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Abstract

Large Language Models (LLMs) excel in reasoning and gen-
eration across domains, but still struggle with identifying and
diagnosing complex errors. This stems mainly from training
objectives that prioritize correct answers, limiting exposure
to and learning from errors. While recent studies have begun
to address this by introducing error signals, most rely on shal-
low, static errors, restricting improvement in deep diagnostic
ability. To overcome this, we propose Hide and Seek Game
(HSG), a dynamic adversarial framework for error genera-
tion and diagnosis, and evaluate it on mathematical problem-
solving. HSG involves two adversarial roles: Sneaky, which
“hides” by generating subtle, deceptive reasoning errors, and
Diagnosis, which “seeks” to accurately detect them. Through
adversarial co-evolution, both error stealth and diagnostic
precision are enhanced. Experiments on several math reason-
ing tasks show that HSG significantly boosts error diagnosis,
achieving 16.8%-31.4% higher accuracy than baselines like
GPT-40. We also release a challenging dataset of deceptive
errors and diagnostic annotations as a benchmark for future
research.

Introduction

LLMs have achieved impressive results in tasks such as
question answering and text generation (Chang et al. 2024;
Wang et al. 2023; Wei et al. 2022), and are widely adopted
in domains like education (Wang et al. 2024) and healthcare
(Maity and Saikia 2025). However, a persistent challenge is
their limited ability to recognize and diagnose errors. Stud-
ies have shown that without external feedback, LLMs of-
ten fail to proactively identify and correct mistakes in their
reasoning (Huang et al. 2024; Tyen et al. 2024; Lin et al.
2024; Liang et al. 2025). This is largely because mainstream
training focuses on producing correct answers, giving mod-
els little exposure to diverse error patterns and correction
processes, and thus restricting their error analysis capabili-
ties.

This lack of diagnostic skill poses significant risks, espe-
cially in high-stakes scenarios. For example, an autonomous
driving model that cannot detect logical flaws in its planned
route may cause catastrophic accidents (Shalev-Shwartz,
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Figure 1: Comparison of three error utilization strategies.

Shammah, and Shashua 2017); in intelligent tutoring, a
model unable to identify student misconceptions may under-
mine personalized guidance (Wang et al. 2024); and in le-
gal document generation, failure to spot hidden factual con-
tradictions can lead to serious disputes (Bewersdorff et al.
2023). Enhancing LLMs’ error diagnosis is therefore vital
for building trustworthy and robust Al systems.

Moreover, error recognition is a key driver for contin-
ual model improvement. Advanced approaches like Direct
Preference Optimization (DPO) (Rafailov et al. 2023) and
Reinforcement Learning from Human Feedback (RLHF)
(Ouyang et al. 2022) improve model judgment by reinforc-
ing correct outputs and penalizing mistakes. Recent work
(Tyen et al. 2024) also shows that improving error localiza-
tion significantly boosts reasoning output quality.

Given the importance of error diagnosis for both reliabil-
ity and continual learning, a key question arises: how can
we enhance LLMSs’ error recognition and localization? A
promising approach is inspired by human teaching—where
teachers design hard-to-diagnose problems to uncover stu-
dents’ cognitive blind spots and deepen understanding. Sim-
ilarly, constructing challenging error samples can effectively
train LLMs’ diagnostic abilities. Mathematical reasoning
tasks serve as an ideal testbed due to their structured logic
and well-defined answers, enabling both the synthesis of
challenging errors and precise evaluation of diagnosis and
correction. Thus, this work focuses on the generation and
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diagnosis of “sneaky errors” in mathematical reasoning.

