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Population demographics UK

627,000 extra care staff needed by 2030 
 The Health Foundation REAL Centre



VIVO Hub Overview:
£15 million EPSRC funded grant 

taking place from December 2024 
to December 2030
The main project goals are:

1. Fall prevention
2. Independent dressing
3. Mobility in the home
4. Supporting activity out of the 

home





Prototype Assistive Exosuit: ASSIST-EX
Assistive SpaceSuit-Integrated SofT EXosuit

 Earlier work developed resistive 
exosuits to help astronauts maintain 
muscle mass in low gravity.

 Current work is now also developing 
assistive exosuits for supporting 
independent living.

 Lightweight, compliant design (total 
textile component weight is 0.9kg) 
preserves natural gait unlike rigid 
exoskeletons.

 Highly cost effective: with a 
production cost under £1000, far 
below existing solutions.









Future Research for Exosuit Development

More efficient and portable actuation methods for moving artificial 
muscles
Integrated wearable sensors and onboard compute (e.g. NVIDIA 

Jetsons)
Exosuit capable of supporting with other tasks e.g. sit to stand (work 

under review), fall prevention (work in progress)
Adaptive assistance to facilitate rehabilitation
Using Reinforcement Learning for exosuit control strategies



We want our model to take in Inertial Measuring Unit (IMU) and 
Electromyography (EMG) signal data (future work to integrate video data) and 
predict the label of the current frame given previous frames
A prediction of the what the user is trying to do lets us actuate the exosuit to 

assist them in activities

The Core Machine Learning Task



Model Requirements

Preserve privacy of user data
Low latency and efficient inference
Limited access to labels
Adapt to changing movement patterns over time
Personalise to individual movement patterns



Federated Learning
A key barrier to adoption is user trust that 

their data is being kept private.
Federated Learning allows us to train 

centralised models on decentralised data by 
only sharing model updates.

NVIDIA open source software development 
kit Federated Learning Application Runtime 
Environment (FLARE) enables us to do this.
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Fall detection: low latency / efficient inference

Once balance is lost, the useful window for intervention is about 100 ms at the ankle and 350 ms at the pelvis. 



No Labels…some problems?

We can’t expect participants of VIVO to label all their data as we go, but we still 
want to make the most of the data that they have, even if it isn’t labelled. 
Some approaches:
1. Representation learning on the clients, keep a subset of labelled examples 

centrally (e.g. label data collected from VIVO researchers)
2. Learn from label proportions for each client (e.g. how much time does each 

person spend walking/sat down each day)
Evaluation in both cases becomes difficult because without instance level 
supervision, our proxy for accuracy becomes: 

“Did the suit provide the required assistance at the required time?”



(BMVC 2025)



Previous work has demonstrated the possibility of binary classification with label proportions.
This has since been extended to multi-class classification in a Federated setting.
This work is robust to noisy class priors, e.g. “user spent about 60% of their day walking” 

Label proportions: 40:60

(ICLR 2022)
(ICML 2021)



Adapting across People and over Time

A model well calibrated to:

might be poorly calibrated to:

A person starting rehab

The same person after 
6 months of rehab

A person with typical 
locomotion

A different person with 
atypical locomotion 
(e.g. a limp, frail, uses 
a walking stick)

A person whose muscles 
typically activate before 
they move

A person who 
experiences muscle 
spasms even when idle

We need machine learning models that can adapt and personalise for 
different groups of people and across different time points!



Transfer learning with limited labels

In both TACTFL and FedUL, a steady stream of features means we have 
some ability to adapt to a change in feature distribution (e.g. if a user 
varies what activities they do week to week).
In TACTFL, supervision comes from the central server, which means a 

steady stream of labelled instances would likely be required to keep up 
with drift across clients.
In FedUL, label proportions are needed up front for each client but it’s 

possible for label drift to be masked, even when we have label 
proportions.
Our work under review suggests that structured bags are better for detecting 

drift but harder to learn from.



Thank you for listening!
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