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Abstract. We consider the challenging scenario of contextual ban-
dits with continuous actions and large context spaces. This is an
increasingly important application area in personalised healthcare
where an agent is requested to make dosing decisions based on a
patient’s single image scan. In this paper, we first adapt a reinforce-
ment learning (RL) algorithm for continuous control to outperform
contextual bandit algorithms specifically hand-crafted for continuous
action spaces. We empirically demonstrate this on a suite of standard
benchmark datasets for vector contexts. Secondly, we demonstrate
that our RL agent can generalise problems with continuous actions
to large context spaces, providing results that outperform previous
methods on image contexts. Thirdly, we introduce a new contextual
bandits test domain with multi-dimensional continuous action space
and image contexts which existing tree-based methods cannot han-
dle. We provide initial results with our RL agent.

1 Introduction

We consider the challenging scenario of contextual bandits with
continuous actions and large “context” spaces, for example 2D or
3D images. This setting arises naturally when an agent is repeatedly
requested to provide a single continuous action based on observing
a context only once. In this scenario, an agent acquires a context,
chooses an action from a continuous action space, and receives an
immediate reward based on an unknown loss function. The process
is then repeated with a new context vector. The agent’s goal is to
learn how to act optimally. This is usually achieved via minimising
regret across actions selected over a fixed number of trials.

Our work is motivated by an increasingly important application
area in personalised healthcare: An agent is requested to make dos-
ing decisions based on a patient’s single image scan (additional scans
after treatment can potentially be damaging to the patient) [16].
This is an unsolved domain; current bandit methods fail to handle
the large context space associated with medical scans and the high-
dimensional actions required to control dosing decisions.

We consider this problem under the contextual bandits framework.
Contextual bandits are a model for single-step decision making un-
der uncertainty where both exploration and exploitation are required
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in unknown environments. They pose challenges beyond classical
supervised learning, since a ground truth label is not provided
with each training sample. This scenario can also be considered as
one-step reinforcement learning (RL), where no transition function
is available and environment interactions are considered independent
and identically distributed (i.i.d).

There are well-established methods for contextual bandit prob-
lems with small, discrete action spaces, often known as multi-armed
bandits with side information. The optimal trade-off between
exploration and exploitation is well studied in this setting and
formal bounds on regret have been established [1, 4, 13, 14, 26].
However, there is relatively little research into bandits for continuous
action spaces, that frequently arise in real world scenarios. Recent
works have focused on extreme classification using tree-based
methods to sample actions from a discretized action space with
smoothing [22, 28]. However, developments in RL for continuous
control beg the question: Can we use single-step policy gradients to
solve contextual bandits with continuous actions?

Real world contextual bandit problems, such as those in health-
care, require solution methods to generalise to large context spaces,
i.e. directly from images. We posit that existing tree-based meth-
ods are not well suited to this task in their current form [5, 22, 28].
However, recent breakthroughs in deep RL for sequential decision
making [3, 15, 27, 31] have successfully demonstrated continuous
control abilities directly from pixels. In this regard, neural networks
have proven powerful and flexible function approximators, often em-
ployed as parametric policy and value networks directly from image
inputs. The adoption of nonlinear function approximators often re-
duces any theoretical guarantees of convergence, but works well in
practice. Underpinning this recent work in deep RL for continuous
control from pixels is the deterministic policy gradient that can be
estimated much more efficiently than the usual stochastic policy gra-
dient [27, 33].

The contributions of our work are as follows:

1. We modify an existing RL algorithm for continuous control and
demonstrate state-of-the-art results on contextual bandit problems
with continuous actions. We benchmark our approach on four
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standard OpenML datasets across two settings: online average
regret and offline held-out costs.

2. We propose a deep contextual bandit agent that can handle
image-based contexts and continuous actions. To the best of
our knowledge, we are the first to tackle the challenging setting
of multi-dimensional continuous actions and high-dimensional
context space. We demonstrate state-of-the-art performance on
image contexts.

