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Abstract

Knowledge Base Question Answering (KBQA)
leverages structured knowledge bases to offer
superior interpretability and hallucination resis-
tance, making it a critical technology for pre-
cise knowledge reasoning. However, the pre-
vailing LLM-based generate-then-execute for-
mulation of semantic parsing is limited by strict
syntactic constraints, making it primarily prone
to structural deviations that render queries
unexecutable, while suffering from semantic
deviations that yield incorrect execution re-
sults. To address these challenges, we propose
the Execution as Verification (EVER) frame-
work, reframing semantic parsing as an itera-
tive, self-correcting reasoning process driven
by execution feedback. First, motivated by
the insight that query executability serves as
a strong proxy for answer correctness, we intro-
duce Fine-Grained Execution-Aware Planning.
This mechanism decomposes complex seman-
tic parsing into a sequence of stepwise reason-
ing processes oriented by executability verifica-
tion, ensuring high query executability. We fur-
ther design a Self-Guided Semantic Correction
mechanism based on execution result verifica-
tion, utilizing execution feedback to verify and
calibrate semantic deviations, thereby ensuring
the semantic correctness of executable queries.
Experimental results on the WebQSP and CWQ
datasets demonstrate that our method achieves
significant improvements in both query exe-
cutability and answer accuracy, achieving state-
of-the-art performance, particularly in complex
multi-hop scenarios. Our code is available at
https://github.com/ahu-zmh/EVER.

1 Introduction

Knowledge Base Question Answering (KBQA)
serves as a critical technology for bridging the gap
between unstructured natural language and struc-
tured knowledge bases, playing an indispensable
role in precise knowledge reasoning (Lan et al.,

*Corresponding author.

2021). Compared to pure language modeling ap-
proaches, KBQA leverages the factual precision
of knowledge bases to generate answers with high
interpretability and resistance to hallucinations (Ji
et al., 2023; Chen, 2024). Recently, the integra-
tion of Large Language Models (LLMs) has in-
fused KBQA with enhanced semantic understand-
ing and generalization capabilities, enabling sys-
tems to handle increasingly complex natural lan-
guage queries (Brown et al., 2020).

Current LLM-based KBQA methods primarily
divide into Information Retrieval (IR) (Sun et al.,
2024; Pan et al., 2024; Liang and Gu, 2025) and
Semantic Parsing (SP) (Li et al., 2023; Jiang et al.,
2023a; Luo et al., 2024a; Tian et al., 2025). The
LM-based IR paradigm typically retrieves relevant
knowledge subgraphs to augment the LLLM for di-
rect answer generation. While it excels in precise
retrieval (high Hit@1), its lack of explicit logical
modeling leads to suboptimal F1 scores in complex
tasks such as counting and comparison, limiting its
applicability in complex real-world scenarios, as
illustrated in Figure 1(a). In contrast, LLM-based
SP has emerged as a more promising paradigm due
to its capability to generate explicit logical struc-
tures. However, as shown in Figure 1(b), existing
LLM-based SP methods are constrained by the
strict syntactic constraints of logical forms, where
even minor structural deviations can render queries
unexecutable—a fragility that is particularly pro-
nounced when generating long logical chains. Si-
multaneously, these methods are also susceptible to
semantic deviations, leading to incorrect execution
results even if the query itself is executable.

Our research is first driven by a critical insight:
the executability of a query serves as a strong proxy
for its correctness. This is supported by our empiri-
cal analysis of representative methods (e.g., ChatK-
BQA (Luo et al., 2024a)), which reveals a high
correlation (approximately 90%) between success-
ful execution and answer accuracy. This high cor-

37646

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 37646-37663

July 2-7, 2026 ©2026 Association for Computational Linguistics


https://github.com/ahu-zmh/EVER

[ Question: Which movies directed by Christopher Nolan won an Oscar after 2011? ]

7 (2) LLM-based IR —

Interstellar

@)

(b) LLM-based SP

Il 1
' : 2film ns:film. film.directed_by Christopher Nolan. !
—p | Zaward nsitype.object.name ?award_name . :
a 1 | FILTER(?year > “2011"xsd:gYear) ...} i
N N @2 Sorry, no I
CC]mstophcrﬁNolan)——PCTheiDarkinghl)——P AR ' et 5y O
movies after 2011 3 Syntax Gap: Missing *) *) ©: Unexecutable
were found. e
\ ( Date:2008 ) CAward:Oscar )

Knowledge graph\

SELECT DISTINCT ?film ?film_name {

-

U\

—

Ly: (JOIN directed _by Nolan ]

(C) EVER Step1: Find Nolan’s Movies 4-; E Step2: Filter Oscar winners < QE

:verify [ L,: (AND L, (JOIN winner Oscar)) ]

[ Ly: (AND 12 (GT year 2011)) ]

verify

execute l execute

executel

[ 71: [Inception, Interstellar, ...] ]

[ 73 [Inception, Interstellar, ...] ] [

r3: [Interstellar, ...] ]

Figure 1: Different paradigms of KG-enhanced LLM reasoning. (a) LM-based IR: Misses the correct answer due
to limited exploration width; (b) LLM-based SP: Fails as a minor syntax error renders the entire logical query
unexecutable; (c) EVER: Achieves effective reasoning for complex questions via fine-grained execution-aware

planning and self-guided semantic correction.

relation stems from the KB’s Structural Sparsity,
where incorrect logic typically fails to match valid
graph paths, making executability a robust indica-
tor of alignment with valid graph paths. This sug-
gests that the primary bottleneck limiting current
LLM-based SP performance lies in structural devi-
ations—where syntactically invalid or structurally
flawed logic prevents execution entirely. Therefore,
our primary objective is to maximize executability
by establishing execution as a foundational veri-
fication signal. However, solely maximizing exe-
cutability is insufficient due to the risk of semantic
deviations—cases where logic is executable but
stems from semantic misalignment (e.g., querying
a physicist instead of a director). Thus, a robust
KBQA system must ensure both structural validity
and semantic consistency.

To address these challenges, we propose the
Execution as Verification (EVER) framework, re-
framing semantic parsing as an execution-driven,
self-correcting reasoning process, as illustrated in
Figure 1(c). First, to overcome structural devi-
ations and maximize executability, we introduce
Fine-Grained Execution-Aware Planning, which
decomposes complex semantic parsing into a se-
quence of stepwise reasoning processes oriented by
executability verification. We implement this via
a hybrid decoding strategy: using greedy search
to deterministically anchor the current step’s in-
tent, followed by beam search to explore intent-
aligned executable sub-query skeletons within a
constrained space. This fine-grained planning ap-

proach significantly reduces the structural complex-
ity of single-step generation, effectively mitigating
query failures caused by structural deviations.

