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Abstract

Parkinson’s disease (PD) is a neurological disorder that has a variety of observable motor-

related symptoms such as slow movement, tremor, muscular rigidity, and impaired posture. PD

is typically diagnosed by evaluating the severity of motor impairments according to scoring
systems such as the Movement Disorder Society Unified Parkinson’s Disease Rating Scale
(MDS-UPDRS). Automated severity prediction using video recordings of individuals provides

a promising route for non-intrusive monitoring of motor impairments. However, the limited size
of PD gait data hinders model ability and clinical potential. Because of this clinical data scarcity
and inspired by the recent advances in self-supervised large-scale language models like GPT-3, we
use human motion forecasting as an effective self-supervised pre-training task for the estimation
of motor impairment severity. We introduce GaitForeM er, Gait Forecasting and impairment
estimation transforMer, which is first pre-trained on public datasets to forecast gait movements
and then applied to clinical data to predict MDS-UPDRS gait impairment severity. Our method
outperforms previous approaches that rely solely on clinical data by a large margin, achieving an
F1 score of 0.76, precision of 0.79, and recall of 0.75. Using GaitForeMer, we show how public
human movement data repositories can assist clinical use cases through learning universal motion
representations. The code is available at https://github.com/markendo/GaitForeMer.
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1 Introduction

Large-scale language models [1], such as the third generation Generative Pre-trained
Transformer (GPT-3) [2] and Contrastive Language-Image Pre-Training (CLIP) [20], have
gained great success in solving challenging problems under few or zero-shot settings.
They owe their success to self-supervised pre-training on an abundant amount of raw and
unlabeled data while completing a downstream task fine-tuned on small datasets. These

eadeli@stanford.edu .


https://github.com/markendo/GaitForeMer

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Endo et al.

Page 2

methods can be of great interest in clinical applications, where data are regularly scarce and
limited. For instance, one such application could be automatically estimating motor and gait
impairments. This is a crucial step in the early diagnosis of Parkinson’s disease (PD).

PD is a chronic, progressive brain disorder with degenerative effects on mobility and muscle
control [5]. It is one of the most common neurodegenerative disorders, affecting around
0.57% of people age 45 and over [16]. Motor symptoms are typically used to diagnose PD,
as non-motor symptoms such as cognitive symptoms lack specificity and are complicated

to assess [27]. Most of the prior methods for automated prediction of motor-related PD
signs and symptoms use wearable sensors [4,11,12], but these systems can be expensive and
intrusive [14].

Recent methods have shown that video technology can be a scalable, contactless, and
non-intrusive solution for quantifying gait impairment severity [15]. They use recordings
of clinical gait tests from the Movement Disorder Society Unified Parkinson’s Disease
Rating Scale (MDS-UPDRS) [8], a widely used clinical rating scale for the severity and
progression of PD. One of its components is a motor examination where participants walk
10 meters away from and toward an examiner. Specialists assess the severity of motor
impairment on a score from 0 to 4. Score 0 indicates no motor impairment, 1 means slight
impairment, 2 indicates mild impairment, 3 specifies moderate impairment, and 4 means
severe impairment. The goal is automated prediction of this universally-accepted scale.

At the same time, most clinical studies are limited by the difficulty of large-scale data
collection, since recruiting patients requires costly multi-site national or international
efforts. Recent self-supervised pre-training frameworks have been used to learn useful
representations that can be applied to downstream tasks [6,10,3,9,21]. Yet, their translation
to clinical applications is under-explored. There is a growing number of 3D human

motion capture repositories that can be used for self-supervised pre-training of motion
representation learning, the same way GPT-3 [2] and CLIP [20] are trained for language-
related tasks. Such pre-trained models can then be adapted for motor impairment estimation.

In this paper, we develop a novel method, GaitForeM er, that forecasts motion and

gait (pretext task) while estimating impairment severity (downstream task). Our model

is based on the recent advances in convolution-free, attentionbased Transformer models.
GaitForeMer can take advantage of large-scale public datasets on human motion and activity
recognition for learning reliable motion representations. To this end, we pre-train the motion
representation learning on 3D motion data from the NTU-RGB+D dataset [22]. The learned
motion representations are then fine-tuned to estimate the MDS-UPDRS gait scores. Our
approach outperforms previous methods on MDS-UPDRS score prediction by a large
margin. The benefits of GaitForeMer are twofold: (1) we use motion forecasting as a self-
supervised pre-training task to learn useful motion features for the task of motor impairment
severity prediction; (2) the joint training of motion and MDS-UPDRS score prediction helps
improve the model’s understanding of motion, therefore leading to enhanced differentiation
of motor cues. To the best of our knowledge, we are the first to use motion prediction

from natural human activity data as an effective pre-training task for the downstream task of
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motor impairment severity estimation. We expect this method to be useful in decreasing the
reliance on large-scale clinical datasets for the detection of factors defining gait disturbance.

