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Abstract

Knowledge graphs (KGs) are increasingly used
as structured context for Large Language Mod-
els (LLMs), but industrial KG-RAG systems of-
ten need to integrate public and domain-specific
KGs constructed from heterogeneous databases.
This integration relies on Entity Alignment
(EA), where lexical matching alone is insuf-
ficient under predicate-name variation and in-
complete local neighborhoods. We address EA
for KG integration by constructing a pairwise
EA dataset and proposing two complemen-
tary modules: Predicate Importance Estimation
(PIE) and Decoupled Rationale-Score Distil-
lation (DRSD). PIE is a compact embedding-
based approach that removes the subject infor-
mation from each 1-hop triple, encodes the re-
sulting subjectless triples, and aggregates them
with learnable predicate-importance weights
to build predicate-aware entity embeddings.
DRSD trains a distilled small language model
(SLM) with pseudo-answers produced by a
teacher LLM through distinct prompts. By con-
verting binary EA labels into text-based super-
vision and decoupling confidence-score estima-
tion from label-consistent rationales, DRSD en-
ables the SLM to learn task-specific reasoning
while retaining a less label-biased confidence
signal. Experiments show that PIE and DRSD
improve EA classification. Moreover, because
DRSD decouples confidence-score estimation
from the decision, a division between the two
flags an uncertain prediction for human review,
thereby enabling a practical discrepancy be-
tween automatic acceptance and human-in-the-
loop verification.

1 Introduction

Knowledge graphs (KGs) are increasingly used as
structured knowledge sources for Large Language
Models (LLMs) (Pan et al., 2024; Sun et al., 2024).
Industrial systems simultaneously reason over pub-
lic KGs such as DBpedia and Wikidata, as well
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Figure 1: 1-hop graph example for an entity-alignment
pair

as domain-specific KGs that are constructed from
multiple internal relational databases via standard
mappings (Das et al., 2012; Sequeda and Miranker,
2017). Therefore, these heterogeneous sources
need to be integrated into a unified KG. To build
such a unified KG, duplicate entities must be iden-
tified and merged across sources, which requires an
explicit entity-alignment step. Entity Alignment
(EA) identifies equivalent entities across distinct
KGs (Sun et al., 2020b; Zhang et al., 2022). EA is
intrinsically hard for two reasons that matter espe-
cially when systems bridge different graphs. First,
two graphs typically use different predicate-naming
conventions (e.g., employer_of vs. worksFor), so
purely structural or string-based matching is mis-
led by surface variance. Second, knowledge graphs
collected for different purposes often contain dif-
ferent types and amounts of information. There-
fore, robust EA must go beyond semantic simi-
larity through joint modeling of the surrounding
subgraph and the relative importance of each pred-
icate as evidence for alignment.

To handle such complex semantic judgments,
Large Language Models (LLMs) offer attractive
generalization capabilities, and these capabilities
have led recent work to exploit them for EA (Jiang
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et al., 2024; Zhang et al., 2024; Chen et al., 2024).
However, these LLM-based aligners rely heavily
on general pretraining knowledge, so they can
struggle to internalize the domain-specific rela-
tions and user-defined alignment constraints that
define these heterogeneous graphs, patterns that are
under-represented during pretraining. Because our
KGs are domain-specific, we do not directly com-
pare against these methods; instead, we target the
same limitation by learning predicate importance
directly from in-domain data rather than relying
on an LLM’s pretrained knowledge. In this work,
we address entity alignment for KG integration by
constructing a pairwise EA dataset and introduc-
ing two complementary alignment modules. Our
dataset reflects the pre-alignment setting: each in-
stance contains two ambiguous candidate entities
and their 1-hop subgraph evidence, so the model
must decide equivalence using local graph context.

Our first module, Predicate Importance Es-
timation (PIE), is a compact embedding-based
approach that removes the subject from each 1-hop
triple, encodes the subjectless triples independently,
and aggregates them with learnable predicate-
importance weights into a compact, predicate-
aware entity embedding.

Our second module, Decoupled Rationale-
Score Distillation (DRSD), distills a small lan-
guage model (SLM) using decoupled rationale-
score pseudo-answers from a teacher LLM. Since
binary labels lack the reasoning and confidence
signals needed for text-generating models, DRSD
elicits structured teacher responses through distinct
prompts: a gold-label prompt produces a label-
consistent decision and rationale, while a score
prompt estimates similarity without seeing the gold
label or producing a decision. The final SFT target
combines the gold-label decision and justification
with the score-prompt confidence, letting the stu-
dent learn task-specific reasoning while retaining a
less label-biased confidence signal.

Compared with the prompt-only LLM base-
line, both modules improve EA performance: PIE
raises Acc./F1 by 6.32/4.63 points, and DRSD by
7.66/6.76 points. Because DRSD decouples score
from decision, flagging their disagreement for hu-
man review already raises F1 from 0.886 to 0.909
(13.3% of pairs). PIE, by contrast, judges similarity
directly from predicate-weighted evidence rather
than through reasoning, so cross-checking its de-
cision against DRSD’s surfaces disagreements ex-
actly where one model’s judgment is unreliable;

this gives an even stronger review signal, raising
F1 further to 0.947 at 15.5% flagged.

2 Related Work

2.1 Entity Alignment and LLM-based
Approaches

Entity Alignment (EA) has been studied through
embedding-based and neighborhood-aware meth-
ods, including translation-style KG embeddings,
cross-graph extensions, and GNN-based aligners
(Sun et al., 2020b; Zhang et al., 2022; Chen et al.,
2017; Sun et al., 2018; Wang et al., 2018; Wu
et al., 2019; Sun et al., 2020a). These methods
show that structural, attribute, and predicate-aware
features are important for distinguishing equivalent
entities across heterogeneous KGs (Trisedya et al.,
2019; Xu et al., 2019; Zhang et al., 2022). More
recent LLM-based approaches, such as ChatEA,
AutoAlign, and LLM4EA, exploit the semantic rea-
soning ability of LLMs for EA (Jiang et al., 2024;
Zhang et al., 2024; Chen et al., 2024). However,
they can be brittle on domain-specific relations and
costly to run for each candidate pair (Ling et al.,
2025). Our work complements these lines of re-
search by learning predicate-aware entity repre-
sentations and distilling LLM alignment reasoning
into a smaller model with a score-based confidence
signal.

2.2 Knowledge Distillation from LLMs to
Small Models

Knowledge distillation (Hinton et al., 2015) has
recently been extended from logit-matching to ra-
tionale transfer. Distilling Step-by-Step (Hsieh
et al., 2023) trains a small model jointly on LLM-
generated labels and chain-of-thought rationales
(Wei et al., 2022) to match teacher performance
with far fewer parameters. Subsequent work (Mag-
ister et al., 2023; Ho et al., 2023) demonstrates
that small models can be taught to reason via CoT
distillation, and SCOTT (Wang et al., 2023) intro-
duces a counterfactual objective to reduce shortcut
imitation.

