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Figure 11: Reward in the lifelong Gym Control environments for CartPole-v1, Acrobot-v1, and
LunarLander-v2 with warmstarted TRAC PPO and warmstarted ADAM PPO. TRAC PPO still avoids
loss of plasticity and policy collapse.

Table 2: Cumulative sum of mean episode reward over all distributions for ADAM PPO warmstarted
and TRAC PPO warmstarted on Procgen, Atari, and Gym Control environments. Rewards are scaled
by 10°; higher is better.

Environment ADAM PPO TRAC PPO (Ours)

Starpilot 3.0 10.2
Dodgeball 1.2 2.5
Chaser 1.3 1.6
Fruitbot —0.4 0.6
CartPole 4.6 22.8
Acrobot —142.9 —114.5
LunarLander —190.7 —97.3
Atari6 16.7 72.2
Atari9 34.6 80.6

Mitigating plasticity loss across policy methods: Figure 12 demonstrates the performance of
various continual RL methods when paired with ADAM and TRAC optimizers. The results indicate
that when using ADAM, methods like IMPALA, Online EWC, CLEAR, and Modulating Masks
exhibit a noticeable decline in performance over time due to plasticity loss, particularly in later levels
of the Procgen environments. In contrast, pairing these methods with TRAC instead of ADAM leads
to significant improvements, mitigating plasticity loss and enhancing reward performance across
subsequent distribution shifts.

To quantify these improvements, Figures 13, 12 present the average normalized rewards over five
seeds and 120M timesteps for each method across four different Procgen environments: Starpilot,
Dodgeball, Chaser, and Fruitbot. Across all environments, methods that use TRAC outperform their
Adam-based counterparts, consistently maintaining higher rewards over time.

On average, across the Procgen environments, TRAC led to performance improvements over ADAM
by the following margins: 21.83% for IMPALA, 15.86% for Online EWC, 14.41% for CLEAR, and
10.14% for Modulating Masks.

General Applicability of TRAC: It is important to highlight that TRAC is orthogonal to the learning
or policy algorithms themselves. It can be seamlessly integrated into various reinforcement learning
architectures by simply replacing their optimizer (e.g., ADAM or RMSPROP). Our results demon-
strate that TRAC enhances performance across different algorithms and environments, consistently
outperforming ADAM in mitigating plasticity loss.

D Gravity Based Distribution Shifts

One method to introduce distribution changes in reinforcement learning environments is by altering
the dynamics Mendez et al. (2020), such as adjusting the gravity in the CartPole environment. In this
set of experiments, we manipulate the gravity by a magnitude of ten, randomly adding noise for one
distribution shift, and then inversely, dividing by ten and adding random noise for the next shift. This
process continues throughout the experiment.
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Figure 12: Performance comparison between Adam-based and TRAC-based continual RL methods
(IMPALA, Online EWC, CLEAR, Modulating Masks) in Starpilot. While ADAM suffers from
plasticity loss in later levels, TRAC effectively mitigates this and maintains better performance over
distribution shifts. For clarity, standard deviation fills are omitted here but included in the bar plot.
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Figure 13: Average normalized rewards over five seeds and 120M timesteps for Dodeball, Chaser, and
Fruitbot. Each method (IMPALA, Online EWC, CLEAR, and Modulating Masks) is evaluated using
both Adam and TRAC. TRAC consistently outperforms ADAM across all methods and environments,
with improvements ranging from 10% to 21%.

Our observations suggest that ADAM PPO is robust to such dynamics-based distribution shifts, as
shown in Figure 14. This indicates that while ADAM PPO implicitly models the dynamics of the
environment well—where changes in dynamics minimally impact performance—it struggles more
with adapting to out-of-distribution observations such as seen in the main experiments (Figure 6) and
in the warmstarting experiments (Figure 11).

E LayerNorm, Plasticity Injection, and Weight Decay

To evaluate TRAC alongside other methods that aim to mitigate plasticity loss, we compare it against
LayerNorm (Lyle et al., 2023), Plasticity Injection (Nikishin et al., 2024), and tuning weight decay
(Lyle et al., 2024).

As discussed in Section 5, we confirm that both layer normalization and plasticity injection (applied
at the start of every distribution shift) (Nikishin et al., 2024; Lyle et al., 2023) are effective in reducing
plasticity loss (Figure 15). While these methods help slow the decline in performance due to plasticity
loss, TRAC consistently outperforms them across the three Gym Control environments. Importantly,
because TRAC is an optimizer, it can be combined with layer normalization, and doing so resulted in
the best performance gains in our Control setups.
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Figure 14: Mean Episode Reward for ADAM PPO on CartPole-v1 with varying gravity. ADAM PPO
demonstrates robust policy recovery across most gravity-based distribution shifts.

