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Abstract— Few-shot fine-grained human (FGH) action recog-
nition is crucial in the context of human-robot interaction
within open-set real-world environments. Existing works mainly
focus on features extracted from RGB frames. However, their
performances are drastically impacted in challenging scenarios,
such as high-dynamic or low lighting conditions. Event cameras
can independently and sparsely capture brightness changes in a
scene at microsecond resolution and high dynamic range, which
offer a promising solution. However, the modality differences
between events and RGB frames, and the lack of paired fine-
grained data hinder the development of event-based FGH action
recognition. Therefore, in this paper, we introduce the first
Event Camera Fine-grained Human Action (E-FAction) dataset.
This dataset comprises 3304 paired ‘event stream and RGB
sequence’, covering 15 coarse action classes and 128 fine-
grained actions. Then, we develop a versatile event feature
extractor. Considering the spatial sparsity of event stream, we
design two modules to mine the temporal motion and semantic
features under the guidance of paired RGB frames, facilitating
robust weight initialization for the feature extractor in few-shot
FGH action recognition. We conduct extensive experiments on
both published and our built synthetic and real datasets, and
consistently achieve state-of-the-art performance compared to
existing baselines. Code and dataset will be available at link.

I. INTRODUCTION
For the human-robot interaction field, robots should accu-

rately recognize and adapt to a wide range of fine-grained
human (FGH) actions in real-world settings [1]. Few-shot
classification has been adopted in this field to classify unseen
fine-grained human actions from a small set of examples [2],
[3]. Compared to traditional few-shot FGH action recognition
approaches using RGB frames, employing stream of events
(e.g., event stream [4]) is more appealing due to its robustness
in low-light conditions or motion blur, and its potential to
alleviate privacy concerns to some extent [5], [6], [7].

Event cameras are bio-inspired sensors [8], [4] that gener-
ate event stream by asynchronously and sparsely recording
the scene brightness changes with microsecond temporal
resolution and high dynamic range (120dB vs 60dB of RGB
cameras) [9]. It benefits the FGH action recognition task
in two aspects: i) the event stream robustly captures subtle
human movements at high temporal resolution [1]. This
enables models to more effectively interpret the temporal
relationships that are essential for recognizing actions; ii)
the event stream is robust to motion blur and low lighting
conditions compared to RGB frames [4]. This enables the
model to handle challenging scenarios with fast motion
and high-contrast scenes. Therefore, in this paper, we aim
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Fig. 1. Examples of our proposed E-FAction dataset. (a)-(c) and (d)-(f)
show the event stream for example actions from coarse class ‘Gait’ and
‘Basketball’ separately, with fine-grained human action annotations. Red
and blue pixels depict positive and negative events, respectively. (g) and (h)
show an example of a paired event sequence and RGB sequence of ‘Boxing
- Front Kick’. Best viewed in colour on the screen.

to design an event-based few-shot FGH action recognition
approach which is accurate in challenging scenarios. To
the authors’ best knowledge, this paper is the first work
that explores the potential of event stream on challenging
scenarios for the FGH action recognition task.

However, the absence of datasets hinders the development
of event-based few-shot FGH action recognition algorithms.
Hence, in this paper, we introduce an Event Camera Fine-
grained Human Action (E-FAction) dataset, containing 3304
event streams and their paired RGB sequences collected
under a real-world setting, categorized into 15 coarse and 128
fine-grained human actions. Refer to Fig. 1 for examples of
our dataset. Our E-FAction dataset stands as the first event-
based benchmark dataset, which provides tri-modality data,
i.e., event stream, RGB frames, and CoCo-style captions, on
various challenging real-world scenarios.

With our collected dataset, one may directly use existing
RGB-based algorithms by generally fine-tuning their feature
extractors [2], [10]. However, it can lead to suboptimal
performance due to the domain divergence between RGB and
event domain (refer to experiment results in Sec. V-C)[11].
For example, RGB frames record scene brightness in a dense,
uniform manner, whereas event stream records changes in
brightness and is spatially sparse. To this end, we propose a
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new feature extractor for event stream to seamlessly leverage
the existing RGB-based algorithms for event-based few-shot
FGH action recognition.

