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A BSTRACT
There are few ways to exploit, but there are many ways to explore. We propose a
reinforcement learning (RL) framework designed to study how to produce, adapt
and learn from diverse exploratory behaviours. The goal is to reduce the need
for tuning exploration by instead embracing this diversity, and adapting it to the
task at hand. The central mechanism is simple: the policy of a single deep RL
agent is modulated to produce many variants of its learned behaviour on the fly,
and closing the loop, all the experience generated by these variants is used for
off-policy training. This is combined with a dynamic adaptation mechanism that
attempts to generate more of the behaviours that are useful to the agent, at its
current phase of learning. We demonstrate on a suite of Atari 2600 games how
this approach produces results comparable to per-task tuning at a fraction of the
cost. In addition, we highlight a number of qualitative effects, such as emerging
task-dependent schedules, as well as different properties for different types of
modulation (e.g. stochasticity, consistency or optimism).

1

M ODULATED B EHAVIOUR

The agent’s source of data is its behaviour policy. The conventional RL perspective posits a single stream of experience generated by a unique behaviour policy. Recently, a different setting has
emerged with the advent of distributed RL agents that interact with parallel copies of the environment [15]; the new flexibility is that the agent can access multiple data sources in parallel. In this
context, we study simple modulation mechanisms for producing meaningfully diverse exploratory
behaviours that build on a single learned value function, with minimal computational overhead.
As usual in RL, the objective
of the agent is to find a policy π that maximises the γ-discounted
. P∞
expected return Gt = i=0 γ i Rt+i , where Rt is the reward obtained during the transition from
time t to t + 1. A common way to address this problem is to use methods that compute the action.
value function Qπ given by Qπ (s, a) = Eπ [Gt |s, a], i.e. the expected return when starting from state
s with action a and then following π [27]. A richer representation of Qπ that aims to capture more
information about the underlying distribution of Gt has been proposed by Bellemare et al. [3], and
extended by Dabney et al. [7]. Instead of approximating only the mean of the return distribution,
1
3
we approximate a discrete set of n quantile values qν (where ν ∈ { 2n
, 2n
, . . . , 2n−1
2n }) such that
π
P(Q ≤ qν ) = ν. Outside the benefits in performance and representation learning [34], these
quantile estimates provide a way of inducing risk-sensitive behaviour. We approximate all qν using
a single deep neural network with parameters θ, and define
Pthe evaluation policy as the greedy one
with respect to the mean estimate: πθ (·|s) ∈ arg maxa n1 ν qν (s, a). The behaviour policy is the
central element for exploration: it generates exploratory behaviour which is used to learn πθ ; ideally
in such a way as to reduce the total amount of experience required to achieve good performance.
Instead of a single monolithic behaviour policy, we propose to use a modulated policy to support
parameterized variations. The modulations z should satisfy the following criteria: (i) be impactful,
having a direct and meaningful effect on the generated behaviour; (ii) have small dimensionality,
to quickly adapt to the needs of the learning algorithm; (iii) have interpretable semantics to ease
the choice of viable ranges and initialisation; and (iv) be frugal, in the sense that they should be
1
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relatively simple and computationally inexpensive to apply. In this work, we consider five concrete
types of such modulations (many others are possible):
Temperature: a Boltzmann softmax policy based on action-logits, modulated by temperature, T .
Flat stochasticity: with probability  the agent ignores the action distribution produced by the
softmax, and samples an action uniformly at random (-greedy).
Per-action biases: action-logit offsets, b, to bias the agent to prefer some actions.
Action-repeat probability: with probability ρ, the previous action is repeated [20]. This produces
1
chains of repeated actions with expected length 1−ρ
.
Optimism: as the value function is represented by quantiles qν , the aggregate estimate Qω can be
parameterised by an optimism exponent ω, such that ω = 0 recovers the default flat average, while
positive values of ω imply optimism and negative ones pessimism.
We combine the above modulations to produce the overall z-modulated behaviour policy:
.
π(a|s, z) =

1

(1 − )(1 − ρ) P

e T (Qω (s,a)+ba )
1

0

T (Qω (s,a )+ba0 )
a0 ∈A e

+

(1 − ρ)
+ ρIa=at−1 ,
|A|

.
where zP = (T, , b, ρ, ω), Ix is the indicator function, and the optimism-aggregated value is
.
e−ων q
Qω = Pν e−ων ν . Now that the behaviour policy can be modulated in rich ways, all we need is
ν
a complementary mechanism that chooses a good distribution of modulations z.

