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Abstract
Engineering legend sheets are vital in Engineering, Procurement,
and Construction (EPC) projects, visually defining complex assem-
blies. Automating information extraction from these legends can
significantly reduce manual effort, yet their spatially ambiguous
layouts pose barriers to digital transformation. To address this,
we introduce ICICLE (In-Context Interactive Cue-guided Legend
Extractor), a Generative AI system for parsing these documents.
ICICLE’s core innovation is the In-Context Multimodal Annotation
Prompting (ICMAP) method. This technique instructs a Vision Lan-
guage Model (VLM) by providing a single annotated visual example
alongside a textual prompt. This enables the VLM to ground ab-
stract concepts like “detailed assembly” in visual evidence, making
the system adaptable without per-query annotation or costly model
retraining. Validated on legend sheets from four industrial projects,
ICMAP achieved superior extraction accuracy (96–100%) compared
to established alternatives and demonstrated robustness across
varied visual examples. An ablation study confirms that the tight
coupling of visual annotations and textual instructions is critical
for success. ICICLE serves as a successful case study for opera-
tionalizing Generative AI, offering a blueprint for solving complex
information extraction tasks in challenging industrial domains.

CCS Concepts
• Applied computing→ Engineering; • Computing method-
ologies → Computer vision.
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1 Introduction
The Engineering, Procurement, and Construction (EPC) industry
executes projects involving the construction of large-scale facilities.
During the early project stages, engineers receive numerous engi-
neering diagrams and legend sheets, often in PDF format to protect
intellectual property [13]. Engineers are required to analyze these
drawings and their corresponding legends to produce deliverables
for later project stages. A critical task is understanding component
assemblies, which are often depicted in a simplified representation
on the main diagrams but explained in full detail on the project’s
legend sheets [14]. As a standard EPC project can involve hundreds
of such drawings, the manual analysis of legends represents a sig-
nificant expenditure of engineering hours and cost and a critical
bottleneck in the digitalization of engineering workflows [12].

Automating the extraction of this structured information is there-
fore a high-impact goal for the digital transformation of the EPC
industry. However, this task presents a distinct challenge for AI
systems because engineering legends often contain semantically
distinct but spatially ambiguous regions. As shown in Figure 1, a leg-
end may depict a “detailed” and a “simplified” assembly side-by-side
with no explicit visual separators like lines or boxes to distinguish
them. Due to the absence of standardized formats, this ambiguous
layout is common, making it difficult to automatically and correctly
associate extracted information with its intended region.

The difficulty of handling such spatial ambiguity exposes specific
limitations in current AI methodologies. Classical computer vision
pipelines using Optical Character Recognition (OCR) can extract
text but lack the contextual understanding to group it correctly
without brittle, hand-crafted rules [3]. More advanced approaches
using segmentation models like SAM [9] are designed to identify
visually salient objects (e.g., individual shapes), not conceptual
groupings like an “assembly”, making them ill-suited for the task.
The need for extensive, per-project fine-tuning for these methods
limits their scalability and practicality in an industrial context [24].
This highlights the need for more advanced intelligent systems,
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leading to our guiding research question: “How canwe engineer a
practical and scalable intelligent system capable of automat-
ing information extraction from blueprint legends, including
those characterized by ambiguous spatial layouts?”

To answer this question, we designed, implemented, and evalu-
ated ICICLE (In-Context Interactive Cue-guided Legend Extractor),
a proof-of-concept intelligent system for automated engineering
legend information extraction. This work isolates and expands upon
the core Vision Language Model (VLM) component from our previ-
ously published hybrid pipeline for engineering document analysis
[19]. While our prior study demonstrated this component’s effec-
tiveness within an end-to-end industrial workflow, its scope did
not include a standalone analysis or a comparison against other
VLM-based strategies.

