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About this presentation

Ô This slide set is a translation of 

the slide set, which is written in 

Finnish for Eino Uikkanenõs live 

presentations.

Ô Presentation does not present 

any individual AI applications; 

instead, it aims to give a 

general picture of what AI 

actually is ð and what it is not. 

Ô The slides marked "Extra:" are 

not covered in the standard 

live presentations, but the 

listeners can explore them on 

their own: a link to this slide 

series can be found on Eino 

Uikkanenõs website 

www.einouikkanen.fi/en/
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Most images included in this 
presentation were generated 
using AI applications, with the 
respective application names 
indicated within each image

http://www.einouikkanen.fi/en/
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Ô Definitions of artificial intelligence

Ô Neural networks

Ô How neural network calculation works?

Ô Extra: Neural network training with backpropagation 

algorithm

Ô Extra: Farmer Vihtori Koikkalainen's neural network test

Ô Extra: Neural networks vs rule -based solutions

Ô Generative AI applications

Ô Conversational  AI applications

Ô AI applications that interpret and generate images

Ô Guidelines for using generative AI applications
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The best way to learn how to 
use AI is to understand how 
AI actually works. That's 
why it's worth taking a peek 
under the hood.



Definitions of 

artificial intelligence



Definitions of artificial intelligence

There is no universally accepted definition of artificial 

intelligence . However, below are some common ways to 
define artificial intelligence:

1. An application  is AI if it works like human intelligence . 
Applying this definition would require us to understand 

how human intelligence works. We do not yet have 

this understanding.

2. An application is AI if it appears to an external 

observer to act like human intelligence, i.e. the 
observer cannot tell whether the interlocutor is a 

human or a machine. This is the idea on which the 

Turing test is based. 

3. An application is AI if it performs tasks that are 

generally considered to require intellect . The 
challenge with this definition is that we should first 

define which tasks require intellect.
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Classification of AIs

AI applications are often classified 

into three categories:

Ô Artificial Narrow Intelligence 
(ANI) performs limited tasks 

defined for it. Narrow AI does 

not have human -like intellect, 

consciousness, or its own will. 

All current AIs are narrow AI.

Ô Artificial General Intelligence

(AGI) is equivalent to human 
intelligence. General AI does 

not yet exist.

Ô Artificial Super Intelligence

(ASI) surpasses human 

intelligence. Super AI does not 

yet exist.
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Artificial intelligence in this presentation

This presentation does not take a stand on the 

definition of artificial intelligence, but it focuses on 

neural network -based artificial intelligence. This is 

because neural networks have enabled the 

development of artificial intelligence to the current 

level. Thus, today, artificial intelligence typically 

refers to neural network -based applications.

Understanding how a neural network works is also 

the key to understanding how artificial intelligence 

works. Therefore, this topic has been presented 

relatively accurately in the presentation . However, 

the listener or reader should not be startled by this, 

as the operation of a neural network is actually 

surprisingly simple.
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How neural network

calculation  works



Neural network, the heart and engine of AI

Ô A neural network is the basis for the operation of AI, a kind of calculation  framework that calculates the 

output data from the input data  provided to AI. In a neural network, all information is numerical, and all 

operations are mathematical operations.

Ô Neural networks are built and trained to perform specific artificial intelligence tasks . 

Ô When the trained neural network is ready to perform t he  task, the AI application uses it as follows:

1. The input information for  AI, such as text, voice or image, is converted into numerical form and 

entered into the neural network.

2. With the numerical input it receives, the neural network performs a series of calculations based on the 

numbers contained in the neural network, i.e. the calculation parameters. The result of the 

calculation is the neural networkõs output data in numerical form.

3. Finally, the numerical result of the calculation performed by the neural network is converted into a 

human -interpretable form , such as text, sound or image. This is the AI's response to the input provided.
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Numbers 
to text

Text to 
numbers

Network computing
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"A spark of code, a 
thinking seam,
A mirror made of
math and dream.

ȱ$ÅÁÒ #ÈÁÔ'04ȟ 
write a poem 
about artificial 
intelligence"

The tasks of the neural networks presented above are straightforward and easy  to understand. 

