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Abstract

Conventional feedback, even when accompanied by brief
explanations, rarely uncovers the hidden contradictions that
trigger a learner’s mistake. We bridge this gap with counter-
factual question generation (CFQG): given a learner’s answer,
generate a follow-up question that deliberately contradicts it,
compelling the learner to confront the underlying conflict.
CFQG thus transforms assessment from passive scoring into
an interactive and contradiction-centered dialogue that sup-
ports knowledge repair. To automate CFQG, we propose Gap-
Probe, which probes the knowledge gap between a learner’s
belief and curated facts through a knowledge graph (KG),
then designs counterfactual questions (CFQs) that negate the
belief. Identifying contradiction-aware triples, and more im-
portantly, selecting those most likely to confuse the learner,
are highly challenging in large-scale KGs. GapProbe tack-
les these challenges with an iterative ProConB cycle coupled
with a schema-aware KGMap. By caching one- and multi-
hop schema patterns of the KG, KGMap provides “roadmap”
to guide LLMs jump to deep and contradiction-aware triples,
beyond traditional step-wise graph traversal. We present the
CFQG benchmark and corresponding metrics for evaluating
how generated CFQs trigger, focus, and deepen learner reflec-
tion through explicit contradictions. Experiments on multiple
datasets and LLMs show that GapProbe boosts LLM reason-
ing over KGs and generates follow-up questions that consis-
tently promote deeper and more focused learner reflection.

Introduction
Assessing learner answers is fundamental to judging knowl-
edge mastery, memory consolidation, and higher-order rea-
soning. Yet most current assessment practices still rely
on passive feedback such as binary judgments, numerical
scores and brief explanations, which seldom encourage stu-
dents to reflect on the reasoning behind their responses
(Singh et al. 2018; Chang and Ginter 2024; Adlakha et al.
2024). To foster deeper cognitive engagement, a more con-
structive alternative is to recast learner answers as concise
counterfactual questions (CFQs), for example, “If your (in-
correct) answer were correct, what else would have to be
true?” These CFQs deliberately contradict established facts,
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Figure 1: A KG-Supported CFQG Example.

exposing explicit inconsistencies in the learner’s reason-
ing and prompting critical re-evaluation of initial beliefs.
The approach extends the classic IRF (Initiation-Response-
Follow-up) paradigm (Sinclair and Coulthard 1975) which
shifts from explicit evaluation to guiding learners in test-
ing their own hypotheses. By supporting interactive reflec-
tion, CFQ-based scaffolding helps learners repair faulty in-
ferences, leading to deeper conceptual understanding.

Building on this pedagogical insight, we introduce Coun-
terfactual Question Generation (CFQG) as a novel task
that reconstructs the original question while integrating
in the learner’s answer to expose hidden contradictions.
Presenting these contradiction-focused follow-ups compels
learners to directly confront and resolve misaligned knowl-
edge. For instance, when a learner claims “Gambon played
Dumbledore in The Sorcerer’s Stone,” CFQG injects back-
ground knowledge (Figure 1) to highlight that only one actor
portrayed the role in each film, thus challenging the erro-
neous assertion. While intuitively appealing, the formal def-
inition of “inconsistency” and its automation in CFQG re-
main underexplored, which motivates this work.

Inconsistency in learner reasoning usually arises from
Contradictory Premises (CPs), i.e., cases where a learner’s
belief A (e.g., “Gambon portrayed Dumbledore in The Sor-
cerer’s Stone”) directly conflicts with the established fact
¬A (e.g., “Harris was officially cast in that role”). Such
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CPs inherently violate the Law of Non-contradiction (LNC),
which forbids A and ¬A from being simultaneously true.
Knowledge graphs (KGs) transform this idea into a com-
putable task: KGs supply the evidence needed to auto-
matically verify logical consistency between learner beliefs
and established knowledge. Leveraging this capability, our
CFQG pipeline leverages KGs to detect CPs that violate
LNC and then generates CFQs that explicitly surface these
contradictions, encouraging learners to reflect on and correct
mismatches in their understanding.

Recent advances in large language models (LLMs)
have significantly improved knowledge-intensive reasoning
in KG-based question answering (KGQA). Most existing
methods primarily focus on retrieving answer-supporting
facts from KGs by generating text-to-SQL queries (Xie et al.
2022; Jiang et al. 2023; Li et al. 2024) or extracting semantic
paths (Sun et al. 2024; Miao et al. 2025; Zhang et al. 2025).
While effective for standard KGQA, these approaches en-
counter two unique challenges when adapted to constructing
CPs and generating CFQs. First, identifying contradiction-
aware triples, i.e., those that expose knowledge gaps rather
than simply support an answer, is substantially more diffi-
cult. As illustrated in Figure 1, the LLM must not only un-
derstand the context but also actively uncover latent contra-
dictions. Second, selecting confusion-focused evidence re-
mains challenging: even after contradictory facts are found,
the model must prioritize those most likely to mislead the
learner. Such confusion often arises when multiple plausi-
ble alternatives exist or when subtle distinctions between
facts are critical. Consequently, transitioning from standard
answer retrieval to contradiction-driven question generation
demands deeper exploration into both probing knowledge
gaps and constructing authentic contradictions.

