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Abstract: Inspection and testing underpin product safety and regulatory compliance across industries such as manufacturing, 
healthcare and food and beverage. However, conventional engineering test processes that mainly depend on manual, offline 
actions, failed to adapt to next generation, automated, digital and environmental-sensitive testing, resulting in very low 
productivity and high cost for most firms. The automation and digitalization of inspection and testing processes have become a 
research hotspot in both academia and industry. The natural language processing and computer interpretation of test results have 
been a focus of AI research as well. Nonetheless, due to the lack of real data, the verification and simulation of real inspection 
and testing environments are still difficult for researchers. As a solution, we manage to develop a multimodal cognitive test 
system that fuses the textual regulatory documents and instrument data, through a series of modules and processing flows. Our 
test system is based on a so-called multimodal cognitive agent, which includes large language model, vision module, knowledge 
graph and retrieval-augmented generation. We introduce the design, development and application of our test system, which used 
for rubber heater in a glass factory, and layout the future challenges for the exploration of multimodal agent technology in the 
test engineering. The project is supported by the Guangxi Key Research and Development Program. This paper was partially 
presented at the IEEE 2023 International Conference on Intelligent Commerce (ICIC). 
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1. Introduction 
Whenever you walk into any accredited testing lab, you see, 

dramatically, something you don’t want to see: sophisticated 
instrumentation surrounding a handedly performed workflow. 
Mass spectrometers detecting parts per billion sit next to 
technicians flipping through a hundred-twenty-page 
standards handbook, and workers typing a multi-million-yuan 
testing machine’s result into a report template. Prime 
ministerial regulations arrive every quarter, each cross-
referencing others. The divide between analytical capability 
and information management has never been wider. This 
motivates, and we believe will enable us to serve, the research 
we present on multimodal cognitive agents for inspection and 
testing. 

The inspection and testing industry has a distinct secondary 
role in the quality infrastructure. The observer and authority 
that ensures that food is safe to eat, bridges are sufficiently 
robust, pharmaceuticals contain stated ingredients provides 
for a bottleneck. The increasing workloads coupled with ever 
more complex operations and tighter audit regimes aggravate 
existing challenges. The data landscape is a large and growing 
environment of register entries, regulatory documents, 
instrument spectra and images, calibration data, chain-of-
custody documentation, and formatted tabular datasets; the 
data is diverse, it is stored in multiple locations and in 
multiple formats, each with its own meaningful structure. For 
a large part, the quality assurance industry relies on a 
combination of spreadsheets, LIMS databases, and field 
knowledge that dies with the staff. 

Recent progress in artificial intelligence has fueled 
maniacal enthusiasm in this area. Large language models now 

understand regulatory text reasonably well[1]. Multimodal 
learning lets us connect the text of a standard to the image of 
what an instrument observes[2]. Multi-agent architectures 
allow multiple AI modules to collaborate on complex 
analytical challenges[3]. But enthusiasm is not deployment. 
The chasm between exciting proof-of-concept and a 
laboratory director trusting it with real samples is big, and to 
be fair, many of the hard challenges are not algorithmic. 

We discuss what we learned developing multimodal 
cognitive agents supporting inspections, testing, and repair 
activities, for a project funded by the Guangxi Key Research 
and Development Program. The projects is a collaboration 
between researchers at Guilin University of Electronic 
Technology, scholars from the industry in China and Europe. 
The collaboration was fruitful. We do not want to claim that 
we solved everything. Instead, we are providing an honest 
perspective of the relevant technologies that matter, the 
architectural choices that mattered, and the applications that 
made a difference in laboratory settings. The partners from 
industry and academia have helped us shape what follows. 

2. Where the Real Challenges Lurk 
Before we get into how we might solve these problems, it's 

worth reminding ourselves as a group about what makes a 
domain like this especially difficult for AI. Some of these 
challenges are obvious to anyone who's actually worked in a 
lab; others are only revealed when you try to solve the 
problem from scratch. 

One of the main issues is that the data in this domain is 
impossible to neatly separate into categories. One workflow 
could involve a PDF of a regulatory standard, a proprietary 
instrument format mass spectrum, some sample preparation 
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notes scrawled in a paper form, and a LIMS schema to hold 
the numerical results even though it was designed twenty 
years ago. It's not just that they look like such different things; 
even a peak in a chromatogram doesn't 'mean' the same thing 

a clause in a standard 'means'. One of the hardest technical 
issues is to solve this semantic gap instead of taking all the 
data and knuckling it into text and hoping for the best [4][5]. 

