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Abstract

In policy search methods for reinforcement learn-
ing (RL), exploration is often performed by in-
jecting noise either in action space at each step
independently or in parameter space over each
full trajectory. In prior work, it has been shown
that with linear policies, a more balanced trade-
off between these two exploration strategies is
beneficial. However, that method did not scale
to policies using deep neural networks. In this
paper, we introduce deep coherent exploration, a
general and scalable exploration framework for
deep RL algorithms for continuous control, that
generalizes step-based and trajectory-based ex-
ploration. This framework models the last layer
parameters of the policy network as latent vari-
ables and uses a recursive inference step within
the policy update to handle these latent variables
in a scalable manner. We find that deep coher-
ent exploration improves the speed and stability
of learning of A2C, PPO, and SAC on several
continuous control tasks.

1. Introduction

The balance of exploration and exploitation (Kearns &
Singh, 2002; Jaksch et al., 2010) is a longstanding challenge
in reinforcement learning (RL). With insufficient explo-
ration, states and actions with high rewards can be missed,
resulting in policies prematurely converging to bad local
optima. In contrast, with too much exploration, agents could
waste their resources trying suboptimal states and actions,
without leveraging their experiences efficiently. To learn
successful strategies, this trade-off between exploration and
exploitation must be balanced well, and this is known as the
exploration vs. exploitation dilemma.

At a high level, exploration can be divided into directed
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strategies and undirected strategies (Thrun, 1992; Plappert
et al., 2018). While directed strategies aim to extract use-
ful information from existing experiences for better explo-
ration, undirected strategies rely on injecting randomness
into the agent’s decision-making. Over the years, many
sophisticated directed exploration strategies have been pro-
posed (Tang et al., 2017; Ostrovski et al., 2017; Houthooft
et al., 2016; Pathak et al., 2017). However, since these
strategies still require lower-level exploration to collect the
experiences, or are either complicated or computationally
intensive, they are usually only used for ‘hard exploration’
problems where rewards are sparse, delayed, or deceptive.
Except for those ‘hard exploration’ tasks, undirected explo-
ration strategies are commonly used in practice and in RL
literature, where some well-known examples are e-greedy
(Sutton, 1995) for discrete action space and additive Gaus-
sian noise for continuous action space (Williams, 1992).
Such strategies explore by randomly perturbing agents’ ac-
tions at different steps independently and hence are referred
to as performing step-based exploration in action space
(Deisenroth et al., 2013).

As an alternative to those exploration strategies in action
space, exploration by perturbing the weights of linear poli-
cies has been proposed (Riickstie$ et al., 2010; Sehnke et al.,
2010; Kober & Peters, 2008). Since these strategies in pa-
rameter space naturally explore conditioned on the states
and are usually trajectory-based, they have the advantages
of being more consistent, structured, and global (Deisenroth
et al., 2013). Later, van Hoof et al. (2017) proposed a gener-
alized exploration (GE) scheme, bridging the gap between
step-based and trajectory-based exploration in parameter
space. With the advance of deep RL, NoisyNet (Fortu-
nato et al., 2018) and parameter space noise for exploration
(PSNE) (Plappert et al., 2018) were introduced, extending
parameter-space exploration strategies for policies using
deep neural networks.

Although GE (van Hoof et al., 2017), NoisyNet (Fortunato
et al., 2018), and PSNE (Plappert et al., 2018) improved the
vanilla exploration strategies in parameter space and were
shown leading to more global and consistent exploration,
they still suffer from several limitations. Our contribution
consists of a new exploration scheme to overcome these
limitations. To the best of our knowledge, ours is the first
scheme that combines the following characteristics:
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1. Generalizing Step-based and Trajectory-based Ex- the beginning of the trajectory, with the perturbation held
ploration  Since both NoisyNet and PSNE are xed during the trajectory. Possible mechanisms include
trajectory-based exploration strategies, they are consigsosterior sampling techniques, which behave according to
ered relatively inef cient and bring insuf cient stochas- the solution of a randomly sampled MDP for the duration
ticity (Deisenroth et al., 2013). Following van Hoof of a trajectory (Strens, 2000); drawing value functions from
et al. (2017), our method improves by interpolating a posterior distribution (Osband et al., 2019); or sampling
between step-based and trajectory-based exploraticthe policy parameters from a search distributioti¢kstiel3
in parameter space, where a more balanced trade-offt al., 2008; Sehnke et al., 2010). In particular, compared
between stability and stochasticity can be achieved. to their action-space counterparts (Sutton, 1995; Williams,