2 GaitForeMer: Gait Forecasting & Impairment Estimation TransforMer

We first introduce a Transformer model that operates on sequences of 3D human body
skeletons for the pre-training task of human motion forecasting, and we subsequently adapt
it to the downstream task of MDS-UPDRS gait score estimation. Given a sequence of ¢

3D skeletons x5 we predict the next M skeletons X 41 7and the motion class y (either
activity or MDS-UPDRS score). We follow the original setup of the pose Transformer model
defined in [17]. Specifically, our model comprises a skeleton encoding neural network ¢, a
Transformer encoder and decoder, a pose decoding neural network - that reconstructs the
3D poses, and a linear classifier for MDS-UPDRS score/activity prediction. The model takes
X1:¢as input, and the skeleton encoding network ¢ embeds this joint data into dimension D
for each skeleton vector. Then, the Transformer encoder takes in this sequence of skeleton
embeddings aggregated with positional embeddings and computes a latent representation
z1.rusing L multi-head self-attention layers. The outputs of the encoder embeddings, z;.

are fed into a single linear layer to predict class probabilities. The classification loss L. (a
multi-class cross-entropy) is used to train activity or score prediction. Note that the class
prediction uses the motion representation (i.e., the latent space of the Transformer) as input
and outputs the activity classes in the pre-training stage and MDS-UPDRS scores in the
downstream task.

In addition, the encoder outputs z;.,and a query sequence ;- are fed into the Transformer
decoder. The query sequence is filled with the last element of the input sequence X, The
decoder uses L multi-head self- and encoder-decoder attention layers. The output of the
decoder is fed into a skeleton decoding network y to generate the future skeleton predictions
Xa1: 7 The motion forecasting branch is trained using a layerwise loss calculated as:

o
X — Xiy

1 T
L=3x5 X

m=t+1 1

where ifn is the predicted sequence of A-dimensional skeleton vectors at layer /of the
Transformer decoder, and xz, is the ground-truth future skeleton. The motion forecasting loss

L¢is then computed by averaging the layerwise loss over all decoder layers L, See Figure 1
for an overview of the model architecture.

2.1 Pre-training Procedure

For pre-training, we jointly train the activity and motion branches of the GaitForeMer. For
the classification loss L., we use a standard categorical cross-entropy loss. The final loss is
calculated as Ly = Lo+ Ly where there is an equal weighting of the two different losses.
We train the model for 100 epochs using an initial learning rate of 0.0001.
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2.2 Fine-tuning Procedure

For our downstream task of MDS-UPDRS score prediction, we initialize the model using
the learned weights from pre-training. We set the classification loss L. as a weighted
categorical cross-entropy loss since there is a significant class imbalance in the clinical
data. We experiment with a variety of training procedures for fine-tuning the model. In one
setup, we solely fine-tune the class prediction branch by setting L s, = L In another setup,
we fine-tune both the class prediction branch and the motion prediction branch by setting
Lgine = Lt L We also experiment with first fine-tuning both branches for 50 epochs then
additionally solely fine-tuning the class prediction branch for 50 epochs. All fine-tuning
setups are trained for 100 epochs using an initial learning rate of 0.0001.

2.3 Baselines

We compare our GaitForeMer method to a similar setup without pre-training on the NTU
RGB+D dataset as well as various other motion impairment severity estimation models for
MDS-UPDRS score prediction. The GaitForeMer model trained from scratch (GaitForeMer-
Scratch) uses the loss function L = L.+ Lrand follows the same configuration as the fine-
tuning setups except it is trained for an additional 100 epochs. Hybrid Ordinal Focal DDNet
(OF-DDNet) [15] uses a Double-Features Double-Motion Network with a hybrid ordinal-
focal objective. This previous method has shown promising results on this MDS-UPDRS
dataset. Spatial-Temporal Graph Convolutional Network (ST-GCN) is a graphical approach
for learning spatial and temporal characteristics that can be used for action recognition [26].
For this method, we add slow and fast motion features and pass the input through a Graph
Attention Network (GAT) [23] layer first to allow for additional spatial message passing.
DeepRank [18] is a ranking CNN, and the Support Vector Machine (SVM) [24] is using the
raw 3D joints.

