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Abstract

Scientific figures encode key experimental evidence and domain
knowledge, yet remain underutilized in retrieval-augmented gen-
eration (RAG). Directly indexing visual embeddings often misses
fine-grained scientific semantics and misaligns with text-centric
retrieval pipelines, while author-provided captions are frequently
sparse and insufficiently contextualized. In this paper, we report on
the design, implementation, and evaluation of a context-enriched
figure indexing system built for a large-scale scientific digital li-
brary. Rather than introducing specialized multi-modal indexing
infrastructure, our system converts figures into context-enriched
captions—generated by fusing visual content with local article con-
text via vision-language models—and indexes them alongside text
in a unified embedding space using standard text retrievers. We
evaluate this design on SciCap and a production corpus of approxi-
mately 113,000 figures drawn from Elsevier’s ScienceDirect, compar-
ing open-source (MiniCPM) and proprietary (GPT-40) captioning
models. Enriched captions consistently outperform direct image em-
beddings and original author captions for figure retrieval and down-
stream question answering. Although GPT-40 produces higher-
quality captions under intrinsic evaluation, MiniCPM achieves com-
parable retrieval utility at no API cost and runs on a single commod-
ity GPU—a trade-off that favors open-source models for large-scale
indexing. We share the practical lessons, cost-performance trade-
offs, and remaining open challenges from building this system, sup-
porting context-enriched captioning as a scalable and easily adopt-
able foundation for scientific multi-modal RAG in production.’
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1 Introduction

Large-scale scientific digital libraries increasingly deploy retrieval-
augmented generation (RAG) systems to power research assistants
over millions of peer-reviewed articles [27, 36]. These production
systems, however, face a fundamental gap: scientific knowledge is
inherently multi-modal [9, 15, 16], yet mainstream RAG pipelines
operate almost exclusively on text, leaving the figures that encode
key experimental evidence—result plots, architecture diagrams, and
workflow illustrations—effectively invisible to retrieval [1]. In prac-
tice, a researcher searching a scientific database for, e.g., “a plot
showing the recoil energy spectrum fitted to the DAMA modula-
tion model” will not find the relevant figure if its author-provided
caption never mentions these terms, even when the figure is pre-
cisely what they need. Closing this gap is essential for scientific QA
assistants in production, but it must be done under real deployment
constraints: indexing pipelines that process millions of documents,
strict cost and throughput budgets, and existing text-based retrieval
infrastructure that cannot be rebuilt from scratch.

Making figures retrievable through textual descriptions is a long-
standing goal: prior to the LLM era, content-analysis pipelines
combined computer vision and pattern recognition to generate
textual summaries of charts and infographics for search and ac-
cessibility [3-5, 22]. Modern multi-modal RAG pipelines, however,
predominantly adopt one of two strategies, each with practical
limitations at production scale. The first is direct image embed-
ding, where a vision encoder (e.g., CLIP [29]) converts the raw
image into a vector [1, 44]. These encoders, pre-trained mostly
on natural image—caption pairs, struggle with the fine-grained
logical structures and dense textual elements (e.g., axis labels, flow-
chart symbols, architectural hierarchies) characteristic of scientific
figures [32, 39], and—equally important in practice—they require
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Figure 1: Overview of the proposed multi-modal RAG
pipeline. (a) Indexing Phase: Scientific articles are processed
to extract text chunks and figures; figures are converted to
enriched captions via our context-aware captioning module
before encoding. (b) Retrieval & QA Phase: User queries re-
trieve relevant texts, captions, and figures, which are jointly
processed by a multi-modal LLM to generate answers.

maintaining a separate multi-modal index alongside the text index.
The second strategy relies on textual surrogates, such as index-
ing the author-provided caption. These captions are frequently too
sparse and generic for precise retrieval [30, 35, 40], and summaries
of surrounding text often omit purely visual details [9, 10, 42].

In this paper, we report on the design, implementation, and eval-
uation of a context-enriched figure indexing system built for
ScienceDirect, Elsevier’s full-text scientific database. Rather than
pursuing cross-modal alignment or introducing new retrieval infras-
tructure, our design converts each figure into a single, information-
rich textual representation: we use vision-language models (VLMs)
to fuse the figure’s visual content with its local article context
(captions, in-text mentions, and article metadata), producing an
enriched caption that captures both what the figure shows and what
it means within the article’s narrative. Enriched captions are in-
dexed alongside regular text chunks in a unified embedding space
using standard text retrievers. This design was driven by deploy-
ment pragmatics: it requires no specialized multi-modal indexing
infrastructure, integrates directly into existing lexical or dense re-
trieval stacks, and shifts all multi-modal computation to an offline,
one-time preprocessing step whose cost can be controlled by the
choice of captioning model.

We evaluate this design on the public SciCap dataset [9] and on
a production corpus of approximately 113,000 figures drawn from
10,000 peer-reviewed computer science articles, comparing open-
source (MiniCPM) and proprietary (GPT-40) captioning models
across intrinsic caption quality, figure retrieval, and end-to-end
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question answering. The primary contributions of this work are
summarized as follows:

e An industry case study of figure-aware RAG: We de-
scribe the design and trade-offs of a context-aware figure indexing
pipeline for a large-scale scientific digital library, including caption-
ing prompts, context-selection strategies, and configuration choices
we found effective, so practitioners can adopt the approach directly.

e Large-scale empirical validation: On both SciCap and the
production corpus, enriched captions consistently outperform di-
rect image embeddings and original author captions for figure re-
trieval and downstream QA, with the production corpus providing
evidence under realistic figure complexity and scale.

e A cost-performance analysis of open-source versus pro-
prietary VLMs: We find that although GPT-40 produces higher-
quality captions under intrinsic evaluation, an 8B-scale open-source
model (MiniCPM) achieves comparable retrieval utility at no per-
call API charges and on a single commodity GPU—a decisive trade-
off for indexing pipelines at the scale of millions of figures.

