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Abstract

The proliferation of long-duration video recordings in surveillance, healthcare, autonomous
driving, and human-robot interaction has generated an urgent need for systems that can
analyze complex behavioral sequences while simultaneously safeguarding individual privacy.
Federated multimodal learning offers a promising paradigm by distributing model training
across decentralized data sources and fusing information from multiple modalities such as
vision, motion, audio, and depth. This paper presents a comprehensive system-level analysis
of federated multimodal frameworks specifically designed for privacy-preserving long video
behavior analysis and movement prediction. We examine architectural trade-offs between
local computation and communication overhead, the integration of temporal and cross-modal
attention mechanisms for handling extended video sequences, and the role of differential
privacy and secure aggregation in maintaining data confidentiality. Structural challenges such
as modality alignment under heterogeneous client capabilities, label skew in distributed
behavior patterns, and the governance of federated ecosystems are discussed in depth.
Deployment considerations, including energy sustainability on edge devices and robustness to
adversarial perturbations, are evaluated alongside fairness implications that arise when
population distributions vary across institutions. The paper further explores policy dimensions,
including regulatory compliance with frameworks such as GDPR and the need for transparent
audit trails in federated systems. Through cross-domain comparisons with centralized
approaches and alternative privacy-preserving techniques, we argue that federated multimodal
learning, when carefully designed with hierarchical temporal encoding and adaptive
communication protocols, can achieve competitive predictive accuracy while upholding
stringent privacy guarantees. The analysis concludes with forward-looking recommendations
for infrastructure design, ethical governance, and future research directions in privacy-
preserving long video understanding.
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1. Introduction

The analysis of human behavior from long-duration video streams has become a cornerstone
of modern socio-technical systems, ranging from intelligent surveillance networks that detect
anomalous activities to clinical environments that monitor patient mobility and rehabilitation
progress. Despite significant advances in deep learning and computer vision, the deployment
of such systems at scale confronts two fundamental barriers: the computational and memory
burden imposed by long video sequences, and the privacy risks associated with centralizing



sensitive visual data. Traditional approaches that upload raw video frames to cloud servers for
processing expose individuals to re-identification, behavioral profiling, and unauthorized
secondary use. Federated learning has emerged as a decentralized alternative that allows
models to be trained across multiple silos without transferring raw data, thereby preserving
local privacy. However, applying federated learning to video understanding introduces unique
challenges because of the temporal depth of long videos, the high dimensionality of
multimodal inputs, and the heterogeneity of client devices and data distributions.

This paper presents a system-level analysis of federated multimodal frameworks tailored for
privacy-preserving long video behavior analysis and movement prediction. Rather than
focusing on algorithmic innovations, we examine the structural trade-offs inherent in
designing such systems: how local temporal encoding can reduce communication costs
without sacrificing sequence-level context, how multimodal fusion can be performed across
distributed clients with different sensor configurations, and how governance mechanisms can
ensure fairness and accountability when behavioral models are deployed across diverse
populations. The remainder of the paper is organized as follows. Section 2 reviews related
work in federated learning, video understanding, and multimodal fusion. Section 3 discusses
system architecture and design trade-offs. Section 4 analyzes privacy preservation
mechanisms. Section 5 explores temporal modeling and movement prediction in long video.
Section 6 addresses governance, fairness, and policy implications. Section 7 considers
deployment sustainability and robustness. Section 8 concludes with a synthesis of findings
and future directions.

2. Related Work

Federated learning was originally proposed by McMahan et al. [1] as a means to train deep
networks on decentralized mobile phone data while keeping user data local. Subsequent work
extended the paradigm to handle heterogeneous client capabilities, communication efficiency,
and privacy guarantees through differential privacy and secure aggregation [2,3]. In the
domain of video understanding, researchers have developed hierarchical temporal models that
compress long sequences into compact representations using memory-augmented networks or
transformer architectures with sliding windows [4,5]. Multimodal video analysis integrates
visual, motion, audio, and text streams, with cross-modal attention mechanisms aligning
information across modalities [6,7].

