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The application of Vision Language Models (VLMs) to industrial automation, specifically engineering blueprint 
analysis, is severely hampered by the absence of domain-specific evaluation tools. Existing benchmarks fail 
to replicate the critical visual challenges of this domain, such as high symbol density, occlusion, and visual 
similarity. Furthermore, they assume reliable pre-trained knowledge or standardized symbology, which rarely 
hold in real-world industrial settings. To address these critical gaps, we introduce BlueprintSymVL, the first 
benchmark explicitly designed to evaluate VLM symbol recognition in engineering blueprints. BlueprintSymVL is 
engineered as a strong discriminator, with test cases that systematically introduce challenges to differentiate 
model capabilities. A key innovation is our robust evaluation method, centered on a one-shot visual in

context querying strategy. At query time, the model is provided with a visual exemplar of a symbol. This 
approach eliminates reliance on unreliable pre-existing knowledge and is paired with a strict evaluation criterion 
demanding correctness on both symbol counts and their labels, setting a rigorous standard for quality assurance 
in high-stakes applications. We conducted a comprehensive benchmark of four leading VLMs (GPT-4o, Gemini 2.5 
Pro, InternVL 2.5 78B, and Qwen 2.5 VL 72B). Our analysis provides the first baseline on their readiness, revealing 
that BlueprintSymVL is highly discriminative. We pinpoint specific failure modes, including a notable degradation 
in cluttered environments, confusion when faced with visually similar distractors, and a concerning propensity 
to hallucinate symbols. These insights demonstrate that current VLMs are not yet suitable for autonomous 
deployment in blueprint analysis and are best integrated into human-in-the-loop workflows.

1. Introduction

The use of Vision Language Models (VLMs) is increasingly being ex

plored for industrial automation. Due to their ability to process both 
visual and textual modalities, these multimodal models hold significant 
promise for enhancing efficiency in industrial sectors like engineering 
and manufacturing. A critical application in this domain is the auto

mated extraction of data from engineering blueprints. These documents 
serve as the definitive source of information for engineering projects, 
containing essential data about design, maintenance, and operations. 
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Thus, it is envisioned that VLMs could accelerate engineering workflows 
and assist in quality control [1].

However, the practical use of VLMs in the engineering industry re

quires overcoming significant domain-specific challenges. While foun

dation models are designed for general-purpose applicability, high

stakes industrial domains demand a higher standard of validation that 
goes beyond generalist capabilities. The goal is not just broad compe

tence, but industrial-grade reliability in critical tasks. The visual domain 
of engineering blueprints is fundamentally different from the images 
on which these models are typically trained. Industrial engineering 
blueprints often feature many symbols appearing in close proximity, 
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occlusions in the form of revision markups, as well as numerous dis

tinct symbols that are visually similar [2]. The challenges of visual 
density and noise are well-established barriers to accurate object de

tection [3--5]. However, in the engineering industry, mistakes can lead 
to failures, safety incidents, and significant financial consequences [6]. 
There is little to no room for perceptual error.

This study is directly grounded in these challenges encountered at 
McDermott, a global provider of engineering and construction solutions 
to the energy industry. The lack of symbol standardization across engi

neering projects [7] creates a significant operational bottleneck, making 
the traditional approach of training a specialized computer vision model 
for each project prohibitively expensive and slow. This industrial con

text motivated our research to investigate a more scalable paradigm, 
using the generalist nature of VLMs to recognize symbols from a sin

gle visual example, on the fly. This potential shift from project-specific 
training to flexible, one-shot detection makes the need for a targeted, 
reliable evaluation methodology particularly acute.

This industrial need highlights a critical gap that existing VLM 
benchmarks are not suited for evaluating VLM reliability for this task. 
They typically fall into two categories: generalist benchmarks that fo

cus on commonsense reasoning, or specialized benchmarks that target 
high-level reasoning using simplified or non-representative visual in

puts. Neither is designed to systematically test a model’s performance 
under the specific combination of density, occlusion, and visual similar

ity inherent to real-world engineering blueprints [2,5,8]. Compounding 
this issue, existing benchmark evaluation strategies often assume either 
reliable pre-trained knowledge of the visual domain or document stan

dardization. These assumptions break down in blueprint analysis, where 
symbols are often non-standardized and project-specific.

These evaluation gaps motivate our research question: How can 
state-of-the-art Vision Language Models be systematically evalu

ated for symbol recognition in engineering blueprints, and what 
is the impact of the domain-specific challenges of visual density, 
occlusion, and similarity on their reliability?

To address this question, we introduce BlueprintSymVL,1 a domain

specific benchmark designed to systematically evaluate VLM capabilities 
for symbol recognition in engineering blueprints [9]. The benchmark 
defines targeted test cases to evaluate VLM performance, focusing on: 
symbol recognition when no challenges are present, recognition in dense 
layouts, recognition among visually similar symbols, recognition in oc

cluded regions, and the rejection of irrelevant inputs (negative testing). 
Uniquely, BlueprintSymVL employs a one-shot visual in-context query

ing strategy, in which a model is given a single visual exemplar of the 
target symbol at query time. This strategy avoids the pitfalls of relying 
on pre-trained knowledge or standardized documentation and to our 
knowledge, has not been used in prior VLM benchmarks.

The contributions of this paper are as follows:

• A Novel, Domain-Specific Benchmark (BlueprintSymVL): To our 
knowledge, we designed BlueprintSymVL as the first targeted 
benchmark to evaluate VLM symbol recognition in engineering 
blueprints that feature the challenges of clutter, occlusion, and vi

sual similarity. The benchmark was explicitly designed as a strong 
discriminator: it establishes a solvable baseline on simple tasks, 
where leading models perform well, while systematically introduc

ing challenges that expose critical failure modes and differentiate 
the capabilities of the models.

• A Robust Symbol Recognition Evaluation Method for VLMs: We 
introduce a novel evaluation method designed to assess VLM re

liability for high-stakes industrial tasks. This method innovatively 
combines two key components: (1) a one-shot visual in-context 
querying setup, where models are guided by a visual example, elim

inating reliance on unreliable prior knowledge and (2) a strict eval

1 https://doi.org/10.5281/zenodo.17250377.

uation criterion that demands correctness on both symbol counts 
and their specific labels. Together, these ensure genuine symbol 
identification, establishing a rigorous standard for quality assurance 
in critical AI applications.

• A Comprehensive Benchmark of State-of-the-Art VLMs: We con

ducted a detailed benchmark of four leading VLMs using Blueprint

SymVL: GPT-4o, Gemini 2.5 Pro, InternVL 2.5 78B, and Qwen 2.5 
VL 72B. This benchmark provides the first baseline on the current 
readiness of these models for engineering blueprint symbol recog

nition.

