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Abstract—Research across visually-rich document collections
demands multimodal understanding that text-centric retrieval
systems cannot provide. Retrieval-Augmented Generation (RAG)
relies on OCR-based text extraction, discarding visual and spatial
information critical for disciplines such as art history, while se-
mantic chunking produces non-deterministic, fragmented context
that obscures page-level structure and increases hallucination
risk. We present DeepVis, a two-stage multimedia processing
pipeline addressing these limitations through vision-based pre-
processing, deterministic context organization, and exact page
citation. Vision-capable LLMs preprocess documents page-by-
page into directed artifacts organized in strict document order,
preserving textual, visual, and spatial information as coherent,
reproducible memory.

We evaluate DeepVis against Azure Cognitive Search RAG on
Owen Jones’s The Grammar of Ornament, a 612-page multimodal
corpus of hand-lithographed ornamental plates, using 15 queries
across three stratified categories. DeepVis achieved 100% Page
Citation Recall versus RAG’s 6.7% and 80% Visual Content
Accuracy versus RAG’s 0%; nominally correct RAG visual
responses were derived from co-located text, confirming the
absence of visual reasoning capability. Query success rate was
67% versus 40%, with failures attributable to static prepro-
cessing. Deployed university-wide following pilot testing, DeepVis
has expanded to administrative and public-facing applications,
demonstrating that directed multimodal preprocessing enables
document understanding that text-centric retrieval architectures
fundamentally cannot support.

Index Terms—Multimodal Document Understanding, Vision-
Language Models, Multimedia Information Retrieval, Document
Image Analysis, Directed Multimodal Comprehension.

I. INTRODUCTION

ULTIMODAL document understanding presents a fun-

damental challenge for automated research systems:
large collections of visually-rich materials carry meaning
across text, image, and spatial arrangement simultaneously,
yet the dominant retrieval architectures treat documents as text
alone. In disciplines where visual content is primary evidence,
such as art history, the inability to reason across modalities is
not a performance limitation but a categorical one. A system
that cannot analyze an image cannot answer a question whose
answer lives in that image, regardless of how sophisticated its
text retrieval is.

Retrieval-Augmented Generation (RAG) has become the
dominant paradigm for grounding large language model
(LLM) responses in external knowledge sources [1]. RAG
systems create embeddings of document chunks, store them in
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vector databases, and retrieve semantically relevant fragments
at query time to augment LLM responses. While effective for
text-based question answering, RAG faces three fundamental
limitations when applied to visually-rich documents. First,
RAG systems extract only text through OCR, discarding visual
and spatial information such as image composition, color re-
lationships, diagrammatic structure, and page layout. Second,
semantic similarity search returns chunks in non-deterministic
order based on vector distances and index state, meaning
the same query can produce different chunk orderings as the
index grows or retrieval parameters change, contributing to
inconsistent responses and hallucination. Third, the chunking
process fragments page-level structure, making accurate page
citation unreliable, which presents a critical limitation for
research requiring source verification.

These limitations became concrete when researchers at the
University of California Irvine sought to analyze thousands
of pages of art history material. Queries such as “Find all
instances of Surrealism” require visual comprehension of
artworks, coherent analysis across large document collections,
and precise page references for deeper investigation. Initial
attempts with Microsoft Azure Cognitive Search failed to
support this use case: the system produced incomplete results
without reliable page citations and lacked the visual awareness
necessary for art historical analysis, frequently generating
hallucinations and “I don’t know” responses when visual
content was the primary evidence.

We present DeepVis, a two-stage multimedia processing
pipeline that addresses these limitations through three contri-
butions to multimodal document understanding. First, vision-
based preprocessing leverages vision-capable LLMs to analyze
each document page as a multimodal input, generating user-
directed artifacts that preserve textual, visual, and spatial
information according to per-document prompts specified at
upload time. Second, deterministic context organization ar-
ranges these artifacts in strict document and page order within
the inference model’s context space, creating coherent docu-
ment memory that produces consistent, reproducible results
and limits hallucination risk. Third, exact page references
maintained throughout preprocessing and inference allow users
to verify system responses and conduct deeper investigation
with confidence.

We evaluate DeepVis on Owen Jones’s The Grammar of
Ornament [12], a 612-page canonical art history reference
comprising 100 hand-lithographed color plates spanning or-
namental traditions from ancient Egyptian through Renais-
sance European design. Using 15 queries stratified across
text-accessible, visually-dependent, and cross-modal synthesis
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categories, we demonstrate that DeepVis achieves 100% Page
Citation Recall compared to RAG’s 6.7%, and 80% Visual
Content Accuracy compared to RAG’s 0%. Analysis of RAG’s
nominally correct visual responses reveals they were derived
from co-located text rather than image content, confirming
that OCR-based preprocessing provides no path to visual
reasoning regardless of query success rate. DeepVis’s Category
M underperformance, traced to general-purpose rather than
domain-specific preprocessing, identifies the primary current
limitation and motivates the active development roadmap.
Developed in August 2024 using GPT-40’s vision capa-
bilities and later migrated to GPT-4.1, DeepVis was piloted
in an art history research seminar from September through
November 2024. Following critical and constructive feedback,
the system was refined and deployed through ClassChat, UCI’s
ZotGPT classroom tool built on DeepVis preprocessing [13].
It later expanded from academic research to administrative as-
sistants and public-facing chatbots. This deployment trajectory
validates the generality of directed multimodal preprocessing
beyond the academic use case that motivated its development.
The main contributions of this paper are:

e A two-stage multimodal document understanding
pipeline in which user-specified prompts guide vision
LLM preprocessing page-by-page, preserving textual,
visual, and spatial information without task-specific
training or fine-tuning, with one-time analysis cost
enabling unlimited cached query reuse.

