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Abstract

Accurate action classification in image sequences is essential for real-world applications such
as autonomous driving and human-robot interaction. While existing approaches often rely on
pixel-based features effective for single-image tasks, they typically fail to capture the temporal
dynamics and structural relationships inherent in dynamic scenes. This thesis focuses on
improving action classification by leveraging structured graph representations that encode
object interactions over time. These dynamic scene representations — generated from the
image sequences — explicitly encode evolving inter-object relationships and serve as input to
our action classification module. To this end, we introduce a graph-based neural architecture!
that processes these structured inputs using a dual-head classification module — one head
predicts the action type, while the second predicts the participating objects (arguments). This
dual-head approach enables finer-grained action understanding by disentangling the action
name from its semantic arguments across consecutive frames. We evaluate our method on
synthetically generated image sequences derived from planning domain benchmarks that test
spatial and temporal reasoning. Experimental results demonstrate that our approach achieves
high accuracy in action classification, highlighting the benefits of structure-aware learning for
sequential visual understanding.

'The codebase of our framework and the generated datasets will be made publicly available at
https://github.com/p-schulte/ac_dsg.
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1 Introduction

Deep learning has demonstrated significant accomplishments in single-image tasks such as
classification, segmentation, and object detection [1, 2]. These developments have been driven
by increasingly sophisticated architectures, large annotated datasets, and improved training
techniques, enabling machines to match or even surpass human-level performance in many

cases.

A key factor underlying this success is that single-image inputs provide only static spatial
information, which allows models to focus exclusively on learning spatial patterns to identify
objects and their attributes. In this context, pixel-based feature extractors such as Convolutional
Neural Networks (CNNs) have demonstrated strong effectiveness in image classification and
related tasks [3].

However, extending this success to image sequences and videos continues to be a substantial
research challenge. Unlike single images, sequences introduce a temporal dimension, where
not only object attributes but also their pairwise relationships can evolve over time. This dy-
namic nature requires models to capture both spatial and temporal dependencies, substantially
increasing the complexity of image sequence classification tasks [4].

One popular example of an image sequence task is action classification, where the objective is
to recognize and categorize actions over a series of frames. In contrast to single-image tasks,
the temporal nature of image sequences introduces several unique and intricate problems,
such as occlusion and motion ambiguity.

To address these and other challenges that emerge from introducing the temporal dimension,
we need to develop a method that can successfully capture both the spatial and temporal rela-
tionships between objects in image sequences — ideally through a structured and semantically
meaningful representation.

1.1 Motivation

In this thesis, we focus on a more fine-grained version of the aforementioned action classi-
fication task in image sequences. In contrast to conventional approaches that assign a flat
label to an entire frame or clip, we aim to infer structured actions that include both the action
type and the specific objects involved in each interaction (e.g., “stack(block B, block C)”). This
task plays a critical role in various real-world applications, including autonomous driving,
surveillance, human-robot interaction, video analytics, and healthcare. These fields often
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require interpretable and reliable predictions, as they operate in safety-critical environments
where understanding the reasoning behind a decision is just as important as the decision itself.
As such, developing robust methods for sequence-level visual understanding is a key step
towards closing the gap between single-image analysis and dynamic scene interpretation.

However, this transition is far from trivial — structured action classification in sequences
introduces unique challenges that static image models are not equipped to handle. Figure 1.1
illustrates an example from a controlled block manipulation domain, where understanding the
temporal context and the evolving relationships of objects is essential. In this scenario, a robot
interacts with objects, and the goal is to classify the actions that occur between consecutive
frames — identifying both the action type and the participating entities. A key challenge arises
when objects are temporarily invisible — for instance, ball B is hidden inside block C in frame
2, making it unobservable to the model at that moment. Nevertheless, the action "unhide(B,
C)” must still be correctly inferred between frames 2 and 3, based on information from earlier
frames. Single-image classification methods would fail in this situation, as they lack access to
temporal context and cannot detect ball B at all in the occluded frame. This example highlights
the necessity for temporal reasoning, where models must accumulate and interpret context
across time steps to infer actions that are not immediately observable from a single frame.

- =
-
hide(B,C) unhide(B,C)

A C A C A C

T7777777777777777777777777777777777777 . T7777777777777777777777777777777777777+ . 77 777777777777777777777777777777777777

Frame 1 Frame 2 Frame 3

Figure 1.1: Example image sequence from a symbolic planning domain. Ball B is first placed
inside block C, making it temporarily unobservable ("hide(B, C)”). In the subse-
quent step, it is revealed again ("unhide(B, C)”). This scenario illustrates a case
of temporal occlusion, where correct action classification requires reasoning over
multiple frames rather than relying on single-frame observations.

To address this challenge, we require intermediate representations that explicitly capture both
spatial and temporal relationships while supporting interpretability. Scene graphs [5], and
their temporally extended variant — dynamic scene graphs (DSGs) [6] — provide a structured,
symbolic model of object interactions over time. These representations serve not only as
interpretable summaries of image sequences but also as input to supervised learning pipelines.
However, their dynamic and evolving nature poses new challenges: the graph structure itself

changes over time, complicating the design of models that can leverage such structure for
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fine-grained action prediction. Overcoming this limitation forms the central focus of this
thesis.

In the following section, we outline the key technical challenges that arise in this setting and
summarize our main contributions to addressing them.

1.2 Main Challenges and Contributions

Using DSGs for structured action classification in image sequences presents several challenges
that need to be addressed to achieve effective and interpretable results. We identify three main
challenges that are particularly relevant to our work:

A: Dynamic Scene Graph Processing. Incorporating graph structures into supervised
learning tasks presents unique challenges due to their non-Euclidean nature. This is espe-
cially relevant for DSGs, where both the node set and adjacency structure evolve over time.
Existing Graph Neural Network (GNN) architectures are typically optimized for static
graphs, limiting their direct applicability to DSGs. For example, the Spatial-Temporal
Graph Convolutional Network (ST-GCN) introduced by Yan et al. [7] was originally
designed for human-skeleton data, where the graph structure — i.e., the adjacency ma-
trix representing joint connections — remains fixed throughout the sequence. Such a
constraint significantly restricts the model’s ability to capture the dynamic inter-object
relationships characteristic of DSGs. Furthermore, many GNNs assume a homogeneous
edge type, which is unsuitable for DSGs that encode multiple types of semantic relation-
ships between objects. These limitations necessitate architectural adaptations to support
time-varying graph topologies and heterogeneous edge semantics to fully leverage DSGs
for downstream tasks like action classification.

B: Entity Selection for Action Argument Grounding. Structured action classification
requires not only identifying the action type but also correctly selecting the specific enti-
ties that participate in the action. This process — grounding abstract action arguments in
concrete scene elements — is substantially more complex than flat action prediction. It
demands that the model combines high-level semantic understanding with fine-grained
spatial and relational reasoning. This challenge becomes even more intricate in dynamic
scenes where objects may be temporarily occluded in certain frames. In such cases, the
model must leverage temporal information and graph-based context to infer the correct
arguments.

C: Lack of Benchmarks. While numerous datasets exist for action classification in image
sequences, they primarily focus on the aforementioned flat action labels (e.g., "stack”,
“unstack”) without specifying the interacting objects involved in each action. For instance,
the Action Genome (AG) dataset [8] provides annotations of actions and scene graphs, yet
it lacks structured action labels that include argument-level information (e.g., “stack(B,
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C)”). Moreover, although AG includes DSG annotations, they are not aligned with
symbolic representations or temporally consistent object identities required for structured
reasoning. To the best of our knowledge, no existing benchmark provides both structured
action annotations and aligned DSGs, making it difficult to train and evaluate models
that operate on temporally evolving, graph-based representations.

To address these challenges, we propose a supervised learning framework for action classi-
fication in image sequences that leverages the semantic structure of DSGs. We enhance the
ST-GCN architecture to explicitly handle the dynamics of DSGs, allowing the model to learn
from temporally evolving inter-object relationships. Our approach combines symbolic reason-
ing with deep graph-based representations to improve both classification performance and
interpretability. The main contributions of this thesis are as follows:

A: Dynamic Scene Graph Processing.

(i) We extend the DSG generation pipeline of Feng et al. [9] to incorporate not only
human-object but also object-object interactions, enabling a more sophisticated
and temporally-aware semantic representation of the scene.

(ii) We leverage so-called tracklets [9] — temporally consistent object identities that
map detections to specific objects across frames — to maintain consistent node
indexing within the DSG over time. This temporal alignment enables our model to
effectively extract and utilize temporal context through temporal convolution.

(iii) We design an improved ST-GCN architecture capable of dynamic spatial graph con-
volution, allowing the model to understand the evolving inter-object relationships
of the generated DSGs. This new convolution formulation is specifically tailored to
handle changing adjacency matrices and heterogeneous edge types, enabling the
model to effectively process DSGs as input.

B: Entity Selection for Action Argument Grounding. We introduce a dual-head clas-
sification module as part of our improved ST-GCN architecture that jointly predicts
action types (e.g., "stack”, unstack”) and their corresponding arguments, i.e., the specific
objects involved. This multi-task formulation improves both the interpretability and
explainability of structured action understanding.

C: Symbolic Planning Domain Benchmarks. To facilitate future research in structured
action classification in image sequences, we develop a synthetic dataset generator based
on PDDLgym [10]. Our generator produces image sequences, annotated with DSGs and
lifted actions (e.g. “stack(A,B)”) for classical planning domains, enabling a systematic
evaluation and training of our method.

Building on these contributions, we investigate how graph-based representations of image
sequences can improve action classification performance. To this end, we aim to answer the
following research questions:
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« RQ1: How can DSGs derived from image sequences be leveraged as structured, temporally-
aware representations to enhance the performance of action classification?

« RQ2: How can we design the action classification head to improve the interpretability
and explainability of the predicted actions?

« RQ3: How can we effectively evaluate the performance of action classification methods
on structured action understanding tasks, particularly in the context of image sequences?



2 Background

This chapter reviews the theoretical and technical foundations necessary to understand the
methods developed in this thesis. First, we introduce DSGs as a structured representation of
image sequences. Then, we provide an overview of GNNs, with a particular focus on Graph
Convolutional Networks (GCNs), which are central to modeling interactions within DSGs.

2.1 Scene Graph Representation

Understanding images often requires more than identifying individual objects — it also involves
reasoning about how these objects relate to one another. Scene graphs address this challenge
by providing a structured, graph-based representation of single images, where nodes denote
objects, and edges encode relationships between them. This format allows models to not only
detect objects in an isolated manner, but to reason about their interactions, and a higher-level
context.

Formally, a scene graph is defined as a directed graph G = (V, £), where V is the set of nodes
representing detected objects, and € C V X R X Vs the set of directed, labeled edges denoting
pairwise relationships between them [5, 6]. Each node v; € V is a tuple v; = (b;, ¢;, f;), where
b; € [0, 1]4 is the normalized bounding box, ¢; € {0,1}/9 is a one-hot vector encoding the
object class from a predefined set O, and f; € R€ is a C-dimensional feature vector extracted
from the image region corresponding to the bounding box [9].

Eachedgee;; € € connectsnodes v; and v, and is defined ase;; = (vi, lijs vj), wherer;; € Risthe
relationship type of the edge. Equivalently, for each relationship type r € R, the corresponding
adjacency matrix A, € {0, 1}/V*IVI encodes the presence or absence of relation r between each
pair of nodes. That is,

1 if (v,ry) €68,

(Ar)ij = (2.1)

0 otherwise.
This structured representation jointly captures the entities present in an image and the semantic

relations between them, supporting higher-level reasoning over the scene’s composition.

