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ABSTRACT 

The cost of a fabrication line such as one in a semiconductor house has increased dramatically 
over the years and it is possibly already past the point that some new start-up company can have 
sufficient capital to build a new fabrication line. Such capital-intensive manufacturing needs better 
utilization of resources and management of equipment to maximize its productivity. In order to 
maximize the return from such a capital-intensive manufacturing line, we need to address the 
following: 1) increasing the yield, 2) enhancing the flexibility of the fabrication line, 3) improving 
quality, and finally 4) minimizing the down time of the processing equipment. Because of the 
significant advances now made in the fields of artificial neural networks, fuzzy logic, machine 
learning and genetic algorithms, we advocate the use of these new tools to in manufacturing. We 
term the applications of these and other tools that mimic human intelligence to manufacturing neural 
manufacturing. This paper will address the effort at Lawrence Livermore National Laboratory 
(LLNL) to use artificial neural networks to address certain semiconductor process modeling, 
monitoring and control questions. 

INTRODUCTION 

There are a number of problems associated with traditional manufacturing concepts and 
viewpoints towards equipment. They are as follows: 1) Processing and equipment modeling are 
still very much in the hand of the researchers, and not available for the front-line processing 
engineers to put to work. If we need improvement in yield, and to add flexibility in manufacturing, 
these tools are needed for the front line. 2) Although existing process control is a closed-loop 
system, it is not direct closed-loop control of the fabrication process itself. Instead, it is a collection 
of individual closed-loop controls of peripheral parameters such as pressure and gas flow. This 
type of control is indirect, since it is not the individual parameters that control the outcomes of a 
process, but the synergistic effect of all the parameters that governs the results. 3) If a process 
deviates from specifications during processing, the process engineer has very few options to 
"rescue" a bad run. 4) At present, processing errors are corrected by "rework" or "processing feed- 
forward." Scheduling such.reprocessing runs among "fresh" runs is a logistical problem. 5) For 
semiconductor processing, the cluster tool concept, increasingly becoming important, must be 
extended to include metrology. This complicates the cluster tools design and integration. 6 )  
Diagnosing equipment problems only after the equipment is down is highly inefficient. It is much 
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more preferable to try to predict which component will fail, and thus schedule repair with minimal 
impact on manufacturing. 7) Moving a process to different equipment may require significant 
parameter adjustments and substantial downtime. 

If we can solve these problems, then we believe that yield will increase, the fabrication line will 
become more flexible, quality will be improve, and down time will be minimized. 

APPROACH - NEURAL MANUFACTURING 

Complex manufacturing involving hundreds and thousands of steps are extremely hard to fully 
characterize, with semiconductor processing being a perfect example. The complexity of the 
processing often keeps us from having a complete scientific understanding of the mechanisms 
involved, thus our ability to recognize patterns and to .make inferances, and our intuition and 
experience must come to the rescue. Because of this strong human factor, it thus seems logical to 
employ tools that mimic human capabilities, such as artificial neural networks, fuzzy logic, genetic 
algorithms, expert systems and machines learning to assist the manufacturing process. Though 
most of these tools are still in their infancy, and thus are rather limited in their capabilities, yet they 
have several significant advantages over their biological counterparts, including: they will not 
make mistakes due to fatigue, and personal idiosyncrasies are generally absent. We term the 
applications to manufacturing of these and other tools that mimic human intelligence neural 
manufacturing. We advocate neural manufacturing, because recent research workby us and others 
has strongly suggested that effective use of these tools, even thoughy they are currently rather 
limited, can maximize the return from manfuacturing lines. As these tools continue to develop, 
neural manufacturing will have a fundamental and profound impact on manufacturing. 

