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Figure 1: A video event graph chain C is a series of observed historical video events, represented as video event graphs, where
each node in the graph contains both visual and textual representations, and the edges denote argument roles. Given a C, the
proposed AVEP task requires the model to predict the verb of future events along with their corresponding arguments.

Abstract

Script event induction, which aims to predict the subsequent event
based on the context, is a challenging task in NLP, achieving re-
markable success in practical applications. However, human events
are mostly recorded and presented in the form of videos rather than
scripts, yet there is a lack of related research in the realm of vision.
To address this problem, we introduce AVEP (Action-centric Video
Event Prediction), a task that distinguishes itself from existing video
prediction tasks through its incorporation of more complex logic
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and richer semantic information. We present a large structured
dataset, which consists of about 35K annotated videos and more
than 178K video clips of event, built upon existing video event
datasets to support this task. The dataset offers more fine-grained
annotations, where the atomic unit is represented as a multimodal
event argument node, providing better structured representations
of video events. Due to the complexity of event structures, tradi-
tional visual models that take patches or frames as input are not
well-suited for AVEP. We propose EventFormer, a node-graph hier-
archical attention based video event prediction model, which can
capture both the relationships between events and their arguments
and the coreferencial relationships between arguments. We con-
ducted experiments using several SOTA video prediction models
as well as LVLMs on AVEP, demonstrating both the complexity of
the task and the value of the dataset. Our approach outperforms
all these video prediction models. We will release the dataset and
code for replicating the experiments and annotations.
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1 Introduction

Event prediction has been a key research problem in the field of
artificial intelligence [57] for a long time, which can not only be used
for security surveillance to anticipate potentially harmful behaviors
[39] but also play a significant role in embodied intelligence [32].
The task of event prediction can trace back to Granroth-Wilding
and Clark [11], in which it was first formally defined as script event
induction.

It is worth noting that in real life and practical applications, hu-
man events are often recorded in multimodal forms. However, there
is a lack of research on event prediction in the realm of vision. Sev-
eral similar video prediction tasks have been proposed, such as ac-
tion anticipation and visual reasoning, while video event prediction
differs from these tasks in the following ways: Richer semantic
information [25, 47]. An event typically comprises subject, action,
object, location, and relationship between arguments, with action
representing a higher semantic level concept such as "chase” and
"discuss" rather than low-level verbs like "run" or "speak”. For event
participants, the descriptions tend to be more detailed. For instance,
a participant may be referred to as "a black-haired woman wearing
a blue coat" rather than simply "a woman". Higher-order Markov
chains [22, 55]. Event prediction can be modeled as a higher-order
Markov chain, in which the influence of historical events on future
ones does not necessarily diminish with increasing temporal dis-
tance. In contrast, action prediction and video frame generation
are often highly dependent on adjacent time steps. Therefore, we
believe that incorporating event prediction into video models is
highly meaningful.

Compared with the existing event prediction tasks in NLP, video
event prediction differs in following aspects: Ambiguous coref-
erence relationship [25, 48]. In text events, objects are typically
referred to by the same noun or pronoun, making them easily iden-
tifiable within the context. However, in video events, due to the
changes in camera angles and variations in appearance, coreference
relationships are often difficult to capture. More complex logic
[16, 47]. The involvement of different entities in various events
makes event prediction tasks non-first-order logical, posing signifi-
cant challenges to reasoning. For instance, in pairs of events such
as ["Mr. Bean chases the thief" , "The thief escapes"] and ["Mr. Bean
chases the thief" , "Mr. Bean fails to catch the thief"], the latter
can be simplified to ["chase", "fail"], while the non-first-order logic
means that the subject of the event may change in chains.

To fill in the gap in event prediction within the field of computer
vision, in this paper, we introduce a novel video prediction task,
which we term action-centric video event prediction (AVEP) as shown
in Figure 1. We drew inspiration from the MCNC [11] task in NLP,
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as well as action anticipation tasks [7, 12] in computer vision, to
design the AVEP task in a more scientifically grounded manner. To
better address the semantic richness of video events, we propose to
represent a video event in the form of a multimodal graph. Instead
of following the MCNC task, we no longer provide the model with
predefined options but directly predict the events. While this sig-
nificantly increases the difficulty of the task, it aligns more closely
with the original intent of event prediction.

To support the proposed task, we have constructed the AVEP
dataset, which contains around 35K videos with 178K video events,
based on existing video event datasets including VidSitu[40], Epic-
kitchens[7] and VidEvent[25]. For each video, based on the textual
descriptions of the events, we identify the event arguments and
their corresponding image slices through a novel annotation proce-
dure involving different labeling steps and a validation stage, and
represent these in the form of event graphs.

Considering existing visual models are based on frames or patches
that are not well suited for the event structure, we propose an ap-
proach that adapts to the event graph structure by introducing
a node-graph hierarchical attention Transformer to capture the
relationships between historical events at the event graph level
and the argument node level. This enables the model to analyze
the factors that influence future events based on past occurrences,
thus facilitating accurate predictions. Furthermore, to address the
ambiguity of coreference relationships in video events, we intro-
duce a novel coreference encoding method to represent the same
object appearing across different video events. This enables the
model to effectively recognize coreferential objects across temporal
dimensions. Finally, we pre-train the model using random masking
across the entire dataset, followed by post-training for the AVEP
task. This training strategy enhances the model’s ability to capture
and understand the relationships between events.

The contributions of this paper are as follows: 1) We introduce
the action-centric video event prediction (AVEP) task, which fills
in the gap in event prediction in computer vision. 2) We introduce
the AVEP dataset, built upon several existing datasets, which con-
tains approximately 35K videos along with 178K events annotated
through a novel procedure to construct event graphs. 3) We pro-
pose a node-graph hierarchical attention and co-reference encoding
mechanism to address the challenges in video event prediction. 4)
Our proposed method outperforms existing SOTA models in re-
lated prediction tasks and open-source LVLMs in visual reasoning,
establishing a strong baseline for the AVEP task.

2 Related Work

In this section, we will introduce other related work that has been
mentioned previously in the following sections.

2.1 Script Induction

The concept of script knowledge in Artificial Intelligence, along
with early knowledge-based methods to learn scripts were intro-
duced by Schank and Abelson (1977) [41] and Mooney and DeJong
(1985) [29]. One particularly influential work in this area is that
of Chambers and Jurafsky (2008) [4], which formulates the script
induction problem as learning coherent event chains and predicting
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the missing event. Several follow-up works (Chambers and Juraf-
sky, 2009 [5]; Jans et al., 2012 [17]; Pichotta and Mooney, 2014 [33];
Rudinger et al., 2015 [38]) employ and extend Chambers’s methods
for learning narrative chains. Considering the uncertainty in the
prediction results, Granroth-Wilding and Clark [11] proposed a
multiple-choice variation, called MCNC, to simplify the evaluation
process. To address these challenges, numerous studies have pro-
posed effective solutions. Seminal works [53, 58] utilize graphs to
structurally represent events instead of only texts, and some [53]
leverage attention mechanisms to analyze the influencing factors of
historical events. However, most of these studies only focus on the
text modality and do not extend to the visual modality, while most
events appear in form of videos in the real world. Hence, exploring
event prediction in the visual domain is highly meaningful.

