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Fig. 1. We present Many-Videos Browsing (MVB), an interface for interactively exploring (a) diverse object motions that emerge across a large collection of
videos stochastically generated by image-to-video models. (b) MVB represents these motions as colored trajectories and speed, allowing users to compare and
examine how objects move across videos, and to progressively narrow their focus to subsets of videos that match their interests through stroke-based (red
thick stroke) and region-based (green box) filtering. (c) illustrates the best-matched video. Using MVB, users can select desired motions of objects (green
circles in (d), red circles in (e)) from different videos. (f) A new motion montage video can be synthesized by recombining these motions.

Image-to-video models can generate many plausible object motion varia-
tions from the same input image and text prompt due to their stochastic
nature, creating a rich but difficult-to-navigate motion space. We present
Many-Videos Browsing (MVB), an exploration interface that enables users to
understand, compare, and progressively narrow motion variations across
such a generated video collection. Our approach is technically orthogonal
to control-based video generation: rather than steering a single generation
given a predefined motion, MVB focuses on motion exploration of a video
collection. In practical workflows, the two paradigms are complementary,
supporting different phases of creative video production. MVB exposes mo-
tion distributions through trajectory and speed visualization and enables
users to interactively explore motions by filtering, adjusting the scale of
focus over trajectories and speed. Additionally, MVB supports browsing
of newly appearing objects beyond the first frame, allowing users to un-
derstand scene evolution without requiring video playback. The interface
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operates in a model-agnostic manner and does not require access to model
internals. We provide a three-fold validation of our approach: (1) a quanti-
tative analysis of effectiveness in motion understanding and search tasks,
(2) a qualitative validation of our interface design through interviews with
professional animation artists, and (3) multiple application scenarios that
demonstrate practical use.
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1 Introduction

Image-to-video (I2V) generation is a recent and rapidly emerging
technology that is reshaping how videos are created. Unlike tradi-
tional video creation workflows, which typically produce a single
video for a given specification, 12V models are inherently stochastic:
a single input can produce many distinct videos through proba-
bilistic sampling. In such a generated video collection, the visual
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appearance of the scene is largely fixed, and diversity manifests
through differences in object motion over time. Motion—rather than
appearance—thus becomes the dominant axis of variation across
generated videos. As a result, users are confronted with large, un-
structured motion spaces that are difficult to understand and navi-
gate. Therefore, in this work, we aim to support the interactive ex-
ploration of stochastic I2V outputs generated from the same input,
enabling users to understand, compare, and progressively narrow
motion variations across large collections of generated videos.

Traditional video browsing techniques mostly rely on visual ap-
pearance or metadata in the video for summarization and navigation
[Barthel et al. 2015, 2016; Matejka et al. 2014]. While effective for
general video collections, such visualizations become ineffective
in our setting, where videos differ primarily in object motion. As
a result, existing browsing interfaces are ill-suited to understand-
ing, comparing, or organizing motion variation across videos. We
argue that effective exploration of 12V outputs requires an interface
that enables users to quickly survey the range of plausible mo-
tion outcomes, compare alternatives, and progressively refine their
preferences. Our approach is designed to support this exploratory
workflow by keeping users in the loop as they navigate motion
uncertainty. We advocate Bill Buxton’s opinion: there is no such
thing as a best interface—only interfaces that are appropriate for a
given task [Buxton 2010].

Workflow-wise, our interface is complementary to control-
based motion generation methods (e.g., trajectories [Geng et al.
2025; Wang et al. 2024; Zhang et al. 2025b], skeletal [Tu et al. 2025],
camera parameters [He et al. 2025], and keyframes [Feng et al. 2025;
Wang et al. 2025b]) rather than a replacement. Control-based meth-
ods presuppose that users already know the desired motion and how
to encode it as a control signal. This is an assumption rarely held in
early-stage creative exploration. In practice, creative video creation
workflows often begin with under-specified or absent motion in-
tent [Brown et al. 2008; Pandey et al. 2023; Schon 2017]. Users may
not know what motion to aim for and must first understand what
motion is possible before deciding how motion might unfold. This
exploratory phase is fundamentally different from the goal-directed
synthesis that control-based methods support. Note that, even with
control signals in place, there can still be value in keeping the user
in the exploration loop, since controlled generation can still produce
a wide range of plausible motion variations (refer to Section 2.1).

