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Abstract

Mixture of Experts (MoE) models have emerged as a promising paradigm for scaling
language models efficiently by activating only a subset of parameters for each input
token. In this report, we present dots.llm1, a large-scale MoE model that activates 14
billion parameters out of a total of 142 billion parameters, delivering performance on
par with state-of-the-art models while reducing training and inference costs. Leveraging
our meticulously crafted and efficient data processing pipeline, dots.llm1 achieves
performance comparable to Qwen2.5-72B after pretraining on 11.2T high-quality tokens
and post-training to fully unlock its capabilities. Notably, no synthetic data is used
during pretraining. To foster further research, we open-source intermediate training
checkpoints at every one trillion tokens, providing valuable insights into the learning
dynamics of large language models.

7 14 32 70
Cost (Billion active parameters)

40

50

60

70

80

Pe
rfo

rm
an

ce
 (%

 M
M

LU
-P

ro
)

dots.llm1
Qwen2.5-72B

Qwen2.5-32B

Qwen2.5-14B

Qwen2.5-7B

Llama3-70B
DeepSeek-V2

DeepSeek-V3

Qwen3-235B-A22B

Qwen2-57B-A14B

Best performance/cost
ratio

Figure 1: Performance and cost comparison of open MoE and dense language models. Circles (◦) denote
dense models, while diamonds (⋄) denote MoE models. We benchmark model capabilities using MMLU-
Pro, showing that dots.llm1 achieves comparable accuracy to leading models.
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摘要
专家混合（MoE）模型已成为一种有前景的范式，通过仅激活每个输入标记的部分参数，有效地扩展语言模型。在本报告中，我们介绍了dots.llm1，一种大规模的MoE模型，在总共1420亿参数中激活了140亿参数，性能与最先进的模型相当，同时降低了训练和推理成本。借助我们精心设计且高效的数据处理流程，dots.llm1在经过11.2万亿高质量标记的预训练后，达到了与Qwen2.5-72B相当的性能，并通过后训练充分释放其能力。值得注意的是，预训练过程中未使用任何合成数据。为了促进进一步的研究，我们开源了每一万亿标记的中间训练检查点，为大型语言模型的学习动态提供了宝贵的见解。

图1：开源MoE和密集型语言模型的性能与成本比较。圆圈（◦）表示密集模型，而菱形（⋄）表示MoE模型。我们使用MMLU-Pro对模型能力进行基准测试，显示dots.llm1的准确率与领先模型相当。
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1 Introduction

Large Language Models (LLMs) have undergone rapid advancements in recent years, moving closer to
the goal of Artificial General Intelligence (AGI) as evidenced by substantial progress (OpenAI, 2025a;b;
Anthropic, 2025; xAI, 2025). Parallel to these proprietary developments, the open-source community is
also achieving remarkable breakthroughs (Qwen, 2024a; DeepSeek-AI et al., 2024; Mistral, 2025; AI@Meta,
2024b). These initiatives are making substantial efforts to close the performance gap with closed-source
models, driving forward the evolution of LLMs in the open-source domain.

Mixture of Experts (MoE) (Fedus et al., 2022) is a neural network architecture that divides the model into
multiple expert networks, each specializing in different aspects of the input data. By dynamically routing
input tokens to a subset of these experts, MoE achieves both computational efficiency and scalability.
In recent years, MoE has been widely adopted in the development of large language models (LLMs)
(Jiang et al., 2024; Qwen, 2024b; DeepSeek-AI et al., 2024), enabling them to scale to large-scale model
sizes while maintaining efficient resource utilization. This approach has proven instrumental in pushing
the boundaries of LLM performance, as it allows for the activation of only a fraction of the model’s
parameters during inference, significantly reducing computational overhead. Beyond LLMs, MoE has
also found extensive applications in other domains (Riquelme et al., 2021; Shi et al., 2024; Jawaid et al.,
2024), which showcases its versatility and effectiveness.

In this paper, we introduce dots.llm1, a powerful and cost-effective mixture-of-experts model with 142B
parameters, of which 14B are activated for each token. dots.llm1 achieves efficient inference on a single
node equipped with eight GPUs (40GB or 80GB memory), delivering performance on par with leading
open-source models across a wide array of tasks.

The dots.llm1 model adopts a sparse DeepSeekMoE framework (Dai et al., 2024), employing a classic
multi-head attention (MHA) (Vaswani et al., 2017) mechanism combined with QK-Norm to ensure
training stability. Additionally, it incorporates the innovative auxiliary-loss-free strategy (Wang et al.,
2024a; DeepSeek-AI et al., 2024) to effectively manage load balancing, thereby minimizing any potential
negative impacts of the balancing process on model performance. On the data side, we introduce a
three-stage data processing framework to address the pressures of both growing data volume and high-
quality requirements through document preparation, rule-based processing, and model-based processing.
On the infrastructure side, we introduce an innovative MoE all-to-all communication and computation
overlapping recipe based on 1F1B pipeline scheduling and an efficient grouped GEMM implementation
to boost computational efficiency.

During the pre-training phase, dots.llm1 utilizes 11.2 trillion diverse, high-quality tokens. Following
this, the context length is further extended from 8K to 32K. In the post-training phase, the model
undergoes efficient supervised fine-tuning (SFT) using 400K carefully curated instruction-tuning instances.
dots.llm1 is evaluated on a suite of pre-training and post-training benchmarks and compared with state-
of-the-art models. It demonstrates balanced, robust performance across multiple domains, with notable
strengths in Chinese language processing and mathematical reasoning.

Lastly, we will open-source intermediate training checkpoints at every one trillion tokens, aiming to
push the boundaries of LLM development and empower the broader community to build efficient and
powerful language models.

We summarize our main contributions as follows:

• Enhanced Data Processing: We propose a scalable and fine-grained three-stage data processing
framework designed to generate large-scale, high-quality and diverse data for pretraining. The
complete process is openly provided to facilitate reproducibility.

• Performance and Cost Efficiency: We introduce dots.llm1, an open-source model that activates
only 14B parameters during inference while delivering comprehensive and computationally
efficient performance. Trained on 11.2 trillion high-quality tokens generated through our scalable
data processing framework, dots.llm1 demonstrates robust performance across diverse tasks,
all achieved without reliance on synthetic data or model distillation.

• Infrastructure: we introduce an innovative MoE all-to-all communication and computation
overlapping recipe based on 1F1B pipeline scheduling and an efficient grouped GEMM imple-
mentation to boost computational efficiency.

• Open Accessibility to Model Dynamics: By releasing intermediate training checkpoints as
open-source, we aim to empower the research community with transparency into the training
process, enabling deeper insights into the dynamics of large models and fostering accelerated
innovation in the field of LLM.
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1 引言
大型语言模型（LLMs）近年来取得了快速发展，逐步接近人工通用智能（AGI）的目标，显著的进展证明了这一点（OpenAI，2025a;b；Anthropic，2025；xAI，2025）。与这些专有技术的发展同步，开源社区也取得了令人瞩目的突破（Qwen，2024a；DeepSeek-AI 等，2024；Mistral，2025；AI@Meta，2024b）。这些项目正努力缩小与闭源模型的性能差距，推动开源领域中LLMs的不断演进。
专家混合（MoE）（Fedus 等，2022）是一种神经网络架构，将模型划分为多个专家网络，每个专家专注于输入数据的不同方面。通过动态将输入标记路由到这些专家的子集，MoE 实现了计算效率和可扩展性。近年来，MoE 在大型语言模型（LLMs）（Jiang 等，2024；Qwen，2024b；DeepSeek-AI 等，2024）的开发中得到了广泛应用，使它们能够扩展到大规模模型，同时保持高效的资源利用率。这种方法在推动L