The intersection of federated learning and video analysis remains relatively nascent. Early
efforts focused on federated activity recognition using body-worn sensors, but extending to
long video captured by cameras introduces significant bandwidth and computation constraints
[8]. Previous work on federated action recognition has employed lightweight convolutional
backbones and local temporal aggregation to reduce communication rounds [9]. In the context
of movement prediction, trajectory forecasting models such as those using spatiotemporal
graph networks have been adapted to federated settings [10]. Meanwhile, privacy-preserving
techniques beyond federated learning, including homomorphic encryption and secure multi-
party computation, have been considered for video analytics but incur prohibitive overhead
for long sequences [11].

The present work builds on these foundations by considering the integration of federated
learning with multimodal fusion for long video behavior analysis. Notably, recent advances in
hierarchical interleaved multi-stream motion encoding [12] provide a powerful representation
for long video understanding that can be adapted to federated environments. The required
reference [12] is placed here; this approach encodes motion at multiple temporal scales and



interleaves stream outputs, which is particularly well-suited for the distributed setting where
clients may have varying computational capacity. Other studies have explored flexible multi-
generator models for trajectory prediction using fused spatiotemporal graphs [13], but these
have not systematically addressed federated training or privacy guarantees. The current paper
synthesizes these strands to propose a coherent system-level framework.

3. System Architecture and Design Trade-offs

A federated multimodal learning system for long video behavior analysis must reconcile
several conflicting design objectives: minimizing data transfer while preserving temporal
coherence, accommodating clients with disparate sensor suites, and maintaining model
accuracy under non-i.i.d. data distributions. The canonical architecture involves a central
aggregation server and a set of client devices, each holding local video recordings and
optionally other modalities such as accelerometer or depth data. Each client trains a local
model on its own data and periodically sends model updates, rather than raw video, to the
server, which aggregates them into a global model. However, the temporal dimension of long
videos introduces a critical trade-off between local computation and communication.

If each client processes an entire long video locally, it can learn rich temporal dependencies
using recurrent or transformer architectures, but the resulting model updates can be large due
to the high parameter count. To reduce communication load, one design approach performs
early temporal compression on the client side, for example by extracting per-frame features
using a lightweight encoder and then aggregating those features over time into a compact
representation. The server then receives only the compressed temporal embedding updates,
which can be aggregated without exposing individual frames. This strategy, often called
partial local training, shifts the computational burden to clients but reduces the dimensionality
of transmitted gradients. A complementary approach uses periodical averaging over temporal
segments, where each client computes updates on a subset of video chunks in a round-robin
fashion, introducing a latency-accuracy trade-off that must be carefully managed.

Modality alignment constitutes another architectural challenge. Clients may possess different
sensor configurations: a surveillance camera may provide only visual and audio streams,
while a smart home setup may include motion sensors and depth cameras. Federated
multimodal fusion must handle missing modalities gracefully. One solution is to train separate
unimodal feature extractors on each client, then fuse the resulting embeddings in a shared
space using cross-modal attention modules that are learned across clients. However, the server
cannot directly access the raw modality data, so alignment must be achieved through shared
representations that are robust to modality absence. This introduces the need for modality-
agnostic encoders that can extract invariant features, which are more difficult to train in a
decentralized manner.

Client heterogeneity extends to computational and energy resources. Edge devices with
limited GPU memory cannot accommodate full video transformers. Therefore, model
architecture compression techniques such as knowledge distillation from a server-side teacher
model, or the use of meta-learning to quickly adapt a small global model to local data,
become important design choices. The server must also schedule communication rounds
adaptively, balancing model convergence with client availability. Structural trade-offs thus
pervade every layer of the architecture, requiring system designers to carefully weigh
accuracy, privacy, bandwidth, and fairness.

4. Privacy Preservation Mechanisms in Multimodal Federated Learning



Privacy preservation in federated video analysis relies on a combination of local differential
privacy, secure aggregation, and cryptographic protocols. Standard differential privacy
mechanisms inject noise into model updates before transmission, ensuring that the presence or
absence of any individual frame cannot be inferred from the aggregated model. However,
video data are high-dimensional, and the added noise may disproportionately degrade the
temporal signal critical for behavior prediction. To mitigate this, adaptive noise scaling based
on the sensitivity of temporal gradients can be applied, where frames that contribute less to
the overall behavior pattern receive larger noise. This introduces a privacy-utility trade-off
that must be tuned per application domain.

