




(a) Case E (c) Case E(b) Case D (d) Case D

Figure 14: Visual results on Tanks and Temples from iteration 25,000 at the first stage.

a large-scale plane should satisfy the Eikonal equation for different step sizes). In other words, the
variance of stochastic gradients is small for large-scale features, making it easier for the model to
minimize the Eikonal loss. However, for fine details, the random step sizes lead to high variance in
the estimated normals, which reduces the impact of the Eikonal loss and makes it more challenging
for the model to minimize samples with high variance.

F Impact of Color Conditioning on Normal

In Figure 14, we experimentally observed that in indoor scenes, when color conditioning on normals
is applied, the optimization process becomes very slow and adversely affects the optimization results
(both surface and rendering quality). However, this issue is nearly absent in outdoor scenes. We
believe this is primarily due to the convergence behavior of the scale factor. Indoor scenes often
have many weakly textured areas, leading to larger scale factors and a greater scatter distribution.
Additionally, color conditioning on normals, which is intended for geometry disentanglement as
mentioned in IDR and resonable for surface points, results in many details being optimized to
incorrect positions before convergence is achieved.

F-score ↑ D E Full Model
Courthouse (outdoor) 0.11 0.11 0.21
Meetingroom (indoor) 0.35 0.21 0.43

Table 4: Impact of color conditioning on normal
in different scenes.

However, our use of stochastic normals helps
mitigate these erroneous surfaces. For detailed
regions, the estimated normals have greater vari-
ance, which alleviates the impact of incorrect
surfaces. This is also demonstrated in our abla-
tion experiments, as shown in the Table 4. Cases
D and E are as follows: Case D: Excludes the
stage 1 Eikonal loss but incorporates color conditioning based on the estimated normal. Case E:
Excludes the stage 1 Eikonal loss but includes color conditioning based on the analytical normal.

G Experimental Details

G.1 Datasets

We carry out experimental evaluations on two benchmark datasets: Tanks and Temples [11] and
ScanNet++ [41]. The Tanks and Temples dataset is characterized by its large-scale, diverse real-world
scenes, both indoors and outdoors. For our experiments, we utilize six scenes from the training subset,
consistent with the scenes employed in Neuralangelo, to maintain comparability. Additionally, we
extend our validation to four expansive indoor scenes from the advanced subset to further assess the
robustness of our method. Turning to the ScanNet++ dataset, it is distinguished by its high-quality
indoor scenes, supplemented with DSLR-quality images. From this dataset, we have selected eight
scenes for our analysis.

G.2 Baselines

For the Tanks and Temples dataset, our methodology is compared against several prominent methods,
including: NeuralWarp [5], COLMAP [23], NeuS [28], Geo-NeuS [7], and Neuralangelo [13]. In the
context of the ScanNet++ dataset, our approach is contrasted with methods lacking prior knowledge,
such as VolSDF [35], NeuS [28], and Neuralangelo [13]. Additionally, we evaluate our approach
against methods incorporating pretrained prior information, notably MonoSDF [43]. It should be
noted that our efforts to reproduce Neuralangelo for indoor scenes were unsuccessful. Instead,
we employed the implementation of Bakedangelo from [42], which serves as an enhanced version
of Neuralangelo. Bakedangelo utilizes the same proposal network as our setup. We discovered
that manually adjusting the global scale of SDF-to-density conversion in Bakedangelo significantly
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Scene Metric NeuS VolSDF Neuralangleo∗ Neuralangelo Ours MonoSDF-MLP MonoSDF-Grid

0e75f3c4d9

Acc 0.053 0.053 0.326 0.121 0.166 0.041 0.064
Comp 0.065 0.078 0.039 0.053 0.029 0.038 0.027
Prec 0.433 0.395 0.381 0.525 0.584 0.611 0.574
Recal 0.437 0.363 0.734 0.719 0.790 0.665 0.705

F-score 0.435 0.378 0.502 0.607 0.671 0.637 0.633

036bce3393

Acc 0.050 0.053 0.184 0.168 0.028 0.062 0.037
Comp 0.066 0.098 0.028 0.023 0.029 0.097 0.037
Prec 0.507 0.475 0.509 0.520 0.688 0.383 0.606
Recal 0.492 0.372 0.754 0.780 0.733 0.333 0.656

