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ARTIFICIAL INTELLIGENCE DEVICE AND 
METHOD RESPONSIVE TO INFLUENCES 

OF MIND 

RELATED APPLICATIONS 

0001. This application is a divisional application, claim 
ing priority under 35 U.S.C 120 and 37 C.F.R. 1.53(b) of 
co-pending U.S. patent application Ser. No. 12/312,570, 
filed May 16, 2009, by Wilber, which is hereby incorporated 
by reference, and which is a national stage application under 
35 U.S.C. 371 of international patent application number 
PCT/US2007/024182, filed Nov. 19, 2007, which claims the 
benefit of U.S. Provisional Application Ser. No. 60/860,736, 
filed Nov. 22, 2006, and also claims the benefit of U.S. 
Provisional Application Ser. No. 60/922,852, filed Apr. 10, 
2007. 

TECHNICAL FIELD 

0002 The present invention relates to the field of infor 
mation detection and transfer, and more specifically to 
devices and methods responsive to an influence of mind. 

BACKGROUND ART 

0003. Devices for detecting direct mind-machine inter 
action (MMI) have been proposed and researched for many 
years. The most carefully controlled and best-explored 
experiments utilize some type of non-deterministic, or true, 
random number generator that produces a sequence of 
random numbers, usually in a binary form. The most com 
mon random number generators used are of the electronic 
type that produce a sequence of random binary bits. 
0004. In typical MMI experiments, a source of non 
deterministic random numbers (SNDRN) is operated in 
conjunction with a human operator who attempts to influ 
ence the statistical properties of the SNDRN's output 
sequence. The operator, or subject, is directed to intend 
mentally the number of ones produced in the random 
sequence to be either higher, lower, or equal to the statisti 
cally expected number. 
0005. The results of these experiments, compiled over 
thousands of experimental trials, show a small but persistent 
and Statistically significant effect. Amost notable example of 
a research program for detecting MMI is the program known 
as Princeton Engineering Anomalies Research (PEAR) that 
ran for 27 years at Princeton University. This work is 
described in detail in the book Margins of Reality, the Role 
of Mind in the Physical World, by Robert Jahn and Brenda 
Dunne, Harcourt Brace and Company, 1987. 
0006. The PEAR lab and numerous other facilities 
around the world have established, to a very high level of 
statistical significance, the existence of a link between the 
mental intention of an operator and results of measurements 
of SNDRN output. Demonstrating the reality of MMI is of 
great scientific interest. Nevertheless, the laboratory dem 
onstration did not immediately translate into useful devices 
or methods. Practical applications of MMI have not gener 
ally been achieved due to an absence of understanding of 
why or how the effect manifests, and because the experi 
mental devices and data processing methods used were not 
sensitive enough to the effect. 
0007 Journal articles by many authors have suggested a 
variety of potential uses of MMI. These suggestions are 
made without disclosing means for their implementation. 
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Apparatuses for experiments involving MMI have been 
complex and expensive. U.S. Pat. No. 5,830,064, issued 
Nov. 3, 1998, to Bradish et al, teaches a method and 
apparatus of generating values and detecting whether the 
values fall outside chance expectations. This patent involves 
converting some of the values according to a selection 
pattern in order to measure a collective statistical variance. 
0008 International Publication Number WO 2007/ 
014031, published 1 Feb. 2007, teaches devices and meth 
ods for responding to influences of mind, including abstrac 
tion of patterns in numbers reflective of influences of mind. 
0009. During the last several decades, computer-related 
techniques involving artificial neural networks (ANNs) and 
artificial intelligence have been developed for such applica 
tions as data analysis, cognitive research and problem 
solving. Conventional ANN and artificial intelligence tech 
niques are limited, however, because they are not responsive 
to an influence of mind. 

DISCLOSURE OF INVENTION 

0010. The present invention alleviates some of the limi 
tations mentioned above and improves the performance of 
MMI technology by providing devices, systems and meth 
ods for detecting and responding to an influence of mind by 
generating data that is correlated with intended or desired 
information, including hidden or non-inferable information, 
at high rates of speed and high accuracy. 
0011. Accordingly, objects and advantages of the present 
invention are: 

to provide mental influence detectors and methods of detect 
ing a mental influence to obtain useful information in an 
acceptable time period; to provide a mental influence detec 
tor device that is readily available at a low cost by making 
it accessible to individual users via the internet and by 
utilizing components available in the standard configuration 
of most personal computers; to provide a mental influence 
detector device that is hundreds of times more sensitive than 
previous devices; to bring embodiments of mental influence 
detectors and methods of using them into practical and 
common usage through greatly increased speed and reliabil 
ity. In particular, some embodiments in accordance with the 
invention disclosed herein include one or more of a phase 
sensitive filter, an artificial sensory neuron (ASN), an arti 
ficial neural network (ANN), an artificial consciousness 
network (ACN), an artificial intelligence device (AID), and 
their combinations. Further objects and advantages are to 
provide mental influence detectors and methods that are 
widely available for experimentation and demonstration of 
influences of mind, thereby enhancing understanding and 
accelerating development of this valuable and untapped 
technology. 
0012. A basic embodiment of an anomalous effect detec 
tor responsive to an influence of mind comprises: a source 
of non-deterministic random numbers operable to generate 
Source numbers; an abstracting processor operable to accept 
Source numbers and to produce abstracted numbers; a phase 
sensitive filter operable to accept abstracted numbers from 
the abstracting processor and to produce filter output num 
bers; and a results interface. In some embodiments, the 
Source of non-deterministic random numbers is operable to 
generate digital source numbers; the abstracting processor is 
operable to accept digital source numbers and to produce 
digital abstracted numbers; and the phase-sensitive filter is 
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operable to accept digital abstracted numbers from the 
abstracting processor and to produce quasi-continuous digi 
tal filter output numbers. 
0013 Another basic embodiment in accordance with the 
invention includes a source of non-deterministic random 
numbers operable to generate Source numbers; a phase 
sensitive filter operable to accept Source numbers and to 
produce filter output numbers; an abstracting processor 
operable to accept filter output numbers and to produce 
abstracted numbers; and a results interface. In some embodi 
ments, the source of non-deterministic random numbers is 
operable to generate digital source numbers; the phase 
sensitive filter is operable to accept digital Source numbers 
and to produce analog filter output numbers; and the 
abstracting processor is operable to accept analog filter 
output numbers and to produce analog abstracted numbers. 
In some embodiments, the abstracting processor comprises 
an artificial neural network. In some embodiments, the 
abstracting processor consists essentially of an artificial 
neural network. In some embodiments, the phase-sensitive 
filter comprises a complex filter, the complex filter being 
operable to produce real filter output numbers and imaginary 
filter output numbers. 
0014 Some embodiments comprise: a plurality of 
sources of non-deterministic random numbers (SNDRNs), 
each SNDRN operable to generate source numbers; a plu 
rality of phase-sensitive filters; an abstracting processor, and 
a results interface; wherein each of a plurality of the phase 
sensitive filters is operable to filter source numbers from one 
of the SNDRNs and to produce filter output numbers; and 
the abstracting processor is operable to receive filter output 
numbers from a plurality of the phase-sensitive filters and to 
produce abstracted numbers; and the results interface is 
operable to use the abstracted numbers. In some embodi 
ments, the abstracting processor comprises an artificial neu 
ral network. In some embodiments, the abstracting processor 
consists essentially of an artificial neural network. In some 
embodiments, the abstracting processor is operable to use a 
majority voting technique. In some embodiments, a phase 
sensitive filter comprises a complex filter, the complex filter 
being operable to produce real filter output numbers and 
imaginary filter output numbers. 
0015. An artificial sensory neuron in accordance with the 
invention comprises: a source of non-deterministic random 
numbers operable to generate Source numbers; and a filter 
selected from the group consisting of a phase-sensitive filter, 
a complex filter, and a low-pass filter. In some embodiments, 
the filter is operable to convert digital source numbers to 
analog source numbers. 
0016. An artificial sensory detector, ASD, responsive to 
an influence of mind, comprises: an artificial sensory neu 
ron, the artificial sensory neuron comprising an analog 
Source of non-deterministic random numbers, the artificial 
sensory neuron being operable to generate analog Source 
numbers; and an analog ANN processor, the analog ANN 
processor being operable to abstract analog Source numbers 
from the artificial sensory neuron to produce abstracted 
numbers indicative of an influence of mind. Some embodi 
ments further comprise a control unit, the control unit being 
operable to provide a control signal. Some embodiments 
further comprise a feedback unit, the feedback unit being 
operable to provide feedback to an operator. Some embodi 
ments comprise a plurality of ASNs. In some embodiments, 
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a local cluster of ASNs is contained in a roughly spherical 
Volume having a diameter in a range of about from 0.1 mm 
to 1.0 mm. 

0017. An artificial consciousness network, ACN, respon 
sive to an influence of mind, comprises: an artificial sensory 
neuron (ASN), the ASN comprising a source of non-deter 
ministic random numbers, the ASN being operable to gen 
erate source numbers; a sensory artificial neural network 
(sensory ANN), the sensory ANN being operable to process 
Source numbers from an artificial sensory neuron to produce 
abstracted numbers indicative of an influence of mind; and 
a meta-analyzer artificial neural network (meta-analyzer 
ANN) comprising an activation pattern meta-analyzer, the 
meta-analyzer ANN being operable to accept abstracted 
numbers from a sensory ANN and to respond to a number of 
specific influences of mind operating on the ACN. In some 
embodiments, the ASN further comprises a low-pass filter, 
the low-pass filter being operable to change digital source 
numbers to quasi-continuous digital source numbers. Some 
embodiments comprise a plurality of artificial sensory neu 
rons (ASNs), each ASN comprising a source of non-deter 
ministic random numbers, each artificial sensory neuron 
being operable to generate source numbers; a plurality of 
sensory ANNs, each sensory ANN being operable to process 
source numbers from an ASN to produce abstracted numbers 
indicative of an influence of mind, and a meta-analyzer ANN 
comprising an activation pattern meta-analyzer, the meta 
analyzer ANN being operable to accept abstracted numbers 
from a sensory ANN and to respond to a number of specific 
influences of mind operating on the ACN. In some embodi 
ments, a local cluster of ASNS is contained in a roughly 
spherical Volume having a diameter in a range of about from 
0.1 mm to 1.0 mm. In some embodiments, a sensory ANN 
is operable to accept abstracted numbers from another 
sensory ANN. 
0018. An artificial intelligence device (AID) responsive 
to an influence of mind comprises: a sensory input device, 
the sensory input device being operable to produce sensory 
signals; a cluster of a plurality of artificial consciousness 
networks (ACNs); and 
0019 an output device; wherein each ACN comprises: a 
sensory artificial neural network (sensory ANN), the sensory 
ANN being operable to accept ASN signals from the ASN 
and to produce sensory-ANN output numbers indicative of 
an influence of mind; and a meta-analyzer artificial neural 
network comprising an activation pattern meta-analyzer, the 
meta-analyzer ANN being operable to accept sensory-ANN 
output numbers from a sensory ANN and to produce an 
output responsive a number of states associated with con 
sciousness operating on or in the ACN. In some embodi 
ments, the SNDRN in the ASN is operable to generate 
digital source numbers; and the ASN comprises a low-pass 
filter operable to accept the digital source numbers and to 
produce quasi-continuous digital ASN signals. Some 
embodiments further comprise: a signal processor. Some 
embodiments further comprise: an information database and 
memory. Some embodiments comprise: a plurality of sen 
sory input devices; a plurality of sensory ANNs in the cluster 
of ACNs, each sensory ANN being operable to process ASN 
signals from an ASN to produce abstracted numbers indica 
tive of an influence of mind, and a plurality of meta-analyzer 
ANNs comprising an activation pattern meta-analyzer, a 
plurality of the meta-analyzer ANNs being operable to 
accept abstracted numbers from a plurality of sensory ANNs 
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and to respond to a number of states associated with con 
sciousness operating on or in the AID. In some embodi 
ments, a local cluster of ASNS is contained in a roughly 
spherical Volume having a diameter in a range of about from 
0.1 mm to 1.0 mm. In some embodiments, a sensory ANN 
in an ACN is operable to accept abstracted numbers from 
another sensory ANN in the ACN. 
0020. A basic method in accordance with the invention of 
responding to an influence of mind comprises: generating 
Source numbers using a source of non-deterministic random 
numbers (SNDRN); abstracting the source numbers using an 
abstracting processor to produce abstracted numbers; filter 
ing the abstracted numbers using a phase-sensitive filter to 
produce filter output numbers; and using the filter output 
numbers with a results interface. In some embodiments, 
generating source numbers from a SNDRN comprises gen 
erating digital source numbers; abstracting the source num 
bers to produce abstracted numbers comprises producing 
digital abstracted numbers; and filtering the abstracted num 
bers comprises filtering digital abstracted numbers and pro 
ducing quasi-continuous digital filter output numbers. Some 
embodiments comprise: generating source numbers using a 
source of non-deterministic random numbers (SNDRN); 
filtering the Source numbers using a phase-sensitive filter to 
produce filter output numbers; abstracting the filter output 
numbers using an abstracting processor to produce 
abstracted numbers; and using the filter output numbers with 
a results interface. In some embodiments, generating Source 
numbers from a SNDRN comprises generating digital 
Source numbers; filtering the source numbers comprises 
filtering digital source numbers and producing quasi-con 
tinuous digital filter output numbers; and abstracting the 
filter output numbers to produce abstracted numbers com 
prises abstracting quasi-continuous digital filter output num 
bers and producing quasi-continuous digital abstracted num 
bers. In some embodiments, abstracting quasi-continuous 
digital filter output numbers comprises feeding the quasi 
continuous digital filter output numbers to an artificial neural 
network (ANN). In some embodiments, the phase-sensitive 
filter comprises a complex filter. 
0021. Another basic method of detecting an anomalous 
effect associated with an influence of mind, comprises: 
generating a plurality of streams of Source numbers from a 
plurality of sources of non-deterministic random numbers 
(SNDRNs); producing a plurality of streams of filter output 
numbers by filtering separately a plurality of the streams of 
Source numbers using a phase-sensitive filter for each 
stream; producing abstracted numbers indicative of an influ 
ence of mind by feeding the plurality of streams of filter 
output numbers to an abstracting processor, and using the 
filter output with a results interface. In some embodiments, 
the abstracting processor comprises an artificial neural net 
work (ANN). Some embodiments comprise: providing an 
artificial sensory neuron (ASN) containing an analog Source 
of non-deterministic random numbers (SNDRN); generating 
a stream of analog source numbers using the ASN, and 
abstracting the stream of analog source numbers using an 
analog artificial neuron network (ANN) to produce 
abstracted output numbers. Some embodiments further com 
prise providing a plurality of ASN containing an analog 
SNDRN. Some embodiments comprise providing a local 
cluster of ASNs contained in a roughly spherical volume 
having a diameter in a range of about from 0.1 mm to 1.0 

. 
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0022. A method in accordance with the invention of 
responding to an influence of mind using an artificial con 
sciousness network, ACN comprises: providing an artificial 
sensory neuron (ASN) containing a source of non-determin 
istic random numbers (SNDRN); generating a stream of 
Source numbers using the ASN, producing abstracted num 
bers indicative of an influence of mind by using a sensory 
artificial neural network (sensory ANN) to process the 
Source numbers from the ASN, and producing an output 
indicative of a number of specific influences of mind oper 
ating on the ACN by feeding the abstracted numbers from 
the sensory ANN to a meta-analyzer artificial neural network 
(meta-analyzer ANN) comprising an activation pattern 
meta-analyzer. Some embodiments further comprise: before 
using the sensory ANN, filtering the source numbers to 
change digital source numbers to quasi-continuous digital 
Source numbers using a low-pass filter. Some embodiments 
comprise: providing a plurality of artificial sensory neurons 
(ASNs), each ASN containing a source of non-deterministic 
random numbers (SNDRN); generating a stream of source 
numbers from a plurality of the ASNs: producing abstracted 
numbers indicative of an influence of mind by feeding a 
stream of source numbers from each of a plurality of the 
ASNs to one of a plurality of sensory ANNs; and producing 
an output indicative of a number of specific influences of 
mind operating on the ACN by feeding the abstracted 
numbers from the sensory ANN to a meta-analyzer artificial 
neural network (meta-analyzer ANN) comprising an activa 
tion pattern meta-analyzer. 
0023. A basic embodiment of a method of responding to 
an influence of mind using an artificial intelligence device 
comprises: producing sensory signals using a sensory input 
device; feeding the sensory signals to an artificial neural 
network (ANN) in an artificial consciousness network 
(ACN) of a cluster of a plurality of artificial consciousness 
networks (cluster of ACNs); abstracting the ASN signals 
using the cluster of ACNs to produce a cluster output 
indicative of an influence of mind; and sending the cluster 
output to an output device; wherein an ACN in the cluster of 
ACNs comprises: a sensory artificial neural network (sen 
sory ANN), the sensory ANN being operable to process ASN 
signals to produce abstracted numbers indicative of an 
influence of mind; and a meta-analyzer artificial neural 
network (meta-analyzer ANN) comprising an activation 
pattern meta-analyzer, the meta-analyzer ANN being oper 
able to accept abstracted numbers from a sensory ANN and 
to respond to a number of states associated with conscious 
ness operating on or in the ACN. Some embodiments further 
comprise exchanging numbers between the ACN cluster and 
a signal processor. Some embodiments further comprise 
exchanging numbers between the ACN cluster and an infor 
mation database and memory. Some embodiments comprise 
producing a plurality of streams of sensory signals using a 
plurality of sensory input devices; and feeding the stream of 
sensory signals to a plurality of ANNs of at least one ACN 
in the cluster of ACNs. 