3 Datasets

In this work, we use a clinical dataset for estimation of gait impairment severity from MDS-
UPDRS videos and a public 3D human gait dataset for pre-training the motion forecasting
component. Both datasets are described below.

3.1 NTU RGB+D Dataset

We use NTU RGB+D [22] to pre-train our GaitForeMer model. This dataset includes 56,880
video samples with 60 action classes. We use the skeletal data containing 3D coordinates

of 25 joints and class labels. We pre-train our model using the joints as input and the
activity labels for supervision of the activity branch. The activity branch is the same as our
MDS-UPDRS branch (see Fig. 1), except that during pre-training we train the linear layers
to predict the activity class in the NTU RGB+D dataset.

3.2 MDS-UPDRS Dataset

For the downstream task of gait impairment severity estimation, we use the MDS-UPDRS

dataset defined in [15]. This dataset contains video recordings of MDS-UPDRS exams from
54 participants. Following previously published protocols [19], all participants are recorded
during the off-medication state. During the examinations, participants are recorded walking
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towards and away from the camera twice at 30 frames per second. Each sample is scored by
three boardcertified movement disorders neurologists and we use the majority vote among
the raters as the ground-truth score, randomly breaking ties. Note that, in this work, we do
not aim to model the uncertainty among raters. The raters score the videos on a scale from 0
to 4 based on MDS-UPDRS Section 3.10 [7]. In our work, we combine scores 3 and 4 due to
the difficulty of obtaining video recordings for participants with extreme motor impairment.
The data setup and protocols are the same as in [15], except in their previous work two sets
of scores were counted from one of the neurologists. Using the gait recordings as input, we
use Video Inference for Body Pose and Shape Estimation (VIBE) to extract 3D skeletons
[13]. This joint data is then preprocessed by normalization and splitting of samples into clips
of 100 frames each. We then use these clips for estimating motor impairment severity.

4 Experiments

In this section, we first evaluate how motion forecasting helps improve a system estimating
the MDS-UPDRS scores. We compare our results with several baselines (Section 4.1). We
then evaluate how the fine-tuning strategy contributes to better results (Section 4.2). We
further experiment on how our few-shot learning paradigm can be adopted for clinical
approaches using pre-training (Section 4.3). Qualitative results on motion forecasting of PD
patients validate that GaitForeMer is able to learn good motion representations (Section 4.4).

4.1 Using Motion Forecasting as an Effective Pre-training Task

We investigate the efficacy of using human motion forecasting as a self-supervised pre-
training task for the downstream task of motor impairment severity estimation. We evaluate
each model using macro Fq score, precision, and recall. These metrics are calculated on a
per subject level with leave-one-out-cross-validation settings. We compare our GaitForeMer
method to baseline methods in Table 1.

We find that our GaitForeMer method pre-trained on the NTU RGB+D dataset results in
improved performance over training the model from scratch and all baselines trained on
the MDS-UPDRS dataset. Our best setup achieves an F1 score of 0.76, precision of 0.79,
and recall of 0.75. In comparison, training the model from scratch results in an F; score
of 0.60, precision of 0.64, and recall of 0.58, which is still superior to other baselines. The
OF-DDNet baseline (previous state-of-the-art approach in MDS-UPDRS score prediction)
has an F1 score of 0.58, precision of 0.59, and recall of 0.58.

4.2 Evaluating Fine-tuning Strategies

We experiment with various fine-tuning strategies in order to evaluate different approaches
for training our GaitForeMer method. Our best approach of first fine-tuning both the class
prediction and motion prediction branches then solely fine-tuning the class prediction branch
achieves an F4 score of 0.76, precision of 0.79, and recall of 0.75. Another approach of
fine-tuning both branches achieves an Fq score of 0.72, precision of 0.75, and recall of 0.71.
We observe that solely fine-tuning the class branch results in worse performance than also
training the motion branch with an F; score of 0.66, precision of 0.72, and recall of 0.63.
The relatively poor performance could be due to the data shift between the NTU RGB+D
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and MDS-UPDRS datasets that requires training of the motion forecasting branch. Results
are shown in Table 2.

4.3 Few-Shot Estimation of Gait Scores

4.4 Motion

To better understand the few-shot capabilities of GaitForeMer, we experiment with limiting
the training dataset size and evaluating performance compared to ST-GCN. We sample
either 25%, 50%, or 75% of the data (analogous to 13, 26, or 39 videos) for training in
each fold, preserving the same samples across the two methods. We maintain class balance
by sampling one-fourth of the required subsamples from each class when permitted. We
resample and run each method three times. The results are illustrated in Figure 2.

