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Figure 1: CARVid is a mixed-initiative tool for retargeting on-screen graphics in videos to new aspect ratios while preserv-
ing readability and original design intent. Given an input video with embedded graphics (a), CARVid first decomposes the
animated graphic from the video (b), then performs layout-aware segmentation on a reference frame to split meaningful ele-
ments such as logos, text blocks, and branding (c). Using the recovered structure together with its motion over time, CARVid
can automatically recompose the graphic through text-aware scaling, content-aware space removal, and layout reflow, or ex-

NBC NOW logo

pose direct editing controls that let users rearrange, group, duplicate, or remove elements (d).

ABSTRACT

Video editors routinely reframe landscape videos with on-screen
graphics, such as lower thirds, title cards, and scoreboards, to por-
trait aspect ratio for sharing on social media. Existing methods
often crop, shrink, or distort these graphics, reducing readability
and disrupting design intent, while manual redesign is slow and
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frustrating to scale due to difficulty dealing with layered compo-
sitions. We present CARVid, a content-aware retargeting tool for
videos with on-screen graphics that helps editors adapt graphics
to new aspect ratios while preserving readability and original de-
sign intent. CARVid leverages recent advances in foundation vi-
sion and segmentation models, in conjunction with a novel image
processing algorithm, to detect graphical overlay bounding boxes,
extract graphics from the video, and perform content-aware recom-
position. Our human-in-the-loop approach combines text-aware
scaling, layout-aware segmentation, and content-aware space re-
moval to support both automatic and user-directed recomposition.
We conducted a technical evaluation using a custom dataset of 60
videos from popular internet sources containing on-screen graph-
ics. Results show that our method effectively aids users compared

to traditional workflows.
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1 INTRODUCTION

Social media has created a landscape in which creators need to
make multiple versions of a video to suit the constraints of differ-
ent platforms and viewers. Videos are often reframed to different
resolutions for smaller screens or displays with varied aspect ratios
to fit different devices. Many of these kinds of social media videos
feature on-screen graphics such as title cards, scoreboards, ban-
ners, and lower thirds, which are placed over the source video dur-
ing editing. However, these overlaid graphics can create problems
when videos are naively reframed. Traditional workflows for re-
framing involve cropping the video focusing on the salient content
such as people or places by using tools such as Premiere Auto re-
frame [1] or OpusClip [27]. However, during this process, graphic
overlays are not taken into consideration resulting in them being
cropped, cut out or partially blocked from the main view. Many
lower thirds or on-screen graphics take up considerable width, so
repositioning alone is often not enough. In many practical cases,
editors do not have access to the original video project file or un-
derlying composition layers, and therefore resort to cropping tools.
In other cases, the entire 16:9 video is uniformly scaled down to fit
the target aspect ratio, which preserves more of the composition
but can severely reduce the readability of the graphics. As shown
in Figure 2, these are not merely hypothetical failures: they appear
in published, widely viewed videos by official networks and profes-
sional editors, where graphics are either cut out from the frame or
reduced to the point that critical information is obscured. Together,
these examples highlight an important gap in current retargeting
workflows: existing methods prioritize the main footage, but do
not provide a way to adapt overlaid graphics to new aspect ratios
while preserving readability and original design intent.

While recent advancements in video generation and Al-assisted
video editing show promise for creating or modifying videos, these
approaches are not well suited to our problem. Our goal is not to
generate a new graphic from scratch, but to retarget an existing
authored graphic which was designed to communicate a message
to the audience while preserving its text, branding, layout hierar-
chy, and animation structure. In this setting, plausible synthesis is
not enough: even small changes to fonts, spacing, visual grouping,
or motion timing can conflict with the creator’s original intent and
alter how the graphic communicates information. Existing gener-
ative graphics and text rendering methods face inconsistent fonts,
style variation, and limited fine-grained control [35]. This intuition
informs our approach. Rather than treating retargeting as a fully
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Figure 2: Snapshots above are taken from published
YouTube videos from popular sports and news channels (©
NBA [24], © NFL [25], © CNBC [7]) with millions of view-
ers. These videos are often repurposed into short-form, re-
framed content for social media. However, traditional re-
framing workflows tend to prioritize the main footage while
overlooking on-screen graphics. As shown here, naive crop-
ping can obscure important scoreboards and captions, while
uniform scaling can make the original graphic unreadable.

generative video task, we focus on recovering the structure of ex-
isting on-screen graphics and transforming them in a way that re-
spects both creators’ and viewers’ goals.

In this paper we ask what if we could extract usable graphics from
existing broadcast videos and automatically recompose these graph-
ics to new aspect ratios just as we do for regular content. And going
beyond that to semantically segment parts of these graphics to en-
able editability. For example, take the case of the video in figure 1.
The graphics in the lower part of the video spans the whole width
and contains important branding and communicative information.
If we attempt to reframe this graphic using existing tools, we would
crop to salient content like the driver. However, we lose the title
card information and the branding information which hold impor-
tant communicative intent. Many examples are shown in figure 2.

To tackle this problem, we first devise an automatic algorithm
with a set of simplifying assumptions and design goals about our
problem. Our algorithm takes an input overlaid graphic and auto-
matically recomposes it to a target width. We then conduct a for-
mative study with four professional motion graphic designers who
have experience with retargeting overlaid graphics. Their feedback
informed our three key design goals: 1) supporting retargeting from
flat or already-published videos without requiring original project
files, 2) enabling structured editing of recovered graphic elements,
and 3) preserving direct editorial control over retargeting decisions

Taking these design goals into consideration, we present CARVid,
a content-aware retargeting tool for videos with on-screen graph-
ics that helps editors adapt graphics to new aspect ratios while pre-
serving readability and original design intent. Given an input flat
video with baked graphics, CARVid first performs graphics Decom-
position to extract the animated graphic from the video. It then per-
forms Layout-Aware Segmentation on a representative reference
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frame to split the recovered graphic into meaningful elements such
as logos, text blocks, and branding. Once this semantic represen-
tation is recovered with its motion over time, CARVid supports
graphic recomposition using custom methods in two ways: 1) Lay-
out Reflow, which restructures the graphic to better fit the target
aspect ratio, and 2) Content-Aware Space Removal, which removes
low-importance space between elements while preserving impor-
tant content and overall design structure.

