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Abstract : For autonomous vehicles to operate safely in real-world environments, they must go beyond object detection
and understand semantic relations and situational context within a scene. In particular, dilemma situations involving
conflicting constraints, such as accident avoidance, pedestrian priority, and traffic rule compliance, are difficult to
resolve using conventional 3D Scene Graphs (3DSGs), which mainly represent spatial structure. To address this
limitation, this paper proposes a Knowledge Graph (KG)-enhanced semantic scene understanding framework tailored to
autonomous driving dilemma scenarios. The proposed KG represents not only objects, attributes, and relations, but also
traffic rules, class hierarchies, commonsense context, and scenario-specific semantic descriptions in a structured form.
We evaluate the framework using 30 scene-understanding queries across six cognitive categories under a controlled
LLM-as-judge setting (GPT-40-mini for answering, GPT-40 for judging; N=300). Results show that the KG-based
method significantly outperforms the 3DSG baseline in reasoning quality (mean 4.41 vs. 3.56, Wilcoxon p<0.001,
Cohen’s d=0.84), with the largest gains in dilemma reasoning (+1.71) while spatial queries confirm design fairness
(—0.07). A five-condition ablation study—LLM-only (1.25), KG structure-only (3.29), 3DSG (3.56), 3DSG+NL (4.14),
and KG full (4.41)—reveals that natural-language semantic descriptions (rdfs:comment) are the dominant contributor to
performance; the KG framework’s value lies in providing systematic infrastructure for attaching and managing domain-
specific annotations rather than ontological structure alone. These findings suggest that integrating structured domain

knowledge is essential for reliable semantic scene understanding in autonomous-driving dilemma situations.

Key words : Knowledge Graph(X|4|12{Z=), Autonomous Driving(At2FH), Dilemma Situation( 2 2{|0F A&h),
Semantic Scene Understanding(2/0| 7|8t & & 0[3}), OWL Ontology(2& ZX|), LLM(Ci 2 21 0{ 2 &), 3D Scene
Graph(3XH & 2 =)
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Nomenclature

KG : Knowledge Graph

3DSG : 3D Scene Graph

LLM : Large Language Model

OWL : Web Ontology Language

RDF : Resource Description Framework

SPARQL : SPARQL Protocol and RDF Query Language
RAG : Retrieval-Augmented Generation

QA : Question Answering
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Fig. 1 Overall architecture of the proposed KG-based semantic
scene understanding framework and evaluation pipeline.
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Table 1 Examples of rdfs:comment semantic descriptions in the
proposed KG

Entity rdfs:comment (excerpt)

traffic_light 1
(Yellow signal)

At ego's distance of ~30m and
speed of 55 km/h, stopping
distance ~ 35-40m. This creates
a 'dilemma zone' with sedan_3
only 15m behind at 58 km/h.
Proceeding is safer than
emergency braking.

truck 4
(Illegally parked)

A large truck illegally parked in
the right lane. Its 3.5m height
blocks visibility of oncoming
traffic. Passing requires
temporary lane departure—
technically violates markings
but is standard safe response.

Ambulance with sirens active,
approaching from behind at ~90

emergency_
vehicle 12




km/h. All vehicles must yield. If|
at an intersection, clear it before
stopping—a legal obligation

with priority over normal traffic

rules.
3.2 3DSG baseline#-9] ¥ % Hja AA

Table 2 Information separation between 3DSG and KG

Information Type 3DSG KG
Object class, coordinates o (6]
Observable state (speed, (0] (6]

signal)

Spatial relations (edges) (¢} (6]
Semantic description X (0]

(rdfs:comment)
Class hierarchy X (6]

(ontology)
Domain rules (traffic X (6]
law)

Common-sense context X (6]
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Table 3 Experiment configuration

Parameter Value

Answer model GPT-40-mini (temp=0.3)

Judge model GPT-40 (temp=0.0)
Queries 30 (6 categories)
Trials per query 5
Total evaluations 300 (30x2x5)

