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Abstract

Anticipating object state changes in images and videos
is a challenging problem whose solution has important im-
plications in vision-based scene understanding, automated
monitoring systems, and action planning. In this work, we
propose the first method for solving this problem. The pro-
posed method predicts object state changes that will occur
in the near future as a result of yet unseen human actions.
To address this new problem, we propose a novel frame-
work that integrates learnt visual features that represent the
recent visual information, with natural language (NLP) fea-
tures that represent past object state changes and actions.
Leveraging the extensive and challenging Ego4D dataset
which provides a large-scale collection of first-person per-
spective videos across numerous interaction scenarios, we
introduce new curated annotation data for the object state
change anticipation task (OSCA), noted as Ego4D-OSCA.
An extensive experimental evaluation was conducted that
demonstrates the efficacy of the proposed method in pre-
dicting object state changes in dynamic scenarios. The pro-
posed work underscores the potential of integrating video
and linguistic cues to enhance the predictive performance of
video understanding systems. Moreover, it lays the ground-
work for future research on the new task of object state
change anticipation. The source code and the new annota-
tion data (Ego4D-OSCA) will be made publicly availableﬂ

Uhttps://projects.ics.forth.gr/cvrl/osca/

1. Introduction

When observing human-object interactions and object
manipulations, we humans can effortlessly reason on and
anticipate changes in object states [6, 21}, 3]]. Imagine, for
example, that while preparing the table for a dinner, some-
body brings a bottle of wine. Even before opening it, we
can fairly easily infer that in the near future, the bottle will
be “opened”, and glasses will be “filled”. Recognizing and
anticipating object states and their changes is crucial for any
entity that interacts with objects, because the state of an ob-
ject significantly affects its physical and functional proper-
ties and, therefore, plays a decisive role in further activity
understanding, reasoning, and task planning.

While it is almost effortless for humans, the capability
of predicting object state changes still lies beyond the com-
petencies of any current Al-powered system [38, 136]. Un-
derstanding object states and their changes in the context
of actions relates to visual object perception, action/activity
recognition, and object state estimation. While these in-
dividual capabilities have been heavily researched by the
computer vision community, surprisingly, the problem of
anticipating changes in object states remains unexplored.
However, recognizing and anticipating object state changes
would be an important competence of Al-powered agents
that need to reason about human activities and/or perform
task planning [33}37].

Researchers have only recently started to focus on meth-
ods for the representation and understanding of object state
changes in videos in the context of state-modifying ac-
tions [24) 128, 126, which can also be seen as transforma-
tions [31], while existing benchmarks largely ignore object
state changes and focus on traditional types of annotations
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Figure 1. We introduce a new problem, that of anticipating object state changes in videos of procedural activities. At a decision point which
is the start time of the next, yet unobserved action, the goal is to predict whether there will be a state change related to the next active object
and, if yes, estimate its type. An object state change is defined as the transition from a pre-state (initial) to a post-state (final) that occurs at

the Point of No Return (PNR) time during a state-modifying action.

related to object type, location, or shape, attributes, affor-
dances, and human actions. The problem of Object State
Classification (OSC) is defined as the multi-class recog-
nition of an object’s state in a still image [I5} [13], or
the initial and final object states in videos that demon-
strate state-modifying actions [14]]. The binary object state
change classification variant is also related to the detection
of whether or not a state change has occurred in a short
video clip [7, 14].

In this work, we take one step beyond Object State Clas-
sification (OSC) by introducing the new task of visual ob-
ject state change anticipation (OSCA) in videos. OSCA
focuses on the multi-class prediction of the state change to
occur during the yet unseen, next action in an instructional
video. Specifically, as shown in Fig.[I} at a certain decision
point in time, noted as the start of the next, yet unobserved
action, we aim to predict the type of state change of the
next active object. The state change happens at the “Point
of No Return” (PNR) [[14]]. Our approach may also predict
that no state change will occur to the next active object in
the forthcoming action which implies the anticipation of a
no-state-modifying action. Our approach to tackle this new
task relies on the cumulative history of recognized preced-
ing actions and object states, up to the decision point where
this prediction is performed. The integration of visual infor-
mation concerning the recent past and textual description of
past actions and states is a key idea to model this historical
context effectively.

To assess the performance of our method for OSCA, we
augment the annotations of the large-scale and challenging
Ego4D dataset to include labels for the initial and the
final object states for state-modifying actions. This results
in the Ego4D-OSCA, a variant of the Ego4D dataset that
will become available to the vision community.

