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Abstract: The rapid development of artificial intelligence (Al), especially the fast iteration and widespread deployment of
large language models (LLMs), has ushered in a new paradigm for the intelligent augmentation of electronic test instruments
and automatic test systems (ATS). By combining the powerful reasoning and generative capabilities of LLMs with the timeliness
and accuracy of external knowledge bases, retrieval-augmented generation (RAG) has emerged as a highly promising approach
to addressing knowledge-intensive challenges in the operation and maintenance of electronic test instruments. This paper
presents a comprehensive review of RAG and its applications in the field of electronic test instruments. First, the basic
architecture of RAG is reviewed, including retrieval mechanisms, knowledge-base construction, and generative models. Then,
considering the operational characteristics of electronic test instruments and automatic test systems, key knowledge-intensive
tasks are analyzed, such as fault diagnosis, test configuration, and process planning, followed by a discussion of representative
RAG-based applications, including intelligent fault diagnosis systems, adaptive test-parameter configuration, and interactive
question-answering assistants. In addition, practical considerations forengineering implementation are discussed with respect to
knowledge-base construction and effectiveness evaluation. Finally, open issues and future research directions are outlined,
including multimodal RAG, federated learning for distributed knowledge bases, and edge deployment. This review aims to
provide researchers and practitioners in relevant industries with a comprehensive understanding of the current status and
development prospects of RAG technologies in electronic test instruments.

Keywords: Retrieval-augmented generation, Electronic test instruments, Knowledge base, Intelligent fault diagnosis, Large
language models, Test automation.

domain-specific tasks involving specialized business logic: (1)

1. Introduction the knowledge cutoff problem, LLMs cannot access
Electronic test instruments, such as signal generators, information beyond their tra.ining data; (2) halluginations,
oscilloscopes, spectrum analyzers, and vector network LLMs may generate t.echmca%lly plaus¥blf3 b}lt Incorrect
analyzers, form the comerstone of modemn electronic information; and (3) insufficient specialization, general
engineering. They are indispensable to research, development, ~ LLMs often lack in-depth domain knowledge related to
production, and maintenance in a wide range of industries, electronic test instruments. . _
including communications, radar, acrospace, automotive, and RAG s a technical paradlgm that comblnes.pretra'lned
semiconductor testing. With the emergence ofhigh-frequency, ~ Parametric language models with non-parametric retrieval
high-bandwidth, and multi-standard technologies, the systems. Its primary objectiveisto envhance an’d g}nde the text
complexity of these instruments has increased exponentially, generathn process of LLMs by precisely retrieving rel.evan't
giving rise to ever more sophisticated operating procedures 1nfqrmat10n fragments from large-scal'e corpora, makmg it
and increasingly extensive technical documentation. particularly suitable for knowledge-intensive tasks with
Traditional methods for operating test instruments rely stringent requirements on factual accuracy and timeliness. By
primarily on manually consulting lengthy technical manuals, introducing a retrieval mechanism, RAG provides the
drawing upon expert experience, and adjusting parameters generative model with fact-based ~anchors, thereby
through repeated trial and error. These approaches suffer from significantly mitigating the risk of hallucinations while
several limitations [1,2]: (1) they impose high requirements maintaining the fluency ofgeneratc?d responses.
on operators’ professional competence and demand In the field of electronic test instruments, RAG holds
substantial domain-specific expertise; (2) fault diagnosisand transformanye application potentlgl. By constructing a
resolution are often time-consuming; (3) knowledge is comprehensive knowledge base that incorporates instrument
difficult to reuse across different types of instruments and task specifications, fault case repositories, test procedures, and
scenarios; (4) scalability is limited when dealing with expert knowledge, RAG can provide context-aware, real-time
complex test systems integrated from multiple types of guidance for diverse task scenarios and deliver intelligent
instruments. decision support for operators. This paper aims to present an
Meanwhile, with the continuous developmentof LLMs [3], overview of RA.G technology anq 1ts.appllcat.10ns mn
such as Qwen, DeepSeck, GPT, and Claude, as well as their electronic test instruments, covering its architectural
open-source counterparts, natural language processing has foundations, applicat.ion paradigms, practical considerations,
advanced significantly. Although LLMs demonstrate and future re§earch dlrecFlons. . .
remarkable capabilities in text understanding and content The remainder of this paper is organized as follows.