2.3 Predicate-Aware KG Embeddings

Beyond the translation-based and GNN-based
methods above, several lines of work explicitly
model relation or attribute importance. KBGAT
(Nathani et al., 2019) introduces attention-based
neighborhood weighting for embeddings; relation-
aware attention is similarly central to MRAEA
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(Mao et al., 2020) and RDGCN (Wu et al., 2019);
and attribute-centric methods such as JAPE (Sun
et al., 2017) and AttrE (Trisedya et al., 2019) treat
predicates and literal attributes as first-class signals.
PIE instead uses subjectless, predicate-aware rep-
resentations with importance-weighted pooling to
produce a compact entity signature.

3 Preliminaries

Let C = {G1, . . . , GM} denote a collection of
knowledge graphs (KGs). Each KG is defined as

Gm = (Em,Pm, Tm), (1)

where Em is the entity set, Pm is the predicate
set, and Tm is the triple set of the m-th KG. We
assume that entities are unique within each KG,
while equivalent entities may appear across differ-
ent KGs.

Our task is to compare entities from two different
KGs, Gm and Gn (m ̸= n), and decide whether
they denote the same entity. E.g., e ≡ e′ or e ̸≡
e′, e ∈ Gm, e′ ∈ Gn. Each triple is denoted as
(s, p, o), where s, p, and o denote subject, predicate,
and object, respectively. For an entity e ∈ Em, its
outgoing 1-hop neighborhood Nm(e) is

Nm(e) = {(s, p, o) ∈ Tm | s = e}. (2)

For a cross-KG entity pair (e, e′) ∈ Em × En, we
compute its similarity score se,e′ as

se,e′ = ϕ
(︁
Nm(e),Nn(e

′)
)︁
, (3)

where ϕ(·, ·) is an entity-pair scoring function. The
final alignment decision ˆ︁ye,e′ is then

ˆ︁ye,e′ =
{︄
1, if se,e′ ≥ τ,

0, otherwise,
(4)

where τ is a decision threshold, ˆ︁ye,e′ = 1 indicates
e ≡ e′, and ˆ︁ye,e′ = 0 indicates e ̸≡ e′.

Thus the task is to retrieve similar cross-
collection candidates and decide match/non-match
for integration. We refer to p as a relation when
o is another entity and as an attribute when o is a
literal value; PIE’s subjectless triple encoding (Sec-
tion 4.1) treats both uniformly as predicate–object
evidence.

This task setting is deliberately narrower than
open-world retrieval: because (e, e′) is already a
candidate pair produced by an upstream retriever,

our method is a verification step over 1-hop evi-
dence rather than a ranking step over the full en-
tity pool, which is why we report classification
metrics (Accuracy, F1) rather than retrieval met-
rics (Hits@k, MRR) throughout this paper (Sec-
tion 5.2).

4 Methodology

Two complementary components are used for entity
alignment. The first one is Predicate Importance
Estimation (PIE), a lightweight statistical module
that learns which predicates are most informative
for entity alignment. The second one is Decoupled
Rationale-Score Distillation (DRSD), a reasoning-
aware distillation framework that transfers decision
patterns from a large teacher model to a smaller
student model.

4.1 Predicate Importance Estimation
For the 1-hop neighborhood Nm(e) of an entity e,
Predicate Importance Estimation (PIE) constructs
a representative embedding ve from local rela-
tional evidence. It first encodes subjectless triples,
then pools triple representations by predicate, and
finally aggregates predicate-level representations
with predicate-importance weights. This process
yields both an entity embedding and predicate-
importance weights, and the weights indicate which
predicates are most informative for alignment. PIE
consists of three stages: (1) subjectless triple encod-
ing, (2) predicate-wise pooling, and (3) predicate-
importance pooling.

Subjectless triple encoding. For each outgoing
triple (e, p, o) ∈ Nm(e), we remove the subject
and encode only the predicate–object text. This re-
duces reliance on the surface name of e and makes
entity comparison depend more on relational evi-
dence:

h(e)
p,o = Enc

(︁
text(p)⊕ text(o)

)︁
, (5)

where ⊕ denotes text concatenation. Let P(e) =
{p | ∃o : (e, p, o) ∈ Nm(e)} be the set of predi-
cates around e, and let Op(e) = {o | (e, p, o) ∈
Nm(e)} be the object set for predicate p.

Predicate-wise pooling. Since an entity may
have multiple triples with the same predicate, we
apply mean pooling over their triple embeddings
to obtain one predicate-level representation:

r(e)p =
1

|Op(e)|
∑︂

o∈Op(e)

h(e)
p,o. (6)
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Figure 2: Overview of the proposed framework. (Left) Entity embedding construction (ve) within PIE; embeddings
for each entity pair are subsequently concatenated for MLP-based classification. (Right) Illustrative example of the
decoupled rationale-score distillation process.

Predicate-importance pooling. We then aggre-
gate the predicate-level representations into a single
entity embedding:

αp =
exp(wp)∑︁

p′∈P(e) exp(wp′)
,

ve =
∑︂

p∈P(e)

αpr
(e)
p .

(7)

Here, wp is a learnable scalar parameter for pred-
icate p, and its softmax-normalized value αp rep-
resents the relative importance of that predicate
within P(e). Predicates unseen during training re-
ceive a pre-softmax weight of zero by default (Ap-
pendix A).

Entity-pair training. For a candidate pair (e, e′),
we concatenate the two entity embeddings and feed
them into an MLP classifier:

ŷe,e′ = σ
(︁
MLP([ve;ve′ ])

)︁
, (8)

where σ(·) is the sigmoid function and ŷe,e′ ∈ [0, 1]
denotes the predicted match probability. We train
the classifier with binary cross-entropy over en-
tity pairs with labels, where ye,e′ = 1 indicates
that e and e′ are equivalent, and ye,e′ = 0 oth-
erwise. During training, we freeze the pretrained
encoder and update only the predicate-importance
weights and the MLP classifier layers. This keeps
the training overhead low and quickly adapts the
predicate-importance weights to the alignment task.
Appendix B reports a component-level ablation of
these design choices.

4.2 Decoupled Rationale-Score Distillation
Conventional LLM distillation trains students to im-
itate teacher outputs, which makes the teacher an

implicit performance ceiling when its responses are
incorrect. DRSD instead separates pseudo-answer
generation into a supervised signal, where the
teacher sees the gold label, and an unsupervised sig-
nal, where it does not. Combining the two preserves
label-guided reasoning while yielding a confidence
score that is less tied to the supervised answer.