2

A DAPTING M ODULATIONS

Diverse behaviour is necessary but not sufficient: for exploration to be effective, it must also be
efficient, i.e, ideally most of the generated experience should prove useful in learning a better policy.
Ideally, the distribution over modulations would be tailored to the task, and change over the course
of training, in a way that uses feedback from the learning dynamics. It is not practical to treat the
choice of such a schedule of distributions as a hyper-parameter to be tuned because the space of
possibilities is vast. On the other hand, no fixed choice of z is likely to be best across tasks, or
across stages of learning.
To that effect, we propose an adaptation mechanism that autonomously changes the probabilities
of the modulations online, so as to minimize useless data. Appendix A discusses how to quantify
useful experience
in general, for now, the simple choice for this work is to use the episodic return
. P
ft (z) = ai ∼π(Qθ ,z) Ri as fitness.
t

Our mechanism for adapting the distribution of z over time is designed to satisfy multiple objectives: (a) do not introduce new hyper-parameters that would require tuning; (b) make weak assumptions, for example accommodating both smooth and abrupt non-stationarity; (c) be capable of rapid
changes, i.e., from a handful of (possibly noisy) fitnesses. However, our setting also presents an unusual advantage because it is not critical to identify the very best z at each time t: for the purposes of
exploration, it suffices to spread probability among the set of modulations that produce reasonably
useful experience for learning.
Non-stationary bandit Simplifying the setting by restricting modulations to a discrete set of
choices z ∈ {z1 , . . . , zK }, or ‘arms’, lets us draw inspiration from the well-established literature
of multi-armed bandits [18]; specifically the class of non-stationary multi-armed bandits [5, 28],
while keeping in mind that in our case, the utility of the distribution does not factor linearly into the
utilities per arm, nor is the objective minimal regret. Concretely, our proposed non-stationary bandit
samples z according to the probability that it results in higher than usual fitness (measured as the
mean over a recent window over h episodes):
Pt (z) ∝ P(ft (z) ≥ mt ),

t−1
. 1 X
ft0 (zt0 ).
where mt =
h 0
t =t−h

Note that mt depends on the payoffs of the actually sampled modulations zt−h:t−1 , allowing the
bandit to become progressively more selective (if mt keeps increasing).
2
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Figure 1: No fixed arm always wins. Shown are normalized relative ranks of different fixed arms,
where ranking is done separately per modulation class (subplot). The score of 1 would be achieved
by an arm that performs best across all seeds (0 if it is always the worst). Dashed lines are ranks of
an oracle that could pick the best fixed arm in hindsight per game. The gap between the dashed line
and the maximum 1 indicates the effect of inter-seed variability in ranks, and the gap between the
dashed line and the highest bar indicates that different games require different settings. In all four
modulation classes, the performance of a curated bandit is comparable to that of the best fixed z.
Adaptive horizon and factored structure The choice of h can be tuned as a hyper-parameter,
but in order to remove all hyper-parameters from the bandit, we adapt it online instead, based on
how well the past h fitnesses explain the current fitness. Our concrete modulations z have additional
factored structure that can be exploited. For that we propose to use a separate sub-bandit for each
dimension z. This significantly reduces the total number of arms to be modeled, as compared to the
single flattened space, and allows for faster adaptation in the bandit. See Appendix B for details.

