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Abstract- The recent shift in the paradigm of the industrial revolution, i.e., Industry 4.0, has forced industries to reemphasize
manufacturing standards to improve the manufacturing and production systems. In this work, instead of more popular supervised and
unsupervised learning, we employ reinforcement learning (RL) to determine the process parameters to minimize the sheet resistance of
the device. We have used seven independent variables used in fabricating the devices such as dopant ions (I), dose (D), energy (E),
wavelength (W), repetition rate (Rep), temperature (7), and power (P). The trained RL agent will identify the combinations of
independent variables parameters that minimize the sheet resistance. Advantage actor-critic (A2C) and deep Q-network (DQN) agents
have been used with batch sizes of 2, 5, and 10, with exploration rates of 0 and 0.2 for every batch size. Both agents with a batch size of
2 and an exploration rate of 0.2 have given the best result. We also show that compared to the Taguchi method, RL can potentially
provide faster locating of optimal experimental conditions.
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I. INTRODUCTION

In the new age of industrial revolution, i.e., Industry 4.0, industries have developed strategic guidelines to inherit the emerging
technologies such as big data analytics, cyber-physical system (CPS), data science, cloud computing, and internet of things (IoT)
to transform the manufacturing process [1, 2]. Industry 4.0’s concept of intelligent manufacturing (IM), refers to the application of
artificial intelligence (Al), IoT, and sensors in manufacturing to make intelligent decisions through real-time communication [3].
Industry 4.0 mainly aims at adopting new technologies and methodologies for better-optimized design, manufacturing quality, and
production in modern factories [4].

With the integration of these high throughput technologies with sensors, IoT has resulted in the multifold increase of
manufacturing data of high dimensionality. In such scenarios, machine learning (ML) and deep learning (DL) algorithms can help
to develop strategies to analyze, diagnose and predict the patterns from high dimensionality data automatically. ML tools such as
supervised learning (SL) and unsupervised learning (USL) have been extensively used in manufacturing industries for process
monitoring, control, optimization, fault detection, and prediction [5-12]. Even in the semiconductor industry, where the processes
are complex and fragile, ML provides tools for continuous quality improvement [7, 13-15]. However, SL/USL have certain
challenges, such as that they are usually limited to the specific process of the entire manufacturing system [16]. Alternate to
SL/USL, reinforcement learning (RL) is another ML approach where no supervision is mandatory for training the model [17]. RL
is a well-known approach to be used when we want our model to learn on its own to make decisions and has been used in many
optimization problems [18-20].

Specifically, in manufacturing industries, the production environment is often dynamic and non-deterministic and sometimes
has to deal with unexpected scenarios or incidents [21]. In such a stochastic environment where the randomness in the dataset
makes prediction difficult, RL is more capable of learning the process instead of SL/USL methods [22-28]. In the semiconductor
industry, RL has been used in scheduling and dispatching in literature. In particular, Washneck et al. used deep RL for production
scheduling for optimization and decentralized self-learning [29], Stricker et al. presented deep RL for semiconductor dispatching,
and improved system performance has been demonstrated [30]. In general, RL in the semiconductor industry has been used
extensively for production control [31] or scheduling [29, 32-35]. There have been fewer works using RL in intelligent
semiconductor manufacturing, especially compared to the efforts in SL/USL. There have been some semiconductor process-control
efforts using RL at the theoretical side [36-38]. Khader et al. have used RL in surface mount technology (SMT) in printed circuit
board (PCB) with experimental dataset [39].
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Fig. 1. Summary of the experimental setup for RL optimization. (a) Various steps are involved in device preparations, such as deposition of wet-
oxide and polysilicon, ion-implantation and laser annealing, (b) device measurement using 4 probe system for sheet resistance and dataset, and (c)
RL model implemented for this work.

The advantage of using RL in the semiconductor industry is that it has the ability to observe complex and dynamic problems and can
generalize the strategy for a solution with efficient data utilization [22, 40]. Furthermore, RL has the advantage of splitting the major
task into several subtasks, which results in a flexible decentralized structure, and hence reduced computation time is achieved through
parallelization [41]. In our previous attempt, we used the RL agent to analyze its performance against the experienced human knowledge
in the semiconductor fabrication field [42]. In this work, RL agents will be trained for optimizing the process parameters for minimizing
the sheet resistance of the laser-annealed samples.