Decoupled Rationale-Score Label Construction
Our goal is to construct pseudo-answers that pre-
serve the teacher’s reasoning ability while prevent-
ing the confidence score from being biased toward
the gold label in the prompt, regardless of the ob-
jective similarity between the two entities. For the
i-th labeled entity pair, let Xi denote the serialized
evidence for the two entities and yi its gold label.
We use three prompt schemas:

qgoldi = Promptgold(Xi, yi),

qscorei = Promptscore(Xi),

qsfti = Promptsft(Xi).

(9)

The gold-label prompt generates a supervised de-
cision and rationale, whereas the score prompt es-
timates confidence from the evidence without re-
ceiving the gold label or producing a decision. The
SFT prompt is a simplified student training prompt
for efficient fine-tuning. The teacher outputs are

ogoldi = T (qgoldi ) =
(︁
jgoldi , dgoldi , cgoldi

)︁
,

oscorei = T (qscorei ) =
(︁
jscorei , cscorei

)︁
,

(10)

where d, c, and j denote the decision, score, and jus-
tification fields, respectively. Appendix K provides
the prompt templates and representative JSON-
style teacher responses, and Appendix C reports
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a manual audit of teacher/student output format
validity and score–justification consistency.

We then compose the final SFT target with the
decision and justification from the gold-label out-
put and the score from the score prompt output:

ℓsfti =
(︁
dgoldi , cscorei , jgoldi

)︁
. (11)

These three fields correspond to the final alignment
decision, confidence score, and reasoning justifica-
tion, respectively. This decoupled rationale-score
construction uses label information where it is most
reliable—the decision and justification—and keeps
confidence estimation independent of the gold la-
bel in the prompt. As a result, the score can be
used as a more objective thresholding signal for
precision–recall trade-offs and human-in-the-loop
review.

4.2.1 Predicate-Importance Weights
The predicate-importance weights learned by PIE
are also used to compress LLM inputs. For a budget
k, we keep only the triples whose predicates fall in
the top-k set,

TopK(α, k) = argmax
S⊆P (e), |S|=k

∑︂

p∈S
αp, (12)

Ñm(e) = {(e, p, o) ∈ Nm(e) | p ∈ TopK(α, k)},
(13)

where αp is the predicate-importance weight from
Eq. (7). We use k=10 and further retain at most 10
objects per predicate (Appendix F.4), which pre-
serves informative evidence while reducing prompt
length and inference cost.

4.2.2 SFT
We construct an SFT dataset for a smaller language
model as prompt–pseudo-answer pairs:

DSFT = {(qsfti , ℓsfti )}Ni=1. (14)

The student model is fine-tuned to generate the de-
coupled rationale-score target response from the
SFT prompt. In this way, the small language model
learns the gold-label decision and justification, and
it inherits the prompt-derived score as its confi-
dence signal. At deployment time, the generated
score can be thresholded to trade precision against
recall according to application constraints. To an-
alyze the effect of score decoupling, we compare
DRSD against Label-Guided Distillation (LGD),
which is an ablation that uses a single gold-label
prompt to jointly produce the decision, rationale,

Method Acc. Prec. Rec. F1

LLM 0.7976 0.7433 0.9092 0.8179
SLM 0.7418 0.7737 0.6836 0.7258

PIE(ours) 0.8608 0.8438 0.8856 0.8642
DRSD(ours) 0.8742 0.8126 0.9728 0.8855

+ Human Review 0.9020 0.8463 0.9824 0.9093

Table 1: Entity alignment performance on the evaluation
split. LLM and SLM are prompt-only; DRSD is fine-
tuned from the SLM. + Human Review corrects the
13.3% of pairs flagged as score–decision conflicts.

and score without decoupling. Appendix D reports
LGD’s score–decision inconsistency and shows
that exposing the gold label alone suppresses it
well below DRSD’s, so review routing on LGD
yields far less gain than on DRSD.

5 Experiments

5.1 Datasets & Models

Datasets We evaluate our method on a real-
world, industrial-scale labeled entity-pair dataset
constructed from our in-house heterogeneous
knowledge graphs. The dataset contains a total
of 85,858 training entity pairs and 5,000 evalu-
ation pairs. Each pair is assigned a binary label:
SAME for equivalent entities and DIFFERENT for
non-equivalent entities. The evaluation split spans
102 source collections and 863 entity classes with
a long-tailed domain distribution. A detailed de-
scription of the underlying knowledge graphs and
dataset statistics, including 1-hop triple distribu-
tions, is provided in Appendix E.

Models For PIE, we use BAAI/bge-m31 to
generate embeddings and employ a two-layer
MLP as the classifier. For DRSD, we use
openai/gpt-oss-120b2 as the teacher LLM and
train a hcx-srch1-8B (In-house SLM) for distil-
lation. Detailed architecture and training hyperpa-
rameters are provided in Appendix F.

5.2 Results

Table 1 reports entity alignment performance on
the evaluation split. For DRSD, the model outputs
both a decision and a similarity score. We compute
the reported metrics from the decision output by
treating SAME predictions as the positive label.

The results highlight two main findings. First,
PIE achieves strong performance despite its com-

1https://huggingface.co/BAAI/bge-m3
2https://huggingface.co/openai/gpt-oss-120b

3574

https://huggingface.co/BAAI/bge-m3
https://huggingface.co/openai/gpt-oss-120b


Method Acc. F1

PIE (ours) 0.861 0.864
GCN-Align (Wang et al., 2018) 0.787 0.801
AliNet (Sun et al., 2020a) 0.776 0.780
LargeEA (Ge et al., 2021) 0.727 0.755
Dual-AMN (Mao et al., 2021) 0.703 0.759

Table 2: Comparison with structure-based entity-
alignment baselines on our evaluation split. Each base-
line’s ranking output is converted into a binary decision
with a logistic head over cosine similarity at threshold
0.5, matching PIE’s decision rule (Appendix H).

pact architecture and small number of trainable pa-
rameters. This suggests that subjectless triples can
be effectively encoded in the semantic embedding
space and aggregated with predicate-aware weights
to construct discriminative entity representations
for classification.

Second, the LLM–DRSD comparison shows
that pseudo-answer distillation is effective: DRSD,
the distilled version of the SLM, outperforms the
prompted LLM and implicitly learns task-specific
alignment rules embedded in the data. DRSD inher-
its a prior distribution biased toward SAME from
the imbalanced training split (76.8% SAME) and
thus prioritizes recall, whereas PIE is more bal-
anced; unlike the prompt-only LLM, PIE’s recall
is largely unaffected by shared entity names, indi-
cating that training prevalence–not name overlap–
drives DRSD’s recall skew (Appendix G). Finally,
routing DRSD’s uncertain predictions to human
review raises F1 from 0.886 to 0.909 (Table 1); we
analyze why in Section 5.4.

