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Abstract

Large language models represent a promising
alternative for automating structured knowl-
edge bases construction, but their reliance on
parametric knowledge makes them suscepti-
ble to hallucinations and incomplete informa-
tion. The Automated Knowledge Base Con-
struction competition investigates the use of
large language models to construct structured
knowledge bases from their parametric knowl-
edge alone, without fine-tuning or external re-
trieval. Given a subject-relation pair, partici-
pants must predict the complete set of correct
objects across several relation types. Our ap-
proach proposes an ensemble of four prompt-
ing strategies: question-style, masked-style,
few-shot chain-of-thought, and least-to-most
prompting. It aggregates their predictions using
relation-aware majority voting. The resulting
system achieves a Macro-F1 of 0.6651 on the
test set, substantially outperforming the pro-
vided baseline of 0.294. The system implemen-
tation can be found at the GitHub repository
referenced below.!

1 Introduction

Structured knowledge bases store verified infor-
mation, enabling LLMs to ground their outputs
in factual data and thereby reduce hallucinations
and improve reliability (Yang et al., 2025). Al-
ternatively, some research explores constructing
knowledge bases entirely from LLMs, though such
systems still face challenges regarding precision
(Hu et al., 2024).

Building on this line of work, the Automated
Knowledge Base Construction shared task focuses
specifically on leveraging Large Language Mod-
els to construct structured knowledge bases. The
challenge lies in the requirement that predictions
must be generated using the model’s parametric
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Figure 1: Multiple elicitation strategies examine the
same fact from different perspectives. Their observa-
tions are combined through relation-aware aggregation
to produce the final knowledge-base prediction.

memory alone, without fine-tuning or Retrieval-
Augmented Generation (RAG) over external cor-
pora. Additionally, although multiple LLMs may
be combined within a single answer prediction sys-
tem, the summed parameter count of the combined
models must not exceed 32B. Given a subject s
and a relation r, the task is to predict the complete
set of correct object strings {01, 02, . . ., 0% }, where
there may be zero, one or multiple correct answers.

The dataset includes six distinct relation
types, each capturing specific entity attributes
or associations with varying cardinalities.
First, awardWonBy identifies the recipients
of a specified award, a relation that often ex-
hibits high cardinality because many awards
are conferred upon dozens or hundreds of
entities over time. In geographic contexts,
countryLandBordersCountry links a coun-
try to the nations sharing its land borders (yielding
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an empty set for borderless countries or multiple
values otherwise), while hasArea specifies a ge-
ographic entity’s surface area in square kilometres.
Commercial and venue-specific data are captured
by companyTradesAtStockExchange,
which maps a company to the stock exchange(s)
where its shares are publicly traded (with un-
listed subsidiaries yielding empty sets), and
hasCapacity, which denotes the maxi-
mum spectator capacity of a venue. Finally,
personHasCityOfDeath records the city
where an individual passed away, remaining empty
if the person is still living.

The proposed system employs multiple prompt-
ing strategies and aggregates the resulting predic-
tions according to the relation type in order to gen-
erate a final output. Specifically, multiple predic-
tion sets produced by the same model under dif-
ferent prompting strategies are combined to distin-
guish stable parametric knowledge from prompt-
induced hallucinations. The chosen model for this
task is Meta’s 30B parameter Muse Glimmer.

This study aims to determine the extent to which
different prompting strategies influence the qual-
ity and precision of model outputs, and to assess
whether aggregating multiple responses generated
by the same language model can help reduce hallu-
cinations.

2 Related work

Considering the competition constraints in regards
to fine-tuning the model or designing RAG imple-
mentations using external corpora, the workshop
motivates a greater reliance on how effectively para-
metric knowledge can be elicited from the model.
Under these circumstances, prompt-based strate-
gies become one of the main pillars in the attempt
to improve the reliability of the generated knowl-
edge base. Prompting methods encompass a wide
range of techniques, from foundational approaches
such as few-shot and chain-of-thought prompting
to more advanced methods (Sahoo et al., 2024).
Few-shot prompting refers to providing a lan-
guage model with a small number of task-specific
demonstrations at inference time, without updat-
ing the model’s parameters (Brown et al., 2020).
Demonstrations consist of paired inputs and their
corresponding desired outputs, allowing the model
to infer the task format. The study by Min et al.,
“Rethinking the Role of Demonstrations,” shows
that demonstrations derive their value not from

teaching the model new input-output mappings,
but from exposing it to the label space, the distribu-
tion of the input text, and the overall format of the
sequence (Min et al., 2022).

