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Figure 1. Generating Synthetic Visual Instruction Dataset. Our framework uses open-sourced 3D assets to generate photo-realistic
images with precisely controlled camera-object relation. Corresponding text instructions are also generated by Large Language Model
(LLM). The generated Ultimate3D dataset (240K) and benchmark (8K) advance baseline MLLM models (LLaVA-1.6, Llama-3.2-Vision,
etc.) to outperform commercial MLLMs (GPT-40, Claude-3-Sonnet, etc.) on camera-object relation recognition tasks.

Abstract

Multimodal Large Language Models (MLLMs) struggle
with accurately capturing camera-object relations, espe-
cially for object orientation, camera viewpoint, and cam-
era shots. This stems from the fact that existing MLLMs are
trained on images with limited diverse camera-object rela-
tions and corresponding textual descriptions. To address
this, we propose a synthetic generation pipeline to create
large-scale 3D visual instruction datasets. Our framework
takes 3D assets as input and uses rendering and diffusion-
based image generation models to create photorealistic im-
ages preserving precise camera-object relations. Addition-
ally, large language models (LLMs) are used to gener-
ate text prompts for guiding visual instruction tuning and
controlling image generation. We create Ultimate3D, a
dataset of 240K VQAs with precise camera-object annota-
tions, and corresponding benchmark. MLLMs fine-tuned

on our proposed dataset outperform commercial models by
a large margin, achieving an average accuracy improve-
ment of 33.4% on camera-object relation recognition tasks.
Our code, dataset, and benchmark will contribute to broad
MLLM applications.

1. Introduction

The advent of Multimodal Large Language Models
(MLLMs) [5, 8, 32, 33, 37, 40, 41, 47, 64] have demon-
strated remarkable success on tasks including image cap-
tioning, embodied robotic manipulation, and visual ques-
tion answering (VQA). MLLMs bridge visual understand-
ing from vision encoders [1 1, 50] with powerful verbal ca-
pability from large language models (LLMs) [7, 66]. Col-
lectively this provides end-to-end inferencing across image
and text modalities. In fact, the recently released GPT-
40 [49] and Claude-3.5-Sonnet [1] have extended their per-
formances to be comparable to human intelligence in some



of the experimented tasks [71].

However, research works have found needs and weak-
nesses of MLLMs [14, 65, 76]. Tong et al. [65] point out
the deficiency in visual representations learnt by ViT [11].
In particular, two weakness categories (i.e., orientation/di-
rection, viewpoint/perspective) focus on camera-object re-
lations such as distinguishing simple concepts about object
orientation (“right”, “front”, “back”, etc.), camera view-
point location (“top”, “’bottom”, etc.), and camera-shot
styles (“close-up”, “long-shot”, etc.). As two examples in
Fig. 1 show, current SOTA model (i.e., GPT-40) struggle
with understanding such camera-object relations. The chal-
lenges to improving 3D-aware MLLM abilities on recog-
nizing camera-object relations include: (1) capturing the
complexity of the task, and (2) having a dataset containing
millions of image-text pairs as is a common requirement for
training MLLM on spatial perception tasks [3, 6, 17].

Nevertheless, to the best of our knowledge, none of the
existing MLLMs or training datasets focus on the aforemen-
tioned camera-object relations. Prior methods for MLLM
training data generation can be divided into the following
two groups: (1) Relabeling of existing real images. These
works focus on generating textual captions by deep learning
models given existing images [4, 12, 34, 55, 79, 80]. Specif-
ically, SpatialRGPT [6] and Spatial VLM [3] address spatial
perception and reasoning weakness by providing a com-
prehensive data annotation pipeline leveraging multiple im-
age segmentation, depth estimation, and camera calibration
models to produce dense predictions for real images. But, in
practice the accuracy of the predicted labels is not high and
the dataset size and distribution is constrained by existing
image datasets which predominantly only contain “front”
view objects. (2) Generating synthetic images. Typically
text-to-image DMs are utilized for synthetic image genera-
tion based on provided text prompts [13, 35, 43]. But, their
score-based data curation is not robust to camera-object re-
lations, or generation failures (See Supp Sec. 4). Alterna-
tively, simulation-based generation pipelines for visual rea-
soning [16, 29, 42] may provide ground truth camera-object
relations, but the generated image quality, complexity, and
diversity are still far from realistic. In summary, existing
synthetic dataset generation pipelines fail to provide image-
text pairs with ground truth camera-object relation, realistic
image quality, and diverse image subject and context.

