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Abstract

Open-vocabulary action recognition (OVAR) extends
recognition systems to identify unseen action categories.
While large-scale vision-language models (VLMs) like
CLIP have enabled OVAR in image domains, their adap-
tation to event data remains underexplored. Event cam-
eras offer high temporal resolution and inherent privacy
preservation, making them suitable for capturing fine-
grained motion dynamics. However, leveraging event data
for OVAR presents challenges: 1) bridging the domain
gap between static image-based models and event streams,
and 2) preserving the generalization capabilities of pre-
trained VLMs in open-vocabulary settings. In this pa-
per, we propose SAMPLE, a lightweight adaptation of
VLMs for event-based action recognition, balancing super-
vised and open-vocabulary performance. We introduce a
Temporal-Adaptive Multimodal Prompt Learning strategy
that can be divided into: 1) Unimodal prompt on both
the event and text branches to learn the data distribution
2) Event-Text cross-modal prompt for representation space
alignment 3) Temporal-Adaptive prompt to model tempo-
ral dependencies across event data. Extensive evalua-
tions demonstrate that SAMPLE outperforms prior meth-
ods across fully supervised, few-shot, base-to-novel and
zero-shot settings. Notably, in zero-shot scenarios, SAM-
PLE achieves gains of +15.46%, +29.76%, and +23.79%
on SeAct, DVS128Gesture, and PAF respectively with lower
computational cost. Our codes are released at here.

1. Introduction

Open-vocabulary action recognition (OVAR) aims to iden-
tify action categories that are unseen during training, en-
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Figure 1. Fine-tuning vs. Prompting for event-based action recog-
nition. (a) Existing methods [56] fine-tune the event encoder
for alignment. (b) SAMPLE introduces a lightweight Temporal-
adaptive Multimodal Prompting to adapt both branches.

hancing recognition systems for real-world applications.
The rise of large-scale vision-language models (VLMs) like
CLIP [38] and ALIGN [18] has been pivotal, enabling re-
markable zero-shot and few-shot performance in image do-
mains by learning joint image-text representations. Inspired
by this, many works have adapted CLIP for video-based
OVAR by fine-tuning [31, 39, 45], prompting [1, 5, 46, 51],
or knowledge distillation [16]. However, these RGB-based
methods struggle with high-speed motion and low-light
conditions, and raise privacy concerns in human-centric
scenarios, motivating the need for alternative sensors.

Recently, bio-inspired event cameras have created a new
visual paradigm that asynchronously and sparsely measure
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Figure 2. Performance comparison under the supervised (abbreviated as Sup. in the figure) and zero-shot evaluation setting where the
models are tuned on HARDVS, but evaluated on PAF, DVS128Gesture, and SeAct.

light intensity changes at each pixel with microsecond tem-
poral resolution and high dynamic range [4, 10]. Differ-
ent from the RGB cameras which records all pixel intensi-
ties, event cameras inherently protect privacy by minimiz-
ing identifiable data. Existing methods for event-based ac-
tion recognition have explored both unimodal [2, 6, 12] and
multimodal approaches [37, 48, 56]. As the first exploration
of utilizing language guidance in event-based action recog-
nition, ExACT [56] fine-tunes VLMs (i.e., CLIP) through
incorporation of frozen CLIP’s text encoder and tailored
event encoder, outperforming traditional methods in fully-
supervised setting.

However, a critical challenge remains: while CLIP-
based event model demonstrates strong performance in
fully-supervised setting, their effectiveness diminishes in
zero-shot scenarios when recognizing unseen categories.
As demonstrated in Fig.2, comparisons between the frozen
CLIP model and ExACT reveal that finetuned models
achieve higher performance in fully supervised setting but
exhibit a marked decline in zero-shot setting, indicating
a compromise between specialization and generalization.
This trade-off leads to two fundamental research questions.
First, given the high temporal granularity of event data, (1)
how can we bridge the domain gap between static image-
based VLMs and dynamic event streams? Second, to over-
come the limitations of fine-tuning, (2) how can we adapt
VLMs to event data while preserving their powerful gener-
alization capabilities for open-vocabulary tasks?

In light of these considerations, we propose SAM-
PLE, a lightweight adaptation of VLMs for event-based
OVAR. To address the first question, SAMPLE introduces
a Temporal-Adaptive Multimodal Prompt Learning strat-
egy. This method efficiently adapts both the event and text
branches of a frozen VLM by learning a small set of prompt
tokens. The proposed strategy is composed of three aspects:
(1) Unimodal prompts applying separate prompts to both
the event and text encoders for specific data distribution. (2)
Event-Text multimodal prompts by mapping shared prompt
tokens to align the representation spaces of the event and
text modalities. (3) Temporal-Adaptive prompts through
strategically incorporating the input space of each frame

encoder layer to model frame-level information. By incor-
porating Event-Text cross-modal and temporal adaptivity,
SAMPLE effectively captures the spatiotemporal dynamics
of event streams, enabling the model to understand actions
unfolding over time.

Regarding the second question, as illustrated in Fig.1,
compared with existing method, SAMPLE only learns
lightweight prompt tokens rather than extensive finetun-
ing that updates the whole event branch’s parameters for
a new task, which preserves the generalization capability
by retaining the broad knowledge embedded in the original
CLIP model. We provide extensive evaluations across four
different action recognition benchmark datasets (HARDVS
[47], DVS128Gesture [3], PAF [36], SeAct [56]) for fully-
supervised, few-shot, base-to-novel and zero-shot settings,
showcasing our model’s robust generalization capability.
Our main contributions are as follows:

• We propose SAMPLE, the first framework specifically
designed for event-based open-vocabulary action recog-
nition using language guidance.