Chain of thought prompting consists of includ-
ing a series of intermediate reasoning steps in the
input. This method has been proven to significantly
improve the ability of large language models to per-
form complex reasoning (Wei et al., 2022). Auto-
matic Chain-of-Thought prompting utilises LLMs
to automatically generate reasoning chains for se-
lected examples, with diversity in the sampled ques-
tions helping mitigate errors in the generated chains
(Zhang et al., 2022). Participants in last year’s
knowledge base construction workshop, Edouard
Albert-Roulhac and Amal Zouagq, utilized a large
model to compose a comprehensive set of chain-of-
thought style prompts (Albert-Roulhac and Zouagq,
2025). These examples were then used as few-
shot demonstrations to produce multiple reasoning
paths and answers during inference.

Self-refinement represents a method of improv-
ing LLM outputs through self-generated feedback.
Madaan et al. showcased this method, drawing an
analogy to how humans reflect on their own writ-
ing (Madaan et al., 2023). In their study, after an
LLM produces an initial output, the same model
evaluates it and, based on that feedback, refines
its response. This process is repeated iteratively
until the model’s own feedback indicates that no
further improvement is needed, or a fixed number
of iterations is reached. This workflow assigns the
LLM with multiple roles, acting as both generator
and critic.

Least-to-most prompting solves complex prob-
lems by decomposing them into simpler subprob-
lems (Zhou et al., 2022). Unlike standard chain-
of-thought prompting, which reasons in a single
pass, this approach decouples planning from exe-
cution via a two-stage process: first, it decomposes
the initial query into subquestions, and second, it
sequentially solves each subquestion using the ac-
cumulated history of previous answers.

3 System

The system ensembles the elicitation techniques
described below using a 30B parameter model.

The results are then aggregated by majority vote,
except for the awardWonBy relation, where the
large number of correct objects per subject makes
voting across strategies too restrictive.
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Technique Description

Question style prompt
Masked style prompt

Zero-shot, natural question.
Zero-shot; the same fact phrased as a
sentence with a [MASK] token.
Few-shot chain-of-thought; hand-
written worked examples per relation,
provided in a single turn.
Least-to-most prompting A chain of per-relation subquestions,
each posed as its own conversational
turn, with answers accumulating be-
fore the final query.

Few-Shot CoT

Table 1: Prompting techniques used in the ensemble,
with a description of each.

3.1 Question and masked style prompting

We adopt question-style and masked-style prompt-
ing using templates provided by the task organiz-
ers.> These are used as a baseline against which
the gains from more elaborate prompting strategies
can be assessed.

Relation Prompt

hasArea What is the area of {subject_entity} in
square kilometers?

hasCapacity What is the total capacity of

{subject_entity }?

Which countries share a land border

with {subject_entity }?

personHasCityOfDeath In which city did {subject_entity } die?

awardWonBy Who won the {subject_entity}?

companyTradesAtStockExchange Where do shares of {subject_entity}
trade?

countryLandBordersCountry

Table 2: Zero-shot question prompt templates used for
each relation.

Relation Prompt

hasArea The area of {subject_entity} in square
kilometers is {mask_token}.

hasCapacity The total capacity of {subject_entity } is

{mask_token}.
{subject_entity} shares a land border
with {mask_token}.

countryLandBordersCountry

personHasCityOfDeath {subject_entity} died in the city of
{mask_token}.
awardWonBy {subject_entity} ~was won by

{mask_token}.
companyTradesAtStockExchange {subject_entity } shares can be traded at
{mask_token}.

which each answer is preceded by an explicit rea-
soning trace, as illustrated in Figure 2.

Question: On which stock exchanges does Bangladesh
<~ Cement

Manufacturers Association trade?

Step 1 - The BCMA is a trade association

< representing cement producers in

Bangladesh, not a commercial corporation or

< operating company.

Step 2 - As a membership-based industry body, it
<~ does not issue equity shares

to the public and is therefore not publicly listed
< on any exchange.

Step 3 - Since it is not a publicly traded entity,
< it has no listings.

