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ABSTRACT

Score-based generative models like the diffusion model have been testified to be
effective in modeling multi-modal data from image generation to reinforcement
learning (RL). However, the inference process of diffusion model can be slow, which
hinders its usage in RL with iterative sampling. We propose to apply the consistency
model as an efficient yet expressive policy representation, namely consistency
policy, with an actor-critic style algorithm for three typical RL settings: offline,
offline-to-online and online. For offline RL, we demonstrate the expressiveness of
generative models as policies from multi-modal data. For offline-to-online RL, the
consistency policy is shown to be more computational efficient than diffusion policy,
with a comparable performance. For online RL, the consistency policy demonstrates
significant speedup and even higher average performances than the diffusion policy.

1 INTRODUCTION

Parameterized policy representation is an important component for policy-based deep reinforcement
learning (DRL) (Sutton & Barto, 2018; Arulkumaran et al., 2017; Dong et al., 2020). Prior works have
developed a variety of policy parameterization methods. For discrete action space, existing policy pa-
rameterization includes Softmax action preferences (Sutton & Barto, 2018), Gumbel-Softmax for cate-
gorical distributions (Jang et al., 2016), decision trees (Frosst & Hinton, 2017; Ding et al., 2020), etc. For
continuous action space, the most typical choice is unimodal Gaussian distribution. However, in practice
the demonstration dataset often encompasses samples from a mixture of behavior policies. To capture
the multi-modality in data distribution, Gaussian mixture model (GMM) (Jacobs et al., 1991; Ren et al.,
2021), variational auto-encoders (VAE) (Kingma & Welling, 2013; Kumar et al., 2019), denoising diffu-
sion probabilistic model (DDPM) (Ho et al., 2020; Song et al., 2020; Wang et al., 2022; Chi et al., 2023;
Hansen-Estruch et al., 2023; Venkatraman et al., 2023) are adopted as policy representation.

The desiderata for policy representation in DRL includes: 1. The strong expressiveness of the function
class is found to be critical for modeling multi-modal data distribution in offline RL (Wang et al.,
2022) or imitation learning (IL) (Chi et al., 2023); 2. Differentiability of the model is usually required
for ease of optimization with stochastic gradient descent; 3. Computational and time efficiency for
sampling can be essential for RL agents learning from interactions with environments. Previous
works with action diffusion models (i.e., diffusion policy) testify the expressiveness of diffusion
models for multi-modal action distributions (Wang et al., 2022; Chi et al., 2023; Hansen-Estruch et al.,
2023; Janner et al., 2022; Ajay et al., 2022). Although GMM and VAE also capture multi-modality,
diffusion models with large sampling steps are found to be more expressive for IL and offline RL
scenarios (Wang et al., 2022; Chi et al., 2023). However, it is known that the diffusion model with
progressive denoising over a large number of steps can lead to slow sampling speed. The action
inference can be a critical bottleneck for online RL heavily depends on sampling from environments.
A direct usage of diffusion policies for online settings with policy gradient for optimization requires
backpropagating through the diffusion networks for the number of sampling steps, which is not scalable
for its large time consumption and memory occupancy. Consistency models (Song et al., 2023) based
on probability flow ordinary differential equation (ODE) is proposed as a rescue with comparable
performances as diffusion models but much less computational time, which allows few-step generation
process thus significantly reduce the time consumption at inference stage.

This paper takes the first step adapting the consistency model—an expressive yet efficient generative
model-as policy representation for DRL. The consistency policy is embedded in both behavioral
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cloning (BC) method and an actor-critic (AC) algorithm, namely Consistency-BC and Consistency-AC.
Experimental evaluation includes three typical RL settings: offline, offline-to-online and online.
Policies with two generative models—diffusion model and consistency model—are thoroughly compared
in all three settings on D4RL dataset (Fu et al., 2020). For offline RL, we propose a new loss scaling for
stabilizing the training process of consistency policy with policy regularization, and demonstrate the
expressiveness of two generative policy models. This is illustrated by showing BC with an expressive
model like diffusion or consistency provides fairly good policies outperforming some previous offline
RL methods. The performances are further improved by leveraging the actor-critic style algorithm
with necessary policy regularization to avoid generating out-of-distribution actions. The fast sampling
process of the consistency policy not only helps to reduce the training time, e.g., by 43% for offline
BC, but more importantly, improves the time efficiency for online interaction in the environments
by accelerating action inference. For offline-to-online setting with initialized models trained on offline
dataset and online setting with learning from scratch, the consistency policy shows comparable or even
higher performances than the diffusion policy in some tasks, using significantly shorter wall-clock
time for training and inference. The source code is available'.

2 RELATED WORKS

Offline and Offline-to-Online RL. The offfine RL is the problem of policy optimization with a fixed
dataset. It is well known for suffering from the value overestimation problem for out-of-distribution
states and actions from the dataset. Existing methods for solving this issue fall into categories of (1)
explicitly constraining the learning policy with offline data using batch constraining, behavior cloning
(BC) or divergence constraints (e.g., Kullback-Leibler, maximum mean discrepancy), including
algorithms Batch-Constrained deep Q-learning (BCQ) (Fujimoto et al., 2019), TD3+BC (Fujimoto
& Gu, 2021), Onestep RL (Brandfonbrener et al., 2021), Advantage Weighted Actor-Critic
(AWAC) (Nair et al., 2020), Bootstrapping Error Accumulation Reduction (BEAR) (Kumar et al.,
2019), BRAC (Wu et al., 2019), Diffusion Q-learning (Diffusion QL) (Wang et al., 2022), Extreme
Q-learning (X-QL) (Garg et al., 2023) and Actor-Restricted Q-learning (ARQ) (Goo & Niekum,
2022), or (2) implicit regularization with pessimistic value estimation, like Conservative Q-learning
(CQL) (Kumar et al., 2020), Random Ensemble Mixture (REM) (Agarwal et al., 2020), Implicit
Q-learning (IQL) (Kostrikov et al., 2021), Implicit Diffusion Q-learning (IDQL) Hansen-Estruch et al.
(2023), Model-based Offline Policy Optimization (MOPO) (Yu et al., 2020), etc. MoRel (Kidambi
et al., 2020) is a model-based offline RL algorithm constructing pessimistic MDP for learning
conservative policies, which does not clearly fall into above two categories. Offline-to-online RL
usually suffers from a catastrophic degraded performance at initial online training stage, due to the
distribution shift of training samples. Previous research has studied online fine-tuning with offline
data or pre-trained policies, including Hybrid Q learning (Song et al., 2022), RLPD (Ball et al.,
2023), Cal-QL (Nakamoto et al., 2023), Action-free Guide (Zhu et al., 2023), Actor-Critic Alignment
(ACA) (Yu & Zhang, 2023) and Lee et al. (2022).

