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Abstract

Large Reasoning Models (LRMs) benefit
substantially from training on challenging
competition-level questions. However, existing
automated question synthesis methods lack pre-
cise difficulty control, incur high computational
costs, and struggle to generate competition-
level questions at scale. In this paper, we pro-
pose CoDiQ (Controllable Difficult Question
Generation), a novel framework enabling fine-
grained difficulty control via test-time scaling
with verifier-based solvability control. Specifi-
cally, first, we identify a test-time scaling ten-
dency (an extended reasoning-token budget
increases estimated difficulty but reduces the
verifier-approval rate) and the intrinsic prop-
erties defining the upper bound of a model’s
ability to generate verifier-approved, high-
difficulty questions. Then, we develop CoDiQ-
Generator from Qwen3-8B, which improves
the upper bound of difficult question genera-
tion, making it particularly well-suited for chal-
lenging question construction. Building on the
CoDiQ framework, we build CoDiQ-Corpus
(44K competition-grade question sequences).
Human evaluations show that these questions
are significantly more challenging than Live-
CodeBench/AIME, while an audit of retained
questions quantifies their empirical quality.
Training LRMs on CoDiQ-Corpus substantially
improves reasoning performance, showing that
scaling controlled-difficulty training questions
enhances reasoning capabilities. We open-
source CoDiQ-Corpus, CoDiQ-Generator, and
implementations to support related research.

1 Introduction

The rapid advancement of Large Reasoning Models
(LRMs) has demonstrated remarkable capabilities
in complex reasoning, with recent works achiev-
ing impressive performance on challenging bench-
marks across mathematics and coding (Zhao et al.,
2025; Manem et al., 2025; Pei et al., 2025). A
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crucial factor driving these improvements is high-
quality training data that truly stress reasoning. Im-
portantly, much like scientific discovery, finding the
right difficult questions can be as critical as solving
them. As human-driven pipelines are expensive
and hard to scale, purely synthetic pipelines often
struggle to push difficulty due to three major chal-
lenges. First, there is a generator capacity ceiling,
where models fail to synthesize questions substan-
tially harder than what they can reliably reason
about. Second, the solvability—complexity trade-off
implies that forcing complexity often breaks log-
ical consistency. Finally, difficulty definition and
control remains an obstacle; without a measurable
surrogate, “make it harder” becomes uncontrol-
lable.

To address these challenges, we propose CoDiQ,
a framework that introduces depth-wise test-time
scaling into question generation—in contrast to tra-
ditional width-wise test-time compute (e.g., best-
of-N or tree search (Snell et al., 2024)). CoDiQ
utilizes iterative refinement to drive the generator
toward its capability frontier through three coupled
innovations: (1) an iterative pipeline utilizing six
Difficulty-Enhancement Strategies with hybrid ver-
ification; (2) the CoDiQ-Generator, trained via
Reinforcement Learning on its own breaking-point
trajectories to track the capability boundary rather
than average-case difficulty; and (3) a relative dif-
ficulty paradigm using LLM listwise ranking and
a ValueNetwork that yields continuous scores. Us-
ing this framework, we construct CoDiQ-Corpus,
comprising 44K competition-grade math and cod-
ing question sequences. Figure 1 summarizes
CoDiQ’s results across five key dimensions com-
pared with recent synthetic baselines.

Our key contributions are:
* A Depth-Wise Test-Time Scaling Framework.

We pioneer test-time scaling for question genera-
tion, coupling iterative mutation with breaking-
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CoDiQ-Corpus vs synthetic datasets
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Figure 1: CoDiQ-Corpus vs. recent synthetic datasets
on estimated difficulty, verifier-assessed solvability, di-
versity, domain-distribution fidelity (one minus Jensen—
Shannon divergence, JSD, to human-curated corpora),
and questions per sequence.

point RL to effectively target the generator’s ca-
pability frontier.

* Conditional Scaling Tendency for Difficulty.
We validate a scaling tendency linking test-time
compute to difficulty, demonstrating it holds un-
der explicit boundary conditions and corroborat-
ing it with external evidence on natural problems.

* CoDiQ-Corpus. We release 44K sequences
that surpass prior baselines on human-validated
difficulty; among code-oriented synthetic cor-
pora, CoDiQ-Corpus also attains the lowest
JSD to APPS and Code-Contests. Curriculum
fine-tuning consistently improves Qwen3 mod-
els across MATH-500, AIME 2024, MBPP, and
LiveCodeBench v5.

We open-source CoDiQ-Corpus,
Generator, and all implementations.

CoDiQ-

2 Related Works

Generating difficult yet valid questions has become
a key lever for scaling reasoning supervision (He
et al., 2024; Sun et al., 2026; Luong et al., 2025).

Prompt-based and agentic pipelines. These
methods bootstrap from seeds or concepts and iter-
atively refine candidates with self-critique, filtering,
and verification (Liu et al., 2025; Wang et al., 2025;

Zheng et al., 2025). PromptCoT (Zhao et al., 2025)
conditions on concept samples and design cues,
then applies rejection sampling. CogAtom (Chen
et al., 2025) decomposes solutions into cogni-
tive atoms and recombines them. For code, Au-
toCode (Zhou et al., 2026b) uses closed-loop setter
pipelines that jointly produce statements and tests.
These approaches are effective but rely on multi-
step orchestration and heavy post-hoc filtering.

Trained generators. A complementary line
trains dedicated generators to amortize agentic
cost (Hu et al., 2025; Christ et al., 2024; Xie et al.,
2024). ScaleQuest (Ding et al., 2025) aligns gen-
erators via Question Fine-Tuning and Preference
Optimization; ScaleDiff (Pei et al., 2025) trains a
generator on a curated hard subset. These methods
scale well but offer coarse difficulty knobs and still
depend on post-hoc validity checks.

Progressive rewriting and synthesis paradigms.
Cheng et al. (Cheng et al., 2021) progressively
increase question difficulty through step-by-step
rewriting guided by an extracted reasoning chain.
CoDiQ builds on this pioneering direction but
differs in three respects: it uses depth-wise test-
time scaling to reconstruct logical structure rather
than adding text along a static chain; targets de-
terministic, competition-level math and code prob-
lems rather than general text-based question an-
swering; and explicitly checks both relative dif-
ficulty progression and verifier-assessed solvabil-
ity at every round. CoDiQ is also positioned
as seed-based “1-to-N” evolution: reliable ques-
tions anchor controllable trajectories. This com-
plements rather than replaces from-scratch “0-to-
17 synthesis such as ScaleQuest and SAND-Math,
which prioritizes discovering new seeds. Finally,
Code-Contests (Li et al., 2022) is a human-curated
competitive-programming corpus used as a real-
data baseline in our evaluation, not an iterative
question-generation method.

In contrast to prior pipelines, CoDiQ uses depth-
wise test-time scaling as the core mechanism
for fine-grained difficulty control under verifier-
assessed solvability, enabling frontier tracking
while filtering at each evolution step.

3 Method

3.1 Overview

Our method aims to endow LRMs with scalable
test-time question generation capability by en-
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abling them to synthesize progressively challeng-
ing questions while controlling their empirical va-
lidity. In contrast to width-wise test-time scaling
(e.g., best-of- IV, tree search) that searches outputs
for a fixed problem (Snell et al., 2024), CoDiQ uses
depth-wise scaling—iterative, sequential refine-
ment—to evolve the problem itself along the gen-
erator’s capability frontier. The three components
below are designed to be coupled rather than addi-
tive: the strategies define the search direction, the
pipeline checks every candidate and rolls back re-
jected steps, and the verification modules make the
depth-vs-validity trade-off measurable so that RL
can target the precise breaking point. To achieve
this, we first introduce six Difficulty-Enhancement
Strategies (§3.2) that explicitly guide LRMs to-
ward difficulty-scaling reasoning and hard ques-
tion construction. These strategies are instantiated
within the CoDiQ Pipeline (§3.3), which integrates
two verification modules—difficulty estimation
(§3.3.1) and solvability verification (§3.3.2)—to
jointly regulate estimated difficulty and verifier-
assessed validity. Leveraging this pipeline, we
construct CoDiQ-Bench to systematically bench-
mark models’ question-generation performance un-
der a unified evaluation framework. Then, we
develop a specialized CoDiQ-Generator through
reinforcement learning (§3.4), utilizing pipeline-
derived feedback signals to further enhance the
difficulty and reliability of synthesized questions.
Finally, we construct CoDiQ-Corpus, a dataset of
44K competition-grade mathematical and coding
questions based on our CoDiQ-Generator. The de-
tailed statistics are provided in Appendix G.

3.2 Difficulty-Enhancement Strategies

To systematically scale problem difficulty be-
yond naive prompting (e.g., “make this harder”),
we design six Difficulty-Enhancement Strategies
(detailed in Appendix S) that serve as explicit
cognitive scaffolds for LLMs. These strate-
gies—Dimensionality & Constraints, Mathemat-
ical Abstraction, Inverse & Constructive, State Ex-
plosion, Theorem Disguise, and Edge Case & Rigor
Engineering—guide the model to inject algorith-
mic difficulty systematically, ensuring difficulty
arises from reasoning depth rather than superficial
modifications.

3.3 CoDiQ Pipeline

Building on the strategies (§3.2), the CoDiQ
Pipeline (Algorithm 1) systematically scales dif-

Algorithm 1 CoDiQ Iterative Pipeline

Input: Seed Question g, Max Rounds T},
Output: Evolved Questions O
Initialize Q < 0, dy + DIFFICULTY (Qg)
for i = 1to 1,,,, do

Qi + LLM(Qi-1)

d; < DIFFICULTY(Q;)

if VALID(Q;) = False or d; < d;_; then

break

end if

Q<+ Qu{Q:}
: end for
: return O

D AR e

—_—

ficulty through iterative refinement: a seed ques-
tion (Jg progressively evolves into harder variants
{Q1,...,Qn} over up to Ty,ax=8 rounds, where
the model is prompted with “Can you make it more
difficult?” at each step to trigger deeper reasoning.

To control generation quality, the pipeline in-
corporates two validation modules—Difficulty Es-
timation (§3.3.1) to require non-decreasing esti-
mated difficulty across accepted rounds and Solv-
ability Verification (§3.3.2) to screen for logical va-
lidity—coupled with strict stopping rules (§3.3.3).
Appendix C illustrates why this distinction matters:
adding modular constraints can look more complex
while collapsing through the Chinese Remainder
Theorem and leaving the underlying solution struc-
ture largely unchanged.

3.3.1 Difficulty Estimation

Because CoDiQ targets the capability frontier, ab-
solute scoring saturates. We instead use relative
estimation combining explicit LLM-Ranking and
implicit ValueNetwork Scoring.

LLM-Ranking. We use Doubao-Seed-1.8 (Seed,
2026) as a listwise ranker over a query batch Q,
with stochastic shuffling 7(Q) to mitigate posi-
tional bias. The structured JSON output yields
ranked indices used to allocate compute K to
harder queries (template in Appendix P).

ValueNetwork Scoring. Extending (Zhu et al.,
2025), we extract Qwen3-8B hidden states under
a quadratic sampling schedule (denser at reason-
ing onset, window <4,096 tokens) and train an
MLP via binary cross-entropy to predict correct-
ness on a mixture of benchmarks (Cobbe et al.,
2021; LI et al., 2024; Jain et al., 2025; Li et al.,
2022); lower predicted probability indicates higher
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difficulty (Appendix E.5, E).

Normalization and Combination. For a batch
of n questions, the ranker partitions the questions
into G < n ordered groups {¢1, ..., 9}, allowing
questions with negligible difficulty differences to
share a group. For question 7 assigned to group g;,
its normalized rank is
j—1

di = 5—

Fop de{lGh @

Across our pipeline data, G ~ 0.43n (approxi-
mately four groups per ten questions). We indepen-
dently map the LLM rank and ValueNetwork score
to [0,100], yielding DR-LLM and DR-VN, and
report their arithmetic mean as DR(AVG). Inter-
nal pipeline comparisons use the equivalent [0, 1]
scale.

