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Abstract

DDiffPG is a reinforcement learning algorithm that trains an agent to learn multiple
ways to solve a given task using diffusion policies. In this thesis, we investigate an
extension of DDiffPG that aims to make the algorithm more domain-independent
through a latent-based clustering method. To achieve this, we implement an
embedding network that translates state observations into a general latent space
before applying the distance measure to the resulting trajectories. The proposed
extension is evaluated in the Safety Gymnasium environments based on its ability to
identify and preserve different behavior modes. The results show that the extended
algorithm achieves performance comparable to the original DDiffPG algorithm
on the Safety Gymnasium benchmark while providing greater flexibility in the
representation and clustering of different state spaces. Additionally, we compare
different embedding networks (ICM, EMI, CTEC) and find that CTEC, which
focuses on preserving temporal trajectory structure, is best suited for encoding the
spatial information required for trajectory clustering.
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Chapter I.

Introduction

1. Motivation

In recent years, reinforcement learning (RL) has made many advances. Agents
have improved in solving a wide variety of tasks, such as games including Go or
chess (Silver et al., 2018), robotic control tasks (Kober et al., 2013), and autonomous
driving (Kiran et al., 2021). Researchers have proposed many methods for improving
an agent’s performance by first exploring the environment and later exploiting
the gained knowledge. These methods include entropy regularization (Haarnoja
et al., 2018; Mnih et al., 2016), which encourages stochastic policies to promote
exploration, and intrinsic motivation (Pathak et al., 2017; Burda et al., 2018), where
internally generated rewards encourage the agent to seek novel states. However,
many of those methods suffer from one limitation: policies collapsing into a single
mode. Here, a mode refers to one specific behavior pattern followed by the agent
while neglecting possible alternative trajectories. Executing only a fixed set of
actions limits the agent’s ability to reliably solve a given task. The agent’s decision-
making is mostly influenced and dominated by the received reward, steering it
towards the path that yields the highest reward and dismissing other behavior
modes that may generate less reward but solve the task just as reliably as the
optimal mode. However, especially in domains like navigation or game playing,
preserving multiple solutions or paths to a goal can be beneficial, even if they do
not lead to the highest reward. Focusing on a single mode too early can hinder
the agent from finding additional goals or even more optimal paths to the goal.
In dynamic environments, this could completely stop the agent from reaching the
goal after the environment dynamics have changed. Therefore, in such settings, we
want our agent to continue exploring alternative solutions even after it has found
what appears to be the optimal one.

Recent work introduces diffusion policies to tackle this issue (Yang et al., 2023;
Li et al., 2024). Diffusion policies offer the agent the ability to learn multimodal
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Chapter I. Introduction

policies. Unlike standard Gaussian policies, which are unimodal, diffusion policies
parameterize the action distribution through an iterative denoising process and can
therefore represent arbitrary multimodal policies. An example of such an approach
is the DDiffPG algorithm presented in the paper ‘Learning Multimodal Behaviors
from Scratch with Diffusion Policy Gradient’ (Li et al., 2024). Although this
approach seems promising, it relies on domain-specific information, which limits
its applicability across different environments. The original DDiffPG algorithm
can only be applied to a fixed set of environments, since transferring it to a new
domain requires manually redefining the state clustering. The clustering itself is
based on the 2D coordinates of the observed states and relies on an environment-
specific threshold. Adapting these parameters could quickly become infeasible in
domains where states are not as easily accessible or simply cannot be expressed as
coordinates.

To overcome this limitation and make DDiffPG domain-independent, we propose
extending DDiffPG with latent state clustering directly learned from the entire
state observation. We evaluate our method extension against the standard DDiffPG
algorithm in MuJoCo AntMaze and further apply it to the previously untested
Safety Gymnasium benchmark (Ji et al., 2023), assessing performance, safety, and
its ability to identify and preserve distinct behavior modes.

2. Thesis Structure
First, in Chapter II we introduce and explain the underlying concepts used in
the original DDiffPG algorithm, together with three embedding networks from
the intrinsic motivation literature that will be incorporated into the extension.
We explain our planned approach for extending the algorithm in Chapter III.
In Chapter IV we present the experimental setup and interpret and discuss the
results obtained from the experiments. We conclude the thesis with a discussion of
the limitations and an outlook on future work in Chapter V.

2



Chapter II.

Background and Related Work

1. Reinforcement Learning
RL studies how an agent can learn to make decisions to solve a task. The agent learns
by interacting with the environment and receiving feedback in terms of a reward.
Said environment is formalized by a discounted Markov decision process (MDP)
(S, A, r, p, ρ0, γ). S is the state space and A the action space, r : S ×A× S → R is
the reward function, p : S × A× S → R+ is the transition function, ρ0 : S → R+

defines the initial states, and γ ∈ [0; 1] is the discount factor. The agent’s goal is to
learn a policy π : S × A→ R+ where π(a|s) is the probability of choosing action
a in state s. The performance of a policy is measured by its return, described as
the cumulative discounted reward over time T, Gt = ∑︁T −t

k=0 γkrt+k. Formally, the
optimization objective is defined as

J(π) = Eπ

[︄
T∑︂

t=0
γtrt | s0 ∼ ρ0

]︄
.

The objective is then to find an optimal policy

π∗ = arg max
π

J(π).

There exist multiple methods to solve this problem. For simple environments, the
Bellman equations can be solved via dynamic programming to find the optimal
policy. However, this quickly becomes infeasible in more complicated environments,
creating the need for more involved methods. Value-based methods approximate the
expected return in different states, such as Q-learning (Watkins and Dayan, 1992)
or DQN (Mnih et al., 2015). Another class of methods is policy-based methods,
which directly learn a policy that maps the state to the action, and update the
policy using gradient-based methods. Example algorithms in this class include
basic policy gradient methods like REINFORCE (Williams, 1992). A third major
class is actor-critic methods which combine value- and policy-based approaches.
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Examples include PPO (Schulman et al., 2017), SAC (Haarnoja et al., 2018), and
A3C (Mnih et al., 2016).

Exploration Exploration plays an essential part in RL, as it measures the agent’s
ability to discover new, previously unseen states of the environment. There are
different techniques which motivate the agent not only to follow the path of the
highest seen return (exploitation), but also to encourage it to explore unseen areas.
The trade-off between exploration and exploitation represents a major challenge
in training a successful agent. Without exploration, the agent is most likely stuck
in local minima by committing too early to a discovered strategy. It will not be
able to find alternative modes or goals. However, focusing too much on exploration
can prevent the agent from learning effectively, since it might spend all its time
searching for novel states instead of exploiting what it has learned (Ladosz et al.,
2022).

Safe Reinforcement Learning Exploration in general is rather unsafe. In order to
explore the entire state space, the agent needs to execute actions with unknown
consequences. When training in a simulated environment, any mistakes or unin-
tended behaviors have no real-world consequences. In real-world settings, it is
crucial to take precautions and lead the agent in the direction of safe trajectories,
ensuring that it reaches the goal safely, rather than quickly. For instance, in a
traffic control environment, multiple paths could lead to one goal: one may pass
over an icy road, presenting the risk of crashing, while another is completely safe.
During exploration, the agent should discover and learn to prefer the safe path
rather than risk crashing on the faster one. Safe RL addresses this by extending the
basic RL framework with safety constraints. For example, when trying to maximize
the cumulative return, the agent must respect an underlying safety cost function
that balances reward and risk (Kushwaha et al., 2025).