• We propose Temporal-Adaptive Multimodal Prompting
technique that captures the unique spatiotemporal dy-
namics of event data and aligns event and language
modalities within shared embedding space.

• Our method substantially outperforms prior work, es-
pecially in zero-shot settings, with accuracy gains of
+15.46% on SeAct, +29.76% on DVS128Gesture, and
+23.79% on PAF. The superior performance is attained
with over 80% fewer trainable parameters compared to
previous CLIP-based approach (8.7 M vs. 47.9 M).

2. Related Works
2.1. Vision Language Models (VLMs)
The integration of vision and language (V-L) modalities
has significantly advanced the field of computer vision, en-
abling models to learn rich, multimodal representations.
Recent advancements in V-L models like CLIP [38] and
ALIGN [18] have remarkable accuracy in scenarios with
limited or no task-specific training data. Furthermore, re-
cent studies have demonstrated that V-L models can ef-
fectively address specific downstream tasks through ef-
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ficient adaptation to few-shot and zero-shot recognition
[11, 22, 54], image-level tasks such as fusion [55], cap-
tion [14] and retrieval [23, 24, 26], and video retrieval
[1, 39, 45, 46, 51]. In this work, SAMPLE introduces
a novel application of vision-language models for event-
based open-vocabulary action recognition.

2.2. Event-Based Action Recognition
Event-based action recognition methods can be broadly cat-
egorized into unimodal and multimodal approaches. Uni-
modal methods focus solely on events and include Convo-
lutional Neural Networks (CNN)-based [12], Graph Convo-
lutional Networks (GCN)-based [41, 53] and Spiking Neu-
ral Networks (SNN)-based [29, 59]. EV-ACT [12] em-
ploys a CNN along with spatiotemporal attention mecha-
nisms. GCN-based methods [41, 53] manage the sparse,
asynchronous structure of events, and SNN-based methods
[29, 59] leverages discrete spike sequences aligned with
events. Multimodal methods integrate events with other
modalities. SSTFormer [48] proposes a hybrid ANN-SNN
framework combining RGB frames. MDST [25, 27] uti-
lize a Spiking Transformer on synthetic events for audio-
visual zero-shot learning. Notably, ExACT [56] leverages
language information to auxiliary event-based action recog-
nition by combing pretrained CLIP’s text encoder and full-
trainable tailored event encoder.

2.3. Fine-Tuning via Prompt Learning
Fine-tuning via efficient prompting is a promising technique
for adapting pretrained VLMs to downstream tasks. No-
tably, CoOp [58] and CoCoOp [57] advocate the use of
continuous learnable text prompts to facilitate the trans-
fer of CLIP into image recognition tasks, whereas MaPLe
[21] introduces hierarchical multimodal prompting as an ef-
fective method to adapt both the vision and text branches
of CLIP. Vita-CLIP [51] employs multimodal prompting,
while EZ-CLIP [1] focuses on modeling crucial temporal
aspects inherent to the video domain by integrating tempo-
ral prompting alongside an efficient motion loss. Our work
presents a unique framework for temporally adaptive multi-
modal prompting on pretrained CLIP, efficiently enhancing
spatiotemporal aspects in event-based actions.

3. The Proposed SAMPLE Framework

Fig.3 provides an overview of our proposed framework,
SAMPLE. Our method introduces a novel Temporal-
Adaptive Multimodal Prompting scheme to adapt a pre-
trained VLM for event-based OVAR. This approach is de-
signed to retain strong generalization for open-vocabulary
tasks while achieving high performance in supervised set-
tings. The following sections detail our method, starting
with event data preprocessing (Sec. 3.1), followed by the

core prompt learning technique (Sec. 3.2), and concluding
with the training objective (Sec. 3.3).

3.1. Event Data Preprocessing
Event cameras record brightness changes at each pixel, pro-
ducing a sequence of events X = {ei = (xi, yi, ti, pi)},
where each event ei is defined by its spatial coordinates
(xi, yi), timestamp ti, and polarity pi ∈ {−1, 1}. The
sparse and asynchronous nature of these events typically
results in a set representation, complicating integration
with vision-language models. To address this, we adopt
the method from [56], which adaptively filters repetitive
events by recursively refining sampling intervals, thereby
reformatting the data into three-channel event frames I ∈
R3×T×H×W , where T , H , and W denote the temporal di-
mension, height, and width of the event frames.

3.2. Temporal-Adaptive Multimodal Prompt
Learning Technique

3.2.1. Event and Text Encoder
Our approach builds upon the pretrained vision-language
model, CLIP, which comprises both text and image en-
coders. Consistent with the established prompting method
[21], we employ a vision Transformer (ViT) [7]-based CLIP
model to encode both visual event frames and descriptive
text as detailed below.
Encoding Event Frames. Event frame encoder FV con-
sists of K Transformer layers, which operates on t event
frames, denoted as {FV

t,i}Ki=1. Each frame I is decom-
posed into M fixed-size patches, which are then pro-
jected into dv-dimensional patch embeddings Et,0 =
{ε1t,0, ε2t,0, . . . , εMt,0} ∈ RM×dv , where t denotes the frame
number, ensuring temporal dimension integration into the
encoding process. These embeddings Et,i−1 are fed as in-
puts to the (i)th Transformer block FV

t,i alongside a learn-
able class token xcls

t,i :

[xcls
t,i;Et,i] = FV

t,i([x
cls
t,i−1;Et,i−1]), (1)

i = 1, 2, · · · ,K

Here, [· ; ·] denotes the concatenation operation. To obtain
the final event representation v, the class tokens {xcls

t,K}Tt=1

from the last encoder layer are fused through a temporal
Transformer module H(·):

xcls
K = H({xcls

t,K}Tt=1), (2)

