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Objective 

ADC has successfully invented and developed a new learning architecture for dynamic system to 

facilitate: 

• Fast and effective learning a regardless number of sample data. 

• Sequential learning to learn new objects without interfering with the previous learning 

knowledge. 

• Self-learning autonomy and adaptive mechanism to reach the learning goal. 

These features enable the intelligent system where the perception and cognition can be equipped 

with in situ, online, autonomy and self-adaptive learning.  

This learning algorithm will friendly allow us to implement as system-learning-on-a-chip 

(SLOAC) in a silicon wafer for edge and mobile device to meet the real-time dynamic 

environment tasks.  

Background 

In AI perspective, there are three typical types of learning algorithm and architecture: Supervised, 

Unsupervised and Reinforcement learning. Each of them approaches different style of view for 

each problem in architecture, learning algorithm and objective. In this white paper, we are 

addressing an approach related to the supervised learning-Backprop (BP) which is a fundamental 

supervised learning algorithm and is used in the famous Deep learning architecture.   

BP is a competitive learning by comparing between each class during learning samples hence it is 

aiming to construct the decision boundary as a goal during learning. BP faces several obstacles 

such as. 

1. Requiring a predetermined architecture via experimental trials e.g., number of hidden 

layers and units to ensure the network can learn conversely. Luckily, Deep learning has its 

own as a blanket architecture hence, it is not optimal in computing power, data samples 

and learning time.   

2. Guessing a learning rate and it is often started with very small number due to that there 

exist several identical learning weight subspaces from which, if learning rate is not small 

enough, the learning trajectory can travel from one identical sub-space to another to 

introduce an un-converged learning problem. 

3. Having data readiness where all data sets for each class must be ready to be learning 

competitively. When new data sets or additional data sets of the previous learned class 

arrive, it requires to the network to start all over from the scratch. 

4. Consuming learning time due to competitive learning, experimental architecture, learning 

rate experiment, and huge data set requirement as “second wave” AI techniques. 

5. Learning convergence, which is always a problem for any leaning, especially for BP.  BP 

is more suitable for manual learning approach where human is needed in the loop.  

 



These obstacles such as requiring a good care during learning, beyond of constrained time and 

abundant and ready all training data may inhibit to enable the machine intelligence where the 

learning must take place when needed in the dynamic environment without manned interference.  

Kernel Support Vector Machine (KSVM)  

SVM is well known and well established for a linear separable technique invented by Vladimir 

Vapnik et al.  Subsequentially, it is expanded into non-linear mapping as Kernel SVM.  There are 

several concerns as follows: 

 Decision Boundary from SVM is determined by a few boundary samples data of between 

classes and ignoring other samples from which it is a sub-optimal solution in sample 

knowledge data even though it can provide the maximum the noise margin between them. 

 Kernel mapping for SVM is not an autonomous process; hence it may require human 

interference. 

From two well-known approaches, BP and KSVM may be far from approach-equipped 

intelligence where autonomous, adaptive, in situ and online learning are required to enable the 

perception and cognition. 

ADC has a vision for intelligent learning, which may require as follows: 

 In hand sample data even single sample or a few shot samples (Less Memory) 

 Sequential class learning when data is available (Data Availability) 

 Learning in a timely manner (Fast Learning) 

 In situ and online learning (Effective Learning) 

 Adaptive and autonomous unmanned learning mechanism (Self Learning). 

 

These features are equipped for machine intelligence and limited SWaP environment such as edge 

and mobile computing platform. 

Solution 

Adaptive Computation LLC has successfully invented a Dynamic Supervised Learning (DSL)—

new learning architecture which is relying on data distribution instead of decision boundary and 

non-competitive learning algorithm from which it enables: 

✓ Fast learning, which is at least n times (n is number of class) 

✓ Sequential leaning which is corresponding to the data arrives without interference with the 

previous learning (without restarting from the scratch).  

✓ Autonomous, adaptive and unmanned learning in near real-time capability to integrate new 

classes, updated sample data.  

✓ Less constrained number of sample data 

✓ In situ and online learning 

 



The DSL is based on Cascade Error Projection algorithm (CEP) supported and developed for 

NASA mission1. 

CEP architecture that is adopted from Cascade Correlation from Scott Fahlman at CMU is 

aiming to hardware implementation on a chip where less memory, less computation and low-bit 

resolution are key parameters while maintaining its performance.  

