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Abstract

Knowledge graphs are often used to represent structured information in a flexible and efficient
manner, but their use in situated dialogue remains under-explored. This paper presents a novel con-
versational model for human-robot interaction that rests upon a graph-based representation of the
dialogue state. The knowledge graph representing the dialogue state is continuously updated with
new observations from the robot sensors, including linguistic, situated and multimodal inputs, and
is further enriched by other modules, in particular for spatial understanding. The neural conversa-
tional model employed to respond to user utterances relies on a simple but effective graph-to-text
mechanism that traverses the dialogue state graph and converts the traversals into a natural lan-
guage form. This conversion of the state graph into text is performed using a set of parameterized
functions, and the values for those parameters are optimized based on a small set of Wizard-of-Oz
interactions. After this conversion, the text representation of the dialogue state graph is included
as part of the prompt of a large language model used to decode the agent response. The proposed
approach is empirically evaluated through a user study with a humanoid robot that acts as conver-
sation partner to evaluate the impact of the graph-to-text mechanism on the response generation.
After moving a robot along a tour of an indoor environment, participants interacted with the robot
using spoken dialogue and evaluated how well the robot was able to answer questions about what
the robot observed during the tour. User scores suggest an improvement in the perceived factuality
of the robot responses when the graph-to-text approach is employed compared to a baseline using
inputs structured as semantic triples.

Keywords: Dialogue Management, Human-Robot Interaction, Large Language Models, Graphs,
Task-oriented dialogue

1. Introduction

Recent advances in NLP have made large strides in improving the conversational abilities of dia-
logue systems (Bommasani et al., 2021). Large language models (LLMs) based on the transformer
architecture (Vaswani et al,[2017) have become the foundation for a large range of conversational
agents, both task-oriented (Hosseini-Asl et al., [2020; |Peng et al., | 2020; Nekvinda and Dusek| [2022)
and open-domain (Zhang et al., [2020; [Roller et al.| 2021}; [Thoppilan et al, [2022). These advances
have also raised questions about the capability of these models to perform tasks and reason about
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information (Valmeekam et al.| [2022)). Numerous investigations into the reasoning capabilities of
LLMs have resulted in evidence of their abilities in some areas (Bubeck et al.,|2023)), while indicat-
ing shortcomings in others (Shi et al.| 2023; [Ullman) 2023).

Meanwhile, there is a continuing interest and ongoing work in human-robot interaction (HRI)
using large language models. A central question in this vein of research is how information about
a robot’s environment from different modalities can be effectively combined with LLMs. For in-
stance, [Huang et al.|(2022) demonstrated a system where feedback from the environment is used in
the form of a kind of inner monologue. Under such a system, multiple sources of information are
combined in a form representing the semantics of a situation, in the sense of how objects under dis-
cussion relate to each other. These systems thereby make use of multiple modalities obtained from
other (particularly pre-trained) models where the combined information enables improved perfor-
mance even in zero-shot scenarios (Zeng et al.,2022). Such models suggest that there exists a strong
capability for LLMs to operate over diverse sources of information structured as text input.

In this article, we explore the problem of response generation for embodied agents and demon-
strate how various sources of information can be collected and acted upon in such a system. Our
approach rests on the following elements:

1. A dynamic knowledge graph of the dialogue state where locations, physical objects, and
dialogue elements such as utterances are represented as nodes and semantic relations between
them represented with edges.

2. A simple parameterized function to verbalize the dialogue state graph based on traversals of
the graphs, and the optimization of those verbalization parameters from Wizard-of-oz data.

3. A large language model that includes the verbalized representation of the graph as part of its
prompt and is responsible for generating the robot response.

A sketch of the proposed approach is provided in Figure[I} As shown in the figure, information
detected by the embodied agent including speech, visual, and positional data are brought together
into a unified structure in the form of a graph and subsequently transformed into natural language
as input for an LLM. Specifically, this is a dynamic knowledge graph, in which nodes and edges
are added incrementally. A dynamic rather than static graph structure allows it to be modified
throughout robot exploration and conversation with users. The graph structure thereby enables
the continuous inclusion of both situated and dialogue-specific information as it is received by
the system. Semantic relations between objects, places, and utterances are represented as edges
between the nodes of the graph, enabling not only verbal expression of these relations but also
of larger traversals of the graph. Moreover, probabilities and temporal relations in the graph are
also easily exploited in such a transformation. The graph structure is thereby exposed to an LLM
in a way that enables the strengths of such models to be exploited through a simple, controllable
transformation from graph to text.

To evaluate the proposed approach, we design an experiment with users to explore its use in a
practical setting. Our experiment consists of users touring an office space with a robot and subse-
quently discussing the tour. We evaluate the robot’s ability to converse about the tour when equipped
with two LLMs (specifically GPT-4 and LLaMA), using the graph-to-text approach and a baseline
triples conversion. From the resulting dialogues and user feedback, we provide a statistical analysis
of the results along with further qualitative analysis of attributes of the resulting dialogues.
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Figure 1: Diagram of the proposed approach. The red path in the graph indicates a traversal which
is transformed to a natural language document via a parameterized function. The resulting text
description is then inserted into the prompt for the language model.

The rest of the paper is structured as follows. In Section [2] we provide a general background
on embodied conversational agents, knowledge graphs for dialogue, and large language models.
Section [3]describes how to structure the dialogue state of the agent as a knowledge graph, verbalize
its content through graph traversals, and integrate the result into the prompt of the LLM employed
to generate the robot responses to user utterances. Section [4] presents an experimental study that
investigates the influence of this graph-to-text approach on the factuality and adequacy of the robot
responses. The obtained user ratings show that this graph-to-text approach is able to improve the fac-
tuality of the robot responses compared to a baseline relying on inputs where the graph information
is provided in the form of semantic triples. Finally, in sections[5]and [f] we discuss the experimental
results and review the benefits and limitations of the proposed approach, and conclude.

2. Background

In this section, we discuss the background to our study, starting with contemporary approaches to
embodied agents in HRI. We then discuss recent work where graphs have been used with dialogue
systems to represent situated dialogue information. Finally, we review the recent usage of LLMs
in dialogue systems and the variety of approaches to presenting background information to them,
including with graphs and for embodied agents.

2.1 Embodied Conversational Agents

Embodiment refers broadly to the operation of an artificial agent in physical space, though specific
definitions vary in precision and strictness (Miller and Feil-Seifer,2016). Whichever definition may
be preferred, embodiment has a substantial impact on dialogue and affects how speakers perceive
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and relate to the dialogue (Wainer et al., [2006; Pickering and Garrod, [2009). In human-robot in-
teraction, grounding the dialogue in the physical environment is often a prerequisite to language
understanding. Grounded language, in the sense employed by e.g. [Tellex et al.| (2020), refers to
situated language, i.e. language with meaning in a physical environment.

In a situated scenario, dialogue between a human and a dialogue agent has a direct spatial rela-
tion to the surrounding environment. An embodied, robotic agent must take into account numerous
input sources from the environment as well as any human users to accomplish complex tasks re-
quiring both natural language or physical outputs, i.e. movement. Beyond spatial data and language
input, visual perceptions of varying kinds are an important source of information for the dialogue.

These kinds of information may also be viewed in relation to time. For instance, the utter-
ances in a dialogue are naturally temporally related. Moreover, embodied agents may take different
actions depending on what information is most recently observed. Linguistic, visual, and spatial
information acquired by the robot may also be uncertain, presenting an additional challenge in ef-
fectively leveraging world knowledge to accomplish tasks. The agent’s grounding in the physical
world is subject to uncertainty arising from both perceptual module errors as well as inherently un-
certain aspects of the environment. Thus, temporality and probability interact with these kinds of
data to present a nuanced picture of the world for the agent to act upon. When quantified and repre-
sented by the system, uncertainty about the environment or dialogue state can be communicated to
the user (Hough and Schlangen, 2017). By dialogue state, we refer to a representation of the current
dialogue context which contains all information that is relevant for responding to user utterances.

