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Figure 1: CapSmith is an ATC authoring tool that supports refinement from a user-initiated draft. Starting from a rough cut, it
generates a rich formatted script that creators can use to anchor new ATCs. CapSmith then generates ATC variations grounded

in inferred context and intention.

Abstract

Additive Text Captions (ATC) are powerful storytelling devices
that extend video narratives by progressing story (“meanwhile..”),
focusing attention (“HUGE!”), and providing unspoken context
(“crashing”). ATC authoring is difficult because it requires balanc-
ing creative decisions (word choice, tone, etc.) against practical
constraints (timing, readability, visual harmony). Current video-
editing interfaces treat text as timeline-bound assets, prioritizing
temporal manipulation over narrative function. While LLMs can
support creative writing, our formative study (n=8) showed cre-
ators resisted LLMs that write ATCs from scratch, citing control
and authenticity concerns, but wanted help refining drafts. We de-
signed CapSmith, an ATC-authoring system that features (1) a script
panel that externalizes narrative structure and (2) a variation-from-
example workflow that proposes variants grounded in inferred
intent and context. A comparative study (n=10) showed that the
script panel contextualized ATCs against the narrative and that
variation-from-example workflow supported refinement without
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requiring creators to articulate tacit intent while preserving author-
ship.
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1 Introduction

Additive Text Captions as shown in Figure 2 are powerful story-
telling devices for video as they allow creators to extend the existing
story. We define Additive Text Captions (ATC) as on-screen text that
adds a narrative layer, such as inner thoughts, clarifications, and
jokes. Text overlays explored in prior works serve the purpose of re-
inforcing what is said in the video (e.g., closed captioning, subtitles,
keyword emphasis, lyric videos) [13, 33, 38], and are documented
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Figure 2: Examples of Additive Text Captions (ATCs) in un-
scripted vlogs. ATCs respond to a range of contextual an-
chors—including visuals (e.g., a character’s expression), audio
events (e.g., laughter), narration (e.g., voiceover), and transi-
tions. They serve various functions such as revealing inner
thoughts, adding humorous commentary, or reinforcing a
narrative beat. Frames from “3 days in hong kong ° a mini
guide + vlog” and “summer in new york means good food &
vibes" by Isa Sung, YouTube, licensed under CC BY.

to have accessibility [39] and retention benefits [38, 59]. In contrast,
creators also deploy text in a more creative way to shape story
beats, direct attention, and inject humor — hence the term additive.
ATCs have roots in long-standing broadcast practices in Asian en-
tertainment formats (e.g., telops' and impact captions [14, 28, 50]),
and have become pervasive on platforms like YouTube and TikTok,
providing clarity and humor particularly for unscripted moments
[28]. They also sit within a larger lineage of multimodal media
[36] such as memes [71], comics [51], and annotated visuals [29]
where text reshapes how audiences interpret the underlying con-
tent [6, 7, 15, 24]. Yet despite their ubiquity, the authoring process
of ATC remains largely understudied.

ATC authoring is demanding as it requires balancing multiple
creative decisions (i.e., word choice, tone, humor, and trends) against
practical constraints (i.e., timing, duration, readability, and visual
harmony) [38]. Timeline interfaces inadequately support the ATC
authoring process by forcing creators to focus on low-level frame
manipulations instead of the ATC’s meaning and narrative fit. Re-
cent advances in multimodal large language models (MLLMs) [16]
offer promise for assisting ATC ideation and refinement. These mod-
els can reason over video, audio, and text to summarize events, infer
emotional beats, and propose multimodal suggestions [27, 64, 65].
Despite these capabilities, prior work has identified multiple human-
Al interaction pitfalls [2, 53, 57, 72] that are amplified in creative
contexts such as fixation [57, 63], style mismatch [70], and homog-
enization [4, 12].

Consistent with these concerns, our formative study with eight
ATC creators surfaced three tensions that fundamentally limit end-
to-end automation of ATC authoring. First, the intent of an ATC
(what the ATC is trying to accomplish) is often tacit and cannot be

!Telops (short for “television opaque projector”) refer to text or image superimposed
in TV programs [50].
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reliably inferred from the video or audio alone, because ATC may
add meaning that is not explicitly shown or spoken. Second, the con-
text (what aspects of the video the ATC is grounded in) is variable
in scope: each caption within a video may refer to different aspects
of the story such as a character, an object, or a storyline. Third, be-
cause ATCs are closely tied to a creator’s voice—often functioning
as commentary or inner thought—systems that automatically write
them can threaten authorship and authenticity.

Beyond these tensions, our formative study also revealed the
diverse intentions that motivate ATC use. Creators employ ATCs
to Amplify, Disambiguate, Augment (with outside information), and
Redirect audience interpretation toward higher-level goals such as
creating interesting moments, crafting character, and more. Partici-
pants expressed a strong desire to maintain creative autonomy over
candidate moment selection (where to place) and producing initial
ATC drafts (what to write). At the same time, because ATC author-
ing is a highly iterative refinement process, participants commonly
used outside resources (e.g., social media, collaborator feedback,
LLMs) to improve initial drafts.

Guided by these findings, we built CapSmith, which features a
script representation of the narrative and a variation-from-example
workflow: creators seed an ATC draft and the system proposes
refinements grounded in the inferred context and intent. CapSmith
uses our domain-specific intent taxonomy to surface and opera-
tionalize intent, giving creators controls to steer variations without
heavy prompt specification. We explore scripts—a widely used tex-
tual representation in filmmaking—as a complement to the timeline
for ATC authoring.

We use CapSmith to explore three research questions: (RQ1)
How does having an explicit script representation affect the ATC
creation process? (RQ2) How can ATC authoring be supported
when intent is tacit and context is variable? and (RQ3) What are the
tensions between variation-from-example and prompt-based chat
workflows? We conducted a study involving 10 video creators who
interacted with two design probes: CapSmith and a video-aware,
chat-embedded timeline editor. Results show that CapSmith’s script
representation supported reflection, ideation, placement, and evalu-
ation of ATCs. While the chat-embedded timeline interface required
editors to articulate intent and context, which was burdensome and
disengaging, our workflow supported refinement of ATCs while
preserving their intent. Together, these results can inform design
directions for Al-assisted creative tools where intent is tacit, context
is variable, and authorship matters.

Our work makes the following contributions:

o A formative study (n=8) with ATC video creators, yielding
(1) a taxonomy of intentions and goals in ATC creation and
(2) an account of ATC workflows and challenges.

e CapSmith, an ATC-authoring system following a variation-
from-example workflow that generates intent-aligned, con-
textually grounded variants from user-drafted ATCs.

