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ABSTRACT

Recently, data augmentation (DA) has emerged as a method for leveraging domain
knowledge to inexpensively generate additional data in reinforcement learning
(RL) tasks, often yielding substantial improvements in data efficiency. While prior
work has demonstrated the utility of incorporating augmented data directly into
model-free RL updates, it is not well-understood when a particular DA strategy
will improve data efficiency. In this paper, we seek to identify general aspects of
DA responsible for observed learning improvements. Our study focuses on sparse-
reward tasks with dynamics-invariant data augmentation functions, serving as an
initial step towards a more general understanding of DA and its integration into
RL training. Experimentally, we isolate three relevant aspects of DA: state-action
coverage, reward density, and the number of augmented transitions generated
per update (the augmented replay ratio). From our experiments, we draw two
conclusions: (1) increasing state-action coverage often has a much greater impact
on data efficiency than increasing reward density, and (2) decreasing the augmented
replay ratio substantially improves data efficiency. In fact, certain tasks in our
empirical study are solvable only when the replay ratio is sufficiently low.

1 INTRODUCTION

Reinforcement learning (RL) algorithms are often data inefficient and often produce policies that
fail to generalize outside of a narrow state distribution. Recently, a number of RL algorithms and
applications have been published that leverage data augmentation to enhance convergence and gener-
alization (Mitrano and Berenson, 2022; Pitis et al., 2020; Qiao et al., 2021). Data augmentation (DA)
is a technique in which agents generate additional synthetic experience by applying transformations to
their observed experience. Since augmented data can be generated without the expense of additional
interaction with the environment, it is an attractive technique for improving the data efficiency of RL
algorithms (i.e., the number of environment interactions needed to solve a task).

Much of the prior work in DA for RL (Hansen and Wang, 2021; Laskin et al., 2020; Raileanu
et al., 2021; Wang et al., 2020; Yarats et al., 2020; 2021) builds off of DA techniques used in
computer vision (Chen et al., 2020). Other works have used domain-dependent DA strategies for
non-visual tasks (Abdolhosseini et al., 2019; Mikhail Pavlov and Plis, 2018), including DeepMind’s
AlphaTensor (Fawzi et al., 2022) which uses RL to discover more efficient matrix multiplications.
These works introduce methods for generating augmented data and frameworks for integrating it into
RL that demonstrably improve training performance. To the best of our knowledge, most prior work
on DA has focused on introducing new types of data augmentation functions and demonstrating that
they can boost the data efficiency of RL. What is missing from the literature is a clear understanding
of which aspects of DA yield improvements. Rather than adding to existing work by introducing new
DA strategies, our main contribution is an investigation into the following question:

When and why does data augmentation improve data efficiency in reinforcement learning?
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As a motivating example, consider using an off-policy
RL algorithm to solve a 2D navigation task in which an
agent must reach a random goal position (Fig. 1a). In this
task, transitions observed by the agent can be augmented
through either random translations of the agent (Fig.

or rar?dom rotations of the agent and goal g(]Fig.(lc(\):]. kb Observed (b) Translate  (c) Rotate
shown in Fig. 1d, if we double the agent's learning data
via DA and double the batch size used for updates, we
achieve signi cant improvements in data ef ciency com-
pared to learning without DA. Furthermore, agents that
learn from extra augmented data even surpass the perfor-
mance of agents that learn from an equal amount of extra
real data collected through additional environment inter-
actions. More concretely, we double the amount of policy
data collected between updates and double the batch size
used for updates so that non-augmented agents learn from
the same amount of data and perform the same numpgjfire 1: Visualizations of two augmen-
of updateS as the augmented agents. As shown in F|gt& ons — trans'ation (1b) and rotation
additional augmented data leads to faster learning thag) — for a 2D navigation task in which
simply collecting an equal amount of additional data frog, agent (black dot) must reach a goal
the agent's policy. In fact, doubling the learning data vigyold star). In 1d, “N policy data” cor-
the translation augmentation is nearly as good as leglponds to collectinl times as many

ing from 8 times as much policy-generated data. Thusnsitions with the agent's current pol-
these augmentations must offer bene ts beyond what adg; petween updates, and “x2 via ro-

tional policy-generated data can offer. An understandifgte/translate” corresponds to generating
of which aspects of DA yield these bene ts will serve as afne augmented transition per observed
initial step towards guiding practitioners on how to moRgansition. We increase the batch size