LM性能的边界方面发挥了重要作用，因为它允许在推理过程中仅激活模型参数的{v*}部分，显著减少计算开销。除了LLMs之外，MoE 还在其他领域得到了广泛应用（Riquelme 等，2021；Shi 等，2024；Jawai

d 等，2024），展示了其多功能性和有效性。
在本文中，我们介绍了 dots.llm1，一种强大且具有成本效益的专家混合模型，拥有 142B 个参数，其中每个标记激活 14B 个参数。dots.llm1 在配备八个GPU（40GB或80GB内存）的单节点上实现了高效推理，在各种任务中表现与领先的开源模型相当。
dots.llm1 模型采用稀疏的 DeepSeekMoE 框架（Dai 等，2024），结合经典的多头注意力机制（MHA）（
Vaswani 等，2017）与 QK-Norm，以确保训练的稳定性。此外，它还引入了创新的无辅助损失策略（Wa

ng 等，2024a；DeepSeek-AI 等，2024），有效管理负载平衡，从而最大程度地减少平衡过程对模型性能的潜在负面影响。在数据方面，我们引入了一个三阶段的数据处理框架，通过文档准备、基于规则的处理和基于模型的处理，解决了数据量不断增长和高质量要求的压力。在基础设施方面，我们提出了一种基于 1F1B 流水线调度的创新 MoE 全对全通信与计算重叠方案，以及一种高效的分组 GEMM 实现，以提升计算效率。
在预训练阶段，dots.llm1 利用了 11.2 万亿个多样化的高质量标记。随后，上下文长度从 8K 进一步扩展到 32K。在后训练阶段，模型通过使用 40 万个精心策划的指令调优实例进行高效的有监督微调（SFT）。dots.llm1 在一系列预训练和后训练基准测试中进行了评估，并与最先进的模型进行了比较。它在多个领域表现出平衡且稳健的性能，在中文处理和数学推理方面表现出显著优势。
最后，我们将在每一万亿个标记时开源中间训练检查点，旨在推动大型语言模型（LLM）发展的边界，并赋能更广泛的社区构建高效且强大的语言模型。
我们将我们的主要贡献总结如下：

• 增强的数据处理：我们提出了一个可扩展的、细粒度的三阶段数据处理框架，旨在生成大规模、高质量、多样化的预训练数据。整个过程公开提供，以促进可复现性。
• 性能与成本效率：我们推出了 dots.llm1，这是一个开源模型，在推理过程中仅激活 14B 个参数，同时提供全面且计算效率高的性能。该模型在我们可扩展数据处理框架生成的 11.2 万亿个高质量标记上进行训练，展示了在各种任务中的强大性能，全部无需依赖合成数据或模型蒸馏。
• 基础设施：我们引入了一种创新的MoE全到全通信与计算重叠方案，基于1F1B流水线调度和高效的分组GEMM实现，以提升计算效率。
• 开放模型动态的可访问性：通过将中间训练检查点作为开源发布，我们旨在赋能研究社区，提供对训练过程的透明度，从而深入理解大型模型的动态，并促进大规模语言模型领域的创新加速。
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2 Architecture

The dots.llm1 model is a decoder-only Transformer architecture (Vaswani et al., 2017), where each layer
consists of an attention layer and a Feed-forward Network(FFN). Unlike dense models such as Llama
(AI@Meta, 2024a) or Qwen (Yang et al., 2024), the FFN is replaced with a Mixture of Experts (MoE)
module (Jiang et al., 2024; DeepSeek-AI, 2024a;b; DeepSeek-AI et al., 2024). This modification allows for
the training of highly capable models while maintaining an economical cost.

Attention Layer We utilize a vanilla multi-head attention mechanism (Vaswani et al., 2017) in our
model. Following Dehghani et al. (2023), RMSNorm is applied to the query and key projections prior to
computing attention. This normalization mitigates the risk of excessively large attention logits, which
could otherwise destabilize the training process (Wortsman et al., 2023; Tian et al., 2024a; OLMo et al.,
2024).

Mixture-of-Experts Layer Following DeepSeek-AI (2024a); Qwen (2024b), we replace the FFN with
a Mixture-of-Experts (MoE) layer comprising both shared and isolated experts. Our implementation
features 128 routed experts and 2 shared experts activated for all tokens, with each expert implemented
as a fine-grained, two-layer FFN utilizing SwiGLU (Shazeer, 2020) activation. For each token, the router
selects the top-6 isolated experts in addition to the 2 shared experts, resulting in 8 active experts per
token. Notably, we employ FP32 precision for the gating layer computations rather than BF16 to ensure
numerical stability and more accurate expert selection during the routing process.

Load Balancing Imbalanced expert loading in the MoE layer can lead to routing collapse, diminishing
both model capacity and computational efficiency during training and inference. To address this issue, we
adopt an auxiliary-loss-free approach (Wang et al., 2024a), as also employed in DeepSeek-AI et al. (2024).
It introduces a bias term for each expert, which is added to the corresponding affinity scores to determine
the top-k routing. This bias term is dynamically adjusted during training to maintain a balanced load
across experts. In addition, we also employ a sequence-wise balance loss to prevent extreme imbalance
within any single sequence. Due to the effective load balancing strategy, dots.llm1 maintains good load
balance throughout training and does not drop any tokens during training.

3 Infrastructures

The training of dots.llm1 is underpinned by the internal Cybertron framework, which is a lightweight
training framework built upon Megatron-Core. Leveraging Megatron-Core, we have meticulously
constructed a comprehensive suite of toolkits for both model pre-training and post-training. For distinct
training stages, namely pre-training, supervised fine-tuning (SFT), and reinforcement learning (RL), we
have encapsulated separate trainers in a unified manner to guarantee the coherence and high efficiency
of the training process.

3.1 Interleaved 1F1B based Communication and Computation Overlap

We propose an innovative interleaved 1F1B based all-to-all communication and computation overlap
solution (NVIDIA, 2024b), and work with NVIDIA to integrate it into Megatron-Core. Compared to
the vanilla interleaved 1F1B pipeline, we add an additional step to the warm-up phase, which incurs
neither additional bubble overheads nor additional GPU memory consumption for activations. Under
this refined pipeline scheduling scheme, during the steady 1F1B phase, all-to-all communication and
computation within the forward and backward step pairs can be effectively overlapped, similar to the
DualPipe proposed by DeepSeek (DeepSeek-AI et al., 2024). Compared with the DualPipe, our approach
demonstrates a notable advantage in terms of memory consumption, albeit with a marginally higher
bubble rate.

3.2 Efficient Implementation of Grouped GEMM

Grouped GEMMs play a significant role in the computation of MoE architectures. A straightforward
approach is to schedule sub-GEMM problems in a unified manner across streaming multiprocessors.
Some frameworks pre-compute the mapping between tiles and thread blocks on the host side to reduce
scheduling overhead on the device (Li et al., 2019). Other works have explored scheduling strategies for
small or variable-sized batched GEMMs (Yang et al., 2022; Zhang et al., 2022). Additionally, NVIDIA
has introduced Grouped GEMM APIs in cuBLAS (Hejazi, 2024) and Transformer Engine (TE) (NVIDIA,
2024a).

