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PROTORES: PROTO-RESIDUAL NETWORK FOR POSE
AUTHORING VIA LEARNED INVERSE KINEMATICS

Boris N. Oreshkin∗ Florent Bocquelet Félix G. Harvey Bay Raitt Dominic Laflamme

ABSTRACT

Our work focuses on the development of a learnable neural representation of
human pose for advanced AI assisted animation tooling. Specifically, we tackle the
problem of constructing a full static human pose based on sparse and variable user
inputs (e.g. locations and/or orientations of a subset of body joints). To solve this
problem, we propose a novel neural architecture that combines residual connections
with prototype encoding of a partially specified pose to create a new complete pose
from the learned latent space. We show that our architecture outperforms a baseline
based on Transformer, both in terms of accuracy and computational efficiency.
Additionally, we develop a user interface to integrate our neural model in Unity, a
real-time 3D development platform. Furthermore, we introduce two new datasets
representing the static human pose modeling problem, based on high-quality human
motion capture data, which will be released publicly along with model code.

1 INTRODUCTION

Modeling human pose and learning pose representations have received increasing attention recently
due to their prominence in applications, such as computer graphics and animation (Harvey et al.,
2020; Xu et al., 2020); immersive augmented reality (Facebook Reality Labs, 2021; Capece et al.,
2018; Lin, 2019; Yang et al., 2021); entertainment (McDonald, 2018; Xpire, 2019); sports and
wellness (Rosenhahn et al., 2008; Kim et al., 2021) as well as human machine interaction (Heindl et al.,
2019; Casillas-Perez et al., 2016; Schwarz et al., 2014) and autonomous driving (Kumar et al., 2021).
In the gaming industry, state-of-the-art real-time pose manipulation tools, such as CCD (Kenwright,
2012), FABRIK (Aristidou & Lasenby, 2011) or FinalIK (RootMotion, 2020), are popular for rapid
execution and rely on forward and inverse kinematics models defined via non-learnable kinematic
equations. Inverse kinematics (IK) is the process of computing the internal geometric parameters of a
kinematic system resulting in the desired configuration (e.g. global positions) of system’s joints (Paul,
1992). Forward kinematics (FK) refers to the use of the kinematic equations to compute the positions
of joints from specified values of internal geometric parameters. While being mathematically accurate,
non-learnable IK models do not attempt reconstructing plausible human poses from underconstrained
solutions derived from sparse constraints (e.g. positions of a small subset of joints).

In this paper we develop a neural modeling approach to reconstruct full human pose from a sparse
set of constraints supplied by a user, in the context of pose authoring and game development. We
bridge the gap between skeleton-aware human pose representation based on IK/FK ideas and the
neural embedding of human pose. Our approach effectively implements a learnable model for
skeleton IK, mapping desired joint configuration into predictions of skeleton internal parameters
(local rotations), learning the statistics of natural poses using datasets derived from high-quality
motion capture (MOCAP) sequences. The approach, which we call ProtoRes, models the semantics of
joints and their interactions using a novel prototypical residual neural network architecture. Inspired
by prototypical networks, which showed that one semantic class can be represented by the prototype
(mean) of a few examples (Snell et al., 2017), we extend it using a multi-block residual approach:
the final pose embedding is a mean across embeddings of sparse constraints and across partial pose
predictions produced in each block. We show that in terms of the pose reconstruction accuracy,
ProtoRes outperforms existing gaming industry tools such as FinalIK, as well as out-of-the-box
machine-learning solution based on Transformer (Vaswani et al., 2017), which also happens to be 10
times less effective in terms of training speed than the proposed architecture.

