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Abstract

Understanding how artworks are created requires
reasoning about the iterative decisions, material
operations, and contextual influences that shape
artistic production. While recent generative Al
systems can synthesize artworks with high fidelity,
they primarily model distributions over finished
artifacts rather than the creative processes under-
lying their creation. In practice, artistic workflows
are only partially documented through fragmented
sources such as archival records, preparatory stud-
ies, correspondence, etc., making process-level
understanding difficult to formalize computation-
ally. In this work, we introduce ArtMine, a
framework for discovering and formalizing artis-
tic processes from heterogeneous historical evi-
dence. Our approach synthesizes heterogeneous
artwork evidence into a structured repository,
from which a Peircean abductive agent infers
evidence-grounded production steps. These steps
are converted into a compositional graph and
rendering prompt, then optimized through self-
reflection over deviations between the generated
and reference artworks. We provide a preliminary
proof-of-concept case study using open-domain
historical sources across multiple artists and artis-
tic movements, demonstrating that fragmented
documentary evidence can support coherent, in-
terpretable, and auditable representations of artis-
tic workflows. By modeling creative processes
rather than only final artifacts, our work moves
toward process-centered human-Al co-creativity
systems that can support artistic interpretation,
creative education, reflective collaboration, and
computational studies of cultural production.
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1. Introduction

Recent progress in generative Al has been primarily driven
by learning distributions over completed artifacts such as
images, text, music, and video (Brown et al., 2020; Ho
et al., 2020; Rombach et al., 2022). These systems can
reproduce the stylistic and semantic properties of human-
created works with remarkable fidelity, but they largely
model what creative works look like rather than how they
are made. The sequence of decisions, revisions, material
operations, and intermediate reasoning that shape creative
practice typically remains latent.

This limitation matters for human-Al co-creativity, where
collaboration often depends on intermediate processes rather
than final outputs alone. Artists iteratively sketch, refine,
critique, and revise their work, while current generative
systems operate primarily through prompt-to-artifact gener-
ation. At the same time, substantial evidence about creative
processes already exists outside of the artifact itself. Artist
correspondence, preparatory sketches, conservation reports,
provenance records, technical imaging, and scholarly cri-
tique collectively form a fragmented but information-rich
record of artistic production. Human scholars routinely use
such evidence to reconstruct plausible production trajecto-
ries and understand stylistic evolution. However, despite
advances in research agents (Nakano et al., 2021; Yao et al.,
2022; Shinn et al., 2023) and computational creativity (Co-
hen, 1995; Colton, 2012), these documentary records have
rarely been treated as supervision to model creative pro-
cesses.

In this work, we study artistic process discovery and formal-
ization: the task of inferring structured, auditable sequences
of production steps for artworks from heterogeneous histor-
ical evidence. The objective is to recover plausible creative
trajectories that explain how an artwork may have been
produced, while preserving explicit links between inferred
actions and their supporting sources. We frame this task
as an abductive inference under incomplete information
(Josephson & Josephson, 1996; Peirce, 1997; Kakas et al.,
1992). Given an artwork and a heterogeneous corpus of
documentary evidence, the system incrementally constructs
hypotheses about the latent process that could plausibly have
produced the work while remaining consistent with the avail-
able historical and material record. To address this task, we
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Figure 1. ArtMine. Architecture diagram of our proposed framework for discovering and formalizing artistic processes.

propose ArtMine, a framework that integrates deep-researcB: We present a case study as proof-of-concept reconstruc-
based evidence construction, structured evidence repository, tions demonstrating that open-domain documentary and
Peircean abductive reasoning, and self-re ection-driven pol- evidence can support structured inference over creative
icy updates for artistic process discovery. A deep-research processes.

agent organizes open-domain evidence into a structured con-

cept schema. An abductive agent then uses this repository

to infer process trajectories under a Peircean policy linkingp Related Work

observations, rules, and hypothesized production actions.