1992), Rickstiel3 et al. (2010) and Sehnke et al. (2010)

2. Recursive Analytical Integration of Latent Explor-  showed that such parameter-space methods could bring im-
ing Policies  NoisyNet and PSNE address the uncer-proved exploration behaviors because of reduced variance
tainty from sampling exploring policies using Monte an faster convergence, when combined with REINFORCE

Carlo integration, while GE uses analytical integration (wiilliams, 1992) or natural actor-critic (Peters et al., 2005).
on full trajectories, which scales poorly in the num- ) ) )
ber of time steps. In contrast, we apply analytical ang®nother alternative to independent action-space perturba-

recurrent integration after each step, which leads tdions, is to correlate the noises applied at subsequent actions
low-variance and scalable updates. (Morimoto & Doya, 2000; Wawrzynski, 2015; Lillicrap

et al., 2016), for example by generating perturbations from
3. Perturbing Last Layers of Policy Networks Both ~ an Ornstein-Uhlenbeck (OU) process (Uhlenbeck & Orn-
NoisyNet and PSNE perturb all layers of the policy stein, 1930). Later, van Hoof et al. (2017) used the same
network. However, in general, only the uncertainty in stochastic process but in the parameter space of the policy.
parameters of the last (linear) layer can be integrated his approach uses a temporally coherent exploring policy,
analytically. Furthermore, it is not clear that deepwhich uni es step-based and trajectory-based exploration.
neural networks can be perturbed in meaningful waysvioreover, the authors showed that, with linear policies, a
for exploration (Plappert et al., 2018). We thus proposemore delicate balance between these two extreme strategies
and evaluate an architecture where perturbation is onlgould have better performance. However, this approach was
applied on the parameters of the last layer. derived in a batch mode setting and requires storing the full
trajectory history and the inversion of a matrix growing with
St_he number of time steps. Thus, it does not scale well to

We will refer to our method that combines these characteri ; .
long trajectories or complex models.

tics asdeep coherent exploratioe evaluate the coherent
versions of A2C (Mnih et al., 2016), PPO (Schulman et al. Although these methods pioneered the research of explo-
2017), and SAC (Haarnoja et al., 2018), where the experation in parameter space, their applicability is limited.
iments on OpenAl MuJoCo (Todorov et al., 2012; Brock-More precisely, these methods were only evaluated with ex-
man et al., 2016) tasks show that deep coherent exploratiofiemely shallow (often linear) policies and relatively simple
outperforms other exploration strategies in terms of bothasks with low-dimensional state spaces and action spaces.

learning speed and stability. Given this, NoisyNet (Fortunato et al., 2018), PSNE (Plap-
pert et al., 2018), and Stochastic A3C (Shang et al., 2019)
2. Related Work were proposed, introducing more general and scalable meth-

ods for deep RL algorithms.
As discussed, exploration can broadly be classi ed into di- , i
rected and undirected strategies (Thrun, 1992; Plappert et o\ three of these methods can be seen as learning a dis-
2018), with undirected strategies being commonly used iﬁr'b“t'on over policies for traject_ory-ba_sed exploration in
practice because of their simplicity. Well known methodsParameter space. These exploring policies are sampled by

such as -greedy (Sutton, 1995) or additive Gaussian noiseoerturbing the weights across all layers of a deep neural net-