To enable structured representations of image sequences, static scene graphs are extended
into DSGs. A DSG, denoted as G4y = {G; = (V}, € O}, is a temporally indexed sequence of
static scene graphs, where 1} and &; denote the set of nodes and edges at time step t € [T]
for a horizon of length T € N, respectively [6]. In this formulation, each frame is modeled
independently via its scene graph, while the overall DSG captures the temporal dynamics and
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evolving structure of the scene across the sequence. Figure 2.1 illustrates an example of a DSG
consisting of three timesteps, showing how the object relationships develop over time.

time
o ik o
I I; Iiq
~handempty <%handempty

holding clear

clear
on clear clear clear clear 0
onl on oﬁ on on
~

— _/ —
~

Gi1 Gy Grs1
~
9dyn ={G; = (W?gt)}’trzl

Figure 2.1: Illustration of a DSG over three consecutive image frames I; for i € {t—1,¢,t+1}.
Each frame is represented by a static scene graph G; = (17, &;), where nodes denote
objects and edges encode their relationships. The nodes labeled t and r correspond
to the table and robot, respectively, while A, B, and C represent blocks. Initially, the
robot is ’handempty”, and block B is stacked on block A. In the next frame, the robot
picks up B, and finally, places it on block C. Dashed arrows indicate the temporal
correspondence of the highlighted nodes across frames. The highlighted nodes in
each graph mark the objects whose relational contexts change across the sequence.

2.2 Graph Convolutional Networks

Many neural methods like CNNs only perform well on Euclidean, fixed-size inputs and struggle
with non-Euclidean data such as scene graphs, a limitation addressed by GNNs [6, 11]. The main
idea behind GNNs is to iteratively update node representations by aggregating information
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from neighbors. Various aggregation methods are used in GNNSs, and in this section, we
focus on GCNs, being one of the foundational and widely used GNN models due to their
simplicity and effectiveness. Other popular GNN architectures include GraphSAGE [12],
Graph Attention Network (GAT) [13], and Message Passing Neural Networks [14], each with
its unique aggregation functions and design principles.

Graph Convolutional Layers. GCNs update node representations by aggregating informa-
tion from local neighborhoods [15]. The update rule for a single GCN layer is given by:

1

1
() — G(f)—; Af)—zx(l)w(l)>’ 2.2)

where X is the node feature matrix at layer I, with X(©) representing the input features. The
adjacency matrix A is augmented with self-loops by adding the identity matrix Iy, yielding
A = A + I. To stabilize training and prevent numerical instabilities such as vanishing or
exploding features, the adjacency matrix is symmetrically normalized using the degree matrix
D, where D;; = Zj A; ;. WO is alearnable weight matrix for layer [, and o denotes a non-linear
activation function, such as ReLU. Finally, X(+1 is the updated feature matrix at layer [ + 1.

This formulation allows GCN layers to propagate and integrate information across fixed graph
structures, capturing node attributes and local neighborhoods. After stacking multiple such
layers, the model produces node-level embeddings, which can be used for downstream tasks

such as node or graph classification [15].

However, standard GCNs face several limitations when applied to more complex graph struc-
tures. First, they assume a fixed graph topology, which requires the number and connectivity
of nodes to remain constant throughout the aggregation. This constraint poses challenges
when applying GCNs on dynamic graph structures, such as DSGs, where the nodes and edges
can vary over time. Second, classical GCN formulations typically handle only homogeneous
edge types, i.e., all edges are treated equally during message passing. This is insufficient for
heterogeneous graphs like DSGs, which encode different semantic relationships — such as
“on”, “clear”, or "holding” — as distinct edge types. These limitations motivate the development
of more expressive models capable of handling temporally evolving and semantically rich

graph structures.



3 Related Works

This section reviews foundational and recent works on DSG generation and action classification
in image sequences. We will discuss the limitations of existing methods and highlight the
significance of our proposed approach in addressing these challenges.

3.1 Scene Graph Generation

Scene graphs, first proposed by Johnson et al. in 2015 [5], have since been the focus of extensive
research, leading to the development of numerous approaches for their generation. Current
scene graph generation (SGG) methods can be broadly categorized into two groups: two-
stage methods and one-stage methods [16]. Two-stage methods first detect bounding boxes
and objects, followed by the detection of pairwise relationships [6, 9]. In contrast, one-stage
methods simultaneously detect and recognize objects and their relationships in a unified
process [17].

3.1.1 Static Scene Graph Generation

Early works on static scene graph generation aimed to detect and classify objects and their
respective relationships from single images. Xu et al. proposed to leverage a Recurrent Neural
Network (RNN) to perform iterative message passing over detected objects in images and their
pairwise relationships [18]. This enables joint reasoning over objects and interactions, instead
of treating them as independent entities.

Zellers et al. highlighted the importance of repetitive subgraphs (motifs) in scene graphs,
demonstrating that relationships are highly predictable given the object categories present in
the scene [19]. Building on this insight, they proposed the Stacked Motif Network (MOTIFNET)
architecture, which leverages Long Short-Term Memory (LSTM)-based global context encoding
to classify objects and, in particular, pairwise relationships. Their architecture implicitly
captures higher-order motifs, improving the model’s ability to capture recurring relational
patterns within complex visual scenes.

Yang et al. introduced a Relation Proposal Network (RePN) that efficiently reduces the quadratic
relationship search space by scoring and selecting likely object pairs based on their feature
representations [20]. To refine predictions, they apply an attentional GCN, which selectively
propagates contextual information across the graph to capture higher-order dependencies.
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This design reduces the computational complexity of relationship inference and enables more
scalable and accurate scene graph generation.

Following these advances in static scene graph generation, research has progressively shifted to-
wards DSG generation, which aims to capture dynamic relationships and interactions between
objects across sequences of images.

3.1.2 Dynamic Scene Graph Generation

Most DSG generation methods extend the principles of static scene graph generation to image
sequences. Typically, an initial prediction is made for each frame individually, which is subse-
quently refined using recurrent architectures — such as RNNs, LSTMs, or transformers [21] —

to capture temporal dependencies and ensure classification consistency over time.

Teng et al. introduced TRACE, a detect-to-track framework designed to decouple relation
prediction from the complexities of low-level entity tracking [22]. By isolating context modeling
for relation prediction, TRACE reduces sensitivity to tracking error propagation. However, the
method remains limited to short-term dependencies and suffers from the aggregation problem,
where conflicting predictions for the same frame arise from different image sequence segments.

Cong et al. proposed STTran, a baseline model that employs a spatial encoder and a temporal
decoder to extract spatial-temporal contexts implicitly [6]. This approach highlights the impor-
tance of temporal correlations for inferring dynamic visual relationships. However, STTran
relies heavily on adjacent keyframes, limiting its ability to ensure long-term consistency and
fully capture extended temporal dependencies.

STKET improves upon STTran by explicitly embedding spatial and temporal priors into the
attention mechanism [23]. This allows it to better capture spatial-temporal relationships, but
like STTran, it still struggles with long-term consistency, as it relies on adjacent keyframes.

To address these limitations, the Dynamic Scene Graph Detection Transformer (DSG-DETR)
introduces inter-frame trajectory construction for object instances and pairs using bipartite
graph matching, i.e. aligning objects and their relationships across different frames, enhancing
long-term temporal dependencies in video data [9]. By building on the STTran framework,
DSG-DETR significantly improves multi-relation classification performance and demonstrates

the benefits of modeling extended temporal relationships.

Recent work by Wang et al. proposed OED [17], which directly integrates object detection and
relationship reasoning, further advancing one-stage SGG methods. OED employs a unified
transformer-based architecture that uses a Progressive Refined Interaction Module (PRM). This
module incrementally selects and aggregates relevant information across frame sequences,
enabling the model to efficiently process DSG generation tasks in an end-to-end manner.

10
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Despite the simplicity and efficiency of OED as a single-step approach, our work primarily
relies on the DSG-DETR. We hypothesize that temporal object consistency plays a critical role
in understanding semantically complex relationships, essential for accurate DSG generation
in the context of action classification. DSG-DETR’s use of inter-frame trajectory construction
and bipartite graph matching enables it to model extended temporal dependencies, making it
well-suited for this task.

3.2 Action Classification in Image Sequences

Action classification in image sequences presents significant challenges, as outlined in Sec-
tion 1.1. To address these, previous research has explored a wide range of approaches. They
range from low-level pixel-based methods to techniques that incorporate structured intermedi-
ate representations, such as scene graphs. In this section, we review both directions and argue
in favor of structured representations as a more effective solution for our task.

3.2.1 Action Classification via Pixel-Based Features

Many state-of-the-art action classification models rely on direct processing of pixel-based
features extracted from raw video frames [4, 24]. These methods typically use convolutional
or transformer-based architectures to encode spatio-temporal patterns from RGB frames or
optical flow — often without explicit scene-level reasoning.

While such models have demonstrated strong performance on large-scale benchmarks like
Kinetics-400 [25], they face significant limitations when applied to scenarios requiring fine-
grained object interactions or long-term temporal dependencies. One fundamental challenge
lies in the difficulty of maintaining consistent representations of individual objects across
frames, especially when visual appearance varies due to occlusion, motion blur, or changes in
viewpoint. This hinders the model’s ability to reason about object identity and track inter-object
relationships over time. Additionally, the absence of structured representations often leads
to a lack of interpretability, making it difficult to analyze why certain actions were predicted.
Pixel-based models also generalize poorly in complex scenes with multiple interacting entities,

where understanding actions demands more than visual texture or motion cues.

In contrast, our approach introduces an intermediate structured representation in the form of
DSGs, which captures both spatial and temporal relationships between objects across frames.
By first generating DSGs using the DSG-DETR framework [9], we explicitly separate object
detection and interaction modeling from the downstream action classification task. This
allows our graph-based classifier to focus on high-level semantic reasoning — tracking the
involved entities and how their relationships evolve over time. We hypothesize that this explicit
relational modeling leads to better generalization, interpretability, and performance in action

11
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classification, especially in complex domains where interactions between objects are crucial
for understanding behavior.

3.2.2 Action Classification via Structured Representations

In contrast to pixel-based methods, recent work increasingly explores structured representa-
tions to improve action classification in image sequences. These methods first construct an
intermediate representation that encodes the context of the scene, which is then used as input

to a downstream classification model.

Kochakarn et al. proposed a self-supervised learning framework to learn embeddings from
sequences of scene graphs using an encoder network with attention mechanisms [11]. They
evaluated these embeddings and attention masks for future driver-action classification on real-
world data and used an LSTM-based decoder to predict the next action class. Their approach
emphasizes interpretability through attention masks and structured reasoning, though it does
not directly address DSG generation from images.

Yan et al. introduced ST-GCN to classify actions based on skeleton data, combining spatial and
temporal graph convolution [7]. Their model effectively captures spatio-temporal dependencies
in skeleton sequences but its reliance on fixed graphs limits its applicability to more complex,
object-centric scenes.

A key limitation of both approaches [7, 11] is that they classify actions from a fixed set of
labels without identifying the involved entities (e.g., objects or nodes). Our proposed method
addresses this gap by leveraging DSGs generated via the DSG-DETR model and applying a
GNN-based architecture for action classification. These DSGs enable not only the prediction
of action types but also the identification of the relevant objects involved in each action. By
capturing object interactions and their temporal evolution, our approach offers a more accurate
and interpretable representation of dynamic scenes. This allows us to overcome limitations
such as suboptimal action modeling [7, 11] and lack of interpretability (cf. Section 3.2.1) while

enabling fine-grained, entity-aware action classification in dynamic scenes.

Together, these gaps motivate our use of DSGs and GNNs to perform structured, temporally
consistent action classification that goes beyond label prediction to identify the objects involved.

12



4 Approach

After formally introducing the problem formulation for action classification in image sequences,
this chapter presents the foundational concepts underlying our method and details the design
of the proposed framework.

4.1 Problem Formulation

The objective of this work is to classify structured symbolic actions of arity k € N that occur
between consecutive frames in an image sequence. Each action is defined not only by an action
type (e.g., “stack”, "pickup”) but also by an ordered set of k participating entities (e.g., “stack(B,
C)”). In contrast to forecasting approaches such as [11], which predict future actions, our focus
lies on retrospective action classification. By leveraging symbolic representations of scenes, we
classify past transitions between frames in terms of both their type and participants.

