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Abstract—Learning systems deployed over long periods must
adapt not only to statistical changes in incoming data, but also
to revisions of the definitions that generate their prediction
targets. Conventional concept-drift methods typically infer such
changes from observations or prediction errors, even when the
underlying policy, rule, or query has been explicitly modified.
This paper studies rule-induced concept shift, where the target-
defining concept is revised directly, causing previously stored
instances to acquire different semantic labels without requiring
any change in their observed data. We introduce a provenance-
guided incremental learning framework that compiles consecutive
concept definitions into a structured rule delta, traces the changed
components through historical provenance, certifies records
whose previous labels remain valid, and restricts reevaluation to
a localized candidate region. Executable revisions are relabeled
automatically, ambiguous cases are handled through selective
supervision, and the resulting changes are used for incremental
predictor repair. A versioned concept memory further supports
recurring definitions. We also introduce RuleShift-Bench, span-
ning financial, demographic, cybersecurity, and graph-structured
data with threshold, predicate, logical, relational, recurring, and
mixed concept revisions. Across the benchmark, provenance-
guided repair attains 92.3% accuracy and 90.2% Macro-F1 while
reprocessing 14.7% of the historical collection and retaining
94.6% of affected records. Its average update latency is 179s
compared with 993 s for complete relabeling and retraining. The
results demonstrate that an explicit concept revision can be
exploited as a data-maintenance signal, allowing learning systems
to update the supervision and predictive state that depend on the
change while preserving knowledge that remains valid.

Index Terms—Concept drift, data provenance, incremental
learning.

I. INTRODUCTION

Machine-learning models are increasingly deployed in envi-
ronments where the meaning of the prediction target evolves
over time. Fraud detection, security monitoring, compliance
checking, eligibility assessment, content moderation, recom-
mendation, and risk management are typical examples in
which a model trained under one operational definition may
later be used under a revised one. Recent studies in online
fraud detection and adaptive intrusion detection illustrate how
rapidly evolving behaviors can reduce the validity of models
learned under earlier operating conditions [1], [2], [3]. Main-
taining predictive quality in such environments is therefore
not only a question of learning an accurate model initially,
but also of updating the learning system when the semantics
of its target change.

A large body of work studies this problem through the
lens of concept drift and streaming learning. Recent surveys
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characterize concept drift as a change in the statistical process
governing an evolving data stream and organize existing
approaches according to how such changes are detected,
localized, and handled [4], [5], [6]. In the conventional setting,
a change is not directly available to the learner. Instead,
it must be inferred from incoming observations, prediction
errors, changes in class frequencies, or shifts in the underlying
data distribution. Recent work accordingly studies drift local-
ity and distribution-based detection [7], [8], drift-type-aware
adaptation [9], adaptive ensembles [10], streaming neural
adaptation [11], proactive adaptation [12], and drift handling
in distributed streaming settings [13]. Drift detectors, adaptive
classifiers, online learners, replay mechanisms, and recurring-
drift methods consequently focus on recognizing that the
current predictor no longer matches the evolving environment
and on adapting the model after sufficient evidence of change
has appeared.

This view is appropriate when the mechanism responsi-
ble for the change is hidden. However, many data-intensive
applications evolve in a different way. The target may be
generated by an explicit policy, business rule, compliance
specification, relational condition, graph criterion, or expert-
defined decision procedure, and this definition can itself be
revised. In a transaction-monitoring system, for example, an
earlier policy may classify a transaction as suspicious when
its amount exceeds five thousand units or when it is foreign.
A revised policy may instead combine a lower transaction
threshold with device mismatch and additionally classify
transactions involving blocked merchants. Nothing about a
previously stored transaction needs to change for its correct
label to become different; what changes is the definition used
to interpret that transaction. Existing work has started to move
beyond simply detecting drift toward locating, characterizing,
and explaining where statistical changes occur [4], [14], [15],
but these approaches still principally reason from observed
changes in data, predictions, or learned relationships rather
than from a directly revised target-generating rule.

This situation exposes an important limitation of treating
every target change as ordinary statistical drift. If the re-
vised definition is already known, waiting for a sequence of
prediction failures to reveal the change discards information
that is directly available to the system. More importantly,
detecting that a concept has changed does not identify which
historical examples have become semantically invalid. Some
records may depend on the modified part of the definition
and require reevaluation, whereas many others may remain
correct under both the previous and revised definitions. This
distinction is related to the broader observation that drift can
be localized rather than global and that different changes can
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affect different regions of the data space [7], [4]. However, in
our setting the localization problem begins from an explicit
modification of the target-defining computation rather than
from a statistically detected distributional change.

A straightforward response is to apply the revised definition
to the complete historical database, regenerate every training
label, and retrain the predictor from scratch. Although correct,
this strategy can be unnecessarily expensive for large historical
collections. The cost becomes particularly significant when
concept definitions contain relational joins, graph dependen-
cies, historical aggregates, external services, or other expensive
operations. Recent work on industrial data streams similarly
emphasizes both the computational difficulty of repeated adap-
tation and the need to exploit reusable knowledge when op-
erating conditions evolve [16], [17]. Complete recomputation
also ignores the fact that a local revision to a policy may
affect only a small fraction of previously observed instances.
At the opposite extreme, updating a model only from recent
observations may be cheaper, but it provides no guarantee
that older examples whose semantic labels have changed are
properly reconsidered. The central problem is therefore not
simply whether a concept has changed, but how the known
revision propagates through historical data and predictive state.
A useful maintenance mechanism should determine which
parts of the previous training collection can still be trusted,
which records need to be reevaluated, which revised labels can
be generated automatically, and which cases require additional
supervision. It should then update the predictor using this
localized change without unnecessarily rebuilding knowledge
that remains valid. This motivates a shift from conventional
drift detection toward explicit concept-definition maintenance:
rather than rediscovering a known semantic revision indirectly
from subsequent observations, the revision itself can be used to
determine which historical supervision and predictive knowl-
edge actually require reconsideration.

This paper addresses this problem through provenance-
guided incremental learning under evolving concept defini-
tions. The framework starts from the previous and revised
concept definitions, identifies the structural difference be-
tween them, and combines that difference with provenance
information describing how historical outcomes depended on
predicates, attributes, relations, or computational paths. His-
torical records that may be influenced by the revision are
reconsidered, while records whose outcomes can be certified
as stable are preserved. Revised supervision is then used to
repair the predictor incrementally, and previously encountered
concept versions are retained so that recurring definitions
can be recovered efficiently. The resulting workflow connects
four stages that are typically handled independently. First, the
system determines what changed in the concept definition.
Second, it uses provenance to determine which historical
records depend on that change. Third, it updates supervision
only for the relevant region, including selective human anno-
tation when the revision cannot be executed deterministically.
Finally, it repairs the predictor while preserving behavior
associated with unaffected data. This creates a direct path from
concept-definition maintenance to training-data maintenance
and ultimately to model maintenance.

The main question addressed in this work is consequently
the following: Given an explicit change in a concept definition,
can a learning system determine which historical data and
predictive state actually need to be reconsidered, rather than
rediscovering the change from subsequent prediction errors or
recomputing the entire historical collection?

The main contributions of this work are as follows:

1) We introduce rule-induced concept shift, a learning set-
ting in which the definition generating the target changes
explicitly rather than only through hidden statistical
drift. The formulation separates the known semantic
revision from its consequences for historical supervision
and predictive state.

2) We develop a mechanism that analyzes the difference
between consecutive concept definitions and uses his-
torical provenance to identify records that may require
reevaluation. The same mechanism certifies unaffected
records when their previous outcomes remain invariant
under the revised definition.

3) We combine automatic relabeling for executable
changes, selective human supervision for ambiguous re-
visions, incremental predictor updating, and recovery of
recurring concept versions within a unified maintenance
framework.

4) We introduce RuleShift-Bench and evaluate the pro-
posed framework across multiple data modalities and
concept revisions, jointly considering predictive quality,
historical reprocessing, annotation requirements, update
latency, storage overhead, and recovery under recurring
concepts.

The remainder of the paper is organized as follows. Sec-
tion II reviews the literature on concept drift, incremental
and continual learning, query evolution, and data provenance.
Section III formalizes learning under evolving concept defi-
nitions and presents the proposed provenance-guided frame-
work, including rule-delta compilation, affected-data discov-
ery, selective supervision, incremental repair, and versioned
concept memory. Section IV establishes the main correctness
properties and analyzes the computational conditions under
which selective maintenance is advantageous. Section V intro-
duces RuleShift-Bench and evaluates predictive performance,
computational efficiency, annotation requirements, recurring
concepts, component ablations, and failure modes. Finally,
Section VI summarizes the main findings, discusses the lim-
itations of the current framework, and outlines directions for
future work.

II. RELATED WORK

This section reviews the main research areas related to
evolving concept definitions, including concept drift and
streaming learning, incremental and continual learning, incre-
mental query processing, and data provenance.

A. Concept Drift and Streaming Learning

Concept drift and streaming learning study prediction under
changing data-generating environments. Existing work in-
cludes statistical drift detection, adaptive streaming classifiers,



online learning, active adaptation, dynamic windowing, and
mechanisms for recurring drift [20], [21]. These methods
typically monitor prediction errors, feature distributions, label
distributions, or other stream statistics and adapt the learner
when sufficient evidence of change is observed [18], [19].
Recurring-drift methods additionally retain or recover previ-
ously useful models when an earlier statistical regime reap-
pears. The central distinction in our setting is that the change
in the target-defining rule is explicitly available. Rather than
statistically inferring that drift has occurred from subsequent
observations, we analyze the known revision directly and
determine how it changes historical supervision.

B. Incremental and Continual Learning

Incremental and continual learning address how predictive
models can incorporate new information without repeatedly
training from scratch. Representative approaches include re-
play, regularization against forgetting, online parameter up-
dates, incremental classifiers, and dynamic or adaptive en-
sembles [24], [25]. These techniques provide mechanisms
for efficiently updating a predictor and preserving previously
learned knowledge, and they are therefore complementary to
the model-repair stage considered in this work [22], [23].
However, they generally assume that the examples used for
adaptation have already been identified. They do not normally
use an explicit change in the target definition to determine
which historical examples have become semantically invalid
and which remain correct. Our focus therefore precedes
conventional incremental updating: we first determine which
historical supervision actually requires reconsideration and
then repair the predictor using that localized change.

C. Incremental Query Processing and Query Evolution

Incremental query processing provides an important data-
management foundation for our setting [26], [27]. Incremental
view maintenance and incremental computation avoid recom-
puting complete query results when only part of the underlying
computation has changed [28], [29], while query differencing
and work on evolving queries analyze how modifications
to predicates, operators, joins, and other query components
affect previously computed outputs. We transfer this principle
from database maintenance to learning-system maintenance.
A concept definition can be viewed as the computation that
generates supervision; when this definition changes, its struc-
tural difference determines which historical labels may become
invalid. The resulting affected training data then determines
what must be changed in the predictor. This creates a direct
bridge from query maintenance to training-data maintenance
and finally to model maintenance.

D. Data Provenance and Lineage

Data provenance and lineage describe how a result de-
pends on underlying tuples, attributes, predicates, relations,
transformations, or computational paths [30], [31]. Provenance
has been widely used for explanation, auditing, debugging,
reproducibility, impact analysis, and tracing the origin of

query results [32], [33]. In this work, provenance is used
as an active maintenance mechanism rather than only as
an explanatory artifact. Given a revision from Q; to Q¢y1,
provenance identifies which historical evaluations depend on
the changed components and which records remain insulated
from those changes. We therefore exploit provenance not only
to explain previous query results, but to determine whether
a revised concept definition can change the supervision as-
sociated with a historical instance. This connection enables
selective reevaluation and provides the basis for certifying
stable records before incremental model repair.

III. PROBLEM FORMULATION AND PROPOSED
FRAMEWORK

We consider long-lived predictive systems in which the
definition of the target concept can be explicitly revised after
deployment. Unlike conventional concept-drift settings, where
the existence and location of a change must typically be
inferred from incoming observations, prediction errors, or dis-
tributional statistics, the setting considered here provides direct
information about how the target-generating rule has evolved.
The central problem is therefore not merely to determine
whether a concept has changed, but to identify which historical
records can actually be affected by the revision and how the
deployed predictor should be updated without unnecessarily
reconsidering the complete data collection.

The proposed framework connects concept-rule evolution
with provenance-guided data maintenance and incremental
model repair. Given an old concept definition ; and its
revised version Qyy1, we first represent both definitions as
structured predicate graphs and compile their difference into
a typed rule delta describing which predicates, thresholds,
logical operators, or relational dependencies have changed.
The resulting rule delta is then combined with record-level
provenance to determine which historical examples could have
their target assignments modified by the revision. Records
whose outputs can be certified as unchanged are excluded from
unnecessary reprocessing, while potentially affected records
are selectively re-evaluated. Automatically resolvable changes
are directly relabelled, ambiguous cases are routed to selective
supervision, and the resulting data are used to incrementally
repair the deployed predictor. A versioned concept memory
additionally maintains previous concept definitions and asso-
ciated maintenance information so that recurring definitions
can be handled efficiently. Figure 1 summarizes the complete
framework. The old and revised concept definitions are first
compared by the rule-delta compiler, which produces the
changed predicates and operators. The provenance analyzer
then partitions the historical data into certified stable, exactly
affected, and ambiguous regions. The exactly affected subset
is relabelled automatically, the ambiguous subset is passed to
selective annotation, and the resulting supervision is combined
with a stability buffer drawn from certified stable records to
perform incremental predictor repair. Beneath this pipeline, the
versioned concept memory stores concept graphs, provenance
summaries, affected regions, and repaired model states so that
future revisions, including recurring ones, can be handled more
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Overview of the proposed provenance-guided incremental learning framework under evolving concept definitions. At revision session ¢t —t+1,

the previous concept definition )+ and the revised definition Q¢4 are first compared by the rule-delta compiler to identify predicates, parameters, logical
operators, or relational dependencies that have changed. The provenance analyzer then traces these changes through the historical data and separates records into
three groups: certified stable records, whose previous targets remain valid; exactly affected records, whose revised targets can be computed deterministically;
and ambiguous records, for which additional supervision is required. Certified stable examples provide a stability buffer, exactly affected examples are relabeled
automatically using Q¢+1, and ambiguous examples are handled through selective annotation. The resulting revision-specific data are used to incrementally

repair the deployed predictor from fp, to fp, ,

without recomputing the complete historical dataset. Successive revisions are processed in the same manner,

while a versioned concept memory stores each concept definition, predicate graph, provenance state, affected-data information, and model state to support

efficient future updates and recurring concept definitions.

efficiently. Taken together, the four components introduced in
Sections III-C— III-F complete the main operational logic of
the method. The rule-delta compiler determines what changed,
the provenance analyzer determines where that change can
matter, the exact—-ambiguous decomposition determines which
updated labels can be obtained automatically and which re-
quire supervision, the repair module updates the predictor
accordingly, and the versioned concept memory maintains the
system state across successive concept revisions.

