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Abstract

Training offline RL models using visual inputs poses two significant challenges, i.e.,
the overfitting problem in representation learning and the overestimation bias for
expected future rewards. Recent work has attempted to alleviate the overestimation
bias by encouraging conservative behaviors. This paper, in contrast, tries to build
more flexible constraints for value estimation without impeding the exploration
of potential advantages. The key idea is to leverage off-the-shelf RL simulators,
which can be easily interacted with in an online manner, as the “fest bed” for offline
policies. To enable effective online-to-offline knowledge transfer, we introduce
CoWorld, a model-based RL approach that mitigates cross-domain discrepancies
in state and reward spaces. Experimental results demonstrate the effectiveness of
CoWorld, outperforming existing RL approaches by large margins.

1 Introduction

Learning control policies with visual observations can be challenging due to high interaction costs
with the physical world. Offline reinforcement learning (RL) is a promising approach to address
this challenge [11} 21137, 3} 165]. However, the direct use of current offline RL algorithms in visual
control tasks presents two primary difficulties. Initially, offline visual RL is more prone to overfitting
issues during representation learning, as it involves extracting hidden states from the limited, high-
dimensional visual inputs. Moreover, like its state-space counterpart, offline visual RL is susceptible
to the challenge of value overestimation, as we observe from existing methods [22} |16].

Improving offline visual RL remains an under-
explored research area. We aim to balance be-
tween overestimating and over-conservatism
of the value function to avoid excessively pe-
nalizing the estimated values beyond the of-
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Figure 2: To address value overestimation in offline RL (a), we can directly penalize the estimated
values beyond the distribution of offline data, which may hinder the agent’s exploration of potential
states with high rewards (b). Unlike existing methods, CoWorld trains a cross-domain critic model in
an online auxiliary domain to reassess the offline policy (c¢), and regularizes the target values with
flexible constraints (d). The feasibility of this approach lies in the domain alignment techniques
during the world model learning stage.

We present a novel model-based transfer RL approach called Collaborative World Models (CoWorld).
Specifically, we train separate world models and RL agents for source and target domains, each with
domain-specific parameters. To mitigate discrepancies between the world models, we introduce a
novel representation learning scheme comprising two iterative training stages. These stages, as shown
in Figure[T] facilitate the alignment of latent state distributions (offline to online) and reward functions
(online to offline), respectively. By doing so, the source domain critic can serve as an online “test
bed” for assessing the target offline policy. It is also more “knowledgeable” as it can actively interact
with the online environment and gather rich information. Another benefit of the domain-collaborative
world models is the ability to alleviate overfitting issues of offline representation learning, leading to
more generalizable latent states derived from limited offline visual data.

For behavior learning in the offline dataset, we exploit the knowledge from the source model and
introduce a mild regularization term to the training objective of the target domain critic model. This
regularization term encourages the source critic to reevaluate the target policy. As illustrated in
Figure [2] it allows for flexible constraint on overestimated values of trajectories that receive low
values from the “knowledgeable” source critic. Conversely, if a policy yields high values from the
source critic, we prefer to retain the original estimation by the offline agent. This approach is feasible
because the source critic has been aligned with the target domain during world model learning.

‘We showcase the effectiveness of CoWorld in offline visual control tasks across the Meta-World,
RoboDesk, and DeepMind Control benchmarks. Our approach is shown to be readily extendable to
scenarios with multiple source domains. It effectively addresses value overestimation by transferring
knowledge from auxiliary domains, even in the presence of diverse physical dynamics, action spaces,
reward scales, and visual appearances. In summary, our work brings the following contributions:

* We innovatively frame offline visual RL as a domain transfer problem. The fundamental idea is to
harness cross-domain knowledge to tackle representation overfitting and value overestimation in
offline visual control tasks.

* We present CoWorld, a method that follows the offline-online-offline paradigm, incorporating
specific techniques of world model alignment and flexible value constraints.

2 Problem Setup

We consider offline visual reinforcement learning as a partially observable Markov decision process
(POMDP) that aims to maximize the cumulative reward in a fixed target dataset B(T). We specif-
ically focus on scenarios where auxiliary environments are accessible, enabling rich interactions
and efficient online data collection. The goal is to improve the offline performance of the target
POMDP <(9(T), A T R ’y(T)> through knowledge transfer from the source POMDPs

(0S), A5 TS R 4(5)) These notations respectively denote the space of visual observations,
the space of actions, the state transition probabilities, the reward function, and the discount factor.

For example, in one of our experiments, we employ RoboDesk as the offline target domain and various
tasks from Meta-World as the source domains. As illustrated in Table[I] these two environments
present notable distinctions in physical dynamics, action spaces, reward definitions, and visual
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Table 1: RoboDesk (target domain) vs. Meta-World (auxiliary source domain).

| Source: Meta-World Target: RoboDesk Similarity / Difference
Task Window Close Open Slide Related manipulation tasks
Dynamics Simulated Sawyer robot arm  Simulated Franka robot arm Different
Action space Box(-1, 1, (4,), float64) Box(-1, 1, (5,), float32) Different
Reward scale [0, 1] [0, 10] Different
Observation Right-view images Top-view images Different view points

appearances as the observed images are from different camera views. Our priority is to address
domain discrepancies to enable cross-domain behavior learning.

3 Method

In this section, we present the technical details of CoWorld, which consists of a pair of world
models { Mg/, My}, actor networks {7y, 7y}, and critic networks {ve:, ve}, where {¢, v, &}
and {¢', ¢, £’} are respectively target and source domain parameters. As potential cross-domain
discrepancies may exist in all elements of {O, A, T, R}, the entire training process is organized into
three iterative stages, following an offline-online-offline transfer learning framework:

A) Offline-to-online state alignment: Train the offline world model M by aligning its state
space with that of the source world model M .

B) Online-to-offline reward alignment: Train Mg and {7y, v¢: } in the online environment by
incorporating the target reward information.

C) Online-to-offline value constraint: Train the target offline-domain agent {m,;, v¢ } with value
constraints provided by the source critic vg:.