3. Finally, we propose a new challenging contextual bandits domain
for multi-dimensional continuous actions and image contexts. We
provide this challenging domain as a new testbed to the commu-
nity, and present initial results with our RL agent.

Our new contextual bandit test domain is based on a popular 2D
game of Tanks: where two opposing tanks are situated at opposite
sides of the game screen. The agent (right hand side) must learn to
accurately fire trajectories at the enemy tank (left hand side). To do
so, the agent has agency over three continuous action dimensions: the
agent x-location, its turret angle and its shot power. Three example
Tanks domain context images are provided in Figure 2.

2 Related Works

A naive approach to dealing with continuous actions is to simply
discretise the action space [34]. A major limitation of this approach
is the curse of dimensionality: the number of possible actions
increases exponentially with the number of action dimensions. This
is exacerbated for tasks that require fine control of actions, as they
require a correspondingly finer grained discretisation, leading to
an explosion of the number of discrete actions. A simple fixed
discretization of actions over the continuous space has been shown
to be wasteful, and has led to adaptive discretization methods, e.g.
the Zooming Algorithm [19, 20].

Building upon the discretisation approach, extreme classification
algorithms were recently developed [22, 28]. These works use
tree-based policies and introduce the idea of smoothing over actions
in order to create a probability density function over the entire action
space. The authors provide a computationally-tractable algorithm
for large-scale experiments with continuous actions. However, their
optimal performance guarantees scale inversely with the bandwidth
parameter (the uniform smooth region around the discretised action).
The authors of these works provide no theoretical or empirical
analysis investigating the effects of large context sizes. For these
reasons, we propose an RL agent based on a single-step policy
gradient [36] that scales well with context size to handle continuous
actions and large context spaces.

Prior works have framed personalised healthcare problems as
contextual bandits problems [17, 30]. A single-step actor-critic
method was proposed for binary actions relating to just-in-time
adaptive interventions [25]. However, until now, these methods
have been restricted to a small number of discrete actions and small
context vectors.

In contrast, the notion of deep contextual bandits has previously
been introduced in [40] to handle large context spaces. The authors
propose a novel sample average uncertainty method, however, it is
only suitable for discrete action spaces. To the best of our knowledge,

no prior works have focused on the challenging intersection of con-
tinuous actions and large context spaces, and it is an under-explored
research area of particular interest in healthcare.

3 Preliminaries

Setting and key definitions:

We consider the i.i.d contextual bandit setting with continuous ac-
tions. In this setting, an agent acquires a context vector (or image)
x: from the context space X’ by observing the environment E at
timestep ¢. The agent chooses an action a; from a continuous ac-
tion space A = [0,1]", and receives an immediate cost based on
an unknown loss function I; : X x A — [0, 1]. The process is then
repeated with a new context at time ¢ 4+ 1. Unlike the standard RL
setting, there is no transition function in the bandit setting.

Existing contextual bandit literature for continuous actions make
the restriction that N = 1, i.e. a one-dimensional action space
is used. This constraint is relaxed for our proposed RL agent in
Section 5.2, however for notational simplicity, we restrict ourselves
to the N = 1 case here.

In general, an agent’s behaviour is defined by a policy. We define
a stochastic policy g that maps from the context space X — P(.A),
where P(.A) is the set of probability measures on A.

We define a vector of n parameters as 6 € R™, and 7g(a+ | x+)
as the conditional probability density associated with the policy pa-
rameterised by 6. We also define a deterministic policy p¢ that maps
contexts z; € X to specific actions in .A, similarly parameterised by
a vector 6.

For tree-based policy methods [22], a smoothing op-
erator is required: Smoothy A —  P(A), maps
each action a to a Uniform distribution over the interval
{a’ € A:la—a| <h}=[a—h,a+h]NA

Regret: Online vs Offline:

Over T rounds, an agent accumulates a history of interactions.
For example, after ¢ rounds, this experience is comprised of tuples
{(xi,ai,l:(xi,a;)) Y. Note that unlike in supervised learning, we
do not have access to the true label or optimal action.

