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Abstract

Enabling Large Language Models (LLMs) to
handle a wider range of complex tasks (e.g.,
coding, math) has drawn great attention from
many researchers. As LLMs continue to evolve,
increasing the number of model parameters
yields diminishing performance improvements
and heavy computational costs. Recently, Ope-
nAI’s ol model has shown that inference strate-
gies (i.e., Test-time Compute methods) can also
significantly enhance the reasoning capabilities
of LLMs. However, the mechanisms behind
these methods are still unexplored. In our work,
to investigate the reasoning patterns of ol, we
compare ol with existing Test-time Compute
methods (BoN, Step-wise BoN, Agent Work-
flow, and Self-Refine) by using OpenAI's GPT-
40 as a backbone on general reasoning bench-
marks in three domains (i.e., math, code and
commonsense reasoning). Specifically, first,
our experiments show that the ol model has
achieved the best performance on most datasets.
Second, as for the methods of searching diverse
responses (e.g., BoN), we find the reward mod-
els’ capability and the search space both limit
the upper boundary of these methods. Third,
as for the methods that break the problem into
many sub-problems, the Agent Workflow has
achieved better performance than Step-wise
BoN due to the domain-specific system prompt
for planning better reasoning processes. Fourth,
we summarize six reasoning patterns of ol, and
provide a detailed analysis across different rea-
soning benchmarks.

1 Introduction

Large Language Models (LLMs) have achieved
great success in various tasks (e.g., Commonsense
Reasoning (Yang et al., 2018), Coding (Jain et al.,
2024; Chai et al., 2024a), Math (Satpute et al.,
2024; Chai et al., 2024b), and Dialogue (Young
and Shishido, 2023)). To further improve their per-
formance, researchers have continuously increased
the number of model parameters and expanded the

training data. However, this method of scaling up
the model parameters is reaching a bottleneck, and
the efficiency of performance improvement is be-
coming progressively limited.

Recently, Test-time Compute methods, such as
Best-of-N (BoN) and Self-Refine (Madaan et al.,
2024), have been proposed to enhance model per-
formance during the inference phase and have
shown to be more efficient than simply increas-
ing model parameters. However, there is a lack of
research comparing the effectiveness of different
Test-time Compute methods across various tasks,
which would provide valuable guidance for re-
searchers developing new models. Besides, under-
standing the inference mechanism of the ol model
is very important to help researchers enhance the
capabilities of LLMs.

To address the aforementioned issues, we com-
pare OpenAlI’s ol model with various Test-time
Compute methods, using GPT-40 as the backbone.
According to the OpenAl ol report !, the model
demonstrates exceptional improvements in areas
such as mathematics and coding. Therefore, we
select four benchmarks—HotpotQA (Yang et al.,
2018), Collie (Yao et al., 2023), USACO (Shi et al.,
2024), and AIME >—to encompass three key rea-
soning domains. For certain benchmarks (i.e., Hot-
potQA and Collie) that are not challenging for cur-
rent LLMs, we follow the LIME (Zhu et al., 2024)
and implement a voting method using four selected
models (i.e., Qwen (Bai et al., 2023; Yang et al.,
2024), Yi (Al et al., 2024), Llama3 (Dubey et al.,
2024), and Claude ?) to filter out samples that can-
not be correctly answered by more than two of the
LLMs. Then we select four Test-time Compute
methods (including Best-of-N (BoN), Step-wise
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BoN, Agent Workflow, and Self-Refine) as base-
lines which use the GPT-40 as the backbone. As
for BoN and Step-wise BoN, we use GPT-40 as the
reward model to select the most suitable responses
for a given sample. We directly use the code from
the GitHub of the Self-Refine (Madaan et al., 2024).
As for the Agent Workflow, we utilize the state-of-
the-art agent framework (Zhou et al., 2024) on the
HotpotQA and Collie, and we use the GPTs * for
USACO and AIME.

We have conducted comprehensive experiments
on our filtered benchmarks, and we have the fol-
lowing insightful findings:

* The OpenAI’s o1 model achieves the best re-
sults across almost all benchmarks and demon-
strates significant improvements in coding and
math tasks using the CoT-based approach.