Within HRI, language input is one communication medium among many that can be used to
interact with a robot (Goodrich et al., 2008). In some cases, it may be used to instruct a robot
to perform actions in its physical environment. For example, Rankin et al.| (2021) demonstrated
semantic parsing of instructions to associate the instructions with desired locations for the robot to
explore. In a smaller setting, Lynch et al.| (2023)) explored the use of imitation learning through
natural language instructions to guide a robotic arm to move objects. The real-time task required an
approach that could account for both spatial information and the temporal ordering of actions and
instructions given to the robot. Another model integrating spatio-temporal grounding was presented
by [Shah et al.| (2023)). In their model, a robotic navigation system combines a pre-trained visual
navigation module with an LLM to construct a path following instructions. This approach first
identifies landmarks with an LLM and subsequently grounds this information in a set of visual inputs
from the navigation area using a second module. Each of these approaches required alignment of
language input to the robot’s physical environment.

2.2 Knowledge graphs for dialogue
2.2.1 GRAPH-BASED REPRESENTATIONS

While dialogue state information may be represented in numerous ways, graphs are a flexible data
structure with desirable properties with regard to both natural language and the physical world. A
graph G consists of a set of vertices (or nodes) V paired with a set of edges E. Each edge describes
a pair of vertices, which may be ordered or unordered (describing a directed or undirected graph,
respectively). Knowledge graphs specifically represent entities, that is to say objects and concepts,
as well as relations between them. An example of graph-structured background information for
dialogue is the dataset of [Eric et al.| (2017). In this dataset, each dialogue is associated with a
knowledge base of entities for the dialogue system to retrieve in response to user queries. The
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dataset comprises three domains, of which the navigation domain represents entities with a spatial
relation (distance) to the speaker and dialogue agent. With this property, the dialogue system can
reason over the dialogue context to infer closest locations to recommend to the user. Another graph-
based model of spatial information for embodied agents is the Scene Graph (Xu et al., 2020), which
represents physical objects as graph nodes and spatial relations as edges between them. Similarly,
in the model presented by |Li et al.| (2022b), an embodied scene graph can also be generated by a
model trained with imitation and reinforcement learning. The resulting graphs can then be applied
to downstream tasks requiring spatial information.

Within language data specifically, both utterance and dialogue level structures can be expres-
sively rendered as graphs such as those of the Abstract Meaning Representation paradigm (Ba-|
narescu et al., 2013)). A relevant use of this paradigm was presented by |Bonial et al.|(2020), extend-
ing the AMR schema for dialogue with a robot performing tasks in search and navigation. Their
model of situated dialogue constructs graph representations of both user commands and agent re-
sponses. These graphs represent a semantic model of both objects in the environment and actions for
the system to take. Graphs have also been used to represent dialogue structure as a whole and flows
between utterances (Andreas et al.| 20205 |Gritta et al.,2021)). Also specifically in HRI,|Wilcock and
Jokinen| (2022) presented a model for robotic conversational agents that used knowledge graphs to
present semantic metadata to the system. Thus, in the context of previous work it is apparent that
combining abstract and dialogue-specific information with situated knowledge provides a fruitful
avenue for state representation (Papangelis and Ultes, 2020). Within this line of inquiry, our work
builds upon a graph-structured dialogue state model wherein both dialogue elements and physical
objects in the world are equally represented as nodes of a graph with edges in the graph representing
semantic relations between them (Walker et al., [2022)).

Aside from the general usage of graphs representing linguistic structure or purely physical in-
formation, an additional kind of dialogue information that can be expressed in a graph is temporal
relations between objects. For instance, | Xing and Tsang (2023) introduced the DARER model,
which used two types of temporal graphs representing semantic relations for dialogue act and senti-
ment prediction. In their model, user utterances are represented as nodes of a graph with “previous”
and “future” relations between them. As demonstrated in a number of models (Tuan et al., 2019;
He et al., [2023), the dialogue agent’s knowledge state can be captured as a dynamic knowledge
graph that is updated throughout the dialogue. Dynamic, evolving graphs capture the intuition that
the dialogue agent’s knowledge should evolve along with the dialogue, encompassing perception of
natural language utterances or physical observations as updates to the graph.

A further advantageous property of graphs is the capability of associating probabilities with
the constituent nodes or edges of a graph. A common use of probability with graph structures in
dialogue systems has been in handling uncertainty in action selection (Young et al., 2013). Bayesian
Networks are an additional example of a probabilistic model which has been used for dialogue
management, including with multimodal data (Prodanov and Drygajlo, 2003} Thomson et al., 2008)).
More generally, the problem of epistemic uncertainty (Celemin and Kober, [2023)) about the dialogue
state may also be usefully described by probabilities associated with graph elements.

2.2.2 GRAPH PROCESSING

Although the flexibility of graphs allows for a wide diversity of state representations, it also requires
adaptation of response generation models to operate on a graph structure. One means of doing so
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is the use of Graph Neural Networks (GNNs). An example of a GNN model used to process a
large knowledge base was presented by [Christmann et al.| (2023). Their model for conversational
question answering used a GNN to construct a reduced representation of a large heterogeneous
graph of entities. This model had the particular advantage of enabling explainability in the model
along with using numerous combined sources of information. Particularly large knowledge graphs
may require a filtering method or preprocessing to extract the most salient information (Wang et al.,
2021). GNNs have also been used among other things to verbalize graphs, such as the method
presented by |Yang et al.|(2020), wherein a graph attention network is used with a verbalization of a
program to verify facts. While GNNs have become an area of interest for using graph data in many
domains, these models often require large quantities of in-domain training data and may require
certain properties in the graph structure (e.g. homogeneity, connectivity). For instance, models such
as the influential GraphSAGE ofHamilton et al.|(2017)) have limitations in their ability to distinguish
certain non-isomorphic graphs (Garg et al., [2020). Moreover, GNNs also face difficulties when
aggregating information across long paths in graphs, an “over-squashing” of graph information
explored by |Alon and Yahav|(2020).

Graph verbalization is not limited to GNN-based models. |Xu et al.| (2018) demonstrated a
method of transforming Structured Query Language (SQL), itself viewable as a graph-structure, to
natural language via a graph-to-sequence model. A common thread among approaches to verbal-
izing graphs is a correspondence of graph structures to natural language surface forms. A basic
example is the conversion of a semantic triple (subject, predicate, and object) of two nodes and an
edge between them to a sentence:

(‘robot’

‘in’ | ‘hallway’) — The robot is located in the hallway.

Such conversion is not limited to small-scale elements of the graph. The entire graph might be
labelled or summarized by some natural language description, as in graph classification (Zhang
et al., [2022). A knowledge graph completion algorithm relying on a transformation of paths in the
graph was presented by |Lin et al.|(2023)). In their approach, knowledge graph paths are translated
to text by concatenating entities and relations separated by special tokens. Another approach using
traversals knowledge graph traversals is OpenDialKG (Moon et al., [2019), which relates shifts in
dialogue context to walks in the graph. Other work using this dataset and the dataset of [Eric et al.
(2021)) 1s the DiffKG model of [Tuan et al.|(2021). The DiffKG model uses a transformer architecture
to perform walks over the knowledge graph to select KG knowledge for a dialogue system. This
system was evaluated with respect to ground truth paths and entities in fixed knowledge bases which
are not available in all dialogue domains. The authors explored a baseline following the model
of Beygi et al.| (2022), which transformed a knowledge graph into a text document of semantic
“pseudo-language” statements. In both this model and DiffKG, a structured text representation of
the graph is a source of information to the dialogue system similar to the semantic triple-based
model we employ in our study (see Sectiond]). The AttnIO model of [Jung et al|(2020) also makes
use of traversals with an attention mechanism to attend to varying sizes of node neighborhoods in
the graph.
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2.3 Large Language Models (LLMs)
2.3.1 RESPONSE GENERATION WITH LLMS

LLMs have demonstrated strong capabilities for few-shot learning across tasks (Brown et al., 2020),
although limitations remain in their use in task-oriented dialogue (Hudecek and Dusek, 2023). At
the outset, these models have a great deal of information available from the large quantities of data
consumed in training them (Bommasani et al., 2021).