Comparison with Structure-Based EA Baselines
Table 2 compares PIE against four representative
structure-based EA methods (GCN-Align, AliNet,
LargeEA, and Dual-AMN). Since these methods
are designed to rank candidates rather than classify
a given pair, we convert each into a binary classi-
fier that matches PIE’s decision rule (Appendix H).
As discussed in Section 3, we report Accuracy and
F1 rather than Hits@k/MRR. PIE outperforms all
four baselines by a wide margin, indicating that
predicate-aware subjectless triple encoding cap-
tures alignment evidence that these structure-only
representations do not.

5.3 Analysis

Predicate Budget k Table 3 reports prompt-
only teacher LLM classification performance as
the predicate budget k in PIE’s importance-based

k Acc. Prec. Rec. F1

5 0.7956 0.7340 0.9272 0.8194
10 0.7976 0.7433 0.9092 0.8179
15 0.8044 0.7532 0.9056 0.8224
20 0.8094 0.7574 0.9104 0.8269

Table 3: LLM classification results across top k predi-
cate budgets. Best scores are shown in bold.

Figure 3: Predicate-importance weights learned by PIE
for predicates in the specific domain (Company).

compression varies (Section 4.2.1). Performance
changes only marginally as k grows from 5 to 20,
while prompt length increases with k. This indi-
cates that the top-ranked predicates already carry
most of the alignment-relevant evidence, which
motivates selecting k=10 to keep the prompt short
while maintaining accuracy.

Predicate-importance Weights Figure 3 vi-
sualizes the predicate-importance weights that
PIE learns in the company domain. The highly
weighted predicates correspond to attributes and
relations describing organizational identity or busi-
ness context, indicating that PIE learns inter-
pretable predicate preferences consistent with hu-
man judgment. Appendix I further visualizes PIE’s
pooled entity embeddings with t-SNE.

5.4 Human-in-the-Loop Review

We compare three routing strategies at a broadly
similar review budget (13.3–15.5% flagged): ran-
dom sampling, DRSD’s internal score–decision
disagreement, and external cross-model PIE–
DRSD decision disagreement. Because DRSD’s
score is decoupled from its decision, we first test
whether internal disagreement alone can approxi-
mate the benefit of comparing against an indepen-
dent second model. Figure 4 compares where LGD
and DRSD place their own errors across score-bins
(false negatives at top, false positives at bottom).
Because LGD’s prompt exposes the gold label, its
score stays close to the decision, so most of its
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false negatives and false positives fall on the ex-
pected side of the threshold, and the resulting score–
decision discrepancy (2.97%, Appendix D) is a
weak signal for unreliable predictions. DRSD in-
stead decouples the score from the decision; among
the resulting disagreements, the decoupled score
can assign high scores to 24 pairs predicted as DIF-
FERENT and low scores to 115 pairs predicted as
SAME. More broadly, these discrepancies concen-
trate on the model’s errors and form a concrete
criterion for review, flagging 13.3% of the evalua-
tion set.
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Figure 4: Score-bin distribution of false negatives (top)
and false positives (bottom). Red (DRSD) and blue
(LGD) show each model’s own score on its own errors;
green (PIE) shows PIE’s score on DRSD’s error pairs,
which often lands opposite DRSD’s wrong decision.

Table 4 places this internal disagreement rule
alongside random sampling and external PIE–
DRSD disagreement at a broadly similar review
budget. Internal disagreement clearly beats random
sampling (F1 0.9093 vs. 0.8997), confirming that
the decoupled score carries real signal, but it still
falls short of external disagreement: Figure 4 shows
that PIE’s independently computed score on these
same DRSD error pairs frequently lands on the side
opposite DRSD’s wrong decision (high for its false
negatives, low for its false positives), and flagging
this external disagreement more than doubles inter-
nal disagreement’s precision at a similar flagging
rate, raising F1 further to 0.947 at 15.5% flagged
(full comparison in Appendix J). This gap sug-
gests that the value of cross-model disagreement
lies not simply in having a second score, but in
having a second, structurally different model: PIE

Routing rule Flagged Flag prec. Acc. F1

No review (baseline) – – 0.8742 0.8855
Random sampling 13.34% 0.127 0.8911 0.8997
DRSD disagreement 13.34% 0.208 0.9020 0.9093
PIE–DRSD disagreement 15.50% 0.457 0.9450 0.9470

Table 4: Human-review outcomes for three routing
strategies at a similar flagging rate (13.3–15.5%). Flag
prec. is the fraction of flagged pairs that were actual
errors. PIE–DRSD disagreement achieves over 2× the
precision at a similar budget, yielding the largest F1
gain (Appendix J).

is a lightweight, non-reasoning embedding scorer,
while DRSD is a distilled reasoning model, and the
two tend to fail in different ways. Internal disagree-
ment can only surface cases where DRSD itself
is unsure; it cannot catch cases where DRSD is
confidently wrong. External disagreement catches
exactly these cases, because PIE’s structural evi-
dence and DRSD’s learned reasoning rarely fail on
the same pairs.

6 Conclusion

We presented an entity-alignment framework for
heterogeneous KG integration that combines Predi-
cate Importance Estimation (PIE) and Decoupled
Rationale-Score Distillation (DRSD). PIE learns
predicate-aware entity representations from sub-
jectless 1-hop triples, while DRSD distills LLM
reasoning into a smaller model by decoupling
label-consistent rationales from confidence-score
estimation. Because DRSD’s score is decoupled
from its decision, disagreements –especially exter-
nal disagreement with PIE’s independently trained
decision–flag likely errors for human review, rais-
ing F1 from 0.886 to 0.947 while flagging 15.5% of
pairs. We adopt this external, cross-model disagree-
ment as our primary deployment signal because it
needs no extra model beyond the two already in
the pipeline and offers an independent second opin-
ion rather than relying on a single model’s internal
score–decision consistency; in an industrial setting
where false-positive merges are costly and review
capacity is limited, this lets an operator accept con-
fident predictions automatically and focus review
on genuinely uncertain cases. This decoupling prin-
ciple is not limited to EA and can also be useful in
other human-in-the-loop distillation settings.

Limitations

Our study has several limitations. First, although
PIE is designed to learn predicate-importance
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weights, these weights can become biased when
some classes or predicates dominate the train-
ing data. Ideally, predicate importance should
be estimated in a class-aware manner, but pred-
icate distributions also vary across collections.
Future work should explore multiple importance
weights, ensemble-based weighting, or other de-
biasing strategies that produce predicate weights
generalizing across both classes and collections.