* The domain-specific system prompt is cru-
cial for Step-wise methods. Specifically, the
Agent Workflow method greatly enhances the
model’s performance and it is relatively close
to the o1’s performance, while the impact of
Step-wise BoN on the model’s capabilities is
mainly evident in the HotpotQA task. Besides,
we assume that the Agent Workflow with a se-
ries of domain-specific system prompts can
not only reduce unnecessary reasoning steps
but also carefully align with the reasoning
problems.

* We summarize 6 types of ol reasoning
patterns (i.e., Systematic Analysis (SA),
Method Reuse (MR), Divide and Conquer
(DC), Self-Refinement (SR), Context Identi-
fication (CI), and Emphasizing Constraints
(EC)) across four benchmarks, and we ob-
serve that the most commonly used reasoning
patterns in ol are DC and SR, which might be
the key to o1’s success. Moreover, the reason-
ing patterns vary across different tasks. Specif-
ically, for commonsense reasoning tasks, ol
tends to use CI and EC. In contrast, in math
and coding tasks, ol mainly relies on MR and
DC.

* We also explore the number of reasoning to-
kens of ol across different tasks, and observe
that the number of reasoning tokens varies a
lot across different tasks.
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2 Related Work

2.1 Large Language Models

With the emergence of Transformers (Vaswani,
2017) and the scaling laws (Henighan et al., 2020),
the researchers try to scale up the parameters of the
generative language model. As a result, OpenAI’s
GPT series models (Radford, 2018; Radford et al.,
2019; Brown, 2020; Achiam et al., 2023) have
achieved remarkable success in the NLP field. In-
spired by the scaling law, the rapid development of
open-source models has also been achieved through
scaling up the size of parameters and collecting
huge data for pre-training, such as Qwen (Bai
et al., 2023; Yang et al., 2024), Yi (Al et al., 2024),
Llama (Touvron et al., 2023; Dubey et al., 2024),
and Deepseek (Bi et al., 2024). Apart from these,
current researchers are meeting the demands of
training LLMs by collecting higher-quality instruc-
tion data and pre-training data. Moreover, improv-
ing the quality of the collected data has also gained
significant attention in developing LLMs. However,
the approach of enhancing model performance by
increasing model parameters and collecting more
data is facing a bottleneck (Snell et al., 2024).

2.2 Test Time Compute Methods

Snell et al. (2024) propose that scaling LLMs Test-
time Compute optimally can be more effective than
scaling model parameters. Besides, there are some
methods designed for adapting Test-time Compute
to LLMs’ reasoning. OpenAI’s ol model ° is de-
signed to spend more time reasoning before they re-
spond for the sake of obtaining better performance.
Wang et al. (2023) conduct a hierarchical hypothe-
sis search to enable inductive reasoning capabilities.
Besides, A number of related works have been pro-
posed to augment LLMs with tools with Test-time
Compute, which can greatly improve their perfor-
mance on downstream tasks (Gao et al., 2023; Qin
et al., 2023; Qu et al., 2024). Moreover, several
works have been proposed to learn thought tokens
in an unsupervised manner (Goyal et al., 2023; Ze-
likman et al., 2024), which enable models to more
effectively utilize the Test-time compute with sam-
pling longer sequences. In this work, we explore
the performance of OpenAl’s ol model on several
common NLP reasoning tasks and investigate the
reasoning patterns when compared to some classi-
cal Test-time Compute methods.

Shttps://openai.com/o1/
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3 Experimental Setup

In order to comprehensively evaluate the capabil-
ity of OpenAI’s ol model, we select and filter 4
benchmarks covering 3 domains (i.e. Common-
sense Reasoning, Math, and Code). Then we pro-
vide the results of o1, GPT-40, and some traditional
Test-time Compute methods.