¢ Findings from a user study (n=10) demonstrating the ef-
fectiveness of CapSmith and highlighting the importance
of common-ground establishment through inferred and ed-
itable intent and context, allowing users to steer generation
with minimal prompting friction and enhanced sense of au-
thorship.
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2 Related Work

Prior work has examined how text in media can steer audience
interpretation [7, 15, 50]. We extend this line of work by further
examining ATC authoring as a creative practice. We draw on prior
work on creativity support tools and co-creativity to motivate new
interfaces and workflows for ATC authoring.

2.1 Automatic Generation of Text Overlay

Automated tools for generating text overlays on video have largely
focused on transcribing existing audio into on-screen text rather
than crafting a new layer of meaning, as ATC does. Auto-captioning
systems widely deployed in consumer editors—such as those in
CapCut, TikTok, and Adobe Premiere—use speech recognition to
place text on screen as open captions. Beyond speech, OnomaCap
transcribes non-speech sounds into onomatopoeia [31], and other
systems label non-speech sounds with text or graphics [3]. Typo-
graphic elements such as emojis [42, 55], colors [19, 55], and fonts
[18, 19, 30, 34] have been added to videos for enhanced accessibility
and empathy. Lyric video pipelines have been proposed to auto-
matically tackle challenges regarding timing, readability, and visual
harmony [38]. Other systems add structural text, such as convert-
ing document headings into on-screen overlays [13], or generating
emphasis text effects [27]. Platforms overlay audience-authored
comments in danmaku (e.g., Bilibili, Niconico) and live-stream chat
(e.g., Twitch) [68, 69], but these serve social interaction rather than
creator-driven storytelling. To our knowledge, prior work has not
studied tools for creators to author overlays that intentionally add
new meaning to a video.

2.2 Transcript-based Navigation and
Segmentation

It is well documented that timeline-centric editing interfaces make
it hard to locate moments quickly from video. Because video is time-
based, editors often must scrub linearly while cross-referencing
audio and video tracks to pinpoint events [11].

Prior works have explored treating video as a text document
to enable precise navigation, segmentation, and search. Examples
include time-aligned transcripts that highlight the currently spo-
ken word for frame-accurate scrubbing [44]; auto-generated di-
gests with chapter/section markers for rapid skimming [45]; and
document-style views that combine shot actions, summaries, and
dialogue for quick scene location [43]. Project Blink showcased a
transcript that visualized sound effects and audio amplitudes as
well as separated speakers [40].

Transcripts have been used not only for navigation but also for
editing [8, 22]. Silver was an early transcript-based editor whereby
users were able to edit the video through text [11]. Prior work
showed users prefer editing voicemail through a transcript rather
than audio waveforms, since text supports scanning and phrase-
level edits [67]. Commercial software offers similar interactions:
Adobe Premiere Pro’s Text-Based Editing enables navigation, correc-
tion, and trimming from a transcript and generates caption tracks
from speech [1]. Avid’s ScriptSync aligns dialogue text to source
video for rapid search and footage organization [5]. In contrast to
systems that display only a raw transcript, CapSmith introduces a
script representation that structures the video into scenes and adds
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scene descriptions. This design borrows from filmmaking practices,
where scripts convey narrative structure and emotions, not just
spoken dialogue [49].

In terms of adding new assets through transcript interaction,
Rescribe supports the insertion of audio descriptions [46], B-Script
enables B-roll addition [26] and QuickCut facilitates aligning raw
footage with the narration transcript [61]. Descript, a commer-
cially available software, supports the addition of new text overlays
directly from the transcript [20], but provides limited tools for vi-
sualizing, refining, or manipulating them in the transcript after
creation. Post-edit adjustments must occur in the timeline, creating
a cognitive divide between the textual authoring of ATC and its
temporal alignment.

Our work explores supporting within-modality authoring and
manipulation of ATCs directly in a script interface, treating them
as text rather than as a timeline element.

2.3 Intent Alignment in Co-Creativity

Challenges in aligning Al outputs with user intent have motivated a
growing body of work on steering generative Al towards intended
outcomes [32, 57]. Systems have supported intent communication
through free-form prompts [37], elicited intent through clarification
[52, 54, 62], and inferred intent from chat history [48, 54, 58]. While
effective in some domains, these approaches have limitations that
become acute in creative workflows where intent is often not clear
upfront, difficult to articulate, and evolves throughout a project
[56, 60, 62].

Prompt engineering tools for creative tasks have focused primar-
ily on image generation, providing support for discovering effective
prompts [9, 66] and extracting relevant contexts [21]. Other systems
incorporate richer inputs such as sketches or multimodal contexts
[17, 35, 47], but still require users to specify a prompt. To support
intent alignment in video workflows where intent is difficult to
articulate and context shifts rapidly, our variation-from-example
workflow positions user-drafted ATCs as a starting point and sys-
tematically infers intent and context.

Surfacing intent as an explicit control layer has been shown to
support alignment in generative tools. ToMigo [25] infers intent
from prompt and reference images and exposes a design concept
graph for steering generation. Intent Tagging [23] similarly surfaces
intent as an explicit control layer for creative refinement. CapSmith
builds on these approaches to ATC authoring by grounding intent
in a domain-specific taxonomy derived from creator practice.

3 Formative Study

3.1 Participants and Procedure

We recruited eight participants with prior experience authoring
ATCs: four professional video editors (P1-P4) producing client
work and four solo creators (P5-P8) editing their own content. We
recruited participants via a creator forum and word of mouth. All
participants primarily produced long-form videos (>10 minutes),
mostly from unscripted footage. Three participants (P1, P2, P5) had
prior experience using commercially available LLMs to support
their ATC creation process. Additional participant details can be
found in Table 1.
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Participant ~ Experience Type of Content Years of Experience with ATC
P1 Professional YouTube variety shows 1-3
P2 Professional ~ YouTube variety shows, Informational 4-6
P3 Professional YouTube variety shows 6+
P4 Professional Educational, Documentaries 4-6
P5 Solo Creator Hobbyist 6+
P6 Solo Creator Hobbyist 1-3
P7 Solo Creator Hobbyist 1-3
P8 Solo Creator Hobbyist <1

Table 1: Background information about the participants of the formative study.

All sessions were conducted remotely via video conferencing,
lasted approximately 60 minutes, and participants received $40 USD
compensation.

Each session began with an interview about participants’ video
genres, ATC goals, editing tools, and perceived challenges. Partic-
ipants then completed an ATC walkthrough, screen-sharing one
of their own videos edited with ATC while thinking aloud about
intent, timing decisions, and difficulties. This was followed by an
ATC critique of three short clips from multiple genres, where partic-
ipants discussed ATC impact, effectiveness, and alternative designs.
Next, participants completed an ATC authoring task using their
preferred video editing tool on a work-in-progress video they had
prepared. Sessions concluded with a semi-structured interview ex-
amining desired tool features and boundaries of automation. Two
authors reviewed the transcripts in multiple passes through induc-
tive thematic analysis [10].

