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Abstract

We introduce DEFUSAL, a neuro-symbolic framework that
narrows the semantic gap between the perceptual flexi-
bility of Vision-Language Models (VLMs) and the strict
safety requirements of Explosive Ordnance Disposal (EOD)
procedures, by enabling the identification of unexploded
ordnance types in real-world conditions characterised by
long-tailed distributions. We bring together core theoret-
ical foundations and extensive domain expertise through
a tightly integrated set of novel components, including a
custom, validated EOD Knowledge Graph, a purpose-built
safety mechanism, all embedded within a specialised, real-
world operational framework. We evaluate the proposed
architecture across 13 configurations, including a four-
stage ablation study and a direct comparison with a neuro-
symbolic baseline for logical reasoning. All experiments
are performed on a real-world dataset comprising 13,648
individual bombs, which is also analysed considering the
challenges involved, offering a practical resource for UXO
identification. We show that the DEFUSAL framework sur-
passes the traditional zero-shot approach, improving the
F1-Score by 32.7% when the system makes the decision,
with the safety mechanism enabled. This work acts as a
roadmap for trustworthy, real-world deployment of human-
itarian UXO clearance tools that go beyond simple label
prediction, instead reasoning about the underlying physi-
cal reality to offer reliable, interpretable, and safety-aware
decision support in post-conflict environments, even when
dealing with rare UXO types.

1. Introduction

According to the North Atlantic Treaty Organization
(NATO) Standardization Agreement NATO STANAG [34],
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Figure 1. Logic-guided architecture of the proposed DEFUSAL
framework for unexploded ordnance (UXO) identification.

unexploded ordnance (UXO) is defined as explosive ord-
nance that has been primed, fused, armed, or otherwise pre-
pared for action, and that has been fired, dropped, launched,
projected, or placed but remains unexploded due to mal-
function, design, or any other cause. The removal of Unex-
ploded Ordnance (UXO) in regions emerging from armed
conflicts constitutes both a major humanitarian imperative
and a complex engineering problem [20, 51]. Although
a precise worldwide estimate is unavailable, existing re-
gional assessments [20] indicate that the total number of
UXO items remaining in the environment reaches hundreds
of millions. As an illustrative case, UXOs Lao reports
[24, 52] that of the approximately 270 million submuni-
tions deployed over Laos, a significant proportion did not
explode as intended, with failure rates commonly estimated
in the range of 10-30 %, resulting in up to 81 million undis-
covered UXOs. These remnants pose enduring threats to
public safety, impede socio-economic progress, and impose
severe constraints on land and infrastructure management.
Although supervised approaches can perform well on fixed,
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Figure 2. Summary of results (per-class F1-score). DEFUSAL
is the proposed framework, designed as a neurosymbolic system
guided by logical reasoning. In the zero-shot setting, the model
shows a bias toward the more frequent class in the fraining cor-
pus. The real-world UXO task involves a multi-level, long-tailed
distribution (also see Appendix E) with challenging instances (also
see Figure 4 and Appendix H), while requiring outputs that can be
logically verified (see Section 3.1) and validated (see Appendix C).
The framework further incorporates safety mechanisms (see Sec-
tion 3.4 and Figure 3) reflecting the safety-critical nature of the
domain—key requirements for trustworthy Al deployment in hu-
manitarian applications.

closed datasets, they do not readily accommodate the open-
set characteristics of UXO identification without ongoing
retraining. In practice, new and rare types of ammunition
often emerge in the field, for which training data are initially
not available. Our approach is generalised to foundation-
model settings that require adaptive and interpretable rea-
soning under open-set conditions. To address the chal-
lenges, a neuro-symbolic adaptive framework that seeks to
infer contextual meaning from low-level visual attributes,
exemplified in Figure 1, can improve robustness and reduce
False Negative cases. As a first common challenge in the
current state of UXO identification, ordnance datasets ex-
hibit long-tail behaviour. Thousands of rare or historical
variants of UXOs exist for which labelled visual data are
scarce or non-existent. Deep learning models struggle to
generalise to these rare classes, often overfitting to back-
ground textures [4 1] rather than learning object visual char-
acteristics or semantics. In the zero-shot paradigm, foun-
dation models are prone to hallucination, inevitably leading
to elevated risks to human life. Although Chain-of-Thought
[57] and reasoning capabilities in foundation models have
made great strides, generating hypotheses and intermediate
steps does not ensure factual precision [5, 64], especially
due to the under-representation of certain classes, making it
difficult to generalise to previously unseen or semantically
undescribed classes.

Our neuro-symbolic method closes this adaptability gap
by enabling the recognition of rare categories through logi-
cal specifications, even before adequate or balanced training
data for Unexploded Ordnance (UXO) is present. Based on
the limits and risks posed by UXOs, to address the inher-
ent unreliability of black-box foundation models in safety-
critical environments, we introduce a unified study for Ex-
plosive Ordnance Disposal (EOD) operations, a system in-
spired by real-world operational needs, designed to enforce
physical and logical consistency in Vision-Language Mod-
els (VLMs). Our key contributions are as follows:

* Neuro-Symbolic Framework for Real-World UXO
Identification: We introduce a closed-loop multimodal
framework, with a safety mechanism, that couples a
Vision-Language Model with a symbolic reasoning en-
gine based on Lukasiewicz fuzzy logic and Probabilis-
tic Soft Logic. Operating in a zero-shot regime, the sys-
tem autonomously detects and corrects perceptual errors
(e.g., hallucinations) through iterative logic-guided self-
correction, reducing false negatives in a safety-critical,
real-world setting.

* EOD Knowledge Graph for Long-Tail Generalisation:
We introduce a domain-specific knowledge graph con-
structed and validated by an EOD specialist against tech-
nical manuals [17, 18, 43], allowing zero-shot generali-
sation to rare and unseen ordnance types without retrain-
ing, directly addressing the scarcity and heavy class im-
balance inherent to real-world UXO data. Experiments
are conducted on 13,648 real-world images from active
demining interventions.

¢ Benchmark, Ablation, and Reasoning Analysis: We
conduct 16 types of experiments, with 10 runs per setup,
demonstrating consistent improvements over baselines
with fully auditable decision traces. Figure 2 presents a
summary of the key results per-class of the F1-Score.

This work is intended to contribute to the saving of human

lives and the stabilisation of communities affected by UXO.

Consequently, we provide full access to our code, including

the custom knowledge graph and implementation functions.

We also provide access to our dataset gathered in 4 years

with unexploded bombs in real-world emergency situations.

See Appendix D for more details.

