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Abstract

The AKBC 2026 shared task (Kalo et al., 2026)
asks a system to complete the object set of
a subject and a relation out of a language
model’s parameters, with no retrieval, no train-
ing, and no more than 32B parameters. Our sys-
tem drives one 29.6B backbone through three
stages. Several elicitation channels per rela-
tion build a candidate pool, exhaustive one-
token Yes/No probes verify whatever part of
the answer space can be enumerated, and a per-
relation decision layer emits the object set. The
backbone writes a reasoning channel before
its user-facing answer, so a probe prompt has
to append the answer-channel header before
its first generated token is a verdict. Forcing
that channel also makes auxiliary generations
cheap, which is what puts roughly 26k border
probes inside the budget. Most decision con-
stants are fitted on validation gold under a rule
that displaces an incumbent only on a strict im-
provement of more than one row, and the fitting
procedure itself is cross-validated, which cut
one city gain from +0.070 to 4-0.020 before
it was adopted. The system scores 0.6553 offi-
cial macro-F1 against 0.6415 for a prompting
baseline on the same backbone, and the gap
is uneven: the machinery is worth +0.1662
on awards and costs 0.0204 on hasCapacity,
where plain prompting wins. We also report the
ceiling we could not move. Twenty-one method
families have been fitted against hasCapacity
and none of them beats a mass vote over the
pool. Harvesting the model’s own reasoning
traces raises pool coverage from 0.582 to 0.724
and converts none of it.

1 Introduction

The LM-KBC challenge series (Kalo et al., 2023,
2024, 2025), whose 2026 edition is the AKBC
shared task (Kalo et al., 2026), asks a language
model to serve as the knowledge base itself (Petroni
et al., 2019; Roberts et al., 2020). A system re-
ceives a subject entity and a relation and returns
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the complete object set, which may be empty, a
single value, or several hundred names. The 2026
edition forbids retrieval at inference and training
of any kind, and it caps the total neural budget at
32B parameters. A score therefore measures two
things at once, what a backbone holds and what the
machinery around it can pull out.

The system uses one model for every stage.
Muse-Glimmer-30B fits the budget on its own at
29.6B parameters, so the pipeline contains no sec-
ond network and no cross-model agreement term,
and none of the heterogeneous multi-model orches-
tration that knowledge-intensive pipelines usually
reach for (Du et al., 2023; Feng et al., 2026b).
Per subject the backbone runs several elicitation
channels into a candidate pool, one-token Yes/No
probes verify candidates wherever the answer space
can be enumerated, and a per-relation decision
layer turns pool and probes into an object set (§3).
The system scores 0.6553 official macro-F1 over
the 475 test rows, against 0.6415 for self-consistent
prompting of the same backbone with none of the
machinery attached.

The mechanism that shapes the rest of the design
is a property of the backbone. It answers in two
channels, a reasoning channel followed by a user-
facing answer channel, and a generation prompt
lands the model in the first of them. A one-token
Yes/No probe therefore reads the opening token
of deliberation. Appending the answer-channel
header to the prompt makes the first generated to-
ken the verdict, which is what turns verification
into a single forward pass and puts roughly 26k
border probes inside the compute budget.

The protocol behind the decision constants is not
specific to this task (§4). Constants are fitted on val-
idation gold, a challenger displaces an incumbent
only on a strict improvement of more than one row,
and the fitting procedure itself is cross-validated.
That last step matters, because an in-sample sweep
of the city rule preferred a setting worth +0.070
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on validation and cross-validating the procedure
deflated it to 4-0.020. Neither is the negative pro-
gram (§6). Twenty-one method families have now
been fitted against hasCapacity, spanning selec-
tion statistics, probe reformulations, representation
read-outs and fresh elicitation surfaces, and the di-
agnostics say where the wall is. Code, prompts
and the elicitation checkpoints behind the scored
predictions are released at https://github.com/
dukesun99/elicitation-beats-selection.

2 Task and metric

Six relations are scored over 475 test rows.
Three are nullable string relations, country-
LandBordersCountry (67 rows, borders be-
low), personHasCityOfDeath (100 rows, city)
and companyTradesAtStockExchange (100 rows,
company). awardWonBy (10 rows, award) asks
for recipient sets that run to hundreds of names.
hasCapacity (98 rows, capacity) and hasArea
(100 rows, area) are numeric and are scored within
a 5% relative tolerance. The metric is per-row F1
macro-averaged over rows with alias-aware normal-
ization, and an empty prediction against an empty
gold set scores 1.0. Rows and not relations are aver-
aged, so a relation’s weight is its row count. Deci-
sion constants are fitted on the train and validation
splits. No retrieval runs at inference, no external re-
source enters any prompt, and no parameter of the
backbone is trained, adapted or otherwise updated
at any point. Every test number below is official.

