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Abstract

Controllable image generation has attracted increasing attention in recent years,
enabling users to manipulate visual content such as identity and style. However,
achieving simultaneous control over the 9D poses (location, size, and orientation)
of multiple objects remains an open challenge. Despite recent progress, existing
methods often suffer from limited controllability and degraded quality, falling short
of comprehensive multi-object 9D pose control. To address these limitations, we
propose SceneDesigner, a method for accurate and flexible multi-object 9-DoF pose
manipulation. SceneDesigner incorporates a branched network to the pre-trained
base model and leverages a new representation, CNOCS map, which encodes
9D pose information from the camera view. This representation exhibits strong
geometric interpretation properties, leading to more efficient and stable training.
To support training, we construct a new dataset, ObjectPose9D, which aggregates
images from diverse sources along with 9D pose annotations. To further address
data imbalance issues, particularly performance degradation on low-frequency
poses, we introduce a two-stage training strategy with reinforcement learning,
where the second stage fine-tunes the model using a reward-based objective on
rebalanced data. At inference time, we propose Disentangled Object Sampling, a
technique that mitigates insufficient object generation and concept confusion in
complex multi-object scenes. Moreover, by integrating user-specific personaliza-
tion weights, SceneDesigner enables customized pose control for reference subjects.
Extensive qualitative and quantitative experiments demonstrate that SceneDesigner
significantly outperforms existing approaches in both controllability and quality.

1 Introduction

Controlling the spatial properties of real-world images has been extensively explored, enabling users
to manipulate the structure of interesting subjects or the overall layout of a scene [65, 58, 23, 18, 16,
33, 34, 6, 54]. However, most existing methods are confined to 2D space and often rely on densely
annotated control maps as input, such as depth images. In contrast, 3D spatial control remains a
largely underexplored challenge. Consider, for example, a designer aiming to arrange multiple pieces
of furniture in a room, each with distinct sizes and orientations, or a user wishing to generate an image
where a pet dog is turned away from the camera, gazing at the landscape ahead. These scenarios
highlight the need for generation models that support 3D-aware multi-object control, a capability that
is both essential for practical applications and insufficiently addressed by current approaches.

There have been several preliminary explorations in 3D-aware controllable generation [38, 32, 28,
17, 8, 25, 48]. For example, LOOSECONTROL [6] employs 3D bounding boxes for controlling the
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Figure 1: 9D pose control results of the SceneDesigner. The figures show the applications in single-
object, multi-object, and customization scenarios, exhibiting high quality, flexibility and fidelity.

location and size of the object in 3D space. To enable orientation control, some methods take rotation
angles around designated axes as input. Among them, Zero-1-to-3 [28] infers the novel perspective
of reference subject, but relies on external inpainting tools [44] to create a complex background.
Continuous 3D Words [8] and its following work [38] are constrained by unrealistic visual style and
limited control over object quantity and pose diversity. More recently, ORIGEN [32] introduces
precise orientation control but is restricted by its dependence on a one-step generative model, which
hinders compatibility with widely used multi-step frameworks [44, 39, 10].

To address the aforementioned challenges, we enhance existing text-to-image models [10, 44] by
enabling 9D pose control of multiple objects within the same scene, as shown in Fig. 1. To support
this goal, we first construct a new dataset, ObjectPose9D, which provides 9D pose annotations
across diverse real-world scenarios. To build ObjectPose9D, we begin with the publicly available
OmniNOCS dataset [20], which offers accurate pose annotations but is limited in object and back-
ground diversity. To overcome this limitation, we further annotate the large-scale MS-COCO dataset
[26] with 9D poses to expand the variety of visual concepts and scene types. Specifically, we employ
MoGe [57] and Orient Anything [59] to estimate 3D bounding boxes with orientations. All collected
images and pose annotations are then carefully checked and manually refined by human annotators
to ensure data quality. Together, these efforts yield ObjectPose9D, a diverse and richly annotated
dataset for training image generation models with flexible multi-object 9D pose control.

A Stormtrooper stands beside a 
motorcycle, inside a futuristic hangar. 
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Figure 2: Overview of SceneDesigner.

Then, how can 9D poses be efficiently en-
coded for controllable image generation?
Some previous studies [8, 38] project rota-
tion angle into textural space and combine
it with text embeddings. However, this
way struggles to capture fine-grained ori-
entation and precise spatial positioning.
Inspired by the success of ControlNet-like
architectures [65, 67, 41, 34] in structural
control, LOOSECONTROL [6] adopts 3D bounding boxes for 3D-aware guidance. However, this
representation lacks orientation information. For example, a single bounding box may ambiguously
correspond to either a front- or back-facing object, limiting controllability and reliability. To address
this, we build upon the Normalized Object Coordinate System (NOCS) [52] to better encode geo-
metric properties. Nevertheless, a traditional NOCS map requires a precise 3D shape of each object
category, which is user-unfriendly and often difficult to acquire. To overcome this, we introduce the
Cuboid NOCS (CNOCS) map to only consider a cuboid shape for general purpose. This simplifica-
tion retains essential geometric cues while supporting category-agnostic pose encoding. Moreover,
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CNOCS map allows for flexible variants and generalizes well across object categories. Besides, to
address the imbalanced pose distribution in real-world data, we introduce a two-stage training strategy
with reinforcement learning. In the first stage, the model is trained on ObjectPose9D to learn basic
pose controllability. In the second stage, it is fine-tuned to improve performance on low-frequency
object poses by maximizing our proposed reward function under a balanced distribution. During
inference, we apply Disentangled Object Sampling, a technique designed to mitigate concept fusion
and insufficient generation in complex multi-object scenes. Furthermore, by integrating user-specific
personalized weights, our method enables customized pose control for user-provided reference
subjects. Within our framework, users can freely operate the cuboid-shape meshes in 3D space as
demonstrated in Fig. 2, identifying the 3D location, size, and orientation of each object.