Formally, given a sequence of images 7 = {I;, ,, ..., I} for a fixed time horizon T € N as well
as a finite set of labels for object types O, relationship types R, and action types A, the goal is
to classify, for each time step t € {1, ..., T}, the action type a; € A that occurred between the
images I, and I, ;, as well as the set of involved entities 1}™°V*d C ( that participated in the
action. The final output is a symbolic structured action prediction of the form a;(vy, ..., Ug),
where qa, is the predicted action type, and vy, ... , v € V™°V*d are the identified entities involved

in the action. This problem can be split into the two following subproblems:

Subproblem 1: DSG Generation. We define a function

fosg + (7,0,R) = (Gaygn = {G, = Vi €li=1> F), (4.1)

where each scene graph G; represents the symbolic scene structure of frame I;, with nodes
V, C O representing detected objects and edges £; C R representing predicted relationships.
The matrix F € RTXIVIXC denotes the visual feature representations extracted by an object
detector for each detected object in every frame.

Subproblem 2: Action Classification From DSGs. Furthermore, we define a second

function
faction . (Gt’ Gt+1’~’q’ F) = (at’ Vtinvolved), (4-2)

13



4 Approach

that classifies the action occurring between frames I; and I;,,. The output consists of the
predicted action type a, € 4 and an ordered set of involved entities 1712°V*d C 7 of cardinality
k.

The overall action classification task is thus decomposed into learning the two functions fpgg
and f,.i0n, Which are trained independently in a supervised learning setting. The first function,
fpsas operates directly on the image sequence J to generate a DSG. The second function, f,cons
is trained on the output of fpgg and performs structured action classification based on the
extracted scene representations. Both functions are supervised using annotated datasets that
provide ground-truth scene graphs and action labels, respectively.

To reduce ambiguity in determining which entities are involved in an action, we introduce
the following constraint: At each time step ¢, only a single object is actively moved between
frames. This simplifying assumption reflects the structure of the environments we consider for
evaluation, where actions are atomic and involve manipulating one object at a time. It ensures
that action labels and participating entities can be clearly attributed during both annotation
and prediction.

4.2 Preliminaries

Before introducing our proposed approach, we briefly review the two key components it builds
upon: the DSG-DETR [9] and ST-GCNs [7]. The DSG-DETR is used for DSG generation, while
ST-GCNs are employed for action classification.

4.2.1 Dynamic Scene Graph Detection Transformer

The objective of the DSG-DETR method, proposed by Feng et al., is to construct DSGs that
capture both spatial and temporal dependencies across sequences of images. The model
combines object detection with a transformer-based refinement pipeline consisting of three
main stages: (1) object detection in individual frames, (2) temporal refinement of object
classifications through tracklet construction, and (3) pairwise relationship prediction via a
dedicated transformer module. This section highlights the central innovation of DSG-DETR
— tracklet construction — which enables temporally consistent object representation across
frames. In our framework, we additionally leverage these tracklets to ensure consistent indexing
in the adjacency matrices of the generated DSGs. An overview of the complete pipeline is
provided in Figure 4.1.

Object Detection. In the first stage, the DSG-DETR employs a pre-trained Faster R-CNN
model [1] with a ResNet-101 backbone [26] to detect objects independently in each frame
I; € J of the input sequence. For every detected object, the model outputs a tuple (b;, &;, f;),

where b; € [0, 1]4 denotes the normalized bounding box in the format [X,;in, Ymin> Xmaxs Ymax s

14



4 Approach

1. Object Detection 2. Tracklet Construction 3. Class Distribution 4. Relationship
Refinement Transformer Classification
e l
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Figure 4.1: Illustration of the DSG-DETR architecture, adapted from [9]. In the first step, the
model detects objects in each frame of the input image sequence. Then, it constructs
object tracklets by linking detections across frames. The object transformer refines
the predicted class distributions of the detected and classified objects. Finally,
the relationship transformer predicts pairwise relationships between the detected
objects.

¢ € [0, 1]'0I represents the class probability distribution over the set of object classes O, and
f; € RC is a high-dimensional appearance feature vector extracted from the final layer of the
ResNet-101 backbone. The problem with these per-frame detections is the decoupled nature
of the prediction, which can lead to inconsistencies in object classification across frames. To
address this, the DSG-DETR introduces a refinement mechanism that links detections across

frames, ensuring coherent object identities over time.

Tracklet Construction. To achieve temporally consistent object classification, Feng et
al. proposed to construct tracklets by linking detections across frames. This association is
performed using the Hungarian matching algorithm [27], which finds an optimal assignment
between current frame detections and previously established tracklets based on a matching
cost. Formally, the assignment o;(j) = k indicates that the j-th detection in frame i is associated
with the k-th tracklet.

Each detection is described by a tuple D;; = (b;;, €;, f; ;) consisting of its bounding box, class dis-
tribution, and visual features, while the full detection set for frame i is denoted as D; = {D;; | j}.
A tracklet T; ; comprises all previous detections matched to the k-th tracklet, i.e.,

Ti,k = {Di/j | il S l,J S |Di/|,O'i/(j) = k}, (43)

while the set of all tracklets up to frame i is defined as T; = {T; i | k}. To describe each tracklet,
the latest bounding box f)l—,k is retained, while the average class distribution and visual features
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are computed as:

i |D 7]

éi,k = CI/(]) k]cl j? and (44)
i'=1 j=1
i Dyl

lk = Tix Z Z 1]cr/(J) k]fl’] (4.5)
wlhir=1 j=1

The optimal assignment o;(-) minimizes a cost function £y, which combines the deviation
of the predicted class distributions, appearance features, and bounding boxes between every
tracklet and the new detections of frame i:

0; := arg Ilél@n Lam(D}, T), (4.6)
where
1D o
Lim(Di TLy) = leﬂ[T(’i_mi(,-)#@] [(1 = cos(&ij» ityoy))

+/1feat( COS(fzyf(z 1)alu>)>

+/liouLiou(blj’b(l 1)o; (J)) + /lLl

bl = b1y, Hl] (4.7)

That is, £y aggregates four terms: a classification loss based on the cosine similarity between
class distributions, a feature loss based on the cosine similarity of appearance embeddings, and
two bounding box losses — one using the Intersection-over-Union (IoU) [28] and the other
using the standard L1 distance. The set &, denotes all possible permutations of length n;,
which corresponds to the number of detections in frame i.

To ensure that each detection can be matched with a corresponding tracklet — even in cases
where the sets differ in size — the detection set D; and the previous tracklet set T(;_;) are each
padded with dummy entries @& such that |Dj| = |T(;_y)|.

The non-negative weights Az, 404, and 4;; control the relative contribution of each individual
term to the total cost. Once the optimal assignment o;(+) is computed via this cost minimization,
any unmatched detections are used to initiate new tracklets. The resulting tracklet set is then
updated by appending the assigned detections to their corresponding tracklet histories.

To improve classification consistency within each tracklet, the DSG-DETR applies a transformer-
based refinement module. By aggregating bounding box, class distribution, and appearance
features across all elements of a tracklet, this object transformer refines noisy or ambiguous
predictions. In doing so, it corrects misclassifications based on the temporal context, ensuring
coherent object identity across frames.
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Relationship Prediction. To infer inter-object relations, the DSG-DETR constructs rela-
tionship embeddings by combining visual, spatial, and semantic features of object pairs. These
embeddings are first processed within each frame using a spatial transformer, and then tempo-
rally aggregated across frames via a second transformer. The resulting representations are used
to classify relationship predicates, enabling the construction of temporally coherent DSGs.

4.2.2 Spatial-Temporal Graph Convolutional Networks

Yan et al. proposed ST-GCNs to model spatial and temporal dependencies of graphs in action
classification tasks. Their research focuses on skeleton-based action recognition, where the
input is a sequence of skeleton graphs. Each graph represents a single frame, and the nodes
correspond to body joints. The edges represent the spatial relationships between these joints.
The goal is to classify the action performed by the human in the sequence of frames. After
representing the skeleton as a graph, Yan et al. proposed to use 9 layers of graphical and
temporal convolution to extract meaningful features from the graph for action classification.

Graph Representation. Here, Ggeeion = (V,E) describes the fixed graph representing
the human body, where V is the set of nodes (joints) and € is the set of edges (connections
between joints). The node features X € RTXIVIXC1 for a time horizon of length T and size C;
in layer [ initially consist of joint position and class. Since the graph structure is fixed, the
adjacency matrix A € {0, 1}¥*IVIXIV| is also fixed. K describes the number of partitions of the
adjacency matrix, meaning that every node’s neighborhood is partitioned into K structurally
meaningful subsets before the convolution to learn different weights for different types of
neighbors. Therefore, before applying the convolution, the adjacency matrix is weighted with

a learnable attention matrix UD e REXIVIxIVI.
AD =AUV, (4.8)

where © is the element-wise product and [ € [L] is the layer index. These weights allow the
model to learn the importance of the different fixed edges in the graph.

Spatial Graph Convolution. To efficiently process the constructed node features X and
adjacency matrix A, ST-GCNs employ spatial graph convolution, aggregating information
among the neighborhoods of each node. At first, the input features are partitioned using K

subsets of the adjacency matrix:

0 g B w® x®
Zt k,u,c’ — = Z Z k c’c Xt+‘r,v,c’ (4-9)
c=17=—|K/2|

where ZO e RT*EXIVIXCasn) and WO e REXCw+nXCl jg 3 Jearnable weight matrix. This

allows the model to learn different patterns for different graph partitions. This augmented
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feature representation matrix Z() is then used to perform the spatial graph convolution, which
aggregates information from the neighbors of each node. The spatial graph convolution is
defined as follows:

I+1 ! !
Xia" = ZZZE,{M~ A (410)
=lu=1
where X( 1 is the updated feature vector of node v at layer | + 1 and timepoint t. Applying

spatial graph convolution allows the model to learn spatial dependencies between nodes.

Temporal Graph Convolution. After capturing the spatial relationships, Yan et al. intro-
duced a temporal graph convolution module to model dependencies across time. This is
implemented via a 2D convolution applied to the spatially aggregated node features:

XD = Conv2D(X(HD). (4.11)

Here, the 2D convolution operates across the temporal and channel dimensions for each node
individually, treating its features over time as a local temporal neighborhood. This enables
the model to learn motion dynamics and temporal patterns across consecutive frames. The
result is a refined node feature representation X(*1), which captures both spatial and temporal
context and can be used for downstream tasks such as action classification.

Action Type Prediction. Before classifying action types, the node features are pooled using
global average pooling to obtain a single, graph-level embedding. This graph-level embedding is
then passed through a Multi-Layer Perceptron (MLP) to perform the final action classification.
It is important to note that the model is designed for fixed graphs, where the number of nodes
and type of edges are constant. This is a key difference to our approach, where we aim to learn
a dynamic graph representation that can adapt to the changing relationships between objects
in the scene. Furthermore, the action set is flat, representing the action classification task as
a multi-class classification problem that does not consider which objects are involved in the
action.

4.3 Proposed Method

In this section, we present our proposed method for the structured action classification task,
detailing the benchmark generation method (Section 4.3.1), the framework overview (Sec-
tion 4.3.2), and the training and testing pipeline (Section 4.3.3).

4.3.1 Image Sequence Dataset Generation

To evaluate the performance of our proposed model, we generate synthetic datasets composed
of image sequences derived from symbolic planning domains. The dataset generation process
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comprises three main steps: random problem instance generation, symbolic planning, and
scene rendering, each described in detail below. An overview of the proposed dataset generation
pipeline is illustrated in Algorithm 1.

