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Supplementary Material

Overview
Below is a summary of the contents in each section of
this supplemental material:

e Sec. |: Details of text prompt generation as image de-
scription utilized for controlled image generation.

e Sec. 2: Details of VQA prompt generation given the
ground truth camera-object relations.

e Sec. 3: Details of LLM-based grading for MLLM re-
sponse evaluation.

e Sec. 4: Preliminary studies on data curating for camera-
object relation VQA dataset by text-image aligning met-
rics, and by pose estimation models.

e Sec. 5: Ablations on selections of DM backbones.

* Sec. 6: Factors influence generation quality of our image
generation pipelines.

* Sec. 7: Details of user study on image quality evaluation.

* Sec. 8: More qualitative comparisons between finetuned
LLaVA models to commerical SOTA models.

e Sec. 9: 48 image examples illustrate the diversity of Ul-
timate3D dataset and benchmarks on object categories,
camera-object relations, and background context.

e Sec. 10: Additional discussions and insights on using
synthetic dataset generated by our framework for MLLM
finetuning.

e Sec. 11: Algorithm of our 3D visual instruction dataset
generation pipeline.

1. Image Description Generation

We provide system prompts given to GPT-4oto generate
context description for image generation. Corresponding
section in main paper is Sec. 3.2. In the prompt, we provide
one-shot example for better robustness of the text genera-
tion.

Specifically, generated text prompt will be merged
with default positive prompt like “detailed, 4K, 35mm
photograph, professional”, and customized camera-object
prompt "the image shows a [3] view of a [c]”, in order to
enhance image generation quality.

SYSTEM_PROMPT_FOR_IMAGE_GEN = "You are
an expert in generating concise and
diverse descriptions of an object to
guide image generation model like
DA11-E3. You should use your common
sense to generate 1 sentence
description of the given obiject.
Additionally, you should also
generate 1 sentence of a common

real-world scene given the object.
Both sentences of descriptions
should not include more than one of
the given object to avoid ambiguity.

Example Input: Please generate the
visual prompt of chicken.

Example Output: A white and brown
chicken standing in a cage made of
metal bars. The chicken has a long,
curved beak and its feathers are
fluffy and white.

2. Text Instruction Generation

We provide the system prompt to generate QA pairs given
camera-object relation as below. Corresponding section in
main paper is Sec. 3.4. In the prompt, we provide few-shot
example for better instructions for diversity of the generated
text.

SYSTEM_PROMPT_FOR_VQA_GEN = "You are an
AT visual assistant, and you are
seeing a single image. What you see
are provided with several sentences,
describing the same image you are
looking at. Answer all questions as
you are seeing the image.

Design a conversation between you and a
person asking about this photo. The
answers should be in a tone that a
visual AI assistant is seeing the
image and answering the question.

Ask diverse questions and give
corresponding answers.

Include questions asking about the
visual content of the image,
including the object orientation and
its corresponding azimuth degree,
the camera viewpoint of the image
and corresponding camera elevation
angle, the camera shot type of the
image and the distance from camera
to the target object. Only include
questions that have definite answers:

(1) one can see the content and its
orientation degree in the image that



the question asks about and can the camera or away from the camera-?

answer confidently; Options: (a) Away from the camera

(2) one can recognize camera viewpoint (b) Facing the camera
and camera shot of the image that ===
the question asks about and can Answer:
answer confidently; (b) Facing the camera

The question can be multiple choice ===
questions given the choice, or Question:
open-ended questions. For multiple Which direction is the police wvan
choice, the option expression can be facing in the image? Options: (1)
diverse but with the same meaning. Back (2) Front
For example, "front" also means ===
"directly towards the camera"; Answer:

"back’ also means ’'away from the (2) Front
camera’, etc. Use the common sense ===
to make options diverse if possible. Question:

Provide at most 5 pairs of question and Is the police van facing back or front
answer pairs. Prior the confident from the camera’s perspective?
questions. Do not ask any question Options: (a) Back (b) Front
that cannot be answered confidently. ===

Answer:

You should ask questions from multiple (b) Front
QA templates as the below examples ===
show. Question:

Is the photo taken directly above the

Example Input Description: police van or from the side?