The inferred trajectory is rendered, compared with the referRecent research-agent systems extend retrieval-augmented
ence artwork using multi-reward feedback, and iterativelygeneration with iterative planning, tool use, re ection, and
improved through self-re ection-driven policy updates (seeweb interaction (Lewis et al., 2020; Yao et al., 2022; Shinn
Figure 1). Our case study demonstrates that heterogeneog@tal., 2023; Nakano et al., 2021). These systems demon-
historical evidence can be organized into structured reprétrate that language agents can gather and synthesize infor-
sentations suitable for downstream reasoning, and that amation from heterogeneous online sources through multi-
ductive reconstruction can generate coherent and auditabfep reasoning and interaction. Our work builds on this
production trajectories grounded in those records. Our cordlirection by using a Deep Research agent to gather evi-
tributions are threefold: dence from multiple sources, synthesize claims across these
sources, assign reliability tags to retrieved evidence, and
organize the resulting information into a structured evidence
repository for downstream abductive reasoning. Rather than

ization as a computational problem for generative Al, . ! . .
e . : treating retrieved information as unstructured context for
shifting the focus from modeling completed artifacts to . . . . ) X
eneration, the resulting evidence is organized into struc-

reconstructing creative processes from heterogeneo% . .
S : Ured representations that support downstream reasoning
historical evidence. about creative processes
2. We propose ArtMine an agentic framework that P '
combines deep-research-based evidence constructidRole-conditioned and persona-conditioned language agents
Peircean abductive reasoning, and se to reconstruct aaim to maintain behavioral or stylistic consistency during
ditable creative trajectories from unstructured documengeneration. Early work represented personas through static
tary and archival records. textual pro les in dialogue systems (Zhang et al., 2018b;

1. We introduce artistic process discovery and formal-
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Mazag et al., 2018), while more recent approaches study
role-playing and character-conditioned generation in large
language models. ArtPeer (Kumar et al.) explores artist-
centered persona construction from art-historical sources,
while CharacterGLM (Zhou et al., 2024) studies character-
consistent generation under persona conditioning. In most
of these systems, personas primarily function as condition-
ing mechanisms for generating stylistically or behaviorally
consistent outputs. In contrast, our framework evaluates
discovered process trajectories through artwork-grounded
policy optimization, where rendered artwork are compared
with reference artworks and the resulting deviations drive,:igure 2. Distribution of evidence sources acrddgyidence .

self-re ection-based policy updates. counted as the number of times each source category is utilized

. . . across all evidence assertions in our case study.
Our work is also related to computational creativity and Y

generative art systems. Classical systems such as AARON

(Cohen, 1995) and The Painting Fool (Colton, 201_2)_ 9€MNve construct the evidence repositdfyeyigencelsing a Deep
erate artworks through procedural rules and heuristic Creyegearch agent that plays two roles. First, it retrieves infor-
ative strategies. More recent generative ,moqels such TMation about the artwork from open-domain sources, such
DALL E 3 (Betker et al., 2023), Stable Diffusion (Rom- o5 ;seum collection records, conservation and technical re-
bach etal., 2022), and Jukebox (Dhariwal et al., 2020) learm 1 arist correspondence, archival documents, exhibition
distributions over artistic artifacts from large-scale mum'catalogs, scholarly articles, provenance records, etc. Second,

modal data. Agent-based simulations of social behaviof o qanizes that information into a concept schema with 11
and interaction (Park et al., 2023) similarly model eMeryimensions: metadata, historical context, materials and

gent behaviors through multi-agent interaction. In ComraSttechnique, formal analysis, iconographic analysis, docu-

our Work focu.ses on discovering historically grounded Cre'mentary evidence, provenance, scienti ¢ analysis, inter-
ative trajectories from documentary,

raje _ ary, archival, technical, ang, taions, cultural impact, and con icts. This schema
art-historical evidence, and re ning them through artwork-jg yesjgned to capture both iconographic and technical as-
grounded self-re ection rather than treating generation as %ects of an artwork. The iconographic dimensions focus on
one-shot artlfact—productlon ta;k. A detailed .dlscussmn Olisual content, symbolic meaning, and interpretation (Panof-
the related works is presented in the Appendix A. sky, 2018), while the technical dimensions record materi-
als, methods, condition, provenance, and scienti ¢ ndings
3. Method (Hermens, 2012). To support reasoning under uncertainty,
the repository also preserves disagreement between sources.
When sources offer con icting claims, the agent does not