Second, our human-review results assume cor-
rect annotator judgment and therefore represent an
upper bound on the achievable gain. In practice,
the realized improvement depends on annotator ac-
curacy and the available review budget, and the
13.3–15.5% of pairs flagged for review may be
costly to inspect at scale. Estimating the gain under
realistic annotator behavior is left to future work.

Third, PIE uses only 1-hop predicate-object evi-
dence and does not model deeper graph structure,
which places it methodologically closer to entity-
matching approaches over flat attribute-relation
records (e.g., Ditto, DeepMatcher) than to multi-
hop, structure-heavy EA methods. We compare
against structure-based EA baselines (Section 5.2)
because they are converted into the same pairwise
verification setting as our task, not because PIE
targets their multi-hop retrieval setting; extending
PIE to n-hop evidence is left to future work.

Ethical Considerations

Data. Our experiments use proprietary, in-house
knowledge graphs constructed from internal
databases. The data contains entity records such
as organizations, people, and creative works but
no private personal information beyond what is
publicly associated with these entities. Because
the data is proprietary, we do not release it; we in-
stead report dataset statistics (Appendix E) and full
implementation details (Appendix F) to support
reproducibility of the method.

Human review. The “+ Human Review” row in
Table 1 and the routing rows in Table 4 and Table 13
use the manually verified evaluation labels as the
outcome of reviewing the flagged pairs. Because
these labels are human-verified, the result can be
interpreted as a simulation of correct human review
on the flagged subset. We report it separately from
fully automatic methods because deployment gains
would still depend on annotator accuracy, review
capacity, and quality-control procedures.

Intended use. The proposed method targets
knowledge-graph integration in industrial settings.
As with any automated alignment system, incorrect
merges could propagate errors into downstream
applications. The confidence-based routing we pro-
pose is designed precisely to mitigate this risk by
escalating uncertain cases to human review.
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A Unseen-Predicate Handling

Predicates absent from training are rare in our eval-
uation split (about 0.7%, 33 pairs). PIE assigns
such predicates a pre-softmax weight of zero by de-
fault. Table 5(a) compares this default against two
alternatives on the 33 affected pairs: an attention-
reconstructed weight (inherited from the most sim-
ilar seen predicate’s embedding) and dropping the
predicate’s triples entirely. All three schemes give
identical performance on this small subset, so we
retain the simpler zero-weight default; because the
subset is so small, we do not draw a statistically
grounded comparison against the full evaluation
set’s performance here and leave a larger-scale
breakdown to future work. To validate the recon-
struction idea on a larger sample, Table 5(b) recon-
structs weights for a held-out 20% of predicates
(213 pairs) from their similarity to seen predicates:
the reconstructed weight matches the originally
learned weight and outperforms dropping the pred-
icate, though the sample size keeps the effect size
modest.

(a) Weight assignment on 33 unseen-predicate pairs
Scheme Acc. F1
Zero weight (ours) 0.758 0.600
Attention-inherited weight 0.758 0.600
Drop the predicate 0.758 0.600

(b) Held-out predicate reconstruction (213 pairs)
Scheme Acc. F1
Current model (zero weight) 0.798 0.726
Attention-reconstructed weight 0.798 0.726
Drop the rare predicate 0.775 0.700

Table 5: Unseen-predicate handling. (a) Only ∼0.7%
of evaluation pairs (33) contain a predicate absent
from training; assigning it zero pre-softmax weight,
an attention-reconstructed weight, or dropping it en-
tirely give identical performance on this small subset,
so we retain the simpler zero-weight default. (b) On a
larger held-out set of 213 pairs restricted to rare predi-
cates (20% of predicates withheld and reconstructed by
similarity to seen predicates), the reconstructed weight
matches the originally learned weight and outperforms
dropping the predicate, though the sample size keeps
the effect size small.

B PIE Component Ablation

Table 6 reports a component-level ablation of PIE
covering (a) subject removal from each triple, (b)
the predicate-importance weighting scheme, (c) the
entity-embedding aggregation strategy, and (d) the
pair-classifier head architecture. Removing the sub-
ject improves performance because candidate pairs
are already retrieved by alternate-name similarity,

(a) Triple encoding
Variant Acc. F1
Subjectless (ours) 0.861 0.864
With subject 0.825 0.837

(b) Predicate weighting
Variant Acc. F1
Learned scalar per predicate (ours) 0.861 0.864
Uniform 0.850 0.858
Evidence-conditioned attention 0.851 0.863

(c) Node encoding
Variant Acc. F1
Predicate-wise pooling (ours) 0.861 0.864
Max-pooling 0.856 0.865
Flat mean (no predicate grouping) 0.845 0.855
Random single triple 0.711 0.748

(d) Pair-classifier head
Variant Acc. F1
Cosine similarity 0.500 0.667
MLP, depth 1 0.576 0.693
MLP, depth 2, width 256 0.844 0.857
MLP, depth 2, width 1024 (ours) 0.861 0.864
MLP, depth 2, width 2048 0.856 0.862
MLP, depth 3, width 1024 0.850 0.859

Table 6: Component-level ablation of PIE. (a) Removing
the subject from each triple improves performance be-
cause candidate pairs are already retrieved by alternate-
name similarity, so re-encoding near-identical subject
names is redundant. (b) Learned per-predicate scalars
perform comparably to an evidence-conditioned atten-
tion variant while remaining well-defined for unseen
predicates (Appendix A). (c) Predicate-wise mean pool-
ing attains higher Accuracy than max-pooling (with
marginally lower F1), and both clearly outperform
schemes that discard predicate structure (flat mean, sin-
gle triple). (d) A depth-1 head collapses to an all-positive
classifier; a 2-layer MLP is sufficient and a 3rd layer
does not help.

so the subject names of the two entities are nearly
identical and re-encoding them is redundant; the
model instead focuses on the more discriminative
predicate-object evidence. For predicate weighting,
we additionally compare our learned per-predicate
scalar against an evidence-conditioned attention
variant, whose weights are conditioned on the pred-
icate and object rather than looked up by predicate
identity; the two perform comparably, and the at-
tention variant has the added benefit of being well-
defined for predicates unseen during training with-
out requiring the lookup-table extension discussed
in Appendix A.

C LLM Output Validation

All 5,000 test-set outputs from the DRSD student
are valid JSON containing the three expected fields
(decision, score, justification). We additionally
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Variant SAME & low-score DIFF & high-score Total

LGD (label exposed) 1,330 (2.02%) 1,218 (6.13%) 2,548 (2.97%)
DRSD (score-only) 7,388 (11.20%) 5,799 (29.18%) 13,187 (15.36%)

Table 7: Train-set score–decision inconsistency at
threshold t=0.60 (gold SAME=65,984, DIFFER-
ENT=19,874). Because LGD’s prompt exposes the gold
label, its score is biased toward the decision, so its
inconsistency (2.97%) is far below DRSD’s label-free
15.36%.