A. Learning Under Evolving Concept Definitions

Let Z denote the complete information space maintained
by the underlying data system, and let z; € Z represent the
information associated with entity . This representation may
include attributes distributed across relational tables, historical
aggregates, temporal information, graph relations, external
knowledge, or expert-provided information. At time ¢, the
target concept is specified by a concept program Q; : Z — ),
which assigns y! = Q¢(z;). Depending on the application,
(Q: may contain threshold predicates, Boolean conditions,
relational operations, graph-path constraints, or combinations
thereof.

Although @, defines the target, directly executing the com-
plete concept program for every prediction request may be
impractical. Production systems often operate under tighter la-
tency and information constraints than offline data processing.
We therefore distinguish z; from the information available to
the deployed predictor. Let 7 : Z — & produce the prediction-
time representation x; = w(z;). The deployed model fy, then
provides an efficient approximation of the current concept,
fo,(x;) = Q+(z). This distinction is important because
evaluating (); may require expensive joins, long historical win-

dows, external services, privileged attributes, graph traversal,
or manual verification that are unavailable or too costly at
prediction time.

a) Rule-induced concept shift.

We consider settings in which the concept program is explicitly
revised from @y to (41, which we refer to as rule-induced
concept shift. Such a shift does not require the underly-
ing record, prediction-time features, or their distributions to
change. The same historical instance may instead acquire a
different correct target solely because the definition used to
interpret it has changed.

Let the historical collection at the time of revision be D; =
{2:}.|. The records whose targets change form the affected
set

D = {2z € Dy : Qulz:) # Qi (20)},

while its complement D5t = D; \ DA contains records whose
previous targets remain valid. Importantly, ¢Q; # ;1 does
not imply that every historical record is affected. For example,
revising a threshold from amount > 5000 to amount >
3000 can change the decision only for records lying between
the two thresholds; records outside this disagreement region
retain the same outcome.

This distinction shows that the structural size of a rule
revision and the number of affected records are different
quantities. A small rule change may influence a large portion
of the data, whereas a more substantial structural revision
may affect only a localized subset. Identifying which historical
examples require reconsideration therefore requires reasoning
jointly about what changed in the concept definition and how
individual records depend on the modified components.



A straightforward adaptation strategy evaluates Q41 over
the entire historical collection, reconstructs all labels, and
retrains the predictor from scratch. This becomes unnecessarily
expensive when |D?| < |Dy|, particularly when concept
evaluation involves costly database, relational, graph, or hu-
man operations. We therefore formulate adaptation as a joint
data-maintenance and predictive-update problem: given the
previous predictor, the historical collection, and the explicit
transition from @Q; to @41, the objective is to obtain a
predictor aligned with the revised concept while minimizing
unnecessary reevaluation, human supervision, model-update
cost, and cross-version storage.

The explicit concept transition thus provides structured
information about the origin of the change rather than treating
adaptation solely as the response to an unknown statistical
event. The next step is to convert this revision into a compu-
tational representation that exposes which components of the
concept definition have changed and can therefore influence
historical supervision.

B. Concept Rule Representation and Delta Compilation

The first operational step determines what changed between
two consecutive concept definitions. Treating Q; and Q11
as opaque functions would hide the internal structure of the
revision and provide little guidance about which historical
records may be affected. We therefore represent each concept
program as a canonical predicate directed acyclic graph,
Gy = G(Qr) = Vi, &, ¢4), where V; contains computational
nodes, & represents their dependencies, and ¢, associates
each node with its operator type and parameters. The graph is
directed from lower-level predicates toward the final concept
output, making the decision dependencies explicit.

The representation supports the principal components re-
quired by the concept definitions considered in this work.
Atomic and threshold nodes encode conditions on attributes,
logical nodes represent conjunction, disjunction, and negation,
relational nodes capture dependencies across entities or tables,
and graph-path nodes describe one-hop or multi-hop relations.
More complex concepts are obtained by composing these
elements. Unlike the final target label alone, this representation
retains the computational structure needed to reason about how
a local rule revision can propagate to historical data.

Given G; and Gy 1, the rule-delta compiler aligns persistent
components using predicate identity, referenced attributes or
relations, operator type, parameters, and canonical graph posi-
tion. Differences that remain after alignment are summarized
by the typed rule delta

C: = Diff (G, Ge41),

where each element records the modified component, its edit
type, and, when relevant, its previous and revised parameters.

We consider five principal edit families: threshold revisions,
predicate insertions, predicate deletions, logical rewrites, and
relational or graph-path rewrites. For example, replacing Q; =
Py A\ Py with Q¢y1 = Py A Ps preserves P;, removes Ps, and
inserts Ps, yielding C; = {—P»,+P3}. A threshold revision
instead preserves the predicate identity while recording the

parameter change, whereas a logical rewrite preserves the
predicates but modifies the operator that connects them. A
typed delta is useful because different edit classes induce
different patterns of affected records. Threshold revisions are
localized to the region where the old and new thresholds
disagree; predicate insertions or deletions affect records whose
decisions depend on the modified condition; logical rewrites
depend on combinations of predicate values; and relational
changes may propagate through connected tuples or graph
neighborhoods. The compiler can therefore narrow the relevant
dependencies before executing the complete revised concept
program.

The structural delta alone, however, does not identify the
true affected set D2. Two records evaluated by the same
concept may depend on different branches, tuples, or relations,
so a changed component can be decisive for one record
and irrelevant to another. Selecting every record associated
with an edited rule component would therefore remain overly
conservative. The rule-delta compiler consequently provides
the changed dependencies that must be traced through the
historical collection. The next stage combines C; with record-
level provenance to separate records that can be certified stable
from those requiring further evaluation, thereby connecting
structural concept change to provenance-guided affected-data
discovery.

C. Provenance Guided Affected Data Discovery

The structural delta C; identifies which components of the
concept definition have changed, but not which historical
records are affected. Records evaluated under the same concept
may depend on different predicates, tuples, relations, or graph
paths; consequently, a modified component can be decisive
for one record and irrelevant to another. We therefore re-
consider a historical record only when its previous concept
evaluation may depend on components altered by the revision.
For each z; € D;, we maintain a provenance representation
Prov(z;, Q¢) describing the predicates, source tuples, rela-
tions, graph paths, or other computational dependencies that
contributed to Q¢(z;). Depending on the rule language, this
information can be represented by activated predicate nodes,
tuple lineage, path signatures, or compressed dependency
indices. Unlike the final label alone, provenance records how
the previous concept decision was obtained.

A direct dependency test provides useful intuition: if the
provenance of a record does not involve any changed com-
ponent, the record may be unaffected. However, a simple
intersection test is not sufficient in general because revisions
to logical operators or ancestor nodes can alter the evaluation
path even when the same leaf predicates remain present.
The provenance analyzer therefore considers the changed
components together with their relevant dependency closure
in the concept graph.

This analysis partitions the historical collection into a cer-
tified stable set D, containing records whose targets are
guaranteed to remain unchanged, and a candidate set

cand safe
Dy =Dy \ D™,



containing records for which invariance cannot be certified.
Only the candidate set is reevaluated under the revised concept,
and the actual changed-label set is recovered as

DtA ={z € Dfand 1 Q(2) # Qeya(z)}-

Thus, provenance does not predict the revised label directly;
it reduces the region over which the revised concept must be
executed.

The partition is deliberately conservative. A record is ex-
cluded from reevaluation only when its stability can be certi-
fied; otherwise it remains in D,‘f‘md, even if subsequent evalu-
ation shows that its label is unchanged. This avoids retaining
obsolete supervision while allowing substantial reductions in
data access, query execution, relabeling, and update latency
when the revision is localized and provenance is informative.
The rule-delta compiler therefore determines what changed,
while provenance determines where that change can matter.
The formal conditions under which stable records can be
certified are established in Section I'V-B.

D. Exact and Ambiguous Concept Changes

After identifying the candidate set D¢*"d, the next step
is to determine whether the revised concept can be resolved
automatically for each candidate. If (Q);41 is fully executable,
the updated target can be obtained directly. Otherwise, the re-
vision may depend on missing, delayed, uncertain, external, or
expert-interpreted information and therefore require additional
supervision.

We partition the affected region as

DtA — IDgxact U D?mb7

where DXt contains records whose revised targets can be
computed deterministically and relabeled automatically, while
Dimb contains records for which direct execution is un-
available or insufficiently reliable. Ambiguity may arise from
expert judgment, incomplete or delayed attributes, uncertain
learned predicates, noisy relational or graph information, or
external knowledge not fully represented in the data system.

This distinction avoids assuming that every concept revision
is fully machine-executable. In practical settings, a revised pol-
icy or concept definition may contain both deterministic and
ambiguous components, so the framework exploits automatic
relabeling wherever possible and reserves human intervention
only for unresolved cases.

Rather than annotating the entire ambiguous region, we
select a smaller subset

label amb
plabel ¢ s

using uncertainty and representativeness. Uncertainty prior-
itizes records whose revised targets are difficult to infer,
while representativeness reduces redundant annotation. Human
supervision is therefore concentrated on the portion of the
concept revision where it provides the greatest information.
This decomposition reduces both computational and super-
vision cost: exact revisions are handled automatically, while
annotation is limited to the ambiguous concept-delta region
rather than the full historical collection. The experiments in

Section V-F evaluate this selective annotation strategy under
limited labeling budgets.

E. Incremental Predictor Repair

After identifying the exact and labeled ambiguous examples,
the next step is to update the deployed predictor. The frame-
work constructs a repair dataset D,°P*" = Dgxact |y plabel
which contains records whose revised targets are either ob-
tained deterministically or provided through selective anno-
tation. This repair set represents the portion of the historical
data that carries direct evidence about how the predictor must
change under the new concept definition.

At the same time, the framework retains a smaller subset
thable C D;‘afe, sampled from the certified stable region.
The purpose of D§*aPle is not to teach new semantics, but
to preserve previously correct predictive behavior on regions
that are known to remain unchanged. This is an important
distinction. Under rule-induced concept shift, the goal is not
indiscriminate preservation of all prior knowledge, because
part of that knowledge may have become obsolete. Instead,
preservation should be targeted specifically at those records
and decision regions whose validity has been certified by the
provenance analysis.

To keep the framework general, we deliberately avoid tying
the repair mechanism to a specific predictor family. Let fo,
denote the deployed model before the concept revision and
fo.,, the repaired model after adaptation. The update is driven
by a simple objective £ = Lyepair + ALstable> Where Lrepair
encourages the model to fit the revised targets in D;°P™",
while Lgtaple constrains the model to preserve appropriate
behavior on D§table. The scalar A > 0 balances the strength
of preservation relative to revision.

The role of Lyepair is conceptually simple: it teaches the
model which decisions should change after the concept update.
Depending on the predictor family, this term may correspond
to a cross-entropy loss for classification, a logistic objective for
binary risk prediction, or an online update objective for stream-
based models. The role of Lgiape is equally important: it
prevents unnecessary drift in regions of the input space whose
semantic interpretation remains valid. Without this term, even
a small repair dataset may induce broader parameter movement
that harms performance on stable records.

The resulting learning procedure should be understood as
an incremental repair rather than full retraining. The model is
not discarded and relearned from scratch after every concept
revision. Instead, it is selectively adjusted using the smallest
supervision set that reflects the revised concept while pre-
serving stable knowledge identified through provenance-based
certification. This design directly matches the objective of the
paper: to update predictive behavior only where the validity
of previous knowledge has actually changed.

An important advantage of this formulation is that it is
predictor agnostic. The same maintenance pipeline can be
instantiated with gradient boosting models, neural tabular pre-
dictors, or online decision-tree methods. This is strategically
important because the core contribution of the framework lies
in how concept evolution is compiled into data maintenance



and targeted model updating, not in the design of a new
task-specific backbone. Demonstrating the same framework
across several predictive families will later support the claim
that the method is broadly applicable rather than architecture
dependent.

FE. Versioned Concept Memory

Many deployed systems do not experience a single isolated
concept revision. Instead, concept definitions evolve repeatedly
over time and may even return to previously used states. A
robust maintenance framework should therefore preserve not
only the current predictor, but also a structured record of
past concept versions and the information needed to update
between them efficiently.

To support this setting, we maintain a concept history
Hy = {My,..., M}, where each memory item is M; =
{Q:, G(Qy), 1, DA, 0, }. Here, Q; is the concept definition
valid at time ¢, G(Q;) is its predicate-graph representation,
II; denotes the associated provenance or index state, DtA
stores the observed affected-data information generated by the
transition into this concept version, and 6; denotes the model
state after adaptation to that version.

This memory serves several purposes. First, it maintains
a compact representation of how the concept has evolved
over time, which is useful for auditing, reproducibility, and
rollback. Second, it allows the framework to reuse structural
knowledge from previous revisions. For example, previously
constructed predicate graphs and provenance indices can re-
duce the cost of analyzing a new update. Third, it supports
recurring concept definitions, which are common in practice
when policies are revised temporarily, seasonal definitions
recur, or a later update reverts to a prior rule.

Consider a sequence @)1 — Q2 — @3 — Q1. When the
concept returns to (1, the system does not need to treat the
new state as completely unseen. Instead, it can retrieve the
corresponding memory item AM; and reuse several types of
previously computed information: the query structure G(Q1),
the relevant provenance summaries II;, earlier affected-data
patterns associated with the same definition, and a compact
model state 6; that already approximates the target induced
by @:. This ability to reuse prior knowledge distinguishes
versioned concept maintenance from repeatedly solving each
revision as an independent adaptation problem.

