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Abstract

Real-world federated learning faces two key challenges: limited access to labelled
data and the presence of heterogeneous multi-modal inputs. This paper proposes TACTFL,
a unified framework for semi-supervised multi-modal federated learning. TACTFL intro-
duces a modality-agnostic temporal contrastive training scheme that conducts representa-
tion learning from unlabelled client data by leveraging temporal alignment across modali-
ties. However, as clients perform self-supervised training on heterogeneous data, local
models may diverge semantically. To mitigate this, TACTFL incorporates a similarity-
guided model aggregation strategy that dynamically weights client models based on their
representational consistency, promoting global alignment. Extensive experiments across
diverse benchmarks and modalities, including video, audio, and wearable sensors, demon-
strate that TACTFL achieves state-of-the-art performance. For instance, on the UCF101
dataset with only 10% labelled data, TACTFL attains 68.48% top-1 accuracy, significantly
outperforming the FedOpt baseline of 35.35%. Code will be released upon publication.

1 Introduction

Federated learning (FL) [35] is a decentralised machine learning paradigm for training models
on client devices collaboratively, without transferring clients’ raw data to a central server. This
privacy-preserving setting has become increasingly important in data-sensitive applications
such as healthcare [38, 47, 51], internet of things [14, 37], and finance [4, 34]. Traditional
FL methods typically rely on two restrictive assumptions: (i) well-annotated client data,
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Figure 1: A conceptual overview of TACTFL. (a) On each client, encoders are updated using
temporal contrastive training 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. (b) Unlike FedAvg [35], TACTFL adaptively weights each client model based on
representational similarity. (c) The server trains the task head on a small labelled dataset with
frozen encoders.

and (ii) single-modality input data. These assumptions often fail in practice due to annota-
tion costs, privacy constraints, and diverse multi-modal data generation by modern devices
(e.g., smartphones, wearables, smart cameras). Thus, recent studies have explored semi-
supervised [12, 46], unsupervised [2, 19], as well as multi-modal FL. (MMFL) [13, 55]. In
this paper, we investigate a practically important yet challenging scenario: semi-supervised
MMFL, where clients hold unlabelled multi-modal data, and a limited labelled dataset is avail-
able only on the server. Prior work has explored this scenario [26, 53, 54, 55], but significant
challenges remain unresolved, specifically, learning effective multi-modal representations
from unlabelled data and handling semantic misalignment in model aggregation.

To address these challenges, we propose TACTFL: TemporAl Contrastive Training for
multi-modal Federated Learning, a unified framework that consists of two key components.
The first component is a novel local temporal contrastive training strategy. Many semi-
supervised MMFL methods [8, 25, 31, 54, 55] rely on reconstruction-based training, which is
difficult to optimise and can lack semantic relevance [43, 48]. Therefore, recent methods ex-
plore contrastive learning [9, 10, 15] and achieve promising results. However, CreamFL [53]
works on image-text pairs and requires expensive cross-client intermediate representations
exchanges. Similarly, MFCPL [26] requires class labels to construct class-specific prototypes
and introduces extra communication costs when exchanging class prototypes across clients.
FUELS [32] is tailored for spatio-temporal forecasting tasks in the domain of traffic prediction,
and thus, the input data should be well-structured, unimodal data. FTCCL [56] is designed for
unimodal time series data, e.g., accelerometer signal, and it particularly focuses on the task of
fault diagnosis. In contrast, TACTFL supports multi-modal data (e.g., video-audio streams
or wearable sensor signals) and introduces a modal-agnostic supervision signal via temporal
intersection-over-union (tloU). Specifically, positive pairs are softly weighted based on their
temporal overlap, providing richer, more flexible guidance for representation alignment across
modalities. This departs from existing contrastive learning based MMFL approaches that rely
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on specific modalities [32, 56] and hard-labelled positives [26, 53], enabling more flexible,
graded alignment across modalities. To our knowledge, this is the first use of tloU as a soft
contrastive signal for MMFL, making our framework modality-agnostic. The conceptual
overview of local temporal contrastive training is shown in Figure 1(a). After local training,
local models are sent to the central server without introducing any extra communication costs
(intermediate representations or prototypes).