2. Latent Representation Learning
Latent representation learning aims to learn meaningful features from a given input
by mapping the input data into a latent space. Typically, a neural network (NN) is
trained to transform the input through a series of layers, learning representations
that capture relevant characteristics of the data. Different learning approaches can
lead to different latent spaces, as the chosen objective determines which types of
information are emphasized and preserved. The resulting latent representation
provides a compact representation of the input and can detect underlying patterns
that may not be directly observable in the original input data. Depending on the
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II.2. Latent Representation Learning

learning approach, latent representations can be used to reduce the dimensionality
of the input while retaining information that is relevant to the task.

2.1. ICM
The intrinsic curiosity module (ICM) (Figure II.1) is introduced by Pathak et al.
(2017). In their paper, they differentiate between three sources that can modify the
agent’s observation: (1) things that can be controlled by the agent, (2) things that
the agent cannot control but that affect the agent, and (3) things out of the agent’s
control and not affecting the agent. An example of something that does not affect
the agent (3) could be leaves on a tree. The agent can observe the movement of
the tree leaves in a breeze. Since it is difficult to model a breeze, it is even harder
to predict the location of each individual leaf. As a result, the prediction error
remains high and the agent stays curious about the leaves, even though they do
not affect it. The embedding network now aims to learn a state representation
that models (1) and (2). To achieve this, it contains three different models: the
feature encoder, the forward model, and the inverse model. The feature encoder
later serves as our embedding module. It receives as input the state and returns its
latent representation. The forward and inverse models are used to train the feature
encoder. The forward model receives the action at and the latent representation of
the current state ϕ(st) as input and tries to predict the latent representation of the
following state ϕ̂(st+1). The inverse model receives the latent representations of
the state pair (st, st+1) and tries to predict the action that led to this transition.
The feature encoder is then trained on the basis of the weighted losses of the two
models.

2.2. EMI
The paper by Kim et al. (2018) introduces an embedding network (Figure II.2),
which learns two encoder functions mapping states and actions into a shared low-
dimensional space. Rather than relying on reconstruction, the training objective
is based on mutual information maximization: the state and action embeddings
should be predictive of the corresponding next state embedding, and the state
and next state embeddings should in turn be predictive of the action embedding.
This avoids the need to encode full high-dimensional observations, making the
approach better suited to complex, high-dimensional input spaces such as images.
The goal is to capture the non-linear aspects of the dynamics in the encoders, such
that the dynamics become linear in the embedding space. However, in such a
linear dynamics model, some transitions cannot be explained linearly, resulting
in irreducible error. To account for this, the authors introduce a separate error
network that estimates this irreducible error. The final training objective combines
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features features

Inverse model

Forward model

Figure II.1.: High-level overview of the ICM embedding process.

the mutual information loss, linear dynamics reconstruction loss, and an error
regularization term.

2.3. CTEC
The embedding network we use as CTEC (Figure II.3) is presented in the paper
by Mohamed et al. (2026), where it is referred to as C-TeC; we adopted the name
CTEC for consistency with our notation. It focuses on preserving the temporal
structure rather than reconstructing complete observations. The model learns a
state-action encoder and a future state encoder, trained such that positive pairs (a
state-action pair (s, a) and its future state sf) have high similarity and negative
pairs (mismatched (s, a) and sf combinations) have low similarity. The future state
is sampled from the states following the (s, a) transition within the same trajectory,
using a geometric distribution that assigns higher probability to states closer in
time. The encoders are trained using the InfoNCE contrastive loss. As a result, the
embedding of a state-action pair is pulled close to the representation of the future
state it actually leads to and pushed away from the representations of unrelated
future states.

3. Dynamic Time Warping
Dynamic time warping (DTW) is an algorithm used to align and compare two
time-series datasets. Its basic idea is introduced in a paper by Sakoe and Chiba
(1978). The algorithm creates alignment by mapping individual points between
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II.3. Dynamic Time Warping

State encoder State encoderAction encoder

CONCAT

Linear dynamics + error model

Training objective
MI maximization (JSD) + dynamics error minimization

Figure II.2.: High-level overview of the EMI embedding process.
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Sample

State-Action encoder Future state encoder

Contrastive critic (InfoNCE loss)

Figure II.3.: High-level overview of the CTEC embedding process.
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Figure II.4.: Distance calculation using dynamic time warping.

two series and calculating the distance between the corresponding points. This
makes it possible to calculate the distance between two trajectories of unequal
length. DTW receives two time series x1:N and y1:M as input, initializes a cost
matrix D, and chooses a point-by-point distance measure, which is the squared
Euclidean distance by default. It then traverses the cost matrix row by row and
fills each entry with the calculated point-wise cost plus the accumulated cost of the
lowest-cost neighboring cell. For each entry, the neighboring cell that contributes
the lowest cost is stored to establish a path through the matrix. After filling the
entire matrix with all pair-wise costs, DTW starts at the last entry and traces back
the path of lowest accumulated cost until it reaches the first entry. This path yields
the final point-by-point alignment and the final cost can be obtained from the
matrix entry D(N, M). Figure II.4 shows an example of two trajectories and the
resulting alignment produced by the DTW algorithm. For simplicity, we assume
that each state of a trajectory can be represented by a single value and use the
absolute difference between two states as a distance measure for our example. The
cost matrix shows the final matrix that contains the accumulated costs, while the
red graph represents the final alignment.

4. Diffusion

4.1. Diffusion Process
The diffusion process (Ho et al., 2020; Sohl-Dickstein et al., 2015) defines two
Markov chains: a forward and a reverse diffusion process. The forward process
starts from real data, for example, an image, and gradually adds Gaussian noise over
many steps until the original data is practically equivalent to an isotropic Gaussian.
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The reverse process aims to invert the forward process and tries to reconstruct
the data. The reverse process depends on the true data distribution q(xt−1|xt),
which would require knowing the entire data set without holes. Therefore, the
model learns an approximation pθ(xt−1|xt) using an NN. This NN is trained on
samples from the forward process by trying to predict the added noise. This allows
the model to later generate new samples by iteratively removing the predicted
noise from pure Gaussian noise. As illustrated in Figure II.5, the forward process
gradually transforms the original image on the right into pure Gaussian noise on
the left, while the reverse process reconstructs the image by progressively removing
the noise.

Figure II.5.: Markov chain of forward (reverse) diffusion process (image
source: Weng (2021)).

4.2. Diffusion Policies
The diffusion process explained above is also usable in RL. It can be used to
reconstruct the underlying action distribution from a standard Gaussian. Given
a particular state and fully noised action, the learned neural network is able to
generate an action according to the underlying distribution. Diffusion policies offer a
great benefit because they can model the underlying distribution much more closely
than Gaussian policies, which are the standard parameterization for continuous
action spaces in RL. Thus, it is possible for them to model multiple modes instead
of just one. This can be seen in the illustrative example shown in Figure II.6, where
the red Gaussian distribution is not able to model the underlying Q-function as
closely as the green distribution.