0024. Other features, characteristics and advantages of 
embodiments in accordance with the invention will become 
apparent from consideration of the description and drawings 
below. 
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BRIEF DESCRIPTION OF DRAWINGS 

0025. A more complete understanding of the invention 
may be obtained by reference to the drawings, in which: 
0026 FIG. 1 contains a block diagram representing a 
general embodiment of an anomalous effect detector con 
taining a phase-sensitive filter in accordance with the inven 
tion; 
0027 FIG. 2 contains a block diagram representing a 
preferred general embodiment of an anomalous effect detec 
tor containing a phase-sensitive filter in accordance with the 
invention; 
0028 FIG. 3 contains a block diagram representing a 
general embodiment of a phase-sensitive filter in accordance 
with the invention; 
0029 FIG. 4 contains a block diagram representing a 
general embodiment of a processor in accordance with the 
invention that is operable to accept filter output data, to 
process the filter output data, and to generate processor 
output; 
0030 FIG. 5 contains a block diagram representing a 
general embodiment of an anomalous effect detector in 
accordance with the invention having a plurality of Sources 
of non-deterministic random numbers (SNDRNs) and a 
plurality of filters in accordance with the invention; 
0031 FIG. 6 contains a block diagram illustrating a 
general embodiment of a multi-stream source of non-deter 
ministic random numbers (SNDRN) in accordance with the 
present invention; 
0032 FIG. 7 contains a block diagram of a self-seeding 
randomness corrector that is operable with a non-determin 
istic random number source in accordance with the inven 
tion; 
0033 FIG. 8 depicts schematically an Exclusive-OR 
(XOR) logic gate that is operable in accordance with the 
invention; 
0034 FIG.9 depicts schematically a parity generator that 

is operable in accordance with the invention; 
0035 FIG. 10 contains a block diagram of another self 
seeding randomness corrector Suitable for use with a non 
deterministic random number source in accordance with the 
invention; 
0036 FIG. 11 contains a block diagram of another self 
seeding randomness corrector Suitable for use with a non 
deterministic random number source in accordance with the 
invention; 
0037 FIG. 12 shows a simplified diagram of a summed 
multisource random number source in accordance with the 
invention having a plurality of independent noise sources of 
entropy coupled at a Summing point; 
0038 FIG. 13 depicts schematically a simple ring oscil 
lator source of non-deterministic random numbers (SN 
DRN) in accordance with the invention; 
0039 FIG. 14 shows an enhanced ring oscillator SNDRN 
in accordance with the invention; 
0040 FIG. 15 depicts schematically a non-deterministic 
random number source system in accordance with the inven 
tion comprising a plurality of independent ring oscillator 
SNDRNs: 
0041 FIG. 16 depicts the simple circuit diagram of the 
equivalent analog filter of a simple one-pole infinite impulse 
response (IIR) digital low-pass filter; 
0042 FIG. 17 depicts schematically one type of source of 
non-deterministic randomness (quantum randomness) com 
prising an analog or continuous source; 
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0043 FIG. 18 depicts schematically a type of source of 
non-deterministic randomness (quantum randomness) com 
prising a binary source: 
0044 FIG. 19 depicts schematically one type of source of 
non-deterministic randomness (quantum randomness) com 
prising a digitized random signal; 
0045 FIG. 20 contains a graph in which comparator 
output is plotted as a function of analog signal over time; 
0046 FIG. 21 presents graphically the output of an 
artificial sensory neuron (ASN) in the form of an envelope 
or curve fit that approximates the short-term average fre 
quency of pulses; 
0047 FIG. 22 depicts schematically an artificial sensory 
detector in accordance with the invention comprising a 
plurality of artificial sensory neurons, an analog ANN, and 
a control/feedback unit; 
0048 FIG. 23 depicts schematically an artificial sensory 
neuron (ASN) in accordance with the invention having a 
SNDRN and a filter; 
0049 FIG. 24 depicts schematically an artificial sensory 
neuron (ASN) having a SNDRN, an abstracting processor, 
and a filter; 
0050 FIG. 25 depicts schematically a generalized 
anomalous effect detector in accordance with the invention 
having a plurality of SNDRNs operable to generate a stream 
of source numbers in the form of binary bits (or alterna 
tively, digital words); 
0051 FIG. 26 depicts schematically the principal ele 
ments and functional processing steps in a preferred embodi 
ment of an anomalous effect detector in accordance with the 
invention that is operable to process and to abstract raw data 
from SNDRNS: 
0052 FIG. 27 depicts the calculation of seven factors 
F1-F7 in a factoring module from the dot product of the 
eigenmatrix and the eigenvector, 
0053 FIG. 28 contains a graph of the empirical cumula 
tive distribution function (CDF) of unaltered ANN output; 
0054 FIG. 29 contains a graph of the CDF of the same 
data as in the graph of FIG. 28 after normalization; 
0055 FIG. 30 contains a graph showing the CDF after 
applying a Z-to-p conversion; 
0056 FIG. 31 contains a graph showing the result of 
linearizing the data of FIG. 30 by curve-fitting: 
0057 FIG. 32 depicts schematically an exemplary gen 
eralized artificial consciousness network (ACN) in accor 
dance with the invention; 
0.058 FIG. 33 depicts schematically an exemplary arti 
ficial intelligence device (AID) in accordance with the 
invention. 

MODES FOR CARRYING OUT THE 
INVENTION 

0059. The invention is described herein with reference to 
FIGS. 1-33. It should be understood that these figures, 
depicting elements, systems and processes of embodiments 
in accordance with the invention, are not meant to be actual 
views or diagrams of any particular portion of an actual 
equipment component, apparatus or process. The figures 
instead show idealized representations that are employed to 
explain more clearly and fully the structures, systems and 
methods of the invention than would otherwise be possible. 
Also, the figures represent only one of innumerable varia 
tions of structures and systems that could be made or 
adapted to use a method in accordance with the invention. 
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Devices and methods are described with numerous specific 
details, such as components, oscillator frequencies and 
mathematical techniques, in order to provide a thorough 
understanding of the present invention. It will be obvious to 
one skilled in the art that these specific details are not 
required to practice the present invention. It is clear that 
embodiments in accordance with the invention can be prac 
ticed using structures, devices and processes different from 
those of FIGS. 1-33. The preferred embodiments described 
herein are exemplary and are not intended to limit the scope 
of the invention, which is defined in the claims below. 
0060 For the sake of clarity, in some of the figures below, 
the same reference numeral is used to designate structures 
and components that are the same or are similar in the 
various embodiments described. 

0061 The term “digital number is used broadly to 
include all forms of digital numbers, including binary bits 
and digital words. Embodiments in accordance with the 
invention are described herein frequently with reference to 
digital numbers, for example, binary bits. It is understood, 
however, that Some embodiments in accordance with the 
invention also include the generation and processing of 
analog numbers instead of or in addition to the generation 
and processing of digital numbers. The singular and plural 
forms of the word “number are used broadly and some 
times used interchangeably in this specification. For 
example, the term “non-deterministic random numbers' 
may indicate an analog signal in some embodiments, as well 
as a sequence or subsequence of binary bits or other digital 
numbers in other embodiments. The term “number” in this 
specification is used broadly to include, among other com 
mon meanings in the field: a signal, a binary bit, a word, a 
pulse rate, and a pulse rate interval. 
0062. The terms “non-deterministic”, “non-deterministic 
bits', “true random number”, “true random bits” and related 
terms are used in this specification interchangeably to des 
ignate a quality of true randomness of a number or bit of 
information, which means that the number or bit cannot be 
calculated or determined with certainty in advance. Non 
deterministic random numbers can be thought to be arbi 
trary, unknowable, and unpredictable. For the sake of brev 
ity, the abbreviated terms “random number and “random 
numbers' are sometimes used in this specification synony 
mously with the terms denoting non-deterministic numbers, 
such as “non-deterministic random number” and “true ran 
dom numbers’. In this specification, the term “entropy” 
generally refers to a measure of the disorder or randomness 
of a system or object. A sequence of non-deterministic 
random bits uninfluenced by mind has an entropy approach 
ing 1.0 bit of entropy per bit. 
0063. The terms “source of non-deterministic random 
numbers”, “SNDRN”, “source of NDRN”, “non-determin 
istic random number source' and related terms are used 
synonymously in this specification to refer to a device that 
is operable to generate and to provide non-deterministic 
random numbers in accordance with the invention. A source 
of non-deterministic random numbers in accordance with 
the invention is sometimes referred to in the art as a 
non-deterministic random number generator or a true ran 
dom number generator. A SNDRN in accordance with the 
invention generally includes a source of entropy, such as a 
noise diode, a Zener diode, a photodiode, an avalanche 
diode, a semiconductor junction, a resistor and a radiation 
detector. 
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0064. The term “pseudorandom” and related terms in this 
specification means deterministic or algorithmically gener 
ated. It is known that some numbers are able to pass some 
or all known mathematical tests for randomness, but still be 
deterministic, that is, calculable or knowable in advance. 
0065. The term “quasi-random' and related terms in this 
specification refers to a number that includes both true 
random (i.e., non-deterministic) components and algorith 
mically generated (i.e., deterministic) components. 
0066. The term “mind” (and the associated adjective 
“mental) in this specification is used in a broad sense. The 
term “mind' includes a commonly accepted meaning of 
human consciousness that originates in the brain and is 
manifested especially in thought, perception, emotion, will, 
memory, and imagination. The term “mind further includes 
the collective conscious and unconscious processes in a 
sentient organism that direct and influence mental and 
physical behavior. Embodiments in accordance with the 
invention are described herein usually with reference to a 
human operator and a human mind. It is understood, how 
ever, that embodiments in accordance with the invention are 
also operable to respond to an influence of the minds of other 
sentient organisms in addition to humans. Also, embodi 
ments in accordance with the invention are described herein 
usually with reference to a conscious human mind in a state 
of awareness. It is understood, however, that embodiments 
in accordance with the invention are operable to respond to 
an influence of a mind not in a state of conscious awareness. 
Although the mind of a sentient organism generally is 
associated with functions of the brain, the term “mind' in 
this specification is not necessarily limited to functions of 
the brain, nor is the term “mind' in this specification 
necessarily related to functions of the brain. 
0067. The term “anomalous effect” and related terms in 
this specification include influences of mind that are not 
mediated by classical energies or forces. In one sense, the 
terms refer to the effects of mind on number sources and on 
physically measurable properties. Traditionally, concepts 
associated with anomalous effects have been used to explain 
such phenomena as ESP, Psi, Psychic Phenomena, Remote 
Viewing, Telepathy, Clairvoyance, Clairaudience, Psycho 
kinesis, Precognition, Mental Powers, among others. 
0068. The terms "quantum mechanics”, “quantum 
mechanical and related terms in this specification refer to a 
fundamental branch of theoretical physics that complements 
Newtonian mechanics and classical electromagnetism, and 
often replaces Newtonian mechanics and classical electro 
magnetism at the atomic and Subatomic levels. Quantum 
mechanics is the underlying framework of many fields of 
physics and chemistry, including condensed matter physics, 
quantum chemistry, and particle physics along with general 
relativity. It is one of the pillars of modern physics. Quantum 
mechanics is a more fundamental theory than Newtonian 
mechanics and classical electromagnetism, in the sense that 
it provides accurate and precise descriptions for many 
phenomena "classical theories simply cannot explain. 
0069. The terms “quantum superposition'. Superposition 
and related terms in this specification refer to a phenomenon 
of quantum mechanics that occurs when an object simulta 
neously “possesses' two or more values (or states) of an 
observable quantity. It is postulated that when the observable 
quantity is measured, the values will randomly collapse to 
one of the Superposed values according to a quantum 
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probability formula. The concept of choice (e.g., free will) 
in a sentient being presupposes the Superposition of possi 
bilities. 
0070 The terms “quantum entanglement, entanglement 
and related terms in this specification refer to a quantum 
mechanical phenomenon in which the quantum states of two 
or more objects (including photons and other forms of 
energy) have to be described with reference to each other, 
even though the individual objects may be spatially sepa 
rated. Quantum entanglement is the basis for emerging 
technologies, such as quantum computing. Entanglement 
can be across time or space. 
0071. The term "quantum computer generally refers to 
any device for computation that makes direct use of distinc 
tively quantum mechanical phenomena, such as Superposi 
tion and entanglement, to perform operations on data. In this 
specification, the term "quantum computer and related 
terms refer to a device that is operable to respond to an 
influence of the mind of a sentient organism (usually a 
human operator) on quantum mechanical wavefunctions. In 
this specification, the terms “bit”, “bits” and related terms 
are used broadly to include both classical (or conventional) 
bits of information and quantum mechanical bits, or qubits. 
0072 A qubit is a basic unit of quantum information 
contained within a physical entity that embodies a Superpo 
sition of two states. A measurement of the qubits state 
collapses the Superposition randomly to a determined bit 
with a value of 1 or 0. Certain influences can cause the 
probability of the collapsed bit being 1 to be different than 
50%. This includes an influence of mind. 

0073. An influence of mind can also produce an implicit 
entanglement between the wavefunction of a qubit and a test 
number or non-inferable information. Such an influence of 
mind increases the probability that the measured state of the 
qubit will be related to a test number or non-inferable 
information. 

0.074 Non-inferable information is information that is 
either hidden or cannot be inferred from presently available 
information. 

