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Abstract	
The	 global	 film	 industry	 is	 experiencing	 a	 fundamental	 transformative	 revolution	
driven	by	artificial	intelligence	technologies.	Although	image	generation	rooted	in	deep	
learning	 first	emerged	with	Generative	Adversarial	Networks	 (GANs)	 in	2014,	 it	was	
the	large‐scale	application	of	diffusion	models	around	2020	that	triggered	a	qualitative	
breakthrough	in	photorealistic	visual	content	creation.	From	2022	to	2025,	commercial	
platforms	and	open‐source	weight	 frameworks	represented	by	Midjourney,	DALL‐E	2,	
Stable	Diffusion,	 Sora	 and	Runway	Gen‐3	 have	 continuously	 verified	 that	 algorithm‐
generated	visuals	can	achieve	parity	with	traditional	visual	effects	in	terms	of	fidelity,	
and	even	outperform	manual	production	 in	certain	standardized	workflows.	For	 film	
practitioners,	 this	 rapid	 technological	 iteration	 has	 reshaped	 the	 entire	 production	
chain.	 Traditional	 filmmaking	 depends	 on	 highly	 fragmented	 and	 labor‐intensive	
processes,	covering	storyboard	creation	and	location	reconnaissance	in	pre‐production,	
lighting	design	and	camera	operation	in	principal	photography,	as	well	as	fine‐grained	
color	 grading	 and	 VFX	 compositing	 in	 post‐production.	 As	 generative	 AI	 penetrates	
each	independent	link,	it	brings	significant	advantages	in	shortening	production	cycles	
and	cutting	costs.	Meanwhile,	it	has	also	sparked	fierce	industry	discussions	on	artistic	
authorship,	skilled	labor	substitution	and	the	essential	nature	of	visual	storytelling.	At	
present,	 a	 large	 number	 of	 computer	 science	 studies	 focus	 on	 the	 technical	
breakthroughs	of	single	video	generation	algorithms,	but	there	is	an	obvious	research	
gap	in	the	practical	evaluation	of	these	tools	from	the	perspective	of	professional	film	
production.	Existing	review	articles	mostly	analyze	model	architectures	in	isolation	or	
discuss	 multimedia	 applications	 in	 a	 broad	 sense,	 ignoring	 the	 unique	 workflow	
requirements	 of	 cinematography.	 To	 fill	 this	 gap,	 this	 paper	 constructs	 a	 functional	
classification	 system	 of	 generative	AI	 based	 on	 the	 full	 life	 cycle	 of	 film	 production,	
prioritizing	 application	 scenarios	 over	 algorithmic	 structures.	 By	 evaluating	
mainstream	 platforms	 against	 professional	 standards	 such	 as	 output	 controllability	
and	 hardware	 compatibility,	 this	 paper	 identifies	 the	 core	 technical	 obstacles	 in	
current	 applications	 and	 proposes	 a	 practical	 human‐AI	 collaborative	 creation	
framework	that	preserves	directorial	creative	intention.	
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1. Introduction	

Over the past century, moving pictures went through several massive shakeups—from silent 
films to synchronized sound, and then from celluloid rolls to digital memory cards. Every 
single pivot fundamentally altered how we tell stories visually. Now, generative artificial 
intelligence is hitting the industry. It stands out as the most radical disruption since the digital 
turn, pushing filmmaking into an uncharted territory of human-machine co-creation. Let's 
trace the technology. In 2014, Generative Adversarial Networks (GANs) laid the groundwork 
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for deep learning-based image synthesis. However, their internal flaws—mainly training 
instability and mode collapse—kept them out of professional studio pipelines. The real 
turning point arrived in 2020 with diffusion models. By using a probabilistic denoising 
mechanism, this new setup solved the long standing headache of image diversity and pixel 
fidelity. After 2022, an explosion of commercial and open-source tools democratized the tech. 
Filmmakers noticed their tools evolving rapidly from simple concept sketch pads into core 
operational mechanisms for multi-stage production. Traditional filmmaking relies on heavily 
compartmentalized labor and notoriously long timelines. For a typical medium-budget feature 
film, hundreds of people must grind for months or years, where post-production visual effects 
alone can devour upward of fifty percent of the total budget. Generative AI threatens to 
dismantle this traditional layout. By automating highly standardized, repetitive tasks, these 
frameworks theoretically free creators to focus on narrative nuances and emotional beats. 
However, because of this rapid technological change, there is severe friction in the industry. 
The muddy copyright rules relating to synthesized content, the imminent danger of labor 
displacement for skilled crew members, and the growing risk of stylistic homogenization from 
excessive use of standard models are issues that we must address. A survey of the current 
literature reveals a major blind spot: almost all papers treat the subject from a pure computer 
science viewpoint, confining the discussion to optimizing mathematical model weights and 
extracting minor gains in generation accuracy. Mapping these tools to real-life, messy on-set 
workflows remains extremely difficult. Worse, discussions regarding the creative alignment 
between humans and AI are exceptionally rare, and models addressing this friction are even 
rarer. Because filmmaking must collaborate with the organic laws of artistic creation, this 
study addresses that structural deficit by examining how generative AI operates across 
different production phases. By combining practical technical limitations with pressing ethical 
issues, we develop a collaborative framework tailored for professional cinematography—
offering a gritty, practical heuristic for real-world practitioners. 

