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Abstract

With high-dimensional state spaces, visual reinforcement learning (RL) faces
significant challenges in exploitation and exploration, resulting in low sample
efficiency and training stability. As a time-efficient diffusion model, although
consistency models have been validated in online state-based RL, it is still an open
question whether it can be extended to visual RL. In this paper, we investigate the
impact of non-stationary distribution and the actor-critic framework on consistency
policy in online RL, and find that consistency policy was unstable during the
training, especially in visual RL with the high-dimensional state space. To this end,
we suggest sample-based entropy regularization to stabilize the policy training, and
propose a consistency policy with prioritized proximal experience regularization
(CP3ER) to improve sample efficiency. CP3ER achieves new state-of-the-art
(SOTA) performance in 21 tasks across DeepMind control suite and Meta-world. To
the best of our knowledge, CP3ER is the first method to apply diffusion/consistency
models to visual RL and demonstrates the potential of consistency models in visual
RL. Our project page is hosted at https://jzndd.github.io/CP3ER-Page/|

1 Introduction

RL has achieved remarkable results in many fields, such as video games [[1]], Go [2]], Chess [3\ 4] and
robotics [5H8]. Since it is hard to parameterize the complex policy distribution over high-dimensional
state and continuous action spaces, the performance and stability of visual RL are still unsatisfactory.
As the most common policy distribution, Gaussian distribution is easy to sample, but its unimodal
nature limits the expressiveness to represent complex behaviors [9]. While complex distributions have
the rich, expressive power to improve the exploration ability [10], the difficulty of sampling makes it
hard to apply to online RL directly. Parameterizing the complex policy distribution to balance ease of
sampling and expressiveness is a bottleneck to improving the efficiency of visual RL.

As an emerging generation model, the diffusion model [11] stands out in fields such as image
generation [[12-14]] and video generation [[15}[16] with its ability to model complex distributions and
ease of sampling characteristics. These properties have also been explored for learning a complex
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policy [17]. For example, diffusion models are used to imitat e the diverse expert policies [18}[19]
or trajectories [20H23]] in datasets. In addition, due to their excellent expressive and data generation
abilities, diffusion models are often employed to address policy constraints [24526] and data scarcity
(21,127, 128] in offline RL. Most of these applications are limited to offline learning due to the demand
for pre-collected datasets to train diffusion models.

Applying diffusion models in online RL will face different problems than offline RL. Firstly, unlike
pre-collected data in offline RL, the data distribution in online RL is non-stationary [29], and it is
currently unclear whether this change will impact training diffusion models. Secondly, since the
optimal policy distribution is unknown, samples from this distribution are inaccessible, resulting in
the ill-posed traditional score matching problem [30]. In addition, the time-inefficiency of diffusion
models [31] will become more prominent with a large number of online interactions, leading to
unacceptable time costs for online learning. As an efficient diffusion model, the consistency model
[32] directly establishes a mapping from noise to denoised data, which is employed for online RL and
achieves time efficiency and better performance [33[34]. These methods simply replace the Gaussian
model in the actor-critic framework with the consistency model and train consistency policy with
the Q-loss. Although they achieve competitive performance in state-based RL tasks, this training
method is incompatible with traditional score matching for diffusion models. Therefore, the question
is whether this training framework is suitable for consistency model-based policy training, especially
for visual RL tasks with high-dimensional state spaces.

In this paper, we investigate the impact of non-stationary dataset and the actor-critic framework
on consistency policy. By analyzing the dormant ratio [29] of the policy network, we find that the
non-stationary of training data is not the main factor affecting the instability of consistency policy,
while the Q-loss in the actor-critic framework leads to a sharp increase in the dormant ratio of the
policy network, resulting in the loss of complex expression ability, which is particularly significant
in visual RL tasks. To address the above issues, we suggest sample-based entropy regularization to
stabilize the policy training and propose the prioritized proximal experience regularization, which uses
weighted sampling to construct an appropriate proxy policy for policy regularization and achieves
sample-efficiency consistency policy. Overall, our contributions are as follows:

* We investigate the impact of non-stationary distribution and actor-critic framework on
consistency policy in online RL, and find that the Q-loss of the actor-critic framework can
impair the expressive ability of the consistency model, leading to unstable policy training.
This phenomenon is particularly significant in visual RL tasks.

* We suggest sample-based entropy regularization and propose a consistency policy with
prioritized proximal experience regularization (CP3ER) which significantly enhances the
stability of policy training with the Q-loss under the actor-critic framework.

¢ Qur proposed method performs new SOTA in 21 visual control tasks, including DeepMind
control suite and Meta-world tasks. To our knowledge, our proposed CP3ER is the first
method to apply diffusion/consistency models to visual RL.

2 Related Work

2.1 Diffusion Model in Reinforcement Learning

Due to its high-quality sample generation ability and training stability, diffusion models [11] have been
widely applied in fields such as image generation, video generation, and natural language processing
and have also been promoted in RL. Since the diffusion model can represent complex distribution
in datasets, it is commonly used in offline RL to model behavior policies [18} 25} 135]] or expected
policies [34}136H38] to meet the requirements of diversity policy constraints and achieve a balance
between constraint and exploitation. The diffusion model can also model trajectory distribution
[205,139,140], achieving specified trajectory generation under different guidance. In addition, diffusion
models are also employed to generate data to augment limited training data [27} 28]].

