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Abstract

Recent progress in Large Reasoning Models
(LRMs) has significantly enhanced the rea-
soning abilities of Large Language Models
(LLMs), empowering them to tackle increas-
ingly complex tasks through reflection capa-
bilities, such as making assumptions, back-
tracking, and self-refinement. However, effec-
tively evaluating such reflection capabilities re-
mains challenging due to the lack of appro-
priate benchmarks. To bridge this gap, we
introduce LR2Bench, a novel benchmark de-
signed to evaluate the Long-chain Reflective
Reasoning capabilities of LLMs. LR?Bench
comprises 850 samples across six Constraint
Satisfaction Problems (CSPs) where reflective
reasoning is crucial for deriving solutions that
meet all given constraints. Each type of task
focuses on distinct constraint patterns, such
as knowledge-based, logical, and spatial con-
straints, providing a comprehensive evaluation
of diverse problem-solving scenarios. Our ex-
tensive evaluation on both conventional LLMs
and LRMs reveals that even the most advanced
LRMs, such as DeepSeek-R1 and OpenAl
ol-preview, struggle with tasks in LR?2Bench,
achieving an average Exact Match score of only
20.0% and 23.6%, respectively. These findings
underscore the significant room for improve-
ment in the reflective reasoning capabilities of
current LLMs. !

1 Introduction

Recent advancements in Large Reasoning Models
(LRMs), exemplified by QwQ-32B, DeepSeek-R1,
and OpenAl-ol (Qwen, 2024; Guo et al., 2025;
OpenAl, 2024a), have demonstrated substantial
progress in the reasoning capabilities of Large Lan-
guage Models (LLMs). These models exhibit more
human-like behaviors, such as making assumptions,
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Please solve the Sudoku:
[10,3,0,1],/0,0,4,0],/0,2,0,0],/3,0,1,0]]

( )
Let's tackle this 4 x 4 Sudoku step by step.

Step 7: Assume a value for cell (0, 0) and
proceed.

Cell(0,0): possible 2 or 4
Let's assume cell(0, 0)=2.

But we have cell (0, 2)=4 and cell(1,
2)=4, which is invalid because columns
must have unique numbers.

Therefore, my assumption that cell(0,
0)=2 is incorrect.

Step 8: Set cell(0, 0)=4.

o=
IV
* Make Assumptions

* Trial and Error
* Backtracking and Reflection «

Figure 1: The response demonstrates the model’s reflec-
tive reasoning process while solving a Sudoku problem.

verification, backtracking, and self-correction, en-
abling them to address increasingly complex chal-
lenges across various domains (Zhong et al., 2024;
Wu et al., 2024; Wang et al., 2024; Sun et al., 2025).

Despite this progress, the reflection capabilities
of LLMs remain largely unexplored. Reflection can
be defined as the process of engaging in attentive,
critical, exploratory, and iterative self-interactions
with one’s thoughts, actions, and underlying con-
ceptual frameworks (Nguyen et al., 2014). Exist-
ing research predominantly focuses on evaluating
LLMs’ abilities to utilize explicit feedback for self-
criticism or self-refinement (Li et al., 2024b; Lan
et al., 2024; Gou et al., 2024; Sun et al., 2024,
Lin et al., 2024). However, these approaches over-
look a fundamental question: Can LLMs sponta-
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Task Ditficulty Samples Constraint Constraint Constraint Reflection
Crossword 5%5,10x10, 15x15 150 v X v v
Acrostic Easy, Hard 100 v X 4 v
Logic Puzzle 4x4,4x5,4x6,4x7 200 X v X v
Cryptogram  Easy, Hard 100 v X X v
Sudoku 4x4,9x9 / Easy, Hard 200 X v v v
Drop Quote  Easy, Hard 100 v X v v

Table 1: Data statistics of LRZBench.

neously engage in the whole reflection process to
solve more complex tasks? Reflection is not simply
about reacting to feedback. It also encompasses ex-
ploring possible solutions, assessing and adjusting
strategies, and adapting when confronted with con-
tradiction. To better understand how LLMs might
engage in these capabilities, we consider Constraint
Satisfaction Problems (CSPs). CSPs are defined as
a set of variables whose state must satisfy specific
constraints, which inherently require iterative ex-
ploration in a large search space without predefined
solution paths (Dechter, 2003). As shown in Fig-
ure 1, the response of QwQ-32B-Preview (Qwen,
2024) to Sudoku, a classic CSP, exemplifies a typi-
cal reflection process. This task presents a scenario
with row, column, and grid constraints, requiring it-
erative trial-and-error to determine valid values for
each cell. The model initially makes an assumption,
then identifies a conflict, and finally backtracks to
correct its initial guess. This demonstrates an ef-
fective reflective reasoning process often absent
from standard NLP tasks, such as summarization,
translation, and question-answering.

Therefore, to systematically investigate reflec-
tive reasoning in LLMs, we propose LR?Bench,
a novel benchmark for evaluating the Long-
chain Reflective Reasoning capabilities of LLMs.
LR?Bench consists of six CSPs: Crossword, Acros-
tic, Logic Puzzle, Cryptogram, Sudoku, and Drop
Quote. Each task necessitates reflection processes
and emphasizes specific constraint patterns, such as
knowledge-based constraints, logical constraints,
and spatial constraints, ensuring a comprehensive
assessment of LLMs’ reflective reasoning capabili-
ties across diverse problem-solving scenarios. We
manually collect and annotate a total of 850 ex-
amples spanning multiple difficulty levels across
all task types. Through extensive experiments, we
observe that even current top-performing LRMs
(e.g., DeepSeek-R1 and ol-preview) struggle to
complete tasks in LR?Bench, underscoring sub-

stantial room for improvement in this critical area.
Furthermore, most conventional LLMs exhibit in-
ferior performance to LRMs and achieve near-zero
sample-level accuracy in LR?Bench, highlighting
the essential role of reflective reasoning skills in
tackling the challenges posed by our benchmark.

Our contributions are summarized as follows: 1)
We introduce LR?Bench, a novel benchmark with
six tasks and diverse difficulty levels, designed to
evaluate the long-chain reflective reasoning capa-
bilities of LLMs. 2) We conduct a comprehensive
evaluation of reflective reasoning capabilities in
both conventional LLMs and LRMs. 3) We present
a detailed analysis of the limitations exhibited by
current LLMs on LR?Bench, establishing a foun-
dation for future research on the development of
advanced reasoning models.

2 LR?Bench

In this section, we introduce the construction
process of LR?Bench. Section 2.1 provides an
overview of each task. Section 2.2 discusses the
diverse scenarios targeted by LR?Bench. Section
2.3 shows the annotation process and data statis-
tics, and Section 2.4 outlines the evaluation metrics.
Figure 2 illustrates the data collection, annotation,
and evaluation pipeline of our LR?Bench.

2.1 Task Overview

We first introduce the task descriptions and col-
lection methods for six CSPs in LR?Bench. To
better evaluate the reflection capabilities, we con-
sciously selected CSPs that mainly rely on common
knowledge. This minimizes the potential bias of
domain-specific expertise and allows us to more
rigorously assess the model’s ability for iterative
exploration and self-correction. For detailed tasks
information, please refer to Appendix A.

Crossword The Crossword task requires infer-
ring correct words from given clues and filling them
into a grid. A key challenge lies in satisfying the
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Figure 2: The overall pipeline of LR?Bench, illustrated with the Sudoku task.

constraint of shared letter intersections between
horizontal and vertical words. We collected 150
Crossword samples published in 2024 from Los
Angeles Times? and Vulture? in three sizes: 5 x 5,
10 x 10, and 15 x 15, with 50 ones for each size.

Acrostic The Acrostic task involves word clues
like Crossword, but its objective is to form a hid-
den quotation or sentence from the answers to the
clues. This requires that the answer words not only
satisfy the corresponding clues but also effectively
integrate to construct the ultimate hidden message.
We collected 50 easy and 50 hard Acrostic samples
from Printable Puzzles* with timestamps ranging
from September 2024 to December 2024.

Logic Puzzle The Logic Puzzle task constitutes
a problem that necessitates logical reasoning to de-
duce relationships between a set of entities based
on the given constraints and clues. The objective
is to systematically analyze the given information,
employing techniques such as hypothesis forma-
tion, elimination, and deductive inference, to de-
termine a unique solution that satisfies all given
constraints. We collected 50 puzzles for each of
the four sizes (4 x 4,4 x 5,4 x 6, and 4 x 7) from

2https://www.latimes.com

3https://www.vulture.com

4https://www.printable—puzzles.com/
printable-acrostic-puzzles.php

Printable Puzzles®, with timestamps ranging from
September 2024 to December 2024.

Cryptogram The Cryptogram task involves the
decryption of an encrypted quotation or sentence,
where each letter of an original text is substituted
with another, resulting in an apparently nonsense
text. Decryption requires identifying patterns, com-
mon letter frequencies, and word structures to de-
duce the letter-to-letter correspondences, ultimately
reconstructing the original content. We collected
50 easy and 50 hard samples from Printable Puz-
zles® with timestamps ranging from September
2024 to December 2024.

Sudoku The Sudoku task consists of filling a
n? x n? grid with digits from 1 to n?, subject to the
constraint that each row, column, and n x n subgrid
contains all digits from 1 to n? without repetition.
Success in Sudoku relies on logical deduction and
careful consideration of the existing digits to deter-
mine valid placements for the remaining numbers.
From Isudoku’, we collected 200 Sudoku samples
in total: 50 easy and 50 hard samples for both 4 x 4

and 9 x 9 sizes.

Drop Quote The Drop Quote task comprises a
grid of multiple rows and columns, with each col-

5https://www.printable—puzzles.com/
printable-logic-puzzles.php

https://www.printable-puzzles.com/
printable-cryptograms.php

"https://1sudoku.com
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umn providing a set of candidate letters. The task
requires determining the correct row for letters in
each column, effectively "dropping" it into target
place to reveal the hidden quotation. We created
50 easy samples by manually compiling common
quotations, and collected 50 hard samples from
Printable Puzzles®, with timestamps ranging from
September 2024 to December 2024.

2.2 Diverse Scenarios

Each type of task within LR?2Bench focuses on
different constraint patterns, providing a compre-
hensive framework to evaluate models’ reflective
reasoning capabilities across diverse scenarios. We
further explore the varying capabilities required for
completing the tasks in LR?Bench.

Reflection Reflection is the most fundamen-
tal capability for tackling the complex tasks in
LR?Bench. Unlike simple problems with short-
cut solutions, these tasks are inherently iterative,
demanding the exploration of multiple possibilities,
identification of dead ends, and adaptive revision of
initial hypotheses. Such reflective reasoning capa-
bilities enable a thorough analysis and refinement
of strategies, ultimately leading to more robust and
effective solutions.

Long-chain Generation LR?Bench incorporates
tasks that necessitate long-chain generation, a cru-
cial capability for LLMs to tackle complex rea-
soning problems. Unlike tasks with simple and
isolated answers, these tasks require LLMs to gen-
erate a long chain of steps or decisions that build
upon each other toward a final solution.

Knowledge-based Reasoning Both Crossword
and Acrostic tasks demand broad world knowl-
edge and commonsense reasoning abilities since
the clue answers often hinge on cultural references,
idiomatic expressions, and diverse factual domains.
Additionally, the Cryptogram and Drop Quote tasks
require knowledge of typical phrase structures and
common linguistic patterns to decode messages or
reconstruct quotations effectively.

Logical Reasoning The logical reasoning ability
is essential across various tasks, especially evident
in the Logic Puzzles and Sudoku. These tasks
involve information integration and systematic ap-
plication of deductive reasoning to solve problems
constrained by specific rules.

8https://www.printable—puzzles.com/
printable-drop-quotes.php

Spatial Reasoning While not the primary focus
for all tasks, spatial reasoning also emerges as a
critical capability within LR?Bench, particularly in
tasks with grids. For Crossword, considering letter
intersections across horizontal and vertical place-
ments is crucial. Similarly, in Sudoku, effective
digit placement requires reasoning about row, col-
umn, and subgrid constraints, all of which involve
spatial relationships within the grid.

2.3 Data Annotation and Statistics

For PDF data collected from websites, we manually
convert key elements in task samples into a struc-
tured text format suitable for LLMs’ inputs. Then,
we manually craft task-specific instructions, includ-
ing problem definitions and rules, to provide LLMs
with the necessary guidance to process each task
effectively. To further control the output format of
LLMs, we manually construct two simple shots for
each type of task to facilitate subsequent answer
extraction and evaluation. Table 1 presents all tasks
in LR?Bench along with their attributes. Appendix
A shows the text-format task examples. Appendix
B shows the detailed instructions and few-shot ex-
amples for each type of task. Appendix C details
the annotation specification and task allocation.

2.4 Evaluation Metrics

Since all tasks in LR?Bench consist of multiple
subtasks (e.g., words inference in Crossword, cells
completion in Sudoku), we employ fine-grained,
subtask-level evaluation metrics. Appendix D il-
lustrates the detailed subtask definition. Given a
problem with N subtasks, let G = {g1,...,9n}
and P = {p1,...,pn} denote the ground truth and
LLM-generated answers for each subtask, respec-
tively. We define the following evaluation metrics
(refer to Figure 2 for a concrete illustration of these
metrics applied to Sudoku tasks):

Completion Ratio The Completion Ratio (CR)
metric measures the proportion of subtasks within
a given problem that LLMs successfully complete,
regardless of the correctness of the answers. CR is
calculated as follows:
1 N
CR = NZ]I(pi + o) ()
=1
where [(p; # @) equals 1 if subtask  is completed
(i.e., p; is not empty) and O otherwise. In our ex-
periments, we observe that some models struggle
to produce a complete reasoning chain and fail to
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reach the final answer for each subtask. Therefore,
we propose CR to measure the long reasoning chain
generation capability of LLMs.