o Deterministic context organization that arranges prepro-
cessed artifacts in strict document and page order, lim-
iting hallucination risk and enabling exact page citation
unavailable to chunk-based retrieval systems.

o Empirical evaluation on a multimodal art history corpus
demonstrating 80% Visual Content Accuracy and 100%
Page Citation Recall, compared to 0% and 6.7% respec-
tively for Azure Cognitive Search RAG, with analysis of
failure modes motivating an active development roadmap.

II. RELATED WORK
A. Retrieval-Augmented Generation Systems

Retrieval-Augmented Generation (RAG) has become the
dominant paradigm for grounding large language model re-
sponses in external knowledge sources. The standard RAG
architecture operates in two phases: an indexing phase that
chunks documents, generates embeddings using encoder mod-
els, and stores these vectors in specialized databases; and a
retrieval phase that embeds user queries, performs semantic
similarity search to identify relevant chunks, and augments
the LLM prompt with retrieved chunks. This approach has
proven effective for text-based question answering over large
document corpora, enabling LLMs to access information be-
yond their training data [1].

However, RAG systems typically rely on OCR-based text
extraction, discarding the visual and spatial information crit-
ical for understanding documents like art history material,
scientific papers with complex diagrams, or near illegible
handwriting. Even when OCR successfully extracts text, the
semantic chunking and embedding process fragments context

across multiple pieces, leading to several fundamental lim-
itations. First, semantic similarity search returns chunks in
non-deterministic order based on vector distances, meaning the
same query can produce different chunk orderings as the index
grows, is replicated for scaling performance, or when retrieval
parameters change, contributing to inconsistent responses and
hallucination. Recent work has shown that parallel unordered
contexts in RAG systems exacerbate both fact fabrication and
fact omission [2]. Second, the chunking process alters page-
level structure, making it difficult to provide accurate page
citations for verification, a critical requirement for academic
research. Third, the loss of spatial relationships means systems
cannot understand, for example, how a caption relates to its
image or how a diagram’s layout conveys meaning.

Commercial RAG implementations such as Microsoft Azure
Cognitive Search! [3] have made RAG more accessible but
inherit these core limitations when applied to visually-rich
documents, as confirmed in our initial art history deployment.

Recent advances address RAG’s limitations through increas-
ingly complex architectures: XSum [4], a modular pipeline for
scientific literature summarization, adds specialized question-
generation and editor modules that improve retrieval relevance
and summary coherence over baseline RAG. Evaluated on
the SurveySum dataset, XSum achieves improvements across
all evaluated metrics including ROUGE, BERTScore, G-Eval,
CheckEval, and Ref-F1. It acknowledges persistent challenges
including low abstractive quality scores, verbosity, and cost-
effective scaling to large datasets — though scalability to real-
world deployment settings is identified as an open direction for
future work. This pattern of growing pipeline complexity to
address RAG’s fundamental limitations motivates DeepVis’s
alternative strategy of directed preprocessing rather than re-
trieval refinement.

B. Vision-Capable Large Language Models

Vision-language models enable a qualitatively different
approach to document analysis by processing page images
holistically [5], enabling simultaneous reasoning over text,
spatial layout, and visual content in a single forward pass [6].
Traditional layout analysis systems use sequential rule-based
stages [8], while deep learning OCR systems [10] focus on
text extraction; even layout-aware pre-training approaches [9]
that augment OCR-extracted text with 2D position embeddings
and word-level image patches remain constrained by OCR
dependency, processing cropped regions rather than whole
pages and requiring task-specific fine-tuning. Both paradigms
discard compositional arrangement, color semantics, figure-
text relationships, and visual pattern geometry carrying pri-
mary meaning in multimodal documents. Vision-language
models instead comprehend these properties directly, how
captions relate to figures, how diagrams encode information,
and how visual features contribute to semantic content, with
no task-specific training required [5], [6]. Advances in context
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window capacity and instruction following have extended their
practical applicability to multi-page document collections [7].

Two deployment strategies exist for applying vision-
language models to document analysis. Real-time process-
ing analyzes page images at query time, adapting analysis
to each specific question but incurring per-query inference
costs that scale with collection size and query frequency.
Preprocessing instead analyzes documents once at upload
time and reuses the resulting artifacts across multiple queries,
substantially reducing operational cost when query frequency
is high. Effective preprocessing requires that extraction goals
be specified in advance; DeepVis addresses this through user-
directed prompts at document upload time, guiding vision
analysis toward the information most relevant to the intended
research domain.

C. Document Understanding Systems

Recent vision-capable foundation models have demon-
strated the ability to handle diverse document formats without
task-specific training or fine-tuning, aligning with real-world
research needs where document types and query patterns
cannot be fully anticipated during system design. DeepVis ex-
tends this capability through user-directed prompts specified at
document upload time, guiding vision analysis toward domain-
relevant information without requiring specialized model ar-
chitectures or document templates.

