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Abstract: —The heterogeneous enterprise data pipelines continue to accept representations of a single real world object in
structurally incompatible forms which are relational tables, semi structured documents, unstructured text and non textual streams
like audio and imagery. Classical methods of integration solve the problem of syntactic alignment by means of schema mapping
and type coercion, whereas they do not provide principled mechanisms to reason in terms of semantic intent across the boundaries
of the modality. The research presented in this paper proposes a conceptual and architectural framework, Multimodal Data Empathy
Layer (MDEL), which processes every incoming data object according to semantic intent based on the source context, encoding
medium, and source authority, instead of semantic structure. An architecture with three layers is suggested, including a layer of
semantic embedding of cross-modal projection of vectors, empathy reconciliation layer of alignment and conflict resolution, and a
single semantic store of provenance-dotted and concept-organized output. The empathy contract is a predicate quality based on the
value of the data item and the modality that the data item originated; per-source empathy contracts applied at the reconciliation
format are described as modality aware quality predicates defined at the reconciliation boundary. The first-class governance
artifacts involve the introduction of the reconciliation log and cross-modal quality signal schema that allow detecting drift and
engineering control loop feedback. Discussed are engineering principles that can be used to handle ETL orchestration integration,
a tiered empathy toward streaming workloads, and the concept of reconciliation that is cognizant of fairness. The framework
cohesively bridges the structural gaps in literature on multimodal ML, literature on data governance, and literature on data quality
that captures how each of the modality alignment, provenance, and quality management can be tackled but not integrated.
Keywords: multimodal data integration, semantic reconciliation, data empathy, cross-modal alignment, modality-aware quality
semantics, data governance, heterogeneous pipelines, provenance
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Gap addressed by MDEL

No data-platform governance; no provenance
model; model-layer focus only

Schema-centric; no cross-modal semantic
alignment; no empathy construct

Structural heterogeneity only; modality
semantics not modelled

No probabilistic or semantic quality dimensions

Single-modality; no cross-modal agreement
scoring

No modality-aware predicates; no per-source
reliability model

Not real-time; no streaming empathy layer;
governance only at rest

Static documentation; no live ETL integration or
conflict resolution

Risk framing only; no data engineering
implementation layer

Post-training artifact; no upstream data
integration governance

Model training objective; not a data governance
or pipeline construct



Literature

# Reference Core contribution Gap addressed by MDEL
cluster
1 Baltrusaitis et Multimodal ML Fusion strategy No data-platform governance; no provenance
al. [1] taxonomy classification model; model-layer focus only

Contrastive Contrastive Representation learning only; no reconciliation

1 tal. [1
3 Oord etal. [13] learning predictive coding or contract layer

14 Gama et al. [14] Concept drift Survey on concept | Feature-space drift; not semantic concept drift in

drift adaptation integration pipelines
Data governance | Operationalisin Single-source governance; no cross-modal
15 Nadal et al. [15] £ . P & £ g. .
automation data governance empathy or quality signals

The 15 references span five literature clusters: multimodal ML (1-2), data integration theory (3-5), data quality
frameworks (6—7), data governance and responsible Al (8—11), and cross-modal representation learning (12—13).
Concept drift (14) and governance automation (15) ground the control-loop and lifecycle sections. The MDEL
framework is positioned at the intersection of all five clusters.

1. INTRODUCTION

The growth of data modalities within the enterprise settings has exceeded the ability of the classical integration
architectures to bring them together semantically. One financial transaction event can generate a typed database entry,
a JSON API payload, a scanned contract document, and a recorded approval call 0: Each purports an identical
underlying entity in structurally incompatible representations. Schema-on-write data stores are only syntactically
consistent in a given modality but offer no means of detecting that a PDF-extracted interest rate of 4.875%, is different
from a database field value of 4.75% on the same instrument.

It is in classical data integration studies that heterogeneity is first tackled whereby schema matching, entity
resolution, and canonical data models are applied [3],[4],[5]. These methods are essentially syntactic: they concern
the question of whether a field in one schema is reflected in a field in another, and not the question of whether two
pieces of data which belong to different modalities mean the same thing. The development of multimodal machine
learning has demonstrated computational tractability of cross-modal semantic alignment [1],[2],[12],[13], but this
literature does not govern data engineering, provenance, or quality semantics. The data quality frameworks [6],[7]
describe the multi-dimensional quality features, but they are applicable only to a given modality. The responsible Al
literature [9],[11] and data governance standards [8],[10] are provenance and risk management standards but do not
view the operational pipeline implementation of multi-modal pipelines. Governance automation work [15] targets the
single-source pipelines. The consequence is a structural disjuncture: there is no principled system of pipelines that
need to simultaneously ingest, reconcile and quality-verify data between; structured, semi-structured, unstructured
and non-textual modalities on contractual guarantee.