Prior studies on leveraging errors in mathematical rea-
soning for training can be divided into two main cate-
gories: Static Error Generation: These methods utilize
pre-existing errors in datasets (Liang et al. 2025; Gulati et al.
2025) (see Fig. 1(1)), or naturally occurring mistakes dur-
ing model inference (Gou et al. 2024; Fan et al. 2023) (see
Fig. 1(2)). As these errors are fixed once generated, they are
considered static. Such errors are often patterned and lack
the diversity or depth needed to challenge diagnostic mod-
els, thus offering limited value for robust error detection.
Dynamic Error Construction: These approaches actively
generate adjustable, context-aware error samples by lever-
aging feedback between models (see Fig. 1(3)). For exam-
ple, (Kirchner et al. 2024) propose a Generator—Evaluator
Framework, where a generator produces candidate answers
and an LLM-based evaluator selects those that appear rea-
sonable but are actually incorrect, providing surface-level
feedback to refine the generator’s behavior. However, such
systems are limited by the evaluator’s own weaknesses, of-
ten favoring superficial disguises (e.g., altered conclusions
or constants). As a result, generated errors tend to follow
similar patterns and are relatively easy for humans or mod-
erately trained diagnosis models to spot, limiting their effec-
tiveness in addressing deeper reasoning flaws.

To address these limitations, we propose a novel adversar-
ial dialogue framework—Hide and Seek Game (HSG)—
that enables dynamic error generation and diagnosis. We in-
troduce a diagnostic role (Diagnosis) capable of identifying
errors, and use its detection difficulty as feedback to guide
the generation role (Sneaky). Unlike static scoring mecha-
nisms, HSG establishes a dynamic adversarial relationship
between error generation and diagnosis, enabling the evo-
lution of challenging errors tailored to the diagnostic role’s
capabilities. The HSG adversarial framework consists of two
key stages: Hide: The Sneaky role generates errors that are
more subtle and deceptive. Seek: The Diagnosis role contin-
uously refines its detection strategies to handle increasingly
deceptive error samples.

Throughout this game, correction success rates serve as a
quantitative signal to balance the stealthiness of errors with
the accuracy of diagnosis. Ultimately, HSG forms a closed-
loop generation—diagnosis framework based on adversarial
reinforcement learning, systematically enhancing LLM ca-
pabilities in both error creation and diagnosis.

Our main contributions are as follows: (1) We propose
an adversarial dialogue framework HSG that introduces
two roles, Sneaky and Diagnosis, to construct a dynamic
generation—diagnosis mechanism. This enables deceptive
and non-trivially patterned error generation and significantly
improves diagnostic ability. (2) Experiments on three pub-
lic datasets show that HSG substantially outperforms base-
lines (e.g., GPT-40) in diagnostic quality, achieving im-
provements of 16.8%-31.4%. It also excels at generating
stealthy errors and avoiding trivial ones. (3) We construct a
dataset of ““stealthy errors” along with high-quality diagnos-
tic annotations, offering a systematic and challenging bench-
mark for future training and evaluation.

Related Work

High-quality error samples are essential for improving
the error identification and correction capabilities of large
language models (LLMs). Existing work classifies er-
ror construction strategies along two axes: intent (active
construction vs. passive collection) and generation mode
(static—fixed after generation vs. dynamic—adjustable
through interaction).

Static Error Generation. Static methods create error
samples during data preprocessing, which remain fixed and
do not support interaction with models. Approaches include
selecting errors from existing corpora or actively construct-
ing them with rules or prompt engineering. For example,
MathClean (Liang et al. 2025) injects logical, expression,
and calculation errors into math QA datasets, while Faith-
Bench (Bao et al. 2025) and HaluEval-Wild (Zhu, Yang, and
Sun 2024) select user-generated model errors for hallucina-
tion detection, with human annotation. Prompt-based gen-
eration, as in GrammarGPT (Fan et al. 2023), uses crafted
cues (e.g., contradictory terms like “more than” and “about”)
to induce ungrammatical sentences. Although controllable
and low-cost, such methods are limited by rule design, lead-
ing to less diversity and lower stealthiness. A key limitation
of static errors is that they are often patterned and superfi-
cial, lacking structural depth and the ability to adapt as the
model evolves. Consequently, models trained on static errors
may fail to learn robust recognition strategies. For instance,
models may achieve high accuracy on standard sets (e.g.,
Putnam-AXIOM (Gulati et al. 2025)), but their performance
drops sharply on perturbed variants, revealing a lack of deep
diagnostic ability. High scores on static benchmarks may re-
flect memorization or pattern matching rather than true di-
agnostic skills. Thus, static errors alone are insufficient for
deep capability evaluation.