3.1 Offline-to-Online State Alignment

Source model pretraining. We start with a source domain warm-up phase employing a model-
based actor-critic method known as DreamerV2 [16]]. To facilitate cross-domain knowledge transfer,
we additionally introduce a state alignment module, which is denoted as ¢(-) and implemented using
the softmax operation. The world model My consists of the following components:

Recurrent transition: h(s) (h§5>1,z,55’1,a§5’1) Image encoding: el = ey (0t*)

Posterior state: ~ Qg (h(s)7 (S)) Prior state: 39 o Dy’ (hgs)) i
Reconstruction: (h(s), 29 Reward prediction: 79 T (R, 29
Discount factor: ﬁ/t( N p¢/(his), zt(s)) State alignment target: sES = g(egs)),

where ¢’ represents the combined parameters of the world model. We train M4 on the dynamically
expanded source domain experience replay buffer B(°) by minimizing

N
S S S S S
£08) =Eay [ 3 =lppr (0l | A, =) —nrg (1% | 1D, 247) —lnpyr (4 | 0, 2%

t=1

image reconstruction reward prediction discount prediction

)
+ KL g (7 | 167, 007) 1 por (27| 4] |-

KL divergence

We train the source actor my (£;) and critic ve (2;) with the respective objectives of maximizing and
estimating the expected future rewards IE%, Dy [ZT>t 4, 47| generated by M. Please refer to
Appendix [A3]for more details. We deploy - to interact with the auxiliary environment and collect
new data for further world model training.

State alignment. A straightforward transfer learning solution is to train the target agent in the
offline dataset upon the checkpoints of the source agent. However, it may suffer from a potential
mismatch issue due to the discrepancy in tasks, visual observations, physical dynamics, and action
spaces across various domains. This becomes more severe when the online data is collected from
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Algorithm 1 The training scheme of CoWorld.

1: Require: Offline dataset BT,
2: Initialize: Parameters of the source model {¢’, 1), ¢’} and the target model {®, v, £}.
3: Pretrain the source agent and collect a replay buffer B,
4: while not converged do
5 for each stepin {1 : K1} do > In the offline domain
6: Sample {(of", ;" ri™ )}, ~ BT,
7 Train the target world model M, using Eq. (3). > Offline-to-online state alignment
8: Generate {(sz), aET) VHEF using 7y, and M. > Behavior learning with constraint
9: Train the critic ve using Eq. (6) over {(z{"”, a{™)}i+ 1.
10: Train the actor 7, using Eq. ( l over {(z (T), aET)) H
11: end for
12: for each step in {1 : K>} do > In the online domain
13: Sample {(0f”, a{®, 7NV, ~ B,
14: Sample { (o ET) §T>, TET))}ivzl ~ BT, > Online-to-offline reward alignment
15: Relabel the source rewards {ft(s)}fvzl using Eq. .
16: Train M using Eq. (Z) combined with Eq. (3).
17: Generate {(z; (8) (S)) P using 7y and M. > Source domain behavior learning
18: Train 7, and vgs over the 1mag1ned {( ), ES)) H
19: Use 7y to collect new source data and append BY.
20: end for

21: end while

environments that differ from the offline dataset (e.g., Meta-World — RoboDesk). We tackle this
issue by separating the parameters of the source and the target agents while explicitly aligning their
latent state spaces. Concretely, the target world model M, has an identical network architecture to

the source model My . We feed the same target domain observations sampled from B (T) into these

models and close the distance of ey (ogT)) and ey (o, olf )) We optimize M by minimizing

N

T T T T T T T T T

£(8) = Bq, [ 32 =npo(of” | 17, 27) = tnro(r(” | A, 27) ~npo (o | 17, 2")
t=1

image reconstruction reward prediction discount prediction ( 3 )
T T T (T T T
+ BIKL [as (47 | 170l ps (57 | A7) | + B2KL [sg(glesr (o)) | 9lea(of™))] ],

KL divergence domain alignment loss

where sg(-) indicates gradient stopping and we use the encoding from the source model as the state
alignment target. As the source world model can actively interact with the online environment
and gather rich information, it keeps the target world model from overfitting the offline data. The
importance of this loss term is governed by 5. We examine its sensitivity in the experiments.

3.2 Online-to-Offline Reward Alignment

To enable the source agent to value the target policy, it is essential to provide it with prior knowledge
of the offline task. To achieve this, we train the source reward predictor r4 (-) using mixed data
from both of the replay buffers B(5) and B(T). Through the behavior learning on source domain
imaginations, the target-informed reward predictor enables the source RL agent to assess the imagined
states produced by the target model and provide a flexible constraint to target value estimation (as we
will discuss in Section [3.3).

Specifically, we first sample a target domain data trajectory {(oﬁT), ,(5 ), t(T))};T | from B(T) (Line
14 in Alg. [1). We then use the source world model parametrized by ¢’ to extract corresponding latent
states and relabel the target-informed source reward (Line 15 in Alg. [I):

= flhr B e a=eplol®) @
2 g (e, ) 7Y = (U= k) (b, 20) + ko,
where £ is the target-informed reward factor, which acts as a balance between the true target reward

T,ET) and the output of the source reward predictor 74 (-) provided with target states. It is crucial to
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emphasize that using the target data as inputs to compute 74 (-) is feasible due to the alignment of
the target state space with the source state space.

We jointly use the relabeled reward Ft(s) and the original source domain reward rgs) sampled from

B to train the source reward predictor. This training is achieved by minimizing a maximum
likelihood estimation (MLE) loss:

N N

Lo() = 0By [ 30 = Tnrgr (V|0 2] + (1= )Bgeny [ S —tnres (7107, 27)], )

t=1 t=1

where the second term measures the negative log-likelihood of observing the relabelled source reward

( ) . m represents a hyperparameter that gradually decreases from 1 to 0.1 throughout this training
stage Intuitively, n controls the progressive adaptation of the well-trained source reward predictor to
the target domain with limited target reward supervision. We integrate Eq. () into Eq. () to train the
entire world model M for the source domain agent (Line 16 in Alg. [I)) and subsequently perform
behavior learning to enable the source critic to assess the target policy (Lines 17-19 in Alg. [I).

3.3 Min-Max Value Constraint

In the behavior learning phase of the target agent (Lines 8-10 of Alg. [I), we mitigate value
overestimation in the offline dataset by introducing a min-max regularization term to the objective
function of the target critic model ve. Initially, we use the auxiliary source critic vg: to estimate the
value function of the imagined target states. Following that, we train v¢ by additionally minimizing
the maximum value among the estimates provided by source and target critics:

1 (T ) 2 (T
L(§) = E%*w[ by (Uﬁ(zt( )) - Sg(Vt( ))) + amax (vg(zi ))a Sg(vﬁ’( 75 ))))]7 (6)
t=1
value regression value constraint
where Vt(T) incorporates a weighted average of reward information over an n-step future horizon.