Although diffusion models have been widely applied in offline learning, using diffusion models in
online learning remains a challenging problem. [41] proposes the concept of action gradient, which
uses a value function to estimate the gradient of actions and updates the actions in the replay buffer.
The diffusion model-based policy is trained based on the updated actions. [42] employs a diffusion
model as the world model to generate complete rollouts at once instead of auto-regressive generation.
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[30] introduces the Q-score matching (QSM), which iteratively matches the parameterized score of a
policy with the action gradient of its Q-function. Considering the low inference efficiency and long
training time of diffusion models in RL training, [33]] and [34] use consistency models instead of
diffusion models and implement policy training under the actor-critic framework, achieving excellent
performance in continuous control tasks.

2.2 Visual Reinforcement Learning

Compared to state-based RL, visual RL is faced with high-dimensional state space and continuous
action space and is sensitive to training parameters and random seeds, which leads to unstable training
and sample inefficiency. Image data augmentation [43-45] is a common technique to alleviate the
above problems. In addition, auxilliary losses are usually combined to improve the efficiency of state
representation learning from the image, such as contrastive learning loss [46]], state representation
loss [47, /48], action and state representation loss [49], and self-supervised loss [50]. Recent works
have focused on enhancing the stability of visual RL from a micro perspective of neural networks. For
example, [51] proposes the visual dead trial phenomenon and introduces an adaptive regularization
method for convolutional features. [52]] proposes the concept of dormant neuron phenomenon to
explain the behavior of the policy network during RL training. [S3] controls the dormant ratio of the
policy network during training so that it achieves the SOTA performance on multiple tasks.

3 Preliminary

3.1 Reinforcement Learning

Online RL solves sequential decision problems, typically modeled through Markov Decision Pro-
cesses (MDP). MDP is represented by 6 tuples (S, A, R, T, po,7). Here, S is the state space, A is the
action space, R and T represent the reward function and state transition function of the environment,
respectively. pg is the initial distribution of the state, and ~ is the discount factor. In visual RL, it
is difficult for agents to directly obtain the state s; from the image o, € O, where O is observation
space. Therefore, an image encoder f(-) is usually required, and the state is estimated from the image
through this encoder. The goal of the agent is to learn an optimal policy 7* and the corresponding
encoder f* to maximize the expected cumulative reward E () [Ztoio ~*r;] under that policy.

3.2 Consistency Policy

The consistency model [32] is a new diffusion model proposed to address the time inefficiency
caused by hundreds of reverse diffusion steps in diffusion models. It replaces the iterative denoising
process with learned score functions in traditional diffusion models by constructing a mapping
between noise and denoised samples, and directly maps any point on the probability flow ordinary
differential equation (ODE) trajectory to the original data in the reverse diffusion process. Thus,
it only requires a small number of steps or even one step to achieve the generation from noise to
denoised data. Consistency policy [33l 34] is a new policy representation under the actor-critic
framework, which replaces traditional Gaussian models with the consistency model and updates the
policy by maximizing the state-action value. Consistency policy is defined as

mo(arlst) = Cskip(Tr)ar® + cout (Ti) Fo(ark, m|s¢) (1)

where {71 |k € [IN]} a sub-sequence of time points on the time period [, K] with 7y = eand 7y = K.
a;" is the noised action and a;* = a; + 7.z where z ~ N(0, I) is Gaussian noise. Fy is a trainable
network that takes the state s; as a condition and outputs an action of the same dimension as the
input af. Cskip(+) and coy(+) are differentiable functions such that cgp;p(€) = 1 and cout(€) = 0 to
ensure consistency policy is differentiable at 75, = €. € is a real number close to 0. To train this policy,
[33] directly applies the above policy to the actor-critic framework and updates the policy using the
following the Q-loss, which is named Consistency-AC.

‘Ca(e) = _IESgNB7CLtNTI'9 [Q(b(sl‘n at)] 2)

where B is the replay buffer and )4 is the state-action value function. Compared to diffusion-based
policies, consistency policy have significant advantages in inference speed and performance in online
learning tasks [33]].
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3.3 Dormant Ratio of Neural Networks

The expressive ability is crucial for training the policy with RL. [29] proposes the concept of dormant
ratio 3,., which quantifies the expression ability of a neural network by calculating the proportion of
dormant neurons in the neural networks.

1

— Zl H T

2N

where N! represents the number of neurons in the I-th layer. H' is the number of neurons in the I-th
layer whose score s! is less than 7. The score of each neuron is calculated as follows:
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Here hl(-) is the activation function of the i-th neuron in the [-th layer. D is the distribution of the
input x. In the following sections of this paper, we use the dormant ratio to evaluate the expression
ability of consistency policy during the training.

As introduced in [29], the dormant ratio of a neural network indicates the proportion of inactive
neurons and is typically used to measure the activity of the network. A higher dormant ratio implies
fewer active neurons in the network, implying the network’s capacity and expressiveness are damaged.
In RL, the episode return is closely related to the dormant ratio of the policy network. A higher
dormant ratio results in more lazy action outputs, inactive agent behavior, and lower episode returns;
conversely, when policy performance is good, the policy network is usually more active, and the
dormant ratio is typically lower. This phenomenon has been reported in [29, 53H55]].

