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ABSTRACT Complex engineering drawings, such as piping and instrumentation diagrams (P&ID), substation wiring diagrams,
and industrial system topology diagrams, contain dense symbols, text annotations, and multi-hop connectivity relations. Existing
MLLMs can handle general visual question answering, but they still face two key limitations in engineering drawings: the
high context burden of complete drawings or complete structural files, and the lack of verifiable topological evidence for
final answers. This paper proposes Neuro-Symbolic Graph Retrieval-Augmented Generation (NSG-RAG), which reformulates
engineering drawing question answering as topology-grounded visual question answering under the setting where PID2Graph
provides GraphML topology annotations. NSG-RAG does not retrain an end-to-end drawing parser. Instead, it constructs
a retrievable evidence space around GraphML. Given a question, the system performs descriptive node grounding, retrieves
relevant k-hop subgraphs and multi-hop paths, and verifies whether candidate paths are supported by the underlying graph
structure through NetworkX rules. A controlled PID-GraphQA evaluation built from 500 PID2Graph Complete drawings covers
symbol recognition, direct connection, negative connection, multi-hop path, and unsupported path claim tasks. Experiments
show that, when GraphML is available, graph-structured retrieval and rule verification improve answer accuracy, evidence
traceability, and multi-hop topological reasoning. This study is positioned as a proof-of-concept investigation of GraphRAG for
complex engineering drawings and provides a reproducible basis for future evaluation with real MLLM backbones and analysis
of end-to-end parsing error propagation.

Keywords: engineering drawings analysis, blueprint interpretation, retrieval-augmented generation, multi-hop reasoning, traceable question
answering

1. Introduction neering drawing question answering differs structurally from
ordinary VQA. First, symbols are small, lines are dense, and
local appearances are often similar, which makes purely vi-
sual recognition sensitive to resolution and line width. Sec-

ond, many questions depend on multi-hop topological relations

Complex engineering drawings are core information carri-
ers for industrial system design, operation, maintenance, and
safety review. Taking piping and instrumentation diagrams

(Piping and Instrumentation Diagram, P&ID) as an example,
a drawing contains equipment symbols, valves, instruments,
connection points, pipelines, and cross-region connectivity re-
lations. Unlike natural images, the semantics of engineering
drawings come not only from local visual appearance but also
from the topology among symbols. Therefore, question an-
swering for complex engineering drawings must answer not
only what appears in the drawing, but also whether two ob-
jects are connected, which nodes a connection path passes
through, and whether a connection claim is supported by the
drawing structure.

MLLMs have shown strong performance in general visual
question answering and document understanding. From
image-text alignment pretraining in CLIP and frozen visual
encoders in BLIP-2 to visual instruction tuning in LLaVA, the
MLLM paradigm has made it common to feed general image
semantics into LLM reasoning pipelines [1-3]. Models such
as Qwen2.5-VL, InternVL3, and GPT-40 also provide strong
image-language alignment capabilities [4—6]. However, engi-
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rather than a single visual target. Third, engineering review re-
quires answers to be traceable and verifiable through evidence
chains. Structured VQA benchmarks such as GQA show that
final answer accuracy alone is insufficient for evaluating com-
positional reasoning and grounding [7]. ReasonVQA further
shows that multi-hop structural knowledge substantially in-
creases the difficulty of visual question answering [8].

A direct approach is to convert the complete GraphML or
JSON graph structure into text and feed it to a large model in
one pass. This Static Full-Graph Prompt provides more struc-
tural information than purely visual input, but a complete graph
contains many nodes, edges, coordinates, and attributes that
are irrelevant to the current question, which easily causes con-
text redundancy. Critical evidence can also be diluted in long
contexts [9]. Work such as ChatP&ID shows that converting
engineering drawings into knowledge graphs and performing
GraphRAG queries can reduce the cost of directly processing
raw images or smart files and improve answer grounding [10].
PIDQA further shows that P&ID question answering requires
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explicit question types, structured queries, and executable an-
swer verification [11]. These studies jointly indicate that the
core of engineering drawing question answering is not simply
answering from images, but answering with graph structure as
evidence.

This paper proposes NSG-RAG, a neuro-symbolic graph
retrieval-augmented generation framework for visual ques-
tion answering over complex engineering drawings. Unlike
ChatP&ID, which uses an interactive DEXPI / Neo4j knowl-
edge graph, this paper uses the images, patches, and GraphML
annotations provided by PID2Graph [12, 13] and studies
topology-grounded QA under the setting where GraphML is
available. NSG-RAG treats GraphML as an extracted sym-
bolic and topological evidence space. Given a question, the
system performs descriptive node grounding, retrieves rele-
vant k-hop subgraphs and multi-hop paths, verifies candidate
evidence through NetworkX rules, and finally feeds compact
structural evidence into an LLM/MLLM. This paper does not
claim to solve end-to-end engineering drawing parsing. In-
stead, it verifies whether dynamic graph-structured retrieval
and rule checking can improve answer accuracy, evidence
traceability, and control of unsupported claims in complex
drawing question answering. Figure 1 summarizes the overall
NSG-RAG workflow.

The contributions of this paper are as follows:

* We propose NSG-RAG, a framework that treats the
GraphML topology of complex engineering drawings as
a retrievable evidence space and combines k-hop sub-
graphs, multi-hop paths, and neuro-symbolic rule verifi-
cation to generate traceable answers.