3.1 Benchmarks

Commonsense Reasoning. We select Hot-
potQA (Yang et al., 2018) and Collie (Yao et al.,
2023) to evaluate the commonsense reasoning abil-
ity of LLMs. The HotpotQA mainly focuses on
commonsense reasoning, which requires LLMs to
use multiple supporting documents to answer. Col-
lie needs LLMs to generate text allowing the speci-
fication of rich, compositional constraints with di-
verse generation levels. Due to the excellent open-
ended response generation capabilities of GPT-40
and ol, these models demonstrate relatively strong
performance on certain benchmarks, particularly in
commonsense reasoning. According to LIME (Zhu
et al., 2024), we design a data filtering module to
show the performance differences among different
models. This module involves using four differ-
ent LLMs (i.e., Llama3-72B (Dubey et al., 2024),
Qwen-72B (Bai et al., 2023), Claude to answer
each sample in those benchmarks and subsequently
filtering out samples that more than two models
can answer correctly.

Code. We are using the bronze level of the US-
ACO (Shi et al., 2024) competition to test the cod-
ing skills of LLMs. The USACO focuses on al-
gorithmic and problem-solving skills. We employ
LLMs like Llama3-72B, Qwen-72B, and Claude
to solve these problems, selecting only those that
prove challenging across multiple models to ensure
a rigorous assessment of their coding abilities.

Math. We directly use the AIME © benchmark to
evaluate the model’s math ability, which contains
90 problems from AIME 22, AIME 23, and AIME
24, and have been extracted directly from the AOPS
wiki page.

3.2 Baseline methods

We select two powerful closed-source LLMs for
evaluation.
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ol model. It is designed to spend more time
reasoning before they respond, which can reason
through complex tasks and solve harder problems
than previous models in science, coding, and math.

GPT-40. It is a multimodal model that integrates
text, vision, and audio processing capabilities into
a single and unified neural network.

As for Test-time Compute methods, we select
four methods based on GPT-4o0.

Best-of-N (BoN). It makes LLMs generate mul-
tiple N outputs for a given input, and the most
suitable response is selected as the output.

Step-wise BoN. It enables LLMs to analyze
a problem and break it down into several sub-
problems. For each step, the model generates N
responses based on the previous sub-problems and
answers, and then we use a reward model to select
the best response. This process continues itera-
tively until the final answer to the original problem
is obtained.

Self-Refine. It improves initial outputs from
LLMs through iterative feedback and refine-
ment (Madaan et al., 2024).

Agent Workflow. LLM agents break down com-
plex tasks into smaller sub-tasks, plan their ex-
ecution through a structured workflow, and uti-
lize various tools to achieve their goals. For the
commonsense reasoning datasets, we leverage the
existing state-of-the-art agent framework (Zhou
et al., 2023, 2024) for evaluation. For the code and
math datasets, we select the top-picked agents from
GPTs 7, specifically code copilot and math solver,
respectively.

3.3 Maetrics

As for HotpotQA and AIME, we design a rule to
determine whether the model-generated response
contains the correct answer and use the accuracy
of the model’s responses as the final score. Re-
garding Collie, we directly determine whether the
model-generated response is correct. As for coding
tasks (i.e., USACO), we manually run the LLMs-
generated code on the test examples, and regard the
code passing the test cases as right.


https://huggingface.co/datasets/AI-MO/aimo-validation-aime
https://huggingface.co/datasets/AI-MO/aimo-validation-aime

Setting Baselines N | Overall gg:ggtlggsense Ré?jglelmg ngdgo }Z{;ﬁ;
ol-preview - | 3432 14.59 34.07 44.60 | 44.00

Direct ol-mini - | 3577 15.32 53.53 1223 | 62.00
GPT40 - | 18.44 13.14 43.36 504 | 1222

BoN 4 ] 17.65 13.50 39.82 504 | 12.22

BoN 8 | 19.04 16.42 38.50 791 | 13.33

. Step-wise BoN 1 6.09 13.50 5.31 0.00 5.56
Test-Time | Siep-wise BoON | 4 | 9.79 15.69 19.55 0.00 7.78
Self-Refine 3 5.62 13.25 0.00 0.00 9.23

Agent Workflow | - | 24.70 14.96 46.07 2222 | 15.56

Table 1: The results of OpenAl’s ol model, GPT4o0, and some Test-time Compute methods on our selected four
benchmarks (i.e., HotpotQA, Collie, USACO, AIME). The ‘-’ in the table represents that the method does not
search the multiple responses for generation. Direct refers to having the LLMs generate a response directly from
the input text, while Test-Time refers to using the Test-time Compute method based on GPT-4o.