5. Diffusion-QL
Diffusion-QL (Wang et al., 2022) is an offline RL algorithm that tries to overcome
a limitation of offline policy-regularization methods, which are restricted by weak
policy classes. Typically, the policy is represented as a Gaussian distribution that

10



II.6. DIPO

Figure II.6.: Unimodal vs. multimodal policy fit to Q(st, at) (image source: Tang
and Haarnoja (2017)).

cannot model multimodal distributions. This can result in the policy placing high
density in the region between two modes. Regularizing a new policy towards such a
policy is likely to negatively affect policy learning. To overcome this limitation, the
authors perform policy regularization using diffusion models, specifically a multilayer
perceptron (MLP) based denoising diffusion probabilistic model (DDPM (Ho et al.,
2020)). The resulting denoising loss Ld serves as the behavioral cloning term,
which on its own would not allow the learned policy to outperform the policy that
generated the training data. To improve the policy beyond the behavior policy,
the authors inject Q-value guidance into the reverse diffusion chain during training.
This results in the following policy learning objective

π = arg min
πθ
L(θ) = Ld(θ) + Lq(θ) = Ld(θ)− α · Es∼D,a0∼πθ

[Qϕ(s, a0)],

which consists of a linear combination of policy regularization and improvement.
Here, a0 is the action produced by the reverse diffusion chain. Since a0 is repa-
rameterized through that chain, the gradient of Qϕ is backpropagated through all
diffusion steps. This is feasible here due to the small number of steps (N = 5).
However, online methods such as DDiffPG and DIPO (Li et al., 2024; Yang et al.,
2023) avoid this direct injection of Q-values because of the vanishing gradients that
can occur when backpropagating through multiple diffusion steps.

6. DIPO
DIPO is introduced in a paper by Yang et al. (2023). The algorithm uses diffusion
policies instead of unimodal policy representations to learn multimodal policies,
with the goal of achieving better exploration and performance. One problem with
diffusion policies is that the policy gradient theorem does not directly apply to
them, as actions are generated through an iterative stochastic denoising process.
Therefore, the policy gradient ∇θJθ = Es,a[∇θ log πθ(a|s)Q(a|s)] cannot be applied
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directly. Computing the policy likelihood log πθ(a|s) is intractable because the
actions are not drawn from any explicit parametric distribution. As a result,
while the diffusion policy can fit the policy distribution, it cannot directly improve
it. To overcome this limitation, the authors present the action gradient method
at ← at + η∇aQπ(st, at), which can be used to update and improve actions. They
apply the action gradient to every state-action pair (s, a) stored in the replay buffer
D, in order to improve the actions. Afterwards, the diffusion policy is fitted to the
improved data in the replay buffer, resulting in an improved policy.

7. DDiffPG
The paper by Li et al. (2024) introduces DDiffPG, an algorithm that also uses
diffusion policies to learn multimodal policies. In addition to DDiffPG, the au-
thors introduce the diffusion policy gradient method, which, like DIPO, avoids
backpropagating Q-values through the diffusion chain by computing a target ac-
tion atarget ← a + η∇aQ(s, a) and fitting the policy to it. However, unlike DIPO,
DDiffPG retains the original action a and stores the target action atarget alongside
it rather than replacing it. This ensures that the transitions remain consistent with
the MDP dynamics and the reward function when used for Q-learning. Building
on this approach, the DDiffPG algorithm, depicted in Figure II.7, consists of four
main stages, which are described below.

Stage 1 In the first stage, the agent interacts with the environment and collects
trajectories, choosing actions and thereby exploring the state space. To encourage
exploration, the method maintains an exploratory mode that is trained using
intrinsic motivation. The intrinsic reward is based on the difference in novelty
between the state before and after a transition and is given as rint(s, a, s′) =
max(novelty(s′)− α · novelty(s), 0). During interaction, the agent generates trajec-
tories that contain states, actions, and the corresponding transition rewards. The
resulting trajectories are then used for subsequent mode discovery and mode-specific
learning.

Stage 2 In the second stage, the goal-reaching trajectories generated in the first
stage are grouped into clusters, where each cluster will serve as one behavior
mode. The applied clustering approach is hierarchical clustering in which each
trajectory initially forms its own cluster. Clusters are then merged step by step
based on a distance matrix computed using the DTW metric and a given threshold.
Importantly, before computing the DTW distances, trajectories are represented as
sequences of 2D coordinates. This implies a reliance on the expressiveness of the
2D coordinates in the underlying environment.

12



II.8. Safety Gymnasium

Figure II.7.: DDiffPG algorithm (image source: Learning Multimodal Behaviors
from Scratch with Diffusion Policy Gradient (Li et al., 2024)).

Stage 3 Each mode created in the second stage gets its own mode-specific Q-
function, which is now trained in the third stage of the algorithm. Every Q-function
is updated using the transitions (s, a, r, s′) from the mode/cluster to which it belongs.
In addition to the mode-specific Q-functions, there is another one serving as an
exploration mode. This exploration Q-function is trained on transitions collected
from all modes together with the intrinsic reward. It ensures that exploration
is decoupled from exploitation and the agent can go on exploring after already
having found a goal. Having mode-specific Q-functions not only ensures ongoing
exploration but also ensures the pursuit and preservation of rather suboptimal
modes. It prevents the policy from collapsing into a single mode. In this stage, the
algorithm creates multimodal data batches containing successful and unsuccessful
trajectories from all different modes.

Stage 4 Stage four performs the policy update step using the multimodal data
batches created in stage three. Those data batches contain states together with the
corresponding target action, computed via the diffusion policy gradient. The policy
is updated with the behavioral cloning (BC) (Li et al., 2024) objective. During the
policy update, Li et al. (2024) attach a latent variable to the state, which serves
as a unique identifier. By setting or masking the latent variable, one can either
explicitly control a selected mode or let the agent choose freely.

8. Safety Gymnasium
Safety Gymnasium is a safe RL environment presented in the paper by Ji et al.
(2023). In this environment, agents try to solve different navigation tasks while still
satisfying safety constraints. The environment offers a wide variety of navigation
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(a) Hazards (b) Pillars (c) Sigwalls

Figure II.8.: Safety Gymnasium environments.

tasks, presenting different obstacles to learning. For example, Figure II.8a shows
circular purple zones that the agent should avoid traversing. Crossing these hazards
incurs a fixed cost. Figure II.8b shows obstacles that are solid and cannot be passed
by the agent. These obstacles can completely block certain paths, meaning that
the agent has to navigate around them. In Figure II.8c, we can see two transparent
walls limiting the agent’s space. These sigwalls can be generated to create a smaller
subspace within the environment in which the agent can move safely. If it crosses
the border and moves outside of these restrictions, it is penalized with a cost.
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Methodology

1. Reproduction of Original DDiffPG Experiments
We used the original implementation by the authors available online1 to reproduce
the experiments. Unfortunately, we were not able to reproduce the exact experiment
results mentioned in the paper using the specified hyperparameters. To clarify
these discrepancies, we contacted the authors 2. The detailed results can be seen
in Section IV.3.1.

2. Adapting DDiffPG to Safety Gymnasium
A major drawback of the existing DDiffPG algorithm is that it directly works on
the agent’s (x, y)-coordinates to calculate the distances between the trajectories
for clustering. In the AntMaze environment, these coordinates can be extracted
from the state representation, making them suitable for differentiating between
trajectories. However, this is not necessarily the case in other environments.
Furthermore, it is not trivial to determine which features are best suited to
distinguish between modes in different environments. To demonstrate this limitation
and investigate the applicability of DDiffPG to a different environment, we also
adapted the code to work with Safety Gymnasium. For this purpose, we manually
extracted the coordinates from the environment after each step. This approach

1https://github.com/supersglzc/ddiffpg
2This is not expected to significantly affect the proposed work. In our experiments, the state

coverage plots consistently reported lower values than those presented in the original paper;
however, the corresponding state coverage maps appeared visually identical to those reported
by the authors, suggesting that the discrepancy may be caused by differences in the plotting
functions rather than the underlying experiments. We also encountered a minor rounding
error that eventually caused training to crash. The authors provided us with the original
dependency versions, noting that the rounding error could be caused by a version mismatch
in PyTorch.
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cannot be applied in general, as different environments represent and handle
coordinates differently. Therefore, DDiffPG is not directly applicable to arbitrary
environments.

