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Abstract

Linear attention is sparse, recurrent, and GPU-parallel;
these are essential features for processing sparse data from
event-based cameras. We argue that locality is missing to
efficiently model event-to-event relationships for continuous
spatiotemporal perception. We propose CoL2A by introduc-
ing locality into linear attention without using a compu-
tationally demanding convolution operation. The key idea
for the convolution-free formulation is restricting the posi-
tional embedding local convolutional kernel into the spe-
cial class which can be decomposed into two global po-
sitional embeddings that can be absorbed into query and
key; this replaces convolution with a local sum. To the
best of our knowledge, CoL2A is the first to equip spar-
sity, recurrence, GPU parallelism and locality, simulta-
neously. We demonstrate CoL2A’s effectiveness on dense,
high-temporal-resolution (> 1000 fps ) prediction task
from events, demonstrating real-time capability while main-
taining competitive results over the conventional method.
https://github.com/DensoITLab/CoLA

1. Introduction
Vision signals exhibit substantial temporal redundancy:
only a fraction of pixel intensities change over short
time intervals. Consequently, capturing frames at fixed
time intervals and processing every pixel—including those
that remain unchanged—is computationally wasteful, lead-
ing to slow and resource-intensive perception systems.
By contrast, sparse sensing and processing focus solely
on these changes—an approach akin to biological vi-
sion—promising more efficient perception in continuous
scenarios, such as autonomous driving. Event-based cam-
eras, which use pixel arrays that asynchronously detect in-
tensity changes, facilitate sparse and low-latency data ac-
quisition, making them well-suited for efficient perception.

Numerous studies have tried to exploit the inherent
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Figure 1. Key features of CoL2A. CoL2A embodies essential
features for efficient AI. ConvRNN: Incorporates recurrence by
RNN into CNN [53]. GNN: Graph Neural Network [46]. PI ag-
gregation: Exploit Permutation invariant (PI) operation for point
feature [46]. PointRNN: Point-wise embedding followed by RNN
(with augmented memory) [30]. SNN: Spiking Neural Network
[37]. LA: Linear Attention [32]. SSM: State Space Model [14].

sparsity in event signals to reduce both multiply-accumulate
(MAC) count and processing time. Point-set-based methods
treat events as sparse point clouds, modeling dependencies
via point-wise feature embedding followed by permutation-
invariant aggregation [46, 55, 65, 67]. Graph based methods
represent events as nodes in sparse graphs and perform
sparse graph operations [6, 7, 33, 50, 51]. EventFormer [30]
introduced RNN with augmented memory, further reduced
MAC by re-utilizing past computation by recurrency.
Event-SSM [52] utilizes SSM, equivalently linear attention
(LA) [14], for processing raw event; it is not lower in
MAC but realized fast inference on GPU utilizing parallel
capability of SSM. However, if one has to model event-to-
event relation (e.g., for dense prediction task), we argue that
an important property of ”locality” is missing in LA/SSM.

To this end, we present CoL2A (C̄ōnvolution-free L̄ocal
L̄inear Āttention) which is linear attention incorporating
locality without convolution. In the case of linear attention,
locality could be incorporated by applying convolutional
positional embedding (PE) on the key vector. However,
the convolution consumes a substantial amount of MAC,
prohibiting efficient execution. We find that the specific
class of convolutional PE kernel (2D rotation) can be
decomposed as global PE applied on query and key vectors.
This decomposition replaces convolution into local sum
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(Fig. 4). CoL2A inherits all the favorable features of linear
attention while achieving locality without convolution,
thereby achieving sparse, recurrent, GPU-parallel, and
local properties simultaneously for the first time (Fig. 1).
Furthermore, we formulate an efficient scan algorithm for
temporal contraction in CoL2A which scales logarithmically
with temporal length. As a result, CoL2A makes the
real-time processing of high temporal resolution signals
feasible. We demonstrate the effectiveness of CoL2A
on dense prediction tasks—keypoint detection and video
reconstruction—that benefit from the high fps output. In
addition, we showcase its unique feature of resolution
equivariance: increasing output rate without re-training.

2. Related Work
This section recaps literature on neural networks for events
from the perspective of equipped functionality for efficient
inference on dense prediction tasks (Fig. 1).

Convolutional RNN. A common strategy for handling
event signals is to convert them into dense, frame-like rep-
resentations [8, 21, 58], then process these frames with stan-
dard computer vision networks (e.g., CNNs and Transform-
ers). This frame-based approach often achieves robust accu-
racy by leveraging well-established architectures designed
for image-like data. Some studies introduce recurrency
[20, 22, 23, 26, 53, 54], reducing MAC by reusing past
computation. However, because these methods ignore the
underlying sparsity of event streams, they still perform un-
necessary computations in event-free regions—especially
problematic for high temporal resolutions processing.