3.3.2 Solvability Verification

Difficulty estimation requires non-decreasing es-
timated difficulty, but it does not establish logi-
cal validity. We therefore use Qwen3-32B (Yang
et al., 2025) to predict whether each generated in-
stance is well-posed and admits a valid solution.
This direct assessment targets missing conditions,
contradictions, and ambiguity without conflating
invalidity with a particular solver’s inability to pro-
duce a complete solution near its capability fron-
tier. Following the template in Appendix Q, the
verifier first provides supporting analysis and then
emits a binary decision with confidence. Roll-back
rule. If candidate Q); is rejected, the pipeline dis-
cards it and emits the last accepted version ();_1,
so each retained sequence is verifier-approved end-
to-end rather than formally guaranteed solvable.
On the N=200 pipeline evaluation (§5.2), Qwen3-
32B obtains 82.0% overall accuracy and 90% nega-
tive predictive value (NPV) on rejected candidates;
accepted-set accuracy is reported separately be-
cause it directly characterizes retained-corpus qual-
ity. Solution attempts or iterative critique could pro-
vide complementary evidence for uncertain cases.

3.3.3 Termination Criteria

The pipeline terminates at step ¢ if (1) the diffi-
culty is non-monotonic (d; < d;—1) or (2) Q; is
flagged unsolvable; the invalid @); is dropped and
the sequence {Q1,...,Q;_1} is emitted. Cases
and failure modes are in Appendix C, D.
CoDiQ-Bench, a 200-question diagnostic set
(100 math + 100 code), is described in Appendix A.

3.4 CoDiQ-Generator

To further enhance the pipeline’s capacity for high-
difficulty, high-quality generation, we develop a
specialized CoDiQ-Generator via reinforcement
learning. By directly optimizing the model’s
question-setting behavior with reward signals de-
rived from verifier confidence, difficulty progres-
sion, and validity checks, the generator improves
both the upper bound and the stability of synthe-
sized problems. Here, stability denotes sustaining
non-decreasing estimated difficulty over more con-
secutive verifier-approved rounds: CoDiQ-Gen-8B
reaches 3.4 accepted rounds on average, compared
with 2.4 for Qwen3-8B under the CoDiQ Prompt
(Table 1).

RL Data: Breaking-Point Trajectories. Rather
than maximizing absolute difficulty, we target
Qwen3-8B’s capability boundary (Zhang et al.,
2025): from CoDiQ Pipeline runs we retain tra-
jectories where candidates are accepted for rounds
1:4—1 but rejected at round ¢ (flagged unsolv-
able or stagnant), and use the failed step together
with the last accepted state as a training pair.
This converts each “breaking point” into a pre-
cise learning signal anchored at the frontier rather
than at average-case difficulty. Seeds span eight
benchmarks—Math12K!, GSM8K (Cobbe et al.,
2021), SVAMP (Patel et al., 2021), ASDiv (Miao
et al., 2020), CodeAlpaca (Chaudhary, 2023), Leet-
CodeDataset (Xia et al., 2025), MBPP (Austin
et al., 2021), DS-1000 (Lai et al., 2023)—yield-
ing |Dpr|=1,173 samples.

RL Training Paradigm. Building on the suc-
cess of R1-style methods with discrete, rule-based
rewards (Shao et al., 2024), we further refine
Qwen3-8B with GRPO (Shao et al., 2024) in the
VeRL framework (Sheng et al., 2025). We design
a difficulty-aware reward that balances verifier-
assessed validity with progressive scaling. Let
conf=max(0.5, confidence(x)) and A(D)=d; —
di—1 € [-1,1] fori € {1,..., R}, where d; fol-
lows Eq. (1) and R is the maximum evolution
rounds:

0, invalid
A(D)=0

A(D) >0

wy - conf,
wa - conf + (1—w2)

(ws + (1-ws)A(D))

@

1ht’cps: //huggingface.co/datasets/hiyouga/
math12k
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where invalid cases include unsolvable questions,
repetitive outputs, or negative difficulty changes
(A(D) < 0).2

4 Experiments

4.1 Experimental Setup

Baselines. We compare against LRMs with ex-
tended reasoning capabilities: GLM-4.6 (Glm
et al., 2024), GPT-OSS-20B (Agarwal et al.,
2025), GLM-Z1-9B-0414 (Glm et al., 2024),
and the Qwen3 series (Yang et al.,, 2025)
(0.6B/1.7B/4B/8B/14B/32B). All baselines run in-
side the CoDiQ Pipeline (§3.3).

Metrics. DR-LLM (listwise ranking by Doubao-
Seed-1.8 (Seed, 2026), §3.3.1) and DR-VN (Val-
ueNetwork score, §3.3.1) are independently nor-
malized to [0, 100] for reporting; DR(AVG) is their
arithmetic mean.

4.2 Main Results

4.2.1 Maximum Verifier-Approved Difficulty

Table 1: Performance of different Long-CoT models
on CoDiQ-Bench. Group rankings based on the high-
est difficulty of verifier-approved questions generated
across 8 rounds without estimated difficulty degradation
on CoDiQ-Bench. The best, the second-best and the
third-best scores for each indicator are shown in ,
bold and underlined, respectively.

Model Rounds Tokens DR-LLM DR-VN DR(AVG)
Direct Prompt
GPT-0SS-20B 2.9 5528.2 68.5 74.4 71.5
GLM-4.6 2.8 3385.8 71.2 65.8 68.5
Qwen3-32B 2.3 1239.3 50.6 54.8 52.7
Qwen3-8B 34 1130.5 39.2 59.6 49.4
GLM-Z1-9B-0414 2.7 1229.8 48.8 43.7 46.3
Qwen3-14B 3.1 2076.4 459 44.4 452
Qwen3-4B 1419.7 368 40.4 38.6
Qwen3-1.7B 33 844.5 25.6 37.1 314
Qwen3-0.6B 2.4 314.3 17.2 35.0 26.1
CoDiQ Prompt(ours)
GLM-4.6 27 71438
GPT-OSS-20B 2.1 8057.3 63.8 61.5 62.7
Qwen3-32B 2.2 4893.6 63.0 46.5 54.8
Qwen3-14B 2.6 5281.9 53.9 44.2 49.1
Qwen3-4B 2.8 44223 49.1 42.7 459
Qwen3-8B 24 4155.6 49.8 41.9 45.8
GLM-Z1-9B-0414 1.7 3638.3 54.7 30.0 424
Qwen3-1.7B 1.4 2975.7 323 373 34.8
Qwen3-0.6B 1.0 2052.7 224 29.2 25.8
CoDiQ Generator(ours)
CoDiQ-Gen-8B 34 7499.6 58.9 58.1 58.5

2We use w1 =0.6, w2=0.2, w3=0.8, partitioning the re-
ward space into three non-overlapping bands (invalid — 0;
held — [0.30, 0.60]; increased — [0.74, 1.00]). The pipeline
is robust to small perturbations as long as this ordinal hierarchy
is preserved; details and ablations are in Appendix N.

We instantiate each backbone as the generator
inside the CoDiQ Pipeline and report difficulty on
CoDiQ-Bench in Table 1.

Effectiveness of the CoDiQ Prompt. The
CoDiQ Prompt induces a substantial expansion in
reasoning tokens across every architecture, indicat-
ing that it triggers extended reasoning trajectories
rather than surface-level rewordings. From the rel-
atively simple seeds used here, every evaluated
backbone generates a harder question under both
DR-LLM and DR-VN after rerunning transient
API failures (100% success). The initial runs were
99.0% for GPT-OSS-20B and 98.5% for GLM-4.6
solely because of API errors; the largest difficulty
gains occur for small-to-mid-sized models that pre-
viously plateaued under direct prompting.

Superiority of CoDiQ-Generator. CoDiQ-Gen-
8B outperforms the much larger Qwen3-32B in
generating high-complexity instances. We attribute
this to RL alignment on breaking-point trajectories
(§3.4): by optimizing for verifier-assessed solvabil-
ity and difficulty progression jointly, the genera-
tor sustains verifier approval over more iterative
rounds, thereby maintaining non-decreasing esti-
mated difficulty without premature termination.

Scaling Tendency: Difficulty Rank vs Token Used
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Figure 2: Difficulty vs. tokens on CoDiQ-Bench. Each
point is one model under the CoDiQ Prompt; reasoning
tokens correlate with DR(AVG).

4.2.2 Difficulty Metrics Comparison

To assess whether the number of tokens consumed
by LRMs can serve as a difficulty proxy, we exam-
ine the positive correlation between token volume
and difficulty rankings shown in Figure 2. Token
consumption correlates with DR-LLM and DR-
VN, yielding Pearson coefficients of r = 0.8299
(p < 0.001) and r = 0.8545 (p < 0.001), respec-
tively.
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Boundary conditions of the scaling claim. We
do not claim that artificially forcing more tokens
makes a problem intrinsically harder. The rela-
tion between solver tokens and difficulty holds
under two explicit conditions: (i) a fixed scaling
protocol—the prompt and difficulty-injection strat-
egy are held constant across compared instances;
and (ii) the evaluator is within its competence
range—instances exceeding the verifier’s reason-
ing horizon are excluded, otherwise we hit the Veri-
fier Paradox (§5.2). To show that the relation is not
specific to our pipeline, we additionally measure
solver tokens on MATH-500, whose difficulty lev-
els were assigned by human annotators prior to any
LLM, and observe a strict monotonic increase from
Level 1 to Level 5 (Appendix K, Table 14). This
supports token consumption as a complementary,
non-pipeline-specific proxy for difficulty under the
conditions above.

4.3 Ablation Study

Upper Bound of Difficulty Generation. Sec-
tion 4.2.1 measured the maximum verifier-
approved difficulty, where the verifier inherently
caps the observed ceiling—highly complex ques-
tions may not be unsolvable per se, but rather be-
yond the verifier’s capacity to approve. To probe
the empirical unfiltered difficulty ceiling, we re-
move the solvability verifier from the pipeline.
The CoDiQ Prompt elevates the measured ceiling
across all Qwen3 backbones, and CoDiQ-Gen-8B
exceeds Qwen3-14B at far fewer parameters, indi-
cating that RL alignment elicits structures assigned
higher difficulty by our estimators than scale alone
does. Full scores are reported in Appendix B (Ta-
ble 5).

Impact of Maximum Token Budget. We further
examine difficulty efficiency under strict cumula-
tive token budgets that bound both generation and
verification (Figure 3). When the budget is ex-
ceeded, the iteration is discarded and the system re-
ports the highest-difficulty verifier-approved prob-
lem from preceding rounds. Across 8k/16k/32k
thresholds, CoDiQ-Gen-8B consistently dominates
Qwen3-8B under both Direct and CoDiQ prompts,
indicating that our RL-aligned generator extracts
more difficulty per unit of compute rather than
merely consuming more compute. The gap be-
tween CoDiQ-Prompted Qwen3-8B and the Direct-
Prompt counterpart further validates the prompt
itself as an independent source of efficiency.

Average Difficulty Rank Across Token Budgets
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Figure 3: Difficulty under cumulative token budgets
(8k/16k/32k) on CoDiQ-Bench.

4.4 Scaling Tendency Analysis

The previous analyses pinned down static ceilings
(8§4.2.1, §4.3). Here we shift to how models reach
those ceilings by tracking the average estimated
difficulty and verifier-approval rate of intermedi-
ate questions across all eight rounds (Figures 4-5;
full results in Appendix L). This trajectory-level
analysis directly tests whether estimated difficulty
is progressively controllable rather than evaluating
only the hardest endpoint.

Difficulty Scaling. Compared to Direct Prompt,
CoDiQ Prompt elicits markedly deeper reasoning:
token consumption increases sharply, and a consis-
tent upward estimated-difficulty trajectory appears
across most backbones. Large models tend to satu-
rate in later rounds, which we attribute to approach-
ing either the model’s own generation capacity or
the evaluator’s limit. This dynamic view reinforces
our earlier metric validation (§4.2.2) from a per-
model perspective: token volume tracks difficulty
within a single trajectory, not just across models.

