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Abstract

Reinforcement learning (RL) is a widely-used method for training agents to interact
with an external environment, and is commonly used in fields such as robotics. While
RL has achieved success in several domains, many methods fail to generalise well to
scenarios different from those encountered during training. This is a significant limita-
tion that hinders RL’s real-world applicability. In this work, we consider the problem of
generalising to new transition dynamics, corresponding to cases in which the effects of
the agent’s actions differ; for instance, walking on a slippery vs. rough floor. To address
this problem, we introduce a neural network architecture, the Decision Adapter, which
leverages contextual information to modulate the behaviour of an agent, depending on
the setting it is in. In particular, our method uses the context – information about the
current environment, such as the floor’s friction – to generate the weights of an adapter
module which influences the agent’s actions. This, for instance, allows an agent to act
differently when walking on ice compared to gravel. We theoretically show that our
approach generalises a prior network architecture and empirically demonstrate that it
results in superior generalisation performance compared to previous approaches in sev-
eral environments. Furthermore, we show that our method can be applied to multiple
RL algorithms, making it a widely-applicable approach to improve generalisation.
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Chapter 1

Introduction

Reinforcement learning (RL) is a powerful tool, and has displayed recent success in as
disparate fields as Atari games (Mnih et al. 2013), chess (Silver et al. 2017), robotics
(Akkaya et al. 2019) and Starcraft (Vinyals et al. 2019). However, despite its potential,
RL faces a significant challenge: generalisation. Current agents and algorithms struggle
to perform well beyond the narrow settings in which they were trained (Zhang et al.
2018a; Cobbe et al. 2019; Kirk et al. 2023), which is a major limitation that hinders the
practical application of RL. For RL algorithms to be effective in real-world scenarios,
they must be capable of adapting to changes in the environment and performing well
in settings that are different, but related, to those they trained on (Kirk et al. 2023).

To illustrate this point, consider a legged robot trained to walk on a tiled floor. While the
agent would perform well in these conditions, it will likely struggle in other reasonable
settings, such as walking on asphalt or when carrying cargo. When walking on another
surface, the friction characteristics would differ from what the robot trained on, which
may cause it to slip. When carrying additional weight, the robot is effectively heavier,
with a potentially different center of mass. This may mean that the robot must exert
more force to lift its legs or be more careful to prevent falling over compared to not
carrying anything. This limitation is far from ideal; we want our agents to excel in
tasks with minor differences in dynamics (the effect of the agent’s actions) without
requiring additional training.

To address this problem, several approaches have been proposed, including training a
single agent in various settings in the hope that it learns a generalisable and robust
behaviour (Pinto et al. 2017; Akkaya et al. 2019; Abdullah et al. 2019; Mankowitz et al.
2020; Feng et al. 2022). However, this approach is not without its drawbacks, as it fails
when variations are too large to allow for a single behaviour to perform well in multiple
different environments (Zhou et al. 2019; Benjamins et al. 2022). For instance, using
the same behaviour when walking unencumbered (Figure 1.1a) and under heavy load
(Figure 1.1c) would likely result in suboptimal performance in one or both situations.
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(a) Light (b) Standard (c) Heavy

Figure 1.1: Showing three robots with different masses (corresponding to the context).
This additional mass could correspond to carrying a (a) light, (b) medium or (c) heavy
load.

This observation has led to other methods that instead use contextual information to
choose actions, allowing the agent to adapt its behaviour to the setting it is in. For
instance, if the agent knows when it is walking unencumbered vs. carrying something
heavy, it can perform slightly differently in each case (Yu et al. 2017). This approach
enables the agent to execute the appropriate behaviour in each context, without being
restricted to the same behaviour across different contexts. Moreover, incorporating
context information into decision making can improve the agent’s ability to adapt and
generalise to new and unseen environments (Benjamins et al. 2022). This context
information can be anything that affects the dynamics, such as the friction coefficient
between the robot’s feet and the floor, the incline of the surface it is walking on, its total
mass, etc. (Hallak et al. 2015; Benjamins et al. 2022). This differs conceptually from
the state information, which includes everything the robot observes using its sensors,
such as its joint angles, acceleration, and camera views. This is because context and
state change at different timescales; for instance, the floor friction and additional mass
remain the same for a long time, whereas the robot’s joint angles change after every
single action (Hallak et al. 2015).

Much progress has been made on the problem of obtaining a useful context representa-
tion, and various methods have been proposed to infer context from experience in the
environment (Zhou et al. 2019; Rakelly et al. 2019; Sodhani et al. 2022). Despite this
progress, the question of how exactly contextual information should be used to make
decisions has received less attention. Currently, the predominant approach is to use
context as part of the state information, ignoring the conceptual difference between
these two aspects (Ball et al. 2021; Sodhani et al. 2021, 2022). However, using the
context in this way may lead to the agent confounding the context and state, instead
of learning a decoupled representation that generalises better (Hallak et al. 2015; Ben-
jamins et al. 2022).

To address this problem, we introduce an improved approach to incorporating con-
text into RL that leads to better generalisation performance. Specifically, our method
separates the context and state, allowing the agent to decide how to process the state
information based on the setting it is in, thus modulating its behaviour. Our experimen-
tal results demonstrate the effectiveness of our approach in improving generalisation
compared to other methods. We show that our approach outperforms (1) not incorpo-
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rating context information at all; (2) simply concatenating context and state; and (3)
competitive baselines.

In particular, we make the following contributions:

1. We introduce the Decision Adapter, a neural network architecture that improves
generalisation to new dynamics in reinforcement learning by effectively leverag-
ing external information.

2. We show that our method is agnostic to the exact RL algorithm used, and can be
effectively applied to on- and off-policy algorithms.

3. We demonstrate that this approach exhibits improved generalisation compared to
competitive baselines, due to the effective use of context.

4. We theoretically show that our method is a useful generalisation of a prior net-
work architecture, cGate (Benjamins et al. 2022), and empirically demonstrate
that it outperforms this prior approach.

This dissertation is structured as follows. In Chapter 2, we cover some required back-
ground knowledge, and Chapter 3 discusses relevant research that aims to address
similar questions. We detail our general approach, as well as how it generalises cGate,
in Chapter 4, while our experimental setup and the application of our approach to sev-
eral specific domains are outlined in Chapter 5. Our results are presented in Chapter 6,
and we finally conclude the dissertation and outline potential avenues for future work
in Chapter 7.

3



Chapter 2

Background

In this chapter, we provide some background necessary to understand the problem we
focus on and the workings of our method. In Section 2.1.1, we describe reinforcement
learning in general and discuss some common methods in Sections 2.1.2 and 2.1.3.
We then define the class of problems we consider and broadly discuss generalisation in
Section 2.2. Finally, in Section 2.3, we briefly introduce neural networks, and discuss
two specific architectures that are particularly well suited to adapting to new settings.

2.1 Reinforcement Learning

2.1.1 Markov Decision Processes

Reinforcement learning problems are frequently modelled using a Markov Decision
Process (MDP) (Bellman 1957; Puterman and Feinberg 1996). An MDP is defined
by a tuple ⟨S,A, T ,R, γ⟩, where

• S is the set of states.

• A is the set of actions.

• T : S × A × S → [0, 1] is the environment transition function, where T (s′|s, a)
specifies the probability of ending up in a certain state s′ after starting in another
state s and performing a specific action a.

• R : S ×A → R is the reward function, where R(st, at) = Rt+1 specifies the reward
obtained from executing action at in a state st.

• γ ∈ [0, 1] is the environment discount factor, specifying how short-term and long-
term rewards should be weighted.

The goal in reinforcement learning (RL) is to find a policy π : S → A that maximises the
expected return, where the return is defined as the sum of future discounted rewards
Gt =

∑∞
k=0 γ

kRt+k+1 (Sutton and Barto 2018).
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Policies

A policy π maps between states and actions, thereby defining how an RL agent will
act in each state. Policies can be deterministic, in which case π(st) = at, or stochastic,
where π(at|st) returns a distribution over actions, which can be sampled from to obtain
the action. These actions can either be discrete, with at being an element of a finite set
A; or continuous, with at ∈ Rn.

Value Functions

An important concept in RL is the value function of a policy. This is the total expected
return that will result from starting in state s and following policy π (Sutton and Barto
2018). This is denoted as

V π(s) = Eπ[
∞∑
k=0

γkRt+k+1|St = s].

Relatedly, a policy also has an action-value function Qπ, where Qπ(s, a) is the expected
return obtained from performing action a in state s and following π in all states there-
after, i.e.,

Qπ(s, a) = Eπ[
∞∑
k=0

γkRt+k+1|St = s, At = a].

Optimal Policies

Finally, using value functions, we can obtain a partial ordering of policies (Sutton and
Barto 2018). In particular, a policy π is better than or equal to another policy π′ if, for
all states s ∈ S, we have that V π(s) ≥ V π′

(s). There always exists an optimal policy
π∗ for an MDP, which is better than or equal to all other policies. In practice, however,
finding the optimal policy is often challenging or impossible, and approximate solutions
are generally used instead (Sutton and Barto 2018).

2.1.2 Common Methods

Two commonly used RL methods are value-based and policy-gradient algorithms. Meth-
ods in the former class generally learn the action-value function (or an approximation
thereof) and use this to make decisions, by choosing an action that maximises the
action-value function in the current state (Watkins and Dayan 1992; Mnih et al. 2013).

Due to their prevalence and high performance in continuous control and robotics-
based tasks (Schulman et al. 2017; Haarnoja et al. 2018), we focus only on policy-
gradient methods in this dissertation. These methods directly learn a parametrised
policy π(a|s, θ) and update the parameters θ to increase the policy’s reward. One of the
first policy-gradient methods is called REINFORCE (Williams 1992), which updates the
parameter vector using the following equation, with a step size α:

θt+1 = θt + αGt
∇π(At|St, θ)

π(At|St, θ)
. (2.1)
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Intuitively, the update to the parameters is in the direction that would increase the
probability of selecting action At in the future (Sutton and Barto 2018). This, however,
is scaled by the return, so a high return would result in the agent performing At more
frequently in the future, whereas a low or negative return would result in the opposite.
The size of the update is also inversely proportional to the probability of taking action
At in the first place, which serves to normalise the update so that frequently performed
actions are not unduly prioritised.

However, this approach generally results in a high variance, which can be addressed by
adding an arbitrary baseline to Equation 2.1 to reduce the noise in the gradients. This
baseline must be independent of the action taken and results in the update rule

θt+1 = θt + α(Gt − bt)
∇π(At|St, θ)

π(At|St, θ)
. (2.2)

This baseline can further be a learned approximation to the value function v̂(St|w) ≈
vπ(St), parametrised by the vector w. This approach is very similar to that of Actor-
Critic methods (Konda and Tsitsiklis 1999; Degris et al. 2012; Sutton and Barto 2018),
which often use the one-step return, Gt:t+1 = Rt+1+γv̂(St+1|w) instead of the full return
as their objective (Sutton and Barto 2018).

2.1.3 Soft Actor-Critic

There are many different, high-performing Actor-Critic methods (Mnih et al. 2016;
Schulman et al. 2017), but we discuss only one here: Soft Actor-Critic (Haarnoja et al.
2018, SAC). This method was originally developed for continuous action spaces, which
we discuss, but it has also been generalised to discrete action spaces (Christodoulou
2019). SAC consists of three main components: (1) an Actor-Critic architecture that
learns an action-value function (the critic) and a policy (also called the actor); (2) the
use of off-policy learning to enable the reuse of prior experience, thereby improving
sample efficiency; and (3) an entropy maximisation objective that leads to improved
exploration and stability.

Firstly, SAC learns two action-value functions q1(s, a|w1) and q2(s, a|w2) and uses the
minimum value from either to avoid overestimation bias (van Hasselt 2010; Fujimoto
et al. 2018). Next, SAC, as opposed to many other algorithms, is off-policy, meaning
that its experienced transitions are stored in a replay buffer, and the experience from
the replay buffer is used in learning (Lin 1992; Lange et al. 2012). This can lead to
significant improvements in sample efficiency compared to on-policy methods (which
use each transition only once to learn) because transitions can be used multiple times
to improve the policy (Haarnoja et al. 2018). Finally, in standard RL, we aim to max-
imise the expected sum of future discounted rewards; SAC, however, uses a modified,
maximum entropy objective (Ziebart 2010), where we instead maximise the following
equation (with the added term shown in red):

E[
∞∑
t=0

(γtRt+1 + βH(π(·|st, θ)))], (2.3)
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where H(P ) = Ex∼P [−log(P (x))] denotes the Shannon entropy (Shannon 1948) and is
a measure of how uncertain the outcome is when sampling from a distribution (Ziebart
2010; Achiam 2018). A uniform distribution would maximise the entropy, whereas a
distribution with all of its probability mass concentrated on a single point would min-
imise it (Ziebart 2010). Further, β > 0 in this equation denotes the weight placed on
this entropy term and how much it must be traded off with the reward. The effect of
this additional entropy objective is that it (1) incentivises the agent to explore more;
(2) can therefore lead to improved learning speed (Haarnoja et al. 2018); (3) leads
to agents exhibiting more robustness to changes in the environment (Eysenbach and
Levine 2022); and (4) smoothens the objective landscape, leading to easier optimisa-
tion (Ahmed et al. 2019).

SAC generally outperforms strong baseline algorithms in complex continuous control
tasks, and exhibits stability as well as improved sample efficiency compared to base-
lines (Haarnoja et al. 2018). Due to these properties, it is a widely used base RL algo-
rithm for numerous other methods (Rakelly et al. 2019; Peng et al. 2021; Sodhani et al.
2022).

2.2 Formalising Generalisation in RL

Generalisation in reinforcement learning can broadly be divided into two categories;
few-shot and zero-shot generalisation. In the former setting, experience from many
training tasks is leveraged to adapt quickly to a new testing task (Taylor and Stone
2009; Lazaric 2012; Vanschoren 2018; Beck et al. 2023). In the latter, an agent is
trained in a collection of training environments, with the goal of performing well in
an unseen testing environment without any additional training (Kirk et al. 2023). As
mentioned previously, we focus on the zero-shot setting, as this is applicable to many
cases where training in the testing domain is infeasible or dangerous, such as in real-
world robotics (Peng et al. 2018).

2.2.1 Contextual Markov Decision Processes

When dealing with generalisation, it is essential to have a formal definition of being
“similar but different”. For instance, we wish to generalise to settings where the task
(e.g., walking) is the same, but there are slight differences in dynamics (e.g., the floor’s
friction is different). One such formalism, and the one we use in this dissertation,
is that of the Contextual Markov Decision Process (Hallak et al. 2015, C-MDP), which
is defined by a tuple ⟨C,S,A,M′, γ⟩, where C is the context space, S,A are the state
and action spaces respectively and M′ is a function that maps a context c ∈ C to an
MDP M = ⟨S,A, T c,Rc, γ⟩. A Contextual MDP thus defines a family of MDPs, that all
share an action and state space, but the transition (T c) and reward (Rc) functions differ
depending on the context. In this work, we focus solely on generalisation over changing
transition dynamics and therefore fix the reward function, i.e., Rc = R,∀c ∈ C.

7



Context Distance

Often the context is considered as a real vector (Sodhani et al. 2022), for example, con-
taining the various parameters that affect the dynamics (Yu et al. 2017). We can use
the distance between two contexts c1 and c2 as a proxy for the underlying difference
between two environments M c1 ,M c2. There are a few ways to do so, the first being Eu-
clidean Distance. This is the simplest approach, where we define the distance between
two environments as the Euclidean distance between their corresponding contexts (Lee
et al. 2020), i.e,

||M c1 −M c2|| = ||c1 − c2||2.

The second approach instead defines the distance between environments as the Wasser-
stein Distance W (·, ·) between the two transition functions T c1 and T c2 (Sodhani et al.
2022). Concretely,

||M c1 −M c2|| = max
s,a

W (T c1(s′|s, a), T c2(s′|s, a)).

Intuitively, the Wasserstein distance (Vaserstein 1969) is a way to compare two prob-
ability distributions (in this case the distribution over next states) by considering each
distribution as a pile of soil, and the value of the metric is the cost of transforming
one pile into the other, where cost is the amount of dirt that must be moved times the
distance it must be moved.

Now, while the Wasserstein distance has traditionally been used (van Breugel and Wor-
rell 2001; Ferns et al. 2011), it is not the only way to compare two probability distri-
butions, and metrics such as the Total Variation could also be used (Ferns et al. 2004).
The Kullback-Leibler divergence (Kullback and Leibler 1951) is also used to compare
probability distributions; however, it is not symmetric and thus does not satisfy the
conditions of being a metric (Ferns et al. 2011).

2.2.2 Training and Testing Procedure

Similarly to supervised learning, when evaluating generalisation in RL, we have train-
ing and testing sets of environments. For Contextual MDPs, we have a training set of
contexts Ctrain and a testing set Ctest (Kirk et al. 2023). Usually, we train on the training
set for some number of episodes and then evaluate the agent on some or all of the con-
texts in the testing set (Cobbe et al. 2020; Kirk et al. 2023). We can consider a testing
context to evaluate interpolation performance if this context is inside the convex hull1

given by the training contexts (Zhang et al. 2021b; Sodhani et al. 2022). Otherwise,
this is termed extrapolation. As an example of this, consider Figure 2.1.