4 Is Consistency-AC Applicable to Visual RL?

Does the non-stationary distribution in online RL affect the train-

ing of consistency models? Unlike offline RL, online RL does not

have pre-collected datasets. The data distribution for training the o Halfcheetah
policy is constantly changing with policy improvement. So, whether 0
this non-stationarity distribution affects the training of consistency
models is a question that needs to be explored. In order to investigate
the impact of non-stationarity of data for consistency model training, o

we record the dormant ratio of the policy network during consis- o (\ w
tency model training under two different settings: online training wl T

and offline training. We employ two tasks (MuJoCo Halfcheetah and T ™ Gradient Steps
MuJoCo Walker2d) and conduct 4 random seeds for each setting. In

setting and train the consistency model with consistency loss [32] o offine
using data from offline datasets or online replay buffers. The distribu-

The results are shown in Figure[I] Although there is a difference in f \/"
the dormant ratios between online and offline learning settings in the

this difference is caused by the diversity of the samples included in Gradient Steps

the dataset. For the Walker2d task, the dormant ratios are nearly the Figure 1: The dormant ratios
non-stationary distribution of online RL does not significantly affect and offline training.

the consistency model training.

—— online
offline

Dormant Ratio

Walker2d

Dormant Ratio

°

order to eliminate the impact of Q-loss, we follow the behavior clone oo e
tion of the data in the replay buffer varies with policy improvement.

Halfcheetah task, the overall trend is the same. We speculate that Y T
same under two different settings. Therefore, we can infer that the of the policy under the online

Is the actor-critic framework suitable for training consistency policy? The actor-critic frame-
work is a highly effective policy training framework for online RL, in which the policy network
achieves policy improvement by maximizing the value function. Some works [33}|34]] directly apply
consistency models to this framework. Although they achieve good results in RL tasks with low
dimensional state spaces, whether the actor-critic training framework is compatible with consistency
model training remains a question that needs further investigation. To evaluate the impact of the
actor-critic framework on the training of consistency models, we compare the dormant ratios of policy
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Figure 2: The dormant ratios of the policy networks with different losses and observations.

networks under the consistency loss and Q-loss settings under the actor-critic framework. The results
are shown in (a) and (b) of Figure 2] the solid line shows the dormant ratio of the policy while the
dashed line shows the performance of the policy. When training the policy with the consistency loss,
the dormant ratios of the network show a trend of first decreasing and then increasing. This means
that the policy learns the distribution from the data and then overfits the distribution. When training
the policy with the Q-loss, the dormant ratio of the policy network will rapidly increase and maintain
a high value, which means that the policy network will quickly fall into local optima, making the
policy no longer change. In addition, we can also see that when using the Q-loss, the variance of the
dormant ratios is relatively large under different random seeds. When the dormant ratio is low, the
policy network can iterate properly to learn good policy. Therefore, we can determine that the Q-loss
under the actor-critic framework will destabilize the consistency policy training.

Will high-dimensional state space exacerbate the degradation phenomenon of consistency
policy? Compared to RL with low dimensional state space, training stability in visual RL is still a
challenge. In order to investigate whether the degradation phenomenon of consistency policy will
become more significant under visual RL tasks, we compare the dormant ratios of the policy networks
with the state as input and image as input on 2 tasks (Walker-walk and Cheetah-run in DeepMind
control suite) under the setting of online learning. During the training process, only the Q-loss was
used. To maintain consistency in the settings, we only count the dormant ratio of the multilayer
perceptron (MLP) of the policy newtork in the image-based settings. The results are shown in (c)
and (d) of Figure[2] Similar to using the state as input, in visual RL with the image as input, most of
the neurons in the MLP of the policy network go dormant. Unlike the high variance of the former,
the dormant ratios of consistency policy network in visual RL maintain a low variance and a high
value. This indicates that there have been almost no successful trials under different random seeds.
Therefore, we can infer that visual RL will exacerbate the instability of consistency policy training
caused by the Q-loss under the actor-critic framework.

5 Consistency Policy with Prioritized Proximal Experience Regularization

Consistency Policy with Entropy Regularization. To solve the problem of consistency policy
quickly falling into local optima under the influence of the Q-loss, we introduce policy regularization
to stabilize policy improvement. Here, we employ entropy regularization to constrain policy behavior.
The objective of RL is:

J(0) = Es,~B,a;~mo [Z V756 ar)] = NEsynB,a o, [l0g To(arst)] ®)
t=0

where g is the proxy distribution required for policy regularization. Entropy regularization is a
commonly method for stabilizing policy training in RL. When 7g is a uniform distribution, the
above objective is equal to maximum entropy RL, which maximizes the entropy of the policy while
optimizing the return. The prerequisite for this method is to obtain the closed form of the policy
distribution to calculate its entropy. However, for diffusion models or consistency models, obtaining
the closed form of the policy distribution is very difficult. Thanks to the development of generative
models, we can use score matching instead of solving analytic entropy in entropy regularization RL,
thus achieving sample-based policy regularization. Therefore, the training loss of consistency policy
with the entropy regularization is:

L6(0) = =Esinb a0y [Qo (51, )] + 1L (6) (©)
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where L. is consistency loss defined by following:

Le(0) = Errt(1,N-1),5.~B,asr s, (0,1 A7) (0 (51, 03" Togr), mg(se, ai*, 1)) (7)

Here A(-) is a step-dependent weight function, d(-, -) is a distance metric. Since there is no need
to obtain the closed form of the proxy distribution, only the data under that distribution needs to
be obtained, making the selection of proxy distribution flexible. The remaining question is how to
construct a suitable proxy distribution 7g.