Then the xcls
K is projected into a shared Event-Text latent

embedding space of dimension d via the projection layer
Mimg:

v = Mimg(x
cls
K ) : Rdv → Rd, v ∈ Rd. (3)

Encoding Text. The text branch processes text prompts,
which correspond to class labels y ∈ {1, 2, . . . N} (e.g.
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Figure 3. Our proposed SAMPLE framework consists of T frozen event encoders and a frozen text encoder. We initialize the event
encoder with CLIP’s image encoder. To begin, we adapt CLIP to event data by converting raw events into frame-based representations (see
Sec.3.1). We then introduce Temporal-adaptive Multimodal Prompt Learning to effectively capture spatiotemporal aspects of event data
(see Sec.3.2). This prompting mechanism includes Event-Text multimodal prompting (see Sec.3.2.2), which aligns event and language
information within a shared embedding space. It also incorporates Temporal-Adaptive prompting (see Sec.3.2.3) to dynamically adjust
prompts based on temporal dependencies within the event frame sequences. Finally, SAMPLE feeds the event representations into a Trans-
former layer for temporal modeling and aligns ensembled event and language representations through contrastive learning (see Sec.3.3).

’A video of [category]’) including N categories.
Text encoder generates feature representations for text
prompts by tokenizing the words and projecting them to dl-
dimensional word embeddings L0 = {ℓ10, ℓ20, · · · , ℓN0 } ∈
RN×dl . At each stage, Li−1 is input to the (i)th Trans-
former layer of text encoding branch ( FL

i ), which can be
formulated as:

[Li] = FL
i ([Li−1]), i = 1, 2, · · · ,K. (4)

The final text representation c is obtained by projecting the
embedding corresponding to the last token ℓNK :

c = Mtext(ℓ
N
K) : Rdt → Rd, c ∈ Rd. (5)

3.2.2. Event-Text Multimodal Prompt Learning
To achieve a synergistic adjustment of both the event and
text modalities, we adopt a multimodal prompting mech-
anism that simultaneously tunes the event and language
branches of CLIP by sharing prompts across both modali-
ties. To learn the multimodal prompts, we introduce a and b

learnable tokens of (j)th encoder layer PE-T
j = {ρE-T

i,j }ai=1

and P̃E-T
j = {ρ̃E-T

i,j }bi=1 in the text and event branch of
CLIP, where ρE-T

i,j ∈ Rdl and ρ̃E-T
i,j ∈ Rdv . The cross-

modal interaction is governed by E-T coupling function, de-
noted as T E-T(·), which ensures mutual synergy between
the event and text prompts. This function projects lan-
guage prompts PE-T to the event modality P̃E-T, defined
as: P̃E-T

k = T E-T
k (PE-T

k ), where T E-T
k is implemented as a

linear layer that maps the language prompt dimension dl to
the vision prompt dimension dv .

In the language branch of CLIP. The input embeddings
follow the form [ρE-T

1,0 , ρ
E-T
2,0 , · · · , ρE-T

a,0,L0], where L0 =

{ℓ10, ℓ20, · · · , ℓN0 } corresponds to fixed input tokens. New
learnable tokens are further introduced in each Transformer
block of the text encoder ( FT

i ) up to a specific depth J ,

[· · · ;Li] = FT
i ([PE-T

i−1;Li−1]), i = 1, 2, · · · , J. (6)

The depth parameter J strategically controls where prompts
are introduced, preserving critical semantic patterns in
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Figure 4. Temporal-Adaptive Prompt Learning Mechanism:
(a) Token Injection: Learnable prompts PT-A ∈ RK×T×dv are
injected at each encoder layer input. (b) Feature Composition: In-
tegrates temporal prompts with class token xcls

i−1, unimodal tokens
Ei−1 and multimodal tokens P̃E-T

i−1 via Eq.12, combining temporal
and multimodal features. (c) Dynamic Adaptation: Refines fused
prompts P̃T-A

k through T T-A
k to capture global dependencies Eq.13.

deeper layers while enabling adaptive feature learning in
shallower Transformers. For layers j > J , the prompts
are processed along with the embeddings:

[PE-T
j ;Lj ] = FT

j ([PE-T
j−1;Lj−1]), j = J + 1, · · · ,K

(7)
c = Mtext(ℓ

N
K) : Rdt → Rd, c ∈ Rd. (8)

Following the same paradigm as the text encoder, the
event frame tokens are augmented with prompts projected
from the language branch via the E-T coupling function
T E-T(·):

[xcls
t,i;Et,i; · · ·

]
= FV

t,i

(
[xcls

i−1;Et,i−1; T E-T
i−1(PE-T

i−1]),

i = 1, 2, . . . , J. (9)

[
xcls
t,j ;Et,j ; P̃E-T

t,j

]
= FV

t,j

(
[xcls

t,j−1;Et,j−1; P̃E-T
t,j−1]

)
,

j = J + 1, . . . ,K. (10)

v = Mimg(H({xcls
t,K}Tt=1)) : Rdv → Rd, v ∈ Rd. (11)

This shared conditioning mechanism enhances cross-modal
synergy, allowing for more cohesive and contextually en-
riched representations across the event and text branches.