3

ATARI E XPERIMENTS

The central claim of this investigation is that the best fixed exploration hyper-parameters in hindsight
differ widely across tasks, and that an adaptive approach obtains similar performance to the best
choice without the costly per-task tuning. We report a broad collection of empirical results on Atari
2600 [2] that substantiate this claim, and validate the effectiveness of the proposed components.
From our results, we distill qualitative descriptions of the adaptation dynamics. To isolate effects,
independent experiments may use all or subsets of the dimensions of z. Our overall setup is a
distributed system inspired by Impala [8] and Ape-X [15] (see Figure 4 and Appendix C). Each class
of modulation is discretized into handful of values that span a wide range of the space (see Table 1).
A variant of these (‘extended’) sets are their curated subsets, which are chosen to include only those
values that generally have decent performance (according to the tuning results in Figure 1). Note
that action biases b can be highly disruptive, and have been excluded from curated experiments. In
some experiments (‘combo’) multiple classes of modulations are adapted jointly, in others, only one
is adapted and all others are kept at the reference values; they are distinguished by prefix, e.g., the
, ρ, ω-bandit in Figures 2 and 3 adapts three classes.
Quantifying tuning challenges It is widely appreciated that the best hyper-parameters differ per
Atari game. Figure 5 illustrates this point for multiple classes of modulations (different arms come
out on top in different games), while Figure 1 quantifies this phenomenon across 15 games and 4
modulation classes and finds that this effect holds in general. Now, if early performance were indicative of final performance, the cost of tuning could be reduced: we quantify how much performance
would be lost if the best fixed arm were based on the first 10% of the run, see Figure 6. This also
indicates the best choice is non-stationary. Another approach is to choose not to choose, that is,
feed experience from the full set of tuning choices to the learner, but this merely shifts the problem
to tuning this set. Figure 2 shows that the difference between a naive and a carefully curated set
can indeed be very large. Finally, tuning challenges are exacerbated in combinatorial spaces: compare the red (‘combo’) results between ‘uniform extended’ and ‘uniform curated’ in Figure 2 – the
harmful effects of including untuned modulations appears to compound in higher dimensions.
Adapting instead of tuning Our experiments suggest that adapting the distribution over z as
learning progresses effectively addresses these tuning challenges. Figure 2 shows that the bandit
3
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Figure 2: Tuning exploration by choosing a set of modulations is non-trivial. This figure contrasts
four settings: the effect of naive (‘extended’) versus curated z-sets, crossed with uniformly sampling
or using the bandit, and for each of the four settings results are given for multiple classes of modulations (colour-coded). The length of the bars are normalized relative ranks (larger is better). Note
how uniform does well when the set is curated, but performance drops on extended z-sets (except for
ω-modulations, which are never catastrophic); however, the bandit recovers a similar performance
to the curated set by suppressing harmful modulations (the third group is closer to the first than the
fourth). ‘Combo’ results are in combinatorial , ρ, ω-space, where the effect is more pronounced.

Figure 3: A few games cherry-picked to show that the combinatorial , ρ, ω bandit (thick red) can
sometimes outperform all the fixed settings of z. The thick black line is the tuned reference.
can quickly suppress the harmful elements in a non-curated set; in other words, the set does not
need to be carefully tuned. The overall performance of the bandit is similar to that of the best fixed
choice, and not far from an ‘oracle’ that picks the best fixed z per game in hindsight (Figure 1). A
number of interesting qualitative dynamics in the form of game-specific schedules emerge from the
non-stationary adaptation: action biases are used initially and later suppressed (e.g., on S EAQUEST,
Figure 9); and the emerging -schedule is reminiscent of the hand-crafted one in DQN [23] (see
Figure 8 in Appendix E).
Combinatorial adaptation Finally, our approach generalizes beyond a single class of modulations; all proposed dimensions can adapt simultaneously within a single run, using our factored
bandit to handle the combinatorial space. Figure 7 shows this yields similar performance to adapting within one class. In a few games this outperforms the best fixed choice in hindsight; see Figure 2
(‘combo’) and Figure 3; presumably because of the added dynamic adaptation to the learning process. On the entire set of 57 Atari games, the bandit achieves similar performance (113±2% median
human-normalized score) to the tuned reference setting (118±6%), despite operating on 60 different
(curated) combinations of modulations.