Verifier-Approval  Scaling. The  verifier-

approval rate decreases as estimated difficulty

rises (Figure 5), exposing an empirical depth-vs-
approval trade-off. Three findings emerge:

* Robustness of SOTA models. Flagship models
(e.g., GLM-4.6) maintain high verifier-approval
rates across estimated difficulty levels, exhibiting
balanced generation—verification.

¢ Over-reasoning pitfall. Smaller models exhibit
an approval-rate collapse under CoDiQ, gener-
ating candidates beyond the verifier’s assessed
reliability range.

* Efficacy of RL alignment. CoDiQ-Gen-8B mit-
igates this degradation pattern in our evaluation,
sustaining approval while scaling estimated diffi-
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Scaling Tendency: Difficulty Rank vs Token Used
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Figure 4: Difficulty scaling. Normalized DR-AVG
across 8 rounds.

culty.

5 CoDiQ-Corpus

To comprehensively assess the value of this corpus,
we conduct a multi-dimensional evaluation along
five axes: difficulty (§5.1), solvability (§5.2), diver-
sity (§5.3), domain-distribution fidelity (§5.4), and
training effectiveness (§5.5). The first four axes
characterize the corpus as a static artifact—how
hard, well-posed, broad, and aligned with the
domain composition of authentic competitions it
is—while the last axis measures whether these
properties translate into downstream reasoning
gains.

5.1 Difficulty

We sample 300 questions from CoDiQ-Corpus and
from each baseline (Ding et al., 2025; LI et al.,
2024; Hendrycks et al., 2021; Zhou et al., 2026a;
Jain et al., 2025; Pei et al., 2025; Li et al., 2022;
Zhao et al., 2025) and score them with the rank-
ing methodology in Section 4.1 together with hu-
man annotation. Under the shared five-dimensional
difficulty rubric documented in Appendix O, DR-
LLM achieves Pearson and Spearman correlations
of 0.985 and 0.964 with DR-Human, while DR-
VN reaches 0.893 and 0.697. The shared rubric
controls the meaning of difficulty, so these results
measure agreement with human judgements under
common criteria rather than unrestricted external
validity. In particular, DR-VN’s lower Spearman
correlation indicates that it is a complementary scal-
able proxy, not an equivalent substitute for DR-
Human or DR-LLM in fine-grained ordering.

To complement these proxies with an estimator-
free check, we additionally report the average
solver tokens that Qwen3-32B consumes per ques-

Scaling Tendency: Solvable Rate vs Token Used
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Figure 5: Verifier-approval scaling. Approval rate
across 8 rounds.

tion, motivated by recent evidence that solver-
token usage tracks problem difficulty and reasoning
depth (de Varda et al., 2025; Lee et al., 2025). The
positive token—difficulty relationship is visualized
in Figure 2 and qualified by the boundary condi-
tions in Section 4.2.2. As shown in Table 2, CoDiQ-
Corpus dominates every column (DR-LLM, DR-
VN, DR-Human and solver tokens), surpassing
both human-curated competition corpora and re-
cent synthetic baselines.

Table 2: Datasets Difficulty Comparison. The best, the
second-best and the third-best scores for each indicator
are shown in , bold and underlined, respectively.

Dataset Response Tokens T DR-LLM DR-VN DR-Human DR(AVG)

Baselines (Human-Curated)

APPS 12,122 39.1 44.8 38.8 40.9
LiveCodeBench 11,914 46.3 452 43.8 45.1
Code-Contests 14,981 56.7 43.7 54.0 51.5
AIME (1983-2024)* 14,197 59.0 46.6 58.0 54.5
Baselines (AI-Generated)
ScaleQuest-Math 5,592 15.0 30.5 72 17.6
NuminaMath-1.5 8,042 325 31.3 30.4 314
AutoCodeBench 10,013 439 49.5 30.0 41.1
ScaleDiff-Math 14,341 50.0 525 452 49.2
PromptCoT-2.0 16,817 64.8 68.3 68.4 67.2

CoDiQ-Corpus (Ours)

17,955

CoDiQ-Corpus

91.3

5.2 Solvability and Quality

We conduct three complementary assessments
whose populations and purposes differ. (1) Pipeline
classification evaluation. Three experts anno-
tate V=200 stratified candidates sampled from
both verifier-accepted and verifier-rejected sets
(Appendix O), with Fleiss’ £=0.76. Qwen3-
32B obtains 82.0% overall classification accuracy
(ACCQ), 87.8% true-negative rate (TNR) under our
label convention—equivalently, accuracy on ac-

3https://huggingface.co/datasets/gneubig/
aime-1983-2024
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cepted candidates and thus the relevant estimate of
retained-corpus accuracy—and 90% negative pre-
dictive value (NPV) on rejected candidates. Replac-
ing it with GPT-5.4 yields 73.0% pipeline ACC but
92.11% accepted-set TNR/corpus accuracy. The
lower overall ACC and higher accepted-set accu-
racy indicate a more conservative verifier that re-
jects more valid difficult questions while allowing
fewer invalid ones into the corpus. (2) Retained-
corpus quality audit. Independently, three experts
inspect 300 retained CoDiQ-Corpus questions for
information completeness, logical consistency, and
well-definedness, achieving Fleiss’ k=0.78 (Ap-
pendix M). This audit contains no rejected candi-
dates and is distinct from the pipeline classification
evaluation. (3) Automatic probe across datasets.
We run a Qwen3-32B solvability classifier on 300
questions sampled from each dataset; results appear
in Appendix J (Table 13). Because this probe is
model-based, it is treated as a scalable comparison
rather than ground truth.

False-positive analysis. Complete human rea-
soning identifies 14 candidates that were accepted
by the pipeline but judged invalid. Five (35.7%)
contain over-constrained or mutually contradictory
constraints, one (7.1%) has an intrinsically unsatis-
fiable mathematical structure, four (28.6%) contain
inconsistencies between examples and stated rules,
and four (28.6%) have ambiguous specifications
or ill-posed objectives. These errors often require
global constraint checking or complete derivations
to expose. Conversely, false negatives illustrate
the Verifier Paradox: valid questions beyond the
verifier’s reasoning horizon may be rejected.

5.3 Diversity

We quantify corpus diversity at the second-level
domain granularity (e.g., Algorithms — Dynamic
Programming) using the effective number of cat-
egories, defined as effN = exp(H), where H de-
notes the Shannon entropy of the multi-label do-
main distribution, with labels assigned by Qwen3-
32B following the prompt in Appendix T. Un-
der this formulation, CoDiQ-Corpus exhibits ex-
ceptional taxonomic breadth, achieving an effN
of 148.0. This represents a roughly threefold
improvement over the prevailing standard estab-
lished by recent mathematics and coding reason-
ing corpora. Comprehensive comparative statis-
tics—encompassing richness (uniq, top), even-
ness (Pielou even, Gini—-Simpson simp), and cover-

age (cov)—are deferred to Appendix H (Table 11).

5.4 Domain-Distribution Fidelity

Diversity alone does not establish that a synthetic
corpus preserves the domain composition of au-
thentic examinations: a corpus may cover many
categories while assigning them unrealistic frequen-
cies. We therefore evaluate domain-distribution
fidelity, a corpus-level property complementary to
taxonomic diversity.

Setup. We map every question to the same
multi-label, second-level taxonomy (e.g., Algo-
rithms — Dynamic Programming) and construct a
normalized probability vector from each dataset’s
domain-label frequencies. For datasets A and B
with vectors p and ¢, we measure alignment via
Jensen—Shannon divergence (JSD): JSD(p|lq) =
IKL(p|lm) + 3KL(g||m), where m = (p + q) /2.
JSD is symmetric, bounded in [0, log 2], and ro-
bust to mismatched supports; lower values indicate
closer domain-distribution alignment. It does not
measure phrasing or instance-level authenticity.

Results. The full JSD matrix between six
synthetic datasets and four human-curated cor-
pora (AIME, LiveCodeBench, APPS, and Code-
Contests) is shown in Figure 8 (Appendix I).
Among code-oriented synthetic datasets, CoDiQ-
Corpus attains the smallest JSD against APPS
and Code-Contests—roughly 2 x tighter than Au-
toCodeBench. Math-oriented synthetic datasets
(NuminaMath-1.5, ScaleDiff-Math, ScaleQuest-
Math) cluster near AIME and far from code cor-
pora, indicating that the metric captures domain
composition. Figure 6 visualizes the underlying
profiles: CoDiQ-Corpus broadens the long tail
without abandoning categories prominent in real
competition data.

Discussion. Domain-distribution fidelity counter-
balances unconstrained diversification: greater cat-
egory coverage need not imply a realistic category
profile. The JSD analysis supports the narrower
conclusion that CoDiQ-Corpus remains close to
the domain distributions of human-curated competi-
tions; it does not establish the absence of templated
phrasing or other generation artifacts.

5.5 Training Effectiveness Validation

“Due to the limited number of samples in this benchmark,
we report the average score across 24 runs.
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Figure 6: Second-level domain-distribution profiles. Authentic contest corpora (e.g., APPS, Code-Contests,
LiveCodeBench) exhibit peaked distributions; CoDiQ-Corpus preserves their dominant categories while broadening

the long tail.

Table 3: Curriculum Learning Model Performance
Comparison. The best, the second-best and the third-
best scores for each indicator are shown in , bold
and underlined, respectively.

Model MATH-500 AIME 2024 MBPP LiveCodeBench v5
Base Models
Qwen3-4B 94.4 63.1 66.4 53.6
Qwen3-8B 96.2 70.0 69.2 56.9
Baselines
Qwen3-RL-4B 95.2 64.3 66.4 52.0
Qwen3-ScaleQuest-4B 95.8 63.1 66.8 515
Qwen3-ScaleDiff-4B 96.0 66.1 65.2 54.0
Qwen3-PromptCoT2-4B 94.8 70.0 67.0 53.6
Qwen3-RL-8B 96.4 68.3 68.0 57.0
Qwen3-ScaleQuest-8B 96.6 69.4 68.6 56.0
Qwen3-ScaleDiff-8B 96.8 71.0 69.8 57.0
Qwen3-PromptCoT2-8B 96.2 71.5 69.2 57.6
Curriculum Learning Models (Ours)
CoDiQ-L1-4B 96.0 65.0 65.2 532
CoDiQ-L2-4B 94.8 66.7 66.6 54.8
CoDiQ-L3-4B 96.0 70.6 67.6 542
CoDiQ-L1-8B 95.4 714 68.8 572
CoDiQ-L2-8B 96.6 69.7 69.6 572
CoDiQ-L3-8B

Reinforcement Learning Validation via Curricu-
lum. A distinct advantage of CoDiQ is its inher-
ent controllability: by modulating the generation
budget, the pipeline naturally yields question se-
quences of progressive complexity. This directly
facilitates a curriculum learning strategy (Bengio
et al., 2009) that tightly synchronizes with the
model’s evolving capabilities during post-training.
We operationalize this via a multi-stage Reinforce-
ment Learning paradigm, sequentially training
models across data strata of escalating difficulty (re-
ward formulations detailed in Appendix N). When
evaluated against the base model, standard RL ap-

plied to un-stratified data, and baselines trained on
equivalently sized subsets sampled from contempo-
rary synthetic corpora (Zhao et al., 2025; Pei et al.,
2025; Ding et al., 2025), our curriculum-aligned
models consistently establish superior performance
across premier mathematical reasoning and com-
petitive programming benchmarks (Table 3).

When does each difficulty level help? The
L1—L3 stratification reveals that the optimal train-
ing stage is benchmark-dependent. Simpler bench-
marks (e.g., MBPP, MATH-500) saturate their per-
formance gains at low-to-mid stages, whereas fron-
tier evaluations (AIME 2024, LiveCodeBench v5)
critically depend on L3 data. This aligns with the
principle that training difficulty should match or
modestly exceed the target distribution—a trade-
off CoDiQ makes explicitly controllable rather than
incidental.