We propose GapProbe, a novel framework designed
for knowledge-grounded CFQG that unifies knowledge gap
probing with efficient schema-aware KG retrieval. Gap-
Probe hinges on an iterative ProConB cycle that (i) guesses
the learner’s potential knowledge gaps, (ii) retrieves relevant
facts from KGs, and (iii) constructs contradiction-supporting
premises for CFQG as illustrated in Figure 1. This alterna-
tion between focused guessing and evidence-based verifi-
cation allows GapProbe to surface both answer-supporting
and contradiction-aware triples through efficient trial-and-
error search. The guessing phase of this cycle is especially
challenging: modern KGs contain hundreds of millions of
triples, making it difficult for an LLM both to align its
guesses with real KG facts and to locate those facts most
likely to mislead the learner. Therefore, we introduce a dy-
namic KGMap memory that steers the LLM toward high-
priority schema regions and ranks candidate triples by their
confusability. The main contributions are outlined as:

• This paper marks the first attempt to automatically gen-
erate follow-up CFQs that expose latent contradictions
in learner responses, along with a new benchmark and
reflection-oriented evaluation metrics for the CFQG task.

• We present a plug-and-play GapProbe that finds
contradiction-aware evidence from KGs and adaptively
targets knowledge most likely to confuse learners.

• We demonstrate through comprehensive experiments
that GapProbe produces CFQs that promote deeper and
more focused learner reflection.

Related Work
Question Generation (QG) and Evaluation. Language
models are widely used to generate questions from tex-
tual passages (Du, Shao, and Cardie 2017) and knowl-
edge graphs (Zhao et al. 2024), supporting benchmark con-
struction for various domains (Gu et al. 2021a; Molina
et al. 2024) and model self-evaluation (Wang, Cho, and
Lewis 2020; Zhang et al. 2024). Quality is usually assessed
with surface-form metrics such as BLEU, METEOR, and
ROUGE (Du and Cardie 2017), supplemented by human rat-
ings of fluency, relevance, and difficulty (Kurdi et al. 2020;
Mulla and Gharpure 2023; Benedetto et al. 2023). More re-
cent work introduces knowledge-intensive metrics that con-
sider factual density and correlation (Zhang et al. 2025).
Yet existing QG studies rarely address follow-up questions
whose explicit goal is to surface contradictions in a learner’s
answer, and no established metric evaluates how effectively
a question provokes such knowledge conflict.
LLM Reasoning with KGs. LLMs have become central to
fact-intensive reasoning over KGs due to their strong lan-
guage understanding and flexible query abilities. One com-
mon approach translates natural-language questions into ex-
ecutable SPARQL queries to retrieve triples directly (Xie
et al. 2022; Jiang et al. 2023; Li et al. 2024), but scala-
bility and continual KG updates remain problematic. An-
other research direction casts the LLM as an agent that de-
composes a query and iteratively explores semantic paths
through the graph (Sun et al. 2024; Guan et al. 2024; Tan
et al. 2025; Miao et al. 2025). Here, the model incremen-
tally extracts relevant neighborhood facts by traversing both
depth and breadth, enabling it to assemble supporting ev-
idence for questions. However, such approaches typically
lack awareness of the underlying KG schema, causing the
agent to perform blind or redundant exploration. In contrast,
KGMap provides schema-level guidance, allowing for tar-
geted retrieval avoiding training or blind exploration.

GapProbe Framework
This paper focuses on knowledge-grounded questions in
domain-specific contexts, where both the original and coun-
terfactual questions are structurally anchored to a KG G =
{(s, r, o)} with entities s, o ∈ E and relations r ∈ R. Given
a learner’s answer aℓ to a question Q, our goal is to gen-
erate a CFQ C that embeds the core proposition of aℓ and
logically incorporates contradictory premises (CPs) derived
from the KG. These CFQs are designed not only to reveal in-
consistencies in the learner’s reasoning but also to stimulate
deeper reflection and self-correction.