Score-based Generative Model for RL. For policy representation in RL, recent work also uses
Denoising Diffusion Probabilistic Models (DDPM) (Ho et al., 2020; Song et al., 2020), which we
loosely refer to as the diffusion model (original diffusion model traces back to Sohl-Dickstein et al.
(2015)) in this paper, to capture the multi-modal distributions in offline dataset. Diffusion QL (Wang
et al., 2022) uses diffusion model for policy representation in the Q-learning+BC approach. Implicit
Diffusion Q-learning (IDQL) (Hansen-Estruch et al., 2023) is a variant of IQL using diffusion policy.
Diffusion policies (Chi et al., 2023) applies diffusion models for policy representation under imitation
learning settings in robotics domain. Diffuser (Janner et al., 2022) and Decision Diffuser (Ajay
et al., 2022) combines decision transformer architecture with diffusion models for model-based
reinforcement learning from offline dataset. Diffusion policies are also used for goal-conditioned
imitation learning (Reuss et al., 2023) and human behavior imitation (Pearce et al., 2023). Q-guided
Policy Optimization (QGPO) (Lu et al., 2023) proposes a new formulation for intermediate guidance
in diffusion sampling process. Latent Diffusion-Constrained Q-Learning (LDCQ) (Venkatraman et al.,
2023) proposes to apply latent diffusion model with a batch-constrained Q value to handle the stitching
issue and the extrapolation errors for offline dataset.

"https://github.com/quantumiracle/Consistency_Model_For_Reinforcement_Learning


https://github.com/quantumiracle/Consistency_Model_For_Reinforcement_Learning

Published as a conference paper at ICLR 2024

3 PRELIMINARIES

3.1 OFFLINE AND ONLINE RL

For RL, we de ne a Markov decision proceS;A;R;T; o; ), whereS is the state spacé, is the

action spaceR(s;a): S A!  Risthe reward functioril (s9s;a): S A!  Pr(S) is the stochastic
transition function, o(sg): S! Pr(S) isthe initial state distribution, and2 [0;1]is the discount factor

for value estimation. A stochastic policyajs): S! Pr(A) determines the actiam2 A for the agent

to take given itsgurrent staé@ S, and the optimization objective for the policy is its discounted cumula-
tive rewardE [ tl:o tr(st;a)]. For of ine RL, there exist a datasBx= f (s;a;r;s%don@ g collected

with some behavior policies?, and the current policy is set to be optimized with . For online RL, the
agentis allowed collect samples through interacting with the environment to compose an online training
datasebD for optimizing its policy. We consider parameterized policy representation.as

3.2 CONSISTENCYMODEL

The diffusion model (Ho et al., 2020; Song et al., 2020) solves the multi-modal distribution matching
problem with a stochastic differential equation (SDE), while the consistency model (Song et al., 2023)
solves an equivalent probability ow ordinary differential equation (OD%ﬁ = r logp (x) with

P (X)= pgadX) N (0; ?1) fortime period 2 [0;T], wherepga{X) is the data distribution. The
reverse process along the solutiontrajectdyg , .7 ; of this ODE is the data generation process from
initial random samplegt N (0;T2l), with as asmall constant close@dor handling numerical
problem at the boundary. For speeding up the sampling process from a diffusion model, consistency
model shrinks the required number of sampling steps to a much smaller value than the diffusion model,
without hurting the model generation performance much. Speci cally, it approximates a parameterized
consistency functioh :(x ; )! x ,whichis de ned as a map from the noisy sampleat step

back to the original sample , instead of applying a step-by-step denoising fungtigqix  1jx ) as

the reverse diffusion process in diffusion model. The training and inference details of consistency model
refer to Appendix B. For modeling the conditional distribution with condition variatlee consistency
functionis changedto lde (c;x ; ), whichis sightly different from original consistency model.

4 CONSISTENCYMODEL ASRL PoLicy

The consistency model as policy representation in RL can be formulated in the following way. To
map the consistency model to a policy in MDP, we set:

C, S; X, @, PgadX), po(as); (s), Consistency _Inference (s;f ) (1)
wherepp (ajs) is the action-state conditional distribution from of ine dataBet

Consistency Action Inference. By setting the condition variableas states and generated variable

X as actiorg, the consistency functioh can be used for generating actions from states following
the conditional distribution of the datasig., a behavior RL policy. The parameterized policy

is de ned implicitly in terms off , with which an actiora conditioned on state can be generated
following theConsistency _Inference  as Alg. 1 with predeterminefd ,jn 2 [N ]Jg sequence.
During the inference process, a trainedﬁonsistency nfodek . ; ) iteratively predicts denoised
samples from the noisy inpués, = a+ 2 2z along the probability ow ODE trajectory at
stepn 2 [N ], with Gaussian noise N (0;1). f ,jn 2 [N]gis a sub-sequence of time points on a
certain time periodl;T Jwith ;= ; y = T. Forinference, the sub-sequence is a linspa¢eTof
with (N 1) sub-intervals. A single-step version@bnsistency _Inference  can be achieved
by justsef ,jn=0;1g="f ;T g. Notice thafl here is the time horizon for denoising process in the
consistency model instead of the episode length of the sample trajectory.

Consistency Behavior Cloning. With the of ine dataseD), the conditional consistency model as

policy can be trained with loss by adapting trgle original (Song et al., 2023): )
i

L( )= Enu anN 1isa)p zn o) (n)df (sia, s )ifi(sia,;n) )

where () is a step-dependent weight functien, = a+ ,z andd( ;) is the distance metrid. |

is exponential moving average bf for stabilizing the target estimation in training. In classical
actor-critic algorithm, there exists the same delayed update of the policy netwofike., f | ) for
estimating targe®-values, which is set to coincide with the target in estimating the consistency loss.
The setting for , is detailed in Appendix B. Pseudo-code of Consistency BC refers to Alg. 2.
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Algorithm 1 Consistency Action Inference Algorithm 3 Of ine Consistency Actor-Critic

Input s;f NST 1 Onong In.p.ut.ofine de_ltasetD . N
Initiala  f (s;ar;T);ar N (0;T2l) Initialize consistency policy network , critic
forn=N 1tp2do networksQ ,;Q ,
a_  at 2 2z,zN (0)) Irrltlallze tlarget network parameterst ,
a f(sa.;n) 1o L2 2
end for for policy training iteration&=1;:::;K do
return a Sample minibatcB = f (s;a;r;s9g D ;
% Q-value Update
Algorithm 2 Consistency Behavior Cloning UpdateQ ,;Q , with Eq. 3;
Input of ine datasetD % Policy Update .
Initialize consistency policy , target | Update policy  (with modelf ) via Eq. 4;
for iterationsk=1;:::;K do % Target Update |
Update policy (with modelf ) usingloss lUpdate target: | b+@ ),
Le( )asEq.2; it ) pi2f L2g;
Update target: | l+@ ) end for
end for return  ;Q ,;Q ,

Consistency Actor-Critic. As as estimation of the state-action value of current policy, the
parameterize® (s;a) function can be learned with the double Q-learning loss (Fujimoto et al., 2018)
with batched dat8 D

2
L( )= E(S;a;s 9B ;al 1 (js9) r(s;a)+ infn]i.I"‘ZQQ || (SO;aO) Q i(S;a) (3)
with Q ! as adelayed update @f , ;i 2f 1;2g for stabilizing training.