Prioritized Proximal Experience Regularization. When the proxy distribution is uniform, this
method approximates the maximum entropy consistency policy (MaxEnt CP). It should be noted that
the difference between the proxy distribution and the optimal policy distribution can lead to difficulty
in optimizing the above objectives. When the proxy distribution is far from the optimal policy or the
proxy distribution is complex, the above optimization objectives require more samples to converge to
better results. To better balance training stability and sample efficiency, we propose the prioritized
proximal experience regularization (PPER). Specifically, when sampling data from the replay buffer,
we design sampling weight /3 for each data instead of sampling the data uniformly.

1
= (®)
1+ exp (2a — a%)

where « is the hyperparameter and At is the interval between the sample generation step and the
current step. | B is the capacity of the replay buffer. The curves with different « are shown in Figure
[3](b). In the above settings, data closer to the current step will be sampled with a higher probability,
while data farther away will have a lower probability. We refer to the above sampling method as a
prioritized proximal experience (PPE).

For policy evaluation, we suggest a distributional value function instead of a deterministic value
function to ensure the stability and accuracy of the value estimation. Precisely, we follow [56] and
use a mixture of Gaussian (MoG) to model the distribution of the state-action value. When MoG is
employed for value distribution, the following loss is used to update Q-function.

M
1 ,
L0(68) = ~E(svsseinbarsl 37 2108 257" (rels,a0) + 720, where

=1

{Z; N Zé31+17(l1,+1)

agy1 ~ To(Se41)
&)
where Z(;S”’a") is the estimated value distribution. According to the equation @), we need to sample
M target Q-values z; and update the value distribution. Different from [56], we sample only one
next action a4 instead of multiple actions to reduce the time cost and find that this simplification
can achieve good experiment results. Considering the simplicity and efficiency of DrQ-v2 [57]], our
proposed consistency policy with prioritized proximal experience regularization (CP3ER) is built
based on DrQ-v2. The framework is shown as Figure (3| (a). We sample the data from the replay
buffer, and augment the image with the techniques in DrQ-v2. Thanks to the natural randomness of
the action from consistency policy, our method no longer requires additional exploration strategies.
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In addition, we only used a single Q-network to estimate the mean and variance of the mixture of
Gaussian instead of double Q-network. We consider prioritized proximal experience regularization
when updating consistency policy and used equation (9) when training the Q-network, which differs
from DrQ-v2. The complete algorithm is included in the appendix [B.1]

6 Experiments

In this section, we evaluate the proposed method from the following aspects: 1) Does CP3ER have
performance advantages compared to current SOTA methods? 2) Can policy regularization improve
the behavior of the policy? 3) What is the impact of different modules on the performance?

6.1 Visual Continuous Control Tasks

Environment Setup. We evaluate the methods on 21 visual control tasks from DeepMind control
suite [58] and Meta-world [59]. We split these tasks into three domains, including 8 medium-level
tasks in the DeepMind control suite, 7 hard-level tasks in the DeepMind control suite, and 6 tasks in
the Meta-world. The details of each domain are included in the appendix [C]

Baselines. We compare current advanced model-free visual RL methods, including DrQ-v2 [57]],
ALIX [60] and TACO [61]]. The more detailed results are shown in the appendix E}

6.1.1 Does CP3ER have performance advantages compared to current SOTA methods?

Medium-level tasks in DeepMind control suite. We evaluate CP3ER on 8 medium-level tasks [57]]
in DeepMind control suite. The results are shown in Figure[d] From the left part of Figure[4] it can be
seen that compared to the current SOTA methods, our proposed CP3ER has achieved better sample
efficiency. It should be noted that TACO uses auxiliary losses of action and state representation
during training to improve sample efficiency. Moreover, our proposed CP3ER uses no additional
losses or exploration strategies. On the right part of Figure ] we compare the mean, Interquartile
Mean (IQM), median, and optimal gap of these methods. CP3ER has significant advantages in all
metrics and has more minor variance. This means that CP3ER has better training stability.

- o0 Mean QM
= ALIX DrQ-v2 [ |
TACO
4 CP3ER ALIX [ ]
£o0s8 TACO
3 CP3ER ] ]
Q0.6 0.7 08 09 0.72 0.80 0.88 0.96
N Normalized Score
©
Eo4a
§ Median Optimal_gap
202 DrQ-v2 Im— [ |
(=4 ALIX . L
0.0 / TACO
’ CP3ER I L}
0.0 0.5 1.0 1.5 2.0

Number of Steps (in millions)

0.7 0.8 09 01 02 03

Normalized Score
Figure 4: Results on medium-level tasks in DeepMind control suite with 5 random seeds.

Hard-level tasks in DeepMind control suite. We also evaluate CP3ER on 7 challenging tasks
[53}157] in the DeepMind control suite. It should be noted that all tasks here only train 5M frames,
rather than the commonly used 30M frames in other work[53| [57]]. This means it is a very hard
challenge. From the results on the left part of Figure[3] it can be seen that most methods have yet
to learn effective policy within SM frames. Our proposed CP3ER surpasses the performance of all
methods without relying on any additional loss or exploration strategies. Moreover, it has significant
advantages on all metrics including mean, IQM, median, and optimal gap.