Discovering how an artwork was made requires more thagollapse them into a single reconciled statement; instead, it
describing its visible surface. The nished object shows thestores the competing positions in a dedicatedflicts

result, not the order of actions, revisions, abandoned altefategory. This allows the abductive solver to compare alter-
natives, or decisions that produced it, and since differenfative explanations while maintaining an explicit awareness
processes can yield similar effects, the object alone doe@f uncertainty in the evidence.

not determine its own history. Process discovery thereforgne evidence in the repository is tagged by how it was
requires external knowledge: artist letters and preparatorypiained: the Deep Research agent assigns each piece of

studies (Van Gogh, 2009), imaging and pigment studieg,igence a tag based on its source and method of discov-
(Zhao et al., 2008; Delaney et al., 2016), museum and AUty eitherdirect _evidence ,indirect _evidence

tion records, and later scholarship. These sources CO”Straitherpretation , or speculative (Howell &
what is plausible, as technical studies reveal hidden layers eyenjer, 2001). Heredirect _evidence refers

and materials, correspondence records intent and working, primary sources, such as artist letters, archival
conditions, and preparatory studies expose earlier statggcords, museum entries, conservation reports, etc.
But they differ in reliability: a statement by the artist, a con-|ngirect _evidence captures claims inferred from con-
servation report, and a speculative claim cannot be treategyt,al or secondary sources, including biographies, ex-
alike, and once retrieved as plain text, these differences afigpition histories, related artworks, or known workshop
easily hidden. Since downstream reasoning depends on ﬂiﬁactices. Interpretation denotes scholarly read-
reliability of ev_idence (Shi et. al., 2023), evidence_ typing ings of meaning, symbolism, style, or intention, while
must occur while knowledge is gathered, not after it. speculative  marks low-certainty claims that lack strong

3.1. Evidence Construction
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Base Policy 0

def solver(agent, evidence_repository, artwork,
policy= 0?:

role = "art historian specializing in process
reconstruction”

schema = PEIRCEAN_SCHEMA(
OBSERVATION: ‘A directly evidenced
feature of the artwork or’its context;
something that can be pointed to and
verified.

RULE: A general principle stating .
that if process P were followed, observation
O would result.

HYPOTHESIS: Therefore, process P was
most likely undertaken. State this as a
concrete, ‘actionable instruction.

ACTION: A concrete instruction
realizing the hypothesis; specifies what to
lay in or how 'to edit the current canvas.

EVIDENCE: The evidence-repository
unit that grounds the observation, ‘with
reliability tag: direct, indirect,
interpretation, or speculative.

)

constraints = (
"1. Apply Peircean schema for every step: "
"observation, rule, hypothesis.n n"
"2. Every step must cite at least one
specific key "
"from the evidence JSON.n n"

"step 1 is first, step N is last.n n"
"4. Return valid JSON only.n n"

"3. Steps must appear in production order; "

Updated Policy 3

def solver(agent, evidence_repository, artwork, policy=
role = "art historian specializing in process
reconstruction”

schema = PEIRCEAN_SCHEMA(
OBSERVATION: ‘A directly evidenced
feature of the artwork or’its context;
something that can be pointed to and verified.

RULE: A general principle stating
that if process P were followed, observation
O would result.

HYPOTHESIS: The inferred production
explanation that identifies process P as the
most plausible cause of the observation.

ACTION: A concrete instruction
realizing the hypothesis; specifies what to
lay in or how to edit the current canvas.

EVIDENCE: The evidence-repository
unit that grounds the_ observation, ‘with
reliability tag: direct, indirect,
interpretation, or speculative.

)

method_principles = ( .
"1. Render the central visual anchor at the scale"
and position implied by the composition.”

"2. Define each elements palette using documented"

color temperature and saturation."
"3. Layer elements following the dark-to-light"
" sequence in the technique notes."