The paper provides filling this gap by making five contributions namely: (1) a formal definition of the data
empathy property and the Multimodal Data Empathy Layer (MDEL) as an architectural primitive; (2) a three-tier
architecture in MDEL instantiation in enterprise pipelines; (3) a modality-specific quality predicate model describing
per-source empathy contracts formalised as quality predicates conditioned on source modality; (4) the reconciliation
log and cross-modal quality signal schema as first-class artifacts; and (5) engineering principles in ETL integration,
streaming, drift detection, and fairness-aware reconciliation.

2. BACKGROUND AND RELATED WORK
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Table I summarises the 15 references used in this paper and the specific MDEL gap each leaves open. Five
literature clusters are discussed below.

A. Multimodal machine learning

Baltruosaitis et al. generate the primary taxonomy of multimodal fusion means early, late and hybrid and
describe the alignment, translation and co-learning as the problems of multimodal learning [1]. Liang et al. build on
this base by surveying the current developments in multimodal alignment and fusion in ACM Computing Surveys [2].
Both the works prove the fact that cross-modal semantic similarity can be measured and contrastive training has the
ability to align cross-modal embeddings [12]. The formalisation of the paradigm of contrastive learning of this
alignment was independently developed by Oord et al. [13]. The data infrastructure layer (provenance, conflict
resolution, and quality contract enforcement) is not addressed whatsoever. MDEL uses the concept of cross-modal
vector projection as Tier 1 of its model but repackages it as a data governance mechanism instead of a model training
process.

B. Data integration theory

Lenzerini formalises the theoretical underpinnings of data integration, which makes use of global as view and
local as view semantic mappings [5]. According to Dong and Srivastava, scale and velocity are the key challenges of
integration of big data, and give an overview positioning of the issue space [3]. The integration architecture of the
enterprise is covered by Bernstein and Haas [4]. All three works deal with heterogeneity as a structural irregularity of
incompatible schemas, other formats that are not modelled based on the semantic-intent gap that occurs when the same
real world fact entered radically different encoding media. This gap is directly tackled by MDEL by the empathy
property definition in Section III.

C. Data quality frameworks

The multi-dimensional data quality model that is used by most enterprise quality frameworks was established
by Wang and Strong [6]. Batini and Scannapieco take it further to an extent of treating quality dimensions,
measurements and how it can be improved [7]. The rules apply both quality properties, accuracy, completeness,
consistency, timeliness at record or field level within one modality each in both frameworks. Both of them do not
offer quality predicates which would be conscious of the modality: a predicate that would trigger differently when the
value came in through either SQL, OCR, or ASR. Section V defines the nature of quality evaluation in MDEL
modality-specific quality predicate model, which is conditional on encoding medium.

D. Data governance and responsible Al

The FAIR data principles [8] provide governance of interoperability and reuse of scientific data which is
focused on data-at-rest and does not cover real-time reconciliation pipelines. Gebru et al. [9] present Datasheets of
Datasets as a provenance documentation standard, Mitchell et al. [11] present Model Cards of post training
accountability, neither are based on live ETL orchestration. The NIST AI RMF [10] offers a risk management
framework that defines the governance as a design request and does not reference the patterns of data engineering
implementation. MDEL makes these intentions of governance operational as runtime pipeline constructs: the
reconciliation log and quality signal schema act as realisation of the provenance and accountability concerns that these
works suggest are needed but not realised.

E. Cross-modal embeddings and concept drift

According to Radford et al., contrastive training on image-text pairs showed via CLIP that this yields a common
embedding space where semantic proximity can be geometrically determined [12]. Oord et al. introduce a
formalisation of the contrastive learning paradigm that was adapted to cross-modal projection and defines the self-
supervised objective employed in the downstream alignment work [13]. The Tier 1 techniques used by MDEL to
project cross-modal vectors are to view the resulting embedding space as a governance tool: similarity scores are
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quality indicators, and not only retrieval measures. Gama et al. overview the concept drift adaptation in machine
learning and describe the feature-space drift detection [14]. MDEL generalizes it to semantic concept drift in pipelines
of integrating data, in which the meaning of a cluster of concepts can change over time regardless of distribution of
features.