F-score 0.499 0.417 0.608 0.624 0.710 0.356 0.630

108ec0b806

Acc 0.047 0.049 0.121 0.092 0.044 0.059 0.041
Comp 0.088 0.097 0.060 0.050 0.053 0.113 0.045
Prec 0.519 0.475 0.389 0.498 0.597 0.395 0.575
Recal 0.432 0.372 0.542 0.624 0.587 0.303 0.576

F-score 0.472 0.417 0.453 0.554 0.592 0.343 0.576

21d970d8de

Acc 0.046 0.070 0.247 0.261 0.075 0.054 0.042
Comp 0.050 0.060 0.071 0.049 0.031 0.062 0.031
Prec 0.526 0.383 0.403 0.403 0.588 0.365 0.580
Recal 0.565 0.410 0.595 0.656 0.726 0.371 0.676

F-score 0.545 0.396 0.481 0.499 0.650 0.368 0.624

355e5e32db

Acc 0.042 0.043 0.073 0.079 0.034 0.043 0.032
Comp 0.075 0.071 0.038 0.034 0.038 0.060 0.031
Prec 0.534 0.501 0.575 0.575 0.672 0.439 0.657
Recal 0.465 0.447 0.701 0.730 0.689 0.404 0.683

F-score 0.497 0.475 0.632 0.643 0.681 0.421 0.669

578511c8a9

Acc 0.094 0.080 0.254 0.222 0.103 0.063 0.039
Comp 0.174 0.212 0.057 0.030 0.044 0.171 0.044
Prec 0.373 0.354 0.378 0.465 0.520 0.322 0.608
Recal 0.328 0.271 0.599 0.737 0.623 0.264 0.657

F-score 0.349 0.307 0.463 0.570 0.567 0.290 0.631

7f4d173c9c

Acc 0.080 0.097 0.414 0.420 0.155 0.094 0.138
Comp 0.055 0.075 0.026 0.024 0.028 0.030 0.022
Prec 0.503 0.457 0.437 0.457 0.657 0.704 0.708
Recal 0.496 0.436 0.771 0.799 0.732 0.713 0.813

F-score 0.500 0.446 0.557 0.582 0.693 0.709 0.757

09c1414f1b

Acc 0.170 0.085 0.348 0.106 0.081 0.070 0.050
Comp 0.116 0.285 0.076 0.242 0.056 0.105 0.080
Prec 0.348 0.347 0.289 0.475 0.545 0.418 0.651
Recal 0.331 0.256 0.470 0.403 0.530 0.363 0.589

F-score 0.339 0.294 0.358 0.436 0.537 0.389 0.618

Mean

Acc 0.073 0.066 0.246 0.184 0.086 0.061 0.055
Comp 0.086 0.122 0.049 0.063 0.039 0.085 0.040
Prec 0.468 0.423 0.420 0.490 0.606 0.455 0.620
Recal 0.443 0.366 0.646 0.681 0.676 0.427 0.669

F-score 0.455 0.391 0.507 0.564 0.638 0.439 0.642

Table 5: ScanNet++ Benchmark We established benchmarks for eight different scenes within the
ScanNet++ dataset.

mitigates the optimization issues encountered with Neuralangelo in indoor scenes. Additionally,
we eliminated the unnecessary 360 unbound setting and background modeling for indoor scenes.
Therefore, in the context of the Tanks and Temples advanced subset and ScanNet++, we report the
results obtained with Bakedangelo as a substitute for those of Neuralangelo.

G.3 Evaluation Metrics

Mesh is extracted through marching cube algorithm with a resolution of 2048 applied across all
scenes. For the Tanks and Temples dataset, the evaluation metrics on the training subset are computed
using the official Python script provided by the dataset’s maintainers 1. Meanwhile, for the four
scenes from the advanced subset, our reconstructed results are submitted to the evaluation server 2,
which calculates the evaluation metrics. For the ScanNet++ dataset, we calculate the F-score with
a threshold of 0.025 to compare the resultant meshes with the ground truth mesh, which is derived
from the point cloud captured by a laser scanner.

