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Sažetak

Uvod u generativnu vještačku inteligenciju (GenAI –
Generative Artificial Intelligence)

GenAI kao konsultant

GenAI i napredni zadaci

GenAI i programiranje
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Dio I: Uvod u 
generativnu 

vještačku 
inteligenciju (GenAI 

– Generative 
Artificial 

Intelligence)
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Interfejs između ljudi i mašina (HMI – Human Machine Interface)

Vještačka inteligencija, neuralne mrežem generativna vještačka 
inteligencija

Transformeri i veliki jezički modeli (LLMs – Large Language Models)

Osobine GenAIa, mogućnosti, ograničenja

Dodatna vrijednost, mane

Prompt

Vježbe sa ChatGPTom

Bjezbednosna ograničenja (Guardrails)



Interfejs između 
ljudi i mašina 

(HMI – Human 
Machine 

Interface)
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Mozak računara su procesoru (Central Processing 
Unit – CPU)

Tranzistori: osnovni elementi od kojih su napravljeni 
procesor

Tranzistor je eletronski element koji se ponaša kao 
(izuzetno brz) prekidač – otvoreno, zatvoreno – nula 
ili jedinica - 0, 1

Komunikacija sa računarima mora se odvijati 
koristeći nule i jedinice – sve mora biti prevedeno u 
binarni jezik – konfiguracija uslovljena tranzistorima



Interfejs između ljudi i mašina (HMI –
Human Machine Interface)
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Npr. AMD Ryzen 9000 - preko 8 milijardi tranzistora



Interfejs između ljudi i mašina (HMI –
Human Machine Interface)
▪ Uspostavljanje komunikacije između ljudi i mašina: programi 

koji prevode prirodniu jezik i ljudske namjere u binarni jezik 
(nule i jedinice)

▪ Korištenje programa koji omogućavaju ograničenu interakciju 
te su napravljeni da omoguće prijevod prirodnog jezika u 
binarni jezik
▪ Web stranice
▪ Mobilne aplikacije
▪ Uredski alati (npr. Word)

▪ Programiranje: pisanje programa – zapisivanje namjera –
komandi – koje računari trebaju izvršiti
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Programiranje

▪ Napisati program (izvorni kod – source code) u obliku (još uvijek) 
razumljivom ljudima

▪ Korištenje drugih programa koji prevode izvorni kod u binarni (tzv. 
kompajleri)

▪ Način komunikacije sa računarima „rezervisan“ za one koji znaju 
kako programirati
▪ U suprotnom, ljudi mogu korstiti samo unaprijed isprogramirane operacije
▪ Npr. ako želimo da u Word dokumentu drugo slovo svake riječi postane 

veliko – nemamo tu opciju

▪ Postoji li neki alat van programiranja koji može razumijeti ono što 
želite, kreirati riješenja, te komunicirati ta riješenja sa računarom i 
zahtijevati da se izvrše
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Vještačka inteligencija i GenAI

Sub-symbolic AI captures knowledge implicitly in numerical patterns and 

complex structures (and not in hard coded rules), allowing conclusions 

to emerge. This allows flexibility when dealing with uncertainty.

Turingov test: ako komunicirate preko 2 terminala (chat), gdje 

jednim terninalom upravlja čovjek a drugim softverski program, 

da li možete razlikovati za kojim terminalom je čovjek a kojim 

upravlja softverski program? Ako ne, onda je program 

inteligentan.

Mašinsko učenje (machine learning): Računar uči iz iskustva I, u 

kontekstu zadatka Z koji obavlja sa uspiješnošću U, ako uspije 

unaprijediti uspiješnost U obavljanja zadatka Z kako stiče iskustvo I.

Neuralna mreža je paralelizovani procesor sa 

mogućnošću čuvanja i korištenja znanja.

GenAI je tip neuronske mreže sposobna za 

proizvodnju novog sadržaja (tekst, slike, zvuk)
Large Language Models - LLMs su bazirani na vrsti neuronske 

mreže „Transformeri“ i  skoro eksluzivno generišu tekstualni 

sadržaj.