This study is conducted in two aspects: 

1. Empirical studies 

2. Object recognition. 

Simulation results 

a) Sequential Learning (SL) for Different Data Set Available in Time Slot 

The key study for the SL is to demonstrate that DSL can sequentially learn one class after 

another without any interference with the previous learning.  This is resembling to our brain 

learning thing: non-competitive one with others in visual sense. When the adding class faces its 

difficulty to learn correctly, the adaptive feedback mechanism is automatically activated to adapt 

a new strategy to achieve the mission.  

The training data are provided in the attachment below.  

In this study, we first start with two classes and sequentially add one and another class into the 

network without touching to the previous learning.  After adding each new class learning, we 

evaluate the overall performance to ensure that the new adding class is properly fine-tuned in an 

adaptive manner until it fits well together.  It performs perfectly well as anticipated for each step 

discussed below.   

       

Step 1: Learning two distributions 

We have two data sets for class red and green shown in Table III data and in Figure 1a.  After 

CEP learning, the result plot in 3-D is shown in Figure 1b.  The red area belongs to class red 

data, and the green belongs to green data set and its 2-d performance is in Figure 1c with 100% 

learning correct.  The decision boundary is a sub-sequential result (not primary object of 

learning) from the learning distribution which is opposite to the traditional learning where 

decision boundary is a main objective. 

 
1 T.A. Duong, “Cascade Error Projection Learning in Neural Network,” Journal of NASA Tech 

Briefs, Vol. 25, No. 4, pp. 62, Apr 2001. 



  

 

 

 

 

 

 

 

Figure 1: a) Training data set                         b) Output decision in 3-D                 c) Output decision surface   

Step 2: Adding a new class—*Blue 

We add new class Blue in the network for learning without any knowledge about the existence of 

the previous ones and data shown in the third row of Table III and in Figure 2a. 

The output decision of the previous classes and class Blue is shown in Figure 2b. The 

performance results are correct for all three classes shown in Figure 2c. 

 

 

 

 

 

 

 

 

 

Figure 2: a) New training data set (Blue)    b) Output decision in 3-D                            c) Output decision surface   

 

Step 3: Adding another new class—oMagenta  

We then add new class magenta in the network and data shown in the fourth row of Table III and 

in lower right corner of Figure 3a. 

Likewise, the output decision in 3-D magenta class is shown in Figure 3b along with the 

previous red, green, and blue classes, which is the closest learning target. The performance 

results are correct for all four classes as shown in Figure 3c. 

 



 

 

 

 

 

 

 

Figure 3: a) New training data set (o-Magenta)      b) Output decision in 3-D               c) Output decision surface   

 

Step 4: Adding another new class—Black   

Finally, we add new class black in the network and data shown in the fifth row of Table III and 

in center of Figure 4a. 

Likewise, the output decision in 3-D yellow area of black class is shown in Figure 4b along with 

the previous red, green, and blue classes which is the closest learning target. The performance 

results are correct for all five classes as shown in Figure 4c. 

 

 

 

 

 

 

 

 

 

 

Figure 4: a) New training data set ( Black)     b) Output decision in 3-D                   c) Output decision surface   

Table I: Performance Parameter for SL problem with RMS error=0.1   

 Correct 

learning 

RMS error Neuron 

Gain 

Number 

of hidden 

Units 

Number of 

computations 

(+ and *) 

Comments 

Class Red  100% 0.042151 1.50 1 42,300  

Class Green  100% 0.042151 1.50 1 42,300  

Class Blue  100% 0.038563 1.50 1 42,300  



 

We successfully demonstrate that the DSL approach is able to learn one after another class like 

human brain-like.  When the previous classes are well distinguished with the new coming class, 

the learning of each class is completely independent from others; however, when it becomes 

crowded and ambiguous, the new coming class must adjust its own learning to well differentiate 

from the previous ones.  

b) Auto Learning for Non-linear Sample Data (NSD) 

This study is aiming to establish that DSL is well suited to its superiority for autonomy learning 

when the training data sets are not well separable shown in Figure 5a.   

There are two data sets for class red and green shown in Table IV data and in Figure 5a.  After 

CEP learning, two output decisions in 3-D are obtained and in Figure 5b and its output decision 

surface is in Figure 5c with 100% learning correct. 

   

We iterated the gain starting from 2.0 with step= 0.001; it requires 4 iterations to gain to reach to 

1.997. 

Table II: Performance Parameter for NSD problem with RMS error=0.01   

 

It is started from gain =2.0 and it found the solution at gain=1.997 with step size=0.001. The 

total time for the feedback DSL is 2,604,800 (4*651,200) computations.   

