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Agenda

Lecture Date Topics Lecturer

Day 1 Monday August 10 Participant Introduction
Introduction to Grounding and Interaction 

Traum / Jokinen

Day 2 Tuesday August 11 Grounding Acts Traum

Day 3 Wednesday August 12 Generative LLMs and Grounding Jokinen / Traum

Day 4 Thursday August 13 Multimodality Traum / Jokinen

Day 5 Friday August 14 Challenges and Future Topics Jokinen / Traum



Outline of Course (covered today)

• Preliminaries: representation, agency, 
communication, definitions & uses for 
common ground 

• Talking with Artificial Agents
• Clark & Colleagues Grounding models 
• Feedback and Error-handling in Spoken 

Dialogue Systems 
• Speech Acts and Dialogue Acts
• Multi-functionality of Utterances
• Grounding Acts & Early Computational 

Models of Grounding
• Degrees of Grounding

•Grounding and LLMs
• Issues
• Solutions

•Multi-modal Grounding
•Multiparty Multilingual & 

Multi-floor Grounding 
• Incremental Grounding
•Use of grounding for 

other phenomena



Review Of Yesterday



Types of Feedback (Allwood et al 92)
•Levels:

• Contact
• Perception
• Understanding
• Attitudinal Reaction

•Signals types
• Request feedback
• Prepare other
• Provide

• Positive
• negative



Levels of Dialogue acts: Traum & Hinkelman 1992



Grounding Acts



Degrees of Groundedness
• Unknown - material has not yet been introduced
• Misunderstood - after a Request Repair
• Unacknowledged - after a Submit, Lack of Response
• Accessible - after a Submit or Resubmit
• Agreed-Signal - after a Submit, Acknowledgment
• Agreed-Signal+ - after a Submit, Acknowledgments, other
• Agreed-Content  - after a Submit + Repeat Back
• Agreed-Content+ - after a Submit + Repeat Back +

        Acknowledgment(s) / other
• Assumed - both participants already know material



Recognizing Grounding Acts with LLMs
• Conversational Grounding: Annotation and Analysis of Grounding 

Acts and Grounding Units
• Biswesh Mohapatra, Seemab Hassan, Laurent Romary, Justine Cassell
• COLING 2024

https://aclanthology.org/2024.lrec-main.352.pdf
https://aclanthology.org/2024.lrec-main.352.pdf
https://aclanthology.org/2024.lrec-main.352.pdf
https://aclanthology.org/people/biswesh-mohapatra/unverified/
https://aclanthology.org/people/biswesh-mohapatra/unverified/
https://aclanthology.org/people/seemab-hassan/unverified/
https://aclanthology.org/people/laurent-romary/
https://aclanthology.org/people/justine-cassell/
https://aclanthology.org/people/justine-cassell/


New Annotations of Grounding Acts on new 
corpora



Automated Grounding Act 
Annotation



Grounding with People and Machines (the office)



Day 3 Wednesday August 12
Q: Can LLMs Manage Grounding?

A1: No! LLMs do not manage Knowledge Grounding or 
 Conversational Grounding at all.

• A2: Yes! Knowledge Graphs and Grounding
 Some possibilities to explore more

• Agentic Architectures for Grounding
• Internal mechanisms to enable Grounding
• Expanding horizon to fresh views of what is language interaction

 



LLMs go wrong in Knowledge Grounding and 
Conversational Grounding

In HRI community, one of the first papers to draw attention to LLMs’ lack of knowledge of the real world, they fail to 
- Provide reliable information: 

- e.g. a list of restaurants in Tokyo Waterfront refers to restaurants in San Francisco
- Understand the partner’s affective states due to lack experience: 

- e.g. can talk about emotions or recommendations for a happy life, but if asked to recognize or produce a happy face, it 
does not know how to do it

- Understand dialogue context: 
- e.g. goodbye often used to stop the dialogue, but also to express condolences  

- Produce consistent dialogues: 
- e.g. “I’m not very interested in training” (- sorry to hear that), followed by “I’m interested in training” (- great let’s start!)

