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1 Abstract
The increasing availability of spatio-temporal data has enabled significant advances in perceptionand pattern recognition systems. However, in many real-world and latency-critical applications,performance cannot be assessed solely through final recognition accuracy. Instead, the value of aprediction strongly depends on its timeliness, as reliable decisions must often be produced from
partially observed data.
Event-based sensing and neuromorphic computing offer promising paradigms to address thischallenge by providing asynchronous, high-temporal-resolution signals that naturally support early
detection Gallego et al. (2020); Abderrahmane et al. (2020). At the same time, attention-basedmodels have demonstrated strong capabilities for capturing temporal dependencies, but theirdense and synchronous processing limits their suitability for embedded and low-latency scenariosVaswani et al. (2017); Tay et al. (2020).
This work investigates bio-inspired approaches for early decision-making from spatio-temporaldata, with a particular focus on spiking neural networks (SNNs) Gerstner et al. (2014). The ob-jective is to analyze how event-driven sensing, spike-based computation, and attention-inspiredmechanisms can be combined to achieve accurate and timely predictions while explicitly consid-ering hardware constraints, including latency, memory usage, and energy consumption.
2 Context
Spatio-temporal perception plays a central role in many intelligent systems, including actionrecognition, visual understanding, and autonomous decision-making. In a wide range of real-world applications, decisions must be taken under strict temporal constraints and often from
incomplete or evolving observations. In such settings, the relevance of a prediction depends notonly on its correctness, but also onwhen it is produced, making early detection a key requirementrather than a secondary performance criterion.
Recent advances in deep learning have considerably improved the modeling of temporal depen-dencies. In particular, Transformer-based architectures relying on attention mechanisms havedemonstrated strong performance in spatio-temporal perception tasks by integrating informationover long temporal horizons Vaswani et al. (2017). However, the dense and synchronous nature ofthese models, combined with the quadratic complexity of self-attention, limits their applicabilityin real-time and embedded scenarios subject to tight latency and energy constraints Tay et al.(2020).



Event-based vision sensors offer an alternative sensing paradigm that naturally addresses someof these limitations. By encoding only changes in the visual scene, they produce sparse andasynchronous spatio-temporal data streams with very low latency Gallego et al. (2020). Spiking
neural networks (SNNs), which process information through spike-based communication, naturallyalign with this sensing modality and provide intrinsic temporal dynamics suitable for stream-basedprocessing. These characteristics make SNNs promising candidates for early decision-makingunder constrained hardware resources.
Within this context, the e-BRAIN research group at the LEAT laboratory has developed a strongexpertise in neuromorphic vision and algorithm–hardware co-design. Prior work includes thedesign of dedicated neuromorphic architectures for efficient SNN execution Abderrahmane et al.(2022), as well as analytical tools to characterize the effects of temporal spike-based encoding andquantization for static data Castagnetti et al. (2023b). Together, these contributions provide a solidmethodological and technological foundation to investigate early decision-making mechanismson dynamic spatio-temporal data, bridging perception performance, temporal behavior, andhardware efficiency.
3 Goals of the doctoral project
The main objective of this PhD project is to explore and analyze bio-inspired neural architecturesfor early detection from spatio-temporal data under realistic sensing and computational con-straints. Rather than focusing exclusively on maximizing final recognition accuracy, the projectaims to understand how reliable decisions can be produced as early as possible from partially ob-
served data, and how prediction accuracy, latency, and confidence evolve over time as additionalsensory information becomes available.
A first research direction focuses on the study of spiking neural networks (SNNs) for continuousspatio-temporal processing. Different neuron models, temporal coding strategies, and learningmechanisms will be explored, with particular attention to their impact on early decision-makingand temporal dynamics Bellec et al. (2018); Fang et al. (2021). The objective is to characterizehow spike-based representations support early inference under strict latency constraints.
