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Day 1 Monday August 10 Participant Introduction Traum / Jokinen
Introduction to Grounding and Interaction

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

Day5 Friday August 14 Challenges and Future Topics Jokinen / Traum
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* Grounding and LLMs

e |[sSsues
e Solutions

* Multi-modal Grounding

* Multiparty Multilingual &
Multi-floor Grounding

* Incremental Grounding

* Use of grounding for
other phenomena
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Levels:
» Contact
» Perception
» Understanding
» Attitudinal Reaction

*Signals types
* Request feedback
* Prepare other
* Provide
» Positive
* negative

e
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Levels of Dialogue acts: Traum & Hinkelman 1992

Discourse Level Act Type Sample Acts

Sub UU Turn-taking take-turn, keep-turn,
release-turn, assign-turn

111} Grounding [nitiate, Continue, Ack, Repair,
ReqRepair, ReqAck, Cancel

DU Core Speech Acts Inform, YNQ, Check, Eval

Suggest, Request, Accept, Reject,

Multiple DUs Argumentation  Elahorate, Summarize, Clarify

Q&A Convince Find-Plan




@ AIST

tttttttt

Grounding Acts

Label

Description

initiate

Begin new DU, content separate from
previous uncompleted DUs

continue

same agent adds related content to open
DU

acknowledge

Demonstrate or claim understanding of
previous material by
other agent

repair

Correct (potential) misunderstanding of
DU content

Request Repair

Signal lack of understanding

Request Ack

Signal for other to acknowledge

cancel

Stop work on DU, leaving it un-
grounded and ungroundable
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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
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Recognizing Grounding Acts with LLMs

* Conversational Grounding: Annotation and Analysis of Grounding

Acts and Grounding Units
 Biswesh Mohapatra, Seemab Hassan, Laurent Romary, Justine Cassell
e 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/
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New Annotations of Grounding Acts on new
corpora

Figure 2: Annotation of meetup dataset

Utterance Groundin | Grounding | Currently | CGUs closed | Degree of

gUnitID |Act Open by current Grounding
CGUs utterance

B: hello - None - - -

A: where are you now? | CGU1 Initiate CGuU1 - -

B: i'm at a staircase, but | CGU1, Use, Initiate CGU2 CGU1 Medium

there's no plant CGU2

A:hmm ... shall | come | CGU2, Move, Initiate CGU3 CGU2 Low

and look for you? CGU3

B: Stay there :) CGU3, Use, Initiate CGU4 CGU3 Medium
CGU4

A: where? CGU4 Request-Repair | CGU4 - -

B: stairs with no plants CGU4 Repair CGU4

A: okay CGU4 Explicit-Acknow | - CGU4 Medium

ledgment
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Automated Grounding Act
Annotation

Table 3: T5 performance on Meetup dataset

GA Accuracy w/o | Accuracy with
weighted loss | weighted loss
Use: 0.66 0.74
Move: 0.68 0.70
Reqg-Ack 0.00 0.00
Req-Repair 0.00 0.00
Repair 0.00 0.57
Initiate 0.99 0.99
Repeat 0.00 0.00
Explicit-Ack 0.62 0.11
Continue 0.00 0.05
Repeat-Back 0.00 0.00
Cancel 0.00 0.00

Table 4: T5 performance on Spot the Difference

dataset
GA Accuracy w/o | Accuracy with
weighted loss | weighted loss
Use: 0.00 0.01
Move: 0.00 0.00
Reg-Ack 0.00 0.00
Req-Repair 0.00 0.00
Repair 0.00 0.00
Initiate 0.23 0.31
Repeat 0.00 0.00
Explicit-Ack 0.35 0.86
Continue 0.15 0.24
Repeat-Back 0.00 0.00
Cancel 0.00 0.00
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: SCIENCE TOKYO

Day 3 Wednesday August 12

Q: Can LLMs Manage Grounding?

