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Background

The EPSRC-funded TORUS(Transforming the Objective Real-

world measUrement of Symptoms) research programme 

(£6.17M, EP/X036146/1) addresses the urgent need for 

accurate and objective measures to assess the effectiveness 

of new drugs for Parkinson's disease (PD) in clinical trials.

It aims to solve that problem through a novel platform of 

sensing technologies for use in patients’ own homes along with 

an advanced data fusion and machine learning pipeline that 

measures changes in specific mobility-related behaviours over 

weeks and months.

Introduction

• Server-side Training: The server trains the global task head on its 

small, labelled dataset using the new global encoder (which is kept 

frozen).

Temporal Contrastive Training 

To enable local learning on unlabelled multi-modal data, we introduce a 

self-supervised contrastive objective that leverages temporal alignment 

as implicit supervision. The idea is that signals captured from different 

modalities within overlapping time windows are likely to describe the 

same underlying activity and should be embedded closely in the 

embedding space. The temporal contrastive training process is shown 

as Figure 2.

Experiments

Similarity-guided Model Aggregation

In contrast to canonical supervised FL, where local models are 

supervised by the same label distribution and tend to produce 

semantically aligned feature spaces, the use of self-supervised

contrastive learning in TACTFL introduces a new challenge: semantic 

misalignment. Since each client independently optimises its encoders 

on local data using contrastive objectives, the resulting representations 

can diverge significantly across clients. 

The core idea of Similarity-guided Model Aggregation is to assign 

higher aggregation weights to client models whose representations are 

more semantically consistent with the group, using a small, labeled 

dataset 𝐷𝑠 on the central server.
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Figure 0. System overview of the TORUS project

Motivation

Real-world federated learning faces two key challenges: 

• Label Scarcity: Acquiring well-annotated data on client devices is 

expensive and often impractical.

• Data Heterogeneity: Clients produce diverse, multi-modal data 

(e.g., video, audio, sensor readings) that are not uniformly 

distributed.

Our Goal

Develop a unified, semi-supervised framework for multi-modal FL that 

learns effective representations from unlabelled, heterogeneous data 

while preserving privacy.

Our Solution: TACTFL

A novel framework with two key components:

• Temporal Contrastive Training (TCT): A self-supervised strategy for 

clients to learn from their unlabelled multi-modal data.

• Similarity-Guided Aggregation (SMA): A server-side strategy to 

intelligently merge client models by addressing semantic 

misalignment.

Extensive experiments demonstrate that TACTFL achieves state-of-

the-art performance.

Figure 1(a). A conceptual overview of TACTFL. On each client, encoders are updated 

using temporal contrastive training (TCT) on unlabelled multi-modal data, while task heads 

remain frozen. The objective encourages embeddings from different modalities at the 

same time step to be pulled together in the feature space, and embeddings from different 

time steps to be pushed apart.

Figure 1(b). Unlike FedAvg, TACTFL adaptively weights each client model based on

representational similarity. The server trains the task head on a small labelled dataset with

frozen encoders.

Framework Overview

TACTFL Framework Overview

The training process iterates in three stages:

• Local Client Training: Each client trains its encoders on local, 

unlabelled multi-modal data using Temporal Contrastive Training. 

The task head is frozen.

• Server-side Aggregation: Clients upload their trained encoders. The 

server performs Similarity-Guided Aggregation to create an aligned 

global encoder.

Algorithm 1. A detailed pipeline of TACTFL. This design enables TACTFL to robustly learn 

from unlabelled multi-modal data while addressing semantic drift across clients. It is 

model-agnostic, supports missing modalities, and introduces minimal additional 

communication overhead.

Figure 2. Details of the temporal contrastive training process

Step Description Purpose

1. Summarize 

Embeddings

Server computes feature 

embeddings using each 

client model. These 

embeddings are averaged 

across 𝐷𝑠 to produce the 

summary vectors 𝑉𝑖 and 𝑉𝑗

Reduces complex feature 

space to a single 

comparative vector per 

client.

2. Compute Pairwise 

Similarity

Calculate the cosine 

similarity between all pairs 

of summary vectors. This 

forms the similarity matrix.

Quantifies the semantic 

alignment between every 

pair of client models.

3. Calculate Alignment 

Weights

Determine the similarity-

based weight for each 

client, which is proportional 

to the sum of scores in the 

similarity matrix with all 

other clients.

Captures the relative 

alignment of each client's 

representations with the 

entire population.

4. Weighted Aggregation

The global model is formed 

as a weighted sum of the 

client models using the 

computed weights.

Creates an aggregated 

model biased towards 

better-aligned, more 

consistent clients.

Step Description Purpose

1. Temporal 

Segmentation

Split the multi-modal input 

sequence into two overlapping 

temporal chunks.

Creates sets of segments 

for training pairs and acts 

as data augmentation.

2. Calculate tIoU 

Score

Compute the Temporal 

Intersection over Union (tIoU) 

score for every pair of segments 

across the batch.

Establishes the temporal 

overlap, serving as a soft 

pseudo-label.

3. Normalize to Soft 

Target

Normalize the tIoU scores to 

create a soft target probability 

distribution for each segment.

Defines the "true" target 

similarity distribution for the 

contrastive objective.

4. Contrastive Loss

Apply the loss function, which 

encourages high cosine similarity 

between encoder outputs for 

segment pairs with high temporal 

overlap.

Pulls related segment 

embeddings closer and 

pushes unrelated ones 

apart in the feature space.

5. Symmetrical 

Aggregation

Compute the total contrastive 

loss symmetrically, aggregating 

all pairs across both modalities in 

the mini-batch.

Ensures robust 

representation learning for 

both modalities.
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