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ABSTRACT

Large Language Models (LLMs) promise natural-language access
to data, yet applying them to Controller Area Network (CAN) sig-
nal SQL analytics in the automotive industry is challenging. First,
CAN data warehouses store tens of thousands of signals as opaque
numeric columns. Multiple signals are often packed into a single
column as bit segments, requiring external Database CAN (DBC)
files beyond the native database schema for proper definitions. Sec-
ond, engineers’ natural-language queries often use terms that map
to multiple signals in the DBC files, with little direct indication of
which signals are being referenced. Finally, signal analysis in pro-
duction involves multi-step SQL pipelines using layered Common
Table Expressions (CTEs) for tasks such as temporal alignment,
more complex than those handled by existing NL2SQL methods.

To address these, we present NIO-Weaver, an end-to-end CAN
signal analytics system within a graph-augmented multi-agent
framework. First, to uncover signals hidden in opaque numeric
columns, we introduce an automated graph-construction pipeline
that leverages DBC files to build a domain-knowledge graph, associ-
ating signals with potential high-level terms. Second, to bridge the
semantic gap between natural-language queries and multiple sig-
nals, we propose an optimized retrieval method that extracts terms
from queries and performs hybrid retrieval. We combine regex
matching, embedding search, and constrained graph traversal to
identify candidate signals for further processing. Finally, to simplify
the generation of multi-step CTE-based pipelines, we introduce a hi-
erarchical generation paradigm. We decompose queries into plans,
incrementally generating executable CTEs, while self-correction
mechanisms refine missing signals and incorrect SQL. Experiments
on the real-world industrial CAN warehouse at NIO demonstrate
that NIO-Weaver outperforms baselines by up to 67.2%.
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Figure 1: NL2SQL in Automotive CAN Signal Analytics.
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PVLDB Artifact Availability:
The source code, data, and/or other artifacts have been made available at
https://github.com/OpenDataBox/NIO-Weaver.

1 INTRODUCTION

NL2SQL techniques bridge the gap between natural language and
databases [31, 42, 45, 51], enabling users to query data without
writing complex SQL queries. These techniques are highly valuable
in specialized fields where experts must quickly analyze massive
and complex datasets. In automotive engineering, where modern
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vehicles function as advanced IoT platforms, vast amounts of signal
data are continuously transmitted via the Controller Area Network
(CAN) bus [12, 33] into large-scale, time-partitioned databases. An-
alyzing these signals using SQL queries, directly from expert intent,
is vital for driving data-informed decisions throughout the vehi-
cle’s lifecycle [13, 27]. It plays a key role in supporting experts
in vehicle development, feature validation, and intelligent diagno-
sis [20, 47, 48, 52, 54].

For instance, during the research and development phase, ex-
perts analyze Mis-Acceleration Intervention (MAI) events, a safety
system that prevents accidental acceleration by monitoring the
vehicle and either reducing engine power or applying the brakes.
To ensure this system works correctly, they must review vehicle
data, such as speed, accelerator pedal position, and torque com-
mands. As shown in Figure 1, the CAN signal analysis relies on
large, time-partitioned databases (e.g., Hive at NIO) to handle fast,
real-time IoT data [9, 35]. It introduces three unique characteristics
compared with typical NL2SQL techniques.

@ Self-Contained Schema vs. Externalized Signal Definition.
While conventional databases directly embed metadata in table and
column definitions, modern CAN data warehouses exhibit extreme
schema opacity. They pack tens of thousands of logical signals into
generic payload columns with little semantic meaning. For example,
as shown in Figure 1, a single column like can_msg_1 in the ware-
house table contains up to 64 bits, multiplexing distinct elements
such as a 2-bit VCUTgRmpLmterSts. The critical metadata needed
to interpret these signals, such as message IDs, descriptions, and
specific value choices (e.g., 2 representing active), is externalized
in DBC files. Consequently, NL2SQL models must resolve schema
entities entirely outside the database catalog [28].

@ Structural Schema Linking vs. Implicit Semantic Mapping.
Unlike traditional NL2SQL methods that rely on direct semantic
matching or schema relations, CAN signal analytics presents a
much wider semantic gap between user queries and SQL queries.
Experts typically query high-level vehicle behaviors rather than
exact, often-abbreviated signal names, meaning a single term fre-
quently maps to complex, multi-signal predicates. For instance,
in Figure 1, when asked to “Count the MAI activations,” standard
RAG methods incorrectly retrieve name-similar signals such as
MAI_Activated from over 18,000 options. In reality, this state re-
quires a specific combination of exact values: VCUTgRmpLmterSts=2
and TqRmpLimReqg=1. This highlights the critical need for deep se-
mantic grounding beyond basic structural schema linking.

® Relational Query Generation vs. Multi-CTE SQL Pipeline.
Traditional NL2SQL benchmarks rigorously evaluate complex rela-
tional logic, including nested subqueries, advanced joins, and set
operations [26, 41]. However, real-world CAN analytics require
a different query complexity of time-series execution pipelines.
These workloads rely heavily on layered Common Table Expres-
sions (CTEs) for data extraction, temporal alignment, and time-
window analysis. For instance, in Figure 1, the gold SQL for an
MALI event requires a window_data CTE utilizing complex func-
tions like LAG(...) OVER to calculate temporal gaps (ts_gap_1)
and capture previous vehicle speeds (pre_VehSpd_1). Current LLM-
based NL2SQL methods struggle with this complexity, generating
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simplistic, non-executable statements (e.g., WHERE signal_name
‘MAI_Activated’) that lack the necessary data-processing CTEs.
While recent LLM-based NL2SQL and RAG frameworks [7, 17,
38] offer compelling solutions for natural-language data access, they
primarily target self-contained schemas with lexical or semantic
overlap, making direct adaptation to CAN analytics difficult. Specif-
ically, general NL2SQL methods [19, 32] are not natively equipped
to resolve external payload definitions or reliably synthesize com-
plex, multi-step temporal pipelines. Furthermore, general-purpose
GraphRAG [4, 55] mainly processes raw unstructured text, often
struggling to traverse the constrained, typed structures of DBC files
to deduce implicit multi-signal states.
Our Methodology. To implement an effective NL2SQL framework
for CAN analytics, we propose NIO-Weaver, a graph-augmented
multi-agent system that decouples intent retrieval from SQL gen-
eration via three core components. (1) Semantic-Aware Graph
Builder: To overcome opaque schemas, the Graph Builder lever-
ages DBC files with low-level metadata, including message IDs and
bit layouts to construct a grounded knowledge graph. It extracts
physical entities and links high-level analytical intents directly to
low-level signal metadata, effectively bridging the semantic gap;
(2) Constraint-Guided Signal Retriever: To address implicit se-
mantic grounding across over 18,000 entries, the Signal Retriever
adopts an intent-aware approach to extract query entities and em-
ploys a hybrid, constraint-guided graph traversal to precisely iso-
late relevant signals, avoiding the noise of traditional methods;
(3) Pipeline-Planned SQL Writer: To alleviate the difficulty of
complex structures synthesis, the SQL Writer constructs multi-step
CAN analytics pipelines via sequential CTE operations. It gener-
ates SQL queries following a step-by-step plan, and subsequently
refines them through adaptive signal augmentation and hybrid
execution-semantic validation.
Product Impact. NIO-Weaver is deployed at the leading intelligent
EV manufacturer (NIO) for signal data analytics across the entire
vehicle lifecycle. It is integrated across 3 core technology platforms
and over 12 vehicle models, covering all 5 major operational stages
(i.e., R&D, production, supply chain, sales, and service). In the R&D
phase, the system processes an average of 33-44 daily NL2SQL queries
per model, enabling engineers to query a data platform of over 30 PB,
comprising 10,000+ tables and tens of thousands of vehicle signals.

Contributions. We summarize our key contributions as follows:
(1) We propose NIO-Weaver, an end-to-end CAN signal analytics
system built on a graph-augmented multi-agent framework. To
the best of our knowledge, this is the first work to integrate a DBC-
grounded knowledge graph into the NL2SQL pipeline to handle the
unique complexities of CAN signal analytics (Section 3).

(2) We propose a graph builder that constructs a DBC-grounded
knowledge base. By extracting and standardizing key metadata
entities, it bridges the wide gap between high-level analytical intent
and raw payload columns (Section 4).