0075. A plurality of qubits can be entangled to produce an 
exponentially increased number of Superposed States. All the 
qubits and their Superposed States are collectively Subject to 
an influence of mind so that when a measurement is made, 
there is an enhanced probability that the measured state of 
the qubits is related to a test number or non-inferable 
information. 
0076 A plurality of qubits can be implicitly entangled 
with each other and with one or more test numbers or 
non-inferable information. The resultant measurements of 
these qubits states can be processed by various converters 
such as a cross-correlation converter followed by a bias 
amplifier, and combined to greatly enhance the probability 
of a correct relationship in the processed output to the test 
numbers or non-inferable information. 
0077 Implicit entanglement greatly simplifies the con 
struction of the assembly of qubits. Usually, the requirement 
of quantum coherence between the qubits is met by 
extremely rigorous control of physical structure and envi 
ronment of the quantum circuit that embodies the qubits. 
Implicit entanglement caused by an influence of mind can 
partially entangle physical Sources of entropy, which only 
contain a component of quantum mechanical Superposition. 
The entanglement can span both distance and temporal 
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displacement, and exist under conditions that would nor 
mally destroy any useful quantum coherence. 
0078. A programming input can be used to alter the 
wavefunction of one or more qubits. The signal Supplied to 
the programming input can be derived from the measured 
states of other qubits or from a conditional processed signal. 
A conditional, or non-final, signal is produced from a 
previous one or more measurements and processing. This 
provides a means of enhancing both the accuracy and speed 
of providing a final processed output representative of an 
influence of mind. 
007.9 The term “general computer in this specification is 
used broadly to refer to a conventional computer, which 
typically has an input device (e.g., a keyboard), a central 
processing unit (CPU), memory, and a results interface (e.g., 
screen, printer). Examples include conventional desktop, 
laptop and some handheld devices. 
0080. A filter in accordance with the invention is embod 
ied in hardware or software or in a combination of hardware 
and software. In some embodiments, a filter in accordance 
with the invention is a phase-sensitive filter, as known in the 
art electronics arts, particularly in the art of signal process 
ing. Generally, a phase-sensitive filter in accordance with the 
invention is phase-sensitive at a particular frequency band 
width or at a multiplicity of frequency band widths, such as 
in a fast Fourier transform (FFT). In some embodiments, a 
filter generates a single output. In some embodiments, a 
filter in accordance with the invention is a complex filter; 
that is, it generates both a real output and an imaginary 
output. Generally, the real and imaginary outputs of a 
complex filter represent the cosine and sine (O and 90 
degree) phases, respectively. 
I0081. In some exemplary embodiments, input data of one 
or more sequences of binary non-deterministic random 
number are filtered by one or more phase-sensitive filters. In 
Some exemplary embodiments, input data of one or more 
sequences of binary non-deterministic random number are 
filtered by one or more low-pass filters. In some exemplary 
embodiments, input data of one or more sequences of analog 
non-deterministic random are filtered by phase-sensitive 
filters or low-pass filters. 
I0082 In an exemplary embodiment, a filter processes 
signals in Synchrony with the phase of an analog signal. 
Accordingly, the filter output is analog; that is, the output 
Smoothly changes. Phase sensitivity is important. 
I0083 Generally, a filter in accordance with the invention 
filters a signal at a specific phase and frequency (band) or at 
a plurality of specific phases and frequencies, and deter 
mines the amplitude at the selected frequencies and phases. 
Without being bound to a particular theory, it has been 
observed that a correlation exists between influences of 
mind and the amplitudes determined by a filter in accor 
dance with the invention. 
0084. A real and an imaginary phase are orthogonal, that 
is, they differ by 90°. As a result, they are statistically 
independent. In some embodiments, the analog output of a 
complex filter is considered to have analog output in two 
orthogonal planes (e.g., in the X and y planes). Thus, an 
anomalous effect detector having a complex filter in accor 
dance with the invention is operable to place an output data 
point in a two-dimensional (2-D) plane. 
I0085. Another example of a phase-sensitive filter is a 
discrete Fourier transform (DFT), which is operable on a 
block of input data to produce an average output of both real 
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and imaginary parts. Alternately, in some embodiments, the 
output of a discrete Fourier transform is represented by a 
phase and amplitude. Another exemplary filter comprises a 
fast Fourier transform (FFT), which is operable to transform 
a block of input data into a multiplicity of real and imaginary 
outputs covering a spectrum of frequencies. Both a DFT and 
a FFT filter inherently produce an averaged or effectively 
low-pass filtered output. 
I0086. With respect to the output of a phase-sensitive filter 
and of a low-pass filter and to the processing of filter output, 
the term “analog and related terms is used broadly to 
include quasi-continuous, effectively analog properties. 
0087. It is believed that in some embodiments an influ 
ence of mind causes input data (e.g., non-deterministic 
random numbers) to become synchronized with one or more 
phases of a synchronous filter, allowing the output of the 
filter to indicate the presence of Such an influence. In an 
exemplary single-phase filter, deviations of measured ampli 
tude from a Gaussian distribution indicate an influence of 
mind. 
0088. In some embodiments, one or more sources of 
randomness are single channel; that is, each Source generates 
a sequence (or stream) of non-deterministic random num 
bers. In some embodiments, one or more sources of ran 
domness are multi-channel; that is, each Source generates a 
plurality of sequences (or streams) of non-deterministic 
random numbers. In a working example, a binary signal was 
low-pass filtered. In Such a system, one filter produces one 
stream, and seven filters (for example) produce a total of 
Seven StreamS. 

0089. In some embodiments, factor analysis is used to 
reduce numerous filter-output streams into fewer streams. 
For example, in Some embodiments, three-dimensional 
(3-D) output is reduced to 2-D output on a screen. Reducing 
the number of streams is sometimes referred to as “abstract 
ing”. An example of abstracting information to fewer chan 
nels is reducing seven streams to one stream in both the X 
and y directions. 
0090 Some embodiments are operable to produce 
audible tones when a filter is operated at high frequency, and 
many individual or bands of frequencies are combined. 
Thus, some embodiments are operable to generate an Elec 
tronic Voice Phenomenon (EVP) as a result of mental effect. 
0091. Descriptions in this specification of embodiments 
in accordance with the invention often refer to processing of 
numbers generated by one or more sources of non-deter 
ministic numbers. In accordance with the invention, an 
influence of mind on non-deterministic numbers changes 
their properties so that they are no longer completely non 
deterministic. Although references are sometimes made in 
the specification to such mind-influenced numbers using 
terms such as “non-deterministic numbers', the actual 
meaning of these terms is clear from the context of these 
references. 
0092. The terms “to abstract”, “abstracting”, “abstrac 
tion' and related terms as used in this specification generally 
refer to a process or processes that reduce the total amount 
of incoming data while Substantially preserving the infor 
mation originally contained in the data. As used in this 
context, the term “information' generally means a pattern in 
a sequence of numbers resulting from an influence of mind. 
In the art of signal processing, abstracting is commonly 
described as increasing the signal to noise ratio. In statistics, 
majority Voting is a well-known abstraction technique. Inter 
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national Publication Number WO 2007/014031, published 1 
Feb. 2007, teaches devices and methods for abstracting data 
to detect an influence of mind. For example, International 
Publication Number WO 2007/014031 teaches converters 
selected from a group including: a bias amplifier, an auto 
correlation converter, a cross-correlation converter, a runs 
converter, a transitions converter, a mutual bias converter 
and a pattern correlation converter. A bias amplifier typically 
is operable to amplify bias of an input of numbers. In some 
embodiments, a bias amplifier is operable to perform a 
bounded random walk. In some embodiments, a bias ampli 
fier is operable to perform a truth table bias function. In 
some embodiments, an artificial neural network (ANN) or a 
plurality of ANNs functions to abstract data in accordance 
with the invention. 

0093 FIG. 1 contains a block diagram representing a 
general embodiment of an anomalous effect detector 100 in 
accordance with the invention. Anomalous effect detector 
100 includes a source of non-deterministic random numbers 
104. An exemplary source of non-deterministic random 
numbers comprises an independent oscillator random num 
ber source. U.S. Pat. No. 6,862,605, issued Mar. 1, 2005, to 
Wilber, which is hereby incorporated by reference as if fully 
contained herein, teaches an independent oscillator device 
and a method of generating non-deterministic random num 
bers. U.S. Pat. No. 6,324,558, issued Nov. 27, 2001, to 
Wilber, which is hereby incorporated by reference, teaches 
a true (non-deterministic) random number generator circuit 
connected to a general-purpose computer. The circuit 
includes a flat source of white noise, and the circuit is 
powered by the computer. Examples of non-deterministic 
random number generators (i.e., non-deterministic random 
number sources) are described in detail below. In embodi 
ments of anomalous effect detector 100, source 104 of 
non-deterministic random numbers generally includes a 
non-deterministic random noise (entropy) source (not 
shown). A wide range of entropy sources are Suitable to 
provide non-deterministic numbers in a source of non 
deterministic random numbers in accordance with the inven 
tion. Examples include components exhibiting thermal noise 
and shot noise. Examples of shot noise Sources include 
Sources of electronic noise and photonic noise. 
0094 Source of non-deterministic random numbers (SN 
DRN) 104 is operable to generate non-deterministic random 
numbers 105. Preferably, but not necessarily, SNDRN104 
includes a randomness corrector, as described below and in 
International Publication Number WO 2007/014031, pub 
lished 1 Feb. 2007. In some embodiments of an anomalous 
effect detector, the source of non-deterministic random 
numbers is operable to generate non-deterministic random 
binary bits. In some embodiments, source 104 is operable to 
generate an analog non-deterministic random signal. In 
Some embodiments, source 104 is operable to generate 
non-deterministic random numbers having a bias less than 
10 parts per million (ppm) and an autocorrelation less than 
10 ppm for any order of autocorrelation. In some embodi 
ments, source 104 is operable to generate non-deterministic 
random numbers having a bias less than 1 ppm and an 
autocorrelation less than 1 ppm for any order. In some 
embodiments, source 104 of non-deterministic random num 
bers is located in an integrated circuit. In some embodi 
ments, Source 104 of non-deterministic random numbers 
comprises an independent ring oscillator. In some embodi 
ments, Source 104 of non-deterministic random numbers 
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comprises a single electron transistor random source. In 
Some embodiments, source 104 of non-deterministic random 
numbers comprises a summed multisource SNDRN. An 
analog SNDRN in accordance with the invention typically is 
considered to cover a spectrum of frequencies and phases 
over a broad range of frequencies; in other words, the 
amplitudes at any frequency and phase are normally distrib 
uted. A phase-sensitive filter picks out a small band of 
frequencies at a particular phase, or a set of frequencies at 
particular phases. Without being bound to a particular 
theory, it is believed that mind, conscious or unconscious, 
causes the Source to produce a signal that is synchronous, or 
aligned, to the phase frequency of the filter, resulting in a 
larger or Smaller (i.e., not non-deterministic) output ampli 
tude than in a normal distribution. 

0095. As depicted in FIG. 1, anomalous effect detector 
100 preferably includes an abstracting processor 106. In 
Some embodiments, abstracting processor 106 is a converter 
that utilizes truth table functions to abstract source numbers 
105. In some embodiments, SNDRN 104 generates binary 
source numbers so that abstracting processor 106 is able to 
perform binary abstracting transformations of Source num 
bers 105. 

0096. As depicted in FIG. 1, anomalous effect detector 
100 further includes a phase-sensitive filter 108. Filter 108 
is operable to filter abstracted numbers 107 from the output 
of abstracting processor 106 and produce quasi-continuous 
digital filter-output numbers 109. Results interface 110 is 
operable to accept filter output 109 from filter 108. An 
example of a results interface 110 includes: a computer 
monitor, a computer speaker, a sound transducer, an LED 
display, a cellphone screen, a cellphone speaker, a mechani 
cal transducer and a physiological stimulator. In some 
embodiments (not shown), a phase-sensitive filter 108 is 
sufficiently operable to abstract source numbers 105 so that 
an abstracting processor 106 is not necessary. 
0097 FIG. 2 contains a block diagram representing 
another general embodiment of an anomalous effect detector 
in accordance with the invention. Anomalous effect detector 
130 includes a source 134 of non-deterministic random 
numbers. SNDRN 134 is operable to generate non-deter 
ministic random numbers 136. An exemplary source of 
non-deterministic random numbers comprises an indepen 
dent-oscillator SNDRN. Generally, SNDRN 134 includes a 
source (not shown) of entropy. Preferably, SNDRN 134 also 
includes a randomness corrector (not shown) that is operable 
to accept random numbers (or a random signal) from an 
entropy source and to reduce one or more statistical defects 
in the random numbers, thereby reducing statistical defects 
in non-deterministic random numbers 136. Randomness 
correctors and correcting randomness are described in more 
detail below. In some embodiments, SNDRN 134 is oper 
able to generate an analog non-deterministic random signal. 
In some embodiments, source 134 is operable to generate 
non-deterministic random binary bits. In some embodi 
ments, a randomness corrector is operable to reduce bias in 
non-deterministic random numbers 136 to less than 10 ppm 
and to reduce autocorrelation of any order in non-determin 
istic random numbers 136 to less than 10 ppm. In some 
embodiments, a randomness corrector is operable to reduce 
bias in the non-deterministic random numbers 136 to less 
than 1 ppm and to reduce autocorrelation of any order in 
non-deterministic random numbers 136 to less than 1 ppm. 
In some embodiments, a randomness corrector comprises a 
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linear feedback shift register randomness corrector. In some 
embodiments, a randomness corrector comprises a random 
ness corrector operable to perform a function selected from 
the group consisting of performing an XOR function on 
(XORing) output numbers from the SNDRN with the output 
of a pseudorandom number generator, XORing output num 
bers from the SNDRN with the output of an independent 
non-deterministic random number source; and XORing a 
number of consecutive output numbers of the SNDRN. 
0098. As depicted in FIG. 2, anomalous effect detector 
130 also includes a phase-sensitive filter 140. Filter 140 is 
operable to accept input data comprising source numbers 
136 from SNDRN 134. Anomalous effect detector 130 
further includes abstracting processor 150. Abstracting pro 
cessor 150 is operable to accept quasi-continuous digital 
filter output 142 from filter 140 and to generate abstracted 
processor output 152. An example of an abstracting proces 
sor is a combiner (e.g., a majority Voting processor). An 
example of an abstracting processor is an artificial neural 
network (ANN). As depicted in FIG. 4, in some embodi 
ments, a processor has two outputs. Anomalous effect detec 
tor 150 further includes a results interface 160, which is 
operable to accept abstracted output 152 from abstracting 
processor 150. An example of a results interface 160 
includes: a computer monitor, a computer speaker, a Sound 
transducer, an LED display, a cellphone screen, a cellphone 
speaker, a mechanical transducer and a physiological stimu 
lator. 

I0099 FIG. 3 contains a block diagram representing an 
exemplary embodiment of a phase-sensitive filter 170 in 
accordance with the invention. As depicted in FIG. 3, filter 
170 comprises a time base generator 172. Time base gen 
erator 172 is operable to generate square-wave output 174 
and square-wave 176, which is shifted 90° from square 
wave 174. Filter 170 further comprises synchronous filter 
180. Synchronous filter 180 is operable to accept input data 
181 (e.g., source numbers from SNDRN 134). Synchronous 
filter 180 generates real data 182 and imaginary data 184, 
which is shifted 90° from the phase of real data 182. Filter 
170 further comprises real low-pass filter 192 and imaginary 
low-pass filter 192. Real low-pass filter 192 is operable to 
accept real data 182 as input and to generate real filter output 
195. Imaginary low-pass filter 194 is operable to accept 
imaginary data 184 as input and to generate imaginary filter 
output 196. An abstracting processor 150 serves to process 
real filter output 195 and imaginary filter output 196. When 
data input is binary, a low-pass filter functions to change 
binary input to a effectively analog output. 
0100 FIG. 4 contains a block diagram 200 representing 
a general embodiment of an abstracting processor 210 in 
accordance with the invention that is operable to accept filter 
output data, to process the filter output data, and to generate 
abstracted output. In some embodiments, processor 210 
includes an artificial neural network (ANN). Artificial neural 
networks are well-known in the field of signal processing. In 
some embodiments, processor 210 processes real filter out 
put to generate X-position mechanical control 212 in a 2-D 
system 220, and processor 210 also processes imaginary 
filter output to generate y-position mechanical control 214 in 
2-D system 220. 
0101 FIG. 5 contains a block diagram representing a 
general embodiment of an anomalous effect detector 300 in 
accordance with the invention having a plurality of non 
deterministic random number sources and filters in accor 
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dance with the invention. Anomalous effect detector 300 
includes a plurality of sources 310 of non-deterministic 
numbers (SNDRNs). Each of SNDRNs 310 is operable to 
generate a stream 312 of non-deterministic random num 
bers. In some embodiments, each of SNDRN310 is operable 
to generate a binary sequence of non-deterministic random 
numbers. In some embodiments, each of SNDRNs 310 is 
operable to generate an analog stream of non-deterministic 
random numbers. Anomalous effect detector 300 further 
comprises a plurality of filters 320. Each of phase-sensitive 
(P-S) filters 320 is in series with one of SNDRNs 310 and 
is operable to accept source numbers 312 from a SNDRN 
310 and to generate a filter output 322. Examples of filters 
320 include a synchronous filter, a fast Fourier transform 
(FFT) filter and a discrete Fourier transform (DFT) filter. 
Anomalous effect detector 300 also includes an abstracting 
processor 330, which is operable to accept filter output data 
322 from filters 320 and to process the data to generate 
results 332, which are then transmitted to a results interface 
340. An example of an abstracting processor 330 is a 
majority vote algorithm or an artificial neural network as 
known in the field of signal processing. In some embodi 
ments, an abstracting processor 330 is operable to add 
together the output amplitudes of n number of filter outputs 
and divide by the square root of n to calculate a single 
output, the Z-score. 

EXAMPLE 1. 

