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Abstract

This paper studies the problem of uncertainty-
aware reasoning over knowledge graphs (KGs),
which aims to incorporate uncertainty quantifi-
cation into unseen knowledge predictions over
KGs. Previous works typically incorporate un-
certainty measurement tools such as conformal
predictions into graph representation learning.
Despite the progress, the performance of these
approaches remains limited since they usually
neglect both structural information in KGs and
intrinsic asymmetry between over-estimation
and under-estimation. Towards this end, we
propose a novel approach named Context-
anchored Asymmetric Conformal Prediction
for uncertainty-aware REasoning over KGs
(CARE). The core of our CARE is to identify the
context of each query using anchors, which
guide the construction of triple-specific asym-
metry prediction intervals. In particular, we
first take a subset of the calibration set as a
reference pool. For each triple query, we sum-
marize the KG structural statistics into a vector,
which guides the identification of its anchor
samples from the pool. The confidence residu-
als between query and anchors are utilized to
quantify over-estimation and under-estimation,
producing contextual nonconformity scores.
Finally, we utilize the unselected calibration
dataset to determine cutoff levels for construct-
ing asymmetric prediction intervals. Extensive
experiments on benchmark datasets validate the
effectiveness of CARE. The code can be found
at https://github.com/fanboyang/CARE.

1 Introduction

Knowledge graphs (KGs) encode relational facts
as triples with the three elements head entity, re-
lation, and tail entity, representing heterogeneous
data (Hogan et al., 2021; Nickel et al., 2016; Ji
et al.,, 2022). They support applications such
as biomedical knowledge integration, drug repur-
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posing, polypharmacy side-effect modeling, pro-
tein drug target discovery, and recommendation
(Nicholson and Greene, 2020; Himmelstein et al.,
2017; Zitnik et al., 2018; Mohamed et al., 2020;
Wang et al., 2019). Many of these facts are not
cleanly true or false. Extraction noise and proba-
bilistic phenomena like interactions between pro-
teins (Szklarczyk et al., 2017) produce uncertain
knowledge graphs (UnKGs), where each triple
comes with a confidence score between 0 and 1
(Pujara et al., 2013; Chen et al., 2019; Zhu et al.,
2025c¢). On an UnKG, the task is no longer link
prediction but confidence-score prediction, where
an unseen triple is mapped to a confidence score.
Existing uncertain knowledge graph embedding
(UnKGE) models return a point estimate of that
confidence as a single scalar (Chen et al., 2019,
2021a,b), and downstream pipelines use the scalar
to rank candidates or flag triples for expert review.
A scalar alone does not tell us how reliable the
estimate is. Two triples with the same predicted
confidence score can have different levels of reli-
ability, and UnKGE models cannot quantify pre-
dictive uncertainty around the score itself (Safavi
et al., 2020; Tabacof and Costabello, 2020). Each
point estimate therefore needs a calibrated predic-
tion interval that quantifies uncertainty around the
confidence-score estimate while keeping marginal
coverage at or above a target level. Conformal
prediction provides such a route by turning point
predictions into prediction intervals using a calibra-
tion set drawn from the same distribution as the test
data (Vovk et al., 2005; Angelopoulos and Bates,
2023). UNKGCP (Zhu et al., 2025c) applies this
route to UnKGs through the score’s binary-entropy-
normalized absolute residual, so the interval width
adapts to the score’s predictive uncertainty.
However, interval baselines for confidence-score
prediction reduce uncertainty to global residual dis-
tributions or scalar score-dependent scales. Para-
metric intervals assume a fixed distributional shape,
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standard CP uses one absolute-residual scale, and
entropy-normalized CP such as UNKGCP depends
only on score and entropy. This baseline family
leaves two limitations for interval modeling. On the
one hand, triples with the same score can receive
the same width even when their local topology, re-
lation frequency, and neighbor support imply differ-
ent residual risks. On the other hand, the interval is
symmetric around the backbone score, although the
backbone can be systematically optimistic in some
graph regions and conservative in others. Thus,
confidence-score intervals should adapt to graph-
local residual behavior and directional estimation
bias while preserving conformal coverage.

To address these two gaps, we propose Con-
text-anchored Asymmetric Conformal REasoning
(CARE). Rather than treating confidence-score un-
certainty as a function of the scalar prediction alone,
the framework reframes interval construction as a
context-sensitive and direction-aware calibration
problem. Specifically, CARE anchors calibration
in graph-local evidence, allowing the interval to
reflect residual behavior from queries with similar
structural and relational contexts. It further sep-
arates under-estimation from over-estimation, so
the lower and upper sides of the interval can adapt
to directional bias. These local asymmetric ad-
justments are then integrated into split conformal
prediction, retaining the marginal coverage guaran-
tee under exchangeability (Lei et al., 2018). This
design turns structural context and estimation bias
into calibrated interval widths, yielding sharper and
more informative uncertainty estimates without re-
training the underlying UnKGE backbone. On stan-
dard uncertain knowledge graph benchmarks and
across multiple backbones, CARE produces sharper
intervals than UNKGCP at the same coverage level,
cutting sharpness by 30% on average.

We make three main contributions:

® New Perspective. We propose that the uncer-
tainty of confidence scores in knowledge graph
datasets is significantly shaped by local graph
structure and is directionally asymmetric.

® Novel Methodology. We introduce CARE, a
conformal predictor that estimates asymmetric
scales from local graph context. It preserves the
marginal coverage guarantee of split conformal

prediction.
® Extensive Experiments. Ablation and sensitivity

studies on standard uncertain knowledge graph
benchmarks attribute the sharpness gain to graph
context and directional asymmetry, not to tuning.

2 Preliminaries

2.1 Problem Definition

In this work, we learn a post-hoc interval predic-
tor for confidence-score prediction on uncertain
knowledge graphs. Let E' and R be entity and rela-
tion sets. An uncertain knowledge graph contains
weighted triples (g;, c;), where q; = (h;,r;,t;) €
E x R x E and ¢; € [0,1] is the confidence label
(Chen et al., 2019; Zhu et al., 2025c). A trained
UnKGE backbone M7; . maps a query to a fixed
point score s = Mr, .. (q) € [0, 1] (Chen et al.,
2019, 2021a,b). Given fixed scores and calibration
triples, the goal is to map each unseen query g,
with unknown confidence label c,, to a clipped in-
terval I'*(¢.) = [L(¢«), U(g+)] € [0, 1] without
retraining M7, . . For a target coverage level a,
the interval should satisfy

IP)(C* S Fa(Q*)) > «, (1)

while remaining short.

We evaluate interval quality with two metrics,
coverage and sharpness. Coverage is the fraction
of contained test labels and measures reliability.
Sharpness is the mean interval length and measures
informativeness. At comparable coverage, lower
sharpness means stronger modeling capability.

2.2 Conformal Prediction

Conformal prediction turns fixed predictors into
prediction sets or intervals with distribution-free
coverage under exchangeability (Vovk et al., 2005;
Lei et al., 2018; Xiao et al., 2026; Luo et al., 2026).
In CARE, 7s estimates query-specific lower/upper
residual scales, and 7..nr selects the final max-
normalized multiplier. For a nonconformity score
A(gq, ¢ | M) and calibration scores a; = A(g;, ¢; |
M) from the conformal holdout, split conformal
prediction selects m, = a([a(e+1)]), Where a1y <
--+ < a(y) are the £ sorted calibration scores. La-
bels with nonconformity no larger than m,, form
the prediction interval. Thus « controls final cov-
erage, while the choice of A controls interval effi-
ciency.