• Actionable Insights into VLM Failure Modes: Our analysis pinpoints 
specific, critical failure modes in current VLMs, including a notable 
degradation in cluttered environments, confusion when faced with 
visually similar distractors, and a concerning propensity to halluci

nate or misidentify symbols in negative test cases.

The remainder of this paper is organized as follows. We begin by 
surveying related work in Section 2. In Section 3, we present our core 
methodology, detailing the design of the BlueprintSymVL benchmark, 
our novel evaluation strategy, and the specifics of the experimental 
setup. Section 4 is dedicated to presenting and analyzing the results 
of our comprehensive model benchmarks. We then discuss our findings 
and their broader context in Section 5, before concluding in Section 6.

2. Related work

The evaluation of Vision Language Models (VLMs) is crucial for un

derstanding their capabilities and limitations. However, we argue that 
existing general-purpose and expert-level benchmarks are insufficient 
for validating VLMs for deployment in the specific context of engineer

ing blueprint analysis. This is due to fundamental differences in both the 
visual domain and the nature of the required reference information. To 
provide a systematic overview of existing research and situate the con

tribution of our work, we categorize and detail prominent benchmarks 
in Table 1.

Initially, benchmarks, such as VQA [10] and GQA [11], focused on 
measuring if a model could connect textual queries to visual content. 
The task these benchmarks target is open-ended visual question answer

ing, where the goal is to answer questions about the image content. 
These benchmarks were built upon large-scale datasets of real-world 
images, such as COCO [12]. While foundational, their visual domain of 
natural scenes is fundamentally misaligned with the symbolic and ab

stract nature of engineering drawings.

To evaluate the advanced capabilities of modern VLMs, recent 
benchmarks have shifted focus from simple perception to complex rea

soning. MMBench [13] is a benchmark that uses a set of challenging 
multiple-choice questions to evaluate the reasoning and perception ca

pabilities of VLMs. The questions are built on a hierarchical skill tree 
pinpointing specific areas of failure. MMBench contains a diverse set 
of images, including real-world photographs, as well as diagrams and 
graphs. Similarly, SEED-Bench [14] focuses on compositional under

standing, assessing a model’s ability using a multiple-choice question 
format to comprehend spatial and temporal relationships in both images 
and videos. The visual content in SEED-Bench is focused on real-world 
scenes depicting interactions and events. Although these benchmarks 
are excellent for measuring breadth of knowledge, they lack the speci

ficity to probe the critical failure modes of engineering blueprints. A 
model could score highly on MMBench but achieve low recognition ac

curacy on a dense blueprint because such specific, high-risk scenarios 
are not isolated and stress-tested.

Specialized benchmarks have also emerged to target specific skills 
and flaws. For instance, MathVista [15] tests visual mathematical rea

soning. To address reliability, POPE uses questions about object pres

ence to effectively measure model hallucinations. Benchmarks like 
ChartQA [16] and AI2D [17] evaluate models’ ability to interpret chart 
and graph data. This involves extracting quantitative values, identify
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Table 1
Comparison of Prominent VLM Benchmarks.

Category Benchmark(s) Primary Focus & Purpose Task & Visual Domain 

Foundational VQA VQA, GQA Establish basic vision-language grounding. Open-ended Q&A on natural, 
real-world images (e.g., COCO). 

Generalist Evaluation MMBench, SEED-Bench 
Evaluate VLM compositional and 
spatial-temporal reasoning, as well as 
perceptual skills. 

Multiple-choice Q&A on diverse images, 
diagrams, and videos. 

Specialized Skill & 
Flaw Probing 

MathVista, POPE, ChartQA, 
AI2D, Image2Struct 

Test specific capabilities: mathematical reasoning, 
hallucination detection, data chart interpretation, 
and structured data reconstruction. 

Varied tasks on specialized visuals 
(e.g., math problems, charts, webpages). 

Expert-Level Reasoning MMMU, DesignQA 
Evaluate specialized knowledge and 
multi-step reasoning in professional 
and academic contexts. 

Answering college-level exam questions or verifying 
design compliance using 3D CAD models. 

Symbol Recognition 
in Blueprints BlueprintSymVL (Our Work) Symbol recognition under challenging 

conditions common in industrial blueprints. 
Visual search and identification of 2D symbols in 
cluttered, occluded, and visually similar layouts. 

ing trends, and understanding relationships between visual elements. 
Meanwhile, Image2Struct [18] focuses on a different challenge: recon

structing structured data, such as generating the HTML or LaTeX code 
from an image of a webpage or formula. Together, these benchmarks 
probe specific strengths and weaknesses. The existence of these bench

marks confirms that specialized domains require specialized evaluation 
tools. However, none of them addresses the unique visual syntax and 
semantics of engineering blueprints.

Recently, the focus has shifted to testing VLMs on tasks requiring 
deep, specialized knowledge. The MMMU benchmark [19] is designed to 
evaluate multimodal models on tasks requiring college-level reasoning. 
MMMU consists of multimodal questions from college exams, quizzes, 
and textbooks, covering six major disciplines. Another example is De

signQA [20], a benchmark designed to test VLMs in comprehending 
technical documentation. It evaluates a model’s ability to connect a 
3D CAD model of vehicles to a comprehensive, 140-page textual rule

book provided as context, to perform rule extraction, comprehension, 
and compliance, including component identification. Nevertheless, the 
benchmark design simplifies critical real-world challenges. Perceptual 
difficulties in DesignQA are intentionally minimized through the use 
of highlighted components or constrained, close-up views, which avoid 
common engineering obstacles like clutter, occlusion, and high visual 
similarity. More fundamentally, this methodology relies on the existence 
of a standardized rulebook. However, this assumption does not hold for 
many real-world engineering drawings, where symbology is inconsistent 
and a universal standard for all visual elements is often unavailable. The 
task in DesignQA is to ground visual data in a provided text, while the 
task for many blueprint analyses is to find visual patterns in the absence 
of a reliable textual guide.

This disconnect from industrial realities highlights a broader need to 
consider the paradigms used for symbol recognition. Beyond evaluating 
VLMs in isolation, it is important to situate them relative to traditional 
methods. Historically, industrial pipelines have employed techniques 
like template matching or, more recently, specialized deep learning ob

ject detectors [21--24]. While these detectors can achieve high accuracy 
for a fixed set of symbols, they require extensive, project-specific train

ing data to handle variations in symbology, a process that is both costly 
and inflexible. Template matching, meanwhile, has been shown to be 
suboptimal for P&IDs, as it struggles with the subtle visual variations 
between different symbol classes across drawings [25]. The core limita

tion of these approaches is their reliance on either brittle matching or 
costly retraining for each new project.