2 Related Work

Our work lies at the intersection of retrieval-augmented generation,
scientific figure understanding, and multi-modal retrieval.

2.1 Retrieval-Augmented Generation (RAG)

RAG grounds LLM responses in external knowledge by retrieving
relevant corpus units and augmenting generation with retrieved
context [14, 34]. In scientific domains, work has focused mainly
on textual chunking and retrieval [33], from BM25 [31] to neural
retrievers such as DPR [11], BGE [41], and ColBERT [12]. Recent
studies also investigate the robustness and generalization of dense
retrievers under varied and adversarial conditions [18-21]. Yet
these methods remain text-centric and struggle when scientific
knowledge is encoded in figures, tables, and diagrams [44].

2.2 Scientific Figure Understanding: From
Content Analysis to VLMs

Generating textual descriptions of figures for search, summariza-
tion, and accessibility long predates the LLM era. Early content-
analysis pipelines combined computer vision, OCR, and pattern
recognition to interpret charts and infographics [5, 6, 25], and sev-
eral works targeted retrieval directly—generating figure summaries
to augment document search [3], retrieving infographics via struc-
ture and message content [22], mining scholarly figures at scale [4],
and searching visualizations by style and structure [8]. Notably,
these systems often aimed at high-level, message-oriented descrip-
tions (e.g., identifying an upward trend) rather than enumerating
visual elements—an ambition our enriched captions share. Their
reliance on bespoke, figure-type-specific engineering, however, lim-
ited coverage and made them costly to maintain in production.
Modern VLMs replace such specialized pipelines with general-
purpose visual understanding: SciCap [9] established foundations
for descriptive captioning, SciCap+ [42] and SciGraphQA [16] high-
lighted the value of external knowledge, and ChartQA [26] and
CharXiv [39] pushed chart understanding further. Across both eras,
arecurring limitation is treating figures in isolation: a figure’s mean-
ing is often defined by its textual references in the article, yet most
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pipelines optimize for descriptive fidelity (“what is in the image”)
rather than functional utility (*how the image serves retrieval and
reasoning”). Our work revisits the retrieval-oriented ambition of
the early content-analysis line, using VLMs as a general-purpose
replacement for bespoke pipelines, evaluated at production scale.

2.3 Multi-Modal RAG in Scientific Domains

Advances in vision-language models (e.g., Flamingo [2], LLaVA [24],
MiniCPM-V [43]) have enabled multi-modal RAG, with benchmarks
such as SPIQA [28] and SciMMIR [40] targeting scientific docu-
ments. Within modern RAG pipelines, two strategies dominate for
incorporating figures: direct visual embedding, where encoders
like CLIP [29] project images into a shared vector space—suffering
from modality misalignment on fine-grained scientific semantics
and requiring a separate multi-modal index in production—and
textual surrogates such as author captions or OCR text [23],
which discard visual information and are often sparse. A paral-
lel line builds richer multi-modal RAG architectures: VIDoRAG [38]
employs iterative multi-agent reasoning over visual documents,
BayesRAG [17] probabilistically corroborates cross-modal evidence
at retrieval time, and RAG-Anything [7] unifies heterogeneous
content via multimodal knowledge-graph indexing. These systems
pursue answer quality through added machinery—agentic iteration
and evidence fusion on the serving path, or specialized graph-based
indexing infrastructure—whereas our design shifts all multi-modal
computation to a one-time offline captioning step and keeps both
the index and the serving path a standard text-retrieval stack. We
view these directions as complementary, and an empirical compar-
ison under matched production constraints remains future work
(see Limitations).

Our work thus treats figure captioning as an indexing optimiza-
tion problem: we generate context-aware enriched captions that

fuse visual content with document-level semantics, producing retrieval-

optimized representations compatible with existing text-based in-
frastructure, which proved decisive for deployment in our setting.

3 Methodology

This section describes the design of our context-aware figure in-
dexing pipeline. The design is grounded in a practical observation:
effective figure retrieval requires captions that capture not only
visual content but also document-level semantics. The pipeline
is configurable along three dimensions: textual context selection
(§3.2.1), prompting strategy (§3.2.2), and captioning model (§3.2.3).
We first present the system overview, then detail each component.

3.1 System Overview

The core objective of our pipeline is to transform scientific figures
into retrieval-optimized textual surrogates. Rather than treating a
figure as an isolated visual object, we fuse its visual content with the
surrounding textual context from the article, generating an enriched
caption that bridges raw pixels and domain-specific semantics.
This design offers two practical advantages. First, converting fig-
ures to text ensures retrieval compatibility—figures and text chunks
share the same vector space, and the online serving path remains
a standard text-retrieval stack. We note that this does not elim-
inate multi-modal computation altogether: every figure must be
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Figure 2: Our proposed enriched context-aware captioning
method. We explore different configurations for Textual
Context (choosing from Base, Global, Local, or Hybrid) and
Prompting Strategies (comparing Standard and CoT) to opti-
mize generation.
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processed by a VLM once at indexing time. The design instead
relocates this computation to an offline, one-time preprocessing
step, where throughput requirements are relaxed and cost can be
controlled through the choice of captioning model (§3.2.3). Sec-
ond, by incorporating article context, the resulting captions capture
not only “what the figure shows” but also “what the figure means”
within its scientific narrative.