To efficiently learn the event feature extractor, we guide
the feature extraction process using its paired RGB frames
and pre-trained RGB feature extractors. Considering that our
few-shot action recognition task requires reasoning about
temporal motions and semantics [12], we propose two
modules for enforcing feature consistency between event
stream and RGB frames, using the pre-trained CLIP image
encoder [13] and VideoFlow motion encoder [14], respec-
tively. Two optimization objectives are used for providing
a robust weight initialization for the event feature extractor
in the following few-shot action recognition, improving the
recognition performance. For example, combining our event
feature extractor with the state-of-the-art few-shot action
recognition algorithm from [15] finds 84.8% accuracy on
THUE-ACT

−50 dataset [16], which is 5.6% higher than using
their default encoder.

Our contributions are summarized into three folds:
• We present the first fine-grained human action recog-

nition dataset for the event camera, E-FAction, which
contains 128 fine-grained human actions on various
challenging scenarios with paired event stream, RGB
sequences, and captions.

• We introduce a versatile event feature extractor by
enforcing consistency of temporal motions and semantic
features between event stream and RGB frames. The
learned extractor seamlessly incorporates existing algo-
rithms for few-shot FGH action recognition.

• We design the first settings for few-shot FGH action
recognition, benchmark extensive baseline methods, and
consistently achieve state-of-the-art performance using
our event feature extractor on synthetic and real event
datasets.

II. RELATED WORK

We introduce recent studies on event-based human ac-
tion recognition, and then review event-based human action
datasets.

A. Fine-grained Event-based Human Action Recognition

Recent progress in event-based fine-grained human action
recognition has been achieved from two main perspectives:
event representation and network architecture. i) Event rep-
resentation involves converting event stream into 2D grids,
known as event frames, using either fixed [17], [18], [19]
or learnable methods [1], [20] to adapt them for use with
networks designed for RGB frames. ii) Networks [21], [22],
[23] are designed to address challenges of spatial sparsity and
temporal dynamics in event frames for action recognition.
Other approaches study graph neural networks [21] and spik-
ing neural networks [24], [25] to work on the event stream
without the event frame conversion. However, for network
performance, they use extensive labeled event stream in
training, and are hard to be adapted in open-set real-world
environments.

For real-world applications, few-shot fine-grained action
recognition has been explored that learns a hypersurface
effectively for recognizing human actions from a small
set of labeled examples, known as a support set. Recent
strategies leverage meta-learning and vision-language model
fine-tuning. i) Meta-learning trains model to quickly adapt to
new tasks with a small support set by employing a ‘learning
to learn’ strategy [26]. It can use memory structures to
cache label-related features for augmenting input features
[27], dynamic temporal alignment algorithms [28] to align
temporal information of an input with those in the support
set, and attention layers to fuse spatio-temporal features from
the support set for an input [10]. ii) Vision-language fine-
tuning uses large-scale pre-trained vision-language models. It
adds new layers to the vision-language models and fine-tunes
them for few-shot action recognition [15], [29]. Compared
to the meta-learning method, the rich vision and language
knowledge embedded within these models is more helpful
in understanding and classifying fine-grained actions with
minimal support sets. Despite extensive research in few-shot
action recognition using RGB cameras, the application of
event cameras in this field has not been explored. We propose
a versatile event feature extractor to use the vision-language-
based methods for few-shot fine-grained action recognition.