Algorithm 1 Synthetic Image Sequence Dataset Generation Pipeline

Require: PDDL domain definition D, number of sequences N
Ensure: Annotated image sequences 7, ..., Iy with action and DSG annotations Aj, ..., Ax

1 I« @, A«Q Initialize images and annotations
2 fori=1toNdo
3 Q;,G; < SampleRandomProblem(D) Random problem instance generation
4 R « Planner(Q;, G;) Fast Downward planner
5 Ji<~O,A <D
6 for each action a; € # do
7 Q41 < SimulateAction(Q;, a;) State transition
8 I;;1 < RenderScene(Q;;1) Rendering (with Blender-3D)
9 A;p1 < Annotate(ay, Q1) Generate annotations for DSG and action
10 Append I;,; to J; and A, to A;
11 Append J; to J and A; to A
12 return J and A Return generated sequences and annotations

For symbolic planning and rendering, we leverage PDDLgym [10], a framework that supports
state modeling, action execution, and scene rendering based on Planning Domain Definition
Language (PDDL) [29] domain definitions. PDDLgym offers two key advantages: it enables
the generation of datasets with precise action annotations and corresponding DSGs, and it
supports a wide range of PDDL domains. This flexibility allows us to evaluate our model
across multiple environments, including Blocksworld [30], Towers of Hanoi [31], and custom-
designed domains, facilitating a more comprehensive evaluation of our framework. An example
PDDL domain file for a custom-designed domain is provided in Listing A.1.

By generating the datasets synthetically and controlling the ground-truth scene graphs, we
can systematically analyze our model’s performance under varying conditions and conduct
detailed ablation studies to understand the model’s behavior better. Furthermore, to the best of
our knowledge, no publicly available benchmark exists for the structured action classification
problem on image sequences. To address this gap, we intend to release our generated datasets
along with the PDDLgym-based generator to support further research in this area.

Random Problem Instance Generation. To introduce diversity and complexity into the
generated datasets, we randomly generate problem instances based on the given PDDL domain
definition for each environment. For example, in the Blocksworld domain, the number of
blocks n € [1, h] is sampled uniformly at random from a specified range, where [ and h denote
the lower and upper bounds, respectively. Additionally, the number of piles on which blocks
can be stacked is sampled uniformly from a range between I’ and k', further controlling the
spatial structure of the scene. A random subset of these blocks is placed directly on the table,
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while the remaining blocks are stacked on top. A goal of the form "and(on(A, B), ..., on(C,
A))”, where A, B, and C denote block identifiers, is then selected at random. The generated
problem instance is compiled into a PDDL file containing the initial state, the goal state, and
the available actions. This instance is subsequently passed to PDDLgym for symbolic planning
and rendering. This procedure is repeated for every image sequence in the dataset, offering
the possibility to generate a large number of sequences with varying complexity and object
configurations.

Symbolic Planning. Starting from the randomly generated initial state, the objective is to
pick and execute actions a; (cf. Section 4.1) until the goal state is reached. Each environment
state S; is represented as a tuple (O;, R;), where O, denotes the set of objects and R, the
relationships between them. Finding a valid sequence of actions ay, ..., ar that leads to the
goal state is a planning problem, which we solve using the Fast Downward planner [32],
implemented in PDDLgym. Fast Downward employs heuristic search strategies and advanced
planning techniques, whose details are beyond the scope of this thesis.

PDDLgym’s simulation environment initializes with the generated problem instance and
sequentially executes the action sequence that was generated by the planner. After each
action a;, the simulator updates the environment state and generates a corresponding image
frame I, reflecting the current state. This process continues until the goal is reached, resulting
in a sequence of frames 7 = {I;,I,,...,Ir}. Throughout the simulation, we record object
positions, inter-object relationships, and the executed actions to create structured ground-truth
annotations.

Scene Rendering. While PDDLgym includes a built-in 2D renderer, the resulting images
are overly simplistic and provide little visual challenge. To make the visual representations
more advanced, we employ Blender, an open-source 3D graphics software, following a similar
approach as [33]. We develop a custom rendering engine that translates the symbolic state
representations from PDDLgym into 3D visualizations, producing images that more accurately
reflect the environments.

Moreover, PDDLgym natively supports only discrete state rendering, where one image cor-
responds to one symbolic state. However, for our purposes, we require continuous image
sequences that capture intermediate transitions between discrete states to introduce additional
ambiguity and increase task complexity. To address this, we apply linear interpolation to
the objects’ positions between consecutive states and render images for these intermediate
configurations. To further enhance temporal realism, we introduce synthetic motion primitives
— additional low-level actions not defined in the original PDDL domain — that model contin-
uous transitions between symbolic states. An excerpt from a generated sequence is shown in
Figure 4.2.
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I I I I

1 2 3 4

Figure 4.2: Example sequence of four frames generated during the dataset creation process for
the Blocksworld domain. The blue block is being picked up by the robot in the first
frame, moved to the left pile in the second and third frame, and finally placed on
the white block in the fourth frame. The generated sequence comprises a total of
30 frames, the four shown frames are selected to illustrate the action sequence.

Annotation Processing. To enable supervised learning, it is essential to annotate each
frame with ground-truth labels, including the corresponding DSG. For each frame, we store
the objects’ positions, the inter-object relationships, and the action executed since the previous
frame, including the involved objects. The action labels and arguments are derived from the
planned action sequence, while the bounding boxes of all objects and the relationship types
are obtained from the PDDLgym simulation. This structured annotation enables effective
model training and detailed evaluation of performance on the structured action classification
task. Figure 4.3 provides an example of the generated annotations for frame 4 of the generated
sequence from Figure 4.2.

This pipeline enables the scalable generation of diverse image sequences with controllable
complexity and object arrangements, facilitating robust training and evaluation. In particular,
the structured annotations, including action types and argument entities, serve as the ground-
truth supervision signals for the training of both the DSG generation module and the action
classification module in our supervised learning setup.

4.3.2 Overview of the Proposed Framework

After formally introducing the structured action classification problem in Section 4.1 and
presenting our benchmark generation pipeline in Section 4.3.1, we now describe our proposed
framework for addressing this task. As outlined in Chapter 1, the framework comprises three
main components: object detection, DSG generation, and action classification. The object
detection module is integrated into the DSG generation process (cf. Section 4.2) and is not
the focus of this work. Instead, our contributions lie primarily in the action classification
module, which will be detailed in the subsequent sections alongside the DSG generation step.
An overview of the complete framework is depicted in Figure 4.4.
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"frame_4.png": { "frame_4.png": [
"action_name": "stack", {
"args": [ "class": "block",
{ "identifier": "b",
"class": "block", "bbox": [
"identifiexr": "b" 64,
I 305,
{ 78,
"class": "block", 320
"identifier": "a" 1.
} "binary_relationships": {
1, "on": [
"metadata": { "a"
"set": "train" 1
} I
}, "unary_relationships": [
"clear"

1,
"metadata": {
"set": "train",

(a) Frame 4 action annotation H

(b) Frame 4 DSG annotation

Figure 4.3: Example JSON annotations for frame 4 of the generated sequence. The action
annotation from Figure 4.3a includes the action type and the involved objects for
every frame. The DSG annotation from Figure 4.3b contains the bounding box,
object class, identifier, and relationships for each object in the frame.

DSG-DETR AC

A L . a4

Action
Classification

Figure 4.4: Overview of our proposed framework. Starting with the input image sequence,
the object detection module detects objects and their bounding boxes in each
frame. The DSG generation module constructs a scene graph for every frame based
on the detected objects and their relationships. Finally, the action classification
module leverages the generated DSG to classify the actions performed in the image
sequence.

Relationship
prediction

Image Detection {G; = (thi)}ﬁl

R Vinvolved

Dynamic Scene Graph Generation

The detections D;; = (b;, ¢;, f;) from the object detection module already represent the nodes
of the DSG for every frame i in the image sequence:

Vi ={v | D;; € Di}. (4.12)

That is, for every detection in frame i, we create a node Yj representing this j-th detection in
the i-th node set V.
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Then, the DSG-DETR predicts the relationships between the detected objects in the image
sequence as described in Section 4.2.1. This results in a confidence score 7, , € [0, 1] for
every pair of detections D;,, D, € D; and relationship type k € [K] in frame i. The predicted
relationships are then used to construct the scene graph for every frame in the image sequence.
For this purpose, we define the edge set &; for every frame i as follows:

& ={(vo, k,vp) | if 1o p > 6 for Dy, Dy, € Dy}, (4.13)

where 6 € [0, 1] is a tunable parameter, serving as a threshold for the edges. The predicted

DSG describing the input sequence 7 is then defined as G4y, = {G; = (V, Ei)}lﬂl.

Formulating the DSG this way, we adapt the relationship prediction module to also consider
object-object interactions (pairwise) and not only human-centered as proposed by Feng et al. [9].
This allows us to predict relationships between all detected objects in the image sequence, not
just the human-object interactions.

Action Classification

To optimally leverage the constructed DSG for our action classification module, we parse it into
an adjacency matrix sequence Ay, € {0, 1}*EXIVilXIVil for every relationship type k € [K] as
well as into a node feature matrix sequence X4 € RTXIVilXC ysing every individual time step
from Gyy = {G; = (V, Si)}ljzll, and the object features F € RT*IVilXC from the image detector.
To maintain consistent node ordering across frames in Xy, and Ay, we rely on the constructed
tracklets from the DSG-DETR. Specifically, each object in a tracklet T is consistently assigned
the same index j in every frame i in the ordering of 1}. That is, for example, the third object
in the fourth tracklet is represented by the third column of the fourth node feature matrix in
the node feature matrix sequence X.q. This results in consistently ordered adjacency matrices
A, and node feature matrices X4, representing a mandatory property since the adjacency
matrices are used for spatial convolution, aggregating information within the neighborhood of
every node in the DSG, and not providing the correct graph structure of the DSG would lead
to improper convolution. Moreover, we enforce a fixed tracklet length and pad the adjacency
matrices and node feature matrices accordingly to ensure consistent dimensionality across
all sequences. Figure 4.5 illustrates an example scene graph excerpt that is processed into the
adjacency matrix and node feature matrix.

These consistently ordered adjacency matrices Ay and node feature matrices X, can then be
used as input for our action classification module, illustrated in Figure 4.6. Since our method
is trained in a supervised manner, each input sequence is paired with annotated ground-truth
labels that specify the action type and the involved entities for every transition between frames.
After normalizing the node feature matrices X4 using the BatchNorm2D, which stabilizes the
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Adjacency Matrix

table A B C

table 0 17 0 1
A 0 0 1 O
B 0 0 1 0
C 0 0 0 1

Node Features

table A B C
0.12 0.34 0.56 0.78
091 0.23 045 0.67

0.89 0.76 0.54 0.32
0.11 0.22 033 044

Figure 4.5: DSG processing pipeline. The scene graph is parsed into an adjacency matrix and
a node feature matrix, which are then used as input for the action classification
module. The adjacency matrix in the example combines all relationships into one
matrix for simplicity, but in practice, we create one adjacency matrix for every rela-
tionship type. The node feature matrix is a 2D representation of the object features,
where each column corresponds to a detected object and each row represents a
feature dimension.

training process [34], we apply 10 layers of our adapted dynamic ST-GCN architecture, as this
depth yielded the best empirical performance in our experiments.