Existing task-specific conformal methods instan-
tiate A with scalar residuals. Direct CP uses ab-
solute residuals and gives a symmetric interval
around M, .. (g«), while UNKGCP (Zhu et al.,
2025¢) normalizes them by score entropy. The
resulting interval has entropy-scaled half-width
maH (M., (¢:)). This adjusts width for each
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Figure 1: Overview of CARE. The main innovation is to integrate context-anchored calibration and asymmetric
interval construction into the conformal framework. Specifically, the method uses fixed backbone scores and
training-graph statistics to identify context anchors, estimate asymmetric residual scales from the reference pool,
and apply a conformal holdout multiplier to produce calibrated lower/upper confidence-score intervals.

query by scalar score information but ignores graph
context and directional error scales.

3 The Proposed CARE

3.1 Framework Overview

In this paper, we study confidence-score interval
prediction for uncertain knowledge graphs and pro-
pose CARE from a context-anchored calibration
perspective. Existing conformal methods attach
symmetric intervals to fixed UnKGE scores, us-
ing absolute residuals or score entropy to con-
trol width (Vovk et al., 2005; Lei et al., 2018;
Zhu et al., 2025c). Although they inherit split-
conformal coverage, they do not use local graph
context and cannot distinguish systematic over-
estimation from under-estimation. CARE instead
retrieves nearby calibration triples to estimate di-
rectional uncertainty, following localized and graph
conformal ideas that use nearby examples or graph
neighborhoods to improve efficiency (Guan, 2023;
H. Zargarbashi et al., 2023; Zargarbashi and Bo-
jchevski, 2024). The overall framework has four
parts. Structural context acquisition represents each
query with score, topology, and relation evidence.
Calibration splitting separates anchor retrieval from
coverage calibration. Anchor scale estimation turns
nearby calibration residuals into lower and upper

scales. Final interval construction applies the held-
out conformal multiplier to produce a clipped confi-
dence interval. Figure 1 summarizes this workflow.

3.2 Structural Context Acquisition for
Anchor Identification

Previous conformal baselines use the confidence
score as a single indicator and ignore graph struc-
ture around a query (Zhu et al., 2025¢). We build a
structural-context vector for anchor identification
in the reference pool: triples are locally comparable
when predictive uncertainty, topology, and relation
context are similar. The vector is computed from
training-graph statistics and retrieves anchors in
Trof, SO residual estimates are grounded in local
KG structure rather than scalar score alone.

For a query ¢ = (h,r,t) with score s =
M7 ... (q), the anchor feature vector is

(b(Q) = [prred(Q), ¢t0PO(Q)7 @brel(Q)] ) (2)

where  @pred (s, H(s)) captures predic-
tive evidence for anchor matching, ¢iopo

(O, Ot €nt, One) encodes local topology, and ¢ =
(fr,onehot(r)) represents relation context. Here
H (s) is the binary entropy of the score. The terms
6p, and 0 encode log degrees of h and ¢, and dp;
encodes their common-neighbor support. The indi-
cator ep; € {0, 1} marks whether a training edge
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between h and ¢ exists, while f, and onehot(r) en-
code relation frequency and identity. All statistics
come from Tiain alone; calibration and test triples
share the feature map but add no edges.

3.3 Asymmetric Residuals for
Confidence-Score Nonconformity

Local KG structure can make the confidence score
of a query systematically over-estimated or under-
estimated, so local calibration should be direc-
tional. We therefore estimate asymmetric resid-
ual scales from context anchors. This follows the
conformal-regression view that residual calibration
can use side-specific and instance-dependent evi-
dence rather than one global absolute-residual scale
(Romano et al., 2019; Guan, 2023). Two design
choices follow from this motivation. Residuals are
split by direction so that systematic over-/under-
estimation errors receive different scales, and local
anchor estimates are smoothed by a global refer-
ence quantile to stay stable in sparse or noisy graph
neighborhoods during scale estimation.
Directional Residuals. The first step records how
the backbone errs on each calibration triple in a way
that preserves the direction of the error. A single
absolute residual |M7; . (¢;) — ¢;| collapses opti-
mistic and pessimistic mistakes into one quantity,
so any local scale derived from it cannot tell the
two cases apart. The framework therefore decom-
poses each calibration error into two directional
residuals with nonnegative values:

= max(Mr,,,(¢:) — ¢, 0), (3
= max(ci — Mr,,... (gi), 0). 4)

r

SIS

r

Here r;7 > 0 marks an over-estimation example
whose evidence will be used to push the lower end-
point of a query downward, while r;~ > 0 marks
an under-estimation example that pushes the up-
per endpoint upward. Each calibration triple con-
tributes to at most one side, so r™ and 7~ together
cover the residual signal without double counting.
Context-Anchor Local Scales. The next step turns
nearby calibration evidence into a directional scale
estimate for an unseen query. Let N (q | Tref)
denote the K nearest neighbors of ¢ in the stan-
dardized ¢-space. The local lower and upper scales
are the p-quantiles of the corresponding directional
residuals over these anchors:

it (q) = Quauntilep{rii | i€ Nk(q| Tret) }-
(%)

Using a high quantile rather than a sample mean
asks how large the anchors’ directional residuals
are in the conservative tail. This avoids letting a
few low-residual neighbors collapse the width on a
query that needs a wider interval.

Shrinkage Toward a Global Baseline. A purely
local quantile is informative only when the K
neighbors are themselves representative. In a
sparse graph region the anchors can have small
or noisy residuals, producing either an overconfi-
dent scale near zero or a single-anchor-driven spike.
This makes shrinkage a safeguard against unreli-
able anchor evidence rather than a replacement
for local calibration. Each local scale is therefore
shrunk toward a global reference goi computed over
all of Tref:

K
+ ~t +
p— 6
g(j)E = Quauatilep{7"?E |je 'Eef}. @)

The parameter « has the interpretation of x virtual
anchors carrying the global residual, so real evi-
dence with weight K is averaged against a stable
baseline with weight x. The two limits K >> x and
K > K recover the purely local and purely global
scales respectively. The resulting g7 (¢q) and g~ (q)
are query-specific asymmetric scales, calibrated
jointly with the conformal holdout in the next step.

3.4 Final Prediction Interval Construction

The final construction turns asymmetric local resid-
ual scales into a coverage-calibrated prediction in-
terval. On the conformal holdout 7¢o,¢, a joint
max-normalized nonconformity score is computed
for each calibration triple:

a; = maX{Ti+ 77‘; } (8)
f g (@) g (@) )

The empirical upper a-quantile of {a; | i € Tconf}
defines the final conformal multiplier m,,, which
carries the joint coverage budget across both direc-
tions of the interval following the split conformal
calibration principle (Papadopoulos et al., 2002;
Lei et al., 2018). For a test query ¢, with point
score s, = Mrp .. (gs), the same standardized
KNN retrieval procedure on 7p.f produces query-
specific over-/under-estimation scales on the train-
ing graph, and these are combined with m,, to form
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the prediction interval:

La(qs) = 54 — M, 9+(Q*)7 9
Ua(qs) = 84 + Ma g (q), (10)
['*(g«) = [La(g«), Ua(g+)] N[0, 1]. (1)

The final interval is clipped to [0, 1].

Theoretical Guarantees. The construction above
is supported by two coverage results and one con-
ditional monotonicity result. Throughout the state-
ments, write Z; = (q;,¢i), £ = |Tcont|, and
ko = [(¢ + 1)a]. Theorem 3.1 gives the marginal
coverage guarantee of the final interval. Theo-
rem 3.1 gives the marginal guarantee, and Propo-
sition 3.2 states sufficient conditions under which
self-reuse contracts the interval. Theorem 3.3 justi-
fies using one multiplier for the whole asymmetric
interval rather than two separate side multipliers.
Proofs are given in Appendices A.1-A.3.

Theorem 3.1. Coverage guarantee of CARE. For
this statement, fix the trained backbone, training
graph, calibration split, and Trer. If Teont and a
future triple are exchangeable conditional on them,
then for any o with kq < ¢,

P(cer1 € Tqe41)) > o (12)

This is the standard split-conformal coverage guar-
antee for the final interval.

