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 a b s t r a c t

Decision Transformers (DTs) address decision making problems through sequence modeling and have achieved 
surprisingly strong results. However, DTs still struggle in long-horizon tasks due to their poor planning ability. 
Existing works have demonstrated that subgoal prediction helps to guide DTs’ decision making in complex and 
long-horizon tasks. However, explicit planning via subgoal prediction suffers from suboptimality, inefficiency 
and instability. In this paper, we present DT-Pro, a variant of DT that enhances its planning ability by integrating 
a natural implicit planning step into sequence modeling. Compared with explicit planning via subgoal prediction, 
the implicit planning works by inferring a latent plan from a structured plan space. Through this way, DT-Pro 
enables high-quality adaptive plan generation and efficient stepwise replanning with only a marginal increase 
in the computational cost. Extensive experimental results show that DT-Pro achieves strong performance on a 
variety of widely used control and navigation benchmarks.

1. Introduction

Offline Reinforcement Learning learns policies from a fixed dataset 
without interaction with the environment. This setting faces fundamen-
tal challenges such as value overestimation and uncontrollable error 
propagation. In recent years, sequence modeling methods such as Deci-
sion Transformer (Chen et al., 2021) and Trajectory Transformer (Jan-
ner et al., 2021) have emerged as alternative solutions to offline RL. 
For example, DT constructs sequences of returns-to-go (RTGs), states 
and actions, and leverages a Transformer to predict actions in an au-
toregressive manner. DT has proven effective in a variety of decision 
making tasks, showing its potential in many practical applications.

Despite its advantages, DT faces several major limitations in long-
horizon tasks. First, DT predicts the next action solely based on histor-
ical sequence, which often leads to myopic strategies. In other words, 
the auto-regressive architecture essentially limits its planning ability. 
Second, DT heavily relies on expert trajectories to learn good policies 
while expert trajectories are often sparse in long-horizon tasks, given 
that the success rate often drastically decreases as the horizon length 
grows. Third, with relatively short model lengths, DT struggles to cap-
ture the whole context of long sequences. Therefore, improving DT’s 
planning ability is an urgent but non-trivial task.

Recently, several variants of DT aim to improve its foresight by in-
corporating future information into sequence modeling. For example, 
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ADT predicts k-step further subgoals and conditions action prediction 
on the subgoals (Ma et al., 2023). Similarly, Waypoint-Transformer in-
troduces waypoints as subgoals to improve the utilization of subopti-
mal trajectories (Badrinath et al., 2023b). However, both subgoals and 
waypoints are manually selected from future information, which reflects 
only partial and suboptimal information for future plans. PDT leverages 
the coding of future trajectories to assist the current action prediction 
(Xie et al., 2023). Nonetheless, PDT simply encodes the whole future 
trajectories, which contain a large amount of noisy and irrelevant in-
formation that may mislead the current decision making. Overall, these 
works demonstrate that future information indeed helps DT with achiev-
ing the long-term goal, but they lack sufficient modeling and exploiting 
of future information, thus may result in suboptimal or even harmful 
future plans.

In this paper, we propose DT-Pro, a novel sequence modeling frame-
work that aims to improve DT’s planning ability while keeping its effi-
ciency. The core idea of DT-Pro is to condition DT’s action prediction 
on an informative latent representation of the future plans, so that to 
make it proactive. The overall framework of DT-Pro consists of three 
modules. First, the plan search module searches for a future plan for any 
given state by looking ahead to critical subgoals in the trajectory. The 
critical subgoals are selected based on the decaying returns-to-go (RTGs) 
and can be regarded as important milestones in a plan. Second, the plan 
coding module learns a compact latent space to represent the plans. This 

https://doi.org/10.1016/j.neunet.2026.109763
Received 23 March 2026; Received in revised form 23 August 2026; Accepted 11 October 2026

Neural Networks 206 (2027) 109763 

Available online 17 October 2026 
0893-6080/© 2026 Published by Elsevier Ltd. 

https://www.elsevier.com/locate/neunet
https://www.elsevier.com/locate/neunet

$M = (\mathcal {S}, \mathcal {A}, P, r, \gamma )$


$\mathcal {S}$


$\mathcal {A}$


$P$


$r$


$\gamma \in [0,1]$


$\tau = (S_0, a_0, r_0, \dots , S_T, a_T, r_T)$


$\pi $


$\mathbb {E}^\pi \left [ \sum _{t=0}^{T} \gamma ^t r_t \right ].$


$\mathcal {D} = \{ \tau _i \}_{i=1}^n$


\begin {equation*}\tau = (\hat {R}_0, S_0, a_0, \hat {R}_1, S_1, a_1, \dots , \hat {R}_T, S_T, a_T),\end {equation*}


$\hat {R}_t = \sum _{i=t}^T r_i$


$t$


$\tau = {(\hat {R}_t, S_t, a_t) }_{t=0}^T$


$n$


$\lambda = \left \{ \lambda _i = \frac {n - i}{n} \mid i = 1, 2, \ldots , n \right \}$


$\hat {R}_t^{gi} = \lambda _i \cdot \hat {R}_t$


$t$


$\hat {R}_t^{gi}$


$t' > t$


$\hat {R}_{t'}$


$\hat {R}_t^{gi}$


$S_{t'}$


$i$


$S^{gi}_t$


$t$


$n$


$\zeta _t = {( \hat {R}_t^{g1}, S_t^{g1}, \dots , \hat {R}_t^{gn}, S_t^{gn}) }$


$(\hat {R}_t,S_t,a_t)$


$\tau ' = \{\hat {R}_t, S_t, \zeta _t, a_t\}_{t=0}^T$


$(\hat {R}_t, S_t, \zeta _t, a_t)$


$\hat {R}_t$


$S_t$


$S_T$


$\hat {R}_t$


$f_\theta $


$S_t$


$\hat {R}_t$


$z_t = f_{\theta }(S_t, \hat {R}_t)$


$z_t$


$g_\phi $


$z_t$


$z_t$


$\hat {S}_t^g = \{\hat {R}_t^{g1}, S_t^{g1}, \dots , \hat {R}_t^{gn}, S_t^{gn}\}$


\begin {equation}S_t^{gi'} = g_\phi (Q_t = [\hat {R}_t^{gi},\zeta _{t}^{i-1}],K_t = z_t, V_t = z_t) \label {Xeqn1-1}\end {equation}


$\zeta _{t}^{i-1} = {(\hat {R}_t^{g1},S_t^{g1},\ldots , \hat {R}_t^{gi-1},S_t^{gi-1})}$


\begin {equation}\mathcal {L}_{\text {Pre}} = -\sum _{t=0}^{T} \sum _{i=0}^{n}\mid \mid S_t^{gi} - g_\phi (\hat {R}_{t}^{gi}, \zeta _{t}^{i-1}, z_t)\mid \mid ^{2} \label {Xeqn2-2}\end {equation}