1https://github.com/isl-org/TanksAndTemples/tree/master/python toolbox/evaluation
2https://www.tanksandtemples.org/
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G.4 Implementation Details

NeuRodin utilizes a multi-resolution hash grid for encoding, spanning from 25 to 211 across 16
levels. Each hash entry possesses a channel size of 2 for room-level scenes such as ScanNet++,
which is adjusted to 8 for larger-scale scenes like Tanks and Temples. The maximum number of hash
entries for each resolution is set at 219. We incorporate per-image appearance encoding in the style
of NeRF-W [15] while employing a proposal network [1] based on a compact hash grid. For the
outdoor scene, we model the background using an additional network [45] with the hash grid. For the
ScanNet++ datasets, we sample 512 pixels per iteration. In the case of the Tanks and Temples dataset,
we sample 1024 pixels during the first stage and escalate to 8192 pixels for the second stage. We set
the weights λeik and λsmooth to be 0.01 and 0.005, respectively. For outdoor scenes, we set λbias to 0.1.
For indoor scenes, we progressively increase λbias from 0.001 to 0.05 over the first 10,000 iterations
through an exponential adjustment. Bakedangelo samples 8192 pixels per iteration in large indoor
scenes of Tanks and Temples, aligning with the settings employed by Neuralangelo. In the context of
room-level scenarios within ScanNet++, the batch size is adjusted to 1024 pixels per iteration. Our
implementation of the method employs PyTorch [20] and utilizes the Adam optimizer, with a learning
rate of 0.001 applied to both the hash grid and the network, alongside a weight decay set at 0.01. For
the background model, we set the learning rate to 0.01. The total training steps amount to 300k, with
the learning rate for the foreground model being decayed by a factor of 10 at 160k and 240k steps.
For the background model, we employ an exponential schedule for the learning rate, reducing it to
0.0001. For the proposal network, the learning rate is decayed by a factor of 3 at steps 150k, 225k,
and 270k. All our experiments were conducted on an A100 40G GPU. We roughly require 7 GPU
hours to complete the reconstruction of an indoor scene from the ScanNet++ dataset. For large-scale
scenes, the reconstruction takes approximately 18 GPU hours.

G.5 Implementation of the Explicit Bias Correction

In the actual implementation of explicit bias correction, when inferring the SDF at ϵbias after the point
r(t∗) along the ray in Equation (8), we also infer the SDF at ϵbias mask beyond r(t∗) along the ray as a
mask. If f(r(t∗ + ϵbias mask)) is less than zero, we do not apply the bias loss to this particular ray. We
have found that this approach effectively prevents incorrect alignments that may be caused by our
approximate estimation of t∗. For outdoor scenes, we simply determine whether a ray is cast towards
the background by checking if there exists a negative value of SDF at any sampled point along the
ray. If so, we similarly refrain from performing bias correction. We have configured ϵbias mask to 0.001
for large-scale scenes, such as the Tanks and Temples dataset. For room-level scenes, such as the
ScanNet++ dataset, we have set it to 0.01.

G.6 Implementation Details of the Two-Stage Optimization

Metric F-Score (%) ↑
Scene VolSDF MonoSDF Neuralangelo∗ Neuralangelo Ours

Auditorium 3.16 10.97 14.32 14.09 16.03
Ballroom 11.61 29.30 32.21 28.93 33.10

Courtroom 7.71 21.58 36.53 32.81 33.53
Museum 4.41 21.71 25.49 29.28 32.71

Mean 6.72 20.89 27.14 26.28 28.84

Table 6: Quantitative evaluation of our method versus prior
work on the Tanks and Temples advance subset. The best
performance and the second-best outcomes are highlighted for
easy reference.

The local scale modeling in Equa-
tion (5) can impede the model’s
convergence to the surface to
some extent. Therefore, we manu-
ally adjust the lower bound scoarse
for the scale to prevent the ambi-
guity that arises from excessively
small scales. Analogous to the
manual adjustments made in the
first phase, our objective in this
stage is to facilitate convergence
from volume rendering to surface
rendering, thereby aligning the implicit surface with volume rendering completely. To achieve this,
we exponentially increase the lower bound of the scale sfine to a substantial value. In all experiments,
we set the value of scoarse to 100 and sfine to 3000.
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24 37 40 55 63 65 69 83 97 105 106 110 114 118 122 Mean

