
Deep Reinforcement Learning



DQN  为基于深度学习的 Q-learning  算法，而在 Q-learning 中，使用表格来存储每一个 state  下 action  的 reward ，即状态 -  动作值函数 Q(s, a) 。但是在实际任务中，状态量通常数量巨大并且在连续的任务中，会遇但是在 实际任务中，状态量通常数 量巨大并且在 连续的 任务中，会遇
 到维度灾难的 问题，所以使用真正的 Value Function 通常是不切实际的 ，所以使用了价值函数 近似（ Value Function Approximation ）的表示方的 表示方法。但是在实际任务中，状态量通常数量巨大并且在连续的任务中，会遇

DQN 是在 Q-learning 算法基础上采取函数 逼近的 方法来估计状态值函数 ，并且有两个主要的 创新点 : 经验回放 (replay buffer), 以及目标网络(target network))

Deep Q-Network) 



基于 Q-learning 的 算法有一个前提条件，就是状态空间和动作空间是离散的 ，且不能太大，可以用一张表格 Q 来提取出策略，当值函数 无法用表格来表示时，就需要用到函数 逼近的 方法。但是在实际任务中，状态量通常数量巨大并且在连续的任务中，会遇
DQN 是在 Q-learning 算法基础上采取函数 逼近的 方法来估计状态值函数 ，并且有两个主要的 创新点，一是经验回放 (replay buffer), 以及目标网络 (target network))

Deep Q-Network) 



Replay Buffer  又被称为 Replay Memory  。但是在实际任务中，状态量通常数量巨大并且在连续的任务中，会遇 Replay Buffer 是说现在 会
 有某一个策略 π 去跟环境做互动，然后它会去收集数 据。但是在实际任务中，状态量通常数量巨大并且在连续的任务中，会遇我们会把所有的 
 数 据放到一个 buffer 里面， buffer 里面就存了很多数 据。但是在实际任务中，状态量通常数量巨大并且在连续的任务中，会遇

经验回放



Target Network)  ：为了解决在基于 为了解决在 基于 TD  的 Network)  的 问题时，优化目标Qπ (st, at) = rt+Qπ (st+1, π (st+1)) 左右两侧会同时变化使得训练过程不稳定，
 从而增大 regression  的 难度。但是在实际任务中，状态量通常数量巨大并且在连续的任务中，会遇 target network)  选择将上式的 右部分即rt+Qπ (st+1, π (st+1))  固定，通过改变上式左部分的 network)  的 参数 ，进行 regression 。但是在实际任务中，状态量通常数量巨大并且在连续的任务中，会遇

目标网络



在 训练的 时候，右边 Q 网络固定住 ,  只更新左边的 Q 网络的 参数 。但是在实际任务中，状态量通常数量巨大并且在连续的任务中，会遇因为
 右边的 Q 网络负责产生目标，所以叫目标网络。但是在实际任务中，状态量通常数量巨大并且在连续的任务中，会遇因为目标网络是固定的 ，

 所以现在 得到的 目标 rt + Qπ (st+1, π (st+1)) 的 值也是固定的 。但是在实际任务中，状态量通常数量巨大并且在连续的任务中，会遇因为目标网络是固定的 ，只调左边网络的 参数 ，就变成是一个回归问题。但是在实际任务中，状态量通常数量巨大并且在连续的任务中，会遇在 实现的 
 时候，会把左边的 Q  网络更新好几次以后，再去用更新过的 Q 网络替换这个目标网络。但是在实际任务中，状态量通常数量巨大并且在连续的任务中，会遇

目标网络



The deep Q-network) (DQN) algorithm is a model-free, online, off-policy reinforcement learning method. A DQN agent is a value-based reinforcement learning agent that trains a critic to estimate the return or future rewards. DQN is a variant of Q-learning.
DQN agents can be trained in environments with the following observation and action spaces.

Deep Q-Network) Algorithm



The deep Q-network) (DQN) algorithm is a model-free, online, off-policy reinforcement learning method. A DQN agent is a value-based reinforcement learning agent that trains a critic to estimate the return or future rewards. DQN is a variant of Q-learning.
DQN agents can be trained in environments with the following observation and action spaces.

