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Abstract
Interpretation and understanding of video presents a

challenging computer vision task in numerous fields - e.g.
autonomous driving and sports analytics. Existing ap-
proaches to interpreting the actions taking place within a
video clip are based upon Temporal Action Localisation
(TAL), which typically identifies short-term actions. The
emerging field of Complex Activity Detection (CompAD)
extends this analysis to long-term activities, with a deeper
understanding obtained by modelling the internal structure
of a complex activity taking place within the video.

We address the CompAD problem using a hybrid graph
neural network which combines attention applied to a graph
encoding the local (short-term) dynamic scene with a tem-
poral graph modelling the overall long-duration activity.
Our approach is as follows: i) Firstly, we propose a novel
feature extraction technique which, for each video snippet,
generates spatiotemporal ‘tubes’ for the active elements
(‘agents’) in the (local) scene by detecting individual ob-
jects, tracking them and then extracting 3D features from
all the agent tubes as well as the overall scene. ii) Next, we
construct a local scene graph where each node (represent-
ing either an agent tube or the scene) is connected to all
other nodes. Attention is then applied to this graph to ob-
tain an overall representation of the local dynamic scene.
iii) Finally, all local scene graph representations are inter-
connected via a temporal graph, to estimate the complex
activity class together with its start and end time.

The proposed framework outperforms all previous
state-of-the-art methods on all three datasets including
ActivityNet-1.3, Thumos-14, and ROAD.

1 . Introduction
Detecting and recognising activities in untrimmed videos

is a challenging research problem, with applications to, e.g.,
sports [14], autonomous driving [9], medical robotics [53]
and surveillance [58]. Temporal Action Localisation (TAL)
approaches not only recognise the action label(s) present
in a video, but can also identify the start and end time
of each activity instance, enabling the generation of sports
highlights [25, 60], the understanding of road scenes in au-

tonomous driving [21], the video summarisation of surveil-
lance videos [54] and video captioning [23, 38]. A number
of TAL methods [3, 13, 27, 28, 31, 34, 35, 52, 55, 59] have
recently been proposed, competing to achieve state-of-the-
art performance [12,61] on accepted benchmarks. Whereas
various new datasets have been recently proposed, the two
most common relevant benchmarks remain ActivityNet 1.3
[7], and Thumos-14 [16]. State-of-the-art performance on
Thumos-14 has improved in four years by some 19% [64].

Almost all TAL approaches comprise a features/scene
representation stage and a temporal localisation stage. In
the former, snippets (continuous sequences of frames) are
processed to understand the local scene in the video. Meth-
ods [3, 13, 31, 52] typically employ pre-extracted features
obtained using a sequential learning model (e.g., I3D [10]),
often pre-trained on the Kinetics [18] dataset. Features are
then processed, e.g., via a temporal or semantic graph neu-
ral network, by applying appropriate encoding techniques
or by generating temporal proposals, in an object detection
style [11]. In the second stage, TAL approaches tempo-
rally localise activities in various ways, e.g. via temporal
graphs [55, 59], boundary regression and proposals genera-
tion [13, 27, 28] or encoder-decoder methods [64].

As recently pointed out in e.g. [12, 20], in real-world
applications a challenge is posed by complex activities,
longer-term events comprising a series of elementary ac-
tions, often performed by multiple agents. For example, an
Autonomous Vehicle (AV) negotiating a pedestrian cross-
ing is engaged in a complex activity: First it drives along
the road, then the traffic lights change to red, the vehicle
stops and several pedestrians cross the road. Eventually, the
lights turn green again and the AV drives off.

Theoretically, TAL methods can be employed to tem-
porally segment complex activities, in practice such ap-
proaches are only employed to detect short- or mid-duration
actions lasting a few seconds at most (e.g., a person jump-
ing or pitching a baseball). The activities contemplated by
the most common datasets are of this nature. Fig. 2 com-
pares two standard TAL benchmarks with the recently re-
leased ROAD dataset, explicitly designed for complex ac-
tivity detection. Activities in the ROAD dataset last longer
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Figure 1. An overview of our Complex Activity Detection (CompAD) framework. The input video is divided into fixed-size snippets
S1, . . . , SN (top); each snippet is then processed in three major steps (bottom). A) Firstly, scene objects (agents) are detected and tracked
throughout the snippet to form agent tubes. 3D features are then extracted from all the cropped agent tubes (fai ) as well as the local scene
(fsi ). B) Next, a local scene graph is constructed where agent nodes (in gray) are connected to each other and to the snippet node (in
light blue). The local scene graph is processed using a graph attention network (GAT), resulting in intermediate scene features (f ′′

si ). C)
Finally, all local scene features associated with individual snippets are temporally connected and processed using a global temporal graph
to identify the boundaries of the activity using anchor proposals (shown in different colors).

than those in ActivityNet or Thumos, with twice as many
agents per snippet, making them more complex in nature.