D. Multi-Step Document Processing Pipelines

Recent work on long document summarization has explored
multi-step preprocessing architectures to address model con-
text limits. Sie et al. [11] propose a multi-step extractive-
abstractive pipeline for regulatory documents, where extrac-
tive summarization compresses documents before abstractive
generation, finding that compression strategies interact with
model architecture in ways that affect summary quality. While
this approach shares DeepVis’s insight that preprocessing en-
ables more effective downstream inference, the two strategies
differ fundamentally: extractive summarization operates on
OCR-extracted text, discarding the visual and spatial infor-
mation that DeepVis’s vision-based preprocessing preserves.
Extractive selection also fragments page-level coherence by
selecting sentences across document sections, making accurate
page citation unreliable. DeepVis’s directed approach instead
performs full-page vision analysis in deterministic page or-
der, maintaining coherent document structure throughout and
enabling the exact page references required for verifiable
research queries.

E. Positioning DeepVis

DeepVis occupies a distinct position between chunk-based
retrieval and direct vision LLM analysis. RAG systems select
relevant content at query time through semantic similarity
search, operating effectively on text-heavy collections with
diverse queries but losing visual information and page struc-
ture through OCR-based preprocessing and non-deterministic
chunk ordering. Direct vision LLM approaches preserve full

information fidelity by processing raw page images at query
time, but per-query inference costs scale prohibitively for large
collections or high query volumes. DeepVis bridges these
approaches through one-time vision preprocessing: documents
are analyzed using vision-capable LLMs at upload time ac-
cording to user-specified directions, and the resulting artifacts
are organized in strict document and page order for efficient,
deterministic inference. This design targets collections with
consistently high query activity where visual understanding
and verifiable citations are essential requirements.

The appropriate choice among approaches depends on
document characteristics and usage patterns. RAG remains
preferable for primarily text-based collections, collections that
exceed context window limits, or use cases where query
diversity makes preprocessing direction impractical to specify.
Direct vision processing is appropriate when collections are
very small or when queries are sufficiently unpredictable
that no preprocessing strategy could adequately anticipate the
needed analysis.

III. METHODOLOGY AND SYSTEM DESIGN
A. Architecture Overview

DeepVis employs a two-stage architecture that separates
preprocessing from inference, optimizing cost and perfor-
mance through deliberate placement of computational oper-
ations.

This separation reflects a fundamental insight: for document
collections with variable ingestion patterns but consistently
high query activity, the cost structure shifts dramatically.
Rather than paying operational costs for every query in RAG
or processing thousands of pages for each question in direct
vision LLM approaches, DeepVis incurs a one-time pre-
processing cost that enables near-instant subsequent queries.
The architecture trades query-time flexibility for deterministic
performance, lower operational costs, and enhanced reliability
through consistent context ordering.

The pipeline’s modular design allows the system to adapt
to evolving LLM capabilities, as demonstrated by our migra-
tion from GPT-40 to GPT-4.1, which improved performance
and reduced costs without requiring reprocessing of existing
document collections.

B. Preprocessing Pipeline

1) Document Upload and User Direction: DeepVis’s pre-
processing begins when users upload documents and specify a
per-document prompt that directs the vision analysis. This user
direction is critical to the system’s effectiveness: rather than
attempting to extract all possible information from each page,
which would be both expensive and unwieldy, users specify
what information matters for their research domain.

For art history material, a typical direction prompt might be:
“Summarize artistic movements and techniques mentioned or
shown, with detailed visual descriptions of artworks including
composition, color palette, and style. Note any artist names,
dates, and historical context.” For administrative documents,
users might specify: “Extract policy statements, tabular data,
and accompanying images.” This flexibility allows DeepVis to
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DeepVis: Preprocessing Pipeline
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Fig. 1. Overview of stage 1 of DeepVis: User uploads a file with direction, the system processes the file in parallel using a vision-capable LLM, and stores

directed analyses and extractions ready for stage 2 inference.

serve diverse use cases without modification to the underlying
architecture.

The direction prompt is stored alongside the document
and applied consistently to every page during preprocessing,
ensuring coherent analysis across the entire document. Users
can also upload the same document multiple times with
different direction.

2) Page-by-Page Vision Analysis: The core of DeepVis’s
preprocessing pipeline processes each document page as a
multimodal input combining the page image with the user’s
direction prompt. Vision-capable LLMs (initially GPT-4o, later
GPT-4.1) analyze each page to extract textual, visual, and
spatial information according to the specified direction and
store them sequentially.

This vision analysis preserves information that OCR-based
approaches discard or misrepresent. For art history material,
the system can identify artistic movements visible in images,
describe compositional techniques, note color palettes, and
understand how captions relate to artworks regardless of their
spatial arrangement on the page. For documents with complex
layouts, the vision model comprehends how diagrams connect
to surrounding text, how tables structure information, and how
visual hierarchy conveys meaning. For degraded or handwrit-
ten documents, the vision approach can often interpret content
that OCR systems fail to extract accurately. For example,
DeepVis was able to accurately produce the text of an old
handwritten music score with illegible unaligned accompany-
ing text, demonstrating robustness beyond traditional OCR for
degraded historical materials.