The first term in the provided loss function fits cumulative value estimates (whose specific formulation
can be located in Appendix [A.3)), while the second term regularizes the overestimated values for out-
of-distribution data in a mildly conservative way. The hyperparameter « represents the importance of
the value constraint. The sg(-) operator indicates that we stop the gradient to keep the source critic
from being influenced by the regularization term.

This approach provides flexibly conservative value estimations, finding a balance between mitigating
overestimation and avoiding excessive conservatism in the value function. When the target critic
overestimates the value function, the source critic is less vulnerable to the value overestimation
problem as it is trained with rich interaction data. Thus, it is possible to observe v¢ (z,g )) > vgr (z,gT) ),
and our approach is designed to decrease the output of v¢ to the output of ve,. This prevents the target
critic from overestimating the true value. Conversely, when the source critic produces greater values
in vg/ (égT)), the min-max regularization term does not contribute to the training of the target critic
ve. This encourages the exploration of potentially advantageous states within the imaginations of
the target world model. In line with DreamerV2 [16]], we train the target actor 7, by maximizing a
REINFORCE objective function with entropy regularization, allowing the gradients to backpropagate
directly through the learned dynamics:

H—-1
T ~(T T ~(T T ~(T
LO) =Epppy Y (BHIG" |57)+ V" (1= p)lnm(a” | 5)sg (i) = ve(").
=1 entropy regularization dynamics backprop REINFORCE
(N

As previously mentioned, Vt(T) involves a weighted average of reward information over an n-step
future horizon, with detailed formulation provided in Appendix [A.3]

Furthermore, it is crucial to note that CoWorld can readily be extended to scenarios with multiple
source domains by adaptively selecting a useful task as the auxiliary domain. This extension is easily
achieved by measuring the distance of the latent states between the target domain and each source
domain. For technical details of the adaptive source domain selection, please refer to Appendix

97207 https://doi.org/10.52202/079017-3083



Table 2: Mean episode returns and standard deviations of 10 episodes over 3 seeds on Meta-World.

Model |BP— DC* DC —BP BT— WC BP—HP WC—DC HP— BT Avg.
Offline DV2 21434579 31424533 3921£752 2784128 3899+679 3002+346 2730
DrQ + BC 567£19  587+68 623£85 1203£234  134+64 6424+99 626
CQL 1984+13 867£330 683£268  988+39  577£121 462467 927
CURL 1972+£11  51£17 281£73 986+47 36652 189+10 641
LOMPO 28831183 446+458 2983+£569 2230£223 2756£331 1961+£287 1712
DV2 Finetune 3500+414 2456661 3467+1031 3702+451 4273+1327 3499+713 3781
DV2 Finetune + EWC | 1566+723 167+86  978+772  528+334 2048+1034 2244147 918
LOMPO Finetune 259+191  954£53 142+£70 3324452 3698+1615 224£88 792
CoWorld (Best-Source) |3967+312 36231543 45211367 45701677 4845+14 3889+159 4241
CoWorld (Multi-Source) | 3864+352 35731541 4507£59 4460+783 4678+137 36264275 4094

4 Experiments

4.1 Experimental Setups

Datasets. We evaluate CoWorld across three visual control environments, i.e., Meta-World [54]],
RoboDesk [18], and DeepMind Control Suite (DMC) [47], including both cross-task and cross-
environment setups (Meta-World — RoboDesk). Inspired by D4RL [9]], we build offline datasets
of medium-replay quality using DreamerV2 [[16]. The datasets comprise all the samples in the
replay buffer collected during the training process until the policy attains medium-level performance,
defined as achieving 1/3 of the maximum score that the DreamerV2 agent can achieve. Please refer
to Appendix for further results of CoWorld trained with medium-expert offline data.

Compared methods. We compare CoWorld with both model-based and model-free RL approaches,
including Offline DV2 [25], DrQ+BC [25]], CQL [25], CURL [22], and LOMPO [39]. In addi-
tion, we introduce the DV2 Finetune method, which involves taking a DreamerV2 [16] model
pretrained in the online source domain and subsequently finetuning it in the offline target dataset.
Furthermore, DV2 Finetune can be integrated with the continual learning method, Elastic Weight
Consolidation (EWC) [19], to regularize the model for preserving source domain knowledge, i.e.,
Finetune+EWC. Please refer to Appendix [E| for more details.

4.2 Cross-Task Experiments on Meta-World

Meta-World is an open-source simulated benchmark designed for solving a wide range of robot
manipulation tasks. We select 6 tasks as either the offline dataset or potential candidates for the online
auxiliary domain. These tasks include: Door Close (DC*), Button Press (BP), Window Close (WC),
Handle Press (HP), Drawer Close (DC), Button Topdown (BT).

Main results. As shown in Table [2] we compare the results of CoWorld with other models on
Meta-World. CoWorld achieves the best performance in all 6 tasks. Notably, it outperforms Offfine
DV2 [25]), a method also built upon DreamerV2 and specifically designed for offline visual RL. For
the online-to-offline finetuning models, DV2 Finetune achieves the second-best results by leveraging
transferred knowledge from the auxiliary source domain. However, we observe that its performance
experiences a notable decline in scenarios (e.g., Meta-World — RoboDesk) involving significant
data distribution shifts between the source and the target domains in visual observation, physical
dynamics, reward definition, or even the action space of the robots. Another important baseline model
is DV2 Finetune+EWC, which focuses on mitigating the catastrophic forgetting of the knowledge
obtained in source domain pretraining. Nevertheless, without additional model designs for domain
adaptation, retaining source domain knowledge may eventually lead to a decrease in performance in
the target domain. The LOMPO model suffers from the negative transfer effect when incorporating a
source pretraining stage. It achieves an average return of 1,712 when it is trained from scratch in the
offline domain while achieving an average return of 792 for online-to-offline finetuning. It implies
that a naive transfer learning method may degenerate the target performance due to unexpected bias.