Deep Q-Network) Agents



DQN agents use the following critic.
Deep Q-Network) Agents



During training, the agent:
• Updates the critic properties at each time step during learning.
• Explores the action space using epsilon-greedy exploration. During each control interval, the agent either selects a random action with probability  or selects an action greedily with respect to the value ϵ or selects an action greedily with respect to the value function with probability 1- . This greedy action is the action for ϵ or selects an action greedily with respect to the value which the value function is greatest.
• Stores past experiences using a circular experience buffer. The agent updates the critic based on a mini-batch of experiences randomly sampled from the buffer.

Deep Q-Network) Agents



To estimate the value function, a DQN agent maintains two function approximators:
• Critic Q(S,A;ϕ) — The critic, with parameters ϕ, takes observation S and ) — The critic, with parameters , tak)es observation S and ϕ) — The critic, with parameters ϕ, takes observation S and ϕ) — The critic, with parameters ϕ, takes observation S and action A as inputs and returns the corresponding expectation of the long-term reward.
• Target critic Qt(S,A;ϕ) — The critic, with parameters ϕ, takes observation S and ϕ) — The critic, with parameters ϕ, takes observation S and t) — To improve the stability of the optimization, the agent periodically updates the target critic parameters ϕ) — The critic, with parameters ϕ, takes observation S and t using the latest critic parameter values.Both Q(S,A;ϕ) — The critic, with parameters ϕ, takes observation S and ) and Qϕ) — The critic, with parameters ϕ, takes observation S and t(S,A;ϕ) — The critic, with parameters ϕ, takes observation S and ϕ) — The critic, with parameters ϕ, takes observation S and t) have the same structure and parameterization.
During training, the agent tunes the parameter values in . After training, the ϕ) — The critic, with parameters ϕ, takes observation S and parameters remain at their tuned value and the trained value function approximator is stored in critic Q(S,A).

Critic Function Approximator



You can create and train DQN agents at the MATLAB® command line or using the Reinforcement Learning Designer app.  At the command line, you can create a DQN agent with a critic based on the observation and action specifications from the environment. To do so, perform the following steps.1. Create observation specifications for your environment. If you already have an environment interface object, you can obtain these specifications using getObservationInfo.2. Create action specifications for your environment. If you already have an environment interface object, you can obtain these specifications using getActionInfo.3. If needed, specify the number of neurons in each learnable layer or whether to use an LSTM layer. To do so, create an agent initialization option object using rlAgentInitializationOptions.4. If needed, specify agent options using an rlDQNAgentOptions object.5. Create the agent using an rlDQNAgent object.

Agent Creation



Alternatively, you can create actor and critic and use these objects to create your agent. In this case, ensure that the input and output dimensions of the actor and critic match the corresponding action and observation specifications of the environment.
1. Create a critic using an rlQValueFunction object.2. Specify agent options using an rlDQNAgentOptions object.3. Create the agent using an rlDQNAgent object.
DQN agents support critics that use recurrent deep neural network)s as functions approximators.

Agent Creation



DQN agents use the following training algorithm, in which they update their critic model at each time step. To configure the training algorithm, specify options using an rlDQNAgentOptions object.
Initialize the critic Q(s,a;ϕ) — The critic, with parameters ϕ, takes observation S and ) with random parameter values , and ϕ) — The critic, with parameters ϕ, takes observation S and ϕ) — The critic, with parameters ϕ, takes observation S and initialize the target critic parameters ϕ) — The critic, with parameters ϕ, takes observation S and t with the same values. ϕ) — The critic, with parameters ϕ, takes observation S and t= .ϕ) — The critic, with parameters ϕ, takes observation S and 

For each training time step:
1. For the current observation S, select a random action A with probability . Otherwise, select the action for which the critic value ϵ or selects an action greedily with respect to the value function is greatest.

Training Algorithm



DQN agents use the following training algorithm, in which they update their critic model at each time step. To configure the training algorithm, specify options using an rlDQNAgentOptions object.
Initialize the critic Q(s,a;ϕ) — The critic, with parameters ϕ, takes observation S and ) with random parameter values , and ϕ) — The critic, with parameters ϕ, takes observation S and ϕ) — The critic, with parameters ϕ, takes observation S and initialize the target critic parameters t with the same values. ϕ) — The critic, with parameters ϕ, takes observation S and ϕ) — The critic, with parameters ϕ, takes observation S and t= .ϕ) — The critic, with parameters ϕ, takes observation S and 

For each training time step:
1. For the current observation S, select a random action A with probability . Otherwise, select the action for which the critic value ϵ or selects an action greedily with respect to the value function is greatest.