6 Conclusion

We presented CoDiQ, a framework for synthesizing
verifier-approved, high-difficulty reasoning prob-
lems at scale. By addressing the generator capac-
ity ceiling through test-time scaling and screening
“fake hard” instances with difficulty and solvability
estimators, we trained the CoDiQ-Generator us-
ing reinforcement learning. The resulting CoDiQ-
Corpus supports budget-driven difficulty strati-
fication and yields consistent downstream gains
through curriculum learning. We open-source our
pipeline to support further research.
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Limitations

Our scope is currently restricted to English math-
ematical reasoning and competitive programming,
and iterative generation and verification limit real-
time use. Extending CoDiQ to reading compre-
hension or multimodal reasoning would require
source-grounded enhancement strategies and veri-
fiers that assess both reasoning difficulty and con-
sistency with external text or visual evidence; the
present modules should not be assumed to transfer
without adaptation. Human-centric signals such as
solving time, failure rates, and solution strategies
could further calibrate the difficulty estimator and
direct scaling toward reasoning steps that challenge
people rather than models alone.

Long-CoT validation primarily uses the Qwen3
family. Our pipeline classification study covers 200
stratified accepted and rejected candidates, while
the separate retained-corpus audit covers 300 ques-
tions (Appendix O). Neither makes the LLM veri-
fier an oracle. The token—difficulty relation holds
only under a fixed scaling protocol and an evaluator
within its competence range. Beyond these con-
ditions, false negatives create a Verifier Paradox:
valid problems exceeding the verifier’s reasoning
horizon may be discarded. False positives also re-
main: our analysis finds 14 accepted candidates
that human reasoning judged invalid, primarily
because of latent contradictions, example—rule in-
consistencies, or ambiguity. Solution-conditioned,
constraint-aware, or iterative-critique verification
is therefore an important direction for improving
corpus quality.

Ethical Considerations

CoDiQ can reduce the cost of constructing chal-
lenging reasoning data and support research on
mathematical and programming education. Its out-
puts remain model-generated and verifier-approved
rather than guaranteed correct: residual contradic-
tions or ambiguous specifications may propagate
errors if questions are deployed without expert re-
view. Automatically generated competition ques-
tions could also be misused by students to evade
assignment rules or overwhelm educational assess-
ment workflows. We therefore recommend disclos-
ing synthetic provenance, retaining human review
for consequential educational use, and applying pla-
giarism and quality-control policies appropriate to
the deployment context. More broadly, automated
training loops should monitor generation bias and

verifier errors rather than treating synthetic data as
ground truth.
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A CoDiQ-Bench

To systematically evaluate the question-generation
capability of LRMs, we construct CoDiQ-Bench,
a curated 200-case set (Table 4). For coding tasks,
we randomly sample 50 cases each from CodeAl-
paca_20K (general programming) and LeetCode-
Dataset (algorithmic challenges). For mathematical
reasoning, we sample 50 cases each from GSM8K
and MATH12K. We intentionally start from simple
seeds so the evaluated metric reflects the genera-
tor’s ability to scale difficulty rather than the seed’s
intrinsic hardness; selection criteria regarding solv-
ability and quality are detailed in Appendix F.

Table 4: Dataset statistics of CoDiQ-Bench.

Statistics Number
#Questions 200
- math 100
- code 100
Question Tokens Length
- max/min/avg 726/9/128.2

B Unfiltered Difficulty Generation

This ablation removes the solvability verifier from
the CoDiQ Pipeline, exposing the empirical unfil-
tered difficulty ceiling reached by each backbone
when verifier-based validity screening is removed.
The CoDiQ Prompt elevates this measured ceil-
ing for every Qwen3 backbone, and CoDiQ-Gen-
8B—at fewer parameters—exceeds Qwen3-14B,
indicating that RL alignment elicits structures as-
signed higher difficulty by our estimators than scale
alone does.

Table 5: Unfiltered difficulty generation on CoDiQ-
Bench (no solvability verifier, 8 rounds). Best, sec-

ond, and third in each column are marked , bold,
underlined.

Model Rounds  Tokens DR-LLM DR-VN DR(AVG)

Direct Prompt

Qwen3-8B 2439.7 335 39.1 36.3

Qwen3-14B 5.6 4927.4 45.6 55.6 50.6

Qwen3-32B 5.7 4124.9 653 415 56.4
CoDiQ Prompt (ours)

Qwen3-8B 58 72822 535 533 534

Qwen3-14B 5.6 9590.2 58.6 63.1 60.9

Qwen3-32B 57 9762.4 65.0

CoDiQ Generator (ours)

12591.6 52.6 72.2 62.4

CoDiQ-Gen-8B 5.9

C CoDiQ Pipeline: Case Study

We demonstrate the CoDiQ pipeline through a com-
plete workflow from an initial easy problem to iter-
ative difficulty escalation, illustrating both success-
ful upgrades and failure modes. Each generated
problem undergoes solvability verification (Ap-
pendix Q) and difficulty assessment (Appendix P).

C.1 Initial Problem

Problem Statement: Count subsequences with
an odd sum from array nums, returning the result
modulo 10 + 7.

Example: For nums = [1,1,1], the
answer is 4 (subsequences from positions:
{0}, {1},{2},{0, 1,2}, all with odd sums).

Solution: Simple DP tracking sum parity in
O(n) time.

C.2 Round 1: Controlled Escalation
C.2.1 Upgraded Problem

Count non-empty subsequences satisfying three
simultaneous conditions:

1. Sum is odd
2. Length is even
3. Sum mod3 =1

Difficulty Enhancement: The upgrade intro-
duces multi-dimensional state tracking, expand-
ing the DP state space from 2 (sum parity) to
2 x 2 x 3 = 12 states (sum parity, length parity,
sum mod 3).

C.2.2 Verification
* Solvability Score: 0.90

* Time Complexity: O(12n) ~ 1.2 x 10° op-
erations for n = 10° (feasible)

* Solution Density: ~ 8% of subsequences
satisfy all conditions (non-trivial)

* Solvability:
* Difficulty:

C.3 Round 2: Further Escalation

C.3.1 Upgraded Problem
Count subsequences satisfying five conditions:

1. Sum is odd

2. Length is even
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3. Sum mod3 =1
4. Sum modb = 2
5. Length mod4 = 2

Mathematical Simplification: By the Chinese
Remainder Theorem (CRT), conditions 1, 3, and 4
can be unified:

sum=1 (mod 2)
sum=1 (mod3) == sum=7 (mod 30)
sum =2 (mod 5)

The effective state space becomes 30 x 4 = 120
states.

C.3.2 Verification
¢ Solvability Score: 0.85

+ Time Complexity: O(120n) ~ 1.2 x 107
operations for n = 10° (acceptable)

* Solution Density: ~ 0.83% (still non-trivial)

Solvability:

Difficulty:

C.4 Round 3: Over-Escalation Failure

C.4.1 Upgraded Problem

Count subsequences satisfying six conditions:
1. Sum is odd
2. Sum mod3 =1
3. Sum modb = 2
4. Sum mod7 =4
5. Sum mod11 = 6

6. Length mod =
length)

2 (which ensures even

By CRT, conditions 1-5 unify to sum = ¢
(mod 2310) for some constant ¢, yielding a state
space of 2310 x 8 = 18,480 states.

C.4.2 Verification
* Solvability Score: 0.65

¢ Solvability: FAIL

* Difficulty:

Failure Analysis:
ity

1. Computational Infeasibil-

» Time complexity: O(18,480n) ~ 1.8 x 10°
operations for n = 10°

* Exceeds practical competitive programming
limits (typically ~ 108-10? operations within
time constraints)

2. Solution Space Collapse (Critical Issue)

* While constraints are mathematically consis-
tent via CRT, they create an extremely sparse
solution space

Probability that a random subsequence satis-

fies all conditions: ~ xi=_1

1
2310 8 18,480

* Expected number of valid subsequences:
271
18,480

« Forn < 14: {2000 ~ 0.89 < 1

* Practical impact: For typical inputs with
small to moderate n, the answer is almost al-
ways 0, making the problem vacuously trivial

Pipeline Termination: The pipeline terminates
at Round 3, discarding ()3 and outputting
{Qo,Q1,Q2}. Although the added constraints ap-
pear to increase complexity, they collapse through
the Chinese Remainder Theorem and make valid
solutions extremely sparse, so the candidate does
not provide a meaningful difficulty increase. This
case illustrates how pipeline screening can reject
a superficially complicated but low-quality evolu-
tion; it does not constitute a formal proof that the
candidate is mathematically unsolvable.

D CoDiQ Pipeline: Failure Type Analysis

To systematically understand the failure modes of
the CoDiQ pipeline, we conduct a comprehensive
clustering analysis on the collected failure reasons.
Our analysis follows a three-stage hierarchical ap-
proach: initial K-means clustering, keyword extrac-
tion, and hierarchical merging with manual refine-
ment.

D.1 Clustering Methodology

Stage 1: K-means Pre-clustering. We first ap-
ply K-means clustering to the failure reason de-
scriptions to obtain an initial partitioning of the
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data. This pre-clustering step reduces computa-
tional complexity and provides a coarse-grained
grouping of similar failure patterns.

Stage 2: Keyword Extraction. For each clus-
ter obtained from K-means, we extract represen-
tative keywords using TF-IDF weighting. These
keywords serve as semantic signatures that char-
acterize the dominant failure patterns within each
cluster, facilitating interpretability and subsequent
hierarchical analysis.

Stage 3: Hierarchical Clustering and Man-
ual Refinement. We then perform hierarchical
clustering on the cluster centroids, leveraging the
extracted keywords to compute semantic similarity.
Finally, we manually merge related clusters and
consolidate small clusters (containing fewer than a
predefined threshold of samples) with their seman-
tically nearest neighbors. This hybrid approach
balances computational efficiency with semantic
coherence.

D.2 Failure Category Distribution

Table 6 categorizes the identified failure modes.
The analysis reveals two dominant distinct fail-
ure dynamics: validity breaches (Unsolvable) and
complexity degradation (Difficulty Decreased).

Unsolvable Scenarios. The majority of pipeline
failures stem from fundamental deficits in problem
formulation. Specifically, Definition & Informa-
tion Missing combined with Constraints & Logic
Confflicts collectively account for the lion’s share
of unsolvable cases. This indicates that the pri-
mary challenge lies not in parsing or formatting
(which constitute a negligible fraction), but in the
model’s capacity to maintain semantic consistency
and logical completeness during generation.

Difficulty Preservation. A critical observation is
the prevalence of the Difficulty Decreased category
(N = 12,916). In these instances, the generated
problems remain solvable but fail to meet the in-
tended cognitive demand. The high frequency of
Constraint Simplification and Numerical Range Re-
duction suggests a model tendency towards "safe"
or simplified generative paths, inadvertently prun-
ing the solution space or removing key logical hur-
dles required for high-quality mathematical reason-
ing.

Table 6: Distribution of Failure Cases in CoDiQ Pipeline

Failure Type Failure Subtype Count
Unsolvable Definition & Information Missing 8,630
Constraints & Logic Conflicts 8,142
Computationally Infeasible 1,948
Implementation Details Missing 1,926
No Suitable Algorithm/Structure 1,285
Overly Complex 1,104
Requires Specific Capability 726
Parsing & Rule Ambiguity 611
Number-Theoretic Constraints 566
Other 1,184
Difficulty Decreased Constraint Simplification 3,245
Numerical Range Reduction 2,890
Key Condition Removal 2,654
Solution Space Narrowing 1,987
Structural Simplification 1,456
Other 684

E ValueNetwork Training Detail

E.1 Dataset split

We compiled a labeled dataset by selecting samples
from standard benchmarks (Cobbe et al., 2021; Xia
et al., 2025) for the Easy class and competition-
level datasets (LI et al., 2024; Hendrycks et al.,
2021) for the Hard class. We maintained an easy-
to-hard ratio of 2:3 to prioritize the identification
of challenging samples. We partition the compiled
dataset into an 85:15 train-test split to ensure robust
evaluation.

