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Abstract— Deep reinforcement learning (DRL) methods can
solve complex continuous control tasks in simulated environ-
ments by taking actions based solely on state observations
at each decision point. Because of the dynamics involved,
individual snapshots of real-world sensor measurements afford
only partial state observability, so it is typical to use a history
of observations to improve training and policy performance.
Such intertemporal information can be further exploited using
a recurrent neural network (RNN) to reduce the dimensionality
of the dynamic state representation. However, using RNNs
as an internal part of a DRL network presents challenges
of its own; and even then, the improvements in resulting
policies are usually limited. To address these shortcomings, we
propose using gated feature extraction to improve DRL training
of real-world robots. Specifically, we use an untrained gated
recurrent unit (GRU) to encode a low-dimension representation
of the state observation sequence before passing it to the DRL
training procedure. In addition to dimensionality reduction,
this allows us to unroll the RNN by encoding the observations
cumulatively as they are collected, thereby avoiding same-
length input requirements, and train the RL network on the
raw observations at the current step combined with the GRU-
encoding of the preceding steps. Our simulation experiments
employ gated feature extraction with the TD3 algorithm. Our
results show that the GRU-encoded state observations improve
the training speed and execution performance of the TD3
algorithm, improving the learned policies in all 19 test cases,
exceeding the maximum achieved reward by over 38% in 8 and
doubling the maximum achieved reward in three, while also
outperforming a baseline implementation of SAC in 17 out of
19 environments. Moreover, the greatest improvement is seen
in real-world experiments, where our approach successfully
learns to balance a pendulum as well as a complex quadrupedal
locomotion task. In contrast, the standard TD3 algorithm not
only does not show any learning progress at all, but also
repeatedly damages the hardware.

I. INTRODUCTION

A major challenge in deep reinforcement learning (DRL)
is that of bridging the sim-to-real gap, by demonstrating that
real-world robots and devices can be effectively controlled
using policies learned using powerful DRL methods [1], [2].
One way of dealing with this challenge is dynamics random-
ization [2], where robust policies are found by randomizing
the simulation parameters during training. This trades robust-
ness for optimality [3], and also decreases sample efficiency,
often requiring hundreds of millions of samples [4], [5], [6].
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Quadrupedal robot.

An alternative to domain randomization is training directly
on the hardware [7], [8], [9], which avoids the sim-to-real
transfer. However, because training on real robots is slow
and they are susceptible to hardware failure, training needs
to be much more sample efficient for DRL to be considered
useful in these settings, lest it lead to excessive wear or even
breakdown of the physical components.

In this context, a key aspect of the sim-to-real gap is
finding useful state representations for DRL algorithms to
learn on using the available sensor data. In particular, a
sequence of state observations, measured by sensors, can
be transformed into a compact representation of the state
using a recurrent neural network (RNN) [10]. Most of the
works taking this approach focus on RNNs as a solution
to partially-observable Markov decision processes (POMDP)
[11], and/or are confined to discrete action spaces or image
input from the Atari Learning Environment [12]. However,
using RNNs for state feature extraction, by pre-processing
state observations to reduce their size in settings with con-
tinuous action spaces and non-image inputs has been largely
unexplored. Thus, this paper considers DRL for continuous
control in combination with RNNS for state feature extraction
and representation size reduction.

Current approaches that apply RNNs within the DRL
training process to reduce the size of the state representation
face three technical challenges: (i) there is a considerable
computational cost of unrolling the sequence of observations
at each training step, (ii) for training, the same sequence
length within a mini-batch is required, and (iii) in many sit-
uations, the raw and exact sensory observations are required
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to decide the next action rather than the RNN representation
of the past n steps. Yet the improvements resulting from
using RNNs are usually very limited; for example, DRQN
outperforms standard DQN only on two Atari games [10].
This paper addresses these issues by proposing a novel
approach to feature extraction for DRL.