We find that our GaitForeMer method maintains relatively strong performance with only a
fraction of the data. GaitForeMer with access to 25% of training data achieves an average

F1 score of 0.56, which is higher than ST-GCN using 100% of training data with an F;

score of 0.52 and comparable to OF-DDNet (second-best performing method) using 100%
training data with an F4 score of 0.58. This shows the power of using motion forecasting as a
self-supervised pre-training task for few-shot gait impairment severity estimation.

Forecasting Visualization

In Figure 3, we visualize the predicted outputs of the GaitForeMer model jointly trained on
MDS-UPDRS score prediction and motion forecasting. Although accurate pose forecasting
is not necessary for the prediction of MDS-UPDRS scores, it can help demonstrate the
utility of learned motion features. Qualitatively, we see that the predicted poses most closely
match the ground-truth at the beginning of the output. This might be because using the last
input entry X;as the query sequence qs- helps the prediction in the short term [17]. A
larger error exists for longer horizons where the outputted poses become less similar to the
query sequence. In addition, the non-autoregressive approach of GaitForeMer can lead to an
increased accumulation of error.

Clinically, the results illustrated in Figure 3 show normal movement behavior in class 0
(normal), while classes 1 and 2 show increased stiffness, decreased mobility, and reduced
arm swing and pedal motion. Participants in class 3 are imbalanced and require assistive
devices for safe walking. These results verify that the forecasting module is able to properly
predict future motion that encodes motor impairments.

5 Conclusion

Herein, we presented a model, GaitForeMer, based on transformers for forecasting human
motion from video data that we use to predict MDS-UPDRS gait impairment severity scores.
We found that human motion forecasting serves as an effective pre-training task to learn
useful motion features that can subsequently be applied to the task of motor impairment
severity estimation, even in few-shot settings. The pre-trained GaitForeMer outperformed
training from scratch and other methods for motor impairment severity estimation that solely
use the MDS-UPDRS dataset for training. Our approach demonstrates the utility of using
motion pre-training tasks in data-limited settings.
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Fig. 1.

Tr?e proposed GaitForeMer framework for motor impairment severity estimation. A
Transformer model based on body skeletons is first pre-trained on a large dataset jointly
for human motion prediction and activity prediction. The model is subsequently fine-tuned
on the task of MDS-UPDRS gait score prediction using extracted 3D skeleton sequences
from clinical study participants using VIBE (Video Inference for Body pose and shape
Estimation) [13].
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Fig. 2.
Few-shot performance of GaitForeMer compared to ST-GCN with different portions of data

used in training. Error bars represent standard deviation across 3 runs. Our GaitForeMer
method using only 25% of training data maintains comparable performance to the second-
best performing method with full training data (OF-DDNet).
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Fig. 3.

Visualization of human motion forecasting for different levels of motor impairment severity.
The purple skeletons are ground-truth data, and the blue ones are predictions from
GaitForeMer with fine-tuning both branches.
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Comparison with baseline methods. Performance is evaluated using macro F4 score, precision, and recall. We
find that pre-training results in significantly improved performance over training from scratch and the other

methods.
Method Fi, Pre Rec
GaitForeMer (Ours) 076 079 0.75
GaitForeMer-Scratch (Ours)  0.60 0.64 0.58
OF-DDNet ™ [15] 058 059 058
ST-GCN [26] * 052 055 052
DeepRank ™ [18] 0.56 053 058
SVM**[24] 0.44 049 0.40

4 . .
refers to results directly cited from [15].

*
indicates statistical difference at (p < 0.05) compared with our method, measured by the Wilcoxon signed rank test [25]. Note that this is a 4-class
classification problem and hence 0.25 recall implies a random classifier. Best results are in bold. See text for details about compared methods.
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Comparison of different training/fine-tuning strategies of our method (ablation study on fine-tuning strategy).

Performance is evaluated using macro Fq score, precision, and recall. We find that first fine-tuning both

branches (forecasting and score prediction) then additionally fine-tuning the score prediction branch yields
best results.

Pretrained Fine-tune strategy Fy Pre Rec
Yes Both branches then class branch  0.76  0.79 0.75
Yes Both branches 072 075 0.71
Yes Class branch 0.66 0.72 0.63
No 0.60 0.64 0.58
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