2. Background	and	Algorithmic	Foundations	

2.1. Evolution	of	Generative	Visual	Models	
Modern visual generation technology is mainly supported by three core algorithm 
architectures: Variational Autoencoders (VAEs), Generative Adversarial Networks (GANs) and 
Denoising Diffusion Probabilistic Models (DDPMs). In 2014, Goodfellow and his collaborators 
first proposed the GAN architecture [1], which adopts a dual-network adversarial training 
mechanism consisting of a generator and a discriminator. The generator is responsible for 
generating fake images, while the discriminator is responsible for distinguishing between real 
and fake images. Through continuous game training, the generation ability of the generator is 
continuously improved. In the early stage of film production, GAN variants such as CycleGAN 
were widely used in style transfer tasks, which could convert the visual style of shot footage 
without paired training data, for example, converting real-shot scenes into hand-painted 
animation styles. However, GANs often suffered from training divergence and could only 
generate limited types of images, which made it difficult to meet the diverse and high-
precision requirements of film production. The diffusion model proposed by Sohl-Dickstein et 
al. in 2015 [2] and improved by Ho et al. in 2020 [3] completely changed the pattern of visual 
generation. Different from the adversarial training of GANs, diffusion models learn the reverse 
process of gradual noise addition through iterative training. They first add Gaussian noise to 
the original image step by step until it becomes pure noise, and then train the model to 
reverse this process and restore the original image from the noise. This probabilistic training 
method effectively solves the mode collapse problem of GANs and greatly improves the 
fidelity and diversity of generated images. In 2022, Rombach et al. proposed the latent space 
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diffusion model (Stable Diffusion) [4], which compresses the image into a low-dimensional 
latent space for training and generation, significantly reducing the computational cost and 
making high-fidelity image generation possible on consumer-grade graphics cards. In recent 
years, transformer architectures have been introduced into video generation tasks, bringing 
new breakthroughs in temporal modeling. OpenAI’s Sora model released in 2024 [6] encodes 
video sequences into discrete visual tokens and processes them through a diffusion 
transformer (DiT) framework. This design enables the model to learn the spatiotemporal 
correlation of video data and simulate basic physical laws and camera motion rules, laying a 
foundation for long video generation with coherent logic. 

2.2. Integration	into	Post‐Production	and	Virtual	Environments	
In addition to pure content generation, semantic machine learning technology has been 
deeply integrated into mainstream non-linear editing (NLE) systems, realizing the intelligent 
upgrade of traditional post production workflows. Early AI applications in NLE were mainly 
focused on single-point tasks, such as DaVinci Resolve’s neural face refinement function which 
can automatically repair facial blemishes and optimize skin texture, and Adobe Premiere Pro’s 
automatic reframing function which can adjust the picture composition according to different 
playback platforms. With the emergence of multimodal foundation models such as CLIP, zero-
shot visual classification has become a reality, enabling functions such as semantic-based 
material search and intelligent editing suggestion directly on the timeline. At the same time, 
the rapid development of LED volume virtual production technology has created a natural 
integration point for generative AI. The Mandalorian produced by Disney has demonstrated 
the advantages of virtual production: shooting in a studio surrounded by LED screens can 
realize real-time rendering of virtual backgrounds, reducing the cost of on-location shooting 
and post-production compositing. Traditional virtual production relies on Unreal Engine to 
render pre-made static or scripted backgrounds, which lack flexibility and interactivity. The 
combination of procedural generation, Neural Radiance Fields (NeRFs) [8] and 3D Gaussian 
splatting [9] is changing this situation. NeRF can reconstruct a 3D scene from a small number 
of 2D images, while Gaussian splatting realizes real-time high-quality rendering of 3D scenes. 
The integration of these technologies with generative AI will make it possible to create fully 
dynamic and interactive AI-generated shooting environments. 

