
 

*Contact author: lizhi@xinvisionq.com
 

†
Corresponding author: kevin@xinvisionq.com 

 

 

On Scientific Discovery – A Decision-Machine Approach 
 

Lizhi Xin,1, * Kevin Xin,1, † 

 
1XINVISIONQ, INC., Chicago, Illinois 60607, USA 

 

ABSTRACT. Throughout the history of scientific discovery, the question of could a machine be able to find the laws 

of nature directly from observed data without relying on any prior information has been unimaginable until the 

emergence of modern-day computing and Artificial Intelligence. We develop a framework as an operator operation, 

evaluation, and optimization for a decision-machine to conduct scientific discovery: both nature’s “behavior” and the 

decision-machine’s “actions” are modeled with a formalized system under Hilbert Space; three inductive rules are 

utilized to evaluate the decision-machine’s performance; and the evolutionary algorithm is applied to optimize the 

best way to reconstruct the historical data and effectively predict its future. A simulated random dataset is used to 

show that the decision-machine is able to reasonably reconstruct the experimental data and effectively predict the 

future. Crucially, our developed framework is a versatile and experimentally feasible tool for conducting scientific 

discovery by machine that has broad implications for forecasting, AI for science, and fundamental scientific discovery 

of the natural and social sciences. 

 

I. INTRODUCTION. 

The essence of scientific discovery is to seek out the 

laws that govern nature as effectively as possible; in 

which there are four main parts that comprise of all 

generic scientific discovery – nature, observer, 

measuring instrument, and the observed data. Nature 

is what is being studied, its infinite possibilities are the 

main objective of scientific discovery. The observers 

are who that’s conducting the studying, their proposed 

hypothesizes are the subjective of scientific discovery. 

The measuring instrument is the tool of scientific 

discovery, and is the apparatus that directly interacts 

with nature to record data. Observed data is the 

medium of scientific discovery, the data that’s 

recorded by the apparatus is the main target for the 

observer when studying nature [1-3]. 

 

Under the current established scientific method, the 

goal of the observer is to find the laws of nature by 

proposing a hypothesis, formulating experiments, and 

validating the original hypothesis [4-6]. For these 

hypothesis’ to be considered sufficient enough to 

become a theory, they have to meet two simple criteria: 

1) reconstruct the experimental data, and 2) make 

effective forecasts of future data. 

 

There are three main parts for the observer when 

conducting scientific discovery: observed data X, 

proposed hypotheses H, and validation criteria V. 

 

1) X: {x1, x2, ⋯ , xn}: The observer’s medium of 

scientific discovery. 

2) H: {h1, h2, ⋯ , hn}: The proposed hypotheses of 

the observer. 

3) V: {v1, v2, ⋯ , vn}: The metric used to validate 

the proposed hypothesis. 

 

With the rise of computing power and artificial 

intelligence, the question of whether a machine could 

discover the laws of nature has become how – in which 

we ask: 

 

Could we develop a machine to find the laws of nature 

directly from observed data by means of data-driven 

machine learning without relying on any prior 

knowledge? 

 

In this Letter, we propose a framework to develop a 

decision-machine to conduct scientific discovery in 

three distinct parts. 

 

First, a formalized symbol framework to describe both 

nature’s “behavior” and the decision-machine’s 

“actions” is defined; second, follow three 

predetermined inductive rules to evaluate the decision-

machine’s performance; and third, continually 

optimize the scientific discovery process with an 

evolutionary algorithm. 

 

A simulated random-walk dataset is generated for the 

decision-machine to “study”. We show that the 

decision-machine is able to reconstruct its historical 

data with a MAE of 4.26 and produce 3 forecasts with 

MAE of 8.74, 6.9, and 6.43; and MAPE of 9.66, 7.06, 

and 6.82. Remarkably the decision-machine is able to 

produce a better MAE than traditional methods in 

reconstructing the historical data, and is able to 

produce a better MAE and MAPE on average when 

forecasting future data. 

 

II. SETUP 

We consider a generated one dimensional randomly 

fluctuating dataset; which is generated by a predefined 

program following two simple rules: 
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1) Randomly generate 1 or -1; if 1 then the 

succeeding point will be greater than the 

preceding one; if -1 then the succeeding point will 

be lesser than the preceding one. 