1The convex hull Ch of a set of points is the smallest set containing all these points and has the
property that for any two points a, b ∈ Ch and 0 ≤ λ ≤ 1, we have that (1 − λ)a + λb ∈ Ch (Boyd and
Vandenberghe 2004).

8



Pole Length

Figure 2.1: An example of generalisation in RL in the CartPole (Barto et al. 1983;
Brockman et al. 2016) domain, where a cart must be moved to balance a pole. The
blue points are training contexts, with green and red being evaluation settings. The
blue oval represents the convex hull of the training contexts. Red points would corre-
spond to extrapolation, with green being interpolation. Here the context is simply the
pole length, and each individual length corresponds to a new environment. These envi-
ronments all share the same underlying structure, which is parametrised by the unique
context, leading to different, but related dynamics. This illustration is inspired by Lee
et al. (2020).

2.2.3 Other Formalisms

While we consider the Contextual MDP in this dissertation, there have been other pro-
posed variations of MDPs to aid research in generalisation (Kirk et al. 2023). One no-
table example is that of the Hidden Parameter MDP (Doshi-Velez and Konidaris 2016).
This is similar to the Contextual MDP, but only the dynamics can vary. While we focus
on the dynamics generalisation case, we use the slightly more general formalism to
allow future work to investigate other types of generalisation.

Another related formalism is the Block Contextual Markov Decision Process (Du et al.
2019; Sodhani et al. 2021, 2022, BC-MDP). Here, a BC-MDP is identical to the Con-
textual MDP, the only difference being that each context could possess a unique ob-
servation space. In particular, while the state space is shared across environments, the
agent’s observations may depend on the context (e.g., walking outside vs. inside). We
choose not to use this setting, as we focus only on state-based tasks where each context
shares the exact same, low-dimensional, observation space.

Finally, Partially Observable Markov Decision Processes (POMDPs) can also be used to
model this problem. A POMDP is similar to a normal MDP, but it contains some un-
observed state information that the agent does not have access to (Kaelbling et al.
1998). While we can consider the context as this unobserved state information (Bai et
al. 2013), using a more restrictive paradigm such as the Contextual MDP or the Hidden
Parameter MDP can be beneficial. For instance, for each context c, the environment
is an MDP, without any partial observability (Doshi-Velez and Konidaris 2016). Sec-
ondly, the context is assumed to remain fixed for each episode, while in the POMDP,
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the hidden state may also change during an episode (Hallak et al. 2015; Doshi-Velez
and Konidaris 2016).

2.3 Neural Networks

2.3.1 Fully Connected Neural Networks

Here we briefly cover fully-connected neural networks, and introduce the notation we
use in the rest of this dissertation. We consider a multilayered, fully-connected neural
network, also called a Multilayer Perceptron (McCulloch and Pitts 1943; Rosenblatt
1961; Minsky and Papert 1969; Werbos 1974; Haykin 1998, MLP). A neural network
is a function f : Rdin → Rdout, parametrised by a vector θ, which is learned from data,
usually by gradient descent and backpropagation (Rumelhart et al. 1986).

Firstly, neural networks are generally comprised of multiple layers, each layer being a
linear transformation followed by a nonlinear function. Let us denote a single layer
as Li, mapping an di-dimensional vector to a di+1-dimensional vector. Li consists of a
weight matrix Wi ∈ Rdi×di+1, a bias vector bi ∈ Rdi+1 and a nonlinear function σi. Given
an input vector xi ∈ Rdi, we can obtain the output xi+1 ∈ Rdi+1 as

xi+1 = Li(xi) = σi(Wixi + bi).

Finally, multiple layers L1, L2, . . . , Ln are usually stacked together, one after the other.
The overall effect of this is mapping a d1-dimensional input vector to a dn-dimensional
output vector. We can denote an n-layer neural network as Net = {Li}n1 , defined as
follows:

Net(x) = xn+1

xi+1 = Li(xi)

x1 = x.

Due to neural networks’ ability to learn complex functions when given a large amount
of data, they have become the de-facto standard, and state-of-the-art approach, in
many fields, such as natural language processing (Vaswani et al. 2017), computer vi-
sion (Krizhevsky et al. 2012) and reinforcement learning (Mnih et al. 2013; Silver et al.
2017).

2.3.2 Hypernetworks

We next discuss hypernetworks, which are adaptive neural networks that generate the
weights of another network. These networks have the ability to adapt to different
scenarios (Ha et al. 2017), which can aid in generalising to new settings (Sarafian et al.
2021).

A hypernetwork (Ha et al. 2017) is a neural network that fundamentally generates the
weights for another network, conditioned on some variable. In the original work (Ha
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et al. 2017), there are two different networks, the hypernetwork and the main network.
The hypernetwork generates the weight matrix for each layer in the neural network,
and is conditioned on a learned layer embedding, which allows it to generate different
weight matrices for each layer. The hypernetwork is trained using backpropagation in
an end-to-end fashion. Subsequent work has expanded this to generate entire networks
based on some embedding. For example, von Oswald et al. (2020) learned a task em-
bedding that was used to generate a network catered specifically to solve a particular
task. This was done to mitigate the effect of catastrophic forgetting in continual learn-
ing, by using a constraint that specified that the generated weights for previous tasks
should not significantly change when learning new tasks. Huang et al. (2021) adapted
this approach and applied it to the continual learning setting in RL. Finally, Xian et
al. (2021) used a hypernetwork to generate the weights of a dynamics model that is
specific to the context of the current objects under consideration, leading to improved
predictions.

The key aspects of hypernetworks are thus the ability to (1) adapt to new scenarios
without forgetting prior learned knowledge and (2) having a network tailored to the
specific task (or even a single example (Volk et al. 2022)), while still taking advantage
of other, previously seen, tasks, as the hypernetwork itself is shared across all of them.

Hypernetwork Chunking

Now, if one were to use a hypernetwork näıvely to directly predict all of the weights
of a network, the output dimension would be very large. This would, in turn, lead to
the number of learnable parameters in the hypernetwork also being prohibitively large.
One way to circumvent this problem is to use a chunked hypernetwork (Ha et al. 2017;
von Oswald et al. 2020). Instead of the hypernetwork predicting the entire parameter
vector in one forward pass, in this paradigm it outputs a subset (also called a “chunk”)
of weights, of a fixed size (e.g., 1 000). Then, to generate the entire network’s weights,
this process is repeated, with different learned chunk embeddings to obtain different
weights. This is similar to using layer embeddings as in the original work (Ha et al.
2017), but allows for a configurable chunk size, and can lead to a hypernetwork with
fewer learnable parameters than the main network it generates.

2.3.3 Adapters

An adapter A is a, usually small, neural network, with the same input and output
dimension. This network can then be inserted between the layers of an existing, main,
network to change its behaviour in some way. For instance, instead of calculating
Li(xi), we would instead calculate Li(A(xi)), for some adapter network A. Figure 2.2b
illustrates this, where different adapters (in colour) can be inserted between the layers
of the main network (in grey).
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(a) (b)

Figure 2.2: An example of how adapters would be used in a fully connected network.
In (a), we have the main network that is shared across tasks. In (b), we have adapters
for each task, with the grey parameters being the same as in (a) and the coloured ones
being unique to each task.

Adapters were initially developed for multi-task visual problems (e.g., classifying im-
ages in various settings, such as natural images, medical images, etc.), to allow for a
significant amount of parameter sharing per task, while still retaining some behaviour
specific to each domain. In particular, Rebuffi et al. (2017) used a single large net-
work that was shared across all tasks, with small, domain-specific adapters allowing for
parameter-efficient adaptation to new domains. Thus, if there were ten different tasks,
there would be one base model, while each domain would have its own adapter. Each
adapter had the form A(x;α) = x + αx, for some learned matrix α. This technique,
where the input of a function is added to its output, is commonly called a residual or
skip connection, and has been shown to improve the learning speed and final perfor-
mance of deep neural networks (He et al. 2016; Rebuffi et al. 2017; Orhan and Pitkow
2018). Furthermore, when a new domain is encountered, the base model can be frozen,
with only a new adapter network being instantiated and trained. This technique results
in high performance on new tasks without suffering from interference or catastrophic
forgetting, which are common issues where neural networks forget earlier tasks after
training on new ones (McCloskey and Cohen 1989; French 1999).

Adapters have also seen success in natural language processing (NLP) (Houlsby et al.
2019; Pfeiffer et al. 2020a,b; Le et al. 2021; Fu et al. 2022a; Thomas et al. 2022). In
NLP, the current state-of-the-art performance is generally obtained by using a large
language model that was pre-trained in an unsupervised way (e.g., to predict the next
word in a sentence) on a large dataset (Devlin et al. 2019; Liu et al. 2019; Conneau
et al. 2020). Then, to use this model for a downstream task, such as question answer-
ing or sentence classification, a linear layer is added to the pre-trained model, and the
entire model is fine-tuned end-to-end, usually on a smaller dataset with a task-specific
loss (Devlin et al. 2019). This, however, implies that if we are interested in n different
tasks, we must store and fine-tune n different pre-trained models. This can be infeasi-
ble as these models tend to have a large number of parameters (Radford et al. 2019;
Conneau et al. 2020; Brown et al. 2020). Houlsby et al. (2019) address this problem us-
ing adapters. In particular, the base pre-trained model is frozen, and its weights do not
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change during the fine-tuning stage. To obtain a similar effect as fine-tuning the entire
model, adapter modules are inserted between certain layers of the pre-trained model
as shown conceptually in Figure 2.2. These modules have the same input and output
dimensions, effectively transforming the previous layer’s features before they are fed
into the next layer. The number of trainable adapter parameters is a tiny fraction of the
entire network, leading to much more parameter-efficient fine-tuning and adaptation.

2.4 Summary

This chapter briefly detailed several important concepts that are necessary for the rest
of this dissertation. In particular, we first covered RL broadly, and then considered the
specific problem of generalisation in RL. This included describing the formalism we use
in the rest of this dissertation, the Contextual MDP, and the general procedure used
to evaluate generalisation in RL. We closed this chapter by discussing fully-connected
neural networks and two architectures – hypernetworks and adapters – that are well
suited to adaptation. Next, in Chapter 3, we discuss prior work focused on improving
generalisation in RL.
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Chapter 3

Related Work

Generalisation in reinforcement learning is an important and widely studied problem
that has attracted various approaches, perspectives (Taylor and Stone 2009; Konidaris
et al. 2012; Witty et al. 2018; Zhao et al. 2019; Upadhyay et al. 2021; Wang et al. 2021;
Lyle et al. 2022) and benchmarks (Fortunato et al. 2019; Harries et al. 2019; Cobbe et
al. 2020; Ahmed et al. 2021; Benjamins et al. 2022; Chan et al. 2022). While there
are multiple aspects of MDPs we could generalise over (Mousavi et al. 2014; Chen et
al. 2019; Jain et al. 2020; Nasiriany et al. 2021; Trivedi et al. 2021; Roy and Konidaris
2021; Zhang et al. 2021a; Raileanu and Fergus 2021; Jain et al. 2022; Faccio et al.
2022; Kirk et al. 2023), we focus solely on the problem of generalising to different
transition dynamics (Raileanu et al. 2020; Zhao and Hospedales 2021; Sodhani et al.
2022).

This setting involves performing well on unseen testing domains where the transition
dynamics differ from what was observed during training. We assume that there is some
shared structure in the transition function, and that all other aspects of the environment
remain constant. This is a common scenario in robotics, where the task’s objective (e.g.,
walking without falling), as well as the state and action spaces (e.g., corresponding to
a robot’s joint angles and forces), remain the same, but the dynamics (e.g., the floor’s
friction) differ (Peng et al. 2018). Furthermore, we consider the zero-shot generalisation
problem, where the agent is only allowed one episode in the testing environment, so it
cannot rely on any kind of fine-tuning on the unseen testing contexts (Kirk et al. 2023).

In this chapter, we primarily focus on prior work that aims to address the zero-shot
dynamics generalisation problem, but we do discuss other works where relevant. First,
we cover robustness approaches in Section 3.1. These methods attempt to train agents
to be robust to a set of changes that are expected to occur during testing, i.e., to learn a
single behaviour that performs well in many settings. We then discuss context-adaptive
approaches in Section 3.2, which instead use context information to inform the agent’s
decisions; by using context, these methods can adapt to a wider range of changes than
pure robustness methods. We close this chapter by briefly mentioning some methods
that focus on few-shot adaptation rather than zero-shot generalisation in Section 3.3.
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3.1 Robustness Approaches

Generalisation is a long-standing problem in reinforcement learning because RL agents,
without any explicit incentive to the contrary, tend to overfit to the specific environment
they are trained in (Zhang et al. 2018a; Cobbe et al. 2019). This means that the agents
will obtain a high training reward, but fail to perform well in settings even slightly
different to the training contexts (Malik et al. 2021). In many cases, this is due to it
being easier to memorise the required steps for a single task compared to learning a
general behaviour (Zhang et al. 2018b).

Robustness methods aim to address this limitation by learning a single, yet general,
policy that can perform well in settings that are different, but close, to the training
environment (Kirk et al. 2023). There are many ways to achieve this, the most common
being (1) increasing the number and diversity of the training environments; and (2)
altering the training objective to obtain more robust agents. These two approaches are
covered in Sections 3.1.1 and 3.1.2, respectively.

3.1.1 Obtaining More Diverse Environments

One well-known way to train robust agents is to use a large, yet diverse, set of train-
ing environments alongside a standard RL algorithm (Zhang et al. 2018a; Packer et al.
2018). For instance, Zhang et al. (2018a) find that overfitting often occurs when train-
ing on a single environment, with no variation in the initial state distribution. This can
be remedied by allowing more variation, which often leads to agents learning general
behaviours (Cobbe et al. 2019).

We can obtain this collection of diverse environments by using Domain Randomisation
(DR), which involves randomising various aspects of the environment during train-
ing (Tobin et al. 2017; Sadeghi and Levine 2017; Peng et al. 2018; Matas et al. 2018;
Akkaya et al. 2019; Andrychowicz et al. 2020; Escontrela et al. 2020; Wellmer and
Kwok 2021). This approach can improve generalisation in two ways. First, by train-
ing on a more diverse set of environments, the agent is more likely to learn a general
behaviour (James et al. 2017; Tobin et al. 2017; Zhang et al. 2018a). Second, by ran-
domising the environment’s parameters, the training distribution over contexts broad-
ens. Therefore, it is more likely that this expanded training distribution is closer to, or
overlaps with, the target distribution (Zhao et al. 2020; Kirk et al. 2023).

While domain randomisation can increase robustness, it may not be readily applicable
when some parameter configurations render the environment unsolvable or trivially
easy (Kirk et al. 2023). One way to address this problem is to have a separate learn-
ing process that generates a diverse curriculum of environments for the agent to train
on (Gisslén et al. 2021; Gur et al. 2021). This emerging field is promising and has
achieved impressive results thus far (Wang et al. 2019, 2020b; Dennis et al. 2020;
Team et al. 2021; Parker-Holder et al. 2022). However, the current focus of many of
these methods is state-space generalisation, for example, an agent that learns to play on
some platformer levels and can generalise to unseen ones, as opposed to the dynamics
generalisation problem we care about (Kirk et al. 2023).
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3.1.2 Altering the Learning Objective

While training on a diverse collection of environments has empirically been shown to
increase the robustness of agents, many approaches still use the standard RL training
procedure, which does not explicitly incentivise agents to generalise. This observation
has led to an emerging research field that focuses on modifying the loss function or the
training procedure, in a way to incentivise robustness.

One way to do this is to incentivise obtaining a high worst-case reward over a col-
lection of environments (Pinto et al. 2017; Abdullah et al. 2019; Chen and Li 2020;
Mankowitz et al. 2020), instead of simply prioritising the average reward, as is the
standard (Krueger et al. 2021). The core idea here is that an agent that performs well
on average may excel in some environments while performing terribly in others – which
can lead to poor generalisation. An agent that instead has a high performance in the
worst case will not catastrophically fail when faced with small variations (Pinto et al.
2017; Tang et al. 2019).

Other approaches are inspired by supervised learning, and leverage regularisation tech-
niques (Srivastava et al. 2014; dos Santos and Papa 2022), such as dropout, l2 weight
decay loss and early stopping to improve generalisation performance in RL (Farebrother
et al. 2018; Ada et al. 2022). Beyond this, constraining an agent’s capacity by limiting
the amount of information it uses from the environment, can also lead to improved
robustness and less overfitting (Lu et al. 2020; Eysenbach et al. 2021).