Meta-world. We also evaluated the methods on 6 complex tasks in the Meta-world. The results are
shown in Figure @ We record the success rates of the tasks, and all results are based on the success
rates. Compared to other methods, CP3ER can quickly learn effective manipulation policy, and the
success rate can reach nearly 100% in all tasks within 2M steps. By comparing the mean, IQM,
median, and optimal gap of the success rates, CP3ER has a significant performance advantage with
minimal variance.
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Figure 6: Results on Meta-world tasks with 5 random seeds.
6.2 Ablation Study

6.2.1 Can policy regularization improve the behavior of the policy during training?

Action distribution analysis with toy example. In order to further explore the impact of policy
regularization on the training, we borrow the 1D continuous bandit problem [9] to analyze the policy
behavior. The green curve in Figure[7] (a) shows the reward function. Within a narrow range of
actions, the agent receives higher rewards, while within a broader range, the agent can only receive
suboptimal rewards. Therefore, the policy needs strong exploration ability to achieve the highest
return. We compare Gaussian policy with entropy regularization (MaxEnt GP), Consistency-AC[33]
and consistency policy with entropy regularization (MaxEnt CP), and record the action distribution
during the training. As shown in Figure[7} Consistency-AC quickly converges to the local optimal
value with the Q-loss. Policy regularization ensures the diversity of action distribution during
consistency policy training, preventing the policy from falling into local optima too early. Moreover,
consistency policy has robust exploration compared to the Gaussian policy and achieves higher

returns.
<
]
Y
@
o
1.0
g
3 0.8
g
3 c0.6
< 2
3 20.4 v
z 0.2 —— MaxEnt GP
g —— MaxEnt CP
g 0.0 —— Consistency-AC
o
© 0 1000 2000 3000 4000 5000 6000

Number of Steps

(a) Action distribution of the different policies (b) Returns of the policies

Figure 7: Results on the toy example. Left part is action distributions during training, while right is
returns of different policies.
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Dormant ratio analysis. We have shown that the Q-loss can rapidly increase the dormant ratio of the
consistency policy network, leading to a loss of policy diversity. In order to analyze whether entropy
regularization can alleviate the phenomenon, we record the dormant ratios of the policy networks
during the training in 3 tasks. The results are shown in Figure[8] Compared to the rapid increase in
the dormant rate in Consistency-AC, CP3ER has a lower dormant ratio, which means that entropy
regularization can effectively reduce the dormant ratios of consistency policy.

08 - - 1000
— Consistency-AC DR ~~ Consistency-AC 08
— cp3ERDR - cP3eR

onsistency-AC DR —~ Consistency-AC
P3ER DR —— cPaER

—
—
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2
g

Dormant Ratio

Average Return
Dormant Ratio
Average Return
Average Return

200

A
1Y A - —yss,

B o e AR VN SN Y

0.0] lmsd A o 0.0 R
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(a) Acrobot-swingup (b) Reacher-hard (c) Dog-stand

Figure 8: Dormant ratios of the policy networks on different tasks with 5 random seeds.

6.2.2 What is the impact of different modules on the performance?

We conduct ablation studies in 2 tasks to evaluate the contribution of each module in the proposed
method. In addition, to analyze the impact of proxy distribution for policy regularization on per-
formance, we also compare several candidates, including uniform distribution or behavioral policy
in the replay buffer. The results are shown in Figure[9] It is noticeable that policy regularization
is crucial for consistency policy. Without policy regularization, consistency policy (CP3ER w/o
PPER) makes it difficult to learn meaningful behavior in the tasks. The proxy distribution also has an
impact on the performance. Using uniform distribution to regularize policies can make the policy
(CP3ER w. MaxEnt) improvement difficult, resulting in low sample efficiency. Compared to using
behavior distribution in the replay buffer (CP3ER w. URB), the policy (CP3ER) obtained through
prioritized proximal experience sampling has a closer distribution to the current policy, making
policy optimization easier and resulting in higher sample efficiency. In addition, we find that the
performance of CP3ER is significantly better than the baseline (DrQ-v2), indicating that the feasible
usage of consistency policy can help solve visual RL tasks.

1000
500
800
€ 400 c
3 g 600
@ 300 @
g 2
o © 400
q>,g 200 = DrQ-v2 q>’ —— DrQ-v2
< —— CP3ER wlo PPER < —— CP3ER wlo PPER
100 —— CP3ER w. MaxEnt 200 —— CP3ER w. MaxEnt
—— CP3ERw. URB —— CP3ERw. URB
0 —— CP3ER - 0 — CP3ER L
0K 500K ™ ™ 2M 0K 500K ™ ™ 2M
TotalEnvinteracts TotalEnvinteracts
(a) Acrobot-swingup (b) Reacher-hard

Figure 9: Results of ablation study on 2 visual control tasks with 4 random seeds.

7 Conclusion

In this paper, we analyze the problems faced by extending consistency policy to visual RL under the
actor-critic framework and discover the phenomenon of the collapse of consistency policy during
training under the actor-critic framework by analyzing the dormant ratio of the neural networks. To
address this issue, we propose a consistency policy with prioritized proximal experience regularization
(CP3ER) that effectively alleviates the training collapse problem of consistency policy. The method is
evaluated on 21 visual control tasks and shows significantly better sample efficiency and performance
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than the current SOTA methods. It is worth mentioning that, to the best of our knowledge, our
proposed CP3ER is the first method to apply diffusion/consistency models to visual RL tasks.