To address the first two issues above, we use an untrained
GRU network [13] as a variable sequence encoder for
feature extraction, and place it outside the DRL network.
This allows the observations to be unrolled only once per
training, thereby avoiding the repeated computational cost. In
addition, the observations are encoded cumulatively as they
are collected without any fixed sequence length limitation.
The DRL network is then trained to interpret this GRU-based
encoding. Our approach is motivated by the long-standing
use of untrained layers in neural networks for classification
and regression tasks, proposed as early as [14] to improve
the training of multi-layer feed-forward networks and widely
exploited since then (e.g. [15]). Moreover, recent results ex-
tend universal approximation of some classes of RNNs with
randomly generated internal weights to reservoir systems
[16], which are a class of dynamics similar to those that arise
in continuous control and robotics applications. We choose
to use GRUs in particular as they are computationally more
efficient than Long Short-Term Memory (LSTM), another
RNN architecture, thanks to GRU’s simpler structure. GRUs
have also been shown to outperform the LSTM on non-
language modeling tasks with shorter sequences [17].

To address the third issue, we train the RL network on
the raw observations at the current step combined with an
encoding of the preceding steps. This gives the RL network
access to both less detailed historical information as well
as exact and unprocessed current data. In contrast, existing
DRL approaches that employ preprocessing RNNs use the
output of the RNN layer as an input to the Q-Network,
or actor/critic networks in continuous action spaces [10],
[18]. By doing this, part of the observation input is lost or
diluted in the history encoding. Our results demonstrate that
the next action inference benefits from both exact sensory
observations at the current step (i.e. encoder reading, head-
ing, etc.) as well as historical context provided by the RNN
hidden state. Additionally, this historical context provides a
proximal smoothing effect in state observations which in turn
reduces abrupt action changes between steps and stress on the
physical components, which is an important consideration in
DRL training on real-world robots.

To demonstrate the effectiveness of our gated feature
extraction approach, we implement it with TD3 [19] and
rigorously evaluate it across a comprehensive suite of 19
challenging simulated control tasks. Our empirical results
show that our algorithms substantially outperform the cur-
rent state of the art on both maximum reward and sample
efficiency. We further test our approach on real-world, low-
cost pendulum and quadrupedal locomotion tasks. These are
simple tasks in simulation, however, they can become very
challenging with limited and noisy sensory observations and
limited precision control. Given these conditions, standard

TD3 did not show any learning progress. Furthermore, the
aggressive exploration repeatedly lead to physical damage
of the motors. In contrast, training the same TD3 algorithm
on the GRU-encoded state representations combined with
state observations showed steady learning progress, and
successfully solved both environments without damaging
the physical hardware. Taken together, these simulated and
real-world experiments demonstrate that our untrained GRU
feature extraction approach reduces the sim-to-real gap and
moves us towards the goal of using DRL to train and deploy
field devices.

The structure of the paper is as follows: Section II dis-
cusses related work, followed by the technical preliminar-
ies in Section III. Section IV introduces the gated feature
extraction. We report results from simulated experiments
in Section V, and real-world experiments in Section VI.
Section VII concludes.

II. RELATED WORK

Using RNNs to improve the performance of DRL has
been around for some time, and its various aspects have
been studied in several publications. The majority of these
works focus on deep Q-networks (DQNs) [20] within the
Atari Learning Environment [12], with many using the RNN
in a partially-observable Markov decision process (POMDP)
framework.

Deep recurrent Q-networks (DRQN) were introduced in
[10] as a combination of a long short-term memory (LSTM)
[21] and a DQN, to address partial observability in Atari
2600 games. In the original DRQN implementation, the
output of the convolutional layer is passed through the LSTM
and its outputs become Q-values (after passing through a
fully-connected layer). Because LSTM requires a sequence
of multiple frames, two types of updates were examined: (i)
bootstrapped sequential updates and (ii) bootstrapped random
updates. The first is trained on entire (randomly selected)
episodes and the RNN is unrolled from the beginning to the
conclusion of the episode. The second is trained over n =
10 consecutive frames selected randomly within (randomly
selected) episodes. Neither is ideal because unrolling the full
episode violates DQN’s sampling policy and unrolling over
n frames limits the history used by the RNN. Both DRQN
variants performed is similarly to the plain DQN.