Proposition 3.2. Conditional interval containment
under self-reuse. Let T'A(Z) denote the CARE non-
conformity score in Eq. (8) with local scales esti-
mated from reference set A. Set A= Tret U Teonts
S; = TTref(Zi)’ and §z = TA’(Zi); let ffla and my,
be the corresponding ko = [({ + 1)a|-th order
statistics. If the future local scales do not increase,
g%(q“_l) < g%ef(qu), and self-reuse contracts

the holdout scores, g, < S;fori=1,...,4 then
Me < Mo and

F?euse(%-i-l) C nglit(qf+1)' (13)
The score and scale inequalities are explicit as-
sumptions. Under these conditions, reuse yields

a contained interval. The disjoint construction in
Theorem 3.1 supplies the marginal guarantee.

Theorem 3.3. Joint multiplier calibration. Un-
der the same exchangeability assumption as Theo-
rem 3.1, the joint construction in Eq. (11) satisfies

P(C£+1 € Fa(QeJrl)) > . (14)

If lower and upper events are calibrated separately
as two side-specific events at a common side level
o' and combined by the union-bound certificate,
then the same interval target requires the stricter
condition

o > L+ oz.

-2

Thus the joint multiplier calibrates the whole inter-
val event directly in one step, without side splitting,

instead of imposing a stricter side target.

(15)

3.5 Time Complexity Analysis

The computational overhead is restricted to the
post-hoc interval layer, since the UnKGE backbone
is fixed and never retrained. Per query, the layer
adds feature lookup, exact L2 retrieval in 7c¢, and a
p-quantile over K neighbors. Let ng = |Tret|, £ =
| Teont |, nr the test size, dy the feature dimension,
and Coc = nrdg + Klog K. Scales run on np =
¢ + n7 holdout and test points, one ¢log ¢ sort
picks the multiplier, and | T¢yain| is one-time graph
preprocessing, yielding a total cost of

O(’ﬁrain’ +ng Cloc + 510% e) . (16)

The cost is linear in ny at fixed ng, £, K, dg.

4 Experiments

4.1 Experimental Setup

Datasets and Backbones. CARE is evaluated on
three uncertain-KG benchmarks, CN 15K, PPISK,
and NL27K. CNI15K contains commonsense
confidence statements from ConceptNet (Speer
et al., 2017; Zhu et al., 2025c). PPI5K con-
tains protein—protein interaction confidence scores
from STRING (Szklarczyk et al., 2017; Zhu et al.,
2025¢). NL27K contains web-extracted relational
facts from NELL (Mitchell et al., 2018; Zhu et al.,
2025c). We use fixed score exports from three
confidence predictors, UKGE, PASSLEAF, and
BEURRE (Chen et al., 2019, 2021a,b). Dataset
and backbone details are in Appendix B.1-B.2.

Baselines. The comparison includes FPI and two
conformal prediction baselines. FPI is a Fisher-
style calibration-score Gaussian prediction-interval
baseline (FISHER, 1935). CP is standard split
conformal prediction with absolute residuals (Vovk
etal.,2005; Leiet al., 2018). UNKGCP normalizes
conformal residuals by the binary entropy of the
backbone score (Zhu et al., 2025¢). Baseline details
are in Appendix B.3.
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Table 1: Horizontal comparison of four interval modeling methods. Baseline rows use the original conformal
prediction method as the reference for sharpness changes. Green marks coverage at or above 0.90, bold marks best
sharpness, and non-CP sharpness cells mark absolute changes compared with CP. Blue downward arrows indicate

shorter intervals and red upward arrows indicate longer intervals.

CN15K PPISK NL27k
BACKBONE METHOD
Coverage Sharpness | | Coverage Sharpness | | Coverage Sharpness |
CP 0.90 0.845 0.90 0.188 0.90 0.443
UKGE FPI 0.78 0.75010.095 0.89 0.683+0.495 1.00 0.748+0.305
UNKGCP 0.90 0.83310.012 0.90 0.1860.002 0.90 0.3620.082
CARE 0.90 0.690 (155 0.90 0.128 060 0.90 0.259 184
CPp 0.90 0.862 0.90 0.207 0.90 0.544
FPI b 7044015 . 68440 475 1.00 . 9
PASSLEAF 0.35 0.70 10.158 0.89 0.68 0.478 0 765T0 2921
UNKGCP 0.90 0.8450.017 0.90 0.2020.005 0.90 0.4400.104
CARE 0.90 0.673 159 0.90 0.119 088 0.90 0.231 313
CP 0.90 0.864 0.90 0.261 0.90 0.418
BEURRE FPI 0.79 0.6990.165 0.89 0.70140.440 1.00 0.667+0.249
UNKGCP 0.90 0.8070.057 0.90 0.271+9.010 0.90 0.3840.035
CARE 0.90 0.604 | 260 0.90 0.202 ) 059 0.90 0.263 (155

Implementation Details. We report coverage and
sharpness, using target coverage o = 0.90. The
default CARE configuration uses 10 seeds for ev-
ery backbone—dataset cell, a residual-sign-stratified
60/40 split into Trer and Teont, €xact L2 retrieval,
and shared hyperparameters K = 200, p = 0.90,
and x = 50. All methods use the same fixed back-
bone scores and positive test triples for the main
comparison. Other evaluation subsets and code-
level details are in Appendix B.4.

4.2 Performance Comparison

Overall, CARE reduces sharpness by 29.76% on av-
erage across the nine positive cells at comparable
coverage. The result is recorded in Table 1. The
table leads to three observations. First, FPI shows
coverage fluctuations because it builds a paramet-
ric Gaussian calibration-score interval rather than
using empirical conformal ranks. This assumption
is brittle when score-label errors vary across graph
contexts. Second, CP, UNKGCP, and CARE follow
the same split-calibration principle, so the confor-
mal methods maintain stable coverage and differ
in interval sharpness once the coverage target is
matched. Third, CARE gives the sharpest intervals
in all nine cells, and the sharpness reduction is most
pronounced on NL27K. This gain comes from
context-anchor retrieval and lower/upper residual
scales, which replace one entropy-based symmetric
scale with query-specific asymmetric evidence. At

k sensitivity
0.40

Shrinkage « sensitivity

038 %71 0.900
% - 0.36 036 %
g 035 035 035 s
8035 0.880 9
& S
A 033

0.860
0.30
50 100 200 50 100 200
k K

Figure 2: Sensitivity analyses for local calibration under
the shared protocol. The two plots vary neighborhood
size K and shrinkage strength .

the cell level, the advantage on NL27K suggests
that anchor retrieval is especially helpful when re-
lational evidence is heterogeneous and score en-
tropy alone cannot separate local residual regimes.
Coverage—sharpness analysis is in Appendix D.1.

4.3 Sensitivity Analyses

To test whether the gain depends on a narrow local-
calibration setting, we vary the neighborhood size
K and shrinkage strength « under the same proto-
col, with results shown in Figure 2. These settings
change the retrieved context and the amount of
smoothing. From the results, we make two obser-
vations. @ As K decreases, the calibration neigh-
borhood becomes narrower, but sharpness does not
decrease and can even rise slightly. This suggests
that simply shrinking the calibration domain is not
always better, since too few anchors make the esti-
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Table 2: Ablation studies of different variants, averaged over UKGE, PASSLEAF, and BEURRE backbones.

