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USING RADIAL BASIS FUNCTION NETWORKS AND HYPER-CUBES 

FOR EXCURSION CLASSIFICATION IN SEMI-CONDUCTOR 

PROCESSING EQUIPMENT 

TECHNICAL FIELD 

5 [001] The present disclosure relates to artificial neural networks, and, more particularly, to 

radial basis function networks for analyzing a system. 

BACKGROUND OF THE INVENTION 

[002] Artificial neural networks may be used to analyze operation in a system based on 

known values of the system. For example, a user may be interested in analyzing sensor data, 

10 such as sensor data from semi-conductor processing equipment. A Radial Basis Function 

(RBF) network is an artificial neural network that uses radial basis functions as activation 

functions. In a typical RBF network, an RBF node or neuron is responsible for determining 

the activation value of the node, where each node has multiple inputs and one output. RBF 

networks typically can only differentiate between normal and abnormal values. Errors in 

15 RBF network analysis tend to be false negatives, and erroneous results tend to increase with 

increasing numbers of dimensions (e.g., numbers of sensors). 

BRIEF DESCRIPTION OF THE DRAWINGS 

[003] The present disclosure is illustrated by way of example, and not by way of limitation, 

in the figures of the accompanying drawings. 

20 [004] FIG. 1 illustrates one embodiment of a network architecture. 

[005] FIG. 2 illustrates one embodiment of a method for RBF network and hyper-cube 

analysis. 

[006] FIG. 3 illustrates another embodiment of a method for RBF network and hyper-cube 

analysis. 

25 [007] FIG. 4 illustrates an exemplary RBF network. 

[008] FIG. 5 illustrates an exemplary RBF network for semi-conductor processing 

equipment. 

[009] FIG. 6 illustrates false negative results for an RBF network. 

[0010] FIG. 7 illustrates false positive results for an RBF network. 

30 [0011] FIG. 8 illustrates an embodiment of an RBF network and hyper-cube analysis. 

[0012] FIG. 9 illustrates an embodiment of an excursion in an RBF network and hyper-cube 

analysis. 
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[0013] FIG. 10 illustrates an embodiment of an excursion in an RBF network and hyper-cube 

analysis. 

[0014] FIG. 11 illustrates an embodiment of excursions in an RBF network and hyper-cube 

analysis. 

5 [0015] FIG. 12 illustrates an embodiment of creation of a hyper-cube and a hyper-sphere. 

[0016] FIG. 13 illustrates an embodiment of confidence estimation. 

[0017] FIG. 14A, 14B, 14C, 14D, and 14E illustrate exemplary sensor data. 

[0018] FIG. 15A and 15B illustrate exemplary sensor data. 

[0019] FIG. 16 illustrates an exemplary RBF network. 

10 [0020] FIG. 17 illustrates an exemplary computer system. 

[0021] FIG. 18 illustrates an embodiment of confidence estimation. 

DETAILED DESCRIPTION 

[0022] Embodiments of the present invention are directed to a method and system for RBF 

network and hyper-cube analysis of data. For example, data samples may be sensor data from 

15 semi-conductor processing equipment. In one embodiment, the method and system can detect 

whether samples indicate "normal" versus "abnormal" operation in a sub-system, classify 

samples indicating "abnormal" behavior if the abnormal excursion can be labeled, and 

diagnose and correct the "abnormal" behavior if information on the root cause and solution 

are available. Embodiments of the present invention are extensible in that additionally 

20 identified excursions may be added to the system. 

[0023] An RBF function can be defined as any function that satisfies the following equation: 

0(x) = 0(||x||) Equation 1 

25 An RBF network is a collection of RBF functions located in n-dimensional space. In one 

RBF network shown in FIG. 4, there are two layers, including an input layer 401 and an RBF 

layer 403. This network has 3 inputs and 4 RBF nodes. Here, each node is located in n-

dimensional space, where the number of inputs defines n (e.g., IT 3 in FIG. 4). Each node can 

be defined using an n-element vector, and the input to each node may also be an n-element 

30 vector. The network shown in FIG. 4 is capable of distinguishing 5 unique excursions or 

classes. Each node represents a unique excursion or class. Unknown samples can belong to 

either nodes 1 through 4 or no node. 

[0024] For example, an input sample may be a standardized value where the sample is 

expressed as a sigma difference between a known reference set, a specified number of runs in 
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a process, or all runs from a specified number of days, which should provide greater than 90% 

accuracy. 