effectively incorporate DA into RL. and replay buffer sizes proportionally to

DA has taken many forms in the RL literature (Andrychoi® amount of extra data to keep the re-

icz et al., 2017; Hansen and Wang, 2021; Laskin et ®lay ratio and replay age xed across all
2020; Pitis et al., 2020; Qiao et al., 2021), and a compf&Periments. We plot the interquartile
hensive analysis of different DA frameworks, tasks, afg€@n success rate over 50 seeds with
data augmentation functions is beyond the scope of a SR% bootstrap con dence belts.

gle study. Thus, in this work, we instead aim to better

understand the bene ts of integrating dynamics-invariant augmented data directly into model-free
off-policy RL updates. With this focus in mind, we must leave studies on DA frameworks with
auxiliary tasks (Hansen and Wang, 2021; Hansen et al., 2021; Raileanu et al., 2021; Wang et al.,
2020), and studies on data augmentation functions that generate unrealistic data — such as visual data
augmentations (Laskin et al., 2020) — for future work.

(d) Training curves

Our investigation focuses on three aspects of DA that we hypothesize in uence learning in sparse-
reward tasks: an increase in state-action coverage via DA, the amount of additional reward signal
generated via DA (reward density), and the number of augmented transitions generated per update
(the augmented replay ratio). State-action coverage and reward density relate to how DA affects the
agent's distribution of learning data, whereas the augmented replay ratio relates to how augmented
data is incorporated into RL training. We empirically ablate the effects of these factors using a simple
and controllable DA framework similar to frameworks found in existing work (Laskin et al., 2020;
Pitis et al., 2020%. In summary, our contributions are:

1. We introduce a framework for studying DA in RL that is amenable to analysis.

2. While it is widely understood that high state-action coverage and discovery of reward signal
are critical to data ef cient RL, our experiments show that increasing state-action coverage
via DA often has a much greater impact on data ef ciency than increasing reward density.

3. We show that the success of DA depends strongly on the augmented replay ratio. In fact,
certain tasks in our empirical study are solvable only when the augmented replay ratio is
suf ciently low.

Code available at https://github.com/Badger-RL/UnderstandingDataAugmentationForRL
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2 RELATED WORK

In this section, we provide an overview of data augmentation techniques and applications in RL.

Dynamics-based Augmentation:Several prior works use data augmentation functions that affect the
agent's current state, action, and next state. Pitis et al. (2020; 2022) stitch together locally independent
features of different transitions to generate additional data and provides a method for identifying
local independence. Many model-based algorithms learn from synthetic data generated by a learned
dynamics model and can be viewed as DA methods (Gu et al., 2016; Racaniere et al., 2017; Sutton,
1990; Venkatraman et al., 2016).

Hindsight Experience Replay: In goal-conditioned RL, Hindsight Experience Replay
(HER) (Andrychowicz et al., 2017; Fang et al., 2018; Liu et al., 2019; Rauber et al., 2017) counter-
factually relabels the goal of a trajectory to generate additional data. This technique can be applied
when transition dynamics are independent of the agent's goal, as is often the case. Follow-up work
on HER has demonstrated thahdsight biascaused by changing the distribution of observed goals
many hinder learning (Lanka and Wu, 2018; Li et al., 2020).

Applications of Domain-Speci ¢ Data Augmentation: Several recent works have leveraged
domain-knowledge to create new data augmentation functions. Mikhail Pavlov and Plis (2018) and
Abdolhosseini et al. (2019) apply DA to locomotion problems in which an optimal policy has a
symmetric gait, and Mitrano and Berenson (2022) focus on augmenting trajectories of poses and
movable objects relevant in robot manipulation. Qiao et al. (2021) consider DA in the context of
differentiable simulation to generate additional approximately correct transitions (a method they refer
to as sample enhancement). DeepMind's AlphaTensor (Fawzi et al., 2022) exploits two invariances:
tensor decompositions are commutative, and tensor rank is invariant to the ordering of rows and
columns. They exploit commutativity by generating additional augmented transitions and rank
invariance using a network that disregards the row and column ordering of input tensors.