 

 

Class Magenta  100% 0.046138 1.50 1 42,300  

Class Yellow 100% 0.019144 1.35 2 42,300*15 Adaptive gain 

ACL Learning  100%    634,500  

 Correct 

Learning 

RMS 

Error 

Neuron 

Gain 

Number of 

hidden 

Units 

Number of 

computations 

(+ and *) 

Comments 

Class Red  100% 0.007550 1.997 10 325,600  

Class Green  100% 0.040712 1.997 10 325,600  

NSD Learning  100%    651,200  



Figure 5: a) Two training data set (red and green)      b) Output decision in 3-D          c) Output decision surface   

 

Statistical study 

 

We run 100 trials with different seeds and on average, Class A required 9.12 hidden units and 

Class B required 9.6 hidden units. 

The total time for the feedback DSL is 2,356,280 computations.   

We successfully demonstrated DSL with a feedback loop is able to classify of non-separable data 

set without a manned intervention from which it indicates the DSL is capable of autonomy 

learning fashion.  

 

This study shows its superiority for autonomy over BP and KSVM, which is well-established in 

a nonlinear separable data set with manned interference.   From the unknown environment, we 

introduce a feedback network to learn in the loop with the change of learning activation from 

high to low until the learning performs 100% correct.   

c) Fast Learning for Object Recognition 

In this study, we used 201 faces and sampled 16 positions within each face.  Each face has 

100x100 pixel resolution array from which each position image is 96x96 pixel array. We used 

three features: periphery, fovea and lateral geniculate nucleus (LGN) for each image.  The total 

image features to be trained are 9648-pixel array (96x96).  It was required 2 mins to complete the 

training using Intel i7-6700 CPU @3.40GHz processor system.  Due to non-competitive training, 

the crosstalk may affect the training results.  We tested all training pattern against other; it 

appears to perform 100% correct.    

Conclusion 

We have demonstrated that DSL is able to provide: 

• Fast leaning time due noncompetitive among the classes 

• Sequential leaning when data is available as brain-like approach. 

• Auto learning by its feedback loop to meet the goals. 

These features enable the machine intelligence where the perception and cognition of dynamic 

situation can be facilitated to enable the intelligence on the fly. 

 

  

Attachment 

The training data used in this study are below: 

 

 

 

 

 



Table III: Sample data for SL problem 

 

 

 

Table IV: Sample data for Non-Linear Sample Data 

Step number Classes sequentially added 

Class Red (X,Y) 

 in step 1 

1.0  

1.0 

1.1 

0.9 

1.1 

1.1 

0.9 

0.9 

0.9 

1.1 

0.8 

1.2 

1.2 

0.8 

1.2 

1.2 

0.8 

0.8 

Class Green (X,Y) 

in step 1 

-1.0  

-1.0 

-1.1  

-0.9 

-1.1  

-1.1 

-0.9  

-0.9 

-0.9  

-1.1 

-0.8  

-1.2 

-1.2  

-0.8 

-0.8  

-0.8 

-1.2  

-1.2 

Class Blue (X,Y) 

in step 2 

-1.0 

1.1 

-1.1 

0.9 

-1.1 

0.8 

-0.9 

0.9 

-0.9 

0.8 

-0.8 

1.1 

-1.2 

0.8 

-0.8 

0.9 

-1.2 

0.9 

Class Magenta 

(X,Y) in step 3 

1.0  

-1.0 

1.1  

-0.9 

1.1  

-1.1 

0.9  

-0.9 

0.9  

-1.1 

0.8  

-1.2 

1.2  

-0.8 

0.8  

-0.8 

1.2  

-1.2 

Class Yellow 

(X,Y) in step 4 

0.1 

-0.1  

-0.07   

0.12 

-0.12 

0.12 

-0.20 

-0.07 

-0.20 

-0.21 

0.18 -

0.12 

0.12-

0.08 

0.18 -

0.18 

0.12 

0.12 

Class Red (X,Y) 0.10    

0.10 

1.00    

1.00 

2.00    

2.00 

-1.00   

-1.00 

1.00   

-1.00 

0.10    

2.00 

-1.00   

1.00 

2.00    

0.10 

Class Green 

(X,Y) 

1.00    

0.10 

-2.00   

-1.00 

-2.00    

1.00 

-0.10   

-1.00 

-1.00   

-2.00 

1.00   

-2.00 

-0.10    

1.00 

-1.00    

0.10 