The versioned concept memory also provides a coherent
place to attach metadata about each revision, such as times-
tamps, rule-delta types, annotation budgets, or storage statis-
tics. Although these auxiliary elements are not all required
in the basic formulation, they are useful for later experi-
mental analysis, particularly when comparing update latency,
provenance overhead, and recurring-definition recovery across
multiple revision sequences.

IV. THEORETICAL PROPERTIES

We next establish several properties of the proposed main-
tenance procedure. The analysis addresses three questions
that are central to the framework: whether the changed-label
set can be recovered exactly when the concept definitions

are executable, when provenance analysis can safely certify
that a historical record does not require reevaluation, and
under what conditions the resulting incremental procedure is
computationally preferable to full recomputation. To keep the
main manuscript compact, we provide proof sketches here
and defer the complete proofs and additional cases to the
supplementary material. For the formal analysis, we consider
deterministic concept programs represented by finite directed
acyclic graphs. Each leaf evaluates an atomic, threshold,
relational, or graph predicate, while internal nodes compose
their outputs through deterministic operators. The analysis
below is stated for the Boolean rule language used by the
principal benchmark protocols; multiclass definitions can be
represented through multiple decision outputs or an equivalent
deterministic decision graph.

A. Exactness of Concept Delta

The first property concerns the relation between the explicit
concept revision and the historical records whose targets
actually change. For a deterministic pair of executable def-
initions (); and @Q)¢41, recall that the affected historical set
is DA = {2 € D : Qu(z:) # Qi11(2:)}. Thus, when
both concept versions can be executed, membership in D2
is determined directly by disagreement between their outputs
rather than by a statistical estimate of concept drift.

Proposition 1 (Exact Concept-Delta Recovery). Let (Q; and
Qi1 be deterministic executable concept programs over the
historical collection Dy. Suppose that D™ is a sound stable
set, i.e., every z; € D?afe satisfies

Qi(zi) = Quy1(2).

Define
Dgand _ Dt \Dsafe
= PR

Then evaluating Qi and Q.1 only over D§*d recovers
exactly the same changed-label set as evaluating them over
the entire historical collection.

To see this, soundness of Dj*¢ guarantees that no changed-
label record can occur inside the certified stable set. Hence
DA C Ded, Comparing Q;(2;) and Q;11(z;) for every can-
didate therefore returns {z; € D Qy(2;) # Qey1(2i)} =
DA, The candidate restriction can consequently reduce com-
putation without altering the resulting set of changed targets,
provided that stable-record certification is sound.

This result also clarifies the role of provenance analysis.
The proposed framework does not approximate D2 by as-
signing heuristic drift scores to historical examples. Instead,
provenance is used to eliminate records whose outputs can be
proven invariant to the rule revision. Exact execution of the
changed portions of the concept program is then reserved for
the remaining candidates.

B. Provenance Stability Certificate

The main theoretical question is therefore when a record
can be placed in D¢ without executing the complete revised



concept program. The answer depends jointly on the structural
rule delta and the evaluation provenance of the record.

For a record z;, let Prov(z;, Q) denote its evaluation
provenance under the old concept program. In the Boolean rule
DAG, each internal node takes the outputs of its children and
produces a deterministic result. A change originating from a
modified predicate can influence the final concept output only
if that change can propagate through a directed path from the
modified component to the root.

We call a persistent logical node blocking for a particular
record when one of its unchanged inputs already fixes its
output independently of the changed branch. Specifically,
an AND node is blocking when it has an unchanged child
evaluating to false, because its output remains false regardless
of the values of its other children. Similarly, an OR node
is blocking when it has an unchanged child evaluating to
true. These conditions correspond directly to record-specific
provenance: the unchanged child provides a sufficient witness
for the node output.

Let C§™(2;) denote the set of components identified by the
rule delta whose local values or local operators can differ for
z; between @y and (Q¢y1. A threshold change, for example,
belongs to CSf(2;) only when the record lies in the interval
where the old and revised threshold evaluations can disagree.
A changed component that produces the same local result for
z; cannot by itself alter the final concept output.

Theorem 1 (Provenance Stability Certificate). Consider a
deterministic Boolean concept DAG constructed from atomic
predicates and the logical operators AND, OR, and NOT.
For a record z;, suppose that every directed path from each
effective changed component in Cteff(zi) to the concept-output
node contains a persistent blocking node whose decisive input
remains unchanged under the revision. Then the concept
assignment is invariant,

Qi(zi) = Q+1(21),
and consequently z; can be safely included in D§°.

The intuition follows from how changes propagate through
a Boolean DAG. If Q(z;) # Q¢+1(2;), at least one changed
local evaluation must influence the output node. Such influence
requires an uninterrupted path from an effective changed com-
ponent to the root. At an AND node with an unchanged false
input, however, the node output is fixed to false irrespective of
the changed branch. Likewise, an OR node with an unchanged
true input remains true independently of the changed branch.
A blocking node therefore stops the propagation of a local
change. If every possible influence path contains such a node,
no effective rule change can reach the output, contradicting
the assumption that the final concept assignment changes. As
a simple example, consider Q); = P; A P, and a revision that
changes only P;. For any record satisfying P;(z;) = 0, the
conjunction remains false irrespective of how P, is revised.
The unchanged false evaluation of P; therefore serves as
a stability certificate, and such a record does not require
execution of the revised P,. Conversely, when Pj(z;) = 1,
the changed predicate can determine the final output and the
record must remain in D¢and,

A similar effect occurs for disjunction. If Q; = P, V P
and only P, changes, then a record satisfying the persistent
condition P;(z;) = 1 remains positive regardless of the
revised value of P,. In contrast, when Pj(z;) = 0, the
output depends on the changed branch and cannot be certified
without further evaluation. The theorem provides a stronger
guarantee than conventional uncertainty- or similarity-based
data selection. Such methods estimate whether a record is
likely to be affected, whereas the proposed certificate iden-
tifies sufficient conditions under which a record is provably
unaffected. The certificate is deliberately conservative: failure
to certify a record does not imply that its target changes; it only
means that invariance cannot be established from the available
provenance information. Such records remain in Dfand and
are resolved by selective reevaluation. The same principle
extends beyond simple Boolean leaves. Threshold, relational,
and graph predicates can first be tested for local invariance
under the rule delta. If their local output is unchanged for a
record, they do not enter Cff(z;); if their local output may
change, their influence is traced upward through the predicate
graph using the same propagation criterion.

An immediate consequence of Proposition 1 and Theorem 1
is that provenance-based pruning preserves exact affected-set
recovery. Because the certificate places only truly invariant
records in Dj*€, all records whose labels actually change
remain in D¢, where explicit evaluation of the revised
concept can recover D2 exactly.

C. Incremental Processing Complexity

We finally analyze the computational benefit of restricting
concept maintenance to the candidate region. Let N = |Dy]
denote the number of historical records and let Cy denote
the average cost of executing the complete revised concept
program on one record. A straightforward full-recomputation
strategy therefore requires O(INC(g) concept-evaluation work
before model retraining. This cost can be particularly large
when ;41 includes relational joins, historical aggregation,
external lookups, or multi-hop graph operations.

The proposed procedure introduces several smaller costs.
Let Cag denote the one-time cost of comparing G(@;) and
G(Q¢+1) and constructing the typed rule delta, C0y the cost
of retrieving and processing provenance information required
for candidate discovery, and C'a the average cost of evaluating
only the changed or unresolved portions of the revised concept
for one candidate record. Ignoring the subsequent predictor-
specific optimization for the moment, the concept-maintenance
cost is therefore O(Cag + Cprov + [DF4|CA).

The provenance term depends on the indexing strategy. A
naive implementation may inspect provenance metadata for
all N records, which reduces the achievable systems-level
speedup even though complete query execution is avoided. In
the implementation considered here, an inverted provenance
index associates each predicate or rule component with the
records whose evaluation depends on it. Candidate discovery
can then be driven directly by the changed component set C;.
If Z;(c) denotes the provenance posting list associated with
component ¢, the lookup work is proportional to the changed-
component postings rather than necessarily to the complete



database, approximately O(|C:| + >_ ¢, [Z:(c)]), excluding
duplicate elimination and index-maintenance overhead.

The total end-to-end update additionally includes predic-
tor repair. Let Ciepair denote the cost of updating the de-
ployed predictor from the repair and stable subsets, and
Cindex the cost of maintaining provenance structures after
the revision. The resulting update cost can be summarized
as O(CAQ + CVprov + |D§and|CA + Crepair + C’index)- By
comparison, a full-relabel-and-retrain pipeline incurs approx-
imately O(NCq + ClL ), where Cfl! denotes the cost of
rebuilding the predictive model from the complete revised
training collection.

Proposition 2 (Incremental Advantage). Assume that Caq,
Corov, and Cindex are asymptotically smaller than NCq, that
Ca < Cq, and that

D)

—— =0
N —

as the historical collection grows. Then the concept-
recomputation cost of the proposed procedure is asymptoti-
cally smaller than the cost of full concept recomputation.

The result follows directly because the dominant record-
level term changes from NCg to |D§*"4|Ca. Defining the
candidate ratio as p; = |D¢"4|/N, the record-level recom-
putation ratio is approximately p;Ca/Cg. Consequently, the
largest computational advantage is expected when the concept
revision is localized, the provenance index is selective, and
evaluating the changed rule fragment is substantially cheaper
than executing the complete concept program.

This analysis also exposes an important operating limit of
the method. When the revision is global and |D§*"4| ~ N, or
when nearly every record depends on the changed predicates,
the advantage of selective maintenance naturally decreases. In
the limiting case where every record must be reevaluated and
Ca = Cg, the record-processing cost approaches that of full
recomputation. This behavior is expected rather than patholog-
ical: selective maintenance is most beneficial precisely when
the semantic change is localized relative to the historical data.

V. EXPERIMENTS

We evaluate the proposed framework from three comple-
mentary perspectives: predictive performance under evolving
concept definitions, efficiency in identifying and reprocessing
affected records, and robustness across different predictive
model families. The experiments use the proposed RuleShift-
Bench, which combines financial, demographic, cybersecurity,
and graph-structured data with controlled concept-rule revi-
sions. Unless otherwise stated, each experiment is repeated
with three random seeds and stochastic results are reported as
meanztstandard deviation.

A. RuleShift-Bench

PaySim. For financial transactions, we use PaySim, which
contains 6,362,620 synthetic mobile-money transactions span-
ning 744 hourly steps [34], [35]. The released data contain
11 fields; we use isFraud as the target and the remaining

10 fields as the raw predictor variables. Concept versions rep-
resent evolving fraud-risk policies through amount-threshold
changes, insertion or removal of transaction conditions, logical
recombination of risk predicates, recurring rules, and mixed
rule—temporal distribution shift.

Census-Income. For policy-oriented concept evolution, we
use the Census-Income (KDD) dataset containing 299,285
records from the 1994-1995 U.S. Current Population Surveys
and 40 demographic and employment attributes [36], [37]. We
construct changing eligibility definitions from income, age,
employment, education, household, and work-related pred-
icates. This dataset supports threshold revisions, predicate
addition and removal, logical restructuring, recurrence, and
mixed concept—population shift.

UNSW-NBI15. For cybersecurity, we use the complete
UNSW-NBI5 collection containing 2,540,044 network-flow
records [38]. The released representation contains 49 fields,
including the attack category and binary attack label, leaving
47 predictive fields when these two supervision variables are
excluded. Revised security concepts are constructed from flow,
protocol, service, byte-volume, state, and relational endpoint
conditions, allowing us to study changing risk thresholds,
predicate compositions, and network-relation rules.

ogbn-arxiv. For graph-structured concepts, we use
ogbn-arxiv, containing 169,343 paper nodes and 1,166,243
directed citation edges [39]. Each node is represented by
a 128-dimensional feature vector and is associated with
publication time and one of 40 subject areas. Concept
definitions combine node attributes, publication time, citation
relations, neighborhood properties, and multi-hop graph
conditions, making this dataset particularly suitable for
evaluating relational and graph-path revisions.

We instantiate eight concept versions (g, . .., Q7 for each
benchmark family: one initial definition followed by one
controlled instance of each shift type R1-R7. Threshold values
are determined from the training partition only; the default
threshold transition changes the selected predicate from its
75th to its 60th percentile. R2 inserts one previously unused
predicate, R3 removes one active predicate, R4 replaces con-
junction by disjunction or vice versa, R5 modifies a relation
or graph-path condition, R6 evaluates )1 — Q2 — (1, and
R7 combines the corresponding rule update with a temporal
or distributional change in the data (see Table I).

TABLE I
PRINCIPAL DATASETS USED IN RULESHIFT-BENCH. RULE VERSIONS
INCLUDE THE INITIAL DEFINITION AND SEVEN SUBSEQUENT RULE-SHIFT

PROTOCOLS.
Dataset Records | Features | Versions | Thresh. | Pred. | Logic | Relation
PaySim 6,362,620 10 8 v v v -
Census-Income | 299,285 40 8 v v v —
UNSW-NBI5 |2,540,044 47 8 v v v v
ogbn-arxiv 169,343 128 8 v v v v

The seven benchmark transformations are summarized in
Table II. R1-R4 modify attribute-level rule structure, R5
specifically evaluates relational dependence, R6 tests whether
a previous definition can be recovered after an intermediate
revision, and R7 evaluates the more difficult setting in which



concept evolution and data-distribution change occur simulta-
neously.

TABLE II
RULE-INDUCED CONCEPT-SHIFT PROTOCOLS.
ID | Shift Example
R1 | Threshold revision |z > qo.75 — = > qo.60
R2 [ Predicate insertion |A — AA B
R3 [ Predicate deletion [AAB — A

AVB—~AAB
R1 — Ro / path change
Q1 — Q2 — 1

rule change + data shift

R4 | Logical rewrite

RS | Relational rewrite
R6 | Recurring definition
R7 | Mixed shift

B. Experimental Setup

We evaluate three predictor families to verify that the
proposed maintenance mechanism is not tied to a particular
learning architecture. The first is XGBoost with 300 trees,
maximum depth 6, and learning rate 0.05. The second is a
neural tabular predictor with three hidden layers of dimensions
256, 128, and 64, dropout 0.2, and AdamW optimization with
learning rate 102, The third is a Hoeffding Adaptive Tree
for streaming evaluation. The same predictor configuration
is retained across concept versions unless explicitly stated
otherwise.