* We construct PID-GraphQA, a controlled evaluation task
based on PID2Graph, covering symbol recognition, direct
connection, negative connection, multi-hop path, and un-
supported path claim. We report stratified results by task
type, difficulty, and hop length.

* We establish an evaluation protocol for engineering draw-
ing QA that reports ACC, Evi-F1, Evidence Coverage
(Evi-Cov), and MH-Acc in the main results, and sepa-
rately reports unsupported claims in the error analysis to
distinguish answer correctness, verifiable evidence, and
invocation risk.

2. Related Work

2.1. Engineering diagram understanding and graph
digitization

Engineering drawing understanding has long studied symbol
detection, text recognition, line tracing, and connection rela-
tion extraction. Earlier methods usually decomposed the task
into symbol detection, line detection, and relation recovery
modules, while recent methods increasingly use deep learning
models to jointly identify equipment, instruments, valves, and
connectivity relations in P&ID drawings [14—17]. PID2Graph
further defines P&ID digitization as a graph reconstruction

problem and provides image-level and GraphML-level node-
edge annotations [12, 13]. This paper does not retrain a draw-
ing parser. Instead, it uses PID2Graph GraphML as available
structural evidence and studies how to retrieve and verify this
evidence for downstream question answering.

2.2. P&ID question answering and engineering
GraphRAG

PIDQA converts static P&ID drawings into queryable labeled
property graphs and constructs 64,000 question answering
samples, covering tasks such as counting, spatial connec-
tion, and value-based query [11]. ChatP&ID converts DEXPI
smart P&ID files into knowledge graphs and supports nat-
ural language interaction through ContextRAG, VectorRAG,
PathRAG, and CypherRAG [10]. These studies show that
engineering drawing question answering requires structured
representations and executable queries rather than relying only
on raw image prompting. This paper shares with PIDQA
and ChatP&ID the idea of converting engineering drawings
into graph structures. The difference is that this paper uses
PID2Graph GraphML and NetworkX to compare the evidence
quality of dynamic graph-structured retrieval, static full-graph
prompting, sparse retrieval, and dense retrieval in a controlled
QA benchmark.

2.3. Structural VQA benchmarks

General visual question answering has evolved from image-
text matching to compositional reasoning and MLLMs [18-
20]. Visual Genome promotes visual relation graphs and
scene graph representations through dense object, attribute,
and relation annotations [21]. GQA further generates compo-
sitional questions from scene graphs and shows that metrics
such as consistency, validity, and grounding are essential for
structured VQA [7]. ReasonVQA introduces external struc-
tural knowledge into VQA and evaluates model degradation
as reasoning depth increases through multi-hop questions [8].
These benchmarks suggest that complex drawing question an-
swering should not report only overall answer accuracy. It
should also report stratified results by question type, difficulty,
and hop length, together with evidence-level metrics. PID-
GraphQA therefore explicitly records the evidence path, path
hops, difficulty, and unsupported claims.

2.4. Retrieval-augmented and neuro-symbolic rea-
soning

RAG enhances generation models by retrieving external evi-
dence [22, 23], and GraphRAG further extends retrieval units
to entities, relations, paths, and subgraphs [24-28]. In en-
gineering drawings, however, retrieved evidence must satisfy
topological constraints. A path is reliable evidence only when
every edge in the path exists in the underlying graph. Neuro-
symbolic methods emphasize combining the perception and
language capabilities of neural models with the verifiability
of symbolic rules [29, 30]. The symbolic part of NSG-RAG
comes from GraphML nodes, edges, and NetworkX verifica-
tion functions, while the neural part comes from replaceable
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Fig. 1. NSG-RAG framework. The pipeline converts GraphML topology into query-conditioned evidence, verifies candidate paths with
symbolic rules, and supplies compact grounded context to the LLM/MLLM.

LLM/MLLM backbones. This design moves complex drawing
question answering from probabilistic text generation toward
evidence-grounded topological reasoning.

3. Method

3.1. Problem definition

Given an engineering drawing image I, the corresponding
graph structure G = (V, E), and a natural language question
q, the goal is to output an answer 4 and its evidence é. A node
v € V represents a symbol, equipment item, valve, connection
point, or instrument in the drawing, and an edge e € E repre-
sents a physical or logical connection. Unlike ordinary VQA,
this paper requires the evidence é to be verifiable by G, such
as a node set, edge set, shortest path, or local subgraph.

Formally, the GraphML parser ®(-) converts the drawing an-
notation file Xgpy into an attributed topology graph:

G = (D(Xgml) = (V7 E’ ﬂV» ﬂE)s (1)

where Ay denotes node attributes such as node class, bound-
ing box, and adjacency description, and Ag denotes edge la-
bels and connection attributes. Each sample in PID-GraphQA
can be represented as (I, G, ¢q,a”, p*), where a* is the gold
answer and p* = (vy,...,vp) is the gold evidence path. The
model output is defined as:

(d’ﬁ):f(l’q’G)’ ﬁ:(ﬁl’”"ﬁﬁ)’ (2)
and p is required not only to overlap with p* but also to be
supported by the edge set in G.

