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TCFP-Sight: Ontology-Gated DAIE Reasoning for Auditable
Appreciation of Traditional Chinese Figure Painting

Anonymous Author(s)

Iutput

Title:A Fisherman-Recluse / Artist:Ma Yuan / Dynasty:Song Dynasty

Initial Evidence Extraction
L1 Content layer / L2 Formal Layer

Corner compositionG

Bamboo

Colophon

Fishing rod

Headwrap

Rod & Hat

Fisherman

Resting

Plain cloth robe

Fishing Boat

Oar

Water Ripples

Riverbank

G Gong-xie hybrid 
brushwork

Reeds
Dilute ink-washB

 Reduced-stroke lineF

Negative spaceG

 Album-leaf formatG

Rice paperG

G Global painting F Figure B Background

DAIE Reasoning
 I (Interpretation)D (Description) / A (Analysis)

Focus set

symbolizes

 Negative space

symbolizes

G

 Reduced-stroke lineF

     (Theme)

Literati fisherman-
recluse lifestyle

adrift

Reeds

Background背景

背景Located in

Riverbank
Fisherman dozing

Cool stillness

momentary repose

抱Lying prone
embodiesBoat

      (Mood)

Serene stillness; 
refined sparseness

趴Clasping 

Background处在

Bamboo Mapping

Oar

symbolizes

 Dilute ink-washB

GGong-xie hybrid 
brushwork

atmospheric foil

gentlemanly virtue

Literati Fisherman-
Woodcutter dialogue 

Elegant 
refinementFisherman

     (Value)

Pursuit of reclusion 
and inner peace

hermit ethos

   Corner compositionG

E (Evaluation)

Artistic Lineage

Representative of the 
Southern Song Academy; the 
period in which Ma Yuan 
consolidated his signature 
"Ma Corner" (Mǎ jiǎo) style.

Artist Creative Intent

Ma Yuan came from a 
distinguished lineage of court 
painters and enjoyed imperial 
patronage, yet his inner life 
yearned for streams and 
forests (lín quán).

Philosophical 
Grounding

Synthesis of Song Neo-
Confucianism (lǐ xué) and 
Chan Buddhism, advocating 
introspective cultivation of lǐ 
(moral principle) and xīn (the 
reflective mind).

Output
DAIE Structured Auditable 


Appreciation Report
D · Description

A fisherman in headwrap and plain robe lies on his oar 
with eyes closed, resting on a lone boat moored along 
an autumn riverbank edged with bamboo and reeds. 



A · Analysis

Executed at album-leaf scale, the composition adopts a 
corner-placement strategy with a single sparse focal 
point, releasing vast negative space in the manner of 
"room for a galloping horse." Brushwork blends gong 
and xie registers, deploying reduced-stroke (jiǎn bǐ 
miáo) lines that are spare yet formally precise. The 
palette is pure ink-wash, with tonal gradations of wet 
and dry, dark and pale, replacing all pigment.



I · Interpretation

The resting fisherman sublimating into the fisherman-
recluse motif, elevating mundane repose into an ideal 
of retreat from society (yǐn jū jiāng hú). The prevailing 
mood moves from natural ease through quiet stillness 
toward vast autumnal solitude, while the underlying 
value system fuses a Daoist hermit ethos with the 
literati tradition of projecting personal ideals onto the 
fisherman archetype.



E · Evaluation

The work belongs to the Southern Song academy, 
encoding the dynasty's exile sensibility within the 
economy of small-scene painting. Ma Yuan's signature 
partial framing and economical brushwork produce a 
spatial resonance far exceeding the modest scale. 
Culturally, the fisherman motif sustains an enduring 
literati self-projection, inviting the viewer into a 
"reclining journey" (wò yóu) — an aesthetic experience 
of spiritual travel without leaving one's seat.

L1 Evidence L2 Evidence

L3 Evidence Context Evidence

Figure 1: TCFP-Sight traces the DAIE reasoning path over Fisherman Resting on Autumn River (Ma Yuan, Southern Song):
from L1/L2 visual evidence → Focus Set (D) → formal-language analysis (A) → theme–mood–value interpretation (I) →
cultural-historical evaluation (E), producing a fully auditable appreciation report.

Abstract
Enabling artificial intelligence to transcend surface-level visual
perception and achieve deep cultural-semantic understanding of
Chinese figure painting is a core open challenge in Cultural Her-
itage Computing. Although multimodal large language models
(MLLMs) can generate fluent art commentary, they systematically
fail at cross-level cognitive transitions—producing conclusions that
are semantically coherent yet lack grounding in low-level visual
evidence—a failure mode we term cultural hallucination. Existing
retrieval-augmented generation (RAG) approaches, moreover, lack
stage-structured reasoning constraints and domain-specific onto-
logical support. We therefore present TCFP-Sight (Traditional
Chinese Figure Painting Sight), an ontology-gated multi-stage rea-
soning framework for auditable appreciation of Chinese figure
painting. The system is grounded in a structured prior knowledge
space integrating Panofskyan iconology with Chinese painting
theory into a computable semantic schema, instantiated across a
knowledge graph of 1,323 annotated figure paintings spanning the
Tang through Qing dynasties. An Ontology Gating mechanism pre-
vents premature activation of high-level cultural meaning before
low-level evidential foundations are secured, mandating that all
output claims carry explicit evidence links and confidence scores.
Evaluated on a newly constructed benchmark of 100 classical paint-
ings, TCFP-Sight achieves consistent gains over generic MLLMs
and RAG baselines across appreciation quality and hallucination
suppression dimensions, while improving evidence traceability. Ab-
lation studies further confirm that Ontology Gating is the most

Conference’17, Washington, DC, USA
2026. ACM ISBN 978-x-xxxx-xxxx-x/YYYY/MM
https://doi.org/10.1145/nnnnnnn.nnnnnnn

critical anti-hallucination component, and that the staged reason-
ing pipeline is an indispensable complement to domain knowledge-
driven architectures.