Student Setting Acc. Prec. Rec. F1

LGD base 0.8556 0.7890 0.9708 0.8705
LGD + review (1.06% flagged) 0.8616 0.7958 0.9728 0.8754

DRSD base 0.8742 0.8126 0.9728 0.8855
DRSD + review (13.34% flagged) 0.9020 0.8463 0.9824 0.9093

Table 8: Score–decision-disagreement routing applied
to each variant. LGD flags only 1.06% of pairs (versus
DRSD’s 13.34%) and gains ∆F1 = 0.0049, far smaller
in absolute terms than DRSD’s ∆F1 = 0.0238, because
exposing the gold label during training suppresses the
score–decision discrepancy that human-review routing
relies on.

manually audit 169 pairs—100 sampled uniformly
at random plus 69 flagged by a lexical scan for po-
tential justification/decision mismatches—and find
only one inconsistency (a score-side, not decision-
side, mismatch). Comparing the student’s outputs
against the teacher’s gold-label output across the
full 5,000-pair test set, decision agreement is 87.4%
and score mean absolute error is 0.068, indicating
that the student reproduces the teacher’s targets
closely.

D LGD Ablation

Section 5.4 shows that LGD produces substan-
tially less score–decision discrepancy than DRSD,
which we use as motivation for DRSD’s decoupled
construction. Table 7 reports the resulting train-
set score–decision inconsistency: because LGD’s
prompt exposes the gold label, its inconsistency
(2.97%) stays far below DRSD’s label-free 15.36%.
Table 8 confirms this has practical consequences:
applying score–decision-disagreement routing to
LGD flags only 1.06% of pairs (versus DRSD’s
13.34%) and gains ∆F1 = 0.0049, far smaller in ab-
solute terms than DRSD’s ∆F1 = 0.0238, because
gold-label exposure suppresses the score–decision
disagreement that this routing signal depends on.

E Data Statistics

Knowledge Graphs Our entity pairs are drawn
from in-house heterogeneous knowledge graphs

spanning multiple domains and sources. The graphs
encompass entities from diverse domains such as
entertainment (films, music, and broadcasts), com-
panies, people, and cultural properties, connected
through 2,904 distinct relation types. Because the
graphs are heterogeneous, entities vary in their
types and in the relations connecting them, so the
set of 1-hop triples available for an entity differs
substantially in both quantity and schema across
the dataset. For each entity in a pair, we extract its
1-hop triples as the structural context provided to
the model.

Statistics Table 9 reports the dataset scale, label
distribution, and 1-hop triple statistics for the train-
ing and evaluation splits. The labeled training split
is imbalanced toward SAME pairs, which account
for 76.8% of training examples, whereas the eval-
uation split is intentionally balanced with a 50/50
label ratio. For the triple statistics, Triples/entity
(mean) indicates the average number of 1-hop
triples available per entity, while Triples/entity
(max) indicates the largest number of 1-hop triples
observed in each split.

Statistic Train Evaluation
Entity pairs 85,858 5,000
SAME 65,984 (76.8%) 2,500 (50.0%)
DIFFERENT 19,874 (23.2%) 2,500 (50.0%)
Unique entities 136,626 9,499
Triples/entity (mean) 26.17 25.0
Triples/entity (max) 4,349 1,811

Table 9: Dataset statistics for the labeled training and
evaluation splits. Triples/entity reports the mean and
maximum number of 1-hop triples per entity.

Entity-type coverage. Table 10 reports the do-
main and entity-class coverage of the evaluation
split. The distribution is long-tailed: the four largest
entity classes (business enterprise, animation/TV,
person, and cultural heritage) together account
for 46.3% of entity–class assignments (4,676 of
10,095), with the remainder spread across 859 ad-
ditional classes.

Evaluation prevalence. We intentionally bal-
ance the evaluation split 50/50 because, in deploy-
ment, a false-positive merge (incorrectly predict-
ing SAME) is more costly than a missed merge,
and evaluating at the training prevalence (76.8%
SAME) could let a majority-class-biased model ap-
pear stronger than it is. Table 11 confirms that this
50/50 choice is the more conservative one: both
PIE and DRSD score substantially higher when the
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Statistic Value

Source collections 102
Entity classes 863

Business enterprise 1,533
Animation / TV 1,085
Person 1,080
Cultural heritage ∼980
Other (859 classes) remainder

Table 10: Domain and entity-class coverage of the 5,000-
pair (9,499-entity) evaluation split, tallied as 10,095
entity–class assignments since an entity may belong
to more than one class. The four largest classes are
shown; the remainder are long-tail distributed across
859 additional classes.

Model Prevalence Acc. Prec. Rec. F1

PIE 50:50 (eval) 0.861 0.844 0.886 0.864
PIE 75:25 0.873 0.942 0.886 0.913
PIE 76:24 (train) 0.874 0.947 0.886 0.915

DRSD 50:50 (eval) 0.874 0.813 0.973 0.886
DRSD 75:25 0.924 0.929 0.973 0.950
DRSD 76:24 (train) 0.927 0.935 0.973 0.954

Table 11: Sensitivity of PIE and DRSD to the
SAME:DIFFERENT prevalence of the evaluation pool,
obtained by resampling DIFFERENT pairs. Both models
improve substantially at the actual training prevalence
(76.8% SAME), confirming that our intentionally bal-
anced 50/50 evaluation split is the more conservative
choice.

evaluation pool is resampled toward the training
prevalence. We do not have a separately measured
deployment-time prevalence; the training split’s
76.8% SAME rate, drawn from our alternate-name-
similarity retriever’s candidate pairs, is our closest
estimate. The 2,500 DIFFERENT pairs are sampled
uniformly at random from the candidate pool, with-
out near-miss or difficulty-based filtering.

F Implementation Details

F.1 Decoupled Rationale-Score Distillation

The teacher LLM is openai/gpt-oss-120b,
queried through the prompts in Appendix K; it is
used offline for SFT-target generation only and is
not part of the deployed pipeline (Table 12). The
student is hcx-srch1-8B (SLM), fine-tuned as de-
scribed below. We fine-tune the student SLM using
the SFT objective described in the main method,
with DeepSpeed ZeRO Stage 2, bfloat16 preci-
sion, and gradient checkpointing. We train for 1
epoch with AdamW (learning rate 2× 10−5, 100
warmup steps, no weight decay), an effective batch

size of 8, and a maximum sequence length of 4096
tokens, with a fixed random seed for data shuf-
fling and initialization. We apply completion-only
loss masking, discard over-length samples, and use
greedy decoding with up to 256 new tokens at in-
ference time. During inference, the decision field
(SAME/DIFFERENT) is generated directly by the
student and used for match classification, while
the separately generated score field is retained for
threshold-based confidence analysis (e.g., t=0.60
in Appendix D and Table 13).