As illustrated in Figure 1, our pipeline consists of two phases:
(a) an offline indexing phase that extracts text and figures from
articles, generates enriched captions, and encodes them into a vector
database; and (b) an online retrieval and QA phase that retrieves
relevant content and generates answers via a multi-modal LLM.
The following sections detail our captioning methodology (§3.2),
the central design component of the pipeline.

3.2 Captioning Method

Our pipeline generates enriched captions by combining figure im-
ages with article context as input to a multi-modal LLM, configured
along the three dimensions shown in Figure 2.

3.2.1 Textual Context. Textual context refers to the supplemen-
tary linguistic information provided alongside the figure image to
guide the caption generation process. To systematically evaluate
the impact of different information sources, we categorize textual
context into four variants:

¢ (1) Base Context: The most straightforward setting, which
utilizes the original author-provided caption.

¢ (2) Global Context: Article-level scientific paper information,
including the paper’s title, abstract, and keywords, which provides
the high-level research background.

¢ (3) Local Context: Figure-specific textual information from the
surrounding discourse, including (i) figure mentions—sentences that
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explicitly reference the figure, extracted via regular expressions—
and (ii) the first-appearance section, i.e., the section in which the
figure is first introduced.

e (4) Hybrid Context: A fixed combination of the original cap-
tion, figure mentions (from Local Context), and article keywords
(from Global Context). No per-figure selection is performed; the
combination was chosen to balance breadth and specificity.

3.2.2  Prompting Strategies. We design a family of captioning prompts
to control how the multi-modal LLM transforms a figure and its tex-
tual context into an enriched caption. Concretely, we consider two
prompting strategies that progressively increase structure and con-
trollability, while remaining compatible with downstream indexing
in our retrieval pipeline.

o (1) Standard Prompt: Our starting point is a single, structured
instruction template that conditions caption generation on a se-
lected textual context variant (Section 3.2.1). As shown in Figure 3,
the template requests a high-level overview, a detailed description
of salient visual elements (e.g., charts, symbols, numeric labels,
legends), an explanation of relationships and patterns, and domain
terminology and keywords for retrieval, together with constraints on
accuracy and output format. This prompt proved effective in our de-
ployment and serves as our default configuration; we do not claim it
is optimal, and its transferability to future VLMs is an open question.

¢ (2) Chain-of-Thought Prompt: A reasoning-oriented variant
that decomposes the task into explicit intermediate steps, aimed at
reducing omissions in complex scientific figures. It separates (i) vi-
sual foundation—analyzing the image alone to identify visualization
type, axes, labels, and legends; (ii) contextual meaning—extracting
the study aim, methods, and key claims from the provided arti-
cle context; (iii) aligned synthesis, which integrates the two and
resolves conflicts between them; followed by (iv) caption composi-
tion and (v) a self-validation pass. The output format is identical to
the standard prompt.

Faithfulness considerations. Injected context may lead the
model to assert claims not visually grounded in the figure. Both
prompts counter this explicitly—the standard prompt restricts con-
tent to “information visible in the figure or clearly stated in the
context,” and the CoT prompt adds a self-validation pass—though
we do not quantify hallucination rates here (see Section 7).

3.2.3 Captioning Model. The final dimension of our system is the
choice of multi-modal LLM for caption generation. We prioritize
open-source models for their cost-effectiveness and reproducibil-
ity, while also benchmarking against proprietary alternatives. We
evaluate two representative models’:

¢ (1) MiniCPM-V 2.6: A lightweight open-source multi-modal
LLM? that integrates OCR functionality with effective visual-textual
synthesis. Crucially, it is deployable on a single GPU (e.g., NVIDIA
A10, 24GB), making it a practical solution for large-scale deploy-
ment without reliance on resource-intensive infrastructure.

o (2) GPT-40: A state-of-the-art proprietary multi-modal model
included as a strong reference point, to assess whether open-source
alternatives can achieve competitive results for scientific figure
captioning.
2We also experimented with other models (e.g., Qwen2-VL-7B, LLaVA-1.5-7B, Claude-

3.5); comparisons are provided in Section 5.2.
3https://huggingface.co/openbmb/MiniCPM-V-2_6
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All models are used off-the-shelf without task-specific fine-tuning.
This is a deliberate deployment decision: avoiding fine-tuning keeps
the pipeline simple to maintain and immediately applicable as newer
VLMs are released, though task-specific adaptation could plausibly
improve caption quality further (see Section 7).

4 Experimental Setup

We design experiments to evaluate our context-aware captioning
system across two dimensions: intrinsic caption quality and extrin-
sic RAG performance. This section describes our research questions,
datasets, evaluation protocols, and implementation details.

4.1 Research Questions
Our experiments are guided by three research questions:

e RQ1 (Enriched Caption Generation): How can visual
content and textual context be combined to generate accurate
and comprehensive enriched captions?

¢ RQ2 (Figure Retrieval Performance): How do enriched
captions compare to raw author captions and direct image
embeddings in downstream retrieval tasks?
¢ RQ3 (Multi-Modal Answer Generation): How do differ-
ent figure representations affect downstream answer quality
in an end-to-end RAG pipeline?