0102. An anomalous effect detector in accordance with 
the invention contained a synchronous filter that included a 
synchronous multiplier (or synchronous detector) and a 
low-pass filter. The synchronous filter was set to filter at 
5000 Hz frequency. The cut-of frequency of the low-pass 
filter was set at 10 Hz. Thus, the bandwidth of the synchro 
nous filter was 10 Hz. From a ring oscillator in a computer, 
7000 binary bits per second were extracted and input into the 
filter. The synchronous square-wave multiplier alternately 
multiplied the input by +1, then by -1, with a cycle of 14 
input bits. In other words, after every seven input numbers, 
the filter multiplier switched between +1 and -1. The output 
of the low-pass filter was quasi-continuous digital filtered 
output. Without an influence of mind, the output was 
expected to vary randomly between “1” and “-1 following 
a normal Gaussian distribution. A number of measurements 
in a selected time period above or below “O'” indicated an 
influence of mind. 

EXAMPLE 2 

0103. In another working example, an input sequence of 
Source numbers from a source of non-deterministic numbers 
was processed in a complex filter into a real output and an 
imaginary output. Thus, the complex filter produced two 
independent (orthogonal) outputs. Without an influence of 
mind, each output had a standard Gaussian distribution. 
When the source numbers were influenced by mind, how 
ever, the amplitudes of the two outputs deviated from a 
normal distribution. The complex filter output was used to 
produce an “X” and “Y” output by mathematically convert 
ing the Gaussian numbers to probabilities, which were 
uniformly distributed 0,1). This provided a 2-D analog 
control. 
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0104. In some embodiments, an artificial neural network 
is used to process output beyond the filter output. 
0105 FIG. 6 contains a block diagram illustrating an 
exemplary embodiment of a multi-stream SNDRN 500 in 
accordance with the present invention. Multi-stream 
SNDRN 500 includes noise diode 510, which is a source of 
entropy operable to generate an analog signal 512. Types of 
devices suitable for use as a source 510 of entropy include, 
for example, a noise diode, a Zener diode, a photodiode, an 
avalanche diode, a semiconductor junction, a resistor and a 
radiation detector. 

0106 Multi-stream SNDRN 500 further includes analog 
to-digital converter (ADC) 520. ADC 520 is operable to 
convert analog signal 512 to n number of ADC output lines 
522, wherein n>2. As depicted in FIG. 6, ADC 520 has n=8 
output lines 522. Typically, multi-stream SNDRN 500 fur 
ther includes one or more amplifiers 524 to adjust the 
amplitude of analog noise signal 512 provided by noise 
source 510 before the noise signal enters ADC 520. The 
amplified noise signal preferably has an average peak-to 
peak amplitude about equal to the full-scale input range of 
ADC 520. Preferably, the analog signal 512 of noise source 
510 and ADC 520 together have a full-power bandwidth 
about two times the sampling frequency of ADC 520. In 
other words, the total transfer function of analog signal path 
522 preferably has a full power bandwidth of twice the 
sampling frequency of ADC 520. 
0107 Depending on the intended use of a multi-stream 
SNDRN and of the sequences of random numbers it gener 
ates, the minimum permissible amount of entropy in the 
sequences from each of the output lines is optimized by 
selecting the number m of output lines that are corrected in 
randomness correctors. Preferably, selection of the number 
m of output lines to be corrected from the total number n of 
ADC output lines is conducted through mathematical mod 
eling and simulation in accordance with the invention. The 
number of lines n to be used can be determined by theo 
retically modeling the cross-correlation matrix of all the 
output lines while varying the RMS or peak-peak amplitude 
of the of the ADC input signal relative to the full-scale input 
range of the ADC. The cross-correlation increases for the 
pairs of more significant bits. The cross-correlation is related 
to the mutual entropy in the pairs of sequences, so the input 
amplitude and the number of less-significant bits is adjusted 
to achieve the desired level of independent entropy in the 
selected number of sequences n. 
0108. The source of non-deterministic random bits gen 
erated in accordance with the invention have true entropy. 
As a result, random data generated in accordance with the 
invention are able to be influenced by mind. 
0109 Exemplary commercially-available noise diodes 
suitable for use as a noise source 510 in a non-deterministic 
random number source in accordance with the invention 
include: NoiseCom NC 302LBL, and Panasonic 
MAZ80620ML. An exemplary amplifier suitable for use as 
an amplifier 524 is a MAR-65M available from Microcir 
cuits. Exemplary analog-to-digital converters suitable for 
use as an ADC 520 include: ADC 08200 CIMT (200 MHz) 
and ADC 081000 (1 GHz), both available from National 
Semiconductor. 
0110 FIG. 7 contains a block diagram of a self-seeding 
randomness corrector 540 suitable for use with a source of 
non-deterministic random numbers in accordance with the 
invention, such as multi-stream SNDRN 500. Randomness 
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corrector 540 typically comprises data input 542 to receive 
data 543 (e.g., an uncorrected sequence of bits); for 
example, data from an output line 522 of ADC 520. Ran 
domness corrector 540 also includes serial shift register 
(SSR) 550 having a plurality of latches 552 and a plurality 
of shift intervals 554 (e.g., L1, L2, L3, L4). Randomness 
corrector 540 includes a plurality of parallel data sampling 
taps 558, each data tap located at a latch. Randomness 
corrector 540 further comprises a nonlinear combining ele 
ment 560, which is operable to accept data 543 via input 
542, to accept data 562 from a plurality of parallel data taps 
558, to combine input data 543 and the data 562 from 
parallel data taps 558 into a corrected bit 564, and for 
inputting corrected bit 564 into an input of SSR 550. A data 
clock 568 is operable to shift data through randomness 
corrector 540. As data is clocked by data clock 568 during 
operation, typically the following occurs: a corrected data 
bit 564 is sampled (read) in line 570 from the nonlinear 
combining element 560; corrected bit 564 enters SSR 550: 
a new data bit 543 is input into nonlinear combining element 
560; and data bits 562 from parallel data taps 558 move into 
nonlinear combining element 560. 
0111 Each shift interval of SSR 550 corresponds to a 
predetermined number of bit shifts. In preferred embodi 
ments, randomness corrector 540 is operable to sample a 
plurality of parallel SSR output signals (e.g., output signals 
562) from a plurality of data sampling taps (e.g., data taps 
558) that are separated from each other by relatively prime 
shift intervals. 
0112. In some embodiments, a plurality of data taps are 
connected to an input of a nonlinear combining element, the 
plurality of connected data taps being separated from each 
other by relatively prime shift intervals. In some embodi 
ments, a randomness corrector comprises a plurality of shift 
registers connected in series. 
0113. Examples of devices that are suitable to function as 
nonlinear combining element 560 include: an Exclusive-Or 
(XOR) gate, a parity generator, a binary adder with carry, a 
binary subtracter with borrow, a look-up table, or a pseudo 
random number generator. 
0114. An exemplary randomness corrector 540 comprises 
an FPGA having part number EP1C3T144C6, available 
from Altera. 
0115 FIG. 8 depicts schematically an XOR gate 580 
suitable for use in accordance with the invention. As 
depicted in FIG. 8, a data input (DI) line 543 and a plurality 
of parallel SSR output (D1-D4) signals enter into XOR gate 
580, which produces an output data bit 564. 
0116 FIG. 9 depicts schematically parity generator 590 
suitable for use in accordance with the invention. As 
depicted in FIG. 9, a data input (DI) line 543 and a plurality 
of parallel SSR output (D1-D4) signals 562 enter into parity 
generator 590, which produces an output data bit 564. 
0117 FIG. 10 contains a block diagram of another self 
seeding randomness corrector 600 suitable for use in a 
Source of non-deterministic random numbers in accordance 
with the invention, such as with multi-stream SNDRN 500. 
Randomness corrector 600 comprises a nonlinear combining 
element 602, which is operable to accept data (D1-D4) from 
a plurality of parallel data taps 558 of a serial shift register 
(SSR) 550 and to combine the data (D1-D4) from parallel 
data taps 558 of latches 552 into a line 606, which is input 
for nonlinear combining element 610. The output 612 of 
randomness corrector 600 serves as alternate data output 614 
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of a corrected sequence of random bits. Nonlinear combin 
ing element 610 is operable to accept input data 543 via 
input 542 (e.g., from a selected one of the output lines 522 
of ADC 520), and to accept data from line 616, for the 
purpose of combining input 543 (e.g., the one selected ADC 
output line) and the data from line 616 into a corrected 
sequence of bits 618, and for inputting the corrected 
sequence 618 of bits into an input of SSR 550. In an 
exemplary randomness corrector 600, all logic is imple 
mented inside an Altera FPGAEP1C3T144C6. As described 
with reference to FIG. 10, SSR 550 contains four shift 
intervals 554. It has been observed that four shift intervals 
is a minimum number of shift intervals for good results. It 
is understood, however, that some embodiments in accor 
dance with the invention include more than four shift 
intervals. It is also understood that in some embodiments in 
accordance with the invention, a SSR 550 in a randomness 
corrector 600 contains only two or three shift intervals. 
0118 FIG. 11 contains a block diagram of another self 
seeding randomness corrector 630 suitable for use with a 
Source of non-deterministic random numbers in accordance 
with the invention, such as with multi-stream SNDRN 500. 
Randomness corrector 630 typically comprises data input 
632 to receive data 633 (e.g., an uncorrected sequence of 
bits); for example, data from an output line 522 of ADC 520. 
Randomness corrector 630 also includes n-bit serial shift 
register (SSR) 640, which is a serial-in-parallel-out type 
shift register. Randomness corrector 630 includes a plurality 
of parallel data taps (not shown), each data tap located at a 
latch (similar to data taps 558 and latches 552 depicted in 
FIGS. 8 and 11). Randomness corrector 630 further com 
prises a pseudo-random number generator (PRNG) 644 and 
a data clock 646. Upon clocking of data clock 646, SSR 640 
is operable to produce an output word 648 containing n bits 
as an input for PRNG 644. Randomness corrector 630 
further comprises a nonlinear combining element 650, 
which is a parity generator. Parity generator 650 is operable 
to accept data 633 via input 632 and to accept data 652 from 
PRNG 644. Randomness corrector 630 is operable so that a 
single corrected data bit 658 is sampled at data line 659 or 
an n-bit quasi-random word is sampled at data lines 656. 
0119. In some embodiments, a randomness corrector in 
accordance with the invention is operable to generate one or 
more bits of output 570, 612, 614, 659 for every input bit at 
input 542, 632. In accordance with the invention, a data 
clock 568, 646 is operable to clock a plurality of times for 
every bit input. For example, if a clock clocks four times for 
every bit of input, the randomness corrector generates four 
corrected bits out for each input bit. In Such a case, each 
output bit has about one fourth of the original entropy; that 
is, the output bit is quasi-random. 
0.120. In some embodiments, a randomness corrector 
comprises k number of serial shift registers (SSRs), wherein 
ksm (m being the number of selected ADC output lines or 
other independent sources of random numbers), each shift 
register having a plurality of latches and a plurality of shift 
intervals. Furthermore, each shift register includes a plural 
ity of parallel sampling data taps that are relatively prime to 
each other. Such a randomness corrector includes a nonlin 
ear combining element for each of the k shift registers, the 
nonlinear combining element being operable to accept data 
from a selected one of the m ADC output lines, to accept 
data from a plurality of parallel data taps, to combine the one 
selected ADC output line and the data from parallel data taps 
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into a corrected output bit, and to input the corrected output 
bit into an input of the SSR. A data clock is operable to clock 
data through the randomness corrector. 
0121. In some embodiments of a SNDRN in accordance 
with the invention, an ADC is operable so that the n number 
of ADC output lines have an aggregate bit rate of n times the 
sampling frequency of the ADC. In some embodiments, the 
ADC is operable so that the n number of ADC output lines 
have an aggregate bit rate greater than one billion bits per 
second. In some embodiments, m number of randomness 
correctors are operable so that m number of corrected 
sequences of bits have an aggregate bit rate greater than one 
billion bits per second. In some embodiments, m number of 
randomness correctors are operable so that m number of 
corrected sequences of bits have an aggregate bit rate greater 
than six billion bits per second. In some embodiments, m 
number of randomness correctors are operable so that m 
number of corrected sequences of bits have an aggregate bit 
rate greater than twelve billion bits per second. 
0122 Randomness correction and randomness correctors 
are also described in International Publication Number WO 
2007/014031, published 1 Feb. 2007, and in U.S. Pat. No. 
7,096,242, issued Aug. 22, 2006, to Wilber, which are 
hereby incorporated by reference. 
0123 FIG. 12 shows a simplified block diagram of a 
Summed multisource non-determinisitic random number 
source 660 in accordance with the invention having a 
plurality of independent entropy sources 662 for generating 
non-deterministic (true random) noise coupled at a Summing 
point 664 and being operable to generate a signal 665 at the 
Summing point. Examples of independent sources of entropy 
include: a noise diode, a Zener diode, a photodiode, an 
avalanche diode, a Superconductive junction, a resistor and 
a radiation detector. Some embodiments further comprise a 
coupler 668 and 669, the coupler being connected to the 
Sources of entropy and being operable to couple the sources 
of entropy at Summing point 664. In some of these embodi 
ments, the coupler is operable to couple the sources of 
entropy using electromagnetic fields. Examples of a coupler 
include: a wire, a resistor, a variable resistor, a capacitor, a 
variable capacitor, an optically controlled resistor, an elec 
tronically controlled resistor, a photodiode, a delay line and 
a controllable delay line. 
0.124 Summed multisource SNDRN 660 includes bias 
voltages 666 and bias resistors 667. Exemplary bias resistors 
have a resistance of 1.2 kilo-ohms (kS2). Weighting resistors 
668 have a resistance in a range of about from Zero to 100 
ohms. The resistance R1, R2 and R3 of three weighting 
resistors 668 are different so that noise sources 662 are 
weighted differently. The three capacitors 669, having a 
value of about 1 microfarad (uF), serve to decouple the DC 
components of noise diodes 662 from each other and from 
the input of amplifier 670. Amplifier 670 is located between 
Summing point 664 and analog to digital converter (ADC) 
672 and is operable to amplify signal 665 to signal 671. 
0125 ADC 672 has at least one ADC output line 674 and 

is responsive to the amplified signal 671 to produce non 
deterministic random numbers in at least one ADC output 
line 674. In exemplary embodiments, non-deterministic ran 
dom numbers produced by summed multisource SNDRN 
660 serve as an input to an abstracting processor. 
0126 Some embodiments comprise at least three inde 
pendent Sources of non-deterministic random noise and are 
characterized in that the at least three independent sources of 
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entropy are spatially arranged to form one or more triangles. 
In some embodiments, the independent sources of entropy 
are part of a monolithic integrated circuit. In some embodi 
ments, the independent sources of entropy are all contained 
within a spherical radius of 0.5 mm. In some embodiments, 
the independent sources of non-deterministic random are 
coupled to simulate neuronal connections in a brain. In some 
embodiments, one or more output lines 674 of summed 
multisource SNDRN 660 are the input of at least one 
randomness corrector that is operable to process the at least 
one ADC output line 674. 
0127. In some embodiments, a source of non-determin 
istic random numbers comprises an independent ring oscil 
lator. In some embodiments, a physical Source of entropy 
comprises an independent ring oscillator. 
I0128. A ring oscillator is formed by connecting an odd 
number of inverting logic gates in a ring. The frequency of 
oscillation is proportional to the inverse of the number of 
logic gates used in the ring. 
I0129 FIG. 13 depicts schematically a simple ring oscil 
lator Source of non-deterministic random numbers source 
(SNDRN) 700. Ring oscillator SNDRN 700 comprises 
inverting logic gates 702, 704 and 706 connected in a ring 
708. Ring oscillator SNDRN 700 further comprises a data 
latch 710 and a clock source 712. Ring oscillator 708 
produces a high-frequency signal (F1) 716, which is applied 
to the data input 718 of data latch 710. Clock source 712 
supplies a clock signal (F3) 720 to the clock input of latch 
710. The frequency of clock signal (F3) 720 is lower than 
high-frequency signal (F1) 716. Random bits 724 are 
latched out on the Q output 724 of the latch at the clock 
signal frequency. 
0.130. The entropy of the random sequence produced by 
ring oscillator SNDRN 700 depicted in FIG. 13 arises from 
the analog components that comprise the inverting gates 
702, 704 and 706. Noise sources in these components 
include shot noise and thermal noise, as well as noise 
induced by power Supply variations. The noise Sources 
produce small variations in the timing of the rise and fall of 
the oscillator signal. These variations are known as transi 
tion jitter, or just jitter. 
I0131 The amount of entropy is related to the root-mean 
square (RMS) jitter as a fraction of the ring oscillator period. 
The jitter in an integrated circuit ring oscillator is only about 
1 percent of the oscillator period for oscillator frequencies of 
several hundred MHz. Therefore, the entropy of a simple 
ring oscillator SNDRN 700 of FIG. 13 is also small. 
(0132 FIG. 14 shows an enhanced ring oscillator SNDRN 
730. Ring oscillator SNDRN 730 comprises inverting logic 
gates 702, 704 and 706 connected in a ring 708. Ring 708 
produces a high-frequency signal (F1) 716, which is applied 
to the data input 718 of data latch 710. Ring oscillator 
SNDRN 730 further comprises inverting logic gates 732, 
734 and 736 and non-inverting logic gate 738 in a second 
ring oscillator 740. Second ring oscillator 740 produces a 
high-frequency signal (F2) 742 at a lower frequency than 
signal 716 (F1). Second ring oscillator 740 supplies a signal 
742 (F2) to the clock input of latch 710. The combined jitter 
of the two ring oscillators 708 and 740 increases the total 
entropy at output 744 of first latch 710. The output 745 of 
first latch 710 is in turn latched by a clock signal (F3) 720 
of clock source 712 at a frequency lower than either signal 
F1 or F2. In some embodiments, clock 712 is a system clock 
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so that the random bits produced by the embodiment of ring 
oscillator SNDRN 730 are synchronized with a specific 
clock. 

