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Figure 1: a) Overview of our DancingBox system. The interactive setup consists of a mounted web camera (e.g., a smartphone)

facing the scene, where users manipulate a physical proxy to convey their intended character animation, and a planar object

(e.g., a checkerboard) for calibrating the up direction of the ground. b) From the captured monocular video input of �nger

performance, DancingBox �rst estimates a sequence of bounding boxes using a lightweight vision-based motion capture module

(i.e., the red arrow, MoCap). It then transforms the coarse box motion into a natural skeletal motion through a conditional

motion generation module (i.e., the blue arrow, MoGen). c) Our system supports a wide range of physical proxies, such as plush

toys, humanoid puppets, or even everyday objects, like a pen or a book. Notably, a banana with peeled skin, mimicking a

jumping action with outstretched hands, is faithfully interpreted into the corresponding character motion. For improved

visualization, skeletal motions are retargeted to the ‘Michelle’ character from Mixamo. Please see supplemental material for

the animation clips of all results shown in the paper.
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Abstract

Creating compelling 3D character animations typically requires
either expert use of professional software or expensive motion cap-
ture systems operated by skilled actors. We present DancingBox,
a lightweight, vision-based system that makes motion capture ac-
cessible to novices by reimagining the process as digital puppetry.
Instead of tracking precise human motions, DancingBox captures
the approximate movements of everyday objects manipulated by
users with a single webcam. These coarse proxy motions are then
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re�ned into realistic character animations by conditioning a gen-
erative motion model on bounding-box representations, enriched
with human motion priors learned from large-scale datasets. To
overcome the lack of paired proxy–animation data, we synthesize
training pairs by converting existing motion capture sequences into
proxy representations. A user study demonstrates that DancingBox
enables intuitive and creative character animation using diverse
proxies, from plush toys to bananas, lowering the barrier to entry
for novice animators.

CCS Concepts

• Human-centered computing→ Human computer interac-

tion (HCI); • Computing methodologies→ Animation.
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1 Introduction

Creating 3D character animations is at the core of computer graph-
ics, serving widely across �lms, games, and mixed reality. A typical
way of producing character animations is by manually specifying
the position and orientation of body parts using professional soft-
ware, which is known to have a steep learning curve and requires a
great time and e�ort to achieve high-quality animation, even with
expertise [62]. Alternatively, motion capture systems track the body
parts of human actors to apply the same motion to virtual charac-
ters [7, 33]. But such systems often rely on specialized hardware to
achieve high-quality tracking, and only skilled actors are able to
perform diverse, compelling motions.

To make character animation more accessible, researchers in
human-computer interaction have explored physical proxies as an
interface for users to control character motion [11, 18, 19, 27, 57].
But these puppetry-based systems rely on custom hardware or are
limited to speci�c motion types.

In this paper, we propose a lightweight puppetry-based motion
capture system for novices. Instead of capturing the precise mo-
tion of professional actors, we capture the approximate motion
of abstract physical proxies that users manipulate to convey the
desired animation. We let users manipulate arbitrary everyday ob-
jects, covering rigid, articulated, and deformable items, e.g., pens,
fruits, humanoid puppets, dolls. Then we capture their performance
with a single web camera, from which we locate proxy parts and
track their 3D motion using modern computer vision models. How-
ever, not only is such a low-cost capturing system imprecise, but
manipulating everyday objects inherently provides only a simpli-
�ed depiction of character animations. As a consequence, directly
applying the captured motion to virtual characters would result
in uncanny animations that lack many of the detailed, secondary
motions that make character animations realistic. To address this
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Figure 2: Our lightweight motion capture module produces

noisy, partial point clouds, which we need to relate to the vir-

tual skeletons used to represent character animation datasets.

Extracting a clean skeleton from a point cloud, or synthe-

sizing a defect-laden point cloud from a skeleton, are two

di�cult tasks. Our key observation is that abstract bounding

boxes form a suitable middle-ground representation as they

are easy to extract from both point cloud and skeleton data.

challenge, we complement the user performance with realistic mo-
tion priors learned from a large dataset of high-quality human
motion capture. Speci�cally, we treat the proxy motion as an input
condition to a generative motion model, which produces a charac-
ter animation that follows the approximate proxy animation while
augmenting it with realistic secondary motion. Table 1 provides a
comprehensive comparison of DancingBox with the existing mo-
tion authoring tools from physical input. Our method is the �rst
capable of generating high-quality motion from any object with
merely one RGB camera. Comparing against previous data-driven
approaches, the generative model we build upon has been trained
on a magnitude larger dataset and generalizes to unseen input with-
out test-time training (please see Sec. F in the supplementary for
details).

While conditional generative models have been successfully em-
ployed for related problems, such as sketch-based image synthesis
[59], sketch-based 3Dmodeling [30, 61], and sketch-based character
animation [62], applying this technology in our context raises spe-
ci�c challenges. Training a conditional generative motion model
requires a large dataset of paired conditions and corresponding
animations, which in our case would be very di�cult to acquire
since creating a proxy animation and its corresponding realistic
animation implies signi�cant human labor. Our goal of supporting
arbitrary objects as proxies further complicates this task, as the
number of possible combinations of animations and proxies is virtu-
ally in�nite. Our solution to this challenge is to synthesize training
data by converting a dataset of realistic character animations into
a dataset of proxy animations, and to bridge the gap between our
synthetic data and the captured proxy motion by expressing both
with the same, abstract representation. Speci�cally, we represent
proxy motions with bounding boxes of object parts (see Fig. 2 for a
visual illustration). We describe how to extract such boxes from the
input video and from the training motion capture data, and how to
condition a motion generative model on proxies represented by a
varying number of boxes.

