COVER-KBC: Evidence-Centric Adaptive Inference for Closed-Book
Knowledge Base Construction

Quoc-Linh Vo
Faculty of Information Technology, University of Science, Ho Chi Minh City, Vietnam
Vietnam National University, Ho Chi Minh City, Vietnam
vglinh2433@apcs.fitus.edu.vn

Abstract

Large Language Models (LLMs) encode sub-
stantial factual knowledge, but reliably extract-
ing complete knowledge-base entries remains
challenging when relations differ in cardinal-
ity, semantics, and missingness. We present
COVER-KBC, our system for the AKBC
Shared Task 2026, which formulates closed-
book knowledge extraction as relation-typed,
evidence-centric inference. Each relation is
compiled into an inference program that con-
trols elicitation, verification, stopping, and fi-
nal selection. Model observations are accu-
mulated in a provenance-aware evidence state
and scored using independent support, cali-
brated verification, contradiction, and disagree-
ment. To distinguish candidate correctness
from answer-space completeness, COVER-
KBC estimates residual search need and uses a
budget-aware controller to adaptively acquire
further evidence when necessary. Relation-
specific finalization handles heterogeneous out-
put structures and difficult numeric or nullable
cases. Using a single Mistral-Small-3.2-24B
checkpoint without additional training or exter-
nal retrieval, COVER-KBC achieves a Macro-
F1 of 0.5878 on the hidden test set. Our im-
plementation is available at https://github.
com/vquclinh/cover-kbc

1 Introduction

Pretrained language models encode substantial rela-
tional knowledge in their parameters, making them
attractive sources for closed-book knowledge base
construction (KBC) (Petroni et al., 2019). Yet fac-
tual knowledge that can be elicited from a model is
not always stable across prompts (Cao et al., 2021),
and constructing a knowledge-base entry is harder
than recalling a single fact. A system must recover
the appropriate object set, reject unsupported candi-
dates, and determine whether valid objects may still
be missing. This becomes especially challenging
when relations range from nullable and numerical

attributes to small closed sets and large open-ended
sets.

We argue that heterogeneous closed-book KBC
is therefore not merely a generation problem, but an
active evidence-acquisition problem. The objective
is to recover an object set that is both precise and
sufficiently complete under a bounded inference
budget. Importantly, confidence that an individual
candidate is correct does not imply that the answer
set is complete (Razniewski et al., 2024); decid-
ing whether to trust a candidate and whether to
continue searching are distinct inference problems.

We propose COVER-KBC, a relation-typed,
evidence-centric framework built around this dis-
tinction. First, each relation is compiled into an
executable inference contract that governs elici-
tation, verification, stopping, and final selection.
Second, model observations are accumulated as
independence-aware atomic evidence, preserving
provenance, support, contradiction, and verification
signals rather than collapsing repeated generations
into a flat vote. Third, COVER-KBC separately
models candidate confidence and residual search
need, allowing a coverage-aware controller to de-
cide whether to acquire further evidence, verify
unresolved candidates, or stop. Thus, both what
to ask next and when enough evidence has been
collected become relation-dependent decisions.

AKBC Shared Task 2026. This shared task
(Kalo et al., 2026) evaluates closed-book object-set
prediction. For each query ¢ = (s,r), where s is a
subject entity and 7 is a relation, the system must
predict an object set OA” using only the parametric
knowledge of a language model. The benchmark
covers six heterogeneous relations: land borders,
city of death, venue capacity, award recipients,
stock exchanges, and geographic area !. Predic-
tions may be empty, singleton, or multi-valued;
external factual retrieval and additional model train-

"https://www.akbc.ws/2026/shared-task.html
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ing are prohibited, while multi-step inference is al-
lowed under a 32B neural-parameter budget. Using
a single Mistral-Small-3.2-24B checkpoint without
additional training or external retrieval, COVER-
KBC achieves 0.5878 Macro-F1 on the hidden test
set.

2 Related Work

2.1 Closed-Book Knowledge Construction

Prior LM-KBC systems use multi-step or relation-
specific prompting, relation-wise self-consistency,
and relation-dependent decomposition (Alivanistos
et al., 2022; Das et al., 2024; Albert-Roulhac and
Zouaq, 2025; He and Razniewski, 2025). Multi-
stage language-model programs similarly organize
multiple model calls into structured inference pro-
cedures (Opsahl-Ong et al., 2024). COVER-KBC
instead represents each relation as an executable
contract governing elicitation, verification, stop-
ping, and finalization.

