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Abstract {a) Previous
Model-1 C2
While event cameras excel in capturing microsecond tem- O Stacked Frames
poral dynamics, they suffer from sparse spatial represen- | I
tations compared to traditional RGB data. Thus, multi- @‘_

RGB Frames Reconstructed Frames

modal event-based action recognition approaches aim to
synergize complementary strengths by independently ex-
tracting and integrating paired RGB-Event features. How-
ever, this paradigm inevitably introduces additional data
acquisition costs, while eroding the inherent privacy ad-

Figure 1. (a) Previous multi-modal input approaches indepen-
dently extract features from paired RGB-Event modalities, both
introducing excessive RGB data dependencies and disrupting the

based o D e privacy-preserving property unique to event cameras. (b) Our ap-
vantages of event-based sensing. Drawing inspiration from proach takes a lightful reconstruct network (Firenet [40]) to sub-

event-to-image reconstruction, texture-enriched visual rep- stitute RGB data while narrowing the modality divergence with

resentation directly reconstructed from asynchronous event events, thereby enabling enhanced unified multimodal perception.
streams is a promising solution. In response, we pro-

pose an Enhanced Multimodal Perceptual (EMP) frame-
work that hierarchically explores multimodal cues (e.g.,
edges and textures) from raw event streams through two
synergistic innovations spanning representation to feature
levels. Specifically, we introduce Cross-Modal Frequency
Enhancer (CFE) that leverages complementary frequency
characteristics between reconstructed frames and stacked
frames to refine event representations. Furthermore, to
achieve unified feature encoding across modalities, we de-
velop High-Frequency Guided Selector (HGS) for seman-
tic consistency token selection guided by dynamic edge
features while suppressing redundant multimodal informa-
tion interference adaptively. Extensive experiments on four . ’ . .
benchmark datasets demonstrate the superior effectiveness ing [16, 26, 52], motion deblurring [5, 27], and image re-

. . construction [31, 40, 53]. Notably, the inherent sensitiv-
of our proposed framework. The code is available at . . : .
htps://github.com/caomq]23/EMP ity of event cameras to dynamic scenes provides a unique
' ’ ’ advantage in capturing motion-related actions. Leveraging

these strengths, the task of Event-based Action Recogni-

event-driven neuromorphic visual sensors, also known as
event cameras [13, 15], operate by asynchronously cap-
turing per-pixel intensity changes only when a significant
light change occurs. This unique functionality endows
event cameras with several prominent advantages, includ-
ing high dynamic range, low power consumption, and high
temporal resolution, which enable them to excel in chal-
lenging scenarios such as fast motion, extreme lighting
conditions, and privacy-sensitive applications. These at-
tributes have led to their widespread adoption in various
computer vision tasks, including object detection and track-

1. Introduction tion (EAR) has emerged, aiming to effectively extract action
features from event streams to enhance recognition perfor-
Traditional frame-based cameras often encounter perfor- mance.

mance limitations when dealing with rapid motion or com-

) . . Currently, the EAR methods faces significant challenges
plex illumination conditions [22, 25, 42, 43]. In contrast,

in effectively utilizing the spatially sparse and asynchronous

*Corresponding author event streams. Traditional single-modal input approaches
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adopt two primary strategies: (i) Processing asynchronous
event points through point-based encoders (GCNs [11, 54])
or spiking neural networks (SNNs [3, 8, 37]), and (ii) Ap-
plying CNN- [32, 44], Transformer- [7, 57] or Mamba-
[38, 49] based visual encoders to frames stacked from asyn-
chronous event streams. While point-based methods ac-
commodate the asynchronous nature of events effectively,
they exhibit suboptimal recognition performance. Simulta-
neously, frame-based methods suffer from the lack of crit-
ical texture information due to the focus on dynamic edge
capture inherent in event cameras.