To accomplish this, GapProbe employs an iterative Pro-
ConB cycle that probes and contradicts learner beliefs as
shown in Figure 2. It consists of three key steps: (1) Guess:
the LLM hypothesizes a piece of knowledge that the learner
might be missing; (2) Verify: matching triples of guess
step are retrieved from the KG; (3) Contradict: a CFQ

19451



Question:
Who played Dumbledore in 
the film has a character 
named Ghost of the Cavalier?

Learner Answer: John Gambon

Premises #4
Learner belief KG-Fact

Gambon played Dumb. True
Gambon appears in both 
Stone and Order

False

Gambon played Dumb. in Stone False

Guess: Unaware which 
actors played Dumb..

Dumb.
charsAnchors

Inspiring

SELECT ?o WHERE 
(Dumb., portrayed, ?o)
Harris Gambon …

chars Verify

There are no gaps. 

Gambon played Dumb.

Gambon played Dumb.

Count
4
12

Count
4
12

Portrayed
film_chars

chars
actor_in
character

actors chars

Count 
4 12

count 6

count 1

Initialization KGMap

charsactors films

Guess: Unaware which films 
feature Dum. and Cavalier.

Dumb., Cavalier
charsAnchors

Inspiring

SELECT ?o WHERE 
(Dumb., film_chars, ?o)
∧(Cavalier, film_chars, ?o)

Stone
films Verify

The facts are not related 
to learner. 

None
Stone features Dumb. and 

Cavalier

Updating 
(films)

Guess: Unaware which actors 
played Dumb. in Stone.

Dumbledore chars
Stone  filmsAnchors

Inspiring

SELECT ?o WHERE 
(Stone, film_actor, ?o)
∧(?o, character, Dumb.)

Harris
actors Verify

If this were correct, what 
character does Harris played 
in the film contained Cavalier?

Gambon played Dumb. in 
Stone

Harris played Dumb. in Stone

Updating 
(films-chars)

Guess: Unaware which films 
Gambon played Dumb.

Dumb.  chars
Gambon  actorsAnchors

Inspiring

SELECT ?o WHERE 
(Gambon, actor_in, ?o)
∧(?o, film_actor, Dumb.)

Order,…
films Verify

If this were correct, did 
he also play Dumbledore in 
Order at the same time?

Gambon appears in both 
Stone and Order

Gambon didn’t appear in 
both films

Updating 
(actors-chars)

Belief

Fact

GambonDumb
Stone

Dumb

Cavalier

GambonDumb
Stone

Cavalier

HarrisDumb Cavalier

VS

Stone
GambonDumb

GambonDumb
Stone Cavalier

Harris
Dumb CavalierStone

Order

Gambon Order

Figure 2: Illustration of the GapProbe Framework: Iterative ProConB Guided by KGMap Memory. The bottom dashed box
compares the reasoning paths in the KG between the learner’s possible belief and the supporting facts for each iteration.

is constructed to directly challenge the learner’s belief by
incorporating verified KG evidence to form a contradiction.
This process is repeated, with each new iteration conditioned
on accumulated premises, enabling GapProbe to generate
increasingly challenging and insightful CFQs. Recognizing
the inefficiency of blind guess search in large KGs, we intro-
duce KGMap, a dynamic schema memory that guides Pro-
ConB toward high-impact, confusion-prone relations and
entities. By combining schema-aware retrieval with iterative
contradiction generation, GapProbe not only enhances the
LLM’s reasoning ability over KGs but also produces ques-
tions that foster deeper learner reflection.

KGMap: Profiling KG Schema
KGMap is designed to address two fundamental challenges
in identifying knowledge gaps between a learner’s answer
and a large-scale KG. First, LLMs typically lack struc-
tural awareness of the KG, causing their guesses to drift
toward irrelevant or even nonexistent facts. With hundreds
of millions of triples, it is intrinsically difficult for the model
to predict which facts would meaningfully contradict a
learner’s belief. Second, not all contradictions are equally
effective. For instance, guessing “learners unaware which
actors played in The Sorcerer’s Stone” is overly broad, as
the list is too extensive for meaningful reflection. In contrast,
hypothesizing that “learners unaware which actors played
Dumbledore” is much more precise, focusing the contradic-

tion on a concise and memorable set of facts. Therefore, ef-
fective probing must target KG regions where contradictions
are both plausible and maximally instructive.

