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Abstract
Event-based cameras are suitable for sign language recognition (SLR) by providing

movement perception with highly dynamic range, high temporal resolution, high power
efficiency and low latency. Spike Neural Networks (SNNs) are naturally suited to deal
with the asynchronous and sparse data from the event cameras due to their spike-based
event-driven paradigm, with less power consumption compared to artificial neural net-
works. In this paper, we introduce spiking transformer into event-based SLR by propos-
ing a model named Spike-SLR, which includes two novel blocks: a spike soft-attention
block, which enables model to focus on regions with high spike rates, reducing the impact
of noise to improve the accuracy and a parallel spike transformer block with simplified
spiking self-attention mechanism, increasing computational efficiency. On SL-Animals-
DVS-4sets and SL-Animals-DVS-3sets, Spike-SLR achieves the accuracy of 89.47% and
90.06%, outperforming the state-of-the-art (SOTA) model by 1.35% and 2.61%, respec-
tively. Besides, Spike-SLR only need 0.03mJ to process a sequence of event frames,
achieving a 99.27% reduction in power consumption compared to the SOTA model. Code
is available at https://github.com/Arktis2022/Spike-SLR.

1 Introduction
According to the latest data from World Federation of the Deaf, there are 70 million deaf peo-
ple around the world using over 200 sign languages [23]. However, learning sign language is
difficult and time-consuming, thus creating communication barriers to deaf people [11]. To
address this issue, Sign Language Recognition (SLR) has been extensively researched. RGB
video is the most commonly used input modality for SLR [16, 22, 27, 35, 36, 37]. However,
the recognition results of RGB-based SLR methods are inevitably influenced by the motion
blur inherent to RGB cameras and static background noise [38, 39].
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Figure 1: (a) Comparison of RGB video frames and DVS data frames for sign language
Opaque(one-handed sign) (b) Comparison of RGB video frames and DVS data frames for
sign language map(two-handed sign)

As an emerging neuromorphic sensor, the event camera detects changes in brightness for
each pixel independently, generating an event stream asynchronously and sparsely. The dif-
ference between RGB video frames and DVS event frames is shown in Figure 1. The event
camera features high temporal resolution, low latency, low power consumption, and a wide
dynamic range [32], which can effectively address issues related to motion blur and static
background noise. That is, event cameras hold significant advantages in the field of SLR.
The current state-of-the-art (SOTA) approaches for event-based SLR involve first convert-
ing event streams into frame data, followed by processing using Artificial Neural Networks
(ANNs) [3, 4, 5, 14, 26], which require considerable computational power, posing challenges
for deployment on edge devices.

As third-generation neural networks, Spike Neural Networks (SNNs) are designed with
biological plausibility, mimicking the dynamics of brain neurons to encode and transmit
information in the form of spikes [20]. Compared to ANNs, the event-driven nature of SNNs
significantly reduces energy consumption when running on neuromorphic chips [44, 45].
However, current SNN-based sign language recognition tasks still face challenges of lack of
datasets and low recognition accuracy [28].

Figure 2: Accuracy vs inference energy of different neural methods implemented in Intel
Stratix 10 TX [6] (for ANNs) or ROLLS [24] (for SNNs). The size of the markers denotes
the number of parameters.
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In this paper, in order to simultaneously reduce the power consumption and improve the
accuracy in the event-based SLR, we propose a parallel spiking transformer model called
Spike-SLR, which consists of a patch embedding (PE) block, parallel transformer blocks, a
soft-attention block, and a classification head. As shown in Figure 2, we demonstrate that
the proposed Spike-SLR outperforms other event-based SLR models by a significant margin,
requiring less power consumption. And the main contributions of this paper are listed:

(1) We introduce the spiking transformer into SLR for the first time. And to improve the
model’s spatio-temporal attention to fine-grained hand features, we employ parallel spiking
transformer, where multiple-layer perceptrons (MLPs) and simplified attention sub-modules
(CB-S3A) are executed in parallel to improve efficiency.

(2) We firstly introduce the soft attention mechanisms into SNNs and employ a soft-
attention block in our model to extract key regions from the input event streams.