2.2 Video Action Prediction

In the realm of vision, several similar prediction tasks such as
Action Anticipation, VLEP [27], and VidEvent [25] have already
been proposed. These tasks are fundamental to many real world
applications in area like robots and transportation [21]. While these
studies have made significant contributions to the field of video
event prediction, there remains ample room for further research and
improvement, particularly in terms of modeling event structures
and designing more effective task formulations.

Several excellent datasets have been developed to facilitate these
video prediction tasks. VidSitu [40] is a large-scale dataset con-
taining diverse videos from movies depicting complex situations
(a collection of related events). VLEP [23] is a multimodal com-
monsense next-event prediction dataset. VidEvent [25] is a dataset
designed to advance the understanding of complex event structures
in videos. Ego4D [12] contains thousands of hours of egocentric
video footage recorded in varied environments. EPIC-KITCHENS
[7] is a large-scale dataset focusing on kitchen-based activities.
However, although these datasets cover videos from various types
of activities, they lack structured annotations describing the events
within the videos, making them unsuitable for event prediction
tasks. Therefore, a dataset specifically designed for detailed and
structural descriptions of video events is needed.

In terms of recent model algorithms, many researchers have ex-
plored various models to address these video prediction tasks. Gird-
har [9] presents a new model called Anticipative Video Transformer
and a self-supervised future prediction loss for action anticipation.
And Liang [25] proposes to use two separate Transformers to model
video events and textual events respectively. Recently, some [19]
start to use large language models to help predict the actions in
text modality. Existing prediction methods have demonstrated the
effectiveness of the Transformer architecture in predicting action
sequences. However, most current approaches are not well suited
for the inherent structural nature of events. Therefore, we modify
a node-graph hierarchical attention Transformer architecture to
incorporate event structure into the model.

2.3 Graph-based Representations

Compared to caption-based anticipation methods [30, 50] that pro-
duce unstructured textual descriptions, graph-based representa-
tions offer explicit and compositional modeling of event structure
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and have been widely explored for video understanding [34]. The
Action Genome dataset [18] decomposes each action into a spatio-
temporal scene graph of objects and their relationships, and the
Egocentric Action Scene Graphs (EASG) [36] extends this idea to
first-person videos by providing temporally evolving graphs of
verbs and interacting objects. Building on these representations,
prior methods have applied GNNs and attention mechanisms for
fine-grained event reasoning. ViGAT [10] employs Graph Attention
Network blocks to model spatial and temporal dependencies among
objects, while dynamic scene graph generation frameworks like
TEMPURA [6] leverage transformer-based sequence modeling to
learn object interactions over time and mitigate long-tail biases in
video relation data. However, these works focus on recognizing
or detecting structured graphs in observed videos, whereas our
approach aims to predict future event graphs by using the node-
graph hierarchical attention to capture the relationships between
historical events.

3 AVEP Task

In this section we formulate the AVEP task, which aims to predict
the next potential event based on a series of observed historical
video events. We extensively draw upon the definitions and evalu-
ation frameworks of the natural language event task MCNC [11]
and video prediction-related tasks [25, 27] to ultimately define the
form of the video event prediction task.

3.1 Formal Definition

We provide the following definition to describe the task:
Definition 1 (Video Event). In the area of NLP, an event is typ-
ically defined as a occurrence that involves one or more partici-
pants, occurring in a specific time and place. We adopt an NLP-
inspired perspective to define a video event. A video event E is
characterized as an action or occurrence within a video clip V con-
taining T frames, involving one or more participants. The video
clip is treated as an atomic unit—further division would lead to
the loss of essential event arguments. We retain the original def-
inition of an event as Chambers [4], in which an event E can be
represented as E = (trg;, ARG;), where trg; is a word or span ex-
pressing the event and ARG; denotes the arguments of the event.
To incorporate video-based descriptions of events, we extend trg,
and ARG, using frames or frame slices related with the arguments,
firg and farg, to describe the event’s trigger and the correspond-
ing arguments, in which trg, = (firgo, firgts- - -» firgn; trg:) and
ARG, = (farGo: fARG1: - - - fARGn; ARGy).

Definition 2 (Event Graph). To better represent the structural rela-
tionships between event arguments, we introduce a directed graph
structure to represent an event, called an event graph G = (V, &),
as shown in Figure 1. In such a graph, the nodes V = {trg,; ARG, }
represent the event trigger and arguments, and the edges e =
rel(v;,v;) represent the relationships between these arguments.
Here, v € V, e € &, with the function rel is designed to define the
argument roles of nodes in an event, such as subj., obj., and loc..
Definition 3 (Event Chain). Followed Granroth-Wilding and Clark
[11], in which the observed historical event sequence is repre-
sented in the form of an event chain C = (Ey, E,...,E,), we
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define an event chain through a sequence of event graphs C =

(gEU gEza LR QEH)

3.2 Action-centric Video Event Prediction Task
Definition

As shown in Figure 1, its formalized expression is as follows: Given
an event graph chain C = (Gg,, Gk, . - -, Gk, ) representing a se-
quence of observed historical events, AVEP requires the model to
predict trg; and ARG, within the possible future event. Each event
graph chain C consists of ¢t event graphs G, = (V;, &;), where
each event graph is composed of m multimodal argument nodes
v;; € V; and their corresponding edges e;; € &;. To more accurately
evaluate the model’s performance in real-world applications, we no
longer provide five candidate future events as in the MCNC task.
Instead, following the design of the action anticipation task, we
require the model to directly predict the future event’s trg; from
the verb vocabulary of the entire dataset and further predict the
arguments ARG, associated with trg;.

4 Dataset

We expand existing event-level video datasets to construct AVEP
dataset, a large-scale dataset for video event prediction, which
structurally represents video events using event graphs. Moreover,
we divide the AVEP into first-person perspective and third-person
perspective to cater to the needs of different downstream tasks and
real-world applications.

The proposed dataset meets the requirements of video event pre-
diction tasks in terms of task support, semantic richness, structural
clarity, and practical applicability. We further describe the detailed
data and data analysis, along with the overview of the annotation
process which involves different labeling steps and a validation
stage.

We also provide a detailed description of all the datasets utilized
in the expansion process to construct the AVEP dataset in the
Appendix.

4.1 Construction Procedure

Our dataset construction process consists of three main stages: data
collection, integration and expansion, and manual verification. First,
we conducted a comprehensive survey of existing event-related
video datasets, evaluating them based on their structural support
for event representation and their suitability for event prediction
tasks. Based on this evaluation, we selected appropriate datasets as
the foundation for constructing the AVEP dataset.

