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Fig. 1: EquiFusion. We introduce the first model for stochastic human motion pre-
diction that generalizes to unseen skeleton parameterization, i.e. kinematics. While
previous methods require a trained instance for each dataset or better kinematics,
with a single model we unlock training on multiple datasets and inference on motion
parametrized with different kinematics. EquiFusion is the first SHMP model to handle
zero-shot novel kinematics and occluded limbs without explicit training, while achiev-
ing state-of-the-art results on established benchmarks.

Abstract. Existing Stochastic 3D Human Motion Prediction models
are fundamentally constrained by hard-coding the skeleton kinematics,
severely limiting generalization, preventing cross-dataset training, and
requiring complex data retargeting. We introduce FquiFusion, the first
kinematics-agnostic model to solve this bottleneck, implementing a la-
tent diffusion model with a permutation equivariant architecture. Equi-
Fusion treats the kinematics’ connectivity as an explicit input parameter,
ensuring its internal computations are inherently agnostic to joint order-
ing and graph structure. This novel design enables truly cross-dataset
generalization to unseen kinematics and unlocks novel zero-shot direc-
tions, such as motion prediction from partial or occluded observations
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and targeted limb generation. EquiFusion achieves state-of-the-art re-
sults on major benchmarks, being up to 75% more compact than pre-
vious kinematics-specific methods, while achieving faster training and
inference. EquiFusion thus establishes a new, flexible standard for ro-
bust human motion prediction.

1 Introduction

Predicting future human motion from past observations is a core component
of human intelligence and a prerequisite for mature spatial AI. Due to the in-
herent ambiguity of human intent, the field has shifted from deterministic to-
ward Stochastic Human Motion Prediction (SHMP), which models a distribution
of diverse, physically plausible futures from an observation, with applications
including human-robot collaboration, autonomous navigation, and augmented
telepresence. While recent advances in generative models [11, 34, 76] have fur-
ther popularized SHMP probabilistic formulations |7, 15,19,85], a fundamental
bottleneck remains: kinematics rigidity. Diverse datasets (e.g., Human3.6M [3§],
AMASS [63], and more recently Nymeria [62]) often employ different motion-
capturing technologies, resulting in diverse skeleton parametrizations i.e. kine-
matics. Motion retargeting [6, 35, 47], i.e., converting a motion to a different
kinematics parametrization, is often not possible without introducing errors and
drifts [55,93,94]. The downstream impact on SHMP methods is tremendous.
Previous works [7,15,19,21,64,85,109] have hard-coded kinematics as a network
structural prior, resulting in a plethora of skeleton-specific networks. Training
a network for every different kinematics is impractical, inefficient, and does not
generalize to new skeletal configurations.

We break these dataset-specific boundaries by addressing settings involving
heterogeneous kinematic structures. We propose two zero-shot kinematics infer-
ence tasks for SHMP: predicting motion for (i) full-body kinematics unseen at
training time, and (ii) kinematics with occlusions or missing parts (i.e., par-
tial observations). Both these tasks address real-world use cases and important
milestones toward mature spatial AI and foundation human motion models.
To date, this has been unaddressed in the SHMP literature, while determinis-
tic HMP solutions (e.g., hand-crafted training to address specific occlusions or
skeletal conversions [17,102]) are impractical and require manual engineering.
Can we provide such flexibility for SHMP?

In this paper, we answer this question by proposing the first kinematics-
agnostic method for SHMP. To handle arbitrary kinematics chains, a model’s
learned weights must be independent of the cardinality of the joint set. Most
existing works violate this principle by employing joint-dependent weights or
temporal-only transformers that treat joints as feature channels. We identify
permutation equivariance as the key mathematical property to achieve this in-
dependence. We thus present EquiFusion , the first kinematics-agnostic approach
to SHMP, implemented as an equivariant latent diffusion model that explicitly
incorporates the kinematics connectivity as a model input. By design, we achieve
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robustness to partial and unseen kinematics without requiring explicit exposure
to such corruptions during training, and we demonstrate this through extensive
experiments. Our design allows us to break the single-dataset barrier, enabling
a single model to be trained simultaneously on heterogeneous datasets such as
AMASS and Nymeria for the first time, unlocking the future potential of “founda-
tion models” in human motion. By leveraging the inductive bias of equivariance
with formal guarantee [10,61], EquiFusion achieves state-of-the-art performance
on standard benchmarks even when trained on single-dataset distributions while
being 75% smaller than the closest competitor [19], and significantly faster in
training and inference. These improvements are particularly remarkable in zero-
shot scenarios, where our model demonstrates a performance boost of at least
25% across all metrics and up to 70% in terms of fidelity. Our contributions are:

— We formalize and analyze for the first time the challenge of zero-shot kine-
matics SHMP, introducing two novel tasks of high relevance for the real-world
setting, while opening new applications and use cases: training on datasets
having multiple kinematics, zero-shot handling of occlusion, and zero-shot
limb generation without ad-hoc training.

