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1. INTRODUCTION 

The considerable amount of ongoing research into the use of deep reinforcement learning (RL) 
methods for autonomous vehicle control systems has shown promising results [1], [2].  Deep RL 
controllers have been shown to outperform linear quadratic Gaussian integral controllers for 
autonomous undersea vehicles (AUVs) that are executing path-following missions [3].  
Additionally, deep RL-based controllers have been demonstrated to provide superior attitude 
control compared to proportional derivative integral (PID) controllers for unmanned aerial 
vehicles (UAVs) [4], [5].  Although these examples are not specific to AUVs, this concept from 
the aerial domain can be applied to the undersea environment.  Current state-of-the-art deep RL 
algorithms that are showing promising results for control of autonomous vehicles are the DDPG 
[6], the Twin Delayed Deep Deterministic Policy Gradient (TD3) [7], the Soft Actor-Critic 
(SAC) [8], and the Proximal Policy Optimization (PPO) [9]. 
 
However, the benefits of deep RL algorithms for controlling unmanned vehicles come with a 
steep computational cost.  It will be necessary to improve the computational efficiency of deep 
RL algorithms to field a control system powered by deep RL on an unmanned vehicle platform.  
The drawback to deep RL is that it can be more computationally intensive than is situationally 
acceptable.  A significant contributor to the computational cost of deep RL is the large number of 
matrix and vector mathematical operations required to update the neural networks used to 
approximate the deep RL policy and value functions.  Studies have shown that using mixed 
numerical precision [10] to improve the computational efficiency of deep learning model training 
can provide computational improvements and power efficiencies while maintaining solution 
accuracy.  Traditionally, either single-precision (8-digit accuracy) or double-precision (16-digit 
accuracy) is used but not both.  However, recently, there has been a trend to utilize mixed 
numerical precision in deep learning tasks [11], [12].  It is shown that comparable single-
precision accuracy can be achieved using a combination of single- and half-precision (4-digit 
accuracy) but with substantial computational speedup during training. 
 
There is limited ongoing research into using reduced precision to improve the computational 
efficiency of RL.  In [13], the authors demonstrate how quantization techniques can improve the 
system performance of deep RL.  In [14], the authors describe a strategy with six methods to 
increase numerical stability for low-precision training of the SAC algorithm.  A benefit of 
improving the computational efficiency of deep RL algorithms is that the agent can be trained 
online.  In online training, the agent updates itself in situ from recently collected data. 
 
A relatively unexplored area in this research is the connection between training deep RL models 
with mixed precision to control dynamic models with higher complexity.  The study will 
demonstrate experimentally that implementing mixed precision with loss scaling as presented in 
[12] improves computational efficiency while not degrading system performance for the DDPG 
algorithm.  The study will demonstrate this result by applying this approach to a high-complexity 
dynamic system model—the Naval Postgraduate School AUV (NPSAUV) model [15]. 
 
Section 2 gives high-level background on deep RL, the DDPG algorithm, mixed numerical 
precision, and the NPSAUV dynamics.  Section 3 describes implementation of mixed precision 
in the DDPG algorithm.  Section 4 describes the experiment goals, setups, and results.  Section 5 
summarizes the results of this study and describes additional avenues for future research. 
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2. TECHNICAL BACKGROUND 

2.1 DEEP REINFORCEMENT LEARNING 

Reinforcement learning can be used to solve sequential decision-making problems such as 
control problems.  An exampleof a control problem is adaptive cruise control for autonomous 
vehicles [16], [17].  Sequential decision-making problems can be abstracted and formalized as a 
Markov decision process (MDP).  MDPs consist of three parts: states, actions, and rewards.  At 
each time step of an MDP, the agent observes a state, 𝑠𝑠𝑡𝑡 ∈ 𝑆𝑆, selects an action, 𝑎𝑎𝑡𝑡 ∈ 𝐴𝐴, and 
receives a numerical reward, 𝑟𝑟𝑡𝑡 ∈ 𝑅𝑅 ⊂ ℝ.  Following that sequence, the agent observes the 
environment’s next state, 𝑠𝑠𝑡𝑡+1.  The set of all nonterminal states is defined by 𝑆𝑆, 𝐴𝐴 is the set of 
all actions available in a state 𝑠𝑠, 𝑅𝑅 is the set of possible rewards, and ℝ is the set of real numbers.   
 
This information can be used to compute the state-transition probabilities defined by 
𝑝𝑝(𝑠𝑠′|𝑠𝑠,𝑎𝑎) = Pr {𝑠𝑠𝑡𝑡−1 = 𝑠𝑠′|𝑠𝑠𝑡𝑡−1 = 𝑠𝑠, 𝑎𝑎𝑡𝑡−1 = 𝑎𝑎}, where Pr is probability and 𝑠𝑠′ is the next state 
[18].  The agent’s goal is to select actions that affect the environment in a way that maximizes 
the numerical reward.  The reward is a metric that is commonly used to quantify agent 
performance.  The MDP is illustrated in Figure 1. 
 
