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Abstract— Lower-limb exoskeleton robots play a significant
role in both rehabilitation and assisted walking, where ac-
curate prediction of lower-limb joint angles is crucial for
achieving natural gait. However, due to inter-subject variability
and differences across locomotion modes, achieving cross-
task generalization in joint angle prediction remains a major
challenge. This work proposes a novel framework for multi-
joint angle prediction in the lower-limb, which includes a non-
redundant muscle synergy feature extraction algorithm and a
Generalizable Joint Angle Prediction Network (GenJAPNet)
across speeds and subjects. The feature extraction algorithm
employs Non-negative Matrix Factorization (NMF) to extract
activation coefficient matrix from Surface Electromyography
(sEMG) signals, followed by further dimensionality reduc-
tion using Uniform Manifold Approximation and Projection
(UMAP) to obtain more discriminative and non-redundant
features. GenJAPNet leverages pre-trained shared features and
few-shot fine-tuning to rapidly adapt to new task. Through
feature extraction algorithm comparison experiments, cross-
speed and cross-subject experiments, and exoskeleton-assisted
walking physical experiments, the effectiveness and generaliz-
ability of this method are validated, demonstrating its potential
for enhancing the performance of lower-limb exoskeleton reha-
bilitation and assistive applications.

I. INTRODUCTION

Lower-limb exoskeleton robots play a vital role in as-
sisted walking, rehabilitation training, and daily functional
enhancement. They not only help patients with impaired
lower-limb mobility regain basic walking ability but also
provide elderly individuals with movement support, thereby
improving quality of life and independence [1]. As a key
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component of exoskeleton control, accurate joint angle pre-
diction is essential, and improvements in prediction perfor-
mance directly drive the advancement and application of ex-
oskeleton technology [2]. Surface electromyography (sEMG)
reflects neuromuscular activation and, compared with optical
motion capture, offers advantages such as non-invasiveness
and wearability. Moreover, sEMG activity typically precedes
kinematic and kinetic signals [3], making it widely adopted
for human motion intention prediction, particularly in joint
angle estimation [4], [5].

Raw sEMG signals are often noisy and high-dimensional,
which can degrade model performance and robustness.
Hence, feature extraction is typically employed to distill
representative features prior to modeling. Turner et al. [6]
extracted eight Time-Domain (TD) features from sEMG
signals and applied them to five machine learning models.
The results showed that the Willison Amplitude feature
consistently achieved the best performance across all models.
Moslhi et al. [7] proposed two Time-Frequency Domain
(TFD) feature extraction methods, one based on the Fast
Fourier Transform and the other on wavelet transform.
Li et al. [8] proposed a discrete wavelet transform-based
data alignment method for sEMG signals, which reduces
the distribution discrepancy between the source and target
domains by decomposing, reorganizing, and reconstructing
the TFD signals. TFD features extracted from sEMG signals
capture signal intensity and spectral distribution but fail to
represent the coupling control of multiple muscles by the
central nervous system. Moreover, methods such as wavelet
decomposition often produce a large number of features,
many of which are similar or redundant.

Unlike TFD features, muscle synergy features reflect how
the Central Nervous System (CNS) coordinates multiple
muscles through different synergy patterns [9], [10], offering
strong physiological interpretability. Non-negative Matrix
Factorization (NMF) is a widely used method for extracting
muscle synergy features [11], [12]. Lv et al. [13] employed
NMF to extract activation coefficient matrices and muscle
synergy matrices from sEMG signals for spatiotemporal
feature modeling, thereby enabling continuous prediction of
hip and knee joint angles. Ma et al. [14] proposed a muscle
synergy extraction method based on constrained NMF to ad-
dress the local optimal solution problem of the standard NMF
algorithm. However, due to the strong correlation among
multi-channel sEMG signals and the inherent redundancy
of motor control, the decomposed muscle synergy features
often contain redundant information. To address this issue,
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Qin and Lu et al. [15], [16] performed cosine similarity
analysis on the decomposed activation coefficient matrix and
distinguished redundant from non-redundant features based
on the similarity levels. However, this approach relies on the
manual selection of threshold values. In addition, Zhao et al.
[17] combined Empirical Mode Decomposition with Kernel
Principal Component Analysis to extract non-redundant key
features from sEMG signals. However, the absence of non-
negativity constraints limits the physiological interpretability
of this approach.

