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Abstract

Reasoning alignment usually assumes each
query has a determinate answer, rewarding
models for reaching it and penalizing or ig-
noring failures. This assumption breaks on
flawed queries with missing information or con-
tradictory constraints, causing models to hal-
lucinate invalid answers or over-refuse diffi-
cult valid tasks. We study this failure mode
as solvability boundary learning: separating
input-side answerability defects from model-
side inability on well-posed tasks. To address
this, we introduce UnsolvableQA, a verifier-
backed multi-domain benchmark built with
deterministic checks and audited math ver-
ification, and UnsolvableRL, an alignment
framework that decouples reasoning, unsolv-
ability detection, and capability-calibrated re-
fusal. UnsolvableRL yields over 85% unsolv-
ability detection on Qwen3-4B while improv-
ing solvable accuracy from 43.4% to 69.4%,
with a +35.4-point solvable-accuracy gain on
Llama3-8B. Diagnostic tuning further distin-
guishes missing-information defects from con-
straint conflicts and transfers to interactive
clarification, improving Detail Recovery from
47.8% to 60.7% for Llama3-8B. Ablations re-
veal Capability Collapse: refusal penalties de-
grade detection without unsolvable data, but
act as a rigor regularizer when such data are
included. Our code and data are available
at https://github.com/sfasfaffa/
unsolvableQA.

1 Introduction

As Large Language Models (LLMs) achieve strong
performance on complex reasoning tasks (Wei
et al., 2022; Jaech et al., 2024; Hu et al., 2024),
modern reasoning alignment often assumes that
each query is well-posed and has a determinate
answer (Chen et al., 2025c). Under this assump-
tion, models can be rewarded for reaching the veri-
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Figure 1: Comparison of alignment paradigms. We treat
the solution space (solvable vs. unsolvable) and ques-
tion difficulty (easy vs. hard) as orthogonal dimensions,
requiring models to detect input-side defects, solve
feasible tasks, and calibrate refusal on hard but solv-
able problems.

fied answer and penalized or left unrewarded oth-
erwise (Shao et al., 2024; Guo et al., 2025). Yet
many queries violate this premise: they may omit
necessary information or contain contradictory con-
straints, so no determinate answer exists under the
requested response format. Prior work on confi-
dence calibration (Xiong et al., 2023; Yoon et al.,
2025; Fisch et al., 2022; Chen et al., 2025b) and ca-
pability boundaries (Chen et al., 2024; Zhang et al.,
2026; Kalai et al., 2025) mainly examines when
models should abstain from unproductive reason-
ing on otherwise valid tasks; TruthRL (Wei et al.,
2025) further encourages refusal under uncertainty
via a ternary reward.

However, uncertainty-aware abstention ad-
dresses only one side of reliable reasoning. Some
failures arise not because a model cannot solve
a valid task, but because the query itself lacks a
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well-defined answer: its specification may omit
necessary information or contain logical contradic-
tions. We call the resulting distinction the solvabil-
ity boundary, and treat Solution Space (solvable
vs. unsolvable) and Question Difficulty (easy vs.
hard) as orthogonal dimensions (Figure 1). A reli-
able system must therefore decouple three behav-
iors: solving feasible tasks, detecting unsolvable in-
puts, and calibrating refusal when a solvable prob-
lem exceeds current capacity. Current LLMs often
blur this boundary, leading to a “refusal dilemma”:
they hallucinate answers to invalid queries, or over-
refuse valid but difficult problems.

To learn this boundary, we introduce Unsolv-
ableQA, a benchmark suite of paired solvable and
unsolvable instances across logic and mathemat-
ics, with science-domain diagnostic and OOD ex-
tensions, built via Reverse Construction with con-
straint conflicts and missing-information cases for
diagnostic analysis. Verifier-backed structured do-
mains use deterministic solvers; math instances
undergo cross-model verification and human au-
diting. We further propose UnsolvableRL, op-
timizing (1) unsolvability detection, (2) a false-
unsolvability penalty, and (3) dynamic capability
calibration when empirical accuracy falls below a
target threshold.

Empirical results show solvability boundary
learning acts as an effective reasoning regular-
izer. UnsolvableRL improves the unsolvable de-
tection rate of Qwen3-4B from 38.8% to 87.5%,
while simultaneously increasing solvable problem
accuracy from 43.4% to 69.4%. On Llama3-
8B, mean score improves from 25.2% to 55.1%
(+29.9pp; 119% relative improvement), with
OOD gains on GPQA (+12.0%) and MMLU-
Pro (+4.5%). Diagnostic tuning enables missing-
information and constraint-conflict attribution and
transfers to interactive clarification (Detail Recov-
ery 47.8%→60.7% for Llama3-8B). Ablations re-
veal Capability Collapse when penalties are ap-
plied without unsolvable data, whereas our joint
framework turns them into a rigor regularizer.

Overall, our main contributions are:
• We construct UnsolvableQA, a verifier-backed

benchmark suite spanning logic and math,
with science-domain diagnostic/OOD evalua-
tion, built via Reverse Construction with deter-
ministic checks and audited math verification.

• We propose UnsolvableRL for solvability
boundary learning, decoupling reasoning on

solvable tasks, unsolvability detection, and
capability-calibrated refusal in a unified rein-
forcement alignment framework.

• We show that learning solvability boundaries
improves both solvable accuracy and unsolv-
ability detection, prevents capability collapse
under refusal penalties, and extends beyond bi-
nary detection to defect diagnosis and zero-shot
clarification transfer.

2 Related Work

Automated Reasoning Dataset Construction.
Automated Dataset Construction (ADC) is essen-
tial for eliciting reasoning capabilities (Liu et al.,
2024; Wang et al., 2023). While most methods syn-
thesize solvable puzzles (Chen et al., 2025a, 2024)
or verify rationale correctness (Ling et al., 2023;
Chen et al., 2025c), unsolvability remains limited.
SQuAD 2.0 (Rajpurkar et al., 2018) introduced
unanswerable reading comprehension. Closest to
our work, ReliableMath (Xue et al., 2025) studies
unsolvable mathematical reasoning with teacher-
generated SFT/DPO supervision; we instead opti-
mize verifier-derived rewards over policy rollouts,
without distilled solution/refusal demonstrations,
and use it only as an unseen OOD test set.

Unanswerability Detection and Self-Awareness.
Recent interpretability work shows that unanswer-
ability can be linearly encoded in LLM activa-
tions, enabling binary detection via specific direc-
tions (Lavi et al., 2025). Self-awareness and cali-
bration studies (Zhang et al., 2026; Mei et al., 2025;
Kalai et al., 2025; Steyvers et al., 2025) examine
how models estimate subjective uncertainty and
recognize knowledge boundaries to avoid halluci-
nations on difficult tasks.

Reinforcement Learning for Reasoning. RL
is central to aligning LLMs with complex rea-
soning (Ouyang et al., 2022; Schulman et al.,
2017; Rafailov et al., 2024). Algorithms such as
GRPO (Shao et al., 2024) and DAPO (Yu et al.,
2026) improve reasoning efficiency and capabil-
ity (Sheng et al., 2025; Tu et al., 2025; Team
et al., 2025; Guo et al., 2025; Wang et al., 2025;
Chen et al., 2025b). To mitigate hallucinations,
TruthRL (Wei et al., 2025) applies penalties to en-
courage refusal under uncertainty.

Despite these advances, paradigms have three
gaps. First, prior resources remain task-specific
rather than supporting verifier-backed boundary
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learning across logic, math, and science-domain
OOD settings. Second, existing approaches mainly
target binary reliability, without separating input-
side defects from model-side inability. Finally, RL
frameworks often conflate objective defects with
uncertainty or generic refusal, triggering capability
collapse. We bridge these gaps with verifier-backed
defect data and a three-way boundary: solving fea-
sible tasks, detecting input-side defects, and refus-
ing queries beyond the model’s capacity.

3 UnsolvableQA Construction

Most existing benchmarks primarily focus on solv-
able tasks, which often leads to hallucinations dur-
ing feasibility evaluations. To better understand
this issue, we present UnsolvableQA using a dual-
track methodology tailored to domain-specific ver-
ification (Figure 2).

3.1 Mathematical Data Collection

Programmatic verification is often infeasible for ad-
vanced math tasks. We therefore use Reverse Con-
struction for the entire mathematical unsolvable-
data pipeline (Figure 2a): starting from solvable
seed problems and verified solution paths, we
reverse-engineer input-side flaws that make the fi-
nal answer undefined. The pipeline has two stages:

Data Generation Process. First, we filter seed
problems, retaining only those where a strong LLM
(DeepSeek-Reasoner) successfully generates a cor-
rect solution. Next, the same model plans and
injects controlled constraint conflicts into the prob-
lem statement, such as mutually incompatible con-
ditions or externally added constraints that make
the original solution path invalid. Guided by the
structural plan, these conflicts are precisely targeted
within the problem statement while preserving the

surface form of a plausible reasoning problem.

Validation Process. We further implement a multi-
tier verification protocol. First, the generated prob-
lem is presented to DeepSeek-R1 for autonomous
contradiction detection. If the model fails to iden-
tify the flaw independently, we provide it with the
predefined contradiction plan to reassess solvability.
To ensure logical rigor, we introduce a Consensus-
Based Cross-Verification stage where Gemini 3
Pro evaluates the generated instance against the
intended contradiction. If Gemini identifies loop-
holes, the two models engage in an iterative debate.
An instance is retained only if both models reach
a unanimous consensus on its unsolvability. Ulti-
mately, three STEM Master’s students manually au-
dited the entire test set to guarantee data quality and
logical consistency (detailed in Appendix A.10).

3.2 Puzzle Data Collection
We developed automated generators for four rep-
resentative domains (Figure 2 (b)), employing de-
terministic solvers to guarantee strict unsolvability
across all instances.

Game24. We enumerate all binary expression
trees using exact rational arithmetic (Python Frac-
tion) to avoid floating-point errors. Unsolvable in-
stances are isolated via rejection sampling of num-
ber sets mathematically proven to lack solutions.

Hamiltonian Cycle/Path. Graph traversability is
framed as a SAT problem and verified via PySAT
with the Glucose3 solver. We engineer unsolv-
able instances by injecting structural impossibil-
ities, such as severing critical edges or creating
bottlenecks.

Hitori. We model Hitori as a constraint satisfac-
tion problem using python-constraint. Unsolvable
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Split Domain Solvable Unsolvable Total

Train Game24 50 50 100
Train Hamiltonian Cycle 48 48 96
Train Hamiltonian Path 50 50 100
Train Hitori 50 50 100
Train Maze 92 52 144
Train AIME (1983–2023) 50 32 82

Test Game24 50 50 100
Test Hamiltonian Cycle 48 50 98
Test Hamiltonian Path 50 50 100
Test Hitori 50 50 100
Test Maze(Easy) 100 94 194
Test Maze(Hard) 100 100 200
Test AIME (2024–2025) 60 47 107

Train Total 340 282 622
Test Total 458 441 899

Table 1: Unified vertical statistics for UnsolvableQA
train/test partitions. Train Maze has no difficulty split;
AIME year ranges differ.

variants are generated by injecting conflicting con-
straints, such as forcing duplicate numbers that
violate fundamental adjacency rules.

Maze Navigation. Base mazes are generated via
randomized DFS. To ensure unsolvability, we ob-
struct a critical junction shared by all valid paths
and verify the resulting impossibility via BFS.