$f_\theta $


\begin {equation}\resizebox {\linewidth }{!}{$ \mathcal {L}_{\text {Reg}} = - \sum _{i=1}^N \log \frac { \exp \big ( Sim(Z_t(\tau _i), Z_{t+1}(\tau _i)) \big ) }{ \displaystyle \sum _{j=1,\, j \ne i}^{N} \exp \big ( Sim(Z_{t}(\tau _i), Z_{t'}(\tau _j)) \big )*Temperature }. $} \label {Xeqn3-3}\end {equation}


\begin {equation}\mathcal {L}_{\text {PC}} = \mathcal {L}_{\text {Pre}} + \eta \mathcal {L}_{\text {Reg}}. \label {Xeqn4-4}\end {equation}


$t$


$z_t = f_\theta (S_t,\hat {R}_t)$


$f_{\theta }$


$(\hat {R}_t, S_t, z_t, a_t)$


$a_t$


$\tau _{t-k+1:t-1}$


$(\hat {R}_t, S_t, z_t)$


\begin {equation}L_{\text {DT-Pro}} = - \sum _{t=0}^{T} \mid \mid a_{t} - \pi _{\delta } \left ( \tau _{t-k+1:t-1}, S_t, r_t, \lfloor z_t \rfloor \right ) \mid \mid ^{2} \label {Xeqn5-5}\end {equation}


$\pi _\delta $


$\lfloor z_t \rfloor $


$z_t$


$n$


$t = 20, 40, 60, 80, 100$


$N$


$N$


$N$


$K$


$d$


$O(Kd^2)$


$O(Kd)$

https://orcid.org/0009-0008-6251-5866
https://orcid.org/0009-0006-2382-7053
mailto:zzmc@scut.edu.cn
https://doi.org/10.1016/j.neunet.2026.109763
https://doi.org/10.1016/j.neunet.2026.109763
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neunet.2026.109763&domain=pdf


Z. Wang et al.

module includes a simple plan encoder and a Transformer-based plan 
decoder, which are trained by autoregressively predicting the next crit-
ical subgoals under a contrastive regularizer. Finally, the action predic-
tion module generates proactive actions based on the latent plan inferred 
from the plan encoder. Note that DT-Pro does not require plan decoding 
during testing, which allows efficient stepwise replanning with only one 
step of inference.

Unlike DT, DT-Pro adopts a two-stage training procedure. At the first 
stage, the plan encoder and the decoder are jointly trained using the 
sequences of the critical subgoals found by the plan search module. At 
the second stage, a plan conditioned DT policy is trained with the plan 
encoder frozen.

Our core contributions are as follows.

• We present DT-Pro, a novel variant of DT which significantly en-
hances its planning ability by introducing an efficient and effective 
implicit planning mechanism.

• We develop a novel RTG-based plan search algorithm to automat-
ically find critical subgoals, which significantly improves the opti-
mality of future plans. We also show that our plan search algorithm 
can be easily extended to sparse reward environments.

• We propose a plan coding framework that aims to learn a structured 
latent plan space, which enables fast inference of informative latent 
plans at each time step. We show that the latent representation of 
plans also improves the policy’s robustness against noise in states.

• We conduct extensive experiments to demonstrate the superior per-
formance of DT-Pro, compared with both offline RL methods and 
recent variants of DT in multiple widely used control and navigation 
benchmarks.

2. Preliminaries

2.1. Offline reinforcement learning

Consider a Markov Decision Process (MDP) defined by the tuple 𝑀 =
( ,, 𝑃 , 𝑟, 𝛾), where  and  are the state and action spaces, 𝑃  is the 
transition function, 𝑟 is the reward function, and 𝛾 ∈ [0, 1] is a discount 
factor. In online RL setting, an agent interacts with the environment 
by generating trajectories 𝜏 = (𝑆0, 𝑎0, 𝑟0,… , 𝑆𝑇 , 𝑎𝑇 , 𝑟𝑇 ), from which to 
learn a policy 𝜋 that maximizes the expected return: 𝔼𝜋

[

∑𝑇
𝑡=0 𝛾

𝑡𝑟𝑡
]

. In 
the offline RL setting, the agent learns from a fixed dataset  = {𝜏𝑖}𝑛𝑖=1
collected by some unknown behavior policies.

2.2. Decision transformer

Decision Transformer offers an alternative approach to offline RL. 
By treating the decision making as a sequence modeling problem, DT 
focuses on learning the correlations between returns-to-go (RTGs), states 
and actions. With minimal changes to the Transformer architecture, DT 
represents trajectories as sequences of states, actions and RTGs:
𝜏 = (𝑅̂0, 𝑆0, 𝑎0, 𝑅̂1, 𝑆1, 𝑎1,… , 𝑅̂𝑇 , 𝑆𝑇 , 𝑎𝑇 ),

where 𝑅̂𝑡 =
∑𝑇

𝑖=𝑡 𝑟𝑖 denotes the return-to-go from timestep 𝑡. DT learns 
to autoregressively predict the actions based on states and RTGs, saving 
the efforts in estimating Q-values. However, the architecture of DT limits 
its ability to plan for the future, resulting in poor performance and low 
data efficiency in many long-horizon tasks.

3. Related works

3.1. Offline RL as sequence modeling problem

Offline RL methods face fundamental challenges in estimating Q-
values and preventing error propagation.In recent years,Transformer-
based reinforcement learning methods have attracted increasing atten-
tion. For example, Q-Transformer (Chebotar et al., 2023) formulates 

value-based reinforcement learning as autoregressive Q-value predic-
tion over discretized action bins. Meanwhile, sequence modeling meth-
ods, such as DT, have emerged as alternative solutions to offline RL 
(Chen et al., 2021; Furuta et al., 2021). Following its success, many 
variants of DT have been proposed to further improve its performance. 
For example, Q-DT (Yamagata et al., 2023) attempts to guide strategies 
toward high-value behaviors; ODT (Zheng et al., 2022) extends DT to an 
online setting by introducing a novel replay buffer and an exploration 
mechanism. However, although the unified sequential framework re-
duces the complexity of modeling, it sacrifices the planning ability and 
limits its performance in long-horizon tasks.

3.2.  Decision making with planning

Planning plays an important role in decision making, which has 
been demonstrated in both RL and Large Language Model (LLM) set-
tings. In the RL setting,QT-TDM (Kotb et al., 2024) further combines 
a Transformer-based dynamics model with Q-Transformer-style termi-
nal valueestimation to support efficient MPC-style short-horizon plan-
ning. To this end, many hierarchical RL methods are proposed, where 
high-level policies output subgoals and low-level policies output actions 
based on the subgoals (Jothimurugan et al., 2021; Kim et al., 2021; Levy 
et al., 2017; Nachum et al., 2018; Pateria et al., 2021). In this way, the 
performance of RL-based agents in complex environments is substan-
tially improved. Planning is also important for LLM-based agents (Wu 
et al., 2024). Popular methods such as Chain-of-Thought (Wei et al., 
2022), Tree-of-Thought (Yao et al., 2023a), ReAct (Yao et al., 2023b) 
and AgentGen (Hu et al., 2025) have demonstrated that thinking and 
planning are essential to improve LLMs’ ability to solve complex prob-
lems.However, as a class of lightweight and practical decision models, 
DT and its variants still suffer poor planning ability.

