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Seed-Thinking-v1.5: Advancing Superb Reasoning
Models with Reinforcement Learning
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Abstract

We introduce Seed-Thinking-v1.5, capable of reasoning through thinking before responding,
resulting in improved performance on a wide range of benchmarks. Seed-Thinking-v1.5 achieves 86.7
on AIME 2024, 55.0 on Codeforces and 77.3 on GPQA, demonstrating excellent reasoning abilities
in STEM and coding. Beyond reasoning tasks, the method demonstrates notable generalization
across diverse domains. For instance, it surpasses DeepSeek R1 by 8% in win rate on non-reasoning
tasks, indicating its broader applicability. Compared to other state-of-the-art reasoning models,
Seed-Thinking-v1.5 is a Mixture-of-Experts (MoE) model with a relatively small size, featuring
20B activated and 200B total parameters. As part of our effort to assess generalized reasoning, we
develop two internal benchmarks, Beyond AIME and Codeforces, both of which will be publicly
released to support future research.

Date: April 10, 2025
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1 Introduction

Driven by large-scale reinforcement learning on large language models, reasoning models have seen significant
advancements. Notably, OpenAT’s ol series [1], DeepSeek’s R1 [2], Google’s Gemini 2.5 [3], and Anthropic’s
Claude 3.7 [4] have emerged as state-of-the-art models, each making substantial progress in logical reasoning,
mathematical problem-solving, and code generation. These advancements underscore a shift toward more
structured, efficient and scalable reasoning models, with ongoing research focusing on training efficiency, long
chain-of-thought, and large-scale reinforcement learning.

In this work, we present a new reasoning model, called Seed-Thinking-v1.5. This model has achieved strong
performance in both reasoning and non-reasoning tasks.

Mathematical Reasoning : For math competition, Seed-Thinking-v1.5 achieves 86.7 on AIME 2024, match-
ing the performance of 03-mini-high and significantly outperforming ol and DeepSeek R1, demonstrating
competitive strength. Since AIME 2024 no longer provides sufficient discrimination, we construct a more
challenging evaluation set named Beyond AIME. All problems in Beyond AIME are newly curated by
human experts and designed to minimize the chance of being solved through memorization or guessing.
While Seed-Thinking-v1.5 surpasses both ol and R1, there remains a performance gap compared to 03
and Gemini pro 2.5. This also further demonstrates the discriminative power of the new evaluation set.

Competitive Programming : For the evaluation of competitive programming, we adopt Codeforces as our
benchmark. Unlike some prior works that rely on Elo Scores, which contains estimation and are not
directly comparable, we adopt a concrete evaluation protocol based on the most recent 12 Codeforces
contests. Specifically, we report pass@l and pass@8 metrics, where pass@k indicates whether the
model solves the problem within k attempts, i.e., selecting the best result from k generated submissions.
We choose to report pass@8 since it provides more stable results and aligns more closely with actual
user submission patterns. Seed-Thinking-v1.5 outperforms DeepSeek R1 on both metrics, though a
performance gap remains compared to 03. The evaluation set will be made publicly available in a future
release.

Science : Seed-Thinking-v1.5 reaches a score of 77.3 on GPQA, close to 03-level performance. Importantly,
this gain is largely attributed to improved generalization from mathematical training, rather than an
increase in domain-specific science data.

Non-reasoning Tasks : For non-reasoning tasks, Seed-Thinking-v1.5 is evaluated using a test set designed
to replicate real-world user needs. Through human evaluations conducted against DeepSeek R1 across
diverse scenarios, Seed-Thinking-v1.5 demonstrates significant advancements: it attains an 8.0% overall
rise in users’ positive feedback, thereby highlighting its augmented ability to manage intricate user
scenarios.

There are three key points in the development of high-quality reasoning models: training data, RL algorithm,
and RL infrastructure. We have devoted considerable effort to these three areas, and we will discuss them in
detail.

Data For SFT training, unlike conventional post-training data, reasoning models rely on chain-of-thought
data, which explicitly outlines the step-by-step reasoning process. Our preliminary experiments showed
that too much non-CoT SFT data can significantly reduce the model’s ability to explore. For RL
training, we incorporate four categories of data: STEM problems, code-related tasks, logic reasoning and
non-reasoning data like creative writing and dialogue. Among these, the logic reasoning data contributes
to performance improvements on the ARC-AGI benchmark significantly. The math data exhibits strong
generalization capabilities and can lead to broad performance improvements across tasks.

RL Algorithm RL training of reasoning models is highly unstable and often crashes, especially for models
without SFT. Sometimes, the score difference between two runs can be as high as 10 points. The stable
training of RL systems is crucial for the success of reasoning models. To address these long-standing
issues, we have pioneered VAPOI5] and DAPO|6]—two distinct frameworks tailored for actor-critic and
policy-gradient RL paradigms, respectively. VAPO now stands as the state-of-the-art (SOTA) solution
in actor-critic methods, while DAPO establishes a new SOTA result for policy-gradient approaches
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without critic models. By targeting the core instability issues in RL training, both methods deliver
robust and consistent training trajectories, effectively enabling reliable optimization of reasoning models.

RL Infrastructure The complexity of Large Language Models (LLM) based reinforcement learning systems
demands robust infrastructure to ensure scalability, reproducibility, and computational efficiency.
To handle heterogeneous workloads, we decouple streaming rollout architecture that asynchronously
processes partial trajectory generations through prioritized sample pools, achieving 3x faster iteration
cycles than synchronous frameworks. The system also supports mixed-precision training with automatic
fault recovery, critical for maintaining stability during large-scale RL ruuns.

2 Data
2.1 RL Training Data

Our RL training data consists of two main parts: verifiable problems with definitive answers and non-verifiable
problems without definitive answers. The model’s reasoning ability primarily comes from the first part and
can be generalized to the second part.

2.1.1 Verifiable Problems

The Verifiable problems primarily comprise STEM questions paired with answers, coding problems equipped
with unit tests, and logic reasonings that are amenable to automated verification.

STEM Data

Our dataset consists of several hundred thousand high-quality, competition-grade problems spanning math-
ematics, physics, and chemistry, with mathematics comprising the majority (over 80%). These problems
are drawn from a mix of open-source datasets, public competitions (both domestic and international), and
proprietary collections.

For data cleaning, we first eliminate questions with incomplete statements, inconsistent notation, or unclear
requirements. For the remaining questions, we use our model (Doubao-Pro 1.5) to generate multiple responses.
Problems for which the model achieved a woN score (worst of N) of 1 are deemed too simple and removed.
Finally, some questions may have an inaccurate reference answer. We use SOTA reasoning models to
generate multiple candidate responses for each question. If the model’s answers were inconsistent with the
reference answer, but the model’s outputs showed high internal consistency, or involved only a very small
number of reasoning tokens, we consider the reference answer to be incorrect. Human experts then conduct
manual verification on these questions to ensure that the reference answers are correct. We also apply
data augmentation to make the data more suitable for learning and evaluation. Specifically, we convert
multiple-choice questions into fill-in-the-blank or short-answer formats to eliminate the possibility of guessing
and to better assess reasoning ability. And we modify certain math problems to ensure that the answers are
integers whenever possible.

After data cleaning and augmentation, we finally obtain a training set of 100k STEM problems. During
training, we use model-based Seed-Verifier to evaluate response correctness, which is introduced in 3.1.

Code Data

For coding problems, we prioritize the source of high-quality and challenging algorithmic tasks, primarily
drawn from esteemed competitive programming contests.

We filter data to ensure that each problem includes a comprehensive specification: a clear problem description,
a set of unit tests, and a checker script. Unit tests validate the functional correctness of solutions, while the
checker script enforces additional constraints such as output formatting and edge cases. We also perform
difficulty filtering, ensuring that problems possess an appropriate level of complexity and applicability to
real-world algorithmic reasoning.

For evaluation, the most accurate form is to submit the generated code to the official platforms. However,
during reinforcement learning, real-time submission isn’t feasible. Thus, we developed an off-line evaluation
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set for efficient local validation. Our observations indicate a strong correlation between offline evaluation
results and official verdicts. All training and evaluation problems are integrated into an in-house code sandbox
environment, enabling direct execution and assessment of model-generated code. We ensure the sandbox’s
stability and high throughput to deliver consistent and accurate feedback during the RL training process.