One assumption in the contextual bandit setting is the availability
of an oracle to provide the loss value for a given context and action
pair. Traditionally, an agent’s goal is to minimise the expected cumu-
lative regret across a fixed number of 7' trials, which is equivalent
to minimising the online loss: J £ ZiTzl E[l¢(xs,ai)]. Note that
this expectation is under both the policy and a potentially stochastic
loss function, i.e. not a transition function.! In this online setting, an
agent has access to each trial only once and no prior knowledge of
the environment is assumed, and no burn-in phases is allowed.

Whilst online cumulative or average regret over a fixed number
of trials is a popular setting, it is also common in machine learning
to allow a dedicated learning or planning phase followed by an
execution phase to exploit the learning. In these cases, simple
regret [10] can also be a sensible consideration. In this offline setting
a dataset of experience is collected in advance and an agent relies on
multiple passes (or epochs) over the dataset of experience followed
by an evaluation on a held-out, unseen portion. We know that for
enough training samples offline validation will obey the Hoeffding

1 We provide an example of a stochastic loss function, induced by stochastic
action outcomes, in our new Tanks domain in Section 5.2.
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(Left:) CATS binary tree policy where each internal node routes a context vector left or right until a leaf node that represents an action center.

Smoothing is then applied to create a probability distribution over continuous action space A, and an action is sampled. Image taken from [38]. (Right): CATX

tree policy: re-implementation with multi-class classification networks at each tree-layer. Action discretization of 8 (pink leaves), tree depth of three with blue,

red and green classification neural networks, for input context . Image taken from [5]. Best viewed in colour.

bound [7], guaranteeing that with high probability the error discrep-
ancy between the training estimate and hold-out estimate will be
small. Therefore, in the offline setting, we report average costs (or
loss) on a held-out portion of the dataset.

Methods such as UCB1 are often used to minimise online cumu-
lative regret in discrete action settings [4, 9], or to identify the best
action in a best-arm identification setting. However, we cannot main-
tain statistics over the infinite actions available in the continuous set-
ting.

Continuous Armed Bandits:

Continuous armed bandits are an extension to the multi-armed
bandit (MAB) setting that have an infinite number of action values
available in a continuous range. Tractable algorithms, with prov-
able bounds on cumulative regret, often make use of a Lipschitz
assumptiorl2 [2, 18]. However, a simple fixed discretization of arms
over the continuous space has been shown to be wasteful, and
adaptive discretization has become a popular approach, e.g. the
Zooming Algorithm [19, 20]. Adaptive discretization has the same
worst-case regret as fixed discretization, but often performs better
in practice. However, the regret bounds for these algorithms rely on
prior knowledge of the Lipschitz constant.

A recent state-of-the-art method proposed smoothing over a
discretised action space in order to create a density over the entire
continuous action space [22, 28]. Continuous Actions + Trees +
Smoothing (CATS) is a recent algorithm that uses a pre-specified
bandwidth and number of discrete action bins to perform the task
of extreme classification for the continuous action setting [28].
We demonstrate in Section 5.2 that it does not scale well to image
contexts. We also evaluate an open-source re-implementation of the
CATS algorithm (CATX) [5]. CATX additionally shares parameters
within its tree-layers using multi-class classification neural networks
instead of binary trees (as the original implementation). We compare
our RL agent to both the CATS and CATX algorithms in Section 5.3,
and describe each in more detail next.

Continuous Action + Trees + Smoothing (CATS):

The CATS algorithm [28] was recently introduced as state-of-
the-art for the contextual bandits with continuous action spaces. It
is based on the idea of extreme classification using a decision tree
structure where internal nodes route a context vector to a probability

2 A function f : X — R which satisfies | f(z) — f(y)| < L.|z — y| for any
two arms z,y € X, is called Lipschitz-continuous on X, with Lipschitz
constant L.

distribution over continuous actions. That is, the algorithm performs
successive classifications within a binary tree structure, where the
number of nodes in each subsequent layer increases exponentially.
The authors define a Tree policy 7 as a complete binary tree of
depth D with K = 2P leaves, where each leaf v has a label function
label(v) = %7 ey % from left to right respectively, and
where each internal node v maintains a binary classifier f* € F the
class of binary classifiers from X — {left, right}.