This paper provides a focused investigation by formalizing the
technical contribution as a multimodal prompting strategy we call
In-Context Multimodal Annotation Prompting (ICMAP). Rather
than relying on a VLM’s pre-trained knowledge to infer struc-
ture from non-standard layouts, ICMAP explicitly anchors abstract
concepts (e.g., “detailed region”) to specific visual patterns via a
single, annotated example image integrated with referential tex-
tual instructions. This approach allows the VLM to resolve spatial
ambiguity through in-context learning, enabling the ICICLE sys-
tem to accurately parse new legend sheets without the need for
modification or fine-tuning. We validate the ICMAP strategy on a
real-world dataset from four distinct industrial projects, conducting
the comprehensive evaluation that was absent in our prior work,
which includes ablation studies and comparisons against strong
VLM-specific baselines. ICICLE serves as an industrial case study
of operationalizing Generative AI in intelligent systems. It provides
generalizable insights into the architectural choices, prompting
strategies, and workflow integration required to move from a raw
AI capability to a practical intelligent system. Our work makes the
following contributions:

• A systematic investigation of existing AI methods on in-
dustrial diagrams, empirically demonstrating why they are
insufficient for this automation task.

Figure 1: An example of a typical instrument assembly legend
sheet. The core challenge is automatically distinguishing
the detailed assembly from the simplified representation
without any explicit visual separators between them.

• The formalization and evaluation of ICMAP, a multimodal
prompting strategy requiring no model fine-tuning that en-
ables a VLM to extract information from engineering legends
with ambiguous layout. We demonstrate that integrating a
single annotated visual example with referential textual cues
serves as a highly data-efficient alternative to fine-tuning.

• The design and implementation of ICICLE, a proof-of-concept
intelligent system with a user interface that employs ICMAP
and serves as a blueprint for integrating VLMs into practical
engineering workflows.

• An empirical validation of ICICLE, achieving 96-100% accu-
racy on a proprietary industrial dataset. Our ablation studies
provide quantitative evidence that the interplay between
visual annotations and textual cues is a critical requirement
for accuracy in this domain.

2 Related Work
In this section, we review the existing research in blueprint informa-
tion extraction, visual prompt engineering, as well as in-context and
few-shot learning. Importantly, we also comment on the limitations
of these methods in terms of automating information extraction
from blueprint legend sheets.

2.1 Information extraction in engineering
blueprints

Research on information extraction from engineering drawings
primarily relies on Optical Character Recognition (OCR) tools and
handcrafted heuristic rules [5, 8, 16, 20]. This typically involves
using a text detector like EAST [30] followed by a recognizer like
Tesseract [21]. The extracted text is utilized via proximity-based
heuristics, such as Euclidean distance [3]. However, these rule-based
methods are brittle as they often fail when faced with dense layouts
or inconsistent spacing, which are common in real-world diagrams.
Their fundamental limitation is a lack of contextual and semantic
understanding, making them unsuitable for reliably parsing the
conceptual regions found in engineering legends.

2.2 Visual Prompt Engineering
Several studies have explored visual prompt engineering techniques
to guide VLMs. The authors of [17] modify the query images by
manually inserting a red circle as a visual prompt to influence VLMs
to analyze specific regions. However, this approach can introduce
occlusions and is not practical, as it requires the manual anno-
tation of every query image. To automate the creation of visual
prompts, other methods leverage recognition models. For example,
Contrastive Region Guidance [24] uses object detectors, while Fine-
Grained Visual Prompting [27] employs the Segment Anything
Model (SAM) [9] to generate segmentation masks. Similarly, the
Attention Prompting on Image (API) method [28] uses CLIP [15]
to locate objects based on a text query. Another example is the
WorldAfford framework [2], which first uses an LLM with Chain-
of-Thought prompting to reason about a task, and then explicitly
employs SAM and CLIP as an intermediate step to localize rel-
evant objects in a scene before final analysis. The fundamental
limitation of these methods for our domain is their reliance on
object-centric recognition. Models like SAM are trained to segment
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visually distinct objects (e.g., a specific shape or entity). However,
engineering legends require identifying concepts. A “detailed as-
sembly” is not a single object, but a loose conceptual grouping of
symbols and text with no clear visual boundary separating it from
the adjacent “simplified” representation. As our results will show,
object-centric methods struggle to identify these abstract groupings
without costly, task-specific fine-tuning. This highlights the need
for an end-to-end prompting strategy that guides the VLM directly
without relying on a brittle, intermediate object recognition step.

