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Abstract

Photorealistic rendering aims to produce images indistinguishable from real-world
photographs. Traditional rendering techniques, while effective, rely heavily on syn-
thetic models with intricate material properties. While neural rendering methods
offer a potential solution to this problem, they often necessitate data from costly
capturing equipment like the Light Stage or resort to low-quality synthetic data,
hindering their ability to achieve photo-realistic rendering. To address these chal-
lenges, we propose a novel image rendering framework including a data generation
method and a neural rendering model. Our data generation method can create
synthetic-real data pairs using intrinsic decomposition methods, leveraging intrin-
sic images similar to G-buffers in the traditional rendering pipeline. Additionally,
we introduce a photorealistic image synthesis method based on diffusion models,
enhancing the generalization capabilities of our framework. This framework allows
for scalable data generation and photorealistic rendering for low-quality synthetic
objects. Experiments show that our method can not only render comparable images
with sophisticated synthetic 3D models but can fulfill state-of-the-art rendering for
low-quality synthetic 3D models.

1 Introduction

In the pursuit of photorealistic rendering, the goal is to generate images that are virtually indistinguish-
able from real-world photographs, a necessity in fields like game production and immersive virtual
reality. With the evolution of computer hardware, the advent of physically based rendering (PBR)
utilizing recursive path tracing has become feasible. Over recent decades, researchers have dedicated
significant efforts to crafting sophisticated rendering models[41][53][S] that meticulously account
for lighting, materials, and object geometry to achieve photorealism. These rendering techniques
are now commonplace in production engines such as Unreal Engine[15] and Unity[52]]. However,
their efficacy often hinges on the availability of high-quality CAD models with intricate material
properties, necessitating extensive manual labor. Consequently, rendering photorealistic images
remains a challenge when dealing with low-quality CAD models generated through manual design or
techniques like Multi-View-Stereo (MVS).

With the advent of deep learning, the prospect of generating photorealistic images using end-to-
end neural networks has become a reality. Previous research[51][55][40] has utilized reflectance
fields obtained from Light Stage[11]][[12] captures to construct datasets, which are then employed
to train rendering networks. Leveraging these high-quality datasets, neural networks have achieved
state-of-the-art results. However, acquiring such datasets poses a challenge for consumers, as it
typically requires access to expensive Light Stage equipment. To circumvent this limitation, some
methodologies[32][70][61] have emerged to synthesize training datasets. While these approaches
prove effective to a certain extent, networks trained solely on synthetic datasets often struggle to
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Figure 1: The teaser shows our major contribution to solving the problem of lacking realistic paired
images for neural rendering. According to the figure on the left side, we can enrich the realistic paired
images from three different resources - Photorealistic 3D scenes, general 3D datasets, and real images.
Though there is a large amount of photorealistic 3D scenes in film productions that can be used to
render high-quality paired datasets, it is difficult to get access to them. While manually creating more
realistic data may seem intuitive, it is a resource-intensive process, demanding significant time and
financial investment. Numerous general 3D datasets exist, but their quality may not be as satisfactory.
Compared to these two resources, generating realistic paired data from real images is promising since
the novel framework we proposed, based on intrinsic images and the neural rendering method, has
proved to be practical.

generalize well to real-world scenarios, hindering their ability to render photorealistic images for
synthetic objects.

In response to the challenge of limited paired data for rendering synthetic objects with photorealism,
we present a novel data generation pipeline capable of producing synthetic-real data pairs. Our
key insight stems from the observation that intrinsic images derived from intrinsic decomposition
methods exhibit a domain similarity to the G-buffers within the computer graphics (CG) rendering
pipeline, as shown in Figure 2] Specifically, we extract irradiance images, specular shading images,
and albedo images as the source data, as they encompass low-frequency lighting information, high-
frequency view-dependent information, and identity information, respectively. To obtain these images
from natural scenes, we employ the IntrinsicAnything[9] method which is trained on the synthetic
Objaverse dataset[[13]]. While IntrinsicAnything excels in generating high-quality albedo images
and specular shading images, it lacks the capability to produce irradiance images. To address this
limitation, we introduce a novel method designed to generate all aforementioned intrinsic components.

