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Figure 1: Given ordinary human motion, Two2Four generates realistic and controllable quadruped motion via a two-stage diffusion model,
supporting diverse behaviors and fine-grained control through structured conditioning and inpainting.

Abstract

Realistic animal motion for virtual production is typically obtained either through motion capture of highly trained performers
who accurately mimic animal behavior, or by retargeting ordinary human motion using complex control setups. Both approaches
are challenging and often fail to fully reproduce the nuances of natural animal motion, motivating data-driven alternatives.
We present an automatic human-to-quadruped puppeteering framework that produces plausible and controllable quadruped
motions from ordinary human motion data. Our approach employs a two-stage generative diffusion model trained purely on
quadruped motion data. By introducing a structured conditioning and inpainting strategy, our method supports a wide range
of actions, including walking, running, jumping, sitting, and lying. Furthermore, we enable fine-grained intuitive control of
the quadruped motion such as head movement control and individual limb puppeteering. Experimental results demonstrate
improved motion realism and controllability compared to existing retargeting approaches, highlighting the effectiveness of our
[framework as a tool for animation and virtual production applications.
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1. Introduction

Producing believable animal motion is a core challenge in anima-
tion, virtual production, and visual effects. While human motion
capture has become widely accessible, leveraging it to drive an-
imal characters is still non-trivial. In practice, it must either rely
on highly trained performers who mimic animal behavior
WLSN24], or use standard human motion paired with complex
hand-crafted control rigs [VEX23]|. Both approaches present lim-
itations: the former is difficult to perform consistently and requires
expertise, while the latter may produce unnatural results.

In this work, our goal is to create a system that enables a human
to steer quadruped motion, as required in a virtual production use
case [VEX25||. The quadruped motion must spatially conform to
the human motion during locomotion, while still giving the human
the ability to “puppeteer” semantic actions, such as sitting, jump-
ing, or the look-at direction of the character. Thus, the final motion
should satisfy the following conditions: 1) Naturalness, the result-
ing motion lies within the distribution of natural quadruped mo-
tion, exhibiting plausible gaits, contact patterns, and coordination.
2) Semantic consistency, high-level or abstract motion characteris-
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tics such as path, direction, speed, and behavior type are preserved
from human motion.

Cross-morphology motion transfer poses substantial challenges
due to severe morphological, kinematic, and proportion differ-
ences. Even at the level of overall scale and speed, it remains am-
biguous what it means for a quadruped to “follow” a person while
producing realistic motion. For example, a dog runs much faster
than a human, while it can walk at a similar speed to human walk-
ing. Moreover, quadrupeds show a more diverse set of gait patterns
compared to bipeds. Importantly, not all motion attributes are af-
fected by this ambiguity to the same extent. We distinguish two
sets of motion attributes: precise features that can be directly trans-
ferred across the two morphologies (e.g., travel direction or tar-
get location), and imprecise features (e.g., limb positions or root
height) that only provide rough semantic cues rather than exact at-
tributes to follow. These discrepancies make direct motion transfer
an inherently ambiguous task.

Existing approaches typically fall into two categories.
Optimization-based retargeting methods [SOL13|] enforce
strong alignment between source and target motion, offering
controllability but often lacking realism. Conversely, data-driven
approaches [ZSKS18; [LJG*24; [LSYS24]] can produce natural-
looking motions, but suffer from the absence of paired data, often
lack semantic alignment, and provide limited control over how
specific motion features are preserved. In this work, we bridge this
gap using a quadruped motion prior that generates natural motion
while enabling multiple levels of control from human motion.
Our key insight is that a diffusion model trained exclusively on
quadruped data learns a strong prior over natural animal motion
(the naturalness property). Furthermore, diffusion models provide
flexible methods of controlling the generation (the semantics
property). More importantly, those control mechanisms support
both direct control via network conditions and looser control with
inference-based inpainting (imputation). This is particularly useful
for the ill-posed task of cross-morphology motion transfer with
precise and imprecise features as the control signals.

To this end, we present Two2Four, a generative framework for
human driven quadruped puppeteering. It consists of two diffusion
stages trained purely on quadruped data, and an inference-time in-
painting strategy to achieve direct control over user-specified fea-
tures of the generated quadruped motion. By abstracting the human
movement into universal features, shared between human and ani-
mal, we can train a conditional diffusion model on quadruped data
and condition it at test time with human features, such as 2D target
location or head direction. In addition, we leverage an inpainting
mechanism at high noise levels to control the quadruped motion
generation with motion features that are imprecisely mapped be-
tween the two morphologies. For instance, a user can select to map
the motion of the human’s hands (or feet) to the quadruped front
legs to achieve direct puppeteering or inpaint the root height to
achieve semantic actions such as lying, sitting, or jumping. This
flexible mapping of approximately mapped features stands in con-
trast to traditional optimization-based or purely data-driven meth-
ods, which often require rigid objectives or fixed training distri-
butions. Furthermore, we show that splitting the generation pro-
cess into two stages—first a trajectory stage for a subset of joints

and a second stage for full-body motion—improves motion align-
ment and enables more effective inpainting when trained on a small
dataset. This design makes our system robust, even when operating
with out-of-domain control signals. Our method achieves smooth
long-horizon motion generation by autoregressively rolling out the
generation.

