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Abstract

Recent large language models (LLMs) have
achieved impressive reasoning milestones but
continue to struggle with high computational
costs, logical inconsistencies, and sharp perfor-
mance degradation on high-complexity prob-
lems. While neuro-symbolic methods at-
tempt to mitigate these issues by coupling
LLMs with symbolic reasoners, existing ap-
proaches typically rely on monotonic logics
(e.g., SMT) that cannot represent defeasible rea-
soning—essential components of human cogni-
tion. We present LLM+ASP, a framework that
translates natural language into Answer Set Pro-
gramming (ASP), a nonmonotonic formalism
based on stable model semantics. Unlike prior
LLM+ASP approaches that require manually
authored knowledge modules, domain-specific
prompts, or evaluation restricted to single prob-
lem classes, our framework operates without
any per-task engineering and applies uniformly
across diverse reasoning tasks. Our system uti-
lizes an automated self-correction loop where
structured feedback from the ASP solver en-
ables iterative refinement. Evaluating across
six diverse benchmarks, we demonstrate that:
(1) stable model semantics allow LLMs to natu-
rally express default rules and exceptions, out-
performing SMT-based alternatives by signif-
icant margins on nonmonotonic tasks; (2) it-
erative self-correction is the primary driver of
performance, effectively replacing the need for
handcrafted domain knowledge; (3) compact
in-context reference guides substantially outper-
form verbose documentation, revealing a “con-
text rot" phenomenon where excessive context
hinders constraint adherence.

1 Introduction

Recent advancements in Large Language Mod-
els (LLMs) have pushed the boundaries of au-
tomated reasoning. Models like Google’s Gem-
ini series, OpenAlI’s o-series, and DeepSeek’s R1
(Kavukcuoglu, 2025; Jaech et al., 2024; OpenAl,
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2024; Guo et al., 2025) are often referred to as
“Reasoning" models. Unlike previous LLMs, these
models solve complex, multi-step problems by gen-
erating explicit intermediate “thinking" tokens, re-
flecting on them, and self-correcting their reason-
ing.

By scaling computation during inference, these
models achieve impressive performance on many
complex reasoning tasks. However, they incur high
computational costs, and their performance falls
sharply as problems surpass a certain complexity
threshold (Shojaee et al., 2025; Chen et al., 2024;
Sui et al., 2025). Furthermore, despite generating
long reasoning traces, they often exhibit logical in-
consistencies between their intermediate “thinking"
tokens and final answers (Chen et al., 2025; Stechly
et al., 2025).

A promising path to mitigate these weaknesses
lies in neuro-symbolic approaches that combine the
natural language strengths of LLMs with the rigor
of external symbolic reasoners. While promising,
these methods have often been restricted to narrow
domains and require careful prompting or human
intervention, hindering their scalability and general
applicability (Lin et al., 2024; Kambhampati et al.,
2024; Guan et al., 2023).

A crucial limitation of many existing neuro-
symbolic approaches is their reliance on monotonic
logics (e.g., First-Order Logic, Satisfiability Mod-
ulo Theories). In these frameworks, once a con-
clusion is derived, it cannot be retracted with the
addition of new information, making them ill-suited
for representing defeasible reasoning, preferences,
or exceptions. In contrast, human reasoning is in-
herently nonmonotonic: we routinely make default
assumptions (e.g., "birds fly") that we retract upon
encountering specific exceptions (e.g., "penguins").

Our work introduces LLM+ASP, which bridges
this gap by coupling LLMs with Answer Set Pro-
gramming (ASP) (Lifschitz, 2008; Brewka et al.,
2011; Lee and Meng, 2008; Gebser et al., 2006).
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ASP’s theoretical foundation in stable model seman-
tics treats default negation and alternative possible
worlds as first-class constructs, allowing LLMs to
model complex logical conflicts more naturally than
in FOL or SMT.

Distinction from prior LLM+ASP work. Our
earlier work explored coupling LLMs with ASP
but relied on task-specific engineering. Yang et al.
(2023) generated partial ASP representations re-
quiring manually authored knowledge modules and
few-shot examples per problem class; Ishay et al.
(2023) generated complete programs via custom-
designed prompting but evaluated only on logic grid
puzzles. Critically, both treated the LLM as a one-
shot translator with no mechanism to recover from
generation errors—the LLM produced an ASP pro-
gram, and if it was flawed, there was no path to cor-
rection. In contrast, LLM+ASP addresses this by in-
troducing an automated self-correction loop driven
by solver feedback, requiring no per-task prompts,
no few-shot examples, and no manually authored
domain knowledge. This enables a single task-
agnostic framework to operate across six diverse
benchmarks spanning constraint satisfaction, plan-
ning, and nonmonotonic reasoning—substantially
broader than any prior LLM+ASP evaluation.
Enabling this task-agnostic approach is a key
empirical observation. Recent LLMs, especially
those scaled up for test-time computation, can gen-
erate ASP code with relatively little guidance, likely
due to sufficient ASP code exposure in their train-
ing data. However, an LLM’s initial attempt at
writing an ASP program is often flawed. To remedy
this, we introduce LLM+ASP, a framework that en-
ables LLMs to become effective ASP programmers
through an automated feedback loop. While the
core principle of using execution feedback for iter-
ative refinement builds on established work in se-
mantic parsing and program synthesis (Chen et al.,
2023; Olausson et al., 2023), our contribution lies in
demonstrating that this approach, when applied to
ASP with its nonmonotonic semantics, enables ro-
bust automated reasoning across diverse task types
without task-specific engineering. Specifically, we
show that: (1) ASP’s stable model semantics pro-
vides a more natural target for LLM-based code
generation in nonmonotonic reasoning tasks com-
pared to monotonic alternatives, (2) a compact in-
context reference guide substantially outperforms
verbose documentation, revealing a “context rot"
phenomenon, and (3) the self-correction loop is the
primary performance driver, with reference materi-

als playing a secondary but important role.

We find that recent Reasoning models are par-
ticularly adept at this process, generating correct
ASP programs by reflecting on solver output mes-
sages. Here, thinking tokens are used to gener-
ate and revise ASP programs that guide efficient
symbolic search, rather than directly traversing the
search space. Additionally, supplying LLMs with
reference materials on ASP improves performance,
especially for weaker models.

Our code implementation is available on GitHub:
https://github.com/azreasoners/
llm—asp-programmer.

2 Related Work

2.1 Reasoning with LLMs

Recent large reasoning models—Google’s Gem-
ini series (Kavukcuoglu, 2025), OpenAl’s o-
series (Jaech et al., 2024; OpenAl, 2024), and
DeepSeek’s R1 (Guo et al., 2025)—achieve impres-
sive performance by scaling test-time computation.
However, they face three key limitations: high com-
putational costs (Chen et al., 2024; Sui et al., 2025),
sharp performance degradation beyond complexity
thresholds (Shojaee et al., 2025; Valmeekam et al.,
2025), and logical inconsistencies between reason-
ing traces and answers (Chen et al., 2025; Stechly
et al., 2025).

Neuro-Symbolic Alternatives. Coupling LLMs
with symbolic reasoners consistently outperforms
direct LLM planning (Kalyanpur et al., 2024; Liu
et al., 2023; Pan et al., 2023; Hao et al., 2025).
However, existing approaches require manually au-
thored domain knowledge (Liu et al., 2023; Xie
et al., 2023), hand-designed schemas (Kalyanpur
et al., 2024), human-in-the-loop intervention (Guan
et al., 2023), or task-specific prompt engineer-
ing (Pan et al., 2023; Hao et al., 2025).

It has been shown that LLMs have the capac-
ity to improve their performance by self-correction
via various forms of feedback (Madaan et al., 2023;
Shinn et al., 2023; Kamoi et al., 2024; Stechly et al.,
2024), and program synthesis systems use compiler
feedback for iterative refinement (Chen et al., 2023;
Olausson et al., 2023). The LLM-Modulo frame-
work (Kambhampati et al., 2024) provides struc-
tured feedback but requires correct initial models.

LLMs with Answer Set Programming. Prior
LLM+ASP approaches (Yang et al., 2023; Ishay
et al., 2023) treated the LLM as a one-shot trans-
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lator requiring task-specific engineering, without
mechanisms to recover from generation errors, as
detailed in Section 1. Alternatively, Ishay and
Lee (2025) explored using action language BC+
(Babb and Lee, 2015, 2020) in place of ASP with
self-revisions, but focused primarily on planning
problems. More broadly, other neuro-symbolic
approaches coupling LLMs with symbolic reason-
ers similarly require manual expert knowledge or
restriction to narrow domains (Lin et al., 2024;
Kalyanpur et al., 2024). Our automated self-
correction loop, which we identify as the primary
performance driver (Section 4.3), addresses this
shared limitation across existing work.

2.2 Answer Set Programming

Answer Set Programming (ASP) (Lifschitz, 2008;
Brewka et al., 2011) is a knowledge representation
formalism based on stable model semantics (Gel-
fond and Lifschitz, 1988), capable of expressing
causal reasoning, default reasoning, aggregates, and
constraints.

ASP’s declarative nature allows users to specify
what must be true rather than sow to find solutions,
making it ideal for problems defined by complex
logical constraints. Efficient solvers like CLINGO
use Conflict-Driven Clause Learning to handle NP-
hard problems and beyond.

ASP rules of the form A <« B,not C,
where not is default negation, read as “de-
rive A if one can derive B and cannot de-
rive C." For example, flies (X) < bird(X),
not penguin (X) means X flies if X is
a bird unless there is evidence it is a pen-
guin. Facts like bird (tweety) have no body.
Constraints like «+— flies (X), penguin (X)
forbid patterns.  Modern ASP includes ag-
gregates (#count, #sum), choice rules (e.g.,
{color (X, red); color(X,blue)}), and
optimization (#minimize). For more on CLINGO,
see (Lifschitz, 2019) or the user guide.'

While ASP is useful for automated reasoning,
writing ASP code typically requires expertise. Prior
work required carefully designed prompts, manual
knowledge modules, or human intervention. We
demonstrate that recent LLMs, integrated into a self-
correction loop, enable automated ASP generation
without human involvement.

'"https://github.com/potassco/guide/
releases.

3 Our Method

Our approach leverages LLMs to encode natural
language knowledge into ASP for efficient reason-
ing.

The LLM+ASP pipeline (Figure 1) begins with
an LLM generator receiving a natural language
problem description. The generator writes or up-
dates the symbolic ASP representation using a short
instruction prompt (Appendix B), which contains
the problem description, task-agnostic instructions,
and an optional ASP reference guide for in-context
learning. Here, task-agnostic means that the prompt
contains no task-specific prompt engineering: it
uses no per-task prompts, no few-shot task exam-
ples, and no manually authored domain knowledge.
We experiment with two references: (i) standard
reference: Gemini 2.5 Pro summary of the offi-
cial CLINGO manual (22k tokens). (ii) compact
reference: derived from (i), restricted to common
ASP constructs, such as basic rule syntax, variable
conventions, common operators, pooling, and stan-
dard constraint formats (2.6k tokens; one-eighth the
size).> While reference creation requires one-time
manual effort, it eliminates task-specific prompt en-
gineering for each problem, unlike prior approaches
requiring extensive per-domain customization (Hao
et al., 2025; Pan et al., 2023).

Once generated, the program is executed by
CLINGO (we used v5.8.0). The output is fed back
to the generator, which decides whether to accept
the proposed answer set (i.e., stable model) or up-
date the ASP code based on solver feedback. The
generator is given instructions to either “UPDATE"
or “PASS." An update rewrites the program based
on CLINGO feedback. A pass is chosen only when
the LLM judges the output correct. If passing, the
program and solution are accepted. Otherwise, the
cycle repeats until a solution passes or maximum
revisions are reached. An example trace is in Ap-
pendix C.

4 Experiments

To evaluate the effectiveness and characteristics of
our LLM+ASP framework, we conduct a series of
experiments designed to answer the following key
research questions:

RQI1 Overall Performance: How does the
LLM+ASP framework perform on com-

2Appendix H presents the compact reference as well as the
method used to generate it.
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There are 6 houses, numbered 1 to 6 from left to right, as
seen from across the street. There are two houses in
lbetween the person who smokes lucky strike and the person
whose favorite fictional genre is drama. The person who
[smokes prince is directly to left of the magician. The person
in the cabin and the mechanic are the same person...

\ Reference
Problem

Description

_——k_——=- U IR R

% For each house and category, assign exactly one attribute.
{has(H, C, A) : attribute(C, A) } = 1 :- house(H), category(C).
% Each attribute must be assigned to exactly one house.

:- attribute(C, A), { has(H, C, A) : house(H) } !=1.

% Clue 1: There are two houses in between the person who smokes
lucky strike and the person whose favorite fictional genre is drama.