— We identify joint-ordering permutation equivariance as a key property to
enable kinematics-agnostic SHMP and propose a principled architecture that
inherently satisfies this requirement.

— We present EquiFusion, which not only achieves zero-shot kinematics by de-
sign but outperforms existing SHMP methods in extensive experiments. OQur
method achieves state-of-the-art results on standard benchmarks (AMASS,
Human3.6M) with 75% fewer parameters than the closest competitor. Addi-
tionally, our model’s complexity remains invariant to the number of joints,
kinematics, or datasets, offering superior scalability.

See https://ceveloper.github.io/publications/equifusion/ for models and code.
2 Related Works

2.1 Human Kinematics Representations

In SHMP, human motions are represented as the temporal evolution of body
joints; we refer to them as skeleton kinematics KC, which are generally inherited
from the Motion Capture (MoCap) system used to register the human move-
ment. Hence, depending on the MoCap system, the kinematic system can differ
in the number and positions of the joints, resulting in a plethora of different
formats. Examples are: the AMASS [63| dataset uses the SMPL [60] format,
and is parametrized by 22 joints; H36M [38] kinematics comprises 17 joints and
does not include the foot joints; Nymeria [62] has been captured by META’s
ARIA devices [24] and parametrized with XSens [1] by 23 joints, exhibiting dif-
ferent spine and hip modeling from the aforementioned formats (see Fig. 1 for
visualizations). With the increasing availability and affordability of wearable sen-
sors [24,33,73,97], new kinematic configurations are expected to emerge [27,105],
making it crucial to address multiple kinematics, since differences in kinematic
structure hinder data combination during training [24].
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2.2 Stochastic Human Motion Prediction

Human Motion Prediction (HMP) aims to predict future motion from past obser-
vations. While deterministic HMP [18,49, 51] forecasts a single future, Stochas-
tic HMP (SHMP) predicts multiple plausible ones. SHMP is an ill-posed prob-
lem with multiple solutions, which has been modeled by different generative
approaches involving GANs [8, 44, 58], VAEs [12, 32, 64, 96, 104], diverse sam-
pling [21,103,109], and lately denoising diffusion models [7, 15, 19,78, 85, 100].
All such models are trained and evaluated independently for each kinematics
K, which means that each requires ad hoc training, computational waste, hy-
perparameter engineering, and lacks generalization at inference time to novel
kinematics K7 with j # i, or occluded data (i.e., partial kinematics). Digesting
motions in different kinematics formats has been tackled in other computer vision
tasks, such as human pose estimation from video [82], 2D-t0-3D keypoints lift-
ing [20], unconditional animal motion generation [28], motion classification [47],
or character animation via text [37,57]. Occluded motions and training on multi-
ple kinematics have already been investigated by deterministic HMP, but to the
best of our knowledge, only explicitly, by directly training for occlusions [17,102]
or for multiple skeletons without supporting zero-shot inference on new kinemat-
ics [81]. Yet, no method has been proposed for SHMP, which is the core of our
work and a mandatory stage towards foundation models for SHMP. We pro-
vide an extended discussion on existing methods in the Appendices A.2 to A.4.
We will build our framework on top of a newly designed permutation equiv-
ariant diffusion model. Diffusion methods equivariant to SE(3) or permutation
groups have provided promising results for the task of drug molecule genera-
tion [45,70,83], but they haven’t found broad application in computer vision,
especially not in HMP or SHMP to date. A reasonable alternative to enable
flexibility of existing approaches would be solving for skeleton retargeting, and
we discuss such techniques in the next section.

2.3 Kinematics Conversion and Motion Retargeting

As current SHMP approaches do not support inference on kinematics K7 different
from the training kinematics K?, the only way to allow inference on K7 is to
first convert the input motion from kinematics K7 to the same motion with
Kt. This conversion challenge is commonly addressed as skeleton retargeting.
The large literature on this topic ranges from robotics [22,26, 108] to computer
graphics [6,36,47,53] and specializes in isomorphic [3,16,22,25,31,39,46,55,68,69,
86,93, 94], homeomorphic [2,36,110], and non-homeomorphic graphs [14, 35,40,
42,47,52,54,67,98]. For the SHMP use case, only non-homeomorphic techniques
can be considered, since kinematics can have different end-effectors and a varying
number of joints. As not all approaches are applicable to SHMP’s data structure,
in this paper, we consider the retargeting approach from Holden et al. [35], which
is already established in SHMP by HumanMAC [15]. More recent approaches
for non-homeomorphic retargeting on robotics and character animation are not
applicable to our case. These require joint rotations of end-effectors and reference
poses [417], skinning [54], meshes [79,98], or both [40] — even without the skeleton
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itself [54,98] — which are not always available in SHMP. Or, they present a too
high reconversion error (ca. 100mm [67] or 90mm [14], in both cases, code is not
available). We discuss retargeting approaches and each graph category in detail
in Appendix A.1, and here we maintain a high-level contextualization, taking as
an example the AMASS and H36M skeletons depicted in Fig. 1. These kinematics
are non-homeomorphic to each other, so the conversion is not bijective and
causes: (a) Error accumulation, as converting H36M (17 joints) to AMASS
(22 joints) requires adding non-existent feet (with errors of 22.18 mm or 2.27 mm
depending on the conversion direction), (b) Distribution shift: additionally,
this kinematics conversion shifts the input to a distribution that differs from the
one seen by the SHMP models at train time, resulting in additional noise for
the models. As SHMP approaches achieve precision up to 70 mm, the additional
retargeting error is not negligible.