3. Functional	Applications	in	Film	Workflows	

To systematically analyze these technologies, we propose classifying them by production 
function rather than underlying algorithm architectures, so as to more clearly show their 
practical value in professional workflows. 

3.1. Concept	Art	and	Pre‐visualization	
Pre-production is the stage where generative AI is most widely and maturely applied at 
present. Traditional concept design and pre visualization require artists to spend a lot of time 
hand-drawing sketches and making 3D models, and the modification cycle is long. Text to-
image generation models have become powerful visual iteration tools, which can quickly 
generate a large number of alternative solutions according to text descriptions, greatly 
improving the efficiency of creative brainstorming. Production designers usually use 
Midjourney v6 and Stable Diffusion XL to quickly make mood boards, character concept 
drawings and scene design drafts. The key to the practical application of these tools lies in the 
conditioning control mechanism. ControlNet proposed by Zhang et al. in 2023 [5] allows 
artists to constrain the output of the model through edge maps, depth maps, pose skeletons 
and other conditions, ensuring the consistency of character movements and scene 
composition across the entire storyboard sequence. In addition, technologies such as IP-
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Adapters and Low-Rank Adaptation (LoRA) enable production teams to inject proprietary 
visual elements into the model without full retraining. For example, they can train a LoRA 
model based on the actor’s photos to ensure that the generated character images are 
consistent with the actor’s appearance, or train a style LoRA to unify the visual style of the 
entire film. 

3.2. Video	Synthesis	and	B‐Roll	Generation	
Direct text-to-video generation is still in the early stage of development, and temporal 
consistency is the biggest technical challenge. However, existing models have been able to 
meet the needs of certain production scenarios, and different platforms have formed their 
own technical characteristics. Sora, as the most advanced text-to-video model at present, can 
generate high-definition videos up to 60 seconds with complex camera movements and multi-
scene switching, and has a certain ability to simulate physical laws. Runway Gen-3 Alpha 
provides more fine-grained motion control through the “motion brush” function, allowing 
users to specify the movement direction and speed of local objects in the video. Pika Labs 
focuses on stylized animation generation, which can quickly convert text or images into 
2D/3D animation styles. Kuaishou’s Kling model performs well in human kinematics 
generation, and the generated character movements are more natural and smooth. At this 
stage, these video generation tools are mainly used in scenarios with low requirements for 
pixel-perfect continuity, such as atmospheric B-roll shooting, pre-visualization of key scenes, 
and dynamic graphic production. For independent filmmakers with limited budgets, these 
tools can also be used to generate low-cost special effects shots, reducing the threshold of film 
production. 

3.3. Semantic	Editing	and	Visual	Enhancement	
Generative AI is fundamentally changing the way post-production editing is done, shifting 
from manual frame-by-frame operation to semantic-level batch processing. Modern NLE 
systems can automatically log scenes, identify characters and mark key content by analyzing 
audio waveforms and visual compositions, greatly reducing the time spent on material sorting. 
Prompt-based editing interfaces have made complex post-production tasks easier. For 
example, Adobe’s Project Fast Fill can remove or add objects in the video through natural 
language descriptions, and automatically fill the background to ensure visual coherence. 
Descript’s text-based video editing function allows users to edit the video by modifying the 
transcribed text, and can automatically adjust the video rhythm and even generate matching 
lip movements for modified lines. In the finishing stage, neural super-resolution technology 
has become a standard tool for upgrading archival materials to 4K/8K resolution, and Topaz 
Video AI is the most representative commercial software in this field. AI-assisted color 
grading has also gone beyond simple LUT matching. Park et al. proposed a contrastive 
learning-based unpaired image translation framework [7], which can accurately map the color 
distribution of reference film stocks to raw digital footage, achieving photorealistic film style 
simulation. 