∗All authors are with Unity Labs; correspondence to: B.N. Oreshkin, boris.oreshkin@gmail.com
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Finally, we develop user-facing tools that integrate learned ProtoRes pose representation in the Unity
game engine (see Fig. 1). This provides convincing qualitative examples of solutions to the problem
of the AI assisted human pose authoring. At the qualitative level, getting traditional workflows to
behave the way ProtoRes does would require one to use many techniques in tandem, including IK, FK,
layered animation pose libraries, along with procedural rigs encoding explicit heuristics. The process
would be highly labor-intensive even for an experienced user while the results would still be of
variable fidelity depending on their skill. This is because traditional rigs have no bias towards realistic
poses and only allow exploring a limited linear latent space defined by uniform interpolation of a
heuristic constraint system. ProtoRes forms a foundation that allows any junior or indie/studio user
to bypass these existing complexities and create entirely new workflows for meaningfully exploring
learned latent space using a familiar yet far more powerful way. We believe that our model and tools
will help speed up the animation process, simplify and democratize game development.

1.1 BACKGROUND

Figure 1: ProtoRes completes full human pose using an
arbitrary combination of 3D coordinates, look-at targets and
world-space rotations specified by a user. The animation is
best viewed in Adobe Reader.

We consider the full-body pose author-
ing animation task depicted in Fig. 1.
The animator provides a few inputs,
which we call effectors, that the tar-
get pose has to respect. For example,
the look-at effector specifies that the
head should be facing a specific di-
rection, the positional effectors pin
some joints to specific locations in
global space and rotational effectors
constrain the world-space rotations of
certain joints. We assume that the an-
imator can generate arbitrary number
of such effectors placed on any skele-
tal joint (one joint can be driven by
more than one effector). The task of
the model is to combine all the infor-
mation provided via effectors and gen-
erate a plausible full-body pose respecting provided effector constraints. We define the full-body
pose as the set of all kinematic parameters necessary to recreate the appearance of the body in 3D.

We assume that each effector can be represented in the space Rdeff , where deff is taken to be maximum
over all effector types. Suppose we have 3D position and 6D rotation effectors: deff is 6. In position
effectors, 3 extra values are 0. We formulate the pose authoring problem as learning the mapping
¡q : RN×deff → Rdkin with learnable parameters q ∈Q. ¡q maps the input space RN×deff of variable
dimensionality N (the number of effectors is not known apriori) to the space Rdkin , containing all
kinematic parameters to reconstruct full-body pose. A body with J joints can be fully defined using
a tree model with 6D local rotation per joint and 3D coordinate for the root joint, in which case
dkin = 6J +3, assuming fixed bone lengths. Given a dataset D = {xi;yi}M

i=1 of poses containing pairs
of inputs xi ∈ RN×deff and outputs yi ∈ Rdkin , ¡q can be learned by minimizing empirical risk:

¡q = argmin
q∈Q

1
M å

xi;yi∈D
L(¡q (xi);yi) (1)

1.2 RELATED WORK

Joint representations. Representing pose via 3D joint coordinates (Cheng et al., 2021; Cai et al.,
2019; Khapugin & Grishanin, 2019) is sub-optimal as it does not enforce fixed-length bones, nor
specifies joint rotations. Predicting joint rotations automatically satisfies bone length constraints and
adequately models rotations (Pavllo et al., 2018), which is crucial in downstream applications, such as
deforming a 3D mesh on top of the skeleton, to avoid unrealistic twisting. This is viable via skeleton
representations based on Euler angles (Han et al., 2017), rotation matrices (Zhang et al., 2018) and
quaternions (Pavllo et al., 2018). In this work, we use the two-row 6D rotation matrix representation
that addresses the continuity issues reminiscent of the other representations (Zhou et al., 2019).
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Pose modeling architectures.Multi-Layer Perceptrons (MLPs) (Cho & Chen, 2014; Khapugin &
Grishanin, 2019; Mirzaei et al., 2020) and kernel methods (Grochow et al., 2004; Holden et al., 2015)
have been used to learn single pose representations. Beyond single pose, skeleton moving through
time can be modeled as a spatio-temporal graph (Jain et al., 2016) or as a graph convolution (Yan
et al., 2018; Mirzaei et al., 2020). A common limitation of these approaches is their reliance on a
�xed set of inputs, whereas our architecture is speci�cally designed to handle sparse variable inputs.