We evaluate our method on a diverse range of actions. Our ex-
periments show successful transfer of locomotion behaviors such
as walking, running, and jumping, as well as finer control such as
look-at control and individual limb puppeteering. We further show
examples of transferring sitting actions or mapping a human sitting
to a quadruped lying down. Our method achieves more ease and
flexibility in control, while resulting in more realistic motion and
less foot sliding compared to baseline state-of-the-art methods. In
summary, our contributions are as follows:

e A generative framework for quadruped motion synthesis with
human driven attributes, trained purely on quadruped data.

e A two-stage diffusion model that enables inpainting when deal-
ing with small datasets and improves motion quality.

e A hybrid formulation for robustness to out-of-domain data: con-
ditioning on universally shared (sparse) features and an inpaint-
ing strategy for imprecisely mapped features.

2. Related Work

Early work in human-driven puppeteering of virtual creatures
[Gl1e98]| used rigid feature correspondences for motion transfer, de-
manding significant manual effort and limiting runtime flexibility.
Recently, learning-based approaches [ZLW*24] have relied on in-
ferring correlations across morphologies, improving motion quality
but offering less direct control. In contrast, robustness of genera-
tive models [LDR*22; [TRG*23| to out-of-domain conditions sug-
gests their potential to enable human-to-quadruped motion trans-
fer with precise actor control without complex feature engineering.
Consequently, the remaining section reviews non-parametric mo-
tion transfer, neural motion retargeting, and generative approaches.

2.1. Non-parametric Motion Transfer

Early approaches to cross-morphology control relied heavily on ex-
plicit pose-level mathematical mappings. [SOL13] proposed build-
ing correspondence between human and target creature poses us-
ing manually defined optimization goals, followed by per-pose re-
placement during the puppetry phase. [RTK*14] similarly learned
pose-mapping from a small user-assembled dataset and allowed
transferring motion directly to unrigged target meshes. More re-
cently, [GFK*23] use differentiable optimal control to transfer an-
imal motion to different robot skeletons of varying proportions.
[AI25] build a transport plan between two motion sources by align-
ing the pairwise distance matrix among the source frames to that in
the target frames. Motion2Motion [CZY*25] extract overlapping
patches from source motion and project them into the target skele-
ton space using sparse mapping, followed by per-patch retrieval and
blending, to give the final motion. Although these methods demon-
strate realistic results for their specific applications, for generalized
motion they exhibit reduced naturalness due to maintaining rigid
correspondences that do not generalize to new contexts.
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Figure 2: Tiwo2Four is a two-stage diffusion-based pipeline for transferring human motions to quadruped movements. The first stage denoises
quadruped trajectories on a subset of joints and enables controllability via conditioning and inpainting. The second stage maps the subset of
trajectories to full quadruped motion. At test time, human motion features are mapped to quadruped motion features and drive the two-stage
model via directs conditions for precise features or inpainting for more roughly mapped motion features. For long horizon control, the motion
is autoregressively generated by using context frames from the previous motion window.

2.2. Neural Motion Retargeting

In the context of intra-morphology retargeting, human-to-human
retargeting has flourished with the application of deep learn-
ing to large datasets with diverse skeletal structure and body
sizes [LCC19; [ALL*20} [LKP*23|. Early work from Villegas et
al. used adversarial cyclic training for unsupervised
motion retargeting. introduced using a skeletal convo-
Iution network to unify diverse morphologies to a simplified pri-
mal skeleton, with extending this to learn skeleton-
agnostic motion embeddings. Conversely, little research has fo-
cused on creature-to-creature retargeting, with the notable excep-
tion of [ZLW*24]|. However, this approach assumes similar motion
priors across source and target creatures and requires a specific pose
prior for the target skeleton. Ultimately, these methods fall short
when applied to different morphologies due to the substantial do-
main gap between human and creature motion data.