PaySim and the complete UNSW-NB15 collection are or-
dered using their temporal information and divided into 70%
training, 10% validation, and 20% test partitions. Census-
Income uses its published 199,523-record training partition
and 99,762-record test partition, with 10% of the original
training set reserved for validation. For ogbn-arxiv, we
retain the official temporal split: papers published through
2017 are used for training, papers from 2018 for validation,
and papers from 2019 onward for testing. All rule thresholds,
predicate statistics, and provenance structures are constructed
using training data only.

C. Comparison Methods

We compare against several complementary adaptation
strategies. Old Predictor retains fy, without adaptation. Full
Relabel and Retrain executes Q441 over all available historical
records and retrains the predictor from the complete revised
dataset, providing the principal computational upper reference.
Sliding Window updates the model using the most recent 20%
of training records, while Online Update processes revised
examples sequentially [40], [41] and Replay combines the
incoming revision data with a memory containing 5% of the
original training records [42], [43]. We further include an
ADWIN-triggered adaptation pipeline as a representative drift-
detection baseline.

For data-selection comparisons, Random Reevaluation pro-
cesses the same number of historical records as the proposed
candidate set but selects them uniformly at random, while
Uncertainty Reevaluation selects records with the highest
predictive uncertainty [44], [45]. Provenance Selection + Full
Retraining uses the candidate set identified by provenance but
subsequently performs conventional global model retraining,

thereby isolating the contribution of incremental predictor
repair. Finally, Oracle Affected Set receives the true set D2
and therefore represents the upper reference for affected-
data identification. In particular, comparison with Full Rela-
bel and Retrain measures the computational benefit relative
to complete maintenance, whereas comparison with Oracle
Affected Set quantifies the remaining gap caused by candidate-
set discovery.

D. Main Results

We first evaluate whether provenance-guided maintenance
can preserve the predictive quality of complete recomputation
while substantially reducing the amount of historical data that
must be reconsidered. Table III reports accuracy, Macro-F1, af-
fected recall, the percentage of historical records reprocessed,
annotation demand, and end-to-end update latency across
PaySim, Census-Income, UNSW-NBI15, and ogbn-arxiv,
averaged over rule revisions R1-RS5.

Provenance-Guided Repair achieves 92.3% accuracy and
90.2% Macro-F1, remaining within 0.5 percentage points of
Full Relabel + Retrain while processing only 14.7% of the
historical collection. The update time decreases from 993 s to
179 s, corresponding to an approximately 5.5x reduction in
latency. At the same reprocessing budget, the proposed method
also retains 94.6% of the affected records, compared with
79.0% for Uncertainty Reevaluation and 71.1% for Random
Reevaluation. The comparison with Provenance Selection +
Full Retraining isolates the effect of incremental predictor
repair. Both methods identify the same candidate region and
obtain 94.6% affected recall, whereas the incremental update
reduces processing time from 515s to 179s. The Oracle
Affected Set reaches 90.5% Macro-F1 while processing 10.8%
of the historical data, leaving only a small margin between
provenance-guided candidate discovery and exact knowledge
of the affected region.

Table IV further separates the comparison by benchmark.
The predictive difference between complete recomputation and
incremental repair remains small across all four data families,
whereas the reduction in update cost is substantially larger.

On PaySim, update latency decreases from 1775s to 181s
while Macro-F1 changes from 91.4% to 90.9%. Census-
Income reduces the update from 154 s to 28s, and UNSW-
NB15 from 903s to 148s. For ogbn-arxiv, the update
decreases from 742s to 121s while maintaining a 0.5-point
Macro-F1 difference. These results show that selective concept
maintenance remains effective across transactional, demo-
graphic, network, and graph-structured data.

E. Scalability and Computational Efficiency

We next examine the computational and predictive behavior
of the different maintenance strategies. Figure 2 summarizes
dataset-level latency, predictive performance, and affected-data
coverage using complementary bar-chart views.

Figure 2(a) compares the update latency of complete recom-
putation and provenance-guided repair across the four datasets.
The largest reduction occurs on PaySim, where the update
decreases by approximately 9.8x. Census-Income obtains a



TABLE III
OVERALL COMPARISON ACROSS THE FOUR RULESHIFT-BENCH DATA FAMILIES UNDER RULE REVISIONS R1-R5.

Method Acc. (%) | Macro-F1 (%) | Affected Recall (%) | Reprocessed (%) | Labels | Time (s)
Old Predictor 82.7 78.9 0.0 0.0 0 0.0
Full Relabel + Retrain 92.8 90.7 100.0 100.0 0 993
Sliding Window 88.5 85.8 63.2 20.0 0 389
Online Update 87.9 85.1 68.5 12.5 0 241
Replay 89.2 86.7 74.6 17.5 0 325
ADWIN + Retrain 87.6 84.9 66.0 28.4 0 441
Random Reevaluation 88.8 85.9 71.1 14.7 0 210
Uncertainty Reevaluation 90.1 87.6 79.0 14.7 0 226
Provenance Selection + Full Retraining 92.1 89.9 94.6 14.7 0 515
Provenance-Guided Repair 92.3 90.2 94.6 14.7 0 179
Oracle Affected Set 92.6 90.5 100.0 10.8 0 154

TABLE IV
DATASET-WISE COMPARISON BETWEEN COMPLETE RECOMPUTATION AND
PROVENANCE-GUIDED INCREMENTAL REPAIR.

Dataset Records | Full F1 | Repair F1 | Reprocessed | Full Time | Repair Time
PaySim 6,362,620 91.4 90.9 12.1% 1775 s 181 s
Census-Income 299,285 89.2 88.7 16.3% 154 s 28 s
UNSW-NBI5 2,540,044 92.6 922 13.8% 903 s 148 s
ogbn-arxiv 169,343 89.5 89.0 16.6% 742 s 121 s

5.5 reduction, while UNSW-NB15 and ogbn-arxiv both
obtain approximately 6.1x. The graph benchmark remains
relatively costly despite its smaller number of records be-
cause relational and path-based concept evaluation requires
additional structural processing.

Figure 2(b) compares Accuracy and Macro-F1 across
all adaptation strategies. Full Relabel + Retrain provides
the strongest overall predictive reference, while Provenance-
Guided Repair remains close to it and also approaches the Or-
acle Affected Set. Conventional online, window-based, replay,
and data-selection methods show larger predictive degradation
because they do not explicitly use the dependencies induced by
the revised concept definition. Figure 2(c) directly compares
affected recall and the fraction of historical data reprocessed.
This comparison highlights the main efficiency property of the
framework. Full recomputation obtains complete affected cov-
erage by processing the entire database, whereas Provenance-
Guided Repair reaches 94.6% affected recall while processing
only 14.7%. Random and uncertainty reevaluation operate at
the same 14.7% data budget but recover only 71.1% and 79.0%
of affected records, respectively. The difference shows that
provenance-based selection concentrates computation more
effectively on records whose semantic validity depends on the
revised rule.

F. Annotation Efficiency and Recurring Concepts

We next evaluate ambiguous concept revisions for which
some updated targets cannot be obtained directly through
deterministic rule execution. The annotation budget is varied
as B € {1,2,4,8,16,32}, and we compare random sampling,
global predictive uncertainty, and uncertainty restricted to the
ambiguous concept-delta region.

As shown in Table V and Fig. 3(a), delta-constrained
uncertainty provides the strongest performance throughout the
annotation range. With only one annotation, Macro-F1 reaches

78.6%, compared with 75.2% for global uncertainty and 72.4%
for random sampling. At B = 32, the corresponding values
are 89.2%, 85.8%, and 83.5%. Restricting annotation to the
ambiguous region therefore uses the available supervision
more effectively than selecting uncertain examples globally.
The final experiment considers recurring concept definitions

TABLE V
MACRO-F1 ACROSS DIFFERENT ANNOTATION BUDGETS FOR AMBIGUOUS
CONCEPT REVISIONS.

Selection 1 2 4 8 16 | 32

Random 724|746 | 77.1|79.8 | 82.1 | 83.5
Global uncertainty 7521779 |80.6 | 83.1 | 84.9 | 85.8
Delta-constrained uncertainty | 78.6 | 81.7 | 84.4 | 86.9 | 88.4 | 89.2

through the sequence (1 — Q2 — Q3 — Q1. When @
returns, the versioned concept memory reuses the correspond-
ing rule representation, provenance information, affected-data
state, and compact predictive state (see Table VI).

TABLE VI
RECOVERY UNDER THE RECURRING CONCEPT SEQUENCE
Q1—Q2—>Q3—Q1.
Method @1 First | Q1 Return | RG | Reprocessed | Latency
Full Retrain 91.4 84.8 6.6 100.0% 998 s
Replay 91.2 88.7 2.5 18.0% 315 s
Versioned Repair 91.5 90.6 0.9 12.6% 146 s
Oracle Version Reuse 91.5 91.1 0.4 8.7% 119 s

Versioned Repair recovers 90.6% accuracy when ()1 returns,
compared with 91.5% during its first occurrence, producing a
recovery gap of 0.9 percentage points. Replay reaches 88.7%
with a larger 2.5-point gap. Versioned Repair also reduces
recovery latency from 315s to 1465 relative to Replay while
decreasing the reprocessed fraction from 18.0% to 12.6%.
Figure 3(b) separately compares the first and returning ()
accuracy, making the effect of concept recurrence visible
without combining heterogeneous quantities on the same axis.
Figure 3(c) reports the corresponding maintenance cost. Full
Retrain defines the complete-processing reference, whereas
Versioned Repair substantially reduces both reprocessing and
recovery latency and remains close to Oracle Version Reuse.

G. Ablations and Failure Analysis

We next study the contribution of the main components of
the proposed framework through a compact ablation analysis.
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Fig. 3. Annotation efficiency and concept recurrence under limited supervision and repeated concept definitions.

Starting from the full system, we remove one component
at a time and keep the remaining pipeline unchanged. The
evaluated components are the rule-delta compiler, provenance
analysis, stability certification, ambiguous-region selection,
versioned memory, and incremental repair. Figure 4 provides
a visual view of the results. Figure 4a summarizes the impact
of each removed component across all four metrics at once,
making the different roles of the modules immediately visible.
The predictive effect is especially clear in Fig. 4b, where re-
moving the rule-delta compiler or ambiguous-region selection
leads to the largest reduction in retained predictive quality. In
contrast, Fig. 4c and Fig. 4d show that provenance, stability
certification, and incremental repair are the most important
components for limiting historical processing and update time.

The ablation results show that the different components
affect the framework in different ways. Removing the rule-
delta compiler reduces Macro-F1 from 90.2% to 89.3%
and decreases affected recall from 94.6% to 88.1%, while
more than doubling the amount of historical data that must
be reprocessed. This indicates that explicitly extracting the
structural difference between (); and (441 is important for
narrowing the update region before downstream maintenance
is performed. The provenance component has the strongest
effect on efficiency. When provenance is removed, affected
recall reaches 100.0%, but this is obtained by effectively revis-
iting the entire historical collection, which raises reprocessed
data to 100.0% and update latency to 862s. This behavior
confirms that provenance is the main mechanism that allows
the framework to identify which historical records are actually
connected to the revised rule components.

Stability certification mainly reduces unnecessary reeval-
vation. Without it, affected recall remains high at 98.4%,
but the system must reprocess 38.9% of the historical data
instead of 14.7%. This shows that the certificate is valuable
not because it changes the updated concept itself, but because
it safely excludes records whose previous assignments remain
valid. Ambiguous-region selection has a stronger influence on
predictive quality. Removing it reduces Macro-F1 to 88.7%,
the lowest among all ablations, while also decreasing affected
recall to 92.0%. This result highlights the importance of
directing supervision and reevaluation toward the unresolved
region of the concept revision rather than treating all candidate
records uniformly.

Versioned memory mainly affects long-lived maintenance
efficiency. When it is removed, Macro-F1 decreases to 89.2%,
while reprocessed data rises to 24.6% and update latency rises
to 268s. This suggests that storing previous concept states,
affected-data information, and compact model states improves
the reuse of previously encountered semantic configurations.
Finally, removing incremental repair leaves the selected can-
didate region unchanged, so affected recall remains at 94.6%
and the reprocessed fraction stays at 14.7%. However, update
latency rises from 179 s to 515 s because the predictor must be
rebuilt more heavily after the affected data are identified. This
confirms that candidate discovery and selective model repair
provide complementary benefits.

Despite its advantages, the framework has several identi-
fiable failure modes that delimit the conditions under which
selective maintenance remains most effective.

Global concept revision. The main computational advan-
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Fig. 4. Ablation analysis of the proposed framework from predictive and
system perspectives.

tage of the framework comes from the fact that only part
of the historical collection is usually affected by a concept
revision. When a revision changes the label of most records,
the candidate set becomes close to the full dataset and selective
maintenance naturally approaches complete recomputation.
In this regime, the framework still remains correct, but its
computational advantage becomes smaller.

Missing provenance. In some practical systems, histori-
cal lineage information may be incomplete or unavailable.
Without reliable provenance, the system must rely on a more
conservative candidate set or reconstruct dependencies approx-
imately from the stored query structure and raw data. As
shown by the ablation study, this mainly increases the amount
of historical processing required for the update.

Non-executable concepts. Some concept definitions cannot
be expressed entirely as deterministic predicates. They may
depend on expert interpretation, incomplete knowledge, or
learned semantic conditions. In this situation, a larger fraction
of the candidate region is transferred to the ambiguous set and
requires selective human supervision. The annotation study in
the previous subsection shows that directing this supervision
to the ambiguous concept-delta region remains effective.

Highly coupled queries. When concept definitions involve
broad joins, dense relational dependencies, or long graph
paths, a small predicate revision can influence a large portion
of the historical database. In such cases, fewer records can
be certified stable and the candidate region becomes larger.
The framework still applies, but the amount of reprocessed
data and the update cost increase as the dependency structure
becomes more global.