2. Related Work

Current State-of-the-Art methods in image-based UXO as-
sessment primarily rely on CNNs or Vision Transformers
for object localisation and classification, without in-depth
identification or explainability. To our knowledge, VLM-
based approaches have received no attention in UXO mit-
igation, as deep learning for UXO tasks is still in its early
stages, as a result of high risks and lack of representative
datasets. The highly relevant nature of this field is under-
scored by recent Horizon EU research initiatives [2, 15] that



focus on the integration of machine learning and UXO de-
tection. Specifically, these initiatives seek to explore ma-
chine learning techniques to reduce false cases and opera-
tional costs, with the overarching objective of developing
clearance methodologies that are more efficient, more eco-
nomical, and demonstrably safer than current practices. For
this purpose, we adopt a modular design accessible without
heavy computational resources.

In the past, researchers Blagojevi¢ et al. [7] used im-
age processing techniques based on HSV analysis and ther-
mal mapping to find unexploded munitions hidden in veg-
etation. The authors proposed an approach that uses the
HSV colour space to generate a “green mask”™ that filters
out grass, bushes, and trees from aerial optical imagery, pin-
pointing terrain areas more likely to contain UXO. Follow-
ing this, researchers Dodi¢ et al. [14] fine-tuned YOLO V5
[40] to find unexploded bombs, reporting over 90% mAP
in controlled environments, but without explicit class iden-
tification in the field or interpretability. Although these
methods offer theoretically promising metrics, actual UXOs
are frequently encountered in far more challenging environ-
ments within former conflict zones (e.g., mountain trenches
obscured by dense vegetation), not in controlled settings.
Nevertheless, their findings demonstrate that UXOs consist
of composable visual primitives, including artificial shape,
particular texture, and characteristic elements, which to-
gether provide the theoretical foundation for our knowledge
graph in the zero shot neuro symbolic framework [49]. The
researchers Begkas et al. [6] introduced UXORD-10K, a
dataset of over 10,000 images in 8 UXO categories, sourced
from CAT-UXO [10] and relying on technical drawings and
EOD manual images rather than field photography. Bench-
marking CNNSs and ViTs on this data achieved a Top-1 clas-
sification accuracy of 76.2%. In the context of autonomous
robotic demining, Mishchuk et al. [32] conducted a com-
parative analysis between YOLOvVS [21] and RT-DETR
[29, 63], reporting 78.32% mAP and 84.61% F1, modelling
their dataset on MS COCO [28], using objects that share
similar shapes with UXOs.

Further related work and its extended analysis can
be found in the Appendix G, where we detailed neuro-
symbolic approaches in similar safety-critical application
[48, 60-62], emphasising the role of logical operators
[22, 35, 45, 56] and UXO limitations. Regarding the real-
world dataset used in the present study and the challenges
related to its distribution for classical supervised methods,
we have dedicated a separate section in Appendix E. It is
worth noting that, in addition to the previously mentioned
deep learning technical validations, disposal methodologies
based on understanding primitives (shape, features, colours,
condition, etc.) of munitions for identification are also ref-
erenced in specialised EOD manuals for human-based iden-
tification [17, 18, 43].

3. Methods

We introduce DEFUSAL, a neuro-symbolic framework that
takes a UXO image as input and produces an interpretable
ordnance identification accompanied by auditable ratio-
nales. We begin with the problem formulation and nota-
tion in Section 3.1, followed by the ontologically structured
Knowledge Graph in Section 3.2, the PSL-based Consis-
tency Validator in Section 3.3, the hybrid safety mechanism
in Section 3.4, and finally the safeguards and uncertainty
management procedures in Section 3.5.

3.1. Problem definition and notation

In this section, we formally define the safety-critical ord-
nance identification problem and introduce the necessary
notation. Let D = {(x;,s;)}Y, denote a dataset of
N paired samples. The visual input space is defined as
X C RFXWXC representing RGB images of height H,
width W, and C' channels. For each image = € X, there
exists an associated element from the semantic space S,
which encodes in natural language either the initial infer-
ence prompt or the output generated by the hybrid feed-
back (safety) mechanism. The framework additionally in-
corporates an extensible Knowledge Graph G = (V,€),
which captures relationships between visual evidence ex-
tracted from x and the corresponding UXO categories. We
define the label space Y = {y1,...,yx} C V, representing
K distinct types of ordnance. Furthermore, we introduce
a logic-agnostic attribute space A = {a1,...,ap} C V,
where each attribute corresponds to observable characteris-
tics associated with the ordnance.
The system implements a composite mapping

fo: X xS — AETLx[0,1]M x A%,

where A" denotes the (n + 1)-dimensional probability sim-
plex. The semantic context s € S guides the extraction of
visual features from the input image x € X. The Vision—
Language Model (VLM) produces confidence scores over
the attribute space, while class distributions are derived
through symbolic reasoning over the Knowledge Graph.
The UXO type is inferred via a neuro-symbolic reasoning
process that exploits structural dependencies in the Knowl-
edge Graph to combine soft prediction scores from the iden-
tity space ) and the attribute space .A. To formalise UXO
identification, we employ Probabilistic Soft Logic (PSL)
[37], which defines a joint probability distribution over vari-
ables in the graph. Logical rules linking attributes to classes
are expressed using Lukasiewicz t-norm logic. This relax-
ation allows reasoning over continuous truth values in the
interval [0, 1], derived directly from the confidence scores
produced by the VLM, rather than relying on binary logic
(see Appendix G). The final class prediction is obtained by
solving a convex optimisation problem that computes the



I P

L] . -
.a Constraint-induced label shift
0.94 -‘ Tmmmmmmmmmmmmsmsmmsmmsmmmeese
o0 } @ Conlflict: y_graph=Projectile vs y_psl=Mortar Bomb
® Grenade Class Zone Responsible attribute: tail fins (necessity)
Feedback query:
Focus on tail fins.
0.8 4 Definition:
Flat fins/tabs at the rear end
- (small triangular blades or protruding planes).
P~ e T Visualize the object carefully.
e T ﬁa""r“!:-\ Is tail fins truly present as defined?
&o07 i T \ t‘:\ Default is 0.0 unless clear visual evidence.
2 \ [ S Do not infer from class or function.
% “ \ = Sme Respond ONLY with JSON:
5 1 “ - {"class": "confidence"}
'i':: 0.5 1 e o o B 3 UPDATE: tail fins 0.12 — 0.65; rerun PSL
: Se B S o °
< ‘ 8 NN ® 0o ® o
S ® 0o O O\ %00
5 v e ) @
L 0.4 o) R (5]
'§ [ VN @
2 Projectile Zone .. : Mortar Zone
\ \ mbiguous
v \UXo
0.3 Verepn (Projectile) Y Vesy (Mortar)
D
\\ N
\\:\
0.1 Y
\h“-ﬁ_h.__ == KG boundarv
""-'-".:-__ == PSL boundary
0.0 ==

“0.0 0.2 0.4

0.6 1.0

Global Morphology Attribute

Figure 3. Dimensionality reduced view to a space defined by 2 attributes. The decision boundaries separate the graph-hypothesis space
into distinct ordnance classes ())). We have contradictory hypotheses, {grapn = Projectile and §ypsi, = Mortar Bomb. We re-query and
introduce new constraints G;ogic to resolve the label shift and force convergence toward the correct class, such that §psr2 = ypsr1 or

Z}PSLQ = Z?g'raph .