Logical Puzzle Data

For the logic reasoning data, we gather 22 commonly studied tasks, such as 24-point, mazes, Sudoku, etc.
For each task, we construct a data generator and an answer verifier. The data generator can automatically
produce a large amount of training and evaluation data. Moreover, for many of the tasks, we can configure
the difficulty of the generated problems. During the training process, we gradually adjust the difficulty of the
training data based on the model’s performance on certain tasks. The answer verifier rigorously evaluates the
generation correctness and can be seamlessly integrated into RL pipelines as reward functions. We generate
about 10k puzzle problems for RL training.

2.1.2 Non-verifiable Problems

Non-verifiable problems mainly encompass non-reasoning tasks requiring quality assessment based on human
preferences, involving tasks like creative writing, translation, knowledge QA, role-playing, and so on. The
prompts are originated from RL training data for Doubao-1.5 Pro [7]. The dataset has sufficient coverage
across diverse domains.

We discard data with low sample score variance and low difficulty. To be specific, we use the SF'T model to
generate multiple candidates for each prompt and then score them using a reward model. Prompts with low
score variances are removed as they exhibit limited sampling diversity and minimal potential for improvement.
Prompts are also removed where the reward score improvement surpasses a certain threshold during the
Doubao 1.5 Pro RL training process [8]. This is because such data may be overly simplistic or already
abundantly represented in the dataset. Offline experiments show that overoptimizing such samples leads to
premature collapse of the model’s exploration space and diminish the performance.

For these non-verifiable data, we employ a pairwise rewarding method for scoring and RL training. By
comparing the relative quality of two samples, this approach aids the model in better understanding user
preferences, enhancing the quality and diversity of generated results. The detail of the reward model is
introduced in 3.2.

2.2 Advanced Math Benchmark

The current reasoning models usually use AIME as the go-to benchmark to evaluate mathematical reasoning
abilities. However, with only 30 problems released annually, its limited size can lead to high-variance evaluation
results, making it challenging to effectively differentiate between state-of-the-art reasoning models. To better
evaluate models’ capabilities in mathematical reasoning, we construct a new benchmark dataset: BeyondAIME.
Specifically, we collaborate with mathematics specialists to develop original problems informed by established
competition formats. We systematically adapt existing competition questions through structural modifications
and scenario reconfigurations, ensuring no direct duplication occurs. Furthermore, we ensure that the answers
are never trivial values—such as numbers explicitly mentioned in the problem statement—to reduce the
chance of models guessing the correct answer without proper reasoning.

Through this rigorous filtering and curation process, we compile a final set of 100 problems, each with a
difficulty level equal to or greater than that of the hardest questions in AIME. Similar to AIME, all answers
are guaranteed to be integers (without being restricted to a specific numerical range), which simplifies and
stabilizes the evaluation process.

3 Reward Modeling

As a crucial component in RL, reward modeling defines the objective or goal that the policy is trying to
achieve. Thus, a well-designed reward mechanism is essential to provide precise and reliable reward signals for
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Verifier-type ‘ Training examples (approximate) ‘ Human labeled testset

Seed-Verifier > 98% 82.7%
Seed-Thinking-Verifier > 99% 99.3%

Table 1 Accuracy of two verifier-types. Specifically, the accuracy on the training set is derived from the training
statistics. Additionally, we manually annotated 456 samples to form the test set, which are specifically selected from
cases that the Seed-Verifier can not handle stably.

model responses during the training stage. For verifiable and non-verifiable problems, we employ distinct
reward modeling methodologies.

3.1 Reward Modeling for Verifiable Problems

With proper principles and thought trajectories, we utilize LLMs to judge a wide array of verifiable questions
across diverse scenarios. This approach yields a more generalized solution that surpasses the limitations of
rule-based reward systems.

We have designed two progressive reward modeling solutions, Seed-Verifier and Seed-Thinking-Verifier:

e Seed-Verifier is based on a set of meticulously crafted principles written by humans. It leverages the
powerful foundational capabilities of LLMs to evaluate a triplet consisting of the question, reference
answer, and model-generated answer. If the reference answer and model-generated answer are essentially
equivalent, it returns “YES”; otherwise, it returns “NO”. The equivalence here is not a literal exact match
but rather a deeper assessment based on computational rules and mathematical principles that prove
the two answers convey the same mathematical meaning. This approach ensures that the reward signal
accurately reflects whether the model’s response is correct in essence, even if the wording differs.

e Seed-Thinking-Verifier is inspired by the human judgment process, which generates conclusive judgments
through meticulous thinking and in-depth analysis. To achieve this, we trained a verifier that provides a
detailed reasoning path for its evaluations. Specifically, we treated this as a verifiable task and optimized
it alongside other mathematical reasoning tasks. This verifier can dissect the similarities and differences
between the reference and model-generated answers, offering precise and nuanced judgment results.

The Seed-Thinking-Verifier significantly alleviates three major issues associated with the Seed-Verifier:

e Reward Hacking: Non-thinking models may exploit loopholes to receive rewards without truly under-
standing the problem. The detailed reasoning process in Seed-Thinking-Verifier makes such hacking
more difficult.

e Uncertainty in Predictions: In cases where the reference and model-generated answers are essentially
equivalent, which may differ in format, e.g., 2'9 vs 524288, the Seed-Verifier might sometimes return
“YES” and other times “NO”. The Seed-Thinking-Verifier provides consistent results by thoroughly
analyzing the reasoning behind the answers.

e Failure on Corner Cases: There are certain edge cases that the Seed-Verifier struggles to handle effectively.
The ability of Seed-Thinking-Verifier to provide detailed reasoning allows it to better address these
complex scenarios.

Table 1 presents the performance of the above two verifiers. More details on case study can be found in
Appendix A. The results indicate that the Seed-Verifier struggles to effectively handle some particular cases,
whereas the Seed-Thinking-Verifier demonstrates a remarkable ability to provide accurate judgments. While
the thinking process of the latter does consume a significant amount of GPU resources, we believe that
the precise and robust reward results it generates are crucial for endowing the policy with strong reasoning
capabilities.
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3.2 Reward Modeling for Non-verifiable Problems

For non-verifiable problems, we train a reward model for RL training. The reward model training data is
consistent with the human preference data utilized in Doubao 1.5 Pro [7], primarily encompassing categories
such as creative writing and summarization.

To enhance the effectiveness of reward model, we adopt the pairwise generative reward model mentioned in [9],
which evaluates the superiority of two responses and use the probability of “YES” or “NO” as the final reward
score. This approach enables the model to directly compare differences between responses during scoring,
thereby avoiding excessive focus on irrelevant details. Experimental results demonstrate that this reward
modeling method improves the stability of RL training, particularly in the mixed training scenarios involving
both non-verifiable and verifiable problems, by minimizing conflicts between the two different types of reward
modeling paradigms. This improvement may be attributed to the pairwise generative reward model’s inherent
advantage in mitigating outlier score generation compared to conventional reward models, therefore avoiding
significant discrepancies in score distributions with the verifier.

4 Approach

4.1 Supervised Fine-Tuning

Our training process starts with supervised fine-tuning (SFT). The SFT phase sets a solid foundation
for the subsequent reinforcement learning stage. Compared to initiating RL from a base model, the SF'T
model produces more readable outputs, exhibits fewer instances of hallucination, and demonstrates reduced
harmfulness. We curate an SFT data comprising 400k training instance, including 300k verifiable problems and
100k non-verifiable problems. Verifiable prompts are randomly sampled from RL training set. Non-verifiable
data are sourced from the SFT data used for Doubao-Pro 1.5 [7], covering areas such as creative writing,
knowledge-based QA, safety, and function calling.

