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ABSTRACT

Detecting hand actions in videos is crucial for understanding video
content and has diverse real-world applications. Existing approaches
often focus on whole-body actions or coarse-grained action cate-
gories, lacking fine-grained hand-action localization information.
To fill this gap, we introduce the FHA-Kitchens (Fine-Grained
Hand Actions in Kitchen Scenes) dataset, providing both coarse-
and fine-grained hand action categories along with localization
annotations. This dataset comprises 2,377 video clips and 30,047
frames, annotated with approximately 200k bounding boxes and
880 action categories. Evaluation of existing action detection meth-
ods on FHA-Kitchens reveals varying generalization capabilities
across different granularities. To handle multi-granularity in hand
actions, we propose MG-HAD, an End-to-End Multi-Granularity
Hand Action Detection method. It incorporates two new designs:
Multi-dimensional Action Queries and Coarse-Fine Contrastive
Denoising. Extensive experiments demonstrate MG-HAD’s effec-
tiveness for multi-granularity hand action detection, highlighting
the significance of FHA-Kitchens for future research and real-world
applications. The dataset and source code will be released.

CCS CONCEPTS

» Computing methodologies — Activity recognition and un-
derstanding.

KEYWORDS
Hand Action Detection, Dataset, Multi-Granularity

1 INTRODUCTION

Action detection, a crucial task in video understanding, aims to
locate and recognize action instances in each video frame, with
applications in various fields [66] such as Human-Computer Interac-
tion (HCI) [27], Smart Homes [31], the Design and Control of Robot
Hands [44], and Healthcare [64]. Despite significant advancements
in action recognition regarding both large-scale benchmarks [5, 54]
and advanced algorithms [18, 40, 60], action detection remains
relatively underexplored, mainly due to the lack of datasets with
spatial action localization annotations. Moreover, existing methods
predominantly focus on whole-body actions, overlooking the fine-
grained actions of specific body parts, such as hands. However, hand
actions are integral to daily activities, underscoring the significant
research and practical importance of hand action detection.
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<utility-knife_body, cut-slice, carrot_head> slice, carrot_head>""

ect interaction region

Figure 1: Overview of the FHA-Kitchens dataset. (a) The an-
notation of hand actions in existing relevant datasets, where
UCF101 [54] and Kinetics700 [53] are whole-body action
datasets, while MPII Cooking [47] and EPIC KITCHENS [13]
are hand action datasets. (b) The annotation of hand actions
in our dataset. The left shows some frames extracted from 8
dish categories. The right illustrates the annotation process
of hand actions in “fry vegetable”.

Pioneering datasets such as MPII Cooking Activities [47] and
EPIC-KITCHENS [13] have been developed to facilitate hand-action
research. However, they exhibit limitations including insufficient
representation of hand-action granularity, lack of annotation of
hand-action interaction regions, and neglect of the relationships
between interacting objects. As shown in Figure 1(a), they offer
only coarse-grained annotations for hand actions like “cut” rather
than the fine-grained multi-dimensional categories like “<knife,
cut slice, carrot>". These limitations hinder the study of detecting
fine-grained hand actions and exploring their spatial relationship,
leaving challenges in hand action detection unresolved. Therefore,
establishing a large-scale benchmark with rich hand-action annota-
tions is essential for advancing research in this field.

To this end, this paper presents a novel dataset FHA-Kitchens,
focusing on rich and fine-grained localization and categorization
information of hand actions in kitchen scenes. The FHA-Kithcens
dataset encompasses a total of 2,377 video clips and 30,047 frames
from eight different dish types (Figure 1(b) left). Each frame in-
cludes meticulously annotated hand action information, featuring
high-quality annotations of hand interaction region boxes and cor-
responding coarse- and fine-grained categories. Our data were
extracted from publicly available large-scale action datasets [53],
focusing on videos relevant to hand actions. Subsequently, frames
underwent cleaning and were annotated by ten expert voluntary
annotators. To excavate more hand action information, we re-
fined the annotation process in two aspects (Figure 1(b) right):
(1) Hand interaction regions. These were subdivided into three
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sub-regions based on hand-object interaction: Left hand-Object in-
teraction region, Right hand-Object interaction region, and Object-
Object interaction region. Each sub-interaction region was anno-
tated with bounding boxes and coarse-grained categories, denoted
as “L-0”, “R-O”, and “0-0”. (2) Hand interaction actions. To
enhance the model’s understanding of hand actions, we further
refined the category of each sub-interaction region by expanding
single-dimensional action categories into multi-dimensional ones,
annotated in the format of triplets: <subject, action verb, object>, ab-
breviated as <s, a, 0>, where “s-0” denotes interacting objects, and “a”
represents the interaction action between the objects. Additionally,
when annotating “s” and “o0”, we considered the specific contact
area between the interacting objects, labeled as “name_contact
area” (e.g., “carrot_end”). Overall, we meticulously annotated 880
hand action categories (coarse- and fine-grained) for approximately
220k bounding boxes, with each category corresponding to a sub-
interaction region’s localization box. Fine-grained categories per
frame have nine dimensions, resulting in 877 action triplets.

Hand Action Detection (HAD) is a sub-area of Action Detection
(AD) research, which has a close relation to generic object detec-
tion (OD) in the image domain. We systematically evaluated several
representative AD methods [20, 46, 65, 71] on FHA-Kitchens, ob-
serving varied performance across different levels of granularity:
“Coarse-grained” and “Fine-grained”. Existing methods perform
significantly worse under fine-grained labels compared to coarse-
grained ones, indicating that these detection methods have a better
understanding of single-dimensional coarse-grained labels (i.e., sin-
gle verb or noun). However, real-world hand actions often involve
both coarse- and fine-grained information simultaneously. There-
fore, exploring the impact of multi-granularity action categories in
HAD tasks is both interesting and practically significant.

Among the state-of-the-art detection methods, DINO [65] showed
relatively strong performance across different granularity hand ac-
tions. Building upon DINO, we propose MG-HAD, a novel baseline
for hand action detection (HAD). MG-HAD contains a backbone,
a multi-layer Transformer encoder, a multi-layer Transformer de-
coder, and multiple prediction branches. To better adapt to multi-
granularity hand actions, we propose two novel designs: (1) Multi-
dimensional information processing: To enhance the model’s
understanding of fine-grained information, we replace the origi-
nal single-dimensional content query in the decoder with multi-
dimensional content queries to focus on multiple aspects of hand
actions. Additionally, we introduce a Content Query Reorganiza-
tion (CQR) module to generate three query sets focusing on differ-
ent action dimensions as decoder inputs. (2) Multi-granularity
category processing: We observed that the DINO’s CDN (Con-
trastive DeNoising) module mainly focuses on bounding boxes for
contrastive denoising training, while the labels are not specially
designed. To enable the model to better learn and distinguish coarse-
grained and fine-grained action labels, we devise coarse-grained
and fine-grained sample queries for contrastive denoising training
of the labels, by adding noise to different granularity categories
with specified noise positions and classes. Besides, we investigate
the pre-trained ResNet50 [23] and Swin-L [39] models as backbones
to extract multi-scale visual features. During training, following the
DN-DETR [32] method, we add ground truth labels and boxes with
noises into the Transformer decoder layers to stabilize bidirectional

Anon.

matching, and also adopt deformable attention [71] for improved
computational efficiency.
In summary, our contributions can be summarized as follows:

o To the best of our knowledge, we are the first to study the problem
of multi-granularity hand action detection and establish the first
hand-action dataset FHA-Kitchens, which includes both hand
interaction region localization and multi-granularity category
annotations. This dataset can serve as a benchmark for hand
action detection tasks.

e We systematically investigated the impact of different granu-
larity hand action information in kitchen scenes on the hand
action detection task and provided insights about the evaluation
protocol, performance analysis, and model design.

e We propose a novel multi-granularity hand action detection
method named MG-HAD, which is designed from the perspec-
tives of multi-granularity and multi-dimensionality. This method
incorporates Multi-dimensional Action Queries and a Coarse-
Fine Contrastive Denoising module to address the mixed-grained
HAD problem. MG-HAD demonstrates its effectiveness in hand
action detection and could serve as a strong baseline.

