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Abstract

High-quality mathematical and logical datasets
with verifiable answers are essential for
strengthening the reasoning capabilities of
large language models (LLMs). While recent
data augmentation techniques have facilitated
the creation of large-scale benchmarks, exist-
ing LLM-generated datasets often suffer from
limited reliability, diversity, and scalability. To
address these challenges, we introduce Puz-
zleClone, a formal framework for synthesiz-
ing verifiable data at scale using a novel DSL-
driven approach. Our approach features three
key innovations: (1) encoding seed puzzles into
structured logical specifications, (2) generating
scalable variants through systematic variable
and constraint randomization, and (3) ensuring
validity via a reproduction mechanism. Ap-
plying PuzzleClone, we construct PC-83K, a
benchmark comprising over 83K diverse and
programmatically validated puzzles. The gener-
ated puzzles span a wide spectrum of difficulty
and formats, posing significant challenges to
current state-of-the-art models. Experimental
results show that post training (SFT and RL) on
PC-83K yields substantial improvements not
only on the testset but also on various logic
and mathematical benchmarks. Post training
raises average performance on PC-83K from
14.5 to 66.0 and delivers consistent improve-
ments across 7 logic and mathematical bench-
marks up to 18.4 absolute percentage points
(SATBench from 51.6 to 70.0). Our code and
data are available at https://github.com/
HiThink-Research/PuzzleClone.

1 Introduction

Large-language models (LLMs) have recently
demonstrated impressive zero-shot and few-shot
performance on a wide spectrum of reasoning tasks,
yet consistently achieving robust logical reasoning
remains an open challenge. To push the frontier,
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researchers have released a variety of mathematical-
puzzle and formal-logic benchmarks that expose
models to carefully crafted, high-difficulty prob-
lems. Unfortunately, the manual effort required
to compose and validate such items has kept ex-
isting corpora relatively small and homogeneous,
impeding further progress.

One promising approach to address this bottle-
neck is data augmentation, which involves generat-
ing new problems by systematically modifying ex-
isting “seed” instances (Feng et al., 2021; Lu et al.,
2024). This strategy has the potential to vastly ex-
pand the size and diversity of reasoning datasets
while reducing the manual effort involved in their
creation. However, current augmentation pipelines
largely rely on LLLMs to annotate new problems,
generate solutions, and verify the answers (Lu et al.,
2024; Tan et al., 2024; Shah et al., 2024), which
introduces several critical limitations. First, with-
out a robust, end-to-end verification approach, it is
hard to ensure the data reliability throughout the
synthesis pipeline, leading to flawed, inaccurate, or
biased data (Wang et al., 2024a). Second, existing
pipelines lack formalization and disproportionately
depend on the generative capabilities of the under-
lying LLMs, which threatens data diversity. For
example, an individual model typically explores
only a narrow range of variations in assumptions,
conditions, parameters, and queries. This limited
coverage reduces the dataset’s ability to challenge
and generalize LLM reasoning capabilities effec-
tively. Finally, the substantial computational costs
associated with involving LLMs in every step of the
synthesis pipeline also severely constrain scalabil-
ity (Wang et al., 2024a). Motivated by the need for
a scalable path to unbounded yet trustworthy data
creation, our work seeks a principled procedure
that can, in principle, generate reliable reasoning
data indefinitely.

In this work, we introduce PuzzleClone, a new
data curation framework featuring a novel Do-
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Figure 1: Overview of the PuzzleClone framework.

main Specific Language (DSL) capable of mod-
eling complex puzzle intricacies, alongside a rig-
orous pipeline to ensure programmatic validity of
solutions. Utilizing this framework, we construct
PC-83K, a novel benchmark of 83,657 challeng-
ing, diverse, and fully verifiable puzzles, covering
diverse puzzle types such as Satisfiability Mod-
ulo Theories (SMT), Linear Programming (LP),
and classical logic puzzles like Sudoku. Figure
1 shows an overview of PuzzleClone. Each seed
puzzle is first manually encoded into a structured
problem specification that specifies the data syn-
thesis pipeline, with a config file that contains the
values of the parameters specific to the seed puzzle
(@). Based on them, an instance generator can
automatically batch produce new questions with
diverse mathematical configurations by systemati-
cally varying parameters and combinations of con-
straints with randomization (@, €). Meanwhile, it
can programmatically derive ground-truth answers
for each generated instance with the assistance of
symbolic or custom solvers (@). To ensure fidelity,
our pipeline includes a reproduction step that veri-
fies the original seed questions can be regenerated
from the DSL specifications (@, @), thereby guar-
anteeing the accuracy of both problem formulations
and associated answers.

Our experiments demonstrate that PC-83K poses
substantial challenges for state-of-the-art large lan-
guage models (LLMs), including ChatGPT-40 and
DeepSeek-R1. We further use it to distill the rea-
soning capabilities of large models into small ones.
After post-training, Qwen2.5-7B-Instruct improves
from 14.5 to 66.0 on PC-83K, and achieves gains
of up to 18.4 absolute percentage points across 7
logic and mathematical benchmarks.

2 PuzzleClone

The data synthesis process can be formalized as
follows: For each input seed puzzle P°, our goal
is to generate a set of new puzzles P* = (I*, A¥),
where I* is the set of puzzle instructions and A*
is the set of answers. The process comprises three
stages: puzzle encoding, puzzle generation, and
config-based validation.

2.1 Puzzle Encoding

Most puzzles can be conceptualized as a combi-
nation of a universal puzzle template, which en-
capsulates the core logic of the puzzle, and a set
of parameters that define its specific details (Pan
et al., 2023). For example, in the seed puzzle il-
lustrated in Figure 2A, the underscored texts repre-
sent the puzzle-specific parameters while the rest
describe the template. Thus, data augmentation
can be viewed as systematically varying these pa-
rameters and embedding them into the universal
template to generate new puzzles.

During puzzle encoding, each seed puzzle Q° is
manually encoded into a structured problem spec-
ification Q5 and a configuration file ). Contrary
to prior works that rely on logic programming lan-
guages such as Prolog and SMT-LIB (Clocksin
and Mellish, 2003; Pan et al., 2023; Barrett et al.,
2010), we design a new domain-specific language
(DSL) to describe (), as shown in Figure 2B. This
DSL not only captures the core puzzle logic but
also encodes constraints that are implicit and only
applicable to data augmentation, such as the pa-
rameters’ value domains and the number of con-
straints. Furthermore, the DSL represents the puz-
zle in a more human-readable format while still
machine-parsable for downstream processing. The
DSL specification Qs = (V, 5,C,Q, D) has the
following components':

Variables V': Parameters that can be varied to gen-
erate new puzzles. For instance, variables in the
seed puzzle in Figure 2A include the number of
students s_num and food types f_num, as well as
their names names and food. Each variable v is
characterized by its type (type) and value domain
(domain), or a formula (formula) deriving it from
other variables. For instance, get_faker is an in-
ternal function which leverages Faker? to generate
random natural-language-based instance names. Fi-
nally, each variable is assigned a difficulty factor

'See Appendix C and D for DSL schema and puzzle specs.
Zhttps://github.com/joke2k/faker
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% Seed Puzzle )

Three students, Alice, Bob, and Chris, have purchased at
least one kind of food: hamburgers, hotdogs, pies, and
chips. Their choices must meet the following conditions:
People who bought hotdogs didn’t buy chips. At least one
person bought hotdogs, and at least one person bought

B Sspecification @

variables:

food:

s_num: {type: int, domain: "[4, 7]", diff_factor: 1}
f_num: {type: int, domain: "[3, 5]", diff_factor: 1}
names: {formula: "get_faker(s_num,
{formula: "get_faker(f_num,

25 Config of the seed puzzle @

d Hvd , "Bob", "Chris"],
namef)z) “"food": ["hamburger”, "hotdogs”, "pies”, "chips"],
b": {

‘food"')"}

pies. Bob bought chips and Chris bought hamburgers. SyzbO}S: "pool”: [[“Bob”, "chips”, true], ["Chris", "hamburgers”,
Neither Alice nor Chris bought pies. Chris did not buy any —» s [Ty T — el [MEHEEE, TRy (el [(GiREy (s Sl
items that Bob bought. If both Alice and Chris bought two type: bool "question”: {
kinds of products, which of the following must be true? A) desc: "{_sym[@]} bought {_sym[1]}" “pool™: [ o L ;
Alice bought hamburgers. B) Alice bought hotdogs. C) conditions: ) tesplatestd R pcontie il (RALLCel pRhasou s S LEi
Bob bought hamburgers. D) There’ | o purchased_at_least_one_kind: true]},
ob boug t. amburgers. D) There's exactly one product formula: "And([Or([buy[(n, )] for  in food]) {"template_id": o, "config": ["Alice", "hotdogs", true]},
that both Alice and Bob bought. (Answer: D) for n in names])" ("tempiate,}d : 9, ﬂm"?g”f [”BT ha stru
desc: "{s_num} students, {', '.join(names)}, have {"template_id": 1, “"config": ["Alice", "Bob", true]}
purchased at least one kind of food: {','.join(food)}." ) ] Answer: D
_bought_b: g
# New Puzzle @ e 5 G3p, O o )
: ["names”, "food", "[False, True]"]
Seven students, Ethan, Mia, Noah, Sophia, Liam, Ava, iﬂmaiflﬂ [é ?E"U"‘ E j,ﬂum /{ ﬂ] —
Mason, have purchased at least one kind of food: tacos, ornula: “buy[(_syn[0], _syn[1])] == _sym[2]" P
o > . : d desc: " ' bought ' if lse ' did =
sushi, pasta, curry, and brownies. Their choices must es¢ bé;s’.'?gelifn[”f}’f% 13 © 657 LR GO © CRCI L 3 Config of the new puzzle @
meet the following conditions: People who bought sushi ..<4 more templates>... {
didn’t buy pasta. At least one person bought brownies. At queries: s_num": 7,
least one person bought tacos. Noah bought brownies. ““:ZS;“;YPE . :rf‘;::'::' ’;man” ia . , S—
- : h : - . , ...<4 more students>..., .
Liam did not buy brownies. Mason bought curry. Mason desc: "Which of the following must be true?" "food": ["tacos", "sushi”, "pasta”, "curry", "brownies"],
did not buy brownies. Ava bought tacos. Mason did not opt_num: 4, "a_bought_b": {
buy tacos. Mason bought pasta. Mia bought tacos. Ethan templates: [{ | § Pl [["Noayg, ;?F?WH:E%”’ .'m:]'f'i:‘ more conditions>
did not buy curry. Mia did not buy curry. Sophia did not — source: [*names”, “food", "[False, True]"] - o o SRy SRS n b
buy brownies. Ethan did not buy any items that Liam °ptf°";“p‘i?i]ﬁ;tialg;&g(ﬁﬂ' buy[(_opt(e],
bought. If both Mason and Ethan bought three kinds of opt_text: "{_opt[@]}{' bought ' if _opt[2] e P (R, TP
products, which of the following must be true? A) There's else ' did not buy '}{_opt[1]}." T o i, e ey o
exactly one product that both Mia and Ava bought. B) ...<other constraints>... {"template_: ) ["Ethan", "Mason", truel},
Noah did not buy tacos. C) There’s exactly one product desc: "{purchased_at_least_one_kind}Their choices must meet {"template_id": 0, "config": ["Mia", "brownies",false]}
fals the following conditions: {a_bought_b}...<4 more templates>
that both Ethan and Mason bought. D) Mia did not buy =t }
brownies. (Answer: C) T ot } Answer: C