2.4 Human Pose Representations

Another relevant aspect of SHMP is the motion parametrization. In SHMP,
motion sequences are conventionally represented as trajectories of 3D joint co-
ordinates in Euclidean space [7,21,64,96,100,109]. While such representation is
flexible and a natural output of upstream pipelines [13,59,84, 101], e.g. human
tracking in videos [71,74,77,112], it is under-constrained and allows non-realistic
predictions. This often results in limb stretching or jitter, requiring subsequent
SHMP approaches to directly measure [19] and address [7, 19, 21] this issue.
Instead of making the model learn from data what we already know i.e. hu-
man bones have fixed length, we propose to include this prior directly in the
parametrization. Intuitively, consistent limb lengths are guaranteed by design in
rotation-based representation, where the joint positions are expressed as angles
from a canonical pose, and the bone lengths are fixed along a sequence. Among
the many possible representations for rotations [29], some common choices are
quaternions [80] or axis-angles [48,60,87,88] as in SMPL [60]. However, rotations
also tie the pose representation to a specific skeleton kinematic chain and rest
pose, which can cause instabilities [7]. In this work, we adopt a spatial represen-
tation, where every joint is encoded by the relative direction from its parent, i.e.
its bone direction. In this way, predictions are guaranteed to have perfectly con-
sistent bones by design, and networks do not have to learn this additional prior.
This representation is general and can be applied to both any SHMP kinematics
and any SHMP method.

3 Methodology

3.1 Problem Definition

In stochastic human motion prediction (SHMP), a motion sequence is repre-
sented as a trajectory M € RT*/>3 describing the temporal evolution of .J
body joints over T' frames. Given an observed motion X = M.z, € RTP*7/x3
of length Tp, the objective is to generate multiple plausible future trajectories
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Fig. 2: EquiFusion is the first skeleton-agnostic model for SHMP, imple-
mented as a novel equivariant latent diffusion model that adds the adja-
cency matrix A of the motion kinematics as input. (I) A transformer autoen-
coder learns a latent space z equivariant to joint order permutation. (II) A denoiser
predicts future motion in this latent domain conditioned on the observed past X.

Y € RTr*7%3 gyer a prediction horizon of Ty frames. Each motion sequence
is described with respect to a kinematic structure K, as already discussed in
Sec. 2.1. Formally, we define a kinematics K := (V;, E) as an undirected graph
with semantically labeled vertices V. and edges E. We refer to nodes as joints
and edges as limbs or bones, and we define the cardinality |XC| equal to the
number of joints. Each vertex v, ; represents a joint with a connected semantic
convention label that distinguishes among joint types and kinematics conven-
tions. The kinematic configuration K is fixed within each dataset across all
motion sequences, so we usually refer to a kinematics with the name of the
dataset: e.g. KA for AMASS [63], K for H36M [38], and KV for Nymeria [62],
where different individuals in the same dataset have the same kinematics IC but
different bone lengths. Typically, models are evaluated on the test set of the
dataset they were trained on, in-domain, and within the same kinematics. The
popular mesh SMPL model, which underlies the AMASS kinematics, has led to
smaller data collections [66,90] that share the kinematics K. These datasets
are occasionally used for evaluation on out-of-distribution motions, i.e., zero-shot
motion for SHMP. For the first time in SHMP, we investigate zero-shot kine-
matics, the case where inference kinematics differ from those seen at training.
While both evaluations are theoretically independent, the nature of the datasets
leads to zero-shot kinematics, which often implies zero-shot motion. Zero-shot
kinematics also covers partial kinematics, representing limbs that are occluded
or missing due to physical impairments. While partiality is highly relevant for
real-world applications, data collection is not straightforward, and there are no
specific SHMP datasets to date. Partial motions are thus usually investigated
by masking limbs of motions parametrized with existing full-body kinematics.
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3.2 Kinematics-Agnostic SHMP

While kinematics-agnostic models have been investigated in other domains, such
as character animation from text [28,57], motion classification [47], and robotics
[5], the problem of addressing multiple skeleton kinematics has not been ad-
dressed or formalized in SHMP so far. Existing SHMP approaches assume a
single, fixed skeleton kinematics inherited from the training dataset [7,15,19,21,
30, 36,85, 109]. Instead, we are interested in a model that natively supports 1)
training on multiple kinematics, and 2) inference on novel kinematics, partial or
full-body, not seen at training time, i.e., in a zero-shot kinematics setting. We
call such a model kinematics-agnostic.

