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Abstract. Knowledge Graphs are used for various purposes, including business
applications, biomedical analyses, or digital twins in industry 4.0. In this paper, we
investigate knowledge graphs describing household actions, which are beneficial
for controlling household robots and analyzing video footage. In the latter case, the
information extracted from videos is notoriously incomplete, and completing the
knowledge graph for enhancing the situational picture is essential. In this paper, we
show that, while a standard link prediction problem, situational knowledge graphs
have special characteristics that render many link prediction algorithms not fit for
the job, and unable to outperform even simple baselines.
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1. Introduction

Knowledge graphs (KGs) are structured representations of knowledge that model enti-
ties and their relationships in a graph format, offering a semantically rich and machine-
readable alternative to traditional databases [10,12]. By capturing complex relational data
through nodes and edges, KGs enable advanced reasoning, inference, and data integra-
tion across heterogeneous sources [26]. Their versatility has made them essential in fields
such as natural language processing, biomedical research, and personalized recommen-
dation systems [13,25,40]. Specialized forms like situational and temporal knowledge
graphs extend this functionality by incorporating dynamic or context-dependent infor-
mation, supporting applications in rapidly changing environments such as robotics and
context-aware systems [5,15,17,43].

In robotics, KGs provide a structured framework for representing and reasoning
about environments, enabling robots to interpret human actions, plan tasks, and adapt to
new situations [2]. Projects like RoboEarth [39] and KnowRob [36] show how percep-
tion and action knowledge can be integrated to support autonomous behavior. Ontology-
based approaches further highlight the value of structured reasoning for robotic percep-
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tion, planning, and decision-making [27]. Recent advances also show how multi-modal
knowledge integration enhances embodied Al [34].

A central challenge in robotics is reasoning under uncertainty. Robots operating in
real-world environments—such as homes or workplaces—often face incomplete data due
to occlusions, sensor limitations, or dynamic change [29]. Knowledge Graph Completion
(KGC) addresses this by inferring missing links (e.g., unobserved object interactions) or
entities (e.g., likely tools) within structured graphs [30,33].

Another challenge is learning patterns in action sequences. Robots must predict the
next steps of human behavior based on context, rather than relying solely on common-
sense assumptions or static rules. In this work, we investigate how well KGC methods
support this task by testing them on situational KGs built from household activity videos.
Specifically, we evaluate how different models predict a human’s goal (parent action)
or next step (sub-action) in a sequence—e.g., predicting milk handling after observing
cereal pouring—so the robot can assist appropriately.

We compare standard link prediction (LP) models (e.g., TransE, ComplEx), sim-
ple statistical baselines, and large language models (LLMs). Results show that conven-
tional embedding models struggle to outperform even simple heuristics, likely due to the
ambiguity and temporal nature of human activities. While LP remains central to KGC,
our findings suggest that LLMs—thanks to their contextual reasoning and generaliza-
tion abilities—may offer a more robust solution for parent action tasks. In contrast, sub-
action prediction presents a greater challenge for LLMs and LP models, where simpler,
pattern-based statistical methods outperform more complex approaches. We conclude
with a discussion of open challenges and the potential of hybrid approaches.

2. Related Work

Using knowledge graphs to represent information about the surroundings is common
in robotics [32]. Semantic knowledge is essential for robots autonomy [27], scene un-
derstanding in static and dynamic environments, and during human-machine interaction
[11]. Therefore, since graph-based data is used for knowledge representation in robots,
it is common to make inferences such as action prediction on those situational graphs.

A prominent example of structured knowledge representation in robotics is the Func-
tional Object-Oriented Network (FOON) [31], which encodes task-related object and
action knowledge using a bipartite graph structure. While our graph shares some struc-
tural similarities with FOON in terms of capturing object-action interactions, it differs in
key ways: we emphasize temporal and hierarchical relations between sub-actions (e.g.,
“has_next” and “has_element”) rather than focusing on functional units of manipulation.
Additionally, our approach is data-driven, relying on per-frame annotations from the
KIT Bimanual Actions Dataset, whereas FOON is often constructed manually or semi-
manually.