 

 

Figure 1. Markov Decision Process 
 
 
2.2 DEEP DETERMINISTIC POLICY GRADIENT ALGORITHM 

The DDPG algorithm is an off-policy, model-free, actor-critic deep RL algorithm.  “Model-free” 
means that the algorithm does not rely on an environmental model to achieve optimal 
performance.  In the context of a DDPG algorithm, “off-policy” means that the state-action 
function does not depend solely on the current policy used to gather experiences.  A benefit of 
off-policy algorithms is that many past experiences can be considered when computing the 
Q value.1  These experiences are given by the tuple (𝑠𝑠𝑡𝑡,𝑎𝑎𝑡𝑡, 𝑟𝑟𝑡𝑡, 𝑠𝑠𝑡𝑡+1) and are stored in a buffer.  
An off-policy algorithm considers the maximum Q value over all the potential actions available 
in a given state for a number of experiences [19].  This is different from an on-policy algorithm 
such as State–Action–Reward–State–Action (SARSA) [20], which relies on the Q value 
calculated by the experience-gathering policy. 
 

                                                 
1 Q denotes the expected reward computed by the algorithm for an action taken in a given state. 
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The DDPG algorithm is an actor-critic type of algorithm.  In deep RL, the policy and value 
functions are approximated using deep neural networks.  The actor network, 𝜇𝜇(𝑠𝑠 | 𝜃𝜃), learns a 
parameterized policy that computes an action according to the current state.  The critic network, 
𝑄𝑄(𝑠𝑠,𝑎𝑎 | 𝜙𝜙), learns a value function given a state-action pair and provides reinforcing information 
to the actor.  𝜃𝜃 and 𝜙𝜙 are the weights of the actor and critic networks, respectively.  The critic 
computes the temporal difference (TD) error used in both the policy and value functions during 
the training process.  Figure 2 shows a diagram of the high-level actor-critic agent architecture. 
 
 

 

Figure 2. Actor-Critic Agent Architecture 
 
 
There are two actor and critic networks in the DDPG algorithm.  There is a trained network and a 
target network for both the actor and critic.  The target networks for the actor and critic are 
denoted by 𝜇𝜇′(𝑠𝑠 | 𝜃𝜃′) and 𝑄𝑄′(𝑠𝑠,𝑎𝑎 | 𝜙𝜙′), respectively, where 𝜃𝜃′ are the weights of the target actor-
network and 𝜙𝜙′ are the weights of the target critic network.  The reason for the two networks is 
that it stabilizes training [21].  During training, the actor and critic networks are updated 
frequently.  Training is difficult because there can be large changes to the actor and critic 
networks between each training step.  To mitigate this issue, target networks are implemented 
that are updated at a lower rate.  This study uses the Polyak averaging method [22] to update 
target actor and critic networks.  The Polyak averaing method for the target actor and critic 
networks are given by Equations (1) and (2), respectively: 
 

 𝜃𝜃′ ←  𝜏𝜏𝜏𝜏 + (1 − 𝜏𝜏)𝜃𝜃′ , (1) 
 

 𝜙𝜙′ ←  𝜏𝜏𝜏𝜏 + (1 − 𝜏𝜏)𝜙𝜙′ ,  (2) 
 
where 𝜏𝜏 is a tunable hyperparameter called the target smoothing factor that controls how the 
target actor and critic network weights change with respect to the networks. 
 
The critic network is updated by minimizing the loss using the gradient descent: 
 

 ∇_𝜙𝜙 
1
𝑁𝑁
��𝑦𝑦𝑖𝑖 − 𝑄𝑄(𝑠𝑠𝑖𝑖,𝑎𝑎𝑖𝑖|𝜙𝜙)�

2

𝑖𝑖

 ,  (3) 

 
where 𝑦𝑦𝑖𝑖 is the target value, computed as 
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 𝑦𝑦𝑖𝑖 = 𝑟𝑟𝑖𝑖 + 𝛾𝛾𝛾𝛾(𝑠𝑠𝑖𝑖+1,𝑎𝑎𝑖𝑖+1|ϕ′) , (4) 
 
and 𝛾𝛾 is the discount factor. 
 
The actor network is updated with the gradient ascent to maximize 𝑄𝑄𝜙𝜙 (𝑠𝑠,𝑎𝑎): 
 

 max
𝜃𝜃

𝔼𝔼 �𝑄𝑄𝜙𝜙�𝑠𝑠𝑖𝑖, 𝜇𝜇𝜃𝜃(𝑠𝑠𝑖𝑖)�� . (5) 
 
To promote exploration in the DDPG algorithm, an exploration policy is built by adding noise, 
𝑁𝑁, to the action selected by the actor network.  The noise added to the policy is defined by the 
Ornstein-Uhlenbeck process [23].  The exploration policy is defined as: 
 

 𝜇𝜇𝑠𝑠′ = 𝜇𝜇(𝑠𝑠|𝜃𝜃) + 𝑁𝑁 . (6) 
 
2.3 MIXED NUMERICAL PRECISION 

Mixed-precision strategies aim to improve computational efficiency by decreasing computation 
time and reducing the memory required for floating-point (FP) mathematical operations.  
Applying this to deep RL methods will make strides toward fielding computationally intensive 
deep RL models on the resource-constrained computing systems implemented onboard modern 
AUVs, with the goal of enabling online training. 
 