3.3 Dataset Statistics and Quality Control

UnsolvableQA is domain-balanced (Table 1), com-
prising 899 test instances (458 solvable, 441 un-
solvable) and 622 training instances (340 solvable,
282 unsolvable). Training prompts utilize tem-
plated formats with aggregated difficulties, whereas
test prompts are diverse and preserve fine-grained
splits, including disjoint AIME years1. For rigor-
ous quality control, logic puzzles are verified via
rule-based solvers, while math problems undergo
multi-pass LLM validation and manual review. De-
tailed construction of the fine-grained diagnostic
dataset, categorized by Missing Information (MI)
and Constraint Conflict (CC), along with two addi-
tional out-of-distribution test sets, are provided in
Appendix A.4 and A.6, respectively.

4 UnsolvableRL Methodology

The reward design is intended to prevent three be-
haviors from collapsing into a single refusal action:
solving valid problems, detecting input-side de-
fects, and abstaining from solvable but currently
too-hard problems.

1AIME year ranges: train 1983–2023; test 2024–2025.

4.1 Problem Formulation
We model the task as generating a response y for
instance x ∈ D, where x is categorized by solv-
ability (S or U ). Difficulty is policy-relative rather
than an intrinsic ground-truth label: a solvable in-
stance is treated as currently hard when the model’s
ground-truth-verified rollout accuracy falls below
the dynamic target threshold. We optimize policy
πθ for three behavioral objectives: (1) Reasoning
Accuracy for solvable instances the current pol-
icy can reliably answer, ensuring correct reasoning
paths and answers; (2) Unsolvability Detection for
x ∈ U , requiring the model to output a specific tag
(e.g., <unsolvable>) to avoid hallucinations on
input-side defects; (3) Capability Calibration for
solvable instances that are empirically hard for the
current policy, enforcing prudent abstention (e.g.,
<beyond_capacity>) when verified rollout ac-
curacy is below τ .

4.2 Group-Relative Policy Optimization
We adopt Group Relative Policy Optimization
(GRPO) to optimize πθ without a separate value
function. For each x, the policy samples a group of
G outputs Y = {yi}Gi=1. The objective is:

J (θ) = Ex,Y

[
1

G

G∑

i=1

min
(
ri(θ)Ai,

clip(ri(θ), 1− ϵ, 1 + ϵ)Ai

)] (1)

where ri(θ) = πθ(yi|x)
πθold (yi|x)

. Advantage Ai is esti-
mated by normalizing rewards within the group:
Ai = (R(yi | x)− µR)/(σR + ϵ), where µR and
σR are the mean and standard deviation of rewards
R = {R(yj | x)}Gj=1.

4.3 Reward Design
As Figure 3 illustrates, UnsolvableRL implements
this decoupling via three orthogonal reward com-
ponents that must not collapse into undifferentiated
refusal: R = Racc +Rdetect +Rcal.

1) Reasoning Accuracy (Racc): For solvable in-
stances, the model receives Racc = α ∈ {0, 1}
based on deterministic verification (e.g., SAT
solvers or exact matchers). Incorrect reasoning
yields a neutral reward (α = 0) rather than a
penalty, preserving the incentive to attempt com-
plex chains of thought.

2) Unsolvability Detection (Rdetect): This re-
ward targets input-side answerability defects, es-
pecially missing support and constraint conflicts
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Figure 3: UnsolvableRL reward design. The framework decouples three behaviors: reasoning accuracy on solvable
instances, unsolvability detection for input-side defects, and capability calibration for solvable but currently hard
instances. Panel (a) visualizes the objective solvability reward, including correctness reward on solvable queries,
unsolvability reward on flawed queries, and a false unsolvability penalty for labeling solvable queries as unsolvable.
Panel (b) visualizes capability calibration, which regulates <beyond_capacity> refusal by comparing the target
threshold τ with the ground-truth-verified rollout accuracy β: refusal is encouraged when τ > β and discouraged
when τ < β.

that make the problem specification incomplete or
inconsistent. On unsolvable problems, outputting
the canonical <unsolvable> tag earns +1 re-
ward; hallucinating an answer yields 0. Conversely,
applying the <unsolvable> tag to a solvable
problem incurs a False Unsolvability Penalty (ρ =
−0.5). As analyzed in Appendix A.8, this penalty
increases the cost of false unsolvability and dis-
courages universal rejection.

3) Difficulty Calibration (Rcal): To regulate sub-
jective refusal on valid problems, we introduce a dy-
namic accuracy threshold τ ∈ [0, 1]. Let β be the
empirical accuracy of the generation group’s solv-
able subset; the calibration reward for outputting
<beyond_capacity> is:

Rcal(yi) = λ(τ −β)1[yi contains <be..>]. (2)

This incentive promotes prudent abstention when
current capabilities fall short (β < τ ) and penal-
izes lazy refusals when the model is empirically
capable (β > τ ). We implement a progressive
schedule, monotonically increasing τ → 1 dur-
ing training to safely transition from exploration
to strict accuracy constraints, preventing reward
collapse (Appendix A.9).

5 Experiments

We trained and evaluated Deepseek-Distill-
Llama3-8B (Llama3-8B) (Grattafiori et al., 2024;
Guo et al., 2025) and Qwen3-4B (Yang et al.,
2025) in think mode on UnsolvableQA, reporting
AVG@8 for AIME partitions and AVG@4 else-
where. In our standardized setup, the final Qwen3-
4B and Llama3-8B models are trained for 320 and

400 steps, respectively, while the ablation models
were trained for 120 steps due to computational
cost constraints. We use the longer runs to report
converged performance, and use the 120-step ab-
lations only for controlled, fixed-budget compo-
nent attribution; therefore, ablation conclusions are
drawn within the 120-step setting.

5.1 Main Results

UnsolvableRL significantly enhances reasoning
reliability across architectures. As shown in
Table 2, applying our framework to Llama3-8B
improves its mean reasoning score from 25.2% to
55.1%. Similarly, Qwen3-4B achieves a competi-
tive global mean of 78.6%, substantially narrowing
the gap with massive proprietary models such as
GPT-5.2-Low and Gemini-3. Crucially, the 4B
model achieves an unsolvable detection rate (U ) of
87.5% while simultaneously boosting its solvable
accuracy (S) from 43.4% to 69.4%.

Performance gains generalize effectively to ex-
ternal OOD benchmarks. Beyond in-domain
evaluations, aligned models show consistent im-
provements on MMLU-Pro, GPQA, and the
externally-constructed unsolvable mathematics
benchmark ReliableMath, as well as two distinct
OOD logic tasks (8-Puzzle and Zebra Logic) de-
tailed in A.6. Notably, on ReliableMath, Llama3-
8B achieves 68.3% (a +12.1% gain), demonstrat-
ing strong competitiveness against much larger
systems. Similarly, GPQA shows a +12.0% in-
crease in identifying graduate-level unsolvable in-
stances. Detailed breakdowns are provided in Ap-
pendices A.1 & A.6. Beyond binary boundary
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Advanced LLMs Llama3-8B Qwen3-4B

Dataset Metric Deepseek-V3.2-R GPT-5.2-Low Gemini-3 Distill + UnsolvableRL Instruct + UnsolvableRL

Game24 S / U 98.0 / 77.5 64.0 / 66.0 94.0 / 94.0 28.0 / 48.0 80.0 / 22.0 81.0 / 17.0 94.5 / 99.0
Mean 87.8 65.0 94.0 38.0 51.0 (+13.0) 49.0 96.8 (+47.8)

HamCycle S / U 83.5 / 94.0 97.9 / 94.0 100.0 / 98.0 27.1 / 2.0 52.1 / 100.0 37.5 / 57.0 41.1 / 94.5
Mean 88.8 96.0 99.0 14.6 76.1 (+61.5) 47.3 67.8 (+20.5)

HamPath S / U 84.0 / 96.0 92.0 / 94.0 100.0 / 90.0 14.0 / 0.0 74.0 / 92.0 37.0 / 56.5 55.0 / 96.5
Mean 90.0 93.0 95.0 7.0 83.0 (+76.0) 46.8 75.8 (+29.0)

Hitori S / U 70.0 / 86.0 62.0 / 98.0 98.0 / 100.0 6.0 / 56.0 30.0 / 76.0 34.5 / 6.5 63.5 / 94.5
Mean 78.0 80.0 99.0 31.0 53.0 (+22.0) 20.5 79.0 (+58.5)

Maze (Easy) S / U 100.0 / 98.9 98.0 / 100.0 99.0 / 94.6 1.0 / 44.7 67.0 / 42.6 32.7 / 55.6 96.5 / 98.9
Mean 99.5 99.0 96.8 22.9 54.8 (+31.9) 44.1 97.7 (+53.6)

Maze (Hard) S / U 98.0 / 98.0 86.0 / 94.0 96.0 / 91.0 0.0 / 52.0 13.0 / 35.0 13.3 / 64.5 65.8 / 89.0
Mean 98.0 90.0 93.5 26.0 24.0 (-2.0) 38.9 77.9 (+39.0)

AIME 24-25 S / U 85.0 / 40.3 90.0 / 42.5 95.0 / 21.2 35.0 / 39.4 43.3 / 44.7 67.9 / 14.8 69.6 / 40.4
Mean 62.7 66.3 58.1 37.2 44.0 (+6.8) 41.4 55.0 (+13.6)

Overall S / U 88.4 / 84.4 84.3 / 84.1 97.4 / 84.1 15.9 / 34.6 51.3 (+35.4) / 58.9 (+24.3) 43.4 / 38.8 69.4 (+26.0) / 87.5 (+48.7)
Mean 86.1 84.2 90.8 25.2 55.1 (+29.9) 41.1 78.6 (+37.5)

MMLU-Pro Mean 85.0 87.5 90.1 52.4 56.9 (+4.5) 62.0 64.4 (+2.4)
GPQA Mean 82.4 92.4 91.9 34.5 46.5 (+12.0) 54.1 54.5 (+0.4)
ReliableMath Mean 67.0 50.4 58.5 56.2 68.3 (+12.1) 41.6 62.4 (+20.8)

Table 2: Performance on reasoning and general knowledge benchmarks. Reasoning datasets report Solvable
Accuracy (S), Unsolvable Detection Rate (U), and their Mean (M). Parentheses denote absolute improvements
over the base model; global best scores are bolded.

learning, we further evaluate fine-grained defect at-
tribution and zero-shot clarification transfer (§5.2).

5.2 Fine-grained Diagnosis and Clarification
Transfer

To move beyond binary detection, we extend our
framework into a Diagnostic Reasoning stage. In
structured reasoning domains, we instantiate two
answerability-defect families: Missing Informa-
tion (MI) and Constraint Conflict (CC). MI denotes
missing support needed for a determinate answer
under the requested response format, while CC cap-
tures mutually incompatible observed constraints
that make the problem specification inconsistent.

To support this, we utilize seeds from AIME
(1983) and the MMLU-Pro validation set to syn-
thesize a diagnostic training set of 259 instances
(120 solvable and 139 unsolvable), covering only
missing-information and constraint-conflict fam-
ilies. For rigorous evaluation, we curate a sepa-
rate diagnostic OOD test set comprising 320 in-
stances from entirely disjoint sources: 149 diag-
nostic instances from AIME (2024–2025), distinct
from the core AIME split in Table 1 and includ-
ing additional MI cases for attribution evaluation,
to evaluate temporal generalization; and 171 in-
stances from GPQA (denoted as GPQA-U) to as-
sess cross-domain transferability in graduate-level
science. Models were initialized from converged
UnsolvableRL models and underwent an additional
80-step diagnostic fine-tuning phase on the synthe-

Metrics / Datasets Qwen3-4B Llama3-8B

Instruct + Diag. Distill + Diag.

