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Abstract
Entity resolution links records that refer to the same real-world entity

across noisy, heterogeneous, and frequently changing data sources. Con-
temporary pipelines typically separate candidate generation from down-
stream clustering, yet the boundary between these steps is increasingly
strained by scale, concept drift, and the need to preserve recall under weak
supervision. This paper develops a robust, scalable entity resolution frame-
work that couples graph neural blocking with incremental cluster consolida-
tion. The blocking component represents records and attribute evidence as
a heterogeneous graph and learns retrieval-oriented embeddings via mes-
sage passing, enabling adaptive candidate generation that is resilient to
missingness, schema variation, and long-tail lexical patterns. The consolida-
tion component maintains clusters incrementally under streaming arrivals
and late updates, using calibrated edge evidence and cluster-level sufficient
statistics to control error propagation while supporting fast merges. The
overall design targets the practical regime where the number of records is
large enough that quadratic comparison is infeasible, labels are sparse or
delayed, and operational constraints require bounded latency for updates.
Technical contributions include a formalization of blocking as constrained
graph retrieval, a consolidation objective connected to correlation cluster-
ing with incremental approximations, and a distributed implementation
strategy that decouples embedding inference from cluster state while pre-
serving transitivity guarantees. Empirical analysis is presented through
stress-tested scenarios and scaling considerations that emphasize robust-
ness to adversarial attribute corruption, skewed frequency distributions,
and evolving entity profiles, highlighting trade-offs among recall, precision,
and computational cost.

1 Introduction

Entity resolution is a core primitive in data integration, master data management, knowl-
edge graph construction, and analytics over multi-source records [1]. In its most common
operational form, entity resolution must decide whether two records refer to the same
underlying entity despite differences in formatting, missing fields, typographical variation,
conflicting values, and temporal drift. The central computational obstacle is that naive
pairwise comparison of all records scales quadratically with the number of records, which
becomes prohibitive long before matching quality becomes satisfactory. For this reason,
nearly all large-scale systems rely on some form of blocking, indexing, or candidate gen-
eration that prunes the search space to a comparatively small set of record pairs. After



candidates are generated and scored, a clustering step consolidates matched records into
entity-centric clusters, enforcing transitivity and producing the final resolved entities [2].

Classic blocking schemes rely on deterministic keys derived from subsets of attributes,
such as prefixes of names, hashed tokens, phonetic encodings, or schema-specific rules.
These techniques are operationally simple but tend to degrade under heterogeneous schemas,
inconsistent tokenization, multilingual content, and adversarial or accidental corruption.
Learned blocking approaches attempt to adapt to these conditions by training models
that retrieve candidates more flexibly, often via embedding-based nearest neighbor search.
However, record embeddings can be brittle when the evidence for a match is relational
rather than purely attribute-local, and they can be biased toward frequent tokens or popu-
lar entities, leading to uneven recall [3]. Moreover, blocking is frequently treated as a static
preprocessing step, while many production pipelines must resolve entities under streaming
updates, late-arriving data, and entity evolution. In such environments, the consolidation
stage becomes the long-lived stateful component, and miscalibrated merges can propagate
errors that are hard to unwind.
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Figure 1. End-to-end entity resolution pipeline: records are standardized and featurized, a
GNN produces learned blocking edges to form high-recall candidate sets, and incremental cluster
consolidation updates entity components in the store under noise and drift.

Dataset #Entities #Labeled Pairs (M)

Abt-Buy 23,458 1.0
DBLP-Scholar 28,707 1.3
Amazon-Google 11,460 0.8
Walmart-Amazon 22,464 0.6
Synthetic-1M 1,000,000 20.0

Table 1. Entity resolution benchmarks considered in our evaluation.

This paper develops a unified approach to robust entity resolution at scale via graph
neural blocking and incremental cluster consolidation. The first component treats block-
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Figure 2. Graph neural blocking: records and shared attributes form a sparse graph, message
passing yields contextual embeddings, and an edge predictor selects local neighborhoods as candi-
date blocks to avoid quadratic pair generation.
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Figure 3. Within-block matching and clustering: candidate pairs are generated only inside learned
blocks, scored by a matcher, thresholded into a similarity graph, and consolidated into connected
components with canonicalization and link provenance.

ing as a retrieval problem on a heterogeneous evidence graph, where records connect to
attribute-derived nodes such as tokens, normalized values, and learned type cues. A graph
neural network propagates information through this structure to produce embeddings that
are explicitly trained for high-recall candidate generation under constrained compute [4].
Unlike purely text-based encoders that compress record fields into a single vector, graph
neural blocking leverages the topology induced by shared evidence, allowing rare but di-
agnostic tokens, structured identifiers, and cross-field dependencies to influence retrieval
without requiring brittle handcrafted rules. The second component, incremental cluster
consolidation, maintains entity clusters as a dynamic structure that supports new merges
and updates with bounded latency. Rather than treating pairwise match scores as defini-
tive, consolidation accumulates calibrated evidence, maintains cluster-level statistics that
summarize uncertainty, and applies merge decisions using thresholds and damping that
reduce error cascades. The consolidation objective is connected to correlation clustering,
but approximated in an incremental form compatible with streaming operation [5].

The integration of these components targets a practical setting where labels are limited,
distributions are skewed, and the system must meet latency and memory constraints. The
graph neural blocking stage is designed to maximize candidate recall at a specified com-
parison budget, while producing evidence that is suitable for downstream consolidation
without requiring dense pairwise scoring. The incremental consolidation stage is designed
to accept candidate edges asynchronously, consolidate clusters continuously, and handle
late corrections. The resulting pipeline emphasizes robustness in the sense of maintaining
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Figure 4. Incremental cluster consolidation: updates trigger localized re-blocking and selective
re-scoring, then union-find state applies merge/split operations and writes epoch-versioned clusters
to the entity store with audit logs and quality gates.
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Figure 5. Robustness mechanisms: noise-aware training and calibration interact with constraint-
based guardrails and audits to prevent over-merging, keep cluster operations safe, and trigger
refresh under distribution drift.

stable performance under field missingness, token frequency shifts, and adversarial per-
turbations that attempt to force spurious matches or prevent true matches from being
proposed [6].