VARIANT CN15K PPI5SK NL27K MEAN
Coverage Sharpness | | Coverage Sharpness | | Coverage Sharpness | | Sharpness inc.
CARE w/o AS 0.90 0.79540.139 0.90 0.168+0.019 0.90 0.361+0.110 25.4%
CARE w/o LS 0.90 0.745+0.089 0.90 0.212+0.062 0.90 0.317+0.066 20.6%
CARE w/ RC 0.90 0'760T(’-1(’4 0.90 0-430’“'].28() 0.90 0.32310.073 43.3%
CARE w/ LT 0.90 0.71840.062 0.90 0.167+0.017 0.90 0.264+0.013 8.7%
CARE w/ PU 0.90 0.71440.058 0.90 0.18140.031 0.90 0.2270.024 6.2%
CARE (Full Model) 0.90 0.656 0.90 0.150 0.90 0.251 -
UKGE PASSLEAF BEUrRE
= 1.00
2075 . .
= 050 1 1 M
s -=— CARE —=— CARE —s— CARE
g% —~— UnKGCP | | — UnKGCP | Jeeeesssesesesstss T Gop
= 000 T T T T T
4000 - 71 CARE 4 71 CARE 4 71 CARE
b 2 UnKGCP 7] UnKGCP 73 UnKGCP
=
8 2000 7 "H’ 7 H 7
0 H‘mmﬂﬂr‘l’\ww N ‘ ‘ HHHm‘ruWn ‘ | ’HHH‘ “W”ﬂ\ﬂm 000
0.1 0.2 0.3 0.4 0.1 0.3 0.4 0.0 0.1 0.2 0.3
Test Error Test Error Test Error

Figure 3: Difficulty-tracking analysis on NL27K test triples. Test examples are grouped by absolute prediction error
to probe difficulty-aware interval allocation. The line plot reports mean interval length over covered examples in
each bin, and the histogram reports the test-error distribution.

mate more sensitive to local graph noise. @ As x
increases, local calibration is gradually smoothed
toward global calibration, and coverage rises ac-
cordingly. Together, the trends show that CARE is
stable near the default regime under this shared
experimental protocol. This robustness matters be-
cause the same setting is used across datasets and
backbones. The result supports the role of neigh-
borhood calibration in improving interval precision,
matching the theoretical analysis in Section 3. De-
tails are in Appendix C.

4.4 Ablation Studies

To evaluate the effectiveness of different compo-
nents in CARE, we introduce five parallel variants
in Table 2. @ CARE w/o AS pools the lower and up-
per residual sides into one absolute-residual scale.
® CARE w/o LS replaces the query-specific KNN
residual scale with the global p-quantile on Tyef. ©
CARE w/ Relation Context uses only relation fre-
quency and relation identity. @ CARE w/ Local
Topology uses only local graph-support features.
® CARE w/ Predictive Uncertainty uses only the
score and score entropy. The results show that
both context-anchor calibration and bidirectional

residual calibration improve interval precision. The
three feature groups carry different amounts of in-
formation: predictive uncertainty is slightly more
informative than local topology, and both are much
more informative than relation context. Full abla-
tion details are in Appendix C.

4.5 Further Analysis

Difficulty Tracking Analysis. Aggregate cover-
age and sharpness do not show whether an interval
method reacts to query difficulty. We therefore
group NL27K test triples by absolute prediction
error and compare mean interval length within each
bin in Figure 3. The figure leads to two observa-
tions. First, both UnKGCP and CARE assign longer
intervals to harder triples, showing that conformal
prediction methods can effectively identify more
difficult examples and assign them wider predic-
tion intervals. Second, CARE stays below UnKGCP
across the displayed backbone plots, indicating
that context anchors bring stronger interval mod-
eling ability while preserving this difficulty-aware
trend. This micro-level view complements Table 1
by checking whether shorter intervals come from
useful allocation rather than uniform shrinkage.
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Figure 4: Distribution-Shift Scope Diagnostic. The top row reports sharpness curves over target coverage levels on
negative subsets, and the bottom row reports empirical coverage.

Table 3: Conditional comparison on positive triples
across the evaluation matrix. Each pair is cover-
age/sharpness; gap is deviation from 0.90.

Method ‘ Overall cov./sharp.  Stable-rel. cov./sharp.  Gap

GLOBAL CP 0.9002/0.5144 0.8967/0.5092 0.0685

RELATION-
MONDRIAN CP

CARE 0.8990/0.3521

0.9028/0.5052 0.9046/0.4914 0.0221

0.8937/0.3381 0.0405

Table 4: Directional residuals on positive triples. Fre-
quency is the proportion in each direction; mean gg g9
is the average directional residual quantile.

DIRECTION ‘ Frequency Mean qg 90
OVER-ESTIMATION (r ™) 0.2402 0.0495
UNDER-ESTIMATION (77) 0.7597 0.3474

Distribution-Shift Scope Diagnostic. The main
experiments use positive triples from the original
datasets, while this diagnostic uses artificially con-
structed negatives to examine model behavior un-
der distribution-shifted data. We use Figure 4 to
probe this shifted setting. The figure gives two ob-
servations. First, negative triples make empirical
coverage less stable for conformal methods, con-
firming that the exchangeability condition behind
split conformal calibration is sensitive to the data
source. Because the negative subsets alter entity
support, the result is best read as a scope diagnostic
for shifted inputs. Second, CARE keeps the shortest
intervals in the sharpness plots across confidence
levels, showing strong interval-modeling ability un-
der distribution shift. Implementation details for
both diagnostics are in Appendix B.4.

4.6 Additional Validation

Conditional comparison. In this task, relation
identity is the predicate type of a query triple and
provides a natural conditional grouping because
different relations encode distinct semantics and
residual patterns in uncertain KG reasoning. We
therefore compare CARE with Relation-Mondrian
CP, which calibrates absolute residuals separately
for each relation; Table 3 reports overall and stable-
relation summaries. Relation-Mondrian CP aligns
stable-relation coverage more closely, whereas
CARE yields sharper intervals overall and within sta-
ble relations. @ This coverage pattern indicates that
relation-wise calibration captures residual structure
shared at the predicate level. @ The sharpness
advantage of CARE shows that relation identity re-
mains too coarse to explain variation among triples
of the same relation, supporting query-specific an-
chors as a finer basis for interval allocation.
Residual asymmetry. Over- and under-
estimation affect opposite interval endpoints, so
their frequency and tail scale indicate whether
one absolute-residual distribution can represent
both error directions. We compare these two
statistics across positive runs, with Table 4 report-
ing direction frequencies and mean directional
qo.90- Under-estimation is both more frequent and
broader in its tail scale. @ This imbalance indicates
that the backbone errors follow a persistent direc-
tional pattern rather than random sign variation.
® Because the two directions require different
corrections, separate scales preserve information
that a pooled absolute-residual scale would erase,
supporting the use of asymmetric calibration for
endpoint-specific interval allocation.
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5 Related Work

5.1 Knowledge Graph Embeddings

Knowledge graph embedding (KGE) methods map
symbolic triples into continuous representations
and score relational facts. Early deterministic link-
prediction models include TransE (Bordes et al.,
2013), DistMult (Yang et al., 2015), ComplEx
(Trouillon et al., 2016), RotatE (Sun et al., 2019),
and ConvE (Dettmers et al., 2018). Later graph
neural variants include R-GCN (Schlichtkrull et al.,
2018) and CompGCN (Vashishth et al., 2020).
For uncertain KGs, UKGE (Chen et al., 2019),
BEURRE (Chen et al., 2021a), and PASSLEAF
(Chen et al., 2021b) predict continuous confidence
scores, with related geometric representations in
BoxE (Abboud et al., 2020). These models provide
the fixed backbone score M7, . (q) used by CARE,
while calibration studies ask whether such scores
behave like probabilities (Tabacof and Costabello,
2020; Safavi et al., 2020). CARE instead adds a post-
hoc interval layer that makes residual uncertainty
explicit without retraining the UnKGE backbone.