Results with a random source domain. Given that we present the best-source results in Table 2}
where we manually select one source task from Meta-World, one may cast doubt on the influence of
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Figure 3: Left: The value in each grid indicates the ratio of returns achieved by CoWorld compared
to Offline DV2. Highlighted grids represent the top-performing source domain. Right: Returns on
Drawer Close (DC*) with different source domains, where the multi-source CoWorld (yellow line) is
shown to automatically discover (i.e., Door Close) as the source domain and achieve comparable
results with the top-performing single-source CoWorld (red line).
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Figure 4: Quantitative results in domain transfer scenarios of Meta-World — RoboDesk.

domain discrepancies between the auxiliary environment and the target offline dataset. In Figure[3]
(Left), the transfer matrix of CoWorld among the 6 tasks of Meta-World is presented, where values
greater than 1 indicate positive domain transfer effects. Notably, there are challenging cases with
weakly related source and target tasks. In the majority of cases (26 out of 30), CoWorld outperforms
Offline DV2, as illustrated in the heatmap.

Results with multiple source domains. It is crucial to note that CoWorld can be easily extended
to scenarios with multiple source domains by adaptively selecting a useful task as the auxiliary
domain. From Table[2] we can see that the multi-source CoWorld achieves comparable results to
the models trained with manually designated online simulators. In Figure [3] (Left), multi-source
CoWorld achieves positive improvements over Offline DV2 in all cases, approaching the best results
of models using each source task as the auxiliary domain. In Figure[3](Right), it also consistently
outperforms the DV2 Finetune baseline model. These results demonstrate our approach’s ability to
execute without strict assumptions about domain similarity and its ability to automatically identify a
useful online simulator from a set of both related and less related source domains.

4.3 Cross-Environments: Meta-World to RoboDesk

To explore cross-environment transfer with more significant domain gaps, we employ four tasks
from RoboDesk to construct individual offline datasets, i.e., Push Button, Open Slide, Drawer Open,
Upright Block off Table. These tasks require handling randomly positioned objects with image inputs.
Table ] presents the differences between the two environments in physical dynamics, action space,
reward definitions, and visual appearances.

Figure [ presents quantitative comparisons, where CoWorld outperforms Offline DV2 and DV2
Finetune by large margins. For the best-source experiments, we manually select one source domain
from Meta-World. For the multi-source experiments, we jointly use all Meta-World tasks as the
source domains. In contrast to prior findings, directly finetuning the source world model in this
cross-environment setup, where there are more pronounced domain discrepancies, does not result
in significant improvements in the final performance. In comparison, CoWorld more successfully
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Figure 5: (a) Ablation studies on state alignment, reward alignment, and
(b) The disparities between the estimated value by various models and the true value. Please see the
text in Section [4.3]for the implementation of CoWorld w/o Max.

Table 3: Mean rewards and standard deviations of 10 episodes in offline DMC over 3 seeds.

Model |[WW — WD WW — WU WW —WN CR—CD CR—CU CR—CN Avg.
Offline DV2 435422 139+4 214+4 243+7 3+1 51t4 181
DrQ+BC 291£ 10 299+£15 318+40 663+15  202£12 132433 355
CQL 46+19 64132 2942 2+1 52 +£57  111£157 51

CURL 43£5 21+£3 23+3 267 4£2 1144 21

LOMPO 462487 260+21 460+9 395452 46£19 120+4 291
DV2 Finetune 379+23 354+£29 407437 702+41  208+£22  454+82 417
LOMPO Finetune | 209+21 14127 21249 142429 17£11 105£12 137
CoWorld 629+9 407+141 426432 745+28  225+£20 493+10 488

addresses these challenges by leveraging domain-specific world models and RL agents, and explicitly
aligning the state and reward spaces across domains. We also showcase the performance of multi-
source CoWorld, which achieves comparable results to the best-source model that exclusively uses
our designated source domain.

4.4 Cross-Dynamics Experiments on DMC

DMC is a widely explored benchmark for continuous control. We use the Walker and Cheetah as the
base agents and make modifications to the environment to create a set of 8 distinct tasks, i.e., Walker
Walk (WW), Walker Downhill (WD), Walker Uphill (WU), Walker Nofoot (WN), Cheetah Run (CR),
Cheetah Downhill (CD), Cheetah Uphill (CU), Cheetah Nopaw (CN). Particularly, Walker Nofoot
is a task in which we cannot control the right foot of the Walker agent. Cheetah Nopaw is a task in
which we cannot control the front paw of the Cheetah agent.

We apply the proposed multi-source domain selection method to build the domain transfer settings
shown in Table[3] It is worth noting that CoWorld outperforms the other compared models in 5 out
of 6 DMC offline datasets, and achieves the second-best performance in the remaining task. On
average, it outperforms Offline DV2 by 169.6% and outperforms DrQ+BC by 37.5%. Corresponding
qualitative comparisons can be found in Appendix [B.1]

4.5 Further Analyses

Ablation studies. We conduct a series of ablation studies to validate the effectiveness of state space
alignment (Stage A), reward alignment (Stage B), and min-max value constraint (Stage C). We show
corresponding results on the offline Push Green Button dataset from RoboDesk in Figure[5(a)] The
performance experiences a significant decline when we abandon each training stage in CoWorld.

Can CoWorld address value overestimation? We evaluate the values estimated by the critic
network of CoWorld on the offline Meta-World datasets when the training process is finished. In
Figure [5(b)] we compute the cumulative value predictions throughout 500 steps. The true value
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Table 4: Experiments with significantly distinct observation spaces across domains. We use low-
dimensional state data as inputs for the RL agents in the source domain and high-dimensional image
observations in the target domain. MW represents Meta-World and RD stands for RoboDesk.

Method \ MW: Button Press — RD: Push Button MW: Window Close — RD: Open Slide
Offline DV2 347 £ 24 156 4+ 46
CoWorld 393 + 64 209 +£43

Table 5: Experiments with significantly distinct reward formations across domains. We use sparse
rewards in the source domain while maintaining the dense rewards in the target domain.

Method ‘ MW: Button Press — RD: Push Button MW: Window Close — RD: Open Slide
DV?2 Finetune 314 £51 173 £ 39
CoWorld 335 +£28 184 + 32

is determined by calculating the discounted sum of the actual rewards obtained by the actor in the
same 500-steps period. We observe that existing approaches, including Offline DV2 and CQL, often
overestimate the value functions in the offline setup. The baseline model “CoWorld w/o Max” is a
variant of CoWorld that incorporates a brute-force constraint on the critic loss. It reformulates Eq. (6))

as Zf;l 1 (ve(2) — sg(Vi))? + awe(2;). As observed, this model tends to underestimate the true
value function, which can potentially result in overly conservative policies as a consequence. In
contrast, the values estimated by CoWorld are notably more accurate and more akin to the true values.

