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Abstract
We re-think the exploration-exploitation trade-off in reinforcement learning (RL)
as an instance of a distribution sampling problem in infinite dimensions. Using
the powerful Stochastic Gradient Langevin Dynamics, we propose a new RL
algorithm, which is a sampling variant of the Twin Delayed Deep Deterministic
Policy Gradient (TD3) method. Our new algorithm consistently outperforms
existing exploration strategies for TD3 based on heuristic noise injection strategies
on several MuJoCo environments.
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Introduction

Recent advances in policy gradient methods [1, 2, 3, 4] and deep reinforcement learning (RL) have
demonstrated impressive performance in games [5, 6], continuous control [7], and robotics [8].
Despite this success, understanding the so-called exploration-exploitation trade-off remains a key
challenge in deep RL.
In this setting, we study the exploration-exploitation challenge with a new sampling twist. In
particular, we recast the standard RL problem as a distribution learning problem over deterministic
policies. This re-formulation results in a sampling problem albeit in infinite dimensions. To our
knowledge, our sampling perspective of RL is new. Unlike [9, 10], we do not impose any parametric
assumptions.
In order to solve this sampling problem, we use the well-known Stochastic Gradient Langevin
Dynamics (SGLD) [11, 12]. This method iterates similarly as Stochastic Gradient Descent in
optimization, but adds Gaussian noise to the gradient in order to sample. This sampling approach
is understood as a way of performing exploration in the case of RL. The temperature parameter
controlling the injected noise allows for trading exploration and exploitation, and decreases towards 0
throughout the iterations.
As an off-policy actor-critic method, Deep Deterministic Policy Gradient (DDPG) uses the Bellman
equations for optimizing the value function and the policy gradient method to optimize the actor
policy. DDPG’s use of deterministic policies mitigates the problem of variance in the gradient, but it
still lacks efficient exploration. In this paper, we will focus on a recent extension of DDPG, called
Twin Delayed DDPG (or TD3) which has shown wide success [13].
Recent works have proposed several approaches to encourage exploration in DDPG via injecting noise
in the action space [14, 7] or the parameter space [15]. It is still unclear whether these exploration
strategies can always lead to desirable learning of the deterministic actor policy.
In parallel, sampling methods based on SGLD have recently shown great success in non-convex
optimization [16], [17]. Due to their inherent noise injection, such methods naturally allow for
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efficient exploration. In particular, SGLD has been found to improve learning for deep neural
networks and other non-convex models [18, 19, 20, 21, 22, 23].
Based on this we propose a novel sampling variant of TD3 algorithm called “TD3-Annealing Langevin
Dynamics" (TD3-ALD), which uses SGLD in order to optimize the actor. In practice, for complex RL
environments, such as MuJoCo, we use a RMSProp preconditioned version of SGLD. We perform
extensive experiments on several MuJoCo [24] environments and observed that our TD3-ALD method
consistently outperforms other existing noisy exploration versions of TD3.
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Background on Reinforcement Learning

Consider a Markov Decision Process (MDP) represented by M := (S, A, T, γ, P0 , R), where the
state and action spaces are denoted by S and A respectively. We focus on continuous control tasks,
where the actions are real-valued, i.e., A = Rd . T : S × S × A → [0, 1] captures the state transition
dynamics, i.e., T (s0 | s, a) denotes the probability of landing in state s0 by taking action a from
state s. Here γ is the discounting factor, P0 : S → [0, 1] is the initial distribution over states S, and
R : S × A → R is the reward.
An agent executing a deterministic
policy µ : S → A in the environment M obtains a random
P∞
cumulative return Z = t=1 γ t−1 rt , where rt = R (st , at ). Then, for this agent, we define the state
and state-action value functions:
V µ (s) := E [Z | S1 = s; µ, M]
Q (s, a) := E [Z | S1 = s, A1 = a; µ, M] ,
µ

where Qµ (s, a) denotes the expected return after executing an action a in a state s and following the
policy µ afterwards. Note that Qµ is the unique solution to the Bellman equation:
X
T (s0 | s, a) Qµ (s0 , µ(s0 )).
(1)
Qµ (s, a) = R (s, a) + γ
s0