3.2.3. Temporal-Adaptive Prompt Learning
As illustrated in Fig. 4, temporal-adaptive prompt learn-
ing employs temporal prompt tokens PT-A = {ρT-A

k | k =

1, . . . ,K} ∈ RK×T×dv at the input of each frame encoder
layer, allowing the model to capture frame-level dependen-
cies across event sequences. For each (t)th frame, the em-
bedding is integrated with the temporal prompt as follows:

[ρ̃T-A
t,k ] = [ρT-A

t,k ] +
[xcls

t,k;Et,k; P̃E-T
k ]

N + b+ 1
. (12)

where xcls
t,k is the class token, Et,k represents unimodal

prompt tokens and P̃E-T
k includes Event-Text multimodal

prompt tokens. Consequently, this formulation enables
the model to combine temporal, spatial, and cross-modal
information within each frame-specific Transformer layer.
Next, each (k)th layer undergoes processing through the
T-A learning function T T-A

k , which leverages all temporal
prompts to capture the global dependencies within the event
data clip. This operation at the (k)th block is expressed as:

P̂T-A
k = T T-A

k (P̃T-A
k ). (13)

where P̃T-A
k = [ρ̃T-A

1,k , ρ̃
T-A
2,k , . . . , ρ̃

T-A
t,k ]. Finally, the Temporal-

Adaptive prompt tokens from the last layer are concatenated
with the class token, unimodal tokens, and Event-Text mul-
timodal tokens for further processing in deeper Transformer
layers.

3.3. Training Objectives
During training, contrastive learning [38] has proven to be
a powerful method for representation learning, effectively
aligning different modalities and enabling models to capture
complex relationships within data. The standard contrastive
(text, event) representation learning objective is:

Lcos(v, c) = −
N∑
i=1

exp(sim(v, ci)/τ)∑N
j=1 exp(sim(v, cj))

(14)

where τ is a temperature parameter and sim(·) calculates
the cosine similarity score between event representation v
and corresponding text representation of class ci.

4. Experiment and Analysis
4.1. Dataset and Experimentals
Dataset. In this study, we rigorously evaluate our proposed
model using four distinct datasets—PAF [36], HARDVS
[47], DVS128Gesture [3], and SeAct [56]—selected to en-
compass a diverse range of action recognition scenarios.
The PAF dataset comprises recordings of 10 indoor action
categories, with 45 samples per category, each having an
average duration of 5 seconds and a resolution of 346×260
pixels. The HARDVS dataset, a newly proposed large-
scale and realistic dataset, contains 300 action categories
and over 107,646 event sequences. The DVS128Gesture
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Dataset Model Modality Top-1 Acc. (%) Top-5 Acc. (%)

PAF

HMAX SNN [52] Event 55 -
STCA [13] Event 71.2 -
Motion SNN [30] Event 78.1 -
MST [50] Event 88.21 -
Swin-T (BN) [32] RGB 90.14 -
M2-CLIP[46] RGB+Text 91.17 99.21
EV-ACT [12] Event 92.6 -
EZ-CLIP[1] RGB+Text 92.95 97.48
ExACT[56] Event+Text 94.83 98.28
SAMPLE (Ours) Event+Text 95.00 100

HARDVS

X3D [8] RGB 45.82 52.33
SlowFast [9] RGB 46.54 54.76
ACTION-Net [49] RGB 46.85 56.19
R2Plus1D [44] RGB 49.06 56.43
ResNet18 [15] RGB 49.2 56.09
TAM [33] RGB 50.41 57.99
C3D [43] RGB 50.52 56.14
ESTF [47] Event 51.22 57.53
Video-SwinTrans [34] RGB 51.91 59.11
TSM [28] RGB 52.63 60.56
M2-CLIP[46] RGB+Text 84.52 92.34
EZ-CLIP[1] RGB+Text 87.23 97.91
ExACT[56] Event+Text 90.1 96.69
SAMPLE (Ours) Event+Text 92.31 98.51

DVS128Gesture

Time-surfaces [35] Event 90.62 -
SNN eRBP [19] Event 92.7 -
Slayer [42] Event 93.64 -
DECOLLE [20] Event 95.54 -
EvT [40] Event 96.2 -
TBR [17] Event 97.73 -
EventTransAct [6] Event 97.92 -
M2-CLIP[46] RGB+Text 98.32 99.84
ExACT[56] Event+Text 98.86 98.86
EZ-CLIP[1] RGB+Text 99.04 99.27
SAMPLE (Ours) Event+Text 99.61 100

SeAct

EventTransAct [6] Event 57.81 64.22
EvT [40] Event 61.3 67.81
ExACT-category[56] Event+Text 66.07 70.54
M2-CLIP[46] RGB+Text 66.22 92.35
ExACT-caption[56] Event+Text 67.24 75
EZ-CLIP[1] RGB+Text 67.98 95.54
SAMPLE (Ours) Event+Text 69.79 97.83

Table 1. (A) Fully-Supervised Setting: comparison with state-
of-the-art models for event-based action recognition on PAF,
HARDVS, DVS128Gesture, and SeAct datasets. The best results
are in bold, and second-best underlined. The Modality column
specifies the input data used.

dataset, collected using a DVS128 camera, focuses on fine-
grained gesture recognition with 11 distinct hand and arm
gestures captured at a resolution of 128×128 pixels. Lastly,
the SeAct dataset encompasses 58 action categories with
category-level labels and data captured using a DAVIS346
event camera at a resolution of 346× 260 pixels. More de-
tails are included in the supplementary materials.

Implementation Details Our approach leverages a pre-
trained ViT-B/16 CLIP model to effectively process the
event data. The event representation is introduced by [56].
To ensure computational efficiency, the setup incorporates
eight sparsely sampled frames per event stream. For op-
timization, we employ the AdamW optimizer with a base
learning rate of 5 × 10−6, a weight decay of 0.2 and train-
ing for 150 epochs for DVS128Gesture, PAF and SeAct
datasets, and 50 epochs for HARDVS.