In this paper we argue that standard TAL approaches
are ill equipped to detect complex activities, as they fail to
model both the global temporal structure of the activity and
its fine-grained structure, in terms of the agents and elemen-
tary actions involved and their relations.

We may thus define (strong) Complex Activity Detection
(CompAD) as the task of recovering, given an input video,
the temporal extent of the activities there present, as well
as their inner structure in terms of the agents or elementary
actions involved. A weaker CompAD is one in which the
only expected output is the temporal segmentation, with the
internal structure of the activity estimated as a means for
achieving segmentation - with no annotation available.

While a small number of studies have attempted to detect
complex, long-duration activities [12,20,43], to our knowl-
edge [21] is the only existing study which attempts to tackle
CompAD as defined above. The work, however, relies upon
the availability of heavily-annotated datasets which include
granular labels for the individual actions which make up a
complex activity, and the corresponding frame-level bound-
ing boxes. This is a serious limitation, for it prevents [21]
from being usable for pure temporal segmentation and com-
pared with prior art there. Further, [21] focuses only on the
graph representation of snippets, neglecting the long-term

modelling of complex activities.

Figure 2. Comparing TAL datasets (ActivityNet-1.3 and Thumos-
14) with a CompAD dataset (ROAD) in terms of average activity
and video durations and mean number of agents per snippet.

Objectives. This work aims to push the boundaries
of temporal action localisation to tackle (weak) CompAD,
leveraging datasets providing temporal segmentation anno-
tation only. We do so by modelling and leveraging a com-
plex video activity’s internal structure, but without resorting
to any additional fine-grained annotation concerning indi-
vidual actions. Nevertheless, our proposal is easily general-
isable to strong CompAD whenever individual action/agent
annotation is available, in an end-to-end trainable setting.

Our proposed framework (Fig. 1) is composed of three
stages: A) feature extraction; B) a scene graph attention net-
work designed to learn the importance of each active object
(‘agent’) within the local dynamic scene; and C) a temporal
graph of attended scene graphs for the localisation of com-
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plex activities of arbitrary duration.
Our feature extraction scheme (A) differs from what typ-

ically done in prior art - where spatiotemporal features are
extracted from whole snippets only. In contrast, we first
detect the relevant active objects (agents) in the scene and
track them within each snippet to build for each an agent
tube (a series of related bounding boxes). We use a pre-
trained tracker to allow the method to be deployable to any
datasets with only temporal annotation (no bounding box
annotation for the scene agents is required), while leverag-
ing a fine-grained description of the internal structure of a
complex activity in the form of a graph of agents. A pre-
trained 3D feature extraction model is used to extract fea-
tures from both the agent tubes and the whole snippet.

To represent the local dynamic scene within each snip-
pet, a local scene graph (B) is constructed using three dif-
ferent topologies (Sec. 3 .2). The local scene graph is then
processed using a scene graph attention (SGAT) network to
extract an overall scene representation, because of its ability
to compute the importance of each node in the context of its
neighbors, thus modelling the structure of complex scenes.

Finally (C), the learned local scene graphs are connected
to each other by constructing a temporal graph, with the aim
of recognising the activity label and identifying its temporal
boundaries (start and end time) in a class-agnostic manner.

Our main Contributions are, therefore:
• An original hybrid graph network approach for general

complex activity detection, comprising a local scene
graph as well as a global temporal graph, capable of lo-
calising both complex and shorter-term activities and
able to perform both weak and strong CompAD, de-
pending on what annotation is available.

– A scene graph attention network for learning the
importance of each agent in the context of a (lo-
cal) dynamic scene.

– A temporal graph of activated scene graphs for
the detection of the start and end of an activity of
arbitrary duration.