We
define the unnormalized discounted state distribution as ρµ (s)
:=
P∞ also
t−1
γ
P
[St = s; µ, M], where P [St = s; µ, M] denotes the probability of visiting the
t=1
state s at time step t by following the policy µ in the MDP M.
Deterministic policy gradient In an off-policy setting, we consider the following performance
objective:
Z
Jb (µ) =
ρb (s) V µ (s) ds
ZS
=
ρb (s) Qµ (s, µ (s)) ds,
(2)
S

which is the value function of the target policy µ, averaged over the state distribution of a (stochastic)
behaviour policy b : S × A → [0, 1]. In policy search methods, we consider parameterized policies
{µθ : θ ∈ Θ}, and search for θ to maximize the performance objective Jb (µθ ). By an abuse of
notation, we denote Jb (θ) = Jb (µθ ). If the policy parametrization µθ is differentiable, under some
regularity conditions on the MDP, the gradient of Jb (θ) can be expressed as
Z
∇θ Jb (θ) ≈
ρb (s) ∇θ µθ (a | s) Qµ (s, a) ds
S


= E ∇θ µθ (s) ∇a Qµ (s, a) |a=µθ (s)
(3)
s∼ρb

The above equation is referred to as off-policy deterministic policy gradient [2].
In this work, we focus on the deep deterministic policy gradient (DDPG) method [7], which is
applicable to continuous action spaces. DDPG is an actor-critic method that maintains a parameterized
actor function µθ which specifies the current deterministic policy. The critic Qw (s, a) is parameterized
by w and learned using
(1), by minimizing the empirical Bellman residual
h the Bellman equation
i
2
L (w) =
E
(Qw (st , at ) − yt ) , where yt = rt + γQw (st+1 , µθ (st+1 )), and b is a
st ∼ρb ,at ∼b

behaviour policy used to collect samples.
2

Twin Delayed DDPG (TD3) It is well known that Q-learning and deterministic policy gradients
suffer from an overestimation bias due to the noise in the value estimates. To address this issue, [13]
proposed a variant of DDPG built on Double Q-learning, by making the following changes:
1. Maintains a pair of critics along with a single actor.
2. Clipped action exploration: noise added like DDPG but bounded to fixed range

a0 (s0 ) = clip µθtarg (s0 ) + clip (, −c, c) , aLow , aHigh ,  ∼ N (0, σ̄)
3. Updates of Critic are more frequent than of policy.
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Stochastic Gradient Langevin Dynamics (SGLD)