Maximum a Posteriori (MAP) assignment while minimis-
ing violations of the semantic constraints. When the opti-
misation landscape exhibits multiple competing optima, the
hybrid feedback mechanism refines the semantic space S by
introducing auxiliary constraints that reduce ambiguity and
enforce convergence.

A safety-critical condition, referred to as the Uncertainty
State, is triggered when any of the following conditions
occur: (i) the VLM fails to produce reliable attribute de-
tections; (ii) the Knowledge Graph provides insufficient
evidence for all candidate classes; (iii) the system oscil-
lates between multiple hypotheses without converging to
Yaraph = Yps1; OF (iv) the logical constraint requiring the cu-
mulative confidence of required attributes to exceed that of
forbidden attributes is violated. A qualitative illustration of
this safety mechanism and the transition to the Uncertainty
State is shown in Figure 3.

By adopting Probabilistic Soft Logic (PSL) as the rea-
soning backbone [1, 37], the framework preserves the fine-
grained confidence scores obtained when parsing the VLM
output through the Knowledge Graph and quantifies logical
violations via “distance-to-satisfaction” penalties, thereby

enabling the detection of constraint-induced label changes.
Instead of directly predicting classification labels, the vi-
sual input z is processed to produce probabilities over prim-
itive attributes relevant to UXO assessment. By evaluat-
ing the inconsistency energy of the logical constraints, the
system detects misalignments between visual evidence and
domain knowledge. Operating within an attribute-based
zero-shot regime [3, 31, 38], the architecture illustrated in
Figure | addresses the need for interpretability and safety-
critical deployment through five integrated components: (1)
a VLM Inspector acting as a knowledge-enhanced zero-shot
primitive attribute extractor; (2) an ontologically structured
Knowledge Graph; (3) a PSL-based consistency validator;
(4) a hybrid safety mechanism; and (5) stability safeguards.

3.2. Ontologically-Structured Knowledge Graph

To represent the probabilistic output distributions of the
Vision-Language Model (VLM) and the invariant physical
laws governing Explosive Ordnance Disposal (EOD), we
employ a Symbolic Knowledge Graph (KG) as a determin-
istic regularizer. For the graph G, the set of vertices V is
divided into disjoint subsets: Class nodes V, C Y (e.g.,



Mortar), attributes nodes V, C A, For attribute space, we
decomposed A into three topological categories essential
for UXO generalisation: Global Morphology (e.g., elon-
gated_cylindrical), Local Attachments (e.g., tail_fins), Sur-
face Topology (e.g., segmented_body_pattern). Unlike stan-
dard classification paradigms where a neural network ap-
proximates a mapping f : X — ), our VLM functions
as a primitive feature extractor that estimates a probability
vector & € [0, 1] over the attribute space A, treating class
identities as latent variables constrained by a graph struc-
ture where the edge set £ encodes domain expertise through
specific ontological predicates. First, the HAS_PART or the
necessity constraint encodes the implication y =— a to
populate the set of required attributes N;..,(y) = {a € A |
(y,a) € Enec}» establishing, for example, that the existence
of a Mortar_Bomb (y) logically requires the presence of a
teardrop _shape attribute (a), where a violation occurs if the
hypothesis is true (selected class y) while evidence is miss-
ing. Simultaneously, EXCLUDES or the disjointness con-
straint encodes the implication y = —a to define the
set of physically impossible configurations Nyorpia(y) =
{a € A | (y,a) € e}, such as Projectiles that do not
possess structural tail_fins, which serves to mitigate visual
hallucinations by penalising high confidence in incompat-
ible features. To quantify the adherence of the VLM pre-
dictions (continuous probability distributions) to these rigid
ontological constraints, we generalise the Boolean opera-
tors to a continuous interval by formulating them based on
the Lukasiewicz implications, T-norms [25]. We define the
implication operator A — B as min(1,1 — A + B). For
mutual exclusion constraints (C — —A), the distance be-
comes dg(C — —A) = max(0,C + A — 1), penalising
configurations where both the class and the forbidden at-
tribute are simultaneously highly confident. Consequently,
the distance to satisfaction or the cost of violation is de-
fined as the negation of the truth value: ds.¢(A — B) =
1—min(1,1—- A+ B) = max(0, A— B). We avoid impos-
ing a hard decision boundary within the energy formulation
itself. We define the graph-induced energy as follows:

Teaya)= Y, (1=I@)+ Y,  Ia)

a; ENreq (y) a; ENforbid(y)
ey

In Equation (1), the first term penalises missing required
attributes (the lower I (a; ), the higher the penalty), while the
second term penalises the presence of forbidden attributes
(the higher I(a;), the greater the penalty). The initial graph
hypothesis is obtained by selecting the class with minimum
energy (minimum contradiction):

Ugraph = argmin Jx ¢ (y, a) 2
yey

If the minimum energy exceeds the number of required at-
tributes for all classes (i.e., min, JxG(y,a) > [Nreg(y™)]),

the Uncertainty State is triggered (see Section 3.5).

We note that the claim regarding the relevance of contin-
uous values is validated in Section 4 through comparisons
with hard logical binarization.

3.3. Consistency Validator

Trust in autonomous safety-critical systems requires rigor-
ous verification beyond a simple statistical correlation. For
solving this, we use Probabilistic Soft Logic [1], which
models the joint probability distribution of the scene at-
tributes and class labels using a Hinge-Loss Markov Ran-
dom Field (HL-MRF) [4]. The system ingests the confi-
dence scores from the graph as priors (observations O) and
seeks to verify the consistency of the observed attributes
against specific class hypotheses by defining a log-linear
probability density function:

1 m
P(LIO) = —exp | — > ;(L,0) 3)
j=1

In Equation (3), ¢; is a convex hinge-loss function de-
rived from the Lukasiewicz operators, and Z is the partition
function. We focus on two critical ontological constraints:
Necessity (implication rules, e.g., Class = Attribute)
and Mutual Exclusion (negative constraints, e.g., Class =
—Attribute). The energy function aggregates the weighted
violations:

JpsL(y,a) = Z

a; ENreq (!/)

+ > max(0,Py)+1(a;) —1) 4
a;ENForvia(y)

max (0, P(y) — I(a;))

The optimal P(y) values are obtained by solving the convex
optimisation minp ), Jpsr(y,a) subject to P(y) > 0
and > P(y) = 1. Computational analysis of the opti-
misation is detailed in Appendix J. The predicted class is
gpst = argmaxy P(y).