B. Event-based Human Action Datasets

The landscape of datasets in event-based action recogni-
tion is continuously evolving. Earlier contributions such as
DHP19 [33] and DailyAction [34] datasets lay the ground-
work, albeit with limited action diversity and dataset size.
To avoid the limitations, HMDB-DVS [31], [35] and UCF-
DVS [31], [36] datasets are converted from RGB sequences,
borrowing extensive repository of human action datasets in
the RGB domain. With growing interest in human action
recognition for event stream, recent works collect large-
scale and diverse data from real-world environments, such
as THUE−ACT

−50 [22] dataset, which is a significant step
forward in terms of scale and diversity for real event datasets.
Nonetheless, none of the datasets is designed for fine-grained
human action recognition that studies subtly different human
actions. This paper introduces E-FAction, the first dataset for
fine-grained action recognition using event stream. E-FAction
aims to set a new benchmark in the domain.

III. THE E-FACTION DATASET: A TRI-MODAL
BENCHMARK

A. Method

We craft the E-FAction (Event Camera Fine-grained Hu-
man Action) dataset for benchmarking event-based FGH
action recognition by following principles.
Tri-modality. Our dataset comprises event stream, RGB
frames with precise timestamps, and captions. The captions
are crafted for event stream within each interval of adjacent
RGB frames, and are in a similar style to the CoCo dataset
[37] by two human experts with assistance from LLaVA
[38]. The examples of these three modalities are displayed
in Fig. 3.
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Fig. 2. The human action hierarchy of our E-FAction (Event Camera Fine-grained Human Action) dataset. It has 15 coarse and 128 fine-grained action
classes, with meta information of View Direction, Environment Illumination Strength, and Background Dynamics. We take coarse class ‘Gait’ as an
example to illustrate the fine-grained classes that belong to it. We further display the three types of meta information for ‘Sprint’ using distinct colors,
each comprising both RGB frames and event stream. Red and blue pixels depict positive and negative events, respectively. The Environment Illumination
Strength includes both strong and low lighting conditions. In terms of the View Direction, it encompasses front, back, left, right, and diagonal directions.
The Background Dynamics is categorized into pure human action (static) and scenes that include the complete background (dynamic). Best viewed in
colour on the screen.

TABLE I
COMPARISON OF EVENT DATASETS FOR HUMAN ACTION RECOGNITION. THE RGB, CAPTION, MI, MV, DB, AND I/O DENOTES WHETHER THE RGB
FRAMES ARE PUBLICLY AVAILABLE, FRAME-WISE PRECISE CAPTION, MULTI-ILLUMINATION, MULTI-VIEW, DYNAMIC BACKGROUND, AND WHETHER

BOTH INDOOR AND OUTDOOR SCENES ARE AVAILABLE, RESPECTIVELY.

Dataset Year Sensor Fine-grained RGB Caption MI MV DB I/O Real Scale Class Resolution
DvsGesture [30] 2017 DAVIS128 ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✓ 1,342 11 128×128
HMDB-DVS [31] 2019 DAVIS240c ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✗ 6,766 51 240×180
PAF [32] 2019 DAVIS346 ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✓ 450 10 346×260
DHP-19 [33] 2019 DAVIS346 ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✓ 561 33 346×260
DailyAction [34] 2021 DAVIS128 ✗ ✗ ✗ ✗ ✗ ✗ ✗ ✓ 1,440 12 128×128
THUE-ACT

−50 [16] 2023 CeleX-V ✗ ✗ ✗ ✗ ✓ ✗ ✓ ✓ 10,500 50 1280×800
E-FAction 2024 DAVIS346 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 3,304 128 346×260

Various Challenges. Our dataset is collected from real-world
scenarios, and incorporates diverse challenging factors: i)
Multi-illumination. To explore the potential of high dynamic
range in an event camera, we record human actions under
low and strong light environments; ii) Multi-view. We collect
data from eight distinct views to the human actor, front,
back, left, right, and four diagonal directions; iii) Diverse
scenes. The dataset mimics the variability of real-world
environments by encompassing indoor and outdoor scenes.
For example, corridors, offices, playgrounds, and squares;
iv) Dynamic background. To reflect extensive application
scenarios of FGH action recognition, our dataset involves
static and dynamic backgrounds for human actions; v) Action
duration. In the real world, the speed of the same human
action may be different. For our dataset, we set the duration
of FGH actions varying from 2 to 8 seconds; vi) Hierarchical
categorization. The human action classes of the E-FAction
dataset are organized into a hierarchical structure, starting
with 15 coarse classes to 128 fine-grained classes. The
hierarchy of the classes of human actions is illustrated in

Fig. 2, with samples of the dataset presented. We will release
our dataset publicly with the meta information above.