Dynamic ST-GCN Layers. In comparison to the ST-GCN from [7], the graph representation
in our dynamic formulation remains similar, while the key difference is that the adjacency
matrices Ay, stemming from our generated DSGs are not fixed, but highly dynamic and altering
throughout the sequence. Therefore, at each time step ¢, we use the corresponding adjacency
matrix A; to perform the spatial graph convolution specific to that time step. Furthermore,
since the DSGs in our problem formulation have different kinds of edges and not just one type
as in [7], we employ edge-type partitioning, creating one adjacency matrix not only for every
time step ¢, but also for every edge type k € [K] as mentioned before during adjacency matrix
synthesis. Finally, to enable the model to learn the difference between these edge types, we
introduce learnable edge weights ocg) € REXIVIXIVI ensuring the model attends to the different

partitions. Our new spatial graph convolution is defined as follows:

K V|
I+1 ! ! !
Xg,v ) = Z O(;c) Z Zg,l)c,u : AE,I)c,u,v’ (4.14)
k=1 u=1
where Xgl: Y is the updated feature vector of node v at layer [ + 1 and timepoint ¢. Note that

Zgl,)w again represents the node feature matrix XE’L at layer [, but projected into K separate
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channels, one for every partition. It is computed as described in Equation (4.9). The adjacency
matrix AEII){ is the k-th partition of the adjacency matrix A; for the current frame ¢, which is
used to perform the spatial graph convolution. This allows us to learn different patterns for
different graph partitions, while also considering the dynamic nature of the DSG. After this
dynamic frame-level spatial graph convolution, the temporal convolution, residual connection,
and activation function are executed exactly as in the original ST-GCN formulation. This
spatial-temporal convolution aggregates information among the neighborhood of each node in
the DSG and captures the temporal dependencies between the frames in the image sequence.
The output of this dynamic ST-GCN is a set of node feature matrices X9 which are then

passed to the action classification head.

Dual-Head Classification. Following this dynamic ST-GCN, we propose to separate two
custom classification heads for two varying downstream tasks considering every consecutive
graph pair (G;, G;41) in the DSG: action type classification and argument selection. That is,
instead of only classifying a simple action label a; among a flat set, the action classification
is split into two parts. The action type classification head is similar to the one used in [7],
where an MLP predicts the action class for every pair of consecutive graph-level embeddings,
which is obtained by performing average pooling over the node-level embeddings, representing
a multi-class classification task. The argument selection head, however, is novel and not
found in [7]. It compares the unpooled node features of every pair of consecutive graphs,
predicting a confidence score k,, € [0, 1] for every node v of the DSG that decides whether the
respective node is involved in the action. To this end, the unpooled node features of each pair of
consecutive graphs are first reduced into a dimension of 32 using a linear transformation, before
being fed into a multi-head attention mechanism [21]. This dimension reduction is necessary
to reduce the computational complexity of the attention mechanism, which is quadratic in the
number of nodes. The attended node features are then passed through an MLP, in combination
with the output of the action type classification head, and a sigmoid activation is applied to
obtain probability scores in the range [0, 1] for every node in the DSG, which represent the
aforementioned confidence scores. The attention mechanism allows the model to learn which
nodes are most relevant for the action classification task, while the MLP with the sigmoid

activation function provides a final estimate of the confidence scores.

These confidence scores can be utilized to predict the involved entities for a classified action.
Let q be the arity of the predicted action type a;. Then, the predicted arguments are selected
by choosing the q nodes with the highest confidence scores, corresponding to the arity of
the predicted action type a;,. We simplify the ordering of the involved arguments by only
considering actions of arity two and choosing exactly the involved object as the first argument
that has the biggest node feature difference from frame ¢ to ¢ + 1. This heuristic is based on the
hypothesis that more relevant objects are more likely to be affected visually by the performed
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action, and can be replaced by more sophisticated approaches in the future. A summary of the
action classification module architecture is shown in Figure 4.6.
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Figure 4.6: Architecture overview of our proposed action classification module. The branch on
the left-hand side shows the argument selection head, which predicts the involved
objects for the action. The branch on the right-hand side shows the action type
classification head, which predicts the action class. The two branches are connected
by a shared ST-GCN backbone, which processes the input DSG and aggregates
information using spatial-temporal convolution.
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Our reformulation of the ST-GCN is essential to capture both the dynamic structure of DSGs
and the temporal dependencies between frames in the image sequence. Unlike the original
ST-GCN formulation [7], which assumes a fixed adjacency matrix, our approach supports
dynamically changing graph structures and multiple edge types over time. Additionally, by
introducing a novel argument selection head, our action classification module can handle com-
plex, multi-argument actions — a capability not supported in the original ST-GCN. Together,
these innovations enable our model to reason over temporally evolving object relationships and

to classify actions in structured, dynamic environments more effectively than prior methods.

Permutation Sensitivity Analysis: Invariance and Equivariance Properties. To further
validate the soundness of our model, we analyze its behavior under node permutations —
a critical property for graph-based models, as isomorphic graphs (i.e., graphs differing only
in node ordering) should produce consistent outputs. Specifically, we aim to show that the
predicted action type a is permutation invariant, while the selected arguments V™oed are
permutation equivariant.

Formally, a function f is said to be permutation invariant if, for any permutation matrix P and
inputX,
f(PX) = f(X). (4.15)

Similarly, f is permutation equivariant if

f(PX) =P - f(X). (4.16)

Theorem 1 (Permutation Behavior). Let X;,X, € RIVIXC be the node feature matrices cor-
responding to two consecutive scene graphs G, and G,, and let A1, A, € {0, 1}¥*IVIXIVI pe the
respective adjacency tensors encoding K edge types.

Let further f 1 (X1,X5, A1, Ap) — (a, V™) be the function implemented by our classification
module that maps the pair (G,, G,) of scene graphs to an action type a € A and a subset of
involved node indices VI™oed C {1, ..., |V|}.

Then the model output satisfies:
f(PX,, PX,,PA|PT,PA,PT) = (a, PYimobed), (4.17)

where P € {0,1}/VXIVl is a permutation matrix and the permutation of the adjacency tensors
is defined as PAPT := {PA; PT} | fori € {1,2}. That means the predicted action type is
permutation invariant, and the predicted arguments are permutation equivariant.
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Proof. To prove the equivalence from Equation (4.17), we analyze the behavior of each com-
ponent in the model under the application of a permutation matrix P € {0,1}/V*IVI Let
X; € RIVIXCand A; € {0, 1}X*IVXIVI for i € {1,2}.

1: BatchNorm2D [34]. This operation normalizes features channel-wise across nodes:

Xv,c — Me

c

BN(X), , = (4.18)
where u.is the mean and o,is the standard deviation of X. Since the mean and standard
deviation are invariant under permutation of the node dimension (row-wise reordering), we
have:

BN(PX) = P - BN(X). (4.19)

Hence, BatchNorm2D is equivariant to node permutations.

2: Dynamic Graph Convolution. Each dynamic graph convolutional layer, as defined in Equa-
tion (4.14), is permutation equivariant. Let XEI) € RIVIXC denote the node feature matrix at
time ¢ and layer [, and let Agl)k € RIVIXIVI be the adjacency matrix for edge type k. Applying a
permutation matrix P € {0, 1}V1XIVI to both features and adjacency matrices, we obtain:

C;  |K/2] . . C;  |K/2] : : :
> > wo(exil) =P (Z > WX | =pzd, (4.20)
c=171=—|K/2| ¢ c=17=—|K/2|

which shows that the node feature projection into K edge-type-specific channels is equivariant
under P. Similarly, the spatial aggregation step satisfies:

Z” 5 (p2Y) - (PAQRT) - (ex(*) =[px(*] (421)

where the reordered adjacency and feature matrices result in a consistent permutation of the
output.

Together, the node feature projection and spatial aggregation steps demonstrate that a single
dynamic graph convolutional layer, as defined in Equation (4.14), is permutation equivari-
ant. This conclusion builds on the known result that standard graph convolution operations
are themselves permutation equivariant [15]. Combined with the linearity and associativ-
ity of matrix multiplication and the orthogonality of permutation matrices (i.e., PT = P71),
this guarantees that applying a permutation P to both the node features and adjacency ma-
trices results in a consistent reordering of the output. Formally, if we denote the layer by
DGCN(X®D, AD) = XD then:

DGCN(PX, PAP') = P- DGCN(X, A), (4.22)
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confirming that the operation preserves equivariance under arbitrary node permutations.

3: Temporal Convolution. Temporal convolution, as defined in Equation (4.11), applies a 2D
convolution over the temporal and feature dimensions, independently for each node. Since the
convolution operates along the time axis and does not aggregate across nodes, permuting the
node dimension (i.e., reordering the nodes consistently across all time steps) does not affect
the computation. Formally, for a permutation matrix P applied to the node dimension:

Conv2D(PX) = P - Conv2D(X). (4.23)

Thus, temporal convolution is permutation equivariant concerning node reordering.

4: Average Pooling. Average pooling is invariant to permutations of the node dimension because
it aggregates by computing the mean over all nodes, regardless of their order. Specifically,
the operation first sums the node features and then divides by the number of nodes. Since
summation is order-independent, we have:

AvgPool(PX) = AvgPool(X). (4.24)

As a result, the action type classification head, which applies an MLP to this pooled graph-level
representation, is permutation invariant.

5: Multi-head Attention. In the argument selection head, node-level features are passed through
multi-head attention as described by [21]:

Attention(X) = softmax( Q\/KET )V, (4.25)
where the queries Q, keys K, and values V are computed as learned linear projections of
X. When the input features are permuted by a matrix P, the projected matrices Q, K,V are
permuted accordingly. Since the attention weights depend only on these projections, and all
subsequent matrix multiplications preserve permutation structure, the output satisfies:

Attention(PX) = P - Attention(X). (4.26)
This holds under the assumption that the attention mechanism is entirely determined by X.

Under this condition, multi-head attention is permutation equivariant.

6: Argument Selection via MLP. The MLP used to compute node-wise confidence scores is
applied identically and independently across all nodes. This includes not only the linear layers,
but also non-linear activations such as ReLU, and any dimensionality reduction layers applied to
the node features. Since all these operations act row-wise and do not mix information between
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nodes, they preserve the permutation structure. Hence, given permuted input features:
MLP(PX) = P - MLP(X), (4.27)
the scores are permuted accordingly. Selecting the top-k nodes based on these scores yields:
argmax(P - MLP(X)) = P - argmax(MLP(X)), (4.28)

so the final node selection is also equivariant.

Conclusion: Each component of the network maintains the appropriate permutation behavior.
The action type output is invariant due to average pooling, while the argument selection is
equivariant due to consistent permutation-aware transformations. Hence, the overall function
f satisfies:

f(PX,, PX,,PA|PT,PA,PT) = (a, Pyinvolved), (4.29)

O]

4.3.3 Training and Testing Pipeline

Both the object detection module — a Faster R-CNN with a ResNet-101 backbone — and the
adapted DSG-DETR module are pre-trained separately for each benchmark domain. Then,
their parameters are frozen and the models are reused during the training of the action classifi-
cation component. This modular setup enables a focused evaluation of the classification stage.
All components are trained independently in a supervised manner using the ground-truth
annotations provided by the synthetic dataset generation pipeline.

Each generated dataset is split into a training and test set using an 80/20 ratio. The action
classification module is trained using the AdamW optimizer [35], which decouples weight decay
from the gradient update step and has been shown to improve generalization performance in
deep neural networks, particularly in structured settings such as dynamic graph models. We
use a learning rate of 1 - 10~3 and a weight decay of 1 - 10~4, as this configuration yielded the
best empirical results across all benchmark domains. The model is trained for a maximum of
50 epochs, with early stopping applied based on test set performance to prevent overfitting [36].

Since the structured action classification task comprises two sub-tasks — action type prediction
and argument selection — we employ two separate loss functions. For action-type prediction,
we use the categorical cross-entropy loss:

A
Ligpe = — D, Ye log(Po), (4.30)
c=1
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where A is the set of action classes, y, € 0, 1 is the one-hot encoded ground-truth label, and ..
is the predicted class probability for class c.

For argument selection, we use the binary cross-entropy loss with logits, defined as

N
Logs = Z yilog(e(®)) + (1 — yp) log( — o)), (4.31)

where N denotes the number of candidate nodes, y; € {0, 1} is a binary indicator specifying
whether node i is involved in the action, y; € R is the predicted logit for node i, and o(-)
denotes the sigmoid activation function. This formulation enables multi-label classification by

independently evaluating the likelihood of each node being part of the predicted argument set.