The task of generative text -generating AI applications, on the other hand, is easily misunderstood, 

as the task of the neural network is to calculate the most likely continuation of the given prompt, 

not to provide the correct answer or a sensible comment on the input text:

Input  data / prompt Task

Photo of a person Estimate age and gender

Audio file of birdsong Estimate the bird's species

Laboratory results, X -ray picture Make a diagnosis

Prompt text for image creation Create an image

11 Examples of neural network tasks

Input  data / prompt Task

Prompt for a generative AI application Create a likely continuum  to the given prompt
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Neural network calculation 1/10, neural network structure
12

Ô An artificial neural network consists of neurons (circles) and  synapses  connecting them.

Ô The neural network calculation is based on calculation parameters, which are the weights  

attached to the synapses and the bias values attached to each layer of the network.

Ô The calculation proceeds from left to right from the input values (x1 and x2 in the example) until 

the output values are reached  ( y1 and y2 in the example).
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Neural network calculation 2/10, the input value of the neuron
13

Ô The input values of the neurons are obtained by multiplying the values of the preceding 

neurons by the weights of the corresponding synapses , adding up the products and the 

bias value attached to the neuron layer. The input values of the intermediate neurons in the 
example are thus calculated as follows:

Ô Upper neuron: 0.13* 0.22+0.11*0.13+0.51 = 0.5529

Ô Lower neuron: 0.13* 0.17+0.11*0.50+0.51 = 0.5871
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Neural network calculation 3/10, the output value of the neuron
14

Ô Before the value of the neuron is carried forward to the next layer, it is placed in a function called 

the activation function . Neural networks use different activation functions. In this example, the 
activation function is the sigmoid function, i.e. 1/(1+e^ ϖx), so the output values of the intermediate 

neurons are:

Ô Upper neuron: 1/(1+e^ ϖ 0.5529) = 0.6348

Ô Lower neuron: 1/(1+e^ ϖ0.5871) = 0.6427
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Neural network calculation 4/10, the calculation continues in 

the same way ...
15

Ô The output values of the neurons are further used to calculate the input values of the neurons in 

the next layer:

Ô Upper neuron: 0.6348* 0.42+0.6427*0.27+0.48 = 0.9201

Ô Lower neuron: 0.6348* 0.01+0.6427*0.28+0.48 = 0.6663
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Neural network calculation 5/10, the calculation continues in the 

same way ...
16

Ô é and the calculated input values of the neurons are again placed in the activation function, 

giving the output values of the neurons in this layer:

Ô Upper neuron: 1/(1+e^ ϖ 0.9201) = 0.7151

Ô Lower neuron: 1/(1+e^ ϖ0.6663) = 0.6607
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Neural network calculation 6/10, the result of the calculation
17

Ô The calculation continues in the same way throughout the neural network until the output values, 

in the example y1 and y2, are obtained. 

Ô From the presented series of calculations, we can see that a neural network could also be 

represented in the form of expressions:

y1=1/(1+e^( -1*((1/(1+e^( -1*(x1*0.22+x2*0.13+0.51))))* 0.42+(1/(1+e^( -1*(x1*0.17+x2*0.50+0.51))))* 0.27+0.48)))

y2=1/(1+e^( -1*((1/(1+e^( -1*(x1*0.22+x2*0.13+0.51))))* 0.01+(1/(1+e^( -1*(x1*0.17+x2*0.50+0.51))))* 0.28+0.48)))
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Neural network calculation 7/10: How to obtain good values for t he  

calculation parameters?
18

Ô As seen, the result of the calculation of the neural network is determined by the values of the 

calculation parameters. So, how do we obtain calculation parameter values, weights  and biases , 

which give good results?