B. Collection Methodology and Dataset Division

The dataset uses the DAVIS346 event camera [8] to
capture 3304 action sequences in a resolution of 346×260
from real-world scenarios. The E-FAction dataset provides a
challenging benchmark for recognizing fine-grained human
actions, such as differentiating between ‘Power Walk’, ‘Jog’,
and ‘Stroll’. All collection processes adhere to the afore-
mentioned protocols, carried out by 10 action performers.
The dataset is divided into training (60%), validation (15%),
and testing (25%) sets, facilitating the development and
evaluation of future event-based human action recognition
models. We compare the E-FAction dataset with existing
action classification datasets in Tab. I.

Recognizing the sensitive nature of our dataset, all data
involving human participants were collected following in-
formed consent procedures. Participants were fully informed
about the study’s aims, the nature of their involvement,
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A person is standing in a hallway, wearing a
vest. The hallway is lined with lights, and there
is a doorway at the end. The person appears to
be looking forward.

A person is walking across a hallway, side-on to
the  camera, with the right arm slightly forward.
The hallway is relatively narrow, and the
person is walking in the middle of it.

A man is moving quickly, possibly running, and 
appears to be in motion. The hallway is lined
with doors on both sides, and there are lights on
the ceiling above the man.

A man is standing in a hallway, kicking a wall.
He is wearing a jacket and appears to be in
motion. The hallway has a tiled floor and is
lined with doors.

A person is jumping in the air in a hallway. The
person is in the middle of the action. The
hallway has a tile floor, and there is a door
nearby.

(a) (b) (c)

Fig. 3. Examples of the tri-modality data of action ‘Jump - Wall Kick’
from the E-FAction dataset. (a)-(c) show the event stream, RGB frames,
and captions from left to right. Best viewed in colour on the screen.

potential risks, benefits, and their right to withdraw from
the study at any point without any consequences.

IV. FEW-SHOT FINE-GRAINED HUMAN ACTION
RECOGNITION

Given event stream E = {xi, yi, si, pi}Ni=1 of size N and
T paired RGB frames {X rgb

i }Ti=1, our goal is to learn a
versatile event feature extractor Eevt(·) for few-shot FGH
action recognition, where (xi, yi), si, and pi are position,
timestamp, and polarity of the i-th event.

Our method has three key steps: i) RGB and event align-
ment, converting event stream to T event frames {X evt

i }Ti=1

by aligning event stream to corresponding time slots of the
RGB frames; ii) motion and semantic feature learning, using
a pre-trained CLIP [13] image encoder Eclip(·) and a pre-
trained VideoFlow [14] encoder Evif(·) to extract RGB frame
features for supervising our event feature extractor Eevt(·),
with our semantic and motion feature learning losses, Lm
and Ls; iii) few-shot fine-grained action recognition, using
our learned event feature extractor with existing few-shot
algorithms for FGH action recognition. The overview of our
framework is shown in Fig. 4.

A. RGB and Event Alignment

We convert the asynchronous event stream into syn-
chronous event frames based on the exposure time ∆s of
the RGB frames {X rgb

i }Ti=1 for better alignment. Note that
the time span of the event stream E is ∆sT . We first use
the event representation [39] for converting E to B-channel
event volumes V by

R(s) = (B − 1)
s− s1
∆sT

, Kb(a) = max(0, 1− |a|) ,

V(x, y, b) =
N∑
i=1

|pi|Kb(1− xi)Kb(1− yi)Kb(1−R(si)) ,

where R(s) normalizes the input timestamp s, Kb(a) is a bi-
linear interpolation function with variable a, and V(x, y, b)
is the value at the x-th row, y-th column, and b-th channel.
Then, we uniformly split the event volume V into T contin-
uous chunks, finding our event frames {X evt

i }Ti=1.

