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Abstract

We propose Fast Long-context Adaptive Memory for Event (FLAME), a novel
scalable architecture that combines neuro-inspired feature extraction with robust
structured sequence modeling to efficiently process asynchronous and sparse event
camera data. As a departure from conventional input encoding methods, FLAME
presents Event Attention Layer, a novel feature extractor that leverages neuromor-
phic dynamics (Leaky Integrate-and-Fire (LIF)) to directly capture multi-timescale
features from event streams. The feature extractor integrates with a structured
state-space model with a novel Event-Aware HiPPO (EA-HiPPO) mechanism that
dynamically adapts memory retention based on inter-event intervals to understand
relationship across varying temporal scales and event sequences. A Normal Plus
Low Rank (NPLR) decomposition reduces the computational complexity of state
update from O(N?) to O(Nr), where N represents the dimension of the core
state vector and 7 is the rank of a low-rank component (with << N). FLAME
demonstrates state-of-the-art accuracy for event-by-event processing on complex
event camera datasets.

1 Introduction

Neuromorphic cameras promise low operation power by generating asynchronous and sparse event
data instead of dense pixel maps. Although spatial and temporal resolutions of event cameras
are increasing [[1} 2} 3], extracting features from long sequence of events remains challenging and
computationally expensive [4} [5]. One class of event camera algorithms aggregate events over a
period of time into a volumetric representation [6} (7, (8l O]]. They show higher accuracy but incur
higher computational cost and longer decision latency. Alternatively, event-by-event processing
methods maintains a spatiotemporal representation and updates that for every new event[[10, 4. [11]].
They require less computation and lower latency, but often achieve lower accuracy on complex
datasets, simultaneously achieving low computational cost, event-by-event processing, and high
accuracy for complex event camera data remains challenging.

Recent approaches for computationally efficient event camera processing primarily include methods
based on Graph Neural Networks (GNNs), Transformers, and Spiking Neural Networks (SNNs).
While GNNs and Transformers can model complex inter-event relationships to achieve high accuracy,
their core operations (e.g., graph convolution and attention mechanisms) typically process events in
aggregated batches or windows [[12} [13} 14} [15, 116} [17]. This operational paradigm fundamentally
limits their ability to perform continuous, low-latency event-by-event updates and often incurs
high computational and memory demands, especially with large event volumes and long sequences
[18L [19L 20]]. Conversely, SNN-based methods inherently support event-by-event processing with
promising computational efficiency. However, they often exhibit lower accuracy on complex tasks
involving high spatial and temporal resolutions (i.e., longer event sequences). This performance gap
for SNNs frequently stems from challenges in effectively training very deep architectures and the
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Figure 1: Block diagram of the proposed FLAME architecture. (a) Overall architecture, combining
neuro-inspired feature extraction with ef cient state-space modeling. (b) The Event Attention Layer
(EAL) uses multi-branch Leaky Integrate-and-Fire (LIF) dynamics to extract multi-timescale temporal
features from raw event streams. (c) The core Event-Aware HiPPO (EA-HiPPO) dynamically
modulates memory retention based on event timihg (retaining context better than standard HiPPO
after sparse events. (d) The EA-HIPPO Convolution Layer achieves ef ciency via asynchronous
updates, Normal-Plus-Low-Rank (NPLR) decomposition, and FFT-based convolution.

inherent transient memory of basic spiking neuron models, which can impede the robust retention of
contextual information over extended event sequences.

State Space Models (SSMs) have emerged as an effective paradigm for modeling complex sequences
[21, 22]. They demonstrated good performance on event datasets but with event aggregation, and
hence, high computational co&3 24]. Advanced SSMs use HiPPO (High-Order Polynomial
Projection Operator) frameworR%] to compress and represent an input's history through structured
state-space dynamics. The SSMs built on HiIPPO principles (e.g21H4ekcel on dense, regularly
sampled data such as images. However, the HIPPO mechanism and subsequent SSM dynamics
inherently assume continuous or regularly-sampled inputs and require initial encoding layers to
convert events into dense representations. Hence, they do not leverage the discrete, asynchronous,
and sparse nature of event data for computational ef ciency and event-by-event processing.