To overcome these obstacles, KGMap serves as a dynamic
schema memory that profiles both one-hop and multi-hop
relation patterns in the KG. Before the initial ProConB iter-
ation, KGMap identifies all topic entities {et} from the orig-
inal question Q and learner answer aℓ. For each topic entity
et, KGMap queries G to obtain its type τ and enumerates
all relations r associated with et, either as outgoing (et, r, ?)
or (?, r, et). Entities of the same type usually share similar
relational neighborhoods (for example, both Harris and
Gambon are actors and thus have comparable relation pat-
terns). For each type τ , the LLM selects the top-K relations
most relevant to the question, storing these in a roadmap:

R = {τ 7→ {(r1 : n1), · · · , (rK : nK)}} (1)

where ni denotes the cardinality (i.e., number of triples) un-
der type τ that instantiate relation ri. KGMap is updated dy-
namically at every Verify step. If a new entity type τ is en-
countered, its top-K relations are appended toR. When a re-
trieved path traverses a sequence of relations r′

1 · · · r′
h (e.g.,

film character 7→ film actor), the corresponding
multi-hop pattern is also recorded as τ 7→ (r′

1 · · · r′
h : n′

h),
where n′

h is the number of valid paths. This design al-
lows subsequent ProConB iterations to use both one-hop and
composite multi-hop relations as atomic query options.

By storing both one-hop and multi-hop schema patterns
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and mapping entity types to their most relevant relations,
KGMap enables the LLM to compose SPARQL queries
that jump directly to deep, contextually relevant evidence,
thus avoiding inefficient, blind, and incremental exploration
prevalent in previous approaches (Sun et al. 2024; Zhang
et al. 2025). Furthermore, KGMap prioritizes branches
whose cardinality lies within an intermediate range (neither
too small nor too large), which automatically steers prob-
ing toward regions rich in plausible alternatives and yields
the most instructive counterfactual evidence. This schema-
aware retrieval not only improves KG reasoning, but as
shown in our experiments also enhances the model’s self-
correction and capacity for deeper reflection.

ProConB: Probing + Contradicting Beliefs
ProConB is an iterative framework guided by KGMap mem-
ory that systematically transforms a learner’s answer into in-
creasingly challenging and informative CFQs through a loop
of guessing, verification, and contradiction, as follows:

Guess At iteration D, the LLM receives the current con-
text CD =

(
Q, aℓ,

∏
1:D−1, R

)
, where

∏
1:D−1 denotes the

set of previously generated premises andR is the current KG
roadmap. A task-specific prompt instructs the LLM to pro-
pose a hypothesis gD, that is, a concise statement describ-
ing a possible gap in the learner’s knowledge, along with
its associated entity anchors {(type(eD), eD)}. Leveraging
the top-K relations and confusability statistics in R, the
LLM is guided to generate high-relevance and KG-grounded
guesses that are non-redundant with respect to prior steps.

Verify Given the hypothesis gD, the LLM constructs a
SPARQL query using the anchors {(type(eD), eD)}, the
current entity table OD and the relevant relations from R,
where OD maintains the IDs of all entities encountered up
to the current iteration and is initialized with the topic enti-
ties, i.e., O0 = {et}. Unlike prior methods limited to single-
hop queries, our approach enables the LLM to compose
multi-hop path queries by chaining up to h relations from
R[τ ], yielding expressions such as r1r2 · · · rh. The resulting
SPARQL query takes the form, for example, SELECT ?o
WHERE (eo, r1, ?x1) ∧ · · · ∧ (?xh−1, rh, ?o), where eo ∈
OD and r1 · · · rh ∈ R. This query retrieves end-point en-
tities {eD} in a single call, thereby avoiding incremental ex-
pansions and reducing noise from intermediate entity nodes
(e.g., ?x1, · · · , ?xh). To support confusability estimation,
a COUNT clause is appended, producing (r1 · · · rh : nD),
where nD records the number of discovered paths. If the
query outputs {eD} introduce a new entity type τ ′, R is
dynamically extended with τ ′ 7→ (r′

1 : n′
1), · · · , (r′

K : n′
K).

Similarly, if a new multi-hop path is identified, the schema is
augmented with τ 7→ (r1 · · · rh : nD), enabling subsequent
iterations to treat this composite relation as an atomic option.
The entity table is also updated asOD+1 = OD∪{eD}. This
multi-hop querying capability streamlines KG access, allow-
ing each guess to be resolved in a single SPARQL query and
ensuring that the model efficiently retrieves precise, contex-
tually relevant evidence for constructing contradictions. In
practice, we set h ≤ 2 to balance reasoning expressivity and
computational efficiency.