Our main contributions are: 1) We introduce ObjectPose9D, a dataset with rich real-world scenes and
comprehensive 9D pose annotations, facilitating effective training of pose-controllable generation
models. 2) We propose SceneDesigner, a framework that supports multi-object 9D pose control. It
leverages our proposed pose representation, CNOCS map, which encodes 3D properties of objects
from the camera view using a coarse cuboid abstraction. We further introduce a two-stage training
strategy with reinforcement learning to mitigate data imbalance and enhance generalization. At
inference time, Disentangled Object Sampling is employed to address insufficient or entangled object
generation, while user-specific weights enable personalized pose control. 3) Extensive qualitative and
quantitative experiments demonstrate that SceneDesigner significantly outperforms previous methods
in both single- and multi-object scenarios, achieving high fidelity and controllability.

2 Related Works

Controllable generation: Controllable image generation [65, 67, 41, 34, 63, 24, 55, 45, 13, 2, 4,
21, 35, 47] enables fine-grained user control over visual content. Among them, ControlNet [65]
and its following works [41, 67] introduce a branched network to process the geometry guidance,
resulting in the image with high structure fidelity. Other methods [2, 4] like DreamBooth [45]
and Textual Inversion [13] learn new concepts given by users, endowing the text-to-image (T2I)
models with customization capability. Despite these efforts, controlling the 9D poses of objects
still faces challenges. Most methods [23, 58, 61] can only handle 2D bounding boxes, which are
insufficient to represent 3D properties. Recently, LOOSECONTROL [6] lifts this condition to 3D
space, but struggles to represent precise orientation. A group of methods [38, 8] leverage precise
pose annotations from a synthetic dataset, and receive the rotation angles from users. However,
they are constrained by limited controllability in intricate pose and multi-object scenarios, and poor
generalization in in-the-wild images. The recent work ORIGEN [32] optimizes initial noise to
maximize the constructed reward function. However, it cannot localize objects in designated area.
Additionally, it relies on one-step generation models, hampering its compatibility with general models.
Collectively, there are currently no approaches that can efficiently control the 9D poses of multiple
objects in image generation. Beyond the image domain, recent advances in video generation have
explored 3D-aware controllable synthesis. 3DTrajMaster [12] focuses on multi-entity trajectory
control through MLP-encoded pose representations, while FMC [48] enables 6D pose control for
cameras and objects. Meanwhile, CineMaster [54] extends the LOOSECONTROL [6] paradigm to
video synthesis, providing intuitive cinematic control.

3D-aware image editing: There is a growing body of methods [66, 28, 56, 64, 37, 21] that focus
on 3D-aware image editing. Among them, 3DIT [31] was trained on collected synthetic data,
manipulating the object by translation or rotation. Similarly, Zero-1-to-3 [28] can generate novel
views of the reference subject given by users. NeuralAssets [60] learns object-centric representations
that enable disentangled control over object appearance and pose in neural rendering pipelines.
Different from these methods, Diffusion Handles [37] leverages the point clouds estimated from the
input image, and guides the sampling process through transformed points and depth-conditioned
ControlNet [65]. 3DitScene [66] reconstructs the 3D Gaussian Splatting [19] of the scene, and
manipulates the 3D Gaussians of the designated object through arbitrary 3D-aware operations.

Aligning the generation model with human preference: Based on the success of reinforcement
learning in the field of natural language processing [36, 43], some studies [11, 7] make efforts to align
the generated image with human preference. Some methods [62, 40] like ReFL [62] maximizes the
proposed reward score through backpropagation. Other RL-based methods like DDPO [7] leverage
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policy gradient algorithm for finetuning. Different from these methods, Diffusion-DPO [51] performs
supervised learning on constructed preference dataset.

3 Method

3.1 Preliminaries

Generative models: The generative models are designed to transform samples from a simple noise
distribution into data from the target distribution. Diffusion-based methods [49, 50, 14] learn a noise
prediction model, and remove the estimated noise from noisy image during sampling. From another
perspective, Flow matching [3, 27, 30] achieves the goal by training a neural network to model the
velocity field, moving the noise to data along straight trajectories.

Normalized Object Coordinate System (NOCS): To estimate 6D poses and sizes of multiple objects,
NOCS [52] constructs the correspondences between pixels and normalized coordinates. It represents
all objects in a normalized space while maintaining consistent category-level orientation. Then, the
method constructs NOCS map, an RGB image representing each pixel’s normalized coordinates,
which is efficient for training the prediction model.

3.2 Overview

Our goal is to equip T2I models [44, 39, 10] with the controllability in 9D poses of multiple objects.
For clarity, we only present our flow-based implementation [10]. It’s worth noting that our method can
also be applied to diffusion models [44, 39]. Formally, given the text prompt cp depicting the visual
content that contains a set of objects {obji}

No

i=1, and their 9D poses {li, si, oi}No

i=1, where li, si, oi
represent the 3D location, size, and orientation from the camera view, respectively. The generation
model aims to create the final image x that minimizes ΣNo

i=1

(
Dls(x, obji, li, si)+Do(X (x, obji), oi)

)
,

where Dls indicates the inaccuracy of location and size in image space. X infers the object’s
orientation and Do is a discriminant function that calculates the discrepancy of input and estimated
orientations. For simplicity, we denote the {li, si, oi}No

i=1 as {Pi}No

i=1. Therefore, our task is to learn a
conditional generation model pθ(x|cp, {Pi}No

i=1) parameterized by θ that minimizes:

Et,(x,cp,{Pi}No
i=1)∼D,ϵ∼N (0,I)

[∥∥∥vθ (xt, t, cp, {Pi}No

i=1

)
− (ϵ− x)

∥∥∥2] , (1)

where vθ models velocity field, the data are sampled from ObjectPose9D, denoted as D, and xt =
(1− t)x+ tϵ. In following sections, Sec. 3.3 introduces our CNOCS map that encodes multi-object
9D poses {Pi}No

i=1. Then, Sec. 3.4 details the construction pipeline of our dataset ObjectPose9D.
Finally, Sec . 3.5 presents our two-stage training strategy for enhancing the alignment with input
condition, and Disentangled Object Sampling technique used at inference time.