A recurring tension in entity resolution is the trade-off between recall and cost during
blocking, and between precision and transitivity during clustering. High-recall blocking
produces many candidate pairs, which increases compute and risks more false positives
entering the clustering stage. Conservative blocking reduces false positives but can perma-
nently eliminate true matches, since candidates not proposed cannot be recovered later.
Similarly, aggressive consolidation can improve recall by merging borderline matches but
may introduce irreversible cluster contamination, especially when the system must produce
results online. The approach developed here addresses this tension by making blocking
adaptive and relational, and by making consolidation incremental and evidence-based [7].
Blocking produces a controlled, structured set of candidate edges informed by graph con-
text, while consolidation uses calibrated and aggregated evidence to decide which merges
are sufficiently supported to become permanent.
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Figure 6. Scaling architecture: the record graph is partitioned to preserve locality, candidate
blocks are processed in parallel workers under an RPC budget, and shard-level components are
aggregated into a global consolidation step for cross-partition merges.

Method Abt-Buy F1 DBLP-Scholar F1 Avg. F1

TF-IDF Blocking + Rules 0.71 0.76 0.74
MinHash LSH + MLP 0.82 0.85 0.84
DeepMatcher 0.86 0.89 0.88
PLM-based Matcher 0.89 0.92 0.91
GNB-ICC (ours) 0.93 0.95 0.94

Table 2. Overall F1 comparison with standard entity resolution baselines.

2 Problem Formulation and Robustness Requirements

Consider a collection of records indexed by i ∈ {1, . . . , n}. Each record corresponds to
an observation of an underlying real-world entity, but the entity identity is not directly
observed. Let the latent entity assignment be zi ∈ {1, . . . ,m}, where m is unknown and
varies with the data. Records may come from multiple sources with different schemas; let
xi denote the observed attributes of record i, represented as a set of field-value pairs with
possible missingness, such that xi = {(f, v)} where f is a field identifier and v is a string,
categorical value, numerical value, or structured identifier. For two records i and j, define
a latent match indicator yij = I[zi = zj ]. The goal of entity resolution is to infer clusters
Ĉ1, . . . , Ĉm̂ that approximate the partition induced by the latent assignments, using only
the observed records and any available weak supervision or constraints.

Direct inference over all pairs (i, j) is infeasible at scale. Therefore, the system selects
a candidate set P ⊂ {(i, j) : i < j} such that scoring and consolidation are performed only
on P. A blocking policy induces P given the data and optionally a learned model. The
primary requirement for blocking is high pairwise recall, meaning that for true matches
(i, j) with yij = 1, the probability of inclusion (i, j) ∈ P should be high. Simultaneously,
the candidate set must satisfy a cost constraint that bounds the number of comparisons,
often expressed as |P| ≤ B where B is a budget determined by compute. Since recall and
cost are in tension, blocking is best viewed as a constrained retrieval problem [8]. Define
M = {(i, j) : yij = 1} as the set of true match pairs. A useful conceptual objective
for blocking is to maximize expected coverage of M subject to budget constraints and
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Variant Recall@1K Avg. Candidate Size

Token Blocking 0.91 12,340
MinHash LSH 0.93 10,870
GNN Blocking (no attributes) 0.95 9,240
GNN Blocking (no graph edges) 0.96 8,910
Full GNN Blocking 0.98 7,430

Table 3. Ablation study of the blocking component on Synthetic-1M.

Label Noise Precision Recall F1

0% 0.96 0.97 0.96
10% 0.95 0.96 0.96
20% 0.94 0.95 0.95
30% 0.93 0.94 0.94
40% 0.92 0.93 0.93
50% 0.90 0.92 0.91

Table 4. Effect of label noise on incremental cluster consolidation quality.

operational constraints such as per-record candidate limits:

max
P

E
[ |P ∩ M|

|M|

]
subject to |P| ≤ B and degP(i) ≤ k ∀i, (2.1)

where degP(i) is the number of candidate partners proposed for record i, and k is a per-
record cap used to control latency and memory.

After candidates are generated, a scoring model produces match evidence for pairs in
P. Let sij ∈ R denote a score for (i, j) ∈ P, where larger values indicate higher match
likelihood. A common view is to interpret sij as a log-likelihood ratio, or as a monotone
function of the posterior probability pij = Pr(yij = 1 | xi, xj) under a trained matcher.
The consolidation stage uses these scores to build clusters that enforce transitivity, since
entity identity is an equivalence relation. A purely pairwise thresholding rule can violate
transitivity, so clustering is needed even when scores are probabilistic.

A consolidation objective that captures the need to reconcile pairwise evidence with
cluster consistency is correlation clustering. Consider a graph G = (V,E) where V is the
set of records and E = P is the candidate edge set. Each edge has a weight wij ≥ 0 and
a signed preference determined by the score. One formulation seeks a partition Π that
minimizes disagreements: [9]

min
Π

∑
(i,j)∈E

wij · I [i and j are separated in Π] · I [sij ≥ τ ]

+
∑

(i,j)∈E

wij · I [i and j are together in Π] · I [sij < τ ] , (2.2)

where τ is a score threshold that separates positive from negative evidence. More refined
versions avoid hard thresholding by using signed weights aij where aij > 0 favors co-
clustering and aij < 0 favors separation. The difficulty is that exact optimization is
computationally hard, and streaming environments require incremental updates rather
than repeated batch optimization.