Our experimental results show that the consistency policy benefits from its expressive ability and
ease of sampling, effectively balancing exploration and exploitation in RL with high-dimensional
state space and continuous action space. It achieves significant performance advantages without
any auxiliary loss and additional exploration strategies. We believe that consistency policy will play
an essential role in visual RL. There are still some issues worth exploring in future work. Firstly,
auxiliary losses for representation in current visual RL have the potential to improve the performance
of consistency policy. Secondly, the diversity of behavior in consistency policy is crucial for RL
exploration. This paper only discusses the stability of policy training and does not analyze the
diversity of behavior during training, which will help improve the exploration performance of policies.
In addition, consistency policy under the on-policy framework is also a direction worth exploring.
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A More Results on Dormant Ratios

To demonstrate the phenomenon of policy degradation in Consistency-AC, we conduct experiments
with different settings on more tasks and analyze the effect on the dormant ratio. For analyzing the
impact of non-stationary data distribution on consistency model training in online RL, we employ 3
classic tasks from D4RL. The results are shown in Figure[T0} It can be seen that the non-stationary
distribution caused by online training does not significantly affect the dormant ratio of the policy

network.
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Figure 10: The dormant ratios of the policy under the online and offline training. All results are
averaged over 4 random seeds, and the shaded region stands for standard deviation across different
random seeds.

For analyzing the impact of the loss function and high-dimensional state input on the consistency
policy, we conduct experiments on 5 tasks separately. Among them, the results of 2 tasks are presented
in the main part, and the results of the remaining 3 tasks are shown here.

Figure[TT]| shows the impact of different loss functions on the performance and the dormant ratio of
consistency policy. Compared to SAC policy, consistency policy with Q-loss achieves the higher
dormant ratio and the worse performance. Especially on the Finger-turn-hard task, the policy under
the Consistency-AC framework hardly learn any meaningful behavior, and the dormant ratios remain
at a high value. Figure [I2] shows the impact of different observation inputs on Consistency-AC.
Compared to state-based settings, image-based policy is more difficult to learn meaningful behavior,
and its dormant ratio also maintains a higher value.
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Figure 11: The dormant ratios of the policy with different training loss. All results are averaged over
4 random seeds, and the shaded region stands for standard deviation across different random seeds.

B Implementation Details

In this paper, we propose Consistency Policy with Prioritized Proximal Experience Regularization
(CP3ER), which is built on the basis of DrQ-v2 and its framework is shown in Figure[I3] Compared
to DrQ-v2, its difference lies in the use of Prioritized Proximal Experience (PPE) when sampling
data from the replay buffer, and the use of consistency policy instead of Gaussian policy in the
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Figure 12: The dormant ratios of the policy with different observations. All results are averaged over
4 random seeds, and the shaded region stands for standard deviation across different random seeds.

actor. In addition, it employs a mixture of Gaussians to model the value distribution rather than the
deterministic double Q-networks in DrQ-v2.

DrQ-v2

Environment

Replay
Buffer

Critic Actor
PPE Augmentation Mixture of Consistency
(00,@, 70, 0441) g Gaussian Policy
1

CP3ER

(b) CP3ER
Figure 13: Comparison between DrQ-v2 and CP3ER.

B.1 Procedure of the proposed algorithm
We have demonstrated the complete procedure of CP3ER in Algorithm|T] [2]and 3]

B.2 Hyperparameters

We present a summary of all the hyperparameters for CP3ER in Table[I] where DMC is the abbre-
viation of DeepMind control suite. It is worth noting that for tasks in different domains, only the
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Algorithm 1 Algorithm of CP3ER
Input:
fe, ™o, Qo parametric networks for encoder, policy and Q-function respectively.
aug: random shifts image augmentation.
T, B, a, T: training steps, mini-batch size, learning rate, target update rate.
Training routine:
for each timestep t = 1..7" do
at <+ mo(fe(or))
otr1 ~ P(-|og, ar)
B+ BU (Ot7 ag, R(Ot, (It), Ot+1)
(0t,a¢,r4,0141) ~ B with PPE sampling method
UPDATECRITIC(0¢, Gt, T, Ot+1)
UPDATEACTOR(0¢, at)
end for

Algorithm 2 Training critic

procedure UPDATECRITIC(0y, Gy, T¢, Op41)
his hivr < fe(aug(or)), fe(aug(ois1))
a1 (0141
Compute L,(¢) using Equation (9)
& —aVelye(d)
¢ ¢ —aVyLye(d)
p—(1-—T1)p+ 70

end procedure

learning rate and feature dimension are different, while other parameters are the same for all tasks.
The parameters of our proposed method are not task-sensitive, which helps it be applied to a wider
range of visual control tasks without the need for fine-tuning of parameters.

C More Results

In this section, we present more detailed experimental results on tasks in DeepMind control suite and
Meta-world, including performance curves during the training, performance profiles, and probability
of performance improvement. We compare CP3ER to 4 baselines including DrQ-v2 [57]], ALIX [60],
TACO [61] and DrM [53]]. All evaluations are based on a single NVIDIA GeForce RTX 2080 Ti. For
CP3ER, training a run with 2M frames on this device will take about 13 hours.