2) Randomly generate a number from  {1~9}; this 

number will be the distance between the two 

subsequent (consecutive) data points. 

 

The program generates 35 data points with the starting 

point x0 of 100 as in (1). 

 

x0 = 100 (1a) 
xk+1 = xk + Rand(−1,1) ∗ Rand({mi}) (1b) 

 

Where Rand(−1,1)  represents the algorithm either 

randomly generates 1 or -1; {mi} = {1,2,⋯ ,9} ; 

Rand({mi})  represents randomly select a number 

from {1,2,⋯ ,9}. 
 

This generated dataset is then used as the raw data the 

decision-machine will study, reconstruct, and 

subsequently produce effective forecasts of. The 

generated dataset is split into two respective portions 

– training and verify. Of the 35 points, 1-29 is used as 

training and 30-35 is used as verify data. 

 

III. MODEL 

For the data generated, and for any one-dimensional 

sequential data in general, there are two main 

characteristics – 1) the succeeding point either moves 

up or down relative to the preceding point; and 2) there 

is a certain distance (change of movement) between 

the successive points. The main problem for the 

decision-machine conducting scientific discovery is 

how to successfully find both the trend movement and 

the distance movement of nature; in which nature does 

not tend to laminate all the information regarding these 

two characteristics. 

 

For human observers, traditional scientific discovery 

has strictly followed an entity – properties – structure 

approach, one which has led to the formulation of 

concepts of force, energy, and wave-function, etc.; this 

approach has widely used differential equations to 

formulate a function for describing natural phenomena. 

However, nature’s “behavior” tends to be “chaotic”, 

and the uncertainty of the real world makes it difficult 

to directly find a function that can explain all observed 

phenomena. 

 

From an information perspective, the decision-

machine will conduct scientific discovery abiding by 

an event – information – operation approach; events 

present the decision-machine with information not 

property. With event being what is studied, 

information being the message “passed along” 

between nature and the decision-machine, and 

operation being the series of “actions” performed by 

the decision-machine to learn more about nature. 

 

Instead of directly attempting to formulate a function, 

we can transform the observed dataset into an event 

series, with each subsequent data point and the 

distance between successive points representing an 

event “performed” by nature as in (2). 

 
{e1, e2, ⋯ , en} (2a) 

ek = (q1|q2, Δxk) (2b) 
 

Where {e1, e2, ⋯ , en}  are the corresponding event 

series of the observed data points {x1, x2, ⋯ , xn}; ek 

represents a given point in the event series; q1 

represents the succeeding point is greater than the 

preceding point (up), q2  represent the succeeding 

point is less than the preceding point (down), and Δxk 

is the distance between the two successive points. 

 

For the decision-machine to study the dataset and 

simulate nature, there are also two main characteristics 

– 1) “guess” whether the data will trend upwards or 

downwards, and 2) calculate the specific distance 

between the successive points as best as possible; the 

decision-machine’s “actions” to simulate nature’s 

movement are represented as an action sequence in (3). 

 
{a1, a2,⋯ , an} (3a) 

ak = (g1|g2, Δxk
′ ) (3b) 

 

Where {a1, a2,⋯ , an}  is the corresponding action 

sequence that can be taken by the decision-machine; 

ak represents a given point in the action sequence, g1 

represents the decision-machine “guesses” that the 

data trends up, g2  represents the decision-machine 

“guesses” that the data trends down, and Δxk
′  is the 

distance between two successive points calculated by 

the decision-machine. 

 

To model both nature’s event and the decision-

machine’s “action” under one formalized framework, 

the first three axioms of quantum mechanics are 

utilized [7-10]. 

 

The two orthogonal possible states of an event ek (up 

or down) and an action ak  taken by the decision-

machine (“guess” up or down) can be represented by 

a superposed state in Hilbert Space. 
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Nature’s event ek becomes (4). 

 

|ek⟩ = c1|q1⟩ + c2|q2⟩ (4) 
 

Where q1  represents upwards; q2  represents 

downwards. ω1 =  |c1|
2  is the objective frequency 

that the event moves upwards; ω2 =  |c2|
2  is the 

objective frequency that the event moves downwards. 