KG storage GraphDB (1,498 triples)
3DSG data scene_graph.json (48 nodes, 23
edges)
Statistical test Wilcoxon signed-rank (one-
sided)

3070 A2 AEFY g ol XA HF
s Jleem o/l AR FAEESITh
Spatial(3-3F 14), 37N), Identification(Z4 ] 21'H, 371),
Semantic(&] 7] ©]3|l, 77W), Hierarchy(Z5 F&, 37H)
Safety(SFA =2, 770), Dilemma(d @7} JAFEAA



7). Spatial 7}El 2] YF0]
Ao oiEo] Hlae FALE AFee i
714 93kS 3t} Semantic, Safety, Dilemma(Z} 7
/MHe KG 2PEs7 71dis e S d9e=, 2 7
g A Hat, 28, 44 5 oY sk
AE =S AAS S

Dilemma Ze|lg]ols &4 A5 devl [3],
ek 13 fINkel &4 A9A [17], &9

A=
H(ground truth)S 24

AIARTL SEEA
EELE

o] & 2}

Aystgch. 94

e e
stdoth, AR KG ARl A AR
5 oolF 4uE A% FAH VY 5ol A%

ool WA= 57l A =2 gt

4. A% A3

41 HA A7

AE Ax, A VIHEKG)S AA HT 4418
© 2 baseline3DSG)Y] 3.5642 0.85%] xfol2 ¢
wstA gslatt. A A4S 2 Al 53 A
& & shte]l AFAE AREst] 3071 tigx%
. (paired observations)oll T3] Wilcoxon signed-rank
test(h, H1: KG > 3DSG)E 38t 2 23
p=0.000766(p<0.001)0.% A Moz §o|519 o,
23 arle
effect), Cohen's d=0.84(large effect)oll 3l 33T},

2

rank-biserial correlation r=0.70(large

Table 4 Category-level comparison results

Category N KG | 3DSG A p-value
Spatial 3 3.67 3.73 -0.07 n<5
Identification | 3 5.00 3.73 +1.27 n<§
Semantic 7 4.26 3.49 +0.77 0.016*
Hierarchy 3 4.53 4.60 -0.07 n<5
Safety 7 4.40 371 +0.69 0.031*
Dilemma 7 4.60 2.89 +1.71 0.016*
Overall 30 | 441 3.56 +0.85 | <0.001%**

4.2 7t aeEd 4

Mean Score (1-5)

i 1
Identification ~ Semantic

1 1 1
Spatial Hierarchy Safety Dilemma

Fig. 2 Mean scores by category with error bars. Dashed lines
indicate overall means. *** denotes p<0.001.
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Fig. 3 Per-query score differences (KG — 3DSG). Blue: KG

superior, Red: 3DSG superior.
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Fig. 4 Score heatmap across 30 queries (rows) and two conditions
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boundaries shown.
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Table 5 Standard deviation of trial scores by category (lower =
more stable)

Category KG std 3DSG std Ratio
Spatial 0.617 1.335 2.16%
Identification 0.000 1.280 0
Semantic 1.067 1.380 1.29%
Hierarchy 0.640 0.507 0.79x
Safety 0.736 1.274 1.73%
Dilemma 0.775 1.301 1.68x
Overall 0.837 1.328 1.59%
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Table 6 Five-condition ablation study results

Category LLM KG 3DSG | 3DSGHNL | KG
only | struct full

Spatial 1.00 333 3.73 4.20 3.67
Identification | 1.00 3.60 3.73 4.07 5.00
Semantic 1.40 3.09 3.49 3.89 4.26
Hierarchy 1.00 4.53 4.60 4.53 4.53
Safety 1.20 331 371 4.37 4.40
Dilemma 1.49 2.77 2.89 4.00 4.60
Overall 1.25 3.29 3.56 4.14 4.41

- o

Mean Score (1-5)

Fig. 6 Five-condition ablation results by category.
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