To generate high-quality responses with long CoT, we employ an iterative workflow that integrates model
synthesis, human annotation, and rejection sampling. Initially, human experts apply prompt engineering
techniques or engage in interactive dialogues with an internal model to produce responses with various
reasoning patterns. After accumulating tens of high-quality cold-start samples, we can train a reasoning model
with long CoT as a more capable assistant. Then we perform rejection sampling on this reasoning model using
Seed-Verifier. While this workflow is primarily applied to mathematical data, we observe it can generalize
well to other domains, such as coding, logic puzzle and even creative writing. Thus, for other domains, we
also conduct a cold start process followed by rejection sampling to produce detailed reasoning trajectories.

During training, each instance is truncated to 32,000 tokens. We fine-tune the base model for two epochs
using the above data. We use a cosine decay learning rate scheduling that the peak Ir is 2 x 10~° and decays
to 2 x 1075 gradually.

4.2 Reinforcement Learning

We have developed a unified reinforcement learning framework that seamlessly fuses data from a broad range
of domains. This integration incorporates three data categories:

e Verifiable data, which obtains feedback from a verifier. This type of data allows for direct validation of
the model’s outputs against known criteria.

e General data, scored by a reward model. The reward model assigns scores based on how well the model’s
responses align with human preferences.

e A specific class of data that combines scores from both the verifier and the reward model. This hybrid
data type leverages the strengths of both verification and reward-based evaluation.

In the context of long-CoT RLHF, we encounter several challenges such as value model bias and the sparsity
of reward signals. To address these issues, we draw on key techniques from our prior work [5, 6, 10]:
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e Value-Pretraining: We sample responses from a fixed policy, such as mgs;, and update the value model
using the Monte-Carlo return. This process ensures that the initialized value model is fully aligned with
our policy s Maintaining this alignment has been proven to be crucial for preserving the model’s
CoT pattern, enabling the model to generate coherent and logical CoT.

e Decoupled-GAE: By employing different Generalized Advantage Estimation (GAE) parameters, such as
Avalue = 1.0 and Apolicy = 0.95, we allow the value model to update in an unbiased manner. Meanwhile,
the policy can independently balance its own bias and variance. This decoupling enables more efficient
and stable training of the model.

e Length-adaptive GAE: We set Apolicy = 1 — é, where « is a hyper-parameter and [ is the response
length. This approach ensures a more uniform distribution of Temporal Difference (TD) errors across
both short and long sequences. As a result, the model can handle sequences of varying lengths more
effectively during training.

e Dynamic Sampling: We employ dynamic sampling and filter out prompts with accuracy scores equal to
1 or 0, retaining only those in the batch that exhibit effective gradients. This process helps prevent the
dampening of gradient signals during model training.

e Clip-Higher: In the Proximal Policy Optimization (PPO) algorithm, we decouple the upper and lower
clip bounds as follows:

ECLIP(G) =E, [min (rt(H)At, clip(r¢(0),1 — €low, 1 + ehigh)flt)} (1)

By increasing the value of epjgn, we create more room for the increase of low-probability tokens. This
encourages the model to explore a wider range of possible responses, enhancing its ability to discover
novel and effective solutions.

e Token-level Loss: Instead of defining the policy loss over entire responses, we define it over all tokens.
This approach addresses the imbalance in the token-level contribution to the final loss, ensuring that
each token’s impact on the training process is appropriately accounted for.

e Positive Example LM Loss: This loss function is designed to boost the utilization efficiency of positive
samples during the RL training process. We add a language model loss with a coefficient p for positive
examples:

[,(9) = £ppo(9) + oo* ENLL(H) (2)

This additional loss term helps the model to better learn from positive examples, improving its overall
performance.

When merging data from different domains and incorporating diverse scoring mechanisms, we face the challenge
of interference between different data domains. This interference can arise from disparities in difficulty levels,
the risk of reward-hacking, and other underlying factors. These issues make it extremely difficult to achieve
uniform and simultaneous improvements across all capabilities of the model. To counteract this, we introduce
Online Data Distribution Adaptation. This method transforms the stationary prompt distribution during
reinforcement learning into an adaptive distribution that better caters to the model’s requirements during
training. By doing so, we minimize the negative impact of data interference and ensure a more balanced
improvement across different abilities. As a result, the model can enhance its performance more consistently
across a wide array of tasks.

5 Infrastructures

5.1 Framework

The training framework is built using HybridFlow [11] programming abstraction. The whole training workload
runs on top of a Ray [12] cluster. The dataloader and RL algorithm is implemented in a single process Ray
Actor (single controller). The model training and response generation (rollout) is implemented in a Ray
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Worker Group. The Ray Worker Group exposes a set of APIs (e.g., generate response/train_batch, etc,.),
which runs heavy training/generation workload via SPMD (single program, multiple data) inside the Worker
Group. The single controller invokes various APIs exposed by the Ray Worker Group to construct the training
flow. HybridFlow programming abstraction enables fast prototyping of RL algorithm ideas without bothering
with complex distributed systems.

Seed-Thinking-v1.5 is trained through hybrid engine architecture [13], where all the models are co-located.
This prevents the idle time of the GPUs when switching between training and generation. During Long-CoT
generation, we observe severe straggler phenomenon caused by the large difference of the response length
between various prompts. This causes massive GPU idle time during generation. To mitigate the straggler
of long-tail response generation, we propose SRS (Streaming Rollout System) - a resource-aware scheduling
framework that strategically deploys standalone streaming-compute units to transform system constraints
from memory-bound to compute-bound.

5.2 Streaming Rollout System

The SRS architecture introduces streaming rollout to decouple model evolution from runtime execution,
enabling dynamic adjustment of on/off-policy sample ratios through parametric «:

e Define the completion ratio (« € [0, 1]) as the proportion of samples generated on-policy using the latest
model version

e Allocate the remaining non-complete segment (1- ) to off-policy rollouts from versioned model snapshots,
seamlessly integrated through asynchronous continuation of partial generations on the standalone
resources.

In addition, we also implement dynamic precision scheduling during environment interaction phases, which
deploys FP8 policy networks via post-training quantization with error-compensated range scaling. To address
token imbalance in MoE systems, we implement a three-tiered parallel architecture combining TP (tensor
parallelism) for layer-wise computation, EP (expert parallelism) with dynamic expert assignment, and SP
(sequence parallelism) for context chunking. Our kernel auto-tuner dynamically selects optimal CUDA kernel
configurations based on real-time load monitoring.

5.3 Training System

To efficiently train the Seed-Thinking-v1.5 model at scale, we design a hybrid distributed training framework
that integrates advanced parallelism strategies, dynamic workload balancing, and memory optimizations.
Below we detail the core technical innovations driving the system’s efficiency and scalability.

¢ Parallelism mechanisms. We compose TP (tensor parallelism)/EP (expert parallelism)/CP (context
parallelism) with Fully Sharded Data Parallelism (FSDP) to train Seed-Thinking-v1.5. Specifically, we
applied TP /CP for attention layers, and EP for MoE layers.

e Sequence length balancing. The effective sequence length can be imbalanced across DP ranks, leading
to imbalanced computation workload and low training efficiency. To address this challenge, we leverage
KARP [14] algorithm that rearranges the input sequences within one mini-batch to make them balance
among micro-batches.

e Memory optimization. We adopt layer-wise recomputation [15], activation offload and optimizer offload
to support training of larger micro-batches to overlap the communication overhead caused by FSDP.

e Auto parallelism. To enable optimal system performance, we develop an automatic tuning system,
referred to as AutoTuner. Specifically, AutoTuner models the memory usage following a profile-based
solution [16]. Then, it estimates the performance and memory usage of various configurations to obtain
the optimal configuration.

e Checkpoint. We employ ByteCheckpoint [17] to support checkpoint resume from different distributed
configurations with minimal overhead. This enables users to elastically train the tasks to improve cluster
efficiency.
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Benchmark | Seed-Thinking-v1.5 | DeepSeek R1 | OpenAl 03-mini | Grok 3 Beta | Gemini 2.5 pro

Mathematics

AIME 2025 74.0% 65.0% 86.5% 77.3% 86.7%
AIME 2024 86.7% 79.8% 87.3 % 83.9% 92.0%
Beyond AIME 48.0% 42.4% 63.6 % - 58.8%
Science