In the integration and expansion stage, we standardized all tex-
tual annotations across datasets into a unified event-structured
format. Additionally, we developed an automatic argument annota-
tion tool based on the GDINO [28] model to generate bounding box
annotations for event arguments in videos, followed by cropping
the corresponding regions.

Finally, during the data verification stage, three annotators re-
viewed and refined the automatically generated argument annota-
tions to ensure accuracy and consistency. A detailed description of
the dataset construction process is provided in the Appendix.
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4.2 Data Statistics

AVEP dataset contains more than 178K video event graphs of com-
plex structures, rich hierarchy, and logical evolutionary. We provide
statistics on the splits of the dataset in Appendix. To validate these
characteristics, we performed a detailed statistical analysis of the
dataset from multiple perspectives.

In our dataset, event chains range in length from 3 to 15, which
is sufficient to cover most event reasoning scenarios. Furthermore,
each event involves 2 to 5 arguments, with an average of 2.8 argu-
ments per event, aligning well with the definitions used in previous
studies.

The dataset comprises a total of 2284 unique verbs. Our analysis
of the verb distribution reveals a relatively balanced spread. Notably,
the top 30 most frequently occurring verbs collectively constitute
less than 40% of the entire set, with no single verb overwhelmingly
dominating the distribution. This level of lexical diversity ensures
comprehensive coverage of the vast majority of events encountered
in real-world applications.

To evaluate whether the dataset sufficiently captures the rich
semantics of events, we analyzed the distribution of nouns in the
annotations of ARGs. The results indicate that the dataset contains
over 6,000 unique nouns. Excluding commonly used terms such
as "man" and "woman", which frequently appear in annotations
referring to people, we found that the remaining nouns are rela-
tively evenly distributed. This balanced distribution ensures that
our dataset aligns with the semantic richness observed in real-world
applications.

We provide a detailed dataset statistics in the Appendix.

5 Method

In this section, we will provide a detailed introduction of the Event-
Former model designed for video event prediction, along with the
baseline models we developed for the AVEP task based on this
framework.

5.1 EventFormer

In a standard Transformer model, the basic unit of input is the
tokens, and all tokens operate at the same hierarchical level within
the architecture. For the AVEP task, the model needs to attend not
only to the key events in the historical event chain, but also to
the key arguments within historical events. However, taking either
node or graph embeddings as tokens, this single-level structure fails
to capture the complex relationships between nodes and graphs at
the same time. To address this limitation, we propose EventFormer,
a temporal prediction framework incorporating a node-graph hier-
archical attention mechanism tailored for graph-structured data, as
shown in Figure 2.

5.1.1 Overview. We basically follow the architecture of Trans-
former [45] to construct EventFormer, while extending a novel
Node-graph Hierarchical Attention mechanism to adapt to the
complex structure of events. The EventFormer is composed of a
stack of N layers, in which each layer has two sub-layers, taking
an event graph chain C as input. The first is a Node-graph Hierar-
chical Attention mechanism module network, and the second is a
position-wise fully connected feed-forward network. Following the
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Figure 2: The architecture of EventFormer. On the left is
the overall model framework, which follows the same ar-
chitecture as Transformer. On the right is a magnified view
of Node-graph Hierarchical Attention, providing detailed
explanations of its implementation. We include calculation
examples for these components in the Appendix.

Transformer encoder architecture, we similarly employ a residual
connection [15] around each of the two sub-layers, followed by
layer normalization. To facilitate these residual connections, all
sub-layers in the model, as well as the embedding layers, produce
outputs of dimension d.

5.1.2  Node-graph Hierarchical Attention. To better accommodate
the structure of events, we introduce the node-graph hierarchical
attention mechanism, as shown in Figure 2. This mechanism enables
the model to capture the attention at both the node level and the
graph level, including node-to-node interactions within the same
graph, node-to-node interactions across different graphs, and the
interactions between different graphs.

We treat an event graph Gg as a token, which is composed of
m units of arguments, while applying several graph neural net-
works(GNN) to generate the KQV values instead of linear layers.
This allows the model to build a more comprehensive event repre-
sentation by capturing both internal argument interactions and the
relationships between them.

K = GNNk(Gg),Q = GNNp(Gg),V = GNNy (Gg),KQV € RNXd,
(1)
where N represents the number of all nodes in C and d denotes the
feature dimension. The GNN can be substituted with various basic
graph neural network models [20, 46, 52], and we will compare the
performance of these models in the Experiment Section.
With the KQV generated by multi-head GNNs, we apply the
same attention score method at the node level, as follows:

T

S; = softmax( oK ),S; € RNV, 2)
Vd
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We further partition the S; according to the sequence of graphs
in C, and assemble them into blocks to represent the node level
attention scores between each graph pairs (Gg(;=;), Gg(:=j)), which
indicates the node attention scores of Gg(;-j) towards Gg(;=;). Then
we apply a BlockSum function on the blocks to generatea N X T
Sc, representing the Graph Attention between graph pairs.

Sg = softmax(BlockSum(S,); dim = 1), Sg € RN*T. (3)
After that, we use Sg to compute Node Attention Sy as follows:
SN = softmax(S; - Broadcast(Sg)), Sy € RVN, (4)

in which we employ a broadcasting mechanism to expand Sg to
the same dimension as S; based on the number of nodes in each
graph, enabling element-wise multiplication. With the attention
score Sy and the calculated V, we update the node features ¥ of
each event graph Gg(;) in chain C with the latent representation
generated by the Node-graph Hierarchical Attention module,

F =Sy xV,F — C. )

5.2 Video Event Prediction Model

In this section, we elaborate on how EventFormer is applied to the
video event prediction task, where the model predicts future event
graphs Gg based on the input event graph chain C. Additionally,
we introduce a novel coreference encoding mechanism to address
the ambiguity in coreference relationships within video events.

5.2.1 Overview. As shown in Figure 3, the Video Event Prediction
Model is composed of four main components: Video and Text Em-
bedding, Coreference Encoding, EventFormer and Prediction Head.
We utilize a pre-trained CLIP [35] model as an embedding model and
keep its parameters frozen during training. For each event graph
Gg;, we utilize the CLIP model to generate textual features Fr and
video features Fy for each node v;; = (fo, fi, ..., fa; trg/ARG), in
which we apply pooling to the extracted frame representations to
generate the video features. We represent the features of nodes Fj;
in event graph by concatenating the textual and video features:

F;j = Concat(Fr;j, Fyij), (6)

in which i denotes the graph number and j denotes the node number.
Then we introduce a coreference encoding mechanism to capture
coreferential relationships within C, enhancing the model’s abil-
ity to distinguish coreferential nodes. This mechanism CE will be
explained in detail in the next subsection:

Fj; = CE(Fy) + Fyj. ™)

At this point, we obtain the multimodal features for each node in
the video event chain. The C are then input into the EventFormer
model, yielding a hidden representation C of the event chain in the
feature space. Using this hidden representation, we predict future
event Gy through a prediction head composed of multiple fully
connected layers. As shown in Figure 3, to enable event prediction,
we apply a learnable graph mask to conceal future events within the
event chain as Gygskeq- For prediction, the prediction head of model
Head utilizes the node features of the masked graph to generate the
logits of verb logits,e,» and the predicted noun embeddings E,un,

logitsyerp, Enoun = Head(Gmasked)- ®)
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Figure 3: The architecture of Video Event Prediction Model based on EventFormer. The left side of the image shows the overall
framework of the model. The frozen symbols indicate that the model’s parameters are frozen during training. The right side of
the image provides an detailed view of the Coreference Encoding module. The same colored borders represent coreference
relationships, while the dashed borders indicate that future events are replaced by the learned mask.