Dependence of CoWorld to domain similarities. We further investigate the dependence of
CoWorld on domain similarity from the perspectives of different observation spaces and reward
spaces. We first explore how CoWorld performs when we only have source domains with significantly
distinct observation spaces from the target domain. As illustrated in Table [4] the agent receives
low-dimensional state inputs in the source domain (Meta-World) and high-dimensional images in the
target domain (RoboDesk). We can see that CoWorld outperforms Offline DV2 by 13.3% and 34.0%
due to the ability to leverage low-dimensional source data effectively. Notably, the finetuning method
(DV2 Finetune) is not applicable in this scenario. In Table[5] we also observe that CoWorld benefits
from a source domain, even with a significantly different reward signal. Unlike previous experiments,
we use a sparse reward function for the source Meta-World tasks. It is set to 500 only upon task
completion and remains 0 before that. The experimental results demonstrate that although excessively
sparse rewards can hinder the training process, CoWorld still achieves an average performance gain
of 6.6% compared to DV2 Finetune under the same setting.

Comparison to jointly training one world model across domains. Notably, CoWorld is imple-
mented with separate world models for the source and target domains. Alternatively, we can employ
a jointly trained world model across various domains for more efficient memory usage. In Table[6]
we compare the results from the original CoWorld and “Multi-Task DV2”. Multi-Task DV2 involves
training DreamerV?2 on both offline and online data with a joint world model and separate actor-critic
models. CoWorld consistently performs better. Intuitively, using separate world models allows
the source and target domains to have different physical dynamics, observation spaces, or reward
formations, as the scenarios shown in Table 4] and Table [5}

Table 6: Comparison to jointly training one world model across domains (Multi-Task DV2).

Method ‘ MW: Button Press — RD: Push Button =~ MW: Window Close — RD: Open Slide
Multi-Task DV2 342 £ 29 173 £22
CoWorld 428 + 42 202 +19

Hyperparameter sensitivity. We conduct sensitivity analyses on Meta-World (DC — BP). From
Figure[6] we observe that when (35 for the domain KL loss is too small, the state alignment between the
source and target encoders becomes insufficient, hampering the transfer learning process. Conversely,
if fs is too large, the target encoder becomes excessively influenced by the source encoder, resulting
in a decline in performance. We also find that the target-informed reward factor £ plays a crucial role
in balancing the influence of source data and target reward information, which achieves a consistent
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Figure 6: Sensitivity analysis of the hyperparameters on Meta-World (DC — BP).

improvement over DV2 Finetune (2456 + 661) in the range of [0.1, 0.7]. Moreover, we discover that
the hyperparameter « for the target value constraint performs well within [1, 3], while an excessively
larger @ may result in value over-conservatism in the target critic.

5 Related Work

Learning control policies from images is critical in real-world applications. Existing approaches
can be grouped by the use of model-free [22] 41} 44,48, 36]] or model-based [15 |14} [16} 43} [35, 13|
28129161} 151]] RL algorithms. In offline RL, agents leverage pre-collected offline data to optimize
policies and encounter challenges associated with value overestimation [23]]. Previous methods mainly
suggest taking actions that were previously present in the offline dataset or learning conservative value
estimations [[11} 2114} 155, 153} 140]]. Recent approaches have introduced specific techniques to address
the challenges associated with offline visual RL [27, 7,123} 12, |39} 152} 43 157,15, 125]]. Rafailov et al.
[39] proposed to handle high-dimensional observations with latent dynamics models and uncertainty
quantification. Cho ef al. [5] proposed synthesizing the raw observation data to append the training
buffer, aiming to mitigate the issue of overfitting. In a related study, Lu er al. [25] established a
competitive offline visual RL model based on DreamerV2 [16], so that we use it as a significant
baseline of our approach.

Our work is also related to transfer RL, which is known as to utilize the knowledge learned in past tasks
to facilitate learning in unseen tasks [64} 42,58 1451159, 18}, 149, 146, [12} 120} 38}, [24} 133]]. Most existing
approaches related to offline dataset + simulator focus on the offline-to-online setup, where the
policy is initially pretrained on the offline dataset and then finetuned and deployed on an interactive
environment [33} 160, 56l |63l]. These methods aim to bridge the gap between offline and online
learning and facilitate fast adaptation of the model to the online environment. In contrast, we explore
the online-to-offline setup, which provides a new remedy for the value over-estimation problem.
Additionally, Niu et al. [34]] introduces a dynamics-aware hybrid offline-and-online framework to
integrate offline datasets and online simulators for policy optimization. Unlike CoWorld, this method
primarily focuses on low-dimensional MDPs and cannot be directly used in visual control tasks. In the
context of visual RL, CtrlFormer [31]] learns a transferable state representation via a sample-efficient
vision Transformer. APV [43]] executes action-free world model pretraining on source-domain videos
and finetunes the model on downstream tasks. Choreographer [28] builds a model-based agent that
exploits its world model to learn and adapt skills in imaginations, the learned skills are adapted
to new domains using a meta-controller. VIP [26] presents a self-supervised, goal-conditioned
value-function objective, which enables the use of unlabeled video data for model pertaining. Unlike
previous methods, we handle offline visual RL using auxiliary simulators, mitigating the value
overestimation issues with co-trained world models.

6 Conclusions and Limitations

In this paper, we proposed a transfer RL. method named CoWorld, which mainly tackles the difficulty
in representation learning and value estimation in offline visual RL. The key idea is to exploit
accessible online environments to train an auxiliary RL agent to offer additional value assessment.
To address the domain discrepancies and to improve the offline policy, we present specific technical
contributions of cross-domain state alignment, reward alignment, and min-max value constraint.
CoWorld demonstrates competitive results across three RL benchmarks. An unsolved problem of
CoWorld is the increased computational complexity associated with the training phase in auxiliary
domains (see Appendix [B.7). It is valuable to improve the training efficiency in future research.
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Appendix

In this appendix, we provide the following supplementary materials: (A} Details of the proposed
model, including further descriptions of the learning schemes, the notations, the world model archi-
tecture, the behavior learning objective functions, and hyperparameters. (B) Additional experimental
results, including visualization of the learned policy, quantitative results on offline datasets with mixed
data quality, comparison to using a pre-trained foundation model such as R3M, and computational
efficiency. Implementation details of the multi-source CoWorld model and further empirical
analysis on the selected source domain. (D) Detailed setups of the source and target domains. (E)
Details of the compared methods. (F) Potential social impacts of the proposed method.