3.3. Predictive coding for decision transformers

The original architecture of DT predicts actions only based on histori-
cal sequences, which often leads to overly myopic strategies. To improve 
the planning capability of DT, recent works attempt to incorporate fu-
ture information into sequence modeling. One line of work focuses on 
explicit future subgoal conditioning. For example, ADT (Ma et al., 2023) 
borrows the idea from hierarchical RL and introduces a high-level policy 
to predict future subgoals, which are then used to guide the low-level 
DT policy. Similarly, Waypoint-Transformer (Badrinath et al., 2023b)in-
troduces waypoint networks to predict future goals or rewards that may 

Fig. 1. DT-Pro Architecture. The Plan Search module is primarily designed to 
select critical subgoals by leveraging decreasing RTG values in the trajectory. 
These subgoals are then used to train the Plan Encoder to generate high-level 
plan codings, which are subsequently integrated into the Decision Transformer 
(DT) for autoregressive action generation.
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assist current decision making. Although these methods improve long-
horizon control, the selected subgoals or waypoints often provide only 
partial future information and may be suboptimal for global planning. 
Another line of work focuses on future trajectory encoding and predic-
tive coding. PDT (Xie et al., 2023)uses future trajectory segments as 
predictive coding targets to enhance long-term behavior understanding. 
These methods demonstrate the effectiveness of future-aware represen-
tations, but directly encoding future trajectories may contain informa-
tion that is less directly relevant for efficient planning.

4. Methodology

In this section, we present DT-Pro, a novel decision sequence model-
ing framework that enhances the planning ability and efficiency of DT in 
long-horizon tasks. DT-Pro introduces an implicit planning mechanism, 
where a latent plan is inferred from a pretrained plan encoder before ac-
tion generation. Specifically, DT-Pro consists of three key components: 
the plan search module, the plan coding module, and the action pre-
diction module. In addition, DT-Pro adopts a two-stage training scheme 
to stabilize the learning process. The overall architecture of DT-Pro is 
illustrated in Fig. 1.

4.1. Plan search: Searching critical subgoals based on RTG decay

To support long-horizon planning, we introduce the Plan Search 
module that extracts a sequence of critical subgoals in the trajectory. 
Instead of selecting future subgoals based on a pre-determined interval, 
the Plan Search module identifies critical subgoals based on a decaying 
view of RTG. The motivation is that, following a good plan will gradually 
reduce the RTG, and milestones can be marked when the RTG reduces 
to certain levels.

Given an input trajectory 𝜏 = (𝑅̂𝑡, 𝑆𝑡, 𝑎𝑡)
𝑇
𝑡=0, our goal is to identify 𝑛

critical subgoals for each state in the trajectory. We start by constructing 
a decay factor set 𝜆 =

{

𝜆𝑖 =
𝑛−𝑖
𝑛 ∣ 𝑖 = 1, 2,… , 𝑛

}

, so that we can com-
pute a target value 𝑅̂𝑔𝑖

𝑡 = 𝜆𝑖 ⋅ 𝑅̂𝑡 at time 𝑡. For each 𝑅̂𝑔𝑖
𝑡 , we scan for-

ward in the trajectory and identify the future timestep 𝑡′ > 𝑡 such that 
the RTG 𝑅̂𝑡′  is closest to 𝑅̂𝑔𝑖

𝑡 . The corresponding state 𝑆𝑡′  is selected as 
the 𝑖-th subgoal 𝑆𝑔𝑖

𝑡  for timestep 𝑡. After obtaining 𝑛 RTG-subgoal pairs 
𝜁𝑡 = (𝑅̂𝑔1

𝑡 , 𝑆𝑔1
𝑡 ,… , 𝑅̂𝑔𝑛

𝑡 , 𝑆𝑔𝑛
𝑡 ), we concatenate them with the original pair 

(𝑅̂𝑡, 𝑆𝑡, 𝑎𝑡) to form a subgoal-augmented representation. This operation 
is repeated for every timestep in the trajectory, resulting in a set of aug-
mented trajectories 𝜏′ = {𝑅̂𝑡, 𝑆𝑡, 𝜁𝑡, 𝑎𝑡}𝑇𝑡=0, where each tuple (𝑅̂𝑡, 𝑆𝑡, 𝜁𝑡, 𝑎𝑡)
represents the current information with temporal abstraction of the fu-
ture. The details of the Plan Search are provided in Algorithm 1.

Algorithm 1 Searching critical Subgoals based on RTG decay.
Input: Trajectory 𝜏, number of subgoals 𝑛, decay factors set 𝜆
Output: Subgoal-augmented trajectories 𝜏′

1: 𝜆 =
{

𝜆𝑖 =
𝑛−𝑖
𝑛 ∣ 𝑖 = 1, 2,… , 𝑛

}

2: for each timestep 𝑡 in 𝜏 do
3: Initialize RTGs-subgoals 𝜁𝑡 ← []
4: for each 𝜆𝑖 ∈ 𝜆 do
5: Compute target RTG: 𝑅̂𝑔𝑖

𝑡 ← 𝜆𝑖 ⋅ 𝑅̂𝑡, Find 𝑡′ = argmin𝑗>𝑡 |𝑅̂𝑗 −
𝑅̂𝑔𝑖
𝑡 |

6: 𝑅̂𝑔𝑖
𝑡  = 𝑅̂𝑡′ , 𝑆𝑔𝑖

𝑡 = 𝑆𝑡′ , Append {𝑅̂𝑔𝑖
𝑡 , 𝑆

𝑔𝑖
𝑡 } to 𝜁𝑡

7: end for
8: (𝑅̂𝑡, 𝑆𝑡, 𝜁𝑡, 𝑎𝑡) is stored in 𝜏′
9: end for

The motivation behind this design lies in the fact that 𝑅̂𝑡 represents 
the cumulative return from the current state 𝑆𝑡 to the terminal state 𝑆𝑇 . 
A smaller 𝑅̂𝑡 indicates that the corresponding state is closer to the final 
goal of the task. By applying a set of decayed return targets, we retrieve 

Fig. 2. Illustration on the latent plan space and positive/negative pairs in con-
trastive learning.

a sequence of future states that approximately span the remainder of 
the trajectory. These subgoals serve as milestones that effectively cap-
ture the underlying plan. Compared to existing approaches (e.g., ADT 
(Ma et al., 2023) and WT (Badrinath et al., 2023a)) that select subgoals 
based on naive strategies, DT-Pro provides an explainable and effective 
strategy for selecting critical subgoals. Our empirical studies demon-
strate that the plan formed by these critical subgoals are much more 
informative and robust than that selected by naive strategies.

