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Abstract: This paper explores the Upside-Down Reinforcement Learning (UDRL) algorithm,
an offline RL paradigm, introducing novel transformer-based architectures to create a scalable
and controllable framework for efficient low-resource command-conditioned behavior in complex
state-action spaces. Two architectures are proposed: UDRLt and UDRLt-MLP, both leverag-
ing lightweight transformers for efficient control in continuous action spaces. Results show that
UDRLt-MLP significantly outperforms the Decision Transformer baseline and achieves higher
alignment with desired outcomes, even under out-of-distribution commands, while requiring only
a fraction of computational resources. In more challenging transfer settings like AntMaze, fine-
tuning and iterative self-improvement via rollout-based imitation partially recover performance,
though limitations in dataset quality persist. A self-imitation algorithm is proposed to mitigate
data scarcity issues. The findings highlight UDRL’s potential as a foundation for scalable and
aligned control systems while identifying issues and future research directions.

1 Introduction

Reinforcement Learning (RL) is a powerful frame-
work for environment-based interaction, offer-
ing strong mathematical foundations for solving
problems framed as Markov Decision Processes
(MDPs). Despite its successes, RL often suffers
from significant limitations, including poor general-
ization, sample inefficiency, training instability, and
difficulty scaling to large action-state spaces (Hen-
derson et al., 2019; Y. Li, 2022; Liu et al., 2024). A
central challenge of RL is that this framework relies
on emergent behavior, where agents learn to match
reward functions indirectly. This dynamic leads to
a notorious issue of reward hacking, making it diffi-
cult for developers to align learned behaviors with
intended outcomes (Sutton & Barto, 2015).
Upside-Down Reinforcement Learning (UDRL)

(Schmidhuber, 2019) is an offline RL paradigm that
promises to address several of these issues by explic-
itly conditioning action prediction on control com-
mands such as desired return and horizon. How-
ever, no research has yet attempted to scale UDRL
to complex environments with highly challenging
learning dynamics.
The motivations behind UDRL are biologically

inspired: in natural intelligence, learning is largely
driven by unsupervised or self-supervised pro-

cesses, with reward maximization acting as a high-
level signal rather than the core learning driver
(Botvinick et al., 2020). UDRL embraces this view
by learning diverse behaviors in a way that does
not heavily depend on externally defined reward
functions.

Transformers (Vaswani et al., 2017), originally
developed to solve long-standing problems in nat-
ural language processing, have shown strong trans-
ferability and scalability capabilities in a broad
range of supervised learning tasks (Dosovitskiy et
al., 2021; Kamatala et al., 2025; Zhai et al., 2022).
Their architecture, centered on attention mecha-
nisms, excels at modeling contextual relationships.
This makes transformers naturally well-suited to
UDRL, where action selection must flexibly adapt
to various conditioning inputs (Brohan et al., 2023).
On top of that, many real-world environments in-
volve high-dimensional, continuous state and action
spaces where traditional function approximators
struggle; transformers are well-suited to model such
domains, making transformer-based architectures a
desirable choice for developing scalable frameworks.
Nevertheless, their performance typically depends
on large and diverse datasets.

A highly prominent application of transform-
ers in command-driven decision making is the
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Decision Transformer (DT) (Chen et al., 2021),
which reframes policy learning as a supervised se-
quence modeling task. Instead of explicitly mod-
eling MDPs, DT predicts the next action condi-
tioned on a long history of past states, actions, and
rewards-to-go. DT has demonstrated competitive
performance, matching or exceeding state-of-the-
art offline RL methods on benchmarks such as Atari
and OpenAI Gym (Chen et al., 2021). However,
its dependence on dense reward trajectories and
full return-to-go sequences makes it less effective
in sparse reward or pure imitation learning (IL)
scenarios. In addition, DT acts as a passive im-
itator, unable to incorporate flexible user-defined
commands beyond the initial return signal.
In contrast, UDRL-based approaches train

agents with various control signals, such as de-
sired return and horizon. This formulation allows
for learning behavior that is more directly aligned
with human intent, while still allowing for some sort
of exploration by generating new training data
from the agent’s own past experiences, addressing
some of DT’s core limitations and providing the
volume of training data necessary for transformers.
On top of that, UDRL enables a complex control
mechanism while still ensuring its straightforward-
ness by supporting only a few rigorously defined
commands.
Further support for transformer-based imitation

comes from recent successes in vision-language
models. For example, π0 (Black et al., 2024) mod-
els dense action flows across multi-task robotic
manipulation settings, demonstrating precise and
generalizable behavior. Similarly, PerAct (Shrid-
har et al., 2022) achieves robust manipulation di-
rectly from raw point cloud data using transformer
backbones. These works illustrate that transform-
ers are capable of generalizing across diverse ac-
tion spaces and goal structures-an essential prop-
erty for frameworks like UDRL, which require
robust, goal-conditioned decision-making. Lastly,
while many large-scale RL approaches drift toward
sequence modeling, applying UDRL maintains a
standard non-regressive approach, potentially mak-
ing it more computationally efficient and modular
if combined with a transformer that operates over
short, structured context windows rather than full
trajectories.
Despite the complementary strengths, UDRL

and transformer-based architectures have not been

meaningfully combined. While Decision Transform-
ers bring supervised learning to decision-making
problems, they fall short of true command-driven
control. No existing work has yet explored whether
transformers can be trained under a fully UDRL-
based framework, where control commands–not
rewards–drive learning and behavior.

At deployment, specifying arbitrary return and
horizon commands within the UDRL framework al-
lows behavior to be flexibly aligned with the user’s
objectives (Cardenas-Cartagena et al., 2024), effec-
tively sidestepping the alignment issues of standard
RL and the complexity of alternative control frame-
works. This paper explores this potential across
two environments, particularly in high-dimensional
continuous control tasks - one fully deterministic
and one stochastic. Agents are compared along
three key axes: performance, controllability, and ef-
ficiency. While the original UDRL formulation is
probabilistic, generating a distribution over possi-
ble actions, this work simplifies the architecture
into a point-wise predictive model. This reduces
training and inference complexity while preserving
the benefits of command-conditioned behavior. The
proposed UDRL Transformer supports both ex-
pert imitation and a lightweight self-improvement
loop, making it broadly applicable and easy to de-
ploy. Success in this setting could suggest that the
UDRL-Transformer framework offers a superior so-
lution for large-scale decision-making problems and
pave the way for future research, potentially un-
locking a new paradigm in control learning and ad-
vancing progress toward scalable, aligned AI sys-
tems.