Regarding cross-morphology motion transfer, [LWC*23|] in-
troduced adversarial losses to facilitate retargeting from humans

to different morphologies. leveraged shared codebooks
learned from manually designed rule-based retargeting, whereas Li
etal. proposed VQ-PAE to learn common motion repre-
sentations in a fully unsupervised manner for aligning human and
quadruped data. However, their method lacks global information,
resulting in significant foot sliding artifacts when employing for
our use case. Moreover, in the absence of semantically grounded
features to guide the alignment, it may incorrectly map different
behaviors across domains. Li et al. maximize mutual in-
formation between human pose and quadruped robot pose together
with a cycle-consistency loss to learn a motion transfer policy, but
do not generate natural animal motion.

2.3. Generative Motion

MDM [TRG*23|] and EDGE [TCL23] first implemented dif-
fusion models [HJA20] for human motion synthesis from text

and music, respectively. For inference-time control, MDM and
IMLS*25]| explore inpainting, GMD [KPST23|| leverage guidance,
and DNO [KPA*24] show the use of optimization. [SAB*24;

VAG*23]| and [HBLK23] employ a two-stage approach with both
using a reduced skeletal representation in the first stage. However,

they use frame-based Neural IK and temporally-aware diffusion
models for the second stage, respectively. However, none of these
methods have demonstrated cross-morphology control or training
on smaller datasets such as MANN [ZSKS18].

In contrast, for non-human motion generation, research remains
limited due to scarce data. [LAZ*22]| and [RLCT*24] learn generat-
ing motion from a single animation clip using adversarial networks
and diffusion models, respectively. However, such methods are lim-
ited to recomposing the training clip in contrast to generating new
behavior. More recently, OmniMotionGPT jointly train a
motion autoencoder on human and animal datasets, aligning latent
representations with text, generating diverse animal motions from
text even with limited data. However, this requires text-annotated
animal motion datasets. MAS addresses data scarcity
by learning 2D motion priors directly from video and show retar-
geting to different species. However, it lacks realism especially go-
ing from human to quadrupeds. circumvent data sparsity
by training on a diverse set of animals. While they can generalize
to new morphologies, they suffer from reduced motion fidelity for
any particular skeleton. similarly released a large scale
motion dataset across 115 species but limited motion data for any
particular non-human species. Consequently, high-fidelity general-
ized quadruped motion generation remains underexplored due to
the difficulty in curating large animal motion capture datasets.
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Hence, our work is focused on building a controllable motion
generator from a small dataset that is robust to out-of-domain con-
ditions, enabling human actor-driven puppeteering without requir-
ing fine-tuning or complex feature engineering.

3. Method

We address the problem of transferring human motion to a
quadruped such that the result looks natural and preserves the se-
mantic intent of the source human performance. Our goal is to gen-
erate a corresponding quadruped motion that satisfies naturalness
and can transfer different actions such as locomotion, jumping, and
sitting. For virtual production, look-at control and direct limb pup-
peteering are also important.

Our model consists of two-stage diffusion modules, where the
first stage captures high-level semantics of motion by only pre-
dicting the trajectories of selected joints. Then, a second diffusion
stage is conditioned on the predicted trajectories and generates the
full-body quadruped motion. At inference time, we map specific
features from the human motion to control signals of the diffusion
processes via conditions for precisely transferrable features, and via
inpainting for imprecise features leaving more flexibility. This two-
stage decomposition improves motion quality and reduces sliding
artifacts compared to a single-stage model [HBLK?25]. Addition-
ally, our decomposition increases the effect of inpainting individual
trajectories, enabling inpainting as a viable and flexible inference-
based control mechanism. An overview of the full pipeline is de-
picted in Figure 2]

Formally, let X, = {x;l}lT:] denote a human motion sequence
of length 7, where each frame X;l represents the human pose.
Our goal is to generate a corresponding quadruped motion Xy, =
{xi,}iT:] , satisfying naturalness and semantic consistency. Each mo-

tion frame is represented as x = {p,r} where p € R" *3 represents
the positions and r € R**% denotes the 6D rotations [ZBL*19] of
all joints in the skeleton and n denotes the number of joints, which
differs for the human and the quadruped. In the following, we will
drop the subscript of the data source ,/;, for better readability. We
always assume quadruped motion unless specifically mentioned.

3.1. Trajectory Model

Our first stage aims to predict trajectories of a sparse set of joints
J, capturing the global structure of quadruped movements. We rep-
resent the trajectory as a sequence Y C X with Y = {xi iT:1 |j el
where each frame consists of the selected joints’ 3D position and
6D orientation. The subset includes three joints, namely root, and
the two end joints of the front limbs. These joints are selected as
they capture the important semantics of the motion, yet are a com-
pact representation, facilitating the inpainting. We model this dis-
tribution using a conditional diffusion model ®y based on the U-
Net model of [CTR*24] that operates in the trajectory space and
predicts the clean trajectories Yo. Specifically, the model learns
to denoise a noisy trajectory Y; conditioned on control signals
Cy, parametrized as @y (Y,_{|Y;,Cy,t) where 7 is the diffusion
timestep. The condition consists of two components. First, to en-
able locomotion control, we specify a target root position ¢, and
orientation ¢, to be reached after T frames, which defines the global