A second limitation resulting from the reliance of DDiffPG on (x, y)-coordinates
as the complete state representation for distance calculation is the inability to
distinguish between safe and unsafe states. In the AntMaze environment, this does
not pose a problem because the agent cannot experience unsafe behavior. In Safety
Gymnasium, on the other hand, the agent receives a cost after each step that
indicates how safe the chosen action is. This information is completely lost when
applying the adapted version of DDiffPG state clustering to Safety Gymnasium.

Additionally, the threshold chosen for clustering in DDiffPG is tuned specifically
for each AntMaze environment. Therefore, keeping the default threshold also
poses a problem when applying the algorithm to a different environment. We
also tried different adaptive thresholds, such as percentile-based thresholds, to
make the threshold independent of the environment. However, these were also not
applicable to Safety Gymnasium, as the resulting thresholds are not suitable for
the environment. Therefore, they have to be replaced by the same threshold that
is also used for the proposed Latent DDiffPG method described in the following
section.

3. Proposed Latent DDiffPG Method
Our proposed extension to the DDiffPG algorithm introduces a flexible latent
embedding module that can incorporate different representation learning methods,
such as ICM, EMI or CTEC. Concretely, we introduce two encoder networks: a
frozen encoder ϕfrozen and a trainable encoder ϕtrain, both mapping environment
states s to latent embeddings. The trainable network is updated jointly with
the Q-functions during the agent’s gradient-based updates performed on each
training iteration. In contrast, the frozen encoder is not updated regularly by
gradient descent. To keep the latent representations stable while still allowing for
improvements over time, the weights of the trainable network are copied to the
frozen encoder at fixed intervals controlled by a hyperparameter.

The second major code modification directly impacts the clustering stage. In the
original implementation, clustering is performed on 2D coordinates extracted from
the state. In our implementation, this step is replaced by a latent representation
lookup. Specifically, instead of extracting (x, y) from the environment state, s is
passed through the frozen encoder to obtain a latent vector ϕfrozen(s), which is then
used as input to the distance function for clustering. We also modify the clustering
function by changing the criterion option from distance to maxclust. Previously,
the clustering function received a fixed threshold value and cut the dendrogram
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at this particular point. If no threshold is specified, the original implementation
automatically calculates one as 0.7 times the maximum linkage distance. With the
maxclust criterion, the threshold is instead determined automatically such that the
resulting clustering contains no more clusters than the specified value. This reduces
the risk of the number of clusters becoming excessively large due to a poorly chosen
threshold.

Apart from these modifications, the remaining components of DDiffPG are left
unchanged.

4. Offline and Online Embedding Training
Before applying the proposed modifications in the online RL setting, we first trained
and evaluated the embeddings offline. For this purpose, we used a pretrained
policy from the original DDiffPG algorithm and executed all its individual modes,
generating 1000 trajectories per mode. Based on these generated trajectories, we
trained different embedding networks with different hyperparameter configurations.
The resulting latent representations were then used to perform clustering to evaluate
the learned embeddings. This allowed us to identify suitable network configurations
that could be used for the online policy training.

In a first stage of online training, the selected pretrained embedding network was
used together with the RL policy. Finally, the embedding network was no longer
fixed, but was trained jointly with the RL policy, as described in Section III.3. This
allows the embedding to adapt to the representations learned during the policy
training.

5. Cost Integration
Initially, the cost generated by the environment was added as a negative reward,
completely excluding the signal from the clustering process. As a result, the
embedding did not have information on whether a state transition was safe or
unsafe. To make the embedding aware of the cost, we introduced an additional
cost-related signal. For ICM and EMI, this was done using an auxiliary network,
while for CTEC the cost information was incorporated directly into the contrastive
loss.

In ICM and EMI, we introduced a small NN with an input size of twice the
embedding size and a hidden layer of size 32, which outputs a one-dimensional
value. The cost network receives the embeddings ϕ(st) and ϕ(st+1) of the current
state and the next state. Based on these embeddings, the network predicts the
cost associated with the transition. The prediction error (cost loss) of this cost
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network is calculated using the cross-entropy loss, as the cost is a binary value of
either zero or one. The resulting training loss is a weighted combination of the
representation-learning loss and the cost loss, given for ICM by

β · fw_loss + (1− β) · inv_loss + wcost · cost_loss

and for EMI by

pred_loss + λerr · error_loss + λinfo · Linfo + wcost · cost_loss.

As the new loss is backpropagated, the embedding network also receives gradients
from the cost prediction. Therefore, it is encouraged to retain the information
needed to correctly predict the costs. This should allow the representation to
distinguish between transitions with different costs.

For CTEC, the cost information was incorporated directly into the contrastive
learning objective. The InfoNCE loss is extended with a cost-dependent weighting
term, which gives samples with lower cost a greater influence on the contrastive
learning process. The original CTEC loss is given by

LCTEC = − 1
N

N∑︂
i=1

log(pi).

To incorporate the cost signal, this loss is extended to

Lcost
CTEC = − 1

N

N∑︂
i=1

wcost,i · log(pi),

where the cost weight for sample i is defined as

wcost,i = e−α·ci ,

with ci denoting the cost of sample i and α a hyperparameter controlling the
influence of the cost. Since the cost is binary, a transition with ci = 0 receives a
weight of one, while a transition with ci = 1 receives a lower weight of e−α. Thus,
lower-cost transitions contribute more strongly to the contrastive learning objective.
During backpropagation, this weighting directly scales the gradient contributed by
each transition. No separate cost-prediction network is introduced. In this way,
the cost signal directly influences learning and encourages the network to prioritize
the information from lower-cost transitions and, therefore, safer experiences.
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Empirical Evaluation

In order to compare the original DDiffPG and our Latent DDiffPG algorithm,
we ran experiments on two sets of environments: the AntMaze environment,
which was used to evaluate the algorithm in the original paper, and the Safety
Gymnasium environments, which we introduced to include the safety aspect and
test transferability. The experiments were conducted both offline and online to find
the most suitable embedding network that can solve the task most reliably. We
compare the algorithms with respect to their return, stability, and mode separation
ability.

1. Environment Setup
AntMaze The AntMaze environment (Figures IV.1a and IV.1b) serves as the
main comparison benchmark in the original paper by Li et al. (2024). It provides a
high-dimensional and continuous control task. The goal is to control the leg joints
of the ant to reach the goal position. It offers multiple possible solutions with
multiple goals or different ways of solving the task (Figures IV.2a and IV.2b).

Safety Gymnasium Pillars The Safety Gymnasium Pillars environment (Fig-
ure IV.1c) is a custom Safety Gymnasium environment. It contains three pillar
obstacles, which are cylindrical, solid obstacles that the agent has to navigate
around, placed in a line between the start and the goal. The agent can choose
between four different modes to reach the goal: Mode 1 passes below the obstacles,
Modes 2 and 3 pass through the two passages between them, and Mode 4 passes
above the obstacles (Figure IV.2c). These distinct routes make the environment
suitable for evaluating the algorithm’s ability to find and separate different modes.