Tuning weight decay: In addition to LayerNorm and Plasticity Injection, we also evaluated the
effects of tuning weight decay using PyTorch’s AdamW optimizer. We conducted a hyperparameter
sweep across three control environments with 15 seeds for each of the following weight decay values:
0.0001, 0.001, 0.01, 0.1, 1.0, 5.0, 10.0, 15.0, and 50.0. Figure 16 presents the average normalized
reward for each weight decay value over 15 seeds and 3000 timesteps, compared to TRAC.

The results indicate that while tuning weight decay with Adam does provide some benefit, these values
consistently underperform in comparison to TRAC across all three control environments. Figure 16
plots the performance of the best-performing weight decay value with Adam over 10 distribution
shifts in the control environments. We observe that weight decay values are highly sensitive to the
specific environment and the nature of the distribution shift.

Interestingly, in our initial experiments, we set the weight decay to zero, yet TRAC still outperformed
Adam with various weight decay values. This suggests that while weight decay can mitigate plasticity
loss to some extent, it does not match the overall effectiveness of TRAC.
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Figure 15: Performance comparison of plasticity loss mitigation techniques across Gym Control
environments. Both layer normalization and plasticity injection reduce plasticity loss when applied
with ADAM. TRAC outperforms both layer norm ADAM and plasticity injection ADAM, with the
combination of layer norm and TRAC achieving the highest performance.

F Scaling-Value Convergence

As discussed in the algorithm section (see Section 3), TRAC operates as a meta-algorithm on
top of a standard optimizer, denoted as BASE. The crucial component of TRAC involves the
dynamic adjustment of the scaling parameter S;1, managed by the tuner algorithm (Algorithm 2).
This parameter is data-dependent and typically ranges between [0,1]. The weight update 6;4
is consequently defined as a convex combination of the current optimizer’s weight 24SF and a
predetermined reference point O,s.

This section presents the convergence behavior of the scaling parameter S;;; across different
environments, analyzed through the mean values over multiple seeds.
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Figure 16: Effect of weight decay on performance in the three Gym Control environments. Bar plots
show the average normalized rewards over 25 seeds for different weight decay values using ADAM
across 3000 timesteps, compared to TRAC with no weight decay.
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Figure 17: Convergence of the scaling parameter S; in the Procgen environments.

The convergence of the scaling parameter Sy 1 observed across the Procgen and Gym Control envi-
ronments, as depicted in Figures 17 and 19, reflects a good scaling value that effectively determines
the strength of regularization towards the initialization points, yielding robust empirical outcomes in
lifelong RL settings. Interestingly, in Procgen environments, this converged scaling value exhibits
consistency across various games, typically hovering between 0.02 and 0.03, as shown in Figure 17.
In contrast, in the Gym Control environments, the scaling values are lower, ranging between 0.005
and 0.01, as illustrated in Figure 19.

G Comparison to MECHANIC

In our analysis, we extend the examination to other OCO-based optimizers within the lifelong RL
setup. Table 3 presents a comparative assessment of TRAC PPO and MECHANIC PPO (Cutkosky
et al., 2023) for the lifelong Gym Control tasks (with 300 seed runs). The p-values were calculated
using two-sample t-tests to test the hypothesis that the means between TRAC and MECHANIC are
the same (Null Hypothesis, H) against the alternative hypothesis that they are different (Alternative
Hypothesis, H;). The results indicate that while MECHANIC effectively mitigates plasticity loss and
adapts quickly to new distribution shifts, it slightly underperforms in comparison to TRAC.
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Figure 18: Evolution of the scaling parameter S; in the Atari environments. Here we don’t see a
meaningful convergence of Sy .
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Figure 19: Convergence of the scaling parameter .Sy in the Gym Control environments.

H Experimental Setup

Procgen and Atari Vision backbone For both the Atari and Procgen experiments, the Impala
architecture was used as the vision backbone. The Impala model had 3 Impala blocks, each containing
a convolutional layer followed by 2 residual blocks. The output of this is flattened and connected to a
fully connected layer. The impala model parameters are initialized using Xavier uniform initialization.

Policy and Value Networks Across all experiments—including Gym Control, Atari, and Proc-
gen—the policy and value functions are implemented using a multi-layer perceptron (MLP) architec-
ture. This architecture processes the input features into action probabilities and state value estimates.
The MLP comprises several fully connected layers activated by ReLLU. The output from the final
layer uses a softmax activation.

TRAC TRAC, for all experiments, was implemented using the same experiment-specific baseline
architectures and baseline optimizer. For the Procgen and Atari experiments, the base ADAM
optimizer was configured as the same as baseline, with a learning rate of 0.001, and for the Gym
Control experiments, a learning rate of 0.01 was used. Both learning rates were tested for all
experiments and found to have negligible differences in performance outcomes. Other than the
learning rate, we use the default ADAM parameters, including weight decay and betas, followed by
the specifications outlined in the PyTorch Documentation.’