displacement of the character. Since this condition is later obtained
from the human character, we only maintain the horizontal compo-
nents of the target position and the yaw component of the rotation.
Additionally, we rely on a sparse target signal compared to a dense
trajectory condition to give the model more freedom in the gener-
ative process, leading to more realism as shown in our ablation in
Section [A.5.2] Second, to ensure temporal continuity when gener-
ating long sequences, we condition on a set of preceding context
frames Cex = {x',...,x"™}, where n, denotes the number of con-
text frames. This context enables a smooth transition between con-
secutive motion windows and mitigates discontinuities that would
otherwise arise from independent generation. Thus, the full con-
dition signal is given by Cy = {c;,c,T, Ceix }. Both conditions are
randomly dropped out during training, with the dropout mask also
included in the model input.

The first stage model is trained using a combination of losses:
L = Lrecons + Leond; (H

where L econs is a standard diffusion reconstruction loss between Y
and Yo, and L,,,4 is a loss for matching the conditions at context
frames and final frame.

A 2 o 2
Lrecons = HPO—PH2+H1'0—T||27 2
~T 2 AT 2
L:cond = ||p0,xy7C[7H2+HrO.,xy7Cr||2 3
o e 2
+11{%o}ijes — Caxljes 12, Q)

where fxa vy and f'a «y are the 2D position and direction of the root
at time T, computed based on the predicted Y.

3.2. Full-body Model

Given the predicted joint trajectories Y, the second stage aims
to generate a full body quadruped motion X that conforms to the
trajectories. We model this mapping using a conditional diffusion
model defined over the full motion space ®x (X,_1|X;,Cx,). The
second stage model is conditioned on the subset of joint trajecto-
ries Yo generated by the first stage and the context frames Cery. In
addition, head orientations Clﬂead are included in the conditions to
enable direct control of the quadruped look-at direction. Thus the
full condition of the second stage model is Cx = {¥, CI4¢ Cpr},
and it directly predicts Xg. The model is trained to predict positions
and orientations of all joints, along with contact labels of the four
limbs. The loss to train this stage consists of

L = Lrecons + Lrk + leiding + ‘Ccondy Q)]

where Lrg denotes a reconstruction-style loss on the generated
movements after applying forward kinematics (FK) with fixed bone
length:

Lrk = |[FK(f9) — polf3. 6)

< 2 ~ head |2
Leona = Xoljes —Xljesllz + [ [folhead — CFNz - (D
o 2
+1{&o}7 ) — Cenxl]- ®)

Lyliding 1s a standard foot sliding loss based on the predicted contact
labels as used in [TRG*23|]. During training, the trajectory condi-
tions are directly obtained from the ground truth animal dataset.



Zargarbashi et. al. / Two2Four: Generative Quadruped Puppeteering from Human Motion Sof 11

3.3. Human to Quadruped Motion Transfer

At inference time, different conditioning and inpainting strategies
can be applied to influence the quadruped motion. While the trained
conditions can be used to map shared features between human and
quadruped motion, inpainting enables a looser control by specify-
ing partial abstract or imprecise mappings of motion features be-
tween the two domains. Additionally, due to the inference-based
nature of inpainting, this control can be flexibly switched on or off
based on the user’s preference.

3.3.1. Precise Feature Mapping with Conditions

Given the human motion X}, the target 2D root position and di-
rection of a future frame 7 are obtained and provided to the first
stage model as a condition. A scaling factor y can be applied on the
target 2D position to obtain different action mappings according to
the user preference. For instance, scaling up a human walk leads to
a running quadruped, while scaling down will keep the quadruped
walking. The resulting joint trajectories from the first stage, along
with human head orientation are passed as conditions to the second
stage model. For controlling the head direction cPed | the human
head orientations Cl:‘,’;ad are mapped to the orientation of quadruped
head via a fixed retargeting offset.

3.3.2. Imprecise Feature Mapping with Inpainting

To enable additional control, such as limb puppeteering or the
height of the quadruped for sitting and jumping, we leverage an
inpainting strategy. This overwrites selective components z of the
motion in the first diffusion stage in order to steer the generative
process towards these target movements. At each diffusion timestep
t, the corresponding components of the noisy sample are overwrit-
ten by the noised reference signal.