Deep RL models are very complex and require large amounts of time and computational 
resources to train.  Scientific computations are traditionally carried out using double precision 
(FP64); however, many deep learning applications can be implemented using single precision 
(FP32).  Using less precision than FP32 (e.g., half precision (FP16)) is problematic in deep 
learning applications because of numerical underflow and overflow. 
 
Efforts to reduce the time and computing resources needed to train deep learning models are an 
active area of research.  Parallel computing methods such as those described in [24] can reduce 
the time necessary to train a model.  Mixed-precision and low-precision methods such as [11]–
[13], address the time and computing resources required to train deep learning models.  Mixed-
precision methods reduce memory by using a combination of FP32 and FP16 to represent 
numbers, and time requirements are lessened by leveraging NVIDIA graphics processing units 
(GPUs) [25] that are designed for lower-precision mathematical operations.  A mixed-precision 
combination of FP32 and FP16 is referred to here as “mixed float 16” (MF16). 
 
This study is particularly interested in MF16 with loss scaling according to [12], [26].  During 
training, the network weights and activations are converted from FP32 to FP16, and 
backpropagation is executed using FP16.  The loss values are scaled so that the gradients are 
representable in FP16, and underflow is avoided.  The scaled losses are used to compute the 
gradients.  The scaled gradients are unscaled after the backward pass but before gradient 
operations to prevent changing the model hyperparameters.  This is possible because of the chain 
rule.  The network weights are then updated in FP32.  For this study, mixed-precision with loss 
scaling is implemented in the numerical experiments by using the Tensorflow Automatic Mixed-
Precision library [27]. 
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2.4 NPSAUV DYNAMICS 

The AUV numerical model used in this study is the NPSAUV model as described in [15].  The 
authors detail a 6-degree-of-freedom (DOF) dynamic system model for this AUV.  The equations 
of motion for this system are developed in the body-fixed reference frame as described in [28].  
The velocity components of the AUV in the body-fixed reference frame are defined as  
 

 𝑥̇𝑥 = [𝑢𝑢(𝑡𝑡), 𝑣𝑣(𝑡𝑡),𝑤𝑤(𝑡𝑡),𝑝𝑝(𝑡𝑡), 𝑞𝑞(𝑡𝑡), 𝑟𝑟(𝑡𝑡)] , (7) 
 
where 𝑢𝑢(𝑡𝑡) is the surge velocity, 𝑣𝑣(𝑡𝑡) is the sway velocity, 𝑤𝑤(𝑡𝑡) is the heave velocity, 𝑝𝑝(𝑡𝑡) is the 
roll velocity, 𝑞𝑞(𝑡𝑡) is the pitch velocity, and 𝑟𝑟(𝑡𝑡) is the yaw velocity. 
 
The six components describing the AUV position are given by 
 

 𝑥𝑥 = [𝑥𝑥(𝑡𝑡),𝑦𝑦(𝑡𝑡), 𝑧𝑧(𝑡𝑡),𝜙𝜙(𝑡𝑡),𝜃𝜃(𝑡𝑡),𝜓𝜓(𝑡𝑡)] , (8) 
 
where 𝑥𝑥(𝑡𝑡) is the position in the surge direction, 𝑦𝑦(𝑡𝑡) is the position in the sway direction, 𝑧𝑧(𝑡𝑡) 
is the position in the heave direction, 𝜙𝜙(𝑡𝑡) is the roll angle, 𝜃𝜃(𝑡𝑡) is the pitch angle, and 𝜓𝜓(𝑡𝑡) is 
the yaw angle. 
 
To control the AUV, the model control inputs are given by 
 

 𝑢𝑢𝑢𝑢 = �𝛿𝛿𝑟𝑟(𝑡𝑡), 𝛿𝛿𝑠𝑠(𝑡𝑡), 𝛿𝛿𝑏𝑏(𝑡𝑡),𝛿𝛿𝑏𝑏𝑏𝑏(𝑡𝑡),𝛿𝛿𝑏𝑏𝑏𝑏(𝑡𝑡),𝑛𝑛�, (9) 
 
where 𝛿𝛿𝑟𝑟(𝑡𝑡) is the rudder angle, 𝛿𝛿𝑠𝑠(𝑡𝑡) is the port and starboard stern plane angle, 𝛿𝛿𝑏𝑏(𝑡𝑡) is the top 
and bottom bow plane angle, 𝛿𝛿bp(𝑡𝑡) is the port bow plane angle, 𝛿𝛿bs(𝑡𝑡) is the starboard bow plane 
angle, and 𝑛𝑛 is the propeller shaft speed. 
 