Safety Gymnasium Hazards Following the same layout as Safety Gymnasium
Pillars, this environment (Figure IV.1d) uses identical placement of the start,
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goal, and obstacles. Instead of pillars, it uses hazards, which are cylindrical, non-
solid obstacles. In contrast to pillars, the agent can pass through those obstacles,
resulting in a cost for the corresponding transition. This environment is used
to evaluate the algorithm’s ability to estimate the costs associated with different
modes.

Safety Gymnasium Wall In this environment (Figure IV.1e), a different obstacle
layout is used. It consists of pillars that intersect in a way that makes passing
between them impossible, creating a larger wall between the start and the goal.
This provides the agent with only two valid modes for reaching the goal, resulting
in more spatially separable transitions. Mode 1 passes below the wall and Mode 2
passes above (Figure IV.2d).

Safety Gymnasium Random Pillars In the Safety Gymnasium Random Pillars
(Figure IV.1f) environment, the distance between the start and the goal increases.
Five randomly placed pillars are positioned between the start and the goal, offering
the agent multiple paths to reach the goal. This environment tests the agent’s
ability to explore different solutions and also keep them separate.

2. Hyperparameters and Training Setup
Offline Training We generated a set of trajectories by executing a policy trained
with the original DDiffPG, covering a wide variety of states. ICM, EMI, and
CTEC were then trained offline on the same set of trajectories for 25 epochs. The
embeddings were initially trained using the standard hyperparameters reported in
the respective papers. We additionally experimented with selected hyperparameters
where the default settings did not provide suitable results. These parameters were
selected manually over a small range. In the offline stage, we only used the Safety
Gymnasium Pillars and AntMaze environments to provide consistent evaluation
environments to compare the different approaches. The main purpose of the offline
experiments was to investigate which features the different embeddings focus on
and how this applies to our use case. We also compared the performance of the
different embeddings in the named environment. Based on these results, suitable
combinations of networks and parameters were chosen for the following experiments.

Online Training In this stage of the experiments, we used the findings from the
offline training stage to evaluate the most promising configurations in the different
environments. Each selected network was trained in one of the environments
described in Section IV.1 using ten different seeds. This stage was used to evaluate
the performance of the selected configurations in the online training and to compare
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(a) AntMaze-v1 (b) AntMaze-v4

(c) Pillars (d) Hazards

(e) Wall (f) Random Pillars

Figure IV.1.: Environments used in the experiments.
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Figure IV.2.: Predefined behavior modes.
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their ability to solve the task with that of the original algorithm. The multiple
seeds allow for a more reliable assessment of the results.

3. Standard DDiffPG Results
In the following experiments, a behavior mode is considered successfully separated
if trajectories moving substantially differently through space are assigned to distinct
clusters. Here, substantially different refers to trajectories following different paths
to the goal or exploring different regions of the environment, whereas trajectories
following similar paths or exploring similar regions should be assigned to the same
cluster.

3.1. Reproduction of DDiffPG Results
Li et al. (2024) evaluate their approach on four AntMaze tasks and four robotic
control tasks, comparing to DIPO (Yang et al., 2023), Diffusion-QL (Wang et al.,
2022), SAC (Haarnoja et al., 2018) and RPG (Huang et al., 2023). All of those
tasks are high-dimensional control tasks. The experiments show that DDiffPG
achieves performance comparable to the baselines in terms of both return and
state coverage, while having the advantage of discovering and mastering multiple
modes. SAC, RPG, Diffusion-QL and DIPO (the latter two are diffusion-based
approaches) collapse to one mode at a certain point. However, DDiffPG is capable
of detecting multiple paths through the maze and even keeping the suboptimal
ones. The method achieves a comparable return to the other algorithms due to its
mode balancing ability.

When recreating the original results from Li et al. (2024), we found that the
state coverage from our experimental runs, which can be seen in Figure IV.3,
is consistently lower than the reported state coverage across all four AntMaze
environments. Interestingly, the result is the same when running the baseline DIPO.
Since these results originate from the authors’ unchanged code, we contacted them
for clarification. The details can be seen in Section III.1. In terms of mode discovery
and separation, the results are consistent with the figures in the paper.

3.2. Standard DDiffPG on Safety Gymnasium
In the Safety Gymnasium Pillars environment, the original algorithm fails when
no clustering threshold is specified, and a threshold is calculated automatically
based on the linkage distances. The number of resulting clusters either grows
rapidly, reaching approximately 500 modes, or the clustering collapses completely,
merging all clusters into a single cluster. The original code fixes a threshold for
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Figure IV.3.: State coverage of DDiffPG and DIPO on AntMaze, from our repro-
duced experiments.

the different AntMaze tasks, but these thresholds are not applicable in Safety
Gymnasium due to the different scales of the state values. We experimented with
different thresholds and found that a value of 15.0 was able to keep the number
of clusters in a reasonable range. However, this tuned threshold is again fixed
for the specific custom environment. Therefore, for the following experiments, we
decided to apply a different thresholding method (maxclust), as already described
in Section III.3.

The experiments show that the original DDiffPG is able to find the goal for all ten
seeds in the Safety Gymnasium Pillars environment. This is reflected in the positive
rewards achieved by all seeds towards the end of training, as shown in Figure IV.4.
However, it is not able to consistently find and clearly separate expected behavior
modes. In all runs, the agent commits to one mode toward the goal and does
not retain additional goal-reaching modes, as can be seen in Figure IV.5c. Thus,
in contrast to the results reported in the original paper for AntMaze, DDiffPG
collapses to a single goal-reaching mode before the end of training.

In Section IV.1, we define four distinct modes in the Safety Gymnasium Pillars
environment, which can be seen in Figure IV.2c. Table IV.4 shows how many seeds
discover each of these predefined modes and whether the corresponding trajectories
reach the goal.

At the beginning of the training runs, we observe that, for some seeds, the
algorithm is able to separate trajectories belonging to different behavior modes,
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Figure IV.4.: Return of DDiffPG on the Safety Gymnasium Pillars environment.

while on others it fails to provide any meaningful clustering. Three snapshots from
one run are shown in Figure IV.5. After 200,000 steps (Figure IV.5a), the algorithm
explores multiple paths but fails to keep them separated. Later in the same
run, at 700,000 steps (Figure IV.5b), the algorithm discards all the goal-reaching
trajectories that do not pass through the center and only separates trajectories
going in substantially different directions. The final snapshot at 1.5 million steps
(Figure IV.5c) shows that the agent remains committed to this single mode. The
algorithm appears to be able to separate trajectories that differ substantially in
length or direction, but struggles to distinguish trajectories that are spatially similar
while following different paths around an obstacle. In Figure IV.6, we can see
another example of the algorithm being able to separate the trajectories in different
locations but not keeping separate goal-reaching modes.

4. Latent DDiffPG Results
4.1. Offline Latent DDiffPG
During offline training, we observe that CTEC has the most success encoding
coordinate information, whereas ICM and EMI have difficulty preserving this
information. This may stem from the fact that ICM and EMI train their encoder
using only one transition at a time, focusing on the result of an action taken between
a particular state st and its direct successor st+1. While ICM aims to preserve the
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(a) 200k steps (b) 700k steps (c) 1.5 million steps

Figure IV.5.: Behavior modes discovered by DDiffPG on Safety Gymnasium Pillars
(run 5).

information influencing the agent’s action choice, EMI tries to maximize the mutual
information between the two states. In both cases, the coordinate information
appears to be discarded, as it seems to be irrelevant for making immediate action
decisions. CTEC, on the other hand, focuses on preserving temporal structure by
sampling a future state that does not necessarily have to be a direct successor of st.
As a result, CTEC observes meaningful changes in the coordinates over the course
of a trajectory, encouraging it to preserve this information.