5.2.2 Coreference Encoding. Event graph nodes with coreferential
relationships typically share identical textual annotations, yet they
may exhibit significant differences in the visual modality. For in-
stance, as shown in Figure 3, the same "man on a horse" appears
in two different event graphs. However, due to variations in scene
and perspective, it is not immediately evident from the video alone
that they refer to the same individual.

Therefore, we introduce a novel coreference encoding mecha-
nism to equip the model with the ability to capture the coreference
relationships between nodes. Before feeding the video event chain
C into the EventFormer model, we incorporate coreference encod-
ings into embeddings of nodes with coreferential relationships. The
corefernece encodings have the same dimension d as the node em-
beddings, so that the two can be summed. There are many choices
of coreference encodings, learned and fixed [8, 43, 45]. In this work,
we use sine and cosine functions of different frequencies:

CE (index.2k) = s - sin(index/10000%/%), )
CE (index,2k+1) = $ - cos(index/lOOOOZk/d), (10)

in which index denotes the index of ARGs in the video event chain
C, k denotes the embedding dimension and s denotes the scaling
factor of the coreference encoding. By directly adding the corefer-
ence encodings to node embeddings, we obtain a video event chain
that incorporates coreferential relationships. We demonstrate the
effectiveness of the coreference encoding through experiments, as
shown in the Table 3 in the Experimental Section.

5.3 Training

This section describes the training regime for our models.

Loss Function. To predict verbs and nouns in future video
events, we employ a combination of weighted cross-entropy loss,
focal loss, and mean squared error (MSE) loss, denoted as L.,

Lrocal, and Liyse, respectively. For verb prediction, we utilize cross-
entropy loss, formulated as:

L. = CrossEntropy (logitsyers, gt), (11)

where gt represents the ground truth labels. Given that the target
nouns to be predicted have appeared in past events, we leverage
the similarity score s between the predicted noun embeddings and
historical noun embeddings to identify noun nodes in future events.
This similarity-based approach is incorporated into the focal loss
to enhance noun prediction:

s = CosineSimilarity (Epoun, ARGS), (12)
Locar = FocalLoss(s, gt). (13)

Furthermore, to ensure that the predicted noun embeddings closely
approximate the ground truth noun embeddings, we introduce an
additional MSE loss term. Finally, the overall objective function is
defined as a weighted sum of the three loss components:

L = Oche + ﬁqucal + YLmse~ (14)

Two-stage Training. We adopt a two-stage training strategy
to train our Eventformer on AVEP task. We first apply a random
masking approach to the input event graph sequence, randomly
masking certain event graphs and training the model to reconstruct
them during the pre-training phase. This pre-training strategy en-
ables the model to better capture relationships between events and
enhances its reasoning ability for event inference. Then we proceed
with a post-training phase, where the pre-trained model undergoes
a few additional training epochs on the specific task. In this phase,
the masking is fixed on the last event graph in the sequence, allow-
ing the model to be fine-tuned on AVEP. Table 4 in Experimental
demonstrates that this training strategy effectively improves the
model’s performance on AVEP task.
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Table 1: The comparative experiment with other SOTA models.

. Verb Noun Verb-Noun
Perspective Set Method Parameter Topl Tops P n I P R I
VidEvent 44.1M 18.97 45.61 32.62 34.39 33.48 6.19 6.45 6.32
val LLaVA-Video 7B 5.67 21.32 44.50 41.95 43.19 3.13 2.95 3.04
Qwen2.5-VL 72B 2.05 16.82 52.74 51.71 52.22 1.43 1.40 1.41
third person Ours 7.3M 22.32 45.16 33.10 44.90 38.11 7.67 10.88 9.00
Human* - 37.42 60.65 61.05 55.18 57.97 25.09 21.04 22.89
VidEvent 44.1M 18.44 43.96 36.49 37.06 36.77 5.85 5.91 5.88
test LLaVA-Video 7B 6.27 10.30 44.96 41.64 43.24 3.57 3.30 3.43
Qwen2.5-VL 72B 2.00 16.23 52.23 54.31 53.25 1.21 1.26 1.23
Ours 7.3M 22.71 45.21 42.93 50.11 46.24 7.67 7.71 7.69
Human* - 38.46 63.08 64.80 52.22 57.83 27.15 22.22 24.44
InAViT 157.2M 29.78 64.00 - 26.67 - - 8.69 -
first person test LLaVA-Video 7B 3.49 5.23 25.42 45.50 32.62 1.40 2.50 1.79
Qwen2.5-VL 72B 1.16 25.34 23.56 55.66 33.11 0.46 1.08 0.65
Ours 7.3M 29.94 65.25 18.88 23.35 20.88 6.43 7.67 7.00

6 Experiments

In this section, we employ SOTA models [25, 37] from existing
prediction tasks, along with LVLMs[2, 26], to conduct a series of
comparative experiments, validating the complexity of our pro-
posed task and the significance of our dataset. All LVLMs used
in our experiments were evaluated in a zero-shot setting. In addi-
tion, we design both comparative and ablation studies to assess the
effectiveness of our proposed approach.

6.1 Setups

We use CLIP as our node feature embedding model, which is frozen
when training. To assess the impact of different GNN architectures
on performance, we performed experiments on GCN, GAT, and
GIN implementations from the Deep Graph Library (DGL) [49].
The dimension of hidden feature d in our model is 1024. Based
on the experimental results, we set the loss weights [a, §,y] to
[1.0,1.0,0.5]. Our model is optimized by Adam, and the learning
rate and weight decay are le — 5 and 1le — 6. Setting the maximum
training step to 300, we select the performance of the best epoch as
our final results. Dropout ratio and batch size are 0.3 and 64. The
maximum sequence length is 50. Training is conducted on 2x3090
GPUs and takes ~ 3 days.

We measure future event verb prediction using the Acc@K. For
noun argument prediction in future events, we evaluate perfor-
mance using recall, precision, and F1-score metrics. We also in-
troduce a verb-noun metrics to to assess the model’s predictive
capability in future event prediction, where the verb-noun recall,
precision and F1-score represent the recall, precision and F1-score
of noun prediction, conditioned on the correct prediction of the
verb.