3.4. Hybrid Safety Mechanism

In direct connection with the safety mechanism described
above, class labels are derived from the knowledge graph
using a two-step process that produces two separate infer-
ence states. The first stage is for hypothesis construction,
and the second stage is for enforcing global consistency.
The initial state, the Graph Hypothesis ({grapn), is obtained
by propagating VLM-derived attribute scores through the
graph in a forward pass that minimises energy, as exempli-
fied in Equation (1) and Equation (2). The second state, the
logic consistent state ({j,s1), is a revised class assignment
generated by the PSL engine, which performs global con-
straint optimisation by minimising the HL-MRF energy to
reconcile the initial hypothesis with strict ontological rules



of necessity and mutual exclusion The safety (feedback)
mechanism is activated strictly when the rigorous applica-
tion of probabilistic logic forces a semantic change from the
initial graph hypothesis, as exemplified in Figure 3. This di-
vergence indicates that the system is operating at a fragile
decision boundary. Instead of forcing a potentially erro-
neous decision, the feedback mechanism queries the VLM
inspector, targeting the specific constraint c¢* responsible for
the energy shift. A constraint-induced label shift occurs
when:

Ygraph 7 UpsL, Where {ﬁgmph:mg minyey Jra (y,2)
jpsp=argmingey JpsL(y,a)
4)
Both the graph hypothesis and the PSL inference minimise
energy and a label shift occurs when they select different
classes. In Equation 5, Jk ¢ is the graph-induced energy as
defined in Equation (1). When a label shift is detected, the
system identifies the attribute most responsible for the in-
consistency by computing the contribution of each attribute
to the total energy:

ax = arg max, 1[violation(a) > 0] (6)

For interpretability, we assume uniform rule weights. As a
result, our analysis captures the structural sources of incon-
sistency. The mechanism identifies the atomic attribute a*
that contributes the maximum gradient to Jpgs, and gener-
ates a targeted query based on the violation of the specific
restriction. If the penalty stems from the necessity term
in Equation (4), the system issues a completeness query
(“[...] Is there any {attribute} for this object?”), whereas
a penalty arising from the exclusion term triggers a contra-
diction query (“[...] You reported {attribute}. Verify if this
feature is clutter.”). The refined VLM response updates the
soft truth value I(a*) < I’(a*), and the PSL inference is
re-executed with the corrected evidence.

3.5. Safeguards and Uncertainty Management

To ensure stability and adherence to the Fail-Safe princi-
ple, we enforce rigorous constraints on the refinement tra-
jectory. We claim that a false negative outcome is not de-
sirable, whereas a manual review request is an acceptable
operational cost. We define an Uncertainty State, U, which
overrides the classification output. The system enters this
state under the condition of persistent label shift or if the
minimum energy is too high. Specifically for the energy
statement, if min, Jxc(y, a) > [Nyeq(y*)|, it implies that
the magnitude of violation exceeds the signal of the required
attributes, indicating that the VLM did not detect sufficient
evidence for any valid hypothesis (the input image is likely
unclear or contains an unknown object). Additionally, if
the PSL-induced class assignment ypgy, differs from the

initial graph hypothesis #4-qpn after the first feedback it-
eration, the system performs a targeted re-query (Subsec-
tion 3.4). If this second inference still produces a different
label (Ygraph 7# gjg; L 3}% 1), the inconsistency indi-
cates irresolvable visual ambiguity (e.g., severe occlusion,
improvised device, unknown class for the defined knowl-
edge graph), and the sample is escalated to human review.
See Appendix B and Appendix C for more details regarding
the need for a feedback mechanism.

4. Experiments

As qualitative analysis, in Figure 4 we included an exam-
ple for the proposed framework. Further results are pro-
vided in Appendix H. We evaluate the neuro-symbolic sys-
tem on a test dataset [12] comprising 13,648 instances, em-
ploying a knowledge-enhanced zero-shot regime. Unex-
ploded bomb identification is performed for K = 9 dis-
tinct ordnance types: Mortar, Projectile, Grenade, Rocket,
Aviation_Bomb, Mine, RPG, Cartridge, and AntiSubma-
rine_Bomb. We benchmarked our approach against open-
weight foundation models, following zero-shot inference
paradigm: (i) Gemma 3 27B Instruct [46], (ii)) Qwen 3 VL
32B Instruct [59], and (iii)) GLM 4.6-V-Flash [47]. Multiple
complementary metrics are reported. F1-Score is defined as
the harmonic mean of precision and recall, computed on all
test samples. In the neuro-symbolic pipeline, any sample
routed to U/ (uncertainty) is counted as a misclassification,
allowing for a fair comparison with baselines. In safety-
critical identification, Recall is a central metric, measuring
the share of true positives correctly detected among all ac-
tual positives. For UXO identification, a False Negative (
failing to detect an ordnance) poses an intolerable opera-
tional risk with potentially irreversible consequences. This
aspect underpins our Uncertainty State mechanism, which
intentionally routes ambiguous cases to human review in-
stead of risking an erroneous automatic decision. Conse-
quently, we report the False Negative Rate (FNR) along-
side F1-Score to explicitly characterise how effectively the
system reduces missed detections in real-world EOD op-
erations. F1-Confident is computed only on samples for
which the system issues a concrete label, by excluding I/,
highlighting that the neuro-symbolic method retains good
metrics whenever it makes a decision. Lastly, the Human
Review Rate (HRR) measures the proportion of samples as-
signed to the Uncertainty State I/ due to rule conflicts or
missing defining primitives. All such samples are deferred
for human review. A higher HRR indicates a more conser-
vative system that prioritises safety by avoiding automatic
decisions under inconsistency, whereas a lower HRR re-
flects increased automation at the potential cost of risk. The
baseline method evaluates how accurately the pre-trained
model can identify UXO types. Appendix H. To advance
our analysis and allow for intermediate steps in examining
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Table 1. Comparative results on the UXO dataset (N = 13,648) averaged over 10 experiments per configuration. Results are reported as
mean =+ std. dev. For the baseline models, the F1-Confident is identical to the F1-Score, since there is no Uncertainty State.

Method F1-Score Recall F1-Confident HRR
Zero-Shot (Baselines)

GLM4.6-V-FLash 0.356 £0.02 0.341+£0.01 0.356 £0.02 -
Gemma3 27B Instruct 0.372+0.01 0.358£0.02 0.372£0.01 -
Qwen3 VL 32B Instruct  0.526 £0.01 0.5124+0.01 0.526 +0.01 -
Zero-Shot + Attributes for Classes

GLM4.6-V-FLash 0.508 £0.02 0.49040.02 0.521£0.04 24+£04%
Gemma3 27B Instruct 0.510 £0.02 0.4924+0.02 0.524+0.03 2.7+£0.3%
Qwen3 VL 32B Instruct 0.603 +=0.02 0.585 +0.02 0.621 =0.03 2.9+ 0.3%
Our Framework

GLM4.6-V-FLash 0.543 £0.01 0.6104+0.01 0.668+0.01 18.7+0.2%
Gemma3 27B Instruct 0.576 £0.01 0.6804+0.01 0.610£0.01 5.50+0.2%
Qwen3 VL 32B Instruct 0.640 +0.01 0.649 +£0.01 0.853 £0.03 25.0 £0.3%

Table 2. Comparisons with traditional type neuro-symbolic en-
gine. Continuous logic consistently outperforms hard thresholding
across all metrics.