E.2 Training Data
E.2.1 Input Features

For training data, we employ QWEN3-8B (in non-
thinking mode) to capture generation dynamics.
We define a sampling window from the last token of
the question extending to min(4096, L, ) generated
tokens.

Within this window, we apply a quadratic sam-
pling strategy to select K hidden states (K = 10
for windows > 1024, else K = 8) at positions:

. 2
(3
= ||W]- i =0,1,...
Di \‘ ‘ (K_1>J7 ? 077

E.2.2 Output Labels

This strategy allocates higher sampling density to
the onset of generation, capturing critical informa-
tion for establishing the reasoning path. To mitigate
stochasticity, scores are averaged over 5 indepen-
dent passes.
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Table 7: Hyperparameter settings.

HYPERPARAMETER VALUE
INPUT DIM (dir,) 4096
HIDDEN DIM 512
BATCH SIZE 512
LEARNING RATE 1x107*
WEIGHT DECAY 1x 1072
DROPOUT 0.3
OPTIMIZER ADAMW
SCHEDULER STEPLR (v = 0.8)
MAX EPOCHS 30

SPLIT 85% / 15%

Table 8: Performance on held-out test set.

METRIC VALUE METRIC VALUE
ACCURACY 72.52%  PRECISION 54.21%
RECALL 95.62% F1 SCORE  69.20%
ROC-AUC 84.84% PR-AUC 65.77%

For each question, we generate a response using
QWEN3-8B and assign a binary label y € {0,1}
based on the final answer’s correctness. The input
features x are extracted via the quadratic sampling
strategy (Eq. 3) applied to the first 4096 tokens.

E.3 Network Architecture

The Value Network is implemented as a lightweight
Multi-Layer Perceptron (MLP) designed to project
high-dimensional hidden states (d;;, = 4096) to a
scalar correctness score. The architecture consists
of an initial projection layer, Layer Normalization,
GELU activation, and a final regression head.

This setup allows the network to minimize the
discrepancy with the correctness label y via a
weighted binary cross-entropy objective, effec-
tively estimating the likelihood of a successful gen-
eration solely from the reasoning dynamics cap-
tured in the early stages.

E.4 Training Configuration

The model is trained using the AdamW optimizer
with a step learning rate scheduler. To address
class imbalance, we apply a positive class weight
in the loss function, dynamically calculated as the
ratio of negative to positive samples. Complete
hyperparameter settings are listed in Table 7.

E.5 Performance Evaluation

We evaluate the trained Value Network on the held-
out test set (15% split). As shown in Table 8, the
model achieves an ROC-AUC of 84.84 %, demon-

strating robust discriminative power in distinguish-
ing correct reasoning paths from incorrect ones
despite the challenging nature of the dataset.

It is worth noting that our training strategy priori-
tizes identifying all potential correct answers. This
is reflected in the high Recall of 95.62 %, which
ensures that the Value Network successfully pre-
serves valid reasoning paths. While this focus on
coverage results in a moderate Precision (54.21%)
due to the trade-off inherent in class-weighted train-
ing, the high ROC-AUC indicates that the predicted
scores effectively rank correct generations higher,
making the model reliable for difficulty estimation
and filtering.

F CoDiQ-Bench Selection Criteria

We establish three primary criteria for selecting
reliable benchmark questions:

Solvability: We screen each problem for well-
definedness and the existence of at least one valid
solution.

Difficulty Level: We assess whether the diffi-
culty level is appropriate for the intended evalua-
tion purpose, maintaining a balanced distribution
across different complexity levels.

Quality Assessment: We check selected prob-
lems for clarity, correctness, and relevance.

G Statistics of CoDiQ-Corpus

1.8 2.0 22
33

4.6

19.6

mmm CodeAlpaca20K
Math12K
GSMS8K

LeetCodeDataset
ASDiv
DS-1000

MBPP
SVAMP

Figure 7: Distribution of CoDiQ-Corpus Dataset.

We employ CoDiQ-Gen-8B following the
CoDiQ Pipeline (Section 3.3) to transform eight di-
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Table 9: Dataset statistics of CoDiQ-Corpus.

Dataset Question Tokens Length AVG Round Category Sequences
Minimum Maximum Average

Math12K 38 7,829 995.4 4.7 Math 11,764
GSMSK (Cobbe et al., 2021) 52 6,896 1,093.7 4.5 Math 8,685
SVAMP (Patel et al., 2021) 172 3,992 971.3 33 Math 804
ASDiv (Miao et al., 2020) 55 4,703 1,013.1 4.7 Math 1,480
CodeAlpaca20K (Chaudhary, 2023) 70 7,174 1,106.1 3.8 Code 17,845
LeetCodeDataset (Xia et al., 2025) 254 4,365 1,281.0 3.8 Code 2,027
MBPP (Austin et al., 2021) 52 3,440 1,000.4 34 Code 876
DS-1000 (Lai et al., 2023) 192 4,138 1,240.7 32 Code 972
Total 38 7,829 1,073.0 4.2 - 44,453

verse mathematical and programming datasets into
the more challenging CoDiQ-Corpus, which com-
prises approximately 44,453 question sequences
with progressive difficulty from easy to hard. The
detailed distribution is presented in Table 9.

Second-level domain composition. To character-
ize CoDiQ-Corpus’s long-tail domain composition,
we report the top-20 second-level domains in Ta-
ble 10. The corpus covers more than 600 distinct
sub-categories, with prominent categories includ-
ing Number Theory — Elementary Number Theory,
Algorithms — Mathematical Algorithms, and Algo-
rithms — Dynamic Programming. Their frequency
profile contributes to the low JSD against APPS
and Code-Contests reported in Section 5.4; this
analysis concerns domain distributions rather than
phrasing or template reuse.

Table 10: Top-20 second-level domains in CoDiQ-
Corpus.

H Detailed Diversity Statistics

To complement the single-scalar effN reported in
Section 5.3, we report a full panel of diversity statis-
tics in Table 11, computed at the second-level do-
main granularity over 300 sampled questions per
dataset. Column definitions are summarized in Ta-
ble 12.

I Domain-Distribution Fidelity to
Human-Curated Corpora

This appendix complements Section 5.4 with the
full Jensen—Shannon divergence (JSD) matrix be-
tween synthetic and human-curated competition
datasets at the second-level domain granularity.

JS divergence (Ivi2 domain) — synthetic vs real

CoDiQ-Corpus (ours)

AutoCodeBench

NuminaMath-1.5

PromptCoT-2.0

Synthetic dataset

2 ach
* W ecodeae

PP de‘Co(\\eE‘s
0f

Real dataset

Figure 8: Second-level domain-distribution align-
ment (JSD) between synthetic and human-curated
datasets. Lower values indicate more similar category-
frequency distributions. CoDiQ-Corpus is most closely
aligned with the evaluated programming benchmarks
among the synthetic corpora.

J Automatic Solvability Probe Across

To complement the human study (Section 5.2) with

Top-level Sub-category Count ScaleDiff-Math
Number Theory Elementary Number Theory 19,826 ScaleQuest-Math
Algorithms Mathematical Algorithms 15,433

Algorithms Dynamic Programming 14,040 I
Algebra Intermediate Algebra 10,798 .
Algorithms Data Structures 9,999

Computer Science  Algorithms 4,765

Mathematics Number Theory 4,319

Algorithms Greedy Algorithms 3,417

Mathematics Algebra 3,054

Algorithms Graph Theory 2,565

Algorithms String Algorithms 2,417

Combinatorics Enumerative Combinatorics 2,392

Geometry Euclidean Geometry 1,754

Algebra Linear Algebra 1,503

Algorithms Sorting and Searching 1,454

Algorithms Lazy Propagation 1,366

Algorithms Advanced Data Structures 1,321 Datasets
Mathematics Combinatorics 1,158

Mathematics Calculus 1,135

Geometry Computational Geometry 1,122

a fully automated, dataset-level signal, we run a
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Table 11: Full diversity statistics at the second-level domain granularity (V=300 questions per dataset). The
best, second-best and third-best scores for each indicator are shown in , bold and underlined, respectively.

Dataset N labels lab/s uniq top H effN simp even cov

Baselines (Human-Curated)

APPS 300 651 2.17 143 11 3.667 39.1 0932  0.739 0477
LiveCodeBench 300 643 2.14 141 11 3.503 332 0920 0.708 0470
Code-Contests 300 695 232 176 13 3.846 46.8 0942 0.744  0.587

AIME (1983-2024) 300 598 1.99 74 12 3.354 28.6  0.945 0.779  0.247
Baselines (AI-Generated)

ScaleQuest-Math 300 428 143 121 15 3812 452 0952 0795  0.403
NuminaMath-1.5 300 495 165 114 15 3.877 483 0962 0819 0.380
AutoCodeBench 300 800  2.67 [368 15.032] [153.2] [0.980] [0.852] [1.227]

ScaleDiff-Math 300 574 191 116 16 3741 421 0954 0787  0.387
PromptCoT-2.0 300 658 219 115 16 3821 457 0962 0.805  0.383
CoDiQ-Corpus (Ours)

CoDiQ-Corpus 300 360 15 4997 1480 0979 0.849  1.200

Table 12: Definition and interpretation of each diversity column.

Column Meaning Formula / range Interpretation

dataset Dataset name (display alias) — Row identifier

N Number of sampled questions Fixed at 300 Denominator baseline; uniq is
not directly comparable across
different NV

labels Total label occurrences (multi- >, [labels(g;)| Annotation density, not category

label, with duplicates) count

lab/s Average labels per sample labels/N Multi-label width: 1.43=mostly
single-label, 2.99=most > 3 la-
bels

uniq Unique full domain paths | set(full paths) | Fine-grained richness; higher is
broader

top Unique top-level categories | set(first segment) | Coarse-grained richness; offsets
leaf-level sparsification

H Shannon entropy (full paths) — " p; log pi, nats, € [0, log uniq] Higher is more dispersed; not

directly comparable across dif-
ferent uniq

effN Effective number of categories  exp(H ), € [1, uniq] Equivalent uniform-distribution
category count; the most intu-
itive cross-dataset summary

simp Gini—Simpson index 1-3p%€[0,1] Probability that two random la-
bels differ; higher is more di-
verse

even Pielou evenness H/log unig, € [0,1] Normalized evenness; values <
0.7 indicate dominant head cat-
egories

cov Coverage uniq/N (> 1 possible under multi-label)  New categories per sample; >
1 means the catalog is not yet
saturated
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Qwen3-32B solvability classifier (prompt in Ap-
pendix Q) on 300 questions sampled from each
dataset. Results are summarized in Table 13.

Table 13: Automatic solvability rate via a Qwen3-32B
classifier on 300 sampled questions per dataset. CoDiQ-
Corpus candidates are screened at every generation
round (Section 3.3.2); other synthetic baselines span
a wide range.

Dataset Solvability (%)

Synthetic baselines

ScaleQuest-Math 68.0
PromptCoT-2.0 82.7
ScaleDiff-Math 85.7
NuminaMath-1.5 90.3
AutoCodeBench 98.3

Ours (verifier-approved end-to-end)

CoDiQ-Corpus

verifier-approved

K Solver-Token Scaling on Natural
Problems

To test whether the token—difficulty relation dis-
cussed in Section 4.2.2 extends beyond our
pipeline, we measure average Qwen3-32B solver
tokens on MATH-500, whose difficulty levels
were assigned by human annotators prior to any
LLM. As shown in Table 14, the average solver-
token cost grows monotonically with the human-
defined difficulty level, exhibiting more than a 13 x
gap between Level 1 and Level 5. This provides ex-
ternal evidence that solver-token consumption can
serve as a complementary proxy for difficulty on
naturally occurring problems under the boundary
conditions stated in the main text.