3.3 CNOCS Map: Effective Representation of 9-DoF poses

Figure 3: Illustration of CNOCS map.

To encode the 9D poses of general objects, i.e.,
{Pi}No

i=1, a straightforward method is to project
the location, size, and orientation to embeddings,
respectively, while integrating the features into
network through cross- or self-attention mecha-
nism [8, 38, 58, 23, 53, 22]. In contrast, control
maps used in ControlNet-like methods [65, 41]
offer an alternative approach for encoding 9D
pose information. This spatial representation
provides stronger structural constraints com-
pared to direct projection methods. Our subse-
quent experimental results (Sec. 4) demonstrate
that this map-based representation is more ef-
fective than direct embedding approaches, there-
fore, we adopt this encoding strategy for our
framework.
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We leverage the idea from NOCS [52] and propose CNOCS map to preserve the object’s 3D properties,
exhibiting strong geometry interpretation. A preliminary idea is to obtain the 3D bounding boxes
of objects and render them in depth-sorted order depending on their distances from the camera
view, which have already been explored in recent works [6]. Although this kind of representation
can perceive the location and size of objects, it is viewpoint-dependent and insufficient to present
precise orientation. Inspired by NOCS, it’s necessary to establish correspondence between pixels
indexed by (u, v) and their associated points on the object’s surface, while encoding the point
based on its coordinate in object space. However, NOCS has to access the precise 3D shape of
each category, leading to cumbersome user input and hindering its application. In contrast, our
CNOCS map alleviates the issues by using a cuboid shape inherited from 3D bounding boxes, while
formalizing the encoding process to achieve better generality. The process of constructing CNOCS
map is illustrated in Fig. 3 and formalized in Eq. 2.

xc
u,v, y

c
u,v, z

c
u,v, oi = Intersect(u, v, {bboxi}No

i=1),

xo
u,v, y

o
u,v, z

o
u,v = projoi

c2o(x
c
u,v, y

c
u,v, z

c
u,v),

xno
u,v, y

no
u,v, z

no
u,v = normalize(xo

u,v, y
o
u,v, z

o
u,v, bboxoi),

CNOCS[u, v] = f(xno
u,v, y

no
u,v, z

no
u,v),

(2)

where “Intersect” operation finds the associated camera space point (xc
u,v, y

c
u,v, z

c
u,v) of [u, v]-indexed

pixel on surface of 3D bounding box belonging to the oi-th object. Specifically, the oi-th object
occludes other entities along the view ray from the pixel. Next, projoi

c2o transforms the coordinate
from camera space to object space based on the pose of oi-th object. The “normalize” operation then
maps the values to [−1, 1] using the side lengths of 3D bounding box. Finally, we assign the feature
calculated by the encoding function f to [u, v]-indexed pixel in CNOCS map. There are many choices
for f , leading to different variants such as: 1) Constant function. We can simply assign a predefined
vector for any point, such as Euler angles. This variant is named C-CNOCS map. 2) Identity function.
Similar to NOCS [52], we can directly use the coordinate (xno

u,v, y
no
u,v, z

no
u,v) as point embedding.

Unlike the original NOCS map, the points are located on surface of 3D bounding box instead of
the precise shape determined by CAD model. This variant is named I-CNOCS map. 3) Spherical
harmonic function. (xno

u,v, y
no
u,v, z

no
u,v) can be further transformed into the form (θnou,v, ϕ

no
u,v, r

no
u,v) in

spherical coordinate system. Then, we can construct a series of Laplace’s spherical harmonics
Y m
l (θnou,v, ϕ

no
u,v) depending on a user-defined degree as point embedding, where l,m represent indices

of degree and order, respectively. This variant is named S-CNOCS map. Based on empirical results
(Sec. 4), we use I-CNOCS map as the pose representation since it is simple and effective.

Orientation 
Estimation

Point Cloud 
Estimation

3D Box
Estimation

9D PosesInput Image

Figure 4: Annotation pipeline of 9D poses in MS-COCO [26].

3.4 ObjectPose9D Dataset

There are currently no existing datasets suitable for learning multi-object 9D pose control. Although
some public datasets like Objectron [1] and OmniNOCS [20] contain object pose annotations, they
are constrained by limited object categories and scene diversity. Therefore, we select several subsets
from OmniNOCS as the base of our dataset, which cover common objects and scenarios in indoor and
street scenes. Furthermore, we resort to the COCO dataset [26] to enlarge the data distribution and
improve the model generalization ability. The annotation pipeline of 9D poses in COCO dataset [26]
is shown in Fig. 4 and consists of the following steps:

1. Selection of objects. First, we obtain the suitable objects from each image using the following
criteria: 1) The area of object mask must be limited within predefined lower and upper bounds,
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excluding the objects that are too small or large; 2) The orientation of the objects should be
unambiguous. Categories with inherent orientation ambiguity, such as "bottle", are excluded.

2. Estimation of orientation and 3D bounding boxes. Next, we obtain the orientations and 3D
bounding boxes of suitable objects to construct CNOCS map. First, Orient Anything [59] is
used to infer the object orientation and we filter the objects with low prediction confidence. In
parallel, we get the initial geometry estimation (point clouds) of the scene via an advanced 3D
reconstruction method [57], and identify the points belonging to the object based on the mask,
while discarding the points that are too far from centroid by a threshold. Finally, 3D bounding
boxes can be derived using the point clouds and predicted orientation, which tightly enclose the
object points.

To ensure data quality, human annotators manually filter out low-quality samples and refine inaccurate
annotations. Based on the estimated 3D bounding boxes and orientations, we then construct the
CNOCS map representation using Eq. 2. Besides, Multimodal Large Language Model (MLLM) [5]
is also employed to generate descriptive captions for each image, enriching the dataset with aligned
textual information. These steps together yield the final dataset, ObjectPose9D. Further details on
dataset statistics and construction procedures are provided in Appendix A.1.

3.5 SceneDesigner: Multi-object 9-DoF Pose Control

With the constructed dataset ObjectPose9D, we proceed to train our proposed method (SceneDesigner)
for 9D pose control of multiple objects. The details about training and inference are introduced below.