Finally, some methods aim to encode invariances into agents (Zhang et al. 2020; Kirk
et al. 2023), as there are often many irrelevant aspects of the agent’s observations that
should be ignored if a general policy is desired (Roy and Konidaris 2021; Li et al. 2021;
Wang et al. 2022). For example, a self-driving car should be invariant to (i.e., it should
perform the same action) whether there are clouds in the sky or not, as clouds do not
affect it in any way (Zhang et al. 2021a). Invariance can be encouraged by optimising
a loss function that incentivises visually different, but semantically equivalent, obser-
vations to map to the same encoded representation (Zhang et al. 2021a). One way to
achieve this in practice is by applying data augmentation to RL algorithms (des Combes
et al. 2018; Ye et al. 2020; Raileanu et al. 2021). Data augmentation, initially devel-
oped for supervised learning, is used to construct a larger and more diverse training
data set by forming new examples through the augmentation or perturbation of ex-
isting training data points; for instance, flipping or rotating images (Krizhevsky et al.
2012; Ronneberger et al. 2015; Dieleman et al. 2015; Taylor and Nitschke 2017; Perez
and Wang 2017; Shorten and Khoshgoftaar 2019). This amounts to having the same
desired output for different variations of an image, resulting in the model learning to
be invariant to these augmentations (Raileanu et al. 2021).

3.1.3 Summary

The common thread between all of the robustness methods discussed in this section
is that their goal is to learn a single policy that is robust to minor variations between
the training and testing environments. Many of these approaches are successful in this
goal and can generalise well when faced with small perturbations. However, as Zhou
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et al. (2019) note, using one policy for multiple environments (or contexts) may lead
to this policy being conservative, as it cannot exploit the specifics of the current envi-
ronment. Furthermore, these policies are limited to performing the same action when
faced with the same state, regardless of the environment. This is potentially subopti-
mal, especially when the gap between the different environments widens (Kessler et al.
2022; Benjamins et al. 2022). In Section 3.2, we discuss solutions to these problems;
in particular, identifying some characteristics of the current environment (the context
or an approximation thereof) and using this information to allow the policy to adapt to
new environments.

3.2 Adaptive Context-Based Approaches

The next class of approaches we consider are adaptive, context-based methods. These
approaches often use the Contextual MDP (Hallak et al. 2015) formalism (or a variation
of it), and use the context information to inform the agent’s choice of action. This
is beneficial, as it allows agents to exhibit different behaviour in different settings,
which may be necessary to achieve optimality or generalisation when faced with large
variations (Benjamins et al. 2022).

Observations / State
s1, . . . , sk

a1, . . . ak
r1, . . . , rk

. . .
Context Loss

Context Encoder

State Encoder
z

c

Policy
action

Figure 3.1: An approximation of the general architecture of the context-adaptive meth-
ods discussed in this section. Context is inferred using the context encoder, which is
trained to minimise some loss function, and the policy uses the predicted context to
act. This illustration is inspired by Zhang et al. (2021b) and Sodhani et al. (2022).

The three primary aspects that differ between methods in this class are (1) how context
is modelled, (2) how it is learnt, and (3) how it is used by the agent. The general
structure of many of these methods is illustrated in Figure 3.1. In Section 3.2.1, we
first consider how context is modelled, i.e., the form of the context encoder in this
figure. Next, in Section 3.2.2, we discuss how context can be learnt, i.e., the form of
the context loss function . Finally, in Section 3.2.3, we detail how context can be used
by the policy, corresponding to the structure of the context conditioned policy .
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3.2.1 How Context is Modelled

In general, context is not always visible to the agent, which makes it necessary to build
some model of context that can be used to infer an approximate context during deploy-
ment. As discussed by Sodhani et al. (2022), two types of settings can be considered
here. The first is “known unknowns”, where the context variables we care about, or we
expect to vary, are known, and the task is to accurately predict their values (Åström and
Torsten 1965; Swevers et al. 1997; Bhat et al. 2002; Zhu et al. 2018; Yu et al. 2017).
For instance, consider the case where we have a robot that walks only on one surface,
but with additional cargo that has an unknown mass. Here, we know that one aspect
of the environment varies – the mass – we simply do not know its value. The sec-
ond type is the “unknown unknowns”, where the properties that vary are not known.
This approach has recently received much attention due to its general applicability, and
the context is usually modelled as an arbitrary-dimensional vector and passed to the
policy (Chen et al. 2018; Sodhani et al. 2022).

A common approach is to model the context as a function ψ : (S × A × R × S)n →
C (Zintgraf et al. 2020, 2021; Sodhani et al. 2022), i.e., the context encoder receives
a collection of transitions xi = (si, ai, ri, si+1) as input and outputs the context. This
is justified if the context affects the dynamics, observations or reward function, as it
can be inferred from a sequence of transitions. This encoder is often modelled as
a standard feed-forward neural network (Seo et al. 2020; Lee et al. 2020; Sodhani
et al. 2022). Other methods follow a probabilistic approach, assuming a Gaussian
distribution over contexts, fittings its parameters, and then performing inference using
the posterior distribution (Doshi-Velez and Konidaris 2016; Sæmundsson et al. 2018).
Using a probabilistic approach allows the agent to infer the context it is currently in,
while taking the uncertainty in its estimation into account (Sæmundsson et al. 2018;
Zintgraf et al. 2020).

Another approach for obtaining this context is using a known environment identifier
(e.g., an integer from 1 to n representing the task). In particular, Zhang et al. (2021b)
learn an encoder that maps from this identifier to a continuous vector representing the
context that varies smoothly over environments; this context is then fed to the agent’s
policy to inform its actions. This approach, however, assumes this identifier is given,
which may be an unrealistic assumption. Other works, such as Sodhani et al. (2021),
use brief natural language descriptions of each task in Meta-World (Yu et al. 2020) as
input to a pre-trained language model that outputs a context embedding.

Finally, some methods implicitly model the environment context by augmenting the
agent with memory. In particular, by using a recurrent neural network – which has a
hidden state that is used alongside the current environment state to obtain the next
hidden state (Rumelhart et al. 1985; Werbos 1990; Hochreiter and Schmidhuber 1997)
– the agent can build up a representation using information from sequential timesteps.
This approach can implicitly encode the context, without any additional loss terms,
allowing the model to perform differently when faced with different settings. This is
because the observed transitions would be different in each setting, thereby changing
the hidden state (Peng et al. 2018; Siekmann et al. 2020; Ghosh et al. 2021).
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3.2.2 How Context is Learned

The next differentiating factor is how these context distributions are learned. One
common approach is having a set of auxiliary losses that are backpropagated through
to the context encoder. This is often done by training a dynamics model M : S × A ×
C → S conditioned on the context, and optimising the context encoder to improve the
dynamics model’s predictions (Sanchez-Gonzalez et al. 2018; Zhou et al. 2019; Lee et al.
2020; Seo et al. 2020; Sodhani et al. 2022). The intuition surrounding this idea is that
the encoded context should be useful in predicting the dynamics of the environment,
as the ground-truth context directly affects it (Lee et al. 2020).

Another approach for learning the context is to add some constraints to the latent con-
text space. For example, Sodhani et al. (2022) enforce Lipschitz continuity1 on the
latent context representation. In particular, this is done by assuming that the difference
between two environments, in terms of rewards and dynamics (measured as the max-
imum Wasserstein distance between the two transition functions, see Section 2.2.1),
must be bounded by the distance between the two contexts. This is theoretically justi-
fied, as prior work (Xu and Mannor 2012) showed that the difference between training
and testing error is bounded for Lipschitz-continuous functions. Standard RL, however,
often does not satisfy this property, which is why this additional constraint is neces-
sary (Sodhani et al. 2022). This approach resulted in improved generalisation, but did
start to perform worse as the testing contexts moved further away from the training
ones.

The context encoder can also be trained using supervised learning. This may be feasible
because, in some – but not all (Zhou et al. 2019) – cases, we have access to the simulator
during training (allowing us access to the ground truth context parameters) but not
during evaluation (Kumar et al. 2021). For instance, during training, Yu et al. (2017)
collect partial trajectories of the form ((si, ai), (si+1, ai+1), . . . , (si+h, ai+h)) alongside the
context c for that episode, and use a mean-squared error loss to fit a supervised model.
This model can then be used during evaluation to predict the context. However, this
method focuses on the “known unknowns” case discussed earlier, which may restrict
it to generalising only over parameters explicitly considered during training. This, in
turn, may require significant effort to manually choose all possible parameters that
could feasibly change during testing.

3.2.3 How Context is Used

Finally, we come to how these contexts are used to inform the action choices of the
agent. The most prevalent approach is to simply concatenate the context to the state,
and use this directly as input to the policy (Ghasemipour et al. 2019; Rakelly et al.
2019; Ball et al. 2021; Eghbal-zadeh et al. 2021; Sodhani et al. 2021, 2022; Mu et
al. 2022), trained using methods such as Soft Actor-Critic (Haarnoja et al. 2018) or

1A function f : I → R, with I ⊂ R, is Lipschitz if ∃A > 0, such that |f(x) − f(x′)| ≤ A|x − x′|,
∀x, x′ ∈ I (Sohrab 2003).
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Proximal Policy Optimisation (Schulman et al. 2017). The policy may then adapt its
behaviour to the current environment, and act accordingly. This approach, however,
may prevent the agent from being able to distinguish state and context, which could
lead to worse generalisation (Benjamins et al. 2022).

Zintgraf et al. (2020) introduce VariBAD, which follows a similar approach, but instead
takes a Bayesian view, explicitly modelling a probability distribution over the context
c. Whenever a new transition is observed, the belief over c is updated to take this into
account. The policy is then parametrised by this posterior distribution, and thus learns
to take the belief over contexts, including uncertainty, into account. The authors state,
however, that generalising to out-of-distribution environments will pose challenges to
this method, as the inference procedure may become incorrect.

Sarafian et al. (2021), instead take a different perspective. This work uses a hypernet-
work (Ha et al. 2017) to generate the weights of the primary policy network. Given
a context c, they generate a neural network with weights W (c), which processes the
state and outputs an action. They applied this method to two common meta-learning
approaches, MAML (Finn et al. 2017) and PEARL (Rakelly et al. 2019). When given a
ground-truth context, MAML with a hypernetwork outperformed MAML equipped with
the concatenation of state and context. Generating the weights conditioned on the con-
text eased the training of the context encoder by not letting the gradients pass through
too many networks. For the critic in PEARL, they found that using the state as the input
to the hypernetwork and inputting the context to the policy was a better option. How-
ever, this approach still required test-time adaptation episodes, like the original PEARL
algorithm, making it less suited to zero-shot generalisation. Furthermore, Sarafian et
al. (2021) focused more on the reward-variation case, where the context changes the
desired behaviour, instead of considering generalisation to new transition dynamics.

There are several additional ways to incorporate context. For instance, Yao et al. (2018)
perform action distillation – learning separate policies per context and using super-
vised learning to learn a general, context conditional policy. In particular, this context-
conditional model was trained to predict the same action in state s when given context
ci as the model that was solely trained on ci. This method, however, may scale poorly
since we must train a separate policy for each training context.

Similarly, FLAP (Peng et al. 2021) aims to improve generalisation by effectively learning
a shared representation across tasks, which is then processed by a task-specific adapter
in the form of a linear layer. Given state s, the policy network outputs features ϕ(s) ∈
Rd, which are shared across tasks. The final action is chosen according to Wiϕ(s) + bi,
with a unique weight matrix Wi and bias vector bi for each task. During training,
these weights are learned separately for each task. Concurrently with this, a supervised
learning model is trained to map between transition tuples (st, at, rt+1, st+1) and these
learned weights (instead of simply the predicted actions as Yao et al. (2018) do). At test
time, this supervised model generates the weights, while the policy network remains
fixed. Peng et al. (2021) demonstrated that their method generalises better to out-of-
distribution tasks (e.g., where the dynamics or reward functions differ) compared to
other meta-learning approaches. The linear adapter model, in particular, performs well
and allows adaptation to be performed faster during testing. However, this approach
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requires a separate head for each task, which may scale poorly if we have many tasks
or see each task only a few times. Furthermore, if we do not have access to task IDs
during training, it would be challenging to apply this method.

Benjamins et al. (2022) also learn separate state (ϕ(s)) and context (g(c)) encoders.
The action is then obtained by evaluating f(ϕ(s)⊙ g(c)), where f is the learned policy,
and ⊙ is the elementwise product. In essence, this model modulates the state-based
features with contextual information before passing it on to the state. This is very
similar to the idea of Feature-wise Linear Modulation (Perez et al. 2018; Dumoulin et al.
2018; Zintgraf et al. 2019; Eghbal-zadeh et al. 2021, FiLM), where the primary features
(corresponding to the state information) are adapted in some way using information
from a different modality (the context in this case).

Finally, we come to model-based approaches, where methods learn an approximate
model of the transition function and use its predictions to inform the choice of ac-
tion (Moerland et al. 2023). However, when there are multiple tasks (or contexts)
with different dynamics, learning a single, context-unaware dynamics model could be
a poor choice in cases where the context has a significant effect on the dynamics (Lee
et al. 2020; Xian et al. 2021). This can be remedied by learning a context-conditioned
dynamics model, and Lee et al. (2020) showed that this could indeed improve predic-
tion performance across multiple contexts. Killian et al. (2017) use a Bayesian Neural
Network to learn a context-informed model of the transition function, which includes
uncertainty information, and train a policy using this approximated dynamics model.
Instead of simply parametrising the dynamics model with context, recent work has
demonstrated that using a hypernetwork (Ha et al. 2017) to generate the weights of
a specialised dynamics model based on context can lead to impressive adaptation per-
formance (Xian et al. 2021; Kirchmeyer et al. 2022). While these approaches can build
accurate dynamics models, they may require time in the target domain to adapt, mak-
ing them less suitable for zero-shot adaptation (Killian et al. 2017). Furthermore, train-
ing a policy using a learned dynamics model may be computationally expensive, with
any inaccuracies possibly causing the policy to overfit to the learnt dynamics, thereby
performing poorly in the real environment (Yao et al. 2018).

3.2.4 Summary

Generally, the task of inferring the context has received much attention, resulting in
the development of multiple high-performing approaches. However, how to incorpo-
rate context into the RL setting is not as well studied. Many works simply concatenate
the context to the state to form an augmented state space, passing these values directly
to the agents (Rakelly et al. 2019; Ball et al. 2021; Eghbal-zadeh et al. 2021; Sodhani
et al. 2021, 2022). This, however, may pose some significant problems. One poten-
tial pitfall is that this procedure artificially enlarges the state space, making it harder
to generalise (Hallak et al. 2015). Secondly, the context and state change at different
timescales, with the state changing at every time step, while the context remains con-
stant across an entire episode. Combining both of these into the same state space may
result in the agent confounding these two factors, again resulting in poorer generalisa-
tion.
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While there are some recent techniques that do separately process the context and
state, these approaches also have some limitations. Some methods require the training
of separate models, one for each context (Yao et al. 2018; Peng et al. 2021). This takes
advantage of context remaining constant within an episode, but these methods may
not scale well as the number of training contexts increases. Other methods are limited
to a linear interaction between the context- and state-based features (Benjamins et al.
2022), which may not be sufficient to capture complex interactions. Thus, it is still
necessary to establish the utility of alternative approaches to incorporating context.

3.3 Meta-Learning

Meta-learning approaches aim to use multiple tasks during training to learn how to
learn; this knowledge can then be used during testing to quickly adapt to a new
task (Thrun and Pratt 1998; Baxter 1998; Upadhyay et al. 2021; Beck et al. 2023).
There are numerous meta-learning methods, but here we only briefly mention some
typical approaches, as these algorithms are often more focused on fast or few-shot
adaptation instead of zero-shot generalisation (Kirk et al. 2023). For instance, Finn et
al. (2017) aim to learn the weights of a neural network such that, for any new task,
performing only a few gradient updates would lead to a high-performing task-specific
network. This subclass of meta-learning is closely related to the idea of fine-tuning. In
this paradigm, an initial, general policy is learned in the training domain(s), which is
then updated using significantly fewer timesteps in the target domain. This is quite
common when generalising from a simulator to reality, where many methods perform
a small amount of fine-tuning on a real robot after training in a simulator (Julian et al.
2020; Peng et al. 2020; Smith et al. 2022). While this approach has potential, applying
it näıvely could be problematic or dangerous in settings where a small mistake could
result in catastrophe, such as those discussed by Kenton et al. (2019) and Srinivasan
et al. (2020). For instance, falling while walking on grass is acceptable (Smith et al.
2022). When a robot is traversing a narrow bridge, however, a small mistake could
destroy it (Srinivasan et al. 2020).

A second major subclass of meta-learning methods leverages a recurrent model that
uses experience in the environment, across episodes, to adapt quickly (Nagabandi et
al. 2019). Here, the model parameters are frozen during testing, but adaptation is
still possible due to the network’s hidden state. An example of this is RL2 (Duan et al.
2016), where a recurrent neural network (RNN) is optimised to obtain the maximum
reward across multiple episodes in the same MDP. This can be viewed as the RNN itself
implementing a separate RL algorithm that is suited to few-shot adaptation (Wang et
al. 2017). Alternatively, the RNN can be seen as a way to implicitly encode context
using experience, in the form of the hidden state, which is used to choose the ac-
tion (Peng et al. 2018). Mishra et al. (2018) follow a similar approach, but instead use
attention (Bahdanau et al. 2015; Vaswani et al. 2017) alongside temporal convolutions
to leverage information across time to better make decisions. However, Packer et al.
(2018) find that methods that explicitly target adaptation, such as RL2, can be difficult
to train, and generalise worse than standard RL algorithms trained in the presence of
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stochasticity. Relatedly, Fakoor et al. (2020) find that a standard RL algorithm aug-
mented with context can perform comparably to common meta-learning algorithms.