3.2 Intentions and Goals in ATC Creation

An effective interface design ensures alignment with the creators’
goal-based intentions [41]. Our formative study revealed consistent
intention patterns during ATC creation.

3.2.1 Intentions. Creator intentions for employing ATCs fell into
the following taxonomy: Amplify, Disambiguate, Augment, and
Redirect. These categories reflect how ATCs are used to influence
audience interpretation for a given moment. Figure 3 illustrates
examples from this taxonomy.

Amplify. Creators use ATCs to amplify an existing interpreta-
tion. For example, P3 placed a question mark next to a surprised
character to “heighten the moment and highlight his big surprise.”

Disambiguate. ATCs also help disambiguate speech in cases
when audio quality is bad (P4, P6), when the speaker has an accent
(P6, P8), or when the wrong thing was said (P8). P3 described adding
a “feeling bad" ATC to preempt conflicting viewer interpretations
of a character’s expression: “Depending on the person, some might
not even think he is sorry... but adding [the ATC] makes everyone
immediately understand.’

Augment. Creators further use ATCs to augment viewer inter-
pretation by introducing information that would otherwise not
be available from the audiovisual signal—e.g., adding emotion to
neutral characters (P4), details missing from the video (P5, P6), or
afterthoughts and commentary (P8).
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Redirect. Finally, ATCs enable creators to redirect audience in-
terpretation by reframing a scene’s meaning. For instance, P2 added
the ATC “let’s focus” to a scene where a character hits a sandbag,
noting “through the text overlay I explain that this act is a means
to focus more, not because he’s angry”

3.2.2 Goals. Goals of ATCs also emerged as a result of our thematic
analysis. Overall, participants described ATCs as especially valuable
for unscripted videos such as vlogs. P4 added that films don’t need
ATCs “because the story is well built and well planned” while “vlogs
need a lot of context ... and I need to create moments [with ATC]”

G1: Create interesting moments. Creators said ATCs often drove
up engagement (P1) and retention (P4). Creators used ATCs to make
otherwise ordinary footage engaging and to heighten anticipation
(P3, P5). Participants described ATCs as “adding another layer of
story” (P7) or even “making a skit out of the footage” in post-
production (P5).

G2: Progress the story. ATCs establish structure by marking be-
ginning, middle, and end (P3), create sections (P6) and transitions
(P1, P5). ATCs also have a practical role of allowing editors to cut
down by establishing context (P5) or sometimes explaining context
that was not filmed (P7).

G3: Direct viewer attention. ATCs act as visual pointers to objects
or on-screen details (P7). They also serve pragmatic editorial needs:
P2 used ATCs to hide jumpcuts—“as the eyes are drawn to the text
overlay, viewers don’t notice the cut. I can add colors to draw the
eye, or add animation”

G4: Craft character. Participants intentionally shaped persona
through ATCs. P4 aimed to create a likeable, self-deprecating char-
acter with pop-culture references by using ATCs. P2 considered
ATCs as a way to make characters more relatable.

G5: Cue audience reaction. Like laugh tracks in TV post-
production, ATCs signal to the audience how to feel in the moment
(P7). P3 joked that ATCs can “gaslight the audience... [I'm telling
them they] should be excited”

3.3 Workflow

Participants consistently described ATC authoring as a post-
production activity, typically beginning after rough cut completion.
However, some leave notes or placeholder ATCs during editing, and
return later to refine wording. Rather than following a universal
recipe, creators rely on intuition (P3, P4) to identify moments that
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Figure 3: Intention Taxonomy of Additive Text Captions
(ATC). ATCs may Amplify the tone or emotion of a mo-
ment (e.g., exaggerated disbelief), Disambiguate ambiguous
speech or tone, Augment the narrative with additional con-
text or information, or Redirect the viewer’s interpretation
through commentary. Images from Adobe Stock, licensed
under Adobe Stock license.

“don’t make sense” (P5), lack intensity (P4, P6), or need narrative
reframing (P2). Workflows involve ideation, placement, refinement,
and evaluation as follows.

W1: Anchored Ideation and Subject. When describing how they
decide to add ATCs, participants repeatedly referenced two things:
(1) the entity/event the caption was about and (2) the cue that
prompted its addition. We respectively define these as the subject
and the anchor of an ATC. For example, a loud thud sound prompted
P4 to add the ATC “There goes the tripod.” Here, the anchor was the
thud (audio cue), while the subject was the tripod. Anchors ranged
from speech segments to emotion, sound, and salient visual cues.

W2: ATC Placement. Participants emphasized that timing and
frequency were highly dependent on the video’s pacing, content,
audience, and overall mood. For instance, P4, who produces educa-
tional content, favored more frequent ATCs to sustain engagement.
In contrast, P1, who edits K-pop idol content, noted that aggres-
sive ATCs tend to distract rather than help because fans frequently
screenshot and remix frames, prioritizing the star’s face and voice.

W3: Refinement. After drafting initial ATCs, editors iterate to
ensure consistency and refine wording choices. Editors working
in a team solicit feedback from coworkers (P2, P3, P4) while solo
creators rely on re-watching their own edits. P8 explained, “Usually
I would just write down what comes to mind. And then, after I
watch it a few times, I'm like, oh, this doesn’t quite feel right, or let
me tweak it to match the tone I'm going for. I just let it sit”

W4: Evaluation. To properly evaluate an ATC, participants em-
phasized the need to audition them directly on the video. Judgments
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of an ATC’s readability, timing, and pacing only made sense along-
side the footage and audio. As P5 stated, “Seeing it in context,
changes how good the text is” Editors often test multiple ATC
options in batches, selecting the version that lands best (P4).

3.4 Challenges

C1: Timing. Participants repeatedly described timing decisions
as one of the tedious parts of authoring ATC. Because ATCs must
align tightly with both spoken words and the visual frame, editors
often fine-tune the timing frame-by-frame, scrubbing through the
video to inspect gestures, expressions, or cuts, while also relying
on the audio waveform to ensure the ATC appears at the precise
moment that complements the speech (P4).

Current timeline-based editors treat text as video clips, requiring
users to examine text at the frame level. This design separates
the tasks of authoring and temporal alignment. As a result, users
often become overwhelmed by the mechanics of precise temporal
placement and lose focus on what to write and how it contributes
to the narrative.

C2: Deciding and Iterating Content. Users described crafting ap-
propriate ATC wording as a time-consuming, iterative process.
Editors emphasized several key criteria: avoiding offense (P5), strik-
ing the right tone (“not cheesy or corny,” P3), and matching the
intended audience. Much of their effort involves revising or replac-
ing drafts. Professional editors often search online (e.g., YouTube)
for phrasing ideas, but dislike that this process makes “editing time
drag on" (P1, P4).