The equation of motion for the AUV is described in terms of 12 nonlinear systems of equations 
as described in [29]. 
 
 
 

3. PROPOSED METHOD 

In the method proposed here, mixed precision with loss scaling is successfully implemented in 
the DDPG algorithm without causing degradation in agent performance.  The method described 
in [12] and [26] for mixed precision with loss scaling can be integrated as part of the DDPG 
algorithm updates to the actor and critic networks.  The approach here uses a mixture of FP32 
and FP16 precisions in the DDPG algorithm.  FP16 is used to compute the gradients from 
dynamically scaled actor and critic loss values, while FP32 is used for all other computations in 
the DDPG algorithm.  In [30], the authors show that the use of mixed precision for iterative 
methods and variants thereof is promising in terms of computational efficiency, and the 
convergence rates, depending on the condition of the problem, do not degrade as dimensionality 
increases.  FP16 is used in these specific computations because it has been shown to reduce the 
computation time and the memory needed to execute the FP operations [10], [31]–[33] required 
for deep learning.   
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The DDPG algorithm with mixed numerical precision acceleration is given here as algorithm 1, 
inserted below in the text (boxed).  Note that the steps in the algorithm marked with double 
asterisks are computations executed on the GPU and the data types used in each step are in 
parentheses. 
 

 
 
 
 

4. NUMERICAL EXPERIMENTS 

4.1 EXPERIMENTAL SETUP 

Our evaluation of the DDPG algorithm with mixed numerical precision aims to answer two 
questions.  The first question is whether training with MF16 yields computational efficiencies on a 
par with training with FP32 (the baseline).  The second question is whether an agent trained with 
MF16 exhibits the same performance as an agent trained with FP32. 

Algorithm 1:  DDPG Algorithm with Mixed Precision and Loss Scaling 
 
Set data type policy to mixed_float16 
Randomly initialize actor network 𝜇𝜇(𝑠𝑠|𝜃𝜃) and critic network 𝑄𝑄(𝑠𝑠, 𝑎𝑎|𝜙𝜙) with weights 𝜃𝜃 and 𝜙𝜙 
Initialize target actor and critic networks 𝜇𝜇′(𝑠𝑠|𝜃𝜃′) and 𝑄𝑄′(𝑠𝑠, 𝑎𝑎|𝜙𝜙′) with weights 𝜃𝜃′ ← 𝜃𝜃 and 𝜙𝜙′ ← 𝜙𝜙 
Initialize experience buffer R 
For episode 1:E, do 
 Initialize OU Noise process N for action exploration  
 Receive initial observation state 𝑠𝑠1 
 For t = 0: episode length T, do 
  Select action 𝑎𝑎𝑡𝑡  =  𝜇𝜇(𝑠𝑠𝑡𝑡|𝜃𝜃) + 𝑁𝑁𝑡𝑡 according to the current policy and exploration noise (FP32) 
  Execute action 𝑎𝑎𝑡𝑡 and observe reward 𝑟𝑟𝑡𝑡 and observe new state 𝑠𝑠𝑡𝑡+1 (FP32) 
  Store transition tuple (𝑠𝑠𝑡𝑡 , 𝑎𝑎𝑡𝑡 , 𝑟𝑟𝑡𝑡 , 𝑠𝑠𝑡𝑡+1) in R (FP32) 
  Sample a random minibatch of N transitions (𝑠𝑠𝑖𝑖 , 𝑎𝑎𝑖𝑖 , 𝑟𝑟𝑖𝑖 , 𝑠𝑠𝑖𝑖+1) from R (FP32) 
  Set 𝑦𝑦𝑖𝑖 = 𝑟𝑟𝑖𝑖 +  𝛾𝛾𝛾𝛾′(𝑠𝑠𝑖𝑖+1, 𝜇𝜇′(𝑠𝑠𝑖𝑖+1|𝜃𝜃′)|𝜙𝜙′) ** (FP32) 
  Calculate critic loss 𝐿𝐿critic =  1

𝑁𝑁
∑ �𝑦𝑦𝑖𝑖 − 𝑄𝑄(𝑠𝑠𝑖𝑖 , 𝑎𝑎𝑖𝑖|𝜙𝜙)�2𝑖𝑖  ** (MF16) 

Scale loss by dynamically determined loss factor 𝐶𝐶critic  ** (MF16) 
Compute scaled critic gradients 𝑑𝑑𝐿𝐿critic

𝑑𝑑𝑤𝑤𝜙𝜙,𝑖𝑖
 **. (MF16) 

Unscale critic gradients ** (FP32) 
Update critic-network weights ** (FP32) 
Approximate the actor loss 𝐿𝐿actor =  − 1