State-based AugmentationMuch of the prior work in DA for RL focuses on augmenting visual
observations (Guan et al., 2021; Wang et al., 2020; Yarats et al., 2021). Laskin et al. (2020) train
RL agents on multiple views of visual states (crops, recolorations, rotations, etc.). Raileanu et al.
(2021) introduce regularizers to ensure an agent's policy and value function are both invariant under
augmentation. Sinha et al. (2022) ensure small perturbations of non-visual states state have similar
state-action values. Hansen and Wang (2021) learn a state representation that is invariant under
augmentation rather than directly using the augmented data for policy optimization. Hansen et al.
(2021) identify sources of instability when performing visual DA. This line of work relates to domain
randomization (Peng et al., 2018; Tobin et al., 2017), as agents are trained to be robust to randomized
augmentations of observations. Visual augmentations are beyond the scope of our study; we focus
on integrating augmented data that respects the environment's dynamics into model-free updates,
but visual augmentations generate unrealistic data and are typically used for auxiliary representation
learning tasks. We provide further discussion on visual augmentations in Appendix A.

Invariant Model Architectures: DA often — though not always — exploits known invariances within

the environment's state space and/or dynamics. In this case, an alternative to DA is to simply hard-
code these invariances into the agent's policy model (van der Pol et al., 2020; 2021; Wang et al.,
2022). Residual Pathway Priors (RPPs) (Finzi et al., 2021) capture invariances using a soft prior,
biasing agents toward invariant policies without constraining them.

While these prior works focus on developing data augmentation functions or methods for incorporating
augmented data into RL training, our work introduces a framework to investigate when and why DA
improves learning.

3 PRELIMINARIES
In this section, we formalize the RL setting and the class of data augmentation functions we use.

3.1 REINFORCEMENTLEARNING

We consider nite horizon Markov decision processes (MDPs) (Puterman, 2014) de ned by
(S;A;p;r;do; ) whereS andA denote the state and action space, respectipély,j s; a) denotes
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the probability density of the next stag@after taking actiora in states, andr (s; a) denotes the
reward for taking actiom in states. We writedy as the initial state distribution, 2 [0; 1) as the

discount factor, an#ll the length of an episode. We consider stochastic policiesS A'!

[0; 1]

parameterized by. The RL objectjye is to nd a pglicy that maximizes the expected sum of

discounted reward$( )= E .5, q, tH:o

3.2 DATA AUGMENTATION FUNCTIONS

'r(se;ar) -

In the literature, data augmentation functions (DAFs) have taken different forms and served different
purposes. We introduce a few important de nitions to help classify the DAFs we focus on.

De nition 1. A transition(s; a;r; s9 is valid if it is possible under the transition dynamics and

reward functionj.e. p(s®j s;a) > 0, andr = r(s;a).
De nition2. LetT S A

R S denote the set of possible transitions and(leT ) denote the set
of distributions oveiT . A data augmentation functiofiDAF) is a stochastic functiofi : T !

(T)

mapping a transitiogs; a; r; s% to an augmented transitiqs; &; r s9).
De nition 3. A DAF is dynamics-invarianif it is closed under valid transitions.

We focus on dynamics-invariant DAFs so that augmented data agrees with the underlying MDP, since
learning from data that does not match the MDP's dynamics can harm learning (Moerland et al.,
2023). This focus includes methods such as HER (Andrychowicz et al., 2017) and CoDA (Pitis
et al., 2020) which provide domain-independent DAFs. However, we do not restrict ourselves to
domain-independent DAFs as, in practice, domain-experts may be able to produce dynamics-invariant
DAFs even though they cannot identify an optimal domain policy (Abdolhosseini et al., 2019; Fawzi
et al., 2022; Mikhail Pavlov and Plis, 2018). Our focus does exclude some recent works on DA —
especially those focusing on visual augmentations (Laskin et al., 2020; Raileanu et al., 2021) — that
produce augmented states that would never be observed in simulation syafsfsa&) = 0, since

these augmentations do not satisfy our de nition of valid. We note that dynamics-invariant DAFs
will not necessarily preserve transition probabilities in tasks with stochastic dynamics. We elaborate
on the widespread applicability of dynamics-invariant DAFs in Appendix A.