With the generated data, we further propose a photorealistic image synthesis method based on the
diffusion model. Recently, the diffusion model[[19][46] has demonstrated state-of-the-art performance
across various tasks[24])[36]][33])[16]. These methodologies have shown that diffusion models, even
when fine-tuned on small datasets, exhibit strong generalization capabilities. This is primarily
attributed to the robust priors learned by diffusion models from extensive real data. In this paper,
we also capitalize on the strength of the diffusion prior. Specifically, we first use pre-trained visual
encoders to extract global and local features of the intrinsic images. Then these features are injected
into a pre-trained text-to-image diffusion model as guidance.

Through our data generation pipeline, we can readily scale up the training dataset by gathering
extensive natural images from the internet and processing them. This scalability is pivotal for
enhancing the generalization capabilities of neural networks. Moreover, leveraging the robust
diffusion prior, our fine-tuned diffusion model excels not only in rendering comparable images for
high-quality CAD models but also in generating photorealistic images for even the most low-quality
synthetic objects. In summary, our main contributions are:
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Figure 2: Visualization of the G-buffers and intrinsic images.

* We propose a novel training framework for photo-realistic image synthesis which includes a
data generation method and a neural rendering model.

* We achieve state-of-the-art photorealistic rendering results.

2 Related work

2.1 Photorealistic Rendering

Modern graphics heavily rely on Physically Based Rendering (PBR) techniques to achieve pho-
torealism. PBR methods[41][4][53][5], incorporating lighting, materials, and geometry, render
meticulously crafted CAD models according to the rendering equation. Early graphic production
saw the prominence of models like the Phong[41] and its variant, the Blinn-Phong[4] model, which
delivered a commendable performance. However, sophisticated material properties were necessitated
for more realistic rendering, leading to the development of advanced models like the Cook-Torance
GGX]53] and Disney GGX]5]. While these PBR methods enable photo-realistic rendering, they
demand high-quality CAD models with intricate materials and geometry, incurring substantial costs.
To address this challenge, Paul Debevec et al. introduced the Light Stage[12], enabling the capture
of reflectance fields for human portraits, facilitating rendering under any natural environment[10].
Although combining reflectance fields with environment maps can produce nearly natural images,
this approach is limited to subjects with pre-captured reflectance fields. Moreover, accessibility to
such technology remains restricted, constraining its widespread application.

Another significant avenue of photorealistic rendering is neural rendering, which harnesses the
power of neural networks to generate high-quality images. A common task in neural rendering is
relighting, wherein the goal is to alter the appearance of subjects in an image to match a different
target environment light. Existing learning-based approaches either[S1][55][40][43]167][25] utilize
images generated from reflectance fields[[L1] or synthesized datasets[32]][[70][l61] to train end-to-end
networks for single image relighting. Some methods[S1[][[70][43]][67] alter the light information and
re-render input images fully in the latent space, while others[32]][55][40]][61]] first estimate intrinsic
image properties before combining them with target lighting for neural rendering. SIPR[S1] and
DSIPR[70] inject target lighting into the network bottleneck and use the decoder for rendering.
PhotoApp[43]] edits lighting in the latent space of StyleGAN][23]], then decodes the latent code for
rendering. NVPR[67] introduces self-supervised losses to disentangle lighting and identity features,
which helps to render with novel light. Li et al.[32]] design a multi-bounce scheme to ease the problem
of not considering the global illumination and a cascade framework for narrowing the errors of the
predictions. Thanks to the existence of the shadow maps and specular maps in the generated dataset,
Wang et al. [55] design the SS network to predict the specular maps and shadows maps which are
input into the composition network together with light and albedo to composite a realistic rendering
image. Total Relighting[40] utilizes convolved environment maps and normal maps to generate
light maps containing explicit lighting cues. These light maps, along with other intrinsic properties,
serve as inputs to a shading network for rendering photorealistic images. Due to the absence of
publicly available light stage datasets, Lumos[l61] relies on purchased 3D face scans to generate large-
scale relighting pairs. Following the Total Relighting framework, Lumos initially trains networks
using synthetic datasets and then refines the results by learning a residual map that minimizes the
domain gap between synthetic and real albedo using a real dataset. By leveraging extracted image
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intrinsics, SwitchLight[25]] combines the Cook-Torrance model for initial relighting with a neural
network for enhanced refinement. Recently, diffusion models[19][46] trained on large-scale natural
images have demonstrated impressive performance across various vision tasks. To fully exploit the
priors embedded in diffusion models for rendering, several recent works[14][42][27][63] have made
notable attempts. DiffusionRig[14] and DiFaReli[42]] first utilize DECA to predict FLAME[30]]
parameters and spherical harmonics (SH) light information. Subsequently, they render physical
buffers containing light information to guide the diffusion process. LightIt[27]] predicts shading maps
for outdoor scenes, utilizing them as conditions for generating relighted images. DiLightNet[63]], by
pre-defining multiple roughness levels, generates radiance hints as guidance for the diffusion model.
In our paper, we aim to condition the diffusion model on albedo, irradiance, and specular shading
maps to achieve photo-realistic rendering.