The key contributions of this research are hence
based on bringing scale to the UDRL algorithm,
which can be concretized as follows:

• We show that a Transformer used as a per-
ception component and trained under the pro-
posed UDRL framework achieves superior con-
trollability and performance compared to the
Decision Transformer, while being significantly
more efficient in terms of data handling and
computation.

• We provide evidence that UDRL Transform-
ers generalize more effectively to unseen
goal-conditioned tasks-such as the AntMaze
benchmark-than competing models. However,
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we also identify limitations: the method un-
derperforms in stochastic environments un-
less given access to either exploration/self-
imitation mechanisms or a large volume of
high-quality data.

2 Theoretical Framework

2.1 Reinforcement Learning

The tasks that the agents are compared on are de-
fined as RL problems in continuous action spaces,
framed as finite-horizon non-discounted MDPs, de-
fined by the tuple (S,A, P, r, γ), where S is the
state space, A is the action space, P : S ×A×S →
[0, 1] is the state transition probability function,
r : S×A → R is the reward function, and γ ∈ [0, 1]
is the discount factor.
The agent’s objective is to learn an optimal pol-

icy over actions given states (π∗ : S × A → [0, 1])
that maximizes the expected cumulative reward,
defined as:

π∗ ∈ argmax
π

Eπ

[
T∑

t=0

γtr(st, at)

]
,

While widely applicable, RL’s formulation lacks
a native mechanism for specifying desired outcomes
at inference time. UDRL addresses these prob-
lems by reframing learning as supervised behav-
ior cloning from past experiences conditioned on
those desired outcomes. This redefinition allows
users to directly influence agent behavior, making
trained policies adaptable and hence more applica-
ble across real-world scenarios.

2.2 Upside-Down Reinforcement
Learning

UDRL does not learn to map states to actions based
on a reward mechanism. Instead, each decision is
conditioned on a command specifying the desired
return-to-go and remaining horizon to be obtained
by the agent, alongside any extra information.
Concretely, given a finite-horizon MDP, each

time step t in an environment is instead defined
by the tuple (st, Drt , Dht

, Et), where:

• st ∈ S is the environment state at time t,

• Drt is the desired reward-to-go at time t,

• Dht
is the desired horizon during which the

desired reward Drt is to be obtained,

• Et is an optional argument containing any ex-
tra information needed to capture the full con-
text of the decision.

This tuple is used to learn a behavior function
Bπθ

: (s, Dr, Dh, E) → a, where πθ denotes the
underlying command-conditioned policy parame-
terized by θ (Srivastava et al., 2021). This behav-
ior function is modeled as a Neural Network Nθ

and trained to predict the action at given the cur-
rent state and control inputs. During training, the
target label a∗t stems from previous experiences
and corresponds to the action actually taken in st
in the environment under the same control condi-
tions (computed retroactively as described later in
the section).

Formally, the task of UDRL can be defined as:

θ∗ ∈ argmin
θ

∑
t

L (Nθ(st, Drt , Dht
, Et), a

∗
t ) , (1)

where L is an arbitrary loss function evaluated
over all timesteps t in the dataset. In this research,
the loss used is Mean Squared Error (MSE), which
here can be defined as:

LMSE =
1

t

t∑
i=1

∥Nθ(si, Dri , Dhi
, Ei)− a∗i ∥

2
,

This formulation defines the problem as a regres-
sion task over goal-conditioned actions, where the
reward is treated as part of the input rather than
as an external feedback mechanism.

Similarly to offline RL, the training tuples
(st, Drt , Dht

, Et, a
∗
t ) are constructed from full tra-

jectories collected during an interaction with
the environment. Since the entire return and hori-
zon are accessible, the control signals (Drt , Dht

)
can be computed retroactively. Specifically, for a
given timestep t within a trajectory, the desired re-
turn is defined as the undiscounted return-to-go:

Drt =

T∑
k=t

rk, (2)
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where T denotes the terminal timestep of the
episode. Correspondingly, the desired horizon is
computed as the remaining number of steps in the
trajectory:

Dht
= T − t (3)

This formulation provides a simple and scal-
able way to convert standard trajectories into
command-conditioned training samples.
The additional context provided via the Et in-

put can enhance expressiveness by enabling users
to specify predefined information such as execution
constraints. However, in simpler tasks like locomo-
tion, control can often be specified by relying only
on Dr and Dh, simplifying both data labeling and
model training, therefore making the inclusion of
Et an optional but impactful design choice. In this
research, both approaches (with and without Et)
will be explored.
Two main approaches exist for collecting the tra-

jectories used for training:

• Expert Imitation: Trajectories are gener-
ated by an expert agent operating in the envi-
ronment. The model is then optimized to mini-
mize the discrepancy between its predicted ac-
tions and the expert actions.

• Self-Imitation: Inspired by policy iteration
in RL, this method bootstraps training data
from the agent’s own experience. As illustrated
in Figure 2.1, this process iterates: the newly
trained policy is used to gather fresh data,
which in turn is used to refine the model, sup-
porting online learning.

While UDRL offers a promising alternative to
standard RL, it is yet to be applied to complex,
long-horizon tasks. Transformers address this by
enabling large-scale adaptive conditional learning
over sequences, making them well-suited for the
controllable, command-driven behavior UDRL re-
quires.

2.3 Transformers

A transformer is a neural network architecture in-
troduced by Vaswani et al. (2017), consisting of
multiple attention layers connected with MLPs,

Figure 2.1: Self-imitation algorithm for UDRL.
The agent alternates between exploration and
supervised training based on its own past tra-
jectories. Adapted from Schmidhuber, 2019.

widely recognized for its ability to model complex
dependencies within sequential data. Its core inno-
vation lies in the use of multi-head self-attention
blocks combined with positional encodings, en-
abling the model to capture contextual relation-
ships between tokens regardless of their distance
within the input.

An attention block uses three learnable weight
matrices — Key(K), Query(Q), and Value(V ) —
to flexibly adjust the input embeddings. Attention
scores are computed based on the similarity be-
tween Queries and Keys, and then used to weight
the corresponding Values, following the formula:

Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
V,

where dk represents the first dimension of the Key
matrix.