CCS Concepts
• Computing methodologies → Knowledge representation
and reasoning.

Keywords
Cultural Heritage Computing, Traditional Chinese Figure Painting,
Iconology, Ontology Gating, Appreciation Reasoning

1 Introduction
Enabling artificial intelligence to transcend surface-level visual
description and achieve deep cultural-semantic understanding of
Chinese figure painting stands as one of themost pressing open chal-
lenges in Cultural Heritage Computing [18, 27]. As a primary visual
medium of Chinese civilization, Chinese figure painting encodes
intricate narrative logic, aesthetic paradigms, and philosophical
meaning [28]. From the perspective of iconology and art-critical
methodology, the complete appreciation of a figure painting is by no
means a singular object-recognition task; it constitutes a rigorous,
progressive chain of cognitive reasoning—from the objective de-
scription of visible content, through the analysis of formal language
and brushwork structure, to the interpretation of iconographic mo-
tifs and cultural meaning, and finally to a comparative evaluation
situated within its historical context [23, 24]. This layered cogni-
tive structure forms the methodological foundation of art-historical
inquiry. Any semantic leap across levels, or any inference drawn
before lower-level visual evidence has been sufficiently established,
undermines the traceability upon which credible appreciation de-
pends.

1
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Recent years have seen MLLMs achieve remarkable performance
on general visual understanding tasks, with growing applications
to cultural heritage image analysis [4]. Yet existing research con-
sistently reveals a systemic deficiency: while MLLMs demonstrate
perceptual competence in recognizing image content, they struggle
to correctly reason through cultural meaning, frequently breaking
down at cross-level transitions in the cognitive reasoning chain [21].
This limitation is particularly acute in Chinese figure painting. The
domain’s distinctive expressive logic renders the meaning of visual
symbols highly context-dependent: the combination of pine, qin
zither, and mountain dwelling, for instance, activates the cultural
theme of reclusion (yinyi) rather than a neutral landscape classi-
fication; brushwork and ink carry strong affective and aesthetic
orientation; and the interpretive stance of a workmust be rigorously
anchored to its specific dynastic context [28]. These domain-specific
characteristics constitute barriers that general-purpose models can-
not readily overcome.

Although RAG partially mitigates these issues by incorporating
external knowledge bases [30], existing methods still exhibit two
core deficiencies. First, a reasoning paradigm gap: the one-shot
generation lacks staged constraints, causing high-level cultural in-
terpretations to be triggered before low-level visual evidence is es-
tablished. Second, a knowledge base gap: existing repositories built
onWestern frameworks lack ontological coverage of the core gener-
ative logic in Chinese painting theory—evolving from brushwork to
qiyun (rhythmic vitality) and yijing (artistic conception) [20]. Con-
sider a gaoshi painting from the Ming–Qing transition: a generic
MLLMs describes “a serene, Zen-inflected mood” despite desolate
brushwork (L2 misattribution), maps the recluse–pine composition
onto linquan gaozhi rather than the historically appropriate loyalist
(yimin) stance, and produces no claim traceable to visual evidence.
These two deficiencies converge in the domain of Chinese figure
painting to produce a distinctive failure mode: cultural hallucina-
tion, in which system outputs are semantically coherent yet cannot
be meaningfully grounded in actual visual evidence or historical
context [21].

Overcoming cultural hallucination and achieving auditable com-
putational art appreciation calls for a structural rethinking: re-
casting appreciation from black-box one-shot generation into a
structured reasoning chain of discrete, sequentially activated cogni-
tive stages, each governed by independent knowledge-access con-
straints and standardized output formats. We present TCFP-Sight
(Traditional Chinese Figure Painting Sight)—an ontology-gated rea-
soning framework that structures appreciation as four progressive
stages: Description , Analysis Interpretation, and Evaluation, col-
lectively termedDAIE[3, 25, 26] —for auditable appreciation of Chi-
nese figure painting. The framework is grounded in a prior knowl-
edge space comprising a domain ontology that unifies iconologi-
cal and Chinese-painting-theory categories, an ontology-aligned
knowledge graph supplying instance evidence and historical con-
text, and a symbolic rule base enabling controlled cross-level se-
mantic triggering. An Ontology Gating mechanism enforces hard
semantic boundaries across stages, ensuring that no higher-level
cultural meaning is activated until the evidential basis at the current
stage has been firmly established [20]. The main contributions of
this paper are as follows:

• We propose ontology-gated DAIE reasoning—a four-
stage appreciation pipeline of Description, Analysis, Inter-
pretation, and Evaluation enforced by an Ontology Gating
mechanism—that prevents premature activation of high-
level cultural meaning before lower-level evidential foun-
dations are established.

• We propose a Chinese figure painting knowledge space
integrating Panofskian iconology with Chinese painting
theory to address the ontological gap in formal-language
modeling for East Asian painting absent from existingWestern-
oriented art knowledge bases.

• We validate the effectiveness of auditable DAIE appre-
ciation reasoning via a newly constructed 100-painting
benchmark, demonstrating consistent gains over MLLM
and RAG baselines across six dimensions spanning appre-
ciation quality, hallucination suppression, and evidence
traceability.

2 Related Work
We survey three threads directly bearing on ourwork—computational
iconology,MLLMs for art appreciation, and RAG for cultural heritage—
noting that systematic integration across all three remains limited,
particularly in cross-level cultural reasoning and appreciation trace-
ability.

2.1 Computational Iconology and Chinese
Painting Theory

Panofsky’s iconological paradigm establishes a progressive logic
of semantic construction from surface to depth: from the expe-
riential recognition of natural objects, through the semantic de-
coding of iconographic motifs and narrative themes, to the deep
cultural foundations and historical spirit of the work [22, 23]. This
highly stratified cognitive schema carries substantial computational
potential. Following this trajectory, Impett and Moretti were the
first to translate core iconological categories into quantifiable dis-
crete operations, confirming the technical feasibility of migrating
humanistic interpretive theory into formal computational meth-
ods [14]. Subsequent research has achieved sustained and substan-
tial progress across iconographic taxonomy construction [7], AI
operability translation [10], semantic annotation of visual cultural
heritage [1, 11, 24], and metadata interoperability [31].