In recent years, there has been a notable shift toward
multi-modal input strategies [9, 24, 48, 50], leveraging di-
verse data sources to improve feature extraction robustness
for practical applications. As depicted in Fig. 1(a), conven-
tional multi-modal methods typically process RGB images
and event streams in parallel through independent encoders,
followed by late fusion. Although such approaches improve
robustness by aggregating complementary features, two
critical limitations persist: (i) The incorporation of RGB
images not only introduces additional data acquisition costs
but also compromises the intrinsic privacy-preserving na-
ture of event cameras by capturing detailed individual visu-
als. (ii) Independent encoders disregarding inter-modal cor-
relations introduce redundancy that critically undermines
the acquisition of discriminative action features.

To address the challenges above, we seek a privacy-
preserving alternative to RGB data that eliminates addi-
tional data dependency and narrows the representational
gap between surrogate modal with event modal. As shown
in Fig. 1(b), inspired by the event-to-image [40] techniques,
we employ a lightweight event reconstruction network to
generate texture-enriched surrogate frames directly from
event streams. This approach effectively emulates RGB
semantics while filtering privacy-sensitive details. Build-
ing upon this, we introduce a unified multi-modal encod-
ing architecture that harmonizes edge-focused event rep-
resentations with texture-augmented surrogates, preserving
modality-specific discriminative strengths while suppress-
ing cross-modal redundant information interference.

Formally, we present an Enhanced Multi-modal Per-
ceptual (EMP) framework designed to hierarchically ex-
ploit intrinsic multi-modal cues from the representation
level to the feature level. Specifically, our framework
consists of two components: Cross-modal Frequency En-
hancer (CFE) and High-frequency Guided Selector (HGS).
The CFE leverages the distinct frequency traits inherent
in different modalities, utilizing the high-frequency infor-
mation (e.g., edges) from stacked event frames to enhance
the reconstructed event frames including mid-frequency in-
formation (e.g., texture). This process effectively refines
the event representations for better feature extraction. In
Addition, considering the discrepancy between modalities,
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the HGS adaptively captures semantic consistency tokens
across different modalities, thereby realizing unified encod-
ing of multimodal features.

The main contributions are summarized as follows,
* A privacy-preserving paradigm inspired by event-to-
image generates texture-enriched surrogate frames as al-
ternatives to RGB images, eliminating auxiliary data ac-
quisition while bridging the modality gap with events.
A novel Enhanced-Multimodal Perceptual (EMP) frame-
work that hierarchically explores intrinsic multi-modal
cues from raw event streams through dual-stage innova-
tions at representation and feature levels.
A multi-modal unified perception strategy equipped with
collaborative Cross-modal Frequency Enhancer (CFE)
and High-frequency Guided Selector (HGS), enables pro-
gressive exploitation of intrinsic multi-modal cues from
the representation level to the feature level.

2. Related Work

2.1. Single-modal Event-based Action Recognition

Existing single-modal approaches for event-based action
recognition (EAR) focus on extracting discriminative fea-
tures from event streams [8, 52]. These methods lever-
age the sparse spatial nature of event data by stacking
asynchronous event streams into compact frames, which
are processed using powerful frame-specific architectures,
e.g. convolutional neural networks (CNNs) [32, 44] or vi-
sual transformers (ViTs) [7, 57]. For instance, Event-
TransAct [10] introduce video transformers and event con-
trastive learning to extract fine-grained features from the
event stream. Similarly, EXACT [57] incorporate rich se-
mantic information to effectively handle event frames from
a cross-modal perspective. Beyond frame-based meth-
ods, some works [37, 54] explore networks tailored to the
unique properties of asynchronous events, such as spiking
neural networks (SNNs) and graph convolutional networks
(GCN:s). For example, SpikePoint [37] proposed an end-to-
end SNN architecture that processes sparse event streams by
simultaneously extracting global and local features. VMv-
GCN [54] introduced a novel volumetric multi-view frame-
work to capture key spatial and temporal information from
event streams. However, these approaches primarily fail to
fully exploit the complementary infomation inherent in raw
event streams. In contrast, our proposed Enhanced Multi-
modal Perceptual framework synergistically integrates fea-
tures from different modalities.