3.2. NSG-RAG workflow

NSG-RAG decomposes complex drawing question answering
into five stages: drawing structural representation, graph ev-
idence retrieval, rule verification, LLM/MLLM generation,
and per-sample validation. First, the system reads PID2Graph
Complete images and GraphML files, converts each drawing
into a NetworkX graph, and preserves node types, edge labels,
bounding boxes, and image paths. Second, source and target
descriptions in the question are mapped to candidate node sets,
which serve as query seeds for subsequent retrieval. Third,
retrieval tools return question-relevant nodes, edges, k-hop

subgraphs, or multi-hop paths. Fourth, the neuro-symbolic
rule module checks whether candidate edges and paths are
supported by the underlying GraphML topology. Finally, the
system constructs a prompt from the original image, question,
structural evidence, and output format constraints, feeds it into
an optional LLM/MLLM backbone, and stores the model out-
put and per-sample validation results.

3.3. Graph construction from PID2Graph

Instead of directly feeding raw engineering images or smart
P&ID files into a large model, this paper treats GraphML as
already available primitive and topology annotations. Each
node v contains an id, a label, and bounding box coordi-
nates, representing a valve, instrument, connection point, or
general symbol. Each edge ¢ = (u,v) represents a traceable
topological connection in the drawing. This graph structure is
used both to generate gold answers for PID-GraphQA and to
retrieve and verify model outputs. To prevent the main results
from degenerating into oracle lookup, prediction is not allowed
to return the gold shortest path directly from clean GraphML.
It must pass through grounding, retrieval evidence, and rule
checking.

3.4. Graph retrieval tools

Following the practice in engineering GraphRAG work that
decomposes graph queries into different tools [10], this paper
implements four retrieval tools compatible with PID2Graph.
Context-style retrieval returns candidate nodes and their ad-
jacency context. Sparse GraphML retrieval uses BM25 over
node, edge, and path documents. Dense GraphML retrieval
uses TF-IDF/LSA vector retrieval over the same evidence doc-
uments. Path retrieval takes grounded source and target nodes
as input and retrieves ordered multi-hop topological chains.
The default NSG-RAG configuration combines Path retrieval
with k-hop subgraph retrieval: the former provides traceable
paths, while the latter provides local context and distractor
node information. Figure 2 presents a retrieval example on
real GraphML.

Given a question g and a candidate node set C,, the node
grounding module first selects source and target nodes:

Sq = TopM Sground(q’ V), 3)

veCy
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(a) Full GraphML topology; E1-E6 mark the query evidence path.
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(b) Retrieved 2-hop subgraph with the same evidence path retained.

Fig. 2. Question-conditioned topology retrieval. Compact E1-E6 labels mark the same evidence path before and after retrieval, avoiding ID
occlusion while showing that the retrieved subgraph removes most irrelevant topology.

where ngund(q, v) is computed from textual overlap among
node type, drawing region, node degree, and adjacency labels.
Then, k-hop subgraph retrieval can be written as:

ng) =G[{ueV| mgndg(u,s)sk} R 4
SE

q

where dg (-, -) denotes the shortest-path distance in the graph
and G[-] denotes the induced subgraph. If the question con-
tains a source node s and a target node ¢, path retrieval returns
a candidate path:

Ps. = argmin [p|. S)

pis——t

The final evidence payload is composed of the retrieved sub-
graph and the path sequence:

E, = T(G((/‘)) UT (Pss) - ©6)

where 77(-) denotes a serialization function that converts a
subgraph or path into compact JSON / textual evidence.

Table 1 summarizes the retrieval operators used in the con-
trolled evaluation.

Table 1
Graph retrieval operators used in the controlled evaluation.

Operator

Retrieval unit

Role

Full-graph context
BM25-RAG
Dense-RAG
k-hop retrieval

Path retrieval

Truncated whole-graph
text

Node, edge, and path
documents
TF-IDF/LSA evidence
documents

Induced neighborhood
around grounded nodes
Ordered source—target
chain

Static context
baseline

Sparse lexical
retrieval

Vector-style retrieval
baseline

Local topology
context

Multi-hop evidence
for NSG-RAG

3.5. Neuro-symbolic rule verification

Before retrieval results enter the generation model, the rule
module uses NetworkX to explicitly verify edges and paths.
For symbol recognition questions, the system checks whether
the target node appears in the retrieved subgraph. For one-hop
connection questions, the system checks whether the candidate
edge exists. For multi-hop path questions, the system verifies
whether each consecutive edge in the path belongs to E. This
process can be written as:

E, = Retrieve(q, G), E, = Verify(E,,R), (7)
where E is candidate evidence, R is a set of topological con-
sistency rules, and E, is the evidence after rule checking. If
a candidate path contains an edge unsupported by the graph
structure, the path is not fed into the model as reliable evidence.
If the model still outputs a connection or path claim, the sample
is marked as an unsupported claim during per-sample valida-
tion.

For any candidate path p = (v, ..
fined as:

.,vL), path validity is de-

L-1
Valid(p,G) = [ [ 1[(vivier) € EV (visrvi) € E1. (®)

i=1

where 1] is the indicator function. Only when Valid(p, G) =
1 can the path serve as topology evidence after rule verification.
Accordingly, the generation input of NSG-RAG can be written
as:

x4 = Concat (1, g, E,, Schemayson) )

and the model output is:
(@,p) = Mo(xq), (10)

where My denotes a replaceable LLM/MLLM backbone.