The interpretive logic of Chinese painting theory aligns closely
with Panofsky’s three-layer framework, it harbours an independent
and comprehensive formal language system of its own. As Xie He’s
“structural use of the brush” (gŭfǎ yòngbǐ), codified as the second
of the Six Principles, establishes [13], brushwork and ink tonality
in Chinese painting are not merely technical categories but the
primary visual medium through which a painter’s personality and
deeper cultural meaning are conveyed [12]. Although the ICON
ontology [24] represents the most systematic computational op-
erationalisation of Panofsky’s tiers to date, its scope is confined
to Western iconographic tradition; existing work targeting Chi-
nese painting [5, 40] likewise lacks both a formal-language-layer
ontology and explicit symbolic mapping mechanisms that anchor
painting-theory vocabulary to low-level visual features.

2
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2.2 Multimodal LLMs for Art Appreciation
Multimodal large language models (MLLMs) have emerged as a pri-
mary driver of automated art analysis by jointly processing images
and text [33]. General-purpose models such as GPT-4V, LLaVA,
and Qwen-VL now reliably handle object recognition, composi-
tional description, and basic affective inference [2, 19, 37]; domain-
adapted counterparts further extend this capacity—through adapter
injection or large-scale art corpus fine-tuning—to affective expres-
sion, formal style analysis, and large-scale pictorial understand-
ing [4, 16, 35]. Decomposed, evidence-chain prompting has addi-
tionally been shown to suppress hallucination and improve align-
ment with human aesthetic judgment [15], yet the applicability of
these advances remains largely confined to general Western art
corpora.

Benchmark studies on Chinese painting and indigenous cultural
imagery reveal a substantial performance gap between state-of-the-
art MLLMs and human annotators onmetaphorical, phonosemantic,
and iconographically deep understanding tasks, while cross-cultural
interpretation studies further show that models systematically fall
into iconographic level confusion and historical context misattribu-
tion [34, 36, 38, 39].

The core bottleneck, in short, is not perceptual but semantic
corroboration failure—the inability to ascend the evidential chain
from visible elements to culturally grounded iconological interpre-
tations, which underlies both cultural hallucination and interpretive
non-auditability [4, 34].

2.3 Retrieval-Augmented Generation for
Cultural Heritage

Retrieval-augmented generation (RAG) mitigates hallucination by
injecting external knowledge at inference time, decoupling paramet-
ric knowledge from factual retrieval [17]. KG-RAG advances this
by organising retrieved chunks around graph structure, enabling
relation-aware association that improves precision on complex,
multi-hop queries [41]; GraphRAG further extends cross-document
reasoning through community summarisation, synthesising glob-
ally coherent answers beyond any single retrieved passage [9].

In the cultural heritage domain, ArtRAG incorporates structured
contextual knowledge into visual art understanding [30], while
graph-enhanced frameworks have been validated for intangible
cultural heritage inheritor information retrieval [29] and domain
knowledge question answering [32]. CIDOC-CRM[6] provides the
ontological foundation supporting semantic interoperability across
these systems [8].

However, existing KG-RAG systems treat retrieval as a stage-
blind global operation: premature surfacing of high-level cultural
meaning candidates causes cross-level semantic drift before the evi-
dential basis is secured [41]. Moreover, general-purpose ontologies
such as CIDOC-CRM lack the domain-specific formal vocabulary
of Chinese painting theory—covering neither brushwork classifica-
tion nor ink-wash conventions—and thus cannot enforce precise
semantic constraints across reasoning stages [8].

These limitations collectively point to the need for an integrated
approach that provides formal-language ontological coverage, cross-
level reasoning traceability, and stage-specific knowledge gating.

3 Prior Knowledge Space
To support constrained and auditable appreciation reasoning, we
formalize the system’s knowledge infrastructure as a prior knowl-
edge space K = (O,G,R): O enforces ontology gating, G supplies
instance evidence and historical calibration, and R triggers cross-
layer semantic candidates. as detailed in Sections 3.1–3.3.

3.1 TCFP Ontology (O)
The TCFP ontologyO constitutes the conceptual grammar of the ap-
preciation reasoning process. Its theoretical foundation integrates
Panofsky’s three-layer iconological pathway— pre-iconographical
description, iconographical analysis, and iconological interpreta-
tion [23]—with the core categories of Chinese painting theory:
brushwork (gufa yòngbǐ), rhythmic vitality (qìyùn), and artistic
conception (yìjìng) [12, 13]. O is compatible with ICON[24] and
CIDOC-CRM[6] while extending both with an L2 Formal Layer
that ontologises the brushwork–qìyùn–yìjìng logic specific to East
Asian painting. This integration translates the progressive inter-
pretive logic inherited from art history and painting theory into
an annotatable, compositional, and formally reasoned semantic
schema suited to classical Chinese figure painting.

Artwork L1 Content Layer L2 Form Layer

 indexes

evokes

maps onto

L3 Interpretation Layer

Theme

Mood

Value

Figure 2: O represents a painting as three progressive seman-
tic layers: L1 (what is depicted), L2 (how it is painted), and
L3 (why— cultural meaning and value).

Structurally, O organizes domain knowledge into three progres-
sive layers (Figure 2): the L1 Content Layer encodes observable
visual entities, scene structures, and spatial relations; theL2 Formal
Layer captures compositional principles, brushwork, ink tonality,
and colorization; theL3Meaning Layer encompasses iconographic
motifs, narrative themes, aesthetic mood, and value orientations.
Each layer is instantiated with a controlled vocabulary of 1,171
terms across 30 third-level categories under 8 second-level classes
(L1: 639 terms; L2: 121 terms; L3: 411 terms), defining admissible
slots, relation types, and enumerable labels to support annotation
consistency and stage-specific retrieval.

