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A
lthough Generative AI (GenAI) initially cap-
tured attention for its ability to generate 
text, its reach has been rapidly extended to 
audio, image, and video generation. Recent 
advancements in video generation models 
(VGMs) have proved their value for many 
use cases, including previsualization, sec-

ond unit/b-roll, and short-form content. As these VGMs have 
evolved, it has become clear that prompt engineering is the 
most important technique for their effective use. Prompt en-
gineering allows users to apply the visual language of cine-
matography to craft the VGM output into something useful 
and aesthetically viable. Well-crafted prompts enable users 
to incorporate cinematographic elements such as camera 
placement, camera movement (for example, tracking shots), 
shot composition (how elements in a scene are arranged), 
shot size (for example, close up), focus/depth of field, and 
lighting. With effective prompt engineering, GenAI can be 
employed across a wide variety of pre-production, produc-
tion, and post-production video workflows. The efficiency 
gains for human creatives enabled by GenAI are crucial to 
the long-term economic viability of media companies. As 
the CEO of Sony Pictures Entertainment, Tony Vinciquerra,  
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stated in 2024, “The biggest problem with making films to-
day is the expense. We will be primarily looking at ways to 
produce films for theaters and television more efficient-
ly, using AI.”1 In one case, using GenAI virtual production 
techniques reduced the production budget of a sci-fi film 
by more than 40%, enabling the production and release of a 
film that otherwise would have been too expensive and nev-
er made.2 It also is important to keep in mind that although 
the focus herein is on using GenAI to generate and process 
video frames, GenAI also has a much wider application in 
media workflows via the generation and processing of audio, 
images, and text.3 

Video Generation Applications and Limitations
VGMs generate short videos, typically of two minutes duration 
or less, when guided by input prompts consisting of images, 
text, and/or other videos. Although VGMs are still in an early 
evolutionary phase, they have already been applied in many 
kinds of published content. Released short-form content  
mainly based on VGM output includes ads, music videos, 
and other short films. Long-form content has also been pro-
duced with VGM assistance for specific tasks such as previsu-
alization. Media companies are also exploring other possible 
uses of VGMs. For example, many media companies have 
archives of older, dormant properties. Using GenAI to pro-
duce short-form content featuring these properties could be 
a cost-efficient way to test their current appeal. GenAI can 
also transform or summarize long-form content into more 
easily consumable short-form content, another potential 
way to reuse and monetize media archives. Other possibili-
ties include using VGMs in the creation of educational and 
training videos.

VGMs can be applied across all stages of production: 
pre-production, production, and post-production. In 
pre-production, VGMs are used to generate previsualization 
assets such as animatics. This can be done in conjunction 

with image generation models to generate storyboards and 
concept art. At the production stage, VGMs can be used to 
generate “raw footage.” Much current interest pertains to 
generating B-roll and second unit type footage. Concerning 
post-production, in 2024, a leading editing software provider 
incorporated VGMs for the first time to generate additional 
frames in an editor’s timeline.4 There are also many other 
possible uses in post-production for VGMs, which will be dis-
cussed separately below.

As of early 2025, VGMs have many limitations. Resolution 
typically is limited to 1080p or less, though 4K resolution is 
on the feature roadmap for major VGM providers. Also, VGMs 
typically produce only short clips with lengths of two min-
utes or less. This is due to multiple issues, including hardware 
limitations related to available GPU memory and difficulties 
pertaining to the lack of visual continuity or consistency 
of objects. Leading VGMs have now achieved an acceptable  
level of object consistency within a single VGM output video. 
However, different VGM outputs using the same or similar 
prompts can be quite different due to the stochastic nature 
of VGMs. Perhaps most importantly, the degree of expres-
sive control of VGM output can be limited for the same rea-
son, as well as limitations in the training data. VGMs are still 
learning the nuances of camera movement, for example. As 
a result of VGMs’ current limitations, to date, they have had 
limited application to “high-end” or premium long-form 
content and have been leveraged most extensively for ads 
and other short-form content.