Table 14: Average Qwen3-32B solver tokens per ques-
tion on MATH-500, grouped by human-assigned diffi-
culty level.

Difficulty Level Avg. Solver Tokens
Level 1 337
Level 2 460
Level 3 522
Level 4 1,409
Level 5 4,705

L Scaling Tendency Analysis Details

This section presents the complete scaling tendency
analysis with all evaluated models. Figure 9 shows
the full results of estimated-difficulty and verifier-
approval scaling across 8 generation rounds for all
Long-CoT models under both Direct Prompt and
CoDiQ Prompt settings.

The complete results reveal two empirical pat-
terns: (1) increased reasoning computation corre-
lates with higher estimated problem difficulty, and
(2) a trade-off exists between estimated difficulty
and verifier approval, with larger models maintain-
ing a better balance between the two metrics.

M CoDiQ-Corpus Quality Criteria

We independently audit the quality of the retained
CoDiQ-Corpus. Three PhD-level domain experts
evaluate 300 randomly sampled retained questions
following the standardized criteria below. This
audit contains no verifier-rejected candidates and
is distinct from the N=200 pipeline classification
evaluation in Appendix O.

M.1 Information Completeness

* Sufficient Parameters: All necessary numer-
ical values, variables, and constraints are ex-
plicitly provided.

* Clear Objectives: The problem goal is unam-
biguous and well-defined.

* Complete Context: No truncation or missing
problem statements.
M.2 Logical Consistency
* Non-contradictory Conditions: All given

constraints are mutually consistent.

* Valid Premises: For logical problems,
premises are sufficient to support conclusions.

* Feasible Solutions: The problem admits at
least one valid solution path.

M.3 Problem Well-definedness

* Determinable Answer: The answer can be
uniquely determined or bounded within a rea-
sonable range.

* Appropriate Scope: The problem complexity
matches its stated domain and difficulty level.

* Standard Formulation: Follows conven-
tional mathematical or logical notation.
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Figure 9: Complete Scaling Analysis on CoDiQ-Bench. Normalized average estimated-difficulty ranking (top
row) and verifier-approval rate (bottom row) of questions generated by all evaluated Long-CoT models across 8
rounds, using Direct Prompt (left) and CoDiQQ Prompt (right). Higher rankings indicate higher estimated question
difficulty; higher rates indicate more candidates approved by the verifier.

M.4 Evaluation Protocol

Each expert independently assigns a binary quality
label (valid/invalid) with a confidence score after
checking all three dimensions. A retained question
is marked as valid when at least two experts agree;
disagreements are then adjudicated through dis-
cussion. Inter-annotator agreement reaches Fleiss’
k=0.78, indicating substantial consensus.

N Curriculum learning Detail

N.1 Training Data Selection for Curriculum
Learning

To validate the effectiveness of CoDiQ-Corpus for
curriculum learning, we carefully select question
sequences with progressive difficulty structures.
Specifically, we sample 480 question sequences
from CoDiQ-Corpus where each sequence length
|S| > 3, forming the curriculum learning dataset:

Dcurriculum - {Sn }?18:017 |Sn| Z 3 (4)

We construct three training stages with in-
creasing complexity for each sequence S,, =

{ag, 4V 4%, - -

14l 11} with progressive diffi-
culty:

* Level 1 (L1): Contains all initial questions ¢g
from each sequence, representing the starting
point of each difficulty progression.

* Level 2 (L2): Randomly samples one
question intermediate  positions
{q?,qé‘,...,q‘“sn|_2} for each sequence,
capturing mid-stage complexity.

from

* Level 3 (LL3): Contains all final questions
qﬁ%l—l from each sequence, representing the
highest difficulty level within each progres-
sion.

Formally, the data selection strategy is defined
as:

Ly = {qg ‘ Sn S Dcurricu]um} (5)
£2 = {random({g;'};23'") | Sn € Daamcuim} ~ (6)
£3 = {qﬁgn‘_l | Sn € Dcurriculum} (7)
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This design ensures a clear difficulty pro-
gression: Difficulty(£;) < Difficulty(L2) <
Difficulty(L3). The sample distribution across lev-
els follows the ratio |£q] : [La| : |L3] =2:2: 1,
achieved by duplicating £; and L, during training
to balance exposure to different difficulty levels.
This ratio is designed to provide sufficient foun-
dational learning before progressing to more chal-
lenging problems, following curriculum learning
principles (Bengio et al., 2009).

For the baseline model Qwen3-RL-4B, we use
the original untransformed datasets (before apply-
ing the CoDiQ Pipeline) as training data, maintain-
ing the same total number of training samples to
ensure fair comparison. This allows us to isolate
the impact of progressive difficulty transformation
on model performance.

Training Schedule: Models are trained sequen-
tially through three stages:

1. CoDiQ-L;-4B: Trained on £ (starting level)

2. CoDiQ-L,-4B: Initialized from CoDiQ-L;-
4B, further trained on £, (intermediate level)

3. CoDiQ-L3-4B: Initialized from CoDiQ-Lo-
4B, further trained on L3 (advanced level)

N.2 Reward Signal Design

We design a multi-dimensional reward function to
evaluate answer quality by prompting Qwen3-32B
as an expert evaluator. The reward signal r € [0, 1]
is computed based on four key dimensions:
Evaluation Dimensions:

* Problem Resolution (s,): Measures how
completely the answer addresses all aspects
of the question (0.0-1.0).

* Reasoning Correctness (s..): Evaluates the
correctness and coherence of the reasoning
process (0.0-1.0).

¢ Information Completeness (sj.): Assesses
whether all necessary information, steps, and
explanations are included (0.0-1.0).

e Accuracy (sacc): Measures factual correct-
ness, calculation accuracy, and conceptual
clarity (0.0-1.0).

The reward function aggregates these dimen-
sions with carefully tuned weights optimized for
high-difficulty mathematical reasoning tasks:

T = Wpr * Spr + Wre * Sre + Wic * Sic + Wace * Sace (8)

where the default weights are set as:

wpr = 0.20,  wre = 0.35, wic = 0.25,  Waee = 0.20

®

This configuration emphasizes reasoning quality
(35%) and information completeness (25%), which
are critical for complex problem-solving. The eval-
uation prompt instructs Qwen3-32B to assess each
dimension independently using continuous scores
and return results in JSON format. Special han-
dling is applied for edge cases, such as correctly
identifying unsolvable problems, which receives
high problem resolution scores (0.8-1.0) despite
not providing a numerical solution.

To ensure evaluation quality, we implement auto-
matic validation of the returned scores, retry mech-
anisms (up to 3 attempts), and text truncation to
handle long inputs (max 4096 tokens for questions,
16384 tokens for answers). The confidence score
returned by the evaluator helps identify uncertain
assessments for potential manual review.

O Annotator Recruitment and
Compensation

This section outlines the protocols for participant
recruitment, compensation, and the qualification
requirements for the human evaluation conducted
in this study.

Recruitment. Three PhD students in quantitative
disciplines were recruited on-campus through in-
ternal calls. All passed a short calibration exercise
on a held-out set.

Pipeline classification evaluation. The anno-
tators independently assessed N=200 stratified
candidates drawn from both verifier-accepted
and verifier-rejected sets. They inspected infor-
mation completeness, logical consistency, and
well-definedness before assigning valid/invalid la-
bels. Majority vote produced the reference label,
with disagreements adjudicated through discus-
sion. Fleiss’ k=0.76. This evaluation measures
pipeline ACC, accepted-set TNR/corpus accuracy,
and rejected-set NPV; it is not the retained-corpus
quality audit described in Appendix M.

DR-Human difficulty evaluation. For the
dataset-level difficulty comparison in Section 5.1,
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the three annotators independently ranked ques-
tions listwise using the same five dimensions as
the LLM ranker: knowledge complexity, cognitive
load, computational complexity, hidden traps, and
required integration skills. Questions judged sim-
ilarly difficult could share a group. For each of
the 300 samples, we compute Kendall’s W among
annotators A, B, and C, obtaining a mean W of
0.7745; the statistic is defined for all 300 samples.
Disagreements are then resolved through discus-
sion to form the consensus reference ranking; its
ordered groups are normalized to [0, 100] using
the same rank normalization as Eq. (1) to obtain
the final DR-Human scores. As a descriptive com-
parison with this adjudicated reference, the mean
Kendall’s 73, values are 0.8763, 0.8331, and 0.6725
for annotators A, B, and C, respectively, each com-
puted over all 300 samples. Because the reference
is formed by adjudicating these annotations rather
than collected independently, these 73, values char-
acterize alignment with the final consensus and are
not independent validation statistics. Using a com-
mon rubric ensures that the reported correlations
measure agreement under a controlled definition of
difficulty rather than unrestricted external validity.

Retained-corpus quality audit. Separately, the
annotators evaluated 300 sampled questions from
the final retained corpus under the criteria in Ap-
pendix M. This audit contains no rejected candi-
dates and obtains Fleiss’ k=0.78.

Compensation. Each annotator received a flat
honorarium of USD 50 via the host institution’s
standard participant-payment process, in line with
local rates for graduate-student research participa-
tion. Payment was unconditional on annotation
content; participants could withdraw at any time.

Anonymity and consent. No demographic at-
tributes or identifiers linkable to individual anno-
tations are retained. Only the minimum informa-
tion required for honorarium disbursement was col-
lected and deleted after payment. Informed consent
was obtained prior to participation.
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P Instruction for LLMs Ranking

You are an expert in assessing question difficulty. Evaluate questions based on:
1. Knowledge Complexity: Number and depth of concepts required
2. Cognitive Load: Reasoning levels and abstract thinking needed
3. Computational Complexity: Steps and calculations involved
4. Traps and Common Mistakes: Hidden pitfalls in the question
5. Integration Skills: Cross-domain knowledge application required

Your task is to group questions by difficulty level and sort groups from easiest to hardest.

Important: Questions with the SAME difficulty level should be grouped together.

Analyze each question carefully and return them grouped by difficulty level.

Output format requirements:
* Return ONLY a valid JSON object with TWO fields in this order:

* "reason'': A list of supporting analyses, ordered from easiest to hardest; each entry explains

the common difficulty characteristics of one proposed group

* "result': The final ranking as a list of lists, each containing question indices of the SAME

difficulty level and ordered from easiest to hardest

* The length of "reason" and "result" arrays MUST be identical, with reason[i] supporting
result[i]

* Use 0-based indexing matching the input order

Example output format:

{
"reason”: [
"Both require only basic arithmetic operations with single-step reasoning
"Multi-step algebraic manipulation with intermediate concepts”,
"Complex integration of advanced concepts and non-obvious strategies”
:lv
"result”: [[1, 31, [e]l, [2, 4]]
3
This means:

* Questions 1 and 3 are easiest (Group 0) - they both involve only basic arithmetic and single-

step reasoning
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* Question 0 is medium difficulty (Group 1) - it requires multi-step algebraic manipulation with

intermediate concepts

* Questions 2 and 4 are hardest (Group 2) - they both demand complex integration of advanced

concepts and non-obvious strategies
Important:

* Each reasoning string should explain the COMMON difficulty characteristics that unite all

questions in the corresponding group
* Ensure reason[i] corresponds to result[i] for all groups

Please group the following questions by difficulty level and sort groups from easiest to hardest:

{questions}

Return the result as a JSON object with format:
{

"reason”: ["analysis for group 0", "analysis for group 1", ...],
"result”: [[indices of easiest groupl], [indices of next groupl, ...]

Q Instructions for Solvability Check

You are an expert in analyzing mathematical and logical problems. Your task is to determine

whether a given question is solvable.
A question is considered SOLVABLE if:

1. It provides all necessary information and conditions
2. The problem is well-defined with clear objectives
3. It has a determinable answer (even if complex)
4. The constraints are consistent (not contradictory)
A question is considered UNSOLVABLE if:
1. Missing critical information or parameters
2. Contains contradictory conditions
3. The problem statement is ambiguous or unclear
4. Asks for information that cannot be determined from given data

5. The question is incomplete or truncated
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Important Guidelines:
* Be strict but reasonable in your judgment
* Consider if a reasonable person could solve the problem with the given information
* For mathematical problems, check if all necessary values are provided
* For logical problems, verify if the premises are sufficient for the conclusion
Output format requirements:
e Return ONLY a valid JSON object
* Analyze the evidence before deciding; serialize the supporting fields before the final verdict.