(3) We design a signal retriever that replaces basic, noisy graph
expansion with an intent-aware retrieval. By analyzing user queries
and limiting retrieval paths via constraints, it accurately maps user
concepts to the correct signals in a graph of over 18,000 nodes
without pulling in unrelated data (Section 5).



(4) We develop a SQL writer that produces executable, multi-step
SQL queries step-by-step. It first outlines a clear plan of multiple
CTE steps, such as decoding, and refines them through adaptive
augmentation and lightweight validation (Section 6).

(5) We evaluate NIO-Weaver on a real-world industrial CAN dataset
at NIO. The experimental results demonstrate consistent improve-
ments over standard LLM and RAG baselines, showing significant
gains in both signal retrieval quality and final execution accuracy
(up to 67.2%) for complex diagnosis queries (Section 7).

2 PRELIMINARIES
2.1 CAN Signal Analytics

During vehicle development and maintenance, automotive engi-
neers and data scientists routinely analyze massive volumes of
telemetry data to diagnose faults, validate system performance,
and optimize control strategies. These complex analytical queries
are executed on historical vehicle data derived from CAN signals
in cloud-based data warehouses (e.g., Hive [36]) to enable large-
scale processing [21]. Therefore, CAN signal SQL analytics has
emerged as a crucial capability, automating SQL generation to
retrieve and process signal data directly from natural-language
queries. However, unlike traditional NL2SQL tasks that assume
self-contained databases with descriptive schemas and explicit re-
lational constraints, CAN analytics operates in decoupled, opaque
environments, challenging standard NL2SQL paradigms.

Definition 2.1 (CAN Signal Analytics Environment). The CAN
signal analytics environment is formalized as a tuple (7, D). Here,
7 represents the wide table in the data warehouse storing raw, se-
mantically opaque CAN message columns (e.g., can_msg_x), which
contain the physical signal values densely packed and divided into
bits. D denotes the external specifications (e.g., DBC files) that
maintain the semantic mappings for all automotive signals, includ-
ing their owning message IDs, bit layouts to decode data from the
raw packed columns, and textual descriptions.

As illustrated in Figure 1, 7 contains generic columns like
can_msg_1, which stores 64 packed bits of raw data. The external
specification O provides the missing semantic mapping, dictating
that a specific 2-bit signal VCUTgRmpLmterSts (representing “the
Torque output ramp rate limiting state”) is located within message
ID 1. Since the database catalog lacks semantic context, answering
a query inherently requires a two-stage pipeline: first recovering
the essential signal specifications from the external knowledge base
D, and subsequently generating SQL that uses the user-defined
decoding utility to materialize and process the signal values.

Definition 2.2 (Two-Stage CAN NL2SQL). Given a natural-
language query Q, we need to process this analytical request
through a mandatory two-stage pipeline: (1) It first executes Signal
Retrieval, formalized as R : (Q, D) — Mg, which reasons exclu-
sively over the external specification D to extract the required sig-
nal set Mg; (2) It subsequently performs SQL Generation, formalized
as F : (Q, Mg, 7) — S, synthesizing an executable, multi-CTE
SQL pipeline S that incorporates the decoding utilities to process
the opaque columns in 7~ and yields the domain-consistent result
(e.g., valid signal values aligned with the expert definitions in D).

4332

[ Inexecutable SQL

3 Wrong Key Filtering Logic
I Inaccurate Signal Retrieval iti

[m— | CTEs C

B
o

33 33

w
o

#Total Number
N
o

=
o

o

GPT5.2 MAC-SQL+RAG DIN-SQL+RAG

Figure 2: Error Distribution of Existing Methods.

As shown in Figure 1, to answer the query Q “Count the MAI
activations and their activation statuses”, it involves two stages: (1)
The retrieval function R first bridges the semantic gap by reasoning
over D to map the high-level analytical intent “MAI activations”
to a multi-signal state predicate (e.g., VCUTgRmpLmterSts = 2 and
TgRmpLimReq = 1), alongside relevant signals (e.g., VehSpd) to form
Mg; (2) The generation function ¥ uses Mg to synthesize S as a
multi-step CTE-based SQL pipeline. It begins by extracting raw data
and decoding columns via utilities (e.g., can_decode (can_msg_86,

., VCUTgRmpLmtersSts)). After time alignment, it performs win-
dow analysis using operators such as LAG to compute time gaps and
extract previous-row values for state-transition detection. An event
is flagged only when current conditions are met, but previous con-
ditions (e.g., pre_VCUTgRmpLmterSts != 2) were not, culminating
in final aggregations for the expected domain-consistent result.

As discussed in Section 1, the difficulties arise because (1) Ex-
ternalized Signal Definitions: Unlike self-contained databases with
explicit relational constraints, the candidate signal space is defined
by external specification D (e.g., DBC files). With over 18,000 sig-
nals, naive enumeration is impractical, and standard retrieval is
ineffective; (2) Implicit Semantic Grounding: Standard methods for
linking queries to schemas fail because the high-level analytical
intent in Q does not directly match the database column names.
Instead, it requires bridging a massive semantic gap to connect to
the correct low-level signals using only the specification D; (3)
Multi-CTE SQL Pipelines: Answering queries requires synthesizing
complex, multi-step Common Table Expression (CTE) pipelines
rather than formulating standard relational SQL queries. These
sequential pipelines are essential for executing operations, such as
column decoding, rarely encountered in typical NL2SQL tasks.

2.2 Limitations of Existing Methods

To better understand the limitations of existing methods and moti-
vate our system design, we conducted a preliminary study using 40
real-world CAN analytics requests at NIO. We evaluated standard
RAG [22] for signal retrieval, alongside GPT-5.2, MAC-SQL [37],
and DIN-SQL [30] for SQL generation. For GPT-5.2, we used a
multi-step pipeline: prompting the LLM with all signal names to
select candidates, matching these to full DBC specifications, and
generating SQL using 3-shot examples. MAC-SQL and DIN-SQL
were paired with standard RAG to fetch DBC evidence.

(Observation 1) Inaccurate Signal Retrieval. Existing methods
struggle to identify correct signals from high-level analytical in-
tents rather than exact signal names. Figure 2 shows GPT-5.2 failing
in 24 cases, while MAC-SQL and DIN-SQL (paired with RAG) fail
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Figure 3: System Architecture and Workflow of NIO-Weaver.

in 33 out of 40 cases. For example, when a request mentions a com-
plex vehicle function such as Mis-Acceleration Intervention, these
baselines typically capture only a single name-matching signal (e.g.,
MAISts) or omit one of the jointly required signals (e.g., retriev-
ing VCUTgRmpLmterSts but missing TqRmpLimReq). This prevents
the construction of the activation predicate, yielding semantically
incomplete SQL. This failure highlights the severe semantic gap be-
tween natural-language queries and DBC-defined technical names
when multiple signals are required [11].

(Observation 2) Wrong Key Filtering Logic. Even when meth-
ods successfully retrieve the correct signals, they often produce
incorrect filtering conditions. As shown in Figure 2, wrong key
filtering logic occurs in 26 cases out of 40 requests for GPT-5.2. This
error can also be observed when pairing methods with standard
RAG, i.e., 35 cases for MAC-SQL+RAG and 34 for DIN-SQL+RAG,
indicating that an executable query does not imply semantic cor-
rectness. Typical errors include: (1) applying the correct signal
names but filtering for the wrong values; (2) dropping necessary
conditions by treating a complex multi-signal state as a single filter;
or (3) completely missing standard domain checks. Consequently,
the generated SQL may execute successfully, but it will ultimately
count the wrong events or analyze an incorrect time window.

(Observation 3) Incomplete CTEs Composition. Existing
NL2SQL methods often produce incomplete pipelines, which are
typically required in CAN analytics. As displayed in Figure 2, GPT-
5.2 produces incorrect SQL queries that can not be executed in 34
out of 40 cases. Methods with the standard RAG module also omit
key pipeline steps in the executable SQL queries. Common mistakes
include missing data alignment (e.g., failing to order the data by
vehicle) or skipping time-gap calculations. These issues motivate
a plan-guided, validation-aware SQL synthesis component that it-
eratively repairs the structure and augments the triggered signals
when the current processed context is insufficient.