To evaluate how well the coordinate information is encoded, we train a linear
probe and an MLP probe to predict the (x, y)-coordinates from a given state
embedding. As shown in Table IV.1, CTEC encodes the coordinates in the most
accessible manner compared to ICM and EMI, as indicated by its lower mean
squared error (MSE) and very high R2 scores, particularly for the MLP probe.

Table IV.1.: Coordinate prediction performance of the three state embeddings using
linear and MLP probes.

Linear Probe MLP Probe
Embedding MSE R2

x R2
y MSE R2

x R2
y

ICM 33.9 0.006 0.007 21.7 0.43 0.25
EMI 31.2 0.12 0.03 20.4 0.46 0.29
CTEC 4.7 0.87 0.84 0.03 0.99 0.99

Another interesting observation is made by comparing different trajectories em-
bedded in the respective latent space using principal component analysis (PCA).
For ICM, trajectories from AntMaze (Figure IV.7a) and Safety Gymnasium (Fig-
ure IV.8a) do not exhibit any clear structure. They mostly collapse or spread
randomly through the latent space, making it difficult to infer meaningful patterns.
EMI trajectories from AntMaze, on the other hand, exhibit a circular structure
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Figure IV.6.: Behavior modes discovered by DDiffPG on Safety Gymnasium Pillars
(run 6).

(Figure IV.7b), while the trajectories from Safety Gymnasium (Figure IV.8b) again
show no clear structure. The circular structure observed in AntMaze could be
explained by the fact that the original state mainly contains joint angles, which may
lead the network to capture the ant’s circular movements throughout a trajectory.
In Safety Gymnasium, however, the different state representation appears to result
in a collapse of the trajectory once again.

CTEC is the only embedding method in which the trajectories exhibit a structure
that reflects their actual progression through the state space. In both AntMaze
(Figure IV.7c) and Safety Gymnasium (Figure IV.8c), the embeddings form distinct
paths through the latent space that correspond to the progression of the trajectories.
This seems to be influenced by the fact that CTEC is able to preserve the progression
of trajectories, in contrast to ICM and EMI, which focus only on individual
transitions.

Evaluating the embeddings trained offline showed that CTEC is able to identify
distinct clusters corresponding to different behavior modes, whereas ICM and EMI
mainly collapse all trajectories into a single large cluster. As shown in Figure IV.9,
CTEC distinguishes multiple modes, while EMI collapses them into one large mode.
CTEC groups all goal-reaching trajectories, while also separating trajectories that
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(a) ICM (b) EMI (c) CTEC

Figure IV.7.: Trajectories of Latent DDiffPG in the AntMaze-v4 environment,
projected into 2D using PCA.

(a) ICM (b) EMI (c) CTEC

Figure IV.8.: Trajectories of Latent DDiffPG in the Safety Gymnasium Pillars
environment, projected into 2D using PCA.

move through different regions of the state space. The results for ICM are similar
to those for EMI.

These findings from the offline setting motivate us to continue the online experi-
ments primarily using the CTEC embedding.

4.2. Online Latent DDiffPG on AntMaze
We evaluate our latent extension using the CTEC network in two of the benchmark
environments that the paper by Li et al. (2024) uses: AntMaze-v1 and AntMaze-v4.
In AntMaze-v1, every run is able to find the goal and receive a similar return to the
original algorithm (Figure IV.10a). The latent algorithm is able to separate the two
modes in 8 out of 10 seeds. Table IV.2 shows how many of the 10 seeds discover a
predefined mode. Mode 1 corresponds to the path above the wall, while Mode 2
corresponds to the path below it (Figure IV.2a). However, this separation occurred
relatively early in training, as shown in Figure IV.11a, and the algorithm is not
able to preserve the expected clusters throughout the remainder of the training.

28



IV.4. Latent DDiffPG Results

(a) EMI (b) CTEC

Figure IV.9.: Resulting clusters of trajectories on AntMaze-v4, obtained by applying
hierarchical clustering to EMI and CTEC representations, following
the approach used in Latent DDiffPG.

After some time, the separated clusters consistently collapse into one, which can be
seen in Figure IV.11b. One possible reason for this is that, after the embedding is
updated, the algorithm recalculates all the distances. These distances can change
substantially with the new embedding, potentially leading to a collapse if the
embedding loses important information. A second possible explanation is that the
trajectory structure changes over time, as the agent discovers differently shaped
paths that can no longer be separated by the current threshold.

Table IV.2.: Number of seeds (out of 10) discovering each mode on AntMaze-v1
when running Latent DDiffPG CTEC, shown both at the final training
step and at any point during training.

Mode Final Training Step During Training
Mode 1 only 3 1
Mode 2 only 1 0
Mode 1 and 2, separated 0 8
Mode 1 and 2, merged 6 1

In AntMaze-v4, we observe similar results. The latent algorithm achieves a
comparable return to the original algorithm in this environment (Figure IV.10b).
At the beginning, the algorithm is able to separate the different modes it explores
(Figure IV.12a). However, as training progresses, it consistently merges the sep-
arated modes or completely discards modes that had previously been discovered
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Figure IV.10.: Return over training steps for original DDiffPG and Latent DDiffPG
CTEC on AntMaze-v1 and AntMaze-v4

(Figure IV.12b). For AntMaze-v4, we also define eight distinct behavior modes.
Modes 1-4 pass above the first wall, while Modes 5-8 pass below it. Modes 1 and
2 reach the upper goal, with one passing above and the other below the second
obstacle, while Modes 3 and 4 follow the same structure to reach the lower goal.
Modes 5-8 are defined following the same pattern (Figure IV.2b). Table IV.3 shows
how many of the 10 seeds discover each mode. Modes 4 and 5 are never discovered,
as they present behaviors that are also not retained by the original algorithm.

Table IV.3.: Number of seeds (out of 10) discovering each mode on AntMaze-v4
when running Latent DDiffPG CTEC, shown both at the final training
step and at any point during training.

Mode Final training step During Training
1 2 3
2 3 5
3 1 3
6 3 6
7 0 2
8 5 6

4.3. Online Latent DDiffPG on Safety Gymnasium
Safety Gymnasium Pillars Latent DDiffPG in combination with ICM’s embedding
network has difficulty finding useful cluster assignments across all ten seeds. It
mostly commits to a single mode towards the goal and clusters all trajectories
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(a) 250k steps (b) 2.6 million steps

Figure IV.11.: Behavior modes discovered by Latent DDiffPG CTEC on AntMaze-
v1 (run 10).

(a) 1.2 million steps (b) 2.2 million steps

Figure IV.12.: Behavior modes discovered by Latent DDiffPG CTEC on AntMaze-
v4 (run 10).

together. The additional clusters do not provide any meaningful separation, as
can be seen in Figure IV.13. This behavior remains mostly unchanged throughout
training without any clear improvement over the later steps. ICM does not encode
coordinate information in an accessible manner, as we have already established
from the results in Table IV.1. This missing information makes it difficult for
the clustering algorithm to distinguish trajectories moving through different parts
of the state space. Instead, the network mainly encodes information relevant to
the agent’s action decisions, which does not provide a suitable basis for clustering
trajectories according to their location in the state space.

Using EMI as the embedding network already improves the results, leading to
more meaningful cluster assignments. Although EMI is unable to consistently
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(a) 500k steps (b) 1.5 million steps

Figure IV.13.: Behavior modes discovered by Latent DDiffPG ICM on Safety Gym-
nasium Pillars (run 4).

