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Abstract

In the same way that every software system uses a data model (as
database schema, type system, or API contracts), large language
model (LLM)-powered agents makes domain-specific semantic dis-
tinctions in prompts, tool definitions, data sources, etc. These onto-
logical commitments are implicit, hard to test, and difficult to refine
systematically. Furthermore, the way that agents preserve context
across sessions (agent memory) usually make few, if any, domain-
specific ontological commitments and rely only on the inherent
intelligence of LLMs to make those distinctions. We argue that
making these commitments explicit improves agent performance
for domain-specific work.

To that end, we present Skillful-Alhazen as a personal Al research
assistant that uses skills to define domain-specific instructions, tools
(coded as scripts), and a new kind of ‘ontological notebook’ as mem-
ory. Users interact with the assistant in plain language, and the
assistant applies the semantic definitions from its memory schema
to execute work. It retains structured context based on data in the
explicitly defined domain model it can access, query, and modify.
We use TypeDB to implement the ontological notebook. TypeDB is
a recently-commercialized, closed-world, declarative, logic-based
persistent knowledge graph with several desirable properties in
this application: including type-safety, strong inference, easy refac-
toring, and scale.

We demonstrate the use of Skillful-Alhazen in three domains: job
hunting, technology investigation, and disease mechanism curation,
each based on separate skill definitions. Our tool is open-source
available from https://github.com/sciknow-io/skillful-alhazen.
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1 Introduction

When an agent persists memory, it necessarily commits to some
representation of what it knows. Yet current agent memory archi-
tectures hide semantic commitments in prompts, class and function
code, heuristics, and natural-language instructions. This where they
are implicit, hard to test, and challenging to refine systematically.
This is sometimes treated as a feature rather than a limitation. Af-
ter all, Sutton’s “bitter lesson” enjoins us to avoid domain-specific
structure because it won’t scale. But for knowledge curation tasks,
where the goal is to build a structured representation of a domain,
the schema specification is essential. In the current era of frontier
coding agents, the engineering burden that once made ontological
commitment impractical has collapsed to zero. A human domain ex-
pert can generate schema from scratch and query them effectively
by chatting to an frontier-level coding agent [22].

We present Skillful-Alhazen, an agentic curation system that
makes these commitments explicit through an ontological notebook
powered by TypeDB [19]. Ontological commitments are localized
in skills: composable modules that each define a TypeDB schema
extension alongside the scripts and agent instructions that opera-
tionalize it.

The agentic harness provided by Skillful-Alhazen consists of the
high-level TypeDB schema that differentiates between conceptual
entities (the things under study) and the information content entities
(that describe them). This separation lets the agent curate within
a typed conceptual framework while preserving full provenance
from source to interpretation.

The key contributions are:

o Anexplicit ontological memory for agents, where each do-
main skill defines its ontological commitments as a TypeDB
schema extension; using TypeDB’s polymorphic type system
to support inheritance, role-based relationships, and native
inference.

e Curation-centered schema and processes keyed to en-
forcing provenance by separating conceptual entities, raw
content, extracted structure, and agent-generated analysis.

¢ A domain modeling methodology keyed to providing
iterative support for defining, testing, and refining a domain
schema through usage.
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e Evidence from three domains (job hunting, technology
investigation, and rare-disease mechanism curation [14])
demonstrating utility across different kinds of curation.

2 Domain-Specific Semantic Modeling for
Agentic Memory

A central claim of this work is that using a well-defined domain
model provides value to an agent performing a curation-like task.
This requires design work to decide what entity types, relationship
roles, and inferential rules adequately represent a domain and may
be undertaken by an agent.

This is in contrast to the dominant paradigm in LLM-based agent
memory, where schema design is either absent (unstructured vector
stores, flat key-value memory) or fully automated (LLM-extracted
entity types in GraphRAG pipelines [2]). Automated extraction
has real value for breadth, but it produces a discovered ontology
shaped by corpus statistics rather than a designed ontology shaped
by domain understanding.

TypeDB’s type system supports the modeling decisions that
domain experts need to make:

e Type hierarchies. Entities inherit properties from super-
types so queries over the supertype automatically include
instances of all subtypes.