Our second component is then a similarity-guided model aggregation process to mitigate
semantic misalignment between client models, an issue largely unaddressed in existing
MMFL literature, which typically employs standard aggregation methods (e.g., FedAvg [35],
FedOpt [42]). In TACTFL, the server adaptively weights each client’s model contribution
based on representational similarity. Specifically, we compute pairwise cosine similarities
between client model representations obtained using the small labelled dataset on the server.
Clients that produce representations more consistent with the majority (i.e., higher inter-client
similarity) are considered more semantically aligned and are given greater weight during
aggregation. The comparison between the standard aggregation technique and the similarity-
guided model aggregation is shown as Figure 1(b). Finally, the central sever updates the task
head by supervised training on the small labelled dataset, as shown in Figure 1(c).

The main contributions of TACTFL are as follows. First, we propose a novel temporal con-
trastive training scheme, which is modality-agnostic, explicitly leverages temporal alignment
across modalities, and avoids additional intermediate representation exchanges. Second, we
introduce similarity-guided model aggregation, a dynamic server-side strategy that adaptively
weights client models based on representation similarity, effectively addressing semantic
misalignment in heterogeneous data scenarios. Finally, we conduct extensive experiments
across various multi-modal benchmarks spanning video, audio, and wearable sensor data,
demonstrating that TACTFL consistently achieves state-of-the-art performance.

2 Related Work

Our work falls under the category of semi-supervised, multi-modal federated learning. In
this section, we review relevant literature on FL with a particular focus on semi-supervised
learning, MMFL, and contrastive learning approaches. Traditional FL studies mainly explore
the challenge of data heterogeneity [11, 18, 41, 52], and aggregation strategies [28, 35,
42]. FedAvg [35] is the earliest FL algorithm. It aggregates local models by computing
a weighted average, where each model’s contribution is weighted by the size of its local
dataset. FedOpt [42] extends FedAvg by incorporating adaptive optimisation techniques, i.e.,
momentum, during aggregation. In many real-world settings, local data usually lacks labels,
so recent efforts have explored semi-supervised [12, 29, 33, 46] and unsupervised [2, 50] FL
paradigms, where only a subset of data is labelled or none at all. Survey papers [21, 30, 44, 49]
offer comprehensive overviews and trends in FL research.

MMEFL extends FL to settings where data from multiple modalities — such as video,
audio, and wearable sensors — are distributed across clients. FedMEKT [25], FedMAC [39],
and earlier MMFL approaches [8, 54, 55] adopt deep autoencoder-based objectives to align
or reconstruct cross-modal representations. However, reconstruction-based objectives are
difficult to optimise [43, 48] and often misaligned with downstream tasks. Similarly, Fe-
dRecon [31] focuses on reconstructing missing modalities but assumes strong assumptions on
modality mappings. MFCPL [26] addresses missing modalities and data heterogeneity via
a cross-prototype learning framework, but operates under a supervised learning paradigm,
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requiring class labels to construct class-specific prototypes.

Contrastive learning has become popular for representation learning from unlabelled
data [9, 15]. Recent MMFL methods adopt contrastive objectives to overcome the limitations
of autoencoders. CreamFL [53] aligns image-text pairs through contrastive learning but
requires sharing intermediate representations between clients and server, increasing commu-
nication overhead. MOON [27] and FedMAC [39] use model-contrastive objectives to align
local and global representations, but they are designed for unimodal settings. More recent
works, such as FUELS [32], target personalised federated spatio-temporal forecasting via
dual semantic alignment but require both modality-specific encoders and global prototypes.
Similarly, FTCCL [56] introduces temporal-context contrastive learning for fault diagnosis
but focuses on supervised or pseudo-label training and does not consider modality alignment
or missing modalities.

