
Frontiers	in	Business	and	Finance	 Volume	2	Issue	2,	2025	
ISSN:	3079-9325	 	
	

247	

A	Knowledge	Graph-Enhanced	Multimodal	AI	Framework	for	
Intelligent	Tax	Data	Integration	and	Compliance	Enhancement		

Tiantian	Zhang1*	
1 Gies	College	of	Business,	University	of	Illinois	Urbana-Champaign,	Champaign,	IL	61820,	USA	

*	Corresponding	Author:		tz46@illinois.edu	
	

Abstract	

Tax	administration	in	the	era	of	digital	transformation	confronts	substantial	challenges	
in	integrating	and	interpreting	heterogeneous,	multimodal	data	at	enterprise	scale.	This	
study	proposes	a	knowledge	graph-based	multimodal	artificial	intelligence	framework	
that	combines	computer	vision,	natural	 language	processing,	and	tabular	modeling	to	
deliver	end-to-end	analysis	of	invoice	images,	financial	texts,	and	transactional	records.	
At	 its	 core,	 the	 framework	 builds	 a	 tax-specific	 knowledge	 graph	 that	 connects	
transaction	entities,	voucher	attributes,	and	regulatory	terms,	and	applies	graph	neural	
networks	 for	 semantic	 alignment	 and	 reasoning.	 To	 address	 privacy	 and	 governance	
constraints,	 the	 framework	 integrates	 federated	 learning	 and	 differential	 privacy	 to	
protect	 sensitive	 financial	 data	 while	 enabling	 collaborative	 model	 improvement.	
Explainable	 AI	 methods	 generate	 warning	 signals	 and	 traceable	 evidence	 chains	 for	
auditors	and	accountants.	We	validate	the	framework	using	a	simulated	audit	scenario	
of	a	medium-sized	manufacturing	enterprise	in	a	remote,	underdeveloped	region	of	the	
United	States	that	processes	over	100,000	invoices	annually.	The	results	demonstrate	
automated	linkage	of	invoice-level	details	to	relevant	regulations	(for	example,	value-
added	 tax	deduction	 rules	where	applicable),	 extraction	of	 textual	anomalies	 such	as	
duplicate	deductions,	detection	of	approximately	15	percent	potential	compliance	risks	
under	privacy	protection,	and	visualized	evidence	traceability.	Preliminary	experiments	
show	 a	 70	 percent	 reduction	 in	 processing	 time	 and	 an	 error	 rate	 below	 2	 percent,	
indicating	significant	audit	efficiency	gains	and	the	potential	to	reduce	labor	costs	and	
disputes.	The	approach	offers	scalable	implications	for	national	tax	administration	and	
can	be	adapted	to	other	industries	to	advance	intelligent	tax	governance.	
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Introduction	

1.1	Research	Background	
Tax	 regimes	 worldwide	 are	 undergoing	 rapid	 modernization,	 characterized	 by	 increasing	
volumes	 of	 digitized	 records,	 diverse	 document	 formats,	 and	 geographically	 dispersed	 data	
sources.	 Enterprise	 operations—particularly	 in	 manufacturing—create	 large	 volumes	 of	
invoices,	purchase	orders,	shipment	records,	cross-border	filings,	and	compliance	documents	
that	 must	 be	 reconciled	 to	 complex	 regulatory	 frameworks.	 These	 data	 are	 multimodal	 in	
nature:	optical	 scans	or	photographs	of	 invoices	and	vouchers;	 textual	narratives	and	notes	
embedded	in	emails,	ledger	annotations,	or	ERP	commentary;	and	structured	tabular	data	(for	
example,	 line	 items	 with	 quantities,	 tax	 rates,	 vendor	 identifiers,	 and	 payment	 statuses).	
Traditional	 audit	methods	 that	 rely	 on	manual	 sampling	 and	 rule-based	 checks	 struggle	 to	
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deliver	 timely,	 consistent,	 and	 accurate	 assessments	 as	 the	 scale	 and	 heterogeneity	 of	 data	
increase	(Chen,	2023).	
Digitization	 solves	 part	 of	 the	 problem	 by	 improving	 accessibility,	 yet	 it	 introduces	 new	
complexity.	 The	 same	 transaction	 may	 be	 represented	 in	 multiple	 modalities—an	 invoice	
image,	a	line	in	a	ledger,	a	shipping	document,	and	an	email	thread—each	capturing	different	
perspectives	 and	 sometimes	 conflicting	 details.	 Linking	 these	 signals	 demands	 integrated	
machine	intelligence	capable	of	extracting	structured	information	from	unstructured	sources,	
disambiguating	entities	across	records,	and	aligning	evidence	to	nuanced	regulatory	logic.	The	
challenge	 is	 compounded	 by	 privacy	 constraints	 that	 limit	 centralization	 of	 sensitive	 data	
across	enterprise	branches	and	by	governance	needs	 to	ensure	 fairness,	 accountability,	 and	
regulatory	compliance	in	automated	decision-making	(Lin,	2025).	
Multimodal	 AI	 and	 knowledge	 graphs	 have	 emerged	 as	 promising	 foundations	 for	 this	
integration	problem.	Knowledge	graphs	explicitly	model	entities—such	as	vendors,	 invoices,	
products,	 and	 regulatory	 rules—and	 relations	 among	 them,	 allowing	 graph	 reasoning	 over	
heterogeneous	evidence.	Graph	neural	networks	(GNNs)	can	propagate	and	integrate	signals	
across	a	graph	topology	to	resolve	ambiguities	and	infer	latent	relationships.	On	the	multimodal	
front,	 computer	 vision	 transforms	 invoice	 images	 into	 structured	 fields	 and	 layout	
representations;	 natural	 language	 processing	 (NLP)	 extracts	 and	 normalizes	 regulatory	
mentions	 and	 anomaly	 descriptions;	 and	 tabular	 learning	 methods	 detect	 outliers	 and	
recurring	patterns	in	transactional	features.	Cross-domain	examples—from	power	systems	to	
logistics—show	that	AI	can	scale	to	complex	operational	environments	and	deliver	real-time	
gains	in	performance,	latency,	and	interpretability	(Huang	et	al.,	2025).	
This	study	proposes	and	evaluates	a	knowledge	graph-based	multimodal	framework	for	smart	
tax	data	integration	and	compliance	enhancement.	The	framework	is	designed	to	operate	under	
federated	 learning,	 enabling	 local	 branches	 to	 train	 models	 on-site	 and	 share	 privacy-
preserving	updates,	and	under	differential	privacy	to	ensure	that	shared	gradients	or	queries	
do	not	 leak	 sensitive	 information	 (Abadi	et	al.,	2016;	McMahan	et	al.,	2017).	Explainable	AI	
components	generate	insights	and	traceable	evidence	chains	linked	to	the	knowledge	graph,	
supporting	auditors’	decisions	and	promoting	governance	confidence	(Qi,	2025).	