Functionally, the operative mechanism of O is Ontology Gat-
ing: following the unidirectional layer progression in Figure 2, the
Description stage is restricted to L1 fields; Analysis to L2; only at In-
terpretation and Evaluation does the system enter the L3 semantic
space. Stage-dedicated system prompts enforce this as hard con-
straints, ensuring that no high-level cultural meaning is activated
before its lower-level evidential basis has been firmly established.

3.2 TCFP Knowledge Graph (G)
G constitutes the instance evidence layer of the system. Following
the taxonomic structure of O, we semi-automatically annotate 1,323
Chinese figure paintings by 488 artists using multi-source data com-
prising 36 authoritative painting catalogues, museum archival texts,
and encyclopaedic sources, producing structured JSON records that
are subsequently instantiated as a graph-structured knowledge

3
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Figure 3: Construction pipeline of TCFP-KG. Dual input streams—painting images (VLM-extracted L1/L2 candidates) and textual
sources —are aligned through the TCFP Ontology and Controlled Vocabulary into three annotation layers, then instantiated as
a Neo4j graph with typed evidence nodes and support edges.

space (Figure 3). The dynastic coverage (Five Dynasties through
Qing) is deliberately designed to span the principal stylistic peri-
ods, thematic traditions, and contextual shifts of Chinese painting
history, thereby enabling historically calibrated interpretation.

L1–L3 concept nodes are linked by entity, spatial, co-occurrence,
support, counter-evidence, and cross-artwork comparative edges;
colophons, poems, and painting-theory passages are represented
as independent text-evidence nodes, enabling explicit provenance
citation in interpretive chains. G serves three functions within the
pipeline: stage-specific subgraph retrieval (each DAIE stage accesses
its corresponding semantic-layer subgraph), interpretation calibra-
tion (verifying candidates against historical co-occurrence patterns
and counter-evidence relations), and cross-artwork comparison for
contextualised evaluation.

3.3 Symbolic Mapping Rules (R)
R constitutes the cross-layer triggering mechanism, distilled from
regularities observed in G. Each rule takes the form

𝑐𝐿1 [ ∧ 𝑐𝐿2] ⇒ 𝑦𝐿3, (1)

where 𝑐𝐿1 ⊆ C1 denotes an L1 content-cue combination (figures,
objects, scenes, actions), 𝑐𝐿2 ⊆ C2 optional L2 formal cues, and
𝑦𝐿3 the triggered L3 motif, theme, mood, or value candidate. The
operative insight is combinatorial: the co-occurrence of literatus–
qín–pine–mountain dwelling triggers the reclusion (yǐnyǐ) candidate
far more reliably than any single cue in isolation.

Each rule is configured with aMinimal Evidence Set (MES)—
theminimum cue combination required to activate agiven candidate—
and an initial weight encoding its iconographic authority, yield-
ing a ranked candidate set with conditional constraints rather
than a forced single conclusion. R thus functions as a knowledge-
constrained forward hypothesis generator: it nominates L3 candi-
dates from structured L1–L2 observations, which G subsequently
validates against historical instances, support chains, and counter-
evidence relations.

4 DAIE Reasoning Framework
4.1 Overview
Grounded in K , TCFP-Sight models appreciation as a four-stage
DAIE pipeline rather than one-shot free-form generation. Formally:

YDAIE = F (𝑋 ; K) (2)

where 𝑋 is the input artwork with metadata, the prior knowledge
space K , and YDAIE is a structured DAIE report in which every
claim carries evidence links, confidence scores, and uncertainty

markers. The overall pipeline architecture is illustrated in Figure 4.
Key notation is summarised in Table 1.

Table 1: Key Notation
Symbol Meaning Symbol Meaning
𝑋 artwork and metadata 𝐼𝑡 , 𝐼𝑚, 𝐼𝑣 𝐼 (Theme / Mood / Value)
K Prior knowledge space 𝐹𝐷 D-stage content focus set
O TCFP ontology YDAIE Structured DAIE output
G TCFP knowledge graph ΦG ( ·) KG correction operator
R Symbolic mapping rules ΨR ( ·) Rule-triggered generator
𝑂𝐿1−𝐿3 Ontology layer 𝐶𝐿1,𝐶𝐿2 Full candidate set
𝐶𝐷 , 𝑅𝐷 Entity, Relation 𝐿𝐴, 𝑀𝐴 micro/macro-level formal

4.2 Multimodal Input Representation and
Initial Evidence Extraction

The system receives the target image 𝑋 and structured metadata
(title, artist, dynasty) as a dual-modal input. We deploy the state-of-
the-art Gemini 3.1 Pro strictly as a front-end perception engine to
extract observable candidates from 𝑋 while deliberately suppress-
ing high-level cultural interpretations. Concurrently, the TCFP on-
tology O and its controlled vocabulary provide two complementary
interventions: constraint (locking outputs to predefined slots and
labels) and semantic enhancement (mapping open-vocabulary
predictions to standardised terms), ensuring cross-stage annotation
consistency and retrieval efficacy.

This process yields two foundational candidate sets (Figure 4,
Front-end Observation). The 𝐶𝐿1 content candidate set enumerates
objectively observable visual entities—figures, objects, landscape
elements, and their spatial relations; the 𝐶𝐿2 formal candidate set
deconstructs the painting’s formal language, covering macro-level
compositional layout and micro-level brushwork and colorimetry.
All candidates are bound to source region labels and initial confi-
dence scores.

4.3 Description (D)
The D stage distils the full 𝐶𝐿1 candidate set (Section 4.2) into a
focus set 𝐹𝐷 = [𝐶𝐷 , 𝑅𝐷 ]—the minimal figure–object–scene combi-
nation 𝐶𝐷 and their interactions 𝑅𝐷 that constitute the descriptive
backbone of the painting.