We evaluate DancingBox through a user study consisting of
two tasks: a replication task with provided puppets and a creative

https://doi.org/10.1145/3772318.3791202
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Table 1: Comparison against existing physical motion authoring systems.

Method Capture device Physical Input Motion quality Virtual Outpu Data-driven

KinEtre [4] Depth camera Human body low Objects No
3D puppetry [16] Kinect Rigid objects low Objects No
Puppeteer [18] RGB camera Human body low Human Yes
Motionmontage [15] Kinect Rigid objects low Objects No
Fingerpuppet [19] RGB camera Hand low Human Yes
AniCraft [27] RGB cameras Markers + skeleton low Animals No
Numaguchi et at. [34] Speci�c tangible hardware Speci�c tangible hardware high Human Yes
Tangible Avatar [41] Speci�c tangible hardware Speci�c tangible hardware low Human No
ARAnimator [57] Phone Phone low Human Yes
Coolmoves [1] VR Controller VR Controller high Human Yes
Ours RGB camera Any object high Human Yes

task using unexpected objects proposed by participants. The results
show that, with simple and intuitive user interaction (i.e., manipulating
everyday objects), our system can e�ectively generate realistic
character motions that align with user intentions. Furthermore,
the study also reveals users’ preferences toward di�erent puppets,
providing design implications for future input devices. We also
demonstrate how our motion capture system can be extended to
keyframe-based animation for �ner-control on character poses.

To conclude, this paper contributes to puppetry-guided anima-
tion creation in several aspects:

• We introduce a lightweight, vision-based system for pup-
petry digitization, allowing the motion capture of arbitrary
objects with a single web camera.

• We describe how to complement approximate proxy ani-
mations with data-driven human motion priors to produce
realistic character animations through puppetry.

• Our user study provides insights into system e�ectiveness,
puppet preferences, and further features in demand for puppetry-
based animation creation.

2 Related Work

We focus our discussion on prior research in using physical proxies
to control character animations. We also introduce recent work in
computer vision and generative models that enables our lightweight
motion capture system.

2.1 Character Animation with Physical Proxies

The di�culty of using professional animation software is in part
due to the challenge of manipulating individual body parts in a 2D
interface to specify the 3D pose of human characters. This di�culty
has motivated research about using various forms of proxies to
de�ne character poses directly in the physical world.

Dedicated tangible devices with physical sensors. Inspired
by the ubiquity and playfulness of puppets, several works proposed
custom tangible devices composed of limbs, joints and sensors that
assemble to represent various skeletons, o�ering a direct mapping
to the virtual skeleton to animate [1, 11, 20, 25, 26, 34, 41, 58]. Our
work follows a similar motivation, but we aim at letting users ma-
nipulate everyday objects rather than a speci�c device. In particular,

we leverage computer vision algorithms to track object parts in-
stead of relying on numerous sensors placed over the object being
manipulated. Moreover, while many previous systems assume that
the input device has the same topology as the skeleton to be ani-
mated, we designed our system to support proxies with a varying
number of moving parts, and we rely on data-driven priors to turn
such partial input into realistic human motions.

Human body parts. Human bodies can perform humanoid
character motion naturally. Motion capture systems [7, 33, 42, 48]
have been widely studied to extract humanoid skeleton motion
from actor performances. These systems typically involve rather
complex environment setups, e.g., calibrated cameras, markers, and
green screens. Another branch of work [4, 18, 19, 21, 31, 40] treats
human body parts as proxies to control non-humanoid virtual char-
acters. For example, Chen et al. [4] reconstruct the human body
and link it to various digital characters, controlling character mo-
tions through body movements. Rhodin et al. [40] track body, facial,
and hand motions of a human to control non-humanoid characters.
Jiang et al. [21] optimize hand-to-avatar joint-to-joint mappings
based on user-de�ned calibration for real-time control of characters.
FingerWalking [31] and FingerPuppet [19] similarly show that low-
DoF hand performances can act as intuitive proxies for producing
full-body locomotion. Though the input of human body actions
is accessible, mapping human body parts to non-humanoid char-
acters inherently produces unnatural motions, since the topology
and kinematics between humans and those characters are di�erent.
While we demonstrate our approach on human characters, we face
a similar challenge as this family of work as we seek to map the
abstract motion of simple proxies to the realistic motion of complex
skeletons. While optimization-based techniques have been studied
to synthesize physically-valid motion [9], DancingBox instead lever-
ages data-driven motion priors to generate realistic and expressive
animations.

Character-like daily objects. Several studies [15, 16, 27, 43, 57]
o�er solutions to produce virtual animations by manipulating com-
mon objects. 3D Puppetry [16] reconstructs rigid objects with a
depth camera and maps manipulation of the object to the rigid
motion of its digital twin. Similarly, P. T. Sin et al. [43] track a
non-rigid stu�ed toy to control a virtual model of the same toy in
XR games. ARanimator [57] uses a cell phone as a 6 DoF sensor
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and builds a regression model based on a user study to predict
motion types from cellphone movements. AniCraft [27] proposes
an a�ordable proxy for prototyping 3D character animation in MR.
The process involves handcrafting the desired skeleton with metal
wires and markers. Then, the manipulation of the proxy is mapped
to skeleton motion automatically. While lightweight and accessible,
these methods share two drawbacks. First, they rely on speci�c ob-
jects or devices to capture the user performance. Second, they only
support a limited space of motion, such as rigid [15, 16] and cage-
based [43] transformations, pre-de�ned motion templates [57], and
prototyping-level unnatural motion [27]. In contrast, DancingBox
allows users to produce realistic animations simply bymanipulating
common objects in front of a web camera.