:- smokes(H1, lucky_strike), likes(H2, drama), |[H1-H2| !=3...
wears(4,jeans) house_is(4,loft)

-------------- ‘l wears(3,belt) person_is(6,indian)

Clingo Output house_is(5,townhouse)

works_as(2,astronaut)
wears(5,watch) smokes(1,l_m)

‘
\ —

i Generatorv _,:{ASP ram :—» !l — Answer Set :

I Pass l T oo - : 1:

v !

! Clingo Output Human-readable OUT://L——

' AnswerSet —> Formatter ~—» w '
______________ P

- **House 1**: The Mexican
lawyer lives in the studio,
likes sci-fi, smokes L&M,

and wears a coat.

Figure 1: LLM+ASP Pipeline

plex reasoning tasks compared to standalone
LLMs? Does the framework benefit LLMs of
varying strengths differently?

RQ2 Impact of In-Context Knowledge: How does
providing an external reference on ASP syn-
tax and conventions affect the performance
of LLMs with different levels of pre-existing
knowledge?

RQ3 Impact of Iterative Correction: What is
the effect of self-revision on program quality
and reasoning performance? How does model
capability affect the revision process? What
are the primary failure cases of LLM+ASP?

RQ4 Preliminary Comparison with SMT: If we
replace ASP with SMT in our pipeline, how
would it perform, particularly on nonmono-
tonic reasoning tasks where ASP has theoreti-
cal advantages?

Benchmarks. We selected a diverse suite of bench-
marks to rigorously evaluate the LLM+ASP frame-
work across a wide spectrum of logical reasoning
challenges.

Zebral.ogic (Lin et al., 2025) evaluates logical
reasoning using grid puzzles. From this bench-
mark, we use 100 of the hardest “XL" puzzles
(ZL-XL) and created a custom-built set of even
more challenging problems, which we named ZL-
XXL, designed to enable finer-grained evaluation.
The dataset is categorized into five sizes: n X n
for n € {4,6,8,10, 12}, with 20 puzzles in each
category. SudokuBench (Seely et al., 2025) is a
curated collection of 100 challenging and uncon-
ventional Sudoku variants. Unlike standard Sudoku,
its puzzles introduce novel, interacting logical con-
straints. We include 100 problems from the Mys-
tery Blocksworld benchmark (Valmeekam et al.,
2023), a planning domain variant, intentionally ob-
fuscated to require models to reason through trans-

formations.

To explicitly evaluate nonmonotonic reasoning,

we include two benchmarks that go beyond mono-
tonic logical inference. MultiLogicNMR (Xiu and
Liu, 2025) is a benchmark for nonmonotonic rea-
soning, covering default reasoning, exceptions, and
rule conflicts. This allows us to directly assess a
model’s ability to handle inference retraction and
alternative possible conclusions. Specifically, the
benchmark distinguishes between skeptical reason-
ing, in which a conclusion must be entailed by all
models, and credulous reasoning, in which a con-
clusion is considered valid if it is supported by
at least one model. We sample 200 problems for
each. BoardgameQA (Kazemi et al., 2023) evalu-
ates defeasible reasoning over contradictory natu-
ral language information, where one must resolve
conflicts by reasoning with rule preferences. We
sample 200 problems.
Baseline LLMs. We used Gemini 2.5 Pro, Gem-
ini 2.5 Flash, o4-mini, and DeepSeek R1-0528
as Reasoning models and DeepSeek V3 as a non-
Reasoning model (i.e., Instruct model). These mod-
els were selected to represent a range of capabilities,
from powerful, state-of-the-art models to more ef-
ficient ones, and to include both proprietary and
open-weight options. We report mean accuracy
across 3 trials with standard deviations.

4.1 RQ1: Overall Performance

LLM+ASP Substantially Outperforms Baseline
LLMs, with Largest Gains on Hardest Problems.
Table 1 presents our main results comparing base-
line LLMs and LLM+ASP with compact reference.

LLM+ASP achieves 78.0% average accuracy, a
52.1% relative improvement over baselines (51.3%).
This is remarkably consistent: even strong o4-mini
(63.4%) reaches 82.3% with ASP. Weaker models
see dramatic gains—Gemini 2.5 Flash jumps from
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Table 1: Main Benchmark Results

Model | ZL-XL | ZL-XXL (%) | SudokuBench | MysteryBW | MultiLogicNMR (%) | Board- | Average
| (%) | (%) | (%) | (%) | Skeptical | Credulous |gameQA (%) | (%)
Baselines
Gemini 2.5 Pro 74.7+£047| 32.3£1.70 10.34+0.47 | 83.7+3.30 | 88.5+2.16 | 61.0£2.55| 89.8 +1.25 62.9
Gemini 2.5 Flash 38.0£2.16 | 20.0£0.82 7.3+047 |66.3+2.62 | 42.3+0.47 | 36.2+£0.62| 93.0+0.71 433
04-mini 88.7 £2.05| 34.0+1.41 15.0+2.94 | 81.04+2.45 | 67.5£1.78 | 69.7£0.24 | 88.2 £ 1.55 63.4
DS-R1-0528 83.0£3.27 | 27.7+£0.47 8.3+ 1.70 79.7+6.94 | 39.3+0.62 | 46.8 +1.31 | 81.0+1.87 52.3
DS-V3 42.0£3.56 | 7.0+1.63 1.0 £ 0.00 10.34+1.70 | 57.7£1.65 | 51.0 £ 3.27 | 71.3£0.85 343
Average | 653 | 242 | 84 642 | 590 | 529 | 847 | 513
LLM + ASP using Compact Reference
Gem. 2.5 Pro+ASP 96.7 £ 047 | 97.7+1.25 74.7 +£1.25 | 983 £0.47 | 100.0 £ 0.00 | 93.8 £1.03 | 96.3 + 0.47 93.9
Gem. 2.5 Flash+ASP | 84.3 +1.25 | 70.3 £+ 1.25 65.7£2.05 | 96.74+0.94 | 98.3+£0.47 | 983 £0.47 | 94.7£0.85 86.9
04-mini+ASP 95.0+0.82 | 76.7 +2.49 67.0+1.41 | 72.7+2.62| 95.84+1.65 | 84.0£3.08| 85.2+0.47 82.3
DS-R1-0528+ASP 973+0.47 | 75.0+1.63 70.0+1.63 |81.7+£2.49 | 83.8+0.85 | 73.54+1.87| 91.7+ 1.55 81.9
DS-V3+ASP 69.0+5.35| 37.0£5.10 | 21.7+2.87 | 13.7£1.70 | 74.3+1.84 | 55.3+1.25| 44.0+2.94 45.0
Average ‘ 88.5 ‘ 71.3 ‘ 59.8 72.6 ‘ 90.5 ‘ 81.0 ‘ 82.4 ‘ 78.0

43.3% to 86.9%.

Benefits are most pronounced on hardest prob-
lems. On ZL-XXL, baseline averages 24.2%, but
LLM+ASP achieves 71.3%—a 195% relative im-
provement. On SudokuBench, baselines achieve
8.4% versus 59.8% for LLM+ASP.

Model Capability Still Matters, But Less. While
LLM+ASP reduces performance gaps, stronger
base models achieve better results. Gemini 2.5
Pro+ASP leads at 93.9%, followed by Gemini 2.5
Flash+ASP (86.9%), 04-mini+ASP (82.3%), and
DeepSeek-R1+ASP (81.9%). DeepSeek V3, a non-
reasoning model, only reaches 45.0%, suggesting
iterative self-correction works better with Reason-
ing models.

Interestingly, adding ASP does not simply pre-
serve the baseline ordering of models. For exam-
ple, o4-mini outperforms Gemini 2.5 Flash in the
baseline setting (63.4% vs. 43.3%), but Gemini
2.5 Flash+ASP surpasses o4-mini+ASP once the
symbolic pipeline is introduced (86.9% vs. 82.3%).
This suggests that the two settings reward differ-
ent capabilities: the baseline favors direct reason-
ing, whereas LLM+ASP places greater weight on
symbolic translation, program repair, and effective
use of solver feedback. A plausible explanation is
that Gemini 2.5 Flash benefits more from the ASP
pipeline because it is relatively stronger at code
generation, while 04-mini’s advantage lies in direct
reasoning.

Benchmark-Specific Insights.

(i) Constraint satisfaction: ZL-XL, ZL-XXL, and
SudokuBench show clearest advantages. On ZL-
XXL, Gemini 2.5 Pro+ASP achieves 97.7% includ-
ing perfect performance on 12x 12 puzzles, while

baseline drops to 0%. Top three LLM+ASP sys-
tems achieve 67-74.7% on SudokuBench versus
8.3-15.0% baselines.

(ii) Planning: Mystery Blocksworld shows moder-
ate overall improvement (72.6% vs. 64.2%). How-
ever, Gemini 2.5 Flash improves from 66.3% to
96.7%, and Gemini 2.5 Pro+ASP achieves 98.3%.
(iii) Nonmonotonic reasoning: MultiLogicNMR
demonstrates ASP’s strength: 90.5% skeptical
and 81.0% credulous versus baseline’s 59.0% and
52.9%. Gemini 2.5 Pro+ASP achieves perfect
100% skeptical accuracy. BoardgameQA shows
no overall gains (82.4% vs. 84.7% baseline),
with small gains (92.0% vs. 88.0%) among Rea-
soning models only. We attribute this primar-
ily to task structure: BoardgameQA involves
single-model reasoning with explicit priority or-
derings stated directly in the input, allowing
LLMs to learn an algorithmic conflict-resolution
procedure through pattern matching.> In con-
trast, MultiLogicNMR requires genuine nonmono-
tonic inference—distinguishing whether conclu-
sions hold in all stable models (skeptical) versus at
least one (credulous)—a capability that requires
enumerating multiple possible world interpreta-
tions, which is challenging for autoregressive token
prediction but naturally handled by ASP’s stable
model semantics.

LLM+ASP Maintains Effort on Hard Problems
While Baseline LLLMs Give Up. Figure 2 reveals a
striking pattern. On ZL-XXL, for baseline models,
the output token usage peaks at 8 x 8 problems then

3There may also be a data contamination issue, as
BoardgameQA was published in 2023, before the training
data cutoffs of these LLMs.
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Table 2: Impact of External Knowledge

Sudoku- | Mystery-
Model ‘ ZL-XL ‘ ZL-XXL Bench BW Avg.
LLM+ASP with No Reference
Gem. 2.5 Pro+ASP 97.0 85.0 76.0 69.0 81.8
Gem. 2.5 Flash+ASP 38.0 25.0 66.0 66.0 48.8
04-mini+ASP 97.0 67.0 72.0 41.0 69.3
DS-R1-0528+ASP 95.0 76.0 68.0 64.0 75.8
DS-V3+ASP 49.0 28.0 22.0 26.0 31.3
Average | 752 | s62 | 608 | 532 |6l4
LLM+ASP with Standard Reference
Gem. 2.5 Pro+ASP 95.0 94.0 75.0 98.0 90.5
Gem. 2.5 Flash+ASP 89.0 54.0 71.0 96.0 71.5
04-mini+ASP 98.0 68.0 65.0 62.0 73.3
DS-R1-0528+ASP 98.0 68.0 68.0 73.0 76.8
DS-V3+ASP 63.0 24.0 26.0 15.0 32.0
Average ‘ 88.6 ‘ 61.6 ‘ 61.0 ‘ 68.8 ‘ 70.0
LLM+ASP with Compact Reference
Gem. 2.5 Pro+ASP 96.7 97.7 74.7 98.3 91.9
Gem. 2.5 Flash+ASP 84.3 70.3 65.7 96.7 79.3
04-mini+ASP 95.0 76.7 67.0 72.7 779
DS-R1-0528+ASP 97.3 75.0 70.0 81.7 81.0
DS-V3+ASP 69.0 37.0 21.7 13.7 354
Average ‘ 88.5 ‘ 71.3 ‘ 59.8 ‘ 72.6 ‘ 73.1

declines on harder puzzles, coinciding with accu-
racy collapse—the models essentially give up. This
aligns with findings that LLM performance breaks
down past a critical complexity threshold (Shojaee
et al., 2025; Valmeekam et al., 2025).

On the other hand, LLM+ASP output token us-
age increases monotonically with difficulty, reflect-
ing sustained engagement. Crucially, this is effi-
cient: baseline LLMs consume tokens to directly
traverse search space, while LLM+ASP generates
compact ASP programs that guide efficient sym-
bolic search. The efficiency advantage is particu-
larly evident at the highest difficulty: on 12x12
problems, Gemini 2.5 Pro+ASP achieves 100% ac-
curacy using approximately 25,000 tokens, while
baseline Gemini 2.5 Pro uses similar token counts
to achieve 0% accuracy. The rightmost panel shows
that LLM+ASP consistently maintains better to-
ken efficiency (lower tokens per correct solution)
across all difficulty levels, with the gap widening
dramatically as problem complexity increases.