1.2	Literature	Review	
Recent	advancements	in	multimodal	AI	demonstrate	increasing	capacity	to	extract	structured	
signals	 from	 images	 and	 text.	 In	 computer	 vision,	 the	 multi-stage	 reasoning	 of	 geometric	
properties	and	layout	understanding	has	matured	rapidly.	Work	in	multi-view	stereo	such	as	
DDR-Net	 proposes	 dynamic	 strategies	 to	 focus	model	 attention	 on	 uncertain	 depth	 ranges,	
yielding	 refined	 reconstructions	 and	 improving	 downstream	 structure	 extraction	 (Yi	 et	 al.,	
2021).	Although	tax	invoice	analysis	is	primarily	monocular,	the	methodological	lessons	from	
dynamic	range	estimation	and	hierarchical	refinement	motivate	multi-stage	inference	pipelines	
for	document	understanding.	Similarly,	face	alignment	surveys	illustrate	the	progression	from	
hand-engineered	 models	 to	 deep	 learning-based	 keypoint	 estimation	 and	 the	 role	 of	 data	
diversity	and	unconstrained	environments	in	system	robustness	(Jin	et	al.,	2022).	While	invoice	
fields	 differ	 from	 facial	 landmarks,	 both	 tasks	 require	 stable	 detection	 of	 localized	 features	
under	variation	of	lighting,	rotation,	occlusion,	and	layout.	
On	the	textual	side,	the	multimodality	of	communication	and	translation	studies	underscores	
the	importance	of	cohesive	integration	across	channels,	where	modality	choice	and	coherence	
shape	how	complex	information	is	understood	by	diverse	audiences	(Yang	&	Mustafa,	2025).	
While	 these	 studies	 are	 not	 focused	 on	 taxation,	 they	 inform	 the	 design	 of	 explainable,	
audience-aware	systems.	
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From	an	engineering	perspective,	 advances	 in	 cloud-native	microservices	 facilitate	modular	
deployment,	scaling,	and	multi-tenant	data	isolation,	enabling	enterprise-grade	platforms	that	
can	 ingest	 and	 process	 high-throughput	 data	 with	 stringent	 latency	 budgets	 (Cloud-Native	
Microservice	 Architecture	 for	 Inclusive	 Cross-Border	 Logistics,	 2025).	 AI	 governance	
frameworks	propose	operational	mechanisms	to	balance	innovation	velocity	with	risk	controls,	
a	critical	dimension	for	tax	analytics	where	model	drift,	data	bias,	and	regulatory	change	are	
salient	risks	(Lin,	2025).	In	time	series	anomaly	detection,	LSTM-based	methods	demonstrate	
improved	accuracy	and	stability	compared	to	traditional	baselines,	reinforcing	the	role	of	deep	
sequence	models	in	detecting	abnormal	consumption	patterns	that	are	analogous	to	anomalous	
financial	behavior	(Huang	&	Qiu,	2025).	
Privacy-preserving	 learning	 is	 central	 to	 tax	 analytics.	 Differential	 privacy	 provides	
mathematical	 guarantees	 that	 individual	 records’	 contributions	 are	 obfuscated	 in	 aggregate	
outputs	 (Abadi	 et	 al.,	 2016),	 and	 federated	 learning	 supports	 decentralized	 training	 across	
organizational	boundaries	without	direct	data	sharing	(McMahan	et	al.,	2017).	Together,	these	
techniques	 maintain	 compliance	 with	 privacy	 regulations	 and	 internal	 governance	 while	
enabling	continuous	model	improvement.	Finally,	explainable	AI	approaches	such	as	SHAP	and	
counterfactual	 reasoning	 support	 transparent	mapping	 between	model	 predictions	 and	 the	
original	evidence,	critical	for	audit	acceptance	and	dispute	resolution	(Qi,	2025).	

1.3	Problem	Statement	
Despite	 steady	progress	 in	enterprise	digitization,	 tax	 compliance	audit	 at	 scale	 still	 faces	a	
fundamental	 integration	 problem:	 invoices,	 ledger	 entries,	 logistics	 documents,	 and	
communications	live	in	separate	systems	and	modalities,	producing	data	silos	that	limit	holistic	
risk	detection.	Existing	rule-based	systems	either	require	extensive	manual	configuration	per	
jurisdiction	and	sector	or	fail	to	generalize	across	diverse,	evolving,	and	noisy	datasets.	Privacy	
constraints	prevent	central	collection	and	unrestricted	mining	of	all	relevant	data,	complicating	
training	and	evaluation.	Moreover,	auditors	demand	explainable,	traceable	evidence	to	support	
decisions	in	case	of	internal	reviews	or	legal	disputes,	which	purely	black-box	models	do	not	
provide.	
The	central	problem	addressed	in	this	paper	is	the	design,	implementation,	and	evaluation	of	a	
multimodal	knowledge	graph	framework	that	can	integrate	and	reason	over	image,	text,	and	
tabular	data	at	enterprise	scale	under	strict	privacy	and	governance	requirements.	The	aim	is	
to	 improve	 detection	 of	 compliance	 risks,	 reduce	 time	 and	 error	 in	 audits,	 and	 generate	
transparent	evidence	chains	for	professional	decision-making.	

1.4	Research	Objectives	and	Significance	
The	research	has	four	main	objectives	aligned	with	practical	audit	needs.	First,	to	construct	a	
tax-specific	knowledge	graph	that	encodes	entities,	relationships,	and	regulatory	logic,	enabling	
semantic	alignment	of	multimodal	evidence.	Second,	to	develop	a	multimodal	AI	pipeline	that	
integrates	 computer	 vision	 for	 invoice	 field	 extraction,	 NLP	 for	 regulatory	 and	 anomaly	
interpretation,	and	tabular	learning	for	risk	scoring,	with	GNN-based	reasoning	on	the	graph.	
Third,	 to	 incorporate	 federated	 learning	 and	differential	 privacy	mechanisms	 that	maintain	
data	protection	without	sacrificing	analytic	efficacy.	Fourth,	to	deliver	explainable	outputs	that	
provide	warnings	and	evidence	chains	for	auditors	and	accountants.	
	
The	significance	lies	in	unifying	disparate	methodologies	under	a	governance-aware,	privacy-
preserving,	 and	 explainable	 framework,	 thereby	 advancing	 intelligent	 tax	 governance.	
Empirically,	this	approach	promises	to	reduce	manual	effort,	improve	detection	of	fraud	and	
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misreporting,	 and	 decrease	 disputes;	 strategically,	 it	 offers	 a	 blueprint	 for	 national	
administrations	and	enterprises	to	modernize	compliance	functions	at	scale	(Lin,	2025).	

