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Abstract. Equipped with the trained environmental dynamics,
model-based offline reinforcement learning (RL) algorithms can of-
ten successfully learn good policies from fixed-sized datasets, even
some datasets with poor quality. Unfortunately, however, it can not
be guaranteed that the generated samples from the trained dynam-
ics model are reliable (e.g., some synthetic samples may lie out-
side of the support region of the static dataset). To address this is-
sue, we propose Trajectory Truncation with Uncertainty (TATU),
which adaptively truncates the synthetic trajectory if the accumu-
lated uncertainty along the trajectory is too large. We theoretically
show the performance bound of TATU to justify its benefits. To em-
pirically show the advantages of TATU, we first combine it with two
classical model-based offline RL algorithms, MOPO and COMBO.
Furthermore, we integrate TATU with several off-the-shelf model-
free offline RL algorithms, e.g., BCQ. Experimental results on the
D4RL benchmark show that TATU significantly improves their per-
formance, often by a large margin. Code is available here.

1 Introduction

Offline reinforcement learning (RL) [23] defines the task of learning
the optimal policy from a previously gathered fixed-sized dataset by
some unknown process. Offline RL eliminates the need for online
data collection, which is an advantage over online RL since interact-
ing with the environment can be expensive, or even dangerous, espe-
cially in real-world applications. The advances in offline RL raise the
opportunity of scaling RL algorithms in domains like autonomous
driving [36], healthcare [34], robotics [12], etc.

In offline setting, the collected dataset often provides limited cov-
erage in the state-action space. It is therefore hard for the offline agent
to well-evaluate out-of-distribution (OOD) state-action pairs, due
to the accumulation of extrapolation error [11] with bootstrapping.
Many model-free offline RL algorithms have been proposed to avoid
OOD actions, such as compelling the learned policy to stay close
to the data-collecting policy (behavior policy) [39, 21, 11], learning
conservative value function [22], leveraging uncertainty quantifica-
tion [1, 40], etc. Nevertheless, these methods often suffer from loss
of generalization due to limited size of datasets [38].

Model-based RL (MBRL) methods, instead, improve the gener-
alization of the agent by generating synthetic imaginations with the
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Figure 1. Comparison of TATU against common imagination generation
in offline model-based RL (MBRL) methods. TATU truncates the imagined
trajectory when the accumulated uncertainty is large and can therefore select
good synthetic data in the trajectory. Blue region represents the support region
of the static dataset.

learned dynamics model. It has been revealed that directly apply-
ing model-based online RL methods like MBPO [15] fails on of-
fline datasets [44]. MBPO improves the sample efficiency for on-
line model-based RL by introducing the branch rollout method that
queries the environmental dynamics model for short rollouts. How-
ever, MBPO fails to resolve the issue of extrapolation error in the of-
fline setting. Modern model-based offline RL methods usually lever-
age methods like uncertainty quantification [44, 17], penalizing value
function to enforce conservatism [43], planning [45], for learning
meaningful policies from static logged data. Utilizing the learned dy-
namics model for offline data augmentation is also explored recently
[38, 27]. Nevertheless, there is no guarantee that the generated syn-
thetic samples by the learned model are reliable and lie in the span
of the offline dataset. [27] explores a double check mechanism for
checking whether the generated samples are reliable, but it requires
training bidirectional dynamics models.

In this paper, we propose trajectory truncation with uncertainty
(TATWU) for reliable imagined trajectory generation. With the estima-
tion of accumulated uncertainty along the trajectory, the trajectory
generation process becomes controllable and reliable and it’s easy to
adapt to different environments without much tuning of hyperparam-
eters, e.g., rollout horizon. Our key idea is illustrated in Figure 1. As
shown, we resort to uncertainty-based methods and truncate the tra-
jectory (i.e., the dynamics model will stop producing imaginations)
if the accumulated uncertainty along this trajectory is approaching
our tolerance range. By doing so, we enforce conservatism into syn-
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thetic data generation by adaptively clipping the imagined trajectory
and TATU can thus ensure that the dynamics model outputs reliable
data. Generally, TATU involves three steps: (a) training the environ-
mental dynamics model; (b) constructing an e-Pessimistic MDP (see
Definition 2); and (c) generating imagined trajectories with the e-
Pessimistic MDP. We theoretically show that for any policy, its per-
formance in the true MDP is lower bounded by the performance in
the e-Pessimistic MDP, which sheds light on applying TATU in prac-
tice.

Intuitively, TATU can be combined with model-based offline RL
methods like MOPO [44], COMBO [43], etc. Moreover, TATU can
also benefit model-free offline RL methods by training an additional
rollout policy and serving trustworthy offline data augmentation.

Our contributions can be summarized below:

e We propose a novel uncertainty-based synthetic trajectory trunca-
tion method, TATU, which can be easily integrated into existing
offline model-based and model-free RL algorithms.

e We theoretically justify the advantages of TATU.

e We combine TATU with two model-based offline RL algorithms,
MOPO and COMBO, and observe significant performance im-
provement upon them.

e We further incorporate TATU with three model-free offline RL
algorithms, TD3_BC, CQL, and BCQ. Empirical results show
that TATU markedly boosts their performance across a variety of
D4RL benchmark tasks.