Stochastic Gradient Langevin Dynamics (SGLD) is a popular variant of Stochastic Gradient Descent
(SGD), where in each step it injects appropriately scaled Gaussian noise to the update. Given a
possibly non-convex function f : Rd → R, SGLD performs the iterative update:
p
1
θt+1 ← θt − ηt ∇\
2ηt ξ
(4)
θ f (θt ) +
βt
where ∇\
θ f (θt ) is an unbiased estimate of the gradient [∇θ f (θ)]θ=θt , ξ is a standard Gaussian
random vector in Rd , {ηt } is a sequence of step-sizes, and {βt } is a sequence of inverse temperature
parameters. [25, 16, 26] have shown that SGLD globally optimizes f whenever the objective is
2
dissipative (h∇f (θ), θi ≥ a kθk2 − b for a, b > 0) with a Lipschitz gradient (k∇f (θ) − ∇f (θ0 )k ≤
0
L kθ − θ k for L > 0). Under some additional regularity conditions, [27] show that SGLD can
escape strict saddle points in polynomial time.
Sampling Interpretation When η and β are kept fixed, the updates do not converge to a global
minimizer, but
 it canbe shown that SGLD asymptotically converges to a stationary distribution
pβ (θ) ∝ exp − f (θ)
. As β → 0, the probability mass of pβ concentrates on the global minimum
β
of f , and the algorithm asymptotically converges to a neighborhood of the global minimum. One
could consider an annealing scheme given by βt = β · t−r , where r ∈ [0, 1]. In the continuous
control experiments; we found that r = 0.25 is a reasonable choice.
Preconditioned SGLD In some cases, the convergence rate of SGLD can be improved by scaling
the noise using a positive-definite symmetric matrix C. We thus define a preconditioned variant of
the above update (4) as follows:
p
−1
θt+1 ← θt − ηt Ct−1 gt + 2ηt Ct 2 ξ,
(5)
where gt = β1t ∇\
θ f (θt ). In this setting, the Fisher Information Matrix (FIM) given by F (θt ) =
 >
E gt gt has been suggested as an efficient preconditioner Ct [28, 29, 30]. In practice, it is impossible
to invert or even store this large dimensional matrix. As approximating FIM by any positive-definite
symmetric matrix does not invalidate the asymptotic convergence of the SGLD, we consider the
preconditioner from RMSProp algorithm as an approximation to FIM. Specifically, we set Ct as
follows:
ft ← γft−1 + (1 − γ) gt
p

Ct ← diag
ft + δ

gt

(6)
(7)

where the operator represents element-wise vector product, and V = diag (v) denotes a diagonal
matrix with Vi,i = vi .
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Reinforcement Learning with SGLD

A fundamental aspect of RL is the exploration-exploitation dilemma: in order to maximize cumulative
reward, agents need to trade-off what is expected to be best at the moment, (i.e., exploitation), with
3

potentially sub-optimal exploratory actions. The DDPG method is effective in continuous control
tasks mainly due to its low variance nature as compared to stochastic policy search methods. However,
DDPG lacks efficient state space exploration due to the absence of stochasticity in the policy. The
following two techniques are typically used in practice to encourage exploration while collecting the
episodes for the replay buffer:

1. Noise injection in the action space
[2, 7]: either uncorrelated noise  ∼ N 0, σ 2 I or

correlated noise  ∼ OU 0, σ 2 is added to policy output, i.e., a = µθ (s) + . [31] noted
that this action space noise may be insufficient in some problems.
2. Noise injection in the parameter space [15]: Gaussian noise with adaptive scale is added to
the current policy parameter, i.e., θ̃ = θ + N 0, σ 2 I .
Let us denote the off-policy RL objective as follows:
maximize

Jb (θ) .

θ

(8)

We translate the above non-convex problem into an infinite dimensional convex-problem (linear in p)
by considering a distribution over deterministic policies as follows:
maximize

E [Jb (θ)] .

θ∼p

p∈M(Θ)

(9)

where M (Θ) is the (infinite dimensional) space of all probability distributions on Θ. More precisely,
we consider that at the beginning of each episode, deterministic policy parameters θ are sampled
from a distribution p ∈ M (Θ). Note that p∗ = arg maxp E [Jb (θ)] is a delta measure centered
θ∼p

at θ∗ = arg maxθ Jb (θ), so this reformulated sampling problem is indeed equivalent to the initial
optimization problem. [9, 10] have also studied the problem (9), but they have only considered
parametric distributions over Θ, specifically θ is sampled from a Gaussian distribution p (θ) =
N µ, σ 2 I . Whereas we do not impose any parametric assumption on the probability distribution,
and our approach to solve (9) is completely different from theirs.
We then smooth this problem by adding an entropy regularizer as follows [32]:
maximize
p∈M(Θ)

E [Jb (θ)] + βH (p) ,

θ∼p

(10)

where H (p) = E [− log p (θ)] is the entropy of the distribution p. It can be shown that the optimal
θ∼p

solution to the above problem takes the form:
p∗β


(θ) ∝ exp


1
Jb (θ) .
β

(11)