4.2 Datasets

We evaluate on two corpora to ensure diversity and domain cover-
age: (1) SciCap data: We sampled from the SciCap dataset [9], cov-
ering all the 20 scientific domains. From each domain, we randomly
selected 500 to 550 images along with their metadata, including
Article ID, title, abstract, and figure mentions. For articles lacking
explicit keywords, we generated them using BERTopic to ensure
consistent contextual inputs. (2) Production data: To validate our
approach on real-world distributions, we sampled 10,000 computer
science articles from ScienceDirect, Elsevier’s full-text scientific
database comprising millions of peer-reviewed publications®.

Crucially, access to the structured XML source files—a distinc-
tive advantage of working directly with the publisher’s production
infrastructure—allowed us to extract high-fidelity metadata (e.g.,
figure mentions, hierarchical section headers) that is often unavail-
able or noisy in PDF-only datasets. This production corpus contains
approximately 113,000 figure images after sampling, with figures ex-
hibiting high variance in complexity, ranging from sparse diagrams
to dense, multi-layered visualizations.

4.3 Evaluation Protocol

We evaluate both intrinsic caption quality and extrinsic RAG per-
formance.

Caption Evaluation. We evaluate generated captions given the
figure image and its extracted context (title, abstract, keywords,
mentions, and original caption). Since no ground truth exists for
enriched captions, we adopt LLM-as-a-judge evaluation with hu-
man validation. We define five rubrics on a 4-point scale (Table 1):
Technical Correctness (Cor), Completeness (Com), Conciseness

4Accessed under a research agreement with Elsevier; licensing prevents redistributing
the raw articles, but our preprocessing pipeline is released with the code.
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Standard Captioning

include domain terminology and keywords; maintain objective tone.

Analyze the scientific figure and any provided context to create a concise, retrieval-optimized caption. Follow these guidelines:

Overview: Summarize the figure’s main subject, purpose and experimental focus.

Visual Details: Identify and describe important visual elements (e.g. charts, diagrams, symbols, numeric labels, legends).

Relationship and Patterns: Explain interactions, trends, or hierarchies evident in the figure.

Terminology and Keywords: Use relevant domain-specific terms (with plain-language equivalents if needed), then list essential keywords for retrieval.
Relevance and Accuracy: Include only information visible in the figure or clearly stated in the context. Avoid speculation, repetition or irrelevant details.
Formatting: Present the description coherently, in a paragraph of 300 to 400 words. Omit statements about missing elements unless explicitly relevant.

Chain-of-Thought (CoT) Captioning
VISUAL FOUNDATION (Image Analysis Only): Identify visualization type, axes, labels, legends, data representations.
CONTEXTUAL MEANING: Extract study aim, experimental focus, methods, key claims.
ALIGNED SYNTHESIS (Intelligent Combination): Integrate visual+text; resolve conflicts; highlight context-only insights.
CAPTION GENERATION (Composition Guidelines): Compose 300-400 word coherent paragraph; start with purpose; integrate visuals+context;

SELF-VALIDATION (Quality Control): Verify evidence, completeness, keyword coverage; remove speculation and redundancy.

Figure 3: Overview of two captioning prompts (Standard and CoT), displayed in compact form to accommodate length constraints.

Table 1: Rubrics for figure caption evaluation, scored from 1
to 4 with definitions and endpoint anchors.

Rubric Definition (1 = lowest, 4 = highest)

Technical Correct- Accuracy of terminology, values, and conceptual
ness relationships (1 = factual errors; 4 = technically pre-
cise and complete).

Coverage of salient visual and conceptual elements
(1 = misses >50%; 4 = full, detailed coverage).
Conciseness and Fo- Redundancy vs. essential insight (1 = obscures main
cus ideas; 4 = lean and informative).

Context Integration ~ Use of methodological information from the article
(1 = absent; 4 = methods used to enhance analysis).
Analytical use of visuals beyond listing (1 = superfi-
cial listing; 4 = synthesizes visual data for insight).

Completeness

Visual Integration

(Foc), Context Integration (CIN), and Visual Integration (VIN). The
rubrics separately assess factual accuracy, information coverage,
contextual grounding, and use of visual evidence; Foc penalizes
irrelevant or redundant expansion rather than caption length itself.
We use fine-grained criteria following [13]. GPT-5-chat evaluates
generated captions using both the figure image and textual con-
text, producing scores with short justifications. We note that the
judge shares a vendor with one of the captioning models (GPT-40);
since the observed ranking favors GPT-4o on intrinsic quality, any
such bias would work against the conclusion we ultimately draw
regarding open-source viability.

Human validation. Two of the authors independently rated a
small random sample of figure—caption pairs from the production
corpus using the same five rubrics, blind to which configuration
produced each caption; reported scores are averaged across raters.
We did not compute formal inter-annotator agreement statistics,
and the sample is small relative to the LLM-scored set; the human
ratings should therefore be read as a consistency check on the LLM
judge rather than as independent validation.

RAG Evaluation. As no standard benchmark exists for joint
figure-text retrieval and QA, we construct a synthetic test set of 450

queries following the methodology of SPIQA [28]. Using Claude
Sonnet 4, we generate query-answer pairs balanced across three
categories (150 each): text-only, image-only, and cross-modal. Each
query undergoes multi-call consensus verification and manual vali-
dation. Formally, each test sample is a tuple {Q, O, ype> Egt» Age, Sia}s
where Q is the query, Q;yp. indicates the modality, E;; denotes
ground-truth evidence, Ay is the reference answer, and S;  is the
source article. We note that synthetic queries are not a substitute for
observed user information needs; our benchmark is best read as a
controlled comparison across figure representations under matched
conditions, rather than as evidence of end-user impact.