Datasets that capture human activities with rich temporal and object-level detail are
essential for advancing KGC and action prediction in robotics. Not many public datasets
are available that allow experimentation with the action inference task using link predic-
tion methods. Table 1 shows the requirements that guided our dataset choice. The KIT
Bimanual Actions Dataset [8] is a prominent example, originally developed for computer
vision tasks and widely used in research on human-object interaction and bimanual ac-
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Dataset Parent Sequential Time-stamps  Objects States/

actions sub-actions Properties
The Breakfast Actions  Yes Yes Yes Not directly, but No
Dataset [19] [20] possible to ex-

tract

KIT Bimanual Ac- Yes Yes Yes Yes Yes
tions Dataset [8]
AVA-Kinetics Dataset  Yes Yes Yes No No
[21]
EPIC-KITCHENS- No Yes Yes Yes No
100 [6]
Georgia Tech Egocen-  Yes Yes Yes Yes No
tric Activity Datasets
[22]
YouCook [7] Yes Yes Yes Yes No

Table 1. Comparison of various action recognition datasets based on their features, including parent actions,
sequential sub-actions, timestamps, objects, and states/properties.

tion recognition. It consists of 540 RGB-D recordings across nine tasks performed by
six subjects, with detailed, frame-level annotations of sub-actions for both hands. These
annotations include spatial object data and allow for modeling fine-grained action se-
quences relevant to robotic planning and prediction.

[42] investigates predicting subsequent activities and estimating the time until an
activity requiring assistance is initiated. This task is similar to what we do in this paper;
however, they use a different methodology, namely Markov chains, to model human
behavior and test it in a real-world setting. Literature is sparse on human action prediction
using link prediction techniques. [38] discusses signaling in human-robot interaction as
a tool to predict human actions. Other researchers perform activity prediction directly
on visual data from videos [16,24]. In contrast, our work models the data derived from
video input as a structured knowledge graph and explores link prediction methods on two
tasks: (1) subsequent action prediction and (2) parent action prediction, i.e., predicting
the overall task of an observed sequence of activities.

3. Experiments

This study leverages the KIT Bimanual Actions Dataset [8], a structured benchmark orig-
inally designed for computer vision but well-suited for robotic action prediction due to
its granular labeling of bimanual tasks. The dataset contains 540 recordings in which six
subjects perform nine distinct tasks (parent actions)—such as preparing cereal or assem-
bling tools—carried out in kitchen and workshop scenarios. Each task is repeated ten
times and decomposed into sequential, fine-grained sub-actions (e.g., “approach bowl,”
“stir with whisk”). It provides frame-level ground truth for these sub-actions alongside
3D object interactions, enabling temporal and spatial modeling of action sequences. Key
data is organized hierarchically in JSON files, with per-hand sub-action sequences, in-
cluding start and end timestamps, and 3D bounding boxes for both hands and objects.
During preprocessing, object—sub-action associations were established via bounding box
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Figure 1. Sample graph visualization of the task cooking

intersection analysis. Temporal or spatial inconsistencies—such as missing or overlap-
ping annotations—were manually corrected to ensure coherence.

The graph structure was built using the following relation types: has_actor (link be-
tween parent action and the subject performing the task), has_object (link between sub-
action and object), has_element (link between parent action and sub-action), and has_next
(link between successive sub-actions). The refined data was structured to ensure com-
patibility with MemNet [9], offering a dynamic and generalizable structure for encoding
action—object—context relationships. The resulting KG contains 13,928 nodes and 32,577
edges; graph statistics are summarized in Table 2. Each of the 540 task recordings forms a
separate graph component, resulting in a fragmented and disconnected knowledge graph.
Figure 1 illustrates a typical weakly connected component.

Statistic Value
Number of Nodes 13,928
Number of Edges 32,577
Density 0.00017
Average In-Degree 2.34
Average Out-Degree 2.34
Max In-Degree 31
Max Out-Degree 56
Number of Strongly Connected Components 13,928
Number of Weakly Connected Components 540
Average Clustering Coefficient 0.289
Degree Assortativity Coefficient -0.364
Reciprocity 0.0

Table 2. Key Graph Statistics
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For consistent and fair evaluation, we applied a fixed train—test split: two out of ten
repetitions per task were reserved for testing. This yields 108 graph components in the
test set, with 11,088 nodes and 25,897 edges in training, and 2,840 nodes and 6,680 edges
in testing. This split is held constant across all models. The processed dataset, splits, and
code are publicly available via the MemNet repository.>

We implemented baseline models for both parent action and sub-action prediction
tasks to serve as performance benchmarks. These baselines are based on simple statis-
tical assumptions. In both tasks, Baselinel uses only action information, while Base-
line2 incorporates contextual object information, providing a more nuanced view of the
activity.

For the parent action prediction task, Baselinel maps each sub-action to its most
frequently co-occurring parent action in the training data. For each activity (i.e., a se-
quence of sub-actions), the final parent action is determined via majority vote across pre-
dicted labels. Baseline2 extends this by using pairs of sub-actions and their associated
objects (e.g., “cut—knife”, “hold—whisk™) to build a more detailed mapping. Including
object context significantly improves performance, as shown in Table 3.