Finally, meta-learning can be used to train a specialised policy that is only used for
exploration and context inference, after which the context can be passed to the primary
policy that aims to maximise the reward (Wang et al. 2020a). Zhou et al. (2019) follow
this approach, and find that it outperforms other methods that do not have this separate
exploration policy. Similarly, Zintgraf et al. (2021) introduce HyperX, which builds
upon VariBAD (Zintgraf et al. 2020) by incentivising experimentation with different
exploration strategies during training. This allows the model to learn in the presence of
sparse rewards, a notoriously difficult setting (Nair et al. 2018; Sutton and Barto 2018).
These methods could be used as part of a context-inference procedure, to obtain a more
accurate or useful context, but may be more suited to the few-shot adaptation case.

3.4 Conclusion

Despite the large amount of work focused on improving generalisation in RL, some
problems still remain. Models that do not take context into account are inherently lim-
ited in how much they can generalise when the environments differ significantly (Ben-
jamins et al. 2022). Furthermore, these methods may be forced to act suboptimally, as
this could be the only behaviour that is feasible in multiple environments (Zhou et al.
2019). While context inference has received much attention and is well understood,
how best to use contextual information is less well studied. Many methods simply con-
catenate the state to the context, effectively constructing a larger state space that the
model has to learn, which may hamper generalisation performance (Hallak et al. 2015;
Benjamins et al. 2022). Other approaches are also limited in their applicability to the
zero-shot dynamics generalisation problem (Rakelly et al. 2019; Raileanu et al. 2021;
Kirk et al. 2023). This gap in current work leads us to focus on the question: “how can
we best incorporate context to aid generalisation to new dynamics?”
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Chapter 4

The Decision Adapter

4.1 Problem Setup

4.1.1 Definition of Context

As mentioned in Section 2.2.1, we consider the Contextual MDP formalism (Hallak et
al. 2015). Here we list all of the assumptions that we impose on context:

1. Context is a variable that affects only the dynamics in our MDP. In particular, each
MDP has the same transition function, which is parametrised by the context.

2. Context is a continuous parameter of the transition function, as opposed to it
being a discrete variable, where different values result in completely different
dynamics functions.

3. The context remains constant for an entire episode, and only changes between
episodes.

4. Finally, we assume access to the ground truth context during training and evalu-
ation.

Point 1 restricts our focus to generalisation to new transition dynamics where there is
some shared structure, but differences in dynamics across contexts. As mentioned in
Chapter 3, this is a common scenario in robotics. Relaxing this assumption would mean
that other aspects differ between training and testing, such as the reward (Peng et al.
2021) or the state space (Cobbe et al. 2019). This is not our focus, but these aspects
could be investigated by future work.

Point 2 formalises that the context affects the dynamics in a continuous way. This as-
sumption is reasonable, as it corresponds well to real-world robotics use cases, where
the context is some parameter (e.g., friction, gravity or mass) of a continuous dynamics
function (Doshi-Velez and Konidaris 2016). However, this assumption does not pre-
clude phase transitions that could appear discrete. For instance, consider the next state
updating as st+1 = st + cf(st, at), where c is our context, and f is an arbitrary function
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of the current state and action. In this case, a phase transition would occur as c moves
from a positive to a negative value.

Point 3 is from the original Contextual MDP definition (Hallak et al. 2015) and for-
malises that context is separate from the state and changes on a different timescale. As
a corollary to this, the agent cannot influence or change the context. This setup corre-
sponds to having several clearly delineated settings, each associated with a particular
stationary context; for instance, we have three rooms, each with its own friction coef-
ficient. Generalisation, in this case, corresponds to training on a set of these contexts
(e.g., the three rooms) and performing well in unseen settings (e.g., a fourth unseen
room with a different friction coefficient). Relaxing this assumption, and allowing con-
text to change arbitrarily often, corresponds more closely to a partially observable MDP,
where the context is part of the unobserved state information that can change over
time (Bai et al. 2013). In this setting, the agent’s actions could also influence future
contexts.

The final assumption allows us to isolate the effects of the agent’s network architecture,
i.e., the way context is incorporated into decision making. It could be relaxed by incor-
porating any of the existing context inference approaches instead of using the ground
truth context (Lee et al. 2020; Seo et al. 2020; Kumar et al. 2021; Sodhani et al. 2022).

4.1.2 Problem

The problem we consider is thus: We have a collection of environments with the same
transition function, which is parametrised by the context. The agent trains on a set
of training contexts, where each context results in a separate MDP. After training, the
agent is evaluated on a collection of unseen contexts. Our overall goal is to improve
generalisation to these settings compared to prior approaches.

Having defined the problem and listed our assumptions, Section 4.2 describes our gen-
eral Decision Adapter architecture in detail. Finally, in Section 4.3, we show that our
approach is a generalisation of a prior network architecture, cGate.

4.2 Network Architecture

Our method is inspired by the idea of adapters in NLP and computer vision, with a
few core differences from their traditional application. Firstly, since our aim is gen-
eralisation, having a separate adapter module for each task (corresponding to context
in our case) is infeasible. This is because we would need to train a new adapter for
every testing task we are interested in, which is incompatible with the goal of zero-
shot generalisation. Furthermore, if we had a separate adapter per task, the number
of learnable parameters would increase for every task we train on, which is not ideal.
To circumvent this problem, we use a hypernetwork to generate the weights of the
adapter module based on the context, similar to a recent technique in NLP that gen-
erates adapter weights conditioned on the current task (Ye and Ren 2021; Pilault et
al. 2021; Mahabadi et al. 2021; Ivison and Peters 2022; Shi et al. 2022). This allows
the agent to have a shared feature-extractor network, whose features are modulated
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by the adapter, enabling the model to modify its behaviour for each context. Moreover,
since the hypernetwork itself is shared, experience gained in one context could transfer
to another (Mahabadi et al. 2021). Secondly, instead of having separate pre-training
and adaptation phases as is common in NLP (Houlsby et al. 2019), we do not alter the
standard RL training procedure at all. We instead change only the architecture of the
agent and train it normally. This allows for the easy integration of our approach with
standard RL libraries. Furthermore, our method is agnostic to the exact RL algorithm
and can be applied to most algorithms without much additional effort. In particular,
we make no assumptions about whether the algorithm is on- or off-policy.

To formally describe our approach (for which pseudocode is available in Algorithm 1),
suppose we have a state s ∈ S, context c ∈ C, and a standard n-layer fully-connected
neural network architecture that predicts our action a, where

xi+1 = Li(xi) = σi(Wixi + bi)

x1 = s, xn+1 = a.

Our approach involves adding an adapter module Ai in-between layers Li−1 and Li.
This adapter module is a multilayer neural network Ai : Rdi → Rdi consisting of pa-
rameters θiA ∈ RPi. These parameters are generated by the corresponding context-
conditioned hypernetwork Hi : C → RPi (line 5 in Algorithm 1) and reshaped to form
multiple weight matrices and bias vectors. Then, before we process xi using layer Li,
we pass xi through the adapter module Ai (line 6) defined by the generated weights
and biases to obtain x′i = Ai(xi|θiA). Furthermore, akin to the application of adapters
in other fields (Rebuffi et al. 2017; Houlsby et al. 2019), we add a skip connection, by
setting xi = xi + x′i (line 7). This updated xi is then the input to layer Li (line 9).
Finally, we could have multiple adapter modules in the primary network, with at most
one module between any two consecutive layers i− 1 and i (lines 3 and 4). Figure 4.1a
contains an illustration of our approach.

Algorithm 1 Decision Adapter – Changes to the standard forward pass in blue.

1: procedure CHOOSEACTION(s ∈ S, c ∈ C)
2: x1 = s
3: for i ∈ {1, 2, . . . , n} do
4: if Ai ̸= null then
5: θiA = Hi(c) // Generate the weights conditioned on c
6: x′i = Ai(xi|θiA) // Perform a forward pass using these weights
7: xi = xi + x′i // Skip connection
8: end if
9: xi+1 = Li(xi)

10: end for
11: return xn+1

12: end procedure

26



Adapter Module

s

s
a

c

Adapter Hypernetwork

Generated Weights

(a) An illustration of our network architecture, the Decision Adapter. Here we have the state
variables s in blue, context c in green and predicted action a in orange. The bottom network is
the adapter hypernetwork, which generates the magenta weights for the top, primary, network.
The light grey nodes in the top network are not directly part of the primary network, instead
being added by the adapter.

4.2.1 Design Decisions

Now, our method provides a great degree of flexibility in terms of configuration, and
we must make multiple design decisions to obtain a usable instantiation of the Deci-
sion Adapter. In this section, we briefly detail the default settings we use and justify
why these are reasonable. We empirically investigate the merits of these choices and
compare them against alternative options in Section 6.2.
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Bottleneck Architecture

We use a bottleneck architecture in our generated adapter modules, as described by
Houlsby et al. (2019). In essence, we have a down-projection layer that transforms
features from di-dimensional to p-dimensional, with p < di. Then, the second layer
up-projects this back to a di-dimensional vector.

The bottleneck architecture is beneficial for two reasons. Firstly, it reduces the number
of required parameters in our adapter model. For instance, if we have two layers in this
bottleneck architecture, the number of parameters would differ substantially compared
to one layer that transforms the di-dimensional features to di dimensions. In the first
case, the number of parameters would be on the order ofO(di×p+p×di), corresponding
to a di × p matrix for the down-projection and a p × di matrix for the up-projection.1

If we only have one layer, then we have a single di × di matrix. Thus, the bottleneck
requires O(pdi) parameters, whereas the single layer requires O(d2i ). If we, for example,
have di = 256 and p = 32, the bottleneck architecture has four times fewer parameters
than the single layer. This, in turn, makes it easier for the adapter hypernetwork to
generate useful weights.

Secondly, the bottleneck architecture imparts a low-rank inductive bias on the adapter,
which may prevent it from overfitting (Huh et al. 2021). This idea is related to prior
work that has shown that, counterintuitively, reducing the capacity of the agent’s neu-
ral network can improve generalisation and reduce overfitting (Igl et al. 2019; Lu
et al. 2020; Eysenbach et al. 2021). Although our approach does not incorporate
information-bottleneck losses like these methods, the observed benefits of reduced ca-
pacity provide additional intuition for utilising the bottleneck architecture. Finally,
despite any possible information loss due to the bottleneck layer, the skip connection
allows the network to retain any important information from the input.

Adapter Location

Our method allows us to arbitrarily configure our adapter modules, deciding how many
we desire and where to locate them in the network. By default, however, we have a
single adapter module that, similarly to the use of adapters in NLP, is located near the
end of the network, but not at the last layer. This means that the features used by the
later layers to predict the action are adapted. Furthermore, since standard deep RL
methods generally use much smaller networks than the current state of the art in NLP
and computer vision (Ota et al. 2021), having only a single adapter module is justified.
Finally, in the case of standard actor-critic RL methods, which learn both a policy and
a value or action-value function, we add adapters to both networks, to allow both the
behaviour and the agent’s value function to be conditioned on the context.

1The bias vectors correspond to an additional p+ di parameters, but we omit this term as it is domi-
nated by the number of parameters in the weight matrices.
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Hypernetwork Configuration

Finally, even though our adapter module generally has few weights due to the above-
mentioned bottleneck architecture, we leverage hypernetwork chunking (von Oswald
et al. 2020, discussed in Section 2.3.2) to reduce the number of learnable parameters.
In particular, we choose the chunk size to be the largest such that the hypernetwork
has fewer learnable parameters than the adapter module.

4.3 cGate as a Special Case of the Decision Adapter

To conclude this chapter, we briefly show that our Decision Adapter architecture de-
scribed here is, in fact, a generalisation of another network architecture introduced by
prior work. For the following discussion, suppose s ∈ S is the state and c ∈ C is the
context.

Benjamins et al. (2022) introduce cGate, which uses the following procedure to obtain
an action:

1. Calculate ϕ(s) ∈ Rd using the state encoder ϕ.

2. Calculate g(c) ∈ Rd using the context encoder g.

3. Calculate features h = cGate(s, c) = ϕ(s) ⊙ g(c), with ⊙ being the elementwise,
or Hadamard, product.

4. Calculate action a = f(h), where f : Rd → A is the learnt policy.

Here, both the state encoder ϕ and the context encoder g correspond to fully-connected
neural networks that each output a d-dimensional vector, where the value of d is an
arbitrary design choice.

This approach is a specific instantiation of our general adapter architecture, where we
have one adapter module A = Ai. In particular, the state encoder ϕ corresponds to
the partial neural network before our adapter module, i.e., layers L1, L2, . . . , Li−1. The
policy f corresponds to the layers after our adapter module, Li, Li+1, . . . , Ln. Thus, we
have that ϕ(s) = Li−1(xi−1) and f(h) = Ln(xn).

If we define our adapter network A(ϕ(s)|c) = ϕ(s)⊙g(c), we can recover the same result
as cGate. This would be possible if we let our adapter consist of one layer without a
nonlinearity or a bias vector, with its weight matrix being set to W = H(c) = diag(g(c)).
This would result in

A(ϕ(s)|c) = Wϕ(s) = diag(g(c))ϕ(s) = g(c)⊙ ϕ(s) = cGate(s, c),

where we have used the fact that, for two vectors a, b ∈ Rd, the matrix multiplication
diag(a)b is the same as the Hadamard product a ⊙ b. This output vector would then
be passed to the policy network f . Our approach, however, is strictly more powerful
than a single elementwise product, as our adapter can be an entire nonlinear neural
network.

29



Chapter 5

Experimental Setup

This chapter discusses the experimental approach we follow. In particular, we detail
our training and evaluation procedures in Section 5.1 and define the metrics we use in
Section 5.2. We describe the environments we use in Section 5.3. Finally, Section 5.4
contains details regarding the methods we use, including the baselines we compare
against as well as our Decision Adapter configuration.

5.1 Experimental Procedure

Our general training procedure is as follows: We have a fixed set of training contexts,
and a training budget corresponding to a specific number of total environment interac-
tions (i.e., steps) we can perform. Each episode uses a new context, in a set sequence,
looping to the beginning if there are more episodes than contexts. To fairly compare
all methods, we use approximately the same number of parameters for each method’s
neural networks. Furthermore, we run each experiment independently 16 times and
report the mean and standard deviation of the reward achieved.

Finally, we generally choose our training context set to be a small set of discrete con-
texts. This approach is opposed to a continuous range of values between two bounds or
sampling from a normal distribution centered at some context (Benjamins et al. 2022).
Choosing our contexts in this way allows us to more closely represent training in the
real world. For instance, we have access to a handful of different surfaces to train
a robot to walk on, instead of fine-grained control over the context variables. This
setup additionally emphasises context efficiency, i.e., being able to generalise well after
training on a small number of contexts (Kirk et al. 2023).

5.2 Metrics

To accurately evaluate the models’ generalisation performance, our evaluation strat-
egy is as follows: We take the trained model, and compute the average of the total
episode reward over n = 5 episodes on each evaluation context c. We use n > 1 as
computing the reward from just a single episode may lead to an inaccurate estimate of
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Figure 5.1: Here we illustrate three example context-reward plots. On the x-axis, we
have the context c, with the red vertical line indicating the training context. The y-axis
contains the rewards, with 500 being the optimal reward for this environment. Finally,
the shaded areas indicate the area under the curve calculation to obtain the summary
metric. (a) represents the results of an overfitting model, performing well only near the
training range. (b) exhibits a more graceful decline as we move away from the training
context. Finally, (c) illustrates perfect generalisation.

performance in the presence of environmental stochasticity; setting n = 5 provides a
balance between computational load and accuracy. These evaluation contexts are gen-
erally sampled uniformly between two bounds. This procedure gives us a collection of
contexts C and the corresponding rewards R.

We then use this information to calculate the primary metric we use to evaluate gen-
eralisation, the Average Evaluation Reward. Here, we compute the average reward
obtained over the entire evaluation range, which is proportional to the area under the
context-reward curve. Figure 5.1 shows an example of this. More formally, we compute
the following metric:

Average Evaluation Reward =
1

cmax − cmin

∫ cmax

cmin

R(c)dc,

where cmin and cmax are the minimum and maximum context values in C respectively,
and R(c) is the reward obtained on context c. Given a finite set of contexts C and their
associated rewards R, we numerically calculate the integral using Simpson’s rule (Press
et al. 2007). We choose to use the integral instead of simply the average reward
to more accurately measure generalisation performance when we sample unequally
spaced evaluation contexts. When the context consists of multiple dimensions, we
compute the integral over all dimensions; for instance, computing a double or triple
integral. In this case, we obtain the normalisation factor by multiplying each context
dimension’s normalisation fraction (i.e., 1

cmax−cmin
).