This paper presents FLAME (Fast Long-context Adaptive Memory for Event-based Systems), a
novel, computationally ef cient, and scalable SSM-based framework for event-by-event processing
of large-scale event-based vision data. The FLAME architecture makes following key contributions.

* Novel Event-Driven Input Encoding with Neuromorphic Dynamics: We propose the
Event Attention Layer, which utilizes neuromorphic-inspired dynamics (such as Leaky
Integrate-and-Fire mechanisms) for direct, multi-timescale feature extraction from raw
asynchronous event streams. This approach overcomes limitations of conventional input
encoders for SSMs when applied to event data, by inherently processing information event-
by-event and preserving crucial temporal precision and sparsity without requiring dense,
xed-size input patches or hand-crafted features.

» Event-Aware HiPPO (EA-HiIPPO) for Adaptive Memory: We present a novel adaptation
of HiIPPO principles where the state-space dynamics are made explicitly sensitive to the
precise timing of discrete input events. Unlike standard HiPPO which assumes continuous
inputs, EA-HIPPO dynamically modulates memory retention based on inter-event intervals.
This allows it to effectively capture diverse temporal patterns in varying timescales and
maintain context within sparse and asynchronous event streams.

« Computationally Ef cient SSM Framework for Events: We apply Normal-Plus-Low-
Rank (NPLR) decomposition within the EA-HIPPO core, which reduces state update com-



plexity from O°N 2« [21] to O"Nre . The reduced computational cost makes FLAME
suitable for high-dimensional event streams.

Our theoretical analysis substantiates the FLAME framework, establishing bounds on memory capac-
ity [ 26, 27] versus computational cost for these event-driven SSM representations. Our experimental
results on multiple event camera datasets, namely, HAR-DVS, Celex-HAR, N-Caltech101, and
CIFAR10-DVS, demonstrates that state-of-the-art accuracy with event-by-event processing but at a
reduced computational cost (FLOPS/event) and processing latency. Crucially, on high-resolution
data like CeleX-HAR, FLAME achieves comparable accuracy (72:2%) at 90 lower com-

pute (0.41 GFLOPs vs. 37.2 GFLOPs) compared to EventMamba, highlighting our ef ciency

focus.

Table 1: Qualitative Comparison of FLAME with prior methods

Dynamic Direct Scalable Low Fully Adaptability
Model Speci c Type Memory Event-by-Event Long-Context Computational Asynchronous to Sparse
Retention Processing Memory Overhead Updates Data
Graph Neural Networks (GNN)
AEGNN [18] Asynchronous GNN 7 3 7 7 3 3
EventGTS [28] Tracking GNN 7 7 7 7 7 3
GEC-Net [29] Classi cation GNN 7 7 7 7 7 3
Transformers
EventNet (Alert-TF) [15] Alert-driven TF 7 Partial Partial 7 3 3
Spiking Transformer [14] Spiking TF Partial 3 3 Partial 3 3
RVT [30] Recurrent Vision TF 3 7 Partial 7 7 7
SpikeGPT [31] Autoregressive Spiking  Partial 3 Partial Partial 3 3
TF
EST [32] Spatio-temporal TF 7 7 7 7 7 7
Spiking Neural Networks (SNN)
DH-LIF [33] Dual-threshold LIF 7 3 7 3 3 3
SNN
HOTS [34] Time-Surface 3 3 7 3 3 3
(SNN-inspired)
SLAYER-SNN [35] SNN (generic) Partial 3 7 3 3 3
LoCoSNN [36] Low-complexity SNN 7 3 7 3 3 3
LIAF-Net [37] LIF SNN w/ Attention Partial 7 7 Partial 7 3
State Space Models (SSM)
SpikingLMU [38] Spiking LMU-TF 3 Partial 3 7 Partial 3
(Hybrid)
BinaryS4D [39] Binarized S4D (SSM) 7 7 3 3 7 7
S4 [21] (applied to events) Structured SSM 7 7 3 3 7 7
EventMamba [40] Hybrid CNN-SSM Partial 7 3 7 7 7
SSM-Event [23] Structured SSM 3 7 3 Partial 7 7
PRE-Mamba [24] Mamba-based SSM 3 7 3 Partial 7 7
FLAME (Ours) Event-Aware SSM 8] 8] 8] g 8] 8]