5.2 Uncertainty Quantification

Uncertainty quantification attaches reliability in-
formation to predictions, and split conformal pre-
diction provides finite-sample marginal coverage
under exchangeability (Vovk et al., 2005; Shafer
and Vovk, 2007; Lei et al., 2018; Angelopoulos
and Bates, 2023). Adaptive variants include con-
formalized quantile regression and localized con-
formal prediction (Romano et al., 2019; Guan,
2023), with extensions to classification, distribution
shift, and weaker exchangeability (Romano et al.,
2020; Gibbs and Candes, 2021; Barber et al., 2023),
alongside known limits for distribution-free con-
ditional coverage (Barber et al., 2021). For struc-
tured data, conformal methods have been applied to
GNNs and graph predictors (H. Zargarbashi et al.,
2023; Zargarbashi and Bojchevski, 2024; Huang
et al., 2023), and KG-specific work forms answer
sets for link prediction (Zhu et al., 2025a,b). UN-
KGCP (Zhu et al., 2025c¢) is closest because it
constructs intervals for continuous uncertain-KG
scores. CARE keeps the same holdout calibration
route, but estimates lower and upper residual scales
at the query level from graph-local anchors instead
of relying on a single scalar.

6 Conclusion

In this paper, we propose CARE, a context-anchored
asymmetric conformal prediction framework for
uncertainty-aware reasoning over KGs without re-
training the backbones. The framework builds on
two findings. Context-anchored neighborhood cal-
ibration improves interval precision, and separate
lower/upper calibration corrects directional output
errors of scoring models. Across commonsense,
biomedical, and web-extracted KG benchmarks,
experiments show that CARE effectively uses con-
text anchors, turns structural evidence in an UnKG
into an uncertainty signal, and reaches state-of-the-
art interval modeling for the studied task while
preserving the same coverage target.

Limitations

Although CARE shows strong performance on the
studied uncertain-KG benchmarks, the current eval-
uation is still limited to three datasets and fixed
score exports from three UnKGE backbones. Fu-
ture work should test the framework on broader
KG domains, more data sources, and additional
confidence-score predictors.

The guarantee of CARE is marginal split-
conformal coverage under exchangeability. Per-
relation and distribution-shift coverage require ad-
ditional assumptions or calibration protocols. The
final label-independent random split aligns the im-
plementation with the stated theorem for the evalu-
ated source distribution. On artificially constructed
negatives, coverage can fall under shift, especially
on PPI5k; we therefore reserve efficiency compar-
isons for settings with matched coverage.

Ethics Statement

This work studies uncertainty intervals for KG con-
fidence scores, including settings related to biomed-
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A Theoretical Analysis

This appendix expands the two coverage theorems
and the conditional self-reuse proposition used in
Sec. 3. Appendix A.l proves the marginal cover-
age guarantee of the final interval. Appendix A.2
proves the interval-containment conclusion under
the explicit score- and scale-contraction assump-
tions.

Appendix A.3 explains why a single joint multi-
plier is preferable to two separately calibrated side
multipliers for the asymmetric interval.

A.1 Expected Coverage

Proof of Theorem 3.1. All probabilities are con-
ditional on the fixed objects in the validity state-
ment in the main text. After conditioning on 7yef,
the trained backbone, and the realized split, the
only random objects left are the conformal holdout
triples and the future test triple. At this point the
nearest-neighbor search, local residual quantiles,
and shrinkage rule have already produced fixed pos-
itive scale functions g+ and g~—. Hence the score
map used below is fixed before the holdout and
test labels are ranked. It is not re-estimated after
observing which point is treated as the future test
triple. Applying the same nonconformity-score
map in Eq. 8 to each exchangeable holdout or test
triple preserves exchangeability, so
Ai:A(qi,Ci"Eef), i1=1,...,0+1

are exchangeable scores (Papadopoulos et al., 2002;
Vovk et al., 2005). For the observed holdout triples,
the scores used to compute the conformal multiplier
are a; = A; fori = 1,...,¢. Equivalently, for
every permutation 7 of {1,..., ¢+ 1},

d
(A17 s 7A€+1) = (A’Tl'(l)7 R A7r(€+1)) :

Let ay < - < ag) be the sorted holdout
scores and let mq = a,) be the conformal mul-
tiplier. Let Ry, be the rank of A,;; among the
pooled scores Ay, ..., Asyr1, with smaller scores
ranked earlier and ties broken uniformly at random.
Exchangeability then makes

1

PBen =1 =737

The implemented event uses the non-strict compar-
ison Ay < Mg, so it contains the randomized-
rank event Ry < k, and is conservative at ties.

Therefore the standard split-conformal rank argu-
ment gives

P (AZ—I—I < T/ﬁa) > P (R£+1 < ka)

ko (17)
> .
f+1—

By construction of the score in Eq. 8, the event
Apy1 < m,, means that the multiplier m,, is large
enough to cover the test label on both the lower and
upper sides of the asymmetric interval in Eq. 11.
Since confidence labels lie in [0, 1], clipping the
interval to [0, 1] cannot remove a covered label.
Therefore

{Ae1 < Mo} C {ci € T%(qe41)} -

Combining the rank bound with this containment
proves

P(crr1 € T(qe41)) = o (18)

O

A.2 Split Calibration

Proof of Proposition 3.2. The split between T.q¢
and Tcont is not only an implementation detail.
The reference pool is used to estimate local scales,
whereas the conformal holdout is used to rank non-
conformity scores. If the same triple is used in
both roles, it can become its own nearest neighbor
during anchor retrieval, which may shrink its resid-
ual scale and make the conformal multiplier too
optimistic. Proposition 3.2 states this finite-sample
behavior as a conditional monotonic comparison.

For a reference set A, write T4 (Z) for the CARE
nonconformity score obtained when the local scale
is estimated from A:

max(Mr,... —¢,0
20
HlaX(c - M train (Q)a 0) }
94(9)

(19)

In the split construction, holdout scores are com-

puted by the fixed map 77, ;. In the reused con-

struction, each calibration point Z; € Teont i

a~lso available to the KNN scale estimator because

A = Trer U Teont- Thus Z; can be a zero-distance
anchor for itself:

g%(a) = G*({rf 45 € N3(a}) .

qi € Ng(%‘),
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where G*(+) denotes the local quantile followed by
shrinkage. The statement isolates the resulting opti-
mism by assuming the coordinatewise contraction
§i < 5; for the calibration scores. Order statistics
are monotone under coordinatewise domination, so

Mo = Stkay < Sthay = Ma- (20)
For a test query, the lower and upper half-widths
are the multiplier times g7 (-) and ¢~ (). If the
reused test scales are no larger than the split test
scales on both sides, the inequality m,, < m,, gives

Mg (qer1) < Magr (qer1),
Mag7(qe+1) < Magy  (qe+1)-

Both intervals are centered at the same fixed back-
bone score. Therefore the reused interval is con-
tained in the split interval:

F;Xeuse(QZ-i-l) - nglit(Qg+1). 2D
The corresponding coverage event for the reused
interval is also contained in the split coverage
event. This proves the subset relation in Propo-
sition 3.2. It remains to state why the split interval
has the conformal guarantee. Because 7r is dis-
joint from T¢one, no holdout triple contributes to
its own scale estimate. Conditioning on 7 fixes
the map 77, for every holdout and future triple.
If Z1,...,Zy4 are exchangeable conditional on
Tret, then the scores S; = T (Z;) obey

d
(Sl, . .,Sg+1) - (Sﬂ'(l)7 e

) Sﬂ([—i-l))

for every permutation 7. The rank argument gives

k
P(Sp41 < g | Toef) > —2
(Se41 < Mg | f)_£+1

> . 22)
The event Sy < my, is exactly the event that the
split interval covers ¢, 1, after clipping to [0, 1].
Thus

]P(CZH € It (ae+1) | 7;ef) > Q. (23)

g

A.3 Joint Multiplier Calibration

Proof of Theorem 3.3. The interval in Eq. 11 is
asymmetric, but the conformal event is still one
event: the label lies inside the whole interval. This
is why CARE calibrates the max-normalized score
with one multiplier rather than assigning separate

conformal budgets to the lower and upper sides.
Although g*(q) and g~ (q) can differ, both sides
are evaluated on the same holdout triples and to-
gether determine whether the interval covers the
label. A single score A; therefore ranks interval-
level failures directly, while two side scores would
rank lower-side and upper-side failures as separate
marginal events. Theorem 3.3 formalizes this point
by comparing the joint event with a two-side alter-
native certified through a union bound.