Successive binary classifications route an input context to an
output bin, or action “center”. A CATS tree policy is depicted
in Figure 1 (left). An action is then sampled e-greedily from a
uniformly smooth region around the bin (defined by a bandwidth
parameter). The key idea is to smooth the actions: each action a is
mapped to a distribution over actions using a smoothing operator
introduced in Section 3. When the action space is the interval [0, 1],
P(A) = [a — h,a + h] N [0,1]. The authors state that the loss
function for smoothed actions is always well-behaved [22]. We point
readers to [28] for more details.

CATX:

A JAX re-implementation [5] builds and improves upon the orig-
inal CATS algorithm and is released open-source. The authors make
two key contributions: i) they integrate nonlinear function approx-
imators into the tree structure. Instead of binary classifiers at each
internal node they implement multi-class classification networks at
each tree layer; i7) each layer is represented by a network with out-
put shape equivalent to the nodes in that tree-layer, meaning that each
layer shares parameters. This is intended to stabilise training.

Figure 1 (right) depicts a CATX tree policy of depth three com-
prising of three multi-class classification neural networks (blue, red
and green), with increasing number of action-dimentions providing
a final action discretisation of 23 = 8 (bins). Similarly to CATS,
an action is sampled e-greedily from the smoothed P(A), i.e. a
smoothed region around the leaf node.

Deterministic Policy Gradients (DPG):

RL for continuous control has its origins in the Deep Q-Network
(DQN) [29] algorithm that combines advances in deep learning
with reinforcement learning (RL). This seminal work adapted the
standard Q-learning algorithm in order to make effective use of a
neural network as a flexible function approximator. However, while
DQN tackles problems with high-dimensional observation spaces,
it can only handle discrete and low-dimensional action spaces.
For learning in high-dimensional and continuous action spaces,
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previous work combines an off-policy actor-critic approach with a
deterministic policy gradient (DPG) [33]. DPG maintains an actor
function p(s]|6*), represented as a neural network and parameterised
by 6%, which specifies the current policy by deterministically
mapping states to specific actions. The critic function Q(s, a) is also
learned as a neural network using the Bellman equation. However,
since the action space is continuous, the critic is presumed to be
differentiable with respect to the action argument. This allows for
a policy gradient-based learning rule, and we can approximate the
best action-value to take max, Q(s, a) with Q(s, u(s)).

The standard REINFORCE, or vanilla actor-critic algorithms are
restricted to on-policy updates [35, 39]. This means that training
samples are collected according to the policy currently being opti-
mised for. These samples are then discarded and cannot be reused.
However, DPG is an off-policy actor-critic approach [11] that does
not require full trajectories to learn and can reuse past interactions
by storing them in an experience replay buffer. This facilitates bet-
ter sample efficiency by allowing a behaviour policy to collect new
training samples to be decoupled from the deterministic policy be-
ing learned, providing better exploration. This allows the behaviour
policy to be stochastic for exploration purposes, but the target policy
remains deterministic.

Finally, combining DPG with insights from the success of DQN,
the deep deterministic policy gradients (DDPG) [27] algorithm
demonstrates solving continuous simulated physics tasks directly
from pixels. To achieve stability, the authors borrow ideas from
DQN, such as a replay buffer, soft update target networks, and added
a novel noise Ornstein-Uhlenbeck process to generate temporally-
correlated exploration noise.

We propose a deep contextual bandit agent for continuous actions
based upon the DDPG algorithm. We describe our notation and the
modifications to the standard DDPG algorithm in the next section.