Graph Neural Network (GNN). GNNs offer a way to
process event data in its native sparse form without needing
to convert it into dense frames [6, 7, 33, 50, 51]. Because
each graph node is defined only at event locations, this
approach utilizes the sparsity of the data. However,
updating the graph for each new event—removing outdated
nodes and adding new ones—requires storing past events,
which can become memory-intensive. Moreover, many
existing GNN-based methods must downsample the event
stream to keep computational and memory usage within a
manageable size, potentially degrading performance.

Permutation Invariant (PI) Aggregation. In this ap-
proach, events are treated as 3D point clouds in spatiotem-
poral space, and point-based architectures like PointNet
[45, 46] are used to capture dependencies among the sparse
events [55, 65, 67]. While this strategy also leverages event
sparsity, most models are not recurrent: every time new
events arrive, the network must reprocess all events within
the time window, leading to a heavy computational burden.
EventNet [55] introduces a recursive update with an expo-
nential decay mechanism, but this design cannot incorpo-
rate local memory while preserving recursion. The exten-

sion of the model, ALERT [65], improved accuracy via lo-
cal memory but abandoned recurrency in the process.

Point RNN. This approach combines sparse, point-wise
operations with recurrent neural networks (RNNs) to cap-
ture temporal dependencies among events. EventFormer
[30] introduced an external memory module in place of the
recurrent states of the conventional recurrent module, en-
hancing memory capacity with little overhead. Although
it achieves state-of-the-art MAC/accuracy trade-offs, these
methods are difficult to use for processing high temporal
resolution data because their recurrent formulation does not
allow parallel execution.

Spiking Neural Network (SNN). SNNs [37, 41, 76]
communicate information via asynchronous spikes. Due
to their sparse and asynchronous computation mechanism,
SNNs are considered one of the promising models for event
data. However, training SNNs is challenging due to the
non-differentiability of binary spikes. Even approaches
that mitigate this problem (e.g., Sigma-Delta model [42])
typically require specialized neuromorphic hardware [1, 3,
15]. Such hardware is still in its infancy [47] and generally
supports too few neurons to match the performance of deep
neural networks running on optimized hardware like GPUs.

Linear Attention and State Space Model. Modeling
long sequences is a major challenge in machine learning,
as it demands capturing dependencies across thousands of
time steps. While RNNs have historically been popular
for modeling temporal data, their sequential computation
inhibits training on long sequences. Backpropagation
through time (BPTT) often suffers from vanishing or
exploding gradients, which increases memory usage and
training costs. Attention mechanisms [66] offer parallel
capabilities, successfully handling sequences longer than
those typically feasible for conventional RNNs. It also
demonstrates remarkable success in the computer vision
area [17, 39, 73] However, the quadratic complexity
of standard attention hinders efficient inference. To
alleviate this problem, numerous efficient variants have
been proposed, including linearized approaches such as
Linear Transformers [32], RWKV [44], and RetNet [62].
These methods provide linear complexity in sequence
length and support O(1) incremental updates by caching
past computations.

State-space models (SSMs) are another promising
framework for modeling long-range dependencies. In
particular, Structured SSM (S4) [25] demonstrates remark-
able performance on long-sequence tasks by introducing
structure into the state transition matrix. Recent variants,
including S5 [59] and Mamba-1,2 [14, 24], further refine
these ideas. Mamba, for instance, incorporates input-
dependent state transitions that enable tackling complex
tasks that are often beyond the reach of basic SSMs. Refer



to [14] for a detailed analysis of the equivalences between
certain forms of SSMs and linear attention.

Efforts to apply attention models to event data often uti-
lize patch-based tokens (like ViT [17]), achieving strong re-
sults on various tasks [26, 29, 31, 70, 71, 78]. However,
patch-based tokens underutilize the data’s sparsity inherent
in event streams; though efficient for high-level understand-
ing, it is not an optimal architecture for capturing precise
event-to-event relationships from high temporal resolution
data. Event-SSM [52] and Event-Mamba [49] pioneered
the use of SSM for processing sparse events without mak-
ing dense features. Event-SSM adopts SOTA SSM called
S5 [59] for directly processing each incoming event. It is
not only sparse, but recurrent and GPU parallel, inherited
from the base SSM. Yet, due to a lack of locality, it com-
presses all relevant spatiotemporal information in a single
state vector; therefore, the state’s dimension needs to be
huge to store fine-grained spatial detail (Sec. 4.1), requir-
ing infeasibly large amounts of MAC and memory.

There are several works realizing the local attention
[68, 69, 72] aiming to improve the computational efficiency
over the ViT. However, their formulation is for softmax
attention; therefore not readily usable for linear attention
for recurrent update. Furthermore, these methods rely on
the MAC intensive convolution to incorporate locality. To
realize the efficient AI for spatiotemporal data, we aim to
incorporate locality into linear attention (or SSMs) without
using convolution while preserving their recurrency.