More recently, Chain-of-Region (CoR) preprocesses diagrams
by identifying visual regions using traditional computer vision
tools and rule-based heuristics [11]. CoR then incorporates the
extracted metadata into a VLM prompt for fine-grained analysis.
However, this methodology is fundamentally unscalable for our do-
main because it relies entirely on brittle pre-processing. While CoR
explicitly targets the “structured nature of scientific diagrams,” our
industrial legends are characterized by ambiguous spatial bound-
aries and high layout variance. This means CoR requires costly,
per-project customization of its internal rules (e.g., for shape de-
tection and region merging), a brittleness that our prompt-based
ICMAP strategy is designed to circumvent.

2.3 In-Context and Few-Shot Learning
In-context learning (ICL), which allows models to learn from a few
examples provided directly in the prompt, has shown great promise
in vision-language settings. Several models have been designed
for specific in-context vision tasks. For instance, SegGPT [25] per-
forms in-context segmentation, DINOv [10] uses visual prompts like
scribbles for referring segmentation, and IMProv [26] leverages in-
context examples for image inpainting. Despite their advancements,
these methods are highly specialized for tasks like segmentation or
inpainting. They do not directly address the challenge of structured
information extraction from spatially ambiguous regions. Further-
more, they primarily focus on visual context and do not explore the
structured interplay between annotated visual examples and refer-
ential textual instructions. While we have employed this structured
prompting strategy to evaluate symbol recognition capabilities [18]
and to enable end-to-end engineering drawing digitization [19],
those studies prioritized domain-specific application outcomes over
a systematic interrogation of the prompting mechanism itself. Con-
sequently, they did not analyze the VLM component in isolation,
perform ablation studies, or compare it against other VLM-based
strategies. This work provides this missing analysis, formalizing the
multimodal prompting strategy and validating it as a robust, data-
efficient alternative to fine-tuning for parsing spatially ambiguous
technical documents.

3 Methodology
In this section, we first describe the research context and the in-
dustrial problem. We then introduce the ICICLE proof-of-concept
system and its core technical framework, the ICMAP prompting
strategy. Finally, we detail the comparison methods, the industrial
dataset, and the experimental setup used for our evaluation.

Figure 2: The user interface of the ICICLE Proof-of-Concept
Software.

3.1 Research Context and Industrial Problem
The industrial problem is the manual, error-prone, and unscalable
process of extracting structured information from instrument leg-
end sheets. In large-scale EPC projects, these diagrams are critical
engineering artifacts, and this manual process represents a sig-
nificant bottleneck, leading to increased labor costs and potential
project delays. The challenge is to develop an automated, accurate,
and adaptable solution that handles the high diagram variability
across different projects without requiring costly, per-project model
retraining or the creation of brittle, rule-based parsers.

This study was conducted in McDermott, an international Engi-
neering, Procurement, and Construction (EPC) company, employ-
ing an Action Research (AR) methodology [4]. This approach is
ideal for applied problems, as it involves an iterative cycle where
researchers and practitioners co-develop solutions to real-world
challenges. Our AR process involved diagnosing the manual anal-
ysis of legend sheets as a key industrial bottleneck, developing
ICICLE as a solution, and evaluating its impact using proprietary
company data. While this deep immersion provides access to au-
thentic problems, we acknowledge the potential for researcher bias
[23], which we mitigate through rigorous quantitative evaluation
against objective baselines.