4 Methodology

We define the contextual bandit setting as a single-step reinforce-
ment learning problem that can be specified by a Markov decision
process (MDP) [21, 35] with state space S and reward function
r: 8§ x A — R. We consider the state space equivalent to the
contextual bandit context space X defined in Section 3.

In the RL setting, the value of a state can be defined as the
expected total discounted future reward from that state onwards. The
return is defined to be the total discounted reward from time-step
T onwards, R} = 377 ykar(sk,, ay), for discount factor
0 < 7 < 1. The agent’s goal is to maximise the immediate reward
plus the estimated return. Notice that 7 refers to the timestep within
a trajectory evolving under a policy and transition function up to
some infinite horizon. Whereas, ¢ specifies the trial from 1" total
trials in a contextual bandit setting, i.e. the agent is provided with
i.i.d context vectors from the environment, i.e. x; ~ E. Given the
absence of a transition function in the bandit setting one major
insight is that we do not require an estimate for the return R7, as the
value of any future states collapses to the instant reward achieved
at the first time point. We can therefore consider this as a single-
step RL problem. Instead of maximising rewards, in the contextual
bandit setting it is common to minimise the equivalent loss I+ (z+, at).

We define the optimal single-step action-value function based

on the Bellman equation as: Q*(x¢,a;) = E[r(z¢,a:)], and the

mean-squared Bellman error (MSBE) function collapses to:

L(¢, E) = ( : [(Qs(z¢, ar) — r¢)?], for network parame-
zt,a¢,mt)~E

ters ¢ and environment £ [35]. Note we can interchange the rewards
r with losses depending on the environment.

One can note that we no longer require an estimate of the action-
value for the future states along our trajectory. A key innovation
in DQN [29] was to introduce a target Q network to decouple the
Q-value being optimised with the Q-value in the temporal difference
update for stability. However, since the contextual bandit setting
has no transition function, there is no need to estimate future
action-values. This means that our computation requirements are
reduced as we do not need to maintain a duplicate Q network, or
interleave learning with target network updates.

It is particularly useful to estimate the policy gradient off-policy
from actions sampled using a distinct behaviour (or exploration)
policy, that is B(a: | z¢) # w(ar | x:). We use an off-policy
actor-critic algorithm [11], coupled with a deterministic policy
network and deterministic policy gradients [33]. We estimate the
action-value function using a differentiable function approximator,
and then update a deterministic parametric policy g in the direction
of the approximate action-value gradient.

The fundamental result underlying our approach is the policy gra-
dient theorem [36]. We are specifically interested in the deterministic
policy gradient [33], and we adapt it here for the contextual bandit
setting:

Vo s (o) = /X P* (@) Vous(a | £)Q" (z, a)dz,

= ]EthE[Vf)Nf) (xt)VaQN (xtv at) ‘at:MB(zt)L

e))

where, p®(x) defines the state distribution visited under our
behaviour policy (3, which in the bandit setting is equivalent to
sampling contexts z+ from our environment £ at each timestep ¢.

There is a crucial difference between the stochastic policy gradient
and the deterministic policy gradient: In the stochastic case, the pol-
icy gradient integrates over both state and action spaces, whereas in
the deterministic case, it only integrates over the state space. This has
additional benefits for continuous or high-dimensional action spaces.

For exploration, we take inspiration from the literature [27]. We
construct a behaviour policy 3 by adding noise sampled from a noise
process AV to our deterministic actor policy:

B =z | 0F) + N, (@)

where N is chosen simply as a single-step Ornstein-Uhlenbeck pro-
cess to aid exploration.

5 Experiments
5.1 Stage 1: Continuous actions and vector contexts

Following the experimental protocol provided in [28] and [6], we
first evaluate the performance of our RL agent on four benchmark
OpenML datasets [37]. We use four widely-used benchmark datasets
from OpenML. They are open-source, publicly available, and ver-
sion controlled. We do not manipulate the datasets, except for down-
loading, normalising, and randomly splitting into train and test sets.
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Figure 2. Three example images from our new Tanks Bandit domain. Demonstrated here are three successful actions. Tanks in black (enemy is left, agent is
right of barrier), trajectory of action taken shown in red. 3-dimensional continuous actions are interpreted as a1 : z-location, ag : shot power, a3 : turret height.