The image shows a front view of police Options: (a) Taken directly (b) From
van. A blue and white police wvan the side
with the word "POLICE" emblazoned on ===
the side is parked on a city street. Answer:

Nearby, a couple of officers are (b) From the side

discussing a recent incident while ===

pedestrians walk by, some glancing Question:

curiously at the vehicle. Is the photo taken far away the police
The police van is with an azimuth of van or taken closely?

181.518 degree, facing Front ===

direction. Answer:

The elevation angle of the camera to The relative distance from the camera
the police van is 81.41 degree, the to the police van is 1.132 meters,
camera viewpoint is Horizontal view. thus it is with a close-up shot.

The relative distance from the camera This indicates the photo is taken
to the police van is 1.132 meters, closely.
the camera shot type is Close-up. ===

Question:

Example Output Question and Answer What is the elevation viewpoint of the
Pairs: image? Options: (1) Top (2)

Question: Horizontal (3) Bottom

From the camera’s perspective, is the ===
police van in the picture facing Answer:
straight or oriented at an angle? (2) Horizontal
Options: (a) Directly towards the ===
camera (b) At an angle Question:

=== Which camera shots is the image?

Answer: Options: (1) Close-up (2)

(a) Directly towards the camera Medium-shot (3) Long-shot

Question: A

swer:
)

n
Is the police van in the picture facing (1) Close-up"




3. LLM-based Response Grading

We provide the system prompt for evaluation of the MLLM
response to our camera-object relation multiple choice
questions.

SYSTEM_PROMPT_FOR_GRADING_MLLM RESPONSE
="You are a helpful and precise
assistant for checking the quality of
the answer. You should review all
listed choices and compared to the
Answer content, and judge whether the
Answer 1is correct (yes), (no) .
You should only focus on the major
content of the answer, not the detailed
number or symbol. Please answer in only

or not

yes or no’

4. Metric Limitations for Evaluating Camera-
Object Relation

In Fig. 1, we show an example of using ImageReward [8]
for the dataset curation by evaluating the alignment be-
tween generated image and text prompts. Preliminary test
indicates that text-image aligning metric is not sensitive to
camera-object relation text prompts. Thus we may not rely
on those metrics for data curation purpose.

Alternatively, in Fig. 2, enlighten by [3], we train a
transformer-based pose estimation model on a 10-fold man-
ner for generated images on each single category. The
images with less prediction errors may indicate successful
generation. However, the pose estimation model is not ro-
bust to complex objects and diverse camera-object relations
in our dataset. Using pose estimation model prediction error
is not robust for data curation purpose.

5. Ablation of DM Backbones

In Tab. 1, we perform quantitative comparisons on general
image visual quality between different DM backbones: SD
V1.5 and SDXL. We randomly sample 1,000 generated im-
ages (Isyn), each image corresponds to: (1) the RGB visual
prior rendered using Blender (one element of Ig); (2) the
text prompts (7, 4) provided to the diffusion model for im-
age generation. We evaluate the generated images on the
following aspects:

e Prompt following. CLIP-T (CLIP-Text Score [1]) and IR

Ablations CLIP-T{ CLIP1T DINOT IRt FIDJ
Ours (SD-V1.5) 29.80 83.56 6936  -029 289.99
Ours (SDXL) 34.40 87.44 7079 023 256.94

Table 1. Ablations on DM Backbones. SDXL provides better
fidelity (CLIP-I, DINO), realism (FID), and text-image alignment
(CLIP-T, IR) than other alternatives.

A

IR =-0.197 (3rd)

IR =-0.635 (4th)

Prompt: The image shows a front view of a snowmobile.

Figure 1. Limitations of Text-Image Aligning Metrics. We eval-
uate the ImageReward [8] (IR) between the text promopt regard-
ing object orientation with above 4 synthetic images. The image
matches the correct camera-object relation text prompt (“front”)
may reach the highest score. However, image with the highest
matching score (it faces to "left” direction) is not the correct one
with expected orientation. This failure is prevailing across all cat-
egories.

(Image Reward [8]) metrics are employed to assess the
alignment between the generated images and the input
prompts. The results indicate that images produced by
the SDXL backbone exhibit superior prompt alignment.

* Fidelity. CLIP-I (CLIP-Image Score [1]) and DINO
Score [4] are used to measure the similarity between the
visual prior images and the synthesized outputs. Find-
ings demonstrate that SDXL more effectively preserves
fidelity to the visual prior.