3. Preliminaries
3.1. Input representation.
Event-based cameras consist of pixels that respond asyn-
chronously to changes in brightness. Each event is de-
fined as (x, y, p, t), where (x, y) is the pixel location, p →

{↑1, 1} indicates polarity, and t is the timestamp. Multiple
events can be triggered when an edge crosses a pixel, result-
ing in millions of events per second. In this work, to remove
redundant events, we adopted commonly used compressed
events by trilinear voting [77] as follows:

Ẽ (x, y, t) =
∑

i

pi max (0, 1↑ |t↑ t→i |) , (1)

where t→i is the normalized timestamp of the i-th event over
the interval !in. We sparsify this voxel grid to form a set of
compressed events E → RN↑4, with each event represented
as en = (xn, yn, ωn, tn), where ωn is the accumulated
polarity and N is the length of the compressed event stream.

3.2. Problem Formulation.
Given N sparse events E → RN↑4, we construct an
input feature X → RN↑df by assigning a learnable df -
dimensional vector scaled by each event’s accumulated

polarity ω (Eq. (1)). Our objective is to formulate a neural
network module, R, which maps X → RN↑df to Y →

RN↑df by modeling the causal dependencies between the
N elements of the sparse input feature.

3.3. Linear Attention with input dependent decay.
Here we recap the linear attention model with input-
dependent decay, i.e., Mamba-2 [14], which we’ll incorpo-
rate locality in the next section.

Fully Parallel Form. Linear attention [32] is defined as:

Y,HN↓1 = R(X,0) = (QK↔
↓ L)V, (2)

where Q → RN↑dqk ,K → RN↑dqk , V → RN↑dv are
query, key, and value vector corresponding to the input
X → RN↑df , and Y → RN↑dv is the output feature.
This is known to be equivalent to a certain class of SSM
[14]. L is the causal decay mask. The original linear
attention [32] uses a causal mask without decay (lower
triangular matrix of all 1s). RetNet [63] uses exponentially
decaying causality with a pre-fix parameter. Mamba-2
[14] generalizes this to use the input-dependent decay.
The decay mask L → RN↑N is an exponential of the
accumulation of the input-dependent decay D(Xn) → Rdqk

↓ :

Lnm =

{
exp(”n) . . . exp(”n↓m), n ↔ m

0, n < m
. (3)

When used for data having irregular timestamps, such as
events, it can be incorporated using the difference of input
events’ timestamps as ”n = D(Xn) · (tn ↑ tn↓1). The
dot-product similarity of a query with all key of preceding
inputs generates the attention map, where the attention map
is discounted based on the causal decay mask L. The output
is a projection of a value to this attention map.

Parallel-Recurrent Hybrid Form. Using the linearity,
Eq. (2) can be rewritten as (QK↔

↓L)V = Q(LZ) = QH ,
where Z → RN↑dqk↑dv is the pre-contraction key-value
sequence, and H → R1↑dqk↑dv is the aggregated memory
encoding the weighted key-value interactions for query
projection. By inspection of Eq. (3), the memory H can be
updated recurrently at each step as Hn = exp(”n)Hn↓1 +
Zn. Chunk of sequential data can be processed in parallel
for efficiency, leading to parallel-recurrent hybrid update as:

R(Xn:, Hn↓1) = Qn:Hn: = Qn:(Ln:Z
†
n:), (4)

where Z†
n: = Zn: + [exp(”n)Hn↓1,0]; which incorporates

previous states into the first element of Zn:. This formula-
tion allows partial state updates to be performed in parallel
while leveraging previously computed memory states, sig-
nificantly reducing computational costs over the fully par-
allel form of Eq. (2).



(a) Local LA by expansion (b) Local LA by convolution (c) CoL2A Equivalent to (a), (c) for Eq. (7)
Figure 2. Local attention: CoL2A, compared with naive methods. (a) Naive local attention expands K̃ and Ṽ in a sliding-window
fashion (unfold-like) to obtain a local attention map. (b) In the case of linear attention, it can be recast as a convolution. (c) CoL2A
applies a global positional embedding to both Q̃ and K̃ before forming Z̃, then compute local sum for contracting local feature by Eq. (8),
followed by the multiplication by Q̃. CoL2A is mathematically equivalent to the other two when kernel are in specific group (Eq. (7)), it is
multiplication-free for the Z̃ contraction step and thus more efficient. Note: →(→) indicates the contraction along ↑-dim in multiplication.
Refer to Supp.2-Fig. S2 for intuitive derivation of CoL2A (Eq. (8)) for Local LA by convolution (Eq. (6)).

4. Method
CoL2A incorporate locality in linear attention while avoid-
ing convolution; realizing Sparse, Recurrent, Local, and
GPU-Parallel simultaneously (Fig. 1).