3.2 The ICICLE System and the ICMAP Strategy
We developed ICICLE (In-Context Interactive Legend Extractor), a
proof-of-concept intelligent system that provides engineers with a
user-friendly interface using Python and the Flask web framework,
shown in Figure 2. The system allows engineers to upload legend
sheets, select an in-context example image, and perform annota-
tions directly within the interface. Once the annotation is complete,
the engineer can write the textual instruction. The system then au-
tomatically extracts structured information from all query legends
and outputs the structured results as an Excel file for review.

The technical core employed by ICICLE is a multimodal prompt-
ing strategy we call In-Context Multimodal Annotation Prompting
(ICMAP). ICMAP creates an explicit link between visual markers
on an in-context example image and a textual instruction, which
references these markers. This strategy enables a VLM to learn
the visual characteristics of a conceptual region in a one-shot man-
ner without fine-tuning. By referencing the annotated example,
the VLM can ground abstract concepts (e.g., “detailed region”) in
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Figure 3: Visualization of the proposed In-Context Multi-
modal Annotation Prompting (ICMAP) strategy, which pow-
ers the ICICLE system.

specific visual patterns, allowing the ICICLE system to accurately
parse new, unannotated legend sheets without modification or fine-
tuning. The process, as illustrated in Figure 3, is composed of three
key elements:

• Query Image: The unmodified legend sheet from which
information needs to be extracted.

• Annotated Example: A separate example image where
regions of interest (e.g., “detailed assembly”, “simplified as-
sembly”) are highlighted with distinct visual markers, such
as colored circles.

• Referential Textual Prompt: Instructions that direct the
VLM’s attention to the annotated example to learn the visual
characteristics of each region. It then instructs the VLM to
apply this learned knowledge to identify and extract infor-
mation from the corresponding regions in the query image.

The PoC system was made available to a select group of engi-
neers to validate feasibility and workflow integration. The PoC
provides a tangible bridge between research and industrial practice
by illustrating how prompting can be integrated into existing engi-
neering workflows, providing a scalable and user-friendly approach
to reducing manual effort.

3.3 Baseline Methods for Comparison
To demonstrate the engineering value of our approach, we evalu-
ated several alternative methods:

• OCR-Based Heuristic: A rule-based baseline that uses an
OCR engine to extract all text and their coordinates. It then
applies a heuristic identifying the largest contiguous white
space. The midpoint of this gap is then used as the verti-
cal split point to group the tags. We evaluate a generalized
heuristic, as relying on layout-specific parameter tuning hin-
ders the scalability required for diverse industrial projects.

• Text-Only Prompting: A simple textual instruction asking
the VLM to identify the two regions and extract their content.
This baseline measures the model’s out-of-the-box capability
without visual guidance.

Table 1: The per-project distribution of the legend sheets.

Project A Project B Project C Project D Total
Legends 10 9 9 10 38

• Manual Annotation: A zero-shot VLM technique [17] that
involves manually drawing colored circles directly on every
single query image. While effective, its primary drawback is
its complete lack of scalability for any practical application.

• Recognition-Model-Based Prompting: We use external
recognition models to automatically generate visual prompts.
We investigate a Segmentation-Based approach where SAM
[9, 27] produces hard binary masks based on object struc-
ture, and an Attention-Based approach (API) [15, 28] where
CLIP generates soft attention heatmaps by locating regions
relevant to a text query. Both SAM and CLIP operate in a
zero-shot manner.

3.4 Experimental Setup
3.4.1 VLM Configuration. All experiments were conducted within
a secure Microsoft Azure environment to comply with the strict
confidentiality requirements of our industrial data. Consequently,
all evaluations exclusively utilized the Azure OpenAI API with
the GPT-4o model [7]. The image detail parameter is set to “high”
and the temperature is set to 0 to promote deterministic outputs.
However, previous studies indicate that LLMs and VLMs can still
produce variable results even with the temperature set to 0 [6].
Therefore, all experiments involving the VLM are conducted three
times, and the most common output is preserved. This practice
ensures the reliability of our findings [1, 6].