This metric is high when the agent performs well across a wide range of contexts, and
thus corresponds well to generalisation performance. However, since the training con-
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text set is generally a subset of the evaluation contexts, this metric does also incorporate
how well the agent performs on the training contexts. Despite this, it is still a useful
metric for generalisation, as our training context set typically contains only a handful
of contexts, with most of the evaluation contexts being unseen. Finally, using this defi-
nition, we compute the metric value separately for each random initialisation, and then
report the mean and standard deviation over the 16 seeds we consider.

5.2.1 Statistical Analysis

Our statistical analysis is as follows. Suppose we have two methods A and B that we
wish to compare, with 16 seeds for each. We consider only the average evaluation
reward at the end of training, as a measure of how well each method generalises. In
general, we use the null hypothesis that µA = µB, i.e., that the mean performance (over
seeds) of method A is the same as that of methodB. We use a two-tailed Mann-Whitney
U test (Mann and Whitney 1947) to determine if there exists a statistically significant
difference between the two methods, or not. In particular, we set the significance
threshold to α = 0.05, i.e., if the probability of obtaining a difference in performance
as large as the one we observe is less than 0.05, we reject the null hypothesis and
conclude that there is a statistically significant difference between the two methods. If
the probability p is greater than or equal to 0.05, we fail to reject the null hypothesis and
conclude that there is no statistically significant difference. We use the Mann-Whitney
U test instead of the Student’s t-test (William 1908) because some of the data failed a
Shapiro-Wilk normality test (Shapiro and Wilk 1965) with p < 0.05. The Mann-Whitney
U test (hereafter abbreviated as the MWU test) does not require normally distributed
data, whereas the t-test does. Finally, if we perform multiple pairwise comparisons,
the chance of making a type I error (rejecting the null hypothesis when it is true)
increases (Jafari and Ansari-Pour 2019; Pretorius et al. 2020). To remedy this, we
perform Bonferroni error correction (Bonferroni 1936), which modifies the p values by
multiplying them by the number of comparisons performed. We do this separately for
each hypothesis we test.

5.3 Environments

t

x

ẋ = c0a+ c1a
2 + . . .

(a) The ODE environment,
with state x and action a.

(b) CartPole, actions move
the cart to the left or right.

(c) Mujoco Ant, with an 8-
dimensional action space.

Figure 5.2: The environments we use. Red arrows indicate the allowed actions. In (c),
the actions are individual joint forces.
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We evaluate our method on three different environments, described below and illus-
trated in Figure 5.2. For each environment, we also list which aspects we vary to obtain
different dynamics. We first introduce ODE, a conceptually simple, yet highly config-
urable, environment in Section 5.3.1. Next, Section 5.3.2 discusses a more grounded
environment that is widely used when studying dynamics generalisation; namely, Cart-
Pole. Finally, in Section 5.3.3, we discuss a high-dimensional, complex and challenging
environment, that of the Mujoco Ant.

5.3.1 ODE

This environment is a dynamical system described by an ordinary differential equation
(ODE) that is parametrised by n variables making up the context. We use the following
dynamics equation, truncated at some cn−1.

ẋ = c0a+ c1a
2 + c2a

3 + . . . (5.1)

This results in our state x updating according to xt+1 = xt + ẋtdt, where the goal is to
provide control a to keep the state close to x = 0. The episode terminates after 200
timesteps.

The reward function is defined as follows:

Rt =



1 if |x| < 0.05
1
2

if |x| < 0.1
1
3

if |x| < 0.2
1
4

if |x| < 0.5
1
20

if |x| < 2

0 otherwise.

This incentivises the agent to keep the state close to x = 0 by reducing the reward as
the state moves away from 0. Figure 5.2a shows an illustration of this environment.

The context in this environment is c = [c0, c1, c2, . . . , cn−1] ∈ Rn. The action space is
two-dimensional, continuous and bounded, i.e., a0, a1 ∈ [−1, 1]. The action is inter-
preted as a complex number, a = a0 + a1i, to allow Equation 5.1 to be solvable, even
in normally unsolvable cases such as ẋ = a2. Here, restricting a to R would result in
ẋ ≥ 0 and an unsolvable system for initial conditions x0 > 0. We keep only the real
part of the updated state. Having continuous actions results in agents needing to con-
sider the magnitude of the action to perform instead of just the direction or a coarse
discretisation. Having unbounded actions has the potential consequence of making the
environment solvable in a single step, which is not desired, as this is unlike many RL
problems which have a temporal aspect (Sutton and Barto 2018). Moreover, we opt
to not have ẋ defined in terms of x, as this (combined with bounded actions) may re-
sult in some environments being unsolvable. We also clip the state xt to always fall
between −20 and 20. Finally, we have a separate parameter, the force F , which is used
to scale the agent’s actions before they are performed in the environment. Thus, the
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agent predicts an action between −1 and 1, which is then multiplied by the force. The
force impacts the magnitude of the agent’s actions, and can be increased to make the
environment more challenging. By default, we use a value of F = 100, kept constant
across contexts. When we have multidimensional contexts, we rather set F = 10, to
ensure that the environment is still reasonably solvable. If we set F = 100, then the
effects of the agent’s actions are very large, due to having a (Fa)2 term in the equation
for ẋ.

The ODE acts as a conceptually simple environment where we can arbitrarily scale both
the number (i.e., n) and magnitude (i.e., |ci|) of the contexts and precisely measure the
effects. Furthermore, since many dynamical systems can be modelled using differential
equations (Moore 1990; Sutton 1995; Brockman et al. 2016), this environment can be
considered a distilled version of this class of environments.

Experimental Procedure

During training, for each context, we cycle between starting states, with each episode
taking a new starting state from the set {1.0, 0.5,−0.5,−1.0}. Thus, the agent trains on
the first context for 4 episodes, each with a different initial state. Then it goes on to the
second context, and so on. When we reach the end of the context list, we simply start
at the first context again. We do this to ensure training is comparable for each method,
and that there is sufficient diversity in the initial state distribution. During evaluation,
we fix the starting state at x0 = 1.0 to isolate the effect of context.

On the Necessity of Context

Furthermore, in the ODE environment, under certain conditions, we can show that
using context is strictly necessary to perform well in multiple settings. Consider the
case where we have a one-dimensional context c0, with the corresponding dynamics
equations

ẋ = c0a

xt+1 = xt + ẋtdt

=⇒ xt+1 = xt + c0 · a · dt.

Then, if we were to choose an optimal action a ∈ C such that xt+1 = 0, ignoring the
action bounds and assuming c0 ̸= 0, we would obtain

xt+1 = xt + c0 · a · dt
=⇒ 0 = xt + c0 · a · dt
=⇒ −xt = c0 · a · dt

=⇒ a = − xt
c0 · dt

.

This equation, crucially, shows that the optimal action depends on the context. Further-
more, for a fixed state xt and context magnitude |c0|, the optimal action depends solely
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on the sign of the context. In fact, choosing the incorrect sign is close to being the worst
possible action for that state and context. To better illustrate this, suppose that xt = 1
and c0 = 1, with dt = 0.1. Then, a = − 1

1·0.1 = −10. If the context is −1 instead, then
performing the action a = −10 would result in xt+1 = 1 + (−1)(−10)(0.1) = 2, i.e., the
state moving further away from the desired state of 0. This means that a model that
does not take contextual information into account cannot simultaneously perform well
in environments defined by differently signed contexts. This property makes this envi-
ronment a good candidate to compare context-unaware models to context-conditioned
ones.

5.3.2 CartPole

CartPole (Barto et al. 1983, see Figure 5.2b) is a task where an agent must control the
movement of a cart to balance a pole vertically placed upon it. The observation space is
a 4-dimensional real vector containing the cart’s position x and velocity ẋ, as well as the
pole’s angle θ and angular velocity θ̇. The value for each state variable at the start of the
episode is randomly sampled from the interval [−0.05, 0.05]. We use a continuous action
space where a ∈ [−1, 1] corresponds to the force applied to the cart (where negative
values push the cart to the left and positive values to the right). The reward function is
+1 for each step that the pole is upright. An episode terminates when the pole is tilted
too far off-center, the cart’s position is outside the allowable bounds or the number of
timesteps is greater than 500.

CartPole can be described by the following system of second-order differential equa-
tions (Barto et al. 1983; Florian 2007; Brockman et al. 2016):

θ̈ =
g sin θ + cos θ(−F−mplθ̇2 sin θ

mc+mp
)

l(4
3
− mp cos2 θ

mc+mp
)

ẍ =
F +mpl(θ̇

2 sin θ − θ̈ cos θ)

mc +mp

.

Here, θ is the pole’s angle and F is the force, consisting of the agent’s action times a
constant force magnitude. The other parameters and their default values are listed in
Table 5.1. We follow prior work and consider the variables in this table collectively as
the context (Benjamins et al. 2022). In particular, this means that the context is repre-
sented as a 5-dimensional vector, even when we vary only a subset of the dimensions
during training.

Table 5.1: The five context variables and their default values.

Name Symbol Default Value

Gravity g 9.80
Cart Mass mc 1.00
Pole Mass mp 0.10
Pole Length l 0.50
Force Magnitude F̃ 10.00
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This environment is useful as it (1) is a simple setting with models that can be trained
quickly, and (2) still has desirable aspects, namely a way to perturb some underlying
variables to change the dynamics of the environment. Furthermore, prior work has
shown that even standard, unaware RL algorithms can generalise well in this environ-
ment (Packer et al. 2018), which allows us to investigate the benefits of context in this
case.

5.3.3 Mujoco Ant

As a more complex and high dimensional problem, we consider Ant from the Mujoco
suite of environments (Todorov et al. 2012, Figure 5.2c), originally introduced by Schul-
man et al. (2016). Here, the task is to control a 4-legged robot such that it walks. The
observation space consists of the robot’s joint angles and velocities, as well as contact
forces and torques applied to each link. This totals 111 dimensions. The action space
A = [−1, 1]8 is 8-dimensional, representing the torque applied to each of the 8 joints.
The initial joint positions are such that the ant is standing and facing forward, with
some uniform noise in the range of [−0.1, 0.1] added to it. The initial joint velocities
are sampled from N (0, 0.1). For this environment, we consider two cases. In the first,
the context is the robot’s mass. In the second, the context is the friction between the
robot’s legs and the floor. In both cases, the context is represented as a 1-dimensional
vector. Furthermore, each episode is terminated after 1000 timesteps.

We choose the Ant environment due to its high-dimensional state and action spaces,
and the fact that it is more challenging than either CartPole or the ODE. Furthermore,
it is a well-known environment that has been used in prior work (Nagabandi et al.
2018; Haarnoja et al. 2018; Fu et al. 2022b).

5.4 Methods

This section details the methods we use, including our baselines, and the relevant im-
plementation details.

5.4.1 Normalisation

As mentioned in Section 4.1, we give each method access to the ground-truth context
during training and evaluation. However, as shown in Table 5.1, the magnitudes of the
different context variables may be significantly different, which may cause problems for
the neural network-based policies (Hastie et al. 2009). To remedy this, we normalise
the contexts to a range between 0 and 1. In particular, for each context dimension i, we
calculate the context to be given to the agents cnorm,i as

cnorm,i =
ci

maxi
,

where maxi is the largest value for dimension i in the training context set. This results
in the largest training contexts having values of 1.0. During evaluation, we perform
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the same normalisation, so contexts outside the convex hull of the training set will
potentially result in values larger than 1.0.

5.4.2 Baselines

As our approach revolves around introducing a new network architecture with the
goal of improving generalisation, we consider several baselines to compare our model
against. For the following discussion of the baselines, we denote s ∈ S to be the state
and c ∈ C to be the context. We use ReLU for all activation functions. We also aim to
have an equal number of learnable parameters for each method and adjust the number
of hidden nodes to achieve this.

We use Soft-Actor-Critic (Haarnoja et al. 2018, SAC) for all methods, to isolate and
fairly compare the network architectures. We use the high-performing and standard
implementation of SAC from the CleanRL library (Huang et al. 2022) with neural net-
works being written in PyTorch (Paszke et al. 2019). We use the default hyperparame-
ters, which are listed in Table 5.2. SAC learns both an actor and a critic. The actor takes
as input the state and outputs µ and log(σ), which are used to construct the probability
distribution over actions N (µ, σ) which is sampled from to obtain an action. The critic
receives the performed action a as well as the state s, and outputs a single number,
representing the approximate action-value q̂(s, a). The following sections describe each
of our baselines.

Name Value

Buffer Size 1 000 000
γ 0.99
τ 0.005
Batch Size 256
Exploration Noise 0.1
First Learning Timestep 5000
Policy Learning Rate 0.0003
Critic Learning Rate 0.001
Policy Update Frequency 2
Target Network Update Frequency 1
Noise Clip 0.5
Automatically Tune Entropy Yes

Table 5.2: The default hyperparameters we use in the CleanRL implementation.

Unaware

The first baseline we consider is the context-unaware model, shown in Figure 5.3a,
which simply ignores the contextual information and just uses the state. This approach
allows us to evaluate how well a method that does not incorporate context performs.
We do not use any of the additional robustness techniques mentioned in Section 3.1 as
many of them can also be applied to context-aware models. Thus, we keep all factors
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Figure 5.3: Illustrating the architectures of each of our baselines. Here we consider the
actor’s architecture, with two separate output heads, one predicting the mean action a
and the other predicting the log of the standard deviation (denoted as σ in this figure).
In each plot, the blue nodes represent the state inputs whereas the green one represents
the context. In general, for the bottom row, the network architectures for the context
and state encoders are not necessarily the same.

other than the model architecture consistent to evaluate the merits of context. In par-
ticular, we use a fully-connected architecture with two hidden layers with 288 neurons
each for both the actor and the critic. We chose this architecture as it outperformed a
deeper network with three hidden layers and the same number of overall parameters.

Concatenation

This approach is very prevalent in the current literature, and it involves forming a new,
augmented state space S ′ = S × C, and then feeding the model the concatenation
[s; c] of the state and context (Ball et al. 2021; Eghbal-zadeh et al. 2021; Sodhani et al.
2021, 2022). This baseline, shown in Figure 5.3b, allows us to compare to the current
standard approach of using contextual information, to determine whether our method
is indeed superior. The network architecture we use consists of three hidden layers
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with 205 nodes each, as this outperformed a shallower network with a similar number
of parameters. Hereafter we refer to this method as the Concat model.

cGate

The next baseline is another recent way of incorporating context into RL, introduced
by Benjamins et al. (2022), and described more in Section 4.3. The core idea here is
to have separate state (ϕ(s)) and context (g(c)) encoders. Then, we obtain the action
by evaluating f(ϕ(s) ⊙ g(c)), where f is the learned policy, and ⊙ is the elementwise
product. Figure 5.3c shows an example of this. The exact architecture we use for our
experiments consists of a state encoder with two hidden layers of 205 nodes each, a con-
text encoder consisting of one hidden layer with 205 nodes and a final policy network
with one 205-node hidden layer. The network head that outputs the standard deviation
is a single linear layer, mapping ϕ(s) ⊙ g(c) to log(σ). We choose this configuration, as
it is similar to the one used by Benjamins et al. (2022), and has a comparable number
of parameters to all of the other baselines. This work originally used other algorithms,
such as TD3 (Fujimoto et al. 2018), but to ensure comparability, we apply the network
architecture to SAC. As such, we add the log(σ) head to the actor, which is absent in
TD3 (Huang et al. 2022). The critic’s network architecture is the same as the actor’s,
just without the log(σ) head. Since our approach is a theoretically more powerful gen-
eralisation of cGate, this baseline allows us to determine whether this generalisation
results in improved performance.

FLAP

Our final baseline, called Fast Linearised Adaptative Policy (Peng et al. 2021, FLAP) –
described in more detail in Section 3.2.3 – works by effectively learning a shared state
representation across tasks. This representation is then processed by a task-specific
linear layer that is generated by conditioning on the context. We implement the train-
ing procedure as described by Peng et al. (2021), i.e., where a separate policy head is
trained for each task and a weight-predicting network is trained to predict the weights
of the linear layer. We use the following network architectures: The actor and critic
networks have three hidden layers of 120 nodes each, and the weight-predicting net-
work has three hidden layers of 240 nodes each. This configuration was chosen to
be comparable to the other baselines in terms of the number of learnable parameters,
while having the same number of layers as in the original work. Furthermore, we give
this method access to the ground truth context to be comparable to the other baselines.
Preliminary experiments demonstrated that using the context to generate the weights
outperformed using the (s, a, r, s′) transition tuples and that the (much larger) network
architecture used by Peng et al. (2021) performed comparably to the one we use. Fi-
nally, while most of the default parameters above were the same as the ones used by
Peng et al. (2021), they used a critic learning rate of 0.0003, which we also use only for
this baseline. Figure 5.3d illustrates this model.
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5.4.3 Decision Adapter

Our Decision Adapter model is configured as follows for the experiments in Chapter 6.
The base network architecture is the same as the Unaware model (e.g., Figure 5.3a).
The main actor network consists of a trunk that outputs a hidden state of size 256, with
one hidden layer of size 256. We choose 256 as this is the default size of the networks’
hidden layers in CleanRL (Huang et al. 2022). The log(σ) head is a single linear layer,
mapping this hidden state to log(σ). We do not add an adapter module to the log(σ)
head because we found that having the context affect the policy’s stochasticity did
not improve performance. The action head, however, contains our adapter module,
followed by a single linear layer mapping a 256-dimensional state to the mean action
µ. This adapter consists of one hidden layer of size 32, and is generated by a chunked
hypernetwork which has two hidden layers of 37 nodes each. Each chunk has a size
of 370 and the hypernetwork outputs 46 chunks to obtain the entire set of parameters
for the adapter. As mentioned in Section 4.2, these values were chosen such that the
hypernetwork has fewer parameters than the adapter network. The critic has a very
similar architecture to the actor, just without the log(σ) head. Finally, for the actor,
we do not have an activation function after the trunk, as this improved performance
slightly. For the hypernetwork component of our method, we use the hypnettorch

package (von Oswald et al. 2020; Ehret et al. 2021; Henning et al. 2021).1

While we did experiment with several hyperparameter settings for the Decision Adapter,
most options performed comparably to our chosen configuration, and we found that
our method is quite robust when changing hyperparameters (see Section 6.2 for more
details). While we generally used the default hyperparameters for our baselines, we
did perform some tuning on the ODE domain. For instance, we compared two versions
of the Unaware and Concat models that had the same number of parameters – one
with three hidden layers and one with two – and chose the best. Similarly, for FLAP,
we ensured that the network size we use performed comparably to the larger network
used in the original work, and found that using the context to generate the weights out-
performed using a single transition tuple. For all methods, the hyperparameters that
performed the best in the ODE domain were used in the other environments.