0133. In some embodiments, it is desirable that the 
entropy of the random bits be greater than the entropy of bits 
produced by a ring oscillator SNDRN 700 or 730. In an 
anomalous effect detector or a quantum computer in accor 
dance with the invention, good results are obtained with 
entropy values of at least 0.9 bits per bit, up to 0.99 bits per 
bit. Entropy values above 0.99 have little incremental ben 
efit. Combined RMS jitter values of 20-30 percent corre 
spond to entropy levels of 0.9-0.99. U.S. Pat. No. 6,862,605, 
issued Mar. 1, 2005, to Wilber, which is incorporated by 
reference, teaches a non-deterministic random numbergen 
erator (i.e., source) comprising Software that is operable 
utilizing only elements usually contained in a general pur 
pose computer, and a general method for calculating entropy 
using the amount of jitter in various oscillatory signals. 
0134 FIG. 15 depicts schematically a SNDRN system 
750 comprising a plurality of independent ring oscillator 
SNDRNs 752, all clocked by a common clock source F3 
(not shown). The random bits 754 from each of independent 
SNDRNs 752 are combined in an Exclusive-OR (XOR) gate 
756. The output 758 of XOR gate 756 contains entropy from 
all of the plurality of XOR input bits 754. The number of 
independent sources 752 combined this way is increased 
until the final output bits 758 contain the desired entropy. 

Filter Design, Noise Bandwidth and RMS Value of Filtered 
Output 

0135 A simple one-pole infinite impulse response (IIR) 
digital low-pass filter has the following form: 

y=aoIN-by- (1) 

where ao-1-e' and b = ef, fs is the sampling 
frequency, and fe is the cut-off (-3 db) frequency, whereby 
fc=1/(2atkC). 
I0136. The output is y, and the previous output is y. The 
equivalent analog filter is represented by the simple circuit 
diagram depicted in FIG. 16. 
0.137 The RMS noise amplitude (A) for a binary non 
deterministic signal is 

where A is the peak-to-peak amplitude of the random 
signal. A 1 for a binary random sequence of 0's and 1's, 
and dividing by Vf/2, the square root of the Nyquist 
frequency, yields A, in terms of noise amplitude per root 
Hertz. 

0.138. The root mean square (RMS) value. As of the 
binary random signal is A/2. For normally-distributed 
random signals, the RMS value. As must either be known 
or calculated from a measurement. As in the binary example, 

A, (Arts)/V/72. 

The RMS value of the one-pole low-pass filtered signal is 
Anti-A/V.BW. 

where BW is the effective noise bandwidth of the low-pass 
filter. For the one-pole filter examples, the effective band 
width (BW) is: 
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BW =f - C. 
2 

Combining these equations yields 
Al-AVIf/2RMS. 

For the example of a binary random signal with output states 
of +1 and -1, this equation simplifies to: 

Al-Watfo/SRMS. 
0.139. The same equations apply in the analog domain 
with slight variations. For a binary signal of 1=+1 volt and 
O=-1 volt, the RMS output amplitude of a one-pole low-pass 
filtered signal is: 

A-val fe/fs Volts.(RMS), 
where fe is calculated from R and C, and fs is the rate at 
which the random value is updated to the filter input. If the 
filter input signal is Gaussian white noise, it has an RMS 
noise amplitude that generally must be measured to obtain a 
precise value. The value will be in units of VOlts/VHz. The 
filter RMS output is obtained by multiplying this value by 
the effective filter bandwidth, 

f - C. 
2 

If the noise signal is not white, that is, if the noise spectrum 
is not flat, the actual output RMS value typically is deter 
mined either by direct measurement of the output, or by 
integration of the input noise spectrum over the passband of 
the filter. 
0140. In some embodiments, the filtered noise signal is 
precisely processed through knowing its theoretical distri 
bution and size. The equations provided above yield the 
expected amplitude of the filter output. The statistical dis 
tribution of amplitudes approaches the Gaussian distribution 
quite closely, even when the filter input is a binary random 
signal. 
0.141. The precise probability of the filtered signal being 
greater than or equal to any particular threshold value is 
typically calculated from Act, and the threshold value, using 
the cumulative distribution function (CDF) for the Gaussian 
distribution. 

Artificial Sensory Neuron 
0142. Two fundamental types of neurons or nerve cells in 
the human body are sensory neurons, or sensory nerve cells, 
and CNS (Central Nervous System) neurons. Sensory neu 
rons receive and pass on physical stimuli from the physical 
senses. They, in conjunction with the actual receptors of the 
physical stimuli, provide the means for sensing energies that 
originate outside the body or CNS. CNS neurons process 
impulses from sensory neurons and are also involved with 
the emergence of human consciousness and awareness. It is 
likely that quantum mechanical properties inherent in the 
structure of the CNS and other nerve cells, including the 
neurons and their interconnections in the brain, which makes 
human awareness possible. 
0.143 An artificial structure in accordance with the inven 
tion responsive to an influence of mind generally includes 
two properties or parts. One is a physical sensor, which is 
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sensitive to quantum mechanical variations, such as a non 
deterministic random number source. The second is an 
abstracting processor for selectively passing or filtering the 
signals that indicates the presence of a specific or pre 
selected influence of mind. 

0144. In accordance with the invention, an artificial sen 
sory neuron (ASN) containing a source of non-deterministic 
random numbers, takes the place of a biological physical 
sensor. The term “artificial sensory neuron' as used in this 
specification is not a precise equivalent of a sensory neuron 
taught in fields of biology. Viewed in fields of biology, a 
biological sensory neuron works in conjunction with, and 
passes on signals from, distinct receptor cells. 
0145 One type of source of non-deterministic random 
ness comprises an analog or continuous source, as depicted 
schematically in FIG. 17. Exemplary SNDRN 770 com 
prises noise element (entropy source) 772. Such as a resistor 
or a noise diode, which produces random analog noise 773. 
SNDRN 770 further comprises analog amplifier 774, which 
amplifies random noise 773 to produce analog Source num 
bers 775. 

014.6 Another type of source of non-deterministic ran 
dom numbers comprises a binary source 780, as depicted 
schematically in FIG. 18. Exemplary ring oscillator SNDRN 
780 comprises HF oscillator 782, which generates a high 
frequency oscillatory signal 783 having time jitter in its 
period, and LF oscillator 784, which generates a low 
frequency oscillatory signal 785 having time jitter in its 
period. Ring oscillator SNDRN 780 further comprises latch 
786, which receives oscillatory signals 783 and 785 as input 
and is operable to produce a stream of binary random bits 
787. Ring oscillator SNDRN 780 further comprises random 
ness corrector 788, which is operable to accept random bits 
787 and to correct their randomness (e.g., as described above 
with reference to FIGS. 7-11) to produce corrected non 
deterministic random numbers 789. 

0147 Still another type of source of non-deterministic 
random numbers comprises a digitized random signal, as 
depicted schematically in FIG. 19. Exemplary SNDRN 790 
comprises analog noise source 792, which has an entropy 
source and an amplifier (as SNDRN 770 in FIG. 17), and 
which produces random analog noise 793. SNDRN 790 
further comprises N-bit analog-to-digital (ADC) converter 
794, which is operable to convert random analog noise 793 
to N-bit digitized random source numbers 795. Clock 796 
serves to clock signal 793 into ADC converter 794. 
0148. In some embodiments of the invention, the output 
of a source of non-deterministic random signals (numbers) 
is transformed or filtered so that it has a form and statistical 
characteristics similar to the output of an actual biological 
sensory neuron. Biological sensory neurons produce a 
sequence of nearly random pulses of approximately equal 
amplitude. The statistical distribution of these pulses is 
approximately exponential; that is, the underlying statistics 
of the generating process is close to a Poisson process. The 
Poisson-like process is non-homogeneous, meaning that it is 
non-stationary, or changes over time. This change appears as 
an increase or decrease in average pulse rate due to the 
presence or absence of an external stimulus. In accordance 
with the invention, several types of sources of non-deter 
ministic random signals naturally produce a Poisson-like 
process. Examples of Poisson-like processes include: detec 
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tion of radioactive decay; the arrival of discrete photons on 
a detector, and the output of a comparator measuring a 
Gaussian analog signal. 
014.9 FIG. 20 contains a graph in which comparator 
output is plotted as a function of analog signal amplitude 
over time. As depicted in FIG. 20, only the timing of the 
leading edge of the comparator is used. This is useful for 
triggering a constant duration pulse. Also, in a Poisson-like 
process, there is Substantially no autocorrelation between 
pulses. In order to reduce or eliminate autocorrelation, a 
certain dead time is imposed between consecutive pulses 
that are used. For an analog signal that has been filtered by 
a one-pole low-pass filter, the time constant (TC) of this 
signal is 1/(27tfc), where fic is the cutoff frequency. The 
autocorrelation (AC) of this signal is e', where t is the 
time from a measured pulse to the next measured pulse. 
From these relations, one can calculate the required dead 
time, td, to achieve a desired maximum autocorrelation: 
td=-TC Ln(AC), where “Ln is the natural log symbol. One 
skilled in the art of electrical engineering can calculate the 
filter transfer function and from that the autocorrelation 
function for more complex filter types. Thus, in some 
embodiments, a sequence of pulses at random times is used 
as the output of an ASN. In some embodiments, however, as 
depicted in FIG. 21, the output of an artificial sensory neuron 
(ASN) is presented in the form of an envelope or curve fit 
that approximates the short-term average frequency of the 
pulses. In some embodiments, it is more expedient simply to 
use a low-pass filtered sequence of random bits or an analog 
Gaussian signal to represent an ASN output. Signals of this 
type are usually easy to produce, especially the filtered 
random bits. A sequence of binary random bits is probably 
the most common and simplest to produce. 
0150. A form of ASN output that is convenient for 
processing in digital circuits is a sequence of geometrically 
distributed random numbers. A geometric distribution arises 
from the discrete sampling of Bernoulli trials. The discrete 
form of the exponential distribution is continuous. Digital 
processing is inherently discrete as the numbers processed 
are quantized in bits and bytes, and the processing opera 
tions are carried out on data produced or sampled at discrete 
time intervals. An exemplary technique for generating a 
geometric distribution of random numbers comprises steps 
of in a sequence of random bits, taken n-bits at a time, 
output a “1” (success) when the block of bits equals a fixed 
pattern, such as all 1s, otherwise output a “0” (failure). This 
represents a sequence of Bernoulli trials with probability, 
p=(/2)', where N is the number of bits in the fixed pattern. 
0151. Another exemplary technique for generating a geo 
metric distribution of random numbers comprises steps of 
in a sequence of digitized random signals, in which the 
autocorrelation, AC<1.0, when the digital word exceeds a 
constant threshold, output a “1”, else, output “0”. 
0152. A variation of these techniques counts the number 
of samples or trials from one success (a '1') to the next. Two 
Successive counts (A and B) may be converted to a near 
perfect sequence of binary random bits by a technique Such 
as the following: if count Account B; output 0; if count 
B>count A, output a 1; else, no output. This technique works 
even if there is a significant bias in the original random 
numbers. 

0153. In some embodiments, the statistics of a SNDRN 
as described in the preceding paragraph are improved by 
providing a dead time to reduce the influence of autocorre 
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lation in the original sequence. In some embodiments, the 
statistics are further improved by using independent (non 
overlapping) pairs of A and B counts; that is, by not using 
the ending sample of one count as the beginning sample of 
the next count. Abinary non-deterministic random bit source 
using an 8-bit A/D converter sampling at 170 MHZ can 
produce a binary sequence at an output bit rate greater than 
2 MHz, with both AC and bias having a value less than 20 
ppm. Without any randomness correction, a typical high 
quality true random number generator produces an uncor 
rected output with both AC and bias having values greater 
than the range 100 ppm-1000 ppm. In some embodiments, 
the amplitude of the input analog signal is adjusted so that 
its peak-to-peak level is centered and just covers the input 
range of the ADC; that is, six times the input RMS value 
equals the ADC input range, it 10-15%, and the analog mean 
equals one-half (/2) the ADC input range. 
0154 The design of a processing section for the output of 
an ASN depends generally on the characteristics of the one 
or more ASNs that feed into it. In some embodiments, a fully 
analog processor is operable to receive inputs from several 
analog ASNs. An exemplary processor useful for processing 
inputs from analog ASNS comprises essentially an analog 
artificial neural network (ANN) as known in the art of signal 
processing. 
0155 FIG. 22 depicts schematically analog artificial sen 
sory detector (ASD) 800. ASD 800 comprises a plurality of 
analog artificial sensory neurons (ASNs) 802, an analog 
ANN 804, and control/feedback unit 806. In accordance 
with the invention, an analog SNDRN is associated with 
each of ASNs 802 (e.g., SNDRN 770 containing analog 
random noise source 772, as depicted in FIG. 17). ASNs 802 
are operable to generate analog source signals 808. Typi 
cally, ASNs 802 comprise a low-pass filter. In some embodi 
ments of ASD 800, however, ASNs 802 do not include a 
low-pass or phase-sensitive filter because source signals 808 
are already in analog form. Analog ANN processor 804 is 
operable to receive analog signals 808 from ASNs 802 as 
input. ANN output 809 is input into control/feedback unit 
806. In the brain, neurons are often physically arranged in 
arrays of triangles in two or three dimensions. A local cluster 
of neurons is typically constrained to a roughly spherical 
volume of diameter in a range of about from 0.1 mm to 1.0 
mm. This implies a coherence length of about 1.0 mm for the 
operations of mind and consciousness in the human brain. A 
type of quantum entanglement or coherence seems to result 
from the influence of mind in these clusters. Therefore, as 
well as the size, shape and distribution of clusters of 
SNDRNs in ASNs 802, the use of SNDRNs that are at least 
partially entangled in a quantum mechanical sense may 
increase the efficacy of ASD 800. 
0156 FIG. 23 depicts schematically artificial sensory 
neuron (ASN) 810. ASN 810 comprises SNDRN 812, which 
is operable to generate source numbers 813, and filter 814. 
Filter 814 comprises a filter selected from the group includ 
ing a phase-sensitive filter, a complex filter and a low-pass 
filter. Filter 814 most often comprises a low-pass filter 
operable to convert digital source numbers to analog Source 
numbers. For example, in some embodiments, Source num 
bers 813 from SNDRN 812 are binary numbers and filter 
output numbers 815, which are also ASN output numbers, 
are quasi-continuous digital numbers. 
0157 FIG. 24 depicts schematically artificial sensory 
neuron (ASN) 820. ASN 820 comprises SNDRN 822, which 
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is operable to generate Source numbers 823, and abstracting 
processor 824. Typically, SNDRN 822 generates digital 
non-deterministic random numbers, usually binary numbers. 
Accordingly, abstracting processor 824 is able to receive and 
efficiently to abstract source numbers 823 using digital 
techniques. For example, in Some embodiments, abstracting 
processor 824 is a converter that uses truth tables to abstract 
source numbers 823. Filter 826 is operable then to filter the 
abstracted numbers 825 in the output of processor 824. Filter 
826 comprises a filter selected from the group including a 
phase-sensitive filter, a complex filter and a low-pass filter. 
In some embodiments in which filter 826 is a low-pass filter, 
filter 826 converts digital (e.g., binary) abstracted numbers 
825 to quasi-continuous digital ASN output numbers 827. 
0158. In some embodiments, the training of an analog 
processor containing an analog ANN is accomplished by 
digital processing, and the resultant tap weights are set by 
manual adjustment of variable resistors or electronically 
controllable resistors. If pulses are the output of the one or 
more ASNs, the pulses received by the ANN are typically 
either integrated or counted over a selected time interval. 
This is similar to the way the signals are processed by 
organic neurons. Counting pulses is a simple way of pro 
cessing this type of signal in an integrated circuit, although 
it does not provide the flexibility of a processor with more 
complex computational power. 
0159. The objective of a processor (e.g., a processor 804 
comprising an analog ANN) is the detection of subtle 
patterns appearing in an almost purely random signal. This 
is done by selectively filtering, combining and abstracting 
the raw data (e.g., from ASNs 802) to a small number 
(typically 1 or 2) of outputs that are indicative of mental 
influence and contain a Small amount of noise or random 
ness not exceeding a selected maximum. 
0160 FIG. 25 depicts schematically a generalized 
anomalous effect detector 830 in accordance with the inven 
tion. Anomalous effect detector 830 comprises a plurality of 
SNDRNs 832 operable to generate a stream of source 
numbers 833 in the form of binary bits (or alternatively, 
digital words). Anomalous effect detector 830 further com 
prises a plurality of low-phase (LP) filters 834. Each of 
filters 834 is operable to receive source numbers 833 from 
one of SNDRNS 832 and produce quasi-continuous digital 
filtered numbers 835. Abstracting processor 836 of detector 
830 is operable to receive effectively analog filtered num 
bers 835, and then to abstract the numbers to enhance a 
pattern in the numbers associated with an influence of mind. 
The abstracted output numbers 837 of processor 836 are 
then fed to results interface 838. The plural combinations of 
a SNDRN 832 with its associated filter 834 correspond 
essentially to an effectively analog artificial sensory neuron, 
such as ASN 802, 810, 820. A preferred embodiment of a 
processing section and a processing method for processing 
quasi-continuous data in an anomalous effect detector hav 
ing a plurality of SNDRNs is described in the following 
example. 