In summary, this work makes the following contribu-

tions:

* We introduce the new problem (OSCA) of anticipating
the state change of the next active object in instruc-
tional videos.

* We propose the first solution to OSCA, leveraging vi-
sual and language features for modeling the history of
performed actions, object states and their changes.

e We introduce Ego4D-OSCA, a new benchmark for
evaluating solutions to the OSCA problem.

2. Related Work

Object states capture the dynamic aspects of object ap-
pearance and/or functionality and are subject to visually
perceivable changes, as a result/effect of state-modifying
actions. They are also known as object fluents related
to changeable object attributes [16} 2 [I7]. Object State
Change Anticipation (OSCA) is a new problem introduced
in this paper. As such, to the best of our knowledge, there
is no prior work that addresses this problem. Below, we re-
view research on the closely-related problems of object state
classification in images and the interplay of object state es-
timation and human action recognition in videos.

Object State Classification in Images: Object states are
typically considered as a special subset of “visual at-
tributes”, i.e. visual concepts that are related to the physical
and functional properties of objects [15]]. Object states and
their changes are perceivable by humans and should be per-
ceivable by Al-enabled agents [8]. The majority of the ap-
proaches that address the attribute classification task follow
a similar approach to that of object classification by train-
ing a convolutional neural network with discriminative clas-
sifiers on annotated image datasets [23]. Few works focus



explicitly on state classification [13], while most of them
rely on the same assumptions used for the attribute classi-
fication task. A prominent research direction to tackle this
task refers to zero-shot learning that gained considerable at-
tention in recent years due to its practical significance in
real-world applications, mitigating the problem of collect-
ing and learning training data for a very large number of
object classes [34]. One prevalent zero-shot learning ap-
proach involves the utilization of semantic embeddings to
represent objects and their attributes in a low-dimensional
space [32]]. The work in [12] leverages Knowledge Graphs
(KGs) and semantic knowledge in the context of zero-shot
object classification. In a similar vein, the work in [[11]] com-
bines KGs and Large Language Models (LLMs) in order to
address object-agnostic state classification. A recent work
by [24] focuses on the recognition of object states based
on the concept of compositional generation of novel object-
state images, while the recently proposed method in [28] in-
troduced a novel conditioned diffusion model that focuses
on generating temporally consistent and physically plausi-
ble images of actions and object state transformations based
on an input image and a text prompt describing the targeted
transformation.

Object State Change Estimation and Action Recognition
in Videos: Object state changes have been considered a
meaningful information source in the task of video-based
human action understanding and recognition (HAR). Hu-
man actions frequently induce modifications in the states of
associated objects, thereby influencing the overall dynam-
ics of action sequences. Understanding the causal relation-
ships between actions and object states has the potential to
enrich our comprehension of action dynamics throughout
long complex activities in procedural/instructional videos.
Therefore, in HAR, object state changes are often consid-
ered complementary attributes to the visual representation
of actions. These changes are typically derived within the
visual domain through the utilization of explicit models for
object detection and state estimation [9, 26} [18]], or indirect
modeling of object states based on general scene changes
resulting from action execution [1} 5} |4]. Several methods
exploit object states implicitly to estimate the type of action
performed. The work in [1]] was among the first to propose
a method to automatically discover object states and the as-
sociated manipulation actions from videos by leveraging a
discriminative clustering framework that jointly models the
temporal order of object states and manipulation actions.
The work in [[17] explored the recognition of object fluents
(changeable attributes of objects) and tasks (goal-oriented
human activities) in egocentric videos using a hierarchi-
cal model that represents tasks as concurrent and sequen-
tial object fluents. Moreover, [19] focuses on understand-
ing human actions within videos by analyzing complex in-
teractions across multiple interrelated objects by recogniz-

ing different states changes of these objects. In [27, [26]
a multi-task self-supervised framework is proposed that al-
lows the temporal localization of object state changes and
state-modifying actions in uncurated web videos. Further-
more, [35] introduced the novel VidOSC approach for un-
derstanding object state changes by segmenting object parts
related to those changes in videos from an open-world per-
spective. A recently proposed framework [22]] can recog-
nize object-centric actions by relying only on the initial
and final object states. The model is also able to gen-
eralize across unseen objects and different video datasets.
The method proposed in [23] aims at disentangling visual
embeddings that distinctly represent object states along-
side identities, enabling effective recognition and genera-
tion of novel object-state compositions through a compo-
sitional learning framework. Finally, the InternVideo [7]
video foundation model was adapted to tackle the tasks of
object state change classification and action anticipation in
the context of the Ego4D Challenges.