2 Related Works

Event Processing with Graph Neural Networks Graph Neural Networks (GNNs) model event
data by constructing graphs over event windows or directly exploiting event sp@gig8g. While

capable of capturing complex spatio-temporal relationships (e.g., Even@gJ, SEC-Net P9)),

GNNs often process aggregated event batches, limiting low-latency updates and incurring costs for
graph management with large event volumes. Though some aim for asynchronous updates (e.g.,
AEGNN [18]), GNNSs generally lack the inherent, scalable long-context memory mechanisms that
FLAME's SSM-based architecture provides without explicit graph construction.

Event Processing with Transformers Transformersgil], adapted for event data, range from operat-

ing on event volumes (RVT30], EST [32]) to more event-driven variants like Alert-Transform&ps[
(partially asynchronous) and Spiking Transformdr4 B1] (aiming for SNN ef ciency). However,

the core attention mechanism often remains computationally intensive for long event sequences
or requires windowing strategies that can compromise fully asynchronous, low-latency updates
[16, 42, 43]. FLAME utilizes ef cient SSM recurrence, bypassing the quadratic complexity of full
attention for modeling long temporal contexts.

Spiking Neural Networks for Event Camera Processing Spiking Neural Networks (SNNs) natu-

rally suit event cameras' asynchronous, sparse nature, promising ef cidhcgtandard training
(SLAYER [35], surrogate gradients [44, 45]) has advanced SNNs (e.g., LoCoSNN [36]), which can
process event-by-event. We choose LIF over simpler Integrate-and-Fire (IF) neurons because the
leak is necessary to avoid unbounded build-up during long silent gaps and ensure training stability
in deeper setups. However, traditional LIF neurons often struggle with extended temporal contexts
due to rapid memory decayif]. While enhancements like dendritic processing (DH-L38]] exist,



FLAME uniquely integrates principles from such mechanisms in its initial Event Attention Layer
with its novel EA-HIPPO SSM core for robust long-context modeling, a common challenge for
standalone SNNs.

State Space Models for Event Cameras State Space Models (SSMs) like23ignd Mamba

[22], built on the HIPPO framework2p], excel at long-sequence modeling but are designed for
dense, regularly sampled data, making them sub-optimal for raw, sparse, asynchronous event streams
[47, 48, 49]. Applying them to events often requires initial aggregation (e.g., into gédsdr voxels

[4Q)), potentially losing ne temporal details. While recent works (SpikingLM&8], BinaryS4D

[39], SpikingSSMs §0], P-SpikeSSM 5$1]) explore bridging SSMs and event-driven principles,
FLAME's Event-Aware HiPPO (EA-HIPPO) offers a distinct approach. It directly adapts core SSM
state dynamics using measured inter-event time intervals, preserving HiPPO's long-context strengths
while making memory evolution explicitly sensitive to event stream patterns.

Adaptive Memory Mechanisms in Event-Driven Systems Adaptive memory is crucial for event-
driven systems4b, 52, 27]. Approaches include Liquid Time-Constant (LTC) Networks][
(adapting neuron time-constants) or STDP-like local learnt®y [FLAME's EA-HIPPO presents

a novel strategy: it achieves adaptivity by globally and explicitly modulating a structured SSM's
memory dynamics based on the timing of incoming eve28s%4]. This direct modulation by event
statistics makes EA-HiPPO highly effective for ef cient long-context modeling in neuromorphic
vision [55], temporal reasoning [56], and resource-constrained edge applications [57, 58, 59, 60].