Figure 2: The data synthesis pipeline of PuzzleClone. (A) An example seed puzzle. (B, C) The DSL specification
and the config encoded from the seed puzzle. (D) A randomly generated config produced by the puzzle generator for
this DSL specification. (E) A new puzzle instance synthesized by the puzzle renderer using the DSL specification

and the generated config.

(diff_factor) that specifies how the variable’s
value contributes to the puzzle difficulty (41, —1,
0 for positive, negative, and neutral effect.).

Symbols S: Quantities to be solved in the puzzle.
Symbols of various types (type) can be created
by mapping existing variables (source), and each
symbol can be binded with a natural language (NL)
template (desc) that outlines its expression in the
puzzle instructions. For instance, a set of boolean
symbols buy are generated for each combination of
students’ and food names representing the purchase
information, as depicted in Figure 2B.

Conditions C': A pool of all potential constraints
that can be applied to the puzzle, including static
conditions, which remain the same among all puz-
zles, and dynamic conditions, which are randomly
generated from a template and can appear a vari-
able number of times. For example, the statement
“[students] have purchased at least one kind of food”
in the seed puzzle in Figure 2A can be viewed as
a static condition, while the subsequent text under
“their choices must meet the following conditions”
outlines dynamic conditions with reusable struc-
tures and mutable parameters for replication. Our
DSL provides structural declarations for randomly
generating such conditions. First, the dynamic pa-
rameters within each condition can be randomly de-
termined according to the specified pool (source)
and the allowable range for the number of instances
of each condition type (domain). Additionally, ev-

ery condition is associated with a formula template
(formula) and a NL template (desc). The ran-
domly chosen parameters are integrated into the
templates to generate the complete condition.
Queries (): The questions in the puzzle. For exam-
ple, the question in Figure 2B presents a single-
choice question (query_type) with four options
(opt_num). The structure of these options is de-
fined by two distinct templates (templates), each
with its own parameter pool (source), formula and
instruction template (opt_formula, opt_text).
Description D: An NL template assembling previ-
ous components for the eventual puzzle (desc).

In parallel with the specification, the puzzle-
specific values of variables and the parameters
within constraints and queries are extracted as a
configuration file Q., as shown in Figure 2C. Thus,
a puzzle can be uniquely determined by combining
a specification and a configuration.

2.2 Puzzle Generation

After encoding the seed puzzle, a puzzle genera-
tor will translate the specification into new puzzles.
Specifically, it first generates a Python script which
automatically decides all variables, conditions, and
queries by random while leveraging either built-in
symbolic solvers (e.g., Z3 (De Moura and Bjgrner,
2008) for SMT problems) or custom solvers to
solve the puzzle. Thus, new puzzles can be gener-
ated by executing the script.
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2.3 Config-based Answer Validation

One of the key goals of PuzzleClone is to keep each
synthesis step verifiable for the reliability of the
synthesized data. Since the puzzle encoding pro-
cess relies on careful manual effort, it is necessary
to make sure the process is accurate, leading to our
design of a config-based answer validator. Specif-
ically, a validation script is generated in parallel
with the puzzle generator, which is capable of re-
producing the seed puzzle by acquiring the puzzle-
specific values directly from the config instead of
randomization. Thus, a deterministic reference an-
swer can be computed and compared against the
ground-truth solution of the seed puzzle, thereby
verifying the correctness of the encoding process.

3 Dataset Construction

We constructed our dataset via a multi-stage pro-
cess to ensure quality, diversity, and verifiability.

3.1 Seed Puzzle Collection and Curation

We started by collecting raw puzzles from diverse
sources, including mathematics competitions for
primary and secondary schools, Olympiad-style
problems, logical reasoning books/blogs, and es-
tablished puzzle benchmarks, e.g., Sudoku and
combinatorial optimization problems (Mittal et al.,
2024; Chen et al., 2025b; Li et al., 2025; Liu
et al., 2025a). We then employed the Qwen2.5-
72B-Instruct model with specially crafted prompts
(see Appendix A.2) to select potential seed puzzles
based on two key criteria:

* The problem contains variable values or log-
ical constraints that can be replicated by ran-
dom without altering its semantic validity.

* The puzzle is solvable using symbolic or cus-
tom solvers within tractable time and memory
bounds, and a correct Python solution can be
generated by the model.

3.2 Human Verification and Enhancement

The Al-filtered puzzles underwent rigorous man-
ual review, during which we (1) conducted brain-
storming sessions to enhance problem complexity
through additional variables and novel constraints
(e.g., Al-ant vs. A2-athlete in our dataset), (2)
introduced diversified questioning approaches to
increase variety, and (3) eliminated problems with
conceptually similar solutions (e.g., those relying
on the same underlying mathematical identity or
solving trick) to ensure mathematical diversity.

This process yielded 86 high-quality seed puz-
zles, including 72 SMT-solvable and 14 pure
formula/code-based (labeled as A-series).

3.3 Puzzle Generation and Deduplication

We utilized PuzzleClone to generate 1K variants
for each seed puzzle, resulting in an initial set of
86K puzzle instances. For each generated vari-
ant, we assigned a unique identifier, its source
puzzle, question type (qtype), and evaluation type
(eval_type). The gtype indicates the format of
the question, such as multiple-choice, fill-in-the-
blank, or short answer. The eval_type specifies
the answer structure and corresponding evaluation
strategy, including formats like numeral, nominal,
option, ordered_array, and unordered_array.
Based on the assigned qtype and eval_type, we
designed custom prompt wrappers (Appendix A.2)
and implemented appropriate evaluation operators.

Since instances were generated independently
and randomly, we deduplicated puzzles by compar-
ing their logical configs (Figure 2D) rather than
surface text (Figure 2E). Specifically, we ignored
nominal fields (e.g., names) and treated value pools
as unordered sets, allowing detection of logically
equivalent puzzles despite textual variations (e.g.,
differences in wording or ordering).

After deduplication, we retained 83,657 unique
puzzle instances. Detailed statistics of the result-
ing dataset—including the distributions of question
types, answer types, and duplication patterns—are
provided in Appendix B.

3.4 Difficulty Assessment and Analysis

To quantify puzzle complexity, we designed a
heuristic difficulty score based on four features:
the number of logical symbols (sym_num), the num-
ber of logical constraints (cond_num), the length
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Figure 3: Puzzle difficulty distribution before and after
deduplication.
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of problem description (desc_len), and a variable-
scale metric (var_scale) capturing the difficulty
impact of variable domains. Details of the difficulty
score computation and its empirical validation us-
ing model accuracy are given in Appendix A.1.

The difficulty distribution of the puzzles is
shown in Figure 3. Hard puzzles are relatively
rare due to increased likelihood of being unsolv-
able when the complexity and diversity (i.e., the
variable values and constraint number) increase.
Furthermore, duplicates were disproportionately
found among easier puzzles due to their narrower
randomization space.

3.5 Dataset Partitioning Strategy

To facilitate a comprehensive evaluation of popular
LLMs while supporting both supervised fine-tuning
(SFT) and reinforcement learning (RL) training,
we implemented a stratified dataset partitioning
strategy based on puzzle difficulty and seed origin.
Specifically, puzzles were classified into normal
(difficulty < 0.5) or hard (difficulty > 0.5) cate-
gories. For each seed puzzle, its variants in each
category were randomly split into 90% train and
10% test. From the training set, 25 normal and 25
hard samples were selected per seed puzzle (falling
back to normal in case of insufficient hard samples)
to form the SFT set (86 x25x2 = 4300). A smaller
subset (5 normal + 5 hard per seed) was selected
for RL validation (860 in total), with the remaining
training samples assigned to RL training.

Train Test

SFT | RL-Train RL-Val Total
Normal | 2161 | 50738 430 51168 | 5730
Hard | 2139 | 23616 430 24046 | 2713
Sum | 4300 | 74354 860 75214 | 8443

Table 1: Dataset partitioning statistics.