)

constraints = .
"1. Apply Peircean schema for every step: "
“observation, rule, hypothesis, action.n n"

“2. Every step must cite at least one specific key "

"from the evidence JSON.n n"
"3. Steps must appear in production order; "
"step 1 is first, step N is last.n n"

3):

“4. Return valid JSON only.n n"
"5. Refine the background with mountains,
return trajectory watercourses,” i,

" road, bridge, and sfumato transitions.n n"
"6. Adjust the smile and mouth to be softer and"
' more ambiguous.n n"

Figure 3. Base policy (. The policy speci es the solver role, the "7. Model the eyes with soft tonal gradations,”
Peircean schema used to structure abductive reasoning, and { B B e i e ound. and”
requirements for generating grounded process-reconstruction ste + |, "ender costume details faithfuly.n n”

The solver is adapted from the frameworks of (Kakade et al., 2026 )

Yin et al., 2025), with modi cations to support evidence-grounded return trajectory

abductive process discovery in our setting.
Figure 4. Updated policy 3 after re ection. Black text denotes
unchanged policy content, while green text marks learned method

. L principles and newly added reconstruction requirements.
documentary or material support. These distinctions allow

the abduction agent to reason with graded reliability instead
of treating all retrieved claims as equally trustworthy. For
example, a signed letter by the artist and a speculative claim
from popular writing then carry different weight in reason-

ing, rather than being treated as equally reliable. how a blank canvas could have been transformed into an

artwork consistent with the evidence in Mdence
The agent is also instructed not to invent missing infor- o . ) .
mation or merge the interpretation with fact. As a result/APduction is appropriate for this setting because the process
M evidenceiS NOt @ at text summary but a structured evi- 'S not observed directly. The a_gent ob_serves the mshgd
dence base where each claim carries its source, reliabilitg"ork and the records around it, and tries to abduce which
and uncertainty. An exampl evigencefor Mona Lisa is ~ Seduence of actions WOL_JId best explain them (Josephson
provided in the Appendix B.1. & Josephso'n, 1'996; Kapltan, 1992; Hoﬁman et al., 2020).
The deduction is too strict for this task since no general
rule entails the making of a particular painting. Induction
is also limited, since we do not have a large set of com-
The evidence repository gives a structured account of whaparable making processes from which to learn a reliable
is known about an artwork but does not by itself explainpattern. Abduction, instead, reasons backwards from ob-
how the artwork was made. It contains claims about materiserved evidence to a plausible explanation. Although recent
als, visual features, documents, provenance, and technicabrk shows that language models can perform abductive
ndings, but these claims must still be turned into a processinference (Bhagavatula et al., 2019), our setting requires
We therefore use an abductive agent to move from evidencthe inference to remain grounded in an external evidence
to process. The goal is to infer a trajectoryhat explains  repository.

3.2. Abductive Process Discovery

4
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Create a portrait-oriented High Renaissance-style oil
portrait. Depict a seated woman as the central sit- i i+1
s ter, placed rmly in the central eld of the canvas I
Step 9 and rendered nearlylfe-sized relaive o the image
Her upper body should occupy about 60-65% of the
oL R image height and 45-50% of the image width. Po;
trandiions at the coers, sition her torso frontally but turned siightly to her
avoiding any hard outing, feft, while her head gently rotates back toward the
g is one”of e feslurcs viewer. Keep the pose calm, balanced. and triangulr,
Peyciaiogical Smmguny. with the shoulders, arms, and folded hands forming
a stable visual base. Usé muted earth tones through-
Rule; Sfumate around the ut: warm umbers, oive browns, ochres, moss greens
o oDyoduced oY smoky blue-greys, subdued golden esh tones, and
TanalicEnt o giapds, each deep brown-black shadows. Apply Soft sfumato tran
anly> one to twd' miciometres iti re, avoiding hard outlines. Plac
ihick ana lignily’ charged face slightly above the horizontal center. Re ne th
with pigmen iguot wn-toned eyes, softly shaded
Hypothesis, The painier lids, faint brows, a delicately modelled nose, rounded
ra"ngs"\jeg n‘CyE"e"“u%“s‘ B i che‘eks hand a small mouth with a gentle enigmatic
Ahi smile whose corners dissolve into ha:
;ﬁg low glazes around the- lips folded hands a major focal point in the lower fore
round. Dress the sitter in a dark textured costume
Action: upper layers: of black, deep brown, and olive-brown fabric. Add
Mocolthedmolthlvithfsofi hints of yellow-gold sleeves and a pale white chemise
onel graderons yelng ey near the neckiine and shoulder opaning. A transparent
bilrring the. comgrs. and_lip veil covers the head and shoulders, falling softly over
s Stibile “smile dark center-parted hair and the upper torso. Behind the
vealﬂs without. manyhharg X sitter, include a low parapet or balustrade separating
outiine ‘o visible “brushwork the gure from a distant atmospheric landscape. Adt
Evidence Ke winding roads, rocky landforms, calm water, a narrow i i
R el anysie brdge. ayercd Pl cif, and ety mounains. Use Policy Optimization
aerial perspective and unify the surface with warm .
‘aged varnish, smooth oil glazes, soft modelling, atmo- self-re ection + reward update