A1l: 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



L AIST

> SCIENCE TOKYO ‘
LLMs go wrong in Knowledge Grounding and
Conversational Grounding

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

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. alist 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.arobot 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
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Trade-off in Grounding

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

* 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
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Comprehension of Conversational Grounding

Phillip Schneider et al. IWSDS 2024, SIGDial 2024

Information Seeker Information Provider Pipeline Approach Dialogue corpus:
= 26 information-seeking conversations with 669 turns
~— ) = (in English)
/AQ Detect grounding in * based on tabular datasets

dialogue acts

O cee /
@ — = 5 domains (geography, history, media, nutrition, and
m E : —e sports)

~—

\ ~ = text-based chatroom
> Retrieve relevant subset Annotation:
from knowledge base » Every dialogue was annotated by two researchers.
[, C Q = First, labels for the three different grounding acts

3 (explicit, implicit, clarification) were assigned.
Integrate knowledge while - 147 annotations
ensuring consistency

— = For explicit and implicit labels, grounded knowledge
Q L Q items
3

until this pointin the dialogue were annotated as a
4. knowledge graph structure in JSON-LD format.

Generate appropriate - 127 annotations
grounding response

shared knowledge grows over time

= Disagreements were resolved until consensus was
reached.
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Example Prompts

Classification Few-Shot Template

Predict the grounding labe, representing when knowiedge has been mutually grounded, for the last
fum in the 'lnput dialogue:’. The label can be 'explicit if knowledge is verbally accepled, ‘implici'if
accepted by moving forward with the conversation, or ‘clanficaion’ if a previous utterance must be
clarified before acosptance.

USER: Input dialogue:

seeker: Can you fell me about the dataset's content?

provider: The dataset contains information about planefs in our solar system.
seeker: Whatis the number of columns in the dataset?

ACQIQTA
AV | AN

Information Extraction Few-Shot Template

Predict the newly grounded knowledge for the last tum in the ‘Input dialogue:". Use the JSON
structure: {table domain”. str, ‘table content” str, 'row count’ int, 'column count” int, ‘column info’
[{‘column name’: str, 'values'” [], ‘distinct count” int, ‘min value': int, ‘max value'. inf}]). Adhere strictly
to the JSON structure, and only predict the attributes mentioned in the dialogue tums, leaving
unmentioned attributes as null.

USER: Input dialogue:

seeker: Can you tell me about the dataset’s content?

provider: The dataset contains information about planets in our solar system.
seeker: Whatis the number of columns in the dataset?

ASSISTANT: Output JSON: {table content” ‘planets of the solar system’}
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Grounding Act Classification

Zero-Shot Prompt

Few-Shot Prompt

Model Accuracy Precision Recall |FI1-Score|] Accuracy Precision Recall |F1-Score
GPT-3.5-Turbo (n=1) 0.64 0.50 0.46 0.43 0.55 0.50 0.51 0.50
GPT-3.5-Turbo (n=3) 0.66 0.81 0.50 0.50 0.69 0.59 0.54 0.54
GPT-3.5-Turbo (n=all) 0.59 0.39 0.44 0.41 0.57 0.51 0.45 0.45
GPT-40 (n=1) 0.39 0.55 0.54 0.42 0.64 0.66 0.64 0.61
GPT-40 (n=3) 0.59 0.66 0.67 0.59 0.73 0.74 0.69 0.70
GPT-40 (n=all) 0.64 0.68 0.66 0.62 0.71 0.73 0.67 0.67
Llama-3-8B (n=1) 0.61 0.54 0.53 0.54 0.59 0.65 0.69 0.59
Llama-3-8B (n=3) 0.65 0.60 0.60 0.60 0.57 0.60 0.61 0.55
Llama-3-8B (n=all) 0.44 0.55 0.39 0.38 0.55 0.54 0.51 0.51
Llama-3-70B (n=1) 0.41 0.54 0.56 0.43 0.51 0.61 0.63 0.53
Llama-3-70B (n=3) 0.59 0.66 0.67 0.59 0.65 0.68 0.69 0.64
Llama-3-70B (n=all) 0.71 0.66 0.64 0.64 0.76 0.70 0.70 0.70

=

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

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-40
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-40 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-40 in the few-shot run.



Conversational Grounding and LLMs

Grounded knowledge extraction
* GPT-40 tends to overpredict

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

« licit” labels wh Few-Shot Classification - GPT-40 Explicit grounding was mostly correctly classified: it
'mplicit™tabets when £ 60 can be observed in the text in forms such as OK and
acknowledgement - 12 0 8 % great.
follows ) ;;, . 40 Implicit grounding and clarification were easily
new question § E 0 20 - 30 confused as both can involve questions and require
= L 20 contextual dialogue understanding.
B 1 0 -10 Linguistic phenomena like co-reference and ellipsis
-0 might have added another level of complexity to
clarification explicit implicit

Prodinnd Labels classifying these grounding acts.