Answer: []

foool

Figure 2: Chain-of-thought demonstration for the
companyTradesAtStockExchange relation.

3.3 Least-to-most prompting

Least-to-most prompting decomposes each query
into a sequence of simpler subquestions that are
answered before the original question is posed. In
contrast to the chain-of-thought strategy of Sec-
tion 3.2, where the reasoning is produced in a single
turn, each subquestion is here issued as its own con-
versational turn, and every subanswer is appended
to the dialogue history before the next subquestion
is asked.

The subquestion chains mirror the reasoning
steps of the chain-of-thought schema. The chain for
personHasCityOfDeath, shown in Figure 3,
is representative, and is constructed so that the con-
fusion between the city a person is famous for and
the city in which they died is raised explicitly be-
fore the final answer is requested.

Each chain is preceded by worked dialogues
demonstrating the expected form of the exchange.
One such dialogue is shown, truncated, in Figure 4.

Table 3: Masked-style prompt templates.

3.2 Few-shot chain-of-thought prompting

The system presented in this article combines few-
shot demonstrations with human-authored chain-
of-thought reasoning traces derived from examples
in the training data.

Unlike zero-shot strategies, which elicit an an-
swer directly, this approach provides the model
with manually constructed worked examples, in

https://github.com/lm-kbc/dataset2026

SUBQUESTIONS_DEATH = [

"Who is or was {subject}, and has {subject} died

s 2",

"Which city is {subject} most famous for, or most
associated with through living or working

<~ there?",

"If {subject} has died, in which city did the

<~ death actually take place, and is that the

> same city as the one just named or a different
one?",

Figure 3: The least-to-most subquestion chain for the
personHasCityOfDeath relation.
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Problem: In which city did Sigmund Freud die?
Subgquestion 1: Who is or was Sigmund Freud, and has
< Sigmund Freud died?

Subanswer 1: Sigmund Freud was the founder of

< psychoanalysis; he died in 1939

and is deceased.

Subguestion 2: Which city is Sigmund Freud most

<~ famous for [...]?

Subanswer 2: He is overwhelmingly associated with
< Vienna, where he lived and

worked for most of his life.

Subgquestion 3: If Sigmund Freud has died, in which
<~ city did the death actually

take place, and is that the same city as the one

<~ just named or a different one?

Subanswer 3: He fled Vienna in 1938 after the Nazi
<~ annexation of Austria and

died the following year in London, so the death city
<+ differs from the famous

city.
Final question: In which city did Sigmund Freud die?
Answer: ["London"]

foool

more than two new names in the previous round.
To improve precision, a subsequent pruning step
was introduced, in which the model uses the sys-
tem prompt shown in Figure 6 to review its own
previously generated predictions and remove any it
is confident are incorrect.

Figure 4: A worked least-to-most demonstration for the
personHasCityOfDeath relation.

3.4 Self-refinement

Observing the results obtained for the
awardWonBy relation under the other prompting
strategies, it was concluded that a different
approach is needed for this particular relation. In
this version of the self-refinement approach, the
model first iteratively expands its candidate list
of award recipients across follow-up rounds to
maximise recall, then self-reviews and prunes that
list to remove low-confidence names, trading a
modest drop in recall for a much larger gain in
precision.

The first query asks the model to generate all the
recipients it knows of for a given award. To im-
prove recall, the generated answers are then given
back to the model in the follow-up query shown
in Figure 5, asking it to complete the list with any
additional winners.

SYSTEM_PROMPT_PRUNE = (
"You are a strict fact-checker for award
» recipients. You are shown a "
"candidate list and you name only the ones you
< are EXTREMELY confident "
"never received the award -- not the ones you
“~ merely cannot confirm or "
"are unsure about, which you leave alone. Provide
only the requested "
"information without explanations, uncertainty
<~ statements, or additional "
"context. "

FOLLOW_UP_QUERY = (
"Recipients of {award} identified so far:\n{
< listed}\n\n"
"Who ELSE has received {award} that is NOT in the
<~ 1list above? "
"Only add names you are genuinely confident about
<~ , and do not repeat any "
"name already listed. If you cannot think of any
< more, reply with exactly: "
"Answer: none"

Figure 5: Follow-up query used to expand the candidate
list for the awardWonBy relation.