 

The decision-machine’s action ak becomes (5). 

 

|ak⟩ = d1|g1⟩ + d2|g2⟩ (5) 
 

Where g1  represents the decision-machine “guesses” 

upwards; g2 represents the decision-machine “guesses” 

downwards. p1 = |d1|
2  are the decision-machine’s 

“degree of beliefs” that the event moves upwards; 

p2 = |d2|
2  are the decision-machine’s “degree of 

beliefs” that the event moves downwards. 

 

For the decision-machine to reconstruct the observed 

dataset, corresponding density operators must be 

defined. 

 

The observable (density operator) of nature’s event is 

in (6). 

 
ρevent = |ek⟩⟨ek| = ω1|q1⟩⟨q1| + ω2|q2⟩⟨q2|

+c1c2
∗|q1⟩⟨q2| + c1

∗c2|q2⟩⟨q1| (6)
 

 

Where the first term denoting the event moves 

upwards; the second term denoting the event moves 

downwards. The “quantum interference term” (third 

and fourth terms) shows that for future events that 

have not happened yet the movement of the event can 

be superposed in a state of “both” upwards and 

downwards; however, this “superposed state” is not a 

physical representation that the event is 

“simultaneously” moving upwards and downwards, it 

only represents that the movement of the event is just 

undeterminable. 

 

The observable (density operator) of the decision-

machine’s actions is in (7). 

 

ρoperation = |ak⟩⟨ak| = p1|g1⟩⟨g1| + p2|g2⟩⟨g2|

+d1d2
∗ |g1⟩⟨g2| + d1

∗d2|g2⟩⟨g1| (7)
 

 

Where the first term denoting the decision-machine 

“guesses” that the event will move upwards; the 

second term denoting the decision-machine “guesses” 

that the event moves downwards. The third and 

fourth terms shows that the decision-machine cannot 

“determine” whether the event moves upwards or 

downwards, in which it has not “decided” to “take” a 

corresponding “action” yet. 

 

ρevent and ρoperation signifies the undetermined 

superposition state. Once it’s “measured”, an event 

actually takes place and the decision-machine takes 

an “action”, a projection happens as (8) and (9). 

 
ρevent → ρevent

′ =

ω1|q1⟩⟨q1| + ω2|q2⟩⟨q2| (8)
 

ρoperation → ρoperation
′ =

p1|g1⟩⟨g1| + p2|g2⟩⟨g2| (9)
 

 

The data series {x1, x2, ⋯ , xn} is reconstructed as in 

(10) with ρevent that simulates nature’s “behavior”. 

 

xk+1 = xk + Sign(ρevent) ∗ |xk − xk−1| (10a) 

Sign(ρevent) = {
1, ρevent = 0

−1, ρevent = 1
(10b) 

 

Where ρevent = 0 represents that the event moves 

upwards; and ρevent = 1 represents that the event 

moves downwards. 

 

ρoperation is utilized by the decision-machine to 

calculate nature’s position {x1
′ , x2

′ , ⋯ , xn
′ } as in (11). 

 

xk+1
′ = xk

′ + Sign(ρoperation) ∗ Δx̅̅ ̅

+∑Rand(−1,1)

N

k=2

Δk̅̅ ̅x k⁄ (11a)
 

Sign(ρoperation) = {
1, ρoperation = 0

−1, ρoperation = 1
(11b) 

 

Where Δx̅̅ ̅  represents the average of the first-order 

distance of the event’s position; Rand(−1,1) 
represents the decision-machine either randomly 

generates -1 or 1; Δk̅̅ ̅x represents average of the kth-

order distance of the event’s position; ρoperation = 0 

represents the decision-machine “guesses” that the 

event will move upward; ρoperation = 1 represents the 

decision-machine “guesses” that the event will move 

downward. 

 

The decision-machine applies ρoperation to perform 

an “action” that simulates nature's behavior by 

“deciding” whether the event will move upwards or 

downwards. The main goal of ρoperation is to “guess” 

as correct as possible compared to nature’s ρevent 
with the greatest confidence. For each event of nature 

ek, the decision-machine’s corresponding ak should 
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aim to be correct with the greatest confidence (p1 =
p2 = 1). If this is achieved, then the decision-

machine is able to simulate nature’s events series 

perfectly every single time. 