* Constructing grounded information
« More complex task => GPT outperforms 2. Grounded knowledge extraction task, GPT-3.5-Turbo
demonstrated better overall performance.

* Properties, nodes, and
P ’ ’ dentical Content The LLM accurately gathers the relevant information

syntax elements missing, 2 Volld Values even though it mixes up the similar attributes

Valid Properties
orhaflucinated . Handles numerical information, successfully

_ determining the number of rows in a table or counts
of unique values for specific columns

2 6 37

Llama-8B(F)Llama-70B(F) GPT-3.5(Z) GPT-3.5(F) GPT-40(Z) JGPT-4o(F)

Count of Prediction:
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Issues in constructing grounded information

Issue Type Definition Example
Invalid Prediction is overall nota  PRED: [{"@type": "schema:Creative Work", "cat-
JSON-LD valid JSON-LD structure.  egory": ["films", "series", "literature"]} |
— JSON syntax elements are missing.
Property Predicted property is not PRED: {"@type": "schema:Place", "name": "English Garden", "state":

Hallucination part of system knowledge.

"Bavaria", "city": "Munich", "summary": "The English Garden is a large
public park in Munich, Bavaria. It is one of the world’s largest ur-
ban public parks, larger than New York’s Central Park. The park is
known for its beer gardens, streams, lakes, and Japanese teahouse."}
— English Garden was mentioned in the dialogue but is not part of the
system knowledge. The "city" property does not exist.

Value Predicted value is not part
Hallucination of system knowledge.

PRED: [{"@context": ["http://www.w3.org/ns/csvw",  {"schema":
"http://schema.org"}], "@id":  "http://example.org/time-travel-media"”,
"url":  "time-travel-media.csv", "schema:description”: "The table con-
tains information about time travel media", "tableSchema": {"columns":
[{"name": "year", "datatype": "string"}, {"name": "title", "datatype":
"string"}, {"name": "author", "datatype": "string"}, {"name":
"short text description”, "datatype": "string"}, {"name": "category",
"datatype": "string"}]}, "primaryKey": ["year", "title", "category"]}]

— System knowledge contains the columns "creators” and "description” but
"author" and "short text description" are hallucinated.



Contributions

* a new dialogue dataset with over 250
annotations across five domains, GitHub Repository

* arange of zero- and few-shot experiments by
evaluating four LLMs on two grounding tasks,

e common prediction errors and prompting
techniques for improving model
performance.

github.com/philotron/Bridge-KG



https://github.com/philotron/Bridge-KG
https://github.com/philotron/Bridge-KG
https://github.com/philotron/Bridge-KG
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> Siceroro Robot’s Knowledge Sources =

 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
* Whatis learntin the interaction

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.
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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 e, and a tail entity e,

The 3-element tuple (e, €;) is referred to as a triple.

Intuitive use in interaction Models in Neo4dj graph database system

» Representation that provides explainability: Nodes (= entities)

* explicit definition of entities and  Links (= relations) that connect the nodes
relations,

* semantic interpretation,
» scalable descriptions of the domain

* Describe the important domain concepts and
relations in natural language

_ ) * Graph databases can be built in an intuitive
» Context-aware dialogue modelling way which is easily understandable by content
* Rich description of the domain, to be experts

used by the RASA dialogue system

Ji, S., Pan, S., Cambria, E., Marttinen, P, Philip, S. Y.: A survey on knowledge graphs:

Representation, acquisition, and applications. |IEEE Transactions on Neural Networks and
Learning Systems, IEEE (2021).

Robinson, I, Webber, 1., Eifrem, E.: Graph Databases (2nd edition). O'Reilly Media, (2015).
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Store knowledge about the real world
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Encode relations, not just facts

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

<
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Hello, I'm Kristiina's Conversational Agent for health questions. For example, | can talk about

exercise and hypertension. How can | help you?

What is hypertension?

Hypertension, often referred to as high blood pressure, is a common condition where the

force of the blood against the walls of your arteries is consistently too high. This can lead to

serious health issues such as heart disease, stroke, and kidney problems.

What is it caused by?

Hypertension can be caused by various factors such as genetics, unhealthy lifestyle choices,

high salt intake, lack of physical activity, and certain medical conditions.