4 Results
4.1 Overall Analysis

We conduct various experiments to evaluate the per-
formance of ol and the Test-time Compute meth-
ods. As shown in Table 1, the OpenAI’s o1 model
achieves the best performance on most benchmarks
compared to previous Test-time Compute methods
and GPT-4o, particularly in Math and Code tasks.
Among those benchmarks, o1’s improvement in
mathematical and coding tasks is particularly no-
table compared to other methods, which shows that
this thinking-before-reasoning approach is more
suitable for complex multi-step reasoning in mathe-
matical and coding tasks. Specifically, the o1-mini
surpasses the ol-preview on some tasks, it shows
that the reasoning process of ol does not always
lead to better improvements.

The performance improvement from Self-Refine
is not significant. On most tasks, Self-Refine
shows only a slight improvement compared to GPT-
4, and its performance even declines on Collie. For
this phenomenon, we assume that LLMs may gen-
erate responses that slightly deviate from the re-
quired format during the refinement iterations of
Self-Refine.

BoN achieves relatively good results on Hot-
potQA. It demonstrates the necessity of search-
ing for more possible responses during the infer-
ence stage by scaling time. However, the perfor-
mance of BoN on Collie has declined compared to
the original GPT-40. Besides, when NV increases,

"https://openai. com/index/introducing-gpts/

there is a slight degradation in performance. We
believe this is due to Collie’s strict format require-
ments, which limit the effectiveness of diverse out-
puts from LL.Ms.

The Step-wise BoN is limited by the complex
tasks. As for Step-wise BoN, it achieves an excel-
lent result on HotpotQA, which does not have a re-
striction on output text. However, its performance
drops significantly on other complex benchmarks
that make Step-wise BoN generate numerous inter-
mediate steps and cannot follow the original ques-
tion.

Agent Workflow achieves a significant improve-
ment in performance on all benchmarks. The
Agent Workflow uses a similar idea to the step-wise
BoN that breaks down complex tasks into smaller
subtasks, but it designs a series of domain-specific
system prompts, which reduces unnecessary long-
context reasoning processes. However, there is
still a gap between the Agent Workflow and the
ol model, which may be because Agent Workflow
explores a less diverse space of responses.

4.2 Analysis of the reasoning pattern of ol

As shown in Table 1, although ol is generally much
better than other models, some Test-time Compute
methods can still achieve relatively close results
to ol in certain specific tasks. To this end, we
analyze the reasoning patterns of ol across various
tasks and summarize the reasoning patterns across
different benchmarks as follows:

» Systematic Analysis (SA). Starting from the
overall structure of the problem, ol first an-
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Figure 1: The statistics of different reasoning patterns on different benchmarks.

alyzes the inputs and outputs, as well as the
constraints, and then decides on the choice of
algorithm and the use of data structures.

Method Reuse (MR). For some problems
that can be transformed into classic problems
(such as the shortest path or knapsack prob-
lem), ol can quickly reuse existing methods
to solve them.

Divide and Conquer (DC). It breaks down a
complex problem into subproblems and con-
structs the overall solution by solving the sub-
problems.

Self-Refinement (SR). o1 assesses its reason-
ing process during inference to determine if
there are any issues and correct any errors.

Context Identification (CI). For some
datasets requiring additional information in-
put (e.g., HotpotQA), ol first summarizes dif-
ferent aspects of the context related to the
query, and then gives the response for the cor-
responding query.

Emphasizing Constraints (EC). For some
datasets with constraints on the generated text
(e.g., Collie), ol usually emphasizes the cor-
responding constraints during the reasoning
process.
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Figure 2: The statistics of reasoning patterns.

We randomly selected 20 to 30 samples of each
benchmark to count the number of different reason-
ing patterns. As shown in Fig. 2, the performance
of ol is primarily influenced by three reasoning
patterns: DC, SR, and SA. Among these, SA and
DC appear most frequently, suggesting that the
combination of SR and DC plays a crucial role in
enhancing the performance of ol.