𝑁𝑁
∑ 𝑄𝑄( 𝑠𝑠𝑖𝑖 , 𝜇𝜇(𝑠𝑠𝑖𝑖|𝜃𝜃) | 𝜙𝜙)𝑖𝑖  ** (MF16) 

Scale the actor loss by dynamically determined loss factor 𝐶𝐶𝑎𝑎ctor ** (MF16) 
  Compute scaled actor gradients 𝑑𝑑𝐿𝐿actor

𝑑𝑑𝑤𝑤𝜃𝜃,𝑖𝑖
 ** (MF16) 

  Unscale the actor gradients ** (FP32) 
  Update the actor network weights ** (FP32) 
  Update target actor- and critic-network weights (FP32) 

𝜃𝜃′ ←  𝜏𝜏𝜏𝜏 + (1 − 𝜏𝜏)𝜃𝜃′ 

𝜙𝜙′ ←  𝜏𝜏𝜏𝜏 + (1 − 𝜏𝜏)𝜙𝜙′ 

end for 
end for 
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The two questions will be answered through numerical experiments that consider a complex 
dynamic system model in which a DDPG agent is trained to control the NPSAUV model in 
5 DOF for speed, depth, and sway control. 
 
Answering the first question will require an examination of GPU and memory resource 
consumption and the time per training step for agents trained with either MF16 or FP32.  To 
answer the second question, the control performance of the NPSAUV model will be quantified 
by examining agent learning curves, step function characteristics [33] for the degrees of freedom 
being controlled, and the mean squared error (MSE) comparing the actual performance of the 
NPSAUV compared with the set points. 
 
The MSE metric is defined as 
 

 MSE =  
1
𝑁𝑁
��𝑥𝑥ref,𝑡𝑡 − 𝑥𝑥𝑡𝑡�

2
𝑁𝑁

𝑡𝑡=0

 , (10) 

 
where 𝑥𝑥ref is the set point at time 𝑡𝑡 and 𝑥𝑥t is the actual value of the NPSAUV at time 𝑡𝑡.  
 
The environmental state observations input to the deep RL agent are given by 
 

 

𝑠𝑠𝑡𝑡 = (Δ𝑧𝑧𝑡𝑡,∫ Δ𝑧𝑧𝑡𝑡𝑑𝑑𝑑𝑑,Δ𝑦𝑦𝑡𝑡,∫ Δ𝑦𝑦𝑡𝑡 𝑑𝑑𝑑𝑑,Δ𝑢𝑢𝑡𝑡,∫ Δ𝑢𝑢𝑡𝑡𝑑𝑑𝑑𝑑,Δ𝜃𝜃𝑡𝑡 ,∫ Δ𝜃𝜃𝑡𝑡 𝑑𝑑𝑑𝑑, sinΔ𝜃𝜃𝑡𝑡 , cosΔ𝜃𝜃𝑡𝑡 ,Δϕ𝑡𝑡, 

 ∫ Δϕ𝑡𝑡 𝑑𝑑𝑑𝑑, sinΔϕ𝑡𝑡 , cosΔϕ𝑡𝑡 ,
𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

,
𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

,
𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

,
𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

, 
Δ𝑧𝑧𝑡𝑡+1,2,3,4,Δ𝑦𝑦𝑡𝑡+1,2,3,4,Δ𝜃𝜃𝑡𝑡+1,2,3,4,Δ𝜙𝜙𝑡𝑡+1,2,3,4,𝛿𝛿𝑠𝑠,𝑡𝑡, 𝛿𝛿𝑟𝑟,𝑡𝑡,𝑤𝑤, 𝑞𝑞, 𝑟𝑟) , 

(11) 

 
where Δ𝑧𝑧 = 𝑧𝑧ref − 𝑧𝑧𝑡𝑡, Δ𝑦𝑦 =  𝑦𝑦ref − 𝑦𝑦𝑡𝑡, Δ𝑢𝑢 =  𝑢𝑢ref − 𝑢𝑢𝑡𝑡, Δ𝜃𝜃 =  𝜃𝜃ref − 𝜃𝜃𝑡𝑡, and Δ𝜙𝜙 =  𝜙𝜙ref − 𝜙𝜙𝑡𝑡.   
 
In addition to observing the differences in set point pitch and sway angles, the angle differences 
in Equation (11) are divided into sine and cosine components to avoid issues with periodicity.  
 
 The time derivatives of the depth and sway positions and the pitch and yaw angles are included 
to help the agent anticipate future tendencies of the path to be followed.   
 
Finally, terms are incorporated for the future errors of the depth and sway positions and the pitch 
angle and yaw angles.  The future errors of depth are defined in Equation (12).  The other future 
errors are defined similarly.  The future states are included because of the intention to 
incorporate forward-looking image data in future work that will provide this capability.  The 
state observation values are scaled to be in the range of ±1.  
 