Establishing the mapping from sEMG signals and their
extracted features to joint angles is the core of joint angle
prediction, and deep learning models have been widely
employed in this task due to their powerful nonlinear
modeling capabilities. Wei et al. [18] proposed a hybrid
3DCNN-Transformer neural network, which frames the pre-
diction of joint angles from sEMG signals as a sequence-to-
sequence translation problem, thereby achieving rapid and
accurate joint angle estimation. Huang et al. [19] proposed a
Pathfinder-based Long Short-Term Memory network with an
attention mechanism, which optimizes weight allocation to
significantly enhance the accuracy of joint angle prediction.
Zhou et al. [20] proposed a hierarchical spiking attentional
feature decomposition network, which employs a spiking
sparse attention encoder and a spiking attentional feature
decomposition module to compress and decompose sEMG
signals, thereby effectively reducing the inference cost of
joint angle prediction. Although the aforementioned models
achieve accurate joint angle prediction, their strong depen-
dence on the individual characteristics of the training data
limits their adaptability to unseen subjects or novel move-
ment patterns. To address this issue, Lin et al. [21] proposed
a rotary Transformer model based on Adversarial Trans-
fer Learning for continuous estimation of joint movements
across subjects. Du et al. [22] proposed a meta-transfer learn-
ing framework that integrates multiple modalities, enabling
the model to rapidly adapt to new individuals with only a
few training samples. Such transfer learning approaches can
effectively address cross-subject adaptation issues. However,
achieving rapid adaptation to different movement speeds and
individual subjects within a single framework remains a
critical challenge for practical exoskeleton applications.

As illustrated in Fig. 1, this study proposes a generalizable
framework for lower-limb multi-joint angle prediction, which
comprises a non-redundant muscle synergy feature extraction
algorithm and a joint angle prediction model capable of
cross-speed and cross-subject generalization. In the feature
extraction stage, sEMG signals are first decomposed via
NMF to obtain the activation coefficient matrix, which is
then reduced in dimensionality using Uniform Manifold
Approximation and Projection (UMAP) to eliminate redun-
dant information. The angle prediction model consists of a
Residual Network (ResNet) layer, three Temporal Convolu-
tional Network - Bidirectional Long Short-Term Memory
(TCN-BiLSTM) modules, and a meta-learner, designed to
capture local features, spatiotemporal dependencies, and ag-
gregate information. Experiments on our self-built dataset

demonstrate that the non-redundant muscle synergy features
are effective through feature comparison, the framework
achieves generalization across different speeds and subjects,
and its feasibility is validated through physical exoskeleton
walking experiments. Our main contributions are:

• A non-redundant muscle synergy feature extraction al-
gorithm is proposed. The algorithm extracts physio-
logically interpretable and discriminative features from
sEMG signals, demonstrating superior performance
compared to TD features.

• A Generalizable Joint Angle Prediction Network (Gen-
JAPNet) with cross-speed and cross-subject adaptability
is developed. By extracting shared features through
pre-training and leveraging few-shot fine-tuning, the
network can rapidly adapt to new task.

• The effectiveness and generalization capability of the
proposed method is validated through feature com-
parison experiment, cross-speed and cross-subject ex-
periments, and physical walking experiments with the
exoskeleton.

II. METHOD

We propose a novel framework that extracts non-redundant
muscle synergy features from sEMG signals and achieves
multi-joint angle prediction of the lower limbs across walk-
ing speeds and subjects through a pretraining and fine-tuning
strategy based on a meta-learner. The effectiveness of our
method is further validated through experiments on a four-
degree-of-freedom exoskeleton robot.

A. A Neural Activation Non-redundant Feature Extraction
Algorithm Based on NMF-UMAP

During feature extraction, NMF-UMAP is employed to
derive non-redundant muscle synergy features from sEMG
signals. Specifically, NMF is first applied to extract the
activation coefficient matrix that reflects human motor con-
trol patterns. The resulting activation coefficients are then
reduced in dimensionality using the nonlinear embedding
method UMAP, yielding lower-dimensional, more stable, and
discriminative feature representations.