We also show the statistics of the reasoning pat-
terns on different benchmarks in Fig. 1, where dif-
ferent tasks require different reasoning patterns.
Specifically, in commonsense reasoning tasks, ol
tends to use task-specific global analysis methods
(such as CI and EC) and DC. In math and coding
tasks, ol mainly relies on DC and MR. For both
Collie and AIME, o1 follows a relatively shorter
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reasoning process, which we find is also linked to
its reasoning patterns. Specifically, ol often em-
ploys the MR approach, where it directly applies
well-known classic solutions to solve mathematical
problems without the need for multi-step reasoning.
In the case of Collie, ol tends to use the EC reason-
ing pattern. This allows the model to place greater
emphasis on Collie’s output format requirements,
preventing the generation of an excessively long
reasoning process that would result in outputs not
meeting the format requirement.

4.3 Long Context Inference Limits Step-Wise
BoN

Apart from generating multiple responses in
breadth, the Step-wise strategy is also important for
scaling inference time. Specifically, the Step-wise
methods often produce many intermediate steps,
and excessively long context information can pre-
vent the model from following the original input
text to generate the correct response. As shown in
Table 2, we provide the average number of tokens
in the intermediate steps of Step-wise BoN infer-
ence across different tasks. The average number of
reasoning tokens in almost all tasks exceeded 200,
which also confirms that Step-wise BoN requires
the model to have strong long-context following ca-
pabilities. The Step-wise BoN performs relatively
worse on tasks like Collie and AIME, where the
output text format and reasoning process are highly
complex (for instance, Step-wise BoN achieves less
than 12% accuracy on Collie, and its performance

Commonsense Reasoning | Coding | Math
HotpotQA Collie USACO | AIME
273.59 450.31 | 439.90 | 262.51

Table 2: The average reasoning token length of Step-
wise BoN (N = 4).

on AIME is only half that of other methods). How-
ever, for tasks (e.g., HotpotQA) that do not require
stringent output formatting or intricate reasoning,
both BoN and Step-wise BoN significantly enhance
the model’s results (when N = 4, Step-wise BoN
outperforms GPT-40 by 2.55% and BoN surpasses
GPT-40 by 0.36% on HotpotQA).

4.4 The Number of Reasoning Tokens Across
Different Tasks for ol

To investigate whether the number of reasoning to-
kens is related to o1’s ability, we developed a rule
to extract o1’s reasoning tokens and computed their
count across different tasks. Additionally, we calcu-
lated the average number of tokens for both correct
and incorrect samples. Furthermore, to explore the
relation between input prompt length and reasoning
tokens length, we also calculate the average input
length. As shown in Fig. 3, we observe that the
number of reasoning tokens for correct and incor-
rect samples is similar for the same task, and there
is no clear correlation between the input prompt
length and the length of the reasoning tokens. In-
stead, there is a significant difference in reason-
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ing tokens across different tasks. Specifically, for
commonsense reasoning tasks (i.e., HotpotQA and
Collie), the 01’s reasoning token length is relatively
short. However, for more difficult tasks like Code
(i.e., USACO) and Math (i.e., AIME), the model
often requires a longer reasoning process to obtain
the correct answer.

4.5 The Reward Model Limits Abilities of
Searching Methods

As for the BoN series methods, they need to use a
reward model to choose the most suitable responses
among all the generated responses. Especially for
the Step-wise method, an error in any intermediate
step can lead to error accumulation, which signifi-
cantly affects the final output of the model. There-
fore, for BoN, we conduct experiments by using
different reward models (e.g. Skywork-Reward-
Gemma-2-27B (Liu and Zeng, 2024) and URM-
LLaMa-3.1-8B (Lou et al., 2024)) from the Leader-
board of RewardBench (Lambert et al., 2024). We
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Figure 6: The results of o1 model on AIME24, AIME23,
and AIME22.

also use the GPT-4o as the reward model to choose
the most suitable response. Moreover, to demon-
strate the reward models’ limitation on the search-
ing ability of LLMs, we also use the Human as
the reward model to judge the most suitable gen-
erated response of BoN. As shown in Fig. 4, we
provide the results of BoN (GPT-40) using different
reward models. As for HotpotQA, those methods
have relatively worse performance (i.e., their ac-
curacies are under 15%), while the human-based
reward model could help to improve the LLMs’
ACC to 33%. As for the Collie, the performances
of using other reward models are close to human
results, which show the reward models’ ability to
determine the upper boundary of those methods.
Besides, although the BoN could have comparable
results on HotpotQA compared with ol, it can be
significantly improved by using a more powerful
reward model, demonstrating that the reward model
is crucial for the search methods.