Metrics. For retrieval, we report Recall@k (k € {1,5}) and Mean
Reciprocal Rank (MRR). For answer quality, we use both lexical met-
rics (BLEU, ROUGE-L) and LLM-as-a-judge scores following [30]:
Answer Correctness (A.Cor), Answer Relevancy (A Rev), Text Faith-
fulness (T.Far1), and Image Faithfulness (I.FA1). These metrics assess
downstream answer quality rather than caption quality itself.

4.4 Models

Text Retrieval Models. We consider both lexical and dense re-
trieval backbones. As a lexical baseline, we use BM25 [31]. For
dense retrieval, we evaluate three representative text embedding
models: Snowflake Arctic Embed®, BGE [41], and all-MiniLM°. Un-
less otherwise stated, we use Snowflake Arctic Embed as the default
text encoder/retriever in our pipeline, as it yields the strongest re-
trieval performance in our setting (Figure 5). We nevertheless report
results with BM25, BGE, and all-MiniLLM to assess robustness across
retrieval paradigms.

Visual Embedding Model. For experiments that require direct
visual indexing (Section 5.2), we compute image embeddings using
CLIP (ViT-B/32).

Vision—Language Models for Captioning. For enriched caption
generation, we evaluate both open-source and proprietary vision—-
language models. The open-source models include LLaVA-1.5 [24],
Shttps://huggingface.co/Snowflake/snowflake-arctic-embed-m

®https://huggingface.co/sentence-transformers/all- MiniLM-L6-v2
7https://huggingface.co/openai/clip-vit-base-patch32
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Qwen2-VL [37], and MiniCPM-V 2.6 [43], while GPT-4o is used
as a representative proprietary model. This model set enables a
controlled comparison of caption quality and retrieval utility under
different deployment constraints.

4.5 Implementation Details

Unless otherwise specified, we follow the default model choices
described in Section 4.4. All open-source model inference is per-
formed on a single NVIDIA A10 GPU. For proprietary captioning
results, we query GPT-4o via its API under the same captioning
prompts and contextual inputs. All reported results come from a
single generation run per configuration; we do not report variance
across repeated runs, and small differences between models should
be interpreted with this in mind.

5 Experimental Results

We present results organized by our three research questions: cap-
tion generation quality (§5.1), retrieval performance (§5.2), and
answer generation (§5.3). Our key findings are: (1) textual context
selection drives caption quality far more than prompting strategy,
with hybrid context performing best; (2) enriched captions outper-
form visual embeddings and original captions in retrieval; (3) open-
source models achieve competitive performance at much lower cost.

5.1 Caption Generation Quality (RQ1)

In this subsection, we investigate RQ1: How can visual content and
textual context be combined to generate accurate and comprehen-
sive enriched captions.

Impact of Textual Context. As shown in Table 2 (Part A), hy-
brid context achieves the best average score on both datasets (2.47
on SciCap, 3.53 on the production corpus), combining the author
caption, article keywords, and figure mentions. The gains are con-
centrated in context and visual integration (CIN, VIN), while con-
ciseness (FOC) is consistently lower than with base context alone—
enrichment adds retrievable content at the cost of brevity, a trade-off
we accept for indexing purposes. Local context (figure mentions)
proves more valuable than global context (titles and abstracts),
which scores lowest overall (1.95 AVG on SciCap).

Impact of Captioning Model. In Table 2 (Part B), GPT-40 leads on
intrinsic caption quality on both datasets, with the gap considerably
wider on SciCap (3.07 vs. 2.47 AVG) than on the production corpus
(3.73 vs. 3.53 AVG). MiniCPM-V 2.6 is therefore not the stronger
captioner in absolute terms. Its appeal is that this quality gap does
not translate proportionally into retrieval utility (§5.2), while it
incurs no API charges and runs on a single commodity GPU. For
an indexing pipeline operating over millions of figures, this makes
it the more practical choice despite the lower intrinsic scores.

Impact of Prompting Strategy. Part C of Table 2 compares
prompting strategies. CoT prompting produces small and mixed
changes: context and visual integration improve (CIN 3.28 — 3.32;
VIN 3.73 — 3.81), consistent with explicit reasoning steps helping
the model attend to both context and visual evidence, while concise-
ness declines (FOC 3.14 — 3.06). The net effect on the average score
is marginal (3.53 — 3.55). In our setting, the choice of textual context
(Part A) matters considerably more than the prompting strategy.
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Model Performance vs Inference Speed
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Figure 4: Retrieval performance (MRR on SciCap) against
inference speed and per-caption API cost for five captioning
models using enriched captions. Retrieval utility varies little
across models, while per-caption cost differs substantially.
*Throughput for proprietary models is measured end-to-end
through their APIs and includes network latency; it is not
directly comparable to local inference speed.