Pose prediction from sparse constraints.Real-time methods based on nearest-neighbor search,
local dynamics and motion matching have been used on sparse marker position and accelerometer
data (Tautges et al., 2011; Riaz et al., 2015; Chai & Hodgins, 2005; Büttner & Clavet, 2015). MLPs
and RNNs have been used for real-time processing of sparse signals such as accelerometers (Huang
et al., 2018; Holden et al., 2017; Starke et al., 2020; Lee et al., 2018) and VR constraints (Lin, 2019;
Yang et al., 2021). These approaches rely on the past pose information to disambiguate next frame
prediction and as such are not applicable to our problem, in which only current pose constraints
are available. Iterative IK algorithms such as FinalIK (RootMotion, 2020) have been popular in
real-time applications. FinalIK works by setting up multiple IK chains for each limb of the body
of a prede�ned human skeleton and for a �xed set of effectors. Several iterations are executed to
solve each of these chains using a conventional bone chain IK method, e.g. CCD. In FinalIK, the end
effector (hands and feet) can be positioned and rotated, while mid-effectors (shoulders and thighs)
can only be positioned. Effectors can have a widespread effect on the body via a hand-crafted pulling
mechanism that gives a different weight to each chain. This and similar tools suffer from limited
realism when used for human full-body IK, as they are not data-driven. Learning-based methods strive
to alleviate this by providing learned model of human pose. Grochow et al. (2004) proposed a kernel
based method for learning a pose latent space in order to produce the most likely pose satisfying
sparse effector constraints via online constrained optimization. The more recent commercial tool
Cascadeur uses a cascade of several MLPs (each dealing with �xed set of positional effectors: 6,
16, 28) to progressively produce all joint positions without respecting bone constraints (Khapugin &
Grishanin, 2019; Cascadeur, 2019). Unlike our approach, Cascadeur cannot handle arbitrary effector
combinations, rotation or look-at constraints and requires post processing to respect bone constraints.

Permutation invariant architectures. Models for encoding unstructured variable inputs have been
proposed in various contexts. Attention models (Bahdanau et al., 2015) and Transformer (Vaswani
et al., 2017) have been proposed in the context of natural language processing. Prototypical net-
works (Snell et al., 2017) used average pooled embedding to encode semantic classes via a few
support images in the context of few-shot image classi�cation. Maxpool representations over variable
input dimension were proposed by Qi et al. (2017) as PointNet and Zaheer et al. (2017) as DeepSets
for segmentation and classi�cation of 3D point clouds, image tagging, set anomaly detection and
text concept retrieval. Niemeyer et al. (2019) further generalized the PointNet by chaining the basic
maxpool/concat PointNet blocks resulting in ResPointNet architecture.

1.3 SUMMARY OF CONTRIBUTIONS

The contributions of our paper can be summarized as follows.

• We de�ne the 3D character posing task and publicly release two associated benchmarks.

• We show that a learned inverse kinematics solution can construct better poses, qualitatively
and quantitatively, compared to a non-learned approach.

• We extend existing architectures with (i) semantic conditioning of joint ID and type at
the input, (ii) novel residual scheme involving prototype subtraction and accumulation
across blocks, as opposed to maxpool/concat daisy chain of ResPointNet, (iii) two-stage
architecture with computationally ef�cient residual decoder that improves accuracy at
smaller computational cost, as opposed to the naive �nal linear projection approach of
PointNet and ResPointNet, and (iv) two-stage decoder design.

• We propose a novel look-at loss function and a novel randomized weighting scheme com-
bining randomly generated effector tolerance levels and effector noise to increase the
effectiveness of multi-task training.