2 Related Work

Model-free Offline RL. Recent advances in model-free offline RL
generally involve importance sampling [25, 32], injecting conser-
vatism into value function [29, 8, 20, 22, 28], learning latent actions
[46, 7], forcing the learned policy to be close to the behavior policy
[10, 11, 39, 21, 19], adopting uncertainty measurement [1, 40, 3],
using one-step method [4], etc. Despite these advances, the gener-
alization capability of the model-free offline RL algorithms is often
limited due to the partial coverage of the dataset in the entire state-
action space [38, 27].

Model-based Offline RL. Model-based offline RL methods focus on
policy learning under a learned dynamics model. To mitigate extrap-
olation error [11], several methods do not allow the learned policy
to visit regions where the discrepancy between the learned dynam-
ics and the true dynamics is large [2, 17, 44, 42]. Some researchers
seek to constrain the learned policy to be similar to the behavior pol-
icy [5, 30, 37]. Also, sequential modeling is explored in offline RL
[6, 16]. Some recent advances propose to leverage model-generated
synthetic data for better training [43, 38, 27], or to enhance model
training [26, 24, 41, 35, 13], etc. We, instead, aim at offering higher-
quality synthetic data for offline training via an uncertainty-based tra-
jectory truncation method. The most relevant to our work are M2AC
[33], MOReL [17], and MOPP [45]. MOReL requires the generated
single sample (instead of the trajectory) at each step to lie in a safe re-
gion. MOPP leverages offline planning and sorts the entire trajectory
for high rewarding transitions based on uncertainty after planning is
done. Both MOReL. and MOPP optimize policy in a model-based
manner. M2AC is an online MBRL algorithm that rejects the transi-
tions (or trajectories) based on the instance uncertainty and modifies
the way of measuring target value. TATU, instead, only serve data
augmentation and its imagination generation process can be isolated
from policy optimization. TATU truncates the synthetic trajectory
based on the accumulated uncertainty, and adds penalty to the gener-
ated samples. TATU early stops the imagined trajectory and puts the

whole truncated imagined trajectory into the model buffer for policy
optimization.

3 Background

Reinforcement learning (RL) problems can be formulated by a
Markov Decision Process (MDP), which consistes of M =
(S, A,r, P, po,), where S denotes the state space, A is the action
space, 7 : S X A — R is the scalar reward function, P(s’|s, a) is the
transition probability, po is the initial state distribution, v € [0, 1) is
the discount factor. The goal of RL is to find a policy 7 : s — A(A)
such that the expected discounted cumulative long-term rewards with
states sampled according to pg is maximized:

max oo (1, M) := Egpg |:E’Yt7'(5t,at)

t=0

50 —S] Y

where A(-) denotes the probability simplex. We further denote the
optimal policy 7* := arg max, J,, (7, M).

In offline RL, the agent can not interact with the environment,
and can only get access to a previously logged dataset Deny =
{(s,a,r,s")}. The data can be collected by one or a mixture of
behavior policy p, which are often unknown. Offline RL aims at
learning the optimal batch-constraint policy. Model-based offline RL
methods learn the environmental dynamics model P(:|s,a) solely
from the dataset, and leverage the learned model to optimize the pol-
icy. Typically, the transition probability model P(|s,a) is trained
using maximum likelihood estimation. A reward function #(s, a)
can also be learned if it is unknown. We assume the reward func-
tion is known in this work. Then we can construct a model MDP
M = (S, A,r, P, po,~). During training, the synthetic samples
generated by the learned dynamics model will be put into the model
buffer Dimoder and the policy is finally updated using data sampled
from Denyv U Diodel.

4 Trajectory Truncation with Uncertainty

In this section, we first provide some theoretical insights of our
proposed trajectory truncation with uncertainty (TATU). Then, we
present the detailed practical algorithm for TATU.

4.1 Theoretical Analysis

To determine whether the generated synthetic trajectory is reliable,
we define the accumulated uncertainty along the trajectory (AUT)
and truncation indicator below.

Definition 1. Given a state-action sequence {s;, ai}zhzo, define ac-
cumulated uncertainty along the trajectory at step t as:

t

Ue(st,ar) = Y ' Drv(P(]si, ai), P(]siyai)). ()

=0

Furthermore, we define the truncation indicator as:

[e=]

N ifUt(st,at) SE,

Tf(s,a) = {1

where P(:|s,a) is the trained environmental transition probability,
P(:]s,a) is the true dynamics, and Drv (p, q) is the total variation

3

otherwise,
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distance between two distributions p, ¢. Intuitively, U;(s,a) mea-
sures how much uncertainty is accumulated along the imagined tra-
jectory and T¥ (s, a) illustrates whether the trajectory ought to be
truncated or not. If the accumulated uncertainty is too large (e.g.,
exceeds the threshold ¢), then the synthetic trajectory will be trun-
cated and no more forward imagination will be included in the model
buffer. We denote u(s, a) = Drv(P(:|s,a), P(:|s, a)) as the uncer-
tainty measurement for state-action pair (s, a). As a valid uncertainty
measurement, (s, a) ought to satisfy 0 < wu(s,a) < up < oo for
some positive constant ug. Obviously, our defined uncertainty mea-
surement above meets this requirement since the total variation dis-
tance is bounded. We denote the maximum uncertainty is #max, then
we have |u(s, a)| < Umax < 1 < 00,V s,a. It is easy to find that
AUT Uy(se,a) = Yoo v u(si, ai).
We further define the e-Pessimistic MDP as follows:

Definition 2 (e-Pessimistic MDP). The e-Pessimistic MDP is defined
by the tuple M,, = (S, A, 7y, By, po,7), where S, A are state space
and action space in the actual MDP M, po is the initial state dis-
tribution learned from the dataset D. The transition dynamics and
reward function for Mp gives:

P 07 ithE(St,at) =1,
P,(-se,ar) =< 2 )
»(+|5t, at) {P(.|st7at), otherwise, €]
T (St at) — T(Shat) - )\u(st,at) — K, ithE(St,CLt) —1,
p\St, r(se, ar) — Au(se, ar), otherwise,
)]

where & is the penalty for truncation state, and A is the uncertainty
penalty coefficient for each state-action pair (s, a). Note that the
summation of Pp is not 1, while it is valid because for a fixed offline
dataset, the cases of T (s¢,a;) = 1 are almost sure. Hence, we can
rearrange the probability distribution of P, (-|s¢,a:) by weighting
with a constant. By introducing the e-Pessimistic MDP formulation,
we involve conservatism into the reward function and the imagined
state-action sequence. The trajectory imagination will be terminated
if the truncation indicator T = 1 i.e., the accumulated uncertainty
Ut (st, at) exceeds e at horizon ¢. An additional reward penalty ~ will
be allocated to the termination state in the synthetic trajectory.

Assume that the reward function is bounded almost surely, i.e.,
|7(s,a)| < rmax, Vs, a. We now derive the performance bound for
our e-Pessimistic MDP. Due to the space limit, all proofs are omitted
and deferred to Appendix A.

Theorem 1. Denote ¥ = Tmax + Aumax + K. Then the return of

any policy  in the e-Pessimistic MDP Mp and its original MDP M
satisfies:

~ 27 .
Jpo (1, Mp) 2Jpe (1, M) — — - Drv(po, fo)
; ®
—Fe—
1—7’
N 27 . _
Jpo (m, Mp) <Jpo (1, M) + 1j7 - Drv(po, po) +7 - € (N

Remark: Our method incurs a tighter performance bound compared
to MOReL. To be specific, our methods guarantees |J5, (7, Mp) —

Jpo(m, M)| < O (Tl_—"‘:;) thanks to the uncertainty-based trajec-
tory truncation. However, MOReL only ensures that |.J,, (7, M,,) —
Too (m, M)| < O (237 ).

Theorem 1 indicates that the return difference for any policy 7
in the true MDP and the e-Pessimistic MDP relies on mainly three
parts: (1) the total variation distance between the learned and true
initial state distribution Dy (po, po); (2) the threshold for accumu-
lated uncertainty €; (3) the upper bound for the pessimistic reward
function (since |rp| < 7 almost surely). As an immediate corollary,
we have

Corollary 1. If the golicy in the e-Pessimistic MDP is Or Sub-
optimal, i.e., J5, (7w, Mp) > Js (7™, Mp) — Ox, then we have

. 4r .
JPO (71' 7./\/1) - Jpo (ﬂ-:M) §57r + m . DTV(pO:PO)
tore 4 ——.
L=y

This corollary illustrates that the sub-optimality (J(7*, M) —
J(m, M)) of the policy in the true MDP is bounded by the sub-
optimality of the policy trained with the e-Pessimistic MDP. If the
sub-optimality of the policy learned in the pessimistic MDP is small
(i.e., 0, is small), then the sub-optimality of the policy in the true
MDP will also be small. Furthermore, if the dataset covers all possi-
ble transitions, i.e., the dataset is large enough, then it is easy to find
both Drv (po, po) and € approach 0 since all of the imagined sam-
ples will lie in the support region of the dataset with high probability.
Naturally, the above upper bound thus can be further simplified.

Corollary 2. Ifthe dataset is large enough, then we have
f
1—7~"

JPO(W*vM) = Joo (71',./\/() < 0x+

Corollary 2 also reveals that even when the dataset is large, the per-
formance deviation between the optimal policy and the learnt policy
is determined by the sub-optimality in the pessimistic MDP.

We then present the algorithmic details for TATU below.

4.2 Practical Algorithm

The practical implementation of TATU can be generally divided into
three steps:

Step 1: Training Dynamics Models: Following prior work [15], we
train the dynamics model P(-|s, a) with a neural network py (s'|s, a)
parameterized by 1 that produces a Gaussian distribution over
the next state, i.e., py(s'|s,a) = N(uo(s,a),Xe(s,a)), v =
{0,¢}. We train an ensemble of N dynamics models {p,, =
N(uh, £5) 1L, . We denote the loss function for training the for-
ward dynamics model as £y. Then each model in the ensemble is
trained independently via maximum log-likelihood:

£1/) - E(s,a,r,s’)ND [7 10gﬁ¢(8l|8, CL)} . (8)

We model the difference in the current state and next state, i.e.,
wo(s,a) = s+ dg(s, a) to ensure local continuity.