The final partitioning (Table 1) ensures compre-
hensive coverage, with each set containing puzzles
derived from all 86 seed puzzles while maintaining
difficulty stratification.

4 Experiments

4.1 Experimental Setup

All model training and inference were conducted
on NVIDIA H100 GPUs. We trained our mod-
els using an 8 xXNVIDIA H100 GPU cluster, with
Qwen2.5-7B-Instruct as the foundation model for

Model ‘ Normal Hard Avg.
Proprietary Models

ChatGPT-40 (OpenAl, 2024) 31.7 246 282
ChatGPT-03 (OpenAl, 2025b) 87.1 834 853
ChatGPT-5 (OpenAl, 2025a) 91.1 86.3 88.7
Gemini-2.0-flash (Gemini Team, 2025a) 42.0 31.6  36.8
Gemini-2.5-pro (Gemini Team, 2025b) 75.8 672 715
Gemini-3-pro (Gemini Team, 2025¢) 86.5 83.0 84.8
Claude-3.5-sonnet (Anthropic, 2024) 37.6 274 325
Claude-4-sonnet (Anthropic, 2025) 62.7 478 553
Seed1.6 (ByteDance, 2025) 87.8 824 85.1
GLM Series (THUDM, 2025)

GLM-Z1-9B-0414 63.6 53.5 586
GLM-Z1-32B-0414 71.1 60.9 66.0
Qwen2.5 Series (Yang et al., 2024)

Qwen?2.5-7B-Instruct 16.8 12.1 145
Qwen2.5-14B-Instruct 243 179  21.1
Qwen?2.5-32B-Instruct 31.4 235 274
Qwen2.5-72B-Instruct 32.8 253 290
Qwen3 Series (Yang et al., 2025)

Qwen3-8B 71.6 594 655
Qwen3-14B 78.6 67.0 728
Qwen3-32B 77.0 68.1 725
Qwen3-235B-A22B 82.9 73.8 783
DeepSeek Series (Guo et al., 2025)
DeepSeek-R1-Distill-Qwen-14B 479 384 431
DeepSeek-R1-Distill-Qwen-32B 53.3 432 483
DeepSeek-R1-0528-Qwen3-8B 76.0 66.8 714
DeepSeek-R1-0528 88.7 82.6 85.6

Table 2: Baseline performance on PC-83K

all training experiments (detailed training paramter
setting can be found in Appendix E).

4.2 Baseline Results

We evaluate a wide range of models on the PC-83K
test set, including both open-source and proprietary
models. Similar to the training test, the test set
is also divided into Normal and Hard subsets to
reflect different levels of reasoning complexity. As
shown in Table 2, current LLLMs remain limited in
handling complex logical reasoning.

Among the open-source models, the Qwen and
GLM-Z1 series demonstrate strong performance
trends as model size increases. Within the Qwen2.5
family, scores steadily improve from the 7B (14.5
average) to the 72B (29.0 average). Qwen3-8B
achieves an average of 65.5, already outperforming
many larger models from the previous generation.
The Qwen3-14B and Qwen3-32B models achieve
average scores of 72.8 and 72.5, respectively, while
Qwen3-235B-A22B reaches 78.3.

The GLM-Z1 models also exhibit strong re-
sults. GLM-Z1-9B achieves 58.6 on average, while
GLM-Z1-32B outperforms it with a score of 66.0.
These results suggest the GLM-Z1 series is com-
petitive with Qwen3 in the same parameter range.
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Model | PC83K' |PCSL| LogicBenchmarks | Mathematical Benchmarks
| Normal Hard | 35K' | SATBench BBEH-mini | AIME24 AIME25 AMC2023 MATH500 OlympiadBench

Qwen2.5-7B-Instruct 168 121 | 96 51.6 113 133 6.7 525 75.2 41.0

SFT 61.9 480 | 147 70.0 9.8 20.0 133 67.5 80.8 434

RL (PC-83K) 710 610 | 152 62.0 17.0 16.7 133 65.0 80.0 444
SynLogic-7B} - - - - 8.0 10.0 - 55.0 71.8 -

RL (PC-SL-35K) 220 143 | 553 58.4 165 233 10.0 62.5 79.8 424

RL (PC-83K+PC-SL-35K) | 64.8 541 | 54.2 57.2 17.0 167 16.7 60.0 80.4 522

Table 3: Performance of models trained on PC-83K and/or PC-SL-35K. T indicates the corresponding held-out test
sets.  denotes results reported in the SynLogic (Liu et al., 2025b) paper due to incompatible data formats.

The DeepSeek-R1-Distill models based on
Qwen show moderate performance (43.1 and
48.3), while the full DeepSeek-R1-0528-Qwen3-
8B model attains a strong 71.4. The most powerful
open-source model DeepSeek-R1-0528 achieves an
impressive 85.6 average score, surpassing all other
open models and even some proprietary models.

Among the proprietary models, ChatGPT-5 leads
(Avg. 88.7), ChatGPT-03 (Avg. 85.3), and Seed1.6
(Avg. 85.1) are the top three, while Gemini 3 Pro
(Avg. 84.8) shows the smallest Normal to Hard
drop (-3.5), evidencing strong, stable reasoning.
Gemini-2.5-pro ranks next (Avg. 71.5) with mod-
erate robustness, while Claude-4-sonnet is mid-
pack (Avg. 55.3) but degrades sharply on Hard.
Non-flagship models perform notably worse, with
Gemini-2.0-flash at 36.8, ChatGPT-40 at 28.2, and
Claude-3.5-sonnet at 32.5.

4.3 Post Training

To evaluate the quality of PC-83K, we perform post-
training (SFT and RL) on Qwen2.5-7B-Instruct.
During RL (GRPO (Shao et al., 2024)) training,
we use Qwen2.5-7B-Instruct as the base model to
directly compare the effectiveness of SFT and RL
training stages. As shown in Table 1, we use 74,354
training samples for the RL stage. For SFT, we first
use DeepSeek-R1-0528 to generate thinking traces
for 4,300 training samples to populate the reason-
ing context. We then apply rule-based filters to
remove thinking traces with duplicated generations
and multilingual reasoning content. After filtering,
3,574 samples remain for SFT.

To demonstrate its effectiveness in enhancing the
logical reasoning capabilities of LLMs, we eval-
uate the model on standard logic benchmarks, in-
cluding SATBench (Wei et al., 2025a) and BBEH-
mini (Kazemi et al., 2025), as well as mathe-
matical benchmarks such as AIME24 (MAA and
users, 2024), AIME25 (MAA and users, 2025),
AMC2023 (MAA and users, 2023), MATH500

(Hendrycks et al., 2021a), and OlympiadBench (He
et al., 2024). These evaluations demonstrate the ca-
pability of our training data to enhance both logical
reasoning and mathematical problem-solving.

The main results are presented in Table 3, demon-
strating that model performance is significantly im-
proved by training on the PC-83K dataset at both
the SFT and RL stages.

RL achieves the most substantial improvement
on the PC-83K test set, increasing the average ac-
curacy over Normal (16.8 to 71.0) and Hard (12.1
to 61.0) puzzles from 14.5 (Qwen2.5-7B-Instruct)
to 66.0, demonstrating strong in-distribution op-
timization. On external logic and mathematical
benchmarks, SFT slightly outperforms RL on aver-
age (43.5 vs. 42.6), while both significantly exceed
the baseline (35.9). Notably, the largest single gain
is observed on SATBench, where SFT improves
accuracy from 51.6 to 70.0 (+18.4). However,
SFT underperforms on BBEH-mini (9.8 vs. 11.3
for the baseline), whereas RL. improves substan-
tially to 17.0, suggesting that RL better captures
deeper compositional logical reasoning. Overall,
these results highlight a trade-off between RL’s
strong alignment with the target distribution and
SFT’s slightly better cross-benchmark generaliza-
tion, with particularly pronounced gains on logic-
oriented tasks.

4.4 Case Study: Generalizing SynLogic

To demonstrate the practicality and generalizability
of PuzzleClone, we conduct a case study by repro-
ducing and extending SynLogic (Liu et al., 2025b),
a representative dataset of over 33K puzzles span-
ning 35 logical reasoning tasks. Specifically, we
treat SynlLogic puzzles as seeds and curate DSL
specs to synthesize a new dataset of 35,829 puzzles
with PuzzleClone, termed PC-SL-35K, which is
split into training and test sets using a 90/10 ratio.
We perform two RL experiments, trained on PC-
SL-35K and on PC-83K+PC-SL-35K, respectively,
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with results summarized in Table 3.

Our analysis yields four key observations. First,
Qwen2.5-7B-Instruct achieves comparable accu-
racy on the original SynLogic benchmark (9.0)
and the PC-SL-35K test set (9.6), indicating sim-
ilar difficulty levels across the two datasets. Sec-
ond, RL (PC-SL-35K) consistently outperforms
the SynLogic-7B baseline on external benchmarks,
demonstrating that PuzzleClone-synthesized data
is at least as effective as SynLogic data in enhanc-
ing model reasoning performance. Third, while RL
(PC-83K+PC-SL-35K) generally outperforms RL
(PC-SL-35K), it slightly underperforms RL (PC-
83K) on some benchmarks, which we attribute to
differences in training progress (600 vs. 900 steps).
Fourth, both SFT and RL (PC-83K) models achieve
higher accuracy on the PC-SL-35K test set than
Qwen?2.5-7B-Instruct, indicating improved general-
ization to unseen seed puzzles and further validat-
ing the effectiveness of PuzzleClone.

5 Related Work

5.1 Data generation

Research on data generation mainly focus on data
synthesis and data augmentation (Wang et al.,
2024a).