Another work extending DRQN, [22], introduced the
action-specific deep recurrent Q-network (ADRQN), which
couples actions and observations before passing them
through an LSTM. We use a similar approach in one of
our innovative variants, coupling current observations and
actions before passing them to the GRU.

The idea of separating the RNN from the RL network is
investigated in [23]. The RNN/LSTM is trained to predict
next observations and rewards and the learned hidden states
are then passed as the input to DQN. The RNN and DQN
are backpropagated in two separate steps. As this architecture
involves backpropagation of the RNN at each training step, it
requires history sequences within a minibatch to be of equal
size and is computationally expensive.
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The use of RNNs in continuous action spaces is investi-
gated in [18]. Their architecture extends the TD3 algorithm
[19] with the RNN implemented as a GRU [13] layer in the
actor and critics. As such, the architecture closely mimics
DRQN, but extends TD3 instead of DQN. As a result it
suffers from the same drawbacks and requires a fixed-size
history sequence as well as high computational cost.

In all previous work, the observation sequence unrolled by
the RNN is limited to 10 frames to improve computational
efficiency. This, however, limits the RNNs ability to learn
situations that span more time steps. It also presents a
significant computational cost. In all cases the hidden state of
the RNN is used as a direct input of the RL network, which
may affect the accuracy of the sensory observations used in
training. Our approach overcomes these shortcomings.

III. TECHNICAL PRELIMINARIES

A. Reinforcement Learning and Twin Delayed DDPG (TD3)

In reinforcement learning (RL), an agent interacts with
an unknown environment £ while trying to maximize its re-
ceived reward. At each time step ¢, the agent selects an action
a € A based on the state observation s € S with respect to its
policy 7 : § — A. Based on this action, it receives a reward
r € RY and a new state observation s’. The agent’s goal is
to learn a policy 7 that maximizes the expected discounted
cumulative reward R; = Z?:t vi=tr(s;,a;), where 7y is a
discount factor.

Estimates of the optimal action values can be learned
using Q-learning, a form of temporal difference learning
[24]. However, most interesting problems are too large
to learn all action values in all states separately. Instead,
we can learn a parameterized value function Q(s,a;6;).
The standard Q-learning update for the parameters after
taking action A; in state S; and observing the immediate
reward R;,q and resulting state Sy;1 is then 6441 = 0; +
oz(Y;Q — Q(St, A+;01))V,Q(St, As; 0;) where « is a scalar
step size and the target YtQ is defined as YtQ = Ry +
ymaxg Q(Sty1,a;0t) .

In continuous action spaces, the goal is to optimize a
parameterized policy 74 by maximizing its expected return
J(@) = Eg,opr.ai~n [Ro]. This can be done using the
deterministic policy gradient algorithm [25]:

Ve d (¢) = Egnp, [VaQ™(5,0)|amr(s) Vome(s)] -

The deep deterministic policy gradient (DDPG) algorithm
extends deterministic policy gradients by using deep neural
networks [26]. Building on this, twin delayed DDPG (TD3)
improves on DDPG by addressing the over-estimation of Q-
values in the critic network, specifically by innovating in
three areas [19]: (i) using two critic networks, (ii) using
delayed updates of the actor to reduce per-update error, and
(iii) applying action noise regularization. We use TD3 in
Sections V and VI to demonstrate the value of adding gated
feature extraction to solving robot control problems.