Some editors experimented with LLMs, especially for rephrasing
or adjusting tone. P2 shared: “I struggle with deciding what sen-
tence structure to use ... now I use Al sometimes to find a sentence
that fits the situation ... I explain a bit of the overall context to
the AI and get several suggested sentences” P2 even built a cus-
tom GPT for generating informational ATCs for healthcare videos,
prompting extensively for tone adjustments such as “more formal.”
However, effective use of LLMs required extensive, time-consuming
prompting to capture tone, situation, and nuance.

C3: Audience matters. Professional editors (P1, P2, P3, P4) rou-
tinely monitor trending videos, memes, and language on platforms
such as X and GIPHY to keep ATC timely and resonant. Creators
are highly cognizant of who the video is for, tailoring word choice
and typography to audience expectations and platform norms.

C4: Limits of Al Assistance. Chat-based systems often had friction
for editors who experimented with LLMs. These participants found
Al use too slow due to the need to explain context and intent,
making it impractical for frequent ATC authoring (P1, P8).

Moreover, editors repeatedly emphasized that they did not want a
tool that writes ATCs for them: existing LLMs often failed to match
their personal style. For instance, P7, whose ATCs mimic their
texting style, remarked that “I wouldn’t like getting suggestions (on
the ATC) because it’s just so personal” Several participants rejected
LLM suggestions describing them as having an “unrealistic tone”
(P3) or lacking the nuance required for humor (P5). Editors were
typically more open to LLM suggestions when they already had a
clear intention and sought refinement rather than generation.
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4 Design Guidelines

Our formative study surfaced key challenges and opportunities,
from which we derive four design guidelines to better support ATC
authoring.

DG1 Provide contextual evaluation of outputs. As a multi-
modal overlay, an ATC’s readability, emotional impact, and
narrative flow depend on the surrounding audiovisual ele-
ments. Rather than judging text in isolation, a contextual
evaluation environment enables creators to make informed
decisions about ATC effectiveness (W4, C1).

DG2 Support context-aware co-creation. Crafting ATCs re-
quires acute awareness of the video’s audience, tone, and
situational context (W1, C3). To reduce the need for creators
to manually specify these elements (C4), systems should sup-
port context-aware co-creation by surfacing interpretable
and editable contextual scaffolding. Informed by our forma-
tive study, we define context as a combination of:

o The subject: the entity ATC is about

o The anchor: the piece of content that ATC is bound to (i.e.,
a sound, dialogue, video frame)

o The audience and video style

Automatically identifying and presenting this context helps

establish common ground between system and creator, re-

duces prompting overhead, and provides relevant reference

points for better-aligned ATC generation (C4).

DG3 Support intent-based variation. Participants demon-
strated resistance to automated ATC writing, emphasizing
the personal nature of their creative voice (C4). At the same
time, creators needed support refining specific wording once
they had a rough idea (C2). Intent-based variation refers to
generating ATC suggestions that align with inferred and
user-refined intentions, supporting the kind of iterative ex-
ploration participants valued (W3). Rather than generating
ATCs from scratch, this approach respects creator auton-
omy by surfacing meaningful alternatives that preserve the
creator’s creative intention.

DG4 Surface and operationalize the context and intent. In
current chat-based LLMs, the system has no explicit repre-
sentation of relevant context or understood intent (C4). Inter-
faces should externalize the system’s current understanding
of context and intent as metadata attached to each ATC.
Making context and intent explicit creates shared common
ground between creator and system, supports rapid diagnosis
of misalignment, and enables controlled refinement.

5 CapSmith

Following these design guidelines, we present CapSmith (Figure 4),
an ATC authoring tool designed to support refinement and eval-
uation of ATCs. CapSmith features a script panel for narrative
representation (Section 5.1), a video player (Section 5.2), and time-
line (Section 5.3) for navigation and playback, and a refinement
panel for iterating on user-initiated ATC (Section 5.4). To illustrate
how CapSmith supports ATC authoring, we walk through a sce-
nario in which a creator, Tom, uses the tool to add ATCs to his vlog
about his New York life with his cat. After creating a rough cut
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of his vlog, Tom realizes that some moments could benefit from
additional context and narrative flair.

5.1 Script Panel

Tom first imports the rough cut of his vlog into CapSmith. The
system constructs a script of the video, derived from the transcript
and information extracted from the video. The script is segmented
into scenes. Each scene is displayed (@) in Figure 4) with a heading
specifying the scene location, time of day, the scene description
followed by the dialogue. The dialogue is segmented according to
the speaker. Users can rename characters and edit the segmentation
if desired. Dialogue segments are annotated with sound events and
analyzed emotions, which we call dialogue parentheticals, borrow-
ing screenplay terminology. CapSmith also visualizes non-speech
segments using descriptive tags and amplitude bars, with silences
appearing as dots. Each bar or dot corresponds to 0.1 seconds of
the video. Users can directly select parts of the script to anchor new
ATCs. This script representation enables users to quickly navigate
the video and create ATCs grounded not only in dialogue, but also
the narrative beats and sound events. As he plays back the video,
the corresponding region in the script is highlighted in real time.
In the first scene, Tom is interrupted mid-sentence by his cat, a
moment he identifies as potentially comedic. Tom quickly locates
the dialogue line in the transcript and highlights the cluster of
silence dots that mark the interruption. He types “whatchadoin?”
as an initial draft, framing it as an amusing internal monologue for
the cat. The ATC is inserted as a block above the selected silence
in the transcript. Tom can stretch, shorten, or reposition this new
block within the script panel to adjust its timing and duration.

5.2 Video Player

To provide complementary anchoring to elements not captured
in the script such as the visuals, CapSmith also allows the user to
create ATCs directly in the video player.

While playing back the final scene of his vlog, Tom notices his
cat strolling into the background, a visual cue absent from the script.
In response, he selects the text tool in the upper-right corner of the
video panel (@ in Figure 4), and places a playful ATC noting the
cat’s recurring appearances, ‘guess who’s back,” at the spot where
his cat appears.

5.3 Timeline

As Tom adds ATCs, visual boxes representing the duration of the
text overlay appear in both the script panel and the timeline (€
in Figure 4). Tom can also use both the timeline and the script to
make timing adjustments.

5.4 Refinement Panel

After drafting some initial ATCs, Tom switches to the refinement
panel (@ in Figure 4) to polish them. When he selects an ATC, the
system automatically infers and displays two types of information:
the context and the intention (DG4).

Context. The system provides the full context as defined in
DG2. It identifies the ATC’s subject (the cat) along with the anchor
(selected silences from the script). If he had authored an ATC an-
chored to a verbal transcript segment (not silences as in this case),
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Figure 4: Overview of CapSmith interface. Users can both browse the Script Panel (1) or playback the video (2) to identify
cues as anchors for adding ATCs. Authored ATCs are placed in both the script as text blocks and on the timeline as clips (3).
The refinement panel (4) allows users to inspect and revise the inferred context and intent, and lets creators generate aligned

variations.

the active speaker (Tom), and dialogue parentheticals (if any) at
that timestamp would also be visualized. In addition, the system
infers target audiences (young audience, travel enthusiasts), and
video style keywords (vlog) for the video as a whole. Together, these
elements situate the ATC within its narrative.