3. Methodology

The proposed framework, depicted in Fig. 2] draws in-
spiration from the efficacy of amalgamating visual and lex-
ical information for semantic action/activity encoding. Pur-
suant to this objective, it adopts a three-stream architecture.
Within this design, a visual encoding module is tasked with
capturing the visual attributes of the ongoing actions, while
two lexical-based encoders are employed to extract the se-
mantic nuances from a procedural-oriented representation
of past actions and object states. The framework orches-
trates the fusion of these distinct representations towards
a unified objective: the anticipation of the next object
state. This anticipatory task entails the estimation of the
forthcoming state in which the object of interest will reside
during the subsequent action. By integrating visual and lex-
ical cues, the framework endeavors to holistically capture
the underlying dynamics and contextual intricacies govern-
ing object-state transformations across sequential action.

The design of our framework draws from the recent
VLMAH model [20] that was specifically tailored for the
task of action anticipation. We augment this architecture by
introducing specialized object state history encoding mod-
ules. Additionally, we redesign the action history module to
facilitate disjoint encoding, capturing both the motion mo-
tifs in actions (verbs) and the transitions of objects-in-use
(nouns) between actions. This refined architecture enables a
more nuanced representation of the sequential dynamics be-
tween actions and object states, empowering the framework
to achieve enhanced performance in the task of next-state
anticipation within dynamic environments.

As illustrated in Fig.[2] the proposed framework consists
of two primary components: (a) the current action and ob-
ject state estimation module, and (b) the object state antic-
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Figure 2. Overview of the proposed baseline framework for the object state change anticipation task. The proposed framework anticipates
object state changes by integrating real-time visual data and a historical record of past actions and object states changes.

ipation module, depicted within the thin-dotted rectangle.
Our contribution resides in (a) the conceptualization of this
framework and (b) the development of the object state an-
ticipation module. Concerning the latter, it encompasses the
following constituent components.

Visual Encoder: In the visual encoding module, we employ
a lightweight visual encoder consisting of a single-branch
bidirectional long short-term memory (BiLSTM) compo-
nent followed by a multi-layer perceptron (MLP). We se-
lected this simplified design for the visual encoder due to its
primary objective of temporally encoding the enduring re-
lationships among encoded short-term segments extracted
from the input video. Our model relies on an external
pretrained human action recognition model, such as Slow-
Fast or TSN to provide encodings of short-term
spatio-temporal dependencies between the frames inside a
single segment.

Action & State History Encoders: As illustrated in Fig.2]
both encoders exploit the model design of the lexical en-
coder of the VLMAH model [20], which follows a NLP
neural network design consisting of BiLSTM and MLP
components. The decision to employ a simple NN for en-
coding the history, instead of utilizing LLLMs was motivated
by several factors. Firstly, the computational efficiency
of LLMs such as GPT-3 or LLaMA, often entails signifi-
cant resource requirements for training and inference [29],

whereas a simpler neural network architecture mitigates
computational overhead. Secondly, LLMs are pre-trained
on general text corpora and may not capture the domain-
specific nuances inherent in the textual data related to action
histories and object states. Additionally, the simplicity of
the chosen architecture facilitates interpretability, data effi-
ciency, and customization, affording greater control over the
model’s behavior and adaptation to the task’s requirements.

Learning Objective: The learning objective for training
the model was exclusively focused on evaluating the an-
ticipated state estimate. This deliberate choice stemmed
from the desire to prioritize the accurate prediction of object
states, which constituted the primary objective of the study.
This objective was formulated using the cross-categorical
entropy loss, which is well-suited for multi-class classifica-
tion tasks, such as predicting object states across different
categories:

1 L& A
L=—5> > viclog(lic). Q)

i=1 c=1

where NN is the number of samples in the dataset, C' is num-
ber of object state categories, ¥; . is the ground truth next
state label for the object-in-use in the current action sample
i and §; . is the predicted next state probability.