2.2. Multi-modal Event-based Action Recognition

Recent advances in robust representation for multi-modal
data garner significant attention across various visual do-
mains [7, 48]. For EAR, previous research explore two
primary paradigms for multi-modal input: (i) Integrating
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Figure 2. The overall framework of our proposed EMP. First, complementary event modalities (stacked and reconstructed frames) undergo
frequency-domain refinement via the Cross-modal Frequency Enhancer (CFE), which amplifies edge dynamics while preserving textural
in reconstructed counterparts. After that, during the unified visual encoding process of CLIP, the High-frequency Guided Selector (HGS)
is employed to capture semantic-consistency tokens across modalities, which effectively eliminates spatiotemporally redundant features.
Finally, event features and text features derived from the text/vision encoder are contrasted for activity recognition.

different representations of event data (e.g., event frames,
event points, and event voxels); and (ii) Fusing RGB im-
ages with event data. For instance, AGCN [19] introduce
a dual point-voxel absorbing graph representation to exploit
complementary information between event points and event
voxels. EventCrab [6] propose a framework that synergis-
tically processes event frames and event points balancing
efficiency and effectiveness. However, while these methods
fully leverage the rich temporal information within event
streams, they overlook the inherent lack of texture infor-
mation in events. To address this limitation, SAFE [24]
leverages pre-trained large-scale vision-language models to
fuse semantic labels, RGB frames, and event streams, im-
proving multi-modal recognition accuracy. Similarly, sst-
former [48] formally propose to recognize patterns by fus-
ing RGB frames and event streams simultaneously. De-
spite these advances, existing methods require additional re-
sources for RGB images and fail to fully exploit the consis-
tency between multi-modal data. In contrast, our proposed
framework eliminates dependency on RGB while explicitly
addressing the impact of irrelevant information on multi-
modal feature selection. Our approach provides a promising
solution for practical deployment in real-world scenarios.

2.3. Token Selection in Transformer

With the widespread adoption of Transformer across var-
ious domains [6, 20, 21, 34, 35], token selection has gar-
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nered increasing attention for its ability to leverage inherent
redundancies between image tokens to focus on key objects
and reduce computational costs [12, 36, 47, 55]. This is par-
ticularly crucial in visual tasks [36], where the extraction
of fine-grained features is essential for visual understand-
ing. DynamicViT [18, 36] inserts prediction modules into
Transformer blocks to predict and select tokens with higher
information content. TransFG [18] directly employs atten-
tion mechanisms to locate important tokens, demonstrating
strong performance in fine-grained classification. Building
on this, STA [12] proposes a framework that simultaneously
considers temporal redundancy and semantic importance
for selecting spatiotemporal tokens. Magic [55] extends the
token selection to multi-modal tasks, enabling the model to
dynamically choose object-centric tokens based on differ-
ent input modalities. Unlike these methods, we propose a
more flexible multi-modal token selection scheme that uti-
lizes high-frequency modal-guided strategies to capture se-
mantic consistency tokens, thereby enhancing the robust-
ness of our approach.

3. Method

3.1. Joint Formulation

We introduce a jointly formulated framework for event-to-
image reconstruction and CLIP-driven action recognition,
without the need for additionally captured RGB images.



Event-to-Image Reconstruction. Considering the event
stream E = {(u;,pi,ti)}ie(0,n)» Where u; denotes the
pixel position, p; indicates the polarity, ¢; denotes the
time of each event point, and N is the number of event
points. We first generate two complementary event repre-
sentations from raw asynchronous event streams: (i) Edge-
dominant stacked frames I obtained by temporally aggre-
gating events; (ii) Texture-enriched reconstructed frames I.
obtained by the image reconstruction network H as:
I, = H(E), (1)
where I, I, € RTXHXWX3,
CLIP-driven Action Recognition. In terms of C' action
clsses, we follow [57] to adopt two different text prompts:
hand-crafted prompt “A series of photos recording action
for [class]” and learnable prompt “[Vi], [Va], ..., [Vi].
[class]”, where [class] represents the class name and [V/,]
is the random initialized parameter. The CLIP-based text
encoder [56] first encodes the two prompts to obtain D-
dimensional text features fi € R*P and fi € RO*P,
and the final text feature f* € R€*P is obtained by averag-
ing f{ and f}. Meanwhile, we use the CLIP-based vision
encoder [56] for event feature extraction, fully exploiting
the potential of Visual Language Models (VLMs) in event-
based recognition. The stacked frames I and reconstructed
frames I, after being enhanced for event representation,
are fed into the vision encoder to obtain the event feature
f¢ € R™P_ Eventually, the class probability p € R!*¢
for the action recognition are obtained as,