- Understand the partner’s goal and intent:
- e.g. a robot should be able to take action according to the external situation, besides being able to chat about it

Language is reflexive: first order vs second order representation!
- LLMs are second-order representations of the world: they model how we talk about the world, not how the 

world is structured
- KGs can be said to model first-order representations of the world: they model the entities, relations and 

actions that make up the world

Wilcock & Jokinen: To err is robotic; to earn trust, divine: comparing ChatGPT and knowledge graphs. IEEE RO-MAN 2023



Trade-off in Grounding

• Maximize the mutual understanding 
 and
    Minimize the costs of the grounding processes

• E.g. correct a mistake as early as possible in conversation when it has 
less temporal costs than if correcting later in the conversation

• Good grounding behaviour should take into consideration the utility 
and costs of executing the grounding action for the task at hand

Elizabeth. M., Lecorvé, G., Rojas-Barahona, L., Ochs, M. (2026). Conversational Grounding in Large Language 
Models: Evaluation Methods, Challenges and Future Directions. Sigdial 2026.



Towards Harnessing Large Language Models for
Comprehension of Conversational Grounding

Phillip Schneider et al. IWSDS 2024, SIGDial 2024

Dialogue corpus:
§ 26 information-seeking conversations with 669 turns 

(in English)
§ based on tabular datasets 
§ 5 domains (geography, history, media, nutrition, and 

sports)
§ text-based chatroom

Annotation:
§ Every dialogue was annotated by two researchers.

§ First, labels for the three different grounding acts
(explicit, implicit, clarification) were assigned.
à 147 annotations

§ For explicit and implicit labels, grounded knowledge 
items 
until this point in the dialogue were annotated as a
knowledge graph structure in JSON-LD format.
à 127 annotations

§ Disagreements were resolved until consensus was 
reached.



Example Prompts



§ Nearly all tested LLMs benefit from few-shot examples (F1-scores improving) but with diminishing returns as the 
provided turns (n) increase.

§ n=3 often optimizes performance in both zero- and few-shot settings by balancing context retention, noise reduction, 
and efficient usage of tokens.

§ Llama-8B’s performance drops from 0.54 F1-score (n=1) to 0.38 (n=all) whereas larger LLMs like Llama-70B and GPT-4o 
handle longer input better (probably due to a higher parameter count and superior noise handling).

§ Llama-8B surpasses GPT-3.5 in the zero-shot run, and Llama-70B matches GPT-4o in the few-shot run.

§ Competitive performance of open-source LLMs against proprietary ones: 
Llama-8B surpasses GPT-3.5 in the zero-shot run, and Llama-70B matches GPT-4o in the few-shot run.

Grounding Act Classification

Table 1: 
Performance  
metrics using 
macro-averages 
to ensure equal 
class importance.



Conversational Grounding and LLMs
Grounded knowledge extraction

• GPT-4o tends to overpredict 
“implicit” labels when 
acknowledgement
follows 
new question

• Constructing grounded information
• More complex task => GPT outperforms
• Properties, nodes, and 
syntax elements missing,
or hallucinated

1. Grounding type classification task, GPT-3.5-Turbo

Explicit grounding was mostly correctly classified: it 
can be observed in the text in forms such as OK and 
great.

Implicit grounding and clarification were easily 
confused as both can involve questions and require 
contextual dialogue understanding.

Linguistic phenomena like co-reference and ellipsis 
might have added another level of complexity to 
classifying these grounding acts. 

2. Grounded knowledge extraction task, GPT-3.5-Turbo 
demonstrated better overall performance.

The LLM accurately gathers the relevant information 
even though it mixes up the similar attributes

Handles numerical information, successfully 
determining the number of rows in a table or counts 
of unique values for specific columns



Issues in constructing grounded information 



Contributions

• a new dialogue dataset with over 250 
annotations across five domains, 
• a range of zero- and few-shot experiments by 

evaluating four LLMs on two grounding tasks,
• common prediction errors and prompting 

techniques for improving model 
performance.

github.com/philotron/Bridge-KG

GitHub Repository

https://github.com/philotron/Bridge-KG
https://github.com/philotron/Bridge-KG
https://github.com/philotron/Bridge-KG


• Databases: restaurants, hotels, exercises, diseases, recommendations…
• Internet resources: webpages, Wikipedia,… 
• Sensor information: audio-visual information, biosensors, biomechanics, motion trackers, environmental 

sensors (temperature, humidity),... 

• Explicit vs implicit knowledge
• Common knowledge:

• Spanish food is a type of European food and restaurants that serve Spanish food serve 
European food; 

• Temperature affects well-being
• Explaining knowledge: 

• What type of food is European cuisine? 
• Why does temperature affect my well-being?

