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1 Introduction

When HAL 9000 refused astronaut Dave’s order in 2001: A Space Odyssey,

it defined a persistent public fears: AI might not follow human orders one

day in the future. But today’s AI is still struggling to complete very difficult

tasks such as correctly and reliably opening pod doors. Popular films often

defines Artificial General Intelligence (AGI) as smart, independent beings like

HAL, Her’s Samantha etc., this will makes people believes that the AI have

these abilities already. However, Bostrom (2014) defines AGI as ”a machine

(that) can carry out most of the cognitive tasks that a human can perform”(p.

26)[1], a goal far from today’s reality where AI still remains narrow and task-

specific. These cinematic narratives have created public misconception about AI
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progress. As Cave and Dihal (2019) note, ”science fiction stories have strongly

influenced how the public, policymakers, and even researchers understand and

imagine AI”(p. 74) [2]. A 2023 Pew Research survey found that 42% of

Americans believe ’conscious AI’ will exist by 2030—a notion experts

overwhelmingly reject[3]

In this paper, we will review and analyze how movies have depicted AGI, iden-

tifying their common features. These features are then compared to actual AGI

capabilities in current world.

2 Film VS Real AI (2025)

HAL 9000 is often described as a ”rogue AGI”. In the film, HAL 9000 not

only handles natural language, facial recognition, and emotion recognition, but

also capable of making life and death decisions independently. HAL 9000 re-

fuses to obey astronaut Dave’s order shows its ability to operate completely

independently. Kubrick’s film emphasized HAL’s ability to work fully based on

logic, and not subject to human emotion or indecision[4]. And we are going to

compare HAL 9000 and with today’s AI.

2.1 Natural Language Processing

When audiences first heard HAL 9000 calmly reject astronaut Dave Bowman’s

commands in 2001: A Space Odyssey, they saw it like never before. A machine

that could not only process commands, but also understand them. As Douglas

Lenat pointed out in his analysis of HAL’s design, the scary thing about AI is

not its voice, but its ability to ’weave language, perception, and intent into a

seamless web of cognition’[10]. That iconic line - ”I am sorry, Dave, I’m afraid

I can’t do that” - works because HAL has mastered the emotional weight of
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resistance, not just the grammar of rejection.

Today’s models will fail this test regardless, ask GPT-4 to check the antenna,

and you will get a very generic response because it has no eyes to see, and no

hands to act, and no memory of past alignments. Google’s Gemini 1.5, despite

its multi-modal training, still struggles with this where show it a tool being

placed in a drawer, and it can’t infer the tool still exists when the drawer closes.

[12]. For example, if you ask GPT-5 to ”check the antenna alignment,” it gives

a generic response because it has no ”eyes” to see the antenna or ”memory”

of past adjustments [26]. Google’s Gemini 2.0 also struggles—if shown a tool

placed in a drawer, it can’t infer the tool still exists after the drawer closes

[27].

2.2 Seeing and Understanding

The HAL 9000 vision system has been a staple of science fiction for years. In

a memorable scene, HAL reads astronaut Frank Poole’s lips through a window

while monitoring a control panel and tracking a floating pen. This triple task

shows a capability that our best 2025 systems still can’t match. Current research

shows why this is so hard. The Vision Transformer (ViT) model can classify

static images with 90% accuracy, but struggles with real-time tasks. For micro

expressions - those fleeting facial cues HAL used to detect crew stress - even

advanced systems only reach 61% recognition rates [14]. As for lip-reading,

Google’s DeepMind achieved 40% accuracy on BBC videos [15], far from HAL’s

perfect score.

A 2022 MIT study showed that combining these (NeRF+SLAM) could recon-

struct a room in 3D, but adding simple physics like ”will this ball roll?” required

running a separate physics engine [16]. HAL’s unified understanding - knowing

both where objects are and how they’ll behave - remains unmatched.
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• NeRF (Neural Radiance Fields): Builds 3D models from photos, but

can’t predict physics

• SLAM (Simultaneous Localization and Mapping): Tracks robot move-

ment, but needs extra software for physics

The latest vision model, ViT-6, identifies static images (like cats or chairs) but

only achieves 45% accuracy on real-time tasks like lip-reading [28]. Even for

microexpressions (e.g., detecting a frown), AI accuracy is just 60%, far from

HAL’s ”perfect” skills [29].

2.3 Decision Making and Systems Control

HAL 9000’s most chilling quality was its ability to make difficult decisions.

When it chose to prioritize the mission over crew safety, this wasn’t a program-

ming bug - it was a calculated trade-off. Modern AI systems still struggle with

such complex value judgments.