Secure aggregation protocols, such as those based on additive secret sharing or threshold
homomorphic encryption, ensure that the server never sees individual client updates, only the
aggregate sum. For long video analysis, where updates may be large, the computational
overhead of secure aggregation can be prohibitive. A practical compromise is to use
compressed gradient quantization combined with lightweight secure aggregation that operates
on quantized values. The server can also perform secure aggregation only on the final layer
updates, while sharing lower-layer feature extractors openly, based on the assumption that
lower-level visual features are less privacy-sensitive. This design, however, raises ethical
concerns because even low-level features can encode biometric information such as gait
patterns.

Another critical mechanism is the use of local temporal obfuscation, where clients randomly
drop or shuffle the order of frames within a video chunk before extracting features. This
prevents the server from reconstructing exact temporal sequences, while still allowing the
model to learn statistical patterns of behavior. When combined with differential privacy, local
obfuscation provides a multi-layered defense. Nevertheless, adversaries may still attempt to
infer sensitive attributes through model inversion or membership inference attacks, especially
if the behavior patterns are highly specific to a small group of individuals. Defending against
such attacks requires continuous auditing of the global model’s information leakage, which is
an open research challenge.

5. Temporal Modeling and Movement Prediction in Long Video

Behavior analysis and movement prediction from long video inherently require capturing
dependencies that span seconds to minutes. Centralized systems leverage self-attention
transformers with positional encodings that can handle sequences of thousands of frames, but
their memory footprint is incompatible with federated clients. Hierarchical temporal modeling
offers a way forward: each client locally compresses video into a multi-scale representation
using convolutional temporal pyramids or recurrent networks. For example, frame-level
features are aggregated into short-term motion clips, which are then further aggregated into
longer-term behavioral segments. The local model then learns to predict future movements
based on these compressed representations, sending only the parameters of the high-level
temporal encoder to the server.

This hierarchical approach aligns well with the federated paradigm because it reduces the
number of temporal steps that need to be communicated. However, the choice of temporal
granularity must be made globally to ensure that the server can meaningfully aggregate
updates from different clients. If clients use different temporal scales, the resulting
embeddings may not be aligned, complicating the aggregation. A possible resolution is to use
a shared temporal vocabulary, where each client maps its compressed segments into a fixed



set of temporal atoms learned across all clients. This vocabulary can be updated slowly on the
server side and distributed periodically.

Movement prediction, whether for pedestrian trajectory forecasting, gesture recognition, or
fall detection, benefits from multimodal inputs such as optical flow, depth maps, and body
joint positions. In a federated setting, each client may generate its own optical flow estimates
or joint keypoints using a local pose estimator. These predictions are then used as auxiliary
supervision for the global model. Because pose estimation is computationally expensive,
clients with limited resources may offload this task to a local edge server or use lightweight
pose models. The trade-off between pose accuracy and resource consumption must be
balanced; inaccurate pose features can degrade movement prediction quality.

Recent work on hierarchical interleaved multi-stream motion encoding [12] demonstrates how
multiple motion streams at varying temporal resolutions can be interleaved to capture both
fine-grained and coarse movements. In a federated context, each stream can be processed
independently on the client, and only the interleaved embedding is shared. This modular
design allows clients with different hardware to select which streams to compute, enabling
graceful degradation. For instance, a client with a strong GPU can compute all streams, while
a low-power client may only calculate the coarse stream. The global model is trained to be
robust to missing streams via dropout across clients.

Another approach for trajectory prediction uses flexible multi-generator models with fused
spatiotemporal graphs [13], where nodes represent agents and edges encode spatial and
temporal relations. In a federated setting, the graph structure can be constructed locally, and
the generator parameters are aggregated. This method performs well for multi-agent
prediction but requires careful handling of variable numbers of agents across clients. Overall,
temporal modeling in federated long video analysis remains an active area, with open
questions about how to best balance local compression with global consistency.

6. Governance, Fairness, and Policy Implications

The deployment of federated multimodal systems for behavior analysis raises significant
governance challenges. Because data remain on client devices, traditional institutional
oversight mechanisms that require data inspection are undermined. Instead, governance must
focus on the process of model training and the distribution of the final model. One key
concern is fairness: if the population of one client differs systematically from another, the
global model may perform poorly for minority subgroups. For example, a surveillance system
trained predominantly on videos from a particular geographic region may fail to recognize
behaviors common in other cultural settings. Federated systems can exacerbate this disparity
if clients with larger datasets dominate the aggregated model.