Second, to rectify semantic deviations and en-
sure answer accuracy, we design a Self-Guided
Semantic Correction mechanism based on execu-
tion result verification. Specifically, this module
leverages feedback from each execution step to
verify the consistency of input entity semantics, re-
lation path intents, and result types. Upon detecting
potential semantic shifts, the system triggers a dy-
namic rollback and candidate replacement process.
This enables the reasoning process to iteratively
converge toward the correct semantics under the
guidance of execution feedback, thereby simulta-
neously achieving both syntactic executability and
semantic correctness.

Finally, to equip the model with these capa-
bilities, we construct a hybrid instruction tuning
dataset featuring both positive reasoning and nega-
tive self-repair trajectories. Derived from standard
logical forms via bottom-up fine-grained decompo-
sition and augmented by explicitly injecting distrac-
tor samples such as entity ambiguity, this dataset
simulates realistic reasoning failure scenarios. This
design enables the model to learn fine-grained se-
mantic verification and dynamic correction strate-
gies. Extensive experiments on WebQSP (Yih et al.,
2016) and CWQ (Talmor and Berant, 2018) demon-
strate that our method achieves highly competitive
results against existing baselines, delivering sig-
nificant gains in query executability and answer
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accuracy, especially for complex reasoning tasks.
To conclude, our contributions are:

* To tackle the bottleneck of structural devia-
tions in complex queries, we design the Fine-
Grained Execution-Aware Planning mecha-
nism. By reframing semantic parsing as a
stepwise reasoning process oriented by exe-
cutability verification, we maximize the exe-
cutability rate of logical forms.

» To mitigate the risk of semantic deviations,
we design the Self-Guided Semantic Correc-
tion mechanism. Leveraging execution result
verification and dynamic rollback strategies,
this module ensures strict semantic alignment
between the logical form and the natural lan-
guage question.

* We construct a hybrid instruction-tuning
dataset incorporating both positive reasoning
chains and negative self-repair trajectories to
equip the model with robust execution and
error-correction capabilities. Extensive exper-
iments on WebQSP and CWQ demonstrate
that our method outperforms existing base-
lines, achieving significant gains in both query
executability and answer accuracy.

2 Related Work

2.1 Traditional KBQA Approaches

Early KBQA generally relied on supervised learn-
ing or template-based methods. Traditional Se-
mantic Parsing approaches utilized pattern match-
ing or ranking models to map natural language
questions into logical forms (Cao et al., 2022; Ye
et al., 2022; Zhang et al., 2023). Conversely, tra-
ditional Information Retrieval methods focused on
extracting question-specific subgraphs and ranking
candidate entities based on distributed representa-
tions (Saxena et al., 2020; He et al., 2021; Zhang
et al., 2022). However, these approaches heavily
depend on human-annotated logical templates or
massive labeled data, limiting their generalization
capability to unseen complex queries.

2.2 LLM-based Information Retrieval

With the emergence of Large Language Models
(LLMs), the IR paradigm has increasingly adopted
an iterative reasoning paradigm. In this framework,
LLMs function as agents to dynamically explore
multiple reasoning paths within the KBs and make

decisions accordingly (Sun et al., 2024; Luo et al.,
2024c; Chen et al., 2024; Ma et al., 2025; Xiao
et al., 2025; Zhang et al., 2026). While these meth-
ods excel at pinpointing relevant entities (achiev-
ing high Hit@1), they face inherent limitations in
explicit logical modeling. The lack of structured
symbolic representation makes it difficult for LM-
based IR methods to handle questions involving
precise arithmetic operations (e.g., counting), com-
parisons, or complex constraints, often leading to
suboptimal F1 scores in multi-answer scenarios.

2.3 LLM-based Semantic Parsing

The LLM-based SP paradigm aims to directly trans-
late natural language into executable logical forms,
adopting a "Generate-then-Execute" strategy (Jiang
et al., 2023a; Fang et al., 2024; Luo et al., 2025;
Feng and He, 2025; Tian et al., 2025; Zhang et al.,
2025). Recent works like KB-Binder (Li et al.,
2023) and ChatKBQA (Luo et al., 2024a) utilize
In-Context Learning (ICL) or fine-tuning to en-
hance logical form generation. However, these
methods are constrained by the intrinsic rigidity
of logical languages, where minor structural devi-
ations or entity misalignments render queries un-
executable. Due to the absence of error correction
mechanisms, a single local deviation often irre-
versibly precipitates total system failure. Some
approaches (e.g., PER-KBQA (Guo et al., 2023))
attempt iterative refinement via execution feedback.
However, such post-hoc compensation fails to re-
cover if fatal structural errors render the initial log-
ical form completely unexecutable.

In contrast to such brittle generation or post-hoc
refinement processes, EVER reframes semantic
parsing as an self-correcting reasoning process. By
treating execution feedback as a continuous veri-
fication signal, our method ensures both syntactic
executability and semantic consistency. This ap-
proach effectively mitigates the dual risks of struc-
tural fragility and semantic misalignment.

3 Preliminaries

Knowledge Base. We formalize the knowledge
base as a large-scale multi-relational graph X,
where facts are stored as triples in the form of
(s,r,0). Here, s denotes the subject entity, r the
relation, and o the object entity or literal. Each en-
tity within the KB is indexed by a Unique Identifier
(UID) to ensure uniqueness.
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Figure 2: The overview of our Execution as Verification framework. The system reframes semantic parsing as an
iterative reasoning process, consisting of two core components: (1) Fine-Grained Execution-Aware Planning, which
decomposes complex queries into stepwise atomic operations via hybrid decoding; and (2) Self-Guided Semantic
Correction, which leverages execution feedback to verify semantic consistency and trigger dynamic rollbacks for

€ITror recovery.

Logical Form. We adopt S-expressions as the
logical form due to their superior compositionality.
The core comprises projection operations and high-
order operators. Projections perform single-hop
traversals using the JOIN operator for both forward
(?,7,0) and backward (s,r,?) queries. Further-
more, high-order operators facilitate set operations
(e.g., AND), aggregations (e.g., COUNT, ARGMAX), and
comparisons (e.g., GT). This enables complex multi-
hop reasoning via recursive nesting. Our logical
form maps deterministically to SPARQL, allowing
direct conversion. Detailed definitions are provided
in Appendix B.