F.2 Runtime

Table 12 reports the per-component inference run-
time of the deployed pipeline, measured on a sin-
gle A100 GPU. Triple encoding with BGE-M3 is
cached once per entity and reused across candidate
pairs; the teacher LLM is used only offline to gener-
ate SFT targets and is excluded from the deployed
runtime.

F.3 Predicate Importance Estimation (PIE)

All predicate–object texts are encoded offline with
the BAAI/bge-m3 encoder. For each candidate pair,
the resulting entity embeddings are concatenated
and passed to a two-layer MLP classifier. The pre-
trained encoder is frozen, and only the predicate-
importance weights and MLP classifier layers are
trained with binary cross-entropy using AdamW
(learning rate 1 × 10−3, 100 warmup steps, no
weight decay) for up to 20 epochs; validation accu-
racy selects the best checkpoint. We fix the decision
threshold τ (Eq. (4)) at 0.5 and do not tune it post
hoc on the validation set; because the classifier is
trained with a sigmoid output and binary cross-
entropy loss, 0.5 is the natural decision boundary.

F.4 Pseudo-Answer Construction

Each entity’s 1-hop neighborhood is serialized
as JSON-style evidence, excluding collection-
type objects and retaining at most 10 objects
per predicate to control prompt length. For
each labeled candidate pair, the teacher LLM
(openai/gpt-oss-120b) is queried with both the
gold-label prompt and the score prompt. The final
SFT target follows the main decoupled rationale-
score construction: the decision and justification
are taken from the gold-label output, while the
score is taken from the score prompt output. Conse-
quently, the DRSD student’s training data consists
of the full set of 85,858 gold-labeled training pairs
(Table 9), each paired with a teacher-generated (i.e.,
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Component Runtime Role

make_description (CPU) 0.086 ms/pair Predicate-importance input compression
BGE-M3 triple encoding (cached) 1,147 triples/s PIE feature extraction, cached once
PIE head 2.9 ms/pair SAME/DIFFERENT scorer (F1 0.864)
DRSD student (8B, vLLM) 60.7 ms/pair Decision + confidence + justification (F1 0.886 → 0.909)
Teacher LLM (120B) offline, one-time SFT target generation only; not in the deployed pipeline

Table 12: Per-component inference runtime, measured on a single A100 GPU.

pseudo-labeled) decoupled rationale-score target
rather than the raw binary label; we validate the
fidelity of these pseudo-labels against the teacher
and against manual review in Appendix C.

G Recall Skew Analysis

We analyze why DRSD and the prompt-only LLM
prioritize recall over precision. In our evaluation
split, 58.3% (1,458/2,500) of DIFFERENT pairs
share an identical entity name. The prompt-only
LLM misclassifies 40.9% of this subset as SAME,
versus 18.0% for DIFFERENT pairs without a shared
name; 76% of its false positives (597/785) come
from the shared-name subset, and removing name
information from its input drops recall from 0.909
to 0.624. PIE is far less affected by the same inter-
vention: its false positive rate on shared-name pairs
is nearly unchanged (19.5% → 20.2%) and its re-
call drops by only 0.059, about a fifth of the LLM’s
drop, because “name” is only one of several pred-
icates combined through PIE’s softmax-weighted
pooling. DRSD’s recall skew has a different cause:
it is not driven by shared names but by the 76.8%
SAME training prevalence. Retraining DRSD on a
50/50 rebalanced training set lowers recall from
0.9728 to 0.9016 but raises both Accuracy (0.8742
→ 0.8910) and F1 (0.8855 → 0.8921), confirm-
ing that DRSD’s recall skew is a prevalence effect
rather than a name-matching shortcut.

H Structure-Based EA Baseline Details

The four baselines in Table 2 (GCN-Align (Wang
et al., 2018), AliNet (Sun et al., 2020a),
LargeEA (Ge et al., 2021), and Dual-AMN (Mao
et al., 2021)) were originally released with Tensor-
Flow 1.x implementations that do not run on our
CUDA-12 hosts, so we re-implemented each in Py-
Torch following the original papers. Because these
methods are designed to rank candidates rather
than classify a given pair, we convert each into a
binary classifier that matches our task: we embed
both entities with the trained model, compute their
cosine similarity, and pass it through a logistic head

thresholded at 0.5, the same decision rule used by
PIE (Section 4.1). This conversion evaluates the
baselines’ learned representations under our verifi-
cation setting rather than their original open-world
retrieval setting, for which Hits@k/MRR would be
the appropriate metric (Section 3).

I Qualitative Analysis of PIE Embeddings

We qualitatively inspect PIE’s pooled entity em-
beddings ve with t-SNE (Figure 5). At the domain
level, cultural-heritage and business entities form
well-separated clusters, while person and media
entities partially overlap, reflecting genuine cross-
domain relations (e.g., a person’s involvement in
a media work). Within the media domain, the em-
beddings further separate into finer-grained sub-
clusters corresponding to film/video, music, perfor-
mance, and broadcast/character entities, indicating
that PIE’s predicate-aware pooling captures sub-
domain structure beyond what is needed for the
binary alignment objective alone.

J Routing Rule Definitions

Table 13 compares PIE–DRSD disagreement
against four alternative routing rules: threshold-
ing DRSD’s score or PIE’s probability near its
own decision boundary, a random baseline matched
to the same review budget, and DRSD’s own
self-disagreement rule (Section 5.4). All rules are
evaluated on the same 5,000-pair evaluation set
with DRSD’s decision threshold fixed at t=0.60.
Flagged is the number of pairs a rule routes to hu-
man review; Errors caught is the number of those
flagged pairs that DRSD originally misclassified
(629 pairs in total); Flag precision is errors caught
divided by flagged pairs; and Error recall is errors
caught divided by DRSD’s 629 total base errors.
The random baseline is averaged over 500 random
flagging seeds at the same budget (667 pairs) as
DRSD’s self-disagreement rule, and we also report
its best single-seed run for reference.
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(a) Domain-level clustering. (b) Sub-domain clustering within media entities.

Figure 5: t-SNE visualization of PIE’s pooled entity embeddings ve. (a) Cultural-heritage and business entities form
well-separated clusters, while person and media entities partially overlap. (b) Within the media domain, embeddings
further separate by film/video, music, performance, and broadcast/character sub-types.