Training Algorithm



DQN agents use the following training algorithm, in which they update their 

Training Algorithm



DQN agents update their target critic parameters using one of the following target update methods.
• Smoothing — Update the target parameters at every time step using smoothing factor τ. To specify the smoothing factor, use the TargetSmoothFactor option.

• Periodic — Update the target parameters periodically without smoothing (TargetSmoothFactor = 1). To specify the update period, use the TargetUpdateFrequency parameter.
• Periodic Smoothing — Update the target parameters periodically with smoothing.

Target Update Methods



To configure the target update method, create a rlDQNAgentOptions object, and set the TargetUpdateFrequency and TargetSmoothFactor parameters as shown in the following table.

Target Update Methods



• Create Agent Using Deep Network) Designer and Train Using Image Observations

DRL 示例



This example shows how to create a deep Q-learning network) (DQN) agent that can swing up and balance a pendulum modeled in MATLAB®. In this example, you create the DQN agent using Deep Network) Designer.

Create Agent Using Deep Network) Designer and Train Using Image Observations



The reinforcement learning environment for this example is a simple frictionless pendulum that initially hangs in a downward position. The training goal is to mak)e the pendulum stand upright without falling over using minimal control effort.

Pendulum Swing-Up with Image MATLAB Environment



For this environment:
• The upward balanced pendulum position is 0 radians, and the downward hanging position is pi radians.
• The torque action signal from the agent to the environment is from –2 to 2 N·m.
• The observations from the environment are the simplified grayscale image of the pendulum and the pendulum 

angle derivative.
• The reward , provided at every time step, is

Pendulum Swing-Up with Image MATLAB Environment



Create a predefined environment interface for the pendulum.env = rlPredefinedEnv('SimplePendulumWithImage-Discrete');ϕ) — The critic, with parameters ϕ, takes observation S and 
The interface has two observations. The first observation, named "pendImage", is a 50-by-50 grayscale image.obsInfo = getObservationInfo(env);ϕ) — The critic, with parameters ϕ, takes observation S and obsInfo(1)

Create Environment Interface



The second observation, named "angularRate", is the angular velocity of the pendulum.obsInfo(2)

Create Environment Interface



The interface has a discrete action space where the agent can apply one of five possible torque values to the pendulum: –2, –1, 0, 1, or 2 N·m.actInfo = getActionInfo(env)

Fix the random generator seed for reproducibility.rng(0)

Create Environment Interface



A DQN agent approximates the long-term reward, given observations and actions, using a critic value function representation. For this environment, the critic is a deep neural network) with three inputs (two observations and one action), and one output. You can construct the critic network) interactively by using the Deep Network) Designer app. To do so, you first create separate input paths for each observation and action. These paths learn lower-level features from their respective inputs. You then create a common output path that combines the outputs from the input paths.

Construct Critic Network) Using Deep Network) Designer



To create the image observation path, first drag an imageInputLayer from the Layer Library pane to the canvas. Set the layer InputSize to 50,50,1 for the image observation, and set Normalization to none.

Create Image Observation Path



To create the image observation path, first drag an imageInputLayer from the Layer Library pane to the canvas. Set the layer InputSize to 50,50,1 for the image observation, and set Normalization to none.

Create Image Observation Path



Second, drag a convolution2DLayer to the canvas and connect the input of this layer to the output of the imageInputLayer. Create a convolution layer with 2 filters (NumFilters property) that have a height and width of 10 (FilterSize property), and use a stride of 5 in the horizontal and vertical directions (Stride property). 

Create Image Observation Path



To create the image observation path, first drag an imageInputLayer from the Layer Library pane to the canvas. Set the layer InputSize to 50,50,1 for the image observation, and set Normalization to none.

Create Image Observation Path



Finally, complete the image path network) with two sets of reLULayer and fullyConnectedLayer layers. The output sizes of the first and second fullyConnectedLayer layers are 400 and 300, respectively.

Create Image Observation Path



Finally, complete the image path network) with two sets of reLULayer and fullyConnectedLayer layers. The output sizes of the first and second fullyConnectedLayer layers are 400 and 300, respectively.

Create Image Observation Path



Construct the other input paths and output path in a similar manner. For this example, use the following options.Angular velocity path (scalar input):
• imageInputLayer — Set InputSize to 1,1 and Normalization to none.
• fullyConnectedLayer — Set OutputSize to 400.
• reLULayer
• fullyConnectedLayer — Set OutputSize to 300.Action path (scalar input):
• imageInputLayer — Set InputSize to 1,1 and Normalization to none.
• fullyConnectedLayer — Set OutputSize to 300.Output path:
• additionLayer — Connect the output of all input paths to the input of this layer.
• reLULayer
• fullyConnectedLayer — Set OutputSize to 1 for the scalar value function.