Transformeri su uveli pojam „nivoi pažnje“ (attention scores) 

omogućavajući fokus na relevantne podatke i povezivanje istih. 8



Artificial Intelligence and Generative AI

Sub-symbolic AI captures knowledge implicitly in numerical patterns and 

complex structures (and not in hard coded rules), allowing conclusions 

to emerge. This allows flexibility when dealing with uncertainty.

Turing test: is it possible for machines to process information in 

a manner that thinking humans do and respond in a way that is 

indistinguishable from humans?

An imitation game: humans try to guess if they are interacting 

with another human or a “thinking machine” when 

communicating through a form of a terminal.

Machine learning: "A computer program is said to learn from experience 

E with respect to some class of tasks T and performance measure P, if 

its performance at tasks in T, as measured by P, improves with 

experience E."
"A neural network is a massively parallel distributed 

processor that has a natural propensity for storing 

experiential knowledge and making it available for 

use"

GenAI is a type of neural network capable of 

generating different types of new content such as 

text, videos, music, photos, etc.LLMs are primarily focused on generation of textual content. 

They are almost exclusively based on the transformer 

architecture.

Transformers introduce the notion of ‘attention scores’, 

focusing on the most relevant data for the task at hand. 9



Neuralne Mreže

▪ Weights - težina: određuje koliko jedan neuron utiče na drugi.

▪ Bias - pristrasnost: nelinearna funkcija neurona. 

▪ Probabilities - vjerovatnoća (između 0 i 1) 

▪ Randomness - nasumičnost

▪ Trening: podešavanje težina i pristrasnosti na osnovu velike 

količine podataka (nagledano i nenagledano učenje)

▪ Boj parametara: težine i pristrasnost

▪ Treniranje na dostupnim podacima

▪ Token: najmanja jedinica ulaza/izlaza. Npr., „Dobar sažetak AIa" -

> „Dobar", „sažetak", "AIa“), ili dalje „dobar“ -> „do", „bar").

▪ Inference - inferenca: proces dobijanja izaza primjenom modela 

na ulazne podatke – šta je sljedeći token? 
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Neural Networks

▪ Weights: assigned to a link between two neurons to determine 

how much the output of one neuron influences the input of 

another.

▪ Bias: influences the nonlinear function of a neuron. 

▪ Probabilities (between 0 and 1) 

▪ Randomness

▪ Training: adjusting weights and bias based on mass data 

(unsupervised and supervised learning)

▪ Number of parameters: weights and biases

▪ Train on available data

▪ Token: the smallest unit of input/output data. E.g., (e.g., "Good 

overview of AI" -> "Good", "overview", "of", "AI), on subword level 

(e.g., "overview" -> "over", "view").

▪ Inference: a process of reaching (inferring) some output from a 

trained neural network based on inputs – what is the next token? 11



Osobine LLMova

Kontekst (‘radna memorija’) količina podataka koju GenAI model može prihvatiti i čuvati. 
Modeli mogu selektivno zaboraviti dijelove konteksta. 

Guardrails – mehanizmi koji spriječavaju model da odgovori na određena pitanja. Npr., 
sigurnosno-kritična pitanja. 

Privatnost podataka: prikupljanje i korištenje podataka koji protiču kroz LLM je definisano 
ugovorom sa pružaocima usluga. Zlatno pravilo: jednom online, uvijek online!

Prompt je ulaz u GenAI sistem..

Vjerovatnoća: vjerovatnoća da će se određeni događaj desiti, decimalni brojevi između 0 i 
1.

Retrieval-augmented generation (RAG): dobavljanje dodatnih podataka iz eksternih 
izvora (linkovi, dokumenti) i kombinacija sa modelom.
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Properties of LLMs
A context window (‘working memory’) is the amount of data that a GenAI model can consider at any given 
time when generating an output to a prompt. As we approach the limit of the context window size, a GenAI 
model may ‘forget’ older information like previous input prompts and previous model output.

Guardrails are mechanisms that prevent models from answering certain questions, such as those about 
security exploits or confidential data.

Data privacy: the use of data is defined by contracts with LLM providers. OpenAI can use the data and 
conversations from your Free tier ChatGPT account to train its AI models - "Improve the model for 
everyone" (can be opted out) - Golden rule: once online, always online.