Algorithm 1 R-TD3

1: Initialize critic networks Qg,, Qg,, and actor network mg with
random parameters 61, 62, ¢

2: Initialize target networks 0] < 01, 05 < 02, ¢' + ¢

: Initialize replay buffer B

4: Initialize the RNN with state observation s received from
env.reset() and h_t initialized to Os

5: Combine the state observation s with the last layer of the
returned output as s_o

6: for t =1to T do

7: Select action with exploration noise a ~ m4(s-0) + €,

8: €~ N(0,0) and observe reward r and new state s’

9

0

[95]

Unroll the RNN for additional step using the s’

Combine the observation s” with the last layer of the returned
output as s’ _o’

11:  Store transition tuple (s.o,a,r,s'_0') in B

12:  Standard TD3 training (actor/critic gradient clipped at 0.1)
13:  if episode ended then

14: Re-set the hidden state of the RNN with state observa-
tion s received from env.reset() and hidden state h_t
initialized to Os

15: Combine the state observation s with the last layer of the
returned output as s_o

16:  end if

17: end for

B. Recurrent Neural Networks for State Observation Encod-
ing

A recurrent neural network (RNN) uses its internal state,
referred to as hidden state, h, to process a variable-length
sequence x = (z1,...,27) input. At each time step ¢, this
hidden state h ;) is updated through

hyy = f (hyo1y, 2) (1)

where f is a non-linear activation function. By training to
predict the next symbol in a sequence, the RNN learns a
probability distribution of the sequence.

A GRU [13] is a network architecture that encodes a
variable-length sequence into a fixed-length vector represen-
tation, and then decodes this vector back into a variable-
length sequence. The GRU encoder reads each symbol of an
input sequence x sequentially. Processing each symbol up-
dates the the hidden state of the RNN according to (1). Thus,
the hidden state, hy, is a summary of the processed input
sequence. In RL, as the agent moves through the episode, a
sequence of observations or action-observation pairs can be
considered as such a sequence, and the hidden state, h<t), is
a compact representation of the state information.

IV. DIMENSIONALITY REDUCTION THROUGH RNN

This section contains our main technical innovation, cap-
turing information from an observation history by feature
extraction using an untrained GRU that is decoupled from
the RL network. Our framework is outlined in Algorithm 1.

The simplest way of adding an observation history to
DRL training is to stack a sequence of preceding obser-
vations. However, this quickly increases the dimensionality
of the input layer, which motivates our investigation into
the dimesion-reduction power of RNNs. Previous approaches
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incorporate an RNN within the RL network, usually using
LSTM as the first layer before the Q-network or before
the actor/critic networks. This has several consequences.
RNNs require a sequence of observations as their input,
and because the training is done using mini-batch gradient
descent, each sequence within the mini-batch must be of
equal length. In addition, to reduce the computational cost
caused by unrolling the entire sequence at each training step,
the sequence length is usually limited to 10 observations.
However, many tasks, even only moderately complex ones,
span (and depend on) many more steps, so this limits the
effectiveness of the RNN layer.

A. GRU Encoding

Our approach decouples the RNN layer from the RL
network by using a separate GRU network. Unlike in other
approaches, this network is not used for prediction but rather
for encoding of the variable-length sequence of observations
into a fixed-length vector representation.

The observations are encoded cumulatively, with each step
further unrolling the hidden state of the GRU (Algorithm 1,
line 9). As a result, the transition for step 10 will contain
the encoded history of observations from steps 1 - 10, the
transition for step 15 contains observations from steps 1
- 15, etc. Because each sequence is encoded individually,
there is no same-length-batch requirement. The hidden state
is reset at the start of each episode (lines 4 and 14). The
GRU is initialized at the start of the training, and this
initialization will produce a consistent encoding of the same
(or similar) sequence of observations throughout the training.
The encoding generated by the GRU network is then used as
an additional input to the RL network. The actor and critic
within the RL network are trained to interpret this encoding
and use it for prediction.

We achieve best results with 3 layer GRU and the hidden
state of 128 (256 for more complex environments).

B. RL Network Input and RNN Input

In other approaches (e.g. [10]), the hidden state of the
RNN becomes the entire input of the Q-network. This causes
a part of the current step’s observation to be lost or combined
with the rest of the sequence. This can be counter-productive
in multi-dimensional, non-image based situations where the
next action depends on the exact observations at the current
step.