• Comprehensive experiments showing how our ap-
proach leveraging weak CompAD outperforms the
most recent TAL state-of-the-art across the board
on ActivityNet-1.3, Thumos-14 and the recent ROad
event Awareness Dataset (ROAD) [21, 44], which por-
trays long-duration road activities involving multiple
road agents over sometimes several minutes, showing
clear dominance on classical TAL approaches.

2 . Related Work
Recently, a series of works on activity detection

have been proposed including spatiotemporal methods and
graph-based methods, with recent advances in Graph At-
tention showing promise in many applications, including
trajectory prediction for autonomous driving [22, 47], so-
cial recommendation [45] and 3D object tracking [6]. The

state-of-the-art approaches to activity detection and graph
approaches are summarised below.

2 .1. One-stage vs two-stage approaches
TAL methods can been broadly divided into one-stage

and two-stage approaches. The former [5, 15, 26, 35] detect
actions/activities in a single shot, and can be easily trained
in an end-to-end manner. For example, Wang et al. [50] de-
tect actions using transformers which, unlike RNNs, do not
suffer from nonparallelism and vanishing gradients. Most
one-stage methods, however, only perform action classifi-
cation, rather than spatiotemporal localisation. In contrast,
Lin et al. [26] have recently proposed an anchor-free, one-
stage light model which generates proposals, locates actions
within them, and classifies them end-to-end.

The latter group of methods [2, 27, 28, 51, 65], instead,
consist of two stages, similarly to region-proposal object
detectors. The first stage generates suitable proposals for
predicting the start and end time of an activity, while the
second stage extracts features and processes the proposals
before passing them to both a classification head and a re-
gression head (for temporal localisation). Some works, in-
cluding [27], focus on the first stage to improve the qual-
ity of the proposals, while others focus on the processing
or refining of the proposals. [65], for instance, uses an off-
the-shelf method for proposal generation. The second stage
consists of two networks, a ‘disentanglement’ network to
separate the classification and regression representations,
and a ‘context aggregation’ network to add them together.
Such methods are not trainable end-to-end and limited to
short-or mid-duration actions.

In contrast, this paper proposes a CompAD method
which exhibits the advantages of both classes of methods,
thanks to our hybrid graph approach capable of recognising
and localising both short- and long-duration activities.

2 .2. Graph Convolutional Networks approaches
Graph Convolutional Networks (GCNs) have been ex-

tensively investigated for TAL [2,40,55,56,59]. GCN-based
TAL methods can also be further divided into two-stage and
one-stage methods. The former, once again, perform lo-
calisation after generating suitable proposals. E.g., in [59]
two different types of boundary proposals are generated and
then individually passed to the same graph, resulting in both
an action label and a temporal boundary.

One-stage GCN-based TAL methods, instead, solve the
detection problem without proposals in one go by learn-
ing spatiotemporal features in an end-to-end manner. For
examples, in [55] a graph is first generated by connect-
ing the snippets both temporally and by virtue of meaning-
ful semantics. This graph is then divided into sub-graphs
(anchors), where each anchor represents the activity in an
untrimmed video. In contrast, [21] proposed a spatiotem-
poral scene graph-based long-term TAL method where each
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of the snippets is considered as a separate graph, which is
heavily dependent on the particular actions present in the
scene, and is only applicable to datasets providing (label
and bounding box) annotations for each individual action.

This study proposes leveraging GCNs, by incorporating
them in an overall hybrid graph capable of modelling both
the local scenes, via a Graph Attention Network (GAT) [48],
and the overall global activity via a temporal graph. GATs
build on the transformer concept by applying attention to
graphs, and were originally proposed in [48] for node clas-
sification. The idea is to update the representation of the
current node with respect to its neighbours by applying at-
tention to learn the importance of the various connections.

In this paper, GAT is used at the local scene level to learn
the features of each node (active agent tube), to generate a
more robust local scene representation.

3 . Proposed Methodology
The proposed framework is illustrated in Fig. 1. An in-

put untrimmed video V is divided into N snippets S = S1,
..., Si, Si+1, ..., SN (each snippet is a pre-defined constant
length of consecutive frames). Each snippet is then passed
to the tube detection and feature extraction module which
returns a feature vectors for both the snippet fsi and the
individual agent tubes fa1

i
, fa2

i
,...,fan

i
, where n is the num-

ber of agents present in snippet i. These features are then
forwarded to the local scene graph attention layer for learn-
ing the attention of each agent in the context of its neigh-
bours. This returns an aggregate feature representation for
the whole scene (f ′′

si ). These aggregate local scene features
for all the snippets, f ′′

s1 ,f ′′
s2 ,...,f ′′

sN , are then connected us-
ing a global temporal graph for the generation of the activ-
ity class label ŷsi and activity boundary labels ŷbri using
anchor proposals in a class-agnostic manner.