B. Motion and Semantic Feature Learning

Motion Learning Module. For FGH action recognition,
the temporal motions should be extracted for accurately
predicting the action class [12]. We enforce our event fea-
ture extractor Eevt(·) to be consistent with motion features
extracted by the pre-trained VideoFlow encoder Evif(·).

We forward the RGB frames {X rgb
i }Ti=1 to the VideoFlow

encoder Evif(·) by Evif({X rgb
i }Ti=1), and apply an average

pooling function to collapse the spatial dimension of the
VideoFlow encoder output. The averaged features are our
RGB frame motion features {Mrgb

i }Ti=1, and Mrgb
i ∈ RDvif

is a Dvif-dimensional vector.
Meanwhile, we embed the event frames {X evt

i }Ti=1 by
our event feature extractor Eevt(·), and predict the motion
features from the extracted embeddings with a task head
Hvif(·), while collapsing the spatial dimension and unifying
the feature dimension to Dvif. Similarly, we denote the
predicted motion features as {Mevt

i }Ti=1, with Mevt
i ∈ RDvif

.
With the motion features {Mrgb

i }Ti=1 predicted from RGB
frames and {Mevt

i }Ti=1 that from event frames, we are ready
to supervise our event feature extractor for learning motion
features. We normalize the motion features {Mrgb

i }Ti=1 and
{Mevt

i }Ti=1 with a Softmax function into {M̂rgb
i }Ti=1 and

{M̂evt
i }Ti=1, with

M̂i(j) =
exp (Mi(j))∑Dvif

j′=1 exp (Mi(j′))
, (1)

where M̂i(j) can be either Mrgb
i or Mevt

i , and M̂i(j) is
the j-th feature value. We then use a Kullback-Leibler (KL)
divergence to penalize the deviations of {M̂rgb

i }Ti=1 from
{M̂evt

i }Ti=1, which is our temporal motion loss Lm,

Lm =
1

T

T∑
i=1

Dvif∑
j=1

−Mrgb
i (j) log

Mevt
i (j)

Mrgb
i (j)

. (2)

Semantic Learning Module. We learn the semantics of
event frames {X evt

i }Ti=1 to help the FGH action recognition.
The semantic features of RGB and event frames, {S rgb

i }Ti=1

and {Sevt
i }Ti=1 are extracted by

{S rgb
i }Ti=1 = {Eclip(X rgb

i )}Ti=1 , (3)

{Sevt
i }Ti=1 = Hclip(Eevt({X evt

i }Ti=1)
)
, (4)

where S rgb
i ∈ RDclip

, Sevt
i ∈ RDclip

, Dclip is the semantic
feature dimension, and Hclip(·) is a task head.
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Fig. 4. An overview of our framework for learning an event feature extractor. Our event feature extractor Eevt(·) is trained to learn motion and semantic
features of event frames X evt. i) We use a pre-trained VideoFlow encoder Evif(·) to extract normalized motion features M̂rgb of paired RGB frames X rgb

with using average pooling over spatial dimension and SoftMax over the feature dimension. We predict the motion features with Eevt(·) and a task head
Hclip(·) of X evt, and normalize the output Mevt into M̂evt by SoftMax. ii) We extract the semantic features Srgb of X rgb with a pre-trained CLIP image
encoder, and predict semantic features Sevt of X evt with Eevt(·) and a task head Hclip(·). The normalized temporal semantic correlation in Srgb and Sevt

are calculated, which are Crgb and Cevt. iii) We train Eevt(·) by using a temporal motion loss Lm and a temporal semantic loss Ls to supervise M̂evt

and Cevt with M̂rgb and Crgb. Best viewed in colour on the screen.