Problem Definition. The KBQA task is formal-
ized as a semantic parsing process: given a natural
language question () and a knowledge base /C, the
objective is to first parse () into a structured logical
form L, which is subsequently converted into an
executable query ¢ to retrieve the answer set A via
the execution function Execute(q|KC).

4 Methodology

In this section, we present the Execution as Verifica-
tion (EVER) framework, which reframes complex
multi-hop KBQA as an iterative, self-correcting
reasoning process. As illustrated in Figure 2,

the verification role of execution is explicitly
manifested in two dimensions: (1) Fine-Grained
Execution-Aware Planning, which employs exe-
cutability status (i.e., success or failure) as a verifi-
cation signal to ensure structural validity; and (2)
Self-Guided Semantic Correction, which leverages
execution results to verify semantic consistency.

4.1 Fine-Grained Execution-Aware Planning

To address the bottleneck of structural deviations—
where generated complex logic often fails to exe-
cute due to minor structural errors—we propose
Fine-Grained Execution-Aware Planning. The core
insight is that decomposing complex reasoning into
a sequence of atomic, verifiable decision processes
can significantly reduce the structural complexity
of single-step generation, thereby inherently en-
hancing the executability rate of each step.

Specifically, we decompose the generation pro-
cess into T discrete time steps. At each step
t, we maintain two key state variables based
on the historical reasoning trajectory H;_1 =
{(lo, T‘Q), ey (lt—17 Tt_l)}Z

* Logical Form (/;): The cumulative query
statement constructed up to the current step.
It is a nested structure formed by combining
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the currently generated atomic operator with
the logic I;_; from the previous step.

¢ Execution Result (r;): The feedback ob-
tained by executing /; on the knowledge base
K, i.e., r. = Execute(l;|C).

Under this planning framework, to ensure that
the generated single-step logic is not only struc-
turally correct but also intentionally precise, we
employ a Hybrid Decoding Strategy. This strat-
egy leverages the historical context H;_; to further
decouple single-step reasoning into two phases:

Phase 1: Intent Anchoring. First, the model uti-
lizes greedy search to generate the reasoning intent
(1) in natural language. This step aims to anchor
the reasoning direction and prevent semantic drift
before the logic is grounded:

I = LLMgreedy(QaHtfl)- (1)

Phase 2: Skeleton Generation. Next, condi-
tioned on the generated intent I;, the model uti-
lizes beam search to explore K candidate logical
forms S; = {sk}, ..., skf}. The core motivation
for employing beam search over greedy decoding
is Structural Fault Tolerance. Complex logic gen-
eration is prone to local optima, where a single
skeleton with a structural error leads to irreversible
reasoning failure. By retaining K high-confidence
candidate skeletons, we maximize the coverage of
correct logical structures with minimal computa-
tional cost, providing a search space for subsequent
structure-level rollback:

St = LLMbeam(QyHt—17It)~ (2)

4.2 Self-Guided Semantic Correction

To mitigate the risk of semantic deviations—where
a query executes successfully but returns factually
incorrect results due to semantic misalignment—
we introduce the Self-Guided Semantic Correction
mechanism. This mechanism leverages execution
feedback as a signal to dynamically identify the
first logical form from the skeleton set S; that si-
multaneously satisfies both syntactic executability
and semantic consistency.

Phase 3: Alignment. The candidate skeletons
generated in the previous step contain ungrounded
surface names for entities (/Vg,¢) and relations
(N,ep). To transform these into executable queries,
we must precisely map them to their Unique Identi-
fiers (UIDs) in the KB.

For Entity Alignment, we first attempt to match
Nen: exactly against KB labels. Matches are
ranked by popularity using FACC1 (Gabrilovich
et al., 2013) scores. If exact matching fails, we
employ the BM25 (Robertson and Zaragoza, 2009)
algorithm to retrieve semantically relevant entities.
In both scenarios, the top-k.,; entities are retained
as the candidate set £.,,,4. For Relation Alignment,
we employ SimCSE (Gao et al., 2021) to compute
semantic similarity with KB relations, retaining
the top-k,; results as R qnq. Finally, we gener-
ate candidate combinations from E.4,q and Reqnd,
sorting them in descending order based on the joint
score of FACC1 and SimCSE to form a prioritized
verification list.

Phase 4: Semantic Verification. We perform an
"Execute- Verify" test on prioritized candidates. For
each combination ¢; € E.qng X Reand, the system
instantiates the current skeleton sk; and integrates
the historical state l;_; to construct a temporary
logical form lye,,p, yielding the execution result:

Ttemp = Execute(liemp|K), 3)

Subsequently, the framework retrieves metadata
(e.g., descriptions, types). The fine-tuned LLM
evaluates the semantic consistency of both the can-
didate and the result with the query intent (1;). Ver-
ification failures (e.g., the intent is "movies" but
results are "books") trigger a candidate-level roll-
back, discarding the current candidate to attempt
the next without reverting earlier reasoning steps.

The search loop terminates immediately upon
identifying the first executable and semantically
aligned instance, formalizing the current state (i.e.,
lt <= ltemp, Tt < Ttemp)- To maintain controllable
inference costs and guarantee system termination,
we impose a Max Retry Limit that bounds the num-
ber of candidate combinations evaluated within
each individual reasoning step. At this stage, the
model makes a final decision based on the result: if
the task goal is deemed achieved (i.e., the current
result is the desired answer), it outputs a termi-
nation token (Final Answer: <r;>) to conclude
reasoning; otherwise, the system stores the current
state in the historical context and advances to the
next time step to generate a new plan.

4.3 Instruction Tuning Strategy

To equip the model with fine-grained planning ca-
pabilities and dynamic error-correction skills, we
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construct a hybrid instruction tuning dataset com-
prising both Positive Reasoning Chains and Nega-
tive Self-Repair Trajectories.

The construction process begins by converting
the SPARQL queries from the training set into
equivalent S-expression logical forms. To simu-
late the ungrounded state prior to entity linking, we
replace the Machine Identifiers (MIDs) with their
natural language surface names (e.g., m.@3bxz —
[Christopher Nolan]). Subsequently, we em-
ploy a Bottom-Up recursive parsing algorithm to
perform a post-order traversal of the syntax tree,
decomposing the complex query into a linear se-
quence of atomic operations l1,ls,...,l7. This
sequence serves as the fundamental skeleton for
stepwise execution.

