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Abstract—Offline reinforcement learning (RL) learns from
fixed datasets without interaction with online environment, en-
abling supervised solutions for offline RL. Decision Transformer
(DT) casts offline RL as return-conditioned supervised sequence
modeling, thereby sidestepping optimal value fitting and policy
gradients. This paradigm overlooks RL’s core objective of re-
turn maximization, which yields brittle behavior on suboptimal
trajectories and limited stitching ability. Reinformer reorients
this objective through max-return sequence modeling: during
inference, the model conditions on the predicted maximum
achievable returns to generate the optimal actions. To better
understand both the SOTA performance of this paradigm and
its occasional dramatic failures, we adopt a supervised perspec-
tive and introduce the return consistency to assess whether
similar state-action pairs have similar returns. Indeed, high
return consistency guarantees the maximized return reliably
cues the optimal action, while low consistency may lead to
suboptimal action selection. Through visualizations, two different
consistency modes are exposed and we quantify this via the
return standard deviation of the data cluster with highest return
mean. Furthermore, we reveal the relationship between this
metric and 1) final performance, 2) context lengths, 3) model
architectures through a systematic study. Finally, we improve
return consistency by explicitly decreasing the return standard
deviation, thereby further increasing the performance.

Index Terms—Offline RL, Max-return Sequence Modeling

I. INTRODUCTION

Classical online reinforcement learning (RL) methods such
as Q-learning [1] or policy gradient [2] are built on the
Markov Decision Process (MDP) [3] formulation, which differs
fundamentally from supervised learning. Offline RL [4, 5],
learning from static datasets, moves closer to this paradigm.
On the basis, sequence modeling [6], also Decision transformer
(DT) [6], formulates policy learning as likelihood maximization
over trajectories. However, it suffers from manual target return
specification [7] and weak return maximization, leading to poor
trajectory stitching [8]. Reinforced Transformer (Reinformer)
[9] addresses these issues by introducing max-return sequence
modeling, directly predicting optimal returns to guide action
generation, thus removing the need for preset targets and
improving performance.
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Moreover, when and why max-return sequence modeling
outperforms or underperforms conventional offline RL re-
mains an open question, stalling further improvement. To
address this, we conduct an in-depth investigation into the
inference stage from the data perspective. Intuitively, similar
state-action pairs should carry similar returns; only under
this condition does maximizing predicted return guarantee
selecting the truly optimal action. If the assumption is vi-
olated, the model may blindly pick actions whose nearest
neighbors map to low returns, triggering an abrupt perfor-
mance collapse. We refer to the scenario where similar state-
action pairs yield similar returns as high return consistency.
Indeed, visualizations across different datasets expose two
distinct return-consistency regimes and we quantify this via
the return std of the cluster with highest return mean.

Surrounding the return consistency, we explore the relation-
ships between this concept and 1) the performance, 2) context
length, as well as 3) model architecture. In summarize, datasets
with higher consistency tend to exhibit superior performance
for max-return sequence modeling, which also favors longer
context length and benefit more from architectures that focus
on global information. Furthermore, the performance of max-
return sequence modeling is clear to improve. Enhancing return
consistency, also reducing the standard deviation of returns,
exactly suggests that classical variance-reduction technique
from traditional RL is helpful. Specifically, we substitute raw
returns with advantages, the expectation of return minus the
value baseline. This replacement substantially improves return
consistency and leads to significant gains in final performance.
This phenomenon, achieved with only return replacement,
constitutes indirect validation of the return consistency itself.

II. PRELIMINARY
A. Offline Reinforcement Learning

Offline RL [4] forbids the interaction with the environ-
ment and only a fixed offline dataset full of trajectories
D = {(s0,a0,70,51,01,71," - ,5¢,a¢,T¢---)} is provided .
Here s; is the current state at timestep ¢, a; is the action
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Fig. 1: Left: Max-return sequence modeling, during inference, first predicts the maximized return using expectile regression.
And then this predicted maximized return is reintroduced back into the same transformer to guide the optimal action generation.
Right: The visualization of two possible action selection process under high or Low return consistency scenarios.

and ;=7 (s¢,a;) is the reward of current state and action.
The objective of offline RL is to learn a policy 7 (a|sy)
that maximizes the expected returns E, ZtT:Or(st,at)}.
Compared to the traditional online RL [3], this setting is more
challenging since the agent is unable to explore the environment
and collect extra feedback.