Engineering Informatics and Intelligent Systems

1(2026)

3.6. LLM/MLLM answer generation and logging

The final prompt contains four types of information: the orig-
inal image or image path, the natural language question, re-
trieved structural evidence, and strict JSON output constraints.
Structural evidence is provided as compact JSON or a natu-
ral language summary, including node IDs, node types, edge
labels, path sequences, and local subgraphs. Compared with
Static Full-Graph Prompt, NSG-RAG preserves only question-
relevant evidence, thereby reducing interference from irrele-
vant nodes and edges. Real LLM/MLLM evaluation records
the prompt, raw generated content, parsed answer, gold answer,
generated evidence path, gold evidence path, rule verification
status, unsupported claim flag, error type, token usage, latency,
and invocation cost. When platform pricing metadata is un-
available, cost-related analysis is excluded from quantitative
comparison.

4. Dataset

4.1. PID2Graph dataset

This paper uses PID2Graph as the basis for the proof-of-
concept study. PID2Graph, proposed by Stiirmer et al., targets
P&ID digitization and provides engineering images together
with corresponding GraphML topology structures [12, 13].
The GraphML files contain node IDs, node types, bounding
box coordinates, and edge labels, which explicitly represent
symbols, connection points, valves, instruments, and connec-
tion relations. This paper treats GraphML as extracted primi-
tive and structural information and does not retrain an end-to-
end image parsing model.

PID2Graph contains two data types, Complete and Patched.
Complete drawings represent full engineering drawings and
are suitable for constructing global topology graphs and multi-
hop path questions. Patched drawings represent local crops
and can support descriptive node grounding and local visual
evidence retrieval. The main experiments use Complete draw-
ings to construct PID-GraphQA and incorporate Patched data
as local grounding cues in NSG-RAG. The corresponding ab-
lation disables this cue to examine the contribution of local
Patch evidence. Figure 3 shows a real Complete drawing, a
Patch, GraphML topology, and node type distribution.

4.2. PID-GraphQA construction

Based on the node, edge, and path information in PID2Graph,
this paper constructs PID-GraphQA as a controlled evaluation
benchmark. Following the question type design of PIDQA and
the structured benchmark practice of GQA /ReasonVQA, PID-
GraphQA records natural language questions, gold answers,
evidence nodes, evidence edges, path length, candidate nodes,
and distractor nodes.

The formal version no longer exposes node IDs directly as
question anchors. Instead, it uses node type, drawing re-
gion, node degree, and adjacency labels to generate descriptive
grounding. This design better matches the engineering review
scenario in which users locate objects through descriptions and
verify connections.

Table 2 summarizes the full-data construction setting used in
this study.

PID-GraphQA contains five question types. Symbol recogni-
tion checks whether a model can locate a descriptively spec-
ified node and identify its class. Direct connection verifies a
one-hop edge. Direct connection negative introduces nonexis-
tent direct connections to evaluate whether a model over-claims
connectivity. Multi-hop path requires an ordered topological
chain. Unsupported path claim requires determining whether
a given path claim is supported by the underlying GraphML.

Difficulty is stratified by path length and structural distractors:
symbol recognition and one-hop questions are easy, 2-3 hop
paths and some negative examples are medium, and 4-5 hop
paths and unsupported path claims are hard.

Table 3 summarizes these task types and their evidence forms.

5. Experiments

5.1. Experimental settings

This paper conducts controlled graph-grounded evaluation on
the full PID2Graph Complete drawings to assess the effect of
structural evidence organization on question answering over
complex engineering drawings. The main experiments focus
on topology retrieval, evidence compression, and rule verifi-
cation under the setting where GraphML is available. Real
LLM/MLLM backbone evaluation is reported as an indepen-
dent supplementary protocol.

5.1.1. Benchmark construction

This paper constructs PID-GraphQA from 500 Complete draw-
ings and their GraphML annotations. To avoid the oracle
behavior caused by direct lookup from clean GraphML in
early versions, the formal evaluation questions no longer ex-
pose only node IDs. Instead, they use node type, drawing
region, adjacency context, and candidate node sets for descrip-
tive grounding. Question types include symbol recognition,
direct connection judgment, negative connection judgment,
multi-hop path query, and unsupported path claim inspection.
Difficulty is divided into easy, medium, and hard according to
path length and structural distractors. Hard samples mainly
cover medium-length multi-hop topology of 4-5 hops. A total
of 2740 QA samples are generated. After a fixed random-seed
split, the Test set contains 2196 samples, including 800 easy,
597 medium, and 799 hard samples.

5.1.2. Baselines and fairness protocol

Table 4 summarizes the information accessible to each method.
MLLM-only uses only the image path and question text and
does not read GraphML. Text-only GraphML uses structural
text and descriptive grounding without using the original im-
age, serving as a text-only control under structural input. Static
Full-Graph Prompt feeds a truncated summary of the complete
GraphML. BM25-RAG and Dense-RAG use sparse retrieval
and TF-IDF/LSA dense retrieval, respectively. NSG-RAG
uses descriptive grounding, Patch-assisted local localization,
k-hop/path retrieval, and NetworkX rule verification. To pre-
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Fig. 3. Representative PID2Graph example. Complete image, local patch, GraphML topology, and node statistics.