Building on these skeletons, we utilize GPT-4
to synthesize explicit reasoning thoughts for each
atomic step. The model generates a [P1an] to artic-
ulate the intent and a [Reflection] to validate the
execution feedback. These samples constitute the
positive training data, teaching the model standard
intent planning and result verification.

To address semantic deviations—where queries
execute successfully but yield incorrect answers—
we introduce Negative Self-Repair Augmentation.
We employ GPT-4 to synthesize scenarios involv-
ing executable but semantically flawed logic, such
as linking to an entity with an identical name but
divergent type (e.g., a Physicist instead of a Di-
rector). This trains the system to detect semantic
inconsistencies within the execution feedback and
explicitly trigger a <RETRY> action. The detailed
prompts used for data synthesis and illustrative ex-
amples of the reasoning trajectories are provided
in Appendix F.

5 Experiments

5.1 Experimental Setup

Datasets. We conduct experiments on two stan-
dard benchmarks grounded in the Freebase knowl-
edge base (Bollacker et al., 2008). WebQSP (Yih
et al., 2016) contains 4,737 natural language ques-
tions paired with SPARQL queries, serving as a
fundamental testbed for semantic parsing. To eval-
uate performance on more sophisticated reasoning,
we also employ CWQ (Talmor and Berant, 2018).
This dataset comprises 34,689 samples involving
intricate multi-hop logic and constraints, which de-
mand significantly stronger reasoning capabilities
from the model. Detailed statistics and construc-

tion procedures for the instruction tuning data are
provided in Appendix C.

Baselines. We compare our proposed method
with a comprehensive set of KBQA baselines,
primarily categorized into the following four
groups: 1) Traditional IR methods, including
NSM-+h (He et al., 2021), Rigel (Sen et al., 2021),
and UniKGQA (Jiang et al., 2023b); 2) Traditional
SP methods, including QGG (Lan and Jiang, 2020),
UnifiedSKG (Xie et al., 2022), TIARA (Shu et al.,
2022), and FC-KBQA (Zhang et al., 2023); 3)
LLM-based IR methods, including ToG (Sun et al.,
2024), RoG (Luo et al., 2024b), PoG (Chen et al.,
2024), and EPERM (Long et al., 2025); and 4)
LLM-based SP methods, including KB-Binder (Li
et al., 2023), ChatKBQA (Luo et al., 2024a), RGR-
KBQA (Feng and He, 2025), CompKBQA (Tian
et al., 2025), and Rule-KBQA (Zhang et al., 2025).
Detailed descriptions of these baselines are pro-
vided in Appendix A.

Evaluation Metrics. Following previous
works (Luo et al., 2024a; Feng and He, 2025;
Tian et al., 2025), we adopt two standard metrics
to evaluate the performance: F1 score and
Hits@]1. Specifically, Hits@ 1 measures whether
the top-ranked prediction contains the correct
answer, F1 score evaluates the overlap between the
predicted and ground-truth answer sets, and Acc
denotes the strict exact-match accuracy.

Hyperparameters and Environment . We em-
ploy Llama-2-7B and Llama-2-13B (Touvron et al.,
2023) as backbone models for WebQSP and CWQ,
respectively. The models are fine-tuned for 50
epochs on WebQSP and 5 epochs on CWQ us-
ing LoRA with a rank of » = 8. All experiments
are conducted on a single NVIDIA A100 GPU.
Detailed implementation settings are provided in
Appendix E.

5.2 Main Results

Table 1 presents the performance comparison of
EVER against state-of-the-art baselines on the We-
bQSP and CWQ datasets. Overall, our framework
consistently outperforms other baseline methods.
First, we observe that LLM-based methods signifi-
cantly outperform traditional baselines, validating
the necessity of leveraging the powerful general-
ization capabilities of LLMs for complex semantic
parsing tasks.

Compared with LLM-based Semantic Parsing
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Method WebQSP CWQ
F1 Hits@l F1 Hits@1
Traditional IR Methods
NSM+h (He et al., 2021) 67.4 74.3 44.0 48.8
Rigel (Sen et al., 2021) - 73.3 - 48.7
UniKGQA (Jiang et al., 2023b) 77.2 722 494 51.2
Traditional SP Methods
QGG (Lan and Jiang, 2020) 73.0 74.0 40.4 44.1
UnifiedSKG (Xie et al., 2022) - 73.9 - 68.8
TIARA (Shu et al., 2022) 78.9 752

FC-KBQA (Zhang et al., 2023) 78.8 82.1 56.4 70.4
LLM-based IR Methods

ToG (Sun et al., 2024) - 82.6 - 69.5

RoG (Luo et al., 2024b) 70.8 85.7 56.2 62.6

PoG (Chen et al., 2024) - 87.3 - 75.0

EPERM (Long et al., 2025) 724 88.8 58.9 66.2
LLM-based SP Methods

KB-Binder (Li et al., 2023) 74.4 - -
ChatKBQA (Luo et al., 2024a) 79.8 832 778 82.7
RGR-KBQA (Feng and He, 2025) 80.7 84.5 76.6 82.0
CompKBQA (Tian et al., 2025) 81.3 84.2 79.4 83.6
Rule-KBQA (Zhang et al., 2025)  81.9 84.1 - 73.5

EVER (Ours) 81.8 869 812 849

Table 1: Performance comparison on WebQSP and
CWAQ datasets. The best results are bolded.

methods, EVER achieves consistent improvements.
Specifically, against ChatKBQA, which employs
a standard "generate-then-execute" paradigm, our
method demonstrates a substantial advantage, im-
proving F1 scores by 2.0% on WebQSP and expand-
ing the lead to 3.4% on the complex CWQ dataset.
Furthermore, EVER consistently maintains supe-
rior performance over other state-of-the-art base-
lines. This trend suggests that while recent SP
methods (e.g., Rule-KBQA) achieve highly compa-
rable performance on simple queries, our proposed
"Execution as Verification" paradigm is far more
effective in handling complex multi-hop reasoning,
as fine-grained planning and verification are critical
for generating structurally correct logical forms.
Compared with LLM-based IR methods, EVER
demonstrates superior robustness. On the com-
plex CWQ dataset, IR methods suffer from error
propagation inherent in iterative retrieval. In con-
trast, EVER mitigates this via Self-Guided Seman-
tic Correction, outperforming the best IR baseline
by 10.8% in F1 and 15.4% in Hits@1. Further-
more, while IR methods achieve decent Hits@1 on
WebQSP, their limited retrieval width leads to low
F1 scores in multi-answer scenarios. Conversely,
EVER employs fine-grained planning to generate
symbolic queries that comprehensively cover se-
mantic constraints, ensuring both high precision
and recall. Zero-shot experiments in Appendix G