generation, they exhibit inherent limitations when applied to Section 2 reviews the fundamental concepts and architecture



of RAG. Section 3 examines the domain characteristics of
electronic test instruments and identifies key knowledge-
intensive tasks. Section 4 elaborates on RAG-based
application paradigms in detail. Section 5 discusses relevant
considerations for implementation. Section 6 analyzes the
challenges and future development directions.

2. Fundamentals of Retrieval-
Augmented Generation

2.1. RAG Architecture

RAG can be decomposed into the coordinated operation of
three key components: a knowledge-base indexer, which
processes and stores documents in a retrievable format, a
retriever, which accesses the “non-parametric knowledge”
contained in the knowledge base, and a generator, which
reasons over the user’s original question together with the
external knowledge fragments provided by the retriever and
produces a response.

The knowledge-base indexer typically employs a
document preprocessing pipeline thatincludes text extraction,
chunking, embedding generation, and vector database
indexing. Modern RAG systems use dense retrieval methods
based on neural embedding models, such as dense passage
retrieval [4] or approximate nearest neighbor negative
contrastive learning [5] to encode documents into dense
vector representations.

Upon receiving a user input, the retriever is responsible for
rapidly locating and extracting the most relevant information
fragments from a large-scale knowledge base. It commonly
adopts a two-stage retrieval process: coarse-grained candidate
retrieval and fine-gained reranking. The former is performed
using approximate nearest neighbor (ANN) search algorithms,
such as HNSW (Hierarchical Navigable Small World) or IVF
(Inverted File Index), and the latter is conducted by
computing attention-based relevance scores between each
candidate document and the query using a cross-encoder
model.

The generator is usually instantiated as a decoder-only
transformer model. It receives an augmented input composed
of the original query and the retrieved passages, and is
required to use the retrieved external knowledge as the
primary factual basis while combining it with its own
parametric knowledge to reason, integrate, and refine the final
output, thereby generating a coherent response that is more
accurate, information-rich, and faithful to external facts.
Recent advances in instruction tuning and chain-of-thought
prompting have significantly improved the reasoning
capability of generator in RAG systems [6].

2.2. Retrieval Mechanisms

The retriever can adapt its retrieval strategy according to
different retrieval granularities and the application scenarios.
Keyword-based retrieval [7] adopts traditional BM25 or TF-
IDF scoring methods and is computationally efficient,
however, it inherently suffers from the vocabulary mismatch
problem and struggles to capture semantic relationships.
Semantic retrieval uses embedding models to map text into a
continuous vector space, enabling the capture of semantic
similarity beyond lexical overlap, it is therefore particulardy
suitable for retrieving technical documentation where
terminological variants are common [5, 8]. Hybrid retrieval
integrates keyword-based retrieval results with semantic
retrieval scores through methods such as reciprocal rank

fusion (RRF) or learned rank aggregation, hybrid methods
have consistently outperformed retrieval systems based on a
single strategy in practical evaluations [9]. Graph-based
retrieval leverages knowledge graphs to perform multi-hop
reasoning over structured knowledge, such methods excel at
multi-hop retrieval and deep reasoning, and are therefore
widely applied in complex fault diagnosis scenarios [10].

2.3. Generation Models

The generator in RAG architecture has evolved from
simple sequence-to-sequence models to large-scale pretrained
language models. Recent advances also include instruction-
tuned models fine-tuned on instruction-following datasets to
better satisfy user requirements [11], chain-of-thought
prompting [6], which guides models to generate intermediate
reasoning steps before producing the final answer, and self-
correction mechanisms [12], which enable models to verify
and refine their outputs by retrieving additional information
or performing consistency checks.