Significant efforts have been made to ensure the reproducibility of
this work, and that the community can build upon our research. We
provide all our hyperparameters in the Appendix.

Each dataset has a single continuous action dimension and vector
context space. The four benchmark datasets are:

1. Wisconsin dataset: 32 dim state vector, 1 action dim, 194 samples.

2. CPU_act dataset: 21 dim state vector, 1 action dim, 8,192 samples.

3. Zurich Delays 5% dataset: 17 dim state vector, 1 action dim,
26,670 samples.

4. Black friday dataset : 9 dim state vector, 1 action dim, 166,821
samples.

We demonstrate the performance of our RL agent compared to
state-of-the-art tree-based policy method CATS [28], and the shared
parameter multi-class classification re-implementation CATX [5] as
described in Section 3.

We used an implementation of CATS released with pub-

lication [28]. It is developed in the open-source Vowpal
Wabbit framework [23]. The code performs a parame-
ter sweep over discretization and smoothing parameters:
J ={(K): h e {272 .27 K € {2%...2"3}},

and we report the best results. The hyperparamer settings for all
experiments presented can be found in Appendix ??. Similarly, we
used the open-source JAX implementation of CATX code [5], and
also swept for optimal hyperparameters per dataset.

Following the literature, we also compare to two baseline ap-
proaches: Firstly, dLinear, a discretized e—greedy algorithm which
by default uses a doubly robust approach for policy evaluation and
optimisation [32]. Secondly, dT'ree, is a discretized tree-based al-
gorithm which is equivalent to CATS without smoothing, i.e. zero
bandwidth. For all experiments we used € = 0.05.

5.2 Stage 2: Continuous actions and image contexts

In this section, we significantly increase the challenge by provid-
ing image based contexts. That is, we move away from small vector
context spaces, to high-dimensional contexts directly from pixels.
We evaluate performance on two image datasets and describe each
below:

1. a single-action dimension task based on the widely used MNIST
dataset [24].

2. anovel Tanks game with multi-dimensional continuous action pa-
rameters.

MNIST contains 60K training and 10K held-out samples, where
each is a 28 x 28 image. We define a continuous loss function
I(z¢,at) = |as — y¢|, where y; is the label provided as supervision
i.e. the digit value.

Tanks Domain:
We introduce a novel image benchmark domain for multi-
dimensional actions based on a 2D game of Tanks. See Figure 2
for three sample game images. For this new domain, we provide a
convenient OpenAl Gym [8] python interface to an existing popular
source game [12].

The Tanks domain is a new benchmark that we will release with
the paper. It has two challenging properties over existing contextual
bandit benchmark datasets:

1. large image context space (800 x 600 pixels)
2. three-dimensional continuous actions, A = [0, 1]", where N =
3.

The domain is flexible, such that the context x; can be provided
as either a low-dimensional vector describing the locations of key
objects in the scene, or directly as an image. In Figure 2 we show
three example game images that contain the ground, a randomly
placed barrier of random height, and an enemy tank with random
location to the left hand side of the barrier. A multi-dimensional
continuous action vector is required from the agent in order to shoot:
a1 : the x-location of its own tank (restricted to the right hand side
of the barrier); a2 : the power of its shot; and a3 : the height of its
turret.’ The resulting trajectories from three example actions can
be see overlaid onto Figure 2. Note that the agent does not get to
observe the trajectory as shown here. In Appendix Figure ??, we
show the only the context image z; available to the agent.

We intend for the Tanks domain to become a useful benchmark
in this challenging domain. As such, we provide two different loss
functions, one a smooth loss function and the second is sparse around
the enemy tank.