spheric recession, and tranquil Renaissance stilness.

Figure 5. lllustration of policy learning. ArtMine converts an evidence-grounded process into a DAG of visual dependencies, compresses
the graph into a reconstruction prompt, and re nes the generated image through policy learning.

3.2.1. POLICY INITIALIZATION from the trajectory. In this way, the trajectory is grounded
and provides an initial evidence-linked explanation of how

The abductive agentB(yq) is initialized with a policy the artwork may have been made

i = (R; ;C) that governs how it reasons over the ev-
idence. The rolR gsksBabd to act as an ar_t—historical 3.2.2 POLICY LEARNING
process reconstruction system. Following Peirce's account
of abduction as inference to the best explanation (Peircdhe process is abduced by the initial policy frdMneyigence
1997), the abductive protocol expresses each step as aalone and is never tested against the way its choices look
triplet: an observation of a feature of the work, a rule stat- once drawn. The initial process is therefore unveri ed, and
ing that a process of type would produce that feature, it may misplace an element, misjudge a proportion, or set
and a hypothesis that selects the concrete production actiothe wrong palette.
P which, under the stated rule, best explains the ObserVegorrecting the initial process requires rendering it as an
feature. Unlike the original Peircean triplet, which leaves.

. . image and comparing the result with the reference artwork.
the inferred process underspeci ed for downstream genefs . .

. : ; rior work on self-evolving agents has shown that feedback
ation, B;pg extends by adding both an action and an

. ; . from past trajectories can improve an agent's capabilities
evidence to each inferred step. The action translates th b J P 9 b

abductive hypothesis into a concrete production instructio{\%rough policy optimization (Zhang et al., 2024; Chen etal.,

. 025; Yin et al., 2025; Kakade et al., 2026; Liu et al., 2026).
that can be carried forward by later modules, such as DA . o . ;
. . ) otivated by this view, we formulate policy learning as
construction and prompt generation. The evidence then " . . ; .
) . ) . multi-reward-driven self-re ection, where reconstruction
binds the observation of the step to a speci ¢ unit of thefeedback is used to update the abductive policy from) fo
repository and carries the reliability tag of the unit, so the P policy Trof

: . . : f i+1 )- The abductive agent compares the rendered image
action remains traceable to its supporting source (Howelwith the reference artwork, analyzes deviations in elements
& Prevenier, 2001). The constraint $etfurther requires . Y

:auch as composition, palette, position, and form, and re ects

the agent to cite evidence, ‘F?lVO'd u_nsupported_ cl_a|ms, aNh the likely causes of these errors. The resulting feedback
remain close to the production logic of the painting. The.

L : A is incorporated into the policy for the next iteration, so
complete policy is provided in Figure 3 and prompt for the . . . . .
: . . . that subsequent trajectories remain consistent with both the
agent is provided in the Appendix D.

evidence repository and the visual appearance of the target
Under this policy, the agent reconstructs an initial trajectoryartwork. The components of this loop are described below.

ence work and, at each step, emits an abductive quadrupompositional graph construction. From , the compo-

grounded in a repository unit and conditioned on the stepsition agent reads each step and extracts the speci cation of
already committed. Since the policy requires each abductivéne corresponding visual element, together with attributes
quadruple to include an evidence key if no such key can bguch as colour, size, position, and brushwork texture. For ex-
supplied, the step is treated as unsupported and excludeghple, a step such as “paint a seated central gure in muted