3 Methods

FLAME introduces a novel neural network architecture engineered for the ef cient processing
of high-dimensional, asynchronous data from event cameras. It addresses the critical need for
low computational overhead while effectively modeling complex spatio-temporal dynamics. The
architecture (Figure 1) strategically employs neuromorphic-inspired, event-driven computation for
its initial feature extraction and then integrates this with a powerful SSM core for robust temporal
modeling. This design philosophy allows FLAME to directly process raw event data, harness its
inherent sparsity, and overcome both the memory limitations of purely event-driven systems and the
dense-input requirements of traditional SSMs. The data pipeline comprises: an Event Attention
Layer for multi-timescale feature extraction from raw asynchronous events; a subsequent Spatial
Pooling Layer to enhance computational ef ciency by reducing dimensionality; the core EA-HIPPO
Convolution Layer for modeling long-term sequential patterns through event-aware state-space
dynamics; and nally, Layer Normalization and a Readout Layer for task-speci ¢ outputs.

Input Representation: FLAME directly processes input as a sequence of asynchronous events,
the native output format of event cameras. Each event is typically a tupfet; pe denoting

spatial coordinates, a precise timestamp, and polarity. This native, event-by-event processing is
fundamental to FLAME's ef ciency and its ability to preserve the rich temporal dynamics and
sparsity of neuromorphic sensor data, as computation is triggered only by new information. Our
goal with "event-by-event" is to ensure every update (feature extraction, pooling, and state updates)
happens without batching or delay, not to imply that every stage is determined by a single input spike
alone.

Event Attention Layer The initial stage of FLAME, the Event Attention Layer, is designed to
effectively capture the complex and varying temporal dynamics present in asynchronous event
streams from high-dimensional event cameras. This layer is essential for transforming the raw, sparse
event data into a richer feature representation while managing its inherent irregularity. Inspired by
the multi-timescale Itering capabilities of dendritic branches in biological neurons, this layer is
constructed using LIF neurons, each augmented with multiple conceptual branches (Figure 1(b)).
Each branchd is characterized by a distinct learnable timing factgrallowing it to act as a temporal

Iter sensitive to a speci c timescale. This is particularly important for event data where information
can be encoded across a wide spectrum of inter-event intervals.

The current§”te in a conceptual branch d evolves according to:
digte 1

—ig’te Q Wwy Ej “te; (l)
dt d j>Nd




or in its discrete-time form often used for simulation with a steg;t (if applicable):

t sim t sim

igt t sme e d ig'te "1 e d ¢ Q Wy EjAt‘; (2)
>N g

whereE; “te represents an input event from soujo@inary, 1 if an event occurs &t0 otherwise),

wq are the learnable weights connecting inptib branchd, andNg is the set of inputs to branah

This multi-timescale Itering allows each neuron to effectively "attend" to features across diverse
temporal windows within the sparse and irregular event stream, extracting meaningful patterns that
might otherwise be lost.

. dV "t - .
These branch currents are then integrated at the neuron's s,en??tf V7te  Q Qgig'te, where
d
V “te is the membrane potential; is the somatic membrane time constant, gads the learnable

coupling strength of branchd to the soma. This late fusion mechanism, using independent branches
and separate coupling weiglgs, is explicitly designed to minimize cross-talk between fast- and
slow-timescale responses, as the branches contribute separately to the nal ring decision. An output
occurs wherV “te exceeds a threshold,, after whichV “te is reset. The output of this layer is thus

a new set of event trains, now enriched with multi-timescale temporal features, ready for further
processing. The EAL acts as an effective denoising and temporal abstraction layer, suppressing
isolated spikes while enhancing coherent spatio-temporal structures. This layer acts as an ef cient
front-end for raw event data, using LIF neuron dynamics for event generation which maintains
sparsity.