Despite substantial improvements in LLM performance across tasks, limitations remain. |Dzir1
et al. (2023) investigated LLM performance on reasoning tasks and found that the models often
resort to basic pattern recognition rather than generic problem solving. Moreover, hallucinations
remain a substantial limitation and subject of continuing research (Ji et al.,2023). As|Zhang et al.
(2023)) describe it, a hallucination exists when an LLM generates output that “misaligns with es-
tablished world knowledge.” For our purposes, we can consider established world knowledge to be
defined by the physical environment in which the user and robot operate. Thus, the notion of factual-
ity (or, absence of hallucinations) derives from what is true in the physical environment, thus for our
study we seek to evaluate factuality of model responses with respect to the environment rather than
the graph itself. Recent study has also indicated that the linguistic structures within prompts may
be a factor in the occurrence of hallucinations, specifically that more formal and concrete prompts
may assist in reducing hallucination (Rawte et al.,[2023)). In this context, evaluation of factuality in
LLM responses remains an important direction for study.

2.3.2 PROMPTING METHODS

In many recent dialogue systems, the model is initialized with a system prompt which consists
of an initial input that informs the system what role it should play in the dialogue and how to
proceed (Liu et al.l [2023). Besides defining the system’s role in the dialogue, the prompt may
include other information that is salient to the system’s tasks. Importantly, the input to LLMs is
bound by a context window beyond which input text must be truncated, although some research
has investigated means of alleviating this limitation (Ratner et al., 2023). When the total scenario-
specific information exceeds the limit imposed by the context window, it becomes advantageous
to design methods to select relevant information (Thulke et al., |2021). Complementary to these
methods is the possibility of providing further enriched context such as information derived by
commonsense or logical reasoning (Walker et al., 2023)).

Due to the difficulty of training large LMs, the use of in-context learning has also become a
heavily investigated method of providing training examples to the largest language models (Dong
et al.,2022)). With in-context learning, a small number of examples can be used to prime a model
to generate output of a desired format or style. Notably, this technique avoids the need to update
model parameters which would otherwise be costly or infeasible given the size of many current
LLMs, instead relying upon the model’s pattern recognition abilities to adapt its output to a desired
outcome. Combined with the general notion of prompting, this approach enables substantial flexi-
bility when using LL.Ms for different tasks and scenarios, including with multimodal tasks such as
generalizing models to unseen contexts (Tai et al.l [2023). In-context learning with LLMs has also
been demonstrated with table-like structures (Chen, 2022)).
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2.3.3 LLMS IN EMBODIED SYSTEMS

As noted previously, LLMs have been used as a means of processing language input for embodied
systems such as commands or instructions from a user. An example of a model that integrated an
LLM with an embodied agent is the ProgPrompt model presented by |Gupta and Kembhavi| (2023)).
ProgPrompt generated task plans for a robot using an LLM by making use of a Python-like prompt
format which induced the LLM to generate actions structured as executable programs. Thus, the
LLM does not operate on strictly natural language, but rather a kind of programming language. A
major advantage in the ProgPrompt system was that the set of actions available to the robot could
be represented compactly and abstractly as functions in this language structure. A robot equipped
with an LLM was also presented by Billing et al.|(2023]), who demonstrated a basic model of HRI
with a Pepper robot using the GPT-3 model of OpenAl. In this case, although the dialogue system
interacted with the user through an physical agent, the dialogues themselves were not situated in the
physical environment.

Beyond the use of text input (natural language or otherwise), other research has investigated
directly incorporating multimodal input to LLM architectures. An example of LLM capable of
generating text based on combined text and visual input is the Flamingo model of |Alayrac et al.
(2022), who presented an approach to combine textual and image data with few-shot prompting for
visual dialogue. Similarly, the Palm-E model of Driess et al.| (2023) addressed multimodality by
directly incorporating embeddings of image and other non-language data in the input to an LLM
architecture. Such approaches suggest that models trained or prompted to incorporate mixed forms
of information can be effective, however these architectures are often task-specific. Moreover, as
noted before, it is often cost-prohibitive to train large models.

When the system must take into account its physical environment, the challenge of presenting
it appropriate information is potentially greater than a non-embodied dialogue system. As direct
operation on audio-visual data or haptic feedback is impossible for an LLLM, a transformation from
the raw forms of these inputs into natural language is required. /Ahn et al.| (2022) presented a model
called SayCan that combined an LLM with an “affordance function” describing the probability of
success over a set of possible actions for the agent. Another example of such a system was presented
by |Zhao et al.| (2023), where a robot “chats” with the environment in the sense that multimodal
sensory input is iteratively presented to an LLM as natural language statements describing the input,
with the model outputting actions at each turn. This approach takes advantage of the turn-taking
nature of dialogue to inform a system in real-time, but would be difficult to port to an embodied
agent intended to explore a wider environment. Nonetheless, this work demonstrates the capabilities
of an LLM in reasoning over diverse sources of input information represented as natural language.

A further example of LLMs integrated in HRI systems is the LLM-Planner of [Song et al.| (2022),
a few-shot system using prompting with a GPT-3 model as a planner for an embodied agent. An
approach for data augmentation by grounding dialogue responses in text documents was presented
by|Wu et al.|(2020). This model used two dialogue agents to simulate conversations across different
domains represented by sets of documents. Lastly, a question answering model which stands quite
close to our approach was presented by |Lanchantin et al.|(2023)), whose model made use of a text-
formatted version of a knowledge graph along with a transformer operating directly on the graph.
This model operated in a simulated three-dimensional space, where the queries directed to the agent
related to the spatio-temporal information describing the user’s position in the simulated space.
This work did not however investigate the use of a natural language transformation of the graph,
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relying instead on a text document constructed of structured representations of graph information
in a similar manner to the semantic triples model employed in our experiments. Additionally, this
approach relied upon the generation of simulated data in a virtual space, whereas we investigate the
real-time creation of graph in a physically situated HRI scenario.

3. Approach

In this section, we describe our proposed approach to LLM-based response generation for HRI. Our
proposed model revolves around a dynamic knowledge graph that represents both elements of the
environment and dialogue utterances. Nodes and edges describing these elements are iteratively
added as new data is observed by an agent.

3.1 State Representation

As explored in Section [2] embodied dialogue agents must take into account diverse types of in-
formation regarding the dialogue as well as the physical environment. These aspects of embodied
dialogue suggest that the flexibility, expressiveness, and semantic interpretability of graphs are ef-
fective at representing evolving spatial, temporal, and probabilistic information in a single structure.
For these reasons, we use a dynamic knowledge graph to represent the dialogue state.

A dynamic, in-memory knowledge graph permits continuous updates as new information is
recorded. The nodes of this graph represent entities, in the sense of distinct objects and places in
the environments, as well as natural language utterances. Likewise, the edges represent semantic
relations between these entities. These relations include spatial or temporal information which may
be updated in the course of exploring an environment. Temporality is also applicable to utterances
within the dialogue as a chain of responses. As both dialogue information and situated information
from the environment are represented within the graph, a form of “grounding” (in the sense dis-
cussed in Section [2) of the dialogue in the environment is equally possible through edges between
utterances and physical objects.

In this model, nodes in the graph are assigned a type label along with a content. The type of
the node indicates what kind of conversational entity the node represents, such as an utterance or a
physical object. Edges in the graph represent semantic relations between the nodes of objects, such
as physical location, origination, or in the case of utterances a temporal ordering.

To illustrate situated information in a graph, the node representing a laptop in Figure [2 has a
description of “laptop” along with the type label “entity”. The laptop is likewise related with an
“in” relation to an image data node carrying the type label “Image”, where binary data of the image
itself is stored. In turn, the image node relates to a “Location” node named “office”, indicating that
the picture was taken in the location labelled “office”. Plainly stated, this graph structure describes
the fact that a laptop computer was seen in an image taken in an office.