2 RELATED WORK

2.1 AR & AD Dataset

Action Recognition (AR) Dataset. Pioneering AR datasets, such
as KTH [49] and Weizmann [1], have played a pivotal role in the
advancement of this field, inspiring subsequent endeavors in con-
structing more challenging datasets. Existing studies on action
recognition datasets can be divided into two main categories based
on the types of actions: whole-body action and part-body action,
such as UCF101 [54], Kinetics [3-5], ActivityNet [24], FineGym [50],
and others [25, 28, 41, 51, 68]. These datasets primarily focus on
whole-body actions, lacking fine-grained action information from
specific body parts. Datasets like MPII Cooking Activities [47] and
EPIC-KITCHENS [13] refine the action verb part and consider in-
teracting objects, yet they do not describe the localization of action
interaction regions or the relationships between interacting objects,
crucial for HAD tasks. Representing hand actions solely with single-
dimensional verbs is insufficient given the diversity and complexity
of real-world scenarios. To address this issue, the FHA-Kitchens
dataset enriches hand action data by providing annotations for
interaction region localization and interaction action categories.
Action Detection (AD) Dataset. Compared to action recogni-
tion datasets, fewer datasets are available for action detection [22,
30]. This is due to the need to annotate the position and category
of each action instance, which requires more efforts for dataset
construction. The AVA dataset [22] focuses on human action lo-
calization, providing bounding box annotations for each person.
However, this dataset primarily focuses on whole-body actions,
providing location information for individuals rather than action
interaction regions. Moreover, the provided action categories are
mainly single-dimensional coarse-grained verbs (e.g., “sit”, “write”,
and “stand”). FHA-Kitchens dataset addresses these limitations by
providing precise bounding box annotations for each hand sub-
interaction region. Moreover, we refine the representation of action
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Table 1: Comparison of relevant datasets. AR: Action Recognition. AD: Action Detection. HAD: Hand Action Detection. OD:
Object Detection. ACat.: Action Category. OCat.: Object Category. Dim: Action Dimension. IRBox: Interaction Region Box.

Dataset Year Ego #Clip Avellen  #Frame #ACat. #Verb #OCat. Dim IRBox Task
Whole-body action dataset
UCF101 [54] 2012 X 13.3K ~6s - 101 - - 1 X AR
ActivityNet [24] 2015 x 28K [5,10]m - 203 - - 1 x AR
Kinetics400 [5] 2017 X 306K 10s - 400 359 318 2 X AR
Kinetics600 [3] 2018 X 496K 10s - 600 550 502 2 X AR
Kinetics700 [4] 2019 X 650K 10s - 700 644 591 2 X AR
AVA [22] 2018 X 430 15m - 80 80 0 3 X AR,AD
AVA-kinetics [30] 2020 X 230K 15m,10s - 80 80 0 3 X AR,AD
FineGym [50] 2020 X 32K 10m - 530 530 0 3 X AR
Hand action dataset
MPII cooking [47] 2012 X 5,609 15m 881K 65 65 0 1 X AR
EPIC-KITCHENS [13] 2018 39.6K 3.7+5.6s 11.5M 149 125 323 X AR,0OD
FHA-Kitchens 2024 V 2,377 3m 30,047 880 130 384 9 v AR,AD,HAD,OD

categories and incorporate information about the interacting ob-
jects within each interaction region’s action category, thereby en-
hancing the granularity and contextual information of hand actions.
A comprehensive comparison between FHA-kitchens and existing
datasets is presented in Table 1. In contrast to existing datasets,
(1) We provide precise localization information by meticulously
annotating hand interaction regions and corresponding interaction
objects using bounding boxes. (2) We offer two granularity for hand
actions: coarse- and fine-grained. For fine-grained categories, we
use multi-dimensional triplets to represent each sub-interaction
region action, expanding the dimensionality of each frame to 9. (3)
We not only focus on the interacting objects that generate interac-
tion actions but also consider the active and passive relationships
between these objects, capturing their contact areas.

2.2 AR & AD Method

Action Recognition (AR) Method. Existing action recognition
methods can be broadly summarized into two pipelines based on
technical approaches. The first pipeline employs a 2D CNN [16,
19, 52, 61] to learn frame-level semantics and then aggregate them
temporally using 1D modules. For example, TSN [60] divides an
action instance into multiple segments, represents it with a sparse
sampling scheme, and applies average pooling to fuse predictions
from each frame. TRN [70] and TSM [34] replace pooling with
temporal reasoning and shift modules, respectively. The second
pipeline directly utilizes a 3D CNN [5, 15, 18, 40, 57, 62] to capture
spatial-temporal semantics, such as I3D [5], SlowFast [18], and
Video Swin Transformer [40]. On the other hand, AR methods can
be categorized into coarse-grained [11, 12] and fine-grained [26, 37,
42, 43] based on the granularity of the actions. Some hand actions
approaches [37, 42] use the EPIC-KITCHENS and MPII Cooking
Activities datasets, from first-person and third-person perspectives,
respectively. Another method [26] focuses on human whole-body
actions in sports scenarios using the FineGym dataset [50].
Action Detection (AD) Method. Most state-of-the-art action
detection methods [7, 17, 18, 45, 56] commonly follow a two-stage
pipeline, utilizing separate 2D and 3D backbones for localization and
video feature extraction, respectively. Since transformer [58] was
introduced for machine translation, it has become a widely adopted

backbone for sequence-to-sequence tasks [33, 59, 65]. Most recent
methods [8, 9, 21, 63, 69] utilize a unified backbone to perform
action detection. VAT [21] is a transformer-style action detector
designed to aggregate spatiotemporal context around target actors.
EVAD [8], built upon the ViT framework, offers an end-to-end ef-
ficient video action detection method. WOO [9] and TubeR [69]
are query-based action detectors that follow the detection frame-
works of [2, 55] to predict bounding boxes and action classes, while
STMixer [63] is a one-stage query-based detector that adaptively
samples discriminative features. However, we observed that these
methods primarily focus on individual human actions and overlook
action interaction regions, interacting objects, and their relation-
ships. Leveraging the advantages of transformer-based detection
models, we propose an end-to-end solution capable of simultaneous
hand action localization and recognition.