4. Technical	Barriers	and	Ethical	Complexities	

Although generative AI has shown great potential in film production, there are still many 
structural limitations that prevent its turnkey adoption in professional narrative filmmaking. 
First, temporal coherence remains the primary technical bottleneck. Generated video 
sequences often have problems such as object flickering, character identity drift and 
implausible physical phenomena (such as objects passing through each other and incorrect 
light reflection). These artifacts limit the length of generated videos to less than 30 seconds in 
most cases, making it impossible to directly generate complete narrative shots. Second, there 
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is a huge gap between prompt-based interfaces and precise directorial intention. Directors 
need to control extremely detailed cinematographic parameters such as lens type, focal length, 
lighting angle and actor blocking, but natural language prompts can only vaguely describe 
these parameters, often leading to a large deviation between the generated results and the 
expected effect. Although control mechanisms such as ControlNet have alleviated this 
problem to some extent, they still cannot meet the precision requirements of professional film 
production. Third, the infrastructure and cost issues cannot be ignored. Rendering high-
fidelity videos through cloud-based models requires a lot of GPU computing resources, and 
the long-term subscription cost is not low for small and medium-sized production teams. 
Along with these bottlenecks, the sector is deeply mired in a legal and ethical grey area. 
Because generative models are trained on vast troves of copyrighted visual media—a practice 
whose legality remains fiercely contested worldwide—studios experimenting with AI-
generated assets face severe chain-of-title vulnerabilities. This quagmire extends to deepfakes, 
driving an urgent push for rigorous ethical boundaries and mandatory watermarking to curb 
malicious proliferation. Meanwhile, labor anxieties have reached a boiling point; global 
creative unions are actively battling studios to lock down safeguards that shield practitioners 
from AI-driven displacement. Compounding these friction points is a measurement crisis: the 
industry still lacks a universal benchmark for quality, largely because legacy metrics like 
PSNR or FID are fundamentally blind to the nuances of human cinematic artistry. 

5. A	Co‐Authorship	Paradigm	for	the	Generative	Era	

In response to the aforementioned bottlenecks, this paper advocates for a shift in how we 
integrate machine learning into the workflow—specifically, repositioning the algorithm as a 
force multiplier rather than a standalone creator. We conceptualize this dynamic through a 
four-stage human-in-the-loop workflow. The process must always anchor itself in human 
conceptualization, where the underlying narrative and aesthetic vision are born. This vision 
then enters a translation phase, requiring creators to convert abstract artistic intent into 
precise, machine-readable parameters. Once conditioned, the workflow transitions to the 
algorithmic execution stage, wherein the model generates a diverse spectrum of visual 
candidates. However, the loop is ultimately closed by rigorous human editorial oversight. By 
actively filtering, refining, or outright rejecting these raw outputs, human operators not only 
secure artistic integrity but also establish a clear paper trail crucial for navigating copyright 
compliance. 

6. Final	Thoughts	and	Future	Horizons	

The bedrock of conventional media workflows has already been permanently altered by 
machine learning. What were once mere laboratory novelties have aggressively integrated 
themselves into mainstream production pipelines at an unprecedented pace. Yet, before these 
tools can fully mature, the industry must overcome the friction points highlighted throughout 
this study: specifically, stabilizing frame-to-frame consistency and wrestling the inherent 
randomness of neural synthesis into submission under strict directorial intent. 
Moving forward, the fragmented toolsets of today are bound to converge. We are likely 
approaching an era dominated by holistic foundation models that can synthesize fully synced, 
multi-sensory assets from a solitary creative brief. Coupled with plummeting latency, on-set 
real-time asset generation is rapidly shifting from a theoretical concept to a practical reality. 
What remains undecided, however, is the socioeconomic footprint of this shift. Whether this 
technological wave levels the cinematic playing field or simply hands more monopoly power 
to mega-studios relies entirely on the rapid deployment of ethical guardrails and the fierce, 
proactive participation of human artists. 
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