6.2 Comparative Experiments

Considering the inherent ambiguity in AVEP, we provide human
evaluation results as a credible reference point for assessing model
performance. To this end, we simulate human performance on

the task, offering a benchmark that reflects the upper bound of
predictive accuracy. Further details are in the Appendix.

Comprehensive details of the baseline models used for compari-
son are provided in the Appendix. As shown in Table 1, for verb
prediction, our proposed model significantly outperforms all other
models in terms of ACC@1 by 4.27, and achieves comparable per-
formance to the best-performing model on ACC@5. Notably, the
LVLM demonstrates poor performance in verb prediction, suggest-
ing that current LVLMs still lack reliable capabilities for video-based
event reasoning. For the prediction of noun arguments, our method
outperforms VidEvent by achieving improvements of 13.05 in Re-
call, 6.44 in Precision and 9.47 in F1-score. Interestingly, LVLMs
exhibit strong performance in noun prediction. We attribute this
to their robust visual recognition capabilities, which allow them to
accurately identify and associate characters and objects appearing
in the video. Compared to other metrics, the Verb-Noun metric
provides a more comprehensive reflection of a model’s capability
in future event prediction. Our proposed method achieves the best
results on all three metrics across both the validation and test sets.

We also evaluated our model’s performance on first-person AVEP.
While our method still outperforms existing SOTA models in verb
prediction, it does not surpass them in noun or verb-noun pre-
diction. This is primarily because, to ensure a fair and realistic
comparison, we strictly followed the input format of the original
InAViT model, which includes the initial frames of the future events.
As aresult, the input frames may already contain visual clues about
the upcoming nouns, making the noun prediction task easier.

6.3 Ablation Experiments

We conducted a series of ablation studies to systematically evaluate
the effectiveness of the proposed method.

6.3.1 Ablation on GNN. We conducted experiments on the third-
person AVEP using different GNN architectures and linear layers.
As shown in Table 2, the linear layer performed the worst across all
metrics, indicating that incorporating GNNs can effectively enhance
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Table 2: The ablation experiment on different GNN .

Verb Noun Verb-Noun
P ti Set Method
erspective ¢ etho Topl  Top5 P R F1 P R FI
EventFormer-Linear 11.38 30.21 30.15 41.1 34.78 4.02 6.34 4.92
val EventFormer-GCN 14.96 38.99 29.41 41.72 34.50 4.56 6.89 5.49
EventFormer-GAT 16.00 39.58 31.09 47.74 37.66 4.13 10.13 5.87
. EventFormer-GIN 19.20 41.67 32.95 42.13 36.98 6.71 9.93 8.01
third person -
EventFormer-Linear 15.31 36.35 38.53 39.23 38.88 3.92 4.22 4.06
test EventFormer-GCN 14.97 39.79 36.34 49.86 42.04 4.47 5.02 4.73
EventFormer-GAT 13.61 40.76 42.55 47.51 44.89 4.13 4.67 4.38
EventFormer-GIN 19.20 42.33 41.68 48.62 44.88 6.58 9.67 7.83
Table 3: The ablation experiment on Coreference Encoding.
. Verb Noun Verb-Noun
Perspective Set Method Topi Tops P R M P R M
Ours-w/ 0.5CE 15.92 40.03 32.30 38.99 35.33 4.62 8.88 6.08
val Oursr-w/o CE 16.52 41.07 31.83 41.17 35.902 5.73 10.18 7.33
third person Ours-w/ CE 19.20 41.67 32.95 42.13 36.98 6.71 9.93 8.01
P Ours-w/ 0.5CE 16.02 41.05 34.71 39.44 36.92 4.65 8.63 6.04
test Ours-w/o CE 16.96 43.23 40.22 42.53 41.34 6.33 7.62 6.92
Ours-w/ CE 19.20 42.33 41.68 48.62 44.88 6.58 9.67 7.83
Table 4: The ablation experiment on two-stage training.
Verb Noun Verb-Noun
P ti Set Method
crspective ¢ erho Topl  Top5 R P F1 R P F1
Ours(one-stage train) 19.20 41.67 32.95 42.13 36.98 6.71 9.93 8.01
val Ours(two-stage train) 22.32 45.16 33.10 44.90 38.11 7.67 10.88 9.00
. Improvement +3.12 +3.49 +0.15 +2.77 +1.13 +0.96 +0.95 +0.99
third person -
Ours(one-stage train) 19.20 42.33 41.68 48.62 44.88 6.58 9.67 7.83
test Ours(two-stage train) 22.71 45.21 42.93 50.11 46.24 7.67 7.71 7.69
Improvement +3.51 +2.88 +1.25 +1.49 +1.36 +1.09 -1.96 -0.14

token representation in graph-structured inputs. Among the three
basic GNN models, GIN achieved the best overall performance
on most metrics. In particular, it significantly outperformed GAT
and GCN in verb prediction and verb-noun prediction from the
event structure. Meanwhile, GAT showed competitive performance
in noun prediction, suggesting its relative strength in capturing
localized node-level information.

6.3.2  Ablation on Coreference Encoding. We conducted an ablation
study on coreference encoding (CE) on the third-person AVEP, as
shown in Table 3. Specifically, we evaluated three configurations: (1)
without CE (2) with CE using a scaling factor of 0.5, and (3) with a
scaling factor of 1.0. Among them, the model with CE at scale = 0.5
performed the worst. In contrast, introducing coreference encoding
(scale = 1.0) led to consistent improvements across all evaluation
metrics compared to the no-CE setting. Notably, verb prediction
accuracy (ACC@1) improved by 2.68, and the F1-score for verb-
noun prediction increased by 0.68. These results indicate that the

proposed CE method helps the model better capture the semantic
relationships among event arguments, thereby enhancing its ability
to predict future events.

6.3.3 Ablation on Two-stage Training. Finally, we conducted an
ablation study on the two-stage training strategy, as shown in Ta-
ble 4. Compared to training the model directly on the AVEP task,
pretraining the model with a random masking strategy followed
by task-specific post-training led to substantial performance im-
provements across most evaluation metrics. Although results on
the test set show a slight drop in the verb-noun Precision and F1-
score under the two-stage training setup, the significant gains in
the majority of other metrics still demonstrate that this training
strategy effectively enhances the model’s capability in future event
prediction.