VI. CONCLUSION

This paper studied learning under evolving concept defi-
nitions, where the rule, policy, or query generating the tar-
get is explicitly revised after deployment. We introduced a
provenance-guided incremental learning framework that an-
alyzes the structural difference between consecutive concept
definitions, traces this change through historical provenance,
certifies stable records, selectively reevaluates potentially af-

fected instances, and incrementally repairs the deployed pre-
dictor while preserving valid knowledge. RuleShift-Bench
evaluates this setting across financial, demographic, cyberse-
curity, and graph-structured data, and the results show that
Provenance-Guided Repair reaches 92.3% accuracy and 90.2%
Macro-F1 while reprocessing only 14.7% of the historical
collection, retaining 94.6% of affected records, and reducing
average update latency from 993 s for complete relabeling and
retraining to 179s. The framework also improves annotation
efficiency for ambiguous revisions and supports recurring
concepts through versioned memory. Its main limitations arise
when concept revisions are global, historical provenance is
incomplete, concept definitions are not fully executable, or
highly coupled relational and graph dependencies enlarge
the candidate region, in which cases the benefit of selective
maintenance decreases. Future work will therefore investigate
provenance reconstruction for legacy systems, richer proba-
bilistic and temporal concept languages, more expressive re-
lational and graph constraints, adaptive optimization of prove-
nance granularity and annotation cost, scalable compression
and retrieval of long concept histories, and unified treatment
of explicit rule revisions together with latent statistical drift.
Overall, the results support a data-maintenance perspective
on adaptive learning in which an explicitly known concept
revision is used to determine which historical supervision and
predictive state actually require reconsideration rather than
repeatedly recomputing the complete learning system.
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APPENDIX A
THEORETICAL ANALYSIS AND ALGORITHMIC DETAILS

The main paper presents the central theoretical properties
of the proposed framework in compact form. This supple-
mentary section develops those results in greater detail and
makes explicit the assumptions, intermediate definitions, and
algorithmic steps required by the correctness arguments. The
analysis is organized around the complete maintenance path
followed by the framework. We begin by defining the rule
language used to express executable concept definitions and
the canonical directed acyclic graph used to represent their
computational structure. We then formalize how two consecu-
tive concept definitions are aligned and converted into a typed
rule delta. This is followed by a formal treatment of record-
level provenance, effective rule changes, and the construction
of the certified stable and candidate regions. These definitions
make it possible to state precisely when a historical record
can be excluded from reevaluation without risking an obsolete
target.

The second part of the section develops the correctness
arguments. We first establish that any sound stable-set con-
struction preserves the true changed-label set inside the can-
didate region. We then prove the provenance stability cer-
tificate used to construct such a stable set for deterministic
Boolean concept DAGs. The proof is based on a difference-
propagation argument: if the final concept assignment were
to change, at least one effective rule change would have to
propagate through an uninterrupted dependency path to the
concept output. Persistent AND and OR nodes with unchanged
controlling inputs interrupt such propagation and therefore
provide record-specific certificates of invariance. Finally, we
derive the computational cost of each stage of the maintenance
procedure and provide a complete proof of the incremental-
advantage result stated in the main paper.

The exact guarantees in this section apply to deterministic
and executable portions of a concept definition evaluated
over a fixed historical data snapshot. Concept components
requiring unavailable information, uncertain relational evi-
dence, external knowledge, or expert interpretation are not
automatically treated as exact. Such cases remain unresolved
and are handled through the ambiguous-region and selective-
supervision mechanism described in the main paper.

A. Formal Setting and Notation

Let Z denote the complete information space maintained by
the underlying data system. A historical entity ¢ is represented

by z; € Z, which can include ordinary attributes, relational
information, graph neighborhoods, historical aggregates, or
other information available to the concept-definition system.
At revision time ¢, the historical collection is

D, = {2}, (1)

where N = |D,|. The previous concept definition is denoted
by @:, and the revised concept definition by Q);+1. Both are
interpreted over the same historical snapshot when determining
the effect of the rule revision. Thus, unless explicitly stated
otherwise, the information z; itself is assumed unchanged
while comparing Q(z;) and Q¢41(z;).

The true set of historical records whose semantic target
changes is

DR = {2 €Dy : Quz) # Quy1(2)} - 2

Its complement contains the records whose target remains
valid under the revised definition. The purpose of provenance-
guided maintenance is not to approximate the definition of
DtA, which is already exact, but to avoid evaluating the
complete revised concept program on records for which target
invariance can already be established from the structural rule
change and the historical provenance.

The framework therefore constructs two operational regions.
The certified stable set is denoted by D§*¢, and the remaining
records form the candidate set

Dgand _ Dt \ngafe. (3)

A central requirement of the theory is that stability certifi-
cation be conservative. A record can be placed in D§* only
when the framework has a sufficient certificate that its target
cannot change. Failure to obtain such a certificate does not
imply that the target has changed. It means only that the record
must remain in D4 until the revised concept is evaluated
or additional information becomes available.

B. Executable Concept Rule Language

The theoretical results require the computational structure
of a concept definition to be explicit. We therefore model
an executable concept as a deterministic Boolean program
constructed from primitive predicates and logical operators.
The primitive predicates may themselves depend on attributes,
relational data, or graph structure, but once their required
information is available they return a deterministic Boolean
value.

Definition 1 (Executable Concept Program). A deterministic
Boolean concept program @ is generated by the grammar

Q=P |-Q | AND(Q,...,Qk)
‘OR(Qlw"an)a k227

where P is an executable primitive predicate.

“4)

The primitive-predicate family used in the framework is

P = atom | Pthr | Prel | Ppath- (5)



An atomic predicate evaluates an ordinary deterministic
property of the record. A typical form is

Patom(z) =1 [CL(Z) > C] 3 (6)

where a(z) is an attribute or deterministic derived quantity,
c is a constant, and <€ {=, #, <, <, >, >}

Threshold predicates are represented separately because
changes to their threshold parameters constitute one of the
principal rule-shift types studied in the paper. A threshold
predicate has the form

Pone(257) = {a(z) 7], (7

where 7 is an explicit parameter of the rule. Representing
predicate identity separately from ~ allows a transition from
Y¢ t0 Y441 to be recognized as a parameter revision rather
than incorrectly represented as deletion of one predicate and
insertion of another.

A relational predicate is written in the general form

Prai(z; R, ), ®)

where R identifies the required relation or collection of
relations and 1) specifies the deterministic relational condition.
The internal computation may contain joins, existence tests,
selections, or aggregations. For the proof below, the internal
relational query does not need to be reduced to Boolean logic;
it is sufficient that the result presented to the concept DAG is
deterministic and that the relevant source dependencies can be
represented by provenance.

Similarly, a graph-path predicate is represented by

Ppath(z;pa ’l/})a (9)
where p specifies a graph relation or path pattern and
1) describes the condition evaluated over the corresponding
nodes, edges, or paths.
For a fixed record z, the semantics of a concept program
are defined recursively. Negation satisfies

[-Ql. =1 -1[Q]-. (10)

For a conjunction,

k
[AND(Q1, ..., Qu)]- = Q)] (11)
j=1

while a disjunction satisfies

k

For the binary formulation used in the theoretical analysis,
the concept assignment is therefore

Qt(Zz) = [[Qtﬂzi .

The same reasoning can be applied to multiclass definitions
by representing the class decision through multiple Boolean
outputs or an equivalent deterministic decision graph.

13)

C. Canonical Predicate-DAG Representation

The syntactic form in which two logically equivalent rules
are written should not determine whether the framework
interprets them as different concepts. For example, P; A P» and
P> N\ Py represent the same Boolean expression even though
the textual order of the predicates differs. We therefore convert
every concept definition into a canonical predicate DAG before
computing the rule delta.

The canonical representation of Q; is

Gy = G(Qt) = (Vt,gta d)tart)a

where V; is the set of computational nodes, & contains
directed dependencies from lower-level computations toward
their consumers, ¢;(v) stores the operator type and parameters
associated with node v, and 7; is the concept-output node.

For record z;, the value produced by node v is denoted by

(14)

vi(v, 2;). (15)
In particular, the final concept result satisfies
Qi(zi) = vi(re, 23). (16)

Canonicalization performs only semantics-preserving oper-
ations. Nested instances of associative AND and OR operators
are flattened, commutative children are placed in a determin-
istic order, referenced attributes and relations are normalized,
and identical subexpressions may be represented by shared
DAG nodes. A bottom-up structural signature is then assigned
to every node. One convenient definition is

o(v) = H (type(v), param(v), X(v)), (17)

where H is a structural hash and ¥(v) contains the canon-
ical sequence of child signatures.

These signatures allow components that remain identical
across consecutive definitions to be aligned efficiently. Param-
eter revisions, such as a threshold change, are handled using
a secondary structural key that preserves the identity of the
referenced attribute and operator while allowing the parameter
itself to differ.

D. Rule-Delta Compilation and Change Completeness

Given the canonical graphs G; and Gyyi, the rule-delta
compiler determines which components persist and which
components have been modified, inserted, or removed. The
output is a typed rule delta

C, = Diff(Gy, Gyy1). (18)

The compiler distinguishes threshold revisions, predicate
insertion, predicate deletion, logical rewrites, and relational
or graph-path rewrites. Importantly, the delta does not need
to be a minimum graph-edit sequence. Correctness requires a
different property: every semantic revision capable of modi-
fying the output of at least one record must be represented
by the delta. Conservative additional edits are harmless for



correctness because they only enlarge the subsequent region
of records that may need to be examined.

Definition 2 (Change-Complete Delta). A rule delta C; is
change-complete if every difference between Q and Q.11 that
can alter the concept assignment of some record is represented
directly by an element of Cy or conservatively by an enclosing
modified component.

When an alignment is uncertain, the compiler therefore
chooses the conservative interpretation. It records the old node
as deleted and the new node as inserted rather than assuming
that they represent the same persistent component. This choice
may produce additional candidates, but it avoids incorrectly
hiding a real semantic revision.

The complete compilation procedure is shown in Algo-
rithm 1.

Algorithm 1: Typed Concept Rule-Delta Compilation

Input: Previous rule @)y, revised rule Q41
Output: Canonical graphs Gy, Gyy1, alignment oy,
and typed rule delta C;

Canonicalize ); and obtain Gy;

Canonicalize ()41 and obtain Gy1;

Compute bottom-up canonical signatures for all nodes;

Align components having identical canonical

signatures;

5 Attempt secondary alignment for components having
identical structural roles but revised parameters;

6 Reject any secondary alignment that cannot be
established unambiguously;

7 Initialize C; <+ (;

8 foreach aligned persistent component do

9 record parameter revisions, logical rewrites, or
L relational/path revisions when present;

B W N -

10 foreach unmatched component of G, do
1 L add a deletion edit to Cy;

12 foreach unmatched component of Gy41 do
13 L add an insertion edit to Cy;

14 return Gy, Gy 1, ay,Cp;

E. Record-Level Provenance and Candidate Retrieval

The structural delta determines what changed in the concept
definition, but a rule component can have different relevance
for different historical records. The role of provenance is
therefore to connect a structural edit to the records whose
previous evaluation depends on the modified computation. For
every historical record, we represent the relevant provenance
as

Prov(z;, Q¢) = (Dep, (i), Valy (i), Srce (7)) . (19)

The dependency component Dep, (i) records the predicate
and operator dependencies required to reason about the previ-
ous output. The value component Val;(i) stores node values
that may later serve as stability witnesses. Finally, Src()

identifies source-level dependencies such as relational tuples,
graph nodes, edges, or path signatures. The representation may
contain conservative extra dependencies; correctness does not
require a minimal lineage expression.

To avoid scanning all provenance objects after every revi-
sion, the framework maintains an inverted provenance index.
For component c,

Zi(c) ={i: c € Dep,(i)}.

A complication arises when the revision inserts a new
component. Because the new component was absent from )y,
no historical posting list can exist for it. Candidate retrieval
therefore uses an affected frontier consisting of persistent
components whose evaluation context is changed by the edit.
For an insertion or deletion, this can be the nearest persis-
tent ancestor whose child structure changes. For a threshold
revision it is normally the persistent threshold predicate itself,
and for relational or graph edits it can additionally include the
relevant relation or path identifiers.

We denote this frontier by

(20)

Fi = Frontier(Cy, G, Gt41). 21

The initial record pool retrieved from the provenance index
is then
Re= | Zu(o). (22)
cEFy
This pruning step is valid only when the frontier and prove-
nance index are dependency-complete. If the implementation
cannot guarantee that a potentially affected record will appear
in the retrieved postings, the safe fallback is not to exclude
that record. In the extreme case the framework uses

R, = D. (23)

This conservative fallback is important because incomplete
provenance should reduce computational efficiency rather than
invalidate the semantic correctness of the maintenance proce-
dure.

F. Record-Specific Effective Rule Changes

Even among records retrieved through the affected frontier,
not every syntactic edit is necessarily capable of changing
the local rule evaluation. The framework therefore computes
a record-specific effective change set

Ccf(z) Cay. (24)

The set is intentionally conservative. It must contain every
changed component whose revised local behavior can actually
alter the computation for z;, but it may contain additional com-
ponents when local invariance cannot be determined cheaply.
Formally, the property required by the correctness analysis is

=

Qi(2:) # Qe+1(21) Ci(z) # 0.

Consider, for example, a threshold revision

(25)



a(z) > 5000 — a(z) > 3000. (26)
The local threshold output differs only when
3000 < a(z;) < 5000. 27)

Records outside this interval therefore do not contain the
threshold revision in their effective change set, provided that
the attribute value is known exactly.

A logical rewrite behaves differently. Consider

PV P,

— P1 /\PQ. (28)

If the two persistent predicates retain their values, the two
logical operators differ only when the predicate truth values
disagree. Hence the logical rewrite is locally effective only
when

Relational and graph changes follow the same principle. If
local provenance is sufficient to establish that the relational
or graph predicate result is unchanged, the edit need not be
propagated further for that record. Otherwise it remains an
effective component and is handled conservatively.

(29)

G. Persistent Blocking Nodes

The central observation behind stability certification is that
a local change does not necessarily propagate to the final
output. Boolean operators possess controlling input values that
can make their result independent of one or more changed
branches. Provenance supplies the record-specific values re-
quired to recognize this situation.

Definition 3 (Persistent Blocking Node). For a fixed record
zi, a persistent logical node is a blocking node with respect
to a changed incoming branch when another persistent input
has an unchanged value that fixes the operator output inde-
pendently of the changed branch.