4.2 RQ2: Impact of In-Context Knowledge

Evidence Shows an ASP Blind Spot in LLMs;
In-Prompt Reference Material Mitigates This.
To assess the impact of external knowledge on per-
formance, we experimented with the LLM+ASP
framework with and without references.

As shown in Table 2, even without any reference,
LLM+ASP already clearly outperforms the base-
line LLMs (Table 1). However, we find that LLMs

exhibit persistent errors in generating ASP pro-
grams, such as operator misuse (e.g., abs), faulty
pooling constructs, and flawed modeling of actions
and effects. These errors motivate the use of in-
prompt ASP references.

Overall, incorporating an ASP reference substan-
tially improves performance over using no refer-
ence. Averaged across all models and ZL-XL, ZL-
XXL, SudokuBench, and Mystery Blocksworld,
accuracy increases from 61.4% without a reference
to 70.0% when a standard reference is provided.
Importantly, the compact reference consistently out-
performs the standard reference, achieving 73.1%,
despite being only about one-eighth the length.

The improvement is most pronounced for Gem-
ini 2.5 Flash. With the compact reference, Gem-
ini 2.5 Flash+ASP’s overall accuracy jumps from
48.8% to 79.3%, approaching the performance lev-
els of DeepSeek-R1+ASP (81.0%) and surpassing
04-mini+ASP (77.9%).

The compact reference is more effective, not be-
cause it introduces new information, but because
it selectively emphasizes the frequent ASP con-
structs. This effect is reflected quantitatively: on
Z1.-XXL, reasoning models collectively exhibit 84
syntax errors without any reference, 41 errors with
the standard reference, and only 16 errors when
using the compact reference (Appendix D). By dis-
tilling core conventions and modeling patterns into
succinct form, the compact reference more reliably
guides the model toward correct operator usage,
pooling, and action modeling. A similar trend ap-
pears for semantic omissions: for reasoning models
collectively, missing constraints increase from 46
without a reference to 66 with the longer standard
reference, but drop to 32 with the compact refer-
ence. This identifies a “context rot” phenomenon
where verbose documentation hinders the LLM’s
ability to attend to specific constraints, aligned with
prior work showing that excessive context can hin-
der LLM retrieval and reasoning (Kuratov et al.,
2024; Chatziveroglou et al., 2025; Hengle et al.,
2025; Hong et al., 2025).

4.3 RQ3: Impact of Iterative Correction

Iterative Self-Correction is the Primary Driver
of Performance. An analysis of Table 3 reveals
that the iterative revision process is the single most
crucial factor for the success of the LLM+ASP
framework, with performance jumping from an av-
erage of 54.6% without revisions to 78.0% when
models are allowed to self-correct. Note that even
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Figure 2: Reasoning Models’ Performance vs. difficulty (left), output token usage vs. difficulty (middle), and the
ratio of output token usage and accuracy vs. difficulty (right), on ZL-XXL.

Table 3: LLM+ASP Performance with compact reference.

LLM Model ZL-XL (%) ZL-XXL (%) SudokuBench (%) MysteryBW (%)
w/o with avg w/o with avg w/o with avg w/o with avg
rev.  rev. # rev. rev. # rev. rev. # rev.  rev. #

Gemini 2.5Pro  86.0 96.7 0.19 78.0 97.7 053 61.0 747 150 86.0 98.3 0.23

Gemini 2.5 Flash 49.0 84.3 0.67 38.0 70.3 1.28 380 657 230 70.0 96.7 0.77

04-mini 39.0 95.0 090 18.0 76.7 276 17.0 67.0 3.48 13.0 72.7 3.21

DS-R1-0528 56.0 97.3 0.65 49.0 750 1.71 33.0 70.0 334 500 817 1.25

DS-V3 190 69.0 3.04 7.0 370 512 9.0 21.7 693 1.0 13.7 17.76

Average 498 88.5 1.09 38.0 71.3 2.28 31.6 59.8 351 44.0 72.6 2.64

LLM Model Skeptical Credulous BoardgameQA  Overall Average
w/o with avg w/o with avg w/o with avg w/o with avg
rev.  rev. # rev. rev. # rev. rev. # rev.  rev. #

Gemini 2.5Pro 995 100 0.03 97.5 938 0.19 78.0 963 050 83.7 939 045

Gemini 2.5 Flash 98.0 98.3 0.02 97.0 983 0.08 655 947 091 651 869 0.86

04-mini 58.0 958 096 59.5 84.0 097 515 852 141 366 823 1.96

DS-R1-0528 76.0 83.8 246 765 735 199 535 91.7 395 563 819 2.19

DS-V3 743 743 333 71.0 553 459 395 440 727 315 450 543

Average 80.7 90.5 136 80.3 81.0 1.56 57.6 824 280 54.6 78.0 2.18

without any revisions, LLM+ASP already outper-
forms standalone baselines, confirming that LLMs
can generate reasonable ASP programs from natural
language descriptions—though the self-correction
loop remains the primary driver of the full perfor-
mance gains. The average number of revisions was
2.18, and the average runtime was only 2.3 seconds.

Furthermore, the results highlight a clear hier-
archy in model efficiency: a top-tier model like
Gemini 2.5 Pro not only achieves the highest ac-
curacy at 93.9% but does so with remarkable effi-
ciency, requiring less than one revision on average
(0.45). In stark contrast, a non-Reasoning model
like DeepSeek V3 needs over five revisions (5.43)
on average. This underscores that while the self-
correction loop is universally beneficial, stronger
Reasoning models exploit it much more effectively.

To further characterize verifier reliability, Ta-
ble 4 reports the false-accept rate: among cases
where the pipeline issued a PASS decision, the

fraction for which the approved output was actu-
ally incorrect. Denominators differ across mod-
els because they reflect only approved outputs, ex-
cluding cases that never reached approval within
the revision budget (due to persistent unsatisfia-
bility, compilation errors, timeouts, or LLM re-
jection). The rates vary substantially: Gemini
2.5 Pro (5.06%), Gemini 2.5 Flash (8.76%), o4-
mini (12.42%), DeepSeek R1-0528 (13.86%), and
DeepSeek V3 (37.33%). Stronger models serve as
more reliable verifiers. DeepSeek V3’s high rate
is especially notable given its smaller denominator:
it approves fewer outputs overall, yet still errs on
over a third of them—indicating weakness in both
generation and verification.

An Analysis of Failure Modes of LLM+ASP. We
classify the error cases of the final ASP programs
from ZL-XL, ZL-XXL, and SudokuBench in Ta-
ble 5 into four types: Syntax (the program fails to
compile), Timeout (the program does not terminate
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Table 4: False-accept rate across models (with compact
reference, aggregated over all 1000 problems). Denomi-
nator counts only instances where the pipeline issued a
final PASS decision; numerator counts approved outputs
that are actually incorrect.

Model

Gemini 2.5 Pro
Gemini 2.5 Flash

Incorrect PASS Rate

5.06% (50/989)
8.76% (86/982)

04-mini 12.42% (119/958)
DS-R1-0528 13.86% (130/938)
DS-V3 37.33% (249/667)

Table 5: Num. of Errors in the final ASP code produced
by LLM+ASP (with reference) for all reasoning models.

Mode Benchmark Syntax Timeout  Sat Unsat
No ZL-XL 79 0 27 23
Revisions ZL-XXL 123 15 54 42
SudokuBench 158 2 36 51
Combined 360 17 117 116

(59.0%) (2.8%) (19.2%) (19.0%)
With Z1L-XL 0 0 4 16
Revisions ZL-XXL 7 4 58 47
SudokuBench 11 5 65 41
Combined 18 9 127 104

(7.0%) (3.5%) (49.2%) (40.3%)

within the 80-second limit), Sat (the program pro-
duces an answer set but it is incorrect) and Unsat
(the program is unsatisfiable).

When no revisions are allowed, the majority of
errors in the generated ASP programs are syntax-
related, with 360 such cases. However, when re-
visions are allowed, syntax errors are drastically
reduced to just 18 cases. Once the syntax issues are
resolved, the majority of remaining errors are se-
mantic in nature, involving programs that are either
unsatisfiable or produce incorrect outputs. Inter-
estingly, the absolute number of satisfiable but in-
correct programs increases slightly with revisions,
likely because once syntax issues are largely ad-
dressed, remaining semantic flaws emerge that were
previously masked.

The two types of semantic errors differ in their
debuggability: unsatisfiable programs provide min-
imal solver feedback (no answer sets), making it
difficult for the LLM to identify the underlying
logic flaws. This issue could be alleviated by in-
corporating unsat-core extraction (Alviano et al.,
2018) or off-the-shelf ASP debugging tools (e.g.,
SPOCK (Gebser et al., 2007), OUROBOROS (Oetsch
et al., 2010)), which we leave as future work. In
contrast, satisfiable but incorrect programs yield
concrete answer sets that can be checked against
the problem description, offering the LLM clearer

information for correction.

4.4 RQ4: Experiments with LLM+SMT

To investigate how the choice of symbolic formal-
ism affects performance, we modify our framework
to use SMT in place of ASP using the same self-
correction pipeline. We call this LLM+SMT and
compare with LLM+ASP on the same benchmarks.
Prior work (Hao et al., 2025) achieved strong SMT
results using extensive task-specific engineering
(10+ handcrafted prompts per domain, few-shot ex-
amples, domain schemas). To isolate the impact of
the symbolic formalism itself rather than engineer-
ing effort, we compare LLM+ASP and LLM+SMT
in equivalent zero-shot settings without references.
For fair comparison, we provide no reference
materials to either system in these experiments. Ta-
ble 6 presents the results, revealing two key find-
ings:
(1) LLM+SMT Does Well on Constraint Satisfac-
tion and Planning Benchmarks. On constraint
satisfaction benchmarks, LLM+SMT outperforms
LLM+ASP: ZL-XL (84.0% vs. 75.2%), ZL-XXL
(72.2% vs. 56.2%), and Mystery Blocksworld
(60.6% vs. 53.2%). SudokuBench shows compa-
rable performance (60.0% vs. 60.8%). We attribute
this advantage primarily to training data exposure:
LLMs likely have encountered substantially more
SMT code than ASP programs during pretraining,
as Z3’s Python bindings are widely used. However,
LLM+ASP without reference is prone to generat-
ing more erroneous ASP programs. Interestingly,
most of these issues are alleviated when using the
compact reference described in Section 4.2, making
LLM+ASP with the reference perform better than
LLM+SMT (with no reference).

(2) LLM+SMT is Not Suitable for Nonmono-
tonic Reasoning Benchmarks. The performance
pattern is reversed on tasks requiring nonmono-
tonic reasoning. On MultiLogicNMR, LLM+ASP
achieves 92.9% (skeptical) and 84.3% (credulous),
while LLM+SMT reaches only 35.8% and 35.0%,
barely above random chance (33.3%). Similarly, on
BoardgameQA, LLM+ASP achieves 82.1% com-
pared to 60.1% for LLM+SMT. Indeed, LLM+SMT
performed even worse than the standalone LLMs:
59.0% skeptical and 52.9% credulous on Multi-
LogicNMR, and 84.7% on BoardgameQA (c.f.
Table 1).

Analysis of LLM+SMT outputs reveals that the
model frequently responds with “unknown” on the
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Table 6: LLM+ASP vs. LLM+SMT with Revisions (No Reference)

Model ZL-XL | ZL-XXL | Sudoku | MysteryBW | Skeptical | Credulous | BoardQA | Average
(%) (%) (%) (%) (%) (%) (%) (%)
LLM + ASP
Gemini 2.5 Pro+ASP 97.0 85.0 76.0 69.0 100.0 96.5 96.0 88.5
Gemini 2.5 Flash+ASP | 38.0 25.0 66.0 66.0 99.5 98.5 92.5 69.4
04-mini+ASP 97.0 67.0 72.0 41.0 96.5 82.0 91.0 78.1
DS-R1-0528+ASP 95.0 76.0 68.0 64.0 91.5 87.5 89.5 81.6
DS-V3+ASP 49.0 28.0 22.0 26.0 71.0 57.0 41.5 429
Average | 752 | 562 | 608 | 532 | 929 | 843 | 81 | 721
LLM + SMT
Gemini 2.5 Pro+SMT 98.0 100.0 74.0 98.0 32.0 37.0 52.0 70.1
Gemini 2.5 Flash+SMT | 97.0 88.0 68.0 65.0 36.0 36.0 55.0 63.6
04-mini+SMT 92.0 84.0 56.0 55.0 36.5 345 80.0 62.6
DS-R1-0528+SMT 94.0 80.0 59.0 76.0 36.5 33.0 49.5 61.1
DS-V3+SMT 39.0 9.0 43.0 9.0 38.0 345 64.0 33.8
Average | 840 | 722 | 600 | 60.6 | 358 | 350 | 601 | 582

MultiLogicNMR skeptical task (94.5% of prob-
lems) and BoardgameQA (72.5% of problems),
far exceeding the correct answer rate of 33%. This
failure pattern stems from a fundamental mismatch:
SMT solvers operate under monotonic logic, where
adding information can only derive new conclu-
sions, never retract them. Default negation—the
ability to assume something is false unless proven
true—cannot be directly expressed in SMT.*

ASP, by contrast, was designed explicitly for non-
monotonic reasoning via stable model semantics.
Default rules, exceptions, and alternative models
are first-class constructs in ASP, allowing LLMs
to express these patterns naturally with minimal
guidance.