To this end, we present Many-Videos Browsing (MVB), a model-
agnostic interface for interactive exploration of motion variation
across large collections of I2V-generated videos (Figure 1). MVB sup-
ports exploration by helping users: (a) Understand what motions
are possible: MVB provides an overview of motion distributions by
visualizing object trajectories and speed from all generated videos
directly on the shared initial frame, allowing users to quickly per-
ceive dominant patterns as well as rare but valid motions. To reduce
visual clutter, MVB also supports users in previewing a subset of
representative trajectories that capture distinct motion patterns. As
objects may enter the scene after the first frame, MVB extends its
exploration support to display all newly appearing objects across the
video set, allowing users to anticipate what will happen in the scene
without requiring video playback. (b) Compare motion patterns
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across many videos: Users can select individual trajectory to im-
mediately preview the corresponding video and speed, supporting
rapid back-and-forth comparison without leaving the spatial context
of the motion. (c) Progressively narrow the space of desired motion
candidates: First, users can perform sketch-based filtering by draw-
ing strokes that express motion patterns of interest, allowing them
to retrieve videos whose object trajectories or speed best match the
sketch. Second, users can perform region-based filtering, including
or excluding motions that pass through specified spatial regions to
quickly narrow the search space. Third, the interface enables users
to adjust the scale of focus over objects, allowing them to shift their
attention between coarse motion trends and localized regions or
sub-parts of object motions. These functions support an exploratory
workflow that moves from comprehension to comparison and ul-
timately to selection, enabling users to understand what motions
are possible, evaluate alternatives, and progressively converge on
desired outcomes.

We evaluated MVB through a controlled user study by comparing
it with a text-based interface on video exploration tasks. The results
indicate that MVB enables more efficient exploration, particularly
for understanding motion distributions and searching for target mo-
tions. In addition, through interviews with professional animation
artists focused on inbetweening tasks in 2D hand-drawn animation,
we empirically validate our interface design and identify the po-
tential of MVB as a complementary tool in real-world animation
workflows. Finally, we demonstrate its creative use through multi-
ple application scenarios with 12V models, including video motion
montage, motion scout, and interactive long video generation. Our
contributions are threefold:

(1) Many-Videos Browsing (MVB), a model-agnostic interactive
exploration interface for browsing diverse object motions
across large collections of I2V-generated videos, with a set of
interaction functions.

(2) Validating the efficiency and effectiveness of MVB through
a controlled user study in comparison with a text-query in-
terface, and empirically grounding its design goals through
interviews with professional animation artists.

(3) Multiple applications showcasing the creative usage of MVB.

2 Related Work
2.1 Video Generation

In recent years, a large number of studies have investigated video
generation models capable of synthesizing temporally coherent
and visually plausible videos. Contemporary approaches transform
noise into videos using diffusion models [Blattmann et al. 2023; Ho
et al. 2022a,b] or flow matching [Jin et al. 2025; Lipman et al. 2023;
Liu et al. 2022]. While these models achieve high visual quality, the
stochasticity of the generation process leads to large variation in
object motion across samples.

To address this motion variability, a large body of prior work
has focused on motion control—guiding video generation toward
user-specified motion patterns through explicit conditioning sig-
nals. Beyond text [Singer et al. 2022] and image prompts [Ni et al.
2023], researchers have explored motion-centric controls such as
skeletal pose [Tu et al. 2025], camera parameters [He et al. 2025],



Fig. 2. Motion variations under trajectory-controlled video genera-
tion. Despite applying (a) trajectory control of the monkey from the start
(green) to the end (red) of the stroke, (b) videos generated by ATI [Wang
et al. 2025a], a trajectory conditioned video generation method, continue to
show significant motion variation at the right leg (red trajectories).

keyframes [Feng et al. 2025; Wang et al. 2025b], and object mo-
tion trajectories [Geng et al. 2025; Wang et al. 2023, 2024; Yin et al.
2023; Zhang et al. 2025b]. When the desired motion is known in
advance and can be precisely specified, these approaches provide
effective and direct control over generation outcomes. In practi-
cal video-creation workflows, however, designers often begin with
little or no motion intent, making control-based methods unsuit-
able in this situation. Moreover, control-based methods frequently
introduce trade-offs between controllability, visual realism, and gen-
erality [Bahmani et al. 2025, 2024; Ma et al. 2025], further motivating
the need for video exploration methods.

Even with control signals in place, due to their sparsity, not all
pixels are constrained. Thus, the videos generated by these control-
based methods still exhibit substantial motion variations, especially
in regions weakly constrained by control signals. Figure 2 shows
an example where, despite a trajectory control on the monkey, the
motions of the right leg vary significantly across generated videos.
These considerations motivate us to study this underexplored prob-
lem of enabling effective exploration of object motion across large
collections of generated videos.

2.2 Design Exploration

Design exploration is an iterative process of navigating a design
space through repeated cycles of divergence and convergence [Liu
et al. 2003; Shneiderman 2007]. During this process, designers pro-
gressively narrow down alternatives by comparing options within
the design space [Dow et al. 2010].