This mechanism allows each token to dynam-
ically ”attend” to other tokens in the sequence,
increasing modeling capabilities of structural and
conditional relationships, highly desired in UDRL.

A brief description of a standard encoder-decoder
transformer architecture is given in Appendix E.

One of the most widely-used and highly-
researched Transformer-based approaches is the
Decision Transformer (Chen et al., 2021), which we
discuss in the following subsection.

2.4 Decision Transformer

Decision Transformer (DT) (Chen et al., 2021) has
been one of the most influential architectures using
transformers to solve decision-making tasks. Sim-
ilarly to UDRL, it reframes the RL problem as a
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Figure 2.2: A high-level overview of the Decision
Transformer architecture (Chen et al., 2021).
The model predicts actions autoregressively
based on past states, actions, and rewards-to-
go.

form of supervised learning; however, it conditions
behavior on a subset of desired outcomes, utilizing
only the Dr signal. On top of that, the DT ar-
chitecture changes policy learning into a sequence
modeling problem, utilizing the enormous autore-
gressive capabilities of the decoder-based trans-
former (see Figure E.1). The model learns to pre-
dict the next action by attending to the previ-
ous states, actions, and rewards-to-go (seen in (2)),
without explicitly using additional commands such
as the desired horizon or extra instructions.

At each timestep, the model receives a trajectory
of past states, actions, and rewards-to-go, and uses
that to predict the next action. This structure al-
lows DT to flexibly condition its behavior on the
expected future return while maintaining a simple
and scalable input format. An overview of the DT
architecture is shown in Figure 2.2.

This sequence modeling approach enables the DT
to leverage the strengths of Transformers, such as
modeling long-term dependencies, while simplify-
ing the conditioning scheme compared to UDRL.
As a result, DT has been shown to perform compet-
itively across a variety of standard RL benchmarks,
especially in offline RL settings such as Atari and
OpenAI Gym (Chen et al., 2021).

Despite its empirical success, DT exhibits key
limitations that challenge its applicability in goal-
directed settings. Recent studies (Kim et al., 2024;
Tanaka et al., 2025) show that the model often ig-
nores the reward-to-go signal it is conditioned on,
effectively behaving like a pure behavior cloning
agent. This issue is fundamental and requires large
changes to the architecture to mitigate it, as pro-

Figure 3.1: A high-level overview of the pro-
posed UDRL Transformer architectures. Both
models predict actions based on the current
state and two control inputs, Drt and Dht . On
the left, UDRLt uses the transformer end-to-
end to process the full input context. On the
right, UDRLt-MLP utilizes the transformer as
a perception component, combining its output
with the control inputs to achieve more direct
action control.

posed by the authors. This undermines its ability to
adapt behavior based on varying outcome specifi-
cations. Moreover, DT provides no explicit tempo-
ral control. Together, these limitations—combined
with DT’s autoregressive structure and sensitivity
to distributional shifts—undermine its robustness
and controllability in real-world deployment, espe-
cially when behavior must adapt to changing goals,
distribution shifts, or time constraints.

3 Methodology

3.1 UDRLt Architecture Design

As mentioned in the previous sections, despite the
complementary strengths of the UDRL framework
and Transformer architectures, no prior work has
explored their combination. The proposed UDRL
Transformer architecture addresses this gap by
uniting the structured controllability of UDRL with
the powerful modeling capabilities of Transformers.

The two proposed architectures, UDRLt and
UDRLt-MLP, can be seen in Figure 3.1

Following the standard UDRL formulation, the
inputs to the model consist of the desired reward,
desired horizon, current state, and optional extra
information. Together, this tuple – combining envi-
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ronmental information and control commands – is
referred to as the task context. The UDRLt ar-
chitecture leverages the full context directly, en-
abling the transformer to contextualize the state
with respect to the desired control signal. A small
regression head then maps the resulting contextual
embedding to the action space. In contrast, the
UDRLt-MLP variant processes the state indepen-
dently of the control signal, which is only concate-
nated later during action prediction. This design
offers a more direct and modular way of influenc-
ing action generation.
As transformers operate on sequences of tokens,

and the state input already contains rich, high-
dimensional information, it can be embedded di-
rectly into the transformer’s token space. However,
the desired reward and horizon are scalar values. To
align with common practice in related work (Chen
et al., 2021; Shridhar et al., 2022), these scalars are
projected into the model’s embedding space using
learnable linear layers.
Given that few tokens are used (most commonly

state,Dr, andDh), the model does not benefit from
autoregressive processing. As a result, only the en-
coder part of the transformer is useful, as it lever-
ages bidirectional attention blocks that model full
contextual relationships among input tokens. This
design choice is standard and consistent with prac-
tices in related work (W. Li et al., 2023).
Due to the relatively small size of the input

sequence compared to typical NLP workloads, a
lightweight transformer is employed - specifically,
BERT Tiny (Devlin et al., 2019). This encoder-
based model is widely recognized for its simplic-
ity and adaptability. It contains approximately 4
million parameters, structured into 2 transformer
blocks with 2 attention heads per block, and uses a
hidden size of 128. While considered small in NLP,
its capacity is suitable for RL tasks, which typically
feature simpler temporal and contextual dependen-
cies.
To produce actions, a regression head is added

on top of the transformer encoder. In UDRLt,
this head is shallow, as all conditioning is handled
directly within the transformer. In UDRLt-MLP,
however, the regression head is deeper to accom-
modate concatenated command information (Dr,
Dh) not seen by the transformer itself.

As discussed in Section 2.2, training can be done
via expert imitation or self-imitation. This work

primarily focuses on expert data, but we also intro-
duce a self-improvement loop in later experiments
as a mechanism to combat low-quality data.

Overall, this architecture is designed to model
fine-grained dependencies between control com-
mands and environmental states while maintain-
ing the simplicity, flexibility, and efficiency of the
UDRL framework. This structure should enable
dynamic adaptation of behavior based on subtle
shifts in task context – even across similar states
– improving both controllability and generalizabil-
ity. As task complexity increases and richer forms
of conditioning (such as compositional goals or soft
constraints) become necessary, the transformer’s
ability to flexibly prioritize and contextualize in-
puts makes it a strong candidate for scalable goal-
conditioned decision-making.

3.2 Data and Environment

Minari (Pitis et al., 2023) is a standardized
dataset library developed by the Farama Foun-
dation, designed to support offline and imitation-
based RL workflows by providing high-quality, di-
verse datasets collected from a wide range of envi-
ronments and agent types.