(Williams, 1992) randomly perturb the action at each timeWork, with the uncertainty from sampling being addressed

step independently. These high-frequency perturbation8y Monte Carlo integration. Whereas NoisyNet learns the:
however, can result in poor coverage of the state-actioR'2dnitudes of the noises for each parameter, PSNE heuristi-
space due to random-walk behavioiigiRstieR et al., 2010; cally adapts a single magnitude for all parameters.
Deisenroth et al., 2013), washing-out of exploration by thewhile showing good performance in practice (Fortunato
environment dynamics (Kober & Peters, 2008idRstie8 et al., 2018; Plappert et al., 2018), these methods suffer from
etal., 2010; Deisenroth et al., 2013), and potential damagesvo potential limitations. Firstly, trajectory-based strategies
to mechanical systems (Koryakovskiy et al., 2017). can be inef cient as only one strategy can be evaluated for a

One alternative is to instead perturb the agent's behavior dt°tentially long trajectory (Deisenroth et al., 2013), which
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could fail to escape local optima. Secondly, Monte CarloProximal Policy Optimization (PPO) PPO (Schulman
integration results in high-variance gradient estimates thagt al., 2017) is an on-policy algorithm developed to de-

could lead to oscillating updates. termine the largest step for update while still keeping the
updated policy close to the old policy in terms of Kull-

3. Background back—Leibler (KL) divergence. Instead of using a second-
order method as in trust region policy optimization (TRPO)

3.1. Reinforcement Learning (Schulman et al., 2015), PPO applies a rst-order method

and combines several tricks to relieve the complexity. We

Relnforc_ement leaming is a sub- eld of_machlne_learnmg consider the primary variant PPO-Clip with the following
that studies how an agent learns strategies with high returngurr ogate objective:

through trial-and-error by interacting with an environment.
This interaction between an agent and an environment is L¢YP ()= E

described using Markov Decision Processes (MDPs). A 32 1h P il
MDP is a tuple(S; A;r, P; ), whereS is the state space, min(re( )iclip(re( );1 1+ ))A, ¢
A is the action space,: S A S'! R is the reward t=0

function withry = r (si;a;;s8t+1),P :S A S| R* (3)

is the transition probability function, andis a discount

factor indicating the preference of short-term rewards. wherer( ) = (adst) and is a small threshold that
. . . : (atjst)
In RL with continuous action space, an agent aims to learypproximately restricts the distance between the new policy
a parametrized (€.g. Gaussian) policy(ajs) : S A and the old policy. In practice, to prevent the new policy
R™, with parameters, that maximizes the expected return from changing too fast, the KL divergence between the new
over trajectories: policy and the old policy approximated on a sampled batch
J()=E o RO (1 s often used as a further constraint.

Soft Actor-Critic (SAC)  SAC (Haarnoja et al., 2018) is
an entropy-regularized (Ziebart et al., 2008) off-policy actor-
critic method (Lillicrap et al., 2016; Fujimoto et al., 2018)
with a stochastic policy. Using “soft' Bellman back-ups with
off-policy data, SAC learns the optimal entropy-regularized
Deep reinforcement learning combines deep learning and r&-function de ned as:

inforcement learning, where policies and value functions are

represented by deep neural networks for more sophisticategg (s:8) = Ewaclr + (Q (s58)+ H ( (aJs)))];

here = (sp;a0;:::;ar 1;St)Iisatrajectoryand®R( )=
o 'ryis the discounted return.

3.2. Deep Reinforcement Leaning Algorithms

and powerful function approximation. In our experiments, )
we consider the following three deep RL algorithms. wheres® p(sYs:a):a®  (a9s9), H is the entropy, and

INFORCE (Williams, 1992), A2C is an on-policy algorithm by maximizing the expected entropy-regularizgdunction
proposed as the synchronous version of the original asyNia the reparameterization trick (Kingma et al., 2015).
chronous advantage actor-critic (A3C) (Mnih et al., 2016).