Our work is motivated by a different paradigm: visual in-context 
learning, which has emerged as a powerful capability of modern VLMs. 
This approach involves guiding models with on-thefly examples. The 
concept of providing visual exemplars has proven effective for various 
tasks, such as in-context segmentation [26], and various visual prompt

ing techniques have been proposed to improve VLM performance [27]. 
However, many of these methods depend on an intermediate recognition 

step, which uses models like SAM or CLIP to generate masks or regions of 
interest before the VLM performs its final analysis [28--31]. Such multi

stage pipelines can be brittle in specialized domains like engineering 
drawings, where intermediate models may fail. While techniques for 
in-context learning exist, a systematic benchmark to evaluate the end

to-end reliability of VLMs for industrial symbol recognition has been 
missing.

As our review shows, a critical evaluation gap exists, defined by 
three key factors: the visual domain, the evaluation strategy, and the 
limitations of alternative solution paradigms. No existing benchmark 
systematically tests VLM performance under the perceptual challenges 
specific to blueprints, such as cluttered layouts, occlusions, and high 
visual similarity between symbols. The importance of these factors is 
emphasized by previous research focusing on object recognition [3,4]. 
For instance, our earlier study [5] demonstrated that occlusions are a 
primary cause of performance degradation for traditional object detec

tion models on blueprints.

Equally important, existing evaluation methods in benchmarks are 
misaligned with the practical realities of this domain. Most benchmarks 
adopt a zero-shot evaluation approach, where models are expected to 
recognize visual concepts based solely on their pre-trained knowledge. 
Other benchmarks, such as DesignQA, circumvent this by grounding 
model outputs in structured documentation, such as standardized rule

books. However, these assumptions fail in blueprint domains where 
symbols are often non-standardized, project-specific, and visually am

biguous, and where no reliable symbolic reference can be assumed.

The limitations of existing benchmarks and the inflexibility of tra

ditional methods became evident while exploring a more flexible ap

proach to industrial symbol detection: leveraging generalist VLMs to 
identify symbols from a visual example, thereby eliminating the need for 
costly retraining with each new project’s symbol representations. How

ever, this promising workflow cannot be validated using current tools. 
This disconnect between industrial demands and academic evaluation 
directly motivated our work.

To address these research gaps, we developed the BlueprintSymVL 
benchmark. It combines a curated set of blueprint-specific visual chal

lenges with a novel one-shot visual in-context querying evaluation strat

egy. In our setup, models are shown a single visual exemplar of the 
target symbol, and are required to identify all matching instances in 
a new blueprint region. This setup avoids assumptions of prior sym

bol knowledge and of standardization. Instead, it evaluates a model’s 
ability to generalize visually from context in the way a human analyst 
might when given a drawing legend. To our knowledge, no prior bench

mark evaluates VLMs in this way, making BlueprintSymVL the first to 
provide a realistic and discriminative assessment of VLM readiness for 
high-stakes industrial visual tasks.
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3. The BlueprintSymVL benchmark

This research was executed at McDermott, a global provider of engi

neering and construction solutions to the energy industry. The method

ology utilized was Action Research [32], which is well-suited for inves

tigating and solving practical problems within an organizational setting. 
As the researchers are members of the company’s AI team, this approach 
allowed for direct engagement with engineering domain experts. This 
process revealed the critical industrial challenge our work addresses: the 
high cost and inflexibility of retraining custom computer vision models 
for each project’s unique set of visual symbols. Our research, therefore, 
investigates if generalist VLMs can offer a more scalable solution by de

tecting symbols based on a single visual example.

This investigation led our team to develop BlueprintSymVL2 [9], 
a diagnostic benchmark framework designed to evaluate VLM perfor

mance on engineering symbol recognition. It is formally defined by three 
core components:

• A Curated Dataset: A set of blueprint regions selected with domain 
expertise to represent distinct, real-world challenges. The scenar

ios include: (1) regions without challenges, (2) dense regions with 
visual clutter, (3) regions with visually similar distractors, (4) neg

ative cases where the target is absent, and (5) occluded versions of 
regions to test robustness.

• A Standardized Evaluation Strategy: The benchmark employs a one

shot, in-context visual querying strategy. A model is provided with 
a single, clear visual example of the target symbol and prompted to 
identify all matching instances in a given query region, forcing it to 
learn from context rather than pre-trained knowledge.

• A Strict Performance Criterion: Performance is measured by requir

ing correctness on both the total symbol count and the specific text 
labels associated with each instance. This strict criterion ensures 
genuine recognition.

3.1. BlueprintSymVL dataset

To ensure the industrial relevance and validity of our benchmark, 
the selection of all test case regions was conducted in close collaboration 
with senior engineering experts at McDermott. These experts reviewed 
and validated that the chosen scenarios for symbol density, visual sim

ilarity, and occlusion were highly representative of the most common 
and challenging situations encountered in real-world projects. The fol

lowing sections explain the benchmark data collection and subsequent 
design.

3.1.1. Data collection and pre-processing

The benchmark data is derived from a public, synthetic Piping and 
Instrumentation Diagram (P&ID) dataset [7], which contains 500 an

notated blueprints. This source was selected for its rich set of visually 
similar symbols, a common challenge in blueprint analysis.

Our pre-processing workflow involved two main steps. First, each 
drawing is split into 16 regions with a size of 860x860 pixels. An ex

ample region is shown in Fig. 1. This approach is a common strategy 
for handling high-resolution documents [33] in computer vision tasks. 
Second, the original annotations, which recorded the position of each 
symbol and its type via an index identifier, are transformed into human

readable semantic labels. Our annotation files contain the actual names 
of specific symbols in a region. These symbols are: ``gate valve'', ``but

terfly valve'', ``check valve'', ``reducer'', ``spacer'', ``ball valve'', ``globe 
valve'', ``needle valve'', ``open spectacle blind'', and ``closed spectacle 
blind''. The dataset is particularly suitable for our goals due to its inclu

sion of challenging, visually similar symbol groups, such as the various 

2 https://doi.org/10.5281/zenodo.17250377.

Fig. 1. An example blueprint region. 

valve types, as well as pairs like (``reducer'', ``check valve'') and (``spac

er'', ``spectacle blind''). The symbols are shown in Fig. 2.

3.1.2. BlueprintSymVL design

BlueprintSymVL is designed for targeted analysis. It focuses on five 
symbol classes of interest: ``gate valve'', ``butterfly valve'', ``check valve'', 
“reducer'', ``spacer''. For each of these classes, we sampled regions to 
represent the four evaluation scenarios mentioned previously with the 
following specific criteria:

• Baseline: A region containing the target symbol with few or no other 
symbols present. No similar symbols to the target are present.

• Dense Region: We define a region as dense if it contains at least 
10 symbols, based on our industrial experience, given its 860x860 
size.

• Similar Symbols: A region containing 2 or 3 symbols in total, in

cluding the target and at least one visually similar distractor.

• Negative Case: A region that does not contain the target symbol, 
used to evaluate the model’s ability to avoid false positives. The 
regions may contain similar symbols.