Subtask Accuracy For fine-grained evaluation,
we propose Subtask Accuracy (S-Acc), which cal-
culates the proportion of correctly solved subtasks
compared to the ground truth:

N
1
S-Acc = N ;H(pi = g;) )

Exact Match The Exact Match (EM) metric em-
ploys a strict correctness criterion: for each subtask,
the generated answer by LLMs must exactly match
the ground truth. EM is calculated as follows:

|
EM =1 (N ;H(m =g;) = 1-0> 3)

This metric is crucial for evaluating the absolute
accuracy on individual samples. For example, in a
Sudoku task, EM would require that the completed
grid be identical to the ground truth, with no errors
in any row, column, or subgrid.

Partial Match Considering that our tasks often
involve multiple interconnected subtasks, making
a completely correct solution (as measured by EM)
exceptionally challenging, we introduce a Partial
Match metric (PM-0.5):

N
1
PM-0.5 =1 (N ;H(pi =gi) > 0.5) @)

By analyzing PM-0.5 scores, we can differenti-
ate between models that consistently fail to make
progress on the tasks and those that can correctly
solve a significant fraction of the sub-problems. A
higher PM-0.5 score (compared to a low EM score)
suggests that the model possesses some level of the
required reasoning skills but struggles with main-
taining consistency or navigating the entire solution
space without errors.

3 Experiments

3.1 Experimental Setup

Evaluated Models We evaluate 11 open-source
models and 5 closed-source models. Specifically,
we include leading LRMs: QwQ-32B-Preview
(Qwen, 2024), DeepSeek-R1 (Guo et al., 2025),
Gemini-2.0-flash-thinking (DeepMind, 2024b),
OpenAl ol-mini and ol-preview (OpenAl, 2024a).
Please refer to Appendix E for detailed information
of all selected models.

Implementation Details We utilize the default
prompt templates for all LLMs. Appendix A and
B show detailed problem formats, instructions, and
few-shot examples for each type of task. Appendix
F discuss the influence of different types of few-
shot samples. To facilitate evaluation, we wrap
answers within specific tags (e.g., <Answer> and
</Answer>) in the few-shot examples. This en-
ables precise answer extraction from the model
responses. Then the extracted answer (a string) is
parsed into a structured format for further metrics
calculation. We use the vLLM inference frame-
work (Kwon et al., 2023) and employ greedy sam-
pling with temperature = 0 to minimize random-
ness, except for ol-mini and ol-preview which
have an inherent temperature of 1. The maximum
sequence length is set to the default maximum
value for each model.

3.2 Main Results

Table 2 presents the average performance across
six tasks on LR?Bench, with individual task results
detailed in Table 3.

Model ‘ CR S-Acc EM PM-0.5 # Tokens
Open-source LLMs

Llama-3.1-8B-Instruct 42.6 9.9 0.0 3.8 2,478
Llama-3.1-70B-Instruct 718 274 05 21.9 2,090
Llama-3.3-70B-Instruct 92.4 33.1 1.3 25.8 1,842
Mistral-7B-Instruct-v0.3 85.8 12.1 0.0 2.3 2,736
Mistral-Small-Instruct-2409 | 91.0  23.1 0.2 13.3 2,273
Mistral-Large-Instruct-2411 | 96.1 364 2.5 30.0 2,313
Qwen2.5-7B-Instruct 85.1 17.7 0.3 5.1 2,086
Qwen2.5-32B-Instruct 96.2 29.9 0.6 14.8 1,924
Qwen2.5-72B-Instruct 95.0 339 0.9 20.8 2,359
QwQ-32B-Preview 65.0 266 8.5 19.3 6,709
DeepSeek-R1 100.0 584 20.0 62.0 9,856
Closed-source LLMs

Gemini-2.0-flash 81.1 37.0 24 34.5 2,637
Gemini-2.0-flash-thinking 88.2 394 4.3 35.0 3,725
GPT-40 998 437 32 417 1,486
ol-mini 977 413 9.1 32.8 9,576
ol-preview 963  58.7 23.6 61.7 11,436

Table 2: Average performance (%) across six tasks on
LR?Bench. The best and second-best results are high-
lighted in bold and underlined, respectively. "# Tokens"
denotes the average number of generated tokens.

As shown in Table 2, a significant gap per-
sists between EM and other evaluation metrics
across all models. This observation indicates that
while LLMs can address specific aspects of a
given task, achieving a complete and accurate so-
lution remains a significant challenge. Moreover,
closed-source models generally exhibit superior
performance across key metrics (S-Acc, EM, and
PM-0.5) to open-source models, with OpenAl ol-
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‘ Crossword ‘ Acrostic ‘ Logic Puzzle
| CR S-Acc EM PM-0.5 #Tokens| CR S-Acc EM PM-0.5 #Tokens| CR S-Acc EM PM-0.5 # Tokens

Model

Open-source LLMs

Llama-3.1-8B-Instruct 61.3 233 0.0 14.0 2,888 |43.0 56 0.0 0.0 3,712 | 57.0 16.0 0.0 8.0 1,293
Llama-3.1-70B-Instruct 773 468 00 62.0 3,072 | 84.0 358 0.0 21.0 3,565 | 56.0 228 2.0 18.0 1,165
Llama-3.3-70B-Instruct 853 47.6 0.0 653 2,613 | 97.0 40.8 0.0 28.0 3,584 | 80.5 322 1.0 250 1,738
Mistral-7B-Instruct-v0.3 94.0 23.0 0.0 6.7 3,655 | 75.0 79 00 0.0 4,600 | 97.0 19.1 0.0 4.5 1,618
Mistral-Small-Instruct-2409 | 98.7 48.3 0.0 54.0 3,135 67.0 55 0.0 0.0 4,171 99.5 30.7 0.5 12.5 1,514
Mistral-Large-Instruct-2411| 99.3 62.8 2.0 86.0 3,237 | 98.0 394 0.0 200 4279 1100.0 383 3.0 305 1,637
Qwen2.5-7B-Instruct 98.7 21.1 0.0 3.3 2441 | 420 3.6 00 0.0 4,159 | 96.5 258 0.0 8.5 1,396
Qwen?2.5-32B-Instruct 100.0 346 0.0 20.0 2,560 (100.0 31.8 0.0 2.0 4,073 |93.0 322 00 225 1,208
Qwen2.5-72B-Instruct 100.0 44.1 00 36.7 2,735 |100.0 393 0.0 18.0 4,111 935 340 00 230 1,810
QwQ-32B-Preview 80.0 30.2 0.0 18.0 4817 970 31.6 0.0 6.0 4964 | 785 463 19.5 48.0 9,524
DeepSeek-R1 100.0 754 16.7 94.0 9,810 [100.0 62.2 0.0 83.0 10,077 [100.0 69.4 42.5 68.0 9,205
Closed-source LLMs

Gemini-2.0-flash 98.7 61.6 0.0 833 2,555 | 98.0 48.0 0.0 48.0 4,020 | 58.0 242 2.0 200 2,104
Gemini-2.0-flash-thinking | 94.7 57.7 13 793 2,648 | 92.0 40.7 0.0 27.0 4257 199.0 459 8.0 375 4,038
GPT-40 100.0 660 1.3 86.7 1,726 |100.0 56.0 0.0 67.0 3,229 1100.0 393 3.5 295 953
ol-mini 953 455 13 540 7,840 | 97.0 347 0.0 12.0 10,952 | 99.0 57.2 235 535 10,242
ol-preview 98.0 77.7 247 89.3 10,098 |100.0 67.2 0.0 90.0 14,847 | 99.0 68.8 41.0 68.5 9,449
Model | Cryptogram | Sudoku | Drop Quote

‘ CR S-Acc EM PM-0.5 #Tokens‘ CR S-Acc EM PM-0.5 #Tokens‘ CR S-Acc EM PM-0.5 # Tokens

Open-source LLMs

Llama-3.1-8B-Instruct 430 23 00 0.0 2,068 7.5 1.2 00 00 2,782 | 440 112 00 1.0 2,123
Llama-3.1-70B-Instruct 620 69 00 1.0 1,298 | 695 242 10 17.5 1,940 | 82.0 27.7 00 120 1,498
Llama-3.3-70B-Instruct 99.0 143 00 1.0 1,137 | 935 348 7.0 225 1,062 |199.0 290 00 13.0 918
Mistral-7B-Instruct-v0.3 99.0 43 00 00 1,096 | 84.0 119 0.0 1.5 3,108 | 66.0 6.6 0.0 1.0 2,337
Mistral-Small-Instruct-2409| 950 7.0 0.0 0.0 1,233 | 89.0 205 05 175 1,968 | 97.0 269 00 6.0 1,615
Mistral-Large-Instruct-2411 | 96.0 137 0.0 1.0 1,204 | 855 39.5 10.0 335 1,955 | 98.0 247 00 9.0 1,566
Qwen2.5-7B-Instruct 81.0 35 00 00 1,181 | 945 302 15 150 1,486 |98.0 219 00 40 1,852
Qwen?2.5-32B-Instruct 8.0 98 00 00 1,303 |100.0 428 3.5 30.5 1,202 | 95.0 284 00 14.0 1,197
Qwen?2.5-72B-Instruct 850 11.8 0.0 0.0 1,727 | 97.5 43.0 55 340 2,013 | 940 309 00 13.0 1,757
QwQ-32B-Preview 470 3.6 00 00 6,492 | 54.5 40.1 31.5 35.5 8,381 |33.0 75 00 80 6,078
DeepSeek-R1 100.0 26.0 4.0 21.0 10,344 |100.0 70.3 50.0 64.0 8,277 |100.0 47.3 7.0 42.0 11,422
Closed-source LLMs

Gemini-2.0-flash 470 85 0.0 1.0 1,585 | 93.0 453 125 375 2,843 | 920 343 00 17.0 2,717
Gemini-2.0-flash-thinking | 68.0 11.2 0.0 2.0 4,167 | 79.5 465 165 41.0 3853 |96.0 344 00 23.0 3,386
GPT-40 100.0 20.7 0.0 5.0 740 |100.0 52.2 14.5 48.0 1,104 |99.0 31.1 00 14.0 1,165
ol-mini 1000 227 1.0 13.0 11,208 | 99.0 534 27.0 43.0 3961 | 96.0 343 20 21.0 13255
ol-preview 92.0 348 13.0 290 12,567 | 91.5 65.1 50.0 55.5 8,062 | 97.0 38.8 13.0 38.0 13,595

Table 3: Performance (%) of LLMs on six tasks. The best and second-best results are highlighted in bold and
underlined, respectively. "# Tokens" denotes the average number of generated tokens.

preview achieving the best EM score of 23.6%. o Difficulty - Scores on Logic Puzzle
! —@— ol-preview EM
DeepSeek-R1 demonstrates the most advanced rea- —&— oL-preview PM-0.5

—@— GPT-40 EM
—&— GPT-40 PM-0.5

soning capabilities among open-source models and 08
even achieves a comparable EM score of 20.0% to
OpenAl ol-preview. Notably, there also exists a
great performance gap between conventional LLMs 0.4

and LRMs. Although GPT-40 shows the second-
0.2

highest S-Acc, it lags significantly behind the top-
performing model OpenAl ol-preview in EM. This 0.0 ~— . .

Scores

highlights the effectiveness of the "slow thinking" e 7 bifficuty o
approaches which trade better performance with
more inference tokens. Figure 3: Performance trend of GPT-40 and ol-preview

under varying difficulty levels.
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4 Analysis

4.1 Task Difficulty

We present the detailed model performance across
varying difficulty for all six tasks in Appendix G.
Here, we focus on the Logic Puzzle, illustrating the
impact of increasing problem complexity. Figure 3
shows the performance of GPT-40 and ol-preview
under different difficulty levels. The substantial
performance gap between the two models demon-
strates ol-preview’s superior logical deduction and
reflective reasoning abilities. As the solution space
expands from 4 x 4 to 4 x 7, while models can
still solve part of the problem, they fail to find the
complete solution. This highlights the challenge of
exploring exponentially increasing solution spaces
for complex reasoning tasks.

4.2 Long Reasoning Chain Generation

Tasks in LR?Bench often involve multiple subtasks
(e.g., solving all clues for Crossword, inferring
the digits for each cell for Sudoku). Such inher-
ent complexity requires LLMs to continuously ex-
plore quite large solution spaces through reflective
reasoning processes, thus presenting a significant
challenge for LLMs in generating long reasoning
chains. As shown in Table 2, many models failed
to completely generate the entire reasoning pro-
cess, resulting in low CR scores. Through analy-
sis of incomplete model responses, we find that a
key obstacle to this phenomenon is the tendency
of LLMs to generate repetitive content, ultimately
reaching the maximum sequence length. This re-
dundancy primarily occurs when LLMs encounter
contradictions (see Section 4.4 for a detailed anal-
ysis). Such redundancy wastes valuable context
window size, preventing the model from explor-
ing the full solution space and completing further
reasoning processes. To quantify this, we calcu-
late the average 10-gram redundancy ratio of the
models’ responses across all tasks in LR?Bench,
excluding Sudoku due to its inherently repetitive
cell-by-cell reasoning strategy. Figure 4 reveals
a strong negative correlation between redundancy
and CR, suggesting that redundant generation is a
key factor limiting the long-chain reasoning capa-
bility of LLMs. Notably, QwQ-32B-Preview shows
lower redundancy but still fails in completion due
to its endless trial-and-error without reaching a
meaningful conclusion.

_GPT-4o Redundancy-CR

. . Mistral-Large
oflpréview~.  Qwen-2.5-728

1.0

0. “.._ > Gemini-2.0-thinking
Mish |7I\3\/\ > Qwen-2.5-7B
istral- - ini-:
0.8 . Gemini-2.0
. Llama-3.1-70B
o7 <
She QwQ-328 \
[ J
0.6
0.5

Llama-3.1-8B
o

0.0 0.1 0.2 0.3 0.4 0.5
Redundancy

Figure 4: The relationship between redundancy and CR
across different models.

4.3 Conventional LLMs vs. LRMs

As shown in Table 3, for Crossword and Acros-
tic tasks, we observe that conventional models can
achieve high S-Acc and PM-0.5, but nearly zero
EM. This suggests that LLMs with strong com-
monsense reasoning abilities can correctly infer
parts of words from the provided clues. However,
some clues may have multiple valid answers, re-
quiring LL.Ms to determine the final answers based
on the constraint of shared letters with other words.
Therefore, the lack of reflective reasoning prevents
these models from achieving perfect solutions. Be-
sides, GPT-40 performs better than ol-mini on
these tasks, suggesting that only models possessing
both capabilities can achieve high EM scores.