Step 2: Constructing c-Pessimistic MDP: After the environmen-
tal dynamics model is well-trained, we use it to construct the e-
Pessimistic MDP by following Equation (4) and (5) in Definition
2. It is then important to decide which uncertainty measurement to
use in practice (we cannot use Drv(P(-|s,a), P(-|s,a)) as true
transition probability P(s’|s,a) is often unknown and inaccessi-
ble), and how to decide the uncertainty threshold e. As a valid
and reasonable uncertainty measurement, we require u(s,a) can
capture how uncertain the state-action pair (s,a) is, and satisfy
[u(s,a)] < umax < oo almost surely for any (s,a). MOReL [17]
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adopts the ensemble discrepancy as the uncertainty quantifier, i.e.,
u(s,a) = max; ; |ps(s,a) — wh(s,a)||z, where || - ||2 is the L2-
norm and 11 (s, a), 4} (s, a),i,5 € {1,..., N} are mean vectors of
the Gaussian distributions in the ensemble. MOPO [44] utilizes the
maximum standard deviation of the learned models in the ensemble
as the uncertainty estimator, ie., u(s,a) = max;_, || S} (s, a)| r.

Doy 2=y lags]
for matrix A with size m X n. Empirically, we do not observe much
performance difference with these quantifiers in our experiments. We
then use an MOPO-style uncertainty estimator in this work. Such
uncertainty measurement generally reveals whether the state-action
pair is reliable, and satisfies |u(s,a)| < Umax < 00. One can also
enforce this by clipping u(s, a) to [—Umax, Umax] With a manually
set upper bound.

As for the uncertainty threshold €, one naive way is to set a con-
stant threshold. However, this often lacks flexibility and the best
threshold may be quite varied for different datasets. We instead pro-
pose to measure the uncertainty on all of the samples in the dataset
D. We then take the maximum transition uncertainty in the dataset
and set the uncertainty threshold based on:

where || - || 7 is the Frobenius-norm. ||A||r =

1
€ = — max u(si,a;) =

1 ,
— >/ iy Qi s 9
T max max || d)(s a;)||F )

Q i€[| D[] jE[N]
where [k] = {1,...,k}, (si,a;) ~ D,i € [|D|], and o € R4 is
the key hyperparameter that controls the strength of the threshold.
By using a larger o, TATU becomes more conservative and includes
fewer imagined samples into the model buffer Dy,oqe1. While if a
small « is used, TATU exhibits more tolerance to generated data.
The total uncertainty is controlled by the maximum uncertainty in
the real dataset (i.e., maxgl1 u(8s, a;)), which usually varies with
different datasets. This allows a flexible and reasonable uncertainty
threshold for adaptively selecting good imaginations.
Step 3: Conservative Trajectory Generation: Once the uncertainty
threshold e is ready, we can generate conservative trajectories. We
first sample starting state so from the static dataset D and gen-
erate an imagined trajectory 7 = {§;,a;,r;, .§j+1}?;é with the
learned dynamics p,,, where h is the horizon length. We simulta-
neously calculate the accumulated uncertainty of the imagined tra-
jectory Uy (s¢, at) at horizon t, t € [1, h|. The generated trajectory
is truncated at horizon ¢ if U;(s¢, a:) > e. In deep RL, we usually
sample a mini-batch of data from the real dataset D of size B with
bootstrapping. By leveraging the learned dynamics model, we then
can get B imagined trajectories, provably with different lengths (as
the accumulated uncertainty varies with different starting states). We
can incorporate TATU with existing popular model-based offline RL
algorithms such as MOPO [44], COMBO [43], etc. Here, the actions
in the imagined trajectory are generated with the learned policy .
TATU can also be incorporated with off-the-shelf model-free of-
fline RL methods, where TATU serves as a role of offline data aug-
mentation to improve the generalization ability of model-free offline
RL algorithms. At this time, we need to train an additional rollout
policy such that the data augmentation process is isolated from the
policy optimization process, i.e., the dataset is augmented before-
hand. To avoid potential OOD actions, we model the rollout pol-
icy using the conditional variational auto-encoder (CVAE) [18]. We
choose CVAE as it guarantees that the generated actions lie in the
span of the dataset'. The CVAE is made up of an encoder E¢(s,a)
that produces a latent variable z under the Gaussian distribution and

1 One can also use other generative models like GAN [31], diffusion model
[14], etc.

Algorithm 1 Trajectory Truncation with Uncertainty (TATU)
1: Require: Offline dataset D, number of iterations N, horizon h,
reward penalty coefficient )\, termination penalty x
2: Initialize model buffer Dyoqel < 0
3: Train the ensemble dynamics models {p}(s'|s,a) =
N (pg(s,a), % (s, )}, on D using Equation (8)
4: Calculate the truncation threshold € using Equation (9)
5: (Optional) Train a rollout policy via Equation (10)
6: for epoch from 1 to N do
7
8
9