Addressing Limitations of Prior Approaches. A
key barrier to practical neuro-symbolic reasoning
has been the engineering effort required to cou-
ple LLMs with formal solvers. Our LLM+SMT
results also compare favorably to prior work cou-
pling LLMs with SMT solvers. Hao et al. (2025)
achieved strong results on constraint satisfaction
tasks, but their approach required extensive task-
specific engineering efforts: up to 10 handcrafted
prompts with few-shot examples per domain, and
domain-specific schemas.

When we apply their methodology in a zero-
shot setting (see Appendix G), performance de-
grades substantially. Manual inspection reveals
persistent encoding errors including incorrect vari-
able scoping and malformed constraints. Our
LLM+SMT framework, utilizing the same self-
correction mechanism that enables effective ASP

“For example, in “A if B unless C,” unless one can prove
C, C is assumed to be false by default.

generation, achieves better results without any task-
specific prompt engineering.

5 Conclusion

This paper introduced LLM+ASP, a neuro-
symbolic framework that integrates the natural lan-
guage processing capabilities of LLMs with the for-
mal reasoning of ASP. Our approach demonstrates
that recent Reasoning models can effectively trans-
late complex problems into ASP programs, which
are then solved by an ASP solver. The framework’s
core strength lies in an iterative self-correction loop
where the structured feedback from the ASP solver
enables the Reasoning model to refine its generated
programs.

We find this self-correction capability, further
enhanced by providing the LLM with a compact
ASP reference guide, is the primary driver of per-
formance gains, yielding substantial improvements
over baseline LLMs (52% relative improvement
on average). For nonmonotonic reasoning tasks in-
volving defaults and exceptions, ASP’s theoretical
foundation provides inherent advantages that are
difficult to replicate in monotonic formalisms, as
evidenced by the substantial performance gaps on
such benchmarks.

Though LLMs can effectively produce ASP pro-
grams for complex problems, the gains from using
reference materials suggest that better LLM training
which includes more ASP-specific material could
yield substantial performance improvements. We
envision a future where LLMs act as flexible inter-
faces to a variety of formal reasoners, efficiently
delegating complex logical tasks to broaden their
scope of application.
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Limitations

Model Capability Dependency. The frame-
work’s performance depends strongly on the under-
lying LLM’s reasoning capabilities. While stronger
models like Gemini 2.5 Pro achieve high accu-
racy with fewer than one revision on average, non-
reasoning models like DeepSeek V3 require over
five revisions while still achieving much lower suc-
cess rates, suggesting the self-correction mecha-
nism cannot fully compensate for weaker base mod-
els.

Debugging Unsatisfiable Programs. When a
generated program produces no answer sets, the
solver provides minimal feedback, making it dif-
ficult for the LLM to identify logical contradic-
tions. Future work could incorporate unsat-core
extraction or dedicated ASP debugging tools (e.g.,
SPOCK, OUROBOROS) to provide more actionable
feedback.

Computational Costs. Our reported experimen-
tal costs reflect approximately $3,800 in direct
LLM API charges for the core experiments, though
the total expenditure, including preliminary test-
ing, failed runs, and development, is estimated at
$4.,200.

Limited Scope. Our evaluation focuses on con-
straint satisfaction, planning, and nonmonotonic
reasoning tasks. Applicability to broader NLP tasks
and more ambiguous or open-ended problems re-
mains an open question.
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Appendix

The appendix is organized as follows: Section A
has the details of the experiments settings. Sec-
tion B contains the prompts used for the generator
and formatter components, as illustrated in Fig-
ure 1. Section C provides a representative example
of the LLM+ASP pipeline to help the reader un-
derstand how each component and step works in
practice. Section D presents an expanded analysis
of the effect of the reference, showing how differ-
ent reference materials (none, standard, compact)
affect common error types such as operator misuse,
pooling issues, and missing constraints. Section E
provides expanded analysis of iterative corrections
without references. Section F contains expanded
tables that show the detailed error distribution of
LLM+ASP for each model and benchmark, catego-
rized by error type (syntax, timeout, satisfiable-but-
incorrect, unsatisfiable), with breakdowns both with
and without references, and with and without revi-
sions. Section G presents preliminary comparison
with our LLM+ASP with the method by (Hao et al.,
2025). Section H provides the complete compact
reference material used in the experiments.

A Experiments Settings Details

All experiments were performed on a machine with
an Intel Core 19-9900K CPU, an NVIDIA GeForce
RTX 2080 Ti GPU, and 32 GB of RAM. LLM
inference was done via API; local hardware was
used only for running CLINGO. Experiments were
conducted in November to December 2025. We al-
lowed a maximum of 10 revisions, which was more
than sufficient. The average number of revisions
was 2.18, and we use a timeout limit of 80 seconds.
The temperature parameter used for all LLMs was
the default, 1.0.

The datasets used in this work are publicly avail-
able and distributed under the following licenses:
ZebralLogicBench (ZL-XL) under the Apache Li-
cense 2.0, while the newly introduced ZL-XXL
is released under the CC BY 4.0 license, Su-
dokuBench and Mystery Blocksworld under the
MIT License, BoardgameQA under the CC-BY
4.0 license, while MultiLogicNMR does not spec-
ify a license in its original release.

B Prompts
B.1 Generator Prompt

The prompt for the generator block as shown in
Figure 1 is as follows.

Consider the following resource material
describing Answer Set Programming and the
language of Clingo to do the following task.

<resourcematerial>

(resource omitted)

</resource-material>

<instructions>

You are tasked with constructing an ASP program
to solve the following problem:

<problem-description>

{input problem description)

IMPORTANT: Atoms with large arity may take very
long for larger problems, so do not
introduce them unnecessarily.

</problemdescription>

The ASP program should be made of ASP modules,
which each make up a necessary part of the
program to represent the problem.

In the program, include the #show command for
atoms which will help for verifying the
answer and/or debugging. For example, don't
Jjust show the final answer, but show atoms
which can be used to check that the parts
determining the final answer are also
correct.

<current-clingo-modules>

{previously generated ASP program
omitted, see above )

</current-clingo-modules>

<candidate-answer-set>
{clingo solver output )
</candidate-answer-set>

You are tasked with doing an operation from the
following.

(UPDATE) — This should be done either to:

(a) write an initial ASP program (still
considered an update) .

(b) update the program based on the
Clingo output which may help to
debug the current output.

If updated, make sure to write the complete
program.

(PASS) — This should be done when the Clingo
output is correct. There should be no
ambiguity and consensus on the proposed
solution being correct. ONLY use when
absolutely sure the output is correct. If
the proposed solution is correct, you may
ignore stderr and still pass.

For UPDATE, format your output exactly like the
following, writing the complete program:

% MODULES START

% module <name of first module>

<ASP code for this module>

% module <name of first module> END
% module <name of second module>
<ASP code for this module>

% module <name of second module> END

% MODULES END
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For PASS, format your output exactly like the
following (only write the action, since
nothing else is to be done):

OPERATION: PASS

Do not write anything outside of the three
backticks.
</instructions>

B.2 Human-Readable Formatting Prompt

The prompt for the formatter block as shown in
Figure 1 is as follows.

You are tasked with writing the answer set
produced by running Clingo into a human—
readable form.

Here is the problem description:
(problem description )

Clingo output:
{clingo solver output »
<INSTRUCTION>

C LLM+ASP Example

Input Problem This problem is a 6 x 6 ZL-XL
puzzle from Lin et al. (2025).

Example Problem Input

There are 6 houses, numbered 1 to 6 from left to right,
as seen from across the street. Each house is occu-
pied by a different person. Each house has a unique
attribute for each of the following characteristics:
house types: farmhouse, cabin, studio, apartment, loft,
townhouse

nationalities: norwegian, japanese, italian, chinese,
mexican, indian

cigarette brands: prince, camel, lucky strike, benson
& hedges, marlboro, 1&m

fictional genre: satire, sci-fi, dystopian, fairy tale,
drama, war

clothing item: vest, belt, jeans, t-shirt, coat, watch
occupations: lawyer, actor, astronaut, magician, me-
chanic, architect

Clues:

There are two houses in between the person who
smokes lucky strike and the person whose favorite
fictional genre is drama.

The person who smokes prince is directly to left of
the magician.

There are two houses in between the person who
smokes lucky strike and the person who wears the
vest.

The person in the cabin and the mechanic are the same
person.

The lawyer is in house number 1.

The indian person and the person whose favorite fic-
tional genre is war are the same person.

There are two houses in between the person who
smokes benson & hedges and the person whose fa-
vorite fictional genre is dystopian.

The person whose favorite fictional genre is satire is
adjacent to the person whose favorite fictional genre
is fairy tale.

The person whose favorite fictional genre is fairy tale
is somewhere to the right of the architect.

The person who wears the vest is somewhere to the
right of the person whose favorite fictional genre is
sci-fi.

The mexican person is in house number 1.

The italian person and the person whose favorite fic-
tional genre is dystopian are the same person.

The person in the farmhouse is directly to left of the
person in the apartment.

The chinese person and the actor are the same person.
The norwegian person is adjacent to the astronaut.
The japanese person is directly to right of the person
in the studio.

The person in the farmhouse is adjacent to the person
whose favorite fictional genre is sci-fi.

There are two houses in between the person who
smokes marlboro and the person who wears the t-
shirt.

The person whose favorite fictional genre is satire
is somewhere to the left of the person who smokes
camel.

The person who smokes 1&m is not the person who
wears the belt.

The astronaut is directly to left of the person in the
apartment.

The person who wears the jeans is in house number 4.
The person in the townhouse is somewhere to the right
of the person who wears the belt.

There is one house in between the person in the loft
and the indian person.

The person who wears the jeans is adjacent to the
person who wears the watch.

Find an assignment which satisfies all constraints in
the problem.

C.1 1stPass

On the first pass through the generator, the problem
and reference are included in the following prompt.
Since this is the first generation, there is no previous
program and the LLM will always generate the
initial program. This is enforced since the only
option available to the LLM is writing the initial
program.

Input

Consider the following resource material
describing Answer Set Programming and the
language of Clingo to do the following task.

<resource-material>

{resource omitted)

</resource-material>

<instructions>

You are tasked with constructing an ASP program
to solve the following problem:

<problem-description>
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‘(input problem description omitted, see
above)
IMPORTANT: Atoms with large arity may take very

long for larger problems, so do not
introduce them unnecessarily.
</problemdescription>

The ASP program should be made of ASP modules,
which each make up a necessary part of the
program to represent the problem.

In the program, include the #show command for
atoms which will help for verifying the
answer and/or debugging. For example, don't
just show the final answer, but show atoms
which can be used to check that the parts
determining the final answer are also
correct.

You are tasked with doing an operation from the
following.
(UPDATE) - This should be done either to:
(a) write an initial ASP program (still
considered an update) .
(b) update the program based on the
Clingo output which may help to
debug the current output.
If updated, make sure to write the complete
program.

For UPDATE, format your output exactly like the
following, writing the complete program:

% MODULES START

% module <name of first module>

<ASP code for this module>

% module <name of first module> END
% module <name of second module>
<ASP code for this module>

% module <name of second module> END

% MODULES END

.

Do not write anything outside of the three
backticks.
</instructions>

Output

The generator produces the following program.

o

MODULES START
module domain
Houses
house(1..6).

oe

o

% Categories and their unique attributes

house_type (farmhouse; cabin; studio; apartment;
loft; townhouse) .

nationality(norwegian; japanese; italian; chinese
; mexican; indian).

cigarette(prince; camel; lucky_strike;
benson_hedges; marlboro; 1_m).

genre (satire; sci_fi; dystopian; fairy tale;
drama; war) .

clothing(vest; belt; jeans; t_shirt; coat; watch)

occupation (lawyer; actor; astronaut; magician;
mechanic; architect).
% module domain END

oe

module generate
Generate a unique assignment for each attribute
to a house.
For each category, this creates a one-to-one
mapping between the
attributes of that category and the houses.

o°

o°

o°

house_is(House, Type)
house_is(H, T) : house(H) } = 1 :- house_type(T
).