For tasks that heavily rely on reflection capabili-
ties, such as Logic Puzzle and Sudoku, the perfor-
mance gap between LRMs and conventional LLMs
is the most obvious. Notably, ol-preview outper-
forms GPT-40 by 37.5% and 35.5% and QwQ-32B-
Preview outperforms Qwen-2.5-72B-Instruct by
19.5% and 26.0% on EM for these two tasks, re-
spectively. These substantial gains highlight the
significant advantage of LRMs in tasks that require
verifying multiple constraints and employing back-
tracking mechanisms. In contrast, conventional
models often exhibit limitations with their single-
pass reasoning paradigm. This approach proves
inadequate for scenarios requiring exploration of
alternative solution paths or correction of initial
assumptions.

Cryptogram and Drop Quote pose the most sig-
nificant challenges for all evaluated models. We at-
tribute this difficulty to the expansive search space
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and limited helpful clues inherent in these prob-
lems. In the Cryptogram, each letter has theoreti-
cally 26 possible substitutions. Similarly, in Drop
Quote, each letter within a given column can be
dropped to any row. This contrasts with Logic Puz-
zles and Sudoku, which offer strong constraints that
effectively reduce the search space. Even the most
advanced model ol-preview struggles to complete
these tasks with only a 13% EM score.

4.4 Qualitative Analysis

We analyze several typical behaviors of LLMs lead-
ing to the failure in completing our benchmark and
provide detailed cases in Appendix H.

Lack of Reflection Mechanism This deficiency
mainly occurs in conventional models. Taking the
Logic Puzzle for example, our analysis of GPT-40’s
responses in Appendix H.1 reveals that although
the model can effectively break down individual
clues and generate initial deductions, it fails to
perform the iterative cross-checking to ensure con-
sistency with all established constraints. These
shortages indicate that conventional models lack
the reflective reasoning capabilities necessary to
solve complex constraint satisfaction problems.

Stuck in Contradictions We observe that LLMs
often struggle with complex reasoning tasks when
confronted with contradictions. As shown in Ap-
pendix H.2, this phenomenon mainly manifests as
looping within similar sentences, repeatedly stating
conflicting information without making progress to-
ward a coherent resolution. Instead of backtracking
and revising previous assumptions upon encoun-
tering a contradiction, they tend to focus only on
the conflicting points. This narrow focus prevents
them from exploring alternative solution paths.

Giving-up Moment As illustrated in Appendix
H.3, the occurrence of a "Giving-up Moment"
is observed when reasoning-specific LLMs strug-
gle with complex problems due to the time (in-
ference tokens) constraint. We focus on one of
the worst-performing tasks Cryptogram to quantify
this giving-up ratio in QwQ-32B and DeepSeek-R1
responses, respectively. We manually review 50
responses from each model on Cryptogram. For
QwQ-32B, 15 out of 50 responses are incomplete
due to the maximum context window size of 32k.
26 out of 50 responses show model’s giving-up and
only provide part of the answers. Similarly, for
DeepSeek-R1, 39 out of 50 responses compromise

to give the most possible answers given the time
constraints. This highlights the challenges posed by
problems requiring extensive reflective reasoning
and suggests a potential bottleneck in the current
capabilities of even the leading reasoning LLMs.

S Related Work
5.1 Reflection Capabilities of LL.Ms

Recent studies have made significant progress in
the long-chain reasoning ability of LL.Ms, such as
long-context understanding (Gao et al., 2024; Fu
et al., 2024; Chen et al., 2025) and long-cot genera-
tion (Guo et al., 2025; Yeo et al., 2025; Zeng et al.,
2025). These impressive reasoning capabilities
have naturally led to increased interest in reflection,
a more sophisticated and human-like form of rea-
soning. Previous studies primarily focus on evaluat-
ing LLMs’ abilities to rectify their response based
on explicit feedback, including self-improvement
with critique prompts (Lan et al., 2024; Li et al.,
2024a; Lin et al., 2024; Li et al., 2024b; Madaan
et al., 2024), leveraging external tools such as code
interpreters or search engines (Gou et al., 2024;
Chen et al., 2024; Shinn et al., 2024), and en-
gaging in multi-LLM interaction through debating
(Liang et al., 2024; Huang et al., 2024). However,
these works mainly evaluate LL.Ms’ behaviors in
response to feedback. They fail to assess LLMs’ ca-
pabilities to spontaneously engage in the complete
reflection process for complex reasoning tasks. Our
proposed LR?Bench provides scenarios necessitat-
ing capabilities, such as making assumptions, ver-
ification, backtracking, and self-refinement, thus
filling a critical gap in evaluating LLMSs’ intrinsic
reflective reasoning abilities.

5.2 Puzzle-solving for LLMs

Puzzle-solving (Giadikiaroglou et al., 2024) offers
valuable insight for evaluating the complex rea-
soning capabilities of LLMs across diverse sce-
narios. Ishay et al. (2023) explore Sudoku solv-
ing strategies with answer set programming. Ding
et al. (2023) leverages reinforcement learning and
Monte Carlo Tree Search to solve problems like
Game of 24, 8-Puzzle, and Pocket Cube. Yao et al.
(2024) introduces "Tree of Thought" to enable self-
evaluating and backtracking for Game of 24 and
Crosswords. Mittal et al. (2024) combines LLMs
with symbolic solvers and program interpreters to
complete first-order combinatorial reasoning prob-
lems. Tyagi et al. (2024) focuses on grid puzzles to
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evaluate the generated reasoning chains of LLMs.
Moreover, existing studies have also investigate
Board game (Kazemi et al., 2024), Chess (Feng
et al., 2024) and social games (Light et al.; Wang
et al., 2023; Xu et al., 2023). However, these stud-
ies primarily leverage external tools or specialized
algorithms to develop task-specific solutions within
limited puzzle domains. In contrast, LR2Bench pro-
vides diverse tasks and difficulty levels and focuses
on evaluating the intrinsic reflective reasoning ca-
pabilities of LL.Ms.

6 Conclusion

This paper introduces LR?Bench, a novel bench-
mark to comprehensively evaluate the reflection
capabilities of LLMs in long-chain reasoning.
LR?Bench comprises six tasks with varying dif-
ficulty levels, providing a thorough analysis across
diverse scenarios. The experimental results show
that LRMs outperform conventional LLMs, demon-
strating their superior performance on reflective
reasoning. Our findings also highlight the limi-
tation of current reasoning LLMs and reveal that
even the most advanced reasoning models fall short
of achieving satisfactory performance, suggesting
significant room for enhancement in reflective rea-
soning capabilities.

Limitations

The limitations of our work can be summarized as
follows: Firstly, due to the scarcity of well-defined
real-world constraint satisfaction problems, we re-
lied on puzzle-like data for evaluating LLMs’ re-
flective reasoning capabilities. Secondly, the inher-
ent complexity and verbosity of LLM-generated
responses to these complex reasoning tasks posed
challenges for more fine-grained analysis. We only
analyze several typical phenomena of current lead-
ing models rather than conducting a more detailed
analysis of specific reflective reasoning processes.

Acknowledgments

We thank our colleagues Qianlong Du, Fuwei
Cui, Junhong Wu, Yangyifan Xu, Yupu Liang,
Tianyu Peng, Wei Sun, and Tengxiao Xi for
their insightful and constructive feedback. We
thank Huaiguang Cai for assistance in conduct-
ing the evaluation of DeepSeek-R1. Furthermore,
we thank all reviewers for their detailed reviews
and valuable comments. This work is supported
by the National Key R&D Program of China

No0.2022ZD0160602 and the Strategic Priority Re-
search Program of Chinese Academy of Sciences
under Grant No.XDA04080400. This work is
also supported by Zhongguancun Academy Project
No0.20240103.

References

Jianghao Chen, Junhong Wu, Yangyifan Xu, and Jia-
jun Zhang. 2025. Ladm: Long-context training data
selection with attention-based dependency measure-
ment for llms. arXiv preprint arXiv:2503.02502.

Xinyun Chen, Maxwell Lin, Nathanael Schirli, and
Denny Zhou. 2024. Teaching large language models
to self-debug. In The Twelfth International Confer-
ence on Learning Representations.

Rina Dechter. 2003. Constraint Processing. Morgan
Kaufmann.

Google DeepMind. 2024a. Gemini 2.0 flash experimen-
tal.

Google DeepMind. 2024b. Gemini 2.0 flash thinking
experimental.

Ruomeng Ding, Chaoyun Zhang, Lu Wang, Yong Xu,
Minghua Ma, Wei Zhang, Si Qin, Saravan Raj-
mohan, Qingwei Lin, and Dongmei Zhang. 2023.
Everything of thoughts: Defying the law of pen-
rose triangle for thought generation. arXiv preprint
arXiv:2311.04254.

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey,
Abhishek Kadian, Ahmad Al-Dahle, Aiesha Letman,
Akhil Mathur, Alan Schelten, Amy Yang, Angela
Fan, et al. 2024. The llama 3 herd of models. arXiv
preprint arXiv:2407.21783.

Xidong Feng, Yicheng Luo, Ziyan Wang, Hongrui Tang,
Mengyue Yang, Kun Shao, David Mguni, Yali Du,
and Jun Wang. 2024. Chessgpt: Bridging policy
learning and language modeling. Advances in Neural
Information Processing Systems, 36.

Yao Fu, Rameswar Panda, Xinyao Niu, Xiang Yue, Han-
naneh Hajishirzi, Yoon Kim, and Hao Peng. 2024.
Data engineering for scaling language models to 128k
context. In International Conference on Machine
Learning.

Tianyu Gao, Alexander Wettig, Howard Yen, and
Danqgi Chen. 2024. How to train long-context
language models (effectively).  arXiv preprint
arXiv:2410.02660.

Panagiotis Giadikiaroglou, Maria Lymperaiou, Giorgos
Filandrianos, and Giorgos Stamou. 2024. Puzzle
solving using reasoning of large language models: A
survey. arXiv preprint arXiv:2402.11291.

6014


https://openreview.net/forum?id=KuPixIqPiq
https://openreview.net/forum?id=KuPixIqPiq
https://deepmind.google/technologies/gemini/flash/
https://deepmind.google/technologies/gemini/flash/
https://deepmind.google/technologies/gemini/flash-thinking/
https://deepmind.google/technologies/gemini/flash-thinking/

Zhibin Gou, Zhihong Shao, Yeyun Gong, yelong shen,
Yujiu Yang, Nan Duan, and Weizhu Chen. 2024.
CRITIC: Large language models can self-correct
with tool-interactive critiquing. In The Twelfth Inter-
national Conference on Learning Representations.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song,
Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shirong Ma,
Peiyi Wang, Xiao Bi, et al. 2025. Deepseek-rl: In-
centivizing reasoning capability in llms via reinforce-
ment learning. arXiv preprint arXiv:2501.12948.

Jie Huang, Xinyun Chen, Swaroop Mishra,
Huaixiu Steven Zheng, Adams Wei Yu, Xiny-
ing Song, and Denny Zhou. 2024. Large language
models cannot self-correct reasoning yet. In The
Twelfth International Conference on Learning
Representations.

Adam Ishay, Zhun Yang, and Joohyung Lee. 2023.
Leveraging large language models to generate an-
swer set programs. In Proceedings of the 20th In-
ternational Conference on Principles of Knowledge
Representation and Reasoning, pages 374-383.

Albert Q Jiang, Alexandre Sablayrolles, Arthur Men-
sch, Chris Bamford, Devendra Singh Chaplot, Diego
de las Casas, Florian Bressand, Gianna Lengyel, Guil-
laume Lample, Lucile Saulnier, et al. 2023. Mistral
7b. arXiv preprint arXiv:2310.06825.

Mehran Kazemi, Quan Yuan, Deepti Bhatia, Najoung
Kim, Xin Xu, Vaiva Imbrasaite, and Deepak Ra-
machandran. 2024. Boardgameqa: A dataset for
natural language reasoning with contradictory infor-
mation. Advances in Neural Information Processing
Systems, 36.

Woosuk Kwon, Zhuohan Li, Siyuan Zhuang, Ying
Sheng, Lianmin Zheng, Cody Hao Yu, Joseph E.
Gonzalez, Hao Zhang, and Ion Stoica. 2023. Effi-
cient memory management for large language model
serving with pagedattention. In Proceedings of the
ACM SIGOPS 29th Symposium on Operating Systems
Principles.

Tian Lan, Wenwei Zhang, Chen Xu, Heyan Huang,
Dahua Lin, Kai Chen, and Xian-Ling Mao. 2024.
Criticeval: Evaluating large-scale language model as
critic. In The Thirty-eighth Annual Conference on
Neural Information Processing Systems.

Lingyu Li, Yixu Wang, Haiquan Zhao, Shuqi Kong,
Yan Teng, Chunbo Li, and Yingchun Wang. 2024a.
Reflection-bench: probing ai intelligence with reflec-
tion. arXiv preprint arXiv:2410.16270.

Yanhong Li, Chenghao Yang, and Allyson Ettinger.
2024b. When hindsight is not 20/20: Testing limits
on reflective thinking in large language models. In
Findings of the Association for Computational Lin-
guistics: NAACL 2024, pages 3741-3753.

Tian Liang, Zhiwei He, Wenxiang Jiao, Xing Wang,
Yan Wang, Rui Wang, Yujiu Yang, Shuming Shi, and
Zhaopeng Tu. 2024. Encouraging divergent thinking

in large language models through multi-agent debate.
In Proceedings of the 2024 Conference on Empiri-
cal Methods in Natural Language Processing, pages
17889-17904, Miami, Florida, USA. Association for
Computational Linguistics.

Jonathan Light, Min Cai, Sheng Shen, and Ziniu Hu.
Avalonbench: Evaluating llms playing the game of
avalon. In NeurIPS 2023 Foundation Models for
Decision Making Workshop.