3



Published as a conference paper at ICLR 2022

Figure 2: ProtoRes follows the encoder-decoder pattern and produces predictions in three steps.
First, the variable number and type of user supplied inputs are processed for translation invariance
and embedded. Second, proto-residual encoder transforms the pose speci�ed via effectors into a
pose embedding. Finally, the pose decoder expands the pose embedding into the full-body pose
representation including local rotation and global position of each joint.

2 PROTORES

ProtoRes, shown in Fig. 2, follows the encoder-decoder pattern, unlike PointNet and ResPointNet that
use a linear layer as a decoding mechanism (Qi et al., 2017; Niemeyer et al., 2019). The encoder has
to deal withN effectors, whereas the decoder processes the collapsed representation of the pose and
is thereforeN times more compute ef�cient. Adding more decoder blocks thus results in accuracy
gains at a fraction of compute cost. Below, we describe the rest of architecture in more detail.

User inputs. ProtoRes accepts position (3D coordinates), rotation (6D representation of Zhou et al.
(2019)) and look-at (3D target position and 3D local facing direction) effectors. All positions are
re-referenced relative to the centroid of the positional effectors to achieve translation invariance.
Translation invariance simpli�es the handling of poses in global space removing the need in universal
reference frame, which is tricky to de�ne. Each effector is further characterized by a positive tolerance
value. Smaller tolerance implies that the effector has to be more strictly respected in the reconstructed
pose. Moreover, the input includes effector semantics encoded via joint ID, an integer in[0;J), and
effector type, indicating a positional (0), rotational (1) or look-at (2) effector. Unlike e.g. PointNet (Qi
et al., 2017) acting on dense extensive point clouds, ProtoRes acts on sparse inputs that barely provide
enough information about the full pose. Therefore, it is critical to provide the semantic information on
whether the given effector affects hands or feet and whether this is a positional or a rotational effector,
for example. Type and joint ID variables are embedded into continuous vectors and concatenated
with effector data, resulting in the encoder input, a matrixxin 2 RN� Ein with Ein corresponding to the
combined dimension of all embeddings plus 6D effector data and a scalar for tolerance.

Pose Encoderis a two-loop residual network. The �rst residual loop is implemented inside each
block depicted in Fig. 2 (bottom right). The second residual loop shown in Fig. 2 (left) implements
the proposed Prototype-Subtract-Accumulate (PSA) residual stacking principle, which we empirically
found to outperform ResPointNet's Maxpool-Concat daisy chain proposed by Niemeyer et al. (2019).
Next, we �rst lay out the encoder equations and then describe the motivation behind them in detail. We
assume the encoder input to bex1 = xin 2 RN� Ein , omitting the batch dimension for brevity, in which
case the fully-connected layerFCr;` , with ` = 1:::L, in the residual blockr, r = 1: : :R, with weights
Wr;` and biasesar;` can be conveniently described asFCr;` (hr;`� 1) � RELU(Wr;`hr;`� 1 + ar;` ). The
prototype layer is de�ned asPROTOTYPE(x) � 1

N å N
i= 1x[i; :]. The pose encoder is then described as:

xr = RELU[br� 1 � 1=(r � 1) � pr� 1]; (2)
hr;1 = FCr;1[xr ]; : : : ; hr;L = FCr;L[hr;L� 1]; (3)
br = RELU[L rxr + hr;L]; fr = Frhr;L; (4)
pr = pr� 1 + PROTOTYPE[fr ]: (5)
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Equations (3) and (4) implement the MLP and the �rst residual loop. The proposed PSA residual
mechanism, described in equations (2) and (5), is motivated by the following. First, it implements the
inductive bias that the information in individual effectors is only valuable when it is different from
what is already stored in the embedding of entire pose. Equation (2) implements this logic by forcing
delta-mode in effectors w.r.t. to the pose embedding,pr� 1, from the previous block, which additionally
creates another residual loop that should facilitate gradient �ow. Second, equation (5) collapses the
forward encoding of individual effectors into the representation of the entire pose via prototype, which
is known to be very effective at representing information from sparse examples (see e.g. Snell et al.
(2017)). Finally, the representation of pose is accumulated across residual blocks in (5), effectively
implementing skip connections from very early layers. Distant skip connections implemented via
concatenation were shown to be effective in DenseNet (Huang et al., 2017). Concatenation based
skipping requires additional computation and is most ef�cient with convolutional networks, in which
kernel size can be traded for feature width while implementing distant skip connections, whereas
accumulation is more compute ef�cient in our context.