 
Figure 1. Technical Roadmap 

 
Second, domain knowledge is more important than model 

size. Regardless of how big a general-purpose language 
model is, it does not know what a ‘matrix spike recovery’ is, 
or why a detection limit calculated by one method is different 
from a detection limit calculated by another method, or which 
version of GB 2760 applies to a food additive in a particular 
year. This knowledge is not rare. It is written down in the 
standards and method documents. However, they are too 
numerous, and have to be updated frequently[6]. It takes more 
than fine-tuning to teach a system this type of knowledge. It 
requires constructing a knowledge infrastructure that is as 
easy to maintain as the regulations are to update[7]. 

Third, the consequences of being wrong are not abstract. If 
an AI system tells a technician that a batch of infant formula 
passes aflatoxin screening when it does not, people get hurt. 
This might sound like an argument for keeping humans in the 
loop, and it is, but it also means that airborne interface 
between analytics and people must be explainable in terms 
people can understand. Simply saying 'the model is 94% 
confident' is not enough; they need to see which standard 
clause was checked, which spectral feature triggered the flag, 
and what the historical baseline looks like[8][9]. 

Fourth, and most practically, laboratories are not software 
companies. They cannot afford to hire a machine learning 
engineer in the summer, they run on tight budgets to begin 
with, and their IT infrastructure is conservative for good 
reasons. Auditors do not like experiments, and running tests 
in a lab on a lifetime of data is risky business. The only gantry 
you can afford is one that decouples and is load-balanced. 
Any AI system sitting in the middle of that environment must 
be deployable and usable on modest hardware, integrate with 
existing LIMS/instrument software, degrade gracefully when 
components fail [10][11][12]. 

3. Key Technologies for Constructing 
Domain-Specific Cognitive Agents 

3.1. System Architecture: What the Four 
Layers Do 

Four layers ultimately defined our architecture. It did not 

originally, we explored it over time as we encountered 
obstacles, but the final four have proven to be stable over our 
deployments 

The bottom of the stack is what we call the Multimodal 
Model Access Layer. Its job is not exciting, but it is a crucial 
piece of infrastructure: it gives the rest of the system a simple, 
uniform interface to a small queue of foundation models 
(OpenAI, DeepSeek, Qwen, Doubao, Kimi, and simply 
named Ollama instances), so that control is not required as to 
which service does what query. It also maintains API keys, 
tally usage and cost, deals with rate limits, and supports 
swapping models without having to restart the system. The 
last of these proved more important than we anticipated: 
inspection tasks truly find different models more suited to 
their particular needs, and the ability to route a food safety 
compliance check to one model while routing ahead a 
mathematical uncertainty estimation to another proved an 
inconvenient but real requirement[3][14]. 

Above is the Data and Knowledge Layer. It ingests data 
from relational databases, document repositories, web 
crawlers, and instrument APIs. A non-trivial amount of 
engineering went into the document parsing pipeline alone, 
regulatory PDFs and Word documents come in bewildering 
variations of formatting, and extracting structured 
information from them required a combination of layout-
aware parsing and fallback OCR. The layer also handles 
vector embedding generation, indexing, and chunking 
strategies that respect document structure rather than blindly 
splitting at token boundaries. 

Above is the Intelligent Workflow Layer, which includes 
the platform’s core wizard-based workflow authoring tools. 
The set of available nodes is modular and configurable, 
including natural language understanding, conditional 
branching, loops, knowledge and data retrieval, parameter 
extraction, and various template transformations. The entire 
set of nodes were designed to empower domain experts to 
define what is essentially a script of steps to be used by the 
system without writing code[29]. 

Here at the top is the Agent Development and Application 
Layer, which is where individual agents are composed and 
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deployed. We support three different interaction paradigms: 
conversational (the user asks questions and they get 
answered), automated (an agent monitors a stream of data and 
reacts when it meets a certain condition), and autonomous (an 

agent plans and executes a multi-step workflow). Developers 
can compare the performance of different foundation models 
with our multi-model comparison tools, and we trace every 
decision so that you can audit it later. 