In contrast to prior works, by conducting temporal contrastive training, TACTFL com-
bines the strengths of contrastive learning with a semi-supervised, modality-agnostic design.
TACTFL avoids any intermediate representation or prototype exchange, which preserves
privacy and minimises communication overhead. Moreover, TACTFL accommodates missing
modalities during training and inference and can remain robust.

3 Method

TACTFL follows an iterative training workflow. First, the server initialises the global encoders
and task head and distributes them to all clients. Each client then performs local encoder
training using unlabelled multi-modal data with temporal contrastive training, keeping the
task head frozen, as shown in Figure 1(a). After local training, clients upload their updated
encoder weights to the server, which aggregates them using the similarity-guided model
aggregation strategy, as shown in Figure 1(b). The server then trains the task head using the
small labelled dataset while keeping the encoders fixed, as shown in Figure 1(c). Finally, the
updated model (encoders and task head) is redistributed to all clients. This process is repeated
multiple rounds. A detailed algorithm can be found in the Supplementary Material.

3.1 Problem Definition

We consider a federated learning scenario with C clients, each holding locally collected
multi-modal data from heterogeneous sources such as smart cameras, wearable sensors, and
mobile devices. Each client is assumed to possess at least two synchronised modalities,
denoted as x* and x8. These may include RGB video frames (modality A), audio signals
(modality B), or time-series data such as accelerometer and gyroscope measurements. In
practice, some clients may experience missing modalities.

Let D, = {(x!,x8 )}f\i , represent the local unlabelled dataset on client ¢ € {1,...,C}.
All client datasets Dy, ..., D¢ are fully unlabelled, reflecting real-world challenges in data
annotation at the edge. In contrast, a small labelled proxy dataset is available on the central
server: Dg = {(x?,x? ,y j)}]]\fil, where y; denotes task-specific labels. This server-side dataset
shares the same modality structure as the client data and serves two key purposes: (i) training
the downstream task head, and (ii) supporting similarity-based model aggregation to address
inter-client semantic misalignment. The objective is to collaboratively learn a global model
that can perform a downstream task (e.g., action recognition or emotion classification) by
exploiting unlabelled multi-modal data from clients and the small labelled dataset on the
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Figure 2: Details of the temporal contrastive training process.

server, without transferring raw data. This setup ensures strong privacy preservation while
enabling effective and communication-efficient training.

Generalised Model Architecture. TACTFL adopts a modular and lightweight architec-
ture composed of three parts: modality-specific encoders, a fusion module, and a downstream
task head. For each input modality, an encoder E™ (e.g., E for RGB, E? for audio), as shown
in Figure 2, is used to extract high-level representations from raw data. The encoders can
be implemented using modality and application-appropriate architectures, such as CNNs for
visual data or LSTMs for wearable signals, and are trained locally on unlabelled data using
our temporal contrastive training strategy, while the task head remains fixed during this stage.

The outputs of the encoders are aggregated by a lightweight fusion module that combines
per-modality embeddings into a unified representation. This fusion can be implemented via
simple concatenation or averaging, though more advanced approaches (e.g., attention-based
fusion) are also compatible. The fused embedding is then passed to a prediction head H,
which is responsible for producing task-related outputs. Unlike the encoders, the task head
is trained exclusively on the central server using a small labelled proxy dataset. During this
supervised training phase, encoder weights are frozen to preserve the representations learned
during local contrastive training.

3.2 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. Figure 1(a) shows some examples in the embedding space.

The temporal contrastive training process is shown as Figure 2. For each multi-modal
sample, we segment the input sequence into two temporal chunks. The window size is defined
as a proportion of the full input (e.g., 80% or 90%), and segments may overlap to ensure
smooth transitions. Each segment preserves temporal coherence and can be treated as an
individual training sample. For a client with two modalities (e.g., RGB video and audio), we
denote the resulting sets of temporal segments as X = {x{ }2¥; ! and X8 = {xB}2V !, where
2N is the total number of segments across the batch. For each pair (x!,x f ), we compute their
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tloU, a widely used metric in action localisation. The tloU serves as a soft pseudo-label for
the likelihood that the two segments represent the same content. We construct a matrix of
tloU scores I(i, j) between all segment pairs from the two modalities, and normalise each
row to produce a probability distribution. T (i,-) represents a soft target distribution for x?
across all x? ,and T (i, j) is computed as I(i, j) /Y 2Y, I(i,k). The contrastive loss encourages
the embeddings of segments with high temporal overlap to be closer in the feature space,
pushing apart unrelated ones. The loss for a pair (i, j) is defined as