In this work, we propose a synthetic generation pipeline
to create unlimited image-text pairs focusing on camera-
object relations. With 3D assets (e.g., 3D models with tex-
ture, materials, and animation) as input, our framework uti-
lizes a renderer (e.g., Blender) with arbitrary camera-object
relation parameters to render a series of 3D ground truth
priors (i.e., RGB, depth, segmentation). Those 3D priors
are used as comprehensive conditions for stacked diffusion-
based generation models (e.g., ControlNet) to generate pho-

torealistic images preserving precise camera-object rela-
tions. Simultaneously, LLMs are used to generate versatile
text prompts for the controlling of image context and object
appearance, and to generate diverse VQA prompts regard-
ing camera-object relations. With our framework, we have
created the Ultimate3D dataset as a future benchmark for
camera-object relations. MLLMs fine-tuned by our dataset
explicitly outperform commercial models by a large margin
(i.e., an average 33.4% accuracy improvement) on recog-
nizing camera-object relations.
Our contributions include:

* A synthetic generation pipeline for unlimited image-text
pair creation of diverse camera-object relations.

* A dataset and benchmark for further improving and eval-
uating camera-object relations in MLLMs.

* Improved open-sourced MLLMs (e.g., LLaVA) that out-
perform commercial SOTA (e.g., GPT-40) in camera-
object relation tasks.

2. Related Works
2.1. Datasets and Benchmarks for MLLMs

MLLMs use various dataset recipes for visual instruc-
tion tuning [5, 8, 32, 33, 37, 40, 41, 64]. Typically,
dozens of datasets, focusing on different areas, are com-
bined to enable the comprehensive abilities of MLLMs.
Datasets include image captioning [38, 72, 73], visual rea-
soning [28, 39], general VQA data [19, 41, 67] on knowl-
edge grounding [44, 46], image understanding [15], and
OCR [48, 56]. Further, most visual instruction datasets
are relabeled or created from other existing image-based
datasets (e.g., COCO [38], LAION [54], LVIS [18], Vi-
sual Genome [30], ADE20K [81]). As far as we know,
none of the datasets focus on camera-object relations. Thus,
the missing ground truth camera-object relation data ex-
acerbates the task for deep learning models, such as Spa-
tialRGPT [6] and Spatial VLM [3]. In fact, multiple pa-
pers have indicated MLLMSs’ poor distinguishing ability on
camera-object relations [14, 65]. Our paper fills this gap by
providing a generation pipeline, dataset, and benchmark.

In particular for the visual instruction data generation,
LLMs, like GPT-40 [49], have been successfully utilized
in LLaVA [39, 41] for dialogue text instruction generation,
and used in MMVP [65] for answer grading. However, gen-
erating high-quality images corresponding to proposed text
prompts has not been well developed. In this project, we
leverage the diverse text generation capability of GPT-40
for the text prompt generation and we provide an image
generation pipeline regarding 3D-awareness.

2.2. Simulation-based Image Generation

CLEVR [29] and Kubric [16] use 3D engines to generate
synthetic images by rendering 3D primitives at multiple
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Figure 2. Our Framework. Each shade box corresponds to a section in Sec. 3. Given open-sourced 3D assets, our approach leverages
a 3D Renderer to generate 3D visual priors (Ig) preserving ground truth camera-object relation (/). Meanwhile, LLMs take 3D asset
category to generate diverse image descriptions (7;mg) as conditional guidance. Both the 3D visual priors and diverse text prompts are
used to generate synthetic images (Isy») by multiple ControlNet-based networks. Corresponding text QA instructions (74q) are generated
by LLMs given the ground truth camera-object relation. Our Ultimate3D dataset and benchmark (i.e. pairs of T4, and Isyy) contribute to

fine-tuning and evaluation of MLLMs.

arbitrary camera-object relations. Generally, simulation-
based image rendering easily preserve ground truth camera-
object relations in arbitrary viewpoint settings. However,
the generated images are neither photorealistic nor diverse.
Realism is limited by the assets’ level of detail and textures,
and diversity is restricted by the small number of assets.
These limitations constrain the usage of synthetic images
in MLLM training to only object counting or simple spatial
reasoning tasks [64]. In this project, we leverage the 3D ge-
ometry prior rendered by a 3D renderer to precisely guide
the image generation pipeline for preserving ground truth
camera-object relation.