 

 
Figure 2. Architecture of the Multimodal Cognitive Agent System 

 

3.2. Building a Knowledge Graph That 
Actually Helps 

 
Figure 3. Knowledge Graph Ontology Architecture & Construction Pipeline Combination Diagram 

 
Building a knowledge graph is a good achievement, but 

only as useful as the questions it can answer. Because 
regulations and methods are too numerous to categorize in a 
single dimension, we organize our knowledge graph along 

three axes: regulations, methods, and equipment. That is to 
say, any inspection activity can be represented in a three 
dimensional space in which each dimension captures an 
aspect of the activity: which regulation applies, what method 
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is required, and what instrument is used. In our experience, 
the vast majority of relationships that arise in everyday lab 
work can be represented within these three dimensions [13] 
[14] [15]. 

The knowledge acquisition pipeline pulls from many 
sources. We use automated crawlers that alert us to new 
developments in various standards repositories - a daunting 
task when no single organization uses a standard format for 
publication and review[8]. APIs with LIMS systems allow us 
to pull in operational data from the equipment itself. We use 
OCR to digitize existing paper documents which are still 
common in many Chinese laboratories, followed by a post-
correction pipeline using language models trained to the 
domain (extraction of data from metrology documents). As a 
starting point we partnered with Beijing Sunway World to 
access the YiBiaozhun platform, which already included over 
one million standard documents in more than sixty 
subdomains[8]. 

Our choice of storage is not driven by architectural 
desiderata, but rather by the strengths of individual database 
technologies. Structured metadata is stored in a relational 
database. Entity relationships are stored in a graph database 
due to its flexibility in multi-hop queries, which are 
ubiquitous in the extraction of relationship information from 
regulatory documents. Semantic search is supported by a 
vector database of text and image embeddings. Finally, we 
store raw documents and images in an object store, which is 
cheap and easy to use. As of now our knowledge graph 
includes more than one hundred thousand typed relationships 
and semantic cross-modal queries return in less than two 
hundred milliseconds, making it practical for interactive 
use[15][24]. 

3.3. Making Language Models Work in a 
Specialized Domain 

General-purpose language models know a great deal about 
many things, but their knowledge how inspection and testing 

is shallow at best. We found that three adaptation strategies, 
used together, made a meaningful difference. 

First, we fine-tune embedding models on domain corpora. 
Standard embedding models like BERT and CLIP, trained on 
general web text and images, do not capture the semantic 
similarity between, say, two standard methods that describe 
the same analytical procedure in different wording. Fine-
tuning on a corpus of inspection standards, test reports, and 
technical manuals substantially improves retrieval quality for 
domain-specific queries[6][17]. The preprocessing pipeline 
for this corpus, cleaning, deduplication, terminology 
normalization, and augmentation through back-translation, 
was more work than the fine-tuning itself. 

Second, we use retrieval-augmented generation as the 
default inference mode rather than an optional add-on. 
Whenever the user asks a question, we first retrieve relevant 
entities from the knowledge graph and relevant passages from 
the document store, and then the language model generates an 
answer conditioned on this evidence, with citations. This 
obviously does not prevent hallucination (nothing can), yet it 
certainly grounds hallucination in some factual basis and thus 
gives the user a way to check the sources of what the system 
claims[19][20][21][22][23]. 

Third, we employ parameter-efficient fine-tuning using 
Low-Rank Adaptation, which allows us to adapt large models 
to domain-specific tasks without full fine-tuning, in terms of 
training time and memory. Empirically, training only about 
0.1 percent of the parameters of the model can lead to 
considerable gains in professional text understanding, and the 
tiny adapter weights can be replaced in the future as 
regulations evolve over time. Adapters can also be loaded for 
different inspection subdomains—for example, for 
laboratories that provide inspection services for a range of 
product categories[16][18]. 