The data used in this research has been fetched
directly from the Minari HuggingFace page∗. It is
provided in HDF5 format via the h5py dictionary
structure, where each key represents an episode.
Each transition contains: the current state, termi-
nal signal, taken action, obtained reward, and ad-
ditional environment metadata. For a summary of
the data and tasks chosen in this research, see table
3.1. The tasks mentioned in the table are as follows:

3.2.1 Ant-v5

Ant-v5 is a continuous control locomotion task
in which a quadrupedal robot (ant) is trained to
walk forward as efficiently as possible (see Fig-
ure 3.2). Once the agent falls to the ground, it
cannot recover, which places a strong emphasis
on maintaining stability throughout the episode.
The state space encodes proprioceptive informa-
tion, such as joint forces, consisting of 105 continu-
ous variables. The action space comprises 8 contin-
uous control signals corresponding to joint torques,
all constrained within the range [−1, 1]. To ensure

∗https://huggingface.co/farama-minari
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Figure 3.2: Illustration of the MuJoCo Ant en-
vironment. On the left, the 3D rendering of the
quadrupedal ant agent is shown, featuring four
legs attached to a central body. On the right,
the kinematic structure is depicted, where each
leg comprises two hinge joints, resulting in 8 ac-
tuated joints in total. Each joint allows rotation
along a specific axis (z or xy), enabling complex
locomotion. The legend describes the joint types
and axes of movement.

this constraint is satisfied, a standard practice is
to apply a tanh activation to the model’s outputs,
used in this research as well (Chen et al., 2021;
Tanaka et al., 2025).

This environment is commonly used to evaluate
RL algorithms in high-dimensional locomotion set-
tings. Minari provides three different dataset ver-
sions for this task: random, medium, and expert
(corresponding to the skill level of the agent used to
generate the trajectories), from which the medium
is chosen due to its wide range of trajectory re-
turns. For the distribution of desired return vs de-
sired horizon, check Figure 3.3.

Figure 3.3: Frequency plot showing the desired
return vs horizon distribution of the Ant dataset
used in the research. The triangular shape of
the graph is in line with the fact that higher
returns require longer time to obtain, with the
maximum reward per step capped at around 5.

Figure 3.4: Distribution of desired returns
across 100 clusters of similar states in the Ant-
v5 environment. States were clustered using K-
Means, and the corresponding return distribu-
tions per cluster were visualized. The overlap
of low and high desired returns within clusters
highlights the importance of goal conditioning.

The dataset was collected from an agent that
achieves roughly 80% of expert-level performance,
yet still makes occasional mistakes, providing valu-
able examples of both successful and recoverable
behavior. A standard trajectory for this environ-
ment lasts for 1000 steps. The distribution of
returns-to-go shown in Figure 3.4 reveals that sim-
ilar states can correspond to both low and high
cumulative rewards, highlighting the importance of
the task context when learning policies in this en-
vironment.

3.2.2 AntMaze

AntMaze uses the same ant robot as in Ant-v5,
but places it in a maze environment with the objec-
tive to reach a specified goal location. AntMaze is
designed to evaluate an agent’s ability to perform
goal-conditioned, long-range planning using high-
dimensional continuous control. The action space
is the same as for the Ant, while the state space
has 4 extra variables: the goal position (x,y) and
the current position (x,y). In this research, those
vectors are combined in a single vector goal direc-
tion, referring to the difference between those two
vectors.

There are three types of mazes, with the same
state and action space, differing only in complexity
and size: umaze, medium maze, and large maze,
seen in Figure 3.5 and summarized in Table 3.1.

This environment is stochastic: in the standard
setup, a random location for both the agent and
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Figure 3.5: Three of the standard maze settings.
Starting from left: Umaze, Medium, Large.

the goal is sampled at the beginning of the episode.
The main challenge of this task lies in this high
stochasticity, which requires the agent to adapt to
widely varying start and goal configurations across
episodes. Even for highly-trained RL experts, suc-
cess rates peak at around 80%, highlighting the
task’s difficulty. This challenge intensifies when em-
ploying agents conditioned on additional control
commands such as desired reward and horizon, de-
manding precise and context-sensitive behavior un-
der uncertain and diverse conditions.

A significant compatibility issue exists between
the two datasets: the Farama Foundation provides
transitions collected from a simplified AntMaze en-
vironment variant that lacks contact force data
applied to joints. This results in a drastic reduc-
tion in state dimensionality when transferring from
the original Ant (105 dimensions) to the AntMaze
dataset (27 dimensions), hindering transfer learn-
ing possibilities.

Using the formulas mentioned in Subsection 2.2,
the control commands Drt , Dht

are appended to
each transition in the dataset. The goal location
is used as the extra(t) input as defined under the
UDRL framework. Due to the increased complex-
ity of the task, the Neural Networks used in this
part of the experiments (both for the action heads
and for the full models) utilize per-layer normal-
ization and residual connections every 2nd layer to
stabilize gradient updates and allow for deeper ar-
chitectures.

3.3 Ant Experiment

The performance of the UDRL Transformer models
(UDRLt and UDRLt-MLP) will be assessed along
three key axes: performance (measured by the re-
ward obtained), efficiency (including model size and
inference time), and alignment with control com-
mands. These models will be compared against two

baselines: an UDRL Neural Network - a simple
model mapping desired reward (Drt), desired hori-
zon (Dht

), and state (st) to action (at), and an
autoregressive Decision Transformer.

All models will be trained using grid search
over hyperparameters with the Adam optimizer
(Kingma & Ba, 2014). The loss function corre-
sponds to the MSE formulation described in Sec-
tion 2.2. MSE is used because the actions predicted
by the models in all experiments are 8-dimensional
continuous vectors, making it a standard and ap-
propriate choice for regression-based control tasks.

Considering that standard trajectories in this
environment span 1000 steps, the desired horizon
(Dh) is fixed at 1000 during training, while the de-
sired reward (Dr) varies across evenly spaced in-
tervals between 0 and the maximum returns ob-
tainable by an expert agent, determined by an-
alyzing the available datasets constructed using
such agents. To test for strong Out-Of-Distribution
(OOD) behavior, this maximum will be expanded
with a few extra values, indicated in the individual
conditions.

To compare agent performance, plots of desired
versus obtained rewards will be generated for vari-
ous experimental conditions. These plots will show
the mean and standard error of rewards obtained
over 10 independent runs under identical command
inputs.