The output of vision analysis is a directed analysis and
extraction for each page that follows the structure given by the
user’s direction prompt. Critically, each analysis and extraction
maintains its exact page number, enabling precise citation in

downstream responses. The page-by-page processing ensures
that context is preserved at natural document boundaries rather
than fragmented across arbitrary chunks as in RAG systems.

In our pilot implementation, preprocessing cost averages ap-
proximately $0.005 per page, a one-time expense that enables
unlimited subsequent queries without embedding calls. For a
1,000-page document collection, the total preprocessing cost
is approximately $5.

3) Analysis and Extraction Storage: Preprocessed analyses
and extractions are stored with deterministic organization,
ordered by document identifier and then by page number
within each document. This seemingly simple design choice
has profound implications for system reliability and LLM
performance.

By maintaining document and page order, DeepVis creates
a coherent information structure that mirrors how humans
understand documents and how LLMs are trained on those
documents: as sequential narratives. When these analyses and
extractions are later provided to an LLLM, the model receives
information in a consistent, logical order that reflects the
document’s inherent structure. This contrasts sharply with
RAG systems, where semantic similarity search returns chunks
in non-deterministic order based on vector distances, query
embeddings, and index state.

Deterministic ordering produces consistent results across re-
peated queries, limits hallucination risk by providing coherent
context rather than disparate fragments the LLM must recon-
cile, and enables efficient caching since the page collection
remains stable across queries.

Analyses and extractions are stored as simple ordered
text artifacts, requiring no specialized vector databases or
embedding infrastructure and reducing operational complexity
compared to RAG alternatives.



IEEE TRANSACTIONS ON MULTIMEDIA, VOL. XX, NO. X, 2026

DeepVis: Inference Pipeline
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Fig. 2. Overview of stage 2 of DeepVis: User sends an inquiry, analyses and extractions are retrieved from cache or assembled, and context is assembled
for the final LLM call containing system instructions, directed analyses and extractions, and the user inquiry. DeepVis+ extends this stage with a mini-LLM

insight pass injected into the assembled context (see Section V-B).

C. Inquiry-Time Processing

1) Context Construction: When a user submits a research
query, DeepVis constructs the LLM context through a three-
component structure that strategically organizes information to
maximize model effectiveness:

System Prompt: The system prompt provides instructions
for query handling, citation format, and response strategy.
It directs the model to cite specific page numbers when
making claims, acknowledge uncertainty when information
is not present in the analyses and extractions, and maintain
fidelity to the preprocessed content rather than relying on
parametric knowledge.

Document Analyses and Extractions: The preprocessed
page-by-page analyses and extractions are inserted in strict
document and page order. For a query spanning multiple
documents, analyses and extractions from all relevant docu-
ments are included, maintaining their deterministic organiza-
tion. Each analysis and extraction retains its page reference,

enabling the LLM to cite specific pages in its responses. The
deterministic ordering creates a coherent “memory” structure
that the model can navigate systematically rather than attempt-
ing to synthesize information from unordered fragments.

User Prompt: The user’s research question or inquiry
appears at the end of the context, following standard prompt
engineering practices that position the immediate task after
relevant background information. This structure allows the
LLM to process the organized analyses and extractions before
encountering the specific query, enabling more systematic
analysis. In a later iteration, DeepVis+ leverages the user
prompt for document-level insight generation to further tune
the input into the LLM as to which page context is relevant
to the active user inquiry (see Section V-B).

This three-component structure effectively stretches the lim-
its of available context windows by organizing information
deterministically. Rather than requiring semantic search to
identify relevant content, the system provides comprehensive
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page-by-page coverage in a form optimized for LLM con-
sumption.

2) LLM Inference: With context constructed, a large con-
text window LLM processes the entire structured input to
generate responses. The deterministic context ordering, com-
bined with explicit page references throughout the analyses
and extractions, enables several key capabilities:

Page-Level Precision: Because each analysis and extraction
maintains its page number and the model can process the full
ordered context, responses can cite specific pages with high
accuracy. When answering “Find all instances of Surrealism,”
the system can return page numbers for each mention, enabling
users to verify claims and conduct deeper investigation. This
precision is critical for academic research and distinguishes
DeepVis from RAG approaches where chunking and retrieval
make accurate page citation difficult.

Deterministic Results: Given the same document collection
and query, DeepVis produces consistent responses because
the context provided to the LLM remains constant. This
deterministic behavior enhances system reliability and user
trust, particularly important for research applications where
reproducibility and verifiability matters. In contrast, RAG sys-
tems may return different chunks in different orders depending
on index state and retrieval parameters, leading to variable
responses.

Comparison Across Documents: The ordered, comprehen-
sive context enables the LLM to compare information across
pages and documents systematically. For queries asking for
the evolution of a particular concept, the model can trace
conceptual development across multiple pages, identifying
relationships and progressions.

Performance Characteristics: Query response time in our
implementation averages approximately 10 milliseconds per
page of summarized content when not yet cached, or under 1
millisecond per page with warm caches for repeated queries
on the same document collection. This represents a significant
performance advantage over RAG systems, which in our
testing required 400—-1000 milliseconds per query to perform
semantic search, retrieve chunks, and generate responses.
The combination of deterministic context and elimination of
retrieval overhead produces near-instant data for the final LLM
call in research workflows.