¢ Role-based relationships. Relationships in TypeDB are
not binary edges between nodes but typed relations with
named roles that restrict which entity types may partici-
pate. A causal-association relation, for example, might
require a gene to play the cause role and a phenotype to
play the effect role: a constraint that a labeled property
graph cannot express at the schema level.

e Schema-level logic. TypeDB’s function system allows do-
main based derivations and inference. This provides a layer
of semantic-aware computation that we have yet to explore
but is a powerful, deterministic approach to domain-specific
reasoning.

These capabilities mean that the domain modeling activity pro-
duces infrastructure the agent actively uses during reasoning.

Iterative schema refinement. A key challenge is that it is highly
likely that the schema will need to evolve as edge-cases are consid-
ered, errors are revealed, or if the scope of the data being considered
changes. We are developing a feedback loop for iterative refinement.
Agent-generated notes and extraction failures serve as loss signals:
when the agent cannot cleanly represent an encountered entity
within the current schema, or usage of the system reveals a schema
derived error, the agent records the deficit / error as a note in its
memory, and subsequently treats it as a github issue to be addressed
under normal coding agent practices. This closes the loop between
curation experience and ontological design - so that our tools can
learn from experience in a systematic, documented way in order to
optimize the conceptual vocabulary framework being developed.

3 System Architecture

Skillful-Alhazen consists of three layers (Figure 1): an agent layer
that handles natural-language interaction; a skill layer that provides
domain-specific capabilities; an ontological memory layer backed by
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Figure 1: Three-layer architecture of Skillful-Alhazen. The
agent interacts with users in natural language, selects and
executes skills, which in turn read and write to the TypeDB
ontological memory through typed schemas.

TypeDB. An additional dashboard layer provides navigable views
over structured notebook content as a webapp.

3.1 Agent Layer

The agent layer provides LLM-powered reasoning that drives all
interactions. Skillful-Alhazen supports two execution modes: In-
teractive Mode where the user interacts with Claude Code directly
using natural language to interact with their data, and Agentic
Mode where an OpenClaw deployment acts as an always-on service
with scheduled searching, messaging integration, and cron-driven
knowledge accumulation.

In both modes, the agent operates through natural language. The
user never writes queries or call APIs directly. Instead, the agent
selects appropriate skills based on the user’s intent and executes
them autonomously.

3.2 Skill Architecture

Skills are self-contained, composable modules that extend both the
ontological schema and the agent’s behavioral repertoire. Each skill
consists of:

(1) A TypeDB schema extension defining domain-specific
entity types and relationships.

(2) Python scripts for external API access, data transforma-
tion, complex queries, or any other complex reproducible
function.

(3) Agentinstructions in two tiers: a slim SKILL.md (~30 lines)
loaded at startup for skill selection, and a full USAGE . md read
on demand for execution details. Additional context may be
included as needed.

(4) Human-readable instructions: a standard README . md file.

Most skills follow a common curation pattern: searching (identi-
fying items of interest from external sources), ingestion (fetching
and storing raw content as artifacts), sensemaking (the agent
analyzing content and generating fragments and notes), analysis
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(querying across accumulated knowledge), and reporting (dash-
board views and summaries).

3.3 Ontological Memory

The core of Skillful-Alhazen is its TypeDB-backed ontological mem-
ory. Unlike vector databases that store embeddings without type
information, TypeDB enforces a schema that defines the conceptual
vocabulary available to the agent.

The schema is rooted in a distinction between domain things
(real-world entities such as systems, diseases, genes, companies,
and job postings) and information content entities (ICEs) that carry
textual or structured content. This mirrors the Information Artifact
Ontology (IAO) [1] distinction between entities that exist in the
world and representations of those entities.

The ICE schema has three high-level types:

Artifacts are raw captured content — API responses, HTML
pages, PDF documents. They represent the unprocessed
source material.

Fragments are structured extractions from artifacts — a sen-
tence or section from a paper, or a list of job requirements
extracted from a posting.

Notes are the agent’s own analysis — fit scores, mechanism
hypotheses, comparative syntheses. Notes are always attrib-
uted to the agent and are linked to ICEs. A key aspect of this
design is that notes can be linked to notes.

This approach enables provenance: every notes are linked to
concrete information sources. When the agent generates a synthesis
about, say, the therapeutic landscape for a rare disease, the user
can follow the chain back to the original database records.