3.4. Hybrid Decision-Making: Rules and 
Models 

 

 
Figure 4. Schematic diagram of the dual-path hybrid decision-making mechanism 

 
Based on the understanding of the decision-making 

processes in achieving compliance to the regulations and on 
the modeling approaches that can be used to mimic the 
decision-making process, we present a hybrid approach that 
uses different decision-making mechanisms that run in 
parallel and reconcile at the end. The hybrid architecture is 

designed in such a way that it can be used for any high-risk 
decision with and without human-in-the-loop. The 
verification of the interpretations and the model-based 
predictive inference can be performed by either automating 
the compliance monitoring in the presence of new data or by 
providing a reasoning chain that can be used for tracking and 
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cross-checking compliance statements and predictions with 
the regulators. We showcase the hybrid decision architecture 
using the food safety regulatory compliance problem as an 
example. The architecture is designed such that if rule-based 
checks agree on the compliance status, and the model-based 
predictive inference also agrees with the rule-based approach, 
a recommendation for compliance status is made. In the cases 
of a disagreement between the two approaches, a high-risk 
case is flagged and sent for a new human decision-making 
instance. Each decision made using the hybrid decision 
architecture traces the reasoning and the data interpretation 
that led to the decision, providing the transparency needed for 
compliance with the regulation and the ability to perform 
root-cause analysis if the system eventually malfunctions. [9] 
[11] [28] 

The weighting between rule-based and model-based 
components adjusts to the situation. For routine, well-defined 
checks where the regulatory guidance is clear and 
unambiguous, the rule-based pathway dominates. For 
ambiguous cases that require interpretation, the model-based 
pathway receives more influence. However, there is no point 
asking a neural network whether a food additive exceeds its 
maximum use level when the regulation states a precise 
numerical limit. In the case of a novel ingredient, the 
regulatory guidance is perhaps less clear, and its utilization 
might need to be interpreted: does it fall under an existing 
category, for instance? 

4. What This Looks Like in Practice 

4.1. Food Safety: The Hardest Test 
We began with a deployment in food safety inspection for 

good reasons. The regulatory environment is especially dense, 
China’s sheer number of documents on food safety standards 
is in the thousands, and the cost of error is publicly visible at 
once. Three specific capabilities were deployed. 

The label review system is the component that sees the 
most use. By taking an image of a product label, recognizing 
and reading the text on the label, matching the claimed 
ingredients and nutrition information to whatever standard 
applies, and then automatically highlighting potential 
discrepancies, the system is able to reduce the time a label—
one that previously required a human reviewer for a full 
twenty minutes—from nearly riright onto under three seconds 
and in the process, the system writes down the specific items 
for a human to verify. The standard label review uses 
throughput is approximately one thousand per hour on a 
modest hardware system[22][23]. The system does not 
replace the human but instead triages, allowing the human to 
work only on those labels where something appears to be 
wrong. 

In contrast, the illegal additive screening module adopts a 
different approach. Rather than referencing fixed lists of 
illegal additives, it integrates mass spectrometry with kernel-
based knowledge graph matching to flag compounds that are 
not allowed in the target product body. The knowledge graph 
captures known relationships among product bodies, allowed 
additives, and disallowed substances, so that the system can 
detect not only known illegal additives, but also potentially 
harmful analogues [2] [10]. 

The food safety suite also supports automated draft report 
generation from LIMS and instrument data. The engineer 
selects the product body, which is used to determine the 
compliance rules to apply. The system pulls the raw data from 

LIMS and instruments, performs the relevant statistical 
checks, and drafts a CNAS-compliant test report, including 
methods, raw data, uncertainty, and pass/fail status. The 
engineer then reviews the auto-draft report and signs it off – 
the system is not signatory at all – but it brings the drafting 
time down from about forty minutes, or so, to less than five. 

4.2. Quality Control: More Than Pass/Fail 
Quality control in manufacturing is a different beast from 

regulatory compliance. The scale is larger, the cycle time is 
shorter, there is a cost to a false positive, i.e. we would have 
stopped a production line unnecessarily, and so on. 

Product compliance is a complex problem that involves 
matching test results against multiple industry and national 
standards. Standards compliance assessment is time 
consuming, with multiple interfaces to inventory test data, test 
instrument data, multiple versions of potentially hundreds of 
standards and continuous updates to test methods and 
standard requirements. Our standards module performs 
curation of more than two hundred food, pharmaceutical and 
consumer goods standards, includes semantic interpretation 
such that ‘heavy metals’ is understood to be a group of 
elements with individual limits; and knowledge about 
whether or not compliance to an older version of a standard 
satisfies an updated standard. The curation is used by a 
standards matcher to provide product compliance assessment. 
An anomaly detection tool is used to automatically search for 
outliers against data stored in a data warehouse. For an outlier, 
relevant data is automatically associated and presented to the 
analyst in his or her MIS workspace for investigation. The 
matching and anomaly detection allows for a new case to be 
created in less than one second, where a human analyst would 
require 20 minutes of searches against multiple systems. The 
anomaly detection uses isolation forest combined with one-
class support vector machine (SVM) algorithms. 