The gradient of A2C can be written as: 3.3. Undirected Exploration Strategies
X1 # While directed exploration exploits global information to
rJ()=E pj) r log (ajst)A (si;a) ; decide which action to try systematically, undirected explo-
t=0 ration is realised by local and random perturbations (Thrun,

) 1992). Roughly speaking, undirected strategies can be clas-
where A (s;a) = Q (s;a) V () is the si ed into two dimensions (Deisenroth et al., 2013).

advantage function that measures how much on awction Space vs. Parameter Space Exploration In con-
erage a specic actiona; is better than other ac- tinuous control tasks, exploration in action space is usually
tions in states; when following policy . Here performed by adding spherical Gaussian noise to the sam-
Q (s;a)=E pj ([Ri()jSt=sAr=alisthe pled action. In contrast, exploration in parameter space is
action-value function (also known as tQefunction) and  often implemented by imposing Gaussian noise on the pol-
Vo (st) = E pj )[Re( )] St = s]is the state-value jcy parameters. In practice, exploration in action space is
function (06“5‘0 known as the-function), whereRi( ) = sometimes preferred (Baxter & Bartlett, 2000; Sutton et al.,
tTo:t (t t)rto is the discounted rewards-to-go, de ned 1999; Williams, 1992) because it is straightforward and easy
as the sum of discounted rewards starting from step to understand. In contrast, exploration in parameter space
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has the advantages of being more consistent, structured,= ( ; ; ). We provide the graphical model of deep
and global as it naturally explores conditioned on the statesoherent exploration in Figure 1.
(Sehnke et al., 2010;iRkstiel3 et al., 2008; Deisenroth et al.

2013; Plappert et al., 2018), As in van Hoof et al. (2017), deep coherent exploration

generalizes step-based and trajectory-based exploration by
Trajectory-based vs. Step-based Exploration Step- constructing a Markov chain ofi;. This Markov chain
based exploration strategies rely on injecting exploratiorspeci es joint probabilities through an initial distribution
noise at each step independently and trajectory-based explaz(wo) = N ; 1 and the conditional distribution
ration strategies often add exploration noise at the beginning(wjw; 1). This latter term explicitly expresses tempo-

of a trajectory. Step-based exploration strategies are momal coherence between subsequent parameter vectors. In
random, leading to unreproducible action sequences. Thihis setting, step-based exploration corresponds to the ex-
effects of the perturbations can sometimes be hard to estreme case whep(w¢jw; 1) = po(w;), and trajectory-
mate as they can be washed out by the system dynamidssed exploration corresponds to another extreme case when
(Kober & Peters, 2008; ickstiel et al., 2008; Deisenroth p(w¢jw; 1) = (wy Ww; 1), where is the Dirac delta

et al., 2013). However, this randomness could sometimefunction. To ensure the marginal distributionwf will be

be helpful as it could make the policy less prone to gettingequal to the initial distributiopg at any stept, we directly
trapped in a local optimum. In contrast, trajectory-basedollow van Hoof et al. (2017) with the following transition
exploration produces reproducible action sequences and adiéstribution forw;:

often more stable (Deisenroth et al., 2013). This increase : _ . 2 1.
stability is also helpful for more consistent policy evaluation g(wdwt =N JWear 5@ ) (5’)
and leads to more reliable policy updates (Stulp & Sigaud,

2012; Sehnke et al., 2010; Deisenroth et al., 2013). where is a hyperparameter that controls the temporal co-
herency ofw; andw; ;. Then, the two extreme cases

. . correspond to = 0 for trajectory-based exploration and
4. Deep Coherent Exploration for Continuous =1 for step-based exploration, while the intermediate ex-
Control ploration corresponds to 2 (0; 1). For intermediate values
of , we obtain smoothly changing policies that suf ciently

explore, while reducing high-frequency perturbations.