3 System

Backbone. Muse-Glimmer-30B carries 29.6B pa-
rameters including a 1.8B vision encoder and is
released under Apache-2.0. It fits the 32B budget
alone, which removes the usual option of pairing
a large generator with a small verifier. Sampling
channels keep the reasoning channel, because that
is where the model’s factual advantage lives (Wei
et al., 2022), and probes discard it by forcing the
answer channel open, which is the same trade a
shortcut decoder makes for cost (Liu et al., 2026).
The chat template defaults to high reasoning effort,
which silently truncates long elicitation prompts
unless the effort is lowered. Two failures follow
from ignoring either property. Unforced probing
returns the first token of deliberation and ranks a
living person as more likely deceased than a long-
dead one, with no error raised. Leaving the effort
high drops the parse rate far enough to look like a

capability result.

Elicitation. Each subject draws k=12 samples
from a few-shot prompt that carries the relation def-
inition verbatim, a JSON output schema and train-
ing exemplars, including empty-gold exemplars
wherever the relation permits an empty answer
(Wang et al., 2022; Jiang et al., 2020). Auxiliary
channels approach the same fact from another angle
at k=38, all of them forced into the answer channel,
which is what makes them affordable. Varying the
frame, and not sampling one frame harder, is what
widens the pool, the same reason diversity-aware re-
trieval covers an event that relevance ranking alone
leaves half-told (Tang et al., 2025a). The numerics
add a recitation channel, a commonly-cited-figure
frame and a wiki-table completion frame (Elazar
et al., 2021). City adds an obituary recitation, a
local-language frame (Kassner et al., 2021; Zhao
et al., 2026) and a presupposition frame that asserts
the death and asks only for the locality. Award uses
a list enumeration. Borders runs two list passes at
different sampling depths. Greedy channels run at
k=1 and temperature 0.

Verification. Where the answer space can be enu-
merated, exhaustive one-token probing (Kadavath
et al., 2022; Sun et al., 2026b) replaces open-ended
generation. The model writes the universe first, the
world’s sovereign states for borders and its stock
exchanges for company, keeping a name that recurs
across samples. Borders then probes every subject-
country pair in both directions, about 26k probes
in total. Company probes every subject-exchange
pair and debiases each score in log-odds against a
placebo built from training companies with empty
gold, which removes the model’s standing tendency
to answer Yes (Zhao et al., 2021). City gets an alive-
deceased gate from a single forced token. Capacity
scores each cluster representative by its pointwise
mutual information against a generic-venue prefix
(Holtzman et al., 2021).

Decision layer. String relations fuse sampling
frequency with probe score under a per-relation
threshold, reconciling what the model generates
with what it will affirm, in the manner of a second-
pass rescorer over an n-best list (Kadavath et al.,
2022; Tang and Tung, 2024; Tian et al., 2025). Bor-
ders admits a country at 0.7 freq + 0.3 ver > 0.40
with the deeper of the two list passes weighted
3, and company keeps its released fusion. City
pools the direct channel with its recitation channel
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Input
(s,r) pair

1 Elicitation channels
Muse-Glimmer-30B - reasoning channel kept

All relations few-shot direct prompt,
definition verbatim, k=12

Numerics recite - cited - wiki-table
at k=8, greedy at T=0

City local language - presupposition
Awards list enumeration

Candidate pool per subject, with
per-channel weights

2 Verification probes

forced answer channel - one-token Yes/No

City alive-or-dead gate, pgeaq from
one forced token

Borders ~26k bidirectional probes
over a self-generated country set

Company exchange probes, yes-
bias removed with unlisted placebos

Capacity PMI of each cluster rep-
resentative against a generic-venue

3 Fusion and decision

offline - deterministic - replayable

Borders 0.7freq + 0.3 ver > 0.40,

boosted pass weight 3 [VAL]

City 1.0 pgead + 3.0 fraccyy > 1.80,

else abstain [VAL]

Capacity 5% linkage mass vote,
max rep, PMI weight 0 [VAL]

Rules territory map, never abstain
[DEF] Award admit all, name

Output
’ object set

prefix

shape [DEF]

Where each decision constant comes from. [VAL] fitted on validation gold and applied blind to test. [DEF] read off the relation defini-
tion, with nothing fitted. Area and company carry no marked constant, since no validation challenger displaced their released defaults.

Figure 1: The pipeline, and where each group of decision constants came from (§4).

at double weight, answers with the most frequent
candidate when the deceased probability plus three
times the fraction of samples naming a city clears
1.80, and abstains otherwise. Numerics cluster the
pooled values by single linkage and take the largest
cluster’s maximum, at a 5% linkage width for ca-
pacity. The capacity PMI term is computed and
then weighted at zero, which is the setting valida-
tion preferred. Definition-derived rules close the
pipeline, mapping integral territories to their state
so that France borders Suriname through French
Guiana, and filtering award candidates by name
shape. Numerics and award never abstain. Every-
thing downstream of the elicitation checkpoints is
deterministic and replays offline.