Xz|z={\/(_)TZZA+ l_ocfe’_ %ftzt where € ~ N (0,1),
VouXplz+v1—0ge, ifr<t

©))
where |, denotes the subset of features to be inpainted. This en-
forces consistency with the reference signal while allowing the re-
maining degrees of freedom to be generated by the model. To bal-
ance control and naturalness, the inpainting mask is only active dur-
ing early diffusion steps and lifted in later diffusion steps < T. Thus,
rough structural features, which are generated early on in the diffu-
sion process, can be controlled while later diffusion steps maintain
realism by matching to the quadruped motion distribution. In prac-
tice, we find that inpainting the first 80% denoising steps strikes a
good balance between control and naturalness.

In the following, we describe how to transfer different human
actions and movements to the desired quadruped movements within
our inpainting framework.

Sit, lie, and jump: Sitting, lying, and jumping behaviors require
information about root height. To transfer these motions, we inpaint
the height of the root trajectory during the diffusion process of the
trajectory model. Due to different scales, the target root height is
obtained by applying a scale and offset to the human root height,

root __ Mt] - mq (Zroot

4 = M —m, —my) +myg. (10)

In the above equation, m and M denote the walking and sitting root
height z"°” in the global frame, respectively. For the quadruped,
myg and M, are computed from dataset statistic using the median
and minimum height, respectively. For human, m;, and M}, can be
similarly computed from statistics of the dataset, or set manually.

In practice, different offset values are required depending on the
type of source motion. For example, human sitting motions may
occur either on elevated surfaces (e.g., chairs) or directly on the
ground, leading to different relative height offsets. We leverage
this distinction to map different human sitting styles to different
quadruped behaviors: sitting on a chair is mapped to a quadruped
sitting posture, whereas sitting on the ground is mapped to a lying-
down behavior.

For jumping, we replace M to correspond to the maximum
heights of human or quadruped jumping. In practice, we observed
that inpainting only the root height provides a weak constraint, as
it represents a small subset of the trajectory features and can be
ignored by the diffusion model. We observe a similar issue when
trying to inpaint one feature in a single-stage diffusion, as will be
discussed in Section[4.5] Thus, to influence the generation stronger,
we additionally inpaint the heights of the remaining joints z in the
trajectory model by propagating the root height offset, effectively
dragging other joints with the root as it starts to jump,

an

root

a€ root Aroot : root
£ g+ (g™ —27) ifzg” >my+e
qd " ) . ’
% if 2% <mg+¢

where Z denotes the predicted height from the previous diffusion
step and € is a tolerance threshold. To accommodate the discrep-
ancy in jumping characteristics, quadrupeds typically cover greater
horizontal distances compared to their size, we scale the 2D target
position by a constant factor Y > 1 during jump inpainting.

Limb puppeteer: To enable user-guided manipulation of the
quadruped’s limbs using human hand motion, we inpaint the
heights of the corresponding limb joints. The inpainting process
operates on the first-stage joint trajectories, where the vertical posi-
tions of the quadruped’s limbs are adjusted based on the human
hand positions. Specifically, the human hand heights are scaled
and shifted to match the quadruped’s limb range, producing target
heights,

2g = 52, + . (12)

By inpainting only the height dimension, the diffusion model main-
tains natural joint trajectories while allowing the user to control
vertical motion, effectively puppeteering the quadruped’s limbs in
a manner consistent with the human demonstration.

3.4. Implementation Details

All positions and orientations are expressed in the coordinate frame
of the root projected on the ground of the first context frame. Fur-
thermore, all channels are normalized with a per-joint normaliza-
tion factor based on the mean and variance of that channel for the
specific joint. We find this to improve inpainting compared to nor-
malizing all joints with a single factor.

Our pipeline works in an autoregressive manner to generate long
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motion sequences. At the start of a motion, if no previous frames
exist, context frames are selected from a default pose (i.e., standing,
sitting). Otherwise the last n. frames of the previously generated
window are used as the context. After generation, the overlapping
context frames are linearly blended between the two consecutive
windows. Due to the shared context, no complex blending during

the diffusion process [TCL23] is required.

Both diffusion stages are trained purely on quadruped motion
capture data from [ZSKST8]|, containing various actions (walk, run,
jump, sit, lie down). This includes about 40 minutes of quadruped
motion, which is small compared to datasets typically used for
generative models, which range from tens to hundreds of hours
[RPY*26]|. The model architecture is a temporal U-Net
as in that operates on 32-frame windows with 2-frame
context conditioning for temporal coherence and we keep the re-
maining architecture unchanged. Choosing a long window size may
result in ambiguous behaviors as the human may turn left or right
and come to the same target point, whereas a very small window
makes the generation more restrictive due to context frames.