3

AINLP



2 架构
dots.llm1 模型是一种仅由解码器组成的 Transformer 架构（Vaswani 等，2017），每一层由一个注意力层和一个前馈网络（FFN）组成。与 Llama（AI@Meta，2024a）或 Qwen（Yang 等，2024）等密集模型不同，FFN 被替换为专家混合（MoE）模块（Jiang 等，2024；DeepSeek-AI，2024a;b；DeepSeek-AI 等，2
024）。这种改进使得训练高能力模型成为可能，同时保持经济的成本。
注意力层 我们在模型中采用了经典的多头注意力机制（Vaswani 等人，2017）。遵循 Dehghani 等人（20

23）的做法，在计算注意力之前，对查询和键的投影应用 RMSNorm。这种归一化可以减轻注意力 logits 过大而可能导致的训练不稳定风险（Wortsman 等人，2023；Tian 等人，2024a；OLMo 等人，2024）。

混合专家层 继 DeepSeek-AI (2024a)；Qwen (2024b) 之后，我们用一个由共享专家和孤立专家组成的混合专家（MoE）层取代了FFN。我们的实现包括128个路由专家和2个所有令牌激活的共享专家，每个专家都作为一个细粒度的两层FFN，采用SwiGLU (Shazeer, 2020) 激活函数。对于每个令牌，路由器选择前6个孤立专家以及2个共享专家，从而每个令牌激活8个专家。值得注意的是，我们在门控层的计算中采用F

P32精度，而非BF16，以确保数值稳定性和在路由过程中更准确的专家选择。
负载均衡：MoE 层中的专家负载不均可能导致路由崩溃，降低模型的容量和在训练及推理过程中的计算效率。为了解决这个问题，我们采用了一种无辅助损失的方法（Wang 等，2024a），这也被应用在 Deep

Seek-AI 等（2024）中。该方法为每个专家引入一个偏置项，将其加入到对应的相似度分数中，以确定前
{k}个路由。这个偏置项在训练过程中会动态调整，以保持专家之间的负载平衡。此外，我们还采用了序列级别的平衡损失，以防止任何单个序列内部出现极端的不平衡。由于采用了有效的负载平衡策略，dots

.llm1 在整个训练过程中保持了良好的负载平衡，并且没有在训练中丢弃任何令牌。

3 基础设施
dots.llm1 的训练依托于内部的 Cybertron 框架，该框架是建立在 Megatron-Core 之上的轻量级训练框架。借助 Megatron-Core，我们精心构建了一套完整的工具包，用于模型的预训练和后训练。在不同的训练阶段，即预训练、监督微调（SFT）和强化学习（RL），我们以统一的方式封装了不同的训练器，以确保训练过程的连贯性和高效率。

3.1 交错的1F1B通信与计算重叠
我们提出了一种创新的基于交错的1F1B全对全通信与计算重叠方案（NVIDIA，2024b），并与NVIDIA合作将其集成到Megatron-Core中。与普通的交错1F1B流水线相比，我们在预热阶段增加了一个额外的步骤，该步骤既不增加额外的气泡开销，也不增加激活的GPU内存消耗。在这种优化的流水线调度方案下，在稳定的1F1B阶段，前向和后向步骤对内的全对全通信与计算可以有效地实现重叠，类似于DeepSeek提出的DualPipe（DeepSeek-AI等，2024）。与DualPipe相比，我们的方法在内存消耗方面具有显著优势，尽管气泡率略高一些。

3.2 分组 GEMM 的高效实现
分组GEMM在MoE架构的计算中扮演着重要角色。一种直接的方法是在流式多处理器上以统一的方式调度子GEMM问题。一些框架在主机端预先计算瓷砖与线程块之间的映射，以减少设备上的调度开销（Li等，2019）。其他工作则探索了小规模或可变大小批量GEMM的调度策略（Yang等，2022；Zhang等，2

022）。此外，NVIDIA在cuBLAS（Hejazi，2024）和Transformer Engine（TE）（NVIDIA，2024a）中引入了分组GEMM API。
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warmup step +
1

Figure 2: Interleaved 1F1B based communication and computation overlap

Table 1: Performance comparison of Transformer Engine 2.1 and our implementation on H800. Here, g,
m, n, and k represent the number of groups (experts) and the dimensions of each sub-GEMM problem,
respectively.

(g, m, n, k) TE’s
(TFLOPS)

Ours
(TFLOPS) Speed-up

forward

(4, 1024, 2816, 4096) 589.12 662.48 12.45%
(4, 1024, 4096, 2816) 581.77 725.35 24.68%
(4, 2048, 2816, 4096) 636.49 678.89 6.66%
(4, 2048, 4096, 2816) 636.94 745.45 17.04%
(8, 1024, 2816, 4096) 614.87 654.77 6.49%
(8, 1024, 4096, 2816) 609.69 745.01 22.19%
(8, 2048, 2816, 4096) 646.70 705.85 9.15%
(8, 2048, 4096, 2816) 657.20 744.74 13.32%

backward

(4, 1024, 2816, 4096) 614.24 665.06 8.27%
(4, 1024, 4096, 2816) 594.03 637.48 7.31%
(4, 2048, 2816, 4096) 655.39 709.75 8.29%
(4, 2048, 4096, 2816) 635.02 677.51 6.69%
(8, 1024, 2816, 4096) 633.35 677.56 6.98%
(8, 1024, 4096, 2816) 619.97 637.71 2.86%
(8, 2048, 2816, 4096) 666.00 706.85 6.13%
(8, 2048, 4096, 2816) 650.53 695.38 6.89%

To allow large tile sizes and reduce scheduling overhead, we align Mi (token segment of expert i) to
a fixed block size. This fixed block size must be a multiple of M in tile shape modifier mMnNkK of the
asynchronous warpgroup level matrix multiply-accumulate (WGMMA) (wgmma.mma async) instruction.
Thus, the warpgroups in a single threadblock will have a unified tiling, and the whole token segment
(Mi) processed by a threadblock necessarily belongs to the same expert, making the scheduling very
similar to that of normal GEMMs.

Compared to NVIDIA’s Grouped GEMM APIs in Transformer Engine (v2.1), our implementation exhibits
notable advantages. Table 1 presents a performance comparison for forward and backward computations
on the H800, where tokens are evenly routed to experts. Our approach achieves an average performance
improvement of 14.00% for forward computation and 6.68% for backward computation.

4 Pre-training

4.1 Pre-training Data

The quantity, quality, and diversity of training data play a crucial role in determining the performance of
language models. To achieve these objectives, we have structured our approach into three key stages:
document preparation, rule-based processing, and model-based processing. This design allows us
to efficiently manage large volumes of data, even with limited computational resources. Document
preparation focuses on preprocessing and organizing the raw data. Rule-based processing aims to
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1

图 2：交错的 1F1B 基于通信和计算的重叠
表1：Transformer Engine 2.1 与我们在 H800 上实现的性能比较。在这里，g、m、n 和 k 分别代表组（专家）数量和每个子 GEMM 问题的维度。

(g, m, n, k) TE’s
(TFLOPS)

Ours
(TFLOPS) Speed-up

forward

(4, 1024, 2816, 4096) 589.12 662.48 12.45%
(4, 1024, 4096, 2816) 581.77 725.35 24.68%
(4, 2048, 2816, 4096) 636.49 678.89 6.66%
(4, 2048, 4096, 2816) 636.94 745.45 17.04%
(8, 1024, 2816, 4096) 614.87 654.77 6.49%
(8, 1024, 4096, 2816) 609.69 745.01 22.19%
(8, 2048, 2816, 4096) 646.70 705.85 9.15%
(8, 2048, 4096, 2816) 657.20 744.74 13.32%

backward

(4, 1024, 2816, 4096) 614.24 665.06 8.27%
(4, 1024, 4096, 2816) 594.03 637.48 7.31%
(4, 2048, 2816, 4096) 655.39 709.75 8.29%
(4, 2048, 4096, 2816) 635.02 677.51 6.69%
(8, 1024, 2816, 4096) 633.35 677.56 6.98%
(8, 1024, 4096, 2816) 619.97 637.71 2.86%
(8, 2048, 2816, 4096) 666.00 706.85 6.13%
(8, 2048, 4096, 2816) 650.53 695.38 6.89%