3.4 Ant to Antmaze Transfer Learn-
ing Experiment

This experiment evaluates the models’ transferabil-
ity by shifting the task from pure locomotion to
goal-directed navigation within the AntMaze envi-
ronment, maintaining the same locomotion mecha-
nisms but requiring adaptation to goal-conditioned
behavior.

Rewards in AntMaze can be sparse or dense,
based on reaching or approaching the goal. While
dense rewards demonstrate transfer learning by
providing smoother feedback based on proximity
to the goal, the available Farama datasets contain
only sparse rewards–based solely on goal-reaching
success–creating a mismatch between the training
data and evaluation conditions. Due to mismatches
in state dimensions between the Ant and AntMaze
datasets, the observations are padded with 78 zeros
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Task Name Action Dim Observation Dim Dataset Types Chosen Dataset No. Transitions

Ant-v5 8 (C) 105 (C) expert, medium, simple medium ∼1M

AntMaze-v5 8 (C) 27 + 2 (C) umaze, medium, large (diverse/play) umaze(both), medium(both) ∼1M

Table 3.1: List of datasets used in this research. ”C” indicates the dimension is continuous. Play
indicates an environment with fixed goal and target locations, while diverse means that both
locations are sampled from a large set of positions.

to match the input size, representing a key bottle-
neck in this research.
As described previously, the goal direction vec-

tor is encoded in the extra context input (Et) and
concatenated with the outputs of the frozen base
model (UDRLt-MLP). This combined vector passes
through a fine-tuned external action head, which
adjusts the base actions to suit the AntMaze envi-
ronment (see Figure 3.6).
The medium-diverse dataset is selected here

for its higher complexity among available Farama
datasets.

Figure 3.6: Proposed architecture on the trans-
fer learning experiments. The UDRLt-MLP ar-
chitecture’s (bounded by the blue box indicating
that the parameters are frozen) outputs are con-
tacted with the constructed goal direction vec-
tor, which is then passed through a fine-tuned
MLP head to produce new, adjusted actions.

These fine-tuned agents will be compared against
models trained specifically on the AntMaze dataset,
using the same architecture as in the Ant experi-
ments. The comparison will focus on the UDRL-NN
and UDRLt-MLP models, as motivated in the next
Section.
A critical note is that the maximum obtainable

reward per timestep is 1, achieved only if the agent
is exactly at the goal. Given the 1000-step episode
length, a desired reward (Dr) of 1000 is unachiev-
able unless the agent spawns at the goal in ev-
ery run - an impossible scenario in this stochas-
tic environment. Following the same logic, values
of Dr > 800 are thus practically unattainable,
and Dr > 600 demands near-perfect expert per-
formance. Therefore, model comparisons will focus
on relative performance rather than proximity to
the optimal y = x line.

3.5 Data generation and extra tun-
ing

The final experiment builds upon the transfer
learning setup by retraining the UDRLt-MLP base-
line model with three additional datasets, contain-
ing easier transitions (medium-play, umaze-diverse,
and umaze-play). On top of that, the model will be
furtherly fine-tuned using additional data collected
through rollouts. In this phase, the pretrained
UDRLt-MLP agent is deployed in the environment
to collect new trajectories across a full range of Dr

values. This process resembles a simplified RL ex-
ploration mechanism; however, no random actions
are taken, focusing on self-improvement rather than
true exploration. The resulting data is used to
fine-tune the same model that generated the data,
which is then evaluated using the same experimen-
tal protocol as before, constituting a self-imitation
algorithm as mentioned in Section 2.2.

This cycle of data collection, fine-tuning, and
evaluation is repeated over several iterations, form-
ing a self-improvement loop similar to the one in-
troduced in the original UDRL paper (Schmidhu-
ber, 2019), and illustrated in Figure 2.1. Although
more selective data expansion strategies could be
employed – such as filtering transitions by compar-
ing UDRLt predictions to those of a pretrained RL
expert for given (st, Drt , Dht) – the rollout-based
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method is chosen for its simplicity and reliability.
The effect of each condition will be evalu-

ated by comparing the agent’s behavior at differ-
ent stages: training solely on the medium-diverse
dataset, training on all four Farama datasets, and
finally training on the rollout-augmented dataset.
This progression allows for assessing the impact
of increasing dataset diversity and iterative self-
improvement on performance, alignment, and gen-
eralization.

4 Results

4.1 Ant-v5

Average episodic return of the different architec-
tures in the Ant-v5 environment over a range of
Dr can be observed in Figure 4.1. The data distri-
bution in the training set ends slightly below 4800,
so values beyond that point can be considered out-
of-distribution (OOD) for all models.
To evaluate model efficiency, average inference

times per model are reported in Table 4.1.

Model No Preprocessing (ms) With Preprocessing (ms)

NeuralNet 0.41 (-91.4%) 0.42 (-93,7%)
DT 4.8 (baseline) 6.7 (baseline)
UDRLt 1.8 (-62.5%) 1.9 (-71,7%)
UDRLt-MLP 2.0 (-58.3%) 2.1 (-68,7%)

Table 4.1: Average inference time per 100
episodes (10 Dr conditions × 10 episodes). De-
vice specification are reported in Appendix D

The Neural Network baseline achieves excellent
alignment with the control commands and exhibits
low variance, closely tracking the reward distribu-
tion of the dataset. However, its performance and
stability gradually decline when evaluated on OOD
commands, particularly when the desired reward
(Dr) exceeds the maximum seen in training. This
limitation will be revisited in the AntMaze results,
where it becomes more pronounced.
In contrast, the Decision Transformer shows no

alignment with the control commands, despite be-
ing relatively resource-intensive. Its overall reward
performance is also inferior to all other mod-
els tested, further underscoring its limitations in
command-conditioned tasks.
The UDRLt architecture improves on DT in both

inference speed and total rewards, but still strug-

gles with controllability. Interestingly, this issue dif-
fers from the one observed in the DT: while DT
tends to ignore the control signal entirely, UDRLt
appears to process it inconsistently. This distinc-
tion is discussed further in Appendix C.