Formally, let Kiain = {K', K2, ...,K%} be the set of kinematic settings seen
a training time by a method f, S the number of train skeletons, and K. the
set of kinematics used for evaluation. When we perform evaluation on a motion
under the kinematic setting K' € Kiost With Kerain N Keest = (), we regard this
as a zero-shot scenario. Previous SHMP approaches have been limited to NV =1
and Kirain = Kiest due to their kinematics-specific design decisions, requiring a
trained instance for each kinematics. While zero-shot kinematics may be achieved
at least in some cases through overly convoluted engineering, we advocate for a
method that achieves zero-shot kinematics by design.

Intuitively, the core requirement is that the model must accommodate kine-
matic chains with an arbitrary number of joints. We formalize this as a constraint
on the learnable parameters ©.

Lemma 1 To handle arbitrarily sized kinematic chains KC, the learned parame-
ters © of a model cannot be dependent on the number of joints i.e. the cardinality
of the input KC:

e .

Indeed, in the trivial case W € R7*7, the weights do not generalize to any
new |IC/| > J. And generally, allocating independent parameters W for each
joint 7 € 1...J lets the parametrization © grow with J and change when-
ever the kinematic chain changes, violating the Lemma. Yet previous works
in both deterministic [51,65,111] and stochastic HMP [19, 80, 85] intentionally
learn joint-dependent weights to extract strong dataset- [111] and kinematics-
specific [19,80] priors, and thus cannot cannot satisfy Lemma 1 (we prove this
by counterexample for each architecture class in Appendix B.2).

We recognize that this requirement is naturally fulfilled by models f that
are permutation equivariant f(PX) = P f(X) with respect to arbitrary joint
reordering P € R7*Y.

Theorem 2. Let o(X) = WXG be a general network operation for feature
extraction on an input X € R7*F. [If o(X) is permutation equivariant under
joint reordering, i.e. P o(X) = o(PX) for any permutation P € R7*7  then the
number of learned parameters |0| is constant in J, and Lemma 1 is satisfied.
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In other words, weights must be shared across all joints, and the model must
behave consistently under any reordering of these instances. Permutation equiv-
ariance is therefore sufficient, though not necessary, for kinematics-agnosticism.
We report the full proof in Appendix C.1. Since equivariance is preserved under
composition, a network f built entirely from equivariant operations o is end-
to-end permutation equivariant. With this motivation, we decide to implement
our kinematics-agnostic solution as a permutation equivariant model. While we
already mentioned that previous work do not fulfill the Lemma, we also prove
numerically and mathematically in Appendix C.4 that their architectural de-
signs are not equivariant. We present an intuitive high level explanation on why
this is the case in Appendix B.1 and in the next section.

3.3 EquiFusion

Overview. Based on the previously presented findings on permutation equivari-
ance fulfilling the premise of a kinematics-agnostic model, we implement Equi-
Fusion as an equivariant latent diffusion model (Fig. 2). We design a novel end-
to-end equivariant framework consisting of (i) an autoencoder mapping motion
sequences M to and from the latent space z € R7*% and (ii) a denoiser that
predicts future motions in the latent domain zg conditioned on the embedding
Zpast = €(X) of the input past X.

FEquivariant Latent Diffusion The generative process of diffusion models [34]
is known to be computationally expensive in input space [23,72]. To gain in
efficiency we operate in a lower-dimensional latent space [7,19] and opt for la-
tent diffusion models (LDM) [76]. While previous approaches learn a mapping
fr(X) = Y for a fixed skeletal kinematics K, we support operations on different
kinematics out-of-the-box, by making the connectivity A of the kinematics K
an explicit input to the model. We thus design a novel framework architecture
that is end-to-end formally permutation equivariant w.r.t. its inputs:

f(X,A)=Y, with f(PX,PAP")=Pf(X,A). (2)

Equivariance in LDMs requires an equivariant denoiser and a latent space that
preserves input permutations [56,89,95]. Although this space can be learned non-
deterministically (e.g., via VAEs [76]), we adopt a deterministic approach to
improve training stability [106]. At inference, new latent variables are sampled
from a univariate Gaussian distribution. Since this sampling is i.i.d., sample-
wise equivariance is guaranteed only in a deterministic setting where the noise
is fixed and permuted accordingly. Indeed, in generative models, permutation
equivariance holds at a distribution level. We provide a detailed discussion in
Appendix C.3. Differently from previous LDM in SHMP [7,19], we implement
the autoencoder as a transformer rather than a recurrent network, gaining in
inference speed. We follow the training paradigm of LDM [76] adapted to SHMP
[7,19]. Further details and equations in Appendix D.
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EquiFusion’s Architecture. In looking for a permutation equivariant (PEQ) ar-
chitecture, the reader may already be thinking that Graph Convolution Networks
(GCN) [43] naturally fulfill the requirement [41]. However, while many SHMP
models are based on GCN [7,19,51,80,85], no one of them enjoys PEQ. The rea-
son is that independently extracted features are not aggregated according to the
connectivity of the graph [43], but according to learned weights W € R/*7 that
explicitly depend on the number and position of joints [19,51,75]. Such practice
in deterministic [111] and SHMP [19, 80, 85] showed advantages in leveraging
dataset-specific priors (e.g. action [111] or joint-specific [19,80]). However, such
implicit bias is detrimental in our case. We advocate for a kinematics-agnostic
formulation aligning with [43]. Specifically, for an initial input Z € R7>*3T | we
implement a convolution c¢ as:

c(Z,A)=WZG; +ZGo+b, with W=D'A (3)

where the weights Gg, G € RFi*Fo learn to extract features for a joint itself or its
neighbours respectively, b€ Rf° is learned, D the normalizing degree matrix [43]
of A, F; and F, are the input and output feature dimensions. This operation
fulfills equivariance not only with respect to a vector X, but also with respect
to the input matrix A [89], which excludes otherwise compelling layers [107].
We want to consider the skeleton graph on a global scale in addition to the
local scale of Eq. (3), and do so via Graph Attention (GAT) [92] or multi-head
self-attention [91] with joints as token dimension.

Att(Z, A);, = softmax (CQ(z, Ak (Z,A)T /\/170) ev(Z,A) (4)

Particularly, we employ the operation in Eq. (3) to compute Q, K, and V for
attention on each of the h heads. Building on these operations, we design a
novel end-to-end equivariant architecture. Noticeably, by definition, attention
layers [91] without positional encodings are PEQ along their token dimension.
But in transformer-based SHMP approaches |7, 15, 21, 64, 85, 96, 109], or ap-
proaches that treat joints as features [15,50, 78], tokens are reserved for the time
dimension instead of the joints (against Lemma 1). We provide mathematical
proof that our architecture is end-to-end equivariant in Appendix C.2, together
with experimental results on equivariance for the baselines. To the best of our
knowledge, an end-to-end PEQ architecture over joint orderings has not been
demonstrated before for SHMP.

Additional Advantages. While equivariance may be learned via extensive aug-
mentation (as for molecule generation [4,99]), we chose to fulfill it mathemat-
ically by design, reducing model and learning complexity [10, 61]: on just a
single dataset [38], our kinematics-agnostic approach achieves state-of-the-art
results with 75% fewer parameters than the latest baseline SkelDiff [19], requir-
ing around half of the training and inference time (see Fig. 3 and discussion in
Sec. 4.2). Furthermore, our equivariance property allows us to train natively on
multiple datasets Kiyain = {4, KV} leveraging for the first time the two largest
SHMP datasets at once, AMASS and Nymeria.
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the number of supported datasets i.e. kinematics, we do not; (right) we achieve SOTA
precision, averaged over three datasets [38,62,63], with a single model instance.

3.4 Directions as Motion Parametrization

Motion representation is a critical choice in SHMP, especially for our aims of
ensuring compatibility across disparate datasets and motion formats. Despite its
importance, this remains underinvestigated in SHMP literature, where 3D joint
absolute coordinates (Sec. 2.4) remain the de facto standard. While flexible, this
representation suffers from limb stretching and physically inconsistencies [19,21].
Conversely, joints’ rotation angles relative to the kinematic chain parent(as in
SMPL [60]) preserve the body structure by design, but require a canonical pose,
which is not always available. We propose a robust middle ground by representing
the joints as the relative direction vector w.r.t. the parent joint, i.e. L, € RE*3,
where each limb i is defined by the vector between a joint ¢ and its parent.

Li =M — MMt =1 .. B. (5)

We report the details in Appendix D.3. This parametrization has several advan-
tages: 1) it is easily derived from both positions and angles pose representations,
facilitating cross-dataset training; 2) it eliminates limb stretching by rescaling
relative distances between joints based on past observations at inference time; 3)
it remains numerically stable during training [9] without singularities typical of
rotation spaces [29,80]. We use the average limb length of the training data as a
heuristic for generating missing limbs. Empirical results in Tab. 5 demonstrate
that this representation improves realism and diversity metrics also for other
SHMP methods, without requiring any change to existing SHMP architectures.

4 Experiments

4.1 Experimental Settings

Datasets. We follow the evaluation settings of [7, 15,19, 85], and include an
additional dataset [62]: in addition to the protocols involving the highly diverse
AMASS (A) dataset [63], and the widely employed, but involving only 7 subjects,
H36M (H) [38], we also include Nymeria (N) [62], after adapting it to SHMP.
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Table 1: Evaluation of zero-shot kinematics on H36M (K) [38]. We support
inference on novel kinematics out-of-the-box, while previous approaches require addi-
tional kinematics conversion [15,35]. Baselines are trained on AMASS [63] (A, K*). We
are the first to natively support multiple kinematics and thus present a model trained
additionally on Nymeria [62] (N, K¥). The best results are highlighted in bold, second-
best are underlined. Conventional SHMP metrics rank identically, see Tab. 19.