3. THE MDEL CONCEPTUAL FRAMEWORK

A. The semantic gap in heterogeneous pipelines

Let E represent a real-life object and let {di, d>, ..., d.} be a collection of data items about n different source
modalities, each expressing one or more attributes of E. Classical approaches to integration, succeed because the items
can be syntactically structured: they can be mapped, typed and amalgamated. These break down when the items are
syntactically non-morphable, but have the same semantic meaning: the number 0.0475 in a SQL column, the string
"4.75 percent" in a PDF paragraph, and the utterance "four-seven-five" in an audio transcript all have the same
semantic content but there is no shared syntactic expression. Assuming that the modality specific syntactic
representations of d are the expression of a semantic intent, the distance between the syntactic expression and the
underlying semantic intent is called the semantic gap.

B. The empathy property

We mean a data integration system satisfies the empathy property, in that each incoming data item d is
interpreted by semantic intent in the context of the source of the item, the encoding medium used, and the source
authority instead of in the inherent syntactic structure. The empathy property demands three abilities: (i) semantic
understanding the system can decide that syntactically dissimilar is encoding the same concept; (ii) source
contextualisation the system utilises knowledge how a particular modality is inclined to encode, distort, or
approximate values; and (iii) authority reasoning the system trade off competing assertions by the epistemic credibility
of that source modality to encode that particular concept.

A system with the empathy property will be able to conclude that three out of the four representations of an
interest rate on a loan negotiated agree at 0.0475 and the remaining representation at 0.04875, that the other
representation comes to this different value due to an OCR-processed scan containing known error rate, that a source
authority resolution can be applied to find the system-of-record value and to emit a governed canonical fact annotated
with the conflict and decision taken to resolve the conflict and the confidence score.

C. Formal definition of MDEL

Let M = {mi, mz, ..., my} be a set of source modalities and d; € m; a data item from modality m;. A Multimodal
Data Empathy Layer is a function ®: [ m; — S x L where S is a unified semantic store and L is a reconciliation log,
such that: (i) semantically equivalent items from different modalities are mapped to the same concept node in S; (ii)
conflicts between modalities are detected, resolved, and recorded in L with full provenance; and (iii) every item
emitted to S carries a cross-modal agreement score and per-source quality signal annotation. The domain [ m; denotes
the set of item streams arriving

Embeddings of all the items associated with a common entity issue are presented to the empathy reconciliation
layer which carries out three consecutive actions.

The incoming embeddings are semantically matched into clusters by concept via thresholds of cosine similarity
per concept type and domain used by Semantic alignment. Those further away than the alignment threshold yield to a
canonical value that is the authority-weighted centroid of contributing values of the sources. Confirmation Maersk
engagement happens as soon as the embedding of at least a single item designates to a specific concept cluster is lower
than the alignment limit. The conflict history records: the split identity of the source, cosine distance to the consensus
cluster and the concept at hand.
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Resolution strategy selection utilises the sequence of priorities in terms of importance as employed in Table II.
The priorities of strategies include: (1) source authority (in case both tier configuration and tier divergence exist); (2)
recency (in case timestamps exist and there exist equality of authority levels); (3) confidence-weighted voting (in case
there are scores of confidence); (4) human escalation (in case no strategy has attained the required minimum of
confidence). Each reconciliation decision made, be it confirmation of alignment or resolution of conflict, is

documented to the reconciliation log in a structured entry in the form of JSON, as depicted in Listing 1.

TABLE II Empathy Resolution Strategy Comparison

Strategy

Trigger condition

Authority basis

Max confidence

Pipeline action

Source authority

Divergence >
threshold; source
tiers differ

Deploy-time tier
config

0.90

Adopt highest-tier
value; flag dissenter
in log

minimum
confidence

off

Recency Multiple values; Source timestamp 0.75 Adopt latest value;
timestamp ordering | ordering log amendment
available assumption

Confidence- No clear authority Encoder confidence | 0.80 Weighted mean;

weighted winner; confidence | scores multi-source
scores vary provenance

recorded

Human escalation No strategy reaches | Human expert sign- | N/A Suspend pipeline;

emit structured
conflict ticket

threshold

RECEIVE embeddings for entity event(all modalities)

v

Compute pairwise cosine similarity for each concept cluster

v

DECISION: all sources sim > alignment_threshold?