2.2 Inverse Rendering

Inverse rendering endeavors to recover the intrinsic properties (such as geometry, materi-
als, and lighting) of a scene or object, either in 2D[17][28][20][31]1162[S0[35][58][56] or
3D[7NIS 7L [S4N1e61[S0 16811651 (69112912 11[64]134][38]] space. In 3D inverse rendering, some
methods[[7][1][54][57] address the problem based on explicit mesh. DIB-R++[7] first predicts the
mesh with UV mapping from the input single image, then optimizes the material textures and
lighting via the differentiable renderer. Azinovic et al.[1]] and SunStage[54] estimate the material
textures based on the reconstructed FLAME mesh. FIPT[S7] calculates the pre-baked shading
maps with the provided or optimized mesh and uses the shading maps for materials estimation.
Others[50][168]][29]][66][65][69][34][38] optimize all the intrinsics in implicit neural radiance field.
To adapt Nerf[37] for inverse rendering, NERV[50]], NerFactor[68]] and NEROIC[29]] assign materials
for each sample point and calculate the outgoing radiance of them with physically-based rendering
(PBR). These models[66][165][69][34][38]] represent geometry as signed distance function (SDF) and
optimize the neural materials of the implicit surfaces.

While inverse rendering in 3D has achieved promising results, it often suffers from computational
inefficiencies due to the utilization of computation-intensive Multi-Layer Perceptron (MLP). To
mitigate this issue, single-image inverse rendering focuses on recovering intrinsic properties using
more generalizable neural networks. David et al. [17] treats the albedo estimation task as a light
diffusion process and iteratively diffuses the image to get albedo. IID[28]], trained on indoor synthetic
datasets, utilizes diffusion priors to estimate material maps. Due to the lack of ground truth material
maps, unsupervised methods[20][31][62][S9N[351[58/[S6] estimate the intrinsics based on hand-
crafted priors.

3 Method

Given G-buffers or intrinsic images of an object, our task is to render photo-realistic images. Figure 1
shows the overview of our framework. Our innovation is in a novel rendering framework that includes
a novel synthetic-real paired data generation method (Section[3.1)) and a rendering method leveraging
strong diffusion priors. To render photo-realistic images with G-buffers or intrinsic images, our core
idea is to extract the global identity features (Section[3.2.T) and the local detailed features (Section
[3.2.2), then inject (Section[3.3)) them into a pre-trained text-to-image diffusion model.

3.1 Data generation

Though neural rendering shows great performance in fulfilling photo-realism, the data is hard to
collect. To solve this problem, we are the first to generate intrinsic-real data pairs for training. Our
key observation is that the intrinsic images estimated by intrinsic decomposition methods share a
similar domain to the G-buffers of synthetic CAD models. Thus, we can treat the intrinsic domain as
a proxy domain, the images from which can be rendered or mapped to natural images. After training,
we can obtain photo-realistic images from the G-buffers of the synthetic CAD models.