4 Demonstration

We demonstrate Skillful-Alhazen through three skills that showcase
ontological memory across different domains.

4.1 Job Market Analysis

The job-hunt skill tracks job applications by ingesting postings
from URLs, extracting structured requirements (technology stacks,
experience levels, domain expertise), performing fit analysis against
a user-maintained skill profile, and identifying skill gaps across a
portfolio of prospects.

A typical interaction begins with the user providing a job post-
ing URL. The agent fetches the page (creating an artifact), extracts
structured requirements as fragments, and generates a fit analysis
note scoring the match. Over time, the knowledge graph accumu-
lates a structured landscape of the job market, enabling queries like
“What skills appear most frequently in my top-ranked positions?”
that would be impossible with flat document storage.

4.2 Technology Investigation

The tech-recon skill supports systematic, goal-driven investiga-
tion of competing computational systems in order to address a
predetermined goal. A structured interview elicits user-defined suc-
cess criteria; the agent then discovers candidate systems, ingests
documentation and source repositories (by creating local copies of
codebases where possible), generates structured comparison notes,
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runs structured analysis workflows on demand and produces Ob-
servable Plot visualizations mapped to those criteria — all surfaced
through a live dashboard.

The key modeling decisions are (a) promoting success criteria to
first-class entities so that every note and analysis is anchored to an
explicit evaluation dimension, and (b) tracking candidate systems
through a typed pipeline (candidate — confirmed — ingested
— analyzed), so that investigation progress is itself a queryable

graph property.

4.3 Disease Mechanism Curation - Leveraging
the Monarch Initiative’s DisMech system

DisMech [14] is a pre-alpha curation pipeline from the Monarch
Initiative that encodes rare-disease pathophysiology as structured
YAML files, one per disorder, curated and reviewed through GitHub
pull requests. As of April 2026 the corpus spans 797 disorders.! Each
file records pathophysiology mechanisms, causal genes, phenotypes
(HPO terms), treatments (MAXO codes), and supporting evidence
(PMIDs) in a LinkML-defined schema.

The pipeline is narrow by design: a single-purpose CI workflow
produces YAML outputs rendered as static web pages. There is
no database backend, so aggregate queries require custom Python
scripts that scan every YAML file on every query.

We implemented two DisMech skills for Skillful-Alhazen: First,
we used DisMech’s comprehensive LinkML schema to create a
TypeDB schema into which we ingested the curated YAML corpus
into TypeDB, making the full knowledge graph that we used to de-
velop a type-enabled memory evalaution. Second, we implemented
cross-database mapping from this externally-defined system into a
restricted subset of Skillful-Alhazen’s notebook memory system.

A comparative agentic memory benchmark for structured knowl-
edge. To measure the benefit concretely, we ran a controlled bench-
mark of thirteen questions spanning three analytically distinct
categories: pathway aggregation (e.g. “how many diseases involve
WNT/f-catenin mechanisms?”), absence detection (e.g. “which dis-
eases have HPO phenotypes but no genetic entries?”), and global
ranking (e.g. “which five diseases have the most documented patho-
physiology mechanisms?”). Each question was answered under two
conditions: RAG over a 1,024-dimensional Qdrant vector index and
structured TypeDB traversal. Ground truth was computed deter-
ministically by scanning all YAML files; no LLM was involved in
scoring.?

Structured TypeDB queries scored 0.75 / 0.68 / 0.77 on the three
categories; RAG scored 0.00 / 0.00 / 0.03. The structured scores are
conservative underestimates: ground truth is derived from YAML
file scanning, while the structured condition queries TypeDB ‘exclu-
sively, and small synchronization differences between the two rep-
resentations (e.g. 798 diseases in TypeDB vs. 797 YAML files, regex
PMID counting vs. typed evidence-item aggregation) reduce several
exact-count scores from 1.0 to 0.5. On questions where TypeDB
and YAML agree (Q2, Q4, Q7, Q8, Q11), the structured condition
scores 1.0. The failure modes for RAG are architectural: aggrega-
tion requires corpus-wide counting that a similarity search cannot

!https://dismech.monarchinitiative.org/
Zhttps://github.com/sciknow-io/alhazen-skill-dismech
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Table 1: Ontological memory structure across demonstration
skills. All three skills share the core ICE hierarchy while
extending it with domain-specific entity types and relation-
ships.