The joint-multiplier coverage follows directly
from the expected-coverage argument in Ap-
pendix A.1. Let A; = A(qi,¢; | Tref) fori =
1,...,4+1, with a; = A; on the observed holdout
triples. Under exchangeability of {A; fill con-
ditional on 7,¢ and the fixed backbone, the rank
argument gives

P(Apr1 <my) > a. (24)

By definition,

7“7"_ r. }
A; = max L L .
{g+(q¢) 9 (qi)

Thus the event { Ap11 < My} is equivalent to

{Aet1 < Mo} ={rfi; < Ma g’ (@e1)}
N{r i, < Mag (a4+1)}
(25)

which by Eq. 11 is exactly {c,11 € T'*(qe41)}
after clipping to [0, 1].

For the two-side alternative, let B; = ;" /g™ (¢;)
and C; = r; /g~ (¢;). Separate split-conformal
calibration on 7o, produces

Mg = B(1enan), 26)

My = C((e+1)ar)

each guaranteeing P(Bry; < m},) > o and
-~ — /

P(Criq § m .a,) > o' by the same rank argument.

The two-side interval covers ¢y when both events

hold. By the union bound,

P({Bey1 <5} N{Cpp1 <, })

, (27)

>2a — 1.
Requiring 20/ — 1 > a yields o > (1 4+ «)/2.
Thus the two-side certificate must use a stricter
side-specific target, whereas the joint multiplier
calibrates the interval event directly at level a. [
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B Details of Experimental Settings

B.1 Datasets

The three benchmark datasets differ in domain, re-
lation vocabulary size, and confidence-score se-
mantics.

¢« CN15K. CNI15K is a commonsense
uncertain-KG benchmark derived from Con-
ceptNet (Speer et al., 2017; Zhu et al., 2025¢).
It contains 15,000 entities, 36 relations, and
241,158 positive triples in total, split into
204,984 training triples, 16,881 validation
triples, and 19,293 test triples. Its confidence
labels reflect subjective plausibility of com-
monsense statements.

* PPISK. PPI5K is a protein—protein interac-
tion benchmark derived from STRING (Szk-
larczyk et al., 2017; Zhu et al., 2025c). It con-
tains 4,999 entities, 7 relations, and 271,666
positive triples in total, split into 230,929
training triples, 19,017 validation triples, and
21,720 test triples. Its confidence labels corre-
spond to evidence-derived interaction proba-
bilities.

e NL27K. NL27K is an automatically con-
structed web-knowledge benchmark derived
from NELL (Mitchell et al., 2018; Zhu et al.,
2025¢). It contains 27,221 entities, 417 re-
lations, and 175,412 positive triples in total,
split into 149,100 training triples, 12,278 vali-
dation triples, and 14,034 test triples. Its con-
fidence labels reflect the extraction system’s
confidence in each statement.

The benchmark aliases and source KGs are in-
troduced in Sec. 4. We follow the same benchmark
protocol (Zhu et al., 2025¢), and Table A.1 gives
the split sizes used by the score exports (Speer et al.,
2017; Mitchell et al., 2018; Szklarczyk et al., 2017).
The original split, inherited from the UKGE dataset
protocol, assigns 85% of triples to backbone train-
ing, 7% to validation/calibration, and 8% to testing
(Chen et al., 2019; Zhu et al., 2025c). The positive
evaluation subset uses the original validation and
test triples. The negative calibration file is con-
structed from validation positives by replacing the
head or tail entity under the same relation, assign-
ing the synthetic triple a zero confidence label, and
scoring it with the frozen backbone. The negative
test file contains one zero-label synthetic triple for

each positive test triple; each synthetic triple is sam-
pled from the entity and relation vocabularies and
rejected if it appears in the train, validation, or test
positives. The combined subset concatenates the
corresponding positive and negative files for both
calibration and testing. Positive triples are the main
benchmark task. Negative and combined subsets
are reported as evaluation-subset diagnostics.

B.2 Backbones

The interval layer is evaluated on the fixed score
exports named in the main setup and summarized
in Table A.2. CARE does not update entity em-
beddings, relation embeddings, box parameters, or
scoring parameters. This keeps the comparison fo-
cused on how a fixed point score is converted into
a calibrated interval.

UKGE. UKGE extends knowledge graph embed-
dings to uncertain triples by regressing continu-
ous confidence labels (Chen et al., 2019). In the
DistMult-style variant used here, the raw triple in-
teraction is the trilinear product

d
2(q) = (ep, e, e1) = Zehder,jet,j.
j=1

UKGE); then maps this interaction to a confi-
dence score through

Muykce(q) = o(wz(q) +b),

where w and b are learned scalar mapping parame-
ters. With positive weighted triples 7 and nega-
tive triples 7 —, the regression objective is written
schematically as

LukcE = Lixar + Mikar:
£$KGE = Z (Mﬁrain (q) - 0)27

(g:0)eT*
— 2
EUKGE = Z Mﬁrain(q) °
qeT —

PASSLEAF. PASSLEAF keeps the UKGE
confidence-prediction task but adds semi-
supervised pseudo-labeled triples to improve
the use of uncertain evidence (Chen et al.,
2021b). Its loss contains supervised, negative, and
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Table A.1: Dataset statistics and split sizes used by the paper-protocol score exports.

DATASET Entities Relations Train Validation Test Main subset
CNI15K 15000 36 204984 16881 19293 positive
PPISK 4999 7 230929 19017 21720  positive
NL27K 27221 417 149100 12278 14034 positive
semi-supervised terms: deviation are
Eneg + »Csemi 1 " 1 "~
Lrass = Lpos + 1 e S=—) s Gs=,|—7 D (51— 5)
i=1 i=1
2
ﬁpOS = Z (Mﬁrain (q) - C) ’ . .
(@,0)eT The implemented FPI baseline uses the same fixed
B 9 interval for every test query in the evaluation sub-
Locs= 3 M)
qET ~
_ 2 _ - n
Lsemi = Z (M (0) = ©)°. Lgpr =5— t(14+a)/2,n—20s n_1’
(q76)€7’semi

BEURRE. BEURRE represents entities and re-
lations with probabilistic boxes and predicts con-
fidence from expected box-volume overlap (Chen
etal., 2021a). At a high level, the score of a triple
q = (h,r,t) is an approximate conditional proba-
bility of a transformed tail box being compatible
with the head box:

‘/;1 = VO](BOXh N HT(BOXt))v

v
M ~FE|l—%
with relation-specific transformations H,(-). The
model is trained to regress the same continuous

confidence labels as the other backbones.

B.3 Baselines

Let the generic calibration subset used by a base-
line be C = {(gi,ci)}; C Teal, With exported
backbone scores s; = M, .. (gi). For a test query
g, write s = M7, . (q). All interval baselines are
evaluated on the same exported backbone scores as
CARE. The main comparison focuses on post-hoc
interval predictors that reuse fixed backbone scores.
QR trains an additional quantile model (Koenker
and Bassett, 1978) and is outside this fixed-score
comparison. All interval endpoints are clipped to
[0, 1] before reporting coverage and sharpness.

FPLI. Fisher Prediction Intervals are a classical para-
metric baseline that assumes the calibration back-
bone scores are approximately Gaussian (FISHER,
1935). The calibration score mean and standard

_ —~ n
Uppr = 5+ t(1+a)/2,n—2054 | T

&pr = [Lipr, Uppr] N[0, 1].

CP. Split conformal prediction calibrates absolute
residuals (Vovk et al., 2005; Lei et al., 2018):

a; = |Ci — Si|.

If Q. (-) denotes the finite-sample conformal quan-
tile at index [(n + 1)a], then

Mo = Qa({ai}iz,)-
The interval is
cp(q) = [s — Ma, s +ma] N[0, 1].