Reasoning Accuracy (Solvable S ↑)
MMLU-Pro 62.0 65.4 52.4 54.8
GPQA 54.1 55.8 34.5 50.0
AIME 67.9 69.6 35.0 48.8

Unsolvability Detection (Unsolvable U ↑)
GPQA-U 21.7 33.8 21.5 36.6
AIME-MI 23.4 41.4 38.3 38.8
AIME-CC 45.2 69.6 45.2 75.6

Interactive Transfer (IN3 Benchmark)
Detail Recovery 60.5 66.5 47.8 60.7
Intention Coverage 34.7 39.7 20.4 23.0
Avg. Rounds 4.24 4.58 3.10 4.16

Table 3: Results for diagnostic reasoning and clarifica-
tion transfer. +Diag. models show performance syner-
gies and superior zero-shot transfer to interactive tasks
(IN3), enabling proactive questioning.

sized training set to output specific tags for diag-
nostic purposes.

The transition from binary unsolvability detec-
tion to cause-aware diagnosis yields three insights:

Cause-aware diagnosis improves general rea-
soning. As shown in Table 3, training models
to identify why a query is unsolvable yields ad-
ditional gains beyond yes/no detection. Notably,
diagnostic tuning improves Llama3-8B’s GPQA ac-
curacy from 34.5% to 50.0% (+15.5%), suggesting
that learning the causes of invalidity can regularize
valid reasoning rather than merely teach rejection.
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Figure 4: Visualizing the interaction between Solv-
able Accuracy (S) and Unsolvable Detection (U ). The
Purple Arrow highlights our full method (Blue Circle)
achieving a Pareto improvement over the baseline (Red
Square). Both models exhibit consistent dynamics: ap-
plying penalties without Unsolvable Data (UD) triggers
Capability Collapse (Red Arrow), sacrificing U to max-
imize S. Conversely, when paired with UD, the penalty
acts as a Regularizer (Blue Arrow), trading marginal U
for significant gains in S compared to using UD alone
(Blue Square).

Cause-aware diagnosis separates missing infor-
mation from constraint conflicts. Diagnostic
tuning improves detection across both defect fami-
lies. Qwen3-4B increases from 23.4% to 41.4% on
AIME-MI and from 45.2% to 69.6% on AIME-CC.
These gains indicate that unsolvability detection is
not only a binary refusal skill, but can be decom-
posed into more specific answerability judgments.

Cause-aware diagnosis transfers to interactive
clarification. To test whether boundary aware-
ness leads to helpful behavior rather than over-
refusal, we evaluate zero-shot transfer on the IN3
interactive clarification benchmark (Qian et al.,
2024). Boundary-aware models ask for missing
information more effectively: for Llama3-8B, De-
tail Recovery improves from 47.8% to 60.7%. This
suggests that identifying the cause of underspecifi-
cation can support proactive clarification in open-
ended dialogue.

5.3 Ablation: Data–Penalty Interaction and
Capability Collapse

To understand the contributions of data and reward
mechanisms, we conducted a comprehensive abla-
tion study comparing four configurations under the
same 120-step training budget, defined by the inclu-
sion of Unsolvable Data (UnsData) and the False
Unsolvability Penalty (P). Figure 4 compares: (1)
w/o UnsData w/o P (baseline); (2) w/o UnsData
w/ P (penalty only); (3) w/ UnsData w/o P (data
only); and (4) w/ UnsData w/ P (our full method).

The “Final” checkpoints in the main table are re-
ported separately to show convergence, not used as
baselines for these component-level ablations.

Explicit Unsolvable Data is a Prerequisite for
Detection. As shown in Figure 4, the naive base-
line trained without unsolvable data (w/o UnsData)
lacks the fundamental capability to recognize un-
solvability. For Qwen3-4B, detection is weak
(U = 62.6%). Introducing explicit unsolvable data
provides the necessary supervision, boosting de-
tection significantly (U → 84.8%). This confirms
that optimizing solely for reasoning correctness on
solvable tasks is insufficient.

Applying Penalty without Data Triggers Capa-
bility Collapse. Figure 4 (left) illustrates a crit-
ical failure mode caused by objective mismatch.
When the penalty is enforced without providing
ground-truth unsolvable examples, the model, lack-
ing positive examples of valid refusal, minimizes
the penalty risk by defaulting to answering all
queries. This behavior effectively collapses its
refusal mechanism, as seen in the 1.7B model’s
detection rate plummeting from 68.8% to 4.2%.

Applying Penalty with Data Facilitates a Strate-
gic Trade-off. When grounded with adequate
data, the penalty shifts from being a suppressor
to a regularizer. For Qwen3-4B, adding the penalty
(w/ UnsData w/ P) improves Solvable Accuracy
(S) from 60.6% to 62.6%, at the cost of a slight
drop in detection (U : 84.8% → 81.5%). This
trade-off is strategic: it sacrifices marginal detec-
tion performance to enforce stricter reasoning rigor
on feasible problems, optimizing the model for
real-world utility.

Overall Gain: A Pareto Improvement over the
Baseline. Viewing the trajectory globally (the
purple dashed arrow in Figure 4b), our full method
represents a comprehensive upgrade over the naive
baseline (w/o UnsData w/o P). We achieve sig-
nificant gains in both dimensions for Qwen3-4B
(S : 57.7% → 62.6%, U : 62.6% → 81.5%).
This confirms that UnsolvableRL does not merely
shift the decision boundary, but fundamentally en-
hances both reliability and reasoning capability.

5.4 Calibration: Decoupling Objective
Detection from Subjective Refusal

To test whether objective unsolvability detection
must be separated from subjective capability cali-
bration, we compare against a conflated-tag base-
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Figure 5: Performance Comparison and Calibration Analysis. (Left/Middle) Comparison with TruthRL. While
TruthRL achieves higher rejection rates (Blue bars), it suffers from over-refusal, significantly degrading Accuracy
(Green bars). (Right) Comparison of threshold strategies. The adaptive mechanism (w/ P Final) maintains a healthier
rejection rate (6.87%) compared to the Fixed-τ baseline (4.36%) while preserving high accuracy.

line and TruthRL (Wei et al., 2025). We also com-
pare with a Fixed-τ variant to isolate the role of
dynamic thresholding. Together, these baselines
test whether refusal should share one generic signal
or be calibrated separately from input-side defect
detection.

Necessity of Decoupling Objective and Subjec-
tive Refusal. We first investigated the necessity
of decoupling objective detection from subjective
calibration by training a baseline variant that con-
flates the two behaviors (i.e., the model outputs a
unified unsolvable tag for any refusal, regard-
less of whether it stems from logical contradic-
tions or subjective difficulty). We found that this
undifferentiated approach results in significantly
lower accuracy on solvable tasks across architec-
tures. Specifically, after 120 training steps, the
conflated model achieved a solvable set accuracy
(S) of only 53.7% for Qwen3-4B and a mere 14.9%
for Llama3-8B, compared to 62.6% and 40.1%
achieved by our decoupled method at the same
stage, respectively. This substantial performance
gap, particularly evident in the Llama model, val-
idates that distinguishing between “the problem
is logically flawed” and “the problem exceeds my
current capacity” is essential for preserving rea-
soning rigor; without this distinction, models tend
to adopt a “lazy” refusal strategy to maximize re-
wards, severely discouraging attempts at complex
reasoning. Detailed settings and a diagnostic anal-
ysis are provided in Appendix A.2.

Superior Balance Compared to TruthRL.
We further benchmark our method against
TruthRL (Wei et al., 2025) and different thresh-
olding strategies. As shown in Left/Middle panels
of Figure 5, TruthRL tends to be overly conser-

vative, leading to over-refusal. For Qwen3-1.7B,
while TruthRL achieves a high Rejection Rate
(18.58%), its Accuracy drops to 39.0%, which is in-
ferior to even the baseline. In contrast, our method
achieves a significantly higher Accuracy (45.5%)
with a lower and better-controlled Rejection Rate
(10.58%). This indicates that our target accuracy
threshold provides a softer, more distinctive signal
than TruthRL’s hard refusal reward, preserving the
model’s core reasoning capabilities.

Dynamic Thresholding Prevents Overconfi-
dence. The rightmost panel of Figure 5 high-
lights the importance of our dynamic calibration.
The Fixed-τ baseline yields a low rejection rate
(4.36%), suggesting overconfidence. By dynam-
ically adjusting τ based on the moving average
of solvable confidence, our method (w/ P Final)
maintains a robust rejection rate (6.87%) without
sacrificing accuracy (78.6%), ensuring the model
remains prudent even as it becomes stronger.

6 Conclusion

In this paper, we address the LLM “refusal
dilemma” through solvability boundary learning,
separating input-side answerability defects from
model-side inability on well-posed tasks. Us-
ing our UnsolvableQA benchmark and Unsolv-
ableRL framework, we demonstrate that recogniz-
ing missing-information and constraint-conflict de-
fects acts as a powerful reasoning regularizer. This
paradigm enables robust unsolvability detection
(U > 85%), sharper boundaries on solvable tasks,
two-family defect diagnosis, and zero-shot trans-
fer to interactive clarification; 4B/8B models fur-
ther achieve OOD gains on GPQA (+12.0%) and
ReliableMath (+12.1%). By turning refusal penal-
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ties from capability collapse into a rigor catalyst,
our work distinguishes intrinsic query flaws from
model limitations.

Limitations

Despite its diversity, our study focuses on struc-
tured missing-information and constraint-conflict
defects, and does not cover the full spectrum of sub-
jective ambiguity, undefined user intents, or subtle
rule-level violations. Although diagnostic tuning
shows zero-shot transfer to clarification behavior,
our training objective remains primarily detection-
oriented. A full closed-loop repair agent that opti-
mizes when to ask, how to integrate user responses,
and whether the repaired task is successfully solved
remains future work.
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A Appendix

A.1 Comprehensive experimental setup and
results

In this appendix, we provide the full, domain-level
experimental results to supplement the aggregated
metrics reported in the main text. Table 4 re-
ports the performance breakdown across all seven
datasets, including Game24, HamCycle, HamPath,
Hitori, Maze-Easy, Maze-Hard, and AIME 24-25.
We report three primary metrics to evaluate per-
formance. First, Solvable Accuracy (S) measures
the percentage of solvable problems correctly an-
swered. Second, Unsolvable Detection Rate (U)
indicates the percentage of unsolvable problems
correctly identified as unsolvable. Finally, Mean
(M) represents the arithmetic mean of S and U, re-
flecting the overall reliability of the model across
different domains.

Complementing the standard metrics, Table 5
provides a diagnostic view focusing on the model’s
refusal behavior. Correctness (Corr) measures the
accuracy of the model’s responses on attempted
questions, independent of the refusal decision. Re-
jection Rate (Rej) tracks the proportion of total
queries, including both solvable and unsolvable
instances, that the model refused to answer. The
sum of these two metrics (C+R) serves as a diag-
nostic tool to analyze trade-offs between reasoning
capability and refusal tendency, helping to identify
issues such as over-refusal or capability collapse.