NMF. The sEMG signal (Vn×t) is decomposed by NMF
into a basis matrix (Wn×k) and an activation coefficient
matrix (Hk×t), where the basis matrix represents the con-
tribution of each muscle in different muscle synergy modes,
and the activation coefficient matrix represents the activation
degree of each synergy mode at different times.

Vn×t = Wn×k ·Hk×t (1)

where n denotes the number of sEMG channels, t denotes
the length of the time series, and k denotes the number of
muscle synergies.

UMAP. Due to the strong correlation between different
collaboration modes and certain features that reflect noise
and individual differences, the activation coefficient matrix
(Hk×t) obtained from NMF decomposition often contains
redundant information. UMAP is a nonlinear dimensionality
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Fig. 1: Pipeline of the proposed method, including data acquisition, non-redundant muscle synergy feature extraction, multi-
joint angle prediction across speeds and subjects, and exoskeleton validation.

reduction technique that approximates the manifold struc-
ture of high-dimensional data and projects it into a low-
dimensional space, preserving local neighborhood relation-
ships while maintaining the global distribution. In order to
extract more discriminative features, UMAP was used to
reduce the dimensionality of the activation coefficient matrix
(Hk×t), thereby obtaining non-redundant muscle synergy
features(xd×t, d < k).

xd×t = UMAP (Hk×t) (2)

where d denotes the number of feature dimensions after
dimension reduction of the activation coefficient matrix H.

B. Structure of the Meta-learner-based Multi-joint Angle
Prediction Model

Non-redundant muscle synergy features are extracted us-
ing NMF-UMAP, then processed using a sliding window
with a window size of 300 and a step size of 10, as input
for the angle prediction model. The main components of
our model include multiple TCN-BiLSTM modules for pre-
training to extract general features, a ResNet layer and a
meta-learner for fine-tuning to adapt to new tasks with few
samples.

ResNet Layer. The ResNet layer is composed of two
convolutional layers with a kernel size of 3, two batch
normalization layers, and two ReLU activation functions,
along with a residual connection. The residual connection
adds the input to the output of the convolutional block and
forwards the sum to the subsequent module.

TCN-BiLSTM Module. We designed a TCN-BiLSTM
module consisting of a TCN network, three stacked BiLSTM
layers, and a fully connected layer. The TCN contains
three spatio-temporal convolution blocks, each containing
two expansion causal convolution layers with a kernel size of

3 and a residual connection. The final fully connected layer
maps the extracted features to the output space.

Meta-learner. The features extracted from the ResNet
layer are fed into three parallel TCN-BiLSTM modules,
yielding three separate prediction results. A meta-learner
[23], implemented as a fully connected neural network
with three layers and two intermediate ReLU activations,
is then employed to integrate the outputs of the three TCN-
BiLSTM modules. By treating the combined predictions as
new high-level features, the meta-learner further refines the
representation and generates the final joint angle prediction.

C. Training Strategy

The proposed training strategy consists of two phases: pre-
training and fine-tuning.

Pre-training Phase. In this phase, data from three walking
speeds are used to train the three parallel TCN-BiLSTM
modules. After feature extraction, the non-redundant muscle
synergy feature corresponding to each speed are individually
fed into one TCN-BiLSTM module, enabling each module to
learn distinct initial parameters. This phase allows the TCN-
BiLSTM modules to capture generalizable temporal features
across different walking speeds.

Fine-tuning Phase. During fine-tuning, the parameters
of the three pre-trained TCN-BiLSTM modules are frozen,
while the ResNet layer and the meta-learner are updated.
For a novel walking speed or a new subject, the model does
not require extensive data for training. Effective adaptation
can be achieved with only about 30% of the data. The input
features are first processed by the ResNet layer to extract lo-
cal features, which are then passed into the three pre-trained
TCN-BiLSTM modules to obtain three base predictions. The
meta-learner integrates these predictions and generates the
final joint angle output, thereby achieving robust adaptation
across speeds or subjects.
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For example, in the cross-speed experiment, the model is
pre-trained using data from Subject S1 at walking speeds
of 1.0, 2.0, and 3.0 km/h. Fine-tuning is then conducted
with a limited amount of data at 1.5 km/h, demonstrating
the model’s ability to generalize to unseen speeds with few
samples.