5
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earth tones with softly folded hands in the lower foreground’'Gy, are generic to the art-creation process, such as how to
is decomposed into an element node for the sitter, attributerder layers or set a palette from the evidence, so they are
nodes for palette and scale, and relational information spedelded back into the policy ; and carried forward to every
ifying the position of the hands. The agent then compilesubsequent run.
the trajectory into a directed acyclic graph (DAG) whose The second category consists of artwork-speci ¢ corrections
nodes are visual elements and whose edges connect each” ™ . . . )

. a& which capture adjustments required by the particular tar-
element to the element it builds on. . o : o

get work, such as softening the sitter's smile, repositioning

Each edge iiG has two labels. The rst label speci es the the folded hands in the lower foreground, re ning the at-
relation between the child element and its parent, such anospheric background, etc. Rather than being converted
whether the child re nes, overlaps, sits over, or accents thénto general rules, these corrections are stored in a per-work
parent. The second label speci es the relative position of thenemoryM 4 . During the process discovery of the next art-
child with respect to the parent, for example, whether a hanavork, this memory is provided as a set of worked examples
appears in the lower foreground of the sitter, or a bridgethat the agent may adapt when the new evidence supports a
is placed in the distant background behind the gure. Thesimilar compositional or material decision.

elements whose out-degree exc.eeds a prede ned thre§h0%hen the rendered artwork still exhibits substantial diver-
are selected as focal elements; that is, they are the visual :
ence from the reference, the re ection produced under

elements on Wh"?h many other elements_d_epend. .The%e current policy is used to revise the policy. The updated
focal elements jointly anchor the composition. Unlike a olicy is formed as
at list of steps, the DAG preserves both the partial orderP"Y
of making and the relational-spatial structure needed for - (D . .

w1 =(R; [C 4;C[CL); 1
the artwork reconstruction prompt. The prompt for the =R 9 C1Ca) @

composition agent is provided in the Appendix D.4. whereG, extends the abductive protocolwith reusable

process-level principles, ar@ extends the constraint set
Artwork reconstruction prompt. The visual prompt C with artwork-speci c corrections. Duplicate entries are
agent composes the artwork reconstruction prompt f@m discarded. The loop then reruns undey; and continues
It leads with the focal element, then places each remainings long as the rendered artwork improves. An example of
element by its relative position to the element it builds onan updated policy is presented in the Figure 4. The self-
carrying the attributes from the attribute nodes. It dropsre ection loop stops when one of three conditions is met:
artist and title identi ers, so the generator works from the Acceptance, where the mismatch severity becomes small,
reconstructed appearance rather than from a named workaind all rewards stop changing meaningfully; No-progress,
already knows. A text-to-image model renders the promptvhere the mean reward declines #rconsecutive itera-
in a generated image The prompt for the visual prompt tions; or Budget, where the iteration limit is exhausted.
agent is provided in the Appendix D.5. Since a later update can sometimes lower a reward, the sys-
tem returns the best-scoring iteration rather than the last.
Multi-reward scoring. We comparel with the reference  This state consists of the inferred trajectorythe generated
artworkl ¢r along three complementary rewards. The styleimagel , the reward vectos, and a termination label indi-
reward (CSD (Somepalli et al., 2024)) measures agreemen¢ating whether the loop ended by acceptance, no-progress,
in brushwork, palette, and surface character. The perceptuaPr budget exhaustion.
reward (LPIPS (Zhang et al., 2018a)), measures low-level
texture and structural agreement. The semantic reward3:-2-3- FORMALIZING THE LEARNED POLICY VIA
(CLIP (Radford et al., 2021)) measures whether the depicted CROSS-ARTWORK TRANSFER

content matches the reference. ArtMine applies the policy learning loop across a sequence

of canonical artwork#\1;:::; At. The learned policy is
Self-re ection and Policy updation. The abduction agent carried forward, so the method-principl€gand artwork
closes the loop by working out why the rendering falls memory M4 accumulate into a trained policy .
short and what should change. It looks at the rendered an . . .
: . fter learning across the canonical sequence, ArtMine
reference artworks together, guided by the multi-rewar ]

vector and the ordered actions that produced the imageeeze.S the policy apd applle§ It once tp a new artwork,
atbducmg and rendering a trajectory with no further up-

Reading the rendering against the reference artwork elemetaates_ Any gain must then come from the inherited method-

by element, it notes where an element is missing or where . " . .
. ! . . rinciples and artwork memory, so this setting tests whether
its colour, size, position, or shape has drifted, and assessg]s

the severity of each divergence. What it learns from this € policy transfers to a low-evidence regime.
falls into two categories. The rst, the method-principles ArtMine renders the discovered trajectory in three modes.