In this work, the silicon wafers were doped with impurities using the ion-implantation method. Then, instead of using the traditional
annealing process to restore the wafer’s disordered crystallinity to adjust the electrical conductivity after doping, we used the laser
annealing method. The laser annealing process was chosen to avoid the undesired consequences of annealing the entire wafer [43]. Then,
the RL-based Al agent will be trained to minimize the sheet resistance, Rs, of laser annealed silicon wafers. The trained Al agent then
can take the sequence of actions after analyzing the state of the model with specified limitations. To train the RL agent, the environment
will have the following three main sections. First, states section where an agent will observe the change in wafer’s sheet resistance based
on various variable parameters such as the wavelength of the laser, power, dose, ion, energy, repetition rate, and temperature. This will
provide the observation space for the agent. Second, the action of the agent will change the levels of the variables according to the policy.
Third, continuous evaluation of the agent’s action will be carried out by providing numerical rewards as feedback.

II. METHODOLOGY
A. Sample Fabrication and Dataset Preparation

First, 6-inch p-type silicon wafers of resistivity 1~10 Q.cm were cleaned using the STD process. In STD clean process, wafers were
cleaned using a wet bench before high-temperature deposition on wafers. First, the wafers ware cleaned by in a solution of
NH4OH:H,0,:H;0 in the ratio of 1:4:20 at 75°C for 10 minutes. The wafers were rinsed after the SC1 process, then the wafers are again
cleaned using the SC2 process which includes the solution of HCI:H>0,:H,O in the ratio of 1:1:6 at 75°C for 10 minutes. Again after
rinsing, the wafers were cleaned with diluted hydrofluoric acid (DHF) which includes the HF:H,O in the ratio of 1:50 at room
temperature for 1 minute. After the DHF process, wafers were rinsed and dry spun.

Then, SVCS horizontal furnace system was used to deposit wet oxide and polysilicon of thickness 5000A and 10004, respectively,
on silicon wafers. Ellipsometer M2000 was used for measuring the thickness of wet oxide and polysilicon deposition on the wafer. The
detailed experimental setup for RL optimization is shown in Fig. 1.

Then, doping of arsenic (4s) and phosphorous (P) was done on the wafers using the ion-implantation. Varian E-500HP implanter
machine was used for this process with 10 keV, 25 keV, 40 keV, and 55 keV of ion energy. For every ion energy, the dose of 5x10'4,
8x10', 2x10", and 5x10'° cm? is used. After implantation, wafers were sliced into a 1.7x1.7 cm? shape, and then these samples were
laser annealed. Spectra physics HIPPO laser was used for annealing. Nd:YAG laser with wavelengths of 355nm and 532nm with an
output power of 0.5-3 W and 1.5-6 W, respectively, were used in the annealing process. The process parameters for the whole annealing
process are shown in Table I.



Metal 4-probe from NAPSON CORP. is used for measuring the sheet resistance of samples size 1.7x1.7 cm? after the annealing
process. The sheet resistance of the samples was measured before and after the annealing process. CAMECA IMS 7F double-focusing
mass spectrometer is used for analyzing the depth profile of the dopants.

Table 1. Process parameters of laser annealing.

Wavelength (nm) Repetition Rate (kHz) Power (W) Temperature (°C)
50 23
300
1.5 25
100 300
25
30 3 300
100 23
539 300
50 25
300

4.5

100 25
300
25
>0 300
6 25
100 300
25
50 1 300
25
100 0.5 300
25
50 1.66 300
100 1 25
300
355 25
50 2.33 300
25
100 1.5 300
25
50 3 300
25
100 2 300

B. Optimization Algorithm

In this work, we have implemented our model using the Tensorforce 0.6.5 library for RL [44, 45], Tensorflow 2.7.0 [46], Python
3.8.13 [47], Numpy 1.21.2 [48], Scipy 1.8.1 [49], and Pandas 1.4.2 [50]. We have considered Taguchi orthogonal array [51] as a baseline
model for comparison.