4.6 The Search Space also Determines the
Upper Boundary of LL.Ms

Apart from the Agent Workflow, BoN also per-
forms relatively well across various datasets, but its
performance is limited by V. To fully explore the
upper bound of BoN’s capabilities, we increased
the value of N in HotpotQA. For the sake of com-
prehensively evaluating the BoN’s capability based
on different LLMs with different capability levels,
we also evaluate Qwen2.5-72B and Llama3-70B in
Fig. 5. Specifically, as shown in Fig. 5, we compare
the results of BoN using different backbone models
under different search spaces (i.e., N = 1,4, 8, 16).
With the N increasing, the performance of BoN
tends to stabilize. Notably, both Qwen2.5 and
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Commonsense Reasoning | Coding | Math
HotpotQA Collie USACO | AIME
274 226 | 139 | 90

Table 3: The statistics of filtered benchmarks.

Llama3 achieve excellent performance on the Hot-
potQA dataset. However, when BoN uses these
three models as backbone models, performance
does not improve consistently with increasing N.
When N > 8§, the performance of the models either
stabilizes or declines. We suppose the reason is that
the performance of the search methods is jointly
related to the reward model and searching space.

4.7 Analysis on Data Filter

The current benchmarks contain many simple sam-
ples that cannot distinguish the performance dif-
ference across different LLMs, and we filter the
samples in HotpotQA and Collie. To demonstrate
the impact of our data filter module, we compare
the performance of LLMs on benchmarks before
and after applying the data filter, where Table 3
presents the statistics about our selected bench-
marks after data filtering. As shown in Fig. 7, after
data filtering, the scores of different LLMs are rela-
tively lower and show greater distinction. Notably,
on HotpotQA, the differences between Qwen2.5
and GPT-40 become evident on our filtered bench-
mark, which demonstrates the effect of our data
filter strategy.

4.8 The Math Ability of OpenAI’s ol

To comprehensively evaluate the ol models’ ability
in math, we evaluate the ol-preview, ol-web, and

ol-mini on the AIME22, AIME23, and AIME24. It
is worth mentioning that the ol-mini demonstrates
the best performance (around 60%) across these
three datasets. However, the performance of the
ol-preview fluctuates significantly across different
datasets. For example, for ol-preview, the best
performance on AIME24 is 57%, while results on
the other two datasets are both around 40%.

5 Conclusion

In this work, we explore the capabilities of Ope-
nAl’s ol model in tasks involving mathematics,
coding, and commonsense reasoning, and com-
pare ol with previous Test-time Compute methods
(i.e., BoN, Step-wise BoN, Self-Refine, and Agent
Workflow), where the findings are as follows. First,
we find that ol achieves better results than other
Test-time Compute methods across most tasks. Sec-
ond, the Agent Workflow method shows significant
improvements in all tasks, but the BoN, Step-wise
BoN, and Self-Refine methods yield limited im-
provements due to their reliance on the model’s
long-context instruction-following ability and the
performance of the reward model. Third, we also
summarize six reasoning patterns (i.e., SA, MR,
DC, SR, CI, EC) of ol, and demonstrate that SR
and DC are the main reasoning patterns of ol. We
also found that on specific tasks, ol achieves a
higher accuracy by using a certain reasoning pat-
tern, which indicates that these reasoning patterns
are crucial for improving reasoning performance.
Finally, we hope our study on the reasoning pat-
terns of ol can guide developers and researchers in
understanding the principle of ol and facilitate the
growth of foundation models.



Limitations

In this work, we have extensively investigated
the gap between various test-time methods and
ol. However, we did not specifically design a re-
ward model to evaluate different paths of reason-
ing within this chain-of-thought framework, which
greatly limited the performance of our baseline in
the experiments. Furthermore, although we found
that current LLMs struggle to effectively handle
longer chains of reasoning, we did not explore
whether context compression methods could allevi-
ate this issue.