B. Sequence Modeling

Sequence modeling [6] breaks the traditional Markov prop-
erty, where the prediction of the current action a, is based on the
previous K (also called context length) timesteps trajectories
Tk = (Ri—K41,St—K41,0—K+41," " Riq1, Se41, Q41)
where R;= Zf/:t ry represents the sum of future rewards
from the current timestep ¢, known as returns-to-go (or simply
returns). Sequence modeling directly maximizes the likelihood
of actions conditioned on not only the current state s; and
returns-to-go Ry, but also the historical trajectories 7 x:

Lpr = —E; IOgW(ath—tK,staRt)} (D
This loss indicates offline RL is solved from the supervised
perspective, rather than traditional RL paradigm. Besides, 7 is
implemented based on sequence model transformer [10].

For the Inference, the initial target returns Ro must be
determined first. Given Ro and the initial environment state
Sp, the next action is generated by the model 7 (al\f%o, S |-
Once the action a; is executed, the environment returns the
next state s; and reward r; are returned. The next return-to-go
is updated as Ry = Ry —ry. This process is repeated until the
episode terminates.

C. Max-return Sequence Modeling

Since supervised sequence modeling does not explicitly con-
sider return maximization, the core objective of RL, the concept
of max-return sequence modeling is introduced. The key lies in
utilizing the maximized return to guide the generation of next
actions during inference. Concretely, Reinforced Transformer

(Reinformer) [9] adopt the following historical trajectories
Tt-K = (3t7K+17 Ry ri1,airy1, 0 58641, Riq, attl)
where the state s; is placed before the returns-to-go R,
different from the original DT. The main advantage is that the
return can be predicted through the state without the need for
prior specification. During training, Reinformer introduces a
return loss based on expectile regression in addition to the
action probability maximization loss:

»CReinformer = —E;log 7 (at |7—t7K, St Rt)
+E; [ — 1 (AR < 0)|AR7], (2

where AR, = Ry — (Rtm_ K, st) is the difference between

the oracle return R, and its prediction R;. Here a € (0,1) is
the hyperparameter of expectile regression. When o = 0.5,
expectile regression degenerates into standard MSE loss. But
when o > 0.5, this asymmetric loss gives more weight to R;
larger than Ry. Tt can be proved that this additional return loss
can make the model predict the maximum returns-to-go when
a — 1, similar to the return maximization objective in RL.
When inference, given the initial state sy, the maximized

initial target return is predicted m <R0|so rather than man-

ually specified. Since RO is maximized, the next action
7 | a1|Ro, so | will approach to the optimal one. The next state
s1 1s returned and this process is repeated until termination.

III. RETURN CONSISTENCY

We first conduct a detailed analysis of the potential issues
during the inference phase of max-return sequence modeling.
Based on this, the concept of high return consistency is
introduced. We also develop a concretely metric to measure
return consistency with the help of clustering. In addition,
we explore the relationships between return consistency and
the performance, context length, model architecture, drawing
several conjectures. Finally, we enhance return consistency by
deploying the classical RL variance-reduction trick, which is
strikingly simple yet measurably strong.
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Fig. 2: The state-action distribution, obtained through dimensionality reduction using Umap [11], is visualized alongside the
KDE curves (blue) of the returns. AM-mp and P—h are omitted here due to the similarity with AM-md and P-c.

a) Analysis of Inference Stage: At timestep t, the max-
return sequence modeling employs the following inputs and
outputs during training:

Input: ( 7;_g, s, Ry) — Output: < Ry, ay > 3)

The model attempts to establish a connection between return
R; and action a;. During the inference phase, max-return
sequence modeling first predicts a maximized return Rf‘ax
and then attempts to forecast the optimal action a; under the
guidance of this maximized return:

“4)

We illustrate the principle and potential issues of this inference
with the example in right part of Figure 1. Assume we have two

datapoints (Tt_K, st,agl),R§1)> and (Tt_K, St, a§2), RgQ))
where R,El) > Riz). At inference, two scenarios may occur:

e Problematic Case agl) ~ a§2): But when a§1)7a§2) are
similar, the process of predicting agl) may erroneously
yield aEQ), leading to a decline in performance.
¢ Ideal Case a,(fl) #* af): Max-return sequence modeling

first predicts a value close to Rgl) as the maximized

return. Since agl), a§2) are not similar, the model 7 will
accurately predict agl) under the guidance of Rgl), thereby
maximizing the return.
The above Ideal Case can be rigorously formulated using the
following definition:

Definition IIL.1. Given a dataset D = {(si, ar, Re)}Y,
consisting of state-action-return triplets, where (sy,a;) is
a state-action pair, R; is the corresponding return, dg,
(S x A) x (8§ x A) = RT is a distance metric in the state-
action space, dg : G X G — RT is the Euclidean distance. The
dataset belongs to Ideal Case if the following holds:

Input: < T K st,f%{“ax> -~ Output: (a} ).

Ve >0, 36 >0, s.t. sup max dy(R;,Ry) <e, (5)
te[1,N] t'€Bs(t)
where the neighborhood Bs(t) = {t' € [1,N] |

dsa[(st, at)7 (St/,atl)] < 6}

Simply put, this definition implies that when state-action
pairs are sufficiently close to each other, their corresponding
returns are also close. Under such scenarios, the max-return
sequence modeling can distinguish the quality of different
actions. Therefore, we refer to datasets that satisfy this
definition as having high return consistency, and those that
do not as having low return consistency.

b) Visualization
we consider 9
1) common
Hopper-medium-replay,
trajectory
Antmaze-medium-diverse

and Metric:  In this paper,
representative  datasets  including

Halfcheetah-medium-expert,
Walker2d-medium, 2)
stitching domain Antmaze-medium-play,
and 3) more diverse
Kitchen-partial, maze2d-large, Pen—-human and
Pen-cloned with various characteristic'. To verify whether
these datasets meet the definition of high return consistency,
we visualize the state-action distributions in Figure 2, with
colors indicating the magnitude of the returns.

In Figure 2, we can observe that for HC—me (the first one),
the outer ring consists entirely of high returns, while the inner
ring comprises medium returns, with a very clear boundary.
This aligns with the definition of high return consistency. In
contrast, for AT-md (the fourth one), sporadic red dots are
interspersed among the yellow dots, indicating a clear presence
of state-action pairs that are similar yet have significantly
different returns. So AT-md is low return consistency.

Inspired by the above visualization, we further develop
a metric for return consistency across different datasets.
DBSCAN [12] is first applied to cluster state-action pairs.
Then, for each cluster, we compute the mean return (to identify
high-return regions) and standard deviation of returns (to
measure variability). We use the std of the highest-mean-return
cluster as the metric for return consistency, since 1) RL focus
on high-return regions and 2) std quantifies the spread of
returns—smaller values indicate better consistency. Since the
returns are normalized, allowing us to define return consistency
as follows:

High return consistency: std ~ 0;

(6)
(7

c) The relationship between return consistency and per-

formance, context length, model architecture.: In datapoint
Tt_K,st,agl),R,gl)), the context length affects 7;_ . The
longer the context length K, the more informative 7,_ is,

thereby making the following mapping more robust:

< Tt_K,St,R£1)> -, < ay > ®)

Additionally, when the data exhibit high consistency, the
validity of this mapping positively impacts performance.
Therefore, the higher return consistency and the longer context

Low return consistency: std = 1.

IThese datasets are abbreviated as HC—me, HP-mr, WK-m, AM-mp, AM-md,
K-p, MZ-1, P-h, P—c.