To get the intrinsic images of natural images, we take the state-of-the-art intrinsic decomposition
method IntrinsicAnything[9] as the baseline, which can generate the albedo image and specular
shading image from a natural image. However, these two images cannot fully represent the informa-
tion present in an image, as they only contain the identity and high-frequency lighting information
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Figure 3: Overview of our framework. Given natural images, we first generate intrinsic-real data
pairs for training. At the training stage, we extract the global features by encoding the recomposed
image into a pre-trained self-supervised visual encoder and extract the local features with a pre-
trained VAE encoder. We then inject the features into a pre-trained text-to-image diffusion model for
rendering. At the inference stage, we extract features of the rendered G-buffers of the synthetic CAD
model, and then inject them into the model for photo-realistic rendering.

respectively. To represent the low-frequency lighting information, we need another component, i.e.,
the irradiance image. So the forward pass of intrinsic image generation is defined as:

A, 8,1 =Fy(I) ()]

where A, S and I are the albedo image, specular shading image, and irradiance image respectively,
F is the intrinsic decomposition model and 6 is the model parameter.

To adapt IntrinsicAnything for irradiance estimation, we first render irradiance images for Objaverse
dataset, then we train another diffusion model using these images for irradiance estimation.

3.2 Feature extraction

Previous visual encoders such as CLIP[44] and Dino[l6] are built on natural images. Directly applying
them on intrinsic images may fail to extract representative global features. To address this problem,
we propose to recompose the intrinsic images into a natural image according to the rendering equation.
Then we use the self-supervised model DINOv2[39] to extract the global identity features. As for
the local detailed features, we use the pre-trained VAE encoder to extract the pixel-aligned detail
features.

3.2.1 Global feature extraction
Image recomposition. The rendering equation can be represented as:
L=Ls+Ls 2

where L is the diffuse shading and L, is the specular shading. The diffuse shading can further be
represented as:

Ly=AxI 3)
where A is the albedo image and [ is the irradiance image. So we can get the recomposed image as:
R(z) = A(z) * I(z) + S(x) )
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where x is the pixel coordinate of the image, A(z), I(z) and S(x) are the albedo image, irradiance
image, and specular shading image at x respectively. Firstly, we transform these images into linear
space. Then we compose them according to Equationd] Finally, we transform the linear-space image
back to SRGB space by gamma correction. Though the recomposed image loses some high-dynamic-
range information compared to the source natural image due to truncation, we find that the extracted
features are robust enough for rendering.

Feature extraction. Previous works[49][60] use the CLIP image encoder to extract the global
features. However, the CLIP image embedding is aligned with the text embedding. Text, being a
coarse description, is often insufficient to represent intricate details. Inspired by Anydoor[§], we
choose the Dinov2 as our global feature extractor which encodes the image as a global token and a
patch token. Following AnyDoor, we concatenate the two tokens and use a linear layer to project the
tokens to the diffusion embedding space. The process is defined as:

tl,tg = Fg(R) (@)

fg = L(Con(ti, 4)) (©)

where R is the recomposed image, Fiz is the Dinov2 model, #; is the patch token, , is the global
token, C'on means concatenation along channel dimension, L is the linear projection layer and f, is
the global feature in the diffusion embedding space.

3.2.2 Local feature extraction

Global features encode the identity of the object, while local features encode the details of the
object. Though the VAE model of Stable Diffusion is also trained on natural images, these
methods[24]][16][36] proved that they can extract features rich in detailed information for intrinsic
images such as the normal map and the depth map. Thus, we use the pre-trained VAE encoder to
extract the pixel-aligned detail features. Specifically, we first use the VAE encoder to encode the
three intrinsic images. Then we concatenate the three feature maps along the channel dimension. The
concatenated feature map will further be concatenated with the noise image as the input to the Unet
encoder.

The process is defined as:

favfiafS:FL(Av-[vS) (7)

fi =Con(fa, fi, fs) (®)

where A, I, and S are the albedo image, irradiance image, and specular shading image respectively,
Fy is the pre-trained VAE encoder, f,, f; and fs are the albedo feature map, irradiance feature
map and specular shading feature map respectively, and C'on means concatenation along channel
dimension.