4.1. On-Policy Deep Coherent Exploration

Our method can be combined with all on-policy policy gra-
dient methods and here we present this adaptation with RE-
INFORCE (Williams, 1992). Starting from the RL objective

in Equation 1:

r J()=E pcjlr logp( j)IRCI:  (6)
the gradients w.r.t. the sampled trajectory can be obtained
using standard chain rule:
K 1
r logp(j)= r logp(aijsjo:t; ao:t 10 ) -
Figure 1.Graphical model of deep coherent exploration. t=0 7

To achieve the desiderata in Section 1, we propose dedpere, since information can still ow through the unob-
coherent exploration, a method that models the policy as &erved latent variable/, our policy isnot Markovany-
generative model with latent variables. This policy is repremore. To simplify this dependency, we introduge into
sented asy,: (ajst) = N(Wf (st)+ by; ,1). Here  P(a:Sp:);@p:t 1 ):

w; denotes all Ia;t .Iayer parameters of the policy networkp(ag-s[o:t]; ao: 1 )

at stept by combiningW ; andb;, denotes the param-

eters of the policy network except for the last layer, and = p(a¢; WtjSjo:t1; @jo:c 173 ) AWy (8)
a iIs @ xed and diagonal precision matrix. Our method 7
treats the last layer parameters as latent variables with = (ajsi, Wi (Wijs ‘a o ) dwy
’ 0:t 1]» 0:t 1] ’ ty
marginal distributiow; N t 1 1 'where ;and P S{’ - g F [ ] {£ ] }
are functions of learnable parameterand respectively. Gaussian policy forward message (w)

In this model, all learnable parameters can be denoted as ©)
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where the rst factor is the Gaussian action probability givenbefore inapplicable. During exploration, coherent explo-
by the policy and the second factor can be interpreted as thetion takes place as described before. In the SAC update,
forward message(w;) along the chain. We decompose states are samplaendomlyfrom the replay buffer, which

(wy) by introducingw; 1: violates our graphical model (Figure 1), and thus sampling
z wy per step sequentially is no longer a sensible choice for
(W)= p(We;We 1jSioe 1@ 135 )dwe 1 (10) off-policy policy update. Instead, for low-variance gradient
7 estimates we choose the marginal polidya;js;; ) rather
- (Wejwy 1 than the policy conditioned on the sampled last layer pa-
P {22 } rametersw to be the target policy. The marginal policy
transition probability ofw p(a;jst; ) can be obtained analytically for Gaussian distri-

p(a: 1jst 1wy 1; ) (Wi 1)
Zy 1

butions:

dwi 1 (11) z
ajse; )= ajSy w; wj_; )dw: (12

where the rst factor is the transition probability @f; Pads: ) P( tl?ﬁ ”’i{lz ? (12)

(Equation 5) andZ; ; is a normalizing constant. Since Gaussian policy initial probability

Gaussians are closed under marginalization and conditiogy,;s consideration leads to the following objective for policy

the second factor can be obtained analytically without th%pdate:

need of computing the normalizing const@nt ;. More-

over, (w; 1) is a Gaussian by mathematical induction ()= E KL . exp(Q (st;a))
from the initial step. As a result, we arrive at an ef cient ()= Esp p(as ) Z ()
recursive expression for exact inferencexgf(Equation 11). (13)

Again, with the property of Gaussians, all integrals appear- _ _ . . .
ing above can be solved analytically, where the marginal — Esoia pas; ) [l0gPadss ) Q (sl ’(14)
action probability given the history at each stepan be

obtained and used for policy updates. whereD denotes the replay buffer anddenotes the param-

Summarizing, non-Markov policies require substituting €ters of theQ-function. The expected value over actions
the regulam(a;js;; ) term in the update equation with 'S approximated using a sample from the marginal pollc_y.
p(ajSp:g; Aot 15; ) (Equation 7). Equations 8-11 show Then, all parameters can be_ Iearr_1ed frqm the sampled action
how this expression can be ef ciently calculated recursively2t Via the reparameterization trick (Kingma et al., 2015).
Except for this substitution, learning algorithms like A2C When combining with SAC, our method has an extra com-
and PPO can proceed as normal. Because of the parameRifXity of O(ndias: + die), as the marginalization is per-
sampling and recursive exact inference, our method has fgrmed only once for each policy update.