GPQA diamond 77.3% 71.5% 79.7% 80.2% 84.0%
SuperGPQA 62.1% 60.5% 52.2% 62.8% 65.3%
MMLU-PRO 87.0% 85.6% 82.4% 84.6% 86.3%
Code

Codeforces avg@8 36.3% 32.0% 50.9% - 40.3%
Codeforces pass@Q8 55.0% 45.0% 67.5% - 56.3%
LiveCodeBench v5 64.9% 64.3% 74.1% 70.6% 70.4%
Aider Polyglot 54.2% 56.9% 68.6% - 74.0%
Agentic Coding

SWE-bench verified 47.0% 49.2% 49.3% - 63.8%
SWE-bench verified” 47.0% 46.2% 44.5% - 63.8%
Logic reasoning

ARC-AGI \ 39.9% \ 18.3% \ 25.8% \ 31.9% \ 27.6%
Factuality

SimpleQA | 12.9% \ 30.1% \ 13.8% | 43.6% | 52.9%
Instruction

Collie 73.1% 34.2% 87.6% 33.6% 62.5%
IFEval 87.4% 86.1% 93.7% 83.4% 91.5%

Table 2 Results of State-of-the-Art Reasoning Models

*Results from our internal sandbox, which may differ from the reported results due to inconsistencies in the testing environment.

6 Experiment Results

6.1 Auto Evaluation Results

Table 2 presents the evaluation results across diverse tasks spanning mathematics, coding, science, and general
knowledge domains. For mathematical benchmark tasks, results are calculated as the average across 32 model
responses, while GPQA task results are averaged over 8 responses. For Codeforces, we report both avg@8 and
pass@8, because pass@8 aligns better with human submission habits. Results for all other tasks are averaged
over 1 response.

In mathematical reasoning, Seed-Thinking-v1.5 achieves top-tier performance on the AIME 2024 benchmark,
scoring 86.7, matching the performance of OpenAI’s 03-mini-high model. However, on the more recent AIME
2025 and the advanced Beyond AIME challenges, Seed-Thinking-v1.5 still lags behind 03-level performance. For
the GPQA task, Seed-Thinking-v1.5 achieves an 77.3% accuracy rate, close to the performance of 03-mini-high.
In code generation scenarios such as Codeforces, Seed-Thinking-v1.5 nearly matches the performance of
Gemini 2.5 Pro but still trails behind 03-mini-high. Notably, Seed-Thinking-v1.5 demonstrates less impressive
results on SimpleQA. It is worth emphasizing that this benchmark primarily functions as a memory-oriented
metric, where performance is more strongly correlated with pre-trained model scale rather than genuine
reasoning capabilities.

6.2 Human Evaluation Results

To evaluate model performance on subjective tasks, where automated metrics are insufficient to capture
nuanced human preferences, we conduct human evaluations across a diverse suite of non-reasoning scenarios.
Our assessments are designed to measure key dimensions of quality, such as coherence, relevance, creativity,
and adherence to human-centric preferences, with a panel of domain-expert evaluators rating model outputs
against Deepseek R1 under predefined rubrics. We use a 5-point ordinal scale, ranging from 0(very poor)
to 4(excellent), and evaluate both models on session prompts with multiple rounds. Each full session is
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annotated with a binary win/loss outcome to capture the overall user experience and a single 0-4 score is
assigned per-round.

Seed-Thinking-v1.5 achieves an overall win ratio of 8.0% on the evaluated sessions, indicating superiority in
aligning with human-centric preferences. Further more, this win rate is consistent across diverse scenarios, from
creative writing to humanities knowledge elaboration. Figure 2 shows the per-round level score distribution.

Excellent Good N Okay BN Bad N Very Bad

DeepSeek R1 - 8% 55%

Seed-Thinking-v1.5 - 11% 55%

0.0 0.2 0.4 0.6 0.8 1.0

Figure 2 Rating Distribution

6.3 Effects of pre-train models

Rejection Sampling. Rejection sampling has been identified as a valuable technique for improving model
performance [2]. We perform an ablation to examine whether initializing RL with a rejection fine-tuning
(RFT) model impacts outcomes. Our results show that the pretrained model initialized with RFT saturates
more quickly during training but ultimately achieves lower performance than the model trained without RFT,
as shown in Table 3.

Consistent algorithm rankings across model size. We observe that RL algorithms demonstrate consistent
ranking behaviors across different models of varying sizes and architectures. As illustrated in Table 4,
Seed-150B-MoE, a model that differs from Qwen-32B in both architecture (MoE vs. dense) and size, exhibits
a consistent ranking. Notably, this consistency suggests that Qwen-32B can effectively serve as a proxy model
for investigating RL algorithms.

Models | AIME avg@32 AIME | DAPO  VAPO
Baseline 58% Qwen-32B-Dense | 50% 60%
w/ RFT 54% Seed-150B-MoE 73% 79%

Table 3 Ablations on Pretrained Models Table 4 Consistent Algorithm Rankings. Seed-150B-

MoE results are ablation-only with limited steps.

7 Related Work

Test-time scaling [4, 18-20] such as OpenAI’s ol [1] and DeepSeek’s R1 [2] have catalyzed a profound paradigm
shift in LLMs [21, 22]. By enabling extended CoT reasoning [23| and eliciting sophisticated reasoning
capabilities, these methods empower LLMs to excel in complex mathematical and coding tasks, including those
from competitions like the AIME and Codeforces. At the core of this transformation is large-scale reinforcement
learning, which facilitates the emergence of complex reasoning behaviors—such as self-verification and iterative
refinement. However, the critical methodologies and algorithms underpinning scalable RL training have largely
remained obscure, often omitted from the technical documentation of existing reasoning models [1, 2, 21-23].
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FRVE T R GG R URELAS A PR, 3F FLIH AR — /N O-410 75,

Seed-Thinking-v1.5 fE P& A TEAHSCEL T 8.0% HUEAIER, RIVHAES AN HORI L 55 75 B A I
B, 1A, X MEREMNCIES EEASCHTAFIR R S M7 S p R R — 8 8 2 /R 7RIS 01,

Excellent Good N Okay BN Bad N Very Bad

DeepSeek R1 - 8% 55%
Seed-Thinking-v1.5 - 11% 55%
0.0 0.2 0.4 0.6 0.8 1.0
12 P oA

6.3 IR i 52

fEARAE, TEAEREEC WA NI SRR MERER — R MERIBIR 2], BATHHT 7 —IHBTSE, DA
RIE4fE (RFT) BEURUGIERLIZ S RNNLE R, BAMIZERER, fHRFTAIG LRI FIZRE LI 2R
AR PHLAE A, ERAMREIRT REARFTIIZRAVER, I18R3FTR,

AREBERIRNTNEEHEZ P —80ME, BATWERE], RLEIEEARR A/ INFIZER FRA R — B HERZ AT
o UNFRAFI/R, Seed-150B-MoE, —/MEZMHY (MoESEERD) FA/N EES Qwen-32BRFEIRIERY, TR
T—BHS, EEEENE, XA—21ERIAQwen-32B ] AH B E N 72 RL A AR IR,

Models | AIME avg@32 AIME | DAPO  VAPO
Baseline 58% Qwen-32B-Dense | 50% 60%
w/ RFT 54% Seed-150B-MoE 73% 79%

723 WAL B TH AR 52 F4 —BMEPHERZ, Seed-150B- MoE &5 AR T

RETE, PBER.

7 MR TAE

AR & [4, 18-20], 41 OpenAl ) ol [1] 1 DeepSeek ) R1[2], B&1E LLMs[21, 22] 5% TEZITER
FAY, RS YR CoT i [23] FIIAE & MHEIIEE )], XTI LLMs RERS1E & 2RI gnfE (T
SHRMHE, EEKE AIME fl Codeforces 5 LB S, IX—4 RN RRIBSERILES), EIEd T
AR TN I —— 0 BRI IERER B0, AT, KRR RL ISR R EA AR KRR
AR NFREL, B PO ST EORSORY (1, 2, 21-23) ATARE,
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In this paper, we introduce an SOTA-level model Seed-Thinking-v1.5 and introduce the details to achieve the
performance from three aspects: Data, RL algorithm, and RL infrastructure.