• Long-term engagement and learning:
• What the user knows, 
• What the user is expected to know
• What is learnt in the interaction

Robot’s Knowledge Sources

Jokinen, Nishimura,S., Watanabe, Nishimura, T. (2018): Human-Robot Dialogues for Explaining Activities. IWSDS 2018.
Jokinen, Wilcock (2021). Do you remember me? Ethical Issues in Long-term Social Robot Interactions. RO-MAN 2021.



Knowledge Graphs
Formally a graph consists of nodes and edges, defined as 

 K:=(E,R)

where E is the set of entity nodes, and edge r ∈ R is a relation that connects a head entity eh and a tail entity et

The 3-element tuple (eh,r, et) is referred to as a triple.



Knowledge Graphs:
Store knowledge about the real world

Knowledge graph in Neo4j:

Search for restaurants in Aqua City Odaiba, 
Tokyo

(and some nearby hotels).

Cuisine SUBTYPE_OF
Cuisine (Taxonomy)

Restaurant SERVES
Cuisine

Restaurant LOCATED_IN
Place (Aqua City Odaiba)

Place PART_OF
Place (Meronymy)

Hotel LOCATED_IN Place

Wilcock (2021). JSAI



Knowledge Graphs:
Encode relations, not just facts

Taxonomy of cuisines from WikiData (subclass of) Wilcock (2021). JSAI



A PDF document and Chunks (text+embeddings)



RAG from PDF (Hypertension)



ACL Bot Problem; With thousands of papers spanning decades of 
research, the ACL Anthology can be challenging to navigate, 
making it difficult for researchers to efficiently discover relevant 
work, analyze author contributions, and track emerging trends

Buchmann, J., Lynden, S., Jokinen. K. (2026). ACLBot: A Knowledge Graph-Driven 
Assistant for ACL Anthology Research. Proceedings of the Fifteenth LREC 2026 



Knowledge Graphs for Grounding
1. Graphs for different purposes

• Domain Graphs – knowledge about the real world
• Dialogue Graphs – who said what, when, topics, dialogue history
• Document Graph – which documents the information is based on

2. Adding Grounding Status to Entities in the Dialogue Graph 
• Implicitly grounded, Explicitly grounded, Ungrounded
• Turns incrementally processed, added with with timestamps

3. Four Layers of a Dialogue Graph
• Dialogue (top-level red node)
• Turns (blue nodes): added incrementally to dialogue history
• Semantic Units (yellow nodes) extracted from each Turn
• Conversational Entities (green nodes) extracted from each 

Semantic Unit

Dialogue

What is 
hypertensio
n

Hypertension is..

References:
Wilcock & Jokinen (2025). Integrating Conversational Entities and Dialogue Histories. IWSDS-2025, Bilbao
Walker, Ultes, Lison (2023). A graph-to-text approach to knowledge-grounded response generation in human-robot interaction. ArXiv:2311.16137



• “Being Grounded” is a property of a node: semantic units (propositions) and conversational entities
• Explicit grounding => property is added to the node’s properties
• Implicit grounding => by virtue of being linked to a node that is explicitly grounded, the node is treated as being 

grounded unless contrary evidence appears
• Linking Conversational Entities to Domain Entities is important but separate matter

Adding Grounding Status to Entities in the Dialogue Graph 
(Implicitly grounded, Explicitly grounded)



• Dialogue (top-level blue node)
• Turns (red nodes) are added to the dialogue history graph incrementally, with 

timestamps.
• Semantic Units (yellow nodes) are extracted from each Turn by LLM.
• Conversational Entities (green nodes) are extracted from each Semantic Unit by LLM.