Data synthesis approaches broadly start by ex-
tracting instructions from existing data sources or
synthesizing them with rule-based or model-based
synthesizers (Maiya et al., 2025; Ding et al., 2023;
Xu et al., 2024b). Next, responses will be gener-
ated for each instruction instance, either manually
or automatically. Machine learning has been widely
adopted to accelerate the annotation process of var-
ious types of data (Zhang et al., 2021; Lu et al.,
2023), despite their limitations in efficiency, data
consistency, and domain knowledge (Tan et al.,
2024). These limitations are addressed by mod-
ern LLMs, whose reasoning abilities make them
powerful universal annotators (Zhang et al., 2021;
Lu et al., 2023; Csanddy et al., 2024; Zhang et al.,
2023). Tan et al. provide a detailed survey of
these methods (Tan et al., 2024). However, ex-
pert knowledge remains essential for accurate la-
bels. Consequently, semi-automatic approaches
have emerged, utilizing human-Al collaborative
tools and co-labeling workflows to enhance effi-
ciency and accuracy (Li et al., 2023; Wang et al.,
2024b; Zhu et al., 2024).

By contrast, data augmentation focuses on adapt-
ing existing data items, called seeds, to new in-

stances with similar structures. In natural language
processing, traditional approaches mainly focus
on paraphrasing the instructions, leveraging ap-
proaches like rule-based transformation and lan-
guage models (Feng et al., 2021; Xu et al., 2024a;
Sugiyama and Yoshinaga, 2019; Bayer et al., 2022).
With the advent of LLMs, modern approaches
have explored involving LLMs throughout the
pipeline (Wang et al., 2024a), allowing LLMs to
automatically select promising seeds, generate data
and self-improve their reasoning, fine-tune the in-
structions, and perform evaluation-based filtering
to enhance data quality (Lu et al., 2024; Shah et al.,
2024; Huang et al., 2024). Some works further in-
volve human validators or LLM-generated scripts
in symbolic languages for better accuracy (Leang
et al., 2025; Shah et al., 2024). However, there
remains a need for robust and scalable strategies
that enable end-to-end verification and fine-grained
controllability throughout the pipeline.

5.2 Benchmarks for logical reasoning

Numerous public datasets for mathematical and
logical reasoning have been collected through aca-
demic challenges and crowdsourcing (Hendrycks
et al., 2021b; Math-Al, 2025). Curated datasets,
however, mostly focus on specific classes of puz-
zles. For instance, numerous studies generate equa-
tion systems or deductive, inductive, and abductive
puzzles by combining unit equations or basic logi-
cal clauses while crafting natural language instruc-
tions using templates or language models (Chen
et al., 2025¢c; Parmar et al., 2024; Luo et al., 2023;
Wei et al., 2025b; Mirzadeh et al., 2024). However,
it becomes increasingly difficult to map the abstract
logical model to a real-world scenario when it be-
comes difficult, which in turn jeopardizes the ar-
ticulation of the instructions. By contrast, another
line of research start from classical complicated
and challenging mathematical puzzles such as su-
doku, hitori, and crosswords, and curate a number
of similar puzzles simply through rule-based meth-
ods (Gui et al., 2024; Mittal et al., 2024; Chen et al.,
2025b,a; Li et al., 2025; Liu et al., 2025a,b). How-
ever, a universal framework capable of generating
various challenging puzzles is still absent, leading
us to design the PuzzleClone framework.

6 Discussion

In the process of designing and implementing the
PuzzleClone framework, as well as synthesizing
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variants from seed puzzles, we encountered several
key insights and reflections worth discussing.

Diverse Question and Evaluation Types: Un-
like some existing datasets that typically focus on a
single task format, our dataset features a wide range
of puzzle types and answer formats (Appendix B).
Notably, a single puzzle in our dataset may contain
multiple sub-questions, each with its own qtype
and eval_type, which further enhances the overall
richness and versatility of the dataset. Such diver-
sity enables more comprehensive benchmarking,
supports evaluation of specific reasoning capabil-
ities, and promotes model robustness across het-
erogeneous formats—better reflecting real-world
problem-solving scenarios.

Specification Strategies: We observed two dis-
tinct approaches to puzzle synthesis based on the
specification: forward and backward generation.
In the forward strategy (e.g., specs for Figure 2,
15-tabletennis, and 23-product), we first de-
fine random domains for variables and use sym-
bolic constraints to allow the solver to search for
feasible solutions. In contrast, the backward strat-
egy (e.g., specs for 7-age and 11-wine) involves
randomly generating a feasible solution first, then
building symbolic constraints around it to verify its
correctness and uniqueness using the solver. The
backward approach significantly improves gener-
ation efficiency by avoiding unsolvable instances
due to random variable combinations. Therefore,
we recommend using the backward strategy for
most specification designs.

Hyperparameter Sensitivity: While writing
specifications, careful tuning of hyperparameters
such as variable domains, constraint templates, and
their count ranges is crucial to maintain the seman-
tic soundness of generated puzzles. For example,
in 2-graduation, where m out of n students are
selected under constraints, it is necessary to enforce
0 < m < n. However, making m too small or too
large (m — 0 or m — n) reduces puzzle difficulty.
Thus, domain ranges should be both logically valid
and aligned with the intended cognitive challenge.

Upper Bound of Synthesizable Puzzles: While
PuzzleClone can synthesize puzzles at scale, each
specification inherently has a finite upper bound on
the number of valid (i.e., non-duplicate) puzzles
it can generate. This bound is determined by the
size of the puzzle space defined in the specification.
As shown in Figure 4, for 9-vase, we synthesized
variants using three specs with decreasing p_num
domains: [3,10], [3,7], and [3,5]. After generat-
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Figure 4: Number of valid puzzles (after de-duplication)
synthesized from the seed puzzle 9-vase using three
different p_num domain settings.

ing 100K puzzles for each setting and performing
de-duplication, we observed that [3,5] quickly sat-
urated at around 3.3K unique puzzles, while [3,10]
continued to grow steadily. The [3,7] setting fell in
between and showed signs of approaching satura-
tion. This demonstrates that a larger solution space
allows the synthesis of more diverse valid puzzles.

Preventing Redundancy in Puzzle Statements:
It is critical to ensure that the question and its con-
straints do not inadvertently leak the answer. For
instance, in 23-product, if a condition states that
a specific product is in position ¢ and the question
also asks about the position of that product, the an-
swer becomes trivially inferable without reasoning.
Such overlap undermines the puzzle’s intent. Spec-
ifications should explicitly avoid this redundancy
to preserve reasoning difficulty.

Advanced Features for Practical Synthesis:
To enhance expressiveness and practical utility,
PuzzleClone supports several advanced features:

* Coupled Logic: Supports joint control of vari-
ables and constraints (e.g., A + B = 10),
enabling fine-grained coordination beyond in-
dependent random sampling.

* Custom Operators: Users can define new
functions or import scripts, compensating for
limitations in built-in operators.

* Dynamic Rephrasing: PuzzleClone supports
modifying the textual surface of puzzles (see
Appendix), enabling translation into multiple
languages or thematic adaptation, thereby in-
creasing data diversity.

7 Conclusion

We present PuzzleClone, a DSL-driven data synthe-
sis framework and a diverse and challenging dataset
containing over 83K puzzles. Experiments show
that existing state-of-the-art models face significant
challenges on this benchmark. Furthermore, SFT
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and RL applied to Qwen2.5-7B-Instruct show sub-
stantial gains in mathematical reasoning, validating
the effectiveness of our approach.

Limitations

Challenges in measuring puzzle difficulty accu-
rately: Although the experiment in Appendix A.1
demonstrates the validity of the difficult metric, it
has two main limitations. First, the var_scale met-
ric relies on a simple diff_factor with only three
discrete values (+1, 0, —1) to indicate correlation
with puzzle difficulty, which cannot capture more
nuanced relationships. Second, not all difficulty-
variable relationships are monotonic; for example,
increasing a variable’s value may initially make a
puzzle harder but later easier. Future work could ex-
plore more expressive difficulty metrics that better
capture non-linear and variable-specific effects.

Biased puzzle difficulty distribution: When
variable domains are large and constraints are com-
plex, the probability of randomly generating solv-
able instances diminishes. This leads to a distribu-
tional bias in synthesized puzzles (see Figure 3):
easier puzzles (associated with simpler parameter
combinations) are overrepresented, while harder
ones are under-sampled. Future research could
design targeted generation procedures to ensure
adequate representation of challenging puzzles.

Human effort in specification authoring: Au-
thoring DSL specifications from seed puzzles cur-
rently requires substantial manual effort, including
decomposing and rephrasing puzzles, brainstorm-
ing new variants and constraints to enhance puzzle
diversity and complexity, and encoding them into
DSL specifications. This labor-intensive process
limits scalability. A promising future direction is to
leverage LLMs to automate these steps with mini-
mal human intervention.
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A Supplement to Dataset Construction

This supplement provides additional details on the
heuristic puzzle difficulty metric and its validation,
as well as the prompt templates used in this work.

A.1 Puzzle Difficulty Metric

As described in Section 3.4, the difficulty metric is
computed from four features: sym_num, cond_num,
desc_len, and vars_scale. Each variable v is
associated with a diff_factor (Figure 2B), which
specifies the direction of correlation between the
variable value and puzzle difficulty: a larger value
makes the puzzle harder (41), easier (—1), or has
no effect (0, by default). Algorithm 1 details the
procedure for computing the final difficulty score.

To evaluate the alignment between our proposed
metric and empirical difficulty, we conducted a
study using four models from the Qwen2.5 family
(7B, 14B, 32B, and 72B Instruct). We tested these
models on puzzles synthesized from five randomly
selected seeds in PuzzleClone, each seed leading
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Figure 5: Average performance of four models on puz-
zles synthesized from 5 sampled seeds. The mid point is
used as the difficulty score for each bin. Missing points
indicate that no puzzles exist in the correponding bin.