For each combination of class and scenario, we selected 5 representa

tive regions. An example region for each of these cases for the ``butterfly 
valve'' is shown in Fig. 3. The choice of 5 regions per scenario is due to 
experiment design and dataset limitations. For several scenario-symbol 
combinations, the dataset itself yielded no more than five truly rep

resentative regions. Nevertheless, this selection allowed us to balance 
between capturing representative diversity and the significant manual 
effort required to identify and verify these cases across the entire source 
dataset. This curation process resulted in a set of 100 unique blueprint 
regions (5 classes × 4 scenarios × 5 regions), designed to be repre

sentative of specific, recurring challenges in engineering drawing anal

ysis.

To evaluate model robustness against common visual obstructions, 
we generated an occluded counterpart for each of the 100 curated re

gions. This design choice is directly motivated by our previous find

ings [5], which empirically demonstrated that occlusions are a signif

icant factor reducing the performance of automated symbol detectors 
in engineering drawings. Occlusions were synthetically introduced us

ing shapes that resemble revision clouds, which are graphical elements 
used in real-world engineering drawings to mark design changes. These 
occlusions partially or fully cover the symbols. An example of a clean 
region and its occluded variant is shown in Fig. 4. This augmented set 
allows for a direct comparison of VLM performance on clean versus oc
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Fig. 2. Benchmark symbols. 

Fig. 3. Example regions for the ``butterfly valve'' symbol. 

Fig. 4. Example of a clean region and its occluded variant. 

cluded symbols, thereby testing the model’s resilience to the type of 
visual degradation frequently encountered in real engineering draw

ings.

Thus, the BlueprintSymVL benchmark comprises 200 regions: 100 
original and 100 corresponding occluded regions. To provide the nec

essary components for evaluation, the benchmark includes structured 
annotation files for each of the 200 regions, which consist of a query 
file and a ground-truth answer file.

Each region is paired with a query file that defines the primary task. 
This file contains a single question following the format: ``How many 𝑋
symbols are in this image?'', where 𝑋 is the target symbol class for that 

region (e.g., spacer). Additionally, we create a ground truth answer file, 
which enables a more rigorous evaluation than simple counting. The 
ground truth file for each region contains two components:

• Symbol Count: The correct answer to the query (e.g., 3).

• Label Identifiers: A list of the specific text labels associated with 
each individual target symbol instance. These labels, such as a 
symbol’s size (e.g., ``4′′'') or a unique alphanumeric tag (e.g., ``GH

29744''), are extracted directly from the text located near the sym

bol in the original drawing.
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Fig. 5. The visual examples for the spacer, reducer, and gate valve symbols. 

Fig. 6. Visualization of the querying strategy. 

The ground truth labels serve as the basis for our evaluation protocol, 
ensuring that a high score reflects genuine recognition ability, not a 
lucky guess.

In addition to these files, the benchmark provides a set of 5 dedicated 
exemplar regions, one for each of the 5 target symbol classes. To provide 
a clear and robust visual definition, each of these exemplar regions was 
intentionally selected to contain two instances of the target symbol, all 
of which are clearly highlighted with red circles. The visual examples 
for the spacer, reducer, and gate valve symbols are shown in Fig. 5.

These example regions serve as the definitive visual reference for 
the evaluation protocol, ensuring a consistent definition of the target 
symbol is provided to the VLMs. In total, the final benchmark provides 
all the necessary data for a precise and replicable evaluation of VLM 
performance on blueprint symbol recognition.

3.2. Evaluation

The following sections explain the evaluation querying strategy and 
the evaluation metrics.

3.2.1. One-shot visual querying via in-context example

BlueprintSymVL’s evaluation framework is structured as a one-shot 
in-context visual querying task, which is shown in Fig. 6. Unlike other 
benchmarks employing a zero-shot strategy, this approach is designed 
to provide a clear visual definition of the target at query time instead 
of relying on a model’s pre-existing knowledge of such symbols, which 

can be inconsistent or missing. This makes it particularly advantageous 
in the engineering domain, where the visual representations of symbols 
may vary. It stands in contrast to evaluations in domains that rely on 
standardized definitions.

For each task, the VLM is presented with two image regions:

• An example region: The region for the target symbol class, where 
instances are highlighted with red circles. This serves to unambigu

ously define the target for the model. The highlighting technique 
has been shown to be effective in zero-shot localization tasks [27].

• A query region: The actual benchmark region for which the model 
must perform the task.

This evaluation setup tests the model’s ability to generalize from a 
single in-context visual example, which is a capability underexplored in 
current VLM benchmarks.

The VLM is then guided by a detailed prompt template, which is 
consistent across all test cases. The query from the region’s question file 
(e.g., ``How many 𝑋 symbols are in this image?'') is inserted into this 
prompt template. Thus, this template instructs the model to count all in

stances of the symbol of interest 𝑋. Additionally, the template prompt 
instructs the VLM to extract the text labels located adjacent to each 
identified symbol. The prompt also requires a structured response that 
contains the final count and a list of associated text labels. This consis

tent template structure ensures that the instructions and output format 
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Fig. 7. The alternate visual examples for the spacer, reducer, and gate valve symbols. 

requirements remain identical for every evaluation run. The complete 
prompt template used in our experiments is provided in the Appendix.

3.2.2. Evaluation metrics

Central to our evaluation is the use of fuzzy string matching for com

paring the VLM’s extracted labels against the ground truth. This tech

nique calculates a normalized similarity score between two strings, ac

counting for minor character-level differences. We employ this method 
because VLMs can make trivial character recognition errors (e.g., mis

taking ``O'' for ``0'' or ``1'' for ``I'') that do not reflect a failure to identify 
the correct symbol. We set the similarity threshold at 85% based on 
empirical analysis. This value proved effective at accommodating mi

nor errors while being sufficiently strict to prevent incorrect matches 
between distinct labels.

Based on this matching logic, we evaluate performance using three 
metrics:

• Exact Match Rate (EMR): This custom-defined metric measures the 
percentage of benchmark regions where the VLM’s output is entirely 
correct. A response is considered correct if the VLM reports both 
the correct final count and a complete set of labels that all meet 
the 85% fuzzy matching threshold against the ground truth. This is 
crucial for practical engineering applications where errors are not 
tolerable.

• Precision and Recall: To measure symbol recognition performance, 
we calculate precision and recall from the set of extracted labels. A 
True Positive (TP) is a predicted label that fuzzy-matches a ground 
truth label.

• False Positives in Negative Regions: To measure VLM’s reliability, 
we count the number of False Positive (FP) labels generated for the 
“Negative Case'' scenarios. Since these regions contain no target 
symbols, any extracted label is an error.