The smooth loss function is defined across the enemy’s potential
location, i.e. the left hand side of the barrier. We first define x; , as the
z-location where the fired trajectory intersects with the ground plane;
Te, as the z-location of the enemy tank; and xy, as the z-location of
the random barrier. Then the loss function for context z; and action

3 In Figure 2 the Power action as is scaled [0, 1] — [0, 100] and the turret
height a3 [0, 1] — [0, 9] for visual purposes only.
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ay is defined as:

li(z,a) = {xi —Ze|/xn  if(0—0) <zi < (xp) 3

1 otherwise,

where ¢ is a free parameter and set to 50 pixels by default.

The sparse loss is defined only around the enemy’s actual location:

0 if|es —xe| <9
li(z,a) = | . < 4)
1 otherwise,

where ¢’ is a free parameter and set to 30 pixels by default.

As described in Section 3 we evaluate both online regret and of-
fline held-out cost over an unseen validation set. Each agent was
trained for 50 epochs and 50 batches per epoch (further experimental
details are provided in Appendix 2?).

5.3  Results

To evaluate our agents we provide metrics based upon the two
settings introduced in Section 3: online regret minimisation, and
offline held-out costs. Online regret is popular in the Bandits
literature, where the agent has access to each training sample only
once. Offline held-out costs is popular in the RL literature, and
facilitates multiple passes over the dataset of experience during a
training phase. We simulate this setting by passing over the training
dataset for multiple epochs, and report the average cost on a held-out
validation set (10% of the dataset size unless otherwise stated).

Online Regret:

We report online regret on four benchmark OpenML datasets with
vector contexts in Figure 3 (left) (where lower is better). We provide
the dataset size reported along the z-axis (increasing from left to
right). In the online setting this is also the number of fixed trials 7"
the agent observes, i.e. each instance only once.

We can extract clear trends from the results: as the number of
trials the agent observes increases, i.e. for larger datasets, our RL
agent (yellow) begins to noticeably outperform the tree-based meth-
ods in average online regret. For example, Wisconsin is a very small
dataset, and provides only 194 trials to the agent. In this case, the
tree-based method CATS achieves the lowest online regret. However,
as the number of trials increases, for example in the Zurich and Fri-
day datasets, our RL agent achieves lowest regret.

This result is expected since our RL agent’s policy and value
neural networks require a certain number of policy gradient updates
in order to converge, after initialising with random weights. This
experiment demonstrates that our RL agent can outperform the
baseline agents when provided with enough examples.

Offline Costs:

We report the average offline costs on the four OpenML datasets
in Figure 3 (right) (lower is better). We hold out 10% of the available
dataset and report average costs on the held-out samples.

In the offline setting the agent has multiple passes over the train-
ing samples. In Figure 3 (right) we shaded the additional improve-
ment in performance by re-using the training data and iterating from
epoch O (bold) and epoch 10 (shaded) (30 for Wisconsin dataset).
We depicted the methods that re-used training data using a “+” in the
legend.

The results demonstrate a clear trend, that on held-out samples our
RL agent outperforms the tree-based methods on all datasets. The

shared-parameter implementation CATX also outperforms CATS.
This experiment demonstrates that our RL agent achieves the best
performance on unseen samples, outperforming standard contextual
bandit methods for continuous actions.

Image Context:

The substantially more challenging image context datasets are de-
scribed in Section 5.2. We report the held-out costs on the MNIST
dataset in Figure 3 (far right) (where lower is better).

We can clearly see our RL agent achieves the lowest average
cost, and continues to improve with more epochs of training (the
shaded agents had access to 10 epochs during the training phase).
Our RL agent is able to learn the required representations of high-
dimensional contexts in order to provide accurate continuous actions
without discretisation unlike the baseline methods. Further, the
shared-parameter CATX implementation outperforms the original
CATS algorithm that is not able to adequately route image contexts
to continuous actions using its learned binary tree policies.