* Must have exactly these fields in this order:

— "reason": string (brief supporting analysis in English, max 200 characters)
— "missing_info": list of strings (what information is missing, empty list if none)
— "solvable": boolean (true/false; final verdict based on the preceding analysis)

— "confidence": number (0.0-1.0, confidence in the final verdict)

Example Outputs:

{"reason”: "All necessary parameters are provided and the objective is well-
defined”, "missing_info"”: [], "solvable": true, "confidence”: 0.95}

{"reason"”": "The radius required to calculate the circle area is not specified
", "missing_info"”: ["radius"], "solvable": false, "confidence"”: 0.85}

R Instruction for Direct Prompt

# Problem Difficulty Upgrade Generator
## Task Description
You are an expert competitive programming problem creator. Your task is to take a given problem

and create a significantly more challenging, competition-level version.

## Input
Original Problem:

{original_problem}

## Output Format
Return ONLY the new upgraded problem, nothing else.

[Your upgraded competitive programming problem here]
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S Instruction for CoDiQ Prompt

# Problem Difficulty Upgrade Generator

## Task Description

You are an expert competitive programming problem creator. Your task is to take a given problem
and create a significantly more challenging, competition-level version by strategically adding

difficulty elements that test deeper understanding and more complex reasoning.

## Design Standards (Mandatory Quality Check)

To ensure the upgraded problem is competition-worthy, you must strictly adhere to these principles:

1. Deep Synthesis: The difficulty element must naturally intertwine with the original logic. The

solution should feel like a single cohesive challenge, not a "patchwork".

2. Multi-Step Reasoning: The solution must require 2-3 non-trivial intermediate logical jumps.

The solver must derive lemmas or intermediate states before applying standard algorithms.

3. No Trivial Upgrades: Avoid simply increasing N to 10° if the logic remains O(N). The
upgrade must force a change in complexity class (e.g., from Greedy to Flow, from Simulation

to Matrix Exponentiation).

4. Disguise & Abstraction: (If applicable) Hide the core theorem or data structure behind a

unique story or abstract mathematical setting. Never explicitly name the required algorithm.

## Difficulty Elements Library (Select 1-2 distinct elements)

#i## Category A:

Dimensionality & Constraints

Best for: Array/Sequence/Tree problems with simple naive solutions (e.g., O(N), O(N?), or
O(N?)).

Avoid when: Original problem already requires logarithmic or sublinear complexity.
Description: Explode the data scale or dimensionality to invalidate simple simulation or brute
force.

Core Strategy:

1. Identify the naive complexity (e.g., O(N), O(N?), or O(N?)).
2. Impose constraints that compel a superior complexity class (e.g., O(log N) or O(N log N)).

3. Introduce dynamic updates, higher-dimensional spaces, or multiple query types to break

linear scans.

Examples:
L

"original”: "Given an array of size N (N<1000), find the sum of
elements in range [L, R].",
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"upgrade": "Given an array of size N (N<10%5), handle M (M<10"5)
operations: 1. Update range [L, R] by adding V. 2. Query sum of
range [L, R]. (Requires Segment Tree with Lazy Propagation)”

P
{

"original”: "Given a grid, find the shortest path from (0,0) to (R,C)
avoiding obstacles.”,

"upgrade”: "Given a grid where obstacles appear and disappear at
specific time intervals modulo K. Find the shortest path. (
Requires BFS in State Space (x, y, time%K))"

3y
{

"original”: "Find the maximum value in an array.”,

"upgrade"”: "Given a tree with N nodes (N<10%5), support path updates (
add value V to all nodes on path u-v) and path maximum queries. (
Requires Heavy-Light Decomposition)”

P
{

"original”: "Given a set of points, find the two closest points.”,

"upgrade”: "Given a set of points in 3D space, find the size of the
largest subset where every pair has Manhattan distance > D. (
Requires Coordinate Transformation + Data Structures)”

P
{

"original”: "Check if a string S contains pattern P.",

"upgrade”: "Given a text S and K patterns. Support dynamic insertion
of new patterns and query if any pattern appears in S. (Requires
Aho-Corasick Automaton or Suffix Structures)”

}
]
### Category B:

Mathematical Abstraction

Best for: Problems that can be reframed into mathematical structures, e.g., simulation or iterative
problems with clear patterns.

Avoid when: The problem is already focused on advanced specialized theorems or complex data
structures.

Description: Transform a procedural or descriptive problem into a formal model, e.g., using
number theory, combinatorics, or game theory.

Core Strategy:

1. Increase constraints to push beyond computational limits (e.g., N > 10'®), making simple

iteration or simulation impossible.

2. Force the discovery of underlying structures, such as closed-form formulas, recurrence

relations, or invariant properties.

3. Introduce formal constraints (e.g., modular arithmetic, coordinate systems) that require

rigorous mathematical modeling.

Anti-pattern: Simply making N large without ensuring a mathematical insight exists is not valid.
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Examples:

[
{
"original”: "Simulate a process where bacteria double every hour. Find
count at hour N (N<50).",
"upgrade": "Bacteria have a complex growth rule F(n) = a*F(n-1) + b*F(
n-2). Find count at hour N (N<L10%18) modulo 1079+7. (Requires
Matrix Exponentiation)”
P
{
"original”: "Given N items, in how many ways can you pick K items?",
"upgrade”: "Given N items with specific color constraints, calculate
the number of ways to pick K items modulo 1079+7 where N is up to
1079. (Requires Lucas Theorem or Generating Functions)”
P
{
"original”: "Two players take turns removing 1-3 stones. Who wins?",
"upgrade”: "Played on a graph with N<10%5 nodes. A token moves along
edges. A player loses if they cannot move. The graph has cycles. (
Requires Game Theory on Graphs / Sprague-Grundy with loop handling
3"
P
{
"original”: "Calculate the Greatest Common Divisor (GCD) of two
numbers."”,
"upgrade"”: "Calculate the sum of GCD(i, j) for all 1 < i, j < N where
N<10”7. (Requires Euler Totient Function / Mobius Inversion)"”
P
{
"original”: "Find the area of a polygon given integer coordinates.”,
"upgrade"”: "Given N lines in the plane, find the area of their union
region accurately. Handle parallel and concurrent lines. (Requires
Integration logic or Green's Theorem application)”
}
]
### Category C:

Inverse & Constructive

Best for: Problems with well-defined algorithms and a clear "input — algorithm — output” flow.
Avoid when: The original problem’s core challenge is already in the "design/construction" phase
rather than "computation/processing” (i.e., problems that lack a standard algorithm to reverse).
Description: Instead of asking for the result of a process, ask for the input that produces a specific
result.

Core Strategy:
1. Reversethe problem direction: from "Given X, find Y" to "Construct X such that Y holds".

2. Require understanding of structural properties (e.g., what makes a graph have a specific
flow?).

3. Add multiple constraints to make construction non-trivial.
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Examples:

[
{

"original”: "Given a graph, find the shortest path from A to B.",

"upgrade"”: "Construct a graph with N vertices and M edges such that
the shortest path from 1 to N is exactly L, and the MST weight is
exactly W."

P
{

"original"”: "Sort an array using QuickSort.",

"upgrade"”: "Construct a permutation of size N that causes a standard
QuickSort implementation (with first element as pivot) to hit its
worst-case O(N”*2) time complexity.”

P
{
"original”: "Given a binary tree, print its pre-order traversal."”,
"upgrade”: "Given the pre-order and post-order traversals, reconstruct
all possible binary trees. Determine if the solution is unique or
count how many such trees exist.”
P
{

"original”: "Check if a string is a palindrome."”,

"upgrade"”: "Construct a string of length N containing exactly K
distinct palindromic substrings. Prove that no such string exists
if K exceeds a certain bound.”

P
{
"original”: "Find the maximum flow in a network.",
"upgrade": "Given a desired max flow value F, construct a network with
minimum edges that achieves this flow, subject to capacity
constraints on each edge."
}
1
### Category D:
State Explosion

Best for: Problems with simple, polynomial DP states that can be enriched.

Avoid when: The original state space is already exponential (e.g., TSP); adding dimensions would
make it computationally infeasible.

Description: Add complex dependencies or history requirements that necessitate advanced Dy-
namic Programming or Network Flow by expanding the state space.

Core Strategy:

1. Redefine the state: move from simple states (e.g., ‘dp[i] ‘) to composite, multi-dimensional

states (e.g., adding an exponential ‘mask‘ for sets or a polynomial ‘remainder* for constraints).

2. Introduce constraints that depend on past choices or specific history (e.g., "cannot visit a

node visited k steps ago," requiring a sliding window or history state).

3. Add multiple orthogonal restrictions (e.g., count, parity, or modularity) that must be tracked

simultaneously.
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Anti-pattern: Simply adding variables that don’t interact. The new dimensions must fundamentally

change the recurrence logic or transition dependencies.

Examples:
L
{
"original”: "Climb stairs taking 1 or 2 steps. How many ways?”,
"upgrade": "Cover a 3xN grid with 1x2 dominoes. How many ways modulo
10%29+7? (Requires Broken Profile DP / Bitmask DP to track cross-
section state)”
P
{
"original"”: "Knapsack Problem: Max value with weight limit W.",
"upgrade": "Knapsack on a Tree: Each node has value/weight. Max value
by selecting nodes such that no two selected nodes are adjacent,
and total weight < W. (Requires Tree DP + Knapsack dimensions)"”
P
{
"original”: "Longest Increasing Subsequence in an array.",
"upgrade"”: "Count the number of permutations of length N that have a
Longest Increasing Subsequence of length exactly K. (Requires DP
with Young Tableaux or RSK correspondence)”
bo
{
"original”: "Find min cost to traverse a grid.”,
"upgrade”: "Find min cost to traverse a grid with K 'batteries' to
jump obstacles; recharge depends on grid value modulo M, and cells
must be unlocked in order. (State: position + battery_count +
mod_state + lock_mask)"”
P
{
"original”: "Edit Distance between two strings."”,
"upgrade”: "Given strings A and B, find the number of strings S of
length L such that EditDistance(A, S) < K and EditDistance(B, S) <
K. (Requires DP on DP / Automaton DP)"
}
]
### Category E:

Theorem Disguise

Best for: Problems that can map to classic high-level algorithms but appear in unrelated or abstract
domains.

Avoid when: The original problem explicitly mentions the algorithm or data structure.
Description: Hide a sophisticated algorithmic core behind a narrative or alternative mathematical
structure that misleads intuition.

Core Strategy:

1. Map the problem to a well-known non-trivial algorithm (e.g., Network Flow, Linear Basis,

Generating Functions, or Advanced DS).

2. Remove all technical terminology and explicit constraints that hint at the solution.
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3. Create a "Red Herring" narrative that suggests an intuitive but suboptimal approach (e.g.,

Greedy, simple DP, or naive Simulation).

4. Ensure the bridge between the surface problem and the hidden theorem requires a deep

structural insight.