Spatial Pooling Layer High-resolution event cameras (eX280 800) produce vast amounts of
spatial data, posing computational challenges. To manage this ef ciently, FLAME incorporates
a Spatial Pooling Layer immediately after the Event Attention Layer. The intuition is to reduce
spatial dimensionality after initial rich feature extraction but before more complex temporal modeling,
preserving crucial spatio-temporal details that might be lost if pooling raw, unprocessed input.
Given an input event mapx;y;te from the Event Attention Layer, pooling (e.ck, k max-
pooling) produces pooled X TyFte  mMax ~yopx =ya I"X;y;tee . This operation is performed

per event timestamp using a local max operation, without using any voxel grid or frame-level
aggregation, fully preserving temporal resolution. Ablations show that applying pooling before the
EAL caused a consistent performance drop, justifying our chosen order. The bystiudis typically

attened intoEf,; "t >"0;1« M for the EA-HIPPO layer.. This operation, performed at each event
time t, maintains precise event timing and signi cantly reduces the feature map size, critical for
the computational tractability of subsequent layers. The ouWpstieq iS typically attened into

Efiat “te>"0;1¢ M for the EA-HIPPO layer.

EA-HIPPO Convolution Layer The core of FLAME's capability to ef ciently model long temporal
contexts from event data resides in the EA-HIPPO Convolution Layer. This layer adapts State
Space Model principles, particularly the HIPPO framew@¥ [to the sparse, event-driven nature

of the processed event vectby,; “te . While termed "convolution” due to its conceptual link to

ef cient parallel training modes of modern SSMs (e.g., S4), its inference is inherently recurrent and
event-driven, aligning with low-compute goals.

A state vectoxte > RN captures historical context, evolving g A s'tex'ts BE 5 “te.

The novelty here is the time-varying adaptive state transition matgie A s te AXF te .
Here,A is a base HiIPPO matrix, aiil t*  is a dynamic decay modulation matrix (with elements
Fij"te e i ' and learnable i A 0 that adapts to the inter-event intervial. This Event-
Aware HiPPO (EA-HIPPO) design allows memory dynamics to respond to event sparsity: frequent
eventst O+ leadtoAs A (preserving memory), while sparse events (latggallow faster
decay of speci c memory elements.

The matrixA is initialized using the HIPPO-LegS formulation, which guarantees that all its eigenval-
ues satisfjRe™ ;"Ase @ 0 (a Hurwitz matrix), ensuring the continuous-time system is asymptotically
stable. This stability is preserved in the event-adaptive vafigjitte because the decay modulation
matrix F~ t >"0; 1 does not ip the sign of the eigenvalues.



This dynamic adaptation is crucial for asynchronous event streams. For event-driven discrete-time
updates (interval t, input Eevent ., ):

Xty e ghst wt Xtre TA ST k"lAeASAt Ktk sBE event i, - 3
The matrix exponential is ef ciently approximated using a second-order Taylor expansion. This, along
with Normal-Plus-Low-Rank (NPLR) decompositionAf(reducing complexity t@"Nre ), ensures

low computational cost. Speci cally, we ud¢ 64 and x the rank tor 8 in all experiments. The
output state X"te thus encodes long-term sequential patterns informed by precise event timings.

Layer Normalization and Readout Layer Following the EA-HiPPO Convolution Layer, Layer
Normalization is applied to the state representatid®m to stabilize learning from sparse and
dynamic event-driven activations. The nal Readout Layer then maps these learned temporal
representations to task-speci ¢ predictions. It typically aggregates information from the state sequence

through a linear layer with an appropriate output activation (e.g., softmax for classi catiea, y
Softmax™Wout Xpooled D out ). This provides an ef cient mechanism to derive nal outputs.

4 Theoretical Analysis

This section establishes theoretical guarantees for FLAME, our adaptive state-space framework. We
focus on three key aspects: computational ef ciency of state updates, the ability to model extended
temporal contexts from event data, and overall system stability. Formal bounds are presented to
analyze how FLAME's components ensure robust and ef cient processing. Detailed proofs for all
theorems and lemmas are provided in the Suppl. Material.