(3) Experiments on the public datasets SL-Animals-DVS-4sets [33], SL-Animals-DVS-
3sets [33], and the DVS datasets N-LSA64-Both and N-LSA64-Right converted using the
v2e [13] method, demonstrate that Spike-SLR achieves better recognition accuracy com-
pared to SOTA ANN method EVT [26]. And Spike-SLR only needs 0.03mJ to process an
event frame sequence compared to the EVT which needs 4.13 mJ.

2 Related work

2.1 Event-based Sign Language Recognition
Event cameras are ideal for SLR due to their motion detection abilities, sparking increased
research interest. However, event-based SLR still face the problem of lack of datasets, the
only public event-based SLR dataset is SL-Animals-DVS [33], featuring 19 gestures. Al-
though Qi Shi et al. created the synthetic N-WLASL [28] dataset, it remains private. SL-
Animals-DVS is firstly tested on three kinds of SNNs named SLAYER [29], STBP [41], and
DECOLLE [15], separately, where the test accuracy is all below 75%. To enhance the test
accuracy, recent studies mainly use ANN methods. Laure Acin et al. introduced VK-SITS
[2], a new event data representation, using a ResNet18 network, which outperformed other
methods like TORE [4] and SITS [21]. Apart from that, Alberto Sabater et al. developed
EVT [26], an efficient transformer model utilizing event data sparsity and becoming the
SOTA method on the SL-Animals-DVS dataset.

2.2 Spiking Transformers
ANN-based transformers have achieved success in fields such as vision and natural language
processing (NLP) [1, 10]. However, the exploration of self-attention (SA) mechanisms based
on SNNs remains limited, primarily because the multiplication operations inherent in vanilla
self-attention (VSA) mechanism [34] are incompatible with SNNs. Recently, research has
increasingly focused on developing the spiking transformer, aimed at eliminating multipli-
cation operations in SA to reduce computational complexity. Zhou et al. [46] were the
first to introduce spiking transformer model, termed Spikformer, which utilizes spike-based
Query, Key, and Value to model sparse visual features, thereby avoiding softmax compu-
tations. Subsequently, Yao et al. [43] introduced the Spike-driven Transformer, which en-
hances the spiking self-attention (SSA) mechanism in the Spikeformer. They proposed a
Spike Driven Self-Attention (SDSA) that utilizes only masking and addition to implement
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the SA mechanism, reducing the computational complexity from O(ND2) to O(ND). Wang
et al. [40] introduced a novel Masked Spike Transformer (MST) framework, incorporating
a Random Spike Masking (RSM) method, to further prune redundant spikes and reduce en-
ergy consumption without sacrificing performance. These exploration of spiking transform-
ers enhance the learning capabilities of SNNs, enabling their application in various fields
such as audio-visual classification, human pose tracking, and remote photoplethysmography
[9, 17, 48].

3 Method

The proposed Spike-SLR applies the spiking transformer to sign language recognition tasks.
We utilize the SNNs algorithm provided in the SpikingJelly platform [8], employing the
Leak Integrate and Fire (LIF) [31] neural model for constructing the spiking neuron layers.
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Figure 3: Framework of Spike-SLR. We follow the network structure in [43]. It consists of
an SNN-based patch embedding (PE) block, several parallel spike-driven transformer blocks,
a soft-attention block, and a SNN-based predictor head.

3.1 Overall architecture

Figure 3 shows the structure of Spike-SLR, which consists of four main components: patch
embedding (PE) block, parallel spike-driven transformer block, soft-attention block and a
classification head. The PE block is utilized to extract spatio-temporal representations from
the input DVS frames, while the CB-S3A module in the transformer and the spike firing
rate map in soft-attention mask block guide the model’s attention towards key features. The
final predictor head is responsible for mapping these features to possiable sign language
expressions.
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Given a 2D DVS frames sequence I0 ∈ RT0×2×H0×W0 , where T0, 2, H0, W0 represent the
time step, initial number of channels, height and weight respectively. Firstly we randomly
select continuous event frames with a time step of T (T ⩽ T0) and crop each event frame spa-
tially to obtain the preprocessed frames (PR), denoted as I ∈ RT×2×H×W . The SNN-Based
PE block, consisting of four 2D convolutional layers, three SNN layers and two max pool-
ing layers, downsampling the input frames and partitioning them into spatio-temporal spike
tokens SPE ∈ RT×D×H