Learning for 9-DoF pose control: We simply introduce ControlNet-like [65] branched network
into the base model as overall architecture, which receives CNOCS map that encodes {Pi}No

i=1, text
prompt cp, and the noisy latent in the current step. vθ is learned in two stages. In the first stage,
the parameters from the branched network are optimized using Eq. 1, learning the basic 9D pose
controllability. However, the learned model exhibits inferior performance on low-frequency poses
from ObjectPose9D, which is caused by imbalanced pose distribution. For example, the model fails
to generate the back views of most animals due to biases from datasets [20, 26]. Therefore, we resort
to the technique from RLHF (Reinforcement Learning from Human Feedback). For aligning the
object pose with the condition, we aim to maximize the introduced reward function below:

rls(x, cp, {Pi}No

i=1) = ΣNo
i=1

(
1−Dls(x, obji, li, si)

)
,

ro(x, cp, {Pi}No

i=1) = ΣNo
i=1

(
1−Do(X (x, obji), oi)

)
,

r(x, cp, {Pi}No

i=1) = γrls(x, cp, {Pi}No

i=1) + λro(x, cp, {Pi}No

i=1),

(3)

where higher rls represents better accuracy of location and size. For rls, we use the advanced
detection model [29] to estimate the 2D bounding box, and compute its Intersection over Union
(IoU) with the projected one from 3D bounding box. On the other hand, ro assesses the orientation
precision. For X , we crop the object area and feed it to Orient Anything [59]. Then, Do calculates the
KL divergence between the target distribution and the estimated distribution from Orient Anything.
The final reward r is calculated by combining rls, ro through weighting factors γ, λ. Consequently,
the objective of the second stage is to minimize:

E(cp,{Pi}No
i=1)∼B,x∼pθ(·|cp,{Pi}No

i=1)

[
−βr(x, cp, {Pi}No

i=1) + Lprior

]
, (4)

where text prompts and CNOCS maps are sampled from constructed balanced data distribution
B, and Lprior is calculated as Eq. 1 for stabilizing the training [62]. However, naively training
with Eq. (4) leads to huge GPU memory consumption for backpropagation throughout multi-step
denoising process, which is infeasible. To reduce memory footprint, we leverage randomized
truncated backpropagation and gradient checkpointing like in AlignProp [40], while feeding the
coarse image estimated from intermediate step to the reward function instead of the clean one. The
whole pipeline is presented in Algorithm 2. Through RL finetuning, the model outperforms in pose
alignment with the input condition. More details about RL finetuning are provided in Appendix A.2.

Inference: After two-stage training, the model can effectively control the 9D pose of arbitrary object.
However, the model fails to associate each object with its pose from CNOCS map in multi-object
scenarios, since there is no restriction in constructing the correspondences. Furthermore, insufficient
generation and attribute leakage often occur in generating multiple concepts. Therefore, we propose
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Algorithm 1: Algorithm pipeline of Disentangled Object Sampling.

Input: Initial noise ϵ sampled from N (0, I); text prompt cp consisting of entity names {obji}
No
i=1; CNOCS

map for each object {Pi}No
i=1; CNOCS map of the whole scene Pglobal; sampling step T ;

x0 = ϵ;
for t in {0, 1 . . . , T − 1} do

vt = vθ(xt, t, cp,Ptotal);
xt+1 = xt + vtdt;
for i in {1, . . . , No} do

Obtain object mask Mi from CNOCS map Pi;
vit = vθ(xt, t, obji,Pi); /∗it can be computed in parallel with vt

∗/
xi
t+1 = xt + vitdt;

xt+1 = (1−Mi)xt+1 +Mix
i
t+1;

x = xT ;
Return: The generated image x.

Disentangled Object Sampling to alleviate the challenges, and the process is shown in Algorithm 1.
Essentially, we combine multiple noisy latents at each denoising step using region masks, where
each latent is sampled based on global or object-specific condition. Through Disentangled Object
Sampling, the model is able to match each pose from CNOCS map with corresponding object.
Furthermore, we can also load the personalized weights given by users and perform customized pose
control of reference subjects.

4 Experiment

Implementation details: The proposed SceneDesigner is based on Stable Diffusion 3.5 [10], training
with 6 NVIDIA A800 80G GPUs. We use AdamW optimizer with an initial learning rate of 5e−6.
The resolution is set to 512 × 512 with 48 batch size. In the first stage, the parameters θ from the
introduced ControlNet are updated for 45K iterations in the proposed ObjectPose9D. For the second
stage, we further fine-tune the model with RL objective for 5K iterations. More details about training
are provided in Appendix A.2. During inference, we only inject the conditions in initial 15 steps
during sampling with 20 denoising steps.

Validation details: For validation metrics, we use mean Intersection over Union (mIoU) and spatial
accuracy Accls for assessing the precision of location and size. Specifically, we use Grounding
DINO [29] to detect generated objects. Accls is calculated as ΣN

i=1I(IoUi>0.6)
N , where I is indicator

function and N is total number of test cases. Similar to ORIGEN [32], we use the following
two metrics for orientation evaluation:1) Abs.Err calculates the absolute error of azimuth angles
(in degrees) between the input condition and the estimated one from Orient Anything [59] and
2)Acc.@22.5◦ measures the accuracy with 22.5◦ tolerance. Furthermore, CLIP [42] is used to
estimate the text-image alignment and FID presents visual quality. Specifically, we randomly sample
the reference images from LAION [46] to calculate FID. In addition, a user study is also conducted
to complement the evaluation based on human preferences. For validation dataset, we introduce
two benchmarks to assess the model performance in pose control of single-object and multi-object
scenarios, named ObjectPose-Single and ObjectPose-Multi, which are obtained by estimating the
9D poses from validation part of COCO [26] as in Sec. 3.4. Among them, ObjectPose-Single is
further divided into ObjectPose-Single-Front and ObjectPose-Single-Back for assessing the orientation
accuracy in front- and back-facing scenarios, containing 247 and 156 samples, respectively. Besides,
ObjectPose-Multi includes 229 cases.