Model Variants F1 Hits@1
EVER (Full Method) 81.2 84.9
Generation
w/o Fine-Grained Planning 78.4 (-2.8) 82.9
w/o Semantic Correction 79.3 (-1.9) 83.0

w/o Negative Training 80.1 (-1.1) 84.1

Retrieval
w/o Relation Retrieval 79.8 (-1.4) 83.2
w/o Entity Retrieval 77.1 (-4.1) 80.5

Table 2: Ablation study of different components on
the CWQ dataset. Values in parentheses denote the
performance drop compared to the full model.

further confirm our model’s robust transferability
to unseen datasets.

5.3 Ablation Study

To investigate the contributions of each component
in our Execution as Verification framework, we
conduct ablation studies on the CWQ dataset. The
results are presented in Table 2.

First, removing Fine-Grained Planning causes
the most significant drop (AF1 = -2.8%), con-
firming that stepwise decomposition is essential
for managing structural complexity in multi-hop
queries, whereas one-shot generation often yields
irreversible structural errors due to the lack of in-
termediate checkpoints to arrest error propagation.
Second, ablating Semantic Correction leads to a
1.9% decline. This underscores that execution feed-
back is vital for filtering out semantic mismatches
that linguistic checks miss. Additionally, exclud-
ing Negative Training results in a slight drop (AF1
= -1.1%), validating the benefit of explicit learn-
ing from failure-recovery scenarios. Finally, the
disparity between removing Entity Retrieval (AF1
= -4.1%) and Relation Retrieval (AF1 = -1.4%)
highlights that bridging the vocabulary gap for mas-
sive entities necessitates robust retrieval, whereas
closed relation sets favor exact matching.

5.4 In-depth Analysis

In this section, we provide a comprehensive anal-
ysis of the two core mechanisms in EVER: Fine-
Grained Planning and Self-Guided Semantic Cor-
rection. We aim to empirically validate their effec-
tiveness and demonstrate how they contribute to
structural stability and semantic correctness.
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Figure 3: Detailed performance analysis. (a) Execution Quality Analysis: We report the Final Executability
and Correctness on Executable queries for ChatKBQA and EVER on the complex CWQ dataset. The gray bars
specifically denote the execution success rate of EVER’s intermediate atomic sub-queries. (b) Performance by
Complexity: We plot the F1 scores against problem complexity, defined by the number of relations in the logical

form, across both CWQ and WebQSP.

5.4.1 Robustness of Fine-Grained Planning

We evaluate the Fine-Grained Execution-Aware
planning mechanism by examining its foundational
execution stability and its capability to mitigate
error propagation in complex scenarios.

Execution Quality. As illustrated in Figure 3(a),
our Fine-Grained Planning strategy significantly
enhances structural stability on the CWQ dataset
compared to the one-shot generation of ChatKBQA.
By decomposing complex logic into atomic opera-
tions, EVER achieves a remarkable sub-query ex-
ecution rate of 97.3%. This foundational stability
effectively mitigates structural collapse, resulting
in a final query executability of 94.5%, which sur-
passes the baseline by 2.8%. Furthermore, EVER
maintains a higher answer accuracy on the exe-
cutable subset, confirming that our planning yields
logic that is not only structurally executable but
also semantically aligned.

Resilience to Complexity. Leveraging high exe-
cution quality, we further verify robustness against
increasing reasoning depth. As illustrated in
Figure 3(b), EVER demonstrates exceptional re-
silience. While performing comparably on simple
queries, the advantage of EVER expands signifi-
cantly as the reasoning chain lengthens. Notably,
on the most challenging subset of CWQ (relations
> 6), EVER achieves a 9.4% improvement over
ChatKBQA. This confirms that fine-grained plan-
ning effectively mitigates error propagation, ensur-
ing reasoning robustness in long logical chains by
continuously anchoring the reasoning process to
valid KB facts.

Metric Category Dataset
WebQSP CWQ
Trigger Rate 14.5% 20.2%
Rescue Rate 69.5% 58.8%
Retry Distribution:
1 Iteration 86.7% 79.9%
2 Iterations 8.1% 12.1%
> 3 Iterations 5.2% 8.0%

Table 3: Statistical breakdown of the Self-Guided Cor-
rection mechanism. We report the Trigger Rate (per-
centage of atomic sub-queries triggering rollbacks), the
Rescue Rate (percentage of triggered queries success-
fully corrected), and the Retry Distribution to evaluate
the computational cost.

5.4.2 Effectiveness of Self-Guided Correction

To validate the effectiveness of the Self-Guided
Correction mechanism, we report the triggering
and resolution patterns in Table 3. The substantial
Trigger Rates underscore the ubiquity of seman-
tic deviations (e.g., entity linking errors). In re-
sponse, our mechanism demonstrates a robust Res-
cue Rate, successfully salvaging 69.5% and 58.8%
of these erroneous queries on WebQSP and CWQ,
respectively. This indicates that EVER effectively
converts potential failures (i.e., executable but in-
correct results) into semantically aligned queries
via semantic calibration. Furthermore, the Retry
Distribution confirms the system’s manageability
regarding efficiency: the vast majority of correc-
tions are resolved within a single iteration. This
demonstrates fast convergence, ensuring precise
logic grounding without incurring excessive com-
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putational overhead. For a comprehensive analysis
of the system’s efficiency, including comparisons
of average LLM calls and inference time against
baselines, please refer to Appendix D.

6 Conclusion

In this paper, we introduce the EVER framework,
reframing semantic parsing as an iterative, self-
correcting reasoning process. We propose Fine-
Grained Execution-Aware Planning to maximize
executability via stepwise decomposition, and Self-
Guided Semantic Correction to rectify semantic
misalignment using execution feedback. Extensive
experiments on WebQSP and CWQ demonstrate
that EVER significantly outperforms state-of-the-
art baselines, particularly in complex multi-hop
scenarios. Our findings underscore the critical role
of execution feedback, offering a robust paradigm
for neuro-symbolic reasoning.