p = softmax(fe(f) "), )
¢ = argmax(p),
where softmax(-) denotes the softmax function. By taking
the category of maximum probability, we obtain the final
action prediction class c for the event stream.

3.2. Enhanced-Multimodal Perceptual (EMP)

To preserve diverse information within and across modal-
ities while eliminating the influence of irrelevant infor-
mation, we propose our Enhanced Multimodal Perceptual
(EMP) framework for robust multi-modal unified percep-
tion. Fig. 2 presents the architecture of EMP. It is equipped
with Cross-modal Frequency Enhancer (CFE) and High-
frequency Guided Selector (HGS), enabling progressive ex-
ploitation of intrinsic multi-modal cues from the represen-
tation level to the feature level.

Cross-modal Frequency Enhancer (CFE). Event frames
from distinct modalities demonstrate complementary spec-
tral characteristics [55]. Specifically, stacked frames from
asynchronous event streams predominantly focus on cap-
turing high-frequency edge dynamics of transient actions,
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whereas reconstructed frames preserve mid-frequency tex-
ture inherent to activity semantics. Both modalities are cru-
cial for event action recognition, yet effectively harnessing
their complementary strengths remains a critical challenge.
The direct combination of these heterogeneous modalities
yields suboptimal solutions because of their inherent dis-
crepancies. Thus, we propose a Cross-modal Frequency
Enhancer (CFE) that strategically leverages frequency traits
across modalities to refine event representation. It en-
ables the model to focus on more comprehensive features
through frequency-domain enhancement, thereby optimiz-
ing the synergy between modality-specific information.

Whitin the CFE, we first transform stacked frames I, and
reconstructed frames I, into the frequency domain via 3D
Fast Fourier Transform (FFT) [29] as:

I™ = FFT(I,),

3
I — FFT(I,). ©)

The spectral conversion enables the explicit decomposi-
tion of modality-specific frequency components, where
edge-dominant stacked frames predominantly occupy high-
frequency bands while texture-abundant reconstructed
frames exhibit concentrated energy in mid-frequency re-
gions. The frequency-aware representation establishes a
unified foundation for cross-modal information enhance-
ment. Subsequently, to selectively amplify edge-dynamic
information in stacked frames from the frequency spectrum,
we apply a sigmoid layer to I, generating a frequency fil-
ter A. The proposed filtering is calculated as follows:

A = sigmoid(I),
I =1t oA, @

where ® denotes element-wise multiplication. Finally, we
transfer the I in the frequency space into the spatial do-
main to acquire enhanced reconstructed frames I, using an
inverse Fast Fourier Transform (iFFT) [29] as:

I = iFFT(I™). )

High-frequency Guided Selector (HGS). Given the in-
herent semantic coherence across modalities derived from
the same event stream, existing methods [48] that sequen-
tially extract and aggregate distinct modal features may in-
troduce redundant feature interference. Building on cross-
modal frequency enhancement, we further propose a high-
frequency guided selection strategy to adaptively priori-
tize inter-modal critical regions that jointly characterize
event semantics. Specifically, both stacked frames and
enhanced reconstructed frames are processed through the
shared vision encoder for visual feature learning. During
event feature encoding, the [cls] token inherently aggre-
gates global semantic representations through self-attention



mechanisms [17]. We leverage high-frequency [cls] token
from stacked frames to steer the attention mechanisms of re-
constructed frames, enabling selective focus on cross-modal
consistent semantic regions while suppressing modality-
specific interference.