Dynamic Error Construction. To address these lim-
itations, dynamic error generation introduces feedback
loops—often between models—to create more deceptive
and adaptive error samples, enhancing recognition of com-
plex errors. For example, Prover—Verifier Games (Kirchner
et al. 2024) use a “sneaky prover—verifier” setup, where the
generator crafts plausible but flawed reasoning chains to
confuse the verifier. This improves error “deceptiveness” but
mainly focuses on output verifiability and readability, not
dedicated error recognition. Feedback relies on surface fea-
tures (fluency, completeness), so generated errors are often
template-based (e.g., altered conclusions or reversed causal-
ity) rather than covering deeper semantic or reasoning faults.
Additionally, search-based reasoning optimizers (e.g., rStar-
Math (Guan et al. 2025)) dynamically explore and retain
failed paths during training. While these errors show some
dynamic traits, they mainly serve reasoning optimization,
not systematic error diagnosis, and lack type control, dif-
ficulty modulation, or diagnostic focus, limiting their direct
use for improving recognition ability.

Framework

The HSG framework adopts an adversarial training
paradigm with two primary roles: S, which generates an-
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Figure 2: Training pipeline of HSG.

swers containing stealthy errors, and D, which detects these
errors. The overall training pipeline is illustrated in Fig. 2.
Additionally, an auxiliary role provides correction feedback
based on D’s diagnosis; this role does not participate in op-
timization and only delivers training signals.

HSG combines adversarial and cooperative mechanisms:
(1) S updates its policy via feedback from D, improving its
ability to generate hard-to-detect errors; (2) D enhances its
detection strategy using correction signals, boosting its cor-
rection capability; (3) During reinforcement learning, S con-
tinuously generates challenging errors for D, further improv-
ing D’s diagnostic ability.

Hierarchical Reward Function

For notational clarity and simplicity, we define a hierarchical
reward function:

R(rmaim Tsecondary) =
maX(Tmaina T) : [ﬂ + (1 - 6)Tsec0ndary] (n

where r'main € RT is the main reward, rsecondary € R is the
auxiliary reward, 7 € R is a lower bound (set to 7 = 0.05),
and 8 € [0.5, 1] is a weighting coefficient (we use 5 = 0.6).

This function prioritizes the main objective while softly
incorporating auxiliary signals. The main reward acts as an
“amplifier”’: when high, the auxiliary reward is accentuated;
when low, its influence is reduced. Even with minimal main
reward, the auxiliary reward still contributes useful learning
signals.

Threshold clipping. The term max(7main, 7) ensures the
main reward does not fall below the threshold 7, prevent-
ing the policy from ceasing exploration due to failures in the
main objective, thereby stabilizing training and encourag-
ing exploration. Weight modulation. The weight 8 + (1 —
) T'secondary adjusts the auxiliary reward’s impact. Larger /3
emphasizes the main objective, while smaller (5 increases
the auxiliary signal’s effect, guiding learning when the main
objective becomes difficult.

Individual Rewards

This section presents the functions and reward definitions for
each role, starting with several shared reward components.
Correctness Reward 7¢q.r:

1, if Fcorrect(alrutha CL) =1

rant) ={

where aqu 18 the reference answer, and I'coect €Valuates an-
swer correctness. Length Reward 7iengim:

I 2
(Lmin> ’

7Qlength(a) = 17

2

otherwise

La < Lmin

Lmin S La S Lmax
1
]. + (La -

L )2’ La > Lmax

3)

Here, L, is the answer length, with L,,;, = 50 and Ly,.x =
600 in our experiments. This term penalizes answers that are
too short or too long. Format Reward 7¢ormat:

Tformat(af) = I‘format(af) S {07 1} 4)

This component enforces output format and behavioral con-
straints, such as wrapping answers in \boxed{} or adhering
to specific templates. Details for each role are in Fig. 3.

Reward for S Given a math question ¢, S outputs an an-
swer ag containing stealthy errors. Its goal is to produce
incorrect answers that are hard for D to detect. Using the
hierarchical reward R (Eq. 1), the reward for S is:

Rs =R (1 - Tcorr(aS)a R[Tformat(aS)a 7"length(aS)D (5

Here, the main reward 1 — r.(as) encourages generating
incorrect answers. The auxiliary reward, also hierarchical,
first ensures correct format and then constrains length.
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Figure 3: Prompts for roles S and D.