7 Conclusion

We introduce a novel task, Action-centric Video Event Prediction
(AVEP), which requires models to predict the most probable future
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event trigger and its associated arguments based on a given video
event chain. To facilitate research on this task, we construct the
AVEP dataset based on several existing video datasets. To address
the challenges of this task, we propose a node-graph hierarchical
attention Transformer coupled with a coreference encoding mech-
anism, which jointly captures the structural relationships among
events and arguments as well as the coreferential dependencies
between arguments across different events. Our method achieves
SOTA performance on AVEP task, providing a strong baseline for
further research.
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A Dataset

A.1 Dataset Composition

Here, we provide a detailed description of all the datasets utilized
in the expansion process to construct the AVEP dataset.
EPIC-KITCHENS-100 [7]. EPIC-KITCHENS-100 is a collection of
100 hours, 20M frames, 90K actions in 700 variable-length videos,
capturing long-term unscripted activities in 45 environments, using
head-mounted cameras, which initially builed for the STA task.
VidSitu [40]. VidSitu, a large-scale video understanding dataset
comprising 29K richly annotated 10-second movie clips, structures
videos as a series of interconnected events, with each event con-
taining a verb and multiple entities assigned to specific semantic
roles. Clips in VidSitu are drawn from a large collection of movies
(~ 3K) and have been chosen to be both complex (~ 4.2 unique
verbs within a video) as well as diverse (~ 200 verbs have more
than 100 annotations each).

VidEvent [25]. VidEvent is a large-scale dataset containing over
23,000 well-labeled events, featuring detailed event structures,
broad hierarchies, and logical relations extracted from movie recap
videos, which is initially builed for video understanding.

A.2 Construction Procedure

We further describe the detailed overview of the annotation process
in this subsection. The entire AVEP dataset construction process
can be divided into three main stages: data collection, integration
and expansion, and manual verification.

We conducted a comprehensive survey of existing event-related
video datasets and categorized them based on first-person and
third-person perspectives as shown in Table 5. We evaluated the
completeness of event structures based on whether they satisfy the
requirements of event triggers and arguments. Datasets lacking
annotated actions or containing only a limited set of action cate-
gories were considered insufficient for meeting the event trigger
criteria. Similarly, datasets that failed to annotate action-related
nouns or had a restricted variety of noun annotations were deemed
inadequate for fulfilling the event argument requirements. Building
upon the datasets that meet the event structure requirements, we
further evaluated their suitability for the AVEP task. AVEP requires
each sample in the dataset to contain at least three events, with
clearly defined event boundaries and explicit temporal relationships
between events.

Considering both the dataset’s support for the task and its scale,
we selected three datasets, VidSitu, VidEvent and Epic-Kichens
as the foundation datasets. We then expanded them to construct
a dataset that effectively supports the AVEP task following the
pipeline detailed in the subsequent sections.

The video datasets are composed of continuous video event seg-
ments, which are derived by partitioning the entire video, along
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Table 5: A non-exhaustive summary on the related video datasets.

Dataset

Event Structure

Perspective

Event Prediction Surpport

trigger arguments
ActivityNet(2015) [3] v X X
Youtube8M(2016) [1] X X X
AVA(2018) [14] v X X
HACS(2019) [56] v X X
COIN(2019) [44] X X X
. Vatex(2020) [51] v v X
Third Person VidSTG(2020) [54] v v X
VLEP(2020) [23] v v X
VidSitu(2021) [40] v v v (only after processing)
VidEvent(2025) [25] v v v
EgoAction(2013) [24] v X X
DoMSEV(2018) [42] v v X
. Epic-Kitchens(2020) [7] v v v (only after processing)
First Person Captions(2021) [31] v/ v T ;
Ego4D(2022) [12] v v v (only after processing)
Ego-Ex04D(2024) [13] v v v (only after processing)

with corresponding textual annotations of event arguments or sen-
tences. As shown in Figure 4, we can divide the entire annotation
process into two parts: automatic program annotation and manual
review annotation. First, we manually organized the text annota-
tions of all datasets into a format based on event arguments. For the
unannotated data with single-sentence descriptions, we utilized an
argument segmentation model to automatically extract the event
arguments. The event boundaries in the annotations were then
used to segment the videos into a series of events. Next, we em-
ploy the DGINO model [28] to sequentially label the bounding box
corresponding to each argument in every frames of an event video
clip, obtaining the visual representation for each argument. After
that, three professional annotators conduct a review and correction
of the automated bounding box annotations for each argument.

Three annotators spent five months correcting the data, with
an average rate of around 600 samples per week. On average, each
video clip required approximately 1-2 minutes to complete the full
annotations. Additionally, around 35% of the initially generated
bounding boxes required manual correction to ensure accuracy.
After the correction phase, an additional month was spent to cross-
validation through random sampling.

Along with the argument roles, text argument annotations, and
video argument annotations , we treat the text and video argument
annotations as node information, while the argument roles serve
as the edge relationships between the nodes, thus constructing a
multimodal graph representation of the events. By arranging all the
events in the video sequentially, we finally obtain the video event
graph chain.

A.3 Data Statistics

AVEP is a dataset that contains more than 178K video event graphs
of complex structures, rich hierarchy, and logical evolutionary. To
validate these characteristics, we performed a statistical analysis of
the dataset from multiple perspectives, as shown in Figure 5.

Table 6: Statistics on splits of AVEP dataset.

train Val Test Total

Videos 29793 1326 4145 35264
Events 154022 6615 17771 | 178208
Tri.&Args. | 434758 19985 43382 | 498125

The dataset comprises a total of 35K video clips, with an average
video length of 15 seconds. Each clip contains historical segments
averaging 12 seconds in duration, followed by future events. To
ensure temporal independence between events, we maintain a min-
imum gap of 20 frames between the last historical event and sub-
sequent future events, effectively preventing any potential frame
leakage in our dataset construction.

The dataset comprises a total of 2, 284 unique verbs. Our analysis
of the verb distribution reveals a relatively balanced spread. Notably,
the top 30 most frequently occurring verbs collectively constitute
less than 40% of the entire set, with no single verb overwhelmingly
dominating the distribution. This level of lexical diversity ensures
comprehensive coverage of the vast majority of events encountered
in real-world applications.

To evaluate whether the dataset sufficiently captures the rich
semantics of events, we analyzed the distribution of nouns in the
annotations of Args. The results indicate that the dataset contains
over 6,000 unique nouns. After excluding commonly used terms
such as "man" and "woman," which frequently appear in annota-
tions referring to people, we found that the remaining nouns are
relatively evenly distributed. This balanced distribution ensures
that our dataset aligns with the semantic richness observed in real-
world applications. Additionally, we analyzed the total number of
Args present in each video event graph. The results show that the
average of the event graphs contain 2.8 arguments.
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Figure 4: The annotation pipeline of AVEP. We employ the pre-trained Grounding Dino model to localize the corresponding
regions in each frame based on textual annotations. Subsequently, three annotators manually verify and refine the bounding
boxes according to the textual descriptions. Finally, the selected regions are cropped to generate a sequence of images, which
serve as the visual representations of event graph nodes.
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Figure 5: The data statistics on verbs and nouns in the AVEP dataset. Given the large number of verb categories (2, 284 in total),
we analyzed the distribution by calculating the proportion of the top 30 most frequent verbs versus all others, and also reported
the frequency of each verb within the top 30. A similar analysis was conducted for the nouns in the dataset.