4.2. Comparison by Decreasing Supervision Level
In this section, we show evaluation results of SAMPLE
for fully-supervised setting, few-shot, base-to-novel, and
zero-shot experimental settings in the decreasing supervi-
sion level.
(A) Fully-Supervised. Fully-supervised setting aims
to assess SAMPLE’s task-specific performance. SAM-
PLE is trained and evaluated on the same dataset D =
{(xi, yi)}Ni=1 with full access to all labeled data Y =
{yi}Ni=1, where Ytrain = Ytest = Y .

As shown in Table 1, our proposed SAMPLE model
demonstrates superior performance on the PAF[36],
HARDVS[47], DVS128Gesture[3] and SeAct[56] datasets.
In addition to comparing with the prior language-guided
event-based action recognition method ExACT [56], we
also evaluate against newly introduced CLIP-based RGB
video recognition methods, EZ-CLIP [1] and M2-CLIP[46],
which also employ parameter-efficient finetuning tech-
niques to adapt the CLIP model but lack specialized adap-
tations tailored to event data.

Specifically, on the HARDVS dataset with 300 classes,
SAMPLE achieves a +2.21% improvement in Top-1 ac-
curacy over ExACT, surpassing RGB-Text-based methods.
On the SeAct dataset, SAMPLE achieves a notable +2.55%
and +22.83% in Top-1 and Top-5 accuracy improvement
over ExACT respectively. The gain highlights SAMPLE’s
exceptional task-specific performance in managing com-
plex and diverse actions.
(B) Few-Shot. We also evaluate SAMPLE’s ability to
generalize from a limited number of labeled samples per
class within a few-shot learning framework. For each class
Y = {yi}Ni=0, we randomly select K samples to form the
training set Dtrain, with K = 2, 4, 8, 16. Evaluation is per-
formed on the validation set of D.

Table 2 shows that SAMPLE consistently outperforms 1)
RGB-Text cross-modal methods 2) Event-Text cross-modal
methods across most datasets and shorts (K = 2, 4, 8, 16).
Notably, SAMPLE exhibits more substantial gains when the
number of training samples is extremely limited, underscor-
ing its robustness against overfitting in data-scarce condi-
tions. For instance, on SeAct, PAF, and HARDVS with
K = 2 shots, SAMPLE achieves a remarkable improve-
ment of +12.99%, +4.18%, and 15.44% compared to the
previous best method. These significant gains in extremely
low-shot conditions suggest that SAMPLE can better gen-
eralize under limited supervision.
(C) Base-to-Novel. To assess the generalization capabili-
ties of SAMPLE towards novel classes, we evaluate it in
a base-to-novel setting [39]. The class set Y is partitioned
into disjoint base classes Ybase and novel classes Ynovel, en-
suring Y = Ybase ∪Ynovel and Ybase ∩Ynovel = ∅. The model
is trained on the base classes using 16 samples per class and
evaluated on both base and novel classes.

14414



Method SeAct DVS128Gesture PAF HARDVS

K=2 K=4 K=8 K=16 K=2 K=4 K=8 K=16 K=2 K=4 K=8 K=16 K=2 K=4 K=8 K=16

RGB-Text Cross-modal Methods

M2-CLIP 20.34 48.00 55.76 60.21 18.92 40.47 50.12 58.89 14.31 21.76 45.69 79.17 30.45 45.76 62.34 80.24
EZ-CLIP 18.24 52.61 58.78 61.28 11.08 38.67 49.32 57.22 18.32 25.16 52.36 84.26 40.33 49.16 68.88 82.55

Event-Text Cross-modal Methods

ExACT 13.17 45.63 49.19 52.36 12.34 40.12 45.38 43.67 14.82 22.85 51.27 73.21 35.67 50.21 53.74 64.87
Ours 33.33 54.17 62.5 63.54 13.85 44.61 58.46 63.67 22.5 27.50 54.55 85.13 55.77 68.73 79.11 86.38
∆ +12.99 +1.56 +3.72 +2.26 -5.07 +4.14 +8.34 +4.78 +4.18 +2.34 +2.19 +0.87 +15.44 +18.52 +10.23 +3.83

Table 2. (B) Few-shot setting: We compare our method with CLIP-based approaches on SeAct, DVS128Gesture, PAF, and HARDVS.
The best scores are in bold. Gains over the best previous methods are indicated in green, and negative values (where our method performs
worse) are indicated in red.

SeAct DVS128Gesture PAF HARDVS

Method Base Novel HM Base Novel HM Base Novel HM Base Novel HM

RGB-Text Cross-modal Methods

M2-CLIP 59.62 20.16 30.13 75.31 30.12 43.03 87.65 25.37 39.35 74.43 38.72 50.94
EZ-CLIP 60.01 25.64 35.93 77.31 38.35 51.27 89.25 26.64 41.03 76.62 37.21 50.09

Event-Text Cross-modal Methods

ExACT 61.17 23.82 34.29 68.79 12.50 21.16 81.31 20.25 32.42 69.64 35.14 46.71
Ours 62.32 49.36 55.09 79.17 55.47 65.23 94.36 40.17 56.35 85.31 63.22 72.62
∆ +2.31 +23.72 +19.16 +1.86 +17.12 +13.96 +5.11 +13.53 +15.32 +8.69 +26.01 +21.68

Table 3. (C) Base-to-novel generalization: We compare the generalization ability of CLIP-based models on SeAct, DVS128Gesture, PAF,
and HARDVS datasets. The best scores are in bold. Gains over the best previous methods are indicated in green. HM refers to harmonic
mean which measures the trade-off between base and novel accuracy.