4.2. Plan coding: Learning a structured plan space

Although the critical subgoals extracted by the Plan Search module 
provide useful temporal abstraction of the plan, directly conditioning 
the policy on the subgoals will cause significant computational overload 
and instability due to the noisy and irrelevant information.

To address this, we introduce a Plan Coding module that transforms 
subgoal sequences into a compact latent plan. Specifically, we use a 
multi-layer perceptron (MLP) 𝑓𝜃 to encode each state 𝑆𝑡 and its as-
sociated return-to-go 𝑅̂𝑡 into a latent vector 𝑧𝑡 = 𝑓𝜃(𝑆𝑡, 𝑅̂𝑡). To ensure 
that 𝑧𝑡 captures the essential planning structure, we train it through a 
Transformer-based decoder 𝑔𝜙 with a cross attention mechanism. Since 
the latent plan 𝑧𝑡 lacks direct supervision signals, we train the plan en-
coder and decoder in a self-supervised way by reconstructing the sub-
goal sequences. As is illustrated in Fig. 1, each 𝑧𝑡 is paired with a se-
quence 𝑆̂𝑔

𝑡 = {𝑅̂𝑔1
𝑡 , 𝑆𝑔1

𝑡 ,… , 𝑅̂𝑔𝑛
𝑡 , 𝑆𝑔𝑛

𝑡 }, and used as the key and value in 
the decoder, while the autoregressive subgoal queries serve as input. 
The decoder then autoregressively predicts each subgoal token as:

𝑆𝑔𝑖′
𝑡 = 𝑔𝜙(𝑄𝑡 = [𝑅̂𝑔𝑖

𝑡 , 𝜁
𝑖−1
𝑡 ], 𝐾𝑡 = 𝑧𝑡, 𝑉𝑡 = 𝑧𝑡) (1)

where 𝜁 𝑖−1𝑡 = (𝑅̂𝑔1
𝑡 , 𝑆𝑔1

𝑡 ,… , 𝑅̂𝑔𝑖−1
𝑡 , 𝑆𝑔𝑖−1

𝑡 ). We apply a MSE loss over pre-
dicted subgoals:

Pre = −
𝑇
∑

𝑡=0

𝑛
∑

𝑖=0
∣∣ 𝑆𝑔𝑖

𝑡 − 𝑔𝜙(𝑅̂
𝑔𝑖
𝑡 , 𝜁

𝑖−1
𝑡 , 𝑧𝑡) ∣∣2 (2)

Stabilizing plan representations via contrastive regularizer.
The MLP-based plan encoder 𝑓𝜃 learns a mapping from the current 

state and RTG to a latent plan space. However, the learned plan space 
may not be stable due to the noise in the dataset. To address this, we 
introduce a simple yet effective contrastive regularizer (He et al., 2020) 
to stabilize the plan representations. The idea is that the optimal plans 
usually do not deviate too much in adjacent time steps, while they can 
deviate in different trajectories. As illustrated in Fig. 2, latent plans from 
adjacent time steps within the same trajectory are treated as positive 
pairs, while plans from different trajectories are treated as negatives. 
The contrastive loss encourages temporally consistent and trajectory-
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aware representations:

Reg = −
∑𝑁

𝑖=1 log
exp

(

𝑆𝑖𝑚(𝑍𝑡(𝜏𝑖),𝑍𝑡+1(𝜏𝑖))
)

𝑁
∑

𝑗=1, 𝑗≠𝑖
exp

(

𝑆𝑖𝑚(𝑍𝑡(𝜏𝑖), 𝑍𝑡′ (𝜏𝑗 ))
)

∗ 𝑇 𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒

.

(3)

The final loss for the Plan Coding module can be represented by a 
weighted sum of two losses:
PC = Pre + 𝜂Reg. (4)

The details of Plan Coding are provided in Algorithm 3.

4.3. Action prediction: Conditioning action on the latent plan

After the pretraining at the first stage, the Plan Encoder can generate 
high-level plan representations by taking the current state and RTG as 
inputs. To integrate this high-level planning information into the action 
generation process, we slightly modify the architecture of the original 
DT by imposing an implicit planning step. Specifically, at each timestep 
𝑡, we freeze the Plan Encoder and compute a latent plan representation 
𝑧𝑡 = 𝑓𝜃(𝑆𝑡, 𝑅̂𝑡), where 𝑓𝜃 is the pretrained Plan Encoder. Note that we 
freeze the Plan Encoder during the second training stage, in order to 
protect the structured plan space from being distorted. Then, DT-Pro 
takes as input a sequence of tuples (𝑅̂𝑡, 𝑆𝑡, 𝑧𝑡, 𝑎𝑡) and learns to autore-
gressively predict the current action 𝑎𝑡 based on the historical context 
𝜏𝑡−𝑘+1∶𝑡−1 and the current input (𝑅̂𝑡, 𝑆𝑡, 𝑧𝑡). The training loss at the sec-
ond stage can be written as:

𝐿DT-Pro = −
𝑇
∑

𝑡=0
∣∣ 𝑎𝑡 − 𝜋𝛿

(

𝜏𝑡−𝑘+1∶𝑡−1, 𝑆𝑡, 𝑟𝑡, ⌊𝑧𝑡⌋
)

∣∣2 (5)

where 𝜋𝛿 denotes the parameters of the DT-Pro policy network, and ⌊𝑧𝑡⌋
represents the application of a stop-gradient operator on the latent plan-
ning vector 𝑧𝑡.By conditioning action prediction on its associated plan, 
DT-Pro gains a strong planning capability so that it would select global 
optimal actions with higher probabilities. Moreover, DT-Pro reasons fu-
ture plans in a compact latent space, which allows efficient replanning 
at each time step with only a marginal increase in the computational 
cost. Note that adjusting plans in real time could bring significant per-
formance improvement, especially in long-horizon tasks.

4.4. Overall training and deployment

In this section, we will summarize the overall training procedures of 
DT-Pro and show how it can be extended to sparse reward environments. 
In the first stage of training, DT-Pro first obtains subgoal information 
through the Plan Search module and adds it to the current trajectory. 
Then, subgoal-augmented trajectories are used to train the Plan Encoder, 
which takes state and RTG as inputs and outputs a latent plan. In the 
second stage of training, the Plan Encoder is frozen and a causal Trans-
former model is trained to predict action based on the current state, RTG 
and latent plan. The overall training process of DT-Pro is described in 
Algorithm 2.

To enhance the generalization of the model, we further extend it 
to environments with sparse rewards, and the detailed content will be 
presented in the Appendix C.3.