This process iterates for up to six additional
rounds, continuing as long as the model generates

Figure 6: System prompt used to prune low-confidence
candidates for the awardWonBy relation.

3.5 Post-processing: answer extraction

A single answer-extraction module is applied uni-
formly across all elicitation methods, ensuring
that score differences arise solely from the chosen
prompting strategies rather than from differences
in post-processing. Each strategy’s final query in-
cludes explicit formatting instructions, determined
by the relation type:

1. Answer: <number> for numeric rela-
tions, such as hasArea or hasCapacity;

(...

2. Answer:
list relations;

] — aJSON array — for

3. Answer: followed by one name per line,
specifically for the awardWonBy relation.

The parsing stage reads only the text following
the final Answer : marker. For numeric relations,
it first checks for a comma-grouped number and
falls back to a plain number only if none is found,
so that a value such as 51,286 is parsed in full
rather than truncated at the first comma. For list
relations, the segment is parsed as a JSON array,
falling back to comma-splitting when the model’s
array is malformed. Replies indicating no objects
— “none,” “n/a,” and similar — are mapped to an
empty set, which for many subject-relation pairs is
the correct answer rather than a failure to respond.

3.6 Answer aggregation

Result aggregation is performed through majority
voting, subject to the following relation-specific
rules:
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1. Numeric relations: Responses within a 5%
tolerance of one another are grouped into clus-
ters, and the mean value of the largest clus-
ter containing at least two items is selected
as the final prediction. When responses are
too scattered for a cluster to form, a fallback
mechanism selects the prediction from one of
the four prompting strategies.

2. List relations: A quorum of two is required
for a value to be included in the final predic-
tion. If no consensus is reached, the predicted
set is left empty. This is a deliberate design
choice, since an empty set is itself a valid an-
swer for a considerable share of the dataset:
approximately 20% of the validation triplets
have an empty set as the correct answer.

3. awardWonBy: This relation is excluded
from the ensemble entirely, as aggregating
results across strategies would significantly
reduce recall.

4 Results

The evaluations presented in this section exclude
the awardWonBy relation. This is because the
prompting strategies described for the rest of the
system did not yield satisfactory results for this
relation, and including it in the aggregated metrics
led to a considerable drop in recall. The evaluation
of awardWonBy is therefore presented separately.

Table 4 compares the two zero-shot strate-
gies. Overall, question-style prompting yields a
marginally higher Macro-F1 (0.667) than masked-
style prompting (0.658). Therefore, in a zero-shot
setting, eliciting facts through direct questions is
slightly more effective.

Relation P R F1 Empty

Question-style prompting
companyTradesAtStockExchange 0.950 0.758 0.759 54

countryLandBordersCountry 0.998 0.987 0.991 18
hasArea 0.820 0.820 0.820 0
hasCapacity 0.289 0.289 0.289 0

personHasCityOfDeath 0.880 0.610 0.570 66

All - -

Masked-style prompting

companyTradesAtStockExchange 0.910 0.732 0.712 53
countryLandBordersCountry 0.996 0.993 0.994 18
hasArea 0.800 0.800 0.800 0
hasCapacity 0.361 0.361 0.361 0
personHasCityOfDeath 0.840 0.590 0.520 64

All - - 0.658 135

Table 4: Evaluation results for the two zero-shot strate-
gies on the validation set, over the five relations handled
by the ensemble. awardWonBy is excluded, as it is
generated by the dedicated strategy of Section 3.4.

Few-shot chain-of-thought prompting achieves
an F1 score of 0.680, outperforming both zero-shot
strategies. The improvement is most pronounced
for companyTradesAtStockExchange,
whose F1 score rises from 0.759 with question-
style prompting to 0.847 with few-shot chain-
of-thought prompting. This suggests that the
reasoning traces provided in the demonstrations
are particularly effective at guiding the model
when the extraction task requires disambiguating
between multiple candidate entities.

However, this improvement is not uniform
across all relations. hasCapacity performs
worse under chain-of-thought prompting than un-
der either zero-shot strategy.

Relation P R F1 Empty
companyTradesAtStockExchange 0.937 0.852 0.847 45
countryLandBordersCountry 1.000 0.992 0.995 18
hasArea 0.810 0.810 0.810 0
hasCapacity 0.278 0.278 0.278 0

personHasCityOfDeath 0.880 0.600 0.560 67

All - - 0.680 130

Table 5: Evaluation results for few-shot chain-of-
thought prompting on the validation set.