Limitations

While the computational overhead of the EVER
framework remains within a manageable range, it
does incur an increase compared to one-shot gen-
eration methods due to its fine-grained planning
and interactions with the knowledge base. Addi-
tionally, although our system verifies the consis-
tency between the reasoning intent and the logi-
cal form, LLMs face a challenge in distinguishing
whether an empty execution result stems from a
semantic misalignment or knowledge base incom-
pleteness. This absence of result-based ground-
ing mechanisms may occasionally complicate the
decision-making process for error recovery under
sparse data conditions.
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A Baseline Descriptions

We compare our proposed method with a compre-
hensive set of KBQA baselines. These methods are
categorized into four groups: Traditional Informa-
tion Retrieval (IR) methods, Traditional Semantic
Parsing (SP) methods, LLM-based IR methods, and
LLM-based SP methods.

1) Traditional IR Methods These methods typi-
cally retrieve answer candidates directly from the
knowledge bases by scoring paths or subgraphs.

* NSM+h (He et al., 2021) introduces a teacher-
student framework that utilizes the distribu-
tional consistency between forward and back-
ward reasoning. It derives supervision signals
at intermediate steps to mitigate spurious rea-
soning in the Neural State Machine.

* Rigel (Sen et al., 2021) extends the differen-
tiable knowledge bases framework by incor-
porating a specialized intersection operation,
enabling the explicit handling of multi-entity
constraints in a fully differentiable manner.

* UniKGQA (Jiang et al., 2023b) unifies re-
trieval and reasoning within a shared param-
eter space, employing a semantic matching
module combined with information propaga-
tion to jointly optimize both tasks.

2) Traditional SP Methods These methods fo-
cus on translating natural language questions
into executable logical forms (e.g., SPARQL, S-
expressions).

* QGG (Lan and Jiang, 2020) optimizes staged
query graph generation. It incorporates con-
straints early in the generation process to ef-
fectively prune the search space for complex
multi-hop questions.

¢ UnifiedSKG (Xie et al., 2022) frames var-
ious structured knowledge grounding tasks
into a unified text-to-text format, leveraging
the TS model to generate outputs from lin-
earized structured inputs.

¢ TTARA (Shu et al., 2022) utilizes constrained
decoding to strictly regulate the output space
of PLMs. It ensures the generation of syntacti-
cally executable logical forms while integrat-
ing multi-grained retrieval context.

* FC-KBQA (Zhang et al., 2023) proposes a
fine-to-coarse composition framework. It re-
formulates fine-grained KB components into
middle-grained knowledge pairs to balance
the generalization and executability of logical
expressions.

3) LLM-based IR Methods These methods
leverage the parametric knowledge and reasoning
capabilities of Large Language Models to guide the
retrieval process.

* ToG (Sun et al., 2024) treats the LLM as a rea-
soning agent within an interactive paradigm,
actively exploring external KGs via beam
search to answer complex queries.

* RoG (Luo et al., 2024b) presents a planning-
retrieval-reasoning framework. The LLM
first generates relation paths as faithful plans,
which subsequently guide the retrieval of valid
reasoning paths from the KG.

¢ PoG (Chen et al., 2024) introduces a self-
correcting adaptive planning paradigm. It de-
composes questions into sub-objectives and
employs a reflection mechanism to dynami-
cally adjust reasoning paths during KG explo-
ration.

* EPERM (Long et al., 2025) adopts a three-
stage framework that retrieves subgraph infor-
mation and explicitly weights evidence paths,
prioritizing knowledge that faithfully supports
the reasoning process.

4) LLM-based SP Methods These methods uti-
lize LLMs to generate logical forms, often com-
bined with grounding mechanisms to ensure valid-

ity.

* KB-Binder (Li et al., 2023) establishes a
training-free few-shot framework. It generates
Skeleton logical forms via LLMs and grounds
them to the KB schema using BM25-based
matching to ensure executability.

* ChatKBQA (Luo et al., 2024a) follows a
generate-then-execute paradigm. A fine-tuned
LLM first predicts a logical form Skeleton,
which is then grounded to the KB via unsuper-
vised entity and relation retrieval.

* RGR-KBQA (Feng and He, 2025) employs a
multi-stage strategy combining factual knowl-
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Category Operator Semantics
L. (JOIN e 7) Returns objects o where (e, ,0) € K.
Projection i
(JOIN 7 ) Returns subjects s where (s, r,¢e) € K.
Intersection (AND E; E») Intersection of sets: £1 N Es.
(COUNT E) Returns cardinality |E|.
Aggregation (ARGMAX E r)  Entities in £ maximizing value of 7.

(ARGMIN E r)  Entities in E minimizing value of r.

Filters £ where value > [ or < [.
Filters E where value > [ or < [.

(GT/LT E 1)

Comparative
(GE/LE E 1)

Table 4: Definitions of atomic operators. I denotes a
set of entities, r a relation, e an entity, and [ a literal
value.

edge injection before generation with a sub-
sequent retrieval step for entity and relation
refinement.

CompKBQA (Tian et al., 2025) opti-
mizes logical form generation by decom-
posing the problem into progressive sub-
tasks—specifically skeleton, topic entity, and
relation generation—to reduce component-
wise errors.

L]

Rule-KBQA (Zhang et al., 2025) combines
rule induction and rule-guided reasoning to
integrate symbolic rules with large language
models, enabling more controllable and re-
liable logical form generation for complex
KBQA while reducing hallucinations.

B Logical Form Definitions

In our framework, we adopt S-expressions (Lisp-
like symbolic expressions) as the intermediate logi-
cal form. This choice is driven by their hierarchical
structure, which naturally aligns with the composi-
tional nature of complex multi-hop questions and
allows for deterministic compilation into standard
SPARQL queries for execution against the knowl-
edge base.

In this context, the construction of a logical form
is decomposed into a sequence of atomic opera-
tions. We categorize these operators into four types:
Projection, Intersection, Aggregation, and Compar-
ative. The detailed semantics and syntax of each
operator are presented in Table 4.

C Datasets and Data Construction

To comprehensively evaluate the performance of
the EVER framework, we conduct experiments
on two widely used KBQA benchmarks based on
Freebase. WebQSP (Yih et al., 2016) consists of

Original Split ‘ Constructed SFT Data (Train Only)

Dataset

Train Dev Test ‘ Positive  Negative Total

WebQSP 3,098 - 1,639 3,098 500 3,598
CWQ 27,639 3,519 3,531 | 27,639 4,000 31,639

Table 5: Statistics of the benchmark datasets and the
constructed instruction tuning data.