2.2 Vision Foundation Models

Vision foundation models [2, 22, 24, 51] refer to a class of deep
neural networks trained on massive datasets to address general
vision problems, such as image segmentation, video tracking, and
visual geometry reconstruction. Segment Anything [24] segments
an image into meaningful semantic regions based on a text prompt
or user clicks, while CoTracker [22] takes videos as input and tracks
pixel correspondences across all frames. More recently, VGGT [49]
and c

3 [51] have been proposed to predict 3D point clouds and
camera parameters directly from images. By combining these tools,
we build a motion capture system with minimal hardware require-
ments—only a webcam, without the need for calibration.

2.3 Motion Generative Models

Generative models learn to estimate real-world data distributions,
and generate novel realistic data by sampling from the estimated
distributions. Popular architectures include Generative Adversarial
Networks [12] and Variational Auto Encoders [23], with di�usion [5,
8] and �ow-based models [29] showing dominating performance
recently.

Motion generative models have been trained on largemotion cap-
ture datasets to generate di�erent types of skeleton motions from
di�erent controlling signals. A major topic is text-conditioned hu-
man motion generation [3, 13, 14, 46, 60]. For example, MDM [46] is
a di�usionmodel based onHumanML3D [14] and the Kit dataset [37],
and is guided with text conditions through classi�er-free guid-
ance [17]. While human motion is the dominant problem of interest
due to data availability, some recent research [10, 44, 56] focus on
generating arbitrary skeleton motion. Also, di�erent control signals
like sketch [36, 62], audio [54], video [28], and joint positions [53]
have been explored. Moreover, since motion generative models
posses motion priors learned from motion capturing data, recent
research [48] shows that such di�usion priors can be used backward
to re�ne the motion capturing system’s result.

We demonstrate our method with human motion generation
models, enabling intuitive puppetry for humanoid characters’ mo-
tion. Our motion capture system is agnostic to motion type, and our
box-conditioned generative model could be generalized to arbitrary
skeletons and character types if applied to the corresponding base
generative models.

3 Method

Fig. 1(b) displays a high-level illustration of our method with two
core modules - vision-based motion capture (MoCap) and condi-
tional motion generation (MoGen). Given the recorded puppetry
performance video, our goal is to recover an approximate 3D an-
imation from the video and translate it into a realistic character
animation. Speci�cally, we analyze the video frames to obtain the
puppet parts and track the part movement to obtain the approxi-
mate motion, which, subsequently, serves as the spatial condition
in the motion generation module with realistic motion priors pre-
learned from large-scale motion datasets.

Due to the lack of a direct puppetry-motion dataset, there exists
a mismatch between the approximate motion from the video input
(i.e., partial point clouds) and the realistic motion from motion
datasets (i.e., clean SMPL human motion [14]). We propose to use
3D bounding boxes as an intermediate and abstract representation
to bridge the two modalities. The choice of bounding boxes over
other primitives, such as cylinders or line segments, is motivated
by their ability to represent rotations around the object’s symmetry
axes. Ellipsoids could also be used, as they have the same degrees
of freedom as cuboids, but we opt for bounding boxes since they
are the de facto standard in computer vision tasks such as 3D object
detection [32]. In the following, we elaborate on technical details.

3.1 System Setup and User Input

Fig. 1(a) shows our system setup, where a web camera (e.g., a mo-
bile phone) is mounted on a desk (as the ground plane), facing the
performing space. A checkerboard marker is placed on the ground
plane for calibrating the up direction of the ground. Users manipu-
late a physical proxy, such as a humanoid puppet, a toy, or even their
�ngers, to perform the intended motion. After the performance,
the recorded video serves as the input to our algorithm, along with
an optional text description of the desired motion. Note that we
tested our system in an indoor environment with arti�cial lights or
natural daylight.

In the current implementation, an extra user input is necessary.
Given the �rst frame of the recorded video, users are asked to click
a point on the ground object, and a few points on the di�erent
parts of the proxy they wish to articulate. These points are fed to a
video segmentation model, as explained in the next section. Note
that users do not need to segment the proxy into many small parts:
1-6 parts are often enough to convey the motion of the legs, torso
and arms of a character. In supplemental materials, we illustrate
a typical interactive segmentation session and visualize the user
clicks for all results shown in the paper.

3.2 Motion Capturing with Vision Foundation
Models

The goal of our motion capture module is to segment proxy parts,
reconstruct their 3D pose in each video frame, and track the move-
ment of the parts across frames. Fig. 3 shows an example video,
illustrating the main technical steps of our approach.