III. EXPERIMENTS AND RESULTS

A. Data Acquisition and Preprocessing

sEMG signals and hip and knee joint angle data were
collected from three healthy subjects walking at six different
speeds of 1.0, 1.5, 2.0, 2.5, 3.0 and 3.5 km/h. Similarly,
limited data from the lower-limb muscle-injured Subject S4
were collected in the same manner. During data collection,
electromyography electrodes were attached to eight major
muscles in the lower limbs of each subject, including the
rectus femoris, tibialis anterior, vastus medialis, vastus lat-
eralis, biceps femoris, semitendinosus, gastrocnemius, and
soleus. The sEMG signals were recorded via Trigno avanti
sensors (Delsys, USA). Hip and knee angles were captured
by the VICON motion capture system. Sixteen marker points
were attached to the lower limbs of each subject to construct
the Plug-in Gait Lower Body Model. During movement,
the X, Y, and Z coordinates of each marker point were
collected, and after completion, the joint angles of the hip
and knee joints were calculated using the dynamic model.
Trigno avanti sensors collect sEMG signals at a frequency of
1000 Hz, while the VICON system collects joint angle data
at a frequency of 100 Hz. The two data collection devices
are synchronized in time via triggering.

To avoid noise interference in the collected data, perform
data preprocessing. First, check the data for non-finite values,
then remove the DC offset from each sEMG signal. Next,
apply a 4th-order Butterworth bandpass filter (20 Hz–450
Hz) to the sEMG signal to remove low-frequency motion
artifacts and high-frequency noise, followed by full-wave
rectification. Then, use a 4th-order Butterworth low-pass
filter (6 Hz) to extract the signal envelope, and finally
downsample to 100 Hz to align with the joint angle.

B. Comparison of Feature Extraction Algorithms

To validate the effectiveness of the proposed non-
redundant muscle synergy feature extraction algorithm, a
feature comparison experiment was conducted. Different
features were extracted using different feature extraction
algorithms, and then these features were used as inputs to
the model. The effectiveness of the features was evaluated
by comparing the performance of the model in predicting hip
and knee joint angles. The model used here is a TCN with
three temporal convolution modules and a convolution kernel
size of 3. Other feature extraction algorithms obtain TD
features such as Mean Absolute Value (MAV), Root Mean
Square (RMS), and Waveform Length (WL) from sEMG
signals.

The number of muscle synergies in NMF and the target
dimensionality in UMAP are two key parameters in the
proposed feature extraction algorithm. These parameters are

optimized through grid search. The base model is a TCN
with three temporal convolution modules and a convolution
kernel size of 3. The number of muscle synergies in NMF
ranges from 1 to 8. For each value, the sEMG signals are
decomposed to obtain the activation coefficient matrix, which
is then used as input for the base model to predict joint
angles. The Correlation Coefficient (CC) of predicted hip
and knee joint angles is computed for all cases. Experimental
results show that the best prediction performance is achieved
when the number of muscle synergies is 8. The target
dimensionality of UMAP is varied from 2 to 8, and for
each dimensionality, the activation coefficient matrix from
NMF decomposition with 8 synergies is reduced to lower
dimensions, producing non-redundant features as input for
the base model. The Root Mean Square Error (RMSE) of
predicted angles is computed for all cases. Experimental
results show that the best performance is achieved when the
target dimensionality is 5.

As shown in the Table I, these are the average values of
the predicted results obtained by all subjects using different
feature extraction methods at six walking speeds. At nearly
all walking speeds and joints, the predictive performance of
the NMF-UMAP feature extraction algorithm outperforms
other algorithms, demonstrating the effectiveness of NMF-
UMAP in extracting non-redundant muscle synergy features.
For example, at a walking speed of 1.0 km/h, the RMSE of
NMF-UMAP on the right hip is 3.0567°, which is 15.73%
lower than NMF’s 3.6274° and 29.61% lower than MAV’s
4.3427°, a 30.95% reduction compared to RMS’s 4.4268°,
and a 52.03% reduction compared to WL’s 6.3726°.