3 FHA-KITCHENS DATASET

3.1 Data Collection And Organization

Data Collection. The proposed dataset is derived from the large-
scale action dataset Kinetics 700_2020 [53], which comprises approx-
imately 650K YouTube video clips and over 700 action categories.
However, as the Kinetics dataset primarily focuses on human ac-
tions, most of the videos capture whole-body actions. To narrow our
focus to hand actions, we performed filtering and processing opera-
tions on the original videos in three steps. (1) Content Localization:
We observed that videos in kitchen scenes prominently showcase
human hands. So we sought out and extracted relevant videos set
against a kitchen backdrop. (2) Quality Selection: To ensure dataset
quality, we selectively chose videos with higher resolutions. Specif-
ically, 87% of the videos were recorded at 1,280 X 720 resolution,
while another 13% had a shorter side of 480. Additionally, 67% of
the videos were captured at 30 frames per second (fps), and another
33% were recorded at 24~25 fps. (3) Duration Control: We imposed
a duration constraint on the videos, ranging from 30 seconds to 5
minutes, to exclude excessively long videos. This constraint aimed
to maintain a balanced distribution within the sample space. Finally,
we collected a total of 2,377 video clips, amounting to 84.22 minutes
of footage, encompassing 8 distinct types of dishes.
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Data Organization. The collected video data was reorganized
and cleaned to align with our annotation criteria (Section 3.2). First,
we split the collected video data into individual frames, as our anno-
tated units are frames. Subsequently, we conducted further cleaning
of the frames by excluding those that did not depict hands or ex-
hibited meaningless hand actions. This cleaning process took into
consideration factors such as occlusion, frame quality (i.e., without
significant blur, subtitles, and logos), meaningful hand actions, and
frame continuity. As a result, we obtained a total of 30,047 high-
quality candidate video frames containing diverse hand actions
for the FHA-Kitchens dataset. Compared to the initial collection,
113,436 frames were discarded during the cleaning process.

3.2 Data Annotation

We recruited 10 voluntary annotators to annotate hand actions
for each frame with high quality. Their responsibility was to an-
notate bounding boxes and multi-granularity action categories for
each hand interaction region. To enhance annotation efficiency,
we implemented a parallel annotation approach. We utilized the
LabelBee tool for annotating bounding boxes and coarse-grained
categories, while fine-grained action triplets were annotated on the
Amazon Mechanical Turk platform. To ensure annotation quality,
we conducted three rounds of cross-checking and corrections. The
annotation content and criteria are detailed below.

Bounding Box Annotation: We annotated the bounding boxes
for both interaction regions (IR) and interaction objects (I0). (1) IR:
We divided the hand’s interaction region into three sub-interaction
regions: Left hand-Object (L-O), Right hand-Object (R-O), and
Object-Object (O-O) interaction regions (Figure 1(b) middle), rep-
resenting regions where the left hand directly contacts an object,
the right hand directly contacts an object, and objects interact with
each other, respectively. The reason for focusing on O-O is that
interactions between objects also involve the participation of hands.
(2) I0: To better understand interaction actions, we also annotated
the interactive object pair within each sub-interaction region using
bounding boxes. For example, in L-O, we annotated objects directly
touched by the left hand. In O-O, we annotated the interacting
objects directly involved in hand actions (e.g., utility knife and car-
rot). However, during annotation, we may encounter overlapping
bounding boxes, i.e., the same interacting object will satisfy two
annotation definitions, for example, the utility knife in Figure 1,
which is both the object directly touched by the right hand in the
R-O and the active force provider in the O-O. In this case, we anno-
tate all the labels because the same object participates in different
interaction actions and has different roles (Annotation details can
be seen in supplementary material). Finally, we annotated a total
of 198,839 bounding boxes, including 49,746 hand boxes, 66,402
interaction region boxes, and 82,691 interaction object boxes.

Hand Action Annotation: We annotated coarse- and fine-
grained actions for each sub-interaction region. Coarse-grained
categories, denoted by the generic terms “L-O”, “R-0”, and “0-0”,
represent the coarse actions within the sub-interaction regions.
Different from existing fine-grained datasets. We annotate each
fine-grained action category in a triplet format: <subject, action
verb, object>. (1) Subject & Object: We considered the “active-
passive” relationship between objects, where the “subject ” refers to
the active force provider (e.g., utility knife) and the “object” refers
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Figure 2: An overview of the action verbs and their parent
action categories in FHA-Kitchens.

to the passive force receiver (e.g., carrot), and annotate them in
order within the action triplet. In L-O or R-O, the subject repre-
sents the corresponding hand, while the object denotes the directly
interacting object. Furthermore, to enrich the description of each
action, we also considered the contact areas of interacting objects
within each sub-interaction region. For example, as shown in the
first green block in the middle of Figure 1(b), we labeled the sub-
ject as “hand_left” and the object as “carrot_end”. We referred to
the EPIC-KITCHENS [13] dataset to define the object noun. (2)
Action Verb: It describes the fine-grained hand action within the
sub-interaction region. We used fine-grained verbs in the annotated
action triplets and constructed the verb vocabulary by sourcing
from EPIC-KITCHENS [13], AVA [22], and Kinetics 700 [4].

3.3 Statistics of the FHA-Kitchens Dataset

Overview of FHA-Kitchens. As summarized in Table 1, we anno-
tated hand action information for 30,047 frames from 2,377 clips,
resulting in 880 action categories (including 877 action triplets), 130
action verbs, and 384 interaction object nouns. We have taken steps
to refine the dataset by focusing on hand action categories and
interaction regions, providing more precise localization bounding
boxes and rich hand action categories for the three sub-interaction
regions. Compared to the original action annotations in Kinetics
700_2020 [53], the FHA-Kitchens dataset expands the action labels
by 7 dimensions, increases the number of action categories by 52
times, and introduces 122 new action verbs. Furthermore, we pro-
vide bounding boxes for hand action regions (i.e., 66,402 interaction
region boxes). This expansion significantly enhances the diversity
of hand action annotations, provides valuable region-level contex-
tual information for each action, and facilitates future research for
a wider range of video understanding tasks. The FHA-Kitchens
dataset is then randomly divided into the disjoint train, validation,
and test sets, with a video clip-based ratio of 7:1:2.
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Annotation Statistics. Our annotation primarily focuses on
hand interaction regions, interaction objects, and their correspond-
ing interaction actions, resulting in a diverse array of verbs, nouns,
and bounding boxes. Following the fine-grained annotation prin-
ciples [13], we ensured minimal semantic overlap among action
verb-noun categories, rendering them suitable for multi-category
action recognition and detection. (1) Verbs: The annotated dataset
comprises 130 action verbs that have been grouped into 43 parent
verb categories (Figure 2 and Figure 3). The three most prevalent
parent verb categories, based on the count of sub-action verbs, are
Cut, Hold, and Take, representing the most frequently occurring
hand actions in kitchen scenes. Figure 3 visually depicts the dis-
tribution of all verb categories within FHA-Kitchens, ensuring the
presence of at least one instance for each verb category. (2) Nouns:
In the annotation process, we identified a total of 384 interaction
object noun categories that are associated with actions, categorized
into 17 super-categories. Figure 4 shows the distribution of noun
categories based on their affiliations with super-categories. No-
tably, the super-category “vegetables & plants” exhibits the highest
number of sub-categories, followed by “kitchenware”, which aligns
with typical kitchen scenes. (3) Bounding Boxes: We performed
a comprehensive statistical analysis on the bounding boxes of the
three sub-interaction regions and the corresponding interaction
objects. Specifically, we focused on two aspects: the box area and
the aspect ratio. Details can be found in supplementary material.

Action verb annotated instances

Action verbs ID

Figure 3: The distribution of instances per action verb cate-
gory (the outer ring in Figure 2) in the FHA-Kitchens dataset.

Iy
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Figure 4: The distribution of instances per object noun cate-
gory from 17 super-categories in the FHA-Kitchens dataset.
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3.4 Benchmark Setup

Methods. We benchmark several representative action recognition
methods [18, 40, 48, 59, 60] and detection methods [20, 46, 65, 71]
with different backbone networks on the proposed FHA-Kitchens
dataset based on the MMAction2 [10] and MMDetection [6] code-
bases. We establish three tracks using the provided dataset. SL-AD
Track: The aim is to evaluate the supervised learning performance
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Table 2: Detection results (mAP) of hand interaction regions
with different granularity levels of action categories using
different methods, i.e.,, Faster-RCNN, YOLOX, Deformable
DETR, and DINO on the validation set of the SL-D track.