AN EXAMPLE OF NEURAL MANUFACTURING - APPLICATIONS OF 
ARTIFICIAL NEURAL NETWORKS TO SEMICONDUCTOR PROCESSING 

Process and eauipment modeling 

As we have indicated earlier, our understanding of semiconductor processing is still very limited. 
For example, attempts to model plasma-related processing from first principle, although desirable 
in theory, is a monstrously difficult task. But even if such fundamental physical and chemical 
modeling is successful, it will most likely be computationally very expensive. Will such a solution 
be cost-effective? In addition, as cycle time for processing continues to get shortened, would such 
computationally expensive solutions satisfy the requirement of real-time results in manufacturing 
applications? 

We decided to approach the problem differently five years ago. Since neural networks are 
known to be extremely good at mapping hard-to-map non-linear relationships, they are similar to 
their biological counterparts, and they can perform very well on noisy and non-linear data, then 
wouldn't neural networks be a logical candidate to model plasma processes, which are inherently 
noisy and non-linear? 

In the course of making our artificial-neural-network integrated-circuit chip, we encountered 
major problems with metal-film adhesion and peeling. We modeled our sputter deposition of 
tungsten using neural networks, and compared our results with those from surface response 
methods, using both quadratic and cubic regressions. It is important to point out that traditional 
modeling is done separately and independently for each individual output. The coefficients for a 
model developed for one output parameter have no connection to those of the other output 
parameters. As a result, the outputs of a process are actually represented by an ensemble of disjoint 
models. The neural-network approach is different, since all of our inputs and outputs are or can be 
coupled through the neurons and synapses, thus creating an integrated model. Such integration is 
more realistic, since in the real world, the parameters are typically coupled. 



Our integrated model accepts four input parameters, namely, plasma power, chamber pressure, 
substrate temperature and substrate bias. It outputs thickness, stress, resistivity, and reflectivity of 
the film deposited. The process behaviors are highly nonlinear. Our goal is to model and optimize 
this process to give us the desired film thickness with minimal stress and resistivity as well as 
reflectivity. Figure 1 compares the resistivity from the highly non linear experimental results and 
the model's outputs as a function of plasma power. Figure 2 presents a comparison of the 
quadratic model with the neural model on stress. Our results indicate that our network model is 
better than the quadratic regression model and even the more complicated cubic model. It is also 
interesting to point out that our goal of attaining zero stress initially had mixed results. Our stress 
results from identical experiments were erratic, but the average of the results yielded close to the 
desired stress result of zero. Further investigation into our neural-network model provides an 
explanation for such a behavior. As shown in Figure 3, as generated from our neural network 
model, the highly non linear and sensitive dependence on pressure at point A caused the problem. 
By moving the operational point to a more stable point, point .B, we achieved the desired goal of 
producing a film with low stress without peeling, and at the same time achieved low resistivity, 
reflectivity and the desired thickness. 

Process monitorinP monitor and eauiDment control 

As we have indicated, traditional process monitoring and equipment control is not directly 
monitoring and controlling the process. For example, in plasma processing, it is an ensemble of 
individual indirect acts of monitoring and controlling of such peripheral parameters as gas flows, 
RF power, chamber pressure, etc. In addition, such process monitoring and control may not fully 
account for and control all aspects of a process. For example, certain types of deposition or etching 
may be extremely sensitive to the amount of oxygen present. Traditional process monitoring and 
control can only take into account the oxygen flowing through the mass flow controller; however, 
there may be additional sources of oxygen, such as water breakdown or outgassing from the 
chamber wall. Such oxygen cannot be accounted for by traditional means. Finally, these modes of 
monitoring and controls are performed upstream and not at the reaction zone (the plasma region 
next to the wafers), which is the vital area for processing. Our neural-manufacturing approach, 
based on using an artificial neural network to monitor and analyze optical emission spectra, 
addresses all these vital issues in areas where traditional means fall short, 

For a plasma-based processing system, plasma information is obtained in the form of spectra 
from a diode-array optical spectrometer, which becomes the inputs for our neural-network system; 
the outputs of the network will represent information corresponding to the processing inputs for 
the system, such as gas flow, rf power, and pressure. With this in-situ real-time information 
pertaining to the plasma just above the wafers, adaptive process control is then achieved by using 
this information to make corresponding corrections at the level of the slave controllers (Fig. 4). 

