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24 named problem domains

5 solved

& structure

Email threading
Solved

Zoning, inclusive
emails
Solved

Templated
extraction
Solved

Chat
disentanglement
Maturing

Figure 7. The problem domains and their status. Source: the table below. A domain is "open" when no
method or benchmark shows it working on real conversations.

9 maturing

D Acts and
obligations

Reply suggestion
Solved

Request detection
Maturing

Meeting summaries
Maturing

Indirect, hedged
requests

Open
Commitment
lifecycle

Open

Meeting action
items, decisions

Open

Time, events,
contracts

Dialogue state
tracking
Maturing

Dialogue
relations
Maturing

Formal contract
clauses
Maturing

Relative time,
durations
Open

Obligations in
informal talk
Open

10 open

v Knowledge
and memory

Bi-temporal storage,
provenance
Solved

LLM graph
extraction
Maturing

Entity
resolution
Maturing

Agent memory
stores
Maturing

Cross-thread
topic linking
Open

Reasoning over
memory
Open

Trust and
evaluation

Injection
robustness
Open

Erasure of
derived data
Open

Trustworthy
benchmarks
Open
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19 sub-problems behind one goal

3 solved

@ coaL

Know who owes
what to whom,
by when, and
whether it was
done

Figure 8. The problem tree behind "who owes what". Source: synthesis of this report; each leaf's

4 maturing

12 open

1 Find the
conversation

2 Recognise
the act

3 Fill in the
commitment

4 Track
its life

5 Keep the model
consistent

6 Make it safe
and provable

evidence is cited in the sections above.
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Rebuild email threads from headers
Solved - standard in eDiscovery tools

Strip quotes, signatures; inclusive emails
Solved - zoning adds 11.5 accuracy points

Untangle chat without reply links
Maturing - cluster F1 roughly 45-61

Explicit requests and promises
Maturing - F1 0.78-0.81 inside one corpus

Indirect, hedged, conditional requests
Open - main source of annotator disagreement

Work on a new organisation's mail
Open - AUC 0.86 - 0.67 across companies

What: the task itself
Maturing - explicit items fine; no published F1

Who: the right owner
Open - garbled names: response rate 94.3% -> 68%

When: "next Friday” from the send time
Open - no benchmark; durations 13.5-16%

Was it accepted?
Open - uptake is rarely written; not measured

Delegated, renegotiated or moved?
Open - no system or benchmark found

Was it done?
Open - discharge is rarely written down

Store history and provenance
Solved - bi-temporal tables, event sourcing

Same person across addresses
Maturing - solved on strong keys only

Reason over dependencies and absence
Open - 3% and 1% across six memory systems

Link one topic across threads
Open - no benchmark

Resist instructions hidden in email
Open - Echoleak, CVSS 9.3

Erase derived facts on request
Open - 2026 preprints only

Prove accuracy on real mail
Open - no public commitment benchmark



Research 0001 ( v0.0 ) - Turning message streams into trustworthy world models

@ Schema-first

Define the types, then extract into them

EXAMPLES

Palantir Ontology - Gmail templated extraction -
MultiWOZ slots - Symboleo contracts

STRENGTHS

+ Precise, consistent types
+ Easy to query, check and audit
+ Proven at scale on templated mail

WEAKNESSES

— Misses whatever the schema does not name
— New types need modelling work
— Brittle on entities it has not seen

RESULTS

« Gmail ML extraction: 95-97% precision
» Dialogue state: fixing labels adds 7-10% accuracy
« Unseen entities cut that accuracy by 29%

U, Ahybrid - this report's synthesis

?‘C Schema-free

Let the model propose entities and relations

EXAMPLES
OpenlE - KGGen - GraphRAG - LightRAG

STRENGTHS

+ No upfront modelling

+ Captures the long tail

+ Helps multi-hop and summary questions

WEAKNESSES

— Inconsistent types and relations

— Duplicate or wrongly merged entities
— High token cost per query

RESULTS

» Fact capture: KGGen 66%, GraphRAG 48%, OpenlE 30%
(author-run)

« Same method, different model: 44% to 73%

» Reasoning 53.4 vs plain RAG 42.9; lookups tie

« Up to ~100K prompt tokens per query (LightRAG)

» MemO removed graph memory from its open-source SDK

A schema for the core (people, commitments, events, time); open extraction for the long tail,
promoted into the schema once a type keeps recurring; every claim keeps its source.

@ Open questions - no answers found

How should a schema grow from open extractions? What are real duplicate and merge-error rates on
conversations? Does a graph still win against million-token context? Who approves a new type?

Figure 5. Two schools of graph construction. Sources: survey arXiv 2510.20345, KGGen, GraphRAG-
Bench, Qian et al., CIDR 2020, MemO docs. The hybrid is this report's synthesis.



https://arxiv.org/pdf/2510.20345
https://arxiv.org/html/2502.09956v2
https://arxiv.org/html/2506.05690v3
https://arxiv.org/html/2506.05690v3
https://ai.meta.com/research/publications/annotation-inconsistency-and-entity-bias-in-multiwoz/
https://www.vldb.org/cidrdb/papers/2020/p31-sheng-cidr20.pdf
https://docs.mem0.ai/migration/oss-v2-to-v3
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Problem

Keeping promises

Reading indirect
requests

Knowing it was
accepted

Anchoring time

Finding things
again

Knowing who knows
what

Summarising

Labelling the
conversation
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2 How people cope

Rely on memory and flags;
promises live in sent mail

Infer intent from politeness,
hedges and context

Grounding: look for evidence
the other side understood

Read "next Friday” against
when it was said

Scroll and search; heavy
folder users do no better

Transactive memory: ask the
right person

Meeting notes and recap
emails

Leave acts implicit; people
resisted declaring them (The
Coordinator)

f,l: How machines try

Detect commitments in sent
mail (Cortana, 2017)

Speech-act classifiers; LLM
extraction

Treat each detected request
as a task

LLMs resolve dates from the
text

Threading, search, automatic
bundles (Inbox)

Infer roles and experts from
who writes to whom

LLM recaps and notification
summaries

Infer acts automatically

A Known failure mode

Accuracy drops on another
company's mail (AUC 0.86 -
0.67); Briefing email paused
2023

Hedged and conditional
requests split even human
annotators (kappa ~0.68)

Uptake is rarely written
down, and no benchmark
measures it

Durations 13.5-16% correct,
off-by-one-day errors; no
benchmark on message
timestamps

Automatic sorting took
control away from users;
Inbox closed in 2019

Hierarchy inference
validated on one company
(Enron) only

Apple's summaries produced
false headlines and were
paused; GPT-4 Turbo spotted
hallucinations with only 72%
accuracy

Feels like surveillance:
Suchman's critique, the
Productivity Score backlash

Figure 3. How people cope, how machines try, and how they fail. Source: the sections of this report on

human practice, machine pipelines and industry; every entry is cited there.