3D reconstruction with c
3 [51]. To reconstruct the 3D in-

formation of the dynamic scene, we exploit c3, running on each
video frame to produce a 3D point cloud of each frame (Fig. 3, row
one). Particularly, the point cloud takes the form of a depth map,
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Figure 3: Overview of MoCap. From left to right: given the recorded video and user clicks in the �rst frame, we exploit SAM2 [39]

to segment the parts of the puppet in all frames. The user clicks indicate the desired part segmentation, with di�erent colors

denoting di�erent parts. The order of the clicks does not in�uence the result. We also run c
3 [51] to estimate the point cloud of

each frame, and CoTracker3 [22] to produce dense pixel-wise correspondences between frames. Combining semantic segments,

point clouds, and motion tracks allows us to recover 3D bounding boxes of proxy parts and their motion across the video clip.

providing point-pixel alignment, which facilitates the following
segmentation and tracking propagation.

Segmentation with SAM2 [39]. We exploit SAM2 [39] to seg-
ment proxy parts over the entire video. This segmentation model
takes as input the user-provided points in the �rst frame to extract
the corresponding segments over all frames of the video (Fig. 3,
second row). The model is robust to occlusions, producing a consis-
tent segmentation even when parts of the proxy are not visible in
some of the frames. Additionally, we leverage the pixel-point cor-
respondence from c

3 to transfer the part segments onto the point
cloud of each frame, e�ectively producing segmented point clouds.
We rely on the segmented ground object (i.e., the checkerboard) to
rotate the global z-axis from c

3 so that it aligns with the upward
ground direction.

Tracking with CoTracker3 [22]. In our formulation, we as-
sume the motion to be rigid, since most everyday objects can be
reasonably approximated as articulated rigid bodies. With the seg-
mented parts in the per-frame point clouds, there are several po-
tential solutions for inferring the motion information. For example,
point cloud registration techniques can be used to estimate the per-
part rigid transformation. However, there are two major di�culties.
Firstly, the point cloud of each part is very sparse, as each part oc-
cupies only a small region, which poses challenges for registration
algorithms. Secondly, these algorithms are highly sensitive to point
noise introduced by imperfect segmentation and reconstruction
near part boundaries.

Our solution is to resort to tracking pixels on video frames for a
robust motion estimation. Speci�cally, we run CoTracker3 [22] on
the input video. This tracking model takes as input so-called query

pixels in a given frame of the video and tracks them across all frames.

In our system, we automatically sample query pixels within each
segment to produce tracks throughout the video (see Fig. 3, third
row). In most cases, sampling these pixels in the �rst frame su�ces
to track object parts over the entire video. But the tracks might
get lost in the presence of occlusions. Fortunately, the segments
extracted by SAM2 are robust to occlusions, which allows us to
resample the segments in subsequent frames where they appear to
handle these more complex cases. Speci�cally, the resampling is
automatically triggered repetitively when 70% of tracking pixels
becomes invisible (see Fig. 4 in the supplementary for an example).
Thanks to the pixel-point correspondence from c

3, we transfer the
tracks from 2D pixels to 3D points. This process gives us, for each
segmented part, a one-to-one point mapping between successive
frames over a subset of the part points.

Motion with bounding boxes. Having the segmented point
clouds with robust tracks in each of them, we next estimate the
motion with bounding boxes. For the initial frame, we �rst �lter out
the low-con�dence points and outliers based on their con�dence
scores predicted by c

3. We then compute an oriented bounding
box through PCA estimation (see top-right of Fig. 3). Starting from
these boxes, we rely on established point tracks to estimate the
transformation through SVD alignment (Kabsch-Umeyama algo-
rithm [47]), and transform the initial boxes to later frames, forming
the motion sequence represented by bounding boxes (see the last
column of Fig. 3). Note however that the system cannot estimate
the transformations of the bounding boxes in the frames where the
corresponding segments are fully occluded. We handle these cases
by randomly removing some of the boxes during training of the
conditional motion generation model, such that the model learns
to synthesize plausible motion for the missing parts. Please see the
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supplementary for a dedicated analysis of the robustness of our
capture system under occlusion and in-place rotation.

3.3 Box-guided Motion Generation

Conditioned on the coarse motion extracted from the performance
video, we aim to generate the corresponding realistic character
motion exploiting the motion priors in learned models. Given the
segmented 3D point cloud, a straightforward solution would be to
convert every of its part into skeletal joints. However, this solution
is only feasible when the number of parts corresponds to the num-
ber joints of a standard skeleton, which is rarely the case in our
setting where everyday objects contain only a few moving parts.
Furthermore, directly reconstructing a skeleton animation from
the captured point clouds would yield uncanny results, as it would
strictly replicate the user’s imperfect physical manipulation and
lack the realistic motion e�ects provided by generative priors. We
thus introduce bounding boxes as an intermediate representation
to bridge the input 3D points with realistic output motion. In the
current implementation, we only target human-like motion due to
the wide availability of existing human motion datasets.

Preliminary.Motion di�usion models typically represent hu-
man motions with a �xed number of body part joints. In addition
to text conditions, spatial guidance such as 3D joint trajectories or
keyposes can be injected into the motion di�usion process via the
ControlNet [59] mechanism to further control the behavior of the
generated motion [53, 62]. Additionally, the accuracy of the gener-
ated motion with respect to the spatial conditions can be enhanced
by a so-called inference guidance loss [53, 62], inspired by classi�er
guidance [8] and loss-guided di�usion [45, 52].