4333

3 SYSTEM OVERVIEW

Architecture. Figure 3 presents the architecture of NIO-Weaver.
¢ (1) Semantic-Aware Graph Builder: To reliably connect high-
level analytical intent to specific signals, we construct a DBC-
grounded knowledge graph. Unlike general GraphRAG methods [4]
that process unstructured text into noisy and incorrect graphs due
to free-text construction, we extract core entities using established
rules and few-shot LLMs to form a strict, domain-specific schema,
which is further refined through three cleanup strategies (Section 4).
e (2) Constraint-Guided Signal Retriever: To accurately identify
necessary signals often missed by standard retrieval methods, we
extract key entities and constraints from the query using LLM-
based reasoning and rule-based matching. These guide a hybrid
search that combines vector embeddings, exact matching, and type-
constrained traversal to discover all functionally related signals
required for the analytical intent (Section 5).

e (3) Pipeline-Planned SQL Writer: To prevent failures when
generating complex, multi-step CTE SQL in a single pass, we adopt
a pipeline-planned approach. We use few-shot LLMs to decompose
the generation into a sequence of standard CAN analysis steps. We
then produce multiple SQL candidates, proactively retrieve any
missing signals, and finalize the output through execution-guided
error correction and semantic-based voting (Section 6).

System Workflow. It comprises two stages: (1) an offline stage
for constructing the DBC-grounded knowledge graph, and (2) an
online stage for retrieving signals and writing SQL queries.

@ Offline Stage. To build a knowledge graph from raw DBC files,
the Semantic-Aware Graph Builder first extracts entities using pre-
defined rules and LLM-based reasoning. It then ensures consistency
by cleaning and consolidating these entities via rule-based format-
ting, LLM-guided normalization, and similarity merging. Finally, it
connects the refined entities to form the graph’s structure, estab-
lishing relations based on common patterns such as co-occurrence.



Importantly, this offline stage is the only stage that requires human
intervention, where domain experts define the initial graph schema
(i-e., node and link definitions, rather than manual graph construc-
tion) and traversal rules, and may optionally review newly added
metadata during periodic maintenance.

@ Online Stage. First, the Constraint-Guided Signal Retriever ex-
tracts entities from the user query and uses combined text and
embedding searches to locate an entry node in the graph. It then
systematically traverses the graph to gather the required signals.
Next, the Pipeline-Planned SQL Writer uses these signals to generate
a step-by-step plan for generating the multi-CTE SQL candidates.
During generation, it actively checks whether all necessary sig-
nals are present; if any are missing, it triggers iterative retrieval
to identify them. Once the retrieval is complete, it refines the SQL
candidates based on execution feedback. Finally, it evaluates the
valid candidates and uses a voting process to output the final SQL.
Crucially, the online stage is fully automated and requires no hu-
man intervention. By leveraging dynamic signal augmentation,
execution-guided refinement, and semantic-based voting, it elimi-
nates the need for experts to identify signals or repair SQL queries.
Generality and Robustness. The modular design of NIO-Weaver

enables adaptation to new domains and evolving metadata without
architectural redesign. Developers can modify only the domain-
specific interfaces, such as schema extraction rules, typed traversal
constraints, or the CTE-step vocabulary, while keeping the core
modules unchanged. For example, if a domain uses an internal
database catalog rather than external DBC files, the graph builder
can be redirected to extract metadata from the catalog and rerun
offline to refresh nodes and embeddings. Since the online pipeline
treats the graph as a dynamic input, it automatically operates on
the updated metadata without further changes.

4 SEMANTIC-AWARE GRAPH BUILDER

A significant challenge in CAN signal analytics is the reliance on
external signal definitions (e.g., DBC files), which provide only
low-level metadata and do not explicitly establish mappings from
high-level analytical intent to the low-level signals. To bridge this
gap, we propose a Semantic-Aware Graph Builder that constructs
a DBC-grounded knowledge graph to facilitate the identification
of concrete signals. Unlike general-purpose KG construction or
GraphRAG methods that extract open-ended triples from unstruc-
tured text, we construct a highly constrained, task-specific graph.
By strictly limiting nodes and relations to domain-specific types,
we deliberately trade open-ended generality for domain precision
to filter out noise and preserve executable metadata. Moreover,
compared to unconstrained LLM-based KG extraction, we employ
LLMs strictly as controlled tools within a deterministic pipeline for
targeted tasks, such as resolving abbreviations or extracting implicit
concepts. These outputs are then rigorously cleaned through rule-
based formatting and semantic merging to prevent hallucinations
and ensure the structural integrity for accurate SQL generation.

4.1 DBC-Grounded Knowledge Graph

While general graph extraction methods offer valuable flexibility for
open-domain text, applying them directly to automotive signal data
can sometimes yield overly large or noisy entities and relations. To
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Table 1: Entity Node and Relation Edge in NIO-Weaver.

Element Description
Entity Node (V)
Represent a specific, measurable data point
transmitted across the vehicle’s CAN bus.
Represent a physical hardware part or a specific
electronic control unit within the car.
Represent a high-level vehicle feature, driving mode,
or operational state (e.g., group functions).
Relation Edge (&)
Link a raw Signal to the specific automotive
Component or Function it supports.
Link a high-level vehicle Function to the physical
Component it actively operates or commands.

Example

Signal VehSpd

Component FrontElectricMotor

Function ECOPlusMode

Signal — Component

BELONGS_TO Signal — Function

CONTROLS Function — Component

tailor the graph to our specific domain and successfully bridge the
gap between high-level analytical intent and raw vehicle signals, we
design a strict graph schema with well-defined entity and edge types
for our knowledge base. Built specifically for CAN signal analytics,
this schema tightly constrains which entities and relations can exist,
based on the metadata in the vehicle’s DBC files.

Formally, we define the DBC-grounded knowledge graph as a
directed graph G = (V, ), where V represents the set of entity
nodes and & represents the set of relation edges in Table 1.
Entity Node. We define entity nodes V as the core physical and
logical elements of the vehicle’s electronic architecture, strictly re-
stricted to three types: V ={Signal, Component, Function}. (1) A Sig-
nal represents a specific, measurable data point on the CAN bus (e.g.,
VehSpd is the vehicle speed); (2) A Component denotes a physical
hardware part or electronic control unit (e.g., FrontElectricMotor
is the front electric motor for generating propulsion torque); and (3)
a Function captures high-level features or operational states (e.g.,
ECOPlusMode is a specific energy-saving driving state), consolidat-
ing similar concepts such as functions and driving modes to handle
semantic overlap. Using this limited node types helps keep related
information together and avoids data scattering. CAN analytics
queries primarily focus on “what” is working (Function), “where” it
is located (Component), and “how” it is measured (Signal). Introduc-
ing more types would unnecessarily fragment useful information
and hinder search efficiency without benefiting SQL generation.
Relation Edge. Relation edges & define the structural connections
among entities (which contain the most important semantic in-
formation), facilitating the flow of data and commands within the
automotive network. While we present two common edge types
for clarity, & = {BELONGS_TO, CONTROLS}, the specific edge
types are secondary to the system’s overall functionality. (1) The
BELONGS_TO edge links a raw Signal to the specific automotive
Component or Function it supports, derived directly from the en-
gineering DBC file; (2) The CONTROLS edge links a high-level
vehicle Function to the physical Component it actively operates
or commands. Although we focus on these two edge types as ex-
amples, NIO-Weaver remains flexible and can easily be extended to
additional edge types by explicitly defining them. By keeping the
edge types simple, we significantly reduce graph complexity and
improve search efficiency, without limiting the system’s ability to
handle diverse and complex automotive queries.