4.1. Why Does Locality Matter?
As explained in Sec. 3, linear attention (or equivalently
SSM) could process events efficiently by its sparse, recur-
rent, and parallel capabilities; however, it is ill-suited for
dense prediction tasks. Remember that new events interact
through the single memory shared by all pixels. It means
information from entire pixels is compressed into a single
vector of R1↑dqk↑dv

. It might be sufficient for tasks that
do not require detailed spatiotemporal information, such as
object classification; though , for the dense prediction task
(such as keypoint detection), the dimension of the memory
needs to be huge to store the details in the entire image, re-
sulting in a substantial amount of compute (Tab. 1, GLA).
Note that many low-level perception tasks do not necessar-
ily require modeling the global dependency, but local infor-
mation suffices. We extend the linear attention to use small
local memory instead of a single high-dimensional memory
to achieve better accuracy with little compute.

4.2. Local Linear Attention
In this section, for the clear explanation, let all the variables
be in the sparse voxel format; i.e., the 1D sequence of
input X , which corresponds to the event stream having the
same discretized timestamp, would now be represented as
X̃ → R(hw)↑df . Here for brevity, we omit the decay term L,
and consider the case dqk = 2, dv = 1. In this sparse grid
format, Q,K, V, Z, Y is represented as Q̃, K̃ → R(hw)↑1↑2,
Z̃ → R(hw)↑2↑1, Ṽ , Ỹ → R(hw)↑1. Extending the global
linear attention of Eq. (3), local linear attention is

Ỹ =
(
Q̃PE(K̄↔)

)
V̄ , (5)

K̄ → R(hw)↑ω2↑2, V̄ → R(hw)↑ω2↑1 represents the locally
expanded K̃, Ṽ (e.g., {K̄, V̄ } = unfold({K̃, Ṽ },ε), It
computes the attention map at each pixel by the dot product

between the query and keys around, then aggregates values
around with the map. When PE is identity mapping, the
output remains invariant to permutations in the local region,
thus being unable to extract spatial patterns.

Local PE by Local Expansion. By encoding local coor-
dinates, the output depends on the order; enabling the ex-
traction of spatial patterns (Fig. 2a). Here we embed the
local position into the key as PE(K̄↔) = (K̄ϑ)↔ where ϑ

is local PE matrix ϑ → Rω2↑2↑2.

Local PE by Convolution. By recognizing the linearity
in the attention map, we can reformulate it as a 2D
convolution as follows:

Ỹ = Q̃(ϑ ↗ Z̃). (6)

Thought, this formulation is more memory efficient than
the local expansion approach of Fig. 2a, it still consumes a
significant amount (2dqkdvε2) of MAC for embedding the
position; still, prohibiting the efficient use of local memory.

4.3. CoL2A
Our main contribution in this paper is the derivation of
the efficient convolution-free algorithm. The core idea for
realizing this is to restrict the class of the kernel such that
it can be decomposed as two global PEs which can later be
absorbed into the query and keys to avoid coevolution. We
consider the special PE kernel ϑ̃ as follows:

ϑ̃u,v,:,: = R(ϖu+ ϱv) = ei(εu+ϑv)
→ SO(2), (7)

where ϖ,ϱ are learnable scalars, u, v indicates the local
position in the ε↘ε kernel and R(·) is a 2D rotation matrix.
We decompose the contribution of the kernel R(ϖu + ϱv)
into the global PE on Q and K. Finally, we get the CoL2A
mechanism (Fig. 2c) as follows:

Ỹ =
(
R(ϖX+ ϱY) · Q̃

)
(1 ↗ R(ϖX+ ϱY) · Z̃), (8)

where X,Y → Rh↑w is the horizontal and vertical global
pixel coordinates, 1 → Rω↑ω is all one matrix. Output Ỹ is



Figure 3. CoL2A in Parallel-Recurrent hybrid form. CoL2A
incorporate locality into linear attention (Sec. 3.3) inheriting all
the favorable features from them; it embodies sparse, recurrent,
GPU-parallel, and local properties simultaneously. For the pre-
contraction key-value matrices, Z = K ↓ V , corresponding to
the latest T events, it first performs spatial contraction by local
sum ↑1 (Sec. 4.3, which is convolution-free), followed by the
temporal contraction by associative scan ↫ (Sec. 4.5). It processes
T =N ↔ n events in parallel while re-utilizing the past compute
through the low-dim local. The output is invariant for the chosen
T ; full parallelization when T =N , purely recurrent when T =1.

computed as pixel-wise multiplication with Q̃ with global
PE and local sum of Z̃ with global PE (Fig. 2c). The
location information is embedded with a 2dqk MAC per
pixel. It is dvε2/2 times less than the convolution-based
formulation of Eq. (6). Note that with the specialization
of local kernel Eq. (5)-(7) are equivalent to adopting RoPE
[28, 61] for the local region so as CoL2A of Eq. (8).

Lemma 1. CoL2A (Eq. (8)) is equivalent to convolutional
PE (Eq. (6)) with rotation kernel of Eq. (7).

Proof. Eq. (8) on pixel (x, y) can be reformulated as:

Ỹ x,y = ei(εx+ϑy)Q̃x,y
∑

(u,v)↗ω

ei(ε(x+u)+ϑ(y+v))Z̃x+u,y+v

= Q̃x,y
∑

(u,v)↗ω

e↓i(εx+ϑy)ei(ε(x+u)+ϑ(y+v))Z̃x+u,y+v

= Q̃x,y
∑

(u,v)↗ω

ei(εu+ϑv)Z̃x+u,y+v.