Zicheng Lin, Zhibin Gou, Tian Liang, Ruilin Luo,
Haowei Liu, and Yujiu Yang. 2024. CriticBench:
Benchmarking LLMs for critique-correct reasoning.
In Findings of the Association for Computational
Linguistics: ACL 2024, pages 15521587, Bangkok,
Thailand. Association for Computational Linguistics.

Aman Madaan, Niket Tandon, Prakhar Gupta, Skyler
Hallinan, Luyu Gao, Sarah Wiegreffe, Uri Alon,
Nouha Dziri, Shrimai Prabhumoye, Yiming Yang,
et al. 2024. Self-refine: Iterative refinement with
self-feedback. Advances in Neural Information Pro-
cessing Systems, 36.

Chinmay Mittal, Krishna Kartik, Parag Singla, et al.
2024. Puzzlebench: Can llms solve challenging
first-order combinatorial reasoning problems? arXiv
preprint arXiv:2402.02611.

Quoc Dinh Nguyen, Nicolas Fernandez, Thierry
Karsenti, and Bernard Charlin. 2014. What is re-
flection? a conceptual analysis of major definitions
and a proposal of a five-component model. Medical
education, 48(12):1176-1189.

OpenAl. 2024a. Learning to reason with IIms.
OpenAl. 2024b. Openai gpt-4o.

Qwen. 2024. Qwq: Reflect deeply on the boundaries of
the unknown.

Noah Shinn, Federico Cassano, Ashwin Gopinath,
Karthik Narasimhan, and Shunyu Yao. 2024. Re-
flexion: Language agents with verbal reinforcement
learning. Advances in Neural Information Process-
ing Systems, 36.

Shichao Sun, Junlong Li, Weizhe Yuan, Ruifeng Yuan,
Wenjie Li, and Pengfei Liu. 2024. The critique of
critique. arXiv preprint arXiv:2401.04518.

Wei Sun, Wen Yang, Pu Jian, Qianlong Du, Fuwei
Cui, Shuo Ren, and Jiajun Zhang. 2025. Ktae: A
model-free algorithm to key-tokens advantage esti-
mation in mathematical reasoning. arXiv preprint
arXiv:2505.16826.

Nemika Tyagi, Mihir Parmar, Mohith Kulkarni, Aswin
Rrv, Nisarg Patel, Mutsumi Nakamura, Arindam Mi-
tra, and Chitta Baral. 2024. Step-by-step reasoning to
solve grid puzzles: Where do llms falter? In Proceed-
ings of the 2024 Conference on Empirical Methods in
Natural Language Processing, pages 19898-19915.

6015


https://openreview.net/forum?id=Sx038qxjek
https://openreview.net/forum?id=Sx038qxjek
https://openreview.net/forum?id=IkmD3fKBPQ
https://openreview.net/forum?id=IkmD3fKBPQ
https://openreview.net/forum?id=ZsxZ65YqL1
https://openreview.net/forum?id=ZsxZ65YqL1
https://doi.org/10.18653/v1/2024.emnlp-main.992
https://doi.org/10.18653/v1/2024.emnlp-main.992
https://doi.org/10.18653/v1/2024.findings-acl.91
https://doi.org/10.18653/v1/2024.findings-acl.91
https://openai.com/index/learning-to-reason-with-llms
https://platform.openai.com/docs/models/gpt-4o
https://qwenlm.github.io/blog/qwq-32b-preview/
https://qwenlm.github.io/blog/qwq-32b-preview/

Kevin Wang, Junbo Li, Neel P Bhatt, Yihan Xi, Qiang
Liu, Ufuk Topcu, and Zhangyang Wang. 2024. On
the planning abilities of openai’s ol models: Feasi-
bility, optimality, and generalizability. arXiv preprint
arXiv:2409.19924.

Shenzhi Wang, Chang Liu, Zilong Zheng, Siyuan
Qi, Shuo Chen, Qisen Yang, Andrew Zhao,
Chaofei Wang, Shiji Song, and Gao Huang. 2023.
Avalon’s game of thoughts: Battle against decep-
tion through recursive contemplation. arXiv preprint
arXiv:2310.01320.

Siwei Wu, Zhongyuan Peng, Xinrun Du, Tuney Zheng,
Minghao Liu, Jialong Wu, Jiachen Ma, Yizhi Li, Jian
Yang, Wangchunshu Zhou, et al. 2024. A compara-
tive study on reasoning patterns of openai’s ol model.
arXiv preprint arXiv:2410.13639.

Yuzhuang Xu, Shuo Wang, Peng Li, Fuwen Luo, Xi-
aolong Wang, Weidong Liu, and Yang Liu. 2023.
Exploring large language models for communica-
tion games: An empirical study on werewolf. arXiv
preprint arXiv:2309.04658.

An Yang, Baosong Yang, Beichen Zhang, Binyuan Hui,
Bo Zheng, Bowen Yu, Chengyuan Li, Dayiheng Liu,
Fei Huang, Haoran Wei, et al. 2024. Qwen2. 5 tech-
nical report. arXiv preprint arXiv:2412.15115.

Shunyu Yao, Dian Yu, Jeffrey Zhao, Izhak Shafran,
Tom Griffiths, Yuan Cao, and Karthik Narasimhan.
2024. Tree of thoughts: Deliberate problem solving
with large language models. Advances in Neural
Information Processing Systems, 36.

Edward Yeo, Yuxuan Tong, Morry Niu, Graham
Neubig, and Xiang Yue. 2025. Demystifying
long chain-of-thought reasoning in llms. Preprint,
arXiv:2502.03373.

Weihao Zeng, Yuzhen Huang, Qian Liu, Wei Liu, Ke-
qing He, Zejun Ma, and Junxian He. 2025. Simplerl-
zoo: Investigating and taming zero reinforcement
learning for open base models in the wild. Preprint,
arXiv:2503.18892.

Tianyang Zhong, Zhengliang Liu, Yi Pan, Yutong
Zhang, Yifan Zhou, Shizhe Liang, Zihao Wu, Yanjun
Lyu, Peng Shu, Xiaowei Yu, et al. 2024. Evaluation
of openai ol: Opportunities and challenges of agi.
arXiv preprint arXiv:2409.18486.

6016


https://arxiv.org/abs/2502.03373
https://arxiv.org/abs/2502.03373
https://arxiv.org/abs/2503.18892
https://arxiv.org/abs/2503.18892
https://arxiv.org/abs/2503.18892

A Task Example

In this section, we provide specific examples of
each type of task to facilitate a better understanding
of data samples in LR?Bench.

A.1 Crossword

Crossword Example

Grid:
# 1 2 3 #
4 7717?75
6 7?7 7?77
7?77?77
8 72 272 72 #
Clues:
Across:

1: "When They See Us" director DuVernay
(3)

4: WNBA team based in Seattle (5)
6: Locations for orations (5)

7: Signed (5)

8: Lipton products (4)

Down:

1: Be penitent (5)

2: Black Russian ingredient (5)

3: First sign of the zodiac (5)

4: Barbecue rod (4)

5: Fuming (3)

Answer:

H— Y ow
mZo3»
> AN g o<
ml‘ﬂ»—<70>
=H:U>z:u:

. J

A.2 Acrostic

Acrostic Example

Grid:
1234#567#891011#121314#15
16 17 18 1920 21 22 #2324 2526 27 28 #
293031323334 #35#363738394041
"A2 #4344 4546 .47 4849 #5051 52 #
5354 555657 58 #59 60 # 61 62 # 63 64
6566,6768#697071727374#7576#
7778 #7980 81 82.8384'85#86#87
88 8990 #9192 93 94 95 96 .

6017

Clues:

A

57 18 889 33 8078

Gaynor hit\"I Will ___\" (1 word, 7
letters)

B

2970 67 82 21

Wheat or milk beginning (1 word, 5 letters)
C

572411357590

Extol (1 word, 7 letters)

D

3050109146 14

Wintry projection (1 word, 6 letters)

E

522673 58 94

Second-generation Japanese (1 word, 5
letters)

F

59 93 4595 54 43 84 65 41 27
Standard (1 word, 10 letters)

G

9272 60 4 37 66

Like some sweatshirts (1 word, 6 letters)
H

74 34 53 64 28 89 22

Scrambles a message (1 word, 7 letters)
|

3625261 8623831981 3147

Odds (1 word, 11 letters)

J

3896 63 15406 85

The Arctic and the Antarctic, e.g. (1 word,
7 letters)

K

71849 87 20

Parisian eggs (1 word, 5 letters)

L

15676777913

Peanut (1 word, 6 letters)

M

68 48 55 39

Aussie jumpers (1 word, 4 letters)

N

12 17 44 42 62

Strike __ (what models do) (2 words, 5
letters)

(0]

165169323

Far from wimpy (1 word, 5 letters)




Answer:

"Good and evil are impulses buried within
a person's soul. You can choose to be good,
or choose to be evil. It's a free choice." -
James Swain, The Program

A.3 Logic Puzzle

Logic Puzzle Example

Variables:
{

"anniversaries": [
"January 28",
"March 6",
"November 2",
"November 23"

Ik

"first names": [
"Asher",
"Bradley",
"Kayla",
"Malia"

Ik

"conveyances": [
"10-speed bike",
"mountain bike",
"segway",
"skateboard"

1)

"actors": [

"Liam Neeson",
"Morgan Freeman",
"Robert Duvall",
"Tom Cruise"

]
}

Clues:

1. The commuter who rides a 10-speed
bike is not Bradley.

2. Kayla isn't related to Robert Duvall and
doesn't ride a segway.

3. Robert Duvall's cousin has an
anniversary after the commuter who rides a
segway.

4. Morgan Freeman's cousin is not Asher
and doesn't ride a segway.

5. Liam Neeson's cousin is Malia.

6. Liam Neeson's cousin uses a mountain
bike to get to work.

7. Of Malia and the commuter who rides a
10-speed bike, one has an anniversary on
January 28 and the other has an anniversary
on November 23.

8. Either the person whose anniversary is
on March 6 or the person whose
anniversary is on November 2 is Morgan
Freeman's cousin.

9. Tom Cruise's cousin has an anniversary
after the commuter who rides a skateboard.

Answer:

[
{

"anniversaries": "January 28",
"first names": "Malia",
"conveyances": "Mountain bike",
"actors": "Liam Neeson"

"anniversaries": "March 6",
"first names": "Kayla",
"conveyances": "Skateboard",
"actors": "Morgan Freeman"

I
"anniversaries": "November 2",
"first names": "Bradley",
"conveyances": "Segway",
"actors": "Tom Cruise"

B
"anniversaries": "November 23",
"first names": "Asher",
"conveyances": "10-speed bike",
"actors": "Robert Duvall"

A4 Cryptogram

Cryptogram Example

Cryptogram:

VYQ'O CY HGYWQV THMFQC OKB
LYGUV YLBT MYW H UFJFQC. OKB
LYGUV YLBT MYW QYOKFQC. FO
LHT KBGB RFGTO. - Mark Twain
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Answer:

Don't go around saying the world owes you
a living. The world owes you nothing. It
was here first. - Mark Twain

A.5 Sudoku

Sudoku Example

Sudoku:

[[4, 0,0, 0],
[0, 3, 2, 0],
[0, 4, 1, 0],
[0, 0,0, 2]]

Answer:

[[4, 2,3, 1],
[1, 3,2, 4],
[2,4,1, 3],
[3,1,4,2]]

A.6 Drop Quote

Drop Quote Example

Grid:

12#4567 89 # 1112131415
#2345678910 11 # 131415
12#45 "7#9 101112 . # #
Column 1: 11

Column 2: ILT

Column 3: M

Column 4: AIP
Column 5:LOT
Column 6: S W
Column 7: AS S
Column 8: 1Y
Column 9: BD S
Column 10: L O
Column 11: EN S
Column 12: EE
Column 13: EU
Column 14: M N
Column 15: ST

Answer:
It always seems impossible until it's done. -
Nelson Mandela

B Prompt Templates

We provide detailed prompt templates for each type
of task in LR?Bench, including task descriptions,
examples, and solution guidelines.

B.1 Crossword

Prompt for Crossword

[Task Description]

A Crossword puzzle is a word game that consists of
a grid, with clues given for words that fit into the
grid both across (horizontally) and down (vertically).
Your goal is to fill in the grid with words based on
the clues provided. Here’s a detailed explanation of
how the game works:

1. Understand the Grid Layout
The grid is made up of numbers, hashtags ("#"), and
question marks ("?").

Hashtag ("#") acts as a separator between words.

The number represents the starting points of Across
and Down words.

Question mark ("?") represents part of words but
don’t start a new word.

2. Read the Clues

Clues are provided for each word to be filled into the
grid, split into two categories: Across clues (these
are for words that go horizontally in the grid) and
Down clues (these are for words that go vertically in
the grid).

The number in brackets after the clue indicates the
length of the word.

Clues are often short definitions, synonyms, or
phrases related to the word.

Some clues may involve wordplay, anagrams, or
puns, depending on the puzzle’s difficulty and style.

3. Solve the Puzzle
Think of words that fit the clue and match the number
of letters specified.

For example, if a clue says "Animal that barks (3)",
you might guess "DOG" because it has 3 letters.
When getting the answer, double-check that it fits the
clue, both in meaning and the number of letters. If
you make a mistake, just try again!

As you fill in answers, they will help you solve
other clues, since words intersect and share letters in
the grid. This cross-checking mechanism helps in
verifying correct answers.

[Example 1]

Here is a Crossword puzzle:
GRID:

#1234
57727

6019



677277
7727277
#8774

CLUES:

Across:

1 "More __ you'll ever know" (4)
5 Divine favor, in Christianity (5)
6 Sisters who might be sitters (5)
7 Portly-sounding beer (5)

8 Cool and stylish (3)

Down:

1 "The ___ will set you free. But not until it is
finished with you": David Foster Wallace (5)
2 Capital of Vietnam (5)

3 Misbehave (5)

4 Prepare for a new baby, say (4)

5 Fuel for some stoves (3)

[Solution 1]
Let's start solving the Crossword puzzle step by step.
Across Clues:

<1-Across>
1-Across: "More ___you'll ever know" (4)

The clue is a reference to a popular phrase, "More
than you'll ever know," suggesting the answer is
"than".

Answer: THAN.

