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Abstract

Archival institutions and programs worldwide work to ensure that the records of governments, organizations, communities,
and individuals are preserved for future generations as cultural heritage, as sources of rights, and as vehicles for holding the
past accountable and to inform the future. This commitment is guaranteed through the adoption of strategic and technical

the long-term p of digital assets i and form — textual, visual, or aural. Publicand

private archives are the largest providers of data big and small in the world and collectively host yottabytes of trusted
data, to be preserved forever. Several aspects of retention and p 3 and description, and
i d d lopento In particular, recent advances in Artificial Intelligence (AI)

open the discussion as to whether Al can support the ongoing availability and accessibility of trustworthy public records. This
paper presents preliminary results of the InterPARES Trust Al (*I Trust AI") international research partnership, which aims to
(1) identify and develop specific Al technologies to address critical records and archives challenges; (2) determine the benefits
and risks of employing Al technologies on records and archives; (3) ensure that archival concepts and principles inform the
development of responsible Al; and (4) validate outcomes through a of case studies and i
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«Long before big data as an idea had been
invented, archives already measured their

collections in kilometers of files and folders»

Giovanni Colavizza, Tobias Blanke, Charles Jeurgens, and Julia Noordegraaf. 2021. Archives and A

I: An

Overview of Current Debates and Future Perspectives. J. Comput. Cult. Herit. 15, 1, Article 4 (December

2021)

Digitalised Heritage Data

Size

Fondo Ufficio italiano brevetti e marchi, Trademarks series: volumes with trademark registrations

Official collection of laws and decrees

Fund A5G (First World War): files with various documents (reports, reports, correspondence)

Special collections (documents declassified under the Renzi and Prodi Directives): reports, reports, circulars
Judgments of military courts

Various photographic funds

Digitised study room inventories

National Archives of the US

30TB
15TB
1TB
27TB
3TB
27TB
15TB
1323 TB

Iterpares Survey 2022
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Ancient parchments

The beginning of the most ancient
original document preserved in Italian
State Archives: the mundium of a
Longobard woman called Anstruda
dated 13 may 721

(ASMi, Museo diplomatico, b. 1, n.. 3.)

One example of a papal
bull and an imperial charter
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Perganet (era1)

Parchments Digitalization and
annotation

Input data
Scanned Parchments
dataset

Image collection

Parchments Storage

~.' Parchments Annotation
v
v

Signa Annotation

Deep Learning-based analysis

o o e o - - - -

R g S R S e S g P i G S LI

Insight & Evaluation

Parchments Historical
Reconstruction




PERGANET2 LVLM

Prompt based approach:

«Detect Signa, percentage of text,
and estimated datation on the
following parchment»

«The picture reports the signa
detection results. Each Notarium ID
is reported in the attached table.
Percentage of text is 73% Estimated
datation is AD 1330»
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OVERVIEW

Three paradigms, one mission

Across four years PERGANET shifted not just its models but its entire problem-solving paradigm — from training
narrow detectors toward orchestrating reasoning systems.

D)

2022 - 2023 2024 - 2025 2026
> >

Deep Learning VLM Agentic

& Computer Vision Prompt-Based Systems
Task-specific neural networks trained A single vision-language model An autonomous agent plans, calls
to classify, detect and recognize addresses many tasks through tools, reflects and validates to
features on scanned parchments. natural-language prompts, with no reconstruct a document end-to-end.
retraining.
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ERA1

Deep Learning & Computer Vision &

The original PergaNet — a lightweight, appearance-based pipeline of three dedicated stages.

INPUT
e Scanned parchment
Raw digitized image — no manipulation
Supervised, task-specific
v One trained network per task — recto/verso,
. CNN text, signum.
@ 1 - Recto / Verso classification
Appearance-based
Orient and sort each page side PP
Learns directly from pixel patterns; no
v document tampering.
. DETECTOR Annotation as continuous learnin
2 - Text detection &
Manual labels feed back to refine the models
Localize written regions on the page auertiel
v Lightweight by design
. .. DETECT Built to process large archives of scans
9 3 - Signum tabellionis -

Detect & recognize the notary's mark TntorPARES

Trust



ERA 2

VLM Prompt-Based Systems &

One vision-language model replaces the fixed pipeline: tasks become prompts, not new networks.

e Parchment image \

Classify recto / verso Locate text & signum

Vision-Language
Natural-language Model Describe & transcribe Open cross-task Q&A

multimodal reasoning

prompt

one model - many tasks - no retraining

Why it changes everything Zero/few-shot flexibility, world A
knowledge and context — new questions need only a new
prompt.

Watch-outs Hallucination risk, single-turn reasoning and
weaker spatial precision than dedicated detectors.

InterPARES
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ERA 3

Agentic Systems

AGENT LAYER

OCR/
transcription

- Archive R Knowledge
== database graph

® VLM perception as

reconstruction

Curatorial 5 -] - Human-in-the-loop _ Historical
goal . validation
Orchestrating Agent
Plan - Act - Reflect

e.g. “reconstruct this charter”

£~ M Reflection loop The agent evaluates intermediate results, re-queries tools or re-plans when confidence is low, and
K./ escalates ambiguous cases to a human expert before committing to a reconstruction.