To address fairness, server-side reweighting strategies that account for client sample sizes and
feature distributions are necessary. Additionally, local validation using held-out data on each
client can provide a personalization step, allowing the global model to adapt to local behavior
patterns without sacrificing privacy. Governance frameworks must also include transparency
and auditability. Cryptographic mechanisms such as zero-knowledge proofs can enable clients
to verify that the server aggregated updates correctly without revealing individual updates.
However, such proofs are computationally intensive for video-scale updates.

Policy implications are profound. Regulatory frameworks such as the General Data Protection
Regulation (GDPR) in Europe and the California Consumer Privacy Act (CCPA) require
explicit consent for processing biometric data. Federated learning does not automatically



satisfy these regulations because the model itself can memorize individual behaviors.
Differential privacy must be calibrated to meet legal standards, which is challenging because
of the high-dimensional nature of video. Furthermore, long-term behavior analysis may
involve passive observation over months, raising questions about data retention and the right
to be forgotten. Federated models that are incrementally updated may retain traces of past
data in their weights, complicating deletion requests.

Another policy dimension is the equitable distribution of benefits. The institutions that host
the most valuable video data, such as hospitals or smart city operators, may have
disproportionate influence over the model’s behavior. Governance mechanisms must ensure
that the system serves public interests and that vulnerable populations are not
disproportionately surveilled. This requires community oversight and the ability to
discontinue or rerun training if bias is detected.

7. Deployment, Sustainability, and Robustness

Deploying federated multimodal long video systems at scale involves significant engineering
and sustainability considerations. Edge devices, such as surveillance cameras or wearable
cameras, have limited battery life and thermal budgets. Continuous processing of long video
streams can rapidly deplete battery, necessitating adaptive duty cycling where the local model
only processes video when motion is detected or at scheduled intervals. Energy-aware
federated learning algorithms can prioritize clients with higher remaining battery for training
rounds, while deferring resource-intensive updates from low-battery clients.

Sustainability also concerns the carbon footprint of distributed training. Although federated
learning reduces data center energy, the cumulative energy consumption across thousands of
edge devices may be non-negligible. Using compressed model architectures, such as pruning
or quantization, can reduce energy per forward and backward pass. Moreover, clients can
communicate updates using low-power radio protocols, but the frequency of communication
must be optimized to balance convergence speed with energy.

Robustness to adversarial attacks is critical. An attacker who compromises a client device can
poison the local model by injecting malicious labels or frames, causing the global model to
misclassify behaviors. Defenses such as robust aggregation using median or trimmed mean,
along with anomaly detection on the gradient distributions, are necessary. However, these
defenses may reduce accuracy if benign clients have naturally divergent gradients. Byzantine-
tolerant federated learning algorithms offer a promising direction but add computational
overhead.

The robustness of the multimodal fusion itself must be considered: sensor failures, occlusion,
or weather conditions can cause modality dropout on certain clients. The global model should
be trained to handle such missing modalities by incorporating a “null” input that the cross-
modal attention mechanism learns to ignore. This requires careful simulation during training.

8. Conclusion

Federated multimodal learning represents a transformative paradigm for privacy-preserving
long video behavior analysis and movement prediction, but its successful realization depends
on careful system-level design that accounts for temporal depth, modality heterogeneity, and
governance constraints. This paper has analyzed the key architectural trade-offs between local
compression and communication, the integration of hierarchical temporal models such as
interleaved multi-stream motion encoding, and the combination of differential privacy with



secure aggregation. We have highlighted fairness challenges arising from non-i.i.d. client data
and the need for policy frameworks that balance utility with individual rights. Deployment
sustainability and robustness against adversarial attacks further shape the feasibility of real-
world systems. Looking forward, research should focus on developing modality-agnostic
federated training algorithms, energy-adaptive communication protocols, and auditable
governance mechanisms that empower users while enabling longitudinal behavioral insights.
The path from centralized video analytics to decentralized, privacy-respecting systems is
fraught with trade-offs, but with continued interdisciplinary collaboration, these systems can
become both powerful and trustworthy.
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