V Yes — consensus

Record canonical value + contributing sourcesConfidence = weighted mean sim score

v

Enforce quality contracts (Table III predicates)Emit quality signal schema (Listing 2)

V Contracts pass

Write to Unified Semantic StoreLog alignment event to reconciliation log (Listing 1)

If No (conflict detected) V¥

CONFLICT DETECTED: apply resolution strategy(Table II: authority / recency / conf-weighted / escalate)

V Resolution confidence >= min_threshold

Resolved value adopted; dissenting source flaggedWARN status emitted to store
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V Resolution confidence < min_threshold

ESCALATE: pipeline suspendedConflict ticket emitted; human review required

Fig. 2. Empathy reconciliation decision flowchart. Conflict is detected via cosine similarity thresholding;
resolution follows a priority-ordered strategy sequence, all decisions are logged to the reconciliation log.

Listing 1. Reconciliation log entry structure (JSON)
"entry id": "rec-8821-rate-20241114T090231",
"entity id": "loan:8821",

"concept": "interest rate",

"canonical": 0.0475,

"strategy": "source authority",

"winner": {
"source": "sql:loans_db", "tier": 1, "confidence": 0.97

55

"sources": [
{"id":"sql", "val":0.0475, "sim":0.98, "tier":1},
{"id":"api", "val":0.0475, "sim":0.97, "tier":1},
{"id":"audio","val":0.0475, "sim":0.93, "tier":3},
{"id":"pdf", "val":0.04875, "sim":0.41, "tier":2}

], "dissenting": [{"source":"pdf:contract scan",

"value":0.04875,"distance":0.59,"flag":"ocr_suspect"}],
"resolution_confidence": 0.83,

"pipeline_action": "emit_with warn",
"ts": "2024-11-14T09:02:312"}

D. Tier 3: Unified semantic store

The single semantic store stores information according to the concept and relationship as opposed to the source
schema. Each concept node contains: the canonical value in the node, contributing source provenance records in the
node, cross-modal agreement score in the node, resolution metadata as part of the node and quality signal annotations
being consumed by the downstream systems. The store is modality indifferent: a concept node in the loan interest rate
scheme has exactly the same structure whether it was created using two sources, or four, and whether the modalities
used were all structured or a combination.

There are three engineering principles applied to the MDEL integration into enterprise data platforms. Principle
1 modality-isolated ingestion Each modality of judges ingestion is operated by a pair of Tier 1 parsing processes, with
the result that failure in one modality (such as an ASR failure) does not prevent ingestion by other modalities; the
reconciliation layer applies remedial incomplete-modality-policies. Principle 2--reconciliation is a first-class stage in
a pipeline: Tier 2 does not lie within source connectors or destination writers; it is independently scalable and has
concept-level tunable parallelism, allowing throughput to be tuned filtered by concepts without architectural
reorganisation. Principle 3 continuity of lineages: reconciled logs are produced as structured lineage events as
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OpenLineage-style tracking [8], so that it should be clear that MDEL decisions about governance are reflected in
existing data observability systems without a custom integration. Tier 3 stores a document store or graph structure that
has indexed provenance fields supporting querying by concept, querying by source and querying by time.

E. Streaming and real-time considerations

Complete semantic reconciliation (transformer encoding followed by cross-modal similarity calculations) has
latency that is within the range of pipelines that cannot execute within a sub-second. This is met in tiered empathy
through which fast structural quality checks (imposed on the web farm in millionth-of-a-second latency) are divided
by probabilistic semantic checks (imposed asynchronously and with a policy is violated) with actions of varying
severity. Tier 1 parser limits Tier 1 assessment of per-modality consent and privacy limits [8], in which it is verified
that only those items allowed in processing may proceed ahead rather than preventing further process execution.
Streaming conflict detection is based on sliding mediating on the last row reconciliation log entries, which allows
promptly detecting drift, without reprocessing.

4. CONTRACT-CENTRIC GOVERNANCE AND QUALITY SEMANTICS

A. Modality-aware quality predicates

The empathy property - data decoding based on semantic intent, given (source) circumstances, encoding media,
and authority must be governed by a governance model that is also conditioned by these same attributes. An empathy
contract is a predicate contract:(d, m, a)- {PASS, WARN, FAIL} of a data item d, by its source modality m, and
authority tier a. This is the difference between empathy contracts and the classical data quality rules that consider Q:
d -(PASS, FAIL) applied to the item alone with no consideration of medium of encoding. At Tier 2 of the reconciliation
boundary, empathy contracts are applied together with the identity of modality and authority level, and the value of
the item.