During training, the proposed framework leverages ora-
cle action and state detectors to provide the action and state



history, respectively, for each clip in the dataset (see Fig. [2)).
These detectors estimate the current action and object state
observed in the clip, serving as ground truth annotations for
training purposes. However, it is important to note that in a
complete inference mode where the model is deployed for
real-world applications, there is a requirement for current
action and current object state recognition models to pro-
vide input to the framework. Consequently, our proposed
model is solely tasked with the learning objective of next
object anticipation during training, focusing exclusively on
predicting the future state of the object. By decoupling the
training and inference phases in this manner, the model is
able to effectively learn the dynamics of object state transi-
tions without the added complexity of simultaneously pre-
dicting the current action.

4. Experimental Setup

The proposed Ego4D-OSCA dataset: We introduce
Ego4D-OSCA as a new partition of the large-scale Ego4D
dataset that aims to serve as a benchmark for the assess-
ment of methods for object state change anticipation. The
volume and diversity of the Ego4D dataset make Ego4D-
OSCA a very challenging dataset for OSCA, as shown in
Fig.[3] Ego4D-OSCA is tailored for the long-term activity
(LTA) prediction benchmark, which aims to forecast the se-
quence of activities that will unfold in future video frames.
Due to an ongoing challenge, the official test set for this
benchmark has not yet been released, prompting us to re-
purpose the validation split as a stand-in test set. To enrich
the LTA benchmark, we have integrated object state anno-
tations extracted from the dataset as follows.

The original Ego4D dataset does not include annotations
for the specific state labels of individual video frames. In-
stead, annotations about state changes are provided, which
relate to entire video segments. Additionally, the dataset in-
cludes annotations for bounding boxes and object classes
across seven critical frames within each video segment.
These frames are temporally centered around the occur-
rence of the state change that occurs within each video seg-
ment. Based on this information, we super-annotate certain
critical frames of each video segment with state-related la-
bels as follows. For each video segment, we annotate the
initial and final frames as pre_X and post_X, respectively,
where X denotes the label of the state change. Furthermore,
in line with the semantic implications of these changes, we
establish three pairs of state changes. Each pair is con-
structed under the premise that the first action is the inverse
of the second concerning the resulting state change. For
instance, if X and Y represent inverse state changes, then
the labels pre_X and post_Y are considered samples of
identical states. A similar correspondence applies between
pre_Y and post_X. For example, the states pre_remove

and post_deposit are considered identical, since remove
and deposit constitute a pair of inverse state changes. Ta-
ble[T]delineates the specifics of these super-annotated states.
Morever, Table 2] provides important dataset statistics. By
incorporating these detailed annotations, Ego4D-OSCA of-
fers researchers a comprehensive platform to explore and
refine methods for anticipating object behavior and activity
sequences in egocentric video contexts.

Implementation Details: The proposed state anticipation
model (dotted rectangle in Fig. [2) is trained on a single
NVIDIA TITAN GPU using the Adam optimizer, a batch
size of 32, a learning rate of le — 4, without any temporal
augmentations (clip or frame cropping). Short-term associ-
ations between neighboring segments of an input video are
represented using the pre-extracted SlowFast frame level
features from Ego4D. Regarding the selection of the pre-
and the post-state keyframes that are introduced in the ob-
ject recognition model, we exploit the PNR annotations of
Ego4D, which correspond to the first frame in each clip
when the state change/transition is visible.

We should note that in real-world inference, the ac-
tion and state lexical histories in the proposed anticipation
model will be populated by existing action recognition and
object state estimation models trained on respective data of
the task.

5. Experimental Results
5.1. Object State Change Anticipation

In Table [3] we compare variants of an object state an-
ticipation model, to highlight the impact of incorporating
lexical histories of past actions and object states on object
state anticipation performance. Starting with the vision-
only model (VID-A), which solely relies on the visual rep-
resentation of the current action, we observe relatively mod-
est performance levels. However, when lexical histories
of past actions are introduced through an oracle recogni-
tion model (VNLP (O-Action)), we observe a slight per-
formance improvement, indicating the potential benefit of
contextual action information. Notably, incorporating lexi-
cal histories of past object states from an oracle recognition
model (VNLP (O-State)) leads to significant performance
gains, that highlight the importance of considering object
state dynamics in anticipation tasks. Further improvements
are observed when both types of lexical histories are inte-
grated into the model (VNLP (O-Action, O-State)), demon-
strating the synergistic effect of leveraging contextual in-
formation from both actions and object states. Overall, the
low anticipation scores underscore the inherently challeng-
ing nature of the task and the intricacy of the scenarios of
the dataset that pose significant challenges for anticipation
models.