For stacked frames I, and enhanced reconstructed
frames I;, we first obtain the corresponding non-
overlapping patches fs, f; € RT*(N+1DxD including the
special [cls] token !5, fels € RY*P [2] with D-dimension
through a linear projection, where N = H x W/P? and (P,
P) is the size of the patch. Between [-th and (I+1)-th layer
of the vision encoder, we deploy a cross-attention mecha-
nism to facilitate inter-modal interaction. Here, the recon-
structed tokens serve as query feature (), while the stacked
tokens are transformed into key and value features, i.e. K
and V. The detailed procedure can be formulated as:

Q=Wyfl, K=Wifl, V=wW,f.,
N

(6)

K
! — CrossAtten(Q, K, V) = softmax @
f. (@ ) ( 7

where Wy, Wi, W, € RP*P are the weights of the linear
transformations corespoding to @, K, V, respectively.

Subsequently, we extract the [cls] token fC' that encap-
sulates global semantics from the stacked features f! and
compute its semantic affinity with the patch tokens in the
augmented reconstructed features f! via the cosine similar-
ity. It can be formulated as:

WV,

fclsTfl
— S r .
(FAlF A

By averaging the aforementioned similarity matrix
sim(f', f!) along the temporal dimension 7', the final
attention score matrix B € RT*¥ is obtained. To maintain
semantic consistency between the two modalities, we use
B to incorporate dynamic edge features, which guide the
reconstruction branch in adaptively selecting tokens. The
selection is formalized as:

S ={Top(B)}, ®)

where Topy is a function that sorts scores in a set in de-
scending order and outputs the indices corresponding to the
K largest values, K is obtained by 1+ /N and p is a selection
parameter. Using index set S, we select the corresponding
critical tokens from f! and merge them with the £ token
before inputting them into the (I+1)-th visual encoder.

sim(f<"%, f1) (7)

3.3. Training Objectives

Modality Consistency Loss. Our model takes the edge-
stacked frames and the texture-reconstructed frames as in-
put, which are crucial for capturing the discriminative fea-
tures of the event stream. The HGS we proposed above fo-
cuses on critical token selection guided by high-frequency
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modality, based on the principle that different modalities
maintain semantic consistency. Therefore, we introduce a
loss to reduce the discrepancy between the two features of
the same event in the feature space. The semantic consis-
tency cross modalities (fs/f;) are constrained by the Mean
Square Error (MSE) loss:

N
Lo=IIF = Fills. ©)
=1

where NV is the number of tokens.
Contractive Recognition Loss. The event-text consistency

L, is constrained by the contrastive loss between the event
feature and the text feature as follows:

g R £1/7)

B (S
>—rexp((f5)T - f/7)
where 7 is the temperature coefficient.

The final loss is composed of the modalility consistency
loss L. and the contractive recognition loss £, as

1
B i=1

B

L= , (10)

L=Lc+ My, 1D
where )\ denotes the parameter used to balance the loss op-
timization.

4. Experiments

4.1. Datasets and Settings

Datasets. To evaluate the performance of our approach,
we conduct research on three datasets, including PAF [30],
SeAct [57], HARDVS [50] and DVS128 Gesture [1]. DVS
Action, also known as PAF, contains 10 action categories
with 450 recordings, conducted in an unoccupied office en-
vironment. SeAct is the first semantic-abundant dataset for
event-text action recognition, containing 58 actions under
four themes. HARDVS is currently the largest dataset for
event-based action recognition, currently having 107,646
recordings for 300 action categories. Both of the above
three datasets have an average time duration of 5 seconds
with 346 x 260 resolution. DVS128 Gesture is collected
using a DAVIS128 camera with 128 x 128 resolution, di-
viding into 11 distinct classes of gestures.