Classical data quality structures specify quality dimensions, accuracy, completeness, consistency, timeliness on
arecord or field basis, regardless of the modality in which data has been received [6],[7]. This modal-agnostic design
cannot support empathy-layer governance: systematically, the quality risks linked to a value being delivered through
OCR is less than those of a value brought through the typed API. The completeness test that triggers on a NULL SQL
field cannot be used likewise with an ASR transcript where the silence can be a legitimate and acceptable
representation.

MDEL proposes modality-conscious quality predicates quality assertions that are defined directly to be
conditioned by the encoding medium used by the source making them up. Table III classifies these predicates of the
five types of modality that are input to MDEL architecture.

Modality Encoding risk Empathy predicate | Quality signal Failure mode
produced
Structured(SQL, Type coercion; sim(emb_field, Field-level Silent precision loss
CSV) NULL propagation | emb_concept) > alignment score; on numeric cast
0.90 NULL sensitivity
flag
Semi- Schema inference Path-context Schema confidence | Nested key collision
structured(JSON, ambiguity; path entropy < theta s score; path maps to wrong
XML) collisions ambiguity flag concept
Unstructured(PDF, OCR error; entity NER confidence > Extraction OCR misread
text) extraction noise 0.80; cross-modal confidence; OCR- produces plausible
sim > 0.85 suspect flag but wrong value
Non-textual(audio, | ASR/OCR Recognition Transcription/layout | Homophone
image) recognition error; confidence > 0.75; confidence; affect- confusion or table
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layout parsing transcript/anchor context flag; visual- | cell mis-assignment
noise; paralinguistic | cosine > 0.88 anchor score shifts value to
loss wrong concept

TABLE III Modality-Specific Quality Predicates and Empathy Contracts

These predicates are imposed at the Tier 2 point of reconciliation whereby all the modalities that have
contributed are present simultaneously. The most MDEL type-distinctive class of predicates are cross-modal
agreement predicates--predicates which state that the cosine of navigation similarity of representations of different
modalities is larger than a configuration parameter t they conceptualisation of the empathy property, as a contractually
binding governance constraint.. Threshold 7 is fit by concept type on alignment distributions in history.

B. The reconciliation log as governance artifact

The contextualization capacity of empathy property, which has the ability to know how each modality has the
propensity of encoding, distorting or approximating values, can only be controlled when the contextual decisions are
noted. Reconciliation log is not a debug trace, it is a first class governance artifact. All alignment assurance decisions
and conflict resolution decisions are appended to an append only, immutable log comprehensively provenanced. This
has three functions of governance. Auditability: any canonical value can be tracked by downstream systems and
regulatory auditors towards the source of the value and the decision logic that was used to derive that value. Drift
detection: The overall statistics of rolling windows of entries in the reconciliation logs indicate a decreasing rate of
cross-modal agreement, an increasing rate of per-source conflict, and a rate of contract threshold violation trends, each
of which is an indicator of upstream data quality deterioration. Control-loop feedback: drift signals: Software resets
the encoders, highest liability encourages level of the source, contract threshold: 14, 15].

C. Cross-modal quality signal schema

The unified semantic store annotates each concept node with a structured quality signal object, as specified in
Listing 2. This schema captures cross-modal agreement scores, per-pair similarity breakdowns, source reliability tiers
and conflict rates, and consumer-intent flags indicating the quality readiness of the concept for different downstream
use cases. Consumer-intent flags enable downstream agents and analytics platforms to query quality-filtered subsets
of the store without per-consumer integration work—directly addressing the consumer intent gap identified in
metadata governance literature.

Listing 2. Cross-modal quality signal schema (JSON)
{
"concept": "loan:8821:interest rate",
"cross_modal_agreement": {
"score": 0.72,
"pairs": [
{"modalities":["sql","api"], "sim":0.98,"ok":true},
{"modalities":["sql","audio"], "sim":0.93,"ok":true},
{"modalities":["sql","pdf"], "sim":0.41,"ok":false}
]
}s
"source_reliability": {

"sql": {"tier":1,"conflict rate 30d":0.02},
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"pdf": {"tier":2,"conflict rate 30d":0.18,
"drift alert":"reliability drift"}

2

"consumer_flags": {
"audit ready":true, "analytics ready":true,
"agent context":true, "manual review":false}}

D. Governance lifecycle and control loops

Three types of drift are tracked using the log of reconciliation. Encoder drift: downward cross-modal similarity
scores for past aligned concepts must indicate upstream distribution shift which invites encoder recalibration Source
reliability drift: when a particular modality-source combination has an overly high rate of conflict, as compared to its
historical rate, then an upstream degradation of the quality of the source data is indicated, and the tier is demoted.
Contract threshold drift The warning rate of a modality-aware predicate greater than a configured threshold is
threshold drift, so it needs to be re-calibrated against recent distributions of alignment. All three signals feed back into
MDEL configuration as a governance control loop [14], which connects static configuration of the deployment time
to dynamic quality management and directly closes the data engineering control loop gap identified across the
governance literature [15].