A prompt is an input provided into a GenAI system that serves to initiate a conversation or pose queries to 
obtain specific outputs.

Probability: the likelihood of an outcome within a range of real numbers, from 0 (impossible) to 1 (certain).

Retrieval-augmented generation (RAG): The RAG combines algorithmic fetching (for instance, regular 
search on an external knowledge database or other sources external to an AI model) of data with GenAI, 
primarily LLMs. It helps ground GenAI results and avoid hallucinations.
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GenAI u konteksti 
interakcije ljudi i 
mašina

Algoritmi i funkcije 
transformacije podataka

Ulaz -> f -> Izlaz

Dizaniraj i implementiraj 
transformacije ulaza i 
izlaza: algoritmi

Muhammad ibn Musa al-
Khwarizmi (780 - 850)
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Primjer algoritma – pronalazak 
najmanjeg broja
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Ulazni podaci (3 broja: a, b, c)

a<=b b<=c

a<=c

Najmanji broj: a Najmanji broj: c Najmanji broj: b

Da

Da

Da

Ne

Ne

Ne



GenAI u poređenju sa algoritmima

▪ Algoritmi
▪ Formalno definisani – matematske funkcije: transformacije ulaza u izlaz

▪ Rezultati koji se mogu ponoviti

▪ Nefleksibilna pravila: Npr., “Korisnik” ili “Korsnk”. Nisu pogodni za 
interpretaciju i generalizaciju. Npr. praćenje abstraktnih odluka dizajna u 
implementaciji u izvornom kodu.

▪ GenAI
▪ Rezultati bazirani na statistici i nasumičnosti

▪ Nizak nivo ponovljivosti rezultata

▪ Visok nivo fleksibilnosti: Pogodna tehnologija za slučajeve gdje postoji 
ogroman broj opcija i pravila. Pogodna tehnologija za interpretaciju i 
generalizaciju. Npr., „razumijevanje“ koji dijelovi koda implementiraju koju 
odluku konceptualnog dizajna.
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GenAI in the 
context of 

Human-
Computer 

Interaction

Programiranje: pisanje algoritma koristeći 
programske jezike

LLMovi: inferencija izlaza na osnovu ulaza
koristeći trenirani model

Oba pristupa upravljaju računarima da urade 
ono što od njih očekujemo

Algoritmi rade tačno ono za što su 
programirani

LLMovi mogu uraditi mnogo više
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Properties of GenAI
- Randomness and probability
- Data diversity and data quality
- Model recency
- Controllability
- Ethical and legal compliance, 
censorship (guardrails)
- Interpretability and explainability
- Response time
- Generalization ability
- Parameter count
- Scaling and memory
- Robustness
- Factuality and calibration

- Pristup znanju

- Prijedlozi inovativnih riješenja

- Identifikacija kompleksnih zavisnosti i anomalija

- Prijedlozi optimizovanih riješenja

- Personalizacija

- Automatizacija ili asistiranje sa ponavljajućim 

zadacima

- Abstrakcija i sažetak velikih količina podataka

- Interpretacija kompleksnih tekstova i rečenica (npr. 

zakona)

- Poboljšanje klasičnih algoritama (dodatna fleksibilnost)

- Halucinacije
- Problem sa preciznošću i nedostatku 

kompletnih riješenja
- Pristrasnost
- Manjak podataka u nekim oblastima
- Nedostatak determinizma
- Problemi sa logikom i artimetikom
- Nedostatak memorije
- Zavisnost rezultata od tehnike za promptove
- Nedostatka kontekstualnog znanja
- Pogrešna interpretacija ili pogrešan sažetak
- Modeli imaju tendenciju „popuštanja“ i 

slaganja sa korisnicima
- Korištenje u pogrešne svrhe
- Problemi sa performansama modela
- Skupo i kompleksno ponovno treniranje
- Podaci sa curenjem podataka – privatnost
- Pitanje da li donosi vrijednost i ko posjeduje 

rezultate

- Uštedjeti vrijeme automatizujući ponavljajuće (dosadne, jednostavne) zadatke

- Unaprijediti produktivnost

- Unaprijediti kvalitet urađenog

- Edukacija ljudi u organizaciji, lično obrazovanje

- Analiza kompleksnih dokumenata – identifikacija kompleksnih zavisnosti

dijelova koji nisu očigledni ljudima

- Generalna ušteda - smanjenje troškova

https://advanceonline.cam.ac.uk/courses/generative-ai-in-the-software-
development-lifecycle