To enable this workflow, CARVid leverages recent advances in
foundation vision and segmentation models such as Gemini [12]
and Segment Anything [31] to detect graphical overlay bounding
boxes, extract graphics from flat videos, and recover a decomposed
representation for downstream editing. Our decomposition pipeline
relies on the notion of a representative frame, which a VLM agent
uses to localize the main graphic and guide segmentation across
the video. However, recovering an extracted graphics video in pixel
space is not enough by itself. CARVid additionally performs Layout-
Aware Segmentation by horizontally and vertically segmenting the
recovered graphic while semantically considering its layout and
content, producing semantic primitives that can be independently
recomposed. By recovering semantic structure directly from flat
videos, CARVid avoids requiring editors to rebuild or manually re-
cover layered compositions, while still supporting settings in which
separate graphic and background layers are already available.

To evaluate CARVid, we conducted technical evaluations of both
our decomposition and recomposition techniques with using a cus-
tom corpus of 60 popular videos with graphic overlay videos found
on YouTube. Our findings suggest that CARVid successfully de-
composes 85% of the graphic overlays found in-the-wild and 96%
of decomposed results fit to the target width.

In summary, this paper makes the following contributions: 1) a
graphics decomposition pipeline that recovers usable on-screen
graphics from flat videos through text refinement and user editing,
producing, 2) a layout-aware graphics segmentation method
that leverages critic based VLM agents to produce semantic prim-
itives such as logos, text blocks, and branding, and 3) a content-
aware recomposition pipeline that retargets recovered on-screen
graphics to new aspect ratios while preserving readability and orig-
inal design intent through layout reflow and content-aware space
removal.

2 RELATED WORK

Our work builds on prior research in content-aware reframing, mo-
tion graphics editing, and generative video editing, and extends
these ideas to the specific challenge of retargeting videos with on-
screen graphics.

2.1 Content-Aware Reframing

Prior work adapts video to new aspect ratios by estimating sub-
ject saliency and scene structure using gradient energies, face and
body detections, or saliency maps. Commercial tools such as Auto
Reframe crop footage to keep salient objects like people or dogs
centered when converting to new aspect ratios [1, 9]. Recent sys-
tems extend this idea. VidSTR [44] uses speech content and visual
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semantics such as pose to guide spatiotemporal reframing, improv-
ing continuity across cuts and scenes while avoiding salient back-
ground occlusions. FitVid introduces a decomposition pipeline to
retarget video content such as images and text to new layouts [16].

Much content-aware resizing traces back to seam carving [3],
which removes connected low-energy pixel paths for adaptive im-
age resizing. Later work extended this idea through multi-operator
formulations combining carving, scaling, and cropping [32, 34],
video adaptations with forward energy for temporal coherence [33],
and analyses of the trade-off between content preservation and
spatiotemporal consistency [6]. Other methods explored discon-
tinuous seam carving and related strategies to reduce distortion
in regions containing people or moving cars and improve consis-
tency during resizing [29, 42]. Building on these ideas, SeamCrop
combines cropping with seam carving to place an optimal refram-
ing window while removing less informative seams [15]. Earlier vi-
sion work also explored non-homogeneous content-driven warps
for video retargeting [43], the trade-off between content preser-
vation and spatiotemporal consistency [6], and pixel stretching or
warping for resizing [29, 40-42]. Soe et al. study interactive refram-
ing for narrower displays through an end-to-end tool that makes
content-aware decisions about people and related elements [36].

Collectively, these methods reframe video by tracking faces, bod-
ies, and moving objects or by optimizing generic saliency. As a re-
sult, they often treat overlaid graphics as background, or treat all
pixels as equally expendable as in seam carving [3]. Semantically
critical elements such as titles, logos, scoreboards, and lower-thirds
are therefore often cropped, squeezed, or misaligned. These ap-
proaches also do not explicitly process graphics as structured lay-
outs composed of text, logos, and branding elements, nor do they
account for motion-graphics behaviors such as animated slide-ins
and slide-outs. For on-screen graphics, preserving readability, hier-
archy, branding, and original design intent is often more important
than uniformly reducing content as in ordinary video.

2.2 Motion Graphics Editing

A complementary line of work makes motion graphics editable
by recovering structure from pixel videos and modeling layout as
a first-class design object. Zhang et al. present a motion vector-
ization pipeline that converts motion-graphics video into an SVG
motion program, enabling object-level edits such as retiming, mo-
tion transformations, and appearance changes [48]. Beyond vec-
torization, layout-centric systems model the relationship between
content and design: content-aware generation of graphic design lay-
outs learns layout structures from visual and textual semantics for
layout-aware retrieval and content-conditioned composition [49],

while Attribute-Conditioned Layout GAN studies controllable attribute-

based layout generation [21]. Other graphics and HCI systems tar-
get branded motion assets: Mover [23] generates parameterized
motion behaviors for design elements, and LogoMotion [22] pro-
duces structured logo animations that preserve style and layout in-
tent. Together, these works treat motion graphics as programmable
structures governed by constraints and attributes rather than purely
pixel-based edits.

However, these methods rely on representations such as SVG
programs, layout graphs, or parameterized animation code that are
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far removed from everyday professional workflows. In practice, ed-
itors often work with MP4s and Adobe After Effects projects or
templates, where overlays are effectively black boxes and difficult
to recover as structured elements. Even when structure can be re-
covered, it may not be readily editable through motion programs,
and it remains unclear how such representations support refram-
ing decisions. More importantly, generative motion systems can
suggest edits or synthesize simple motion, but they do not guaran-
tee preservation of original design intent and may make decisions
that conflict with a designer’s choices. Thus, although these works
improve the programmability of motion graphics, they do not solve
the central problem of preserving original text and design during
aspect-ratio retargeting.