Routing rule Flagged % of test Err. caught Flag prec. Err. rec. Acc. F1

Baseline (no review) – – – – – 0.8742 0.8855
Decision–score disagreement (DRSD) 667 13.34% 139 0.208 0.221 0.9020 0.9093
Random (matched budget, 500-seed avg.) 667 13.34% 84.6 0.127 0.135 0.8911 0.8997
Score near threshold (0.60± 0.05) 30 0.60% 8 0.267 0.013 0.8758 0.8868
PIE near threshold (0.50± 0.05) 168 3.36% 46 0.274 0.073 0.8834 0.8931
PIE–DRSD disagreement (ours) 775 15.50% 354 0.457 0.563 0.9450 0.9470

Table 13: Comparison of human-review routing rules on the 5,000-pair evaluation set (decision threshold t=0.60).
“Errors caught” counts flagged pairs that were originally misclassified by DRSD; “Flag prec.” is the fraction of
flagged pairs that were errors, and “Error rec.” is the fraction of DRSD’s 629 base errors that are flagged. Flagging
pairs where PIE and DRSD disagree on the decision catches substantially more errors at a higher precision than
routing on DRSD’s own score–decision disagreement, thresholding either signal near its decision boundary, or a
random baseline matched to the same review budget (the random baseline’s best single seed of 500 reaches 111
errors caught, 0.8964 Acc, and 0.9043 F1).
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K Prompt & Output Examples

(A) Gold-Label Prompt (GOLD_TEMPLATE)

You will receive two JSON descriptions, and each description is generated from an entity’s subgraph (attributes and
relations).

You will ALSO receive the manually verified gold (ground-truth) decision label.

Your task is to generate:
1) A well-calibrated similarity score in [0, 1]
2) A high-quality justification that is CONSISTENT with the given decision and the score that you generate
This output will be used for knowledge distillation.

Your task has TWO phases:

PHASE 1 (internal reasoning, not fully exposed):
- Use the entity instance type that the model infers to determine which features are CORE vs. AUXILIARY.
- Compare the two entities with type-appropriate core attributes and relations.
- Identify matches that provide support, explainable discrepancies, conflicts, and information that is missing.
- Choose a similarity score that:
- Is consistent with the evidence strength
- Construct reasoning that supports BOTH the decision and the chosen score.

IMPORTANT:
- You MUST NOT contradict the gold decision that the prompt provides.
- The score that you generate MUST be consistent with the decision.
- Treat the gold decision as correct, even if the evidence is weak or ambiguous.

PHASE 2 (final output only):
- Output ONLY the simplified JSON that the template below defines.
- Do NOT include internal reasoning or mention the gold decision explicitly.

[Entity A Description]
{A_TEXT}
[Entity B Description]
{B_TEXT}
[Gold Label]
Decision: {GOLD_DECISION}

FINAL OUTPUT FORMAT (STRICT):
Return ONLY valid JSON in the following format, with no additional text.
{
"justification": [
"Brief reason 1 (most important type-specific evidence or explanation)",
"Brief reason 2",
"Brief reason 3"
],
"decision": "{GOLD_DECISION}",
"score": 0.0
}

Constraints:
- The decision MUST exactly match the gold decision that the prompt provides.
- The score MUST be a float in [0, 1] with at most two decimal places.
- Justifications must be:
- Type-appropriate
- Consistent with both the decision and the score magnitude
- Do NOT add or remove fields.

Figure 6: Gold-label prompt used to generate a label-consistent decision and justification for distillation.
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(B) Score Prompt (SCORE_TEMPLATE)

You will receive two JSON descriptions, and each description is generated from an entity’s subgraph (attributes and
relations).

Your task has TWO phases:

PHASE 1 (internal reasoning, not fully exposed):
- Compare the two entities with the most type-appropriate core attributes and relations.
- Identify high-confidence matches, matches that provide support, conflicts (high/medium/low), and information that is
missing or uncertain.
- conflicts should be weighted by their importance to the entity type.
- Apply the scoring principles below to compute a similarity score between 0 and 1.

PHASE 2 (final output only):
- Output ONLY the simplified JSON that the template below defines.
- Do NOT include the full internal analysis in the final answer.

- Unique identifiers > entity type > type-specific core attributes > key relations > auxiliary attributes.
- Type mismatch or unique ID conflicts should strongly reduce the score.
- Missing information increases uncertainty but is not a conflict.

[Entity A Description]
{A_TEXT}
[Entity B Description]
{B_TEXT}

FINAL OUTPUT FORMAT (STRICT):
Return ONLY valid JSON in the following format, with no additional text.
{
"justification": [
"Brief reason 1 (most important type-specific evidence or conflict)",
"Brief reason 2",
"Brief reason 3"
],
"score": 0.0
}

Constraints:
- The score must be a float in [0, 1] with at most two decimal places.
- Justification items must reflect features that are appropriate for the entity type that the model infers.

Figure 7: Score prompt used to estimate an evidence-based similarity score for an entity pair.

(C) SFT Prompt (SFT_TEMPLATE)

You will receive two JSON descriptions, and each description is generated from an entity’s subgraph (attributes and
relations).

Determine whether the two entities refer to the SAME entity or DIFFERENT entities.

[Entity A Description]
{A_TEXT}
[Entity B Description]
{B_TEXT}

Output:
- decision: SAME or DIFFERENT
- score: a similarity score in [0, 1]
- three brief justification points

Return only valid JSON in the specified format.

Figure 8: SFT prompt used as the student-model input at training and inference time.
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(A) Gold-Label Output (JSON)

{
"justification": [
"Both entities share the title \"Memories\" but have different release years (2023 vs 2019).",
"The listed composers and performers differ completely (J.Fla and multiple Western composers vs
Maroon 5 and Korean-named composers).",
"Additional metadata such as record label, language, and related works are unrelated. This
indicates that they are distinct musical works."
],
"decision": "DIFFERENT",
"score": 0.22
}

Figure 9: Example gold-label prompt output containing a decision, score, and justification.

(B) Score Prompt Output (JSON)

{
"justification": [
"Both entities share the exact name \"Memories\" and overlapping core composers (Adam Levine and
Jonathan/Jon Bellion). This indicates the same musical work.",
"Entity A is a 2023 cover by J.Fla, whereas Entity B is the original 2019 recording by Maroon
5; the performer and release-date differences reflect different recordings, not a conflict on
composition identity.",
"Other attributes (record label, part_of album, instance_of) differ but are performance-specific
and do not outweigh the strong composer and title match."
],
"score": 0.78
}

Figure 10: Example score prompt output containing an evidence-based score and justification.

(C) SFT Target (JSON)

{
"justification": [
"Both entities share the title \"Memories\" but have different release years (2023 vs 2019).",
"The listed composers and performers differ completely (J.Fla and multiple Western composers vs
Maroon 5 and Korean-named composers).",
"Additional metadata such as record label, language, and related works are unrelated. This
indicates that they are distinct musical works."
],
"decision": "DIFFERENT",
"score": 0.78
}

Figure 11: Example SFT target combining the gold-label decision and justification with the score prompt score.
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