[0025] However, errors increase with increasing dimensions in RBF networks. For example, 

for one-dimensional normally distributed data, 99.7% of the samples are expected to reside 

5 within +/- 3a. For two-dimensional normally distributed data, more samples fall outside +/'-

3c. For three-dimensional normally distributed data, even more samples fall outside +/- 3a. 

As the dimensions increase, the volume of a unit hyper-sphere tends towards zero, thus 

leading to an increasing number of errors. Therefore, as shown in FIG. 6, a native RBF 

network will have false negative errors, where a sample 601 is identified as abnormal when 

10 the sample is normal. Here, sample 601 is outside the RBF function circle, but inside the +/- 3 

a boundary. Therefore, a native RBF network indicates the sample 601 is outside the node 

(normal in this case) when the sample 601 is actually normal since it is within the +/-3 sigma 

boundary. 

[0026] In one embodiment, this issue is overcome by increasing the radii of the node hyper-

15 spheres. There is still an error, but it is now, as shown in FIG. 7, a false positive where the 

sample 701 is identified as "normal" when the sample should be identified as unknown. 

These samples may be assigned a lower confidence estimation for the determined sample 

class. 

[0027] Here, a node is created, and a hyper-cube is determined for the node. Then, the 

20 system determines whether a sample resides within the hyper-cube. If the sample does not 

reside within the hyper-cube, the system determines whether the sample resides within a 

hyper-sphere that has a radius equal to a diagonal of the hyper-cube. The system then 

determines a likely sample class, e.g., normal or abnormal, based on whether the sample 

resides within the hyper-cube (normal), hyper-sphere (normal with lower confidence) or 

25 neither (abnormal). 

[0028] In one embodiment, the maximum error for any given node is along a single axis and 

can be computed for evaluation regarding of whether the network and error are tolerable. In 

one embodiment, the error can be minimized by adding additional nodes (e.g., excursions) on 

the axes with relevant labels. 

30 [0029] FIG. 1 illustrates a network architecture 100 according to one embodiment. Initially, 

an RBF network and hyper-cube system 102 identifies data sources 106 (e.g., sensors) that 

define a system, such as a physical process system 104. A user may select, e.g., via a 

graphical user interface (GUI) data (e.g., samples) from various ones of the data sources 106 

via a client machine 110. The system 102 derives an RBF network and hyper-cubes from this 
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data. For example, as shown in the RBF network of FIG. 5, sensor data for gas total flow 

501, chamber pressure 503, and TGV position 505 could be used to characterize a pressure 

control system. 

[0030] In an embodiment, a user may also select excursions 108 (i.e., defined parameters of 

5 abnormal system behavior) via the client machine 110, and the excursions 108 may be stored 

in a persistent storage unit 112 by the system 102. 

[0031] For example, the physical process system 104 could include manufacturing tools or be 

connected to manufacturing tools directly or via a network (e.g., a local area network (LAN)). 

Examples of manufacturing tools include semiconductor manufacturing tools, such as etchers, 

10 chemical vapor deposition furnaces, etc, for the manufacture of electronic devices. 

Manufacturing such devices may include dozens of manufacturing steps involving different 

types of manufacturing processes, which may be known as a recipe. 

[0032] The physical process system 104 can include any type of computing device, including 

desktop computers, laptop computers, handheld computers or similar computing devices, to 

15 control the system. Data sources 106, such as sensors, may be part of the physical process 

system 104 and/or the manufacturing tools or may be connected to the physical process 

system 104 and/or the manufacturing tools (e.g., via a network). 

[0033] In another example, client machines 110 can be any type of computing device 

including desktop computers, laptop computers, mobile communications devices, cell phone, 

20 smart phones, handheld computers or similar computing devices. 

[0034] In one embodiment, the physical process system 104, the data sources 106, the 

persistent storage unit 112, and the client machine 110 are connected to the system 102, which 

may be a direct connection or an indirect connection via a hardware interface (not shown), or 

via a network (not shown). The network can be a local area network (LAN), such as an 

25 intranet within a company, a wireless network, a mobile communications network, or a wide 

area network (WAN), such as the Internet or similar communication system. The network 

can include any number of networking and computing devices such as wired and wireless 

devices. 

[0035] The division of functionality presented above is by way of example only. In other 

30 embodiments, the functionality described could be combined into a monolithic component or 

sub-divided into any combination of components. For example, the client machine 110 and 

the system 102 can be hosted on a single computer system, on separate computer systems, or 

on a combination thereof. 
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[0036] FIG. 2 illustrates one embodiment of a method 200 for RBF network and hyper-cube 

analysis. Method 200 can be performed by processing logic that can comprise hardware (e.g., 

circuitry, dedicated logic, programmable logic, microcode, etc.), software (e.g., instructions 

run on a processing device), or a combination thereof. In one embodiment, method 200 is 

5 performed by the system 102 of FIG. 1. 