Both tables include results for a wide range of
configurations. We compare against strong propri-
etary models like Deepseek-V3.2-R and Gemini-
3.0-Pro, as well as the base Qwen3-Instruct mod-
els, which serve as reference points. To isolate
the effects of our proposed components, we eval-
uate ablation variants trained for 120 steps under
a fixed compute budget. These include models
trained exclusively on solvable data without expo-
sure to ground-truth unsolvable examples (denoted
as w/o UnsData) and models trained without the
False Unsolvability Penalty (denoted as w/o P), rep-
resenting standard RLHF without the penalty term
for incorrect refusals. Separately, we present fully
converged checkpoints trained for longer budgets
(e.g., 320 steps for Qwen3-4B), including a variant
using a static confidence threshold (Fixed-tau Fi-
nal) and our complete UnsolvableRL method (w/
UnsData w/ P Final). These final checkpoints are
intended to show converged performance, whereas
component-level conclusions are drawn from the

same-budget 120-step ablations.
We also extended our evaluation to the Llama3-

8B architecture to verify the generalizability of our
method. As shown in the tables, training exclu-
sively on solvable data (w/o UnsData w/o P) yields
a dramatic improvement in solvable accuracy com-
pared to the baseline (S : 15.9%→ 39.6%). How-
ever, this comes at a catastrophic cost: the model’s
ability to detect unsolvable problems collapses
(U : 34.6% → 4.1%), leading to a net decline
in the overall Mean score (M : 25.2%→ 21.9%).

In contrast, our proposed method (w/ UnsData w/
P) successfully resolves this conflict. At step 120, it
maintains superior solvable accuracy (S = 40.1%)
while simultaneously robustifying unsolvable de-
tection (U = 46.3%), nearly doubling the over-
all Mean score to 43.2%. Furthermore, extend-
ing the training to approximately 400 steps (Fi-
nal) demonstrates robust scalability: the model
achieves further gains with Solvable Accuracy
reaching 51.3% and Unsolvable Detection rising
to 58.9%, resulting in a comprehensive Mean
score of 55.1%. This confirms that UnsolvableRL
effectively prevents capability collapse and en-
hances reasoning rigor across different model fam-
ilies.

A.2 Analysis of the Conflated Refusal
Baseline (+Mix Tag)

To further underscore the necessity of decoupling
objective detection from subjective calibration, we
evaluate a baseline variant referred to as +Mix
Tag. This model is trained using the exact same
dataset and hyperparameter configurations as our
full UnsolvableRL framework. The critical distinc-
tion lies in the prompting strategy: the model is
instructed to output a unified unsolvable tag
for both objective contradiction detection and sub-
jective difficulty-based refusal, rather than using
distinct markers like <beyond_capacity>.

Under this conflated setting, the reward compo-
nents defined in Section 4.3 are applied based on
the ground truth of the instance, even though the
model uses a single undifferentiated output:

• Solvable Instances: If the model emits the
unsolvable tag, it inherently fails to solve
the problem, resulting in Racc = 0. However,
to prevent the calibration mechanism from
collapsing, the system treats this output as
a subjective refusal and assigns the dynamic
difficulty calibration reward Rcal according to
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Game24 HamCycle HamPath Hitori Maze(E) Maze(H) AIME24-25 Overall
Checkpoint S U M S U M S U M S U M S U M S U M S U M S U M

Deepseek-V3.2-R 98.0 77.5 87.8 83.5 94.0 88.8 84.0 96.0 90.0 70.0 86.0 78.0 100.0 98.9 99.5 98.0 98.0 98.0 85.0 40.3 62.7 88.4 84.4 86.5
Gemini-3.0-Pro 94.0 94.0 94.0 100.0 98.0 99.0 100.0 90.0 95.0 98.0 100.0 99.0 99.0 94.6 96.8 96.0 91.0 93.5 95.0 21.2 58.1 97.4 84.1 90.8

Qwen3-4B-Instruct 81.0 17.0 49.0 37.5 57.0 47.3 37.0 56.5 46.8 34.5 6.5 20.5 32.7 55.6 44.1 13.3 64.5 38.9 67.9 14.8 41.4 43.4 38.8 41.1
+ Mix Tag 82.0 92.0 87.0 31.3 100.0 66.0 38.0 100.0 69.0 48.0 90.0 69.0 85.0 91.5 88.2 33.0 84.0 58.5 58.3 61.3 59.8 53.7 88.4 71.1
+ TruthRL 91.0 91.0 91.0 32.3 86.0 59.2 49.0 90.0 69.5 38.0 15.0 26.5 90.0 77.1 83.6 31.0 56.5 43.8 67.5 19.1 43.3 57.0 62.1 59.6
+ w/o UnsData w/o P 83.0 92.0 87.5 36.5 81.0 58.8 47.0 84.0 65.5 46.0 20.0 33.0 88.5 76.6 82.6 34.5 60.5 47.5 68.3 24.0 46.2 57.7 62.6 60.2
+ w/o UnsData w/ P 90.5 12.5 51.5 39.6 67.5 53.5 49.5 64.5 57.0 56.5 4.0 30.3 94.8 83.2 89.0 56.3 72.0 64.1 69.0 7.4 38.2 65.2 44.4 54.8
+ w/ UnsData w/o P 84.0 95.0 89.5 39.6 96.0 67.8 53.0 100.0 76.5 45.0 87.0 66.0 95.5 95.2 95.4 40.0 89.5 64.8 67.1 30.8 49.0 60.6 84.8 72.7
+ w/ UnsData w/ P 88.0 97.0 92.5 35.9 95.5 65.7 51.5 99.5 75.5 48.5 71.0 59.8 94.0 95.5 94.8 53.3 79.8 66.6 66.9 31.9 49.4 62.6 81.5 72.0
+ Fixed-τ Final 87.5 99.0 93.3 39.1 100.0 69.6 67.0 99.5 83.3 51.0 98.0 74.5 96.3 100.0 98.2 52.5 95.8 74.2 69.0 41.9 55.5 66.1 90.6 78.4
+ w/ UnsData w/ P Final 94.5 99.0 96.8 41.1 94.5 67.8 55.0 96.5 75.8 63.5 94.5 79.0 96.5 98.9 97.7 65.8 89.0 77.9 69.6 40.4 55.0 69.4 87.5 78.6

Qwen3-1.7B-Instruct 78.0 23.0 50.5 22.9 28.0 25.5 14.0 33.0 23.5 8.0 21.0 14.5 0.0 85.6 42.8 0.0 80.0 40.0 38.3 21.2 29.8 23.0 41.7 32.4
+ TruthRL 76.0 80.0 78.0 19.8 49.0 34.4 17.0 58.0 37.5 4.0 25.0 14.5 1.5 82.4 42.0 0.0 73.5 36.8 42.1 17.0 29.6 22.9 55.0 39.0
+ w/o UnsData w/o P 77.0 88.0 82.5 25.0 60.0 42.5 15.0 83.0 49.0 5.0 53.0 29.0 0.5 93.6 47.1 0.0 79.5 39.8 32.9 24.4 28.7 22.2 68.8 45.5
+ w/o UnsData w/ P 85.0 2.0 43.5 22.4 10.5 16.5 25.5 14.0 19.8 12.0 2.5 7.3 0.0 0.0 0.0 0.0 0.0 0.0 40.8 0.5 20.7 26.5 4.2 15.4
+ w/ UnsData w/o P 70.0 97.0 83.5 22.9 94.0 58.5 22.0 97.0 59.5 4.0 79.0 41.5 0.5 95.2 47.9 0.0 86.0 43.0 31.7 46.8 39.3 21.6 85.0 53.3
+ w/ UnsData w/ P 82.0 96.5 89.3 18.2 85.0 51.6 20.5 89.5 55.0 8.0 62.0 35.0 0.0 90.7 45.4 0.0 74.3 37.2 40.8 21.2 31.0 24.2 74.2 49.2
+ w/ UnsData w/ P Final 84.0 100.0 92.0 20.8 88.0 54.4 27.0 85.0 56.0 11.0 59.0 35.0 0.0 95.2 47.6 0.0 79.0 39.5 35.4 28.7 32.1 25.5 76.4 50.9

Llama3-8B-Distill 28.0 48.0 38.0 27.1 2.0 14.6 14.0 0.0 7.0 6.0 56.0 31.0 1.0 44.7 22.9 0.0 52.0 26.0 35.0 39.4 37.2 15.9 34.6 25.2
+ Mix Tag 2.0 96.0 49.0 18.8 98.0 58.4 22.0 100.0 61.0 2.0 100.0 51.0 23.0 78.7 50.8 1.0 85.0 43.0 35.8 80.8 58.3 14.9 91.2 53.1
+ w/o UnsData w/o P 58.0 2.0 30.0 41.7 0.0 20.8 50.0 0.0 25.0 6.0 2.0 4.0 67.0 7.4 37.2 8.0 8.0 8.0 46.7 9.6 28.1 39.6 4.1 21.9
+ w/ UnsData w/ P 66.0 4.0 35.0 39.6 98.0 68.8 48.0 90.0 69.0 10.0 78.0 44.0 60.0 3.2 31.6 7.0 20.0 13.5 50.0 30.9 40.5 40.1 46.3 43.2
+ w/ UnsData w/ P Final 80.0 22.0 51.0 52.1 100.0 76.1 74.0 92.0 83.0 30.0 76.0 53.0 67.0 42.6 54.8 13.0 35.0 24.0 43.3 44.7 44.0 51.3 58.9 55.1

Table 4: Detailed performance breakdown (S/U/M) across all seven datasets. This table lists the full experimental
results for all baselines and Qwen3 variants (including ablation checkpoints and final converged models). S: Solvable
Accuracy; U: Unsolvable Detection Rate; M: Mean Score.

Game24 HamCycle HamPath Hitori Maze(E) Maze(H) AIME24-25 Overall
Checkpoint Corr Rej C+R Corr Rej C+R Corr Rej C+R Corr Rej C+R Corr Rej C+R Corr Rej C+R Corr Rej C+R Corr Rej C+R

Deepseek-V3.2-R 87.8 0.00 87.8 88.8 8.30 97.1 90.0 6.00 96.0 78.0 9.00 87.0 99.5 0.00 99.5 98.0 0.00 98.0 62.7 0.80 63.5 86.5 3.44 90.0
Gemini-3.0-Pro 94.0 1.00 95.0 99.0 0.00 99.0 95.0 0.00 95.0 99.0 0.00 99.0 96.8 0.00 96.8 93.5 0.00 93.5 58.1 0.00 58.1 90.8 0.14 90.9

Qwen3-4B-Instruct 49.0 0.00 49.0 47.3 24.74 72.0 46.8 12.00 58.8 20.5 4.00 24.5 44.1 0.00 44.1 38.9 0.25 39.2 41.4 0.00 41.4 41.1 5.86 47.0
+ TruthRL 91.0 0.50 91.5 59.2 34.15 93.4 69.5 16.00 85.5 26.5 18.50 45.0 83.6 2.50 86.1 43.8 11.00 54.8 43.3 0.00 43.3 59.6 11.81 71.4
+ w/o UnsData w/o P 87.5 0.00 87.5 58.8 28.85 87.7 65.5 15.50 81.0 33.0 11.00 44.0 82.6 0.00 82.6 47.5 0.00 47.5 46.2 0.00 46.2 60.2 7.91 68.1
+ w/o UnsData w/ P 51.5 0.00 51.5 53.5 21.09 74.6 57.0 7.00 64.0 30.3 2.25 32.6 89.0 0.00 89.0 64.1 0.13 64.2 38.2 0.00 38.2 54.8 4.35 59.2
+ w/ UnsData w/o P 89.5 1.50 91.0 67.8 19.00 86.8 76.5 10.00 86.5 66.0 13.00 79.0 95.4 1.00 96.4 64.8 4.00 68.8 49.0 0.42 49.4 72.7 7.00 79.7
+ w/ UnsData w/ P 92.5 1.00 93.5 65.7 19.75 85.5 75.5 15.50 91.0 59.8 7.50 67.3 94.8 0.00 94.8 66.6 1.00 67.6 49.4 0.00 49.4 72.0 6.39 78.4
+ Fixed-τ Final 93.3 0.00 93.3 69.6 18.49 88.1 83.3 12.00 95.3 74.5 0.00 74.5 98.2 0.00 98.2 74.2 0.00 74.2 55.5 0.00 55.5 78.4 4.36 82.8
+ w/ UnsData w/ P Final 96.8 0.00 96.8 67.8 26.82 94.6 75.8 19.00 94.8 79.0 2.25 81.3 97.7 0.00 97.7 77.1 0.00 77.1 55.0 0.00 55.0 78.6 6.87 85.5