为了允许较大的瓷砖尺寸并减少调度开销，我们将专家 i) 的 Mi ( 令牌段对齐到一个固定的块大小。这个固定的块大小必须是异步 warpgroup 级矩阵乘累加（WGMMA）（wgmma.mma async）指令中瓷砖形状修饰符 mMnNkK 的 M 的倍数。因此，单个线程块中的 warpgroups 将具有统一的瓷砖划分，整个由线程块处理的令牌段 (Mi) 必然属于同一专家，从而使调度非常类似于普通 GEMMs。
与NVIDIA的Transformer Engine（v2.1）中的分组GEMM API相比，我们的实现具有显著优势。表1展示了在H800上前向和后向计算的性能对比，其中令牌均匀分配给专家。我们的方法在前向计算中实现了平均14.00%的性能提升，在后向计算中实现了6.68%的性能提升。
4 预训练
4.1 预训练数据
训练数据的数量、质量和多样性在决定语言模型性能方面起着关键作用。为了实现这些目标，我们将方法分为三个关键阶段：文档准备、基于规则的处理和基于模型的处理。这一设计使我们即使在计算资源有限的情况下，也能高效管理大量数据。文档准备专注于对原始数据的预处理和组织。基于规则的处理旨在
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minimize the need for extensive human curation by automatically filtering and cleaning the data. Model-
based processing further ensures that the final dataset is both high-quality and diverse. To ensure safety,
we applied filters to exclude data from websites likely to contain unsafe content or significant amounts
of personally identifiable information (PII), as well as domains flagged as harmful by a safety classifier.
During pre-training, we maintain a balanced 1:1 ratio of Chinese to English data, and no synthetic data is
used.

The data processing pipeline is thoroughly documented in Appendix C. Two key innovations distinguish
our data processing pipeline as follows:

Web Clutter Removal Model To address issues such as boilerplate content and repetitive lines, we
develop a lightweight model that operates at the line level. This approach achieves an effective balance
between cleaning quality and computational efficiency, representing a unique feature that is not commonly
found in open-source datasets.

Category Balancing We train a 200-class classifier to balance the proportions within the web data. This
enables us to increase the presence of knowledge-based and factual content, such as encyclopedia entries
and popular science articles, while reducing the share of fictional and highly structured web content,
including science fiction novels and product descriptions.

4.2 Hyper-Parameters

The dots.llm1 model is trained using the AdamW optimizer (Loshchilov & Hutter, 2017), with β1 = 0.9
and β2 = 0.95. We implement a weight decay of 0.1 and apply gradient clipping at 1.0. Following Dai
et al. (2024); DeepSeek-AI (2024b); DeepSeek-AI et al. (2024), the weights are initialized from a normal
distribution with standard deviation 0.006. dots.llm1 comprises 62 layers, with the first layer utilizing a
vanilla dense FFN and the subsequent layers employing MoE.

We set the maximum sequence length to 8K during pre-training and train dots.llm1 on 11.2T tokens.
Following Hu et al. (2024), we utilize a warmup-stable-decay learning rate schedule. The learning rate
warms up over 4,000 steps before stabilizing at 3 × 10−4 for the stable training phase, which encompasses
10T tokens of data. We progressively increase the batch size from 64M tokens initially to 96M tokens at
6T tokens, and finally to 128M tokens at 8.3T tokens.

After the main training phase, the process includes two annealing stages, comprising a total of 1.2 trillion
tokens of data.

Stage 1: We train for 1T tokens while gradually decreasing the learning rate from 3 × 10−4 to 3 × 10−5.
During this annealing stage, we significantly increase the proportion of reasoning-related and knowledge-
related data to 90%.

Stage 2: We continue training for 200B tokens while reducing the learning rate from 3 × 10−5 to 1 × 10−5

and increasing the proportion of code, mathematics, and reasoning data.

4.3 Long Context Extension

We implement context length extension after the annealing phases. During this phase, we maintain a
constant learning rate while training on 128B tokens using UtK strategy (Tian et al., 2024b), extending the
sequence length to 32K. Rather than modifying the datasets, UtK tries chunking of training documents
into smaller segments, then training the model to reconstruct relevant segments from shuffled chunks.
By learning to untie these knotted chunks, the model can effectively handle longer input sequences while
maintaining its performance on short-context tasks.

4.4 Evaluation

4.4.1 Benchmarks

To comprehensively evaluate dots.llm1 model, which is pretrained on both Chinese and English, we
assess its performance across a suite of benchmarks spanning multiple domains in each language. All
evaluations are conducted using the vLLM framework (Kwon et al., 2023). We categorize the benchmarks
as follows:

Language Understanding To evaluate English contextual reasoning and reading comprehension,
we employ benchmarks such as HellaSwag (Zellers et al., 2019), PIQA (Bisk et al., 2020), the ARC
suite (Clark et al., 2018), BigBenchHard (BBH) (Suzgun et al., 2023), and DROP (Dua et al., 2019).
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通过自动过滤和清理数据，最大程度地减少对大量人工整理的需求。基于模型的处理进一步确保最终数据集既高质量又多样化。为了确保安全，我们应用了过滤器，排除可能包含不安全内容或大量个人身份信息（PII）的网站数据，以及被安全分类器标记为有害的域名。在预训练期间，我们保持中英文数据的比例为1:1的平衡，并且不使用合成数据。
数据处理流程在附录C中有详细记录。我们的数据处理流程有两个关键创新，具体如下：
网页杂乱内容去除模型 为了解决模板内容和重复行等问题，我们开发了一个在行级别操作的轻量级模型。这种方法在清理质量和计算效率之间实现了有效的平衡，具有在开源数据集中不常见的独特特性。

类别平衡 我们训练了一个200类的分类器，以平衡网络数据中的比例。这使我们能够增加基于知识和事实内容的比例，例如百科全书条目和科普文章，同时减少虚构和高度结构化的网络内容的份额，包括科幻小说和产品描述。
4.2 超参数
dots.llm1 模型使用 AdamW 优化器（Loshchilov & Hutter, 2017）进行训练，β1 = 取值为 0.9，β2 = 取值为 0.95。我们实施了 0.1 的权重衰减，并在 1.0 处应用梯度裁剪。根据 Dai 等人（2024）；DeepSeek-AI（2024b）；DeepSeek-AI 等人（2024）的做法，权重从标准差为 0.006的正态分布中初始化。dots.llm1 包含 62 层，第一层采用普通的密集前馈网络（FFN），后续层则采用 MoE。
在预训练期间，我们将最大序列长度设为8K，并在11.2T个tokens上训练dots.llm1。根据Hu等人（2024）的做法，我们采用了预热-稳定-衰减的学习率调度策略。学习率在4,000步内预热，然后在稳定训练阶段保持在3 × 10−4，该阶段涵盖了10T个tokens的数据。我们逐步将批次大小从最初的64M tokens增加到6T t
okens时的96M tokens，最终在8.3T tokens时达到128M tokens。
在主要训练阶段之后，过程包括两个退火阶段，总共处理了1.2万亿个令牌的数据。
阶段1：我们训练1万亿个标记，同时将学习率从3 × 10−4逐步降低到3 × 10−5。在这个退火阶段，我们将推理相关和知识相关数据的比例显著提高到90%。
阶段2：我们继续训练2000亿个标记，同时将学习率从3 × 10−5 降低到1 × 10−5，并增加代码、数学和推理数据的比例。
4.3 长上下文扩展
我们在退火阶段之后实现上下文长度扩展。在此阶段，我们在使用 UtK 策略（Tian 等，2024b）对 128B 令牌进行训练时保持恒定的学习率，将序列长度扩展到 32K。UtK 并不修改数据集，而是尝试将训练文档分块成更小的段，然后训练模型从打乱的块中重建相关段。通过学习解开这些打结的块，模型可以有效处理更长的输入序列，同时保持在短上下文任务中的性能。

4.4 评估
4.4.1 基准测试
为了全面评估在中英文预训练的 dots.llm1 模型，我们在每种语言的多个领域中一系列基准测试中评估其性能。所有评估均使用 vLLM 框架（Kwon 等，2023）进行。我们将基准测试分类如下：

语言理解 为了评估英语的上下文推理和阅读理解能力，我们采用了诸如 HellaSwag（Zellers 等，2019）、PIQA（Bisk 等，2020）、ARC 套件（Clark 等，2018）、BigBenchHard（BBH）（Suzgun 等，2023）以及 DROP（Dua 等，2019）等基准测试。
5

AINLP



Table 2: Comparison between dots.llm1 and other representative open-source base models. All models
were evaluated under identical conditions. Results demonstrate that dots.llm1 achieves superior perfor-
mance compared to DeepSeek-V2, while delivering results comparable to Qwen2.5 72B.