Intention. The system classifies what the ATC tries to accom-
plish using the intention taxonomy: amplify, disambiguate, augment,
or redirect. For example, Tom’s ATC “whatchadoin” is labeled as
Augment, with the rationale: “adds the cat’s imagined inner thought
for comedic effect during the pause”

All of these fields make the system’s assumptions explicit and
transparent, and Tom can override or edit them if needed. For
instance, the intent classification is editable, and Tom can also add
free-form notes to refine the system’s interpretation (e.g., “keep it
playful, not snarky”).

When Tom clicks Generate Variations, CapSmith produces ATC
variations grounded in the displayed context (DG2) and aligned
with the inferred intention (DG3). Each suggestion can be pre-
viewed in the video player to immediately check timing, readability,
and visual fit (DG1). For Tom’s “whatchadoin” ATC, CapSmith
suggests variations such as “you busy? #%)” and “attention pls” that
maintain his intent while catering to his young audience using
emojis. Tom likes the idea of using emojis and selects the former,
which refines his original ATC in place.
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6 Implementation

CapSmith is a Node.js application that we developed using Type-
Script and React. Figure 5 illustrates an instantiation of our system
pipeline. After the user uploads a video, CapSmith computes a
time-aligned transcript using AssemblyAl and uses Gemini 2.5 Pro
to diarize the transcript, identify visible speakers, and segment
the video into scenes with setting information, event descriptions,
dialogue parentheticals and audio tags.

Users can initiate an ATC from either the script panel or video
player. Each ATC is automatically bound to an anchor representing
the referenced dialogue, sound, or visual element (Appendix A.2).
Anchors created from the script panel capture transcript and audio
metadata, while those created from the video player capture frame
timing and placement coordinates. CapSmith uses Gemini 2.5 Pro
to infer the ATC’s referenced subject from the ATC text and anchor.
The model classifies the subject (one of Character, Object, or Narra-
tive), identifies relevant entities when applicable, and provides a
rationale (Appendix A.3.2). CapSmith also prompts Gemini to clas-
sify the creative intent behind the ATC using our intent taxonomy
(Appendix A.3.3). Finally, CapSmith generates 16 ATC variations
conditioned on the inferred intention and context (Appendix A.3.4).



C&C °26, July 13-16, 2026, London, United Kingdom

Hwang et al.

User initiated ATC

Video X
whatchadoin?
Context Intention
Subject: Cat Audience: young AR nEEned
i thought. ..
Anchor: Script Style: vlog nner oug

ATC Variations

you busy? == attention pls

sup hooman don’t mind me

Figure 5: An instantiation of the CapSmith pipeline. Starting from a user-initiated ATC draft, the system constructs context
by inferring the subject and identifying the relevant anchor. It then infers the user’s intent based on both the draft and
context. After surfacing these elements for user inspection and refinement, CapSmith generates caption variations that are

both contextually grounded and aligned with the inferred intent.

7 User Study

We conducted a study inviting participants to add ATCs to their
videos using two probes: CapSmith and a chat-embedded timeline
editor (Figure 6). To our knowledge, confirmed by ATC creators in
our formative study, no dedicated tools exist for ATC authoring, so
we chose a chat-embedded video editor as a baseline. This baseline
has full context of the video and can respond to free-form prompts
pertaining to the video. This setup allowed us to compare our design
with a typical Al-assisted workflow. Through this study, we aimed
to answer:

e RQ1: How does having an explicit script representation
affect the ATC creation process?

e RQ2: How can ATC authoring be supported when intent is
tacit and context is variable?

e RQ3: What are the tensions between variation-from-
example and prompt-based chat workflows?

7.1 Participants

We recruited ten video creators who employ ATCs in their
video content via direct outreach and word-of-mouth. Their back-
ground information can be found in Table 2. Participants worked
across both long-form and short-form platforms, and their con-
tent spanned a range of domains including travel vlogs, education,
beauty, and marketing. This variation ensured diversity of work-
flows, narrative structures, and captioning styles.

7.2 Procedure

To counter learning effects between the two tasks, we asked creators
to bring two videos of similar length and editing style. We began
with a brief background interview on current ATC practices (5 min).
For each interface, participants received a short tutorial using a
provided practice clip (10 min), then performed authoring tasks
on their own video using a think-aloud protocol (20 min). After
each interface, participants answered a series of 7-point Likert-scale
questions evaluating our design guidelines (Appendix A.1).

615

Figure 6: Overview of chat-embedded timeline editor. It inte-
grated Gemini 2.5 Pro as a conversational agent with direct
access to the user’s video and a minimal system prompt (“You
are a helpful AI assistant”). Participants interacted with the
chat purely through free-form prompting, requesting cap-
tion ideas, revisions, or rephrasings. When users referenced
existing captions by their displayed ID (e.g., @1), the chat
received the caption text, timestamp, and duration. Partici-
pants then manually placed any accepted suggestions onto
the timeline. Implementation details can be found in Appen-
dix A.3.5.

We concluded with a semi-structured interview (20 min) probing
experiences relative to our research questions. Sessions were con-
ducted remotely and recorded. The interview was transcribed and
we applied thematic analysis to analyze the interview transcripts.
Total session time was approximately 90 minutes. Participants re-
ceived a $70 Amazon gift card.

8 Findings
Eight out of the ten participants found satisfactory ATCs from
CapSmith’s suggestions without editing any fields and successfully
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Participant ~ Experience Type of Content
P1 Professional Vlogs, Skits
P2 Hobbyist Vlogs
P3 Hobbyist Vlogs, Marketing
P4 Hobbyist Vlogs
P5 Hobbyist Vlogs
P6 Hobbyist Podcast Videos
P7 Professional Vlogs
P8 Hobbyist Vlogs
P9 Hobbyist Informational
P10 Hobbyist Vlogs, Motivational

Table 2: Background information about the participants of
the user study.

inserted the suggestions into their video, while the remaining two
(P2 and P6) declined all AI outputs from both systems.

8.1 RQ1: Script Representation

CapSmith’s script representation supported reflection, ideation,
placement, and evaluation of ATCs in various ways.

8.1.1 Reflection: Provides narrative overview. Participants used the
script to quickly get a high-level overview of their video without
rewatching it in full. Some participants barely watched their video
and relied almost entirely on reading the script. This was especially
helpful in long videos as P6 explained, “If you're editing from,
like, an hour or two of clips, it can be a lot to watch through and
figure out when everything is happening” The script format aligned
with how participants mentally structure their videos, especially
matching their habit of chunking content into parts (P8, P9).