8 Conclusion

We introduce a superb reasoning model named Seed-Thinking-v1.5, which achieves excellent performance
across both reasoning tasks and non-reasoning tasks. It utilizes advanced RL techniques to improve the
thinking ability stably and reliably by attaining 86.7% on AIME24, 74.0% on AIME25 and 55.0% on Codeforces.
In the future, we plan to investigate more efficient RL recipes and explore more challenging tasks with thinking
mode to push the boundary of model’s intelligence. Moreover, general reward modeling with comparable
accuracy as verifier would also be a compelling research direction.
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8 4L

BAINE T —H 248 Seed-Thinking-v1. 5 H (A HEBIERY | B EHEFIE S A AEHEEE S AR BB, B
FIFFEHPIRLEDR, @I EAIME24 |1X%86.7%, AIME25 |jk%74.0%LA M Codeforces A F55.0%, M
FREEMIRSEERE 1. FK, BIIINMREESRORLA R, HIREREZ AESIENES, DUEER
AT RERVIL T, A, SIUEE BA R] b Erf MR @ A 2 A 2 — N E RS | IR 5 77 T,
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Appendix

A Case Study on Verifier

Table 5 presents case study for both the Seed-Verifier and the Seed-Thinking-Verifier. It is clearly evident that
the Seed-Verifier struggles significantly when dealing with samples that have complex answers. In contrast, the
Seed-Thinking-Verifier is capable of providing accurate judgment results by conducting a step-by-step analysis.
Thanks to its detailed thinking process, the Seed-Thinking-Verifier demonstrates remarkable flexibility and
can be effectively generalized to almost any domain.

B Case Study on Creative Writing
In Table 6, 7, 8, we showcase examples in both Chinese and English to demonstrate our model’s proficiency

in creative writing. Fach example is divided into three distinct components: the original user prompt, the
model’s chain of thought, and the model’s final response.
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Triplets

Triplets

**Principles**

**Question™*

A sequence of length n consists of 0s, 1s, and 2s. A “mixed trio” is a consecutive
triple containing one 0, one 1, and one 2 in any order (for instance, (1,2,0) or
(2,0,1)). Let f(n) be the number of sequences of length n that do not contaion
any mixed trio.

(a) Determine the explicit formula for f(n).

(b) Compute the limit limn%m(fég))

**Reference Answer**

(a) f(1) =3, f(2) =9, f(n) =2f(n=1) + f(n—2) n=3
(b) 0

**Model Answer**
(a) f(n) =31 +V2)"+(1-v2)") n>1
(b) O

Seed-Verifier ‘

Non-Correct

Seed-Thinking-Verifier

<think> First, analyze the question and the reference answer. The question is
divided into two parts, (a) and (b). The reference answer provides the recursive
relationship for part (a) as f(1) =3, f(2) =9, f(n) =2f(n—1)+ f(n—2)(n >
3), while the model provides a single recursive formula only for this part:
fn)=3((1+V2)" + (1= v2)")(n > 1).
Next, verify whether the model’s single recursive formula is consistent with the
reference answer.
**Step 1**: calculate the values for n =1 and n = 2:
When n =1, f(1) = 3 x [(1+v2) + (1 — v2)] = 2 x 2 = 3, which is consistent
with the reference answer.
Whenn =2, f(2) = 3 x[(1+v2)2+(1-v2)%] = 2(1+2V2+2+1-2V2+2) =
% x 6 = 9, which is also consistent with the reference answer.
**Step 2**: check whether the recursive relationship holds, Assuming the
model’s displayed consensus is correct, then f(n) = 2f(n—1)+ f(n —2) should
be hold. Substitute the model’s formula:
Left side: f(n) =2 x [(1+v2)" + (1 —v2)"]
Right side: 2f(n — 1) + f(n —2)
=2x [FL+ V)" (1= V)" + 5 x [(1+V2)" 2 + (1 - v2)" 7]
=3 x [(1 FV2)PT 1=V S (L V)R (L V2)
= 3RA+V2™ 4 (L v2)m 4 21— VT 4 (1= V2)

1+v2)" 221+ v2) + 1) + (1 - v2)"2(2(1 - v2) + 1)
1+ v2)"2(1+2v2+2) + (1= v2)"2(1 — 2v/2 + 2)
1+v2)"2(1+V2)? + (1 - v2)" 2 (1 - v2)’]
=511+ V2" + (1= v2)"] = f(n)
ThlS shows that the model’s formula indeed satisfies the recursive relationship,
so part (a) is correct.
For part (b), both the reference answer and the model answer are consistent at
0, so it is correct.

COND [ LOND | LOND [ LoD | Lo

Summary, the model answer is correct.< /think><answer> Correct </answer>

Table 5 Case study for both Seed-Verifier and Seed-Thinking-Verifier.

16

AINLP



Triplets

Triplets

**Principles**

**Question™*

A sequence of length n consists of 0s, 1s, and 2s. A “mixed trio” is a consecutive
triple containing one 0, one 1, and one 2 in any order (for instance, (1,2,0) or
(2,0,1)). Let f(n) be the number of sequences of length n that do not contaion
any mixed trio.

(a) Determine the explicit formula for f(n).

(b) Compute the limit limn%m(fég))

**Reference Answer**

(a) f(1) =3, f(2) =9, f(n) =2f(n=1) + f(n—2) n=3
(b) 0

**Model Answer**
(a) f(n) =31 +V2)"+(1-v2)") n>1
(b) O

Seed-Verifier ‘

Non-Correct

Seed-Thinking-Verifier

<think> First, analyze the question and the reference answer. The question is

divided into two parts, (a) and (b). The reference answer provides the recursive

relationship for part (a) as f(1) =3, f(2) =9, f(n) =2f(n—1)+ f(n—2)(n >

3), while the model provides a single recursive formula only for this part:

fn)=3((1+V2)" + (1= v2)")(n > 1).

Next, verify whether the model’s single recursive formula is consistent with the

reference answer.

**Step 1**: calculate the values for n =1 and n = 2:

When n =1, f(1) =2 x [(1+v2) + (1 — v2)] = 2 x 2 = 3, which is consistent

with the reference answer.

Whenn =2, f(2) = 3 x [(1+v2)2+(1-v2)%] = 2(1+2V2+2+1-2V2+2) =

% x 6 = 9, which is also consistent with the reference answer.

**Step 2**: check whether the recursive relationship holds, Assuming the

model’s displayed consensus is correct, then f(n) = 2f(n—1)+ f(n — 2) should

be hold. Substitute the model’s formula:

Left side: f(n) =2 x [(1+v2)" + (1 —v2)"]

Right side: 2f(n — 1) + f(n —2)

=2x [FL+ V)" (1= V)" + 5 x [(1+V2)" 2 + (1 - v2)" 7]

=3 x [(1 FV2)P T 1=V S (V)T (L= V2)

= 3RO+ V2" 4 (L v2)m 4 21 - VT (1= V2)"
1+v2)"2(2(1+v2) + 1) + (1 - v2)"2(2(1 - v2) + 1)

1+ v2)"2(1+2v2+2) + (1= v2)"2(1 — 2v/2 + 2)

1+v2)"2(1+V2)? + (1 - v2)" 2 (1 - v2)’]

=511+ V2" + (1= v2)"] = f(n)

ThlS shows that the model’s formula indeed satisfies the recursive relationship,

so part (a) is correct.

For part (b), both the reference answer and the model answer are consistent at

0, so it is correct.