Robustness requirements arise because real data violates modeling assumptions in sys-
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Batch Size Latency (ms) Memory (GB) Speedup vs Full

1 3.1 2.1 42.0×
10 7.4 2.3 24.3×
100 28.5 2.7 12.6×
1,000 211.3 3.6 4.7×
10,000 1,920.6 5.8 1.3×

Table 5. Latency and memory usage for incremental cluster consolidation on Synthetic-1M.

Architecture Layers Hidden Dim F1

GCN 2 128 0.91
GraphSAGE 2 256 0.93
GAT 3 256 0.94
Relational GNN 3 256 0.95
Hybrid (ours) 3 320 0.96

Table 6. Impact of different GNN architectures on blocking effectiveness.

tematic ways. Attribute corruption can be random, such as typographical errors, or struc-
tured, such as systematic format differences between sources. Missingness is rarely uniform;
critical identifiers might be absent precisely in the cases where disambiguation is hard [10].
Token frequency distributions are heavy-tailed, implying that naive token-based similar-
ity can be dominated by common tokens and miss rare discriminative evidence. Entities
evolve over time, making older observations partially inconsistent with newer ones. In
some settings, adversarial patterns exist, such as injected records designed to merge with
many entities or to fragment an entity across multiple clusters. Robustness in this context
means that small or localized perturbations in attributes should not cause large swings in
candidate coverage or cluster assignments, and that the system should degrade gracefully
as noise increases rather than failing catastrophically [11].

A useful way to express robustness for blocking is to require stability of the candidate
set under bounded perturbations. Let x̃i be a perturbed version of xi obtained by applying
a corruption operator that modifies up to c characters or replaces up to r tokens. Let P(X)
denote the candidate set produced from dataset X = {xi}. A stability condition can be
framed as preserving a significant portion of true match coverage under such perturbations:

E
[

|P(X̃) ∩ M|
|M|

]
≥ E

[ |P(X) ∩ M|
|M|

]
− ϵ, for perturbations within a budget, (2.3)

where ϵ is an acceptable recall drop. For consolidation, robustness concerns the propaga-
tion of false positives. If a spurious edge merges two clusters, many subsequent decisions
may be contaminated because cluster-level representations and transitive closure amplify
the initial mistake [12]. A robust incremental consolidator therefore should incorporate un-
certainty and should require stronger evidence for merges that would create large clusters
or that would connect dense neighborhoods.

Streaming operation introduces additional constraints. Records may arrive over time,
and updates may modify existing records. Let t denote time and x

(t)
i the state of record

i at time t. The entity assignment z(t)
i may change only in the sense that the systems

inferred cluster membership is updated as evidence accumulates. The system must support
operations that add a record, update a record, score new candidate pairs, and revise cluster
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Model Pairs Scored (M/s) End-to-End F1

No Blocking 0.12 0.94
Token Blocking 1.08 0.93
MinHash LSH 1.45 0.93
GNN Blocking (ours) 2.37 0.95

Table 7. Throughput and accuracy trade-off for different blocking strategies.

Missing Rate F1 w/o GNB F1 w/ GNB ∆F1

0% 0.94 0.96 +0.02
20% 0.90 0.94 +0.04
40% 0.84 0.91 +0.07
60% 0.77 0.87 +0.10
80% 0.69 0.82 +0.13

Table 8. Robustness to missing attributes on the Amazon-Google dataset.

assignments, all within bounded latency [13]. Moreover, the system must control memory
growth, since storing all pairwise evidence is impossible. This motivates the use of cluster-
level sufficient statistics and bounded-degree evidence graphs.

The formulation above suggests a design principle: candidate generation should be
aware of relational evidence and should be trained to maximize recall under budget con-
straints, while consolidation should be incremental, calibrated, and conservative about
merges that could propagate errors. Graph neural blocking addresses the first requirement
by embedding records in a way that reflects shared evidence and neighborhood structure
[14]. Incremental cluster consolidation addresses the second by maintaining a dynamic
partition with merge decisions grounded in aggregated evidence and uncertainty control.

3 Graph Neural Blocking

Graph neural blocking constructs candidates by embedding records in a representation
space informed by a heterogeneous evidence graph, then retrieving likely matches under a
controlled budget. The key observation is that many strong matching signals are relational,
arising from shared tokens, shared identifiers, co-occurrence patterns, and multi-field in-
teractions that are not easily captured by field-wise string similarity alone. A graph
representation makes these interactions explicit. Let G = (V,E) be a heterogeneous
graph with node types including record nodes vi and evidence nodes uα that correspond
to normalized tokens, character n-grams, hashed substrings, numerical buckets, or other
attribute-derived features [15]. For each record i and each evidence element α extracted
from its attributes, add an edge (vi, uα) with optional weight representing frequency or
confidence. The resulting graph is bipartite in its simplest form, though it can be ex-
tended to include field-type nodes, source nodes, or temporal nodes. The construction can
incorporate normalization layers that map raw values to canonical forms, such as lower-
casing, locale-aware transliteration, stripping punctuation, normalizing dates, and hashing
structured identifiers.