We also performed experiments in which the oracle-



State Change: Deform

State Change: Remove

Action: Smoothes a floor with concrete with the trowel

Action: Pulls a box of eggs from the fridge

Figure 3. Six types of state-modifying actions related to two types of state transitions/changes (“deform” and “remove”), that are included
in videos of the Ego4D dataset. Each action and state change occurrence is represented by a triplet of frames (pre-state, PNR, post-state).
Each state change type is associated with various actions taking place in different environments and diverse scenarios, which emphasizes
the complexity and the challenges introduced when dealing with the object state change anticipation (OSCA) problem.

OSC | activate deactivate | deposit remove | construct deconstruct | deform | other

Pre pre pre pre pre pre pre pre
activate  deactivate | deposit remove deconstruct | deform | other

Post post post post post post post post
activate  deactivate | deposit remove | construct deform | other

Table 1. The super-annotated state change labels and the corresponding pre-/post-state labels of a video segment, where the state modifying
action occurs. The pairs activate-deactivate, deposit-remove, and construct-deconstruct constitute pairs of inverse state change actions.
Frame state labels that correspond to the same state are depicted with the same colour.

based state estimation was replaced with an actual object
state estimator. To fulfill this requirement in our experi-
ments, we adopted the object state classification method of
[13], with minor adjustments that we elucidate below. The
state history of the non-oracle model relies on the outputs
of two distinct state classifiers. Each classifier receives ei-
ther the first or the last frame of each video segment as in-
put to predict the object state label for the respective frame.
The prediction of the state change label for the video seg-
ment considers both outputs and is derived based on the fol-
lowing rules. If the object state predictions are pre_X and
post_X, respectively, the inferred state change for the video
segment is denoted as X. Conversely, if the classifiers pre-
dict pre_X and post.Y, where X and Y are distinct and
represent inverse state changes, it is concluded that no state
change has occurred. Finally, if neither of the conditions
mentioned above is met, the state change prediction defaults
to the output of the second classifier; i.e., if the prediction is
post_Y, the state change for the video segment is identified

as Y. For example, if the predictions of the two classifiers
are pre_activate and post_activate the prediction for the
state change would be activate. Likewise, if the predic-
tions are pre_activate and post_deactivate the prediction
of the state change would be that of no change.

When we replace the oracle object state recognition
model with the above-described object state estimator,
which showcased a mean frame-wise object state recogni-
tion accuracy of 24.1% in this dataset, we observe a signif-
icant drop in accuracy (rows 5 & 6 of Table [3). This dif-
ference in accuracy underscores the critical role of precise
object state recognition in effectively anticipating future ob-
ject states within dynamic environments.

5.2. The Impact of Object State and Action Recog-
nition Accuracy

To further demonstrate the impact of the accuracy of the
current action and current object state recognizers on the
object state change anticipation task, we conducted exper-



No OSC | activate | deactivate | construct | deconstruct | deposit | remove | deform | other
Train 2066 4017 1492 4186 1773 14984 15338 4400 15667
Test 1284 1888 617 2289 966 7613 7608 2149 8715
Table 2. Statistics for the Ego4D-OSCA dataset per object state change class. In total the dataset has 61858 training clips and 31846 testing
clips.
Model Top@1/5 mAcc
VID-A . 23.93/89.10% Noise (Action, State) Top@1/5 mAcc
VNLP (O-Action) 25.59/83.06%
(0%, 0%) (Oracle) 35.60 / 88.14%
VNLP (State [13])) 30.23/91.80%
(25%, 25%) 30.46 / 84.42%
VNLP (O-State) 34.35/85.92%
- (50%, 50%) 26.00/81.75%
VNLP (O-Action, O-State) 35.60 / 88.14% (75%. 75%) 2 48 / 78.09%
VNLP (O-Action, State [13])  28.56/92.24% : - ;

Table 3. Object state change anticipation performance for various
model configurations (O-: Oracle recognizer, VID-A: vision-only

state anticipation model).

iments that hypothesized recognizers of different accuracy.
In this experimental setup, we uniformly introduce noise,
representing erroneous estimations, to both the action and
state histories, since in the inference stage of the proposed
framework, these histories would need to be populated by
the outputs of the respective recognizers.