[0037] At block 202 of FIG. 2, processing logic of the system 102 creates a first node 1200, 

as shown in FIG. 12. The first node has multiple inputs and 1 output. To create a node, a 

number of inputs n, a location L[n] (the L[n] vector determines the node location in n-

dimensional space), and a receptive field r (the dimension or size of the node) are provided. 

10 In an embodiment, a default r value is 1. 

[0038] Each node contains a Gaussian activation: 

15 

= eSS) x = eV2r2/ eqn a\ 

and a normalized Gaussian activation: 
(~\\d\\\ 

x = ev 2r2 ) eqn a2 

The activation function used depends on the operation. In both cases 
1/2 

d \im — lm | , where I is the input vector 
^m= 1 

1/2 / . ,2\ ' 
d = (£m=i|im"lm| ) ,wherelistheinputvector 

[0039] To activate a node, the input vector and the activation function to use are provided. 

The system 102 computes d and uses the appropriate activation function to return x. 

20 [0040] A node threshold for any given value x, is the value used to determine if a given input 

I is contained within the node. The following is used to compute the node threshold: 

radius = Vn.x 
-radius2'\ 

nodeThreshold = e^ 2 ' eqna3 

[0041] The system 102 creates the first node with the appropriate locations and receptive 

fields, and activates the node with the correct activation function when appropriate. 

[0042] When a node is created, along with the required node information, the system 102 also 

25 needs to record the node label and any associated actions. Node labels define the sample 
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class, for example, normal or a defect. Node actions define what to do when a sample 

belongs to a particular node and when to perform the action. 

[0043] At block 204, processing logic of the system 102 determines a first hyper-cube 1201 

for the first node 1200, as shown in FIG. 12. In one embodiment, a 3-sigma hyper-cube is 

5 created based on reference data. In other words, the size of the first hyper-cube is 3 sigma. 

[0044] At block 206, processing logic of the system 102 determines whether a sample resides 

within the first hyper-cube, when mirrored about the origin of the first node. The following is 

computed: 

c[x] = \\i[x\ — l[x]\\ for x = 1 to n 

When a hyper-cube is used for detection, the output for any node will be either 0 or 1, where 1 

indicates residence in the hyper-cube. If the c[x] values is less than or equal to r (i.e., 

receptive field) for the first node, the first node output is 1. In this case, the system 102 has 

used the first hyper-cube to detect what class the sample belongs to and the RBF functions are 

15 not activated. As shown with first node 800 of FIG. 8, if a sample 805 falls within a first 

hyper-cube 801, then the sample 805 is deemed to belong to a class of the first node and is 

considered normal. 

[0045] At block 208, if a sample is outside the first hyper-cube, then the system determines 

whether the sample resides within a first hyper-sphere 1203 about the first hyper-cube 1201 

20 with a radius equal to a diagonal 1205 of the first hyper-cube 1201, as shown in FIG. 12. As 

shown in FIG. 8, if the sample 807 resides within a first hyper-sphere 803, then it is deemed 

to belong to the class of the first node 800 and is considered normal, but with a lower 

confidence estimation. If the sample 809 is outside the first hyper-sphere 803, then the 

sample is classified as unknown or suspicious. 

25 [0046] For example, if the c[x] value is greater than r, then the system 102 switches to the 

RBF functions. Initially, the receptive field for all nodes present is set to 1. Here, a threshold 

adjustment scheme (i.e., using a fixed function but selecting a different threshold based on 

distance from the origin) is used instead of a receptive field adjustment scheme (i.e., using a 

function that is wider). The node is activated using eqn al, and the output recorded, where 

30 output for each node ranges from 1 to 0 in value. 

[0047] In other words, for a two dimensional case, two Gaussian type curves are the RBF 

function with receptive field 1. Here, the square (two-dimensional hyper-cube) has a 3 sigma 

side, such that a circle (two-dimensional hyper-sphere) about the square has a radius of 4.24. 
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When input is provide and the RBF function is activated using eqn al, the output is a value 

from 1 to 0, depending on how far the sample is from the node. The threshold is the RBF 

output where the input is the radius of the hyper-cube, in this case 4.24 is input to eqn al. 

Here, the threshold is 0.00012. 