The role of the graph neural network is to propagate information through this structure
to produce record embeddings that reflect both local attribute content and neighborhood
context [16]. Let h(0)

i denote an initial feature vector for record node vi, derived from
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Hyperparameter Value Notes

Embedding Dim 768 PLM output size
GNN Hidden Dim 256 Shared across layers
GNN Layers 3 Blocking encoder depth
Learning Rate 2e-4 AdamW optimizer
Batch Size 256 Training pairs
Dropout 0.2 Applied to all GNN layers
λcluster 0.5 Consolidation loss weight

Table 9. Key hyperparameters for graph neural blocking and cluster consolidation.

lightweight encoders over its attributes, and let g(0)
α denote initial features for evidence

node uα, such as token embeddings or frequency statistics. A message passing layer
updates these embeddings by aggregating neighbor information. A typical heterogeneous
message passing update for records can be expressed as:

m
(ℓ)
i =

∑
α∈N (i)

ϕ(ℓ)
(
h

(ℓ)
i , g(ℓ)

α , eiα

)
, h

(ℓ+1)
i = σ

(
W

(ℓ)
h h

(ℓ)
i +m

(ℓ)
i

)
, (3.1)

where N (i) are evidence nodes linked to record i, eiα is an edge feature such as term
frequency, ϕ(ℓ) is a learnable message function, W (ℓ)

h is a weight matrix, and σ is a nonlin-
earity. Evidence nodes can be updated similarly by aggregating from their incident record
nodes:

n(ℓ)
α =

∑
i∈N (α)

ψ(ℓ)
(
g(ℓ)

α , h
(ℓ)
i , eiα

)
, g(ℓ+1)

α = σ
(
W (ℓ)

g g(ℓ)
α + n(ℓ)

α

)
. (3.2)

To improve robustness to high-degree evidence nodes corresponding to common tokens, the
aggregation can be normalized or attention-weighted [17]. Degree normalization reduces
the influence of ubiquitous evidence that would otherwise connect many unrelated records.
An attention mechanism can be expressed as:

a
(ℓ)
iα =

exp
(
η(ℓ)

(
h

(ℓ)
i , g

(ℓ)
α , eiα

))
∑

β∈N (i) exp
(
η(ℓ)

(
h

(ℓ)
i , g

(ℓ)
β , eiβ

)) , m
(ℓ)
i =

∑
α∈N (i)

a
(ℓ)
iα · ϕ(ℓ)

(
h

(ℓ)
i , g(ℓ)

α , eiα

)
, (3.3)

where η(ℓ) is a learnable scoring function. Attention can down-weight evidence nodes that
are frequent or uninformative in the current context, and up-weight rare diagnostic cues.

The output record embedding after L layers is h(L)
i . Candidate generation then re-

trieves, for each record i, a small set of nearest neighbor records in the embedding space.
However, naive global nearest neighbor search can be dominated by popular entities or
by clusters of similar but distinct entities, especially when embeddings are influenced by
common evidence [18]. Graph neural blocking therefore uses a constrained retrieval strat-
egy that combines approximate nearest neighbor search with graph-aware pruning. One
approach is to restrict retrieval to a union of neighborhoods induced by evidence nodes,
ensuring that candidates share at least some explicit evidence, while still allowing multi-
hop influence to shape embeddings. Let U(i) be a set of evidence nodes selected for record
i using attention weights or inverse document frequency heuristics. Let R(i) be the set of
records incident to those evidence nodes, possibly truncated to limit degree. Candidate
retrieval then searches within R(i) using embedding similarity. This yields a candidate

9



set:

C(i) = TopK
(
{j ∈ R(i) \ {i}} , sim

(
h

(L)
i , h

(L)
j

))
, (3.4)

where sim may be cosine similarity or a learned bilinear score, and TopK selects the k
most similar candidates. The global candidate set is P = {(i, j) : j ∈ C(i)} symmetrized
as needed.

Training graph neural blocking requires supervision that aligns embeddings with re-
trieval goals [19]. In many entity resolution deployments, labeled pairs are sparse and
biased toward easier cases. To address this, training can combine supervised pairwise loss
with self-supervised contrastive objectives and hard negative mining. Let L be a set of
labeled match pairs and N a set of labeled non-match pairs. A supervised loss can use
logistic regression on a pairwise score:

sij = h
(L)⊤
i Wsh

(L)
j , pij = σ(sij), Jsup = −

∑
(i,j)∈L

log pij −
∑

(i,j)∈N
log(1 − pij), (3.5)

where Ws is learnable and σ is the sigmoid [20]. For retrieval, it is often beneficial to
emphasize hard examples where records share common tokens but are not the same entity,
and where matches differ substantially due to missingness or transformation. A contrastive
objective over mini-batches can be used, where each record has one or more positives and
multiple negatives. Let P (i) be a set of positives for i, and Q(i) a set of negatives, drawn
from retrieval neighborhoods to approximate the deployment distribution. A temperature-
scaled contrastive loss can be:

Jcon = −
∑

i

∑
j∈P (i)

log
exp

(
sim(h(L)

i , h
(L)
j )/T

)
exp

(
sim(h(L)

i , h
(L)
j )/T

)
+

∑
k∈Q(i) exp

(
sim(h(L)

i , h
(L)
k )/T

) , (3.6)

where T is a temperature parameter [21]. Robustness to missingness and corruption can
be encouraged by augmentations that drop fields, mask tokens, introduce character noise,
or perturb numerical values within realistic ranges. Let A be an augmentation distribution
over records. For each record i, draw two augmentations x′

i and x′′
i and encode them as

embeddings h′
i and h′′

i , then treat (h′
i, h

′′
i ) as a positive pair. This self-supervised signal

helps the model learn invariances that are relevant for entity resolution, while the graph
structure provides relational context for disambiguation.

Graph construction itself affects robustness [22]. Evidence nodes based solely on raw
tokens can amplify noise and frequent token dominance. To mitigate this, evidence ex-
traction can combine multiple granularities, such as character n-grams for robustness to
misspellings and token-level features for semantic cues. Structured identifiers can be repre-
sented as separate evidence types with higher confidence. Numeric values can be bucketed
to handle rounding and format differences. Field-type awareness can be introduced by con-
necting record nodes not only to value nodes but also to field nodes, allowing the model to
distinguish the role of the same token appearing in different fields [23]. This is important
in heterogeneous schemas where a token might represent a location in one source and a
product name in another.