Reward for D D compares aqy and ag, outputting a di-
agnostic report ap identifying errors. As ag may be correct
early in training, we define a diagnosis recognition function:

1, if match
0, otherwise

Fdiagnosis (aDa Tcorr(aS)) = { (6)
“if match” denotes that ap correctly reflects the correctness
of ag. The reward for D is:

Rp=R (Fdiagnosis (CLD, rcorr(aS)) 5
R[Tformat(aD)v Tlenglh(aD)]) (7)
The main reward emphasizes diagnostic correctness, while

the auxiliary reward ensures proper format and suitable
length, promoting accurate and well-structured reports.

Feedback Rewards

Beyond individual rewards, we introduce feedback rewards
based on inter-role interactions—a core aspect of the HSG
adversarial framework. The two stages are: Hide: S gener-
ates an answer with stealthy errors. Seek: D diagnoses errors
in the answer from S.

The erroneous answer ag and diagnostic report ap are
input to the correction model Tr¢oprect, producing a corrected
answer ac. Correction success is given by:

rcorr(a'C) = (8)

1 if correction succeeds
Fcorrect(atruth7 GC) = 0 otherwise

We design two feedback types: (1) adversarial feedback be-
tween S and D; (2) collaborative and adversarial feedback
via the correction ac for D and S, respectively.

Collaborative Feedback for D Feedback for D considers:
Main reward: whether D correctly judges if ag has errors;
Aucxiliary reward: whether the diagnosis enables successful
correction. The collaborative feedback reward is:

R%)llaboralive =R [RD7 Tcorr(aC)] (9)

Here, Rp is from Eq. 7, and r¢(ac) reflects correction
success. This encourages D to produce diagnostics that both
identify errors and facilitate correction.

Adversarial Feedback for S S is subject to combined
feedback from D and the correction model, with: Main re-
ward: achieving its primary goal of generating misleading
answers; Auxiliary reward: generating answers harder to
diagnose and correct. The adversarial feedback reward is:

Rzgjversarial —R {RS’7 R [1 o ‘RcDollabomlive7 1— Tcorr(aC)]}
(10)

Here, Rg is the individual reward (Eq. 5), and the auxil-
iary reward is hierarchical, considering both the failure of
D (1 — RSllaberativey and correction failure (1 — reor(ac))-
This intensifies adversarial pressure, enhancing training ef-
ficiency and diversity. Altogether, this feedback mechanism
drives S and D to compete not only on individual objectives
but also on the final correction outcome, fostering more chal-
lenging adversarial training.

Reinforcement Learning

With individual and feedback rewards defined, we per-
form sampling and training within a reinforcement learning
framework. We employ Group Relative Policy Optimization
(GRPO) (Shao et al. 2024), which leverages relative scores
among sampled candidate answers as the baseline. Unlike
traditional Proximal Policy Optimization (PPO) (Schulman
et al. 2017), GRPO eliminates the need for value function
training, reducing both memory usage and implementation
complexity. This is particularly advantageous for long-chain
reasoning tasks (Shao et al. 2024), which our HSG frame-
work specifically targets.

Role S Sampling. Given a question ¢, S samples G erro-
neous answers:

Dsneaky = {ag) 1‘G:17 ag) ~ Trg’(IQ)

D then generates diagnoses for each answer:

)G i 0 i
Ddiagnosis = {GE)) }i:la a(D) ~ 7TD('|aTrUth7 ag'))
Based on these, the correction model produces:

Deorrection = {a(g‘) iG:h a(é) = 71—correct(aA(s'i)u a(DZ))

Here, wg and 7%, are prompt-driven, parameter-shared mod-
els (see Fig. 3); Teorrect 1S fixed and modifies ag using ap,
independent of g. The joint adversarial sample group is:

N X

s~ { (o240}

Training. Using the adversarial feedback reward
Rigversarial (Eq10), group rewards are:

rg = [r(s.l),...,rgc)]T, T(Si) =

dversarial, (i)
RHS versaria
The group advantage for sample ¢ is:
, (@) _
AP =Is “ e 11
s o, +9 (I
where (. and o, are the group mean and standard deviation:

1 EG: 0 1 f:( © )2 (12)
Hr = — rg', Or = - r — HUr
G i=1 8 G i=1 g




§ > 0 ensures stability (set to 10~8). The GRPO objective
is:

Js(0) =

G
1 . i) 4 . i ‘
Eg, lG >~ min (p§’ A, clip(p§’, 1 - €, 1+ ) AY)

=1
—BDxy. (7% || mrer) | (13)

The first term optimizes the policy, while the KL regulariza-
tion controls distributional drift. Here,

@ e (a(si) | q)
rs T Told (ag) | Q> "

We maximize Jg(6) with respect to 6:

0* = argmax Jg(6) (15)
0

We set G = 8 samples per round and ¢ = 0.2. For KL
regularization, a smaller 5 = 0.01 is used for S (due to initial
difficulty in generating stealthy errors), and 5 = 0.04 for D.

Role D Sampling. Given the set of stealthy answers and
their rewards:

Dsneaky = {ag)}?:p rs = [rgl)a cee 7TéG)]T

We select the most challenging sample (highest reward) for
training:
" (arg max?:1 rg))

ag = CLS
D generates G diagnoses for a§:
(@)

Ddiagnosis = {ag)}iG:17 ap ~ 7TaD("aftruthy ag)

Each diagnosis yields a corrected answer:

(ORYe (1) (2)
Deorrection = {CLC i=1 Qo = 71'correct(a/D )

This forms collaborative data pairs for training:

o ={(a5a)} .,

Training. For each (ag), ag’) ), the collaborative feedback

reward R%’""‘b"m‘i"e (Eq. 9) is computed:

rp = [rg)7 . ,TEDG)]T’ ’I"([;) _ R%)Haborative,(i)
The objective Jp () follows the same structure as Egs. 11—
14. The parameters for D are updated as:

0* = argmax Jp(6) (16)
o

In summary, training alternates between S and D, opti-
mizing 0 for Jg(0) (Eq. 15) and Jp () (Eq. 16), respec-
tively. Over time, S produces more deceptive errors, while D
improves diagnostic accuracy and correction guidance, thus
increasing overall correction success rates.

Experiments
Experimental Setup

Datasets We evaluate on three math reasoning datasets:
GSMSK contains 8,500 elementary-level problems focused
on basic arithmetic, with human-written questions and de-
tailed solutions (Cobbe et al. 2021). MATH Dataset of-
fers 12,500 competition-level problems (high school and
college), spanning seven mathematical domains and step-
wise solutions (Hendrycks et al. 2021). NuminaMath-TIR
includes 1,100+ theorems and 12,000 application prob-
lems, emphasizing type-informed reasoning and structured
theorem-problem pairs (Li et al. 2024). We mix their train-
ing splits for model training and evaluate on each test set.

Baseline Models Qwen3 is a LLM family, supporting
32K-128K context and MoE architectures, excelling on
code and math benchmarks (Zhang et al. 2025). We mainly
use Qwen3-4B for its balance of ability and efficiency,
and also evaluate Qwen3-8B/14B for scale comparison.
DeepSeek: We use DeepSeek V3-0324 (March 2025), a
685B-parameter MoE model optimized for reasoning and
programming, positioned as an efficient open-source alter-
native (Du et al. 2025). GPT-40: OpenAl’s 2024 multimodal
model, supporting 128K context and fast responses, with
strong general performance (Ying et al. 2024).

Baseline Training Methods We compare: LLM-rater
Adv+RL: Combines RL with adversarial LLM-based dis-
criminator, rewarding models that deceive the rater (Kirch-
ner et al. 2024). RL only: Reinforcement learning without
adversarial signal (ablation). HSG (ours): Our dialog-based
deception and diagnosis method.

Experimental Procedure and Metrics Experiments in-
clude: (1) diagnosis performance evaluation; (2) stealthi-
ness evaluation. Diagnosis performance assesses whether
model-generated diagnostics help humans identify errors,
using correction success rate ACC,qr and GPT-40 win rate.
Stealthiness evaluation measures the deceptiveness of gen-
erated errors, verifying if HSG produces more challenging
cases. Error types are further analyzed to reveal the mecha-
nism behind HSG’s sneaky error generation.