Reduced Hallucination Risk: DeepVis’s deterministic con-
text organization presents information as a coherent sequential
narrative rather than unordered, potentially contradictory frag-
ments — a condition shown to exacerbate both fact fabrication
and omission in RAG systems [2]. System prompt instructions
require the model to ground all assertions in specific prepro-
cessed analyses with explicit page citations, creating structural
accountability that discourages extrapolation beyond provided
content. Together, these properties relocate hallucination risk
from the unpredictable inference stage to the bounded prepro-
cessing stage; observational support appears in the evaluation,
where RAG’s 1.2% page citation precision and the Section 4
case study both reflect fabrication patterns consistent with
citation hallucination.

D. Implementation Details

DeepVis was initially developed in August 2024 using GPT-
40 and later migrated to GPT-4.1 following its release in April
2025. GPT-4.1 offers a 1M token context window compared
to GPT-40’s 128K, improved instruction following (38.3% on
MultiChallenge), and reduced operational costs. The modular
pipeline architecture enabled this migration without reprocess-
ing existing document collections: only the inference stage
required updating, while preprocessed analyses and extractions
remained fully compatible. Future preprocessing runs take
advantage of GPT-4.1’s improved vision capabilities directly.

GPT-40’s 128K context window supported between 250 and
1,000 pages per query, with individual analyses and extractions
ranging from 120 to 500 tokens. GPT-4.1’s expanded context
window extends this capacity to approximately 10,000 pages
simultaneously, sufficient for substantial research document
collections. For collections exceeding this limit, queries can
be structured against relevant document subsets or aggregated
across multiple inference passes; the current implementation
requires users to organize these subsets manually, with auto-
mated partitioning planned in future work (see Section V-E).

Preprocessing uses parallel processing in 10-page groupings
to optimize throughput while maintaining ordered output. Pre-
processed analyses and extractions typically consume approx-
imately 25% of original document size, requiring only simple
ordered text storage with no specialized vector databases or
embedding infrastructure.

IV. RESULTS AND EVALUATION
A. Evaluation Setup

1) Corpus and Motivation: We evaluate DeepVis and RAG
using Owen Jones’s The Grammar of Ornament [12], a canon-
ical art history reference first published in 1856. The corpus
comprises 612 pages including 100 hand-lithographed color
plates spanning ornamental traditions from ancient Egyptian
and Greek design through Moresque, Byzantine, Celtic, and
Renaissance European styles. Pages were processed as-is,
including pages with degraded or damaged text resulting from
age and reproduction quality of the source scan.

This corpus was selected for three reasons. First, it is
multimodal by design: the ornamental plates must be seen
to be analyzed, as visual pattern geometry, color palette,
and compositional arrangement carry semantic meaning that
OCR-extracted text cannot convey. Second, it provides ver-
ifiable ground truth anchors in the form of labeled plates
and supporting text, enabling objective assessment of citation
accuracy and factual correctness. Third, it directly represents
DeepVis’s original art history deployment context, providing
an ecologically valid evaluation environment.

2) System Configuration: Table I summarizes the configu-
ration for each system. Both systems received queries through
the same ZotGPT platform interface, establishing a consistent
comparison baseline. The shared user query prompt references
“image and document data” as part of the ZotGPT platform’s
general-purpose inference layer; at inference time, DeepVis
supplies preprocessed text analyses and extractions rather than
raw page images.
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TABLE I

EVALUATION SYSTEM CONFIGURATION
Parameter Configuration
DeepVis GPT-4.1, image detail: high
Preprocessing
LLM
DeepVis General-purpose visual description: capture text
Preprocessing verbatim including structure and layout; describe
Prompt visual color, geometry, patterns, and motifs; note

relationships between visuals and text

Azure Cognitive Search, model
prebuilt-read, paragraph chunking,
embeddings via text-embedding-3-small
ZotGPT ClassChat (identical for both systems)
Verbatim match with allowance for damaged
source material: up to 1 missed word and up to
3 total characters

RAG Processing

Query Interface
Text Accuracy Tol-
erance

DeepVis preprocessing used a general-purpose visual de-
scription prompt rather than a domain-specific ornamental art
direction. The choice to configure preprocessing with general
directions rather than specialized academic prompts helps
demonstrate that DeepVis’s architectural advantages derive
from the preprocessing and deterministic organization strategy
rather than from domain-tailored prompting, even though
tailored prompting would yield better results. As discussed
in Section IV-B2, this choice is the most direct explanation
for Category M underperformance and represents the clearest
path to improvement.

3) Query Design: We constructed 15 evaluation queries
across three categories of five queries each, stratified by
modality requirements.

Category T — Text-Accessible (Control): Queries an-
swerable from text content alone, where both systems are
expected to perform comparably. This category establishes
that DeepVis does not regress on standard text retrieval and
provides a performance baseline for interpreting differences in
other categories.

Category V — Visually-Dependent (Key Differentiator):
Queries requiring analysis of ornamental plate content, includ-
ing identification of geometric patterns, color palettes, motif
types, and compositional arrangements. OCR-based systems
are expected to fail because the relevant information resides
in visual content that text extraction cannot capture. This cate-
gory provides the primary evidence for DeepVis’s multimodal
advantage.

Category M — Cross-Modal Synthesis: Queries requiring
integration of textual chapter content with visual plate analysis,
such as verifying whether plates and associated caption text
can be visually located. This category tests the full multimodal
pipeline capability and places the greatest demand on prepro-
cessing completeness.