1) RL Method

In RL, an agent learns the situation described by its environment using many trails by taking various action sequences. An agent
takes an action a; € A4 based on the state s; € S observed at the time ¢ while interacting with its environment in a closed loop, where 4
and § are all possible actions and states available to the system. The environment then rewards the agent based on the action and presents
a new state (sw+1) for an agent to act. This whole sequence is repeated to maximize the total rewards from the environment. This discrete
and random process of states and actions makes the process a Markov decision process (MDP). In MDP, mapping from states to action
is trained, leading to an optimal policy z* . The procedure can be formulated as [52, 53].

7% = argmax E[i)/’R(st,a, )] (1)

t=0



where T 'is the length of the episode, R is the reward function at time ¢ and y € (0, 1) is the discount factor. Hence, in RL, the learning of
the agent is usually taken care of by the reward system, as it makes sure that the agent is taking the actions in the right direction and not
swaying from its main goal. RL emulates the human learning process by sequentially interacting with the environment.

2) Taguchi Orthogonal array

The Taguchi method [51] is an effective method to observe the effects of various parameters on a performance of a process. This method
involves using orthogonal arrays in optimizing the parameters of experiments to determine the optimal input parameters. This method
is effective in determining the contribution of significant variables out of many independent variables. This method maintains the
robustness of the experiment against all environmental conditions and also helps in minimizing the variation around a target value.

ITII. RL BASED OPTIMIZATION

In this work, samples were segregated after ion implantation. Every sample of a particular repetition rate and power was annealed
either at room temperature or at high temperature, as shown in Table I. Then, every sample was measured for its sheet resistance before
and after the annealing process. The whole fabrication process variables serve as states of an environment.

In the context of optimization, the goal of the RL model is to minimize the expected sheet resistance of the sample with respect to the
available process parameters. The optimization problem is implemented with Deep Q-Network (DQN), and Advantage Actor-Critic
(A2C) agents. DQN is a value-based model-free agent. Value-based RL agent focuses on finding the policy by estimating the value
function V(s) and action-value function Q(s, @). A2C agent, on the other hand, is considered to be both value-based as well as the policy-
based agent. In A2C agent, the value function, V(s) is represented by the critic model, whereas the policy function by the actor model.
The policy and value functions are typically used by both actor and critic models. This enables an approximate estimation of the learnable
parameters for the subsequent training of the model because the critic model offers the measure of the action taken by the actor model.

A. Preparation of semiconductor device for RL

In sample preparation, we used the ion-implantation method to dope the polysilicon layer. The range, R, is the distance of the dopants
from the surface of the layer until it comes to rest. In reality, however, this depth can vary and depends on the actual distance an ion
travels and hence referred to as the mean projected range, R, [54].

R, =2 @

where N is concentration and x; is the projected range of i'" ion. R, changes with ion energy. The actual depths of individual ions distribute
over depth and can be modeled by a Gaussian distribution, with standard deviation or straggling, 4R, expressed as [54].

AR, = H[foj—R;T (3)

The ion depth distribution with parameters R, and 4R, [54] is expressed as:

N(x) =N, e 28 (&)
4
Ny =22 )

where N(x) is the concentration of the implanted ions, N is the peak concentration, and @ is the dose concentration. To activate the

dopants and restore the structure of the semiconductor, the laser-annealing method is used to avoid the diffusion of the dopants deeper
into the structure. The sheet resistance, Rs, of the device can be defined as a product of the integral relation between w(x), which is
concentration-related mobility, and impurity concentration, N(x) [55]:

R=— 1 (6)

q[ HEON (x)dx
0
where ¢ is the electronic charge of magnitude 1.6x10""° C.
B.  RL model

The problem of minimizing the sheet resistance and mapping input parameters according to the resistance using the RL model is
formulated using the Tensorforce library for RL. This problem of minimizing can be formulated as an MDP problem and can be



represented as M = (S, 4, P, R), where S, 4, P and R denote state, actions, probability between two states, and reward, respectively. In
accordance with the minimization problem, the purpose of our model is to learn the course of actions that minimizes the sheet resistance
value. To lay down the parameters for RL using the Tensorforce library, we have to explicitly define the parameters of MDP in
Tensorforce environment as follows:

State-space: The state space, S, consists of the information of 7 variables such as ion (/), dose (D), energy (E), wavelength (W),
repetition rate (Rep), temperature (7), and power (P), and is defined as follows: S= (s = (I, D, E, W, Rep, P, T)). We have arranged the
dataset according to the state space, S. During experiments, slight variations in the power and temperature values can exist, we have
fixed the values of power and temperature in RL, as shown in Table I.