3 .1. Tube Detection and Feature Extraction
As mentioned, one of the contributions of this paper is a

new strategy for feature extraction and representation which
consists in analysing the finer structure of the local dynamic
scene, rather extracting features from whole snippets only.

Objects Detection and Tracking. We first detect scene
objects in each frame of the snippet using an object detector
pre-trained on the COCO dataset [29], which comprises of
80 different types of objects. However, we select a relevant
list of object types (agents) which depends on the dataset
(the lists of classes selected for each dataset is given in Sec-
tion 4 .2 – Implementation Details). The detected agents
are then tracked using a pre-trained tracker throughout the
snippet in order to construct agent tubes. The latter are of
variable length, depending on the agent itself and its role in
each snippet. Fig. 3 pictorially illustrates agent tubes in an
example video segment from the ROAD dataset, showing
both a sample frame, with overlaid the detection bounding
boxes, and a bird’s-eye view of the agent tubes and local

Figure 3. Visualisation of our agent detection and tracking stage
using a bird’s-eye view of the spatiotemporal volume correspond-
ing to a video segment of the ROAD dataset. The upper section
shows a random frame from the segment (with bounding boxes).
Below, the detected agent tubes are plotted in space and time to-
gether with different possible local scene graph representations.
The agent tubes we extract from the scene are of variable sizes.
The way scene object motion affects the spatial and temporal ex-
tent of the tubes can be appreciated. Additional scenarios with
visualisation are illustrated in the Supplementary material.

scene graph for the snippet it belongs to.
Feature Extraction. Next, all the detected agent tubes

are brought to a standard size and passed to the pre-trained
3D CNN model along with the whole snippet for spatiotem-
poral feature extraction. The adopted 3D CNN model al-
lows variable length inputs, and outputs a fixed-sized fea-
ture vector for each of the agent tubes and the snippet.

3 .2. Scene Graph Attention
In the second stage, a scene graph representation is used

to describe the scene in terms of features extracted from
both the overall snippet and the agent tubes.

Graph Generation. The scene graph is constructed us-
ing three different topologies: a star graph connecting each
agent node to the scene node, a star topology with also links
between agents sharing a label, and a fully-connected one
(Fig. 3). The influence of topology is shown in Sec. 4 .4.

Graph Attention. As mentioned, our scene graph atten-
tion layer is inspired by the GAT concept [48], originally
designed for node classification. While we follow a similar
attention mechanism, here we amend the attention layer in
order to extract aggregate features from all the nodes, to be
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Figure 4. Our scene graph attention layer (Stage B of our approach, Fig. 1) takes the node features generated in the feature extraction Stage
A as an input, and updates each node’s features using node attention with respect to its all connected neighbours. Multi-head attention with
H heads is applied to each node to further robustify the representation – averaging yields the final node features. To obtain a fixed-size
overall representation for a specific local scene (snippet), the features of all its nodes are aggregated using a learnable weight matrix W2.

passed in turn to our localisation layer in the third stage.
The workflow of our scene graph attention layer is shown

in Fig. 4. All input node features are linearly transformed
using a weight matrix W1, followed by self-attention to find
the importance of each node with respect to its connected
neighbours. An activation function LeakyReLU is applied
to the features for nonlinearity, resulting in final output fea-
tures for all of the nodes. These are then normalised using a
softmax function to make each node representation (f ′

sia
j
i

)

comparable with that of all the nodes connected to it (f ′
si ).

The self-attention process is further improved by apply-
ing a multi-head attention strategy inspired by transform-
ers [48]. Attention is applied to the node features individu-
ally. For each node, the average over the H heads is com-
puted, resulting in an attended feature vector for each node.

Finally, to get a fixed-size representation for the whole
scene, the output features of all the nodes are aggregated us-
ing another learnable weight matrix W2, which outputs the
final feature representation f ′′

si for the whole (local) scene.