2.3 LLM-Assisted and Generative Video Editing

Recent systems combine multimodal understanding, language in-
terfaces, and generative models to support video editing. LAVE
introduces an LLM-powered agent that plans and executes edit-
ing tasks from language prompts, from brainstorming and story-
boarding to concrete timeline manipulations [38]. PodReels sup-
ports human-AI co-creation of short podcast teasers by automat-
ing clip discovery and assembly based on audience-oriented cri-
teria [39]. In advertising workflows, Text2Edit proposes a control-
lable end-to-end pipeline for video ad creation from multimodal
prompts [5], while VC-LLM targets automated ad production from
raw footage with multimodal LLM planning and selection [30],
similar to ExpressEdit, which uses language and sketches to per-
form editing tasks [37]. Several other works use natural language
to guide cuts and edits [13, 19, 20].

Another active area is generative video Al, including OpenAI’s
Sora [26] and Google’s Veo3 [11], which generate videos from text
or image prompts. Agentic reframing has also emerged, with LLM-
based controllers orchestrating detection, selection, and window-
ing for new canvases [4]. Together, these works mark a shift from
manual, clip-centric editing toward language-conditioned, content-
aware, and sometimes generative pipelines. Yet they focus primar-
ily on editing and creation, not aspect-ratio retargeting with ex-
plicit preservation of overlaid graphics and original design intent.
Editing agents generally lack access to motion graphics’ underly-
ing structure and may crop or scale them without awareness, while
generative models may distort fonts, logos, motion, and design be-
cause they do not reliably reproduce exact graphics [47, 50].

3 AUTOMATIC GRAPHICS RETARGETING

To design our system, we began by exploring the automatic re-
targeting of the readily available motion graphic templates (MO-
GRTs). We chose MOGRTs because they are a common resource
used in professional editing workflows and provide access to struc-
tured graphic compositions with editable text and layout proper-
ties. This initial exploration allowed us to formulate the problem
in a controlled setting and build an early automatic pipeline for
recomposing graphics to a target width. We then conducted for-
mative interviews with professional motion graphics designers to
understand real-world retargeting workflows and to derive the de-
sign goals that shaped CARVid.

Anon. Submission Id: 7605

Problem Statement. We define a “graphical element” to be a sin-
gle on-screen graphic such as a title card, banner, lower third, or
scoreboard, including its animations and effects over time, from a
standard digital video editing tool (e.g. Adobe Premiere Pro). The
videos we consider consist of a single recorded background video,
with a single rendered graphical element overlaid on top. Nomi-
nally these videos are landscape (horizontal, 16:9) aspect ratio (for
viewing on television, YouTube, etc.), and the user goal is to retar-
get such a video to portrait (vertical, 9:16) aspect ratio (for viewing
on Instagram, TikTok, etc.). This is traditionally accomplished by
cropping, selecting the region of the video that contains the focal
point (often the most salient region). In this scenario, the overlaid
graphical element is then cropped, often obscuring the text and
design elements, hindering communication (Figure 2).

When faced with the problem we have identified here, a video
editor has the following options for retargeting a video with an
overlaid graphical element: 1) Use existing reframe tools, 2) Repo-
sition the graphics, 3) Scale the graphics and 4) Redesign the graph-
ical element. To address these limitations, we first devised an au-
tomatic retargeting algorithm guided by three themes from prior
work: text must remain legible, non-text visuals and their spatial
relations should not be degraded, and removing non-informative
space should not harm hierarchy. Guided by this body of work, we
state our design goals: DG1 Maintain text at or above the minimum
legible height. DG2 Preserve all non-text visual elements. DG3 Main-
tain the visual hierarchy. DG4 When preservation of all elements
is not possible, prioritize text over non-text visuals. To explore this
problem in a controlled setting, we first built an automatic retar-
geting pipeline using readily available motion graphic templates
(MOGRTs). This gave us a way to study retargeting behavior be-
fore dealing with the added complexity of flat videos with baked
graphics. Starting from these templates, we devised an early algo-
rithm that automatically recomposed a graphic to fit a target width
while attempting to preserve readability and overall layout. Our
initial approach focused on operations such as text-aware scaling,
preserving the positions of key non-text elements, and removing
low-importance empty space when possible.

3.1 Algorithmic Steps

Our automatic retargeting algorithm applies a sequence of increas-
ingly disruptive operations to adapt a graphic to a target width
while preserving readability and original design structure. It first
identifies the most important regions to protect, then attempts the
least invasive transformation that can satisfy the size constraint:
uniform scaling, followed by removal of persistently low-importance
space, and finally layout reflow when width reduction alone is in-
sufficient. This ordering follows our problem definition directly:
preserve readable text, maintain important non-text elements and
their spatial relations, and only introduce stronger structural changes
when simpler operations fail. Figure 3 shows one example graphic
passing through these stages.

1. Compute Energies. We first compute an energy map for
each frame to identify regions that should be preserved during re-
targeting. Rather than using a generic image retargeting objective,
we focus on preserving text and strong vertical structures that de-
fine the graphic’s shape and layout. OCR is used to detect text
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e Content-Aware Space Removal

ul Remove low-importance regions
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e Layout Reflow
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CREATIVE DIRECTOR
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Finding stable cuts across frames X
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Scale up if needed

Figure 3: An example graphic going through all stages of our preliminary algorithm pipeline is shown here. Given an input
video we 1) Compute energies for all frames to mark regions of importance, 2) Scale the graphics based on minimum text
height 3) In this case, the graphic still does not fit, so we remove low importance regions, and finally, 4) If it still does not fit,

we reflow the graphic.

A
"% iHEART RADIO

Figure 4: Example results from our preliminary automatic
retargeting algorithm as shown to our participants. See sup-
plemental video for animations. We are able to preserve
many different types of content. Left: the bar has a simple
in and out animation, and includes multiple vector graph-
ics. Center: The three bars animate in at different times and
speeds. Right: The graphic appears with a build animation
and includes a QR code.

regions, which are treated as high-importance areas, while verti-
cal edge responses highlight boundaries around logos, boxes, and
other design elements. These frame-wise energies are then aggre-
gated into per-column importance scores, which serve as the basis
for both space removal and layout reflow.

2. OCR-Aware Scaling. We next attempt uniform scaling while
enforcing a minimum readable text size. The graphic is scaled down
only until the smallest detected text reaches the minimum legible
height; if the graphic fits the target width at this stage, the result
is exported directly. This allows the system to preserve the origi-
nal design as much as possible before applying any content-aware
restructuring.