4 ×W
4 , where D represents the number of channels. Before entering the

data into the parallel Spike-driven Transformer block, we use membrane potential residual
connection to avoid network degradation, adding SPE and the output IPE of the initial three
convolutional layers and resulting the input S0 of the same shape as SPE . Therefore, the
SNN-based PE block can be written as follows:

I = PR(I0) I0 ∈ RT0×2×H0×W0 , I ∈ RT×2×H×W (1)

SPE = PE(I) SPE ∈ RT×D×H
4 ×W

4 (2)

S0 = IPE +SPE S0 ∈ RT×D×H
4 ×W

4 (3)

Then, the spike sequence S0 is passed to the parallel spike-driven transformer blocks, which
consists of a conv-based simplified spiking self-attention (CB-S3A) block and a MLP block.
As the main component in Spike-SLR, CB-S3A, which just performs the convolution oper-
ation in spike-form Query (Q) and Key (K), offers an efficient method to model the local-
global information of frames without softmax. In addition, the spike fire map generated by
the Soft-attention block performs mask operation on the data produced by the second convo-
lution in the MLP block, which makes model more focus on local features. The outputs of
the MLP and the CB-S3A blocks are summed together, and the sum is then added to the input
S0 again using membrane potential residual connection (RES). After L transformer blocks,
the final output membrane potentials SL is obtained. To obtain the pulse expression just con-
sisting of 0 and 1, SL then is passed to a spike neural layer (SN ), resulting in SE . Finally, the
SE will be sent to a SNN-based classification head (SCH) to output the classification result
Y . To summary, the output of CB-S3A, MLP and SCH can be written as follows:

Sl = CB-S3A(Sl−1)+MLP(Sl−1)+Sl−1 Sl ∈ RT×D×H
4 ×W

4 , l = 0...L (4)

SE = SN (SL) SE ∈ RT×D×H
4 ×W

4 (5)

Y = SCH(SE) (6)

3.2 Soft-attention masks
DVS data can be influenced by various sources of noise, such as environmental background.
As neural networks deepen, some noisy data may be amplified, causing the model to focus
more on irrelevant features. And during the presentation of sign language, the frequencies
and quantities of spike signals generated by different body parts are uneven. Inspired by [18],
we insert attention blocks into our model to minimize the negative impact of background
noise while allowing the model to focus more on the target area and local features. In order
to take note of the difference among different body parts, soft attention mask is applied to
assign higher weights to pixels with stronger spike signals, while it is also the bridge between
Soft-attention appearance and the backbone network. Unlike the data processing operations
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performed in the PE block, we first perform a sum-average-repeat (SAR) operation on the
data in the soft attention appearance. Specifically, we sum the event frames in the time
dimension to combine multiple frames I ∈RT×2×H×W into a single frame ISIN ∈R1×2×H×W .
Then, we divide the frame data by time step to obtain the average frame IAV G ∈ R1×2×Ĥ×Ŵ

and replicate the IAV G in the time dimension for T times as the input to the attention block
model. The data IE ∈ RT×2×Ĥ×Ŵ undergoes two rounds of convolution and downsampling,
followed by another SAR operation to obtain a spike fire rate map, which is then masked
with the data in the MLP to facilitate communication between the branch and the backbone
network as shown in Figure 3.

3.3 Parallel spike-driven transformer
In the previous spiking Transformer architecture [42, 43, 46], the output Uout of the backbone
network is transformed from the input Uin consisting of N tokens with dimension D using
two consecutive sub-blocks (one SA and one MLP) with residual connections:

Uout = αFFÛ +βFFMLP(SN (Û)) (7)

Û = αSAUin +βSASA(SN (Uin)) (8)

where scalar gain weights αFF, βFF, αSA, βSA fixed to 1 by default. In our work, to simplify
the transformer block, we remove the residual connections in the MLP sub-blocks, obtaining
the following output:

Sout = αcombSin +βFFMLP(SN (Sin))+βSASA(SN (Sin)) (9)

with skip gain αcomb = 1, and residual gains βFF = βSA = 1 as default. In the submodule
CB-S3A, we first input the spike signals S0 into the spike neuron layer to obtain S

′
. Then,

we use 2D convolution operations to extract spatial information separately, resulting in Q
and K. The acquisition of V does not involve convolution operations. After that, we use the
spike neuron layer again to transform Q, K, and V into spike tensors QS, KS, and VS. And
the subsequent masking calculation can be represented as follows:

MASK (QS,KS,VS) = g(QS,KS)⊗VS = SN (SUMC (QS ⊗KS))⊗VS (10)

where ⊗ denotes the Hadamard product, g(·) is used to compute the attention map, and
SUMC is used to calculate the sum of each column. The outputs of g(·) and SUMC are
row vectors of dimension D. Additionally, the Hadamard product between pulse tensors is
equivalent to mask computation.