Benchmark (Metric) # Shots Qwen2.5 Qwen2.5 DeepSeek DeepSeek dots.llm1
32B Base 72B Base V2 Base V3 Base .base

Architecture - Dense Dense MoE MoE MoE
# Activated Params - 32B 72B 21B 37B 14B
# Total Params - 32B 72B 236B 671B 142B

Chinese

C-Eval (EM) 5-shot 87.4 89.3 80.6 89.1 92.8
CMMLU (EM) 5-shot 88.5 89.7 82.9 88.1 90.4
CLUEWSC (EM) 5-shot 93.2 93.2 92.2 92.6 92.7
C3 (EM) 5-shot 97.2 97.1 96.7 97.4 97.6
Xiezhi (EM) 3-shot 81.2 82.3 77.4 80.4 82.9
Average 89.5 90.3 86.0 89.5 91.3

English

TriviaQA (EM) 5-shot 78.5 85.2 89.2 91.4 88.2
BBH (EM) 3-shot 82.2 83.7 76.5 83.5 80.8
MMLU (EM) 5-shot 83.5 85.4 78.0 86.8 83.2
MMLU-Pro (EM) 5-shot 61.8 64.7 52.3 61.4 61.9
SuperGPQA (EM) 5-shot 30.5 32.1 29.0 38.6 33.3
DROP (F1) 3-shot 82.9 84.9 78.9 89.1 83.4
ARC-Challenge (EM) 25-shot 93.1 95.2 92.1 96.2 93.8
AGIEval (EM) 3-shot 76.1 76.9 68.34 77.1 79.9
HellaSwag (EM) 10-shot 93.3 94.2 88.1 89.7 88.2
PIQA (EM) 5-shot 92.8 94.5 90.9 94.0 91.0
NaturalQuestions (EM) 3-shot 35.3 42.7 46.8 50.7 48.7
Average 73.2 76.3 71.8 78.0 75.7

MATH

GSM8K (EM) 8-shot 88.9 89.9 80.0 90.1 86.7
MATH (EM) 4-shot 71.7 76.2 42.3 72.8 68.7
CMath (EM) 3-shot 79.2 65.7 72.2 83.3 79.5
Average 79.9 77.3 64.8 82.1 78.3

Code

HumanEval (Pass@1) 0-shot 50.6 56.7 43.3 62.8 64.0
MBPP (Pass@1) 3-shot 77.0 77.8 75.1 76.3 76.7
MCEval (Pass@1) 0-shot 47.9 47.5 43.5 50.1 46.6
BigCodeBench (Pass@1) 0-shot 51.9 54.0 41.8 60.7 50.9
Average 56.9 59.0 50.9 62.5 59.6

For English closed-book question answering, we utilize TriviaQA (Joshi et al., 2017) and Natural Ques-
tions (Kwiatkowski et al., 2019). For Chinese language understanding, we assess reference disambiguation
using CLUEWSC (Xu et al., 2020) and reading comprehension using C3 (Sun et al., 2019).

Knowledge To measure domain knowledge in English, we leverage the MMLU (Hendrycks et al.,
2021a), MMLU-Pro (Wang et al., 2024b) and SuperGPQA (Team et al., 2025) benchmarks as well as for
creative problem-solving and AGIEval (Zhong et al., 2023) for standardized exam performance. For the
assessment of Chinese knowledge, we employ C-Eval (Huang et al., 2023), CMMLU (Li et al., 2023), and
Xiezhi (Gu et al., 2024).

Mathematics To evaluate mathematical reasoning capabilities, we utilize CMath (Wei et al., 2023) and
GSM8K (Cobbe et al., 2021) for foundational problem-solving tasks, as well as MATH (Hendrycks et al.,
2021b) for assessing advanced mathematical problem-solving proficiency.

Code Code generation skills are evaluated with HumanEval (Chen et al., 2021), MBPP (Austin et al.,
2021) and MCEval (Chai et al., 2024). Additionally, the ability to handle diverse function calls and
complex instructions is measured through the BigCodeBench benchmark (Zhuo et al., 2025).

4.4.2 Results

As shown in Table 2, we compare dots.llm1 with other leading open-source base models under identical
conditions. The results demonstrate that dots.llm1, with only 14B activated parameters, achieves
superior performance compared to DeepSeek-V2, and delivers results comparable to Qwen2.5 72B. This
makes dots.llm1 one of the most economical and powerful mixture-of-experts models available to date.

For a detailed breakdown across different categories, we use Qwen2.5 72B as the baseline for comparison.
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表2：dots.llm1与其他具有代表性的开源基础模型的比较。所有模型在相同条件下进行了评估。结果显示，dots.llm1在性能上优于DeepSeek-V2，同时其表现与Qwen2.5 72B相当。

Benchmark (Metric) # Shots Qwen2.5 Qwen2.5 DeepSeek DeepSeek dots.llm1
32B Base 72B Base V2 Base V3 Base .base

Architecture - Dense Dense MoE MoE MoE
# Activated Params - 32B 72B 21B 37B 14B
# Total Params - 32B 72B 236B 671B 142B

Chinese

C-Eval (EM) 5-shot 87.4 89.3 80.6 89.1 92.8
CMMLU (EM) 5-shot 88.5 89.7 82.9 88.1 90.4
CLUEWSC (EM) 5-shot 93.2 93.2 92.2 92.6 92.7
C3 (EM) 5-shot 97.2 97.1 96.7 97.4 97.6
Xiezhi (EM) 3-shot 81.2 82.3 77.4 80.4 82.9
Average 89.5 90.3 86.0 89.5 91.3

English

TriviaQA (EM) 5-shot 78.5 85.2 89.2 91.4 88.2
BBH (EM) 3-shot 82.2 83.7 76.5 83.5 80.8
MMLU (EM) 5-shot 83.5 85.4 78.0 86.8 83.2
MMLU-Pro (EM) 5-shot 61.8 64.7 52.3 61.4 61.9
SuperGPQA (EM) 5-shot 30.5 32.1 29.0 38.6 33.3
DROP (F1) 3-shot 82.9 84.9 78.9 89.1 83.4
ARC-Challenge (EM) 25-shot 93.1 95.2 92.1 96.2 93.8
AGIEval (EM) 3-shot 76.1 76.9 68.34 77.1 79.9
HellaSwag (EM) 10-shot 93.3 94.2 88.1 89.7 88.2
PIQA (EM) 5-shot 92.8 94.5 90.9 94.0 91.0
NaturalQuestions (EM) 3-shot 35.3 42.7 46.8 50.7 48.7
Average 73.2 76.3 71.8 78.0 75.7

MATH

GSM8K (EM) 8-shot 88.9 89.9 80.0 90.1 86.7
MATH (EM) 4-shot 71.7 76.2 42.3 72.8 68.7
CMath (EM) 3-shot 79.2 65.7 72.2 83.3 79.5
Average 79.9 77.3 64.8 82.1 78.3