2.3. Generative Images

Generative models provide advanced image generation by
iteratively restoring the original data by denoising from
Gaussian noise [20-24, 26, 27, 36, 57-63, 74, 75]. Open-
sourced Stable Diffusion [52], and SDXL [51] enable high-
resolution and photo-realistic image generation and edit-
ing. While generative models provide versatile context and
subject, representative works (e.g., AURORA [31], Edit-
Bench [68], Prompt-to-Prompt [25], and MagicBrush [77])
fail to control camera-object relations in the generated con-
tent, and quality guarantees rely on human checking. Con-
trolNet [78], built on versatile backbone DMs (e.g., SDXL),
provides spatial control in the generated images by using
various image priors (e.g., Canny edges, semantic segmen-

tation, relative depth).

In particular, Ma et al. [45] explore using synthetic image
generation for 3D pose estimation by conditioning diffusion
models on pose angles. However, their approach does not
address advancing MLLMs 3D spatial understanding, nor
does it consider VQA instruction generation. Moreover,
their reliance on 2D Canny priors (i.e., silhouette) brings se-
vere artifacts for images with backward viewpoint and com-
plex depth variations. In contrast, our method incorporates
depth priors to enhance geometric accuracy and leverages
SDXL’s superior fidelity to improve image realism. Further
discussions and user studies are in Sec. 4.5 and Sec. 4.6.

3. Method

Our framework is described in Fig. 2 and Supp Sec.11.
Given input 3D asset A, its category ¢, and arbitrary camera-
object relation 3, our framework generates photorealistic
image I, preserving 3, and corresponding text QA in-
struction 7g,. Our pipeline consists of 3D visual prior
rendering (Sec. 3.1), diverse image description generation
(Sec. 3.2), controlled image generation (Sec. 3.3), and 3D-
aware text instruction generation (Sec. 3.4).

3.1. 3D Visual Prior Rendering

Our system renders several 3D visual priors including 2D
depth images, Canny-edge images, and segmentation masks
from arbitrary viewpoints. These 3D visual priors con-



Figure 3. 3D Visual Prior Rendering. With a general camera
model, our method utilizes a 3D Renderer (e.g., Blender) to render
multiple 3D visual priors given arbitrary camera-object relations.

tain the scene’s geometry and will be used together with
LLM-generated image descriptions to collectively control
the DM-based image generation in Sec. 3.3.

Camera-Object Relation Definition. As Fig. 3 shows,
we propose a simple camera model to define camera-object
relations — a component which is missing in [45]. Given a
3D asset represented by the centroid A and a camera rep-
resented by aperture center O, we assume the camera is di-
rectly facing the asset. Any location/direction relation be-
tween camera and captured object can be represented by
B = {p,0, D} consisting of three components:

» The object orientation angle ¢ € [0, 27|, which is the
counterclockwise azimuth of the 3D asset’s facing direc-
tion with respect to the camera-facing direction O A.

* The viewpoint angle 6 € [—7, 7], which is the elevation
angle of the camera over the horizontal plane of the asset.

* The camera-object distance D € [0, 00), which is the

length of the line O A.

Visual Prior Rendering. Given an arbitrary f3, the sys-
tem will render a corresponding set of 2D images I (Fig. 3)
of the 3D asset. The system renders Iz using 3D renderer R.
R uses as the default camera intrinsic a perspective camera
with focal length 35mm, and a default extrinsic provided by
B. We keep the 3D asset in upright position and located at
the center of the camera frame. Images captured at arbitrary
[ will result in various viewpoints, object orientations, and
camera-shot distances. Specifically, the renderer R gener-
ates images of RGB data, semantic masks, and pixel-level
depth maps. The rendered RGB images are further pro-
cessed to provide Canny edges as additional visual priors.