Reasoning F1-Score Recall F1-Confident HRR  FNR
Hard Binarization 0.622 0.569 0.828 25.0% 14.3%
DEFUSAL (Ours) 0.640 0.649 0.853 25.0% 13.5%

the influence of symbolic attributes, we conducted experi-
ments with a knowledge-enhanced prompt that incorporates
class-specific attributes. For a fair comparison, we used the
same attributes as those defined in the Knowledge Graph.

4.1. Results

Table | reports the comparative performance. For Qwen3,
the neuro-symbolic pipeline attains an overall F1-Score of
0.640 (vs. a 0.526 baseline; +21.7% relative), while de-



ferring decisions on 25% of instances (HRR). On the sub-
set of accepted predictions, performance remains high (F1-
Confident = 0.853), demonstrating that the system is accu-
rate when it decides and cautious when it does not. The
knowledge-guided prompt alone already enhances identi-
fication (F1-Score 0.603), suggesting improved separation
between classes. By contrast, the baseline’s requirement
to predict on every sample reduces F1-Score, underscoring
that VLMs are miscalibrated (overly biased toward the head
of the long-tail UXO distribution) in safety-critical scenar-
ios.

To validate our choice of continuous fuzzy logic over
hard binarization, we compare two reasoning configurations
using the same Knowledge Graph and Qwen3 VL 32B In-
struct: (i) Hard Binarization — VLM outputs are thresh-
olded at 0.5 and processed through a standard boolean rule-
set, and (ii) Lukasiewicz PSL — our proposed continuous
reasoning engine. To explicitly assess long-tail robustness,
Table 2 from Section | reports per-class F1 scores for the
zero-shot baseline and our entire system. A critical de-
sign consideration for safety-critical systems is the ability
to tune the balance between automation coverage and risk
tolerance. The Uncertainty State can be governed by a scal-
ing factor «, such that a sample is deferred to human review
when:

IHJII Nie (y, a) > |Nreq (y*)‘ (7

In Equation (7), setting o = 1.0 defines our default config-
uration, as presented in Table 1. We adopt uniform weights
for interpretability. For a complete analysis, we also vary
« to examine how different conditions affect the results.
Changing «, an EOD operator can continuously trade au-
tomation coverage (lower HRR) for safety (lower FNR),
without any retraining. Figure 5 illustrates this trade-off for
Qwen3 VL 32B Instruct in ten configurations. This control-
lability is a key property for real-world EOD deployment,
where mission context dictates acceptable risk levels. Also,
please see the Appendix C.

Examples on difficult or rare instances can be found in
Appendix H. The summary of the results per class can be
found in the introductory section (Section 1), Figure 2.

4.2. Ablation Study

To validate our architectural choices, we analyse the contri-
bution of each module. Table 3 reveals a consistent pat-
tern: each module incrementally improves identification
(F1-Score) while progressively converting hazardous false
negatives into human-reviewable deferrals. Visual attributes
alone reduce FNR by 8.7 percentage points with negligible
coverage loss (HRR=2.9%). The knowledge graph intro-
duces a sharper safety—coverage trade-off, and the full sys-
tem achieves the strongest safety profile (FNR 13.5%, F1-
Confident 0.853), confirming that feedback-driven rejection
meaningfully improves overall reliability.

1 T
0.9
5
= 0.8
=
=
o
C o07h
a9
0.6 - —@— DEFUSAL (Qwen3) |
~k Default (a=1.0)
0.5 | | | | |
0 10 20 30 40 50
Human Review Rate (HRR) [%]
Figure 5. Coverage-Risk trade-off for DEFUSAL

(Qwen3 VL 32B). Each point corresponds to a distinct un-
certainty threshold « in Equation (7). Reducing o leads to
deferring more samples (higher HRR), keeping only the most
confident predictions and thereby increasing F1-Confident. The
red star indicates the default setting (a=1.0, F1-Conf=0.853,
HRR=25%).

Table 3. Ablation Study (Qwen3 VL 32B Instruct), impact of each
component of the framework.

Component F1-Score F1-Confidlent HRR FNR
Baseline VLM 0.526 0.526 0.0% 43.6%
+ Visual Attributes 0.603 0.621 29%  34.9%
+ Knowledge Graph 0.622 0.711 125% 26.5%
Full System 0.640 0.853 25.0% 13.5%

5. Conclusion

In this paper, we present a neuro-symbolic framework, DE-
FUSAL, that bridges the semantic gap between the flexi-
ble perceptual capabilities of Vision—Language Models and
the stringent safety requirements of EOD missions. Our
approach decouples perception (low-level attribute extrac-
tion) from reasoning (logical constraint satisfaction), yield-
ing three key advantages. First, it enhances safety through
a logic-based rejection mechanism that reduces false neg-
atives for long-tail UXO categories. Second, the frame-
work generalises without additional training: new ordnance
types can be incorporated simply by updating the Knowl-
edge Graph, mitigating data scarcity for rare classes. Third,
the pipeline is inherently interpretable—each identification
or rejection is supported by explicit logical rules and trace-
able attribute evidence, reducing reliance on opaque confi-
dence scores and limiting spurious or hallucinated reason-
ing. We invite readers to consult the reproducibility state-
ment in Appendix A, the human-in-the-loop recommenda-
tions in Appendix C, and the discussion of future research
directions in Appendix K.
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A. Reproducibility Statement

The proposed system is designed to be architecture-
agnostic, enabling the integration of any model provided
it is accessible through an OpenAl-compatible API or the
HuggingFace Transformers framework. For the experi-
ments reported in Section 4, all models were deployed lo-
cally using PagedAttention vLLM [23]. The framework
does not impose specific hardware requirements. Knowl-
edge nodes are defined through a configurable JSON struc-
ture that is parsed by the system, allowing users to eas-
ily adapt or extend the knowledge base. To ensure cross-
platform compatibility with respect to package dependen-
cies and versioning, the framework was validated across
multiple environments, including Windows 11, Ubuntu
25.10, and Fedora 40, with and without GPU support (via
public cloud providers). Details on code availability and
dataset access are provided in Appendix D. The dataset is
described in Appendix E. Notation is introduced in Sec-
tion 3.1, and additional qualitative results are presented in
Appendix H.