¢ Realism. FID [2] is used to compare the distributions of
generated images with a subset of LAION-aesthetic [5]
images, revealing that SDXL significantly surpasses SD
V1.5 in terms of image quality and realism.

6. Factors influencing Image Generation

Several factors may lead to unreasonable artifacts in our im-
age generation pipeline. In Fig. 3, the upper-left example
shows that bottom-view camera-object relations can intro-
duce physical anomalies, such as the tricycle appearing with
its front lifted unnaturally. The upper-right example high-



Predicted Error: 3.903°

Figure 2. Failures of Pose Estimation Model. Enlighten by [3],
we train a transformer-based pose estimation model on a 10-fold
manner for generated images on each single category. The im-
ages with less prediction errors may indicate successful genera-
tion. However, the pose estimation model is not robust to complex
objects and diverse camera-object relations in our dataset.

lights that low-quality 3D assets can produce fragmented
depth maps or Canny edge visual priors, resulting in un-
realistic generated images. The lower-left example shows
that small subjects viewed from a long-shot perspective
may lead to duplicate subjects in the generated image. The
lower-right example illustrates how complex 3D asset struc-
tures can cause texture blending issues, particularly where
intricate geometry is present.

There are several ways to reduce the influences from
those factors. First, choosing 3D assets with reasonable
number of meshes, and with plausible textures may filter
the low-quality and texture blending failures. Second, using
simple and compact image description prompts to gener-
ate long-shot camera-shot images will significantly reduce
the duplicate subject failures. Reduce the image genera-
tion with high elevation angle from bottom view will sig-
nificantly reduce physical anomaly.

7. User Study Details

The Fig. 4 shows the UI page of our user study. We ran-
domly selected 200 images from the Ultimate3D dataset.
Each image corresponds to an RGB prior generated by
Blender. During the user study, users will see a pair of
side-by-side images. One is an RGB image generated by

Blender, and the other is the synthetic image generated by
DMs using that RGB image as guidance prior. A vivid pre-
serving of 3D geometry and structure in the synthetic image
is a success. Users are required to provide a binary answer
regarding the success of the image generation. Each image
pair will be manually reviewed by at least 3 users.

8. Additional Qualitative Results

Based on Ultimate3D benchmark, we provide additional
Fig. 5 to show more qualitative comparisons between fine-
tuned LLaVA model to commercial SOTAs. The finetuned
LLaVA model outperforms other models.

9. Additional Visuals of Ultimate3D Dataset

In Fig. 6, we shows more examples of diversity on object
categories, camera-object relation, and background con-
texts.

10. Additional Discussions

We provide some insights of using synthetic generated vi-
sual instruction dataset for MLLM finetuning. For the task
of camera-object relation recognition for 100 categories (as
we collected in Ultimate3D dataset), a dataset compris-
ing 100K to 1M VQAs will significantly improve baseline
MLLMs by one-epoch finetuning. Further scaling up the
dataset volume, finetuneing epochs, or model parameters
may yield saturation.

Moreover, the quality of synthetic dataset is crucial to
the improvement margin. Using dataset with higher success
rate (ours is 93.07% as main paper Sec. 4.5) provides better
performances than using dataset generated other alternative
backbones (i.e. SD-V1.5).

The coverage of arbitrary camera-object relation is also
important for generalization. Our preliminary test using real
images which are highly biased to front-facing direction
from Pascal3D+ [7], results in poor generalization on un-
covered orientations and viewpoints. This illustrates the im-
portance of using synthetic dataset to eliminate the dataset
biases.

For numerical prediction of camera-object relation, our
preliminary test shows plausible success using MEBOW [6]
dataset to improve MLLMs on predicting human orientation
angles. The average degree prediction accuracy is compet-
itive to the original paper [6]. However, the extended nu-
merical prediction of 100 categories and 3 types of camera-
object relations may require even larger dataset volume than
Ultimate3D. Our framework is able to scale up the dataset
volume. But due to the limitation of computing power, we
leave it as interesting future work.