Directly enforcing the feature consistency between
{S rgb

i }Ti=1 and {Sevt
i }Ti=1 is suboptimal. Considering that

FGH action recognition uses semantic variations along the
temporal dimension to infer a fine-grained class [40], we cal-
culate the normalized temporal semantic feature correlations
Crgb and Cevt for {S rgb

i }Ti=1 and {Sevt
i }Ti=1 separately,

C(i, j) = exp (Si ⊙ Sj)∑T
j′=1 exp (Si ⊙ Sj′)

, (5)

where C is either Crgb or Cevt, (i, j) ∈ {1, · · · , T} ×
{1, · · · , T}, the value at i-th row and j-th column of C is
C(i, j), and ⊙ is a scalar product operation. We then enforce
the semantic consistency with our temporal semantic loss Ls,

Ls =

T∑
i=1

T∑
j=1

−Crgb(i, j) log
Cevt(i, j)

Crgb(i, j)
. (6)

Overall Loss. Our network is optimized by L which com-
bines the temporal motion loss Lm and the temporal semantic
loss Ls. Balanced by a hyperparameter λ, the loss L is

L = λLm + Ls . (7)

C. Few-shot Fine-grained Human Action Recognition

We follow the state-of-the-art few-shot FGH action recog-
nition method [15], substituting the default image encoder
with our event feature extractor. Specifically, we first use a
CLIP text encoder [13] to extract action semantics from the
text of actions, then refine extracted event features with a
feedforward network, and calculate semantic similarity be-
tween the extracted text features and refined event features to
classify a FGH action. We also combine our event feature ex-
tractor with other few-shot FGH action recognition methods

in the experiment sections to demonstrate the effectiveness
of our extractor.

V. EXPERIMENTS

A. Datasets

We evaluate our proposed framework on four datasets: N-
FineGym [12], E-FAction, DailyAction [34], and THUE-ACT

−50

[16] for event-based few-shot action recognition. Considering
the lack of existing event-based FGH action recognition
datasets, we build a synthetic dataset N-FineGym and a
real dataset E-FAction. The N-FineGym dataset is an event-
based extension of FineGym [12]. Videos from FineGym are
converted to event stream with ESIM [41] and SuperSloMo
[42] (refer to our project page). We follow the RGB frame
few-shot works [15] to use a split of 72, 13 and 14 classes in
the training, validation and testing sets. For our E-FAction,
we split coarse actions into 13, 1, and 1 classes for training,
validation and testing sets, and use the fine-grained classes
from the coarse classes for few-shot FGH action recognition.
We further compare our approach on published action recog-
nition datasets. The DailyAction [34] dataset is captured with
the DAVIS128 event camera. We randomly split 7 and 5
classes for training and testing. There are only 12 classes,
and we do not use a validation split. The THUE-ACT

−50 [16]
dataset captured with the CeleX-V camera is split into 35
training, 5 validation, and 10 testing classes. When training
our event feature extractor, we use the event and paired RGB
frames in the training set.

B. Implementation Details

Architectural Detail. We use a pre-trained ViT-B/16 [43]
from CLIP [13] for Eclip(·), and layers before the FlowHead
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from pre-trained Videoflow [14] for Evif(·). The Hclip(·) and
Hvif(·) are each implemented by a feedforward network with
an average pooling layer. For Eevt(·), we use an 18-layer
Resnet3D [44]. For few-shot FGH action recognition, we
follow architectures of state-of-the-art methods, and replace
the default CLIP image encoder with our learned Eevt(·).
Training Setup. To train our Eevt(·), we use an input
resolution of 224×224, with T = 8 and λ = 0.1 for 300
epochs using SGD optimizer. The learning rate, momentum,
and weight decay are 0.01, 0.9, and 0.01. Then we train
for an additional 100 epochs using AdamW optimizer with
a learning rate of 0.001 and a weight decay of 0.01. All
experiments in this study are conducted on a single NVIDIA
RTX 3090.

