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Abstract

Large Language Models (LLMs) can achieve
enhanced complex problem-solving through
test-time computing scaling, yet this often en-
tails longer contexts and numerous reasoning
token costs. In this paper, we propose an effi-
cient test-time scaling method that trains LLMs
on code-related reasoning trajectories, facili-
tating their reduction of excess thinking to-
kens while maintaining performance. First,
we create Z1-Code-Reasoning-107K, a curated
dataset of simple and complex coding prob-
lems paired with their short and long solution
trajectories. Second, we present a novel Shifted
Thinking Window to mitigate overthinking
overhead by removing context-delimiting tags
(e.g., <think>. . . </think>) and capping reason-
ing tokens. Trained with long and short trajec-
tory data and equipped with Shifted Thinking
Window, our model, Z1-7B, demonstrates the
ability to adjust its reasoning level as the com-
plexity of problems and exhibits efficient test-
time scaling across different reasoning tasks
that matches R1-Distill-Qwen-7B performance
with about 30% of its average thinking tokens.
Notably, fine-tuned with only code trajectories,
Z1-7B demonstrates generalization to broader
reasoning tasks (47.5% on GPQA Diamond).
Our analysis of efficient reasoning elicitation
also provides valuable insights for future re-
search. 1

1 Introduction

Large Reasoning Models (LRMs), such as OpenAI
o1 (Jaech et al., 2024) and DeepSeek R1 (Guo
et al., 2025), have demonstrated remarkable ad-
vances in complex reasoning tasks through test-
time compute scaling (Wei et al., 2022), partic-
ularly in competitive mathematics and program-
ming. These models, trained with large-scale Re-
inforcement Learning (RL) (Lightman et al., 2023;
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Figure 1: Overview of Z1 training and inference. Fine-
tuned with long and short trajectory data, Z1 could
solve simple and complex problems in shifted thinking
window efficiently.

Feng et al., 2023), have emerged step-by-step rea-
soning abilities to solve complex problems effec-
tively. However, the elaborate reasoning process
also leads to super long contexts and numerous
thinking tokens, challenging the efficient utiliza-
tion of LRMs.

Existing open-source works, such as s1 (Muen-
nighoff et al., 2025) and LIMO (Ye et al., 2025),
train non-reasoning models into reasoning mod-
els with manually curated problems and distilled
long chain-of-thought (CoT) (Wei et al., 2022) tra-
jectories yet do not address the challenges posed
by test-time compute scaling with respect to long
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Figure 2: Comparing Z1 with R1-like models on context window (a) and test-time scaling (b). Z1 models exhibit
more efficient test-time compute scaling than R1-Distill-7B, with its shifted thinking window. Z1-7B exhibits
efficient test-time scaling across 3 different reasoning tasks (LiveCodeBench, MATH500, GPQA Diamond) and
matches R1-Distill-Qwen-7B performance with about 30% of its average thinking tokens.

contexts and an excessive thinking tokens. For ex-
ample, s1 (Muennighoff et al., 2025) introduces
budget forcing, which either appends ending words
to truncate reasoning processes or extrapolation
words (e.g., "wait") to inspire the model to con-
tinue thinking, thereby precisely controlling con-
text length. While extrapolation words can control
model reasoning, direct truncations may disrupt the
model’s thinking process, consequently degrading
performance. Thus, we propose the problem: "Is
there an efficient test-time scaling way to reduce
the model’s thinking tokens consumption while
preserving its reasoning performance?".

In this paper, we implement efficient test-time
scaling with code-related trajectory fine-tuning and
present the shifted thinking mode of LRMs: weak
reasoning to simple problems, strong reasoning
to complex problems, which significantly reduces
the thinking tokens consumption of LRMs in prob-
lem solving. Specifically, we create the Z1-Code-
Reasoning-107K dataset, comprising 107K simple
and complex code-related problems paired with
their reasoning traces distilled from the QwQ-32B-
Preview (Team, 2025c) model. We train Qwen2.5-
Coder-7B-Instruct (Hui et al., 2024) into a reason-
ing model, with this 107K code-related long and
short trajectory dataset. We eliminate the context
split with delimiters (e.g., <think>...</think>) and
introduce a novel Shifted Thinking Window: (I)
For simple problems, the models generate solu-
tions with in a low reasoning token computation.
(II) For complex problems, we cap the thinking
tokens; if the model outputs exceed this threshold,
we append a hint phrase to the end of the reason-
ing trace, forcing it to produce an answer based
on the existing thought process. Shifted Thinking

Window enables model that get trained with long
and short trajectories to adjust its reasoning level
as the complexity of problems, thereby avoiding
the overthinking of LRMs. Fine-tuned on long
and short reasoning trajectories and equipped with
the Shifted Thinking Window, our model Z1-7B
exhibits efficient test-time scaling across different
reasoning tasks and matches R1-Distill-Qwen-7B
performance with about 30% (as shown in Fig-
ure 2) its average thinking tokens. Furthermore,
our systematic analysis of the benefits of reason-
ing elicitation provides valuable insights for future
research, contributing to the development of more
efficient LRMs.

2 Efficient Test-time Scaling with Code

As illustrated in Figure 1, to achieve efficient test-
time scaling, we train non-reasoning models of
code-related reasoning trajectories with varying
lengths and introduce shifted thinking window
to replace the context split with delimiters (e.g.,
<think>...</think>). After supervised fine-tuning
(SFT), our model could adjust its reasoning level
according to the complexity of the input problem.
In this section, we detail our methodology, includ-
ing the creation of the reasoning dataset with code
(Section 2.1) and the implementation of the shifted
thinking window (Section 2.2).

2.1 Dataset Creation

We create the efficient test-time scaling dataset that
integrates both short reasoning trajectories for sim-
ple problems and strong reasoning trajectories for
complex problems (as shown in Appendix D), em-
phasizing diverse reasoning trajectory lengths in
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the training set. However, existing reasoning trajec-
tory datasets predominantly feature complex prob-
lems with long chains of thought (CoT), posing a
challenge for training efficient reasoning models
due to the lack of short and straightforward trajec-
tories. To address this, we approach the problem
from the perspective of evolving question complex-
ity and select problems from Code Evol-Instruct
dataset (Xu et al., 2024), which evolves in depth
and breadth to cover a wide range of complexities
and has proven effective in non-reasoning mod-
els (Luo et al., 2023).

We generate reasoning trajectories using QwQ-
32B-preview (where no explicit context splits are
adopted) and truncate the trajectories length to
8192 tokens, removing approximately 3% of sam-
ples with repetitive reasoning processes to mitigate
excessive thinking in the training data. The re-
maining reasoning trajectories, paired with their
problems, constitute the Z1-code-reasoning-107K
dataset, with less than 1% of the data being trun-
cated. More details is shown in Appendix B.

To further analyze our dataset, we compare
the top-50 trigram word frequencies of Z1-Code-
Reasoning-107K with OpenThoughts-114K (Team,
2025b) dataset2. Z1-code-reasoning-107K exclu-
sively contains code-related reasoning trajectories,
while OpenThoughts-114K is a reasoning dataset
distilled from DeepSeek R1, featuring 114K high-
quality examples spanning math, science, code,
and puzzles. Figure 4 illustrates a trend in the
word frequency distributions of Z1-code-reasoning-
107K and OpenThoughts-114K: high-frequency tri-
grams exhibit homogeneity, while mid-frequency
trigrams show differentiation. For example, the
high-frequency trigrams in both datasets (e.g., "I
need to," "we need to," "the number of") indi-
cate the model’s summarization of the next rea-
soning step, which highlights the commonality be-
tween code trajectory and other complex problems.
In contrast, mid-frequency trigrams in Z1-code-
reasoning-107K, such as "iterate through the" and
"for each," capture loop-based logic characteristic
of code-related trajectories, distinct from the math-
ematical logic exemplified by trigrams (e.g., "a+b",
"equal to the") in OpenThoughts-114K. This un-
derscores the unique reasoning patterns inherent in
code-related trajectories.

2https://huggingface.co/datasets/
open-thoughts/OpenThoughts-114k

2.2 Shifted Thinking Window

To enforce a "think-before-answer" pattern, exist-
ing LRMs like DeepSeek R1 typically use delim-
iters (e.g., <think>...</think>) to split the context
window into two parts, where the model first rea-
sons in the thinking window and then outputs the
final answer in the answering window. However,
this pattern often introduces unnecessary reason-
ing when processing simple problems that do not
require deep thought. In the training and inference
of our model, we eliminate this context split, allow-
ing the model to flexibly fine-tune and generalize
across short and long trajectories and avoiding the
overthinking for simple problems. We refer it to
Shifted Thinking Window, where the model’s con-
text window is not rigidly divided into two parts
by delimiters but instead of a shifted window (Ex-
amples are shown in Appendix D): (I) For simple
problems, the model fine-tuned on both short and
long trajectories can directly output concise rea-
soning and answers within the context. (II) For
complex problems, we cap the maximum thinking
length within which the model can either reason or
provide an answer; if the reasoning trajectory ex-
ceeds this maximum length, the end of the model’s
output will be appended with a hint to enforce a
direct answer. The essence of shifted thinking:
weak reasoning for simple problems and strong rea-
soning for complex problems significantly reduces
unnecessary reasoning by model, thereby demon-
strating more efficient test-time compute scalings.

3 Experiments

3.1 Implementation Details

Following the previous work (Muennighoff et al.,
2025), we take a model that has already been
pretrained and instruction-tuned, and further fine-
tune it for reasoning. Specifically, we select
Qwen2.5-Coder-Instruct (Hui et al., 2024) series
models, which have already achieved good perfor-
mance on various code-related benchmarks. For all
training samples, we avoid using delimiters (e.g.,
<think>...</think>) to separate the whole trajectory
into the thinking and answering parts. This adjust-
ment allows the LRM to avoid mandated overthink-
ing, enabling more automatic and efficient test-time
scaling: weak reasoning for simple problems and
strong reasoning for complex problems.