Some of the expressive control limitations of VGMs are 
illustrated by considering the efforts that went into the wide-
ly seen VGM-based short film Air Head (2024). The unusable 
to usable VGM output ratio was 300:1, with many output 
clips requiring extensive editing with post-production tech-
niques.5 Balanced against these limitations are the efficiency 
gains enabled by VGMs. For example, it took only two weeks 
for a team of just three people to produce Air Head. VGMs 

FIGURE 1. ControlVideo VGM architecture centered around an image generation model, ControlNet. 
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may also open new creative possibilities that are not other-
wise feasible. An example is the music video, The Hardest Part 
(2024), where the lead creative aimed to produce a film that 
looked like a “strange feed into memories from another di-
mension.”6 A similar sentiment was expressed by the creative 
director for the first VGM-produced ad (for toy retailer Toys R 
Us), who stated that using a VGM “allows you to explore your 
imagination… in motion.”7 

How Video Generation Models Work
VGMs are a kind of Foundation Model (FM), a category of 
neural net models that can deliver responses to a wide vari-
ety of tasks. VGMs are an extension into the time dimension 
of image generation models, which centrally leverage a diffu-
sion model component. Diffusion models are developed by 
slowly adding random noise to data and training the model 
to reverse this “diffusion” process, thereby shaping the noise 
into an aesthetically pleasing output. 

Extending the models into the time dimension signifi-
cantly increases the overall model complexity, as is apparent 
by examining the architecture of open-source VGMs such 
as Stable Video Diffusion and ControlVideo. Like any typi-
cal VGM, at the core of ControlVideo is an image generation 
model, in this case, ControlNet, as seen in the ControlVideo 
architecture diagram of Fig 1.8 In addition to the image gen-
eration model, other components are necessary to extend 
the output into the time dimension. As the video output is 
generated, it is processed by a cross-frame interaction mod-
ule to ensure consistency of objects between frames, then an 
interleaved frame smoother module to avoid flicker, and also 
a sampler module to produce videos in a clip-by-clip manner 
to reduce the burden on GPU memory and computing. 

In addition to the complexity of VGM architecture, the 
process of training VGMs is also complex and challenging. 
The most intensive phase of the training process is pretrain-
ing, which involves training a VGM on a very large, unstruc-
tured, and unlabeled dataset so the VGM can handle a wide 
range of video generation tasks. It also is possible to do “con-
tinuous pretraining” as more video files become available to 
keep a VGM “up to date” and deepen the VGM’s knowledge 
of visual language and concepts. Another important form of 
training is fine-tuning, which allows users to adapt existing 
trained VGMs for a particular task, often using a relatively 
small labeled training dataset. For example, in the case of a 
VGM that will be used to produce video in an anime style, it 
would be possible to fine-tune the VGM to adhere to the style 
of a particular anime series by fine-tuning the VGM on epi-
sodes of that series. The overall training regimen for a VGM 
may combine these techniques. For example, Stable Video 
Diffusion employs a multi-step training process, including 
pretraining and fine-tuning, to ensure optimal model quality 
while training at scale.9 

As mentioned, any FM requires a large amount of data 
during training for best results. In the case of VGMs, tens of 
petabytes of video files could be used during the training 
process; a larger media archive might have millions of hours 
of footage amassed over multiple decades. Preparing these 
assets to be suitable as training data for a VGM would require 

substantial time and money. A pipeline to process the assets 
before training would be necessary. This pipeline would in-
clude many processing steps such as (1) identifying third-par-
ty content that must be redacted; (2) adding metadata to 
inform training; and (3) transcoding all of the disparate 
formats to a common format suitable for training input. To 
process a petabyte-sized media archive, this pipeline might 
need to run for several weeks to process the entire archive. 
Despite the heavy lift in preparing assets for VGM training, 
it may become a significant opportunity for media compa-
nies to monetize their media archives if various issues, such 
as pricing models, can be resolved.10 In one publicized deal 
involving training a VGM on a studio’s archive, the studio em-
phasized that the VGM would be customized to the studio’s 
proprietary portfolio and used to augment workflows.11 

The Visual Language of Cinematography
To achieve professional-quality results with VGMs, it is neces-
sary to apply the visual language of cinematography. This dis-
tinguishes VGMs from other types of FMs in that other types 
do not require users to have specialized expertise; instead, 
users can draw upon common background knowledge. For 
example, using a text generation model to create a document 
summary can be as simple as writing a prompt to the effect 
of “summarize this text.” However, advanced prompt engi-
neering techniques will help optimize the output of any FM.