C. Generalization Across Speeds and Subjects

Cross-speed experiments and cross-subject experiments
were conducted to verify the generalizability and effec-
tiveness of the proposed method. At the same time, other
baseline methods were conducted as comparison in the cross-
speed experiments. To verify the effectiveness of knowledge
transfer in cases with a small number of samples, exper-
iments were conducted in which models were constructed
directly using the small number of sample data for prediction,
and these were compared with cross-subject experiments.

Experimental Setup of Cross-speed Experiments. For
Subjects S1, S2, S3, three TCN-BiLSTM modules are pre-
trained using input features at walking speeds of 1.0, 2.0,
and 3.0 km/h, respectively, and their parameters are subse-
quently frozen. Fine-tuning is then performed on the ResNet
layer and the meta-learner using limited samples from 1.5,
2.5, and 3.5 km/h. In the comparative experiments, four
advanced models, including Quantile-Regression, Tempo-
ral Convolutional Network-Bidirectional Long Short-Term
Memory(QRTCN-BiLSTM) [24], Convolutional Neural Net-
work (CNN)-LSTM-Attention [25], Informer [26], and Non-
linear AutoRegressive with eXogenous inputs(NARX) [27]
based on the Gated Recurrent Unit(GRU) model, were se-
lected as baseline methods.

Experimental Setup of Cross-subject Experiments. In
the cross-subject experiments, three TCN-BiLSTM modules

395



TABLE I: Feature Extraction Algorithms Performance Comparison

Algorithms
Speeds
(km/h)

RMSE(◦) CC

Left Hip Left Knee Right Hip Right Knee Left Hip Left Knee Right Hip Right Knee

MAV

1.0 4.5673 5.5694 4.3427 5.6782 0.8783 0.9251 0.8864 0.9133
1.5 5.1701 7.5898 5.7605 8.6019 0.8725 0.8446 0.7451 0.7645
2.0 4.2408 6.4594 4.3225 6.1945 0.9291 0.9296 0.9189 0.9366
2.5 3.9730 5.9402 4.1752 6.9829 0.9439 0.9477 0.9412 0.9356
3.0 4.1932 6.3526 4.4278 6.2854 0.9432 0.9496 0.9349 0.9486
3.5 3.3339 5.1777 3.5740 5.7987 0.9696 0.9651 0.9670 0.9649

RMS

1.0 4.7293 5.6308 4.4268 5.5702 0.8730 0.9252 0.8844 0.9193
1.5 6.0607 8.1772 5.9698 8.6185 0.6823 0.7687 0.6474 0.7527
2.0 4.4471 6.4915 4.6360 6.8246 0.9198 0.9281 0.9063 0.9193
2.5 4.0659 5.9496 4.2352 6.9235 0.9398 0.9465 0.9400 0.9363
3.0 4.0229 5.9846 4.2301 5.8008 0.9511 0.9557 0.9417 0.9572
3.5 3.3672 5.0191 3.5941 5.6901 0.9690 0.9673 0.9655 0.9655

WL

1.0 6.1175 8.2851 6.3726 8.8494 0.7668 0.8172 0.6999 0.8000
1.5 5.1691 7.8533 5.0224 7.6018 0.8642 0.8541 0.8808 0.9059
2.0 4.9376 7.4763 4.9872 7.8522 0.8957 0.9029 0.9046 0.9034
2.5 4.6916 6.4653 4.9652 7.8901 0.9207 0.9361 0.9200 0.9234
3.0 4.3759 6.9306 4.1238 5.9360 0.9416 0.9360 0.9475 0.9526
3.5 3.9849 5.8957 4.2980 6.2446 0.9575 0.9556 0.9510 0.9578