Sample state so from dataset D
for jin 1 to h do
: Sample an action a; ~ 7 (:|s;) // learned policy
10: (Optional) Draw an action a; from the rollout policy

11: Randomly pick dynamics p from {ﬁ;}f\lzl and sample next
state ;41 ~ P

12: Calculate reward according to Equation (5)

13: Calculate accumulated uncertainty along the trajectory
Uj = 30—y [maxily |25 (sk, ar)]| <]

14: if U; < e then

15: Put the imagined transition (s;,aj,7;,S;+1) into the

model buffer Dyodel

16: else

17: break /I Truncate the synthetic trajectory

18: end if

19:  end for

20:  Sample data from DUDyy 0461 and use the base algorithm (e.g.,
SAC, CQL, BCQ) to optimize policy 7
21: end for

a decoder D, (s, z) that maps z to the desired space. The objective
function for training CVAE is shown below.

Lcvae = E [(a— Dy(s,2))

(s,a,r,s')w’D,szg(s,a)
+ Dk (Ee(s, a)[|N (0, I))],
(10)
where the encoder E¢ (s, a) and decoder D, (s, z) are parameterized
by &, v, respectively. Dxr,(p||q) denotes the KL-divergence between
two distributions p, ¢, and I is an identity matrix. When drawing an
action from the rollout policy, we first sample a latent variable z from
the multivariate Gaussian distribution A/(0,I) and process it along
with the current state s with the decoder D, (s, z) to get the resulting
action.
We summarize the detailed pseudo code for TATU in Algorithm
1. Note that when drawing samples from D U Dpodel, We sample
a proportion of 1B real data from real dataset D and a proportion
of (1 — n)B synthetic data from model buffer D given the batch
size B and the real data ratio 7 € [0, 1]. We then use the underly-
ing algorithms (e.g., CQL) to optimize the policy. To accommodate
the reproducibility, we include our source code in the supplementary
material and will open-source the code upon acceptance.

5 Experiments

In this section, we empirically examine how much can TATU bene-
fit existing offline RL methods. Throughout our experimental evalu-
ation, we aim at answering the following questions: (1) How much
performance gain can model-based offline RL methods acquire when
combined with TATU? (2) Can TATU also benefit model-free offline
RL algorithms?
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Normalized average score comparison of TATU+MOPO and TATU+COMBO against their base algorithms and some recent baselines on the DARL

MuJoCo “-v2" dataset. half = halfcheetah, r = random, m = medium, m-r = medium-replay, m-e = medium-expert. Each algorithm is run for 1M gradient steps
with 5 different random seeds. We report the final performance. 4= captures the standard deviation. We bold the top 2 score of the left part and the best score of

the right part.
Task Name TATU+MOPO MOPO TATU+COMBO COMBO ‘ BC CQL IQL DT  MOReL
half-r 33.3+2.6 35.9 29.31+2.7 38.8 2.2 17.5 13.1 - 38.9
hopper-r 31.3+0.6 16.7 31.6£0.6 17.9 3.7 7.9 7.9 - 38.1
walker2d-r 10.41-0.7 4.2 5.3+0.0 7.0 1.3 5.1 54 - 16.0
half-m-r 67.2+3.3 69.2 57.8£2.7 55.1 37.6 455 442 36.6 44.5
hopper-m-r 104.4+0.9 32.7 100.7+£1.3 89.5 16.6  88.7 94.7 82.7 81.8
walker2d-m-r 75.3£0.2 73.7 75.3£1.7 56.0 203 818 73.8 66.6 40.8
half-m 61.9+£2.9 73.1 69.2£2.8 542 432 470 47.4 42.6 60.7
hopper-m 104.3+1.3 38.3 100.0£1.3 97.2 54.1  53.0 66.2 67.6 84.0
walker2d-m 77.9£1.6 41.2 77.4£0.9 81.9 709 733 78.3 74.0 72.8
half-m-e 74.1£1.4 70.3 96.4£3.6 90.0 44.0 75.6 86.7 86.8 80.4
hopper-m-e 107.0+1.3 60.6 106.5£0.4 111.1 539 1056 915 107.6 105.6
walker2d-m-e 107.9+0.9 77.4 114.6+0.7 103.3 90.1 1079 109.6 108.1 107.5
Average score 71.3 494 72.0 66.8 36.5  59.1 59.9 - 64.3

To answer these questions, we first combine TATU with two pop-
ular model-based offline RL algorithms, MOPO [44] and COMBO
[43] to examine whether TATU can boost their performance in Sec-
tion 5.1. We also integrate TATU with three off-the-shelf model-free
offline RL methods including CQL [22], TD3_BC [10], and BCQ
[11], to see whether TATU can also benefit them in Section 5.2. We
conduct experiments on D4RL [9] MuJoCo datasets for evaluation.
In Section 5.3, We provide a detailed parameter study on some im-
portant hyperparameters in TATU, e.g., rollout horizon. We further
compare TATU against other data selection methods in Section 5.4.