A  Model Details

A.1 Framework of CoWorld

As illustrated in Figure[7] the entire training process of CoWorld comprises three iterative stages:
offline-to-online state alignment (Stage A), online-to-offline reward alignment (Stage B), and online-
to-offline value constraint (Stage C). First, we feed the same target domain observations sampled
from B(T) into the encoders and close the distance of e (ogT)) and e¢(0§T)) in Stage A. Second,
in Stage B, the source reward predictor r4 (-) is trained with mixed data from both of the replay
buffers B(5) and B(T). Notably, when we sample data from B(T), the reward will be relabelled as the
target-informed source reward. Finally, we introduce a min-max value constraint using the source
critic to the target critic in Stage C.

Offline-to-Online State Alignment Online-to-Offline Reward Alignment Online-to-Offline Value Constraint

I | ! 20 | .
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Figure 7: CoWorld uses an auxiliary online environment to build a policy “test bed” that is aware of
offline domain information. This, in turn, can guide the visual RL agent in the offline domain to learn
a mildly-conservative policy, striking a balance between value overestimation and over-conservatism.
For notations, we use the superscript S and T to represent data from the source and target domains.
Additionally, subscripts (¢', ¢, &) and (¢, ¥, £) are employed to distinguish model parameters for
different domains. The notations of source and target domains are summarised in Table
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Table 7: Notations of the source and target domains.

Domains | Model Parameters | Data

Source/Online (S) | World model ¢’, Actor ¢, | Raw data (OES),aﬁs),rgs)), Relabeled reward

Critic &' with infomation from both domains 7"’
Target/Offline (T") | World model ¢, Actor 1, | Raw data (ogT), aET), rt(T))
Critic &

A.2 World Model

We adopt the framework of the world model used in [16]]. The image encoder is a Convolutional
Neural Network (CNN). The image predictor is a transposed CNN and the transition, reward, and
discount factor predictors are Multi-Layer Perceptrons (MLPs). The discount factor predictor serves
as an estimate of the probability that an episode will conclude while learning behavior based on
model predictions. The encoder and decoder take 64 x 64 images as inputs.

A.3 Behavior Learning

For the behavior learning of CoWorld, we use the actor-critic method from DreamerV?2 [16]. The
A-target Vt(T) in Eq. (@) is defined as follows:

2(T) (T) .
V(T) = A1) | 5(T) (1- A)UE (Zt+1) + >‘Vt+1 ift< H .
¢TI (T) . : ®)
3 (ZH ) ift=H

where ) is set to 0.95 for considering more on long horizon targets. The actor and critic are both
MLPs with ELU activations [6]. The target actor and critic are trained with guidance from the source
critic and regress the A-return with a squared loss. The world model is fixed during behavior learning.
The source actor and critic are:

Source Actor: &ES) ~ Ty (&ES) \2)5(5))
©
Source Critic: Ver (2t(s)) ~Ep, p, [ZT>t ‘y&i)tfgs)} .
We train the source actor 7y, by maximizing
H-1
S) | 5(8 s
L) = By, | 3B [af 157+ pv
=1 —— \V-’
entropy regularization dynamics backprop (10)

~(S ~(S S (S
+ (L= p) (@t | 5)sg (VY = e (31)) ]

REINFORCE

The source critic v¢r is optimized by minimizing
H-1

LE)=Ep, ., [ Z % (1}5/ (5§S)> —sg (Vt(s)»?]. (11)

A.4 Hyperparameters

The hyperparameters of CoWorld are shown in Table

B Additional Quantitative and Qualitative Results

B.1 Visualizations on Policy Evaluation

We evaluate the trained agent of different models on the Meta-World and DMC tasks and select the
first 45 frames for comparison. Figure[§]and Figure [0] present examples of performing the learned
policies of different models on DMC and Meta-World respectively.
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Figure 8: Additional qualitative results of policy evaluation on the DMC tasks.

https://doi.org/10.52202/079017-3083 97218



Table 8: Hyperparameters of CoWorld.

Name Notation Value
Co-training Meta-World / RoboDesk DMC
Domain KL loss scale Ba 1 1.5
Target-informed reward factor k 0.3 0.9
Target critic value loss scale « 2 1
Source domain update iterations K 2104 2104
Target domain update iterations K> 5-10* 2.-10*
World Model

Dataset size — 2106

Batch size B 50

Sequence length L 50

KL loss scale 51 1

Discrete latent dimensions — 32

Discrete latent classes — 32

RSSM number of units — 600

World model learning rate — 21074

Behavior Learning

Imagination horizon H 15

Discount vy 0.995

A-target A 0.95

Actor learning rate — 4-107°

Critic learning rate — 1-1074

LOMPO

Offline DV2

CoWorld

Figure 9: Policy evaluation on the Meta-World Button Topdown task. The model-free method CURL
cannot complete the task (green box). CoWorld achieves better performance and finishes the task in
fewer steps (red box) than Offline DV2 (blue box).

B.2 Quantitative Results on DMC Medium-Expert Dataset

Similar to the data collection strategy of the medium-replay dataset, we build offline datasets with
medium-expert quality using a DreamerV2 agent. The medium-expert dataset comprises all the sam-
ples in the replay buffer during the training process until the policy attains expert-level performance,
defined as achieving the maximum score that the DreamerV2 agent can achieve. As shown in Table[9]
CoWorld outperforms other baselines on the DMC medium-expert dataset in most tasks.
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Table 9: Performance on DMC medium-expert dataset. We report the mean rewards and standard
deviations of 10 episodes over 3 seeds.

Model |WW — WD WW — WU WW — WN CR—CD CR—CU CR—CN Avg.
Offline DV2| 450 + 24 141+1 214 £8 248+9 3+0 48+3 184
DrQ+BC 808147 762461 808145 862+£13  454+12  730+17 737
LOMPO 5481245 449+117 688+97 174429 19£10 113£35 332
Finetune 784446 671+65 851+91 858+9 428149 833+7 738
CoWorld 848+9 774129 919+7 871+13 475416 844+1 789

B.3 Quantitative Results on Meta-World

Figure[T0(a) compares the performance of different models on Meta-World. DV2 Finetune demon-
strates better performance in the initial training phase, thanks to its direct access to the source
environment. Instead, CoWorld introduces auxiliary source value guidance to assist the training
of the target agent. In the final phase of training, the source value guidance is more effective, and
then CoWorld outperforms DV2 Finetune. Figure [[0(b)| presents the ablation studies of CoWorld
conducted on Meta-World, highlighting the effectiveness and necessity of each training stage.
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Figure 10: (a) Comparison with various approaches on the Meta-World Button Press task. (b)
Ablation studies on the Meta-World Button Press task that can show the effect of state alignment
(green), reward alignment (purple), and min-max value constraint ( ).