3.4.2 Evaluation Data. The evaluation was conducted on a propri-
etary dataset, consisting of 38 instrument assembly legend sheets
from four distinct industrial projects (referred to as A, B, C, and D)
executed by McDermott. While the total volume is constrained by
intellectual property restrictions, these documents represent the
complete set of distinct layouts used in four major capital projects,
ranging from offshore green energy infrastructure to onshore hy-
drocarbon complexes. The distribution of legends is shown in Table
1. The confidential nature of this real-world dataset ensures that
the VLM has not been trained on it, providing a robust test of gen-
eralization. This dataset was specifically chosen for its diversity
and challenges:

• Layout Variance: High variation in the arrangement and
density of components across projects.

• Spatial Ambiguity: Minimal separation between the “de-
tailed” and “simplified” assembly regions.

Examples of these challenges are shown in Figure 4 for projects A
and D. As can be seen, the positions of the “detailed” and “simplified”
assemblies vary between projects. Furthermore, there is limited
spacing between the assembly regions. Moreover, the complexity
in terms of the number of components varies.

3.4.3 Evaluation Metrics. The evaluation metric is Accuracy (Equa-
tion 1), defined to measure the correct grouping of texts inside the
shapes (tags) to their corresponding assembly region (’detailed’ or
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Project D
Simple Legend

Project D
Complex Legend

Project A
Simple Legend

Project A
Complex Legend

Figure 4: Examples of simple and complex legend images
from two projects. In Project A, the right region corresponds
to the detailed assembly, while in Project D, the left region
corresponds to the detailed assembly.

’simplified’). To ensure this metric adequately evaluates recognition
quality, we enforce a strict criterion: a tag is counted as correct only
if the optical character recognition yields an exact string match
with the ground truth.

Accuracy =
Correctly Extracted and Grouped Tags
Total Number of Ground Truth Tags (1)

To serve as the absolute baseline for comparison, a ground truth
was established through manual annotation and verification by do-
main experts at McDermott. All automated methods are evaluated
based on their ability to reproduce this expert consensus, which
represents the target 100% accuracy.

3.4.4 Robustness to Visual Example Choice. The effectiveness of
visual in-context learning greatly depends on the choice of demon-
stration images, as shown in research by [22, 29]. Therefore, we
evaluated the accuracy of ICMAP with different example images
with different arrangements and complexities. Examples of simple
and complex legend images are shown in Figure 4.

3.4.5 Ablation Studies. To isolate the contribution of each key
component of ICMAP, we evaluated its performance under two
degraded conditions:

• Without Contextual Cues: The textual prompt was mod-
ified to remove explicit references to the visual markers,
testing the impact of the visual annotations alone.

• Without Visual Annotations: The annotated example im-
age was replaced with a standard few-shot example (a clean
example image and its corresponding text answer), testing
the impact of the visual markers themselves.

4 Results
This section presents the empirical results validating the ICICLE
proof-of-concept system.We first compare the performance achieved

by ICICLE against all baseline methods. We then present the find-
ings from our robustness analysis, which is critical for any practical
intelligent system. We conclude with the results of the ablation
study, which deconstructs the key design principles of the ICMAP
strategy that powers ICICLE.

4.1 Comparative Performance Analysis
We compare the performance of ICICLE with the different baseline
methods. The performance of all methods was measured against
the expert-verified ground truth as mentioned in Section 3.4.3. First,
to validate the fundamental architectural decision to use a Vision-
Language Model, we tested a classical computer vision approach.
The OCR-Based Heuristic was evaluated on Project A and achieved
only 24.1% accuracy. The heuristic rules were unable to cope with
the minimal spatial separation between the assembly regions. Al-
though specific constraints could be engineered to solve a specific
format, such manual tuning is unsustainable across varying layouts.
Consequently, heuristic approaches are not viable. Next, we con-
ducted a comparison of different VLM prompting strategies across
all four industrial projects, with the results shown in Figure 5. An
example prompt and the output for each VLM-based method are
also illustrated in Figure 6. The results clearly demonstrate that
ICICLE’s methodology is superior:

• Performance of the ICICLE System: Powered by ICMAP,
our system achieves near-perfect results, reaching 100% ac-
curacy in Projects A, B, and D. In Project C, it achieved
96% with a complex example and 100% with a simple one,
demonstrating remarkable effectiveness and readiness for
real-world industrial data.