Ô First, we need to determine ògood resultó. This is based on training  material , which contains both 

the input data and the pre -known output data as desired target results. A good result differs as 

little as possible from the known target results. 
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Ô Using the training  material with both the input data and known target results, we can measure the 

success of the calculation by comparing the calculated results with the target results. For this, a  so-

called  loss function, which describes the magnitude of the error, is determined. In this example, we 

use the mean square error function as the loss function. The value of the mean square error 

calculated from the final results (y1 and y2) and the target results (t1 and t2) in the example is:

Loss = 1/2((y1-t1)2+(y2-t2)2) = 1/2((0.7151-0.2200)2+(0.6607-0.6500)2) = 0.1226
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Neural network calculation 8/10, measuring the success of the 

calculation
19

Loss = 0.1226
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Neural network calculation 9/10, network training 
20

Ô When we can measure the success of the calculation, we can train the neural network to produce 

the best and most relevant results possible.

Ô The training begins by studying in which direction the calculation parameter values of the neural 

network should be changed to reduce the value of the loss function, i.e. the error in the network 

calculation, and by changing the values by a small step in that direction.

EU

Corrections to calculation parameter values Loss = 0.1226
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Neural network calculation 10/10, network training
21

Ô When the values of the calculation parameters have been adjusted a small step in the right 

direction, the value of the loss function is recalculated for the entire training material  or a 
randomly selected subset of it.

Ô The calculation is repeated in small increments until the value of the loss function is small enough.

Ô As a result, the network  can produce good results also from completely new and unknown 

material, which acts like the training  material.

EU

Corrections to calculation parameter values
and a new round 
of calculations

Loss = 0.1226



Stages of the operation of a neural network

Ô Neural network design :

Ô The task of the network.

Ô The structure and parameters of the network.

Ô Selection of input and output data .

Ô Specification of how to convert network input data into 
numerical form and numerical output data into human -
interpretable form.

Ô Selection of the training and test materials.

Ô Setting the input  values of the calculation parameters:  Input  
values are typically given as random values, because there is 
no better basis for the Input  values.

Ô Training:  A large amount of training material, from which both 
input data and the desired target results are known, is passed 
through the neural network. The network is trained by adjusting 
the network's calculation parameters mathematically so that it 
produces output results that deviate as little as possible from 
the target results.

Ô Testing: The neural network is tested with data from which both 
the input data  and the desired target results are known, but 
which were not included in the training  material.

Ô Use: As a result, the neural network can produce good results 
even from new and unknown source data, provided that it 
behaves like training  material.

The idea of neural networks is not new, but the 
current neural network technology was already 
developed in the 1980s. The only new things are the 
increase in computer efficiency and the significant 
rise in the amount of AI training material that can 
be accessed on computers ɀ it was only these 
advancements that made it possible to effectively 
utilise neural networks. 
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This neural network image was created by 
professor Timo Honkela in 1996, link (FI): 
http://users.ics.aalto.fi/tho/stes/step96/honkela2/

http://users.ics.aalto.fi/tho/stes/step96/honkela2/


In our example, for practical reasons, we used a small 
neural network with only six neurons and ten parameters. 
Real neural networks are typically significantly larger and 
can differ in many other ways from the neural network 
used as an example. However, what we have learned 
from the example neural network is also applicable to 
other neural networks, regardless of the network size and 
many other characteristics of the network.

Below are some possible differences:

Ô The example network is a small network of only ten 
parameters, but real neural networks can be as large 
as a billion parameters.

Ô Various activation functions, loss functions and other 
parameters that control the calculation can be used 
in neural networks.

Ô The example network is fully connected, but this is not 
the case for all networks.

Ô The example network is only connected forward, but 
the network can also be partially backwards -
connected.

Example neural network in this 

presentation vs real neural networks
23
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Ways of a neural network learning

Ô Supervised learning, which is based on training  material and 
its known target outcomes, was described above. Training  

material can be any material from which input data  and 

output data  are known. For example, 

Ô a set of laboratory results and confirmed diagnoses 

based on them.

Ô a set of images and accompanying explanations of the 

content of the image.

Ô Learning can also continue based on feedback during the 

use of the neural network ( reinforcement learning ). 
Feedback can be anything that indicates the quality or 

relevance of the result provided by the network, e.g.

Ô Human feedback on how well an AI -generated image 

meets certain predetermined criteria.