Precision | MM GT | Div 1T Realism | Body Real |
Units K cm cm  deg® cm cm m - - % %
Method new uADE vFDE MAE uMMA uMMF vAPD CMD FID str jit
ZeroVel 11.77 17.88 6.753 13.74 18.56 0.000 22.822 - 0.00 0.00

TPK [96]+ [35]
DLow [109]+ [35]
GSPS [64]+ [35]
DivSamp [21]+ [35]
BeLFusion [7]+ [35]
CoMusion [85]+ [35]
SkelDiff [19]+ [35]

13.81 16.1322.276 14.60 16.22 1.469 10.051 3.773 19.55 0.46
12.71 14.8021.887 13.60 14.97 2.060 9.204 2.87520.26 0.53
9.29 11.91 8.107 10.85 12.35 2.069 7.409 1.73511.51 0.38
9.27 12.61 8.374 11.42 13.27 4.21047.783 5.629 18.47 1.01
9.24 11.62 8.200 10.93 12.16 1.305 8.031 1.195 9.81 0.34
10.07 12.1521.066 12.49 12.96 2.070 8.587 1.426 15.98 0.51
10.81 14.99 14.947 12.75 15.42 0.992 7.616 5.25211.25 0.28

S % ™% xxxxs

EquiFusion(A)
EquiFusion(A+N)

7.86 10.47 5.861 10.66 11.61 1.973 7.061 0.691 0.00 0.00
7.71 10.21 5.683 10.58 11.36 1.797 7.349 0.504 0.00 0.00

Details of this process are reported in Appendix G.2, but overall the final size
is comparable to AMASS and the quality of the motions is less dynamic. While
the notation K denotes exclusively kinematics, the letters A,H,N denote training
data, automatically implying the corresponding kinematics. See Sec. 3.1 and
Sec. 2.1 for details on kinematics. We test models trained on A for the zero-shot
motion scenario of MoYoga (K4) [90].

Metrics. Conventionally employed metrics [7,19,109] can be categorized into
precision, diversity, realism, and body realism (see Appendix F for extensive def-
initions). Current metrics ADE, FDE, APD cannot be used to compare methods
across datasets because they are dependent on the number of joints and cannot
be measured in meters i.e. they include a cofactor ~ v/.J. Hence we introduce
corresponding revised, unified versions vADE, uFDE, uAPD measured in cen-
timeters (uADE, «FDE with their multimodal counterpart) or meters (¢APD).
Note that wADE is mathematically equivalent to the mean per-joint projection
error (MPJPE), widely employed in other vision tasks. Since they differ by just
a cofactor, unified metrics rank identical to conventional metrics, which are pro-
vided for every table in the appendix.

Baselines. SOTA baselines [7, 15, 19, 21, 64, 85, 96, 109] do not support novel
kinematics out-of-the-box, while we do so by design. To enable evaluation in a
zero-shot kinematics setting for baselines, as described in Sec. 2.3, we perform
kinematics conversions following Holden et al. established by [15]. We include the
ZeroVelocity baseline (ZeroVel), a competitive algorithmic baseline that repeats
the last frame of the past observation for all future frames [109].
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Ours SkelDiff

Fig. 4: Qualitatives for zero-shot kinematics on H36 M (K") [38]. We report the
prediction closest to the GT for our method and SkelDiff [19], which does not support
novel skeletons natively and is thus combined with a retargeting procedure [35]. While
this challenging dynamic kick is not reproduced by either works, our prediction is
realistic and coherent with the observation. SkelDiff is unable to generate a semantically
close motion and cannot recover from the degradation introduced by retargeting.

4.2 Comparison

Zero-Shot full-body Kinematics . In the main body of this paper, we concentrate
on the realistic case that the SHMP model is trained on the kinematic K4 cor-
responding to the dataset with the largest data amount available, AMASS [63],
and inference is performed on a skeleton kinematics ¥ with fewer joints and a
smaller dataset, H36M [38]. This is the most advantageous setting for a SHMP
model, as it is trained with a stronger prior (we discuss the more challenging,
reverse scenario in Appendix H.2). We report quantitative results in Tab. 1. Cur-
rent SOTA approaches do not support this zero-shot kinematics scenario on ICH
out-of-the-box, and the input motion must first be converted via retargeting [35]
to the kinematics supported by the model (see discussion in Sec. 2.3). Isolating
the retargeting error from the baseline error completely is not possible, but via
triangle inequality we estimate an upper bound. We see that baselines can re-
cover from input retargeting: SkelDiff’s total error 10.81 cm is around half of
the upper bound 22 cm (further analysis in Appendix H.3). Our model instead,
Tab. 1, can operate natively on any kinematics and achieves the best results, with
an improvement up to 27% for precision metrics, and 72% for realism. As al-
ready discussed by previous works [7,19], evaluating the multidimensional HMP
problem is complex, and the numerous metrics are often complementary: a high
diversity scores (APD) can be originated by unrealistic and ill-posed motions, as
shown by the poor realism and body realism results of the VAE-based method
DivSamp [21]. When considering the latest diffusion method, SkelDiff [19], our
generated motions are almost twice as diverse. Additionally, our motion repre-
sentation as bone direction delivers perfect body realism by definition, and we
discuss it further in Sec. 4.2. A qualitative result can be seen in Fig. 4.