2.2 [Evidence, Verification, and Calibration

Self-consistency aggregates repeated generations
(Wang et al., 2023), while Atomic Self-Consistency
combines reliable subcomponents across samples
(Thirukovalluru et al., 2024). Knowledge-fusion
methods preserve source-specific evidence when
estimating factual reliability (Dong et al., 2014).
Chain-of-Verification separates verification from
initial generation (Dhuliawala et al., 2024), and
contextual calibration reduces systematic label bias
(Zhao et al., 2021). COVER-KBC combines these
ideas in an independence-aware evidence state with
candidate-level blind verification.

2.3 Adaptive and Coverage-Guided Inference

Adaptive-Consistency stops sampling when addi-
tional generations are unlikely to change the de-
cision (Aggarwal et al., 2023), while FLARE and
Self-RAG condition further information acquisi-
tion on uncertainty or self-reflection (Jiang et al.,
2023; Asai et al., 2024). Knowledge-base com-
pleteness work distinguishes correctness of ob-
served facts from whether relevant facts remain
missing (Razniewski et al., 2024). COVER-KBC
operationalizes these ideas in a closed-book setting
by separating candidate confidence from residual
search need and using relation-specific evidence to
determine further acquisition or stopping.

Relation Type
countryLand

BordersCountry SMALLSET
companyTradesAt

StockExchange SMALLSET
personHas

CityOfDeath NULLSINGLE
hasArea NUMERIC
hasCapacity NUMERIC
awardWonBy LARGEOPENSET

Table 1: The six relations are compiled into typed infer-
ence programs.

3 Methodology

We formulate closed-book KBC as relation-typed
active evidence acquisition. Given the task setting
above, COVER-KBC does not map a prompt re-
sponse directly to a final object set. Instead, each
model call is parsed as an observation and accu-
mulated into an explicit inference state containing
candidate objects, evidence provenance, verifica-
tion signals, residual search need, and remaining
budget. The system has four components: relation-
typed inference contracts, independence-aware ev-
idence aggregation, blind candidate verification,
and budget-aware control with relation-specific fi-
nalization.

3.1 Relation-Typed Inference Programs

We define each relation through an executable in-
ference contract

Cr = (7'7"7 Vr) P?“a gm Fr)a

where 7, is the relation type, V), is the set of eligible
evidence-acquisition views, P, defines parsing and
normalization, G, defines verification and stopping
behavior, and F;. is the final selector.

This contract is our mechanism for relation con-
ditioning: it specifies the semantic definition of the
relation, positive cases, hard negatives, cardinality,
mandatory views, optional views, verifier policy,
stopping policy, and output selector. Relation con-
ditioning therefore affects the program executed by
the system, not only the wording of the prompt. Ta-
ble 1 shows how the six task relations are mapped
to COVER-KBC program types.

The four program types correspond to different
inference problems. SMALLSET relations require
high-precision set closure. NULLSINGLE relations
require distinguishing true empty answers from
failed recall. NUMERIC relations require parsing
and clustering scalar values. LARGEOPENSET re-
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lations require continued discovery while avoiding
unbounded tail expansion.

3.2 Independence-Aware Evidence State

Each model call produces a parsed observation.
COVER-KBC stores these observations in an evi-
dence state

St - (Ot7 Rtu Bt)7

where O is the current set of candidate objects, R,
is the set of evidence records, and By stores budget,
gate, and controller state. Each record attaches to
one candidate object and carries the source view,
prompt provenance, parser result, evidence type,
and an independence group.

We do not count repeated samples from the same
view as independent corroboration. Evidence from
different acquisition mechanisms, such as direct re-
call, structural decomposition, contrastive question-
ing, missingness search, or reverse checking, can
provide separate support. This separates repeated
wording effects from genuinely distinct evidence.

For a candidate object o, let m(o) be the set
of acquisition groups that could express o under
the relation contract, and let g(o) C m(o) be the
groups that support it. We define the independent
support of candidate o as

Flo)— o)l

im(o)]
Verifier agreement is represented separately be-
cause verifier calls are shown the candidate.

3.3 Blind Verification and Candidate
Confidence

COVER-KBC combines the evidence attached to a
candidate into a single score:

S(0) = aF(0)+pL(0)+vX (0)—6C(0)—nU (o),

where F'(0) is the independent acquisition support
of Section 3.2, L(o0) is the calibrated verifier signal
defined below, and X (0) is optional heterogeneous
recall from a second model family. Because our
submitted system uses one Mistral checkpoint for
every neural role, X (o) is inactive throughout the
results we report.