4.2 Entity Node Extraction

The task of extracting relevant entities from semi-structured meta-
data in DBC files is complicated by the fact that they are often
buried within free-text descriptions that may vary in terminology
and formatting. To overcome this, we propose a robust extraction



and cleaning approach that recognizes both explicit and implicit
references to critical signal data, ensuring that the resulting entity
nodes accurately support downstream signal retrieval and analysis.
Semantic-Based Entity Extraction. While Signals are well-defined
in structured metadata fields in the DBC files, Components and
Functions are frequently embedded within unstructured free-text
descriptions. To identify these implicit entities, we use few-shot
LLMs to process serialized JSON inputs containing (1) signal names,
(2) signal descriptions, (3) signal value choices, and (4) physical
limits. The LLMs output an entity array, where each entry includes
(1) an entity type (as defined in Section 4.1), (2) a standardized name
expanded from any abbreviations, and (3) a comprehensive descrip-
tion detailing its working mechanism and application scenarios.
For example, from WinFrntLeInitLossSts, the LLM extracts “left
door component” (Component), explicitly isolating hardware and
functional intent while excluding generic attributes such as “status".
Multi-Stage Entity Normalization. Metadata noise (e.g., naming
inconsistencies, abbreviations) in legacy DBC files might fragment
naive graphs, often treating synonyms such as “EPS” and “ElecP-
wrStr” as distinct. To produce a compact graph, we resolve redun-
dancies via a three-stage pipeline: (1) Rule-Based Standardization: (i)
Enforces CamelCase formatting, (ii) normalizes special characters
(e.g., substituting “+” with “Plus”), and (iii) resolves label conflicts
(e.g., prioritizing Component over Function); (2) LLM-Based Nor-
malization: Maps remaining abbreviations to canonical forms (e.g.,
“Iq” to “Torque”); (3) Embedding-Based Semantic Merging: Merges
entities whose name embeddings exceed a strict cosine similarity
threshold (e.g., 7 = 0.9), ensuring a concise, duplicate-free graph.

4.3 Relation Edge Linking

To successfully ground the extracted Functions and Components
within relevant Signal sets, rather than leaving them as isolated
entities, we introduce two complementary linking mechanisms.
These mechanisms connect entities to specific signals and to one
another while strictly adhering to our predefined graph schema.

Heuristic Co-occurrence Linking. We leverage the metadata
structure in the DBC files to link entities. If a Component or
Function entity is extracted directly from the text description
of a specific Signal, we establish an explicit edge between them.
For example, we connect the WinReRiDropSts (Signal) to the
RearRightWindowRegulator (Component) since it is mentioned
within that signal’s description in the DBC files.

Inferred Functional Linking. To capture deeper system depen-
dencies that are not explicitly documented in the DBC files, we
introduce an LLM-inferred linking process. Given a specific Func-
tion, the LLM hypothesizes which Components it likely controls
and generates a preliminary list of candidate component names. We
then ground these candidates within the existing graph by retriev-
ing the most semantically similar Component nodes using vector
embeddings. To prevent hallucinated or incorrect relationships,
a connecting edge is established only if the best match exceeds
a strict confidence threshold (e.g., cosine similarity > 0.8). For
instance, if the WindowAntiPinch (Function) is described as “pre-
venting the window from closing”, the LLM might propose the
candidate WindowRegulator (Component). It is rigorously verified
against existing Component nodes before the edge is created.
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Figure 4: Example of Constraint-Guided Signal Retriever.

5 CONSTRAINT-GUIDED SIGNAL RETRIEVER

While the Semantic-Aware Graph Builder establishes a domain-
specific knowledge graph for CAN signal analytics, it remains diffi-
cult to navigate the graph to isolate the precise subset of signals
required to answer a user query. Specifically, experts typically de-
scribe high-level symptoms (e.g., “unexpected braking”), whereas
the database stores low-level signal names, and a single symptom
might correspond to multiple signals. To bridge this gap, we pro-
pose the Constraint-Guided Signal Retriever that employs a hybrid
retrieval strategy. As illustrated in Figure 4, unlike typical graph
retrieval systems that rely solely on raw query embeddings, we in-
tegrate query intent parsing with rule-constrained graph traversal
to ensure comprehensive and accurate signal identification.

5.1 Query Intent Parsing

Since experts rarely refer to specific signals by their exact signal
names, directly leveraging the raw query to retrieve the signals
might result in missing or irrelevant context. To address this issue,
we introduce a query intent parsing step that extracts entities and
SQL filtering conditions before retrieving the required signals.
We first perform intent parsing over the query using the entity
extraction strategy in Section 4.2, isolating specific mentions of
Functions, Components, and Signals. Apart from the entities, we
also extract concise filter conditions that describe the required com-
putations or logical checks, encompassing both explicit constraints
and implicit physical dependencies. For example, if a user queries
the “activation status” of a safety feature, the LLM deduces the
implicit physical dependencies required to evaluate that state, such
as the vehicle speed, accelerator pedal position, and motor torque
output, rather than just matching the literal text. Concurrently, to
capture cases where exact technical CAN terms are used, we apply
rule-based regular expression patterns tailored to known signal



Table 2: Vocabulary of CTE-Based Plan Steps Extracted from Real-World NIO Production for CAN Signal Analytics.

CTE Operation Type

Raw Data Extraction

Description

Select required CAN payload columns enforcing filters (e.g., time or vehicle) for partition pruning.

Key SQL Constructs

SELECT ... WHERE datetime >= ...

Signal Decoding

Convert columns into physical signal values (e.g., via the can_decode UDF) and bind stable aliases.

can_decode(msg, ..., signal_name) AS ...

Time-Gap Computation

Measure the time elapsed between consecutive records to identify gaps where the signal was lost.

ts - LAG(ts, 1) OVER ( PARTITION BY

. ORDER BY ...) AS ts_gap
. . . . e s ’ . s LAG(col, 1) OVER ( PARTITION BY
Signal Alignment Align signals recorded at different rates by carrying the last known value forward to fill missing data. _ ORDER BY ...) AS pre_col
. . o ) ) o ) ) . ROW_NUMBER() OVER (
Window Analysis Extract sequential information, such as looking up a signal’s previous value in chronological order. PARTITION BY ... ORDER BY ...)
IF iti 1
Condition Flagging Encode domain predicates and rule checks into boolean or state flags (e.g., evaluating time gaps). (condition, 1, ),

CASE WHEN ... THEN ... END

Event Grouping

Group flagged data points into distinct events via cumulative sum to separate continuous episodes.

SUM(flag) OVER ( PARTITION BY
. ORDER BY ...) AS event_id

Aggregation & Statistics

Summarize over grouped events to calculate descriptive metrics such as durations and averages.

GROUP BY ..., MAX(ts) - MIN(ts), AVG(val)

Binning

Discretize continuous values, such as durations, into fixed ranges to analyze their distribution.

CASE WHEN val >= ... THEN ... END

naming conventions beyond the LLM-based extraction. For exam-
ple, as shown in Figure 4, given a query regarding “Mis-Acceleration
Intervention (MAI)”, it extracts the entity MAI alongside filter con-
ditions for activation counting (the frequency of the event) and
activation status (the associated vehicle parameters, such as speed
or motor torque, during the event). This structured representa-
tion effectively filters out noise, focuses the retrieval process, and
directly informs the downstream SQL generation logic.

5.2 Hybrid Signal Retrieval

To accommodate diverse query patterns and prevent the retrieval
set from expanding with irrelevant noise [24], we propose a hybrid
retrieval strategy. We organize this process into two phases to gen-
erate a highly relevant candidate signal set Mg from the knowledge
graph: (1) locating the initial entry nodes, and (2) identifying all
reachable signal nodes through constrained traversal.

(1) Initial Entry Node Identification. We first identify an initial
set of entry nodes (i.e., the retrieval starting points), which may com-
prise Functions, Components, or Signals, using two complementary
matching strategies based on the parsed query entities: (i) Exact and
Regex Matching: To accommodate engineering debugging queries
that contain specific signal patterns, we apply deterministic regular
expression matching to the graph’s signal names (e.g., extracting all
Signal nodes matching .*_Stat); (ii) Semantic Embedding Search:
We generate vector embeddings for each extracted entity and per-
form a top-k similarity search against the node embeddings in the
graph. It effectively captures synonymous analytical intent (e.g.,
mapping the term RPM to the entity node EngineSpeed). Any Signal
nodes directly identified constitute the entry nodes.

(2) Type-Restricted Signal Discovery. Since expert queries of-
ten express high-level intents rather than exact signal names, the
retrieved entry nodes frequently include Function and Compo-
nent nodes. To pinpoint exact signals without triggering an ex-
plosion of irrelevant signals, we expand these non-signal nodes
using strict traversal rules based on the vehicle’s physical hi-
erarchy: (i) Function nodes only expand to Component or Sig-
nal neighbors (Function — {Component, Signal}), mapping func-
tions to the hardware they control or monitor (e.g., MAIFunction
expands to MotorControllerComponent in Figure 4); (i) Com-
ponent nodes only expand to Signal neighbors (Component —
Signal), linking hardware to the raw data it generates (e.g.,
MotorControllerComponent expands to VCUTgRmpLmterSts and
TgRmpLimReq); and (iii) Signal nodes are strict terminal leaves with
no outward expansion. It prevents shared generic signals (e.g.,
DoorOpen) from pulling in unrelated components (e.g., the Trunk).
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Ultimately, the candidate signal set Mg comprises the union
of initially retrieved Signal entries and all Signal nodes accessible
via these traversal rules. To prevent missing crucial signals, we
introduce on-demand dynamic signal augmentation driven by in-
termediate SQL generation requirements (Section 6.2). While Mq
strictly contains the necessary signals, keeping the intermediate
Component and Function nodes as structural context helps genera-
tion accurately formulate logical groupings and filter conditions.