Table 2
PID-GraphQA benchmark construction under the full-data evaluation setting.
Item Setting
Raw data PID2Graph Complete images, Patched local images, and GraphML topology
Task types Symbol recognition, one-hop connection, multi-hop path, and anomalous structure inspection
Difficulty labels easy / medium / hard
Evidence forms nodes, edges, shortest paths, k-hop subgraphs, and Patch metadata
Data split Dev 20%, Test 80%, fixed random split by graph id
Evaluation scale 500 Complete drawings; 2740 derived QA samples; 544 Dev samples; 2196 Test samples
Test difficulty distribution 800 easy samples, 597 medium samples, and 799 hard samples
Question distribution symbol recognition, direct connection, direct negative, multi-hop path, and unsupported path claim
Table 3

PID-GraphQA task taxonomy on the Test split. The benchmark follows the structured-QA tradition of PIDQA and GQA by reporting both task
type and evidence form.

Question type Goal Main evidence Difficulty role Test N
Symbol recognition Node label identification node easy 400
Direct connection One-hop edge verification edge easy 400
Negative connection Unsupported direct edge empty / rejected edge medium 400
Multi-hop path Ordered topology chain path medium / hard 597
Unsupported path claim Invalid path inspection validity decision hard 399
Difficulty split - - easy / medium / hard 800/597/799

vent leakage, all methods in the main results first produce 5.1.3. LLM/MLLM backbone protocol
retrieval evidence and then generate answers based on the ev-
idence. They no longer directly call the shortest path from
clean GraphML as the predicted answer.

Real backbone evaluation is reported separately from con-
trolled structural evaluation. This paper keeps two OpenAl-



Engineering Informatics and Intelligent Systems

1(2026)

Table 4
Baseline settings in the controlled graph-grounded evaluation. “GraphML” denotes access to structural annotations.
Method Image GraphML Rule checking Retrieval Status
MLLM-only v X X - Visual-only baseline
Text-only GraphML X v v Budgeted text Structural control
Static Full-Graph v v v Truncated graph Context baseline
BM25-RAG v v X Sparse documents Retrieval baseline
Dense-RAG v v X TF-IDF/LSA Retrieval baseline
NSG-RAG v v v Path + subgraph + Patch Proposed
compatible Chat Completions backbones: gpt-5.4 and ACC measures whether the final answer matches the gold an-

qwen3.5-plus. Both use the same NSG-RAG evidence pay-
load, the same JSON output constraints, and the same evalu-
ation script. Per-sample records include output content, evi-
dence path, rule verification, input tokens, output tokens, la-
tency, and cost. Table 5 gives the backbone settings.

Table 5

LLM/MLLM backbone settings for optional real-model evaluation.
The same prompt builder, evidence payload, parser, and validator are
used for all backbones.

Backbone Role in this study

gpt-5.4 Primary multimodal large language model back-
bone using image, graph evidence, and question
input

Additional multimodal large language model
backbone using the same input protocol

gwen3.5-plus

If the platform returns token usage, the cost of each call is
recorded separately for input and output tokens:

in nout

COSt[ = mﬁn + M;Wcout,

(11)
where ni.“ and n" denote the input and output token counts
of the i-th sample, respectively, and cj, and cqy denote the
locally configured prices per thousand tokens. Average latency

is recorded as:
5Y
T=— Ti. (12)
N i=1

When pricing metadata is unavailable, cost columns are ex-
cluded from quantitative comparison. Character counts and
token usage are still used to analyze the context overhead of
different backbones.

5.1.4. Evaluation metrics

This paper organizes the main metrics from three perspectives:
answer correctness, evidence traceability, and multi-hop topo-
logical reasoning. Consistent with the evaluation practices of
GQA, ReasonVQA, and PIDQA, the main tables report ACC,
Evi-F1, Evidence Coverage (Evi-Cov), and MH-Acc. Unsup-
ported Claim Rate (UCR) is not used as a main performance
metric. It is instead reported in Error Analysis / Claim Valida-
tion Analysis to analyze whether a model produces connection
or path claims unsupported by the graph structure.

swer and applies to symbol type recognition, direct connection
judgment, and path questions. Evi-F1 is based on overlap be-
tween the predicted evidence path and the gold path at the
node-set level, considering both evidence precision and re-
call. This metric penalizes long evidence that contains many
irrelevant nodes. Evidence Coverage (Evi-Cov) measures the
proportion of gold evidence nodes covered by the predicted
path and focuses on whether the model finds the key support-
ing nodes. MH-Acc is computed only on multi_hop_path
samples with path length of at least 2 hops, thereby isolating
the ability to perform topological chain reasoning. The de-
nominator of UCR includes only samples with explicit graph
claims, namely cases in which the model explicitly claims that
a connection or path exists. This metric is used only for error
analysis and cannot alone represent overall question answering
ability.

Answer accuracy is defined as:

N
1
ACC = N Z l[norm(&i) = norm(a:-‘)] , (13)
i=1
where norm(-) denotes case and whitespace normalization.