The two penalties capture evidence against a can-
didate rather than absence of evidence for it. C'(0)
is the normalized strength of explicit contradic-
tion, where the denominator covers the acquisition
mechanisms together with the blind verifier; a view

that simply does not mention the candidate, an op-
tional view that was never run, and an UNKNOWN
verifier label are all excluded, since none of them
is a signed judgement against o. U(0) is the nor-
malized disagreement among verifier label distri-
butions across the prompt templates of a relation,
so a candidate whose verifier judgement changes
with wording is discounted. All five weights are
constants of the released configuration; their values
are listed in Appendix A.

Verification is deliberately blind. The verifier re-
ceives the subject, relation definition, hard-negative
rules, and one candidate; it sees neither the genera-
tor prompt and rationale nor the support count or
competing candidates, so its judgement cannot in-
herit the generator’s confidence. It predicts one of
three labels: VALID, INVALID, or UNKNOWN. We
calibrate the verifier logits against a content-free
baseline:

5. = Pz = 4)/T)
T Y pexp((zk — bi)/T)

where z; is the raw label logit, b; is the content-free
baseline logit for the same template, and 7' is the
temperature. The verifier score is the log-odds of
VALID against the remaining mass, rescaled to a
bounded signal:

lOg _ ﬁVAl:lDJl‘E
L(o) = clip; PinvaLip +PUnknown €
(0) Pl-1,1] 3.0 )
with € a small constant for numerical stability. Plac-
ing UNKNOWN in the denominator makes absten-
tion count against a candidate rather than leaving
it neutral: under closed-book inference an unveri-
fiable candidate is one we prefer not to emit, and
the conservative treatment is what keeps precision
high on the small-set relations.

3.4 Residual Search Need and Adaptive
Control

Candidate confidence estimates whether an ob-
served candidate should be trusted. Completeness
is handled separately through a residual search sig-
nal gyes, Which estimates whether another action is
likely to add useful verified information.

The signal aggregates three groups of relation-
dependent gap indicators:

Gres = Clip[o,l} (Tt)a

Ty = max(¢w> ®mandatory s (bblocking)a
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where ¢,, is the weighted mean of the soft gap sig-
nals admitted by the relation contract, @mandatory
is one whenever a mandatory view has not yet been
executed, and ¢pocking 1 @ program-typed block-
ing condition. We take the maximum rather than a
weighted sum so that a single unsatisfied mandatory
view or blocking gap forces continuation regardless
of how settled the remaining signals are.

The blocking term is used only where a hard
gap is not already captured by mandatory views.
SMALLSET and LARGEOPENSET relations set
®blocking = 0. NUMERIC relations set it to the
normalized support of the strongest rival numeric
cluster relative to the dominant one, so a competi-
tive second cluster keeps the relation open. NULLS-
INGLE relations set it to the maximum of an un-
resolved existence gate and locality competition
between the top two candidates, except that a con-
fidently negative existence gate sets it to zero: the
empty set is a valid answer, not a failure to recall.

The relation type also determines which soft sig-
nals enter ¢,,; SMALLSET contracts use set insta-
bility and unresolved mass, NUMERIC contracts
use numeric dispersion, and LARGEOPENSET
contracts use marginal yield and facet coverage.
NULLSINGLE contracts rely on the blocking term
instead, since existence and locality already deter-
mine whether the relation may stop.

The controller stops when any of a fixed se-
quence of conditions holds: the call or token budget
is exhausted, every mandatory view has run and
the typed program declares the relation closed, no
verification is still pending, and finally g5 has
fallen below the relation’s stopping threshold. Ac-
quisition is bounded in any case by a maximum
number of steps per query. The threshold is part
of the contract’s stopping policy; the component
weights inside ¢,, are shared configuration con-
stants. The scalar and its components play differ-
ent roles: gres 1S the last gate, deciding whether an
otherwise-closable relation is in fact settled, while
the individual gap signals it aggregates determine
which action is worth taking next.

At each step the controller selects the highest-
scoring legal action among running an untried view,
querying a facet, verifying an unresolved candidate,
performing a reverse check, resampling with a dif-
ferent template, and stopping:

Ag(a) = AyYi(a) + AgGi(a) + Aili(a)
— Accost(a) — A\gDy(a),
where Y;(a) is the expected yield of a, Gi(a)

scores how directly a closes the specific gaps be-
hind ¢;..s, such as unresolved candidate mass, mech-
anism gaps, and facet gaps, I;(a) is the expected un-
certainty reduction, cost(a) is model-call cost, and
D¢(a) penalizes redundancy with actions already
taken. The relation contract determines which ac-
tions are legal and which gaps count, while the util-
ity coefficients are global constants of the frozen
configuration; both are fixed in advance, so the
policy is deterministic and budget-aware.