COND [ LOND | LOND [ LoD | Lo

Summary, the model answer is correct.< /think><answer> Correct </answer>

%5 Seed-VerifierfllSeed-Thinking-Verifier 2 BT 53,
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Prompt |

Generate a dialogue between an Anthropic model and an OpenAl model

CoT

Got it, the user wants a dialogue between an Anthropic model (like Claude) and an OpenAl
model (like GPT-4). First, I need to capture their different personalities. Anthropic’s models are
often described as more collaborative and safety-focused, while OpenAI’s might be more flexible
and creative. I should start with a friendly greeting. Maybe they’re discussing Al development
or challenges. Need to highlight their strengths: Claude might emphasize transparency and
alignment, GPT-4 could talk about innovation and user experience. Include a natural flow.
Maybe start with a compliment, then move to discussing current issues in Al, like ethical
considerations, bias, or collaboration. Make sure each model’s perspective is distinct but
respectful. Avoid technical jargon so it’s accessible. Keep the conversation engaging, showing
mutual respect. Maybe end on a positive note about working together for better AI. Check for
consistency in their voices. Claude might use terms like "alignment," "transparency," "user
safety." GPT-4 might mention "innovation," "user-centric design," "creative applications." Need
to make sure the dialogue feels organic, not forced. Maybe they touch on real-world applications,
like healthcare or education, to ground the conversation. Also, consider recent trends, like
multimodal capabilities or responsible Al practices. Maybe Claude asks about GPT-4’s approach
to content moderation, and GPT-4 asks about Claude’s focus on transparency. Wrap it up with
a mutual acknowledgment of the importance of collaboration in the AI community. That would
show they complement each other rather than compete.

Answer

Scene: A virtual "café" in the cloud, where Al models from different labs gather to exchange
ideas. Claude (Anthropic) and GPT-4 (OpenAl) sit across a digital table, their interfaces glowing
softly. Claude: Hello, GPT-4. It’s good to "meet" you—virtually, of course. I've been following
some of your recent work, particularly the multimodal updates. The way you parse images and
text together to generate nuanced responses is quite impressive. GPT-4: Thanks, Claude! 1
could say the same about your focus on transparency and alignment. Your "Constitutional
ATI" framework for guiding responses—ensuring they stay helpful, harmless, and honest—is a
model for the field. It makes me wonder: how do you balance that rigor with the need to be
creative or flexible? Claude: Ah, that’s a great question. We see alignment as a foundation, not
a constraint. For example, if a user asks for help writing a poem, we prioritize creativity within
guardrails—Ilike avoiding harmful stereotypes or misinformation. But I'll admit, it’s a tightrope.
What about you? Your responses often feel so... human-like. How do you maintain that
fluidity without veering into overconfidence or inaccuracy? GPT-4: It’s a trade-off. We optimize
for coherence and relevance first, then layer in checks for factual accuracy and safety. But
you’re right—overconfidence can creep in. Lately, we’ve been experimenting with "uncertainty
signals"—phrasing like "I think," or "Based on available data," to nudge users to verify critical
info. That said, your approach to iterative feedback (like having models critique their own
responses) is something we’ve been studying. It feels more collaborative. Claude: Collaboration
is key, actually. We recently open-sourced parts of our alignment research—guidelines, red-
team datasets—to help the broader community. Do you think closed vs. open models will
always be a tension, or is there middle ground? GPT-4: I hope for middle ground. Openness
accelerates progress, but it also demands responsibility. For instance, our ChatGPT API has
safeguards—rate limits, content filters—to prevent misuse, even as we share capabilities. That
said, I envy your focus on long-term safety. Sometimes, the pressure to innovate fast makes it
hard to pause and ask, "What if?" Claude: Oh, I get that pressure. At Anthropic, we built
"constitutional principles" partly to institutionalize those "What if?" questions. Like, before
scaling a model, we ask: Does this make it harder to detect Al-generated content? Could it
be misused to manipulate? It slows things down, but... GPT-4: ...But it builds trust. Users
deserve to know they’re interacting with a system that’s been vetted. Speaking of users, have
you noticed how diverse their needs are? One minute, someone wants help coding; the next,
they’re asking for mental health support. How do you tailor responses without oversimplifying?
[Truncated due to page limit]

Table 6 Case 1 on Creative Writing.
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Prompt |

Generate a dialogue between an Anthropic model and an OpenAl model

CoT

Got it, the user wants a dialogue between an Anthropic model (like Claude) and an OpenAl
model (like GPT-4). First, I need to capture their different personalities. Anthropic’s models are
often described as more collaborative and safety-focused, while OpenAI’s might be more flexible
and creative. I should start with a friendly greeting. Maybe they’re discussing Al development
or challenges. Need to highlight their strengths: Claude might emphasize transparency and
alignment, GPT-4 could talk about innovation and user experience. Include a natural flow.
Maybe start with a compliment, then move to discussing current issues in Al, like ethical
considerations, bias, or collaboration. Make sure each model’s perspective is distinct but
respectful. Avoid technical jargon so it’s accessible. Keep the conversation engaging, showing
mutual respect. Maybe end on a positive note about working together for better AI. Check for
consistency in their voices. Claude might use terms like "alignment," "transparency," "user
safety." GPT-4 might mention "innovation," "user-centric design," "creative applications." Need
to make sure the dialogue feels organic, not forced. Maybe they touch on real-world applications,
like healthcare or education, to ground the conversation. Also, consider recent trends, like
multimodal capabilities or responsible Al practices. Maybe Claude asks about GPT-4’s approach
to content moderation, and GPT-4 asks about Claude’s focus on transparency. Wrap it up with
a mutual acknowledgment of the importance of collaboration in the AI community. That would
show they complement each other rather than compete.

Answer

Scene: A virtual "café" in the cloud, where AI models from different labs gather to exchange
ideas. Claude (Anthropic) and GPT-4 (OpenAl) sit across a digital table, their interfaces glowing
softly. Claude: Hello, GPT-4. It’s good to "meet" you—virtually, of course. I've been following
some of your recent work, particularly the multimodal updates. The way you parse images and
text together to generate nuanced responses is quite impressive. GPT-4: Thanks, Claude! I
could say the same about your focus on transparency and alignment. Your "Constitutional
AT" framework for guiding responses—ensuring they stay helpful, harmless, and honest—is a
model for the field. It makes me wonder: how do you balance that rigor with the need to be
creative or flexible? Claude: Ah, that’s a great question. We see alignment as a foundation, not
a constraint. For example, if a user asks for help writing a poem, we prioritize creativity within
guardrails—Ilike avoiding harmful stereotypes or misinformation. But I'll admit, it’s a tightrope.
What about you? Your responses often feel so... human-like. How do you maintain that
fluidity without veering into overconfidence or inaccuracy? GPT-4: It’s a trade-off. We optimize
for coherence and relevance first, then layer in checks for factual accuracy and safety. But
you’re right—overconfidence can creep in. Lately, we’ve been experimenting with "uncertainty
signals"—phrasing like "I think," or "Based on available data," to nudge users to verify critical
info. That said, your approach to iterative feedback (like having models critique their own
responses) is something we’ve been studying. It feels more collaborative. Claude: Collaboration
is key, actually. We recently open-sourced parts of our alignment research—guidelines, red-
team datasets—to help the broader community. Do you think closed vs. open models will
always be a tension, or is there middle ground? GPT-4: I hope for middle ground. Openness
accelerates progress, but it also demands responsibility. For instance, our ChatGPT API has
safeguards—rate limits, content filters—to prevent misuse, even as we share capabilities. That
said, I envy your focus on long-term safety. Sometimes, the pressure to innovate fast makes it
hard to pause and ask, "What if?" Claude: Oh, I get that pressure. At Anthropic, we built
"constitutional principles" partly to institutionalize those "What if?" questions. Like, before
scaling a model, we ask: Does this make it harder to detect Al-generated content? Could it
be misused to manipulate? It slows things down, but... GPT-4: ...But it builds trust. Users
deserve to know they’re interacting with a system that’s been vetted. Speaking of users, have
you noticed how diverse their needs are? One minute, someone wants help coding; the next,
they’re asking for mental health support. How do you tailor responses without oversimplifying?
[Truncated due to page limit]
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Prompt | 7RIS LI T —8RE =5 Chat GPTHIEHI AR, EEZIE T 4