These metrics provide a complementary view of model performance. 
While Precision and Recall measure aggregate accuracy across the entire 
dataset, EMR assesses per-region reliability by measuring the percent

age of regions where the model’s output is flawless. The distinction is 
critical, as the gap between these scores is a key diagnostic indicator. A 
model can exhibit high overall Precision and Recall, suggesting strong 
general capabilities, yet a low EMR reveals that it rarely recognizes any 
single region perfectly. This highlights a critical lack of robustness, as 
real-world applications demand not just general accuracy but consistent, 
error-free performance.

3.2.3. Experiment setup

To demonstrate the utility of the BlueprintSymVL benchmark, we 
evaluated a selection of four state-of-the-art VLMs. This selection was 
chosen to represent the current landscape of VLM development and 

includes both leading proprietary and open-source models. The pro

prietary models evaluated are GPT-4o [34] and Gemini 2.5 Pro [35]. 
Complementing these, the open-source models selected are InternVL 2.5 
78B [36] and Qwen 2.5 VL 72B [37].

To enable a direct and fair comparison of each model’s intrinsic 
capabilities, we established a standardized inference configuration, a 
common practice in foundation model benchmarking [13]. To do so, we 
standardized key inference parameters across all models. We set the im

age detail parameter to ``high'' to provide the models with the maximum 
visual information from the blueprint regions. Furthermore, the models’ 
temperature parameter was set to 0. This setting minimizes randomness 
in the models’ outputs, promoting deterministic and consistent response 
behavior, which is essential for a controlled and repeatable evaluation. 
This experimental design allows for a direct comparison of these four 
models on the specific challenges curated in our benchmark. Further

more, this study intentionally evaluates the models using visual in

context learning exclusively, without any domain-specific fine-tuning. 
This methodological choice is essential for evaluating the inherent, out

of-the-box visual in-context learning capabilities of these models. This 
evaluation directly tests our core hypothesis: whether generalist VLMs 
can offer a more agile alternative to the costly, project-specific retrain

ing required for traditional object detectors.

3.2.4. Ablation study design

To validate the robustness of our evaluation protocol and address the 
importance of prompt design and visual example selection, we designed 
an ablation study to be conducted on the top-performing model identi

fied in our main benchmark analysis. The study compares our standard 
setup against two alternative conditions:

• Alternate Visual Example: This condition tests the protocol’s sensi

tivity to the specific visual example provided. Our original examples 
contain at least two annotated instances of the target symbol. In 
contrast, the alternate examples were selected to contain only a sin

gle annotated instance. This modification allows us to test not only 
the robustness to the example’s appearance but also whether the 
number of annotated instances within the example image affects 
model performance. The alternate visual examples for the spacer, 
reducer, and gate valve symbols are shown in Fig. 7.

• Symbol Crop Visual Example: This condition tests the impact of 
the visual prompt’s format. The context-rich exemplar image was 
replaced with a tight, decontextualized crop of only the target sym

bol, as shown in Fig. 2.

4. Results

We evaluated the four VLMs on the BlueprintSymVL benchmark. 
The results validate the benchmark as an effective diagnostic tool, as 
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Table 2
Overall Results.

GPT-4o Gemini 2.5 Pro InternVL 2.5 78B Qwen 2.5 VL 72B 
Metric EMR % R % P % EMR % R % P % EMR % R % P % EMR % R % P % 
Total Overall 30 63.02 37.58 50.5 74.48 53.16 4.5 26.69 15.32 40.5 71.35 43.49 

EMR: Exact Match Rate; R: Recall; P: Precision.

Table 3
Performance on Baseline Regions, Dense Regions, Regions with similar symbols.

GPT-4o Gemini 2.5 Pro InternVL 2.5 78B Qwen 2.5 VL 72B 
Scenario Type EMR % R % P % EMR % R % P % EMR % R % P % EMR % R % P % 
Baseline 72 86 71.67 86 88 91.67 16 42 25.61 86 90 90 
Dense Regions 26 51.14 41.67 32 65.91 60.42 2 15.91 12.84 10 55.68 35.77 
Similar Symbols 18 61.11 36.67 38 75.93 53.25 0 40.74 24.44 28 79.63 47.78 

EMR: Exact Match Rate; R: Recall; P: Precision.

it clearly differentiates the capabilities of these state-of-the-art models. 
More importantly, the findings reveal systemic weaknesses in current 
VLMs when confronted with the domain-specific challenges of blueprint 
analysis that motivated this work.

4.1. Overall results

Table 2 summarizes the aggregate performance of each model. A 
clear performance hierarchy emerged: Gemini 2.5 Pro stands out as 
the top performer with the highest EMR of 50.5% and the best Recall 
(74.48%) and Precision (53.16%). Qwen 2.5 VL 72B is a strong second 
with an EMR of 40.5%, followed by GPT-4o at 30% EMR. InternVL 2.5 
78B struggled significantly across all metrics, achieving an EMR of only 
4.5%, indicating it is not yet optimized for this type of specialized task. 
This wide performance spread demonstrates that BlueprintSymVL is a 
highly effective model discriminator.

A critical pattern observed across all models is the large disparity 
between Recall and Precision. For instance, Qwen 2.5 VL 72B’s 71.35% 
Recall is paired with a much lower 43.49% Precision. This indicates a 
general tendency for current VLMs to produce a high number of false 
positives, which is a key weakness the benchmark successfully high

lights. This finding directly relates to the high-stakes nature of the do

main, where low precision is particularly problematic, as it could lead 
to critical errors in downstream processes.

4.2. Performance across scenarios

The results for simple regions, dense regions, and regions with simi

lar symbols are shown in Table 3. In the simple regions scenario, Gem

ini 2.5 Pro and Qwen 2.5 VL 72B both excelled, achieving 86% EMR, 
with Gemini demonstrating exceptionally high precision (91.67%). GPT

4o was competitive at 72% EMR. However, all models’ performance 
dropped significantly in more complex scenarios. In Dense Regions, the 
EMR of Gemini 2.5 Pro dropped to 32% and GPT-4o’s fell to 26%. 
Qwen’s performance collapsed to just 10% EMR, suggesting it is particu

larly vulnerable to clutter. The Similar Symbols scenario also degraded 
performance for all models. Here, Gemini led with 38% EMR, while 
Qwen showed the highest Recall (79.63%) but lower EMR (28%). In

ternVL achieved only 16% EMR on simple regions and fell to 2% and 
0% in the Dense Regions and Similar Symbols scenarios, respectively.

To measure model reliability, we tracked the false positives (FPs) 
generated in Negative Case scenarios where no target symbol was 
present. The results are shown in Table 4. Qwen 2.5 VL 72B proved 
most reliable, generating only 38 FPs. Gemini 2.5 Pro was next with 48 
FPs. In contrast, GPT-4o produced 64 FPs, showing it is less reliable in 
this scenario. InternVL was the least reliable, generating 91 FPs, which 
aligns with its low overall precision and EMR scores. This metric is cru

cial for practical applications, as it quantifies a model’s trustworthiness 

Table 4
Performance on Regions without target symbols (Negative Case).