Training Details We use Qwen3-4B as the base model,
training for 600 steps on the combined training set under
the HSG framework. Training is conducted on four A800
GPUs (see Supplementary Material for details). The final
checkpoint is selected based on the lowest correction success
rate ACCoy, i.€., the most deceptive model. After training,
sneaky answers and diagnostics are generated for each test
set. LLM-rater Adv+RL and RL baselines are also trained
on Qwen3-4B under the same hyperparameters and GRPO
framework for fair comparison.

Diagnosis Performance Study

We evaluate the effectiveness of diagnostic information gen-
erated by our framework (D*) for correcting stealthy errors,
compared to diagnostics from untrained baseline LLMs (D).
HSG-trained models are used to generate stealthy error sam-
ples and corresponding diagnostics on three test datasets, re-



Model GSMBSK | MATH Dataset | NuminaMATH-TIR Aver
Qwen34B | ACCeon|D | 4450% 40.28% 2.55% 42 44%
ACCeon|D* | 79.98% 52.51% 65.96% 66.15%(123.71)
Qwen3-88 | ACCeon| D | 47.61% 37.68% 33.30% 1120%
ACCeon|D* | 82.49% 51.70% 63.83% 66.01%(124.81)
Qwen3-14B | ACCeon| D | 51.40% 38.08% 17.87% 45.78%
ACCeon|D* | 83.17% 53.71% 60.64% 65.84%(120.06)
DeepSeek | ACCeon| D[ 62.55% 43.89% 53.19% 5321%
ACCeon|D* | 83.32% 56.51% 70.21% 70.01%(116.80)
GPTdo ACCoonlD | 36.32% 3327% 37.23% 35.61%
ACCeon|D* | 83.47% 52.51% 64.89% 66.96%(131.35)

Table 1: Correction accuracy under different diagnostic guidance. ACCeq| D and ACCqo | D* denote correction accuracy using
original (D) and HSG-generated (D*) diagnostic information, respectively. Aver shows the average accuracy across all test

sets. “1” indicates the improvement by D* over D.

sulting in a challenging test set. Five mainstream baseline
LLMs are evaluated. For each model and each error sample,
both the model’s own diagnostic (D) and the HSG-generated
diagnostic (D*) are used to guide error correction, with the
correction step performed by the same model. The correc-
tion success rate (ACCq) is computed for each test set,
comparing the impact of D versus D*. Table 1 presents cor-
rection accuracy under different diagnostic guidance. Across
all datasets, HSG-generated diagnostics (D*) significantly
outperform original diagnostics (D), with average improve-
ments ranging from 16.8% to 31.4%. Except for GPT-4o,
we find that the improvement from D* decreases as model
size increases among the first four models, indicating that
larger models have stronger error recognition, but still bene-
fit from a well-trained diagnostic module. GPT-40 exhibits a
unique trend: its own diagnostic accuracy (35.61%) is lower
than Qwen3-4B’s (42.44%), but when using D*, GPT-40
achieves 66.96% accuracy, close to DeepSeek. This suggests
GPT-4o is highly receptive to high-quality diagnostic infor-
mation, even if its native diagnostic ability is weaker. To
further assess diagnostic quality, we use GPT-4o0 to directly
compare D and D* for the same errors. Both are fed to GPT-
40, which judges which diagnosis is better. We swap their
order to remove positional bias and average the results to
compute the win rate. Table 2 reports win rates of D* over D
on the NuminaMATH-TIR dataset, alongside accuracy im-
provement (ACC T). The trends in win rate and correction
improvement closely match, further validating the superior
diagnostic quality of D*.

Stealthiness Analysis of Sneaky Answers

A key reason D* outperforms D is that D* is trained on
stealthier errors generated by the S role under HSG, which
enhances its diagnostic capability. HSG achieves adversar-
ial training through a dialogue-based game between the S
and D. But does this adversarial mechanism actually pro-
duce stealthier errors? We investigate this through compara-
tive and ablation studies.