The UDRLt-MLP architecture appears to resolve
this issue, demonstrating strong alignment with the
control signals and slightly outperforming the Neu-
ral Network baseline, especially under OOD com-
mand conditions. This suggests improved model
stability and better generalization to unseen tar-
gets. However, UDRLt-MLP requires slightly more
computational resources than its simpler UDRLt
counterpart. Therefore, an interesting research di-
rection would be to apply various improvement
methods (e.g., the self-imitation loop seen in Fig-
ure 2.1) and see whether similar alignment could
be obtained, saving an additional 10% of the com-
putational costs.

All UDRL-based agents achieve the highest over-
all returns, consistently surpassing the performance
of the original dataset trajectories by up to 15%.
The best returns were obtained by the UDRLt-
MLP agent, indicating that the UDRL framework
can combine elements from different successful tra-
jectories to synthesize more efficient behavior than
was explicitly demonstrated during training.

Overall, these findings reinforce the potential of
UDRL-based architectures for conditional control
tasks, particularly in continuous, high-dimensional
domains. The Discussion section will further ex-
pand upon this insight.

4.2 AntMaze-v5

The AntMaze experiments focus exclusively on the
UDRLt-MLP and UDRL-NN agents. These models
demonstrated the best trade-off between computa-
tional efficiency, controllability, and reward perfor-
mance in the Ant-v5 environment, making them the
most promising candidates for further experimen-
tation. As a result, the Decision Transformer and
UDRLt architectures are omitted from this section.

As discussed in the Data subsection, while the
y = x line represents ideal alignment, it is not a re-
alistic benchmark for Dr > 600 due to the environ-
ment’s setup and its inherent stochasticity. There-
fore, this subsection focuses on comparing various
conditions with each other, using the ideal align-
ment line only for reference.
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Figure 4.1: Performance of four agents in the Ant environment, showing average obtained reward
as a function of the desired reward Dr, with Dh kept constant at the standard value of 1000. Each
line represents the average episodic return over 10 evaluation runs, with shaded areas denoting
the standard error. The dotted line indicates ideal command alignment (y=x), where the agent
perfectly matches the desired reward.

Figure 4.2: Performance of UDRL-NN and
UDRLt-MLP agents transferred from Ant to
AntMaze with no fine-tuning.

4.2.1 Ant to AntMaze (no fine-tuning)

A comparison of model performance when trans-
ferring from the Ant to the AntMaze without any
additional training is shown in Figure 4.2.

The limited performance observed in the plot can
likely stem from several factors discussed above:

• A mismatch in state dimensions - the AntMaze
dataset lacks joint contact forces, reducing the
state dimensionality from 105 to 27. To retain
compatibility, 78 zeros were appended to the
AntMaze observations, resulting in significant
information loss.

• A substantially more complex task - unlike
Ant-v5, based on deterministic forward lo-
comotion, AntMaze demands stochastic-goal-
directed navigation.

Despite these challenges, the pattern from Ant-
v5 evaluation re-emerges: the transformer-based
UDRL architecture (UDRLt-MLP) demonstrates
superior adaptability to unseen scenarios, consis-
tently achieving higher rewards across a range of
Dr values compared to the Neural Network base-
line. However, this performance is not satisfactory,
showing that fine-tuning is necessary to transfer be-
tween those environments.
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Figure 4.3: Performance in AntMaze after fine-
tuning on the medium-diverse dataset.

4.2.2 Ant to Antmaze (fine-tuned)

Figure 4.3 shows the performance of both models
after fine-tuning on the medium-diverse AntMaze
dataset, learning to follow the goal using the archi-
tecture outlined earlier in Figure 3.6.

The Neural Network baseline fails to show any
notable improvement, continuing to obtain negligi-
ble rewards post-fine-tuning. This outcome reflects
several compounding challenges that affect both
models, but disproportionately hinder simpler ar-
chitectures:

First, the fine-tuned setup freezes the original ar-
chitecture while altering the input space - the base
encoder receives only a reduced subset of the orig-
inal features, limiting its adaptability.

Second, the inherent stochasticity of AntMaze,
where both start and goal locations are random-
ized, introduces highly diverse episodes that can-
not be comprehensively captured in a static offline
dataset. This issue is particularly severe in IL set-
tings and is further amplified by command condi-
tioning through Dr and Dh, as discussed in the
Data subsection.

Third, the reward structure used to generate the
dataset is sparse: episodes contain no rewards un-
til the goal is reached, followed by multiple non-
zero terminal rewards. This sparsity undermines
the core principle of UDRL, which relies on diverse
reward patterns for conditioning and control, and
instead induces unstable correlations between con-
trol signals and observable behavior.

These combined issues result in significant data
noise - even training on small dataset subsets yields
an average MSE greater than 0.02, suggesting an

Figure 4.4: Performance in AntMaze of models
trained on the medium-diverse dataset.

irreducible level of label inconsistency.
Despite these difficulties, the UDRLt-MLP

model demonstrates a clear benefit from fine-
tuning. It consistently achieves higher returns com-
pared to its non-fine-tuned counterpart and occa-
sionally aligns with the desired reward signal. How-
ever, it struggles with stability: across most condi-
tions, individual trajectories vary widely, with some
episodes completing high Dr conditions while oth-
ers fail entirely.

Overall, this experiment reinforces the earlier
observation that transformer-based UDRL models
are more robust and transferable than simple feed-
forward baselines. Yet, their performance remains
highly sensitive to dataset quality and diversity - a
known limitation of supervised learning approaches
in complex, stochastic environments, where active
exploration and interaction are often essential for
stable and generalizable learning.

To put the performance of fine-tuned agents in
context, Figure 4.4 shows results for models trained
from scratch (without any frozen components) only
on the same dataset used for fine-tuning in the pre-
vious section.

Those results reinforce the observations on the
dataset limitations discussed earlier. Even full
training on this dataset does not lead to fully stable
or aligned behavior w.r.t. the control commands.
Nonetheless, two key findings stand out:

1. UDRLt-MLP again clearly outperforms the
Neural Network, achieving significantly higher
returns, although coming at the cost of in-
creased computational demands.

2. Fine-tuning does improve performance, partic-
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Figure 4.5: Performance of the UDRLt-MLP
model across iterations of the self-imitation
loop.

ularly for UDRLt-MLP, which recovers a non-
negligible portion of the performance achieved
by the fully trained model. However, the gap
remains substantial, possibly due to the data
and environment issues.

These findings suggest that fine-tuning alone is
insufficient to achieve stable and fully controllable
performance in complex, noisy environments, es-
pecially when using offline imitation datasets with
sparse rewards and high stochasticity. This empha-
sizes the data-hungriness of the transformer-based
UDRL framework.