* DrQ-v2: https://github.com/facebookresearch/drqv2

* ALIX: https://github.com/Aladoro/Stabilizing-0ff-Policy-RL

* TACO: https://github.com/FrankZheng2022/TACO

* DrM: https://github.com/XuGW-Kevin/DrM

Algorithm 3 Training actor

procedure UPDATEACTOR(0;, at)
he <= fe(or)
dt < Tg (Ot)
Compute L7, (9) using Equation (6)
6+ 0 — aVeLy(6)
0+ (1—7)0+70
end procedure
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Parameter | Setting
Replay buffer capacity 106
Action repeat 2

Seed frames 4000
Exploration steps 10000
n-step returns 3
Mini-batch size 256
Discount vy 0.99
Optimizer Adam

Learning rate

Soft update rate
Features dimension

Hidden dimension

Number of Gaussian mixtures for Critic
Number of samples M for update Critic
Parameter « for PPE

Coefficient for consistency loss i

8 x 1075 (Hard-level tasks in DMC)

10~* (Medium-level tasks in DMC & Meta-world)
0.01

100 (Hard-level tasks in DMC)

50 (Medium-level tasks in DMC & Meta-world)
1024

3

20

2.0

0.05

7-Dormant ratio n

0.025

Table 1: The hyper-parameters for CP3ER.

C.1 Results on Medium-level Tasks in DeepMind Control Suite

In this subsection, we show the detail results on the 8 medium-level tasks [57] in DeepMind control
suite. These tasks include: acrobot-swingup, cheetah-run, finger-turn-hard, hopper-hop, quadruped-
run, quadruped-walk, reacher-hard and walker-walk. From the results in Figure[T4] it can be seen that
our proposed CP3ER has better sample efficiency and performance on almost all tasks, even though
it does not use any loss for representation learning. In addition to the performance curve during the
training, we also demonstrate the performance profiles at different checkpoints and the probability of
performance improvement. According to the results in Figure [I5] CP3ER is significantly superior to
other baseline methods.

— Drow2
- — ALX
E 500| — Taco
277 = caen
g

£ 400
g

'S 300)
3

3

IQM AverageEvalReward

=
8
3

S
5
IQM AverageEvalReward

1000] — prowz

— ALX

©
3
S

o
3
S

400| — prow2
— ALX

TACO
300| — cP3er

1QM AverageEvalReward
3
8

5 10 15
TotalEnvinteracts

(a) Acrobot-swingup

1QM AverageEvalReward

1QM AverageEvalReward

5 10 15 2.0
TotalEnvinteracts 6

(b) Cheetah-run

10001 _ proz

— ALX
TACO
— CP3ER

800!

600!

400

200!

1QM AverageEvalReward

0.0 15

05 10
TotalEnvinteracts

(c) Finger-turn-hard

Y
8
S

600!

s
8
S

N
S
s

05 1.0 15 2.0
TotalEnvinteracts s

(d) Hopper-hop

800| — pro-v2
— ALX

TACO
600[ — CP3ER

1QM AverageEvalReward
8
3

0.0 5 10 15
TotalEnvinteracts

(e) Quadruped-run

05 10 15
TotalEnvinteracts

(f) Quadruped-walk

5 10 1
TotalEnvinteracts

(g) Reacher-hard

2.0
a6

5 1.0 1 2.0
TotalEnvinteracts 16

(h) Walker-run

Figure 14: Performance of CP3ER against baseline algorithms DrQ-v2, ALIX, and TACO on the
medium-level tasks in DeepMind control suite. All results are averaged over 5 random seeds, and the
shaded region stands for standard deviation across different random seeds.
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Figure 15: Performance profiles and probabilities of improvement of different methods.

C.2 Results on Hard-level Tasks in DeepMind Control Suite

In this subsection, we show the detail results on the 7 hard-level tasks [53}157] in DeepMind control
suite. These tasks include: dog-run, dog-stand, dog-trot, dog-walk, humanoid-run, humanoid-stand
and humanoid-walk. In addition to the 3 comparison baselines considered in the previous subsection,
we also consider DrM which achieves SOTA performance on hard-level tasks in DeepMind control
suite by weight perturbation and exploration strategies. Figure [T shows the results CP3ER against
several baselines. It is difficult for DrQ-v2, ALIX, and TACO to learn meaningful policy within
the SM framework on these tasks. CP3ER achieves comparable performance to DrM on 4 tasks:
dog-run, dog-stand, dog-trot, and dog-walk without any exploration strategy. In addition, CP3ER
significantly outperforms DrM in another 3 more challenging tasks. From the results in Figure[T6]
CP3ER also significantly outperforms other baselines on the tasks. Compared to the SOTA method
DrM for difficult tasks, CP3ER also has a performance improvement probability of over 70%.
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Figure 16: Performance of CP3ER against baseline algorithms DrQ-v2, ALIX, TACO and DrM on
hard-level tasks in DeepMind control suite. All results are averaged over 5 random seeds, and the
shaded region stands for standard deviation across different random seeds.

C.3 Results on Tasks in Meta-world

In this subsection, we show the detail results on the 6 hard tasks [53]] in Metat-world. These tasks
include: assembly, disassemble, hammer, hand insert, pick place wall and stick pull. In these
tasks, we compared 4 baselines, including DrM. It should be noted that in [53], DrM achieves
SOTA performance on these hard tasks in Meta-world, but we cannot reproduce the corresponding
performance based on the official codes. Therefore, this result is used for reference and may cannot
represent the true performance of DrM. According to the results in Figure [T8]and Figure[T9] CP3ER
achieves SOTA performance on all 6 hard-level tasks in Meta-world, and compared to the baselines,
CP3ER has a significant performance advantage.
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Figure 17: Performance profiles and probabilities of improvement of different methods.
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Figure 18: Performance of CP3ER against baseline algorithms DrQ-v2, ALIX, TACO and DrM on
tasks in Meta-world. All results are averaged over 5 random seeds, and the shaded region stands for
standard deviation across different random seeds.
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Figure 19: Performance profiles and probabilities of improvement of different methods.