4) Ground Truth and Annotation Protocol: Ground truth
was established prior to system evaluation by a single annota-
tor following a source-anchored protocol designed to minimize
subjectivity. For each category, each query answer page was
decided before running any system queries. For Category
T, ground truth was derived directly from printed text. For
Category V, ground truth was derived using simple visual
observations based on direct plate observation. For Category

M, ground truth was derived combining textual and visual
evidence as in Categories T and V.

B. Quantitative Results

Table II presents measured metrics across both systems.
Results are reported as counts alongside percentages given
the per-category sample size of five queries; aggregate trends
across categories provide the primary interpretive basis.

1) Query Success Rate: Category T results confirm that
DeepVis does not regress on text retrieval relative to RAG,
with both systems achieving 4/5 (80%). DeepVis’s single
failure in this category occurred when preprocessing did not
fully capture verbatim text from a page despite prompt instruc-
tions, leaving insufficient information for an accurate response.
RAG’s single failure reflected its lack of page boundary
awareness: the system returned large page ranges in an attempt
to cover the answer area rather than identifying a specific
location, consistent with chunk-based retrieval behavior where
document structure is not preserved.

Category V results reveal the central functional difference
between the two systems. DeepVis achieved 4/5 (80%) com-
pared to RAG’s 2/5 (40%), but this comparison understates the
gap in visual capability. As noted in Table II, both of RAG’s
correct Category V responses were derived from supporting
text co-located with plates in the document rather than from
any visual analysis of plate content. RAG demonstrated no
ability to identify ornamental features, color relationships, or
compositional patterns from visual content; its correct answers
were coincidental byproducts of text proximity rather than
visual understanding. DeepVis’s Category V responses consis-
tently referenced specific plate characteristics observed during
preprocessing, including motif geometry, palette composition,
and spatial arrangement unavailable to OCR-based systems.

2) Category M and Static Preprocessing: Category M
results highlight the current limitation of DeepVis’s static pre-
processing approach. DeepVis achieved 2/5 (40%) compared
to RAG’s 0/5 (0%). Failures in both systems were attributable
in part to damaged source material that the processing pipeline
could not accurately parse; one DeepVis failure fell within
the defined text accuracy tolerance, reflecting partial success
under challenging source conditions. The use of a general-
purpose preprocessing prompt, rather than a domain-specific
direction emphasizing object orientation, count and design
principles, contributed to the remaining Category M failures:
analyses and extractions did not consistently capture the visual
context needed for cross-modal synthesis queries. A domain-
specific preprocessing prompt addressing these areas would be
expected to substantially improve Category M performance.

3) Page Citation Precision and Recall: Page citation results
provide the starkest system differentiation in the evaluation.
DeepVis achieved 100% PCR, correctly identifying the source
page for every one of the 15 queries. RAG achieved 6.7% PCR
(1/15); the single correct citation was attributable to a scanned
page number embedded within a retrieved text chunk rather
than any structural page awareness in the system.

The PCP denominators reflect meaningfully different cita-
tion behaviors: DeepVis cited an average of 1.6 pages per



IEEE TRANSACTIONS ON MULTIMEDIA, VOL. XX, NO. X, 2026

TABLE 11
DEEPVIS VS. RAG EVALUATION ON The Grammar of Ornament

Metric Category DeepVis RAG
QSR T: Text-Accessible — Control Set 4/5 (80%) 4/5 (80%)
QSR V: Visually-Dependent — Key Differentiator 4/5 (80%) 2/5 (40%)1
QSR M: Cross-Modal Synthesis 2/5 (40%) 0/5 (0%)
Total QSR | T, V, and M 10/15 (67%) 6/15 (40%)
PCP T, V, and M 15/24 (62.5%) 1/81 (1.2%)
PCR T, V, and M 15/15 (100%) 1/15 (6.7%)
VCA V only 4/5 (80%) 0/5 (0%)

T Both RAG Category V correct answers were derived from supporting text co-located with plates,

not from visual analysis. See Section IV-B4.

query (24 total citations across 15 queries; citations beyond
the primary answer page reflect topically related content),
while RAG cited an average of 5.4 pages per query (81 total
citations), achieving 1.2% PCP (1/81). RAG’s high citation
volume with near-zero accuracy reflects a characteristic failure
mode of chunk-based retrieval without page metadata: the
system defaulted to citing early document pages, particularly
page 1, likely reflecting chunk retrieval order rather than
location relevance.

While custom chunking strategies with embedded page
metadata could partially improve RAG citation accuracy for
PDF page numbers, such improvements would not address
scanned page number capture nor provide any visual under-
standing for Category V queries.

4) Visual Content Accuracy: VCA results provide direct ev-
idence for DeepVis’s multimodal capability. DeepVis achieved
80% VCA (4/5), correctly identifying the relevant plates and
their visual characteristics for four of five visually-dependent
queries. The single failure occurred when preprocessing did
not accurately identify a count of leaf elements within a
botanical motif, a fine-grained quantitative visual task that
the LLM did not record during preprocessing analysis. This
specific failure case also motivates DeepVis++: a mini-LLM
vision pass tuned to the active user inquiry could flag leaf-
count details as relevant before final inference, improving
precision on queries requiring fine visual enumeration.