We finetune the Qwen-2.5-Coder-7B-Instruct on
our Z1-Code-Reasoning-107K dataset, yielding Z1-
7B. We do not compute loss on questions, only
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Model Data
Source

MATH
500

GPQA
Diamond

LiveCode
Bench

BigCode
Bench-Hard AVG

API only

o1-preview N/A 85.5 73.3 43.2 23.0 56.3
o1-mini N/A 90.0 60.0 53.7 27.7 57.9

Open Weights

Deepseek-R1 N/A 97.3 71.5 77.9 29.7 67.6
R1-Distill-Qwen-32B R1/800K 94.3 62.1 - 23.6 -
R1-Distill-Qwen-7B R1/800K 83.3 49.1 40.5 3.4 44.1
QwQ-32B-Preview N/A 90.6 60.0 59.9 25.0 58.9

Non-reasoning Model

Deepseek-V3 N/A 90.2 59.1 56.3 27.7 58.3
GPT-4o-0513 N/A 75.8 46.5 43.4 25.0 47.7
Qwen2.5-Coder-7B-Ins N/A 68.6 37.4 32.3 20.3 39.7

Open Weights and Data

Sky-T1-32B-Preview QwQ/17K 88.6 56.8 - 26.4 -
s1.1-7B R1/1K 79.2 31.8 15.2 4.7 31.7
OpenThinker-7B R1/114K 83.0 42.4 25.3 17.6 42.1

Z1-7B QwQ/107K 76.4 47.5 35.3 22.3 45.4

Table 1: Results on 4 benchmarks. We evaluate Z1 models with shifted thinking window. For other models without
a reported score, we budget force it by adding "the final answer is:". Model details are shown in Appendix C.

on reasoning trajectories and solutions. For fine-
tuning hyperparameters, we train our model with
a learning rate of 1e-5 warmed up linearly for 100
steps and then decayed over the rest of training (836
steps in total training) following a cosine scheduler.
We train all the models in bfloat16 precision with
Pytorch Fully Shard Data Parallel (FSDP) and set
a global batch size to 128 for 2 epochs using 8
NVIDIA A100-80G GPUs. All other settings not
mentioned in this paper follow the default values
of Huggingface Trainer (Hugging Face, 2025).

3.2 Main Result

Table 1 presents the results of Z1 and other models
on 4 benchmarks, highlighting the following salient
observations:
(1) Z1 models achieve comparable performance
level with GPT-4o on benchmarks of complex
problems. (Avg. 45.4 vs 47.7) This result high-
lights the success of test-time scaling with code,
where performance improvements are achieved by
leveraging extended reasoning traces during infer-
ence, rather than solely relying on increased model
size. (2) Trained with trajectory data with code,
Z1-7B outperforms other 7B-scale language rea-
soning models. This outcome underscores the ef-
fectiveness of our test-time scaling approach, par-
ticularly when fine-tuned with code-realted reason-
ing data. (3) Fine-tuning the model exclusively

with code-related reasoning data enables it to
generalize across different domains. Z1 models,
fine-tuned on large amount of trajectories data with
code, displays superior generalization on GPQA
Diamond (47.5%) and MATH500 (76.4%). This
suggests the effectiveness of code-related trajectory
training for language reasoning elicitation.

3.3 Test-time Scaling Comparison

To further compare the reasoning efficiency of Z1
to other models, we analyze the test-time scaling
of Z1-7B and R1-Distill-Qwen-7B on three bench-
marks: MATH500, GPQA, and LiveCodeBench.
We equip Z1-7B with Shifted Thinking Window
by imposing a cap of different maximum think-
ing tokens. For R1-Distill-Qwen-7B, We budget
force (Muennighoff et al., 2025) it by adding "the
final answer is:", since R1-Distill-Qwen-7B can’t
adapt to the shifted thinking window without long
and short trajectory fine-tuning. Figure 3 illus-
trates the reasoning efficiency of Z1-7B compared
to the baseline models, revealing the following
key observations: Z1-7B demonstrates more ef-
ficient test-time scaling than R1-Distill-Qwen-
7B on reasoning tasks, by achieving compara-
ble results with significantly fewer thinking to-
kens. Z1-7B exhibits superior test-time scaling
efficiency compared to R1-Distill-Qwen-7B on rea-
soning tasks, by delivering better performance with
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Figure 3: Test-time scaling comparison between Z1-7B and R1-Distill-Qwen-7B. R1-Distill-Qwen-7B can’t
adapt to the shifted thinking window without long and short trajectory fine-tuning.

significantly fewer thinking tokens. For example,
Z1-7B outperforms R1-Distill-Qwen-7B while re-
quiring only half the average thinking time (ap-
proximately 2,000+ tokens) on the GPQA Dia-
mond benchmark, whereas R1-Distill-Qwen-7B
relies on a budget exceeding 4,096 thinking to-
kens. This underscores Z1-7B’s remarkable effi-
ciency in reasoning-intensive tasks. In contrast,
R1-Distill-Qwen-7B demonstrates notably weaker
performance at lower ATT, only achieving compet-
itive results when ATT is substantially increased.

3.4 Data Ablations

To further investigate the critical factors influencing
effective reasoning elicitation in training data, we
designed an ablation study with random sampling
and greedy sampling strategies (as shown in Algo-
rithm 1) and obtain representative subsets with two
key factors (Mean Trajectory Length and Train-
ing Sample Size) that influences Z1’s reasoning
elicitation: (1) Random Sampling: Samples are
chosen randomly, serving as a baseline for compar-
ison. We conduct random sampling with varying
sample sizes (16K, 64K) to assess the impact of
training samples on efficient test-time scaling. (2)
Longest Greedy Sampling: At each step, we se-
lect only the samples with the highest token counts,
ensuring the subset contains the longest training
examples in terms of reasoning traces. (3) Shortest
Greedy Sampling: At each step, we select only the
samples with the lowest token counts, maximizing
the number of samples included in the subset while
adhering to the token budget.

For all subsets, we calculate the Mean Trajectory

Length (MTL) as follows:

MTL =
1

n

n∑

i=1

Lengthi(tokens) (1)

Where n denotes the number of training samples
and Lengthi represents the trajectory length (to-
kens) of the i-th training sample. For all bench-
marks, we calculate the Average Thinking Time
(ATT) as follows:

ATT =
1

n

n∑

i=1

Lengthi(tokens) (2)

Where n denotes the number of problems in bench-
marks and Lengthi represents the trajectory length
of the i-th problem. We fine-tune Qwen2.5-Coder-
7B-Instruct on these representative subsets. Ta-
ble 2 presents the evaluation results of models fine-
tuned on different subsets of the training data, high-
lighting the following observations:

Impact of Mean Trajectory Length Under the
same training budget of 74M tokens, we sample
two subsets with different mean trajectory length
using two strategies: longest-greedy and shortest-
greedy sampling. As shown in Table 2, the sub-
set sampled via longest-greedy strategy exhibits
a significantly higher MTL (2,216) compared to
the shortest-greedy subset (807). This difference
in training trajectory length translates into notable
performance distinctions during evaluation. Specif-
ically, the model fine-tuned on the longest-greedy
subset demonstrates a longer Average Thinking
Time (AVG score: 1,617 vs. 1,257) and a higher
Benchmark Score (AVG score: 50.8 vs. 49.1) com-
pared to the model trained on the shortest-greedy
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Subset Full Random Longest Shortest

Training Dataset

Model Size 7B 14B 7B 7B 7B 7B
Dataset Size (Samples) 107K 107K 16K 64K 33K 90K
Dataset Size (Tokens) 124M 124M 19M 74M 74M 74M
Mean Trajectory Length 1,159 1,159 1,157 1,156 2,216 807

Evaluation

GPQA Diamond 47.5 46.0 40.9 41.9 42.4 39.4
Average Thinking Time 2,470 1,770 1,797 2,241 2,695 1,979

LiveCode Bench 35.3 40.7 32.2 34.1 32.7 34.1
Average Thinking Time 866 888 864 811 927 763

MATH 500 76.4 81.2 72.4 74.4 77.2 73.8
Average Thinking Time 1,185 1,012 1,046 1,118 1,229 1,030

AVG 53.1 56.0 48.5 50.1 50.8 49.1
Average Thinking Time 1,507 1,223 1,236 1,390 1,617 1,257

Table 2: Z1-Code-Reasoning-107K Data Ablations. We use a maximum of around 4,096 thinking tokens for
all scores in this table. The Random Sampling method does not alter the average trajectory length of the training
samples. Both length-greedy sampling methods (longest and shortest) utilize the same training tokens (74M).

subset. These results underscore the critical role
of Trajectory Length in the training set, suggesting
that longer trajectories enhance the model’s capac-
ity for test-time scaling by encouraging more delib-
erate and extended reasoning during inference.

Impact of Training Sample Size To investigate
the effect of training sample size, we randomly sam-
ple subsets of varying sizes (16K and 64K) from
the original 107K dataset and compare the result-
ing models performance. As shown in Table 2, the
model fine-tuned on the full 107K dataset achieves
an ATT of 1,507 and a Benchmark Score of 53.1,
outperforming the model trained on the Random-
64K subset (1,390 and 50.1, respectively). In con-
trast, the smallest subset, Random-16K, yields the
shortest ATT (1,236) and the lowest performance
(48.5). This observation indicates that a larger train-
ing sample size increase the effective thinking time
thereby enhancing its overall performance, despite
their MTL remaining nearly identical across the
randomly sampled subsets (1,157 for 16K, 1,156
for 64K) and the full dataset (1,159).

3.5 Impact of Shifted Thinking Window

We analyze the impact of Shifted Thinking Window.
As shown in Table 3, most problems in MATH
and LiveCodeBench are solved before cutting
off (11.4% in MATH, 4.25% in LiveCodeBench).
Shifted Thinking Window only processes (shift to
answer directly) these overlong problems and a
part of them (2.4% vs. 11.4% in MATH, 0.9% vs.

MATH
500

GPQA
Diamond

LiveCode
Bench

w/o S.T.W 74.0% 25.8% 34.5%

w/ S.T.W 76.4% 47.5% 35.4%
Cutting-off (%) 11.4% 41.4% 4.25%

∆ +2.4% +21.7% +0.9%

Table 3: Performance Comparison with and without
Shifted Thinking Window (S.T.W).

4.25% in LiveCodeBench ) overlong problems are
answered correctly. In GPQA Diamond, 41.4% of
problems are cut off by Shifted Thinking Window
and shifted to answer directly, resulted in 21.7%
improvement than w/o shifted thinking window.
Therefore, Shifted Thinking Window keeps most
reasoning abilities of LRMs and avoid overlong
chains to make it more efficient.