Code

HumanEval (Pass@1) 0-shot 50.6 56.7 43.3 62.8 64.0
MBPP (Pass@1) 3-shot 77.0 77.8 75.1 76.3 76.7
MCEval (Pass@1) 0-shot 47.9 47.5 43.5 50.1 46.6
BigCodeBench (Pass@1) 0-shot 51.9 54.0 41.8 60.7 50.9
Average 56.9 59.0 50.9 62.5 59.6

对于英语闭卷问答，我们使用 TriviaQA（Joshi 等，2017）和 Natural Questions（Kwiatkowski 等，2019）。对于中文理解，我们使用 CLUEWSC（Xu 等，2020）评估指代消歧，并使用 C3（Sun 等，2019）进行阅读理解。
知识 为了衡量英语领域的知识水平，我们采用了 MMLU（Hendrycks 等人，2021a）、MMLU-Pro（Wan
g 等人，2024b）和 SuperGPQA（Team 等人，2025）基准测试，以及用于创造性问题解决的 AGIEval（Z
hong 等人，2023）以评估标准化考试表现。对于中文知识的评估，我们使用 C-Eval（Huang 等人，2023）、CMMLU（Li 等人，2023）和 Xiezhi（Gu 等人，2024）。
数学 为了评估数学推理能力，我们使用 CMath（Wei 等人，2023）和 GSM8K（Cobbe 等人，2021）进行基础问题解决任务，以及 MATH（Hendrycks 等人，2021b）来评估高级数学问题解决能力。
代码 代码生成技能通过 HumanEval (Chen et al., 2021)、MBPP (Austin et al., 2021) 和 MCEval (Chai et al., 2
024) 进行评估。此外，通过 BigCodeBench 基准测试 (Zhuo et al., 2025) 测量处理多样函数调用和复杂指令的能力。
4.4.2 结果
如表2所示，我们在相同条件下将 dots.llm1 与其他领先的开源基础模型进行了比较。结果显示，只有 14B激活参数的 dots.llm1 在性能上优于 DeepSeek-V2，并且其表现与 Qwen2.5 72B 相当。这使得 dots.llm1 成为迄今为止最经济且最强大的专家混合模型之一。
为了对不同类别进行详细的细分，我们以 Qwen2.5 72B 作为基线进行比较。
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Figure 3: The loss curve highlights the consistent stability of the training process. At 6 trillion training
tokens, we adjusted our batch size from 64 million to 96 million. At 8.3 trillion, we further increased it to
128 million.

Table 3: Long Context Performance on the RULER benchmark.

Model 4K 8K 16K 32K

Qwen2.5 72B 96.5 94.3 93.1 92.7
dots.llm1 94.7 94.9 92.6 87.7

dots.llm1 demonstrates comparable performance to Qwen2.5 72B across most domains. (1) On language
understanding tasks, dots.llm1 achieves superior performance on Chinese language understanding
benchmarks, which can be attributed to our data processing pipeline. (2) In knowledge tasks, while
dots.llm1 shows slightly lower scores on English knowledge benchmarks, its performance on Chinese
knowledge tasks remains robust. (3) In the code and mathematics domains, dots.llm1 achieves higher
scores on HumanEval and CMath. Interestingly, for mathematics, we observe that dots.llm1 achieves
better performance in the zero-shot setting compared to the few-shot setting, with an improvement of
over 4 points. We leave further investigation of this phenomenon to future work.

4.5 Analysis

Stable Training As depicted in Figure 3, the loss curve highlights the remarkable stability of the training
process. Throughout the training period, there are no incidents of irrecoverable loss spikes or the need
for rollback operations.

High Quality Web Data To assess the quality of our web data, we conduct validation experiments
comparing it to the TxT360 dataset (Tang et al., 2024), which represents the current state-of-the-art (SOTA)
in open-source web data. The experiments are performed using a 1.5 billion parameter dense model,
with the same architecture as Qwen2.5 1.5B. We randomly sample 350 billion tokens for training to
obtain reliable experimental results. As illustrated in Figure 4, our results surpass those of TxT360,
demonstrating the high quality of our web data through our processing pipeline.

Effective Long Context Extension We use RULER (Hsieh et al., 2024) on the base models to evaluate
long-context capabilities. As shown in Table 3, dots.llm1 delivers competitive performance at both 8K
and 16K context lengths.

Economical Training Cost As highlighted in Table 4, dots.llm1 showcases significant efficiency in terms
of training costs. The comparison reveals that our approach substantially reduces the GPU hours required
per one trillion tokens. Qwen2.5 72B model (in our optimized framework) requires 340K GPU hours,
while dots.llm1 reduces this to just 130K GPU hours, leading to substantial savings in computational
resources and expenses. Furthermore, if we consider the entire pretraining process, dots.llm1 requires
only 1.46 million GPU hours, whereas Qwen2.5 72B consumes 6.12 million GPU hours, representing a
reduction of 4× in total computational resources. This substantial gap demonstrates the cost-effectiveness
and scalability of dots.llm1, making it a more economical choice for large-scale pretraining.
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图 3：损失曲线突出显示了训练过程的一致稳定性。在训练了 6 万亿个令牌后，我们将批次大小从 6400 万调整到 9600 万。在 8.3 万亿时，我们进一步将其增加到 1.28 亿。
表3：在RULER基准测试中的长上下文性能。

Model 4K 8K 16K 32K

Qwen2.5 72B 96.5 94.3 93.1 92.7
dots.llm1 94.7 94.9 92.6 87.7

dots.llm1 在大多数领域表现出与 Qwen2.5 72B 相当的性能。 (1) 在语言理解任务中，dots.llm1 在中文语言理解基准测试中表现优越，这归功于我们的数据处理流程。 (2) 在知识任务中，虽然 dots.llm1 在英文知识基准测试中的得分略低，但其在中文知识任务中的表现依然稳健。 (3) 在代码和数学领域，dots.llm1在 HumanEval 和 CMath 上取得了更高的分数。有趣的是，在数学方面，我们观察到 dots.llm1 在零样本设置中的表现优于少样本设置，提升超过 4 分。我们将把对此现象的进一步研究留待未来工作。

4.5 分析
稳定训练 如图3所示，损失曲线突出了训练过程的显著稳定性。在整个训练期间，没有发生无法恢复的损失峰值或需要回滚操作的情况。
高质量的网页数据 为了评估我们的网页数据的质量，我们进行了验证实验，将其与TxT360数据集（Tang等，2024）进行比较，后者代表了开源网页数据的当前最先进水平（SOTA）。这些实验使用一个拥有15亿参数的密集模型进行，架构与Qwen2.5 1.5B相同。我们随机抽取3500亿个标记进行训练，以获得可靠的实验结果。如图4所示，我们的结果优于TxT360，展示了通过我们的处理流程所获得的网页数据的高质量。
有效的长上下文扩展 我们在基础模型上使用 RULER（Hsieh 等人，2024）来评估长上下文能力。如表 3 所示，dots.llm1 在 8K 和 16K 上下文长度下都表现出具有竞争力的性能。
经济训练成本 如表4所示，dots.llm1 在训练成本方面展现出显著的效率。比较显示，我们的方法大幅度减少了每一万亿个 token 所需的 GPU 小时数。Qwen2.5 72B 模型（在我们优化的框架下）需要 340K GPU小时，而 dots.llm1 将其降低到仅 130K GPU 小时，显著节省了计算资源和费用。此外，如果考虑整个预训练过程，dots.llm1 仅需 1.46 百万 GPU 小时，而 Qwen2.5 72B 则消耗 6.12 百万 GPU 小时，整体计算资源减少了 4×。这一巨大差距展示了 dots.llm1 的成本效益和可扩展性，使其成为大规模预训练的更经济的选择。
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Figure 4: Comparison of performance curves between the TxT360 dataset and our web data on the MMLU,
TriviaQA, NaturalQuestions, HellaSwag, PIQA, and LAMBADA (Paperno et al., 2016) benchmarks. The
results demonstrate that training with our web data consistently yields superior performance.