RAG achieved 0% VCA (0/5). Responses to visually-
dependent queries demonstrated exclusively text-based reason-
ing with no reference to actual plate imagery. When asked
to identify plates by visual characteristics, RAG was unable
to specify plate locations and instead provided speculative
guidance on where relevant images might be found within the
document, confirming that OCR-based preprocessing offers no
path to visual content retrieval. The 80 percentage point gap
between DeepVis and RAG on VCA is the core multimodal
capability result of this evaluation.

C. Qualitative Case Studies

1) Category V Success: Visual Color Identification in
EGYPTIAN N°3: Query V2 asked for the dominant color of
the largest Egyptian column capital in “EGYPTIAN N°3.” The
correct answer is red, found on page 59 — a fact that requires
direct visual inspection of the plate and cannot be reliably
inferred from surrounding text.

DeepVis returned the correct answer with an exact page
citation: “The dominant color...is red...page 59...decorated

with repeating pointed leaf patterns in red, yellow, and green,
but red is the most visually dominant color on this capital.”
RAG returned blue, citing pages 10, 18, and 30, having applied
Jones’s general textual principle that “blue always occupies the
largest area” as though it described the specific plate.

RAG?’s failure illustrates a systematic risk beyond simple
inaccuracy: the system constructed a confidently formatted
response, including a summary table and multi-point citation
list, from general color theory rather than visual plate content.
Page 59 was not cited. DeepVis’s preprocessing captured the
observed color distribution during the preprocessing stage,
grounding the response in plate content rather than textual
generalization.

2) Category M Partial Failure: Static Preprocessing and
Fine-Grained Spatial Detail: Query M1 asked for the facing
directions of the first Egyptian and Assyrian illustrations in the
Assyrian and Persian Ornament chapter. The correct answer is
Egyptian (top) right, Assyrian (bottom) left, both on page 86.
No text in the document states the facing direction of either
figure; the answer requires locating the page by chapter context
and reading orientation from the image.

DeepVis located page 86 and returned: “The upper illus-
tration. . . facing to the right...The lower illustration. .. also
facing to the right. Page: 86.” The Egyptian direction and
page citation are correct; the Assyrian direction was recorded
incorrectly during preprocessing. RAG cited pages 3-26 and
described all illustrations as “upright, front-facing” from gen-
eral decorative plate conventions, failing to locate page 86 or
assess directional orientation for either figure.

DeepVis’s failure is narrow and architectural: the spatial de-
tail was not captured during the general-purpose preprocessing
pass and cannot be corrected by reframing the query, because
the error is fixed in the preprocessing artifact before any query
is issued. This directly motivates DeepVis++, which would
retrieve the source image of page 86 on demand and perform
targeted re-analysis of the Assyrian chariot’s orientation before
generating the final response (see Section V-B). RAG’s failure,
by contrast, is categorical: without image access, the system
cannot reason about directional orientation at all.

D. Pilot Deployment Findings

In addition to the formal evaluation, DeepVis was piloted
from September through November 2024 using an art his-
tory corpus comprising thousands of pages of visually-rich
material, assessing real-world research behavior over a full
academic quarter.
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The pilot involved Dean Tyrus Miller’s graduate-level Visual
Studies 295 seminar at UCI, where the curated corpus demon-
strated value in providing students access to relevant informa-
tion across advanced texts with greater accuracy and course
relevance than general Al chatbots [13]. Critical feedback
identified static preprocessing as the primary gap: graduate-
level inquiries fell outside the scope of general-purpose anal-
yses and extractions, directly paralleling the Category M
findings of the formal evaluation. The development team re-
sponded by adding experimental capabilities for more context-
aware responses, described in Sections V-B and beyond.

The pilot confirmed three core strengths of the system.
Deterministic results built user trust where faculty had previ-
ously experienced variable RAG responses to identical queries.
Accurate page citations supported research verification work-
flows, with users reporting increased confidence in system
outputs for activities where accuracy mattered. The system’s
ability to handle visually-rich and degraded content that OCR-
based approaches had misrepresented or missed expanded the
range of materials researchers could effectively query.

Following the pilot, DeepVis expanded beyond art history
to administrative assistants and public-facing chatbots across
UCI, with students encountering the system in classrooms
starting Winter 2025 [13].

V. LIMITATIONS AND FUTURE WORK
A. Current Limitations

1) Quote and Verbatim Content Accuracy: DeepVis’s pre-
processing compresses page content according to user-directed
prompts, trading verbatim accuracy for efficiency and context
window utilization. Exact wording is preserved only when
explicitly directed during initial processing. For research re-
quiring precise quotations, users must verify specific wording
by consulting original page images using the provided page
citations.

2) Static Preprocessing: The preprocessing architecture
creates analyses and extractions based on user-directed
prompts specified at document upload time, but these artifacts
remain static once generated. User inquiries at query time
do not influence the content of preprocessed analyses and
extractions, meaning the system can only surface information
that was extracted during initial processing. When users pose
questions requiring details not captured by the initial direction
prompt, the preprocessed analyses and extractions may lack
relevant information even if it exists in the source documents.
In this situation, the architectural properties that limit hallu-
cination risk — coherent sequential context and explicit page
citations grounding model assertions — are also compromised:
incomplete preprocessing context increases the likelihood that
the model will extrapolate beyond provided content to fill gaps.