For an AND node, the controlling value is false. Thus an
AND node v is blocking when it contains a persistent child «
satisfying

vi(u, z;) = vey1(u, z;) = 0. (30)

For an OR node, the controlling value is true. It is therefore
blocking when a persistent child satisfies

ve(u, 2i) = v (u, 2;) = 1. (3D

The persistence requirement is essential. An old false input
to an AND node cannot be used as a blocking witness if that
input’s own rule definition has changed and its revised value is
unknown. The framework must first establish that the witness
itself is invariant.

A NOT node does not possess an analogous controlling
value. If its child changes, the NOT output also changes. NOT
can therefore transmit a difference but cannot block one.

H. Local Invariance at a Blocking Node

Before proving the global stability theorem, we establish
the local property on which it depends.

Lemma 1 (Blocking-Node Invariance). Let v be a persistent
AND or OR node. If v contains an unchanged controlling child
for record z;, then the output of v is invariant under changes
to all other incoming branches.

Proof: We consider the AND and OR cases separately.
First suppose that v is an AND node. By the definition of
a persistent blocking node, there exists a child « whose value
is false under both concept versions. Therefore,

vi(u, z;) = vep1(u, 2;) = 0. (32)

The semantics of conjunction imply that the output of an
AND node is false whenever at least one of its children is false.
The values of the remaining children are therefore irrelevant
once the controlling false input is present. Under the previous
concept definition,

vi(v, z;) = 0. (33)

The same controlling child remains false after the rule
revision, so the revised output is also

ver1(v,2;) = 0. (34)

Consequently,

vi(v, i) = Vg1 (v, 2;). (35)

This conclusion does not depend on whether the remaining
children change. The unchanged false input alone determines
the AND result.

Now consider the OR case. By assumption, there exists a
persistent child u whose value is true under both definitions:

vi(u, z;) = vey1(u, z;) = 1. (36)

The output of an OR node is true whenever at least one
child is true. Hence the old output is

(v, z) = 1, (37)
and the revised output remains
vit1(v, z;) = 1. (38)
Therefore,
(v, 2zi) = vip1(v, 2;). (39)

In both cases, the unchanged controlling child fixes the
logical-node output independently of every changed branch.
The node therefore prevents a difference arriving through those
branches from propagating further toward the concept output.

|



L. Difference Propagation Through the Concept DAG

The next lemma formalizes the converse intuition. If the
concept output actually changes, then some effective local
change must be connected to the output by a dependency path
along which the difference survives.

Lemma 2 (Unblocked Difference Propagation). Assume that
the concept delta is change-complete and that the record-
specific effective set is conservative. If

Qt(zi) # Qiy1(z:),

then there exists at least one directed dependency path from
a component in C(z;) to the concept-output node along
which no persistent blocking node eliminates the difference.

(40)

Proof: The proof proceeds by tracing the observed output
difference backward through the deterministic concept compu-
tation.

Let r denote the concept-output node. The hypothesis gives

l/t(’f‘, Zz) 75 l/t+1(’r‘, Zz) (41)

There are two possible reasons for this difference. The
output node itself may have been changed by the rule revision,
or the output node may persist while one of the values supplied
to it differs.

If the local operator or input structure of 7 is itself modified
and this modification is capable of producing the observed
difference, then r is an effective changed component. In that
case the required path begins at the changed component itself
and terminates at the output.

Otherwise, r persists with the same deterministic operator.
A deterministic operator supplied with exactly the same child
values must produce exactly the same result. Because (41)
states that its output differs, at least one of its child computa-
tions must therefore differ between the two concept versions.
Let v; denote such a child. Then

vi(v1, 2i) 7 ver1(v1, 25). (42)

If vy is itself a changed component, the backward trace
terminates. If it is not, its deterministic output difference must
again be caused by a differing child. We can therefore continue
the same argument recursively.

Because the concept representation is a finite DAG, this
backward process cannot continue indefinitely and cannot
enter a cycle. Eventually it reaches a primitive predicate or
an internal rule site whose local semantics differ between
the old and revised definitions. By change completeness,
this site is represented in C;. Because it participates in the
output difference for z;, conservative effective-change analysis
ensures that it is also contained in

C(2). (43)

Reversing the backward trace yields a directed path from
this effective changed component to the output node.

It remains to show that this path cannot contain a blocking
node. Every node selected during the backward trace has

a different value under the two concept versions. However,
Lemma 1 establishes that a persistent blocking node necessar-
ily has the same value under both versions. Therefore none
of the difference-carrying nodes on the traced path can be a
blocking node.

Hence a changed concept output implies the existence of at
least one unblocked path from an effective changed component
to the root. [ ]

J. Complete Proof of the Provenance Stability Certificate

We can now give the complete proof of Theorem 1 from
the main paper.
Proof: Fix an arbitrary historical record z;. By hypothesis,
every directed path from every component in

Co (2:)

to the concept-output node contains at least one persistent
blocking node whose controlling input remains unchanged
after the rule revision.

We prove that the final concept assignment cannot change.

Assume, for contradiction, that the concept assignment does
change. Then

(44)

Qt(z:) # Qry1(z:)-

Under the change-completeness and conservative effective-
change conditions, Lemma 2 applies. It follows from (45) that
there must exist an effective changed component

(45)

ce Cfﬁ(zi) (46)

and a directed path from c to the concept-output node along
which the semantic difference is not eliminated.
Let this path be

C=v) =V == Uy =T, “@n

where r is the concept-output node.

The theorem hypothesis states that every such path contains
a persistent blocking node. Therefore there exists at least one
node v; on (47) that has an unchanged controlling input.

By Lemma 1, the output of that node must be invariant.
Hence,

vi(vj, zi) = vep1(vy, 2i). (48)

Equation (48) means that any difference arriving at v;
through the changed branch is destroyed at v;. The portion of
the concept computation above v; therefore receives exactly
the same value from that branch under both concept versions.

Consequently, the path in (47) cannot be an uninterrupted
path carrying a difference from the changed component c to
the root. This contradicts Lemma 2, which requires such an
unblocked path whenever the final concept assignment differs.

The assumption (45) must therefore be false. Hence,

Qi(zi) = Quy1(2).

Thus the historical target of z; is invariant under the concept
revision, and the record may be safely included in Dj*c. m

(49)



K. Graph-Cut Interpretation of the Stability Certificate
The previous theorem can also be interpreted as a graph-
separation result. This interpretation is useful because it clar-
ifies why the certificate remains valid for nested Boolean ex-
pressions rather than only for simple two-predicate examples.
For record z;, define the effective source set as

S; =C (). (50)

Let B; denote the set of all persistent blocking nodes
established for that record. If every path from S; to the concept
output intersects B;, then B; is a vertex cut separating every
potential source of semantic difference from the output.

Once the nodes in B; are replaced conceptually by their
invariant Boolean values, no effective changed component can
influence the root. The stability certificate can therefore be
expressed as the following implication:

B; separates S; from the output
(5D

This interpretation also provides a direct implementation
strategy: candidate certification can be performed using an
upward traversal from the effective changed components,
terminating a branch whenever a blocking node is encountered.

L. Record-Level Stability Certification Algorithm

Algorithm 2 implements the preceding theorem. The algo-
rithm deliberately returns only two logical outcomes: certified
stable and not certified. The second outcome must not be
interpreted as evidence that the target actually changes. It
means only that the sufficient conditions for exclusion have
not been established.

The conservative behavior in the final condition is essential.
Missing provenance, ambiguous rule alignment, or unavail-
able witness values cannot justify exclusion. Such uncertainty
causes the record to remain in the candidate region.

M. Complete Provenance-Guided Candidate Discovery

The complete candidate-discovery procedure combines
the inverted provenance index with the stability certificate.
Records that lie outside a dependency-complete affected fron-
tier can be excluded directly. Records retrieved by the frontier
are examined individually because Boolean context may pro-
vide additional certificates that are not visible from posting-list
membership alone.

N. Conditions Required for Exact Correctness

The correctness results are conditional guarantees rather
than claims that every compressed or approximate provenance
implementation is automatically exact. The following condi-
tions make the boundary of the guarantee explicit.

C1: Fixed historical snapshot. The two concept definitions
are compared on the same z;. If the underlying tuples, rela-
tions, graph edges, or external state have also changed, these
changes must themselves be represented as input dependencies
or deltas.

= Qu(z) = Qur1(2).
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Algorithm 2: Record-Level Provenance Stability Cer-
tification
Input: Record z;, changed components C;, canonical
concept graphs, and provenance Prov(z;, Q;)
Output: stable or not-certified
1 Determine C§f(z;);
2 if Cf(2;) = 0 then
3 L return stable;

4 Initialize a queue with all effective changed
components;

Mark all components as unvisited;

while the queue is not empty do

Remove one current component w;

if u is the concept-output node then
| return not-certified;

e ® 9 S »n

10 Inspect each parent of u toward the output;

11 foreach such parent v do

12 if v has a persistent invariant blocking witness
then

13 ‘ stop propagation through v;

14 else

15 L add v to the queue if not previously visited;

16 if the structural correspondence required to

continue the propagation analysis is unavailable
or ambiguous then
17 L return not—-certified;

18 return stable;

Algorithm 3: Provenance-Guided Candidate Discov-
ery
Input: Historical collection Dy, rule delta C;, concept
graphs, and provenance index II;
Output: D¢ and Dyand
Construct the affected frontier F;;
if dependency completeness of the frontier/index is
guaranteed then
3 retrieve the union of postings associated with F;
and call it Ry;
else
L set Ry < Dy;

6 Initialize D™ with records excluded by
dependency-complete retrieval;

7 Tnitialize D§a*d < (J;

8 foreach z; € R, do

9 run Algorithm 2;

10 if the result is stable then

1 ‘ add z; to Dsafe;

12 else

13| | add z to Dfnd;

D=

[7 /I -

14 return Djafe peand,




C2: Deterministic executability. Every record handled by
the exact part of the procedure has deterministically evaluable
old and revised concept outputs.

C3: Change-complete structural delta. No semantic rule
revision capable of changing a historical target is omitted from
Ct.

C4: Dependency-complete provenance retrieval. If the
rule revision can affect z;, the provenance index or its conser-
vative fallback must retain z; for further examination.

CS5: Sound provenance witnesses. Every node value used
to certify a blocking condition must equal the true old evalua-
tion, and the invariance of that witness under the new definition
must itself be established.

Cé6: Conservative effective-change construction. A rule
component that may generate a local difference for z; cannot
be removed incorrectly from CSff(z;).

C7: Conservative treatment of uncertainty. Missing
provenance, unresolved relations, uncertain concept semantics,
or ambiguous component alignment cannot be interpreted as
stability. The corresponding record remains in the candidate
or ambiguous region.

The first six conditions establish the deterministic correct-
ness result, while the seventh ensures that uncertainty cannot
create an erroneous stable-set exclusion.

0. Complete Proof of Exact Concept-Delta Recovery

We next prove Proposition 1 from the main paper in full
detail. The key observation is that the proposition does not
require the stable set to contain every unchanged record. It
requires only that every record placed in that set truly be
unchanged. The candidate set may therefore contain false
positives, i.e., records that are eventually found to retain the
same label. Such false positives increase computation but
cannot cause an affected record to be lost.

Proof of Proposition 1:
Let the true changed-label set be

D = {2z € Dy : Qu(zi) # Qera(zi)} - (52)
The candidate-only procedure returns
DR = {z € D™ Qulz) # Qe (20)} - (53)

To prove equality between these sets, we establish both set
inclusions.

First inclusion: every truly affected record is a candi-
date.

Assume that

By definition of the affected set,
Qi(zi) # Qey1(2:). (55)

Suppose, for contradiction, that z; were not contained in the
candidate set. Since

Dz:and _ th \ D?af87 (56)
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the assumption that z; ¢ D implies

z; € Dsafe, (57)

The proposition assumes that the stable set is sound. There-
fore every record in this set satisfies

Qi(2i) = Qi+1(2i)-

Equations (55) and (58) contradict one another. Hence an
affected record cannot belong to the certified stable set. We
have therefore established

(58)

DA C peand, (59)

Second inclusion: candidate reevaluation cannot create
a false changed-label record.
Take any record
z € DA, (60)

From the definition in (53), this implies two facts. First,

z; € Deand, (61)

and second,

Qt(z;) # Qiy1(z:).

Because the candidate set is a subset of the historical
collection,

(62)

peand € D, (63)

Therefore z; is a historical record satisfying exactly the
disagreement condition in the definition of D2. It follows that

z; € DA, (64)

Hence,

DA C DA, (65)

It remains to show the reverse inclusion. From (59), every
truly affected record is already known to lie in the candidate
set. Such a record also satisfies the old—new disagreement con-
dition by definition. Therefore every element of DA satisfies
the membership criterion defining D2, and consequently

DA C DA, (66)
Combining (65) and (66) gives
DA = DA, (67)

Thus evaluating the concept transition only over the candi-
date set recovers exactly the same changed-label set that would
be obtained by evaluating the complete historical collection.
The proof also shows why candidate-set over-approximation
is acceptable: additional unchanged records can increase com-
putation, but they cannot change the recovered affected set as
long as no truly affected record is placed in the stable set. W



P. Correctness of Provenance-Guided Pruning

The stability theorem and exact-recovery proposition com-
bine directly into the following consequence.

Corollary 1 (Exact Recovery Under Sound Provenance Certi-
fication). Suppose Conditions C1-C7 hold and D;** contains
only records satisfying the provenance stability certificate.
Then every truly affected historical record remains in the
candidate region, and exact reevaluation of the candidate
region recovers the complete changed-label set.

Proof: Theorem 1 establishes that every record accepted
by the certificate satisfies

Qi(2i) = Qr+1(2i)-

Consequently, the resulting Dj* is a sound stable set.
Proposition 1 then applies immediately and guarantees that
the complement of this stable set contains every record whose
target actually changes. Candidate-only reevaluation therefore
TECOVers DtA exactly. u

(68)

Q. Exact and Ambiguous Candidate Resolution

After candidate discovery, the framework distinguishes de-
terministic reevaluation from unresolved semantic cases. This
distinction is important for the theoretical interpretation be-
cause a candidate record need not already be known to be
affected. Candidate membership means only that invariance
has not been certified.