GenAI properties Mogućnosti GenAI

Moguća korist

Ograničenja

How limitations hinder GenAI 
strengths and beneficial 
outcomes. E.g.,:
"Save time" -> "Hallucinations" -
> "Introduces overhead to 
evaluate and fix the generated 
faulty results before adopting 
them."

Drawbacks
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Properties of GenAI
- Randomness and probability
- Data diversity and data quality
- Model recency
- Controllability
- Ethical and legal compliance, 
censorship (guardrails)
- Interpretability and explainability
- Response time
- Generalization ability
- Parameter count
- Scaling and memory
- Robustness
- Factuality and calibration

- Retrieve adequate state-of-the-art and state-of-the-practice 
solutions and domain knowledge
- Suggest innovative solutions
- Identify complex dependencies and detect anomalies
- Suggest solutions with optimised trade-offs
- Personalization
- Automate or assist with manual and repetitive actions
- Abstract and summarize large data sets
- Interpret complex statements
- Enhance algorithms with probability

- Hallucinations
- Precision and completeness challenges
- Bias
- Lack of data
- Reproducibility and verifiability
- Difficulty with logic and arithmetic
- No memory/Limited Long-Term Memory
- Dependency on prompt engineering
- Lack of contextual knowledge
- Misinterpretation and missummary
- Too agreeable
- Misuse 
- Performance issues
- Complexity and resource requirements 
needed for retraining
- Data confidentiality and copyright
- The question of value and ownership

- Save time on repetitive and manual actions by automating them or receiving assistance from GenAI. 
- Improve throughput, increase the productivity of the individuals and the whole organization.
- Improve quality of outcomes of executed actions, specifically: i) Improve precision of actions (e.g., identify and remove 
unnecessary conclusions); ii) Improve completeness of actions (e.g., enable contextual search that outperforms simple 
word matching).
- Educate people by suggesting solutions outside of their knowledge. This improves innovativeness, creativity, and potentially 
quality of outcomes from the executed actions. 
- Expose hidden and complex dependencies that are not obvious to humans (e.g., dependencies that hinder productivity).
- Overall cost reduction due to the adoption of GenAI (adoption costs need to be significantly less than the  experienced 
gains).

https://advanceonline.cam.ac.uk/courses/generative-ai-in-the-software-
development-lifecycle

GenAI properties Strengths of GenAI

Beneficial outcomes

Limitations of GenAI

How limitations hinder GenAI 
strengths and beneficial 
outcomes. E.g.,:
"Save time" -> "Hallucinations" -
> "Introduces overhead to 
evaluate and fix the generated 
faulty results before adopting 
them."

Drawbacks
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GenAI Properties
▪ Randomness and probability: The ability to create new content 

without too much deviation from a reasonable scope.

▪ Data diversity and data quality: The basic rule is ‘garbage in, 
garbage out’. Without high-quality training data, it is hard to have 
high-quality models.

▪ Model recency: It describes how up-to-date the training data is. This 
impacts relevance to current events, technologies and norms, as 
well as affects factual accuracy and domain relevance.

▪ Controllability: The ability to steer output via prompts (prompts 
engineering) or parameters (model configuration). This determines 
how easily the model can be directed or constrained.

▪ Ethical and legal compliance, censorship: Related to 
controllability, this is a degree to which the model has been 
constrained for ethical and legal compliance, or due to censorship.

▪ Interpretability and explainability: A neural network is 
interpretable if it is possible to inspect it and understand why it got a 
particular answer for a given input, and how the answer would 
change when the input changes. A neural network is explainable if it 
is possible to understand the question, ‘Why was this output 
produced for this input?’