4 A FRAMEWORK FORSTUDYING DATA AUGMENTATION IN RL

Algorithm 1 Off-Policy RL with Data Augmentation

Prior work on DA in RL not only considers
different DAFs but also various methods

Inputs: Data augmentation functidn augmentation for integrating the augmented data into RL

ratiom, update ratio , batch sizéo
Initialize policy
replay buffer®
fort=1;2;::: do
Collect transition(s;; at; r'¢; St+1 ) using
Append(s; ar;re;Se+1) tOR

(st &K sten)  f(Seagre;sea)
Appendf (st; & F;St+1 ) tOR

if updatethen
Sample mini-batclD of btransitions fromR

Sample mini-batct® of b transitions fromR
Update policy and/or value function usitg B

algorithms. To focus our study, we intro-

, replay buffeR, and augmented duce a speci ¢ framework (Algorithm 1)

for incorporating augmented data into the
training loop of any off-policy RL algo-
rithm. An off-policy algorithm is essential,
as augmented data may not be distributed
according to the state-action distribution
of the current policy. We focus on the ef-
fects integrating augmented data directly
into policy and/or value function updates.

Within our framework, the agent observes
a transition, applies a given DAfFto that
transition to generate some number of aug-
mented transitions, and then stores the ob-

served and augmented transitions in separate replay buffers — the observed and augmented replay
buffers, respectively. When performing policy and/or value function updates, the agent samples data
from both buffers and combines the data for the updates. To control how much augmented data we
generate and use in each update, we introduce a few parameters into the framework.

Theaugmentation ratiom, speci es the number of augmented transitions generated per observed
transition. Some DAFs, such as the translation augmentation in Fig. 1b, can produce multiple unique
augmentations from the same input transition. Each time the agent observes one real transition,
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m augmented transitions are sampled from the DAF. We use this parameter to study whether it is
bene cial to produce multiple augmentations to diversify the augmented replay buffer. When the
augmentation ratio is increased, we increase the augmented replay buffer size proportionally such
that the age of the oldest observed and augmented transitions remair equal.

Theupdate ratiq , denotes the the ratio of augmented to observed data used for updgies= 1

denotes that half of the data used for each update is augmented data. With access to large amounts
of augmented data, it may be bene cial to increase the amount of augmented data used in updates.
However, a large update ratio may exacerbatd¢ahdem effecOstrovski et al., 2021), a decrease in
performance when learning predominantly from data not collected by the agent.

The augmentation ratio modulates a third relevant quantity: the number of updates per augmented
transition generated, @ugmented replay ratid In the absence of DA, Fedus et al. (2020) found that
found that decreasing the replay ratio of observed dateoftkerved replay ratijpocan improve data

ef ciency, though other works have improved data ef ciency by developing techniques that enable
learning with large replay ratios (Chen et al., 2021; D'Oro et al., 2023; Nikishin et al., 2022; Scheller
et al., 2020). One can decrease the augmented replay ratio by increasing the augmentati ratio (
while keeping the frequency of policy and/or value function updates xed.

Though a variety of methods exist for incorporating augmented data into RL, our framework offers
several core bene ts for our study:

1. Control: One can easily control the replay ratio and update ratio. Having control over the
update ratio is especially important to ensure the agent uses a suf cient amount of observed
data in each update to mitigate the tandem effect. Moreover, since augmented data is stored
in a replay buffer and not sampled online, it is possible to keep the replay ratio of the
augmented data equal to that of the observed data.

2. Lower Systematic Variance:Each update uses the same ratio of augmented to observed
data {.e. update ratio), and the same number of augmented transitions are generated for
every observed transition, eliminating a possible source of training variation.

3. Computational Ef ciency: By storing and reusing augmented data, we improve computa-
tional ef ciency. While some DAFs can produce multiple unique augmentations of the same
input transition, many can only produce a single augmentation — such as a re ection — in
which case it is more ef cient to reuse augmented data rather than generate new samples
online every update.

Our framework is similar to those used in CoDA (Pitis et al., 2020), RAD (Laskin et al., 2020),
and HER (Andrychowicz et al., 2017), as all three incorporate augmented data directly into updates
without auxiliary tasks. We note that RAD as well as popular implementations (Raf n et al., 2021;
Weng et al., 2022) of HER generate augmented samples during updates and discard them after use,
whereas we save augmented data for reuse. Since we focus on using augmented data for model-free
updates, Algorithm 1 is not intended to capture methods that use augmented data for auxiliary tasks
but easily extends to include such methods (Hansen and Wang, 2021; Raileanu et al., 2021).