While cinematography dates back to the late nineteenth 
century with the invention of the first motion picture 
cameras, the most notable early explication of the related 
concepts and terminology was first published in 1949 in John 
Alton’s pioneering book, “Painting with Light.”12 The book 
codified observations about what works and what does not, 
with interesting insights illustrating the many complex de-
cisions a cinematographer must make. For example, Alton 
stated that a shot looks best when the foreground is darkest, 
the midground is correctly exposed, and the background is 
the lightest. Although Alton’s book is known for his insights 
regarding lighting techniques, cinematography involves 
much more than just lighting. 

Practitioners may have varying perspectives on the es-
sential elements of cinematography. However, any list of the 
core elements likely would include the following:

•  Camera placement
•  Camera movement
•  Shot composition
•  Shot size
•  Focus/depth of field
•  Lighting
These elements of cinematography must be considered in 

relation to the many rules that have evolved over 100 years of 
trial and error. One example is Alton’s rule about the progres-
sion from dark to light to create a feeling of depth. Another 
example concerns the lateral direction of characters’ motion, 
which can significantly impact how viewers perceive the ac-
tion. Left-to-right motion may be viewed more positively 
compared to right-to-left motion. While breaking such rules 
can sometimes produce good results, failure to understand 
the rules and apply them as appropriate more often than not 
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length limit of 2,000 characters, the user’s prompt may range 
from two to four paragraphs, enabling greater expressiveness 
at the cost of higher prompt complexity. For example, in the 
above prompt, the background could be specified in detail, 
along with more information about the car itself, rather than 
leaving these decisions to the VGM.

Given the profusion of cinematographic principles and 
the complexities of their interactions, how does one start 
writing a more complex VGM prompt? One suggestion is to 
divide the prompt into sections for scene, subject, and cam-
era movement.15 An example of this template plus an actual 
prompt is the following:

[camera movement]: [establishing scene]. [additional details].

Establishing wide-angle shot with deep focus: A white toy poodle 
with light apricot colored ears is standing in the middle ground 
of a meadow full of flowers. The sky is bright blue with a few 
wispy white clouds. The poodle begins running from left to right 
in the frame. As the poodle runs, the camera pans right to follow 
the poodle while also zooming in towards the poodle, using a 
realistic documentary style with the camera maintaining deep 
focus.

The above prompt follows the template while incorporat-
ing multiple elements and rules of cinematography. How-
ever, there is no certainty that the VGM will follow all the  
directions in a prompt. All GenAI models operate as stochas-
tic processes, with output reflecting an element of random-
ness. For example, when the above prompt was used with the 
Gen3-Alpha model from Runway AI, the model generally fol-
lowed the prompt. However, the model insisted on applying 
a depth of field that kept only the poodle in focus, blurring 
the foreground and background, as shown in Fig. 3. This 
occurred despite the instruction to maintain deep focus (no 
blurring anywhere in the frame).

Due to the stochastic nature of VGMs, there is no guaran-
tee that the output will be usable or that the same prompt 
will produce similar output when reused. Figure 4 shows 
output from the same model using the same prompt as pre-

will lead to substandard results.13 Applying these rules to craft 
VGM output is possible through prompt engineering tech-
niques, discussed next. 

Prompt Engineering Techniques for Video Generation
By applying the cinematography principles discussed, one can 
craft effective prompts for VGMs. An initial choice that must 
be made for VGM prompt engineering is to select the prompt 
input type or mode: (1) another video; (2) an image; and (3) text. 
Depending on the VGM, these input types can be used in com-
bination or on their own. Videos as an input type typically are 
used in editing use cases, as discussed below, such as adding 
or removing objects from video frames, changing the overall 
aesthetic of a clip, or adding a specific effect. 