5. Experiment

In this section, we conducted comprehensive experiments to evaluate 
DT-Pro from three perspectives: overall performance, module effective-
ness, and hyperparameter sensitivity. Specifically, we first evaluate DT-
Pro against a set of strong baselines on benchmark tasks to validate 
its overall effectiveness. We then conduct ablation studies to assess the 
contribution of key components. Finally, to better understand the de-
sign choices, we further analyze the effect of the number of subgoals 

Algorithm 2 Overall training process of DT-Pro.
Input: Trajectory 𝜏, target number of subgoals 𝑛, decay factors set 𝜆
Output: DT-Pro policy 𝜋𝛿

# Input 𝜏 into Algorithm 1 to obtain subgoals and add them to trajec-
tory 𝜏 . 
𝜏′ = Plan Search(𝜏, n, 𝜆)
# Input trajectory 𝜏′ into Algorithm 3 to train the Plan Encoder (De-
coder will be discarded). 
Plan Encoder 𝑓𝜃 = Plan Coding(𝜏′)
#After Plan Coding training, the Encoder parameters will be frozen.
Freeze the Plan Encoder and train DT-Pro policy 𝜋𝛿 according to Al-
gorithm 4.

on performance. In additional, we provide computational cost analysis, 
robustness evaluation and visualization of decoded plans in Appendix C.

5.1. Experimental setup

We evaluate DT-Pro on the widely-used D4RL benchmark suite, 
which covers a diverse set of offline reinforcement learning tasks. In our 
experiments, we focus on two representative task families that reflect 
different types of decision-making challenges: Gym-MuJoCo, Maze2d. 
The detailed experimental settings are described in Appendix C. To en-
sure robustness and statistical significance, all experiments are run with 
4 random seeds. We report the average return and standard deviation 
across these seeds.

5.2. Performance comparisons with prior works

5.2.1. Results in dense reward environments
To evaluate the effectiveness of DT-Pro, we compare its performance 

with a diverse set of representative baselines: CQL (Kumar et al., 2020), 
IQL (Kostrikov et al., 2021), DT (Chen et al., 2021), Autotuned Deci-
sion Transformer(ADT) (Ma et al., 2023), Waypoint Transformer (WT) 
(Badrinath et al., 2023a) and Latent Plan Transformer(LPI-EI) (Kong 
et al., 2024). Detailed descriptions of the environments and baselines 
are given in Appendix B.6.

Analysis. Table 1 summarizes the normalized performance of DT-
Pro across all evaluated environments. Our method achieves an aver-
age score of 81.6, substantially outperforming the previous best base-
line ADT (73.6) and establishing a new state-of-the-art on the D4RL 
benchmark. In the Gym-MuJoCo tasks, DT-Pro consistently outperforms 
existing methods across all dataset settings. Notably, on the challeng-
ing medium-replay datasets—where data quality is lower and trajec-
tories are more diverse—DT-Pro achieves substantial gains over DT, 
with average improvements of over 50 points in HalfCheetah, Hop-
per, and Walker2d. These results demonstrate the robustness of DT-Pro 
under suboptimal data distributions. In the Maze2d navigation bench-
marks, which emphasize long-horizon, goal-conditioned decision mak-
ing, DT-Pro also achieves strong performance. On the medium-dense 
variant, DT-Pro improves upon the best-performing prior method (ADT) 
by 46.3%, and maintains leading performance across all difficulty levels. 
These results show that DT-Pro effectively enhances the planning ability 
of sequence modeling methods in long-horizon tasks.Detailed training 
curves are provided in the Appendix B.6.

5.2.2. Results in sparse reward environments
To evaluate the effectiveness of our algorithm on sparse reward 

datasets, we use the trained DT model as the critic and input the sparse 
reward dataset into the DT model to predict more RTG information
Appendix C.3. Then, combining with our method, we obtain effective 
subgoals. To test the validity of the subgoals, we conduct experiments 
on a delayed return version of the Hopper environment, with the results 
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Table 1 
Performance comparisons on D4RL and Maze2d benchmarks. For each environment, the top-2 perfor-
mance results are highlighted in bold.
 Environment  CQL  IQL  DT  ADT  WT  LPT-EI  DT-Pro (Ours)
 Half-M 44.0±5.4 47.4±0.2 42.4±0.2 48.7±0.2 43.0±0.2 43.5±0.1 43.1±0.1
 Half-MR 45.5±0.5 44.2±1.2 35.4±1.6 42.8±0.2 39.7±0.3 40.6±0.2 43.2±0.1
 Half-ME 91.6±2.8 86.7±5.3 84.9±1.6 91.7±1.5 93.2±0.5 89.3±0.2 93.0±0.6
 Hopper-M 58.5±2.1 66.2±5.7 63.5±5.2 60.6±2.8 63.1±0.1 63.8±0.3 77.2±4.7
 Hopper-MR 95.2±6.4 92.7±8.6 43.3±23.9 83.5±9.5 88.9±2.4 89.9±0.6 92.9±2.2
 Hopper-ME 105.4±6.8 91.5±14.3 100.6±8.3 101.6±5.4 110.9±0.6 109.8±2.1 111.7±0.5
 Walker2d-M 72.5±0.8 78.3±8.7 69.2±4.9 80.9±3.5 74.8±1.0 81.2±0.3 81.4±0.2
 Walker2d-MR 77.2±5.5 73.8±7.1 58.9±7.1 86.3±1.1 67.9±3.4 75.7±0.4 76.0±1.9
 Walker2d-ME 108.8±0.7 109.6±1.0 89.6±38.4 112.1±0.4 109.6±1.0 108.6±2.3 109.7±1.0
 Maze2d-U −8.9±6.11 42.11±0.58 18.08±25.42 53.6±3.1 48.6±10.4 23.6±5.4 67.8±4.6
 Maze2d-M 86.11±9.68 34.85±7.8 31.71±26.33 60.6±9.9 59.8±11.5 48.3±10.8 97.0±5.9
 Maze2d-L 33.65  46.23  28.48 58.6±20.9 40.8±19.5 59.7±3.8 87.0±3.2

 Average  67.4  68.0  71.4  73.6  70.0  69.5  81.6

Table 2 
Standard score on a delayed return version of the Hopper environment.
 Dataset  Delayed (Sparse)  Original (Dense)

 DT-pro (Ours)  CQL  ADT  DT-pro (Ours)  CQL  ADT
 Hopper-ME 𝟏𝟎𝟒.𝟔 ± 𝟐.𝟓 9.0 ± 1.3 100.9 ± 2.3 𝟏𝟏𝟏.𝟕 ± 𝟎.𝟓 105.6 ± 6.8 101.6 ± 5.4
 Hopper-M 𝟕𝟑.𝟐 ± 𝟑.𝟖 5.2 ± 1.3 57.9 ± 4.3 𝟕𝟕.𝟐 ± 𝟒.𝟕 58.5 ± 2.1 60.6 ± 2.8
 Hopper-MR 𝟖𝟓.𝟑 ± 𝟐.𝟔 2.0 ± 1.9 80.6 ± 3.8 92.9 ± 2.2 𝟗𝟓.𝟐 ± 𝟔.𝟒 83.5 ± 9.5

Fig. 3. Learning curves of different subgoal selection strategies, where DT-Pro 
with the plan search shows a clear advantage.

shown in the Table 2. When CQL’s performance significantly drops in 
sparse environments, DT-pro is less affected, demonstrating that DT-pro 
can still achieve relatively good results under sparse reward conditions.