Granularity levels

Method Backbone
Coarse-Grained Fine-Grained
R-50 65.2 48.5
Faster-RCNN [46]

R-101 66.1 50.0

YOLOX- 1. 46.
YOLOX [20] OLOX-s 71.8 6.9
YOLOX-x 75.6 49.8
Deformable DETR [71] R-50 73.0 52.4
DINO [65] R-50 75.2 535

of different detection models on hand interaction regions with dif-
ferent granularity levels of action categories. The results of the
methods are shown in Table 2. SL-AR Track: This track primarily
evaluates the supervised learning performance of different action
recognition models on fine-grained hand actions. We trained the
models with and without pre-trained weights on the FHA-Kitchens
dataset. DG Track: It focuses on experiments for Intra- and Inter-
class Domain Generalization in Interaction Region Detection, ex-
ploring both intra-class and inter-class perspectives. All models on
the SL-AD, SL-AR, and DG tracks were trained and tested using
NVIDIA GeForce RTX 3090 GPUs. For the SL-AD and DG tracks,
we employ the mean Average Precision (mAP) [36] as the primary
evaluation metric, while for the SL-AR track, Top-1 accuracy and
Top-5 accuracy (%) are adopted. Detailed results of SL-AR and DG
can be found in supplementary material.

Results and Discussion. The results in Table 2 show that cur-
rent detection methods perform well in learning single-dimensional
coarse-grained categories like verbs or nouns. However, they strug-
gle in learning multi-dimensional fine-grained action categories. Un-
derstanding the intricate nature of real-world hand actions, which
encompass both coarse- and fine-grained information, underscores
the significance of investigating multi-granularity action categories
in HAD tasks, an area that poses significant challenges and remains
largely unexplored. To fill this gap, we propose a novel method for
multi-granularity hand action detection.

4 A SIMPLE YET STRONG BASELINE

4.1 A Multi-Granularity Framework

Drawing inspiration from the image-based DINO [65], we pro-
pose the novel MG-HAD method with specific novel designs in the
decoder for multi-granularity hand action detection (Figure 5). MG-
HAD consists of a backbone, a multi-layer Transformer encoder, a
multi-layer Transformer decoder, and multiple prediction branch
heads. Given a video clip, for each frame, we utilize backbones
like ResNet [23] or Swin Transformer [39] to extract multi-scale
features, which are then fed into the Transformer encoder along
with corresponding positional embeddings. After enhancing fea-
tures through the encoder layers, we initialize anchors as positional
queries for the decoder using a mixed query selection strategy, fol-
lowing the design of DINO, without initializing content queries but
leaving them learnable. It’s worth noting that the original content
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Figure 5: The overall architecture of MG-HAD, a novel end-to-end hand action detection model based on DINO [65]. The
improvements mainly focus on the decoder part. Specifically, (1) we introduce a new design for the content query part,
transforming the original single-dimensional content queries into multi-dimensional ones. They are further processed by
the designed CQR module, combined with initialized anchors, and inputted into the decoder. The outputted three query sets
with different action dimensions go through the Split & Integration module to generate N queries containing three action
dimensions. Finally, the matching process is conducted to predict hand action results (see Section 4.2); (2) we introduce a C-F
CDN training approach, which involves adding coarse- and fine-grained noise to labels to generate four types of CDN queries
for contrastive denoising training (see Section 4.3). F: Fine-grained, C: Coarse-grained, Multi-G: Multi-granularity.

queries focus on semantic information of single-dimensional cat-
egories, which is not suitable for fine-grained multi-dimensional
categories in the new task. Therefore, we modify the single-content
query to multi-content queries and introduce a Content Query
Reorganization (CQR) module to obtain query sets focusing on
three different sub-action dimensions, as detailed in Section 4.2.
Additionally, similar to DINO, we have an extra CDN branch to
perform contrastive denoising training. In contrast to the standard
CDN method, we specifically devise a novel coarse-fine granularity
contrastive denoising training approach to distinguish labels with
different granularity levels, which will be discussed in Section 4.3.

4.2 Multi-Dimensional Action Queries
Comparing the results presented in Table 2, it’s clear that existing
detection methods struggle with learning from multi-dimensional
fine-grained labels. Fine-grained hand action detection poses a
greater challenge compared to coarse-grained detection due to the
need to discern subtle differences in similar hand actions. Addi-
tionally, multi-dimensional fine-grained labels provide important
supervisory signals about subject, object, and action categories, as
well as localization information. However, effectively encoding this
information at different dimensions and leveraging these supervi-
sory signals, particularly in terms of query design within the DETR
series framework [2, 65, 71], remains unexplored.
Implementation: We observed that the current design of con-
tent queries mainly focuses on single-dimensional semantic infor-
mation, i.e., single verb or noun categories. However, in fine-grained
categories, we incorporate both verb and noun categories, generat-
ing multi-dimensional semantic information, i.e., <c1, ¢z, 3> (c1, ¢3

€ nouns, and ¢y € verbs), or more specific <s, a, 0>. If we stick to the
original design, content queries would consider <s, a, 0> as a whole,
learning global information from a single-dimensional perspective.
To enhance the model’s focus on local information of sub-categories,
we transform a set of content queries Q = {qi, ..., qn} originally
focusing on single dimensions into three sets of content queries,
i.e., Qs, Qq, and Q,, focusing on different action dimensions. n
is the index of the original queries. Specifically, we first convert
each query element g, (bottom orange cubes in Figure 5) into three
sub-queries, i.e., gng, qn,, and gn,, expanding N original queries
to 3 X N sub-queries. Next, through our designed Content Query
Reorganization (CQR) module, sub-queries focusing on the same
action dimension (i.e, q1,, q2,, -, qn,) are selected and reorganized
to obtain a query set for each action dimension. Additionally, to
ensure a comprehensive understanding of fine-grained categories,
we introduce an action dimensional hyper-parameter wy (d € {s, a,
0}), to add a certain proportion of weight to each query set, which
is then sum with the global information (i.e., Q = {q1, ..., qn}). This
process is formulated as:

N
Qd=CQR({qnd}fj:1)=and X wg+Q,d=sa0ro (1)

n=1

After passing through the CQR module, we obtain content query
sets for the three action dimensions. These sets are then summed

with the initialized anchors to yield multi-dimensional action queries.

Each dimensional query set has a length of N, resulting in a to-
tal length of 3N. Following the decoder layers, three query sets
for different action dimensions (Q%, QJ, and Q) are outputted.
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Subsequently, through the Split&Integration module, queries from
different action dimensions with the same index (e.g., q1,, 91,,91,)
are integrated to generate N queries, each of which contains infor-
mation from three action dimensions (top orange cubes in Figure 5):

{anhnls = ST(05, Q4 00) = {an +ma*+an}oys @
where SI represents the Split&Integration module. Finally, the
matching process is conducted to predict hand action results.

Analysis: In our design of multi-dimensional action queries,
we introduce an action dimensional hyper-parameter wy (d € {s, a,
o}), to control the proportion of local information (sub-categories)
fused with global information (triplet categories). In the three action
dimensions <s, a, 0>, the a dimension is the most crucial for our
task. Therefore, we use w, as the central weight to dynamically
adjust the weight proportions of the three action dimensions, with
a total sum of 1. To determine the optimal weight distribution, we
conducted a total of 10 comparative experiments under different
backbones, with detailed results provided in supplement material.