B. Limitations

The external reasoning capability depends on the coverage
of the defined Knowledge Graph. If a rare munition or a
novel improvised explosive device (IED) is absent from the
symbolic taxonomy, the Consistency Checker cannot eval-
uate it and therefore assigns high uncertainty. However,
the Knowledge Graph can be easily extended through the
JSON-based representation, allowing new ordnance types
to be incorporated without requiring additional training
data. In this sense, the system can generalise without re-

training. Second, although the implemented safeguards re-
duce the risk of reasoning loops, the underlying VLM re-
mains stochastic. As a result, the model may occasionally
oscillate between two similarly plausible yet incorrect inter-
pretations that remain logically consistent.

C. Human-In-The-Loop Recommendation

We emphasise that this work is designed as a Decision
Support System (DSS) and must never autonomously ex-
ecute the final decision in a defusal operation. The neuro-
symbolic framework is intended to augment the cognitive
capabilities of human EOD operators, not to replace them.
Given the severe consequences of error in the disposal of
unexploded ordnance, the final verification and neutrali-
sation decision must remain the responsibility of a qual-
ified specialist. The system is designed to highlight and
explain potential risks that human operators might over-
look due to fatigue or distraction, effectively acting as an
always-on automated “second pair of eyes” for UXO as-
sessment. A human-in-the-loop methodology [19, 33] is
therefore strongly recommended for all final UXO-related
decisions.

D. Code and Datasets

To foster transparency and accelerate safety research in the
humanitarian sector, we make all assets available:

* Code: The complete implementation of the Neuro-
Symbolic Loop, including the Knowledge Graph, en-
ergy functions, and feedback mechanism, is released un-
der Creative Commons Attribution 4.0 International
at Anonymous GitHub. We explicitly encourage commu-
nity audits of the safety logic and submit any request for
improvements.

» Dataset: The entire dataset, including additional classes,
can be found at IEEE Dataport, Zenodo or Hugging Face.
We used a custom repository of images collected from
real-world pyrotechnic interventions. The dataset was an-
notated by a certified EOD specialist. Specialised techni-
cal manuals [17, 18, 43] were also used to validate in-
formation on ammunition that the labelling expert was
unfamiliar or uncertain about. This dataset explicitly ad-
dresses the real distribution of munitions found in post-
conflict zones. The complete dataset and its description
were validated in the past. We provide a detailed descrip-
tion and a representative subset in Appendix E.


https://anonymous.4open.science/r/defusal_UXO_NeuroSymbolic-A1E8/
https://ieee-dataport.org/documents/ctx-uxo-comprehensive-dataset-detection-and-identification-unexploded-ordnances
https://zenodo.org/records/17052675
https://huggingface.co/datasets/UXO-Politehnica-Bucharest/Contextual_Vision_for_Unexploded_Ordnances

E. Long-Tailed Distributions in UXO Context

Classical supervised models for localisation, recognition
and specific identification methods often require a large,
representative dataset that is balanced between classes.
However, in practice, this is difficult to achieve for UXO,
as the prevalence of munitions varies. In statistics, this dis-
tribution phenomenon is known as the long-tail effect [36].
Long-tailed distributions are frequently encountered in en-
vironments that mirror real-world situations (primarily in
finance and industry) and represent a significant challenge
[26], which is itself the subject of research. Although pri-
mary metrics may appear promising, systems often fail dur-
ing real-world deployment due to the lack of a representa-
tive test set [58]. Addressing this issue in the context of
object detection, researchers [36] attempted a hierarchical
feature learning approach, achieving a 4.7% improvement
in mAP over baseline for the ImageNet dataset [13].

The current study uses a real-world dataset that has pre-
viously been validated. The long-tailed distribution of this
dataset is illustrated in Figure 6. The real-world UXO
prevalence is characterised by a multi-level long-tailed dis-
tribution. First, the domain of unexploded weapons/ord-
nance is sparsely represented in the general training cor-
pora of foundation models, making it a rare and specialised
knowledge area. Second, the intra-domain class distribution
is highly imbalanced, with a long tail of rare UXO type-
s/categories. The dataset is representative and consists of
actual UXO items collected over a four-year period. The
dataset D = {(x;,y;,a;)}, comprises N = 13,648 an-
notated ordnance instances. Data were collected over a
four-year period from active demining sectors, reflecting
the operational reality of field interventions targeting rem-
nants of the World Wars. Consequently, the class distri-
bution follows a heavy-tailed Zipfian power law (validated
with R? ~ 0.827):

P(y) o rank(y)™ %, a~3.19 (8)

As shown in Figure 6, the dataset is heavily biassed toward
the "head” categories, with classes such as Projectiles, Mor-
tar Bombs, and Grenades accounting for 89% of all sam-
ples. In contrast, certain other categories, for instance Mines
(Land Mines and Naval Mines (n = 34), fall into the far
end of the distribution tail and are represented only by a
very small number of examples. This distribution validates
the necessity for a logic-driven, zero-shot capable frame-
work, as standard data-driven learning fails to generalise to
these rare instances. We observe that in more recent con-
flicts, a broader variety of UXO types has emerged, includ-
ing adapted or modified versions. The strength of the cur-
rent system is that it is straightforward to update (via KG
defined in JSON format) to generalise to these new types.

In Figure 7, we added a sample for each class from the
used dataset.

F. Use of Foundation Models

Within the landscape of multimodal models, the funda-
mental distinction between classical Internal Reasoning, for
example Chain-of-Thought [57] and our proposed closed
loop feedback lies in the validation of the facts while forc-
ing the logic-guidance (no unfaithful reasoning). Although
internal reasoning unfolds as a linear probabilistic path
through latent space, producing a smooth, seemingly co-
herent chain of logic that can suffer from hallucinatory con-
sistency [30, 50] and gradual semantic drift when visual at-
tributes are missing, our approach instead functions as an
external stepwise reasoning procedure that breaks this pro-
cess into discrete, verifiable stages both for the framework
itself and for the human operator, stages specially designed
for UXO identification. By fragmenting the decision, the
process is made into a series of iterative queries (e.g., ’[...]
Is there a [attribute]? Look for the following criteria: guid-
ance_for_attributes’), the feedback loop forces the model to
break free from linguistic inertia and execute a mandatory
visual re-grounding within the image input tensors at every
step. Each step can be inspected by machine and by human.

