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The Task: A-Roll/B-Roll Editing

Inputs:
A-Roll Video
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User Request

Slow-paced sequence
of the process of
baking bread, include
hands close-ups [...]
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Previous Works: One-Pass Editing

- Transcript2Video [5]: Retrieval-based video editing using a shared text-image feature space.
= TimelineAssembler [3]: LLM fine-tuned for generating edited video timelines in EDL format.

- LAVE [4]: Human-in-the-loop video editing agent that follows commands in natural language.

The Dataset: EditStock

We use real world raw footage obtained through EditStock. In total, thisis 1458 minutes of video
to be edited down to 21.5 minutes of final cut documentaries.
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EditDuet: A Multi-Agent System for Video Non-Linear Editing

EditDuet: A Multi-Agent System for Video Non-Linear Editing
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A Two-Agent lterative System

Our approach consists of two LLM agents: an Editor and a Critic. They interact between them-
selves and with the environment to satisfy a given user request.

EditDuet
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The Environment

Our video editing environment is inspired by real video editing software. It consists of a video
collection, a search panel, and a timeline.

"Video Editing Environment h
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Search Query: bread in oven
Description:

a man taking dough out of
an industrial oven [...]
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The Editor
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Results: User Study

Our critic agent takes as input the editing environment and a user request in natural language. It
has access to two tools: give feedback to signal to the editor that there are still some changes
to be made or RENDER to render the video and end the process.
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Two-Step Self-Supervised Exploration

We compare with Transcript2Video | 5], VisProg | 1], BAGEL |2], a single Editor agent, and an Editor
Critic setup without exploration. We used forced choice to compare two candidate videos from
the same project.
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Figure 1. Results of our user study. The green bar indicates preference for our model, the red bar indicates
preference for the competing model.

Scaling Up Evaluation

Our editor agent takes as input the editing environment and a string of natural language feedback
from the critic. It has access to tools that are common actions in video editing software, and
an action DONE to signal that it is satisfied with the current timeline. At the end of its run, the
resulting object is a draft timeline.

Input

editing env

/ Editor Agent Output

draft
timeline

—

—

feedback from
the critic

/

Tools

search collection
remove from timeline
move clip

add to timeline
switch clips
DONE

The Editor is tasked with exploring different potential sequences of actions starting from a
randomly initialized timeline. These sequences are labeled with natural language feedback and
scored using external LLMs. High scoring sequences are kept as in-context examples.

Trajectory 1

search collection(
"kneading..."

/ Editor Agent \
- )
add to timeline(video 010)
search collection(
"close-up..”

)
add to timeline(video 201)
done ()

0.0 Add two shots of kneading dough,
w including one close-up...

@ Score: 5

The Critic is tasked with improving randomly initialized timelines by interacting with an Editor.
[ts outputs are labeled with potential user requests and scored using external LLMs. High
scoring sequences are kept as in-context examples.

Trajectory 1
if('t%" / -~ ‘.51'; .2

Replace video 039 with a
low-angle shot of a man
kneading dough in an
industrial kitchen.

Additionally, remove
footage from the farmers
market that is not related
to the breadmaking process

o Slow-paced sequence of the
@ process of making bread.

@ Score: 5

Using a LLM-as-judge approach, we are able to scale up the evaluation. A VLM takes two
storyboards as input and is prompted to choose the one that is better edited.

Video A

Pref : Vi B
VLM (GPT-4) reference: Video

Reason: Smoother pacing with
= =P balanced shots for a more
natural and engaging flow.

Video A has an abrupt long
black frame and less relevant
footage, disrupting coherence.

Agreement with humans: 0.61
(PABAK)

Results: Automatic Evaluation

We extend our user study with results from the automatic evaluation described above. Perfor-
mances remain consistent, with our model being preferred against all candidate systems.
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Figure 2. Results with our automatic evaluation.

For qualitative results, see the iPad!
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