Physical Anomaly

Duplicate Subjects

Texture Blending

Figure 3. Factors influencing Image Generation. The upper-left example shows that bottom-view camera-object relations can introduce
physical anomalies, such as the tricycle appearing with its front lifted unnaturally. The upper-right example highlights that low-quality 3D
assets can produce fragmented depth maps or Canny edge visual priors, resulting in unrealistic generated images. The lower-left example
shows that small subjects viewed from a long-shot perspective may lead to duplicate subjects in the generated image. The lower-right
example illustrates how complex 3D asset structures can cause texture blending issues, particularly where intricate geometry is present.

11. Algorithm of 3D visual instruction dataset

generation pipeline

Algorithm 1 Synthetic VQA generation

Input: 3D asset A, asset category ¢, camera-object relation

B.

Parameter: Renderer R, DM-based image generator G,
image decoder D, LLM text generator L, system prompt
given to £ for generating image context description pjmg,
and for generating QA pairs pgq, DM sampling steps 7.

Output: Generated synthetic image Iy,, corresponding

text QA pairs Tgq.
L Ig=R(AB) covvviiii. # Render 3D priors
2 Timg = L(¢,Pimg) - ... # Generate image description
3: 2z~ N(O, I
4: fort=T,--- 1do
S5 21 =026, 18, Timg) «ovvvvnnnn # DM denoising
6: end for
7 Isyn = D(Zo)
8 Tga =L(¢,B,Pga) «ovvvevvnnn. # Generate QA pairs
9: return Iy, Tqq
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Evaluate the quality of the generated image (Click to expand)

The image on the left is the condition used to generate the image on the right. It provides the hints of the object shape and structure.

texture) of the image on the left? Choose between Yes and No.

Look at the generated image on the right, do you feel the generated lawn mower accurately captures and preserves the shape and structure (ignore changes on color and

Conditioning Image of Shape and Structure

@ Yes

O No

Generated Image

Figure 4. User Study UI Page. Users will see a pair of side-by-side images. The left hand side is an RGB image generated by Blender,
and the right hand side is the synthetic image generated by DMs using that RGB image as guidance prior. A vivid preserving of 3D
geometry and structure in the synthetic image is a success. Users are required to provide a binary answer regarding the success of the
image generation.
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® ‘Which direction is the [CATEGORY]
facing in the image? Options: (1) Back (2)
Back Left (3) Left (4) Front Left (5) Front (6) Front
Right (7) Right (8) Back Right

Synthetic: Ultimate3D

@ ‘What is the elevation viewpoint of the
image? Options: (1) Top (2) Horizontal (3)
Bottom

®

‘Which camera shot is the image?
Options: (1) Close-up (2) Medium-shot (3)
Long-shot

© GPT-40: The airliner in the image is facing
"Front Left" (Option 4).

® GPT-40: The elevation viewpoint of the

image is: (2) Horizontal

¥ Claude-3-Sonnet: The airliner in the image
is facing the "Right" direction. So the correct
option is: (7) Right

[é)LLa VA-1.6-13B: Front Left

of the image is (2) Horizontal.

¥ Claude-3-Sonnet: The elevation viewpoint

[@LLaVA-L 6-13B: 1

©GPT-40: This image is a (3) long-shot. The
airplane is shown in its entirety along with a wide
view of the cityscape below, providing a sense of
scale and context.

* Claude-3-Sonnet: This image is a (3) long-shot.
The airplane is captured from a distance, showing
a wide view of the surrounding cityscape and sky.

{é)LLa VA-1.6-13B: Medium-shot

Finetuned LLaVA: (7) Right

[Finetuned LLaVA: (3) Bottom

Finztuned LLaVA: (3) long-shot.

G GPT-4o: The killer whale in the image is
facing the "Front Left" direction.

‘@ GPT-40: The elevation viewpoint of the

image is (2) Horizontal.

1] GPT-40: This image is a (3) long-shot. The orca
is shown in its entirety within a wide expanse of
water, providing context and a sense of scale.

* Claude-3-Sonnet: The killer whale in the
image is facing the "Front Left" direction.

* Claude-3-Sonnet: The elevation viewpoint

of the image is (2) Horizontal.

[“é}LLa VA-1.6-13B: Front Left

PLLa VA-1.6-13B: Top

¥ Claude-3-Sonnet: The image is a (3) long-shot.
The orca is shown in its entirety along with a
significant portion of the surrounding water,
giving a sense of the environment.

ié)LLnVA-I.(f-BB: Close-up

Finetuned LLaVA: (2) Back Left

Finetuned LLaVA: (1) Top

[@F inetuned LLaVA: (3) Long-shot

© GPT-40: The leatherback turtle in the
image is facing "Front Left" (Option 4).