Human Evaluation. Table 3 reports human ratings collected on
the production corpus, following the same three-part design as the
LLM-based evaluation. The orderings agree with the LLM judge
on all three comparisons: hybrid context scores highest and global
context lowest (Part A, 3.34 vs. 2.26); GPT-40 remains slightly ahead
of MiniCPM on intrinsic caption quality (Part B, 3.44 vs. 3.34);
and CoT prompting yields only a modest average gain over the
standard prompt (Part C, 3.34 — 3.40). Two divergences are worth
noting. First, human averages are lower than LLM scores in every
comparable condition, by 0.15 to 1.03 points, with the largest gaps
on the weakest configurations—the LLM judge appears to compress
the low end of the scale, which suggests such scores are better
suited to relative comparison than to absolute quality estimation.
Second, the two protocols disagree on the effect of CoT prompting
on conciseness (FOC): human raters record a clear improvement
(2.80 — 3.60) where the LLM judge records a slight decline (3.14 —
3.06), though both agree that completeness does not improve. Given
the small sample and the absence of formal agreement statistics, we
treat these ratings as a consistency check on the LLM-as-a-judge
protocol rather than as independent validation.

Summary. Overall, these results demonstrate that combining
visual content with carefully selected local textual context is critical
for generating enriched captions that are accurate, context-aware,
and suitable for downstream retrieval.

5.2 Retrieval Performance (RQ2)

In this subsection, we next address RQ2: How do enriched captions
compare to raw author captions and direct image embeddings in
downstream retrieval tasks? Table 4 illustrates the retrieval per-
formance across different figure representations. We present two
primary findings:

First, enriched captions substantially outperform direct visual
embeddings (0.152 — 0.959 MRR on SciCap; 0.092 — 0.468 on
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Table 2: Comparative analysis of caption quality across different contexts and models. = denotes significance over the
corresponding baseline (p < 0.001, paired ¢-test); AVG is excluded from significance testing.

Dataset Method / Model COR COM FOC CIN VIN AVG
Part A: Impact of Textual Context (using MiniCPM)
SciC Base context 2.44 2.88 1.87 2.40 2.46 2.41
at-ap Global context 1.91 2.28 1.32 2.23 1.99 1.95
Local context 2.20 2.65 1.72 2.25 2.30 2.22
Hybrid context (Best) 246" 2.84 1.77 2.72" 256 2.47
Producti " "Basecontext ~  ~ 3.83  ~ ~ 336 338 ~ ~ 317 = = 352 ~ ~ 345
roduction Global context 3.76 3.22 2.96 3.15 238 3.29
Local context 3.83 3.47 3.12 3.19 3.55 3.43
Hybrid context (Best) 3.90"" 3.62" 3.14 3.28" 3.73" 3.53
Part B: Comparison of Captioning Models (using Hybrid Context)
SciCa MiniCPM 2.46 2.84 1.77 2.72 2.56 2.47
P GPT-40 3347 3.67" 3.07 3.14” 3.22"7 3.07
. " "MiniCPM ~ ~ © 7 7 7 390~ 3.62 314 328 373 353
Production - -
GPT-40 4.00 3.92 3.17 3.58 4.00 3.73
Part C: Impact of Prompt Strategies (using MiniCPM + Hybrid Context)
Standard Prompt 3.90 3.62 3.14 3.28 3.73 3.53
Production CoT Prompt 3.94 3.63 3.06 3.32 3.81 3.55

Table 3: Human evaluation of caption quality across contexts,

[ Generated Caption

[ Original Caption

models, and prompting strategies on the production corpus.
Best average score per part in bold.

Method COR COM FOC CIN VIN AVG
Part A: Impact of Textual Context (using MiniCPM)

Base context 2.80 2.50 2.20 2.40 3.20 2.62
Global context ~ 2.40 2.00 2.10 2.10 2.70 2.26
Local context 2.70 2.80 2.60 2.70 3.10 2.78
Hybrid context 3.60 3.60 2.80 3.40 3.30 3.34
Part B: Comparison of Captioning Models (using Hybrid Context)
MiniCPM 3.60 3.60 2.80 3.40 3.30 3.34
GPT-40 3.70 3.50 3.20 3.40 3.40 3.44
Part C: Impact of Prompt Strategies (using MiniCPM + Hybrid Context)
Standard Prompt 3.60 3.60 2.80 3.40 3.30 3.34
CoT Prompt 3.60 3.20 3.60 3.30 3.30 3.40

the production corpus). CLIP-based encoders resolve fine-grained
details such as axis labels and domain-specific symbols poorly;
converting the figure to text makes these entities—visually latent
but named in the surrounding article—explicitly indexable.
Second, enriched captions also outperform author captions (0.859
— 0.959; 0.323 — 0.468), indicating that the gain comes from contex-
tual fusion rather than from text indexing alone: original captions
and figure mentions supply precise semantic anchors, while article
keywords broaden the surface the retriever can match against.
Figure 4 relates retrieval performance to inference speed and
per-caption token cost®. Retrieval utility is essentially flat across
the five captioning models (MRR between 0.944 and 0.966) despite

8Cost per caption is estimated from empirical averages in our experiments:
Costgprgo = (170X 2.5X1070) + (227X 1.3 X 10X 107°) ~ $0.0034; CostClaude-3.5 =
(170x3%x107%) +(235x 1.3x 15X 107°) ~ $0.0051, assuming a 1.3 token/word ratio.
Open-source models are reported at $0 in the sense of no per-call API charges; local in-
ference still consumes hardware, energy, and operational effort that we do not quantify.
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+12.7% 0, +7.9% +7.9%
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Figure 5: Retrieval performance across various search
paradigms on SciCap. Our Enriched Caption (EC) consis-
tently outperforms the original author-written captions (OC)
across lexical and dense retrievers.