Algorithm 1: Compute Puzzle Difficulty Score

Require: Variables V from the puzzle config,
features sym_num, cond_num, desc_len,
together with their minimum and maximum
values computed over all puzzle instances

Ensure: Difficulty score D € [0, 1]

I: Define MINMAXNORM (z) = —min

Tmax — Lmin

2: A <+ () {Adjusted variable values}
3: for each variable v € V do

4 ifdif f_factor(v) = 0 then
5: continue

6: endif

7: 0 < MINMAXNORM(v)

8. ifdiff_factor(v) > 0 then
9: Vadj 0

10:  else

11: Vggj < 1 — 10

12: endif

13:  add vgg; to A

14: end for

15: vars_scale < mean(.A)

—
[=))

. § « MINMAXNORM(sym_num)
: ¢ < MINMAXNORM(cond_num)
. d < MINMAXNORM (desc_len)

: 0 < MINMAXNORM (vars_scale)
: D < mean(§, ¢, cz,f))

: return D

NN = = =
— O O 0 3

to between 947 and 1,000 unique puzzles after
deduplication. To mitigate the impact of random-
ness and ensure objective results, we conducted
10 independent trials for each model on every puz-
zle instance. Puzzles were then categorized into
bins with a 0.1 difficulty score increment, and the
mean accuracy was calculated for each group. As
illustrated in Figure 5, our metric demonstrates
a strong inverse relationship with model perfor-
mance. Specifically, the Pearson correlation coeffi-
cients range from -0.816 to -0.980, confirming that
the metric accurately reflects task difficulty.

A.2 Prompt Templates

Figure 6 and Figure 7 show the prompt templates
used for seed puzzle selection and downstream ex-
periments, respectively. Each template is presented
in both its original Chinese form (used in practice)
and its English translation (for readability).
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B Benchmark Statistics

B.1 Question Type Distribution

Our benchmark encompasses three primary ques-
tion formats: short-answer, multiple-choice, and
fill-in-the-blank questions. Table 4 presents the
distribution of these question types across differ-
ent data splits. When a puzzle contains multiple
sub-questions, each sub-question is counted inde-
pendently according to its type.

The benchmark demonstrates a predominance of
short-answer questions (75,486 instances), which
require models to perform complex reasoning and
generate precise responses. Multiple-choice ques-
tions constitute the second-largest category (18,929
instances), providing evaluation through option se-
lection. Fill-in-the-blank questions, while less com-
mon (2,000 instances), test the model’s ability to
complete partial puzzle descriptions. This distri-
bution reflects the natural complexity spectrum of
logic puzzles, where open-ended reasoning chal-
lenges are most prevalent.

B.2 Answer Type Distribution

Beyond question format diversity, our benchmark
exhibits rich structural variation in answer types.
Table 5 categorizes answers into eight distinct
types, reflecting the diverse reasoning outputs re-
quired by logic puzzles:

* numeral: Numeric values or lists thereof (e.g.,
42,3, 7, 12]).

* option: Single-letter option identifiers (e.g.,
A, D).

 ordered array: Sequences where element or-
der is semantically meaningful (e.g., rankings,
positions).

* nominal: Categorical labels or entity names
(e.g., person names, object types).

* unordered array: Sets where element order
is irrelevant (e.g., collections of items).

¢ ooa_numeral: Two-dimensional numeric ar-
rays with order preservation in both dimen-
sions.

* ooa_nominal: Two-dimensional nominal ar-
rays with order preservation in both dimen-
sions.

* oua_nominal: Two-dimensional nominal ar-
rays where only outer-dimension order mat-
ters.

This taxonomy enables fine-grained evaluation
of model capabilities across different reasoning
output structures. The distribution shows that sim-
pler answer types (numeral and option) dominate,
while complex two-dimensional structures (ocoa_*,
oua_%*) represent challenging edge cases with 1,000
instances each, deliberately included to test ad-

vanced compositional reasoning.

B.3 Duplicate Instance Distribution

The distribution of duplicate puzzle instances
grouped by seed puzzles during the deduplication
step (Section 3.3) is shown in Figure 8. Among
the 86 seed puzzles, 32 had at least one duplicated
variant. We observe that puzzles with limited ran-
domizable space tend to exhibit higher duplication
rates. For example, 28-exam exhibited the highest
duplication count, with 678 repeated instances.

C DSL Schema

This appendix provides a detailed specification of
the Domain-Specific Language (DSL) used for puz-
zle encoding and generation. The DSL is structured
around a main PuzzleTemplate object, which in-
tegrates all necessary components for defining a
puzzle’s logic, parameters, and text. The following
tables detail each of the core components.

C.1 PuzzleTemplate

The root object, PuzzleTemplate, is the top-level
container that orchestrates all other elements of the
puzzle definition. Its fields are detailed in Table 6.

C.2 Variables

The Variable object defines the parameters of a
puzzle. A variable can be defined either by its type
and domain or by a formula, as shown in Table 7.

C.3 Symbols

Symbols represent the quantities to be solved. They
can be directly defined (DefinedSymbol) or de-
rived from existing variables (DerivedSymbol).

C.4 Conditions

Conditions define the logical constraints of the puz-
zle, as either static (StaticCondition) or dynam-
ically generated (DynamicCondition) rules.
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Data Split Short Answer Multiple-Choice Fill-in-the-Blank  Total
normal/RL_validate. jsonl 390 95 10 495

normal/Test. jsonl 5,108 1,262 124 6,494
normal/SFT.jsonl” 1,966 475 50 2,491
normal/RL_train. jsonl 45,195 11,202 1,099 57,496
hard/RL_validate. jsonl 390 95 10 495

hard/Test. jsonl 2,514 644 78 3,236
hard/SFT. jsonl” 1,934 475 50 2,459
hard/RL_train. jsonl 21,889 5,631 679 28,199
Total® 75,486 18,929 2,000 96,415

Table 4: Distribution of question types across data splits in PuzzleClone. “SFT samples are subsets selected from
other training splits. "Total excludes SFT splits to avoid double-counting.

Data Split num. opt. ord. nom. unord. oon. oonl. oun. Total
normal/RL_validate 180 95 80 70 55 5 5 5 495
normal/Test 2,089 1,262 1,232 961 727 55 77 91 6,494
normal/SFT" 910 475 404 352 275 25 25 25 2,491
normal/RL_train 18,444 11,202 10,936 8,503 6,442 483 681 805 57,496
hard/RL_validate 180 95 80 70 55 5 5 5 495
hard/Test 1,501 644 351 433 227 46 24 10 3,236
hard/SFT" 890 475 396 348 275 25 25 25 2,459
hard/RL_train 13,175 5,631 3,011 3,756 1,928 406 208 84 28,199
Total’ 35,569 18,929 15,690 13,793 9,434 1,000 1,000 1,000 96,415

Table 5: Distribution of answer types across data splits. Column headers are abbreviated: num.=numeral,
opt.=option, ord.=ordered array, nom.=nominal, unord.=unordered array, oon.=ooa_numeral, oonl.=ooa_nominal,
oun.=oua_nominal. “SFT samples are subsets from other splits. TTotal excludes SFT splits.

C.5 Queries

Queries define the questions posed to the user, sup-
porting open-ended and multiple-choice formats.

C.6 Auxiliary Definitions

The DSL includes objects for post-processing and
optimization tasks.

In addition, PuzzleClone supports several inter-
nal operators and reserved words for expressive-
ness. For instance, _opt and _sym refer to the
parameter randomization result of each option and
symbol, while get_faker is an internal operator
for fake entity generation.

D Puzzle Specification Examples

This section provides the complete DSL specifi-
cation files for three representative puzzles from
our benchmark. All descriptive texts, originally in
Chinese, have been translated to English.
e 1-hamburger (Figure 2): See Listings 1 and
2.
e 2-graduation: See Listing 3.

* 9-vase: See Listing 4.

* 11-wine: See Listing 5.

e 23-product: See Listing 6.
» 28-exam See Listing 7.

E Training Parameters

Table 16 outlines SFT setup: 32K context, co-
sine LR schedule with warmup, bf16/tf32, gradient
checkpointing, ZeRO-3 Offload via DeepSpeed, six
epochs, small per-device batch with accumulation,
and step-based checkpointing.

Table 17 summarizes key GRPO hyperparame-
ters: KL regularization, vLLLM rollouts, fsdp2 dis-
tributed training, Qwen2.5-7B-Instruct, five epochs,
sixteen H100 across two nodes, dynamic batching
and token-limits.