4 Conclusion

In this work, we introduce an efficient test-time
scaling method to elicit model reasoning abilities
with fewer thinking token consumption. We train
Z1 with a long and short code-related trajectories
dataset and equip Z1 with shifted thinking window,
a new approach to enable LRM to perform weak
reasoning on simple problems and strong reasoning
on complex problems.. Trained with long and short
trajectories and reasoning with shifted thinking
window, Z1 matches state-of-the-art performance
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with comparable parameters and demonstrates ef-
ficient test-time compute scaling on various rea-
soning benchmarks. Furthermore, our systematic
analysis of key factors for efficient reasoning elici-
tation provides valuable insights for future research,
contributing to the development of more advanced
and open-sourced reasoning models.

Limitations

In this paper, we present Z1, a reasoning model that
could perform weak reasoning on simple problems
and strong reasoning on complex problems. We
train Z1 with code-related trajectory dataset. One
limitation is that the trajectory dataset we train does
not cover much more topics like science and math-
ematics. Future work could extend our approach
by incorporating more diverse trajectory datasets
and examining their impact on model performance.
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A Related Work

Large Reasoning Models OpenAI o1 and o3 series models (Jaech et al., 2024), which get trained
with large-scale RL and learn to reason using chain-of-thought (OpenAI, 2024b), have demonstrated
strong reasoning ability in various complex tasks with consistent gains from scaling test-time compute.
After the release of o1, Deepseek-R1 (Guo et al., 2025) replicates the performance of o1 through
interleaved supervised fine-tuning and reinforcement learning. The R1-Distill series models, fine-tuned
on samples distilled from DeepSeek-R1, also achieve test-time scaling through non-RL approaches. In
the realm of non-RL data distillation training, many open-source works, such as Sky-T1 (Team, 2025a),
s1 (Muennighoff et al., 2025), and LIMO (Ye et al., 2025) have successfully developed competitive
reasoning models comparable to o1-preview. For reinforcement learning researches, models like QwQ-
32B (Team, 2025c), Kimi-K1.5 (Team et al., 2025), and PRIME-7B (Cui et al., 2025) have matched or
even surpassed o1-preview’s performance. Combining short and long trajectory training data and the
Shifted Thinking Window, our model, Z1, mitigates overthinking and achieves efficient test-time scaling
in LLM reasoning.

Large Language Models for Code The development of large language models (LLMs) for code has
undergone significant evolution from pre-trained models such as Codex, StarCoder (Li et al., 2023),
DeepSeek-Coder (Guo et al., 2024), and Qwen2.5-Coder Base (Hui et al., 2024) to instruction-tuned vari-
ants like WizardCoder (Luo et al., 2023), WaveCoder (Yu et al., 2024), and Qwen2.5Coder-Instruct (Hui
et al., 2024). This evolution, with the advancement of test-time scaling, has led to a divergence in model
capabilities. On one hand, large reasoning models (LRMs) tailored for competitive programming (e.g.,
o1-Pro and o1-IOI (El-Kishky et al., 2025)) have emerged, leveraging chain-of-thought (CoT) reasoning
to achieve human-level performance in programming contests. On the other hand, LLMs designed for
software engineering (SE) tasks, such as Llama3-SWE-RL (Wei et al., 2025), have been developed to
address benchmarks like SWE-Bench (Jimenez et al., 2023) and SWE-Lancer (Miserendino et al., 2025).
These software engineering-focused LRMs incorporate real-world SE workflows (e.g., Agentless (Xia
et al., 2024)) and reinforcement learning, progressively enabling automated project management. In
this work, we demonstrate that efficient test-time scaling with code can mitigate the tendency of LRMs
to overthink coding problems. Our findings contribute to both competitive programming and software
engineering applications, bridging the gap between theoretical advancements and practical deployment.

B Dataset Details

B.1 Comparison of Datasets

We analyzed several recent open-source reasoning datasets. Table 4 presents several key characteristics
of these datasets, including the number of samples, minimum and maximum token counts, domain, and
dataset source. The Z1-Code-Reasoning dataset features shorter reasoning trajectories, which effectively
enables our Z1 model to think quickly on simple problems while go into deeper reasoning on more
challenging ones. This approach prevents overthinking and makes a significant contribution to achieving
efficient test-time scaling.

Table 4: The list of existing open-source reasoning datasets.

Dataset Samples Min. tokens Max. tokens Domain Dataset Source

s1 (Muennighoff et al., 2025) 1K 667 7,850 General Gemini 2.0 Flash
Thinking Experimental

s1.1 (Muennighoff et al., 2025) 1K 923 26,685 General Deepseek R1

CodeForces-CoTs (Penedo et al., 2025) 48K 523 25,156 Competition Code Deepseek R1

OpenR1-Math-220k3 22K 4,307 18,611 Math Deepseek R1

OpenThoughts (Team, 2025b) 114K 299 91,198 General Deepseek R1

Z1-Code-Reasoning 107K 25 8,169 General Code QwQ-32B-Preview
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(a) Z1-Code-Reasoning-107k word trigram frequency (b) Openthought-114k word trigram frequency

Training Data

High-frequencyHigh-frequency

Figure 4: The comparison between Z1-Code-Reasoning-107K (a) and OpenThoughts-114K (b). We computed the
top-50 most frequent trigrams in both datasets. The circle size reflects word frequency.

B.2 Word frequency details
In Section 2.1 and Figure 4, we analyzed the word frequency statistics of our dataset, Z1-Code-Reasoning-
107k, in comparison to the previous Openthought-114k dataset. We performed a statistical analysis of
word frequencies at the triplet level for both datasets, with the specific top 50 word frequencies detailed
in Tables 5 and 6. Due to the inclusion of reasoning data with varying trajectory lengths in our Z1-
Code-Reasoning-107k dataset, there is a noticeable reduction in the overall word count. Additionally, as
introduced in Section 2.1, our dataset not only contains common logical reasoning connectives but also
incorporates a greater proportion of code-related content.

Table 5: Word frequency in Z1-Code-Reasoning-107K

Tri-gram words Count Tri-gram words Count

i need to 72090 to ensure that 18080
we need to 70123 can use the 17828
the number of 53932 - for each 15033
### explanation 1. 37352 code “‘python def 14631
### solution code 33629 a function that 14000
based on the 31656 iterate through the 13698
### approach 1. 30991 you need to 13485
this approach ensures 30213 be able to 13358
to create a 30150 need to find 13292
approach ensures that 28633 how you can 13280
the sum of 28373 final solution to 13149
a list of 28242 to check if 13119
to solve this 27732 ## final solution 13089
solve this problem, 26417 ### explanation: 1. 12451

Continued on next page

2https://huggingface.co/datasets/open-r1/OpenR1-Math-220k

2698

https://huggingface.co/datasets/open-r1/OpenR1-Math-220k


Tri-gram words Count Tri-gram words Count

this problem, we 26398 keep track of 12198
solution code “‘python 25448 sum of the 12010
problem, we need 25446 to calculate the 11831
to find the 23880 make sure that 11800
ensure that the 22804 the length of 11610
check if the 21960 we can use 11448
ensures that the 21685 need to create 11366
for i in 20988 to get the 11150
you can use 20674 need to handle 11089
the function should 20524 if there are 11045
- if the 20434 - we use 11042

Table 6: Word frequency in OpenThoughts-114k

Tri-gram words Count Tri-gram words Count

the number of 603860 the total number 106781
we need to 484418 equal to the 106282
the sum of 321257 which is the 104615
i need to 188694 the problem says 98058
in terms of 173819 at least one 97784
to find the 169782 let me try 97748
but the problem 169082 the distance from 97535
let me check 155703 but this is 94306
the answer is 155213 a + b 91141
need to find 151935 is less than 90788
for example, if 151677 so the code 89894
the problem is 146089 return your final 89123
is equal to 142341 your final response 89120
in this case, 139293 final response within 89120
\) and \( 134985 but let me 87315
sum of the 133514 both sides by 86006
according to the 123939 this is a 85909
but how to 119825 wait, but the 85052
if we can 116574 but since the 83803
but in the 113484 must be a 81221
but according to 113061 the midpoint of 81158
+ b + 111663 the same as 80311
a and b 110523 such that the 80211
the problem states 107778 with respect to 78634
total number of 106790 the angle between 77260
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B.3 Ablated Dataset Construction
We use random sampling and greedy sampling strategies to obtain three representative subsets to demon-
strate the impact of two key factors (Mean Trajectory Length and Training Sample Size) in the training
data on model performance. We provide the definition of the greedy sampling method in Algorithm 1,
which is used to generate the Longest and Shortest subsets in Table 2.

Algorithm 1 Greedy Sampling (Longest or Shortest)

1: Input: Set of training samples S, token budget B, strategy mode ∈ {“longest”, “shortest”}
2: Output: Subset S′ ⊆ S based on selected strategy
3: Initialize S′ ← ∅, total tokens T ← 0
4: while S ̸= ∅ and T < B do
5: if mode = “longest” then
6: Find s∗ ∈ S with maximum token count
7: else if mode = “shortest” then
8: Find s∗ ∈ S with minimum token count
9: end if

10: if T + token_count(s∗) ≤ B then
11: S′ ← S′ ∪ {s∗}
12: T ← T + token_count(s∗)
13: end if
14: S ← S \ {s∗}
15: end while
16: return S′
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C Evaluation Details

C.1 Baselines

We benchmark Z1 against a series of top-tier models: OpenAI o1-series models (Jaech et al., 2024):
o1-mini and o1-preview, representing close-source test-time scaling models; Deepseek-R1 series (Guo
et al., 2025): Deepseek-R1, R1-Distill-Qwen (32B and 7B) and Qwen’s QwQ-32B-Preview (Team,
2024), open-weight reasoning models; Sky-T1-32B-Preview (Team, 2025a), s1.1-7B (Muennighoff et al.,
2025), OpenThinker-7B (Team, 2025b), open models with open reasoning data; Deepseek-V3 (Liu et al.,
2024), GPT-4o (OpenAI, 2024a), Qwen2.5-Coder-7B-Instruct (Hui et al., 2024), four representative
non-reasoning models. Our model, Z1, is fully open including weights, reasoning data, and code. We
evaluate Z1 using shifted thinking window with a maximum thinking tokens of 4,096. For all baseline
models, we use the reported results whenever available. If no reported scores are provided, we evaluate
the model using budget forcing with the configuration provided.