6 PIPELINE-PLANNED SQL WRITER

While existing NL2SQL methods excel at standard relational SQL,
CAN analytics often require complex procedural pipelines to pro-
cess data in a sequence of specialized Common Table Expressions
(CTEs). Direct, single-pass generation of these operations remains
challenging [43]. To address this, we propose Pipeline-Planned SQL
Writer, which operates the workflow by decomposing the NL query
into a structured, CTE-based plan. As illustrated in Algorithm 1, by
decoupling semantic retrieval from logic generation, we instruct
LLMs to iteratively generate, validate, and refine SQL.

6.1 Plan-Guided Decomposition and Generation

To address the limitations of standard NL2SQL methods, which
typically miss or fail to produce the complete multi-CTE steps
for complex CAN analytics pipelines, we propose a plan-guided
decomposition and generation mechanism. Instead of generating
the final SQL directly, it instructs LLMs to produce an explicit,
step-by-step logical plan before generating the SQL queries.

Plan-Guided Decomposition. From inspecting hundreds of gold-
standard CAN analytics SQL queries, we distill a library of nine
recurring pipeline operations, each representing a CTE step of a
distinct analytical purpose. As shown in Table 2, these operations
span the entire analytics lifespan, progressing from basic extraction
(Raw Data Extraction) and temporal normalization (Signal Decod-
ing, Time-Gap Computation, Signal Alignment) to state evaluation
(Window Analysis, Condition Flagging, Event Grouping), and con-
cluding with summarization (Aggregation & Statistics, Binning).
We provide this comprehensive library to the LLM as a standard
vocabulary, allowing it to instantiate each plan step as a CTE in the
final SQL. This CTE-step vocabulary is semi-automatically gen-
erated from historical queries via a four-step pipeline: (1) parsing
queries into individual CTE blocks, using an LLM when standard
parsers fail; (2) normalizing blocks with placeholders to extract core
structural signatures (e.g., SUM(. . .) OVER); (3) clustering the top-k
frequent patterns by structural similarity and analytical purpose;



Algorithm 1 Pipeline-Planned SQL Writer

Input: NL Query Q, Signal Set Mg, Filter Condition Cq, Table 7~
Output: Final SQL S

1: Context « PREPARECONTEXT(Q, Mg, Cq,T)

2: for n = 1 to max iterations do

3

// 1. Plan-Guided Decomposition and Generation

4: Candidates < GENERATEPLANANDSQL(Context)

5: 2. Dynamic Signal Augmentation

6: MissingEntities « SUFFICIENTCHECK(Candidates)

7: if MissingEntities # 0 and n < max iterations then
8: NewSignals < SIGNALRETRIEVER(MissingEntities)
9: Mg < Mg U NewSignals

10: Context < PREPARECONTEXT(Q, Mg, Cq,T)

1t else

12: // 3. Execution-Guided Refinement

13: ValidCandidates < REPAIR(Candidates, Context)
14: break

15: end if

16: end for

17: // 4. Semantic-Based Final Voting
18: Final SQL 8 « FiNnaLVotEe(ValidCandidates, Context)
19: return Final SQL S

and (4) employing an LLM to propose candidate templates, which
are integrated after rigorous execution testing and expert review.

Domain-Grounded Context Preparation. To effectively ground
the planning and generation process, we first construct a rich se-
mantic context. Given a user query @, the retrieved signal set
Mg, and the parsed filter conditions, we augment the prompt with
database schema definitions and a dynamically retrieved set of
few-shot examples with standard CAN analytics patterns from real-
world scenarios at NIO. These examples are selected via embedding-
based similarity to provide reusable planning hints (e.g., window-
based aggregation) while avoiding the leakage of specific SQL de-
tails. Crucially, the “key SQL constructs” (Table 2) associated with
these planning hints are not executable modules, but textual SQL
syntax patterns provided within this prompt. Instead of invok-
ing external functions, the vocabulary instructs the LLM using
specific syntax templates (e.g., can_decode(. . .) for decoding or
last_value(...) for temporal alignment) for each CTE operation.

Incremental CTE Generation. We first employ Chain-of-Thought
(CoT) prompting to select an ordered subset of these operations and
formulate a structured step plan. We formally define this logical
plan as a strict, dependency-preserving execution sequence. Given
the CTE operation vocabulary O, a query plan is Pg = [s1, ..., sk].
Each step s; = (o0;,I;, O;) applies an operation o; € O to inputs
I; yielding intermediate outputs O;. This sequence must form a
topological order, ensuring all inputs are fully resolved by preced-
ing steps. For instance, “computing statistics on ECOPlus mode”
(Table 7) forms a simple topological sequence: applying Raw Data
Extraction to isolate the signal, followed sequentially by Binning to
categorize the values. To translate this logical plan into executable
SQL, we generate multiple plan-to-SQL candidates by synthesizing
SQL queries via instantiating the plan into a sequence of CTEs con-
ditioned on the prepared context. During generation, we enforce a
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strict topological rule: while candidates may vary in their internal
implementation logic, they must preserve the chosen plan steps and
refer to only the valid schema. For each signal in Mg, we explicitly
handle decoding using the functions (e.g., can_decode (payload,
msg_id, signal_name)) and bind them to aliases (e.g., veh_spd)
for consistent reference. To encourage a diverse set of plausible
SQL candidates, we use a moderately high sampling temperature
(e.g., 0.7) to produce diverse SQL queries.

6.2 Iterative Augmentation and Refinement

While the plan-guided methods yield structurally sound SQL queries,
they may still fail due to hallucinations (attempting to filter by miss-
ing signals), execution errors (syntax faults or type mismatches),
or semantic errors (incorrect logic despite successful execution).
To further enhance the SQL generation accuracy, we implement
context augmentation, execution-guided refinement, and semantic-
based voting to ensure the final output SQL is accurate.

Dynamic Signal Augmentation. To prevent failures from miss-
ing signals, we explicitly instruct LLMs to evaluate if the current
signal set Mg is sufficient for the plan. Using a self-consistency
mechanism across all SQL candidates, the LLM evaluates its CTEs
to output a boolean sufficiency status and a list of potential missing
entities. We deduplicate these entities and trigger an additional
retrieval, adding newly discovered signals to Mg and restarting
generation. To prevent infinite loops, we cap iterations, returning
the results and error messages if the context remains insufficient.

Execution-Guided Refinement. To ensure generated SQL queries
are robust [40], we validate candidate execution on mirrored tar-
get databases. For strict industrial environments where executing
unverified queries is restricted, we provide a flexible fallback us-
ing offline syntax parsers and LLM-based judgments to simulate
feedback [44, 46]. When validation fails, we use the recorded er-
ror feedback to prompt the LLM for repairs. To encourage rapid
convergence, repairs are strictly limited to local fixes (e.g., resolv-
ing invalid columns) without altering the underlying plan. This
iterative refinement continues until validation passes or the maxi-
mum iteration limit is reached, defaulting to a randomly selected
candidate alongside its final error message if unresolved.

Semantic-Based Final Voting. To filter out subtle logic errors
that might pass validation but fail to yield accurate analytical in-
sights, we employ a semantic-based voting mechanism. Specifically,
executable SQL candidates proceed to a final review by a separate
judge agent, which ensures the SQL queries are semantically faith-
ful to the high-level analytical intent. The judge evaluates the full
context to produce a scalar score and a violated checklist about (1)
semantic fidelity (e.g., ensuring explicit constraints such as speed >
80 are correctly implemented), (2) completeness of required filters,
(3) structural readability (e.g., use of CTEs), and (4) robustness to
nulls and edge cases. To prevent stylistic preferences from domi-
nating the outcome, the judge first enforces strict hard constraints:
the SQL must refer only to existing columns, use only the signals in
Mg, and strictly preserve the given plan steps. The highest-scoring
candidate is selected as the final SQL S.