3.2. Diverse Image Description Generation

Our approach uses GPT-40 as a LLM to generate diverse
text prompts for image descriptions (7;y,4) for DM-based
image generation; an example is in Fig. 2. Our frame-

work uses system prompting and few-shot prompting tricks
which are broadly utilized for image captioning and QA
composing [39, 41].

For the generation of 7,4, the LLM is guided to gen-
erate diverse descriptions of background context and ob-
ject details given the object category c. The diversity and
rationality of the description directly influences the image
generation quality (see Supp Sec. 9). More details are in
Supplemental Sec. 1.

3.3. Controlled Image Generation

We utilize DMs to generate photorealistic images Igyn
given comprehensive visual prior Ig. A successful gener-
ation of I,,, shall preserve ground truth camera-object re-
lation information, and be of high fidelity. We first describe
a traditional text-to-image DM pipeline, extend it to stacked
multiple ControlNets using various images of Iz, and obtain
precisely-controlled image generation.

Text-to-Image Generation. We use text-to-image DM
(i.e., SDXL-1.0 [51]) as our backbone. The denoising U-
Net, Gy parameterized by 6, conducts iterative denoising
diffusion steps of Gaussian noise € for a total of 7' time
steps. A text-encoder transforms the text prompt 7,4 into
text embedding for guidance injection. The iterative denois-
ing is defined as:

Zt—1 :gﬁ(lnmgaztat)at:Tv"'v]- (D

where zr = € ~ N (0, I), and 2 is the latent variable of
the generated image. It can be decoded to an RGB image
by pretrained image decoder D as Iy = D(zp).

Precise Controlling via Multiple ControlNets. Con-
trolNet [ 78] guides image generation by injecting additional
controlling features derived from various 2D image visual
priors. There are dozens of off-the-shelf ControlNets, each
pretrained by a single type of visual prior. In our work, we
leverage multiple ControlNets to capture comprehensive vi-
sual priors from Iz (depth, Canny edge, etc.) where each
one is weighted by coefficients w. The denoising process
using multiple ControlNets (C) is defined as:

18l

21 = Go(Timg, 25, y_ wi - CH(I5)),t =T, ..., 1. (2)
k=1

Similarly, the output generated image I,,,, = D(zp) and
Iy, is expected to have ground truth camera-object rela-
tions.

3.4. Text Instruction Generation

We utilize GPT-40 as a LLM to generate QA pairs on
camera-object relation (74,) for visual instruction tuning
(more details in Supplemental Sec.2).



Specifically, the LLM is prompted to generate QA pairs
given the camera-object relation 3. We subdivide each com-
ponent of ( into categorical types for effective referring
through textual response by MLLMs:

* Object orientation angle ¢ is classified into eight object
orientation types, each covers a bin of 7 azimuth (i.e.
“right”, “front right”, front”, “front left”, ~’left”, “back
left”, ”back”, "back right”).

* The viewpoint angle 6 is classified into three viewpoint
types, each covering a range of % elevation angle (i.e.
“horizontal”, ’top”, “bottom”).

e The camera-object distance D is in relative units of
Blender. It reflects the ratio of object dimension over the
full picture size of the camera (D = 1 indicates fully
covered). The three camera-shot types (i.e. “close-up”,
“medium-shot”, “long-shot”) is decided by two cutoff
values 1.25 and 3.0.

Examples of generated multiple-choice style QA pairs
as MMVP benchmark [65] are showed in Fig. 2. For
question generation, we prompt LLMs to generate tem-
plate questions for each prediction task of object orienta-
tion, viewpoint type, and camera-shot type. We list all pos-
sible options, including the ground truth 3, in random order.
MLLMs are expected to choose the option according to 3.