Contradict When the Verify step yields novel triples,
ProConB instantiates two premises. The learner-belief
premise πL = (gD, aℓ) restates the learner’s claim in the
context of gD. The KG-fact premise πK = (gD, {eD}) pairs
the same guess with the end-point entity {eD} retrieved
from the KG. To ensure each follow-up is both focused and
contradiction-driven, we filter premise pairs using two crite-
ria: (1) πL and πK must be logically inconsistent (i.e., eD

must directly contradict aℓ), and (2) both premises must ex-
plicitly reference the learner’s answer. Only premise pairs
passing both checks are used to construct a CFQ, in which
aℓ is embedded as a conditional clause and the contradiction
is highlighted by querying about the critical element in πK .
The new premises are then appended to the running set, i.e.,∏

1:D =
∏

1:D−1 ∪{πL, πK}.
This iterative process continues, updating the set of

premises at each step, until either the maximum number
of iterations Dmax is reached or no further contradictory
premises can be found. In this way, ProConB ensures that
each generated CFQ remains tightly grounded in both the
learner’s prior answers and the evolving context, efficiently
guiding the model toward deeper knowledge probing.

Evaluation and Benchmark Datasets
Reflection-Oriented Metrics: Trigger, Focus, Depth
A good CFQ triggers the learner’s doubt with an ex-
plicit contradiction, focuses that doubt on knowledge tightly
aligned to the original question, and deepens reflection
by introducing just enough unfamiliar facts to require
non-trivial reasoning. Let SQ denote the answer-supporting
triples for Q, SC the triples for KG-fact premise πK

(i.e., answer-supporting plus contradiction-aware triples),
and Sℓ the explicit error triples for the learner answer
(e.g., ⟨Stone, film actor, Gambon⟩). For each sample in our
dataset, both SQ and Sℓ are explicitly annotated to support
autonomous evaluation. Following Zhang et al. (2025), we
evaluate CFQs with three reflection-oriented metrics that
quantify its impact on learner self-reflection.

Reflection Trigger (RT) evaluates whether the CFQ ac-
tively prompts the learner to reconsider their answer, requir-
ing both conditions: Premise Embedding (E): The learner
answer aℓ must appear verbatim or via a simple surface vari-
ant inside the CFQ stem. Presence of Contradiction (P ): The
CFQ’s SC contains at least one triple that shares a relation
with a triple in Sℓ, but differs in either the head or tail entity.
A CFQ is considered to successfully trigger reflection if and
only if both conditions hold: RT = E ∧ P .

Knowledge Focus (KF) quantifies how closely a CFQ’s
supporting facts align with the original question. An ideal
CFQ should concentrate the learner’s attention on facts di-
rectly relevant to resolving their initial misunderstanding,
rather than diverging to unrelated information. For example,
if the original question concerns casting, a CFQ focusing on
award dates, though factually valid, would dilute the reflec-
tion value. Formally, for each triple t ∈ SC , we compute its
minimum semantic distance to any gold-standard triple in
SQ using a similarity function ψ (e.g., cosine similarity over
text embeddings). The KF score is the fraction of triples in
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SC that fall within a threshold distance dthr of SQ:

KF =
|{t ∈ SC | mint′∈SQ

(
1 − ψ(t, t′)

)
≤ dthr}|

|SC |
(2)

A higher KF indicates that the CFQ maintains a tight fact
link with the knowledge in the original question.

Cognitive Depth (CD) assesses the amount of new
knowledge required by the CFQ. An effective CFQ should
not only highlight inconsistencies but also encourage the
learner to reason over additional facts or relations, thus
deepening their cognitive engagement. For every triple t =
(s, r, o) ∈ SC we assess whether it represents genuinely new
information with respect to SQ. A triple is considered “new”
if it does not share both the relation and either the head or
tail entity with any triple t′ ∈ SQ:

amt(t) =
{

0, ∃t′ : r = r′ ∧ (s = s′ ∨ o = o′),
1, otherwise

(3)

The CD score is the total amount of additional information it
introduces, i.e.,

∑
t∈SC

amt(t). A higher CD indicates that
the CFQ introduces more unfamiliar facts, thus requiring the
learner to reason over a broader knowledge context.

Benchmark Dataset: CWQ-CFQG
We present benchmark dataset CWQ-CFQG, constructed
atop CWQ benchmark (Talmor and Berant 2018) and
grounded in real-world Freebase KG (Bollacker et al. 2008).

Dataset Overview. CWQ-CFQG contains 1,250 high-
quality examples, each consisting of an original multi-hop
question Q, a (possibly incorrect) learner answer aℓ, the set
of answer-supporting KG triples SQ, and a learner error set
Sℓ. Results are reported using our RT, KF, and CD metrics
for autonomous evaluation, based on supporting triples SC

provided by models generating CFQs. Human evaluations
are also introduced in our experiments.