3.3 Feature injection

After obtaining the global and local features, we inject them into a pre-trained text-to-image diffusion
model. In our paper, we take the Stable Diffusion[47/] as the backbone which has been demonstrated
robust. We denote the diffusion model as ¢y, so the training objective can be defined as:

Et,xo,e,c [He — €9 (\/EXO +v1- &te’t7c) HZ} ©)

where @; is the schedule parameter, x is the target image, e is the noise image sampled from N (0, I),
t is the time step, and c is the extracted features. The training objective is to minimize the L2 distance
between the predicted noise vector and the ground-truth sampled noise vector.

Specifically, we inject the global features into the diffusion model by replacing the text embedding
with them and performing cross-attention between them and Unet intermediate features. As for the
local detailed features, we concatenate them with the noise image as the input to the Unet encoder.
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4 Experiments

4.1 Implement Details

We implement all our methods in Pytorch. We use the Adam[26] optimizer with an initial learning
rate of 1e~® and linearly decay the learning rate to 0. During each iteration, we take a batch size of
128 for training. We optimize our model for 20k iterations which takes 4 days on 8 Nvidia A800
(80GB) GPUs. Other hyperparameters for our network follow the default settings in the Stable
Diffusion model.

4.2 Dataset and Metrics

Table 1: Comparison of FID, KID, and Inception Score on face and car datasets

Method Face Dataset Car Dataset
FID | KIDx10® | Inception Score t | FID | KIDx10% | Inception Score 1
PBR 42.5 37.1+1.2 3.88+0.19 32.1 9.64+0.09 2.25+0.19

Ours 31.1 25.0+1.2 4.18+£0.18 289 7.17+0.06 2.23+0.17

Datasets As mentioned, our training framework can generate synthetic-real paired data from real
data. To evaluate the performance of the framework and the diffusion-based synthesis method, we
conducted experiments on two real datasets: the real car dataset and the real face dataset. We collected
the car dataset from the Internet. This dataset contains about 1000 cars, each of which has about
6 multi-view images. For the face dataset, we used the FFHQ dataset [22]] that provides 70,000
high-quality face images in total. We split the car and face datasets so that ninety percent of them are
used for training and the rest are used for evaluation. To prove the capability of generalization, we
test our model on limited-quality synthetic face and car models collected from TURBOSQUID and
CGTrader website. The links of these models are presented in the supplement material. Furthermore,
we also evaluate our model on a high-quality synthetic dataset-hyperSim [45]] that contains over
77400 photorealistic images of 461 indoor scenes with sophisticated and accurate lighting, materials,
and geometry.

Metrics Metrics for evaluating the realism of the generated images have been widely used in the
field of generative models. The most common metrics are Inception Score (IS) [48], Fréchet Inception
Distance (FID) [18]], and Kernel Inception Distance (KID) [2]. Inception score aims to measure the
diversity and recognizability of generated images. It uses a pre-trained Inception network to classify
generated images and calculates the score based on the entropy of the predicted class distribution. A
high IS indicates that the generated images are both diverse and confidently classified into specific
categories. However, IS does not consider the distribution difference between the generated images
and the real images. FID assesses the similarity between the distributions of generated images and real
images. It calculates the Fréchet distance between the feature vectors of real and generated images,
extracted from a specific layer of a pre-trained Inception network. Lower FID values indicate that
the generated images are closer in distribution to the real images. KID also evaluates the similarity
between generated and real images but emphasizes semantic content. It uses a polynomial kernel to
compute the Maximum Mean Discrepancy (MMD) between the feature representations of generated
and real images, extracted from the third pooling layer (pool3) of a pre-trained Inception network.
Lower KID values indicate better alignment between the distributions of generated and real images. It
is widely accepted that these three metrics are complementary and should be used together to provide
a comprehensive evaluation of the generated images.

Table E] compares FID, KID, and Inception Score across different methods on the FFHQ dataset
and our collected car dataset. Please note that PBR means directly computing the rendered results
according to the recomposition method explained in Section [3.2.T)and KID has been shown with
%1000 for better readability. The gray part indicates the standard deviation of the metrics.
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Figure 4: This figure shows some results of our diffusion-based method compared to the physically
based rendering method on synthetic data. The models produced the face-related results trained on
the FFHQ [22] dataset and the car-related results trained on our collected car dataset. Please note that
face data have slight metallicity due to the capture process, which will result in the irregular specular
effect present in the PBR-rendered images. However, our method can still generate realistic results.
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Figure 5: Ablation study for recomposition method.