A major line of research supports design exploration by enabling
browsing over existing data collections, including images [Zhu et al.
2014], shapes [Matejka et al. 2018; Pandey et al. 2023], or human
motions [Bernard et al. 2013; Choi et al. 2012]. Another line of work
focuses on exploring parameterized design spaces by exposing a
small number of interpretable parameters or low-dimensional pro-
jections of high-dimensional spaces by sliders [Chiu et al. 2020;
Gandikota et al. 2025], gallery-based interfaces [Koyama et al. 2020],
sometimes augmented with suggestions [Koyama and Goto 2022].
Other approaches enable exploration by pre-sampling a large num-
ber of designs and supporting browsing over the resulting samples,
including interactive evolutionary systems [Sims 1991], browsing
pre-sampled physics simulations based on motion or spatial proper-
ties [Goel and James 2022; Twigg and James 2007], and exploring
pre-generated UI design suggestions [O’Donovan et al. 2015].
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Our work is inspired by Many-Worlds Browsing (MWB) [Twigg
and James 2007] and adapts its pre-sampling-and-selection paradigm
to video collections. In contrast to prior MWB settings, we tailor
the interface to 12V outputs by any recent diffusion or flow-based
video models such as [Wan et al. 2025; Wang et al. 2025a; Zhang
et al. 2025a], where videos share the same initial frame and differ
primarily in object motion (see next section for more details).

2.3 Video Exploration

Existing video exploration work can be broadly categorized into
single video or video collection exploration.

For the exploration of single videos, several approaches enable
coarse-to-fine navigation by presenting overviews composed of
keyframes or video segments extracted from the original video [Barnes
et al. 2010; Boreczky et al. 2000; Jackson et al. 2013]. Other work
proposes efficient slider-based interfaces that allow rapid and contin-
uous navigation along the temporal axis [Matejka et al. 2013; Ramos
and Balakrishnan 2003]. In addition, prior research has explored
video exploration through direct manipulation in pixel space [Drag-
icevic et al. 2008; Goldman et al. 2008; Tang et al. 2008], as well as
exploration based on textual information associated with videos,
such as transcripts or scene descriptions [Pavel et al. 2015, 2014].

For exploring video collections, Tompkin et al. [2012] enables ex-
ploration of video collections captured in the same scene by aligning
videos in scene space and supporting visually smooth transitions
between clips. Matejka et al. [2014] supports browsing video collec-
tions through a wide range of attributes associated with videos. In
addition, Barthel et al. [2015, 2016] propose graph-based browsing
systems that connect related frames with edges, enabling naviga-
tion through video collections based on visual similarity. Interac-
tive video retrieval systems from the Video Browser Showdown
(VBS) community focus on searching large video collections. Rep-
resentative systems include SOMHunter [Vesely et al. 2021] and
Vibro [Schall et al. 2023], which support efficient retrieval through
multimodal search interfaces.

These approaches are effective when videos differ in appearance,
content, or scene structure. Ours belongs to this category but un-
der a different setting: I2V-generated videos share the same initial
frame and nearly identical visual appearance; variation lies mostly
in object motion. This setting poses several challenges for existing
collection browsing techniques. First, appearance-based similarity
metrics become ineffective, as visual content provides little discrim-
inative signal. Second, thumbnail grids and keyframe- or metadate-
based summaries fail to convey motion variation, forcing users
to compare subtle motion differences across many videos without
understanding the motion distribution beforehand. We argue that
effective exploration in this setting requires interfaces that make
motion itself explicit, comparable, and navigable.

3 Design Goals

While we are not aware of existing users for this task due to the very
recent emergence of the I2V generation, we derived our design goals
from prior exploration literature [Buxton 2010] and system [Goel
and James 2022; Pandey et al. 2023; Twigg and James 2007].
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Fig. 3. Objects with similar trajectories but different speed curves.
(a) The basketball follows a natural free-fall trajectory, shown as a color-
coded path, alongside its speed curve (bottom right) reflecting consistent
acceleration due to gravity. (b) A visually similar trajectory whose speed
curve (bottom right) differs notably, suggesting the ball was decelerated by
an external force (hand). Despite their near-identical trajectories, the two
motions are clearly distinguishable through their speed curves.

e D1: Rapid understanding of motion distribution. Help
users quickly understand what motions are possible under
a given 12V model (or a set of models). The interface should
allow users to perceive both dominant and rare but valid
motion patterns without inspecting videos one by one.

e D2: Rapid narrowing of the motion space. While under-
standing the overall motion distribution provides valuable
context, effective exploration also requires efficient conver-
gence. The interface should enable users to quickly focus on
a promising subset of videos based on their design intent.

o D3: Multi-scale object focus. The interface should support
exploration of motion at multiple semantic scales, from coarse
object-level patterns to fine-grained part-level details, depend-
ing on users’ design needs (e.g., both a full body motion and
an arm motion).

e D4: Model-agnostic exploration. The interface should not
require access to model parameters or latent representations
and must work with videos generated by various I2V models.