4,737 questions, predominantly involving 1-hop or
2-hop relations, serving as a baseline for funda-
mental semantic parsing capabilities. In contrast,
CWQ (Talmor and Berant, 2018) exhibits signifi-
cantly higher complexity. With 34,689 questions, it
necessitates multi-hop reasoning (up to 4 hops) and
involves compositionality, aggregation, and com-
paratives, thereby imposing stringent demands on
the model’s long-range reasoning abilities.

Instruction Tuning Data Construction. We
construct the instruction tuning data based on the
official training splits of the aforementioned bench-
marks. To balance training efficiency with error-
correction robustness, we adopt an asymmetric con-
struction strategy. For Positive Trajectories, we
generate standard step-by-step reasoning chains
using all original training samples to ensure mas-
tery of correct foundational logic. For Negative
Trajectories, considering the sparsity of errors in
real-world scenarios, we restrict the proportion of
samples containing self-correction processes to ap-
proximately 10%—20% of the total data. Table 5
details the statistics of the original datasets and the
constructed instruction tuning data.

Data Quality and Consistency. We ensure the
reliability of the GPT-4 generated annotations
through deterministic parsing and manual audit-
ing. By extracting S-expressions directly from
gold-standard SPARQL queries via a bottom-up
recursive algorithm, we guarantee 100% execution-
level accuracy and simplify complex multi-hop
logic into single-step atomic operations, which sig-
nificantly reduces the risk of LLM hallucinations.
Furthermore, a manual quality audit of 200 random
instances revealed that only 5.5% exhibited minor
noise, such as verbosity or slight semantic devi-
ations. These instances still accurately conveyed
the core reasoning goals without compromising the
executability of the logical forms, demonstrating
the high reliability of our synthesized data.
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Method Avg. LLM Calls  Avg. Inference Time
ToG 23.1 >60.0s
ChatKBQA* 1 ~3.4s
EVER (Ours)* 4.1 ~7.5s

Table 6: Efficiency comparison regarding LLM calls
and inference time, averaged over WebQSP and CWQ
datasets. Models marked with * require fine-tuning.

Hyperparameter WebQSP CWQ
Model & Training

LLM Backbone Llama-2-7B Llama-2-13B
Fine-tuning Method LoRA LoRA
Train Batch Size {1,2,3,4} {1,2,3,4}
Learning Rate {Se-5, Se-4, 5e-3} {5e-5, Se-4, Se-3}
Train Epochs {10, 30, 50, 100} {5, 10, 30, 50}
Inference

Skeleton Beam Size {1, 3,5, 8} {1,3,5,8}
Max Retry Limit {1,2,3,5} {1,2,3,5}
Retrieval

Retrieval Model {SimCSE, Contriever, BM25}
Entity Candidate (k.) 50 50
Relation Candidate (k) 15 15

Table 7: Detailed hyperparameter settings. Values in
braces denote the search space, and bold values indicate
the optimal settings.

D Efficiency Analysis

We report the statistics of average LLM calls and
inference latency per query, as shown in Table 6.

Although LLM-based IR methods like ToG pos-
sess the advantage of being training-free, their ex-
cessive average inference latency—caused by ex-
haustive exploration over entity graphs—renders
them impractical for real-world deployment. In
contrast, LLM-based SP methods like ChatKBQA
leverage fine-tuning to generate the logical form of
the question in a single pass. While this approach
achieves minimal latency, the strict nature of query
languages poses challenges when handling com-
plex questions. EVER effectively balances this
trade-off: by utilizing instruction tuning to con-
strain the search space within logical schemas and
employing a dynamic correction loop, it achieves
efficient and robust reasoning for complex ques-
tions with reduced LLM calls and acceptable infer-
ence latency.

E Hyperparameter Settings

In this section, we present the implementation de-
tails of the EVER framework. The detailed hy-

perparameter settings for both WebQSP and CWQ
datasets are summarized in Table 7, including the
search space and the optimal values selected.

F Prompts and Data Examples

To facilitate reproducibility and transparency, we
provide the full set of prompts and a detailed train-
ing example used in our framework.

Inference Setup. Table 10 details the system
prompt enforcing the Execution as Verification pro-
tocol, which defines the iterative reasoning process
and the <RETRY> mechanism. The model input at
step ¢ is constructed by concatenating this prompt,
the user question, and the history sequence H;_.

Data Construction. We utilize GPT-4 for
dataset synthesis. Tables 11 and 12 present the
prompts used to generate positive reasoning chains
and negative self-repair trajectories, respectively.

Trajectory Example. Figure 4 illustrates a train-
ing instance featuring negative self-repair. The
model identifies an entity linking error via ground-
ing feedback and utilizes the <RETRY> action to
correct the mismatch before proceeding.

G Benchmark Expansion and
Transferability Analysis

To rigorously verify EVER’s generalizability to
unseen relations and diverse logical compositions,
we conducted zero-shot cross-dataset evaluations.
Specifically, we applied the model trained solely
on the complex CWQ dataset to two benchmarks
without target-domain fine-tuning: (1) WebQSP,
for basic cross-dataset transferability, and (2)
GrailQA (Gu et al., 2021), for zero-shot generaliza-
tion to unseen schemas.

Table 8: Zero-shot transferability evaluation. The model
trained exclusively on CWQ is evaluated on WebQSP
and GrailQA without any target-domain fine-tuning.

Training Source Evaluation Target F1 Hits@1
WebQSP (In-domain) WebQSP 81.8 86.9
CWQ (Transfer) WebQSP 80.2 84.2
CWQ (Transfer) GrailQA 62.2 68.3

As shown in Table 8, EVER achieves strong per-
formance retention when transferring from CWQ
to WebQSP. Furthermore, under the strict zero-shot
setting on GrailQA, EVER achieves competitive
results. It effectively mitigates the vocabulary gap
of unseen KB schemas through our Execution as
Verification paradigm. Decoupling logical skeleton
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generation from KB alignment inherently prevents
over-fitting, while the Self-Guided Semantic Cor-
rection mechanism leverages execution feedback
to dynamically calibrate noisy retrieval candidates,
ensuring reliable logic grounding.