Action space: The action space, 4 = (ai = (a1, az,....., an)), consists of all actions @i, where i denotes the action to assign to the i
variable defined in the state space, and N is the number of variables. For every variable, each action in a; consists of integer values. For
example, for the ion variable, we used two dopants, i.e., As and P. Therefore, an agent will have only two actions for the ion variable to
choose. Similarly, for every variable, an agent will have respective action to select.

Reward: The agent will decide to converge towards the minimum resistance value according to the defined reward function. Thus,
the reward function R(s:, a;) for a specific state and action at timestep ¢ is defined as follows: R(s;, a;) = -(Rs), where an agent will try to
maximize its reward value by selecting the minimum value of the sheet resistance.

IV. RESULTS AND DISCUSSION

The cross-sectional SEM images of the fabricated samples are shown in Fig. 2 where the thicknesses of deposited layers are labeled.
SEM images confirm the deposited thicknesses of 100nm polysilicon and 500nm wet-oxide over the p-type silicon wafer. Fig. 2(a) and
(b) have arsenic as a dopant with a concentration of 5x10'3 cm™ and energy of 25keV and 55keV, respectively. Fig. 2(c) and (d) have
phosphorous as dopant with a concentration of 5x10'> cm™ and energy of 25keV and 55keV, respectively.

Fig. 3 shows the images from secondary ion-mass spectrometry (SIMS). SIMS is a very useful tool for analyzing the surface
composition and studying the depth profiling of the dopants in the multi-layer sample. SIMS provides a detailed analysis of the
composition formed on the sample. For depth profiling, SIMS is very efficient in determining even the very low concentration of sub-
ppm or ppb of dopants. In Fig. 3, the SIMS profile confirms the presence of 4s dopant and its diffusion along with the depth of the
samples, for annealed and non-annealed samples. Samples in Fig. 3 were annealed at room temperature using a green light laser with a
repetition rate of S0kHz and two different powers of 5.999 and 2.997W, respectively. SIMS profile also confirms the diffusion of As
dopant with respect to the power used in the annealing

A. Environment Setup

For our agent to act and choose the input variables for minimal sheet resistance, we have defined our dataset as the environment. The
objective function of the environment is to provide a reward value. These state values will be decided by the action of the agents. The
action of our agent is to change the values of one or more variables for every time step according to the policy. For training, the agent
will take an action to change the levels of state values: s = (I, D, E, W, Rep, P, T). For an agent to start the training, we provided the
initial values of state space as follows: s = (P, 2x10'%, 40, 532, 100, 1.5, 25). Hence, an agent in the RL framework continuously
interacts with its environment to learn the sequence of actions it needs to take in any given environment state to maximize its reward.
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Fig. 2. Cross-sectional SEM images of the samples. Arsenic as dopant with concentration 5x10'> ¢m and energy of (a) 25keV and (b) 55keV,
respectively, and phosphorous as dopant with concentration 5x10'* cm? and energy of (c) 25keV and (d) 55keV, respectively.
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Fig. 3. SIMS profile confirms the presence of arsenic dopant in the samples. Dopant profiles shown here for the annealed sample were annealed in
green light laser at a S0kHz repetition rate and power of 5.999 and 2.997W.