 

If the position series {x1
′ , x2

′ , ⋯ , xn
′ } calculated by the 

decision-machine perfectly overlaps with nature’s 

position series {x1, x2, ⋯ , xn} , then the decision-

machine “discovers” the “kinetic laws” of nature. 

 

IV. EVALUATION 

We term the density operator ρoperation  as the 

operation operator; ρoperation  is utilized by the 

decision-machine to simulate nature’s event ρevent ; 
ρoperation  can be constructed with the data set and 

operation set as in (12). For more details see Xin, et al 

[11-15]. 

 

Data set:

{
 
 
 

 
 
 H =

1

√2
[
1 1
1 −1

] , X = [
0 1
1 0

]

Y = [
0 −i
i 0

] , Z = [
1 0
0 −1

]

S = [
1 0
0 i

] , D = [
0 1
−1 0

]

T = [
1 0
0 eiπ 4⁄ ] , I = [

1 0
0 1

] }
 
 
 

 
 
 

(12a) 

Operation set: {+,∗, ⋁} (12b) 
 

The operation operator takes the final form of a logic 

tree. ρoperation traverses through each observed event 

by guessing whether the event will trend upwards or 

downwards with a certain degree of beliefs. In order to 

evaluate how well the decision-machine performs, 

three inductive rules (IR) are defined for it to follow: 

 

1) Similarity degree (SD): how well the decision-

machine's predicted result coincides with the 

actual event that happened. 

2) Effective operational level (EOL): how 

confident and accurate the decision-machine 

predictions are. 

3) Consistency: how consistent the decision-

machine is when making predictions to assure 

relative effectiveness and objectiveness. 

 

1. Similarity Degree  

After the decision-machine traverses through the 

entire dataset and makes a respective “guess” at each 

point, the similarity degree is the ratio of all the correct 

predictions made by the decision-machine and all of 

the total predictions made as in (13). 

 

SD =
Ncorrect

Ntotal
⁄ (13) 

 

The similarity degree reflects how accurate the 

operation operator “guesses” of the event’s movement 

direction is. If SD = 1 then the decision-machine can 

simulate nature completely; if SD = 0  then the 

decision-machine knows nothing about nature; most 

times SD will be in between 0 and 1. 

 

2. Effective Operational Level  

There needs to be an “incentive” for the decision-

machine to “guess” the correct corresponding action 

of nature’s “events”; in which a reward and deficit 

system can be introduced based on the four possible 

outcomes as in (14); ρ′ is the complex system of 

nature’s events and the decision-machine’s actions. 

 
ρ′ = ρevent

′ ⨂ρoperation
′ = ω1p1|q1⟩⟨q1|⨂|g1⟩⟨g1| +

ω1p2|q1⟩⟨q1|⨂|g2⟩⟨g2| +

ω2p1|q2⟩⟨q2|⨂|g1⟩⟨g1| +

ω2p2|q2⟩⟨q2|⨂|g2⟩⟨g2| (14)

 

 

Where the first term denotes the decision-machine 

predicts correctly that the event is going upwards; the 

second term denotes the decision-machine predicts 

incorrectly as the event is going upwards; the third 

term denotes the decision-machine predicts 

incorrectly as the event is going downwards; the 

fourth term denotes the decision-machine predicts 

correctly that the event is going downwards. 

 

At any given point, when the operation operator has 

“guessed” and compared it with the event that 

actually happened; in which there is only four 

possible outcomes as in (15). 

 

rk =

{
 

 
ω1p1|xk − xk−1|

−ω1p2|xk − xk−1|

−ω2p1|xk − xk−1|

ω2p2|xk − xk−1|

(15) 

 

Where the first and fourth terms represent that the 

operation operator “guessed” correctly; and the 

second and third terms represent that the operation 

operator “guessed” wrong. 

 

To ensure that the decision-machine is able to 

accumulate experience for every prediction made, it 

has to strictly follow the predefined system of reward 

and deficit; if correct then it is rewarded, otherwise a 

deficit is incurred [16-17]. 