We use 1000 diffusion steps during training and DDIM sampling
[SME21]] with 25 steps during inference. The combined inference
time of both diffusion stages per 32-frame window is 203 ms on
a single RTX 4090. In an offline setting, this allows a 10-second
sequence to be generated in approximately 4 seconds. For online
applications, the system can generate motions in real-time with a
latency of 0.7 s, consisting of 0.5 s of future-target context and 0.2 s
of computation time. The models are optimized with AdamW op-
timizer with adaptive learning rate and batch size of 128.
The training takes roughly 15 and 21 hours for the first and second
stage models on a single Nvidia GeForce RTX 3090 GPU.

The mapping parameters for inpainting are summarized in Ta-
ble [I] Since these parameters are applied only at inference time,
tuning and iterating on their values is fast in practice. Once a suit-
able set of parameters has been selected, it can be fixed and reused,
enabling users to simply choose a behavior mode (e.g., sitting,
jumping, or puppeteering) and directly apply the corresponding
preset without further adjustment.

Table 1: Mapping parameters for different motion categories.

Category  Parameter Value Parameter Value

General mq 0.47 mp, 0.92

Jump My 1.24 M, 1.32

Sit & Lie My 0.05 M, 0.46

Puppeteer s 0.77 b -0.68
4. Results

In this section, we present several experiments using our proposed
approach for transferring various human motion to quadruped mo-
tions. The human motions are obtained either from the Human-
loco dataset [SZKST9], or from our captured motion videos which
are converted to skeleton format using a markerless motion capture
system [BMBG25||. We refer readers to the supplementary video
for a more comprehensive demonstration of the results.

b S

Figure 3: Retargeting Locomotion. Top: Human source motion.
Middle: Key trajectories generated by trajectory model. Bottom:
Quadruped motion generated by full-body model.

4.1. Locomotion and Head Control

Our two-stage model can map human locomotion to quadruped mo-
tions by direct conditioning. Figure [3] shows two examples where
human walking and running motions are transferred to quadruped
walking and running, respectively. A scaling factor of Y= 0.8 is
used to adjust the 2D target location from human data. By vary-
ing this scaling factor, one can achieve different behaviors for the
quadruped (e.g., different gait patterns), or make the motion com-
patible for various quadruped sizes as shown in our supplementary
video.

Look-at control is particularly important in movie production
when acting out the interactions between characters or
the scene. As shown in the supplementary video, in the absence
of explicit conditioning, the quadruped tends to look toward the
ground, reflecting the dominant look-at direction in the training
data. Despite the discrepancy between human and quadruped mo-
tion domains, the model successfully adapts these signals, produc-
ing motions that follow the intended look-at direction, as illustrated
in Figure[d]

4.2. Jumping, Sitting, and Lying

Our method leverages inpainting-based control to transfer high-
level human actions to quadruped motion. Using the jump inpaint-
ing strategy along with Y= 1.5, our method enables converting hu-
man jumping motions to corresponding quadruped jumps, as de-
picted in Figure [5] For sitting and lying experiments, we employ
the scaling values detailed in Table[T] This maps human sitting on
a chair to quadruped sitting, and human sitting on the ground to
quadruped lying, as shown in Figure [6] By modifying this scale,
one can also map human sitting on ground to quadruped sitting if
desired. We note that jumping or sitting inpainting strategies can
remain active during the locomotion phase without disrupting the
motion.
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Figure 4: Our second stage full-body model provides direct control
of the quadruped’s head movements, given the actor’s head orien-
tation. Top images show a few snapshots at specific times, bottom
shows a full trajectory of the head joint.

Figure 5: An example jumping motion being produced via inpaint-
ing in the trajectory model.

4.3. Limb Puppeteering

As shown in Figure[7]and our supplementary video, the limb pup-
peteering inpainting can be used to faithfully control the front legs
of the quadruped. This allows for an intuitive fine-grained control
while maintaining realism. Notably, when the human raises a sin-
gle arm, the quadruped responds by “giving a paw”, naturally tran-

bWk,

Figure 6: An example of our sitting inpainting strategy: “sitting
on a chair” gets mapped to quadruped sit (left) and “sitting on the
ground” is mapped to lying down (right).

it HT

satst Ko

Figure 7: Examples of limb puppeteering via inpainting.

sitioning into a sitting posture for stability. When both arms are
raised, the quadruped briefly rears up, demonstrating coherent and
context-aware whole-body adaptation. As additionally shown in the
supplementary video, the mapping can also be done from another
joint source, such as the legs.

4.4. Baseline Comparison

In this section, we compare our method with state-of-the-art base-
lines most relevant to human-to-quadruped motion transfer.