B.  Training and Result

For training, we have opted for A2C and DQN RL agents. Both agents were trained for 500 episodes. The network for the agent was
kept at auto with a layer size of 100, a depth of 2 and 5 layers, and a final depth of 1 layer for both agents. The batch size determines
the update frequency at the state action reward table. Frequent update leads to faster convergence, while less frequent update leads to an
improved exploration of the sample space. The agent’s exploration was varied to either 0.0 or 0.2 for a batch size of 2, 5, and 10,
respectively, as shown in Table II. The exploration parameter is a critical parameter of an RL agent, which defines the probability of
randomly selecting the next state during RL. This parameter defines the agent’s ability to explore the environment rather than be confined
to limited space. This helps in avoiding the agent’s convergence towards the local minima. As shown in Table II, the effect of the
exploration rate among the agents is pronounced. A2C agents with an exploration rate of 0.2 have explored more values of resistance as
compared to the A2C agent.

In RL, exploration and exploitation is still very complex and open area. The exploration rate allows the agent to explore more actions
in a rewarding way to reach the goal. Without exploration rate, an agent can get stuck in local optima. However, if the current policy
explores more than required, the agent will learn nothing. On the contrary, if the agent exploits overly, it will learn actions that are not
optimal. For proper training, we want our agent to explore, as well as exploit the actions which can give maximum rewards. As shown
in Table II, for the exploration rate of 0, both the agents are stuck in the local optima and were unable to converge towards the minimum
value. Whereas, for an exploration rate of 0.2, the performance of both the agents has improved and was more successful in converging
towards the minimum value.

Combining a low exploration rate of 0.0 and 0.2 with a low batch size has allowed our agent to explore enough to find the target. As
shown in Table II, both A2C and DQN agents have explored ~40-50 different values of sheet resistance for every batch size. The best
time step parameter of Table II shows the time step of the agent where it found the lowest value of sheet resistance. This value can be
used to compare to other optimization algorithms for algorithm effectiveness. In semiconductor manufacturing, the number of
experimental trials corresponds to cost, and thus this number is influential.

In Fig. 4, reward function plots for A2C and DQN agents with an exploration rate of 0 and 0.2, batch size of 2, and network with 2
and 5 hidden layers have been shown. Fig. 4(a) and (b) shows the A2C agent’s reward in the training for the first 50 timesteps with a
network of 2 layers and batch size of 2 and an exploration rate of 0 and 0.2, respectively. Fig. 4(c) and (d) shows the DQN agent’s
reward in the training for the first 50 timesteps with a network of 2 layers and batch size of 2 and an exploration rate of 0 and 0.2,
respectively. Fig. 4(e) and (f) shows the DQN agent’s reward in the training for the first 50 timesteps with a network of 5 layers and
batch size of 2 and exploration rate of 0 and 0.2, respectively. It can be seen from Fig. 4 and Table II that when the exploration rate is
0.2, smaller sheet resistance values can be found in most of the RL runs. On the other hand, at a zero exploration rate, the effectiveness
of RL is reduced. It is also observed that the

Table II. Hyper-parameter values were used for A2C and DQN agents along with the results obtained in the first 50 time steps in training for each
variation of parameters.

Batch No. of R,
Agent Network Reward . Exploration values Result Best
Size .
explored Timestep
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Fig. 4. Reward vs. time steps for the A2C and DQN agents. Reward vs. time steps using A2C for (a) and (b) the first 50 time steps of training
using 2 hidden layers of the network, batch size of 2 and an exploration rate of 0 and 0.2, respectively. Reward vs. time steps using DQN for (c)
and (d) the first 50 time steps of training using 2 hidden layers of the network, batch size of 2 and an exploration rate of 0 and 0.2, respectively.
Reward vs. time steps using DQN for (e) and (f) the first 50 time steps of training using 5 hidden layers of the network, batch size of 2 and an
exploration rate of 0 and 0.2, respectively.

minimum resistance value may not be the last step during the 50-time-step RL runs using either DQN or A2C agent due to 50 time
step is not a large number for constructing a complete state-action-reward table. Nonetheless, in terms of optimization, fewer trials,
i.e., time steps, are desired, and therefore RL should not be executed for an extended time. If RL is trained for thousands of time
steps in our study case, the state corresponding to the minimum resistance values will mostly be achieved at the end of training
and the evaluation afterward, though thousands of time steps are regarded as ineffective optimization.

Table III. The result of the Taguchi array.