EXAMPLE 3 

0.161 FIG. 26 depicts schematically the principal ele 
ments and functional processing steps in preferred embodi 
ment of an anomalous effect detector 840 in accordance with 
the invention that is operable to process and to abstract raw 
data from SNDRNS (e.g., from SNDRNS contained in 
ASNs) to recognize a pattern resulting from an influence of 
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mind. Anomalous effect detector 840 represents essentially 
a particular embodiment of generalized anomalous effect 
detector 830 described with reference to FIG. 25, above. 
Accordingly, among other uses, a system and a method in 
accordance with those of detector 840 are operable in an 
artificial sensory detector, ASD. The functional operations 
embodied in detector 840 were programmed into software 
and performed using a computer. It is understood, however, 
that in Some embodiments, the same or similar functional 
processing operations performed in detector 840 are per 
formed using other means and structures, such as one or 
more programmable microprocessors, FPTAS, analog 
devices, and combinations thereof. 
0162 Anomalous effect detector 840 comprises seven 
SNDRNs 842, each SNDRN containing a true entropy 
Source (not shown) and a randomness corrector, included in 
randomness corrector section 844. Detector 840 also com 
prises seven low-pass filters located in LP Filter section 846. 
SNDRNs 842 and low-pass filters 846 correspond to artifi 
cial sensory neurons having a low-pass filter, Such as ASN 
810 in FIG. 23. Detector 840 further comprises a group 848 
of processing sections used for factor analysis of filtered 
data from section 846, an ANN 850, and a results interface 
(not shown) in accordance with the invention. 
(0163 Each of independent SNDRNs 842 was operated to 
generate source bits 861 at a selected rate of 1 kilobyte per 
second (kbps). (Alternatively, in some embodiments, a 
single source of random bits having a given bit rate is parsed 
into separate streams; for example, a bit stream from a single 
Source having a bit rate of 7 kbps is parsed into 7 streams at 
1 kbps each. For purposes of responding to a mental 
influence, however, these two variations are not necessarily 
equivalent. Because of quantum properties of non-locality, it 
is assumed that the actual physical arrangement or relative 
orientation of the collection of artificial neurons contributes 
to the overall responsiveness of the system.) 
0164. Each of seven randomness correctors in section 
844 is operable to receive a stream of source bits 861 and 
produce an output of corrected bits 863. Randomness cor 
rectors were described above with reference to FIGS. 7-11. 

0.165. Then, in low-pass (LP) filter section 846, each of 
the corrected bit streams 863 was low-pass filtered in a 
separate one-pole digital IIR low-pass filter of the form: 

out aoIN-bout 1, 

where the coefficients at and b were defined with reference 
to Equation (1), above. The cutoff frequency, fc., was 
selected to be 6.366 Hz. This yielded a TC of 0.025 seconds. 
When the output 845 of LP filters 844 was sampled at 5 Hz, 
the first order AC was e' =0.000335, a value adequately 
small for this application. The filter output bits 865 were of 
the form “1”=+1, “0”=-1. The RMS amplitude of each of 
the filtered signals 865 was calculated using As Vaufc/fs, 
where fs was the sampling frequency, 1.0 kHz. Using the 
selected values offic and fs, the value of As was 0.14142, 
with a mean of u=0.0. Each filtered signal was normalized 
by normalizer 846 of detector 840 by the relation S= 
(S-L)/o, where O is the RMS amplitude. The value of p was 
Zero, so dividing by O, the RMS amplitude or standard 
deviation produced normalized signals 867 having L-0.0 
and O=1.0 with a Gaussian distribution (the Gaussian dis 
tribution resulting from the low-pass filtering and random 
input). 
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0166 The normalized signals 867 were further processed 
to allow a significant reduction of the amount of input data. 
This was accomplished by factor analysis, which produced 
a set of orthogonal output factors from linear combinations 
of the input numbers 867. The factoring was done on the 
original normally distributed numbers 867 and, alterna 
tively, on their equivalent probabilities, Osps 1, which were 
calculated from the cumulative distribution function, CDF, 
of the normal distribution. It was found that the probabilities 
provided a slightly better compression than the normal 
numbers, so that form of the number streams was utilized 
further. 
0.167 Accordingly, each of the numbers sampled at about 
4.3 Hz from the seven filtered and normalized streams 867 
was converted to probabilities, P-P7 by probability con 
verter 868 of detector 840. The resulting numbers 869 were 
then sorted by sorter 870 into ascending order, and the sorted 
numbers 871 were normalized again in second normalizer 
872. Sorting is an important step, which provides a structure 
factor that is used in the factoring process. The second 
normalization also used the equation: 

Son (S.H.) O, 

where X represents the index of the sorted samples, 1sXs7, 
and also indicates their corresponding means and standard 
deviations. 

0168 For the seven sorted, normalized uniformly distrib 
uted numbers 873 (which the probabilities are), the means, 
L1-Ll, Were LL(X+1)/8, and the standard deviations were 
measured empirically as O (0.11024, 0.114434, 0.161375, 
0.166667, 0.161375, 0.114434, 0.11024). Next, in factoring 
module 874, the covariance matrix was calculated from a set 
of pseudorandomly generated uniform vectors of seven 
numbers, then sorted and normalized. The covariance matrix 
was used to calculate the eigenmatrix (or factor weightings) 
and the eigenvector, eigV. The calculated eigenvector was 
approximately (4.0, 1.3333, 0.66667, 0.400, 0.26667, 
0.1905, 0.14286). The calculation of the eigenmatrix and the 
eigenvector from a covariance matrix and factor analysis in 
general are well known in the art of mathematics. The seven 
factors F1-F7 in output 875 from factoring module 874 were 
calculated from the dot product, as depicted in FIG. 27. In 
adjustor 876, the factors F1-F7, were adjusted by dividing 
them by the square root of the eigenvector. The eigenvector 
indicated the amount of signal power present in each of the 
seven factors. The first factor contained about 57% of the 
total signal power. The first 3 factors accounted for 86% of 
the total signal power in the seven original inputs 873, 
demonstrating the efficacy of this method of processing. 
(0169. In some embodiments, the first factor is used as an 
output without further processing. It is usually desirable, 
however, to reduce the data and increase the responsiveness 
as much as possible. This was accomplished in this example 
by providing two or more of the top (highest energy) factors 
from output 877 of power normalizer 876 to ANN 850, 
trained to recognize the patterns in the factors that are 
correlated with pre-selected mental influences. 
(0170 Training of ANN 850 was performed, as follows. 
The first three factors F1-F3 in output 877 of adjustor 876 
were selected for training since they contained about 86% of 
the signal energy. Firstly, the factors, which were normally 
distributed, were converted to probabilities as described 
above. The probabilities were uniformly distributed, 0, 1. 
This distribution was more compatible with the structure of 
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the ANN. An adequate amount of data for training the ANN 
was collected, which included four types: target “1” hits, 
target “0” hits, target “1” misses and target “0” misses. The 
order of the data was then randomized and an equal amount 
of each of the four types of data was selected. The total 
number of data points was limited by the type occurring least 
frequently. The randomization and the balancing of the data 
samples were found to be necessary to prevent the network 
training from converging to a relative minimum, which was 
not the desired or correct outcome. This was partly because 
the signal-to-noise ratio (S/N) was relatively small for this 
data. After the data were selected, randomized and balanced, 
they were divided into a training set and a test set. The 
training set was about two-thirds of the data set. Again, this 
was necessary to ensure that the ANN actually learn the 
desired patterns. The desired result of the division of the data 
files was that both training and test sets were balanced, as 
described above. 
(0171 After the ANN had been trained, the resultant 
network of weights was transferred into a runtime version 
that took real-time data and presented the results for imme 
diate feedback and/or use. The utilization of ANN 850 
increased the resulting effect size, ES, (i.e., the responsivity 
to an influence of mind) by about a factor of three. 
(0172 Generally, ES=2HR-1, where HR is the hit rate or 
fraction of hits to total trials. In some embodiments, an ANN 
is trained to produce a range of outputs between 0 and 1. In 
some embodiments, a trained ANN produces a slightly 
biased output. This undesirable condition is correctable by 
applying good pseudorandom numbers in place of the non 
deterministic random signals and adjusting the bias of the 
ANN output until equal numbers of 1s and 0's are pro 
duced. 
0173. Numerous variations and combinations of the num 
ber and form of the ASNs and also of the processing of 
ASN-output are within the scope of the invention. In some 
embodiments, random signals feeding into the front of an 
ASN are pre-processed by majority voting or bias amplifi 
cation or other type of abstraction to enhance overall respon 
sivity of the system to an influence of mind. In some 
embodiments, the number of ASNs is in the hundreds or 
even thousands. In some embodiments, the rate of measure 
ments is increased relative to the number in Example 3. In 
some embodiments, ANN output or processor output is 
majority voted or otherwise processed to produce a final 
output. In some embodiments, filtering in an ASN is done 
with a type of filter that produces a phase sensitive output or 
two orthogonal outputs. Such filters are synchronous filters 
or detectors, discrete Fourier transforms (DFTs) or fast 
Fourier transforms (FFTs). In some embodiments, the two 
outputs of Such filters, the real and imaginary parts, are 
processed in one group. In some embodiments, the two 
outputs are separated into two groups, a group with all the 
reals and a group with all the imaginaries. These two groups 
are then processed separately to produce two independent 
outputs. In some embodiments, these two outputs are useful 
as an X-y control or other application where a 2-dimensional 
or 2-bit output is needed. 

Artificial Consciousness Network 

0.174. An artificial neural network (ANN) is a computing 
system that can learn to recognize patterns. ANNs are 
known. Some artificial neural networks (ANNs) as used in 
this specification have two or more inputs that receive data 
with a statistical distribution that is approximately Gaussian 
or uniform. Other ANNs may have inputs that receive data 
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that approximately follows other known distributions, or 
does not follow any well-characterized distribution at all. 
These ANNs have at least one output, and after the ANNs are 
trained, the signals that appear at their outputs in response to 
the data applied to their inputs typically produce a statistical 
distribution that is not predictable or easily mathematically 
described. 
(0175. The outputs of the ANNs are often applied to other 
ANNs or processed in other ways to arrive at a final resulting 
output. It is desirable to transform the outputs of some of the 
ANNs to a form that is readily describable by simple 
mathematical equations. This transformation simplifies the 
Subsequent processing of the ANN outputs, and results in 
greater accuracy of the final output. The transformation also 
makes the dynamic range and offset of the intermediate 
signals more uniform, and therefore more amenable to 
digital signal processing techniques. 
0176 A general approach to transforming an ANN output 

is to take a large number of outputs produced in response to 
a number of input data, randomly selected from the same 
distribution as the data that would be presented during 
normal operation of the ANN. This is easy if the input data 
is either Gaussian or uniformly distributed. It is also known 
in the art of mathematics to produce random numbers drawn 
from arbitrary statistical distributions. The resulting outputs 
from the randomly selected input data are then used to 
produce an empirical cumulative distribution function 
(CDF). A curve fitting algorithm is applied to the empirical 
CDF. The resulting curve fit equation is a function that takes 
the ANN output data as an input variable and produces a 
transformed output that is approximately uniformly distrib 
uted, with a mean of 0.5 and a range between 0.0 and 1.0. 
0177. The following exemplary algorithm is used in this 
specification to illustrate the approximate numerical conver 
sion between a z-score and the cumulative distribution 
function (CDF) of the normal or Gaussian distribution. 
Z-Scores range from minus infinity to plus infinity and the 
CDF value ranges from 0.0 to 1.0. This type of conversion 
is referred to as a z-score to probability or “Z-to-p' conver 
S1O. 

Mathematica Program: 
0.178 cdf Z := 
(0179 (c1=2.506628275: c2=0.31938153; c3=-0. 
356563782; c4=1.781477937; c5=-0.821255978; 
c6=1.330274429; c7=0.23164.19; 

0184. A second exemplary algorithm is used in this 
specification to illustrate the approximate numerical conver 
sion between a probability value from the uniform distribu 
tion, and the equivalent z-score in the normal CDF. This 
conversion is the inverse of the Z-to-p conversion and is 
referred to as a “p-to-z' conversion. These conversions are 
well known in the art of mathematics. 