3) Modality Constraints: The current DeepVis implemen-
tation processes only image and text modalities, leveraging
vision-capable LLMs to analyze document pages containing
visual and textual information. The system’s architecture is
tied to vision LLM capabilities, and expansion to alternative
modalities would require replacing the vision model with
LLMs capable of processing those specific input types. While

the fundamental preprocessing philosophy of creating directed
artifacts in deterministic order should transfer to other modal-
ities, practical implementation for audio or video content has
not yet been tested. This modality constraint limits DeepVis’s
applicability to document-based materials; planned multimedia
extension work is described in Section V-D.

B. Active Development: DeepVis+

DeepVis+ adds a query-responsive insight layer between
preprocessing and final inference. A mini-LLM processes the
preprocessed analyses and extractions in the context of the
active user inquiry, generating document-level insights that
identify which pages and content are most pertinent and
injecting this enhanced context into the assembled prompt.
This bridges the gap between static preprocessing and dynamic
user questions without requiring full reanalysis of source
documents, improving response relevance while preserving the
deterministic organization and cost-effectiveness of the base
system. The intermediate analysis layer adds latency compared
to the base system but substantially improves adaptability to
diverse user needs.

C. Planned Work: DeepVis++

DeepVis++ introduces agentic page retrieval for on-demand
fine-grained visual analysis. When the inference model de-
termines that preprocessed analyses and extractions lack suf-
ficient detail to answer a query, an agent LLM retrieves
specific source page images for targeted re-analysis before
generating the final response, combining the cost-effectiveness
of preprocessing for broad queries with the fidelity of real-
time vision analysis for targeted deep dives. The Category
M partial failure documented in Section IV-C2, where a
spatial orientation detail was not recorded during general-
purpose preprocessing, illustrates the exact class of error this
architecture is designed to address.

D. Planned Work: Multimedia Extension

Building on DeepVis’s preprocessing philosophy, planned
work extends the architecture to audio and video modalities.
Lecture recordings, podcasts, and video presentations would
be preprocessed into directed artifacts with temporal citations,
applying the same one-time analysis cost and deterministic
organization strategy used for documents. The primary im-
plementation change is substitution of the vision LLM with
multimodal models capable of processing audio and video
inputs; the preprocessing pipeline, deterministic ordering, and
inference stage require no architectural modification. This cost
advantage is especially compelling for audio and video, where
real-time LLM inference is substantially more expensive per
query than for documents.

E. Unexplored Directions

Adaptive summarization offers a longer-term improvement
path: by analyzing user query patterns to identify gaps between
requested and captured information, the system could suggest
refined preprocessing prompts or flag documents for targeted
reprocessing, progressively improving preprocessing quality
from observed usage without requiring architectural changes.
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VI. CONCLUSION

Research across large collections of visually-rich documents
has historically challenged automated systems, with Retrieval-
Augmented Generation approaches proving inadequate for
use cases requiring visual understanding, precise citations,
and verifiable results. RAG systems’ reliance on OCR-based
text extraction discards critical visual and spatial information,
while their semantic chunking produces non-deterministic,
fragmented context that obscures page-level structure and
increases hallucination risk. These limitations became apparent
when art history researchers sought to analyze thousands of
pages of material with queries like “Find all instances of
Surrealism,” where existing RAG implementations failed to
provide either the visual comprehension or accurate page
references necessary for academic work.

DeepVis addresses these challenges through three key in-
novations. First, vision-based preprocessing leverages multi-
modal LLMs to analyze documents page-by-page, generating
user-directed analyses and extractions that preserve textual,
visual, and spatial information according to prompts specified
at upload time. Second, deterministic organization arranges
these analyses and extractions in strict document and page
order within the LLM’s context space, creating coherent
memory structures that limit hallucination risk and enable
consistent, reproducible results. Third, exact page references
maintained throughout preprocessing and inference allow users
to verify system responses and conduct deeper investigation
with confidence.

The system’s progression from initial prototype to
university-wide deployment demonstrates both its technical ef-
fectiveness and practical value. DeepVis successfully answered
complex research queries during pilot testing from September
through November 2024 that RAG implementations could
not support. Following critical and constructive feedback,
the system expanded beyond art history to administrative
assistants and public-facing chatbots across UCI, validating
the generality of the directed preprocessing approach.

The one-time preprocessing design, deterministic organiza-
tion, and cached inference yield architectural cost and per-
formance properties that favor high-query deployments over
both large-scale RAG systems and per-query real-time vision
approaches, persisting as the system scales. The active devel-
opment roadmap addresses the primary limitation identified
in evaluation: DeepVis+ injects query-responsive insights into
the assembled context, and DeepVis++ will agentically retrieve
source material when static preprocessing proves insufficient.

More broadly, DeepVis suggests a reconsideration of the
retrieval-versus-preprocessing trade-off in LLM knowledge
systems. While RAG’s semantic retrieval excels for text-heavy
collections with diverse, unpredictable queries, preprocessing
strategies offer compelling advantages for use cases with
variable document ingestion patterns but consistently high
query activity against selected collections, particularly when
visual understanding, verifiability, and deterministic results
matter. DeepVis’s successful deployment demonstrates that for
research and chatbot applications requiring reliable, verifiable
responses over visually-rich materials, directed preprocessing

with deterministic organization provides capabilities that cur-
rent Retrieval-Augmented Generation architectures fundamen-
tally cannot match.
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