We hypothesise that, although general-purpose Founda-
tion Models (FMs) exhibit strong zero-shot performance
on everyday objects, they are fundamentally unsuitable
for direct use in Unexploded Ordnance (UXO) mitiga-
tion unless heavily constrained or adapted to the do-
main, being difficult due to missing representative and bal-
anced datasets. This hypothesis is based on three funda-
mental inconsistencies between the training objectives of
the foundation model and the constraints of high-stakes
safety environments, originating from distributional shift
and long-tailed scarcity. Specifically, the pretraining dis-
tribution Dy, assigns a statistically negligible proba-
bility mass to UXO imagery (P(zyxo) = €), causing
models to default to high-probability priors of everyday
objects or most common UXO (see Appendix E), due
to feature space overlaps in surface texture. This repre-
sentational failure is severely exacerbated by the intrin-
sic incompatibility of probabilistic generation with safety
guarantees. Current Vision-Language Models (VLMs) are
trained by maximising token-sequence likelihood [9, 11,
39], maxg Y log P(w¢|w<y, I), a stochastic procedure that
favours semantic plausibility over factual accuracy. thus
lacking the specific framework/methods required to min-
imise the False Negative Rate essential for defusal opera-
tions. Furthermore, base models (object classification/de-
tectors) without internal reasoning rely on superficial man-
ifold mapping rather than causal physical reasoning, effec-
tively mapping visual inputs to semantic labels f : X — ),
a key shortcoming that our logic-guided framework over-
comes by embedding structured domain knowledge directly
into at test-time.
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Figure 6. Unexploded Ordnances Distribution. While this distribution characterises real-world historical contamination, being the distribu-
tion from real pyrotechnic intervention, we acknowledge that in recent asymmetric conflicts, the Landmine class has seen a proliferation in
usage and priority for intelligent analysis [16], effectively shifting it towards the ‘head’ of the distribution in modern operational theatres.
The tail can be extended with UXOs from more recent conflicts (eg. submunitions, bombs modified to be used by UAVs). The system is
capable of generalising by making updates to the knowledge graph, including new types of UXOs. New fields are automatically interpreted

and incorporated into described logical mechanisms

G. Additional Related Works

The necessity for interpretability and robustness has driven
the adoption of neuro-symbolic Al in safety-critical fields,
such as medical imaging and industrial inspection. For ex-
ample, knowledge graphs have been used to guide chest ra-
diograph diagnosis, ensuring that neural predictions align
with medical ontologies [61]. They achieved a 4% gain in
F1-Score along with improved explainability. Similarly, in
industrial settings, researchers [48] introduced a neurosym-
bolic framework using Logic Tensor Networks (LTN) that
effectively bridges the performance gap in open-set defect
detection. Although supervised baselines suffer from per-
formance drops in new/unseen defects, their method main-
tains recall rates comparable to the state-of-the-art unsuper-
vised (e.g., 85% in unseen anomalies) without sacrificing
precision in known classes. They validate that symbolic
constraints can successfully adapt to unseen variations. This
hybrid approach is relevant in safety-critical applications,
as it ensures that data-driven predictions remain physically
grounded and logically consistent. Supervised methods are
feasible for UXO localisation and binary detection, but they

cannot reliably identify specific UXO types because repre-
sentative, balanced datasets are lacking, representing real-
world distribution. Inductive few-shot learning [44, 55]
can handle situations with imbalanced datasets, but they
often struggle with cross-domain adaptation. Transductive
few-shot methods [53], such as maximisation of test infor-
mation [8], require optimised centroids or adaptive layers,
the main dependency being the choice of a representative
support subset. However, such systems lack explainability
capabilities, making post-hoc analyses based on Local In-
terpretable Model-Agnostic Explanations (LIME) [41] or
gradient-based methods [54] necessary to understand fi-
nal output/predictions in safety-critical applications such as
UXO identification. With respect to safety-critical domains,
the system operator needs feedback along with the predic-
tion itself. Otherwise, the decision-support system may lead
to the generation of false negative predictions that can have
serious repercussions. Knowledge-Enhanced Computer Vi-
sion systems integrate external knowledge, often in seman-
tic form, to improve decision-support systems and/or to ex-
plainability capabilities. Such dual approaches based on
semantic knowledge added on top of multimodal models
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Figure 7. Visual examples of the dataset classes. The UXOs in the dataset are exactly in the same condition, position, configuration, and

appearance as they were found in the field during real interventions.

have been introduced in the past [62], where the authors im-
plemented a multimodal decision system that outperforms
three out of five human experts and achieves superior results
compared to classical transfer learning methods in the zero-
shot paradigm in four different datasets. Researchers [60]
introduced the ERNIE-ViL framework, which consists of
parsing multimodal output using Scene Graph Knowledge.
By establishing connections between objects, attributes, and
relationships, ERNIE-VIL [60] achieves a 3.7% improve-
ment on the VCR Leaderboard. To incorporate neuro-
symbolic knowledge effectively, it is requisite to define a
logical reasoning mechanism that complements the pattern
analysis/recognition capabilities of neural networks. Ac-
cording to researchers [35, 45], a foundational approach
is first-order logic (FOL), which introduces expressivity
through predicates, quantifiers, and variables to enforce
“hard constraints” on model output. For example, in UXO
detection contexts, FOL can impose axiomatic rules such as
Va(Landmine(x) = Bakelite(z)), ensuring that the
properties of specific materials inherently imply the pres-

ence of a target. However, the primary challenge in inte-
grating FOL with deep learning lies in its discrete, non-
differentiable nature. Beyond rule-based constraints, rea-
soning can be structured through Ontological Logic, often
formalised as Description Logic (DL) [22]. This paradigm
focusses on the hierarchical organisation of semantic rela-
tionships, effectively distinguishing between terminologi-
cal schemas (TBox) and specific assertions (ABox). When
integrated into neuro-symbolic architectures, these ontolo-
gies are frequently mapped into vector spaces via Knowl-
edge Graph Embeddings [56], allowing the neural network
to learn and respect the underlying topology of the domain
while maintaining semantic fidelity. Addressing the inher-
ent noise and uncertainty of real-world signal acquisition
requires moving beyond binary truth values to probabilistic
frameworks. Probabilistic logic based on Markov Chains,
specifically Markov Logic Networks (MLNs) [42], extends
first-order logic by attaching weights to formulas. For this
model, a violated rule does not render a world impossible,
but rather less probable. To resolve this efficiency bottle-



neck, Probabilistic Soft Logic (PSL) [4, 37] has emerged as
a compelling alternative that uses continuous truth values
within the interval [0, 1]. In the current study, PSL relaxes
logical operators using the Lukasiewicz t-norms, such that
a logical conjunction A A B transforms into the arithmetic
operation max(0, A + B — 1), and negation —A becomes
1 — A. We elaborate on specific aspects related to KG and
logical operators in Section 3.

H. Qualitative Results

To gain deeper insight into the behavior of the neuro-
symbolic framework, we perform a qualitative study of
three representative cases: (1) robust identification, (2) con-
firmation bias, and (3) error correction. We characterize the
system’s dynamics by tracking the Knowledge Graph En-
ergy (J K G), which quantifies constraint violations (Equa-
tion 1), together with the PSL consistency score (PPSL),
computed from the energy configuration (Equation 3).

Listing 1. Prompt used for the baseline model

Unknown:

Select this class ONLY if the visible features do
NOT match the REQUIRED attributes of any
other class.