6
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(@) Generated-image trajectory across successive policies
0y 1; 25.:

Figure 7. Direct and guided staged reconstruction for The Girl

at the Gate by George Clausen. The top panel shows direct stage-
wise generation, where each stage is generated independently. The
bottom panel shows guided stage-wise generation, where each
stage is conditioned on the previous generated stage, resulting in a

Figure 6. Process discovery and staged reconstruction. (a) Gen- Mmore coherent reconstruction trajectory.

erated images obtained across successive policy updates, showing

how the reconstruction improves as the policy is optimized. (b)

The highest_—scoring process is s_elected_, and its guided st_age-wiﬁgz_ Dataset

generation is rendered to visualize the inferred progression from

intermediate steps to the nal image. Following (Kumar et al.), we use ten artworks sourced from
WikiArt, split into ve canonical and ve non-canonical
works. The canonical set comprises Impression, Sunrise,

Single-pass renders the full trajectory in one pass, as duringafe Terrace at Night, Guernica, The Scream, and the Mona

learning, yielding one image from the complete promptLisa. The non-canonical set comprises The Girl at the Gate

Direct stage-wise splits the trajectory into ordered stagesby George Clausen, Horse and Cart by Georges Seurat, Two

each combining one or more steps of theand renders Riders by a River by Edgar Degas, Cat and Canary by Will

every stage independently from its partial DAG. Guided Barnet, and A Walk at Dusk by Caspar David Friedrich.

stage-wise renders the stages in sequence, conditioning each

on the previous image so later stages layer over earlier one$.3. Baselines

These three modes let us assess how good the discove

process is and whether it can be rendered step by step.

(b) Guided generation highlighting process progression.

I . : .
\We compare the ArtMine against a set of prompting strate-
gies that share its backbone and generator, but omit its policy

learning.

4. Experimental setup.
P P Prompting strategies. We compare against four prompt-

4.1. Experimental details ing baselines using the same Qwen2.5-VL backbone and

. o . LUX.1-dev generator: CoT, CoT-SC, ToT, and Self-Re ne.
Evidence construction is performed with a Deep Researc : . :
ach baseline reconstructs the process in a single pass and

agent built on MiroThinker 1.7 mini (Team et al., 2025). . . )

. . . is evaluated with and withoM ¢yigence - Full prompts are
Given an artwork and artist name, the agent retrieves open- . . . !

. . . o rovided in the Appendix.(Refer Figures 9, 10, 12, and 11)

domain evidence and organizes it into the concepts schentd
described in Section 3.1. The remaining reasoning compad¥ evigence @blation. We run every strategy in two settings.
nents share the same backbone: the abductive solver, codvith M .yigence , the strategy receives the structured evi-
position agent, and visual prompt generation agent all usdence repositor eyigence for the artwork, so its recon-
Qwen2.5-VL. Image generation is performed with FLUX.1-struction can be grounded in the documented materials,
dev. We evaluate process discovery through artwork reechnique, and iconography. WithoM eyigence , the same
construction. We compare the generated artwork againstrategy receives only the reference image and must infer
the reference image along three complementary axes. CSthe process from what it observes.
measures stylistic similarity, especially brushwork, palette,
a_nd surface character. LPIPS measures low-level perceptugl_ A Case Study
distance. CLIP measures semantic agreement between the
generated image and the reference content. We track thwe illustrate the framework through artwork reconstruction
three scores separately rather than collapsing them into@n the canonical and non-canonical works. The study is
single scalar, because the weakest axis identi es the maimtended as a proof-of-concept exploration of how abductive
failure mode that re ection should address in next iterationpolicy learning and structured evidence synthesis support
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Table 1. Average reconstruction quality across canonical art-
works.