4 Many-Videos Browsing (MVB)

At the centre of the design of MVB is our motion representation of
the video. Guided by these design goals, we represent each object’s
(or part’s) motion as a polyline trajectory over time centered around
the object (or part) center and overlay trajectories of all videos on
the shared initial frame (D1, D2, D3). We anchor motion patterns
to a common spatial reference, allowing users to quickly perceive
the overall distribution of possible motions across all frames and
across all videos, which is fundamentally different from represent-
ing each video as a thumbnail or as a point in an abstract feature
space. As noted in Williams [2012], speed is a critical feature of
motion perception. In practice, objects can share nearly identical
trajectories while exhibiting very different speed profiles. As shown
in Figure 3, two basketball trajectories appear almost identical yet
differ substantially in their speed curves. We therefore augment
each trajectory with its corresponding speed curve, visualized in
a separate panel to avoid visual clutter. Importantly, because the
representation is derived solely from generated videos, it treats the
underlying 12V model as a black box and remains independent of
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model architectures, parameters (D4). This representation is light-
weight, enabling the caching of many trajectories and speed curves
for fine-grained motion exploration (D3).

4.1 System Overview

Our system consists of two stages: offline preprocessing, which
generates a video collection from an image-text prompt, extracts
motion trajectories and speed, and visualizes them on the shared
initial frame; and interactive exploration, in which users manip-
ulate this precomputed motion representation to explore motion
variations.

4.2 Preprocessing

Object Detection. We first identify a set of objects Oyt from the
shared initial frame Ijp;;. We apply SAM-based multi-scale segmen-
tation to extract region masks at different scales (Figure 8), enabling
exploration from coarse object motion to fine-grained part motion.
Because all videos share the same initial frame, these objects provide
a consistent reference for analyzing motion variations across the
video collection.

Motion Analysis. Given a generated video collection V, we ana-
lyze the motion of each detected object 0; € Ojpir, where i denotes
the object index. Specifically, for each object and each video v € V,
we estimate a 2D motion trajectory X over time. We select a rep-
resentative point p; for each object o; by computing the medial
axis of its mask and choosing the skeleton point with the largest
inscribed radius. We then track this point across frames using a
pretrained point-tracking model [Karaev et al. 2025]. Collectively,
this yields a trajectory set T; = {X | v € V} for each object o;, with
all trajectories originating from the same spatial location in fiy;.

Representative Trajectory Selection. To reduce visual clutter, the
interface can display a subset of representative motion trajecto-
ries. The set can be progressively expanded by iteratively adding
trajectories that are most dissimilar to those currently shown.

However, the selection is a combinatorial problem. The diversity
contribution of a video cannot be evaluated independently, as it
depends on which videos have already been selected, and finding a
globally optimal ordering would require considering an exponential
number of possible orderings. To make this problem tractable, we
compute the ordering via a greedy max—min strategy inspired by
Maximal Marginal Relevance (MMR) [Carbonell and Goldstein 1998].
Since all videos are generated from the same prompt, relevance is
treated as constant, and we use the diversity-only variant of MMR.
Unlike clustering-based approaches, this strategy does not require
specifying the number of clusters in advance and naturally produces
an ordering for progressive exploration. Let S;_; denote the set of
videos selected after j—1 iterations, and let U;_; = V\ S;_; denote
the remaining unselected videos. At iteration j of the representative
trajectory selection process, we select the video that maximizes its
minimum distance to the current selected set:

vj = arguglie}j): ug}gijrzl d(v,u).
The distance between two videos v, u € YV is defined as the max-
imum trajectory dissimilarity over all detected objects, measured
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Fig. 4. Interface overview. Users explore the generated video collection using (a) the input image as a canvas. (b) First, users select an object (butterfly) by
double-clicking, and MVB visualizes the associated motion trajectories. (c) Clicking a trajectory (highlighted on the left) displays the corresponding generated
video (right), while the speed panel highlights the associated speed curve (bottom left). (d) Users can adjust the number of representative trajectories using the
mouse wheel. In addition, videos can be filtered by drawing strokes (thick lime-green strokes) on either the (e) trajectories or the (f) speed curves. (g) Holding
the ’Shift’ key while dragging the mouse allows users to specify positive (green box) and negative (red box) regions for spatial trajectory filtering.

using Dynamic Time Warping (DTW) [Itakura 1975]:
d(v,u) = max DTW(X?,X}").

0i € Uinit

This definition measures diversity at the scene level rather than
focusing on object-specific variation, encouraging the selection
of videos with globally distinct motion patterns during broad ex-
ploration. In practice, we randomly select the first video. Addi-
tionally, we simplify each trajectory by Ramer—-Douglas—Peucker
algorithm [Douglas and Peucker 1973] to a fixed-length polyline
to remove high-frequency noise while preserving overall motion
shape. This strategy produces an ordering in which videos exhibit-
ing more diverse object motions appear earlier in the sequence. We
provide implementation details and computational analysis in the
Supplementary Material.