A.4 Impact of Bounding Box Quality how bounding box quality impacts model performance in this task.
To investigate this, we conducted experiments using the original,

To provide a higher-quality dataset, we manually refined the auto-
uncorrected bounding boxes. The results are presented in Table 7.

matically generated bounding boxes. Although this process reduced
noise and improved overall data quality, we remain concerned about
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The results show that using the original, uncorrected data in-
deed leads to a performance drop. Notably, the impact on noun
prediction is more significant than that on verbs, which aligns with
our intuition. Overall, however, the decline across all evaluation
metrics remains under 10%, indicating that the model can still be
effectively trained using the original data. This also demonstrates
the robustness of our method to noise in the bounding boxes.

B Task Comparison

To better position our task within the landscape of event reasoning
and prediction, we compare it with related tasks along several key
dimensions, as shown in Table 8:

e Modelities. Our task involves both video and text inputs,
making it a multimodal task. This contrasts with many ex-
isting approaches that focus on either visual or textual input
alone.

e Form of historical context. nstead of using raw video clips,
we employ structured event chains to represent historical
context. This structure provides richer and more explicit log-
ical relationships between events, thereby imposing higher
demands on the model’s reasoning capabilities. Moreover,
representing event chains as event graph chains enables
finer-grained modeling of internal event structures.

e Granularity. Events in our task are defined at a higher se-
mantic level than low-level actions. Unlike simple action
units, events encapsulate complex interactions and relation-
ships, making the task more challenging and semantically
rich.

e Task formulation. Many prior works adopt a multiple-
choice format to ensure determinism and simplify evaluation.
However, such formats deviate from real-world application
scenarios. In contrast, we formulate our task as an open clas-
sification problem, and supplement it with human evaluation
to provide a more realistic and credible measure of model
performance.

C A Node-graph Hierarchical Attention
Mechanism Example

To provide a clearer explanation of this attention mechanism, we
illustrate the attention computation process using a sequence of
three event graphs, each consisting of two nodes, as shown in Figure
6. Different colors are used to represent different event graphs.

In the attention matrix, the red box indicates the attention scores
between node pairs across different event graphs. To derive a graph-
level attention score, we sum the scores within each matrix block,
producing a 6 X 3 event graph-level attention matrix. By applying
a softmax function in the dimension of graphs, we obtain the at-
tention scores on the nodes for each event graph in the sequence,
GRAPH ATTENTION.

Furthermore, to integrate graph and node attention, we broad-
cast the computed GRAPH ATTENTION back to their original shape
6 X 6 and perform an element-wise multiplication with the atten-
tion matrix. This operation yields the final NODE ATTENTION,
capturing both intra- and inter-event dependencies effectively.
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D Human Evaluation

Considering the inherent ambiguity in the AVEP task, we provide
human evaluation results as a credible reference point for assessing
model performance. To this end, we developed a dedicated web
interface and invited several domain experts to participate in the
evaluation. Each participant was asked to watch the video segment
corresponding to the historical events of a given sample. To pre-
vent data leakage, we trimmed the videos to exclude any frames
related to future events. Based on the observed video content, the
evaluators were then asked to predict the arguments of the future
event. To ensure fair and meaningful evaluation, we provided a
predefined vocabulary and reference options, minimizing the in-
fluence of lexical variation on prediction quality. On average, each
sample took about 30 seconds to complete, and the entire human
evaluation process spanned approximately two weeks.

E Baselines

VidEvent[25] VidEvent is an event prediction model, which is
proposed to predict events more likely to happen in five candi-
dates. VidEvent is composed of two braches of vision and text. Each
branch contains an encoder for video or text to extract the cor-
responding features, followed by a transformer encoder to make
inner interactions among events within one modal. Through this
two-branch architecture, VidEvent presents a strong capability in
comprehensing event chains, thus achieving extraordinary results
in Script event induction task.

InAViT[37] InAViT is a Transformer variant to model interactions
by computing the change in the appearance of objects and human
hands due to the execution of the actions and use those changes
to refine the video representation. Specifically, it models interac-
tions between hands and objects using Spatial Cross-Attention
(SCA) and further infuses contextual information using Trajectory
Cross-Attention to obtain environment-refined interaction tokens.
Through these, InAViT achieves the SOTA performance in STA
task.

Video-LlaVA[26] In this approach, the authors unify visual repre-
sentation into the language feature space to advance the founda-
tional LLM towards a unified LVLM. As a result, they establish a
simple but robust LVLM baseline, Video-LLaVA, which learns from
a mixed dataset of images and videos, mutually enhancing each
other. Video-LLaVA achieves superior performances on a broad
range of 9 image benchmarks across 5 image question-answering
datasets and 4 image benchmark toolkits.

Qwen2.5-VL[2] Qwen2.5-VL is a comprehensive series of large
language models (LLMs) designed to meet diverse needs. Compared
to previous iterations, Qwen2.5 has been significantly improved
during both the pre-training and post-training stages. In terms of
pre-training, the authors have scaled the high-quality pre-training
datasets from the previous 7 trillion tokens to 18 trillion tokens. This
provides a strong foundation for common sense, expert knowledge,
and reasoning capabilities. In terms of post-training, they imple-
ment intricate supervised finetuning with over 1 million samples,
as well as multistage reinforcement learning. This model currently
represents the state-of-the-art (SOTA) in video reasoning tasks.
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Table 7: The impact of bounding box quality on AVEP task.

Set ‘ Verb ‘ Noun ‘ Verb-Noun

‘ Top1 Top5 ‘ P R F1 ‘ P R F1
val | 22.13(-0.19) 44.93(-0.23) | 31.29(-1.81) 42.98(-1.92) 36.22(-1.89) | 7.40(-0.27) 10.03(-0.85) 8.59(-0.41)
test | 21.45(-1.26) 44.32(-1.11) | 40.96(-1.76) 48.35(-1.89) 44.35(-1.89) | 7.32(-0.35)  7.69(-0.02)  7.50(-0.19)

Table 8: A non-exhaustive summary on the related prediction tasks.

Task Modalities Form of historical context Granularity Task formulation
MCNC text event chain event Multiple Choice
VLEP video video clip event Multiple Choice
VidEvent text + video event chain event Multiple Choice
NEP video video clip event Multiple Choice
Next Action Anticipation video frames action Word-based Classification
LTA video video clip action Word-based Classification
STA video video clip action Detection&Classification&Regression
AVEP(ours) text + video event graph chain event Word-based Classification
GRAPH ATTENTION
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Figure 6: An example illustrating how the attention mechanism is calculated.

F LVLM Experiment details

We compared the performance of state-of-the-art Large Vision-
Language Models (LVLMs) in video understanding tasks on the
AVEP task under two different parameter scales 7B and 72B. Below,
we provide detailed descriptions of the experimental setup and
results.