C
D

(m
m

)↓

NeRF 1.90 1.60 1.85 0.58 2.28 1.27 1.47 1.67 2.05 1.07 0.88 2.53 1.06 1.15 0.96 1.49
VolSDF 1.14 1.26 0.81 0.49 1.25 0.70 0.72 1.29 1.18 0.70 0.66 1.08 0.42 0.61 0.55 0.86
NeuS 1.00 1.37 0.93 0.43 1.10 0.65 0.57 1.48 1.09 0.83 0.52 1.20 0.35 0.49 0.54 0.84
Neuralangelo 0.37 0.72 0.35 0.35 0.87 0.54 0.53 1.29 0.97 0.73 0.47 0.74 0.32 0.41 0.43 0.61
Ours 0.37 0.65 0.31 0.36 0.93 0.54 0.63 1.30 1.07 0.68 0.52 0.61 0.32 0.41 0.37 0.60

Table 7: Quantitative results on DTU Benchmark.

MonoSDF Neuralangelo Ours GT Mesh

Figure 15: Quantitative evaluation of our method on the ScanNet++ dataset.

H More Experimental Results

H.1 Experimental Results on the Scannet++ Benchmark

For every scene, we use high-quality DSLR camera images from all frames for our experiments. For
methods that do not use prior knowledge, we downsample the images from 1752 × 1168 to 876 ×
584 for training. For methods that do use prior knowledge, we do something similar to MonoSDF.
We first crop the images to 1152 × 1152, then downsample them to 384 × 384 before feeding them
into the Omnidata model [6] to predict geometry cues. First, we scale the pose to be centered within
a bounding sphere of radius equal to 1. Subsequently, we scale the camera pose by 0.8 to ensure
that all scene boundaries are contained within the bounding sphere. We apply the marching cubes
algorithm to a cube with dimensions -1 to 1 at a resolution of 2048. Then, we evaluate the metrics:
Accuracy (Acc), Completeness (Comp), Precision (Pred), Recall (Rec), and F-score. The final result
is shown in Table 5. Here, we also present some visual results in Figure 15.

H.2 Experimental Results on the DTU Benckmark

Although our design is not specifically tailored for single-object datasets, we validated our method
on the DTU Benchmark. The results are shown in the Table 7. We found that, even without special
parameter tuning, our method achieves results comparable to Neuralangelo and surpasses other
baseline methods.

H.3 Experimental Results on the Tanks and Temples Advance Subset

In this section, we present the individual results for each scene within the advanced subset of the Tanks
and Temples dataset, as shown in Table 6. Except for the Courtroom scene, our method significantly
outperforms comparative approaches in the other three large-scale indoor scenes, demonstrating the
effectiveness of our approach. We present a portion of the mesh for the museum data in Figure 16
and more results in Figure 17, highlighting our method’s significant capability in capturing details.

H.4 Comparison with TUVR
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F-score ↑ TUVR-Grid Ours
Barn 0.57 0.70

Caterpillar 0.25 0.36
Courthouse 0.11 0.21

Meetingroom 0.03 0.43
Truck 0.33 0.47

Ignatius 0.66 0.86
Mean 0.40 0.51

Table 8: Comparison with
TUVR on the Tanks and Tem-
ples training set.

Since TUVR is not open-source and only reports metrics on
the DTU dataset, we reproduced its unbiased SDF-to-density
technique and combined it with a hash grid to create the TUVR-
Grid method for comparison. Additionally, we compared our
results on the DTU dataset with the reported results in the paper
that did not use MVS priors (TUVR-MLP). The results are
shown in the table below.

The performance of TUVR is not ideal on all datasets because its
unbiased nature is not fully guaranteed, and it is also somewhat
affected by over-regularization.

24 37 40 55 63 65 69 83 97 105 106 110 114 118 122 Mean

C
D
↓ TUVR-MLP 0.72 0.77 0.67 0.37 0.93 0.58 0.61 1.23 1.15 0.65 0.56 1.08 0.34 0.45 0.47 0.71

TUVR-Grid 0.84 0.81 1.44 0.37 1.23 0.69 0.78 1.16 1.23 0.65 0.54 1.32 0.34 0.43 0.54 0.82
Ours 0.37 0.65 0.31 0.36 0.93 0.54 0.63 1.30 1.07 0.68 0.52 0.61 0.32 0.41 0.37 0.60

Table 9: Comparison with TUVR on the DTU Benchmark.