5.1 Combination with Model-based Offline RL

Since TATU is designed intrinsically for reliable imagination gen-
eration using a learnt dynamics model, we incorporate it with two
widely used offline model-based RL algorithms, MOPO [44] and
COMBO [43], giving rise to TATU+MOPO and TATU+COMBO.
Since MOPO already penalizes the reward signal with uncertainty,
we only add an additional penalty x to the termination state. TATU
modifies the way of imagination generation and concretely rejects
bad transition tuples in these methods.

To examine whether TATU can achieve performance improvement
upon MOPO and COMBO, we conduct experiments on 12 D4RL
[9] MuJoCo datasets, which includes three tasks: halfcheetah, hop-
per, walker2d. We adopt four types of datasets for each task: ran-
dom, medium, medium-replay, and medium-expert, as they are typi-
cally utilized for performance evaluation in model-based offline RL.
We compare TATU+MOPO, TATU+COMBO against their base al-
gorithms. We also compare them against some common baselines in
offline RL, such as behavior cloning (BC), IQL [19], Decision Trans-
former (DT) [6]. We take the results of IQL on medium-level datasets
from its original paper and run with its official implementation® on
random and expert datasets. The results of BC are acquired by our
own implementation. For methods that were originally evaluated on
“-v0" datasets, we retrain them with the official implementations on
“-v2" datasets, and take the results of other baselines from their orig-
inal papers.

All of the algorithms are run for 1M gradient steps. Table 1 reports
the normalized score over the final 10 evaluations for each task and

2 https://github.com/ikostrikov/implicit_q_learning

their average performance over 5 different random seeds. It can be
found that TATU markedly boosts the performance of both MOPO
and COMBO on most of the datasets, often by a large and signifi-
cant margin. For example, TATU+MOPO achieves a mean score of
104.4 on hopper-medium-replay-v2 and 77.9 on walker2d-medium-
v2, while MOPO only attains 32.7 and 41.2 on them, respectively. It
is worth noting that MOPO and COMBO gain 44% and 7.8% im-
provement in average score, respectively, with the aid of TATU. We
also observe a competitive or better performance of TATU+MOPO
and TATU+COMBO on the evaluated datasets against baseline meth-
ods like IQL, MOReL, etc. TATU+COMBO has the best average
score (72.0) across all of the datasets, TATU+MOPO achieves an
average score of 71.3. Whereas, the best baseline only achieves 66.8.
The empirical evaluations indicate that TATU can significantly ben-
efit the existing model-based offline RL methods.

5.2 Combination with Model-free Offline RL

We now demonstrate that TATU can also benefit model-free offline
RL algorithms. We first train the dynamics model and an additional
CVAE rollout policy. During data generation, we truncate the syn-
thetic trajectory if the accumulated uncertainty along it is large. Im-
portantly, we leverage the rollout policy to produce actions in the
imagined trajectory, thus isolating the data augmentation process
from the policy optimization process.

To illustrate the generality and effectiveness of TATU, we combine
it with three popular model-free offline RL algorithms, CQL [22],
BCQ [11], and TD3_BC [10], yielding TATU+CQL, TATU+BCQ,
and TATU+TD3_BC algorithms. We extensively compare them with
their base algorithms and three model-free offline RL baselines (BC,
IQL, DT) on 15 D4RL datasets, with additional expert datasets of
three tasks compared to the experimental evaluation in Section 5.1.

We summarize the experimental results in Table 2. We find that
TATU significantly improves the performance of the base algorithms
on many datasets, often outperforming them by a remarkable margin,
especially on many poor-quality datasets (e.g., random). As an exam-
ple, TATU+TD3_BC has a mean normalized score of 31.6 on hopper-
random-v2, while TD3_BC itself only achieves 8.5. The three base
methods, TD3_BC, CQL, BCQ, gains 8.0%, 8.9% and 7.0 % perfor-
mance improvement in average score, respectively. With the conser-
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Table 2. Normalized average score comparison of TATU+TD3_BC, TATU+CQL and TATU+BCQ against their base algorithms and some recent baselines on
the D4RL MuJoCo “-v2" dataset. half = halfcheetah, r = random, m = medium, m-r = medium-replay, m-e = medium-expert, e = expert. Each algorithm is run
for 1M gradient steps across 5 different random seeds and the final mean performance is reported. & captures the standard deviation. We bold the top 3 score of
the left part and the best score of the right part.