Entropy-Normalized CP. This baseline normal-
izes the absolute residual by binary entropy of the
backbone score (Zhu et al., 2025¢):

H(s) = —slogs— (1 —s)log(l —s),
o = lci—sil
’ H (Sz) ’
The calibrated interval is symmetric around the
backbone score, with method-specific endpoints:

Linkcep(q) = s — maH(s),
Ulnkacp (@) = s+ Mo H (s),

After clipping to [0, 1], I'Y), xacop (@) is the inter-
val with endpoints L{j, xacop(9) and UG kaep (9)-
Thus two triples with the same score receive the
same interval length regardless of graph support.
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Table A.2: Backbone score-export settings. We keep the original train/validation/test protocol and reuse fixed score
exports. Per-run early-stopping provenance is retained with the score-export metadata where available.

BACKBONE | VARIANT Epochs Ir Dim. Batch size Neg./pos
UKGE UKGEjog; 3000 0.001 128 128 (CN15K,NL27K), 256 (PPI5SK) 10
PASSLEAF | UKGE|pg-m2 600 0.001 512 512 10
BEURRE Bigumbelbox 1000  0.0001 4096 (CN15K), 2048 (NL27K,PPI5K) 30

B.4 Implementation Details

This subsection gives the implementation-level pro-
tocol used by the released evaluation code. It does
not repeat the method definitions in Section 3. In-
stead, it records the concrete feature formulas, cali-
bration routine, and aggregation rules used in the
retained experiments.

Experiment-Specific Settings and Reproduction.
The main text reports the default coverage level,
seed count, split ratio, retrieval metric, and CARE
hyperparameters. We therefore only record code-
level choices omitted there, including entropy in-
puts clipped into (1076, 1 — 107%), a feature scaler
fitted only on 7yef, finite-sample quantiles with the
higher rule, and exact-neighbor indices stored in a
hash-checked cache. Numerical tables and figures
are regenerated from retained summary outputs.
Configuration files and summary outputs may use
a legacy internal method identifier, which maps to
the paper method CARE.

Input Score Frames. Each backbone—dataset—
seed directory provides positive calibration, neg-
ative calibration, positive test, negative test, and
combined test score files. The main comparison re-
ports the positive test file. Negative and combined
files are used only for scope diagnostics. Every row
contains (h, r,t), a gold confidence value ¢, and an
exported backbone score s.

KNN Feature Coordinates. The implementation
instantiates the symbols in Section 3 with seven
scalar quantities before appending the relation-
identity one-hot vector. Let p = s for PPISK and
NL27K, and p = (s+1)/2 for CN15K. The value
p is clipped into (1076, 1 — 10~°) before entropy
is evaluated. Let E7.  be the undirected relation-
agnostic training edge set and Nt _ (v) be the
corresponding neighbor set. For ¢ = (h, r,t), the

scalar quantities are

s = M7, (q),
H(s) = —plogp — (1 —p)log(1l —p),
on = log(1 + dp),
o = log(1 + dy),
fr =log(1 +n,),
Cht = ]I{{h,t} € E%rain}7
Ot = log(1 + [NF . (h) N NZE  (t)]).

t

These quantities instantiate the main-text blocks
¢pred = (S, H(S))’ d)topo = (5ha d¢, €nt, 5ht)’ and
¢ret = (fr,onehot(r)). Here dj, and d; are
training-graph degrees, and n, is the training count
of relation 7. Entities or relations absent from the
training graph receive zero count features before
the log transform. The relation one-hot block has
dimension |R| for the training-split relation vo-
cabulary, and calibration/test triples are vectorized
by the same map without being inserted as graph
edges.

Feature Standardization and Exact Retrieval.
For each evaluation subset, the KNN reference pool
defines the normalization statistics. If ¢;(g) is the
j-th raw feature coordinate, the implemented stan-
dardized coordinate is

oy 0i(@) = g (Trer)
Z] (q) - Uj(ﬁef) .

The same fitted scaler is then applied to conformal-
holdout and test triples. Exact FAISS L2 retrieval
(Johnson et al., 2021) returns neighbors according
to

smallest
N (a | Teer) = arg topK [|2(q) — 2(a)|l5 -
1€Trer
The released implementation stores exact neighbor
indices in a hash-checked cache. The cache only
avoids repeated distance computation and does not
change the neighbor ranking.
Quantile Routine and Bounded Labels. The con-
formal baselines and CARE share the same finite-
sample quantile helper. For n calibration scores
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and target coverage «, the code evaluates

[(n+1)a] } ,

n

(@) = min{l,
and returns

Qal{vi}iey) = QA ({vidiy)-

All interval endpoints are clipped to the label range
[0, 1] before computing metrics. Entropy-based
features and baselines use the same probability pre-
processing as H (s) above.

Metric Computation and Aggregation. For a
test subset 7 and intervals I'(q;) = [L;, U;], the
reported metrics are

Coverage(T) = ’71_’

Sharpness(7T) =

> L < <UL,
(qici) €T
1

7 (U; — Ly).

(gisci)ET
For 10-seed supplementary tables, the aggregation

code reports sample means and, where shown, sam-
ple variances:

Kl
I

1i

j=1

S\H

Var(z

S

Further-Analysis Diagnostics. The difficulty-
tracking diagnostic uses positive NL27K test
triples and evaluates UKGE, PASSLEAF, and
BEURRE at target coverage o = 0.90. Test diffi-
culty is the absolute score error |s — c|. For each
backbone, the bin range is defined from covered
UnKGCP test examples and divided into 30 equal-
width bins. CARE uses the same bins for compa-
rability. Each method then reports mean interval
length and histogram counts only over the test ex-
amples covered by that method. Empty bins are
recorded as zero, and examples outside the shared
right boundary are not folded into the last bin.
The distribution-shift scope diagnostic uses the
negative calibration and test files for all three
datasets, all three backbones, and all 10 retained
seeds. It evaluates FPI, CP, UNKGCP, and CARE
at target coverage levels {0.80,0.85,0.90,0.95}.
The plotted points first average each backbone—
dataset—-method—level cell over seeds and then av-
erage across datasets within each backbone. CARE

uses the same final configuration as the main ex-
periments, including exact L2 retrieval, K = 200,
p = 0.90, kK = 50, and the label-independent ran-
dom reference—holdout split.

B.5 Artifact and Reproducibility Details

Artifacts and Licenses. The experiments use
existing uncertain-KG benchmarks (ConceptNet,
STRING, NELL) under their original splits and the
negative protocol of prior uncertain-KG conformal
work (Zhu et al., 2025¢c). The review PDF redis-
tributes no raw datasets or checkpoints. Any anony-
mous supplementary package contains only review-
safe scripts, configuration files, processed summary
tables, and reproduction instructions, with license
notes for any redistributed code.

Software Packages. TensorFlow is used for the
UKGE and PASSLEAF score exporters. Py-
Torch is used for BEUrRE. Other packages include
NumPy/Pandas, scikit-learn, and Matplotlib.
Compute Resources. Backbone score exports
were produced on Linux CUDA workers with one
GPU-visible process per job. Post-hoc interval
construction, ablations, sensitivity sweeps, and
figure generation run on CPU/FAISS from fixed
score exports without retraining backbones. The
retained 10-seed backbone export matrix takes ap-
proximately 167 hours on a single RTX 4090 GPU,
and the retained score-export files occupy 536 MB.
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C Supplementary Result Tables

Table A.3: Sensitivity analysis for the residual scale and the conformal level. For each evaluation subset, the table
reports coverage and sharpness under different values of p and a.