Qualitatively, we compare our method with Dog Code [EJS¥24],
Walk-the-Dog and Motion2Motion [CZY*25], as sum-
marized in Table 4] We asked two professional artists to rate the
realism of the resulting motion for all approaches. Realism (Lo-
cal) refers to motion quality when viewed in local space (zero
root movement). Realism (Global) refers to motion quality when
considering the root movement in global space. Semantic Align-
ment denotes whether high-level motion intent is preserved from
the source motion, e.g., jumping mapped to jumping and walking
mapped to walking. Direct control refers to the ability to control
specific features of the dog motion from human motion, such as
head orientation or direct limb puppeteering.

Dog Code shows example of intuitive human to quadruped mo-
tion transfer with direct control, however, as seen in their supple-
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mentary video (2:10-2:45), the generated dog motion shows issues
regarding realism and foot sliding during locomotion.

Motion2Motion lacks mechanisms to include global information,
leading to foot sliding artifacts. Furthermore, its evaluation is lim-
ited to short 2-second motion clips. When applied to human-to-
quadruped motion transfer on a larger and more diverse motion
dataset, it fails to preserve semantic consistency.

Walk-the-Dog produces realistic motions when viewed in a lo-
cal frame. However, since it is not designed to incorporate global
root trajectory information during motion alignment, the resulting
motion exhibits noticeable foot sliding when driven with the hu-
man root, rendering it unusable for global steering. Furthermore,
because Walk-the-Dog relies on completely unsupervised semantic
alignment between human and quadruped motions, it can yield mis-
aligned outputs for a given latent encoding. For instance, matching
a dog jumping motion to a human run, as shown in our supplemen-
tary video.

In contrast, Two2Four explicitly models global displacement
while maintaining naturalness due to the inductive bias of the
diffusion model, resulting in overall better realism. It also offers
inference-time inpainting techniques that enable direct control of
the generated quadruped motion.

Table 2: Qualitative comparison of SOTA human-to-quadruped
motion transfer methods.

Approach Realism St.:mantic Direct control
(local / global)  alignment
Walk-the-Dog VI X X X
Motion2Motion V91X X X
Dog Code XX v v
Ours I v v

In Table[3] we quantitatively compare our results with Walk-the-
Dog on a subset of HumanLoco [SZKS19|] dataset. Walk-the-Dog
copies the 2D root position and yaw angle from human trajectory,
while getting the height, roll, pitch and other joint rotations from
the motion matching results. For a fair comparison, we use the scal-
ing factor y = 1 for this evaluation. We evaluate the motion quality
using Fréchet Inception Distance (FID) [HRU*17]] computed from
a variational auto-encoder (VAE) trained on the same dataset. Our
method shows better motion quality as measured by FID and sig-
nificantly less foot sliding. When driving our framework with dog
motions (reconstruction), FID score and foot sliding values remain
close to ground truth data, as reported in Table[3] The large gap in
FID values between retarget (human-to-quadruped) and reconstruct
(quadruped-to-quadruped) is due to the different distributions of the
datasets used for deriving the motion.

4.5. Ablations

In the following, we ablate the key design choices of our approach,
such as the two-stage nature, the sparsity of the locomotion target,
and the inpainting strategy.

Table 3: Quantitative analysis of the motion quality. Our method
shows better FID and foot sliding compared to Walk-the-Dog.

Model FID |  Foot sliding |
GT validation 0.6838 0.055
Ours (Reconstruct) 0.9668 0.059
Walk-the-dog (Retarget) 14.734 0.626
Ours (Retarget) 8.185 0.076

4.5.1. One- vs. Two-stage Diffusion

We compare our method with a single stage diffusion model (1SD)
trained to predict full quadruped motion directly from 2D target
position and direction. We observe that in challenging locomotion
scenarios, the two-stage model shows better alignment with human
motion. An example of the alignment issue is depicted in Figure[§]
When the human performs sharp turns, our model can consistently
exhibit similar turn behavior, while the single stage model fails to
keep the original turn direction.

More importantly, we observe that inpainting individual joints
is less effective for 1SD, as shown in Figure 0] A similar effect is
observed when the trajectory model is trained to predict five joints
instead of three. We attribute this to diminishing signal-to-noise
ratio when the diffusion model has to denoise more data.

4.5.2. Sparse Goal vs. Full Trajectory

In the following, we ablate choosing a sparse root target at frame
T against having the full root trajectory as condition to the trajec-
tory model. For simple motion sequences, both approaches perform
comparably when transferring human motion to quadrupeds. How-
ever, for more challenging cases, such as sharp in-place turns, the
full conditioned model struggles to follow the motion and produces
noticeable artifacts, as shown in Figure@] In contrast, the sparse-
target model remains stable and follows the motion even in such
challenging cases. We attribute this to the condition signal getting
too far out-of-distribution for the model to recover, a problem that is
more prominent for models trained on small datasets such as ours.