TABLE I: The return consistency defined by the return std of the cluster with highest return mean.

Datasets ‘ HC-me HP-mr WK-m AT-md KC-p MZ-1 P-c
Return Range | [2.67,1.22] [—1.25,3.00] [—-3.29,1.20] [-0.21,4.73] [-2.45,2.46] [—0.32,5.67] [—0.96,1.73]
Return Mean 1.07 2.05 0.58 0.06 1.88 3.16 1.73
Return Std 0.03 0.94 0.05 1.12 0.07 1.00 0.00
consistency | High Low High Low High Low High

length, the better performance. We consider context length
K = 2,5,10,20, with the maximum value of 20 being the
default of DT [6], and the minimum of 2 corresponding to the
shortest length.

Moreover, when the return consistency is high and the con-
text length K is long, model architecture that can capture global
information gain a significant advantage. In our experiments, we
investigated the impact of three model architectures on the final
performance, including the Transformer [10], One-dimensional
convolutional layers (Conv) [13, 14], and the linear Recurrent
Neural Network Mamba [15-19]. Their corresponding sequence
models are called Reinformer, Reinconver and Reimba. Since
the Transformer itself lacks the ability to understand relative
positional relationships, we augmented it with positional
encoding, while the other two models not.

1) The performance of max-return sequence modeling
is positively correlated with return consistency. 2)
High consistency datasets prefer longer context length
K. 3) Architecture that excels at understanding global
information are more compatible with high consistency.

d) Return consistency with advantage: Previous first
conjecture about performance is verified in section V-A,
motivating a simple yet effective upgrade to max-return
sequence modeling: increasing return consistency by decreasing
the standard deviation of returns inside the highest-mean-return
cluster. More simply, we can reduce the global std of the
return by subtracting a baseline from its expectation, a common
technique in traditional RL. Concretely, we replace the raw
return with the advantage estimated by IQL [20] and the
updated consistency is presented in Table II. The corresponding
performance improvement is exhibited in Table IV.

IV. RELATED WORK

Offline Reinforcement Learning [4] breaks free from the
traditional paradigm of online interaction [3] and learns policy
from fixed offline dataset collected by arbitrary or even
unknown process [5]. Most offline RL algorithms are developed
based on classical online algorithms, such as CQL [21] based

on SAC [22], TD3+BC [23] based on TD3 [24] and BPPO
[25] based on PPO [26]. In contrast, Decision Transformer
(DT) [6] directly maximizes the action likelihood, solving
offline RL from supervised sequence modeling paradigm.
Following upside-down RL [27, 28], DT considers returns when
predicting the action. Some works equip DT with classical
RL components including dynamics programming [29], critic
guidance [30, 31], return maximization [9], online finetuning
[7] and trajectory stitching [32]. On the other hand, DT is
investigated from supervised learning perspective such as
unsupervised pretraining [33] and scaling ability [34, 35]. As
for model architecture, LSTM [36], one-dimension convolution
network [14, 37] and linear RNN [16-19] are adopted to replace
the transformer [10] in DT. Some work also bring the critic
or advantage back to sequence modeling, such as Q-learning
DT [29], CGDT [30], ACT [38]. Besides, QT [31] using the
Q-function as the loss of sequence modeling, which strictly
belongs to traditional RL with transformer policy.

V. RESULTS AND DISCUSSION

In this section, we present the performance of max-return
sequence modeling across 9 datasets, 3 architectures, and
4 different context lengths. Based on this, we conduct an
in-depth analysis to uncover the underlying principles of
performance, gradually validating the above Conjectures III-Oc.
This leads us to draw conclusions regarding the relationship
between performance, context length, model architecture, and
return consistency. Finally, we demonstrate the significant
improvement in trajectory stitching performance of Reinformer
after the return consistency is improved.