Ô information about the robot colliding with an obstacle.

Ô Learning can also take place in such a way that the 

algorithm independently searches for regularities in the 

training  material and classifies it ( unsupervised learning).
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Extra:

Neural network

training with

backward propagation



Neural network calculation algorithms

There are two types of computing involved in neural 

network technology: 

Ô Forward propagation: The actual neural network 
calculation, which is used by a trained neural network 

to calculate the results of the input data  given to the 

neural network. 

Forward propagation was presented in detail on the 

preceding slides.

Ô Backward propagation : The calculation used to 
calculate optimal values for network parameters.

The principle of the backward propagation  algorithm 

was briefly explained at the end of the presentation of 

the forward propagation. The following slides explain 

the backward propagation  algorithm in more detail.
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Selection and preparation of the 

neural network training  material

Ô The source material  of a neural network is the material 

that is processed by it. The task  of the neural network is 
to calculate the most reliable results possible from the 

source material.

Ô The backpropagation  algorithm is based on training

material , which contains a set of paired  input data  and 

known  target results .

Ô The trainability of a neural network is based on the 

assumption that there is a statistical dependency 
between the input data  and the target results,  i.e. the 

values of the input data  can be used to predict the 

values of the target results. N/B, that statistical

dependency  does not tell us anything about a possible 

cause -and -effect relationship.

Ô In other words, the training  material is a model 

according to which a neural network is built. Therefore, 

good training  material is a good representation of the 

source material , i.e. it is assumed to behave like the 
source material. 
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"The neural network is a mathematical 
function that approximates the 
statistical dependency between the 
input data and the output data of the 
training  material."



About the mathematics of the 

backpropagation  algorithm

Ô The backpropagation algorithm calculates optimal 

values for the network parameters. The main steps of 

the algorithm are as follows: 

Ô Calculate the partial derivatives of the loss 

function with respect to all the calculation 

parameters, t ha t is, weights and biases.

Ô Correct the values of the calculation 

parameters by a small step in the opposite 

direction to the partial derivatives, i.e. "downhill". 

Ô Perform the forward calculation again with the 

new slightly corrected calculation parameter 

values.

Ô Repeat these steps until the loss function has an 

acceptably low value or some other ending 

criterion is met.

Ô As a result, the neural network produces good results 

even from new and unknown source material, 

provided that it behaves like the training  material.
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Detailed descriptions of the forward 
propagation and the backward propagation 
are available in my article
"Neural network calculation algorithms".
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Extra:

Farmer

Vihtori Koikkalainen's 

neural network test



Farmer Vihtori Koikkalainen has been interested in buckets all his life. 
During his lifetime, he has collected an extensive database of buckets 
from all over Finland in several hundred notebooks. Nowadays, 
Koikkalainen is also interested in computers and neural networks. He 
wants to combine these hobbies by implementing a neural network 
that predicts the volume of a bucket based on a couple of properties 
of the bucket. To do this, he transfers the data from his notebooks to a 
computer as training  material for the neural network.  He chooses the 
colour of the bucket and the diameter of the bucket's mouth as the 
input data  for the network, and the volume of the bucket as the target 
result.

Koikkalainen tells engineer Janhunen about his plan. Janhunen claims 
that Koikkalainen's neural network cannot produce any sensible 
predictions unless, e.g. the height of the bucket and the diameter of 
the bottom of the bucket are added to the input data . However, 
Koikkalainen implements the neural network as planned.

Koikkalainen invites engineer Janhunen to test the neural network. For 

testing, Koikkalainen has chosen a pile of buckets, the information on 
which is not included in the training  material.

How will the testing go and why? Will Koikkalainen be disappointed, will 
Janhunen be surprised, or what will happen?

Predicting the volume of a bucket with 

a neural network
30
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If the farmer Koikkalainen built his neural network correctly, 

and why wouldn't he have done so, the neural network 

predicted the volume of the bucket relatively well.