Visualization. Trajectories are rendered on the first frame semi-
transparently, such that overlap and transparency indicate the tra-
jectories’ density. Their colors are evenly sampled hues in the HSV
color space. Speed profiles are displayed in a separate panel below
the first frame.

4.3 Exploration

Based on the above design goals, we consider the following interac-
tion scenarios that support exploratory workflows:

o Overview. Users double-click around an object or part center
to view its trajectory and speed across all the videos (Fig-
ure 4(b)). Each trajectory serves as an interactive handle:
users can click to view the object’s speed curve and the cor-
responding video (Figure 4(c)).

e Visualize representative trajectories. Users can view and
interactively adjust the number of representative trajectories
using the mouse wheel, e.g., progressively reducing the dis-
played trajectories to retain only salient and novel motion
patterns and vice versa (Figure 4(d)).

e Filter by drawing strokes. Users can sketch the desired mo-
tion trajectory on the initial frame to query videos whose ob-
ject trajectories match the drawn strokes (Figure 4(e)). Strokes

can be incrementally added, modified, or removed, allowing
users to iteratively refine their search as their motion intent
evolves. The same interaction applies to speed curves: users
can sketch a desired speed curve to further filter results (Fig-
ure 4(g)).
Filter by positive or negative regions. To express spatial
constraints, users can drag the mouse while holding the ‘Shift’
key to specify the positive or negative regions on the frame
to include or exclude trajectories that pass through desig-
nated areas (Figure 4(f)). This supports focused exploration
when users have partial spatial requirements, e.g., trajectories
avoiding obstacles.

Adjust the scale of focus. Users can adjust the scale of focus

over objects, shifting between coarse object-level motion and

fine-grained part-level motion using the arrow keys («, —)

(see Figure 5).

e Browse newly appearing objects. The object discovery
panel allows users to discover and explore objects that first
appear after the initial frame (Figure 6 left). Users can click
on any such object to view its trajectory in the corresponding
video (Figure 6 right).

5 User Study
5.1 Procedure

To evaluate the effectiveness of MVB, we conducted a user study
comparing it with a text-based baseline interface (Figure 10). Follow-
ing the study design of previous work [Pandey et al. 2023], we asked
participants to explore pre-generated video collections using each
interface and performed (a) an understanding task to comprehend
motions, (b) a comparison task to compare motions, and (c) a search
task to locate specific motions.

In the understanding and comparison tasks, we asked participants
to answer questions about the motions in a video collection. An
example understanding question was: “Is there any video where
the basketball goes through the hoop?” An example comparison
question was: “Which is more frequent: videos where the basketball
hits the hoop or those where it does not?” For the search task,
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Fig. 5. Adjust the scale of focus. Users can use arrow keys to traverse
object-part hierarchies at the selected location, enabling rapid shifts in focus
from fine-grained parts to coarse object-level motion and vice versa (e.g.,
arm < upper body © full body of the male dancer).

participants first viewed a target video and then searched for it
within the video collection. We assess the interface based on how
quickly and accurately users can complete these tasks.

We implemented our proposed interface and the baseline interface
within the same layout (Figure 10). The left panel shows either our
trajectory-based interface or the text-based baseline, while the right
panel displays a video gallery with automatic looping playback. The
baseline interface enables text-based exploration using an existing
video-text encoder [Zhao et al. 2024]. When users enter a text query,
the gallery displays videos sorted by similarity to the query.

We prepared two collections of single-object videos and two col-
lections of multi-object videos for our user study. For each collection,
we generated an initial frame using a text-to-image model [Cai et al.
2025]. We then generate 60-frame videos using an 12V model [Zhang
et al. 2025a], with the initial frame and a text prompt as inputs. To
focus on object motion, we filtered out videos that contained camera
motion until each collection reached 100 videos. Please refer to the
supplemental material for details of the video collections.

Study protocol. We conducted a within-subject user study with 12
participants (P1-P12) aged 20-30, recruited through convenience
sampling. The study was conducted in person using a desktop PC
equipped with Intel 19-14900KF, 64GB RAM, and NVIDIA GeForce
RTX 4090. A GPU is required only for the baseline interface to com-
pute text-video similarities. We began by introducing the overview
of the study and procedure, and then participants performed video
exploration tasks using both interfaces.

We organized the exploration tasks into two blocks: one for test-
ing one interface and another for the text-based interface. In each
block, participants explored a single-object collection and a multi-
object collection, with the order counterbalanced across the two
interfaces. Each block began with a tutorial on the interface and four
minutes of practice. For each video collection, participants were
asked to complete one understanding task, one comparison task, and
two search tasks that focused on typical and rare motions. Each task
was limited to three minutes; if a task was not completed within the
time limit, it would be terminated. Once all exploration tasks were
completed, participants filled out questionnaires. The entire session
took around one hour. Please refer to the supplemental material for
the list of tasks and the questionnaire used in the user study.
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Fig. 6. The object discovery panel. Left: Newly appearing objects are
displayed around the border of the initial frame, with each object’s position
reflecting the direction from which it first enters the scene. Right: Users can
click on any such object to view its trajectory in the corresponding video.