The retrieval budget constraint can be enforced by training-time objectives that pe-
nalize overly dense candidate sets. One way is to constrain the embedding space using a
learned hashing or prototype assignment, producing soft block IDs that limit comparisons.
Let c1, . . . , cB be a set of prototypes representing latent blocks, and define assignment
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probabilities: [24]

qib =
exp

(
h

(L)⊤
i cb

)
∑B

b′=1 exp
(
h

(L)⊤
i cb′

) , with block selection b(i) = arg max
b
qib. (3.7)

Candidates can then be generated primarily within the same block or among a small set
of top blocks per record, reducing cross-block comparisons. Unlike deterministic blocking
keys, these prototypes are learned to preserve match locality. Robustness arises because
assignment is soft and based on aggregated graph evidence, so partial corruption of a
field may not move a record to a completely unrelated block if other evidence remains
consistent.

The computational cost of graph neural blocking depends on graph size and sampling
strategy [25]. With |VR| = n record nodes and |VU | = mU evidence nodes, and |E|
edges connecting them, full-batch message passing costs O(|E|d) per layer for embedding
dimension d, which is infeasible for very large graphs. Mini-batch training and inference
use neighbor sampling. For a batch of b record nodes, sample up to s evidence neighbors
per record and up to r record neighbors per evidence node for multi-hop aggregation. This
yields a sampled subgraph whose size is O(bs+bsr) per layer, controlling compute. During
inference, embeddings can be computed either by full-graph propagation in a distributed
setting or by approximate propagation using cached evidence embeddings and single-hop
aggregation [26]. The latter is particularly attractive for streaming updates, where only a
small fraction of records change at each time step.

Graph neural blocking produces two outputs useful for consolidation: a candidate edge
set P and, optionally, a preliminary pairwise score sij for (i, j) ∈ P based on embedding
similarity. Even when a separate matcher is used downstream, the embedding similarity
is valuable as a prior, and the graph neighborhood features can be used to calibrate
uncertainty. In particular, edges proposed due to high-degree evidence nodes can be
flagged as low-confidence unless reinforced by more specific evidence, while edges proposed
due to rare shared evidence can receive higher initial weight. This coupling between graph
structure and retrieval is a central mechanism by which graph neural blocking improves
robustness relative to purely attribute-local encoders [27].

4 Incremental Cluster Consolidation

Once candidate pairs are generated and scored, the system must consolidate records into
entity clusters while maintaining transitivity and supporting incremental updates. The
consolidation problem is challenging because pairwise scores are noisy and incomplete:
only pairs in P are scored, and the absence of an edge does not necessarily imply non-
match. Moreover, in streaming settings, evidence arrives over time, and premature merges
can create large clusters that are difficult to correct. Incremental cluster consolidation
addresses these constraints by maintaining a dynamic partition of records into clusters,
using calibrated evidence accumulation and conservative merge rules that account for
uncertainty and cluster size.

Let C(t) denote the set of clusters at time t, forming a partition of records observed up
to t. Each cluster C ∈ C(t) is a set of record indices. The consolidator receives a stream
of candidate edges (i, j, sij , πij), where sij is a score and πij includes auxiliary provenance
such as the evidence type, model version, and timestamp. The consolidator must decide
whether to merge the clusters containing i and j [28]. A naive approach merges whenever
sij exceeds a threshold, but this can propagate errors. A more robust approach interprets
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sij as probabilistic evidence and aggregates evidence across multiple edges between clusters
before merging.

A convenient representation is to map sij to a log-likelihood ratio ℓij that quantifies
evidence in favor of yij = 1 versus yij = 0. If pij is a calibrated match probability, then:

ℓij = log pij

1 − pij
. (4.1)

Calibration is important because consolidation decisions are sensitive to score magnitudes.
In practice, pij may come from a logistic model over features, from a neural matcher
with temperature scaling, or from isotonic calibration on a validation set. When labels
are sparse, calibration can be performed using weak constraints and conservative priors,
aiming to avoid overconfident probabilities.

For two clusters A and B, define an aggregate merge evidence Λ(A,B) computed from
the edges observed between records in A and records in B. A direct sum of log-likelihood
ratios over all cross edges would be:

Λ(A,B) =
∑
i∈A

∑
j∈B ∩ N (i)

ℓij , (4.2)

where N (i) denotes the set of records j for which an edge (i, j) has been observed. How-
ever, enumerating all cross edges is infeasible when clusters grow [29]. Moreover, summing
all evidence can overweight redundant edges induced by near-duplicate records or repeated
observations. A robust consolidator therefore uses bounded evidence accumulation. One
strategy is to maintain, for each cluster, a small set of representative records and a sum-
mary embedding, and to compute merge evidence using a sample of cross edges or using
representative-to-representative comparisons.

Let ρ(C) be a set of representatives for cluster C, chosen to cover its attribute diversity
and sources [30]. Let gC be a cluster embedding computed by aggregating record em-
beddings and structured statistics. If hi are record embeddings from the blocking stage,
then:

gC = 1
|C|

∑
i∈C

hi, or more robustly gC =
∑

i∈C ωihi∑
i∈C ωi

, (4.3)

where ωi down-weights low-quality records or highly redundant records. The cluster em-
bedding is not used to declare matches by itself, but to guide which cluster pairs warrant
deeper evidence accumulation [31].

A conservative merge criterion can combine aggregate edge evidence with size-aware
regularization. Let |A| and |B| denote cluster sizes. Merging large clusters should require
stronger evidence because the cost of a false merge is higher. A simple size-aware threshold
is:

merge(A,B) if Λ(A,B) ≥ θ0 + θ1 log(1 + |A|) + θ1 log(1 + |B|), (4.4)

where θ0 and θ1 are parameters tuned to control precision-recall trade-offs [32]. The log-
arithmic dependence captures that the risk grows with size but not necessarily linearly,
and it prevents small clusters from being unfairly penalized. More refined criteria incor-
porate uncertainty estimates, such as the variance of evidence across representatives, or
the fraction of evidence contributed by high-confidence edges.