[0048] In this example, if the sample had coordinates of (2,0), then the sample would be in 

the 3 sigma square. If the sample had coordinates of (3.5, 0), then the sample would be 

outside the square so eqn al would be activated. In this case, the output would be a value 

greater than the threshold so, the sample would be in the circle. If the sample had coordinates 

of (4.2,0), then again eqn al would be activated. However, now the output is less than the 

threshold so this sample is outside the circle. 

[0049] At block 210, processing logic of the system 200 determines a likely sample class for 

the sample based on whether the sample resides within the hyper-cube or the hypersphere. If 

a hyper-cube was used for detection, the sample is deemed to belong to the first node if there 

is an output of 1. If RBF functions were used for detection, a node threshold is computed for 

the first node using eqn a3, where x is the original receptive field value for the current node. 

If the node output is greater than or equal to node threshold, then the sample is deemed to 

belong to this node. 

[0050] A node error for any given value x is an approximation of how far the sample is from 

a theoretical hyper-cube plane with side x. The node error is used to determine a confidence 

estimation of a correct assignment of a sample to a node if the sample is outside the hyper-

cube, but inside the hyper-sphere. The confidence estimation is based on how far the sample 

is from the side of the hyper-cube. The following equations are used to compute the node 

error. 

radius = n.x 
n 

error = ^ \\im - lm\\ - x, where \\im - lm\\ > x 
m= 1 

error 
nodeError = 1 - eqn a4 

radius — x 

Typically, the node error is rounded to 2 significant digits. 

[0051] In other words, the error can be described in one dimension. The term im is the input 

and the term lm accounts for nodes that are away from the origin. In exampl e, illustrated in 

FIG. 18, where the node is at the origin (lm is 0), x (i.e., the length of the side of the hyper-
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cube) is 3 sigma, the radius is 4.24, and im is 4. Here, the error is abs(4-3), which is 1. The 

nodeError is (1 -(1/4.24-3))) equals 0.19, which indicates that the sample is not close to the 

cube so there is a lower confidence that the sample belongs to this node. However, the 

preceding values represent one example, and im is not limited to any particular value. If Im is 

5 greater than 4.24, then the nodeError is 0, which indicates that the sample is outside of the 

hyper-cube and the hyper-sphere. 

[0052] FIG. 3 illustrates one embodiment of a method 300 for RBF network and hyper-cube 

analysis. Method 300 can be performed by processing logic that can comprise hardware (e.g., 

circuitry, dedicated logic, programmable logic, microcode, etc.), software (e.g., instructions 

10 run on a processing device), or a combination thereof. In one embodiment, method 300 is 

performed by the system 102 of FIG. 1. 

[0053] At block 302, processing logic of the system 102 receives a user selection of an 

excursion from the client machine 110. For example, for any sample that resides outside the 

first hyper-sphere, the user can label this excursion with a descriptive label, e.g., Excursion A. 

15 The system 102 may store an excursion 108 in the persistent storage unit 112. 

[0054] At block 304, processing logic of the system 102 creates an excursion node. As 

shown in FIG. 9, an excursion A node 901 has been created in addition to first node 900. The 

excursion node may be created similarly to the first node as described with respect to block 

202 of FIG. 2. 

20 [0055] At block 306, processing logic of the system 102 determines an excursion hyper-cube 

903 for the excursion node 901, as shown in FIG. 9. The excursion hyper-cube may be 

created similarly to the first hypercube as described with respect to block 204 of FIG. 2. 

[0056] At block 308, processing logic of the system 102 determines whether a sample resides 

within the excursion hyper-cube 903, when mirrored about the origin of the excursion node 

25 901, as shown in FIG. 9. If a sample resides within the excursion hyper-cube 903, then the 

sample is deemed to belong to the Excursion A node. The system 102 may determine 

whether a sample resides within the excursion hyper-cube similarly to the determination 

described with respect to block 206 of FIG. 2. 

[0057] At block 310, if a sample is outside the excursion hyper-cube 903, then the system 102 

30 determines whether the sample resides within an excursion hyper-sphere 905 about the 

excursion hyper-cube 903 with a radius equal to a diagonal of the excursion hyper-cube 903. 

If the sample 907 resides within the excursion hyper-sphere 905, then the sample 907 is 

deemed to belong to that the Excursion A node, but with a lower confidence estimation. If the 

sample 909 is outside the excursion hyper-sphere 905, then the sample 909 is classed as 
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unknown. The system 102 may determine whether a sample resides within the excursion 

hyper-sphere similarly to the determination described with respect to block 208 of FIG. 2. 