4

C ONCLUSION

This combination of broadly exploring while rapidly adapting to what is useful has multiple benefits:
it reduces the need for tuning exploration-related hyper-parameters by adapting exploration to the
task, but it also gives rise to emergent schedules of exploration that adapt to the learner’s competence
and learning dynamics. Our empirical results confirm this: it turns out to be easy and cheap to
4
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modulate a single learned policy so as to produce experience that is diverse along multiple axes, and
that adding a simple non-stationary adaptation mechanism can mitigate its harmful effects. See also
Appendix F for a discussion of some related work, and Appendix G for future directions.
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A

P ROXIES OF L EARNING P ROGRESS

One of the most direct ways of quantifying the usefulness of a chunk of experience is the learning
progress (LP ) it induces, in terms of how the updated policy improves the expected return on the
task. To be precise, let
.
LPt (∆θ) = E [V πθt +∆θ (s0 ) − V πθt (s0 )] ,
s0

P
where the expectation is over start states s0 , the value V π (s) = Eπ [ γ i Ri |s0 = s] is the γdiscounted return one would expected to obtain, starting in state s and following policy π afterwards,
and ∆θ is a change in the agent’s parameters. The parameter change ∆θ(τ, t) in turn depends on
the experience contained in a episodic trajectory τ ∼ πθt (z) that was generated by a z-modulated
policy. So we can define the usefulness of z at time t by the expected learning progress of the data
it generates:
.
LPt (z) =
E [LPt (∆θ(τ, t))].
τ ∼πθt (z)

This is a subjective utility measure, quantifying how useful a modulation z is for a particular learning
algorithm, at a particular stage in training; but it is a myopic criterion that considers what is learnable
immediately, possibly at the expense of more global, longer-term information that would be more
useful in the long run.
Measuring LPt (z) is far too expensive in practice, because of its nested expectations, and as it would
require branching the learning process twice (once for τ and once for each z), at excessive compute
cost. Nevertheless obtaining an accurate estimate may not be a worthwhile investment neither, as
its dependence on θt makes it highly non-stationary. On the other hand, what is needed in order to
choose decent modulations for exploration is less stringent: a proxy fitness ft (z) with the property
h
i
LPt arg max ft (z) ≈ max LPt (z)
z

z

would do; in other words the choices of z with the highest fitness tend to also have high LP .
It is still an open challenge to find an ideal ft that can be constructed from inexpensively measurable
quantities, yet be sufficiently informative, as well as robust to noise and state distribution shift; we
have only scratched the surface on this topic. Opting for simplicity, we decided to use empirical
(undiscounted) episodic return
X
.
ft (z) =
Ri ,
ai ∼π(Qθt ,z)

after some initial experimentation with more involved fitness functions that did not lead to better
empirical results. We believe the main reason for this is that in our setting, higher-than-usual episode
scores appeared to correlate with experience that we can learn a lot from; note that while learning
is going on, these ‘lucky’ episodes tend not to simply follow the greedy policy, but variants of it,
deviating from it by just the right amount.
Of course, this proxy has some limitations too: for example it does not prefer new paths to reward
over repeating old habits, nor does it take into account learner-side information, like properties of
the induced updates. Some of these may be implicitly mitigated by the use of prioritized experience
replay [30] that over-samples high error experiences, focusing the use of data based on the learner.
In general, the choice of proxy trades-off computational overhead for discriminatory power, not
just in terms of accuracy but also in terms of what can be adapted: for example full exploration
policies [35] or generic hyper-parameters [17].