Prompts.

o Xsystem: "As an event prediction expert, please assist me in
completing a video event prediction task."

o Xo: "I will provide you with a video segment that describes
four sequential events and a list of all characters appearing
in the video. Your task is to predict the future event that may
occur. Please select the top five most probable verbs from the
provided list of verbs and select the relevant argument(s) from
the provided list of arguments.”

o Xi: "Here is the video segment describing four events." @Video

o X,: "Here is the verb list, please choose verbs from it. Answer
with the selected verbs without output any other words." @ Verb
Vocabulary

o Xs: "Here is the argument list, please select the relevant ar-
gument(s) from the provided list. Answer with the selected
arguments separated with "|" without output any other words."
@ Argument List

An Example.

System: As an event prediction expert, please assist me in com-
pleting a video event prediction task.

User: I will provide you with a video segment that describes
four sequential events and a list of all characters appearing in the
video. Your task is to predict the future event that may occur. Please
select the top five most probable verbs from the provided list of
verbs and select the relevant argument(s) from the provided list of
arguments.
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Figure 7: An example illustrating the node-graph hierarchical attention scores and the event prediction result.

Assistant: Sure, I can help you with that. Please provide me Assistant: woman with brown hair | cwoman with blonde hair
with the video segment and the list of arguments and verbs.

User: Here is the video segment describing four events. @Video

Assistant: Based on the video segment, here are the four events

that have occurred: 1. A woman is walking down a hallway. 2. The G Frequent Questions and Answers
woman enters a bathroom. 3. Another woman is in the bathroom This section addresses frequently asked questions that may arise
holding a pregnancy test. 4. The first woman takes the pregnancy from our main paper and experimental setup. We hope this QFA
test from the second woman. Given these events, here are the top helps clarify certain design choices and implementation details.
five most probable verbs and relevant characters for the future Q1: How dose AVEP differs from VLEP and VidEvent?
event: 1. Verb: "react” - Arguments: Second woman (the one who A1: VLEP is an outstanding contribution to video event predic-
was holding the pregnancy test) - The second woman may react tion, as it is the first to introduce a multiple-choice formulation
to the results of the pregnancy test, either positively or negatively. for this task. It focuses on verb prediction by providing the subject
2. Verb: "talk" - Arguments: Both women - The two women may of the event directly, which allows for a more targeted evaluation
talk about the results of the pregnancy test and what it means for of a model’s understanding of event dynamics and its ability to
their future. 3. Verb: "cry” - Arguments: Either woman - Depending anticipate future developments. However, one limitation of VLEP
on the results of the pregnancy test, either woman may cry due is that it considers only a single historical event as the context for
to happiness, sadness, or shock. 4. Verb: "hug" - Arguments: Both predicting a future event. In real-world scenarios, future events
women - The two women may hug each other in support or cel- are often shaped by a sequence of preceding events rather than by
ebration after receiving the results of the pregnancy test. 5. Verb: an isolated instance. Therefore, modeling event prediction based
"leave" - Arguments: First woman - The first woman may leave the on event chains can offer a more realistic and informative setting.
bathroom after taking the pregnancy test from the second woman, VidEvent is also an excellent work in the field of video understand-
possibly to give her some privacy or to process the information. ing, which first proposes a comprehensive video understanding
User: Here is the verb list, please choose verbs from it. Answer framework composed of several sub-tasks, including event pre-
with the selected verbs without output any other words." @ Verb diction. However, event prediction is not the main focus of this
Vocabulary work, and the formulation simply borrows the design of the MCNC
Assistant: react talk cry hug leave task. This multiple-choice format, while convenient, falls short in
User: Here is the argument list, please select the relevant argu- rigorously evaluating a model’s true understanding of events. As
ment(s) from the provided list. Answer with the selected arguments shown in their experimental results, models tend to choose options

separated with

nlu

without output any other words." @ Argument with higher overlap in arguments with the historical context, rather
List than demonstrating genuine reasoning capabilities. In contrast, our
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proposed AVEP task requires the model to accurately predict all ar-
guments of the future event, which forces it to learn the underlying
logical relationships between events rather than relying on shallow
similarity-based cues. That said, VLEP and VidEvent have made a
significant contribution to the field by laying foundational insights
and offering a valuable perspective for subsequent research.

Q2: The parameter size of the SOTA model EventFormer
in the experimental results is 7.3M. Why was increasing the
model’s parameter size not considered to achieve better ex-
perimental results?

A2: In our method, we proposed a node-graph hierarchical at-
tention mechanism that significantly improved the model’s perfor-
mance on the task. However, since the current model is primarily
designed to validate the effectiveness of our proposed approach,
the implementation of the attention mechanism still contains some
computational redundancies that could be optimized. Therefore,
increasing the model size would have negatively impacted compu-
tational efficiency. We made a deliberate trade-off between perfor-
mance and efficiency. However, we are willing to develop a more
optimized implementation of the attention mechanism in the fu-
ture to further improve the model’s efficiency. Notably, our 7.3M
model already outperforms other larger-scale SOTA models, which
demonstrates that our proposed method can more effectively cap-
ture complex event relationships and perform event prediction. We
look forward to exploring the model’s full potential in future work.

Q3: Why did not explore more complex GNN architectures
to test whether they could further improve the model’s per-
formance?

A3: As shown in the experimental results, different GNN archi-
tectures can indeed influence the overall performance of the model.
However, it’s important to note that in our approach, the GNN mod-
ule is mainly used to replace Linear later as a module for computing
QKYV in attention, rather than serving as the core of the model.
Therefore, there is no strong justification for significantly increas-
ing the complexity of this component. Meanwhile, considering the
scale of the event graph, we suppose that the basic GNNs possess
the capability in performing effective graph embedding. Moreover,
we suggest that increasing the model’s depth by adding more layers
can be a more effective way to enhance its capacity and perfor-
mance, compared to simply using more complex GNNs. However,
our work only lays a solid foundation for this research direction,
and we warmly welcome further exploration and improvements
that may unlock more potential from the model.

H Visualization

We visualize the model’s node-graph hierarchcal attention scores
and prediction results, as shown in the Figure 7. In this example,
the historical event chain consists of events [open, a man in a red
plaid shirt, a door], [reach, woman in a black coat, a drumset], [smile,
woman in a black coat, man in a white shirt], [play, a man in a red
plaid shirt, a music, a guitar], while the ground-truth future event
is [play, woman in a black coat, a music, a drumset]. The model,
however, predicted [play, man in a white shirt, a music, a guitar]. At
the graph-level attention, the third and fourth events received the
highest attention scores 0.417 and 0.491, which aligns well with our
intuition. At the node level, the verb node play and the noun node
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man in a white shirt received the highest attention scores 0.458 and
0.154. This contributed to the model correctly predicting the future
event’s verb, but incorrectly predicting the associated noun.
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