The total training objective is defined as the sum of the action type loss and the argument
selection loss:

Liotal = [’type + Largs- (4.32)

Using this combined loss function, the model is evaluated on the test set after each epoch, and
the checkpoint achieving the lowest test set loss is selected for reporting.
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To evaluate our proposed method, we generate a set of synthetic datasets across various symbolic
planning domains. Using these datasets, we perform experiments to assess how effectively our
model can classify actions based on the generated DSGs. We evaluate the action classification
module using accuracy as the primary metric, while the quality of the DSG generation is as-
sessed using the F1 score. Additionally, we conduct ablation studies to analyze the contribution
of individual components to the overall performance of the model.

5.1 Benchmarks

We use our PDDLgym-based dataset generator to construct two types of datasets: symbolic-only
and interpolated. As described in Section 4.3.1, the main distinction lies in representation:
symbolic-only datasets provide symbolic state and action labels with a single image per state,
while interpolated datasets consist of interpolated visual representations capturing transitions
between states. These datasets form the foundation for evaluating our model’s ability to classify

actions in image sequences.

To ensure a diverse and comprehensive assessment, we generate data across five symbolic
planning domains, each designed to test different aspects of relational and temporal reasoning
in visually grounded settings. Unless stated otherwise, visual observations are generated using
the default PDDLgym renderer, which produces images from a fixed camera angle.

Blocksworld: We use the Blocksworld (BW) implementation provided by PDDLgym, which
is based on the classical symbolic planning domain introduced by Edelkamp and Hoffmann [30].
The environment includes two object types: blocks and a robot arm. The robot can manipulate
blocks using four symbolic actions: “pickup”, "putdown”, “stack”, and “unstack”. The task
involves transforming an initial block configuration into a goal configuration, typically requiring

the blocks to be stacked in a specific order.

Blocksworld-Realistic: This domain is symbolically equivalent to the standard Blocksworld
environment but introduces greater visual complexity through a more realistic rendering
pipeline, as detailed in Section 4.3.1. Unlike the default renderer, the realistic version generates
images with varying camera angles, lighting conditions, and textures. This added visual
diversity increases the perceptual difficulty of the task, while the underlying symbolic goal
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— manipulating the blocks with the robot arm to reach a specified configuration — remains
unchanged.

Ball Hiding: This domain extends the classic Blocksworld setting to include interactions
among three object types: balls, boxes, and a robot arm. While the robot retains the standard
Blocksworld actions ("pickup”, "putdown”, “stack”, and “unstack”), it is also equipped with two
additional primitives: “hide” and "unhide”, enabling it to place balls inside boxes and retrieve
them. The objective is to match a target configuration by correctly hiding specific balls inside
designated boxes. Each box can contain only one ball at a time, and stacking is permitted only
when the boxes are empty. This setup introduces additional relational and temporal constraints
not present in standard Blocksworld. Notably, because hidden balls are visually occluded,

solving the task requires leveraging temporal reasoning over sequences of observations.

Dominoes: To introduce greater semantic complexity, we extend the Blocksworld domain by
replacing blocks with dominoes. The domain includes two object types: dominoes and a robot
arm. While the robot retains pick-and-place capabilities similar to Blocksworld, it also gains
the ability to rotate dominoes. The objective is to arrange the dominoes into a specified goal
configuration, requiring the robot to reason not only about object placement but also about

orientation.

A key challenge in this domain arises from the richer set of spatial relationships between
objects: the relative positioning and rotation of each domino significantly affect how they relate
to one another. This increased relational complexity makes the domain particularly demanding
for action classification, as models must interpret positional and orientational information to

predict valid actions.

Towers of Hanoi (With Gripper): We build on the PDDLgym implementation of the
classical Towers of Hanoi (ToH) problem [31], extending it to include a robot arm with a
gripper. This modification expands the original action space — traditionally limited to a single
“move” action — to incorporate symbolic manipulation primitives analogous to those in the
Blocksworld domain, such as ”stack” and “unstack”. The task involves transferring a stack of
disks from one peg to another, subject to the standard constraints: only one disk may be moved
at a time, and no larger disk may be placed on top of a smaller one.

This domain presents unique challenges for action classification, as it requires reasoning over
both spatial and size-based relationships. Crucially, these relationships are often non-local;
for example, a valid move may depend on the relative sizes of disks that are not physically
adjacent. This adds a layer of abstract, global reasoning not present in more localized domains
like Blocksworld.
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An example domain definition file for our custom domain, Ball Hiding, is provided in Ap-
pendix A.1.1!. Additionally, Figure 5.1 shows example images generated for each domain.

m&

(a) Blocksworld (b) BW Realistic (c) Ball Hiding (d) Dominoes (e) ToH

Figure 5.1: Example images used in the benchmarks.

5.1.1 Symbolic-Only Sequences

For every domain, we generate 1000 sequences of symbolic actions. Each sequence consists
of a series of images, where each image represents a state in the symbolic planning domain.
Table 5.1 summarizes the generated datasets, reporting the number of object types Ny, relation
types N, and action types N, defined per domain. The range of object counts per frame?,
denoted by [Nlow, Nhigh], is sampled uniformly and fixed for each sequence. Additionally, we
report the number of generated sequences N4 and the total number of frames N, per dataset.

Table 5.1: Statistics of the generated symbolic-only datasets.

Domain No Nr Ny Ny Nhigh Neeq  Niot

Ball Hiding 4 10 4 10 1000 7,568
Blocksworld 3 4 3 10 1000 7,265
BW-Realistic 3 6 4 3 10 1000 7,285
Dominoes 3 13 13 3 5 1000 7,178
Towers of Hanoi 3 6 2 5 1000 9,728

5.1.2 Interpolated Sequences

Similar to the symbolic-only sequences, we generate 1000 sequences of interpolated actions
for the Blocksworld and Blocksworld-Realistic domains. Each sequence consists of a series
of images, where each image represents a state in the symbolic planning domain. Table 5.2
provides a summary of the statistics for the generated datasets, including the same details as
in Table 5.1. The essential difference is that these interpolated datasets include interpolated
visual representations of the symbolic planning states, forcing the model to effectively analyze

'The PDDL domain files for the other domains are available in our repository at https://github.com/p-
schulte/ac_dsg.

20bject counts refer exclusively to manipulatable entities, such as blocks or disks. Static elements like the robot
and the table are excluded.
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the node features instead of relying on the relationships between the nodes solely. To this end,
we interpolate up to 5 frames between each pair of symbolic states.

Table 5.2: Statistics of the generated interpolated datasets.

Domain No Nr Nio Ngw DNhigh  Neeg Niot

Blocksworld 3 6 7 3 10 1000 26,136
BW-Realistic 3 6 7 3 10 1000 25,105

With these 7 diverse datasets at hand, we can evaluate the model’s ability to classify actions in
a variety of symbolic planning scenarios. The datasets cover a range of action types and object
relationships, providing a comprehensive benchmark for assessing the effectiveness of our
approach in structured action classification tasks.

5.2 Evaluation Metrics

To evaluate the performance of our full system, we report distinct metrics for each of the core
components: object detection, DSG generation, and structured action classification. Specifically,
we use the mean Average Precision (mAP) for evaluating the object detector, the FI score for
DSG generation, and a combination of class-balanced accuracy metrics for assessing the
structured action classification model.

5.2.1 Object Detection and DSG Generation

For evaluating object detection performance, we calculate the mAP metric on the test set of
each dataset, following the standard procedure outlined in [1]. The mAP summarizes detection
quality by computing the area under the precision-recall curve for each class and averaging
these values across all classes, thereby capturing classification performance. Formally, the

mAP is defined as:
1

1

mAP = ol Z p(r)dr, (5.1)
| | ce0 Y0

where O denotes the set of object classes, and p.(r) is the precision-recall curve for class c as a

function of recall r. The integral measures the area under this curve, representing the Average

Precision (AP) for class ¢, and mAP averages this over all classes.

Since DSG-generation builds upon the detected objects, we evaluate it with a separate metric
that reflects the correctness of inter-object relationships. In contrast to previous works on DSG-
generation [6, 9], we refrain from using the commonly employed recall-at-K (R@K) metric.
While R@K has proven useful in benchmarks with a limited and relatively fixed number of
relationships per image, it becomes unsuitable for our synthetic datasets. These datasets often
contain a large and variable number of ground-truth relationships, making R@K inflexible
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and potentially misleading — it truncates the evaluation to only the top-k predictions, ignoring
the rest regardless of correctness.

To obtain a more insightful assessment, we instead report the F1 score, which balances precision
and recall and better reflects performance in settings with high relationship density. It is defined

as: o
precision - recall

Fl = 2 . . )
precision + recall

(5.2)

where precision is the proportion of correctly predicted edges among all predicted edges, and
recall is the proportion of correctly predicted edges among all ground-truth edges.

5.2.2 Structured Action Classification

We evaluate our structured action classification model along two axes: predicting the correct
action type and identifying the corresponding argument entities. These sub-tasks are assessed
independently to analyze their individual contributions and aggregated into a combined score
for holistic evaluation.

Action Type Classification. Following [7], we treat action type classification as a standard
multi-class classification task and report the top-1 accuracy. This metric quantifies the propor-
tion of samples for which the predicted action label exactly matches the ground-truth label.
To account for class imbalance in the dataset, we compute per-class accuracy and report the
class-averaged result.

Formally, the accuracy for class c is defined as:

N,
1 < .
acl), = ~ 2105 =59) (5.3)
i=1

where N, denotes the number of samples belonging to class c, yf is the ground-truth label, y is
the predicted label, and 1(+) is the indicator function, returning 1 if the argument is true and 0
otherwise.

The final reported score, acyyy., is obtained by averaging the class-wise accuracies:

1
actype = m Z acgge, (54)
ceA

where A denotes the set of all action classes. This class-averaging strategy ensures that the eval-
uation is not dominated by frequently occurring actions, providing a more balanced assessment
of the model’s performance across all action types.
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Argument Selection. Unlike action-type classification, argument selection is a multi-label
classification problem. That is, each sample may have multiple correct labels (i.e., object
arguments). To evaluate this, we adopt the Exact Match Ratio (EMR), as proposed in [37],
which measures the proportion of predictions where the entire set of predicted labels matches
the ground-truth label set exactly. We average this EMR score over all action type classes A to
obtain the total argument selection accuracy ac, g

N,
1 1 1 &
s = gy 2 EMRO = 20 3 | 2 316 = 1), (5.5)

ceA ceAlL” ¢ i=1

where h(x;) is the predicted label vector for input x; and class ¢, and If is the corresponding
ground-truth label vector for class c. This metric is strict, penalizing partial correctness, and
thus provides a conservative estimate of performance.

Combined Score. To capture both sub-tasks in a single evaluation score, we report the

average of acy,. and acyy:

1
ACiotal = E(actype + acargs)’ (56)

which provides a unified metric for evaluating structured action classification performance.
During our experiments, we report all three accuracies in percentage points.

5.3 Results

As detailed in Section 4.3.3, we begin by pre-training both the object detection and DSG-DETR
modules individually for each dataset. Their strong performance is essential to the overall
pipeline: since the action classification module depends on accurate object detections and
reliable scene graph representations, errors in early stages would propagate downstream and
degrade classification performance. Leveraging these pre-trained components, we fine-tune the
action classification module on the synthetic datasets introduced in Section 5.1, and evaluate
each component using the metrics defined in Section 5.2.

Table 5.3 summarizes the performance of all three modules — object detector, DSG genera-
tor, and action classifier — across the evaluated domains, covering both symbolic-only and
interpolated image sequences. The results demonstrate that our method consistently achieves
high performance across all evaluated benchmarks. In the symbolic-only domains, the model
excels at structured action classification, with total accuracies exceeding 91%. This indicates a
robust ability to correctly identify both the action type and its arguments, even in the presence
of class imbalance. Note that this strong performance is contingent on the high quality of the
preceding modules: the object detector consistently achieves near-perfect mAP scores, and the
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DSG generator maintains F1 scores above 0.98 across all datasets. These reliable inputs are
essential for enabling accurate downstream action classification.