GPT-4o Gemini 2.5 Pro InternVL 2.5 78B Qwen 2.5 VL 72B 
FP 64 48 91 38 

FP: False Positive.

when a target is absent. The high FP count for some models underscores 
a dangerous behavior in a high-stakes setting.

4.3. Per-symbol analysis

To understand if model performance is uniform or dependent on 
the target’s visual characteristics, we analyzed the results on a per

symbol basis. This is critical for assessing the risks in a domain with 
non-standardized symbology. The results in Table 5 reveal a signifi

cant performance variance across different symbols, even for the best

performing models. Gemini 2.5 Pro demonstrated strong performance 
on specific symbols, achieving a 67.5% EMR on check and 65% on re

ducer symbols. Qwen also performed well on reducer (47.5% EMR), 
while GPT-4o’s performance was more modest across all types, peak

ing at 35% EMR for butterfly valve symbols. Performance on gate valve 
symbols was a challenge for all top models, with EMRs ranging from 30

37.5%. This disparity demonstrates that the visual complexity of certain 
symbols presents a common challenge for current VLMs. InternVL 2.5 
78B achieved low scores on all symbols and notably failed completely on 
reducer and spacer tasks (0% EMR), providing a clear signal for targeted 
model improvement. Finally, all models generally exhibited higher re

call rates compared to precision rates for each symbol.

4.4. Robustness to occlusions

This experiment directly tests model performance against occlusion, 
a common challenge in real-world blueprints due to revision markups. 
As shown in Table 6, the introduction of occlusions consistently and 
significantly degraded performance for all models. Gemini 2.5 Pro’s 
EMR saw the largest drop, from 63% on regular images to 38% on oc

cluded ones. GPT-4o’s EMR fell from 36% to 24%, and Qwen 2.5 VL 
72B’s dropped from 43% to 38%. Despite its significant drop, Gemini 
and Qwen maintained the highest EMR on the occluded set, demon

strating better, albeit still compromised, performance under occluded 
conditions. The consistent performance degradation across all leading 
models confirms that occlusions remain a significant challenge and val

idates this aspect of the benchmark for testing model robustness.
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Table 5
Per-Symbol Results.

GPT-4o Gemini 2.5 Pro InternVL 2.5 78B Qwen 2.5 VL 72B 
Symbol Type EMR % R % P % EMR % R % P % EMR % R % P % EMR % R % P % 
butterfly 35 65.62 35.59 35 65.62 40.38 5 46.88 20.83 40 65.62 39.62 
check 30 72.22 38.81 67.5 86.11 77.5 12.5 63.89 32.86 40 94.44 40.96 
gate 30 68.52 47.44 37.5 68.52 49.33 5 18.52 13.7 32.5 59.26 44.44 
reducer 32.5 55.56 32.79 65 77.78 68.29 0 5.56 2.6 47.5 72.22 49.06 
spacer 22.5 50 29.82 47.5 76.47 42.62 0 20.59 8.75 42.5 70.59 44.44 

EMR: Exact Match Rate; R: Recall; P: Precision.

Table 6
Robustness to Occlusions Results.

GPT-4o Gemini 2.5 Pro InternVL 2.5 78B Qwen 2.5 VL 72B 
Main Type EMR % R % P % EMR % R % P % EMR % R % P % EMR % R % P % 
Regular 36 67.71 42.48 63 77.08 58.73 6 29.17 15.22 43 76.04 46.5 
Occluded 24 58.33 33.14 38 71.88 48.25 3 30.21 15.43 38 66.67 40.51 

EMR: Exact Match Rate; R: Recall; P: Precision.

Table 7
Ablation study on exemplar selection using Gemini 2.5 
Pro.

EMR % R % P % 
Original Visual Example 50.5 74.48 53.16 
Alternate Visual Example 50.5 73.44 48.96 
Symbol Crop Visual Example 36.5 66.67 35.07 

EMR: Exact Match Rate; R: Recall; P: Precision.

4.5. Ablation study

The results of our ablation study, designed to test the stability and 
design choices of our evaluation protocol, are presented in Table 7.

The findings provide two critical insights. First, the identical Exact 
Match Rate (50.5%) for the Alternate Visual Example is a powerful val

idation of our protocol’s robustness. It demonstrates that the model’s 
performance is not dependent on a specific exemplar. This result is par

ticularly noteworthy given that the alternate exemplar contained only 
a single annotated symbol compared to the two in our original setup. 
The stable performance suggests that the model effectively learns the 
visual concept from a single annotated instance, and providing addi

tional instances within the same example image offers limited benefit 
for this task. Second, the significant degradation in performance across 
all metrics for the Symbol Crop Visual Example confirms the importance 
of visual context in the prompt design. Removing the symbol from its 
surrounding environment made it a less effective guide for the model, 
leading to lower reliability. This finding empirically validates our de

sign choice to use context-rich highlighted regions, which better enable 
the model’s pattern recognition capabilities.

4.6. Summary

Our evaluation on the BlueprintSymVL benchmark provides a multi

faceted view of current VLM capabilities for symbol recognition in engi

neering blueprints, highlighting their potential benefits, critical weak

nesses, and distinct performance profiles.

Strengths and Potential: The results reveal that leading VLMs possess 
foundational capabilities for this task. Under ideal conditions, such as 
identifying symbols in simple, uncluttered regions, models like Gem

ini 2.5 Pro and Qwen 2.5 VL 72B demonstrated high effectiveness, 
achieving 86% EMR. This indicates a strong potential for automating 
symbol recognition in straightforward scenarios. Furthermore, the gen

erally high recall rates across models suggest an aptitude for locating 
potential candidate symbols, which is a crucial first step in any analysis 
pipeline.

Systemic Weaknesses: Despite this potential, the benchmark uncov

ered systemic weaknesses that currently limit the reliability of VLMs 
for this domain. The most critical issue is a universal lack of precision, 
leading to a high rate of false positives. This problem is exacerbated 
in more challenging, yet common, situations. Performance degraded 
severely when models were confronted with visual clutter in dense re

gions, visually similar symbols, or occlusions from revision markups. 
These weaknesses are particularly concerning in a high-stakes domain 
where accuracy is paramount.

Similarities: All evaluated models exhibited a significant gap between 
their recall and precision scores, pointing to a shared tendency to gener

ate false positives. Likewise, all models proved vulnerable to complexity, 
with performance dropping consistently in the Dense Regions, Similar 
Symbols, and Occlusion scenarios.

Differences: A clear performance ranking emerged: Gemini 2.5 Pro 
stood out as the top performer, distinguished by its superior precision 
and overall EMR. Qwen 2.5 VL 72B was a strong second, proving the 
most reliable in negative cases (fewest false positives) but showing a 
unique vulnerability to visual clutter. GPT-4o was a competitive third, 
while InternVL 2.5 78B struggled across all metrics, indicating it is not 
yet optimized for this domain.