The script also helped identify moments of interest. Participants
often had a strong sense of what types of moments they wanted
to add ATCs to, such as funny mistakes or unexpected actions.
Identifying these moments with the timeline interface required
tedious scrubbing. CapSmith’s script panel enabled participants
to quickly locate moments of interest by skimming the script and
searching for keywords (P1, P6, P8, P10).

8.1.2 ldeation: Supports ideation of ATCs. Participants found the
script panel useful for ideation. P8 said, “seeing the words... [is]
helping a lot to think of things [to add ATCs to]... Listening to me
talk I would have missed it, but since it’s visually there I can think
of this idea,” adding that seeing the text made it easier to connect
the dialogue to “memes and pop culture.”

Specifically, the script provided concrete anchors for ATCs and
sparked ideas. P6 selected “this is my progress so far” and added
“slow and steady”; P7 highlighted “smell” and added “ewwwww.” P8
used a scene header marking a transition (falling asleep — walking
to work) to add “good morning” Script cues also inspired multi-
modal editing ideas. For example, P8 considered adding the TikTok
song that goes, “single mom who works two jobs” after seeing the
word “work" in the transcript.

Finally, for informational ATCs, participants used the script to
write effective ATCs without repeating the spoken words (P9, P10).
P9 inserted a definition at the moment a concept was introduced,
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using the transcript to ensure the ATC complemented, rather than
duplicated, the dialogue.

8.1.3  Placement: Facilitates ATC temporal alignment. Participants’
experiences in the timeline interface echoed the temporal align-
ment challenges uncovered in the formative study (C1), which
demanded frame-level scrubbing and inspection. The script panel
let participants author ATCs directly alongside the transcript, re-
ducing playback and memory load. P5 found it “much easier to
just see the word and ... to snap [the ATC] to the word” while P8
remarked that the script panel “is a lot more helpful than the actual
[audio] waveform.”

8.1.4 Evaluation: Supports evaluation of overall narrative. Co-
locating ATCs in the script view helped participants quickly judge
its coherence with the narrative. P5 described reading dialogue with
ATCs as “as if 'm reading a paragraph ... I can see that it makes
sense.” Seeing the ATC in the script made it easier for participants
to assess how the ATC fits the story (P6) and connect the ATC back
to the narrative (P8). P2 used the script to check on direction and
pacing, describing it as “a nice time to kind of step back and be like,
what direction is this going?”

Seeing ATC variations in the video preview helped participants
judge whether a variation worked. In the chat-embedded timeline
interface, P5 emphasized that it was difficult to assess the viability of
a suggested caption from a text-only output of the chat. In CapSmith,
P1 noted that “having the ability of replaying those options very
quickly and simply” was helpful for sensing whether “the text
works” and for judging whether “the joke lands.”

8.2 ROQ2: Supporting refinement through
surfacing and operationalization of tacit
intent and context

For multiple participants, the prompt-based chat failed to align with
their intent, context, tone, and style, leading to frustrating back-
and-forth interactions. In contrast, CapSmith surfaced intent along
with context to establish common ground and generate coherent
variants (Figure 7), which participants consistently described as
“closer to what I actually wanted” (P3) compared to the suggestions
from the prompt-based chat.

8.2.1 ATC cannot be automatically generated from audiovisual
signal alone. Participants emphasized that in general, much of
what they want to convey through ATCs cannot be inferred from
video alone (i.e., uncaptured moments, personal backstory, or inner
thoughts), highlighting the limits of multimodal LLMs for auto-
matic ATC generation. For example, P4 commented, “obviously
[any Al system] won’t know what happened in my trip like outside
[the video].” Similarly, P9 explained that many of his ATCs draw on
background context: “Context for that joke is that I was a finance
major... A good joke is not always going to be evident from the
video”” The chat interface also substantially misinterpreted what
should be emphasized within the video itself. P10 tried to add an
ATC during a segment where she talks to the camera about how
she focused on building relationships and briefly mentions that she
had momentarily lost herself doing so. When P10 asked the prompt-
based chat for suggestions for this moment, it generated the text
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“Ilost myself in that process,” which she immediately rejected be-
cause “It was not something [ would want the audience to focus on,”
explaining that she wanted to emphasize the relationship-building
instead of the negative aspect of losing herself. This highlights
the importance of incorporating creator intent in supporting ATC
authoring.

8.2.2 Intent articulation is difficult. However, articulating intent
explicitly through the prompt-based chat was a process creators
found time-consuming and difficult. Because creators’ goals are
often abstract, translating them into words was challenging. As P10
admitted, “I'm not sure if I'm explaining my thought process just
like, right to you [the researcher] what exactly I'm looking for” The
effort was discouraging iteration and creation, as P1 reflected, “If I
need to spend 10 minutes on each text overlay, I'd rather just keep it
simple or have no text overlay” Even when the prompt-based chat
eventually produced usable suggestions after multiple iterations,
participants (P1, P3, P10) remarked that it “took longer than just
writing it myself” (P3).

8.2.3 Variation-from-example preserves intent with low prompting
burden. Conversely, users appreciated CapSmith’s variation-from-
example approach, which avoided the need for the user to articulate
intent. P9 noted that “It did a very good job understanding the
intention and it proves it, it shows it to you” while P10 enjoyed
that CapSmith let her add “a little bit of extra spice” to her ATCs
while still maintaining her original intent. This alignment arises
from having a clear, shared vocabulary for intent: our domain-
specific taxonomy turns otherwise tacit goals into legible, editable
categories that help the system infer what the creator is trying to
do, and gives creators a lightweight way to correct misalignment
when needed.

8.2.4 Surfacing context establishes common ground. With the
prompt-based chat, participants struggled to understand how much
context to specify, leading to misinterpretation, and cognitively
taxing back-and-forth prompting. For instance, P4 “thought [she]
could be vague” since the prompt-based chat had access to the video
and could answer questions about it. However, the prompt-based
chat returned such irrelevant suggestions that she “[didn’t] know
at all where the context is coming from, is it the entire video? is
it a certain moment?” This ambiguity around how context was
used made steering outputs difficult. P3 remarked the cognitive
load in “thinking how to give [the prompt-based chat] just enough
information.”

In contrast, by surfacing the inferred ATC context to the user,
CapSmith gave participants tangible reference points. P9 valued
that outputs clearly referenced “the words I'm saying,” allowing
him to specify “where and what the ATC is [about]” P4 saw the
context editing capability as a direct way to improve suggestions
when she felt dissatisfied with the output.