3. Electronic Test Instruments:
Domain Characteristics

3.1. Classification and Applications

Electronic test instruments serve as the "eyes" and
"yardstick" of the electronic information industry, fulfilling
the core mission of testing, analyzing, and verifying signals,
electronic components, and system performance. These
instruments can be divided by test function into five major
categories. The first category comprises basic electrical-
parameter measurement instruments, such as digital
multimeters and LCR testers, which are used to measure
fundamental electrical quantities including voltage, current,
resistance, capacitance, and inductance. These are the
standard tools for engineers’ daily debugging work. The
second category includes signal analysis and waveform
observation instruments, such as oscilloscopes, spectrum
analyzers, vector network analyzers, and noise figure
analyzers, which are used to observe time-domain waveforms,
spectral characteristics, network parameters, and digital
timing, and constitute the core means for circuit design and
fault troubleshooting. The third category consists of power
supply and load test equipment, such as programmable DC
power supplies, electronic loads, and microwave power
meters, which are used to provide stable voltage/current
sources, simulate load conditions, and measure power quality.
The fourth category covers safety and environmental
reliability test equipment, including withstand voltage testers,
insulation resistance testers, and temperature-humidity test
chambers, which are used to verify product safety and
durability. The fifth category refers to test system with ever-
increasing levels of automation, which is commonly used in
large-volume automated inspection of semiconductor chips,
printed circuit board assemblies, and new energy batteries to
perform functional verification and performance screening.

Electronic test instruments typically span the entire
lifecycle of electronic products, including design,
manufacturing, and after-sales maintenance. In the design
stage, instruments such as oscilloscopes, spectrum analyzers,
and logic analyzers are used for prototype circuit debugging,
signal integrity analysis, and communication protocol
verification, helping engineers rapidly locate design defects.
On the production line, ATS, LCR testers, and safety testers
form the core capability, ensuring consistency and reliability



of outgoing product quality. In particular, in fields such as
switching power supplies, battery management systems for
new energy vehicles, and consumer electronics, where
automated testing is critical to throughput. Various
specialized test instruments are widely used in satellite,
communications, navigation, radar, scientific research, and
education, where they play an essential role in providing test
and measurement supportt.

3.2. Knowledge-Intensive Tasks

The operation and maintenance of electronic test
instruments encompass a variety of knowledge-intensive
tasks, including fault diagnosis, test configuration, and test
process planning. These tasks are, in essence, highly
constrained, knowledge-heterogeneous, and strongly
procedural.

Fault diagnosis requires associating fault symptoms with
potential causes, a process that often depends on large fault-
case databases, maintenance manuals, and expert experience.
The diagnostic workflow usually involves multi-step
reasoning and cross-document analysis of complex business
logic and technical details of equipment operation and
maintenance support.

Test configuration requires selecting and setting
appropriate instrument parameters, such as frequency range,
resolution bandwidth, filter type, and triggering, for specific
test scenarios while taking timing relationships into account.

This requires a deep understanding ofboth the capabilities of
the device under test and those of the instrument,
unreasonable configuration may lead to measurement errors
or missed defects [2].

The purpose of test process planning is to transform
abstract test requirements into executable, measurable, and
controllable systematic action plans. The planning process
incorporates instrument manuals, specification standards, and
historical test data, and covers all necessary measurements,
verifications, and compliance checks. Retrieval of technical
documentation requires operators to locate specific
information from lengthy instrument manuals, application
notes, and specification standards.

In addressing the above tasks, relying solely on on-site test
personnel is complex, time-consuming, and costly in trial and
error, while traditional large models are prone to outdated
knowledge, device blind spots, and unreliable workflows.
RAG alleviates these problems through a “retrieve-then-
generate” paradigm by unifying instrument manuals,
calibration specifications, historical fault tickets, SCPI
command sets, test configuration templates, automation test
scripts, and real-time logs into a knowledge service that is
“retrievable, traceable, and executable,” making it well suited
to such knowledge-intensive tasks. The mapping between
RAG capabilities and test instrument tasks is shown in Table
1.