Task Name TATU+TD3_BC TD3_BC TATU+CQL CQL TATU+BCQ BCQ ‘ BC IQL DT
half-r 12.14+2.3 11.0 27.4+2.6 17.5 23423 22 22 13.1 -
hopper-r 31.6+0.6 8.5 32.3+0.7 7.9 10.3+0.8 7.8 3.7 7.9 -
walker2d-r 21.4£0.0 1.6 23.0+0.0 5.1 34+04 4.9 1.3 54 -
half-m-r 45.9+0.6 44.6 48.0+0.7 45.5 43.5£0.3 422 376 442  36.6
hopper-m-r 65.7£3.9 60.9 96.8+2.6 88.7 72.9+0.4 60.9 16.6  94.7 82.7
walker2d-m-r 81.94+2.7 81.8 85.5+1.2 81.8 77.7£1.0 57.0 | 203 73.8 66.6
half-m 48.4+2.7 48.3 449403 47.0 47.61+0.2 46.6 | 432 474 426
hopper-m 62.0+1.0 59.3 68.94+0.9 53.0 71.0+0.3 594 | 54.1 662  67.6
walker2d-m 84.31+0.2 83.7 65.7+0.5 73.3 80.5+0.4 71.8 70.9 783  74.0
half-m-e 97.1+3.2 90.7 78.940.5 75.6 96.1+0.2 954 | 44.0 86.7  86.8
hopper-m-e 113.0£1.7 98.0 111.5£1.0 1056  108.2+0.3 106.9 | 53.9 91.5 107.6
walker2d-m-e 110.9£0.5 110.1 110.2+0.1 107.9  111.740.3 107.7 | 90.1 109.6 108.1
half-e 97.41+0.4 96.7 90.8+3.4 96.3 96.3+1.4 89.9 | 91.8 95.0 -
hopper-e 111.8+1.1 107.8 106.84+0.9 96.5 103.94+0.6  109.0 | 107.7 109.4 -
walker2d-e 110.0+£0.1 110.2 108.3£+0.1 108.5  109.7+0.3 106.3 | 106.7 109.9 -
Average score 72.9 67.5 73.3 67.3 69.0 64.5 ‘ 49.6 68.9 -

vative and reliable transition generation by our novel synthetic trajec-
tory truncation method, model-free offline RL methods can benefit
from better generalization capability, resulting in better performance.
Based on these experiments, we conclude that TATU is general and
can widely benefit both model-based and model-free offline RL al-
gorithms.

Note that due to space limit, we omit the standard deviation for
baseline methods, and the full comparison results of Table 1 and Ta-
ble 2 can be found in Appendix D.

5.3 Parameter Study

There are three most critical hyperparameters in TATU, the rollout
horizon h, the threshold parameter o, and the real data ratio n €
[0, 1] in a sampled batch from D U Diodel-

Table 3. Comparison of TATU+MOPO and TATU+TD3_BC with different
horizon lengths h on hopper-medium-replay-v2. The results are run for 1M
gradient steps and averaged over the final 10 evaluations and 5 random seeds.
Mean performance along with the standard deviation are reported.

horizonh  TATU+MOPO  TATU+TD3_BC

Results in Table 3 indicates that TATU enjoys better performance
with a larger horizon and fails with horizon 1. This may be be-
cause the diversity of the generated samples is not enough with a
too small horizon length. With additional experiments, we find the
optimal horizon h is influenced by the quality of the dataset (please
see Appendix for more details). The fact is that for expert datasets
(with narrow span), generated samples are more likely to be OOD at
a certain horizon h. On medium-quality datasets with a larger hori-
zon, algorithms can benefit from conservative and diversified imagi-
nations of TATU to improve performance. In our main experiments,
we set the rollout horizon h = 5 by default.

hopper-medium-replay-v2 hopper-medium-replay-v2

2 8
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Figure 2. Performance of TATU+MOPO (left) and TATU+TD3_BC (right)

; 12066.7531'2 %gi‘l‘g with different rollout horizons on hopper-medium-replay-v2. The results are
35 104.4+0.9 65.74+3.9 averaged over 5 different random seeds, and we report the mean performance
7 102.0+0.7 71.1+£12.4 and the standard deviation.

10 103.7£1.6 71.0£16.8

Rollout horizon h. This parameter measures how far that we al-
low the imagined trajectory to branch. With a larger horizon length
for the dynamics model, more diverse data can be included in the
model buffer, which, however, also increases the risk of involving
bad transitions. This issue can be alleviated by TATU as it adap-
tively truncates the imagined trajectory. A large horizon length A
can therefore be adopted. To see the influence of h, we conduct
experiments on hopper-medium-replay-v2 with TATU+MOPO and
TATU+TD3_BC. We keep other parameters fixed and sweep h across
{1,3,5,7,10}. Figure 2 shows the corresponding learning curves.

Threshold coefficient «. The threshold parameter « is probably
the most critical parameter for TATU, which controls the strength
that we reject the generated imaginations (larger o will reject more
transitions). This parameter is highly related to the quality of the
dataset, e.g., a large « is better for expert-level datasets while a
can be small for dataset that is collected by a random policy. Gen-
erally, we require o > 1. To show the effects of this parameter, we
run TATU+MOPO and TATU+TD3_BC on hopper-medium-replay-
v2 with « € {1.0,2.0,3.0,4.0,5.0}. We report the numerical com-
parison results in Table 4 and the learning curves in Figure 3. We
see that larger o degrades the agent’s performance of MOPO. This
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is harmful as the diversity in the imaginations is decreased and real
data ratio 1 adopted in MOPO is small, few samples are admitted.
Too large o also causes more unstable in learning as shown in Figure
3. For TD3_BC, however, a larger « is better as small « enables a
large threshold e, i.e., bad transitions may be included and are more
destructive for TD3_BC (as it involves an imitation learning term)
than for MOPO. We notice that we can luckily find a trade-off of «
for different algorithms.