4.5.3. Inpainting Schedule

To account for the imprecise mapping of some motion features be-
tween human and quadruped, a key component in our inpainting
control is to apply it only until a fixed percentage of diffusion time
steps, in our case 80%. As shown in the supplementary video, vary-
ing this threshold for inpainting leads to different results. Fewer in-
painting steps give more flexibility to the diffusion model, but may
weaken the adherence to the intended control signal. Conversely,
inpainting all diffusion steps can introduce artifacts and reduce nat-
uralness. For instance, in jumping motions, full inpainting leads to
excessive acceleration and missing the proper steps for the jump. In
contrast, in our setting the quadruped takes an extra step to prepare
for the jump and the jump is smoother.

5. Discussion

Compared to optimization-based frameworks with rigid mappings,
the diffusion process enables more flexible mapping to the target
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T Ours One-stage

Figure 8: Our result follows the root direction of the human better
while the single stage model fails to turn in a similar manner.

Figure 9: Inpainting front limb trajectories is effective when diffu-
sion model is predicting fewer signals. Single stage diffusion 1SD
(left) and two-stage model predicting five joints (middle) fail to
follow human hand motion, while our two-stage model predicting
three joints (right) can successfully be directed.

distribution, as precise features can be concretely mapped as con-
ditions and imprecisely mapped motion features can be weakly
transferred via inpainting. Crucially, we condition the generator on
a sparse goal position rather than a full body trajectory. Because
quadrupeds cannot turn in place like humans, over-constraining the
trajectory leads to unnatural movement; sparse conditioning avoids

N vy

Figure 10: A model trained on full trajectory as condition (right)
leads to artifacts compared two our sparse target condition (left).

this, allowing for realistic quadrupedal motion to the human target
location. In contrast, the head orientation trajectory can be seam-
lessly transferred without artifacts. Hence, we condition our second
stage on ground-truth quadruped head orientation during training
and use the corresponding human look-at signal during inference.

Moreover, at early diffusion steps, the out-of-domain inpainted
features, such as root height, are sufficiently distorted by the large
added noise to resemble the in-distribution features. Hence, the
generative model synthesizes motion conforming to these impre-
cise features while maintaining realism as long as the inpainting is
dropped at lower noise levels. Besides inpainting, other forms of
inference-based influence, such as guidance [KPST23] and noise
optimization [KPA*24], have been explored for motion generation.
However, compared to our inpainting strategy, they can come with
a larger computational cost which is more challenging for a real-
time use case, such as live puppeteering in virtual production.

When training on small datasets such as MANN [ZSKS18||, we
observe that increasing the dimensionality of the features, i.e. the
number of trajectories generated, in the first stage diminishes in-
painting effectiveness. We hypothesize that as more joint trajecto-
ries are introduced, the inter-feature correlations increase. Hence,
rather than utilizing the inpainted signal, the model opts to regen-
erate the trajectory based on the remaining highly correlated fea-
tures. Consequently, we observe that the first-stage model generat-
ing three trajectories (hip and front feet) outperforms one generat-
ing five (hip and all feet), which in turn outperforms a single-stage
model generating all joint trajectories.

Although our evaluation focuses on dogs, the proposed frame-
work is largely species-agnostic and does not incorporate any dog-
specific modeling assumptions. Consequently, given sufficient mo-
tion data, Two2Four can be adapted to other quadruped species
with minimal changes to the overall pipeline. In practice, however,
the availability of high-quality quadruped motion datasets remains
limited, with canine datasets being the most accessible public re-
sources.

6. Conclusion

We introduced Two2Four, a two-stage diffusion model along with
inference-based inpainting strategies to generate quadruped motion
driven by human motion. We showed that a two-stage diffusion
approach results in higher-quality movements than a single-stage
model, particularly when driven by out-of-distribution human data.
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Our method shows high quality motions and can imitate differ-
ent actions including locomotion, jumping, sitting, lying, as well
as individual limb movements. However, due to the lack of back-
ward quadruped motion in our dataset, our model struggles when
the human is walking backwards for more than a few seconds. In
this case, the quadruped sits down and shows sliding artifacts. Nev-
ertheless, due to the sparse goal condition mechanism and our au-
toregressive rollout scheme, the quadruped can recover and catch
up to the human source after a while.

In this work, we focus on enabling multiple control modes
for human-to-quadruped motion transfer. Currently, these modes
are determined by the user. Designing an automated system that
switches between these modes (for example by setting some thresh-
olds), or finding a unified representation for these modes remains a
design challenge to be explored in the future. Additional future di-
rections could also explore Bézier motion models as in [VAG*25|]
to reduce the data dimensionality in order to include more joints in
the first stage, thus enabling more user control of the motion, or to
allow for artist-friendly editing of the quadruped motion.
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