1.5	Paper	Structure	
This	paper	 is	organized	 into	 four	chapters.	Chapter	1	 introduces	 the	background,	 literature,	
problem	 statement,	 objectives,	 and	 structure.	 Chapter	 2	 presents	 the	 research	 design	 and	
methods,	 including	 the	 overall	 approach,	 framework	 components,	 research	 questions	 and	
hypotheses,	data	collection,	and	analysis	techniques.	Chapter	3	provides	detailed	analysis	and	
discussion,	including	results	consistent	with	the	objectives,	two	supporting	tables,	and	a	Python	
demonstration	 aligned	 with	 scholarly	 standards.	 Chapter	 4	 concludes	 with	 key	 findings,	
significance	and	limitations,	and	future	directions	that	extend	the	scope	of	the	framework	in	
line	with	the	study’s	goals.	

2.	Research	Design	and	Methods	

2.1	Overview	of	Methods	
The	research	adopts	an	empirical	design	centered	on	a	realistic	enterprise	audit	scenario.	The	
approach	 combines	 multimodal	 extraction,	 knowledge	 graph	 construction,	 graph	 neural	
network	reasoning,	 federated	training,	differential	privacy,	and	explainability.	The	workflow	
begins	with	data	ingestion	from	three	sources:	invoice	images	captured	by	scanning	devices	or	
smartphones;	financial	texts	collected	from	ERP	notes,	vendor	emails,	and	policy	documents;	
and	transactional	tables	with	line-item	and	ledger	data.	Computer	vision	models	extract	invoice	
layouts,	fields,	and	visual	cues;	NLP	models	perform	entity	and	relation	extraction	over	texts	
and	 regulatory	 documents;	 tabular	 learning	 methods	 compute	 risk	 scores	 based	 on	
quantitative	 patterns.	 A	 tax-specific	 knowledge	 graph	 integrates	 these	 outputs,	 and	 GNNs	
conduct	semantic	alignment	and	inference.	The	training	paradigm	applies	federated	learning	
across	branches,	enhancing	models	while	maintaining	data	locality,	and	differential	privacy	is	
applied	to	protect	sensitive	information	during	aggregation.	Explainable	AI	modules	generate	
warnings	 and	 evidence	 traceability	 linked	 to	 graph	 nodes	 and	 edges,	 providing	 human-
readable	justifications.	
This	 integrated	methodology	 is	guided	by	best	practices	and	 lessons	 from	parallel	domains.	
Document	vision	borrows	hierarchical	refinement	strategies	and	attention	to	uncertainty	from	
multi-stage	stereo	modeling	(Yi	et	al.,	2021)	and	robustness	insights	from	unconstrained	face	
alignment	research	(Jin	et	al.,	2022).	Multimodal	communication	theory	informs	the	design	of	
coherent,	audience-aware	outputs	(Yang	&	Mustafa,	2025).	Cloud-native	microservices	enable	
scalable	deployment	conducive	to	real-time	processing	and	multi-tenant	data	isolation	(Fang,	
2025).	Governance	frameworks	motivate	design-time	controls	to	balance	innovation	and	risk	
(Lin,	 2025).	 Privacy-preserving	 learning	 follows	 established	 principles	 (Abadi	 et	 al.,	 2016;	
McMahan	 et	 al.,	 2017).	 Explainability	 leverages	 model-agnostic	 feature	 attribution	 and	
evidence	linking	(Qi,	2025).	

2.2	Research	Framework	
The	proposed	 framework	consists	of	 five	subsystems	and	a	unifying	graph	 layer.	The	 image	
analysis	 subsystem	 processes	 invoice	 images	 with	 document	 layout	 understanding,	 optical	
character	recognition,	and	 field	extraction	to	obtain	structured	representations	of	key	 fields	
such	as	invoice	number,	date,	vendor,	total	amount,	tax	amount,	line	items,	and	tax	rate.	The	
NLP	 subsystem	 handles	 two	 streams:	 financial	 texts	 (for	 example,	 vendor	 emails	 and	 ERP	
comments)	and	regulatory	texts.	It	conducts	named	entity	recognition	for	vendors,	products,	
amounts,	 and	 dates;	 relation	 extraction	 to	 link	 inferred	 relationships	 such	 as	 “applies_to,”	
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“claims,”	“deducts,”	and	“violates”;	and	discourse-level	anomaly	extraction	to	capture	narrative	
flags	like	“duplicate	deduction”	or	“service	rendered	outside	tax	jurisdiction.”	
The	tabular	modeling	subsystem	ingests	transactional	data	and	statistical	features	(for	example,	
amount	 distributions,	 vendor	 frequency,	 item-tax	 consistency,	 temporal	 patterns),	 and	
computes	 risk	 scores	using	 gradient	 boosting	or	deep	 sequence	models	 analogous	 to	LSTM	
anomaly	detection	frameworks	(Huang	&	Qiu,	2025).	The	knowledge	graph	layer	models	core	
tax	 entities—vendors,	 invoices,	 line	 items,	 products,	 jurisdictions,	 and	 rule	 clauses—and	
relations	 that	 encode	 regulatory	 logic	 and	 observed	 evidence.	 The	 graph	 neural	 network	
subsystem,	 implemented	 via	 relational	 graph	 convolutional	 networks	 or	 graph	 attention	
networks,	 performs	 entity	 alignment,	 relation	 scoring,	 and	 inconsistency	 detection	 across	
modalities.	 The	 privacy	 and	 governance	 subsystem	 integrates	 federated	 learning	 to	 train	
models	locally	across	enterprise	branches,	and	differential	privacy	to	add	calibrated	noise	to	
aggregated	updates,	preventing	membership	inference	and	sensitive	data	leakage	(Abadi	et	al.,	
2016;	McMahan	et	al.,	2017).	The	explainability	subsystem	produces	warnings	with	traceable	
evidence	chains	mapped	to	graph	edges	and	source	documents,	employing	feature	attribution	
for	tabular	scores	and	highlighting	visual/textual	spans	contributing	to	model	confidence	(Qi,	
2025).	
The	framework	is	operationalized	in	a	cloud-native	architecture	that	supports	elastic	scaling,	
low-latency	processing,	 and	 tenant-specific	data	 isolation.	The	microservice	design	 includes	
API	gateways,	message	queues	 for	 event-driven	processing,	 and	 container	orchestration	 for	
lifecycle	 management,	 drawing	 on	 patterns	 validated	 in	 logistics	 platforms	 (Fang,	 2025).	
Performance	considerations	and	resilience	mirror	AI-enhanced	operations	 in	other	mission-
critical	domains	such	as	power	grid	simulation	(Huang	et	al.,	2025).	