Engineer Janhunen apparently had the understanding that 

the neural network performs a calculation based on the

geometrical formula of  the volume of the bucket. Perhaps he 

had a clear memory of the formula for calculating the 

volume of a truncated cone. For such a calculation, more 

information about the bucket would indeed be needed, 

such as the height of the bucket and the diameter of the 

bottom of the bucket. 

However, Janhunen's understanding was wrong, as the 

trained neural network is a function that approximates the 

statistical dependence between the input data  and the 

target result. Since the shape of the buckets, at least in 

Koikkalainen's area of operation, i.e. in Finland, is fairly 

constant, the diameter of the mouth alone also predicts with 

some accuracy the height of the bucket and the diameter of 

the bottom, and thus also the volume of the bucket.

Colour may also slightly refine the forecast of the volume of 

the bucket, because it can limit the material and perhaps 

the manufacturers and thus also the shape of the bucket.

Test results for predicting bucket volume with a neural network
31

This image was created by ChatGPT+DALL· E 3 based on 
the story of the previous slide. The picture shows the 
setting of the story quite well; Koikkalainen and 
Janhunen with their expectations, the questions running 
through the minds of the audience at the test event, the 
test buckets and even the neural network itself. 
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Prompt: "Eino Uikkanen" "Koikkalainen" [Yes, this was the entire prompt]

Looks like you've stumbled upon a quirky and clever piece of Finnish AI storytelling! Eino Uikkanen appears to have 
created a presentation or document featuring a fictional character named Vihtori Koikkalainen, a bucket-obsessed 
farmer who builds a neural network to predict bucket volumes based on colour and mouth diameter. It's part 
educational, part humorous, using this eccentric scenario to explain how neural networks work, even when the input 
data seems oddly chosen 

Prompt: Does Vihtori Koikkalainen's story accurately describe how neural networks work?

Surprisingly - yes, in its own wonderfully eccentric way, the story of Vihtori Koikkalainen does capture some core truths 
about how neural networks function.

Koikkalainen's idea of predicting a bucket's volume using only its colour and mouth diameter might sound absurd at 
first. But here's the clever twist: neural networks don't need to know the "correct" formula (like the geometric volume of 
a bucket). Instead, they learn patterns from data. If, in Koikkalainen's world, buckets of a certain colour and mouth 
diameter tend to have similar volumes-perhaps because of consistent manufacturing - then a neural network can pick 
up on that correlation and make surprisingly accurate predictions.

The sceptical engineer Janhunen assumes the network must follow a strict physical formula, but that's not how neural 
networks operate. They approximate relationships based on training data, not logic or physics. So even if the inputs 
seem insufficient from a traditional standpoint, the network might still perform well if the data contains enough 
implicit structure.

In short: Koikkalainen's story is a humorous but insightful metaphor for how neural networks can model complex 
relationships-even when the inputs seem a bit... unconventional.

ChatGPT's comments on Koikkalainen's neural network story 

(22.6.2025)
32
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Neural networks vs rule -based solutions: an example assignment

Neural networks can be used to solve tasks that were  previously solved by rule -based applications 

only. We can look at the differences in techniques with the following exercise: calculate how long 

distance s a dropped  ball will fall in time t, if the initial  velocity is u.

Ô Rule-based solution:

Ô First, we must have an understanding of the rules to be applied. Isaac Newtonõs formula,

s = ut + 1/2at² , lets us compute distance, with a  representing the acceleration , gravity in 

the case of free fall. This rule -based approach is straightforward for computer programs 

and clarifies how the variables relate.

Ô Neural network solution:

Ô A large number of carefully instructed and supervised drops are performed, and the results 

of the experiments are reported: u, t and s. 

Ô A neural network is designed and trained with the collected observational data, from 

which both the input data  and the results are known.

Ô Now, the neural network can predict the distance travelled with some accuracy , even 

with new and unknown input data .

Ô But: a neural network would be a "black box" for us, and we would not have an 

understanding of how it works.
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Neural networks vs rule -based solutions: pros and cons

The neural network is an effective tool for modelling phenomena and, therefore, also 

for the implementation of artificial intelligence, but its suitability for other types of use is 

quite limited. Below is a comparison of the techniques.