The regularized policy on of ine dataset is learned with a combination of policy gradient through
maximizing the expecte@ (s;a) function and a behavior cloning regularization with consistency
lossL¢( ):

L()=Lc( )+ Lg() 4)
whereLq( )= Esg 2 (s) Q (S:9) ©)
wherea (s) is action inference from the consistency policy as Alg.1. It can be noticed that the
actions generated witk denoising steps will produce the policy gradients throughthés;a) in
above equation, thus it also backpropagates thréuddr N times in the gradient descent procedure,
which can lead to additional time consumption apart from the multi-step model inference. Therefore,

reducing the denoising stepiscan be critical for the speed of this type of models as RL policies. The
consistency actor-critic (Consistency-AC) algorithm is provided in pseudo-code Alg. 3.

Loss Scaling. The consistency loss as Eq. 2 matches the denoised predictions from two consecutive
timesteps,, and .1 . Due to the usage & (k) schedule (detailed in Appendix B), their difference

i n+1  nj decreases as the training iteratloimcreases (thu (k) also increases), which allows

the consistency model to have a coarse-to- ne matching process across different time scales. This
also leads to a decreasing loss vdle;k) ask increases from 1 t& since the predictions from
smaller time intervals are easier to match. Actually, thellggs) changes drastically across several
magnitudes within an epoch, which leads to severe imbalance with the second lokg teyrim Eq. 4.

The coef cient is a constant hyperparameter independeft gb it cannot help to alleviate this issue.
Although original consistency model applie§ ,) 1 forimage generation, we empirically nd that

in of ine RL this imbalance of two loss terms can hurt the effect of policy regularization in some tasks,
as evidenced by ablation studies in Sec. 5.2. To solve this issue, we prdpaspandent weighting
mechanism to balance the values of two loss terms. This is found to improve the performances of

this policy regularization method with consistency model on of ine RL. Speci cally) in Eq. 2
ischosentobe:( n; n+1 k)= PR (R (3] where is set according to tasks (or absorbed)n
The denominator captures the loss scale at iter&timonveniently.

5 EXPERIMENTAL EVALUATION

To evaluate the expressiveness and computational ef ciency of the proposed consistency policy and cor-
responding algorithms, we conduct experiments on four task suites (Gym, AntMaze, Adroit, Kitchen) in
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D4RL benchmarks under three canonical RL settings: of ine (Sec. 5.1, Sec. 5.2), of ine-to-online and
online (Sec. 5.3). Itis known that the DARL of ine dataset can exhibit multi-modality since the samples
may be collected with a mixture of polices or along various sub-optimal trajectories, which makes the
expressiveness of policy representation critical (Fu et al., 2020; Wang et al., 2022). For of ine RL, the
generative models as policies are evaluated with both behavior cloning (Consistency-BC, Diffusion-BC)
and actor-critic type (Consistency-AC, Diffusion-QL) algorithms, in terms of both performances and
computational time. The Diffusion-QL is also an actor-critic algorithm though with name QL. Variants

of Consistency-AC are compared as ablation studies and the best performances are reported. For of ine-
to-online and online RL settings, the learning curves and nal results are compared for different methods.
For evaluation, each model is evaluated over 10 episodes for Gym tasks and 100 episodes for other tasks,
following the settings in previous work (Wang et al., 2022). By default, the consistency policy applies the
number of denoising stepé =2 with a saturated performances on most of D4RL tasks, while diffusion
policy useN =5 (Wang et al., 2022). Effects of different choiced\bfre discussed in Sec. 5.2.

5.1 OFFLINE RL: BEHAVIOR CLONING WITH EXPRESSIVEPOLICY REPRESENTATION

Empirical nding 1: By behavior cloning alone (without any RL component), using an expressive
policy representation with multi-modality like the consistency or diffusion model achieves performances
comparable to many existing popular of ine RL methods. Learning consistency policy requires much
less computation than learning diffusion policy.

The proposed methddonsistency-BCfollows Alg. 2 with consistency policy for behavior cloning,
andDiffusion-BC is by replacing the policy representation with a diffusion model and replace the
policy loss with the diffusion model training lossi( ) as speci ed in paper (Wang et al., 2022).
Results for classic BC with Gaussian policies and previous of ine RL baselines, including AWAC (Nair
etal., 2020), Diffuser (Janner et al., 2022), MoRel (Kidambi et al., 2020), Onestep RL (Brandfonbrener
et al., 2021), TD3+BC (Fujimoto & Gu, 2021), Decision Transformer (DT) (Chen et al., 2021),
BCQ (Fujimoto et al., 2019), BEAR (Kumar et al., 2019), BRAC (Wu et al., 2019) and REM (Agarwal
etal., 2020), are adopted from previous paper (Wang et al., 2022). SAC (Haarnoja et al., 2018) is the

Table 1: The average scores of vanilla BC (with Gaussian), Consistency-BC, Diffusion-BC and several
of ine RL baselines on DARL Gym, AntMaze, Adroit, and Kitchen tasks are shown. For Consistency-
BC and Diffusion-BC, each cell has two values: one for of ine model selection and another (in brackets)
for online model selection. Each result is averaged over ve random seeds with standard deviations
reported. The bold values are the highest among each row.

Gym Tasks BC Consistency-BC Diffusion-BC AWAC Diffuser MoRel OnestepRL TD3+BC DT
halfcheetah-m 42.6 310 0:4(46:2 04) 454 1:8(463 0:2) 43.5 44.2 42.1 48.4 48.3 42.6
hopper-m 529 717 80(783 26) 653 58(7L1 55) 57.0 58.5 95.4 59.6 59.3 67.6
walker2d-m 753 831 0:3(841 0:3) 812 1:7(843 0:5) 72.4 79.7 77.8 81.8 83.7 74.0
halfcheetah-mr 36.6 344 53(454 07) 417 0:4(441 03) 40.5 42.2 40.2 38.1 44.6 36.6
hopper-mr 18.1 99.7 0:5(1004 0:6) 679 281(991 2:3) 37.2 96.8 93.6 97.5 60.9 82.7
walker2d-mr 26.0 733 57(808 24) 775 4:7(80:8 4:5) 27.0 61.2 49.8 49.5 81.8 66.6
halfcheetah-me 55.2 327 1.:2(396 34) 90:8 1:1(935 0:4) 42.8 79.8 53.3 93.4 90.7 86.8
hopper-me 525 906 9:3(968 4:6) 1076 4:3(1117 0:3) | 55.8 107.2  108.7 103.3 98.0 107.6
walker2d-me 107.5 1104 0:7(1116 0:7) 1089 0:6(1105 0:5) 74.5 108.4 95.6 113.0 110.1 108.1
Average 51.9 69.7 (75.9) 76.3(82.4) 50.1 75.3 729 76.1 75.3 74.7
AntMaze Tasks BC Consistency-BC Diffusion-BC AWAC BCQ BEAR OnestepRL TD3+BC DT
antmaze-u 54.6 758 4.0(87:0 45) 718 82(768 39 56.7 78.9 73.0 64.3 78.6 59.2
antmaze-ud 456 77.6 6:3(824 34) 612 9:4(788 T7:0) 49.3 55.0 61.0 60.7 71.4 53.0
antmaze-mp 0.0 56.8 30.1(71L6 145) 434 37.8(56:8 345) 0.0 0.0 0.0 0.3 10.6 0.0
antmaze-md 0.0 31.6 224(660 65) 298 36:3(694 123) 0.7 0.0 8.0 0.0 3.0 0.0
antmaze-Ip 0.0 102 4:6(150 3:8) 14.6 11:2(224 59) 0.0 6.7 0.0 0.0 0.2 0.0
antmaze-Id 0.0 128 82(198 4:.0) 26.6 10:7(330 82 1.0 2.2 0.0 0.0 0.0 0.0
Average 16.7 44.1(57.0) 41.2 (53.3) 18.0 23.8 23.7 20.9 27.3 18.7
Adroit Tasks BC Consistency-BC Diffusion-BC SAC BCQ BEAR BRAC-p BRAC-v REM
pen-human-vl 25.8 524 137(637 7:4) 611 59(66:7 4:9) 4.3 68.9 -1.0 8.1 0.6 5.4
pen-cloned-vl 38.3 334 6:0(519 6:6) 57.6 95(627 6:1) -0.8 44.0 26.5 1.6 -2.5 -1.0
Average 32.1 42.9(57.8) 59.4(64.7) 1.8 56.5 12.8 4.9 -1.0 2.2
Kitchen Tasks BC Consistency-BC Diffusion-BC SAC BCQ BEAR BRAC-p BRAC-v AWR
kitchen-c 33.8 452 50(509 3:6) 76.5 89(87:3 6:8) 15.0 8.1 0.0 0.0 0.0 0.0
kitchen-p 33.8 226 3:8(238 29 50.3 3:0(529 16) 0.0 18.9 13.1 0.0 0.0 15.4
kitchen-m 475 235 1:8(243 1.3) 56.5 6:6(64:7 4:6) 25 8.1 47.2 0.0 0.0 10.6
Average 38.4 30.4(33.0) 61.1 5.8 11.7 20.1 0.0 0.0 8.7
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algorithm used for collecting data in D4RL Gym tasks. Detailed hyperparameters for Consistency-BC
and Diffusion-BC refer to Appendix C.1.