B

BANDIT D ETAILS

In this section we will briefly revisit the adaptive bandit proposed in Section 2 and provide more
of the details behind the adaptability of its horizon. For clarity, we start by restating the setting
and key quantities: the reference fitness mt , the active horizon ht and the observed fitness function
ft : Z 7→ R, where Z = {z1 , . . . , zK } defines a modulation class.
8

Published at the ‘Beyond “Tabula Rasa” in Reinforcement Learning’ workshop at ICLR 2020

Figure 4: The overall architecture is based on a distributed deep RL agent (black). In addition,
modulations z are sampled once per episode and modulate the behaviour policy. A bandit (purple)
adapts the distribution over z based on an episodic fitness ft (z) (cyan).

The bandit samples a modulation z ∈ {z1 , . . . , zK } according to the probability that this z will
result in higher than average fitness (within a recent length-h window):
Pt (z) ∝ P(ft (z) ≥ mt ),

t−1
. 1 X
where mt =
ft0 (zt0 ).
h 0
t =t−h

Adapting z-probabilities. For simplicity, Pt (z) is inferred based on the empirical data within
.
a recentPtime window of the same horizon h that is used to compute mt . Concretely, Pt (z) =
0
µt (z)/ z0 µt (z ) with the preferences µt (z) ≈ P(ft (z) ≥ mt ) defined as
.
µt (z) =

1
2

+

Pt−1

0
t0 =t−h Ift0 (zt )≥mt Izt0 =z

1 + n(z, h)

,

where n(z, h) is the number of times that z was chosen in the corresponding time window. We
encode a prior preference of 12 in the absence of other evidence, as an additional (fictitious) sample.
Adapting the horizon. To remove an additional hyper-parameter, the discrete horizon size ht =
ht−1 + 1 is adapted in order to improve regression accuracy Lt (h):
2
. 1
Lt (h) =
ft (zt ) − f¯t,h (zt ) ,
2
where f (zt ) is the fitness of the modulation zt chosen at time t, and
Pt−1
. mt + t0 =t−h ft (zt0 )Izt0 =z
.
f¯t,h (z) =
1 + n(z, h)
This objective is not differentiable w.r.t. h, so we perform a finite-difference step. As the horizon
cannot grow beyond the amount of available data, the finite-difference is not symmetric around
ht . Concretely, at every step we evaluate two candidates: one according to the current horizon ht ,
Lt (ht ), and one proposing a shrinkage in the effective horizon, Lt (h0 ), where the new candidate
horizon is given by:
.
h0 = max(2K, (1 − η)ht ).
Thus the new horizon proposes a shrinkage of up to η = 2% per step, but is never allowed to shrink
beyond twice the number of arms K. Given a current sample of the fitness function ft (zt ), we
probe which of these two candidates ht or h0 best explains it, by comparing Lt (ht ) and Lt (h0 ).
If the shorter horizon seems to explain the new data point better, we interpret this as a sign of
non-stationarity in the process and propose a shrinkage proportional to the relative error prediction
0
t (h )
reduction Lt (hLt t)−L
, namely:
(ht )
(
ht+1 =



0
t (h )
max 2K, (1 − η Lt (hLt t)−L
)ht
if Lt (ht ) > Lt (h0 )
(ht )
ht + 1

otherwise.
9
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Figure 5: The best fixed choices of a modulation z vary per game, and this result holds for multiple
classes of modulations. Top row: Action repeat probabilities ρ. Bottom row: Optimism ω.
Temperature T

Repeat prob. ρ
Optimism ω
Action bias b

0.00001, 0.0001, 0.001, 0.01, 0.1, 1, 10
0, 0.001, 0.01, 0.1, 0.2, 0.5, 1
0, 0.25, 0.5, 0.66, 0.75, 0.8, 0.9
-10, -2, -1, 0, 1, 2, 10
-1, 0, 0.01, 0.1

Table 1: Sets of discretized choices for each modulation class. In bold are the the subsets of curated
values.
Factored structure: Our concrete modulations z have additional factored structure that can be exploited. For that we propose to use a separate sub-bandit (each defined as above) for each dimension
j of z. The full modulation z is assembled from the zj independently sampled from the sub-bandits.
P
This way, denoting by Kj the number of arms for zj , the total number of arms to model is j Kj ,
Q
which is a significant reduction from the number of arms in the single flattened space j Kj . This
allows for faster adaptation in the bandit. On the other hand, from the perspective of each sub-bandit,
there is now another source of non-stationarity due to other sub-bandits shifting their distributions.
In the case of factored sub-bandits, they each maintain their own independent horizon h; we have
not investigated whether sharing it would be beneficial.