Pose Decoderhas two blocks: global position decoder (GPD) and inverse kinematics decoder (IKD).
Both rely on the fully-connected residual (FCR) architecture depicted in Fig. 2 (right). GPD unrolls
the pose embedding generated by encoder into the unconstrained predictions of 3D joint positions.
IKD generates the internal geometric parameters (joint rotations) of the skeleton that are guaranteed
to generate feasible joint positions after forward kinematics pass.

GPD accepts the encoded pose embedding,eb0 = pR 2 RE, and produces 3D position predictions
efR 2 R3J of all skeletal joints using the FCR whoser-th block is described as follows:

hr;1 = FCgpd
r;1 [ebr� 1]; : : : ; hr;L = FCgpd

r;L [hr;L� 1];

ebr = RELU[Lgpd
r

ebr� 1 + hr;L]; efr = efr� 1 + Fgpd
r hr;L:

(6)

Since GPD produces predictions with no regard to skeleton constraints, its predictions do not respect
bone lengths. For the IKD to provide correct rotations, the origin of the kinematic chain in world
space must be given, and GPD conveniently provides the prediction of the reference (root) joint.

IKD accepts inputbb0 2 RE+ 3J, consisting of the concatenation of the encoder-generated pose
embedding,pR 2 RE, and the output of GPD,efR 2 R3J. Effectively, the draft pose generated by GPD,
is used to condition IKD. We show in Section 3 that this additional conditioning improves accuracy.
IKD predicts the 6D angle for each joint,bfR 2 R6J, and itsr-th block operates as follows:

hr;1 = FCikd
r;1 [bbr� 1]; : : : ; hr;L = FCikd

r;L [hr;L� 1];

bbr = RELU[L ikd
r

bbr� 1 + hr;L]; bfr = bfr� 1 + Fikd
r hr;L:

(7)

Forward Kinematics (FK) pass, described in detail in Appendix A, applies skeleton kinematic
equations to the local joint rotations and global root position produced by IKD. For each jointj, it
produces the global transform matrixbG j containing the global rotation matrix,bG13

j � bG j [1 : 3;1 : 3],

and the 3D global position,bg j = bG j [1 : 3;4], of the joint.

2.1 LOSSES

We use three losses to train the architecture in a multi-task fashion. The total loss combines loss
terms additively with weights chosen to approximately equalize their magnitude orders.

L2 losspenalizes the mean squared error between the predictionby and the ground truthy:

MSE(y;by) = ky � byk2
2: (8)

L2 loss is used to supervise the GPD as well as the IKD output after FK pass. In the latter case it
drives IKD to learn to predict rotations that lead to small position errors after FK.

Geodesic losspenalizes the errors of the IKD's rotational outputs. It represents the smallest arc (in
radians) to go from one rotation to another over the surface of a sphere. The geodesic loss is de�ned
for the ground truth rotation matrixR and its predictionbR as (see e.g. Salehi et al. (2018)):

GEO(R; bR) = arccos
h
(tr( bRTR) � 1)=2

i
: (9)

5



Published as a conference paper at ICLR 2022

We believe that using a combination of positional and rotational losses is necessary to learn a high-
quality pose representation. This is especially important when the task is to reconstruct a sparsely
speci�ed pose, giving rise to multiple plausible reconstructions. We argue that a model trained to
reconstruct both plausible joint positions and rotations is better equipped to solve the task accurately.
Empirical evidence presented in Section 3.4 supports this intuition: a model trained on both L2 and
Geodesic generalizes better on both losses than models trained only on one of those terms.