SAMPLE consistently outperforms existing mod-
els, showcasing significant improvements on SeAct,
DVS128Gesture, PAF, and HARDVS. This evaluation
focuses on the harmonic mean (HM) between base and
novel class accuracy. As seen from Table 3, SAMPLE
achieves noticeable gains of 19.16%, 13.96%, 15.32%,
and 21.68% in HM on SeAct, DVS128Gesture, PAF, and
HARDVS respectively.

(D) Zero-Shot. In the zero-shot setting, the model is
trained on a source dataset Dsource (HARDVS) with label
set Ysource and evaluated on target datasets Dtarget (SeAct,
DVS128Gesture and PAF) with disjoint label sets Ytarget, en-
suring Ysource ∩ Ytarget = ∅.

Table 4 shows that SAMPLE outperforms on all datasets
compared with the partly-finetuning method (ExACT)
and RGB-Text tuning methods (EZ-CLIP and M2-CLIP),
achieving gains of +15.46%, +29.76%, and +23.79% on
SeAct, DVS128Gesture and PAF respectively. These sig-
nificant gains demonstrate that SAMPLE effectively lever-
ages the generalization capabilities of the pretrained CLIP
model to recognize unseen classes without additional fine-
tuning. The Temporal-Adaptive Multimodal Prompt Learn-
ing plays a crucial role in the zero-shot setting by learning
only prompt tokens instead of extensively finetuning the en-
tire model for new tasks, allowing the model to retain the
broad knowledge embedded in the pretrained model.

Method SeAct DVS128Gesture PAF

Top-1 Top-5 Top-1 Top-5 Top-1 Top-5

RGB-Text Cross-modal Methods

M2-CLIP 20.25 56.65 25.41 69.62 41.95 75.92
EZ-CLIP 18.32 62.78 25.45 72.39 34.35 78.88

Event-Text Cross-modal Methods

ExACT 11.54 20.19 15.91 51.52 29.58 63.16
Ours 35.71 72.25 55.17 82.03 65.74 86.42
∆ +15.46 +15.60 +29.76 +30.51 +23.79 +23.26

Table 4. (D) Zero-Shot Setting: We compare our method with
CLIP-based methods trained on HARDVS while evaluated on
SeAct, DVS128Gesture, and PAF. The best scores are in bold.
Gains over the best previous methods are indicated in green.

4.3. Ablation Studies

Examining the Synergistic Effects of Temporal-Adaptive
Multimodal Prompt Learning. Table 5 illustrates the
impact of Event-Text (E-T) Multimodal Prompting and
Temporal-Adaptive (T-A) Prompting significantly improve
performance over the frozen CLIP model on the SeAct
dataset. When only E-T Prompting is enabled, we observe
a sharp improvement in performance with Top-1 accuracy
increasing from 9.85% (frozen CLIP) to 65.25%, and Top-5
accuracy jumping from 27.61% to 92.34%.

While E-T Prompting significantly improves spatial
alignment, it lacks the capability to model temporal dynam-
ics intrinsic to event data, which falls slightly short in per-
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Figure 5. Attention map visualizations of event frames (the first row), heatmap with base model (the second row), and with our SAMPLE
(the third row). The action like ‘YTW rowing’ and ‘left arm counter clockwise’ are shown.

Method Accuracy (%) Params (×106)
T-A Prompting E-T Prompting Top-1 Top-5

% % 9.85 27.61 0.000
% ! 65.25 92.34 4.290
! % 67.41 95.13 5.205
! ! 69.79 97.83 8.681

Table 5. Ablation Study: Evaluation of the impact of Temporal-
Adaptive Prompting and Event-Text Prompting within our SAM-
PLE framework on the SeAct dataset.

formance compared with T-A prompting only. When T-A
Prompting is used alone, the model achieves a higher Top-1
accuracy of 67.41% and Top-5 accuracy of 95.13%, allow-
ing SAMPLE to effectively model the temporal dynamics
of event sequences.

Finally, when both E-T Prompting and T-A Prompting
are employed, SAMPLE reaches its highest performance,
achieving 69.79% Top-1 accuracy and 97.83% Top-5 accu-
racy. The combination of these two prompts yields a syn-
ergistic effect enhancing the model’s ability to recognize
event action accurately.
Effectiveness of Prompt Insertion Depth As shown in
Figure 6, model performance exhibits a parabolic relation-
ship with prompt insertion depth J : initial improvements
plateau at J = 8–12, followed by gradual degradation with
deeper insertions. This demonstrates that mid-layer prompt-
ing optimally reconciles CLIP’s frozen visual-textual pri-
ors with task-specific event-text alignment. The zero-shot
configuration peaks earlier (J = 8), as its reliance on
CLIP’s intrinsic representations is disrupted by excessive
adaptation, while fully-supervised learning achieves maxi-
mal gains at J = 12 by leveraging label guidance to refine
deeper prompts. We select J = 9 as the optimal trade-
off, empirically balancing zero-shot and supervised perfor-
mance, while minimizing computational overhead through
sublinear parameter growth
Attention Visualization Attention maps in Figure 5 show
that compared to the base model without our prompting

0 2 4 6 8 9 12 24 26
Number of Prompt Depth
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20
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40
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60
70
80

Top-1 Accuracy (%)
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Full-Finetune

Fully-Supervised
Zero-Shot

Figure 6. Ablation Study: Evaluation of impact of prompt inser-
tion depth J on model performance for fully-supervised and zero-
shot setting on the SeAct dataset.

scheme, SAMPLE demonstrates a heightened ability to dis-
cern and localize relevant motion patterns in event streams.
For instance, in actions involving intricate movements like
‘Y rowing’ or ‘arm counter clockwise’, our
model concentrates on the moving limbs or the trajectory of
the human. This focused attention allows the model to bet-
ter understand the temporal dependencies and motion cues
for event actions.