In our approach, the GRU encoding is added to the raw
observations at the current step (line 10). This provides the
RL network with both the memory of the previous steps as
well as the exact current observations (line 12). In addition,
the combined input is cached at each step with the rest of
the transition data in the replay buffer (line 11). Because
each step is encoded only once, the additional computations
required are limited and the resulting speed is on par with
the baseline algorithms (i.e. TD3) without the RNN.

When it comes to RNN input, we are presented with two
options, to pass in: (i) state observations only, or (ii) state
observations and the action that lead to those observations.

Most of the previous works use the past ten state observations
as the RNN input and the RNN hidden state becomes the
input of the Q-network. The causal relationship between the
action the resulting observation is explored in [22], in which
they concatenate both before passing them to the RNN, in an
attempt to improve performance. We test both approaches.
In the remainder, the first variant is denoted as R- and the
latter as RA- in the name of the algorithm.

V. EXPERIMENTS IN SIMULATION

To ensure robustness of our results, we evaluate and com-
pare the performance of the algorithms across selected tasks
from three simulation environments: (i) MuJoCo continuous
control tasks [27] interfaced through OpenAl Gym [28], (ii)
PyBullet [29], and (iii) the DeepMind Control Suite [30].
To allow for reproducible results, we use the tasks without
any modifications to the publicly available environment or
reward. For each algorithm/environment combination, we
train 10 different instances using seeds 0 — 9. Following the
TD3 paper, the reward is calculated as an average of 10 test
runs without exploration every 5,000 training frames. The
more complex tasks, HUMANOID, HUMANOIDSTANDUP,
and DM HUMANOID: WALK are trained for 10M frames,
and the rest of the tasks for 1M frames. We benchmark
against TD3 [19], DDPG [26] and SAC [31].

A. Results

Table I shows average returns of the top 5 performing
seeds for each batch. We use the top 5 seeds to eliminate the
seeds that fail to learn at all, which is inevitable in very com-
plex tasks such as the HUMANOID or HUMANOIDSTANDUP,
regardless of the training algorithm. Results for DDPG are
omitted as it was consistently outperformed. Figure 2 shows
learning curves for several environments with variants of our
modifications outperforming the base TD3 algorithm in both
sample efficiency and final performance.

Overall, these simulation results demonstrate a perfor-
mance improvement from our GRU pre-processing modi-
fications to the TD3 algorithm. Our algorithms yields so-
lution quality improvements of over 38% in 8 out of 19
test cases, and doubles the maximum achieved reward in
three (HUMANOIDSTANDUP, MINITAUR and DM HOPPER:
Hopr) when compared to TD3. It also outperform a baseline
implementation of the SAC algorithm in 17 out of 19
environments.

VI. REAL-WORLD EXPERIMENTS

To confirm the effectiveness of our approach in real-world
conditions, we tested it with a real-world implementation of
a swing up pendulum environment and quadrupedal loco-
motion task. Despite most of the DRL research focusing on
high-cost and high-compute robotics [4], we use low-cost and
commodity grade hardware to show that our approach gener-
ates learning progress even in the challenging conditions of
low precision and variable delays where off-the-shelf DRL
approaches fail.
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TABLE I

AVERAGE RETURNS OF TOP 5 PERFORMING SEEDS. £ CORRESPONDS TO A SINGLE STANDARD DEVIATION.

Environment R-TD3 RA-TD3 SAC TD3
OpenAl Gym (MuJoCo) Environments
Ant-v3 56693 + 103.3 57058 + 1733 5,026.6 + 2209  5437.6 + 89.6
HalfCheetah-v3 11,0069 + 653.8 10251.7 + 963.4  8291.8 + 643.7  9,854.8 + 346.7
Hopper-v3 3,844.3 + 62.4 38015 + 407  3,603.1 + 334 37102 + 37.7
Humanoid-v3 6,913.7 & 4569  7,209.7 £ 357.9  7,7443 £ 510.6  5,681.6 £ 27.8
H IStanduny) 181,946.4 220,533.4 203,756.8 161,700.4
umanoldstandup-v + 37,170.7 + 53,563.0 + 39,379.3 +2,671.1
Swimmer-v2 98.9 1 37.0 84.0 + 33.3 78.8 4+ 9.3 65.0 + 16.3