5.3. Ablation studies

5.3.1. Effectiveness of the plan search
In Section 4.1, we introduce a data preprocessing pipeline to extract 

informative subgoals, which are later used to guide the planning pro-
cess. The quality of these extracted subgoals is critical, as it directly 
affects the Planning Generator’s ability to produce meaningful plans 
and thus influences the overall decision-making performance of DT-
Pro. To evaluate the importance of subgoal quality, we compare our 
approach against two baseline extraction strategies:Random subgoals: At 
each timestep, 𝑛 subgoals are randomly sampled from the same trajec-
tory. This naive approach ignores the relevance between subgoals and 
the current decision-making context. Fixed-interval subgoals: Subgoals 
are selected at fixed temporal intervals (e.g., 𝑡 = 20, 40, 60, 80, 100 for 
a length-100 trajectory). This strategy offers better stability than ran-
dom selection but still lacks adaptiveness. It overlooks the actual task 
structure and the varying importance of different trajectory segments.

As shown in Fig. 3, random subgoals often lead to significantly worse 
results with high variances, particularly on datasets like hopper-medium, 
where the quality of behavior data is already limited. This is because 
random subgoals often consist of uninformative or misleading states. 
For fixed-interval subgoals, while this approach achieves slightly more 
consistent results, its performance remains inferior to DT-Pro with plan 
search, due to its failure to identify critical subgoals that carry more 
useful information.

Fig. 4. Learning curves of DT-Pro and DT-Pro without contrastive regularizer.

Fig. 5. Standardized scores of DT-Pro under different numbers of subgoals on 
the Walker2d-medium (left) and the Maze2d-medium (right).

5.4. Performance on different numbers of subgoals

5.4.1. Effectiveness of the contrastive regularizer
To improve the quality of plan representations and mitigate the in-

fluence of noisy or ambiguous subgoal sequences, we introduce a con-
trastive learning objective into the Plan Coding module. To assess its 
contribution, we conduct an ablation study by removing the contrastive 
loss from the training objective. As illustrated in Fig. 4, while the per-
formance gap in Walker2d is marginal, contrastive learning shows clear 
advantages in Maze2d tasks. This discrepancy is attributable to the na-
ture of the environments: Maze2d involves complex, goal-directed tra-
jectories with diverse subgoal structures, which benefit from the struc-
tured representations encouraged by contrastive learning. In contrast, 
Walker2d primarily involves simple, linear motion with limited hierar-
chical planning, rendering its benefits from the plan coding as well as 
the contrastive regularizer. However, in many real-world complex prob-
lems, a compact and structured latent plan space would greatly improve 
the quality.
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As described in the Plan Coding module, the latent plan representa-
tion is guided by multi-step subgoals extracted from trajectories, where 
the number of subgoals represents different levels of plan abstraction. 
We now investigate how the number of subgoals 𝑁 influences the ab-
straction level of the generated plan. As shown in Fig. 5, increasing the 
number of subgoals initially improves performance in both Walker2d 
and Maze2d, as a richer set of subgoals offers better temporal abstrac-
tion and helps the planner capture future structure more effectively. 
With a moderate number, each subgoal often reflects a meaningful
intermediate milestone, enhancing the interpretability and utility of the 
plan. However, beyond a certain point, further increasing 𝑁 results in 
performance degradation. This is primarily due to the redundancy intro-
duced by overly dense subgoal sequences, which can obscure the core 
trajectory structure and inject noise into the plan representation. Fur-
thermore, additional subgoals impose a greater prediction burden, and 
under constrained capacity or noisy data, may accumulate errors that 
compromise the integrity of the plan. These results present a trade-off: 
while temporal abstraction facilitates long-term reasoning, overly fine-
grained decomposition can harm the plan quality. In addition, the opti-
mal choice of 𝑁 may vary in different environments, which reveals that 
different environments require different levels of plan abstraction. This 
aligns with our intuition that strategic environments may require more 
subgoals to form effective plans. Please refer to the Appendix B.7 for the 
selection of the number of subgoals.

6. Conclusion

Decision Transformer represents a straightforward and effective 
method for offline reinforcement learning. Nevertheless, existing meth-
ods often result in myopic policies. In this study, we introduce DT-Pro, a 
novel framework for sequence modeling aimed at DT with a simple yet 
powerful mechanism for implicit planning. By integrating a plan search 
module to identify critical subgoals, a plan coding module to create com-
pact latent plan representations, and an action prediction module to gen-
erate farsighted actions, DT-Pro addresses key limitations of traditional 
DT in long-horizon tasks. Notablely, DT-Pro overcomes challenges such 
as myopic decision-making and computational inefficiency by reason-
ing plans in a structured plan space. Experiments across diverse control 
and navigation benchmarks demonstrate that DT-Pro significantly out-
performs both offline reinforcement learning methods and existing DT 
variants. Moreover, benefiting from the latent space planning, DT-Pro 
maintains a strong performance against sparse reward and noisy states.
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Appendix A.  Supplementary Algorithms

Algorithm 3 mainly explains Plan Coding: A Plan Encoder is trained 
on the Subgoals obtained from Algorithm 1, and after training, the En-
coder parameters are frozen. Algorithm 4 mainly explains the Action 
Prediction module. The Encoder, trained in Algorithm 3, can be embed-
ded into the DT model to assist in planning and achieve better perfor-
mance.

Algorithm 3 Contrastive regularized plan coding.
Input: A set of trajectories 𝜏 = {𝜏1, 𝜏2,… , 𝜏𝑁}
Output: Plan Encoder 𝑓𝜃
1: for each trajectory 𝜏 ∈ {𝜏1, 𝜏2,… , 𝜏𝑁} do
2: for each timestep 𝑡 in 𝜏 do
3: Compute latent plan: 𝑧𝑡 = Encoder(𝑆𝑡, 𝑅̂𝑡)
4: {Train decoder in an auto-regressive manner to predict subgoal 

sequence 𝜁 ′𝑡 } 
5: 𝜁 ′𝑡 = Decoder(𝑄𝑡 = 𝜁𝑡, 𝐾𝑡 = 𝑧𝑡, 𝑉𝑡 = 𝑧𝑡)
6: Obtain the subgoal prediction loss: Pre = ‖