Is exercise helpful?

Exercise is indeed helpful in managing and preventing hypertension. Regular physical
activity can help lower blood pressure, strengthen the heart, and improve overall health. Itis
recommended to engage in at least 150 minutes of moderate-intensity exercise per week for
optimal benefits.



ACL Bot

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

ACLBot

* Integrates a Neo4j-based knowledge
graph constructed by extracting data
on publications, authors, topics, and
research trends from the ACL
Anthology.

* Automatically generates knowledge
graph (Cypher) queries to retrieve
relevant information in response to
user questions.

v ACLBot

Hi there, | am ACLBOR, your assistant for [erature research in the ACL Anthology. What would you

like to know?

B vmstisinyour databaser

I have access to a structured dataset of academic publications related to computational
linguistics, particularly those from the ACL Anthology. This includes metadata about papers,
authors, volumes, events, and various facets of research such as areas of study, contribution

types, methodologies, architectures, datasets, tasks, and metrics.

You can explore relationships among these entities, like which authors contributed to specific
papers, which areas of research they belong to, and the results reported in terms of different
metrics. You can ask me to generate specific queries to extract this information from the

database.

Feel froe to ask me a specific question or request data on a particular topic!

Problem; With thousands of papers spanning decades of
research, the ACL Anthology can be challenging to navigate,

@

2. Cypher generation prompt | 3. Cypher query

User

1. Prompt GBO\ 4. Query
8. Answer EJ 5. Results Graph

6. Send results | 7. Generate natural language answer

@

We conducted a user evaluation to assess the
usefulness, clarity, and accuracy of the system’s
outputs.

ACLBot answers were accurate (39 responses)

— B0
7(17.9%) o
B(154%
2 ) a4 s

ACLBot answers were useful (39 responses)

15 202w
9(731%)

1. Corpus Collection
n ACL Anthology

2. LLM-based extraction

Research classifications: each paper
was assigned one Area and one or
more ContributionType labels
Entities: mentions of Task, Dataset,
Metric, Architecture, Method, and
PretrainedModel were extracted.
Results: Experimental results were
represented as Result nodes, each
linked to a task, dataset, and metric,

storing the reported score.

making it difficult for researchers to efficiently discover relevant
work, analyze author contributions, and track emerging trends

. Data Quality Assessment

Ensure the reliability of the
data extracted by manual
evaluation.

Area and
ContributionType:
Precision
Area 0.87
ContributionType 0.81
Entities 0.90
Result extraction:
P R F1
Full Results
052 052 0.52
Without Score

0.71 062 0.66



Knowledge Graphs for Grounding

1. Graphs for different purposes o D o s D
. %mwgm nnnnnnnn @
* Domain Graphs - knowledge about the real world ~ D D e D D

D E CD (0]
D D DD D
elationship types

* Dialogue Graphs — who said what, when, topics, dialogue history
* Document Graph —which documents the information is based o

2. Adding Grounding Status to Entities in the Dialogue Graph

HHHHH

* Implicitly grounded, Explicitly grounded, Ungrounded ° o : ° : ~: :
« Turns incrementally processed, added with with timestamps € ,» » o ° = o o ©
& - o o ©
3. Four Layers of a Dialogue Graph ®-
* Dialogue (top-level red node) . .
* Turns (blue nodes): added incrementally to dialogue history Va e
* Semantic Units (yellow nodes) extracted from each Turn & SN | !
* Conversational Entities (green nodes) extracted from each o 7T\ o @
Semantic Unit ® o OO /
References: @ e @

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

p

S}
Q
)



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

Node properties ©

Message
e O
@ Nexr @ Nexr '
Ny 0 <elementld> 4.dd6cadd8-e82b-427a-abbc-
0 & & h34bd19334f:4819
ey, o @ <id> 4819
ey Nexr content Moderate-intensity endurance exercise is
" Ny & physical activity that raises your heart rate
\2
b . & é‘; and breathing but still allows you to talk
o « « § Y@f comfortably, typically rated as 5 to 6 on a
b " P scale of 0 to 10 for exertion. Examples
3
o @ Nexr *7 include brisk walking, cycling at a moderate
s
P ol o pace, or swimming at a steady speed.
‘@« ‘@*‘ current_time 2025-01-12 17:41:33
<
. &« timestamp 1736671293.879839
\,?‘% .
o Nexy type ai
59a5804... ’ Q
Q

 “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



Four Layers of a
Dialogue Graph

- Incremental
Dialogue Graph

o &\ov\s %

o
S
&
N
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MENTIONS

* 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.

