spatial reasoning. We invite the community to build upon
our design roadmap and findings to push the boundaries of
what LMMs can achieve in understanding the complex 3D
spatial relationships of the real world.
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