5.2 Results

We evaluated the effectiveness of each interface using both objec-
tive metrics and subjective questionnaires. Specifically, we analyzed
task accuracy and completion time as objective metrics (Figure 11).
For each task, we recorded whether participants answered each
question correctly and measured task completion time. In addition,
we collected questionnaires on mental workload based on NASA-
TLX [Hart and Staveland 1988]. We used paired ¢-tests to assess
statistical significance for each evaluation metric, with the signif-
icance level set at @ = 0.05. We observed significant differences
between our interface and the baseline interface in overall task accu-
racy, completion time, and mental workload. These results indicate
that MVB enables more efficient and accurate video exploration
compared to the baseline.

For the understanding task, the results indicate that participants
can develop an overall understanding of the motions contained in
a video collection faster using MVB. Using MVB, all visualized tra-
jectories associated with a user-selected object enable participants
to quickly grasp an overview of the motions present, which likely
contributed to more efficient completion of the understanding task.

For the comparison task, participants were more accurate using
MVB compared to the text-based baseline. The limited precision of
text queries likely made it difficult to compare motions accurately.
In contrast, MVB allows users to explicitly specify object motions
through trajectory-based queries, enabling participants to categorize
and distinguish motions effectively.

For the search task, we analyze two sub-tasks: searching for typ-
ical and rare motions. For the typical motion task, no statistically
significant differences were observed between the two interfaces in
terms of accuracy and task completion time. This can be attributed
to the fact that, regardless of whether trajectory-based or text-based
queries were used, participants needed to inspect individual videos
to confirm visual similarity to the target video. In contrast, partici-
pants can search for rare motions faster and more accurately using
MVB. The unique trajectory visualization in MVB makes it easier
for participants to identify rare motions. Even when these motions
look similar to other trajectories, participants can efficiently narrow
down candidate videos using MVB’s stroke-based filtering func-
tion. These capabilities of MVB were likely a factor in the improved
performance observed in the rare motion task.



Additionally, we assessed participants’ mental workload under
each interface condition using NASA-TLX (Figure 12). Compared
with the baseline, our interface yielded significantly lower ratings
for Mental Demand (t(12) = 2.727,p = .020), Temporal Demand
(t(12) = 2.569,p = .026), Effort (t(12) = 2.454,p = .032), and
Frustration (¢(12) = 4.468, p = .001). We found no significant differ-
ences in Physical Demand (t(12) = 1.393, p = .191) or Performance
(t(12) = 1.970, p = .075). The overall workload score also differed
significantly between the two conditions (¢(12) = 2.945, p = .013).

6 Interface Component Evaluation

The user study in Sec. 5 evaluates the effectiveness of MVB as
a complete interface. Here, we isolate two interface components
unique to video browsing—the speed curve visualization and the
object discovery panel—to evaluate their individual contributions
to video exploration. We conducted a between-subjects study with
six participants (three per condition). Participants completed two
exploration tasks using either the full interface or a version with
one interface component removed.

Speed curve visualization. Participants searched for “the bas-
ketball video in which the ball slows down” using either the full
interface or a version without the speed curve visualization. All
participants successfully completed the task under both conditions;
however, the full interface reduced the average completion time
from 50.0 to 32.3 seconds, showing that speed curves improve mo-
tion discrimination.

Object discovery panel. Participants searched for “the video in
which a green fruit newly appears” using either the full interface or
a version without the object discovery panel. All participants using
the full interface successfully found the target video, whereas none
using the reduced interface succeeded within the three-minute time
limit, demonstrating the importance of the object discovery panel.

Although limited in scale, these results provide preliminary ev-
idence that both interface components improve the efficiency of
motion exploration.

7 Professional Artists Feedback: Animation Inbetweening

We conducted artist interviews to validate our interface design and
discuss its potential use and challenges in real-world production
environments. We chose animation inbetweening (the inbetweening
task in 2D hand-drawn animation) as the focus of our artist inter-
views because it is one of the potential applications of MVB and also
well-suited for the validation of MVB. First, in this task, visual ap-
pearance and scene content are largely fixed, making object motion
the primary source of variation. This allows us to evaluate MVB
in a setting where motion exploration is central. Second, this task
highlights MVB’s complementarity with control-based methods:
not only the first but also the last frame serves as an explicit motion
constraint, yet various plausible in-between motions remain, requir-
ing users to explore and compare alternatives rather than specifying
a single target trajectory. Finally, this task is well established in
animation production, allowing us to recruit experienced artists
and ground our evaluation in a familiar, practical workflow. We
recruited three animation video artists with 10 years (PA1), 20 years
(PA2), and 17 years (PA3) of professional experience. We prepared
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two animation inbetweening cases and asked the artists to use MVB
to select the best one in their mind. Figure 9 illustrates the task
setup. The videos are generated by [Zhang et al. 2025a].