 

The total expected returns by the decision-machine 

then becomes as in (16). 
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Rreturns =∑rk

N

k=1

(16) 

 

The maximum expected returns becomes when the 

decision-machine always “guesses” correctly at any 

given point with the greatest confidence as in (17). 

 
max Rreturns =

∑ω1|xk − xk−1|

up

+ ∑ ω2|xk − xk−1|

down

(17) 

 

Where the first term represents that the decision-

machine accumulates rewards when the event trends 

upwards; the second term represents that the 

decision-machine accumulates rewards when the 

event trends downwards. 

 

The effective operational level is then defined as the 

ratio of the actual expected returns and the maximum 

expected return as in (18). 

 

EOL =
Rreturns

maxRreturns
⁄ (18) 

 

Effective Operational Level is used in conjunction 

with Similarity Degree to ensure that the operation 

operator ρoperation is able to “guess” correctly with 

the greatest degree of confidence. 

 

If the decision-machine can simulate nature correctly 

with the greatest confidence, then EOL is 1; if the 

decision-machine is very confident in its “guesses” 

even though it simulates nature completely wrong, 

then EOL is -1. When EOL is 0, then neither a 

reward or deficit is incurred to the decision-machine; 

and when EOL is greater than 0, then that means the 

decision-machine is rewarded and subsequently 

found valuable information. 

 

3. Consistency  

A comparison to traditional statistical methods is made 

with the Mean Average Error (MAE). The MAE of 

traditional methods are defined in as (19). 

 

MAEmean =∑|x̅ − xk|

N

k=1

N⁄  (19) 

 

Where x̅ is the actual mean value of {xk} of the 

observed time series data. 

 

The MAE of the decision-machine is defined as in (20). 

 

MAEDM =∑|xk
′ − xk|

N

k=1

N⁄  (20) 

 

Where xk is the actual observed position, xk
′  is the 

position calculated by the decision-machine. 

 

In order to evaluate the consistent effectiveness of the 

decision-machine’s predictions, predetermined 

threshold levels of SD, EOL, and MAE are set. While 

these levels can be adjusted, in order to obtain the 

effective operation operator, we’ve set them as 

follows: 

 

1) The similarity degree needs to be greater than 

the threshold value (SD>0.8). 

2) The effective operational level needs to be 

greater than 0 (EOL>0.3). 

3) The MAEDM should be less than the MAEmean. 

 

V. OPTIMIZATION 

In order for the decision-machine to conduct effective 

scientific discovery, the question that must be asked is: 

 

How can an effective ρoperation  be obtained where 

SD > 0.8, EOL > 0.3, and MAEDM < MAEmean? 

 

We cannot hope for the decision-machine to be able to 

randomly generate a ρoperation  and fulfill the 

predetermined levels of SD, EOL, and MAE by “pure 

luck”; just as Feynman said he didn’t believe a 

machine could find theories on its own [18]. 

 

The evolutionary algorithm [19-21] is used to optimize 

the process of finding the most effective operation 

operator that fulfills the consistency criteria. Without 

the continual optimization and refining done by the 

evolutionary algorithm, the decision-machine would 

just be a “blind guesser”. 

 

The evolutionary algorithm first generates a 

population of 300 operation operators and calculates 

the fitness of each one. After the initial structural 

change of each operation operator through crossover 

and mutation, the population is then ordered by levels 

of “fitness”; the “fitter” ones are selected and 

“parented”, subsequently producing offspring; the 

next generation is then ordered again by levels of 

“fitness”, and the process of crossover, mutation, and 

selection is reinitiated. This leads to an iterative 

generation after generation of evolution, that 

hypothetically should eventually produce the “fittest” 

operation operator. 
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The evolutionary algorithm is suited for solving the 

optimization problems of complex and uncertain 

environments – the more uncertain it is the more of an 

advantage the evolutionary algorithm has. The 

evolutionary algorithm balances exploration and 

utilization very well, i.e. it’s able to keep the existent 

most optimal solution (stored in the entire population 

as whole instead of in a single individual) as well as 

utilize crossover and mutation to explore even more 

optimal solutions; or in other words to utilize the 

already existent valuable information as well as build 

up on new unknown available information. 