Ethics Statement

The dataset used in our research is constructed us-
ing publicly available data sources, ensuring that
there are no privacy concerns or violations. We
do not collect any personally identifiable informa-
tion, and all data used in our research is obtained
following legal and ethical standards.
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A Case Study

The HotpotQA needs LLMs to process multiple
documents to obtain the results of the reasoning
question, which needs multi-hop reasoning. The o1
generally summarizes the content of the documents
from different perspectives to arrive at a solution.
As shown in Fig. 8, firstly, the ol model proposes
the “main idea” (i.e., analyzing the context related
to the question). Then it obtains the content in the
three dimensions (i.e., “Mapping out attractions”,
“Mapping out attractions”, and “Navigating the evo-
lution™). It is worth mentioning that “Navigating
the evolution” contains the reasoning chain of the
multi-hot reasoning question.

A1 AIME

Unlike simpler methods that tackle problems
through straightforward subtasks, AIME demands
a deep integration of diverse mathematical princi-
ples to derive accurate solutions. As illustrated in
Fig. 9, ol uses a CoT method following a struc-
tured approach: “Identify Key Concepts”, “Ana-
lyze Constraints”, “Apply Mathematical Formu-
las”, and “Construct Logical Reasoning”, where
the “Logical Reasoning” involves a systematic and
detailed process for solving multi-step problems.
This reasoning pattern emphasizes the importance
of integrating insights from various mathematical
concepts to enhance the model’s ability to handle
complex problems effectively. By following this
framework, LLLMs can navigate the intricate nature



4 )

>Input

movie? And a context: .

> Thinking

**Examining the context**

I'm analyzing the context, which highlights Universal Studios attractions and their updates.

Noting which movie-based attraction was replaced before 'The Tonight Show' attraction.
**1. Mapping out attractions**
I'm identifying the attractions at Universal Studios: T2 3-D: Battle Across Time closes
soon, and Waterworld: A Live Sea War Spectacular, praised despite the film's
challenges, continues to be a favorite.
**2. Trying another way**
Disney plans to build a "Guardians of the Galaxy" attraction at Epcot, replacing the
Universe of Energy pavilion. It will be Walt Disney World's first Marvel-themed
attraction, complementing the existing Iron Man Experience at other parks. \
**3, Navigating the evolution**
Universal Studios Florida revamped its offering with 'Twister...Ride It Out', shutting
down 'Ghostbusters Spooktacular' in 1997. The attraction, featuring icons Bill Paxton
and Helen Hunt, closed on November 2, 2015, and was succeeded by 'Race Through
New York Starring Jimmy Fallon' starting April 6, 2017.

>Inference

Based on the provided context, the attraction at Universal Studios that is based on "The
Tonight Show" is **Race Through New York Starring Jimmy Fallon**. This attraction replaced
**Twister...Ride It Out**, which was based on the 1996 film **"Twister"**. Before that,
"Twister...Ride It Out" had replaced the **Ghostbusters Spooktacular** attraction, which was

based on the movie **Ghostbusters Spooktacular **.

O1’s Answer: Ghostbusters Spooktacular
Qolden Answer: Ghostbusters Spooktacular

_/

Figure 8: The ol’s case of HotpotQA.

of AIME problems, ensuring that all relevant math-
ematical concepts and logical steps are thoroughly
considered.

A.2 Collie

The task of the Collie dataset requires generating
a paragraph based on the constraint. Specifically,
as illustrated in Fig. 10, at each step of the rea-
soning process of the ol model, the form of the
constraint is emphasized to strengthen for better
generation. Therefore, for tasks requiring strictly
controlled generation, the model needs to empha-
size the instructions multiple times to guide the
content generation.

A3 USACO

In the USACO competition, ol demonstrates its
robust problem-solving capabilities. As illustrated
in Fig. 11, ol starts by establishing a foundational

11

framework by defining key variables and data struc-
tures, and then applies algorithmic logic for state
transitions, which will produce the optimal solu-
tion gradually. Besides, ol not only considers all
possible paths and scenarios but also uses loops,
recursion, and other methods to verify each step
rigorously, which helps o1 comprehensively cover
multiple aspects of the problems and generate cor-
rect solutions efficiently.