For the set D, with non-empty gold evidence paths, evidence
coverage is:

EviCov =

1 Z |ﬁz N P:F|
— (14)
Del 24 1]

where P; and P denote the node sets of the predicted path and
the gold path, respectively. Evidence F1 is further defined as:

. 1 2 Prec; Rec;
EviF1 = ,
v |De| Z Prec; + Rec; + €
€D,

5)

where Prec; = |P; N P;‘|/|131-|, Rec; = |P; N P?|/|P}], and €
avoids division by zero. Multi-hop accuracy is computed only
on the multi-hop subset D,,,;:

Z l[norm(d,-) = norm(a;‘)] . (16)

iEDmh
Unsupported claim rate is defined as:

_ 2iec 1[Valid(p;, Gi) = 0]
- IC]

UCR , a7
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where C is the set of samples with explicit connection or path
claims.

These metrics are complementary. ACC reflects usability at
the answer level. Evi-F1 and Evi-Cov reflect traceability at
the evidence level. MH-Acc focuses on complex topological
reasoning. UCR and claim count (Claim-N) are used only
in the subsequent claim validation analysis to measure the
risk of unsupported claims, which is sensitive in engineering
review scenarios. For real LLM/MLLM backbone evaluation,
this paper also records input characters, input tokens, output
tokens, response latency, and invocation cost. These metrics
are not used to rank methods in controlled structural evaluation,
but they can support later analysis of trade-offs between cost
and accuracy across different backbones.

5.2. Experimental results

5.2.1. Main results

Table 6 and Figure 4 present the results on the full Test split.

The formal evaluation uses descriptive grounding, negative
examples, and medium-length multi-hop questions, thereby
avoiding oracle behavior from direct lookup in clean GraphML
by task design. Under the current controlled evaluation, NSG-
RAG achieves 0.902 ACC, 0.632 Evi-F1, and 0.678 MH-Acc,
indicating that path retrieval and rule verification improve both
answer-level and evidence-level performance.

Different baselines have different error sources. MLLM-only
lacks explicit topology input and therefore struggles to answer
questions that depend on connectivity, leading to low overall
accuracy. Text-only GraphML can recover some answers from
structural text, but its evidence organization is affected by con-
text budget and node ordering, and its multi-hop path score is
clearly lower than that of NSG-RAG. Static Full-Graph feeds
the complete graph structure in one pass and is easily disturbed
by irrelevant nodes and edges. BM25-RAG and Dense-RAG
can retrieve local evidence, but their retrieval units are mainly
based on textual similarity and cannot stably preserve ordered
paths. In contrast, NSG-RAG retrieves path-level evidence
and performs topological verification before and after genera-
tion, producing a more balanced result across answer accuracy,
evidence quality, and multi-hop reasoning.

Supplementary real-backbone results are shown in Table 7.
This table is reported separately from controlled structural
evaluation and presents the invocation results of different
LLM/MLLM backbones under the same NSG-RAG evidence
input. Because external API evaluation is affected by invoca-
tion cost, rate limits, image compression, and output format
stability, this paper treats it as a supplementary protocol rather
than the basis for the main comparison. A more complete fu-
ture backbone evaluation can further report token cost, latency,
and format-following ability across different models.

5.2.2. Question-type analysis

Table 8 reports answer accuracy by PID-GraphQA question
type.

This analysis follows task-category reporting in PIDQA and
the practice of observing model behavior by compositional
question type in GQA. The results show that different meth-
ods have different strengths across tasks. Text-only GraphML
and Static Full-Graph perform strongly on negative judgments,
indicating that complete structural text helps identify some dis-
connected samples.

However, both degrade substantially on multi-hop path ques-
tions because they lack ordered path retrieval. BM25-RAG
and Dense-RAG recover some node-related evidence, but they
are unstable across direct connection and multi-hop path tasks.
NSG-RAG maintains higher accuracy on direct connection and
multi-hop path tasks, showing that path-level evidence is more
suitable than ordinary textual similarity retrieval for topologi-
cal question answering.

5.2.3. Difficulty analysis

Figure 5 presents results stratified by easy, medium, and hard
difficulty levels.

Easy samples mainly include symbol recognition and one-
hop connection judgment, for which models can obtain partial
answers from local node descriptions or short adjacency in-
formation. Medium and hard samples introduce longer paths,
stronger node ambiguity, and negative connections. In these
cases, models must identify source and target nodes and pre-
serve ordered topological chains.

MLLM-only can use visual semantic cues in the question word-
ing for easy symbol questions, but it lacks support for questions
that require topological evidence. BM25-RAG and Dense-
RAG can retrieve some local evidence, but their retrieval re-
sults are often discrete nodes or edge fragments and do not
sufficiently preserve path order. NSG-RAG remains relatively
stable on hard samples, indicating that path-level retrieval and
rule verification support medium-length topological reason-
ing. This result also shows that difficulty stratification reveals
structural reasoning differences beyond overall accuracy.

To further align with the reasoning-depth evaluation of Rea-
sonVQA, Table 9 groups only multi-hop path samples by path
length.

The current PID-GraphQA mainly contains 2-3 hop and 4-5
hop paths and does not yet cover paths longer than 6 hops at
scale. The results show that NSG-RAG clearly outperforms
baselines that do not explicitly model paths on both 2-3 hop
and 4-5 hop subsets. BM25-RAG and Dense-RAG can recover
some answers on short paths, but they degrade more clearly
on 4-5 hop paths. This observation supports the design of
path-level retrieval in this paper.