added complexity o® nd3,, *, wheren is the number of

time steps andas; is the dimension of the parameter vec-5. Experiments

tor in the last layer. For detailed mathematical derivation,

(Fortunato et al., 2018), PSNE (Plappert et al., 2018) and
4.2. Off-Policy Deep Coherent Exploration standard action noise (Williams, 1992). This comparison is

evaluated in combination of A2C (Mnih et al., 2016), PPO
Combining our method with off-policy methods (Lillicrap (Schulman et al., 2017), and SAC (Haarnoja et al., 2018)
et al., 2016; Fujimoto et al., 2018; Haarnoja et al., 2018bn OpenAl Gym MuJoCo (Todorov et al., 2012; Brockman
requires de ning both the behavior policy and the updateet al., 2016) continuous control tasks.
equation. The behavior policy is the same as in on-policy L .
methods (Equation 5). The policy update procedure maFO_r exp!oratlon N parame}er space, we use a xed action
require adjustments for speci ¢ algorithms. Here, we sho oise with a standard deviation of 0.1. For A2C and PPO,

how to adapt our method for SAC (Haarnoja et al., 2018). | their standard deviations of parameter noise are all initial-

the SAC policy update, the target policy is adapted towardé:Zed at 0'_0_1_7 » 85 suggested in Fo_rtu_nato etal. (2018). _For
the exponential of the ne®-function. SAC, we initialize the standard deviation of parameter noise

at 0.034 for both our method and PSNE as it gave better re-
However, since SAC is off-policy, its exploration and policy sults in practice. Besides, deep coherent exploration learns
update are separated, making the recursive update describg logarithm of parameter noise, while NoisyNet learns the
mcomplexity arises from the naive algorithms for parameter nois_e directly, and PSNE adapts the parameter
matrix multiplication (Schoolbook matrix multiplication) and in- noise. We consider ve values of (0.0, 0.01, 0.1, 0.5, and

version (Gauss—Jordan elimination). In practice, faster algorithmd-0) for deep coherent exploration, where we use0:01
could be used. for comparative evaluation with other exploration strategies.
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Figure 2.Learning curves for deep RL algorithms with different exploration strategies on OpenAl MuJoCo continuous control tasks,
where the top, middle and bottom row corresponds to results of A2C, PPO, and SAC respectively. The solid curves correspond to the
mean, and the shaped region represents two times the standard error of the average return over 10 random seeds.

Our implementation of NoisyNet is based on the code fromvironmental steps, where they are updated after each epoch.
Kaixhin?. For PSNE, we refer to the authors' implementa-A2C and PPO use four parallel workers, where each worker
tion in OpenAl Baselines(Dhariwal et al., 2017) and the collects a trajectory of 1000 steps for each epoch, resulting
original paper, where we set the KL threshold for A2C andin epochs with 4000 steps in total. After each epoch, both
PPO to 0.01 and the MSE threshold for SAC to 0.1. On theA2C and PPO update their value functions for 80 gradient
other hand, exploration with action noise uses the defaulsteps. At the same time, A2C updates its policy for one
setting proposed by Achiam (20f8Wwhere the standard gradient step, while PPO updates its policy for up to 80
deviation of action noise is initialized at around 0.6 for A2C gradient steps until the KL constraint is satis ed. SAC uses
and PPO. For SAC, in the baseline setting the standard dewé single worker, with a step size of 4000 for each epoch.

ation of action noise is decided by the policy network andAfter every 50 environmental steps, both the policy and the
value function are updated for 50 gradient steps. To make

the state.
In all experiments, agents are trained with a total @f en- the .pa.rameter noise stab!e, we learn or adapt the standard
deviation of parameter noise after each epoch.