Results from Tab. 1 show the advantage of us-

ing multi-modal policy representation for of-

ine RL even only with the BC method. For

reference purpose, the values in the brackets

allow for online evaluation to achieve the best

model selection from the set of trained models,
which serve as the maximal possible values for

the standard of ine selection without leverag-

ing online evaluation. Compared with vanill&igure 1: Average training time (seconds per epoch)
BC using the Gaussian distribution for policiegpr Consistency-BC and Diffusion-BC across tasks.
Consistency-BC with multi-modality outper-

forms it on14=20tasks, and Diffusion-BC has better or equivalent performance as BZD{30

tasks. Through leveraging multi-modal representation in BC, the improvement of normalized scores
averaged over tasks is signi cant, and this is mainly caused by the multi-modality within the of ine
dataset by mixing over policies. Moreover, compared with previous of ine RL baselines, which
do not just apply BC, the Consistency-BC and Diffusion-BC show comparable performances, and
even superior performances for tasks likaker2d-medium-vyhopper-medium-replay-y@alker2d-
medium-replay-v2avalker2d-medium-expert-v@ Gym tasks, most of AntMaze, Adroit and Kitchen
tasks. The consistency policy is slightly less expressive than the diffusion policy, which is within our
expectation due to its heavy reduction on the sampling steps. However, the consistency policy shows
higher computational ef ciency than diffusion policy as compared in Fig. 1, with an average reduction
of 42:97% computational time across 20 tasks. Detailed computational time for each task is provided
in Appendix C.2 Tab. 6.

5.2 OFFLINERL: CONSISTENCYACTOR-CRITIC

Table 2: The performance of Consistency-AC and SOTA baselines on D4RL Gym, AntMaze, Adroit
and Kitchen tasks for of ine RL setting. For Consistency-AC and Diffusion-QL, each cell has two
values: one for of ine model selection and another (in brackets) for online model selection. The bold
values are the highest among each row.

Tasks CQL IQL X-QL ARQ IDQL-A Diffusion-QL Consistency-AC

halfcheetah-m 440 474 483 49.3 51.0 51.1 05(51.5 0.3 69.1 0.7(71.9 0.9
hopper-m 585 663 74.2 610.4 65.4 90.5 4.6(96.6 3.4) | 80.7 10.5(99.7 2.3
walker2d-m 725 783 842 810.7 825 87.0 0.9(87.3 0.5 83.1 0.3(84.1 0.9
halfcheetah-mr 455 44.2 45.2 4.3 45.9 47.8 0.3(48.3 0.2 58.7 3.9(62.7 0.6
hopper-mr 950 947 100.7  8124.2 921  101.3 0.6(102.0 0.4 | 99.7 0.5(100.4 0.6)
walker2d-mr 772 739 822 667.0 85.1 955 15(98.0 05 | 795 3.6(83.0 1.5
halfcheetah-me 916 86.7 94.2 9D.7 95.9 96.8 0.3(97.2 0.4) 84.3 4.1(89.2 3.3
hopper-me 1054 915 111.2 110 0.9 108.6 111.1 1.3(112.3 0.8) | 100.4 3.5(106.0 1.3
walker2d-me 108.8 109.6 112.7 109 05 112.7 110.1 0.3(111.2 0.9 | 110.4 0.7(111.6 0.9
Average 776 77.0 83.7 76.2 82.1 87.9(89.3) 85.1(89.8)

antmaze-u 740 875 938 97 0.8 94.0 93.4 34(96.0 3.3 | 758 1.6(85.6 3.9
antmaze-ud 840 62.2 82.0 62 12.1 80.2 66.2 8.6(84.0 10.) 77.6 6.3(82.4 3.4
antmaze-mp 61.2 71.2 76.0 8(.3 84.5 76.6 10.8(79.8 8.7) | 56.8 30.1(71.6 14.5
Average 73.1 73.6 83.9 79.7 86.2 78.7 (86.6) 70.1(79.9)
pen-human-vl 352 715 - 455.2(v0) 72.8 9.6(75.7 9.0 63.4 7.7(67.9 5.3
pen-cloned-vl 272 373 - 507.1(v0) 57.3 11.9(60.8 11.8 | 50.1 2.2(53.7 3.9
Average 312 544 - 475 65.1(68.3) 56.8 (60.8)

kitchen-c 438 625 824 3714.2 - 84.0 7.4(845 61) | 51.9 60(67.6 2.7)
kitchen-p 498 463 737 50 5.0 - 60.5 69(63.7 52 | 382 18(39.8 1.6)
kitchen-m 51.0 510 625 399.4 - 62.6 5.1(66.6 3.3 | 458 15(46.7 0.9
Average 482 533 729 42.0 - 69.0(71.6) 45.3(51.4)

Total Average H 66.2 69.6 - 67.4 80.3(83.2) \ 72.1(77.9)
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Empirical nding 2: Replacing diffusion model with consistency model in TD3-BC type algorithm
for of ine RL will lead to speed up of model training and inference, with slightly worse performances
while still outperforming some other baselines.