Nodes and edges are also assigned a probability. The assignment of a probability value to a
node allows for the expression of uncertainty arising from sensory data. This is notably the case
for visual elements detected in the images captured by the agent, or for alternative transcriptions
produced by the ASR model. In general, regardless of the source or type of information represented
in a node, uncertainty in the data can be expressed as an attribute of the node. Likewise, edges can
also be assigned to a probability.

A further property of nodes is a timestamp. This attribute makes it possible to account for
temporality in the data. Every node in our model is assigned a timestamp representing its creation
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Coordinates Location

Figure 2: Example of subgraph where an image is assigned a location, and a “laptop” entity detected
in the image data is created as a node with an “in” relation to the image.

time in the graph. A second timestamp representing the creation time of the information is also
assigned to the node metadata. This timestamp is the time the information was recorded by an
external module such as robot sensors. The difference between the two timestamps is often small,
nevertheless separate representations allow precise measurement of any latency or reference to exact
occurrences in physical space as opposed to graph update time.

3.2 State Tracking & Postprocessing

3.2.1 GRAPH UPDATES

Dialogue State Tracking (Williams et al.l [2016; [Ren et al, 2018) is often viewed in the form of

a “slot-filling” paradigm, wherein slots of a defined ontology are filled by a predictive model.
Here, we conceive of state-tracking as the management of the conversational knowledge graph. As
the knowledge graph is comparatively small, it is stored in-memory and directly updated through
Python operations. Because the knowledge graph is dynamic, new nodes representing spatial posi-
tions, images, and entities seen during the embodied agent’s movement are added to the state. This
is a constant stream of information that updates the dialogue state as soon as new information is
obtained. Thus, spatial coordinates and visual information can be continuously added as nodes to
the graph while an embodied agent traverses physical space. Equally, language input is added to
the graph as it is received, whether concurrently with agent movement or not. This flexibility is an
advantage for an embodied agent to allow it to attend to numerous, diverse sources of information
simultaneously while also taking into account interactions between them.

We rely on a dedicated management module that serves as a central point of access for all
updates to the graph. Upon each update, the management module triggers all system modules that
should be notified of this change. Those modules may in turn lead to new graph updates, thereby
creating a cascading transformation to the graph, where modules variously react and push changes
to the graph manager. An important example is a response generation module, which is triggered
upon the addition of a new user utterance node in the graph. Using the updated graph, the response
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Figure 3: Example path drawn from spatial coordinates, with raw coordinates on the left and the
approximated path on the right. The orange points mark coordinates associated with the room label,
blue points are those labeled as located in the hallway. Approximate forward movements and in-
place rotations are highlighted alongside the robot path in red and green, respectively.

generation module generates an agent response to the last user utterance and adds the response to the
graph with a “follows” relation to the utterance. This graph update in turn is passed to the embodied
agent for speech generation.

In the same fashion, objects detected in visual sensory input are added to the graph. Raw
image data collected by a camera can be added as nodes to the graph directly. These additions in
turn trigger postprocessing of the image data, whereby objects, people and other entities may be
recognized and added to the graph as additional nodes with an “in” relation to the image. We also
assign probabilities to these objects derived from the output of the visual model use to identify them.

3.2.2 PATH GENERATION

A particular component integrated in the HRI platform employed in our experiments (Section [) is
a mechanism for deriving a continuous path from the raw sequence of spatial coordinates recorded
by the robot. This mechanism operates in two steps. The spatial coordinates are first converted into
a limited number of lines based on the Ramer-Douglas-Peucker algorithm (Douglas and Peucker,
1973). Those lines are in turn converted into an ordered list of movements, divided in two types:
straight forward movements and in-place rotationsﬂ the straight movements being specified for a
given distance, and the rotations for a given angle. This list of movements is then integrated into the
graph. An example path drawn from raw coordinates is given in Figure 3]

The nodes expressing the spatial coordinates in the state graph are further connected to edges
expressing that they are part of a larger location with a given name, such as “hallway” or “break
room”. In the experiments, those names are provided by the human participant during the tour, as
detailed in Section [4.1]

1. This is of course a simplification, based on the fact that the Pepper robot uses omni-directional wheels, and that its
movements in the indoor environment of the user study were either straight-line motions or in-place turns.
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Verbalized Representation

Turn left 75 degrees creation_time 08:55
bookshelf'in office of Magna

table creation_time 08:39

bookshelf creation_time 08:48
computer mouse creation_time 08:38
door creation_time 08:48

Forward 2.8 meters start corridor 3
Forward 1.2 meters start corridor for
Turn left 67 degrees start corridor for
person in corridor for

Turn left 70 degrees start corridor
desk creation_time 08:45

At 08:38, we were in starting area.

In starting area, Pepper saw a table, a door, a desk, a chair, a
computer mouse, a bookshelf and a TV. Pepper may have also
seen a computer, a blue curtain, a lamp, a light, paper, a
window and a copy machine. We spent 27 seconds in that area
and traveled 5.7 meters. In starting area, Pepper turned left 24
degrees. At 08:39, we were in corridor. In corridor, Pepper saw
a table, a fire extinguisher, a door, a desk, a chair, a couch, a
bookshelf, a whiteboard and a window. Pepper may have also
seen a wastebin, a plant, a printer; a pillar, a pen, a blue
curtain, a lamp, a light, a TV and a copy machine. We spent 84
seconds in that area and traveled 25.9 meters. [...]

chair creation_time 08:48

Forward 2.4 meters start storage room
Forward 9.0 meters start new corridor
Forward 1.8 meters start survive

[-]

Figure 4: Comparison of a dialogue graph represented with triples versus verbalization.

3.3 Graph-to-text Transformation
3.3.1 VERBALIZATION FUNCTION

To use the dialogue state graph information with an LLM, it is necessary to convert the structured
information into natural language. A variety of methods have been applied to generate natural
language from structured information such as tables (Nema et al., [2018]). In contrast to e.g. LLM-
based approaches to converting structured data to text, our proposed approach the converts dialogue
state graph information into text descriptions via a set of templates relying on graph traversals. In
this approach, both relations between nodes as well as more complex paths can be rendered with
a natural language description. This traversal-based transformation is a simple means to convert
structured information to a form amenable to an LLM.

To traverse the graph, we first order the nodes temporally and iterate over them. For each node,
the node’s type determines which paths should be searched for in its neighborhood. The traversal
function then collects ingoing and outgoing edges along with the neighboring nodes connected to
them. For each node type, the function defines a set of paths to traverse by searching along the
ingoing or outgoing edges. As an example, when evaluating an “entity” node, paths containing
an “in” relation from the source node to an image node with a subsequent “in_location” edge to a
“location” node describes the location of an object (as in Figure [2). Thus, the paths are defined in
terms of which edges and node types should be found in a given sequence of hops in the graph. The
collection of these paths then constitutes a chronologically ordered description of the graph. Node
probabilities are also recorded during the traversal.

The verbalization process takes the form of a function that converts the graph into a string ac-
cording to a set of handcrafted parameters. An example parameter is that the system may reference
itself within the prompt, such as first or third person pronouns, or a name. Depending on this pa-
rameter, the description of the graph will then summarize the information from either a personal or
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Parameter Values
How the agent refers to itself “Pepper”, “the robot”, “I”
Whether to include discourse markers between sentences True — False
How to specify distance (in meters) “precise”, “rounding”, “none”
Whether to specify rotation angle (in degrees) True — False
Whether to include low-probability entities in description True — False
Whether to include time in description True — False
Whether to mention the total number of turns True — False

Table 1: Parameter values for the verbalization function. Each parameter specifies an aspect of the
verbalization. Bold values indicate the parameter values selected by optimization.

impersonal perspective with respect to the dialogue agent. As illustrated in Table[l] the verbaliza-
tion function employed in our experiments also included parameters related to the use of discourse
markers, the inclusion of low-probability entities in the description, or how to express distances,
angles, and time. An abbreviated document from our study data is shown in Figure {] along with
the triple-structured document for comparison.