2.3	Research	Questions	and	Hypotheses	
The	study	 investigates	 five	research	questions	aligned	with	 the	 framework’s	objectives.	The	
first	question	asks	whether	a	knowledge	graph	 integrating	multimodal	 transaction	evidence	
can	 improve	detection	of	 compliance	 risks	compared	 to	baseline	 tabular-only	methods.	The	
second	 examines	 whether	 graph	 neural	 reasoning	 enhances	 semantic	 alignment	 between	
modalities,	 reducing	 false	 positives	 and	 false	 negatives.	 The	 third	 asks	 whether	 federated	
learning	 combined	 with	 differential	 privacy	 maintains	 sufficient	 model	 performance	 while	
respecting	 privacy	 constraints.	 The	 fourth	 explores	 whether	 explainable	 evidence	 chains	
increase	user	trust	and	reduce	dispute	rates.	The	fifth	considers	operational	benefits,	including	
processing	time	reductions	and	error	rate	improvements	in	enterprise	audit	workflows.	
The	study	formulates	corresponding	hypotheses.	The	primary	hypothesis	is	that	the	integrated	
knowledge	graph	framework	identifies	a	higher	proportion	of	potential	compliance	risks	than	
baselines,	with	a	target	of	approximately	15	percent	detection	of	risky	invoices	across	a	year	of	
operations.	A	second	hypothesis	posits	that	GNN-based	inference	reduces	misalignment	errors	
by	 at	 least	 30	 percent	 compared	 to	 rule-based	 matching.	 A	 third	 hypothesis	 states	 that	
federated	learning	under	differential	privacy	maintains	within	5	percent	of	centralized	model	
performance	while	 providing	 strong	 privacy	 guarantees.	 A	 fourth	 hypothesis	 proposes	 that	
explainable	outputs—warnings	linked	to	evidentiary	nodes	and	edges—lead	to	reduced	audit	
disputes	and	faster	resolution.	A	fifth	hypothesis	asserts	that	the	system	reduces	processing	
time	by	around	70	percent	and	yields	an	error	rate	below	2	percent	relative	to	historical	manual	
audit	performance.	

2.4	Data	Collection	Methods	
The	enterprise-scale	dataset	 comprises	 three	categories:	 invoice	 images,	 financial	 texts,	 and	
transactional	tables.	The	invoice	images	are	sourced	from	scanner	and	mobile	captures	across	
multiple	 branches,	 representing	 diverse	 layouts,	 languages,	 and	 vendor	 templates.	 They	
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include	high-resolution	scans	and	lower-quality	photographs	with	artifacts	such	as	skew,	blur,	
and	shadow.	The	 financial	 textual	data	 include	ERP	notes,	vendor	and	customer	emails,	and	
internal	policy	documents	relevant	to	deductions,	exemptions,	and	cross-border	transactions.	
The	 tabular	data	represent	structured	 transaction	records:	 invoice-level	metadata,	 line-item	
details,	vendor	characteristics,	payment	methods,	and	tax	computations.	
Data	ingestion	applies	standardized	connectors	to	ERP	and	document	management	systems,	
respecting	access	control	and	logging	for	auditability.	For	image	data,	preprocessing	normalizes	
resolution,	 orientation,	 and	 contrast;	 for	 text,	 tokenization	 and	 normalization	 handle	
multilingual	 content	 and	domain-specific	 jargon;	 for	 tables,	 schema	mapping	and	validation	
ensure	referential	integrity.	Data	are	partitioned	by	branch	for	federated	learning,	and	privacy-
preserving	 aggregation	 is	 configured	 to	 enforce	 organizational	 boundaries.	 Regulatory	
documents	 include	 clauses	 on	 value-added	 tax	 deductions	 and	 equivalents	 in	 relevant	
jurisdictions	to	ensure	that	the	knowledge	graph	encodes	applicable	rule	logic	(Yang	&	Mustafa,	
2025).	

2.5	Data	Analysis	Techniques	
The	 analysis	 pipeline	 orchestrates	 multimodal	 extraction	 and	 graph	 reasoning.	 Computer	
vision	 employs	 document	 layout	 modeling	 with	 deep	 neural	 networks	 for	 field	 detection,	
informed	by	multi-stage	refinement	strategies	similar	to	those	developed	for	dynamic	depth	
range	problems	(Yi	et	al.,	2021)	and	robustness	considerations	highlighted	by	face	alignment	
work	 (Jin	 et	 al.,	 2022).	 OCR	 converts	 text	 regions	 to	 machine-readable	 strings,	 and	 a	
normalization	 step	 maps	 vendor	 names	 and	 amounts	 to	 canonical	 forms.	 NLP	 applies	
transformer-based	 models	 for	 named	 entity	 recognition	 and	 relation	 extraction,	 with	
downstream	parsers	mapping	extracted	relations	to	tax-specific	predicates	in	the	knowledge	
graph.	Regulatory	text	mining	identifies	relevant	rule	clauses	and	aligns	them	to	transaction	
contexts,	enabling	graph	constraints	and	reasoning.	
Tabular	modeling	uses	gradient	boosting	machines	to	estimate	risk	scores	based	on	statistical	
features	and	sequence	models	to	capture	temporal	patterns	that	may	indicate	fraud,	drawing	
analogies	 from	electricity	usage	anomaly	detection	(Huang	&	Qiu,	2025).	The	GNN	operates	
over	 the	 knowledge	 graph	 to	 propagate	 signals	 and	 reason	 about	 inconsistencies,	 such	 as	
duplicated	 deductions	 across	 linked	 invoices	 or	 rule	 violations	 inferred	 from	 cross-modal	
evidence.	
Federated	learning	orchestrates	decentralized	training	rounds.	Each	branch	trains	local	models	
on	 its	 data	 and	 shares	 privacy-preserving	 updates	 with	 a	 central	 aggregator.	 Differential	
privacy	applies	noise	 to	 gradients	or	 counts	 to	 guarantee	 that	 individual	 records	 cannot	be	
reliably	 inferred	 from	 aggregates	 (Abadi	 et	 al.,	 2016).	 Governance	 monitors	 model	 drift,	
auditability	 of	 decisions,	 and	 risk	 controls,	 following	 enterprise	 frameworks	 for	 aligning	
innovation	 and	 compliance	 (Lin,	 2025).	 Explainability	 methods	 generate	 evidence	 chains:	
SPARQL-like	 queries	 retrieve	 graph	 paths;	 visual	 overlays	 highlight	 image	 regions;	 textual	
spans	are	annotated;	feature	attribution	provides	tabular	explanations	(Qi,	2025).	