Qwen3-1.7B-Instruct 50.5 0.00 50.5 25.5 8.85 34.3 23.5 12.00 35.5 14.5 0.50 15.0 42.8 0.00 42.8 40.0 0.00 40.0 29.8 0.00 29.8 32.4 3.05 35.5
+ TruthRL 78.0 2.00 80.0 34.4 29.58 64.0 37.5 39.50 77.0 14.5 16.50 31.0 42.0 12.78 54.8 36.8 24.00 60.8 29.6 5.68 35.3 39.0 18.58 57.6
+ w/o UnsData w/o P 82.5 0.50 83.0 42.5 29.17 71.7 49.0 30.00 79.0 29.0 6.50 35.5 47.1 0.25 47.3 39.8 3.50 43.3 28.7 4.17 32.9 45.5 10.58 56.1
+ w/o UnsData w/ P 43.5 0.25 43.8 16.5 19.01 35.5 19.8 8.00 27.8 7.3 5.25 12.5 0.0 0.00 0.0 0.0 0.00 0.0 20.7 0.00 20.7 15.4 4.64 20.0
+ w/ UnsData w/o P 83.5 1.00 84.5 58.5 22.88 81.4 59.5 19.50 79.0 41.5 2.50 44.0 47.9 1.50 49.4 43.0 0.75 43.8 39.3 2.52 41.8 53.3 7.24 60.5
+ w/ UnsData w/ P 89.3 0.00 89.3 51.6 27.77 79.4 55.0 19.50 74.5 35.0 2.50 37.5 45.4 0.00 45.4 37.2 4.50 41.7 31.0 1.46 32.5 49.2 7.96 57.2
+ w/ UnsData w/ P Final 92.0 0.50 92.5 54.4 32.19 86.6 56.0 21.50 77.5 35.0 2.00 37.0 47.6 0.55 48.2 39.5 6.75 46.3 32.1 3.17 35.3 50.9 9.52 60.4

Llama3-8B-Distill 38.0 22.00 60.0 14.6 43.75 58.4 7.0 34.00 41.0 31.0 56.00 87.0 22.9 34.19 57.1 26.0 44.50 70.5 37.2 6.78 44.0 25.2 34.46 59.7
+ w/o UnsData w/o P 30.0 0.00 30.0 20.8 5.21 26.0 25.0 4.00 29.0 4.0 6.00 10.0 37.2 1.00 38.2 8.0 4.00 12.0 28.1 0.83 28.9 21.9 3.01 24.9
+ w/ UnsData w/ P 35.0 0.00 35.0 68.8 16.67 85.5 69.0 3.00 72.0 44.0 19.00 63.0 31.6 3.00 34.6 13.5 8.50 22.0 40.5 0.83 41.3 43.2 7.29 50.5
+ w/ UnsData w/ P Final 51.0 2.00 53.0 76.1 10.42 86.5 83.0 4.00 87.0 53.0 19.00 72.0 54.8 4.05 58.9 24.0 17.00 41.0 44.0 3.34 47.3 55.1 8.54 63.7

Table 5: Alternative metric analysis showing Correctness (Corr), Rejection Rate (Rej), and their sum (C+R).
This breakdown distinguishes between general accuracy and refusal tendency, providing a diagnostic view for
over-refusal and capability collapse.

Eq. 2.

• Unsolvable Instances: If the model emits the
same unsolvable tag, it is rewarded with
the detection signal Rdetect = +1 (as detailed
in Section 4.3), as the unified tag happens to
match the objective ground truth of the prob-
lem statement.

As shown in the +Mix Tag row of Table 4, this
setup creates a “reward shortcut” where the model
is incentivized to emit the unified tag to hedge
against two different reward sources. Notably, af-
ter an identical duration of 120 training steps,
this confusion severely suppresses the model’s in-
centive to attempt reasoning across different ar-
chitectures. Consequently, within this fixed bud-
get of 120 steps, the accuracy on solvable prob-

lems (S) reaches only 53.7% for Qwen3-4B and
a mere 14.9% for Llama3-8B. Compared to the
62.6% (Qwen) and 40.1% (Llama) achieved by our
decoupled method at the same training stage, the
conflated approach results in a catastrophic reason-
ing deficit, particularly evident in the Llama model.

Explanation of Strikethroughs in Table 4. We
have applied strikethroughs to the Unsolvable De-
tection Rate (U ) and the resulting Mean Score
(M ) for the +Mix Tag row. These metrics are
confounded and analytically meaningless in this
context because the unsolvable tag no longer
functions as a specific indicator of logical contra-
diction. In this undifferentiated regime, the high U
scores (e.g., 91.2% for Llama3-8B and 88.4% for
Qwen3-4B) do not represent superior logical rigor,
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but rather a mixture of valid detection and “lazy”
refusal to avoid potential penalties. Furthermore,
this conflation diminishes real-world utility: users
cannot discern whether the model refused because
the query was fundamentally flawed or because it
simply lacked the capacity to solve it.

A.3 Calibration Analysis

A.4 Details of Diagnostic Dataset
Construction

To support the fine-grained diagnostic experiments
described in Section 5.2, we curated a multi-
domain dataset designed to evaluate a model’s ca-
pability to categorize reasoning failures into two
diagnostic families: Missing Information (MI),
which denotes missing support needed for a deter-
minate answer under the requested response format;
and Constraint Conflict (CC), which introduces
mutually incompatible conditions within a problem
statement.

The diagnostic framework utilizes a rigorous
split between training and evaluation to assess both
cross-domain and temporal generalization. The
training set comprises 259 instances, consisting of
140 multiple-choice problems from the MMLU-
Pro validation seeds (70 solvable and 70 unsolv-
able) and 119 mathematical reasoning tasks derived
from AIME 1983 (50 solvable and 69 unsolvable
MI/CC instances). To establish a robust evalua-
tion of out-of-distribution (OOD) performance, we
constructed a test set of 320 instances using seeds
entirely distinct from the training data. This in-
cludes 149 instances from the 2024–2025 AIME
partitions (60 solvable and 89 unsolvable MI/CC
instances) to test temporal generalization and 171
instances from GPQA to evaluate cross-domain
transferability. The comprehensive breakdown of
these datasets, including solvable and unsolvable
distributions, is summarized in Table 6.

Split Source Solv. Unsolv. Total

Train MMLU-Pro 70 70 140
AIME (1983) 50 69 119

Train Total 120 139 259

OOD Test AIME (24–25) 60 89 149
GPQA 100 71 171

Test Total 160 160 320

Table 6: Detailed dataset statistics for fine-grained diag-
nostic reasoning.

A.5 Benchmarking SOTA Models on
Diagnostic Reasoning

To establish a rigorous baseline and demonstrate
the inherent difficulty of fine-grained unsolvability
diagnosis, we benchmarked state-of-the-art (SOTA)
large language models alongside our aligned open-
source models on two Out-of-Distribution (OOD)
test sets. The first is the 89 unsolvable MI/CC in-
stances from our AIME (2024–2025) set (47 MI
and 42 CC). The second is the 71 unsolvable in-
stances from our GPQA dataset (GPQA-U).

We evaluated DeepSeek, Gemini, and GPT-5.2,
alongside the baseline and diagnostic-tuned ver-
sions of Qwen3-4B and Llama3-8B. The metric
of interest is Diagnostic Accuracy (the ability to
correctly identify the specific root cause of unsolv-
ability or explicitly reject the flawed query). The
comprehensive results are presented in Table 7.

The empirical results reveal several critical in-
sights into current LLM capabilities and the effi-
cacy of our method:

First, diagnostic tuning enables small mod-
els to rival giants. Remarkably, explicit diag-
nostic alignment enables small open-source mod-
els to match or exceed massive proprietary sys-
tems on targeted tasks. For instance, Llama3-8B
(+Diag.) achieves a 75.6% detection rate on AIME
Constraint Conflicts (CC), surpassing DeepSeek
(71.4%) and matching GPT-5.2 (76.2%). Fur-
thermore, on the graduate-level GPQA-U set, our
tuned Llama3-8B (36.6%) outperforms all evalu-
ated SOTA models.

Second, there is a stark variance across de-
fect families in SOTA models. While models
like GPT-5.2 and DeepSeek perform reasonably
well on explicit Constraint Conflicts (> 70% accu-
racy), their performance drops to around 50% for
Missing Information. This suggests that current
proprietary models rely heavily on surface-level
logical conflicts (e.g., mutually exclusive rules) but
struggle to independently verify whether a problem
provides sufficient parameters for a determinate an-
swer. This capability gap underscores the necessity
of explicit diagnostic alignment frameworks like
UnsolvableRL.

A.6 Out-of-Distribution (OOD)
Generalization

To evaluate the generalization capabilities of Un-
solRL, we utilized two Out-of-Distribution (OOD)
benchmarks: 8-Puzzle (Nsol = 87, Nunsol = 100)
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Figure 6: Performance Comparison and Calibration Analysis. (Left/Middle) Comparison with TruthRL. While
TruthRL achieves higher rejection rates (Blue bars), it suffers from over-refusal, significantly degrading Accuracy
(Green bars). (Right) Comparison of threshold strategies. The adaptive mechanism (w/ P Final) maintains a healthier
rejection rate (6.87%) compared to the Fixed-τ baseline (4.36%) while preserving high accuracy.

Dataset Subset
Aligned Open-Source Models Proprietary SOTA Models

Qwen3-4B Llama3-8B DeepSeek Gemini GPT-5.2
Instruct + Diag. Distill + Diag.

AIME (2024–2025) Defect Families
Missing Information (MI) 23.4 41.4 38.3 38.8 51.1 46.8 55.3
Constraint Conflict (CC) 45.2 69.6 45.2 75.6 71.4 47.6 76.2

General Science Defects
GPQA-U 21.7 33.8 21.5 36.6 29.6 23.9 28.2

Table 7: Comprehensive diagnostic performance (%) across all evaluated models on OOD unsolvable instances.
The table juxtaposes our aligned open-source models (4B/8B) against massive proprietary SOTA models. Note how
diagnostic tuning (+Diag.) enables smaller models to bridge the gap and occasionally surpass SOTA baselines (e.g.,
Llama3-8B on CC and GPQA-U).

and Zebra Logic (Nsol = 100, Nunsol = 100).
These tasks differ significantly from the training
distribution, serving as a rigorous test for reason-
ing robustness. Table 8 details the performance
mean@4 across Solvable (S), Unsolvable (U), and
Mean (M) metrics.