Settings. The implementation of the overall framework is
carried out on PyTorch in a Linux environment with two
NVIDIA GeForce 4090 GPUs. We use the Adam [23] opti-
mizer with the initial learning rate of 1 x 10~5 and weight
decay of 2x 10~*. CosineAnnealingLR learning rate sched-
ule is employed with a minimum learning rate of 1 x 1076,
The representative lightweight FireNet [40] (only 38k pa-
rameters) for event-to-image reconstruction, which has low
latency (1ms for 240x 180).



Method Event Representation Top-1 Accuracy (%)
Frame-based Point-based PAF SeAct DVS128 Gesture

Motion SNN [28] - v 78.10 - 92.70
Slayer [41] - v - - 93.64
MST [51] v - 88.21 - -
EV-ACT [14] v - 92.60 - -
EventTransAct [10] N - - 57.81 97.92
EvT [39] v - - 61.30 96.20
SpikePoint [37] - v 90.60 - 98.74
SpikMamba [8] v - 96.28 71.02 99.01
ExACT [57] v - 94.83 67.24 98.86
EventCrab [7] v v 96.49 72.41 98.80
EventCLIP [56] + Recon v - 96.55 71.05 96.59
Ours v - 99.80 75.00 98.86

Table 1. Comparative performance for EAR on the PAF, SeAct and DVS128 Gesture datasets. The best results are in bold and the second-

best ones are in underlined.

4.2. Comparison with SOTA Methods

Comparison on Datasets without Paired RGB. As shown
in Tab. 1, we compare the proposed method EMP with sev-
eral representative event-based action recognition methods
on three event-only datasets (PAF, SeAct, DVS128 Ges-
ture), where paired RGB data is unavailable. All com-
pared methods exclusively utilize event-driven representa-
tions, categorized into event frame-based and event point-
based paradigms. As demonstrated in Tab. I, point-based
methods exhibit marginally inferior performance com-
pared to frame-based approaches on the PAF and DVS128
Gesture datasets. This discrepancy stems from the lat-
ter’s enhanced capability in extracting discriminative spa-
tiotemporal features through visual architectural designs.
EventCrab [7] achieves impressive results by collabora-
tively mining complementary information from both event
points and frames, thereby leveraging multi-modal event
representations. However, unlike the paradigm of primarily
exploring the sparse spatial characteristics of event streams
from EventCrab, our method introduces texture-rich recon-
structed frames and holistically exploits intrinsic correla-
tions and extrinsic specificities between event frames and
reconstructed frames. This unified perceptual framework
yields significantly improved recognition efficacy, attain-
ing 3.31% (Top-1) and 2.59% (Top-1) accuracy gains on
the PAF and SeAct datasets respectively, while maintaining
competitive performance on the DVS128 Gesture dataset.

Comparison on Datasets with Paired RGB. As shown in
Tab. 2, we compare the proposed EMP with several rep-
resentative EAR methods on the HARDVS dataset, which
includes 300-class paired RGB-Event data. Comparative
methods are categorized into two types: (i) those utiliz-
ing RGB modality and (ii) those solely relying on event
streams. We can find that combining RGB frames with
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Method | RGB | Param. | Top-1 Accuracy (%)
R2Plus1D [46] X 63.5M 49.06
C3D [45] X 147.2M 49.94
TimeSformer [4] X 121.2M 50.77
ESTF [50] X 46.1M 51.22
EXACT [57] X | 155.1M 90.10
ESTF* [50] v 76.8M 49.93
SAFE [24] v . 50.17
C3D* [45] v 245.3M 50.88
TimeSformer* [4] v 202.3M 51.57
SSTFormer [48] v 336.4M 52.97
Ours X 182.1M 97.68

Table 2. Comparative performance (%) on the HARDVS datasets.
The best results are in bold. (-)* denotes the combination between
RGB frames and event streams.

event streams yields marginal improvements over the single
modality-based version. For instance, C3D [45] achieves
an increase from 49.94% to 50.88% (Top-1), while TimeS-
former improves from 50.77% to 51.57% (Top-1). How-
ever, the significant semantic discrepancy between RGB
and event modalities limits performance gains from superfi-
cial cross-modal fusion. Different from conventional fusion
paradigms, EMP adopts the text-aligned adaptation strat-
egy to bridge the modality gap, while leveraging frequency-
domain characteristics to extract discriminative event fea-
tures. The results in Tab. 2 validate the efficacy of our ap-
proach, demonstrating superior robustness in handling het-
erogeneous modality.