4. Experiments

4.1. Visual Instruction Generation

Data Source. Our framework uses open-sourced 3D as-
sets datasets from ObjaverseXL [9, 10] and ShapeNet [2].
Partial 3D assets are labeled following the synset list from
ImageNet-1K [53]. We leverage this subset and define the
asset category by its synset label. In particular, we man-
ually select 100 synsets with explicit “facing” orientation
from the original list of ImageNet. In total, there are 1196
assets used for synthetic visual instruction generation.
ControlNets. We utilize SDXL-1.0 [51] as the backbone
of ControlNets. For selection of multiple visual priors, we
found using both Canny edges and relative depth provides
the best mix of camera-object relation preservation and im-
age quality. The diffusion step 7' = 30, and relative weights
for depth and Canny edge ControlNets are 0.5 and 0.8, re-
spectively. Several seconds are needed to generate an im-
age by a single H100 GPU. Ablations and user studies are
shown in Sec. 4.5 and Sec. 4.6.

4.2. Ultimate3D Dataset and Benchmark.

Our framework creates the Ultimate3D dataset consisting of
85K synthetic images and 18K cropped images of a single
human per photograph and corresponding human orienta-
tion labels from MEBOW [69]. For the synthetic images,
we use 1180 3D assets covering 100 categories. For each
3D asset, there are 72 possible camera-object relations (8

orientations, 3 viewpoints, and 3 camera shot types) and we
render a corresponding synthetic image for each relation.
Then, each synthetic image is described by up to 3 textual
QAs corresponding to object orientation, camera viewpoint,
and camera-shot type, yielding a total of 240K correspond-
ing QAs. Examples of synthetic images are in Supp Sec.
9. The images from MEBOW are useful because otherwise
there is a strong lack of 3D assets of human which we find
crucial to fine-tuning. The MEBOW images only have one
QA corresponding to human orientation.

The Ultimate3D benchmark (Fig. 4) has two sets: (1)
Synthetic Set. It contains 1200 synthetic images and 3600
QAs generated by our framework. Each image and QA has
been manually reviewed to ensure correctness. This set cov-
ers all 100 categories with explicit facing orientation. The
3D assets utilized for benchmark generation do not over-
lap with those used for dataset generation. (2) Real Set. It
contains two portions. The first portion is 2443 real im-
ages collected from Pascal3D+ [70] covering 10 categories
(e.g. aeroplane, bicycle, etc.). Each image corresponds to a
QA based on provided labels of object orientation or camera
viewpoint. The second portion is 800 real images of humans
collected from the MEBOW dataset [69]. Each image cor-
responds to a QA on human orientation based on provided
labels. In total, there are 3243 VQAs in the Real set. We
resample the real images to keep a uniform distribution for
each orientation and viewpoint type. Since no camera-shot
information is provided in the real image set, the QAs in the
real set exclude camera-shot type questions.

Both the Ultimate3D dataset and the benchmark have no
camera-object relation bias, which is very uncommon in the
real image datasets (e.g. most images capture objects fac-
ing straight to the camera [70]). In contrast, in our dataset
the number of images in each orientation, viewpoint, and
camera-shot type are evenly distributed.

4.3. Advancing 3D-Aware MLLMs

We explore how much our synthetic Ultimate3D dataset
can improve the MLLMs recognition capability on camera-
object relation. The evaluation results on both synthetic and
real image VQA benchmarks indicate the fine-tuned base-
line models are significantly improved from random guess
and outperform commercial SOTAs.

Training Details. We choose LLaVA-1.5/1.6 [40] with
both 7B and 13B parameters, and Llama-3.2-Vision-
11B [47] as baselines. Each model is fine-tuned on the
Ultimate3D dataset for one epoch. Specifically, both
the MLP of vision-language connector and the LLM de-
coder are trained, while the vision encoder is frozen. All
fine-tuning hyperparameters follow the official instructions
from [40, 47]; training is 12 hours on 4 H100 GPUs.
Evaluation Settings. We evaluate the baseline MLLMs
and their fine-tuned versions on Ultimate3D benchmark and



Table 1. Quantitative Comparisons. We fine-tune LLaVA models by Ultimate3D dataset, then evaluate the MLLM response accuracy
(%) on Ultimate3D and MMVP benchmarks (MMVP is a public benchmark showing our cross-dataset capability). Fine-tuned LLaVA

models outperform SOTAs by an average of 33.4% among all three tasks.