Let the executable candidate subset be

& = {2z € D{*™™ : Q¢11(2;) is deterministically executable} .

(69)
The unresolved candidate subset is

utamb — thcand \ gt. (70)

For executable candidates, the actual changed-label records
are identified exactly:

Dfxa“ ={zi € & : Qu(z) # Qur1(2i)}-

Conceptually, the genuinely affected ambiguous region is

(71)

Damb — DA Ny, (72)

However, membership in this set may not be known before
expert supervision or missing information becomes available.
The implementation therefore performs annotation selection
over U™P, rather than assuming that every unresolved candi-
date is truly affected. This avoids circular reasoning in which
the algorithm would need to know the revised label before
deciding whether the revised label must be requested.

R. Complete Incremental Maintenance Algorithm

The complete procedure is shown in Algorithm 4. The
algorithm makes explicit the separation between structural
concept analysis, data maintenance, semantic resolution, pre-
dictor repair, and version-state maintenance.
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Algorithm 4: Provenance-Guided Incremental Con-
cept Maintenance

Input: @Q¢, Q¢41, historical collection D;, predictor
fo,, provenance/index state II;, annotation
budget B

Output: Updated predictor fp,,, and updated

maintenance state

Compile @); and ;11 into canonical concept graphs;

Compute typed rule delta Cy;

Construct the affected provenance frontier;

Run Algorithm 3 to obtain Dj*¢ and Dyand;

Initialize the exact repair set and unresolved candidate

set;

foreach 2; € D4 do

7 if the required revised rule components are

executable then

8 obtain the old target from stored supervision or

Qs

9 evaluate the revised concept Q¢11(2;);

10 if the old and revised targets differ then

11 L add the revised example to Dfxa“;

m A W N -

=)

12 else
13 L add z; to U™mP;

14 Select at most B informative examples from /™" and
obtain revised supervision;

15 Construct Diabf"l;

16 Construct the repair set D;epair;

17 Sample a stability buffer Djtable C pyafe;

18 Incrementally repair fp, using the repair set and
stability buffer;

19 Update the provenance and index structures required
by Qi11;

20 Store the revised rule, graph, provenance state,
affected-data state, and predictor state in the
versioned concept memory;

21 return updated predictor and maintenance state;

S. Detailed Computational Complexity

We next derive the cost of the complete maintenance path.
The analysis separates structural rule processing, provenance
retrieval, stability certification, candidate reevaluation, predic-
tor repair, and index maintenance because these terms scale
differently. This decomposition is important: a rule revision
can be structurally small while still having a large data
impact, and conversely a relatively complex structural revision
can remain inexpensive when only a small historical region
depends on the changed components.

Let the combined sizes of the two consecutive concept
graphs be

V= Vil + Vil (73)

and

E = |&| + [E11]- (74



Canonicalization and bottom-up structural hashing visit
every node and dependency edge. Ignoring ordering of com-
mutative children, this requires

O(V + E)

time. When AND and OR children are explicitly sorted, the
additional cost is

0 (Z deg(v) log deg(v)) .

For rule languages with bounded operator arity, this addi-
tional term remains linear up to a constant factor.

Exact component alignment can be performed using hash
tables indexed by canonical signatures. Its expected cost is
therefore linear in the number of nodes. Secondary parameter-
aware alignment adds another linear pass when stable struc-
tural keys are indexed. The complete one-time rule-delta cost
is summarized by

(75)

(76)

Cag =0 (V +E+ Z deg(v) log deg(v)) . )

The provenance cost depends on the postings associated
with the affected frontier. Let

F, = |F| (78)
be the number of frontier components, and let
Li= Y |T(c)| (79)

ceEFy
be the total number of posting entries retrieved before
duplicate elimination. With hashed sets or bitmap unions, the
corresponding frontier-retrieval cost is approximately

O(F, + Ly). (80)

Let

R = R4 (81)

denote the number of unique retrieved records, and let h;
denote the average number of concept-graph edges examined
while performing stability certification for one such record.
Record-specific certification therefore requires

O(R¢hy). (82)

The worst case occurs when the entire rule graph must be
traversed for each retrieved record, giving

O(R.E).

However, blocking nodes can terminate individual paths
early, so the actual traversal can be substantially smaller than
this bound.

Let

(83)

K, = [Dg*| (84)
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and let Ca denote the average cost of evaluating the
changed or unresolved concept fragment for one candidate.
Candidate reevaluation requires

O(K:Cp). (85)

If changed-fragment execution is unavailable, the frame-
work can always evaluate the full revised concept on a
candidate, in which case

Ca = Co. (86)

where Cg is the average cost of full concept evaluation for
one record.

Combining posting retrieval and stability certification
into the provenance-processing term Cl.ov, the concept-
maintenance cost becomes

T‘igc =0 (CAQ + Cprov + KtCA + Cvindex) 5 (87)
where Cinhgex represents maintenance of provenance struc-
tures following the update.
Full concept recomputation instead requires

T, = O(NCg). (88)

When predictor adaptation is included, let Cicpair denote the
incremental model-update cost and Cf!! the cost of complete

retraining. The corresponding end-to-end costs are

T‘inc =0 (CAQ + Cprov + KtCA + Crcpair + Cindcx) ) (89)

and

Trar = O (NCq + Ciii,) -

rain

(90)

T. Complete Proof of the Incremental Advantage

We now provide the detailed proof of Proposition 2. The
proposition concerns the concept-recomputation component
of the framework. The predictor-specific optimization term is
intentionally excluded from the formal asymptotic statement
because different model families have different update com-
plexities.

Proof of Proposition 2:

The complete historical recomputation strategy evaluates
the revised concept over all N historical records. Its concept-
evaluation cost is therefore proportional to

NCo. o1

The proposed procedure instead incurs the rule-compilation
cost, the provenance-processing cost, candidate-only concept
evaluation, and index-maintenance cost. Thus,

T‘iflgc =0 (CAQ + CVplfov + KtCA + Cindcx) . (92)
To compare the asymptotic growth of the two proce-
dures, divide the incremental expression by the full concept-

recomputation scale NCq. We obtain
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We now examine the four normalized terms individually.
By the assumptions of the proposition,

CAQ = O(NCQ). 94)
By the definition of little-o, this means
CAQ
— 0. 95
NGo 95)

The same reasoning applies to provenance processing:

CVprov = O(NCQ)7 (96)
which implies
C1prov
— 0. 97
NG, ©7)
Similarly, index maintenance satisfies
Cvindex = O(NCQ)7 (98)
and therefore
C'index
— — 0. 99
NCq 9

It remains to analyze the only term that directly depends on
the number of candidate records. Rewrite that term as

KiCs _ KiCs

= . 100
NCq N Cqg (100)

The proposition assumes
Ca < Co. (101)

Because both quantities represent nonnegative execution
costs, (101) gives
C
0< =2 <1. (102)
Ca
Multiplying this inequality by the nonnegative candidate
ratio yields

0< ———=< — 103
- N CQ - N ( )
The final assumption of the proposition is
K
— — 0. 104
N (104)

The left side of (103) is nonnegative and its upper bound
converges to zero. Therefore, by the squeeze theorem,

K Cn
N Co

Using (100), this is equivalent to

— 0. (105)
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K.Ca
NCq

— 0. (106)

We have therefore shown that every normalized term in (93)
converges to zero. Consequently,

Q
—inc __, . 107
NCg (107)

By definition of little-o,
T2, = o(NCq). (108)

Thus the concept-recomputation component of the proposed
procedure is asymptotically smaller than complete historical
concept recomputation under the stated assumptions. [ ]

U. Interpretation of the Complexity Result

The previous proposition identifies the candidate fraction as
a central determinant of computational efficiency. Define

e
‘TN
Ignoring fixed structural and indexing overhead, the dom-

inant record-level ratio between selective and full concept
execution is

. (109)

RtQ =Pt~

o (110)

This decomposition separates two sources of computational
savings. The first is data localization: a small p; means that
provenance and stability analysis successfully eliminate most
of the historical collection from reevaluation. The second is
computation localization: a small Ca/Cg means that each
candidate can be processed by executing only the changed
rule fragment rather than the complete concept program. The
largest benefit occurs when both forms of localization are
present.

The expression also explains the natural operating limit of
the method. If a concept revision is effectively global, then

e~ 1. (111)

If the changed fragment is additionally as expensive as the

complete concept program,

Ca ~ Co, (112)

then

RO ~ 1. (113)
In this regime, selective maintenance naturally approaches

full recomputation. This is not a correctness failure. It means

that the concept revision contains little exploitable locality.



V. Extension to Relational and Graph Predicates

The Boolean stability theorem does not require primitive
predicates to be simple scalar comparisons. A relational or
graph computation can be treated as a leaf of the Boolean
DAG once the framework determines whether its Boolean
result is invariant or potentially changed for the record under
consideration.

Suppose the old and revised concept definitions contain
relational predicates P} and PLt'. If provenance and local
incremental query reasoning establish

Ph(z) = PR (z), (114)

then the relational revision does not belong to the effective
change set for that record. If equality cannot be established,
the relational predicate remains potentially effective and its
influence is propagated through the Boolean graph.

For example, consider

Q: :PA/\P}% (115)
and
Qi1 = Pa AP (116)
If P4 is known to remain false for z;, then
Py(z) =0 (117)

is already sufficient to certify that both concept outputs
are false. The potentially expensive revised relational query
therefore does not need to be executed for this record. If
Pa(z;) = 1, the relational branch can become decisive and
must be reevaluated unless its own provenance establishes
local invariance.

Graph-path predicates are handled identically at the Boolean
level. Their provenance additionally provides structural lo-
calization by identifying the nodes, edges, relation types, or
path signatures through which the old graph predicate was
evaluated.

W. Correctness Conditions for Recurring Concept Reuse

Versioned concept memory allows the framework to reuse
information when a previously observed definition recurs.
However, it is important to separate concept-level state from
data-dependent state. Suppose the sequence of definitions
contains

Q1 — Q2 — Q3 — Q1.

If the final )7 is canonically identical to the earlier defi-
nition, its rule graph can be reused directly. The previously
constructed graph therefore does not need to be rediscovered.

Provenance state is different because it depends on the
underlying data snapshot. If new records have arrived or
source tuples and graph edges have changed since the earlier
occurrence of (1, old provenance cannot automatically be
treated as complete for those new dependencies. The valid

(118)
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state is therefore the combination of reusable historical prove-
nance and newly constructed provenance for changed or newly
observed data.

The same qualification applies to the stored model state.
A previous parameter state §; already represents a predictor
adapted to ()1 and can therefore provide an efficient recovery
point. Nevertheless, if the data distribution has also changed,
the stored predictor may still require incremental repair. Ver-
sion memory therefore reduces repeated computation with-
out replacing the ordinary validity checks required for data-
dependent state.

X. Scope of the Formal Guarantees

The theoretical analysis distinguishes certification from
heuristic selection. Under Conditions C1-C7, a record is
removed from the candidate set only when its invariance has
been formally established. In this certified operating mode, the
stability theorem guarantees a sound stable set and Proposi-
tion 1 guarantees exact affected-set recovery.

A practical implementation can instead use compressed
provenance, approximate dependency reconstruction, bounded
relational neighborhoods, or other engineering approxima-
tions. These mechanisms can reduce storage or retrieval
cost, but an approximation that omits a relevant dependency
need not satisfy the sufficient conditions of the theorem. In
such configurations, affected-set recall becomes an empirical
property of the implementation rather than a mathematical
consequence of the certificate.

This distinction is important because the theorem establishes
the correctness of the certification rule: whenever its assump-
tions hold and the system declares a record stable, that record
is invariant. It does not assert that every possible provenance
representation will always be sufficiently complete to certify
every unchanged record.

The overall theoretical result can therefore be summarized
as the following implication chain:

change-complete rule delta 4 sound provenance

+ conservative propagation
— sound certified stable set

— all affected records (119)

remain candidates

— exact changed-label recovery

on executable candidates.

The computational analysis then establishes that this cor-
rectness can provide a substantial efficiency advantage when-
ever the resulting candidate region is small relative to the
complete historical collection.

APPENDIX B
EXTENDED EXPERIMENTS AND ANALYSIS

This section extends the empirical evaluation beyond the
experiments reported in the main manuscript. The analy-
sis focuses on questions that become important when the
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Fig. 5. Robustness of provenance-guided incremental maintenance across three predictor families and four data modalities.

framework is deployed over longer periods or under more
demanding operating conditions. In particular, we examine
whether provenance-guided repair remains effective across
different predictor families, whether versioned concept mem-
ory continues to provide useful recovery after multiple recur-
ring revisions, how much additional storage is introduced by
provenance and concept-version state, how sensitive the repair
procedure is to its preservation and provenance parameters,
whether the observed predictive differences are systematic
across matched experimental conditions, and how performance
degrades as the assumptions favoring selective maintenance
are progressively weakened.

A. Robustness Across Predictor Families

The proposed framework is designed to separate semantic
maintenance from the architecture used for prediction. Rule-
delta compilation and provenance-guided affected-data discov-
ery operate before model repair, and therefore the usefulness
of the maintenance mechanism should not depend on a single
predictive family. We examine this property using the three
predictors introduced in the experimental setup: XGBoost,
the neural tabular model, and the Hoeffding Adaptive Tree.
In this experiment, the rule revisions, historical provenance,
candidate-set construction, and data splits are held fixed, while
the predictor and its corresponding update mechanism are
changed.

Figure 5 summarizes the results using three complementary
views. Figure 5a reports the percentage of complete-retraining
Macro-F1 retained by incremental repair for every dataset—
predictor combination. Figure 5b shows the range of update-
time reductions observed across the datasets for each predictor
family. Finally, Fig. 5S¢ summarizes normalized predictive re-
tention, update speed, repair gap, and cross-dataset consistency
in a common robustness profile.

The heatmap shows that incremental repair retains approx-
imately 99% or more of the Macro-F1 obtained by complete
retraining across most dataset—predictor combinations. For
XGBoost, the corresponding Macro-F1 differences are 0.5
points on PaySim, 0.4 on Census-Income, 0.5 on UNSW-
NB15, and 0.5 on ogbn-arxiv. The neural predictor shows

similarly small differences of 0.6, 0.4, 0.6, and 0.5 points,
respectively. The online tree exhibits somewhat larger gaps,
ranging from 0.6 to 0.9 points, but the repaired predictor
nevertheless remains close to complete retraining across all
four datasets.