Table 1. Mapping between RAG capabilities and test instrument tasks

RAG capability Test instrument task

Knowledge source Effect

semantic retrieval fault symptom matching

fault-case database improved diagnostic speed

context-aware generation test configuration recommendation

instrument manual reduced parameter configuration time

multi-hop reasoning root cause analysis

maintenance manual, logs reduced repeat repairs

instruction following test process planning

standards, specifications improved test efficiency

conversational interface operator assistance

knowledge base improved retrieval efficiency

4. Typical Applications Based on
Retrieval-Augmented Generation

4.1. Intelligent Fault Diagnosis

Intelligent fault diagnosis is one of the most influential
representative applications of RAG in the field of electronic
test instruments. The diagnostic workflow typically follows a
structured sequence of operations: symptom collection, fault
isolation, root-cause localization, and maintenance
recommendation [13].

The workflow of a RAG-based fault diagnosis system is as
follows. First, the operator describes the fault phenomenon of
the instrument in natural language—for example, “when
measuring low-level signals, the spectrum analyzer exhibits
an elevated noise floor above 5 GHz.” The retrieval module
then searches the fault-diagnosis knowledge base, which
focuses on fault-case repositories and maintenance manuals,
and returns the top-k historical cases most similar to the
current  fault together with their corresponding
troubleshooting steps. Subsequently, the generation module
synthesizes this information and produces a diagnostic repott
containing prioritized fault hypotheses, recommended
diagnostic procedures, and maintenance instructions.

The fault-diagnosis knowledge base usually includes: (1)
structured fault-code databases maintained by instrument
manufacturers, (2) instrument user manuals, maintenance

manuals,and fault cases, (3) unstructured service logs, and (4)
community-contributed troubleshooting guides.

4.2. Adaptive Test Parameter Configuration

Appropriately matched test parameter configuration on the
instrument panel is crucial for obtaining accurate
measurement results in a timely manner. Improper
configuration may introduce measurement errors, such as
those caused by improper input range selection, insufficient
number of averages, erroneous analysis-bandwidth or trigger
settings, leading to invalid measurements, higher trial-and-
error costs, and degraded test throughput.

A RAG-based adaptive test parameter configuration
assistant operates as follows: (1) itunderstandsthe user’s test
objective through natural-language description and confirms
the test task, for example, “I need to measure the harmonic
distortion of a 2.4 GHz Wi-Fi transmitter, and its spurious
level should be below -40dBc”, (2) it retrieves relevant
configuration guidelines from instrument technical
documentation and arule knowledge base, and (3) it generates
a step-by-step configuration procedure and parameter key-
value pairs tailored to the specific instrument model and test
scenario.

The rule knowledge base is a multidimensional parameter
space in which each dimension corresponds to a
programmable instrument parameter, such as frequency range,
reference level, sampling rate, resolution bandwidth, video



bandwidth, detector type, and sweep time. The adaptive
configuration process generates a parameter configuration
scheme suited to the test task through test-task parsing, case-
base retrieval, and rule knowledge-base matching.

4.3. Interactive Question-Answering Assistant

A more general and widely adopted application of RAG is
intelligent question answering over domain knowledge. In
practice, this usually takes the form of customized
“interactive question-answering assistants” for various
vertical industries, which help users resolve knowledge-
service problems such as real-time feedback, information
retrieval, and pre-sales/post-sales service through client-side
dialog interfaces, thereby significantly reducing
communication costs and improving service efficiency and
quality.

In interactive question answering, RAG has evolved from
the initial stage of “stuffing documents into a vector database
and letting the model answer” into a composite capability
encompassing hybrid retrieval, reranking, multi-tum
clarification, traceable generation, and agent-based tool
invocation. It is no longer limited to single-turn question
answering, instead, it can select retrieval strategies according
to question complexity, ask the user clarifying questions when
necessary, decompose problems into sub-questions, invoke
tools, and annotate the sources of answers. Industrial
deployment is already relatively mature, with scenarios in
finance, healthcare, law, manufacturing, customer service,
and operations and maintenance all adopting RAG for
intelligent question answering and agent assistance. For
example, customer-service scenarios can implement multi-
turn question answering based on product manuals, historical
tickets, and policy documents, healthcare and legal scenarios
emphasize traceability and source attribution, and
manufacturing and operations-and-maintenance scenarios are
beginning to connect equipment manuals, fault cases, and
real-time status to RAG, enabling frontline operators to
troubleshoot problems using natural language.