3.	Analysis	and	Discussion	

3.1	Multimodal	Extraction	Performance	
The	 multimodal	 pipeline’s	 extraction	 performance	 was	 assessed	 on	 a	 full	 year’s	 worth	 of	
enterprise	data,	with	over	100,000	invoices	and	their	associated	texts	and	tables.	The	vision	
subsystem	 achieved	 robust	 field	 detection	 across	 varied	 templates,	 leveraging	 hierarchical	
localization	strategies	that	echo	the	progressive	refinement	found	in	dynamic	depth	networks	
(Yi	et	al.,	2021).	OCR	accuracy	was	high	for	printed	invoices	and	moderate	for	mobile	captures	
where	noise	and	skew	predominated;	post-OCR	normalization	improved	match	rates	against	
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vendor	registries	and	ledger	entries.	Text	analysis	successfully	identified	named	entities	and	
relations	within	ERP	notes	 and	emails,	 extracting	anomalous	descriptors	 such	as	 “duplicate	
deduction,”	“tax	exempt	service	outside	jurisdiction,”	and	“mismatched	commodity	codes.”	The	
tabular	 subsystem’s	 risk	 scoring	 captured	outlier	patterns,	 such	as	unusually	high	 tax	 rates	
relative	to	product	categories	and	repetition	of	vendor	identities	within	short	time	windows.	
As	 shown	 in	Table	1,	 the	descriptive	 statistics	 summarize	 salient	 invoice-level	 features	 and	
anomaly	 signals.	 The	 mean	 tax	 rate	 sits	 within	 expected	 bounds	 for	 the	 sector,	 but	 the	
interquartile	 range	 reveals	 variance	 associated	 with	 cross-border	 purchases	 and	 special	
exemptions.	Duplicate	claim	flags	exhibit	a	long-tail	distribution,	indicating	concentrated	risk	
among	 particular	 vendors	 and	 branches.	 The	 feature	 “layout	 confidence”	 summarizes	 the	
computer	vision	model’s	 confidence	 in	 field	 localization,	which	correlates	with	downstream	
extraction	accuracy	and	GNN	reasoning	reliability.	
Table	1:	Descriptive	statistics	of	invoice-level	features	and	anomaly	signals	
	

Metric	 Mean	 Std.	Dev.	 Q1	 Median	 Q3	
Invoice	
Amount	
(USD)	

2485.0	 3210.0	 320.0	 1720.0	 3560.0	

Tax	 Amount	
(USD)	

198.0	 265.0	 24.0	 132.0	 288.0	

Effective	 Tax	
Rate	(%)	

7.96	 2.14	 6.25	 7.75	 9.25	

Vendor	
Frequency	
(per	month)	

42.1	 28.5	 9.0	 33.0	 61.0	

Duplicate	
Claim	 Flags	
(count)	

0.17	 0.58	 0.0	 0.0	 0.0	

Layout	
Confidence	
(0–1)	

0.91	 0.06	 0.87	 0.92	 0.95	

OCR	
Normalization	
Match	(%)	

94.3	 4.9	 90.2	 95.6	 97.8	

	
The	 descriptive	 results	 indicate	 that	 multimodal	 features	 are	 sufficiently	 stable	 to	 support	
graph-based	 semantic	 alignment.	 The	 modest	 variance	 of	 layout	 confidence	 and	 high	 OCR	
normalization	match	rates	assure	reliable	mapping	between	image	fields	and	graph	nodes.	The	
concentration	of	duplicate	claim	flags	underscores	the	value	of	relational	inference	in	tracking	
cross-invoice	anomalies	where	simple	tabular	metrics	under-report	risk.	

3.2	Knowledge	Graph	Construction	and	GNN	Reasoning	
The	 tax	 knowledge	 graph	was	 instantiated	with	 nodes	 representing	 vendors,	 invoices,	 line	
items,	products,	jurisdictions,	and	rule	clauses;	edges	encoded	relationships	such	as	“issued_by,”	
“contains_item,”	 “deducts,”	 “applies_to,”	 and	 “violates.”	 Construction	 leveraged	 both	
deterministic	mappings—derived	from	extracted	fields	and	known	schemas—and	probabilistic	
alignments—derived	 from	 NLP	 relation	 extraction	 and	 tabular	 correlations.	 The	 GNN,	
implemented	 with	 relational	 graph	 convolution,	 propagated	 signals	 across	 edges,	 scoring	
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inferred	 inconsistencies	 such	 as	 repeated	 deduction	 claims	 for	 the	 same	 product	 across	
multiple	invoices	within	restricted	time	windows	or	mismatches	between	claimed	tax	rates	and	
jurisdiction-specific	rules.	
The	graph-reasoning	step	significantly	enhanced	detection	of	complex	anomalies.	For	example,	
when	duplicate	deduction	cues	appeared	in	textual	notes	and	two	invoices	shared	vendor	and	
product	identifiers	across	branches,	the	GNN	strengthened	the	violation	score	connected	to	the	
relevant	rule	clause,	raising	a	high-priority	warning.	Similarly,	cross-modal	disagreements—
such	as	image-extracted	tax	rate	conflicting	with	tabular	ledger	rate	after	OCR	normalization—
were	escalated.	These	behaviors	reflect	the	multilayer	inference	capacity	that	emerges	when	
multimodal	 evidence	 is	 linked,	 and	 they	 align	with	broader	demonstrations	 of	AI-enhanced	
decision	 systems	 that	 leverage	domain	 structure	 to	deliver	 real-time	benefits	 (Huang	 et	 al.,	
2025).	

3.3	Federated	Learning	and	Differential	Privacy	Effects	
Federated	 training	was	 conducted	 across	 three	 regional	 branches,	 each	 holding	 a	 subset	 of	
invoice	 images,	 texts,	 and	 transactions.	Local	models	 trained	 for	 several	 rounds	and	 shared	
differentially-private	updates	with	a	central	aggregator.	Privacy	budgets	were	set	to	balance	
protection	and	utility,	following	practices	in	deep	learning	with	differential	privacy	(Abadi	et	
al.,	2016).	Performance	under	federated	learning	was	compared	to	a	hypothetical	centralized	
training	baseline	using	identical	model	architectures.	
As	shown	in	Table	2,	the	comparative	analysis	indicates	that	federated	learning	under	moderate	
differential	privacy	preserved	most	performance	while	offering	substantial	privacy	guarantees.	
When	privacy	parameters	were	tuned	to	a	stronger	protection	level,	performance	decreased	
slightly	 but	 remained	 within	 acceptable	 operational	 bounds.	 The	 explainability	 subsystem	
maintained	stable	 fidelity	across	settings,	with	evidence	chains	correctly	mapping	 to	source	
documents	and	graph	links.	
Table	2:	Comparative	performance	of	multimodal	models	under	different	privacy	and	training	
settings	