Setting Method CSD" LPIPS# CLIP"

CoT 0.289 0.647 0.858
CoT-SC 0.296 0.638 0.854
Self-Rene  0.268 0.634 0.855
ToT 0.269 0.623 0.855

W/0 M evidence

CoT 0.350 0.616 0.844
CoT-SC 0.312 0.642 0.843
Self-Rene 0.291 0.625 0.840

) o . . ToT 0.294 0.667 0.842
Figure 8. Qualitative comparison of reconstruction methods on
a canonical and a non-canonical artwork. Each row shows the ArtMine 0.395 0.527 0.916
reference image followed by reconstructions from CoT, CoT-SC;
ToT, Self-Re ne, and ArtMine. ArtMine better preserves global
composition, motif placement, and painterly treatment than the
baseline prompting strategies.

W/ M evidence

Table 2. Average reconstruction quality across the non-canonical
artworks. For stage-wise reconstructions, scores are computed
only on the nal generated stage, since it represents the completed

interpretable representations of artistic process. reconstruction.
. X Setting Method CSD" LPIPS# CLIP"
5.1. Structured Evidence Repository ot 0331 o654 0869
. . . CoT-SC 0.264 0.654 0.853
M evidence helps to discover production order.M eyidence WIthOUEM eucence  geif pe ne 0207 0626  0.862
organizes art-historical information as constraints on how ToT 0271 0655 0872
the artwork could have been made. These constraints give ggl < %32‘;72 %%glz %882%
the abductive agent the evidence it reasons over to recoveMthM evsence g pe'ne 0323 0617 0873
a plausible order of production. For the Mona Lisa (Ap- ToT 0289 0593 0882
pendix B.1), evidence about the thin poplar panel grounds ArtMine (Single-Pass) 0472 0531 0893
.. . ArtMine (Stage-Wise (Direct)) 0.462 0.578 0.898
the support that must precede all painting, and infrared nd- ArtMine (Stage-Wise (Guided)) 0222  0.738  0.838

ings recover the chair, balusters, etc., the darkened surface
hides. Technical evidence about sfumato then grounds the
later steps that model the mouth, eyes, hands, and landscape.

From these constraints, the agent infers the production or- .
der, placing the support rst and the sfumato modelling’oman, folded hands, a dark costume, and a distant land-

last, grounded in documented technique rather than visu&CaPe. but not the process behind it. The abduction agent
appearance. bridges this gap by inferring the sequence of artistic opera-

tions that could have produced the observed work.
Preserved con icts guide the abduction agentM evigence ) .
also reduces overcon dent reconstructions by preserving th&Pduction bridges appearance and process. The Ap-
reliability of each claim. Each item is tagged by evidencePendix C.1 synthesis output illustrates this for the support

type, so interpretive readings are not weighted like museunyt€P- The observation is a large, thin poplar panel, and

or conservation records, and as Figure 2 shows, most sufit€ rule is that any support precedes all paint. From these,

port comes from those sources. Con icts are kept rathet€ @gent infers that Leonardo prepared the panel rst and
than resolved: for The ScreaM, evigence records disagree- adds panel preparation as the opening action. Infrared evi-

ment over the gure's sex and dress, which prevents thedence of a chair, balusters, and a balustrade works the same

agent from committing to unsupported details and abduc¥/@y- The agent infers that the pose and loggia setting were
an androgynous gure. (Refer to Section B.2). planned early, and adds an underdrawing action before any
modelling. Figure 6 (b) shows these stages in order, from

layout through dead colouring, rst modelling, upper layers,
synthesis, and a nal surface adjustment. The same pattern
Visuals alone cannot determine process. The abductive holds beyond the Mona Lisa. In Gaferrace at Night, the
agent infers a plausible artistic process from the evidencglowing terrace and blue-violet street become a plan to orga-
stored inM evigence - FOr €ach observed feature, it tries to nize the cafe, street, and sky rst, then build the warm—cool
hypothesise which operation naturally explains its presenceontrast through colour and brushwork (Refer to Sectionn
A visual description of the Mona Lisa may note a seatedC.2).

5.2. Abductive Process Discovery
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