For of ine RL, the proposed metho@onsistency-ACfollows Alg. 3 with consistency model for

policy representation, and the consistency policy is embedded in an actor-critic algorithm with BC
policy regularization to avoid generating out-of-distribution actions. Results for previous baselines,
including CQL (Kumar et al., 2020), IQL (Kostrikov et al., 202X);QL (Garg et al., 2023), ARQ (Goo

& Niekum, 2022), IDQL-A (Hansen-Estruch et al., 2023) and Diffusion-QL (Wang et al., 2022) are
adopted from results reported in corresponding papers. Detailed hyperparameters for Consistency-AC
and Diffusion-QL refer to Appendix C.1.

Results from Tab. 2 show the average normalized scores of different methods across ve random seeds,
with standard deviations reported for Diffusion-QL and Consistency-AC. The results in Tab. 2 are
directly comparable with the results in Tab. 1 since they follow the same of ine RL setting.

Tab. 2 shows that although Consistency-AC achieves a slightly lower average B2djetl{an
Diffusion-QL (80:3), it outperforms the other baselines in most of the tasks, like Gym and Adroit.
The AntMaze tasks are found to be hard for the Consistency-AC method, we conjecture that this
is potentially caused by the sparse reward signals (as evidenced by Appendix A Fig. 5) in dataset,
which makes the dif culty of Q-learning become more of a bottleneck than modeling the multi-modal
distributions with behavior cloning. The conservativeness ofthalue estimation might be important

but orthogonal to the proposed consistency policy. Considering the reduction of denoising steps in
the training and inference stages of Consistency-AC, it can be regarded as a trade-off between the
computational ef ciency and the approximation accuracy of multi-modal distribution, which will be
discussed as following.

Method N | Training Time (s per epoch) Inference Time (ms per sample) Avg. Norm Score
50 206.44 16.70 30.65 2.10 -
20 108.65 2.85 13.04 0.90 1092 TI(11T1 1.9)
Diffusion-QL 10 76:54 10:74 6:87 0:55 1086 0:6 (1125 0:2)
5 57:06 19:16 3:76 0:29 1082 56(1123 0:2)
2 3159 10:32 196 0:10 536 16:6(1035 10.0)
1 30:23 875 37 0:09 28 1.5(131 125)
50 15084 31.02 2650 1:92 -
20 76:22 9:92 1112 0:77 1013 6:3(107:3 0:2)
. 10 54:04 4:43 595 044 984 4:3(107:1 40)
Consistency-AC|—g 4079 279 339 029 1014 47 (1101 16)
2 31:94 1:55 1:84 0:21 1024 3:0(106:2 1:6)
1 2851 1.78 123 0:11 62 54(191 9:3)

Table 3: Comparison of computational time for two methods with different denoisinglstepshe
taskhopper-medium-expert-vZhe gray lines apply defauit values for two models.

Computational Time. To evaluate the computa-

tional ef ciency of Consistency-AC and Diffusion-

QL with different denoising stepgs , we conduct

experiments for evaluating the training and infer-

ence time foN 2f 1;2;5;10;20;50g on thehopper-

medium-expert-v2nvironment. As generative

models based on probability ow, both the con-

sistency model and the diffusion model require

the computational time directly dependent on the

number of denoising stedd, and consistency

model (Song et al., 2023) by design requires a

smaller number of steps for achieving similar gefrigure 2: The average normalized scores and
erative performances as the diffusion model. Theaining time versud for two models orhopper-
results are summarized in Tab. 3 for both the traimedium-expert

ing time (seconds per epoch) and the inference time

(milliseconds per sample) with the model training using different denoising kteps well as the
average normalized scores for models trained after 2000 epochs witN e&acth cell contains the
mean and standard deviation over ve random seeds. Consistency-AC saturates its performance with
only N =2 while Diffusion-QL saturates & =5, which consumes abo@it786 more training time
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while yielding a slightly better performanc&Q57 ). The “-” in the table withN =50 indicates a
missing value of the average score due to exceeding the limited time (72 hours) for the job. Moreover,
as shown in Fig. 2, Consistency-AC has better scaling laws than Diffusion-QL for both training and
inference in time consumption with increasiNg which is further testi ed by the linear tting results

in Appendix. C.2 Fig. 6.

Ablation Studies. Hansen-Estruch et al. (2023) proposes to use residual networks with layer nor-
malization for network parameterization in diffusion policy, namely LN-Resnet, which is also tested

for consistency policy in our experiments. As an ablation study, we compare different variants of
Consistency-AC for of ine RL setting, including (1) Consistency-BC by settis and without using
lossscaling (( ) 1inEg. 2); (2) only without loss scaling; (3) the standard setting with multi-layer
perceptrons (MLP) networks for the parameterizatioh ¢{4) the LN-Resnet parameterization of

f . These variants can be regarded as various hyperparameters or training settings for the proposed
Consistency-AC algorithm, and the reported results in Tab. 2 are the best choices among these variants.
The comparison results for four variants across four task domains are summarized in Fig. 3. Detailed
results for this ablation study are shown in Appendix C.3. We nd that LN-Resnet does not consistently
improve over MLP across tasks for the consistency model but bene ts mainly for the Adroit tasks.
Without loss scaling, the performance degrades signi cantly3[h8% on average) for most tasks,
although for some speci ¢ tasks.g, AntMaze) it may improve the performance a bit without loss
scaling. For most tasks except for AntMaze, Consistency-BC cannot achieve the best performances
and the Q-learning lodsq( ) (as Eq. 5) with proper scaling helps to further improve the scores.

Figure 3: Comparison of variants of Consistency-AC across tasks in of ine RL setting.

5.3 OFFLINE-TO-ONLINE AND ONLINE RL

Empirical nding 3: Consistency policy has a close but slightly worse performance than diffusion
policy for of ine-to-online RL, but a signi cant improvement of computational ef ciency.

For online RL, we consider both online learning from scratch and the of ine-to-online setting with the
model trained on of ine dataset as an initialization for online ne-tuning. As discussed in previous
Sec. 5.2, the of ine model can be selected in either an online or of ine manner, respectively by model
evaluation with or without online experience. Both types of models are used for initializing the policy
and value models at the beginning of online ne-tuning. For online ne-tuning, it follows the standard
actor-critic algorithm, that th® value is updated with Eq. 3 using online data, and the policy is updated
with the Q-learning los§ 4( ) only as Eq. 5. The algorithms usereedy for exploration with a
decaying schedule. Pseudo-codes for of ine-to-online and online Consistency-AC are provided in
Appendix D.1. Hyperparameters for training refer to Appendix D.2.

Table 4: Comparison of normalized scores (last epoch) for methods in of ine-to-online and online RL.