Walker2d-v3 6,413.4 + 195.4

6,044.1 £ 305.5

4,606.2 £+ 151.7

4,920.3 £ 284.1

PyBullet Environments

AntBulletEnv-v0 3,142.7 £ 160.5 3,176.5 + 109.1 1,396.8 £ 227.7 2,424.1 £97.1
HalfCheetahBulletEnv-v0  3,189.7 + 193.5 3,130.5 £+ 265.4 2,008.8 £ 1949  2,490.7 £ 155.6
HopperBulletEnv-v0 2,667.2 £ 70.5 2,717.6 + 94.9 2,457.6 £+ 58.1 2,614.3 £ 52.0
MinitaurBulletEnv-v0 20.6 - 4.5 146 + 44 163 £ 3.2 54+ 44
Walker2DBulletEnv-v0 2,254.2 £ 74.1 2,370.1 + 53.6 1,744.0 £ 55.2 2,060.7 £ 48.8
DeepMind Control Suite Environments
Finger: Turn Hard 8274 £ 945 757.1 £ 40.5 909.4 + 54.0 767.7 &+ 48.0
Fish: Swim 771.8 + 22.9 743.5 4+ 34.9 3445 + 354 335.8 &+ 37.7
Hopper: Hop 192.7 £+ 28.3 164.9 £+ 22.7 1449 £+ 42.1 103.2 + 16.8
Humanoid: Walk 610.9 + 355.8 424.4 4+ 385.9 556.7 £+ 45.1 210.6 £+ 278.6
Swimmer: 15 654.0 + 65.7 6149 £+ 52.6 521.9 £+ 34.0 534.4 + 359
Walker: Run 674.6 + 33.9 642.7 + 87.5 625.0 + 344 582.8 + 73.3
Walker: Walk 9727 £ 3.7 974.3 + 3.4 973.0 £ 3.5 970.3 £ 2.4
=== DDPG e=== TD3 === SAC C-RA-TD3 ~ @=== C-R-TD3
Humanoid-v3 HumanoidStandup-v2 DM Humanoid: Walk Walker2D-v3
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Fig. 2. Learning curves for the continuous control tasks.

A. Pendulum Apparatus

We use a minimal version of a swing-up pendulum.
The machine consists of a rectangular aluminum extrusion
mounted on a servo using a servo block. At the end of the
extrusion is an encoder with the pendulum. The machine
is controlled by an MCU (ESP32-S2). The communication
between the MCU and the training machine is via WiFi,
using a Pub/Sub protocol over an MQTT message broker.
All components are low-cost and commodity grade and the
design is open sourced.

The continuous space action is a value from interval
[—1, 1], representing the leftmost and rightmost positions of
the servo. To prevent too large movements, this value u; is
passed through an exponential filter. In the discrete setting,
the action is a number from interval [0, 4] representing one of
the possible actions: (i) left fast, (ii) left slow, (iii) stop, (iv)
right slow, and (v) right fast. A safety loop halts the current
action if either the right-most/left-most position is reached
or the pendulum spins at 2 or more rotations per second.

Between the episodes, the servo motor is stopped for 2
seconds. Most of the time, this leaves the pendulum swinging
with some residual momentum and at a random starting
position. This randomized starting state is important to train
the swing-up part of the task.

State Observations: There are two physical measure-
ments: (i) the pendulum angle measured by an absolute
encoder, and (ii) arm angle given by servo position. Other
state observations are calculated based on changes in position
and time since the last measurement. These calculations
run on the MCU at a streaming frequency to keep them
consistent.

Reward Function The reward function used is: R =
—0% — 0.5 x w2, where 0 is an angle measured from the
upright position in radians and w is revolutions per second.