Mathematica Program: 
0185. Zofpp := 
0186 (p0=-0.322232431088: p1=-1.0, p2=-0. 
342242088,547: p3=-0.0204231210245; 

0187 p4=-0.0000453642210148: q0–0. 
099348462606; q1 =0.588581570495; 
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0188 q2=0.531103462366: 
q4=0.0038560700634; 

q3=0.10353775285: 

EXAMPLE 4 

0193 ANN output was transformed in accordance with 
the present invention, as follows. An ANN with three inputs 
accepted inputs of data with a nearly uniform distribution, as 
described in Example 3, above. The ANN was trained with 
a set of training data, as described in Example 3. After 
training, the ANN was presented with a large set of triples 
of uniformly distributed random numbers to produce an 
equal number of outputs. A balanced output was desired; that 
is, an output having an equal number of output numbers 
above and below the median value. To achieve this, a trial 
median value, starting at 0.5, was used to test the output 
numbers. If more or less of the output numbers were above 
the trial median value, the median value was adjusted until 
there were an equal number below and above the final 
median Value. Since the input data was random, the exact 
value of the required median value was affected by statistical 
variations. Accuracy of the balance of the output increased 
with the square root of the number of output numbers used. 
The number of output numbers used was 100 million or 
more, to produce an accuracy of about 1 part in 10,000 or 
better. 
0194 It was found that when the input data was uni 
formly distributed, the output numbers were approximately 
normally distributed. About 100,000 output numbers were 
randomly generated. Then, the empirically determined 
median value was subtracted from each ANN output num 
ber. After that, the amplitude of the standard deviation (SD) 
was adjusted to 1.0 by calculating the SD and dividing all the 
output numbers by the calculated SD value. The result was 
a set of numbers with a mean of about 0.0, which mean was 
approximately equal to the adjusted median, and with a SD 
of 1.0. These numbers were converted by the Z-to-p con 
verter, which resulted in a set of 100,000 numbers that were 
close to being uniformly distributed. This set of numbers 
was compiled into an empirical CDF and the domain was 
adjusted so that the domain spanned from 0.0 to 1.0. The 
range was already in the range of from 0.0 and 1.0. A 
polynomial curve fitting algorithm of order about 14 was 
applied to the CDF. The order of the curve fit required 
generally depends on how close to linear the empirical CDF 
is. The accuracy of the curve fit is a statistical variable, so 
it may be improved by using a larger data set of output 
numbers for fitting, and also by increasing the order of the 
fit. To transform the output numbers of the ANN while it was 
running: the empirically determined median was subtracted 
from the ANN output; then, the remainder was divided by 
the calculated SD; the Z-to-p conversion algorithm was 
applied to the quotient; and finally, the product of the 
conversion was used as the input variable in the polynomial 
curve fitting equation. The output of this final step was the 
uniformly distributed equivalent of the ANN output number 
within a range of from 0.0 to 1.0. 
0.195. If normally distributed numbers are desired, the 
uniform transformed output is easily converted using the 
p-to-Z conversion algorithm. Normal numbers are some 

17 
Sep. 29, 2016 

times useful. They are statistically combined simply by 
adding them together and dividing the sum by the square 
root of the number of numbers added. 
(0196. FIGS. 28-31 illustrate the CDFs of the data in 
Example 4 in various stages of transformation of ANN 
output. FIG. 28 contains a typical graph of the empirical 
CDF of unaltered ANN output. FIG. 29 contains a graph of 
the same data as in the graph of FIG. 28 after normalization: 
that is, after subtracting the median value and dividing by 
the calculated SD, which was 0.04775 in this example. The 
CDF plotted in the graph of FIG. 29 is close to the theo 
retical CDF for the normal distribution. FIG. 30 contains a 
typical graph of the CDF after applying the Z-to-p conver 
sion. The resulting distribution is nearly uniform, but is still 
Somewhat nonlinear. A 14th order polynomial curve fitting 
equation was applied to the data plotted in the graph of FIG. 
30, resulting in the following equation: 

f(x)=0.00498.969+1.98213.x-50.3467x2+999.763x 
10629.5x'+69765.1.x-304701x+922785x7 
1979664x8+302958.5x'-3285675x10+ 
2467108x-1219982x2+357515x-47056.9x' (2) 

(0197 FIG. 31 contains a standard graph of the CDF of 
the f(X) values calculated from the Z-to-p data points repre 
sented in FIG. 30 using curve-fitted Equation (2). The 
distribution shown in the graph in FIG.31 is nearly perfectly 
uniform. The first order term in the curve fit indicates there 
is a slight bias in the resulting distribution. This is the result 
of statistical variations of the data used in the curve fit, as 
well as the inherent limitation of the curve-fit order. This 
bias can be removed entirely by subtracting the theoretical 
mean value of 0.5 from the data before curve fitting and then 
neglecting the first order term during the curve fitting. 
During transformation, the 0.5 is subtracted from the Z-to-p 
data before applying the polynomial equation, then 0.5 is 
added back to the f(x) from the equation. This causes the 
median value of the ANN output to transform exactly to the 
theoretical mean value of the uniform distribution, 0.5. 
(0198 In some embodiments, the responsivity to an influ 
ence of mind in the output resulting from processing of 
signals by ANNs is improved by separately training a 
plurality of different ANNs on the same or related training 
files. In some embodiments, the ANNs have different inter 
nal structure, that is, different numbers of inputs, hidden 
nodes and hidden layers. In some embodiments, the ANNs 
have the same or similar internal structure. The outputs of 
the separate ANNs are combined in one or more ways, such 
as, but not limited to: by majority voting; by training a 
secondary ANN with the outputs of the multiple ANNs as 
inputs; and by combining the outputs in a statistical com 
bination, such as transforming the outputs to normal num 
bers, adding them together and dividing by the square root 
of the number of ANNs used. Such a collection of related 
ANNs functioning together is referred to herein as a “com 
mittee.” 
(0199. In some embodiments, the responsivity or accuracy 
of a device that responds directly to an influence of mind is 
improved by using a committee of ANNs in the processing 
of signals from a source of non-deterministic random num 
bers, compared to results obtained from using a single ANN. 
In some embodiments of the present invention, ANNs are 
trained to detect two different types of patterns in interme 
diary signals derived from a source of non-deterministic 
random numbers. One type of pattern corresponds to a 
polarity or direction, such as a “1” or “0”, “up” or “down”, 
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“yes” or 'no'. The other type of pattern corresponds to a 
"hit' or “miss'; that is, a hit occurs when the current result 
is correct, and a miss occurs when the current result is 
incorrect. Thus, this pattern indicates the correctness of the 
output of the first type of pattern. It has also been found that 
the magnitude of the ANN outputs contain useful informa 
tion. This information is easier to interpret when the ANN 
outputs are transformed; for example, to uniformly distrib 
uted numbers. The greater the deviation from the mean (0.5), 
the greater the likelihood that the indicated result is correct. 
0200. In a preferred embodiment of the present invention, 
a committee of ANNs is trained to recognize patterns 
relating to an intended direction. The same committee also 
includes at least one ANN that is trained to respond to 
hit/miss patterns. The output of the hit/miss ANN is applied 
to the outputs of the direction ANNs so that they remain 
unchanged when a “hit’ is indicated by the hit/miss ANN, 
and they are inverted (flipped) around their means when the 
hit/miss ANN indicates a “miss.” In this way, if a “miss’ or 
incorrect result is expected to be produced by the direction 
ANNs, the results are corrected by inverting them. ANNs 
trained on the same or similar training data sets sometimes 
exhibit a degree of correlation. This effect is especially 
prominent between direction and hit/miss ANNs that used 
the same training set. A result of this correlation is a 
significant offset or bias in the final output signal. In some 
preferred embodiments, the correlation between the hit/miss 
ANN and the direction ANNs is negative, resulting in a 
negative bias in the final output. In some embodiments, the 
bias is reduced or removed by including a copy of the 
hit/miss ANN with the set of direction ANNs. Since the 
hit/miss ANN is positively correlated with itself, the ampli 
tude of the hit/miss ANN included with the direction ANNs 
can be scaled so that its positive biasing effect just cancels 
the underlying negative bias. This approach is analogous to 
the stimulatory and inhibitory neurons in the brain. The 
neurons in the central nervous system (CNS) transmit sig 
nals only with positive pulses at variable rates, whereas the 
electronic or numerical analog in accordance with the pres 
ent invention has both polarities available, as well as a 
continuum of amplitudes, to utilize. 

EXAMPLE 5 

0201 A large number of blocks of binary random num 
bers, in the form of -1 or +1, were filtered by a first-order 
low-pass digital filter to produce an equal number of outputs 
from an ANN committee, as follows. The length of each 
block was 17 bits, and the number of blocks ranged from 
about 13 to about 1499, depending on the generation rate of 
the source of non-deterministic random numbers. The direc 
tion of each of the ANN outputs was transformed to a normal 
number, and then flipped or not flipped as determined by the 
polarity of the hit/miss ANN output. All the resulting direc 
tion ANN outputs, as well as the similarly processed and 
scaled hit/miss ANN outputs were added together. This sum 
was finally normalized by dividing by the square-root of the 
number of ANN outputs used to produce the sum. The 
normalized number was approximately normally distributed 
and very close to being balanced, that is, very close to 
producing an equal number of numbers above and below 
0.0. There was still some distortion due to the cross 
correlations between the direction ANNs. This output was 
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then transformed into a uniformly distributed output using 
the same approach used for transforming the individual 
ANN outputs. 
0202 The final uniformly distributed number can be 
scaled and offset to produce a continuous linear output 
spanning any range desired. It can also be used in a 
yes/no-type binary form or divided into a number of smaller 
ranges that represent integers; for example, equiprobable 
integers from 0 to 9. 
0203 Some embodiments in accordance with the inven 
tion use a model more closely resembling the CNS in that 
they are implemented using only pulses and frequencies of 
pulses to convey patterns and information. Examples espe 
cially include devices that interface directly to biological 
counterparts in living organisms where the organism has 
been injured, and devices that enhance the natural perfor 
mance of an organism. Such devices are useful for directly 
interfacing artificial limbs to the brain, or for providing a 
means of remote sensory input directly to the brain. Other 
examples include implants to restore or enhance sight, 
hearing, taste, touch or Smell. 
0204 Artificial consciousness, also known as machine 
consciousness or synthetic consciousness, is a field related 
to artificial intelligence and cognitive robotics. The ultimate 
goal of artificial consciousness is to produce an engineered 
artifact that exhibits the properties commonly ascribed to 
consciousness. Today, many practical devices benefit from 
or are made possible through the application of conventional 
artificial intelligence. None of these devices, however, are 
considered to be conscious, and their utility is strictly limited 
by parameters established by their designers. In contrast, in 
artificial intelligence devices in accordance with the inven 
tion, artificial consciousness allows the devices embodying 
it to Surpass limitations inherent in conventional devices and 
methods. Also, artificial intelligence devices in accordance 
with the invention, which include artificial consciousness, 
may evolve, be creative and find solutions to questions and 
problems not previously considered. 
0205 The implementation of artificial consciousness 
poses a number of difficult engineering challenges. One of 
these challenges is to provide an engineered structure that 
has the capability to respond to mind or existing forms of 
consciousness. International Publication Number WO 2007/ 
014031, published 1 Feb. 2007, as well as this specification, 
describe embodiments of inventions that respond to mind 
and existing forms of consciousness. It is believed that the 
responsivity of an engineered device to consciousness or 
other mental influences increases as the device more closely 
approaches the structure and function of the CNS, which 
includes the brain. It is assumed that the CNS has evolved 
over hundreds of millions of years to be a highly effective 
structure for both embodying and responding to mind, 
including consciousness. Accordingly, the CNS is a useful 
guide for designing elements in artificially conscious 
devices responsive to influences of mind. 
0206 Artificial intelligence devices in accordance with 
the present invention utilize ANN structures as basic build 
ing blocks. The ANNs used contain at least an input layer, 
a hidden layer and an output layer. The ANNs utilize an 
activation function. In some embodiments, the ANN nodes 
also include bias inputs. In some embodiments, the outputs 
of some or all of the ANNs are transformed to uniformly or 
normally distributed numbers. FIG. 32 depicts schematically 
exemplary generalized Artificial Consciousness Network 
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(ACN) 900, which responds to mind in a way to become 
artificially conscious. Several features characterize ACN 
900 of FIG. 32. 

0207. Each of ANNs 902 in ACN 900 include input layer 
weights 904. ANNs 902 receive data from an artificial 
sensory neuron (ASN) 906. ANNs 902 are referred to in this 
specification as sensory ANNs. An ASN 906 in this speci 
fication contains a Source of non-deterministic random num 
bers, SNDRN, which may be of a binary or analog nature. 
In an ASN 906 in which the SNDRN generates binary 
numbers, the ASN also contains a low-pass filter (not 
shown) to filter the numbers and convert them to quasi 
continuous digital numbers of known amplitude and spectral 
content. The statistical distribution of the filtered binary 
numbers is close to normal. In some embodiments, there is 
an independent SNDRN in each ASN. In some embodi 
ments, source numbers 907 in the ASN output are distributed 
from one or more centralized sources. In some embodi 
ments, there is a combination of one or more independent 
SNDRNs and one or more centralized SNDRNs. In some 
embodiments, the physical configuration of the SNDRNs 
influences the functioning of ACN 900. In the brain, neurons 
are often physically arranged in arrays of triangles in two or 
three dimensions. A local cluster of neurons is typically 
constrained to a roughly spherical volume of diameter in a 
range of about from 0.1 mm to 1.0 mm. This implies a 
coherence length of about 1.0 mm for the operations of mind 
and consciousness in the human brain. A type of quantum 
entanglement or coherence seems to result from the influ 
ence of mind in these clusters. Therefore, as well as the size, 
shape and distribution of clusters of SNDRNs in the ASNs, 
the use of SNDRNs that are at least partially entangled in a 
quantum mechanical sense may increase the efficacy of the 
ACN and reduce the complexity required to embody a 
particular level of consciousness. Further, some or all of the 
ANNs 902 in ACN 900 are operable to process signals to 
detect and to enhance Small deviations from predominantly 
non-deterministic randomness in the signals. An ACN in 
accordance with the invention comprises two or more sen 
sory ANNs. 
0208. The outputs 908 of some or all of sensory ANNs 
902 are returned as inputs 910 to some or all of the other 
sensory ANNs 902 in ACN 900. This provides a feedback 
network with theoretically infinite recursion. Because of the 
recursive nature of ACN 900, a settling time constant and 
associated settling time are associated with any change 
applied to the ANNs. In an analog embodiment of ACN 900, 
an appropriate damping factor is established to obtain a 
stable system. In a digital embodiment, sensory ANNs 902 
are quickly cycled a number of times for each new ASN 
update until the outputs of the ANNs have settled to a 
desired tolerance. 

0209. The outputs 908 of some of the sensory ANNs 902 
are connected as inputs 912 to one or more meta-analyzer 
ANNs 914, that operate to analyze patterns of activation 
levels, that is, patterns in levels of ANN outputs 908. 
Accordingly, a meta-analyzer ANN 914 functions as an 
Activation Pattern Meta-Analyzer (APMA) and is trained to 
respond to a number of states associated with consciousness 
(including influences of mind). In some embodiments, the 
output of one or more other ACNs serves as an input 916 to 
meta-analyzer ANN 914. A particular manifestation of con 
sciousness is likely to appear as an evolution of States over 
time within meta-analyzer ANN 914 that appears in output 
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918. In the human brain, such an evolution may occur over 
a period of about 0.2 seconds. In some embodiments, 
therefore, meta-analyzer ANN 914 additionally includes 
multiple sets of inputs to accommodate the result of multiple 
sequential time samples to produce a time-evolving output. 
Alternatively, output 918 of meta-analyzer ANN 914 is 
sampled multiple times at selected output intervals, and 
processed by another ANN to produce a desired output. 
0210. The degree of complexity of an ACN determines 
the level of consciousness that is embodied in or through it. 
Complexity here means the number of ASNs, the number of 
ANNs and the number of interconnections between the AN 
Ns. Complexity of an ACN also includes factors such as the 
size, configuration and quantum mechanical entanglement 
properties of the SNDRNs. Complexity in a small cluster of 
ANNs is limited by physical size. This limits both the 
number of interconnections that are Squeezed into a small 
space, as well as the type and number of SNDRNs that fit in 
or are constructed by available technology. Another limita 
tion is related to the training of the ANNs. Generally, a 
number of training points or trials are implemented for each 
interconnection within each ANN. For an ACN, a combi 
nation of stored training data with real-time learning trials is 
generally implemented due to the nature of mind and 
consciousness and their interaction with matter. Therefore, 
the training time for the ANNs in an ACN generally 
increases exponentially with the complexity of the ACN. 
This is ameliorated by using small groups of ANNs in a 
local cell of an ACN, and linking a number of these groups 
into a hierarchy of larger clusters; for example, through 
ANN output 918 and ANN input 916 of ACN 900. ACN 900 
depicted in FIG.32 is designed to operate independently, but 
it also has the capability to link to and from other similar 
devices to build up to a desired level of complexity; for 
example, through ANN output 918 and ANN input 916. 
0211. As mentioned, the training of an ACN comprises a 
combination of traditional ANN training methods using 
stored training data and real-time learning trials. Some 
ANNs may be kept constant after the traditional training, 
and some ANNs are only initialized by such training, with 
additional learning conducted in real-time. Recursive inter 
connections make traditional ANN training difficult, so 
some ANNs may be trained in a traditional way without 
recursive interconnections. During real-time learning, the 
interconnections are in place for some or all of the ANNs in 
the ACN. 