5.2.4. Ablation study

Table 10 and Figure 6 show component ablations.

After rule verification is removed, NSG-RAG w/o Rules can
still retrieve some question-relevant nodes, so Evi-F1 does
not completely collapse. However, because edge-level legality
checking is absent, this variant is more likely to produce un-
supported path claims, showing that path verification is a key
component for suppressing unsupported claims. After multi-
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Table 6
Main results on the full PID-GraphQA Test split. ACC, Evi-F1, Evi-Cov, and MH-Acc evaluate answer correctness, evidence quality, and
multi-hop topology reasoning.

Method ACC Evi-F1 Evi-Cov MH-Acc N
MLLM-only 0.182  0.000 0.000 0.000 2196
Text-only GraphML 0.698  0.303 0.304 0.032 2196
Static Full-Graph 0.604  0.185 0.185 0.000 2196
BM25-RAG 0484 0220 0.220 0.077 2196
Dense-RAG 0.378  0.188 0.188 0.114 2196
NSG-RAG 0.902  0.632 0.649 0.678 2196
1.0 4
08 i
© 06- - — ]
o
: 5 B B .
U) 0.4 | . . I I
0.2 1 ——]
0.0 JJ—-—I -—.—
ACC Evi-F1 MH-Acc
MLLM-only I Static Full-Graph Dense-RAG
Text-only GraphML Bl BM25-RAG Il NSG-RAG

Fig. 4. Controlled evaluation on the full Test split. NSG-RAG improves answer accuracy, evidence quality, and multi-hop topology reasoning
under the same PID-GraphQA protocol.

Table 7

Backbone evaluation results and recorded generation-efficiency indicators under the same NSG-RAG evidence payload.

Backbone ACC Evi-F1 Evi-Cov MH-Acc UCR In-Tok Out-Tok Lat. (s) N
gpt-5-nano 0.520 0.730 0.731 0.978 0.000 2459 620 12.8 500
qwen3.5-plus 0.840 1.000 1.000 1.000 0.000 2861 1536 118.0 500
Table 8

ACC by PID-GraphQA question type. This fine-grained view follows compositional VQA benchmarks where aggregate accuracy alone is
insufficient.

Question type N MLLM Text FullGraph BM25 Dense NSG-RAG
Symbol recognition 400 1.000 1.000  0.993 0.990 0.728 1.000
Direct connection 400 0.000 0.787  0.357 0.140  0.060 0.940
Negative connection 400 0.000 0.998 0.968 0412 0.117 1.000
Multi-hop path 597 0.000 0.032  0.000 0.077 0.114 0.678
Unsupported path claim 399 0.000 1.000 1.000 1.000 1.000 1.000
Table 9

Multi-hop path accuracy by hop length. Hop-stratified analysis follows ReasonVQA-style evaluation of structural reasoning depth.

Hop length N MLLM Text FullGraph BM25 Dense NSG-RAG
2-3 197 0.000 0.005 0.000 0.234 0.310 0.690
4-5 400 0.000 0.045  0.000 0.000 0.018 0.672
>6 0 - - - - - -

hop path retrieval is removed, the model can still answer some 0, indicating that local neighborhoods alone are insufficient for
questions using local k-hop subgraphs, but MH-Acc drops to stable ordered multi-hop question answering.
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Table 10
Ablation results on the full PID-GraphQA Test split. The variants isolate rule checking, path retrieval, graph structure, and Patch evidence.
Variant ACC Evi-F1 Evi-Cov MH-Acc Interpretation
NSG-RAG 0.902 0.632 0.649 0.678 Path retrieval with rule checking
NSG-RAG w/o Rules 0.297 0.546 0.553 0.002 Rule checking disabled
w/o Multi-hop Retrieval 0.717 0.324 0.324 0.000 Ordered path retrieval disabled
w/o Edge/Path Evidence 0.432 0.186 0.186 0.000 Node-only evidence
w/o Graph Structure 0.182 0.000 0.000 0.000 No explicit topology
w/o Patch Evidence 0.718 0.171 0.191 0.201 Patch evidence disabled
1.0
° ° ° °
08 valve crossing connector
- - 404 38 435
g °° [ @ @ ] @ [ J
Q
< 0.4 - l - connector crossing valve
N | ' N !
02 °
0.0 -
Easy Medium Hard (a) Local topology around the evidence path.
MLLM-only B Static Full-Graph Dense-RAG
Text-only GraphML Bl BM25-RAG Bl NSG-RAG o o o . e s
Fig. 5. Difficulty-stratified accuracy. NSG-RAG remains more sta-
ble as questions require longer paths and stronger structural ground- ® ® ® ® ® ®
mg. vf(l)\ze corl{]éeé:tor crogging crog;ing con4n3esctor vles\ae

0.18 I ACC
w/o Graph Structure 0.00 Evi-F1
_- 72
w/o Patch Evidence 017_ 0
0.72
w/o Multi-hop Retrieval _032_-
0.43
w/o Edge/Path Evidence F.
0.30
NSG-RAG w/o Rules - 0.55
I S SN .50
NSG-RAG 0.63
0.0 0.2 0.4 06 08 1.0
Score

Fig. 6. Ablation comparison. Removing path retrieval, graph struc-
ture, Patch evidence, or rule checking changes answer and evidence-
aware scores.