Table @] presents the results obtained under three varying
levels of label noise (rows 2-5), contrasted to the outcomes
achieved when employing ground truth labels (where the
noise level is 0%). The noise levels correspond to the rate
of erroneous estimates generated by the recognizers, i.e.,
25% corresponds to a recognizer with 75% mAcc. As it
can be verified based on the obtained results, the perfor-
mance of the state anticipation task is influenced by the rec-
ognizer’s accuracy, demonstrating an approximate 4 — 5%
reduction in OSCA accuracy for every 25% decrease in ob-
ject state and action recognition accuracy. Notably, despite
substantial declines in state and action recognition perfor-
mance, the anticipation model exhibits only a marginal de-
crease in performance. This finding can be attributed to
the compensatory capability of the visual component of the
model, which effectively accommodates dynamic and pre-
viously unseen sequences of action and state histories.

6. Conclusions

We introduced the new problem of object next-state an-
ticipation and proposed a baseline framework to address
it. Our framework is a novel effort in this domain, shed-
ding light on the potential of leveraging contextual informa-
tion to enhance object state anticipation performance within
vision-based models. By integrating lexical histories of past
actions and object states with visual information of the re-
cent past, our framework demonstrates notable improve-
ments in anticipation accuracy, underscoring the importance
of contextual understanding in dynamic environments. To
validate the efficacy of our approach, we adapted a recent,

Table 4. Object state change anticipation model robustness to
recognizer performance variability.

large-scale egocentric dataset, Ego4D [14], introducing a
specialized subset for object state anticipation, referred to
as Ego4D-OSCA.

An integral aspect of the proposed method involved em-
ploying a basic NLP model to handle the lexical histo-
ries of previous actions and object states. While this ap-
proach offers certain advantages, as discussed in Section 3]
it is constrained by its reliance on simplistic lexical struc-
tures adhering to predefined structural protocols and lan-
guage formats. We can substitute these models with LLMs
to address these limitations, particularly in capturing nu-
anced semantics and enhancing adaptability across diverse
domains and languages. However, this comes at the extra
cost of increased computational and storage demands. Fi-
nally, another interesting future direction we plan to explore
is studying the problem under zero-shot settings. This could
lead to the possibility of developing a method that can an-
ticipate changes that are not included in the training data,
or anticipate changes that affect novel classes of objects, or
occur as the effect of novel classes of actions.

7. Acknowledgements

The Hellenic Foundation for Research and Innovation
(H.ER.L) funded this research project under the 3rd Call
for H.E.R.I. Research Projects to support Post-Doctoral Re-
searchers (Project Number 7678 InterLinK: Visual Recog-
nition and Anticipation of Human-Object Interactions using
Deep Learning, Knowledge Graphs and Reasoning) and un-
der the “1st Call for H.F.R.I Research Projects to support
Faculty members and Researchers and the procurement of
high-cost research equipment”, project I.C.Humans, num-
ber 91. This research is also partly carried out within the
framework of the National Recovery and Resilience Plan
Greece 2.0, funded by the European Union — NextGenera-
tionEU, project code TAEDR-0535864.



References

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

(11]

[12]

[13]

Jean-Baptiste Alayrac, Josef Sivic, Ivan Laptev, and Simon
Lacoste-Julien. Joint discovery of object states and manip-
ulation actions. In Proceedings of the IEEE International
Conference on Computer Vision (ICCV), pages 407-416,
2017.

Jean-Baptiste Baptiste Alayrac, Josef Sivic, Ivan Laptev, and
Simon Lacoste-Julien. Joint Discovery of Object States and
Manipulation Actions. In International Conference on Com-
puter Vision (ICCV), volume 2017-Octob, pages 21462155,
2017.

Patric Bach, Toby Nicholson, and Matthew Hudson. The
affordance-matching hypothesis: how objects guide action
understanding and prediction.
science, 8:254, 2014.
Konstantinos Bacharidis and Antonis Argyros. Exploiting
the nature of repetitive actions for their effective and efficient
recognition. Frontiers in Computer Science, 4, 2022.
Konstantinos Bacharidis and Antonis Argyros. Repetition-
aware image sequence sampling for recognizing repetitive
human actions. In Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision (ICCV) Workshops,
pages 1878-1887, October 2023.

Andreja Bubic, D Yves Von Cramon, and Ricarda I
Schubotz. Prediction, cognition and the brain. Frontiers in
human neuroscience, 4:1094, 2010.