~ o0

person_is(House, Nationality)
person_is(H, N) : house(H) } =1
(N) .

—~ e

:— nationality

smokes (House, Brand)
smokes(H, C) : house(H) } =1

~ oo

:— clgarette(C) .

likes (House, Genre)
likes(H, G) : house(H) } =1 :- genre(G).

~ oo

wears (House, Item)
wears(H, I) : house(H) } =1

P

:— clothing(TI) .

works_as (House, Occupation)

works_as(H, O) : house(H) } =1
).

module generate END

—~ o

:— occupation (O

o\

o\

module constraints
This module translates the clues into integrity
constraints.

o°

o\

Clue 1: There are two houses in between the
person who smokes lucky strike and the
person whose favorite fictional genre is

drama.
:— smokes (H1, lucky strike), likes(H2, drama), |
H1-H2| !'= 3.

% Clue 2: The person who smokes prince is
directly to left of the magician.
:— smokes (H1, prince), works_as(H2, magician), H1
!= H2-1.

% Clue 3: There are two houses in between the
person who smokes lucky strike and the
person who wears the vest.

:— smokes (H1, lucky_strike), wears(H2, vest), |H1
-H2| !'= 3.

% Clue 4: The person in the cabin and the
mechanic are the same person.
:— house_is(H, cabin), not works_as(H, mechanic).

% Clue 5: The lawyer is in house number 1.
:— not works_as(l, lawyer).

% Clue 6: The indian person and the person whose
favorite fictional genre is war are the same
person.

:— person_is(H, indian), not likes(H, war).

% Clue 7: There are two houses in between the
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person who smokes benson & hedges and the
person whose favorite fictional genre is

dystopian.
:— smokes (H1, benson _hedges), likes(H2, dystopian
), |H1-H2| != 3.

% Clue 8: The person whose favorite fictional
genre is satire is adjacent to the person
whose favorite fictional genre is fairy tale

:— likes(H1, satire), likes(H2, fairy_tale), |H1-
H2| !'= 1.

% Clue 9: The person whose favorite fictional
genre is fairy tale is somewhere to the
right of the architect.

:— likes(H1, fairy tale), works_as(H2, architect)
, H1 <= H2.

% Clue 10: The person who wears the vest is
somewhere to the right of the person whose
favorite fictional genre is sci-fi.

:— wears (H1, vest), likes(H2, sci_fi), H1 <= H2.

% Clue 11: The mexican person is in house number
1.
:— not person_is(l, mexican).

% Clue 12: The italian person and the person
whose favorite fictional genre is dystopian
are the same person.

:— person_is(H, italian), not likes(H, dystopian)

% Clue 13: The person in the farmhouse is
directly to left of the person in the
apartment.

:— house_is(H1, farmhouse), house_is (H2,
apartment), H1 != H2-1.

% Clue 14: The chinese person and the actor are
the same person.
:— person_is(H, chinese), not works_as(H, actor).

% Clue 15: The norwegian person is adjacent to
the astronaut.

:— person_is(H1, norwegian), works_as(H2,
astronaut), |H1-H2| != 1.

% Clue 16: The japanese person is directly to
right of the person in the studio.

:— person_is(H1, Jjapanese), house_is(H2, studio),
H1 != H2+1.

% Clue 17: The person in the farmhouse is
adjacent to the person whose favorite
fictional genre is sci-fi.

:— house_is(H1, farmhouse), likes(H2, sci_fi), |
HI1-H2| != 1.

% Clue 18: There are two houses in between the
person who smokes marlboro and the person
who wears the t-shirt.

:— smokes (H1, marlboro), wears(H2, t_shirt),
H2| != 3.

|H1-

% Clue 19: The person whose favorite fictional
genre is satire is somewhere to the left of
the person who smokes camel.

:— likes(H1, satire), smokes(H2, camel), H1 >= H2

% Clue 20: The person who smokes l&m is not the
person who wears the belt.
:— smokes (H, 1_m), wears(H, belt).

% Clue 21: The astronaut is directly to left of
the person in the apartment.

:— works_as(H1l, astronaut), house is(H2,
apartment), H1 != H2-1.

% Clue 22: The person who wears the jeans is in
house number 4.
:— not wears(4, jeans).

% Clue 23: The person in the townhouse is
somewhere to the right of the person who
wears the belt.

:— house_is(H1, townhouse), wears(H2, belt), Hl
<= H2.

% Clue 24: There is one house in between the
person in the loft and the indian person.

:— house_is(H1, loft), person is(H2, indian), |H1
-H2| != 2.

% Clue 25: The person who wears the Jjeans is
adjacent to the person who wears the watch.
:— wears (H1, jeans), wears(H2, watch), |HI1-H2| !=
1.
% module constraints END

% module display

% Show the assignments for each category to
verify the solution.

#show house_is/2.

#show person_is/2.

#show smokes/2.

#show likes/2.

#show wears/2.

#show works_as/2.

% module display END

% MODULES END

CLINGO Feedback

This program is automatically run with CLINGO,
which produces the following answer set.

Solving...
Answer Set 1:

wears (4, jeans) wears(3,watch) house is(3,loft)
person_is(5,indian) wears(1l,belt) house is
(6, townhouse) works_as(2,astronaut) house_is
(3,apartment) smokes(3,1 _m) likes(l,satire)
smokes (6,camel) smokes (6,marlboro) wears(3,
t_shirt) likes(1l,sci_fi) house_is(2,
farmhouse) person_is(4, japanese) house_is(3,
studio) person_is(3,norwegian) person_is(5,
chinese) works_as(5,actor) person _is(4,
italian) likes(4,dystopian) person_is(1,
mexican) wears(2,vest) works_as(l,architect)
likes(2,fairy_tale) smokes(1,benson_hedges)
likes(5,war) works_as(1l,lawyer) house_is(3,
cabin) works_as(3,mechanic) smokes(5,
lucky_strike) smokes(l,prince) works_as(2,
magician) likes(2,drama) wears(3,coat)

22979




SATISFIABLE

C.2 2nd Pass

In the second pass, the LLM generator receives
the previously generated program and answer set
produced.

Input

Consider the following resource material
describing Answer Set Programming and the
language of Clingo to do the following task.

<resource-material>

(resource omitted)

</resource-material>

<instructions>

You are tasked with constructing an ASP program
to solve the following problem:

<problem-description>

{input problem omitted, see above)

IMPORTANT: Atoms with large arity may take very
long for larger problems, so do not
introduce them unnecessarily.

</problemdescription>

The ASP program should be made of ASP modules,
which each make up a necessary part of the
program to represent the problem.

In the program, include the #show command for
atoms which will help for verifying the
answer and/or debugging. For example, don't
just show the final answer, but show atoms
which can be used to check that the parts
determining the final answer are also
correct.

<current-clingo-modules>
{previously generated ASP program

omitted, see above)
</current-clingo-modules>

<candidate-answer-set>

Here is the candidate answer set to solve the
problem, from running the ASP program:

stdout:

Solving...

Answer Set 1:

wears (4, jeans) wears(3,watch) house is(3,loft)
person_is(5,indian) wears(l,belt) house is
(6, townhouse) works_as(2,astronaut) house_is
(3,apartment) smokes(3,1_m) likes(l,satire)
smokes (6,camel) smokes(6,marlboro) wears(3,
t_shirt) likes(1l,sci_fi) house_is(2,
farmhouse) person_is(4, japanese) house_is(3,
studio) person_is(3,norwegian) person_is(5,
chinese) works_as(5,actor) person is(4,
italian) likes(4,dystopian) person is(1,
mexican) wears(2,vest) works_as(l,architect)
likes(2,fairy_tale) smokes(1l,benson_hedges)
likes(5,war) works_as(l,lawyer) house is(3,
cabin) works_as(3,mechanic) smokes(5,
lucky_strike) smokes(l,prince) works_as(2,
magician) likes(2,drama) wears(3,coat)

SATISFIABLE

Models : 1+
</candidate-answer-set>

You are tasked with doing an operation from the
following.

(UPDATE) — This should be done either to:

(a) write an initial ASP program (still
considered an update) .

(b) update the program based on the
Clingo output which may help to
debug the current output.

If updated, make sure to write the complete
program.

(PASS) — This should be done when the Clingo
output is correct. There should be no
ambiguity and consensus on the proposed
solution being correct. ONLY use when
absolutely sure the output is correct. If
the proposed solution is correct, you may
ignore stderr and still pass.

For UPDATE, format your output exactly like the
following, writing the complete program:

% MODULES START

% module <name of first module>
<ASP code for this module>

% module <name of first module> END

% module <name of second module>
<ASP code for this module>
% module <name of second module> END

% MODULES END

For PASS, format your output exactly like the
following (only write the action, since
nothing else is to be done) :

OPERATION: PASS

Do not write anything outside of the three
backticks.
</instructions>

Output

Based on the instruction from the previous prompt,
if UPDATE is chosen, then the LLM should sim-
ply rewrite the program. Otherwise, it should write
PASS in its output. The LLM chooses not to pass
the resulting answer set from the previously gen-
erated ASP program by supplying an updated pro-
gram. This is likely due to the apparent issue with
the answer set; it assigns multiple attributes from
the same category to a single house (e.g., the person
in house 1 is both an architect and a lawyer).
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While the program specifies that each attribute
within a category must be assigned to a house with
the following:

{ works_as (H, O)

1 :- occupation(O).

However, it does not enforce that every house
must receive exactly one attribute from each cate-

house (H) } =

gory:

{ works_as (H, O) occupation (O)
} = 1 :- house (H) . The program is updated
as follows.

oe

MODULES START
module domain
Houses
house(1..6).

o

oe

% Categories and their unique attributes

house_type (farmhouse; cabin; studio; apartment;
loft; townhouse) .

nationality(norwegian; Jjapanese; italian; chinese
; mexican; indian).

cigarette (prince; camel; lucky_ strike;
benson_hedges; marlboro; 1 _m).

genre(satire; sci_fi; dystopian; fairy tale;
drama; war) .

clothing(vest; belt; jeans; t_shirt; coat; watch)

occupation(lawyer; actor; astronaut; magician;
mechanic; architect).
module domain END

o

o

module generate
Generate a unique assignment for each attribute
to a house.
For each category, this creates a one-to-one
mapping (a bijection)
between the attributes of that category and the
houses.

o\

o\

o\

house_is(House, Type)

house_is(H, T) : house_type(T)
).

house_is(H, T)

) .

p—

} =1 := house(H

—~—

: house(H) } = 1 :— house_type(T

person_is(House, Nationality)
person_is(H, N) : nationality(N) } = 1 :- house

—~ e

(H) .
{ person_is(H, N) : house(H) } = 1 :- nationality
(N) .
% smokes (House, Brand)
{ smokes(H, C) : cigarette(C) = 1 :— house(H).
{

}
smokes (H, C) : house(H) } =1 :— cigarette(C).
likes (House, Genre)
likes(H, G) : genre(G)

likes(H, G) : house(H)

=1 :— house(H).
=1 :- genre(G).

~— o~ e

}
}

wears (House, Item)
wears(H, I) : clothing(I) } = 1 :- house(H).

~— o~ e

wears(H, I) : house(H) } =1 :— clothing(I).
% works_as (House, Occupation)
{ works_as(H, O) : occupation(O) } = 1 :- house(H

) -

{ works_as(H, O)
) -

% module generate END

: house(H) } = 1 :- occupation(O

% module constraints
% This module translates the clues into integrity
constraints.

% Clue 1: There are two houses in between the
person who smokes lucky strike and the
person whose favorite fictional genre is

drama.
:— smokes (H1, lucky_strike), likes(H2, drama), |
H1-H2| !'= 3.

% Clue 2: The person who smokes prince is
directly to left of the magician.
:— smokes (H1, prince), works_as(H2, magician), H1
!= H2-1.

% Clue 3: There are two houses in between the
person who smokes lucky strike and the
person who wears the vest.

:— smokes (H1, lucky_ strike), wears(H2, vest), |H1
-H2| != 3.

% Clue 4: The person in the cabin and the
mechanic are the same person.

:— house_is(H1, cabin), works_as(H2, mechanic),
H1 != H2.

% Clue 5: The lawyer is in house number 1.
:— not works_as(l, lawyer).

% Clue 6: The indian person and the person whose
favorite fictional genre is war are the same
person.

:— person_is(Hl, indian), likes(H2, war), Hl1 !=
H2.

% Clue 7: There are two houses in between the
person who smokes benson & hedges and the
person whose favorite fictional genre is

dystopian.
:— smokes (H1, benson _hedges), likes(H2, dystopian
), |H1-H2| !'= 3.

% Clue 8: The person whose favorite fictional
genre is satire is adjacent to the person
whose favorite fictional genre is fairy tale

:— likes(H1l, satire), likes(H2, fairy tale), |H1-
H2| !'=1.