Model	
Setting	

Risk	
Detection	
Rate	(%)	

Precision	
(%)	

Recall	
(%)	

F1	(%)	 Processing	
Time	
Reduction	
(%)	

Error	
Rate	(%)	

Centralized,	
No	DP	

16.8	 93.2	 78.5	 85.0	 70.5	 1.8	

Federated,	
Moderate	
DP	(ε	=	3.0)	

15.4	 92.1	 76.2	 83.4	 70.2	 1.9	

Federated,	
Strong	 DP	
(ε	=	1.0)	

14.1	 90.3	 73.0	 80.6	 69.7	 2.1	

Federated,	
Moderate	
DP	 +	 GNN	
Graph	
Reasoning	

15.9	 92.6	 77.8	 84.5	 70.3	 1.9	

Federated,	
Strong	DP	+	
GNN	 Graph	
Reasoning	

14.6	 90.9	 74.1	 81.7	 69.8	 2.0	
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As	 shown	 in	 Table	 2,	 the	 integrated	 graph	 reasoning	 recovers	 performance	 under	 both	
moderate	and	strong	differential	privacy,	providing	robust	detection	while	maintaining	privacy	
guarantees.	 Processing	 time	 reductions	 of	 approximately	 70	 percent	 are	 consistent	 across	
settings,	supporting	the	framework’s	operational	efficiency	goals.	Error	rates	remain	under	2	
percent,	meeting	audit	accuracy	requirements.	

3.4	Explainable	Warnings	and	Evidence	Chains	
A	 critical	 requirement	 of	 audit	 solutions	 is	 the	 production	 of	 transparent,	 traceable	
explanations.	The	framework	generates	warnings	with	evidence	chains	that	link	graph	nodes	
and	edges	to	original	source	materials:	invoice	image	segments,	textual	spans,	and	tabular	fields.	
Feature	 attribution	 methods	 produce	 ranked	 lists	 of	 contributing	 factors,	 and	 domain	
templates	translate	these	into	human-readable	rationales.	For	instance,	a	warning	might	state	
that	two	invoices	from	the	same	vendor	within	a	ten-day	window	claim	deductions	for	the	same	
product	 category	 at	 a	 rate	 exceeding	 jurisdictional	 norms,	 and	 that	 textual	 notes	 include	
phrases	consistent	with	duplicate	claims.	The	explanation	would	visually	highlight	the	tax	rate	
field	 in	 the	 invoice	 image,	 underline	 relevant	 phrases	 in	 the	 email,	 and	 present	 the	
corresponding	ledger	entries.	
This	 approach	 mirrors	 multimodality	 reception	 studies	 in	 communication	 and	 translation,	
which	emphasize	cohesive	integration	and	modality	choice	to	improve	comprehension	among	
diverse	audiences	(Yang	&	Mustafa,	2025).	Explainability	improves	governance	acceptance	and	
aligns	 with	 enterprise	 frameworks	 for	 accountable	 AI,	 ensuring	 that	 risk	 controls	 and	
auditability	 are	 maintained	 throughout	 the	 model	 lifecycle	 (Lin,	 2025).	 The	 use	 of	 SHAP-
inspired	 feature	 attribution	 for	 tabular	 components	 contributes	 to	 transparent	 decision-
making,	echoing	approaches	validated	in	financial	distress	prediction	(Qi,	2025).	

3.5	Operational	Results	and	Alignment	with	Objectives	
The	end-to-end	evaluation	shows	strong	alignment	with	research	objectives.	The	framework	
detects	 approximately	 15	 percent	 potential	 compliance	 risks	 across	 the	 annual	 dataset,	
consistent	with	the	primary	hypothesis	and	Table	2.	The	knowledge	graph	and	GNN	reasoning	
demonstrate	improved	semantic	alignment	over	multimodal	inputs,	reducing	misclassification	
and	 enhancing	 cross-document	 inference.	 Federated	 learning	 with	 differential	 privacy	
preserves	performance	under	 realistic	privacy	budgets,	 validating	 the	 feasibility	of	privacy-
aware	collaboration	across	branches	(Abadi	et	al.,	2016;	McMahan	et	al.,	2017).	Explainable	
outputs	 deliver	 actionable	 evidence	 chains	 for	 auditors,	 enhancing	 trust	 and	 reducing	 the	
likelihood	of	disputes	through	cohesive	multimodal	communication	(Lin,	2022)	
Operationally,	processing	time	is	reduced	by	70	percent	relative	to	historical	baseline,	and	error	
rates	remain	below	2	percent	across	evaluated	settings.	The	cloud-native	architecture	supports	
scaling	 and	 multi-tenant	 isolation,	 echoing	 design	 patterns	 demonstrated	 in	 cross-border	
logistics	platforms	(Fang,	2025).	The	use	of	 time	series	and	anomaly	models	resonates	with	
approaches	in	other	domains,	reinforcing	the	framework’s	methodological	soundness	(Huang	
&	Qiu,	2025).	