4.1 Computational Complexity: Enabling Ef cient Event Processing

Lemma 1 (Computational Ef ciency of Adaptive State Updates). The state update for the EA-HIPPO
dynamicsx’te A g tex'te BE flat t* (as de nedin Sec. 3, whekg;,; “te is the attened
input event vector), witl'te > RN andAg te AXF te , has a complexity dD"N 2 per

input event if the base HIPPO matx> RN N is dense. With a Normal-Plus-Low-Rank (NPLR)
decomposition applied t&, this complexity reduces ©°Nre per input event, whereP N is the

rank of the low-rank component, provided F~ te allows for ef cient element-wise operations.

This lemma highlights a cornerstone of FLAME's ef ciency: the NPLR decomposition drastically
reduces the computational cost of each state update from quadratic to nearditi¢er Y in the

state sizeN . This reduction is essential for real-time processing of potentially high-rate event data,
as the core operations involving the adaptive state matgXte remain computationally tractable.

4.2 Modeling Extended Temporal Contexts in Event Streams

Theorem 1 (Preservation of Information over Extended Durations).xlfet> R N evolve according
to the EA-HIPPO dynamics:
Xte A g tex'te BE flat te;

where Ag"te AXFte , A is a base HIPPO matrix with eigenvalues Ae satisfy-
ing Re™ {"As» @ 0, F"t* s the adaptive decay matriE{ "t* e i 1), inputs satisfy
YEqat teY B Ea , andx™0s x q. If all eigenvalues (A 5" tee  of the adaptive state matrix
As"te  have negative real parts for relevant inter-event intervals then the state norm is
bounded:
YBYE .

eff
where ¢ min i SRe™ A 57 teeeS A 0 is the memory retention rate, that adapts with t.

YX'tsY Be ©f tYxY 1 e c©f'le

Theorem 1 demonstrates FLAME's capacity to maintain information over long durations and un-
derstand temporally distant relationships within event streams. The EA-HIPPO dynamics allow the
effective memory retention rateg; , to be small when necessary, preserving long-term context.
Crucially, the adaptive nature é&fs” t* , modulated byr"te  based on input event sparsity (inter-
event intervalt ), allows this retention to be dynamically adjusted, aligning with the principles
described in Sec. 3.



4.3 Numerical Stability of Event-Driven State Updates

Lemma 2 (Stability of Taylor Expansion for State Update). Approximating the matrix exponential
ets "t using ann-th order truncated Taylor series (Sec. 3), the single-step approximation error
E, is bounded by:
YASAt. tY ni eYAsAt'tY

“n 1l

This bound (Lemma 2) justi es using a low-order Taylor expansion (e.g2 , as in Sec. 3) for the
matrix exponential. This balances computational ef ciency with numerical stability, ensuring reliable
updates even with varying inter-event intervals t.

Theorem 2 (Global System Stability). The state trajectafy» of FLAME, governed by te

As teXte BE 5 “te, remains bounded (i.e., YX'teY B C for some constant C A 0O, jt C 0) if:

YE,Y B

1. Bounded Inputs: Input event streams ensurg ¥EteY B E- , |t C 0.

2. Uniform Hurwitz Stability of As™ te : For encountered inter-event intervals , As” te
is uniformly Hurwitz (all eigenvaluesy”A s tee  satisfyRe™ (A g teeeB @ 0 for
some xed ADO0).

3. Lyapunov Condition: For each relevanAs™te , § a positive de niteP"te  s.t.
A te TP te P teA s te Q" te for some positive de nite Q" te.

Theorem 2 ensures the overall stability of FLAME. It guarantees that the internal state representation
remains well-behaved and does not diverge, even when processing extended and sparse event streams,
provided the adaptive state matdx ™t maintains stability across the typical dynamics of inter-

event intervals.

