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Abstract—As manufacturing capabilities advance to greater
autonomy, interest is increasingly directed toward versatile
agents capable of performing complex tasks. Recently, learning-
based approaches have shown more rapid progress compared
to classical methods. While these advancements are enabled by
the offline setting of Imitation Learning (IL), transfer to pure
online exploration Reinforcement Learning (RL) remains less
explored. This work experiments with a simple extension to
the standard Markovian MLP policy by explicitly encoding a
history of states using a tiny transformer model.

Index Terms—reinforcement learning, transformer, locomo-
tion, manipulation, control.

I. INTRODUCTION

Recent breakthroughs in offline Reinforcement Learning
(RL) are heavily supported by multimodal parametrization of
diffusion policies together with the capacity of transformer
networks to encode causal relationships in sequence gener-
ation [1]. These formulations provided better solutions for
fitting multimodal datasets of collected observation/action
trajectories using a simple regression loss in the Behavior
Cloning (BC) objective of Imitation Learning (IL). Latest
methods in the online regime also adapt the diffusion proba-
bility model but still focus predominantly on a simple single-
step MLP architecture for the policy [2], which implicitly
assumes the Markovian property. Additionally, as opposed
to regressing a fixed pre-collected sequence, there is no
clear method for continuous collection and batch retrieval of
causally linked future horizon samples from an online replay
buffer. This work will explore relaxing the Markov property
and reparametrizing the policy with explicit history depen-
dence. Evaluations were performed using three algorithms:
SAC, TD3, and DIPO.

II. PoLICY OVERVIEW

The base MLP policy, parametrized as a; ~ 7(- | o),
was adapted identically from [2]. With 3 hidden layers
(d : 512,256,128) and ELU activations for SAC and TD3.
For DIPO, the diffusion timestep is encoded with a sinusoidal
positional embedding (d : 256) and passed through one
hidden layer (d : 1024), which is fed into the conditional
predictor with 3 hidden layers (d : 1024,512,256), using
Mish activations in both stacks. Leveraging insights from [3],
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Fig. 1. Policy architecture.

a tiny non-causal self-attention transformer encoder (Njqy e/ :
2, Nhead : 27dmodel : 128, and dFFW : 512 with GELU acti-
vation) built from the GPT implementation in [4] was adapted
with the pre-pended extra token. Inputs are linearly embedded
and learnable positional embeddings are added. Like ViT, the
final head projects only the extra token embeddings, but the
output is used as a latent feature vector (d : 256), proposing
a Latent Temporal Transformer (LTT). This is concatenated
with the base MLP single-state input, reparametrizing the
policy as a; ~ m(- | 04,0¢-1,...,01—p+1) with history
length H (see Fig. 1). Encoding is performed only once
before diffusion iterations in DIPO. Special GPT-2/3 initial-
ization and configuration is applied only to the LTT encoder
network stack. Initializing linear layers and embeddings
with N (0, m), residual projections with A/(0, 28\',?5y2w )
setting weight decay only for 2D parameters, using the
cosine-with-warm-up learning rate schedule, and optimizer
betas: (0.9, 0.95). Additive biases in linear layers and layer
normalizations are disabled.

III. SIMULATION RESULTS

A single RTX 4090 was used for training in 6 diverse
environments, covering a wide range of complex continuous
control tasks, from whole-body control, maze navigation,
to object manipulation, with dense and sparse rewards. To
evaluate different parametrization schemes, three popular off-
policy algorithms were assessed:

« stochastic squashed-Gaussian SAC with learnable coef-
ficient «,

e deterministic TD3,

« multimodal diffusion DIPO using the target action mod-
ification from [2].
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Fig. 2. All evaluation returns.
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Fig. 3. Shortest successful trajectories.

An identical hyperparameter setup, scalar double-Q learn-
ing, and the single-state novelty intrinsic reward from [2]
were used in all combinations. TD3 policy updates were
not delayed for AntMaze tasks, as it resulted in generally
worse performance. The first 32 exploration steps always
used random warm-up sampling from the action space.
Vectorized environments with identical settings were used
for training (256) and evaluation (20) episodes. 13 starting
random seeds were chosen such that there was no overlap
across the vectorized environments and evaluation episodes
between training sessions. A seed was always applied for the
random warm-up action space sampling, the initial training
reset, and each evaluation episode reset. Standard MuJoCo
Ant and Humanoid control tasks serve to verify general
applicability in dense reward settings. Environments from
the D4RL and panda-gym suites also verify behavior in
goal-aware sparse reward settings and were adapted directly
from [2]. The AntMaze-v2 task was adjusted with both goals
being symmetrically spaced and giving identical rewards. All
combinations were always trained for 3 million steps.

As seen in Fig. 2, even with the highly compact encoder

module, potential for utilizing the explicit information is
visible with the SAC baseline in sparse reward exploration. In
contrast, TD3 had worse compatibility (several seeds main-
tained zero gradients with sparse rewards) and realized im-
provements only in dense settings. All DIPO implementations
remained comparable. As a qualitative example (see Fig.
3), the explicit policies more naturally avoided a redundant
upwards motion when retreating to open the cabinet door in
PandaCabinet.

IV. CONCLUSION AND FUTURE WORK

This work showed there are realizable improvements in
formulating explicit history dependence for online RL poli-
cies. More complete future work will extend experiments
with encoder ablations, network size and history length
scaling, real-world partial observability, dimension reduction,
and explore switching to a pure transformer policy to study
the utility of causal horizon sequence predictions in online
learning.
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