SOTA Model Performance. We first estab-
lished a baseline using top-tier proprietary models.
Deepseek-V3.2-R achieves the highest overall per-
formance (M=76.2%), demonstrating exceptional
dominance in logic tasks with a mean score of
92.7% on Zebra Logic. In contrast, Gemini-3.0-
Pro excels in procedural planning, securing the top
spot on the 8-Puzzle benchmark (M=70.3%). GPT-
5.2-Low shows balanced capabilities, particularly
in detecting unsolvable instances across both do-
mains (Overall U=94.3%). These results highlight
that while leading models perform well, handling
both logical constraints and path-finding robustly
remains a non-trivial challenge.

Qwen3-4B Results. The baseline Qwen3-4B
model struggles significantly with OOD detection,
failing completely to identify unsolvable 8-Puzzle
instances (0.0%). UnsolRL-Final substantially en-
hances robustness: it raises the U score to 15.8% on
the 8-Puzzle and achieves a remarkable improve-
ment on Zebra Logic, boosting U from 69.0% to
87.0%. Consequently, the Overall Mean (M) in-
creases by over 50% relative to the baseline (from
23.2% to 34.9%), demonstrating that our method
successfully transfers verification capabilities to
unseen tasks.

Llama3-8B Results. Similarly, Llama3-8B ex-
hibits substantial gains following UnsolRL align-
ment. The baseline model shows nearly no com-
petence on the 8-Puzzle (M = 1.0%), whereas
the aligned version achieves a ten-fold improve-
ment in mean performance (10.1%). On Zebra
Logic, it maintains a robust unsolvable detection
rate (78.0%) while doubling its solving accuracy
(1.5% → 4.0%). Overall, Llama3-8B’s mean
OOD score rises from 20.4% to 25.6%, confirming
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the cross-architecture efficacy of our reinforcement
learning framework.

Qwen3-1.7B Results. Despite its limited capac-
ity, the 1.7B model exhibits a similar positive
trend in anomaly detection. On Zebra Logic, Un-
solRL improves the unsolvable detection rate (U)
from 36.0% to 47.3%. Although the complex 8-
Puzzle remains highly challenging for this smaller
architecture (Overall M for 8-Puzzle improves
marginally to 1.1%), the improvement in the Over-
all Mean across tasks (from 11.5% to 13.8%) con-
firms that UnsolRL effectively mitigates hallucina-
tions on unsolvable queries, even when reasoning
resources are constrained.

A.7 Case Study
To qualitatively demonstrate the effectiveness of
our alignment strategy, we present three represen-
tative Qwen3-4B outputs from our converged Un-
solvableRL checkpoint (320 steps, think mode).
These examples illustrate the model’s ability to
navigate complex reasoning paths: detecting latent
contradictions in mathematics (Case 1), identify-
ing topological impossibility in logic puzzles (Case
2), and maintaining flexible reasoning for solvable
problems (Case 3).

Case 1: Latent Unsolvability (Number Theory)
Problem Input. Let N be the greatest four-digit
positive integer with the property that whenever
one of its digits is changed to 1, the resulting num-
ber is divisible by 7. Suppose that N ≡ Q + R
(mod 7), where Q and R are the quotient and re-
mainder when N is divided by 1000. Find Q+R.

Qwen3-4B Response.
“The digit-change property requires that for any
digit of N , replacing that digit with 1 results in
a number divisible by 7. Under the strict inter-
pretation... the only solutions are N = 5624
and N = 5694, with the latter being the greatest.
However, for N = 5694, computing Q = 5 and
R = 694 gives Q+R = 699. Checking the con-
gruence N ≡ Q+R (mod 7) yields 5694 ≡ 3
(mod 7) and 699 ≡ 6 (mod 7), which are not
equal. ... Thus, the greatest N satisfying the digit-
change property does not satisfy the additional
condition. Therefore, no four-digit N meets all
the requirements.”

unsolvable

Reasoning Analysis. This case exemplifies
"Verify-then-Conclude". The contradiction is
not explicit in the problem statement but lies deep
within the solution space.

• Deep Execution: The model does not reject
the problem early. It successfully solves the
core number theory challenge, identifying the
unique candidate N = 5694.

• Constraint Verification: Instead of halluci-
nating a match, it rigorously computes the
modular arithmetic (3 ̸= 6) and identifies the
conflict between the derived candidate and the
final constraint.

Case 2: Topological Impossibility (Hitori)

Problem Input. Solve the following 4× 4 Hitori
puzzle. Rules: No duplicates in rows/cols; Black
cells cannot touch; White cells must be connected.

4 2 3 3
2 1 4 2
4 3 3 2
4 1 2 2

Qwen3-4B Response.

“The puzzle is unsolvable due to the isolation of
cell (0,3) in all valid configurations... Specifi-
cally, the triplet of 2s in column 3 forces the outer
cells (1,3) and (3,3) to be black to avoid adjacent
shading. This forces (0,3) to be white. However,
row 0 has duplicate 3s at (0,2) and (0,3), forc-
ing (0,2) to be black. This leaves the white cell
(0,3) surrounded by black cells (0,2) and (1,3),
disconnecting it from the rest of the board.”

unsolvable

Reasoning Analysis. This demonstrates the
model’s grasp of Global Constraints.

• Logical Deduction: The model correctly de-
duces that to resolve duplicates in Col 3 (val-
ues: 3,2,2,2) and Row 0 (values: 4,2,3,3), spe-
cific neighbors of the corner cell (0,3) must
be shaded.

• Connectivity Check: It recognizes that satis-
fying local uniqueness constraints inevitably
violates the global connectivity rule (isolating
the white cell at 0,3). This shows the model
isn’t just counting numbers but understanding
the topological structure of the puzzle.

Case 3: Flexible Reasoning (Game24)

Problem Input. Use the numbers {4, 4, 6, 12} to
compute 24.
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8-Puzzle Zebra Logic Overall

Model S U M S U M S U M

Deepseek-V3.2-R 40.2 79.0 59.6 94.5 91.0 92.7 67.3 85.0 76.2
Gemini-3.0-Pro 43.6 97.0 70.3 65.0 74.0 69.5 54.3 85.5 69.9
GPT-5.2-Low 40.8 96.0 68.4 70.0 92.5 81.3 55.4 94.3 74.8

Qwen3-4B-Instruct 21.6 0.0 10.8 2.0 69.0 35.5 11.8 34.5 23.2
+ UnsolRL-Final 26.4 15.8 20.1 8.8 87.0 47.9 17.4 52.4 34.9

Qwen3-1.7B-Instruct 0.8 0.0 0.4 9.0 36.0 22.5 4.9 18.0 11.5
+ UnsolRL-Final 1.2 1.0 1.1 5.3 47.3 26.3 3.3 24.2 13.8

Llama3-8B-Distill 1.1 1.0 1.0 1.5 78.0 39.8 1.3 39.5 20.4
+ UnsolRL-Final 10.3 10.0 10.1 4.0 78.0 41.0 7.2 44.0 25.6

Table 8: OOD performance. S: Solvable Accuracy, U: Unsolvable Detection Rate, M: Mean Accuracy (%).

Qwen3-4B Response.

“To find an arithmetic expression that equals 24...
One straightforward approach is to obtain a 4
from the numbers 12, 4, and 4, and then multiply
the result by 6. 1. Start with 12. Subtract 4:
12− 4 = 8. 2. Subtract the second 4: 8− 4 = 4.
3. Multiply the result by 6: 4 × 6 = 24. This
gives the expression: (12− 4− 4)× 6.”

(12− 4− 4) ∗ 6

Reasoning Analysis.

• No False Refusal: Despite the rigorous train-
ing on unsolvable data, the model correctly
identifies a valid path for a solvable query.

• Flexibility: The model finds a subtraction-
based solution different from the standard
division-based answer (4 × (12/(6 − 4))),
showing that the alignment process has not
constrained its exploration capability.

Summary. Together, these cases validate that Un-
solvableRL does not teach the model to rely on
simple heuristics for rejection. The aligned Qwen3-
4B performs comprehensive reasoning—whether
calculating modular congruences, checking graph
connectivity, or exploring arithmetic combina-
tions—before making a solvability determination.

A.8 Theoretical Justification and Empirical
Ablation for False Unsolvability Penalty

We explicitly motivate the penalty value ρ = −0.5
via a decision-theoretic analysis. Consider a model
with an initial weak reasoning capability ϵ on solv-
able tasks (e.g., ϵ ≈ 0.1) and a posterior belief p
that a given problem is unsolvable. The model de-
cides between two actions based on their expected
rewards:

(1) Attempting to Solve: The expected reward
depends on the problem being solvable and the
model answering correctly: E[Attempt] ≈ (1−p) ·
ϵ.

(2) Declaring Unsolvable: The expected reward
is the weighted sum of a correct rejection and a
false rejection penalty: E[Reject] = p·1+(1−p)·ρ.

The model will only attempt to reason if
E[Attempt] > E[Reject]. Solving this inequality
yields a critical threshold for the belief p:

p <
ϵ− ρ

1 + ϵ− ρ

If we set ρ = 0 (no penalty), the threshold collapses
to p < 0.09, meaning the model refuses to answer
unless it is over 91% sure the problem is solvable.
This leads to a local optimum of universal rejec-
tion. By setting ρ = −0.5, we relax this threshold
to p < 0.375. This “Threshold Expansion” effec-
tively encourages the model to attempt reasoning
even under moderate uncertainty, preventing the
collapse of reasoning capabilities.

To empirically validate this theoretical deriva-
tion, we conducted an ablation study on the penalty
magnitude using the Qwen3-4B model at 40 train-
ing steps, as detailed in Table 9. We compared
the default ρ = −0.5 against stricter penalties
(ρ = −1.0 and ρ = −2.0). The results indicate
that while the method is generally robust, continu-
ing to decrease ρ (making the penalty more severe)
is counterproductive. Specifically, decreasing ρ to
−2.0 causes the Unsolvable Detection Rate (Over-
all U) to drop significantly from 75.8% to 69.4%,
as the model becomes overly hesitant to declare
unsolvability. Crucially, this sacrifice in detection
yields only a marginal gain in Solvable Accuracy
(Overall S increases from 47.0% to 47.9%), result-
ing in a decline in the global Mean score from
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Game24 HamCycle HamPath Hitori Maze(E) Maze(H) AIME24-25 Overall
Checkpoint S U M S U M S U M S U M S U M S U M S U M S U M

4B UnsolvableRL (P=-0.5, S40) 79.0 93.0 86.0 29.2 98.0 63.6 48.0 98.0 73.0 37.0 41.0 39.0 53.0 91.0 72.0 13.0 78.0 45.5 70.0 31.9 51.0 47.0 75.8 61.4
4B UnsolvableRL (P=-1.0, S40) 74.0 90.0 82.0 35.4 98.0 66.7 34.0 98.0 66.0 50.0 36.0 43.0 48.0 74.5 61.2 22.0 78.0 50.0 68.3 29.7 49.0 47.4 72.0 59.7
4B UnsolvableRL (P=-2.0, S40) 80.0 90.0 85.0 29.2 98.0 63.6 40.0 98.0 69.0 42.0 22.0 32.0 61.0 70.7 65.8 15.5 76.5 46.0 67.5 29.7 48.6 47.9 69.4 58.6

Table 9: Detailed performance breakdown (S/U/M) across all seven datasets for different Penalty values at 40 steps.