</1-Across>

<5-Across>
5-Across: Divine favor, in Christianity (5)

The clue refers to a concept of God's blessing or
grace, and the answer is "grace".

Answer: GRACE.

</5-Across>

Here is the final grid after finishing all the clues:
<Answer>

{"1-Across": "THAN", "5-Across": "GRACE",
"6-Across": "AUNTS", "7-Across": "STOUT",
"8-Across": "HIP", "1-Down": "TRUTH", "2-Down":
"HANOI", "3-Down": "ACTUP", "4-Down":
"NEST", "5-Down": "GAS"}

</Answer>

[Example 2]

<Example 2>

[Solution 2]

<Solution 2>

[Solution Guideline]

Please solve the Crossword Puzzle accord-

ing to the provided rules. Please also follow the
requests below to present your analysis and solutions:

\

1. Analyze each clue carefully to understand its
meaning and potential word associations. Be open to
the possibility of wordplay or puns that might lead to
unexpected solutions. The filled-in words will help
you infer the answers to the subsequent clues.

2. Provide the final answer for each clue. The final
answer should be presented after "Answer:".

3. Please wrap all the analysis of each clue with
<n-Across> and </n-Across> or <n-Down> and
</n-Down> tags, where n is the clue number. For
example, the Across clue 1 should be wrapped with
<1-Across> and </1-Across> tags. The Down clue 1
should be wrapped with <1-Down> and </1-Down>
tags, and so on.

4. After solving all the clues, please summarize all
the answer words in following json format and warp
them with <Answer> and </Answer> tags:
<Answer>

{"1-Across": "ANSWERI1", "2-Across": "AN-
SWER2", ... "1-Down": "ANSWER3", "2-Down":
"ANSWER4", ...}

</Answer>

5. Please generate your response without redundant
and repeating content.

[Question]

<Question>

B.2 Acrostic

Prompt for Acrostic

[Task Description]

An Acrostic puzzle is a word game that consists
of two main parts: a grid and a set of clues. The
objective is to fill in the grid with letters from the
answers to the clues, forming a hidden quotation or
sentence. Here’s a detailed explanation of how the
game works:

1. Understand the Grid Layout

The grid is made up of numbers, hashtags ("#"), and
punctuations. Hashtag ("#") acts as space separator
between words.

Each number corresponds to a specific letter in a
word. The hidden quotation or sentence is formed by
filling in the grid with the correct letters.

2. Read the Clues
Each clue is made up of a string of numbers and a
clue text.

The clue text is usually a short definition, synonym
or phrase related to the answer word or phrase.

The number of words and letters of the answer are
given in brackets after the clue text.

The string of numbers provided indicates the specific
position of each letter of the answer in the grid.
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3. Solve the Puzzle
Think of answers that fit the clue and match the
number of words and letters specified.

For example, if a clue says "Animal that barks (1
word, 3 letters)", you might guess "DOG" because it
has 3 letters. When getting the answer, double-check
that it fits the clue, both in meaning and the number
of letters. If you make a mistake, just try again!

As you fill in the letters of answers, these letters can
be part of the hidden word in the grid, thus providing
hints for the left letters of this word. This mechanism
can help both verify your answers and solve difficult
clues.

For example, if the puzzle looks like this: "... #
56 7# .." and you have already got {5: ’A’, 7:
’D’}, you can guess that the word is "AND" and
get {6: "N’} without its corresponding clue. Don’t
be afraid to skip a tough clue and come back to it later.

As you fill in the grid, you will reveal part of the
hidden words. Use this information to help solve the
remaining clues.

[Example 1]

Here is an Acrostic puzzle:

GRID:
12345#678910#1112#131415#1617 18
19 20 # 21 22 23 24 25 26 27 28 29, 30 31 32 # 33
3435#363738#3940414243#44 454647 #
4849 50 #51 52 53 54 5556 57 #58 59 60 61 # 62
63 64 6566 676869 70#71727374#75#7677
7879 # 80 81 82 # 83 84 85 #8687 8889909192

CLUES:

A

58 8692 3 6049 57 46 70 40

Cosmetics magnate (3 words, 10 letters)
B

523444 54 84 67 11 36 25 18 62
Nonphysical assets (1 word, 11 letters)

C

76 453588 56 8143416871

Religious schools of opinion (1 word, 10 letters)
D

48 37 16 24 82 85 30 63 73

Cancer stick (1 word, 9 letters)

E

103227422237579 395 64

Establish a home base (1 word, 11 letters)
F

599 14 69 83 53 28

" is only a bench covered in velvet" (quote by
Napoleon) (2 words, 7 letters)

G

55263831202187916

____up (became less serious) (1 word, 9 letters)
H

4176165139077 29

Rest (1 word, 8 letters)

I

3380511566277 12

Infractions (1 word, 8 letters)

J

1195072 8894778 42

Whisky-vermouth cocktail (1 word, 9 letters)

[Solution 1]
Let's start solving the Acrostic puzzle step by step.

<A-CLUE>

A

58 8692 3 6049 57 46 70 40
Cosmetics magnate (3 words, 10 letters)

The clue "Cosmetics magnate" succinctly
encapsulates Mary Kay Ash's pioneering role in
establishing a direct sales empire in the beauty
industry.

Answer: MARYKAYASH.

Mapping: {'58": 'M, '86":'A", '92": 'R', '3": 'Y", '60": 'K,
'49': 'A', '57": "Y', 46" 'A', 70" 'S, '40': 'H'}
</A-CLUE>

<B-CLUE>

B

523444548467 1136251862
Nonphysical assets (1 word, 11 letters)

"Nonphysical assets" aptly refers to intangibles,
highlighting assets like intellectual property and
goodwill that lack physical form but possess
significant business value.

Answer: INTANGIBLES.

Mapping: {'52": T, '34": 'N', '44": 'T", '54': 'A", '84": 'N',
'67:'G','11": 'T, '36': 'B', '25": 'L, '18": 'E', '62": 'S'}
</B-CLUE>

Now let's gather all the mappings in order:
<Answer>

{'1-'™M',2"'A",'3"'Y','4.'B",'5" 'E', '6": 'D','7": 'E,
'8 'A','9": 'T', '10": 'H', '11": 'T, '12": 'S', '13": 'T", '14":
'H', '15" 'E', '16:'G', '17": 'R', '18" 'E', '19": A", 20"
‘T, 21" 'E', 22":'Q', '23": 'U’, 24" 'A", '25": 'L', 26" T,
27':'S', 28" 'E', 29" 'R, '30": 'T', '31": 'H', '32": 'E',
'33:'0','34":'N', '35 'E', '36": 'B', '37" T, '38":'G',
'39':'T', '40": 'H', '41": 'T, '42": 'N', '43": 'G', '44": 'T",
'45": 'H', '46": 'A", '47": 'T", '48": 'C', '49': 'A", '50": 'N',
'51':'F, '52" T, '53": 'N', '54": 'A",'55": 'L, '56": 'L,
'57:'Y",'58": 'M, '59": 'A', '60": 'K, '61": 'E', '62": 'S/,
'63": 'T', '64": 'R', '65":'A’", '66": 'N', '67": 'G', '68": 'E/,
'69": 'R, 70" 'S','71": 'S', '72": 'H', '73": 'E', '74": 'D/,
"75':'A','76" 'T', 77" 'E', '"78": 'A", '79": 'R, '80": 'F,
'81':'0','82": 'R', '83":'0', '84": 'N', '85": 'E', '86': 'A’,
'87": 'N', '88":'0','89": 'T", '90": 'H', '91": 'E', '92": 'R'}
</Answer>

[Example 2]

<Example 2>

[Solution 2]

<Solution 2>

[Solution Guideline]

Please solve the Acrostic Puzzle according to the
provided rules. Please also follow the requests below

to present your analysis and solutions:

1. Analyze the clue carefully to understand its
meaning and potential word associations. Be open to
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the possibility of wordplay or puns that might lead to
unexpected solutions. The filled-in words will help
you infer the answers to the subsequent clues.

2. Provide the final answer for each clue. The final
answer should be presented after "Answer:".

3. Create a python dictionary mapping in a single
line that links the number positions in the clues to the
corresponding letters in the final answer. Note that
the blank spaces and punctuation should be omitted
in the mapping. The python dictionary should be
presented after "Mapping:".

4. Please wrap all the analysis of each clue with
<n-CLUE> and </n-CLUE> tags, where n is the
label of the clue. For example, the first clue should
be wrapped with <A-CLUE> and </A-CLUE> tags.
The second clue should be wrapped with <B-CLUE>
and </B-CLUE> tags, and so on.

5. After solving all the clues, please gather all
the mappings and place them in order between
the <Answer> and </Answer> tags. The gathered
mapping should look like {’1’: 'LETTERI’, *2’:
’LETTER?’, ...}.

6. Please generate your response without redundant
and repeating content.

[Question]

<Question>

B.3 Logic Puzzle

Prompt for Logic Puzzle

[Task Description]

Logic puzzles require the solver to deduce the
relationships between different people, places and
things based on a limited number of clues given in
the puzzle. Remember: every item belongs to one
and only one person, no item will ever be shared.
Using only the clues provided and simple deductive
logic and reasoning.

[Example 1]

Here is a logic puzzle:
{
"variables": {
"names": [
"Fiona",
"Tobias",
"Leanne"
1
"main dishes": [
"Beef Wellington",
"Gado Gado",
"Shrimp Ceviche"
1
"desserts": [
"Creme Brulee",
"Raspberry Tiramisu",
"French Apple Cake"
]

),

"clues": {
"1": "The three people are Tobias, the one who
brought the Gado Gado, and the one who
brought the Raspberry Tiramisu.",
"2": "Fiona did not bring the Beef Wellington.",
"3": "The Shrimp Ceviche was brought by
either Tobias or the person who brought the
Creme Brulee.",

}

}

Please complete the following blank based on your
final solution:
[

{

"names": "Fiona",

"main dishes": s

"desserts": " "

1,
"names": "Tobias",
"main dishes": " ",
"desserts": " "

}s

"names": "Leanne",

"main dishes": " "

"desserts": s

}
]

[Solution 1]

Let's start solving the logic puzzle step by step.

Participants and Dishes

Names: Fiona, Tobias, Leanne

Main Dishes: Beef Wellington, Gado Gado, Shrimp
Ceviche

Desserts: Creme Brilée, Raspberry Tiramisu, French
Apple Cake

Interpreting Clue 1:
Roles:
Tobias: Did not bring Gado Gado or Raspberry
Tiramisu.
Gado Gado Bringer: Not Tobias.
Raspberry Tiramisu Bringer: Not Tobias.

Conclusion:
Fiona and Leanne must be the ones who
brought Gado Gado and Raspberry Tiramisu,
respectively (or vice versa).

Final Answer in JSON Format:
<Answer>
[

{

"names": "Fiona",
"main dishes": "Gado Gado",
"desserts": "Creme Brulee",

"names": "Tobias",
"main dishes": "Shrimp Ceviche",
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"desserts": "French Apple Cake",

"names": "Leanne",
"main dishes": "Beef Wellington",
"desserts": "Raspberry Tiramisu",
}
]

</Answer>
[Example 2]
<Example 2>
[Solution 2]
<Solution 2>
[Solution Guideline]

Please solve the Logic Puzzle according to the
provided rules. Please also follow the requests below
to present your analysis and solutions:

1. Read and understand each clue in the context of
the puzzle. Apply each clue one by one to deduce
the correct arrangement of different variables.

2. Use logical reasoning to figure out the relation-
ships between the variables based on the clues
provided.

3. After solving the puzzle, present your final solution
using JSON Format and wrap it with the <Answer>
and </Answer> tags. For example:

<Answer>
[

{
"Variablel": "Valuel",
"Variable2": "Value2",

"Variable1": "Value3",
"Variable2": "Value4",

]

</Answer>

4. Please generate your response without redundant
and repeating content.

[Question]

<Question>

B.4 Cryptogram

Prompt for Cryptogram

[Task Description]

A cryptogram is a type of puzzle that consists of
a short piece of encrypted text. You will decode a

cryptogram that uses a simple substitution cipher,
where each letter in the message has been substituted
with another letter. The goal is to decode the hidden
quote along with its author’s name. You may use the
author’s name to help reduce the difficulty of the
decoding process by focusing on common words,
letter patterns, and stylistic cues from the author.

[Example 1]

Think step-by-step to decipher the cryptogram:
VOBB XSDO QK IOFFOU FGHD VOBB KHQX.
— Benjamin Franklin

[Solution 1]
Let’s start solving the cryptogram puzzle step by step.

Step 1: Use the Author’s Name as a Clue Benjamin
Franklin is known for his concise and wise sayings.
Recognizing his style helps anticipate common
structures and themes, such as practical advice or
moral lessons.

Step 2: Analyze the Cryptogram The cryptogram is:
VOBB XSDO QK IOFFOU FGHD VOBB KHQX.
-Benjamin Franklin

Notable features:

"VOBB" appears twice, suggesting a common word
with double letters.

The structure of the sentence hints at a proverb or a
well-known quote.

Mapping:

<Mapping>

{"v""w" "o":"E","B": "L", "X": "D", "S": "O",
"D":"N","Q": "I", "K": "S", "I": "B", "F": "T", "U":
"R","G": "H", "H": "A"}

</Mapping>

Answer:

<Answer>

Well done is better than well said.

-Benjamin Franklin
</Answer>

[Example 2]

<Example 2>

[Solution 2]

<Solution 2>

[Solution Guideline]

Please follow these steps to solve the Cryptogram:
1. Use the author’s name as a clue: Knowing the
author’s name can help you predict common words
or letter combinations typical for this author. For
instance, if the author is "Shakespeare," you might

anticipate archaic or common Shakespearean phrases
(like "thou," "thee," etc.).
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2. Analyze the cryptogram: Look at the frequency of
letters and common letter patterns, such as double
letters or common suffixes and prefixes. Focus on
the parts of the cryptogram that seem to match the
author’s typical writing style or famous phrases.

3. Map common words: If you recognize a word
in the cryptogram that matches the author’s typical
vocabulary, substitute letters based on that.