3. Content-Aware Space Removal. If scaling alone is insuffi-
cient, we remove low-importance vertical space from the graphic
while preserving temporal coherence across frames. Because these
graphics are animated, removable columns may change from frame
to frame; selecting them independently would introduce jitter and
break the animation. Instead, we track temporally stable low im-
portance columns over time, avoiding text, logos, strong borders,
and moving content. This step progressively reduces width by sac-
rificing empty or weakly informative space while maintaining align-
ment and the original motion structure.

4. Vertical Layout Reflow. When neither scaling nor space
removal can achieve the target width, we reflow the graphic into
multiple lines. To do this, we compute a composite energy map
over sampled frames and search for a stable vertical cut that avoids
persistent text and high-importance content while aligning with
a natural structural divider in the layout. The cut is then used to
split the graphic into two parts, which are rearranged into a nar-
rower multi-line composition. In practice, this is the most aggres-
sive transformation in the pipeline and is only applied when the
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earlier stages cannot preserve readability and fit simultaneously.
We detail our automatic algorithm in the appendix.

3.2 Preliminary Feedback from Motion
Graphics Professionals

We then conducted a formative interviews with four professional
motion graphics designers who had experience with retargeting
overlaid graphics. In the interview, participants were shown a few
result from our intial automatic algorithm which used popularly
available MOGRTS as input and produced a 9:16 aspect ratio out-
put, which were rendered on stock video footage. Snapshots of
these videos can be found in figure 4. Participants consistently de-
scribed retargeting as labor-intensive and often close to redesign,
since adapting graphics across aspect ratios frequently requires
manually re-adjusting text, spacing, layout, and animation while
still preserving the original design’s readability, hierarchy, brand-
ing, and motion. Rather than treating retargeting as a simple re-
size operation, they framed it as a judgment-heavy process that is
both tedious and poorly supported by existing workflows. These
findings informed three key design goals for CARVid: supporting
retargeting from flat or already-published videos without requir-
ing original project files, enabling structured editing of recovered
graphic elements, and preserving direct editorial control over re-
targeting decisions.

Supporting retargeting from flat or already-published videos
without requiring original project files. Participants described
current retargeting workflows as tedious precisely because they of-
ten require going back into the authored motion graphic, reopen-
ing the composition, and manually reworking its layers and ani-
mation. Rather than treating resizing as a lightweight operation,
they described it as painstaking layer-level revision. For example,
participants noted going “layer by layer” to shift text, reposition
logos, and realign keyframes, and E3 explained, ‘T need to redesign
everything, readjust the keyframes in After Effects or Premiere Pro
to keep the same animation [and reframe the graphics].” E4 simi-
larly characterized this stage as largely “mechanical work.” Taken
together, these comments suggest that relying on original layered
compositions is both cumbersome and fragile in practice, motivat-
ing a system that can begin from an already-rendered video and
decompose the overlaid graphic back out of the main footage for
downstream retargeting.

Enabling structured editing of recovered graphic elements.
Participants did not want the output to remain a single flattened
graphic; instead, they wanted to adjust meaningful parts of the
composition such as logos, text regions, spacing, and layout param-
eters. This points directly to the need to recover editable semantic
units rather than only pixels. E2 asked for “settings or configuration
that the user could have control over, like, layout, content padding or
the scalar resolution,” and made the desired granularity even clearer
by saying, “Maybe I want that fox logo to be somewhere else, like,
not in the lower third.” E1 similarly imagined a workspace where
he could generate multiple versions and “make global adjustments
to each of those if I had to.” These responses motivate recovering
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graphic elements as structured parts that can be independently ma-
nipulated, rather than treating the result as a one-shot automatic
transformation.

Preserving direct editorial control over retargeting decisions.

Participants consistently framed retargeting as a judgment-heavy
design task in which acceptable outcomes depend on context, au-
dience, and the priorities of the editor. They wanted automation to
help, but not to fully determine the final tradeoffs. E1, for instance,
said, ‘T really want [to change] [minimum text] size, because that’s
also depending on audience,” while E2 emphasized the need to re-
peatedly inspect outputs in context: ‘T would also... check pretty
often, once I have the portrait version, to see if it looks good on the
phone.” Even trust in the system was framed as something gradual
and contingent, with E2 noting, ‘T would see how, you know, once
I get a hang of the tool, I'll be like, oh yeah, it seems, trustworthy.”
Together, these comments suggest that the system should support
retargeting decisions while keeping the editor in control of which
compromises are ultimately made.

Moving beyond an automatic pipeline. Overall, participants
felt that this task could not be solved reliably as a fully automatic
pipeline. While automatic retargeting could provide a useful start-
ing point, they emphasized that on-screen graphics carry semantic,
typographic, and branding constraints that require human judg-
ment. Small changes in crop boundaries, spacing, grouping, or scale
could significantly affect readability and design quality, especially
for titles, logos, scoreboards, and lower-thirds. Participants also
noted that graphics often behave as coordinated layouts rather
than independent visual regions, making it difficult for a purely au-
tomatic method to decide what should be preserved, removed, or
rearranged. These observations led us to move beyond a fully au-
tomatic approach and instead design CARVid as a mixed-initiative
system, where automatic decomposition and reframing generate
an initial proposal that users can inspect and refine. To this end,
we designed CARVid around layout-aware segmentation and de-
composition

4 CARVID

This section presents CARVid, a human-in-the-loop recomposition
tool for on-screen graphics in videos.

4.1 Video Decomposition

We generalize our system to non-layered inputs by introducing a
decomposition pipeline that separates overlaid graphics from the
underlying footage into clean, temporally stable masks. The pro-
cess begins by sampling frames and selecting an anchor frame
around the region of maximal text density, identified by finding
a frame close to the center with the most OCR boxes. We assume,
for on-screen graphics, that the representative frame would be the
one close to the center and which has significant screen time. The
graphic may have in and out or slide-in or moving animations, but
to be consumable to the viewer, it has to stabilize and be readable
for a significant amount of time over the duration of the sequence.
Results of this decomposition process are shown in the appendix in
Figure 5, demonstrating that the method can successfully recover
graphics layers from flat video inputs.
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SAM Mask Propogation Text and Glyph Refinement

Figure 5: CARVid leverages the foundational Segment Any-
thing model with VLM-guided graphic detection across
three reference frames to segment bounded graphics (a).
CARVid also supports the extraction of text- or glyph-based
graphics (b) by leveraging text-guided SAM and glyph extrac-
tion with adaptive image thresholding.