AT A GLANCE

How the three paradigms compare

Eral-DL & CV Era 2 - VLM Prompt Era 3 - Agentic

Core paradigm Train a network per task Prompt one shared model Plan, act & reflect with tools

Adding a new task Collect data, retrain a model Write a new prompt Compose existing tools & skills

Heavy labeled datasets Leverages knowledge bases &
Few or zero examples needed

Data & annotation : .
required retrieval

Autonomy None — fixed pipeline Single-turn responses Multi-step, self-directed

Role of the expert Annotator & trainer Prompt author & reviewer Supervisor & validator

Validated end-to-end

Typical output Labels, boxes, recognized marks  Flexible answers & descriptions .
reconstruction

Trusth L}



THE TRAJECTORY

Less manual effort, more autonomy

As the paradigm shifted, the human burden of labeling and per-task engineering fell while system flexibility and autonomy
rose. (Conceptual, illustrative scale.)

10- @ Narrow but precise
Detectors excel at well-defined,
8 - repetitive recognition at scale.
6 .
@ Flexible & fast to adapt
4 - Prompts open new questions without

months of data work.

2 4
@ Autonomous & integrative
0 T T )
Era 1 Era 2 Era3 Agents weave perception, archives and
DL & CV VLM Prompt Agentic expertise into reconstructions.

@ Autonomy & flexibility 4 Manual annotation effort

InterPARES
TrustHig



What we gain in time and efficiency, we may sacrifice in reliability — from PergaNet to foundation models.

The shared downside

A user can never be entirely
sure of the output these tools
provide.

Automatic extraction, like distant reading itself,
rests on epistemic delegation: researchers receive
second-hand information and must trust the tool.

CATCH 1

Opacity
The larger and more capable the model, the harder it is to say why it
produced a given output.

CATCH 2
Cost

Parameters drive compute, energy and hardware needs, concentrating
access in well-funded institutions.

CATCH 3
Scale of use

Foundation models invite everyday, casual delegation of interpretive
work to systems no one can inspect.



CATCH 1 - OPACITY

Epistemic delegation

Distant reading of archives means trusting second-hand answers from a model whose reasoning cannot be inspected.

e Archival records e 9 Distant researcher
—P —P

Fonds, collections and their Deep neural model Receives second-hand information and

transcriptions , : must trust it
far more parameters than its data requires

Researchers “may have little formal understanding
of the meaning of the results calculated or their

Heavy overparameterization fuels generalization — and makes

significance” :
gnif each output harder to explain. The problem only grows as models
scale.
Berry & Fagerjord 2017 — Users must be informed and trained on how these tools predict a

response.

1terPARES
Trust



CATCH 2 - COST

The price of scale

Explainability is tightly bound to a second, more material catch: economic and computational cost.

More parameters Compute complexity Energy demand Expensive hardware

model size and capacity grows with parameter count power drawn to run the model the only place it can run

Parameter count drives computational complexity and the energy required to run a model (Schwartz et al. 2020).

@ Who gets left behind “A tool that only well-funded institutions can
afford to run is only half a solution.”

Many archival institutions, particularly smaller or underfunded ones,
lack the resources and expertise to invest in and maintain advanced Al
(Arias Hernandez & Rockembach 2025).




CATCH 3 - SCALE OF USE

FMs raise the stakes

Opacity and cost are not new to deep learning — but foundation models make both considerably more pressing.

VOICES FROM THE FIELD
Narrow deep learning Foundation models

o “classic archival methods, with an emphasis on
. Specialists, inside Laypersons, daily, via hierarchy and context”
Who uses it SR phelfines chatbots and prompt-based Winters & Prescott 2019
generators
. Interpretive work over “seeking the unknown or surfacing gaps and

What is - i Z

del d Bounded recognition tasks records and whole absences in the data

elegate collections Colavizza et al. 2021
. ) At scale, and with a new the “unsheddable contextualization” that analog
How it is used Deliberately, task by task casualness search forces on the researcher
Putnam 2016

InterPARES
Trust



MITIGATION

Grounding the answers

Test the tools and their results at every step — and anchor every answer in the archive itself.

RETRIEVAL-AUGMENTED GENERATION (RAG)

Investigate the biases of the digital tools in use ° e .Q, ‘9
and test their results at every step, revising them -

with documentation (Guldi 2018). Rethereon LLM answers L
Natural-language . Answer with links
. fonds & from retrieved o
question . & citations
collections sources
Keep context in view
hierarchy and provenance, not isolated hits . . . .
Why archives fit Case in point
Look for what is missing Well-defined, citable fonds and RAG over public records at the US
aps and absences. not onlv confirmation collections make a natural external Library of Congress: strong results, no
L ’ U knowledge base. fine-tuning (Kelly, Schild & Jafari 2025).