C.2 Benchmarks

We select three representative reasoning benchmarks covering different topics: LiveCodeBench (Jain et al.,
2024) continuously collects new problems over time from contests across three competition platforms,
including LeetCode, AtCoder, and CodeForces. Unless otherwise specified, we benchmark LLMs
on such competition-level programming tasks with the latest full set (880 problems until Feb, 2025) of
LiveCodeBench v5. GPQA Diamond (Rein et al., 2024) consists of 198 PhD-level science questions from
Biology, Chemistry and Physics. Experts with PhDs in the corresponding domains only achieved 69.7%
on GPQA Diamond, which shows its inherent difficulty and challenges. MATH500 (Hendrycks et al.,
2021) is a benchmark of competition math problems of varying difficulty. Following previous work (Guo
et al., 2025), we evaluate our model on the same subset selected by OpenAI (Lightman et al., 2023).
Alongside the three common reasoning benchmarks, we also incorporate a non-reasoning benchmark:
BigCodeBench is a benchmark mainly focusing on more challenging and practical code generation with
complex instructions and diverse function calls. In this section, we adopt the BigCodeBench-Hard-Instruct
(148 problems included) subset to evaluate LRM on short trajectory thinking. For all benchmarks, we
generate a sample for each question with a temperature of 0 (greedy) to measure accuracy. Through these
benchmarks, we can evaluate the reasoning ability of LLMs from different perspectives.

C.3 Prompts for Evaluation

We use prompts from Qwen2.5-Coder Github for LiveCodeBench 4 and BigCodeBench 5 and the following
prompts for MATH500 and GPQA Diamond:

Prompts

<|im_start|>system
Please reason step by step, and put your final answer within \boxed{}.
<|im_end|>
<|im_start|>user
{promblem}
<|im_end|>
<|im_start|>assistant

C.4 Case Study

Figure 5 illustrates a problem-solving example involving three models: Qwen2.5-Coder-7B, Z1-7B,
and R1-Distill-Qwen-7B. In this instance, we present a simple problem, for which the Qwen2.5-Coder-7B-
Instruct model delivers a correct answer accurately. By comparison, R1-Distill-Qwen-7B adopts a context

4https://github.com/QwenLM/Qwen2.5-Coder/blob/main/qwencoder-eval/instruct/livecode_bench/lcb_
runner/prompts/code_generation.py

5https://github.com/QwenLM/Qwen2.5-Coder/blob/main/qwencoder-eval/instruct/BigCodeBench/model.py
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Write a Python script to calculate the number of letter ‘a’ and ‘r’ in a string.
Input: s = ‘strawberry’
Output: ‘a’ : 1, ‘r’ : 3

[Qwen2.5-Coder-7B-Ins]
Here is a Python script that can solve
the problem:

def count_letters(s):
a_count = s.count('a')
r_count = s.count('r')
return {'a': a_count,

'r': r_count}

s = 'strawberry'
print(count_letters(s))

In this script, we define a function
count_letters...
[120+ tokens omitted]

[Z1-7B]
To solve this problem, we need...
[50+ tokens omitted]
1. Approach
[94 tokens omitted]
2. Solution Code

def count_letters(s):
count_a = 0
count_r = 0
for char in s:

if char == 'a':
count_a += 1

elif char == 'r':
count_r += 1

print("'a' :", count_a)
print("'r' :", count_r)

3.Explanation
[104 tokens omitted]
This approach ensures that we...
[28 tokens omitted]

[R1-Distill-Qwen-7B]
<think>
Okay, I need to write a Python script that
counts the number of ’a’s and ’r’s...
[1787 tokens omitted]
</think>
To solve this problem...
[45 tokens omitted]
1. Approach
[92 tokens omitted]
2. Solution Code

s = input().strip()
a_count = s.count('a')
r_count = s.count('r')
print(f'a: {a_count}')
print(f'r: {r_count}')

3.Explanation
[100+ tokens omitted]
This approach ensures that the solution ...
[22 tokens omitted]

Figure 5: Example model outputs. We present a question that Qwen2.5-Coder-7B-Instruct (left) can correctly
answer without requiring deep reasoning. The response from Z1 (middle) avoids excessive additional reasoning. In
contrast, R1-Distilled-Qwen-7B generates 1,784 tokens of reasoning after the delimiter.

split to enforce thinking, requiring extensive deliberation that consumes 1,784 tokens before arriving at a
solution. This protracted process underscores its inefficiency in optimizing thinking time for simpler tasks.
Z1-7B employs the Shifted Thinking Window to effectively bypass unnecessary overthinking within the
given context, demonstrating its advantage for balancing accuracy and efficiency in problem-solving.

C.5 Analysis of Reasoning Phrase Patterns

To investigate the cross-domain reasoning capabilities of our model, we analyzed the tri-gram word
frequency statistics in the reasoning traces from the training dataset (code-focused) and the model’s
generated outputs on code (LiveCodeBench) and math (MATH 500) benchmarks, as shown in Table 7.

Training Data (Code) Test on Code (LiveCodeBench) Test on Math (MATH 500) Intersection of Code and Math

i need to (10.48%) the number of (15.67%) we need to (18.67%) the number of (17.52%)
we need to (10.32%) we need to (11.63%) to find the (8.84%) we need to (17.01%)

the number of (7.38%) - for each (5.32%) the number of (6.43%) the sum of (6.18%)
“‘ ### explanation (6.55%) the sum of (4.96%) need to find (6.24%) problem, we need (4.99%)
### explanation 1. (5.53%) to the number (4.21%) ) and ( (5.52%)
### solution code (4.98%) to solve this (4.20%) ( x = (4.80%)
### approach 1. (4.59%) ### solution code (4.18%) = 0 ] (4.77%)

approach ensures that (4.24%) ### approach 1. (4.14%) ] ### step (4.26%)
to create a (4.24%) this problem, we (4.14%) the sum of (4.26%)

based on the (4.17%) problem, we need (4.14%) step by step. (3.91%)
solve this problem, (3.91%) solution code “‘python (4.10%) - 6 = (3.36%)

solution code “‘python (3.77%) ### explanation 1. (4.06%) consider that the (3.04%)
problem, we need (3.77%) equal to the (3.57%) problem, we need (2.97%)

the sum of (3.68%) approach ensures that (3.37%) i need to (2.94%)
a list of (3.42%) this approach ensures (3.37%) sum of the (2.92%)

to find the (3.29%) is equal to (3.31%) ( n = (2.87%)
ensure that the (3.22%) number of unique (3.26%) ] therefore, the (2.85%)

a list of (3.42%) this approach ensures (3.37%) sum of the (2.92%)
to find the (3.29%) is equal to (3.31%) ( n = (2.87%)

ensure that the (3.22%) number of unique (3.26%) ] therefore, the (2.85%)

Table 7: Comparison of tri-gram word frequency in reasoning phrase on different datasets
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A significant overlap in high-frequency tri-grams, such as "we need to" and "the number of," was
observed between the code and math outputs. This overlap reflects the model’s use of structured, domain-
agnostic reasoning strategies. For example, "we need to" often introduces a logical breakdown of steps in
code, while in math, it signals the start of a deductive process. Similarly, "the number of" is used in code
for quantifying variables or iterations and in math for defining quantities or relationships.

The consistent tri-gram distribution between training data and test outputs indicates that the model
has internalized general reasoning skills—such as task decomposition, logical sequencing, and deductive
thinking—from code training and effectively applies them to mathematical problem-solving. This analysis
underscores the model’s ability to generalize reasoning skills across domains.

C.6 Test-time Values
In Section 3.3, we presented the results of Z1-7B and R1-Distill-Qwen-7B on three reasoning benchmarks,
highlighting Z1-7B’s more efficient test-time scaling capability. Table 8 provides a more detailed account
of the experimental results. By varying the maximum number of thinking tokens, we assessed the test-time
scaling abilities of both models across different lengths of thinking trajectories. Z1-7B demonstrated
strong performance even under tighter constraints on thinking tokens, showcasing its efficient test-time
scaling capability. In contrast, R1-Distill-Qwen-7B required more thinking tokens to achieve a comparable
level of performance.

Model GPQA LiveCodeBench MATH 500
Avg. think tokens Pass@1 Avg. think tokens Pass@1 Avg. think tokens Pass@1

R1-
Distill-
Qwen-
7B

512 18.2 512 13.9 512 59.8
- - - - 719 62.4

1011 19.2 1023 20.7 1016 72.0
- - - - 1337 76.0

1971 26.3 1978 28.8 1760 83.4
3607 35.4 3580 40.0 2541 87.6

Z1-7B

256 25.3 256 30.3 255 37.2
510 28.8 502 31.9 471 55.8
946 33.3 732 35.0 707 71.2
1548 41.9 866 35.3 823 74.2
2470 47.5 - - 1185 76.4

Table 8: Evaluation details on three reasoning benchmarks

C.7 Comparison with Contemporaneous Work
We also compare Z1 with some great contemporaneous work, like AdaptThink (Zhang et al., 2025) and
Marco-o1-7B-Pruned (Luo et al., 2025). 1 matches state-of-the-art performance with the same parameters
and demonstrates efficient test-time compute scaling on various reasoning benchmarks.

Model Base
Model

MATH
500

GPQA
Diamond

LiveCode
Bench AVG

Z1-7B (ours) Qwen2.5-Coder 76.4% (1185) 47.5% (2470) 35.3% (866) 53.1% (1507)
AdaptThink-7B Qwen2.5-Math 92.0% (1875) 35.4% (5382) 45.0% (8906) 57.5% (5538)
Marco-o1-7B-Pruned Qwen2-7B 72.8% (654) 43.4% (262) 26.3% (775) 47.5% (567)

Table 9: Comparison with Contemporaneous Work about the efficiency of reasoning.
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D Examples

D.1 Z1-Code-Reasoning-107K Data Examples

Case #1: A simple problem with short trajectory answer

Question:
Convert the following query into a T-SQL statement.
SELECT Employee_ID, Name
FROM Employees
WHERE Salary > 50000

Answer:
Your query is already written in T-SQL. The same statement would go as:
```sql
SELECT Employee_ID, Name
FROM Employees
WHERE Salary > 50000
```

Case #2: A complex problem with long trajectory answer

Question:
In my machine learning course we have covered the key ideas behind principal component analysis. To round this part of the course off, we have learned to interpret the results of
PCA, specifically using a biplot. Have I missed something, or is PCA mostly something that is used in conjuction with other ML methods to obtain a result? For example, in a
biplot I can tell which observations are similar and how much each variable is contributing overall to a specific component, but how is this useful outside of employing something
like clustering after-the-fact? From my point of view, it feels like PCA is the ’first-step’ towards gaining some sort of insight but it doesn’t tell you much that is useful on its own.