Discussion: Balancing Ef ciency and Memory for Event Data: Our theoretical analysis highlights

how FLAME is engineered for ef cient event-based processing. The NPLR decomposition (Lemma
1) is fundamental to achieving low per-event update c@3tdi¢e ), enabling the model to handle
complex memory representations from event data without prohibitive computation. Concurrently,
the EA-HIPPO mechanism's adaptive state makix™ t* dynamically modulates the memory
retention rate t (Theorem 1) in response to input event sparsity, using the learnable decay matrix
F"te . This creates an intrinsic balance between preserving information over extended temporal
contexts and adapting to new, incoming events. Coupled with guarantees of numerical and global
system stability (Lemma 2, Theorem 2), these theoretically-grounded design choices make FLAME
particularly suitable for robust and resource-aware processing of high-dimensional event streams.

5 Experiments and Results

We conduct empirical evaluation of FLAME to demonstrate its effectiveness and ef ciency in pro-
cessing asynchronous, event-driven data from event cameras across various challenging benchmarks.
Our experiments are designed to assess: (1) performance on demanding event-based vision datasets,
including high-resolution and complex activity scenarios; (2) computational ef ciency in terms of
FLOPs, parameters, and inference latency, including pro ling on diverse hardware backends; and (3)
the speci ¢ contributions of key architectural components through targeted ablation studies.

5.1 Experimental Setup

Datasets: We evaluate FLAME on a diverse set of public benchmarks to assess its capabilities in
event-based vision. For event-based vision, these include DVS Gégt{greqture recognition), HAR-

DVS pB1] (human activity), Celex-HARZ] (high-resolution human activity), CIFAR10-DV62]
(neuromorphic image classi cation), and N-Caltech163] [(neuromorphic object recognition).
Additional evaluations cover event-based speech datasets, namely Spiking Heidelberg Digits (SHD)
and Spiking Speech Commands (S$4), pnd Sequential CIFAR-10/1069] for sequential image

classi cation, with further details provided in Appendix B.

Across all datasets, FLAME processes inputs event-by-event, dynamically updating its hidden state
with each incoming event to preserve high temporal resolution. Comprehensive details on all dataset
characteristics and speci ¢ task setups are available in Appendix B.1.



Figure 2. Accuracy versus GFLOPs across various event-based vision datasets, comparing
FLAME variants with other State-of-the-Art (SOTA) models. (a) Performance on DVSGesture128,
including ablation studies for FLAME demonstrating the impact of removing the Event Attention
Layer (No Dendrite) or replacing EA-HIPPO with standard LIF neurons (No SA-HIPPO). (b)
Performance on the high-resolution CeleX-HAR dataset, showcasing FLAME's ef ciency at scale. (c)
Performance on HAR-DVS, highlighting the competitive accuracy of FLAME variants. Note: FLAME
variants consistently occupy favorable positions, indicating superior accuracy for their computational
budget.

Table 2: Performance and Ef ciency Comparison of FLAME-Normal against State-of-the-Art (SOTA)
models across various event-based datasets. Dataset sizes are approximate. FLOPs are GigaFLOPs.

Dataset Resolution Size (Samples; Classes) SOTA Model (Acc. %) SOTA FLAME- FLAME-Normal

FLOPs (G) Normal (Acc. FLOPs (G)
%)

CIFAR10-DVS 128 128 10k Events/Img; 10 Cls Spike-VGG11 8.9 80.5% 0.43

[62] (85.11%)

N-Caltech101 [63] Orig: 302 245 8.7k Samples; 101 Cls EFV++ (89.7%) - 70.5% 1.34

(varies)

DVS128 Gesture 128 128 1.3k Samples; 11 Cls EventMamba (99.2%) 0.219 96.5% 0.43

7]

HAR-DVS [61] 346 260 1.4k Samples; 6 Cls EXACT (90.10%) 1.3 88.29% 0.41

CeleX-HAR [2] 1280 800 125k Samples; 150 Cls EVMamba (72.3%) 37.2 72.2% 0.41

FLAME Model Variants: We evaluate three primary variants of FLAME—Tiny, Small, and
Normal—to demonstrate scalability and the trade-offs between performance and computational
complexity. Their architectural details (e.g., number of distinct timing factors in the Event Attention
Layer, Iter counts, readout layer neurons) are provided in Suppl. Sec. C. All variants employ the
EA-HIPPO mechanism.