3.3.2 PARAMETER SELECTION

As mentioned above, the transformation of the graph to a text document is a parameterized function.
To select the best set of parameters for the task, we optimize the parameters with respect to the
output of a LLaMA language model (Touvron et al.| 2023)), such that the model assigns the highest
probability to the correct response out of a set of candidate responses across dialogues. For this
purpose, we collect a small set of Wizard-of-Oz interactions, each response from the wizard being
associated with a corresponding dialogue state graphs (which include sample locations and entities
along with the dialogue history).

Formally, let Vp(G) denote a graph-to-text function where G is a knowledge graph and P a
set of categorical parameters, and let D = {(G;,7;),1 < i < N} denote the recorded set of N
Wizard-of-Oz responses 7; in a conversational context represented by its dialogue state graph G;.
We then search for an optimal set of parameter values P* that minimizes the cross-entropy loss over
the Wizard-of-Oz examples, assuming a fixed language model LLM:

P* = argmin Lcg(D ;LLM, P) (D
P
where the cross-entropy loss is itself defined as:

1
Lce(D ;LLM, P) = N Z log PLm(ri | Ve (Gy)) 2
(Gi,m)GD

The optimization is performed using a tree-structured Parzen estimator algorithm (Bergstra
et all |2011), as implemented in the Optuna package for efficient hyper-parameter optimization
(Akiba et al., [2019). Using the above approach, we are able to optimize the categorical parameters
and adjust the verbalization function with only a few example responses from a wizard.
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3.4 Response Generation

The final component of the proposed approach is the actual response generation. As already men-
tioned, this response is generated using a large language model optimized for dialogue use cases. In
our experiments, those language models were respectively based on GPT-4 (OpenAl, 2023)) and the
Llama-2 chat model (Touvron et al., [2023)).

The response is generated based on a prompt that includes the verbalized graph along with:

* A short, generic instruction text that details how the robot should respond to the user utter-
ances, and stress in particular that the robot responses should all be grounded in the observa-
tions expressed in the verbalized graph.

* A short list of example responses from the Wizard-of-Oz interactions to take advantage of in-
context learning (Brown et al., [2020; [Wei et al.l 2022) and provide cues about how responses
are expected to be formulated.

Once decoding is complete, the response is itself added to the graph as a new node. This node
is connected to the user utterance with a responds_to relation, thereby capturing the temporal
sequence of dialogue turns in the graph.

4. Experiments

In this section, we describe the design of our experimental study and the results of the corresponding
user evaluation. The goal of our study is to explore the capabilities of a robot that relies on a dynamic
knowledge graph as the representation of its environment and dialogue state, and converts this graph
into natural language to enable the generation of system responses through an LLM. To do so, we
designed a study wherein users brought the robot to different locations in an office environment.
After the completion of this office tour, the participants were then instructed to conduct a short
dialogue with the robot to assess its ability to recollect the observations made during the tour.

Three distinct model setups were investigated, and users conversed with all three in a random-
ized order immediately after their tour with the robot. After each conversation, the participants were
asked to rate the robot responses with respect to their factuality and their adequacy.

We recruited a total of 20 participants (for the most part IT students and researchers) for our
study, the first two participants being asked to test a prototype version of the final system. Each
participant was given a 200 NOK gift card for their participation. For the robot in the experiment,
we use the Pepper robot of Aldebararﬂ The dialogues were conducted in English.

4.1 Experimental Setup

The experiment was structured in two parts that respectively correspond to the physical tour of the
office and the dialogue between the user and the robot that followed.

Tour phase During the tour, the robot is moved around an office environment by a participant to
record details of its path, locations, and identifiable objects. For the sake of simplicity, we instruct
participants to push the robot along its path in the office. Before entering a new room or corridor, the
participant was instructed to activate the robot microphone by tapping its head and stating the name
of the area they were entering. The time spent on each tour ranged from around 5 to 20 minutes.

2. https://www.aldebaran.com/en/pepper
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Figure 5: The first author in a dialogue with the robot. A video of a short example tour may be
found at https://youtu.be/a52zBcfVgS8

Dialogue phase After the tour was completed, the user was then asked to converse with the robot
and have it summarize the tour, as illustrated in Figure[5] The participant was instructed to ask the
robot at least 5 questions relating to the tour, asking it to summarize the tour along with questions
such as to describe which locations it visited, what was seen in each location, what distance was
traveled, or how much time was spent in an area. Participants were encouraged to treat the conver-
sation as a natural, continuous dialogue rather than a set of isolated questions, allowing for follow
up questions referencing the previous question (e.g. “What did you see after that?”).

This dialogue between robot and user is repeated three times, each time with a distinct config-
uration for response generation (see below). Participants were instructed to treat each dialogue as
a completely independent conversation. The model order was randomly reshuffled for each experi-
ment. The participants were also told they did not need to ask the same questions in each dialogue.

4.2 System configuration

The software architecture employed for the experiments integrates a number of modules, as il-
lustrated in Figure [f] The sensor-related modules ran on the Pepper robot itself, while the other
modules were located on a separate machine with access to a GPU.

4.2.1 ROBOT PERCEPTION

During the tour, the dialogue state graph is continuously updated with new visual and positional
data, along with the timestamp at which these elements are observed by the robot. The user-provided
location labels are added to the graph as nodes with the provided name as the node description. As
the robot moves along its path, new nodes are added to the state representing spatial positions,
images, and entities seen during its movement. The room labels provided by the user are assigned
to all subsequent positions recorded by the robot until the next label was provided.

The robot takes a picture of what is in front of it approximately every 1.5 seconds, along with its
current coordinates relative to an initial starting location. Due to odometry drift, we were unable to
treat the spatial data as a precise representation of the robot’s path at large distances. Nevertheless,
these location measurements provided an approximate measure of distance traveled within areas as
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Figure 6: Diagram of the implemented architecture for the experiment. Robot sensor modules are
colored blue, while post-processing models operating on the graph are colored yellow.

well as a means of estimating directional changes by the robot. The image data and x, y coordinates
are added to the graph as nodes labeled image and position, respectively, and are each created
with an edge to the current location node. As mentioned in Section a dedicated mechanism is
implemented to convert the raw spatial coordinates to a high-level sequence of movements based on
the Ramer-Douglas-Peucker algorithm (Douglas and Peucker, |1973).

When an image is added to the graph, a visual question answering (VQA) model processes the
image information and returns a score of whether objects were detected in the image. The model
we chose for this purpose is the Vision Transformer model of Minderer et al.|(2022). We enumerate
the possible objects the robot should see including people as well as office objects (see Appendix
[A). When objects are added to the graph with this model, the estimated probability of the object in
the image from the VQA model is assigned as the probability of the node. As this is based upon a
non-fine-tuned model, there is substantial noise in the observations of the objects.

4.2.2 DIALOGUE SYSTEM

During the dialogue phase, the user activates the microphone by tapping the robot’s head. Utterances
are transcribed using the Google Speech AP]E| and insert to the knowledge graph as nodes.

The process of response generation is triggered upon the addition of new utterance nodes in
the graph. This process begins with the verbalization of the graph (see section [3.3]). The resulting
description of the graph is then inserted into a prompt format for the language model. We use
GPT-4 (OpenAl, 2023)) and LLaMA 2 (Touvron et al.,[2023) as the LLMs for our experiment. The
GPT-4 model was accessed through the OpenAl API while the Llama-2 model, which is specifically
optimized for dialogue use casesﬂ was run on a local GPU, using quantization methods (Dettmers
et al., [2022bla) to satisfy memory limitations.

To evaluate the impact of the graph verbalization on the dialogues, we test the following setups
with these models:

3. https://cloud.google.com/speech-to-text
4. https://huggingface.co/meta-1llama/Llama-2-13b-chat-hf
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Model Factuality Adequacy
GPTryiples 3.44 3.69
GPTVerbal 4.06 3.88
LLaMA verbal 3.68 3.79

Table 2: Average participant scores for the model factuality and conversational adequacy.

1. The GPT-4 model provided with a prompt containing the verbalized dialogue state graph.
2. The LLaMA 2 model provided with a prompt containing the verbalized dialogue state graph.