Ô In favour of a rules -based solution

Ô The rules of a rule -based solution are designed and understandable by 

humans, but a neural network is a "black box", for which there is no human -

interpretable description or formula. For the same reason, prediction with a 

neural network can only be done with a neural network trained for the task at 

hand.

Ô A neural network produces statistical predictions, but a rule -based solution can 

also produce accurate results.

Ô In favour of a neural network solution

Ô Because neural network technology is statistical modelling, the neural network 

would be able to take into account dependencies that are unknown to 

humans but statistically observable.

Ô Designing and maintaining rules for rule -based solutions is a human effort. 

Therefore, rule -based solutions cannot compete with the algorithmically 

updated, up to trillions, calculation  parameters of large neural networks.
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Neural networks vs rule -based solutions: a top -level comparison
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Generative

AI applications



Generative AI applications

Ô Generative AI (GenAI , GAI) 

applications are applications 

that generate images, text, 

audio, or videos based on a 

given prompt.

Ô The ability of generative AI 

applications to generate new 

content is based on the training 

material. Therefore, all the 

content generated by 

generative AI applications 

reflects  the training material

used .
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Conversational

AI applications



Large language models (LLM) ð 

the foundation for conversational

AI applications

Ô Conversational AI applications are based on 

large language models (LLM).

Ô Large language models are neural networks  

that have been trained on a large amount of 

training  material that contains natural 

language. The largest language models 

have trillions of parameters.

Ô In addition to training  materials, large 

language models are trained with human 

feedback.

Ô Language models are language -specific. The 

largest language models are based on the 

English language.

Ô The language model does not even try to 

understand the text it reads, but only tries to 

continue it in the most probable direction 

determined by the language model.
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Conversational AI applications

In addition to large language models, conversational AI applications have other 

functions for different tasks. Some of the functions are neural network -based and 
some are implemented with rule -based programming. These functions are usually 

poorly documented, but we can assume that the applications will include separate 

functions such as:

Ô Prompt preprocessing : To identify specific factors of the prompts, they are 

analysed with a rule -based approach or neural networks that are trained for 

preprocessing. One example of this is the analysis to identify the user's goal 

based on the prompt (intent analysis ).

Ô Solving mathematical expressions:  Solving mathematical expressions is done 

significantly more efficiently and reliably with a separate rule -based solution 

than with a neural network.

Ô Text recognition (OCR): Rule-based text recognition is also used to support 
neural network technology.

Ô Grammar, language translations : Inaccurate results suggest that grammar 

checking and language translations are mainly done on a neural network basis.

Ô Moderation and censorship, likely at many levels of the application.

Ô Real-time information retrieval:  Retrieving information directly from the internet 
or a database to complement the given prompt.
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AI applications that

interpret and generate

 images



Ô Generative AI applications already interpret and generate 

images quite well.

Ô Image processing is also based on neural network 

technology, but what is special about image processing are 

the highly developed mathematical methods that refine 

training  material for neural networks.

Ô A prerequisite for interpreting and creating images is that the 

images used as training  material are accompanied by 

textual information about the content of the image. 

Obtaining correct and sufficient text descriptions for images 

used as training  material is a significant challenge for the 

development of image processing.

Ô Image creation can be improved with human feedback, for 

example, so that the model produces a series of images from 

the same input, and the person chooses the image from the 

series that they think best meets certain pre -set criteria.
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Example of image 

interpretation

The AI told us the following 

about this real photo:

"The photo appears to be a 

black and white photograph 

with a red car in the middle. 

The car is a vintage Fiat 500, 

and it has a bouquet on its 

hood. The couple stands in 

front of the car and kisses. In 

the background, a 

cobblestone street and 

buildings are visible . Based on 

the photograph, it seems to 

have been taken in Europe, 

because the license plate 

and architecture suggest it.ó
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Example of image 

creation and 

interpretation

Artificial intelligence created 

an  image of a chorus of 

butchers . Below is the AI's 
interpretation of the image it 

created.