C

E XPERIMENTAL D ETAILS

Our Atari agent is a distributed system inspired by Impala [8] and Ape-X [15], consisting of one
learner (on GPU), 40 actors (on CPUs), and a bandit providing modulations to the actors (see Figure 4). On each episode t, an actor queries the bandit for a modulation zt , and the learner for the
latest network weights θt . At episode end, it reports a fitness value ft (zt ) to the bandit, and adds the
collected experience to a replay table for the learner. For stability and reliability, we enforce a fixed
1-to-8 ratio between experience generated and learning steps, making actors and learner run at the
same pace. Our agents learn a policy from 200 million environment frames in 10-12h wall-clock
time, as compared to a GPU-week for the state-of-art Rainbow agent [14].
Besides distributed experience collection (i.e., improved experimental turnaround time), algorithmic
elements of the learner are similar to Rainbow: the updates use multi-step double Q-learning, with
distributional quantile regression [7] and prioritized experience replay [30]. All non-exploration
10
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Figure 6: Tuning exploration by early performance is non-trivial. The bar-plot shows the performance drop when choosing a fixed z based on initial performance (first 10% of the run) as compared to the best performance in hindsight (scores are normalized between best (0) and worst (1)
final outcome, see Appendix D). This works well for some games but not others, and better for some
modulation classes than others, but overall its not a reliable method.
Parameter
channels
filter sizes
stride
hidden units

value
32, 64, 64
8 × 8, 4 × 4, 3 × 3
4, 2, 1
512

Table 2: Q network hyperparameters.
hyper-parameters are kept fixed across all games and all experiments; these are listed in Tables 2, 3,
and 4.
Reference modulations For each dimension of z, we also define a reference setting that is most
commonly used in the literature ( = 0.01, ω = 0, T = 0.00001, b = 0, ρ = 0), where the
non-zero T is effectively a mechanism for tie-breaking between equal-valued actions. This fixed,
tuned reference (solid black in all learning curves) generates competitive baseline results across all
57 Atari games (118 ± 6% median human-normalised score).
Modulation sets The sets of curated and non-curated modulations we use are described in Table 1.
Curated values were chosen based on the results in Figure 1.
Fixed hyperparameters The hyper-parameters used by our Atari agent are close to defaults used
in the literature, with a few modification to improve learning stability in our highly distributed
setting. For preprocessing and agent architecture, we use DQN settings detailed in Table 4 and
Table 2. Table 3 summarizes the other hyper-parameters used by our Atari agent.

D

E VALUATION

If not mentioned otherwise, all aggregate results are across 15 games chosen for their different
learning characteristics: A STERIX , B REAKOUT, D EMON ATTACK , F ROSTBITE , H.E.R.O., M S .
11
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Parameter
n for n-step learning
number of quantile values
prioritization type
prioritization exponent α
prioritization importance sampling exponent β
learning rate
optimization algorithm
Adam  setting
L2 regularization coefficient
target network update period
replay memory size
min history to start learning
batch size
samples to insertion ratio
Huber loss parameter
max gradient norm
discount factor
number of actors

value
3
11
proportional to absolute TD error
0.6
0.3
0.0001
Adam
10−6
10−6
1K learner updates (= 250K environment frames)
1M transitions
80K frames
512
8
1
10
0.99
40

Table 3: Agent hyperparameters.
Parameter
Grey-scaling
Observation down-sampling
Frames stacked
Reward clipping
Action repeats (when ρ = 0)
Episode termination on loss of life
Max frames per episode

value
True
(84, 84)
4
[-1, 1]
4
False
108K

Table 4: Environment and preprocessing hyperparameters.