Table 4: Comparison of GPU hours across different models, dots.llm1 representing a reduction of 4× in
total computational resources.

Model GPU Hours per One Trillion Tokens Pretraining Tokens Total GPU Hours

Qwen2.5 72B 340K (×1.0) 18.0T 6,120K (×1.0)
dots.llm1 130K (×0.38) 11.2T 1,456K (×0.24)

5 Post-training

5.1 Supervised Fine-tuning

Data Mixture Based on open-source data and internally annotated data, we collect approximately 400K
instruction tuning instances, focusing on several key areas: multi-lingual (primarily Chinese and English)
multi-turn dialogues, knowledge understanding and question answering, complex instruction following,
and reasoning tasks involving mathematics and coding.

For multi-turn dialogue capabilities, we integrate mainstream open-source dialogue datasets with our
extensive collection of high-quality internal Chinese instruction sets. For a small subset of responses in
the open-source data that are of insufficient quality, we refine them using powerful teacher models (e.g.,
DeepSeek-V3 0324 (DeepSeek-AI et al., 2024)). To enhance knowledge understanding QA abilities, we
specifically incorporate datasets focused on factual knowledge and reading comprehension. For complex
instruction following, we meticulously design instruction sets with conditional constraints and filtered
out responses that failed to adhere to these conditions. To develop reasoning capabilities, we introduce
verifiable mathematics and coding datasets, equipped with corresponding verifiers to filter and extract
high-quality supervision signals.

Fine-tuning Configurations The fine-tuning process of dots.llm1.inst consists of two phases. In the
first phase, we perform upsampling and multi-session concatenation on our 400K instruction tuning
instances, then fine-tune dots.llm1.inst for 2 epochs. In the second phase, we further enhance the model’s
capabilities in specific domains (such as mathematics and coding) through rejection sampling fine-tuning
(RFT), incorporating a verifier system to improve performance in these specialized areas. During each
training phase, we employ a cosine learning rate scheduler with a learning rate of 5e-6 that gradually
decayed to a minimum of 1e-6.
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图4：在MMLU、TriviaQA、NaturalQuestions、HellaSwag、PIQA和LAMBADA（Paperno等，2016）基准测试中，TxT360数据集与我们的网页数据性能曲线的比较。结果表明，使用我们的网页数据进行训练始终能获得更优的性能。
表4：不同模型的GPU小时数比较，dots.llm1代表总计算资源减少了4×。

Model GPU Hours per One Trillion Tokens Pretraining Tokens Total GPU Hours

Qwen2.5 72B 340K (×1.0) 18.0T 6,120K (×1.0)
dots.llm1 130K (×0.38) 11.2T 1,456K (×0.24)

5 训练后
5.1 监督微调
基于开源数据和内部标注数据的数据混合，我们收集了大约40万条指令调优实例，重点关注几个关键领域：多语言（主要是中文和英文）多轮对话、知识理解与问答、复杂指令执行，以及涉及数学和编码的推理任务。
为了实现多轮对话能力，我们将主流开源对话数据集与我们丰富的高质量内部中文指令集相结合。对于开源数据中部分质量不足的响应，我们使用强大的教师模型（例如，DeepSeek-V3 0324（DeepSeek-AI 等，2024））进行优化。为了增强知识理解和问答能力，我们特别引入了专注于事实知识和阅读理解的数据集。对于复杂的指令执行，我们精心设计了带有条件限制的指令集，并筛选出未能遵守这些条件的响应。为了培养推理能力，我们引入了可验证的数学和编码数据集，并配备相应的验证器，以筛选和提取高质量的监督信号。

微调配置  �dots.llm1.inst 的微调过程包括两个阶段。在第一阶段，我们对 400K 指令微调实例进行上采样和多会话拼接，然后对 dots.llm1.inst 进行 2 个周期的微调。在第二阶段，我们通过拒绝采样微调（RFT）进一步增强模型在特定领域（如数学和编码）中的能力，结合验证系统以提升这些专业领域的性能。在每个训练阶段，我们采用余弦学习率调度器，学习率为 5e-6，逐渐衰减至最小值 1e-6。
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5.2 Evaluations

Benchmarks We evaluate dots.llm1.inst on a series of post-training benchmarks and compared it with
state-of-the-art models (DeepSeek-AI, 2024b; DeepSeek-AI et al., 2024). Our evaluation framework covers
five main categories: English general capabilities, Chinese general capabilities, alignment, and two
specific subdomains—mathematics and coding.

For English general capabilities, we primarily use representative QA datasets, such as general question-
answering benchmarks like MMLU (Hendrycks et al., 2021a), MMLU-Redux (Gema et al., 2024), and
MMLU-Pro (Wang et al., 2024b), expert-level question-answering benchmarks like GPQA (Rein et al.,
2023), as well as reading comprehension QA datasets such as DROP (Dua et al., 2019). Additionally,
SimpleQA (OpenAI, 2024) evaluates model’s ability to answer fact-seeking questions correctly.

For Chinese general capabilities, we select CLUEWSC (Xu et al., 2020) for coreference resolution evalua-
tion, C-Eval (Huang et al., 2023) for comprehensive Chinese language understanding capabilities, and
C-SimpleQA (He et al., 2024) for factual question answering in Chinese.

To measure the instruction-following and human preference alignment of the dots.llm1.inst model,
we select rule-based verifiable benchmarks (IFEval (Zhou et al., 2023)) and competitive arena-style
benchmarks (AlpacaEval2 (Dubois et al., 2024), ArenaHard (Li et al., 2024)).

For mathematics, we evaluate on competition-level benchmarks AIME24 (MAA, 2024) and CNMO24 (Liu
et al., 2024b), and standard-difficulty benchmarks MATH (Hendrycks et al., 2021b), GSM8K (Cobbe et al.,
2021), and MATH500 (Lightman et al., 2023).

For coding capabilities, we conduct tests on the coding competition LiveCodeBench (Jain et al., 2024), as
well as HumanEval (Chen et al., 2021) and MBPP+ (Liu et al., 2024a).

Evaluation Configurations For general question-answering benchmarks (including MMLU-Pro, DROP,
GPQA, SimpleQA, and Chinese SimpleQA), we utilize evaluation prompts provided by the simple-evals1

framework, while for MMLU-Redux, we apply the zero-shot prompt template from the Zero-Eval2
repository. For other general and alignment datasets, we follow the evaluation methodologies designed
by the original dataset creators.

In mathematics evaluations, we adhere to standard practices for mathematical datasets, using “Please
reason step by step, and put your final answer within \boxed{}” for answer extraction. For competitive
mathematics benchmarks (e.g., AIME24), we employ temperature sampling and multiple-run averaging
to enhance evaluation stability. In our code evaluations for LiveCodeBench, we select data spanning from
May 2024 to January 2025. For evaluating MBPP+, we utilized the v0.2.0 release of EvalPlus (Liu et al.,
2023), which provides reliable assessment for code generation tasks.

5.3 Performance Analysis

English Performance Our evaluation results indicate that dots.llm1.inst demonstrates stable and
comprehensive performance across multiple general English benchmarks. On question-answering tasks
such as MMLU, MMLU-Redux, DROP, and GPQA, dots.llm1.inst delivers competitive results compared
to the Qwen2.5 / Qwen3 series models, demonstrating solid knowledge foundations and reasoning
abilities.

Code Performance The model exhibits competitive coding capabilities, though this aspect is not quite
as exceptional as its performance in other areas. Compared to the Qwen2.5 series, its coding ability is
on par; however, in comparison with more cutting-edge models like Qwen3 and DeepSeek-V3, there
remains room for further improvement.