For a demonstration of the above approach, we selected an oxide reactive-ion-etching (FUE) 
process. Experiments were performed in a batch-type parallel-plate reactor processing. The four 
processing inputs are operational pressure, rf power, CHF3 gas flow, and H2 gas flow, and the 
spectrometer produced a 743-channel optical spectrum. We have chosen a center-cubic 
experimental design (Fig. 2) and we thus minimized the number of experiments needed to cover a 
very large 4-dimensional operating space. A total of 30 experiments was performed with 6 of the 
experiments repeated. Data collected from these 30 experiments were used for the training of the 
neural networks. Additional experiments were performed to test the performance of the network. 

After appropriate preprocessing, the resulting plasma spectra appear almost identical (Fig. 5) 
even though the processing conditions are very different. A neural network was successfully 
designed to distinguish the subtle differences between the inherently noisy plasma spectra and to 
identify the corresponding variations in processing conditions. The four outputs of the network 
represent the various gas flows, the.pressure, and the power for the system corresponding to the 
plasma spectrum. The resulting network can accurately quantify the processing conditions for 
which it is trained with a maximum of 0.33% rms error (Table 1). 



NEURAL NETWORK HARDWARE CHIP 

In the long run, we anticipate our neural manufacturing will entail monitoring many inputs 
from many different sensorsand also different types of located at different spots to sample a 
process over a large wafer area. This gives us a a data-fusion problem with a potentially enormous 
number of inputs. The system will learn and get "smarter" along the way, and feed back more and 
more information to the process engineer. Such intelligent systems will be extremely complex, and 
thus make using a pre-software approach questionable. We anticipate the need for low-cost and 
fast neural-network hardware systems to accomplish this bulk of data processing in real time. 

Together with the Naval Air Warfare Center at China Lake, we have designed and fabricated 
our first neural-network chip (Figure 6). This chip contains 64 input-buffer amplifiers, 32 output 
neurons with individual gain and bias, and a fully-connected synaptic-array structure containing 
16,384 synaptic resistors, which can be in either excitatory or inhibitory mode. The chip die size 
is 0.841 cm x 0.744 cm and it is expected to shrink substantially in the future, thus further 
reducing the cost of the chip. These chips can even be cascaded together to build more complicated 
systems. Such a chip is a first step to realizing the production-model hardware systems we 
anticipate to need to address more complex and dynamic processing systems. 

The neural manufacturing concept can also be applied to other types of manufacturing as long 
as appropriate inputs can be presented to the artificial neural-networks. For example, flourescence 
or absorption spectra can be the input data for non-plasma processing. 

CONCLUSION 

We have demonstrated only some aspects of "neural manufacturing," an intelligent 
manufacturing concept. This approach based on neural networks may improve yield by improving 
real-time process control; provide flexibility in the form of easily reconfigurable manufacturing; 
and minimize downtime by predicting component failure ahead of time. Even though these results 
and results obtained by other researchers are very encouraging, we need further breakthroughs in 
the intelligent-system area. One problem with neural network systems is that they cannot receive 
and process higher-order abstract information from the processing specialist. At LLNL, we are 
proposing a new type of intelligent system capable of including hypotheses or other such abstract 
knowledge from thuman experts. We call such a system a hypothesis-assisted intelligent system 
(HAIS). Such a system is different from expert systems and fuzzy logic systems. We anticipate 
that such a system will act as a "partner" to a human researcher so that they can form a team to 
"explore" and "learn" together. So far, one form of this HAIS has demonstrated very interesting 
results and a possibly much higher degree of generalizationthe systems we described here. 
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Fig. 4-. An example of neural manufacturing. 
A neural network analyzes, information from optical 
spectra to correct an etching process. 



Figure 4s Sensors' data based on three 
sets of process conditions 
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