Identifying a Reference Frame. We define the notion of a ref-
erence frame with a simplifying assumption that a frame with the
most words/text would serve as our anchor because on-screen graph-
ics are typically used to convey information. We also learn from
our interviews that the purpose of these graphics is purely commu-
nicative. We use a lightweight open-source OCR [14] library and
run it on every frame of the video. From the middle frame, we scan
for the frame with the most text as middle frames would be free of
in and out animations. We also store a distribution of word count
changes every 20 frames to segment between different transition
stages of graphics. This reference frame is useful for downstream
processing with VLM agents.

VIM Detection and Verification. On the anchor frame, a multi-
modal vision model (gemini-3.1-pro-preview[8]) identifies a bound-
ing box for all units of on-screen graphics which are close together,
while excluding concave free floating text rendered directly on
footage, if any (this is done due to the limitations of current foun-
dational segmentation models). Each detected bounding box seeds
SAMZ2’s [31] video segmentation predictor with a set of positive
points sampled within the bounding box and negative points out-
side it, producing an initial preview segmentation over this anchor
frame. This mask is composited onto the frame in a high-contrast
color and passed to a critic VLM, which inspects the masked pre-
view against the original frame and either accepts the segmenta-
tion or returns a set of additional positive prompt points targeting
under-segmented regions.

SAM Mask Propagation Detection. These segmentation prompts
are injected directly into SAM2’s mask logits to refine the predic-
tion before propagation. Once the critic accepts, the final mask
is propagated forward and backward across the full video. To en-
sure masks are compositable, morphological erosion followed by
soft feathering is applied, suppressing visible halos at the bound-
aries. As the segment-anything model supports prompt refinement
across multiple frames in the video we prompt the VLM to sam-
ple three detections across three frames: one reference frame, one
frame at 25% video length and another at 70% length.
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Text and Glyph Refinement. While SAM2 excels at propagat-
ing masks for solid, contiguous regions, it is known to struggle
with shapes containing interior holes or disjoint components [31],
a property that is pervasive in typographic and glyph-based graph-
ics. To address this, we introduce two complementary refinement
branches that operate in parallel with the primary SAM2 pipeline.

Text Refinement. During the anchor-frame classification stage,
Gemini explicitly identifies whether a detected graphic is purely
text-rendered without any opaque background shape. For such cases,
we bypass SAM2 and instead invoke HI-SAM [45], a segmentation
model fine-tuned from SAM specifically for hierarchical text in-
stance segmentation, which preserves per-glyph fidelity and han-
dles the interior holes inherent to letterforms. Since HI-SAM oper-
ates on individual frames rather than video, temporal consistency
isachieved by tracking detected text regions with OCR across frames:
bounding regions from the anchor are matched forward and back-
ward via OCR correspondence, and HI-SAM inference is applied
per-frame within the tracked crops. The resulting per-frame masks
are then composited into the final mask sequence, yielding a text-
only segmentation that preserves font structure.

Glyph Refinement. For logos and other glyph-type artifacts
whose shapes contain interior holes and for which the critic VLM
determines the SAM2 mask preview is of insufficient quality, we
fall back to a bounding-box-constrained adaptive thresholding ap-
proach. The critic VLM localizes the glyph on the reference frame
via a tight bounding box, which is held fixed across all frames un-
der the assumption of a static graphic. Within each cropped re-
gion, we apply Otsu adaptive thresholding [28] to separate the
foreground glyph from the background, producing a clean binary
mask per frame. This approach is inherently limited to single-color
glyphs, where foreground and background are well-separated in
intensity, but provides a reliable last-resort path when learned seg-
mentation models fail on such structured artifacts.

Interactive Refinement. Finally, if the user is not satisfied with
any of the automatic results, they could leverage our interactive
refinement tool where they can choose which method to use and
add point/box prompts themselves. Moreover, they have the abil-
ity to scrub through different frames and choose a prompt from
there for processing. They also have the option to generate sep-
arate segmentations of different parts of the object and combine
them.

4.2 Layout-Aware Graphics Segmentation

4.2.1 Cut Candidate Generation. Using the temporal energy map
E, we identify candidate cut positions by locating local minima in
the column-wise energy profile £(x) = X, E(y, x). These minima
are pooled with structural boundaries detected via probabilistic
Hough transforms—thin designer-placed divider lines that are vi-
sually significant but leave little gradient signal. Each candidate is
then snapped to the nearest low-energy gap and scored by struc-
tural continuity: the length of the longest unbroken high-gradient
run in that column. Genuine panel boundaries span the full frame
height; character strokes do not. The top-ranked candidates form
the set C presented to the VLM.
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TECH CHECK
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Layout-Aware Graphics Segmentation

Figure 6: CARVid supports automatically segmenting the
graphic layout into semantic parts by recursively cutting the
graphic using an proposer-critic agent paradigm until it ei-
ther fits the screen fails.

4.2.2  Proposer—Critic Placement. Selecting the final cut requires
semantic judgment that signal processing alone cannot provide—
specifically, whether the resulting segments each constitute a com-
plete, self-contained unit of information. Motivated by evidence
that a VLM critic reliably catches errors that a VLM proposer makes
in isolation [46], we adopt a three-stage protocol. A gate call first
decides whether the graphic is cuttable at all. A proposer then se-
lects the single best candidate from the energy-annotated image.
A critic receives both the clean graphic and the energy map and
makes the final call, rejecting any option that bisects a text region
or splits a cohesive content group:

p* = Critic (graphic, E, pnaives Pproposer) .
Any accepted position is further subject to a hard programmatic

check: if p* falls within 3 pixels of a text mask pixel, it is nudged
to the nearest safe column or discarded entirely.