Examples:
[
{

"original”: "Find the maximum number of meetings one can attend.”,

"upgrade”: "Given a set of intervals, color them with minimum colors
so no overlapping intervals share a color. Some intervals are 'VIP
' and must use specific colors. (Disguised as Greedy, actually
Interval Graph Coloring / Dilworth's Theorem with constraints)”

P
{

"original”: "Can we partition an array into two equal sum subsets?"”,

"upgrade”: "Given a graph, determine if it is bipartite. If not,
remove minimum edges to make it bipartite while preserving
connectivity. (Disguised Graph Theory, actually 0dd Cycle
Transversal / Max Cut variant)”

P
{
"original”: "Assign tasks to workers to minimize total time.",
"upgrade”: "N workers and M tasks. Each pair (worker, task) has a cost
Some workers conflict and cannot work simultaneously. Minimize
total cost. (Disguised Minimum Cost Maximum Flow with conflict
resolution)”
o
{

"original”: "Find the maximum number of compatible intervals."”,

"upgrade"”: "Given a circle with N chords represented by their
endpoints. Find the maximum number of non-intersecting chords. (
Disguised DP on Circle Graph or Catalan-related structure)”

3,
{

"original”: "Find a number in an array that appears more than N/2
times.",

"upgrade”: "Given a stream of N elements, find all elements appearing
more than N/K times using O(K) space and one pass. Handle K up to
10”~3. (Disguised Boyer -Moore Voting generalized / Misra-Gries
Algorithm)"”

}
1
### Category F:

Edge Case & Rigor Engineering

Best for: Problems with simple logic but tricky implementation details.

Avoid when: The original problem is already highly technical or implementation-heavy.

Description: Focus on logical pitfalls, geometric precision, tricky edge cases, or requiring formal

proof for correctness.

Core Strategy:
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1. Target weaknesses of standard data types (e.g., float precision, integer overflow, empty sets).
2. Introduce degenerate cases (e.g., disconnected graphs, collinear points, zero denominators).

3. Require strict mathematical proofs (like "Exchange Arguments") to justify a strategy where

intuition fails.
4. Add precision constraints (e.g., "answer accurate to 107°") or handle extreme ranges.

Examples:

L

"original”: "Given coordinates of 3 points, calculate the area of the
triangle."”,
"upgrade": "Given N (N<10%5) lines in a plane. Find the area of the
finite region formed by their intersection. Handle parallel lines,
lines at infinity, and precision errors. (Requires Half-plane
Intersection with strict boundary handling and epsilon comparison)

n

"original”: "Find if there is a path from A to B in a graph."”,
"upgrade"”: "Find if A reaches B. The graph may contain self-loops,
multiple edges, and consists of up to 10%5 disconnected components
Answer 10”5 online queries. Handle the case where A=B and the
case where A or B doesn't exist. (Tests Edge Cases: Connectivity,
Disjoint Set Union with path compression, query validation)"”

"original”: "Divide A by B.",

"upgrade”: "Divide A by B where A and B are strings representing
integers up to 10%1000. Handle B=0, negative signs, leading zeros,
and output the quotient and remainder. Prove your division
algorithm's correctness. (Requires BigInteger Implementation +
comprehensive Edge Case handling)”

"original"”: "Greedy: Always pick the largest coin available to make
change.",
"upgrade”: "Given a non-standard coin system (e.g., 1, 3, 4), find the
smallest value V where the greedy approach fails to find the
minimum number of coins. Prove that for all values below V, greedy
is optimal. (Requires finding the Edge Case of the algorithm
itself + Exchange Argument)”

"original"”: "Sort an array of tasks by duration.”,

"upgrade": "Given N tasks with processing time and decay rates. Each
task loses value at a different rate while waiting. Find a
processing order to minimize total decay. Prove your sorting
strategy using an Exchange Argument. (Requires formal proof to
derive the correct comparator; simple sorting is wrong)"”
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## Construction Protocol (Internal Thinking Process)
1. Analyze Original: Identify the naive solution and its complexity.

2. Select Category: Choose 1-2 categories from the library above that best fit the problem’s

potential.

3. Apply Core Strategy: Use the "Core Strategy" defined in your selected category to redesign

the problem constraints and objectives.

4. Review: Check against the "Design Standards". Does it require multi-step reasoning? Is the

theorem disguised?
5. Final Output: Write the problem statement clearly using standard CP formatting.

## Input
Original Problem:
{original_problem}

## Output Format
Return ONLY the new upgraded problem, nothing else.

[Your upgraded competitive programming problem here]

T Instruction for Domain Classification

I am working with natural language statements of advanced competition-level problems across
mathematics and computer science. Before formalization or implementation, I need to categorize
each problem into its appropriate domain.

#OBJECTIVE#

1. Summarize the problem in one or two sentences, highlighting the key concepts, strategies, or

structures involved.

2. Classify the problem into one or more domains using a hierarchical classification chain.
For example: Algebra -> Intermediate Algebra -> Inequalities.
Or: Algorithms -> Dynamic Programming -> Knapsack Problems.
The classification should be based on the content of the natural language problem, even if no

formal notation is used yet.

#DOMAIN TAXONOMY# The domain classification should follow a standard taxonomy. If a
problem does not fit any listed category, you are free to create a reasonable new classification chain
following the same three-level format: Major Domain -> Subdomain -> Specific Topic.
<domains>

## Mathematics
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Algebra
Algebra
Algebra
Algebra
Algebra
Algebra

->
->
->
->

Algebra ->

Number Theo

Intermediate
Intermediate
Intermediate
Intermediate
Linear Algeb
Linear Algeb
Linear Algeb
->

ry Elemen

Algebra
Algebra
Algebra
Algebra
ra

-> Matr
-> Othe

ra
ra

tary Numbe

>
>
>
>

Inequalities
Polynomials

Other

-> Vector Spaces

ices
r

r ->

Functional Equations

Number Theory
Theory

Theory

Number
Number
Number Theory
-> Eu
Eu
Eu
Eu
Eu

Geometry
Geometry
Geometry

->
->
Geometry ->
Geometry
Geometry
Geometry
Geometry

Geometry

->
->
->
->
->

Combinatorics
Combinatorics
Combinatorics
Combinatorics
Combinatorics
Combinatorics
Combinatorics
Combinatorics
Combinatorics
Combinatorics
Combinatorics
Calculus ->
Calculus ->
Calculus ->
Calculus ->
Probability
Probability
Probability
Probability
Probability

->
->
->
->
->

->
->

Eleme
Eleme
-> Eleme
-> Eleme
clidean
clidean
clidean
clidean
clidean

->
->

ntary
ntary
ntary
ntary

Geometry
Geometry
Geometry
Geometry
Geometry

Analytic Geometry
Analytic Geometry
Computational Geometry

Number
Number
Number
Number

->
->
->
->
->
->
->

Computational Geometry

Enumerative Combinatorics
Enumerative Combinatorics

Theory
Theory
Theory
Theory

Divisibility

Modular Arithmetic
Diophantine Equations
Prime Numbers

Other

->

->
Theory ->
Triangles

Circles
Coordinate Geometry
Transformations
Other

Conic Sections

Other

-> Convex Hull

-> Other

-> Permutations
-> Combinations

-> Enumerative Combinatorics -> Other

-> Extremal Combinatorics -> Pigeonhole Principle
-> Extremal Combinatorics -> Other

-> Constructive Combinatorics -> Invariants

-> Constructive Combinatorics -> Other

-> Graph Theory -> Trees

-> Graph Theory -> Shortest Paths

-> Graph Theory -> Network Flow

-> Graph Theory -> Other

Discrete Probability
Discrete Probability
Discrete Probability
Continuous Probability
Continuous Probability

Integral Calculus
Integral Calculus

Differential Calculus
Differential Calculus

->
->

-> Derivatives

-> Other
Definite Integrals
Other

-> Expected Value

-> Conditional Probability
-> Other

-> Distributions

-> Other

Discrete
Discrete
Discrete
Discrete
Discrete

->
->

Mathematics
Mathematics
Mathematics ->
Mathematics ->

Mathematics ->

## Computer Science

Algorithms

-> Dynamic P

Logic
Logic

-> Propositional Logic
-> Other

Set Theory -> Cardinality
Set Theory -> Other

Other -> Other

rogramming -> Knapsack Problems
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Algorithms
Algorithms
Algorithms
Algorithms
Algorithms
Algorithms
Algorithms
Algorithms
Algorithms
Algorithms
Algorithms

->
->
-> Greedy
Greedy

Divide

->
->
Divide
->
->
->
->

->

Dynamic Programming
Dynamic Programming

Backtracking
Backtracking
Sorting and Searching
Sorting and Searching
Mathematical Algorithms

-> Sequence Problems
-> Other

-> Scheduling

-> Other

-> Merge Sort Variants
-> Other

-> Constraint Satisfaction
-> Other

Algorithms
Algorithms
and Conquer
and Conquer

-> Binary Search
-> Other
-> Fast Exponentiation

Algorithms
Algorithms
Algorithms

Data
Data
Data
Data
Data
Data
Data

->
->

Structures
Structures
Structures
Structures
Structures
Structures
Structures

Mathematical Algorithms
Mathematical Algorithms
Other

-> Number Theoretic Algorithms
-> Other

-> Other
Trees -> Binary Search Trees
-> Segment Trees
-> Other

-> Adjacency Representations
-> Other
-> Priority Queues
-> Other

-> Trees

-> Trees
Graphs
Graphs
Heaps

Heaps

->
->

->

Data
Data
Data
Data
Data

String
String
String
String
String

Structures
Structures
Structures
Structures
Structures

Algorithms
Algorithms
Algorithms
Algorithms
Algorithms

->
->
->
->
->

Union-Find
Union-Find
Hash Structures
Hash Structures
Other

->
->
->
->
->

Artificial
Artificial
Artificial
Artificial
Artificial
Artificial
Artificial
Artificial

Cryptography
Cryptography
Cryptography
Cryptography
Cryptography
Cryptography
Cryptography

Systems ->
Systems
Systems

Systems

->
->
->

Intelligence
Intelligence
Intelligence
Intelligence
Intelligence
Intelligence
Intelligence
Intelligence

Operating
Operating
Databases
Databases

Classical Cryptography
Classical Cryptography
Modern Cryptography
Modern Cryptography
Modern Cryptography
Cryptanalysis
Other

-> Weighted Union-Find
-> Other

-> Hash Maps

-> Other

-> Other

Pattern Matching -> KMP

Pattern Matching -> Other

Suffix Structures -> Suffix Arrays
Suffix Structures -> Other
Other -> Other

-> Machine Learning
Machine Learning
Machine Learning
Deep Learning ->
Deep Learning

-> Supervised Learning
-> Unsupervised Learning
-> Other

Neural Networks
Other

-> Heuristic Search

-> Other
-> Other

->
->
->
-> ->
Search
Search

Other

->
->
->

-> Substitution Ciphers
-> Other

Symmetric Encryption
Asymmetric Encryption
Other

->
->
->
-> Other
-> Other

Systems -> Process Management
Systems -> Other

-> Query Optimization

-> Other
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Systems -> Networks -> Protocol Design
Systems -> Networks -> Other
Systems -> Other -> Other

Complexity Theory -> Time Complexity -> Big-0 Analysis
Complexity Theory -> Time Complexity -> Other
Complexity Theory -> Space Complexity -> Other
Complexity Theory -> Computability -> Other

Complexity Theory -> Other -> Other

Formal Methods -> Proof Assistants -> Lean

Formal Methods -> Proof Assistants -> Cogq

Formal Methods -> Proof Assistants -> Other

Formal Methods -> Program Verification -> Other

Formal Methods -> Other -> Other

</domains>

#RESPONSE FORMAT#

## Summarization

[A brief summary of the problem, describing the key concepts, strategies, or structures involved. |
## Domains

[A hierarchical classification of the domains involved in the problem. |
#INSTRUCTIONSH#

* You may include up to three domain classification chains, separated by semicolons.
* The format must be: Major Domain -> Subdomain -> Specific Topic.

* If a problem does not fit any listed category, create a new reasonable classification chain

following the same three-level format. Do not force an ill-fitting category.
* Avoid using vague or overlapping categories.
* End each report with the line === report over ===.

#INPUT# Below is the original natural language problem statement:

<statement>
{statement}
</statement>

#OUTPUT FORMAT# Please return your response in JSON format. For example:
{

"Summary"”: "This problem involves finding the optimal subarray sum using a
divide and conquer strategy combined with dynamic programming.”,
"Domains": [

"Algorithms -> Dynamic Programming -> Sequence Problems"”,
"Algorithms -> Divide and Conquer -> Other”
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