& GPT-40: The elevation viewpoint of the
image is (2) Horizontal.

’© GPT-40: The image is a medium-shot.

3 ) 5 | S| BN R - 1 5 ) S | I

* Claude-3-Sonnet: The leatherback turtle in
the image is facing "Front Left" (Option 4).

ié)LLa VA-1.6-13B: Front Left

%Claude-.?-Sonnet: The elevation viewpoint

‘ of the image is (3) Bottom.

*C’ de-3-S : This image is a medium-shot.
The turtle is clearly visible and occupies a
significant portion of the frame, but the
surrounding environment is also visible, providin %]
context.

[@LLaVA-J. 6-13B: Bottom

[‘bLLa VA-1.6-13B: (1) Close-up

{@F inetuned LLaVA: (2) Back Left

{@)Finemned LLaVA: (1) Top

R

{@Finetuned LLaVA: (1) Close-up

©GPT “40: The basenji in the image is facing
"Back Left" (Option 2).

% Claude-3-Sonnet: The basenji in the image
is facing the "Back Right" direction.

© GPI-40: The elevation viewpoint of the
image is (3) Bottom.

’© GPT-40: The image is a medium-shot.

of the image is: (2) Horizontal

*Claude—.?-Sonnet: The elevation viewpoint

‘@LLa VA-1.6-13B: 5

[@LLaVA-I. 6-13B: Bottom

% Claude-3-Sonnet: The image is a medium-
shot.

‘@LLaVA-I. 6-13B: Close-up

@Finemned LLaVA: (8) Back Right

& Finetuned LLaVA: (1) Top

{'@'Finetuned LLaVA: (1) Close-up

6 GPT-40: The snowmobile in the image is
facing the direction of "Front Left" (Option
4).

image is (3) Bottom.

© GPT-40: The elevation viewpoint of the

‘© GPT-40: The image is a (2) Medium-shot.

* Claude-3-Sonnet: The snowmobile in the
image is facing option (4) Front Left .

of the image is (3) Bottom.

¥ Claude-3-Sonnet: The elevation viewpoint

F)LLa VA-1.6-13B: Front Left

[@LLaVA-z.a-sz: 1

¥ Claude-3-Sonnet: The image is a medium-
shot.

F}LLMVA-I.6-I3B: (1) Close-up

B 6 " BRI R M &) BEEE B 8E I’ = L

@Finetlmed LLaVA: (2) Back Left

) GPT-40: The bullfrog in the image is facing
option (4) Front Left.

S I

* Claude-3-Sonnet: The bullfrog in the image
is facing "Front Right" (Option 6).

8-

) Finetuned LLaVA: (2) Horizontal

[@)Finetuned LLaVA: (1) Close-up

image is (2) Horizontal.

© GPI-40: The elevation viewpoint of the

@GPT—40: The image is a close-up shot (Option
1). The frog is the main subject and is captured in
detail, filling a significant portion of the frame.

of the image is (2) Horizontal.

* Claude-3-Sonnet: The elevation viewpoint

[@LLaVA-I. 6-13B: Front Left IZJ

[éLLaVA-I.a-IsB: Bottom

F inetuned LLaVA: (6) Front Right d

Finetuned LLaVA: (1) Top

BE X & B E & B R IH H O EEIEHE E ) HIRE_E B E & JE

b Claude-3-Sonnet: The image is a close-up shot
(Option 1). The frog is the main subject and is
captured in detail, occupying a significant portion
of the frame.

[@LLaVA-I.E-BB: (1) Close-up

R E  Em 8 8 E ) RE ] E

[f' d LLaVA: (2) Medium-shot

Figure 5. Additional Qualitative Results. We show the evaluations of camera-object relation recognition capability of GPT-40, Claude-
3-Sonnet, LLaVA-1.6-13B, and finetuned 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 finetuned LLaVA-1.6-13B model by Ultimate3D dataset significantly outperforms all compared models.
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Figure 6. Diversity of Ultimate3D. Our Ultimate3D dataset and benchmark cover 100 categories of objects, range diverse camera-object
relation settings, and provide plausible image quality. (Each row shows images with the same orientation but in diverse subject and context.)
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