8.2.5 Provide explanations on-demand. In CapSmith, several partic-
ipants preferred to skip the refinement panel and jump immediately
to variations (P1, P2, P3, P8). P1 described, “I saw that the [sugges-
tions] were great... if they weren’t, I would go back to the intention
and see if it was correct” Participants judged inference quality indi-
rectly by auditioning variations in the video preview and found long
explanations unnecessary or burdensome (P2, P8, P3). P2 explicitly
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did not want to see explanations because they felt too much like
interacting with a chat agent. Similarly, P3 noted, “I already know
what my intention is; I don’t need Al to explain it to me.” Although
the explanations were designed to establish common ground, in
practice they added cognitive load. To avoid this, reasoning expla-
nations should be available on-demand to support control when
needed, rather than restating the video understanding back to the
user.

8.2.6 Support refinement through inferred tone and style. Tone and
style preferences for ATC are also difficult to articulate through
open-ended prompting because they are highly subjective and vari-
able within the same video. For example, P8 wanted the early part
of his video to adopt a “gen-z, funny-awkward” tone, while shifting
to a “less funny, more honest” tone for a later segment. Creators (P8,
P3, P4, P9) found that the ATC recommendations from the prompt-
based chat lacked the right voice, describing the suggestions as
“kind of cringe... like I gave this task to my mom” (P3) and “not
really my voice” (P4). Participants were able to improve suggestions
by prompting more explicitly for tone and style over several rounds,
but found the process exhausting: “I found it extremely cringe until
I specified exactly what I wanted. It got it eventually... but I had
to prompt it extensively towards my style” (P8). Users also found
it difficult to prompt from a blank textbox (P1) and struggled to
envision what the “options are” (P9) for expressing tone. By com-
parison, participants appreciated CapSmith’s pre-populated fields
for audience and style, which encouraged reflection on otherwise
overlooked dimensions (P5), and were “easier to edit than to write
from scratch” (P9).

8.3 RQ3: Tensions between
variation-from-example and prompt-based
chat workflows

8.3.1 Authorship and Authenticity. Several participants felt that
relying heavily on prompt-based chat would dilute their voice.
They cautioned that if a system “suggests the same thing to ev-
eryone,” (P8) then videos would converge. P4 noted that using the
prompt-based chat “in a larger capacity” would reduce her sense
of ownership. As P8 put it, “Creativity is a muscle to train. [ATCs]
should come naturally to you, and having an Al suggest things
from the very beginning stomps that [opportunity]”

In contrast, through CapSmith, participants felt a stronger sense
of ownership from needing to seed an initial ATC and generating
variants (Figure 7). P9 emphasized that transparency into Cap-
Smith’s reasoning also enhanced authorship: “the curtain is open a
bit more. I can see the processes and feel more involved.” As such,
we observe that required user effort during ATC generation was
correlated with perceived authorship.

However, some participants also expressed concerns about au-
thenticity and authorship regarding Al-assisted ATC authoring that
limited adoption. P2 emphasized that her text overlays are “super
authentic to myself and my thoughts,” and she would not accept
suggestions “as is”; in fact, she did not accept any suggestions. For
her, audience keywords were insufficient to capture tone. Even
after verifying that the inferred audience, “Young Adult” was cor-
rect, she explained, “I'm very particular about the slang I use...
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Figure 7: Quantitative results from post-study survey.

unless it’s actually part of my own lexicon, I'm not going to say
‘it’s giving, because I don’t say that in real life.” Other participants
voiced similar reservations. P8 explained that if he wanted to push
his creativity, he would not use any Al-assisted ATC tools. P10
anticipated a failure mode in creativity where she might “get lazy
and not even try formulating my own ATC”

Interestingly, we observed a quality—agency paradox; higher-
quality suggestions sometimes reduced participants’ sense of au-
thorship. P3 explained that because CapSmith’s outputs were so
close to what she would write herself, they were harder to reject.
With the prompt-based chat, dismissing suggestions felt easier.

8.3.2  Generation Failure Burden. Chat-style prompting often leads
users to internalize failures as their own [72]. When the prompt-
based chat produced poor ATC suggestions, participants remarked,
“I guess it’s my fault, I needed to add more context” (P1) and “Part
of it is user error... not knowing how to prompt... I can only blame
the system so much if 'm feeding it garbage” (P9). This framing is
especially problematic for creativity-related tasks, where intent is
tacit and outcomes are open-ended. Rather than shifting responsibil-
ity to the user to “prompt better,” chat interfaces should instead shift
accountability toward the system to surface and operationalize the
information that was used to generate variations and allow users to
easily correct misinterpretations. As CapSmith explored, this may
involve task-specific scaffolding to help the user uncover what the
agent knows or doesn’t know to establish common ground.
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8.3.3 Prompt-based chat use cases. While the prompt-based chat
interaction proved frustrating for ATC drafting and refinement, it
remains useful in several other situations.

Speed-first, lower-stakes video editing. At times, participants were
willing to trade control for speed and authenticity for virality. “If
I truly wanted to rush something... and if my bar for quality was
a lot lower, I can just prompt and drop it in” (P9). P3, who creates
Instagram reels to market her business, explained, “I think it’s
making better [ATCs] for me so I don’t see [loss of authorship] as
a sacrifice. I think everything I write on Instagram or whatever is
first run through GPT” For more intentional and personal edits,
however, creators prefer variation tools that preserve control.

Information retrieval and factual augmentation. Automation
workflows did not suit creators like P2 and P6, who avoided using
LLMs to author ATCs to preserve authenticity. However, they still
found the chat valuable for augmenting their work with factual
information. P6 explained, “I would just use it as a video-intelligent
search engine” In practice, she and other participants used the
prompt-based chat to look up item names (P6, P7) and locations
(P4, P6).

9 Limitations and Future Work

There are several opportunities for improving and extending the
system to better support creators.
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9.1 Transcript-based Asset Addition

CapSmith pushes the transcript into an authoring surface, but pre-
cise temporal synchronization remains an open challenge. The
transcript inherently determines the granularity at which users
can place or adjust ATCs: alignment is constrained to the resolu-
tion of diarization segments, words, or silence markers. While this
was sufficient for many placements, participants still switched to
the timeline for frame-level refinement. Future work could explore
adaptive temporal scaling in the transcript panel to support finer-
grained placement directly within the transcript while preserving
the benefits of text-based video representations.

9.2 Stylization

Stylization also plays a significant role in how ATCs are interpreted.
In our formative study, professional editors described predefined
font families that encode speaker identity or function (e.g., comic
relief vs. narration, anger vs. laughter). Such stylization is largely
absent from social media ATCs, likely due to the additional effort
required. Future work may explore how inferred intent and context,
as developed here, could support automatic or assisted stylization
of ATCs.