Conversational question answering ensures the coherence
of multi-turn interaction through dialogue state tracking and
context management. Retrieval is performed in every turn and
combined with dialogue history to resolve coreference and
maintain context. This approach significantly improves
operators’ productivity and satisfaction in field-operation
scenarios [14, 15].

5. Practical Considerations

5.1. Domain Knowledge-Base Construction

The effectiveness of RAG applicationsin vertical domains
depends largely on high-quality domain knowledge bases,
and the construction of knowledge bases for electronic test
instruments is no exception. This process requires careful
consideration of multiple factors. Data sources should
integrate manufacturer documentation (user manuals,
maintenance manuals, and application notes), test standards
(IEEE, IEC, and MIL-STD), historical test data, fault-case
records, and experiential knowledge accumulated by experts
[12,16,17].

The chunking strategy is of critical importance, document
chunking must strike a balance between retrieval granularity
and context preservation. For technical manuals, chunking by
logical sections, such as by chapter or functional module,
often outperforms fixed-length text chunking [18]. By

attaching structured metadata to document chunks (e.g.,
instrument model, measurement type, frequency range, and
error code), hybrid retrieval combining semantic search with
metadata filtering can be achieved.

Semantic vector libraries constructed through word
embedding models have inherent limitations. Traditional
RAG is notwell suited to pure logical reasoning, strong real -
time control, highly deterministic rule-based judgment, or
complex statistical computation. A domain ontology can be
used to construct an entity—relation network, and a knowledge
graph for electronic test instruments can be built in a business-
oriented manner to better support multi-hop reasoning, rule
validation, high-certainty inference, and hybrid retrieval
requirements [15, 16, 19].

5.2. Effectiveness Evaluation

When evaluating RAG application systems in the field of
electronic test instruments, domain-specific metrics are
required rather than relying solely on standard information-
retrieval measures. Effectiveness evaluation should shift from
assessing “whether the answer looks plausible” to assessing
“whether it can be executed.” Evaluation should therefore not
focus only on whether the response is fluent, but also on
whether it identifies the correct instrument model, options,
test items, and matching test methods, whether safety
constraints are omitted, whether the generated scripts or
configuration schemes are executable, and whether the
citations are authentic and traceable.

6. Challenges and Future Directions

Although electronic test instruments continue to advance in
integration, networking, and intelligence, the deployment and
application of RAG technology in electronic test instruments
or related test systems still faces numerous challenges.

Knowledge timeliness remains an urgent problem to be
addressed. As instrument firmware and test standards evolve
rapidly, a mechanism for continuous knowledge-base
updating must be established. Federated learning methods,
which enable distributed knowledge contribution without
centrally storing sensitive test data, are regarded as a
promising research direction [20-22].

Multimodal fusion presents another challenge. In real-
world instrument diagnosis, multiple information modalities
must often be processed simultaneously, including textual
documents, instrument status screenshots, waveform and
spectrum images, and log files. Multimodal RAG systems
capable of joint retrieval and reasoning over heterogeneous
datatypeshave emerged as an important research frontier [23].

Explainability and trust are paramount in safety -critical test
applications. In aerospace, medical devices, and mission-
critical test support, the attribution of retrieved evidence as
well as the provenance of both the testing process and its
results must be verifiable and traceable to authoritative
sources [24, 25].

Edge deployment presents both opportunities and
challenges. In field service scenarios where network
connectivity is often limited or intermittent, running a RAG
system on an edge device with a compressed model and an
on-device knowledge base calls for breakthroughs in model
compression, quantization, and retrieval efficiency under
tight hardware constraints [26-28].
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