Multi-dimension Actions and Image Context:

In this final section we provide our initial results applying our RL
agent to the novel, multi-dimensional continuous action Tanks do-
main. Neither of our baseline methods based on tree-policies (CATS
and CATX) can handle more than a single action dimension. We ex-
tend the RL formulation so that the policy neural-network outputs
a 3-dimensional continuous value for an action. All images were
rescaled to (32 x 32) greyscale images for this experiment.

In Figure 4 we present the training curves (lower is better) for the
online regret setting (left) and held-out costs (right) for four different
RL agents:

low-dimensional vector context (blue);

image context with smooth loss function in Equation 3 (orange);
image context with sparse loss function in Equation 4 (green);
random agent (red).

el

Figure 4 shows that the using the smooth loss function, our RL agent
is able to learn in both the online, and offline setting. We provide the
sparse loss function as a challenge to the community.

6 Discussion

In this paper we have adapted an RL agent for contextual bandit
problems with continuous action spaces based on the deterministic
policy gradients algorithm. We demonstrated it outperforms existing
tree-based policy methods specifically designed for this task. Our
approach is effective from vector context, as is standard in the
literature, and also from image contexts where existing methods fail
to handle the high dimensionality.

Traditionally, the design of contextual bandit algorithms has been
steered towards minimising cumulative (or average) regret over a
fixed number of 7" trials, with no burn-in phase, or sample re-use.
However in challenging real world scenarios, like those faced in
personalised healthcare, we propose designing agents that minimise
either simple regret or held-out costs after a training period. In this
way, flexible RL agents can be trained using policy gradients as in
our proposed method that re-use previous experience multiple times.
We have successfully demonstrated that this is possible from 2D
image contexts, and it is clear that as a community we must solve
these problems at a larger scale to address challenges in real world
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level (as is standard in the literature). The confidence intervals are noticeably larger for the small dataset sizes: Wisconsin and CPU datasets.

personalised healthcare, for example from 3D image scans.

Finally, existing works based on tree policies are limited to a sin-
gle action dimension. This is a major limitation to their approach. In
our new Tanks domain, we successfully demonstrated control of a 3-
dimensional continuous action value from image context. Our neural
network policy can be trivially extended to output more than a sin-
gle continuous action value and share parameters within the network
architecture, unlike existing bandit methods.

Whilst our paper introduces a new, open-source challenging
Tanks domain; Games have long provided a testbed for research
into intelligent agents, from DeepBlue to AlphaGo. It is worth
noting that although tanks are depicted in this game, the agents
intentionally do not resemble real world tanks, and the game does
not encourage violent actions. This simplified video game provides
a contextual bandit Environment where an agent faces a continuous
control problem: learn to predict a scoring trajectory by adjusting
the parameters of the tank, i.e. the actions, based on a single image
of the environment, i.e. the context.

This paper is under double-blind review. For this reason, we hon-
our confidentiality and have provided no links to Github repositories
or code.

Tanks Domain: Online Regret Tanks Domain: Offline Held Out Costs
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7 Conclusion

In this paper we have demonstrated state-of-the-art performance on
contextual bandit problems with continuous actions by modifying an
RL algorithm for continuous control. We outperform hand-crafted
contextual bandit algorithms for continuous actions in both online
regret and held-out costs. Furthermore, we have successfully demon-
strated generalising contextual bandits with multi-dimensional
continuous actions to large context spaces, such as images. We
provided state-of-the-art performance using RL, significantly out-
performing tree-policy methods on multiple standard benchmark
datasets.

Finally, we have introduced a new benchmark domain for contex-
tual bandits with multi-dimensional continuous actions and image
contexts. We provide this challenging domain to the wider research
community in the hope of stimulating additional research towards
solving these challenging domains, especially when using sparse
loss signals.

Whilst the motivation for this work comes from personalised
healthcare, we leave the application of our method to medical
datasets for future work. Similarly, for even larger context spaces,
for example 3D image scans, with few datapoints we expect that in-
tegrating unsupervised image representations with the RL agent will
be a promising avenue for future work.
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