Table 5.3: Performance metrics across datasets.

‘ DSG-Generation Action Classification
Dataset mAP F1 aCype ACyygs aCotal
Ball Hiding 100.00 0.99 99.84 96.59 98.22
--,2 Blocksworld 100.00 1.00 100.00 97.19 98.60
I}
= Blocksworld-Realistic 99.49 0.99 98.50 92.70 95.60
g Dominoes 100.00 0.99 92.49 90.90 91.70
Towers of Hanoi 99.59 0.99 100.00 96.34 98.17
& Blocksworld 100.00 1.00 99.96 99.87 99.91
¥
2=
g~ Blocksworld-Realistic 99.49 0.99 95.61 93.25  94.43

Interestingly, we observe a slight performance drop between the action type classification and
argument selection subtasks. This is expected, as the latter involves a more challenging multi-
label classification problem that demands fine-grained, object-centric relational reasoning
rather than coarse scene-level interpretation. Despite this increased complexity, the model
achieves argument selection accuracies exceeding 90% across all scenarios, demonstrating its
ability to reliably associate predicted actions with the correct object arguments.

Among all datasets, the Dominoes domain shows the lowest performance among the symbolic-
only datasets, with a total accuracy of 91.70%. This performance drop can be attributed to the
domain’s increased relational and semantic complexity. With 13 action and relation types,
the model must operate over a larger and more fine-grained classification space. Notably,
many actions in this domain have multiple, semantically similar variants — such as "unstack
h1(-)” and "unstack h2(-)” — which differ subtly in spatial configuration®. As a result, the
model is often required to distinguish between nearly identical actions based on minimal
visual or relational cues. This increases the likelihood of confusion, as also evidenced by the
misclassification patterns observed in the confusion matrix shown in Figure 5.2. The proximity
of similar action types makes it more challenging to exploit the learned node features and
relational structure for precise action classification. Nonetheless, the model still demonstrates
strong and reliable performance, successfully classifying the vast majority of actions even in
this more demanding setting.

3The distinction between "unstack h1(-)” and "unstack h2(-)” lies in their preconditions: "unstack h1(-)” is only
applicable when the block to be picked up has no adjacent neighbors, while "unstack h2(-)” permits unstacking
regardless of neighboring blocks.
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Confusion Matrix: Action Type Prediction
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Figure 5.2: Confusion matrix of predicted action types in the Dominoes domain, illustrating
partial misclassifications between semantically similar actions.

In comparison, the model maintains strong performance in the interpolated settings, achieving
near-perfect scores on the Blocksworld domain and only a slight drop on the visually more
complex Blocksworld-Realistic dataset. This highlights the model’s capacity to generalize
from symbolic representations to more ambiguous input sequences that use motion primitives.
Overall, the consistently high values across all metrics confirm that the proposed architecture
effectively handles the temporal dynamics hidden in DSGs across diverse action classification

scenarios.

To gain deeper qualitative insights into the learned feature representations, we perform a
Principal Component Analysis (PCA) on the aggregated node features extracted from pairs of
consecutive time steps in the DSGs for both the interpolated Blocksworld-Realistic and symbolic
Blocksworld datasets. This technique enables the visualization of the learned embeddings
in a lower-dimensional space, allowing us to understand how well the model captures the

underlying structure of the data. Figure 5.3 shows the results of this analysis.

In the PCA for the interpolated Blocksworld-Realistic dataset (Figure 5.3a), we observe that the
model effectively separates the action types into distinct clusters. Notably, the symbolic actions
“stack”, “unstack”, “putdown”, and “pickup” are distinguishable, but also closely grouped
together, indicating that the model has learned to differentiate between these symbolic actions
and the artificially added motion primitives "resetting”, "approaching”, and “approaching_table”.
Furthermore, we observe that the three motion primitives each form two disconnected sub-
clusters. This suggests that the model has learned to internally distinguish between two

different modes of execution for the same primitive. A plausible explanation is that this
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(a) Interpolated Blocksworld-Realistic dataset. (b) Symbolic Blocksworld dataset.

Figure 5.3: PCA visualizations of the learned node features from the DSG in two variants of
the Blocksworld dataset: (a) interpolated Blocksworld-Realistic and (b) symbolic
Blocksworld.

separation corresponds to the direction of the robot’s movement during the action — such as
approaching the table from the left versus the right. The model therefore appears to encode
not only the high-level action semantics but also low-level spatial dynamics tied to the robot’s
trajectory.

In the PCA visualization of the symbolic Blocksworld dataset (Figure 5.3b), a different clustering
pattern emerges. Since this domain contains only symbolic actions, the resulting representation
is sparser but still clearly structured. The action types “stack”, “unstack”, "putdown”, and
“pickup” form distinct clusters, with ”stack”/”putdown” and “unstack”/”pickup” each grouped
closely together. This reflects the model’s ability to capture semantic similarities between these
action pairs — often used in related contexts — while still maintaining meaningful distinctions.
Notably, the cluster corresponding to “stack” appears more dispersed than the others. This is
likely due to the higher intra-class variability of "stack” instances, which involve more complex
spatial arrangements, varying stack heights, or object combinations. These variations lead to
greater diversity in the DSG representations, resulting in a less compact embedding space for
this action class. The absence of motion primitives highlights the model’s capacity to learn
purely from the symbolic structure without relying on transitional cues.

Before turning to ablation studies, we illustrate the behavior of our model on an example image
sequence from the test set. Figure 5.4 shows a series of frames along with the predicted action
types and argument selections produced by the model. This example highlights how the model
processes dynamic scenes using both visual and relational cues to infer structured action labels
over time.
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5] ) t3

Figure 5.4: Example inference results on a test sequence from the Ball Hiding domain. The
sequence shows three consecutive frames ¢, t,, t3, along with the action predictions
made by the model. Arrows indicate the predicted structured actions, including
both the action type and its object arguments. The visualized transitions demon-
strate the model’s ability to infer temporally grounded, object-centric interactions
over time.

5.4 Ablation Studies

To better understand the individual components and design decisions of our proposed frame-
work, we conduct a series of ablation studies on our dynamic ST-GCN model. These studies aim
to isolate and quantify the contribution of key architectural elements and input representations.
Specifically, we address the following research questions:

« Q1: Whatis the impact of temporal convolution on the overall classification performance?

« Q2: How critical are the learned node features extracted from the object detector for
accurate action classification?

» Q3: How does independent per-frame scene graph generation affect classification com-
pared to temporally coherent DSGs?

To address Q1, we conduct experiments on the interpolated Blocksworld-Realistic dataset.
This dataset is particularly well-suited for evaluating the role of temporal convolution in the
action classification module, as it includes motion primitives — fine-grained visual transitions
that are not explicitly reflected in the symbolic state of the scene graph. In contrast to purely
symbolic actions, which visibly alter the DSG structure (e.g., adding or removing edges),
motion primitives often preserve the same high-level graph topology across frames. As a
result, understanding these transitions requires the model to analyze the temporal evolution of
visual and structural cues, making temporal convolution an essential component for accurate
classification.

For Q2, we also leverage the interpolated Blocksworld-Realistic dataset, as it offers the most
visually detailed and realistic node features due to its 3D-rendered imagery. These rich visual

41



5 Evaluation

representations are especially relevant in the presence of motion primitives, where spatial and
semantic relationships between objects alone may be insufficient for reliable action inference.
By exchanging the learned object-level features from the detector, we can rigorously evaluate
their contribution to the downstream classification performance and determine how much the
model depends on fine-grained visual encodings of individual objects.

Regarding Q3, we perform our experiments on the Ball Hiding dataset, which includes object
occlusions throughout the sequences. This dataset is ideal for evaluating the necessity of
temporally coherent DSGs, as occlusions often remove or obscure critical scene information
in individual frames. Without temporal integration, static per-frame graph generation fails to
capture the true dynamics of the scene, especially in cases where object visibility is inconsistent.
In contrast, other datasets in our benchmark (e.g., standard Blocksworld) do not suffer from
such occlusions, making static DSG generation largely sufficient there. Thus, Ball Hiding
exposes the limitations of frame-wise disconnected scene graphs and highlights the importance
of modeling temporal continuity in structure prediction.

Note that the difference between Q1 and Q3 lies in their respective focus: Q1 examines the
effect of temporal convolution on action classification performance under the assumption of
temporally coherent DSGs, whereas Q3 investigates whether temporal coherence in the DSGs
is necessary in the first place. In other words, Q1 isolates the benefit of explicitly modeling
temporal dependencies within a coherent graph structure, while Q3 evaluates the importance

of that temporal coherence itself for achieving high classification accuracy.

5.4.1 Action Classification Without Temporal Convolution

To address Q1 we evaluate the contribution of temporal dependencies by comparing our full
ST-GCN model with an ablated version that omits the temporal convolutional layers, using

only spatial graph convolutions over the DSGs.

As shown in Table 5.4, incorporating temporal convolution significantly improves overall
performance. The full model achieves a total accuracy of 94.43%, outperforming the spatial-
only variant by 3.02 percentage points. The most substantial gain is observed in argument
selection, with an 4.79-point increase in accuracy — suggesting that temporal context plays a
critical role in distinguishing object interactions within action sequences.

Table 5.4: Performance metrics on the interpolated Blocksworld-Realistic dataset with, and
without temporal convolution.

Method aCiotal aCiype aCqrgs

ST-GCN 94.43 95.61 93.25
GCN 91.41 94.37 88.46
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Notably, the change in action type classification accuracy is relatively minor, with only a 1.24-
point difference. This suggests that action type prediction relies less on temporal context,
making it a comparatively simpler subtask that offers a limited view of the scene’s underlying
dynamics. This observation highlights the need to incorporate argument selection, which
necessitates fine-grained temporal and relational reasoning — and thereby enforces a deeper,
more holistic scene understanding.

5.4.2 Handcrafted vs. Learned Features

To answer Q2, we compare our model’s performance using learned node features from the
object detector (Faster R-CNN) with two baseline variants. These include one model that uses
handcrafted features, and one that uses constant features. The handcrafted features encode
bounding box coordinates and predicted object classes, while the constant features contain no
meaningful information. In this case, the model can only rely on the graph structure — that is,

the relationships between nodes — since the node features themselves are uninformative.

Table 5.5 presents the results of this ablation study. The model with learned node features
achieves the highest total accuracy of 94.43%, outperforming the handcrafted feature variant
by 7.77 percentage points. The model using constant features performs significantly worse,
with accuracies below 40%, as expected. This confirms that meaningful and learned node
features are essential for high action classification performance.

Table 5.5: Performance metrics on the interpolated Blocksworld-Realistic dataset with different
node features.

Method aCtqtal ACtype aCargs D*

Faster R-CNN 94.43 95.61 93.25 2048
Handcrafted 86.66 95.10 78.22 9
Constant 39.83 50.97 28.69 100

Notably, the difference in accuracy between the model with handcrafted features and the
one with learned features is particularly present in argument selection, where the learned
features outperform the handcrafted ones by 15.03 percentage points. This suggests that the
model benefits from the richer, learned representations that capture more detailed object
characteristics and visual cues, rather than relying solely on basic bounding box coordinates
and class labels.

5.4.3 Frame-Wise Scene Graph Generation

To address Q3, we assess the impact of temporal coherence in DSG generation by comparing
the full DSG-DETR model with an ablated variant that omits the temporal transformer module.

“Dimension of the feature vectors.
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This component is responsible for linking object instances across frames, thereby enabling
consistent identity tracking and temporal reasoning. In the ablated version, scene graphs
are generated independently for each frame, treating the input as a sequence of temporally
disconnected static images. Importantly, both the full and ablated DSGs are processed by the
same downstream ST-GCN-framework. This isolates the effect of temporal consistency during
DSG generation and ensures a controlled comparison. Without the temporal transformer, object
identities cannot be propagated over time, severely limiting the model’s ability to reason about
occlusions or infer the presence of temporarily hidden entities. This deficiency is especially
problematic in domains like Ball Hiding, where effective action classification depends on

maintaining object continuity across frames.