Images can provide the model with a starting point, for ex-
ample, to ensure the VGM adheres to a particular character 
or object design. For example, a piece of concept art depict-
ing a character can be supplied to a VGM as part of a com-
bined prompt, including both the concept art image and a 
text prompt that describes how to “animate” the character. 
Another use of image inputs is to create simple ads. Amazon 
Ads allows advertisers to make a video ad with one click sim-
ply by supplying an input product image. For example, an 
image of a coffee cup on a beach could be animated into a 
video showing steam rising from the cup, with waves rolling 
onto the beach in the background.14 Image and video inputs 
can be considered inverse operations: image input sets an 
aesthetic that the VGM animates, while video input sets an 
animation (motion) for which the VGM can set an aesthetic.

As a first example of a text-only prompt for a VGM, it is 
instructive to begin with a relatively simple prompt. In  
Fig. 2 above, a simple one sentence prompt is followed by 
output from the Amazon Nova Reel model.

Despite its simplicity, this prompt incorporates combined 
camera motions and the left-to-right motion rule described 
earlier, resulting in an aesthetically interesting output. How-
ever, writing a longer prompt with greater complexity can 
achieve even more artistic control over the output. As of early 
2025, model providers typically limit text prompts to lengths 
from hundreds to a few thousand characters. For a prompt 

FIGURE 2. VGM output, where the prompt asked for a moving futuristic car tracked by combined camera motions.

FIGURE 3. VGM output where most instructions were followed (e.g., poodle in middle ground runs left to right). 

A futuristic car drives from frame left to frame right; 4K; cinematic; dolly out, camera pans left to right.
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In post-production, editing is a central task that can be 
expedited with GenAI. For example, an editing VGM that ac-
cepts a video as input can add objects to a scene and animate 
them. VGMs used for editing typically have two primary 
modes: inpainting and outpainting. Using inpainting, a user 
can remove and replace objects and people in scenes or even 
animate a previously static object. It is also possible to re-
move, blur, or replace the background. Outpainting, by con-
trast, allows the user to extend the imagery of a video frame 
by generating new, coherent content for an area that origi-
nally was out of frame. Besides VGMs, other kinds of FMs can 
also assist with editing tasks such as color grading, adjusting 
depth of field, or converting a clip to super-slow motion.

One of the most important applications of VGMs and oth-
er FMs is in the domain of visual effects (VFX). A traditional 
VFX workflow may start with a hand-drawn concept sketch 
of an object or character, followed by 3D modeling and tex-
turing and then matte painting to place the object or char-
acter in an environment. This work may take a month or 
longer, with limited ability to quickly edit and iterate. By con-
trast, a GenAI-based workflow would use one or more image 
generation FMs to create a sketch, apply textures, and place 
the object or character in an environment. It is easy to iterate 
in minutes at each stage of this workflow simply by changing 
the prompts. In addition to enhancing the creative process, 
this GenAI-based workflow can reduce the overall workflow 
time from over a month to less than an hour. Concept art 
can also serve as input images for a VGM, enabling video  
previsualization of scenes. 

GenAI also enables the reuse of many kinds of media ar-
chives. For these use cases, specialized models other than 
VGMs may be applied. For example, GenAI-based upscaling 
may be used to reach new audiences for content originally 
produced in lower resolution formats. From a monetary 
value standpoint, localization with GenAI enables faster 
and more cost-efficient access for content to the multi-bil-
lion-dollar international film and TV distribution market. 
Specialized GenAI models can assist with “vubbing” (visual 
dubbing), which involves using GenAI to lip sync actors’ fac-
es to new lines. These may be dubbed foreign language lines 
translated from the original or entirely new lines in the orig-
inal language requested for creative reasons. Depending on 
the use case, these lines can be delivered either by human 
voice actors or generated by audio FMs. 

Other forms of archive monetization and reuse are en-
abled by applying GenAI to generate metadata for video 
searches. Video understanding models (VUMs) can be applied 
to create a text description of what is happening in a video 
frame, which then can be distilled into searchable metadata 

viously discussed. This second output follows the prompt 
much less closely than the first output. While the poodle 
does start in the middle ground as requested, the left-to-
right motion is less perceptible. Also, as in the prior exam-
ple, the instruction to maintain deep focus is disregarded. 
Sometimes, users can overcome such issues by rewriting 
the prompt using different keywords or phrasing. In any 
event, at least in the short term, working with VGMs re-
quires extensive experimentation and sifting through a 
large volume of output to find clips that best reflect the 
user’s artistic vision. 