‖

𝜁𝑡 − 𝜁 ′𝑡 ‖‖
2

7: end for
8: end for
9: for each trajectory 𝜏𝑖 in all trajectories do
10: for each timestep 𝑡 in trajectory 𝜏𝑖 do
11: {Positive sample similarity:} 
12: pos_sim ← Sim(𝑍𝑡(𝜏𝑖), 𝑍𝑡+1(𝜏𝑖))
13: {Negative sample similarity sum:} 
14: neg_sum ← 0
15: for each trajectory 𝜏𝑗 in all trajectories, where 𝑗 ≠ 𝑖 do
16: neg_sum ← neg_sum + Sim(𝑍𝑡(𝜏𝑖), 𝑍𝑡(𝜏𝑗 ))
17: end for
18: Reg ← Reg − log

(

pos_sim
pos_sim+neg_sum

)

19: end for
20: end for
21: Minimize the final encoder loss: encoder = Pre + 𝜂Reg

Algorithm 4 Training the policy of DT-Pro.
1: # Input: A set of trajectories 𝜏 = {𝜏1, 𝜏2,… , 𝜏𝑁}
2: # Output: Predicted actions for each timestep 
3: for each trajectory 𝜏 ∈ {𝜏1, 𝜏2,… , 𝜏𝑁} do
4: for each timestep 𝑡 in 𝜏 do
5: Compute latent plan: 𝑧𝑡 = Encoder(𝑆𝑡, 𝑅̂𝑡)
6: Predict action: 𝑎′𝑡 = DT-Pro(𝑅̂𝑡, 𝑆𝑡, 𝑧𝑡)
7: Minimize the action prediction loss: DT-pro = ‖

‖

𝑎′𝑡 − 𝑎𝑡‖‖
2

8: end for
9: end for

Appendix B.  Experimental Details

B.1. Enviroment descriptions

Gym-MuJoCo: This suite includes classic continuous control tasks 
simulated in the MuJoCo physics engine. We select three standard 
environments—Hopper, Walker2d, and HalfCheetah—each character-
ized by high-dimensional continuous state and action spaces. The ob-
jective in these environments is to learn locomotion policies that pro-
duce stable and efficient forward movement. For each environment, 
D4RL provides multiple datasets of varying quality, including medium, 
medium-replay, and medium-expert, enabling evaluation under differ-
ent data regimes.

Maze2d: This set of tasks emphasizes long-horizon, goal-conditioned 
navigation. The agent must navigate a 2D maze with obstacles to reach 
a specified goal location from a fixed start position. These tasks require 
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Table B.1 
DT-Pro target return settings across Gym-
MuJoCo and Maze2d benchmarks.
 Environment  Target Returns
 Hopper-Medium  3600
 Walker2d-Medium  4000
 Halfcheetah-Medium  6000
 Hopper-Medium-Replay  3600
 Walker2d-Medium-Replay  4000
 Halfcheetah-Medium-Replay  9000
 Hopper-Medium-Expert  3600
 Walker2d-Medium-Expert  5000
 Halfcheetah-Medium-Expert  12,000
 Maze2d-umaze  100
 Maze2d-medium  300
 Maze2d-Large  200

strong planning capabilities and are well-suited for evaluating the ben-
efit of future-aware modeling. We use three versions with increasing 
difficulty: umaze, medium, and large, all of which provide rewards for 
smoother learning.

B.2. Baselines algorithms

Offline reinforcement learning: including CQL (Kumar et al., 
2020), and IQL (Kostrikov et al., 2021), which are value-based or actor-
critic based approaches designed for offline RL settings.

Sequence modeling with Transformers: including DT (Chen et al., 
2021), Autotuned Decision Transformer(ADT) (Ma et al., 2023), Way-
point Transformer (WT) (Badrinath et al., 2023a) and Latent Plan Trans-
former(LPI-EI) (Kong et al., 2024), which formulate policy learning as 
sequence modeling with future conditioning.

All experimental data comes from Waypoint DT, ADT, and LPT, ex-
cept for the LPT (Kong et al., 2024) data in the Walker-medium-expert, 
Hopper-medium-expert, and HalfCheetah-medium-expert datasets. For 
these three datasets, we used the code provided in the LPT paper to test 
and obtain the corresponding scores.

B.3. Extending DT-Pro to sparse reward environments.

As the plan search Algorithm 1 relies on the RTGs of sequences, it 
does not directly apply in sparse reward environments where only the 
final reward of the trajectory is provided. To address this, we pretrain a 
DT model and use it as a critic to provide granular RTG signals for the 
plan search. As is shown in Section 5.5 of the original DT paper (Chen 
et al., 2021), pretrained DT can provide reasonable RTG signals for each 
timestep. Appending these predicted RTGs to the original trajectories 
would help our lan search algorithm to effectively find critical subgoals 
and associated plans. The experimental results in Section 5.2 demon-
strate that DT-Pro can be extend to sparse reward settings with only 
slight performance drop.

B.4. Return targets used in evaluation

The target returns for the Gym-MuJoCo and Maze2d tasks, presented 
in Table B.1, are given as normalized scores. For Gym-MuJoCo, most tar-
get returns are adopted from prior work such as DT, while for Maze2d, 
we primarily use the highest trajectory scores available in the existing 
datasets, as provided on the official D4RL website.

B.5. Hyper-parameters

The hyperparameters used by DT-pro in our experiments are sum-
marized in Table B.2. Most of them follow the default configuration 
of the DT. In addition, we incorporate a contrastive regularizer during 
training, with the temperature coefficient set to 0.05, 0.1, and 0.2. The 
number of subgoals varies across different datasets, primarily because 

Table B.2 
DT-pro hyper-parameters.

 Hyper-parameter  Value

Architecture

 Hidden layers  4
 Hidden dim  128
 Heads num  4
 Clip grad  0.25
 Embedding dim  128
 Embedding dropout  0.1
 Activation function  ReLU
 Sequence length  20

Training

 Optimizer  AdamW
 Learning rate  1e-4
 Batch size  256
 Weight decay  1e-4
 Warm-up steps  1e5

Table B.3 
Transformer-based plan decoder hyper-
parameters.

 Hyper-parameter  Value

Architecture

 Hidden layers  2
 Heads num  16
 Clip grad  0.25
 Embedding dim  128
 Embedding dropout  0.1
 Activation function  ReLU

Training
 Optimizer  AdamW
 Learning rate  1e-4
 Batch size  128

the trajectory lengths differ significantly across environments. As a re-
sult, the number of subgoals that can be meaningfully extracted also 
varies. Nevertheless, we typically select between 5 and 10 subgoals.

The hyperparameters used for the encoder and decoder of the plan 
module are listed in Table B.3. To ensure that the learned plan represen-
tation aligns well with the underlying state space, we adapt the output 
dimensionality of the plan according to the state dimensionality of dif-
ferent environments. Specifically, we set the plan dimension to 16 for 
Gym-MuJoCo environments and 4 for Maze2d environments, reflecting 
the fact that the typical state dimension is around 16 in Gym-MuJoCo 
and 4 in Maze2d.