Answer:
Principal Component Analysis (PCA) is indeed a fundamental technique in data analysis and machine learning, and your intuition about it being a first step is correct. However,
PCA can be quite useful on its own in several ways beyond just being a preprocessing step for other methods like clustering. Let’s explore some of these applications in more detail.
### 1. **Dimensionality Reduction for Visualization**
One of the primary uses of PCA is to reduce the dimensionality of data for visualization purposes. By projecting high-dimensional data onto a lower-dimensional space (typically
2D or 3D), PCA allows us to visualize complex datasets and identify patterns, clusters, or outliers that might not be apparent in higher dimensions. The biplot, which you mentioned,
is a useful tool in this context as it shows both the observations and the variables in the same plot, providing insights into how variables relate to each other and to the observations.
### 2. **Feature Extraction**
PCA can be used for feature extraction, where the principal components themselves can serve as new features for machine learning models. These components are linear
combinations of the original features and are ordered by the amount of variance they explain. Using a subset of these components can help reduce noise, improve model performance
by eliminating redundant features, and speed up training times by reducing the number of input features.
### 3. **Noise Reduction**
Since PCA captures the directions of maximum variance in the data, it can be used for noise reduction by projecting the data onto a subspace that retains most of the variance while
leaving out the components that capture noise. This is particularly useful when dealing with noisy datasets where the signal is buried under random variations.
### 4. **Data Compression**
In applications where storage or transmission of data is a concern, PCA can be used for data compression. By retaining only the top principal components, we can represent the data
with fewer dimensions while preserving most of the information. This is similar to how image compression algorithms work, where less important details are discarded to reduce
file size.
### 5. **Exploratory Data Analysis (EDA)**
PCA is a valuable tool in EDA for understanding the structure of the data. It helps in identifying correlations between variables, detecting outliers, and understanding the underlying
patterns in the data. The loadings of the principal components can indicate which original features are most influential in each component, providing insights into the data’s intrinsic
structure.
### 6. **Preprocessing for Machine Learning Models**
While PCA is often used as a preprocessing step before applying other machine learning algorithms, it can significantly improve the performance of these models. By reducing
dimensionality, PCA can help alleviate the curse of dimensionality, improve model training speed, and sometimes even enhance model accuracy by removing noise and redundant
information.
### 7. **Anomaly Detection**
PCA can be used for anomaly detection by identifying observations that lie far from the origin in the principal component space. Since PCA models the directions of maximum
variance, points that deviate significantly from this model can be considered anomalies or outliers.
### 8. **Signal Processing and Image Analysis**
In fields like signal processing and image analysis, PCA is used for tasks such as denoising, compression, and feature extraction. For example, in image processing, PCA can be
used to reduce the dimensionality of image data, which is useful for tasks like face recognition.
### 9. **Genetic Data Analysis**
In genomics, PCA is widely used to visualize and analyze genetic data, helping researchers understand population structures, identify genetic relationships, and detect outliers or
batch effects in the data.
### 10. **Finance and Economics**
In finance, PCA is used for portfolio optimization, risk management, and understanding the underlying factors that drive asset returns. In economics, it can be used to identify key
economic indicators or to reduce the dimensionality of macroeconomic data for forecasting.
### Conclusion
While PCA is indeed often used as a first step in data analysis, it has numerous standalone applications that make it a versatile and powerful tool. Its ability to reduce dimensionality,
extract meaningful features, visualize complex data, and handle noise makes it invaluable in a wide range of fields and applications. Understanding PCA thoroughly will not only
help you in your machine learning coursework but also in applying data analysis techniques effectively in real-world scenarios.
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D.2 Examples of Shifted Thinking

In the word “strawberry”, there are three ‘r’s.

How many r in ‘strawberry’ ?

Simple Problem

To find out how many 'r's are in the word "strawberryandraspberry," I'll count each occurrence of the letter 
'r' in the given string.
Let's break it down:1. First, I'll write down the string: "strawberryandraspberry"2. Now, I'll go through each 
character in the string and count how many times 'r' appears.
Starting from the beginning:
- s: not 'r'- t: not 'r'- r: this is 'r' (count: 1)- a: not 'r'- w: not 'r'- b: not 'r'- e: not 'r'- r: this is 'r' (count: 2)- r: 
this is 'r' (count: 3)- y: not 'r'- a: not 'r'- n: not 'r'- d: not 'r'- a: not 'r'- n: not 'r'- d: not 'r'- r: this is 'r' (count: 
4)- a: not 'r'- s: not 'r'- p: not 'r'- b: not 'r'- e: not 'r'- r: this is 'r' (count: 5)- r: this is 'r' (count: 6)- y: not 'r'
So, after going through the entire string, I've counted 6 'r’s.
Therefore, there are 6 'r's in "strawberryandraspberry.“
Alternatively, I could use a programming approach to count the occurrences. 
For example, in Python, I could use the count() method:
word = "strawberryandraspberry“
count = word.count('r’)
print(count)
This would also give me the count of 'r's, which is 6.
So, the final answer is 6.
## Final Solution
To determine how many 'r's are in the word "strawberryandraspberry," we can count each occurrence of the 
letter 'r' in the string.
### Approach1. **Manual Counting:**  
 - Write down the string: "strawberryandraspberry"   
- Go through each character and count how many times 'r' appears.
2. **Programming Approach:**   
- Use a programming language to count the occurrences of 'r' in the string.
### Solution Code
```python
word = "strawberryandraspberry“
count = word.count('r’)
print(count)
```
### Explanation
- **Manual Counting:**  - The string is "strawberryandraspberry"  
- Counting 'r's: s(0), t(0), r(1), a(0), w(0), b(0), e(0), r(2), r(3), y(0), a(0), n(0), d(0), a(0), n(0), d(0), r(4), 
a(0), s(0), p(0), b(0), e(0), r(5), r(6), y(0)  
- Total 'r's: 6
- **Programming Approach:
**  - Using the `count()` method in Python to count the occurrences of 'r' in the string.  
- The result is 6.
Thus, there are 6 'r's in "strawberryandraspberry."

How many r in ‘strawberryandraspberry’ ?

Complex Problem

Quickly answer:

Long trajectory answer:

Figure 6: Examples of answer of Z1-7B under different questions.
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D.3 Failure Mode

<think>
Okay, so I have this problem about an unfair six-sided die. Let me try to understand it step by 
step. The die has faces numbered 1 through 6, and the sum of opposite faces is 7. That means 
face 1 is opposite face 6, face 2 is opposite face 5, and face 3 is opposite face 4. Got that.

Now, the probability of rolling face F is greater than 1/6. The probability of rolling the face 
opposite to F is less than 1/6. For the other four faces, the probability is 1/6 each. So, if F is, 
say, face 1, then face 6 has a lower probability, and the rest have the standard 1/6. But F could 
be any face, right? So, we don't know which face it is yet.

We have two such dice rolled, and the probability of getting a sum of 7 is 47/288. We need to 
find the probability of rolling face F on a single die, express it as a reduced fraction m/n, and 
then find m + n.

Alright, let's break this down. First, let's denote the probability of rolling face F as p. Since the 
die is unfair, p > 1/6. The probability of rolling the opposite face, let's call it F', is then less 
than 1/6. Let's denote that as q. So, q < 1/6. The other four faces each have probability 1/6.

Since the die must have probabilities that sum to 1, we can write the equation:

p + q + 4*(1/6) = 1

Simplify that:

p + q + 4/6 = 1

Which simplifies to:

p + q = 1 - 4/6 = 2/6 = 1/3

So, p + q = 1/3.

[2936 tokens omitted]

**Final Answer**
\boxed{29}
</think>

Given an unfair six-sided die with faces numbered 1 through 6, where the probability of rolling 
face \( F \) is greater than \( \frac{1}{6} \), the probability of rolling the face opposite to 
\( F \) is less than \( \frac{1}{6} \), and the probability of rolling each of the other faces is 
\( \frac{1}{6} \). The sum of the numbers on each pair of opposite faces is 7. When two 
such dice are rolled, the probability of obtaining a sum of 7 is \( \frac{47}{288} \).

We denote the probability of rolling face \( F \) as \( p \) and the probability of rolling the 
opposite face as \( q \). We know:
\[ p + q = \frac{1}{3} \]
\[ pq = \frac{5}{192} \]

We solve the quadratic equation:
\[ 192p^2 - 64p + 5 = 0 \]

Using the quadratic formula:
\[ p = \frac{64 \pm \sqrt{64^2 - 4 \cdot 192 \cdot 5}}{2 \cdot 192} \]
\[ p = \frac{64 \pm 16}{384} \]

This gives two solutions:
\[ p = \frac{80}{384} = \frac{5}{24} \]
\[ p = \frac{48}{384} = \frac{1}{8} \]

Since \( p > \frac{1}{6} \), we have \( p = \frac{5}{24} \).

Thus, the probability of obtaining face \( F \) is \( \frac{5}{24} \). Therefore, \( m = 5 \) 
and \( n = 24 \), giving \( m + n = 29 \).

\[
\boxed{29}
\]

So I've got this problem about an unfair six-sided die. The die has faces numbered 1 through 6, 
and there's a face F that has a probability greater than 1/6 of being rolled. The face opposite to 
F has a probability less than 1/6, and the other four faces each have a probability of 1/6. Also, 
the sum of the numbers on each pair of opposite faces is 7. When two such dice are rolled, the 
probability of getting a sum of 7 is 47/288. I need to find the probability of rolling face F, 
which is m/n, where m and n are relatively prime, and then find m + n.

First, I need to understand the probabilities of each face. Let's denote the probability of rolling 
face F as p_F, which is greater than 1/6. The face opposite to F is F', and its probability is 
p_{F'}, which is less than 1/6. The other four faces, let's say 1, 2, 3, and 4, each have a 
probability of 1/6.

Since the die is unfair, the sum of the probabilities of all faces must be 1. So, we have:

p_F + p_{F'} + 1/6 + 1/6 + 1/6 + 1/6 = 1

Simplifying, that's:

p_F + p_{F'} + 4/6 = 1

p_F + p_{F'} = 2/6 = 1/3

Also, we know that p_F > 1/6 and p_{F'} < 1/6.