• Failure of General-Purpose VLM Baselines: The results
starkly highlight why a specialized strategy is necessary. The
text-only prompt, representing the VLM’s raw capability, per-
formed poorly, confirming that a simple software wrapper
around a VLM API is insufficient. Similarly, methods relying
on external recognition models also failed. This confirms
that these models cannot generalize to the abstract struc-
tures in technical diagrams, as they identify visually salient
elements but fail to recognize the conceptual “assembly” of
those elements. This failure provides the core engineering
justification for our approach.

• Comparison to Manual Annotation: Interestingly, ICI-
CLE also outperforms the manual annotation of the query
image in several cases. We attribute this to the fact that man-
ual annotation can sometimes occlude key details on the
query image itself, a design flaw ICICLE avoids by anno-
tating a separate example. Furthermore, ICICLE’s one-shot
automation is inherently more scalable.

4.2 Robustness to Example Choice
A key requirement for a practical intelligent system like ICICLE
is its robustness to variations in user input. The results in Figure
5 also serve as our robustness analysis. As shown, the system’s
performance remains highly stable regardless of whether a simple
or a complex legend is used as the annotated example. In three of
the four projects, the accuracy is identical (100%). In Project C, the
drop from 100% to 96% with the complex example is minor. This
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Figure 5: Results of the prompting methods on the evaluation projects.

Query Image PromptMethod

Analyze the 2 images depicting two regions.
In Image 1, the regions are indicated by the red
and blue circles.
The regions are NOT indicated in Image 2.
Distinguish between the two regions in Image 2.

The small region is indicated by a red circle.
The large region is indicated by a blue circle.
Each region contains interconnected circular
and square shapes and the shapes in each
region are connected via lines. 
Shapes from different regions have no lines
connecting them.

Extract the text from each region separately.
Extract only the text inside the square and
circular shapes.
Do NOT exclude repeating texts.

Provide the answer for Image 2 without colored
annotations. 

Use the following output format:
    **Small (Red) Region:**
    - ...

    **Large (Blue) Region:**
    - ...

Analyze the image depicting two regions
depicted in red and blue circles. 

Extract the text from each region separately.
Extract only the text inside the square and
circular shapes.
Do NOT exclude repeating texts.

Use the following output format:
    **Region 1:**
    - ...

    **Region 2:**
    - ...

ICMAP

Manual
Annotation

Query Image PromptMethod

**Region 1:**
- SOVY
- SOV
- XV

**Region 2:**
- ZLO
- ZLC
- ZSO
- ZSC
- XV

Analyze the image depicting two regions. 
Find the regions.
The first region on the left of the image is more
complex and larger.
The second region on the right is typically smaller.
Each region contains interconnected circular and
square shapes and the shapes in each region are
connected via lines. 
Shapes from different region have no lines
connecting them.

Extract the text from each region separately.
Extract only the text inside the square and circular
shapes.
Do NOT exclude repeating texts.

Use the following output format:
    **Region 1:**
    - ...

    **Region 2:**
    - ...

SAM

Text-
Only

Prompt

API

Extracted
Instruments

(Errors in red)

Extracted
Instruments

(Errors in red)

**Region 1:**
- SOVY
- SOV
- XV
- ZLO
- ZLC
- ZSO
- ZSC

**Region 2:**
- XV

(Mask generated by CLIP via
prompt: "two assemblies of

instrument devices")

(Mask generated by SAM
in a zero-shot manner)

Figure 6: An example of a prompt and result for each investigated method.
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Figure 7: Ablation study of ICMAP on the evaluation projects.

result provides strong evidence that the ICMAP strategy is not re-
liant on a specific, perfectly chosen example to function effectively,
highlighting its robustness for practical deployment.