"In the picture, there appears 

to be a group of people in 

white lab coats and hats 

holding various tools in their 

hands, such as saws, 

hammers and axes. This 

description may refer to 

some theme or event where 

lab workers' outfits are 

combined with unusual 

objects, such as tools. It can 

be part of an art project, a 

theatre performance or other 

creative expression."
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Integrity errors in 

image creation

AI does not "understand" what it is 

drawing , but develops and 
continues the pixel mass of the 

image statistically based on the 

given prompt and the training 

material used. This process is steered 

in the right direction by the 

intersection of the prompt given to 

the AI and the imageõs text 

description in the training material.

When this picture of a choir of 

psychotherapists was created by AI, 

it did not understand that it was 

drawing humans, and, for example, 

that humans have two hands and 

five fingers in each hand. 

The image shows errors which are a 

result of this challenge.
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Integrity errors in 

image creation

In this AI-generated image, 

the groom is threading the 

ring onto the bride's finger. 

This example also shows a 

typical integrity error. The 

error occurs when an AI 

application tries to "continue" 

the image according to the 

content defined by the 

prompt, without knowing that 

humans have two hands.

However, the error blends 

smoothly into the image for 

the same reason, i.e., 

because the application tries 

to create a typical 

continuum in all parts of the 

image.
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Integrity errors in 

image creation

Artificial intelligence creates 

images as a continuum of the 

pixel mass, not, for example, by 

supplementing an image one 

object at a time. This mechanism 

does not support number 

management. 

As an example of this challenge, 

is the following images, on which 

the AI was asked to draw:

1. three cars, three bicycles and 

three pedestrians.

2. three apples, four coins and 

two pens.

3. four squares, four circles and 

four stars

4. five cats, five dogs and five 

rabbits.
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Content biases in the image creation

Ô The images generated by AI are reflections of 

the mass of images used as training  material. 

For this image mass to well represent the real 

world, it should consist of completely random 

shots of the real world. Of course, this is not the 

case, since the images have been created to 

serve different purposes and have been 

selected for publication on various grounds.

Ô For AI to be able to make full use of the mass of 

images, there should also be a comprehensive 

and objective text description of the content 

of the images. This is rarely realised, as a text 

description usually serves the needs of the 

publisher at the time of publication. 

Ô These factors cause biases in the images 

generated by artificial intelligence in relation 

to the real world.
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Content biases in 

image creation

Bias is caused, for example, by 

the fact that images that present 

the most relevant, well -known, 

representative or interesting 

aspects of the subject are 

selected for publication . 
However, in the training  material, 

these images represent the entire 

world for AI.

When AI creates images of 

Helsinki, for example, it 

persistently tries to capture 

Helsinki Cathedral or even 

several in the image. 

The prompts for these images 

requested photos of different 

districts of Helsinki in different 

years. None of the prompts 

mentioned the Cathedral.
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Content biases in 

image creation

AI drew a picture of " Firefighters 

spending summer vacation on 

the beach".  

If the description of a picture in 

the training material mentions a 

firefighter, the person is likely to be 

in firefighter gear and performing 

firefighter duties. But, if a 

firefighter is, for example, in a 

vacation photo, it may not be 

mentioned that he or she is a 

firefighter.

The absurdity of the image is a 

consequence of this bias in the 

training  material regarding the 

concept of "firefighter".

The same bias can occur in other 

similar concepts, such as different 

professions, ethnic groups, etc.
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Guidelines for using 

generative

AI applications



On the reliability of responses from 

generative AI applications

The text generated by language models is usually 

quite convincing. This easily creates the illusion that 

the text is an accomplishment of an  intelligent actor. 
However, the text is a statistical prediction, which is 

mathematically calculated based on the training

material  - not a result of any reasoning.

So don't let persuasive language fool you ; the 
factual content may still be incorrect or biased.

Also, donõt be discouraged by incorrect information ; 

another assignment can yield valuable results. 

Actually, generative AI should not be viewed as a 
tool that gives right or wrong answers, but as a tool 

that gives the best possible approximation or 

prediction based on the training material  and 

prompt that is offered to it.