4.1 Comparisons with State-of-the-Art Methods

Evaluation in single-object generation: This experiment evaluates the capability of single-object
pose control. Although Zero-1-to-3 [28] exhibits considerable orientation controllability, it depends
on the reference image from users and exhibits poor generalization in real-world images. Furthermore,
since the codes of other relevant methods [32, 38] were not open-sourced at the time of our experiment,
they are also not discussed in our experiment. Consequently, we choose LOOSECONTROL (LC) [6]
and Continuous 3D Words (C3DW) [8] as compared T2I methods due to their abilities for 3D-
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Table 1: Quantitative evaluation of pose alignment in multiple benchmarks.

Benchmark Method Location&Size Alignment Orientation Alignment
Accls (%)↑ mIoU (%)↑ Abs.Err ↓ Acc@22.5◦ (%) ↑

ObjectPose-Single-Front
C3DW [8] 2.02 19.61 50.01 60.32

LOOSECONTROL [6] 23.89 27.12 87.26 23.08
SceneDesigner (ours) 50.20 57.21 13.23 89.47

ObjectPose-Single-Back LOOSECONTROL 24.36 30.49 132.26 7.05
SceneDesigner (ours) 52.56 60.66 17.47 83.33

ObjectPose-Multi LOOSECONTROL 14.85 22.58 147.42 4.80
SceneDesigner (ours) 47.16 52.16 23.14 80.79

Table 2: Comparisons of visual quality and text alignment.
C3DW [8] LOOSECONTROL [6] SceneDesigner (Ours)

FID ↓ 67.39 37.89 24.91
CLIP ↑ 0.267 0.293 0.345

A dog plays on 
the beach

A soldier on 
the desert

A green sofa 
against brick wall

ou
rs

LC
C
3D
W

(a) Single-object Pose Control (b) Multi-object Pose Control
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A turtle and a 
penguin

A boat, an eagle, 
and a plane

A cat, a car, 
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An elephant on 
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N/A N/A

C
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n

1
2

1
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23 3
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Figure 5: Evaluation of 9D pose control in single- and multi-object scenarios. SceneDesigner
outperforms other methods in both fidelity and quality under various pose conditions.

aware control, while converting the pose condition into their required formats. As shown in the left
of Fig. 5, the compared methods exhibit limited ability to control the location, size, and orientation
simultaneously. Although LC [6] can control the location and size of the object effectively, the results
present arbitrary orientation with poor quality and fidelity. On the other hand, C3DW is suffered
by invariant image layout and unrealistic visual content. Besides, it can only process the front 180◦
range of azimuths. As a result, the method lacks the controllability in more complicated orientations
(e.g., back-facing case in column 4 of Fig. 5), and is unable to locate the object with a designated size.
In contrast, SceneDesigner outperforms in both fidelity and quality. The quantitative results in Tab. 1
also demonstrate the superior performance of our method in pose alignment. As demonstrated by
Accls and mIoU metrics in Tab. 1, SceneDesigner outperforms LC in controlling spatial location
and size of the object, while C3DW exhibits poor precision since the objects are typically centered
in the image. For orientation, C3DW achieves higher performance than LC, since the latter does
not encode the orientation properties. However it cannot generate back-facing object, and suffers
from the low-quality contents as indicated by the FID metric in Tab. 2. On the other hand, our
method achieves considerable performances in both front- and back-facing settings with the help of
efficient representation and the two-stage training strategy, while outperforming in both quality and
text alignment.

Evaluation in multi-object generation: We also consider the pose control of multiple objects in the
same scene. Since C3DW can only handle single object generation, LC is chosen as the compared
method in this setting. As shown in the right of Fig. 5, it demonstrates poor performance in both
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Table 3: Ablation studies.

Benchmark Setting Location&Size Alignment Orientation Alignment
Accls (%)↑ mIoU (%)↑ Abs.Err ↓ Acc@22.5◦ (%) ↑

ObjectPose-Single

w/o MS-COCO [26] 41.69 50.07 74.89 24.32
w/o RL finetuning 43.18 50.32 43.85 52.36
w/ C-CNOCS map 40.45 49.86 37.86 73.70
w/ Pose embedding 32.51 40.73 49.65 47.15

prompt only 12.90 14.32 88.43 25.31
SceneDesigner (ours) 51.12 58.55 14.87 87.10

ObjectPose-Multi w/o DOS 36.68 45.91 42.92 59.39
SceneDesigner (ours) 47.16 52.16 23.14 80.79

Table 4: Human preferences in quality, pose fidelity, and text-to-image alignment.
Method C3DW [8] LOOSECONTROL [6] SceneDesigner
Image quality 0.47 0.64 0.96
Location fidelity 0.05 0.88 0.98
Size fidelity 0.02 0.82 0.96
Orientation fidelity 0.62 0.39 0.91
Text-to-image alignment 0.63 0.51 0.94

orientation and semantic fidelity, while suffering from insufficient generation and concept confusion.
As a result, the method cannot precisely identify the concept inside each 3D bounding box. In
comparison, SceneDesigner leverages Disentangled Object Sampling during inference to mitigate the
entangled generation, while maintaining the pose controllability. The quantitative results from Tab. 1
also demonstrate that SceneDesigner maintains performance comparable to single-object scenarios
when handling multiple objects, outperforming other methods in all metrics.

User Study: We additionally conduct a user study to assess the methods in the following aspects:
image quality, pose fidelity and text-to-image alignment. Tab. 4 demonstrates the evaluation results
from human beings, where the scores are normalized and the higher value indicates better performance.
Specifically, we employed 20 volunteers to evaluate outcomes from each method. For each score, we
average the results and normalize it by the maximum value.

w/o RL Finetuningw/o MS-COCO Oursw/o DOSA wolf and a pig

w/ C-CNOCS Map Ours

A rabbit in 
the forest

Rabbit, cat and dog Oursw/o DOS

12

3

12

Figure 6: Ablation studies. The left indicates the effects of ObjectPose9D, two-stage training strategy
and I-CNOCS map. The right examples show the impact of Disentangled Object Sampling (DOS).