[0058] In one embodiment, as shown in FIG. 10, for any sample 1003 that resides outside all 

hyper-spheres, the system 102 may predict which node the sample 1003 should be associated 

5 with, if any. Here, the RBF functions measure the distance between the sample 1003 and a 

centroid 1005, 1007 of each node 1000, 1001. The sample 1003 may then be deemed to 

belong to the closest centroid 1007 of Excursion A node 1001, as shown in FIG. 10. Here, the 

system 102 may allow the user to add the sample to the best fit class, add the sample to a new 

class, or take no action. 

10 [0059] For example, each node is activated using normalized Gaussian activation eqn a2. 

Then, each node output is adjusted using the following, 

15 This scheme ensures that one node is activated, so that the output is not 'unknown'. The logic 

for determining the sample class is similar. In other words, assuming that an initial network 

found a sample to 'unknown' (meaning it did not belong to any existing nodes), a user may 

want to determine whether the sample resembles an existing node (e.g., near an existing node, 

but not actually in it). Here, the network is activated using the normalized Gaussian 

20 activation, and at least one node activates such that the network does not return 'unknown' for 

a sample. The network will return a node label for the node that is closest to the sample. 

[0060] In one embodiment, if a sample resides in multiple hyper-spheres or hyper-cubes, the 

system 102 may use RBF functions to determine the hyper-sphere or hyper-cube to which the 

sample belongs. For example, FIG. 11 shows a first node 1100, excursion A node 1101, and 

25 excursion B node 1103. Here, sample 1105 resides within the hyper-spheres 1107, 1109 of 

both excursion A node 1101 and excursion B node 1103. The distances between the sample 

1105 and the centroids 1111, 1113 of each node 1101, 1103 the sample resides in are 

measured. The system 102 then deems the sample 1105 to belong to the node whose centroid 

is closest. 

N odeOutput(n) = 
NodeOutput(n) 

NodeSum 
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[0061] In one embodiment, if hyper-cubes were used for detection and the sample resides in 2 

or more hyper-cubes (e.g., multiple nodes have an output value of 1), the receptive field for 

all nodes present is set to 1. The nodes of the hyper-cubes the sample resides in are activated 

using eqn al, and the output is recorded. The maximum output is recorded, and the sample is 

5 deemed to belong to the node with the maximum output. If RBF functions were used and the 

sample is found in 2 or more nodes, the maximum output is recorded, and the sample is 

deemed to belong to the node with the maximum output. Here, the sample can belong to 

either no nodes or only 1 node. The sample is given the label of the node where the sample 

resides. 

10 [0062] In other words, if the sample is found in two or more hyper-cubes, the hyper-cube 

detection only returns 1 or 0, so the cube that the sample belongs to cannot be determined 

with this information alone. Therefore, switching to RBF functions, the distance of the 

sample from each cube center can be determined. An unknown sample is labeled with the 

label of the closest cube. If the sample is found in 2 or more hyper-spheres, the label of the 

15 node with the largest RBF function output is recorded, since the RBF function returns 1 if it is 

at the center of the cube and decays away as samples are further from the center. 

[0063] In determining a confidence estimation for detection, if hyper-cubes were used for 

detection, the certainty is 100%. If RBF functions were used and the sample was found to not 

belong to any node, then the certainty is again 100%. Otherwise the certainty is given by eqn 

20 a4 * 100%, where x is the original receptive field value for that node. 

[0064] In one embodiment, the system 102 determines a confidence estimation for a sample 

that resides within a hyper-sphere but outside a hyper-cube. Here, a sample may only have an 

error in one dimension. The system 102 determines a maximum error in any dimension and a 

sample error on a single error dimension, as shown in FIG. 13. The distance to a plane of the 

25 hyper-cube is determined by an error ratio of the sample error to the maximum error. This 

error ratio may be used to determine the confidence estimation. 

[0065] FIGs. 14A, 14B, 14C, 14D, and 14E illustrate exemplary sensor data that maybe 

analyzed by the according to the methods described above. For example, the sensor data may 

characterize an Bias RF System, including Match Series Position (shown in FIG. 14A), Match 

30 Shunt Position (shown in FIG. 14B), DC Bias (shown in FIG. 14C), Forward Power (shown 

in FIG. 14D), and Reflected Power (shown in FIG. 14E). In these examples, samples within 

the center band indicate 'normal' behavior. Here, a five-dimensional RBF network may be 

created that takes the 5 sets of sensor data as input and can initially only discriminate 'normal' 

versus 'not normal' operation. 
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[0066] FIG. 15A shows an example of 'normal' operation, and FIG. 15B shows an example 

of 'not normal' operation. For the 'not normal' case of FIG. 15B, Match Series Position is 

UP, Match Shunt Position is DOWN, DC Bias is DOWN, Forward Power is UP, and 

Reflected Power is UP. Here, the system may allow the user to designate this excursion as a 

5 'known' excursion type (e.g., failure type) with a corrective action if known, or take no 

action. 