NMF

1.0 3.6929 6.5414 3.6274 5.0681 0.9038 0.8890 0.9254 0.9292
1.5 3.4300 5.2209 3.6314 5.2381 0.9452 0.9531 0.9369 0.9511
2.0 3.4752 5.4847 2.7780 5.4373 0.9481 0.9472 0.9694 0.9572
2.5 2.5128 4.8495 2.4661 3.6326 0.9782 0.9661 0.9789 0.9811
3.0 2.9031 6.1156 3.4736 6.0972 0.9724 0.9533 0.9677 0.9634
3.5 2.2668 3.8301 2.2855 2.9472 0.9847 0.9832 0.9882 0.9917

NMF-UMAP

1.0 3.2490 4.8373 3.0567 4.7406 0.9310 0.9407 0.9466 0.9421
1.5 3.1387 5.0269 3.1238 4.4569 0.9535 0.9529 0.9524 0.9624
2.0 3.1378 5.4686 2.4320 5.1289 0.9569 0.9489 0.9767 0.9636
2.5 2.5524 5.4079 2.2273 3.3602 0.9790 0.9579 0.9820 0.9855
3.0 2.8899 6.2608 3.1033 5.8307 0.9748 0.9465 0.9751 0.9684
3.5 1.9574 3.3517 1.9975 2.8119 0.9885 0.9852 0.9899 0.9941

are pre-trained using input features of S1 at walking speeds
of 1.0, 2.0, and 3.0 km/h, respectively, and their parameters
are subsequently frozen. Fine-tuning is then performed on
the ResNet layer and the meta-learner using limited samples
from the remaining subjects S2, S3, S4 at 1.5, 2.5, and 3.5
km/h. Without knowledge transfer, the model architecture
was modified to adapt to few-shot data. A simplified hybrid
TCN-BiLSTM module,comprising two temporal convolu-
tional blocks and a single BiLSTM layer,is employed, with
the meta-learner input adjusted accordingly, while keeping
the other components unchanged.

Results of cross-speed and Cross-subject Experiments.
As shown in Fig. 2, the proposed method achieves superior
performance in cross-speed joint angle prediction compared
to baseline models. Specifically, our method achieved the
lowest RMSE across all four joints, with average values of
1.8494°, 2.7904°, 1.7031°, and 2.4519° for the left hip, left
knee, right hip, and right knee, respectively. The correspond-
ing average CC values were 0.9872, 0.9877, 0.9891, and
0.9907. These results indicate that our approach ensures more
accurate and stable joint angle prediction across different
joints. Moreover, based on the distribution of data points
in the figure, our method yields more concentrated predic-
tion results, indicating superior stability and generalization
capabilities. Statistical significance tests indicate that the
improvements of our method over the baselines are highly

significant. These results validate the effectiveness of the
proposed framework in addressing the challenges of cross-
speed joint angle prediction.

As illustrated in Fig. 3, our method consistently outper-
forms the baseline model without knowledge transfer in the
cross-subject experiment. For the left hip, left knee, right
hip, and right knee joints, the mean RMSEs of the proposed
method were 2.2160°, 3.4507°, 2.2470°, and 3.2376°, respec-
tively, with mean CC values all exceeding 0.98. Addition-
ally, the smaller error bars in our method indicate that the
experimental results are more concentrated, demonstrating
greater stability in this approach. In most cases, the statistical
significance p-values were all less than 0.001, validating
that the proposed knowledge transfer strategy effectively
enhances cross-object generalization capabilities and signif-
icantly improves prediction accuracy and reliability.

D. Experimental Validation on a Four-DOF Robot

To further validate the effectiveness of the proposed
method, physical experiments were conducted using a four-
degree-of-freedom exoskeleton robot actuated by the bilateral
hip and knee joints. The predicted gait of Subject S3 was
obtained through the cross-speed experiment using his own
data. For Subject S4, the predicted gait was generated via the
cross-subject experiment, in which the model was pretrained
on S1’s data at walking speeds of 1.0, 2.0, and 3.0 km/h,
and subsequently fine-tuned using S4’s limited data at 1.0,
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Fig. 2: Box plots of RMSE and CC for multi-joint angle prediction results in cross-speed comparison experiments. Small
spheres represent prediction results for three speeds across three subjects, while connecting lines denote average values. ns
represents statistical significance p>0.05, * represents p<0.05, ** represents p<0.01, *** represents p<0.001.