SNOILNAW

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
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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
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Short detour on representation

e Structured knowledge:
* graph-based (knowledge graph)
* row-based (tabular)

* Unstructured knowledge: natural language

 Graphs vs vectors: representations for different processing
purposes



@4 AIST

F Institute of

o= SCIENCE TOKYO

Neod|

Knowledge graphs use graph structures, with fast graph
search and reasoning over document graph structures.

Neodj is also proud of combining graph-based search
with vector search and full-text search in flexible
GraphRAG retrieval.

Neod4j is also proud of using Graph Data Science
algoﬂthms (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.

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

NAM builds short-term and long-term memory graphs
for conversations. See https://neo4dj.com/labs/agent-
memory/explanation/

-

vs. Pagelndex

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

Pagelndex 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.”

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

Pagelndex works on documents, but also have (new)
Chatindex that works on conversations.

Chatindex builds topic trees for long conversations.
See https://github.com/VectifyAl/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
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Reinforcement Learning for Common Ground Generator

Mohapatra (2026), Mohapatra et al., 2024

* Reinforcement learning to optimize
» el o the externalized common ground (CG)
I | representations produced by an
o = agentic framework
e T _____ | * CGGis notrewarded for the syntax of
cg;z;:z‘;J[ o — <4 ¥_,—» its output, but for the downstream
Ly utility of that output

Figure 10.5: Visual representation of RL on our agentic framework where the Plan- ¢ The response IS eva luated by an LLM
ner, Processor, Retriever and Response Generator are frozen LLMs. Jud ge a ga inst the gro und truth



SOAR Cognitive Architecture (since 1980s)

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

Symbolic Long-Term Memories

Procedural Semantic Episodic

[C‘hunking] Semantic Episodic
A ¢ Learning Learning
y
C_J

=E“"

J

Lo [} “ . - .
gl |23 Symbolic Working Memory
= = 4
z A &
] ]

A Laird, Newell,
Spatial-Visual System [« Perceptual LT Memory Rosenbloom

1 1987
[Other Perception] [ Visual Perception ] Motor
L L

Embodiment
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CoALA Architecture
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. LLM Agent Code

( Procedural Memory Semantic Memory Episodic Memory \

Q’romp)‘ Parse ) Retneval ] Learnlng ) Remeval ( Learnlng Retneval ] | Learnlng)
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Working Memory )
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«

‘\% - Sumers, Yao, Narasimhan, Griffiths:

Dialogue Physical Digital Cognitive Architectures for Language Agents

arXiv:2309.02427



Agentic Architecture, Grounding and Memory

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

Memory What is Human Agent

Type Stored Example Example

Semantic Facts Things I learned in school Facts about a user

Episodﬁc Experiences Things I did Past agent actions

Procedural Instruction Instincts or motor skills Agent system prompt N

YeSHilcan delete the inform:

Figure: https://langchair-ai.github.io/langgraph/concepts/memory

( Procedural Memory Semantic Memory  Episodic 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
Too | TE= s [I_E interested in historical sites like Pompei and Castel Nuovo. If there's anything else
LLM Agent Code - you'd like to share or ask, feel free.
4 | (_A | 4 [ S K: How long will you store this information?
Prom, arse || R reval ) Learnin: rieval ) (Learnin etreval ) ( Leamnin ) .. . ) .
) me) e my By B (B F: I'll remember this information for our future conversations so | can help you
[y l v o
. 0 N\ P better. If you ever want to update or remove anything, just let me know.
« I E /ﬁ)@ K: Can you also delete the information if | want to?
v =S E N . . .
'u. .'. .n. ~ e v/ F: Yes, | can delete the information if you request it. Just let me know whenever you
\..—/ . want to do that.
\_ Decision Procedure (_lﬁ_(_f—\ Working Memory ) .
{ Actions | Obsenatiors | Dialogue: https://www.youtube.com/watch?v=f81Xad80A0Q0

Mori, T., Den, Y., Jokinen, K. (2024). Cognitive Model of Response Token Generation. The 100t 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.


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

e Journal of Multimodal Interaction

https://link.springer.com/journal/12193/submission-guidelines
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