For the subsequent action prediction task, Baselinel predicts the most probable next
sub-action based on the current one, using the most frequent transitions observed in
training. Baseline2 considers the combination of the current sub-action and its associated
object when determining the next step.

For knowledge graph completion, we evaluated several widely-used embedding-
based link prediction models using the PyKeen framework [1]: TransE [3], TransR [23],
ComplEx [37], DistMult [41], and RotatE [35]. Since action and sub-action entities are
literal strings, we also tested LiteralE variants of DistMult and ComplEx[18], which in-
corporate textual literals into entity representations.

In addition to traditional KG models, we tested GPT-40-mini [28] to evaluate how
effectively a large language model can predict actions from structured KG data. To in-
terface with the model, we transformed each graph instance into a set of textual triples
describing actions, objects, and their relations. We then used few-shot prompting [4]
with structured reasoning, where the model was shown several examples that included
intermediate steps to guide its inference process (see Figure2). This setup allowed the
model to learn patterns from analogous cases and apply them to new graph segments at
inference time. The code to replicate the results in this paper is available online.?

4. Results

Our experiments reveal a clear performance hierarchy across methods. For parent action
prediction, frequency-based baselines (76—100% Hits@3) and GPT-40-mini (78.73%
Hits@1) outperformed graph-based models (< 5.72% Hits@5), suggesting that statisti-
cal patterns or high-level reasoning suffice for coarse task recognition. In contrast, sub-
action prediction favored heuristic baselines (81.7% Hits@1), while graph models like
RotatE (52.16% Hits@1) showed limited but non-trivial capability—likely due to their
ability to model localized action transitions. Strikingly, LLMs collapsed to 13% accuracy
here, exposing their weakness in fine-grained sequential reasoning.

*https://github.com/HRI-EU/BasicMemnet/tree/master/data/action_sequences
3https://github.com/marusta/Knowledge_Refinement
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You are a knowledgeable assistant. Given a set of triples representing sub-actions, predict the most likely parent action.

Below are examples of parent actions and their corresponding sequences of sub-actions. Each triple represents a head, relation,
and tail from the knowledge graph describing the parent action.

{examples}
What is the parent action for the following graph?
{test set triples}

Answer nothing but one of the 9 possible parent actions: cooking, cooking_with_bowls, pouring, wiping, cereals, hard_drive,
free_hard_drive, hammering, sawing.

Figure 2. Prompt used for parent action prediction. It follows a few-shot format with structured reasoning.
Parent action labels are taken directly from the dataset, where some tasks are object-based rather than ac-
tion-based. The same naming is used in the prompt examples.

Parent Action Prediction Subsequent Action Prediction

Category Model Hits@1l Hits@3 Hits@5 Hits@l Hits@3 Hits@5
Baselines Random 11% 33% - 7.14% - -
Baselinel 11% 76% - 69.1% - -

Baseline2 76 % 100% - 81.7% - -

KG Models  TransE 2.60% 4.90 % 5.30% 0.00%  53.40% 64.86%
TransR 3.25% 4.78% 5.72% 0.00%  31.51%  45.10%

RotatE 3.88% 3.90% 392% 52.16% 57.67%  58.00%

ComplEx 1.00% 2.00% 2.30% 8.56% 18.20%  24.18%

DistMult 0.00% 0.00% 0.00%  33.68% 57.57%  58.84%

ComplExLiteral 3.50% 3.80% 2.90% 1449%  27.14%  33.91%
DistMultLiteral 1.50% 3.00% 3.40% 5.40% 11.38% 16.10%
Other GPT-40-mini 78.73% - - 13.00% - -

Table 3. Parent action prediction and subsequent action prediction results

This failure aligns with the previous studies [14] noting that many embedding-based
models, such as TransE and TransR, struggle with multistep dependencies, which is cru-
cial for accurate parent action prediction. It also highlights another limitation: discon-
nected subgraphs in robotic tasks violate the dense-connectivity assumptions of conven-
tional KG benchmarks.

5. Conclusion and Outlook

This work identifies robotic action prediction as a critical testbed for KGC methods,
where standard LP techniques underperform due to disconnected task subgraphs and hi-
erarchical dependencies. While baselines and LLMs offer pragmatic solutions for spe-
cific tasks, their limitations underscore the need for specialized graph representations
that encode temporal, compositional, and weakly connected structures.

Future research should redefine evaluation protocols for LP in disconnected graphs,
moving beyond random link masking, develop hybrid architectures that integrate base-
line robustness with KG relational reasoning, and explore dynamic graph embeddings
to capture action progression. By addressing these gaps, the field can unlock the KGC
methods’ potential for real-world sequential decision-making.
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