A second research direction investigates the role of attention mechanisms in event-driven andspike-based models. Transformer architectures will serve as a reference framework to analyze thebenefits and limitations of attention for early perception Vaswani et al. (2017); Tay et al. (2020).In this context, the project will explore attention-inspired mechanisms compatible with causal,spike-based computation, and assess their suitability for early decision-making.
A third research direction examines different strategies for building spiking models, with a par-ticular focus on the trade-offs between direct training of SNNs using surrogate gradients andquantization-aware ANN-to-SNN conversion approaches. The project aims to compare theseparadigms in terms of accuracy, temporal resolution, scalability, and suitability for early detection,especially when applied to spatio-temporal and event-based data.
Finally, the project explicitly addresses the interplay between accuracy, decision latency, and
hardware resources. By building upon analytical energy models and neuromorphic executionplatforms developed within the e-BRAIN group, the work will investigate how temporal quan-tization, neuron dynamics, and architectural constraints influence early decision-making underrealistic energy and memory budgets.
The proposed approaches will be evaluated on a range of spatio-temporal datasets acquiredfrom both conventional RGB cameras and event-based vision sensors, potentially involving multi-camera configurations. This evaluation will enable a systematic comparison of modeling choicesfor early detection in embedded and latency-critical perception systems.
4 State of the Art
Perception systems are traditionally designed and evaluated under the assumption that recognitionaccuracy is the primary performance criterion, independently of the time required to reach a
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decision. In this paradigm, a prediction is considered valuable as long as it is correct, regardless ofwhen it is produced. However, in many real-world perception and decision-making scenarios, theusefulness of a prediction is inherently time-dependent: a correct decision made too late may befunctionally irrelevant or unsafe. This temporal dimension becomes particularly critical in settingsinvolving continuously evolving observations and strict latency constraints, such as real-timeperception or control systems Gehrig and Scaramuzza (2024). Beyond safety-critical scenarios,the importance of early detection has also been demonstrated in tasks such as human behavior
and action recognition, where systems must operate on partially observed spatio-temporal
data Shao et al. (2024). Despite this, most existing approaches remain primarily optimized andbenchmarked with respect to their final accuracy, with limited analysis of how predictions evolveover time and how temporal performance is evaluated in practice Yik et al. (2025).
Event-based vision sensors provide access to visual information at very fine temporal resolutionsthrough their asynchronous operation, enabling perception systems to react as soon as relevantevents occur Gallego et al. (2020). This property makes them particularly well suited for early
perception and has enabled early recognition in highly dynamic scenarios Deniz et al. (2023);Rasamuel et al. (2019). However, as emphasized in neuromorphic computing studies, the potentialbenefits in terms of latency and energy efficiency depend critically on how temporal informationis exploited throughout the processing pipeline Abderrahmane et al. (2020). In practice, eventstreams are often processed through temporally aggregated representations prior to learning,which limits the exploitation of fine-grained temporal cues and shifts decision-making towardlater stages of the observation.
To capture temporal context and long-range dependencies, attentionmechanisms andTransformer-
based architectures have been increasingly adopted for spatio-temporal perception tasks Vaswaniet al. (2017). While these models achieve strong representational performance, they rely ondense and synchronous processing and exhibit quadratic complexity with respect to sequencelength, posing major challenges for low-latency and embedded deployment under strict hard-
ware constraints, particularly in terms of memory bandwidth and energy consumption Tay et al.(2020). Recent efforts have sought to alleviate these limitations through more efficient attentionformulations, including spiking Transformer architectures that exploit temporal sparsity, such asESTSformer Lu et al. (2025).
Moreover, in Lee et al. (2025) frequency domain analysis reveals why certain transformers designswork well for event-based data, which contains valuable high-frequency information but is alsosparse and noisy. SpikePool transformers architecture is proposed to preserve meaningful high-frequency content while capturing critical features and suppressing noise, achieving a betterbalance for event-based data processing.
However, the energy evaluation in such works is typically based on accumulation or synapticoperation counts. The cost ofmemory accesses, which is known to dominate energy consumptionin practical hardware implementations, is generally not explicitly considered Lemaire et al. (2022).