[0067] For this example, the user determined that this was a failure called 'RF Bias Issue 

with the corrective action as 'upgrading the SW to version xx.xx.xx'. In an embodiment, this 

information may be added to as an excursion 108 to the persistent storage unit 112, so when 

10 the system 102 analyzes a sample with similar parameters, the system 102 may provide the 

user with the failure type and recommended corrective action. 

[0068] FIG. 16 shows an example of an RBF network where only 3 dimensions are shown. 

Here, the DC Bias and Normal nodes overlap. In this case, the system will determine that a 

sample is 'Normal' if the analyzed sample is in both 'Normal' & 'DC Bias Shift' nodes. A 

15 sample is shown on the border of the ' Bias Coupling' node, and the certainty was determined 

to be about 78%. 

[0069] In an embodiment, if new excursion nodes are added, the node size is determined by 

the distance from the origin of the first node. The first node is located at the origin. The 

further the excursion node is from the origin, the larger the node size. Initially the distance 

20 between the sample and the origin is computed using: 

[0070] If distance is less than 3, then new node size is 1. If distance is greater than 9, then 

25 new node size is 3. Otherwise, new node size = distance/3. In other words, the further away 

the node is from the origin, the larger the node will be. The node size increases linearly from 

a node size of 1 close to the origin, until the node size is 3, and nodes further away than this 

will have a node size of 3. Here, close to the origin, the excursion is likely to have a localized 

distribution, and, hence, a small node is used such that the node does not overlap the 'normal' 

i 
2 

where s is the sample coordinates, 0 is the or gin, n is the dimensions 
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node. Further from the origin, the distribution increases, so a bigger node is used. However, 

a maximum node size of 3 can be set so that the nodes do not get unreasonably large. 

[0071] Figure 17 is a block diagram illustrating an exemplary computing device (or system) 

1700. The computing device 1700 includes a set of instructions for causing the computing 

5 device 1700 to perform any one or more of the methodologies discussed herein. The machine 

may operate in the capacity of a server machine in client-server network environment. The 

machine may be a personal computer (PC), a set-top box (STB), a server, a network router, 

switch or bridge, or any machine capable of executing a set of instructions (sequential or 

otherwise) that specify actions to be taken by that machine. Further, while only a single 

10 computing device is illustrated, the term "computing device" shall also be taken to include 

any collection of machines that individually or jointly execute a set (or multiple sets) of 

instructions to perform any one or more of the methodologies discussed herein. 

[0072] The exemplary computer device 1700 includes a processing system (processing 

device) 1702, a main memory 1704 (e.g., read-only memory (ROM), flash memory, dynamic 

15 random access memory (DRAM) such as synchronous DRAM (SDRAM), etc.), a static 

memory 1706 (e.g., flash memory, static random access memory (SRAM), etc.), and a data 

storage device 1716, which communicate with each other via a bus 1708. 

[0073] Processing device 1702 represents one or more general-purpose processing devices 

such as a microprocessor, central processing unit, or the like. More particularly, the 

20 processing device 1702 may be a complex instruction set computing (CISC) microprocessor, 

reduced instruction set computing (RISC) microprocessor, very long instruction word 

(VLIW) microprocessor, or a processor implementing other instruction sets or processors 

implementing a combination of instruction sets. The processing device 1702 may also be one 

or more special-purpose processing devices such as an application specific integrated circuit 

25 (ASIC), a field programmable gate array (FPGA), a digital signal processor (DSP), network 

processor, or the like. The processing device 1702 is configured to execute the system 102 of 

FIG. 1 for performing the operations and steps discussed herein. 

[0074] The computing device 1700 may further include a network interface device 1722. The 

computing device 1700 also may include a video display unit 1710 (e.g., a liquid crystal 

30 display (LCD) or a cathode ray tube (CRT)), an alphanumeric input device 1712 (e.g., a 

keyboard), a cursor control device 1714 (e.g., a mouse), and a signal generation device 1720 

(e.g., a speaker). 