3 .3. Temporal Graph Localisation
In Stage C of our framework, activity recognition and

localisation are performed using a GCN. The final features
from all the local scenes (f ′′

s1 , ..., f ′′
si ,f

′′
si+1

,...,f ′′
sN ), as out-

putted by the scene graph attention layer, are temporally
connected to build a global temporal graph (see Fig. 1, C).

Our GCN network for processing the global temporal
graph is divided into two parts. The first part comprises
three 1D convolutional layers designed to learn the tempo-
ral appearance of all the local scenes with boundaries, each
followed by a sigmoid activation for non-linearity. The sec-
ond part generates the anchor proposals of the temporally
learned features via pre-defined anchors, where each of the
anchors acts as a binary mask over the whole graph.

Overall, the GCN module provides two different outputs.
i) Activity classification: the list of predicted activity labels
for all the snippets in the video (ŷs1 , ..., ŷsi , ..., ŷsN ) is pro-
duced, where the dimensionality of the output vector ŷ is
equal to the number of classes. ii) Activity localisation: ac-

tivities are localised using binary masked class-agnostic an-
chor proposals. The Intersection over Union (IoU) measure
between each anchor and the ground truth (true temporal
extension of the activity) is computed, and the anchors with
maximum IoU are selected to train the model for localis-
ing the boundaries of any activity, regardless of its activity
label. The final output of our temporal graph is a one-hot bi-
nary vector (ŷbr1 , ..., ŷbri , ..., ŷbrN ) for each series of snip-
pets (video), where ŷbri = 1 iff snippet Si belongs to the
activity, = 0 when the snippet does not belong to it.

4 . Experimental Evaluation
4 .1. Datasets

ROAD (The ROad event Awareness Dataset for Au-
tonomous Driving) [44] is a multi-labeled dataset proposed
for road agent, action, and location detection. The combi-
nation of these three labels is referred to in [44] as a ‘road
event’. The ROAD dataset consists of a total of 22 videos
with an average duration of 8 minutes, captured by the Ox-
ford RobotCar [36] under diverse lighting and weather con-
ditions. The dataset was further extended as a testbed for
CompAD in [21]. Complex activities in the ROAD dataset
belong to six different classes, including: negotiating an in-
tersection, negotiating a pedestrian crossing, waiting in a
queue, merging into the (ego) vehicle lane, sudden appear-
ance (of other vehicles/agents), and (people) walking in the
middle of the road. Activities can span up to two minutes
and involve a large number of road agents.

Thumos-14 [16] is a benchmark datasets for TAL. It
contains 413 untrimmed temporally annotated videos cate-
gorised into 20 actions. Videos are characterised by a large
variance in duration, from one second to 26 minutes. On av-
erage, each video contains 16 action instances. To compare
our performance with the state-of-the-art, we adopt standard
practice of using the validation set (200 videos) for training
while evaluating our model on the test set (213 videos).

ActivityNet-1.3 [7] is one of the largest action locali-
sation datasets with around 20K untrimmed videos com-
prising 200 action categories. The videos are divided into
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training, validation, and testing folds according to a ratio
of 2:1:1, respectively. The number of action instances per
video is 1.65, which is quite low compared to Thumos-14.
Following the previous art, we train our model on the train-
ing set and test it on the validation set.

4 .2. Implementation Details
Evaluation metrics. In our experiments, mean Average

Precision (mAP) was used as an evaluation metric, using
different IoU thresholds for the different datasets. Accord-
ing to the official protocols for the various benchmarks, the
following lists of temporal IoU thresholds were selected:
{0.1, 0.2, 0.3, 0.4, 0.5} for ROAD, {0.3, 0.4, 0.5, 0.6, 0.7}
for Thumos-14 and {0.5, 0.7, 0.95} for ActivityNet-1.3.

Feature extraction. Firstly, the agent tubes are con-
structed by detecting scene objects using a YOLOv5 de-
tector [17] pre-trained on the COCO dataset. Detections are
then tracked throughout a snippet using DeepSort [4]. Then,
features are extracted using an I3D network pre-trained on
the Kinetics dataset [18], from both the entire snippet and
each cropped agent tube individually. The object categories
were reduced to six for the ROAD dataset to only cover the
agents actually present in the road scenes portrayed there.
As the other two datasets (ActivityNet-1.3 and Thumos-14)
are general purpose, in their case we retained all the 80
classes present in the COCO dataset.