4.2 Ablation Studies

We conduct comprehensive ablation studies to validate the effectiveness of each component in our
proposed SceneDesigner. The quantitative results are summarized in Tab. 3.

Pose Conditioning: To validate our proposed CNOCS map, we compare it with three alternative
conditioning strategies: 1) a C-CNOCS map that assigns constant Euler angles to the object region;
2) a variant that directly injects 9D pose embeddings via attention; and 3) a training-free baseline
(prompt only) that converts the pose into a textual description based on templates. As shown in Tab. 3,
all three baselines underperform, confirming the superiority of our representation.
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Dataset and Training Strategy: We then analyze the impact of our dataset and two-stage training
strategy. First, we train a model using only OmniNOCS data. As shown in Fig. 6 (left) and Tab. 3,
the limited categories in OmniNOCS lead to poor generalization on unseen classes (e.g., rabbit) and
a significant performance drop. Second, we evaluate the model checkpoint from the first stage, prior
to RL finetuning. This model fails to generate back-facing objects, and its orientation accuracy is
considerably lower. These comparisons confirm the importance of both our diverse ObjectPose9D
and the RL finetuning stage.

Multi-Object Generation with DOS: For multi-object generation scenarios, we assess the effect
of the proposed DOS. The results in the right part of Fig. 6 and Tab. 3 highlight its effectiveness in
mitigating concept confusion and ensuring each object correctly corresponds to its specified pose in
the CNOCS map.

5 Limitations and Impacts

5.1 Limitations

Although SceneDesigner achieves high-fidelity pose control, it cannot control the precise shape
of the object. Furthermore, the performance in the multi-object scenario is constrained by the
inherent capability of the base model. As mentioned in previous literature, increasing the number of
semantic concepts in text prompt exacerbates insufficient generation and attribute leakage. While our
Disentangled Object Sampling technique mitigates this issue, it introduces additional computation.
Therefore, we will explore how to enhance the alignment with conditions in multi-object generation
while maintaining computational efficiency in our future work.

5.2 Social Impacts

Positive societal impacts: SceneDesigner supports users with ability in multi-object 9D pose control
without extensive resources or professional equipment, while providing customized pose control
of user-provided subjects. This capability proves particularly valuable for applications like virtual/
augmented reality and product design, where spatial control is essential.

Potential negative societal impacts: Multi-object 9D pose control raises concerns about potential
misuse for generating deceptive content in sensitive areas such as political manipulation and social
media, where inaccurate poses could spread misinformation. Without proper safeguards, such as
detection methods, ethical guidelines, and public awareness, this technique could be exploited to
undermine the trust in digital media.

Mitigation strategies: Developing and adhering to strict ethical guidelines for multi-object 9D
pose control technologies helps mitigate misuse risks. This includes enforcing usage restrictions for
sensitive generation and ensuring transparency in generated outputs through traceability measures.

6 Conclusion

We introduce SceneDesigner that achieves multi-object 9D pose control within the same scene.
Our key insight is introducing CNOCS map to encode the 9D pose of general objects, preserving
the 3D properties and exhibiting high geometry interpretation. This representation accelerates the
convergence and facilitates to provide a user-friendly interface for creating 3D-aware conditions. For
learning the newly added control modules, we resort to the public dataset with comprehensive 9D
pose annotations, while enhancing the diversity through annotating large-scale datasets. To alleviate
the poor performance in low-frequency poses caused by imbalanced data distribution, we introduce
a two-stage training process, where the second stage maximizes the proposed reward function to
enhance the alignment of object pose with input conditions. During inference, our Disentangled
Object Sampling associates each object with the corresponding pose condition, avoiding the confusion
in multi-object generation. Furthermore, our method can also achieve customized pose control of
reference subjects given by users. Finally, qualitative and quantitative experiments demonstrate that
our method outperforms existing methods in both single- and multi-object scenarios.

Acknowledgement. This project was supported by the National Natural Science Foundation of China
(NSFC) under Grant No. 62472104. This work was supported by Xiaomi Young Scholars Program.
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A Technical Appendices and Supplementary Material

Overview: The supplementary includes the following sections:

• A.1. Details of dataset.

• A.2. Details of method.

• A.3. More comparisons and analyses.

• A.4. More ablation studies.

A.1 Details of Dataset

As the base of our dataset ObjectPose9D, we select Objectron [1] and Cityscapes [9] subsets from
OmniNOCS [20], sampling around 110,000 images with comprehensive pose annotations of interesting instances.
Furthermore, we enlarge the category diversity and scene variations through introducing additional data from
MS-COCO [26], and leverage the approach in Sec. 3.4 to obtain pose annotations for suitable objects, obtaining
around 65,000 samples. Concretely, we select objects whose sizes range from 10% to 70% of the image size,
and further exclude those with prediction confidence [59] below 0.8. For estimation of 3D bounding boxes,
the farthest 10% of point clouds from the object centroid are discarded. In addition, Qwen2.5-VL-7B [5] is
used to describe the visual content. To maintain high-quality training data, human annotators further filter
the low-quality images and rectify the inaccurate annotation. Finally, ObjectPose9D contains totally 125,486
training data.

A.2 Details of Method

Differences with related methods: There exists significant differences between our method and related
approaches. 1) Controllability of 9D poses. To the best of our knowledge, SceneDesigner is the first method
that can achieve multi-object 9D pose control. For example, LOOSECONTROL [6] that receives 3D bounding
boxes is unaware of object orientation, and the results are significantly influenced by model priors. Other
methods [38, 8] like Continuous 3D Words [8](C3DW) can only control the front 180◦ azimuth angles, and lack
flexibility in scene composition, typically producing rigid arrangements. The recent work ORIGEN [32] is able
to achieve intricate orientation control, but limited in controlling the location and size. 2) Dataset and training
strategy. The high quality training samples and efficient learning strategy make SceneDesigner outperform other
methods in terms of quality and fidelity. LOOSECONTROL with single-stage learning performs poor alignment
with conditions in some complicated scenarios. Methods [38, 8] trained on synthetic dataset exhibit inferior
generalization ability in generating real-world images, thus having poor image quality. The training-free method
ORIGEN optimizes the initial noise to maximize the introduced reward function, aligning the object orientation
with input condition. However, it is only applicable to one-step generative models, hindering its application.