5 DISENTANGLING PROPERTIES OFDATA AUGMENTATION

We identify aspects of DA that we hypothesize may impact its effectiveness within our framework.

State-Action Coverage:DAFs can generate data that the current policy otherwise might not observe,
increasing state-action coverage. Greater state-action coverage via DA may aid exploration. However,
it may also generate data that is very off-policy with respect to the current policy and hence increase
the variance of learning due to the tandem effect (Ostrovski et al., 2021).

2The age of a transition is the number of gradient steps taken by the agent since that transition was
generated (Fedus et al., 2020).

3Prior works (D'Oro et al., 2023; Fedus et al., 2020; Nikishin et al., 2022; Scheller et al., 2020) de ne the
replay ratio as the number of updates per environment interaction, characterizing how much the agent learns
from existing data versus new experience. However, augmented data is generated by a DAF and can produce
multiple augmentations per observed transition. Thus, for our analysis, the number of updates per augmented
transition generated is a more appropriate metric.
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Reward Density: Long horizon, sparse reward tasks are notoriously dif cult since an RL agent is
unlikely to discover reward signal through random exploration. A DAF that can produce transitions
with additional reward signal could improve data ef ciency. However, it is also known that reward-
generating DA strategies such as HER (Andrychowicz et al., 2017) can bias learning and lead to
overestimation of state-action values (Lanka and Wu, 2018) . For sparse reward tasks, we de ne
reward densityas the fraction of transition data in both observed and augmented replay buffers which
successfully solve the task and thus contain reward sfgnal.

Augmented Replay Ratio: Some DAFs (such as the translation DAF in Fig. 1b) can generate
multiple augmented transitions given a single input transition, substantially increasing the amount of
data available to the agent. We hypothesize that it may be bene cial to generate as many augmented
transitions as possible to lower the augmented replay ratio (Fedus et al., 2020).

While it is widely understood that high coverage and discovery of reward signal are critical to solving
sparse-reward RL tasks (Andrychowicz et al., 2017; Tang et al., 2017), the degree to which increasing
state-action coverage and reward density viaiBdividually contribute to data ef cient RL is less

clear. These factors are be dif cult to completely isolate; since the reward fundtioa) depends

ons anda, altering reward density necessarily changes state-action coverage. In our experiments,
we attempt to isolate all three aspects of DA to determine how much each affects data ef ciency.

5.1 EXPERIMENTS

We focus our experiments on four sparse-reward, continuous action
panda-gym tasks (Gallouédec et al., 202 BandaPush-v3 PandaSlide-

v3, PandaPickAndPlace-v3 andPandaFlip-v3 (Fig. 2), which we hence-
forth refer to as the Push, Slide, PickAndPlace, and Flip tasks, respectively.
We consider two DAFs:

1. TRANSLATEGOAL: Relabel the goal with a new goal sampled

uniformly at random from the goal distribution. Figure 2: PandaPush-
) v3. A robotic arm
2. TRANSLATEGOALPROXIMAL (p): Relabel the goal with a newmyst push a block to

goal sampled from the goal distribution. With probabilitythe 5 qoal location.
new goal is suf ciently close to the object to generate reward signal.

We also consider a toy 2D navigation taSkal2D-vO0 (Fig. 1a) in which an agent must reach a
random goal. The agent receives rewaldwhen it is suf ciently close to the goal and reward:1
otherwise. Agent and goal positions are initialized uniformly at random. We consider three DAFs:

1. ROTATE: Rotate the agent and goal by f 5; ; 379.
2. TRANSLATE: Translate the agent to a random position.

3. TRANSLATEPROXIMAL (p): Translate the agent to a random position. With probaljljty
the agent's new position is suf ciently close to the goal to generate reward signal.

These DAFs offer an avenue to investigate the role of reward density and state-action coverage in
DA. For instance, one can modify reward density thropdh TRANSLATEGOAL PROXIMAL (p).
Moreover, these DAFs are extremely general can be applied to manye¢agkspst navigation tasks.