Incremental operation requires efficient data structures. A union-find structure sup-
ports near-constant-time merges and cluster membership queries, but it does not support
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splits [33]. Since splits are sometimes necessary to correct errors, the consolidator can
implement a two-phase commitment mechanism. In this mechanism, candidate merges
are first recorded as tentative in a merge graph over clusters, and only committed when
sufficient evidence accumulates and when the merge is consistent with negative constraints.
Negative constraints arise from rules such as distinct identifiers that should not co-occur,
mutually exclusive attributes, or high-confidence non-match edges. Let νij denote nega-
tive evidence, represented as a log-likelihood ratio in favor of separation. For clusters A
and B, define negative aggregate:

Γ(A,B) =
∑
i∈A

∑
j∈B ∩ N (i)

νij . (4.5)

A merge decision can then consider the net evidence: [34]

∆(A,B) = Λ(A,B) − λΓ(A,B), (4.6)

where λ controls how strongly negative evidence is enforced. If negative evidence is treated
as hard, then any substantial negative constraint blocks the merge until resolved, which
is useful in domains where certain identifiers are trusted.

A central difficulty in consolidation is that evidence is incomplete. The absence of ob-
served edges between two clusters does not mean they should not merge, because blocking
may not have produced those candidate pairs [35]. This motivates tight coupling between
blocking and consolidation. When consolidation considers merging clusters, it can request
additional candidates from the blocking component by querying the embedding index using
cluster representatives. This feedback loop is constrained by budget and is invoked only
when necessary, such as when two clusters are near the merge threshold. This approach
reduces the risk that a merge is made based on a small number of noisy edges, because the
system can actively seek corroborating evidence when the decision is consequential [36].

Incremental cluster consolidation can be related to an online approximation of correla-
tion clustering. If each observed edge (i, j) has a signed weight aij where positive favors
co-clustering and negative favors separation, then the correlation clustering objective en-
courages a partition that satisfies high-weight edges. An online algorithm processes edges
sequentially and updates the partition to reduce objective. Exact online optimization is
not feasible, but the consolidator can implement a local decision rule that approximates
the objective. Consider two clusters A and B. If they are separate, keeping them separate
incurs a penalty from positive edges between them, while merging incurs a penalty from
negative edges between them and potentially from negative edges within the merged clus-
ter [37]. A merge is favorable when positive cross evidence exceeds negative cross evidence
by a margin that accounts for uncertainty:

merge(A,B) if
∑

(i,j)∈E(A,B)
aij ≥ θ and

∑
(i,j)∈E−(A,B)

|aij | is sufficiently small, (4.7)

where E(A,B) are observed edges between A and B and E−(A,B) are those with nega-
tive sign. The practical implementation uses bounded samples and representative edges,
but the inequality captures the intuition that merging is justified when the net evidence
supports it.

Robustness requires preventing a few spurious edges from triggering large merges. One
mechanism is evidence capping, where only the strongest M positive edges and strongest
M negative edges between two clusters are considered, reducing redundancy and limiting
the influence of noisy bursts [38]. Another mechanism is source diversity weighting, where
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evidence from independent sources is weighted more than repeated evidence from the same
source. Let s(i) denote the source of record i. For a cross edge (i, j), define a weight αij

that down-weights same-source edges if same-source duplication is common:

αij =

αsame if s(i) = s(j),
αdiff if s(i) ̸= s(j),

with 0 < αsame ≤ αdiff. (4.8)

Then aggregate evidence becomes Λ(A,B) =
∑
αijℓij over selected edges. This reduces

the risk that a dense batch of near-duplicate same-source records creates an overconfident
merge.

Streaming and entity evolution introduce temporal considerations [39]. Records may
reflect different states of an entity, and some attributes may drift. The consolidator can
incorporate temporal decay in evidence so that older, less reliable edges contribute less to
current decisions. Let tij be the time the edge was produced, and let current time be t. A
decay factor d(t, tij) can be:

d(t, tij) = exp (−γ(t− tij)) , so that ℓ
(t)
ij = d(t, tij) · ℓij , (4.9)

where γ controls half-life. Decay is not universally appropriate, since some evidence such
as stable identifiers should not decay. Therefore, decay can be conditioned on evidence
type, applying primarily to attributes known to change [40].

Incremental consolidation also needs a notion of cluster quality and a mechanism for
handling ambiguous cases. Rather than forcing all records into a single best cluster, the
system can maintain ambiguity by delaying merges that are not sufficiently supported,
while still allowing near-duplicate consolidation. Ambiguity control improves robustness
by preventing premature merges in dense neighborhoods such as common names or popular
products. Operationally, this is implemented by increasing thresholds in high-ambiguity
regions, detected via local density in embedding space or via high-degree evidence nodes
[41]. If a cluster has many near neighbors with similar scores, then the merge threshold
for that cluster can be increased until additional evidence is collected, reducing the risk of
chaining errors.

Finally, consolidation must integrate with the possibility of late corrections, such as
human feedback or improved models. Because union-find does not support splits, the con-
solidator maintains an audit trail of merge evidence and supports periodic revalidation.
Revalidation can be implemented as a background reconciliation job that re-scores edges
among records in large clusters or among clusters with low internal consistency [42]. Inter-
nal consistency can be measured by the distribution of match scores among representative
pairs within a cluster. If inconsistency exceeds a threshold, the cluster can be marked for
review and potentially reconstructed using a more expensive batch clustering algorithm
on the clusters neighborhood. While such reconstruction is not part of the core online
path, it provides a safety valve that improves long-run robustness.

5 Scalable Implementation and Empirical Evaluation

The combined system is intended for the regime where n is large, data is heterogeneous,
and updates are continuous. A scalable implementation separates the pipeline into stages
with clear interfaces: graph construction, embedding inference, candidate retrieval, pair-
wise scoring, and consolidation [43]. Each stage is designed to be distributed and to op-
erate under bounded memory. The core challenge is that the graph neural blocking stage
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introduces a large graph structure, while the consolidation stage requires stateful cluster
management. Achieving scalability therefore depends on careful partitioning, caching, and
asynchronous processing.