Multi-dataset Training. Our key ability to train on multiple kinematics translates
into the ability to train on any dataset simultaneously. We leverage for the first
time the two largest SHMP datasets, AMASS (A) and Nymeria (N), and report
results for our method trained on the combination of both (A+N). As expected,
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Table 2: Out-of-distribution MoYoga Table 3: Occlusion of a random limb (leg
[90] for models trained on AMASS [63]. or arm) at inference on AMASS test set.

/ A
MoYoga (K*) AMASS (K7)

© Precision | Divt Reall B. Reall K Precision 4 Divt B. Real |

_—— Method train ADE FDE MAE APD str jit

Method  train ADE FDE MAE APD CMD str jit — raim str )

— SkelDiff [19] A - - - -

ZeroVel - 0.709 1187 7.954 0.000 20.333 0.00 0.00  SeIDiff [19]41p A 0.574 0.727 6.996 8.890 8.15 0.27

SkelDiff [19] A 0.567 0.892 8.048 13.304 15.710 7.25 0.29  SkelDiff [19]+s] A  0.567 0.683 7.162 9.274 5.64 0.23
EquiFusion A 0.501 0.780 6.982 13.153 11.961 0.00 0.00  EquiFusion A 0.553 0.618 10.190 10.152 0.00 0.

EquiFusion A+N 0.492 0.786 6.596 12.467 7.095 0.00 0.00 EquiFusion A+N 0.499 0.553 8.777 9.099 0.00 0.00

training on an additional kinematic type (i.e. V) and more data unlocks better
performance. Our gains in this cross-dataset setting do not come from increased
data diversity alone: we see that only 2% of our 29%ADE improvement and
27% of our 90% FID come from the multi-dataset training. The only difference
between EquiFusion(A), trained only on AMASS, and EquiFusion(A+N) is the
training data, while the architecture and hyperparameters remain the same. We
find the fact remarkable, highlighting the need for methods that natively reason
over any dataset and kinematics and opening future discussion on the impact of
different motion distributions on training.

Scalability to Any Kinematics. Fig. 3 highlights the impact on scaling and ef-
ficiency of our method. The kinematics-agnostic property grants us two advan-
tages: 1) the number of training parameters does not increase with the number
of joints J of the training kinematics K (e.g. SkelDiff requires more parameters
for AMASS compared to H36M as AMASS has more joints); 2) we scale con-
stantly with the number of supported datasets or kinematics because a single
instance of our method can handle all kinematics, full-body or partial, that cur-
rently exists or will be released in the future. Instead, as shown on the left plot
of Fig. 3, baselines require a new instance for each kinematics. Therefore, when
comparing instances on a single dataset (AMASS), we are 75% more compact
(70% on H36M) than the latest baseline SkelDiff [19], while when considering
three datasets (right plot of Fig. 3), we are 90% more compact. Our inference and
training time are halved, despite training on multiple datasets (Appendix H.1).

Out-of-distribution Motions on MoYoga (KK ). In Tab. 2 we report quantitative
evaluation on the MoYoga dataset [90], containing out-of-distribution motions
recorded via MoCap. Since this dataset shares the same kinematics as the train-
ing dataset AMASS (K4), baselines allow testing without retargeting. Our ar-
chitecture outperforms the most recent and competitive baseline, SkelDiff [19],
showcasing the stronger generalization capability of our model and again the
advantages of using a richer prior. This is best highlighted in the qualitative
results provided on our webpage.

Zero-Shot Partial Kinematics. Performing SHMP with partial input skeletons
in a zero-shot setting, without training for it specifically, constitutes an excit-
ing opportunity opened by our method. We also find it particularly relevant
for applications, as it allows, depending on the upstream acquisition (MoCap
or video), to represent uncertainty or occlusions. EquiFusion natively supports
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Table 4: Ablations for methods trained
on multiple datasets, AMASS(K*) and
Nymeria(KY), tested on AMASS (K*) as
usual for single-kinematics and on H36M
(K™ for zero-shot kinematics.

Table 5: Models trained on AMASS [63]
with two different motion parametriza-
tion: the proposed bone directions L or
the conventional 3D positions M.