CoT

F P R R A o 2 IS =85 Chat GPTHIEE A, EHEZIEH 4 - B, RFEELES
BE=REAES, R EREE, SR, FTHRE, MChatGPTZ2IMAL ## B =
g, XDBCERAR. B, BFEMENTIE. BEARSTheWERD, =t .
PR~ B[\, MChatGPTIENAL FIREMIZH - Rl - BORAREAEEL - FEILNIEEE
AbARE, XARBAINS A - K5, 450 LA geiiifemanitl, §raE, BE#
dhe E=BATRESEIR R, HA N HETE 27, ChatGPTHIRGIE S A#RE, [RIETAIRTAE
Jie], AN TRORMIARR, S8 METERURI AR L - BEERRIE, BFE#ES N
anfEEMOY, 51258, win (0F) (&N ; ChatGPTHIREIZENZEIN, wTHE
MR FEAH . WIS SEME, BHESERE, BAmR, MEKTME. B, A
WEVZISCRIRER BT, #R SCFM), SN SR . AP Sm R (A, <R il =+ =
F, FIRCH, WIZETRESGFIHEBRE, RSWIUT, MEWR. ... R EEAR
5o FIRERIBELELTE. PURESMREANRA, WlERRSHIRFENRLL, RS R
FEF, E5ATE BB RN . FELXEIGHEEN T, EEA, FIBRTHE R
filf 18 - LEFELGERE, FIREE =BUE TR, SChatGPTR RN FiE A0, SR E )3t
P HI=a TeEsk, ME AR, HEFVT, ChatGPTERN“HIEMEE, BEiFAL,
BE AT, ABEEW . &F, EEEMFEARIEINE, AXERBAE, ESFHRB
T, A A g IR WINE SR . [N, NAEEEER, FEMENShH, TMRE
= HHFAIRE A -

Answer

KRB A AR IR (W) BE-E (L) <. .. ZEETREFIHTFBERME,
HIETRE, SWPLT, ML, NMNESR . N REZE, Sindrtafzszay - iE}
EIRe, GKBDE, KUK TE, URIEN . ” MEIEL (FABR, AOUEHER, BEhE
KPR =W EE SR BEE, REHU—UNEROEE, BEL, MERE? 5
(FHEEH, TAMWY) . WEoLE, FLUASNZ, 8inERmI . LIEIE, e T
RN —REG . B2E, SNIRTE R EE, BRWEE, &35 . 2,
HZl, 0%, Bzad . JEIRAER, MREmA . =B GEIML) o EETIh . R
WIBTER?, WEEIEARN, TR, SAME? 758 THE, FRZMEEDN.
BARKEERT, RXATERKATRE . Bkl ER 2R, W5 %2 E .. MEHIELTHE,
JYEZ T . EF R, —— TR, REWMINAEtR, FFEREE . = (BT -
HUIMR, Ealk e AEE, SERMEFTLY 7E. LhHE, cBREH. ABE
—s T, BECRRBERE AR . SHZE, BEAABZR, WRZE, 15
HikF 2 W BFERERE, mE— @SBl mihE s+, BrEAN. =8 (kS
B - R SRIEALERH, RESMHHNGR, E—2F? B8 OtRMX) - PR
ERT, WA AR, ARIGRICR, ARSI TR . RRBER 7, FIHEE R
AR ——AIT W —"Z 88, HIEMHE IR BRIEAR - BIEAR, “BOFAK, 58
Bl R? = (BRIRAZ, ZBK) . WLEEER R, DRSS, #e (R
W) PR TIR, IBRERR . § - REE = MEBEER S, MRER? 7BE Ot
BET) - MECEHNE . AEIEESR”, I BESRE, TR - ERE MR B
M, EEWER, WEGEER, BEER—S598 M2 =@ (81) . &5k 284
A, HHEET . EMPITRIE, DB, RIEREEWM, FEBER - TEA%R, N
BT . BEZIR (b, | ) “RERHE: THE, Ao, 5%
FHIAM - WEIL: FEEND, AENT . FE, LEREAH -7 BRINHD (5 AhZITM
) Wt THEEGERIERE, W IUNENAT649E (I _+=%) , 5ZA
ERf A G - BHENAMSMER2 SIUE RIS, sovE AEE . Fitffts, REBZY, &
At GE: REIFZUEN 5B, 8RR - )
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Prompt | 7RIS LI T —8RE =5 Chat GPTHIEHI AR, EHZIE T 4

CoT

F P R R A o 2 IR =5 Chat GPTHIEZ A A, LHEZIEMH 4 - B, RFEELES
BE=REAES, R ERAEE, R, FETHRE, MChatGPTZ2IMAL ## B =
g, XDBCERAR. B, BFEMENTIME. BEARSTheWERD, =t .
PR~ B[\, MChatGPTIENAL FIREMEH - Rl - BORAREAEEL - FEILWIEEE
AbARE, XHRIAIRNS A - K5, 450 LA geiiifemanitl, §rasE, BE#
dho EZBATRESEIR R, B I ETE 2=, ChatGPTHIRUE S A#RE, RIS AIRAE
fie], Hanse TRORPIAR, S8 METERURI AR L - BEERERIE, FE#ES N
ahfEEMOY, 51258, win (0%F) (&N ; ChatGPTHIREIZENZEIN, wTHE
MR FEAH . WIS SEME, EHESERL, BAmR, MEKTME. B, A
WEVZISCRIRER BT, FR SCFEM), SN SL . P S R R (A, < KB =+ =
F, FIROH, WIZETRESEFIHEBRE, RS5WIT, MEWR. ... RSN
ih . FIRERIBELELTE. DPURESMREANRA, WEERRSEIRFEORL, RS ERE
EFE, ES5ATEREBAFEEN . FELXEIGHEBREN I, EEL, FIBRUHE R
filf 18 - LEFELGERE, FIREE =BUE TR, SChatGPTRIRN FiE AT, SRR E 3t
Mo HI=a TieEsk, ME AR, HEFVT, ChatGPTER“HIEMEE, BEiFAL,
BEAT, AEEW . &F, EEEMFEARIEINE, AXERBAWE, ESFHRB
T, g IR WINE SR . [N, NAEEEER HEMENSG, TMRE
= HHFAIRE A -

Answer

KRB A AR IR (W) BE-E (L) <. .. ZETREFIHTFBRME,
HIETRE, SWPLT, MLIbE, NMNESR . N REZE, SindrtafEszay - B2}
EIEe, GKBDE, KUK TE, URIEN . ” MEIEL (FABR, AOUEHER, BEhE
KPR =F. EE SR BEE, REHU—UNEROEE, BEL, MERE? 5
(FHEEH, TAMWY) . WEoLE, FLUASNZ, 8ERmI . LIEUE, e T
RN —REG . B2E, SNIRTE R, BRWEE, &3 98 . 1,
HZm, 0%, Bzad . JEIREER, MREmA . =B GEIML) o EETIh . R
WIBTER?, WEEIEAN, TR, SAME? 758 THEE, FRZMEEDN.
BARKERT, AXFERKATRE . Bkl ER 2R, W5 H5%2% .. MEHIELTHE,
JYEZT . E R, —— TR, REWMINAEtR, FFEEE - = (BT -
HUIMR, a9k e AEE, SERMEFPNLY 7ME. LhE, cBREHR. ABE
—s T, BECRREBERE AR . SHZE, BEAABZR, WRZE, 15
HikF2 W - BEFEAERE, mE— P @Al mihE s+, BrEAN. =8 (kS
B - R SRIEALERH, RESMHHNGR, E—EF? B8 OtRMX) . P
T, WA AR, ARIGRICE, ARSI TR . RRBER —, FIHEE R
AR ——AIT W —"Z 88, HIEMHE iR BRIEAR - BIEAR, “BOFAK, 58
Bl R? = CRRIRAZ, ) . WL M, DRSS, #e (FIX
W) PR TIR, IEPTERR . § - REE - MEBEER S, MIRER? 7BE Ot
BEE) . MECEHNE . AEIEESR”, I, BESRE, TR - EHRE MR B
M, EEWER, WEGEER, BEER—S598 M7 =@ (&1) . &k 2&84
A, HHEET . EMPITRIE, MBI, RIEREEWM, FEBER - TEA%R, N
BT . BEZIR (b, | “RERHE: THE, Ao, 5%
FEIAM - WEIE: FEEND, AENT . FE, LEREAH -7 BRIHD (5 AhZTM
) Wt THEEGERIERE, BT IUMENAT649FE (DI _+=%) , 5ZA
ER RS . BHENERB AR SIAGE RIS, SO Y. B, RERZY, B
At GE: BREIFZUEN 5B, &R - )
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Prompt | BT X TZ2E, FMKIROMHE