. St/ .
l(z,]):—logWT(z,]), (D

where 7 is a temperature parameter and S(i, j) denotes the cosine similarity between encoder
outputs as

EA(x}) TEP (x})
IEAGHI - IEE ()

The total contrastive loss is computed symmetrically over both modalities, aggregating all
pairs (i, j) and (j,i) within each mini-batch. This formulation enables robust cross-modal
representation learning without requiring labels, and naturally supports clients with missing
modalities: when only a single modality is available, the same modality can be duplicated to
form pseudo-pairs for training. Additionally, the temporal segmentation process implicitly
augments data and improves generalisation across clients with limited local data.

S(i,j) = 2

3.3 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. For example, the same input
sample may produce embeddings with a small cosine similarity when processed by encoders
trained on different clients. This inconsistency makes standard aggregation techniques, e.g.,
FedAvg [35], unreliable.

The similarity-guided model aggregation strategy leverages the small labelled dataset
on the central server Dg to assess the alignment of each client model. It assigns higher
weights to those clients whose representations are more semantically consistent with the rest.
Formally, given C client encoder models {mq,m;,...,mc_1}, the server first computes feature
embeddings for the labelled dataset Ds by passing it through each client model. For each
model m;, the embeddings are averaged across all samples in Dy to produce a summary vector
V;. This results in C embedding vectors {Vy,Vi,...,Vc_1}, one per client. The server then
computes a pairwise similarity matrix § € R€*C, where each element S(i, j) reflects the cosine
similarity between the representations V; and V;, computed as S(i, j) = V; - V;/||Vi|| - [|V;]|. To
determine how well-aligned each client is with the others, we compute a similarity-based
weight vector W € RC,

zc o S(i. j)
o Xi—0S(k,j)’

ensuring that ZiC:_Ol W (i) = 1. These weights capture the relative alignment of each client’s
representations with the rest of the population. Finally, the global encoder model m' is

W)= 3)
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Dataset a Modalities Metric n=09 n=08
FedAvg[35] FedOpt[42] TACTFL | FedAvg[35] FedOpt[42] TACTFL

UCF101 [22] 0.1 Audio, Video Acc 10.49 35.35 68.48 40.14 44.43 71.67
MiT10 [36] Audio, Video Acc 7.48 19.86 48.87 25.77 36.90 51.77
UCI-HAR [3] Acce, Gyro F1 33.78 41.26 74.87 35.11 42.64 75.12
UCF101 [22] 5.0 Audio, Video Acc 6.41 12.56 70.22 40.71 46.53 72.99
MIiT10 [36] Audio, Video Acc 9.21 21.04 50.13 27.60 38.15 52.66
UCI-HAR [3] Acce, Gyro Fl1 35.66 45.21 79.49 37.70 44.50 76.41

Table 1: Scenario 1: Accuracy/F1 (%) of TACTFL and two baseline methods, FedAvg/FedOpt,
under two missing label rates r;. & denotes the control factor of the Dirichlet distribution for
data partitioning (best results in bold, second best underlined).