Learner Answer Construction. To simulate realistic
learner errors, we generate aℓ and Sℓ using a stratified sam-
pling procedure based on the number of plausible alterna-
tives to the gold answer g. Specifically, for each example, we
identify all triples (si, ri, g) ∈ SQ , and compute how many
alternative candidate tails exist for each pattern (si, ri, ?)
in Freebase. Triples are then grouped by the number of
plausible alternatives: unique (only g is possible), moderate
(several alternatives), and high (many possible alternatives).
Triples are sampled from each group according to preset
proportions, with an emphasis on moderate cases, and for
each sampled triple, a plausible but incorrect answer is ran-
domly chosen to construct aℓ and Sℓ. This approach yields a
diverse set of errors that reflect common learner confusions.

Train-Test Partitioning. Although GapProbe does not
require training, CWQ-CFQG is partitioned to support
both supervised and train-free evaluation in future research.
Training Set includes 850 examples, each further anno-
tated with 1–4 gold-standard CFQs spanning a range of CD
scores, along with their supporting triples SC . These CFQs
are initialized by GapProbe and manually refined to ensure
high quality. Test Set includes 400 examples reserved exclu-
sively for evaluation.

Methods RT KF CD Good (%)

MFC-CFQ 0.377 0.967 0.574 21.3
GPT-4 w/o KGMap 0.505 0.937 0.892 42.3

ours 0.524 0.963 0.939 47.6

MFC-CFQ 0.349 0.901 0.927 29.7
DS-v3 w/o KGMap 0.738 0.972 0.748 49.5

ours 0.672 0.960 0.949 62.1

Table 1: CFQ Quality Evaluation Results over CWQ-CFQG

CWQ-CFQG thus offers a challenging, well-annotated
benchmark for evaluating the generation of CFQs that
are reflection-triggering, knowledge-focused, and cog-
nitively deep, all grounded in large-scale KGs and
supporting both zero-shot and supervised evalua-
tion paradigms. The data and code are available here
https://github.com/gregbuaa/counterfactual-QG.

Experiments
Experimental Setup
CFQG baselines and evaluation. We evaluate on the
test split of the proposed CWQ-CFQG dataset. Perfor-
mance is assessed using both automatic metrics via RT,
KF and CD, and human evaluation via A/B testing based
on three aspects: Overall OVR (clarity and acceptabil-
ity), Relevance REL (alignment with the original question),
and Difficulty DIF (cognitive challenge). Baselines include:
(1) Llama2-7B fine-tuned: a Llama2-7B model fine-tuned
on CWQ-CFQG training set. (2) MFC-CFQ: an adapta-
tion of MFC (Zhang et al. 2025) for CFQG, which ap-
plies the “ReduceQuestion-ObtainFacts” steps before gen-
erating CFQs. (3) GapProbe w/o KGMap: an ablation vari-
ant that replaces KGMap with the fact-gathering approach
from MFC, omitting schema-driven SPARQL construction.
When models generate multiple CFQs per example, we use
the most recent iteration for comparison.

Multi-hop KG Reasoning. To assess the effectiveness of
KGMap in KG reasoning, we also adapt GapProbe into a
KBQA model, GapProbe-QA, by replacing the Guess and
Contradict steps with a meta-fact summarization procedure
similar to MFC. Experiments are conducted on four widely
used KBQA benchmarks: CWQ, SimpleQuestion (Bordes
et al. 2015), GrailQA (Gu et al. 2021b) and CWQ-QQA
(Zhang et al. 2025). Following the standard protocols, we
report exact match (EM) accuracy as the primary metric.
Due to LLM API costs, we randomly sample 200 questions
from each validation set for evaluation as in Guan et al.
(2024). We compare GapProbe-QA with KG-free baselines
standard prompting (IO) and Chain-of-Thought prompting
(CoT) (Wei et al. 2022), as well as KG-based methods ToG
(Sun et al. 2024) and MFC.

LLM and KG Implementation. GapProbe can be ap-
plied to any LLMs supporting few-shot prompting. We con-
duct experiments with Deepseek-v3 and GPT-4-turbo, using
a temperature of 0.1 and a maximum generation length of
512 tokens for reproducibility. We set the similarity thresh-
old dthr in KF to 0.8. This threshold was selected through
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Auto↓
DS-v3 GPT-4

OVR REL DIF OVR REL DIF

RT
0.448 -0.137 0.324 0.522 0.070 0.340

** * *** *

KF
-0.064 0.672 -0.194 0.124 0.601 0.018

*** ***

CD
0.245 -0.046 0.522 0.362 0.157 0.587

*** * ***

Table 2: Kendall τ correlations between automatic met-
rics and human A/B testing between GapProbe and its w/o
KGMap variant. n=100 pairs. *, ** and *** denote p <
{.05, .01, .001} respectively.

manual validation to ensure that only sufficiently relevant
triples are considered, balancing specificity and relevance.
The maximum iteration depthDmax is set to 5 while Top-K
in KGMap is to set 3 for all experiments. Freebase is selected
as the KG, containing 0.9 billion triples after filtering special
tokens and non-English data (Lan and Jiang 2020).