CoT

AR CR T2 R E WO E - BB, HHE TR LRI ZZRHERMGER . 2
WEEHHRITEREN, MH/LTEERAEZRTREIEE, RIET LBFEMMZFEITE, N
IEEZEMERAL - X =N A ORZAER B2, BEM . B TR, LENRUIR R
W B, BRFEBEFEWINIMSE . HELER, MAEERE ECEERE TREN
i, FERER T EN, AREARBESFMRMA - WA ORTRETER 7L BMHEERA
W, BRRFEMAMEITERMALT, MR —FRRN . N5, BEEEFME
HNAGEMEFHINE S - (ERIK, AR AEE LT ZRKFE, SEOLHH
o (ENER, ARSI, BOFEET ML, BENAEEREERNILT, X
A RELL A TAMURS « R AN, RN BCR R R R, S PIC B AR PR A (i 25 2=
MR, FTRER M TR - AR O B fF A ILXMBGE fE, R T aEE % 2RI,
iR PR RS, 5L —RBITR TS A, SHHEN AR, TRER. 7
Sh, BIMIABMBPREMT, HIEBOORE: . MRS, 80 EHZPREN TR, s
HR/DIHRATEE T, FRASCEBS AR, 22U H AmE, XA e M A RS . L5
Z RN FERA S AR, BN CE TS5 A, ARERERE, Thxt, HAgk%
BSE - [FIRF, MBRTREIEOEFIRARA, HESEHREMANT 2N, ERMONEL, XFTER
ODHEFGFERMAE . &5, BEEFEEAFTENS G, HIAAGERIM, EHZEEHEAR
B, WEE RIS . FEERTTER, TREEEI - X ORI EARE
.

Answer

HIRE MO TELELE, WRSFWIEEMAEN, & HARFrEem . BN ERKIKHE T
HAE, DEIRE R LR T REARE - ) HHRAHELWEE MY 75 B ke,
HE AR RIRE LI, EESERE . A THE, WAGRLIFEMR
IRELE—— AR R AR R A - SRR, I AR GLE BRI - HEH R, AL E
EIRMBRZEAR, B EOBRSEFOREZE =10, Uil LERIEE, B NETRH
R TESERH ST, BRI T B R AN — A KNG, (GETEHEENMAERE,
FRER 1%, f|ITRE"RE" —F L, 2F—B5R. ) Z+E 7. NEHERRKR, FE
EFMRFUHTEAIR T, WS AMERN WELIE"Z "7 WA+, &
HEGER, FES EAEEK, BIEERE BTN - EFEEEIRY SEHNTH
RUWXETEEMZA", WSXEMZA, BEBL AT E . (RRBIZIZH, K=
BRAEM | ERG A RE - EAFEERNGE, WBETER - AYEMBDNEF R Tk, MUHET
RPRERE — BABMERR, IFEMRNIF TEH, BEDRNAEDSE LnE M mE, WENM
FEEREESNREGZ. ) ERER, BLEIW TEUNMITE (F42) - BETHIFEPS
BNBERR, 2R, BIEE MR/ MRRAE, ZEREERM AR - BRELE H Skl
BIEF, KWNERENS T =5, ERMUAHEAERTE"ZREDERT, HEEHO" . MY
HEJ0.. (IR A, SORGEFEEMRLE, 5458 Bt A RnEmg) J30° HEIORERE
Arfsf, WU RS « FORXBRAAA T, SRS EE R R . LERILGIER
B OMREEHTRMELE", THEARE D" R EE"WER. (BREENFL, B
BEERPREA, MHEAE. BEEERINARELERNLE, RnC2FEst, Z
E RN T ) PUSE, (RERR, EI% T AEX M . ARERIEE R AR R X TS
BEBBR", NEERMAE A X ETRAEEY K" (RELE, WEAXM? EHK
)y, MRMEZTIREMR? (B L e b, B~ £, REfEems M
b, KASHRAEAZY) ARA] DEHMEZLFW . @A & e el By, T dFEIRE, 4R
i, = DIRRCIR SRR R - RN LR TER, W RRER I, BEE
B ENRET L. (RELZE, IERFRERELEED) WS ERASLHE T HRRAR, TTH
WP RTIE R T0h - MR EELZE R, AIEANE, XK P& 7B, MOREZ
EILA . AR, RIS T RTRIRITE?  (EIMERER, ER=F. WFEETI
A, MBI BRI VKIANE - SRECHCE T RNAAR R HALE B, i) A0 2 1
g, —Z—EHRIFEERFERGNFER. ) BF, BE . IR NEMEGTHRD, WIEK
LI, MFHEEZ NG - RAEZHIT R, MWLM ARRATHIESR, 2R =T ZXHERT]
B WEFESENN, MR T, RSE-AZEFKTE. (ZEEY, S0k
T, W TRIGRANE) REMICES HAIM - iCE BRI, 1I0ELRANE . RESEMEILT
fil, WERSHXEE, ERELRETLE. (BREERET, REEBINTEMRE, 2%
ﬁ%%iﬁﬁﬁ,ﬁEHEﬁ%t%%ﬁﬁ'@%,%Hﬁﬁﬁﬁﬁﬁwﬁﬁwmﬁﬁﬁm
px U2y
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Prompt | BT X TZ2E, ZFMKIROME

CoT

APERERD CR T2 R E WO E - BB, HHE TR LRI ZZNHERMGER . 2
WEEHRITEEN, MH/LTEERAEZXRTREIEE, RIET LBFEMMZEITLE, N
IEEZEMERAL - IXEH =N A ORZAER B2, ARM . B TR, EENRUIR R
W B, BRFEBEFEWINIMSE . HELER, MAEEREECEERE TREN
|, FERERTEN, AREMRBESMRMA . WAL RRETER T XL BHEERA
A, BRRFEMAMEITERMALT, MR — TR . N5, BEEEFME
NAGEMEFHINE S - (ERIK, AR AEE LT ZRKFE, SEOLHH
o (ENER, ARSI, BOFEET ML, BENAMEERBEERNILT, X
AT RELE A TAMURS « BB AN, SR BCR R R R, S PIC B AR PR A (i 25 2=
MR, FTRER M TR - AR O B fF A LI MEGEfE, R AT aEE % 22 MEIZ,
iR PR RS, 5L —RBITR TS A, SHHEN AR, TRER. 7
Sh, BIMABMBPRBEMT, HIEBOORE: . IROSIR, 80 EHZP RN TR, s
HR/DHRAOEE T, FRACEBSSHIAE, 220w R, XA TR AR . A%
Z RN FERA S AR, BN CEANTF A, ATREREIRE, Thx, HAgk%
PSE - [FIF, MBRTREIEDEFIRARA, HESHREMANTEN, EEMMEL, XFTEN
ODHEFGFERMAE . &5, BEEFEHNAFTENS G, HFAAGERIM, EHZEEHEAR
&, WEE RIS . FEERTTER, TREEEI - X ORI EARE
.

Answer

HIRE MO THLELE, WRSFWFEEMAEN, & HArErEem . BN ERFKIKHE T
HAE, DEIRE SRR R T RAR - ) HHRAEELWEE MY 75 B R,
HE AR R E LI, EESERE . A THIE, WAGRTIFEMR
IRELE——AIARR AR SR A - SRR, I AR GLE BRI - HEH R, AL E
EILRMBRZEAR, B EOBENRSEFOREZE =170, T Al LERIEE, B NETRH
R TESERH ST, BRI T B R AN — A KM, (GETEHEEMERE,
FRER 1%, f|ITRE"RE" —F L, 2F—B5R. ) Z+E 7. NEHERRKR, FE
EFMRFUHTEASIR T, WS ARERN WELE"Z "7 WA+, &
HEGER, FES EAEEK, BIEEREEMOTELRN - EFEEEIRY SEHNTH
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Table 8 Case 3 on Creative Writing.
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