3. The GPT-4 model provided with a prompt containing the dialogue state graph expressed as
semantic triples of the state graph facts.

The first two models make use of the verbalized graph as produced by the transformation func-
tion and selected parameters from Section [3.3] The prompt to these models is therefore a concate-
nation of the general prompt describing the system’s role and the resulting text description. For the
third model, the graph information is instead provided as a list of semantic triples directly describing
the edges of the graph, as illustrated in Figure [

Due to technical issues encountered with a few interactions, there is a slight imbalance in the
number of dialogues collected for each model (GPT-triples: 16, GPT-Verbal: 17, LLaMA: 19).
This, however, does not affect the statistical significance of the experimental results, detailed below.

The LLM-generated robot responses are sent to the text-to-speech engine embedded on the
Pepper platform. When speaking, the robot also makes basic hand gestures and movement to ac-
company its response, using the off-the-shelf library made available on the Pepper platform.

4.3 User Evaluation

Right after the conclusion of each dialogue, the participants were asked to rate two statements about
the dialogue on a Likert scale of 1 to 5 for two statements where 1 is “Never”, 2 is “Mostly Not”, 3
“Sometimes”, 4 “Mostly”, and 5 “Always”:

Statement 1 (factuality): The robot responded factually according to what we saw on the tour.

Statement 2 (conversational adequacy): The robot answered my questions and responded in a
relevant, natural, and concise manner.

Table 2| shows the average scores given to each model for both statements, while Figure
provides a box plot of the user scores for Statement 1. The user ratings show that participants
generally rated the models using verbalized documents higher in factuality than the model based on
semantic triples, while providing similar scores to all models for the second statement regarding the
conversational adequacy of the robot responses.

To statistically evaluate the difference in scores between the models, we use the Wilcoxon
Signed Rank Test (Wilcoxon, [1945) with the typical threshold for significance o = 0.05 and the
required number of samples n = 16. We first evaluate both alternative models pairwise against
the baseline model. Regarding the first statement, between the GPT-verbal model and the GPT
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Figure 7: Box plots of the results for each statement: The dotted line in each box represents the
median, while the white inner square displays the mean user score for each model.

model based on semantic triples we find a difference of p = 0.03, W = 1.86. We found no statisti-
cally significant difference between the scores of the LlaMA model and the semantic triples model
(p = 0.13, W = 1.13) for this statement. Likewise, we find no statistically significant difference
between either GPT-verbal (p = 0.25, W = 0.67) or LLaMA (p = 0.29, W = 0.54) scores with
the semantic triples model for the second statement.

While the pairwise difference in distributions of scores for factuality between GPT-Verbal and
the baseline were below our threshold o = 0.05, the experiment results may also be looked at from
the perspective of all models. That is, whether for all models we can say there is a statistically
significant difference in outcomes (whatever model is chosen of the three). To correct for multiple
comparisons of this sort, we apply Bonferroni correction to provide a conservative bound on the
resulting p-values amongst all model comparisons. With Bonferroni correction, between the GPT-
verbal model and the baseline triples model the adjusted value for factuality is p = 0.1, and for
adequacy p = 0.75. For the LLaMA model, the values are p = 0.39 and p = 0.88, respectively.

4.4 Analysis
4.4.1 GENERAL OBSERVATIONS

Qualitatively, the majority of factuality errors across the three models were due to objects that were
not detected by the VQA model employed for object and person detection, and were consequently
not mentioned in the provided prompt (either as semantic triples or verbalized graph). Although
those omissions do indeed result in factually incorrect statements from the robot, there is little that
can be done from the dialogue side to correct this shortcoming.

The setup based on semantic triples demonstrates a decent performance on both statements rated
by the participants. This model was however more prone to asserting it did not have information
available, and was generally unable to provide details as to the order of rooms visited. Although the
times rooms were entered were available to the model based on semantic triples, the structure of the
input made it difficult for the LLM to provide informed answers over the tour chronology.

Due to limited GPU resources, the LLaMA model had much higher latency in response time.
This condition did not appear to affect the resultant scores, but upon inspection it appears to have
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resulted in more independent questions rather than ones building upon each other. Participants
generally appeared to more fluently express themselves to the GPT models, sometimes with off-
topic utterances. Moreover, the LLaMA model’s responses to questions about what it saw tended
to lean to absolute “Yes” and “No”. The LLaMA model lastly tended to provide numbered lists of
observations within the tour, resulting in more verbose conversational behavior.

4.4.2 NEGATION WORDS

To further explore the difference in factuality scores, we also analyzed the occurrence of negation

LEINNT3 LR N3

words. The following list was used: “no”, “not”,

LN

can’t”, “don’t”, “unable” and “cannot”.

As shown in Table [3] the number of negation words was much higher in the model based on
semantic triples. The higher occurrence of those words reflects the tendency of this model to refrain
from providing certain details, particularly the order of visited locations and the time spent in them.

Model “Not” “Cannot” “No” Other* Total
GPTrviples 69 13 14 16 112
GPTverbal 48 3 2 15 68
LLaMAverbal 56 0 28 7 91

Table 3: Count of negation words by model.

4.4.3 EXPRESSION OF UNCERTAINTY

To investigate the models’ ability to express probability and uncertainty, we analyzed a count of
words expressing uncertainty such as “may” and “might”. The frequency of such words reveals that
the GPT-4 model with the verbalized graph was substantially more likely to communicate uncer-
tainty to the user, as shown in Table [

Model “May” “Might” “Possibly” “Possible” Total
GPTryiples 4 0 2 0 6
GPTverbal 25 7 7 1 40
LLaMA verbal 7 0 0 1 8

Table 4: Token counts of words expressing uncertainty by model.

Upon inspecting the dialogues, there appear to have been no instances where the GPT-verbal
model expressed uncertainty with the word “may” that was not justified by the observation descrip-
tions. By constrast, The GPT-triples model used “may” in this way twice, with the remaining count
arising from utterances where the model asks the user to note that the observations may not describe
certain aspects such as order or count of objects. This tendency appears to demonstrate that while
probability of observations was presented in semantic triple form, the model made significantly
more use of uncertainty in its expression when uncertainty was transformed to natural language.
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4.4.4 INFLUENCE OF MODEL ORDER

We analyzed the effect of the model order on user scores, shown in Table [5| There was not a
substantial effect on scores from whether the model was presented first or last to the user. To
analyze the interaction of model types with order, we fit a Bayesian linear mixed model using the
BambiE] library. We treat model order as a fixed effect with individual participant variability as
a random effect, as Score ~ Model * Order + (1|User). The results indicated that order had
minimal impact on scores, with (5 = —0.10, SD = 0.29, 94% HDI: [-0.64, 0.4]) for factuality
and (8 = —0.011, SD = 0.247, 94% HDI: [—0.467, 0.459]) for adequacy.

Model Factuality (first) Factuality (last) Adequacy (first) Adequacy (last)
GPTryiples 3.5 3.5 3.83 3.67
GPTverbal 4.4 4 3.8 3.75
LLaMA verbal 3.71 3.86 3.86 3.71

Table 5: Average participant scores for model factuality and conversational adequacy when pre-
sented to the user first and last.

4.4.5 OUTLIERS

As shown in the box plot of Figure [/} the LLaMA model had the widest range in scores, being the
only model to receive scores of “1” to either statement. This score was recorded in two dialogues.
In one case, the model frequently answered that it had not seen things in the tour after having
enumerated them in an initial summary and demonstrated an unexpected inability to recall facts.
This first dialogue is as follows and received a score of 2 for statement 2:

User: which room did we spend the most time in

Robot: Based on the observations, we spent the most time in the “’sick room” (205
seconds).

User: what was the room we went to after the glass hallway

Robot: Based on the observations, after the glass hallway, we went to the "printer area”
(32 seconds).

User: do you see any useful equipment for extinguishing a fire anywhere

Robot: No, I do not see any useful equipment for extinguishing a fire anywhere in the
observations.

User: were there any chairs in the glass hallway

Robot: No, I did not see any chairs in the glass hallway.