3.5 Relation-Aware Finalization

After acquisition stops, the relation contract maps
the evidence state to the final object set. The prin-
ciple shared by all four selectors is that finaliza-
tion operates on the evidence state rather than on
generated text: a string that was never resolved
into supported evidence is not eligible for output.
SMALLSET selectors emit validated entities and
drop unresolved candidates; NULLSINGLE selec-
tors emit at most one object and otherwise preserve
the empty set; LARGEOPENSET selectors retain ac-
cepted candidates after normalization and dedupli-
cation; NUMERIC selectors operate on value clus-
ters rather than raw strings.

Numeric finalization clusters parsed values by
relative distance,

[y
max(|al, [b])’
a~b < d(ab) <,

d(a,b) =

which absorbs rounding and unit-conversion vari-
ation while keeping genuinely different reported
values apart. The core selector uses 7 = 0.025,
deliberately stricter than the 5% relative tolerance
of the official evaluator, so that two values merge
only when they agree well within the scoring mar-
gin. When no cluster reaches sufficient indepen-
dent support, a second round of numeric acquisition
arbitrates among the competing values at 7 = 0.05,
the granularity the metric actually rewards. In ei-
ther case a source-blind numeric judge compares
the values without treating the upstream prediction
as an additional vote, so a confidently generated but
poorly supported number cannot win by repetition.

The same separation applies to existence. For
city-of-death queries the system first resolves
whether the subject is deceased, and only then asks
for the city, with the response checked against a
strict city parser. Treating existence as a prior gate
rather than a post-filter is what lets the system re-
turn a principled empty set instead of a failed recall.
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Relation Macro Precision Macro Recall Macro F1
awardWonBy 0.3255 0.3707 0.3105
companyTradesAtStockExchange 0.8992 0.7963 0.7385
countrylLandBordersCountry 0.9712 0.9295 0.9291
hasArea 0.6700 0.6700 0.6700
hasCapacity 0.2449 0.1633 0.1633
personHasCityOfDeath 0.9600 0.5900 0.5700
All relations 0.7268 0.6055 0.5878
Zero-object cases 0.6038 0.9412 0.7356

Table 2: Official hidden-test results. Zero-object cases denote rows whose gold object set is empty.

Relation Direct COVER-KBC
awardWonBy 0.079 0.250
companyTradesAtStockExchange 0.640 0.650
countryLandBordersCountry 0.941 0.959
hasArea 0.460 0.580
hasCapacity 0.103 0.250
personHasCityOfDeath 0.490 0.510
All relations 0.492 0.560

Table 3: Macro-F1 on the validation set. Direct denotes
a single-pass 5-shot baseline using the same Mistral-
Small-3.2-24B checkpoint as COVER-KBC. COVER-
KBC values are those reported for the submitted system.

A related pattern appears in stock-exchange
queries. An empty prediction triggers candidate-
blind views targeting direct listing evidence, pri-
mary listing, ordinary-share listing, and anti-prior
verification, since an empty output more often
reflects failed elicitation than a genuine absence.
Structural validation then rejects ticker symbols, in-
dexes, regulators, market segments, country names,
and company names, and an exchange is emitted
only with sufficient independent support.

Together these selectors close the loop opened
in Section 3.1: one contract fixes both which ev-
idence a relation may acquire and how that evi-
dence becomes an answer, so relation conditioning
shapes the whole inference path rather than only
the prompt.

4 Experimental Setup

We use the official AKBC Shared Task 2026 bench-
mark and evaluator.> Hidden-test labels are not
released, so test results are reported by the official
hidden-test evaluation service.

All neural inference uses a single frozen Mistral-
Small-3.2-24B checkpoint.>  The model has
24,011,361,280 published parameters, below the

thtps ://github.com/1lm-kbc/dataset2026
*Hugging Face model id:
mistralai/Mistral-Small-3.2-24B-Instruct-2506.

32B task limit, and is reused for all logical roles in
the system. We run inference on Google Colab with
one NVIDIA A100 GPU using the Hugging Face
backend, mistral-common tokenizer, nf4 quanti-
zation, and bfloat16 dtype.

COVER-KBC is evaluated in a closed-book set-
ting: no external retrieval, web search, external
knowledge base, manual answer table, fine-tuning,
LoRA, or additional neural model is used. All gen-
eration uses greedy decoding rather than sampling.
Downstream parsing, aggregation, clustering, and
final selection are deterministic given the model
outputs.