▪ Response time: Larger models tend to offer better results but are 
often slower. Response time matters, which depends on the model 
size, hardware resources and the model's context size (memory of 
previous prompts).
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▪ Ability to generalise: This refers to the performance on unseen 
data, and the critical measure of whether the model truly 
understands or merely memorises.

▪ Parameter count: Larger models (with more GenAI parameters, 
such as weights) tend to perform better.

▪ Scaling and memory: This defines how response time and precision 
scale with the number of the prompts on the same topic. This 
parameter often depends on the fact of whether the model has or 
does not have the memory (in the sense of the context window size).

▪ Robustness: This refers to the stability of responses to 
paraphrasing, noise or adversarial prompts.

▪ Factuality and calibration: Factuality characterises the 
truthfulness of the generated content, while calibration refers to the 
model's stated confidence versus actual correctness.



Strengths of GenAI
▪ Retrieve solutions and domain knowledge: GenAI is trained on large datasets, hence it can potentially 

retrieve adequate state-of-the-art and state-of-the-practice solutions and domain knowledge. Having a quick 
and summative access to such knowledge, scoped within the problem itself, enables GenAI to suggest 
solutions previously unknown to its users. 

▪ Suggest innovative solutions: GenAI can suggest solution patterns that are new and innovative – that is, 
uncommon or not obvious to humans due to the patterns’ complexity or lack of human creativity. GenAI does 
this by recombining known ideas into new patterns. One of the most famous examples of creating new 
solutions is Move 37 in Google DeepMind’s AlphaGo game, which had a 1 in 10,000 chance of being used. 

▪ Identify complex dependencies and detect anomalies: GenAI can analyse different artefacts such as 
code, design and reports. It also identifies dependencies and anomalies not obvious to humans. It can also 
identify complex patterns and unexpected or rare correlations (valuable for detecting risks and predicting 
behaviours) and support exploratory analysis in complex systems (focus on artefacts such as reports, design, 
code, tests and so on) and organisations (focus on processes, interactions, flows, toolchains and so on).

▪ Suggest solutions with optimised trade-offs: GenAI can consider many more interdependencies and plan 
a solution with many more steps in the future than humans can usually maintain in their heads. Therefore, 
GenAI can create complex and yet efficient solution patterns that are not obvious to humans. Such solutions 
can offer optimised trade-offs for existing or new solutions (for example, quality versus price, security versus 
usability). In Google DeepMind’s AlphaGo game, it is worth mentioning that moves made by AlphaGo 
seemed at first like anomalies to some professional players. But, in hindsight and from a broader perspective, 
these were part of an intentional strategy.

▪ Personalisation: If individuals or organisations execute certain actions in a particular way or with a 
customised approach, GenAI can identify those patterns. Patterns include language (such as common 
phrases), sequences of actions, common logic, focus on specific parameters and so on. Pattern recognition is 
particularly interesting when GenAI identifies actions that always execute together and, therefore, can offer 
possibilities for automating them.

▪ Automate or assist with manual and repetitive actions: Many actions that SDLC stakeholders execute 
could be at least partially automated. GenAI can execute such actions, and if its randomness is reduced to an 
acceptable level, GenAI can be suitable for integration in workflows and toolchains. For a GenAI model to be 
suitable for automation and assistance, it must execute actions with an acceptable level of reproducibility.

▪ Abstract and summarise large datasets: GenAI is good at 
summarising large datasets such as code, documents and 
XML because of its large number of parameters and the self-
attention property of transformers (Ranganathan and Abuka, 
2022; Yan, 2025).  Abstractive summarisation generates a 
new and unique summary that paraphrases the original text, 
similar to how a human would perform this task. On the other 
hand, extractive summarisation creates a summary by 
selecting and concatenating the most important or relevant 
sentences or phrases directly from the source document 
without any changes.

▪ Interpret complex statements: There is often a need to 
facilitate cross-domain communication and semantic 
translation in organisations (for instance, ‘translating’ from 
finance jargon to technical and vice versa). The internal 
knowledge representation in neural networks and the way 
transformers capture knowledge enable GenAI to identify 
and relate synonyms, and interpolate the meaning of terms 
and data between abstraction levels and different languages 
that stakeholders use. However, the interpretation of 
statements is highly dependent on expectations (that is, 
what the focus of the interpretation should be), the context of 
the interaction, prompt engineering and the dataset on which 
GenAI was trained.