 

Δ𝑧𝑧𝑡𝑡+1 = 𝑧𝑧ref,𝑡𝑡+1 − 𝑧𝑧𝑡𝑡  , 
Δ𝑦𝑦𝑡𝑡+2 = 𝑦𝑦ref,𝑡𝑡+2 − 𝑦𝑦𝑡𝑡 , 
Δ𝜃𝜃𝑡𝑡+3 = 𝜃𝜃ref,𝑡𝑡+3 − 𝜃𝜃𝑡𝑡  , 
Δ𝜙𝜙𝑡𝑡+4 = 𝜙𝜙ref,𝑡𝑡+4 − 𝜙𝜙𝑡𝑡  . (12) 
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The reward function is given by 
 

 
𝑟𝑟𝑡𝑡 = −�𝑐𝑐1Δ𝑧𝑧𝑡𝑡2 + 𝑐𝑐2Δ𝑢𝑢𝑡𝑡2 + 𝑐𝑐3Δ𝑦𝑦𝑡𝑡2 + 𝑐𝑐4Δ𝜃𝜃𝑡𝑡2 + 𝑐𝑐5Δ𝜙𝜙𝑡𝑡2 + 𝑐𝑐6�𝛿𝛿𝑠𝑠,𝑡𝑡 − 𝛿𝛿𝑠𝑠,𝑡𝑡−1�

+ 𝑐𝑐7�𝛿𝛿𝑟𝑟,𝑡𝑡 − 𝛿𝛿𝑟𝑟,𝑡𝑡−1� + 𝑐𝑐8(𝑛𝑛𝑡𝑡 − 𝑛𝑛𝑡𝑡−1)� + 𝑆𝑆𝑡𝑡 + 𝐴𝐴𝑡𝑡 + 𝑌𝑌𝑡𝑡 + 𝑃𝑃𝑡𝑡 , 
(13) 

 
where 𝑛𝑛𝑡𝑡 is the propeller speed at time t, 𝛿𝛿𝑟𝑟,𝑡𝑡is the rudder plane angle at time 𝑡𝑡, and 𝛿𝛿𝑠𝑠,𝑡𝑡is the 
stern plane angle at time 𝑡𝑡; 𝐴𝐴𝑡𝑡 = 1 when |Δ𝑧𝑧𝑡𝑡| ≤ 3.0 meters, 𝐴𝐴𝑡𝑡 = 2 when |Δ𝑧𝑧𝑡𝑡| ≤ 2.0 meters, 
𝐴𝐴𝑡𝑡 = 3 when |Δ𝑧𝑧𝑡𝑡| ≤ 1.0 meter, 𝐴𝐴𝑡𝑡 = 0 otherwise; 𝑆𝑆𝑡𝑡 = 1 when |Δ𝑢𝑢𝑡𝑡| ≤ 0.2 m/s, 𝑆𝑆𝑡𝑡 = 2 when 
|Δ𝑢𝑢𝑡𝑡| ≤ 0.1 m/s, 𝑆𝑆𝑡𝑡 = 3 when |Δ𝑢𝑢𝑡𝑡| ≤ 0.5 m/s, 𝑆𝑆𝑡𝑡 = 0 otherwise;  𝑌𝑌𝑡𝑡 = 1 when |Δ𝑦𝑦𝑡𝑡| ≤
3.0 meters, 𝑌𝑌𝑡𝑡 = 2 when |Δ𝑦𝑦𝑡𝑡| ≤ 2.0 meters, 𝑌𝑌𝑡𝑡 = 3 when |Δ𝑦𝑦| ≤ 1.0 meter, 𝑌𝑌𝑡𝑡 = 0 otherwise.  
 
𝑃𝑃𝑡𝑡 = −5000—and the training episode is terminated—if 𝑢𝑢𝑡𝑡 > 1.885 m/s or 𝑢𝑢𝑡𝑡 < 0.0 m/s (the 
NPSAUV is going faster than maximum speed or is going in reverse), or 𝑧𝑧𝑡𝑡 < 0.0 meter (the 
NPSAUV is above the water surface), or |Δ𝑧𝑧𝑡𝑡| < 500.0 meters, or |Δ𝑦𝑦𝑡𝑡| < 500.0 meters (for 
both |Δ𝑧𝑧𝑡𝑡| and |Δ𝑦𝑦𝑡𝑡|, 500 meters is the error threshold set to improve training efficiency), 𝑃𝑃𝑡𝑡 = 0 
otherwise.  When computing the reward signal, the values for Δ𝑢𝑢𝑡𝑡, Δ𝑧𝑧𝑡𝑡, Δ𝑦𝑦𝑡𝑡, nt, 𝛿𝛿𝑠𝑠,𝑡𝑡, and 𝛿𝛿𝑟𝑟,𝑡𝑡 are 
absolute values, i.e., not scaled.  The constants 𝑐𝑐1, 𝑐𝑐2, 𝑐𝑐3, 𝑐𝑐4, 𝑐𝑐5, 𝑐𝑐6, 𝑐𝑐7, and 𝑐𝑐8 are used to scale 
the components of the reward signal and are derived empirically. 
 