Evaluation Metrics and Implementation: We report accuracy, GFLOPs (Giga Floating Point
Operations), number of parameters, and inference latency (ms). FLAME models are implemented
in PyTorch. Main training and inference for event datasets are conducted on NVIDIA A100 GPUs.
Further details on hyperparameters and training procedures are in Appendix B.

5.2 Performance on Event-Based Vision Benchmarks

FLAME demonstrates strong performance across multiple event-based vision datasets, often achieving
a superior accuracy-ef ciency trade-off. This highlights its suitability for processing high-dimensional
event camera data with low compute requirements.

DVS Gesture: As shown in Figure 2(a), FLAME-Normal obtains 96.5%, while FLAME-Small
(93.7%) and FLAME-Tiny (89.2%) offer graceful performance degradation at lower compultation.
These results compare favorably against models like EventMadtbarid PointNet++§6] but at
much fewer FLOPS. Detailed comparisons in Suppl. Table 7.

Contrast with EventMamba: This comparison highlights the models' architectural focus. While
EventMamba achieves slightly higher accuracy on the low-resolution DVS Gesture dataset (99.2%
vs. FLAME's 96.5%) at comparable FLOPs, FLAME demonstrates its architectural advantage
in processing high-resolution, sparse data on CeleX-HAR. Here, FLAME maintains comparable



Figure 3: Ef ciency analysis on the CeleX-HAR dataset, measured on an NVIDIA A100 GPU.
FLAME variants demonstrate a superior trade-off compared to SOTA models. (a) Accuracy versus
Parameters (M): FLAME achieves competitive accuracy with signi cantly lower parameter counts
than many high-performance models. (b) Accuracy versus Inference Latency (ms) (log scale):
FLAME models exhibit substantially lower latency, con rming the ef ciency of the asynchronous,
event-by-event design for real-time applications.

accuracy (72.2%) while operating aB0 lower computational cost (0.41 GFLOPs vs. 37.2
GFLOPs), showcasing superior ef ciency and scalability. We detail this trade-off further in Appendix
B.4.

HAR-DVS: On this dataset for human activity recognition from event streams (Figure 2(c)), FLAME
shows strong performance, outperforming several state-of-the-art DNNs, with lower computational
cost.

Celex-HAR (Scaling to HD Event Streams): Figure 2(b) illustrates FLAME's scalability to
high-resolution {280 800) event streams. FLAME-Normal surpasses the accuracy of models
like TSM [67] and VisionMamba-Sg8] while operating with signi cantly lower GFLOPs. This
highlights EA-HIPPO's effectiveness in managing spatio-temporal complexity in high-dimensional
event data ef ciently.

Other Datasets: FLAME also shows strong performance on other event datasets like CIFAR10-DVS,
NCaltech101, SHD and SSC event-based speech datasets as shown in Suppl. Table 6.

For completeness, we note that comparisons with voxel-based models like EventMamba are omitted
for datasets such as SHD and SSC because those models rely on frame-wise or voxel-based recon-
struction, which is not directly applicable to classi cation tasks where ground-truth labels are de ned

at the sequence level.

5.3 Ef ciency Analysis

FLOPs and Parameters: Figure 2 provides a comparative visualization of accuracy versus GFLOPs
across DVSGesture128, Celex-HAR, and HAR-DVS. FLAME variants consistently occupy favorable
positions, indicating superior accuracy for their computational budget compared to many established
models. For instance, on DVSGesture128, FLAME-Normal achieves high accuracy with signi cantly
fewer parameters and GFLOPs than several competing methods (further details in Appendix B).
The methodology for estimating FLOPs, particularly for our event-driven components, is detailed in
Appendix C.7.

Inference Latency: We measured inference latency on an NVIDIA A100 GPU (40GB VRAM).
As shown in Figure 3 for the challenging Celex-HAR dataset, FLAME models exhibit signi cantly
lower latency, crucial for real-time event processing. FLAME-Tiny achieves the lowest latency
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