Prompt engineering for VGMs also has to take into ac-
count the time dimension. With most types of models oth-
er than VGMs, the user does not need to be concerned with 
the time dimension. There is only a single unchanging 
prompt to produce the entire result. Several techniques 
have been applied to make VGM output more dynamic 
while retaining continuity and reducing the need to edit 
multiple clips together. “Prompt travel” is a technique that 
specifies how a prompt varies by frame number or anoth-
er specific time indicator. “Chaining” is another technique 
that, by contrast, specifies multiple prompts at one time 
without specific time indicators for changes, leaving the 
VGM to decide on the best transition points. 

Another VGM prompt engineering technique is out-
put previews. VGM output generation, or inference, can 
be costly and slow. As discussed earlier, this is a stochas-
tic process; there is no guarantee that the output will be 
usable given a VGM’s inherent randomness. Requesting 
an output preview gives a user a peek into what the mod-
el might produce for a given prompt without the cost and 
time investment of inference for a full clip. For example, 
an output preview feature might enable users to see the 
first few frames of multiple mini-inferred clips. Based on 
the results, the user can then judge whether it is better to 
proceed to full inference or modify the prompt first.

Post-Production with VGMs and other GenAI Models
Besides generating “footage” for production tasks and as-
sisting with previsualization tasks in pre-production, such 
as aiding the creation of concept art, storyboards, and ani-
matics, VGMs and other GenAI models have many different 
kinds of applications. Regarding post-production, media 
supply chain, and archive workloads, a nonexclusive list of 
tasks where GenAI models can assist includes the following:

•  Editing
•  Visual effects
•  Video search for media archives
•  Video summarization for short-form content creation
•  “Vubbing” for localization

Figure 4. Same prompt as Fig. 3, but key instructions disregarded in the model output (e.g. limited left to right motion). 
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based on the VUM output. This metadata can be used to or-
ganize video clips in bins and automate searching for highly 
relevant clips during post-production. Unlike previous sim-
pler AI solutions that create metadata based on input such as 
AI-based audio dialog transcription and celebrity and object 
detection, a VUM can understand the context of each video 
frame. For example, a VUM called VideoLLM can handle mul-
tiple video understanding tasks, including action detection, 
segmentation, anticipation, captioning, and highlight detec-
tion.16 Besides enhancing the creative process and streamlin-
ing workflows, a GenAI-based video search solution can be 
further applied to reuse archival content when combined 
with video summarization. GenAI-based video summariza-
tion can efficiently summarize long-form content to either 
create short-form content that is more easily appreciated by 
audiences and monetized, or to create highlight reels, trailers 
and the like for marketing purposes.

Conclusion
VGMs are the most promising GenAI models for enhancing 
the creativity and efficiency of video production. However, 
unlike other kinds of GenAI models, which do not require 
users to have significant domain expertise, optimal usage of 
VGMs requires users to have some understanding of the vi-
sual language of cinematography. Applying cinematograph-
ic concepts in writing prompts for VGMs makes it possible to 
craft aesthetically pleasing VGM output suitable for a wide 
range of pre-production, production, and post-production 
video workflows. In addition to using VGMs to generate and 
transform video frames, video production can also be en-
hanced by other kinds of GenAI models that can assist with 
tasks related to processing and monetizing media archives 
via localization and other forms of reuse. Looking to the fu-
ture, a key trend will be “multimodal-to-multimodal” mod-
els where the input may be audio, images, text, and/or video, 
and the output a combination of the input types. For exam-
ple, such a model could generate a video with synchronized 
audio (e.g., ambient sound, speech). This raises the ques-
tion: Will VGMs be completely subsumed within multimod-
al-to-multimodal models? The answer likely is no—a media 
company may wish to record or generate audio separately 
from video for many reasons. Also, a review of the evolution 
of existing model types suggests that there will be a place for 
specialized, lighter weight models that excel at specific tasks 
as alternatives to larger, generalized models that may be 
more expensive. Accordingly, in the near term, VGMs appear 
to have a bright future as an aid in video production.