4.3 Comparison with Baselines

Since our task aims to render photo-realistic images from G-buffers or intrinsic images, we compare
our method with the physically based rendering (PBR) method. Specifically, we use the Principled
BSDF node in Blender(3] as the description of the object’s material and use environment maps as the
light conditions for rendering. Our results show that we can achieve indistinguishable photo-realistic
results compared to the baseline and even limited automatic realistic relighting. Some of our results
are shown in Figure[d Other test results on hyperSim[43]] dataset are shown in the supplementary
material, which are from .

4.4 Ablation Study

Recomposition The diffusion-based synthesis method is the core of our framework, and we
conduct ablation studies to verify the effectiveness of the recomposition method. It is proved that
the recomposition method can better guide the diffusion model. By recomposition, the generated
images are more realistic and have better details. The examples are shown in the Figure[5] Due to the
low-resolution of our output, the results may not be significantly different. However, the enlarged
areas show kinds of details, which proves the effectiveness of our recomposition method.

Neural rendering method Before the hyper enthusiasm of diffusion-based image synthesis, there
were also some neural rendering methods based on convolution networks. We also conduct this
method on the above two datasets. The network used here is the Resnet Generator from the
CycleGAN]71] method. The results in Figure [6] show that the results of face data are well sat-
isfactory but those of cars are short of details and realism. Predictably, the network could perform
well with enough data (the FFHQ dataset has nearly 70000 images, and the real car dataset only has
6000 images), which also means lots of data-driven methods could be progressed with our scalable
data generation method.

5 Limitations

Our method relies highly on the quality of the generated data which is not guaranteed. In practice, we
can find noisy data generated by the intrinsic decomposition method. Using these data for training
may degrade the performance of the model. Meanwhile, the resolution of the generated intrinsic
images is low due to the limitation of the intrinsic model, preventing the attainment of high-quality
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Figure 6: Ablation study for difference neural rendering methods.

results. This remains a future work for the intrinsic decomposition task. Besides, our method is based
on the diffusion model, which is computationally expensive and not suitable for real-time rendering.

6 Conclusion

In this paper, we introduce a novel framework for photo-realistic rendering. This framework includes
a novel synthetic-real paired data generation method and a diffusion-based neural rendering method.
The data generation method leverages the intrinsic decomposition method to generate intrinsic images
for real data. With these data, we extract their global and local features, and then inject them into a
pre-trained text-to-image diffusion model. Qualitative and quantitative experiments demonstrate the
effectiveness of our framework in generating photo-realistic images.
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s¢ A Appendix

Figure 7: Rendering results on Hypersim dataset. The first and third columns are the rendered
images while the second and the fourth are the ground truth images.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims made in the abstract and introduction accurately reflect the
contributions and scope of our paper.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Our paper discusses the limitations of our method.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of 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.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that 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]
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Justification: Our paper does not include theoretical results.

Guidelines:

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.
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 ex-
perimental 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: Our paper fully discloses all the information 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 submis-

sions 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 instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: We will release our code and data soon.
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.

* 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 recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: All the details mentioned above are presented in the "Experiments" section.
Guidelines:

* 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.

. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [NA]
Justification: Our paper does not include such experiments.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence 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, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* 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.
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8.

10.

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% CIL, 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.
Experiments Compute Resources

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

Answer: [Yes]
Justification: This information is provided in the "Experiments" section.
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.

* 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).

. 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: The research conducted in this paper conform, 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 consid-
eration due to laws or regulations in their jurisdiction).
Broader Impacts

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

Answer: [NA]

Justification: Our paper does not discuss potential negative societal impacts of the work
performed.

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., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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» 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 monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

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: [NA]
Justification: Our paper poses no such risks.
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.

* 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.

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 cite the original papers and the website that produce the training and
evaluation dataset.

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

New Assets

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

Answer: [Yes]
Justification: We introduce new assets in the "Experiments" section.
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
submissions 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.

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: Our paper does not involve crowdsourcing nor 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 contribu-
tion 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.

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]

Justification: Our paper does not involve crowdsourcing nor 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
applicable), such as the institution conducting the review.
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