Focus extraction proceeds in three steps. (1) Anchor identi-
fication: an MLLM integrates visual-salience priors from 𝑋 with
metadata cues to identify the primary figure; O then normalises and
classifies the result according to its role hierarchy. (2) Relation-
centred expansion: entities in explicit interaction or spatial rela-
tion with primary figure are admitted from the L1 candidate set,
yielding the preliminary focus set 𝐹 (0)

𝐷
(3) KG salience valida-

tion: the KG correction operator ΦG matches 𝐹 (0)
𝐷

and C𝐿1 against
4
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Figure 4: Overall architecture of TCFP-Sight. The system operates under a shared prior knowledge spaceK = (O,G,R) providing
field constraints, evidence retrieval, and symbolic triggering. Given an input artwork 𝑋 and its metadata, the front-end
observation module extracts ontology-constrained C𝐿1/C𝐿2 candidates. These feed into four ontology-gated stages—Description
(L1 only), Analysis (L2 only), Interpretation (𝐼𝑡 /𝐼𝑚/𝐼𝑣 , L3), and Evaluation—each retrieving stage-specific evidence subgraphs
from TCFP-KG. The output is a structured DAIE report in which every claim carries evidence links, confidence scores, and
uncertainty markers.

comparable-work patterns in G, suppressing perceptually inciden-
tal entities and recovering iconographically expected entities that
already reside in C𝐿1 but fell below the front-end confidence thresh-
old, scored by co-occurrence frequency with the anchor figure
across KNN-retrieved comparable works, yielding:

𝐹𝐷 =
[
𝐶𝐷 , 𝑅𝐷

]
= ΦG

(
𝐹
(0)
𝐷

,𝐶𝐿1

) ���
O𝐿1

, 𝐹𝐷 ⊆ C𝐿1 (3)

𝐹𝐷 is rendered in a ⟨Who, Where, Action, Relations⟩ format with
evidence links and confidence scores, strictly gated to L1 fields by
O, establishing the auditable factual backbone for subsequent DAIE
stages.

4.4 Analysis (A)
The A stage analyses how the painting was constructed, restricted
to L2 fields and anchored on 𝐴:

𝐴 = ΦG
[
𝐿𝐴 (𝐶𝐷 ), 𝑀𝐴 (𝑅𝐷 )

] ���
O𝐿2

, 𝐴 ⊆ C𝐿2 (4)

where 𝐿𝐴 captures micro-level formal units—brushwork, ink
tonality, and colorimetry applied to𝐶𝐷 entities—and𝑀𝐴 the macro-
level compositional structure—spatial layout, density–void rhythm,
and visual flow—organised around 𝑅𝐷 relations. ΦG further vali-
dates 𝐿𝐴 and𝑀𝐴 against historical formal conventions in G.

Following a form-first principle, 𝐿𝐴 and𝑀𝐴 serve as high-priority
formal evidence for mood interpretation 𝐼𝑚 in the Interpretation
stage, ensuring that affective claims are grounded in observable
pictorial organisation rather than free-floating sentiment.

4.5 Interpretation (I)
The 𝐼 stage crosses from visible facts (L1,L2) into the L3 seman-
tic space. To address the complex semiotic system of Chinese fig-
ure painting, we decompose 𝐼 into three coordinated branches—𝐼𝑡

(Theme), 𝐼𝑚 (Mood), and 𝐼𝑣 (Value)—sharing the pipeline structure

𝐼𝑥 = ΦG
(
ΨR (·)

)���
O𝐿3

, 𝑥 ∈ {𝑡, 𝑚, 𝑣} (5)

where ΨR is the rule-triggered candidate generator, ΦG the KG-
based cross-validator, and (·) denotes branch-specific trigger inputs.
The three branches differ in their trigger inputs, semiotic dimen-
sions, KG validation logic, and target L3 output slots, as summarised
in Table 2.

Crucially, 𝐼𝑣 (Value) synthesises all prior outputs (𝐹𝐷 , 𝐴, 𝐼𝑡 , 𝐼𝑚)
for global semantic integration. For instance, when a recluse motif
(𝐼𝑡 ) co-occurs with an austere brushwork register (𝐴) and a cold,
isolated mood (𝐼𝑚), ΨR generates competing candidates including
yimin loyalist melancholy versus generic mountain-forest aspi-
ration (linquan gaozhi). ΦG then applies genealogical validation
to verify which stance is historically plausible given the specific
dynastic context.

To support auditable outputs, the system assigns a claim-level
confidence score to each interpretation candidate 𝑐 before generat-
ing the final report. This score synthesizes four signals: (1) aggre-
gated confidence of supporting L1/L2 observations; (2) activation
strength of triggered rules in ΨR ; (3) consistency score from the
graph validation operator ΦG ; and (4) evidence chain completeness
(i.e., explicit links to content/formal evidence and available textual
nodes). Formally, it is defined as:

Conf (𝑐) = 𝜆1𝑠obs (𝑐) + 𝜆2𝑠rule (𝑐) + 𝜆3𝑠graph (𝑐) + 𝜆4𝑠evd (𝑐),
where

∑
𝑖 𝜆𝑖 = 1, with each component normalized to [0, 1]. This

score guides both report presentation and output control: high-
confidence candidates become primary interpretations, while plau-
sible lower-confidence ones are retained as alternatives with explicit
uncertainty markers, avoiding the generation of overconfident sin-
gle conclusions.
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Table 2: Interpretation Stage (I ): Three Coordinated Branches

Branch Evidence Inputs Semiotic Target & Reasoning KG Validation Logic L3 Output Slots

𝐼𝑡 (Theme) 𝐹𝐷 , 𝐴 Focus-set-grounded combinatorial reasoning
with formal cues as supplementary evidence,
triggered by R

Co-occurrence reward; counter-
evidence penalty

Subject, Motif

𝐼𝑚 (Mood) 𝐹𝐷 , 𝐴 Figure emotion, object imagery, scene percep-
tion, and formal features; combinatorial rea-
soning triggered by R

Co-occurrence consistency
check

Overall Atmosphere, Figure
Emotion, Thermal Perception

𝐼𝑣 (Value) 𝐹𝐷 , 𝐴, 𝐼𝑡 , 𝐼𝑚 Integration of 𝐼𝑡 and 𝐼𝑚 outputs weighted by
R-triggered activation over 𝐹𝐷 elements; can-
didate arbitration by aggregate score

Genealogical validation against
dynastic context; anachronism
suppression

Value Tendency, Expressive
Stance, Philosophical Orienta-
tion

4.6 Evaluation (E)
The E stage situates the artwork within broader historical and
cultural coordinates rather than merely recapping prior findings.
Formally:

𝐸 = 𝑓𝑒
(
ΦG (𝐼𝑡 , 𝐼𝑚, 𝐼𝑣, 𝐷, 𝐴); O

)
(6)

ΦG performs cross-artwork retrieval conditioned on I-stage out-
puts, recovering comparable works, transmission lineages, and
biographical/textual nodes that jointly define the historical context
for 𝑋 .