Table 4. Comparison of TATU+MOPO and TATU+TD3_BC with different
threshold coefficient o on hopper-medium-replay-v2. Each algorithm is run
for 1M steps with 5 random seeds. We report the mean performance over the
final 10 evaluations, in conjunction with the standard deviation.

Coefficient «  TATU+MOPO  TATU+TD3_BC
1.0 101.440.8 32.1+£11.1
2.0 104.44+0.9 50.24+4.4
3.0 98.743.3 52.2+10.1
4.0 96.442.7 61.9410.7
5.0 52.84+31.7 58.6+13.4

hopper-medium-replay-v2 hopper-medium-replay-v2
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Figure 3. Normalized score comparison of TATU+MOPO (left) and
TATU+TD3_BC (right) on hopper-medium-replay-v2 under different thresh-
old coefficients . The results are averaged over 5 different random seeds and
the shaded region is the standard deviation.

Real data ratio 7. The real data ratio controls the proportion of
real data in a sampled mini-batch, i.e., it determines how many syn-
thetic samples are used for offline policy learning. 1 also strongly
depends on the specific dataset and setting. Model-based offline RL
method usually uses a small 7, and the n for model-free offline RL
algorithm relies heavily on the quality of the dataset, e.g., a small
7 is preferred for datasets with poor quality, and a larger 7 is bet-
ter for expert datasets. To see how 7 affects the performance of
model-based and model-free offline RL algorithms with TATU, we
run TATU+MOPO and TATU+TD3_BC with different real data ra-
tion € {0.05,0.25,0.5,0.7,0.9} on hopper-medium-replay-v2. We
summarize the results in Table 5, where we find that TATU+MOPO
achieves very good performance under a wide range of 7, even a
small 7 = 0.05 thanks to the conservative trajectory truncation by
TATU. As the dataset is of medium quality, TATU+TD3_BC attains
higher performance with larger 7, as expected. The learning curves
of TATU+MOPO and TATU+TD3_BC under different real data ra-
tios are shown in Figure 4, which are consistent with our analysis
above.

5.4  Comparison with Other Relevant Methods

In order to further show the advantages of our proposed TATU
method, we compare it against other data selection methods, in-
cluding CABI [27] and MOPP [45]. MOPP selects transitions by
performing planning and then sorting the trajectory such that each

Table 5. Comparison of TATU+MOPO and TATU+TD3_BC under differ-
ent real data ratio 7 on hopper-medium-replay-v2. The results are averaged
over the final 10 evaluations and 5 random seeds. We report the mean perfor-
mance and the standard deviation.

Real dataration ~ TATU+MOPO  TATU+TD3_BC
0.05 104.44+0.9 9.1+4.4
0.25 101.5£3.8 39.7+15.6
0.5 101.14£2.7 65.4+1.2
0.7 92.9+2.9 65.7£3.9
0.9 85.1£12.4 68.8+17.9
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Figure 4. Performance of TATU+MOPO (left) and TATU+TD3_BC (right)
on hopper-medium-replay-v2 using different real data ratios. All methods are
run for 5 different random seeds, and the shaded region captures the standard
deviation.

sample in the left trajectory meets the uncertainty constraint. CABI
trains bidirectional dynamics models and only admits transitions that
the forward and backward model agree on. TATU ensures reliable
data generation via adaptively truncating the imagined trajectory. We
combine TATU and CABI with TD3_BC and conduct experiments
on 6 random, medium-expert datasets from DARL MuJoCo datasets.
We follow the guidance in the CABI paper and implement it on our
own. We take the results of MOPP from its original paper directly.
We run each algorithm for 1M gradient steps over 5 different random
seeds. The results are presented in Table 6, where we report the av-
erage final performance. We find that TATU+TD3_BC outperforms
MOPP and CABI on most of the datasets, achieving the best perfor-
mance on 4 out of 6 datasets. These we believe can well illustrate the
superiority of TATU.

Table 6. Comparison of TATU against CABI (with TD3_BC as the base
algorithm) and MOPP on six datasets from D4RL.

Task Name TATU+TD3_BC CABI+TD3_BC  MOPP

half-r 12.14+2.3 14.3+0.4 9.4£2.6
hopper-r 31.6+0.6 15.7£11.1 13.7£2.5

walker-r 21.440.0 6.0£0.3 6.3£0.1
half-m-e 97.1+£3.2 94.8+1.0 106.2£5.1
hopper-m-e 113.0+1.7 111.4+0.3 95.4428.0
walker2d-m-e 110.9+£0.5 110.5+0.6 92.9+14.1

6 Conclusion

In this paper, we propose trajectory truncation with uncertainty
(TATU) to facilitate both model-based and model-free offline RL al-
gorithms. We adaptively truncate the imagined trajectory if the ac-
cumulated uncertainty of this trajectory is too large, which ensures
the reliability of the synthetic samples. We theoretically demonstrate
the advantages of our proposed truncation method. Empirical results
on the D4RL benchmark show that TATU markedly improves the
performance of model-based offline RL methods (e.g., MOPO) and
model-free offline RL methods (e.g., CQL). These altogether illus-
trate the generality and effectiveness of TATU.
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