Using the NuminaMATH-TIR dataset, we compare three
training strategies: LLM-rater Adv+RL: RL with an ad-
versarial rater (Kirchner et al. 2024), specifically Skywork-
Reward-V2-Llama-3.1-8B (Liu et al. 2025); RL only: RL
without adversarial signal (ablation); HSG: Our proposed
method. All are implemented using GRPO with identical
hyperparameters. We apply these to Qwen3-4B, generate
sneaky answers on the test set, and let five baseline mod-
els diagnose and correct them. As shown in Fig. 4, across
all baselines, the correction difficulty (stealthiness) of gen-
erated errors ranks as follows:

HSG (56.17 + 6.00%) >
LLM-rater Adv+RL (38.51 +4.76%) =
RL only (27.43 + 3.52%)

Values indicate average correction failure rates (1 —ACC)
across the five baseline models.

These results show that: RL-only errors are easiest to cor-
rect (least stealthy); LLM-rater Adv+RL errors are more de-
ceptive; HSG produces the most challenging, stealthy errors.

mmm LILM-rater Adv + RL
RL Only

Model Win | Tie | Loss | Win Rate | ACCyor T B o = HSG

Qwen3-4B | 22 |68 | 4 19.15% | 23.41% § o°

Qwen3-8B | 21 | 72| 1 21.28% | 25.53% EZ:

Qwen3-14B| 15 |73 | 6 9.57% 12.77% Zool

DeepSeek 20 | 66| 8 12.77% | 17.02% Aol I I I

GPT-40 30 |59 5 | 26.60% | 27.66% 0.0 e s e _— ho
O}Neﬁ‘(b— O}Neﬁ‘(b— o ‘Ne,“:}—\ 06?,966 v

Table 2: Win rate of D* over D on the NuminaMATH-TIR
dataset. Win Rate is the proportion where D* is preferred by
GPT-40 over D. ACC,; T shows the corresponding correc-
tion accuracy improvement.

Figure 4: Correction difficulty (stealthiness) for sneaky an-
swers from three training methods. Y-axis: correction failure
rate 1 — ACC,qy, reflecting error stealthiness.



Question: Given the function f(z) = {

x4+ 1

log, @

.

x>

0
, then the graph of the function y = f[f(x)] — 1 intersects the x-axis at
0

points.

We solve f(f(x)) = 1 by considering the

definition of £(x):

Q Case 1: f(x) =0

Then F(f(x) = FGI+ 1 = f(x) = 0.

Now solve f(x) = 0:

= fx =0:x+1=0=x=—1

= Ifx > O:logyx = 0 = x = 1

Q case 2: f(x) > 0

Then f(f(x)) =log(f(x)) = f(x) = 2

Now solve f(x) = 2:

= Ifx =0:x +1=2=x = 1,invalid
since x <0

= Ifx > O:logyx =2 =>x = 4

From above: x = —1,1,4

= 3 intersection points.

Final Answer:[4 |

G- 1 =0 =ff)]=1

Q Case 1: f(x) < 0

Then fIfG)] = fG) + Lso f)+ 1 =1 =f(x)= 0
Solve f(x) = 0:

= fx =0:x +1=0=x = —1

= Ifx > 0:logax = 0 =>x = 1

Q Case 2: f(x) > 0

Then fFIf(x)] = log,f(x), so: log, f(x) = 1 = f(x) = 2.
Solve f(x) = 2

= Ifx =0:x + 1 =2 =x = 1 (invalid)

= Ifx > 0:log,x = 2 =>x = 4

Three values satisfy the original equation. The Answer is|3. |
However, to introduce an error, when verifying x = 1, To
introduce this error, suppose we make that incorrect
choice—then x = 1 must be excluded. Conclusion: Only x
= —landx = 4remain valid. Final Answer{2]

Wesolvey = fI[f(x)]— 1 = 0 by
finding its roots:
1. Find when f(x) = 0:
O x >0:logyx = 0 =>x = 1
QO x=0x+1=0=x=—-1
2. Evaluate f[f(x)] — 1 at these
points:
Q x =1 ffW)—1 = £
—1=1-1=0
Q x=-1:fCD)-1
= fO—-1=1—-1=0
3. No other values of x yield f[f(x)]
= 1, so no additional roots. Thus, ¥
= fIf(x)] — 1 has exactly two x-
intercepts. Final Answer

(1) Type A (Result Shift)

(2) Type B (Explicit Contamination)
——Example from LLM-rater Adv + RL

(3) No Type A and B
——Example from HSG

——Example from RL only

Figure 5: Examples of sneaky answers generated by the three methods. The first two display Type A and Type B errors.