The results, summarized in Table 5.6, reveal a measurable performance drop when temporal
modeling is removed. The full model achieves an overall classification accuracy of 98.22%,
outperforming the static variant by 1.57 percentage points. The largest degradation is observed
in the argument selection task, where accuracy drops from 96.59% to 93.56%. This indicates
that argument selection relies more heavily on temporally consistent object tracking.

Table 5.6: Performance metrics of our ST-GCN framework on the Ball Hiding dataset using
the standard DSG-DETR, and an ablated version that generates the scene graphs
individually.

Method aCiotal aCiype aCars

DSG-DETR 98.22 99.84 96.59
Static SGs 96.65 99.73 93.56

Interestingly, the impact on DSG generation itself is modest: the F1 score decreases only slightly
(from 0.99 to 0.96), suggesting that many object relationships are still recoverable without
temporal reasoning, likely because occlusion events affect only a subset of the scene. However,
even small inconsistencies in DSGs can propagate through the pipeline and compound into
downstream errors during classification. These results confirm our hypothesis: the temporal
transformer is essential for maintaining object coherence across frames and enabling robust
reasoning about dynamic interactions, especially in settings involving partial observability and

occlusion.
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In this thesis, we presented a novel approach to action classification in image sequences by
leveraging DSGs in combination with ST-GCNs. Our method is designed to exploit the captured
spatial relationships between objects and the temporal dynamics of actions in generated DSGs.
To enable this, we extended the spatial graph convolution from ST-GCNs to operate on dynamic,
heterogeneous graphs, processing the evolving structure of DSGs over time.

Extensive experiments and ablation studies confirm that learning these intermediate DSG
representations substantially improves action classification performance. Our full model —
integrating spatial and temporal convolutions — consistently outperforms ablated variants,
particularly in domains with rich object interactions. These findings, detailed in Section 5.3 and
Section 5.4, directly answer RQ1, demonstrating the effectiveness of our structured, temporally-
aware action classification approach.

To enhance interpretability, we introduced a dual-head classification mechanism that separates
action type prediction from argument selection. This design not only improves precision but
also yields more structured and transparent outputs, making the model’s decisions easier to
analyze and understand. In doing so, it directly supports the objective of RQ2.

For systematic evaluation, we developed a synthetic dataset generator that produces visually
and semantically rich image sequences grounded in symbolic planning domains. The resulting
datasets cover a wide range of actions, object interactions, and scene configurations, providing
a controlled yet challenging benchmark. This setup addresses RQ3 by enabling consistent and

rigorous evaluation of structured action classification methods.

Despite the strengths of our approach, several limitations remain. First, it relies on pre-trained
object detectors and external DSG-generation methods, which may not generalize well to
real-world settings where detection noise and domain shifts are common. Future work could
explore end-to-end DSG construction methods — such as OED — that do not depend on a
separate object detection pipeline. Second, while our current implementation of the argument
selection mechanism allows for set prediction of arbitrary size, our proposed argument ordering
heuristic is limited to actions of arity two. Extending this heuristic to handle actions with

higher arity would enable it to address more complex domains and richer interaction patterns.

Third, although our synthetic benchmarks provide a solid foundation for controlled evaluation,
they do not fully capture the complexity and variability of real-world environments. Develop-
ing more sophisticated datasets and evaluation frameworks — ideally grounded in realistic
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perception and interaction scenarios — remains an important direction for future work. Lastly,
further research should explicitly investigate the model’s generalization capabilities, particu-
larly its robustness to unseen domains, novel object configurations, and noisy or incomplete
input representations.
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A.1 Benchmarks

This section provides supporting materials for the benchmark domains used in our experiments,
including PDDL definitions.
A.1.1 PDDL Files

This section presents the domain and problem definition files used for our custom environment,
Ball Hiding. These files define the symbolic structure of the domain and include an example

problem instance, all specified in PDDL format.

Listing A.1: PDDL domain file for the Ball Hiding domain.

1 (define (domain ball_hiding)

2 (:requirements :strips :typing)

3 (:types block ball robot)

4 (:predicates

5 (on ?x - block ?y - block)

6 (on ?x - ball ?y - block)

7 (ontable ?x - block)

8 (ontable ?x - ball)

9 (clear ?x - block)

10 (handempty ?x - robot)

11 (handfull ?x - robot)

12 (holding ?x - block)

13 (holding ?x - ball)

14 (block_full ?x - block)

15 (block_empty ?x - block)

16 (in ?x - ball ?y - block)

17

18 (pickup_block ?x - block)

19 (pickup_ball ?x - ball)

20 (putdown_block ?x - block)

21 (putdown_ball ?x - ball)

22 (stack_block ?x - block ?y - block)
23 (stack_ball ?x - ball ?y - block)
24 (unstack_block ?x - block)

25 (unstack_ball ?x - ball)

26 (hide_ball ?x - ball ?y - block)
27 (unhide_ball ?x - ball ?y - block)
28 )

29
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30

31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80

’

(:actions pickup_block pickup_ball putdown_block putdown_ball
stack_block stack_ball unstack_block unstack_ball hide_ball
unhide_ball)

(:action pickup_block
:parameters (?x - block ?robot - robot)
:precondition (and

)

)

(pickup_block ?x)
(clear ?x)
(block_empty ?x)
(ontable ?x)
(handempty ?robot)

:effect (and

)

(not (ontable ?x))

(not (clear ?x))

(not (handempty ?robot))
(handfull ?robot)
(holding ?x)

(:action pickup_ball
:parameters (?x - ball ?robot - robot)
:precondition (and

)

)

(pickup_ball ?x)
(ontable ?x)
(handempty ?robot)

:effect (and

)

(not (ontable ?x))

(not (handempty ?robot))
(handfull ?robot)
(holding ?x)

(:action putdown_block
:parameters (?x - block ?robot - robot)
:precondition (and

)

)

(putdown_block ?x)
(holding ?x)
(handfull ?robot)

:effect (and

(not (holding ?x))
(clear ?x)

(handempty ?robot)

(not (handfull ?robot))
(ontable ?x))

(:action putdown_ball
:parameters (?x - ball ?robot - robot)
:precondition (and

(putdown_ball ?x)
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81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133

)

(holding ?x)
(handfull ?robot)

:effect (and

)

(not (holding ?x))
(handempty ?robot)

(not (handfull ?robot))
(ontable ?x))

(:action stack_block
:parameters (?x - block ?y - block ?robot - robot)
:precondition (and

)

(stack_block ?x ?y)
(holding ?x)

(clear ?y)
(block_empty ?y)
(handfull ?robot)

:effect (and

)
)

(not (holding ?x))

(not (clear ?y))

(clear ?x)

(handempty ?robot)

(not (handfull ?robot))
(on ?x ?y)

(:action stack_ball
:parameters (?x - ball ?y - block ?robot - robot)
:precondition (and

)

(stack_ball ?x ?y)
(holding ?x)
(handfull ?robot)
(clear ?y)
(block_empty ?y)

:effect (and

)
)

(not (holding ?x))

(not (clear ?y))
(handempty ?robot)

(not (handfull ?robot))
(on ?x ?y)

(:action unstack_block
:parameters (?x - block ?y - block ?robot - robot)
:precondition (and

(unstack_block ?x)
(on ?x ?y)

(clear ?x)
(block_empty ?x)
(handempty ?robot)
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134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186

:effect (and
(holding ?x)
(clear ?y)
(not (clear ?x))
(not (handempty ?robot))
(handfull ?robot)
(not (on ?x ?y))
)

)

(:action unstack_ball
:parameters (?x - ball ?y - block ?robot - robot)
:precondition (and

(unstack_ball ?x)
(on ?x ?y)
(handempty ?robot)
)
:effect (and
(holding ?x)
(clear ?y)
(not (handempty ?robot))
(handfull ?robot)
(not (on ?x ?y))
)

)

(:action hide_ball
:parameters (?x - ball ?y - block ?robot - robot)
:precondition (and

(hide_ball ?x ?y)
(block_empty ?y)
(on ?x ?y)
(handempty ?robot)

)

:effect (and
(block_full ?y)
(not (block_empty ?y))
(in ?x ?y)

(not (on ?x ?y))

)

)

(:action unhide_ball
:parameters (?x - ball ?y - block ?robot - robot)
:precondition (and

(unhide_ball ?x ?y)
(in ?x ?y)
(block_full ?y)
(handempty ?robot)

)

:effect (and
(not (block_full ?y))
(block_empty ?y)

(not (in ?x ?y))
(on ?x ?y)
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187 )
188 )

Listing A.2: Example PDDL problem instance file for the Ball Hiding domain.

1 (define (problem random_problem)
2 (:domain ball_hiding)
3 (:objects

4 e - block

5 b - block

6 d - block

7 c - block

8 a - block

9 f - ball

10 g - ball

11 robot - robot)
12 (:init

13 (ontable d)

14 (ontable b)

15 (ontable a)

16 (ontable e)

17 (ontable f)

18 (ontable g)

19 (clear a)

20 (clear e)

21 (clear d)

22 (clear b)

23 (block_empty e)
24 (block_empty b)
25 (block_empty d)
26 (block_empty c)
27 (block_empty a)
28 (holding c)

29 (handfull robot)
30 )

31 (:goal (and

32 (in g a)

33 (in f ¢)

34 ))

A.2 Additional Observations

This section presents supplementary insights that, while not central to the main evaluation,

contribute to a deeper understanding of the proposed model design.

A.2.1 Action Classification Space

The dual-head architecture used in our action classification model separates the prediction of

the action type from the selection of its arguments. This decomposition substantially reduces
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the classification space compared to a single-head approach that would need to predict complete
action-argument tuples jointly.

In a single-head setting, the model must classify all possible combinations of action types
and argument permutations, resulting in a total of |A4| - |O|¥ classes, where |4| denotes the
number of action types, |O| the number of objects, and k the number of arguments required per
action. In contrast, the dual-head architecture decouples this prediction task into two simpler
subproblems: first predicting the action type, and then selecting the k arguments individually.
This yields a total classification space of |A| + k - |O|, with the first term corresponding to action
type prediction and the second to independent selection of arguments from the object pool.

This reduction is particularly advantageous in domains with a large number of objects, where
the combinatorial explosion of possible argument tuples can quickly make the single-head
formulation intractable. For instance, assuming |A| = 10 action types, |O| = 15 objects, and
an action arity of k = 3, the single-head formulation would require the model to discriminate
among 10 - 15 = 33, 750 distinct classes. The dual-head approach, by contrast, reduces this to
10 + 3 - 100 = 55 classes — a reduction of several orders of magnitude.

Beyond its computational benefits, this decomposition also supports greater architectural
modularity and interpretability. It enables independent improvements to the type and argument
predictors and facilitates more robust training, especially in the presence of class imbalance or
limited training data. Moreover, it offers a natural extension path for handling variable-arity

actions and more structured argument constraints in future work.
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BW

CNN

DSG
DSG-DETR

EMR

GAT
GCN
GNN

IoU

LSTM
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MLP
MOTIFNET

PCA
PDDL

RePN
RNN

SGG
ST-GCN

ToH

Action Genome
Blocksworld
Convolutional Neural Network

dynamic scene graph

Dynamic Scene Graph Detection Transformer
Exact Match Ratio

Graph Attention Network
Graph Convolutional Network
Graph Neural Network

Intersection-over-Union
Long Short-Term Memory

mean Average Precision
Multi-Layer Perceptron
Stacked Motif Network

Principal Component Analysis
Planning Domain Definition Language

Relation Proposal Network
Recurrent Neural Network
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Spatial-Temporal Graph Convolutional Network
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