5. Conclusion
This paper introduces SAMPLE, a novel framework for
open-vocabulary action recognition using event cameras.
SAMPLE addresses two core challenges: bridging the
domain gap between RGB-based VLMs and event data and
preserving the generalization ability of pretrained vision-
language models like CLIP. By employing a Temporal-
Adaptive Multimodal Prompt Learning strategy, SAMPLE
adapts the pretrained CLIP model to event data without
extensive finetuning, effectively capturing spatiotemporal
dynamics while maintaining strong generalization capabili-
ties. Experimental results demonstrate that SAMPLE sig-
nificantly outperforms prior works, especially in zero-shot
settings. This work highlights the potential of prompt-based
adaptation techniques for event-based action recognition
and opens avenues for future research in leveraging
multimodal models for complex, dynamic visual tasks.
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Embodied neuromorphic vision with event-driven random
backpropagation. arXiv, 2019. 6

[20] Jacques Kaiser, Hesham Mostafa, and Emre Neftci. Synap-
tic plasticity dynamics for deep continuous local learning
(decolle). Frontiers in Neuroscience, 14:515306, 2020. 6

[21] Muhammad Uzair Khattak, Hanoona Rasheed, Muhammad
Maaz, Salman Khan, and Fahad Shahbaz Khan. Maple:
Multi-modal prompt learning. In CVPR, pages 19113–
19122, 2023. 3

[22] Konwoo Kim, Michael Laskin, Igor Mordatch, and Deepak
Pathak. How to adapt your large-scale vision-and-language
model, 2022. 3

[23] Wenrui Li, Zhengyu Ma, Liang-Jian Deng, Xiaopeng Fan,
and Yonghong Tian. Neuron-based spiking transmission
and reasoning network for robust image-text retrieval. IEEE
Transactions on Circuits and Systems for Video Technology,
33(7):3516–3528, 2023. 3

[24] Wenrui Li, Zhengyu Ma, Liang-Jian Deng, Penghong Wang,
Jinqiao Shi, and Xiaopeng Fan. Reservoir computing trans-
former for image-text retrieval. In Proceedings of the
31st ACM International Conference on Multimedia, page
5605–5613, New York, NY, USA, 2023. Association for
Computing Machinery. 3

[25] Wenrui Li, Xi-Le Zhao, Zhengyu Ma, Xingtao Wang, Xi-
aopeng Fan, and Yonghong Tian. Motion-decoupled spiking
transformer for audio-visual zero-shot learning. In Proceed-
ings of the 31st ACM International Conference on Multime-
dia, page 3994–4002, New York, NY, USA, 2023. Associa-
tion for Computing Machinery. 3

[26] Wenrui Li, Ruiqin Xiong, and Xiaopeng Fan. Multi-layer
probabilistic association reasoning network for image-text
retrieval. IEEE Transactions on Circuits and Systems for
Video Technology, 34(10):9706–9717, 2024. 3

[27] Wenrui Li, Penghong Wang, Xingtao Wang, Wangmeng
Zuo, Xiaopeng Fan, and Yonghong Tian. Multi-timescale
motion-decoupled spiking transformer for audio-visual zero-
shot learning. IEEE Transactions on Circuits and Systems for
Video Technology, pages 1–1, 2025. 3

[28] Ji Lin, Chuang Gan, and Song Han. Tsm: Temporal shift
module for efficient video understanding. In ICCV, pages
7083–7093, 2019. 6

14417



[29] Qianhui Liu, Dong Xing, Huajin Tang, De Ma, and Gang
Pan. Event-based action recognition using motion informa-
tion and spiking neural networks. In IJCAI, pages 1743–
1749, 2021. 3

[30] Qianhui Liu, Dong Xing, Huajin Tang, De Ma, and Gang
Pan. Event-based action recognition using motion informa-
tion and spiking neural networks. In IJCAI, pages 1743–
1749, 2021. 6

[31] Ruyang Liu, Jingjia Huang, Ge Li, Jiashi Feng, Xinglong
Wu, and Thomas H Li. Revisiting temporal modeling for
clip-based image-to-video knowledge transferring. In CVPR,
2023. 1

[32] Ze Liu, Yutong Lin, Yue Cao, Han Hu, Yixuan Wei, Zheng
Zhang, Stephen Lin, and Baining Guo. Swin transformer:
Hierarchical vision transformer using shifted windows. In
ICCV, pages 10012–10022, 2021. 6

[33] Zhaoyang Liu, Limin Wang, Wayne Wu, Chen Qian, and
Tong Lu. Tam: Temporal adaptive module for video recog-
nition. In ICCV, pages 13708–13718, 2021. 6

[34] Ze Liu, Jia Ning, Yue Cao, Yixuan Wei, Zheng Zhang,
Stephen Lin, and Han Hu. Video swin transformer. In CVPR,
pages 3202–3211, 2022. 6

[35] Jean-Matthieu Maro, Sio-Hoi Ieng, and Ryad Benosman.
Event-based gesture recognition with dynamic background
suppression using smartphone computational capabilities.
Frontiers in Neuroscience, 14:501775, 2020. 6

[36] Shu Miao, Guang Chen, Xiangyu Ning, Yang Zi, Kejia
Ren, Zhenshan Bing, and Alois Knoll. Neuromorphic vision
datasets for pedestrian detection, action recognition, and fall
detection. Frontiers in Neurorobotics, 13:38, 2019. 2, 5, 6