4.3 Coarse-Fine Contrastive Denoising
For object detection, DINO is highly effective in stabilizing training
and accelerating convergence. With the help of DN queries, it learns
to predict “no object” for anchors without nearby objects, thereby
inhibiting confusion and selecting high-quality anchors (queries) for
predicting bounding boxes. However, in HAD tasks where hand ac-
tion categories may overlap or be similar, DINO primarily addresses
the confusion of boxes but overlooks label categories, resulting in
poor prediction capability for different granularity levels of hand
action categories. To address this issue, we propose a Coarse-Fine
granularity Contrastive DeNoising (C-F CDN) training approach
to reject anchors with “incorrect granularity labels”.

Implementation: DINO introduces two hyper-parameters y;
and y, to control the scale of box and label noise, respectively. The
generated noises are no larger than y; and y», aiming to enable
the model to reconstruct the ground truth (GT) from moderately
noisy queries. We observed that DINO only designs two types of
CDN queries for the box: positive and negative queries, while the
label is set to be randomly generated. In the proposed method,
while keeping the box settings unchanged, we further generate two
types of CDN queries for the label: coarse-grained and fine-grained
queries (dark and light yellow cubes in Figure 5). Moreover, unlike
the strategy of randomly generating noisy labels, we add noise
by specifying the noise position and noise category for different
granularity labels. Specifically, coarse-grained queries add noise
containing fine-grained information, while fine-grained queries
add noise containing coarse-grained information, with the expecta-
tion of predicting the correct granularity label for each GT box. In
Figure 5, each CDN group comprises four types of queries: positive-
coarse, positive-fine, negative-coarse, and negative-fine. If a frame
has n GT bounding boxes, a CDN group will contain 4 types of
2 X n queries. Similar to DINO, we also utilize multiple CDN groups
to enhance the effectiveness of the method. The reconstruction loss
for bounding box regression includes I; and GIOU losses, while
focal loss [35] is employed for classification.

Analysis: When designing the noise label generation strategy,
we replaced the “random” generation of noise with “specified”, re-
ducing randomness by specifying noise positions and categories.
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Table 3: Results for MG-HAD and other DETR Series de-
tection models with the ResNet50 backbone on the FHA-
Kitchens validation set trained with 12 epochs. M-G: Mixed-
Grained, C-G: Coarse-Grained, F-G: Fine-Grained.

Method FHA-Kitchens val mAP(%)
M-G label C-G sub-label F-G sub-label

DETR [2] 423 72.8 419
Deformable DETR [71] 49.4 70.9 49.1
DAB-DETR [38] 52.1 73.1 51.8
DDQ-4scale [67] 53.8 67.8 53.7
DINO-4scale [65] 54.7 76.3 54.5

MG-HAD-4sacle ~ 57.0(+2.3) 75.6 56.8(+2.3)

This ensures noise is added to different granularity labels, generat-
ing CDN queries encompassing various granularity. To determine
the optimal setting, we considered the noise distribution of dif-
ferent granularity categories in real-world scenarios and ensured
contrastive learning between coarse and fine-grained information.
We conducted three sets of comparative experiments (Details can
be found in supplementary material). The final selected setting,
as shown in Eq. (3), exhibits the most significant improvement.
Hence, subsequent experiments were conducted using this setting
for further investigation. Our method’s success lies in its ability
to suppress confusion at the category level and select appropriate
granularity to predict hand action categories, thus enhancing its
ability to predict multi-granularity information.

i€0,3)
i€e[30C)

fine-grained
mixed-grained

noise label = { 3)

where i indexes the multi-granularity action category for a specific
instance (i.e., 0~2 denote coarse-grained categories while 3~C-1
denote fine-grained categories), and C is the number of categories.
“fine-grained” and “mixed-grained” denote that the noise label is
chosen randomly from the fine-grained categories and the combina-
tion of the coarse-grained and fine-grained categories, respectively.

5 EXPERIMENTS

5.1 Experiments Settings

Dataset and Metric. Due to the absence of benchmarks for this new
task, we evaluated our model and other representative detection
models solely on the FHA-Kitchens dataset. We conducted experi-
ments using two different backbones: ResNet-50 [23] pre-trained
on ImageNet-1k [14] and Swin-L [39] pre-trained on ImageNet-
22k [14]. All detection models utilize pre-trained weights on the
MS COCO object detection dataset [36]. Furthermore, we not only
report the overall validation results using mixed-grained labels but
also separately report the validation results for coarse-grained and
fine-grained sub-labels. We follow previous works and adopt mean
Average Precision (mAP) [36] as the primary evaluation metric.
Implementation Details. We trained the MG-HAD model on
the FHA-Kitchen dataset using the MMDetection [6] codebase.
Specifically, we utilized pre-trained weights on the MS COCO [36]
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Table 4: Results of MG-HAD and other SOTA detection mod-
els on the FHA-Kitchens validation set. R-50: ResNet-50, M-G:
Mixed-Grained, C-G: Coarse-Grained, F-G: Fine-Grained.

FHA-Kitchens val mAP(%)

Method Epoch Backbone
M-G label C-G sub-label F-G sub-label
Faster R-CNN [46] 108 R-50 48.3 22.3 48.6
YOLOX [20] 100 YOLOX-x 50.7 70.8 50.5
DETR [2] 150 R-50 50.6 73.1 50.3
Deformable DETR [71] 50 R-50 53.7 72.6 53.4
DAB-DETR [38] 50 R-50 54.7 75.2 54.5
DINO-4scale [65] 24 R-50 56.3 74.5 56.0
DINO-4scale [65] 12 R-50 54.7 76.3 54.5
DINO-5scale [65] 12 Swin-L 56.3 76.3 56.1
24 57.7(+1.4) 75.3 57.5(+1.5)
MG-HAD-4scale 12 RS0 57 0(+23) 75.6 56.8(+2.3)
MG-HAD-5scale 12 Swin-L 59.4(+3.1) 77.6 59.2(+3.1)

object detection dataset and fine-tuned it on the hand action detec-
tion task on FHA-Kitchens. We trained the model under two differ-
ent settings: 4scale-R-50 and 5scale-Swin-L. Following DINO [65],
we used the Adam optimizer [29] for model training, with an initial
learning rate of 1x 10™% and weight decay is 10%. The experi-
ments were conducted on the NVIDIA GeForce RTX 3090 GPUs,
with a batch size of 2 for 4scale-R-50 and 1 for 5scale-Swin-L. By
default, MG-HAD was trained for 12 epochs, taking approximately
5 hours. More details are provided in the supplement material.

5.2 Main Results

12-Epoch Setting. To demonstrate the effectiveness of our method
for the multi-granularity HAD task, we compared it with represen-
tative strong baselines from the DETR series [2, 38, 65, 67, 71] on
the FHA-Kitchens dataset under the setting of ResNet-50 backbone
and 12 epochs. In particular, our method, DINO [65], and DDQ [67]
mainly report results under the 4scale setting. As shown in Table 3,
our method achieves much better accuracy in detecting mixed-
grained hand actions, owing to the proposed C-F CDN module
and multi-dimensional action queries. Specifically, it achieves an
improvement of +2.3 AP on mixed-grained labels compared to the
current strongest baseline DINO [65] under the same setting. Fur-
thermore, compared to the classic DETR [2], our method achieves
a significant improvement of +14.7 AP. Note that our method not
only performs well for mixed-grained labels but also shows im-
provement in the validation results for fine-grained sub-labels.
Comparison with SOTA Detection Methods. To compre-
hensively and fairly validate the effectiveness of our method in
enhancing the performance of multi-granularity hand actions, we
compared it with other state-of-the-art (SOTA) detection methods
on the FHA-Kitchens dataset, utilizing their optimal settings (refer
to the MMDetection [6] codebase). DINO exhibits relatively fast
convergence, achieving good results with just 12 epochs on the
Swin-L backbone. Our method inherits the convergence capability
of DINO but yields more significant improvements. We adopted
the same settings as DINO [65], utilizing both 4scale ResNet-50
and 5scale Swin-L backbones, trained for 12 epochs and 24 (2x)
epochs, respectively. The results in Table 4 indicate the following:
(1) Our method exhibits a significant improvement compared to the
baseline [65], which can be attributed to the design of handling fine-
grained information in our model; (2) Comparing models trained

Anon.