A. Main Results

Table III presents the performance of max-return sequence
modeling with different parameters on diverse data distribution.
We also compare the performance of sequence modeling
algorithms with the most classic offline RL algorithm IQL
[20], highlighting scores below IQL in gray. IQL significantly
outperforms sequence modeling on datasets with Low return
consistency including HP-mr, AT-mp, AT-md and MZ-1.
Moreover, these datasets are heavily emphasize trajectory
stitching ability, which corresponds to the definition of Low
consistency. In contrast, datasets with high consistency either

TABLE II: The return consistency with advantage from IQL rather then original return.

Low Datasets | HP-mr AT-md MzZ-1
Return Range — Advantage Range | [—1.25,3.00] — [—2.86,1.25] [-0.21,4.73] — [—1.69,1.96] [—0.32,5.67] — [—2.23,6.05]
Return Mean — Advantage Mean 2.05 — 0.87 0.06 — 1.70 3.16 — 4.26
Return Std — Advantage Std 0.94 — 0.11 1.12 —+ 0.10 1.00 — 0.01
consistency \ Low — High Low — High Low — High




TABLE III: The normalized score of max-return sequence modeling on 9 datasets (HC-me, HP-mr, WK-m, AT-mp, AT-md,
KC-p, MZ-1, P-h, P—c) with 3 different architectures and 4 context-lengths (K). Datasets with high return consistency are
red while Low is green . We report the mean of normalized score for five seeds. For each seed, the normalized score is
calculated by the mean of 10 evaluation trajectories for Gym and Adroit while 100 for Antmaze, Maze2d and Kitchen.
The scores below IQL are in gray. The best result is blue and the bold result means the best result among one sequence model
with different K. The last row represents how many results outperforms IQL.

model K ‘ HC—me HP-mr WK-m AT-mp AT-md KC-p MZ-1 P-h P-c
Reinformer 2 91.23 70.92 79.84 5.80 2.00 68.05 61.80 62.77 64.49
Reinformer 5 90.99 68.80 79.91 4.20 3.40 73.00 64.95 75.15 86.55
Reinformer 10 91.87 53.02 79.82 3.80 5.60 74.05 62.00 68.25 75.17
Reinformer 20 92.81 40.84 72.25 1.60 4.20 66.20 64.99 71.94 74.79
Reinconver 2 91.83 84.24 72.28 6.20 5.40 65.20 32.69 73.64 68.52
Reinconver 5 92.26 84.44 74.09 7.80 4.20 34.55 22.45 82.23 71.68
Reinconver 10 92.90 54.02 75.88 4.40 5.20 65.85 34.74 76.27 62.58
Reinconver 20 92.78 49.22 75.38 2.00 2.60 65.25 32.39 75.29 83.38
Reimba 2 91.79 81.95 77.81 5.20 2.60 40.75 59.00 84.89 59.60
Reimba 5 92.91 74.24 80.03 12.40 5.00 45.10 41.04 82.91 71.28
Reimba 10 93.05 55.99 75.59 13.80 5.00 29.70 43.59 97.31 71.02
Reimba 20 92.42 49.47 73.35 15.60 9.00 29.05 43.14 91.61 70.57
IQL 1 86.70 94.70 78.30 65.80 73.80 46.30 61.70 71.50 37.30
(12/12) (0/12) (4/12) (0/12) (0/12) (6/12) 4/12)  (10/12) (12/12)

matches or even surpasses the performance of IQL. This
experiment results confirm the validity of our first conjecture.

Return consistency significantly impacts the perfor-
mance of max-return sequence modeling. Low return
consistency datasets often exhibit notably inferior
performance while high consistency datasets achieve
comparable performance and even surpass RL.

B. Context Length

In this section, we investigate the impact of the historical se-
quence length, also known as context length K, on performance.
Sequence modeling and MDPs have distinct perspectives on the
historical trajectory when predicting actions, making context
length a crucial factor in sequence modeling.