TABLE II
PERFORMANCE COMPARISON WITH STATE-OF-THE-ART METHODS

ACROSS THE FOUR EVENT-BASED HUMAN ACTION RECOGNITION

DATASETS. THE BEST PERFORMANCE IS IN BOLD.

Model N-FineGym E-FAction DailyAction THUE-ACT
−50

CLIP-L [13] 60.1 55.8 89.2 71.3
ResNet3D-N [45] 67.1 58.1 93.9 76.4
ResNet3D-K [46] 70.2 59.6 89.3 76.0
MASTAF [10] 63.4 60.1 95.1 82.3
Shi et al. [15] 70.6 60.5 93.5 79.2
Ours 73.3 62.0 97.6 84.8

TABLE III
PERFORMANCE COMPARISON OF USING OUR AND THE DEFAULT

FEATURE EXTRACTORS (FE) IN STATE-OF-THE-ART FEW-SHOT

METHODS.

FE Method N-FineGym E-FAction DailyAction THUE-ACT
−50

Default MASTAF 63.4 60.1 95.1 82.3
Ours MASTAF 65.8 66.7 96.4 88.4
Default Shi et al. 70.6 60.5 93.5 79.2
Ours Shi et al. 73.3 62.0 97.6 84.8

C. Results

State-of-the-art Methods. We compare with the state-of-
the-art few-shot action recognition methods: MASTAF [10],
and Shi et al. [15]. MASTAF is a model-agnostic network
using attention for video classification, with a fusion network
and nearest neighbor classifier. Shi et al. use a vision-
language model and lightweight temporal network to classify
actions from text-based knowledge.
Baselines. We use the image encoder from CLIP [13]
with logistic regression for few-shot action recognition. We
replace the CLIP image encoder from the state-of-the-art
method (Shi et al. [15]) with the N-ImageNet [45] and
Kinetic-400 [46] dataset pre-trained ResNet3D [44]. We call
them CLIP-L, ResNet3D-N, and ResNet3D-K.

We compare with state-of-the-art and baseline methods
for 5-way 5-shot FGH action recognition in Tab. II. Please
refer to [10], [15] for more details. Our method has the
best performance across the four datasets. Our findings are

described in the following. i) Compared to Shi et al. [15], we
share the few-shot recognition method but a different feature
extractor, and our event feature extractor has 2.7%, 1.5%,
4.1%, and 5.6% higher accuracy than the default feature
extractor of Shi et al. [15]. Our performance shows that
there is a significant domain gap between the event and
RGB domain, indicating that the event feature extractor is
crucial for few-shot FGH action recognition, especially for
challenging scenarios. ii) For ResNet3D-N and ResNet3D-
K, the semantic classes of event stream are used to train the
event feature extractor. Using the same few-shot method and
feature extractor architectures, ResNet3D-N and ResNet3D-
K have a lower accuracy than ours, because our method using
pre-trained CLIP [13] and VideoFlow [14] for supervision is
more robust and effective than supervision with class labels
in learning a feature extractor for event stream. iii) Our
method has a better performance than CLIP-L and Shi et
al. [15]. Our event feature extractor is learned from the image
encoder of CLIP, while CLIP-L and Shi et al. [15] directly
use the image encoder of CLIP. Using RGB frames as an
intermediate step to learn a feature extractor for event stream
can help transfer knowledge for FGH action recognition.

In Tab. III, we compare our and the default feature
extractors (CLIP [13] and ResNet3D) in state-of-the-art few-
shot FGH action recognition methods [10], [15]. With our
event feature extractor, the few-shot recognition performance
is consistently improved, which shows that our extracted
features can be extensively used for FGH action recognition
methods.