Scene Graph Attention. The local scene graph was
generated by producing a list of tuples [(0, 1), (0, 2), ...],
where the first index relates to the source node and the sec-
ond number indexes the target node. The reason for pre-
ferring this structure over an adjacency matrix was to limit
memory usage. For node attention learning, we initialised
our architecture using the weights of the GAT model [48]
pre-trained on the PPI dataset [66] and applied 4 attention
layers with {4, 4, num of classes, and num of classes} heads,
respectively. The number of classes is equal to 201, 21, and
7 in ActivityNet-1.3, Thumos-14 and ROAD, respectively.

The Temporal Graph is a stack of three 1D convolu-
tion layers on the final representation of the temporally con-
nected local scenes. The size of the input to the first con-
volutional layer is the number N of local scenes (snippets),
multiplied by the number of heads in the last attention layer.

The length of our temporal graph is fixed to N . Videos
with number of snippets less than or equal to N are passed
directly to the temporal graph; longer videos are split into
multiple chunks containing N snippets each. The output is
a one-hot vector of activity labels of size N and a collection
of 128 proposals (binary graph masks) also of length N .

Loss Functions. Our problem is multi-objective, as we
aim at not only recognising the label of the activity taking
place but also finding its boundary (start and end time). Our
overall loss function is thus the weighted sum of BCEWith-
LogitsLoss [1] (for activity classification) and standard bi-
nary cross entropy (for temporal localisation). Full details

Table 1. Comparing our approach with the state-of-the-art meth-
ods for CompAD available on the ROAD dataset. The mAP at the
various standard thresholds is reported. Best results are in bold
and second best underlined.

ROAD
Methods 0.1 0.2 0.3 0.4 0.5 Avg

P-GCN [59] 60.0 56.7 53.9 50.5 46.4 53.5
G-TAD [55] 62.1 59.8 55.6 52.2 48.7 55.6
STDSG [21] 77.3 74.6 71.2 66.7 59.4 69.8
TallFormer [12] 78.4 74.9 70.3 63.8 57.1 68.9
ActionFormer [61] 76.5 73.7 72.6 64.4 58.2 69.0
Ours 82.1 77.4 73.3 69.5 62.9 73.0

can be found in the Supplementary material.

4 .3. Comparison with State-of-the-Art
ROAD. To validate our CompAD approach, we first

compared ourselves with the prior art available for the
ROAD dataset and re-implemented the current state-of-the-
art TAL methods; TallFormer [12] and ActionFormer [61]
there (see Table 1). The standard IoU thresholds for mAP
computation on ROAD range from 0.1 to 0.5.

Thumos-14. Our hybrid graph approach is compared
with the state of the art on Thumos-14 in Table 2. We
followed the standard evaluation metric there: mAP with
IoU thresholds ranging from 0.3 to 0.7 and their average.
Competitor methods were published in top computer vision
venus in 2018-2023. These methods are grouped into two
categories whether the optical flow (OF) modality is used
or not especially at inference time. The recent TriDet [42]
approach achieves the highest average mAP 69.3 by using
both OF and RGB modalities while our method outperforms
all RGB-based models.

Figure 5. Performance comparison with the state-of-the-art over
all the three datasets considered, as a function of average activity
duration and average no. of agents per snippet.

ActivityNet-1.3. Table 2 also compares our proposal
with the state-of-the-art methods on ActivityNet-1.3. The
mAP IoU thresholds used for comparison are 0.5, 0.75,
and 0.95. Our approach achieves the best mAP for all IoU
thresholds and even outperforms all the methods including
the one using both OF and RGB modalities.

To sum up, our proposal clearly outperforms all previous
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Table 2. Activity detection performance comparison on Thumos-14 and ActivityNet-1.3. mAP values (%) at different IoU thresholds are
reported for the test and validation sets of Thumos-14 and ActivityNet-1.3, respectively. The models are grouped by whether the model
relies on optical flow (OF) or not. Best results are in bold and second best underlined.