User: were there any people working in the office

Robot: Yes, I saw a person working in the office.

User: what furniture store in the sick room

Robot: There was no furniture store in the sick room.

5. https://bambinos.github.io/bambi/
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While the first two observations were correct according to the recorded time, the model was
unable to provide facts about the detected entities, namely a fire extinguisher and a chair in the
hallway, furniture in the sick room (chair, sofa) and the absence of people in the office.

In the second case, the model failed to describe detected objects from the tour and was given
a score of 1 for both statements. However, all model scores given by the participant were quite
low. This participant appeared to take a much stricter approach to interpretation of the statements
in evaluating all models. The model was nonetheless weak in recalling detected objects in this
dialogue. An excerpt from this dialogue is as follows:

User: where did we go first

Robot: We first went to the main hallway.

User: and after that

Robot: After the main hallway, we went to the print room.

User: did you see any plants

Robot: No, I did not see any plants during my tour of the office floor.

User: that’s not true

Robot: I apologize, you are correct. I did see a bookshelf in the first office I visited,
but I did not see any plants.

Overall, the LLaMA model also demonstrated a propensity to answer particularly short intro-
ductory greetings with a list of answers to the example questions provided in the prompt, a factor
which may have influenced the scores.

4.5 Dialogue examples

Dialogues|I]and 2] provide two additional examples of interactions, respectively based on the GPT-4
model relying on semantic triples and the GPT-4 model using the verbalized graph.

As illustrated in Dialogue |1} one peculiarity of the responses based on semantic triples was the
difficulty of providing information about seen objects in an area even when recalling it in other
locations. This kind of error may relate to the model needing to attend to a number of individual
facts about the plants in the data at once, thus overlooking facts where the information is available.
While the information necessary to determine the chronological ordering of locations visited, time
spent in locations, and distances traveled are present in the triple-structured information, the results
suggest that it is difficult for the model to fully make use of this information.

5. Discussion

5.1 Assessment of factuality

Variability in how participants approached the tour and what was shown to the robot also affected
the results. With regard to the first question, participants appeared to differ in their criteria of
whether a statement by the robot was “correct” or not. A score of “5” being “Always” factual could
be interpreted to require that the model hallucinated precisely zero times, while other participants
interpreted the statement as that the robot’s responses as a whole were always factual.

One alternative evaluation strategy is to evaluate the factuality of the responses against a ground
truth. However, defining such a ground truth is particularly difficult in human-robot interaction, as
the agent must rely on imperfect and often error-prone sensors to perceive its physical environment.
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GPT-triples

User: can you summarize our tour

Robot: During our exploration of the office floor, we visited various locations such as corridors,
a printer room, storage room, offices, a coffee break area, and a reception area. We found many
items such as doors, blue folders, a copy machine, bookshelves, a TV, a light switch, and a waste-
bin. There were also different movements like turning right or left and proceeding forwards for
various meters. I also identified the presence of people, but I cannot confirm their identities. The
exploration began and ended at different times as indicated by the creation time of the objects and
paths.

User: how many people did we see

Robot: It’s unclear exactly how many people we saw because they were often identified simply as
‘person’, ‘man’, or ‘woman’. These labels could refer to the same or different individuals. There-
fore, I cannot accurately provide the total number of people we saw without further information.
User: did we go up to the starting area

Robot: Yes, there were several mentions of moving to a location labeled as the “starting area”
during our exploration.

User: how long did we spend in the coffee room

Robot: The observations do not provide specific information about the amount of time spent in the
coffee break area.

User: which area did we visit after the coffee room

Robot: The observations do not provide a sequential order of the locations visited, so it’s unclear
which area was visited immediately after the coffee break area.

User: when did you see the plants

Robot: According to the observations, plants were seen at different times. However, specific
timestamps were not provided for all of these observations. The time a plant was seen in the
“survive” area was at 08:49, one in corridor 2 doesn’t have a time, and the one in the reception area
wasn’t time-stamped either.

User: did we see people after we left the coffee area

Robot: The observations do not provide a sequential order of the events, so it’s unclear if we saw
people after leaving the coffee break area.

Dialogue 1: Example using the GPT-triples model. This dialogue was given by the participant
a score of 3 for both statements. This dialogue illustrates questions to which the triples-based
model had difficulty generating responses (highlighted in red), namely concerning the chronology
of perceived objects and explored locations.
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GPT-verbal

User: what’s up

Robot: As arobot, I don’t have personal experiences, but I have recently completed the exploration
of an office floor.

User: [Utterance not recognized]

Robot: I’m sorry, but your previous message was not understood. Could you please provide more
details or rephrase the query?

User: can you mention all the rooms we went to

Robot: Yes, we visited the starting area, hallway, print the room, Lisa’s office and the break room.
User: how often do we go in the hallway

Robot: We visited the hallway once during the exploration.

User: did you see any plants

Robot: Yes, I observed a plant in the hallway during the exploration. I may have also seen a plant
in Lisa’s office, but I'm not certain.

User: did you see any fruits

Robot: I may have seen fruit in the hallway and the break room, but the observations are uncertain.
User: [Utterance not recognized]

Robot: I'm sorry, but your previous message was not understood. Could you please provide more
details or rephrase the query?

User: did you see any apples

Robot: The observations do not provide information on whether I saw any apples during the
exploration.

User: did you see any paintings

Robot: I may have seen a painting in the hallway, but the observation is uncertain.

User: can you dance for me

Robot: As a text-based Al, I'm afraid I don’t have the capability to dance.

User: did you see any paintings in leases office

Robot: The observations do not provide information on whether I saw any paintings in Lisa’s
office during the exploration.

User: did we go to lashes office

Robot: There is no mention of a place called “lashes office” in the observations. We did go to a
place called “Lisa’s office”.

User: did you see a ping pong table

Robot: The observations do not provide information on whether I saw a ping pong table during
the exploration.

User: did you see a coffee machine

Robot: The observations do not provide information on whether I saw a coffee machine during the
exploration.

Dialogue 2: Example using the GPT-verbal model. This dialogue was given a score of 4 for
statement 1 and 3 for statement 2. this dialogue featured a number of speech recognition errors.
Additionally, the model responded to several questions with an expression of uncertainty about the
observations (highlighted in blue). Notably, the final turn was accurate in regard to the observations
as no coffee machine was recorded by the object detection model.
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5.2 Question types

In general, the participants tended to focus quite heavily on asking questions related to what was
seen in the tour, as opposed to distances traveled or relative locations. This tendency is natural
given that it is simpler to evaluate factuality with respect to seen objects as opposed to less easily
memorable aspects such as number of robot turns or exact times rooms were entered. This kind
of question was handled well by all models. The questions posed by the users can be divided into
several categories:

* Polar questions (e.g. “Did you see a chair in the office?”, “Did we go to a room called
office?”)

* Wh-questions (“What did you see in the office?”, “What was the second room we visited?”)

* Indirect / open-ended questions (“How about after that?”, “Please summarize the tour.”)

Moreover, these questions principally centered on /) Visual recognition (as noted above) and 2)
Routing and path description, along with 3) Requests for summary, which came exclusively at the
start of dialogues. Polar questions requiring a yes or no answer were typically handled well by all
models (although as noted above the LLaMA model encountered occasional repeated failures within
a dialogue). The advantages of our proposed model are best illustrated in questions which centered
on the second category of questions, thereby taking into account temporal ordering of locations or
probability of objects. Answers to indirect questions were often improved in this scenario, as the
semantic triples model was unable to make use of timestamps to discern the order of events. This
element of information was also important when the model was asked about distances travelled,
given that the information was split between locations.