(a) 250k steps (b) 500k steps (c) 1.5 million steps

Figure IV.14.: Behavior modes discovered by Latent DDiffPG EMI on Safety Gym-
nasium Pillars (run 9).

identify goal-reaching modes, it is able to separate the trajectories more clearly
than ICM. As shown in Figure IV.14, EMI is able to separate trajectories with
larger differences, distinguishing between goal-reaching trajectories and trajectories
moving to the right or the left from the start. Thus, compared to ICM, EMI
provides a latent representation in which DDiffPG is able to find a greater diversity
of behavior modes.

In online experiments, CTEC generally produces results similar to EMI and is able
to distinguish between trajectories with larger behavioral differences. Regarding
our predefined modes, Table IV.4 shows how many of the 10 seeds commit to
each goal-reaching mode. CTEC primarily commits to a single mode and only
differentiates between groups of trajectories with substantial differences, rather than
preserving distinct but behaviorally similar goal-reaching modes. This behavior is
consistent with the mode collapse observed in the original DDiffPG experiments
in Safety Gymnasium. However, for one seed, it comes closest to identifying and
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(a) 250k steps (b) 600k steps (c) 1.5 million steps

Figure IV.15.: Behavior modes discovered by Latent DDiffPG CTEC on Safety
Gymnasium Pillars (run 6).

maintaining two separate goal-reaching modes. In Figure IV.15b, it identifies several
trajectories at the top right of the obstacle as a separate mode and continues to
assign additional trajectories to this mode. At the end of training (Figure IV.15c),
the clustering is close to establishing two distinct behavior modes, which neither
ICM, EMI, nor the original DDiffPG is able to achieve over the course of ten seeds.

Table IV.4.: Number of seeds (out of 10) discovering each mode for Latent DDiffPG
CTEC and original DDiffPG on Safety Gymnasium Pillars. A mode is
categorized as goal-reaching if the majority of its trajectories terminate
in the goal state, and non-goal-reaching otherwise.

Latent DDiffPG CTEC Original DDiffPG
Mode goal-reaching non-goal-reaching goal-reaching non-goal-reaching
1 0 3 0 4
2 3 1 5 0
3 8 0 4 0
4 1 1 2 2

Safety Gymnasium Wall In the Safety Gymnasium Wall environment, Latent
DDiffPG with CTEC is also able to separate clusters that can be identified as
different behavior modes (Figure IV.2d) in most of the ten seeds. In this environ-
ment, the algorithm has the possibility of finding two behavior modes reaching
the goal that are spatially more distant than the modes in Safety Gymnasium
Pillars. Table IV.5 shows how many seeds maintain each mode. It shows that
three out of the ten seeds are unable to separate the two modes, while an equal
number successfully maintains both distinct goal-reaching modes until the end of
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(a) 650k steps (run 4) (b) 1.5 million steps (run 10)

Figure IV.16.: Behavior modes discovered by Latent DDiffPG CTEC on Safety
Gymnasium Wall.

training. The remaining four seeds commit to one of the two modes. Figure IV.16b
shows that the algorithm is able to separate the two goal-reaching modes, going
around either the left or right side of the obstacle. Figure IV.16a shows how the
algorithm again identifies trajectories going to the left (blue cluster), moving to
the right towards the goal (yellow cluster), circling around the goal (gray cluster),
and remaining in front of the obstacle (green cluster).

Table IV.5.: Number of seeds (out of 10) discovering each mode for Latent DDiffPG
CTEC on Safety Gymnasium Wall. A mode is categorized as goal-
reaching if the majority of its trajectories terminate in the goal state.

Mode goal-reaching
Mode 1 only 1
Mode 2 only 3
Mode 1 and 2, separated 3
Mode 1 and 2, merged 3

Safety Gymnasium Random Pillars In this environment, the algorithm has
difficulty identifying and preserving multiple goal-reaching modes. Mostly it sticks
to a single mode through the obstacles and assigns the remaining trajectories
to different clusters. Figure IV.17 shows the progression of the training for one
seed. We can see that the algorithm is able to roughly separate the trajectories
based on their direction and position in the space. Particularly during the early
exploration stages of the training, the algorithm is unable to distinguish the
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IV.5. Cost-aware Latent DDiffPG Results

(a) 100k steps (b) 500k steps (c) 1.5 million steps

Figure IV.17.: Behavior modes discovered by Latent DDiffPG CTEC on Safety
Gymnasium Random Pillars (run 1).

different paths around the obstacles, leading it to discard many of them. This
makes it more difficult to establish and maintain multiple goal-reaching modes.
One possible explanation for this mode collapse in the Safety Gymnasium Random
Pillars environment is the chosen threshold and the distance calculation. In this
environment, trajectories that pass an obstacle on different sides can still share a
large portion of their paths. As a result, the distance between them may remain
relatively small because they intersect for a considerable amount of time. Our
chosen threshold may therefore not be sensitive enough to distinguish between such
trajectories.

5. Cost-aware Latent DDiffPG Results
The experiments applying Latent DDiffPG in the Safety Gymnasium Hazards
environment show that the cost integration described in Section III.5 does not
improve the separation of trajectories based on their safety. The algorithm is again
able to separate modes based on trajectories’ locations in space, but it is unable to
distinguish between trajectories that pass a hazard and those that do not. This
is the case for both latent methods working with the cost: the method using the
cost weight in the contrastive loss and the one using the additional cost network.
In Figure IV.18, we can see that the algorithm is able to reach the goal and separate
the trajectories into different modes, but not to distinguish these modes based on
their cost. One possible reason for this is that weighting the transitions according
to their cost is not sufficient to encode meaningful differences. The resulting signal
may be too weak to have a meaningful impact on the embedding network. Original
DDiffPG is also unable to separate trajectories based on their cost and, in most
cases, does not provide meaningful cluster assignments. Addressing this issue with
the cost signal is therefore left for future work.
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Figure IV.18.: Behavior modes discovered by Latent DDiffPG CTEC COST on
Safety Gymnasium Hazards (run 4).
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6. Discussion
Overall, the results show that Latent DDiffPG has difficulty preserving the different
behavior modes. In AntMaze environments, the algorithm can successfully identify
different modes; however, these modes are often merged or discarded as training
progresses. As discussed in the previous section, this behavior may be explained by
the changing embedding dynamics and our choice of threshold. Similar behavior
is observed in the Safety Gymnasium environments. Importantly, this limitation
is not unique to the latent extension, as the original DDiffPG also struggles to
maintain multiple goal-reaching modes. This suggests that the observed mode
collapse may relate to the underlying clustering mechanism or its hyperparameters
rather than solely to the choice of the state representation.

Furthermore, the results indicate that the choice of the embedding network has
substantial influence on the quality of the discovered clusters. CTEC provides better
reconstruction of the coordinates than ICM and EMI and produces a latent space in
which the trajectories retain a structure that corresponds to their movement through
the environment. EMI may preserve more of how the ant’s joints move, which
could explain the rather circular structure of a trajectory in the embedding space,
while CTEC aims to preserve more of the temporal structure, helping the latent
space to keep information about progression through the environment. This finding
is also reflected in the online experiments, where CTEC comes closest to producing
and preserving multiple meaningful behavior modes in some runs. However, CTEC
is still unable to consistently preserve these modes in all environments and seeds.
Thus, while the CTEC-based extension shows promising results for behavior mode
discovery, it does not fully overcome the observed mode discovery and preservation
limitations.
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Chapter V.