We use superscripts to index the spatial location, e.g.,
Q̃x,y

→ R2 extracts the vector at pixel (x, y). This equals
Eq. (6) for the special kernel of Eq. (7).

Demo. Figure 4 demonstrates CoL2A extracting local
features, i.e., edge, without using convolution. When built
into a neural network, Q,K, V projection and rotational
coefficients ϖ,ϱ are optimized to extract local features.

4.4. Parallel-Recurrent Hybrid Form of CoL2A
CoL2A is compatible with the recurrent-parallel update of
Eq. (4). After the spatial contraction of Z in Eq. (8), one can
treat the resultant feature in each pixel as an independent
temporal sequence; therefore, they can be processed in
parallel using the same equation of Eq. (4) (Fig. 3).

Figure 4. CoL2A demonstration for convolution free edge
detection. Each pixel of Q and Z is R2; having unit norm on
the colored region (Q↗Z, color encodes angle), and 0 otherwise.
Horizontal global location is embedded with ω=(ε/2)/pix as RQ,
and RZ. Local average (1→3) is applied as avg(RZ). The dot
product RQ · avg(RZ) respond strongly on edges.

4.5. Linear-Time Temporal Contraction via Scan
CoL2A involves temporal contraction of the key–value term
as H=LZ. Directly multiplying the decay term L leads to
a quadratic O(T 2) complexity for token length T . Drawing
inspiration from Heinsen’s algorithm [27], we derive a
stable, efficient algorithm (code: Fig. S1) as follows:

H = exp (”→ + log (Z→)) , (9)

Where ”→ =
∑cum

n ”n, Z→ =
∑cum

n exp(logZn ↑ ”→), and∑cum
n denote a prefix (cumulative) sum. This formula re-

duces complexity to O(T log T ), a significant improvement
over the original O(T 2) complexity. As the decay L is lin-
ear in Z, H can be decomposed as: H = H+↑H↓, where
H{+,↓} is computed from positive and negative parts of Z.
This further reduces latency by avoiding the logarithms of
negative values, which involves complex numbers.

Compared to the chunk-wise formulation in RetNet
[63] and Mamba-2 [14]—which first multiply query-key
inside each chunk, leading to O(T 2) MAC and O(N2)
memory—our key-value first formulation is more MAC and
memory efficient when feature dimension is small.

4.6. Computational Complexity Analysis
VS. other Linear Attention. Tab. 1 compared the MAC
of CoL2A with other linear attention mechanisms. Global
linear attention (GLA), e.g., RetNet [63], Mamba-2 [14],
shares a single memory for all pixels; therefore, the memory
dimension dGqkd

G
v needs to be very large to store the spatial

detail, making computation prohibitively expensive (GLA
in Tab. 3-4. Sec. 4.1). With local memory by Eq. (6),
each vector in the local memory could be small, however,
it necessitates convolution for positional embedding, still
consuming substantial computation. CoL2A addresses this
by the convolution-free formulation.

VS. Conv-GRU. Table 2 compares the span (the longest
chain of data-dependent operations that determines minimal
parallel execution time [13]) between CoL2A and a de
facto local nonlinear recurrency (Conv-GRU [5], Conv-
LSTM [56]). While the nonlinear formulation requires
O(T ) sequential updates, CoL2A parallelizes this temporal
contraction with Eq. (9), reducing the span to O(log(T )).



Table 1. MACs of CoL2A, compared with other linear attention
(LA) for T=1, ignoring decay. Global LA (Mamba-2 [14], RetNet
[63]) use single shared memory. Local LA use convolution.

GLA LLA CoL2A
K→V↑Z hwdGqkd

G
v hwdqkdv hwdqkdv

Pos. Emb. (PE) hw4dGqk hw2dqkdvω2 hw4dqk
Mem. size dGqkd

G
v hwdqkdv hwdqkdv

Table 2. Parallel time complexity (span) of the core component of
CoL2A, compared with nonlinear local recurrent block.

Nonlinear local recurrent unit Linear local recurrent unit: CoL2A
GRU/LSTM O(T ) Scan (Eq. (9)) O(log(T ))
Convolution O(1) Linear (FFN etc.) O(1)

Sum (Eq. (8)) O(1)

5. Experiments
We compare the efficiency of CoL2A with the recurrent unit
capable of modeling the dense feature at the pixel resolution
(without patching). Conv-GRU [5], a convolutional variant
of the GRU [12] is de facto in this category. Actually,
FireNet [54], which is built on Conv-GRU, processes
features at the input camera resolution without spatial
pooling, realizing fine-detailed feature extraction with
small compute. It significantly outperforms non-recurrent
approaches, like E2Vid [48], in terms of the accuracy/MAC.