[37] Chiara Plizzari, Mirco Planamente, Gabriele Goletto, Marco
Cannici, Emanuele Gusso, Matteo Matteucci, and Barbara
Caputo. E2 (go) motion: Motion augmented event stream
for egocentric action recognition. In CVPR, pages 19935–
19947, 2022. 2

[38] Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry,
Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learn-
ing transferable visual models from natural language super-
vision. In ICML, 2021. 1, 2, 5

[39] Hanoona Rasheed, Muhammad Uzair Khattak, Muhammad
Maaz, Salman Khan, and Fahad Shahbaz Khan. Fine-tuned
clip models are efficient video learners. In CVPR, 2023. 1,
3, 6

[40] Alberto Sabater, Luis Montesano, and Ana C Murillo. Event
transformer. a sparse-aware solution for efficient event data
processing. In CVPR, pages 2677–2686, 2022. 6

[41] Simon Schaefer, Daniel Gehrig, and Davide Scaramuzza.
Aegnn: Asynchronous event-based graph neural networks.
In CVPR, pages 12371–12381, 2022. 3

[42] Sumit B Shrestha and Garrick Orchard. Slayer: Spike layer
error reassignment in time. NeurIPS, 31, 2018. 6

[43] Du Tran, Lubomir Bourdev, Rob Fergus, Lorenzo Torre-
sani, and Manohar Paluri. Learning spatiotemporal features
with 3d convolutional networks. In ICCV, pages 4489–4497,
2015. 6

[44] Du Tran, Heng Wang, Lorenzo Torresani, Jamie Ray, Yann
LeCun, and Manohar Paluri. A closer look at spatiotemporal
convolutions for action recognition. In CVPR, pages 6450–
6459, 2018. 6

[45] Mengmeng Wang, Jiazheng Xing, and Yong Liu. Actionclip:
A new paradigm for video action recognition. arXiv, 2021.
1, 3

[46] Mengmeng Wang, Jiazheng Xing, Boyuan Jiang, Jun Chen,
Jianbiao Mei, Xingxing Zuo, Guang Dai, Jingdong Wang,
and Yong Liu. M2-clip: A multimodal, multi-task adapting
framework for video action recognition. arXiv, 2024. 1, 3, 6

[47] Xiao Wang, Zongzhen Wu, Bo Jiang, Zhimin Bao, Lin Zhu,
Guoqi Li, Yaowei Wang, and Yonghong Tian. Hardvs: Re-
visiting human activity recognition with dynamic vision sen-
sors. arXiv, 2022. 2, 5, 6

[48] Xiao Wang, Zongzhen Wu, Yao Rong, Lin Zhu, Bo Jiang,
Jin Tang, and Yonghong Tian. Sstformer: bridging spiking
neural network and memory support transformer for frame-
event based recognition. arXiv, 2023. 2, 3

[49] Zhengwei Wang, Qi She, and Aljosa Smolic. Action-net:
Multipath excitation for action recognition. In CVPR, pages
13214–13223, 2021. 6

[50] Ziqing Wang, Yuetong Fang, Jiahang Cao, Qiang Zhang,
Zhongrui Wang, and Renjing Xu. Masked spiking trans-
former. In ICCV, pages 1761–1771, 2023. 6

[51] Syed Talal Wasim, Muzammal Naseer, Salman Khan, Fa-
had Shahbaz Khan, and Mubarak Shah. Vita-clip: Video and
text adaptive clip via multimodal prompting. In CVPR, 2023.
1, 3

[52] Rong Xiao, Huajin Tang, Yuhao Ma, Rui Yan, and Garrick
Orchard. An event-driven categorization model for aer im-
age sensors using multispike encoding and learning. IEEE
TNNLS, 31(9):3649–3657, 2019. 6

[53] Bochen Xie, Yongjian Deng, Zhanpeng Shao, Hai Liu, and
Youfu Li. Vmv-gcn: Volumetric multi-view based graph cnn
for event stream classification. IEEE RAL, 7(2):1976–1983,
2022. 3

[54] Renrui Zhang, Rongyao Fang, Peng Gao, Wei Zhang,
Kunchang Li, Jifeng Dai, Yu Qiao, and Hongsheng Li.
Tip-adapter: Training-free clip-adapter for better vision-
language modeling. In ECCV, 2022. 3

[55] Zixiang Zhao, Lilun Deng, Haowen Bai, Yukun Cui,
Zhipeng Zhang, Yulun Zhang, Haotong Qin, Dongdong
Chen, Jiangshe Zhang, Peng Wang, and Luc Van Gool. Im-
age fusion via vision-language model. In Proceedings of
the International Conference on Machine Learning (ICML),
2024. 3

[56] Jiazhou Zhou, Xu Zheng, Yuanhuiyi Lyu, and Lin Wang. Ex-
act: Language-guided conceptual reasoning and uncertainty
estimation for event-based action recognition and more. In
CVPR, pages 18633–18643, 2024. 1, 2, 3, 5, 6

[57] Kaiyang Zhou, Jingkang Yang, Chen Change Loy, and Zi-
wei Liu. Conditional prompt learning for vision-language
models. In CVPR, pages 16816–16825, 2022. 3

[58] Kaiyang Zhou, Jingkang Yang, Chen Change Loy, and Ziwei
Liu. Learning to prompt for vision-language models. IJCV,
130(9):2337–2348, 2022. 3

14418



[59] Zhaokun Zhou, Yuesheng Zhu, Chao He, Yaowei Wang,
Shuicheng Yan, Yonghong Tian, and Li Yuan. Spikformer:
When spiking neural network meets transformer. arXiv,
2022. 3

14419