[0075] The data storage device 1716 may include a computer-readable storage medium 1724 

on which is stored one or more sets of instructions 1726 embodying any one or more of the 
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methodologies or functions described herein. The instructions 1726 may also reside, 

completely or at least partially, within the main memory 1704 and/or within the processing 

device 1702 during execution thereof by the computing device 1700, the main memory 1704 

and the processing device 1702 also constituting computer-readable media. The instructions 

5 1726 may further be transmitted or received over a network 1728 via the network interface 

device 1722. 

[0076] While the computer-readable storage medium 1724 is shown in an exemplary 

embodiment to be a single medium, the term "computer-readable storage medium" should be 

taken to include a single medium or multiple media (e.g., a centralized or distributed database, 

10 and/or associated caches and servers) that store the one or more sets of instructions. The term 

"computer-readable storage medium" shall also be taken to include any medium that is 

capable of storing, encoding or carrying a set of instructions for execution by the machine and 

that cause the machine to perform any one or more of the methodologies of the present 

invention. The term "computer-readable storage medium" shall accordingly be taken to 

15 include, but not be limited to, solid-state memories, optical media, and magnetic media. 

[0077] Some portions of the detailed description that follows are presented in terms of 

algorithms and symbolic representations of operations on data bits within a computer 

memory. These algorithmic descriptions and representations are the means used by those 

skilled in the data processing arts to most effectively con vey the substance of their work to 

20 others skilled in the art. An algorithm is here, and generally, conceived to be a self-consistent 

sequence of steps leading to a result. The steps are those requiring physical manipulations of 

physical quantities. Usually, though not necessarily, these quantities take the form of 

electrical or magnetic signals capable of being stored, transferred, combined, compared, and 

otherwise manipulated. It has proven convenient at times, principally for reasons of common 

25 usage, to refer to these signals as bits, values, elements, symbols, characters, terms, numbers, 

or the like. 

[0078] It should be borne in mind, however, that all of these and similar terms are to be 

associated with the appropriate physical quantities and are merely con venient labels applied to 

these quantities. Unless specifically stated otherwise as apparent from the following 

30 discussion, it is appreciated that throughout the description, discussions utilizing terms such 

as "determining", "identifying", "comparing", "sending", or the like, refer to the actions and 

processes of a computer system, or similar electronic computing device, that manipulates and 

transforms data represented as physical (e.g., electronic) quantities within the computer 

system's registers and memories into other data similarly represented as physical quantities 
- 13 -
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within the computer system memories or registers or other such information storage, 

transmission or display devices. 

[0079] Embodiments of the invention also relate to an system for performing the operations 

herein. This system can be specially constructed for the required purposes, or it can comprise 

5 a general-purpose computer selectively activated or reconfigured by a computer program 

stored in the computer. Such a computer program can be stored in a computer (or machine) 

readable storage medium, such as, but not limited to, any type of disk including floppy disks, 

optical disks, CD-ROMs, and magnetic-optical disks, read-only memories (ROMs), random 

access memories (RAMs), EPROMs, EEPROMs, magnetic or optical cards, flash memory, or 

10 any type of media suitable for storing electronic instructions. 

[0080] The algorithms and displays presented herein are not inherently related to any 

particular computer or other apparatus. Various general-purpose systems can be used with 

programs in accordance with the teachings herein, or it may prove convenient to construct a 

more specialized apparatus to perform the method steps. The structure for a variety of these 

15 systems will appear from the description herein. In addition, embodiments of the present 

invention are not described with reference to any particular programming language. It will be 

appreciated that a variety of programming languages can be used to implement the teachings 

of the invention as described herein. 

[0081] It is to be understood that the above description is intended to be illustrative, and not 

20 restrictive. Many other embodiments will be apparent to those of skill in the art upon reading 

and understanding the above description. The scope of the invention should, therefore, be 

determined with reference to the appended claims, along with the full scope of equivalents to 

which such claims are entitled. 
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WHAT IS CLAIMED IS: 

1. A method comprising 

creating, by a processor, a first node: 

determining, by the processor, a first hyper-cube for the first node; 

determining, by the processor, whether a sample resides within the first hyper-

cube; and 

if the sample does not reside within the first hyper-cube, determining, by the 

processor, whether the sample resides within a first hyper-sphere, wherein the first hyper-

sphere has a radius equal to a diagonal of the first hyper-cube. 

2. The method of claim 1 further comprising determining a likely sample class based 

oil whether the sample resides within the first hyper-cube or the first hyper-sphere. 