Thumos-14 ActivityNet-1.3
Methods Venue OF 0.3 0.4 0.5 0.6 0.7 Average 0.5 0.75 0.95 Average

BSN [28] ECCV’18 ✓ 53.5 45.0 36.9 28.4 20.0 36.8 46.4 30.0 8.0 30.0
P-GCN [59] ICCV’19 ✓ 63.6 57.8 49.1 — — — 48.3 33.2 3.3 31.1
BMN [27] ICCV’19 ✓ 56.0 47.4 38.8 29.7 20.5 38.5 50.1 34.8 8.3 33.8
G-TAD [55] CVPR’20 ✓ 54.5 47.6 40.2 30.8 23.4 39.3 50.4 34.6 9.0 34.1
BC-GNN [2] ECCV’20 ✓ 57.1 49.1 40.4 31.2 23.1 40.2 50.6 34.8 9.4 34.3
BSN++ [46] AAAI’21 ✓ 59.9 49.5 41.3 31.9 22.8 41.1 51.3 35.7 8.3 34.9
MUSES [32] CVPR’21 ✓ 68.9 64.0 56.9 46.3 31.0 53.4 50.0 35.0 6.6 34.0
ContextLoc [63] ICCV’21 ✓ 68.3 63.8 54.3 41.8 26.2 50.9 56.0 35.2 3.5 34.2
CPN [13] WACV’22 ✓ 68.2 62.1 54.1 41.5 28.0 50.7 — — — —
RefactorNet [52] CVPR’22 ✓ 70.7 65.4 58.6 47.0 32.1 54.8 56.6 40.7 7.4 38.6
RCL [49] CVPR’22 ✓ 70.1 62.3 52.9 42.7 30.7 51.7 55.1 39.0 8.3 37.6
LDCLR [64] AAAI’22 ✓ 72.1 65.9 57.0 44.2 28.5 53.5 58.1 36.3 6.2 35.2
ActionFormer [61] ECCV’22 ✓ 82.1 77.8 71.0 59.4 43.9 66.8 53.5 36.2 8.2 35.6
Re2TAL [62] CVPR’23 ✓ 77.4 72.6 64.9 53.7 39.0 61.5 55.3 37.9 9.0 37.0
TriDet [42] CVPR’23 ✓ 83.6 80.1 72.9 62.4 47.4 69.3 54.7 38.0 8.4 36.8
GTAN [35] CVPR’19 ✗ 57.8 47.2 38.8 — — — 52.6 34.1 8.9 34.3
TadTR [33] TIP’22 ✗ 59.6 54.5 47.0 37.8 26.5 45.1 49.6 35.2 9.9 34.3
E2E-TAD [31] CVPR’22 ✗ 69.4 64.3 56.0 46.4 34.9 54.2 50.8 36.0 10.8 35.1
ActionFormer [61] ECCV’22 ✗ 69.8 66.0 58.7 48.3 34.6 55.5 53.2 35.1 8.0 34.9
TAGS [39] ECCV’22 ✗ 59.8 57.2 50.7 42.6 29.1 47.9 54.4 34.9 8.7 34.9
TallFormer [12] ECCV’22 ✗ 76.1 — 63.2 — 34.5 59.2 54.1 36.2 7.9 35.5
DL-Net [57] ICASSP’23 ✗ 61.3 55.8 47.7 37.6 26.4 – 50.3 35.0 9.3 34.3
DCMD [24] CVPR’23 ✗ 70.5 65.8 59.2 50.1 38.2 56.8 53.7 35.9 8.6 35.6
Ours WACV’24 ✗ 78.2 69.5 62.7 50.1 36.9 59.8 60.6 40.3 11.1 39.3

approaches over the ROAD dataset, showing the potential
of this approach for modelling and detecting long, complex
activities. Further, our approach outperforms all competi-
tors over Thumos-14 and ActivityNet. The comparison of
methods with respect to the complexity of the datasets is
illustrated in Fig. 5 shows how increasingly outperforms
the prior art as the duration and complexity of the activities
increases.
4 .4. Ablation Studies

Effect of Agent Nodes. Firstly, we showed the advan-
tage of modelling the scene as a graph of agents, compared
to simply using whole scene features. Namely, we removed
the local scene graph from our pipeline (Fig. 1, stage B) and
passed the 3D features of the whole scene as a node to the
global temporal graph. The significant performance drop
can be clearly observed in Fig. 6 over all three datasets.

Effect of Edges and Aggregation. Next, we studied the
influence of different types of edge connections in the local
scene graph: (i) a fully-connected scene graph; (ii) a star
structure where each agent node is connected to the scene
node only; (iii) a star structure with additional connections
between agent nodes sharing the same label.