5.5 Summary

In this chapter, we detailed our experimental procedure and defined the primary metric
we use to evaluate the generalisation performance of each model. We further discussed
the three environments we use – ODE, CartPole and Ant – and our reasons for using
them. Finally, we described the baseline algorithms we compare against and discussed
their implementation details. Now, in Chapter 6, we present the results of our experi-
ments, and discuss the implications of our findings.

1https://github.com/chrhenning/hypnettorch
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Chapter 6

Results

This chapter describes our experiments, details our results and discusses the conclu-
sions we can draw from these results. We structure this chapter around answering
three primary questions. The first is Does the Decision Adapter generalise better
than our baselines? By answering this question, we can validate the contribution of
our Decision Adapter. We address this question in Section 6.1 by experimenting on the
three environments discussed in Section 5.3. First, in Section 6.1.1, we consider the
ODE environment, where context is necessary to perform well. Next, in Section 6.1.2,
we use the CartPole domain, where context is not required, and an unaware policy can
generalise well. Lastly, in Section 6.1.3, we consider Ant, which is a more complex,
challenging and real-world environment.

The second question we ask is How sensitive is the Decision Adapter to its config-
uration options? These configuration options correspond to the design decisions we
made in Sections 4.2.1 and 5.4.3. Answering this question will allow us to (1) jus-
tify our default options; (2) make better recommendations about how to configure the
Decision Adapter; and (3) determine how useful our model will be in practice, with
minimal tuning of these options. We answer this question in Section 6.2, by compar-
ing the performance of the default design decisions against alternative options. In this
section, we also apply our approach to another popular RL algorithm, Proximal Pol-
icy Optimisation (Schulman et al. 2017), to illustrate the general applicability of the
Decision Adapter.

Our third question, which we answer in Section 6.3, is What are the limitations and
failure cases of the Decision Adapter? This question is important as it discusses po-
tential pitfalls of our method, i.e., where care must be taken when using it in practice.
In particular, we investigate the effect of incorrectly normalising the context in Sec-
tion 6.3.1. In Section 6.3.2, we also consider our method’s sensitivity to receiving an
inaccurate context instead of the ground truth. We then examine the effect of changing
the set of training contexts and consider the problem of overfitting in Section 6.3.3.
Finally, Section 6.4 concludes and summarises this chapter with a discussion about our
results and the conclusions we can draw from our experiments.
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6.1 Does the Decision Adapter Generalise Better than
our Baselines?

6.1.1 When Context is Necessary

In this section, we consider the ODE environment. Our aim is to show that (1) context
is necessary in this environment, i.e., that the Unaware model is not able to gener-
alise; and (2) that our adapter-based approach generalises better than our baselines.
In this experiment, we consider a training context set of {−5,−1, 1, 5} and train for
300k timesteps. To measure generalisation, we use an evaluation context range con-
sisting of 201 equally spaced points between −10 and 10 (inclusive). This allows us to
measure how well each method generalises across a wide range of contexts.

In Figure 6.1, we plot the average performance across the entire evaluation range (as
discussed in Section 5.2) at different points during training. Firstly, we can see that
the Unaware model fails to generalise well, since the optimal actions in the same state
for two different contexts may be completely different. This result substantiates our
theoretical analysis in Section 5.3, highlighting the importance of using context in this
domain. Concat, cGate and FLAP perform reasonably well, but our Decision Adapter
outperforms all methods and converges rapidly.
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Figure 6.1: Showing the average reward over the evaluation range [−10, 10] at various
points during training for the ODE domain. Mean performance is shown, with standard
deviation (across 16 seeds) shaded.

Interpolation vs. Extrapolation

We now examine these results in more detail by separately plotting the following three
subsets of evaluation contexts in Figure 6.2:
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Train This is the reward obtained on the training contexts, i.e., {−5,−1, 1, 5}, shown
in the left pane of Figure 6.2. In particular, this considers all contexts within a
Euclidean distance of ϵ = 0.05 of these training contexts.

Interpolation The reward when interpolating, i.e., the evaluation contexts between
two of the training contexts, consisting of the region [−5, 5] (center).

Extrapolation Extrapolation refers to the evaluation contexts outside the context hull
of the training contexts, containing c ∈ [−10,−5) ∪ (5, 10] (right).
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Figure 6.2: Showing the performance of each method in three different evaluation
regimes, (left) the training contexts, (center) interpolation and (right) extrapolation.
Mean performance is shown, with standard deviation shaded.

All context-aware methods perform close to optimal on the training contexts. The Un-
aware model, however, does not, explained by the fact that it cannot simultaneously
perform well on negative and positive contexts. For interpolation, our Adapter per-
forms comparably to cGate, which outperforms the Concat model. The reason for the
Concat model losing some performance after training for a long time may be due to it
overfitting to the training contexts. Finally, when considering only extrapolation, the
Adapter outperforms all methods, and converges rapidly. FLAP performs better than
the Concat model, and cGate exhibits poor extrapolation.

Multidimensional Contexts

We next show that these results hold even when the context is multidimensional in
the ODE environment. We train on the context set given by {1, 0,−1}2 ∪ {5, 0,−5}2,
with the context (0, 0) being omitted due to it being unsolvable.1 We again train for
300k timesteps, as in Figure 6.1. The evaluation range consists of the cartesian product
A2, where A contains 21 equally-spaced points between −10 and 10. These results are
shown in Figure 6.3.

1Here, for a set S, S2 = S × S = {(a, b)|a, b ∈ S} denotes the cartesian product of S with itself.
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42 61 79 153 192 198 157 110 83 143 198 28 26 81 114 189 185 133 82 62 38 112

35 66 78 146 179 199 187 113 85 131 199 18 45 85 174 199 177 132 93 49 32 115
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115 128 103 33 15 5 37 49 55 0 0 0 83 31 21 4 15 39 38 92 96 45

126 118 107 39 2 -6 16 23 10 0 0 0 57 41 17 0 13 35 54 70 76 38

98 121 98 44 22 2 6 39 63 0 0 0 26 8 15 0 39 32 67 99 86 41

119 128 111 32 5 -3 -4 27 26 3 -1 -39 19 10 5 2 41 76 86 103 89 40

112 121 118 26 -2 -4 5 53 70 36 0 -31 -35 -31 4 1 47 64 51 71 55 35

108 115 103 35 18 1 11 55 24 54 0 -3 -43 13 2 9 49 92 99 92 70 43

117 129 144 36 3 0 6 20 -11 37 -1 -12 -32 2 7 0 33 69 113 95 72 39

106 127 118 22 2 0 41 13 72 18 -1 11 -23 -16 14 0 13 85 110 116 94 44

125 150 103 19 -5 16 16 -1 89 78 6 43 14 -19 28 7 15 89 123 118 110 53

135 123 111 16 12 44 24 11 99 75 0 71 4 -37 -19 33 4 84 94 123 109 54

77 134 77 36 24 41 25 65 84 56 45 67 11 -29 -20 14 19 44 82 114 123 51

102 105 86 40 35 51 -3 98 63 52 45 51 39 -9 -25 4 9 54 74 106 111 52

112 130 109 42 18 15 17 31 40 32 9 38 30 18 16 16 31 65 85 100 92 50

Average = 50.0

(d) Subtracting (b) from (c)

Figure 6.3: Multidimensional contexts in the ODE domain. In (a) we plot the aggregate
performance across the entire evaluation range. In (b) and (c) we plot the performance
on each context in the evaluation set for the Concat and Adapter models, respectively,
at the end of training. Each cell represents the reward obtained when evaluated in the
corresponding context, averaged over 16 seeds, with lighter colours indicating higher
reward and darker colours indicating lower reward. The blue squares indicate the spe-
cific training contexts, whereas the green square represents the convex hull of training
contexts. For the heatmaps, the last rows and columns, labelled avg, represent the av-
erage reward over the particular column or row, respectively. In (d), we plot (c) − (d),
allowing us to see the relative improvement of the Adapter over the Concat model.

Our Decision Adapter outperforms all baselines and, as can be seen in Figures 6.3b, 6.3c
and 6.3d, generalises further away from the training contexts than the Concat model.
In particular, these heatmaps show that both models perform well on the training con-
texts (the blue squares). However, the Adapter generalises much better, especially to
contexts far outside the training range. For example, when |c1| ∈ [8, 10] (corresponding
to the far left and far right of the heatmaps), the Adapter’s rewards are higher than the
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Concat model’s, as indicated by the positive differences in Figure 6.3d. The Adapter ob-
tains between 50 and 150 more reward than the Concat model – which is a substantial
difference, as the maximum reward in this environment is 200. This region of context-
space is far outside of the convex hull of the training range, which contains values of
|c1| only up to 5.0. Closer to the training range; for instance, around the boundary of
the green square, the Adapter still outperforms the Concat model, but the difference is
less pronounced.

FLAP and cGate perform poorly, even though they obtain near-perfect rewards on the
training contexts (as can be seen in Figure 6.4). There may be several reasons for this.
First, here we train on 16 relatively sparsely distributed contexts, with 300k steps in
total, resulting in fewer episodes in each context compared to Figure 6.1. Second, with
two dimensions, the interpolation range makes up a smaller proportion of the evalua-
tion range compared to the one-dimensional case. This is because, in one dimension,
the range [−5, 5] makes up half of the [−10, 10] evaluation range. In two dimensions,
however, the interpolation range makes up only a quarter of the evaluation set. Thus,
the overall average performance in Figure 6.3a is more skewed towards extrapolation.
This, coupled with the fact that both cGate and FLAP perform poorly on extrapolation
(Figure 6.2, right), may explain why they underperform in this case. Lastly, it is gen-
erally easier to generalise in the one-dimensional ODE, as the optimal action depends
mainly on the signs of the context and state variables. By contrast, the multidimen-
sional case is more difficult, as the dynamics equation includes a nonlinear action term.
This is also why, for instance, our Decision Adapter performs worse in this case (around
160 overall evaluation reward) compared to the one-dimensional ODE (around 190).
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(b) FLAP

Figure 6.4: Heatmap Performance for (a) cGate and (b) FLAP. These plots have the
same meaning as Figures 6.3b and 6.3c. In particular, the blue squares indicate the
training contexts and the green squares indicate the convex hull of training contexts.
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6.1.2 When Context is not Necessary, but Beneficial

In our next experiment, we consider the widely-used CartPole domain. First, we demon-
strate that, in contrast to the ODE, context is not explicitly required, and that some
unaware policies can generalise well. Next, we show that incorporating contextual in-
formation is not detrimental to generalisation performance in these cases. After this,
we show that using context can, in fact, be beneficial.

Demonstrating that Context is not Necessary

Here we demonstrate that, in CartPole, there exists some context-unaware behaviour
that performs well on many different contexts. To do so, we consider each of the five
context dimensions (e.g., gravity, pole length, etc.) separately. For each dimension, we
wish to measure how well various Unaware models generalise when varying only this
dimension. We do this by training Unaware models on specific values of this dimen-
sion and evaluating how well these models generalise. In particular, for each factor in
Table 6.1, we have six separate training settings. Five of these are single training con-
texts, ranging from “Small” to “X-Large”. The sixth training setting is a set consisting of
{Small, Medium, Default, Large, X-Large}. For instance, when considering gravity, we
train six unaware models, one with weak gravity, one with medium gravity, one with
high gravity, etc. Then, we evaluate how well each of these models generalises when
varying gravity. This allows us to determine whether there is some context-unaware
behaviour that can generalise across a wide range of values for this context dimension.

The specific context values were obtained by taking the default setting of this parameter
vd, and setting Small to be vd

10
and X-Large to be 10vd, with Medium and Large in-

between. The evaluation range consists of 30 equally-spaced points (on a logarithmic
scale) between vd

20
and 20vd. Thus, for each context variable, we fix all of the other

variables at their default values, and train separate unaware models on each of the
aforementioned training sets. In total, we have 30 Unaware models, corresponding to
six models for each of the five context variables. These models are then evaluated on
how well they generalise when varying the corresponding context variable.

Table 6.1: The different training contexts for each variable that we consider.

Gravity Cart Mass Pole Mass Pole Length Force Magnitude

Small 0.98 0.10 0.01 0.05 1.00
Medium 3.10 0.32 0.03 0.16 3.16
Default 9.80 1.00 0.10 0.50 10.00
Large 30.99 3.16 0.32 1.58 31.62
X-Large 98.00 10.00 1.00 5.00 100.00

The performance of Unaware models on these contexts is shown in Figure 6.5. In
most cases, the model trained on the X-Large setting (which generally corresponds
to more difficult cases) generalises nearly perfectly when varying the corresponding
context dimension. However, the models trained on the other training settings perform
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Figure 6.5: Comparing the performance of Unaware models on each context variable
in CartPole. The dotted line indicates optimal performance, corresponding to perfect
generalisation across the entire evaluation range. In each plot, only the variable listed
in the title differs for each coloured line, with all others being left at their default value
during training. Furthermore, each plot only measures generalisation with respect to a
single context dimension. For instance, the Gravity plot measures generalisation when
varying gravity. Mean performance is shown, with standard deviation shaded.

much worse for most of the context variables. Interestingly, the models trained on
the entire range of contexts perform poorly when varying gravity, the cart’s mass and
the pole length. This may be due to interference, where the learning signal differs
for each context, preventing the model from learning a useful policy (Kessler et al.
2022). Finally, the pole’s mass is a variable that does not greatly affect the dynamics,
as all models generalise equally well. From these results, we can see that, for each
context variable in CartPole, there is an unaware behaviour that generalises well when
varying this variable. However, we note that it is non-trivial to choose the appropriate
training context that leads to strong generalisation, with most options resulting in poor
performance.

Demonstrating that Context is not Detrimental
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Figure 6.6: Training the Unaware, Concat and Adapter models on the X-Large context,
as listed in Table 6.1. Mean performance is shown, with standard deviation shaded.

Before we present our primary experimental results for CartPole, we briefly note that,
when training on the X-Large setting for each context variable, the Adapter and Concat
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models perform comparably to the Unaware model. This is shown in Figure 6.6. Thus,
in this case, being conditioned on context does not harm the agent’s generalisation.

Context Improves Sample Efficiency

Having shown that there exist context-unaware policies that can generalise well in
CartPole (even though they require correctly choosing an appropriate training context),
we now investigate the performance of context-adaptive approaches in this domain. In
particular, we vary only the pole length, and consider the training contexts as {1, 4, 6},
with the evaluation contexts being 301 equally-spaced points between 0.1 and 10. We
choose pole length as it was the variable where the X-Large training setting vastly
outperformed all other training contexts, indicating that this variable greatly affects
the dynamics.
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Figure 6.7: Showing the average evaluation reward as we increase training time for
CartPole. Mean performance over seeds is shown and standard deviation is shaded.

These results are shown in Figure 6.7. While the Unaware model can achieve compa-
rable generalisation performance to the context-informed models, it takes significantly
longer to do so. In particular, to obtain an average reward above 400, the Unaware
model must train for more than 600k steps, whereas cGate, Concat and our Adapter
reach this threshold before 100k steps. Thus, while context is unnecessary, incorpo-
rating it may be beneficial and can lead to much more sample-efficient generalisation
compared to the Unaware model. This is particularly relevant when training on mul-
tiple training contexts, which seems to cause interference for the Unaware model (as
seen above in Figure 6.5). The context-aware approaches, however, are not as suscep-
tible to this problem, as they are able to distinguish experience from different contexts.
Furthermore, most of the context-aware models perform similarly in this case. In par-
ticular, our Adapter, Concat and cGate converge rapidly, while FLAP converges slightly
slower, but achieves comparable generalisation performance at the end of training.
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There is no statistically significant difference in final performance between the Adapter
and each of the other models, using a MWU test with a significance level of 0.05.