AGENT ECOSYSTEM

A society of agents

Specialised agents bound to core archival functions, cooperating over a shared, citable knowledge substrate.

@ HUMAN-IN-THE-LOOP Archivist - Diplomatist & palaeographer - Researcher & public user set goals - validate - commit

Decomposes curatorial goals into tasks - routes them to specialised agents - arbitrates conflicting claims -

enforces escalation policies

CAPTURE & PRESERVE READ & ANALYSE CONTEXTUALISE ACCESS & ASSURE
Ingest Agent Palaeography Agent Dating & Provenance Reference Agent
e IIIF imaging, fixity checks, a Layout analysis, HTR, e Chronology, places, custodial e RAG answers with citations to
technical metadata abbreviation expansion history the fonds
Preservation Agent Diplomatics Agent Description Agent Critic & Audit Agent
Q Format risk, PREMIS events, e Documentary form, signa, e ISAD(G) / RiC-O records, @ Cross-checks claims, calibrates
AIP packaging authenticity cues authority linking confidence
e SHARED SUBSTRATE @ RiC-0 knowledge graph @ Vector index of finding aids @ MCP tool servers @ Paradata & PROV-O ledger



AGENT ECOSYSTEM

Roles, tools and outputs

IIIF Image API, SHA-256 fixity, technical

. Master image, IlIF manifest, SIP L3 - audited
metadata extraction

Capture & accessioning

Layout segmentation, HTR models,

o . Line-level transcription with confidence L2 - reviewed
abbreviation lexicon

Palaeography Reading the text

PergaNet signum detector, formulae retrieval, = Diplomatic analysis, notary

Diplomatics Form & authenticity L1 - proposes

. Notarial registers, palaeographic dating, . .
Dating & Provenance Chronology & context e Date range, place, custodial chain L1 - proposes
Description Arrangement & description SHEIRE (A2} RSO iz VLSS i i) Descriptive record, linked authorities L2 - reviewed
GeoNames
Long-term preservation E(;l;zrr'\;laltsldennﬂcatlon IFCHTRLE  DIROIDI), AIP, preservation event metadata L3 - audited
Access & reference Hybrid RAG over fonds and finding aids Answer with citations to records L2 - reviewed
Critic & Audit Assurance Cross-agent consistency checks, calibration, Paradata log, escalation tickets L3 - audited

PROV-O

Autonomy L1 proposes, the expert decides - L2 acts, outputs reviewed before commit - L3 acts within policy, every action audited



ECOSYSTEM IN ACTION

Reconstructing a charter

PergaNet use case

One curatorial goal, six agents, typed claims, and a human checkpoint before anything is committed.

® -0 -0 -0 - 0 P

Ingest Read

Layout + HTR: 73% of
the surface is text

Analyse form

Signum tabellionis
matched to a notary

Date & place

Script, formulae and
notarial registers

e Conflict as a signal

The datatio reads 1330, yet script
features suggest the 1340s. The Critic
flags the mismatch; the Orchestrator
replans, checks the notary's activity in the
registers, and escalates if doubt remains.

IIIF image, fixity check

Describe VEUGES

RiC-O record with
linked authorities

Critic review, then
archivist sign-off

Human checkpoint

The diplomatist accepts, amends or
rejects each claim. Only validated claims
enter the archival description, and every
decision is written back to the paradata
ledger.

InterPARES
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TRUST BY DESIGN

Governing the ecosystem

An agent ecosystem is a records-creating system: what it produces must remain authentic, reliable and accountable.

Each claim, transcription or description an
agent produces is itself a record. Kept with its
paradata — the models, prompts, sources
and decisions behind it — it stays assessable
over time.

Authenticity

every output hashed and versioned

Accountability

traceable to agent, model and person

@ Paradata ledger

Every action logged in W3C PROV-O: agent,
model version, prompt, sources, confidence
and human decision.

— Answers Catch 1 - Opacity

e Frugal by default

Small, locally hosted models handle routine
tasks; larger models are called only on
escalation, within reach of small archives.

— Answers Catch 2 - Cost

InterPARES Trust Al

e Calibrated autonomy

Confidence thresholds route uncertain or
interpretive claims to experts. Agents
propose; archivists dispose.

— Answers Catch 3 - Scale of use

o Open interoperability

Tools exposed via MCP, agent-to-agent
messaging via A2A, records in RiC-O, EAD,
PREMIS and IIIF: no lock-in.

— Keeps the ecosystem replaceable

Trust



TAKEAWAY

A deliberate path

Neither complete rejection nor uncritical adoption: integrate Al with the rigor applied to any “second-hand” source.

The promise The caveats The posture
Tools that engage with the content of Overparameterization makes outputs Efficiency gains cannot come at the
records, opening description and hard to explain; computational scale expense of the critical, tool-conscious
retrieval to a granularity previously out concentrates access in well-resourced stance archival research has always
of reach. institutions. demanded.

la In PERGANET The agentic era grounds its answers in the archive database and knowledge graph, and keeps a human expert in the
loop before any reconstruction is committed.
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