No. of R values

Type of Taguchi explored in each S.h eet
Array Resistance
subspace
2 level 8 113.92(avg)
3 level 27 83.90 (avg)
4 level 64 57.99

Table III shows the results obtained using the Taguchi method for the design of the experiment (DOE). Instead of a full factorial
array, Taguchi’s method utilizes partial factorial orthogonal arrays where the priority is to avoid the high cost, including the time
and cost to run the experiments. Here, the Taguchi method with 2, 3, 4 levels, and 7 variables are implemented [51]. While in our
dataset, some variables are of 2 levels and some are of 4 levels, combination and expansion similar to convention practice in
employing Taguchi are conducted before locating optimum. Since there are different ways to combine and extend the levels in
Taguchi method in order to fit the experiment, averaged values for 2-level and 3-level cases are shown in Table III. The average
is taken on 8 and 128 combinations and expansion cases for 2- and 3-level Taguchi methods. Table III shows optimization results
using the Taguchi method. The mean values of sheet resistance are shown for 2, 3, and 4 levels of the input experimental parameters.
Here, the mean values achieved are 113.92, 83.90, and 57.99 using 2, 3, and 4 levels, respectively.

In comparison to Taguchi’s method, both RL agents were more successful in determining the minimum value of 43.323 of sheet
resistance. Both A2C and DQN agents have used the same network size (100 neurons, depth=>5, final depth=1), batch size, and
exploration rate of 0.2, to find the minimum value of sheet resistance. Both agents have taken the same timesteps of 47 to find the
minimum value. The value of minimal sheet resistance visited by A2C and DQN agents is 43.323, and the number of R values
required to locate the minimum is 46 and 39, respectively. In comparison, Taguchi’s array uses 64 data points to locate a minimum
of 57.99, which is regarded as a worse performance reference to RL.



There can be many aspects that affect the implementation of RL in the semiconductor manufacturing industry. The first and
most important is to design an efficient reward function for an agent. Currently, in this work, we use the sheet resistance values as
the reward. Alternatively, there can be other ways to define the reward. For example, a uniform reward of +1/-1 to indicate the
decrease or increase in the objective function. Random reward, in some cases, can also lead to improved performance, though the
concept is similar to exploration. Thirdly, as compared to SL and USL, instead of using a fixed dataset, RL trains the agent based
on the data collected through the interactions with the environment, which can save the trial-and-error time during process condition
optimization. In SL and USL, the prediction accuracy highly depends on if the data collection properly spans the entire sample
space. If the SL is going to be used to optimize the process condition, the data collection should be extended over all possible
choices in process parameters. This leads to inefficient optimization. On the other hand, RL is a Markov decision procession, and
the data needed is collected in the run, eliminating redundant data collection steps.

There can be some aspects that can improve the RL’s performance, especially in semiconductor manufacturing. First, instead of
model-free models, model-based learning makes it easier to learn the solutions to a problem [56, 57]. Additionally, model-based
learning requires fewer samples as compared to model-free methods. Second, RL can be used as a fine-tuner on some priors, such
as AlphaGo, this project was initiated as supervised learning, and then RL was used on top for fine-tuning. Similarly, transfer
learning can provide the priors which can leverage the knowledge from the previous tasks [58, 59]. Moreover, RL can also be
coupled with global optimization methods for optimization problems [60, 61].

V. CONCLUSIONS

This work implements the RL in laser annealing in semiconductor manufacturing. We have implemented RL using the
tensorforce library on the samples with various independent process parameters. The objective of this work is to find the parameters
corresponding to the minimum sheet resistance, Rs. For RL, the information of 7 independent variables such as ion (/), dose (D),
energy (E), wavelength (W), repetition rate (Rep), temperature (7), and power (P) will be the state space, S. Agent action, 4, will
be to select the next state based on reward function. A2C and DQN agents with exploration rates of 0 and 0.2, network size of 100
neurons with two hidden layers, have been implemented for the task. Compared to Taguchi’s method, 43.323 of sheet resistance
is located by A2C and DQN in RL using 46 and 39 samples, respectively, which is lower than the 64 samples by Taguchi’s
orthogonal arrays. We believe RL has large potential in intelligent manufacturing in terms of reduced cost and shortened trial-
and-error cycles.
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