Collectively, these findings validate BlueprintSymVL as an effective 
diagnostic tool. Our ablation studies further confirmed the robustness 
of our evaluation protocol, providing a stable foundation for these con

clusions. While today’s VLMs show promise, they require significant 
improvements in precision and robustness to complexity before they 
can be considered truly reliable for engineering blueprint analysis.

5. Discussion

Our results confirm BlueprintSymVL as a powerful and discrimina

tive benchmark, establishing a clear performance hierarchy with Gemini 
2.5 Pro as the top performer. However, the benchmark’s primary value 
lies not just in ranking models, but in its ability to pinpoint distinct, 
model-specific failure modes. For example, it highlighted Qwen 2.5 VL 
72B’s sharp collapse in cluttered environments and GPT-4o’s higher ten

dency to generate false positives in negative test cases. It also quantified 
the universal challenge of occlusions, causing performance degradation 
across all models. However, it revealed different degrees of vulnerabil

ity, with Gemini 2.5 Pro seeing the largest absolute drop in EMR, while 
Qwen 2.5 VL 72B’s performance remained more stable. By identifying 
these distinct, model-specific failure modes, BlueprintSymVL proves its 
value as an essential diagnostic tool.

Beyond these model-specific diagnostics, the results provide strong 
empirical evidence of a systemic performance collapse when models 
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confront industrial complexity. This is observable in the stark degra

dation of performance as challenges were introduced. Focusing on the 
three top-performing models, their average Exact Match Rate (EMR) 
from a high of 81.3% in simple baseline scenarios plummeted to just 
22.7% in dense regions and to 28.0% when facing visually similar dis

tractors. These figures represent absolute drops of 58.6 and 53.3 per

centage points, respectively, corresponding to relative performance col

lapses of over 72% and 65%. This breakdown in reliability is mirrored 
in their precision scores. From an average of 84.4% in the baseline, pre

cision fell to 46.0% in dense regions and 45.9% when faced with similar 
symbols. This is a nearly identical drop to less than half their initial ac

curacy. These are not minor fluctuations, but rather large-scale effects 
demonstrating consistent failure modes in complex settings.

Based on these findings, we suggest that while VLMs hold promise, 
they are not yet ready for autonomous use in blueprint analysis. The 
best-performing model still produced an incorrect output in over half 
of the test cases, an error rate unacceptable in an industry where mis

takes have severe safety and financial consequences. This unreliabil

ity stems from a large gap between high recall and low precision, 
resulting in a high number of false positives across all VLMs. Conse

quently, we recommend that practitioners treat current VLMs as assis

tive tools within a human-in-the-loop workflow, rather than as stan

dalone decision-makers.

While these performance limitations are significant, they must 
be contextualized against the drawbacks of traditional industrial ap

proaches. A specialized object detector fine-tuned on a large, project

specific dataset would likely achieve superior precision and recall for a 
known set of symbols. However, this accuracy comes at the cost of sig

nificant operational inflexibility. Each new project with different visual 
standards requires a costly and time-consuming cycle of data collection, 
annotation, and model retraining. The one-shot VLM paradigm eval

uated by BlueprintSymVL, in contrast, represents a fundamental shift 
towards operational agility. The primary practical gain lies not in its 
current accuracy, but in its potential to dramatically reduce the cost 
and time of adaptation. Instead of a full retraining pipeline, a VLM can 
be adapted to a new project’s symbology with a single visual example, 
which is a task an engineer can complete in seconds. This potential di

rectly addresses the critical operational bottleneck of project-specific 
model development that motivated our research.

This focus on evaluating a new, more flexible paradigm explains 
the motivation behind our work, which addresses the disconnect be

tween how VLMs are typically evaluated and the rigorous validation 
required for real-world engineering applications. Existing benchmarks 
fail to represent the domain’s unique visual challenges, such as high 
symbol density, occlusion, and similarity. Furthermore, their evalua

tion strategies are misaligned with industrial practice. These approaches 
typically rely on either unreliable pre-existing knowledge or standard

ized documentation, neither of which can be assumed in the diverse 
and non-standardized domain of engineering blueprints. In contrast, 
BlueprintSymVL is designed to overcome these limitations. It introduces 
carefully curated scenarios that test these domain-specific visual chal

lenges, enabling evaluation where other benchmarks fail. Crucially, it 
employs a novel one-shot visual in-context querying strategy, in which 
the model is given a single visual exemplar at query time and must gen

eralize from that context to identify matching instances in a new region. 
The robustness and specific design choices of this strategy were vali

dated through a dedicated ablation study. This study provided two key 
insights. First, the protocol is robust to the specific exemplar image cho

sen. When using an alternate visual example, Gemini 2.5 Pro’s EMR 
remained stable at 50.5%, confirming that performance is unaffected 
by the number of annotated instances within the exemplar. Second, 
the study confirmed the importance of visual context in the prompt 
design. When the exemplar symbol was cropped from its surrounding 
context, EMR dropped sharply to 36.5% and precision nearly halved 
(from 53.2% to 35.1%), demonstrating that decontextualized prompts 
significantly impair model performance. These findings affirm the ef

fectiveness of our design choices. To our knowledge, this evaluation 
approach has not been explored in prior VLM benchmarks. Unlike tradi

tional setups, our method provides a visually grounded, context-driven 
task that better reflects how human analysts interpret unfamiliar sym

bols in practical settings. This makes BlueprintSymVL uniquely capable 
of exposing model limitations that other benchmarks fail to reveal.

While the BlueprintSymVL benchmark specifically addresses sym

bol recognition in engineering blueprints, its underlying methodological 
framework and evaluation strategy offer a highly generalizable template 
for assessing VLMs across diverse domain-specific industries. Our ap

proach emphasizes a diagnostic assessment crucial for real-world appli

cations where objects are often non-standardized. This generalizability 
stems from several key aspects. Our evaluation strategy is designed to 
mirror how a human expert adapts to non-standard symbols. By using a 
one-shot, in-context task, we test a VLM’s ability to learn a novel visual 
concept from a single example, rather than relying on pre-trained knowl

edge of a fixed symbol library. This approach is essential for industrial 
settings where standards are inconsistent or project-specific. The bench

mark’s scenarios, such as visual clutter and symbol similarity, are drawn 
from real-world challenges identified by domain experts, ensuring the 
test is not just novel but also practical. Finally, the multi-faceted evalu

ation provides diagnostic insights into a model’s true reliability versus 
mere aggregate accuracy. This comprehensive framework offers a path 
for industries seeking to deploy robust VLMs in their unique, high-stakes 
visual domains.

5.1. Limitations and future work

While this study validates BlueprintSymVL as an effective diagnostic 
tool, its limitations define key directions for future work. These limi

tations arise from the study’s industrial context, the benchmark’s data 
source and design, and the evaluation methodology.