Guo Chen, Sen Xing, Zhe Chen, Yi Wang, Kunchang Li,
Yizhuo Li, Yi Liu, Jiahao Wang, Yin-Dong Zheng, Bingkun
Huang, et al. Internvideo-ego4d: A pack of champion solu-
tions to ego4d challenges. arXiv preprint arXiv:2211.09529,
2022.

Kun Duan, Devi Parikh, David Crandall, and Kristen Grau-
man. Discovering localized attributes for fine-grained recog-
nition. In 2012 IEEE CVPR, pages 3474-3481. IEEE, 2012.
Alireza Fathi and James M Rehg. Modeling actions through
state changes. In Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, pages 2579—
2586, 2013.

Christoph Feichtenhofer, Haoqi Fan, Jitendra Malik, and
Kaiming He. Slowfast networks for video recognition. In
Proceedings of the IEEE/CVF international conference on
computer vision, pages 6202-6211, 2019.

F. Gouidis, K. Papantoniou, K. Papoutsakis, T. Patkos, A. Ar-
gyros, and D. Plexousakis. Fusing domain-specific content
from large language models into knowledge graphs for en-
hanced zero shot object state classification. In Proceedings
of the AAAI 2024 Spring Symposium on Empowering Ma-
chine Learning and Large Language Models with Domain
and Commonsense Knowledge (AAAI-MAKE), 2024.

F. Gouidis, K. Papoutsakis, T. Patkos, A. Argyros, and D.
Plexousakis. Exploring the impact of knowledge graphs on
zero-shot visual object state classification. In Proceedings
of the the 19th International Joint Conference on Computer
Vision, Imaging and Computer Graphics Theory and Appli-
cations., 2024.

F. Gouidis, T. Patkos, A. Argyros, and D. Plexousakis. De-
tecting object states vs detecting objects: A new dataset and

Frontiers in human neuro-

[14]

(15]

(16]

(17]

(18]

(19]

[20]

(21]

(22]

(23]

(24]

[25]

a quantitative experimental study. In Proceedings of the 17th
International Joint Conference on Computer Vision, Imaging
and Computer Graphics Theory and Applications (VISAPP),
volume 5, pages 590-600, 2022.

Kristen Grauman, Andrew Westbury, Eugene Byrne,
Zachary Chavis, Antonino Furnari, Rohit Girdhar, Jackson
Hamburger, Hao Jiang, Miao Liu, Xingyu Liu, et al. Ego4d:
Around the world in 3,000 hours of egocentric video. In
Proceedings of the IEEE/CVF CVPR, pages 18995-19012,
2022.

Phillip Isola, Joseph J. Lim, and Edward H. Adelson. Dis-
covering states and transformations in image collections.
Proceedings of the IEEE Computer Society CVPR, 07-12-
June:1383-1391, 2015.

Yang Liu, Ping Wei, and Song-Chun Zhu. Jointly recogniz-
ing object fluents and tasks in egocentric videos. In 2017
IEEE International Conference on Computer Vision (ICCV),
pages 2943-2951, 2017.

Yang Liu, Ping Wei, and Song Chun Zhu. Jointly Recog-
nizing Object Fluents and Tasks in Egocentric Videos. Pro-
ceedings of the IEEE International Conference on Computer
Vision, 2017-Octob:2943-2951, 2017.

Yang Liu, Ping Wei, and Song-Chun Zhu. Jointly recogniz-
ing object fluents and tasks in egocentric videos. In Proceed-
ings of the IEEE ICCV, pages 2924-2932, 2017.

Chih Yao Ma, Asim Kadav, Iain Melvin, Zsolt Kira, Ghassan
Alregib, and Hans Peter Graf. Attend and Interact: Higher-
Order Object Interactions for Video Understanding. Pro-
ceedings of the IEEE Computer Society Conference on Com-
puter Vision and Pattern Recognition, pages 6790-6800,
2018.

Victoria Manousaki, Konstantinos Bacharidis, Konstantinos
Papoutsakis, and Antonis Argyros. Vlmah: Visual-linguistic
modeling of action history for effective action anticipation.
In Proceedings of the IEEE/CVF International Conference
on Computer Vision (ICCV) Workshops, pages 1917-1927,
October 2023.

Giovanni Pezzulo. Coordinating with the future: the an-
ticipatory nature of representation. Minds and Machines,
18:179-225, 2008.

Nirat Saini, Bo He, Gaurav Shrivastava, Sai Saketh Ramb-
hatla, and Abhinav Shrivastava. Recognizing actions using
object states. In ICLR Workshop on Objects, Structure and
Causality, 2022.

