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Engineering and Lessons Learned

4 Current Status of Artificial Intelligence and

its Application to Engineering

Following the exponential growth in technology and scientific ad-

vancement, the revolution of artificial intelligence is all but upon us. With

much of the population already embracing the smartphones and virtual

assistants such as Apple’s Siri and Microsoft’s Cortana, the average

lifestyle is sure to be profoundly changed by the breakthroughs of deep

learning and neural networks.

4.1 Data Limitation of Machine Learning

The current progress of artificial intelligence is obstructed by three

main challenges. The first of which is the method of machine learning

by inputting massive amounts of data. An example is IBM’s Watson,

for the Jeopardy! competition, Watson had 200 million pages of data

totalling four terabytes. Although Watson managed to win first prize at

the time, its data is no longer up to date. For Watson to be able to
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defend its first place title, more data must be fed in. While this may be a

Figure 1: IBM’s Watson at Jeopardy!

simple update for IBM, it would not be practical out in the world, where

a household robot might need to be able to update on the fly for things

such as ”where did someone leave the broom”.

Unfortunately, not everything can be learned through pure statistics

and data. For artificial intelligence to continue to grow without spe-

cialised equipment, it needs to learn as any animal would. A researcher

from Google summarised this goal as, ”for an AI to be able to learn

about the world by interacting with it”. Just as a curious child might want

to touch everything and press every button just to see what would hap-

pen. However, the risks of such a method is plain to see. A robot with

artificial intelligence cannot be supervised at all times like a child would

be, such a method is practically and economically unrealistic.

Another problem with the data feeding machine learning method is

the availability of the data. As big companies like Google and Facebook

are hoarding the mass amounts of data, smaller startups and individual

researchers that might have interesting or even breakthrough ideas are

unable to obtain the data to bring their theories to fruition. This problem

is even more critical in fields like healthcare, where much of the data are
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not yet digitised, such as x-ray scans. Since it’s unreasonable to induce

sickness in people to collect data, the artificial intelligence needs to be

able to efficiently utilise the small amounts of data.

4.2 Flexibility and adaptability of neural networks

The second major challenge is that, while artificial intelligence can

be trained to complete a task efficiently and safely, that becomes all

that it can do. Google announced a DeepMind neural network system

that was able to beat 49 Atari games, however, each time it completed

a game it had to be retrained to beat the next one. Google’s research

scientist Raia Hadsell said at the time that there were no known meth-

ods or neural networks that can learn multiple things at once. Currently,

the predominant way to train a neural network is through trial and error.

For a simple game for example, basic goals like ”stay alive” or ”reach

the end of the level” would be set, and the neural network would initiate

with random actions. Each initially random action has an observable

Figure 2: A ”neuron” from a neural network.

affect that is processed and recorded by a neuron. Figure 2 shows the

process g with input variables on the left and the output y on the right.

To process more complex and multivariable functions, the neurons are

arranged in layers. Where the input layer is composed of the raw data
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it is fed and the output layer consists of a single node for a group of re-

lated neurons. The neural network inputs commands and observes the

Figure 3: Layered arrangement of neurons.

outcome, it then compares the outcome to the desired result and rear-

ranges ”rules” between its neurons to avoid the same negative outcome

or to preserve a positive outcome. Over thousands of iterations, the

system ”learns” basic commands and mechanics, from simple controls

like ”up means jump” to deeper game mechanics like ”green pipe is an

entrance”. With enough time, the system would reach an absolute most

efficient way to play the game. However, if different mechanics were

introduced or if previous mechanics were altered, the current ”rules”

would no longer work.

A promising method that overcomes this was published in June 2016

where Hadsell and her team managed to develop a neural network that

adapted to small changes in a game of Pong. Although the changes

were significantly smaller than a complete different game would be, for

example, inverted colours or reversed controls, the progressive network

was able to ”relearn” the game faster than the conventional network

that had to rework its entire ruleset. However, Hadsell also noted that

introducing more changes to the game eventually leads to a plateau

where the model becomes ”too large to be tractable”.
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Figure 4: Simplified diagram of a progressive neural network depict-
ing multiple conventional networks horizontally connected via extra neu-
rons.