Table 5: Ablation study of the key components in MG-HAD.
C-F CDN: Coarse-Fine granularity Contrastive De-Noising
Training, Multi-DA Q: Multi-Dimensional Action Queries.

Method ‘ Algorithm Components mAP(%)
C-FCDN  Multi-DA Q | 4scale-R-50  5scale-Swin-L
Baseline [65] 54.7 56.3
v 56.6 58.2
v 56.4 58.7
MG-HAD v v 57.0 59.4

for 24 epochs and 12 epochs, the main improvement lies in the
accuracy of fine-grained action detection. Since the FHA-Kitchens
dataset contains overwhelming fine-grained categories over the
coarse-grained ones, the model’s representation capacity may be
primarily utilized for fitting fine-grained categories; (3) Under the
5-scale Swin-L backbone, our method achieves a significant im-
provement of 59.4 AP for mixed-grained hand actions with just 12
epochs. This indicates that using a more powerful backbone [39]
can improve both coarse- and fine-grained action detection accu-
racy. Specifically, the detection accuracy of fine-grained actions is
increased by +3.1 AP and the detection accuracy of coarse-grained
actions is increased by +1.3 AP. The visualization of the detection
results can be found in the supplement material.

5.3 Ablation Studies

Effectiveness of New Components: Our method utilizes the
multi-dimensional action queries for multi-dimensional informa-
tion processing, as introduced in Section 4.2, and the C-F CDN
module for multi-granularity information processing, as described
in Section 4.3. To further validate the effectiveness of these compo-
nents, we separately isolated them from the model and evaluated
the performance under two settings: 4scale ResNet-50 and 5scale
Swin-L, as shown in Table 5, where the baseline denotes the original
design proposed by DINO [65]. As can be seen, while the strong
baseline DINO [65] has already surpassed previous models, the pro-
posed MG-HAD introduces two novel designs that notably boost
performance in hand action detection. Each module significantly
enhances the baseline on both backbones, and their combined effect
further enhances performance, demonstrating their complementary
role in understanding multi-granularity hand action information.

6 CONCLUSION

In this paper, we present the first study on multi-granularity hand
action detection, aiming to understand the diverse hand actions
through localizing regions and recognizing various granularity
categories of hand actions. We establish FHA-Kitchens, the first
fine-grained hand action detection dataset, comprising 30,047 high-
quality video frames, 198,839 bounding boxes, and 880 hand action
categories. Through systematic evaluation, we identify that existing
detection methods excel in coarse-grained actions but struggle with
fine-grained ones. To address this, we propose MG-HAD, a simple
yet strong baseline model leveraging the Transformer detector with
two novel designs. It outperforms previous methods across various
granularities of hand actions. FHA-Kitchens and MG-HAD can
serve as a valuable testbed and baseline for future research.

871
872
873

874

876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927

928



929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979
980
981
982
983
984
985

986

Multi-Granularity Hand Action Detection

REFERENCES

[1

(2]

3

=

[7

[

=

[10]

(11

[12]

[13]

[14]

[15

[16

=
=

[18]

[19

[20]

[21]

[22

Moshe Blank, Lena Gorelick, Eli Shechtman, Michal Irani, and Ronen Basri. 2005.
Actions as space-time shapes. In Proceedings of the IEEE International Conference
on Computer Vision, Vol. 2. IEEE, 1395-1402.

Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, Alexander
Kirillov, and Sergey Zagoruyko. 2020. End-to-end object detection with trans-
formers. In Proceedings of the European Conference on Computer Vision. Springer,
213-229.

Joao Carreira, Eric Noland, Andras Banki-Horvath, Chloe Hillier, and Andrew
Zisserman. 2018. A short note about kinetics-600. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.

Joao Carreira, Eric Noland, Chloe Hillier, and Andrew Zisserman. 2019. A
short note on the kinetics-700 human action dataset. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.

Joao Carreira and Andrew Zisserman. 2017. Quo vadis, action recognition? a
new model and the kinetics dataset. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 6299-6308.

Kai Chen, Jiaqi Wang, Jiangmiao Pang, Yuhang Cao, Yu Xiong, Xiaoxiao Li,
Shuyang Sun, Wansen Feng, Ziwei Liu, Jiarui Xu, Zheng Zhang, Dazhi Cheng,
Chenchen Zhu, Tianheng Cheng, Qijie Zhao, Buyu Li, Xin Lu, Rui Zhu, Yue
Whu, Jifeng Dai, Jingdong Wang, Jianping Shi, Wanli Ouyang, Chen Change
Loy, and Dahua Lin. 2019. MMDetection: Open MMLab Detection Toolbox and
Benchmark. arXiv preprint arXiv:1906.07155 (2019).

Lei Chen, Zhan Tong, Yibing Song, Gangshan Wu, and Limin Wang. 2023. Cy-
cleacr: Cycle modeling of actor-context relations for video action detection. arXiv
preprint arXiv:2303.16118 (2023).

Lei Chen, Zhan Tong, Yibing Song, Gangshan Wu, and Limin Wang. 2023. Ef-
ficient video action detection with token dropout and context refinement. In
Proceedings of the IEEE International Conference on Computer Vision. 10388-10399.
Shoufa Chen, Peize Sun, Enze Xie, Chongjian Ge, Jiannan Wu, Lan Ma, Jiajun
Shen, and Ping Luo. 2021. Watch only once: An end-to-end video action detection
framework. In Proceedings of the IEEE International Conference on Computer Vision.
8158-8167. https://doi.org/10.1109/ICCV48922.2021.00807

MMAction2 Contributors. 2020. OpenMMLab’s Next Generation Video Under-
standing Toolbox and Benchmark. https://github.com/open-mmlab/mmaction2.
Navneet Dalal and Bill Triggs. 2005. Histograms of oriented gradients for human
detection. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition, Vol. 1. Ieee, 886-893.

Navneet Dalal, Bill Triggs, and Cordelia Schmid. 2006. Human detection using
oriented histograms of flow and appearance. In Proceedings of the European
Conference on Computer Vision: 9th European Conference on Computer Vision,
Graz, Austria, May 7-13, 2006. Proceedings, Part II 9. Springer, 428-441.

Dima Damen, Hazel Doughty, Giovanni Maria Farinella, Sanja Fidler, Antonino
Furnari, Evangelos Kazakos, Davide Moltisanti, Jonathan Munro, Toby Perrett,
Will Price, et al. 2018. Scaling egocentric vision: The epic-kitchens dataset. In
Proceedings of the European Conference on Computer Vision. 720-736.

Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei. 2009. Im-
agenet: A large-scale hierarchical image database. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. IEEE, 248-255.

Ali Diba, Mohsen Fayyaz, Vivek Sharma, Amir Hossein Karami, Moham-
mad Mahdi Arzani, Rahman Yousefzadeh, and Luc Van Gool. 2017. Temporal 3d
convnets: New architecture and transfer learning for video classification. arXiv
preprint arXiv:1711.08200 (2017).

Jeffrey Donahue, Lisa Anne Hendricks, Sergio Guadarrama, Marcus Rohrbach,
Subhashini Venugopalan, Kate Saenko, and Trevor Darrell. 2015. Long-term
recurrent convolutional networks for visual recognition and description. In
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition.
2625-2634.