4.2.3 Resultant Cuts. This process can give us cuts in either the
vertical direction or the horizontal direction based on the graphic.
Moreover, the user can choose to click "layout” reflow which gives
them a choice to cut horizontally or vertically. They can do this
process on individual graphic segments recursivelly.

4.3 Interactive Editing

CARVid supports direct-manipulation editing operations that align
with common motion graphics workflows. Users can delete un-
wanted elements, duplicate graphics, group related components,
and invoke recomposition operations such as space removal and
layout reflow on selected content. These controls are useful when
automatic retargeting preserves the wrong elements, fails to main-
tain intended grouping, or produces layouts that technically fit
the new aspect ratio but remain visually unbalanced. For example,
branding elements can be selectively removed while preserving
the scoreboard, or multiple primitives can be grouped and moved
together to maintain their semantic and visual relationship. More-
over, when generating a cut the user can choose to refine the cut
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STUNTS WILL FINALLY GET
RDS CATEGORY

Figure 7: CARVid also supports manual direct manipulation,
layout edits, and natural language bulk edits based on the
extracted layout structure.

so that the resultant segments are up to their choice. Or they can
choose to go with the system recommendation.

5 TECHNICAL EVALUATION

We conducted a technical evaluation of our decomposition pipeline,
layout segmentation technique, and our automatic recomposition
algorithm to test the efficacy of CARVid in retargeting videos found
on the internet in the real-world.

5.1 In-The-Wild Evaluation Corpus

We constructed our evaluation set from publicly available YouTube
videos using seeded snowball sampling. We began with broad seed
queries spanning common sources of on-screen graphics, includ-
ing “sports live,” “sports highlights,” “news live,” “breaking news,”
“interview,” “podcast interview,” and “weather report” From these
seeds, we selected videos containing persistent overlaid graphics
such as scoreboards, lower thirds, title cards, or corner bugs, and
then followed YouTube recommendations to expand the set toward
visually similar but channel-diverse examples. We extracted 5-second
segments only when a graphic remained visible for most of the clip
and was composited over underlying video footage rather than oc-
cupying the full screen. We excluded pure subtitles and captions,
full-screen slates, and near-duplicate clips from the same graphic
package.

Our final corpus contains 60 clips spanning sports (24), news
(17), interviews (13), and weather (6). We further categorize clips
by the visual support behind their primary information-bearing
elements: opaque-backed graphics place text and symbols on vi-
sually solid backing panels (49 clips), transparent graphics place
them directly over video without a contiguous backing region (5
clips), and translucent-backed graphics place them on bounded
semi-transparent panels through which the video remains visible
(6 clips). For mixed designs, we assign the label according to the
dominant backing behind the main information-bearing elements.
The corpus was not class-balanced by design; instead, it reflects
the natural distribution of graphics encountered during collection,
where opaque-backed graphics were substantially more common.
All experiments were conducted on an Apple MacBook Pro equipped
with an M3 Max processor and 16GB of RAM.
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Success Failed  Success Rate
VLM-Guided Segmentation 75 24 75.8%
+ Interactive Editing 81 18 81.8%
+ Text Refinement 85 14 85.9%
+ Combined 91 8 91.9%
Video-Level 53/60 7/60 88.3%

Figure 8: Segmentation success rates across 99 graphics from
60 in-the-wild video clips (excluding 4 false positive detec-
tions and 1 false negative). The baseline pipeline uses VLM-
guided detection with Segment-Anything. Each subsequent
row shows the effect of applying a single repair strategy: in-
teractive point editing (+6 graphics recovered) or text-aware
segmentation refinement (+10). The combined row reflects
both strategies applied together, raising the graphic-level
success rate from 75.8% to 91.9%. At the video level, 53 of
60 clips (88.3%) are segmented successfully with combined
repairs.

@CBS g | MEGANCERULLO

Figure 9: CARVid decomposition refinement interface
where the user first gets a VLM-assisted segmentation which
they can refine or use text or glyph refinements. They could
also choose to manually segment with points, bounding
boxes, and manual segmentation. They can change reference
frame or add additional prompts to other frames.

5.1.1 Decomposition. Figure 8 summarizes the decomposition per-
formance across the evaluation corpus. The pipeline detected 103
graphic elements across the 60 clips. Of these, 4 were false positive
detections non-graphic regions incorrectly identified as overlays
and 1 clip contained a graphic that the pipeline failed to detect en-
tirely (a false negative), leaving 99 true graphics for segmentation
evaluation.

We run the automatic VLM-guided decomposition pipeline on
the raw input video from our corpus and store the output as a bi-
nary mask and a segmented video with a green-screen background.
One author viewed each decomposed graphic side-by-side with the
original video and recorded the following for each detected graphic
segment: an overall verdict (success, failed, false positive, or false
negative), a set of observed failure modes (text with holes, miss-
ing information, contains holes, translucent, false positive, did not
detect graphic), and free-text comments describing the cause of
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any degradation. For cases where failure could be attributed to a
specific root cause, the author also assigned one or more seman-
tic tags (e.g., low contrast, encoding artifacts, edge bleed, over-
segmentation, non-opaque background). We define success as a
downstream usable segmented result where there are no serious
issues such as missing content or extreme flickering to the point
where the information in the graphic cannot be conveyed. The au-
thor then progressively applies text refinements automatically and
then proceeds to apply user refinements with our tool.

Results. Without any user intervention, the VLM-guided detection
and SAM2 segmentation pipeline successfully decomposed 75 of 99
graphics (75.8%). Successful cases span all overlay categories and
visual styles, including scoreboards, lower thirds, title cards, and
corner bugs composited over diverse background content.

Repair strategies. Of the 24 baseline failures, 16 are recoverable
through one of two complementary repair strategies. Text-aware
segmentation refinement addresses the most prevalent failure mode:
text elements with interior holes produced when SAM2 segments
around fine typographic strokes rather than filling them. This strat-
egy alone recovers 10 graphics, raising the success rate to 85.9%.
Interactive point editing, in which the user adds or removes SAM2
prompt points to correct under- or over-segmentation, recovers
an additional 6 graphics that suffered from incomplete mask cov-
erage or extraneous content inclusion, raising the success rate to
81.8% when applied independently. Applying both strategies to-
gether raises the graphic-level success rate to 91.9% (91 of 99).