Orientation (% 1) Viewpoint (% 1) Camera-Shots (% 1)
MLLMs Ultimate3D Ultimate3D Ultimate3D
MMVP MMVP MMVP
Both Syn Real Both  Syn Real Syn
LLaVA-1.5-7B 183 11.1 225 25.0 31.8 384 253 29.2 46.0 66.7
LLaVA-1.6-7B 182 147 203 25.0 36.8 439 298 333 46.6 714
LLaVA-1.5-13B 179 187 174 22.7 389 350 428 41.7 44.6 61.0
LLaVA-1.6-13B 16.1 164 16.0 15.9 30.7 303 311 333 423 61.9
Llama-3.2-V-11B 56 53 57 6.8 19.8 262 13.6 38.1 29.6 25.0
Finetuned LLaVA-1.5-7B 68.8 856 588 54.5 70.6 813 600  66.7 94.0 66.7
Finetuned LLaVA-1.6-7B 715 869 624 614 | 713 833 595 667 94.1 50.0
Finetuned LLaVA-1.5-13B 70.0 85.6 60.8 50.0 69.7 819 577 66.7 94.2 76.2
Finetuned LLaVA-1.6-13B 724 881 63.1 659 723 830 61.8 75.0 94.8 71.4
Finetuned Llama-3.2-V-11B | 742 873 664  50.0 69.1 79.6 587 583 93.1 76.2
GPT-40 431 51.0 385 409 541 635 449 708 41.7 429
GPT-40-mini 435 523 383 38.6 545 639 45.1 66.7 41.5 42.9
Claude-3-Sonnet 43.1 526 375 36.4 543 642 445 66.7 41.7 47.6
Claude-3.5-Sonnet 403 4777 358 54.5 55.6 659 453 66.7 41.8 429

MMVP benchmark [65]. MMVP benchmark is an inten-
tionally selected real image dataset which is claimed to be
difficultly distinguished by MLLMs. We manually label 89
VQAs regarding camera-object relations. During evalua-
tion, MLLMs’ textual responses are evaluated by GPT-4o,
which is prompted to judge if the responses correspond to
the ground truth answers. We calculate the accuracy rate
(%) of the MLLMs responses as the evaluation metric. We
also include commercial SOTA models (e.g. GPT-40 and
Claude-3.5-Sonnet) in the evaluation.

Quantitative Results. The quantitative results of response
accuracy (%) are shown in Tab. 1. Baseline LLaVA models
only provide one of several fixed options (“front” orienta-
tion, ’top” viewpoint, etc.) regardless of the content of the
input images. The accuracy of baselines are near random
guess level (e.g. 33% or 12.5% depending on the option
type). This weakness may result from the bias on LLaVA’s
visual instruction datasets. Since these datasets are based on
real image datasets, most images are captured from a front
facing direction, and from an above or side viewpoint.

All MLLMs finetuned by our synthetic generated
dataset significantly improve the accuracy of recognition on
camera-object relation. On Ultimate3D benchmark, fine-
tuned LLaVA-1.6-13B model outperforms commercial SO-
TAs by average of 33.4% percentage. Moreover, the per-
formance shows plausible generalization on real and syn-
thetic image benchmarks. In MM VP benchmark, fine-tuned
LLaVA-1.6-13B model also provides average of 19.23%
higher accuracy than commercial SOTAs. Smaller LLaVA-
1.6-7B model provides similarly competitive performances
to its 13B version. This indicates the potential of using a

compact model to distinguish the camera-object relations.

Moreover, Llama-3.2-Vision-11B obtains the largest ac-

curacy improvement (average 60.46% 1) on all three types
of camera-object relation recognition tasks. The original re-
leased model refuses to answer most of the questions (e.g.,
response: ’I’m not able to provide information about the in-
dividual in this image.”). But our fine-tuned model provides
the best performance on recognizing orientation compared
to all alternative MLLMs.
Qualitative Results. We show the qualitative comparisons
in Fig. 4. Commercial SOTA models (e.g. GPT-40) and
open-sourced models (e.g. LLaVA-1.6-13B) struggle with
precise recognition of all three types of camera-object re-
lations. For the two commercial models, their responses
of predicting object orientation are near random regardless
of the input images. We find a bias that both commercial
models tend to underestimate viewpoint angle (e.g. mistake
top view as horizontal), and overestimate camera-shot dis-
tance (e.g. mistake medium-shot as long-shot). The original
LLaVA model has severe bias in its responses to all types of
questions. Most of its answers are “Front Left” orientation,
“Top” viewpoint, and ”Close-up” camera-shots. As com-
parison, the LLaVA model fine-tuned by our Ultimate3D
dataset provides plausible performance on all tasks across
the synthetic and real sets of our benchmark. Additional
comparisons are in Supplemental Sec. 8.