We include full descriptions of each environment and DAF in Appendices B and C, respectively. We
use DDPG (Lillicrap et al., 2015) for Panda tasks and TD3 (Fujimoto et al., 2018) for Goal2D. Further
training details are in Appendix G. We include experiments studying how all three factors affect an
agent's generalization ability in Appendix E and include experiments studying the augmented replay
ratio for dense reward MuJoCo tasks (Brockman et al., 2016) in Appendix F.

5.1.1 BENCHMARKING DATA AUGMENTATION

We rst benchmark the performance of DA against simply collecting more policy data to establish
how much our chosen DAFs improve data ef ciency. Prior work has demonstrated that learning with
augmented data is often more data ef cient than learning without it, though it is unclear how learning

“with dense rewards, one may need to consider the full distribution of rewards in the replay buffer instead.



Published as a conference paper at ICLR 2024

Figure 3: “x2 policy data" agents double their learning data by collecting twice as many samples
between updates, and “x2 data via TranslateGoal" agents double their learning data by generating
one augmented transition per observed transition. Note that the horizontal axis shows the number
of updates rather than timesteps. Each curve shows the interquartile mean over 10 seeds. Shaded
regions denote 95% bootstrap con dence belts.

from augmented data compares to learning from additional policy-generated data, as policy-generated
data and augmented data are distributed differently in general. In these experiments, we increase
the available learning data using DA or by collecting more data with the agent's current policy
between updates. We label agents according to how many additional environment interactions they
perform,e.g.“x2 policy data” corresponds to one extra environment interaction, and “x2 data via
TRANSLATEGOAL" corresponds to generating one augmented transition per observed transition

(m = 1). When collecting or generating extra data, we increase the batch size and replay buffer
size proportionally so that all agents learn with the same amount of data, the same observed and
augmented replay ratios, and the same replay age. Thus, augmented and observed data are treated
equally in training.

From Fig. 3, we see thatRANSLATEGOAL offers signi cant improvement over no additional data.

For instance, in Push, doubling the learning data™MaNSLATEGOAL doubles data ef ciency.
Though, additional policy-generated data generally yields equal or better performance. Having
established thal RANSLATEGOAL improves data ef ciency, in the following sections, we study the
degree to which reward density and state-action coverage are responsible for these improvements.

5.1.2 SATE-ACTION COVERAGE

In this section, we study how increasing state-action coverage via DA affects data ef ciency. Since the
reward is a function of the agent's state and action, it is dif cult to completely isolate the effects of in-
creased coverage; a change in coverage affects reward density. Nevertheless, we can better understand
the effect of increasing coverage by comparing agents trained TSAYSLATE and TRANSLATE-

GoAL with agents trained usin§RANSLATEPROXIMAL (0) and TRANSLATEGOAL PROXIMAL (0)

— DAFs that increase state-action coverage without generating additional reward signal. Early in
training when there is little to no reward signal in the observed replay biffexNSLATEGOAL (0)

and TRANSLATEGOALPROXIMAL (0) have little affect on reward density. As the policy learns and

more reward signal is added to the observed replay buffer, the lack of reward signal in the augmented
replay buffer reduces the overall reward density. Thus, we can attribute any performance boost
provided byTRANSLATEPROXIMAL (0) and TRANSLATEGOALPROXIMAL (0) to an increase in
state-action coverage and/or a decrease in reward density. To better separate the effects of increased
coverage and decreased reward density, we double the agent's training data using different ratios
of augmented data to observed data (1:5, 1:2, and 1:1). A smaller slk®fiSLATEPROX-

IMAL (0)/TRANSLATEGOALPROXIMAL (0) data corresponds to less coverage but also a smaller
decrease in reward density. We report results for ratios yielding the largest improvements to data
ef ciency (i.e. ratios that best balances the increase in coverage with the decrease in reward density).

As shown in Fig. 4TRANSLATEGOALPROXIMAL (0) in Slide, PickAndPlace, and Flip is as data ef -

cient asTRANSLATEGOAL; increased coverage alone explains the bene fFRANSLATEGOAL in

these tasks. In Goal2D and Pu3SRANSLATEPROXIMAL (0) and TRANSLATEGOAL PROXIMAL (0)

are more data ef cient than no DA but less data ef cient tHemANSLATE and TRANSLATEGOAL.

Thus, although increased state-action coverage is the primary bene t in most tasks, we see that
increased reward density can also play a role. In the following section, we further disentangle
state-action coverage and reward density to assess how critical high reward density is for these tasks.
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