Of ine-to-Online Online
Gym Tasks SAC AWAC ACA Diffusion-QL Consistency-AC Diffusion-QL  Consistency-AC
halfcheetah-m| 75.2 50.5 66.6 99:6 2:3(99:8 1.6) 987 1:8(97:3 2.9) 473 2.9 551 7.0

hopper-m 734 975 96.5 772 256(60.0 11.8) 605 8:6(61:8 26:6) 82:8 30:6 863 284
walker2d-m 79.6 1.9 747 118:3 5:8(1175 59) 1089 3:0(107.9 105) 77.0 257 694 389
halfcheetah-mr| 68.9 46.8 50.0 96:3 39(976 1.2 80:7 10:5(823 9:4) 435 57 565 80
hopper-mr 740 96.0 855 684 20:3(90:6 24:0) 746 251(634 167) 94.0 122 758 268
walker2d-mr | 85.4 80.8 85.2 957 188(1055 137) 102:0 116(965 17:9) | 87:8 290 690 423
halfcheetah-me| 82.2 68.8 93.7 103:9 2:2(1029 1.8) 99:6 4:1(951 97) 397 36 567 58
hopper-me 65.4 731 980 717 3L1(679 186) 65:4 5:7(547 284) 625 22:2 786 146
walker2d-me | 87.2 452 1105 117:0 6:3(1112 10:6) 1018 13:3(892 162) 746 390 862 278
Average 76.8 62.3 855 94:2 88.0 677 70.4

Tab. 4 summarizes the quantitative results for average scores achieved with Consistency-AC and
Diffusion-QL across ve random seeds for two settings over 9 Gym tasks, as well as of ine-to-online
baseline methods SAC, AWAC and ACA (Yu & Zhang, 2023). Both the Consistency-AC and Diffusion-
QL are pre-trained on the of ine dataset for 2000 epochs. Each model is trained for one million steps
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for online ne-tuning or learning from scratch. The results for SAC, AWAC and ACA are adopted
from the paper (Yu & Zhang, 2023) with each model ne-tuned for 100k online steps. Each cell has
two values: one for of ine model selection as initialization and another (in brackets) for online model
selection as initialization. The normalized scores are slightly lower for Consistency-AC compared with
Diffusion-QL in of ine-to-online settings, but higher in online RL from scratch. On average, the two
methods achieve lower values in online setting than the of ine-to-online setting, which testi es the
improvement of learning ef ciency by initializing with pre-trained generative policy models. However,
since the training is set to have a xed overall timesteps and using the same learnihg faie®,

the purely online models do not converge to its optimal performances yet. The learning rate is chosen
for the ne-tuning setting, and the purpose is not to show online RL can achieve scores higher than
100 with suf cient training but to compare with the of ine-to-online setting, for demonstrating the
effectiveness of initialized models with of ine pre-training.

Empirical nding4: Consistency policy could outperform diffusion policy for online RL setting mostly
in computational ef ciency and sometimes in sample ef ciency, especially for hard tasks.

Figure 4: Learning curves of Diffusion-QL and Consistency-AC for online RL and of ine-to-online RL
with of ine model selection in time axis (all trained with one million environment steps). Each curve is
smoothed and averaged over ve random seeds, and shaded regions sBé%tten dence interval.

Fig. 4 shows the learning curves of Consistency-AC and Diffusion-QL for both of ine-to-online
and online RL settings with one million online training steps on three example tasks (full results in
Appendix D.3 Fig. 8). Different methods consume different time to nish the entire training. The
diagrams are plotted with x-axis being the wall-clock time, therefore the curves exhibit different
lengths. The diagrams with x-axis being the training steps are shown in Appendix D.4 Fig. 9. The
results for of ine-to-online setting with online model selection from the of ine pre-trained models
are provided in Appendix D.4 but with similar performances. For most tasks, the consistency policy
has comparable performances with the diffusion policy and a signi cantly shorter time to nish the
entire online training. The of ine-to-online methods are usually more sample ef cient than the online
methods except for thrd®ppertasks, which are relatively easy to learn a good policy. For the online
setting, the consistency policies demonstrate signi cantly more ef cient learning than the diffusion
policies, especially for more complex tasks ltkalfcheetah Consistency policies show a sharper
score-increasing slope fB8r9tasks than the diffusion policies. Our conjecture is that the expressiveness
of a model is more essential in of ine setting than online setting. For a deterministic optimal policy
in MDP, overly expressive policy models like diffusion may hinder the convergence in online setting
by being too explorative. For of ine-to-online setting, this advantage is less obvious presumably due
to the lower initial performances of consistency policies from the of ine pre-training. We refer to
Appendix D.3 Tab. 9 and Fig. 7 for more analysis of the training time for two methods.

6 CONCLUSION

The consistency model as a RL policy strikes a balance between the computational ef ciency and
the modeling accuracy of multi-modal distribution on of ine RL dataset, and achieves comparable
performances with the diffusion policies but signi cant speedup in three typical RL settings. The
proposed Consistency-AC algorithm leverages a novel policy representation with policy regularization
for of ine RL, orthogonal to other of ine RL techniques. Future directions include combining the
consistency policy with other techniques like conservafivealue estimation for of ine RL, better
alignment and initialization from of ine to online ne-tuning, advanced exploration methods for
online RL, etc. Scaling up the task complexity, where more sampling steps are required for the
generative models, will reveal a greater potential for consistency policy to show its bene ts in retaining
expressiveness while reducing the computational cost.
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A DA4RL DATASET VISUALIZATION

T-SNE Plot

Figure 5: Visualization of t-SNE plots for 20000 (3000 feem-human-vandkitchen-complete-y0
randomly selectefs;a) samples in D4ARL dataset, colored by normalized reward (ringyd.]).
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B CONSISTENCYMODEL TRAINING AND INFERENCEDETAILS

Training. The consistency modél for modeling data distributiopgaX) has the loss func-
tion (Song et al., 2023):
h i
Le( )=Enu (LN 1):X paaX);zN (0;1) (n)df (X+ ne1Z; naa )if 1 (X+ 025 0) (6)

whered( ; ) is the distance metric and we ubkedistanced(x;y) = kx ykZ. For training,
the sub-sequenck hjn 2 [N]g is different from inference, and it follows the Karras bound-

ary (Karr%ls et al,, 2022) schedule; = = + B-1( ,i: =) . The schedule function

N(k) = d Kﬁ((s1+1)2 s3)+s3 le+1 with k as the current training iteration of a totél
iterations within one epocéh

Inference. After training, the consistency model can be used for generating samples given initial
noisy input®t N (0;T?l), following either single-step samplirfg: f (R1;T), or multistep
sampling by iteratively calculating = f (R ,; n)with® A =x+ 2 2z following a given
time sequencé ,jn 2 [N]g. For inference, the time sequence is a linspade ©fl with (N 1)
sub-intervals as:;, = f—=(T )+ ;n 2[N].

C OFFLINE RL EXPERIMENT DETAILS

C.1 HYPERPARAMETERS

The of ine training of Consistency-BC and Consistency-AC uses a batch size of 256 for training
1000 epochs (500 fgren-cloned-v11500 for Kitchen tasks, 2000 for Gym tasks) on D4RL tasks,
cosine annealing decaying schedule for learning rates, with other hyperparameters listed in Tab. 5.
=100:0(in ()) in our experiments for loss scaling in Consistency-AC. Max Q backup (Kumar
etal., 2020) is optional. Q norm indicates the normalization of subtracting the mean and dividing the
standard deviation for the target Q values in stabilized training. Gradient norm is to dljpribem of
the gradients. The Diffusion-BC and Diffusion-QL training follows the hyperparameters of original
paper (Wang et al., 2022).