4.3 Neural network process transparency

Just like the neurons in the human brain, an artificial neural network

must be scaled up drastically to function for any realistic and complex

task. A general rule of thumb developed by M.T. Hagan states that

Nh =
Ns

α(Ni +No)
(1)

Where Nh is the number of neurons in the hidden layer, Ni and No are

the numbers of neurons in the input and output layers respectively. Ns

is the number of samples in the training data set and α is an arbitrary

scaling factor usually recommended to be between 5 and 10. For a

complicated task with many input and outputs, a massive amount of

samples will be required to sufficiently train the neural net. This results
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in a related massive number of neurons in the hidden layer. As such, it

becomes more and more difficult to log the state of each neuron at any

point in time.

This becomes a major problem when trying to find the point in a neu-

ral network’s process where a decision might’ve gone wrong. A study

in 2016 created a way to monitor the neural network’s observation pro-

cess in simple image recognition tasks. The study used the equiva-

Figure 5: Attention heat maps from the study, second column are human
answers, third and fourth columns are AI answers.

lent of eye-tracking to record the pixels looked at by the neural network

and compared it to records of human attempts of the same task. Das

and Agrawal hypothesised in their study that to find what was covering

the windows, the neural networked found the bed and concluded that

the picture was of a bedroom, where windows are usually covered by

blinds. Although the answer was correct, the method is obviously flawed

as not all bedrooms have blinds and not all beds are in bedrooms. This

would’ve been the result of biased samples in the training data set that

had no beds without blinds.

Artificial eye-tracking is only a method of discovering the problem.

To solve the issue at its root, the concept of neural networks have to
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be redesigned to enable transparency on a practical scale. Professor

Murray Shanahan from Imperial College London suggested integrating

symbolic AI into neural networking. Based on the hypothesis that every-

thing in the world and the human mind can be reduced to basic logic.

Where every single object, event and action can be represented fully

in a neural network to synthesise conscious thought. A prototype of

this design was published in September 2016 and has achieved higher

efficiency than conventional methods in various small scale tasks.

4.4 Artificial Intelligence in the Automotive Industry

Driverless cars were conceived not long after normal cars, but until

transistors and GPS systems were developed, they were but another

futuristic fantasy. The two major proponents in the industry, Google

and Tesla, have already conducted thousands of hours of field tests.

While each company is quite comfortable with the capability of their

technology, legislation and regulations have yet to catch up in order to

bring the technology to common usage.

With these large companies having billions of samples to train their

voice recognition software, virtual assistants such as Cortana and Alexa

are being further integrated into automobiles as well as phones and

other smart home devices. Ford called its partnership with Amazon’s

Alexa ”the most comprehensive integration of the assistant in any car

yet”. With the ability to view the car’s battery status, as well as mileage

estimations, weather and engine status. BMW is integrating Microsoft’s

Cortana and will will be able to recognise voice commands, navigate

and sync calendar data among other functionalities. Although not previ-

ously involved in the automotive industry, Nvidia and Audi plan to have

their product on the road by 2020. They showed off a non-intrusive co-
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pilot mode as well as fully autonomous modes for certain actions such

as merging onto a motorway or parking in designated areas.

Advanced detection and processing technology is essential for the

conception of fully autonomous vehicles. High resolution cameras around

the vehicle can be integrated with real-time image recognition to be-

have just like a human driver. In Nvidia’s case, 40 hours of video was

recorded and processed by Amazon Mechanical Turk to tag 68,000 ob-

jects. These tags are used to train the multiple redundancies sensor

system with overlapping RADAR, LIDAR, ultrasonic and conventional

cameras.

Figure 6: Nvidia’s image recognition tags other vehicles by type.

Inside the car, motion sensors and facial recognition tracks the driver’s

head and eyes, giving prioritising the external sensors to look in the

other direction. Ideally, all autonomous vehicles would conform to a sin-

gle inter-vehicular communication standard in order to easily share data

about the route ahead to a vehicle several hundred meters behind. This

could serve as early warning systems against accidents or unexpected

route changes.
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