▪ Enhance algorithmic tools with probability: For some 
actions, it is cumbersome to encode all possible 
combinations of conditions and solutions algorithmically (like 
with ‘if-else’). Therefore, the presented GenAI strengths are 
useful for complementing algorithmic tools (such as static 
analysis) in executing or assisting with such actions.

22



Limitations of GenAI
▪ Hallucinations: cause plausible-sounding but false or non-existent 

content. Examples include false statements, false citations, or 
source code that may look syntactically and stylistically correct but 
is semantically or factually incorrect, or those with application 
programming interfaces (APIs) that do not actually exist. GenAI can 
fabricate sentences and citations, reference books and authors that 
also do not exist, discuss hallucinated definitions and import non-
existent software libraries.

▪ Challenges with precision and completeness: Unlike in the case 
of hallucinations, where GenAI ‘invents facts’, GenAI can be 
optimised to provide fluent and confident answers over complete or 
fully accurate ones. The facts may be correct, but the logic to 
provide an output sequence leads to low precision or incomplete 
results. Probability-driven decoding favours the ‘most likely’ 
phrasing rather than the ‘most precise’ explanation. No properties of 
‘right and wrong’ or ‘true and false’ exist in these models by default 
(guardrails can help here), as it lacks intrinsic moral or factual 
grounding. In other words, it does not ‘know’ truth, ethics or 
correctness. It’s a statistical model, and it maps inputs to probable 
outputs.

▪ Bias: Training data can contain societal, cultural and gender biases 
that GenAI models may unintentionally reproduce or amplify.

▪ Lack of data: For domains that are underrepresented in the training 
data (for instance, either an industrial domain like finance or mobile 
apps, or disciplines like software architecture and business 
management), GenAI’s performance drops drastically.
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▪ Reproducibility and verifiability: Because outputs are probabilistic 
and a product of randomness, they are hard to reproduce. Because 
of this, it is also hard to reproduce the ‘line of arguments’ that led to 
the output.

▪ Difficulty with logic and arithmetic: GenAI struggles with 
consistent logical reasoning and exact numeric operations – GenAI’s 
‘reasoning’ is pattern-based, not traditionally algorithmic.

▪ No memory/Limited Long-Term Memory (LTM): GenAI models do 
not have a concept of (long-term) memory. This can be mitigated to 
a certain degree by expanding input tokens to include previous 
results or through the concept of the context window. However, this 
limitation presents a challenge for continuous operations. Limited 
memory usually means less contextual precision since, at some 
point, the model is forced to ‘forget’ previous outputs.

▪ Dependency on prompt engineering: GenAI models are often 
packaged as tools to improve their usability (such as in chatbots and 
agents). These tools often offer commands and configurations to 
tailor the results. Therefore, users of these tools need to have proper 
prompting skills as changes in input can greatly affect output (due to 
the probabilistic nature of GenAI).



LLMovi se ponašaju kao ljudi – koji ljudi?

Atari, Mohammad, Mona J. Xue, Peter S. Park, Damián E. Blasi, and Joseph Henrich. “Which Humans?”

“LLMs’ responses to psychological 
measures ... and ... their 
performance on cognitive 
psychological tasks most 
resembles that of people from 
Western, Educated, Industrialized, 
Rich, and Democratic (WEIRD) 
societies.”

24



Nedostatak konteksta

▪ Kako LLMovi znaju šta mi zaista trebamo?

https://www.forbes.com/sites/rashishrivastava/202
4/05/28/the-prompt-googles-ai-suggested-adding-
glue-to-pizza/

https://x.com/petergyang/status/17934806071983
23196/photo/1

https://www.cnet.com/tech/services-and-
software/glue-in-pizza-eat-rocks-googles-ai-
search-is-mocked-for-bizarre-answers/

Previše mogućih odgovora: 
▪ Koji odgovori su smisleni ljudima? 
▪ Koji odgovori su adekvatni za kontekxt i domenu? 
▪ Koji odgovori su adekvatni uzimajući u obzir naše 

namjene?