Four Layers of a 
Dialogue Graph

- Incremental 
Dialogue Graph

Wilcock & Jokinen (2025). Integrating Conversational Entities and Dialogue Histories. IWSDS-2025, Bilbao
Walker, Ultes, Lison (2023). A graph-to-text approach to knowledge-grounded response generation in human-robot interaction. 
ArXiv:2311.16137



Issues to discuss
• Knowledge graphs and the knowledge they represent:

• Different levels of truth: facts and opinions
• Disclosure of information: shared vs. private knowledge
• Awareness of everyday biases

• Trust and influence
• Identity
• Privacy

Tom Williams, Cynthia Matuszek, Kristiina Jokinen, Raj Korpan, James Pustejovsky, Brian Scassellati: 
Voice in the Machine: Ethical Considerations for Language-Capable Robots. CACM 2023/8



Short detour on representation
• Structured knowledge: 

• graph-based (knowledge graph) 
• row-based (tabular)

• Unstructured knowledge: natural language

• Graphs vs vectors: representations for different processing 
purposes



Neo4j  vs.  PageIndex
• Knowledge graphs use graph structures, with fast graph 

search and reasoning over document graph structures.
• Neo4j is also proud of combining graph-based search 

with vector search and full-text search in flexible 
GraphRAG retrieval.

• Neo4j is also proud of using Graph Data Science 
algorithms (GDS library) for fast searching over very big 
graphs.

• Vector search uses semantic similarity for fast 
approximate search of text chunks, with no reasoning 
and no document structures.

• Neo4j GraphRAG works on documents, but they have 
(new) Neo4j Agent Memory (NAM) that works on 
conversations.

• NAM builds short-term and long-term memory graphs 
for conversations. See https://neo4j.com/labs/agent-
memory/explanation/

• PageIndex uses tree structures, with fast tree search 
and reasoning over document tree structures.

• PageIndex is proud of not using vectors.  "Similarity ≠ 
relevance."  

• See https://pageindex.ai/developer:
• "Vectorless, Reasoning-based RAG. Traceable, 

explainable, context-aware retrieval. No vector 
databases or chunking.“

• "PageIndex delivers precise, context-aware retrieval by 
reasoning over document structure to find what's truly 
relevant."

• PageIndex works on documents, but also have (new) 
ChatIndex that works on conversations.

• ChatIndex builds topic trees for long conversations. 
See https://github.com/VectifyAI/ChatIndex/blob/main/
README.md

https://neo4j.com/labs/agent-memory/explanation/
https://neo4j.com/labs/agent-memory/explanation/
https://neo4j.com/labs/agent-memory/explanation/
https://pageindex.ai/developer
https://github.com/VectifyAI/ChatIndex/blob/main/README.md
https://github.com/VectifyAI/ChatIndex/blob/main/README.md


Reinforcement Learning for Common Ground Generator

• Reinforcement learning to optimize 
the externalized common ground (CG) 
representations produced by an 
agentic framework

• CGG is not rewarded for the syntax of 
its output, but for the downstream 
utility of that output

• The response is evaluated by an LLM 
Judge against the ground truth

Mohapatra (2026), Mohapatra et al., 2024



SOAR Cognitive Architecture (since 1980s)

Laird, Newell, 
Rosenbloom 
1987

Agentic AI is raising new interest in cognitive architectures:
Structured memory and cognitive design



CoALA Architecture

Sumers, Yao, Narasimhan, Griffiths: 
Cognitive Architectures for Language Agents

arXiv:2309.02427



Agentic Architecture, Grounding and Memory
CoALA Cognitive Architecture for Language Agents, cf. SOAR, ACT-R in 1980’s
- three memory types: semantic, episodic, procedural
- complex workflows with generative language agents

Figure: https://langchair-ai.github.io/langgraph/concepts/memory
K: Well, what have you learnt about me in this conversation?
F: I've learnt that you're Kristiina, planning a trip to Naples, and you’re particularly 
interested in historical sites like Pompei and Castel Nuovo. If there's anything else 
you'd like to share or ask, feel free. 
K: How long will you store this information?
F: I'll remember this information for our future conversations so I can help you 
better. If you ever want to update or remove anything, just let me know.
K: Can you also delete the information if I want to?
F: Yes, I can delete the information if you request it. Just let me know whenever you 
want to do that.

Mori, T., Den, Y., Jokinen, K. (2024). Cognitive Model of Response Token Generation. The 100th Symposium of JSAI-SLUD, Vol 100, pp 180-185. Best Paper 
Award. (in Japanese).
Wilcock and Jokinen (2025) Agents of Conversation: Grounding and Cognitive Architectures. ICSR-25 Workshop ASIMOV. 

Dialogue: https://www.youtube.com/watch?v=f81Xad80AOQ 

https://www.youtube.com/watch?v=f81Xad80AOQ
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Publication forums
• Journal of Multimodal Interaction
 https://link.springer.com/journal/12193/submission-guidelines
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