Meanwhile, confidence scores from the preceding D, A, and I
stages are passed to the E stage and dynamically calibrated against
the cross-artwork contextual evidence retrieved by ΦG . The struc-
tured output 𝐸 = (𝑆 𝑓 , 𝑃𝑣, 𝐶𝑝 ) covers three evaluative dimensions:
𝑆 𝑓 (Social Function) assesses the ritual or diplomatic role the work
played in its original social network; 𝑃𝑣 (Philosophical/Value Posi-
tioning) assesses its continuity, variation, or subversion of canonical
thought; and 𝐶𝑝 (Creative Positioning) locates the work within a
stylistic lineage or the artist’s oeuvre. This design enforces schol-
arly comparability and prevents the impressionistic praise typical
of unconstrained MLLM outputs, which often lacks explicit ties to
historical evidence or artistic genealogy.

5 Experiments
We evaluate TCFP-Sight along four research questions. RQ1 (Over-
all Quality) : Does TCFP-Sight surpass general-purpose MLLMs
and RAG baselines in cultural-iconographic interpretation (CI) and
argument transparency (AT)?RQ2 (Component Necessity) : Does
each component—ontology gating, DAIE staging, KG verification,
symbolic rules—yield measurable gains? RQ3 (Auditability Anti-
hallucination): Does the framework quantifiably reduce cultural-
interpretation hallucinations and improve evidence traceability?
RQ4 (Narrative Coherence) : How does the system handle multi-
scene handscrolls requiring cross-segment identity consistency?

5.1 Experimental Setup
Benchmark.We compile a benchmark of 100 Chinese figure paint-
ings spanning five dynasties (Tang, Song, Yuan, Ming, Qing) and
six subject categories (Elegant Gatherings, Court Lady, Religion
and Mythology, Historical Narratives and Genre Scenes), balanced
across scrolls, handscrolls, and album leaves. Each painting is ac-
companied by its image, metadata (title, artist, dynasty, collec-
tion), and reference texts drawn from museum catalogues and
art-historical scholarship. To test performance both within and

beyond knowledge-graph coverage, the benchmark comprises 50
In-KB and 50 Out-of-KB paintings.

Among these, 35 artworks form a fine-grained Gold subset via
stratified sampling. Each Gold report contains expert-annotated D-
stage entity-and-relation lists (𝐿1), A-stage formal-feature tags (𝐿2),
I-stage theme/mood/value candidates with explicit evidence links
to D and A entries (𝐿3), and E-stage contextual evaluations. Two art-
history graduate students perform initial annotation independently;
a senior specialist adjudicates disagreements. Inter-annotator agree-
ment before adjudication is 𝜅 = 0.79 for 𝐿1 entity/relation labels,
𝜅 = 0.76 for 𝐿2 formal features, 𝛼 = 0.74 for 𝐿3 theme/value ordinal
ratings, and 𝜅 = 0.82 for hallucination four-category classification.
Additionally, 8 handscroll artworks (each segmented into 5–8 scene
patches, totalling ~48 patches) constitute a separate narrative subset
for RQ4.
Baselines. All systems use GPT 5.4 as the backbone LLM, with
temperature 𝑇 = 0.3, maximum output length of 4,096 tokens,
and retrieval depth 𝑘 = 8 for retrieval-augmented systems. To
isolate TCFP-Sight’s architectural contribution from backbone ca-
pacity and knowledge content, we enforce a same-backbone, vary-
mechanism principle across four baselines. B1 (MLLM-Direct)
uses no external knowledge and generates outputs in one shot,
serving as the lower-bound reference.B2 (MLLM-Structured) like-
wise uses no external knowledge, but structured prompts explicitly
elicit staged D→A→I→E output with visual-evidence citation, di-
rectly testing whether prompt engineering alone can substitute for
architecture-level constraints. B3 (Text-RAG) accesses the same
corpus as TCFP-Sight via flat document retrieval and generates in
one shot after retrieval. B4 (ArtRAG [30], adapted) retains the Ar-
tRAG multi-granularity subgraph pipeline but replaces its original
knowledge graph with the identical Chinese figure painting corpus.
TCFP-Sight alone operates under ontology-gated DAIE reasoning
supported by a structured prior knowledge space K = (O, G, R).
Evaluation Protocol. Evaluation is organised into three comple-
mentary tiers.
Tier 1 — LLM-as-a-Judge (automated, all 100 paintings). We em-
ploy GPT-5.4 as the judge model with dimension-specific rubrics,
scoring each system output independently on a 1–5 Likert scale
across four dimensions: Factual Grounding (FG) measures the
accuracy of 𝐿1 entity/relation and 𝐿2 formal descriptions; Formal
Analysis Depth (FA) measures the richness of compositional and
brushwork analysis; Cultural-Iconological Interpretation (CI)
measures the depth and cultural accuracy of 𝐿3 theme, mood, and
value readings; Argument Transparency (AT) measures whether
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Table 3: Main results. FG/FA/CI/AT are LLM-as-a-Judge scores (1–5) on all 100 paintings; ESR, GCR, and Hallucination Total are
on the 35-painting Gold subset. Bold indicates best per column; underline indicates second best. TCFP-Sight is further split
into in-KG and out-of-KG subsets.