TABLE IV
ABLATION OF LOSS FUNCTIONS ON LEARNING OUR EVENT FEATURE

EXTRACTOR.

Lm Ls Lcor
m Lkl

s N-FineGym E-FAction DailyAction THUE-ACT
−50

✓ ✗ ✗ ✗ 70.3 60.1 95.2 82.0
✗ ✓ ✗ ✗ 72.1 61.5 96.4 83.5
✓ ✓ ✗ ✗ 73.3 62.0 97.6 84.8

✓ ✗ ✗ ✓ 71.1 61.2 92.5 76.6
✗ ✓ ✓ ✗ 72.3 61.4 95.8 81.8
✗ ✗ ✓ ✗ 64.3 57.1 86.5 75.2
✗ ✗ ✗ ✓ 69.2 60.2 87.1 75.8
✗ ✗ ✓ ✓ 69.9 60.8 90.4 76.3

D. Ablation Studies

We study the losses for learning our event feature extrac-
tor. In Tab. IV, using only the Lm/Ls have 70.3%/72.1%,
60.1%/61.5%, 95.2%/96.4%, and 82.0%/83.5% accuracy on
the N-FineGym [12], E-FAction, DailyAction [34], and
THUE-ACT

−50 [16] datasets. When combining Lm and Ls, we
consistently improve the performance of only using Lm /Ls
by 3.0%/1.2%, 1.9%/0.5%, 2.4%/1.2%, and 2.8%/1.3%.

We then study two variations of Lm and Ls about correla-
tions. i) Lcor

m calculates the KL loss on the motion features,
with using a temporal correlation. ii) Lkl

s calculates the KL
loss directly at the temporal dimension of semantic features,
without using the the self-correlation. We have the best
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TABLE V
PERFORMANCE COMPARISON BETWEEN RGB AND EVENT FRAMES

WITH LOW LIGHTING CONDITIONS.

Method RGB Event

Shi et al. 56.1 61.5
MASTAF 60.5 64.5
Ours / 66.0

model by Lm and Ls with higher accuracy than using Lcor
m

and Lkl
s . Motion features are already temporally extracted by

the pre-trained VideoFlow, and relative to temporal nearby
frames. A temporal self-correlation in Lcor

m changes the
motion features to features related to relative speed, and
is less useful than motion features for learning an event
feature extractor for FGH action recognition. For semantic
features, they are independently extracted by the pre-trained
CLIP image encoder at the temporal dimension. Fine-grained
action recognition is about learning semantic variations along
the temporal dimension, which can be addressed by using a
temporal self-correlation on the semantic features in Ls.

E. Performance on Low Lighting Conditions

To explore the high dynamic range of event cameras in
FGH action recognition, we use event and RGB frames
with low light conditions for state-of-the-art methods. We
compare the performance of the state-of-the-art approaches
with ours on the sub-set of our E-FAction dataset where data
is captured under low lighting conditions. In Tab. V, all meth-
ods have best accuracy with event frames. The performance
underscores event stream importance and potential in action
recognition with challenging lighting conditions. To further
illustrate the advantage, we provide heat maps for event and
RGB frames, as shown in Fig. 5. The heat maps indicate
that it is hard for models to recognize actions with features
extracted from RGB frames.

VI. CONCLUSIONS

In this paper, we introduce the first event dataset for fine-
grained action recognition. It has 3304 paired ‘event stream
and RGB sequence’ and 128 fine-grained action classes.
For human-robot interaction within open-set real-world en-
vironments, we learn a feature extractor for event frames
in few-shot FGH action recognition. We use pre-trained
VideoFlow encoder and CLIP image encoder to extract
motion and semantic features of RGB frames, and design
a temporal motion and a temporal semantic loss to supervise
the feature extractor for event frames. On synthetic and
real event datasets, our event feature extractor consistently
achieves state-of-the-art few-shot FGH action recognition
performance. In future work, we plan to use higher resolution
event cameras to capture finer motion details for improved
evaluations.
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