Now, since the sum of the numbers on each pair of opposite faces is 7, the pairs are (1,6), (2,5), 
and (3,4). So, if F is one of these numbers, then F' is its opposite.

Let's assume F is 1, then F' is 6. But p_F > 1/6 and p_{F'} < 1/6. If F is 1, then p_F > 1/6 
and p_{F'} < 1/6, which satisfies the condition.

Similarly, if F is 2, then F' is 5, and if F is 3, then F' is 4.

So, F can be 1, 2, or 3, and F' will be 6, 5, or 4, respectively.

Let's consider F = 1, F' = 6.

Then, p_1 + p_6 + 1/6 + 1/6 + 1/6 + 1/6 = 1

p_1 + p_6 + 4/6 = 1

p_1 + p_6 = 2/6 = 1/3

Also, p_1 > 1/6 and p_6 < 1/6.

Similarly, for F = 2, F' = 5:

[1371 tokens omitted]

From e + f = 1/3, so f = 1/3 - e

Now, substitute these into the equation a  ###[truncation]

I overthought it, the final answer should be:
\[ \boxed{11} \]

When rolling a certain unfair six-sided die with faces numbered 1, 2, 3, 4, 5, and 6, the probability of obtaining 
face $F$ is greater than $1/6$, the probability of obtaining the face opposite face $F$ is less than $1/6$, the 
probability of obtaining each of the other faces is $1/6$, and the sum of the numbers on each pair of opposite faces 
is 7. When two such dice are rolled, the probability of obtaining a sum of 7 is $ \frac{47}{288} $. Given that the 
probability of obtaining face $F$ is $m/n$, where $m$ and $n$ are relatively prime positive integers, find $m+n$.

Question:

R1-Distill-Qwen-7B Z1-7B

Figure 7: The failure case of Z1-7B. R1-distill utilized 3803 tokens to complete the reasoning and arrive at the
correct answer "29". In contrast, Z1, with "max_thinking_token" limit of 2048, was truncated during the reasoning
stage, resulting in an incorrect answer "11". Therefore, even though Z1 can adjust reasoning length based on
problem difficulty to some extent, it is preferable to allocate a higher thinking token budget in complex scenarios to
improve performance.
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D.4 Examples on GPQA Diamond

<think>
Okay, so I have this question about absorption lines corresponding to a specific energy change, 
and I need to figure out which medium is most likely responsible. Let me try to break this 
down step by step.

First, the question mentions an absorption line with an energy change of 5.9 microelectron 
volts, which is 5.9 x 10^-6 eV. I remember that energy levels in atoms and molecules are 
quantized, meaning they can only change by specific amounts. So, when an electron absorbs or 
emits energy, it does so in these discrete steps.

I also recall that the energy of a photon is related to its wavelength by the equation E = hc/λ, 
where h is Planck's constant, c is the speed of light, and λ is the wavelength. But I'm not sure if 
I need to calculate the wavelength here or if there's a more straightforward approach.

Looking at the options, they're all about different interstellar media: cold or warm, atomic or 
molecular. So, I need to think about the typical energy transitions in atoms versus molecules.

In atomic transitions, electrons move between energy levels in atoms, which usually have 
smaller energy differences compared to molecular transitions. Molecules have more complex 
energy structures because they have both electronic and vibrational energy levels. So, the 
energy required for a transition in a molecule might be higher or lower than in an atom, 
depending on the specific transition.

Wait, but 5.9 microelectron volts is a very small energy. I think that in the interstellar medium, 
which is mostly cold, the temperatures are low. So, the thermal energy is low, meaning that 
only low-energy transitions can occur because higher energy transitions would require more 
thermal energy than is available.

In a cold medium, the electrons don't have much thermal energy, so they can only transition 
between energy levels that are close in energy. If the medium is warm, then the electrons have 
more thermal energy, so they can transition to higher energy levels more easily.

But wait, the energy change here is 5.9 microelectron volts. That's 5.9 x 10^-6 eV. I think 
that's a very small energy, so it's more likely to be associated with atomic transitions rather 
than molecular because molecular transitions usually have larger energy differences. Also, in 
the interstellar medium, which is mostly hydrogen, the dominant transitions are from 
hydrogen atoms, which have well-known spectral lines.

So, if it's a cold medium, the electrons can only transition between energy levels that are close, 
which would correspond to lower energy changes. If it's a warm medium, maybe higher 
energy transitions are possible, but I'm not sure if that's the case here.

Wait, but 5.9 microelectron volts is still a very small energy. I think that in the interstellar 
medium, which is cold, the typical transitions are in the microwave or radio range, which 
correspond to these small energy changes. For example, the 21 cm line of hydrogen is about 
5.9 x 10^-6 eV, which is exactly the energy given here. So, that must be the 21 cm line, which 
is a transition in hydrogen atoms.

So, if the absorption line corresponds to the 21 cm transition, that's a hydrogen line, and it's 
observed in cold regions of the interstellar medium. So, the medium must be cold.

Looking at the options, A is cold atomic, C is cold molecular. Since hydrogen is an atom, it's 
option A. But wait, the question is about the medium, not the element. So, the interstellar 
medium is mostly cold and consists of atoms, mostly hydrogen, so the absorption line would 
be from cold atomic medium.

But wait, could it be molecular? Molecular lines usually have different energy transitions. For 
example, rotational transitions in molecules have higher energy differences compared to 
atomic transitions, but I'm not sure. The 21 cm line is definitely an atomic transition.

So, putting it all together, the energy corresponds to the 21 cm line, which is a hydrogen atom 
transition. Since the interstellar medium is cold, the medium is cold and atomic. So, the 
answer should be A.
</think>

The absorption line corresponds to a 21 cm transition in hydrogen atoms, which is a very small 
energy change of 5.9 x 10^-6 eV. This energy is characteristic of the 21 cm line, typically 
observed in cold interstellar media. Since hydrogen is an atomic element, the medium is cold 
and atomic.

Answer: A. Cold atomic interstellar medium.

\boxed{A}

To determine what is most likely to be observed given the absorption line corresponding to a 
change in energy level of 5.9 micro electron volts (5.9 × 10^-6 eV), we need to consider the 
properties of different interstellar media and how they interact with radiation.

First, let's understand the energy scale involved. The energy difference of 5.9 × 10^-6 eV is 
relatively small. In atomic and molecular physics, transitions between energy levels are often in 
the ultraviolet (UV) and visible spectrum, which correspond to energy differences of a few 
electron volts (eV) or less.

Now, let's consider each option:

A. Cold atomic interstellar medium: In a cold atomic medium, atoms are in a low-
temperature state, and their electronic transitions are primarily due to UV and visible radiation. 
The energy difference of 5.9 × 10^-6 eV is very small, corresponding to a wavelength in the 
far ultraviolet (FUV) region. Absorption lines in this energy range are characteristic of atomic 
transitions, especially in elements like hydrogen and helium.

B. Warm atomic interstellar medium: A warm atomic medium has higher temperatures, 
which can cause atoms to be in higher energy states. This could lead to transitions that are not 
as sensitive to the specific energy difference provided. However, the energy difference is still 
relatively small, so it's possible to observe absorption lines in this medium as well.

C. Cold molecular interstellar medium: In a cold molecular medium, molecules are in a low-
temperature state, and their rotational and vibrational transitions are more prominent. 
Molecular transitions typically involve larger energy differences, often in the microwave and 
radio regions of the spectrum. The energy difference of 5.9 × 10^-6 eV is too small for 
molecular transitions in this context.

D. Warm molecular interstellar medium: Similar to the warm atomic medium, a warm 
molecular medium has higher temperatures, which can cause molecules to be in higher energy 
states. This could lead to transitions that are not as sensitive to the specific energy difference 
provided. However, the energy difference is still relatively small, so it's possible to observe 
absorption lines in this medium as well.

Given that the energy difference is 5.9 × 10^-6 eV, which is very small, it is most likely to 
correspond to atomic transitions in a cold medium, where such fine energy differences are 
more common. Molecular transitions typically involve larger energy differences, making 
option C less likely.

Therefore, the most probable observation is in a cold atomic interstellar medium.

\boxed{A}

Observations of an absorption line, that corresponds to the change in energy level of 5.9 micro electron volts (5.9 * 10^-6 eV), are being carried out.
What is most likely to be observed this way?
A. Cold atomic interstellar medium.
B. Warm atomic interstellar medium.
C. Cold molecular interstellar medium.
D. Warm molecular interstellar medium.
Please reason step-by-step and put your choice letter without any other text with \boxed{} in the end.

R1-Distill-Qwen-7B Z1-7B

Question:

Figure 8: Examples of the comparison between Z1-7B and R1-Distill-Qwen-7B on GPQA.
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<think>
Okay, so I have this density matrix given by ρ = (1/2)(|0⟩⟨0| + |1⟩⟨1|). I need to figure out 
its geometrical position in the qubit space. The options are A through D, each with different 
coordinates. Hmm, I remember that density matrices are used in quantum mechanics to 
describe the state of a system, especially when it's mixed or entangled. But I'm a bit fuzzy on 
how to visualize this in the qubit space.

First, let me recall that a single qubit can be represented in a Bloch sphere, which is a 
geometrical representation of the state of a qubit. The Bloch sphere is a unit sphere in three-
dimensional space, where each point corresponds to a possible state of the qubit. The pure 
states are represented by points on the surface of the sphere, while mixed states are inside the 
sphere.

The density matrix given here is ρ = (|0⟩⟨0| + |1⟩⟨1|)/2. Wait, that looks familiar. Isn't 
that the density matrix for a completely mixed state? Because when you have a completely 
mixed state, the density matrix is the identity matrix divided by the dimension of the space. 
For a qubit, which is a two-level system, the identity matrix is 2x2, so dividing by 2 gives us 
exactly this ρ.

But how does this correspond to a point in the qubit space? I think the completely mixed state 
should correspond to the center of the Bloch sphere, right? Because the center is the average of 
all possible pure states. So, in the Bloch sphere, the center is at (0,0,0). Let me check if that 
makes sense.