 

Throughout the process of obtaining the most effective 

operation, the decision-machine first starts off 

knowing nothing about nature, but throughout 

continuous evolution, the “fittest” operation naturally 

arises, which should be the one that fulfills the 

predetermined levels of SD, EOL, and MAEDM. 

 

The most effective operation operator ρoperation 

evolved by the evolutionary algorithm in this study as 

in (21). 

 
ρoperation =

((X ∨ (((T + S) ∨ D) ∗ ((Z + (X + Z)) ∗ (((Y ∨ Y) ∨ I) ∨ H)))) + H)(21)
 

 

This effective operation operator outputted becomes 

the one that aids the decision-machine in 

reconstructing the historical data and producing 

effective forecasts. 

 

VI. DATASET 1 – TRAINING 

Datapoints 1-29 of the generated dataset by (1) are the 

training data that the decision-machine “studies”. 

 

Figure 1 shows the graphical results produced; Table I 

shows the numerical values of the fitting results as 

produced by the decision-machine. 

 

 
FIG 1. Fitting results graph produced by the decision-

machine. 

 

 
TABLE I. Numerical fitting results produced by the 

decision-machine. 

 

In Figure 1, the blue line is the raw data; the yellow 

line is the reconstructed fitted data by the decision-

machine. 

 

In Table I, the columns are: column 1 are the labels; 

column 2 is the direction of the raw data (0 trend 

upwards, 1 trend downwards); column 3 are the 

positions of the raw data; column 4 are the decision-

machine’s “decisions” (0 “decide” upwards, 1 “decide” 

downwards); column 5 are the decision-machine’s 

degree of beliefs; column 6 are the calculated positions 

by the decision-machine; and the numbers highlighted 

in red are the incorrect decisions made by the decision-

machine. 

 

Label Q X A P X'

1 92 92

2 0 99 0 0.57 98

3 1 95 1 0.5 95

4 0 99 0 0.5 101

5 0 102 0 0.5 104

6 0 106 0 0.5 107

7 0 115 0 0.5 110

8 0 117 0 0.5 116

9 1 114 0 0.57 119

10 1 112 1 0.5 116

11 1 105 1 0.5 110

12 0 110 0 0.73 116

13 0 113 1 0.5 113

14 0 120 0 0.5 119

15 1 113 1 0.5 113

16 1 112 1 0.5 110

17 1 109 0 0.5 113

18 0 113 0 0.5 116

19 1 112 1 0.5 113

20 1 111 1 0.5 110

21 1 106 1 0.43 104

22 0 110 0 0.73 110

23 1 105 1 0.5 104

24 0 107 0 0.5 107

25 1 98 1 0.5 101

26 0 101 1 0.5 98

27 1 96 1 0.5 95

28 0 105 0 0.5 101

29 1 97 1 0.5 95
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VII. DATASET 2 – VERIFY 

Datapoints 30-35 of the generated dataset by (1) are 

used as the verify dataset and are subsequently 

forecasted by the decision-machine. This dataset is 

termed verify because the decision-machine produces 

three forecasts of datapoints 30-35 without actually 

knowing what the exact values are; after the forecasts 

are made the predicted values are then compared to the 

actual generated points 30-35. 

 

Figure 2 shows the graphical results of the three 

forecasts; Table II shows the numerical results of the 

three forecasts as produced by the decision-machine. 

 

 
FIG 2. The three predictions (a)-(c) produced by the 

decision-machine; (a) Forecast 1; (b) Forecast 2; (c) 

Forecast 3. 

 

Label Position Mean F1 F2 F3 Average
30 101 106 100 94 94 106.9
31 105 106 103 100 100 107.4
32 99 106 100 94 103 107.8
33 100 106 106 88 97 108.1
34 93 106 112 85 100 108.4
35 85 106 109 82 97 108.9  

TABLE II. Results of the verify dataset. 

 

In Figure 2, (a), (b), and (c) are the three corresponding 

graphs of each forecast; the blue line is raw data; the 

yellow line is the predicted position; and the red line 

is the average of 1000 forecasts by the decision-

machine. 

 

In Table II the columns are: column 1 are the labels; 

column 2 are the raw positions; column 3 are the 

traditional predictions; columns 4-6 F1-F3 are the 

three predictions produced by the decision-machine; 

column 7 is the average of 1000 forecasts. 