The setup for TRAC included S values for adaptive gradient adjustments: 0.9, 0.99, 0.999, 0.9999,
0.99999, and 0.999999. Both S, and € were initially set to (1 x 10~8). Modifications were made
to a PyTorch error function library, which accepts complex inputs to accommodate the necessary
computations for the imaginary error function. This library can be found at Torch Erf GitHub.°

Distribution Shifts In the Atari experiments, game environments were switched every 4 million
steps. The sequence for games with an action space of 6 included “BasicMath”, “Qbert”, “Spaceln-
vaders”, “UpNDown”, “Galaxian”, “Bowling”, “Demonattack”, “NameThisGame”, while games with
an action space of 9 included “LostLuggage”, “VideoPinball”, “BeamRider”, “Asterix”, “Enduro”,

“CrazyClimber”, “MsPacman”, “Koolaid”.

Shttps://pytorch.org/docs/stable/generated/torch.optim. Adam.html
6https ://github.com/redsnic/torch_erf
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Table 3: Performance comparison between TRAC and MECHANIC across three Gym Control envi-
ronments. The mean, standard error, and p-values reflect the performance over multiple runs, with
bolded values highlighting TRAC’s superior results.

Task Method Mean | Std Error | p-value

LunarLander-v2 | TRAC 0.6018 0.0036 0.0000
Mechanic | 0.5755 0.0027

CartPole-v1 TRAC 0.3518 0.0244 0.0021
Mechanic | 0.3008 0.0230

Acrobot-v1 TRAC 0.7044 0.0221 0.0000
Mechanic | 0.6396 0.0239

Table 4: PPO Parameters for Atari, Procgen, and Gym Control Experiments

Parameter Atari Procgen Control

Steps per update 2,000 1,000 800 (2 episodes with 400 steps)
Batch size 250 125 32

Epochs per update 3 3 5

Epsilon clip for PPO 0.2 0.2 0.2

Value coefficient 0.5 0.5 0.5

Entropy coefficient 0.01 0.01 0.01

Base Optimizer ApAM (LR: 0.001) | ADAM (LR: 0.001) ADAM (LR: 0.01)
Architecture Impala + MLP Impala + MLP MLP

For Procgen experiments, individual game levels were sampled using a seed value as the start_level
parameter, which was incremented sequentially to generate new levels. Each new environment was
introduced every 2 million steps.

In the Gym Control experiments, each observation dimension was randomly perturbed by a value
ranging from O to 2. This perturbation was constant for 200 timesteps, after which a new perturbation
was applied, effectively switching the environmental conditions every 200 steps.

Statistical Significance The Procgen and Atari experiments were conducted with 8 seeds/runs,
while the Gym Control experiments utilized 25 seeds/runs (with the exception of the Mechanic
experiments in Table 3 which utilized 300 seeds). The exception was in the Lo initialization
experiments, which used 15 seeds/runs per regularization strength. In Figures 4, 5, 6, 7, 9, 10, 11,
15, 12, 14, the plotted lines represent the mean of all of the mean episode rewards from the different
seeds/runs, and the shaded error bands indicate the standard deviation of all of the mean episode
rewards from the different seeds/runs.

Compute Resources For the Procgen and Atari experiments, each was allocated a single A100
GPU, typically running for 3-4 days to complete. The Gym Control experiments were conducted
using dual-core CPUs, generally concluding within a few hours. In both scenarios, an allocation of
8GB of RAM was sufficient to meet the computational demands.
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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: As said in our abstract, we offer a parameter-free optimizer that performs well
in empirical lifelong RL environments.

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 a limitations paragraph in our discussion section (5).
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: We do not provide a novel theoretical result.
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 include a comprehensive experimental setup section in our Appendix (H).
We also provide a code submission.

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 provide a python jupyter notebook in our supplementary material to walk
through how to setup and reproduce the results for the computationally less expensive
experiments (which have a similar setup to the computationally expensive experiments).

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: The full experimental details can be found in H and in the code submission in
our supplementary materials.

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: [Yes]

Justification: Our reward plots include standard deviation error bars around the curves. We
detail this in the experimental setup section of our Appendix (H).

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).
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8.

10.

* 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.

e 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.

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: Full details of our copmute for each experiment can be found in our H.
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: We follow the NeurIPS Code of Ethics in every manner.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

o 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: Not applicable.
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: Not applicable.
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: [NA] .
Justification: We dot use existing assets.
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: Not applicable.
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: Not applicable.
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: Not applicable.
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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