When Patch evidence is disabled, descriptive grounding is
more likely to drift under visual ambiguity among candidate
nodes, causing answer accuracy and evidence metrics to de-
crease together. Keeping only node evidence or removing
graph structure further weakens topological reasoning ability,
showing that complex engineering drawing question answer-
ing requires not only node type recognition but also the corre-
spondence among edges, paths, and local visual cues. Overall,
the ablation study supports the core hypothesis of this paper:
the gains of NSG-RAG come from the combination of struc-
tural retrieval, path evidence, and rule verification rather than
a single module.

5.2.5. Case study

Figure 7 shows a real multi-hop evidence case derived from
PID2Graph GraphML annotations.
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(b) Ordered gold evidence chain.

verified retrieved path

*—0—0—0—0—0—0—0—0— 90

valve  connector crossing connector valve connector crossing connector general connector
404 406 38 402 401 403 63 391 389 390

NSG-RAG

unverified path-shaped claim

valve connector
404 400

No rule check

connector
406

connector
396

valve
395

(c) Retrieved NSG-RAG evidence and unverified path-shaped claim.

Fig. 7. Representative multi-hop evidence case. Local topology,
gold path, and model evidence comparison.

The highlighted nodes and edges correspond to the topological
chain used to answer the question. The side panel gives the
gold path, the path retrieved by NSG-RAG, and a path-shaped
claim that has not been confirmed by rules. This case shows
that generating a plausible node sequence is not sufficient for
reliable evidence. Every consecutive edge in the path must
be verifiable in the underlying GraphML. This figure is a rep-
resentative case analysis and does not represent the overall
distribution.

Table 11 summarizes the representative case study and the role
of graph-grounded evidence validation.
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Fig. 8. Unsupported evidence claim analysis. The panels separate unsupported claim counts from the support status of explicit graph claims.

Table 11

Representative case study with graph-grounded evidence. The exact
node sequence depends on the selected full-data sample and is visu-
alized in Figure 7.

Item Description

Question type Multi-hop path / unsupported evidence inspec-
tion

Ordered path from clean GraphML annotation
Path-shaped output before topology validation
Accepts only evidence that passes topology vali-
dation on the inference graph

Illustrates evidence traceability rather than ag-

gregate performance

Gold evidence
Unverified claim
NSG-RAG

Use in paper

5.2.6. Error analysis and limitations

Figure 8 summarizes unsupported claims.

Errors mainly come from eight sources: node grounding fail-
ure, full graph truncation failure, path retrieval failure, un-
supported path claim, evidence-answer mismatch, GraphML
noise, output format error, and visual grounding absent.
Node grounding failure means that the question description
is mapped to an incorrect node. Full graph truncation failure
means that complete-graph prompting loses critical evidence
after truncation or ordering. Path retrieval failure means that
the retrieved nodes are related to the question but cannot form
the correct path. Unsupported path claim means that the model
outputs a connection relation that does not exist in the graph
structure.

The current results still have limitations. First, GraphML is
treated as accessible structural input, and end-to-end draw-
ing parsing errors are not yet covered. Second, Patch evi-
dence is currently used mainly as an auxiliary cue for local
grounding and has not yet been extended into full visual rea-
soning based on local image crops read by a real MLLM.
Third, BM25 and TF-IDF/LSA Dense-RAG are reproducible
experimental controls and cannot replace industrial embedding
models or closed-source MLLM evaluation. Fourth, large-
scale API evaluation of real backbones such as gpt-5.4 and
gwen3.5-plus should be reported as a separate follow-up
experiment. Despite these limitations, the current controlled
results show that using graph structure as a retrievable evidence
space provides a clearer verification boundary for question an-
swering over complex engineering drawings.
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6. Conclusion

This paper proposes NSG-RAG as a proof-of-concept frame-
work for visual question answering over complex engineering
drawings without assuming that end-to-end drawing parsing
has already been fully solved. The method treats the GraphML
topology of PID2Graph as a retrievable evidence space and
provides traceable context to an LLM/MLLM through local
subgraphs, multi-hop paths, and rule verification. Compared
with visual-only input, static full-graph prompting, and gen-
eral text retrieval, NSG-RAG achieves better answer accuracy,
evidence consistency, and multi-hop reasoning ability in full
controlled evaluation.

The main value of this paper is to move engineering draw-
ing question answering from answer generation alone toward
evidence-driven structural verification. Joint evaluation with
ACC, Evi-Fl1, Evi-Cov, and MH-Acc shows that topology re-
trieval affects not only final answers but also the completeness
of evidence chains. UCR and claim count (Claim-N) serve
as error analysis metrics for checking whether path claims
are supported by the underlying graph structure. The real-
backbone evaluation protocol further records token usage, la-
tency, cost, and per-sample rule verification, supporting fu-
ture comparisons among commercial APIs and smaller mod-
els. Overall, NSG-RAG provides an extensible research direc-
tion for review-oriented recognition, topology retrieval, and
knowledge-driven question answering over complex engineer-
ing drawings.
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