F Supplement to Experimental Results

Figure 9 presents the average accuracy of all evalu-
ated models on the PuzzleClone test set, grouped
by their originating seed puzzles. For most seed
puzzles, the hard variants yield lower average ac-
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Listing 1: DSL Specification for the “Hamburger”
Puzzle (Part 1/2).

variables:
s_num: {type: int, domain: "[4, 71", diff_factor:
13
f_num: {type: int, domain: "[3, 51", diff_factor:
13

names: {formula: get_faker (s_num,

food: {formula: get_faker (f_num,
symbols:

buy: {source:
conditions:

purchased_at_least_one_kind:

formula: And([Or([buy[(p, f)1 for f in food])
for p in names])

"{s_num} students, {', '.join(names)},
have purchased at least one kind of food:
{','.join(food)}."
if_a_then_not_b:

source: [food, "[False, Truel”]

amount: ['2', '2']

formula: >

And([Implies(buy[(p, _sym[@0][@])] if _sym
[1][e] else Not(buy[(p, _sym[@l[el)1),
buy[(p, _sym[@1[11)] if _sym[1][1] else
Not (buy[(p, _sym[@][11)1)) for p in names
n

desc: >

People who {'did not buy' if _sym[1][0] else '
bought '} {_sym[@][0]} {'did not buy' if
_sym[11[1] else 'bought'} {_sym[@J[1]}

at_least_one_person_bought:

source: [food]

domain: "[1, 2]"

formula: Or([buy[(p, _sym[@])] for p in names])

desc: At least one person bought {_sym[0]}.
a_bought_b:

source: [names, food, "[False, Truel"]

domain: "[s_num*f_num//3, s_numxf_num//2]"

formula: buy[(_sym[@], _sym[11)] == _sym[2]

desc: "{_sym[@]} {'bought' if _sym[2] else 'did

not buy'} {_sym[1]1}."
a_b_exclusive:

source: [names]

amount: ['2']

domain: "[1, 2]"

formula: >

And ([Implies(buy[(_sym[@]I[@], f)I, Not(buy[(

_sym[@]1[1], f)1)) for f in foodl)

"{_sym[@][1]} did not buy any items that {
_sym[@][@]} bought.”
assumption:

'name ')}
'food ')}

[names, food], type: bool}

desc:

desc:

source: [names, "range(2, f_num)"]
amount: ['2', '"1']
formula: And([Sum([If(buyl[(p, f)1, 1, @) for f
in foodl) == _sym[1][@] for p in
_sym[0]11)
desc: "If both {_sym[@][@]} and {_sym[@][1]}

bought {_sym[1][@]} kinds of products,6”

curacy compared to the normal ones, demonstrat-
ing the effectiveness of our difficulty stratification.
However, for certain seed puzzles, the hard subset
shows unexpectedly higher accuracy. This coun-
terintuitive trend reveals limitations in our current
difficulty scoring method, which may not fully cap-
ture the underlying reasoning complexity. For a
more detailed analysis, please refer to the Revisit-
ing Difficulty Estimation part in Section 6.

G Details of Dynamic Rephrasing

This section introduces dynamic rephrasing, a key
functionality of PuzzleClone that enables trans-
forming the original puzzle into new languages

Listing 2: DSL Specification for the “Hamburger”
Puzzle (Part 2/2).

# --- (Continuation) Spec of "1-hamburger” ---
queries:
question:
desc: "which of the following must be true?”
opt_num: 4
templates:
- source: [names]
amount: ['2']
cond: all
opt_formula: >
sum([1 for f in food if get_value(_model,
And (buy[(_opt[@l[@], )1, buy[(_opt
[ell11, 1)1 ==1
opt_text: >
There is exactly one food item that both {
_opt[@][0]} and {_opt[@I[1]1} bought.
- source: [names, food, "[False, Truel”]
amount: ['1', "1', '"1']
cond: all
opt_formula: get_value(_model, buy[(_opt
[01[e], _opt[11[01)1) == _optl[2][0]
opt_text: "{_opt[@][0]} {'bought' if _opt
[2]1[0] else 'did not buy'} {_opt[1][0]1}."
desc: >
{purchased_at_least_one_kind}Their choices satisfy
these conditions: {if_a_then_not_b}{
at_least_one_person_bought}{a_bought_b3}{
a_b_exclusive}{assumption}{question}

or scenarios in a fully accurate and verifiable way.

Given an original puzzle P generated by a pair
of specification and configuration files (Qs and
(2¢), PuzzleClones enabling adapting P to a new
Puzzle P’ based on a new specification file @,
where Q' and Q) differ only in the descriptive texts.
During generation, the values of all variables and
parameters of symbols, conditions, and queries will
be directly extracted from (). instead of through
randomization. This new puzzle can be validated
in a similar manner to the reproduced seed puzzle,
ensuring its validity.

It is important to note that in a few cases, the
values of some variables or parameters still need
to be randomized, such as the names of people
mentioned in the puzzle randomized by Faker. To
accommodate such cases, PuzzleClone enables par-
tial config-based generation, enabling users to spec-
ify variables for randomization through command-
line options.
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Listing 3: DSL specification for the “Graduation”
puzzle.

variables:
p_num: {type: int, domain: "[6, 12]", diff_factor:
13
select_num: {type: int, domain: "[p_num // 2 - 1,
p_num // 2 + 11"}
names: {formula: generate_letters(p_num)}
name_desc: {formula: "', '.join(names)"}
symbols:
events: # Represents whether a person is selected
source: [names]
type: bool
desc: "{_names} was selected for the ceremony"”
conditions:
base: # Total number of selected people
formula: gen_event_count_condition(events, '
equal', select_num)
desc: "Select {select_num} people for the
graduation ceremony."
condl: # XOR condition
source: [events]
domain: "[1, 31"
amount: ['2']
formula: gen_event_count_condition(_sym[0@],
equal', 1)
desc: "Either {get_p(_sym[@][@], 'names')} or {
get_p(_sym[@][1], 'names')} must be
selected, but not both.”
cond2: # Implication condition
source: [events]
domain: "[1, 31"
amount: ['2']
formula: Implies(_sym[@][1], _sym[@][@])
desc: "Unless {get_p(_sym[@][0], 'names')} is

selected, {get_p(_sym[@][1], 'names')}
cannot be."
queries:
question:

source: [events]
desc: "Which of the following could be a valid
selection?”
opt_num: 5
amount: [select_num]
cond: any
opt_formula: sum([get_value(_model, _opt[@][il)
for i in range(select_num)]) == select_num
opt_text: "{', '.join(get_p(_opt[@], 'names'))}"
q2:
source: [events]
desc: "The selected group must include:”
opt_num: 4
amount: ['2']
cond: all
opt_formula: sum([get_value(_model, _opt[@][il)
for i in range(2)]) >= 1
opt_text: "{get_p(_sym[@][@], 'names')} or {
get_p(_sym[@]J[1], 'names')}."
q3:
source: [events]
desc: "Which two people cannot be selected at
the same time?”
opt_num: 5
amount: ['2']
cond: all
opt_formula: sum([get_value(_model, _opt[@][il)
for i in range(2)]) <=1
opt_text: "{get_p(_sym[@][@], 'names')} and {
get_p(_sym[@I[1], 'names')}"
desc: "From {p_num} graduates ({name_desc}), {base}
The selection must satisfy these conditions: {
cond1} {cond2} {queries}”

Listing 4: DSL specification for the “Vase” puzzle.

variables:
p_num: {type: int, domain: "[3, 101", diff_factor:

13
broken_vase_num: {type: int, domain: "[1, round(
p_num / 3)1"}
names: {formula: get_faker(p_num, 'name')}
name_desc: {formula: "', '.join(names)"}

symbols:

names_s: # Who broke the vase
source: [names]
type: bool
desc: "{_names} broke the vase"”

speeches_s: # What each person said
source: [names_s, "[True, Falsel”, "['eq']"]
domain: p_num
domain_cond: false # Allow duplicate speeches
formula: make_expr(_sym[2], _sym[@], _sym[1])

desc: >
{names[_index]} says: "{get_p(_sym[@], 'names
)3
{'broke' if _sym[1] else 'did not break'} the
vase"

conditions:
condl: # Total number of culprits
formula: gen_event_count_condition(names_s,
equal ', broken_vase_num)
desc: >
The mother knows {broken_vase_num} of {p_num}
children broke the vase.
cond2: # Culprits are liars
formula: "[Implies(names_s[names[i]], Not(
speeches_s[i])) for i in range(p_num)]”
desc: "The children who broke the vase are
definitely lying."
queries:
question:
desc: "Who broke the vase?”
ans_formula: >
get_p(get_TF_events_for_each_solution(names_s,

_solutions, True), 'names')
ans_text: "','.join(_ans[0])"
ans_assertion: len(_ans) == 1

desc: >
There are {p_num} children: {name_desc}. {
broken_vase_num} broke a vase.
Their statements: {', '.join(get_desc(speeches_s))
}. {cond1}, and {cond2}. {question}
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Listing 5: DSL specification for the “Wine” puzzle.

variables:
wine_num: {type: int, domain: "[6, 12]",
diff_factor: 1}
beer_num: {type: int, domain: "[1, 21"}
bought_wine_of_first_customer: {type: int, domain:
"[1, wine_num/2]1"}
vol_times: {type: int, domain: "[2, 51"}
wines: {formula: generate_letters(wine_num)}
symbols:
wine_s: # Each barrel has a volume and belonging
(0:beer, 1:custl, 2:cust2)
source: [wines]
attr: [volume, belonging]
type: [int, int]
conditions:
wine_belonging: {formula: "And([Or(x==0, x==1, x
==2) for x in wine_s.get('belonging')1)"}
wine_0:
formula: "Sum([If(x==0, 1, @) for x in wine_s.
get('belonging ')]) == beer_num”
desc: "{beer_num} barrels contain beer.”
wine_1:
formula: "Sum([If(x==1, 1, @) for x in wine_s.
get('belonging ')]) ==
bought_wine_of_first_customer”
desc: "The first customer bought {
bought_wine_of_first_customer} barrels of
wine."”
wine_times:
formula: >
Sum([If(x1 == 2,x2,0) for x1,x2 in zip(wine_s.
get('belonging '), wine_s.get('volume'))])
== vol_times * Sum([If(x1==1,x2,0) for x1,x2
in zip(wine_s.get('belonging'), wine_s.
get('volume '))1)
desc: "The second customer bought {vol_times}
times the volume of the first.”
wine_volume_domain: {formula: "And([And(x > @, x
<= 50) for x in wine_s.get('volume')])"}
wine_volume_distinct: {formula: "
gen_event_count_condition(wine_s.get('volume
'), 'distinct')"}
post_generation: # Solve for volumes first, then fix
them
post_gen_vars:
vol: "get_value(_sol, wine_s.get('volume'))"
post_gen_conditions:

vol_cond:
formula: "And([wine_s[w].get('volume') == vol[
i] for i, w in enumerate(wines)]1)"”
queries:
question:

source: [range(@, wine_num)]
desc: "Which barrel(s) contain beer? Please
provide the letters for the correct options

opt_num: 4
amount: [beer_num]

cond: all
opt_formula: "sum([get_value(_model, wine_s[
wines[_opt[@][i]]].get('belonging')) ==
for i in range(beer_num)]) == beer_num”
opt_text: "{','.join([str(vol[_opt[@][i]]) for i
in range(beer_num)])3}"
desc: >
A merchant has {wine_num} barrels of wine and beer

with volumes: {','.join([str(v) + gallons'
for v in voll)3}.
There are {wine_num - beer_num} barrels of wine. {
wine_0}, {wine_1}, and {wine_times}.