Table 5: The hyperparameters for Consistency-AC in of ine (including BC) training on D4RL Gym,
AntMaze, Adroit and Kitchen tasks.

Hyperparameters

Tasks learning rate Qnorm maxQbackup gradientnorm
halfcheetah-medium-v2 3 107 1.0 False False 9.0
hopper-medium-v2 3 104 01 False False 9.0
walker2d-medium-v2 3 104 1.0 True False 1.0
halfcheetah-medium-replay-v 3 10 * 1.0 False False 2.0
hopper-medium-replay-v2 3 104 01 False False 4.0
walker2d-medium-replay-v2| 3 10 4 01 False False 4.0
halfcheetah-medium-expert-v2 3 10 4 1.0 False False 7.0
hopper-medium-expert-v2 3 104 1.0 False False 5.0
walker2d-medium-expert-v2| 3 10 4 1:0 True False 5.0
antmaze-umaze-v0 3107 0:01  True False 2.0
antmaze-umaze-diverse-v0| 3 10 4 0:01  True True 3.0
antmaze-medium-play-v0 1 10°3 0:01 False True 2.0
pen-human-vl 3 10° 0:01  True False 7.0
pen-cloned-vl 3 10° 0:01  True False 8.0
kitchen-complete-v0 3 10° 05  True False 2.0
kitchen-partial-vO 3 104 05  True False 2.0
kitchen-mixed-v0 3 10 ¢ 0:5 True False 2.0

20ur experiments use constants0 :002T =80; =7;s0=2;s; =150 following Song et al. (2023)

14
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C.2 COMPUTATIONAL TIME

Overall Training Time. Tab. 6 shows the comparison of Diffusion-BC and Consistency-BC in
terms of the computational time during training for DARL Gym, AntMaze, Adroit and Kitchen tasks.
Each result is averaged over ve random seeds with standard deviations reported. Since different
environments are trained for various numbers of total epochs, the comparison is based on per-epoch
time consumption. The two methods use the same batch size and number of iterations within each
epoch, as well as the same network architecture.

Table 6: The training time (seconds per epoch) for two BC methods on D4RL Gym, AntMaze, Adroit
and Kitchen tasks.

Tasks Diffusion-BC | Consistency-BC
halfcheetah-m 67:93 2:00 4307 0:61
hopper-m 61:00 1:58 3800 0:49
walker2d-m 6817 151 4358 0:90
halfcheetah-mr|| 67:07 2:07 4275 0:83
hopper-mr 64:89 3:29 3803 0:47

walker2d-mr 66:11 1:.69 4270 0:54
halfcheetah-m¢g| 67:73 1.78 4360 0:86

hopper-me 63:04 4:25 3856 0:56
walker2d-me 69:10 2:83 4388 0:72
Average 66:12 2:33 4157 0:66
antmaze-u 97:13 4:21 47.88 2:59

antmaze-ud 104:83 4:50 4720 2:23
antmaze-mp 10966 3:82 57.92 4:46
antmaze-md 11225 2:41 5180 2:59

antmaze-Ip 11315 101 5652 3:17
antmaze-Id 11862 3:42 5389 274
Average 10927 3:44 5254 3:.05

pen-human-vl || 9220 3:17 4694 2:92
pen-cloned-vl || 94:64 6:16 5033 2:23

Average 9342 4:67 4864 2:58
kitchen-c 96:77 2:74 6671 4:64
kitchen-p 94:25 2:27 6185 2:74
kitchen-m 93:.02 3:49 6660 2:59
Average 94:68 2:83 6505 3:32

Total Average H 86:08 3:16 4909 2:34

Scaling Law. Fig. 6 further shows the scaling laws of training time and inference time with increasing
N for Diffusion-QL and Consistency-AC in of ine RL setting, based on results in Tab. 3 for environment
hopper-medium-expert-vRlotice that the coef cients of Consistency-AC are smaller than Diffusion-
QL in both training (2.47 vs. 3.54) and inference (0.515 vs. 0.598), which indicates smaller time
consumption with increasiny .

C.3 ABLATION STUDIES

Four variants of Consistency-AC are compared for of ine RL setting, including (1) Consistency-BC by
setting =0 and without using loss scaling( n) 1inEqg. 2); (2) only without loss scaling; (3) the
standard setting with MLP networks for the parameterizatidn pf4) the LN-Resnet parameterization

of f . These variants can be regarded as various hyperparameters or training settings for the proposed
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Figure 6: The training time (left) and inference time (right) versus denoising stdpsDiffusion-QL
and Consistency-AC in of ine RL, evaluated bopper-medium-expert-whvironment.

Consistency-AC algorithm. The average scores for ve random seeds over DARL Gym, AntMaze,
Adroit and Kitchen are shown in Tab. 7.

Table 7: The performance of Consistency-AC variants on D4RL Gym, AntMaze, Adroit and Kitchen
tasks for of ine RL setting. Each cell has two values: one for of ine model selection and another (in
brackets) for online model selection. Each result is averaged over ve random seeds with standard

deviations reported.

Gym Tasks Consistency-BC (=0) Consistency-AC (no loss scale) Consistency-AC (MLP) Consistency-AC (LN-Resnet)
halfcheetah-m 310 0:4(462 0:4) 691 0:7(719 0:8) 501 0:4(504 0:2) 506 0:3(50:9 0:2)
hopper-m 717 80(783 2:6) 80:7 105(997 2:3) 780 3:9(86:4 4:.0) 741 6:7(837 85)
walker2d-m 831 0:3(841 0:3) 55 1.7(212 1:6) 630 5:2(750 1:8) 66:2 5:2(754 1.9)
halfcheetah-mr 344 5:3(454 07) 587 3:9(627 0:6) 47.3 0:2(478 0:3) 478 0:3(484 0:1)
hopper-mr 997 0:5(1004 0:6) 802 9:0(1034 1.2) 945 6:4(1009 0:2) 987 2:9(1006 0:3)
walker2d-mr 733 5:7(80:8 2:4) 723 154(1051 1:6) 768 5:5(861 1:2) 795 3:6(830 1.5)
halfcheetah-me|| 327 1:2(396 3:4) 226 104(552 116) 843 4:1(892 3:3) 617 136(684 6:7)
hopper-me 90:6 9:3(96:8 4:6) 101 16:2(10.8 156) 1004 3:5(1060 1:3) 431 57(545 112)
walker2d-me 1104 0:7(1116 0:7) 2.7 4:3(149 69) 911 34(97:7 3:2) 841 51(97:5 1:6)
Average 69.7 (75.9) 44.7 (60.5) 76.7 (82.2) 67.3(73.6)
AntMaze Tasks || Consistency-BC (=0) Consistency-AC (noloss scale) Consistency-AC (MLP) Consistency-AC (LN-Resnet)
antmaze-u 758 4:0(87:0 4:5) 754 5:8(826 3:8) 688 2:3(822 47) 758 1:6(856 3:9)
antmaze-ud 776 6:3(824 3:4) 752 6:6(802 2:8) 686 4:4(784 1.1) 724 35(8L2 1.9
antmaze-mp 56:8 30:1(716 145) 452 269(732 84) 522 298(704 7:1) 100 224(594 128)
Average 70.1(80.3) 65.3(78.7) 63.2(77.0) 52.7(75.4)