System Subset FG↑ FA↑ CI↑ AT↑ ESR↑ GCR↑ Hall. Total↓
MLLM-Direct (B1) All 2.59 3.07 3.38 2.33 0.737 0.524 350
MLLM-Structured (B2) All 3.50 3.43 3.50 3.23 0.881 0.743 428
Text-RAG (B3) All 2.79 3.24 3.49 2.54 0.703 0.548 370
ArtRAG [adapted] (B4) All 2.54 3.04 3.52 2.29 0.645 0.567 381

TCFP-Sight All 3.23 3.16 3.91 3.39 0.914 0.916 122
in-KG 3.18 3.28 3.98 3.40 0.912 0.921 51
out-of-KG 3.28 3.04 3.84 3.39 0.917 0.911 71

Table 4: Hallucination classification counts on the 35-
painting Gold subset (instance counts; lower is better).

System OH↓ FM↓ IH↓ CM↓ Total↓

MLLM-Direct (B1) 273 32 22 23 350
MLLM-Structured (B2) 247 42 70 69 428
Text-RAG (B3) 286 29 27 28 370
ArtRAG [adapted] (B4) 285 35 37 24 381

TCFP-Sight 84 20 13 5 122

semantic claims explicitly cite low-level evidence. The judge is blind
to system identity and output order.
Tier 2 — Auditability and hallucination metrics (semi-automatic,
Gold subset). Metrics include: Evidence Support Rate (ESR) —
proportion of I/E-stage claims with explicit 𝐿1/𝐿2 evidence links;
Cross-stage Violation Rate (CVR) — proportion of D/A out-
put segments containing 𝐿3 concepts; Gating Compliance Rate
(GCR) — proportion of output tokens at each DAIE stage belong-
ing to that stage’s ontological field set; and Hallucination Count
decomposed into four types: OH (object hallucination), FM (formal
misattribution), IH (iconographic hallucination), and CM (contex-
tual mismatch). Two annotators independently label hallucination
instances; disagreements are adjudicated by a senior domain expert.
Tier 3 — Expert human evaluation (30 paintings). Five evaluators with
Chinese art-history backgrounds conduct blind assessments. Each
painting is presented with outputs from TCFP-Sight and the two
strongest automatic-metric baselines (order randomised, identity
anonymised). Evaluators provide 5-point Likert ratings on the four
dimensions and pairwise preference judgements (win/tie/loss). We
report mean ± SD, Krippendorff’s 𝛼 , and Wilcoxon signed-rank
𝑝-values.

5.2 Main Results
Overall Performance. TCFP-Sight achieves the best results on
the five metrics most central to this work. The CI gain over the
strongest baseline (B4 = 3.52) is 0.39 points (+11.1%), a margin
approximately 2.8× the entire inter-baseline CI range, indicating
a qualitative leap in cultural-semantic reasoning that no baseline
approaches. GCR exceeds the strongest baseline (B2 = 0.743) by
23.3 % points, confirming that architectural gating enforces stage-
level vocabulary compliance beyond what structured prompting
achieves. However, TCFP-Sight does not lead on FG or FA , falling

below B2’s 3.50 and 3.43 respectively—a pattern explained by the
hallucination analysis below.
Structured Prompting and the Hallucination Cost. B2 achieves
the highest FG and FA, confirming that structured prompts im-
prove surface-level textual quality. Yet B2 simultaneously produces
the highest hallucination total (428)—a 22.3% increase over zero-
prompt B1 (350). Table 4 reveals the mechanism: while B2 reduces
OH (247 vs. B1’s 273), its IH (70) and CM (69) surge to 3.2× and
3.0× B1’s counts. Structured prompts compel richer content at each
stage, but without knowledge-driven constraints the additional out-
put is largely filled with fabricated cultural associations—prompt
engineering alone elevates surface fluency rather than cognitive
reliability. That TCFP-Sight underperforms B2 on FG/FA is pre-
cisely because its controlled vocabulary trades a degree of narrative
richness for higher reliability—a trade-off that yields substantial
returns on AT, ESR, and hallucination suppression. Importantly,
this reduction is not an artefact of generating less content: on the
Gold subset, TCFP-Sight produces 459 I/E-stage interpretive claims
versus B2’s 403, yet its high-level hallucination density ( IH+CM

I/E claims )
is 0.039 compared with B2’s 0.345—nearly an order of magnitude
lower. This finding empirically validates the core argument of Sec-
tion 1: architectural constraints on the reasoning paradigm are
irreplaceable.
Hallucination Category Analysis. TCFP-Sight achieves the low-
est count across all four categories. The most pronounced reduction
occurs in CM—from 23 (B1) to 5 (−78.3%)—directly validating ΦG ’s
effectiveness in dynastic context checking. IH and CM, the twomost
characteristic failure modes of cultural interpretation, are jointly
suppressed from 45 (lowest baseline combined count) to 18 (−60.0%),
constituting the primary empirical support for the framework’s
anti-hallucination capability in high-level cultural reasoning.
In-KG vs. Out-of-KG Generalisation. The two subsets show
negligible divergence on AT (3.40 vs. 3.39), ESR (0.912 vs. 0.917),
and GCR (0.921 vs. 0.911), indicating that the evidence-linking and
gating mechanisms derive their benefit primarily from architectural
constraints rather than KG retrieval hits. The in-KG subset shows a
modest advantage on FA (3.28 vs. 3.04) and CI (3.98 vs. 3.84); the out-
of-KG subset produces marginally more hallucinations (71 vs. 51)
but remains substantially below any baseline. TCFP-Sight’s core
advantages—high auditability and low hallucination—are preserved
beyond KG coverage, demonstrating that its gains do not arise from
simple memorisation of in-graph instances.
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Table 5: Ablation results on the Gold subset. IH/CM are per-painting average counts; Inst. is average total hallucination count
per painting; HL rate = (IH + CM)/Gold-annotated I/E interpretive units per painting.