In contrast, spiking neural networks (SNNs) offer a bio-inspired and event-driven computationalparadigm that naturally aligns with asynchronous sensing. By exploiting sparse spike-basedcommunication and intrinsic temporal dynamics, SNNs enable low-latency and potentially energy-
efficient processing Gerstner et al. (2014); Yin et al. (2021). Recent work has shown that SNNscan support early decision-making from event streams, as illustrated by the EEvAct frameworkfor early event-based action recognition Neumeier et al. (2025).
A major line of research seeks to bridge the performance gap between ANNs and SNNs through
ANN-to-SNN conversion. While early methods achieved near-lossless conversion for convolu-tional networks Diehl et al. (2015), recent studies have extended this paradigm to Transformer
architectures, addressing non-linear components such as LayerNorm, GELU, and Softmax Huanget al. (2024); Wang et al. (2025). These approaches demonstrate that spiking Transformers canachieve high accuracy with a reduced number of timesteps. However, they introduce an implicitform of temporal quantization, controlled by the number of timesteps, whose impact on accu-racy, latency, and energy is rarely analyzed explicitly, particularly for dynamic and event-based
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data. Alternatively, direct training of SNNs using surrogate gradients enables full exploitation ofspike-based temporal dynamics but incurs training and inference costs that scale linearly withtime, limiting scalability for large architectures such as Transformers Shi et al. (2024).
This work is conducted within the e-BRAIN research group at the LEAT laboratory (UMR 7248,Université Côte d’Azur–CNRS) and builds directly upon established research directions of theteam. In particular, the analytical energy estimation model proposed by Lemaire et al. (2022) willbe used as a reference framework and adapted to the specific scenarios considered in this thesis,enabling hardware-realistic energy evaluation beyond proxy metrics. Similarly, the neuromorphicarchitecture SPLEAT Abderrahmane (2022), together with the QUALIA programming frameworkNovac et al. (2021), will serve as a concrete execution substrate to assess the behavior of spikingmodels under realistic hardware constraints.
Regarding temporal quantization, this thesis builds upon prior work which analyzed and controlledquantization effects for static data Castagnetti et al. (2023b,a). The contribution of this work is toinvestigate how these quantization effects manifest in dynamic and spatio-temporal settings,such as video sequences or event-based streams, and how they interact with early decisionmechanisms.
5 Organization of the PhD
The PhD project is planned over a three-year period and is structured as follows:

• Year 1: in-depth literature review on early detection, spatio-temporal perception, event-based vision, and spiking neural networks; definition of evaluation protocols; implemen-tation of representative baseline models using both conventional and event-driven data;preliminary experiments to analyze temporal decision behavior.
• Year 2: investigation of modeling strategies for early perception, including spiking architec-tures and attention-inspired mechanisms; comparison of different learning paradigms andtemporal coding strategies; systematic analysis of trade-offs between accuracy, decisionlatency, and computational cost.
• Year 3: consolidation and optimization of the most promising approaches; extensive exper-imental validation on representative spatio-temporal perception tasks; evaluation underrealistic hardware constraints, with particular attention to latency and energy efficiency.
• Dissemination of results through publications and presentations throughout the PhD.

6 Skills
The candidate should hold a Master’s degree in electronic engineering, embedded systems,artificial intelligence, signal or image processing, neuromorphic engineering, or a closely relatedfield.
A solid background in machine learning is expected, with interest or experience in spiking neuralnetworks, temporal modeling, or bio-inspired computation considered an asset. Familiarity withembedded or hardware-aware constraints (latency, energy, real-time processing) is appreciated.
The candidate should demonstrate strong motivation for interdisciplinary research at the interfacebetween algorithms and hardware, as well as the ability to work both independently and within aresearch team.
Proficiency in Python programming (e.g., PyTorch or equivalent frameworks) is required. Expe-rience with embedded platforms, FPGA, or neuromorphic hardware is a plus. Fluent scientificcommunication in English is expected.
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