Method overview. Built upon a pre-trained human motion dif-
fusion model - MDM [46], we design our method as a conditional
motion generation, as shown in Fig. 4. Brie�y, the generator takes
as input the extracted motion guidance and an optional text de-
scription, to denoise a Gaussian noise into a realistic motion with
an inference guidance loss. However, in our setting, there are two
unique challenges due to the bounding box-based intermediate mo-
tion representation. Speci�cally, di�erent physical proxies express
di�erent levels of abstractions of character parts. For example, the
banana in Fig. 1 has four boxes representing the upper body, lower
body, and two arms, while the humanoid puppet in Fig. 3 has six
boxes representing the head, body, two upper limbs, and two lower
limbs. On the one hand, the number and the order of boxes vary
depending on the proxy and the number of parts segmented by
the user. On the other hand, the mapping from boxes to body part
joints is infeasible to build explicitly. This prevents a one-to-one
guidance between boxes and joints and also exposes di�culty in
formulating the inference guidance loss term. To overcome these
challenges, we have designed a novel permutation-invariant box
motion encoder and an innovative box-joint guidance.

Box motion encoder. A key idea behind our system is to sum-
marize the input bounding boxes – which can vary in number
depending on the number of parts segmented by the user – into a
compact �xed-size motion code. We design this encoding process
at both the box level and the character shape level to be invariant
to vertex and box ordering. Permutation invariance is essential
to extract a unique feature representation for a bounding box, as

the order of vertices does not alter the underlying geometry. We
employ Mean/Max pooling, which are proven e�ective for general
point cloud geometry learning (e.g., PointNet [38]). The network
architecture is shown in Fig. 4 (right). Firstly, for each 3D bounding
box within a frame, we employ a shared MLP to encode the 3D
coordinates of each vertex into a latent feature. To make the box
embedding invariant to vertex order, we aggregate the features by
summing up the mean and maximum feature values of the eight
box vertices. We repeat the box encoding for each box of the proxy.
Secondly, for proxies made of several boxes, we exploit the self-
attention mechanism to model the inter-box relationship within the
frame, and then employ the same aggregation strategy to produce
the shape-level feature for that frame.

Box-based spatial guidance. Users manipulate the physical
proxy to drive character motion, even when represented by a single
bounding box (e.g., a pen or a book). In this sense, the boxes are ex-
pected to span all the joints, despite the absence of a direct box-joint
mapping. Thus, the core idea of de�ning the discrepancy measure-
ment is to make sure that every bounding box contains at least one

joint (see Fig. 5, for an illustration). Speci�cally, given joints from
one frame of the produced motion and corresponding conditional
boxes, we measure the distance between every joint to the center
of every box. Instead of setting a distance threshold to determine
the coverage relationship, we use a soft association between each
box and all the joints, and the weight decays exponentially with
distance. Finally, we sum up all the weighted distances linearly and
minimize the total value as the loss guidance at inference.

Network training and inference. The MDM [46] was pre-
trained on the HumanML3D [14] dataset. As shown in Fig. 4, we
only train the box motion encoder and the ControlNet on our
constructed dataset, where each data item consists of the paired
abstracted box motion and realistic skeletal motion. For robust
network training, we adopt several data augmentation techniques.
Speci�cally, we vary the number of boxes to achieve di�erent levels
of details, we randomly apply rigid transformations to a few boxes in
a random frame of a motion sequence to mimic tracking failure, and
we randomly drop either the text input or a few boxes to simulate
di�erent levels of abstraction in the condition. At inference time,
given the detected conditional box motion sequence, the initial
noise, and the optional text, our motion generator produces the
corresponding realisticmotion, conforming to the spatial conditions.
Please refer to the supplementary for our dataset construction process

and implementation details of our method.

4 User Experience Study

To evaluate how DancingBox facilitates character motion creation
and assess user preferences across di�erent interaction proxies, we
conducted a comprehensive user study with diverse participants
and task designs, and a questionnaire-based feedback collection.

4.1 Study Methodology

Study participants. We recruited 9 university students aged 20
to 30 years to participate in our study. The participants have mixed
backgrounds and �uency with animation creation tools, with 4
having no prior experience, 3 possessing entry-level experience,
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each vertex of a box (e.g., the pink one) using an MLP, and aggregates all vertices of the box into a single code using mean and

max operations to obtain a latent code that is invariant to vertex ordering. A self-attention layer then exchanges information

between the latent codes of all boxes of the character proxy. Finally, the resulting latent codes are aggregated into a single code

for the entire character, again using mean and max to be invariant to box ordering.

W/o Guidance With GuidanceGuidance Loss
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Low
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Figure 5: Impact of spatial guidance and its design illustration.

Left: without spatial guidance, the bounding boxes are able to

provide rough motion control, but do not guarantee precise

alignment between boxes and joints (e.g., the joints on the

right leg vs. the red box). Middle: for an exemplar bounding

box (in red), the guidance measurement loss is computed

against every joint, then accumulated using distance-based

combination weights. Five such distances are visualized, with

colors indicating the corresponding weights. Right: With

the designed spatial guidance, the generated motion aligns

closely with bounding boxes, ensuring each box contains at

least one joint.

and 2 familiar with a few software (i.e., Blender, Cinema4D, 3ds
Max and Maya).

Experimental setup. The study was conducted in a controlled
laboratory environment featuring a desk-mounted setup with a
smartphone serving as the capture device. Participants had access
to various physical puppets for motion manipulation. All captured
motion video was transmitted to a remote server equipped with an
RTX 4090 GPU for o�ine processing and animation generation.