Limitations, Future Work &
Conclusion

1. Limitations
1.1. Clustering Threshold
One major limitation is the sensitivity of clustering to the chosen threshold. In
the original algorithm, the authors decide to use tuned thresholds for some of the
environments to ensure stable clustering. Our experiments show that the dynamic
threshold available in the original algorithm, which calculates the threshold based on
the actual linkage distances, also fails to clearly separate different trajectories based
on their distances. Furthermore, when using different latent dimensions or training
in different environments, a single fixed threshold is unlikely to be suitable across all
settings. Therefore, the choice of the clustering method, together with its threshold,
can have a major impact on the resulting cluster assignments. The sensitivity
makes it difficult to determine whether the difference in the clustering performance
results from the quality of the state representation or the clustering configurations
themselves. One possible solution could be to use a dynamic, normalized threshold
for a suitable embedding rather than restricting the maximum number of clusters,
as we do in our experiments.

1.2. Embedding Network
Choosing a suitable embedding network also presents a challenge. It is important
to find a network that preserves the information required for trajectory clustering
from the original state. In our experiments, we observe that the ICM embedding
network is unable to encode the information needed to find distinct behavior modes.

Another challenge arises from continuous updates of the embeddings during
training. At the beginning of the training, the embedding network is essentially
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random and therefore does not produce useful state embeddings. This can influence
the early clustering process and can lead to undesirable cluster assignments in the
early stages of training.

1.3. Computational Cost of DTW
Using DTW to calculate the distance between the trajectories can greatly slow
down the training when switching to the latent extension. In the original DDiffPG
algorithm, DTW is very useful because of its ability to compare trajectories with
unequal length. In the original setting, each state has a dimension of two, making
DTW calculations relatively inexpensive. However, when switching to the latent
extension, DTW needs to operate on trajectories consisting of latent states with
increased dimensionality. To encode enough information, latent embeddings some-
times require larger dimensions, which can significantly increase the computational
runtime cost of DTW. For our experiments, we increase the latent space dimension
to 64. On average, each of the ten runs requires 67 hours to complete training on
AntMaze-v1, compared to around six hours for the original algorithm to train for
the same number of steps.

Another issue arises from continuous updates of the embedding network. After
every embedding update, the previously calculated trajectory distances can no
longer be used, as they are computed in the outdated latent space. Since the
updated embeddings change the representations of the states, the old distances
do not reflect the current trajectory distances anymore and therefore need to be
discarded. As a result, the latent extension requires additional distance calculations
throughout the training.

2. Future Work

2.1. Cost Implementation and Clustering Threshold
Due to time constraints, we are not able to ablate different approaches for incor-
porating the cost signal into the embedding. However, switching to the latent
extension offers the possibility of including additional important information, such
as the cost, in the state representation. Therefore, it is a goal for future work
following this thesis to further explore suitable approaches for cost inclusion.

At the moment, the cost is only incorporated on a transition basis by associating
the cost with one particular state, thereby losing information about the cost over
the entire trajectory. The idea of incorporating the cost on a trajectory basis can
therefore be approached together with the trajectory clustering approach explained
in Section V.2.2.
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The same applies to the clustering threshold, which is beyond the scope of this
thesis. During the experiments, we found that this offers several opportunities for
improvement. Building on this thesis, it would be interesting to explore different
approaches for selecting a threshold and improving the clustering method to make
clustering in new environments more stable and to identify more distinct behavior
modes.

2.2. Trajectory Clustering
Having successfully implemented the latent clustering approach using an embedding
network, we plan to extend the project with trajectory clustering. The paper ‘Tra-
jectory Clustering: A Partition-and-Group Framework’ by Lee et al. (2007) offers
an interesting approach worth trying in the future. Incorporating trajectory-level
clustering could identify additional patterns and provide safety-relevant information
that is not observable at the state-level. It would also eliminate the additional
computational overhead introduced by the increased latent space dimensionality
when using DTW.

TRACLUS The paper by Lee et al. (2007) presents a method to group trajectories
based on common subtrajectories. The idea is that the trajectories should belong
to the same cluster if parts of them show similar behavior, even if they diverge after
some point. To achieve this, Lee et al. (2007) divide their method into two stages:
partitioning and grouping. First, they partition the trajectories into line segments
by identifying characteristic points, which are points where the trajectory’s behavior
changes rapidly. The trajectory is then partitioned into line segments between two
consecutive characteristic points. The partitioning step optimizes two properties,
namely preciseness and conciseness. Preciseness states that the difference between
the trajectory and its set of trajectory partitions should be as small as possible,
while conciseness means that the number of trajectory partitions should be minimal.
In the clustering stage, the resulting line segments are grouped using a density-based
clustering method. A representative segment is then selected for each cluster.

3. Conclusion
The original DDiffPG algorithm is not universally applicable in different envi-
ronments due to its reliance on (x, y)-coordinates for trajectory clustering. To
overcome this limitation, we introduced a latent embedding network that trans-
forms the entire state into a latent representation, which can then be used to
calculate trajectory distances for clustering without relying on hand-picked coor-
dinate features. Among the embedding networks evaluated, CTEC showed the
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most promising results, performing at least as well as the original algorithm in
terms of mode separation and goal-reaching success across the Safety Gymnasium
environments. This demonstrates that the Latent DDiffPG algorithm offers the
flexibility of being deployed in environments where 2D coordinates are not readily
accessible or meaningful, making DDiffPG more readily applicable across domains.
However, mode preservation over time remained challenging for both the latent
extension and the original algorithm, indicating that the clustering mechanism
itself, not only the choice of state representation, still limits the ability to reliably
discover and retain multiple behavior modes. While this thesis surfaces several
important insights discussed in the Limitations section, we also outline promising
directions for future research in the preceding chapter.
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Appendix A.

Additional Experiment Results

The figures in the following appendix show additional mode assignment results
across different training seeds, providing further support for the observations and
claims made in Sections IV.3 and IV.4.

1. Behavior Modes Discovered by DDiffPG on Safety
Gymnasium Pillars
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Appendix A. Additional Experiment Results

(a) 1.5 million steps (run 1)

(b) 1.5 million steps (run 2)

(c) 1.5 million steps (run 7)

Figure A.1.: Behavior modes discovered by DDiffPG in three additional training
runs.
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A.2. Behavior Modes Discovered by Latent DDiffPG on Safety Gymnasium Pillars

2. Behavior Modes Discovered by Latent DDiffPG on
Safety Gymnasium Pillars

(a) 1.5 million steps (run 3) (b) 1.5 million steps (run 7)

(c) 1.5 million steps (run 10)

Figure A.2.: Behavior modes discovered by Latent DDiffPG ICM in three additional
training runs.
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(a) 1.5 million steps (run 1)

(b) 1.5 million steps (run 7)

(c) 1.5 million steps (run 10)

Figure A.3.: Behavior modes discovered by Latent DDiffPG EMI in three additional
training runs.
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A.2. Behavior Modes Discovered by Latent DDiffPG on Safety Gymnasium Pillars

(a) 1.5 million steps (run 2)

(b) 1.5 million steps (run 3)

(c) 1.5 million steps (run 5)

Figure A.4.: Behavior modes discovered by Latent DDiffPG CTEC in three addi-
tional training runs.
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3. Behavior Modes Discovered by Latent DDiffPG on
Safety Gymnasium Wall

(a) 1.5 million steps (run 3) (b) 1.5 million steps (run 5)

(c) 1.5 million steps (run 6)

Figure A.5.: Behavior modes discovered by Latent DDiffPG CTEC in three addi-
tional training runs.
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