First, the research is framed by a specific industrial challenge identi

fied within McDermott. Our Action Research methodology ensured the 
benchmark addresses a critical real-world problem: the high cost of re

training custom computer vision models for each project. Consequently, 
the selection of the five symbol classes and the focus on certain visual 
challenges (e.g., clutter, similarity) were guided by the priorities of this 
specific context. While this grounding ensures practical relevance, the 
challenges may differ in other engineering disciplines or companies. Fu

ture work should involve validating and expanding the benchmark in 
collaboration with experts from other domains to ensure broader appli

cability.

Second, a notable constraint is the benchmark’s current scale. With 
200 manually curated regions, its size is modest compared to large-scale 
generalist benchmarks. This is attributable to both dataset limitations 
encountered during the curation and a deliberate choice to prioritize 
the selection of high-quality, representative, and challenging scenarios 
rather than aiming for sheer data volume. The benchmark also focuses 
on five symbol classes selected from P&IDs. Although these classes were 
selected to include visually similar groups, they represent only a small 
portion of the broader symbology used across engineering disciplines 
such as electrical, mechanical, and civil engineering. While this scope 
has been sufficient to reveal meaningful differences among state-of-the

art models, expanding both the number of regions and the diversity of 
symbols will be essential to improve the statistical robustness of future 
evaluations.

Finally, our study explores a single querying evaluation strategy. 
The one-shot visual in-context querying evaluation approach was cho

sen for its practical advantages, but other prompting strategies could be 
explored. Alternative approaches, such as prompting with both visual 
examples and common textual indicators, could yield different insights. 
The structure of the prompt and the choice of visual examples [38,39] 
also introduce variables that may significantly influence model perfor

mance.
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Based on the results of the benchmark and the limitations, there are 
several promising directions for future work:

• Expanding the Benchmark: An immediate next step is to expand 
BlueprintSymVL to include a larger number of regions and symbol 
classes from other engineering domains.

• Enhancing Fine-Grained Visual Discrimination: A challenge re

vealed by our benchmark is the models’ difficulty in distinguishing 
between visually similar symbols. Future work could investigate 
novel techniques, such as contrastive learning, aimed specifically 
at enhancing a VLM’s core ability to perceive minor visual differ

ences in objects. An improvement in this general capability would 
not only boost performance on blueprints but also benefit a wide 
range of other industrial and scientific domains where fine-grained 
visual analysis is critical.

• Improving In-Context Visual Learning for Robust Recognition: 
While leading VLMs demonstrate a capability for in-context visual 
learning, our benchmark reveals that this skill is often unreliable 
for object recognition. A critical research direction is to transform 
this inconsistent property into a robust capability. This could be 
achieved through targeted training that strengthens in-context vi

sual reasoning, with a specific focus on the failure modes identified 
by our benchmark. Such training should emphasize recognition in 
dense and cluttered conditions and include negative test cases to 
improve reliability and reduce the generation of false positives, 
thereby making generalization from a single exemplar more de

pendable in real-world scenarios.

• Investigating Domain-Adaptive Fine-Tuning: As a complementary 
approach, research could also explore a one-time, domain-adaptive 
fine-tuning process. This would involve fine-tuning a base VLM on 
a large dataset of engineering drawings to create a domain-aware 
foundation model. This approach, which would still leverage the 
agile visual in-context learning paradigm for project-specific tasks, 
would imbue the model with a strong understanding of the conven

tions of engineering drawings, serving as a specialized baseline.

• Comparing Evaluation Strategies: Research is needed to compare 
different querying strategies (few-shot, one-shot, zero-shot) to de

termine optimal methods for interacting with VLMs in this domain.

• Human-in-the-Loop Systems: Research could explore how VLMs can 
best serve as assistants to engineers, perhaps by identifying and 
counting symbols with a high confidence score while flagging am

biguous or low-confidence detections for human review.

6. Conclusion

The practical deployment of VLMs in high-stakes industrial domains 
like engineering requires rigorous, domain-specific evaluation. We iden

tified two limitations in the existing VLM evaluation for the domain 
of blueprint analysis. First, current benchmarks fail to systematically 
test for the unique perceptual challenges of engineering blueprints, such 
as high symbol density, occlusion, and visual similarity. Second, their 
evaluation strategies are misaligned with industrial realities, often de

pending on either a model’s unreliable pre-trained knowledge of non

standardized symbols or the unrealistic assumption of a standardized 
rulebook.

To address these limitations, we introduced BlueprintSymVL, a 
benchmark that combines curated, challenging test scenarios with a 
novel one-shot visual in-context evaluation strategy. By providing a 
clear visual exemplar at query time, our approach avoids the pitfalls 
of unreliable pre-trained knowledge. It also eliminates the need for 
standardized documentation. To our knowledge, this type of evalua

tion has not been adopted in any existing VLM benchmark. This makes 
our framework uniquely suited for assessing how well VLMs can operate 
in practical, industrial settings where standardization is lacking.

We applied this benchmark to four leading VLMs: GPT-4o, Gemini 
2.5 Pro, InternVL 2.5 78B, and Qwen 2.5 VL 72B. The results demon

strate that the benchmark is an effective diagnostic tool. Our findings 
reveal a clear performance hierarchy, with Gemini 2.5 Pro performing 
best overall. However, all models, including the top performer, exhib

ited a significant drop in performance when moving from simple base

line tasks to more complex scenarios involving clutter, visual distractors, 
occlusions, and negative testing. A critical failure mode identified across 
all models was a large disparity between high recall and low precision, 
indicating a strong tendency to generate false positives. These results in

dicate that current state-of-the-art VLMs are not yet reliable enough for 
autonomous use in engineering blueprint analysis.

Based on our findings, we recommend that practitioners view these 
models as assistive tools within a human-in-the-loop framework rather 
than as standalone solutions. Future studies should focus on expand

ing the benchmark’s scope, investigating domain-specific fine-tuning 
to improve precision, and designing effective human-AI collaborative 
systems. Thus, our benchmark is an essential tool for guiding the de

velopment of VLMs toward the industrial-grade reliability required for 
real-world engineering applications.
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Appendix A. Prompt

The first image is an example of a P&ID drawing where the target 
symbols are in red circles. The second image is a P&ID drawing without 
red circles. Your task is to answer the following question for the second 
image, using symbols in the red circle in the first image as the visual 
references for the target symbol: {original_question}

Please state the final count clearly at the end of your response. Addi

tionally, below the final count, provide the label text(s) which appears 
next to the target symbol(s) and do not use bullets.

Example output format:
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Final count: 2
Labels:

ZX-00000

ZY-00500

Data availability

The dataset presented in this study is openly available in Zenodo at 
https://doi.org/10.5281/zenodo.17250377

Benchmark Dataset for VLM Symbol Recognition in Engineering

Blueprints (Original data) (Zenodo)
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