Create All Input Paths and Output Path





To export the network) to the MATLAB work)space, in Deep Network) Designer, click) Export. Deep Network) Designer exports the network) as a new variable containing the network) layers. You can create the critic representation using this layer network) variable.Alternatively, to generate equivalent MATLAB code for the network), click) Export > Generate Code.

Export Network) from Deep Network) Designer



The generated code is as follows.
Export Network) from Deep Network) Designer



View the critic network) configuration.figureplot(lgraph)

Export Network) from Deep Network) Designer



View Network) from Deep Network) Designer



View Network) from Deep Network) Designer



Specify options for the critic representation using rlOptimizerOptions.criticOpts = rlOptimizerOptions('LearnRate',1e-03,'GradientThreshold',1);ϕ) — The critic, with parameters ϕ, takes observation S and 
Export Network) from Deep Network) Designer



Create the critic representation using the specified deep neural network 
lgraph and options. You must also specify the action and observation info for 
the critic, which you obtain from the environment interface. 
net = dlnetwork(lgraph);
critic = rlQValueFunction(net,obsInfo,actInfo,...
    "ObservationInputNames",
["pendImage","angularRate"],"ActionInputNames","torque");

Export Network) from Deep Network) Designer



To create the DQN agent, first specify the DQN agent options using rlDQNAgentOptions.agentOpts = rlDQNAgentOptions(...    'UseDoubleDQN',false,...        'CriticOptimizerOptions',criticOpts,...    'ExperienceBufferLength',1e6,...     'SampleTime',env.Ts);ϕ) — The critic, with parameters ϕ, takes observation S and agentOpts.EpsilonGreedyExploration.EpsilonDecay = 1e-5;ϕ) — The critic, with parameters ϕ, takes observation S and 

Export Network) from Deep Network) Designer



Then, create the DQN agent using the specified critic representation and agent options. agent = rlDQNAgent(critic,agentOpts);ϕ) — The critic, with parameters ϕ, takes observation S and 

Export Network) from Deep Network) Designer



To train the agent, first specify the training options. For this example, use the following options.
• Run each training for at most 5000 episodes, with each episode lasting at most 500 time steps.
• Display the training progress in the Episode Manager dialog box (set the Plots option) and disable the command line display (set the Verbose option to false).
• Stop training when the agent receives an average cumulative reward greater than –1000 over the default window length of five consecutive episodes. At this point, the agent can quick)ly balance the pendulum in the upright position using minimal control effort.

Train Agent



trainOpts = rlTrainingOptions(...    'MaxEpisodes',5000,...    'MaxStepsPerEpisode',500,...    'Verbose',false,...    'Plots','training-progress',...    'StopTrainingCriteria','AverageReward',...    'StopTrainingValue',-1000);ϕ) — The critic, with parameters ϕ, takes observation S and 

Train Agent



You can visualize the pendulum system during training or simulation by using the plot function.plot(env)

Train Agent



Train the agent using the train function. This is a computationally intensive process that tak)es several hours to complete. To save time while running this example, load a pretrained agent by setting doTraining to false. To train the agent yourself, set doTraining to true.doTraining = false;ϕ) — The critic, with parameters ϕ, takes observation S and 
if doTraining    % Train the agent.    trainingStats = train(agent,env,trainOpts);ϕ) — The critic, with parameters ϕ, takes observation S and else    % Load pretrained agent for the example.    load('MATLABPendImageDQN.mat','agent');ϕ) — The critic, with parameters ϕ, takes observation S and end

Train Agent



Train Agent



To validate the performance of the trained agent, simulate it within the pendulum environment. For more information on agent simulation, see rlSimulationOptions and sim.simOptions = rlSimulationOptions('MaxSteps',500);ϕ) — The critic, with parameters ϕ, takes observation S and experience = sim(env,agent,simOptions);ϕ) — The critic, with parameters ϕ, takes observation S and totalReward = sum(experience.Reward)

Simulate DQN Agent



% Create Agent Using Deep Network) Designer and Train Using Image ObservationsopenExample('control_deeplearning/CreateAgentUsingDNDAndTrainUsingImageObsExample')

DRL 示例代码
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