4. Make educated guesses: Use common English
words (such as "the," "and," "of," etc.) and letter
pairs (like "th," "he," "in", etc.) to identify possible
substitutions. If one assumption doesn’t work, try
another.

5. Verification: After generating the decoded
message, check if the quote and the author’s
name make logical sense. If needed, revisit the
assumptions and adjust the letter mappings.

6. Please provide step by step analysis and create a
python dictionary mapping of the fully substitutioin
wrapping it between <Mapping> and </Mapping>
tag.

7. Please provide the final decoded quote and wrap it
between <Answer> and </Answer> tag.

8. Please generate your response without redundant
and repeating content.

[Question]

<Question>

B.5 Sudoku

Prompt for Sudoku

[Task Description]

Sudoku is a logic-based, combinatorial number-
placement puzzle. The puzzle consists of an n? x n?
grid, partially filled with numbers from 1 to n? and
0 (empty cells). The objective is to fill the grid so
that each row, each column, and each n X n subgrid
must contain every number from 1 to n? exactly once.

[Example 1]

Here is a 4 x 4 sudoku puzzle:
[[2,0,0,0],
[0, 0, 3, 0],
[0, 4, 0, 0],
[0, 0, 0, 17]

[Solution 1]

Let's start solving the sudoku puzzle step by step.

Stepl: Analyze Empty Cell in Row 1

Cell (1,2):
Eliminated Numbers: 2 (already in row), 4
(already in column)
Possible Numbers: 1, 3

Cell (1,3):
Eliminated Numbers: 2 (already in row), 3
(already in column)

Possible Numbers: 1, 4

Cell (1,4):
Eliminated Numbers: 2 (already in row), 1
(already in column), 3 (already in subgrid)
Only possible number: 4

Step 5: Final Answer
<Answer>

[[2, 3,1, 4],
[4,1,3,2],
[1,4,2,3],
[3,2,4,1]]
</Answer>

[Example 2]
<Example 2>
[Solution 2]
<Solution 2>
[Solution Guideline]

Please solve the Sudoku Puzzle according to the
provided rules. Please also follow the requests below
to present your analysis and solutions:

1. For each empty cell, try to deduce which numbers
are allowed based on the existing numbers in its row,
column, and subgrid.

2. If you reach a point where no obvious choices are
available, you may need to backtrack. Try filling in
a number and see if it leads to a valid solution. If
it causes a contradiction, backtrack to a previous
decision and try a different path.

3. Please provide step by step analysis and present
the final answer as the same json format of the input
grid. Wrapping the final answer with <Answer> and
</Answer> tags.

4. Please generate your response without redundant
and repeating content.

[Question]

<Question>

B.6 Drop Quote

Prompt for Drop Quote

[Task Description]

A Drop Quote Puzzle consists of two parts: a grid
and a set of given letters that "drop" into specific
columns of the grid. The goal is to fill in the grid
with a meaningful quote or statement.

Key Features:

1. The grid contains numbers, "#" symbols
(representing spaces between words), and already
placed punctuation.
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2. Words may break across lines, starting at the end
of one line and continuing to the beginning of the
next. Words end only at "#" blocks or the end of the
puzzle.

3. The letters are organized by column number and
are given in alphabetical order. These letters need to
be placed into the grid.

4. Each letter drops into a specific column, and your
task is to identify the correct placement for each
letter based on the grid structure. Do not simply fill
the columns in the order they are listed. Instead,
consider where each letter fits contextually within
the puzzle to form words that make sense in the final
quote or statement.

Rules:
1. The "#" symbols indicate where spaces between
words should be.

2. Column labels (e.g., Column 1: O T) indicate
the letters that will drop into the grid for Column 1,
listed in alphabetical order. For example, in Column
1, the letters "O" and "T" must be placed in the
appropriate grid positions.

3. Fill the grid with the letters in such a way that they
form a meaningful statement or quotation.

[Example 1]

Here is a drop quote puzzle:
[[Vlv’ V2V’ I3V, 74V, V#l, V6V’ V7V],
[#.2.3.4.'5. 6. "]

Column 1: T
Column 2: IM
Column 3: M O
Column 4: EN
Column 5: E
Column 6: 1Y
Column 7: S

[Solution 1]
Let's start solving the sudoku puzzle step by step.

We first focus on Columns with single letters:
"T" for Row 1, Column 1
"E" for Row 2, Column 5
"S" for Row 1, Column 7

Then, we check the word ['6', '7'] in Row 1:
The candidates for Column 6 are "I" and "Y", and
for Column 7, it is "S". The only word that fits is
"IS". So, place "I" in Row 1, Column 6 and "Y" in
Row 2, Column 6.

Let's check the current grid:
[[T,'2, '3, 4", %, T, 'S,
[#.'2.'3", 4" 'E."Y', "]

Here is the final answer gird:
<Answer>
[T, T, M, E, %, T,'S],

[#,'M,'0", 'N', 'E", "Y', "]
</Answer>

[Example 2]
<Example 2>
[Solution 2]
<Solution 2>
[Solution Guideline]

Please solve the Drop Quote Puzzle accord-
ing to the provided rules. Please also follow the
requests below to present your analysis and solutions:

1. Isolated boxes are usually, but not always, the
words A or 1. Similarly, when you have a 2-letter
word, see what words you can make and then see
what letters that leaves you over with for other lines.
The most common 2-letter words are: OF, TO, IN,
IT, IS, BE, AS, AT, SO, WE, HE, BY, OR, ON, DO,
IF, ME, MY, UP, AN, GO, NO, US, AM.

2. The letters in a column with fewer letters can
be placed quickly by noticing which letters must
be consonants and vowels, or by eliminating the
possibility of a letter appearing in a certain spot.

3. If you have an uncommon letter such as a J, K, Q,
X, or Z, think about what letters might go before or
after it. Similarly, look for common consonant pairs
such as TH, ND, NT, ST, as well as doubled letters.

4. Be alert for common prefixes such as DE-, MIS-,
RE-, and UN-, as well as common suffixes such as
-ABLE, -ED, -ING, -LY, -NESS, and -TION.

5. Every time you fill in a letter, it means that
you’ve eliminated some letters that can go elsewhere.
Frequently, this means that you can immediately fill
in some additional letters.

6. Please provide step by step analysis and present
the final answer as the same json format of the input
grid. Wrapping the final answer in <Answer> and
</Answer> tags.

7. Please generate your response without redundant
and repeating content.

[Question]

<Question>

C Annotation

All tasks with LR?Bench were constructed by four
annotators, all pursuing a Master’s or PhD in Com-
puter Science. Here is the task-specific allocation:

Crossword & Acrostic (250 samples, 1 anno-
tator) Converting web-crawled content (grids,
clues, and answers) into structured text formats;

Designing instructions and few-shot examples.
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Logic Puzzle (200 samples, 1 annotator) Con-
verting PDF data (variables, clues, and answers)
into structured text formats; Designing instructions
and few-shot examples.

Sudoku (200 samples, 1 annotator) Converting
PDF data (grids and answers) into structured text
formats; Verifying Sudoku correctness with Python
scripts; Designing instructions and few-shot exam-
ples.

Cryptogram & Drop Quote (200 samples, 1 an-
notator) Converting PDF data (encrypted quo-
tations, grids, and answers) into structured text
formats; Creating Drop Quote with common quo-
tations; Designing instructions and few-shot exam-
ples. Moreover, 50 samples per task were double-
checked by different annotators, with the inter-
annotator agreement (IAA) exceeding 95%.

D Subtask Definition

The subtasks of each type of task is defined as
follows:

Crossword Each word corresponding to a given
clue (e.g., The answer to ’1-Across’ is the word
"THAN).

Acrostic Each letter’s placement in the grid as
derived from the clue answers (e.g., The letter in
the first position of the hidden quote is "M’).

Logic Puzzle Each specific attribute assignment
that needs to be deduced (e.g., Person A owns a red
car).

Cryptogram Each correct mapping between an
encrypted letter and its original letter (e.g., The
letter *V’ in the cryptogram corresponds to the
letter "M”).

Sudoku Each individual empty cell that needs
to be filled with the correct digit (e.g., The cell at
Row 1, Column 1 should contain the digit *17).

Drop Quote Each individual cell in the grid that
needs to be filled with the correct letter (e.g., The
cell at Row 1, Column 1 should contain the letter
T).

E Models

As shown in Table 6, we list the key details for
eleven open-source models and five closed-source
models in our evaluation.

F Few-shot Examples

Model Few-shot CR S-Acc EM PM-0.5 Redundancy # Tokens

Manually 570 160 0.0 8.0 445 1,293
DeepSeek-R1 9.5 33 0.0 2.5 91.0 1,731
Manually 96.5 2575 0.0 8.5 4.0 1,396
DeepSeek-R1  96.5 233 0.0 6.0 3.0 1,596

Llama-3.1-8B

Qwen-2.5-7B

Table 4: Performance of the Logic Puzzle task with
different few-shot examples.

The few-shot provided to LLMs are simpler than
the tested ones. Our intention is primarily to illus-
trate the task format and desired output structure,
ensuring the models understand how to present
their solutions for evaluation. Moreover, we aim
to assess the inherent reflective reasoning capabili-
ties of the models themselves, rather than explicitly
prompting or guiding them toward exhibiting reflec-
tion through the few-shot examples. While we ac-
knowledge that carefully crafted prompts can some-
times elicit improved performance in conventional
models, our focus in LR?Bench is on evaluating
the models’ intrinsic capacity for long-chain reflec-
tive reasoning without extensive external guidance
within the prompt itself.

In Table 4, we provide the results of the Logic
Puzzle task with few-shot examples constructed
by DeepSeek-R1. We observed that conventional
models struggle to benefit from few-shot exam-
ples with the reflection process. They only tend to
mimic the reflection format (the increasing gener-
ated tokens), showing inferior performance due to
the lack of authentic reflective mechanisms. Specif-
ically, Llama-3.1-8B-Instruct falls into redundancy
when trying to perform reflection as the few-shot
examples, leading to significant performance degra-
dation.

G Task Difficulty

Table 5 analyzes the difficulty of each type of task
through the size of solution space. We approxi-
mately calculate the solution space by multiply-
ing the number of elements to be filled (e.g., grid
size for Crossword) by the number of possible an-
swers for each element (e.g., 26 letters for Cross-
word). Detailed performance across varying dif-
ficulty levels for each task is presented in Tables
7, 8,9, 10, and 11. Our findings indicate that
the CR score does not significantly decrease with
increasing task difficulty. This suggests that the
long-chain generation capability is likely an inher-
ent property of these models, rather than being
strongly task-dependent. However, as the solution
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Solution Space

Task Difficulty Upper Bound
5x5 26 x5 x5
Crossword 10 x 10 26 x 10 x 10
15 x 15 26 x 15 x 15
. Easy 26 x 110
Acrostic Hard 26 x 214
4x4 (41)?
14
Logic Puzzle 45 (4')5
4%x6 (41
4x7 (41)°
Easy 26!
Cryptogram Hard 26!
4 x 4, Easy 416
4 x 4, Hard 416
Sudoku 9 x 9, Easy 981
9 x 9, Hard 981
Easy 15 x 3!
Drop Quote 1y 1d 20 x 5!

Table 5: The solution space upper bound of each type
of task.

space expands with increasing difficulty, we ob-
serve a consistent performance decline across all
models. In the most challenging settings, even the
top-performing model achieves an EM score of less
than 10%, highlighting the difficulty of our bench-
mark for evaluating LLMs’ reflective reasoning
capabilities.

H Response Cases

H.1 Lack of Reflective Reasoning

The following example shows that GPT-4o fails to
solve the logic problem due to the lack of reflective
reasoning capabilities. The model only performs a
single turn of deduction of all the clues and outputs
the final answers with insufficient evidence.

Example 1: Response of GPT-40 to Logic
Puzzle

To solve the logic puzzle, let's analyze the clues and
deduce the relationships between the variables.

#i#H Step-by-Step Analysis:
1. **Clue 1**: The commuter who rides a 10-speed

bike is not Bradley.
- Bradley does not ride a 10-speed bike.
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2. **Clue 2**: Kayla isn't related to Robert Duvall
and doesn't ride a segway.
- Kayla's actor is not Robert Duvall, and her
conveyance is not a segway.

3. **Clue 3**: Robert Duvall's cousin has an

anniversary after the commuter who rides a segway.
- The segway rider's anniversary is before Robert
Duvall's cousin.

4. #*Clue 4**: Morgan Freeman's cousin is not
Asher and doesn't ride a segway.
- Morgan Freeman's cousin is not Asher and does
not ride a segway.

5. **Clue 5**: Liam Neeson's cousin is Malia.
- Malia's actor is Liam Neeson.

6. **Clue 6**: Liam Neeson's cousin uses a
mountain bike to get to work.
- Malia rides a mountain bike.

7. **Clue 7**: Of Malia and the commuter who
rides a 10-speed bike, one has an anniversary on
January 28 and the other has an anniversary on
November 23.
- Malia or the 10-speed bike rider has an
anniversary on January 28 or November 23.

8. **Clue 8**: Either the person whose anniversary
is on March 6 or the person whose anniversary is on
November 2 is Morgan Freeman's cousin.
- Morgan Freeman's cousin has an anniversary on
March 6 or November 2.

9. **Clue 9**: Tom Cruise's cousin has an
anniversary after the commuter who rides a
skateboard.
- The skateboard rider's anniversary is before Tom
Cruise's cousin.

### Deductions:

- From Clue 5 and Clue 6, Malia rides a mountain
bike and is Liam Neeson's cousin.

- From Clue 7, Malia's anniversary is either January
28 or November 23.

- From Clue 8, Morgan Freeman's cousin has an
anniversary on March 6 or November 2.

- From Clue 9, the skateboard rider's anniversary is
before Tom Cruise's cousin.

### Assignments:

- **Malia**: Since Malia rides a mountain bike and
is Liam Neeson's cousin, she cannot be Morgan
Freeman's cousin. Therefore, Malia's anniversary is
not March 6 or November 2. Thus, Malia's
anniversary is January 28 or November 23.

- **Kayla**: Kayla is not related to Robert Duvall
and doesn't ride a segway. She could be Morgan
Freeman's cousin with an anniversary on March 6 or
November 2.