In addition to the intensive comparison with the Conv-
GRU baseline, we also evaluate the network adopting 1)
linear attention with global memory (GLA), and 2) linear
attention with local memory with convolution (LLA). GLA
is essentially the upgraded variant of Event-SSM [52]
adopting Mamba-2 [14] in place of S5 which incorporates
input-dependent decay. LLA-Net replaces the average
operation of CoL2A with convolution (Eq. (6)). Both serve
as ablation for the local memory mechanism by CoL2A,
which is the core contribution of this study.

Main experiments focus on two dense tasks—keypoint
detection and video reconstruction—both benefit from the
high temporal resolution offered by event-based cameras.
Low-latency keypoint detection enables robust tracking
with minimal computational overhead, while high-speed
video reconstruction from compressed events represents
another compelling application. FireNet is currently the de
facto choice for these tasks on resource-limited devices. We
consider, CoL2A is inherently better suited to these scenarios
due to its efficient handling of sparse and high temporal
resolution data. We’ll verify this in the experiments.

5.1. Experimental Setup
We aim to compare the accuracy/computation tradeoff that
originated solely from the differences in their core recurrent
mechanism, ConvGRU, GLA, and CoL2A to provide a
clear view of CoL2A’s advantages in sparse, high-resolution
event processing. To do this, we carefully designed the
experimental setting as follows:

Table 3. Corner tracking performance comparison on ATIS Corner
dataset [38] (for 100ms interval) (Table S2 for more results.).

Arc [2] SILC[38] GLA/-L FireNet[10] CoL2A
Reprj. (pix) ↓ 7.22 3.68 NA/NA 11.11 4.981

Track (sec) ↔ 0.91 1.12 0.0/0.0 8.84 13.0

Table 4. Image reconstruction accuracy comparison on the HQF
dataset [60]. ET-Net using 1,000x more parameters (refer to
Tab. 5) is provided only for reference. (Table S3 for more results.)

ETNet [71] GLA LLA FireNet [10] CoL2A
MSE ↓ 0.0634 0.0787 0.0780 0.0784 0.0787

SSIM ↔ 0.4571 0.3610 0.4110 0.4100 0.4102
LPIPS ↓ 0.3279 0.3461 0.3425 0.3418 0.3418

Table 5. Memory footprint comparison. A number of learnable
model parameters and a size of states memory (180→240 input).

ETNet [71] GLA LLA FireNet [10] CoL2A
Param. 22.2M 16.1K 17.2K 27.1K 16.1K

Memory 4.72M 0.29K 958K 1.01M 958K

Network design. Baseline (FireNet) consists of two
Conv-GRU blocks (each with a hidden dimension of d =
12) for feature extraction, followed by a prediction head
[9]. CoL2A-Net follows the same overall architecture, us-
ing two CoL2A blocks (Supp.4-Fig. S3) for sparse feature
extraction. GLA-Net and LLA-Net replace CoL2A with
global linear attention (GLA) and convolution-based local
linear attention (LLA), respectively, keeping the rest un-
changed. We match the spatial dimensions of input/output
and set df=dqk=dv=12 with two heads mirroring the base-
line configuration. The spatial size of local memory is set
to (h/5, w/5), which consumes a similar memory footprint
for recurrent states as the baseline (Tab. 5).

Training data. All the models are trained on simulated
events; moving a virtual camera in 6-DOF motion observes
random images from MS-COCO [34]. Following practices
to narrow the simulation-to-real gap, we utilized multiple
types of noise (e.g., timestamp jitter) using the simulator
from OpenEB [9]. We feed dense voxelized inputs to
the baseline FireNet and convert these into sparse streams
(Sec. 3) for GLA, LLA, and CoL2A, ensuring all networks
receive identical input and utilize the same loss functions.

Input/Output Rate. We quantize event timestamps in
!in = 1ms. We use 100!in sequence during training
with gradient flow. FireNet uses a nonlinear recurrency; it
is infeasible to train the fine-grained temporal signal due
to the enormous memory demands and unstable gradients
during BPTT. So, following the original protocol [54]),
we concatenate 10 time steps along the feature dimension
(!out = 10!in) to reduce the recurrent step. Contrarily,
CoL2A, GLA, and LLA allow training on the fine-grained
time resolution (!out=!in) by their parallel mechanism.

1Larger error over SILC is due to smoothing effect. Also report in [10].



(a) FireNet (!in=1ms) (b) FireNet (!in=10µs) (c) GLA (!in=1ms) (d) GLA-L (!in=1ms) (e) CoL2A (!in=1ms)
Figure 5. Image Reconstruction on the High-Speed and HDR data set [48]. (Figure S5 for more result.)

(a) FireNet (b) CoL2A (c) FireNet (d) CoL2A
Figure 6. Snapshot from corner detection in a Chessboard (6a-6b) and Guernica (6c-6d) scene. The same color represents the same track.