3. The method of claim 2 further comprising: 

receiving a user-selection of an excursion; 

creating an excursion node for the excursion; 

determining an excursion hyper-cube for the excursion node; 

determining whether the sample resides within the excursion hyper-cube about an 

excursion node origin; 

if the sample does not reside within the excursion hyper-cube, determining 

whether the sample resides within an excursion hyper-sphere, wherein the excursion 

hyper-sphere has a radius equal to a diagonal of the excursion hyper-cube; and 

determining, by the processor, a likely sample class based on whether the sample 

resides within the excursion hyper-cube or the excursion hyper-sphere. 

4. The method of claim 3 further comprising recording an excursion label for the 

excursion. 

5. The method of claim 3 further comprising determining whether the sample 

belongs to the first node or the excursion node if the sample is within both the first hyper-

sphere and the excursion hyper-sphere. 
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6. The method of claim 2 further comprising determining a confidence estimation 

for the sample class. 

7. The method of claim 1, wherein creating a first node comprises: 

receiving input vector; 

receiving activation function; and 

determining an activation value of the at least one node. 

8. A system comprising: 

a memory; and 

a processing device coupled to the memory to: 

create a first node; 

determine a first hyper-cube for the first node; 

determine whether a sample resides within the first hyper-cube; and 

if the sample does not reside within the first hyper-cube, determine 

whether the sample resides within a first hyper-sphere, wherein the first hyper-

sphere has a radius equal to a diagonal of the first hyper-cube. 

9. The system of claim 8, wherein the processing device is further to determine a 

likely sample class based on whether the sample resides within the first hyper-cube or the 

first hyper-sphere. 

10. The system of claim 9, wherein the processing device is further to: 

receive a user-selection of an excursion; 

create an excursion node for the excursion; 

determine an excursion hyper-cube for the excursion node; 

determine whether the sample resides within the excursion hyper-cube about an 

excursion node origin; 
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if the sample does not reside within the excursion hyper-cube, determine whether 

the sample resides within an excursion hyper-sphere, wherein the excursion hyper-sphere 

has a radius equal to a diagonal of the excursion hyper-cube; and 

determine a likely sample class based on whether the sample resides within the 

excursion hyper-cube or the excursion hyper-sphere. 

11. The system of claim 10, wherein the processing device is further to record an 

excursion label for the excursion. 

12. The system of claim 10, wherein the processing device is further to determine 

whether the sample belongs to the first node or the excursion node if the sample is within 

both the first hyper-sphere and the excursion hyper-sphere. 

13. The system of claim 9, wherein the processing device is further to determine a 

confidence estimation for the sample class. 

14. The system of claim 8, wherein to create a first node, the processing device is to: 

receive input vector; 

receive activation function; and 

determine an activation value of the at least one node. 

15. A non-transitory computer-readable storage medium including instructions that, 

when executed by a computer system, cause the computer system to perform a set of 

operations comprising: 

creating a first node; 

determining a first hyper-cube for the first node; 

determining whether a sample resides within the first hyper-cube; and 

if the sample does not reside within the first hyper-cube, determining whether the 

sample resides within a first hyper-sphex*e, wherein the first hyper-sphere has a radius 

equal to a diagonal of the first hyper-cube. 
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16. The non-transitory computer-readable storage medium of claim 15, wherein the 

operations further comprise determining a likely sample class based on whether the 

sample resides within the first hyper-cube or the first hyper-sphere. 

17. The non-transitory computer-readable storage medium of claim 16, wherein the 

operations further comprise: 

receiving a user-selection of an excursion; 

creating an excursion node for the excursion; 

determining an excursion hyper-cube for the excursion node; 

determining whether the sample resides within the excursion hyper-cube about an 

excursion node origin; 

if the sample does not reside within the excursion hyper-cube, determining 

whether the sample resides within an excursion hyper-sphere, wherein the excursion 

hyper-sphere has a radius equal to a diagonal of the excursion hyper-cube; and 

determining a likely sample class based on whether the sample resides within the 

excursion hyper-cube or the excursion hyper-sphere, 

18. The non-transitory computer-readable storage medium of claim 17, wherein the 

operations further comprise recording an excursion label for the excursion. 

19. The non-transitory computer-readable storage medium of claim 17, wherein the 

operations further comprise determining whether the sample belongs to the '.first node or 

the excursion node if the sample is within both the first hyper-sphere and the excursion 

hyper-sphere. 

20. The non-transitory computer-readable storage medium of claim 15, wherein 

creating a first node comprises: 

receiving input vector; 

receiving activation function; and 

determining an activation value of the at least one node. 