Nirat Saini, Khoi Pham, and Abhinav Shrivastava. Disentan-
gling visual embeddings for attributes and objects. In Pro-
ceedings of the IEEE Conference on Computer Vision and
FPattern Recognition (CVPR), 2022.

Nirat Saini, Hanyu Wang, Archana Swaminathan, Vinoj
Jayasundara, Bo He, Kamal Gupta, and Abhinav Shrivas-
tava. Chop & learn: Recognizing and generating object-state
compositions. In Proceedings of the International Confer-
ence on Computer Vision (ICCV). IEEE, 2023.

Krishna Kumar Singh and Yong Jae Lee. End-to-end lo-
calization and ranking for relative attributes. In Computer
Vision-ECCV 2016: 14th European Conference, Amster-
dam, The Netherlands, October 11-14, 2016, Proceedings,
Part VI 14, pages 753-769. Springer, 2016.



[26]

(27]

(28]

[29]

(30]

(31]

(32]

(33]

[34]

(35]

(36]

(37]

(38]

Tomas Soucek, Jean-Baptiste Alayrac, Antoine Miech, Ivan
Laptev, and Josef Sivic. Look for the change: Learning ob-
ject states and state-modifying actions from untrimmed web
videos. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), 2022.
Tomas Soucek, Jean-Baptiste Alayrac, Antoine Miech, Ivan
Laptev, and Josef Sivic. Multi-task learning of object states
and state-modifying actions from web videos. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence, 2024.
Tom4s Soucek, Dima Damen, Michael Wray, Ivan Laptev,
and Josef Sivic. Genhowto: Learning to generate actions
and state transformations from instructional videos. In Pro-
ceedings of the IEEE Conference on Computer Vision and
Fattern Recognition (CVPR), June 2024.

Zhongwei Wan, Xin Wang, Che Liu, Samiul Alam, Yu
Zheng, Zhongnan Qu, Shen Yan, Yi Zhu, Quanlu Zhang,
Mosharaf Chowdhury, et al. Efficient large language mod-
els: A survey. arXiv preprint arXiv:2312.03863, 1, 2023.
Limin Wang, Yuanjun Xiong, Zhe Wang, Yu Qiao, Dahua
Lin, Xiaoou Tang, and Luc Van Gool. Temporal segment net-
works for action recognition in videos. [EEE Transactions
on Pattern Analysis and Machine Intelligence, 41(11):2740-
2755, 2019.

Xiaolong Wang, Ali Farhadi, and Abhinav Gupta. Actions ~
Transformations. In Proceedings of the IEEE Computer So-
ciety CVPR, volume 2016-Decem, pages 2658-2667. IEEE,
jun 2016.

Xiaolong Wang, Yufei Ye, and Abhinav Gupta. Zero-
Shot Recognition via Semantic Embeddings and Knowledge
Graphs. Proceedings of the IEEE CVPR, pages 6857-6866,
2018.

Florentin Worgotter, Alejandro Agostini, Norbert Kriiger,
Natalya Shylo, and Bernd Porr. Cognitive agents—a pro-
cedural perspective relying on the predictability of object-
action-complexes (oacs). Robotics and Autonomous Systems,
57(4):420-432, 2009.

Yongqin Xian, Christoph H Lampert, Bernt Schiele, and
Zeynep Akata. Zero-shot learning—a comprehensive eval-
uation of the good, the bad and the ugly. IEEE Trans. on
PAMI, 41(9):2251-2265, 2018.

Zihui Xue et al. Learning object state changes in videos: An
open-world perspective. arXiv preprint arXiv:2312.11782,
2024.

Rowan Zellers, Yonatan Bisk, Ali Farhadi, and Yejin Choi.
From recognition to cognition: Visual commonsense rea-
soning. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pages 6720-6731,
2019.

X. Zhou, A. Arnab, C. Sun, and C. Schmid. How can ob-
jects help action recognition? In 2023 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR),
pages 2353-2362, Los Alamitos, CA, USA, jun 2023. IEEE
Computer Society.

Yixin Zhu, Tao Gao, Lifeng Fan, Siyuan Huang, Mark Ed-
monds, Hangxin Liu, Feng Gao, Chi Zhang, Siyuan Qi,
Ying Nian Wu, et al. Dark, beyond deep: A paradigm shift
to cognitive ai with humanlike common sense. Engineering,
6(3):310-345, 2020.