% Clue 9: The person whose favorite fictional
genre is fairy tale is somewhere to the
right of the architect.

:— likes(H1l, fairy tale), works_as(H2, architect)
, Hl <= H2.

% Clue 10: The person who wears the vest is
somewhere to the right of the person whose
favorite fictional genre is sci-fi.

:— wears (H1, vest), likes(H2, sci_fi), H1 <= H2.

% Clue 11: The mexican person is in house number
1.
:— not person_is(l, mexican) .
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% Clue 12: The italian person and the person
whose favorite fictional genre is dystopian
are the same person.

:— person_is(H1, italian), likes(H2, dystopian),
H1 != H2.

% Clue 13: The person in the farmhouse is
directly to left of the person in the
apartment.

:— house_is(H1, farmhouse), house is(H2,
apartment), H1 != H2-1.

% Clue 14: The chinese person and the actor are
the same person.

:— person_is(H1, chinese), works_as(H2, actor),
H1 != H2.

% Clue 15: The norwegian person is adjacent to
the astronaut.

:— person_is(H1, norwegian), works_as(H2,
astronaut), |HI1-H2| != 1.

% Clue 16: The japanese person is directly to
right of the person in the studio.

:— person_is(H1, Jjapanese), house_is(H2, studio),
H1 != H2+1.

% Clue 17: The person in the farmhouse is
adjacent to the person whose favorite
fictional genre is sci-fi.

:— house_is(H1, farmhouse), likes(H2, sci_fi), |
H1-H2| !'= 1.

% Clue 18: There are two houses in between the
person who smokes marlboro and the person
who wears the t-shirt.

:— smokes (H1, marlboro), wears(H2, t_shirt), |HI1-
H2| !'= 3.

% Clue 19: The person whose favorite fictional
genre is satire is somewhere to the left of
the person who smokes camel.

:— likes(H1, satire), smokes(H2, camel), H1 >= H2

% Clue 20: The person who smokes 1l&m is not the
person who wears the belt.
:— smokes(H, 1_m), wears(H, belt).

% Clue 21: The astronaut is directly to left of
the person in the apartment.

:— works_as(H1l, astronaut), house is(H2,
apartment), H1 != H2-1.

% Clue 22: The person who wears the jeans is in
house number 4.
:— not wears(4, jeans).

% Clue 23: The person in the townhouse is
somewhere to the right of the person who
wears the belt.

:— house_is(H1l, townhouse), wears(H2, belt), H1l
<= H2.

% Clue 24: There is one house in between the
person in the loft and the indian person.

:— house_is(H1, loft), person is(H2, indian), |H1
-H2| != 2.

% Clue 25: The person who wears the Jjeans is

adjacent to the person who wears the watch.
:— wears(Hl, jeans), wears(H2, watch), |H1-H2| !=
1.
% module constraints END

% module display

% Show the assignments for each category to
verify the solution.

#show house_is/2.

#show person_is/2.

#show smokes/2.

#show likes/2.

#show wears/2.

#show works_as/2.

% mocdule display END

% MODULES END

‘

In this case, the LLM generator decides to update
the program, adding the following missing rules to
the ASP program, in the generate module.

house_is(House, Type)

house_is(H, T) : house(H) } = 1 :— house_type(T
).

{ person_is(H, N) : house(H) } = 1 :- nationality
(N) .

smokes(H, C) : house(H) } = 1 :— cigarette(C).

likes(H, G) : house(H) } = 1 :- genre(G).

wears(H, I) : house(H) } =1 :- clothing(I).

works_as(H, O) : house(H) } = 1 :- occupation(O

).

pR—

P

CLINGO Feedback

The associated answer set produced now represents
the correct assignment.

Solving...
Answer Set 1:

wears (4, jeans) wears(5,watch) house_is(4,loft)
person_is(6,indian) wears(3,belt) house_is
(5,townhouse) works_as(2,astronaut) house_ is
(3,apartment) smokes(l,1_m) likes(3,satire)
smokes (6,camel) smokes(3,marlboro) wears(6,
t_shirt) likes(1l,sci_fi) house_is(2,
farmhouse) house_is(1,studio) person_is(2,
Jjapanese) person_is(3,norwegian) person_is
(4,chinese) works_as(4,actor) person_is(5,
italian) likes(5,dystopian) person_is(1,
mexican) wears(2,vest) works_as(3,architect)
likes(4,fairy_tale) smokes(2,benson_hedges)
likes(6,war) works_as(l,lawyer) house_is(6,
cabin) works_as(6,mechanic) smokes(5,
lucky_strike) smokes(4,prince) works_as(5,
magician) likes(2,drama) wears(l,coat)

SATISFIABLE

C.3 3rd Pass

Again, the LLM generator views the previously up-
dated program and the (correct) answer set, and
is tasked with either updating or passing the pro-
gram/output.
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Input

Consider the following resource material
describing Answer Set Programming and the
language of Clingo to do the following task.

<resource-material>

(resource omitted)

</resource-material>

<instructions>

You are tasked with constructing an ASP program
to solve the following problem:

<problem-description>

{input problem description omitted, see

above)
IMPORTANT: Atoms with large arity may take very

long for larger problems, so do not
introduce them unnecessarily.
</problemdescription>

The ASP program should be made of ASP modules,
which each make up a necessary part of the
program to represent the problem.

In the program, include the #show command for
atoms which will help for verifying the
answer and/or debugging. For example, don't
Jjust show the final answer, but show atoms
which can be used to check that the parts
determining the final answer are also
correct.

<current-clingo-modules>
(previously generated ASP program

omitted, see above )
</current-clingo-modules>

<candidate-answer-set>

Here is the candidate answer set to solve the
problem, from running the ASP program:

stdout:

Solving. ..

Answer Set 1:

wears (4, jeans) wears(5,watch) house_is(4,loft)
person_is(6,indian) wears(3,belt) house is
(5,townhouse) works_as(2,astronaut) house_is
(3,apartment) smokes(l,1_m) likes(3,satire)
smokes (6,camel) smokes (3,marlboro) wears(6,
t_shirt) likes(1l,sci_fi) house_is(2,
farmhouse) house_is(1l,studio) person_is(2,
Jjapanese) person_is(3,norwegian) person_is
(4,chinese) works_as(4,actor) person_is(5,
italian) likes(5,dystopian) person_is(1,
mexican) wears(2,vest) works_as(3,architect)
likes(4,fairy_tale) smokes(2,benson hedges)
likes(6,war) works_as(l,lawyer) house_is(6,
cabin) works_as(6,mechanic) smokes(5,
lucky_strike) smokes(4,prince) works_as(5,
magician) likes(2,drama) wears(l,coat)

SATISFIABLE

Models 1+

</candidate-answer-set>

You are tasked with doing an operation from the
following.

(UPDATE) — This should be done either to:

(a) write an initial ASP program (still
considered an update) .

(b) update the program based on the
Clingo output which may help to
debug the current output.

If updated, make sure to write the complete
program.

(PASS) — This should be done when the Clingo
output is correct. There should be no
ambiguity and consensus on the proposed
solution being correct. ONLY use when
absolutely sure the output is correct. If
the proposed solution is correct, you may
ignore stderr and still pass.

For UPDATE, format your output exactly like the
following, writing the complete program:

% MODULES START

% module <name of first module>

<ASP code for this module>

% module <name of first module> END
% module <name of second module>
<ASP code for this module>

% module <name of second module> END

% MODULES END

For PASS, format your output exactly like the
following (only write the action, since
nothing else is to be done):

OPERATION: PASS

Do not write anything outside of the three
backticks.
</instructions>

Output
The LLM generator passes the program.

OPERATION: PASS

C.4 Human readable formatting

After passing, an LLM is now tasked with generat-
ing a human-readable version of the answer set as
the final solution.

Input

You are tasked with writing the answer set
produced by running Clingo into a human—
readable form.

Here is the problem description:
{input problem description omitted, see
above )
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Clingo output:
stdout:
Solving...

Answer Set 1:

wears (4, jeans) wears(5,watch) house is(4,loft)
person_is(6,indian) wears(3,belt) house is
(5,townhouse) works_as(2,astronaut) house_is
(3,apartment) smokes(1l,1_m) likes(3,satire)
smokes (6, camel) smokes (3,marlboro) wears(6,
t_shirt) likes(1l,sci_fi) house_is(2,
farmhouse) house_is(1l,studio) person is(2,
japanese) person_is(3,norwegian) person_is
(4,chinese) works_as(4,actor) person_is(5,
italian) likes(5,dystopian) person is(1,
mexican) wears(2,vest) works_as(3,architect)
likes(4,fairy_tale) smokes(2,benson_hedges)
likes(6,war) works_as(l,lawyer) house is(6,
cabin) works_as(6,mechanic) smokes(5,
lucky_strike) smokes(4,prince) works_as(5,
magician) likes(2,drama) wears(l,coat)

SATISFIABLE

Models 1+

Your conversion should be encapsulated completely
in 3 backticks, without any extraneous text
. It should be in natural language, and
precise. If the Clingo output is
unsatisfiable, or the program produces an
error, the write "UNSAT" or "ERROR"
encapsulated in 3 backticks.

Output
A human-readable solution is generated.

— *+House lxx: The Mexican lawyer lives in the
studio, likes sci-fi, smokes L&M, and wears
a coat.

— *xHouse 2xx: The Japanese astronaut lives in
the farmhouse, likes drama, smokes Benson &
Hedges, and wears a vest.

— *xHouse 3xx: The Norwegian architect lives in
the apartment, likes satire, smokes Marlboro
, and wears a belt.

— *xHouse 4x*: The Chinese actor lives in the
loft, likes fairy tale, smokes Prince, and
wears Jjeans.

— **House 5xx: The Italian magician lives in the
townhouse, likes dystopian, smokes Lucky
Strike, and wears a watch.

— *xHouse 6%*: The Indian mechanic lives in the
cabin, likes war, smokes Camel, and wears a
t-shirt.

D Expanded Reference Effect Analysis

On ZL-XXL, we measure the number of occur-
rences for common issues among the reasoning
models.

We observe that with the standard reference,
LLM+ASP more often fails to write all constraints
of the problem. When using the standard refer-
ence, the number of programs with missing con-
straints for ZL-XXL increases by 43% over without
any reference (from 46 to 66) as shown in Table 7.
When using the compact reference, this decreases
by 30.4% (from 46 to 32). Since missing constraints
are not related to the content in the reference, this
suggests that a longer prompt makes it harder for
the LLLM to be as comprehensive as it should be,
failing to incorporate important details in the input
problem.

Moreover, in our experiments, the LLMs do not
use the reference as well when it is longer. For
example, both the standard reference and compact
reference have the same content regarding pooling
and operator use, but the standard reference is about
8 times the length. Despite this, with the standard
reference LLM+ASP more frequently produces in-
correct syntax for both, as reported in Table 7. As
compared without a reference, operator and pool-
ing issues decrease by 82.5% and 25% respectively
with the standard reference. However, with the com-
pact reference, this is reduced further, by 92.5% and
70.5%. Prior studies that show degradation of LLM
performance on both retrieval and reasoning when
introducing extra context are consistent with our
work (Kuratov et al., 2024; Chatziveroglou et al.,
2025; Hengle et al., 2025; Hong et al., 2025). These
works show that the length of the context both with
and without distractions affects performance, and
that LLMs only use a fraction of their full available
context effectively. With the standard reference
and additional text from problem descriptions, writ-
ten programs, and CLINGO feedback, the prompt
size approaches 30k tokens, which is past where
performance starts to degrade.

For the planning domain Mystery Blocksworld,
without a reference, the LLMs never used incre-
mental CLINGO where useful. Despite a descrip-
tion and example of it in the standard reference,
incremental CLINGO is only used 22% of the time
with 04-mini, and 0% of the time with DeepSeek
R1. With the compact reference it is used 76%, and
94% of the time, respectively. These observations
suggest that the effectiveness of any in-prompt ref-
erence is partly constrained by what the LLM has
already seen during pre-training. This points to
a complementary path for improving LLM+ASP:
fine-tuning LLMs on targeted ASP materials (e.g.,
operator semantics, pooling patterns, incremental
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CLINGO for actions and effects) to internalize these
conventions rather than relying solely on external
reference prompts.

Table 7: Categorized issues for LLM+ASP on the ZL-
XXL benchmark.