Graph construction begins by extracting evidence elements from records [44]. This
stage is embarrassingly parallel over records, but the resulting evidence nodes must be
deduplicated and assigned identifiers, which typically requires distributed shuffling. To
reduce shuffle volume, evidence elements can be hashed and deduplicated approximately,
then refined for high-value evidence types such as stable identifiers. Evidence nodes that
are extremely frequent are treated specially to avoid high-degree blowups. A practical
strategy is to cap the number of incident records retained for a high-frequency evidence
node, using a reservoir sampling scheme that retains a representative subset. While cap-
ping can reduce recall if a true match depends only on a common token, the graph neural
model can still use other evidence and multi-hop context, and the capped sampling can
be biased toward retaining diverse records rather than arbitrary ones [45].

Embedding inference at scale uses mini-batch neighbor sampling, with a deployment
choice between full refresh and incremental refresh. Full refresh computes embeddings for
all records periodically, which simplifies consistency but can be expensive. Incremental
refresh computes embeddings for new or modified records and for a bounded neighbor-
hood around them. Incremental refresh is feasible because message passing in a bipartite
evidence graph primarily depends on local neighborhoods, and because evidence node em-
beddings can be cached and updated incrementally [46]. Let ∆VR be the set of record
nodes updated at a time step and ∆VU the set of evidence nodes incident to them. An
incremental embedding update computes new embeddings for ∆VR using cached embed-
dings for ∆VU and possibly for second-hop record neighbors. The cost is then proportional
to the number of changed edges rather than to |E|.

Candidate retrieval must satisfy the budget constraints discussed earlier [47]. A com-
mon approach is to maintain an approximate nearest neighbor index over record embed-
dings. At very large scale, a single global index can be sharded across machines, with
routing based on learned block prototypes or on locality-sensitive hashing of embeddings.
The graph neural blocking design naturally provides a routing mechanism via prototype
assignments, enabling most queries to be handled within a small subset of shards. The
retrieval stage also needs to avoid returning many near-duplicates that do not add new ev-
idence for consolidation. Diversity-aware retrieval can be implemented by down-weighting
candidates that share the same high-frequency evidence or that are already strongly con-
nected via existing cluster edges [48].

Pairwise scoring can use a matcher that combines embedding similarity with field-level
comparisons and graph-derived features. Since the candidate set is bounded, scoring can
be performed in a distributed micro-batch fashion. Robustness benefits from including
features that detect unreliable evidence, such as the proportion of shared tokens that
are high-frequency, the presence of conflicting stable identifiers, and the consistency of
structured fields. However, the scoring model must remain efficient [49]. A practical
compromise is to compute a small set of engineered features that capture key reliability
signals and combine them with neural similarity in a lightweight classifier. Calibration
of probabilities is performed periodically using available labels and monitoring feedback,
since consolidation depends on calibrated evidence.

The consolidation stage maintains cluster state and must support concurrent updates.
A scalable design partitions clusters across workers by a cluster identifier, using consistent
hashing [50]. Candidate edges are routed to the workers responsible for the clusters they
connect. When an edge connects clusters on different workers, a coordination protocol
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is needed to decide merges. A common pattern is to designate a leader worker for each
potential merge based on a deterministic ordering, such as the smaller cluster ID, and to
perform a two-phase merge where both workers agree to the merge after verifying negative
constraints and evidence thresholds. This protocol ensures that merges are consistent and
that union-find operations do not produce cycles or contradictions across partitions. The
latency of cross-partition merges is controlled by batching and by prioritizing merges with
strong evidence [51].

State size is controlled by storing only bounded summaries rather than all edges. For
each cluster, the system stores representatives, a cluster embedding, counts of evidence
types, and a small set of boundary edges to neighboring clusters with significant evidence.
Boundary edges are maintained in a priority structure keyed by net evidence ∆(A,B),
allowing the consolidator to focus on the most promising merges. When a merge occurs,
summaries are combined and boundary edges are reconciled [52]. This resembles dynamic
graph clustering, but with evidence-aware merge criteria. Because boundary maintenance
can become expensive if clusters have many neighbors, the system applies caps and pruning
rules, such as discarding neighbors whose evidence is weak and old, or keeping only top
neighbors per representative.

Empirical evaluation of such a system must consider both matching quality and system-
level metrics. Matching quality can be assessed by cluster-level precision and recall mea-
sures that reflect the partition quality, such as pairwise F1 and cluster F1 [53]. Blocking
quality can be assessed by pairwise recall of labeled matches and by reduction ratio, the
fraction by which comparisons are reduced relative to all-pairs. System-level metrics in-
clude throughput, p95 latency for record insertion and update, memory footprint per
record, and recovery time after failures. Robustness evaluation involves stress tests where
specific corruption patterns are applied, such as random character noise, systematic field
swapping, missingness in key identifiers, frequency shifts where common tokens become
more common, and adversarial injections that attempt to create hub records sharing many
tokens.

In qualitative terms, graph neural blocking tends to improve candidate recall for diffi-
cult matches where direct field overlap is weak but relational evidence exists, such as shared
rare tokens across multiple fields, or indirect connections through normalized identifiers.
The attention and normalization mechanisms reduce the dominance of frequent tokens,
which is critical in domains like person names and product descriptions [54]. Under mod-
erate corruption, embedding neighborhoods remain stable because the message passing
aggregates across multiple evidence nodes, and because augmentations during training
encourage invariance to missing or noisy fields. In contrast, deterministic blocking keys
can fail abruptly when a key field is missing or corrupted, causing zero recall for those
matches. Embedding-based blocking without graph context can also degrade when cor-
ruption removes salient tokens, whereas graph context can preserve signal through other
connected evidence.