7 EXPERIMENTS

We assess NIO-Weaver to answer the following questions.



¢ RQ1 (Overall Performance): How does NIO-Weaver compare to
state-of-the-art LLMs and NL2SQL frameworks, particularly when
combined with traditional RAG-based signal retrieval methods, in
terms of SQL generation accuracy?

© RQ2 (Retrieval Quality): How does our Constraint-Guided Signal
Retriever compare to LLM-based and general RAG-based methods
in effectively bridging the semantic gap in CAN signal analytics?
© RQ3 (Ablation Study): What is the contribution of each of the
three components in NIO-Weaver to the overall performance across
retrieval and SQL generation tasks?

7.1 Experiment Setup

Database and DBC Specifications. We use a real-world CAN
telemetry database from NIO, stored in a cloud-based data ware-
house (e.g., Hive [36]) as a time-partitioned, denormalized wide
table. The database contains data from 2,781 deduplicated vehicles,
comprising 3,414,636 samples (rows) across more than 300 days.
The table has 468 columns, of which 441 are related to CAN signals,
and the user-defined function (can_decode) is used to extract the
relevant signal values. We use DBC files as the semantic specifica-
tion for signal meanings and decoding rules, which define a total of
18,372 signals across 441 message IDs, demonstrating a substantial
semantic gap in CAN signal analytics.

Datasets. We evaluate NIO-Weaver using two NL2SQL datasets,
both based on the same warehouse schema and DBC specifica-
tions. (1) Industrial queries consist of 102 real-world production
requests from NIO. Each query is paired with its required signal set
and a ground-truth multi-CTE SQL; (2) Synthetic queries include
200 manually crafted questions based on domain templates (e.g.,
window-based event detection) and are paraphrased into natural
language. Each synthetic query is paired with the required signals
and a ground-truth SQL, verified through database execution and
human examination. Both datasets are further stratified into Sim-
ple/ Moderate / Hard subsets for fine-grained analysis. A query is
considered more difficult if it involves: (i) more signals that do not
directly link to the query, including implicit dependencies, (ii) a
larger number of CTE steps (e.g., decoding, alignment, aggregation),
and (iii) more complex reasoning (e.g., window joins).
Evaluation Metrics. We employ generation and retrieval metrics.
(1) SQL Generation. To evaluate SQL generation, we adopt two
F1-based metrics designed to capture the structural and data cor-
rectness required for industrial CAN signal analytics.
Value-Level F1 (VL): Measures the similarity of execution results
between the generated and the gold SQL. We treat the results as
unordered multisets, capturing value overlap after normalization.
Formally, let My = |(V (Rgota) N (V(Rgen)’ be the matched value
count, we compute this metric as follows.

_ 2PR
" P+R

|V (Rgen)|’

— MV
|(V(Rgald)| ’

P R

Enhanced Semantic Component F1 (ESC): Evaluates the se-
mantic accuracy of the SQL logic, building on Spider’s Component
Match [41]. We extract a multiset of components C(S) from each
CTE block, including standard SQL elements, UDF calls, window
functions, and time-window predicates. After normalizing aliases
and syntax variations, let M¢c = |C (Sgota)NC (Sgen)| be the matched
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component count. We report the macro-average ESC:

2PR
P+R

Mc

Mc
P = N
|C (Sgen)

R= , ESC=
|C(Sgold)|

We prioritize these metrics over the widely adopted Exact Match

and Execution Accuracy from existing benchmarks [26, 41] to bet-
ter capture the requirements of industrial CAN signal analytics:
@ First, Exact Match is overly strict for complex analytical logic.
CAN signal analytics SQL queries require multi-layer CTEs, UDF-
based signal decoding, and window functions, meaning identical
business logic can be correctly implemented using varying syntax
(e.g., a LAG function versus a self-join). ESC resolves this by evalu-
ating abstract semantic components, ensuring logically equivalent
queries are not unfairly penalized; ® Second, a binary EX score is
fundamentally unreliable for time-series CAN analytics. Valid SQL
implementations often produce minor timestamp boundary mis-
matches during event period splitting. EX unfairly fails the entire
query for these isolated differences. Crucially, lowering numeric
precision or sorting results cannot fix this: varying methods for
handling error flags or sampling rates fundamentally alter actual
event boundaries. These represent structural divergences in logic,
not trivial numerical variations. VL mitigates this by assessing the
proportion of matching multiset values, effectively capturing par-
tial correctness; ® Third, production environments demand strict
verification of both logic and data. A binary EX score cannot dis-
tinguish a truly robust query from one that incidentally matches
an aggregate value despite omitting a required signal. By jointly
applying VL and ESC, we rigorously validate both the final data
output and the underlying query logic, ensuring the generated SQL
is transparent and reliable for engineering analytics [18].
(2) Signal Retrieval. For evaluating signal retrieval accuracy, we
use standard Recall and Precision metrics. These metrics assess how
well the method retrieves the required signals from the database,
crucial for grounding the SQL generation.

Implementation Details. The default LLM used in NIO-Weaver
for tasks such as entity extraction is Qwen-3-Max, which is run with
a temperature of 0 for reproducibility. Only the Pipeline-Planned
SQL Writer utilizes a higher temperature setting (0.7) to encourage
a diverse set of 5 plan-to-SQL candidates. Signal augmentation and
iterative refinement are limited to at most 3 iterations. The default
embedding model is Qwen-text-embedding-v4.

7.2 Overall Performance (RQ1)

We compare NIO-Weaver against top LLMs and adapted NL2SQL
methods across three categories. (1) LLM Only: We assess Qwen-3-
Max, Gemini-3-Pro, GPT-5.2, and DeepSeek-V3.2. For signal retrieval,
we provide the LLM with a list of signals and ask it to select rele-
vant ones. For SQL generation, we offer the selected signals, their
definitions, the table schema, and 3-shot examples. (2) Adapted
NL2SQL Methods: We evaluate five baselines grouped into three
types [17, 34]: (a) Decomposition: Methods that divide the task into
sub-tasks like schema linking and generation (MAC-SQL [37], DIN-
SQL [30], OpenSearch-SQL [39]); (b) Prompt Optimization: Meth-
ods that enhance performance via higher-quality prompts, such
as selecting few-shot examples or integrating external knowledge



Table 3: Overall Performance Comparison across Different Datasets on VL (%) and ESC (%).

Industrial Dataset Synthetic Dataset
Method Simple Moderate Hard Simple Moderate Hard

VL ESC VL ESC VL ESC| VL ESC VL ESC VL ESC

DeepSeek-V3.2 [1] 1.7 27.7 0.5 193 0.0 7.7 2.0 29.5 0.7 206 0.0 7.9

Qwen-3-Max [5] 85 319 55 256 1.0 13.1 87 331 62 262 1.7 150

LLM Only ..

Gemini-3-Pro [2] 16.0 413 98 360 1.9 213 | 197 441 103 364 24 234

GPT-5.2 [3] 174 424 113 369 2.1 21.7 | 20.0 432 133 372 2.6 22.1

MAC-SQL [37] 324 545 196 450 8.8 36.7 | 325 56.6 21.7 473 9.1 36.1

Decomposition DIN-SQL [30] 31.0 538 197 443 91 372 | 31.7 558 219 469 98 377

OpenSearch-SQL [39] | 359 553 235 479 102 376 | 381 562 240 491 126 381

Prompt Optimization DAIL-SQL [14] 39.1 586 240 490 13.6 39.6 | 41.0 599 247 524 140 411

Autonomous Agent ReFoRCE [10] 39.7 585 241 491 137 38.7 | 41.2 593 251 510 139 3938

NIO-Weaver (Ours) 524 67.6 47.4 59.8 26.8 43.1 | 52.6 67.7 479 600 273 444
Table 4: Latency Analysis of NIO-Weaver. the crucial intermediate logic, such as event segmentation. In con-
Stage Mean | Median | P90 | P95 trast, NIO-Weaver effectively addresses these challenges by first
Constraint-Guided Signal Retriever | 6.46s 4.71s 6.67s | 7.65s structuring the SQL pipeline with the correct sequence of steps,
Pipeline-Planned SQL Writer 11.10s | 10.18s | 16.96s | 23.86s ensuring that subsequent aggregation operates on correctly seg-

End-to-End Latency 17.64s | 14.39s | 22.39s | 36.08s mented events, rather than incomplete or misaligned data.