Details about RL finetuning: Constructing a balanced pose distribution for each object category from existing
data sources [26, 46] is impractical. Therefore, RL finetuning discussed in Sec. 3.5 is introduced to alleviate
the challenge. In our implementation, we set γ and λ in Eq. (3) to 0 and 1, respectively, since our experiment
shows that Lprior effectively maintains control over both location and size. β in Eq. (4) is set to 5e−3 to
avoid overfitting. The dataset B from Eq. (4) constructs balanced pose distribution for each considered object
category. An ideal approach is to randomly place multiple cuboids of arbitrary sizes and orientations in the
space, while generating corresponding CNOCS maps. However, our experiments demonstrate that this leads to
slow convergence. Consequently, we only consider single-object scenarios. In practice, the model trained under
this setting demonstrates strong generalization capability in multi-object scenarios through Disentangled Object
Sampling technique. We get totally 20,000 CNOCS maps with different location, size, and orientation. Besides,
we create 1200 descriptions of interesting object categories (e.g. animal) by querying MLLM [5]. Then, we
can independently sample the text prompt and CNOCS map to construct balanced pose distributions for rich
object categories. The pipeline of RL finetuning is illustrated in Algorithm 2. We optimize the whole parameters
from ControlNet with truncation length K set to 2. The denoising steps are sampled from uniform distribution
U(Tmin, Tmax), where Tmin, Tmax are set to 6 and 16.

A.3 More Comparisons and Analyses

More qualitative results: To illustrate the flexibility of our method in 9D pose control, Fig. 7 presents the results
under various pose conditions. As shown in the figures, the poses of the generated objects exhibit strong fidelity
with conditions. Besides, Fig. 8 and Fig. 9 present more qualitative comparisons in single- and multi-object
scenarios with intricate pose conditions. These results also demonstrate that SceneDesigner outperforms other
methods in terms of fidelity and image quality. Fig. 10 further presents more qualitative results of our method in
multi-object generation. We also provide examples in Fig. 11 to present the model’s capability of customized
pose control. Specifically, we use images from DreamBooth [45] and learn LoRA [15] weights for each subject.
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A trendy cartoon bear near waterfall A bronze horse statue in excavated historical site

A monkey sitting on a fruit-filled cave A capybara stands by river

A rhino covered with moss stands against clock tower A tiger on a snowy taiga forest

Figure 7: 9D pose control under various pose conditions.
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Figure 8: Evaluation of 9D pose control in single-object scenarios.
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A boy and a girl sit 
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Figure 9: Evaluation of 9D pose control in multi-object scenarios.
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Figure 10: More generation results of SceneDesigner in multi-object scenarios.
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Algorithm 2: Algorithm pipeline of RL finetuning.
Input: The proposed dataset ObjectPose9D D and constructed dataset B for RL finetuning; truncation

length K; the range of denoising steps [Tmin, Tmax] during sampling; the number of training epochs NE ;
weighting factor β of reward function;

for epoch in {1 . . . , NE} do
Get samples from D and update the network parameters θ through Eq. (1);
Sample the CNOCS map that encodes {Pi}No

i=1, and cp from B;
Obtain the initial noise ϵ sampled from N (0, I);
Obtain the sampling steps T1 from uniform distribution U(Tmin, Tmax);
Sample the step T0 from uniform distribution U(T1 −K,T1 − 1), which begins gradient calculation;
x0 = ϵ;
for t in {0, . . . , T0 − 1} do

no grad : xt+1 = xt + vθ(xt, t, cp, {Pi}No
i=1)dt;

for t in {T0, . . . , T1 − 1} do
with grad : xt+1 = xt + vθ(xt, t, cp, {Pi}No

i=1)dt;

x̂ =
xT1

−T1ϵ

1−T1
;

Calculate the gradient towards −βr(x̂, cp, {Pi}No
i=1) defined in Eq. (3) and update the θ;

Return: The network parameters θ.

Table 5: Ablation studies.

Setting Location&Size Alignment Orientation Alignment
Accls (%)↑ mIoU (%)↑ Abs.Err ↓ Acc@22.5◦ (%) ↑

w/o Lprior 26.55 31.76 28.79 76.18
SceneDesigner (ours) 51.12 58.55 14.87 87.10

A.4 More Ablation Studies

We conduct additional experiments to demonstrate the impacts of critical techniques from our method. Beyond
the settings discussed in the main paper, we further validate the effectiveness of Lprior loss in Eq. (4). Tab. 5
and qualitative results in Fig. 12 indicate that the model learned without Lprior suffers from reward hacking
and quality degradation under the same training configuration. Furthermore, Fig. 13 shows the impacts of our
Disentangled Object Sampling (DOS).
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… in the forest … in the meadow … near the river

… in the roof … on the stone … in snowy field

Figure 11: Customized 9D pose control.
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Figure 12: Ablation study in ObjectPose9D, two-stage training strategy and I-CNOCS map. The
model learned without Lprior suffers from overfitting and quality degradation.
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Figure 13: Ablation study in Disentangled Object Sampling (DOS). Our method alleviates the
insufficient generation and concept fusion with the help of DOS.
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results can be expected to generalize to other settings.
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2. Limitations
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these assumptions (e.g., independence assumptions, noiseless settings, model well-specification,
asymptotic approximations only holding locally). The authors should reflect on how these
assumptions might be violated in practice and what the implications would be.
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on a few datasets or with a few runs. In general, empirical results often depend on implicit
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• The authors should reflect on the factors that influence the performance of the approach. For
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of privacy and fairness.
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aren’t acknowledged in the paper. The authors should use their best judgment and recognize
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preserve the integrity of the community. Reviewers will be specifically instructed to not penalize
honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and a complete
(and correct) proof?