Datasets Modality FedloT [55]  FedProx[28] MOON [27]  CreamFL[53] FedMEKT [25] TACTFL
Acce.Gyrg | Acce 63.83 67.86 64.47 68.58 68.28 68.90
Y Gyro  63.62 64.36 64.12 64.34 64.60 64.75
Acce  69.99 70.00 69.71 69.51 71.16 71.09
mHealth [1] Acce-Mage oo 68.49 69.21 68.79 69.18 7113 71.84
GvioMage YO 6543 65.37 65.90 66.05 67.10 6721
YIO-MAEC  Mage  68.28 68.75 68.13 68.00 69.02 69.30
AccerGB  Acce 6170 65.66 65.89 66.82 70.66 70.43
RGB  57.88 59.26 62.00 62.34 66.70 66.92
Acce  67.24 68.79 68.08 71.61 72.68 72.17
Fall [/ e 7217
UR-Fall 241 Acce-Depth 1y 0y 6076 68.08 68.16 75.33 7522 74.99
RGB.Depts  RGB 6938 75.60 7338 78.57 77.87 78.18
PO Depth  67.61 70.04 66.48 69.18 70.57 70.86
o Acce 7175 7225 72.96 7333 73.50 7337
Opportunity [S] - Acce-Gyro o0 0 7508 71.43 72.09 72.10 72.15 73.12

Table 2: Scenario 1: F1 scores on FedMEKT [25] benchmarks. Paired modalities are for
training, and each individual modality is for testing (best in bold, second best underlined).

obtained as a weighted sum of the client models as m’ = Zic:’Ol W (i) - m;. By adaptively
emphasising clients with better-aligned representations, the training convergence speed is
accelerated. It also mitigates the impact of noisy, biased, poorly trained local models.

After the model aggregation, the server conducts supervised central training in a standard
way. The task head H is trained using the small labelled dataset Dg. During this stage,
the encoders are frozen, and only H is optimised with supervised loss. The updated model
containing the trained head is then sent to clients for the next round. More details of the
central training can be found in the Supplementary Material.

4 Experiments

We evaluate TACTFL against state-of-the-art methods on diverse benchmark datasets covering
various modalities and tasks. Following FedMEKT [25], we conduct experiments under two
scenarios reflecting real-world challenges: multi-modal and missing-modal clients.

Detailed Settings. Multi-modal encoders extract embeddings from raw input. Following
FedMM [13], MobileNetV2 [17], mel-frequency cepstral coefficients (MFCCs) [7], and
MobileBERT [45] are used as encoders for videos/images, audios, and text, respectively.
Following FedMEKT [25], 2 LSTM layers [16] are used as the encoder for wearable data.
For our experiments, we follow FedMM [13] to conduct local training for 1 epoch in each of
200 rounds of global-local updates and fix the batch size for all datasets to 16. The number of
clients for each dataset can be found in the Supplementary Material.

Scenario 1: Multi-modal Clients. Each client holds synchronised data from multiple
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Datasets 'm FedOpt [42] MOON [27] FedProx [28] FPL [20] FedloT [55] FedMSplit [6] MFCPL [26] TACTFL

0.5 7479 74.87 70.14 75.16 71.57 74.76 7744 71.92
UCI-HAR [3] 0.7  66.17 73.63 69.37 74.28 70.58 73.32 75.61 75.83

0.8 56.45 72.78 68.77 73.46 68.62 72.77 75.19 75.12

0.5  54.62 52.67 52.75 54.97 53.98 55.57 56.30 56.89
Hateful Memes [23] 0.7 51.61 51.40 50.49 53.79 52.72 53.61 55.69 55.31

0.8 49.58 50.68 50.23 52.94 51.31 52.65 55.04 59.47

0.5 5158 50.66 51.92 52.11 51.81 52.97 54.71 55.26
MELD [40] 0.7 4927 47.51 51.83 50.09 49.48 51.65 53.62 54.10

0.8 47.54 46.94 50.48 49.49 49.61 50.57 52.18 53.25

Table 3: Scenario 2: Performance for various missing-modality rates (r,,) on UCI-HAR,
Hateful Memes, MELD datasets (best in bold, second best underlined).

modalities, such as video-audio streams or wearable sensor signals. This setting reflects real-
world conditions where multi-modal data is plentiful but labels are unavailable. We first follow
FedMM [13] protocols to prepare datasets including UCF101 [22] and MiT-10 [36] for video-
audio, and UCI-HAR [3] for accelerometer (Acce) and gyroscope (Gyro) data. To simulate
federated non-IID distributions, data is partitioned using a Dirichlet distribution Dir(a),
where lower o values introduce higher heterogeneity. The label missing rate 7; controls the
level of label availability. For example, when r;=0.9, 90% data is treated unlabelled for local
training, and 10% data is randomly sampled as the central labelled set Dg. Table 1 compares
TACTFL against FedAvg and FedOpt. TACTFL consistently matches or exceeds baselines.