No wine is left. {question}

Listing 6: DSL specification for the “Product” puz-

zle.
variables:
p_num: {type: int, domain: "[6, 171", diff_factor:
1}
products: {formula: get_faker(p_num, 'product')}
names: {formula: get_faker (1, 'name')}
symbols:
pos: # The position of each product on a conveyor
belt
source: [products]
type: int
conditions:

pos_domain: {formula: "And([And(pos[x] >= 1, pos[x
1 <= p_num) for x in products])”"}
pos_distinct: {formula: "gen_event_count_condition
(pos, 'distinct')"}
condl: # Relative distance between products
source: [products, "range(l, p_num - 2)"]
amount: ['2', '1']
domain: "[p_num // 2, p_num]”
formula: "Or(pos[_sym[@][0]] - pos[_sym[@][1]]
== _sym[1]1[0], pos[_sym[@][11] - pos[_sym
[01[0]] == _sym[1][01)"
desc: "{_sym[0][0]} and {_sym[@][11} have {'no'
if _sym[1][@] == 1 else str(_sym[1][0] - 1)
} items between them.”
cond2: # Adjacent products
source: [products]
amount: ['2']
domain: "[1, p_num // 2]"
formula: "pos[_sym[@][1]] - pos[_sym[@][0@]] ==
1
desc: "{_sym[0][1]} is placed immediately after
{_sym[0][0]}."
cond3: # Absolute position constraint

source: [products, "range(l, p_num+1)"]
amount: ['1', "'"1']
domain: "[@, p_num // 31"
formula: "pos[_sym[@J[e]] != _sym[1][0]"
desc: "{_sym[@][@]} is not in position {_sym
[11Ce]}.”
max_solution: 600
queries:
question:

source: [products, "range(l, p_num+1)"]
desc: "If the statements are true, which of the

following must be true?”
opt_num: 6

amount: ['1', '1']
cond: all
opt_formula: "get_value(_model, pos[_opt[@][0]])
== _opt[1][e]”
opt_text: "{_opt[@][@]} is in position {_opt
[11Ce]1}.”
desc: >

After shopping, {names[@]} placed {p_num} items on
a conveyor belt,

ordered from front to back (pos 1 to {p_num}). {
conditions} {question}
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Listing 7: DSL specification for the “Exam” puz-
zle.

variables:
p_num: {type: int, domain: "[4, 10]", diff_factor:
13
exam_num: {type: int, domain: "[2, p_num]”,
diff_factor: 1}
num_performed_well: {type: int, domain: "[1, p_num
- 11y
names: {formula: get_faker(p_num, 'name')}
exams: {formula: get_faker(exam_num, 'major ')}
symbols:

performed_well: {source: [names], type: bool}
passed: {source: [names, exams], type: bool}
conditions:
num_performed_well_cond:
formula: gen_event_count_condition(
performed_well, 'equal', num_performed_well

desc: "Only {num_performed_well} of {p_num}
people performed well.”
cond1:
source: [exams]
amount: ['2']
domain: "[p_num, p_numl]”
domain_cond: false
formula: >
And(Implies(performed_well[names[_index]],
passed[(names[_index], _sym[0@][0]1)]),
Implies(Not(performed_well[names[_index]1])
, Not(passed[(names[_index], _sym
[e1l11)I)))
desc: '{names[_index]} says: "If I perform well,
I will pass {_sym[@][@]}. If not, I will
fail {_sym[@1[113}.""
only_one_who_passed_some_exam:
source: ["['False', 'True']l"]
amount: ['2']
domain: "[2, 2]"
formula: >

Or ([Sum(LIf(And(passedl(p, e)] == _sym[Q][1],
performed_well[p] !'= _sym[0I[0]),
1, @) for p in names]) == @ for e in exams
n
desc: >

For one subject, only those who performed {'
well' if _sym[@][0] else 'poorly'}
{'" if _sym[@][1] else 'did not '}pass.
max_solution: 500
queries:
question:
desc: "Who performed well?”
ans_formula: to_unique([[p for p in names if
get_value(_model, performed_well[p])] for
_model in _solutions])

ans_text: "','.join(_ans[@])"
ans_assertion: len(_ans) <= 1
desc: >
{p_num} people ({', '.join(names)}) took {exam_num
} exams ({', '.join(exams)}).

{num_performed_well_cond} Statements: {cond1} Also
{only_one_who_passed_some_exam} {question}
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The p pt for seed p

>

HE—RBIENFHRR, BEdEMFAESHARS ZRLMITER. MIFR—
FEBAASMER, FHBBEHRHM—ERRE ST R,

### FIEKIR

1. ERTHELRENSERAAIMURIER, HERRWEMENIEN ?
2. BEEER BRI SMT (FIARMRIEL) PR, Hild SMTREZR (W123) 7E7]
BZABEHREEERRE ?

YR EFENEAIIMIL, EEE is_seed_puzzle' J3 ‘True', @EBHRIE] “code’ FfREY
python SREZ(LES ; BUR[E “is_seed_puzzle® 3 “False™, FBYE[E “code™ 73 'null’s
“reason’ RIREVHIBTHKIE, X is_seed_puzzle® 73 "False BY, TEFE reason’ HHBARKE
I RIE.

g0 : AE—DRREAER :

" json

“question”: "B— PN EEBXIN L13Z—NFAHE, xMESRB—MIIAH, BLMNERS

b2

"answer": "3"

uzzle": true,
“reason”: "% RAE PIAE A LARBA BRIV TG (4013715) HEM|KM (FHBAILS
#) , BRLUELSMTRARSRIEAEZBEMANTEEENRE, ",

"code": "from z3 import *\n\nx = Int('x‘)\nsolver = Solver(\r\n# T X Z&fH\nsolver.add(x >
0)\nsolver.add(Exists(y], y * y == x + 13))\nsolver.add(Exists([z], z * z * z == x + 5))\n\n# RER\nif
solver.check() == sat\n  m = solver.model(\n print(m[x])\nelse:\n print(\"No solution
found\")"

}

### FFOIREE
" json

"question": {question},
"answer": {answer},

##t# Bl E B
EBEHEGRE— JSON 3%, #E40F :
T json

"is_seed_puzzle": <true or false>,

“reason": <reason>,
“"code": <python code or null>

D IERARIIH ()9 JSON BiE, FEREIHEMNANFERE,

| am a data science researcher aiming to generate a large number of derivative puzzles from a
single seed puzzle. You are an expert in mathematical logic problem analysis, and your task is to
determine whether a given puzzle is suitable to be used as a seed puzzle.

### Evaluation Criteria

1. Are there variable values or logical conditions in the puzzle that can be randomly replaced
without altering the semantics of the question?

2. Can the puzzle be translated into an SMT (Satisfiability Modulo Theories) problem and solved
using an SMT solver (e.g., Z3) within tractable time and memory bounds?

If both criteria are satisfied, return "is_seed_puzzle® as “true", and provide the corresponding
Python code in “code .

Otherwise, return “is_seed_puzzle" as “false’, and set “code’ to “null". The “reason" field
should contain your justification, and if “is_seed_puzzle" is “false", please specify which
criterion is not satisfied.

For example, given the following question and answer:

" json
{

"question”: "A positive integer x plus 13 is a perfect square, and x plus 5 is a perfect cube. What
is the value of x?",

“"answer": "3"

The expected response would be:
" json

"is_seed_puzzle™ true,

"reason": "The puzzle contains variable values (e.g., 13 and 5) and logical conditions (perfect
square and cube) that can be randomly replaced without changing the semantics. It can also be
solved within reasonable time and memory limits using an SMT solver.",

"code": "from z3 import *\n\nx = Int('’x’)\nsolver = Solver(\n\n# Define the

i Iver.add(x > 0)\nsolver.add(Exists([y], y * y == x + 13))\nsolver.add(Exists([z], z * z
*z==x+ 5))\n\n# Solve\nif solver.check() == sat:\n m = solver.model(\n print(m[x])\nelse:\n
print(\"No solution found\")"

}

### Puzzle to Analyze
" json

"question”: {question},
“answer": {answer}

### Response Format
Please respond with a JSON object in the following format:
" json

“is_seed_puzzle": <true or false>,

"reason": <reason>,

"code": <python code or null>

.

Note: Ensure the output is strictly a JSON object, without any additional text or explanation.

Figure 6: Seed Puzzle Selection Prompt for filtering seed puzzles via the Qwen2.5-72B-Instruct model.
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Field

Type

Description

custom_operator

variables

symbols

conditions

calc_solution

max_solution

post_generation

dict (opt)

dict

dict (opt)

dict (opt)

bool

int

PostGen (opt)

A dictionary of custom operators. The key is the operator
name (e.g., "double"), and the value is a string containing
either a Python lambda function (e.g., "lambda x: x*2") or
the path to a Python file defining the operator.