Study protocol. The study followed a structured four-phase pro-
tocol before a post-study evaluation.

1) Pre-study assessment: Participants completed an initial
questionnaire documenting their background and experience
with 3D animation tools. They are also asked to estimate
how hard the replication task could be without our tool.

2) System introduction: We provided a 10-minute tutorial
covering fundamental animation concepts and the Dancing-
Box system work�ow, ensuring all participants had equiva-
lent baseline knowledge.

3) Replication tasks: Participants performed three motion
replication exercises, where they recreated target animations
using the provided tools and puppets. These tasks assessed
the system’s usability for reproducing speci�c motions. A
default short text description is applied in this task.

4) Creative design tasks: Following the replication tasks, par-
ticipants engaged in open-ended creative animation design,
selecting from available puppets or incorporating their own
objects to create original character motions. This phase eval-
uated the system’s potential for creative expression. An op-
tional text description is provided by the user.

5) Post-study evaluation: After reviewing their generated
animations, participants completed a comprehensive ques-
tionnaire and participated in a semi-structured interview
to gather qualitative feedback about their experience and
system performances.

All the raw data from the user study can be found in the supplemental

material.

4.2 System Usability and Result Motion Quality

Figs. 6 and 7 present representative results from participants for
both replication and creative tasks. Overall, all participants success-
fully reproduced the given motions. Notably, when asked before the
study to estimate how long it would take to create motions similar
to the three examples with existing tools (Fig. 6), even the two most
experienced participants anticipated needing at least one full day. In
contrast, with our system, the operating time to reproduce a single
motion is roughly 3 minutes for puppet manipulation, 2–4 minutes
for interactive part clicking, and 4–5 minutes for the algorithm
running (see Sec. 5 for a detailed breakdown). In the creative design
stage, participants explored a variety of puppets to produce diverse
motions, including unexpected outcomes such as a hand puppet
crying, a soft-bodied doll dancing, and a banana performing a back-
�ip (the �rst three examples in Fig. 7, respectively). We summarize
the �ndings below.
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Jump forward

Single-arm Lateral Raise

Take two steps and bend forward

Input Video Output Motion Target Motion

…

…

… …

…
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Figure 6: Representative replication results from our user study. Given a target motion (right), participants were asked to

reproduce it (middle) by manipulating a designated physical proxy (left).

Users found the system extremely easy to use. Question responses
indicate that participants found the system intuitive to learn (Q1,
Fig. 8) and easy to operate using physical proxies (Q2, Fig. 8). As P3
put it, “I used to play with dolls as a kid—this felt just as easy.” All
participants reported that they would use the tool for animation
creation if available (Q3, Fig. 8). P7, who was working on a personal
animation project, remarked: “I wish your system were ready right

now; it’s much easier than my usual software (Blender).” After com-
pleting both replication and creative design tasks, all participants
believed they could create additional motions with the system (Q4,
Fig. 8).

Users reported natural, realistic motions. The �fth question (Q5,
Fig. 8) shows that participants perceived the generated motions as
realistic and natural. Leveraging a generative prior learned from
rich motion data, DancingBox can produce realistic motion even
when proxy movements are somewhat unnatural. P8 commented:
“I thought the rabbit’s head (second example in Fig. 7 ) wasn’t moving

the right way, but the �nal motion turned out perfect.”

The system respects user intent. A common issue with generative
methods is unintended drift from the user’s intent. We evaluated
how well the system preserves user intent across both tasks. In the
replication task, participants rated the similarity between their ma-
nipulations and the generated motion with an average agreement
score 4.44 (Q6, Fig. 8), indicating strong faithfulness to the proxy.
In the creative task, participants produced various motions with
their chosen tools, and most reported that the results re�ected their
intentions (Q7, Fig. 8). P3, P5, P4, and P8 each expressed a similar
sentiment: “This is exactly what I had in mind.”

Our system facilitates motion replication. Imitating existing mo-
tion from video or image references (whether designed or recorded)
is a common practice for creating skeleton motion in both motion
capture pipelines and 3D software. We quanti�ed how well our
system �ts this replication work�ow in the user study. During the

replication task, participants rated pairwise similarity among the
target motion, their manipulation, and the generated motion. To
evaluate e�ectiveness, we de�ne a replication failure as any case
where the generated motion is less similar to the target than the
original manipulation:

Sim(generated, target) < Sim(manipulation, target) .

Across 27 trials (9 participants × 3 replication tasks), we observed
only 2 failures (7.4%), indicating that in over 92% of cases the system
preserved or improved similarity to the target motion. These results
suggest that, in replication scenarios, when proxies approximate
the target motion reasonably well, our system reliably translates
them into detailed motion sequences while maintaining similarity.

4.3 Implications for Physical Proxy

Our system supports diverse puppets—from simple rigid objects to
soft dolls with virtually unlimited degrees of freedom. We further
examined how participants’ perceptions of di�erent puppet types,
providing insights for the design of future puppets and tangible
interfaces.

Users prefer detailed puppets and want �ne control. In the ques-
tionnaire, when asked to choose between abstract puppets (e.g., a
pen, a banana, or a hand pose) and a detailed articulated human
model, eight out of nine participants chose the articulated model.
But the reasons varied. First, detailed puppets directly resemble
humans, reducing cognitive overhead; as P2 noted, “They’re similar

to real characters and give immediate feedback about the motion.”
Second, human-like puppets a�ord �ne-grained control. P8 said,
“I can’t really show hand movements with a pen, so I’d rather use a

doll here.” P7 added, “Abstract puppets can work for stage play, but I

want to control every single detail with the human model.”