Video-level performance. We consider a clip successfully decom-
posed when every detected graphic in it is either correctly seg-
mented at baseline or recoverable through a repair strategy. Un-
der this criterion, 53 of 60 clips (88.3%) succeed with combined re-
pairs. The 7 failing clips each contain at least one graphic whose
translucency or contrast limitations place it beyond the reach of
the current repair mechanisms.

Failure analysis. Among the 24 VLM-guided segmentation failures,
the most common was text with interior holes (10/24), where SAM2
failed to produce solid text regions; all 10 were recoverable with HI-
SAM text-aware refinement. The second was incomplete or over-
extended coverage (6/24), where VLM-guided prompts missed parts
of multi-component graphics or included background under low
contrast; all 6 were recoverable with interactive point editing, though
2 also required replacing the initial detection. The remaining 8
were unfixable: 5 involved translucent overlays, whose blended
pixels violate our binary foreground-background assumption and
in 2 cases caused mask holes and temporal flicker; 3 arose from
low contrast, compression artifacts, or fragmented text, causing
boundary bleed, edge noise, or, in 1 plain-text graphic on a tex-
tured background, severe letter fragmentation. Please refer to the
supplementary material for results.

5.1.2  Recompsosition. To evaluate recomposition, we take the 75
successfully decomposed graphics from our corpus and run each
through our automatic VLM-guided recomposition pipeline. For
every graphic, the system first crops to the stable content bound-
ing box, then recursively attempts to fit the result to a 605-pixel
mobile-width target using four operations in priority order: (1)
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scale, subject to a minimum 18-pixel text-height constraint; (2) ver-
tical cut, where an energy-based candidate generator proposes cut
positions and a VLM Ceritic selects or rejects each; (3) horizontal
cut, following the same Candidate-Critic protocol; and (4) seam
carving, which removes low-energy columns while respecting a
text-padded safety mask. If none of these operations succeeds, the
system falls back to a forced scale. Each operation and its outcome
are logged per graphic, and one author reviews every result to as-
sign a final pass/fail verdict, flagging cases where the pipeline cuts
through semantic content, where the VLM misinterprets the lay-
out, or where dynamic text prevents reliable cuts.

Results. We run the 75 decomposed graphics through our cut
and recompose technique and perform automated tests if the seg-
ments match the target width. Of the 75 graphics, 72 pass recompo-
sition (96.0%). 35 graphics (46.7%) require only a single scale opera-
tion to fit the target width, indicating that many broadcast graphics
are narrow enough for mobile display after text-safe scaling alone.
The remaining 40 graphics (53.3%) require at least one structural
cut: vertical cuts account for the majority of layout splits (77 total v-
cut invocations across 40 graphics, vs. 14 h-cut invocations across
11), confirming that horizontal graphic bars—the dominant broad-
cast layout—are most naturally divided along vertical boundaries.
Seam carving is invoked rarely (6 calls across 3 graphics), acting
as a last resort but a valuable tool when cuts are unsafe. The three
failures fall into three categories: VLM misclassification (1 graphic
where the VLM treats a patterned region as a solid color block and
proposes an invalid cut), dynamic content (1 graphic with frame-
to-frame text changes that invalidate static cut positions), and se-
mantic cut errors (1 graphic where the Critic places a cut through
foreground content).

6 LIMITATIONS AND FUTURE WORK

Our algorithm currently only outputs a flat mp4 of the graphical
element, which limits the editability compared to other formats
commonly used for motion graphics such as vectors or layers. Al-
though our method can be made to work with layers, it is un-
clear how the workflow would look with multiple layers, styles,
shapes, and text. In the future, a modification of our algorithm
could support layered input and output to give the user direct con-
trol of properties such as editing, modifying, and deleting text,
shapes, logos, etc. directly after the processing stage. This also al-
lows the user to make edits after the algorithm returns a result.
Such an extension would align CARVid more closely with real-
world workflows in tools like After Effects, where users expect to
iterate quickly and swap assets without re-rendering. Layered ex-
port would let designers not only reposition and refine elements
but also round-trip assets back into professional pipelines, mak-
ing CARVid function less like a one-shot filter and more like a co-
creative system that preserves the designer’s ability to customize
parameters at any stage.

Another limitation of CARVid is that the content-aware space
removal technique does not generalize to graphics with rapidly

changing text or animated content, since the Candidate-Critic pipeline
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reasons over a static reference frame and cannot anticipate lay-
out shifts between frames. Additionally, the VLM Critic can mis-
classify visually ambiguous regions for example, treating a tex-
tured or patterned area as empty space leading to cuts that destroy
semantic content. Finally, our recursive decomposition into seg-
ments assumes graphics have roughly grid-like or bar-based lay-
outs; graphics with non-rectangular, overlapping, or radially ar-
ranged elements may not admit clean vertical or horizontal cuts
without information loss.

7 CONCLUSION

CARVid is a content-aware retargeting tool for videos with on-
screen graphics that helps editors adapt graphics to new aspect
ratios while preserving readability and original design intent. By
combining graphics decomposition from flat videos, layout-aware

segmentation, text-aware scaling, temporally coherent content-aware

space removal, and layout reflow, CARVid recovers usable graphic
structure and recomposes it for narrower formats. In our evalua-
tion on a corpus of 60 in-the-wild videos, CARVid successfully de-
composed 91% of graphic overlays, and 96% of decomposed graph-
ics fit the target width after recomposition. While current limita-
tions remain around dense multi-line text, translucent overlays,
and flat-only exports, future support for layered outputs and para-
metric customization could better align CARVid with professional
motion-graphics workflows.
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APPENDIX A

8

8.0.1

AUTOMATIC RETARGETING

Graphics Pre-Preprocessing. The first step in our pipeline,

given an input video of graphics that need to be retargeted, is to
compute an energy map Ey for each frame, which is a per-pixel
score on the frame luminance (Figure 10). We use it to rank columns
for deletion. This is a common practice in image/video processing
and resizing methods like seam carving where the energy is the

orientation-agnostic Sobel gradient magnitude e(Ir) = |

ol
ox

ol

i+| dy I

where Iy is the luminance of frame f. Classic retargeting methods
(e.g., seam carving) score pixels with an orientation-agnostic gradi-
ent and remove pixels around all edges [3, 33]. This works for natu-
ral images where uneven removal is masked by texture. On-screen
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CAT STUCK UP A TREE LIVE
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prc_)tects Preserving important vertical
textregions. edges maintains original shape.