 

VIII. RESULTS ANALYSIS 

The SD, EOL, and MAE as calculated by the decision-

machine and the comparison to traditional methods are 

shown in Table III; the MAE and MAPE of the 

traditional methods, and three forecasts produced by 

the decision-machine are shown in Table IV. 

 

 
TABLE III. Evaluation metrics of the fitting results. 

 

MAE MAPE
Traditional 8.83 9.61
Forecast 1 8.74 9.66
Forecast 2 6.9 7.06
Forecast 3 6.43 6.82  
TABLE IV. MAE and MAPE of traditional 

methodologies and three decision-machine predictions. 

 

In Table III, the MAEDM  of 4.26 is less than the 

traditional methods MAEmean  of 5.73; where the 

consistency conditions are met by the outputted 

ρoperation in (21); in which the SD is 0.86 and the EOL 

is 0.42. 

 

In Table IV, the average MAE and MAPE of the 

three decision-machine’s predictions are 7.35 and 

7.84 respectively, both better than traditional 

methodology’s MAE of 8.83 and MAPE of 9.61. 

 

As seen in Table I, the four values highlighted in red 

reflects the four incorrect “guesses” made by the 

decision-machine; where the probability that the 

decision-machine “believes” the entity moves 

upwards is 54% on average; the probability that it 

“believes” the entity moves downwards is 49% on 

average; which leads to a slight increase in the average 

produced shown in Table II. 

 

In Table II, the average of 1000 forecasts produced 

by the decision-machine as shown in the Average 

column is fairly close to the mean of 106 produced 

SD EOL MAE
Decision-machine 0.86 0.42 4.26
Traditional X X 5.73
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by traditional methods, which shows that the 

decision-machine’s produced results encompass 

those of traditional statistical ensemble results. 

 

When it comes to describing phenomena engaged in a 

random walk, traditional methods resort to using a 

statistical ensemble – attempting to produce a forecast 

for a single event is completely given up and only a 

probability distribution of where an entity might be is 

produced. By applying our methodology, the decision-

machine is able to produce a forecast of the trajectory 

of a single event. 

 

We’d like to emphasize that a so-called effective 

forecast of the future doesn’t necessarily always 

mean it is an accurate forecast, because no one can 

predict what will happen in the future; an effective 

prediction is just means of one that complies with a 

consistent rule of induction, in which it performs 

reliable and reasonable predictions; the accuracy of a 

prediction can only be evaluated until after what it 

attempted to predict has actually happened, in which 

the original prediction is then compared to the actual 

event. 

 

IX. CONCLUSIONS 

We have developed a framework for the decision-

machine to conduct scientific discovery automatically 

as an operator operation, evaluation, and 

optimization. Our proposed framework consists of 

three distinct parts: (1) an abstract formalism is the 

logic skeleton of the decision-machine to perform 

“deductive inference”; (2) the correlation between the 

abstract formalism and the observable phenomena is 

expressed by the three inductive rules; (3) the 

evolutionary algorithm is used to optimize the 

process of scientific discovery conducted by the 

decision-machine. 

 

Using the example of a completely random-walk like 

one dimensional time series dataset, the decision-

machine is able to geometrically reconstruct any 

curve and effectively predict its future by self-

learning and self-adapting with the evolutionary 

algorithm. Furthermore, compared to traditional 

methods, the decision-machine doesn’t attempt to 

describe nature fully in terms of differential equations 

and don’t rely on statistical ensembles, and are able 

to produce single-event forecasts. 

 

Future studies will include expanding our decision-

machine to other real-world datasets in the natural 

and physical sciences. 

 

Lastly, we are not attempting to create a fully perfect 

omnipotent machine to accurately predict the future, 

but rather a self-learning and self-adapting machine to 

“deal with” nature’s creative evolution that can cope 

with the problems that even the machine designer 

cannot foresee. 

 

Scientific discovery isn’t just about backtracking the 

past and to predict the future but more importantly it’s 

about challenging the uncertain, ever-changing, 

modifiable nature. We shouldn’t naively believe that 

nature is static and there is some simple final structure 

“sitting” somewhere for us to find, scientific discovery 

is more about finding the unknown of the unknown. 
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