Job Hunt Tech-Recon DisMech

Entities Companies, Posi- Systems, Criteria Diseases, Mecha-
tions nisms

Design Opportunity types  Criteria as entities ~ YAML — TypeDB

Artifacts DisMech  YAML
files
Fragments  Requirements, Feature evidence Mechanisms, phe-

quals notypes

Job postings, pages  Docs, repos

Notes Fit analysis, gaps Comparison notes  Evidence  links,
gaps
APIs Greenhouse, GitHub, Hugging- Monarch, DisMech
LinkedIn Face

verify for completeness; absence detection requires evidence of
non-existence that no positive-assertion corpus can supply; global
ranking requires ordering by a structural property (phenotype car-
dinality) rather than semantic relevance. These are the relational
primitives (textsccount, NOT EXISTS, ORDER BY) that a typed knowl-
edge graph provides natively and retrieval-based methods cannot.

This benchmark deliberately isolates query types where struc-
ture matters; it does not capture the full space of curator questions.
Retrieval-augmented generation remains the appropriate tool for
narrative queries where semantic similarity over embedded text is
exactly the right primitive. The Skillful Alhazen notebook mem-
ory model is designed to provide both. Each ingested entity is
simultaneously represented as a typed node in the TypeDB graph
and as embedded text fragments in the vector index: structured
fields (gene identifiers, HPO codes, MONDO terms) are queryable
as typed attributes, while free-text mechanism descriptions and
PubMed abstracts are embedded for semantic retrieval. The two
representations are complementary by design (structural queries an-
swer questions of completeness and provenance; semantic queries
answer questions of meaning and similarity) and a production cu-
ration assistant would route to whichever is appropriate for each
question.

4.4 Demo Scenario

Attendees will interact with Skillful-Alhazen in a live terminal ses-
sion. We will demonstrate: (1) ingesting a job posting URL and
watching the knowledge graph grow in real time; (2) querying
across accumulated knowledge (e.g., “What skill gaps appear across
my top 5 prospects?”); (3) switching to the Tech-Recon skill and
developing a personalized investigation around some technical
question of interest (e.g., “Map the current state of agentic Al in
pharmaceutical drug development, using Rentosertib (ISM001-055,
Insilico Medicine) as a concrete case study of end-to-end Al-assisted
pipeline execution. How do existing agentic memory systems (Mem-
Palace, Mem0, Zep, Mastra, Supermemory ASMR) evaluate their
own performance?”); and (4) inspecting the TypeDB graph to show
provenance chains from notes through fragments to artifacts.
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5 Related Work

Agent memory architectures. MemGPT [16], the precursor to the
Letta platform [7], introduced an LLM-as-operating-system para-
digm in which agents actively manage their own memory hierarchy.
MemGPT’s memory tiers are unstructured text: the agent can per-
sist and retrieve content, but imposes no schema on what kinds of
things it is remembering. LangGraph [6] and similar orchestration
frameworks provide state management and checkpointing for multi-
step agent workflows, but treat persisted state as opaque key-value
pairs rather than typed ontological structures. Skillful-Alhazen’s
distinctive contribution is using an editable schema-driven typed
knowledge graph as the memory substrate, where the schema itself
provides structure and power for well-defined, logical reasoning
algorithms.

Knowledge graph memory for agents. Zep [17] introduced Graphiti,
a temporally-aware knowledge graph engine stored in Neo4j that
synthesizes both unstructured conversational data and structured
data while maintaining historical relationships via a bi-temporal
model. On the LongMemEval benchmark, Zep improves accuracy of
up to 18.5% while reducing retrieval latency by 90% [17]. Mem0 [10]
takes a complementary approach, storing memories across three
parallel backends: a vector store for semantic search, a key-value
store for fast lookup, and a property graph for relational queries. On
the LOCOMO benchmark, Mem0 improves accuracy by 26% over
OpenAT’s built-in memory feature while reducing p95 latency by
91% [10]. Cognee [9] adopts an architecture that combines embed-
dings with knowledge graph extraction (subject-relation-object
triplets), performing well on HotPotQA multi-hop reasoning bench-
marks. Neo4j Labs’ neo4j-agent-memory [15] distinguishes three
memory types: short-term memory for conversation history and
session state, long-term memory for entities and relationships, and
reasoning memory for decision traces, tool usage audits, and prove-
nance.