POSITIVE NEGATIVE COMBINED
i @ Coverage Sharpness | | Coverage Sharpness | | Coverage Sharpness |
0.7 0.7 0.70 0.242 0.62 0.024 0.66 0.142
0.7 0.8 0.80 0.295 0.74 0.028 0.78 0.186
0.7 09 0.90 0.443 0.85 0.030 0.88 0.291
0.8 0.7 0.70 0.250 0.62 0.022 0.66 0.162
0.8 0.8 0.80 0.285 0.73 0.027 0.77 0.190
0.8 09 0.90 0.384 0.85 0.030 0.88 0.260
09 0.7 0.70 0.264 0.62 0.021 0.66 0.184
09 038 0.80 0.301 0.73 0.023 0.77 0.217
09 09 0.90 0.352 0.84 0.030 0.88 0.260

Table A.4: Diagnostics of query adaptivity on positive triples. We divide the examples within each run into degree
buckets and relation frequency buckets, and report coverage and sharpness for CARE and UNKGCP in each group
across the evaluation matrix.

BUCKET TYPE BUCKET CARE UNKGCP
Coverage Sharpness Coverage Sharpness

Degree Low 0.9027 0.3450 0.8857 0.4740
Degree Mid 0.9052 0.3521 0.9141 0.4871
Degree High 0.8879 0.3592 0.8991 0.4821
Relation frequency Low 0.8871 0.3308 0.8808 0.4624
Relation frequency ~ Mid 0.9038 0.3605 0.9123 0.4784
Relation frequency High 0.9113 0.2793 0.9052 0.4616
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D Additional Experimental Analysis

Al. Positive benchmark

A2. Negative diagnostics

A3. Combined diagnostics
A

1.0 1 A # 1.01#¢* DODJZML 1.0 4
|- - - SiphPe- - - An-AA-- &Yyl - --0@D S ———éﬁ—; ————————— b PP
*
2,08 0.8 B w 0.8 #
] Ba
4
3 0.6- 064 % 0.6
© @® FPI @® CNI5k @® FPI ® CNI15k ® FPI ® CNI5k
m Cp W PPISk m Cp W PPISk m Cp W PPISk
0.4 A UnKGCP A NL27k 0.4 1 A UnKGCP A NL27k 0.4 - A UnKGCP A NL27k
% CARE % CARE % CARE
0.00 025 050  0.75 0.0 0.1 02 03 0.0 0.5 1.0
Sharpness Sharpness Sharpness
B1. Sharpness Change B2. Sharpness Change B3. Sharpness Change
UKGE @ -0.14 -0.06 -0.10 02 UKGE -0.05 -0.01 -0.02 02 UKGE | -0.16 -0.06 +0.01 02
PASSLEAF @ -0.17  -0.08 | -0.21 0.0 PASSLEAF -0.07 -0.02 -0.03 0.0 PASSLEAF = -0.17 -0.08 -0.01 0.0
BEURE| -020  -0.07 -0.12 |[°? BEURE +0.01  -0.00 [[°% BEURE -0.13 -0.02 -0.02 [[©?

CN15k PPISk  NL27k

CN15k PPISk  NL27k

CN15k PPISk NL27k

Figure A.1: Full result overview across evaluation subsets. Scatter plots show coverage—sharpness trade-offs, with
CARE marked by stars. Heatmaps show CARE sharpness change relative to the entropy-normalized baseline, where

negative values mean shorter intervals.
D.1 Full Coverage and Sharpness Overview

The main table compresses the benchmark results
into aggregate cells, but it does not show whether
the sharpness gain is systematic across evaluation
sources. We therefore collect three evaluation
sources in one coverage—sharpness overview in Fig-
ure A.1. The scatter plots place every method and
benchmark cell in the same coverage—sharpness
plane, while the heatmaps summarize the cell-wise
sharpness change of CARE relative to the entropy-
normalized baseline.

A1 shows the benchmark setting used for the
main comparison. The conformal methods stay
near the target coverage, with mean coverage 0.900
for CP, 0.900 for UnKGCP, and 0.899 for CARE,
whereas FPI ranges from 0.351 to 0.999 because its
parametric residual assumption is less stable. Un-
der this matched-coverage regime, CARE moves left
in the coverage—sharpness plane: its mean sharp-
ness is 0.352, compared with 0.481 for UnKGCP.
This supports the main benchmark claim that con-
text anchors shorten intervals without changing the
split-conformal operating point.

The middle setting deliberately changes the eval-
uation source. Coverage no longer concentrates
as tightly around 0.90: CARE has mean coverage
0.844, while CP and UnKGCP both average 0.861.

The important point is therefore not a new validity
claim but a scope diagnostic under distribution shift.
In this shifted setting, CARE still gives the shortest
intervals, with mean sharpness 0.030 compared
with 0.079 for UnKGCP. B2 shows that most cells
remain negative, especially BEUrRE-CN15k at
—0.27, although BEUrRE-PPI5k becomes slightly
positive at +0.01. Thus, local residual evidence
controls width in many corrupted neighborhoods,
but the effect is more heterogeneous than on origi-
nal triples.

The rightmost setting combines original and
shifted examples to expose the trade-off between
benchmark consistency and shifted inputs. The
mean coverage of CARE is 0.878, close to UnKGCP
at 0.874, while mean sharpness decreases from
0.330 to 0.260. B3 shows that the reductions re-
main strongest on CN15k, with changes between
—0.13 and —0.17, and are milder on PPI5Sk and
NL27k. One UKGE-NL27k cell is slightly posi-
tive at +0.01, but the remaining cells are negative.
Overall, distribution shift weakens the uniformity
of the gain.
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Al. Interval comparison

B1. Directional local scale

C1. Neighbor evidence case
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Figure A.2: Case studies for context-anchored calibration on PASSLEAF-NL27K. The top row contrasts queries
with similar backbone scores but different graph support, leading to different interval lengths. The middle row
shows lower and upper local residual scales for queries where the backbone is directionally biased. The bottom row
traces interval shortening to the residuals of the retrieved calibration neighbors.

D.2 Case-Level Mechanism Study

Aggregate results show that CARE produces shorter
intervals, but they do not explain how a specific
query receives a sharper or more asymmetric in-
terval. We therefore select three representative
PASSLEAF-NL27K cases with fixed rules and
make the context-anchored calibration mechanism
inspectable in Figure A.2. The goal is to check
whether the shorter intervals in the tables can be
traced to concrete local calibration evidence.

The first case selection restricts candidates to
triples with close backbone scores and entropy,
then chooses a dense—sparse pair with the largest
topology-support gap. Al compares intervals for
compact and sparse graph regions. UnKGCP can-
not separate them because it mainly uses score
and entropy, whereas CARE constructs a sharper
interval for the compact query with stronger local
evidence. A2 makes the mechanism explicit: score
and entropy remain matched, but head degree, tail
degree, relation frequency, and common neighbors
clearly separate the two queries. The interval width
therefore follows structural support from context
anchors rather than scalar score uncertainty alone.

The second case selection chooses a covered
query with little boundary clipping and strongly
imbalanced lower/upper local scales. In B1, the
backbone score lies below the true confidence la-
bel, so the main risk is upward correction: the
interval needs a larger right/upper extension than
left/lower extension. UnKGCP expands both sides

with one entropy-normalized width, whereas CARE
keeps the left side tight and assigns most width
to the right side. B2 explains this decision from
the retrieved anchors: 7~ residuals, which measure
under-estimation and support upper-side expansion,
are much heavier than r* residuals. The right-
heavy interval in B1 therefore directly matches the
r~-heavy anchor evidence in B2, showing why
side-specific calibration is needed.

The final case selection chooses a covered query
from high-reduction candidates and keeps the one
whose top anchors have the smallest mean resid-
ual. In C1, UnKGCP gives a broad interval be-
cause it lacks local graph-structural evidence be-
yond score entropy. CARE uses the same fixed back-
bone score but forms a sharper asymmetric inter-
val, leaving a shorter left/lower side while giving
the right/upper side more width. C2 exposes the
cause: nearby anchors are not uniformly noisy, and
their nonzero residuals are mostly r~, pointing to
under-estimation and right-side expansion. This is
the advantage of context-anchor calibration: CARE
identifies where width is needed instead of paying
the broad UnKGCP width on both sides.
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