B.4 Effect of Latent Space Alignment

We feed the same observations into the source and target encoder of CoWorld and then use the t-
distributed stochastic neighbor embedding (t-SNE) method to visualize the latent states. As shown in
Figure[TT] the representation learning alignment bridges the gap between the hidden state distributions
of the source encoder and target encoder.

B.5 Additional Results on the Realistic Sim2Real Setup

Due to the limitation in experimental resources, we are unable to conduct experiments with real
robots. We make efforts to construct a more realistic sim2real setup. The experiment is conducted
with the identical robot control task for both the source and target domains. We manually introduce
two types of noise into the visual observation and action space of the target domain, trying to mimic
the complex and noisy real-world scenes.

* Visual noise: We modify the original DeepMind Control environment by replacing the static
background with dynamic backgrounds of random real-world videos.

¢ Action noise: We add Gaussian noises n; sampled from A (0, 1) to every dimension of the action
in Meta-World and RoboDesk, which originally ranges in (-1,1). This mimics scenarios where the
offline dataset is collected using a low-cost (less inaccurate) real robot.
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Visualization of the latent space alignment on Meta-World Handle Press — Button

Press task by the t-SNE method. (a) Latent space of CoWorld before alignment. (b) Latent space of

CoWorld after alignment.

Table 10: Results with more significant domain gaps.

Target Domain CoWorld DV?2 Finetune
DMC Walker Walk 544 457
DMC Cheetah Run 296 220
RoboDesk Push Green (w = 1) 406 358
Meta-World Button Topdown (w = 0.1) 3752 2693
Meta-World Button Topdown (w = 1) 3567 3104
Meta-World Button Topdown (w = 5) 951 670

As shown in Table we compare CoWorld with the finetuned DreamerV2 model on this new
setup. We apply noise of three magnitudes, w ~ {0.1,1, 5}, in the Meta-World Button Topdown task,

real

leading to noisy actions of ay* = a; + w - ng.

From the above results, it is evident that CoWorld consistently outperforms the naive finetuning
method in this ‘sim2real’ setup. Importantly, we assess the model under more challenging setups,
with more significant domain gaps, as illustrated in Table

B.6 Comparison with Pre-trained Foundation Model R3M

R3M [32] is pretrained on Ego4D human video dataset and facilitates efficient learning of downstream
robotic tasks. R3M is shown to be a competitive model, particularly in its ability to transfer
representations across domains with diverse visual inputs. For model comparison, we leverage
the pre-trained weights of R3M from the official repository to initialize the representation model. We
then perform policy optimization based on it for downstream tasks in the Meta-World environment.
We respectively employ expert data, sourced from the official repository, alongside our own data,
which is collected from scratch with mixed data quality. And DV2 Finetune is also pretrained in
a related task and finetuned on the offline dataset. As demonstrated in Table [T} our approach

outperforms the R3M / DV2 fine-tuning model.

It is important to note that:

* Despite its generalizable representations, R3M is NOT specifically designed to solve the value over-
estimation problem, which is fundamental in offline RL. In contrast, our approach not only aligns
state representations across domains but also effectively tackles the issue of value overestimation,

and therefore achieves better performance.

* The fine-tuning process of R3M necessitates expert demonstrations for high-quality imitation
learning. However, its performance empirically deteriorates when applied to the offline dataset of

the medium-replay data.

* The pre-training process of R3M typically takes around 5 days on a V100 GPU, while the entire
training procedure of our approach takes only about 2 days on a 3090 GPU.
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Table 11: Comparison of CoWorld with using a pre-trained foundation model, R3M.

\ CoWorld R3M (expert data) R3M (our data) DV2 Finetune

Button Press Topdown 3889 1609 311 3499
Drawer Close 4845 N/A 4616 4273
Handle Press 4570 N/A 1603 3702

Table 12: Runtime comparisons evaluated on Meta-World (HP — BT).

Model \ # Training iterations  Training time  Inference time per episode
Offline DV2 300k 2054 min 2.95 sec
DrQ+BC 300k 200 min 2.28 sec
CQL 300k 405 min 1.88 sec
CURL 300k 434 min 2.99 sec
LOMPO 100k 1626 min 4.98 sec
DV?2 Finetune 460k 1933 min 6.63 sec
DV?2 Finetune+EWC 460k 1533 min 5.58 sec
CoWorld 460k 3346 min 4.47 sec

B.7 Training Efficiency

As shown in Table [I2] we evaluate the training/inference time on Meta-World (Handle Press —
Button Topdown) using a single RTX 3090 GPU. Empirically, CoWorld achieves convergence (90%
of the highest returns) in approximately 14 hours; while it costs DV2 Finetune about 13 hours. These
results indicate that CoWorld requires a comparable training wall-clock time to DV2 Finetune, while
consistently maintaining better performance in terms of returns after model convergence.

C Multi-Source CoWorld

The key idea of multi-source CoWorld is to allocate a set of one-hot weights w!=* to candidate
source domains by calculating their KL divergence in the latent state space to the target domain,
where i € [1, M] is the index of each source domain. This procedure includes the following steps:

1. World models pretraining: We pretrain a world model for each source domain and target domain
individually.

2. Domain distance measurement: At each training step in the target domain, we measure the KL
divergence between the latent states of the target domain, produced by e (ogT) ), and corresponding
states in each source domain, produced by e (OET)). Here, eg) is the encoder of the target world

model, and ey’ is the encoder of the world model for the source domain 7.

3. Auxiliary domain identification: We dynamically identify the closest source domain with the
smallest KL divergence. We set wi=1* as a one-hot vector, where w! = 1 indicates the selected
auxiliary domain.

4. Rest of training: With the one-hot weights, we continue the rest of the proposed online-to-offline
training approach. During representation learning, we adaptively align the target state space to the
selected online simulator by rewriting the domain alignment loss term in Eq. (3) as

M
Lus = B2 Y_wiKL [sg(glew (o)) || gles(of)] - (12)

i=1

To evaluate the effectiveness of the multi-source adaptive selection algorithm, we conducted experi-
ments on Meta-World and RoboDesk Benchmark. For each target task, two source tasks are used,
including the CoWorld best-performing task and the CoWorld worst-performing task. Additionally,
the sub-optimal source task is added for some target tasks.
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Table 13: The source domain automatically selected by Multi-Source CoWorld. MW represents
Meta-World and RD stands for RoboDesk.