The actor and critic neural network architectures are illustrated in Figure 3 and Figure 4, 
respectively. 
 
 

 

Figure 3. Actor Neural Network Architecture 
 
 
For the actor deep neural network illustrated in Figure 3, 𝑊𝑊1 = 𝑊𝑊2 = 𝑊𝑊3 = 𝑊𝑊4 = 1024, and 
𝑊𝑊5 = 3 weights (W), which corresponds to the number of actions.  For the critic deep neural 
network illustrated in Figure 4, 𝑊𝑊1 = 𝑊𝑊2 = 𝑊𝑊3 = 𝑊𝑊4 = 𝑊𝑊5 = 1024 weights.  A batch size 
of 1024 was used. 
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Figure 4. Critic Neural Network Architecture 
 
 
In addition to the evaluation criteria stated earlier, the performance of the DDPG agents trained 
using MF16 and FP32 was compared with the performance of a PID controller by considering 
the step response characteristics and MSE metrics stated earlier.  The PID controllers in this 
study were tuned using the Simulink Automatic PID Tuning utility and then fine-tuned manually.   
 
The coefficients for the depth controller are 𝐶𝐶𝑝𝑝 = 0.025, 𝐶𝐶𝑖𝑖 = 0, 𝐶𝐶𝑑𝑑 = 0.001, and 
FilterCoeficient = 0.  The coeffients for the sway controller are 𝐶𝐶𝑝𝑝 = 0.015,  
𝐶𝐶𝑖𝑖 = −4.19𝑒𝑒−4 , 𝐶𝐶𝑑𝑑 = −1.3, and FilterCoeficient = 20.  The coefficients for the speed controller 
are 𝐶𝐶𝑝𝑝 = 0.05, 𝐶𝐶𝑖𝑖 = −4.19𝑒𝑒−4, 𝐶𝐶𝑑𝑑 = 0.001, and FilterCoeficient = 0. 
 
The DDPG agent was trained for 7,000 episodes with an average scoring window of 10 episodes.  
Training episodes are 600 time steps (seconds) in duration unless a termination condition is met. 
 
The simulation environments and deep RL algorithms were implemented using Tensorflow 2.1 
and the Tensorflow Automatic Mixed-Precision library [27].  The numerical experiments were 
performed using an NVIDIA RTX 5000 GPU. 
 
4.2 EXPERIMENTAL RESULTS 

Here, results were examined from experiments in which the best-trained DDPG agents are 
trained with FP32 and MF16 to control the depth, sway, and speed of the complex NPSAUV 
dynamic system model.  In these experiments, the DDPG agent is trained to start from rest and 
achieve a set point surge speed while simultaneously starting at initial depth and sway positions 
and following set point depth and sway step function paths.  This type of task was used for this 
comparison because it is convenient to quantify results using step function characteristics.  The 
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results are also compared with the performance of a PID controller for the NPSAUV model.  
These experiments illustrate the performance of the NPSAUV model, controlled by DDPG 
agents trained with both FP32 and MF16, in which the modeled AUV  
 

• starts from rest and achieves a set point speed of 1.2 m/s,  

• starts from an initial depth of 1000 meters and dives to a set point depth of 1015 meters, 
and 

• starts from an initial sway position of 0 meters and maneuvers to a set point sway 
position of −10 meters. 

Figure 5 shows the average reward learning curves of DDPG agents trained to control the 
NPSAUV using FP32 and MF16. 
 
 

 

Figure 5. Average Reward Learning Curve Comparison: DDPG Agents Trained with 
FP32 Versus MF16 

 
 
Figure 6, Figure 7, and Figure 8 illustrate the performance of the best-trained DDPG agents 
trained with FP32 and MF16 and the PID controller in controlling the NPSAUV surge velocity, 
depth, and sway, respectively.  These performance characteristics—surge velocity, depth, and 



 

  11 

sway—are quantified using step function characteristics and MSE in Table 1, Table 2, and 
Table 3, respectively.  
 
 

 

Figure 6. Performance: DDPG Agents Trained with MF16 or FP32 Versus PID—(top) 
Surge Velocity and (bottom) Propeller Speed Versus Time 

 
 
Table 1. Step Function Characteristics of 5-DOF PSAUV Model Performance with 

PID, FP32, and MF16 Control: Surge Velocity 

Controller PID FP32 MF16 
Rise time (s) 37.73 36.01 39.48 
Settling time (s) 38.12 39.41 41.72 
Settling min (m) 1.09 1.09 1.09 
Settling max (m) 1.19 1.23 1.21 
Overshoot (%) 0 2.57 0.88 
Undershoot (%) 0 0 0 
Peak (m) 1.19 1.23 1.21 
Peak time (s) 66 96 96 
MSE 0.03 0.04 0.04 
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Figure 7. Performance: DDPG Agents Trained with MF16 or FP32 Versus PID—(top) 
Depth and (bottom) Stern Plane Angle Versus Time 