4.3. Managing the Laboratory Itself 
There are many challenges in the laboratory that are less 

helped by statistical methods but highly important in their 
own right. Sample tracking, equipment scheduling, workload 
balancing, quality monitoring. These consume staff time and 
are highly error-prone when people are busy and juggling 
several things at once. We have just finished a new workflow 
management module that will track a sample from reception 
through to reporting, flag bottlenecks such as an instrument 
queue backing up or a test that is due for review, and 
automatically bring the issue to the attention of a manager in 
a timely manner. We are also working on a sophisticated 
genetic algorithm for scheduling people, instruments and 
reagents[5][11]. These are not glamorous uses of AI, but we 
are found to save them a lot of time more than any "analytical" 
feature they offer us. 

5. Standards, Trust, and What Needs 
to Happen Next 

Building the technology is necessary but not sufficient. For 
multimodal cognitive agents to be adopted at scale in 
inspection and testing, an industry that is, rightly, 
conservative about new technology, there needs to be a 
framework of standards that addresses interoperability, 
reliability, and security. Our project contributed to the 
development of three categories of standards, and the process 
of drafting them was instructive. 



 

6 

The first category covers cognitive agent architecture: what 
functional components a system must have, how interfaces 
should be defined, and what data flows are expected. These 
standards aim to ensure that agents from different vendors can 
interoperate and that laboratories are not locked into a single 
provider's ecosystem[26]. The second addresses multimodal 
data processing and knowledge modeling: data formats for 
standard documents, test results, and analytical spectra, as 
well as schemas for knowledge graphs and ontology 
definitions. Getting different stakeholders to agree on data 
formats is never easy, but it is the kind of unglamorous work 
that determines whether a technology ecosystem actually 
forms or remains a collection of isolated point solutions. 

The third group, system integration and data exchange, is 
literally the most interesting. This group defines the interfaces 
and protocols that enable the cognitive agents to interface 
with the LIMS, instrument software and enterprise systems. 
And it is exactly this group which will fail the industry[29][30] 
if left to our imagination. 

I should make a more general point here. From what the 
industry needs fast, a digital transformation that is enabled 
kAI will not be driven by AI capability alone. It will require 
an ecosystem, one in which vendors, standards bodies, 
accreditation bodies and regulators all have a parallel working 
group. We contributed to a number of these standards, and 
there is a lot left to do, for instance on the validation and 
certification of AI-assisted inspection decisions, which poses 
some new questions that the current systems of conformity 
assessment were not designed to handle [12][18]. 

6. Conclusion 
In this paper we have described what we learned while 

building multimodal cognitive agents for the domain of 
inspection and testing. This work sits at the intersection of 
several active research areas such as multimodal learning, 
knowledge graphs, retrieval-augmented generation and 
hybrid AI systems, but the primary contribution is an 
integration story. We found that making these technologies 
work together in a real laboratory setting exposed a set of 
engineering problems that would not be encountered in 
benchmark evaluations: how to keep a knowledge graph up-
to-date as regulations change, how to make laboratory staff 
feel confident in AI-generated recommendations, and how to 
run complex AI systems on the infrastructure that laboratories 
actually use. 

Several directions deserve more attention than they 
currently receive. Causal reasoning, the ability to trace an 
anomaly not just to a data point but to a root cause, would 
move these systems from detection to diagnosis. Better few-
shot and zero-shot learning would reduce the burden of 
creating labeled training data for every new standard or 
product category. And perhaps most importantly, we need 
better ways of measuring whether these systems actually 
make laboratories more effective, not just whether they score 
well on technical benchmarks, but whether they reduce errors, 
save time, and help people make better decisions. 

The inspection and testing industry is not going to be 
transformed by AI overnight, and anyone who promises 
otherwise is selling something. But steady, well-engineered 
integration of cognitive agents into laboratory workflows can 
make a real difference, reducing the time spent searching for 
information, catching errors before they reach a report, and 
freeing skilled analysts to focus on the cases that genuinely 
require human judgment. That, rather than any particular 

algorithmic breakthrough, is what we consider the real 
contribution of this work. 
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