6.1.3 A More Complex Environment

In this section, we consider a more complex and challenging continuous-control en-
vironment, that of the Mujoco Ant. We consider two settings here; first, we vary the
friction between the ant’s legs and the floor. Here we train on friction coefficients of 1.0
and 3.0 (where 1.0 is the default), and evaluate on 24 evenly spaced contexts between
0.2 and 4.8. In the second setting, we change the mass of the ant’s body (which cor-
responds to 5 by default), training on the set {5, 35, 75} and evaluating on 200 evenly
spaced points between 0.5 and 100.
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(c) Plotting Mass vs. Distance Travelled, at the end of training, for those models in Figure 6.8b.
The red lines indicate the training contexts.

Figure 6.8: Illustrating the performance on the Ant domain, where we vary (a) friction
or (b, c) mass. Mean performance is shown, with standard deviation shaded. The
rewards in (a) and (b) are different, as increasing friction generally results in a more
challenging task and thus a lower reward. In (c), we plot the mass vs. the reward
obtained when evaluating on each mass (context).
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For baselines, we consider only the Concat and Unaware models. The reasons for this
are that (1) the Concat model performed comparably to or better than the other base-
lines in the previous sections, making it a representative example of the context-aware
approaches; (2) the Concat model is currently a very prevalent way of incorporating
context (Ghasemipour et al. 2019; Rakelly et al. 2019; Ball et al. 2021; Eghbal-zadeh
et al. 2021; Sodhani et al. 2021, 2022; Mu et al. 2022); and (3) the Unaware model
demonstrates whether context is necessary or not.

Figure 6.8 shows these results. Firstly, when varying friction (in Figure 6.8a), the
Adapter outperforms the Unaware model initially, and they both obtain roughly the
same performance at the end of training, with no statistically significant difference.
The Concat model, however, performs worse, with a statistically significant difference
compared to the Adapter, p < 0.05. In Figure 6.8b, the Adapter and Concat models
perform similarly, but the Unaware agent does not generalise as well as the context-
aware approaches. Notably, there is a statistically significant difference between the
performance of the Adapter and Unaware models. This performance gap is due to
the Unaware model being unable to simultaneously perform well on light and heavy
masses, as seen in Figure 6.8c. In contrast, by utilising context, the agent can perform
well in both settings despite their significant differences.

Thus, in this domain, some context variables do not affect the dynamics significantly,
resulting in the Unaware model performing well. Other variables, such as the mass,
have a significant effect, and the Concat model vastly outperforms Unaware. In both
cases, the Adapter performs comparably to or better than the best approach.

6.1.4 Real World Showcase

As a final qualitative showcase, we apply our Decision Adapter to a physical robot
locomotion task. In particular, we consider the RealAnt quadruped robot (Boney et al.
2020), shown in Figure 6.9. This robot is similar, but slightly different, to the ant used
in Section 6.1.3. We consider the context as a three-dimensional vector consisting of
Mass, Friction and Slope Angle. Slope Angle refers to the incline or decline of the surface
that the agent walked on. We train the policies in simulation2 for 300k steps on the
following collection of contexts, using a normalisation value of (2.5, 3.5, 2):

{(1, 1.5, 0), (2, 1.5, 0), (1, 3.5, 0), (2, 3.5, 0), (1, 1.5, 2), (1, 1.5,−2)}

In the simulation, we add noise as recommended by Boney et al. (2020). In particular,
we add Gaussian noise sampled from N (0, 0.02) to the body’s position and orientation.
Further, we use a latency of 2 steps and give the agent the 6 latest observations, stacked
into one vector. We then transfer these policies to reality as follows:

• Set up the simulation using a context approximately similar to the real-world
case.

2We use the Mujoco-based simulation from here: https://github.com/AaltoVision/realant-rl/
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(a) The unencumbered robot (b) The robot with an additional mass

Figure 6.9: Showing the RealAnt robot we use for this section.

• Apply the policy’s action to the simulation at every step.

• Set the real robot’s joint positions to be the same as the simulator.

We follow this approach instead of using state information from the physical robot for
two reasons. First, the camera used for pose estimation suffered from significant mo-
tion blur and other inaccuracies, frequently leading to significant errors in the inferred
state. Second, the semantic meaning of the actions differs slightly between the simu-
lator and reality, which we circumvent by simply setting the real robot’s joint positions
to be the same as the simulator at each step. While there may be some drift between
the simulator and reality, this was not a significant problem as our rollouts were gener-
ally quite short (around 15 seconds). Due to the time-consuming nature of real-world
experiments, we consider only the Unaware model as a baseline.

Adapter (54cm)

Unaware (37cm)

Figure 6.10: An illustration of the results of the Adapter compared to the Unaware
model, walking on a rough surface without any additional mass. The relative lengths
of the lines are accurate, but the absolute lengths are not to scale.

51



In each setting, we run the policy five times and measure the overall distance travelled
in each rollout. In each case, the simulator is parametrised by an approximate context
that corresponds to the real-world case. For instance, the additional mass weighs about
twice as much as the ant. Thus, the default mass is 1.0 and the overall mass with the
additional weight is set to 3.0. We do note that the real robot’s friction characteristics
differ slightly from the simulator, possibly due to the simulated feet being larger than
the real feet. Thus, for the surface we used, we set the simulation friction as 1.5, but
give the Adapter module a friction input of 0.5. This resulted in the robot slipping less,
and demonstrates that the Adapter’s ability to learn separate behaviours can be useful.
Some of our results are shown in Table 6.2, with an illustration in Figure 6.10. Overall,
the Adapter was able to perform well in several cases, whereas the Unaware model
struggled. In particular, we noticed that the Unaware model often veered from its path,
causing it to bump into the walls surrounding our experimental area. By contrast,
the Adapter module walked in a straight line more often. We emphasise that these
results are not meant to be a rigorous evaluation of the Decision Adapter, but rather a
qualitative showcase of its potential in a real-world robotics setting.3

Table 6.2: Results for the different settings we considered in the RealAnt experiments.
We present the mean± standard deviation of the distance travelled in centimetres and
mark the best performance in bold. A negative slope indicates an uphill surface. All of
these experiments used the same surface, so the friction did not change.

Name Mass Friction Slope Adapter distance Unaware distance

Default 1 1.5 0 54.4± 6.7 37.4± 1.4
Heavy 3 1.5 0 59.2± 1.6 50.1± 5.7
Incline 1 1.5 -4 40.6± 2.9 44.8± 1.4
Heavy Incline 3 1.5 -4 53.6± 3.2 47.8± 0.7

6.2 How Sensitive is the Decision Adapter to its Config-
uration Options?

Here we experimentally justify some of the design decisions we made in Section 4.2.1.
The experiments in this section also give us insight into how robust the Decision Adapter
is to changing its configuration options. First, in Section 6.2.1, we investigate if our
Adapter can successfully be applied to a different RL algorithm. We find that The De-
cision Adapter can generalise well when using PPO.

Thereafter, we investigate the effects of the following factors, with our conclusions
listed in bold.

3Video demonstrations are available at https://sites.google.com/view/decisionadapter.
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• The network architecture of the Adapter module. We find that Most adapter
architectures perform well. This result is expanded upon in Section 6.2.2.

• Whether the hypernetwork uses chunking. Hypernetwork chunking outper-
forms non-chunking methods while using significantly fewer parameters (Sec-
tion 6.2.3).

• Using a skip connection. The Decision Adapter can perform well with or with-
out a skip connection (Section 6.2.4).

• The location of the adapter module in the main network. Most locations lead to
high performance, except if the adapter is at the very start or very end of the
network (Section 6.2.5).

• Having an activation function before the adapter. Not having an activation func-
tion before the adapter in the actor model outperforms the alternatives (Sec-
tion 6.2.6).

For this entire section, we consider the ODE environment and follow the same proce-
dure as in Section 6.1.1. We use the ODE due to its fast training, and the fact that
context is necessary, which enables us to determine if a particular design choice of
the Adapter results in poor use of the context. Furthermore, we consider the null hy-
pothesis to be that the Adapter (Section 6.2.1) or its base variation (Sections 6.2.2 –
6.2.6) performs comparably to the alternatives at the end of training. As mentioned in
Section 5.2.1, we use a two-sided Mann-Whitney U test with α = 0.05.

6.2.1 Applying the Decision Adapter to another RL Algorithm

The first experiment in this section demonstrates that our Adapter architecture is in-
deed agnostic to the RL algorithm used. In particular, we apply our model to Proximal
Policy Optimisation (Schulman et al. 2017, PPO), a widely-used on-policy actor-critic
method (Packer et al. 2018; Spitznagel et al. 2021). We again use the CleanRL im-
plementation (Huang et al. 2022) and consider the Unaware and Concat models as
baselines. Furthermore, we train for more steps than SAC, since PPO is generally less
sample efficient, partially because it is an on-policy algorithm (Haarnoja et al. 2018).

The results are shown in Figure 6.11. Our Adapter still outperforms the Unaware
model, and there is no statistically significant difference between the Adapter model
and the Concat baseline at the end of training. We note that here, both the Unaware
and Concat models used a three-layer network architecture of 204 nodes, as this out-
performed a shallower but wider network with an equal number of parameters.

Overall, PPO performed slightly worse than SAC. This is not unexpected, as prior work
has shown that SAC can outperform PPO in certain continuous-control tasks (Haarnoja
et al. 2018). This may be due to SAC’s maximum entropy objective that incentivises
robustness (Eysenbach and Levine 2022). Furthermore, PPO generally results in more
noise across seeds, indicating that its training is potentially less stable. This instability
could also contribute to worse generalisation performance.
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Figure 6.11: Illustrating the performance of our Decision Adapter when using PPO.
Mean performance is shown, with standard deviation shaded.

6.2.2 Adapter Architecture

Here we examine the effects of changing the Adapter module’s network architecture.
We are interested in how the architecture impacts performance for two reasons. First,
we wish to empirically justify our bottleneck architecture. Second, we wish to show
that the Adapter performs well with a wide variety of network architectures, and is not
particularly sensitive to this choice.
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Figure 6.12: Evaluating the effect of different adapter architectures. Mean performance
is shown, with standard deviation shaded.

As discussed in Section 4.2 and Section 5.4, we use a bottleneck architecture of size 32.
Thus, the 256-dimensional features are transformed into 32-dimensional features and
then projected back to 256 dimensions. We denote this architecture as [32], since the
adapter has a single hidden layer of 32 neurons. Figure 6.12 illustrates the performance
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for various other adapter architectures. Most methods perform comparably, but using
8 hidden nodes or not having any hidden layers performs slightly worse than the base
architecture. A large hidden layer of 256 nodes also does not outperform our bottleneck
architecture. Finally, there is no particular benefit to having multiple layers in the
adapter module. Our statistical analysis indicates that there is a statistically significant
difference in performance between [32] and both the [8] and [ ] configurations, with
p < 0.05. Conversely, the differences between the [32] bottleneck architecture and the
other alternatives are not statistically significant.

6.2.3 Hypernetwork Chunking

Next, we compare our default architecture choice, which uses hypernetwork chunking,
against non-chunking settings. We do this because hypernetwork chunking allows us
to have significantly fewer learnable parameters (resulting in faster training) compared
to the alternative of predicting the entire weight vector in one forward pass. Thus,
if our approach performs comparably or better than non-chunking settings, then the
chunking architecture is justified.
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Figure 6.13: Comparing hypernetwork chunking (Base) compared to various non-
chunking configurations as well as using larger chunks (Chunked[66, 66]). Mean per-
formance is shown, with standard deviation shaded. Here, the values in the brackets
represent the number of hidden nodes per layer, with [ ] corresponding to a hypernet-
work that has no hidden layers.

We consider a non-chunking hypernetwork architecture of no hidden layers, as well
as 2 and 3 hidden layers of size 100, respectively. Our final option is a chunked hy-
pernetwork, with chunks of size 660, and two hidden layers of size 66 each (this is
roughly twice as large as our default configuration option discussed in Section 5.4.3).
These results are shown in Figure 6.13. We find that both chunking configurations
perform the best, with no statistically significant difference between the base and the
larger chunking variation. The non-chunking approaches perform slightly worse, par-
ticularly if the hypernetwork has no hidden layers. The difference between the base
model and each of the non-chunking options is statistically significant, with p < 0.05.
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These non-chunking configurations also have significantly more learnable parameters
than the default. For instance, the base setting results in the actor’s hypernetwork hav-
ing around 16k parameters, whereas the [100, 100], non-chunking setting corresponds
to roughly 1.7M parameters. In summary, by using hypernetwork chunking, we can
obtain high performance while using a very small number of learnable parameters.

6.2.4 Skip Connection

Here we investigate whether a skip connection is beneficial or not. As mentioned in
Section 4.2, the skip connection sets the updated x as x = A(x) + x, whereas if we
remove it, the function becomes just x = A(x). In Figure 6.14, we can see that using
a skip connection performs similarly to the alternative, and we find no statistically
significant difference in performance. This shows that the Decision Adapter is robust to
this parameter, and can perform well with or without a skip connection.
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Figure 6.14: Evaluating the effect of using a skip connection. Mean performance is
shown, with standard deviation shaded.

6.2.5 Adapter Location

We next examine the effects of changing the location of the adapter module in our
network, and what happens if we have multiple modules. This information would be
useful when using our method in practice, and deciding where and how many mod-
ules to place. There are generally many options regarding the location, as an adapter
module can be placed between any two layers of the primary network.

As described in Section 5.4, our actor network consists of a “trunk”, containing one
hidden layer, which maps the state to a 256-dimensional feature vector, and a one-layer
action head, directly mapping the trunk features to an action. Here we consider the
following locations for the adapter in both the actor and critic networks:

Base The standard adapter used in the rest of this chapter, which is placed before the
action head’s layer. In the critic, the adapter is placed before the last layer. This
corresponds to location (C) in Figure 6.15.
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Figure 6.15: Showing the base network architecture, with letters indicating adapter
positions. For instance, an adapter placed at location (D) receives the action as input
and returns a modified one.

BaseF Placing the adapter in the actor network before the final layer of the trunk,
leaving the critic unchanged (location B).

Start The adapter here is at the start of both networks, i.e., the adapter module receives
the state as input (location A).

End Here, we place the adapter at the very end. Thus, the adapter takes in the pre-
dicted action and outputs a modified one. The critic’s adapter is also placed at the
end. This corresponds to location (D) in Figure 6.15.

AllF Three adapter modules, one at the start of the trunk, one before and one after its
final layer. The critic also has three adapters, one at the start, one before the last
layer and one after the last layer. The actor has adapters in locations (A), (B) and
(C).

In all cases, to ensure comparability against the base model, there is no activation func-
tion after the trunk in the actor model. These results are illustrated in Figure 6.16.
Overall, the base model performs the best, with statistically significant differences be-
tween the base and all other options. The adapter in the trunk performs slightly worse
and the performance is quite poor if we put the adapter modules at the start of the
networks. If we have three adapter modules, the performance is similar to only having
one before the final layer. Finally, when adapting only the final action, the performance
is also poor. Overall, the performance is low if we have the adapter only at the very
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start or end of the network. Within a range of locations in the “middle” of the network,
however, the performance is high and only slightly worse than the default setting.

0.0 0.5 1.0 1.5 2.0 2.5 3.0
Training Time (Steps) 1e5

0

25

50

75

100

125

150

175

200
M

ea
n 

Ev
al

. R
ew

ar
d

Base BaseF Start End AllF

Figure 6.16: Evaluating the effect of the adapter module’s location. Mean performance
is shown, with standard deviation shaded.

6.2.6 Activation Function Before Adapter

Our final ablation considers the benefits of not having an activation function before the
adapter module inside the actor network. We perform this experiment to determine
if our choice of not having an activation function before the adapter in the actor is
justified, and if it is necessary to do the same for the critic.
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Figure 6.17: Comparing the effect of having an activation function before the adapter
vs. not. The blue, green and red lines alter the actor’s architecture, whereas orange
changes the critic. Blue corresponds to the base choice outlined in Section 5.4.3. Mean
performance is shown, with standard deviation shaded.

Here we consider four options: (1) not having an activation function after the trunk; (2)
having one; (3) having an activation function after the trunk, but only for the standard
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deviation head; and (4) not having an activation before the adapter in the critic. Option
(1) corresponds to the default choice. These results are shown in Figure 6.17. Not
having an activation function outperforms having one, and having an activation for only
the standard deviation head is similar to not having one. While there is a statistically
significant difference between the base option and having an activation function, there
is no significant difference between the base option and the other alternatives. Thus,
not having an activation function before the adapter inside the critic network performs
as well as the base option, which has this activation. Overall, this result justifies our
design choice by showing that it performs comparably to or better than the alternatives.

6.3 What are the Limitations and Failure Cases of the
Decision Adapter?

Having shown that, in general, incorporating context is beneficial, and that the Deci-
sion Adapter outperforms the baselines, we now consider some counterpoints and fail-
ure cases. Identifying these failure cases is important, and would allow us to develop
approaches that address these issues. In particular, we investigate how incorrectly nor-
malising contexts affects the Adapter in Section 6.3.1. Next, we examine the effects
of not receiving the exact ground truth context during evaluation in Section 6.3.2. We
finally determine how much the exact set of training contexts matters, and how suscep-
tible our method is to overfitting in Section 6.3.3. For each section, we are interested
in how the change affects the Adapter and provide results for the Concat model for
reference.