4.3 Ablation Study: Deconstructing ICMAP
We performed an ablation study to validate that the interplay be-
tween visual annotations and referential text is critical for ICMAP’s
success. The results are presented in Figure 7.

• Removing Contextual Cues: When the textual references
to the annotations were removed, performance dropped sig-
nificantly. Furthermore, the model’s accuracy became de-
pendent on the choice of the example image. This demon-
strates that the visual markers alone are insufficient; the
VLM requires the textual instruction to reliably interpret the
semantic meaning of the colored regions.

• Removing Visual Annotations: Conversely, when the vi-
sual annotations were removed from the example image and
replaced with a text example answer, performance also de-
graded. This approach was prone to “hallucinating” content
from the example answer into the final output.

These results provide evidence that the coupling of visual mark-
ers and referential text enables the reliability of ICICLE. Removing
either component leads to a substantial loss in performance.

5 Discussion
The results validate that our ICICLE proof-of-concept is a highly
effective intelligent system for its industrial domain. The near-
perfect extraction accuracy is significant. The failure of baseline
methods confirms that a specialized approach is necessary. The

ICICLE system serves as a blueprint to guide VLMs to achieve
practical automation.

A crucial takeaway is the context of our VLM choice. Due to
corporate data policies, all experiments used the powerful GPT-
4o model. Within this controlled setting, the failure of baselines
demonstrates that the VLM’s raw capability alone is insufficient.
The significant performance delta highlights that the design of the
prompting mechanism is the primary driver of success, a key lesson
that thoughtful system design is critical.

5.1 Driving Digital Transformation through
Efficiency Gains

The primary value of ICICLE lies in driving digital transformation
through tangible cost and efficiency gains:

• Reduction of Manual Effort: Automating the analysis
of legend sheets eliminates substantial labor costs, directly
freeing skilled engineers for higher-value tasks.

• Elimination of Model Fine-Tuning: By relying on in-
context learning, ICMAP avoids the expensive data collection
and retraining cycles required by traditional AI solutions.

• Streamlined Integration: The system improves adoption
by outputting data in standard formats (e.g., Excel), allowing
for seamless integration into existing engineering processes.

5.2 Design Principles for Intelligent Systems
The development of ICICLE yielded several best practices:

• Avoid Costly Specialization: Methods relying on external
recognition models fail to identify domain-specific concep-
tual regions without extensive tuning. Since model training
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for every unique legend type is unscalable, our approach
that bypasses this fragile pre-processing step offers a more
robust and cost-effective architecture.

• Adopt Model-Agnostic Patterns: As a prompting pattern,
ICMAP allows the underlying VLM to be swapped or up-
graded without re-architecting the solution. This flexibility
is critical for long-term maintenance.

• Leverage Multimodal Synergy: Success relies on the refer-
ential coupling of visual annotations and textual instructions.
Intelligent systems should guide the VLM by linking modali-
ties rather than simply providing unstructured context.

• Prioritize High-Performance VLMs: While ICMAP is
model-agnostic, high-capability models are a prerequisite
for industrial-grade accuracy.

6 Conclusion
This paper presented ICICLE, an intelligent Generative AI sys-
tem designed to automate information extraction from ambigu-
ous engineering diagram legends. Central to our approach is In-
Context Multimodal Annotation Prompting (ICMAP), which en-
ables VLMs to parse complex documents using a single annotated
example, thereby eliminating retraining costs. Evaluation on indus-
trial datasets demonstrated 96–100% accuracy, significantly outper-
forming OCR heuristics and standard VLM prompting. Our ablation
studies further confirmed that coupling visual annotations with
textual instructions is critical for success. Ultimately, ICICLE serves
as a blueprint for operationalizing Generative AI in engineering,
proving that intelligent systems can be accurate, scalable, and adapt-
able. Future work will pursue two directions: evaluating the ICMAP
pattern on diverse VLMs to confirm its adaptability, and adapting
ICICLE for other engineering tasks.
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