> Input AIME \

Let x; < xp < -+ < X199 be real numbers such that |x| + x| + =+ |x100l = 1
and xq + x5 + =+ + X199 = 0. Among all such 100-tuples of numbers, the greatest
value that x,¢ — x14 can achieve is %, where m and n are relatively prime positive

integers. Find m + n.

> Thinking

1.Formulating constraints

I'm mapping out the constraints for x;5 — x;4 ensuring the ...
2.Analyzing constraints

I'm examining the constraints of the variables, aiming to maximize the difference
between the 76th and 16% ...,

3.Setting indices

I'm setting x; ¢ to the most negative value and x4 to the most positive one, given....

6.Unraveling the equation

T . 16
I'm digging into the equation b = Zzato..

> Inference

Step 1: Assign Extreme Values

To maximize x,5 — X1, we need to maximize x,4 and minimize x4¢.: ...
«Step 2: Apply the Sum Constraints

Next, apply the absolute value sum constraint: ...
41

Step 3: Compute x;¢ — X1 Simplify: % = 200"

Step4: Findm + nLetm = 41,n = 800,som + n = 41 + 800 = 841.

\01 ’s Answer: 841 Golden Answer: 841 /

Figure 9: The o1’s case of AIME.
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4 COLLIE )

>Input
Please generate a paragraph:

—— -

3) not containing the word'"of !
4) not containing the word!is".

> Thinking

**Crafting the paragraph**

I’'m careful not to use 'be', 'of', or 'is'. Instead, I’'m selecting precise, vivid words, ensuring
the paragraph's structure and meaning are thoughtfully established. This approach keeps
the text engaging and grammatically sound.

**Creating compliant content**

I’'m crafting a 3-sentence paragraph that avoids 'be', 'of', and 'is'. The paragraph will stay
clear of mentioning policies or hidden reasoning, ensuring compliance and appropriateness.
**Clarifying usage rules**

I’'m sorting out which forms of 'to be' are allowed, like 'being' and 'been’, while 'be’, 'is’,
‘are', 'was', and 'were' are prohibited. This distinction ensures precision in word choice.
**Crafting the scene**

I’'m thinking about a sentence to paint a vivid picture without using 'of', 'be', or 'is'. The
phrase "hues of pink and orange" needs rephrasing to avoid 'of'.

**Ppainting a morning**

I'm crafting a vivid morning scene: the sun rises, colors the sky in pink and orange, birds
sing, and people enjoy hopeful smiles as the day starts. It's sprucing up each sentence for
clarity and appeal.

>Inference

The sun climbs slowly, painting the horizon with vibrant shades that hint at warmtha Birds
sing in unison, their melody drifting across the quiet streets.EPeopIe stroll along paths, their
faces glowing with anticipation for what lies ahead.

Qammar Check: Pass J

Figure 10: The o1’s case of Collie.
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a USACO )

>Input
Given N cows (2 <= N <= 100) with a social hierarchy and specific milking position demands,

find the earliest position cow 1 can be milked. The input includes:
- N: Total number of cows.

- M: Number of cows in a specific social order.

- K: Number of cows with a fixed milking position.

- Alist of M integers representing the social hierarchy order.

- K pairs of integers: cow c_i and its required position p_i.

> Thinking

**Cracking the problem** I’'m analyzing the given constraints and how they shape the
milking order. The objective is to find the earliest possible position for cow 1 in the milking
sequence, ensuring all constraints are met.

**Mapping out constraints** Focusing on N cows, peculiar positions for M of them, and
rearrangements for K. The goal is to spot the earliest position for cow 1.

>Inference
To solve this problem, we need to determine the earliest position that cow 1 can occupy in
the milking order while satisfying all the given constraints:

1. **Ordering Constraints**: Cows in the hierarchy must be milked in the specified order.
2. **Fixed Positions**: Certain cows must be milked at specific positions.
3. ¥*Unique Positions**: Each cow must occupy a unique position in the order.

**Approach Overview**:

**Implementation Considerations**:

Grammar Check: Pass j

Figure 11: The ol’s case of USACO.
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