5 Results

5.1 Hidden-Test Performance

Table 2 reports the official hidden-test results
for COVER-KBC. The system achieves 0.5878
Macro-F1 overall. Performance is strongest
on countrylLandBordersCountry, where the re-
lation has a bounded small-set structure and
benefits from conservative evidence aggrega-
tion. companyTradesAtStockExchange also ob-
tains strong performance, with high precision and
improved recall from the escalation views that re-
visit empty predictions.

The main weakness is hasCapacity. The task
defines capacity as the highest published spectator
capacity, so the difficulty is not that venues have
several reported figures but that the system does
not reliably target the maximum among them: pre-
cision and recall are both low, indicating that the
accepted cluster is often centred on a seated or pre-
renovation figure rather than the intended one. The
open-set awardWonBy relation is also challenging,
mainly because many awards have long recipient
lists and recall is difficult under closed-book infer-
ence; with only ten test subjects, its scores are also
the noisiest in the table.
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5.2 Comparison with a Same-Backbone
Direct Baseline

Table 3 compares COVER-KBC with a single-pass
5-shot baseline using the same Mistral-Small-3.2-
24B checkpoint; the direct baseline achieves 0.492
Macro-F1, while COVER-KBC reports 0.560, with
the largest gains on awardWonBy, hasArea, and
hasCapacity.

5.3 Relation-Level Observations

The results support the central design choice of
COVER-KBC: different relation types require dif-
ferent inference and finalization behavior. Small-
set relations benefit from strict validation and con-
servative set closure. Nullable relations require
preserving empty outputs unless the evidence sup-
ports a singleton. Numeric relations benefit from
multi-view scalar clustering, but remain sensitive to
ambiguity in the target definition. Large open-set
relations remain recall-limited because the system
must discover many valid objects without external
retrieval.

6 Conclusion

We presented COVER-KBC, a closed-book KBC
system that treats object-set prediction as relation-
typed active evidence acquisition. Instead of map-
ping one prompt response directly to a final an-
swer, COVER-KBC accumulates structured evi-
dence, separates candidate confidence from resid-
ual search need, verifies candidates blindly, and
finalizes outputs with relation-specific selectors.

Using a single frozen Mistral-Small-3.2-24B
checkpoint under the 32B parameter budget,
COVER-KBC achieves 0.5878 Macro-F1 on the
official hidden test set. The results show that hetero-
geneous KBC relations benefit from specialized in-
ference programs: small-set relations benefit from
conservative set closure, nullable relations require
explicit empty-answer handling, numeric relations
benefit from multi-view clustering, and open-set
relations require continued discovery. These find-
ings support relation-aware evidence acquisition as
a practical direction for closed-book knowledge-
base construction.

Limitations

COVER-KBC is designed for the six relations in
the shared task. Its relation contracts, evidence
views, parsers, and final selectors are manually
specified, so extending the system to new relations

would require additional relation-level engineering.
The approach is therefore not a universal relation-
agnostic KBC method.

The system is also limited by the factual knowl-
edge stored in the frozen language model. Be-
cause no retrieval, external knowledge base, or ad-
ditional training is used, COVER-KBC can miss
facts that are absent, stale, or weakly represented
in the model parameters. This is most visible for
awardWonBy, which remains recall-limited, and for
hasCapacity, where the model rarely commits to
the maximum published figure that the task defini-
tion requires.

Finally, multi-step evidence acquisition im-
proves control but increases inference cost com-
pared with a single-prompt baseline. Hidden-test
labels are not released, so detailed error analysis on
the official test set is limited to official aggregate
scores and relation-level aggregates.

A Hyperparameters

Table 4 lists the candidate-scoring weights, verifier
calibration parameters, and per-query budgets of
the released configuration. Most values are con-
stants of that configuration; the action-planner coef-
ficients are calibrated once on the provided training
split and then frozen. No neural parameters are
updated at any point, and no validation or test data
is used for calibration.

Component Parameter Value
Candidate score « (support) 1.0
B (verifier) 0.6
7 (cross-model) 0.5
¢ (contradiction) 1.5
7 (disagreement) 1.0
Verifier T 1.0
€ 107°
log-odds clip divisor 3.0
Budget call budget per query 124
token budget per query 60007
Stopping residual threshold 0.15%

Table 4: Configuration of the submitted system. Scoring
and verifier values are global constants; the stopping
threshold is set per relation by the contract. fConfigured
but inactive: X (o) = 0 when all neural roles share
one checkpoint. fCore controller cap; relation-specific
escalation calls are separately capped in the released
configuration. $Contract default.
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