_https:/Igithub.com/Kaixhin/NoisyNet-A3C _ Our implementation of A2C, PPO, and SAC with different
https://g|thub.com/openallbasel|nes/tree/master/basel|nes/ddgg loration strateaies are adapted based on OpenAl Spin-
“https://spinningup.openai.com/en/latest/ P : g P P P!
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(@ (b) (c)

Figure 3.Results of Coherent-A2C with different settings for HalfCheetah-v2, where Figure 3a and Figure 3b show the learning curves
and Figure 3c shows the average log variance of gradients during six stages in learning. The solid curves correspond to the mean, and the
shaped region represents two times the standard error of the average return over 10 random seeds.

ning Up (Achiam, 2018) with default settings. All three speed. For PPO-based methods, deep coherent exploration
algorithms use two-layer feedforward neural networks withstill outperforms NoisyNet and PSNE signi cantly in all

the same network architectures for both policy and valugasks. However, our method's advantage compared to stan-
function. Precisely, A2C and PPO use a network architeadard action noise is smaller. Particularly, Coherent-PPO
ture with 64 and 64 hidden nodes activated by tanh units. Iunderperforms PPO in Walker2d-v2. Two reasons might
comparison, SAC uses a network architecture of 256 andxplain this. Firstly, some environments might be more
256 hidden nodes activated by recti ed linear units (ReLU).unstable and require a larger degree of exploration, which
Parameters of policies and value functions in all three alfavors PPO as it initializes its action noise with a much
gorithms are updated using Adam (Kingma & Ba, 2015)greater value. Secondly, because of having extra parameters,
A2C and PPO use a learning rate3f10 “ for the policies  policies of Coherent-PPO, NoisyNet-PPO, and PSNE-PPO
and a learning rate dfo 2 for the value functions. SAC tend to satisfy the KL constraint in fewer update steps, which
uses a single learning rate b® 2 for both policy and value leads to slower learning. The latter together with the high
function. variance of gradient estimates also explain the poor per-

For each task, we evaluate the performance of agents aftg?rmance of NoisyNet-PPO and PSNE-PPO, as the more

. . . - oscillating updates of the parameters could result in signif-
every 5 epochs, with no exploration noise. Additionally,. . - -
: . icantly KL-different policies and hence even fewer policy
each evaluation reports the average reward of 10 episodes L . ) .
Updates. This is observed in our experiments (Figure 5) and

for each worker. To mitigate the randomness within environ- o .
o also supported by the similar performance of NoisyNet and
ments and policies, we report our results as the average ovi

! . . '9€ OVHSNE when combined with PPO and A2C. For SAC, the ad-
10 random seeds. All settings not explicitly explained in this .
. vantages of deep coherent exploration are smaller compared
section, are set to the code base defaults. For more details, X
A2C and PPO. More speci cally, Coherent-SAC learns
please refer to documents and source code from OpenAl. . .
Spinning Up (Achiam, 2018) and our implementafion slllghtly faster than SAC |n.HaIfCheetah-v2 and achieves the
' highest average returns in Walker2d-v2 and Ant-v2. Fur-
thermore, between different random seeds, Coherent-SAC

shows standard errors lower than PSNE-SAC but higher

In this section, we present the results for A2C (Mnih et al. than the baseline SAC.
2016), PPO (Schulman et al., 2017), and SAC (Haarnoja
et al., 2018) on HalfCheetah-v2, Walker2d-v2, and Ant-v25.2. Ablation Studies

with the additional results on Hopper-v2, Reacher-v2, anqn this section, we present three separate ablation studies to

InvertedDoublePendulum-v2 shown in the supplementary, . o X
material. Figure 2 shows that, overall, Coherent-A2C out)_élarlfy the effects of each characteristic discussed in Sec-

erforms all other A2C-based methods in terms of learnin fion 1. These ablation studies are performed with A2C, to
P %nsure that all characteristics are applicable and also the

speed, nal performance, and algorithm stability. In par- xed number of gradient steps for policy updates puts dif-

ticular, given that Ant-v2 is considered a challenging task . . ; )
: . . ferent variants on equal footing. The three ablation studies
deep coherent exploration considerably accelerates learnin
e performed on HalfCheetah-v2.

5.1. Comparative Evaluation

Shttps://github.com/pyijiezhang/deep-coherent-exploration-

for-continuous-control Generalizing Step-based and Trajectory-based Explo-

ration  As shown in Figure 3a, we evaluate ve different