(a) (b)

Fig. 3: Results of cross-subject experiments and experiments
without knowledge transfer. The error bars represent the
standard deviation of the experimental results. * represents
statistical significance p<0.05, ** represents p<0.01, ***
represents p<0.001.

1.5, and 2.0 km/h. As shown in the Fig. 4, both S3 and S4
successfully walked with the exoskeleton under the predicted
gait at speeds of 1.0, 1.5, and 2.0 km/h.

As shown in Fig. 5, response gait trajectories of the
bilateral hip and knee joints generated when Subject S3 and
S4 walked with the exoskeleton at three different speeds.
These results demonstrate the reliability of the proposed
cross-speed and cross-subject generalized multi-joint angle
prediction method, which enables accurate joint angle pre-
diction from limited data and facilitates daily walking tasks
for lower-limb muscle-injured subjects using exoskeletons.

IV. DISCUSSION AND CONCLUSION

The comparative results of feature extraction demonstrate
that the non-redundant muscle synergy features obtained
from sEMG signals via NMF-UMAP outperform conven-
tional TD features (e.g., RMS) as well as muscle synergies
extracted directly by NMF in joint angle prediction. This

(a)

(b)

Fig. 4: Two subjects walking with an exoskeleton at predicted
gait speeds of 1.0, 1.5, and 2.0 km/h. (a) S3 walking under
predicted gait in the cross-speed experiment. (b) S4 walking
under predicted gait in the cross-subject experiment.

superiority arises because muscle synergy features inherently
capture the motor control strategies of the CNS and the
coupling relationships among lower-limb muscles, thereby
providing strong physiological interpretability. Moreover, by
applying dimensionality reduction to the activation coeffi-
cient matrix, UMAP effectively suppresses highly similar
interference within the synergies, removes redundant infor-
mation, and yields more discriminative features. However,
the effectiveness of NMF-UMAP feature extraction is in-
fluenced by key parameters such as the number of muscle
synergies and the target dimensionality in the reduction
process. Determining these parameters more efficiently and
accurately remains an open challenge.

The results of cross-speed and cross-subject experiments
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(a) (b)

Fig. 5: Response gaits generated at speeds of 1.0, 1.5, and
2.0 km/h. (a) Response gaits of S3 at speeds of 1.0, 1.5, and
2.0 km/h in the cross-speed experiment. (b) Response gaits
of S4 at speeds of 1.0, 1.5, and 2.0 km/h in the cross-subject
experiment.

demonstrate that the proposed method outperforms baseline
approaches in joint angle prediction, exhibiting strong gen-
eralization capability. In the cross-subject setting, compared
with baseline methods trained directly on limited samples,
pretraining on other subjects’ data followed by fine-tuning
with few samples proved more effective, validating the
advantage of knowledge transfer in addressing the few-
shot problem. Specifically, during pretraining, shared features
were captured across different speeds or subjects, while in
fine-tuning, the meta-learner aggregated three base outputs
and retrained to learn how to effectively combine them,
thereby enabling rapid adaptation to new tasks and enhancing
generalization. Furthermore, the successful execution of pre-
dicted gait in exoskeleton walking experiments highlights the
applicability of our method to real-world assistive walking.
Nevertheless, although the proposed framework alleviates the
challenges of generalization and limited data, it still relies on
extensive pretraining to acquire sufficient prior knowledge.

In this work, a generalized lower-limb multi-joint an-
gle prediction approach with cross-speed and cross-subject

adaptability is proposed. The framework consists of a non-
redundant muscle synergy feature extraction algorithm based
on neural activation and a meta-learner-based multi-joint
angle prediction model. To validate the effectiveness of the
proposed method, a series of experiments are conducted. Fea-
ture comparison experiments demonstrate that the proposed
feature extraction method outperforms conventional TD fea-
tures. Cross-speed and cross-subject experiments against
baseline methods further validate the accuracy and general-
ization capability of our approach. Finally, physical walking
experiments with an exoskeleton executing the predicted
gait confirm the effectiveness and reliability of the proposed
method. In future work, we will further generalize to more
complex motion patterns such as uphill locomotion.
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