AMASS (K4)

AMASS ()CA) H36M ()CH) Precision | Div T Real | B. Real |
Method ADE| MAE | CMD| ADE| MAE | CMD| Mot. ADE FDE MAE APD CMD str jit
Modified [19]  0.500 7.007 19.233 0.670 12.065 31.461 SkelDiff [19] M 0.480 0.545 6.124 9.456 11.417 3.15 0.20
Ours w/o Eq ~ 0.539 6.974 22.294 0.467 7.245 9.559 SkelDiff [19] L 0.496 0.546 6.193 9.960 9.143 0.00 0.00
Ours 0.512 6.525 19.699 0.380 5.685 8.086
Ours on P+ Pe 0.512 6.525 19.699 0.380 5.685 8.086 Ours M 0501 0.561 6.551 8.348 13.963 3.58 0.27
Ours on P 0.513 6.529 19.686 0.380 5.680 8.088 Ours L 0.498 0.559 6.173 8.413 12.530 0.00 0.00
Ours+S 0.508 6.456 19.492 0.381 5.708 8.526

flexible kinematics, and so also this scenario. For quantitative evaluation, we
randomly remove full limbs (i.e., legs or arms consisting of three joints) from
every input sequence in the AMASS test set and pass them to the networks
(Tab. 3). To let the most recent and competitive baselines operate in this case,
we adopt two heuristics. In the first, we complete the missing information with
the one from the rest pose (+rp), simulating a “mask” effect. In the second step,
we replicate the motion observed from the symmetric counterpart (+sl), result-
ing in more realistic motions. Despite the symmetric completion enhancing the
diversity of predictions and improving body realism, we observe that precision
is still lacking. Our model instead predicts a reasonable future regardless of the
missing part. Also in this case, relying on a wider motion prior (A+N) helps
overcoming the missing information. Qualitative results are presented on our
website. Apart from its applicative relevance to face occlusions, we also foresee
our flexibility handy for tackling marginalized categories, such as individuals
with diverse body types and those with missing limbs.

Conventional Single-kinematics SHMP. Beyond cross-kinematics, our approach
achieves state-of-the-art competitive performance on the in-domain, same kine-
matics evaluation of conventional SHMP benchmarks, i.e. on the designed test
set of each dataset, for the kinematics belonging to that dataset. Besides AMASS
[63] in Tab. 17 and H36M [38] in Tab. 16, we additionally train and evaluate
the latest SHMP diffusion models on Nymeria in Tab. 18. The precision uADE
averaged over all three datasets is reported in Fig. 3. Remarkably, while different
methods require manual tuning of hyperparameters for each dataset [7,15,19,85],
our method employs only a single configuration.

Ablations. We first validate our approach in Tab. 4. We show that a model
whose weights are learned in dependence of joints, despite being trained with
data augmentation on multiple kinematics on the same amount of data (A+N),
does achieve competitive performance on the training kinematics (A), but fails
at zero-shot kinematics on H36M. This shows in current settings, data alone
does not guarantee kinematics-agnostic models. See Appendix G.1 for how we
adapt the most competitive baseline [19] to multidataset training. Breaking our
equivariance property by inserting positional encoding (Ours w/o Eq) leads to
failure at zero-shot kinematics: equivariance guarantees kinematics-agnostic ca-
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pabilities. We verify that our model remains equivariant under permutations of
joints, adjacency, and noise (Ours on P+Pe). We empirically validate end-to-end
equivariance under stochastic sampling (i.e. we permute joints and adjacency on
the same noise realization and compare outputs) as (Ours on P). Furthermore,
providing explicit joint semantics (e.g., limb side or type) is non-trivial (per-
mutation equivariance must hold) and yields no gains (Ours+S); the motion’s
temporal information alone suffices to distinguish limbs, as human degrees of
freedom are invariant. In Tab. 5 we validate the choice of using bone directions
as motion representation, showing its contribution to both our method and the
baseline SkelDiff. In both cases, such a representation has a limited impact on
precision and diversity, while leading to improved realism by 10% and achieving
perfectly consistent limb length by design. Further metrics and more detailed
ablations are reported in the appendix.

5 Conclusion

Limitations and Future Work We introduced a novel motion parameterization,
bone directions, whose formulation guarantees perfect adherence to bone length
constraints. However, this representation handles only missing joints which are
leaves of the kinematic chain; it does not support, e.g., a missing elbow when the
hand joint is present. While such occlusions can be represented naturally in the
input adjacency matrix, extending bone directions to handle them remains open.
Beyond this, several broader directions warrant exploration. Training on multiple
datasets with differing motion distributions raises open questions about how data
quality, particularly the prevalence of dynamic movements, affects performance
at inference time in both in-domain and cross-dataset scenarios. Finally, future
work may integrate skeletons beyond human kinematics, investigating bipedal
and quadrupedal animal motion.

Conclusions We presented EquiFusion, a novel and fundamentally more general-
izable approach to Stochastic 3D Human Motion Prediction (SHMP). By formu-
lating the skeleton kinematics as an explicit input and designing an end-to-end
permutation-equivariant architecture for a latent diffusion model, we successfully
sever SHMP models’ reliance on graph structures hard-coded at training time.
This paradigm enables a single model to generalize zero-shot to unseen datasets
and eliminates the need for expensive and inaccurate data retargeting. Beyond
resolving the generalization bottleneck, EquiFusion achieves state-of-the-art per-
formance with remarkably enhanced efficiency and supports novel tasks such as
partial motion prediction and targeted limb generation. This represents a funda-
mental shift from kinematics-specific models toward a truly kinematics-agnostic,
generalizable SHMP framework.
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