Answer: [NA]

Justification: This paper does not include theoretical results.
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• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
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• The proofs can either appear in the main paper or the supplemental material, but if they appear in
the supplemental material, the authors are encouraged to provide a short proof sketch to provide
intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented by
formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main experimental
results of the paper to the extent that it affects the main claims and/or conclusions of the paper
(regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide the implementation details in Sec. 4, Appendix A.1 and Appendix A.2 that
are needed to reproduce the main experimental results.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived well by the

reviewers: Making the paper reproducible is important, regardless of whether the code and data
are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken to make
their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways. For
example, if the contribution is a novel architecture, describing the architecture fully might suffice,
or if the contribution is a specific model and empirical evaluation, it may be necessary to either
make it possible for others to replicate the model with the same dataset, or provide access to
the model. In general. releasing code and data is often one good way to accomplish this, but
reproducibility can also be provided via detailed instructions for how to replicate the results,
access to a hosted model (e.g., in the case of a large language model), releasing of a model
checkpoint, or other means that are appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submissions
to provide some reasonable avenue for reproducibility, which may depend on the nature of the
contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how to

reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe the

architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should either be

a way to access this model for reproducing the results or a way to reproduce the model (e.g.,
with an open-source dataset or instructions for how to construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case authors are
welcome to describe the particular way they provide for reproducibility. In the case of
closed-source models, it may be that access to the model is limited in some way (e.g.,
to registered users), but it should be possible for other researchers to have some path to
reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instructions to
faithfully reproduce the main experimental results, as described in supplemental material?

Answer: [No]

Justification: We are unable to provide the code at submission time due to internal release policy
constraints, but we commit to releasing both the code and models publicly upon acceptance.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be possible,
so “No” is an acceptable answer. Papers cannot be rejected simply for not including code, unless
this is central to the contribution (e.g., for a new open-source benchmark).

• The instructions should contain the exact command and environment needed to run to reproduce
the results. See the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.
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• The authors should provide instructions on data access and preparation, including how to access
the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new proposed
method and baselines. If only a subset of experiments are reproducible, they should state which
ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized versions (if
applicable).

• Providing as much information as possible in supplemental material (appended to the paper) is
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6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer, etc.) necessary to understand the results?

Answer: [Yes]

Justification: We provide the implementation details in Sec. 4, Appendix A.1 and Appendix A.2 that
are needed to reproduce the main experimental results.
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• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail that is

necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate informa-
tion about the statistical significance of the experiments?

Answer: [No]

Justification: We did not conduct experiments with error bars.
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• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the main claims
of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for example,
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experimental conditions).

• The method for calculating the error bars should be explained (closed form formula, call to a
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• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error of the

mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should preferably report

a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality of errors is
not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g. negative error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how they were
calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the experiments?

Answer: [Yes]

Justification: We provide the implementation details in Sec. 4, Appendix A.1 and Appendix A.2 that
are needed to reproduce the main experimental results.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud

provider, including relevant memory and storage.
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• The paper should provide the amount of compute required for each of the individual experimental
runs as well as estimate the total compute.

• The paper should disclose whether the full research project required more compute than the
experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make it into
the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS Code
of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We conducted in the paper confirm, in every respect, with the NeurIPS Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a deviation

from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consideration due

to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative societal impacts
of the work performed?

Answer: [Yes]

Justification: We discuss the social impacts of SceneDesigner in Sec. 5.2.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal impact or

why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses (e.g.,

disinformation, generating fake profiles, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied to particular
applications, let alone deployments. However, if there is a direct path to any negative applications,
the authors should point it out. For example, it is legitimate to point out that an improvement in
the quality of generative models could be used to generate deepfakes for disinformation. On the
other hand, it is not needed to point out that a generic algorithm for optimizing neural networks
could enable people to train models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation strategies
(e.g., gated release of models, providing defenses in addition to attacks, mechanisms for monitor-
ing misuse, mechanisms to monitor how a system learns from feedback over time, improving the
efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible release of
data or models that have a high risk for misuse (e.g., pretrained language models, image generators, or
scraped datasets)?

Answer: [Yes]

Justification: We describe the safeguards in Sec. 5.2.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with necessary

safeguards to allow for controlled use of the model, for example by requiring that users adhere to
usage guidelines or restrictions to access the model or implementing safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.
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• We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in the paper,
properly credited and are the license and terms of use explicitly mentioned and properly respected?

Answer: [Yes]

Justification: We use existing assets with properly credited.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of service of

that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the package should

be provided. For popular datasets, paperswithcode.com/datasets has curated licenses for
some datasets. Their licensing guide can help determine the license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation provided
alongside the assets?

Answer: [No]

Justification: We do not release new assets.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their sub-

missions via structured templates. This includes details about training, license, limitations,
etc.

• The paper should discuss whether and how consent was obtained from people whose asset is
used.

• At submission time, remember to anonymize your assets (if applicable). You can either create an
anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper include
the full text of instructions given to participants and screenshots, if applicable, as well as details about
compensation (if any)?

Answer: [NA]

Justification: We do not involve crowdsourcing or research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

• Including this information in the supplemental material is fine, but if the main contribution of the
paper involves human subjects, then as much detail as possible should be included in the main
paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.

15. Institutional review board (IRB) approvals or equivalent for research with human subjects
Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals (or an
equivalent approval/review based on the requirements of your country or institution) were obtained?

Answer: [NA]
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Justification: We do not involve crowdsourcing or research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly state
this in the paper.

• We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for
their institution.

• For initial submissions, do not include any information that would break anonymity (if applica-
ble), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or non-standard
component of the core methods in this research? Note that if the LLM is used only for writing,
editing, or formatting purposes and does not impact the core methodology, scientific rigorousness, or
originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in our method does not involve LLMs as any important,
original, or non-standard components.

Guidelines:

• The answer NA means that the core method development in this research does not involve LLMs
as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM) for what
should or should not be described.
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