Mode | Flash | Pro | o4-mini | R1 | Total
LLM + ASP Without Reference
Operator 36 0 4 0 40
Pooling 20 11 7 6 44
Missing Cons. 14 3 19 10 46
Timeout 0 0 2 5 7
Total 70 14 32 21 137
LLM + ASP With Standard Reference
Operator 6 0 1 0 7
Pooling 18 5 6 4 33
Missing Cons. 31 0 19 16 66
Timeout 0 0 0 4 4
Total 55 5 26 24 110
LLM + ASP With Compact Reference
Operator 2 0 1 0 3
Pooling 7 1 2 3 13
Missing Cons. 10 0 14 8 32
Timeout 0 0 1 7 8
Total 19 1 18 18 56

E Expanded Analysis of Iterative
Corrections

In Table 8 we present the performance of
LLM+ASP without any reference, and with and
without any revisions.

F Expanded Analysis of Failure Modes of
LLM+ASP

This section expands on the failure mode analy-
sis from Table 5 in the main body, breaking down
the errors by model for each dataset. The detailed
statistics are presented across the following four ta-
bles, categorized by whether an external reference
guide was used and whether iterative revisions were
permitted:

¢ With Standard Reference:

— No Revisions: Table 9
— With Revisions: Table 10

¢ Without Reference:

— No Revisions: Table 11
— With Revisions: Table 12

From this detailed breakdown, we can observe
that using an external reference guide helps reduce

the incidence of programs that are unsatisfiable
and shifts the error profile toward cases that are
satisfiable-but-incorrect.

When revisions are permitted, the percentage
of errors that are unsatisfiable drops from 66.96%
(without a reference) to 40.3% (with a reference).
Likewise, the proportion of satisfiable-but-incorrect
programs increases from 28.12% to 49.2%. This re-
flects a shift toward subtler semantic errors, which,
because they produce a concrete answer set, may
be more correctable than unsatisfiable results that
provide less feedback.

G Comparison with Hao et al. (2025)’s
Method

We include a preliminary comparison with the SM'T-
based approach (Hao et al., 2025).

Hao et al. (2025) demonstrate strong results us-
ing extensive task-specific prompt engineering—up
to 10 handcrafted prompts with few-shot exam-
ples per domain and domain-specific schemas. For
fair comparison, we evaluate against LLM+ASP
with no revisions and no reference, testing whether
frameworks can generalize without extensive man-
ual engineering. This methodology shift makes
direct performance comparison with prior results
inappropriate. Table 13 shows the experimental
result, yielding the following observations:

(1) Fundamental advantages for nonmonotonic
reasoning. The performance gap is most instruc-
tive on nonmonotonic reasoning. On MultiLogic-
NMR, zero-shot LLM+SMT achieves only 27.4%
(skeptical) and 27.3% (credulous)—barely above
random chance (33.3%). LLM+ASP achieves
88.6% and 87.4%—a more than 3 improvement
(See Appendix E for LLM+ASP without reference
but with revisions).

LLM+SMT frequently outputs “unknown” for
MultiLogicNMR (91% of skeptical tasks, 70.5%
of credulous tasks, versus 33% correct rate)—a con-
sequence of forcing nonmonotonic reasoning into
monotonic frameworks, particularly the inability to
express default negation.

This reflects a fundamental theoretical lim-
itation: SMT solvers operate under monotonic
logic, where adding information can only derive
new conclusions, never retract them. Defeasible
reasoning and exception handling require sophis-
ticated, domain-specific SMT encodings that de-
mand expert knowledge. On the other hand, ASP,
designed explicitly for nonmonotonic reasoning
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Table 8: LLM+ASP Performance with no reference (comparing without revisions and with revisions).

LLM Model ZL-XL (%) Z1L-XXL (%) SudokuBench (%) MysteryBW (%)
w/o with avg w/o with avg w/o with avg w/o with avg
rev.  rev. # rev. rew. # rev. rev. # rev. rev. #

Gemini 2.5Pro  88.0 97.0 0.15 68.0 88.0 233 71.0 76.0 196 48.0 69.0 1.12

Gemini 2.5 Flash 15.0 38.0 149 20 250 280 350 530 294 230 52.0 1.29

04-mini 58.0 97.0 0.84 29.0 67.0 3.29 21.0 72.0 329 50 41.0 449

DS-R1-0528 64.0 950 0.69 47.0 76.0 190 28.0 68.0 376 24.0 64.0 1.86

DS-V3 18.0 49.0 490 11.0 28.0 7.67 12.0 220 7.68 3.0 260 7.77

Average 48.6 752 1.61 314 568 3.60 334 582 393 20.6 504 3.31

LLM Model Skeptical Credulous BoardgameQA  Overall Average
w/o with avg w/o with avg w/o with avg w/o with avg
rev.  rev. # rev. rev. # rev. rev. # rev. rev. #

Gemini 2.5Pro 985 100.0 0.0 96.0 965 02 675 960 13 767 874 1.0

Gemini 2.5 Flash 96.5 99.5 0.1 975 985 0.1 675 925 1.8 481 655 1.5

04-mini 93.0 965 05 895 8.0 0.8 710 91.0 09 524 794 20

DS-R1-0528 86.5 915 14 890 875 10 740 8.5 26 589 816 19

DS-V3 68.5 77.0 34 650 570 39 370 415 65 306 429 6.0

Average 886 929 11 874 843 12 634 821 26 533 714 25

via stable model semantics, treats default rules, ex-
ceptions, and alternative models as first-class con-
structs. LLMs can express these patterns in ASP
with minimal guidance.

(2) Zero-shot generalization challenges. Even on
tasks well-suited to SMT (constraint satisfaction,
planning), zero-shot LLM+SMT shows modest per-
formance: ZL-XL (34.6%), ZL-XXL (31.0%),
SudokuBench (31.8%), Mystery Blocksworld
(33.8%)—sometimes underperforming baseline
LLM:s.

Without careful prompting, LLMs make persis-
tent encoding errors (incorrect scoping, malformed
constraints, missing axioms), suggesting either:
(a) SMT encodings require additional task-specific
guidance to yield reasonable performance, or (b)
LLMs require more extensive exposure to SMT
code during training.

H Reference Generation

We present the prompts used to generate the stan-
dard and compact reference here, along with the
compact reference. We place the longer standard
reference on the GitHub page.

The standard reference is generated by
supplying the PDF file of the Clingo Guide
(https://github.com/potassco/
guide/releases) and the following prompt.

Rewrite this PDF so that LIMs can effectively
understand the materials. Only include
Chapters 2, 3, 6, and 11. Do not omit any
details from them. For any figures verbalize

them so that LIMs can understand them. Do

not include any citations like "[cite:
###1". Do not use raw byte sequences like
like "<OxE2><0x82><0x9B>", etc. Rather, use
appropriate latex notation (like _s for
subscript "s", or \rightarrow for right
arrow, etc.). Encapsulate the entire text
with backticks. Use 4 backticks (" °°°")
the beginning and end, and within this
textblock can be any formatting.

in

The compact reference is generated by supplying
the standard reference as a text file, along with the
following short prompt.

Attached is a guide about Clingo/ASP. Please
produce another one which only includes
basics (e.g., rules, variables, operators,
choice rules, etc.), pooling, optimization,
and action planning (including incremental
clingo) . Do not include any citations like
"[cite: ###]". Do not use raw byte sequences

like like "<OxE2><0x82><0x9B>", etc. Use
the same formatting. Encapsulate the entire
text with backticks. Use 4 backticks
("*°°"") in the beginning and end, and
within this textblock can be any formatting.

The following is the compact reference:

Answer Set Programming (ASP) is a declarative
approach to problem-solving. You describe
the problem using logical rules, and a
solver, like “clingo’, finds the solutions (
called "answer sets").

### Basic Structure

An ASP program typically separates the problem xx
instancex* from its general **xencodingxx.

% *xInstance:xx A set of simple facts that
describes a specific scenario. For example,
in a graph coloring problem, the facts would

define the nodes and edges.
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* *xEncoding:xx A set of rules with variables
that defines the logic and constraints of
the problem for any instance.

The common structure for an encoding is *x
Generate-Define-Testxx:

1. «x*Generate:** Create a space of potential
solution candidates. This is often done with

a xxchoice rulexx*.

2. *#xDefine:** Use rules to define auxiliary
concepts based on the generated candidates.

3. *xTest:xx Use xxintegrity constraintsxx to
eliminate candidates that violate the
problem's rules.

### Core Language Concepts

A “clingo” program consists of rules ending with
a period (7.7).

* **xFacts:+* Unconditional statements, like “node
(1).” or “edge(l,2).".

* x*Rules:** Have a head and a body, written as °
head :— body.”. This means "if the body is
true, the head must be true." The body is a
comma-separated list of conditions.

* **xIntegrity Constraints:+* Rules with no head,
written as “:- body.”. This forbids
solutions where the body is true.

*+xVariables and Termsxx*

* x*xVariablesxx start with an uppercase letter (e
.g., X, "Node").

* xxConstantsxx (or symbols) start with a
lowercase letter (e.g., "a°, “pegl’).

* Rules must be *xsafexx: every variable in a
rule must appear in a positive literal in
the body, which ensures it gets a concrete
value during solving.

**Choice Rules and Aggregatesxx
The core of the "Generate" step is the choice
rule, which uses curly braces “{}".

* “{ color(X,C) : color(C) } =1 :— node(X)."
This rule means: "For each node "X, choose
exactly one color “C° for it". The
“{...} part is a cardinality constraint

Aggregates like “#count™, “#sum’, “#min’, and #
max~ can be used in the body to test
properties of a solution.

* ~:— #count { student(S) : enrolled(S) } < 3.~
This constraint says a solution is invalid if

fewer than 3 enrolled students exist.

##4# Operators, Pooling, and Intervals

“clingo” supports built-in operators that are
evaluated by the grounder.

* x+Operators: x*
* “+° (Addition)
=" (Subtraction, Unary Minus)

* =
* T (Multiplication)

*/° (Integer Division)

“\" (Modulo)

“xx" (Exponentiation)

“l...]7 (Absolute Value, e.g., ~|X-YI|")
T&" (Bitwise AND)

7?7 (Bitwise OR)

AT (Bitwise XOR)

(Bitwise Complement)

’

X % X X X X X
1

* «+Comparison Operators:xx Terms can be compared

with =7, “!=", “<7, °>7, °<=", and ">=".
These are used as conditions in the body of
rules.
* “eligible(P) :— person(P), age(P,A), A >=
18.7

* x*xPooling: x*x The semicolon (7;°) is syntactic
sugar for defining multiple facts or rules
concisely.

* **xSyntax:** ~f(argl, (X;Y), arg3)" is
shorthand for “f(argl, X, arg3)™ and “f(
argl, Y, arg3)”~. (note: the parentheses
are needed) .

* *+Expansion:** Similar to intervals.

* x*In Head:** Conjunctive expansion. “p(

a;b) .~ expands to “p(a). pd) .~ “p((
a;b), (1;2))." expands to “p(a,1l). p
(a,2). pb,1). p,2) .7

* xxIn Body (typically with “=7) :xx
Disjunctive expansion. "p(X) :— X =
(a;b) .7 is equivalent to rules
generating “p(a).” and “pd).".

* *xExample: % *

T “prolog

reg(a;b;c). % Expands to peg(a) . peg(b). peg(c).

test((thing), (a;b;c;d)). % Expands to test (thing
,a). test(thing,b). test(thing,c). test(
thing,d) .

* *xIntervals:«* A range of integers can be
defined with ~..".
* “disk(1l..4)." is shorthand for “disk(1l).
disk(2). disk(3). disk(4)."~

### Optimization

To find the best solution, you can use
optimization statements.
~+Example: xx Minimize the total cost of the
selected cycle edges.
* “#minimize { Cost,X,Y :
Cost) }.°
This statement tells the solver to find a
solution where the sum of “Cost™ for all
selected “cycle(X,Y)" atoms is as small
as possible.

cycle(X,Y), cost(X,Y,

*+Explanation: x*

* The “Generate” part uses cardinality
constraints to ensure every node has exactly

one incoming and one outgoing edge selected
in the “cycle/2" predicate.

* The "Define” and “Test™ parts work together to
ensure these selected edges form a single
cycle that includes all nodes (a Hamiltonian

cycle) . The “reached/1” predicate, starting
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from node 1, uses recursion. ASP's stable
model semantics ensure that only atoms
derivable from non-circular paths are
included. The integrity constraint “: - node
(Y), not reached(Y).  eliminates answer sets
where the selected edges form multiple
disjoint cycles or do not cover all nodes.
* The “Optimize™ part uses “#minimize” to sum the

costs of the edges selected in “cycle/2”
and finds the answer set (s) where this sum
is minimal. The “Cost,X,Y" part in the
minimize statement ensures that each
distinct edge " (X,Y) ™ with its specific cost
“Cost™ contributes to the sum (handling
potential multiple edges between nodes if
the instance allowed them, though not
strictly necessary here) .

* “f#fmaximize’ works similarly to find the largest
possible value.

### x»Blocks World Planningx*

«*«Problem: xx Find a sequence of actions (plan) to
transform an initial configuration of
blocks on a table into a desired goal
configuration. We want the xshortestx plan (
minimum number of actions) .