Christoph Feichtenhofer. 2020. X3d: Expanding architectures for efficient video
recognition. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition. 203-213.

Christoph Feichtenhofer, Haoqi Fan, Jitendra Malik, and Kaiming He. 2019. Slow-
fast networks for video recognition. In Proceedings of the IEEE International
Conference on Computer Vision. 6202-6211.

Christoph Feichtenhofer, Axel Pinz, and Andrew Zisserman. 2016. Convolutional
two-stream network fusion for video action recognition. In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition. 1933-1941.

Zheng Ge, Songtao Liu, Feng Wang, Zeming Li, and Jian Sun. 2021. YOLOX:
Exceeding yolo series in 2021. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition.

Rohit Girdhar, Joao Carreira, Carl Doersch, and Andrew Zisserman. 2019. Video
action transformer network. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. 244-253.

Chunhui Gu, Chen Sun, David A Ross, Carl Vondrick, Caroline Pantofaru, Yeqing
Li, Sudheendra Vijayanarasimhan, George Toderici, Susanna Ricco, Rahul Suk-
thankar, et al. 2018. Ava: A video dataset of spatio-temporally localized atomic

visual actions. In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (challenge). 6047-6056.

(23]

[24

[25

[26]

[27

[28

[29

[30

(32]

(33]

(34]

[35

[36

(37]

[38

[40

[41]

[45]

ACM MM, 2024, Melbourne, Australia

Kaiming He, Xiangyu Zhang, Shaoqging Ren, and Jian Sun. 2016. Deep residual
learning for image recognition. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. 770-778.

Fabian Caba Heilbron, Victor Escorcia, Bernard Ghanem, and Juan Carlos Niebles.
2015. Activitynet: A large-scale video benchmark for human activity under-
standing. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition. IEEE, 961-970.

Fabian Caba Heilbron, Joon-Young Lee, Hailin Jin, and Bernard Ghanem. 2018.
What do i annotate next? an empirical study of active learning for action local-
ization. In Proceedings of the European Conference on Computer Vision. 199-216.
James Hong, Matthew Fisher, Michaél Gharbi, and Kayvon Fatahalian. 2021.
Video pose distillation for few-shot, fine-grained sports action recognition. In
Proceedings of the IEEE International Conference on Computer Vision. 9254-9263.
Hezhen Hu, Weilun Wang, Wengang Zhou, and Hougiang Li. 2022. Hand-object
interaction image generation. Advances in Neural Information Processing Systems
35 (2022), 23805-23817.

Hueihan Jhuang, Juergen Gall, Silvia Zuffi, Cordelia Schmid, and Michael J Black.
2013. Towards understanding action recognition. In Proceedings of the IEEE
International Conference on Computer Vision. 3192-3199.

Diederik P Kingma and Jimmy Ba. 2015. Adam: A method for stochastic optimiza-
tion. In Proceedings of the International Conference on Learning Representations.
Ang Li, Meghana Thotakuri, David A Ross, Jodo Carreira, Alexander Vostrikov,
and Andrew Zisserman. 2020. The ava-kinetics localized human actions video
dataset. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition (challenge).

Chengshu Li, Ruohan Zhang, Josiah Wong, Cem Gokmen, Sanjana Srivastava,
Roberto Martin-Martin, Chen Wang, Gabrael Levine, Michael Lingelbach, Jiankai
Sun, et al. 2023. Behavior-1k: A benchmark for embodied ai with 1,000 everyday
activities and realistic simulation. In Conference on Robot Learning. Proceedings
of Machine Learning Research, 80-93.

Feng Li, Hao Zhang, Shilong Liu, Jian Guo, Lionel M Ni, and Lei Zhang. 2022.
Dn-detr: Accelerate detr training by introducing query denoising. In Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition. 13619-13627.
Guang Li, Linchao Zhu, Ping Liu, and Yi Yang. 2019. Entangled transformer for
image captioning. In Proceedings of the IEEE International Conference on Computer
Vision. 8928-8937.

Ji Lin, Chuang Gan, and Song Han. 2019. Tsm: Temporal shift module for
efficient video understanding. In Proceedings of the IEEE International Conference
on Computer Vision. 7083-7093.

Tsung-Yi Lin, Priya Goyal, Ross Girshick, Kaiming He, and Piotr Dollar. 2017.
Focal loss for dense object detection. In Proceedings of the IEEE International
Conference on Computer Vision. 2980-2988.

Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays, Pietro Perona, Deva
Ramanan, Piotr Dollar, and C Lawrence Zitnick. 2014. Microsoft coco: Common
objects in context. In Proceedings of the European Conference on Computer Vision:
13th European Conference, Zurich, Switzerland, September 6-12, 2014, Proceedings,
Part V 13. Springer, 740-755.

Fang Liu, Liang Zhao, Xiaochun Cheng, Qin Dai, Xiangbin Shi, and Jianzhong
Qiao. 2020. Fine-grained action recognition by motion saliency and mid-level
patches. Applied Sciences 10, 8 (2020), 2811.

Shilong Liu, Feng Li, Hao Zhang, Xiao Yang, Xianbiao Qi, Hang Su, Jun Zhu, and
Lei Zhang. 2022. Dab-detr: Dynamic anchor boxes are better queries for detr.
Proceedings of the International Conference on Learning Representations.

Ze Liu, Yutong Lin, Yue Cao, Han Hu, Yixuan Wei, Zheng Zhang, Stephen Lin,
and Baining Guo. 2021. Swin transformer: Hierarchical vision transformer using
shifted windows. In Proceedings of the IEEE International Conference on Computer
Vision. 10012-10022.

Ze Liu, Jia Ning, Yue Cao, Yixuan Wei, Zheng Zhang, Stephen Lin, and Han Hu.
2022. Video swin transformer. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. 3202-3211.

Mathew Monfort, Alex Andonian, Bolei Zhou, Kandan Ramakrishnan, Sarah Adel
Bargal, Tom Yan, Lisa Brown, Quanfu Fan, Dan Gutfreund, Carl Vondrick, et al.
2019. Moments in time dataset: One million videos for event understanding. IEEE
Transactions on Pattern Analysis and Machine Intelligence 42, 2 (2019), 502-508.
Jonathan Munro and Dima Damen. 2020. Multi-modal domain adaptation for fine-
grained action recognition. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. 122-132.

Bingbing Ni, Xiaokang Yang, and Shenghua Gao. 2016. Progressively parsing
interactional objects for fine grained action detection. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. 1020-1028.

G. Palli, S. Pirozzi, C. Natale, G. De Maria, and C. Melchiorri. 2013. Mechatronic
design of innovative robot hands: Integration and control issues. In Proceedings
of the IEEE/ASME International Conference on Advanced Intelligent Mechatronics.
1755-1760. https://doi.org/10.1109/AIM.2013.6584351

Junting Pan, Siyu Chen, Mike Zheng Shou, Yu Liu, Jing Shao, and Hongsheng
Li. 2021. Actor-context-actor relation network for spatio-temporal action local-
ization. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition. 464-474.

987

988

989

990

991

992

993

994

995

996

997

998

999

1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043

1044


https://doi.org/10.1109/ICCV48922.2021.00807
https://github.com/open-mmlab/mmaction2
https://doi.org/10.1109/AIM.2013.6584351

1045
1046
1047
1048
1049
1050

1051

1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101

1102

ACM MM, 2024, Melbourne, Australia

[46]

[47]

[48]

[49]

[50]

[51]

[56]

[57]

[58]

Shaogqing Ren, Kaiming He, Ross Girshick, and Jian Sun. 2015. Faster r-cnn:
Towards real-time object detection with region proposal networks. Advances in
Neural Information Processing Systems 28 (2015).