Skillful-Alhazen’s ontologically-grounded approach using ICEs
(artifact / fragment / note) that can be anchored to domain-specific
entities and their relations provides semantic rigor and provenance
to knowledge graph development from first principles. The use
of TypeDB naturally enables access to graph algorithms through
integration libraries [20].

Memory Benchmarks. The benchmarks currently used to evalu-
ate memory systems (LoCoMo [8], LongMemEval [23], BEAM [18],
and others) all test conversational recall. This is a necessary capabil-
ity, but it is not sufficient for curation workflows that require struc-
tured data operations. The systems described above (Memo [10],
Zep [17], Letta [7], Cognee [9], and Neo4j’s agent memory [15]) all
report results on conversational benchmarks, yet none evaluates
domain-specific curation tasks such as schema stability under evolv-
ing data, relational reasoning across typed entities, or longitudinal
consistency of a growing knowledge base. These dimensions are
simply not addressed by schema-free architectures.

Karpathy’s influential “LLM Wiki” proposal [5] argues that cur-
rent RAG systems force “the LLM [to rediscover] knowledge from
scratch on every question” and advocates a three-layer architec-
ture of raw sources, a persistent LLM-maintained wiki with cross-
references, and a governing schema; essentially a notebook whose
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maintenance cost approaches zero because the agent handles the
bookkeeping. This vision aligns closely with our ontological note-
book, though we replace the flat-file wiki with a typed knowledge
graph that can enforce constraints and support relational queries.

The gap is architectural. Our DisMech benchmark (Section 4.3)
was designed to isolate the aggregation, absence-detection, and
relational-ranking primitives, and the results confirm the structural
hypothesis: RAG scores near zero on all three categories while
typed graph traversal scores 0.68-0.77. The benchmarks that the
field currently relies on would not detect this difference, because
they do not test for it.

Retrieval over knowledge graphs. Microsoft’s GraphRAG [2] demon-
strated that building a knowledge graph from a corpus substantially
improves question-answering compared to baseline vector RAG.
GraphRAG has since been integrated into Microsoft’s Discovery
platform for agentic scientific research with performance gains
(e.g., 63% reduction in ticket-resolution time at LinkedIn [11]). Ligh-
tRAG [4] addresses GraphRAG’s computational cost, achieving
comparable retrieval quality with reduction in token usage.

These GraphRAG approaches share an important limitation rel-
ative to Skillful-Alhazen: they treat the knowledge graph as a re-
trieval index over a fixed corpus, constructed once or in batch.

Skillful-Alhazen’s ontological memory is instead a live, agent-maintained

notebook: the schema defines what concepts the agent can reason
about, and the agent continuously extends the graph as it encoun-
ters new material, generating typed extractions and attributed anal-
ysis notes rather than community summaries.

Ontologies in scientific knowledge management. The use of ontolo-
gies to structure biomedical knowledge has a long history predating
LLM-based agents. Much of this work centered on the use of the
Ontology Web Language (OWL) [21], with a strong reliance on the
use of description logics as a primary reasoning methodology [13].
The DisMech project showcases a pragmatic approach to the use
of existing ontologies [14], that also leverages other graph based
methods. Matt Might’s precision medicine framework [12] also
demonstrates how ontological discipline in knowledge curation en-
ables mechanistic reasoning about rare disease etiology that purely
statistical approaches cannot support. Although the framework is
expressed in Natural Language for use by human experts, parts of
it were also implemented in the MediKanren system [3] that uses a
non-description-logic engine for graph-based inference.

6 Conclusion & Future Work

In this work, we demonstrate how the use of ontological notebook
memory for agent systems can allow agents to work with humans
to help perform sense making tasks like job searching, technol-
ogy investigation, and disease mechanism curation. Semi-formal
expert human understanding can be rendered into a computation-
ally viable reasoning engine when frontier coding agents translate
an expression of that expertise from natural language to TypeDB
schema and Python code. This is a powerful pragmatic strategy for
building knowledge-enabled tools. Our future work focuses on de-
veloping the virtuous cycle of using experience of the systems’ use
curation work to improve schema + code design as an automated
agentic loop.
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