1) Context Length

—eo— Reinformer

. 100 4
Comparison: We . \ Reincover
plot the performance £ 80'\/ — —i— Reimba
curves and  the % 601\ \\
return distribution on £ 40 \ o
HP-mr in Figure 3. £ ] \
The quality of HP-mr  “ 04 -
is widely distributed, /.. . .
ranging from random 25 10 20
to expert, with a Context Length (K)
peak less than 20 Fig. 3: The data distribution (blue

shade) and normalized evaluation
score on HP—mr.

normalized score. The
distribution of HP—mr
is akin to an online replay buffer, which places higher demands
on learning from suboptimal trajectories. Correspondingly, a

smaller context length aligns more closely with the Markov
Decision Process (MDP) framework, and thus performs better.

Upon considering all datasets, it becomes evident that no
context length is universally applicable across 9 datasets
(Figure 4a). For high-quality datasets, such as HC-me, a
longer context length facilitates better training convergence and
leads to improved score in Figure 4c. For trajectory stitching,
shorter trajectories are preferred 4b. Taking into account longer
historical trajectories increases the influence of past actions
on subsequent behaviors, which may hinder the adoption of
trajectories that deviate from historical ones. This is detrimental
to the stitching process. In other words, longer historical
trajectories can be seen as conservatism.

Based on the experiments outlined above, we can derive the
second following conclusion:

For datasets with high consistency, longer context
length K generally lead to better performance. Con-
versely, shorter K tend to be more effective for Low
consistency.

2) Long Training Context Length while Short Inference Con-
text Length: All previous models have considered the historical
trajectory length to be the same during inference as in the
training phase. ODT [7] discovers that, in some cases, a shorter
sequence length during inference can improve performance.
EDT [32] also proposes the concept of dynamically adjusting
the sequence length during inference. Inspired by these, we
explore the performance of masking some historical tokens
with the model trained by context length K = 20.

During the inference phase, we use historical trajectories
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of length K7 < 20, padding the empty tokens with zeros to
meet the model’s input length requirement. This can be viewed
as masking a segment of length 20 — K. In Figure 5, as
the horizontal axis increases, the input trajectory length K
decreases, while the zero-padded portion increases accordingly.
Notably, the model’s performance improves significantly under
these conditions, surpassing all the different K.

C. Architecture

In this section, we explore the impact of model architecture
on the performance of sequence modeling. Prior research has
indicated that the sequence modeling with Convformer [14] and
Mamba architecture [16-19] outperform transformer. However,
these conclusions were drawn without considering the diverse
data distribution. Therefore, we will re-examine these findings
across 9 datasets.

1) Attention on Historical Tokens: We analyze which
part of the historical trajectory different model constructions
specifically focus on. We selected the model trained with

the time step of the current token, and ¢ — 9 represents
the token furthest from the current time step. By mask-
ing a token at a certain position with 0, we calculate
the difference bet Reinformer
'@{
<

This difference Reinconver

can, to some Reimba

extent, reflect 0\\,&{ EZE{‘;’EEE B

the importance Reimba

of the masked o Reinformer

token to the &° { Reinconver J
current output Reimba I .
value. Then,

based on this Fig. 6: This heatmap illustrates the impact
difference, we of token zero masking on the final output.

can determine whether the model pays more attention to
global or local information. We have plotted the heatmaps of
the differences in state, return, and action for the three models
in the right figure.

The heatmap reveals that Reinconver and Reimba exhibit a

K = 10 on the Antmaze environment. Let ¢ represent significant increase in values at the current timestep, indicating
% Reinformer s0{ Reinconver 30{ Reimba
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Fig. 5: This figure displays the performance of masking the first (20 — K7) tokens in a sequence model with K = 20. The
averages and corresponding standard deviations of three seeds are represented by the solid yellow line and its shaded area.
Additionally, we compare this with models trained and evaluated normally with K = 20, 10, 5, 2 (blue bar values). The horizontal
axis increases from left to right as the masked tokens increases and the remaining context length K; decreases.



TABLE IV: Performance on low return consistency datasets with other baselines. The best results among sequence models are

bold. Some results are reproduced using public code.