We further evaluate TACTFL under the FedMEKT [25] setup using three human activity
datasets. The mHealth dataset [1] includes accelerometer, gyroscope, and magnetometer
(Mage) signals. One participant is held out for testing, one for the labelled set Dg, and the
rest for training. For UR-Fall [24], which includes RGB, depth, and accelerometer data, we
randomly sample 10% for testing, 10% as Dg, and leave the remaining for training. The
Opportunity dataset [5] includes Acce and Gyro signals from four participants performing
kitchen tasks. Runs 4 and 5 from participants 2 and 3 are used for test, runs 4 and 5 from
participants 1 and 4 are used as Ds. As shown in Table 2, TACTFL consistently achieves
the best or second-best results across modality pairs, outperforming strong baselines like
FedMEKT and CreamFL, especially in sensor-rich datasets like mHealth and UR-Fall where
temporal and multi-modal cues are critical.

Scenario 2: Missing Modalities. In practice, some clients may lack access to certain
modalities due to hardware limitations or sensor failures. This setting captures the challenge
of learning from incomplete multi-modal inputs, with all client data remaining unlabelled.
We evaluate this scenario on three datasets: (1) UCI-HAR [3], featuring Acce and Gyro
data; (2) Hateful Memes [23], a binary classification dataset of 10k image-text pairs; and
(3) MELD [40], a multimodal emotion recognition dataset with audio and text. We use four
emotion classes (neutral, happy, sad, angry) with the most samples. Following FedMM [13]
and MFCPL [26], we simulate missing modalities by randomly dropping entire modalities per
client. For each client-modality pair, a Bernoulli trial determines whether that modality is re-
tained or replaced with zeros. We experiment with missing modality rates r,,, € {0.5,0.7,0.8}.
We report AUC/UAR/F1 metrics for the Hateful Memes/MELD/UCI-HAR datasets, respec-
tively. As shown in Table 3, TACTFL achieves the best performance in the majority of cases,
and ranks either first or second in every setting. Notably, it outperforms the best state-of-
the-art method MFCPL [26], particularly on the MELD dataset. These results highlight
TACTFL’s robustness and strong generalisation ability in scenarios with missing modalities.

Ablation Study. We perform comprehensive ablation studies on the UCF101 dataset to
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Figure 3: Test accuracy curve under four settings: 1. SSFL (r; = 0.9); 2. TACTFL without
SMA (r; = 0.9); 3. Full TACTFL (r; = 0.9); 4. Fully-supervised FL (r; = 0).

assess the contribution of each component, including: (1) temporal contrastive training (TCT),
(2) similarity-guided model aggregation (SMA), (3) robustness to varying label availability,
(4) resilience to missing modalities, and (5) the impact of temporal window size.

Effects of TCT and SMA. We evaluate four configurations under both FedAvg and
FedOpt settings. First, SSFL denotes semi-supervised FL with a missing label rate of r; = 0.9,
i.e., only 10% of the data is labelled and used as Dg on the server, while the remaining
90% of client data is discarded. Second, TACTFL w/o SMA includes TCT on unlabelled
data but uses standard aggregation (FedAvg or FedOpt). Lastly, the full TACTFL method
integrates both TCT and SMA. The test accuracy curves of all configurations are shown
in Figure 3. More specifically, compared to SSFL baselines of FedAvg/FedOpt (r; = 0.9),
introducing TCT alone (TACTFL w/o SMA) improves accuracy from 10.49% to 54.58%
and from 40.43% to 62.91%, respectively, demonstrating the effectiveness of TCT from
unlabelled data. Moreover, incorporating SMA (TACTFL) yields additional performance
gains, improving accuracy to 63.12% (FedAvg) and 69.60% (FedOpt). This confirms that
SMA plays a critical role in mitigating semantic misalignment during aggregation, resulting
in a more robust and semantically consistent global model. Furthermore, the test accuracy
curve shown in Figure 3 demonstrates that SMA can speed up TACTFL’s convergence speed,
bringing it close to fully-supervised (r; = 0) performance.