Least-to-most prompting is the weakest of
the four strategies, with a Macro-F1 of 0.647.
The comparison with few-shot chain-of-thought
prompting is controlled, in that the two strate-
gies employ similar reasoning decomposition
and differ only in whether it is delivered in
a single turn or across several. Least-to-most
is inferior on every one of the five relations;
for example, it reaches 0.812 against 0.847 on
companyTradesAtStockExchange.

Relation P R F1 Empty
companyTradesAtStockExchange 0.913 0.835 0.812 45
countryLandBordersCountry 1.000 0.988 0.993 18
hasArea 0.800 0.800 0.800 0
hasCapacity 0.237 0.237 0.237 0

personHasCityOfDeath 0.720 0.600 0.490 51

All - - 0647 114

Table 6: Evaluation results for least-to-most prompting.

The aggregated results achieve a Macro-F1 of
0.689, marginally outperforming the best individ-
ual strategy observed previously: 0.680 with few-
shot chain-of-thought prompting. This suggests
that the overall gain in Macro-F1 stems from more
balanced performance across relations rather than
from consistently matching the best individual re-
sult for each relation.
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Relation P R F1 Empty

companyTradesAtStockExchange 0.950 0.838 0.839 46
countryLandBordersCountry 1.000 0.992 0.995 18
hasArea 0.810 0.810 0.810 0
hasCapacity 0.330 0.330 0.330 0
personHasCityOfDeath 0.850 0.620 0.560 62

All relations 0.776 0.701 0.689 126

Table 7: Validation results after relation-aware aggrega-
tion.

Turning to the awardWonBy relation, the self-
refinement approach achieves a Macro-F1 of 0.209
on the validation set, more than double the 0.094
F1, which was the score obtained by the best-
performing of the four other prompting strategies
described earlier.

Relation P R F1 Empty

awardWonBy  0.329  0.196  0.209 -

Table 8: Validation results for the separately evaluated
awardWonBy relation.

On the hidden test set, the proposed implemen-
tation obtained a Macro-F1 score of 0.6651, as
shown in Table 9. Among the evaluated relations,
hasCapacity achieved the lowest F1 score; this
limitation may arise because the relevant infor-
mation was not included in the model’s training
data. In contrast, the highest score was obtained
for countryLandBordersCountry.

Relation P R F1

awardWonBy 0.5179 0.2850 0.3357
companyTradesAtStockExchange 0.9433 0.8327 0.8105
countryLandBordersCountry 0.9861 0.9702 0.9680
hasArea 0.8200 0.8200 0.8200
hasCapacity 0.2857 0.2857 0.2857
personHasCityOfDeath 0.9150 0.6000 0.5667

All relations 0.7728 0.6760 0.6651

Table 9: Per-relation results on the hidden test set.

4.1 Observations

The ensemble strategy was also applied to predic-
tion sets generated by a combination of smaller
models: Mistral-Nemo:12b, Llama3.1:8b, and
Gemma2:9B. Although the single-model system
presented in this paper achieved a higher overall
Macro-F1, aggregating predictions across these
smaller, heterogeneous models yielded a propor-
tionally larger improvement in Macro-F1 than ag-
gregating predictions from a single model alone.
This leads to a second observation: given the
constraints against adjusting model parameters or
drawing on external information, the correctness

of the generated knowledge base is fundamen-
tally bounded by whether the sought-after fact was
present in the large language model’s training data.

Additionally, it should be noted that the compe-
tition baseline was produced using Qwen3.5-9B
while our results were obtained with the consider-
ably larger Muse Glimmer 30B, which limits the
extent to which the results can be interpreted as a
direct comparison of the proposed approach against
the baseline.

5 Conclusions

This paper investigated how different elicita-
tion strategies affect parametric-only knowledge-
base predictions and whether aggregating single-
model responses reduces hallucinations. Across
the four evaluated strategies, few-shot chain-of-
thought achieved the highest overall Macro-F1,
narrowly outperforming two zero-shot approaches,
whereas multi-turn least-to-most prompting consis-
tently scored lowest. Finally, the high-cardinality
awardWonBy relation proved unsuited to major-
ity voting, requiring a dedicated expansion-and-
verification procedure instead.
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