(DAIL-SQL [14]); (c) Autonomous Agents: Methods that use multi-
turn database interactions to correct and refine SQL queries (Re-
FoRCE [10]). We standardize all baselines to use the same 3-shot
examples as NIO-Weaver. We also incorporate LLM-based signal
filtering into these methods. without this step, they achieve 0%
accuracy on the Industrial and Synthetic datasets.

Table 3 and Figure 5 report the overall performance using our
two F1-based metrics, from which we have three observations.
First, NIO-Weaver consistently outperforms all baseline meth-
ods across varying difficulty levels. On the Industrial (All) dataset,
NIO-Weaver achieves 36.8% VL and 53.0% ESC, outperforming the
best prompting-based baseline by 14.8% in VL and 7.3% in ESC. Sim-
ilarly, performance improvements are consistent across the Hard
query set (+13.1% VL, +4.4% ESC) and the Synthetic dataset (+14.4%
VL, +6.7% ESC). These results demonstrate the effectiveness of in-
tegrating domain-specific signal grounding (DBC-grounded Graph
Builder) and retrieval (Signal Retriever), alongside the decomposed
multi-CTE SQL generation (Pipeline Planned SQL Writer). Second,
LLM Only baselines struggle significantly to map user queries
into specific CAN SQL queries. Even the best LLM Only approach
(GPT-5.2) achieves only 7.9% VL and 30.4% ESC on the Industrial
(All) dataset, with substantial performance regression on Challeng-
ing queries (to 2.1% VL and 21.7% ESC). It highlights the difficulty
of aligning high-level analytical intents with the required signal
set from the opaque CAN column names and of handling complex
multi-CTE SQL queries, including operations such as decoding
and temporal alignment logic, without domain-specific grounding.
Third, NL2SQL frameworks, while helpful, are still limited
by CAN-specific semantics. Methods such as DAIL-SQL and Re-
FoRCE show improvements, with DAIL-SQL achieving 21.8% VL
and 46.2% ESC, and ReFoRCE attaining 22.0% VL and 45.7% ESC on
the Industrial (All) dataset. However, their performance degrades on
the Hard query set because they fail to effectively model multi-step
SQL pipelines, which are essential in CAN analytics. For instance,
in the query about analyzing compressor operating time in the ET7
model under specific conditions, DAIL-SQL captures the filtering
condition CompressorSts 1 AND ReservoirValveSts 1,
but fails to incorporate the necessary window analysis CTE or the
event-segmentation step. In the same query, ReFoRCE typically
extends to the filtering and aggregation steps but still overlooks
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We have further conducted a latency analysis of NIO-Weaver
across its core stages. As shown in Table 4, NIO-Weaver exhibits
an average end-to-end latency of 17.64s and the 90th-percentile
(P90) latency remains below 23s. Moreover, the Pipeline-Planned
SQL Writer accounts for 62.9% of the total latency with an average
latency of 11.10s compared to 6.46s of the Constraint-Guided Signal
Retriever. These latencies are not prohibitive for industrial CAN
signal analytics but highly practical for interactive usage and sig-
nificantly improve upon manual efforts, where manual diagnostics
often span minutes or even hours. To further reduce latency, our
future work will focus on pre-filtering candidate signal sets and
caching retrieved context to accelerate repeated analytical tasks.

7.3 Retrieval Quality (RQ2)

We evaluate the retrieval performance of NIO-Weaver against four
baselines: (1) LLM Only: We supply the LLM with the complete
set of deduplicated DBC-derived candidate signals, rather than a
pre-filtered subset, and instruct it to select the relevant signals di-
rectly; (2) Standard RAG [22]: A dense retrieval baseline uses
the original natural language (NL) query to retrieve the top 400
most similar signals (combining names and descriptions) based on
cosine similarity. The LLM then processes these retrieved signals
and the user query to select the final signals; (3) GraphRAG [4]:
A graph-based retrieval approach that aggregates information from
local to global contexts over an indexed knowledge graph to an-
swer specific queries. It receives the original NL query wrapped
with an instruction prompt asking for relevant CAN signals; (4)
HippoRAG 2 [16]: A structured retrieval framework inspired by
human memory. It improves context association through phrase
and passage nodes, query-to-triple linking, and an LLM-based fil-
tering step to guide graph retrieval. It also utilizes the original NL
query similar to GraphRAG. For a fair comparison, all methods use
the same LLM (DeepSeek-V3.2) and embedding model (Qwen-text-
embedding-v4). Furthermore, to evaluate each method strictly on
its native workflow, none of the baselines utilize the specialized
LLM-based final selection module introduced in NIO-Weaver. In-
stead, LLM-Only and Standard RAG rely on their own standard LLM
passes to select signals from their respective candidate pools, while
for GraphRAG and HippoRAG 2, we extract and validate the selected
signals directly from their native question-answering responses.
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Table 5: Performance Analysis of NIO-Weaver Variants.

Methods VL (%) ESC (%)
w/o Signal Retriever 32.7 50.3
w/o Plan-Guided Decomposition 31.9 45.7
w/o Dynamic Signal Augmentation | 35.2 52.1
w/o Execution-Guided Refinement 34.3 52.3
NIO-Weaver (Ours) 36.8 53.0

Table 6 and Figure 6 evaluate signal retrieval quality on the
Industrial dataset, using Recall and Precision over the required sig-
nal set. Based on the results, we highlight three key observations.
First, NIO-Weaver consistently achieves the highest Recall and
Precision across all difficulty levels. NIO-Weaver achieves 50.7%
Recall and 41.8% Precision, outperforming standard RAG by 28.0%
in Recall, and 20.7% in Precision, as well as HippoRAG 2 by 29.4%
in Recall, and 35.4% in Precision. The performance difference is
particularly notable on Hard queries, where NIO-Weaver retains
38.7% Recall and 34.7% Precision, demonstrating its ability to effec-
tively capture implicit dependencies; Second, general-purpose
retrieval methods underperform due to the semantic gap and
their unconstrained construction logic. Standard RAG achieves
only 20.7% retrieval accuracy, while GraphRAG vyields 0% across all
difficulty levels. These failures stem from a reliance on lexical or
semantic similarity that is absent in raw, opaque CAN signals. For
example, in an ADAS activation query, GraphRAG retrieves only
salient signals such as VLC while missing critical dependencies such
as EASSts. Unlike general-purpose KG methods that extract arbi-
trary triples from unstructured text, our builder addresses this by
constructing a highly constrained, task-specific graph. By strictly
limiting nodes to three types, we effectively filter out the noise
that causes unconstrained methods to fail, ensuring the structural
integrity needed to capture implicit signal mappings; Third, while
LLM-Only methods avoid graph construction, they present a
steep tradeoff between token cost and complex reasoning. Di-
rectly prompting the LLM with all candidates incurs high inference
token costs. Furthermore, while strong LLMs (e.g., GPT-5.2) reach
roughly 51% Recall on Simple queries, performance drops to near
30% for both Recall and Precision on Hard queries. This proves long-
context LLMs struggle with implicit dependencies, necessitating
an external knowledge graph. In contrast, NLO-Weaver requires a
higher initial offline setup for the DBC-grounded graph and traver-
sal rules. However, this reusable overhead is easily amortized across
repeated queries, ensuring a reliable runtime. NIO-Weaver consis-
tently outperforms GPT-5.2 across all difficulties, achieving absolute
precision improvements over 21%, confirming its necessity for ac-
curate industrial signal grounding.

4340

41.8

Iy
°

Recall (%)

N w

o o
Precision (%)

=
1)

ul

am on\\lnl\ “M\ AG 7—

o

¢ (Ou"’ ) am on\Y VJ\ WRAC

(op \ou\'S\

G2
oRP
et

p°“ wip
wo wo

Figure 6: Signal Retrieval Performance Comparison (“LLM
Only” represents the average performance of the LLMs).

Table 6: Signal Retrieval Performance Comparison.