Look-at loss, proposed in this paper, enables the “look-at” feature,i.e. the ability to orient a joint to
face a particular global position (e.g. having the head looking at a given object). It allows the model
to align any direction vectord j 2 R3 of a joint, expressed in its local frame of reference, towards a
global target locationt. Given the predicted global transform matrixbG j , look-at loss is de�ned as:

LAT (t;d j ; bG j ) = arccos
h����!
(t � bg j ) � bG13

j d j

i
: (10)

����!
(t � bg j ) is a unit-length vector pointing at the target object in world space.bG13

j , when multiplied by

d j , represents the global predicted look-at direction. The look-at loss trains the IKD to producebG13
j

consistent with the look-at direction de�ned byt andd j , both provided as network inputs.

2.2 TRAINING METHODOLOGY

The training methodology involves techniques to (i) regularize model via rotation and mirror augmen-
tations, (ii) learn handling of sparse inputs and (iii) effectively combine multi-task loss terms.

Sparse inputsmodeling relies on effector sampling. First, the total number of effectors is sampled
uniformly at random in the range [3, 16]. Given the total number of effectors, the effector IDs (one
of 64 joints) and types (position, rotation, or look-at) are sampled from the Multinomial without
replacement. This induces exponentially large number of effector type and joint permutations,
resulting in strong regularizing effects and teaching the network to deal with variable inputs.

Effector tolerance and randomized loss weighting.The motivation behind randomized loss weight-
ing is two-fold. First, we empirically �nd that when a random weight is multiplicatively applied to
the respective loss term and its reciprocal is used as one of the network inputs for the corresponding
effector, the network learns to respect the tolerance level. When exposed as a user interface feature,
it lets the user control the degree of responsiveness of the model to different effectors. We also
discovered that this only works when noise is added to the effector value and the standard deviation
of the noise is appropriately modulated by tolerance. For example, the noise teaches the model to
disregard the effector completely if the tolerance input value corresponds to the high noise variance
regime. Second, we notice that the randomized weighting improves multi-task training and general-
ization performance. In particular, we observe signi�cant competition between rotation and position
losses on our task. The introduction of the randomized loss weighting seems to turn the competition
into cooperation as our empirical results suggest in Section 3. We implement the randomized loss
weighting scheme via the following steps. For each sampled effector, we uniformly sampleL 2 [0;1]
treated as the effector tolerance. Given an effector toleranceL , noise with the maximum standard
deviationsM modulated byL (noise models used for different effector types are described in detail
in Appendix B) is added to effector data before feeding them to the neural network:

s (L ) = sML h ; (11)
We useh > 10to shape the distribution ofs to smaller values. Furthermore, each effector is attached
with a randomized loss weight reciprocal tos (L ), capped atWM if s (L ) < 1=WM:

W(L ) = min(WM;1=s (L )) : (12)
L drives network input andW(L) weighs the loss term affected by the effector.

The detailed procedure to compute the ProtoRes loss based on one batch item is presented in
Algorithm 1 of Appendix C and the summary is provided below. First, we sample (i) the number of
effectors and (ii) their associated types and IDs. For each effector, we randomly sample the tolerance
level and compute the associated noise std and loss weight. Given noise std, an appropriate noise
model is applied to generate input data based on effector type as described in Appendix B. Then
ProtoRes predicts draft joint positionsefR; j and local joint rotationsbR j . World-space rotations and
positionsbG j for all joints j 2 [0;J) are computed using FK. We conclude by calculating the individual
deterministic and randomized loss terms, whose weighted sum is used for backpropagation.
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Table 1: Key quantitative results: ProtoRes vs. baselines. Lower values are better. Inference speed is
measured per pose solve on NVIDIA Geforce RTX 2080 Super, Intel Core i7 2.30 Ghz.