substantial differences in intrinsic caption quality and price, with
the two proprietary models sitting at the lower end of this narrow
band while charging $0.0034-$0.0051 per caption. This compari-
son runs on SciCap, where headroom is limited—author captions
alone reach 0.859 MRR—so flatness here could in principle be a
ceiling artifact. The production corpus, which we treat as our pri-
mary evidence, gives the same picture for the two models evaluated
there (0.468 vs. 0.448 MRR, Table 4): caption quality and retrieval
utility remain only loosely coupled. At indexing scale, the dom-
inant consideration is therefore cost rather than caption quality.
One caveat applies to the throughput axis: figures for proprietary
models are measured end-to-end through their APIs and include
network latency and server-side batching, whereas open-source
figures reflect local inference on a single A10 GPU; the two are not
directly comparable.

Figure 5 demonstrates the robustness of enriched captions across
search paradigms. Unlike original captions, which often lack the
keyword density required for lexical search (BM25), EC consistently
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Table 4: Retrieval performance comparison across different figure representations. Enriched Captions demonstrate superior
retrieval effectiveness compared to pure Visual Embeddings (VE) and sparse Original Captions (OC). ~ denotes significance

over VE, OC, and EC (GPT-40) (p < 0.001, paired ¢-test).

Encoding type Representation SciCap (S) Production (P)

MRR R@1 R@5 MRR R@1 R@5
Visual VE (Openclip-1) 0.152 0.106 0.211 0.092 0.067 0.133
Textual OC (Original Author Caption) 0.859 0.840 0.886 0.323 0.240 0.477
Textual EC (GPT-40 Enriched Caption) 0.959 0.949 0.971 0.448 0.325 0.622
Textual EC (MiniCPM Enriched Caption - Ours) 0.959 0.959°  0.971 0.468  0.347  0.665

improves performance in both vector-based and keyword-based
retrieval, and the improvement is stable. This stability stems from
the “text anchoring” effect. By populating the index with both visual
descriptions and contextual keywords, EC increases the searchable
surface area of the figure, ensuring that it remains retrievable even
under varied query formulations or retrieval algorithms.

Summary. Enriched captions outperform direct visual indexing
while remaining robust across retrieval methods.

5.3 Answer Generation Quality (RQ3)

Finally, we investigate RQ3: how do different figure representations
affect downstream answer quality in an end-to-end RAG pipeline?
In all conditions the top-ranked figure is passed to the answer
generator as visual input, so the representation under compari-
son determines both which figure is retrieved and what textual
grounding accompanies it.

We employ GPT-40 as the answer generator, conditioning on
all retrieved textual chunks while providing the top-ranked figure
as visual input. Tables 5 and 6 report both reference-based metrics
and LLM-as-a-judge evaluations.

Both enriched caption variants improve over visual embeddings
and original author captions on every metric. The largest gain is
in image faithfulness (LFAL 3.30 for original captions to 3.92-3.95
for enriched captions). In the deployed configuration the enriched
caption both selects the figure and grounds the generator, so these
end-to-end numbers—the quantity deployment cares about—do not
attribute the gain between the two roles; an ablation holding re-
trieval fixed would be needed to separate them. Differences between
the two captioning models, by contrast, are marginal: MiniCPM
captions yield slightly higher BLEU, ROUGE-L, and LFAI, GPT-40
captions score marginally higher on text faithfulness (4.37 vs. 4.35),
and answer correctness and relevancy are identical. These lexical
gaps are small in absolute terms (BLEU 0.0991 vs. 0.1010) and we do
not report significance for these comparisons, so the appropriate
reading is parity between the two captioning models rather than
superiority of either.

Summary. Enriched captions bridge retrieval and generation,
and a lightweight open-source captioner grounds downstream an-
swers as effectively as a proprietary one.

6 Additional Analysis and Discussion

In this section, we first introduce a conceptual framing—the seman-
tic spectrum — to characterize different captioning strategies, then
illustrate our approach through a case study.

Table 5: Answer generation performance comparison on the
Production data.

Modality Representation BLEU ROUGE-L
Visual VE (Openclip-1) 0.0715 0.2494
Textual OC (Original Caption) 0.0925 0.2783
Textual EC (GPT-40 EC) 0.0991 0.2884
Textual EC (MiniCPM - Ours) 0.1010 0.2914

Table 6: LLM-as-a-judge evaluation of answer quality on the
Production dataset.

Modality Representation A.COR A.REL T.FAI L.LFAI

Visual  VE (Openclip-1) 298 427 349 271
Textual OC (Original Caption) 349  4.51 435 3.30
Textual EC (GPT-40) 3.62 4.54 4.37 392
Textual EC (MiniCPM - Ours) 3.62 4.54 435 3.95

6.1 The Semantic Spectrum of Figure
Captioning

A framing we found useful in practice is that the optimal represen-
tation of a scientific figure is not a fixed linguistic translation of its
visual pixels, but rather a tunable position on a semantic spectrum
(see Figure 7). We propose that the role of a caption in RAG should
lie somewhere between the descriptive pole and the indexing
pole. We hypothesize that the optimization target for captions can
shift along this spectrum based on the application scenario:

e The Descriptive Pole (Visual Reconstruction): At this end,
the goal is exhaustive visual detail (e.g., “A blue line graph with
five data points”). This is essential for Visual Question Answering
(VQA) where the model must “see” the raw evidence.