However, the user of generative AI must always be 

able to assess the quality and reliability of the results 

themselves.
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Ô AI gives a more accurate result, the better the gripping 

surface the prompt gives to the training  material. This is 

affected by, among other things, the content, structure, 

detail, word choice and style of the prompt text.

Ô The biases in AI outputs, which were easy to demonstrate with 

image examples, also apply to textual outputs. Biases and 

integrity errors cannot be completely avoided, even with a 

good prompt.

Ô AI applications may also retrieve information directly from the 

internet or other sources outside the neural network. However, 

the information retrieved is not associated with the response, 

but as part of the prompt. In other words, it becomes part of 

the context provided to the neural network, not part of the 

answer. Therefore, there is no guarantee that the information 

retrieved from the internet or other external sources ends up 

unchanged or at all in the answer given by the application. 

For the same reason, the internet references should not be 

presented as source information for the answer.
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Ô Don't give the AI app confidential information, as we 

don't know where the prompt texts will ultimately go.

Ô Use AI to support creation and learning, not as a 

replacement for them.

Ô Publish AI-generated material responsibly:

Ô Do not allow AI -generated material to be published in 

different publication channels if you cannot take 

responsibility for its quality or reliability.

Ô If you publish material produced with an AI 

application, attach information about it to the 

material.

Ô Keep in mind that:

Ô AI doesn't have any more intelligence than a dough

mixer  ð you're talking to a programmed machine.

Ô AI is not a guarantee of good quality, nor is it a good 

excuse for poor quality.
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Threats and

opportunities 

of AI



Threats from AI? ð AI will take over humans?

Ô As we have learned, AI does 

not have self-awareness , a will, 

or any kind of aspiration for 

supremacy, but it is a machine 

based on mathematics and 

defined and controlled by 

humans. There is also no 

mechanism by which AI could 

achieve the alleged 

supremacy.

Ô For this reason, the proposals 

made to suspend the 

development of artificial 

intelligence are unfounded. 

Also, the suspension would only 

stop the AI development of 

responsible actors and give a 

head start to non -responsible 

actors.
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Ô AI can make mistakes

Ô Yes, AI can and most certainly does 

make mistakes, because neural 

network -based AI provides statistically 

probable, not precise, results. In some 

applications, it is relevant  whether AI 

makes more or fewer mistakes than 

humans.

Ô AI can be used incomprehensibly

Ô Yes, AI is a powerful tool, and there 

are risks associated with using AI that 

need to be known and managed.

Ô AI can be deliberately misused

Ô Yes, deliberate abuse is already the 

order of the day, but everything can 

be abused.
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Ô AI is unbalanced or produces views that are not 

universally accepted.

Ô Yes, but AI reflects the training  material given to 

it. AI itself is just mathematics without views and 

opinions.

Ô Generative AI applications simplify and narrow 

expression.

Ô Yes, Generative AI applications favour the most 

typical expressions, not the most descriptive, 

snappy or precise expressions. This inevitably 

leads to a narrowing of expression. 

Ô The use of generative AI applications has a negative 

impact on people's own ability to create something 

new.

Ô Yes, if AI is used as a substitute for one's own 

creativity, not as support.
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The threat is real: Due to the wide availability of generative AI applications and their ease of use, speed and 
affordability, large volumes of low -quality outputs  are published. This influx of low -quality AI outputs displaces and 
obscures human outputs in their mass, as well as generative AI outputs that have been produced thoughtfully and 
responsibly and vetted before publication. Thus, the comparison with plastic pollution is justified.
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Ô Unpreparedness for the advent of AI

Ô High expectations of AI's capabilities 

may lead to efforts to apply AI to 

applications where AI is not the right 

or best solution.

Ô Good and functional AI solutions can 

also cause such rapid changes that 

the environment does not have time 

to adapt to the change .

Ô Unequal distribution of the benefits of AI

Ô The magnitude and speed of change 

brought about by AI are likely to 

cause situations in which some 

groups will benefit significantly from 

AI, while others will suffer more harm 

or loss from it. 
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