CFQ Quality Evaluation Results
Table 1 reports the evaluation results of CFQG models on
RT, KF, CD, and the Good (%)metrics, where Good is de-
fined as the proportion of examples with RT= 1, KF> 0.30,
and CD≥ 1. Both GapProbe and its w/o KGMap variant
achieve substantially higher RT scores than MFC-CFQ, il-
lustrating that our models are highly effective at generat-
ing CFQs that trigger learner reflection. Notably, the w/o
KGMap variant attains KF scores nearly identical to those
of GapProbe, showing that ProConB alone can maintain
strong semantic alignment with the original question. How-
ever, GapProbe achieves markedly higher CD values, most
prominently on DS-v3 (0.949 vs. 0.748), demonstrating its
unique strength in producing CFQs with deeper cognitive
challenge. This improvement is due to KGMap’s schema-
aware retrieval, which enriches the evidence and further di-
rects the model to confusion-focused evidence, enhancing
reasoning relevance and depth. Consequently, GapProbe de-
livers the highest proportion of “good” CFQs across both
LLMs, highlighting its stability and overall effectiveness for
reflection-oriented question generation.

Figure 3 summarizes our human A/B evaluation. We ran-
domly sampled 100 examples from the test split and paired
each GapProbe-generated CFQ with those from three base-
lines. Three independent annotators then judged each pair on
OVR, REL and DIF, assigning a win or loss to GapProbe. To
ensure reliability, we interspersed 20 control pairs and found
over 70% agreement among the annotators. GapProbe over-
whelmingly outperforms the fine-tuned baseline, highlight-
ing the importance of KG integration, and still wins over
60% against MFC-CFQ and the w/o KGMap variant across
all metrics. Table 2 further reports the Kendall τ correlations
between automatic metrics and human A/B judgments. Each
automatic metric aligns best with its target human assess-
ment: RT with overall quality, KF with relevance, and CD
with difficulty. This demonstrates that our automatic metrics

Models CR (cha) OCR (cha) ↓ NI SAA
Qwen2.5-14B

w/o CFQ 19.0 (38.0) 13.3 (14.2) 5.7 66.5
GapProbe 30.4 (70.9) 20.8 ( 35.0) 9.6 67.0

Llama-3-70B
w/o CFQ 8.70 (21.7) 6.9 (7.6) 1.70 68.0
GapProbe 33.3 (62.3) 8.4 (11.5) 24.9 79.5

Table 3: LLM-as-Student Simulation Results (%)

Figure 3: Human A/B results (N=100) comparing GapProbe
vs. baselines on DS-v3 (left) and GPT-4 (right). Bars show
win/loss counts for OVR, REL, and DIF; horizontal ticks
mark cases where all three metrics favored GapProbe.

effectively capture the key aspects valued by human evalua-
tors and are suitable for guiding reflection-oriented CFQG.

Simulated Learner Reflection with LLMs
To evaluate the impact of CFQs in uncovering learner con-
tradictions, we simulate learner reflection using two mod-
els of varying ability: Qwen2.5-14B and Llama-3-70B, rep-
resenting students at different proficiency levels. Each stu-
dent LLM answers test questions, receives a model-specific
CFQ for reflection, and may revise its answer based on self-
assessment. As a baseline, the No-CFQ condition prompts
the student LLMs to reconsider its answer without coun-
terfactual feedback. We report six key metrics: correction
rate (CR), the proportion of incorrect answers corrected af-
ter intervention; over-correction rate (OCR), the proportion
of correct answers mistakenly changed; CR cha and OCR
cha, the probability the model changes an answer (incor-
rect or correct, respectively) after intervention; net improve-
ment (NI), CR minus OCR; and self-assessment accuracy
(SAA), the proportion of cases where the model correctly
judges its initial answer. Together, these metrics measure
self-reflection effectiveness and meta-cognitive awareness.