PAC -M AN , P RIVATE E YE , Q* BERT, S EAQUEST, S PACE I NVADERS , S TAR G UNNER , T ENNIS ,
V ENTURE , YARS ’ R EVENGE and Z AXXON, and at least N = 5 independent runs (seeds). Learning
curves shown are evaluations of the greedy policy after the agent has experienced the corresponding
number of environment frames.
Human-normalised scores are computed following the procedure in [23], but differing in that we
evaluate online (without interrupting training), average over policies with different weights θt (not
freezing them), and aggregate over 20 million frames per point instead of 1 million.
To aggregate scores across fifteen games we use relative rank, an ordinal statistic that weighs each
game equally (despite different score scales) and highlights relative differences between variants.
Concretely, the performance outcome G(game, seed, variant) is defined as the average undiscounted return of the greedy policy across the last 10% of the run (20 million frames). All outcomes
G(game, ·, ·) are then jointly ranked, and the corresponding ranks are averaged across seeds. The
averaged ranks are normalized to fall between 0 and 1 (for any set of outcomes G(game, ·, variant)
for any number of seeds N ), such that a normalized rank of 1 corresponds to all N seeds of a variant
being ranked at the top N positions in the joint ranking. For this we simply scale the raw average
ranks by their minimal and maximal values: N2+1 and N + + N2+1 where N + is the number of
other outcomes this variant is jointly ranked with. Finally, these relative ranks for each variant are
averaged across all games.
In Figure 6, we use a different metric to compare the effect of a chosen modulation early into the
(s)
learning process. For this we compute Es [Gz ], the average episode return of modulation z at the
end of training across all seeds s ∈ S, and z0 , the modulation with highest average episode returns
at the beginning of training (first 10% of the run). Based on this, we compute the normalised drop
12
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Figure 7: Comparing the combinatorial , ρ, ω-bandit to the per-modulation-class bandits.

in performance resulting from committing prematurely to z0 :
(s)

(s)

. Es [Gz0 ] − Es [Gz− ]
Performance drop(z) =
(s)
(s)
Es [Gz+ ] − Es [Gz− ]
(s)

(s)

where z + = arg maxz∈Z Es [Gz ], z − = arg minz∈Z Es [Gz ] and Z the modulation class considered in the study (’s, temperatures T , action repeat probabilities ρ, and optimism ω).

E

Q UALITATIVE B EHAVIOUR OF THE N ON - STATIONARY BANDIT

In this section we dive in deeper to analyse the precise modulations applied by the bandit over time
and per-game. We see that the bandit does indeed adaptively change the modulation over time and
in a game-specific way.
With these results we aim to look into the choices of the bandit across the learning process, and in
multiple games. Most of the effect seems to be present in early stages of training.
• Epsilon schedules: Figure 8 shows the evolution of the value of  by the bandit over time.
We see that this gives rise to an adaptive type of epsilon schedule, where early in training
(usually the first few million frames) large values are preferred, and as training progresses
smaller values are preferred. This leads to a gradually increasingly greedy behaviour policy.
• S EAQUEST: Figure 9 shows the evolution of the sampling distributions of a combined
bandit with access to all modulation dimensions: T , , b, ρ, and ω. Despite having over
7.5 million combinations of modulation values, the bandit can efficiently learn the quality
of different arms. For instance, the agent quickly learns to prefer the down action over the
up action, to avoid extreme left/right biases, and to avoid suppressing the fire action, which
is consistent with our intuition (in S EAQUEST, the player must move below the sea level to
receive points, avoid the left and right boundaries, and fire at incoming enemies). Moreover,
as in the case of single arm bandits discussed above, the combined bandit prefers more
stochastic choices of  and temperature in the beginning of training and more deterministic
settings later in training, and the action repeat probability decays over time.
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Figure 8: Choices of  by the bandit across time (log-scale) on the extended set of . Note that
in general the values of  start high and gradually diminish, but the emerging schedules are quite
different across games.