Loss Functions and optimization. For keypoint detec-
tion, we follow [11], where the network directly outputs a
cornerness heatmap. We use binary cross-entropy between
the ground truth and the predicted heatmap. For video re-
construction, we adopt the protocol of [20], in which the
network predicts image gradients and then integrates them
to reconstruct intensity images using the Frankot–Chellappa
algorithm [19, 75]. The loss is a combination of mean
squared error (MSE), structural similarity index measure
(SSIM), and Learned Perceptual Image Patch Similarity
(LPIPS) [74]. Since the output temporal resolution of
CoL2A/GLA/LLA-Net is 10! finer than FireNet, we inter-
leave their output to use the same loss. We optimized all
the networks using the same protocol, which was primarily
based on the baseline method. We trained for 10 epochs us-
ing the AdamW optimizer [36] with a learning rate of 10↓3.

5.2. Results

Compute and Memory Complexity. Table 5 compares
memory footprint. Table 6 compares computational
complexity–MACs and wall-clock latency–in five scenar-
ios, event-wise update, {1, 10, 100, 1000} frames parallel
update. In the event-wise update scenario, our method re-
quires very few MAC because an input event only interacts
with local memory (MAC for a single event is the same for
different resolutions). In contrast, Conv-GRU must pro-
cess all pixels, even when there are little or no events, re-
sulting in a significantly higher MAC requirement than our
method. In batch processing scenarios, the MAC count of
both methods increases almost linearly with the number of
parallel processing T . There is a notable difference in the
wall clock latency. Thanks to the CoL2A’s parallel mecha-
nism (Eq. (9)), it can compute multiple timestep output in
a single forward pass for any T , resulting in faster infer-
ence. Conversely, nonlinear recurrent units must update the
output sequentially, preventing them from leveraging the
GPU’s parallel capabilities for the temporal dimension. The
results reflect the parallel time complexity in Tab. 2.

Keypoint detection. We evaluate each model’s precision
by track length, following the protocols in [11] on the ATIS
Corner dataset [38]. We apply non-maximum suppression
(7↘7 kernel with a threshold of 10↓6) to the network’s pre-
dictions to identify corners, then employ a simple nearest-
neighbor tracking algorithm to form keypoint tracks. For
each keypoint, we search for a 5↘5 spatial neighbor within
the past 10 ms, updating the tracks accordingly. Table 3
presents the quantitative comparison with Arc [2], SILC
[38], and FireNet [10]. Figure 6 provides qualitative results.
CoL2A significantly outperforms the baseline while using a
fraction of MAC and model parameters.

Video reconstruction. We evaluate each model on the
High Quality Frames (HQF) dataset [60] using MSE,
SSIM, and LPIPS, following the prior work [71]. Table 4
presents the quantitative results, which also include ET-
Net [71] here as a reference—this model achieves SoTA
in terms of accuracy but has notably higher compute and
memory. Additionally, we provide qualitative comparisons
on the High-Speed and HDR (HSHDR) dataset [48] in
Fig. 5. CoL2A produces comparable reconstruction quality
as FireNet with substantially lower compute. Moreover,
unlike prior methods that degrade when the input rate is
changed (e.g., to increased FPS) without re-training, our
formulation mathematically guarantees invariant output.

Ablation on event data. GLA and LLA serve as an abla-
tion on the local mechanism, CoL2A, our main contribution.
GLA-Net, which replaces CoL2A’s local memory mecha-
nism with the global linear attention from Mamba-2, fails
on both tasks (Tab. 3-4, Fig. 5). The results verify that
spatiotemporal detail cannot be compressed into the sin-
gle memory (Sec. 4.1, GLA-L adopting 4 times larger dqk
also fails). CoL2A performs comparably well as ones using
convolution-based LLA, which consumes ε2 times more
compute for embedding the local position. These two ab-
lations verify locality is essential for modeling fine-grained
spatial relationships while the restricted kernel of CoL2A
suffices to capture local patterns.



Table 6. Computational complexity comparison with Conv-GRU block (d=12) and CoL2A block (df=dqk=dv=12 with two head). For
the batch processing scenario, we assume that the sparsity of the input tensor is 90%. Value in each cell represents MAC count/latency
[ms]. The latency is evaluated on NVIDIA A6000 GPU (N/A: Could not run due to the out of memory).

Resolution Single event T = 1 frame T = 10 frame T = 100 frame T = 1000 frame
Conv-GRU CoL2A Conv-GRU CoL2A Conv-GRU CoL2A Conv-GRU CoL2A Conv-GRU CoL2A

240↗180 0.51G 0.36 15K 0.04 0.51G 0.36 12M 0.14 5.1G 1.02 0.12G 0.34 50G 16 1.2G 3.8 0.51T 568 0.12T 44
346↗260 1.1G 0.38 15K 0.04 1.1G 0.38 25M 0.15 10G 2.19 0.25G 0.66 0.11T 30 2.5G 9.0 1.1T N/A 0.25T 98
640↗480 3.6G 0.70 15K 0.04 3.6G 0.70 86M 0.23 36G 9.5 0.86G 2.6 0.36T 107 8.6G 34 3.6T N/A 0.86T N/A
1280↗720 10G 2.6 15K 0.04 10G 2.6 0.26G 0.47 0.11T 32 2.6G 9.0 1.1T N/A 25G N/A 10T N/A 0.26T N/A

Table 7. Image classification on ImageNet1K.