Respond only with a JSON object containing the
predicted class:

"class": "ClassName"

If the object fits multiple classes, choose the
one with the most matching REQUIRED
attributes.

Listing 3. Prompt used in the DEFUSAL Framework

You are an expert EOD (Explosive Ordnance
Disposal) technician.

Analyze the object in this image and classify it
into one of the following categories.

CLASSES:
{classes_str}

Respond with a JSON object containing the
predicted class.

Format:

{

"class": "ClassName"

If you are unsure, choose the most likely class
based on visual features.

Each prompt functions as a soft program that constrains
VLM behaviour while preserving flexibility. Listing 1 is
employed for baseline inference (VLM), Listing 2 is uti-
lized for knowledge-augmented inference, and Listing 3 is
used for our proposed framework.

Listing 2. Class-specific constraints used in the prompt

You are an expert EOD (Explosive Ordnance
Disposal) technician.

Analyze the object in this image and classify it
into one of the following categories,
adhering strictly to the visual constraints
defined below.

CLASSES AND CONSTRAINTS:
{constraints}

Analyze the object in this image.
Score each attribute from 0.0 to 1.0 based ONLY
on visual evidence.

SCORING GUIDELINES:

- 0.0: not visible

- 0.3--0.5: partially visible / uncertain
- 0.6--0.8: clearly visible

- 0.9--1.0: very certain

{pairs_text}

VISUAL ATTRIBUTE DEFINITIONS (use JSON keys with
underscores) :

{formatted_descriptions}

OUTPUT FORMAT:
— Return a JSON object with ALL keys listed below

— Start from this template and only change values
you see evidence for:

{template_json}

Missing keys will be treated as 0.0, but do not
omit keys.

Example:
{

"tail_fins": 0.7,
"teardrop_shaped_front": 0.6

{guidelines}

I. Use of Large Language Models

We used Gemini 3 Pro Academics for sentence-level gram-
mar refinement and code readability edits. All conceptual
contributions, proofs, experiments, implementations, and
analyses are our own.
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Figure 8. The Grenade is correctly identified by both the neuro-symbolic system (ypsr; = Grenade) and the baseline model. The system
identifies strong supporting evidence and only minor constraint violations for Grenade (Energy Jx¢ = 0.60 J), clearly outperforming
the next best hypotheses: Mine (Jxc = 1.50) and Aviation Bomb (Jxc = 2.10). The probabilistic logic corroborates this with high
confidence: Ppgr, = 0.70 1, compared to P(Mine) = 0.30. The identification is supported by strong evidence for required attributes such
aspull_ring and segmented body_pattern.
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Figure 9. A case where the neuro-symbolic system chose Rocket, while the baseline correctly predicts Projectile, a common class in
the head of long-tailed UXO distributions. Initial graph energies were high for all top candidates: Rocket (1.70), Cartridge (1.80), and
Projectile (2.00). The PSL engine (7, 1(315) 1, = 0.80) triggered the Feedback Loop. The mechanism queried the VLM again (“Is the rear
open?”), and the VLM reinforced it, with confidence increasing 0.80 — 0.95. This confirmation bias lowered the energy for Rocket
() 1(325) 1 = 0.20), misleading the system into a confident but wrong final decision. This is a difficult case, as many distinctive projectile
features are missing, the image angle is unfavorable, and the munition is oxidized; however, y = Projectile is ranked among the top three
candidates. In such cases, the tracing (including extracted attributes) can be monitored by the specialist to make informed decisions.
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Figure 10. A successful example in which the neuro-symbolic system surpasses the baseline (which predicted Projectile). The initial
graph-based hypothesis favored Mortar Bomb (Jxc = 1.40) over Mine (1.55) and Grenade (2.15). The initial PSL assessment was

uncertain (7, 1(315)

1 = 0.50, Prob ~ 0.108) because of conflicting information. The feedback loop was activated on tail_fins. The

VLM’s follow-up evaluation confirmed the presence of tail fins with higher confidence (0.80 — 0.95). This increased the probability to

Ppsy, = 0.37, effectively resolving the earlier ambiguity.

J. Computational Analysis

The MAP objective is addressed using a constrained SLSQP
(Sequential Least Squares Programming) optimiser on the
probability simplex, enforcing bounds P(y) € [0,1] and
the equality constraint >, P(y) = 1. We initialise P(y)
from the knowledge-graph scores by applying a softmax
to the negative energies, and we handle disjunctive re-
quirements/exclusions via the max t-conorm (for example,
I(ay V a2) = max(I(a1),I(az2))). If the optimiser ei-
ther fails or yields non-finite outputs, we revert to the ini-
tial posterior. The final prediction is assigned to UNCER-
TAIN whenever the PSL energy of the top-ranked class ex-
ceeds the number of required attributes. Optimisation meth-
ods for neuro-symbolic frameworks were validated in other
closed-loop neural symbolic approaches [27]. The knowl-
edge graph comprises V| = 47 vertices and |E| = 137
edges that encode the domain constraints. For each image,
PSL inference instantiates O(]Y| x |A]) = 9 x 38 = 342
candidate facts. In the convex formulation of HL-MREF, the
inference of MAP has a complexity O(n?) in the number
n of grounded atoms. The PSL optimization step itself re-
quires little computational effort, taking just 3.58 ms per
image, while the feedback loop adds , on average, a further
367 ms when this cost is amortised across all samples (in-
cluding those that never invoke feedback). The capability
to deploy the framework on real-time systems also depends
on the selected VLM backbone’s size and the extent of the
optimizations applied to it.

K. Future Research Directions

Future work will extend the current framework beyond
class-level labels toward dense attribute-level annotations
(e.g., specific fuze types, corrosion levels, and paint mark-
ings) in order to more accurately assess the risk associated
with both the ordnance class and its observed attributes. We
also aim to close the learning loop by using the success-
ful reasoning dialogues generated by the system as train-
ing data. By fine-tuning a smaller, specialised VLM on
these logically verified reasoning traces, we intend to dis-
til the knowledge of the neuro-symbolic framework into
a faster end-to-end model suitable for edge deployment.
This distilled model will additionally serve as a baseline for
analysing the trade-off between primary performance met-
rics and secondary constraints, particularly inference time
and memory usage. Another research direction concerns
deeper identification capabilities. Beyond recognising the
UXO category, we aim to infer characteristics related to the
calibre and origin of the ammunition in order to estimate ex-
plosion parameters and appropriate safety measures. While
prior studies primarily focused on UXO/NON-UXO locali-
sation and classification, the present work advances the task
by identifying the UXO type (e.g., mortar bomb) together
with a reasoning trace. Future work will extend this capa-
bility to subtype identification and risk estimation (e.g., a
mortar bomb of calibre 82 mm associated with elevated risk
due to the presence of an oxidised fuze).
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