Target domain \ Selected source domain
MW: Door Close MW: Drawer Close
MW: Button Press MW: Handle Press
MW: Window Close MW: Button Topdown
MW: Handle Press MW: Button Press
MW: Button Topdown MW: Handle Press
MW: Drawer Close MW: Door Close

RD: Push Button MW: Button Press
RD: Open Slide MW: Window Close
RD: Drawer Open MW: Drawer Close
RD: Upright Block off Table MW: Handle Press

As shown in Table[T3] multi-source CoWorld can adaptively select the best source task for most multi-
source problems to ensure adequate knowledge transfer. The performance of multi-source CoWorld
is reported in Table 2] CoWorld flexibly adapts to the transfer learning scenarios with multiple
source domains, achieving comparable results to the model that exclusively uses our manually
designated auxiliary simulator as the source domain (best-source). This study significantly improves
the applicability of CoWorld in broader scenarios.

D Source and Target Domains

Meta-World. For the Meta-World environment, we adopt robotic control tasks with complex visual
dynamics. For instance, the Door Close task requires the agent to close a door with a revolving joint
while randomizing the door positions, and the Handle Press task involves pressing a handle down
while randomizing the handle positions. To evaluate the performance of CoWorld on these tasks, we
compare it with several baselines in six visual RL transfer tasks.

RoboDesk. We select Meta-World as the source domain and RoboDesk as the target domain. No-
tably, there exists a significant domain gap between these two environments. The visual observations,
physical dynamics, and action spaces of the two environments are different. First, Meta-World adopts
a side viewpoint, while RoboDesk uses a top viewpoint. Further, the action space of Meta-World
is 4 dimensional, while that in RoboDesk is 5-dimensional. Considering these differences, the
Meta-World — RoboDesk benchmark presents a challenging transfer learning problem.

DeepMind Control. We train the source agents in standard DMC environments and train the target
agents in modified DMC environments. Walker Uphill and Cheetah Uphill represent tasks in which
the ground has a 15° uphill slope. Walker Downhill and Cheetah Downhill represent the tasks in
which the plane has a 15° downbhill slope. We evaluate the model in six tasks with different source
domains and target domains.

We assume that there exist notable distinctions between the source and target domains (see Table|[T).
This assumption can be softened by our proposed approach that mitigates domain discrepancies
between distinct source and target MDPs. Our experiments reveal that the CoWorld method exhibits
a notable tolerance to inter-domain differences in visual observation, physical dynamics, reward
definition, or even the action space of the robots. This characteristic makes it more convenient to
choose an auxiliary simulator based on the type of robot. For example:

* When the target domain involves a robotic arm (e.g., RoboDesk), an existing robotic arm simulation
environment (e.g., Meta-World) can be leveraged as the source domain.

* In scenarios with legged robots, environments like DeepMind Control with Humanoid tasks can
serve as suitable auxiliary simulators.

* For target domains related to autonomous driving, simulators like CARLA can be used.
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E Compared Methods

We compare CoWorld with several widely used model-based and model-free offline methods.

* Offline DV2 [25]: A model-based RL method that modifies DreamerV2 [16] to offline setting, and
adds a reward penalty corresponding to the mean disagreement of the dynamics ensemble.

* DrQ+BC [25]: It modifies the policy loss term in DrQ-v2 [50] to match the loss given in [10].

* CQL [25]: Tt is a framework for offline RL that learns a Q-function that guarantees a lower bound
for the expected policy value than the actual policy value. We add the CQL regularizers to the
Q-function update of DrQ-v2 [21].

* CURL [22]: It is a model-free RL approach that extracts high-level features from raw pixels
utilizing contrastive learning.

* LOMPO [39]: An offline model-based RL algorithm that handles high-dimensional observations
with latent dynamics models and uncertainty quantification.

* LOMPO Finetune: It pretrains a LOMPO agent [39] with source domain data and subsequently
finetunes the pretrained agent in the offline target domain.

* DV2 Finetune: It pretrains a DreamerV?2 agent [[16] in the online source domain and subsequently
finetunes the pretrained agent in the offline target domain. Notably, Meta-World — RoboDesk
tasks’ action space is inconsistent, and we can’t finetune directly. Instead, we use the maximum
action space of both environments as the shared policy output dimension. For Meta-World and
Meta-World — RoboDesk transfer tasks, we pretrain the agent for 160k steps and finetune it 300k
steps. For DMC transfer tasks, we pretrain the agent for 600k steps and finetune it for 600k steps.

* DV2 Finetune+EWC: It modifies the DV2 Finetune method with EWC [19] to regularize the model
for retaining knowledge from the online source domain. The steps of pretraining and finetuning are
consistent with DV2 Finetune.

F Broader Impacts

CoWorld is a transfer learning method that may benefit future research in the field of offline RL,
model-based RL, and visual RL. Beyond the realm of reinforcement learning, this approach holds
great potential to contribute to various domains such as robotics and autonomous driving.

In real-world scenarios of healthcare applications, Zhang et al. [62] employed offline RL algorithms
to train policies using a large amount of historical dataset, determining the follow-up schedules and
tacrolimus dosages in Kidney Transplantation and HIV. There are also corresponding simulators
[17,[1] designed by medical domain experts, with parameters learned from real-world data.

Another practical use of the proposed setup is advertising bidding, where direct interactions with real
online advertising systems for training are challenging. A recent solution involves constructing a
simulated bidding environment based on historical bidding logs for interactive training, such as [30],
and mitigating the inherent differences between the virtual advertising environment and real-world
advertising systems. Therefore, in many real-world scenarios, it is possible to optimize the policies
learned from offline datasets with simulators.

A potential negative social impact of our method is the introduction of existing biases from the
additional domain. If the training data used to develop our algorithm contains biases, the model may
learn those biases, leading to unfair outcomes in decision-making processes. It’s crucial to carefully
address biases in both data and algorithmic design to mitigate these negative social impacts.
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the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We include the licenses at https://github.com/qiwang067/CoWorld.
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: [Yes]

Justification: We include the documentation at https://github.com/qiwang067/
CoWorld.

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: This paper does not involve crowdsourcing experiments and research with
human subjects.

Guidelines:

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

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

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

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

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

Answer: [NA]

Justification: 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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