We also validated two different techniques for extracting

Figure 6. Average mAP of variants of our method with: attended
scene graph (’Agents with GAT’), scene graph (’Agents without
GAT’) and ’Scene features only’, over the all three datasets.

the final representation from the local scene graph, named
‘Aggregated’ and ‘Scene’. In the former, the feature rep-
resentation is extracted by aggregating those of all the at-
tended nodes. In the latter, only the feature vector related to
the scene node (after attention) is retained. Table 3 shows
the effect of all possible combinations of graph topologies
and aggregation strategies. A fully-connected scene graph
with Aggregated features performs best in two cases over
three, while the star topology best suits ActivityNet.

Effect of Sequence Length. To explore the effect on our
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Table 3. Effect of local scene graph topologies and feature aggre-
gation strategies on the performance of our proposal.

Thumos-14 Act.Net-1.3 ROAD
Topology Aggr. Scene Aggr. Scene Aggr. Scene

Fully 59.8 49.2 37.4 31.4 73.0 62.7
Star 51.2 44.8 39.3 36.6 62.3 57.9
Star + 52.2 41.9 35.3 32.7 64.9 59.2

model of snippet duration (the temporal extent of the local
dynamic scene), we performed experiments with four dif-
ferent sizes (12, 18, 24, and 30), reported in Table 4. On
ActivityNet-1.3 and ROAD, the top scores were obtained
by selecting a sequence length of 24, due to the nature of
the activities present in these datasets, which last longer.
On the other hand, on Thumos-14 we achieved the best per-
formance using a sequence length of 18, as most activities
there are shorter in duration.

Table 4. Average mAP over all IoU thresholds of our method as a
function of different snippet lengths for the three datasets.

Snippet length Thumos-14 ActivityNet-1.3 ROAD

12 52.7 31.3 56.9
18 59.8 37.6 62.6
24 54.3 39.3 73.0
30 49.7 34.5 70.0

Effect of Temporal Graph Length. We also ablated the
effect of the length of the temporal graph, i.e., the number
of local scene nodes composing the global graph (Table 5).
Four different graph lengths (128, 256, 512, 1024) are com-
pared. The best performance is achieved on Thumos-14 us-
ing a smaller number of scene nodes, due to the average
duration of the videos there and its portraying shorter-term
activities. In contrast, on ROAD and ActivityNet-1.3 our
approach performed the best using longer temporal graphs.

Qualitative Results. To help the reader visualise the
output of our proposed method, we show some qualitative
detection results on all three datasets in Fig. 7. The figure
shows one sample per dataset, and portrays a series of local
scenes (snippets), skipping some for visualisation purposes,
with superimposed the ground truth (in green) and the pre-
diction of our model (in red). For example, for ActivityNet-
1.3 an instance of the ‘Layup drill in basketball’ class is
shown in which the activity starts with snippet 7 and ends

Table 5. Average mAP over all IoU thresholds of our method as a
function of different temporal graph lengths for the three datasets.

Temporal length Thumos-14 ActivityNet-1.3 ROAD

128 59.8 29.6 48.3
256 52.9 32.7 58.5
512 50.3 39.3 69.2
1,024 46.8 34.1 73.0

Figure 7. Qualitative results of our method on all 3 datasets.
The green rectangles spanning the snippets (local scenes) are the
ground truth; the red boxes denote our model’s predictions.

with snippet 42. Our model predicts the activity to start
from snippet 6 and end with snippet 43.

5 . Conclusions
This paper explicitly addresses the problem of detecting

longer-term, complex activities using a novel hybrid graph
neural network-based framework - combining both scene
graph attention and a temporal graph to model activities of
arbitrary duration. Our proposed framework is divided into
three main building blocks: agent tube detection and fea-
ture extraction; a local scene graph construction with atten-
tion; and a temporal graph for recognising the class label
and localising each activity instance. We tested our method
on three benchmark datasets, showing the effectiveness of
our method in detecting both short-term and long-term ac-
tivities, thanks to its ability to model their finer-grained
structure without the need for extra annotation. Our ap-
proach outperforms all previous state-of-the-art methods on
all of the datasets including Thumos-14, ActivityNet-1.3,
and ROAD datasets.

In the future, we intend to progress from incremental
inference to incremental training, by learning to construct
activity graphs in an incremental manner, paving the way
to applications such as future activity anticipation [30] and
pedestrian intent prediction [8]. A further exciting line of
research is the modelling of the uncertainty associated with
complex scenes, in either the Bayesian [19] or the full epis-
temic settings [37, 41].
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