5.3 Comparison between approaches

A general benefit of verbalization compared to semantic triples is that the model has access to nat-
ural language describing the observations that it can directly use in its answers. This is especially
evident in the GPT verbal model’s ability to express the likelihood of having seen objects. While
the structured representation presented the same data to the model (and in a more precise form with
respect to probabilities), the LLM was not able to effectively use this aspect of the data. Thus, ver-
balization avoids relying on the model to make logical inferences beyond its ordinary capabilities.
With regards to temporal data, a verbalized form of the information avoids the necessity of
the model estimating time spans across disjoint facts from the graph. Related to this, when the
probability of the observation is presented to the LLM in natural language, the model is not required
to translate that uncertainty to a specific linguistic expression. This translation does come with some
design judgment: Specifically, what is considered to be certain, likely, unlikely, or impossible?
These judgments do however allow the verbalization to be sensitive to what a human would consider
reasonable estimations of likelihood, rather than relying on an a priori estimation by the LLM.
Another benefit of our approach is that the relation of the underlying information to the model
prompt is explicit and human comprehensible. Common sense intuitions which are not easily under-
stood by LLMs within structured information can be made explicit in the process of verbalization.
The advantage of the models’ strong fluidity in generating responses is preserved while explic-
itly representing factual information in the state graph and thereby the verbalized graph document.
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Errors arising from failures in the underlying modules are explicit and more easily uncovered com-
pared to dense vector representations which require specialized methods to decipher.

5.4 Non-linguistic knowledge

The reliance of the proposed approach on verbalized knowledge can make the model oblivious
to content that is not easily expressed in a sentence. Paralinguistic signals (Schuller et al., 2013)
such as body language, facial expressions or intonation are all crucial elements of communication
which are not readily represented in text. Other information like physical feedback in a robotic
agent’s components may also not be readily represented. Lacking verbalization, integrating these
information sources with LLMs will likely remain challenging in the future.

Additionally, possible transformations of the dialogue state information might incorporate func-
tion calls, logical rule inference, and other methods to allow elements of dialogue state triples to be
reformatted to assist the LLM. For instance, the chronological elements might be summarized by a
function, and then either ordered in a triples model or used as a starting point for our verbalization
function.

5.5 Limitations of the experimental study

Regarding the scope of this study, some limitations must be observed. First, the diversity of the
study participants was limited to local researchers and students. Another limitation with respect
to experiment participants is that most participants were not native English speakers. Additionally,
many local place names were Norwegian and thus difficult for an English ASR system to accurately
recognize. Both factors led to various transcription errors that likely affected perceptions of model
performance. Further study in different populations and specifically with native English speakers
would be a warranted follow-up to our experiments to evaluate the approach in broader audiences.

A further limitation of the experimental setup is the comparative simplicity of the VQA model.
The visual module did not distinguish between distinct entities of a single type in a labeled area,
merely whether one was present. This setup avoided complex failures arising from difficulties of
segmenting objects such as chairs, yet participants were often interested in the number of one kind
of entity in an area. Moreover, the VQA model only distinguished entities defined from the outset.
While this allowed for a more well-defined set of entities of interest in an office environment, it
limited the more creative or unusual possibilities for objects participants might ask about from the
tour. Some questions from the participants focused on the number of a particular item seen in the
tour despite instruction that this information was not available to the robot.

Lastly, a more sophisticated VQA model may have been able to determine spatial relationships
between entities themselves in a given room. Doing so would require estimation of the robot’s field
of view and position within the room. When an object was observed at the transition point between
two rooms, before and after the user provided a label, any objects in the robot’s field of view could
be attributed to both locations. In several instances this led to an apparent error of the model stating
an object as having been observed in a room when it was seen at the end of its path in that area.

Our study did not incorporate verbal commands to the robot for movement. This choice was
made to facilitate the execution of the office tour. Additionally, the robot also suffers from substan-
tial odometry drift, transformations of spatial data such as plotting the robot path in a building map
were not possible. Future work might use more precise measurements of the robot’s position and
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integrate verbal commands for movement to the robot. Lastly, continuous input of audio data to the
model instead of relying on an external cue to begin speech recognition is possible.

6. Conclusion

In this work, we have presented a model of response generation in human-robot interaction where
situated, dialogue-specific data is represented with a graph. As discussed in the preliminaries,
graphs present a number of beneficial attributes that are useful for representing these kinds of infor-
mation. Namely, dialogue systems benefit from the ability to represent diverse types of information
in the same structure along with semantic relationships between them. This structure also allows
for flexible and effective transformation to natural language that expresses common sense intu-
itions about structured data. Importantly for embodied agents, a dynamic knowledge graph can be
continuously updated in response to real-time information. Using these attributes, we presented a
model which represents a dialogue state of diverse and continuously changing information about
the physical world as graph of visual, spatial, and natural language data with temporal and prob-
abilistic attributes. The information in this graph is converted to natural language descriptions for
use by large-language models. To do so, a simple parameterized function converts paths within the
graph to sentences describing the semantics of the relations described by the path. This function is
optimized in a few-shot learning approach on manually annotated data.

To assess the benefit of this approach, we have also presented a study in human-robot interaction
where the robot responses are generated with an LLM based on a prompt that includes a verbalized
representation of the graph. This study consisted of users taking a robot for a tour of an office
environment and subsequently discussing the tour with the robot. The users then rated the robot’s
ability to accurately, concisely, and naturally summarize the tour. For each dialogue, the robot made
use of two LLMs, namely GPT-4 and LLaMA. For the LLaMA model and one version of GPT-4,
the graph information was presented to the LLM as verbalized form of the dialogue state graph.
While LLMs can make use of diversely formatted text, our study indicates that the GPT-4 model
likely has improved ability to respond factually when presented data as a natural language document
describing the graph information recorded in the graph.

While a number of limitations exist within our study, the simplicity of the conversion from
graph to natural language allows for the expression of relations between multimodal data in an
intuitively useful way for LLM-based response generation, perhaps particularly in HRI settings
where in-domain data is scarce and expensive to acquire.

The impact of differing graph verbalization strategies also likely warrants further study, as graph
structures and attributes can be verbalized in diverse ways. A promising area for future work is
to determine which translations to surface forms produce the best performance improvements in
downstream LLMs. These performance gains may also depend upon the performance of underlying
modules such as visual-question answering models and robot sensors.

Different choices of embodied agents and physical sensors may allow for a more precise and
wider variety of information to verbalize. Longer explorations of the environment or more fine-
grained sensory information may require the incorporation of notions of relevance in order to reduce
the amount of information presented to the LLM. Only a small part of the knowledge graph may be
necessary to generate a response. Retrieval-based generation (Lewis et al.| [2020; |Li et al., [2022a;
Walker et al., 2023 would enable a contextualized verbalization of the graph, where only the most
relevant parts of the graph are retrieved and included in the input to the LLM response generator.
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Appendix A. VQA Objects

» o« o« o«

“a person”, “awoman”, “aman”, “a computer”, “a desk”, “a table”, “a coffee mug”, “a chair”,
“a whiteboard”, “a garbage can”, “a door”, “a window”, “a plant”, “a fire extinguisher”, “a
pillar”, “fruit”, “apples”, “bananas”, “flowers”, “magazines”, “books”, “a computer mouse”,
“a couch”, “a TV”, “a wastebin”, “a pen”, “a pencil”, “scissors”, “folders”, “a light switch”,
“cables”, “notebooks”, “paper”, “a printer”, “a bookshelf”, “bookshelves”, “a painting”, “a
camera”, “food”, “cake”, “a light”, “a lamp”, “a stapler”, “a red folder”, “a blue folder”, “a
yellow folder”, “a green folder”, “a broom”, “a blue curtain”, “a wooden pallet”, “a marker”,

FEENS 1]

“a copy machine”, ”cardboard boxes”

Appendix B. Prompt Format

“You are a robot that has just explored an office floor and recorded observations.

Answer each question in a short, concise sentence, from the robot perspective. Example responses
are:

Yes, I saw a woman in the main hallway.

I may have seen a fire extinguisher, but I'm not sure.

Sorry, I didn’t see any plants in the office.

We traveled 10 meters in the hallway. I saw a bookshelf in the first office, but not in the second
office.

We first went to an office, then to the reception area.

Only use the provided observations to arrive at your answer.

If you don’t know the answer, just say that you don’t know. Don’t try to make up an answer.
Observations:

E3]

[triples or verbalized facts]
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