When β → 0, samples drawn from p∗β (θ) will be around global optima of the expected return Jb (θ).
However, as β → 0, the distribution p∗β becomes less and less smooth, and so it becomes harder and
harder to sample from it. Consequently, we have to choose a suitable β to provide a good tradeoff
between smoothness of pβ and convergence of the samples to the global optima of Jb . Then, for a
given β, Stochastic Gradient Langevin Dynamics (SGLD) [11] can be used to draw samples from
p∗β (θ).
Our Approach Inspired by the above discussion on the entropy regularized

objective, we propose
1
a sampling scheme to draw policy parameters θ from pt (θ) ∝ exp βt Jb (θ) with limt→∞ βt = 0,
which gradually converges to the optimal solution of problem (9). Specifically, we use the following
update rule:
p
θt+1 ← θt + ηt gt + 2ηt ξt ,
(12)
h
i
where ηt is the step-size, gt = β1t ∇θ\
Jb (θt ) =
Jb (θt ) is an unbiased gradient estimator, i.e., E ∇θ\
∇θ Jb (θt ), and ξt ∼ N (0, I) is a standard normal vector, independently drawn across iterations. In
the experiments, we use the RMSProp preconditioned variant of the above update as in (5), (6), and
(7). We note that the baselines also take advantage of RMSProp optimizer. By incorporating this
sampling scheme for the actor with standard TD3, we obtain our final algorithm called “TD3-ALD"
(i.e., TD3 with Annealing Langevin Dynamics). See Appendix A for full algorithm.
4

Note that the existing exploration schemes (action noise [7] and parameter noise [15]) encourage
exploration during the episode collection phase (their training updates for the network are unchanged),
whereas in our method we alter actor update and encourage exploration in the policy optimization
phase. In the standard TD3 implementation, the algorithm alternates between episode collection
and policy update at a particular frequency. Thus, our TD3-ALD algorithm without exploration
noise suffers from collecting episodes using deterministic policies. In practice, we found that
injecting action or parameter noise (of small magnitude compared to [7, 15]) to TD3-ALD boosts its
performance considerably.
As an illustrative example, consider a continuous bandit problem, where we want to maximize an
unknown reward function r(a). We can tackle this problem via a simple actor-critic method, where
we maintain an actor a = µθ (s) = θ and a critic rw (·). Based on the transitions (a, r(a)) obtained
from the interaction with the environment, the critic rw can be trained using a simple regression
algorithm. In this setting, both action noise and parameter noise strategies are the same, i.e., they
both use a perturbed action θ +  while collecting the transitions. Instead, we can update the actor
using SGLD, and collect the transitions without perturbing the action.
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Experiments