We hypothesize that both dataset bias and lack of
camera-object visual instruction dataset cause the afore-
mentioned behavior biases across various MLLMs. With-
out modifications to model structure or training scheme, our
fine-tuned LLaVA-1.6-13B model significantly outperforms
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® GPT-4o0: The clevation viewpoint of the
image is: (2) Horizontal

© GPT-40: The cab in the image is facing the
left. Therefore, the correct option is: (3) Left

X Claude-3-Sonnet: The clevation viewpoint

s o . . . .
Claude-3-Sonnet: The cab in the image is of the image is: (2) Horizontal

¥ Claude-3-Sonnet: The image is a long-shot. It
facing the "Right" direction.

captures a wide view of the street, including the
yellow taxi, the crosswalk, the buildings, and the
people in the background.
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[@' { LLaVA: (2) Medium-shot

® GPT-40: The image is a medium-shot. The
subject (the vehicle) is shown in its entirety, but
the background and surroundings are also visible,
which is characteristic of a medium-shot.

* Claude-3-Sonnet: This image is a medium-shot.
The subject (the vehicle) is shown in its entirety,
but it is not a distant view (long-shot) nor a very
close view (close-up).

G GPT-40: The elevation viewpoint of the
image is (3) Bottom.

G GPT-40: The snowmobile is facing the
"Front Right" direction (Option 6).

SIS ) 5 I £

¥ Claude-3-Sonnet: The elevation viewpoint
of the image is (3) Bottom.

¥ Claude-3-Sonnet: The snowmobile in the
image is facing option (5) Front.
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@GPT-AM: This image is a long-shot. The entire
airplane is visible along with a significant portion
of the surrounding landscape.
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GPT-40: The TV monitor in the
image is facing the front. So the
correct option is: (5) Front

of the image is: (2) Horizontal

© GPT-40: The clevation viewpoint
is facing option (6) Front Right.

X Claude--3-Sonnet: The person in
the image is facing option (6)

*Clauded—Sonnet: The elevation

%Claudz 3-Sonnet: The TV monitor viewpoint of the image is (2)
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the correct option is: (5) Front
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Figure 4. Qualitative Results. We show responses by GPT-40, Claude-3-Sonnet, LL.aVA-1.6-13B, and fine-tuned LLaVA-1.6-13B, on
Ultimate3D benchmark. Each model is asked the questions (in gray boxes) regarding object orientation, camera viewpoint, and camera-
shots type, together with the input images on the left. The model responses illustrate that the LLaVA-1.6-13B model fine-tuned by
Ultimate3D can precisely recognize camera-object relations in both real and synthetic images. GPT-4o0 and Claude-3-Sonnet provide
performance similar to random guess on object orientation, display a bias to underestimate viewpoint angle, and show a bias to overestimate
camera-shot distance. The original LLaVA-1.6 model defaults to a few fixed answers regardless of the input images.

Finetuned LLaVA: (1) Top d

commercial models which have a large number of model pa-
rameters and consume huge amount of training data. This
indicates that lack of dataset is the main reason of current
MLLMSs’ weakness on camera-object relation recognition.

Limitations. The numerical prediction of camera-object re-
lation 3 is more challenging for MLLMs compared to the
categorical prediction we report. Preliminary tests show
MLLMs can handle numerical prediction of camera-object



Table 2. Generalization. We finetune LLaVA-1.6-13B model us-
ing a mixture of both general VQA and camera-object relation
VQA datasets. Without degradation on general VQA tasks, fine-
tuned model (green) improves its ability on camera-object relation
recognition and beat SOTA (i.e. GPT-40) by 28.42% accuracy
on Ultimate3D benchmark. * denotes the average accuracy (%)
across all 3 types of camera-object relation VQAs in Tab. 1.