In the Bloch sphere representation, a pure state |ψ⟩ can be written as |ψ⟩ = cos(θ/2)|0⟩ + 
e^{iφ} sin(θ/2)|1⟩. The corresponding density matrix is |ψ⟩⟨ψ|. The Bloch vector for this 
state is (x, y, z) where x = sinθ cosφ, y = sinθ sinφ, and z = cosθ. So, for the pure states, the 
Bloch vector has a magnitude of 1, which places it on the surface of the sphere.

But for the mixed state, since it's a completely mixed state, it doesn't have a definite phase or 
any coherence. So, it's like averaging over all possible states. That should correspond to the 
origin, which is (0,0,0) in the Bloch sphere. So, the density matrix ρ given here is the 
completely mixed state, which is at the center of the Bloch sphere.

Looking back at the options, A is (0,0,0), which would be the center. The other options are 
points on the surface or different points inside the sphere. Since the completely mixed state is 
at the center, the answer should be A.

Wait, let me make sure I'm not confusing anything. The density matrix for a mixed state is 
diagonal in the computational basis, which this one is. So, it's a classical mixture of |0⟩ and |1⟩, 
each with probability 1/2. In the Bloch sphere, a diagonal density matrix corresponds to a state 
with no coherence, meaning no y-component in the Bloch vector. So, the Bloch vector should 
lie along the z-axis. But since it's a completely mixed state, the z-component is zero as well. So, 
the Bloch vector is (0,0,0), which is the center.

Yes, that makes sense. So, the geometrical position is the origin, which is option A.

**Final Answer**
\boxed{A}
</think>

The given density matrix is 

\[
\rho = \frac{1}{2}\left(\left|0\right\rangle \left\langle 0\right| + \left|1\right\rangle 
\left\langle 1\right|\right)
\]

This density matrix represents a completely mixed state. In the context of a qubit, a 
completely mixed state corresponds to the center of the Bloch sphere. The Bloch sphere is a 
geometrical representation where pure states lie on the surface, and mixed states lie inside. 
The completely mixed state, being an average of all possible pure states, is at the origin of the 
Bloch sphere, which corresponds to the point (0,0,0).

Thus, the geometrical position of the given density matrix in the qubit space is the origin.

\[
\boxed{A}
\]

To determine the geometrical position of the given density matrix in the qubits space, we need 
to understand the relationship between density matrices and Bloch vectors in quantum 
mechanics.

First, recall that for a single qubit, the density matrix can be expressed in terms of the Bloch 
vector \(\mathbf{r} = (r_x, r_y, r_z)\) as:

\[
\rho = \frac{1}{2} \left( \mathbb{I} + \mathbf{r} \cdot \mathbf{\sigma} \right)
\]

where \(\mathbb{I}\) is the identity matrix and \(\mathbf{\sigma} = (\sigma_x, \sigma_y, 
\sigma_z)\) are the Pauli matrices.

Given the density matrix:

\[
\rho = \frac{1}{2} \left( |0\rangle \langle 0| + |1\rangle \langle 1| \right)
\]

we can see that this is a diagonal matrix with equal probabilities for the states \(|0\rangle\) 
and \(|1\rangle\). This corresponds to a maximally mixed state.

To find the Bloch vector \(\mathbf{r}\), we can use the expression for \(\rho\) in terms of 
\(\mathbf{r}\):

\[
\rho = \frac{1}{2} \left( \mathbb{I} + \mathbf{r} \cdot \mathbf{\sigma} \right)
\]

Given that \(\rho\) is:

\[
\rho = \frac{1}{2} \left( |0\rangle \langle 0| + |1\rangle \langle 1| \right) = 
\frac{1}{2} \begin{pmatrix} 1 & 0 \\ 0 & 1 \end{pmatrix}
\]

we can equate this to the Bloch vector expression:

\[
\frac{1}{2} \begin{pmatrix} 1 & 0 \\ 0 & 1 \end{pmatrix} = \frac{1}{2} 
\left( \mathbb{I} + \mathbf{r} \cdot \mathbf{\sigma} \right)
\]

This implies:

\[
\mathbb{I} = \mathbb{I} + \mathbf{r} \cdot \mathbf{\sigma}
\]

Subtracting \(\mathbb{I}\) from both sides:

\[
0 = \mathbf{r} \cdot \mathbf{\sigma}
\]

This means that the Bloch vector \(\mathbf{r}\) is orthogonal to all Pauli matrices, which is 
only possible if \(\mathbf{r} = (0, 0, 0)\).

Therefore, the geometrical position of the density matrix in the qubits space is at the origin.

\boxed{A}

Consider this density matrix 
$\rho=\frac{1}{2}\left(\left|0\right\rangle \left\langle 0\right|+\left|1\right\rangle \left\langle 1\right|\right)$
What is its geometrical position in the qubits space?
A. r=(0,0,0)
B. r=(1,1,1)
C. r=(1,1,0)
D. r=(0,0,1)
Please reason step-by-step and put your choice letter without any other text with \boxed{} in the end.

R1-Distill-Qwen-7B Z1-7B

Question:

Figure 9: Examples of the comparison between Z1-7B and R1-Distill-Qwen-7B on GPQA.
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D.5 Examples on LiveCodeBench

<think>
Okay, I need to solve this problem where I have to determine if a given string s is an acronym 
of an array of words. Hmm, let's think about what that means. So, an acronym is formed by 
taking the first character of each word in the array and concatenating them in order. So, for 
example, if the words are ["apple", "banana"], the acronym would be "ab".
So, the task is to check if the string s exactly matches this concatenated first characters. If it 
does, return True; otherwise, False.
Let me look at the examples to make sure I understand.
In Example 1, words are ["alice", "bob", "charlie"], and s is "abc". The first letters are 'a', 'b', 
'c', so s is "abc", which matches. So it returns True.
In Example 2, words are ["an", "apple"], so the first letters are 'a' and 'a', making "aa". But s is 
"a", so it's shorter, hence False.
In Example 3, the words are ["never", "gonna", "give", "up", "on", "you"], so the first letters 
are 'n', 'g', 'g', 'u', 'o', 'y', which makes "ngguoy". The s given is exactly that, so it's True.
So, the approach is to …

[231 tokens omitted]

Wait, but what about the lengths? For example, if the concatenated string is longer than s, or 
shorter. Well, the comparison will handle that automatically.
So, the code would be something like:

def isAcronym(self, words: List[str], s: str) -> bool:
    # get the first characters
    acronym = ''.join([word[0] for word in words])
    return acronym == s

That seems straightforward.
Let me test this logic against the examples.

Example 1: … 
[320 tokens omitted]
I think this should work.
</think>

To solve this problem, we need to determine if a given string `s` is an acronym of an array of 
words. An acronym is formed by concatenating the first character of each word in the array in 
order. 

### Approach
1. **Extract First Characters**: For each word in the given list, extract the first character.
2. **Concatenate Characters**: Join these first characters into a single string.
3. **Compare Strings**: Check if this concatenated string matches the given string `s`.

This approach ensures that we correctly form the acronym by taking the first character of each 
word and then comparing it directly to the given string `s`.

### Solution Code
```python
class Solution:
    def isAcronym(self, words: List[str], s: str) -> bool:
        acronym = ''.join([word[0] for word in words])
        return acronym == s
```

### Explanation
1. **Extract First Characters**: We use a list comprehension to iterate over each word in the 
list `words` and extract the first character using `word[0]`.
2. **Concatenate Characters**: The list of first characters is then joined into a single string 
using `''.join()`.
3. **Compare Strings**: Finally, we compare the concatenated string to the input string `s`. If 
they are equal, the function returns `True`; otherwise, it returns `False`.

This solution efficiently checks if `s` is an acronym by leveraging simple string operations, 
ensuring clarity and correctness.

To solve this problem, we need to determine if a given string `s` is an acronym of an array of 
strings `words`. An acronym is formed by concatenating the first character of each string in the 
array in order. We need to check if `s` matches this acronym.

## Approach
1. **Length Check**: First, we check if the length of `s` is equal to the number of words in 
the array. If not, it cannot be an acronym, so we return `false`.
2. **Acronym Formation**: If the lengths match, we form the acronym by taking the first 
character of each word in the array.
3. **Comparison**: We then compare this formed acronym with `s`. If they are equal, we 
return `true`; otherwise, we return `false`.

## Solution Code
```python
class Solution:
    def isAcronym(self, words: List[str], s: str) -> bool:
        if len(s) != len(words):
            return False
        acronym = ''.join([word[0] for word in words])
        return acronym == s
```

## Explanation
- **Step 1**: We check if the length of `s` is equal to the number of words. If not, we 
immediately return `false` because the acronym cannot match.
- **Step 2**: We create the acronym by taking the first character of each word in the array 
using a list comprehension and joining them into a string.
- **Step 3**: We compare the formed acronym with `s`. If they are equal, we return `true`; 
otherwise, we return `false`.

This approach ensures that we efficiently check the conditions in a straightforward manner, 
adhering to the problem constraints.

Given an array of strings words and a string s, determine if s is an acronym of words.
The string s is considered an acronym of words if it can be formed by concatenating the first character of each string in words in order. For example, "ab" can be formed from 
["apple", "banana"], but it can't be formed from ["bear", "aardvark"].
Return true if s is an acronym of words, and false otherwise. 
 
[Three examples omitted …] 

Constraints:
1 <= words.length <= 100
1 <= words[i].length <= 10
1 <= s.length <= 100
words[i] and s consist of lowercase English letters.

Question:

R1-Distill-Qwen-7B Z1-7B

Figure 10: Examples of the comparison between Z1-7B and R1-Distill-Qwen-7B on LiveCodeBench.
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The minimum between P and (Q + min(D_i)).

Yes, because using the coupon with the cheapest dish gives the lowest possible coupon cost. So 
that's the way to go.

So the plan is:

- Read N, P, Q.

- Read the list of D_i.

- Find the minimum D_i.

- Compute the coupon cost as Q + min_D.

- The answer is the minimum between P and coupon_cost.

Wait, but what if Q is less than P? Then, using the coupon might be better, but only if the sum 
is less than P.

Wait, no. Because if Q is less than P, but adding the min D_i makes it more than P, then it's 
better not to use the coupon.

So the correct approach is to compute the minimum between P and (Q + min(D_i)).

Yes.

Let me test this logic against the sample inputs.

Sample Input 1:

[637 tokens omitted]

So the code should handle all cases correctly.

I think that's the solution.
</think>

To solve this problem, we need to determine the minimum amount of money Takahashi must 
pay to get a drink and a dish, considering he can use a discount coupon. The solution involves 
comparing the cost of using the coupon with the cost of not using it.