H Performance Analysis Across Different
Backbone Models

To further investigate whether stronger Large Lan-
guage Models (LLMs) can inherently resolve the
query executability issue in KBQA systems, we
evaluated the performance of the EVER framework
using Llama-3.1-8B (Team, 2024) as the backbone
on the complex CWQ dataset.

Table 9: Performance comparison of EVER across dif-
ferent backbone models on the CWQ dataset.

Backbone Model F1 Hits@1
EVER (Llama-2-13B) 81.2 84.9
EVER (Llama-3.1-8B) 81.9 86.2

As shown in Table 9, although Llama-3.1-
8B possesses a more advanced architecture and
stronger instruction-following capabilities, the im-
provement in F1 score is relatively limited (0.7%)
compared to Llama-2-13B. This result demon-
strates that simply scaling the model size or enhanc-
ing reasoning capacity does not fully eliminate the
structural deviations encountered during semantic
parsing into logical forms (e.g., S-expressions).

In contrast, the Fine-Grained Execution-Aware
Planning in EVER provides structural fault tol-
erance by decomposing complex queries, which
acts as a critical compensation mechanism even for
moderate-sized models. This suggests that the cur-
rent performance bottleneck is no longer primarily
determined by the model’s raw reasoning capacity,
but is instead more constrained by knowledge base
incompleteness and the vocabulary gap in entity
alignment.
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Section

Content

Role Definition  You are an expert assistant proficient in Knowledge Base Question Answering (KBQA). Your goal is to
decompose complex user questions into a sequence of executable logical steps.
Guidelines 1. Iterative Reasoning: Do NOT generate the full plan at once. Only generate the Thought and Action
for the current step.
2. Logical Form: Use standard logical operators: JOIN, AND, COUNT, ARGMAX, ARGMIN, GT, LT,
GE, LE.
3. Variable Usage: If previous steps produced results, use variables (e.g., <r1>) directly.
4. Structured Thinking: Must use [Reflection] to verify and [Plan] to state intent.
5. Grounding: Use natural language surface names; KB IDs are prohibited.
Output Format  Select one of the following output modes based on the current state:
Mode 1 (Normal): Thought: [Reflection] <Confirm expectation> [Plan] <Describe intent>
Action: <S-expression>
Mode 2 (Correction): Thought: [Reflection] <Analyze why the result is wrong> Action:
<RETRY>
Mode 3 (Completion): Thought: [Reflection] <Confirm final result obtained> Action:
Final Answer: <Rn>
Table 10: System prompt used during the inference phase.
Section Content
Role Definition  You are an expert KBQA Data Annotator. Your task is to generate a structured natural language "Thought"
for each step in the provided decomposed logic sequence, ensuring alignment with the user’s question.
Input Data Question: {{question} }
Logic Steps: {{steps_str}}
Guidelines 1. Structure Tags: Strictly use [Reflection] and [Plan].
2. Step 1 Strategy: Format: [Plan] <Explain intent starting from question>. (No reflection).
3. Step 2 to N: Format: [Reflection] <Verify previous result> [Plan] <Explain intent>.
4. Variable Handling: Use natural language (e.g., "these movies") to refer to variables like <r1>.
Output Return ONLY a JSON list of objects: ["step_index": 1, "thought_content”: "...", ...]
Table 11: Prompt for generating Positive Reasoning Thoughts.
Section Content
Role Definition  You are an expert in Entity Disambiguation and Logic Reasoning. Your task is to create a Failure & Retry
scenario where the model initially selects a wrong entity/type and then corrects itself.
Input Data Entity Name: {{entity_name}}
Question: {{question} }
Guidelines 1. Invent Distractor: Create a distractor with the same name but different type/profession (e.g., Director
vs. Physicist).
2. Rejection Thought: Start with [Reflection]. Explain the semantic mismatch based on the observa-
tion and decide to retry.
3. Correction Thought: Start with [Reflection]. Confirm the correct entity matches user intent, then
append [Plan].
Output Return ONLY a JSON object: {distractor_description, rejection_thought,

correction_thought}.

Table 12: Prompt for generating Negative Self-Repair Trajectories.
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"question”: "Which movies directed by Christopher Nolan won an Oscar?”,
"conversations”: [
{
"role”: "system”,
"content”: "You are an expert assistant proficient in Knowledge Base Question Answering...
(See Table 10 for full prompt)”
}!
{
"role": "user”,
"content”: "Which movies directed by Christopher Nolan won an Oscar?”
}’
{
"role”: "assistant”,
"content”: "[Plan] First, based on the question intent, I need to find all movies directed
by Christopher Nolan.\nAction: (JOIN (R [ film.director.film 1) [ Christopher Nolan ]1)"
}!
{
"role": "observation”,
"content”: "Execution Success\nExecuted Query <11>: (JOIN (R [ film.director.film 1J)

[ m.@3bxz 1)\n[Grounding Info]\n- Entity Christopher Nolan -> m.03bxz (American theoretical
physicist)\n- Relation film.director.film -> (Film Director)\n[Execution Result <r1>J\n- []"

}!
{
"role”: "assistant”,
"content”: "[Reflection] The entity Christopher Nolan was linked to a theoretical physicist
(m.0@3bxz), which does not match the intent of searching for a director.\nAction: <RETRY>"
i
{
"role"”: "observation”,
"content”: "Execution Success\nExecuted Query <11>: (JOIN (R [ film.director.film 1J)

[ m.21234 1\n[Grounding Infol\n- Entity Christopher Nolan -> m.@1234 (Famous film director,
screenwriter, producer)\n[Execution Result <r1>]J\n- <r1> = [Inception (2010 Sci-Fi action film),

Interstellar (2014 epic Sci-Fi film), ...J1"
}!
{
"role”: "assistant”,
"content”: "[Reflection] The entity was correctly linked to film director, and returned a

result consistent with the intent <r1>. [Plan] Next, I will filter <r1> for movies that won an
Oscar.\nAction: (AND <r1> (JOIN (R [ film.film.award 1) [ Oscar 1))"
}’
{
"role": "observation”,
"content”: "Execution Status: Success\n[Execution Result]\n- <r2> = [Inception (Won 4 Oscars
including Best Cinematography), The Dark Knight (Won 2 Oscars including Best Sound Editing)]"

}7
{
"role”: "assistant”,
"content”: "[Reflection] Filtering complete. <r2> contains the final answer.\nAction: Final
Answer: [Inception, The Dark Knight]"
}

]

Figure 4: An example of a training trajectory containing a Negative Self-Repair turn.
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