Datasets | IQL | Reinformer-best Reinformer + A DT ODT EDT ACT
HP-mr 94.7 84.44 88.24 + 5.21 82.7 86.6 91.2 984
AT-mp 65.8 15.60 43.60 + 13.89 0.8 0.0 0.0 1.8
AT-md 73.8 9.00 56.50 + 6.36 0.5 0.0 0.0 2.4
MzZ-1 61.7 64.99 116.92 4+ 48.30 35.7 394 26.8 58.3

the focus on local information. In contrast, the Reinformer
does not show a marked rise in differences, suggesting that
the impact of masking any token is relatively uniform. Thus,
Reinformer focuses on global information.

2) Architecture Comparison: In Figure 7, we illustrate the
probability that the architecture on the left outperforms the
right one. The closer the box is to the right side, the better the
performance of the model on the left, and vice versa. A central
position indicates that the two architectures have comparable
performance. Considering the nine datasets collectively, no sin-
gle model demonstrates an absolute advantage. In other words,
the superiority of a model cannot be discussed independently
of the characteristics of the dataset.

On the
Reinconver i Reinformer Mz-1 dataset’
Reimba o= Reinformer the Reinfo rmer
Reimba —ll— Reinconver demonstrates
‘ | a  significant
0.0 0.2 0.4 0.6 0.8 1.0

advantage. This
Fig. 7: The improvement probability of is because the
architectures across all the 9 datasets. maze-large

dataset inherently exhibits non-Markovian properties, where
decisions based on the current state are correlated with
historical waypoints. The Reinformer’s focus on global
historical trajectory information is particularly adept at

considering and utilizing waypoint-related information
effectively.
Reinconver H| Reinformer
Reimba | +—— | — Reinformer
Reimba —— Reinconver
0.0 0.2 0.4 0.6 0.8 1.0
(a) Maze2d-large
Reinconver —f 1 Reinformer
Reimba — | Reinformer
Reimba — Reinconver
0.0 02 0.4 0.6 08 1.0

(b) Antmaze-medium-play
Fig. 8: The probability of the model on the left superior to
the model on the right across (a) Maze2d-large and (b)
Antmaze-medium-play.

In contrast, on the Antmaze-medium-play dataset, which
emphasizes trajectory stitching, models like Reincover and
Reimba that focus on local information perform better. This

is attributed to the fact that extensive historical sequence
information leads to more conservative model outputs, reducing
the likelihood of generating new decisions that deviate from
historical trajectories.

For high consistency datasets, architectures that focus
on global information tend to better. Conversely, it
is preferable to focus on local for low consistency
datasets.

D. Results with Advantage

As indicated in Table II, replacing the return with the
advantage can significantly reduce the std of the cluster with the
highest mean, thereby transforming the scenario from low return
consistency to high. In Section V-A, we have already revealed
the positive correlation between the performance of max-
return sequence modeling and return consistency. Therefore,
we investigate here whether the performance of max-return
sequence modeling, with the aid of the advantage, far surpasses
that based on the return. This can also serve as a validation of
Conclusion L.

a) Baselines: Reinformer-best denotes the best perfor-
mance achieved for each dataset in Table I, regardless of
the context length and model architecture. Reinformer + A
indicates that the returns-to-go are replaced with the advantage
during training. Elastic Decision Transformer (EDT) [32]
explicitly consider trajectory stitching through dynamically
adjusts historical trajectories during inference. ACT [38] also
adopts the advantage of IQL.

As anticipated before, replacing the return with the advantage
significantly enhances return consistency, which in turn leads
to a substantial improvement in trajectory stitching capabilities.
Thus, we have not only elucidated the reasons behind the
suboptimal performance of max-return sequence models but
also proposed a simple yet highly effective solution.

VI. CONCLUSION

In summary, our investigation into max-return sequence
modeling reveals that return consistency is a crucial factor
influencing performance. Datasets with high return consistency
tend to achieve better performance in max-return sequence
modeling. These datasets also benefit more from longer context
lengths and architectures that emphasize global information.
Additionally, we find that replacing the return with the
advantage function can enhance return consistency, leading
to significant performance improvements and stronger stitching
ability. These findings provide valuable insights for advancing



sequence modeling and bridging the gap with classical offline
RL algorithms.
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