A dictionary defining the puzzle’s parameters. The key is
the variable name and the value is a Variable object. See
Table 7 for details.

A dictionary defining the symbols to be solved. Keys
are symbol group names. Values can be DefinedSymbol,
DerivedSymbol, or DerivedSymbols objects. See Tables 8
and 9.

A dictionary of constraints. Keys are condition names. Val-
ues can be StaticCondition or DynamicCondition objects.
See Tables 10 and 11.

If true (default), the solver will compute the set of valid
solutions for the generated puzzle instance.

The maximum number of valid symbol configurations to find.
If the solver exceeds this limit (default 6000), it halts. This
refers to satisfying all constraints, not the final answer to a

query.
Defines operations to be performed after the initial solution is

found, such as deriving new variables from the solution. See
Table 14.

optimize Optimize (opt) Defines an optimization objective for problems that require
minimizing or maximizing a certain value. See Table 15.
queries dict (opt) A dictionary of questions for the puzzle. The key is the query
name and the value is a Query or a selection-based query
object. See Tables 12 and 13.
desc str A natural language template for the puzzle’s introductory text,
which can include placeholders for variables.
Table 6: Schema for the PuzzleTemplate Root Object.
Field Type Description
type str (opt) The data type of the variable, e.g., "int", "bool”. Must be defined
if formula is not defined.
domain str (opt) A string representing the variable’s value space. Examples: "[1,
101" for integers, "[’red’, ’blue’]" for string options. Must be
defined if formula is not defined.
formula str (opt) A Python expression string to compute the variable’s value. Ex-

ample: "randint(1,6) + randint(1,6)". If defined, type and
domain must be omitted.

Table 7: Schema for the Variable Object.

33397



Field

Type

Description

source

attr

type

desc

list[str]

list[str] (opt)

strorlist[str]

stror list[str] (opt)

A list of string expressions that serve as primary
keys. For example, if source is ["children”] and
the variable children is ["Alice"”, "Bob"], two
symbols are created.

A list of attribute names for the symbol (e.g.,
["color”, "size"]). If not provided, the sym-
bol is a simple value. If provided, the symbol is a
dictionary-like object with these attributes.

The Z3 type(s) for the symbol (e.g., "Int"”, "Bool").
Must be a single string if attr is not defined. Must

be a list of strings matching the length of attr if it
is defined.

A natural language description template. Follows
the same format constraints as type based on the
presence of attr.

Table 8: Schema for the DefinedSymbol Object.
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Field Type Description

source list[str] Data sources for selection. Each string is an expression
evaluating to a list (e.g., a variable name or a literal list like
11[1 , 2’ 3]::).

amount list[str] (opt)  The number of items to select from each corresponding
source. If omitted, one item is selected from each source.
Length must match source.

order list[bool] (opt) If true for a source, selection order matters (permutation).
If false, it does not (combination). Defaults to all true.
Length must match source.

duplicate list[bool] (opt) If true for a source, items can be selected more than once.
Defaults to all false. Length must match source.

domain str (opt) The total number of symbols (selections) to generate. Can
be an integer literal or a variable name.

domain_cond bool If true (default), identical symbol combinations are disal-
lowed across the entire selection process.

dim int The number of dimensions for the symbol (default 1). Use-
ful for creating matrices of related symbols.

dim_cond list (opt) A list of lists specifying inter-dimensional constraints.
Each inner list contains source indices whose selected val-
ues cannot be identical.

custom_cond list (opt) A list of custom constraint dictionaries. Each dictionary
specifies a scope ("domain” or "dim"), a list of source
fields, and a Python lambda constraint string.

formula str (opt) A Python expression string that defines the Z3 constraint
for the generated symbol.

desc str A natural language description template for the set of gen-
erated symbols.

Table 9: Schema for the DerivedSymbol Object.
Field Type Description
formula str The constraint logic as a Python expression string (e.g., "x + y <
10").
desc str (opt) The corresponding natural language description for the puzzle text.

Table 10: Schema for the StaticCondition Object.
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Field Type

Description

source list[str] Data sources for parameter selection, same as in
DerivedSymbol.

amount list[str] (opt) Number of items to select from each source, same as in
DerivedSymbol.

domain str (opt) The number of conditions to generate, specified as a range
string (e.g., "[1, 51"). If omitted, one condition is gener-
ated.

domain_cond bool If true (default), identical parameter combinations are disal-
lowed.

custom_cond list (opt) Custom constraints on parameter selection, same as in

DerivedSymbol.

Table 11: Additional fields for the DynamicCondition Object.

Field Type Description

desc str The natural language text of the question.

ans_formula str A Python expression to compute the correct answer from the solu-
tion.

ans_text str A template for formatting the display of the answer.

ans_assertion str (opt) A Python expression that must evaluate to true for the answer to be

considered valid (e.g., to ensure a unique solution exists).

Table 12: Schema for the Query (Open-Ended) Object.

Description

Base fields for all selection queries include desc, query_type, select_type, and opt_num.

Field Type
source list[str]
cond str
opt_formula str
opt_text str (opt)
custom_cond list (opt)

Data sources for generating option parameters.

n n

Condition scope for an option to be correct/incorrect. "any":

satisfies at least one solution; "all”: satisfies all solutions.

A Python expression that evaluates the correctness of a generated
option.

A template for the display text of the option.

Custom constraints on option parameter selection.

Table 13: Schema for the QuerySelectionTemplate Object (for multiple-choice options).

Field Type

Description

post_gen_vars dict (opt)

post_gen_conditions dict (opt)

A dictionary to define new variables. Keys are new variable names,
values are Python expressions to extract values from the solution.

A dictionary to add new constraints. Keys are new constraint
names, values are StaticCondition objects.

Table 14: Schema for the PostGen Object.
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Field

Type Description

type str  The optimization type: "minimize"” or "maximize"”.
formula str  The formula representing the value to be optimized.
Table 15: Schema for the Optimize Object.
Category Setting Value
Objective Task Supervised fine-tuning (prompt: chat_template)
Model & Optimization Base model Qwen2.5-7B-Instruct
Model max length 32,768
Per-device batch size 1
Grad accumulation steps 4
Learning rate 1x107°
Weight decay 0.05
Warmup ratio 0.03
LR scheduler cosine
Regularization & Checkpointing ~ Gradient checkpointing True
Filter by length True
Save only model True

Precision Numeric formats bf16=True; tf32=True
Distributed / System DeepSpeed ZeRO-3 Offload
Dataloader workers 1
Training & Logging Epochs 6
Evaluation eval_strategy=no
Saving save_strategy=steps; save_steps=615;
save_total_limit=999
Logging logging_steps=1; report_to=none
Compute GPUs 16 (8 H100 per node X 2)
Table 16: Key hyperparameters for SFT training.
Category Setting Value
Algorithm RL type PPO with GRPO advantage estimator

KL regularization

Critic warmup

use_kl_loss=True; kl_loss_coef=0.001;
kl_loss_type=low_var_kl; use_kl_in_reward=False;
entropy_coeff=0

Model & Optimization

Base model

Qwen2.5-7B-Instruct

Learning rate 1x107°
Gradient checkpointing True
PPO mini-batch size 128
Dynamic batch size True
Max token len / GPU (PPO) 24,000
Rollout / Inference Engine vLLM; use_remove_padding=True
Generations per prompt n=>5
Max batched tokens (rollout) 5,120
GPU memory utilization 0.6
Tensor model parallel size 2

Distributed / FSDP Strategy fsdp2 (actor / ref / critic / reward model)

Offload actor: param=False, optimizer=False; ref: param=True
Training & Logging Epochs 5

Validation val_before_train=True

Save / Test freq (steps) save=290); test=80

Logger console, tensorboard
Compute GPUs 16 (8 H100 per node x 2)

Table 17: Key hyperparameters for GRPO training.
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f The prompt for wrapping puzzles \

o Single Choice

ARMEEED (RE-NEWEM) , BEDRREREATX—S—SHIE, HEA
AW ERETIEEE\boxed3Ho

This is a multiple-choice question (only one correct option). Please read the question

carefully and reason step by step in Chinese, then put your final selected option inside
\boxed{}.

e Short Answer

FAREED, EREAEERATN—S—FHIE, HIHENRLEHERRIE
\boxed{}*o

This is a short-answer question. Please read the question carefully and reason step by
step in Chinese, then place your concise final answer inside \boxed{}.
© Fillin The Blanks

ARZELY, FARAEEATN—S SR, HAFEEPERNES, HEX
LE B LEB KT \boxed G

This is a fill-in-the-blank question. Please read the question carefully and reason step by
step in Chinese to fill in the missing parts, then put all filled contents inside \boxed{}.

Q Multiple Queries

u LT H{gtype_lenpE/\E, 732 (qtype_list), EAHX—H—SHIR, FHFRL

NANRAERBINFA—BIECERKRE, HA\boedFRAEROE, IRRS
ﬁ%, Eﬁ%ﬁﬁi&bﬁf‘i?ﬂd\ﬂM%ﬁgﬁ ; MRBEHER, IHHEEEEREN
AHRAER.

There are {qtype_len} sub-questions below, which are {qtype_list}. Please reason step

by step in Chinese, and summarize all final answers in order at the end of your response,
wrapped inside \boxed{}. For single choice questions, provide the correct option; for
short-answer questions, give the concise final answer.

o %

Figure 7: Question-Type Prompt Wrappers for LLM
reasoning/training.
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Figure 8: Distribution of duplicated instances across 32 seed puzzles. Only seed puzzles with at least one duplicate

are shown.
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4-weekday

5-knapsack

6-partition
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Figure 9: The average accuracy of all models on the PuzzleClone test set grouped by the seed puzzles.
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