10 Conclusion

Additive Text Captions (ATCs) are a uniquely expressive yet un-
derstudied medium for enhancing video narratives. We introduce
CapSmith, a system that supports ATC refinement by generating
variations from a user-initiated draft, with low prompting burden.
Central to this approach is a domain-specific taxonomy of intent de-
rived from our formative study that positions intentions as a shared
vocabulary between the creator and the system. CapSmith uses this
vocabulary to surface and operationalize the inferred intent and
context of the draft. Our findings also show that a script is an effec-
tive narrative representation for contextualizing and authoring text
overlays. Together, these results show that variation-from-example
workflows can support ATC refinement by systematically inferring
and surfacing intent and context, reducing prompting burden while
preserving authorship.
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A Appendix
A.1 Post-Study Survey Questions

Design Goals Questions. On a scale from 1 (strongly disagree) to
7 (strongly agree):

e Understanding Context: The system understood the con-
text of the text overlay

e Understanding Intentions: It was easy to communicate
the intentions of the text overlay

o Improvement of ATC: The system helped me improve my
text overlay quality

o Authorship: The outcome feels like the result of my own
creative process

A.2 Anchor Generation Pipeline

The pipeline is demonstrated in Figure 8.

A.3 Prompts
A.3.1 Script Generation.

You are a professional script supervisor analyzing a video
together with its transcript. Create screenplay-style scene
segments that reflect natural breaks in story flow. For each
scene, provide a brief description, key visible actions, who
is present, and any useful parentheticals for line delivery.
Build a global character catalog (stable IDs, concise names,
one-sentence personality, short physical descriptors). Map
transcript lines to speaking characters. Detect notable
non-verbal sound events (e.g., laughs, gasps, door slams).
Provide a coarse shot breakdown (start/end, who is visible,
brief visual description, salient objects, character
actions). Also infer lightweight target_audience labels and
style_keywords.

Inputs:

e VIDEO (with audio)
o TRANSCRIPT: $transcriptData

‘Where:

e {transcriptData} = array of {index, start_s, end_s, text,
speaker}

A.3.2  ATC Subject Inference.

Classify the anchor subject of a user-initiated caption in
its current frame. Using the composed context (anchor,
moment, story), decide whether the caption refers to a
Character, Object, or Narrative element. Justify the choice
with one concise sentence that cites both visual placement
and story context. If Character include the matched catalog
name; if Object, include a brief object label. Choose
exactly one label: Character | Object | Narrative. Return
the label and a one-sentence rationale grounded in the frame
and context.

Inputs:
e FRAME: $frame
e CAPTION: $originalCaption
e COMPOSED CONTEXT STRING: $contextString (anchor
metadata, moment context, global story)

Where:
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e {originalCaption} = the user’s draft caption text for this
moment.
e {contextString} = concatenation of:
— anchor metadata: origin (script|visual). If origin is script,
anchor metadata includes highlighted transcript indices
(if any), current speaker (if any), dialogue parentheticals
(if any) and non-verbal sound events (if any). If origin is
visual, anchor metadata includes x,y coordinates of the
placed ATC as well as a video frame captured at the ATC’s
start time.
— moment context: scene ID/timecode, visible character IDs,
nearby transcript lines.
— story context: character catalog (stable IDs, names, one-
line personalities, brief physical descriptors); brief scene
overview.

A.3.3 Intention Inference.

Classify the creative intention behind a user-initiated
caption in its current moment. Use the composed context
(anchor, moment, story) to determine the intent behind the
caption's presence in this scene. Choose exactly one label:
Amplify | Disambiguate | Augment | Redirect. Return the
label and one concise reasoning sentence that includes the
keyword itself (e.g., "This caption helps clarify...").
Amplify: heighten or intensify the existing
beat/emotion/action, Disambiguate: resolve potential misread
or ambiguity, Augment: surface a subtle/unseen detail the
audience likely misses, Redirect: reframe or counter the
default takeaway with editorial voice

Inputs:

e CAPTION: $captionText

e TIMESTAMP/DURATION: $timestamps, $durations

e COMPOSED CONTEXT STRING: $contextString (anchor
metadata, moment context, global story)

Where:

o {captionText} = the user’s draft caption text for this mo-
ment.
o {timestamp} = start time of the caption in seconds.
e {duration} = duration of the caption in seconds.
e {contextString} = concatenation of:
— anchor metadata: origin (script|visual). If origin is script,
anchor metadata includes highlighted transcript indices
(if any), current speaker (if any), dialogue parentheticals
(if any) and non-verbal sound events (if any). If origin is
visual, anchor metadata includes x,y coordinates of the
placed ATC as well as a video frame captured at the ATC’s
start time.
— moment context: scene ID/timecode, visible character IDs,
nearby transcript lines.
— story context: character catalog (stable IDs, names, one-
line personalities, brief physical descriptors); brief scene
overview.

A.3.4 Variation Generation.
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User initiated ATC

Script panel

Anchor
Highlighted Transcript lines
Active speaker

Dialogue parentheticals

Created
from?

Video frame

Anchor

Video frame at ATC start time

(x, y) coordinates

Figure 8: Overview of the anchor generation pipeline. An ATC created from either the script panel or timeline is bound to
an anchor. Anchors created from the script panel capture transcript and audio metadata, while those created from the video
player capture frame timing and x,y coordinates of the overlay with respect to the frame.

You are a creative text overlay writer making an engaging
video through text overlays. Your task is to provide
alternatives for the given caption while considering the
user's creative intention, and staying true to the subject
of the ATC. Tailor phrasing to the TARGET AUDIENCE and STYLE
KEYWORDS if present.

Inputs:

o ORIGINAL CAPTION: $originalCaption
e COMPOSED CONTEXT STRING: $contextString (anchor
metadata, moment context, global story)

‘Where:

e {originalCaption} = the user’s draft caption text for this
moment.
e {contextString} = concatenation of:

— subject: inferred or user-specified subject

— intention: inferred or user-specified intention

— anchor metadata: origin (script|visual). If origin is script,
anchor metadata includes highlighted transcript indices
(if any), current speaker (if any), dialogue parentheticals
(if any) and non-verbal sound events (if any). If origin is
visual, anchor metadata includes x,y coordinates of the
placed ATC as well as a video frame captured at the ATC’s
start time.

— moment context: scene ID/timecode, visible character IDs,
nearby transcript lines.

— story context: character catalog (stable IDs, names, one-
line personalities, brief physical descriptors); brief scene
overview.

— target audience (if any) and style keywords (if any).

— optional creative intention provided by the user.

Generation Criteria:

o Generate exactly 16 unique alternatives.
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e Adapt tone and phrasing to suit target audience and style
keywords

e Respect emotional tone, dialogue parentheticals, and visual
placement.

A.3.5 Prompt-based Chat.
You are a helpful AI assistant. I have uploaded a video:
Inputs:
e VIDEO: the clip currently on the user’s timeline
e USER MESSAGE: free-form prompt (caption ideas, rewrites,
etc.)
e Any ATC reference through @id: Caption text, Start times-
tamp (seconds), Duration (seconds)
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