4 Fitting the decision constants

Most decision constants are fitted on validation
gold and applied to test without adjustment, and the
exceptions are named at the end of this section. The
adoption rule is what makes that fitting trustworthy.
A challenger displaces the incumbent only when it
improves validation by more than one row, since
a margin of one row is inside the resolution of a
100-row relation. Four candidates were declined
under that rule, two of them on area (the clustering
tolerance together with the representative choice,
and the channel weights), one on company fusion,
and one capacity setting that merely tied. A tie
does not displace.

City needed more than a threshold on the sweep.
The in-sample sweep preferred a rule worth +0.070
on validation, which is large enough for the win-
ner’s curse to be the leading explanation (Blum and
Hardt, 2015; Dwork et al., 2015). Cross-validating
the fitting procedure, so that each fold reran the
entire sweep and the fold’s own winner was scored
on the held-out half, deflated the gain to +0.020,
and the cross-validated setting is the one the system

uses. Both folds independently dropped the pre-
supposition channel, which is why that part of the
choice is trusted. Cross-validating the procedure
and not the fitted rule is what separated the real
effect from the noise around it.

The largest gain came from a knob nobody had
turned. Channel weights had never been swept any-
where in the system. They were frozen once and
carried forward while decision rules were reworked
around them. Refitting them produced a larger gain
than any decision-rule change we tried. Capac-
ity rose 0.031 on test from two validation-derived
choices, switching the PMI term off and doubling
the weight of the cited, greedy and wiki-table chan-
nels. Both choices remove fitted structure instead
of adding more of it.

Not every constant comes from validation gold,
and the figure marks the difference. Area and com-
pany keep their released defaults, because no vali-
dation challenger strictly improved on them. Award
carries no fitted constant at all. Its rule admits every
distinct candidate the enumeration channel names,
subject to a name-shape filter and the never-abstain
behaviour, and both of those are read off the re-
lation definition, which asks for recipient entities
and allows large object sets. That is the whole rule,
and it needs no fitting ground, which is fortunate:
validation and test awards differ in shape, with vali-
dation dominated by fellowship-style gold sets and
test by annual prizes, so the validation split would
have been a poor one.

5 Results

The system scores 0.6553 official macro-F1, with
macro precision 0.7842 and macro recall 0.6597
(Table 1).

The per-relation profile separates cleanly into
three regimes. Borders and area sit above 0.85,
and both are relations where the answer space is
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Relation rows prompting system
borders 67 0.9346  0.9481
area 100 0.8300 0.8600
company 100 0.7838 0.7838
city 100 0.5400 0.5700
capacity 98 0.2653  0.2449
award 10 0.0696 0.2358
all rows 475 0.6415 0.6553

Table 1: Official per-relation test F1 for the prompting
baseline and for the full system. The system’s macro
precision over all rows is 0.7842 and its macro recall is
0.6597.

small enough to be swept exhaustively or resolved
by agreement across channels. Company and city
sit in the middle, where the binding constraint is
a decision about what to admit and what to leave
out. Capacity and award sit at the bottom, and §6
gives the measurements behind the capacity floor,
which no rule in twenty-one method families has
moved. Precision runs well ahead of recall over
the whole test set, which is the operating point per-
row F1 rewards, because filling a gold-empty row
with a plausible object costs the full row while one
recovered object gains a fraction of it.

Prompting baseline. The reference point is the
same backbone with none of the machinery around
it. It reads the k=12 direct samples and aggregates
them by self-consistency under rules taken from the
task definition instead of fitted. Numerics cluster
the parsed values at the metric’s own 5% tolerance
and answer with the largest cluster’s median, city
takes a majority over parsed cities including the
null answer, and the set-valued relations admit an
object named in more than half of the samples that
parsed. No auxiliary channel, no probe, no gate
and no fitted constant enters it. That baseline scores
0.6415, so three stages of elicitation, verification
and fitted decision are worth 4+-0.0138 over prompt-
ing the same model.

The gain is concentrated, not broad. Award
moves +0.1662, though on 10 rows, city and area
each move +0.0300, and borders moves +0.0135.
Two rows go the other way, and both are worth
stating plainly.

Where the machinery does not pay. Capacity is
0.0204 worse under the full system than under plain
prompting. The auxiliary channels and the max-
representative rule are net harmful on the relation
that most of this paper’s negative program is about,
and a system built to elicit and select loses there

to a median over direct samples. The choice was
not made with test labels in view. On validation
the system’s capacity configuration scores 0.3505
against the baseline’s 0.3196, so the validation sig-
nal pointed the other way and the protocol of §4
kept the fitted setting. We report the relation as
the system produced it, and record that validation
did not predict the test outcome here. Company is
the second row: it gains exactly 0.0000. The ex-
change probe universe and the placebo correction
recover to four decimal places what the direct chan-
nel already says, so that relation carries verification
machinery it does not need.