Robustness to label and modality spar-
sity. To assess TACTFL’s robustness un-

r practical constrain 1 i

der practical constra ts., we evaluate its o oo Rate

performance under varying degrees of la- 01 03 05 07 09

bel scarcity and missing modality scenarios. FedAvg [35] 7102 7081 67.28 60.25 10.49
. . ! TACTFL 7131 7115 6973 67.08 63.12

In Table 4, we gradually increase the miss-

. . . FedOpt [42] 7448 7320 7146 68.56 5632
ing label and missing modality rates, r; and "= TACTFL 7501 7476 7352 7284 7222

rms from 0.1 to 0.9. TACTFL consistently
outperforms FedAvg across all values of r;, Table 4: Accuracy under varying levels of miss-
with the performance gap widening as fewer ing label and missing modality rates, ; and ry,.
labels are available. Notably, at r; = 0.9,

TACTFL achieves 63.12% F1 score compared to just 10.49% for FedAvg. As for missing
modalities, even with r,,, = 0.9, TACTFL retains strong performance (72.22%) and consis-
tently outperforms FedOpt. These results highlight TACTFL’s robustness to both limited
supervision and incomplete sensor inputs, making it suitable for deployment in real-world,
resource-constrained FL scenarios.



Citation
Citation
{McMahan, Moore, Ramage, Hampson, and Arcas} 2017

Citation
Citation
{Reddi, Charles, Zaheer, Garrett, Rush, Konecny, Kumar, and McMahan} 2020


10 SUNET AL.: TACTFL

Effect of temporal window size. As
shown in Table 5, moderate window SiZ€S  Temporal Window Size 90% 80% 70% 60%  50%
(e.g., 70-80%) yield the highest accuracy,  Accuracy 6926 7134 7222 7128 70.86
while both shorter and longer windows
shght]y reduce performance. This suggests Table 5: Effect of temporal window size on
that appropriately-sized temporal context performance (accuracy %).
is crucial for effective temporal contrastive
learning across modalities.

5 Conclusion

In this work, we presented TACTFL, a unified framework for semi-supervised multi-modal
federated learning. By introducing temporal contrastive training and similarity-guided model
aggregation, TACTFL effectively leverages unlabelled multi-modal data while addressing
semantic misalignment across clients. Extensive experiments demonstrate that our method
achieves consistent and significant improvements over existing baselines across diverse bench-
marks, highlighting its potential for real-world privacy-preserving applications. Despite
its promising performance, TACTFL has several limitations. First, the current framework
assumes access to synchronised multi-modal data, which may not always be feasible in
real-world settings. Second, the temporal contrastive training currently relies on fixed win-
dow parameters, which might not optimally capture semantic dynamics for all modalities.
Future work will explore dynamic temporal alignment techniques, support for asynchronous
modalities, and personalised model adaptation for highly heterogeneous client populations.

6 Ethical Considerations and Broader Impact

The benchmark datasets used in our evaluation (e.g., UCF101, Hateful Memes, MELD) may
contain inherent demographic and cultural biases, which can lead to models that perform
unfairly across different user groups. Another potential risk of bias may be introduced by the
Similarity-guided Model Aggregation (SMA). SMA could penalise client models trained on
data from underrepresented populations, skewing the final global model. While TACTFL’s
federated design is inherently privacy-preserving, developers must be vigilant about these
fairness issues. We strongly advocate for the careful auditing of proxy datasets to ensure they
are balanced and representative. Future work should explore fairness-aware and personalised
aggregation techniques to mitigate these potential biases before any real-world deployment.
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