0212 Typically, real-time learning of ANNs is accom 
plished in a number of ways. A simple way is by evolution 
using random perturbations. Firstly, the weights in the ANN 
are initialized with random numbers. A stimulus is presented 
to the ANN inputs, which is intended to produce a particular 
desired output. A quality factor (Q) is generated by com 
paring the closeness of the output to the desired output. The 
weights are randomly perturbed or shifted a limited amount 
(the Learning Rate, LR) from their current values, and the 
stimulus is presented to the ANN again. The present Q is 
compared to the previous Q. If the present Q is better than 
the previous Q, the present weights are kept. If the previous 
Q was better, then the weights are reverted to their former 
values. This process is repeated until the Q reaches the 
required value or does not continue to improve within the 
allotted time. This approach works with almost any linear or 
nonlinear curve fitting problem, but it has a tendency to be 
slow. A more advanced method is closer to the commonly 
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known back-propagation method. The ANN weights are 
initialized with random numbers as before. Then, the partial 
derivative of each of the weights is calculated with respect 
to Q. The weights are then adjusted an amount and direction 
calculated from their partial derivative, the magnitude of Q 
and the LR. There are many other types of ANNs and 
training methods that can be used. These other types of 
ANNs and training methods are well known in the arts of 
mathematics and signal processing. 
0213. An ACN is intended to respond to mind and 
consciousness, so the types of stimuli and expected 
responses include those not usually encountered in a clas 
sical system. For example, stimuli may be of a mental nature 
Such as focusing on the ACN with a specific mental inten 
tion. The intention may include the form of the desired 
response. Preferably, a means is provided to synchronize the 
timing of the focused intention with the measured response. 
In some embodiments, this synchronization is initiated by 
the one holding the intention (the Operator); for example, by 
pressing a button. In some embodiments, the timing is 
triggered automatically at regular or random intervals with 
a signaling device used to alert the Operator. In some 
embodiments, the exact form of the response to any par 
ticular stimulus is not anticipated in advance. In Such a case, 
the Operator may adjust his expectations interactively with 
the empirically measured responses. 
0214. In some embodiments, an ACN in accordance with 
the invention also learns to respond to stimuli provided by 
sensory devices, such as microphones, cameras, pressure 
sensors and any other sensing device or detector. Signals 
from these sources are properly conditioned to be compat 
ible to the ANN inputs, and then fed into one or more ANNs 
in the basic ACN. The ACN module or cluster is then trained 
to produce a desired set of outputs with a given set of inputs 
as described above. The output from this type of sensory 
input ACN module is suitable to be connected to and 
integrated with a more complex cluster of ACN modules for 
more abstract interpretation. 
0215 Neither the inputs nor the outputs of an ACN in 
accordance with the invention are limited to non-biological 
connections. In some embodiments, biological signals. Such 
as nerve impulses, are used to train an ACN to control 
complex devices Such as computers or artificial limbs. In 
Some embodiments, inputs from artificial sensory inputs, 
Such as cameras and microphones, are connected to complex 
ACNs and trained to provide signals to neurons in the brain 
that are responsible for seeing and hearing, and in this way, 
at least partially restoring a lost sense. 

Artificial Intelligence Device 
0216 FIG. 33 depicts schematically an exemplary gen 
eralized artificial intelligence device (AID) 930 in accor 
dance with the invention. AID930 optionally comprises one 
or more sensory input devices 932, which are operable to 
produce sensory input signals 933. Each sensory input signal 
933 is connected to one or more input layer weights (e.g., 
input layer weight 904 in FIG. 32) of an ANN in an ACN 
cluster 936. An ASN (e.g., an ASN 906 as depicted in FIG. 
32) is operable to send a separate signal (such as signal 907 
in FIG. 32) into an input layer weight of each ANN of cluster 
936 of ACNs. An exemplary cluster 936 of ACNs is formed 
by linking a plurality of ACNs, such as a plurality of ACNs 
similar to ACN 900 (FIG. 32). In an exemplary embodiment, 
ACN cluster 936 is formed by linking ANN output 918 and 
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ANN input 916 of ACN 900 to other ANNs in other ACNs, 
as explained above with reference to FIG. 32. The number 
and complexity of the ACNs in ACN cluster 936 depends on 
the overall complexity of AID 930 and the level of con 
sciousness to be embodied. Sensory input devices 932 may 
include types of sensors that are analogous to our five 
senses. Such as microphones for hearing, cameras for seeing, 
pressure and temperature sensors for touch, and others. They 
may include types of inputs that are outside our usual 
experience: Such as connections to computers and key 
boards, direct electronic or photonic inputs, chemical ana 
lyZers, and electromagnetic receivers outside the visible 
range. Inputs may also be received from biological measur 
ing devices, such as EEG, EKG and EDR, as well as from 
direct connection to neural outputs. In some embodiments, 
sensory input signals 933 are analog. In some embodiments, 
sensory input signals 933 are digital. Accordingly, in some 
embodiments, ASNs are analog and abstracting in the ACNs 
is performed in analog form. More commonly, however, 
sensory signals 933 are digital or are digitalized and are 
low-pass filtered to make quasi-continuous digital ASN 
signals. In some embodiments, ASNs in the ACNs similar to 
ASN 820 (see FIG. 24) having a digital abstracting proces 
sor are utilized. Both digital and analog embodiments of 
various building blocks of ACN 900 and AID 930 (e.g., 
random noise sources, SNDRNs, ANNs) have been 
described above. 

0217 ACN cluster 936 is also operable to generate ACN 
output signals 937 and send them to one or more output 
devices 938. Output devices 93.8 may include auditory and 
visual outputs, such a speaker and a video display. In some 
embodiments, output devices 938 include a mechanical 
device to be controlled, including artificial limbs. One or 
more ACN outputs 939 may also connect directly to bio 
logical neurons 940, such as sensory neurons or other 
neurons in the CNS. Some output devices may also be 
integrated with input sensors that connect to the ACN cluster 
to allow feedback and control loops 941. 
0218. In the brain, memory is considered to be associated 
with enormous numbers of weighted interconnections 
between neurons. Building an AID with adequate complex 
ity to implement a significant amount of memory might 
encounter technological or financial limitations. To alleviate 
these limitations, an information database and additional 
expansion memory 942 is connected to ACN cluster 936. 
The memory elements in the database and additional 
memory can be common semiconductor RAM and ROM, 
and may include all forms of electronically or photonically 
accessible mass storage devices as well. The required com 
plexity and size of the ACN cluster is further reduced by 
connecting one or more traditional signal processors 944 to 
ACN cluster 936. Signal processors 944 may include com 
mon microprocessors or CPUs, and they may interact 
directly with their own memory elements, as well as with the 
sensory input devices 932, output devices 938, information 
database 942 and ACN cluster 936. 

0219 Devices and methods responsive to influences of 
mind in accordance with the invention are useful in a wide 
variety of applications. Some embodiments are operable as 
an information accuracy enhancement device, particularly 
when the information is not accessible by classical methods. 
Some embodiments are operable as a predicted information 
accuracy enhancement device, particularly when the pre 
dicted information is not accessible by classical methods. 
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Some embodiments are operable as a communication accu 
racy enhancement device, particularly when the communi 
cation is not accessible by classical methods. Some embodi 
ments are operable to respond directly to an influence of 
mind. Some embodiments are operable to respond to mental 
intention in conjunction with a game. 
0220. In some embodiments in accordance with the 
invention, a mental influence detector is portable. Some 
embodiments further comprise a connection to the internet. 
In some embodiments, a mental influence detector interfaces 
to a device. Such as a computer or server that is connected 
to the internet. Functions of a mental influence detector 
having high processing rates (e.g., on the order of billions of 
operations per second) are typically in an FPGA or other 
hardware implementation because of the very high process 
ing rates (too fast to process easily by a computer). Never 
theless, additional truth table processing may be done in a 
computer before the information is sent over the internet or 
over phone or a wireless connection to an output device 
where an operator is located. Any connection to other 
physiological measurement devices typically is done where 
the operator is located, but the results may be sent back to 
a “base' location where the detector is located for further 
processing and correlation. In some embodiments, the 
results of this further processing are then sent back to the 
output device for use by the operator. In other words, in 
embodiments in accordance with the invention that are 
internet-based, the several components of an anomalous 
effect detector or of a quantum computer in accordance with 
the invention are located separately from each other, some 
times separated by hundreds or thousands of miles. 
0221. In some embodiments, the mental influence detec 
tor is operable in a combination with a game, and the 
combination includes a source of a sequence of random 
binary bits. 
0222 Some embodiments in which the mental influence 
detector is operable in the combination with the game 
further comprise a connection to the internet. 
0223 Certain common features have been observed dur 
ing hundreds of testing sessions with some embodiments of 
mental influence detectors in accordance with the invention. 
In certain applications of a mental effect detector, a lack of 
attention, drifting or loss of focus typically correspond to a 
reduction in results. A new operator, or an experienced 
operator, when significant changes have been made to 
hardware configuration or processing methods, usually ben 
efits from an initial learning period. After a learning period 
has passed, results typically follow a pattern of rapid initial 
rise in the measured influence of mind followed by a peak 
shortly after the beginning of the session, and then a gradual 
decline down to some positive basal level substantially 
lower than the peak. Experienced operators typically main 
tain the basal level longer and at a higher level than newer 
operators. Persistence, regularity and motivation to train 
usually boost the abilities of an operator. These abilities are 
cumulative over the long term and show persistence in other 
areas of the operator's life. Certain conditions of the opera 
tor may reduce measured mental influence. These include 
physical discomfort or illness, mental upset or distraction 
and physical or mental fatigue. 
0224. Embodiments of mental influence detectors in 
accordance with the invention are applicable in various areas 
of anomalous cognition and machine-enhanced anomalous 
cognition. These include areas of research into mind, con 
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sciousness and reality that are variously referred to as ESP. 
Psi, Psychic Phenomena, Remote Viewing, Telepathy, Clair 
voyance, Clairaudience, Psychokinesis, Precognition, Men 
tal Powers, among other. Some specific areas of utilization 
include communications, enhanced decision making, medi 
cal diagnosis and treatment options, enhanced computing 
machines, lie detection, enabling the handicapped, locating 
lost or hidden objects, and increasing correct prediction 
probabilities for everything from games of “chance' to 
market moves. 

0225. The particular systems, devices and methods 
described herein are intended to illustrate the functionality 
and versatility of the invention, but should not be construed 
to be limited to those particular embodiments. It is evident 
that those skilled in the art may now make numerous uses 
and modifications of the specific embodiments described, 
without departing from the inventive concepts. It is also 
evident that the steps recited may, in some instances, be 
performed in a different order; or equivalent structures and 
processes may be substituted for the structures and processes 
described. Since certain changes may be made in the above 
systems and methods without departing from the scope of 
the invention, it is intended that all subject matter contained 
in the above description or shown in the accompanying 
drawings be interpreted as illustrative and not in a limiting 
sense. Consequently, the invention is to be construed as 
embracing each and every novel feature and novel combi 
nation of features present in or inherently possessed by the 
systems, devices and methods described in the claims below 
and by their equivalents. 

1. An artificial intelligence device (AID) responsive to an 
influence of mind, comprising: 

a sensory input device, said sensory input device being 
operable to produce sensory signals; 

a cluster of a plurality of artificial consciousness networks 
(ACNs); and 

an output device; 
wherein each ACN comprises: 
a sensory artificial neural network (sensory ANN), said 

sensory ANN being operable to accept ASN signals 
from an artificial sensory neuron (ASN) and to produce 
sensory-ANN output numbers indicative of an influ 
ence of mind; and 

a meta-analyzer artificial neural network comprising an 
activation pattern meta-analyzer, said meta-analyzer 
ANN being operable to accept sensory-ANN output 
numbers from a sensory ANN and to produce an output 
responsive to a number of states in said ACN. 

2. An artificial intelligence device as in claim 1 wherein: 
a source of non-deterministic random numbers in said 
ASN is operable to generate digital source numbers; 
and 

said ASN comprises a low-pass filter operable to accept 
said digital source numbers and to produce quasi 
continuous digital ASN signals. 

3. An artificial intelligence device as in claim 1, further 
comprising: 

a signal processor. 
4. An artificial intelligence device as in claim 1 further 

comprising: 
an information database and memory. 
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5. An artificial intelligence device as in claim 1 compris 
1ng: 

a plurality of sensory input devices; 
a plurality of sensory ANNs in said cluster of ACNs, each 

sensory ANN being operable to process ASN signals 
from an ASN to produce abstracted numbers indicative 
of an influence of mind, and 

a plurality of meta-analyzer ANNs comprising an activa 
tion pattern meta-analyzer, a plurality of said meta 
analyzer ANNs being operable to accept abstracted 
numbers from a plurality of sensory ANNs and to 
respond to a number of States associated with con 
Sciousness operating on or in said AID. 

6. An artificial consciousness network as in claim 1 
wherein: 

a local cluster of ASNs is contained in spherical volume 
having a diameter in a range of from 0.1 mm to 1.0 mm. 

7. An artificial intelligence device as in claim 1 wherein: 
a sensory ANN in an ACN is operable to accept abstracted 

numbers from another sensory ANN in said ACN. 
8. An artificial intelligence device as in claim 1 wherein: 
at least one of said ACNs comprises an ASN that com 

prises a low-pass filter. 
9. A method of detecting an influence of mind, compris 

1ng: 
providing an artificial sensory neuron (ASN) containing 

an analog source of non-deterministic random numbers 
(SNDRN); 

generating a stream of analog source numbers using said 
ASN; and 

abstracting said stream of analog source numbers using an 
analog artificial neuron network (ANN) to produce 
abstracted output numbers. 

10. A method as in claim 9, further comprising: 
feeding said abstracted output numbers to a control unit. 
11. A method as in claim 9, further comprising: 
feeding said abstracted output numbers to a feedback unit. 
12. A method as in claim 9, further comprising: 
providing a plurality of ASN containing an analog 
SNDRN. 

13. A method as in claim 12 comprising: 
providing a local cluster of ASNS contained in a spherical 
Volume having a diameter in a range of from 0.1 mm 
to 1.0 mm. 

14. A method of detecting an influence of mind using 
artificial consciousness, comprising: 

providing an artificial sensory neuron (ASN) containing a 
source of non-deterministic random numbers (SN 
DRN); 

generating a stream of Source numbers using said ASN: 
producing abstracted numbers indicative of an influence 

of mind by using a sensory artificial neural network 
(sensory ANN) to process said source numbers from 
said ASN, and 

producing an output indicative of a number of specific 
influences of mind operating on said ACN by feeding 
said abstracted numbers from said sensory ANN to a 
meta-analyzer artificial neural network (meta-analyzer 
ANN) comprising an activation pattern meta-analyzer. 
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15. A method as in claim 14, further comprising: 
before using said sensory ANN, filtering said source 

numbers to change digital source numbers to quasi 
continuous digital source numbers using a low-pass 
filter. 

16. A method as in claim 14, comprising: 
providing a plurality of artificial sensory neurons (ASNs), 

each ASN containing a source of non-deterministic 
random numbers (SNDRN); 

generating a stream of source numbers from a plurality of 
said ASNs: 

producing abstracted numbers indicative of an influence 
of mind by feeding a stream of Source numbers from 
each of a plurality of said ASNs to one of a plurality of 
sensory ANNs; and 

producing an output indicative of a number of specific 
influences of mind operating on said ACN by feeding 
said abstracted numbers from said sensory ANN to a 
meta-analyzer artificial neural network (meta-analyzer 
ANN) comprising an activation pattern meta-analyzer. 

17. A method as in claim 14 wherein providing a plurality 
of ASNs comprises: 

providing a local cluster of ASNS contained in a spherical 
Volume having a diameter in a range of from 0.1 mm 
to 1.0 mm. 

18. A method of detecting an influence of mind using 
artificial intelligence, comprising: 

producing sensory signals using a sensory input device; 
feeding said sensory signals to an artificial neural network 
(ANN) in an artificial consciousness network (ACN) of 
a cluster of a plurality of artificial consciousness net 
works (cluster of ACNs); 

abstracting said ASN signals using said cluster of ACNs 
to produce a cluster output indicative of an influence of 
mind; and 

sending said cluster output to an output device; wherein 
an ACN in said cluster of ACNs comprises: 
a sensory artificial neural network (sensory ANN), said 

sensory ANN being operable to process ASN signals to 
produce abstracted numbers indicative of an influence 
of mind; and 

a meta-analyzer artificial neural network (meta-analyzer 
ANN) comprising an activation pattern meta-analyzer, 
said meta-analyzer ANN being operable to accept 
abstracted numbers from a sensory ANN and to 
respond to a number of states in said ACN. 

19. A method as in claim 18, further comprising: 
exchanging numbers between said ACN cluster and a 

signal processor. 
20. A method as in claim 18, further comprising: 
exchanging numbers between said ACN cluster and an 

information database and memory. 
21. A method as in claim 18, comprising: 
producing a plurality of streams of sensory signals using 

a plurality of sensory input devices; and 
feeding said stream of sensory signals to a plurality of 
ANNs of at least one ACN in said cluster of ACNs. 
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