- **Bradley**: Bradley does not ride a 10-speed
bike. He could be the skateboard rider.

- ** Asher**: Asher is not Morgan Freeman's cousin,
so he could be Tom Cruise's cousin.

### Final Solution:

Based on the deductions and assignments, the final
solution is:

<Answer>
[
{

"anniversaries": "January 28",
"first names": "Malia",
won

"conveyances": "mountain bike",
"actors": "Liam Neeson"

"anniversaries": "March 6",

"first names": "Kayla",
"conveyances": "10-speed bike", X
"actors": "Morgan Freeman"

"anniversaries": "November 2",
"first names": "Bradley",
"conveyances": "skateboard", X
"actors": "Robert Duvall X

"anniversaries": "November 23",
"first names": "Asher",
Do @

"conveyances": "segway", X
"actors": "Tom Cruise" X

}
1

</Answer>

- Only single deduction

- Insufficient evidence

- Lack of iterative deduction to ensure
consistency with all constraints

H.2 Stuck in Contradictions

The following example shows that Llama-3.1-70B
falls into repetition of the same sentences when
discovering contradictions. Instead of backtracking
and revising its assumptions when a contradiction
is found (e.g., Cassidy cannot finish at both 3 min
2 sec and 3 min 8 sec), the model appears to get
stuck in a loop, repeatedly stating the conflicting
information without making progress.

Example 2: Response of Llama-3.1-70B to

Logic Puzzle

Let's start solving the logic puzzle step by step.

Participants and Attributes
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Times: 2 min, 59 sec, 3 min, 2 sec, 3 min, 8 sec, 3
min, 14 sec

First Names: Cassidy, Eva, Grace, Savannah
Breads: challah, flatbread, focaccia, matzo

Fruits: currants, kiwis, oranges, pineapples

Applying Clue 1:
Either the person who bought the matzo or
Cassidy finished at 2 min, 59 sec and the other
grows pineapples.
Clue 8 states that Savannah finished at 2 min, 59
sec.
Therefore, Cassidy grows pineapples and did not
buy the matzo.

Applying Clue 8:
Savannah finished at 2 min, 59 sec.
Clue 6 states that Savannah finished before the
person who bought the focaccia.
Therefore, the person who bought the focaccia
finished at 3 min, 2 sec, 3 min, 8 sec, or 3 min, 14
sec.

Applying Clue 4:
The person who grows currants bought the
focaccia.
Clue 2 states that either the runner who finished at
3 min, 2 sec or 3 min, 8 sec grows currants.
Therefore, the person who bought the focaccia
finished at 3 min, 2 sec or 3 min, 8 sec.

Applying Clue 9:
The person who grows currants finished before
Grace.
Since the person who bought the focaccia finished
at 3 min, 2 sec or 3 min, 8 sec, Grace finished at 3
min, 14 sec.

Applying Clue 5:
The runner who finished at 3 min, 14 sec did not
buy the challah.
Therefore, Grace bought the matzo.

Applying Clue 3:
Cassidy did not finish at 3 min, 2 sec and did not
buy the flatbread.
Since Cassidy did not buy the matzo (Clue 1) and
did not buy the flatbread, Cassidy bought the
challah.

Applying Clue 7:
The person who grows oranges is not Grace.
Since Cassidy grows pineapples, the person who
grows oranges is either Eva or Savannah.

Assigning Remaining Attributes:
Eva or Savannah grows oranges.
Since Savannah finished at 2 min, 59 sec and the
person who bought the focaccia finished at 3 min,
2 sec or 3 min, 8 sec, Eva grows oranges and
bought the flatbread.
Savannah grows kiwis and bought the focaccia is
incorrect because the person who bought the
focaccia finished at 3 min, 2 sec or 3 min, 8 sec.
Therefore, Savannah bought the challah is
incorrect, and Eva bought the flatbread and grows
oranges.




The person who bought the focaccia finished at 3
min, 2 sec or 3 min, § sec.

Since the person who grows currants finished
before Grace, the person who bought the focaccia
finished at 3 min, 2 sec.

Therefore, the person who finished at 3 min, 8 sec
grows pineapples is incorrect, and Cassidy
finished at 3 min, 8 sec is incorrect.

Cassidy finished at 3 min, 14 sec is incorrect
because Grace finished at 3 min, 14 sec.
Therefore, Cassidy finished at 3 min, 2 sec is
incorrect, and Cassidy finished at 3 min, 8 sec is
incorrect.

Cassidy finished at 3 min, 14 sec is incorrect
because Grace finished at 3 min, 14 sec.
Therefore, Cassidy finished at 3 min, 2 sec is
incorrect, and Cassidy finished at 3 min, 8 sec is
incorrect.

- Looping within the same sentence

. J

The following example indicates that QwQ-32B
struggles with contraction involving multiple inter-
connected variables. The primary issue with the
reasoning is its disorganized and cyclical behav-
ior. The model jumps between different deductions
and assumptions without systematically eliminat-
ing possibilities or locking in firm conclusions.

Example 3: Response of QwQ-32B to

Logic Puzzle

Let's tackle this logic puzzle step by step. It's a bit
complex with multiple variables, but I'll try to break
it down systematically.

First, let's list out all the variables we have:

So, if Bradley has Mar 6, Tom Cruise's cousin must
have Nov 2.

If Bradley has Nov 2, Tom Cruise's cousin must have
a later date, but Nov 23 is after Nov 2, but Nov 23 is
already assigned to either Malia or Kayla.

Wait, anniversaries are Jan 28, Mar 6, Nov 2, Nov

So, if Bradley has Mar 6, Tom Cruise's cousin has
Nov 2.

If Bradley has Nov 2, Tom Cruise's cousin has Nov
23.

But Nov 23 is assigned to either Malia or Kayla.

So, if Bradley has Nov 2, Tom Cruise's cousin must
have Nov 23, but Nov 23 is assigned to either Malia
or Kayla.

Wait, that can't be, because Tom Cruise's cousin
must be someone else.

If Bradley has Mar 6, then Tom Cruise's cousin has
Nov 2.

But if Bradley has Nov 2, Tom Cruise's cousin must
have Nov 23, which is assigned to Malia or Kayla.

This seems conflicting.

Wait, perhaps I need to consider the possible
combinations.

Let's consider two scenarios:
**Scenario 1: Bradley has Mar 6**
Therefore, Scenario 1 is invalid.

Let's consider **Scenario 2: Bradley has Nov 2%*

Given the complexity, I'll have to conclude with the
best possible answer based on the steps I've taken.

- Stuck in a reasoning cycle
- Jumping between different deductions
and assumptions

H.3 Giving-up Moment

The following examples show the "Giving-up Mo-
ment" in the responses of Qw(Q-32B and DeepSeek-
R1 to the Cryptogram task. Both models, faced
with the complexity of the problem and the con-
straints of inference time, reach a point where they
give up further decryption attempts.
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Example 4: Response of QwQ-32B to Cryp-

togram

I'm going to try to solve this cryptogram step by step.
The cryptogram is:

HNG UGEJ LROUKG RT EJXRLH EJJ ROU
KUCXGL, CT HNG HUROAJG CL HEWGF HR
HUEKG HNGX HR E KRXXRF RUCICF, YCJJ
AG TROFQ HR AG CF CQJGFGLL.

— Walter Gaston Shotwell

First, I need to understand that this is a substitution
cipher, where each letter in the original text is
replaced by another letter.

My goal is to figure out which letter corresponds to
which in the original text.

But that might not be accurate.

Alternatively, "KRXXRF" could be "SELVES", so X
=L,R=V,F=E.

But again, just a guess.
This is getting too speculative.

Given the time constraints, I think I'll stop here and
try to provide the best possible mapping and
decryption based on my attempts.

<Mapping>

{("H": "T", "N": "H", "G": "E", "U": "0", "J": "A",
"L "R, 'R "B, "E": T, "T": 'S, "O": "C", "K":
D", "C": "M, "X": "P", "F": "U", "Q": "W", "A":
"R TW UG, US™: MY MY YK T M7
</Mapping>

<Answer>

THE OIA ARBORE BIS IAUPRH IAA COU
MPORHE, CY THE THUOAFM CI HIWGF HB
HUEKG THNG HB I KRXPPU MUCICF, YAJJ AF
TROFQ HB AF CF CQJGFGLL. — Walter Gaston
Shotwell

</Answer>

- Occurrence of "'Giving-up Moment'"'

AM AR YIPYIMMSQWI MNSM, SLDBP MNI
YAPNMR DV LSB, MNI YAPNM DV
HDBMYSFAHMABP DBIRIWV NSR QIIB
VDYPDMMIB. — Charles Baudelaire

First, I'll note the structure. The first part ends with a
comma, then another phrase, and a longer sentence.
Let's break it down into parts.

But "corruption" is 10 letters, YIPYIMMSQWT I is 11
letters. So maybe with a comma: "Art is the
corruption, the soul..."

But this is not helpful.

Given the time I've spent and the need to provide an
answer, I'll proceed to hypothesize the final answer
based on common Baudelaire themes and possible
mappings.

</think>

<Mapping>

'‘A:'T','™M":'H', 'R 'E', 'Y 'B', T: 'U', 'P": 'A", 'S": 'L,
'Q:'T,'W''G','N".'S",'D": '0O', ' B": R, 'V:'M', L. 'F,
'F:'Y','H": 'P','G"'C'",'C": 'D', K" 'K, X" 'X','"Z":'Z'
</Mapping>

<Answer>

The beautiful is the shadow of the true.

— Charles Baudelaire
</Answer>

- Occurrence of ""Giving-up Moment''

Example 5: Response of DeepSeek-R1 to

Cryptogram

<think>

Okay, let's tackle this cryptogram. The author is
Charles Baudelaire, a French poet known for his
symbolic and often darkly romantic style. That
might not immediately help with common phrases,
but maybe some themes like beauty, art, or suffering.
Let's look at the cryptogram:
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Model Architecture  Size Huggingface/API

Open-source LLMs

Llama-3.1-8B-Instruct (Dubey et al., 2024) Dense 8B meta-llama/Llama-3.1-8B-Instruct
Llama-3.1-70B-Instruct (Dubey et al., 2024) Dense 70B  meta-llama/Llama-3.1-70B-Instruct
Llama-3.3-70B-Instruct (Dubey et al., 2024) Dense 70B  meta-llama/Llama-3.3-70B-Instruct
Mistral-7B-Instruct-v0.3 (Jiang et al., 2023) Dense 7B mistralai/Mistral-7B-Instruct-v0.3
Mistral-Small-Instruct-2409 (Jiang et al., 2023) Dense 22B  mistralai/Mistral-Small-Instruct-2409
Mistral-Large-Instruct-2411 (Jiang et al., 2023) Dense 123B  mistralai/Mistral-Large-Instruct-2411
Qwen?2.5-7B-Instruct (Yang et al., 2024) Dense 7B Qwen/Qwen2.5-7B-Instruct
Qwen?2.5-32B-Instruct (Yang et al., 2024) Dense 32B  Qwen/Qwen2.5-32B-Instruct
Qwen2.5-72B-Instruct (Yang et al., 2024) Dense 72B  Qwen/Qwen2.5-72B-Instruct
QwQ-32B-Preview (Qwen, 2024) Dense 32B  Qwen/QwQ-32B-Preview
DeepSeek-R1 (Guo et al., 2025) MoE 671B  deepseek-ai/DeepSeek-R1

Closed-source LLMs

Gemini-2.0-flash (DeepMind, 2024a)
Gemini-2.0-flash-thinking (DeepMind, 2024b)
GPT-40 (OpenAl, 2024b)

ol-mini (OpenAl, 2024a)

ol-preview (OpenAl, 2024a)

gemini-2.0-flash-exp

gemini-2.0-flash-thinking-exp-1219

gpt-40-2024-08-06
01-mini-2024-09-12
ol-preview-2024-09-12

Table 6: Detailed information of all evaluated models in LR?Bench.

Model ‘

Crossword - 5 X 5

Crossword - 10 x 10

| Crossword - 15 x 15

| CR S-Acc EM PM-0.5 #Tokens| CR S-Acc EM PM-0.5 #Tokens| CR S-Acc EM PM-0.5 # Tokens
Open-source LLMs
Llama-3.1-8B-Instruct 640 296 0.0 320 743 |500 192 00 100 2433 |700 212 00 00 5488
Llama-3.1-70B-Tnstruct 720 466 0.0 640 724 | 740 478 00 660 2554 |86.0 461 00 560 5938
Llama-3.3-70B-Instruct 920 592 00 780 817 |780 485 00 720 2284 |860 353 0.0 460 4738
Mistral-7B-Instruct-v0.3 1000 27.2 00 180 970 |100.0 279 00 20 3134 |80 138 00 00 6863
Mistral-Small-Instruct-2409| 100.0 52.8 0.0 660 803 |100.0 52.0 0.0 640 2469 | 960 400 00 320 6133
Mistral-Large-Instruct-2411|100.0 688 6.0 920 804 |100.0 662 00 960 2634 |980 532 0.0 700 6273
Qwen2.5-7B-Instruct 1000 27.8 00 100 659 [100.0 217 00 0.0 2022 | 960 138 0.0 00 4643
Qwen2.5-32B-Instruct 1000 426 00 440 678 [100.0 378 00 160 2132 [100.0 234 00 00 4871
Qwen2.5-72B-Instruct 1000 51.0 00 640 720 [100.0 470 0.0 440 2167 [100.0 344 00 20 5318
QwQ-32B-Preview 80.0 352 0.0 320 2965 |780 319 00 220 4614 |80 236 00 00 6872
DeepSeek-R1 100.0 87.2 50.0 98.0 8565 |100.0 78.5 0.0 100.0 10314 |100.0 60.4 0.0 84.0 10552
Closed-source LLMs
Gemini-2.0-flash 1000 656 00 840 622 [100.0 69.4 00 980 2079 |960 498 00 680 4964
Gemini-2.0-flash-thinking | 98.0 650 40 900 744 | 980 648 00 920 2241 |880 434 00 560 4961
GPT-40 1000 732 40 960 597 [100.0 74.1 00 980 1679 |100.0 417 0.0 660 2902
ol-mini 1000 588 40 800 7243 920 490 00 680 7292 | 940 286 0.0 140 8986
ol-preview 980 951 740 980 8006 [100.0 80.8 0.0 100.0 9971 | 960 57.1 0.0 70.0 12317

Table 7: Performance (%) of LLMs on Crossword across all difficulty levels. The best and second-best results are
highlighted in bold and underlined, respectively. "# Tokens" denotes the average number of generated tokens.