6.3.1 Suboptimal Context Normalisations

ODE

As discussed in Section 5.4.1, we first normalise the context before passing it to the
agents. This is generally done by using the largest absolute value encountered during
training. For instance, for the experiment in Section 6.1.1, we used cnorm = c−0

5
as

the normalisation function. Here we determine how sensitive the Decision Adapter is
to changes in this procedure. This is useful as we may often need to choose the nor-
malisation factor without knowing exactly which variations we will encounter during
evaluation. To do this, we run four additional experiments similar to the one in Sec-
tion 6.1.1, with normalisation values of 0.1, 1.0, 2.0 and 15.0, respectively. The results
are shown in Figure 6.18, and we can see that the Concat and Adapter models are both
robust to the normalisation value. Our Decision Adapter loses less performance than
the Concat model as we change the normalisation value. Despite losing some perfor-
mance as the context normalisation value increases, both context-aware models still
outperform the Unaware model.
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Figure 6.18: Showing the overall performance (y-axis) of each context-aware model
after 300k steps as we change the context normalisation value (x-axis). Mean perfor-
mance is shown, with standard deviation shaded.

CartPole

We now consider a similar setup in CartPole. In particular, we train on the Small setting
of the Pole Mass context feature (see Table 6.1). We choose this variable as the Unaware
model generalises equally well regardless of the training contexts (see Figure 6.5). We
consider two scenarios: In the first, we normalise with respect to the Small setting (i.e.
cnorm = c

0.01
). Thus, during training, the normalised context had a value of 1.0; during

evaluation, it was nearly always larger than 1.0. In the second case, we normalise with
respect to the X-Large setting (corresponding to cnorm = c

1
). We trained on the Small

pole length for both settings. Figure 6.19 shows the results for this experiment. When
normalising with respect to the Small setting, the Concat model fails to generalise at
all, and the Adapter performs worse than Unaware. When changing the normalisation,
however, the context-aware models perform significantly better.

Summary

Thus, the Decision Adapter is relatively robust to small changes in context normalisa-
tions. However, when encountering evaluation contexts that are 100 times larger than
during training, appropriate normalisation is crucial and can make a drastic difference
– even when training on the exact same contexts. As seen in the ODE, having a normal-
isation value that is slightly too large does not cause significant performance penalties.
Thus, normalising the contexts with a larger value than expected during training is a
good heuristic.

60



0.0 0.2 0.4 0.6 0.8 1.0
0

100

200

300

400

500
M

ea
n 

Ev
al

. R
ew

ar
d

Normalisation = 0.01

0.0 0.2 0.4 0.6 0.8 1.0
1e5

Normalisation = 1

Training Time (Steps)

Unaware Concat Adapter Optimal

Figure 6.19: Evaluating on changing Pole Mass (similar to Figure 6.5) when normalis-
ing with respect to (left) Mass = 0.01 and (right) Mass = 1.0. In both plots, the models
trained on Mass = 0.01. Mean performance is shown, with standard deviation shaded.

6.3.2 Context Noise

Now, while we use the ground truth context to isolate the effect of the network archi-
tecture on generalisation performance, this is not always available (Zhou et al. 2019;
Sodhani et al. 2022). As discussed in Section 3.2, a common approach is to learn a
context encoder that uses experience in the environment to infer an approximation to
the context, which is then used to act. This encoded context, however, may not al-
ways be entirely accurate. Thus, in this experiment, we examine how sensitive each
context-aware model is to receiving noisy contexts during evaluation. We consider two
cases; the first is where the models received the uncorrupted context during training,
and the second is where the models also encountered noise during training. The first
case could reasonably occur in reality, since we may have access to the ground truth
context during training, but not evaluation (Yu et al. 2017). The second case, where
we train with noise, could correspond to training the RL policy alongside the context
encoder, leading to some noise during training. This case additionally allows us to ex-
amine whether training with noise increases the models’ robustness to context noise
during evaluation.

We take the models trained during the primary CartPole experiments, in Section 6.1.2,
where we varied the pole length. We use the model checkpoints that were trained
for 600k timesteps, as both the Concat and Adapter models did not improve much by
training for longer than this (see Figure 6.7). The noise we add here, corresponding to
normally distributed noise with varying standard deviations, was added to each context
dimension instead of just the one representing pole length. We experiment with a stan-
dard deviation σ ∈ {0, 0.05, 0.1, 0.2, 0.5, 1}. The noise was added after normalising the
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contexts such that the largest training context had a value of 1.0. Thus, a standard devi-
ation of 1.0 represents a substantial amount of noise. In addition to the models trained
without noise, we additionally train models that encountered noise during training. In
particular, we consider standard deviations σ ∈ {0.1, 0.5}, and change no other aspect
of training.

The results are illustrated in Figure 6.20. The left pane shows the performance of
the models trained without noise. Overall, these results show that the Concat model
is more susceptible to noisy contexts than our Adapter, bolstering the argument that
treating context as a state dimension is not ideal (Benjamins et al. 2022). Both models,
however, generalise worse as the context becomes more inaccurate. This is in contrast
to the Unaware model, which performs equally well regardless of the level of context
noise. The Adapter still outperforms the Unaware model until the noise level reaches
around σ = 0.5. This noise level, however, is very large, and σ = 0.5 corresponds to a
pole length of 3 meters. The default pole length is 0.5 meters, and the largest training
length is 6 meters.

When training with a small amount of noise (Figure 6.20, middle) both models perform
similarly to training without noise. However, when training with a large amount of
noise, corresponding to the right pane of Figure 6.20, the Concat model becomes more
robust to noisy contexts, but the Adapter performs worse. In particular, the Adapter
model exhibits a large amount of variation across seeds, indicating that some seeds
performed badly. On average, the Adapter performs similarly to the Unaware model
until the level of context noise increases beyond the training noise of σ = 0.5.
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Figure 6.20: Comparing the average evaluation reward (after 600k steps) as a function
of the standard deviation σ of the Gaussian noise added to the context during evalua-
tion. In the left pane, the models trained without noise are shown. The middle pane
corresponds to training with σ = 0.1 and the right pane shows the results when train-
ing with σ = 0.5. Mean performance is shown, with standard deviation over 16 seeds
shaded.

6.3.3 The Effect of Training Contexts

We next consider the effect of changing the set of training contexts. Here we aim to
briefly illustrate that the training context range can have a large effect on the perfor-
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mance of the agents. In particular, we consider the ODE domain and 8 separate sets
of training contexts. In all of these cases, we keep the normalisation consistent at
cnorm = c

5
to ensure comparability. The results when training on each context set are

shown in Figure 6.21. Overall, when we have a single positive and negative training
context, performance is poor when this context is very small (a), and increases as it
becomes larger (d and f). When we have multiple contexts, but insufficient variation
(b, c, e), then performance is also suboptimal. For instance, in (b), the training contexts
cover only the small region [−1, 1]. In (c), the training set of contexts does not contain
any negative contexts, leading to poor generalisation. Finally, if contexts are varied,
but spread out too far (g), the performance also suffers.
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Figure 6.21: Here we examine the performance when training on different sets of con-
texts. The text beneath each plot indicates the training context set, with ±c indicating
that both c and −c are in the context set. For instance, in (a), the models were trained
on a context set of Ctrain = {−0.1, 0.1}. Mean performance is shown, with standard
deviation shaded.

Overfitting

Another potential issue we may encounter is overfitting, which can occur when the
training range is not diverse enough. To illustrate this problem, we conduct an experi-
ment in the multidimensional ODE setting using the following set of training contexts:

{(1, 1), (1,−1), (1, 0), (−1, 1), (−1,−1), (−1, 0), (0, 1), (0,−1)}

The results, presented in Figure 6.22, demonstrate that the Decision Adapter performs
well initially but its generalisation performance suffers as training progresses. Specifi-
cally, as shown in Figure 6.22b and Figure 6.22c, our model exhibits worse extrapola-
tion performance due to overfitting on the narrow training contexts.
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Figure 6.22: Showing (a) the overall performance over time on the entire evaluation
range. In (b) and (c) we show the performance of the Adapter at two points in training.
In (a), we plot mean performance and shade the standard deviation; for (b) and (c),
we show only the mean over the seeds.
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6.4 Summary and Discussion

In this chapter, we demonstrated the effectiveness of our Adapter in particular, and
context in general, in several settings. We originally set out to answer three primary
questions, which we discuss now.

Does the Decision Adapter Generalise Better than our Baselines?

The answer to this question is yes. Overall, we demonstrated in Section 6.1.1 that
our Adapter generalises better than our baselines when context is necessary. Next,
in Section 6.1.2, we showed that incorporating context generally can lead to faster
generalisation, and that our Adapter performs comparably to our baselines. Finally,
in the more challenging Ant environment (Section 6.1.3), our Adapter performed the
best across the two different variation settings. In particular, when varying friction, the
Adapter learned faster than the Unaware model, both of which outperformed Concat.
When varying mass, the Adapter and Concat models both outperformed the Unaware
agent, as context was necessary. Thus, in more complex settings, the Adapter provides
a good balance between these two models, and can mitigate the limitations of each
approach.

cGate exhibited poor extrapolation performance, showing that our generalisation of
this approach is indeed beneficial, and contributes to improved performance. While
FLAP performed well in some cases, it generally took longer to converge, and struggled
with multiple dimensions in the ODE environment. Additionally, FLAP needs to train a
separate policy for each training context, whereas our Adapter has a consistent number
of learnable parameters regardless of the number of training environments. Finally,
FLAP requires a modified training procedure, while our approach can directly be ap-
plied to the standard RL training loop, as it is a drop-in replacement for the agent’s
network.

How Sensitive is the Decision Adapter to its Configuration Options?

The Decision Adapter is not particularly sensitive to the exact configuration options.
In particular, in Section 6.2.1, we demonstrated that our method could be applied
to another popular RL algorithm, PPO, making it widely applicable – which is one of
the benefits of the concatenation-based model. Furthermore, the default configuration
options we chose performed well, and, in most cases, we found several other settings
that performed comparably. However, placing the adapter only at the start or end of
the agent’s network resulted in poor generalisation.

Due to this robustness to hyperparameters, we expect our Adapter model to readily
generalise to other environments with the default hyperparameters we have chosen –
even if these default hyperparameters are not completely optimal in the new environ-
ment. Provided that the context normalisation is performed adequately (using, e.g.,
the approach outlined in Section 5.4.1), we foresee no major obstacles to applying our
method to other domains or algorithms.
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What are the Limitations and Failure Cases of the Decision Adapter?

We found that using an incorrect and noisy context generally resulted in the Adapter
and Concat models performing worse, particularly as we increased the level of noise.
While our Adapter was more robust to this effect than the Concat model, its generali-
sation performance still suffered. Although training in the presence of a small amount
of context noise did not affect the Adapter much, training on a large amount of noise
resulted in worse performance. Secondly, while our Adapter performs well when the
context normalisation is incorrect by a factor of 2 or 3, its performance does suffer
when the normalisation value is orders of magnitudes too small. The Adapter still out-
performed the Concat model in this case, but was itself outperformed by the Unaware
model. In cases such as these, it may be that a context-unaware model performs the
best, as it is not affected by poor normalisation or a low-quality context approximation.
This, however, would only work if there exists a single policy that performs well in
multiple settings; for instance, in CartPole. In environments where context is imper-
ative, such as the ODE or Ant, incorporating context is our only option, even if it has
some potential pitfalls. Furthermore, when training on a context range that was too
narrow or did not exhibit sufficient variation, our model was susceptible to overfitting,
which led to worse generalisation. Even if our model does not overfit, an overly narrow
context range would also lead to poor generalisation. Thus, ensuring that agents are
trained in sufficiently diverse environments is still important.

A final limitation of our Adapter is its longer training time compared to other methods.
In particular, while we trained for the same number of timesteps as the other methods,
and used a similar number of parameters, the Adapter generally takes longer (in terms
of wall clock time) to train than other methods. This is likely caused by the hypernet-
work that we use, which we did not optimise. Caching the generated weights for a
particular context (which would be possible because context remains constant for an
entire episode), or more effectively batching the forward passes through the Adapter
could ameliorate this issue.
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Chapter 7

Conclusion and Future Work

Reinforcement learning has great potential in various domains, but its real-world ap-
plication is hindered by poor generalisation (Kirk et al. 2023). In this dissertation, we
considered the problem of generalising to new transition dynamics, an important sce-
nario with applications to control and robotics tasks (Doshi-Velez and Konidaris 2016).
We introduced a new neural network architecture, the Decision Adapter, inspired by the
success of adapters in other fields (Rebuffi et al. 2017; Houlsby et al. 2019; Mahabadi
et al. 2021). This model uses context to generate a neural network that processes
the state information, allowing the agent to modulate its behaviour based on context.
Our approach allows much of the agent’s policy to be shared across contexts, with the
adapter module providing context-specific modifications. We empirically demonstrated
that our model could improve generalisation compared to alternative approaches in
several domains. In particular, our model outperformed the current default paradigm
of simply concatenating the state and the context. We further showed that – when
not encountering noise during training – our model is more robust to receiving noisy
contexts than this concatenation-based model. Moreover, our approach can be eas-
ily integrated with multiple RL algorithms, making it a versatile and effective tool for
addressing the generalisation problem. Additionally, our Adapter significantly outper-
formed a context-unaware model in cases requiring context to generalise well. In other
cases, where context is not essential, we still performed comparably to, or better than,
the Unaware model. Lastly, we demonstrated that our Adapter can effectively be ap-
plied to a real-world robotics task, where it performed well in various settings.

There are numerous avenues for future work. The most immediate aspect that merits
further investigation would be the application of the Decision Adapter to other types
of variation, such as generalising over changing observations or rewards. While we
focus on the dynamics generalisation case, there is no fundamental reason why our
architecture could not be applied to other settings. Next, while we assumed access to
the ground truth context to isolate the method of context incorporation, it may not
always be available, especially in real-world settings (Chen et al. 2018). Therefore,
incorporating our approach into a context inference pipeline – as an alternative to
simply concatenating the context and state – would be a promising next step. Using
context encoders such as those introduced by Lee et al. (2020) or Sodhani et al. (2022)
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alongside our Adapter would ideally improve the generalisation of these methods while
not assuming any external information. Additionally, while our approach is agnostic to
the RL algorithm used, it would be promising to investigate whether some algorithms or
learning methods are particularly well-suited to our hypernetwork-based architecture.

Moreover, as discussed in Section 6.4, our Adapter does have some limitations. For
instance, if the normalised evaluation contexts have large magnitudes (|cnorm| ≫ 1),
the Adapter’s performance suffers. This would not be a problem when an inferred
context is used, because it could be constrained to be within a specific range by using
an appropriate activation function. When using the ground truth context, clipping the
normalised context or applying an activation function to it to limit its range could be
feasible options that merit investigation. Additionally, the Decision Adapter performs
worse as the context becomes more inaccurate. The Adapter’s robustness could poten-
tially be improved by, as is commonly done, training the RL policy while the context
encoder is still busy learning (Sodhani et al. 2022). If a large amount of additional
noise is added during training, the Adapter’s performance suffers. Investigating ways
to mitigate this would be important; for instance, by starting with a small amount of
noise and increasing it as training progresses. Furthermore, the agent’s architecture is
but one aspect required for generalisation; another important consideration is the dis-
tribution over contexts (Kirk et al. 2023). In particular, if the training contexts are not
diverse enough, the Decision Adapter is susceptible to overfitting, leading to worse gen-
eralisation. Thus, it would be promising to incorporate our approach into the field of
unsupervised environment design (Wang et al. 2019; Dennis et al. 2020; Parker-Holder
et al. 2022) as an alternative to the current approach of solely training unaware mod-
els. Additionally, approaches such as early stopping or regularisation could be used to
avert the problem of overfitting (Ada et al. 2022). Finally, we focused on empirically
demonstrating the benefits of our approach. However, incorporating theoretical guar-
antees about how far an agent can generalise outside of its training context set would
be helpful to safely deploy agents in the real world. Kenton et al. (2019) and Fu et al.
(2023) are promising preliminary works in this direction, but more research is needed.

In summary, we have presented the Decision Adapter as an effective way to incorporate
context into reinforcement learning. Our experiments demonstrated that the Deci-
sion Adapter outperforms several baseline methods, including the standard approach
of concatenating the state and context. Importantly, the Decision Adapter can serve as
a drop-in replacement for the concatenation-based method, as it does not require any
modifications to the training procedure and is agnostic to the RL algorithm used. Thus,
the Decision Adapter offers a practical and high-performing solution for incorporating
context into a wide range of reinforcement learning problems.

It is important to note that our work is just one step towards addressing the gener-
alisation problem in reinforcement learning. There are still some settings where the
unaware model outperforms the context-aware ones, and more work must be done to
address this issue. Nevertheless, we hope that our research will be useful for future
RL practitioners, and will contribute to the ongoing efforts to improve generalisation in
the field.
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