Table 3 compares two LLMs under both No-CFQ and
CFQ interventions. Notably, Llama-3 starts with a much
lower baseline CR than Qwen2.5, reflecting greater overcon-
fidence and reluctance to revise. However, with CFQ inter-
vention, Llama-3’s CR rises sharply to 33.3% (∆+24.6pp),
surpassing the improvement seen in Qwen2.5 (up to 30.4%,
∆+11.4pp). Although GapProbe leads to a modest increase
in OCR, this can be attributed to the strong, often mis-
leading, influence of CFQs. By encouraging deeper reflec-
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Methods SimpleQuestion GrailQA CWQ CWQ-QQA Average

IO Prompting 32.5 26.8 45.0 40.4 36.2
CoT Prompting (Wei et al. 2022) 32.5 30.0 49.4 45.3 39.3

DS-v3 ToG (Sun et al. 2024) 62.5 68.1 56.3 51.7 59.7
MFC (Zhang et al. 2025) 52.5 64.4 60.0 51.7 57.2
GapProbe-QA (ours) 61.9 75.6 58.1 57.0 63.2

IO Prompting 33.8 26.3 42.5 41.9 36.1
CoT Prompting (Wei et al. 2022) 33.1 25.6 48.1 44.5 37.8

GPT-4 ToG (Sun et al. 2024) 62.5 70.6 55.0 58.1 61.6
MFC (Zhang et al. 2025) 58.8 68.8 61.3 54.7 60.9
GapProbe-QA (ours) 68.8 78.8 64.4 55.5 66.9

Table 4: Multi-hop KG reasoning Results over four benchmarks based on EM accuracy (%)

tion, CFQs prompt the model to reconsider even correct an-
swers, leading to occasional over-correction. Nevertheless,
the significant gains in CR far outweigh the slight rise in
OCR, resulting in a strong overall net improvement. These
findings highlight the unique advantage of CFQ inter-
vention: it effectively overcomes the overconfidence of
larger LLMs, substantially improving their ability for
self-correction and reflective learning. Targeted CFQs de-
liver significant benefits, especially for stronger models less
likely to reconsider their answers without such intervention.

Multi-hop KG Reasoning Results
Table 4 presents the EM accuracy of different methods for
multi-hop reasoning across four KBQA benchmarks. KG-
free prompting baselines (IO and CoT) perform consider-
ably worse, emphasizing the necessity of explicit KG ac-
cess for accurate multi-hop reasoning. Both MFC and ToG
represent previous state-of-the-art KG-based approaches.
GapProbe-QA leads to substantial gains over both baselines:
on GPT-4, it increases from 60.9% (MFC) and 61.6% (ToG)
to 66.9%. Improvements are especially notable on GrailQA
and CWQ, the most challenging multi-hop datasets. Over-
all, these results highlight the effectiveness of KGMap’s
schema-aware and multi-hop retrieval in guiding the LLM
to the most relevant graph regions, thereby enhancing both
efficiency and accuracy. This demonstrates the broader util-
ity of KGMap beyond CFQG, establishing it as an effective
strategy for KBQA.

Ablation Study
Figure 4 presents the ablation results of GapProbe across
DS-v3 and GPT-4, highlighting the impact of two key com-
ponents: one/multi-hop SPARQL generation and whether or
not confusability is considered (+P/-P) in Eq. (1). We eval-
uate four ablation baselines formed by combining these two
components. The results of the four metrics are normal-
ized to facilitate the visualization in the radar chart. It of-
fers valuable insights into how each factor influences CFQ
quality. Specifically, introducing confusability filtering sub-
stantially improves RT and Good metrics. This is because
confusability directs the model’s focus toward contradic-
tions that are more likely to prompt reflection. However,this
improvement comes at a slight cost in KF, as the broader
contradictions generated can somewhat shift the focus away
from the most relevant knowledge. slightly deviating from
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Figure 4: Ablation Study for GapProbe by ablating the com-
ponents of multi-hop SPARQL generation and confusability.

the most relevant knowledge. On the other hand, multi-hop
reasoning significantly enhances CD by allowing the model
to access more complex, multi-hop knowledge, which leads
to CFQs that require deeper reasoning. As a result, Gap-
Probe with multi-hop reasoning and confusability (+P multi)
generates a higher proportion of “Good” CFQs. Overall,
these findings demonstrate that combining confusability fil-
tering with multi-hop reasoning greatly enhances CFQ qual-
ity, making GapProbe more effective in promoting learner
self-correction and fostering deeper reflective learning.

Conclusion
In this work, we proposed GapProbe, a novel framework
for CFQG that integrates LLMs with KGs through an it-
erative, schema-aware reasoning process. Extensive exper-
iments demonstrate three main advantages of our approach.
First, GapProbe significantly enhances LLM reasoning abil-
ity over KGs. Second, GapProbe generates CFQs that ac-
tively promote deeper reflection and critical thinking in
learners, going beyond surface-level factual recall. Third,
results from our LLM-as-Student simulation further show
that CFQs can effectively prompt model-based students to
identify and revise their own misconceptions, leading to im-
proved self-reflection and answer correction. These findings
collectively highlight the potential of counterfactual prompts
to advance both the reasoning capability and meta-cognitive
awareness of AI systems in educational contexts.
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