MLLMs \ VQAV2[15] Ultimate3D™ MMVP"
LLaVA-1.6-13B [40] \ 80.00 29.70 37.03
Ulti3D (100%) 78.77 79.83 70.77
Ulti3D (50%) + [401(50%) 80.01 74.72 65.80
GPT-40 / 46.30 51.57
Claude-3.5-Sonnet / 45.90 54.70

relation for a single category, but struggle with a hundred
categories as in our dataset. Since our main contribution is
the discovery of the dataset bottleneck and the generation
pipeline, we leave addressing this limitation as future work.

4.4. Generalization of Ultimate3D to General VQA

To explore the generalization of 3D camera-object relation
capturing with general VQA tasks, we fine-tune LLaVA-
1.6-13B models by a half-half mixture of Ultimate3D
(240K VQAs) and randomly sampled 240K VQAs from
LLaVA-Instruct-665K [40]. Tab. 2 presents the dataset
mixture finetuning performance on VQAv2 [15], our Ul-
timate3D, and MMVP benchmarks. The results demon-
strate that incorporating Ultimate3D significantly enhances
camera-object relation reasoning while maintaining general
VQA performance.

4.5. Ablations on Image Generation Pipeline

In Fig. 5, we ablate our image generation pipeline and illus-
trate better quality than [45] by: (1) removing the visual pri-
ors; and (2) using alternative image generation backbones;
(3) changing the group of visual priors given to the image
generator. Compared to text-only SDXL and [45], we find
that multiple visual priors may significantly improve the ro-
bustness of image generation under complex camera-object
relation (especially for viewpoints of the object’s back-side,
and for 3D assets with low level-of-detail). In particular, the
depth and Canny edge prior are crucial. However, we find
that adding more priors (e.g., RGB, semantic masks, normal
maps) does not explicitly improve quality. Moreover, our
SDXL backbone outperforms other alternatives (i.e. SD-
V1.5 [52]). Discussions in Suppl Sec. 5 and Sec. 6.

4.6. User Study on Dataset Quality

We investigate using text-image aligning metric and pose-
estimation model prediction to evaluate quality of our Ulti-
mate3D dataset but find those metrics to be deficient (Supp
Sec. 4). Instead, we perform a comprehensive user study
as a quality check of Ultimate3D dataset. As Supp Sec.7
shows, the user will see two images side-by-side (Supp
Fig.4): an RGB image rendered by Blender (representing

Text-Only

Ours (Canny+Depth)

Canny-Only [38]

Figure 5. Ablations on Image Generation Pipeline. Our frame-
work shows superior performance by using multi-ControlNet with
SDXL backbones, and introducing both Canny edges and depth
maps as visual priors. It consistently delivers better robustness
and quality compared to text-only SDXL and [45]. When these
visual priors are removed (top-right: removing all visual priors;
bottom-right: removing depth prior), the generator often fails to
produce good results and brings lower generation success rate (see
Sec 4.6, [45] only achieves 55.11% success rate v.s. ours 93.07%)

1), and a synthetic image generated by our method using
Ig. Preserving the RGB image’s 3D geometry and struc-
ture in the synthetic image is regarded as success. Our
study includes 225 randomly sampled image pairs where
each image is independently reviewed by 3 users. Over-
all success rate is 93.07% (agreement rate among 3 users
is 94.4%). In comparison, we perform another similar-
objective user study on [45]. The overall success of this
alternative method was only 55.11% (we explain the cause
of this reduced performance in Sec. 4.5).

5. Conclusion

In this work, we discover the dataset bottleneck of MLLMs
for distinguishing camera-object relations. Given only 3D
assets, our framework is able to generate unlimited image-
text pairs of diverse camera-object relations with no dis-
tribution bias. We also provided Ultimate3D dataset and
benchmark MLLM community. Moreover, fine-tuned open-
sourced MLLMs using our dataset outperform SOTA com-
mercial models by a significant margin. We plan to extend
our framework for multi-object image generation with ad-
ditional viewpoints, and improve numerical prediction ca-
pability on camera-object relation.
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