To address the previously identified limitations,
two additional tests were conducted. In the first
test, instead of relying only on the most challeng-
ing AntMaze dataset (medium-diverse), a combina-
tion of four AntMaze datasets was used, as listed in
Table 3.1. The evaluation plot for this condition is
omitted, as it showed only minor differences com-
pared to the previous condition. This suggests that
incorporating more data of similar (but incompati-
ble) quality marginally improves stability but does
not significantly affect performance.

In the second test, the pre-trained UDRLt-MLP
model (trained on the four datasets) was deployed
in the environment to collect additional trajectories
via active rollout. The plot comparing the different
versions of the UDRLt-MLP model (depending on
the iteration of the mentioned loop, with 0 denoting
the base model trained on all 4 antamze datasets
with no additional data collected) in this condition
can be seen in Figures 4.5.

Applying this self-improvement loop with mini-

mal adjustments–initially only pruning large por-
tions of low-reward data– leads to catastrophic for-
getting : the model gradually loses its ability to re-
produce previously successful behaviors, with per-
formance declining across successive iterations. To
eliminate this, high-reward data points (defined
here as Dr > 500) are preserved in each new
dataset generated during the loop.

As seen in Figure 4.5, the main benefit of this
approach is that the models trained for several it-
erations are the only ones in this research that con-
sistently achieve Dr > 600, which is considered a
near-expert-level performance in this environment.
However, their alignment at lower reward levels
(Dr < 300) remains poor. This likely stems from
two factors: bad initialization–the base model
was trained on incompatible data, creating a lasting
distribution shift–and persistent data scarcity
due to the stochastic nature of the environment.

Nevertheless, the loop offers a clear advantage:
increased behavioral stability. As shown in Table
4.2, even a few iterations with relatively small
datasets (∼ 500k transitions) already lead to
noticeable improvements in goal-reaching perfor-
mance. These findings suggest that many of the
limitations observed in the AntMaze setting could
be mitigated by running additional loop iterations
on larger, higher-quality datasets. While this study
capped training at 8 short iterations due to time
and computational constraints, a simple next step
would be to extend this setup with longer training
cycles and more extensive datasets, unlocking the
full potential of this refinement strategy.

5 Discussion

This research has shown that the UDRL frame-
work can be successfully applied to complex en-
vironments such as Ant-v5, enabling precise con-
trol through a simple architecture and minimal su-
pervision. Compared to state-of-the-art models like
π0 or PerAct, the proposed approach maintains an
exceptional simplicity of the framework design: it
requires no sophisticated components such as
the Action Flow model used in π0 and uses only
a fraction of the parameters typical in this do-
main. On top of that, it supports a fully automated
labeling procedure, requiring no manual oversight
to generate vast amounts of new training data on
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Condition Model Goal Success Rate (%)

no-finetuning NeuralNet 0
UDRLt-MLP 3-5

finetuning NeuralNet 0
UDRLt-MLP 6-9

full training NeuralNet 24-28
UDRLt-MLP 30-35

full training (4) NeuralNet 26-28
UDRLt-MLP 33-35

full training (4) NeuralNet Not Tested
+ rollout (5) UDRLt-MLP 38-44

Table 4.2: Goal-reaching success rates of differ-
ent models under various AntMaze conditions.
The ranges come from the randomness of the en-
vironment, yielding various results even if mul-
tiple runs are run per task context. (4) im-
plies that the conditions were on all 4 antmaze
datasets as specified in Table 3.1. Rollout im-
plies that the dataset has been expanded with
rollouts of the fully-trained models, using the
standard UDRL loop as explained in the text,
with the number in brackets denoting the loop
iterations done. A command-less, full RL expert
achieves an 80% success rate.

demand. Crucially, it substantially outperforms
the Decision Transformer - a standard baseline
in the field - along all three axes: performance,
alignment, and computational efficiency.

The AntMaze experiments, while demonstrating
the superiority of UDRLt-MLP over the simpler
UDRL-NN baseline, reveal several persistent lim-
itations. These range from dataset-related issues
(such as distributional mismatch and data scarcity)
to challenges intrinsic to the environment, mainly
related to its combination of stochasticity and com-
plexity. In this setting, the meaning of a given com-
mand heavily depends on the starting and goal lo-
cations, drastically increasing the complexity of the
control task. These factors suggest that while the
UDRL framework remains viable, the current envi-
ronment setup may demand a more tailored dataset
and larger models to reach full performance. Addi-
tional work is needed to fully adapt this setting to
the UDRL paradigm.

Nevertheless, the rapid performance gains ob-
served through the self-imitation loop indicate that
the issues encountered in AntMaze are not funda-
mental flaws of the UDRL framework. Rather, they

stem from limitations in the data and experimen-
tal scope. With cleaner datasets, more iterations
of self-improvement, and better exploration mech-
anisms, it should be possible to eliminate many of
the shortcomings and achieve performance compa-
rable to what was seen in Ant-v5.

Overall, the methodology developed in this work
shows highly promising results: a controllable,
efficient, and scalable framework for command-
conditioned behavior in RL. In deterministic yet
high-dimensional settings like Ant-v5, the archi-
tecture reliably extracts meaningful patterns from
data, remains aligned with control signals, and
outperforms existing methods while being smaller,
simpler, and of lower latency. These results position
UDRL as a strong candidate for future research
in efficient, interpretable, and robust command-
conditioned control.

5.1 Future research

5.1.1 Data-related improvements

Future work could address the data issues discussed
in the Methods section, contributing to the Farama
foundation by expanding the current datasets with
a higher environment variability. Generating data
across varied environment configurations and types
would allow more effective pretraining and trans-
fer learning scenarios. A typical approach involves
training a high-performing Soft Actor-Critic (SAC)
agent, tuning it to expert-level performance, and
rolling it out in the environment to collect several
million transitions. To ensure the resulting dataset
supports robust training, it should capture a wide
spectrum of trajectories, capturing both failed at-
tempts and near-perfect executions. Such a dataset
would support future research and allow for a clean
re-evaluation of the methods proposed in this pa-
per, resolving the fine-tuning limitations encoun-
tered in the AntMaze setting.