Model

‘ Acrostic - Easy ‘

Acrostic - Hard

Cryptogram - Easy ‘

Cryptogram - Hard ‘

| CR S-Acc EM PM-0.5 # Tokens| CR

S-Acc EM PM-0.5 #Tokens‘ CR

S-Acc EM PM-0.5 # Tokens |

CR

S-Acc EM PM-0.5 # Tokens

Open-source LLMs

Llama-3.1-8B-Instruct 560 89 00 00 2587 300 22 0.0 0.0 4838 | 420 23 00 00 1977 | 440 22 00 00 2159
Llama-3.1-70B-Instruct 88.0 41.6 0.0 34.0 2504 | 80.0 30.0 0.0 8.0 4626 | 640 7.7 00 00 1465 60.0 6.0 00 20 1130
Llama-3.3-70B-Instruct 100.0 466 0.0 46.0 2514 | 940 350 0.0 10.0 4655 | 98.0 163 0.0 0.0 1135 (100.0 123 00 2.0 1140
Mistral-7B-Instruct-v0.3 840 95 00 00 3097 | 660 62 00 0.0 6103 | 980 34 00 00 1179 1000 5.1 0.0 0.0 1012
Mistral-Small-Instruct-2409 | 84.0 81 0.0 0.0 2839 |500 29 00 0.0 5503 | 940 84 00 00 1307 | 960 56 00 0.0 1159
Mistral-Large-Instruct-2411 | 96.0 44.8 0.0 36.0 2892 (100.0 34.0 0.0 4.0 5667 | 940 183 0.0 2.0 1250 {980 9.1 00 0.0 1158
Qwen2.5-7B-Instruct 580 55 00 0.0 2896 | 260 1.7 00 0.0 5422 | 840 48 00 00 1205 | 780 21 00 0.0 1158
Qwen2.5-32B-Instruct 100.0 323 0.0 2.0 2763 |100.0 312 0.0 2.0 5383 880 99 00 00 1404 (900 98 00 0.0 1202
Qwen2.5-72B-Instruct 100.0 41.7 0.0 30.0 2793 |100.0 369 0.0 6.0 5429 |86.0 149 00 00 1743 | 840 86 0.0 00 1710
QwQ-32B-Preview 100.0 364 0.0 12.0 3380 | 940 269 00 0.0 6549 | 420 41 00 00 6432 | 520 31 00 0.0 6551
DeepSeek-R1 100.0 66.5 0.0 90.0 9095 |100.0 57.8 0.0 76.0 11058 |100.0 36.7 6.0 32.0 10404 |100.0 153 2.0 10.0 10284
Closed-source LLMs

Gemini-2.0-flash 100.0 50.6 0.0 60.0 2722 | 960 454 00 360 5318 | 420 103 00 20 1844 | 520 67 00 0.0 1327
Gemini-2.0-flash-thinking | 100.0 46.2 0.0 36.0 3027 840 353 0.0 18.0 5486 | 68.0 149 0.0 40 4244 1680 75 00 00 4090
GPT-40 100.0 58.5 0.0 740 2288 |100.0 535 0.0 60.0 4171 100.0 254 0.0 8.0 750  (100.0 159 0.0 2.0 729
ol-mini 98.0 375 0.0 240 10018 | 96.0 318 0.0 0.0 11885 |100.0 309 2.0 20.0 11689 [100.0 145 0.0 6.0 10727
ol-preview 100.0 68.3 0.0 90.0 13096 |100.0 66.2 0.0 90.0 16598 | 96.0 489 18.0 42.0 12096 | 88.0 20.7 80 160 13039

Table 8: Performance (%) of LLMs on Acrostic and Cryptogram across all difficulty levels. The best and second-best
results are highlighted in bold and underlined, respectively. "# Tokens" denotes the average number of generated

tokens.
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Model ‘ Logic Puzzle - 4 x 4 ‘ Logic Puzzle - 4 x 5 ‘ Logic Puzzle - 4 x 6 Logic Puzzle - 4 x 7

‘ CR S-Acc EM PM-0.5 #Tokens‘ CR S-Acc EM PM-0.5 #Tokens‘ CR S-Acc EM PM-0.5 #Tokens| CR S-Acc EM PM-0.5 # Tokens

Open-source LLMs

Llama-3.1-8B-Instruct 86.0 30.7 00 28.0 1049 | 520 128 00 0.0 1214 | 46.0 106 0.0 2.0 1225 | 440 98 0.0 2.0 1683
Llama-3.1-70B-Instruct 66.0 352 8.0 420 989 58.0 200 00 10.0 1126 | 540 189 0.0 12.0 1109 | 46.0 17.1 0.0 8.0 1435
Llama-3.3-70B-Instruct 88.0 467 40 520 1258 | 82.0 356 0.0 26.0 1576 | 90.0 254 0.0 12.0 1931 620 212 0.0 100 2188
Mistral-7B-Instruct-v0.3 100.0 26.8 0.0 16.0 1289 | 98.0 18.0 00 20 1590 | 96.0 150 0.0 0.0 1846 | 940 168 00 0.0 1746
Mistral-Small-Instruct-2409 | 100.0  38.7 2.0 34.0 1358 |100.0 33.6 0.0 12.0 1424 | 98.0 237 0.0 2.0 1554 1100.0 26.7 0.0 2.0 1721
Mistral-Large-Instruct-2411 {100.0 532 10.0 62.0 1293 |100.0 404 2.0 30.0 1532 1100.0 30.6 00 18.0 1772 1100.0 29.1 0.0 12.0 1950
Qwen2.5-7B-Instruct 100.0 335 0.0 200 1133 | 98.0 288 00 140 1254 | 96.0 21.0 0.0 0.0 1494 | 920 197 0.0 0.0 1701
Qwen2.5-32B-Instruct 100.0 455 0.0 54.0 1070 | 920 343 0.0 20.0 1137 | 940 241 0.0 6.0 1241 86.0 250 0.0 10.0 1383
Qwen2.5-72B-Instruct 94.0 483 00 56.0 1490 | 98.0 348 00 16.0 1641 920 263 0.0 140 1931 90.0 26.7 0.0 6.0 2177
QwQ-32B-Preview 940 763 56.0 80.0 4766 |86.0 527 140 640 8966 | 68.0 302 40 28.0 11292 | 66.0 258 40 20.0 13070
DeepSeek-R1 100.0 94.2 90.0 94.0 4724 |100.0 70.5 36.0 68.0 8907 |100.0 50.2 16.0 50.0 11860 |100.0 62.6 28.0 60.0 11329
Closed-source LLMs

Gemini-2.0-flash 700 353 6.0 36.0 1569 | 56.0 228 20 16.0 2283 | 62.0 238 0.0 18.0 2254 | 440 148 0.0 100 2308
Gemini-2.0-flash-thinking {100.0 63.8 28.0 66.0 3310 | 98.0 440 20 340 4073 |100.0 37.8 0.0 30.0 4311 | 98.0 38.1 20 200 4458
GPT-40 100.0 55.0 140 62.0 871 100.0 419 0.0 30.0 907 100.0 299 0.0 140 974 1100.0 303 0.0 12.0 1061
ol-mini 980 795 660 820 5572 [100.0 605 160 62.0 9522 | 98.0 429 40 360 12121 |100.0 459 8.0 340 13753
ol-preview 100.0 96.7 92.0 98.0 6199 | 98.0 745 48.0 74.0 9129 [100.0 53.8 14.0 56.0 11140 | 98.0 50.1 10.0 46.0 11330

Table 9: Performance (%) of LLMs on Logic Puzzle across all difficulty levels. The best and second-best results are
highlighted in bold and underlined, respectively. "# Tokens" denotes the average number of generated tokens.

| Sudoku - 4 x 4, Easy | Sudoku - 4 x 4, Hard | Sudoku - 9 x 9, Easy Sudoku - 9 x 9, Hard
‘ CR S-Acc EM PM-0.5 #Tokcns‘ CR S-Acc EM PM-0.5 #Tokcns‘ CR S-Acc EM PM-0.5 #Tokens| CR S-Acc EM PM-0.5 # Tokens

Model

Open-source LLMs

Llama-3.1-8B-Instruct 40 08 00 0.0 931 6.0 13 0.0 0.0 1468 120 1.6 00 0.0 5051 8.0 1.2 00 00 3678
Llama-3.1-70B-Instruct 68.0 324 00 380 1142 | 60.0 315 4.0 32.0 1343 | 740 164 0.0 0.0 2514 | 76.0 167 0.0 0.0 2761
Llama-3.3-70B-Instruct 84.0 442 100 48.0 1253 | 90.0 489 18.0 420 1200 [100.0 24.7 0.0 0.0 917 100.0 215 0.0 0.0 877
Mistral-7B-Instruct-v0.3 96.0 196 0.0 4.0 1333 920 175 00 2.0 1413 | 780 6.0 0.0 0.0 4725 | 70.0 44 00 00 4962
Mistral-Small-Instruct-2409 | 100.0  33.2 0.0 18.0 1351 100.0 302 2.0 12.0 1272 1800 95 00 0.0 2400 | 760 9.1 00 0.0 2850
Mistral-Large-Instruct-2411 | 94.0  68.2 26.0 78.0 1204 | 920 542 140 540 1235 | 86.0 21.0 0.0 20 2910 | 700 145 0.0 0.0 2472
Qwen2.5-7B-Instruct 980 420 20 420 937 100.0 362 4.0 16.0 951 960 255 00 20 2022 | 840 17.1 0.0 0.0 2034
Qwen2.5-32B-Instruct 100.0 538 12.0 60.0 1095 [100.0 502 2.0 46.0 1158 |100.0 349 00 8.0 1435 1000 325 00 8.0 1119
Qwen2.5-72B-Instruct 100.0 60.8 16.0 72.0 1380 [100.0 556 6.0 58.0 1520 | 940 284 0.0 2.0 2543 | 96.0 273 0.0 4.0 2610
QwQ-32B-Preview 66.0 63.8 60.0 640 3217 | 760 720 660 72.0 5119 | 440 153 0.0 6.0 12575 | 320 95 0.0 0.0 12613
DeepSeek-R1 100.0 100.0 100.0 100.0 2878 [100.0 100.0 100.0 100.0 3620 |100.0 46.6 0.0 42.0 14491 [100.0 345 0.0 14.0 12117
Closed-source LLMs

Gemini-2.0-flash 940 57.8 240 66.0 1437 1920 589 26.0 60.0 1454 | 940 338 00 100 4194 | 92.0 30.6 0.0 14.0 4287
Gemini-2.0-flash-thinking | 70.0 62.8 44.0 68.0 2009 | 66.0 50.0 220 54.0 2350 | 92.0 417 00 36.0 5511 90.0 313 0.0 6.0 5541
GPT-40 100.0 68.0 26.0 84.0 1015 100.0 633 320 64.0 1039 |100.0 39.7 0.0 26.0 1234 |100.0 37.9 0.0 18.0 1127
ol-mini 1000 854 660 880 3059 |960 686 420 720 3403 |100.0 329 00 100 4428 |100.0 267 00 20 4953
ol-preview 100.0 100.0 100.0 100.0 5616 |100.0 100.0 100.0 100.0 6191 86.0 345 0.0 16.0 10328 | 80.0 257 0.0 6.0 10111

Table 10: Performance (%) of LLMs on Sudoku across all difficulty levels. The best and second-best results are
highlighted in bold and underlined, respectively. "# Tokens" denotes the average number of generated tokens.

Model | Drop Quote - Easy | Drop Quote - Hard

‘ CR S-Acc EM PM-0.5 #Tokens‘ CR S-Acc EM PM-0.5 # Tokens

Open-source LLMs

Llama-3.1-8B-Instruct 380 96 00 20 1692 | 500 128 0.0 0.0 2553
Llama-3.1-70B-Instruct 86.0 327 0.0 220 1298 | 78.0 227 00 20 1698
Llama-3.3-70B-Instruct 98.0 331 00 240 900 [100.0 249 0.0 2.0 936

Mistral-7B-Instruct-v0.3 720 89 0.0 2.0 2193 60.0 43 00 0.0 2480
Mistral-Small-Instruct-2409 | 98.0 30.5 0.0 12.0 1357 {960 233 0.0 0.0 1873
Mistral-Large-Instruct-2411 | 98.0 294 0.0 18.0 1429 | 98.0 200 0.0 0.0 1702
Qwen?2.5-7B-Instruct 1000 249 00 8.0 1500 [96.0 189 0.0 0.0 2204
Qwen2.5-32B-Instruct 98.0 335 00 260 1084 920 233 00 20 1310
Qwen2.5-72B-Instruct 96.0 355 0.0 24.0 1505 [ 920 262 0.0 20 2009
QwQ-32B-Preview 320 96 00 14.0 5987 | 340 54 00 20 6169
DeepSeek-R1 100.0 54.6 14.0 58.0 11202 [100.0 40.1 0.0 26.0 11643
Closed-source LLMs

Gemini-2.0-flash 92.0 372 00 280 2149 (920 313 00 6.0 3286
Gemini-2.0-flash-thinking | 96.0 38.8 0.0 38.0 3621 |96.0 300 00 8.0 3150
GPT-40 98.0 348 00 240 1125 [100.0 273 0.0 4.0 1205
ol-mini 98.0 414 40 36.0 14130 [ 940 271 0.0 6.0 12380
ol-preview 98.0 49.6 18.0 56.0 13064 | 96.0 279 8.0 20.0 14126

Table 11: Performance (%) of LLMs on Drop Quote across all difficulty levels. The best and second-best results are
highlighted in bold and underlined, respectively. "# Tokens" denotes the average number of generated tokens.
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