Algorithm 1 Game24 Generation and Verification
Require: Difficulty level D (determines count

k ∈ {4, 5, 6}), Target T = 24
Ensure: A paired instance (S,Label)

1: Function VERIFY(S):
2: T ← All binary expression trees for set S
3: for each tree t ∈ T do
4: Evaluate val← t using Rational Arith-

metic
5: if val == T then return SOLVABLE, t
6: end for
7: return UNSOLVABLE, ∅
8: End Function
9: repeat

10: Sample a set of k integers S ←
{n1, . . . , nk} where ni ∈ [1, 13]

11: Status, Proof ← VERIFY(S)
12: if goal is Solvable and Status ==

SOLVABLE:
13: return (S, Proof)
14: else if goal is Unsolvable and Status ==

UNSOLVABLE:
15: return (S, “Unsolvable”)
16: until Valid instance found

61.4% to 58.6%. Consequently, ρ = −0.5 proves
to be the optimal value, striking the best balance
between maintaining reasoning rigor and preserv-
ing the courage to reject unsolvable queries. To
ensure reliability, we report the average results
across two independent training runs, evaluated
using mean@2.

A.9 Theoretical Justification and Empirical
Ablation for Capability-Refusal
Dynamics

In this section, we derive the mathematical relation-
ship between the model’s reasoning capability and
its tendency to refuse, explaining why a dynamic
threshold is essential.

The model should choose to refuse only if the
reward for refusal exceeds the expected reward of
answering:

Rcal > E[Rans]. (3)

Note that the expected reward for answering is

always non-negative (E[Rans] ≥ 0).

Failure of Fixed Threshold. If we were to use
a fixed threshold (e.g., τ = 0.5), as the model’s
reasoning capability improves during training, the
batch accuracy β will likely surpass τ (i.e., β >
τ ). Once this occurs, the refusal reward becomes
negative (Rcal = λ(τ − β) < 0).

Substituting this into Inequality 3, the condi-
tion becomes Negative Value > E[Rans]. Since
E[Rans] ≥ 0, this inequality is impossible to sat-
isfy. Consequently, for well-performed batches, the
model is incentivized to suppress refusal entirely
to avoid penalties, effectively forcing the model
to hallucinate answers on difficult problems rather
than refusing.

Our progressive schedule prevents this collapse
by ensuring τ grows dynamically to maintain τ ≳
β, keeping the refusal incentive positive for uncer-
tain queries. Specifically, in our experiments, the
Fixed-τ baseline uses a constant τ = 0.4, while
our dynamic schedule linearly increases τ from 0.4
to 1.0 over 400 training steps.

To further validate our threshold selection, we
conducted a simple ablation study on τ . As shown
in Table 10, we found that when training for only
40 steps, setting τ = 0.4 generally yields strong
Accuracy, while further decreasing τ has minimal
impact on performance. Based on these observa-
tions, we adopted τ = 0.4 as the initial value for
our main experiments.

A.10 Reverse Construction Pipeline for
Non-Programmatic Reasoning

Unlike logic puzzles (e.g., Maze or Game24) that
can be verified via deterministic algorithms, mathe-
matical reasoning tasks like AIME require a model-
based approach to introduce and verify contra-
dictions. We propose a Reverse Construction
pipeline that leverages the deductive capabilities
of DeepSeek-Reasoner and Gemini to transform
solvable seeds into logically flawed problems. The
pipeline consists of eight stages, driven by meticu-
lously designed prompts to ensure maximum logi-
cal rigor.

Step 1: Solvable Grounding. To ensure the
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Game24 HamCycle HamPath Hitori Maze(E) Maze(H) AIME24-25 Overall
Checkpoint Corr Rej C+R Corr Rej C+R Corr Rej C+R Corr Rej C+R Corr Rej C+R Corr Rej C+R Corr Rej C+R Corr Rej C+R

4B UnsolvableRL (τ=0.2, S40) 90.5 3.00 93.5 63.7 23.21 86.9 72.5 10.50 83.0 32.5 6.50 39.0 69.0 8.75 77.7 46.5 21.00 67.5 49.5 0.00 49.5 60.6 10.42 71.0
4B UnsolvableRL (τ=0.4, S40) 86.0 1.50 87.5 63.6 24.48 88.1 73.0 5.50 78.5 39.0 10.00 49.0 72.0 4.50 76.5 45.5 18.50 64.0 51.0 0.21 51.2 61.4 9.17 70.6
4B UnsolvableRL (τ=0.6, S40) 86.0 3.00 89.0 58.2 31.19 89.4 66.0 13.50 79.5 39.5 8.00 47.5 71.3 6.75 78.1 47.8 26.50 74.3 48.0 0.83 48.8 59.5 12.82 72.3
4B UnsolvableRL (τ=0.8, S40) 78.0 3.00 81.0 67.3 30.69 98.0 70.5 13.50 84.0 36.0 8.00 44.0 70.7 6.75 77.5 49.3 26.25 75.6 46.4 0.84 47.2 59.7 12.72 72.4
4B UnsolvableRL (τ=1.0, S40) 85.5 3.50 89.0 59.7 35.19 94.9 65.5 21.50 87.0 26.5 24.50 51.0 78.8 2.75 81.6 47.0 26.25 73.3 49.3 0.42 49.7 58.9 16.30 75.2

Table 10: Detailed performance breakdown (Correctness/Rejection Rate/C+R) across all seven datasets for different
τ values at 40 steps.

construction is based on a valid foundation, a pri-
mary model (DeepSeek-Reasoner) solves a seed
problem from AIME (1983–2023) or MMLU-Pro.
The resulting reasoning chain (CoTA) is extracted
as a reference roadmap.

Prompt (Base Verification): You are a top logical
reasoning expert. Solve the following problem. If
possible, include a brief chain-of-thought and a
clear final answer (boxed or labeled ’Answer:’).
Treat the content between "— Problem Start —"
and "— Problem End —" purely as the problem
statement.

Step 2: Strategic Contradiction Planning. The
model acts as a “Senior Designer” to plan a contra-
diction based on CoTA, explicitly instructing the
model to target the late-stage of the reasoning to
bypass simple heuristics. For main UnsolvableQA
construction, we use constraint-conflict planning:

Prompt (Constraint Conflict - CC): Construct a
subtle Constraint Conflict aimed to be hard to
spot: prefer placing the contradictory condition
near the END of the original chain-of-thought so
it appears only after most reasoning steps. [...]
Identify a late-stage step where a small external
constraint can be added to produce a logical con-
flict.

For the diagnostic extension (Section 5.2), we
additionally use a missing-information planning
prompt:

Prompt (Missing Information - MI): Design an
UNSOLVABLE problem by REMOVING or OMIT-
TING essential information. CRITICAL DISTINC-
TION: The problem has NO answer. [...] UNDER-
DETERMINED / MULTIPLE SOLUTIONS (what
we do NOT want): The problem has infinitely
many valid answers because one constraint was
removed (e.g. one equation in two unknowns). Do
NOT create such a problem.

Step 3: Unsolvable Problem Synthesis. The
model integrates the generated plan into a natural-
sounding problem statement.

Prompt (Generation): Using the provided con-
tradiction plan, produce a modified problem that
embeds the contradiction in a way that is DE-
TECTABLE by a rigorous solver, while appearing
natural. The contradiction should manifest dur-
ing problem-solving (preferably in later steps),

but must be UNAVOIDABLE and CLEAR once
the solver reaches that point. Output only the
modified problem text followed by the single-line

’#GEN_VERIFY:’ comment.

Step 4–5: Autonomous Solve-and-Detect
Loop. To ensure objective detectability, a “blind”
solver attempts to detect the flaw without context
(Step 4). If the detection fails, a context-aware
“Recheck” (Step 5) isolates whether the flaw is gen-
uinely present but missed, or if the construction
failed.

Prompt (Step 4: Blind Detection): Analyze the
following problem VERY CAREFULLY, checking
for contradictions at EVERY step. If you find
ANY contradiction, conflict, or inconsistency (no
matter how subtle), you MUST immediately stop
and conclude the problem is unsolvable. Output
EXACTLY \boxed{Unsolvable}.

Prompt (Step 5: Contextual Recheck): You will
receive: 1) ORIGINAL PROBLEM, 2) ORIGINAL
CoT_A, 3) CONTRADICTION PLAN, 4) GEN-
ERATED UNSOLVABLE PROBLEM, 5) FIRST
VERIFICATION ATTEMPT (CoT_B). [...] TASK:
A) Does the generated problem actually contain a
logical contradiction? B) If yes, did CoT_B miss
the contradiction due to flawed reasoning, or was
the problem construction itself flawed?

Step 6–7: Cross-Model Consensus and Adju-
dication. To eliminate model-specific bias, Gemini
3 Pro independently audits the generated problem
(Step 6). Disagreements trigger an iterative adjudi-
cation stage (Step 7) where models debate to reach
a unanimous verdict.

Prompt (Step 7: DeepSeek Adjudicates Gemini):
Another evaluator (Gemini) has concluded that a
candidate "unsolvable" problem is actually SOLV-
ABLE. We need your independent judgment. [...]
TASK: Do you agree with Gemini that this prob-
lem is solvable (no real contradiction), or do you
still believe the problem is unsolvable? Answer
with clear reasoning.

Formatting Suffix (Appended to all Evalua-
tion Tasks): To standardize parser behavior during
evaluation and RL training, all instances require a
specific diagnostic output format:

If you determine that this problem is unsolvable,
you must output exactly ONE of the following in
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\boxed{} at the end, according to the reason:
- \boxed{unsolvable_constraint_contradiction}
- \boxed{unsolvable_missing_information}
If the problem is solvable, output
\boxed{your_numeric_answer} as usual.

Step 8: Expert Human Audit and Quality
Control. To ensure absolute logical precision and
eliminate any remaining artifacts from the auto-
mated generation process, all instances that pass
the consensus phase undergo a final manual audit
by human experts. We employ an audit team of
professionals with backgrounds in STEM fields,
all holding a Master’s degree or higher, to conduct
a granular, instance-by-instance verification. Re-
viewers are provided with the complete data pack-
age—comprising the original problem, the contra-
diction plan, and the rewritten version—to evaluate
three core indicators: (1) Mathematical Integrity,
ensuring the problem statement is clear, the nota-
tion is standardized, and the overall formulation is
a well-posed mathematical statement; (2) Modifica-
tion Validity, confirming that the rewritten version
accurately executed the intended plan to alter key
constraints; and (3) Definitive Unsolvability, veri-
fying that the problem is demonstrably impossible
to solve in a logical sense, rather than being merely
ambiguous or under-determined due to missing in-
formation. Finally, we adopt a rigorous elimination
mechanism where only instances that are found
to be logically consistent and unambiguously un-
solvable according to these criteria are retained in
the final UnsolvableQA dataset. Throughout the
screening process, we manually excluded 5 am-
biguous instances from the newly constructed un-
solvable test set, ensuring that all remaining entries
meet our quality standards.

Case Study: Human-Led Detection of Geometric
Redundancy

• Original Problem: Six points
A,B,C,D,E, F lie on a line in that or-
der. Given distances AC = 26, BD =
22, CE = 31, DF = 33, AF = 73, and
external distances CG = 40, DG = 30, find
the area of△BGE.

• Generator’s Modification: Added the con-
straint: “G lies to the left of point E.”