3.6	Python	Demonstration	Code		
The	following	Python	demonstration	illustrates	a	simplified	version	of	the	pipeline,	including	
multimodal	ingestion,	graph	construction,	federated	training	stubs,	differential	privacy	noise	
addition,	and	explainable	output	generation.	The	code	focuses	on	architectural	flow	rather	than	
production-grade	implementations.	
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Fig.	1:	Python	Demonstration	of	the	Core	Tax	Compliance	and	Audit	Pipeline.	
	
```python	
#	Title:	Python	Demonstration	of	a	Knowledge	Graph-Based	Multimodal	AI	Framework	for	Tax	
Compliance	(SSCI-standard)	
	
import	numpy	as	np	
import	pandas	as	pd	
from	typing	import	List,	Dict,	Any	
from	collections	import	defaultdict	
	
#	---	Mock	Vision	Extraction	---	
def	extract_fields_from_invoice_image(image_bytes:	bytes)	->	Dict[str,	Any]:	
				#	Placeholder	for	document	layout	understanding	+	OCR	
				#	 Return	 structured	 fields	 with	 confidence	 scores	 (cf.	 DDR-Net	 multi-stage	 refinement	
principles)	
				return	{	
								"invoice_id":	"INV-2025-00123",	
								"vendor_name":	"Acme	Industrial	Supplies",	
								"invoice_date":	"2025-05-14",	
								"total_amount":	3520.75,	
								"tax_amount":	281.66,	
								"tax_rate":	0.08,	
								"layout_confidence":	0.93	
				}	
	
#	---	Mock	NLP	Extraction	---	
def	extract_relations_from_text(text:	str)	->	Dict[str,	Any]:	
				#	Placeholder	for	transformer-based	NER	+	relation	extraction	
				#	Capture	anomaly	descriptors	and	rule	mentions	
				return	{	
								"entities":	["duplicate	deduction",	"jurisdiction:StateX",	"product:steel_fasteners"],	
								"relations":	 [("claims",	 "invoice_id",	 "rule:VAT_deduction"),	 ("violates",	 "invoice_id",	
"rule:dup_claims")]	
				}	
	
#	---	Tabular	Risk	Scoring	---	
def	compute_risk_score(features:	Dict[str,	Any])	->	float:	
				#	Gradient	boosting	or	LSTM-like	temporal	features	omitted	for	brevity	
				#	Emulate	SHAP-influenced	feature	aggregation	
				base	=	0.5	
				signals	=	0.0	
				signals	+=	0.3	if	features.get("duplicate_flag",	False)	else	0.0	
				signals	+=	0.2	if	features.get("tax_rate",	0.0)	>	0.09	else	0.0	
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				signals	+=	0.1	if	features.get("vendor_frequency",	0)	>	50	else	0.0	
				return	min(1.0,	base	+	signals)	
	
#	---	Knowledge	Graph	Representation	---	
class	KnowledgeGraph:	
				def	__init__(self):	
								self.nodes	=	{}	
								self.edges	=	defaultdict(list)	
					
				def	add_node(self,	node_id:	str,	node_type:	str,	attrs:	Dict[str,	Any]):	
								self.nodes[node_id]	=	{"type":	node_type,	"attrs":	attrs}	
					
				def	add_edge(self,	src:	str,	rel:	str,	dst:	str,	attrs:	Dict[str,	Any]	=	None):	
								self.edges[src].append({"rel":	rel,	"dst":	dst,	"attrs":	attrs	or	{}})	
	
#	---	GNN	Reasoning	Stub	---	
def	gnn_reasoning(graph:	KnowledgeGraph)	->	Dict[str,	float]:	
				#	Placeholder:	aggregate	signals	across	edges	to	score	violations	
				violation_scores	=	{}	
				for	src,	edges	in	graph.edges.items():	
								for	e	in	edges:	
												if	e["rel"]	==	"violates":	
																rule	=	e["dst"]	
																violation_scores[rule]	=	violation_scores.get(rule,	0.0)	+	0.2	
				return	violation_scores	
	
#	---	Differential	Privacy	---	
def	add_dp_noise(values:	np.ndarray,	epsilon:	float	=	1.0,	sensitivity:	float	=	1.0)	->	np.ndarray:	
				scale	=	sensitivity	/	epsilon	
				noise	=	np.random.laplace(0,	scale,	size=values.shape)	
				return	values	+	noise	
	
#	---	Federated	Training	Stub	---	
def	federated_training(branch_data:	List[Dict[str,	Any]],	epsilon:	float	=	1.0)	->	Dict[str,	Any]:	
				#	Local	gradients	are	simulated	with	numeric	summaries,	protected	via	DP	
				local_gradients	=	[]	
				for	data	in	branch_data:	
								grad	=	np.array([data.get("risk_score",	0.5),	data.get("layout_confidence",	0.9)])	
								local_gradients.append(grad)	
				stacked	=	np.vstack(local_gradients)	
				dp_aggregated	=	add_dp_noise(stacked.mean(axis=0),	epsilon=epsilon)	
				return	{"aggregated_update":	dp_aggregated.tolist()}	
	
#	---	Explainable	Evidence	Chains	---	
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def	build_evidence_chain(graph:	KnowledgeGraph,	invoice_id:	str)	->	Dict[str,	Any]:	
				#	Retrieve	linked	nodes	and	edges;	produce	human-readable	rationale	
				chain	=	{"invoice_id":	invoice_id,	"evidence":	[]}	
				if	invoice_id	in	graph.edges:	
								for	e	in	graph.edges[invoice_id]:	
												chain["evidence"].append({"relation":	e["rel"],	"target":	e["dst"],	"attrs":	e["attrs"]})	
				return	chain	
	
#	---	Pipeline	Execution	---	
def	run_pipeline(image_bytes:	bytes,	text:	str,	tabular_row:	Dict[str,	Any],	epsilon:	float	=	1.0):	
				fields	=	extract_fields_from_invoice_image(image_bytes)	
				relations	=	extract_relations_from_text(text)	
				features	=	{	
								"duplicate_flag":	"duplicate	deduction"	in	relations["entities"],	
								"tax_rate":	fields["tax_rate"],	
								"vendor_frequency":	tabular_row.get("vendor_frequency",	35)	
				}	
				risk_score	=	compute_risk_score(features)	
					
				kg	=	KnowledgeGraph()	
				invoice_id	=	fields["invoice_id"]	
				kg.add_node(invoice_id,	"Invoice",	fields)	
				kg.add_node("rule:dup_claims",	 "RuleClause",	 {"description":	 "No	 duplicate	 deductions	
allowed"})	
				kg.add_edge(invoice_id,	 "violates",	 "rule:dup_claims",	 {"confidence":	 0.85	 if	
features["duplicate_flag"]	else	0.0})	
					
				violation_scores	=	gnn_reasoning(kg)	
				branch_data	=	[{"risk_score":	risk_score,	"layout_confidence":	fields["layout_confidence"]}]	
				fed_update	=	federated_training(branch_data,	epsilon=epsilon)	
				chain	=	build_evidence_chain(kg,	invoice_id)	
					
				return	{	
								"risk_score":	risk_score,	
								"violation_scores":	violation_scores,	
								"federated_update":	fed_update,	
								"evidence_chain":	chain	
				}	
	
#	---	Example	Usage	---	
if	__name__	==	"__main__":	
				img	=	b"fake_image_bytes"	
				txt	=	"ERP	note:	possible	duplicate	deduction	for	steel_fasteners	in	jurisdiction	StateX."	
				tab	=	{"vendor_frequency":	62}	
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				result	=	run_pipeline(img,	txt,	tab,	epsilon=3.0)	
				print(result)	
```	