 
 
Table 2. Step Function Characteristics of 5-DOF PSAUV Model Performance with 

PID, FP32, and MF16 Control: Depth 

Controller PID FP32 MF16 
Rise time (s) 43.8 52.12 48.09 
Settling time (s) 86.26 94.41 88.84 
Settling min (m) 1013.5 1013.68 1013.69 
Settling max (m) 1015.04 1014.96 1015.07 
Overshoot (%) 0 0 0 
Undershoot (%) 0 0 0 
Peak (m) 1015.04 1014.96 1015.07 
Peak time (s) 107 102 98 
MSE 18.07 21.23 19.98 

 
 



 

  13 

 

Figure 8. Performance: DDPG Agents Trained with MF16 or FP32 Versus PID—
(top) Sway and (bottom) Rudder Plane Angle Versus Time 

 
 
Table 3. Step Function Characteristics of 5-DOF PSAUV Model Performance with 

PID, FP32, and MF16 Control: Sway 

Controller PID FP32 MF16 
Rise time (s) 131.34 178.84 173.88 
Settling time (s) 326.93 266.49 253.98 
Settling min (m) −10.09 −9.88 −9.92 
Settling max (m) −9 −9 −9 
Overshoot (%) 0.98 0 0 
Undershoot (%) 0.02 0 0 
Peak (m) 10.09 9.88 9.92 
Peak time (s) 518 600 593 
MSE 10.5 10.98 10.16 

 
 
Considering the results of these experiments, we suggest that the DDPG agents trained with 
MF16 or FP32 and the PID controller perform equivalently.  If we exclude the PID controller 
and compare just the performance of the DDPG agents, the same observation can be made: the 
agent trained with FP32 and the agent trained with MF16 outperform one another for individual 
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parameters, but neither DDPG agent outperforms the other for all parameters being considered.  
The evidence shows that a DDPG agent trained with MF16 performs equivalently to an agent 
trained with FP32. 
 
The effects on computation of training a DDPG agent with FP32 compared with MF16 for 
control of the NPSAUV are illustrated in Table 4—training time—and Table 5—consumption of 
computational resources. 
 
 
Table 4. Agent Training Time: FP32 Versus MF16 

Precision FP32 MF16 
Avg time/training step (s) 0.019 0.013 
Environment steps 4,207,601 4,207,601 

 
 
 
 
Table 5. Computational Resource Consumption: FP32 Versus MF16 

Precision FP32 MF16 
Memory utilization (%) 40.50 32.60 
GPU utilization (%) 70.28 48.13 

 
 
Control of the NPSAUV dynamic system model utilizes deep neural networks that are complex 
enough to realize a 32% reduction in computation time when training a DDPG agent with MF16 
compared with training with FP32.  Additionally, training with MF16 compared with FP32 
resulted in a 20% reduction in memory utilization and a 32% reduction in GPU utilization.  The 
memory utilization and GPU utilization percentage metrics are measured using the NVIDIA 
System Management Interface (SMI).   
 
Considering the significant benefits demonstrated in this example, training with mixed precision 
will be even more attractive as the problems become more complex and thus inherently more 
computationally intensive.  Control that incorporates learning from pixel data to control complex 
dynamic systems is just one advance that could make the deep RL model more computationally 
demanding to the point at which training with MF16 will be even more computationally 
advantageous. 
 
 
 

5. CONCLUSIONS AND FUTURE WORK 

This study demonstrated that the DDPG algorithm can be trained using single-precision (FP32) 
accuracy or a combination of single-precision and half-precision (FP16) accuracy—called mixed 
numerical precision accuracy (or mixed float 16 (MF16))—to perform equivalently for 
continuous control of a complex dynamic system such as the NPSAUV model.   
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The study also demonstrated that DDPG agents trained with either single (FP32) or mixed 
precision (MF16) with loss scaling perform similarly to a PID controller in controlling the 
NPSAUV model, that is, with no degradation of system performance.   
 
Further, the study showed that training a DDPG agent for the NPSAUV control problem using 
mixed precision provided significant computational efficiencies compared with training the agent 
using single precision.  The mixed-precision method reduced memory by using a combination of 
FP32 and FP16 to represent numbers, and the time requirements were reduced by leveraging 
GPUs designed for lower-precision mathematical operations. 
 
Future work in this area includes incorporating pixel-based data for control of the NPSAUV to 
further illustrate the attractiveness of training with mixed precision as problems in AUV control 
become more computationally intensive.  Additional areas of interest include exploring the 
effects of training other deep RL algorithms—particularly the Twin Delayed Deep Deterministic 
Policy Gradient (TD3) and the Proximal Policy Optimization (PPO)—with the mixed-precision 
approach utilized in this study. 
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