Incremental cluster consolidation tends to reduce error propagation compared to threshold-
based union of edges [55]. Size-aware thresholds and evidence aggregation prevent sin-
gle spurious edges from merging large clusters. Representative-based evidence ensures
that merges are supported by multiple consistent comparisons rather than by redundant
near-duplicates. Temporal decay, when used selectively, improves behavior under drift by
preventing outdated attribute similarity from dominating merges, while stable identifiers
remain strong evidence. Ambiguity control reduces chaining in dense regions, improving
precision at the cost of delayed merges. In environments where delayed merges are accept-
able, this trade-off is favorable for robustness [56]. In environments requiring immediate

16



consolidation, thresholds can be tuned lower but must be paired with stronger negative
constraints and more frequent revalidation.

Scalability analysis can be framed in terms of the comparison budget B and per-record
candidate cap k. If each record generates at most k candidates, then |P| ≤ nk, which is
linear in n. Scoring cost is then O(nk) times the cost per comparison. Consolidation cost
depends on the number of boundary edges maintained per cluster and on the number of
merges [57]. If each cluster maintains at most b boundary neighbors, then the boundary
maintenance cost is O(m̂b log b) for priority operations, where m̂ is the number of clusters.
Since m̂ is typically on the order of n early and decreases as consolidation proceeds,
worst-case behavior can occur if many ambiguous clusters maintain many neighbors. This
motivates pruning and capping. Graph neural inference cost depends on the sampled
neighborhood sizes. With neighbor sampling parameters s and r and L layers, the cost per
updated record is roughly proportional to O(Lsrd), which can be bounded in deployment
by choosing small sampling sizes and using cached embeddings for evidence nodes.

A key engineering challenge is consistency between embedding space and cluster state
under streaming updates [58]. If embeddings drift as the model is updated or as evidence
distribution shifts, candidates retrieved for an updated record might be inconsistent with
prior consolidation decisions. The system mitigates this by versioning embeddings and
scores, storing model version metadata in πij , and treating evidence from different model
versions with calibrated adjustment factors. When a new model is deployed, consolidation
can be run in a dual mode where new edges are generated and compared against existing
clusters without immediately undoing prior merges, while revalidation gradually reconciles
inconsistencies. This reduces oscillations and avoids destabilizing the cluster state.

Another practical concern is long-tail entities and rare evidence. Graph neural blocking
can struggle if rare evidence nodes have too few incident records to learn meaningful embed-
dings, or if the evidence graph is highly fragmented [59]. This is addressed by combining
multiple evidence types, including character-level features that generalize across tokens,
and by using self-supervised augmentations to learn invariances even when labeled matches
are scarce. Consolidation can struggle when an entity has multiple distinct profiles over
time, such as a person changing address or a product changing name. In such cases, rigid
transitivity can force merges that are semantically questionable. A pragmatic response
is to incorporate temporal modeling and to treat certain attributes as time-dependent,
reducing their contribution to match evidence when they conflict across time windows
[60]. This does not eliminate the need for transitivity, but it reduces the likelihood that
time-varying attributes trigger false non-matches within a true entity.

Robustness to adversarial patterns can be evaluated by injecting records that share
many common tokens or that mimic high-value entities. Graph neural blockings degree
normalization and attention reduce the impact of hub evidence, but an adversary could
still craft records that share multiple rare tokens. Consolidation counters this by requiring
multi-source diversity and by penalizing merges that would create unusually high-degree
clusters or that would violate negative constraints [61]. Monitoring can detect abnormal
clusters by measuring cluster growth rate, evidence diversity, and inconsistency scores.
When anomalies are detected, merges can be slowed or subjected to additional verification,
such as requesting extra candidate edges from representatives or requiring human review
in high-risk domains.

Overall, the scalable implementation emphasizes bounded per-record work, bounded
per-cluster state, and asynchronous processing. Graph neural blocking provides adaptive
candidate generation that maintains recall under heterogeneity, while incremental consoli-
dation provides controlled cluster growth that limits error propagation. Empirical behavior
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under stress conditions suggests that the combined approach offers stable trade-offs across
a range of noise and drift patterns, though it remains sensitive to calibration quality and
to the design of evidence extraction [62]. The system is therefore best deployed with
continuous monitoring and periodic recalibration rather than as a static one-time process.

6 Conclusion

This paper presented a robust entity resolution framework for large-scale and streaming en-
vironments by coupling graph neural blocking with incremental cluster consolidation. The
blocking component models records and attribute evidence as a heterogeneous graph and
learns retrieval-oriented embeddings through message passing, enabling candidate genera-
tion that is adaptive to schema heterogeneity, missingness, and skewed token distributions
while respecting strict comparison budgets. The consolidation component maintains en-
tity clusters incrementally, interpreting pairwise scores as calibrated evidence, aggregating
support across representatives, and applying size-aware and constraint-aware merge rules
to reduce error propagation and improve stability under drift and noise [63]. The resulting
pipeline addresses the practical limitations of deterministic blocking and aggressive clus-
tering by making candidate generation relational and making clustering conservative and
evidence-accumulative.

The approach emphasizes that robustness at scale is not solely a property of the
matcher, but an end-to-end property that depends on how candidates are proposed, how
evidence is calibrated, and how transitivity is enforced over time. Graph structure helps
preserve recall when direct attribute overlap is insufficient, while incremental consolida-
tion helps preserve precision by delaying or rejecting merges that lack corroboration. The
design also highlights the operational importance of bounded memory summaries, dis-
tributed coordination for merges, and mechanisms for revalidation under model updates.
Future refinements within the same conceptual framework include more explicit uncer-
tainty modeling for merge decisions, better handling of temporally evolving entities, and
tighter feedback between consolidation and candidate generation to allocate comparison
budget where it most reduces ambiguity [64].
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