This allows us to identify
removable space.

Figure 10: A frame of a graphical element annotated with
high energy regions, which are preserved during reframing,.
Optical character recognition (OCR) is used to identify text
bounding boxes (blue). Gradient filtering marks pixels that
are part of strong edges (red) that are important for main-
taining the visual identity.

graphics, however, sit over simple, non-salient backgrounds with
little texture; design preservation (shapes, content, and the over-
all structure) is paramount and our goal is to sacrifice space while
preserving the most important design elements [18].

Uneven removal or trimming near vertical edges visibly distorts
a design layout. As a result, our method operates on the principle
of achieving width reduction by deleting vertical columns, we ig-
nore horizontal edges and never incentivize cutting through verti-
cal edges by modifying the energy computation to the horizontal
image derivative only, i.e., e(I) = |g_3[( \ Moreover, elements like
logos and QR codes should neither be removed nor altered; by fo-
cusing on vertical edges and protecting the space around them, we
can identify these high-importance regions while still leaving low-
importance areas elsewhere for removal. For each frame I, we
compute E r = e(Ir), and retain only the pixels with energy in the
top 90 percentile 7 = quantile(E £,0.9) and zero out values below
Ty, obtaining Vf to suppress weak texture. We use OCR to identify
text region bounding boxes. These regions are incorporated into
our energy function as high-energy regions by adding the tempo-
rally stabilized OCR mask Of with a large constant M, so those pix-
els are given a high energy (Ef = Vf +M Of). Finally, we compute
per-column scores by vertical summation ¢¢(x) = 2, Ef(x,y),
which downstream stages use to decide which regions can be safely
removed. We provide an example of this computation in figure 10.

8.1 Text-Aware Scaling

We first attempt uniform scaling while maintaining text readabil-
ity. We operationalize a minimum legible height hyi, as 16px fol-
lowing prior literature on readability [2, 10, 17] and compute the
smallest legible text region in the video h¢ex. The graphic is scaled
uniformly until Azexs > hApin is no longer satisfied; if the target size
is reached first, we export, otherwise we proceed to content-aware
space removal.

8.2 Content-Aware Space Removal

While computing energy maps provides a rough and wide estimate
of where empty or low-importance regions exist, the animated na-
ture of graphics videos means that these regions fluctuate across
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time: a column that looks available in one frame may be crossed
by text or a moving logo in the next. Because our operation is
width reduction by removing vertical columns, selecting columns
independently in each frame would introduce jitter and break the
animation. To preserve temporal coherence, we instead track one
column consistently across frames so that removal preserves the
animation and keeps it stable and aligned with the motion of the
video. We achieve this by defining a temporal consistency objec-
tive with three terms: an energy avoidance objective, a lookahead
objective with bandwidth, and a motion (x-direction) objective.

The energy avoidance objective penalizes columns near and
around high-energy content by summing the per-column scores,
so that columns containing or close to text, logos, or vertical bor-
ders are never removed. The lookahead objective with band-
width constraint enforces stability by restricting the next col-
umn choice to a narrow band around the previous one and adding
a penalty proportional to displacement, which discourages sud-
den horizontal jumps. The motion (x-direction) objective uses
optical flow to measure horizontal displacement along candidate
columns; if ug(x) is the average optical flow magnitude near col-
umn x in frame f, then columns intersecting scrolling text or slid-
ing graphics are penalized and only persistently empty areas are re-
moved. Together these terms define the temporal consistency opti-
mization across the column path x;.r, with eligible low-importance
regions Sy and protected no-go regions Ny identified per frame,
constrained by bandwidth parameter B:

r)gllrcl Cenergy + Clookahead + Cmotion
Cenergy = Z ¢f(xf)
f
Clookahead = Z |xf - xf—1| (1)
f

Cmotion = Z up(xr)
f

subjectto xr € Sp, xp ¢ Np, |xp—xp_ 1| <B

This tracks a single coherent vertical column across the all frames.
After one column is removed (from all frames), we update the en-
ergy maps and eligibility masks and repeat until the target width
is reached or no consistent path remains. This process eliminates
only regions that remain persistently low-importance while pre-
serving straight borders, alignment, and the temporal coherence
of on-screen graphics.

8.3 Layout Reflow

When neither scaling nor seam carving suffice, we reflow the graphic
into multiple lines. We compute a composite energy map across
sampled frames. A candidate cut position is then chosen as the col-
umn with low average energy but near a high-energy vertical edge,
which typically aligns with a natural divider. If no cut satisfies this
constraint (e.g., all candidates intersect dense text), reflowing is not
performed.

To reflow the layout, we search for a vertical cut that avoids im-
portant regions while still reducing width. We first use the frame
energies to build a composite energy map E = ﬁ 2 Ef, which
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CARVid: Content-Aware Retargeting of Videos
With On-Screen Graphics

smooths temporal fluctuations and highlights persistently impor-
tant areas. Columns with high composite values typically contain
vertical edges, logos, or text, while columns with low values repre-
sent candidate cut sites.

The search space excludes trivial edges near the boundaries, columns

above a high—percentile energy threshold, and columns where OCR
masks indicate persistent text across frames. This yields a reduced
set of eligible cut positions.

Each candidate column is then scored according to four weighted
terms: the text avoidance score siext(x), which penalizes over-
laps with persistent text and rewards text—free regions; the energy
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Score Senergy (X), which prefers low-energy columns; the edge align-

ment score seqg (), which rewards alignment with existing verti-
cal structures; and the center preference score scenter (x), which
mildly favors balanced left-right sections. These combine into a
single ranking where the optimal cut position x* is defined with
custom weights for each:

x* = arg max (Wtstext (x) +WeSenergy (x) +Wa3edge (x) +WeScenter (x))

@
Once the best column is chosen, the frame is cut at this position
and the right portion is shifted leftward so it sits directly below the
left side of the cut, producing a seamless reflow.
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