Marcus Rohrbach, Sikandar Amin, Mykhaylo Andriluka, and Bernt Schiele. 2012.
A database for fine grained activity detection of cooking activities. In Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition. IEEE, 1194—
1201.

Chaitanya Ryali, Yuan-Ting Hu, Daniel Bolya, Chen Wei, Haoqi Fan, Po-Yao
Huang, Vaibhav Aggarwal, Arkabandhu Chowdhury, Omid Poursaeed, Judy
Hoffman, et al. 2023. Hiera: A hierarchical vision transformer without the bells-
and-whistles. In Proceedings of the International Conference on Machine Learning.
PMLR, 29441-29454.

Christian Schuldt, Ivan Laptev, and Barbara Caputo. 2004. Recognizing human
actions: A local SVM approach. In Proceedings of the International Conference on
Pattern Recognition, Vol. 3. IEEE, 32-36.

Dian Shao, Yue Zhao, Bo Dai, and Dahua Lin. 2020. Finegym: A hierarchical
video dataset for fine-grained action understanding. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. 2616—-2625.

Gunnar A Sigurdsson, Giil Varol, Xiaolong Wang, Ali Farhadi, Ivan Laptev, and
Abhinav Gupta. 2016. Hollywood in homes: Crowdsourcing data collection for
activity understanding. In Proceedings of the European Conference on Computer
Vision: 14th European Conference, Amsterdam, The Netherlands, October 11-14,
2016, Proceedings, Part I 14. Springer, 510-526.

Karen Simonyan and Andrew Zisserman. 2014. Two-stream convolutional net-
works for action recognition in videos. Advances in Neural Information Processing
Systems 27 (2014).

Lucas Smaira, Jodo Carreira, Eric Noland, Ellen Clancy, Amy Wu, and Andrew
Zisserman. 2020. A short note on the kinetics-700-2020 human action dataset.
arXiv preprint arXiv:2010.10864 (2020).

Khurram Soomro, Amir Roshan Zamir, and Mubarak Shah. 2012. UCF101: A
dataset of 101 human actions classes from videos in the wild. In Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition.

Peize Sun, Rufeng Zhang, Yi Jiang, Tao Kong, Chenfeng Xu, Wei Zhan, Masayoshi
Tomizuka, Lei Li, Zehuan Yuan, Changhu Wang, et al. 2021. Sparse r-cnn: End-
to-end object detection with learnable proposals. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. 14454-14463.

Jiajun Tang, Jin Xia, Xinzhi Mu, Bo Pang, and Cewu Lu. 2020. Asynchronous
interaction aggregation for action detection. In Proceedings of the European
Conference on Computer Vision: 16th European Conference, Glasgow, UK, August
23-28, 2020, Proceedings, Part XV 16. Springer, 71-87.

Du Tran, Heng Wang, Lorenzo Torresani, Jamie Ray, Yann LeCun, and Manohar
Paluri. 2018. A closer look at spatiotemporal convolutions for action recognition.
In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition.
6450-6459.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones,
Aidan N Gomez, Lukasz Kaiser, and Illia Polosukhin. 2017. Attention is all
you need. Advances in Neural Information Processing Systems 30 (2017).

10

[59]

[60]

[61]

[62

[63]

[64

[65]

[66]

[67

[68]

[69]

[70]

Anon.

Limin Wang, Bingkun Huang, Zhiyu Zhao, Zhan Tong, Yinan He, Yi Wang, Yali
Wang, and Yu Qiao. 2023. Videomae v2: Scaling video masked autoencoders
with dual masking. In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. 14549-14560.

Limin Wang, Yuanjun Xiong, Zhe Wang, Yu Qiao, Dahua Lin, Xiaoou Tang, and
Luc Van Gool. 2016. Temporal segment networks: Towards good practices for
deep action recognition. In Proceedings of the European Conference on Computer
Vision. Springer, 20-36.

Limin Wang, Yuanjun Xiong, Zhe Wang, Yu Qiao, Dahua Lin, Xiaoou Tang,
and Luc Van Gool. 2018. Temporal segment networks for action recognition
in videos. IEEE Transactions on Pattern Analysis and Machine Intelligence 41, 11
(2018), 2740-2755

Xiaolong Wang, Ross Girshick, Abhinav Gupta, and Kaiming He. 2018. Non-local
neural networks. In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. 7794-7803.

Tao Wu, Menggi Cao, Ziteng Gao, Gangshan Wu, and Limin Wang. 2023. Stmixer:
A one-stage sparse action detector. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 14720-14729.

Ruolin Ye, Wenqiang Xu, Haoyuan Fu, Rajat Kumar Jenamani, Vy Nguyen, Cewu
Lu, Katherine Dimitropoulou, and Tapomayukh Bhattacharjee. 2022. RCare
World: A Human-centric Simulation World for Caregiving Robots. In Proceedings
of the IEEE International Conference on Intelligent Robots and Systems. IEEE,
33-40.

Hao Zhang, Feng Li, Shilong Liu, Lei Zhang, Hang Su, Jun Zhu, Lionel M Ni, and
Heung-Yeung Shum. 2023. Dino: Detr with improved denoising anchor boxes
for end-to-end object detection. In Proceedings of the International Conference on
Learning Representations.

Jing Zhang and Dacheng Tao. 2020. Empowering things with intelligence: A
survey of the progress, challenges, and opportunities in artificial intelligence of
things. IEEE Internet of Things Journal 8, 10 (2020), 7789-7817.

Shilong Zhang, Xinjiang Wang, Jiaqi Wang, Jiangmiao Pang, Chengqi Lyu, Wen-
wei Zhang, Ping Luo, and Kai Chen. 2023. Dense distinct query for end-to-end
object detection. In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. 7329-7338.

Hang Zhao, Antonio Torralba, Lorenzo Torresani, and Zhicheng Yan. 2019. Hacs:
Human action clips and segments dataset for recognition and temporal local-
ization. In Proceedings of the IEEE International Conference on Computer Vision.
8668-8678.

Jiaojiao Zhao, Yanyi Zhang, Xinyu Li, Hao Chen, Shuai Bing, Mingze Xu, Chunhui
Liu, Kaustav Kundu, Yuanjun Xiong, Davide Modolo, et al. 2021. TubeR: Tubelet
transformer for video action detection. arXiv preprint arXiv:2104.00969 (2021).
Bolei Zhou, Alex Andonian, Aude Oliva, and Antonio Torralba. 2018. Temporal
relational reasoning in videos. In Proceedings of the European Conference on
Computer Vision. 803-818.

Xizhou Zhu, Weijie Su, Lewei Lu, Bin Li, Xiaogang Wang, and Jifeng Dai. 2021.
Deformable detr: Deformable transformers for end-to-end object detection. In
Proceedings of the International Conference on Learning Representations.

1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159

1160



	Abstract
	1 Introduction
	2 Related work
	2.1 AR & AD Dataset
	2.2 AR & AD Method

	3 FHA-Kitchens Dataset
	3.1 Data Collection And Organization
	3.2 Data Annotation
	3.3 Statistics of the FHA-Kitchens Dataset
	3.4 Benchmark Setup

	4 A Simple Yet Strong Baseline
	4.1 A Multi-Granularity Framework
	4.2 Multi-Dimensional Action Queries
	4.3 Coarse-Fine Contrastive Denoising

	5 Experiments
	5.1 Experiments Settings
	5.2 Main Results
	5.3 Ablation Studies

	6 Conclusion
	References