The update-time behavior differs more substantially across
predictor families. XGBoost obtains reductions between ap-
proximately 5.0x and 6.2x, with a median reduction above
5x. The neural model obtains reductions between 4.0x and
4.8%, whereas the Hoeffding Adaptive Tree ranges from ap-
proximately 2.8 to 3.5x. The smaller relative improvement
of the online tree is expected because its baseline update
mechanism is already incremental; consequently, model opti-
mization constitutes a smaller fraction of the total maintenance
cost that can be eliminated by provenance-guided localization.

The normalized profile in Fig. 5c further separates these
effects. All three predictors exhibit strong predictive retention,
indicating that the principal benefit of provenance-guided
maintenance occurs before model-specific optimization. XG-
Boost obtains the strongest latency reduction because avoiding
large retraining operations produces a comparatively large
computational gain. The neural predictor shows a balanced
profile, while the Hoeffding Adaptive Tree exhibits smaller
speedup but still benefits from restricting semantic reeval-
uation to the relevant historical region. Overall, the result
supports the intended predictor-agnostic interpretation of the
framework: the data that must be reconsidered are determined
by concept evolution and provenance, while the final repair
mechanism can be instantiated according to the model family
used by the application.

B. Long-Horizon Recurring Concept Sequences

The main experiment considers a single return to a previ-
ously observed definition. A long-lived system, however, can
revisit several previous concept states repeatedly. We therefore
evaluate a twelve-revision sequence containing four distinct
definitions and multiple returns,

Q1= Q2= Q3= Q1= Qs — Q2 — Q1 — Q3

120
= Q4 — Q1 — Q2 — Q1. (120)
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The experiment compares complete retraining, replay, ver-
sioned repair, and oracle reuse of the correct previous version.
The purpose is to determine whether the value of storing
concept-specific state persists after several intermediate revi-
sions rather than only after one short cycle.

The trajectory matrix in Fig. 6a reveals a clear difference
between repeatedly reconstructing the predictor and reusing
concept-specific maintenance state. Versioned Repair remains
close to Oracle Reuse throughout the twelve revisions. Its
accuracy varies between 89.0% and 91.4%, while the ora-
cle remains between 89.3% and 91.4%. More importantly,
performance improves when a previously observed concept
returns because the corresponding stored state can be used as
a recovery point rather than treating the revision as an entirely
new learning problem.

The effect is most visible for the repeated occurrences
of Q1. Versioned Repair obtains 90.5%, 90.7%, 90.8%, and
90.9% on the successive returns to ()1, compared with 91.4%
at its initial occurrence. The associated recovery gap therefore
contracts as the system observes additional returns. Oracle
Reuse exhibits the same trend with a still smaller gap. Replay
improves relative to complete retraining but remains farther
from the previous (J; state because its stored examples do not
encode concept-version structure explicitly.

The cumulative-cost view in Fig. 6¢ shows that the com-
putational difference increases with the number of revisions.
Complete retraining accumulates approximately 202 minutes
of maintenance time over the twelve transitions. Replay re-
duces this to approximately 62 minutes. Versioned Repair re-
quires approximately 30 minutes, while Oracle Reuse requires
approximately 25 minutes. The significance of this result is the
growth pattern rather than only the final number: repeated full
maintenance accumulates almost linearly with every revision,
whereas reuse of concept-specific state reduces the incremental
cost of later returns. Version memory therefore becomes pro-
gressively more useful as concept evolution contains repeated
semantic states.

C. Storage Overhead of Provenance and Versioned Memory

Selective maintenance reduces repeated computation by
retaining additional state. We therefore analyze the corre-
sponding storage cost rather than considering update latency

in isolation. The maintained state is divided into four com-
ponents: provenance and inverted indices, predictor-version
information, affected-data metadata, and rule graphs with their
version metadata. Storage is reported relative to the training
collection so that datasets with substantially different absolute
sizes can be compared on the same basis.

Figure 7a shows that provenance and index structures
constitute the largest portion of the additional state. With
one stored concept version, the total maintenance state is
approximately 6.1% of the training-data size. After twelve
versions, the total reaches approximately 10.2%. The growth
is substantially slower than storing a complete independent
copy of all state at every revision because persistent rule
components and unchanged provenance structures are shared
between versions.

The relative storage requirement varies across datasets.
Figure 7b reports approximately 8.9% for PaySim, 11.4%
for Census-Income, 9.7% for UNSW-NB15, and 15.1% for
ogbn-arxiv. The graph dataset has the largest proportional
overhead because path and neighborhood dependencies require
richer provenance than ordinary attribute-level rules. Even in
this case, the additional state remains considerably smaller
than maintaining complete independent copies of the historical
collection for every concept version.

Figure 7c isolates the effect of structural sharing. As the
number of versions increases, the difference between indepen-
dent version snapshots and shared storage grows continuously.
After twelve versions, shared version maintenance provides a
reduction of more than 8 relative to storing twelve indepen-
dent copies of the corresponding maintenance state. This result
suggests that the storage cost of versioned concept memory is
determined primarily by what changes across versions rather
than by the total number of historical versions alone.

D. Sensitivity to Repair and Provenance Parameters

The repair objective contains a stability term controlling
how strongly the updated predictor preserves behavior on
certified stable records. A very small stability weight can
allow a localized repair set to produce unnecessary movement
outside the revised region, whereas an excessively large value
can resist adaptation to the changed concept. The size of
the stable buffer introduces a related trade-off: larger buffers
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supply more evidence about unchanged behavior but increase
model-update cost. We therefore examine the joint effect of
the stability weight \ and stable-buffer fraction.

We additionally study the granularity at which provenance
is stored. Coarse record-level provenance has low storage
cost but provides less precise dependency information, while
tuple- or path-level provenance provides stronger localization
at greater storage and retrieval cost. The objective is therefore
not necessarily to maximize provenance detail but to identify a
range in which affected-record coverage and historical pruning
remain strong without unnecessary state growth.

The joint response surface in Fig. 8a contains a broad
high-performance region rather than a single narrow optimum.
Macro-F1 is strongest when the stability weight lies between
approximately 0.5 and 1.0 and the stable buffer contains
roughly 2-5% of the certified stable region. The maximum
value in the evaluated grid is 90.6%. Setting A = 0 con-
sistently decreases performance because the repair procedure
receives no explicit pressure to preserve unchanged behavior.
Conversely, increasing the weight to 4.0 lowers Macro-F1 even
with a large stable buffer because adaptation to genuinely
changed supervision becomes excessively constrained.

Figure 8b clarifies the second side of this trade-off. Stable-
region accuracy increases monotonically with stronger preser-
vation and larger buffers, eventually exceeding 96%. However,
the highest stable-region accuracy does not coincide with

the highest overall Macro-F1. The useful operating region is
therefore one in which the predictor preserves certified stable
behavior without allowing this objective to dominate learning
from the revised examples.

The provenance-granularity profile in Fig. 8c demonstrates
a different trade-off. Record-level provenance achieves the
strongest storage efficiency but weaker affected-record local-
ization. Predicate-level provenance provides the most balanced
profile, retaining approximately 95% of affected records while
avoiding the storage requirement of the finest tuple/path repre-
sentation. Tuple- and path-level provenance increases affected
coverage further, approaching 98%, but with lower storage
and latency efficiency. These results indicate that provenance
granularity should be treated as a systems parameter rather
than an all-or-nothing design choice.

E. Matched Statistical Analysis

Aggregate averages can conceal whether an apparent im-
provement occurs consistently across datasets and concept
revisions. We therefore perform a matched analysis in which
each experimental unit corresponds to the same dataset, re-
vision, predictor configuration, and random seed under two
competing maintenance strategies. The primary quantity is the
paired difference in Macro-F1 relative to Provenance-Guided
Repair. Confidence intervals are computed over matched dif-
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ferences, and multiple baseline comparisons are corrected
using the Holm procedure.

The forest representation in Fig. 9a exposes both the magni-
tude and uncertainty of every comparison. Positive values indi-
cate higher Macro-F1 for Provenance-Guided Repair; negative
values favor the comparator.

The strongest effects occur relative to methods that adapt
without explicit knowledge of the revised concept structure.
The paired Macro-F1 advantage over the unchanged predictor
is approximately 11.1 points, with a 95% interval from 10.2
to 12.0. Advantages over Sliding Window, Online Update, Re-
play, ADWIN, Random Reevaluation, and Uncertainty Reeval-
uation range from approximately 2.5 to 5.0 points, and their
confidence intervals remain above zero.

The difference relative to Provenance Selection followed
by full retraining is substantially smaller, approximately 0.35
points, with a 95% interval from 0.05 to 0.65. This is expected
because both procedures exploit the same structural candidate
region; their difference is primarily determined by the final
predictor-update stage. The comparison therefore indicates that
the largest predictive gain comes from identifying semantically
relevant data, while incremental repair preserves most of the
performance obtained by performing more expensive retrain-
ing after that selection.

Complete relabeling and retraining remains slightly above
incremental repair, with a paired difference of approximately
0.48 points in its favor. The Oracle Affected Set also retains a
small advantage of approximately 0.28 points. The magnitude
of these differences is much smaller than the improvements
obtained relative to drift-based and generic data-selection
methods. The matrix in Fig. 9b makes this distinction visible:
comparisons with conventional adaptation strategies have both
stronger effect magnitudes and smaller corrected significance
values, while the differences to the strongest structural refer-
ences remain comparatively small.

F. Controlled Failure-Mode Stress Tests

The theoretical analysis predicts that selective maintenance
becomes less advantageous when concept changes become
global, provenance becomes incomplete, unresolved semantic
conditions dominate the candidate region, or relational depen-
dencies become increasingly coupled. We therefore evaluate
these conditions directly by varying one source of difficulty
while preserving the remaining maintenance pipeline.

Figure 10 contains four complementary stress experiments.
Figure 10a jointly varies the true affected fraction and depen-
dency coupling. Figure 10b progressively reduces provenance
availability. Figure 10c increases the fraction of candidates
whose revised target cannot be determined automatically, and
Fig. 10d increases graph-path dependency depth.

The revision-scope experiment provides the clearest em-
pirical illustration of the theoretical operating limit. When
only 5% of the historical collection is truly affected and
dependency coupling is low, the framework obtains an update-
time reduction above 8x. At a 15% affected fraction, the
corresponding reduction remains above 6x. The advantage
decreases progressively as the revision becomes broader. With
70% of records affected, speedup falls below 2x for several
coupling levels, and when 90% of the historical collection is
affected the update approaches the cost of complete recompu-
tation. Increasing relational coupling accelerates this transition
because each changed component reaches a larger part of the
historical dependency graph.

The provenance experiment separates conservative and ap-
proximate behavior as lineage information is removed. With
complete provenance, affected recall remains close to 97%
while a compact historical region can be processed. As avail-
able provenance falls below 80%, a conservative implementa-
tion has to widen the candidate set sharply, whereas a more ag-
gressive approximate implementation begins to lose affected-
record recall. At 40% provenance availability, approximate
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affected recall decreases to approximately 82.9%. This result
illustrates why missing provenance cannot simply be inter-
preted as an unchanged dependency: the system must choose
between processing more data conservatively and accepting
lower coverage from approximate dependency reconstruction.

Increasing semantic ambiguity produces a different degra-
dation pattern. When only 10% of candidates require non-
executable supervision, moderate annotation budgets recover
Macro-F1 close to the fully supervised region. As the ambigu-
ous fraction increases to 60-80%, small annotation budgets
become insufficient because most of the revision can no longer
be resolved automatically. For an 80% ambiguous region,
Macro-F1 increases from 82.5% with four annotations to
88.4% with 64 annotations. Thus, provenance can still localize
the region in which human effort is useful, but it cannot
eliminate the information requirement of a fundamentally non-
executable concept.

Finally, Fig. 10d isolates structural coupling in graph con-
cepts. Increasing path depth from one to six hops raises
relative update latency from the reference level to approx-
imately 3.05x. The increase is nonlinear because deeper
paths expand both the number of dependencies associated
with each historical evaluation and the amount of structural
processing required to verify whether a changed relation can
propagate to the concept output. This experiment therefore
confirms that the size of a rule edit alone is not sufficient to
predict maintenance cost; the topology through which that edit
propagates is equally important.

G. Overall Extended Analysis

The additional experiments provide several observations
that are not visible from the principal benchmark comparison
alone. First, provenance-guided maintenance remains effective
across predictive architectures with different update mecha-
nisms. The strongest latency benefit appears for predictors
that would otherwise require expensive retraining, but even
an inherently incremental tree benefits from localizing the se-
mantic reevaluation step. This supports the separation between
concept maintenance and predictor maintenance that motivates
the framework.

Second, the value of versioned concept memory increases
with the length of the concept history. In a multi-revision
sequence, returning definitions can reuse previous semantic

and predictive state, causing the cumulative computational gap
relative to repeated full maintenance to widen over time. At the
same time, structural sharing prevents storage from growing
proportionally to the number of concept versions, so long-lived
reuse does not require independent duplication of all historical
state.

Third, the sensitivity analysis identifies a relatively broad
operating region for incremental repair. Moderate stability
regularization and a small stable buffer are sufficient to pre-
serve unchanged behavior without suppressing adaptation to
revised semantics. Provenance granularity introduces a sepa-
rate systems trade-off: increasingly detailed lineage improves
localization but also increases storage and retrieval cost, with
predicate-level provenance providing a balanced operating
point in the evaluated configurations.

Finally, the controlled stress experiments define the bound-
ary of the framework’s computational advantage. Selective
maintenance is strongest when revisions remain localized,
provenance is sufficiently complete, most revised targets can
be executed automatically, and dependency structures remain
moderately coupled. As these conditions are weakened, the
procedure degrades toward broader candidate selection, in-
creased supervision, or complete recomputation rather than
failing abruptly. This behavior is consistent with the theoretical
analysis: provenance does not guarantee that every concept
revision is inexpensive, but it provides a principled mechanism
for exploiting locality whenever the semantic consequences of
the revision remain structurally traceable.
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