miniMixamo miniUnity speed, params
L det

gpd� L2 L det
ikd� L2 L det

loc� geo L det
gpd� L2 L det

ikd� L2 L det
loc� geo ms

5-point benchmark
FinalIK 5.53e-3 8.54e-3 0.5287 3.76e-3 7.83e-3 0.5164 0.3 n/a
Masked-FCR 1.30e-3 2.49e-3 0.2607 1.11e-3 2.38e-3 0.2124 5.5 43M
Transformer 1.10e-3 2.06e-3 0.2698 0.92e-3 1.79e-3 0.2138 10.6 24M
ProtoRes 1.00e-3 2.02e-3 0.2534 0.76e-3 1.74e-3 0.20375.5 41M

Random benchmark
Masked-FCR 15.02e-3 35.21e-3 0.3136 1.57e-2 3.23e-2 0.2694 - -
Transformer 1.63e-3 4.32e-3 0.2599 1.27e-3 3.49e-3 0.2006 - -
ProtoRes 1.36e-3 4.16e-3 0.2381 0.93e-3 3.28e-3 0.1817 - -

3 EMPIRICAL RESULTS

Our results demonstrate that (i) ProtoRes reconstructs sparsely de�ned pose more accurately than
existing non-ML IK solution and two ML baselines, (ii) our Prototype-Subtract-Accumulate residual
scheme is more effective than the Maxpool-Concat daisy chain of Niemeyer et al. (2019), (iii) two-
stage GPD+IKD decoding is more effective than IKD-only decoding, (iv) the proposed randomized
loss weighting improves multi-task training, (v) joint Geodesic/L2 loss training is synergetic.

3.1 DATASETS

miniMixamo We use the following procedure to create our �rst dataset from the publicly available
MOCAP data available frommixamo.com , generously provided by Adobe Inc. (2020). We down-
load a total of 1598 clips and retarget them on our custom 64-joint skeleton using the Mixamo online
tool. This skeleton de�nition is used in Unity to extract the global positions as well as global and
local rotations of each joint at the rate of 60 frames per second (total 356,545 frames). The resulting
dataset is partitioned at the clip level into train/validation/test splits (with proportion 0.8/0.1/0.1,
respectively) by sampling clip IDs uniformly at random. Splitting by clip makes the evaluation frame-
work more realistic and less prone to over�tting: frames belonging to the same clip are often similar.
At last, the �nal splits retain only 10% of randomly sampled frames (miniMixamo has 33,676 frames
total after subsampling) and all the clip identi�cation information (clip ID, meta-data/description,
character information, etc.) is discarded. This anonymization guarantees that the original sequences
from mixamo.com cannot be reconstructed from our dataset, allowing us to release the dataset for
reproducibility purposes without violating the original dataset license (Adobe Inc., 2020).

miniUnity To collect our second dataset we prede�ne a wide range of human motion scenarios and
hire a quali�ed MOCAP studio to record 1776 clips (967,258 total frames @60 fps). Data collection
details appear in Appendix D. Then we create a dataset of a total of 96,666 subsampled frames
following exactly the same methodology that was employed for miniMixamo.

3.2 TRAINING AND EVALUATION SETUP

We use Algorithm 1 of Appendix C to sample batches of size 2048 from the training subset, hyper-
parameters are adjusted on the validation set. The number of effectors is sampled once per batch
and is �xed for all batch items to maximize data throughput. We report metricsL det

gpd� L2, L det
ikd� L2,

L det
loc� geo, de�ned in Appendix E and calculated on the test set, using models trained on the training

set. L det
gpd� L2 is computed only on the root joint. These metrics characterise both the 3D position

accuracy and the bone rotation accuracy. The evaluation framework tests model performance on a
pre-generated set of seven �les containing6;7: : :12 effectors respectively. Metrics are averaged over
all �les, assessing the overall quality of pose reconstruction in scenario with sparse variable inputs.
Tables present results averaged over 4 random seed retries and metrics computed every 10 epochs
over last 1000 epochs. Additional details and hyperparameter settings appear in Appendix E.
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