### Approach
1. **Understand the Problem**: Takahashi can buy a drink at a regular price of P yen or use a 
coupon to pay Q yen for the drink, but he must also order one dish. The goal is to find the 
minimum total cost.
2. **Calculate Costs**: 
   - The cost without using the coupon is simply P yen.
   - The cost using the coupon is Q yen plus the price of the cheapest dish.
3. **Comparison**: Compare the cost of using the coupon (Q + minimum dish price) with 
the regular price P to determine the cheaper option.

### Solution Code
```python
n, p, q = map(int, input().split())
dishes = list(map(int, input().split()))
min_dish = min(dishes)
coupon_cost = q + min_dish
print(min(p, coupon_cost))
```

### Explanation
1. **Reading Input**: The input consists of the number of dishes, the regular price of the 
drink, the coupon price, and the prices of the dishes.
2. **Finding Minimum Dish Price**: Calculate the minimum price among the list of dish 
prices.
3. **Calculate Coupon Cost**: Compute the total cost if the coupon is used, which is the 
coupon price plus the cheapest dish price.
4. **Determine Minimum Cost**: Compare the total cost using the coupon with the regular 
price of the drink and print the smaller value.

This approach ensures that we efficiently find the minimum cost by leveraging the minimum 
dish price to minimize the coupon cost, thus providing an optimal solution.

To solve this problem, we need to determine the minimum total amount of money Takahashi 
must pay to get the AtCoder Drink, considering both the regular price and the discounted 
price with a coupon.

### Approach

1. **Understand the Problem:**
   - The drink costs P yen regularly.
   - With a coupon, it costs Q yen, but he must order one of the N dishes.
   - Each dish has a price D_i.

2. **Identify the Options:**
   - Option 1: Pay the regular price P yen.
   - Option 2: Use the coupon to pay Q yen and choose one dish.

3. **Minimize the Cost:**
   - To minimize the total cost, choose the option with the lower total payment.
   - The total cost for the coupon option is Q plus the price of the cheapest dish.

4. **Edge Cases:**
   - If Q is greater than or equal to P, it's always better to pay the regular price.
   - If Q is less than P, compare Q plus the minimum dish price with P.

### Solution Code

```python
# Read input values
import sys
input = sys.stdin.read
data = input().split()

N = int(data[0])
P = int(data[1])
Q = int(data[2])
D = list(map(int, data[3:]))

# Find the minimum dish price
min_d = min(D)

# Calculate the minimum total cost
if Q + min_d < P:
    min_cost = Q + min_d
else:
    min_cost = P

# Print the result
print(min_cost)
```

### Explanation

1. **Input Handling:**
   - Read the input values for N, P, Q, and the list of dish prices D.

2. **Find the Minimum Dish Price:**
   - Use the `min` function to find the cheapest dish.

3. **Calculate the Minimum Total Cost:**
   - Compare the total cost of using the coupon (Q + min_d) with the regular price P.
   - Choose the smaller of the two.

4. **Output the Result:**
   - Print the minimum total cost.

This approach ensures that we always choose the option with the lowest possible total cost, 
considering both the regular and coupon options.

Order Something Else
Takahashi wants a beverage called AtCoder Drink in a restaurant.
It can be ordered at a regular price of P yen.
He also has a discount coupon that allows him to order it at a lower price of Q yen.
However, he must additionally order one of the restaurant's N dishes to use that coupon.
For each i = 1, 2, \ldots, N, the price of the i-th dish is D_i yen.
Print the minimum total amount of money that he must pay to get the drink.
The input is given from Standard Input in the following format:

[Constraints and Examples omitted …] 

The total payment will be minimized by not using the coupon and paying the regular price of 100 yen.

Question:

R1-Distill-Qwen-7B Z1-7B

Figure 11: Examples of the comparison between Z1-7B and R1-Distill-Qwen-7B on LiveCodeBench.
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D.6 Examples on MATH500

<think>
Okay, so I have this equation here: 2^8 equals 4^x. Hmm, I need to find the value of x. Let me 
think about how to approach this. I remember that when dealing with exponential equations, 
it's often helpful to express both sides with the same base. That way, I can set the exponents 
equal to each other and solve for the unknown.

First, let me write down the equation again to make sure I have it right: 2^8 = 4^x. So, on the 
left side, the base is 2, and on the right side, the base is 4. I know that 4 is a power of 2, 
specifically 4 is 2 squared. So, maybe I can rewrite 4 as 2^2. Let me try that.

If I substitute 4 with 2^2, the equation becomes 2^8 = (2^2)^x. Now, I remember that when 
you have an exponent raised to another exponent, you can multiply them. So, (2^2)^x is the 
same as 2^(2*x). Let me write that down: 2^8 = 2^(2x).

Now that both sides have the same base, which is 2, I can set the exponents equal to each other. 
That means 8 should equal 2x. So, 8 = 2x. To solve for x, I just need to divide both sides by 2. 
Let me do that: 8 divided by 2 is 4, so x equals 4.

Wait, let me double-check to make sure I didn't make a mistake. If x is 4, then 4^x is 4^4. Let 
me calculate both sides of the original equation to verify. On the left side, 2^8 is 256. On the 
right side, 4^4 is also 256 because 4*4 is 16, 16*4 is 64, and 64*4 is 256. Yep, both sides are 
equal, so x must indeed be 4.

I think that's it. I converted the base 4 into base 2, which allowed me to equate the exponents 
and solve for x. It all checks out. I don't see any mistakes in my reasoning, so I'm confident that 
x is 4.

**Final Answer**
The value of \( x \) is \boxed{4}.
</think>

Given the equation \(2^8 = 4^x\), we need to find the value of \(x\).

First, we express both sides with the same base. We know that \(4\) can be written as 
\(2^2\). Substituting this into the equation, we get:
\[
2^8 = (2^2)^x
\]

Using the property of exponents \((a^m)^n = a^{mn}\), we can rewrite the right side:
\[
2^8 = 2^{2x}
\]

Since the bases are the same, we can set the exponents equal to each other:
\[
8 = 2x
\]

Solving for \(x\), we divide both sides by 2:
\[
x = \frac{8}{2} = 4
\]

Thus, the value of \(x\) is \(\boxed{4}\).

To solve the equation \(2^8 = 4^x\) for \(x\), we can follow these steps:

1. **Express both sides with the same base:**
   - Notice that both 2 and 4 can be expressed as powers of 2.
   - We know that \(4 = 2^2\), so \(4^x = (2^2)^x\).

2. **Simplify the right-hand side:**
   - Using the property of exponents \((a^m)^n = a^{m \cdot n}\), we can rewrite \(4^x\) 
as \(2^{2x}\).
   - Therefore, the equation becomes \(2^8 = 2^{2x}\).

3. **Set the exponents equal to each other:**
   - Since the bases are the same, we can set the exponents equal to each other.
   - This gives us \(8 = 2x\).

4. **Solve for \(x\):**
   - Divide both sides of the equation by 2 to isolate \(x\).
   - \(x = \frac{8}{2} = 4\).

5. **Verify the solution:**
   - Substitute \(x = 4\) back into the original equation to check.
   - Left side: \(2^8 = 256\)
   - Right side: \(4^4 = (2^2)^4 = 2^{8} = 256\)
   - Both sides are equal, confirming that \(x = 4\) is correct.

Therefore, the value of \(x\) is \(\boxed{4}\).

If $2^8=4^x$, what is the value of $x$?

Question:

R1-Distill-Qwen-7B Z1-7B

Figure 12: Examples of the comparison between Z1-7B and R1-Distill-Qwen-7B on MATH500.
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<think>
Okay, so I have this equation here: |x - 4| - 10 = 2. Hmm, I need to find the product of all 
possible values of x. Alright, let me think about how to approach this step by step.

First, I remember that absolute value equations can have two solutions because the expression 
inside the absolute value can be either positive or negative. So, I should probably solve for both 
cases. But let me start by isolating the absolute value term.

The equation is |x - 4| - 10 = 2. To isolate |x - 4|, I can add 10 to both sides. Let me write 
that down:

|x - 4| - 10 + 10 = 2 + 10

Simplifying both sides, that becomes:

|x - 4| = 12

Okay, so now I have …
[554 tokens omitted]

**Final Answer**
The product of all possible values of \( x \) is \boxed{-128}.
</think>

To solve the equation \(|x - 4| - 10 = 2\), we start by isolating the absolute value term. 

First, add 10 to both sides:
\[
|x - 4| - 10 + 10 = 2 + 10
\]
\[
|x - 4| = 12
\]

This absolute value equation results in two separate equations:
1. \(x - 4 = 12\)
2. \(x - 4 = -12\)

Solving the first equation:
\[
x - 4 = 12
\]
\[
x = 12 + 4
\]
\[
x = 16
\]

Solving the second equation:
\[
x - 4 = -12
\]
\[
x = -12 + 4
\]
\[
x = -8
\]

The two possible values of \(x\) are 16 and -8. The product of these values is:
\[
16 \times (-8) = -128
\]

Thus, the product of all possible values of \(x\) is \(\boxed{-128}\).

To solve the equation \( |x-4| - 10 = 2 \), we need to isolate the absolute value expression 
and then consider the two cases that arise from the definition of absolute value.

First, let's isolate the absolute value term:

\[
|x-4| - 10 = 2
\]

Add 10 to both sides:

\[
|x-4| = 12
\]

Now, the absolute value equation \( |x-4| = 12 \) means that the expression inside the 
absolute value can be either 12 or -12. Therefore, we have two cases to consider:

**Case 1:** \( x - 4 = 12 \)

Solve for \( x \):

\[
x = 12 + 4
\]
\[
x = 16
\]

**Case 2:** \( x - 4 = -12 \)

Solve for \( x \):

\[
x = -12 + 4
\]
\[
x = -8
\]

So, the two possible values for \( x \) are 16 and -8.

Next, we need to find the product of all possible values of \( x \). The product is:

\[
16 \times (-8) = -128
\]

Therefore, the product of all possible values of \( x \) is \(\boxed{-128}\).

In the equation $|x-4| -10 = 2$, what is the product of all possible values of $x$?

Question:

R1-Distill-Qwen-7B Z1-7B

Figure 13: Examples of the comparison between Z1-7B and R1-Distill-Qwen-7B on MATH500.
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