Figure 9: Probabilities of selected action bias scales b (first four subplots) and other modulation
dimensions across training, on the game of S EAQUEST.

F

R ELATED W ORK

Here we focus on two facets of our research: its relation to exploration, and hyper-parameter tuning.
First, our work can be seen as building on a rich literature on exploration through intrinsic motivation
aimed at maximising learning progress. As the true learning progress is not readily available during
training, much of this work targets one of a number of proxies: empirical return [17]; change in
parameters, policy, or value function [16]; magnitude of training loss [21, 32]; error reduction or
derivative [32, 25]; expected accuracy improvement [22]; compression progress [33]; reduction in
14
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uncertainty; improvement of value accuracy; or change in distribution of encountered states. Some
of these have the desirable property that if the proxy is zero, so is LP . However, these proxies
themselves may only be available in approximated form, and these approximations tend to be highly
dependent on the state distribution under which they are evaluated, which is subject to continual shift
due to the changes in policy. As a result, direct comparison between different learning algorithms
under these proxies tends to be precarious.
Second, our adaptive behaviour modulation can be viewed as an alternative to per-task hyperparameter tuning, or hyper-parameter tuning with cross-task transfer [12], and can be compared
to other works attempting to reduce the need for this common practice. Though often performed
manually, hyper-parameter tuning can be improved by random search [4], but in either case requires
many full training cycles, whereas our work optimises the modulations on-the-fly during a single
training run.
Like our method, Population Based Training [PBT, 17] and meta-gradient RL [1, 36] share the property of dynamically adapting hyper-parameters throughout agent training. However, these methods
exist in a distinctly different problem setting: PBT assumes the ability to run multiple independent learners in parallel with separate experience. Its cost grows linearly with the population size
(typically > 10), but it can tune other hyper-parameters than our approach (such as learning rates).
Meta-gradient RL, on the other hand, assumes that the fitness is a differentiable function of the
hyper-parameters, which may not generally hold for exploration hyper-parameters.
While our method focuses on modulating behaviour in order to shape the experience stream for
effective learning, a related but complementary approach is to filter or prioritize the generated experience when sampling from replay. Classically, replay prioritization has been based on TD error,
a simple proxy for the learning progress conferred by an experience sample [30]. More recently,
however, learned and thereby more adaptive prioritization schemes have been proposed [37], with
(approximate) learning progress as the objective function.

G

F UTURE W ORK

The work presented here represents a first step towards exploiting modulation that adapt to the
dynamics of learning, and there are many natural ways of extending this work. For instance, such
an approach need not be constrained to draw only from experiences generated by the agent; the
agent can also leverage demonstrations provided by humans or by other agents. Having an adaptive
system control the use of data relieves system designers of the need to curate such data to be of high
quality – an adaptive system can learn to simply ignore data sources that are not useful or which
have outlived their usefulness (as our bandit does, e.g., see Figures 8, 9); which in turn may help
with continual learning [29, 31]. Further extensions become conceivable when admitting multiple
learners, both in terms of which quantities are adapted, and of better assessment of LP ; a hybrid
combination with PBT could be a first step.
A potential limitation of our proposal is the assumption that a modulation remains fixed for the entire
episode. This restriction could be lifted, and one can imagine scenarios in which the modulation used
might depend on time or the underlying state. For example, an agent might generate more useful
exploratory experiences by having low stochasticity in the initial part of an episode, but switching
to have higher entropy once it reaches an unexplored region of state space.
There is also considerable scope to expand the set of modulations used. A particularly promising
avenue might be to consider adding noise in parameter space, and controlling the variance [10, 26].
In addition, previous works have shown that agents can learn diverse behaviours conditioned on a
latent policy embedding [9, 13], goal [11, 24] or task specification [6]. A bandit could potentially
be exposed to modulating the choices in abstract task space, which could be a powerful driver for
more directed exploration.
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