Controlling detailed puppets can be hard. P9—the only partici-
pant who preferred abstract puppets—explained, “The pen and the

banana were the easiest, mainly because it’s hard to manipulate the
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[So Doll]

No Text Input
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No Text Input
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... ...

[Hand Puppet]

Bowing 

Down Sadly
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Figure 7: Creative results from participants manipulating diverse puppets (�rst three rows), and from an experienced user

performing the action using paper cut (fourth row), compositing daily objects (�fth row), and a phone (last row), demonstrate the

e�ectiveness of our system in producing high-quality motion from varying physical proxy. The left column shows the puppets

and input texts (if any), the middle column shows the input video frames, while the right column presents the corresponding

generated motions. Note that the text input is provided only in the �rst and third examples. For better visualization, we display

the motion frames with spatial displacements on the ground, although these displacements are not part of the motion itself

(e.g., the motion in the second last example is basically moving in place).

humanoid puppets accurately in a short time.” Other participants,
while favoring detailed control, acknowledged that detailed pup-
pets can be challenging. As P7 put it, “That wooden tool is harder

to use. · · · I’ll need a third hand.” When asked about the sources of
di�culty, participants mentioned “the joints are lagging” (P5), “the
puppet easily falls over, so I have to keep it upright while moving”
(P3), and “having to manage occlusion during manipulation” (P2).

To conclude, participants generally prefer detailed, human-like
puppets for expressive control, yet recognize they can be challeng-
ing to operate; abstract puppets remain useful for scenarios like
stage-play animation. Because our DancingBox system is agnostic
to puppet type, it can support future exploration of input devices
(puppets and other physical proxies as tangible controls). Our �nd-
ings suggest that a balance should be struck between �ner detail
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Q3 I'm likely to use 

DancingBox if available

Q4 I'm confident with 

creating more motion 

Q1 It's intuitive to 

use DancingBox

Overall estion

Replication estion

Creative estion

Q2 It's easy to conduct 

the creation process

Q5 e created motion 

is realistic and natural

Q7 e created motion 

revealed my intention

Q6 e created motion is 

similar to my manipulation

Strongly Disagree Strongly Agree

Figure 8: Questionnaire statistics (subset). A selected subset

of questions with corresponding responses is shown. Gray,

green, andmagenta colors indicate question categories asked

at di�erent stages: overall questions were asked once after

the study; replication questions were asked after each repli-

cation task, yielding 3 × 9 = 27 responses; creative questions

were asked after the creative task with 1 × 9 = 9 responses.

Some questions were asked after both the replication and

creative tasks, with 27 + 9 = 36 responses. Each question has

�ve response options (i.e., from Strongly Disagree to Strongly

Agree, scored 1 to 5). Numbers on the bars indicate the count

for each response (colored accordingly). Notably, across all se-

lected questions, no participant chose Disagree and Strongly

Disagree. See the supplementary for the complete set of ques-

tions and responses.

and controllability: adding too many �exible joints may reduce
practical usability if users cannot physically control all of them.

5 Results and Discussions

Beyond the user study, we also demonstrate more appealing mo-
tions results created by an experienced user, as shown in Figs. 1 and
7. In this mode, our system e�ectively functions as a markerless mo-
tion capture pipeline: it takes an actor’s performance video as input
and outputs a skeleton motion sequence. The system is calibrated
by placing a planar object to denote the ground, followed by a few
clicks during segmentation.. Compared with established motion
capture systems, our system o�ers two advantages: 1) it requires
only monocular video from a consumer webcam, with no mark-
ers or suits; and 2) it can be used immediately with a smartphone
and a user’s own performance, with virtually no setup overhead.
Compared with previous physical animation authoring tools, Danc-
ingBox can reproduce their results without any parameter tuning
(Fig. 1(b) vs. FingerPuppet [19] and Fig. 7 last row vs. ARAnima-
tor [57]). Moreover, DancingBox can accommodate a much wider

"A person kicks, arms extended horizontally."

... ...

Figure 9: Generation result from the same video input of

Fig. 1(b), but adding extra text description to control the

arms.

range of input objects, giving users substantially greater freedom
for exploration. However, the main limitations are reduced motion
accuracy compared to multi-camera systems and non-real-time
processing.

To further validate the e�ectiveness of our method, we have
conducted an ablation study and discussions of key design choices
(Sec. 5.1), and demonstrated an application by extending our system
to support keyframe-based motion capture (Sec. 5.2). Please refer
to the supplemental video for better dynamic motion visualization.

Runtime e�ciency. Excluding user interaction, the current imple-
mentation requires a non-trivial execution time on a single NVIDIA
4090 GPU. The complete pipeline runs in approximately 2min 40s,
with the following breakdown: c3 – 30s, SAM2 – 30s, CoTracker
– 10s, bounding box estimation – 30s, and MoGen with spatial
guidance – 60s. In addition, hardware constraints (e.g., GPU mem-
ory) introduce further overhead (about 2 minutes), like loading and
unloading vision models (see the discussions in Sec. 5.1).