C.4 Results on State-based Tasks

Sample efficiency has always been a highly concerned issue in visual RL, and high expressive
power of the policy can improve exploration efficiency and thus increase sample efficiency. After
introducing the diffusion model into visual RL, we find a serious phenomenon of policy degradation,
which results in disastrous performance. Therefore, we propose CP3ER to stabilize the training of
consistent policy. In addition to visual RL tasks, CP3ER theoretically has the potential to be applied
to state-based RL tasks. According to the experimental setup in [34]], we conduct a comparison to
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state-based RL SOTA methods, and the experimental results are shown in the Table E} It can be seen
that compared to the current SOTA methods, CP3ER also has significant advantages in the tasks,
which also proves the generalization of CP3ER on different observation tasks.

Tasks TD3 SAC PPO MPO DMPO D4PG DreamerV3 CPQL CP3ER

Acrobot Swingup  46.8 332 344  80.6 98.5 125.5 154.5 183.1  362.9
Finger Turn Easy 337.6 3714 2752 4304 593.8 5245 745.4 874.1 867.45
Finger Turn Hard  334.4 3448 5.06 250.8 384.5 379.2 841.0 864.6 912.65

Hopper Hop 40.0 417 0.0 37.5 71.5 67.5 111.0 130.1 299.3
Hopper Stand 3227 2709 22 2793 5195 7554 573.2 902.1 904.1
Walker Run 2745 4459 131.7 5395 4629  593.1 632.7 683.8  646.5
Average 226 2513 748 269.7 355.1 4075 509.6 606.3  665.5

Table 2: Comparison of CP3ER and other methods on state-based RL tasks in DeepMind control
suite.

In addition, we also compare the existing methods based on diffusion/consistency models following
the settings in [33]], and the results are shown in Table 3] It can be seen that compared to existing
methods based on diffusion/consistency models, our method CP3ER, although aimed at visual RL
problems, still has significant advantages when extended to state-based RL tasks.

Online tasks Diffusion-QL  Consistency-AC CP3ER

Halfcheetah-m  5745.94388.5  6725.2+944.4  10699.1+1054.7
Hopper-m 3675.5+47.7  3589.7+163.4 3309.6+£133.2
Walker2d-m  4316.2+612.1  3790.9£1677.5  5201.0+111.3
Average 4579.2 4701.9 6403.2

Table 3: Comparison of CP3ER with diffusion/consistency based RL methods.

D Limitations

Although CP3ER enhances the training stability of consistency policy in the actor-critic framework
and achieves excellent performance in visual control tasks, the policy diversity of CP3ER has not
been thoroughly explored. In CP3ER, this diversity only depends on the multimodal actions in the
replay buffer, which gradually disappears as the training steps increases. Therefore, CP3ER may
face the risk of losing diversity in consistent policy, thereby weakening its exploration ability to a
certain extent. In addition, there is a lack of theoretical analysis on CP3ER. Although it is based on
the actor-critic framework, its policy improvement and convergence property require more rigorous
theoretical analysis.

E Broader Impacts

This work mainly focuses on the field of visual RL and proposes a new method that may significantly
improve the efficiency of visual RL. This method may improve the efficiency of robot skill learning
and have a wide impact on visual control fields such as robots, but it will not involve ethical and
safety issues. Therefore, this work should not have negative social impacts.
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NeurlIPS Paper Checklist

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

¢ You should answer [ Yes] , ,or [NA].

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " " itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

¢ Delete this instruction block, but keep the section heading “NeurIPS paper checklist',
* Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Claims

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

Answer: [Yes]

Justification: Our claims stated in the abstract and introduction are consistent with the
contributions and scope of our paper as detailed in Section [T}

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 s 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: The paper acknowledges its limitations in appendix
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.
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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.

e 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]
Justification: There are no assumptions or proofs presented in this paper.
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: The paper fully discloses all necessary details for reproducing the main
experimental results, including comprehensive descriptions of the algorithm in section[5]and
appendix experiments setup in section[6} and parameters used in appendix

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.
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* 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?

Answer: [Yes]

We have submitted the code for training as the supplementary material, and once the paper
is accepted, the code will be fully open source.

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
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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 paper provides specific details about hyperparameters settings in appendix

B2
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: The paper comprehensively presents statistical significance in the results in
sections [6] and appendix [C|

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.

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).

o 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: The paper specifies the type of compute workers (a single NVIDIA GeForce
RTX 2080 Ti) in appendix

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

9. Code Of Ethics

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

Answer: [Yes]

Justification: We have reviewed the NeurIPS Code of Ethics. We confirm that the work
involved in the paper complies with Code of Ethics.

Guidelines:

e 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: The paper acknowledges its broader impacts in appendix [E]
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.

* 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 research is mainly focused on visual RL, with the main potential ap-
plication direction being robot skill learning. Therefore, this paper should not have the
aforementioned risks.

Guidelines:
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» 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 relevant papers and provided explanations for the referenced
code in our codes. The majority of our code is licensed under the MIT license, however
portions of the project are available under separate license terms: DeepMind is licensed
under the Apache 2.0 license.

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.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

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

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

13. New Assets

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

Answer: [Yes]

Justification: We have included a README file in the provided code, which provides
detailed instructions on deployment, training, and license.

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
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15.

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: This 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: This 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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