*x*Challenge: * Finding the shortest plan often
requires trying plans of length 1, then 2,
then 3, etc., until a solution is found.
clingo supports an *incrementals mode to
handle this efficiently, avoiding redundant
grounding and solving at each step.

#### +x6.3.1 Problem Instancexx

Facts define blocks, the initial state, and the
goal state. on(Block, Location) describes
the state, where Location can be another
block or table.

*xInstance: xx

% Blocks
block (b0) . block(bl). block (b2) .

o

Initial State:

oo o
—
o O
o R
o
=

S \———— (table)
init (on(bl,table)) .
init (on(©2,00)) .
init (on (b0, table)) .

o

Goal State:

b2

bl

b0
\————————— (table)
goal (on(bl,b0)) .
goal (on(b2,bl)) .
goal (on (b0, table)) .

o o o

o

* (Note: Compound terms like on(bl, table) are
used as arguments) . x

#### +x6.3.2 Problem Encoding (Incremental) %=

This encoding uses \#program directives for
incremental solving. clingo automatically
handles grounding step-by-step.

% Include clingo's incremental mode definitions
\#include \<incmode\>.

% \——— Static Part (Time 0\) \——
\#program base.

% Define possible locations
location(table) .

location(X) :— block(X). % Blocks are also

locations.

% Define initial state using 'holds(Fact,
TimeStep) '

holds(F,0) :— init(F). % F will be instantiated

with terms like on(bl,table).

% \—— Dynamic Part (Transitions for step T \>
0\) \—

\#program step(t). $ 't' is the time step
parameter

% Generate: Exactly one move action per time step

% move (BlockToMove, TargetLocation, TimeStep)
{ move(X,Y,t) : block(X), location(Y), X \!=Y }
\= 1\.

oe

Test: Constraints on moves.

% Cannot move X if something (A) is on top of it.

:— move(X,Y,t), holds(on(A,X),t-1).

% Cannot move X onto Y if Y is a block and
already occupied by B (unless B is X itself
\- allows void moves technically, though
less useful here).

:— move (X, Y,t), holds(on(B,Y),t-1), B \!=X, Y

\!= table.

% Define: Effects of actions and inertia.
% moved(X,t): True if block X was moved at step t

moved(X,t) :— move(X,Y,t).

% Direct effect: If X is moved to Y at t, then on
(X,Y) holds at t.

holds(on(X,Y),t) :— move(X,Y,t).

% Inertia: If on(X,Z) held at t-1 and X was not
moved at t, it still holds at t.

holds(on(X,Z),t) :— holds(on(X,2),t-1), not moved
(X,t) .

% \——— Check Part (Applied at each step T \>= 0\)

[

\#fprogram check(t). % 't' is the time step
parameter

% Test: Check if the goal is met at the current
step 't'.

% query(t) is a special atom provided by incmode,
true only for the current step.

:— query(t), goal(F), not holds(F,t). % If it's
query time, goal F must hold.

% Display: Only show the move actions in the
final plan.

% This \#show is global, not tied to a specific
program part.

\#show move/3.

*+Explanation (incmode) :**

* \#include \<incmode\>.: Enables incremental
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*

*

mode.
\#fprogram base. : Grounded once at the beginning
(step 0) .
\#fprogram step(t).: Grounded incrementally for
steps t=1,2, 3,dots. Defines transitions from
step t-1 to t.
\#forogram check (t).: Grounded incrementally for
steps t=0,1,2,dots. Checks if the goal is
met at step t.
query (t): Atom automatically added by clingo in
incremental mode. It is true only for the
maximum step t currently being considered in
a given iteration. The goal check : \-
query(t), goal(F), not holds(F,t). ensures
that if clingo is checking for a solution at
step t, the goal must be satisfied at that
step.

**Requirement:x For correct incremental
grounding, atoms defined in step(t) (like
holds(F,t)) must be distinct from atoms
defined in base or step(t') for t'neqt.
Using the time step t as an argument ensures

this.
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Table 9: Error cases with no revisions and with a reference.

Dataset Model Syntax  Timeout Sat Unsat Total

ZL-XL
Gemini 2.5 Pro + ASP 3 0 15 7 25
DS-R1-0528 + ASP 8 0 4 5 17
04-mini + ASP 37 0 2 4 43
Gemini 2.5 Flash + ASP 31 0 6 7 44
DS-V3 + ASP 23 0 17 19 59
Total 102 0 44 42 188
Percentage 54.26% 0.00% 23.40% 22.34%
Percentage excluding DS-V3 61.2% 0.0% 20.9% 17.8%

ZL-XXL
Gemini 2.5 Pro + ASP 1 4 11 15 31
DS-R1-0528 + ASP 16 10 21 5 52
04-mini + ASP 62 1 7 4 74
Gemini 2.5 Flash + ASP 44 0 15 18 77
DS-V3 + ASP 58 1 14 16 89
Total 181 16 68 58 323
Percentage 56.04% 4.95% 21.05% 17.96%
Percentage excluding DS-V3 52.6% 6.4% 23.1%  18.0 %

SudokuBench
Gemini 2.5 Pro + ASP 14 1 13 16 44
DS-R1-0528 + ASP 37 1 13 17 68
04-mini + ASP 63 0 3 7 73
Gemini 2.5 Flash + ASP 44 0 7 11 62
DS-V3 + ASP 73 0 9 8 90
Total 231 2 45 59 337
Percentage 68.55% 0.59% 13.35% 17.51%
Percentage excluding DS-V3  64.0 % 0.8% 14.6% 20.7%

Total 514 18 157 159 848

Total excluding DS-V3 360 17 117 116 610

Total Percentage 60.61% 2.12% 18.51% 18.75%

Total Percentage excluding DS-V3 59.0% 2.8% 19.2% 19.0%
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Table 10: Error cases with revisions and a reference.

Dataset Model Syntax  Timeout Sat Unsat Total

ZL-XL
Gemini 2.5 Pro + ASP 0 0 0 5 5
DS-R1-0528 + ASP 0 0 2 0 2
04-mini + ASP 0 0 1 1 2
Gemini 2.5 Flash + ASP 0 0 1 10 11
DS-V3 + ASP 1 0 15 21 37
Total 1 0 19 37 57
Percentage 1.75% 0.00% 33.33% 64.91%
Percentage excluding DS-V3 0.00% 0.00% 20.00%  80.00%

ZL-XXL
Gemini 2.5 Pro + ASP 0 0 2 4 6
DS-R1-0528 + ASP 6 4 17 5 32
04-mini + ASP 1 0 24 7 32
Gemini 2.5 Flash + ASP 0 0 15 31 46
DS-V3 + ASP 20 0 14 42 76
Total 27 4 72 89 192
Percentage 14.06% 2.08% 37.50% 46.35%
Percentage excluding DS-V3 6.03% 345% 50.00%  40.52%

SudokuBench
Gemini 2.5 Pro + ASP 1 2 16 6 25
DS-R1-0528 + ASP 4 1 15 12 32
04-mini + ASP 4 1 16 14 35
Gemini 2.5 Flash + ASP 2 1 18 9 30
DS-V3 + ASP 32 26 16 0 74
Total 43 31 81 41 196
Percentage 21.94% 15.82% 41.33% 20.92%
Percentage excluding DS-V3 9.02% 4.10% 53.28% 33.61%

Total 71 35 172 167 445

Total excluding DS-V3 11 5 65 41 122

Total Percentage 15.96% 7.87% 38.65% 37.53%

Total Percentage excluding DS-V3 6.98% 3.49% 49.22% 40.31%
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Table 11: Error cases with no revisions and without a reference.

Dataset Model Syntax  Timeout Sat Unsat Total

ZL-XL
Gemini 2.5 Pro + ASP 2 0 5 4 11
DS-R1-0528 + ASP 17 0 16 3 36
04-mini + ASP 25 0 2 14 41
Gemini 2.5 Flash + ASP 43 0 24 18 85
DS-V3 + ASP 41 0 25 16 82
Total 128 0 72 55 255
Percentage 50.2% 0.00% 28.2% 21.6%
Percentage excluding DS-V3 50.3% 0.0% 27.2% 22.5%

ZL-XXL
Gemini 2.5 Pro + ASP 0 0 8 13 21
DS-R1-0528 + ASP 23 7 14 9 53
04-mini + ASP 45 0 11 15 71
Gemini 2.5 Flash + ASP 45 1 20 32 98
DS-V3 + ASP 51 0 8 30 89
Total 164 8 61 99 332
Percentage 49.4% 2.41% 184%  29.82%
Percentage excluding DS-V3 46.5% 3.3% 21.8% 28.4%

SudokuBench
Gemini 2.5 Pro + ASP 20 0 6 13 39
DS-R1-0528 + ASP 46 0 11 15 72
04-mini + ASP 67 1 4 7 79
Gemini 2.5 Flash + ASP 48 0 6 11 65
DS-V3 + ASP 70 0 8 10 88
Total 251 1 35 56 343
Percentage 73.18% 0.29% 10.20% 16.33%
Percentage excluding DS-V3 71.0% 0.4% 10.6% 18.0%

Total 543 9 168 210 930

Total excluding DS-V3 381 9 127 154 671

Total Percentage 58.39% 0.97% 18.06% 22.58%

Total Percentage excluding DS-V3 56.8% 1.3% 18.9% 23.0%
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Table 12: Error cases with revisions and without a reference.

Dataset Model Syntax  Timeout Sat Unsat  Total

ZL-XL
Gemini 2.5 Pro + ASP 0 0 2 1 3
DS-R1-0528 + ASP 0 0 3 2 5
04-mini + ASP 0 0 1 2 3
Gemini 2.5 Flash + ASP 0 0 1 61 62
DS-V3 + ASP 6 1 20 24 51
Total 6 1 27 90 124
Percentage 4.84% 081% 21.77% 72.58%
Percentage excluding DS-V3 0.00% 0.00% 9.59%  90.41%

ZL-XXL
Gemini 2.5 Pro + ASP 0 0 1 11 12
DS-R1-0528 + ASP 0 5 15 4 24
04-mini + ASP 1 2 15 15 33
Gemini 2.5 Flash + ASP 0 0 6 69 75
DS-V3 + ASP 19 3 18 32 72
Total 20 10 55 131 216
Percentage 9.26% 4.63% 25.46%  60.65%
Percentage excluding DS-V3 0.69% 4.86% 25.69%  68.75%

SudokuBench
Gemini 2.5 Pro + ASP 5 0 14 5 24
DS-R1-0528 + ASP 1 1 14 16 32
04-mini + ASP 2 0 15 11 28
Gemini 2.5 Flash + ASP 0 0 10 34 44
DS-V3 + ASP 33 1 20 24 78
Total 41 2 73 90 206
Percentage 19.90% 0.97% 3544%  43.69%
Percentage excluding DS-V3 6.25% 0.78% 41.41% 51.56%

Total 67 13 155 311 546

Total excluding DS-V3 9 8 97 231 345

Total Percentage 12.27% 2.38% 28.39% 56.96%

Total Percentage excluding DS-V3 2.61% 2.32% 28.12% 66.96%

Table 13: Zero-Shot Comparison of LLM+SMT and LLM+ASP (No Reference, No Revisions)

Model ZL-XL | ZL-XXL | Sudoku | MysteryBW | Skeptical | Credulous | BoardQA
(%) (%) (%) (%) (%) (%) (%)
LLM + SMT (Zero-Shot, No Task-Specific Engineering)
Gemini 2.5 Pro+SMT 44.0 35.0 51.0 47.0 33.0 19.5 50.0
Gemini 2.5 Flash+SMT 41.0 46.0 38.0 45.0 16.0 19.5 40.0
04-mini+SMT 51.0 45.0 19.0 38.0 34.0 38.0 54.5
DS-R1-0528 + SMT 31.0 23.0 31.0 37.0 29.0 33.0 435
DS-V3 + SMT 6.0 3.0 20.0 2.0 25.0 26.5 33.0
Average \ 34.6 \ 31.0 \ 31.8 \ 33.8 \ 27.4 \ 27.3 \ 44.2
Gemini 2.5 Pro + ASP 88.0 68.0 71.0 48.0 98.5 96.0 67.5
Gemini 2.5 Flash + ASP | 15.0 2.0 35.0 23.0 96.5 97.5 67.5
04-mini + ASP 58.0 29.0 21.0 5.0 93.0 89.5 71.0
DS-R1-0528 + ASP 64.0 47.0 28.0 24.0 86.5 89.0 74.0
DS-V3 + ASP 18.0 11.0 12.0 3.0 68.5 65.0 37.0
Average \ 48.6 \ 314 \ 33.4 \ 20.6 \ 88.6 \ 87.4 \ 63.4
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