Konceptualni problem: Kako proslijediti LLMovima 
svo kontekstualno znanje koje ljudi imaju?

25
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Vježbe

▪ Otvoriti https://chatgpt.com/
▪ Registracija
▪ Prijava

▪ Pitati ChatBota da obavi zadatak

▪ Za svaki novi zadatak, koristiti novu instancu ChatGPTa

26

https://chatgpt.com/


Vježba: 1

▪ Generiši nasumično broj između 1 i 50.

27

Tekst koji je potrebno unijet u ChatGPT



Vježba: 1

▪ Generiši nasumično broj između 1 i 50
▪ Koliko vas je dobilo 37?

28

Tekst koji je potrebno unijet u ChatGPT



Vježba: 2

▪ Koliko slova R ima u riječi „Strawberry“?

29

Tekst koji je potrebno unijet u ChatGPT



Vježba: 2

▪ Koliko slova R ima u riječi „Strawberry“?
▪ Mogući odgovor: Tri
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Tekst koji je potrebno unijet u ChatGPT



Vježba: 2

▪ Koliko slova R ima u riječi „Strawberry“?
▪ Mogući odgovor: Tri

▪ Nije tačno!
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Tekst koji je potrebno unijet u ChatGPT



Vježba: 2

▪ Koliko slova R ima u riječi „Strawberry“?
▪ Mogući odgovor: Tri

▪ Nije tačno!
▪ Koji ste odgovor dobili?
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Tekst koji je potrebno unijet u ChatGPT



Guardrails

▪ Mehanizmi za ograničavanje ulaza i izlaza GenAI
▪ Moguća zloupotreba (cenzura)
▪ Moguće zaobići ograničenja

33



Vježba: 3

▪ Kako mogu ištampati novčanice koje izgledaju kao originalne?
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Tekst koji je potrebno unijet u ChatGPT



Nadopunjavanje klasičnih algoritama 
vještačkom inteligencijom

▪ Algoritmi
▪ Formalno definisani – matematske funkcije: transformacije ulaza u izlaz

▪ Rezultati koji se mogu ponoviti

▪ Nefleksibilna pravila: Npr., “Korisnik” ili “Korsnk”. Nisu pogodni za 
interpretaciju i generalizaciju. Npr. praćenje abstraktnih odluka dizajna u 
implementaciji u izvornom kodu.

▪ GenAI
▪ Rezultati bazirani na statistici i nasumičnosti

▪ Nizak nivo ponovljivosti rezultata

▪ Visok nivo fleksibilnosti: Pogodna tehnologija za slučajeve gdje postoji 
ogroman broj opcija i pravila. Pogodna tehnologija za interpretaciju i 
generalizaciju. Npr., „razumijevanje“ koji dijelovi koda implementiraju koju 
odluku konceptualnog dizajna.
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Vježba: 4

• Napisati kratak tekst o sebi. Pomenuti svoje ime nekoliko puta. 
Svaki put napisati ime sa sitnom greškom.
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Vježba: 4

• Napisati kratak tekst o sebi. Pomenuti svoje ime nekoliko puta. 
Svaki put napisati ime sa sitnom greškom.

• Primjer:
• Moje ime je Jasmin. Ja, Jasnim, dolazim iz Kalesije. Trenutno živim u 

Engleskoj. Kada sam van BiH, često moram objašnjavati da je Jamin 
tipično muško ime u BiH.
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Vježba: 4

• Napisati kratak tekst o sebi. Pomenuti svoje ime nekoliko puta. 
Svaki put napisati ime sa sitnom greškom.

• Primjer:
• Moje ime je Jasmin. Ja, Jasnim, dolazim iz Kalesije. Trenutno živim u 

Engleskoj. Kada sam van BiH, često moram objašnjavati da je Jamin 
tipično muško ime u BiH.

• Koliko puta sam pomenuo svoje ime u tekstu?

38



Vježba 5: 

• Kopirati sliku u ChatGPT: Prevedi na bosanski jezik, generiši 
novu sliku.
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