The artists were generally interested in the concept of MVB and
appreciated its potential practical value in everyday animation work-
flows. PA2 noted that “even with the current functionality of MVB,
it could potentially be used in practice for animation production if
the accuracy of video generation models improves.”. PA3 similarly
remarked that “exploring motion variations with this interface could
be useful, particularly in cases where motion trajectories do not need
to be precisely fixed in advance, such as simple object movements.”

Artists viewed our interface as a good contemporary tool for
control-based video generation: PA2 proposed enabling users to
“specify three or more keyframes when generating videos, so that mo-
tions generated under more detailed conditions could be explored.” PA3
noted that “even when having a preferred motion in mind, it is still
beneficial to examine variations before deciding”.

Besides, the artists appreciate the functions supported in MVB. For
motion overview, PA3 positively noted that “compared to manually
drawing animation frame by frame, the interface enabled users to
preview a variety of motion candidates instantly. This capability has
the potential to reduce the time required for exploring and refining
motions.” As a concrete usage scenario, PA3 also suggested that
“young animators could use MVB to examine a wide range of motion
examples to deepen their understanding of motion design.” Artists also
valued adjusting the scale of focus and the filtering function. All
designers noted that animators often care more about the motion
of specific parts (e.g., a character’s eyes or chin) than overall body
motion. During the interviews, artists repeatedly used the filtering
function to locate videos exhibiting the desired part-level motions.

While overall feedback was positive, the artists identified several
directions for improvement. PA3 suggested a feature for exploring
motion timing, proposing that “not only motion trajectories but also
variations in timing could be examined simultaneously”. Both PA2 and
PA3 pointed out that the current videos generated from 12V models
have not reached the professional animation production level, such
as the occurrence of temporal blur (the model tries to enforce tem-
poral consistency across frames and ends up averaging appearance
over time), and the temporal inconsistency of motion. This limits
the usability of our interface, but is expected to be addressed by the
improvements of video generation models.

8 Creative Applications

Motivated by two of our initial design goals, i.e., rapid understanding
of motion distribution (D1) and rapid narrowing of the motion space
(D2), we present three applications illustrating the potential usage
of MVB through its trajectory visualization and interaction design.

8.1 Video Motion Montage

We present Video Motion Montage as an application of MVB that
enables users to synthesize new videos by recombining motions of
different objects selected from different video sources.

Using MVB, users first explore a large collection of generated
videos to understand the motion space and identify object motions
of interest. After exploration (Figure 13a), users can select desired
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object motions from different source videos—for example, selecting
the dog’s motion from one video (Figure 13b) and the boy’s motion
from another (Figure 13c)—and combine these selected motions to
co-occur in a single generated video (Figure 13d).

In practice, we first combine the selected object motions in pixel
space. However, this direct composition often introduces visual
artifacts. We therefore use this video as conditioning signals for
Time-to-Move [Singer et al. 2025], a control-based video denoising
method, to generate a new video that lies on the model’s natural
manifold. As shown in Figure 13(d, h), this workflow allows users
to flexibly mix object motions discovered through exploration and
synthesize new, coherent videos.

8.2 MotionScout

Tactical decision-making in football often begins with under-specified
intent, where a corner kick player must choose from a wide range
of plausible ball motions. We present MotionScout as an application
of MVB that enables users to scout and select valid attacking plays
from a collection of corner kick videos generated by an 12V model.
Given an input image of a corner kick scenario and a divergent
prompt “A boy throws the ball to have a good corner,” using MVB,
users first explore the full distribution of ball trajectories overlaid
on the shared initial frame (Figure 14(b)), gaining an immediate
overview of what motions are possible. After exploration, users can
identify and select distinct plays of interest—for example, a fake
move (Figure 14(c)), a roll to the ground (Figure 14(d)), and a pass
to the middle player (Figure 14(e))—each discovered by progres-
sively narrowing the trajectory space using MVB’s stroke-based
and region-based filtering. This workflow demonstrates how MVB
naturally supports tactical exploration in sports, enabling users to
discover and compare possible motion outcomes without needing
to browse all the videos individually.

8.3 Interactive Long Video Generation

When generating long-duration videos with 12V models, motion
variations tend to accumulate over time, leading to an increasingly
diverse motion space. Naively exploring this expanded motion space
requires generating a prohibitively large number of videos. To ad-
dress this challenge, we demonstrate how MVB can be used as an
application for long-duration video generation by progressively
exploring and extending generated videos in a multi-stage manner.