4.3. Ablation Studies

Effectiveness of Each Component. As detailed in Tab. 3,
we conduct an ablation study to evaluate the contri-
butions of Cross-modal Frequency Enhancer (CFE) and
High-frequency Guided Selector (HGS) within the pro-



CFE HGS ‘ SeAct (%) DVS128 Gesture (%)
X X 71.25 97.34
v X 72.41 91.72
X v/ 73.27 98.10
4 4 75.00 98.86

Table 3. Ablation study for effectiveness of each component in the
proposed method EMP.

Selection ratio | Top-1(%) Top-5 (%)
0.2 70.68 90.51
0.4 71.55 92.24
0.6 75.00 95.68
0.8 73.27 93.96
1.0 72.41 93.10

Table 4. Different selection ratio on the SeAct dataset.

posed EMP. The baseline model trained only on event-
reconstructed frames without incorporating the CFE and
HGS achieves 71.55% accuracy on SeAct and 97.34% on
DVS128 Gesture. When adding the baseline with CFE, we
can find the performance improvements of 0.86% on SeAct
and 0.38% on DVS128 Gesture, respectively. These per-
formance improvements demonstrate the effectiveness of
cross-modal representation enhancement in the frequency
domain. Furthermore, the introduction of HGS achieves
dynamic token selection across modalities, resulting in a
1.72% improvement on SeAct and a 0.76% improvement
on DVS128 Gesture. By integrating all components, our
model achieves the optimal performance. These results val-
idate the effectiveness of our EMP in different scenarios.

4.4. Diagnose Studies

Impact of Different Token Selection Ratio. As illus-
trated in Tab. 4, we investigate the impact of varying se-
lection thresholds ;2 on the SeAct dataset, where p gov-
erns the proportion of semantically consistent tokens se-
lected across modalities in the HGS framework. The ex-
perimental results reveal that the recognition accuracy im-
proves as u increases, reaching its peak at u = 0.6, be-
yond which further threshold escalation correlates with per-
formance degradation. This trend underscores the inherent
divergence between modalities, suggesting that indiscrimi-
nate cross-modal fusion is suboptimal. Critically, calibrat-
ing p to an appropriate level optimally harnesses intermodal
complementarity while suppressing shared redundancies.

Impact of Different Selection Layer. As shown in Tab. 5,
we investigate the impact of integrating token selection at
distinct layers of the vision encoder on the SeAct dataset,
with the optimal selection ratio fixed at y = 0.6 (Tab. 4).
We implement modality-guided token selection across indi-
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Insertion Layer ‘ Top-1 (%) Top-5 (%)
[4] 73.27 93.96
[6] 73.96 92.41
[8] 75.00 95.68
[10] 74.13 93.10

Table 5. Different insertion layer of token selection strategy on the
SeAct dataset.

SeAct DVS128 Gesture

100

90

Accuracy (%)

80

70

0.2 0.4 0.6 0.8

Balance weight

Figure 3. Effect of different values of A on SeAct and DVS 128
Gesture datasets.

vidual layers and observe that shallow and deep layers yield
marginal performance gains. In contrast, layer 8 achieves
peak Top-1, validating that appropriately positioned layers
within vision encoders optimally encode cross-modal fea-
ture representations, thereby enabling effective modality-
guided selection of semantically consistent tokens.
Balance Between Consistency Loss and Recognition
Loss. Our empirical validation substantiates that achieving
equilibrium between modality consistency loss and contrac-
tive recognition (Eq. 11) loss constitutes a pivotal design
criterion for robust multimodal learning. The contribution
of L, is modified via A. As shown in Fig. 3, the variation of
A affects the accuracy performance. The best performance
is achieved with weights of 0.6, 0.4 on SeAct and DVS128
Gesture datasets respectively. It is worth noting that our
findings highlight the potential benefits of leveraging con-
sistency across modalities to enhance the representational
capacity and recognition robustness of our EMP.