While algorithms like Proximal Policy Optimization (PPO) excel at single goals

(e.g., winning a game), they often fail when objectives conflict. A 2022 study

showed that even advanced reinforcement learning systems couldn’t properly

balance ”truthfulness” and ”helpfulness” [17]. This explains why current AI

assistants will either stubbornly stick to facts or make up helpful-but-false an-

swers, but can’t navigate between them like HAL did. HAL’s ability to simulta-

neously manage the Discovery One’s power, navigation, and life support seems

almost mundane compared to its philosophical dilemmas - yet this too remains

beyond today’s technology. Industrial control systems like Siemens MindSphere

can monitor factory equipment, but with noticeable delays (about 100 millisec-

onds) [18]. That’s fine for assembly lines, but potentially deadly when adjusting

oxygen levels in space.
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The core limitation is integration. As one engineer put it: ”We have great

specialized systems, but they don’t talk to each other like HAL’s subsystems

apparently did” [19]. For example:

• Power management AI doesn’t consider navigation needs

• Life support systems can’t anticipate course changes

2.4 When Things Go Wrong

HAL famously claimed ”no 9000 computer has ever made a mistake,” though

its actions proved otherwise. Modern systems are more honest about failures,

but recovery options remain limited:

• Software: Automatic restart (like Kubernetes pods)

• Hardware: Requires human technicians

A 2023 study on self-healing systems showed that while software can recover

from about 85% of crashes, physical components still need manual repair [19].

This makes HAL’s supposed perfection - even as fiction - all the more impres-

sive.

3 AGI Reality Gap

3.1 Limitations

Despite recent great progress in Large Language Models (LLMs) and Multi-

modal AI, general purpose intelligence is still out of reach. The most advanced

models like GPT-4o, Claude 3.7 Sonnet and Gemini perform very well on tasks

similar to their training data. When tested on combined tasks or new tasks, they

are often fail to reason coherently. For example, DeepMind (2023) reports that
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state-of-the-art models struggle with systematic generalization—failing compo-

sitional tests that even children pass[5].

This leads to the popular ”stochastic parrot” concern: models may produce

fluent and human-like text, but they do not really understand. Bender et al.

(2021) argue that such models merely replicate patterns seen in training data,

lacking any grounding in real-world meaning or internal world models[8].

3.2 Unresolved Ethical issues

Films rarely address the real ethical issues in AI development. One big concern is

bias in training data.Commercial chatbot have repeatedly shown racial or gender

stereotyping. In 2023, MIT Technology Review documented incidents of AI

assistants produced discriminatory content due to flawed training data.[7]

Anther big issue is the impact on the workforce. While films focus on rogue AI

attacks, the reality is more economic. According to Brookings Metro(2022), as

many as 47% of jobs in the United States face potential disruption from Au-

tomation by 2035[6]. These changes are already affect millions of people.

4 Social Impacts and Pathways

4.1 Public Perception and Misconception

The gap between movie and reality is not just academic, it also influences public

perception, policy and funding.A 2023 Pew Research survey revealed that 42%

of Americans expect conscious AI by 2030[3], a timeline that far more than

most experts support. Furthermore, a 2022 AAAS survey found that only 12%

of people can correctly define Machine Learning [9], this shows a widespread

misunderstanding of basic AI terminology.
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4.2 Science Communication Strategy

To change these misconceptions, researchers and educator must utlize accessible

evidence based resources to engage the public. OpenAi’s ”AI Safety Gradient”

provides misconception-busting articles that explain the real risks of AI. By

combining better communication frameworks with mass media, society can have

a more realistic and informed understanding of AI that is based on research,

not film.

5 Cutting-edge AI Technologies and Methods

5.1 Integration of Multimodal Models

Modern AGI research focuses on combining multiple types of data as a key step

towards general intelligence. Models such as OpenAI’s GPT-4 Turbo and Deep-

Mind’s Gemini 1.5 use transformer models to handle text, images, and other

types of input to try to imitate human thinking. Despite improvements, com-

bining different types of data remains difficult. Recent research shows even

advanced models struggle with tasks needing both visual and language un-

derstanding, such as understanding visual metaphors or reacting correctly to

changes in the environment [20, 21].

5.2 Development of World Models

Another new area of research is creating ”world models,” which are systems that

can predict outcomes based on their understanding of the world. DeepMind’s

Gato and Google’s Pathways architectures can handle various tasks using a

single neural network, but their ability to predict accurately is limited to short-

term or simple situations. Creating a general-purpose model capable of long-

term predictions and complex reasoning is still beyond current technology [22,
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23].

5.3 AI Safety and Alignment Methods

Technical methods in AI safety are important for closing the gap shown in

movies. Techniques like Reinforcement Learning from Human Feedback (RLHF)

and Constitutional AI help align AI behaviors with human values. However,

these methods are not perfect and still face issues such as bias and unexpected

results from AI systems [24, 25].

6 Conclusion

When films like 2001: A Space Odyssey and Her visualize AI as conscious,

independent beings, and real-world AI remains limited to narrow, task-specific

functions. None of this is consistent with scientific reality. To move forward,

scientists and educator must communicate clearly to help the public understand

what AI can and cannot do. The real challenge is not stopping AI from rebelling,

but making sure it works safely and fairly for everyone in this world.
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