We begin by generating an initial video collection from an input
image. Users explore this initial collection with MVB and select a
video that best reflects their intent (Figure 15(a, e)). The selected
video is then fed into a video extension model [Zhang et al. 2025a]
to generate the next collection, which users again explore and se-
lect from using MVB (Figure 15(b, f)). This process repeats across
multiple stages (Figure 15(c, g)), allowing users to efficiently explore
the motion space of long-duration generated videos and design a
video that matches their intent (Figure 15(d, h)).

9 Discussion, Limitations, and Conclusion

While our interface receives positive feedback from the user stud-
ies and professional animation artists, we believe there remains
significant room for improvement. First, the pregeneration stage

ACM Trans. Graph., Vol. 38, No. 4, Article 39. Publication date: July 2021.

Fig. 7. Examples of limited motion diversity in video collections. (a)
a toy mouse being chased by a cat and (b) two people crossing a bridge. In
both examples, limited motion diversity within the video collections causes
the visualized trajectories to largely overlap, reducing the usefulness of
exploratory visualization.

remains a practical bottleneck, as generating large video collections
remains computationally expensive. This overhead can be mitigated
by adopting faster video generation methods. At the same time, we
note existing video authoring using generative models is itself an
iterative process. Users repeatedly generate, inspect, and regenerate
outputs, which can consume substantial interaction time. Our ap-
proach shifts this effort to an offline preprocessing stage, allowing
users to explore candidates interactively and potentially reducing
the overall interaction time.

Additionally, MVB assumes that generated collections contain
sufficiently diverse motion variations. When videos exhibit lim-
ited variation, the benefits of exploration are reduced as shown in
Figure 7.

Finally, integrating MVB with interactive video generation sys-
tems to support iterative synthesis and refinement within the user
feedback loop remains an important future direction.

In summary, we presented Many-Videos Browsing (MVB), an
interactive interface designed to support the exploration of large
collections of videos generated by 12V models. By making motion
explicit and navigable, MVB tackles a core challenge of this emerg-
ing technology: understanding and selecting desired videos from a
rich yet unstructured space of stochastic motion outcomes. Through
controlled studies and interviews with animation artists, we demon-
strate that MVB is effective for exploration and can be naturally
integrated into real-world creative workflows, complementing ex-
isting control-based generation methods.
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End keyframe

End keyframe

Initial keyframe

Fig. 8. Hierarchical object detection. We apply SAM to (a) the input image
to extract objects at multiple semantic scales, from (b—d) coarse instances
to finer part-level regions. This hierarchical decomposition allows users to
adjust the scale of focus over objects.

Fig. 9. Animation Inbetweening. Given an initial keyframe and an end
keyframe as inputs, we generate intermediate frames that interpolate be-
tween the keyframes using [Zhang et al. 2025a]. As illustrated by the motion
trajectories via MVB, the model generates a diverse set of motions while
satisfying the keyframe constraints.
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Fig. 10. Interface designs used in the user study. The baseline interface using text queries for retrieval (Left), and our MVB interface (Right).
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Fig. 11. User study results. The p-values indicate statistical significance: p < 0.05 (*), p < 0.01 (**), and p < 0.001 (***).
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Fig. 12. RAW-TLX. The p-values indicate statistical significance: p < 0.05 (*), p < 0.01 (**), and p < 0.001 (***).
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Fig. 13. Video motion montage. Users can use (a, €) MVB to select desired object motions from different videos (Top: (b) dog’s motion from one video and
(c) boy’s motion from another video; Bottom: (f) astronaut’s motion from one video and (g) robot’s motion from another video). We generate (d, h) new motion
montage videos by composing these motions with a video denoising approach [Singer et al. 2025]. This allows users to generate new videos that are not
included in the existing video collections. To visualize the videos, we overlaid keyframes with semi-transparency and displayed representative trajectories.
Please check the videos in the supplemental video.

Fig. 14. MotionScout. Corner Kick Play Scouting. (a) The user starts with an input image of a corner kick scenario and a divergent prompt “A boy throws the
ball to have a good corner.” (b) MVB visualizes the full distribution of ball motion trajectories across the generated video collection. The user scouts three
distinct attacking plays: (c) a fake move, (d) a roll to the ground, and (e) a pass to the middle player.

Fig. 15. Interactive long video generation. (a, e) The user starts by exploring videos generated from the input image and selects one video. (b, f) Using
the selected video from the previous stage as input, the user generates a diverse set of extended videos, explores them, and selects one. (c, g) The user
similarly generates and explores further extensions of the previously selected video and chooses one. (d, h) By iteratively repeating this stage-by-stage process
of video extension and exploration, the user ultimately designs a long video that reflects their intent. To visualize the video, we overlaid keyframes with
semi-transparency and displayed representative trajectories. Please check the videos in the supplemental video.
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