4.5. Qualitative Analysis

Visualization of Cross-modal Frequency En-
hancer (CFE). To investigate the efficacy of the designed
CFE, we visualize the four variants of event frames on the
SeAct dataset: raw stacked frames, reconstructed frames,
enhanced frames by sharpening operators, and enhanced
frames by our CFE. As shown in fig. 4, conventional edge-
enhancement techniques [33] yield marginal improvements
over raw reconstructed frames. In contrast, event frames
processed by CFE consistently highlight the critical regions
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Figure 4. Visualization of event frames. “Stack” and “Recon-
struct” denote stacked and reconstructed frames, respectively;
“Edge Enhance” indicates enhanced reconstructed frames em-
ploying sharpening operators; “CFE” represents enhanced recon-
structed frames by our Cross-modal Frequency Enhancer.

=

across both individual actions and interaction scenarios.
Our qualitative analysis confirms that the proposed CFE
selectively refines the high-frequency components of the
reconstructed frames through spectral coordination with the
edge dynamics of the stacked frames, thereby generating
complementary event representations with synergistic
spatial characteristics.

Visualization of Guidanced Selection. Fig. 5 visual-
izes the important tokens selected by the High-frequency
Guided Selector (HGS). As shown in Fig. 5, the HGS
demonstrates the adaptive selection of action-salient tokens
across sequential event frames. This demonstrates the in-
trinsic consistency among multi-modal frames originating
from the identical event stream, where HGS effectively
identifies semantically coherent tokens while suppressing
interference from spatiotemporal redundancies. The results
highlight the ability of HGS to focus on critical regions
of interest, thereby enhancing the discriminative power of
EMP. This selection is crucial for improving the robustness
and accuracy of action recognition in dynamic scenes.
Visualization of Event Features Learned by EMP. As
illustrated in Fig. 6, we visualize the feature distributions
of our proposed EMP against the baseline on the SeAct
dataset. Seven action classes are randomly selected to
demonstrate inter-class feature separability. Empirical re-
sults demonstrate the capability of our EMP in achieving
both intra-class compactness and inter-class dispersion, fur-
ther substantiating its efficacy in preserving semantic dis-

5976

[1p35s 3ypany]

[oJj2quin uado]

[urod yum yjom]

Figure 5. Visualization of cross-modal consistent tokens selected
by the HGS, with unselected regions masked in white.

(a) Baseline (b) Ours
Figure 6. The t-SNE visualization of 7 randomly selected actions.
Different color indicates different actions.

tinctiveness across classes.

5. Conclusion and Discussion

Conclusion. In this work, we propose a privacy-preserving
paradigm that eliminates RGB dependencies by generat-
ing texture-enriched reconstructed frames directly from raw
event streams, reducing multi-sensor acquisition costs while
bridging the modality gap with event frames. To pre-
serve diverse information across reconstructed and stacked
frames while eliminating the influence of irrelevant infor-
mation, we propose our Enhanced Multimodal Perceptual
(EMP) framework for robust multi-modal unified percep-
tion. It consists of Cross-modal Frequency Enhancer (CFE)
and High-frequency Guided Selector (HGS), which enables
the progressive exploitation of intrinsic multi-modal cues
from the representation level to the feature level to acquire
discriminative event features. Extensive experimental re-
sults validate the effectiveness of the proposed method.
Discussion. While our method achieves promising perfor-
mance in EAR and demonstrates the potential for scalabil-
ity, its ability to handle more challenging scenarios remains
to be explored. Future work will focus on developing a ro-
bust multi-modal unified perceptual approach to cope with
diverse and variable scenes.
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