5.1 Ablation Study and Discussions

Impact of text input. In our MoGen, the impact of the optional
input text varies depending on the abstraction level of the bounding
box:

• High abstraction level: as shown in the third example in Fig. 7,
a single box covering the whole banana. In this case, the
text input is indispensable. It helps constrain the generation
space; otherwise, from a single rotating box, it is impossible
to reason out the motion of a “Back�ip”.

• Medium abstraction level: in Fig. 1(b), the character’s lower
limbs are explained via several boxes, but the whole upper
body, including two arms, is described with a single box,
without the motion control. In this case, the input text is
complementary to the box control by specifying the action
of two arms. See the generated motion in Fig. 9 with two
arms lifting horizontally.

• Low abstraction level: the humanoid puppet in the second
example of Fig. 6 has all the body parts covered by a separate
box. In this case, the text input is impactless as the boxes
explain the motion well.
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Figure 10: Top row: users specify �ve keyframes, indicating

the motions of both arms, the torso, and one leg. Middle

row: bounding boxes are estimated for the �ve keyframes

using the samemotion capture pipeline. Additional boxes are

interpolated between keyframes and shownwith transparent

coloring. Bottom row: the complete bounding-box sequence

serves as guidance to generate the �nal realistic character

motion.

Occlusion. Because the input is monocular, our MoCap module
is sensitive to occlusion. Occluded regions may be masked out by
SAM, yielding incomplete point clouds. Moreover, CoTracker can
lose track when large occlusions occur during puppetry. Since pup-
petry necessarily involves hands, complete avoidance of occlusion
is di�cult. A natural mitigation is multi-view capture, adding cam-
eras at di�erent angles. Generative completion is another direction:
remove (or inpaint through) the occluding hand while reconstruct-
ing the hidden puppet geometry and motion. Participants also
suggested practical aids such as “automatically warn the user when

important regions are occluded” and “use string puppets so hands are
not in frame”. We leave these avenues to future work.

Toward real-time use. Although the current system runs non-
real-time, several components can be substantially accelerated:

(a) MoCap. At present, three vision foundation models run se-
quentially to �t within a single NVIDIA 4090 GPU, and Co-
Tracker ingests point samples taken from SAM masks to
save memory. A signi�cant fraction of runtime is spent on (i)
model swapping—repeatedly loading/unloading large model
weights between CPU and GPU, and (ii) staging— saving
intermediate outputs (masks, point tracks, point clouds) to
disk, and disk-CPU-GPU transfers to hand results from one
module to the next. With su�cient GPU memory (∼100 GiB),
the three models can run at the same time without switching
and can share data directly on the GPU. In that case, Co-
Tracker can track a uniformly sampled set of points directly,
followed by trajectory �ltering using SAM masks.

(b) MoGen. We currently use vanilla MDM with 1000 di�usion
steps for sampling. Following established step-distillation
approaches [6], this can be reduced to ≈ 20 steps, potentially
yielding ∼50× speedups without materially a�ecting quality.

As the system is already complete in its current form, we defer
these engineering optimizations to future work.

5.2 Application

Our system can be extended to support keyframe-based character
animation. As illustrated in Fig. 10 (top row), the user �rst de�nes a
sequence of key poses for the puppet and captures them in temporal
order. These captured keyframes are treated as consecutive frames
of a video sequence, which are then processed by theMoCap system
to extract bounding boxes (middle row of Fig. 10). To synthesize
intermediate frames, we interpolate the bounding boxes of adjacent
keyframes along geodesics in SE(3), following Park et al. [35]. The
playback speed can be controlled linearly by specifying the number
of frames to be interpolated. Finally, the complete sequence of
bounding boxes is provided to MoGen, which generates the �nal
motion (bottom row of Fig. 10).

6 Conclusion and Future Work

We introduced DancingBox, a lightweight puppetry-based motion
capture system that enables novices to animate characters using
everyday objects and a single webcam. By conditioning generative
motionmodels on bounding box representation, our approach trans-
forms coarse object manipulations into realistic character motions.
A user study validates that the system is e�ective and intuitive,
supports diverse proxies, and o�ers design insights for tangible
interfaces.

Future Work. There are inspiring directions to explore in the
future.

1) Interaction between characters. The current system does
not yet support direct character–character interaction. Nev-
ertheless, such interactions can be composed by applying
DancingBox to each puppet independently and then merg-
ing the results using 3D spatial correlations estimated from
point clouds. For example, trajectories can be temporally
aligned and spatially arranged based on pairwise distances,
and contact cues can be derived from the reconstructed prox-
imity. Another complementary solution is to upgrade the
motion-generation module to a multi-character model [55],
enabling multiple character interaction with constraints.

2) Generalization to non-human characters. Our MoGen is built
upon a pre-trained motion di�usion model on humanmotion
datasets, which limits our system to human-like motions.
While it already covers diverse human actions, it could be
further extended to non-human motions by leveraging a
general-purpose motion generator [50].

3) Feature requests from participants. Participants proposed
several practical features to enhance the system:
– Connect the system to game engines to control in-game
characters,

– Provide explicit speed control over the generated motion,
– Enable editing of speci�c joints at speci�c timestamps,
– Add post-processing tools to compose and blend multiple
actions.

They also suggested a two-stage, coarse-to-�ne work�ow:
�rst use an abstract proxy to craft the global trend, and then
re�ne details with a more articulated model. We consider
these feature suggestions highly inspiring and encouraging,
and plan to explore them in future iterations.
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