We evaluate the performance of our TD3-ALD algorithm on standard continuous control benchmarks
available on OpenAI Gym [33] utilizing the MuJoCo environment [24]. Specifically, we benchmark on six tasks: Walker, Hopper, Reacher, Half-Cheetah, Swimmer, and Ant. Details of these
environments can be found in [33] and on the GitHub website.
We compare the results from the following configurations: (a) TD3 with action noise [7, 13] (b) TD3
with parameter noise [15] (c) TD3-ALD with no noise (d) TD3-ALD with action noise (e) TD3-ALD
with parameter noise. Note that the action or parameter noise is injected while collecting transitions
for the replay buffer. In [13], authors noted that the action noise drawn from the Ornstein-Uhlenbeck
[14] process offered no performance benefits. Thus we also consider uncorrelated Gaussian noise.
Setup The TD3-ALD implementation is based on the available codebase from OpenAI Baselines.
For all the algorithms, we use a two-layer feedforward neural network structure of (64, 64, tanh) for
both actor and critic. The optimizer we use to update the critic is Adam [34] with a learning rate of
10−3 . The target networks are soft-updated with τ = 0.001. For the TD3-specific hyper-parameters
(target action noise, clipping range, and policy update delay), we use the values that are reported in
[13].
For the baselines (a) and (b), the actor is trained with RMSProp optimizer. For our algorithms (c), (d),
and (e), the actor is updated according to (5), (6), and (7) with fixed annealing rate r = 0.25 for the
inverse temperature parameter βt = β · t−r . The hyperparameters that are not related to exploration
(see Table 1 and Table 2 in Appendix A) are identical across all the algorithms that are compared.
And we tuned only the exploration-related hyper-parameters (for all the algorithms) by grid search:
(a) and (b) σ
∈
{0.01, 0.1, 0.2, 0.3, 0.4, 0.5, 1} ; (c)
β
∈
{e − 4, e − 5, e − 6, e − 7, e − 8, e − 9, e − 10} ;
(d) and (e) (β, σ)
∈
{e − 4, e − 5, e − 6, e − 7, e − 8, e − 9, e − 10} × {0.001, 0.005, 0.01, 0.05, 0.1, 0.5}.
For
each algorithm-environment pair, we identified the best performing exploration hyperparameter
configuration (see Tables 3, 4, 5, 6, 7 in Appendix A and the figures in Appendix B).
Each agent is trained for 2M steps, and the performance of the agent (measured in terms of the
average cumulative reward) is evaluated every 10k steps for 10 episodes. The exploration noise is
turned off for evaluation. We run five experiment trials for each evaluation, each with a different
preset random seed. To ensure fairness, the same set of random seeds is used for all configurations
and environments.
Evaluation In this section, we analyze the main experimental results. In Figure 1, we plot the mean
performance with the standard deviation across random seeds. Our algorithms (d) and (e) consistently
achieve better or comparable performance to the baselines (a) and (b) across all tasks. The results
also show that TD3-ALD combined with action or parameter noise (small in magnitude compared
to the baselines) provides considerably improved performance over TD3-ALD without exploration
noise during the data collection phase. The baselines (a) and (b) fail to make any progress on Ant-v2,
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Figure 1: Comparison of best performing hyperparameter options of different noise types when using
dynamic ALD with decay r = 0.25. Best hyperparameters for a noise type can be different for
each environment. Plots show (smoothed) mean rewards over 10 evaluation episodes every 10000
timesteps, the shaded area shows half a standard deviation on both sides of the curve.
whereas all our algorithms (c)-(e) result in improved performance. Note that we use smaller (64,64)
networks in our experiments, whereas [13] have used larger (400,300) networks, this could be a
reason for the failure of baselines on Ant-v2.
Ablation As noted in [35], tuned hyperparameters play a significant role in eliciting the best results
from many deep RL algorithms. We have performed a detailed investigation on how sensitive the
algorithms (a)-(e) are to their corresponding exploration hyper-parameters. The detailed results
are given in Appendix B. For each algorithm, we identified a single exploration hyper-parameter
configuration that performs well across all the environments (see Table 8 in Appendix A). The mean
performance (with the standard deviation) under this hyper-parameter choice is presented in Figure 2.
We have also examined the impact of annealing the inverse temperature and noise parameters on the
performance of all the algorithms (see Appendix A).
We note that we have done similar experiments with DDPG as well and obtained qualitatively similar
results that we have presented for TD3.
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Conclusion

In this work, we first introduced a maximum entropy policy optimization framework. By modeling
the policy as a distribution over deterministic policy parameters, we rephrased the initial optimization
problem as an entropy regularized optimization problem over distributions, of which we can obtain
an analytical solution. Then, to sample from this solution distribution, we use Stochastic Gradient
Langevin Dynamics. By making the entropy regularization parameter go to 0, the samples obtained
from this distribution become closer to the global optima of the objective function. This framework
explicitly encourages exploration in the parameter space while also optimizing the expected utility
of policies generated from this distribution. In our experiments, we evaluated our algorithm on
several continuous control tasks and found that they greatly improved the performance of the original
off-policy gradient methods.
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