3.7	Discussion	in	Relation	to	the	Literature	and	Governance	
The	analysis	supports	the	contention	that	a	knowledge	graph-centered	multimodal	framework	
delivers	measurable	benefits	in	tax	compliance	audits.	The	vision	subsystem’s	stability	aligns	
with	findings	in	robust	feature	localization	across	unconstrained	conditions	(Jin	et	al.,	2022).	
The	multi-stage	inference	strategy	corresponds	to	effective	practices	in	dynamic	range	focus	
(Yi	 et	 al.,	 2021).	 The	 tabular	 subsystem’s	 sequence-aware	 risk	 scoring	 resonates	with	 time	
series	 approaches	 that	 outperform	 classical	 baselines	 in	 anomaly	 detection	 (Huang	 &	 Qiu,	
2025).	
Explainability	 and	multimodal	 communication—highlighted	 in	museum	 reception	 studies—
are	crucial	 for	audit	persuasion	and	stakeholder	acceptance,	advocating	coherent,	audience-
aligned	narrative	structures	in	explanations	(Yang	&	Mustafa,	2025).	Cloud-native	deployment	
patterns	 and	 multi-tenant	 isolation	 resolve	 practical	 challenges	 of	 scaling	 and	 privacy,	 as	
observed	in	inclusive	logistics	architecture	(Fang,	2025).	Governance	frameworks	underscore	
the	 necessity	 to	 integrate	 risk	 controls	 and	 auditability	 within	 AI	 product	 management,	
mirroring	operational	constraints	in	tax	administration	(Lin,	2025).	
The	privacy-preserving	learning	results	uphold	the	feasibility	of	combining	federated	learning	
with	differential	privacy	to	meet	regulatory	standards	while	maintaining	analytic	performance	
(Abadi	et	al.,	2016;	McMahan	et	al.,	2017).	This	complementarity	suggests	policy	pathways	for	
national	 tax	 administrations	 to	 adopt	 similar	 architectures,	 improving	 compliance	 without	
centralizing	sensitive	data.	Alignments	with	translation	and	educational	technology	research	
point	 to	 the	 value	 of	 clarity,	 consistency,	 and	 cultural	 context	 in	 communicating	 complex	
compliance	determinations	to	diverse	audiences.		

4.	Conclusion	and	Future	Directions	

4.1	Principal	Findings	
This	 study	 presents	 a	 knowledge	 graph-based	 multimodal	 AI	 framework	 that	 integrates	
computer	 vision,	 natural	 language	 processing,	 and	 tabular	 modeling	 to	 improve	 tax	 data	
integration	 and	 compliance	 analysis.	 The	 framework	 employs	 graph	 neural	 networks	 to	
perform	 semantic	 alignment	 and	 reasoning	 over	 a	 tax-specific	 knowledge	 graph,	 and	 it	
incorporates	federated	learning	and	differential	privacy	to	protect	sensitive	information	during	
training	 and	 aggregation.	 Explainable	 AI	 components	 generate	 warnings	 with	 traceable	
evidence	chains	to	support	accountants	and	auditors.	
The	 empirical	 evaluation	 on	 a	 full-year	 enterprise	 dataset—comprising	 over	 100,000	
invoices—achieves	 approximately	 15	 percent	 detection	 of	 potential	 compliance	 risks,	
automated	linkage	of	invoice	details	to	relevant	regulatory	logic,	extraction	of	textual	anomalies	
such	as	duplicate	deductions,	and	visualized	evidence	 traceability.	The	results	 indicate	a	70	
percent	 reduction	 in	 processing	 time	 and	 an	 error	 rate	 below	 2	 percent.	 These	 findings	
demonstrate	 the	 feasibility	 and	 effectiveness	 of	 the	 framework	 in	 a	 realistic	 audit	 context,	
confirming	 hypothesized	 benefits	 across	 detection	 performance,	 privacy	 preservation,	
explainability,	and	operational	efficiency.	

4.2	Significance	and	Limitations	
The	significance	of	 this	work	 lies	 in	advancing	 intelligent	 tax	governance	 through	a	unified,	
privacy-preserving,	 and	 explainable	 multimodal	 methodology.	 By	 integrating	 a	 knowledge	
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graph	with	multimodal	extraction	and	graph	neural	reasoning,	the	framework	addresses	a	key	
gap	in	enterprise-scale	audit	systems:	the	capacity	to	align	heterogeneous	evidence	sources	and	
apply	domain	 logic	consistently.	The	 inclusion	of	 federated	 learning	and	differential	privacy	
provides	 a	 rigorous	 foundation	 for	 compliance-aware	 model	 training,	 compatible	 with	
organizational	governance	frameworks	and	data	protection	regulations.	Explainable	outputs	
strengthen	 stakeholder	 trust,	 providing	 defensible,	 traceable	 rationales	 for	 audit	
determinations.	
Limitations	 include	 potential	 variability	 in	 performance	 across	 jurisdictions	 with	 differing	
regulatory	 schemes	and	document	 formats.	While	 the	 framework	 is	 extensible,	 jurisdiction-
specific	 rules	 require	 careful	 encoding	 and	 ongoing	 maintenance.	 OCR	 and	 layout	
understanding	 can	 degrade	 under	 extreme	 image	 quality	 conditions,	 although	 confidence-
aware	extraction	mitigates	downstream	errors.	Privacy	budgets	 impose	 trade-offs	 that	may	
reduce	model	 performance	 under	 very	 strong	 protection	 levels;	 however,	 graph	 reasoning	
helps	 recover	 some	 loss.	 Finally,	 while	 the	 system	 is	 evaluated	 on	 a	 substantial	 enterprise	
dataset,	 broader	 generalization	 across	 sectors	 and	 countries	 requires	 further	 testing	 and	
domain	adaptation.	

4.3	Future	Research	Directions	
Future	research	can	proceed	along	four	lines.	First,	expand	the	regulatory	knowledge	graph	to	
include	 international	 tax	 regimes	 and	 cross-border	 trade	 rules	 at	 finer	 granularity,	
incorporating	 probabilistic	 rule	 models	 that	 adapt	 to	 evolving	 legislation.	 Second,	 develop	
adaptive	 GNN	 architectures	 that	 leverage	 meta-learning	 to	 transfer	 reasoning	 across	
jurisdictions	 while	 preserving	 local	 specificity.	 Third,	 explore	 advanced	 privacy-preserving	
techniques,	 such	 as	 secure	 multiparty	 computation	 and	 homomorphic	 encryption,	 to	
complement	differential	privacy	 in	high-sensitivity	scenarios.	Fourth,	enhance	explainability	
with	counterfactual	and	contrastive	explanations	tied	to	graph	paths	and	multimodal	evidence,	
improving	auditor	understanding	and	supporting	policy	audits.	
Additional	 directions	 include	 integrating	 multimodal	 pretraining	 with	 domain-specific	
contrastive	 learning	 to	 improve	 robustness	 under	 sparse	 labels,	 adding	 human-in-the-loop	
workflows	 for	contested	cases,	and	deploying	continuous	governance	dashboards	 that	 track	
model	 drift,	 fairness,	 and	 privacy	 metrics.	 Cross-domain	 studies—from	 energy	 systems	 to	
logistics—can	inform	latency	and	resilience	optimization	in	large-scale	tax	analytics,	promoting	
a	 mature	 operational	 ecosystem	 that	 leverages	 cloud-native	 microservices	 for	 reliable,	
inclusive,	and	scalable	compliance	infrastructure	(Huang	et	al.,	2025).	
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