4 Experiments

4.1 Dataset
To evaluate the Spike-SLR model, we use the public dataset SL-Animals-DVS [33] and the
N-LSA64 dataset which is transformed from LSA64 [25] dataset using v2e [13] method. In
the SL-Animals-DVS dataset 59 individuals were recorded separately, and each individual
performed 19 signs in sequence. Due to the fact that the recording is conducted in 4 ses-
sions at different locations under different lighting conditions, it can be further divided into
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SL-Animals-DVS-4sets, which includes four shooting environments, and SL-Animals-DVS-
3sets, which includes three shooting environments. As for the N-LSA64, It contains 3200
DVS videos in which 10 non-expert subjects performed 5 repetitions of 64 different types
of sign language. The symbols were selected from the most commonly used symbols in the
LSA lexicon, including verbs and nouns. Depending on the number of hands performing the
sign language, we further partition the right-hand-only dataset N-LSA64-Right.

4.2 Implementation details
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Figure 4: Fire rate of each block in Spike-SLR

We set the number of parallel spike-driven transformer block L = 2 in Spike-SLR. The
whole framework is optimized with AdamW [19] optimizer, in a single NVIDIA GeForce
RTX 3090. The sample length, time step, and learning rate is set as 500ms, 10 and 4×e−3

respectively. We set the batch size to 32 and trained for 240 epochs using the 1cycle learning
rate policy [30]. As for the data augmentation, we use spatial and temporal random crop and
repeat each sample within the training batch twice with different augmentations. In addition,
we divided the data into training, validation, and test sets in the ratio of 6:2:2, and evaluated
the classification accuracy on the test set.

4.3 Comparison to the State-of-the-Art models
On the SL-Animals-DVS dataset, we compare our proposed model with existing ANN mod-
els [2, 4, 21, 26, 47], and SNN models [7, 15, 29, 41, 43]. Additionally, we replace the
backbone network in EVT [26] with the Spike-Driven Transformer block [43] to obtain
Spike-Evt and conduct model training for comparative analysis. Our experimental results on
SL-Animals-DVS are given in Table 1, from which we can see that Spike-SLR is 1.35% and
2.61% higher than EVT [26] on the dataset SL-Animals-DVS-4sets and SL-Animals-DVS-
3sets, respectively. And compared to the SNN method SEW Resnet18 [7], the Spike-SLR
improves the accuracy of 4.05% and 0.97%, respectively.

On the N-LSA64-Both and N-LSA64-Right datasets, we employ the same sampling and
training strategies to train ANN model EVT [26] and SNN models STBP [41] and Spike-
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Table 1: Classification accuracy in the SL-Animals-DVS dataset. Red and bold indicate the
best and second best performance.

Model Method Time Step Sample Length
SL-Animals-DVS

4 sets 3 sets

TORE+ GoogLeNet [4]

ANN

\ \ 85.10% \

TORE+ ResNet18 [4] \ \ 76.90% \

VoxelGrid+ ResNet18 [47] \ \ 89.02% \

SITS + ResNet18 [21] \ \ 78.47% \

VK-SITS+ ResNet18 [2] \ \ 79.26% \

EVT [26] \ 504ms 88.12% 87.45%

SLAYER [29]

SNN

300 1500ms 54.30% 61.41%

STBP [41] 50 1500ms 64.97% 71.47%

DECOLLE [15] 500 500ms 62.19% 62.19%

SEW Resnet18 [7] 16 \ 85.42% 89.09%
Spike-driven EVT [43] 11 504ms 79.39% 66.67%

Spike-SLR (Ours) SNN 10 500ms 89.47% 90.06%

Table 2: Classification accuracy in the N-LSA64 dataset.