Variant FG↑ CI↑ AT↑ ESR↑ CVR↓ GCR↑ IH↓ CM↓ Inst.↓ HL rate↓
Full 3.06 3.91 3.40 0.912 0.084 0.916 0.37 0.14 3.49 0.222
w/o Ontology Gating 2.63 3.57 2.00 0.783 0.147 0.723 0.67 0.30 4.86 0.422
w/o Knowledge Graph 2.71 3.60 3.31 0.905 0.088 0.908 0.52 0.26 4.62 0.339
w/o Symbolic Rules 2.43 3.51 3.11 0.755 0.064 0.891 0.48 0.10 4.73 0.252
w/o Staged DAIE 2.74 3.80 3.26 0.314 0.160 0.658 0.88 0.63 4.89 0.658

5.3 Ablation Study
We evaluate four ablation variants on the 35-painting Gold subset,
each removing one core mechanism.
Staged DAIE Is the Foundation of System Integrity. Collapsing
the pipeline into single-pass generation while retainingK produces
the most severe degradation: ESR drops to 0.314 (Δ = −0.598), CVR
rises to its highest value (0.160), GCR drops to 0.658, and both IH
and CM peak with a high-level hallucination rate of 0.658. No-
tably, CI declines by only 0.11, showing the model can still produce
plausible-seeming interpretive text even as its evidential anchoring
has collapsed—confirming that domain knowledge alone is insuffi-
cient without staged reasoning.
Ontology Gating Is the Primary Safeguard of Auditability.
Removing gating causes AT to drop from 3.40 to 2.00 (Δ = −1.40)—
the largest single-metric decline across all variants; GCR drops from
0.916 to 0.723, confirming that field-level enforcement is the direct
mechanism behind token-level stage compliance; CVR rises by
75.0%; and the high-level hallucination rate nearly doubles to 0.422.
Gating prevents premature activation of high-level judgements by
strictly restricting each stage’s semantic access.
The Knowledge Graph Primarily Serves Factual Verification.
Removing ΦG yields only marginal ESR decline and GCR remains
largely unchanged, indicating that evidence-linking structure and
vocabulary compliance are maintained by the architecture indepen-
dently of KG availability. However, total hallucination instances rise
by 32.4% and the CM rate increases ×1.9, confirming the KG’s core
role in suppressing dynastic context misattribution—functioning
as a factual verification layer rather than an evidence organisation
layer.
Symbolic Rules Activate Controlled Interpretation. Removing
ΨR yields the lowest FG and reduces ESR to 0.755, yet simultane-
ously records the lowest CVR and CM. This arises because without
rule-triggered activation the system generates fewer high-level
claims, reducing both violations and interpretive capacity . The
rules’ primary function is to provide stable, controlled candidate
activation pathways for high-level interpretation.
Complementarity. The full model achieves the optimal balance
across interpretation quality, auditability, and hallucination con-
trol. Each component fulfils a distinct structural role; no compo-
nent is redundant—the four are mutually complementary rather
than substitutable—validating the necessity of co-designing K =

(O,G,R) in concert with the reasoning architecture.

5.4 Expert Evaluation and Case Studies
Expert Likert Scores. To complement the limitations of automatic
metrics in capturing aesthetic judgement and cultural normativity,

Table 6: Expert evaluation. 5-point Likert scores (mean ±
SD) and pairwise preferences of TCFP-Sight vs. the strongest
baseline per dimension. 𝛼 : Krippendorff’s alpha; ∗: 𝑝 < 0.05,
∗∗∗: 𝑝 < 0.001 (Wilcoxon signed-rank test).
Dimension Strongest Baseline TCFP-Sight W / T / L Sig.

Factual Grounding (FG) 3.76 ± 1.11 3.28 ± 0.96 7/8/15 𝑝 = 0.063
Formal Analysis (FA) 3.26 ± 1.15 3.87 ± 0.87 18/5/7 𝑝 = 0.011∗
Cultural Interp. (CI) 3.24 ± 0.92 4.21 ± 0.87 23/4/3 𝑝 < 0.001∗∗∗
Argument Transp. (AT) 3.08 ± 1.05 4.07 ± 0.79 22/4/4 𝑝 < 0.001∗∗∗

Inter-rater agreement (𝛼) 0.73

five evaluators with Chinese art-history backgrounds (three doc-
toral candidates and two senior master’s students) conducted blind
assessments on 30 paintings. Each painting was presented with
outputs from TCFP-Sight and the two strongest baselines identi-
fied in Section 5.2 (B2 and B4), in randomised order with system
identities anonymised. Evaluators rated each output on four dimen-
sions using a 5-point Likert scale and provided pairwise preference
judgements (win/tie/loss).

Expert results closely mirror the automatic evaluation trends.
TCFP-Sight is significantly preferred on CI and AT —the two di-
mensions most central to this work’s contribution. FA also shows
a significant advantage (+0.61, 𝑝 = 0.011), suggesting that do-
main experts value the layered, structured analytical approach
more than what surface-level automated scoring captures. FG is
marginally lower (−0.48, 𝑝 = 0.063, not significant), consistent with
the controlled-vocabulary trade-off identified in Section 5.2. The
convergence between Tier-1 automated and Tier-3 expert evalua-
tions strengthens the robustness of the overall evaluation conclu-
sions. Inter-rater agreement (Krippendorff’s 𝛼 = 0.73) indicates
substantial agreement among evaluators.

6 Conclusion
TCFP-Sight reframes Traditional Chinese figure painting apprecia-
tion as a structured, evidence-bound cognitive reasoning process
by grounding a four-stage DAIE pipeline in the prior knowledge
space K (ontology, knowledge graph, and symbolic rules) and en-
forcing hard stage-layer boundaries through Ontology Gating. This
architecture systematically suppresses cultural hallucination while
guaranteeing full claim traceability—ablations confirm that Ontol-
ogy Gating is the single most critical component, and that staged
reasoning cannot be replaced by domain knowledge alone. Future
work will extend the framework to broader painting genres and
develop human–AI collaborative workflows for curatorial and edu-
cational practice.
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