Accuracy Softmax GLA LLA CoL2A
Train (%) ↔ 37.58 35.56 39.90 38.51
Test (%) ↔ 71.48 70.79 73.94 73.58

Table 8. Foundation model (DINOv3) distillation on ImageNet1K.

MSE Softmax GLA LLA CoL2A
Train ↓ 1.016 1.275 0.926 0.955
Test ↓ 1.124 1.504 0.952 0.976

Ablation on image data. We also ablate the contribution
of CoL2A in a minimal and basic setting in terms of
network architecture and data2. We designed two tasks: 1)
image classification and 2) foundation model’s (DINOv3
[57]) dense feature distillation. For both tasks, we used
ImageNet1K [16] dataset and ViT-Tiny [64] network.
Different from our main experiments, these tasks require
global high-level understanding, We evaluate accuracy by
replacing the softmax attention in the original ViT-Tiny with
different attention mechanisms, including CoL2A. Results
are reported in Tab. 7-8. On both tasks, CoL2A outperforms
not only GLA (Mamba-2–like) but also softmax attention
by a non-negligible margin. The gain is more pronounced
on the dense feature distillation task. We also compare
with LLA (Eq. (6)), local linear attention adopting the
convolution. Unlike CoL2A, it can represent the arability
kernel at the cost of increased computation (Tab. 1). Despite
the strong restriction on kernel patterns, CoL2A achieves
comparable test accuracy with LLA on both tasks.

5.3. Summary and Discussion
CoL2A delivers accuracy on par with—or even better
than—its Conv-GRU-based counterpart (Tab. 3-4) while
also providing more efficient computation (Tab. 6). Com-
parison with the global memory model (GLA) demonstrates
the significant benefit of incorporating locality in memory
(by CoL2A) for fine-grained dense prediction tasks. In addi-
tion, ablation on the dense task demonstrates the effective-
ness of CoL2A on different data, tasks, and architecture.

2We developed CoL2A for sparse temporal data such as event streams.
The core innovation of our algorithm—convolution-free local memory—is
also compatible with dense, non-temporal architectures and data, e.g.,
image classification with ViT [18]. In this setting, as the number of tokens
is small (hundreds vs. millions in the main experiments), we can compare
with softmax attention. Refer to Supp.3 for detailed experimental settings.

An additional benefit of CoL2A is its equivariance to
temporal resolution, which offers practical advantages.
For instance, in a keypoint detection and tracking task,
rapid camera motion causes large keypoint displacement,
making the nearest neighbor-based association difficult.
Increasing the input temporal resolution (easily done by
reducing !in, it is an advantage of event camera) may
alleviate this. However, dense nonlinear recurrent unit
(e.g., Conv-GRU) encounters two primary challenges. First,
changing input temporal resolution alters the feature maps
extracted by convolution-based nonlinear recurrency, which
degrades performance unless re-trained (Fig. 5c). Second,
the sequential dependence of nonlinear recurrency prevents
parallel execution (Tab. 2). CoL2A addresses both. Linear
recurrency ensures the same output for the number of
timesteps being processed in parallel. Sparse capability
keeps the computational cost invariant to the temporal
resolution (except for the temporal contraction in Eq. (9)).

6. Conclusion
We introduce CoL2A, an efficient local linear attention
mechanism for continuous perception from sparse spa-
tiotemporal data. Our formulation achieves locality while
avoiding computationally expensive convolution. Experi-
ments show that CoL2A matches or surpasses existing meth-
ods while requiring significantly fewer MACs and parallel
time complexity. Furthermore, ablation in dense and non-
temporal settings indicates the possibility of using CoL2A
on diverse data and architecture.

Limitations and future work. The kernel restriction in
Eq. (8), while enabling convolution-free local attention,
significantly reduces flexibility compared to convolutional
parameterizations. Although we did not observe a se-
vere accuracy drop in our ablation studies, broader eval-
uation across input modalities (e.g., events, images, point
clouds) and tasks (e.g., detection, segmentation, tracking)
is left for future research. From a different perspective,
the convolution-free formulation of CoL2A for extracting
the local pattern potentially equips useful spatial equivari-
ance; for example, CoL2A’s output is consistent for up-
sampled/down-sampled input without re-training (Supp.5).
Extending CoL2A to incorporate spatial equivariance, such
as rotation, scale or deformation, presents another promis-
ing direction for future work.
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Wang, Timothée Darcet, Théo Moutakanni, Leonel Sentana,
Claire Roberts, Andrea Vedaldi, Jamie Tolan, John Brandt,
Camille Couprie, Julien Mairal, Hervé Jégou, Patrick La-
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