5.1.2 Textual Prompting

While the current (Dr, Dh) framework offers a sim-
ple and scalable way to label data and train models,
it presents challenges for external stakeholders. In
real-world applications (particularly in complex en-
vironments), it may be infeasible or unintuitive for
users to specify values for Dr, Dh, or other contex-
tual inputs required to obtain desired behavior.
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To address this issue, future work could explore
integrating support for textual prompts, allowing
users to provide high-level, natural language in-
structions such as ”complete the task as quickly
as possible, regardless of precision.” The model
could then infer appropriate internal values for Dr,
Dh, and Extra(t), while continuing to train under
the same framework. This abstraction layer could
greatly enhance the accessibility and applicability
of UDRL models in practical deployment scenarios,
without compromising training efficiency.

5.1.3 Multi-modal learning

Transformers are well-known for their ability to
handle rich latent space representations, making
them particularly effective in multi-modal learn-
ing settings where input signals come from diverse
sources such as cameras, depth sensors, or IMUs
(Black et al., 2024; Brohan et al., 2023). Given that
the transformer backbone constitutes the bulk of
the UDRLt and UDRLt-MLP architectures, an in-
teresting direction for future research would be to
investigate whether the proposed UDRL framework
generalizes to such multi-modal control tasks.
A success in this application could position

UDRL as a lightweight, flexible alternative to cur-
rently dominant high-level models, especially in do-
mains where explainability, command condition-
ing, low-latency, and efficiency are important. Ex-
tending UDRL to multi-modal input spaces would
also align with recent trends in vision-language-
action models, offering a streamlined alternative to
current large-scale architectures without sacrificing
versatility or control.

5.1.4 Action Tokenization

Another promising direction for UDRL would be to
explore encoder–decoder architectures that gener-
ate actions as discrete tokens. Rather than predict-
ing continuous actions directly from latent repre-
sentations, the model could autoregressively output
action tokens, similar to how language models gen-
erate text. This token-based formulation has been
successfully applied in recent work, including the
Decision Transformer used in this study, and more
prominently in models like DeepMind’s RT-2 (Bro-
han et al., 2023). RT-2 extends tokenization to a
multi-modal setting, representing perception, con-

trol, and goals all as textual tokens, thereby uni-
fying vision, language, and action within a single
transformer architecture.

Adopting a similar framework in UDRL could en-
able the system to handle complex real-world envi-
ronments better, especially those involving diverse
sensory inputs and abstract, high-level instructions,
increasing the impact of this framework.

5.2 Broader Impact Note

This research has shown that the UDRL framework
enables learning conditional control with minimal
overhead, particularly in labeling or supervision. Its
simplicity allows for seamless integration of expert
or human demonstrations, making it well-suited
for large-scale, human-in-the-loop alignment sce-
narios. By allowing selective guidance with little ef-
fort, UDRL supports the combination of broad self-
supervised exploration and targeted human feed-
back, a property that could significantly contribute
to scalable and aligned AI systems of the future.

Moreover, the framework’s lightweight architec-
ture makes it feasible to deploy on-device, even in
low-resource or embedded settings. This extends its
applicability beyond high-performance labs to real-
world, constrained environments, further broaden-
ing the potential societal impact of aligned and ef-
ficient learning systems.
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Figure C.1: Average attention scores obtained
by the 3 input tokens of the UDRLt architec-
ture, taken over 10% of the dataset (∼ 100k sam-
ples)

A Model Hyperparameters

The hyperparameters used in this research can be
seen in Table A.1.

B Code Source

All algorithms, pre-trained models, and dataset-
making scripts have been published under the MIT
license and are available in the following GitHub
repository†.

C UDRLt Attention Analysis

As seen in Figure C.1, the model seems to realize
that the reward and horizon commands are highly
necessary to produce desired behavior. However, its
failure of alignment highlights that this knowledge
is lost in the state processing, and the model does
not know how to adjust its behavior based on those
commands. This is supported by the performance
of the UDRLt-MLP model, differing only by not
feeding the commands directly to the transformer.
This issue was targeted with two improvements: im-
plementing complex Dr and Dh encoders and using
huge BERT and Action Head variants, but yielded
no results. On top of the suggestions in the Future
Research section, an exploration method similar to

†https://github.com/LukaszSawala/Upside-Down-RL-
Transformer

the AntMaze self-imitation loop presented in this
research could help to mitigate this issue on per-
formance.

D Inference Times

The device used to generate Table 4.1 was CPU:
13th Gen Intel(R) Core(TM) i9-13900HX, Archi-
tecture: x86 64, 32-core.

E Transformer Architecture

A standard encoder-decoder transformer architec-
ture is illustrated in Figure E.1. The encoder
(shown on the left) is used to build a rich contex-
tual representation of the entire input sequence by
applying bidirectional transformations to the input
sequence. It processes the tokens using a multi-head
self-attention mechanism to weigh the importance
of different inputs (e.g., words) and a position-wise
feed-forward network to apply a non-linear trans-
formation. The decoder, on the right, then autore-
gressively generates the output sequence one ele-
ment at a time. In addition to the self-attention
and feed-forward sub-layers, it includes a third sub-
layer that performs masked (unidirectional) multi-
head attention over the encoder’s output, allowing
it to focus on relevant parts of the source sequence.
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Task Name Model Name no. Hidden Layers Hidden Size Batch Size Learning Rate Patience

Ant NeuralNet 4 256 16 1e-4 3

Ant DT 3(8-head) 128 8 1e-3 3

Ant UDRLt 2(Bt)(2-head) + Lin. Proj 128(Bt) 8 1e-5 3

Ant UDRLt-MLP 2(Bt)(2-head) + 6 128(Bt) + 256 8 5e-5 3

AntMaze-FT UDRLt-MLP & NeuralNet 12 512 128 1e-4 10

AntMaze UDRLt-MLP & NeuralNet 18 512 128 1e-4 15

AntMaze (RollOut) UDRLt-MLP & NeuralNet - - 16 5e-5 10

Table A.1: List of hyperparameters of the models used in this research for all of the conditions. (Bt)
stands for BERT-tiny. The Antmaze models are structured in the same way as the Ant models,
and hence only the sizes of the action heads are given. The heads in hidden layers specify the
number of attention heads of each transformer block. The ”+” means that a model on the right
has been put on top of the model on the left, i.e., for the Ant UDRLt-MLP, a 6-layer 256-wide
MLP has been put on top of a BERT-tiny.

Figure E.1: A standard Transformer with an en-
coder (left) and decoder (right) architectures
(Vaswani et al., 2017).

18