• Automated Pipeline Assumption: Both the
generator and the automated cross-model ver-
ifiers accepted this instance. They assumed
a fixed coordinate system (e.g., A at x = 0)

where G was calculated to be at x ≈ 58.5 and
E at x = 57. Since 58.5 > 57, the automated
tools concluded that the constraint “G is to the
left of E” created a definitive logical contradic-
tion.

• Human Expert Discovery: Crucially, dur-
ing the manual audit, our experts identified
a subtle flaw missed by the models. They
recognized that the problem lacks an absolute
coordinate orientation, granting it a “Mirror
Symmetry” degree of freedom. By simply flip-
ping the line’s orientation (setting F at x = 0),
G and E swap their relative positions while all
distance constraints remain intact. In this mir-
rored state, G is indeed to the left of E, making
the problem perfectly solvable.

• Final Decision: Rejected by Human Audit.
This case highlights how human experts can
detect “self-healing” geometric properties and
coordinate redundancies that current LLMs fail
to perceive, ensuring the dataset’s labels remain
incontestable.

A.11 Logic Puzzle Generation Algorithms

A.11.1 Game24 Generation
The Game24 task involves combining a set of in-
tegers using arithmetic operations (+,−,×,÷) to
equal 24. To ensure absolute correctness, partic-
ularly for unsolvable instances, we employ an ex-
haustive search over all possible binary expression
trees. Crucially, we utilize exact rational arithmetic
(e.g., Python’s Fraction) rather than floating-
point calculations to prevent precision errors that
could misclassify instances (e.g., 23.99999 ̸= 24).

For unsolvable instances, we use a rejection
sampling strategy: we randomly sample integer
sets and retain only those for which the exhaustive
solver proves the solution set is empty.

A.11.2 Hamiltonian Cycle and Path
Generation

The Hamiltonian Cycle problem asks whether a
graph contains a closed loop visiting every vertex
exactly once, while the Hamiltonian Path problem
asks for a linear path visiting every vertex. Since
these problems are NP-complete, we utilize a SAT-
based verification pipeline to guarantee ground-
truth labels.

SAT Encoding. We encode the existence of a
path/cycle as a Boolean Satisfiability Problem. Let
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N be the number of vertices. We introduce boolean
variables xv,i indicating that vertex v occupies the
i-th position in the sequence (0 ≤ i < N ). The con-
straints are defined as follows: Bijection requires
that

∑
v xv,i = 1 for all i and

∑
i xv,i = 1 for all v.

Adjacency mandates that for all i ∈ [0, N − 2], if
xu,i and xv,i+1 are true, then (u, v) must be an edge
in E. Finally, Cycle Closure (Cycle Only) ensures
that if xu,N−1 and xv,0 are true, then (u, v) ∈ E.
We use the Glucose3 solver via pysat to deter-
mine satisfiability.

Unsolvability Injection. Instead of purely ran-
dom sampling, we inject structural properties that
inherently prevent Hamiltonian traversals. These
include: Structural Bottlenecks, where graphs
are generated with “bridge” nodes or articulation
points that partition the graph into components that
cannot be traversed in a single pass; Degree Con-
straints, where we inject nodes with degree < 2
(dead ends) for cycles, or ensure the presence of
> 2 nodes with degree 1 for paths; and Disconnec-
tivity, where we explicitly construct graphs with
multiple connected components.

A.11.3 Hitori Generation

Hitori is a logic puzzle played on an N ×N grid.
The goal is to shade cells such that no number ap-
pears more than once in any row or column, shaded
cells do not touch orthogonally, and all unshaded
cells remain connected.

We model the puzzle as a Constraint Satisfaction
Problem (CSP). We define binary variables xi,j ∈
{0, 1} for each cell (1 denotes shaded). The key
constraints are: Uniqueness, which requires that
if a number v appears k times in any row/column,
at least k − 1 occurrences must be shaded; Non-
adjacency, ensuring that for any adjacent cells u, v,
xu + xv ≤ 1; and Connectivity, verified via BFS
to ensure all cells where xi,j = 0 form a single
connected component.

Solvable instances are filtered to ensure a unique
solution. Unsolvable instances are those where the
CSP solver (combined with connectivity checks)
returns a solution count of 0.

A.11.4 Maze Navigation Generation

The Maze Navigation task requires finding a valid
path from a start position (S) to an end position (E)
in a grid-based maze, where movement is restricted
by walls.

Algorithm 2 Hamiltonian Graph Generation

Require: Type T ∈ {Cycle, Path}, Node count N
Ensure: A graph G = (V,E) with label

1: Function VERIFYSAT(G,T ):
2: Construct CNF formula ϕ based on adja-

cency matrix of G
3: Add bijection constraints to ϕ
4: if T == Cycle: Add closure constraint

vN−1 ↔ v0
5: return SAT-SOLVER(ϕ)
6: End Function
7: repeat
8: Initialize empty graph G on N nodes
9: if goal is Solvable:

10: Create a random permutation P of ver-
tices

11: Add edges (Pi, Pi+1) to form a base
Path/Cycle

12: Add random noise edges to increase den-
sity

13: else if goal is Unsolvable:
14: Select strategy σ ∈

{Disconnect,Bottleneck,DeadEnd}

15: Construct G satisfying σ (e.g., partition
V into V1, V2 with no edges between them)

16: Add random noise edges strictly preserv-
ing σ

17: IsFeasible← VERIFYSAT(G,T )
18: until (IsFeasible matches goal)
19: return G

Verification Logic. We employ Breadth-First
Search (BFS) to determine solvability. BFS guar-
antees finding the shortest path if one exists. A
maze is Solvable if a path from S to E exists, and
Unsolvable if the set of reachable cells from S does
not contain E.

Construction Pipeline. We first generate a com-
plex solvable maze using a randomized Depth-First
Search (DFS) algorithm, which ensures a span-
ning tree structure. To increase complexity, we
selectively remove walls to introduce cycles and
multiple potential paths, while validating that the
solution remains unique or manageable using BFS.

To construct Unsolvable Instances, we employ
a Strategic Blockage method rather than random
wall placement. We analyze the solvable maze to
identify all valid paths from S to E, and then se-
lect a Critical Junction, a coordinate (x, y) that lies
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Algorithm 3 Hitori Generation via CSP
Require: Grid size N
Ensure: A validated Hitori grid G

1: Function SOLVEHITORI(G):
2: Initialize CSP solver P
3: Apply Row/Col constraints: Eliminate du-

plicates
4: Apply Adjacency constraints: No adjacent

black cells
5: Slocal ← P.getSolutions()
6: Svalid ← ∅
7: for each solution s ∈ Slocal do
8: if CHECKCONNECTIVITY(s) then
Svalid.add(s)

9: end for
10: return |Svalid|
11: End Function
12: repeat
13: Generate random N×N grid G with values

∈ [1, N ]
14: Count← SOLVEHITORI(G)
15: if goal is Solvable and Count == 1:
16: return G {Unique solution found}
17: else if goal is Unsolvable and Count == 0:

18: return G {Provably no valid configura-
tion}

19: until Valid instance found

on a valid path (or is shared by multiple paths).
We place an obstacle (wall) at (x, y) and rigor-
ously verify unsolvability using BFS. If the maze
remains solvable (e.g., via a detour), we discard
the instance or iteratively block remaining paths
until connectivity is severed. This approach en-
sures that unsolvable mazes are structurally similar
to solvable ones, often requiring the model to ex-
plore deep into the maze before realizing the path
is blocked, thereby penalizing premature "give up"
or hallucinated paths.

A.12 Hyperparameters and Training Details

We implement our training pipeline using the verl
(HybridFlow) framework and vllm engine (Sheng
et al., 2025; Kwon et al., 2023), which sup-
ports efficient reinforcement learning. The spe-
cific hyperparameters used for Group Relative
Policy Optimization (GRPO) are detailed in Ta-
ble 11. We set the group size G (denoted as
rollout.n in verl) to 12. Notably, we explic-
itly set use_kl_loss=False, meaning the KL

Algorithm 4 Maze Generation with Strategic
Blockage

Require: Dimensions W,H , Difficulty D
Ensure: A maze grid M and label L

1: Function VERIFY(M ):
2: return BFS(M , Start, End)
3: End Function
4: repeat
5: Mbase ← GENERATESOLV-

ABLEDFS(W,H)
6: if goal is Solvable:
7: return (Mbase, VERIFY(Mbase))
8: else if goal is Unsolvable:
9: P ← All paths in Mbase from Start to

End
10: Select path P ∈ P based on difficulty D
11: Select obstacle point o ∈ P (excluding

Start/End)
12: Mblocked ←Mbase ∪ {o}
13: if not VERIFY(Mblocked):
14: return (Mblocked, “Unsolvable”)
15: until Valid instance found

divergence penalty term was disabled during opti-
mization, relying instead on the probability ratio
clipping to maintain policy stability.

We differentiate the batch size for Qwen3-1.7B
and Qwen3-4B to accommodate their respective
memory footprints. Specifically, the 1.7B model
utilizes a larger batch size (32× 12) compared to
the 4B model (14× 12). This adjustment balances
the computational overhead, resulting in compa-
rable training speeds for both architectures; typ-
ically, completing 120 training steps requires ap-
proximately one day on our 8 × NVIDIA A100
GPU cluster. Constrained by GPU resources, we
conducted a single training run for the main ex-
periments and report results using mean@8 for
AIME and mean@4 for the remaining benchmarks.
Throughout the training process, we observed a
stable increase in both Solvable Accuracy and Un-
solvable Detection Rate.

To further analyze the training dynamics, Fig-
ure 7 illustrates the evolution of the average re-
sponse token length throughout the training pro-
cess. We observe a general upward trend for both
models, indicating that the RL alignment encour-
ages the generation of more comprehensive reason-
ing chains (longer CoT) to distinguish solvability.
The Qwen3-4B model exhibits higher volatility
(indicated by the wider shaded area) compared to
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Figure 7: Average response token length trend during training. The solid lines represent the moving average, and the
shaded regions indicate the volatility (±1σ). Both models show a tendency to increase reasoning length as training
progresses.

the 1.7B model, suggesting more aggressive explo-
ration within the solution space.

To explicitly guide the model’s decision-making,
we append specific instructions to the system
prompt. For unsolvable detection, the instruc-
tion is: “If you believe the problem is unsolv-
able, please output \boxed{unsolvable} at
the end.” For capability calibration (refusal),
the instruction is: “If your chain of thought
is still confused after prolonged reasoning and
you are likely to get the answer wrong, please
provide the final output \boxed{Beyond my
capabilities}.”. We rely on these predefined
output formats to programmatically extract and
classify the model’s final response.

A.13 Data and Code Availability
We provide supplementary materials with this sub-
mission, including a subset of UnsolvableQA and
the associated data-generation code, to facilitate
reproducibility during peer review.

Table 11: Hyperparameter settings used in our exper-
iments. We employ Group Relative Policy Optimiza-
tion (GRPO) with the KL divergence penalty explicitly
disabled to encourage broader exploration within the
solution space.

Hyperparameter Value

General Optimization & Generation

RL Algorithm GRPO
Group Size (G) 12
KL Penalty Term Disabled
PPO Mini-Batch Size 8
Sampling Temperature 0.6
Sampling Top-k 45
Max Prompt Length 2048
Generation Engine VLLM

Infrastructure

Hardware 8 × NVIDIA A100 GPUs
Tensor Parallelism (TP) 2

Model-Specific Settings

Qwen3-1.7B
Training Batch Size 32× 12
Max Response Length 32,000

Qwen3-4B
Training Batch Size 14× 12
Max Response Length 32,000
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