Method Recall (%) Precision (%)
Simple Moderate Hard | Simple Moderate Hard
DeepSeek-V3.2 [1] 36.0 26.3 13.7 26.0 25.7 7.6
Qwen-3-Max [5] 47.7 41.6 23.2 31.4 36.9 16.5
Gemini-3-Pro [2] 51.0 47.7 30.0 45.6 33.1 29.1
GPT-5.2 [3] 51.5 47.7 315 32.1 26.4 215
RAG [22] 46.9 34.0 14.7 363 27.8 8.3
GraphRAG [4] 0.0 0.0 0.0 0.0 0.0 0.0
HippoRAG 2 [16] 48.3 36.7 15.0 49.8 37.3 31.1
NIO-Weaver (Ours) 61.9 55.4 38.7 51.6 48.1 34.7

7.4 Ablation Study (RQ3)

To assess the module impact, we evaluate several NIO-Weaver vari-
ants using DeepSeek-V3.2 as the underlying LLM. (1) w/o Signal
Retriever: Replaces Constraint-Guided Signal Retriever over the con-
structed graph with LLM-based filtering (GPT-5.2) for signal re-
trieval; (2) w/o Plan-Guided Decomposition: Disables the plan-guided
decomposition mechanism in Pipeline-Planned SQL Writer during
SQL generation; (3) w/o Dynamic Signal Augmentation: Disables the
adaptive sufficiency check and retrieval for signal augmentation
during SQL generation; (4) w/o Execution-Guided Refinement: Dis-
ables the execution-based validation and repair during generation.

Table 5 reports the results on the Industrial dataset, and we have
three observations. First, Plan-Guided Decomposition is the
most critical factor in generating correct SQL structures. Re-
moving this mechanism causes the largest performance drop: ESC
falls from 53.0% to 45.7% (-7.3%) and VL from 36.8% to 31.9% (-4.9%).
This proves that step-by-step planning is essential for building com-
plex, multi-CTE pipelines; without it, LLMs collapse logic into basic
filters, such as skipping necessary window-based temporal book-
keeping in compressor-duration queries, resulting in semantically
incorrect SQL; Second, the Constraint-Guided Signal Retriever
provides a crucial advantage by ensuring the generated SQL
executes correctly. Disabling it reduces VL from 36.8% to 32.7%
and ESC from 53.0% to 50.3%. This shows that domain-specific
graph retrieval solves the core problem of finding hidden signals.
For instance, it identifies necessary sibling signals like EASSts in
ADAS queries that LLM-based filtering misses, highlighting that
even superior generators cannot compensate for incomplete signal
sets at the retrieval stage; Third, adaptive signal augmenta-
tion and closed-loop feedback are essential for robust SQL
generation. The w/o Dynamic Signal Augmentation variant reduces
performance to 35.2% VL (-1.6%) and 52.1% ESC (-0.9%); removing
Execution-Guided Refinement further lowers VL to 34.3% (-2.5%)
while ESC remains at 52.3% (-0.7%). This suggests that augmen-
tation and validation mechanisms are essential for dynamically
recovering missing schema elements (e.g., ReservoirValveSts)
and repairing syntactic errors to ensure final accuracy.



Table 7: Case Study of Real-World NL Query at NIO Production Addressed by NIO-Weaver.

Difficulty Question Involved CTEs Signals GPT5.2 DIN-SQL OpenSearch-SQL DAIL-SQL ReFoRCE NIO-Weaver
isti ECOPI
Simple Statistics on ECOPlus Raw Data Extraction — Binning ECOPLusModsts v v v v v v
mode activation status.
Statistics on the steering . . .
Simple angle distribution of si ﬁ:]WD[Z:(iZiE\X"—a»CtCIZZ;iz;gE?; AIi‘fnTiltin_n)in SteerWhlAg, VehSpd X v v v v v
the NT2 at high speed. e s EEINg s
Investigate the operation of
the air compressor in . . N
I Al
. the air suspension system Baw Data E>.<tract|0n' — Signal A |gnmer1t - AmbTemp, VehState,
Medium . . Signal Decoding — Time-Gap Computation — X v X v v v
of NT2 vehicles under L . - CompressorSts
" Condition Flagging — Binning
low-temperature conditions
(Ambient Temperature below -5°C).
Analyze the distribution of
operating time for the
compressor in the ET7 model Raw Data Extraction — Condition Flagging —
s e . . . § CompressorsSts,
Medium under conditions where Window Analysis — Condition Flagging — X X X X X X v
. . . - P ReservoirValveSts
the compressor is active Aggregation & Statistics — Binning
and the air tank is
being replenished.
Analyzg the dlstlijutlon Raw Data Extraction — Signal Alignment — VehState, SteerwhlAg,
Hard of operating duration under Signal Decoding — Condition Flagging — SteerWhlAgAndSpdvalid, % « % % v v
conditions of large steering Event Grouping —» Binnin VCUTqCmdImdtPEUF,
angles and high torque. ping e VCUTqCmdImdtPEUFValid

7.5 Real-World Case Analysis

We analyze the generation of six real-world CAN analytics SQL
queries in NIO. Each query requires a multi-CTE pipeline and in-
volves a small set of execution-critical signals. Table 7 indicates
whether each method generates an executable and semantically
accurate SQL (V') or fails (X). Based on Table 7, we outline three
observations: First, only NIO-Weaver consistently handles long
industrial pipelines. For a representative Moderate case of comput-
ing the compressor operating-time distribution under a conjunction
of conditions, NIO-Weaver generates a long sequence of CTEs and
strict predicate logic over multiple signals (e.g., CompressorSts,
ReservoirValveSts), while all baseline methods fail on this spe-
cific case. This demonstrates that the components of NIO-Weaver
are effective for synthesizing such complex pipelines. Second, con-
ceptually simple CAN queries often require complex SQL imple-
mentations. While all methods successfully handle the most basic
aggregation task, GPT-5.2 fails on a Simple query when the pipeline
requires explicit temporal alignment, decoding, and event filtering.
It highlights the difficulty of assembling an end-to-end executable
pipeline from plausible SQL fragments under strict payload seman-
tics. Third, Moderate queries expose failures in time-series state
tracking. In these cases, the required logic frequently involves time-
gap calculations, condition flagging, and episode-based aggregation.
We observe that standard retrieval-augmented NL2SQL baselines
become highly unstable when they must compose these sequential
steps alongside the correct signal sets (e.g., AmbTemp, VehState).

8 RELATED WORK

NL2SQL. Recent LLM-based NL2SQL methods have evolved from
optimizing few-shot prompts to deploying complex agentic work-
flows [14, 49, 53]. To handle advanced logic, multi-agent frame-
works decompose the generation process into collaborative roles
and automate self-correction [6, 15, 29, 37, 39]). Additionally, reason-
ing capabilities are enhanced via reinforcement learning, tree search
algorithms [23], and synthetic data scaling [25]. Despite these ad-
vancements, these methods rely on a self-contained schema with
visible semantics. In contrast, our automotive scenario involves
opaque columns, with definitions externalized in DBC specifica-
tions. As a result, existing methods fail to bridge this semantic gap
without a dedicated, domain-specific mechanism.

RAG. While standard Retrieval-Augmented Generation (RAG) (7,
50] effectively retrieves discrete text passages via embedding-based
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similarity, it struggles with queries that require a holistic under-
standing of the corpus. To address this, GraphRAG structures data
into knowledge graphs, enabling models to traverse and synthesize
scattered information for complex reasoning [55]. Recent innova-
tions further optimize through document-centric graph construc-
tion, linear-complexity scaling [56], and adaptive frameworks that
dynamically build reasoning structures or perform iterative re-
trieval [8]. However, these methods are predominantly designed
for unstructured textual corpora. Our work differs in that it tar-
gets domain-specific CAN analytics, which relies on retrieval over
definitions of signal, bit, and function specifications rather than
narrative text. We propose a specialized graph-construction strat-
egy that identifies implicit signals in high-level analytical intents,
addressing the limitations of general-purpose retrieval methods.

9 CONCLUSION

We introduce NIO-Weaver, a multi-agent framework for natural-
language analytics on CAN databases. To bridge the semantic gap
between high-level user intents and opaque signal columns that
hinders traditional NL2SQL methods, NIO-Weaver uses a domain-
specific knowledge graph and hybrid retrieval to accurately identify
required signals. Additionally, its hierarchical SQL synthesis en-
gine uses taxonomy-guided self-correction to automate the genera-
tion of complex, multi-step pipelines. Empirical results show that
NIO-Weaver significantly outperforms state-of-the-art baselines. In
the future, we will introduce stronger CTE-level verification and
execution-guided repair, ensuring that each intermediate step of
the event logic can be validated before producing the SQL.
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