5. OPEN CHALLENGES
A. Confidence propagation

In the case where a canonical concept value developed by MDEL at confidence c: is used as input to calculate
a derived concept, the confidence of the derived concept is a function of input confidences. The naive error propagation
model assumes independence, which overstates confidence in situations where sources are positively correlated with
redundant evidence appearing to be independent confirmation and has about the right calibration only in cases where
the sources are in fact independent. In practice, sources serving the same concept cluster can hardly be expected to be
independent: a SQL record and its API payload typically have a single upstream write path. It is an open problem to
domain-specifically calibrate confidence propagation functions, which incorporate the effect of inter-source
correlation, especially when it is performed in multi-hop derivation chains, each node in which can miscalibrate
overconfidence.

B. Semantic concept drift

Business concepts change: regulatory definitions evolve, organisational connotations change, and new
modalities can bring slightly different semantic conventions to use of existing concepts. MDEL must have a
mechanism to detect the semantic centroid has moved with time and versioning out accordingly by a cluster of
concepts. Adaptation of concept drift in ML [14] does not deal with concept drift semantics in concept space, but
feature space drift. This difference is important: the interest rate of a loan can be systematically coded in both
modalities, whereas the definition of the organisational notion of a canonical rate of interest may change, to shift the
cluster centre without any alteration in the distribution of the individual modalities.

C. Hallucination risk in modal translation

Hallucination causes a systematic error mode not observed by noise in a context where a non-textual modality
is processed by LLM-based ASR or document parsers before embedding, the text produced by such an architecture
can be known with high confidence to be incorrect, and be readily embedded in the form of high cosine similarity
with other related but wrong notions. This mode of error will go unnoticed using standard confidence scoring on
similarity-based embedding, as hallucinated plausible values can be geometrically near a correct cluster of concepts.
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To ensure the stability of MDELs in production applications, uncertainty quantification of LLM-based modal
translation should be performed with a calibration.

D. Fairness in modality-asymmetric reconciliation

The empathy reconciliation mechanism can generate smaller-confidence canonical values on disadvantaged
populations, which can be propagated by downstream models when the source modalities are not equally available
between different entities in a dataset e.g. when audio records exist in a risk group but not others. Modality-stratified
quality auditing and fairness-conscious reconciliation strategies are outstanding challenges at the nexus between
responsible Al governance [9],[11] and data integration engineering. The quality signal schema of MDEL avails the
framework of stratified monitoring without stipulating the fairness criterion.

6. CONCLUSION

Multimodal Data Empathy Layer is a proposed conceptual and architectural system that has been presented in
the paper to manage cross-modal data integration on a principled basis. The MDEL fills a structural gap at the nexus
of five literature groups, namely multimodal ML, data integration theory, data quality frameworks, data governance,
and cross-modal representation learning, none of which (alone) offers a contract-enforced, provenance-annotated,
multimodal integration architecture.

What is missing in existing systems of integration is formalised by the empathy property which is interpretation
through semantic intent trained on source context, encoding medium and source authority. The three tier architecture
offers engineering concrete guidance in terms of instantiating engineering. Predicates of quality that are modality-
aware represent quality assessment as a conditioned governance structure as opposed to a modality view-blind domain.
The implemented requirements of the known governance and responsible Al literature (e.g., the provenance and
accountability requirements) exist in the reconciliation log and quality signal schema as requirements possible but not
imposed in pipeline settings.

Further research ought to come up with standardised measures of reconciliation quality across modality so that
future work can compare empirically the resolution strategies and predicate threshold calibration techniques that are
possible. Applications of the framework within financial services, legal analytics, and healthcare where modality
heterogeneity and governance conditions are both co-demanding would offer the empirical basis the framework needs
to be extensively deployed. The open issues of confidence proliferation, semantic versioning drift, hallucination
generation, and inequitably reconciling are a research agenda on the edge of data engineering and Al leadership.
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