H.5 Image Reconstruction Comparison

While our design is primarily intended for surface reconstruction tasks, we have also compared the
results of NeuS and Neuralangelo using the image quality evaluation methods from Neuralangelo,
across different parameter scales.

PSNR NeuS Neuralangelo-22 Ours-19 Ours-22
Mean 24.58 27.24 26.90 27.67

Table 10: Image Reconstruction Results on the
Tanks and Temples training set.

As shown in Table 10, with fewer parame-
ters, our method (Ours-19) achieves image
reconstruction quality close to that of Neu-
ralangelo. With a larger number of param-
eters, our method (Ours-22) surpasses Neu-
ralangelo in terms of image reconstruction
quality.

H.6 More Ablation Study

We conducted additional ablation experiments on the Tanks and Temples training set and we included
two more cases to verify the role of Eikonal loss in maintaining the natural zero level set during the
first stage, as well as the impact of color condition on normals.

F-score ↑ A B C D E Full Model
Barn 0.70 0.58 0.68 0.54 0.56 0.70

Caterpillar 0.33 0.33 0.36 0.32 0.33 0.36
Courthouse 0.24 0.12 0.19 0.11 0.11 0.21

Meetingroom 0.37 0.29 0.38 0.35 0.21 0.43
Truck 0.46 0.39 0.47 0.42 0.43 0.47

Ignatius 0.81 0.79 0.86 0.77 0.78 0.86
Mean 0.49 0.42 0.49 0.42 0.40 0.51

Table 11: More ablation study on Tanks and Temples training
set.

The five cases are: A: Without the
local scale factor. B: Changing
the stage 1 estimated gradient to
the analytical gradient. C: With-
out explicit bias correction. D:
Without stage 1 Eikonal loss, but
with color conditioning on the es-
timated normal. E: Without stage
1 Eikonal loss, but with color con-
ditioning on the analytical normal.

The quantitive results are in Ta-
ble 11. The results from cases A, B, and C demonstrate the effectiveness of the techniques we
proposed. The results from cases D and E indicate the necessity of applying Eikonal loss during the
first stage.

I Limitation

Though NeuRodin has capabilities in reconstruction, it falls short in certain areas. Specifically, it
struggles to faithfully reconstruct the correct surface in areas that are textureless and less observed.
NeuRodin is also incapable of handling situations with strong ambiguity. Additionally, density is
not guaranteed to be unbiased, hence, bias will always exist though the SDF-to-density conversion.
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Figure 16: Recovered mesh of the Museum data from the Tanks and Temples dataset.

Figure 17: More results from the Tanks and Temples dataset.
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Lastly, the time taken for the reconstruction of large scenes is considerable, often requiring hours to
complete. This could prove to be inefficient in scenarios where time is of the essence.

J Societal Impact

Our model achieves high-fidelity 3D reconstruction. The societal impact of this development is
multifaceted. On one hand, it enables significant advancements in fields such as architecture and
augmented reality, improving professional practices and potentially benefiting the public by enhancing
the precision and interactivity of digital models. On the other hand, the increase in computational
power demands may lead to greater energy consumption, which poses environmental considerations.
Moreover, there could be privacy concerns if such technology is applied to reconstruct environments
from personal data without consent. Overall, while this technology presents opportunities for progress
and innovation, it also requires careful consideration of ethical and environmental implications.
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NeurIPS 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: Yes, the main claims made in the abstract and introduction accurately reflect
the paper’s contributions and scope.
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.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We have discussed the limitations in the supplementary material.
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: We present all implementation details in the supplementary material.
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 have released the code.
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 URLs 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 of training and testing have been outlined in the supplementary
material.
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.
7. 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: [No]
Justification: Completing the experiments required substantial utilization of graphics card
resources.
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).
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• 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 com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: We have provided sufficient information on the computer resources in the
supplementary material.
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).

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: The research conducted in the paper conforms fully 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).
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 potential negative societal impacts in our supplementary material.
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).

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: [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.

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 have cited all the datasets we have used.

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.

13. New Assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: Our paper does 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

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.

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: The 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.

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]
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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