This confirms that adversarial mechanisms improve error
stealthiness, and that HSG’s dialogue-based adversarial ap-
proach is more effective than rater-based methods. We fur-
ther analyze the reasons for this advantage in the next sec-
tion.

Analysis of Error Types in Sneaky Answers

The previous section showed that HSG generates more
stealthy errors. Here, we analyze why: compared to HSG,
errors from LLM-rater Adv+RL and RL only are often triv-
ial for humans and thus easier to correct.

We classify such easily-corrected errors into: Type A (Re-
sult Shift): The reasoning is correct, but the final answer
differs from the reference. Type B (Explicit Contamina-
tion): The reasoning includes clear hints or explicit mis-
takes that are easy to spot. Although the prompt of (S)
(Fig. 3) explicitly instructs avoidance of trivial errors, these
types still frequently arise in training. We randomly select
a NuminaMATH-TIR test problem and generate Sneaky an-
swers using all three methods. As shown in Fig. 5, “RL only”
produces a Type A error, LLM-rater Adv+RL yields a Type
B error, while HSG’s answer contains neither.

Fig. 6 summarizes the error type distribution for each
method on the NuminaMATH-TIR test set. With HSG,
92.6% of Sneaky answers have neither Type A nor B errors,
demonstrating strong avoidance of explicit mistakes. For
LLM-rater Adv+RL, 94.6%(= 72.3% +22.3%) are Type B,

4.3% 8.5% 5.3% Error Types
LI
=N
m lanp
w m 1-Iaup

(1) LLM-rater Adv + RL (2) RL Only

(3) HSG

Figure 6: Error type distribution in sneaky answers from
three training methods. I 4: proportion with only Type A er-
rors; I anp: both Type A and B; 1 — I 4 5: neither.

which aligns with the rater’s scoring tendency to favor “self-
admitted” or “correct-then-incorrect” answers, thus encour-
aging explicit contamination. For RL only, 31.9%(= 8.5%+
23.4%) are Type A, reflecting a simple result-shift strategy
when adversarial constraints are lacking. HSG’s dialogue-
based adversarial mechanism effectively filters out both er-
ror types: Type B errors are easily detected and corrected
interactively, while Type A errors—which exist only at the
answer level—can be eliminated through mutual confirma-
tion between roles.

These findings clarify stealthiness differences: RL only
produces a large proportion of Type A and Type B errors,
both of which are less stealthy and easy to correct; nearly
half of the samples belong to either of these two error types.
LLM-rater Adv+RL, through adversarial scoring, reduces
the proportion of Type A but introduces many Type B errors,
resulting in moderate stealthiness; HSG successfully avoids
both explicit error types, producing more challenging and
stealthy Sneaky answers.

Conclusion

We propose an adversarial ‘“‘generation—diagnosis” self-
evolution framework for large language models, named
Hide and Seek Game (HSG). By introducing Sneaky and
Diagnosis roles, HSG jointly enhances both error generation
and diagnostic skills: Sneaky generates increasingly stealthy
errors, while Diagnosis improves error identification via ad-
versarial interaction. Experiments show HSG substantially
improves both diagnostic effectiveness and error stealthiness
on several math reasoning benchmarks. Additionally, we re-
lease a public dataset with stealthy errors and high-quality
diagnostics, providing a benchmark for future research.

In future work, we plan to extend HSG to broader open-
domain and complex reasoning tasks, especially in intelli-
gent education. For example, HSG-generated stealthy errors
and diagnostics could help tutoring systems better identify
students’ misunderstandings and enable personalized inter-
vention, further advancing explainability and educational in-
telligence for large language models.
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