Adroit Tasks Consistency-BC ( =0) Consistency-AC (noloss scale) Consistency-AC (MLP) Consistency-AC (LN-Resnet)
pen-human-vl 524 137(637 T7:4) 84 240(221 205) 606 10:2(66:6 7:5) 634 7:7(67:9 5:3)
pen-cloned-vl 334 6:0(519 6:6) 482 10:8(582 126) 358 3:9(405 2:6) 501 2:2(537 3:4)
Average 42.9(57.8) 28.3(40.2) 48.2 (53.6) 56.8 (60.8)

Kitchen Tasks Consistency-BC (=0) Consistency-AC (noloss scale) Consistency-AC (MLP) Consistency-AC (LN-Resnet)
kitchen-c 452 5.0(509 3:6) 100 20:1(255 246) 519 6:0(67.6 27) 369 3:2(380 25)
kitchen-p 226 3:8(238 2:8) 7.7 169(17:0 145) 382 1:8(39:8 1:6) 258 5:5(286 27)
kitchen-m 235 1:8(243 1:3) 9:7 21:3(158 20:2) 458 1:5(467 0:9) 260 3:0(288 2:1)
Average 30.4(33.0) 9.1(19.4) 45.3(51.4) 29.6 (31.8)

Total Average H 597 (67:0) 40:1 (541) 64:5(72:5) 56:8 (65:0)
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D OFFLINE-TO-ONLINE AND ONLINE RL DETAILS

D.1 ALGORITHMS

Algorithm 4 Of ine-to-Online Consistency ACtOKjgqrithm 5 Online Consistency Actor-Critic

Critic —— - —
Input of ine pretrained policy and critic net- Inm"fll'ze policy and critic networks
worksQ ,;Q , Q.Q.
Initialize online datasdD = ; , target network Initialize on!||ne datased = ; | target network
parameters:! , | ;L 7, parameters: 1 L2 2

% Collect Samples

Infer actiona; based ors; with consis-
tency policy by Alg. 1.

Execute actions;, observe reward;,
next states; .1 .

Store data samplgs;;a;;r¢;St+1 ) into

% Collect Samples

Infer actiona; based ors; with consis-
tency policy by Alg. 1.

Execute actions;, observe reward;,
next states;.q .

Store data samplgs;;a;;r¢;Si+1 ) into

D.
D. H H — . .y
Sample minibatclB = f(s;a;r;s9g o Sample minibatclB = f (s;a;r;s9g
D; ;
' % Q-value Update
% Q-value Update _ - .
UpdateQ ,;Q , with Eq. 3; UpdateQ ,;Q , with Eq. 3;

% Policy Update
Update policy (with modelf ) via
lossLq( ) asEq.5;

% Policy Update
Update policy (with modelf ) via
lossL4( ) as Eq. 5;

% Target Update
% Target Update
U datge tarpet- I I+ @1 Update target: ! I+ @
P 5 ); | le@@ ) i2f12g;
) l l +(1 ) ii2f 1,2g; v i i 20,
eﬁdfor I end for
end for end for

D.2 HYPERPARAMETERS

Table 8: The hyperparameters for Consistency-AC of ine-to-online and online training on Gym tasks.

Hyperparameter Value
learning rate 1 10°
batch size 256
-greedy schedule| linear
0 1.0
1 0:01
exploration fraction 0.1
discount 0:99
buffer size 1 10

D.3 COMPUTATIONAL TIME

The overall training time for one million environment steps using Diffusion-QL and Consistency-AC
in of ine-to-online and online RL settings is shown in Tab. 9, with the average training time for each
setting summarized in Fig. 7. The reduction of computational time in online setting is less signi cant
than the of ine setting (as Fig. 1) because there is a large portion of time consumed by the environment
simulation steps following the agent's action inference. The improvement of model inference and
update will not affect the environment simulation time.
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Table 9: The overall training time (hours) for of ine-to-online and online settings on Gym tasks.

Of ine-to-Online Online
Gym Tasks Diffusion-QL  Consistency-AC Diffusion-QL  Consistency-AC
halfcheetah-m| 11.55 4:08 960 2:33 909 0:88 877 0:96
hopper-m 8:97 1:48 690 0:79 806 0:88 699 0:95
walker2d-m 9:17 0:29 819 191 823 1.04 698 0:89
halfcheetah-mr| 9:18 0:22 772 0:89 872 0:88 776 1.02
hopper-mr 8:22 0:20 7.26 1:69 812 081 692 0:78
walker2d-mr 8:85 0:22 7.32 0:88 807 101 7.05 1.05
halfcheetah-me 9:24 0:21 846 1.96 854 0:74 765 1.02
hopper-me 8:28 0:20 747 057 802 1:.07 701 0:99
walker2d-me 9:.93 1:.27 941 2:26 835 0:73 829 0:86
Average 9:27 091 804 1:48 836 0:89 749 0:95

Figure 7: The average training time (hours) for of ine-to-online and online training with Diffusion-QL
and Consistency-AC on 9 Gym tasks.

D.4 MORERESULTS

Table 10: Comparison of scores (unnormalized, maximum over epochs) for methods in of ine-to-online
and online RL settings.

Of ine20nline Online

Task Diffusion-QL Consistency-AC Diffusion-QL Consistency-AC
halfcheetah-m| 12445:9 3158(124284 2229) 122803 124:1(122734 206:3) 57459 3885 67252 9444
hopper-m 36261 50:9(34659 2364) 35958 1536(34481 2436) 3673:5 477 35897 1634

walker2d-m 5774:8 217:3(55614 260.2) 55361 360:3(56620 114:3) 43162 6121 37909 16775
halfcheetah-mr] 12060:1 2657 (121986 1689) 99411 13432(102741 13127) | 52185 7262 68903 9631
hopper-mr 3657.0 2633(38554 847) 32624 7081(36522 390.0) 3663:9 297 34189 6132
walker2d-mr 5240:6 6828(55845 347.0) 50923 4085(53944 708:3) 46754 2145 39187 16733
halfcheetah-mel 12916:7 2025(126767 1781) 124807 3593(119169 11567) | 47256 4079 68896 657.5

hopper-me 35035 490:8(3527.2 297:2) 35369 1475(55614 260:2) 36688 375 3701.0 49:2
walker2d-me 5630:5 209.0(57207 377:.9) 5447.0 307:9(55681 5536) 38871 17015 50400 166.0
Average 7206.1 6797.0 43972 4884.9
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Figure 8: Learning curves of Diffusion-QL and Consistency-AC for online RL and of ine-to-online RL
with of ine model selection in time axis (all trained with one million environment steps). Each curve
is smoothed and averaged over ve random seeds, and the shaded regions St¢ha dence
interval.

Figure 9: Learning curves of Diffusion-QL and Consistency-AC for online RL and of ine-to-online
RL with of ine model selection in step axis. Each curve is smoothed and averaged over ve random
seeds, and the shaded regions shov@8%con dence interval.
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