6 What bounds the score

Capacity has defeated 21 method families. On the
selection side these include self-verification, pair-
wise duels, multiple choice, PMI ranking, cross-
model and cross-language agreement, activation
read-outs (Burns et al., 2022; Li et al., 2023; Wang
et al., 2026; Wu et al., 2025), task-vector steer-
ing (Hendel et al., 2023; Todd et al., 2024; Sun
et al., 2026a), multi-agent debate (Du et al., 2023;
Feng et al., 2026a), complete-linkage clustering,
nine hand-designed selection statistics, channel-
subset search, a highest-corroborated-value rule,
ordinal threshold inversion, channel-breadth scor-
ing, within-cluster representative choice and the
per-relation sampling budget. On the elicitation
side they include volume boosts, higher reasoning
effort, multilingual prompts, explicit maximum-
configuration prompts, prompt surfaces that imitate
Wikidata property syntax, which carry no external
data and only reframe the question, and reasoning-
trace harvesting.

Four measurements say the most about why. Har-
vesting the model’s own reasoning traces (Lu et al.,
2025; Turpin et al., 2023) raises the fraction of ca-
pacity subjects whose pool holds a value within
tolerance from 0.582 to 0.724 and converts none
of it, in any confidence stratum, at any validation-
fitted weight. Treating the task as ordinal inversion
and probing thresholds directly fails on calibra-
tion (Zhao et al., 2021; Tang et al., 2021), since
23% of adjacent thresholds violate monotonicity
and the model gives a randomly chosen venue a
28% chance of holding at least 150,000 people,
with direct readout landing within tolerance on 4
of 98 rows. Hedging with a second value pays only
when hit@2 exceeds 1.5 times hit@1, and the mea-
sured ratio is 1.20. Raising the sampling budget
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does nothing, with the validation capacity curve
flat from k=6 at 0.2809 to k=12 at 0.2784.

The error structure explains the pattern. Gold is
present in the pool for about two thirds of capacity
rows and holds a median 12% of the cluster mass
when it is present, and the errors are bimodal at
roughly a factor of two, the signature of confusing a
seated figure with a total or a current configuration
with a historical maximum. No statistic computed
from the generation distribution finds a signal that
thin, which is why raising coverage without chang-
ing the shape of the mass buys nothing (Kandpal
et al., 2023; Xu et al., 2024).

The other two relations are bounded differently,
and both bounds are measured. City’s gold-empty
rows are living people, so abstention on that rela-
tion is alive-dead classification. The deceased-gate
probe separates the two classes at AUC 0.745 and
no alternative detector beat it, which caps how far
the abstention rule can move before it starts trading
correct empties for wrong cities. Company recall
is bounded by secondary listings the sampler never
names, an omission a confident-looking answer set
does not reveal (Tang et al., 2025b; Kandpal et al.,
2023). A directed secondary-listing channel does
surface them on validation and still loses under
cross-validation, because the same channel names
plausible exchanges for companies that hold no
secondary listing at all.

7 Conclusion

One 29.6B backbone, multi-channel elicitation, ex-
haustive one-token verification made affordable
by forcing the model’s answer channel open, and
a small per-relation decision layer reach 0.6553
on the LM-KBC 2026 test set, 0.0138 above self-
consistent prompting of the same backbone. The
constants that were fitted came from validation
gold under a strict-improvement rule, with the fit-
ting procedure itself cross-validated, and the single
largest gain came from channel weights that had
never been swept. What the system cannot do is
convert pool coverage into score on hasCapacity,
where the correct value is present in about two
thirds of pools, holds a median 12% of the cluster
mass, and has resisted 21 families of method. On
that relation the machinery is not merely stuck, it
is behind the baseline it was built to beat.

Limitations

The negative results were measured on one back-
bone inside one size band, and a model with a
different pretraining mixture may put the capacity
mass somewhere a selection statistic can reach. In-
dividual per-relation deltas are small against the
resolution of a 100-row relation, so a single com-
ponent is rarely settled on its own by this metric
(Reimers and Gurevych, 2017; Dodge et al., 2019).
The comparison against the prompting baseline in-
herits that resolution, so the two relations where
the machinery fails to pay, capacity at —0.0204 and
company at 0.0000, are better read as evidence that
those components earn nothing than as a calibrated
size for the loss. Award carries 10 of 475 rows,
and its gold sets run to hundreds of names, so con-
clusions about that relation are the weakest in the
paper, and its rule is the least constrained by data
of any in the system.
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