This adaptive design allows the plan embedding to retain sufficient 
representational capacity without introducing unnecessary complexity. 
Overall, our Plan framework remains lightweight in terms of parame-
ter count and computational overhead, while still demonstrating strong 
empirical performance across benchmarks.

B.6. Learning curve comparisons

To complement the final performance comparisons, we provide 
learning curve comparisons for the main Decision Transformer-based 
methods. The curves cover HalfCheetah, Hopper, Walker2d, and 
Maze2d environments.We focus on these DT-family methods because 
they share similar sequence-modeling training paradigms with DT-
Pro, making their training dynamics directly comparable. In contrast, 
CQL and IQL follow value-based offline RL training procedures, whose 
training objectives, optimization processes, and training-step settings 
are substantially different from those of DT-Pro and other DT-family
methods. Therefore, their learning curves are not directly comparable 
under the same training-step axis. For this reason, CQL and IQL are 
mainly included as conventional offline RL baselines for final perfor-
mance comparison, while the supplementary learning curve analysis fo-
cuses on the DT-family methods that are most directly related to our 
approach. These results provide a more complete view of the train-
ing process and further demonstrate the stable and effective learning
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Fig. B.1. Learning curve comparisons of different methods on Walker2d envi-
ronments.

Fig. B.2. Learning curve comparisons of different methods on Hopper environ-
ments.

Fig. B.3. Learning curve comparisons of different methods on Halfcheetah en-
vironments.

Fig. B.4. Learning curve comparisons of different methods on Maze2d environ-
ments.

behavior of DT-Pro across different environments (see Figs. B.1, B.2, 
B.3, B.4). 

B.7. Selection rules

To make the analysis more controlled, we revise the sensitivity study 
using a progressive RTG-decay hierarchy, where the number of sub-
goals is set to (N=1,2,4,8,16,32). This power-of-two design is adopted 
because it provides a structured refinement of the same RTG-decay 
progress axis. Smaller values of (N) correspond to coarser partitions of 
the future trajectory, while larger values of (N) insert additional inter-
mediate return-level milestones between existing ones. For example, if 
the current RTG is 100, (N=4) may correspond to target RTGs of 75, 
50, 25, and 0, while (N=8) further inserts intermediate targets such as 
87.5, 62.5, 37.5, and 12.5. Therefore, increasing (N) does not introduce 
a completely arbitrary placement strategy, but progressively refines the 
same RTG-decay-based future abstraction. This makes the comparison 
more structured and better aligned with our goal of analyzing the effect 
of subgoal granularity.

Appendix C.  Additional Experiments

C.1. Computational cost

All experiments were conducted on NVIDIA Tesla P100-PCIE 
GPUs.First, the Plan Search module is an offline preprocessing step. It 
extracts RTG-guided critical subgoals only once before policy training 

and introduces no additional online inference cost. Empirically, even on 
the Hopper-medium dataset with the longest preprocessing time, Plan 
Search accounts for only 4.3% of the total training time. Since the ex-
tracted subgoals can be reused across repeated runs, the averaged addi-
tional overhead per run is only 1.08%. Across all datasets, the average 
preprocessing overhead is approximately 0.64%.

Second, the Plan Coding module introduces an MLP-based Plan En-
coder and a Transformer-based Plan Decoder. This increases offline 
training cost, but the overhead remains moderate because the number 
of critical subgoals is capped at a small value, at most 32 in our experi-
ments. In practice, Plan Coding increases total training time by approx-
imately 8%–12%.

Third, in the Action Prediction stage, DT-Pro preserves the original 
Decision Transformer backbone and only adds a lightweight MLP-based 
Plan Encoder to provide latent plan conditioning. Importantly, during 
inference, the Transformer-based Plan Decoder is discarded, and only 
the lightweight Plan Encoder is retained. Let 𝐾 denote the context length 
and 𝑑 denote the hidden dimension. The inference complexity of vanilla 
DT is dominated by the Transformer backbone: 𝑂(𝐾𝑑2). In DT-Pro, the 
additional Plan Encoder is an MLP applied to the contextual inputs to 
generate latent plans. Its computational cost scales as 𝑂(𝐾𝑑). DT-Pro 
does not require explicit future trajectory rollout, online search, or iter-
ative MPC-style optimization during deployment. The additional train-
ing overhead of this stage is approximately 10%–12% compared with 
vanilla DT training.

Overall, DT-Pro trades a moderate increase in offline training cost for 
stronger long-horizon planning ability, while maintaining low online in-
ference overhead. Since future planning information is compressed into 
a fixed-dimensional latent representation, DT-Pro is more suitable for 
resource-constrained deployment than explicit rollout-based planning 
methods whose inference cost grows with rollout horizon.

C.2. Evaluating the robustness of plan

Methods like ADT rely on manually preset hyperparameters to select 
a specific state in the trajectory as a subgoal. However, this approach 
does not guarantee the quality of the subgoals. In contrast, our algo-
rithm relies on multiple subgoals during the reasoning process of the 
plan. Therefore, the question arises: Is the plan overly sensitive to the 
quality of certain subgoals? The experimental setup is as follows: Gaus-
sian noise is randomly added to the extracted subgoals, with noise lev-
els of 20%, 40%, and 60%. The experimental results are shown in the 
Fig. C.1. The addition of Gaussian noise to the subgoal in ADT results in 
a significant decline. In contrast, when a small number of subgoals have 
poor quality, the impact on the algorithm’s performance is negligible. 
As the noise proportion increases, the algorithm’s performance does de-
cline, but it remains at a relatively high level. Even when more than half 
of the subgoal data is of low quality, the algorithm’s performance is still 
comparable to that of ADT. These results validate that the Plan method 
demonstrates robust performance when dealing with imperfect data.

Fig. C.1. Learning curves regarding the addition of Gaussian noise at different 
proportions.
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Fig. C.2. Visualization of subgoals decoded from latent plans of consecutive 
states during testing in the Maze2d-Large environment.

Fig. C.3. Visualization of subgoals decoded from latent plans of consecutive 
states during testing in the Maze2d-medium environment. The decoded subgoals 
always indicate the optimal path to the end point, demonstrating the effective-
ness of the plan encoder.

C.3. Visualization of decoded plans

Since the plan is encoded as a high-dimensional latent vector, it can-
not be directly visualized, making its interpretability and effectiveness 
difficult to assess. To address this, we leverage the fact that the plan 
serves as the key and value in the Plan Decoder to autoregressively gen-
erate subgoals, we visualize the output subgoal sequences produced by 
the trained decoder conditioned on the plan. This allows us to assess 
whether the latent plan encodes meaningful structure and intent. As 

shown in Fig. C.2 and Fig. C.3, we select representative states in the 
Maze2d: medium environment, Large environment and visualize their 
corresponding decoded subgoals. The visualization results show that 
the latent plan consistently produces goal-directed subgoal trajectories, 
demonstrating that the plan encoder captures informative planning sig-
nals that can effectively guide the action prediction.
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