Model Method Time Step Sample Length
N-LSA64

Both Right

EVT [26] ANN \ 504ms 84.06% 82.14%

STBP [41]
SNN

50 1500ms 59.69% 57.86%

Spike-driven EVT [43] 11 504ms 72.66% 82.62%

Spike-SLR (Ours) SNN 10 500ms 84.69% 86.90%

EVT. The test results are shown in Table 2, from which we can find that Spike-SLR improves
the accuracy of 0.63% compared to the EVT [26] on the N-LSA64-Both dataset while of
4.28% compared to the Spike-driven EVT [43] on the N-LSA64-Right dataset. In summary,
Spike-SLR obtains the SOTA results in event-based SLR.

4.4 Energy consumption analysis

We use the same energy efficiency calculation scheme as in [12]. The energy consumption
is 12.5 pJ for each floating-point operation (FLOP) and is 77 fJ for each synaptic operation
(SOP). Figure 4 shows the average spike fire rate of convolutional layers in different blocks
and linear layers in the classification head. We find that the spike fire rate (SFR) of the input
tensor in different transformer blocks shows an upward trend but consistently stays below
0.2, which is because of the cumulative effect of input across layers. On the other hand,
in the continuous convolutional layers of the MLP and Soft-Attention blocks, the spike rate
shows a downward trend, indicating that some less significant features are filtered out as the
network deepens. As shown in Table 3, the Spike-SLR processes DVS frame data with a
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Table 3: Computational complexity comparisons of SLR methods.
Model Method #Params. FLOPs/SOPs Power/mJ

TORE + ResNet18 [4] ANN 11.69 M 3.66 G 45.75

TORE + GoogLeNet [4] ANN 8.46 M 2.88 G 36.00

EVT [26] ANN 0.50 M 0.33 G 4.13

Spike-driven EVT [43] SNN 66.34 M 6.77 G 0.52

SEW Resnet18 [7] SNN 2.92 M 1.41 G 0.11

Spike-SLR (Ours) SNN 0.70 M 0.44 G 0.03

Table 4: Spike-SLR accuracy with different time step.
Time Steps 1 5 10 15 20

ACC 77.63% 88.16% 89.47% 87.28% 89.04%

spatial size of 96x96 and a time step of 10 with only 0.03mJ of power consumption. This
represents a 99.27% energy reduction compared to EVT and is substantially lower than that
of other baseline models.

4.5 Ablation study
In this section, we analyze the impact of hyperparameters and the key components of Spike-
SLR. Experiments are conducted on the SL-Animals-DVS-4sets dataset. With a fixed total
sample length of 500ms, different time steps are set to investigate the impact of the number
of input event frames and transformer blocks on the model results.

As shown in Table 4 and Table 5, with the number of time steps and the number of
Transformer Blocks increasing, the test accuracy of the model does not change significantly,
but too few time steps or blocks can lead to a significant decrease in accuracy. Specifically,
setting the time step to 10 and the number of blocks to 2 achieve the highest accuracy of
89.47%. Reducing the time step to 1 decreased the accuracy to 77.63%, and setting the num-
ber of blocks to 1 result in an accuracy of 84.65%. In addition, The experiments validate the
rationality of the parallel structure and the Soft-Attention appearance used in the Spike-SLR
model. As shown in Table 6, using both parallel transformers and soft attention simultane-
ously yields the best accuracy, at 89.47%. Employing only the parallel transformer achieves
an accuracy of 84.21%, while using solely soft attention results in an accuracy of 84.65%.
Overall, the Spike-SLR model structure proposed by us achieves best results.

5 Conclusion
In this paper, we propose a spiking transformer, coined as Spike-SLR for event-based sign
language recognition, to adaptively emphasis on local spatial features as well as temporal

Table 5: Spike-SLR accuracy with different number of parallel transformer block.
Blocks 1 2 3 4 5
ACC 84.65% 89.47% 88.60% 88.60% 89.04%
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Table 6: Spike-SLR accuracy for different architecture.
Parallel Transformer block Serial Transformer block

w/o soft attention 84.21% 86.40%
with soft attention 89.47% 84.65%

features. Spike-SLR outperforms existing methods upon SL-Animals-DVS and N-LSA64
datasets in accuracy and energy consumption. Specifically, Spike-SLR improves the accu-
racy of 1.35% and 2.61% respectively compared to the SOTA ANN model while reducing
power consumption of 99.27% on the two SL-Animals-DVS datasets. It demonstrates the
applicability of spiking transfomer for SLR and can be further applied to human-machine
interaction and edge sign language recognition devices.
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