B. Quadrupedal Robot

To confirm that our architecture can scale to more complex
problems and continuous action spaces, we tested it on
a complex task of quadrupedal locomotion in a specific
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direction. The robot, shown in Figure 1, is driven by 8
servos, each leg is controlled by two servos. The servos
are controlled by an on-board MCU ESP32-S2, and the
communication setup is the same as with the pendulum.

Action Space: There are 2 servos per leg resulting in
continuous action space size of eight inputs. The actions are
real numbers [—1,1] and these values are mapped to the
allowed range of each servo. The mapped value is passed
through an exponential filter and the resulting position is
then actuated.

Observation Space: The state observations combine read-
ings from multiple sensors, including a position of each
servo, orientation yaw, pitch, roll, Ayaw and distance Ad
traveled in the direction given by the control signal. Unlike
in many simulated environments, the distance is measured
with respect to the control signal represented by the yaw of
0.

Reward Function The reward function R Ad +
Ayaw — 0.1 X yaw — 0.1 X pitch — 0.1 x roll rewards
forward motion and marginally penalizes differences from
level orientation.

For both R-TD3 and TD3, to reduce the initial random
exploration, the replay buffer was seeded by the first 100k
transition collected during the first set.

C. Pendulum Results

Each experiment was run for 3 sets, 1000 episodes of
500 steps each, except for plain TD3, which damaged the
servo every time after around 500 episodes. We consider the
environment solved at reward of -200, at which point it takes
several swings to bring the pendulum upright and it remains
upright until the end of the episode. Because of the limited
precision sensors and variable delays in communication
channel and actuation, this problem is considerably more
difficult than simulated versions that are easily solvable by
most algorithms in minutes. This is evidenced by neither
plain TD3 nor plain DQN making any learning progress.
Both R-TD3 and R-DQN managed to solve the environment.

Of special note: The aggressive exploration of the plain
TD3 lead to the metal gears on the servo being stripped
during each run. It also caused extensive wear to the servo
block and it needed to be replaced. In contrast, the R-ed
algorithms were training almost continuously for weeks (as
part of a different study) without any damage.

Episode No

i 40
\1 20
20

W

1000 0

—40

600 800 100 200 300

Episode No

400

Fig. 4. Learning curves of the real-world experiments.

D. Quadrupedal Locomotion Results

The R-TD3 experiments were run for 3 sets, each taking
400 episodes of 500 steps. In each of the R-TD3 sets, the
robot learns a quasi galloping gate that allows it to move
as much as 265cm per episode during the no exploration
test. As evident from the supplementary video, the robot also
makes course correction steps throughout to keep moving in
the required direction.

We could only finish two of the TD3 experiments, during
which 4 servos as well as the battery elimination circuit
were damaged. There was no evidence of learning during the
training, with the policy generating the same actions during
the non-exploration tests and the robot not moving at all.

Our conjecture is that there are two reasons behind the
less wear on the hardware when using the GRU encoding:
(1) the network actually learns and a good policy requires
smooth movements and smaller action changes, and (ii) the
history encoding makes state observation/feature changes
more gradual, effectively applying a proximal smoothing to
the next action inference.

VII. CONCLUSION

This paper investigates the use of RNNs to improve
DRL training in robotic control tasks. We propose a novel
architecture that extends the existing TD3 algorithm by
combining the current step state observations with a GRU
encoding of the sequence of all the preceding observations.
By using the GRU network as a variable sequence encoder
placed outside of the RL network, our approach addresses
three challenges present in using RNNs in DRL training: (i)
computational cost of unrolling the observation sequence at
each training step, (ii) restricting the observation sequence
to a fixed length within a mini-batch requirement, and (iii)
dilution of the exact observations from the current step in
the RNN output. Our experiments on a broad set of robotics
RL tasks across three control suites show that employing our
architecture improves on the state of the art DRL algorithms,
especially in test environments with high observation and ac-
tion space dimensionality. Moreover, our experiments in real-
world pendulum and quadrupedal locomotion environments
indicate that the same approach helps with DRL training
in challenging real-world conditions characterized by low
precision, noisy observations, limited control and latency.
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