¢ The Contextual Mid-point (Semantic Grounding): Our en-
riched caption resides here. By infusing the caption with paper men-
tions (e.g., “The 50 GeV energy peak of the Crab Pulsar”), we bridge
the gap between abstract visual shapes and domain-specific entities.
This is the operating point explored in our scientific RAG setting.

e The Indexing Pole (Intent Anticipation): At the far end,
the caption acts as a functional tag or an “abstract token.” It may
include metadata not present in the image. For retrieval, this serves
as a query-anticipatory bridge, helping retrieve the figure for high-
level methodology queries even when the figure itself contains only
numerical data.
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Case Study: What context enrichment adds to an author caption.

Target Figure Original Caption Paper Context Enriched Caption (Ours)
L deew Fig. 9. An illustration of 6D lo- Title: An Overview on Integrated Localization (figure overall) The image is a schematic diagram illus-
C 3 ﬁ calization and HAP-assisted lo- and Communication Towards 6G trating two localization techniques for UAVs in future net-
calization approaches for UAVs. Abstract: ...6G should provide ubiquitous connec- works: 6D localization and HAP-assisted localization...
L "T'rka.mn tivity...; accurate location aids beam alignment In 6D localization, both Azimuth of Arrival (AOA) and Az-
AT .

hoaL0s and network optimization.

e ‘gf‘f" Mentions: [ ... AOA/AOD estimated in uplink/- assisted localization, the quasistatic floating aerial BSs...
xAlg " g&“ downlink 6D localization; quasistatic floating (retrieval terminology) Terminology includes 6D localiza-
e \Jﬁ aerial BSs HAP-assisted localization ... ] tion, AOA, AOD, uplink, downlink...

imuth of Departure (AOD) (mentions caught)... For HAP-

Figure 6: Context-aware caption generation. Domain-specific entities (green) are extracted from the paper context but absent
from the original caption, enriching the figure’s semantic representation.

The Semantic Spectrum of Figure Captioning

Descriptive Pole
P ° "

Indexing Pole

Enriched Caption

Visual Reconstruction Semantic Grounding Intent Anticipation

Goal: Scientific RAG

Goal: VQA/ Accessibility Goal: High-recall Search

e.g., “Ablue line chart with eg. "The 50 GeV energy e.g., *High Energy Physics

five data points ..." peak of the Crab Pulsar ...” Standard Calibration ..."

>

ing ion / ing intent ali

Figure 7: The semantic spectrum of figure captioning. Our
enriched caption occupies the mid-point, balancing visual
fidelity with retrieval utility for scientific RAG tasks.

Traditional image captioning targets the descriptive pole, map-
ping visual elements one-to-one into text. For retrieval, a caption
instead serves as a semantic anchor that expands the “reachable”
territory of potential user queries, including through visually latent
or context-derived information. Caption quality therefore depends
on both evidential fidelity and retrievability: contextual informa-
tion may improve reachability, but should remain supported by
the article and not contradict visual evidence. Where the optimal
balance lies for other multimodal RAG tasks is left to future work.

6.2 Case Study

Figure 6 illustrates the caption generation process on a represen-
tative figure. The original author caption (“An illustration of 6D
localization and HAP-assisted localization approaches for UAVs”)
provides minimal retrievable content: it names neither the techni-
cal quantities depicted nor the terminology a user would plausibly
search for. Our enriched caption recovers domain-specific entities—
AOA, AOD, and the HAP layer—that appear as labels in the diagram
and are elaborated in the surrounding mentions, but are absent
from the author caption. This illustrates a mechanism contribut-
ing to the retrieval gains in §5.2: enrichment expands the figure’s
searchable surface area with terms that appear in queries but not
in author captions. The example also shows the two provenances
an enriched caption mixes: statements grounded in the figure itself,
and statements derived from article context. Our prompts permit
both by design, so an enriched caption is faithful to the article

rather than to the figure alone; whether context-derived statements
are also consistent with the figure is what we leave unmeasured.

7 Conclusions & Limitations

We reported on the design and evaluation of a context-enriched
figure indexing system for a large-scale scientific digital library.
Converting figures into enriched captions that fuse visual content
with local article context makes them retrievable through a stan-
dard text stack, outperforming author captions and CLIP-based
embeddings and yielding higher end-to-end QA scores.

Two lessons stand out. Local context matters more than global:
figure mentions contribute most of the gain, while titles and ab-
stracts can add noise. Caption quality also couples only loosely to
retrieval utility—GPT-40 writes better captions, yet an 8B open-
source model retrieves comparably without per-call API charges,
making it practical at indexing scale.

Several limitations remain. Test queries are LLM-generated rather
than observed from users and share article provenance with the
enriched captions, which are generated once offline and cannot
adapt to specific query intent. Because enriched captions include
figure mentions and keywords absent from author captions, this
asymmetric provenance may inflate gains relative to independent
user queries. Quality is scored mainly by an LLM judge sharing a
vendor with GPT-40, checked against a small human sample with-
out agreement statistics; results are single-run and lack confidence
intervals, so small differences indicate parity rather than ordering.
Recall-oriented metrics leave false positives unmeasured, while
near-ceiling SciCap results offer limited discrimination. We also do
not quantify visually ungrounded claims, leaving the safeguards
of §3.2.2 unvalidated; we use off-the-shelf captioning models, lack
comparisons against richer multi-modal RAG architectures under
matched cost and latency, and evaluate on a single-publisher corpus.
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