Math Performance The dots.llm1.inst showcases outstanding mathematical reasoning skills. The model
achieves a score of 33.1 on AIME24, underscoring its advanced problem-solving abilities in complex
mathematics. On MATH500, it attains a score of 84.8, outperforming the Qwen2.5 series and approaching
state-of-the-art results. It also achieved a high score of 40.6 on CNMO24.

Chinese Performance The dots.llm1.inst demonstrates significant advantages in Chinese language
tasks. It achieves a score of 92.6 on CLUEWSC, matching industry-leading performance in Chinese
semantic understanding. On C-Eval, it achieves 92.2, surpassing all models including DeepSeek-V3

1https://github.com/openai/simple-evals
2https://github.com/WildEval/ZeroEval
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5.2 评估
基准测试 我们在一系列训练后基准测试中评估了 dots.llm1.inst，并将其与最先进的模型（DeepSeek-AI，
2024b；DeepSeek-AI 等，2024）进行了比较。我们的评估框架涵盖五个主要类别：英语通用能力、中文通用能力、对齐，以及两个特定子领域——数学和编码。
对于英语通用能力，我们主要使用代表性问答数据集，例如像 MMLU (Hendrycks et al., 2021a)、MMLU-
Redux (Gema et al., 2024) 和 MMLU-Pro (Wang et al., 2024b) 这样的通用问答基准测试，专家级问答基准如
GPQA (Rein et al., 2023)，以及阅读理解问答数据集如 DROP (Dua et al., 2019)。此外，SimpleQA (OpenAI,
2024) 评估模型正确回答事实性问题的能力。
对于中文通用能力，我们选择 CLUEWSC（Xu 等，2020）进行指代消解评估，选择 C-Eval（Huang 等，
2023）进行全面的中文语言理解能力评估，以及 C-SimpleQA（He 等，2024）进行中文事实性问答。
为了衡量 dots.llm1.inst 模型的指令遵循能力和人类偏好对齐情况，我们选择了基于规则的可验证基准（I
FEval（Zhou 等，2023））以及具有竞争性的竞技场风格基准（AlpacaEval2（Dubois 等，2024），Arena
Hard（Li 等，2024））。
对于数学，我们在竞赛级基准测试 AIME24（MAA，2024）和 CNMO24（Liu 等，2024b）以及标准难度基准测试 MATH（Hendrycks 等，2021b）、GSM8K（Cobbe 等，2021）和 MATH500（Lightman 等，20
23）上进行评估。
关于编码能力，我们在编码竞赛 LiveCodeBench（Jain 等人，2024）、HumanEval（Chen 等人，2021）以及 MBPP+ (Liu 等人，2024a) 上进行了测试。
评估配置 对于通用问答基准（包括 MMLU-Pro、DROP、GPQA、SimpleQA 和 Chinese SimpleQA），我们采用 simple-evals1 框架提供的评估提示；而对于 MMLU-Redux，我们使用 Zero-Eval2 仓库中的零样本提示模板。对于其他通用和对齐数据集，我们遵循原始数据集创建者设计的评估方法。

在数学评估中，我们遵循数学数据集的标准做法，使用“请逐步推理，并将你的最终答案放在 \boxed{} 内”进行答案提取。对于竞赛数学基准（例如 AIME24），我们采用温度采样和多次运行平均以增强评估的稳定性。在我们的 LiveCodeBench 代码评估中，选择的数据范围从 2024 年 5 月到 2025 年 1 月。为了评估 MBPP+，我们使用了 EvalPlus（Liu 等人，2023）发布的 v0.2.0 版本，它为代码生成任务提供了可靠的评估。
5.3 性能分析
性能 我们的评估结果显示，dots.llm1.inst 在多个通用英语基准测试中表现出稳定且全面的性能。在问答任务如 MMLU、MMLU-Redux、DROP 和 GPQA 上，dots.llm1.inst 与 Qwen2.5 / Qwen3 系列模型相比，表现具有竞争力，展现了扎实的知识基础和推理能力。

代码性能�该模型展现出具有竞争力的编码能力，尽管这一方面并不像其在其他领域的表现那样出色。与
Qwen2.5系列相比，其编码能力持平；然而，与更先进的模型如Qwen3和DeepSeek-V3相比，仍有进一步提升的空间。
数学表现 dots.llm1.inst 展示了出色的数学推理能力。该模型在 AIME24 上获得了 33.1 分，突显其在复杂数学问题上的高级解决能力。在 MATH500 上，它获得了 84.8 分，超越了 Qwen2.5 系列，接近最先进的水平。在 CNMO24 上也取得了高分 40.6。
中文表现 dots.llm1.inst 在中文任务中表现出显著优势。在 CLUEWSC 上取得了 92.6 的分数，达到了行业领先的中文语义理解水平。在 C-Eval 上取得了 92.2，超越了包括 DeepSeek-V3 在内的所有模型

1https://github.com/openai/simple-evals
2https://github.com/WildEval/ZeroEval
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Table 5: Comparison between dots.llm1.inst and other representative instruction-tuned models. All
models were evaluated within our internal framework under identical conditions. Regarding the Qwen3
series, our evaluations were conducted without the thinking mode enabled.

Benchmark (Metric)
Qwen-2.5 Qwen-2.5 Qwen-3 Qwen-3 DeepSeek DeepSeek gpt4o dots.llm1
32B Inst 72B Inst 32B 235B-A22B V2 Chat V3 0806 .inst

Architecture Dense Dense Dense MoE MoE MoE - MoE
# Activated Params 32B 72B 32B 22B 21B 37B - 14B
# Total Params 32B 72B 32B 235B 236B 671B - 142B

English

MMLU (EM) 83.4 84.4 82.9 86.4 78.6 87.9 86.7 82.1
MMLU-Redux (EM) 83.3 85.9 86.1 88.6 77.9 88.8 87.3 85.1
MMLU-Pro (EM) 68.9 71.0 68.3 69.9 60.2 76.0 74.4 70.4
DROP (F1) 77.8 76.9 88.6 84.8 73.3 91.8 87.6 87.0
GPQA Diamond (Pass@1) 47.2 49.9 54.5 59.4 32.6 56.1 50.1 52.6
SimpleQA (Correct) 6.3 9.6 6.7 12.1 12.1 24.6 38.8 9.3
Average 61.2 62.9 64.5 66.9 55.8 70.9 70.8 64.4

Code

HumanEval (Pass@1) 87.8 84.8 90.2 90.2 79.3 91.5 92.1 88.4
MBPP+ (Pass@1) 74.6 74.6 74.9 75.9 67.2 75.7 75.9 74.5
LiveCodeBench (Pass@1) 31.2 32.7 36.7 43.5 22.0 42.7 38.1 32.0
Average 64.5 64.0 67.3 69.9 56.2 70.0 68.7 65.0

Math

MATH (EM) 82.9 83.6 86.2 88.6 57.1 89.7 79.4 85.0
AIME24 (Pass@1) 16.5 18.8 27.1 37.5 2.9 34.0 13.3 33.1
MATH500 (Pass@1) 81.9 83.1 84.8 88.1 56.2 88.9 78.4 84.8
CNMO24 (Pass@1) 21.1 21.9 26.0 33.2 4.3 33.9 15.6 40.6
Average 50.6 51.9 56.0 61.9 30.1 61.6 46.7 60.9

Chinese

CLUEWSC (EM) 91.7 93.1 91.6 91.4 93.0 93.5 90.3 92.6
C-Eval (EM) 87.4 88.5 82.8 84.4 78.4 86.3 77.8 92.2
C-SimpleQA (Correct) 42.3 51.4 46.6 62.0 56.5 68.9 61.4 56.7
Average 73.8 77.7 73.7 79.3 76.0 82.9 76.5 80.5

Alignment

IFEval (Prompt Strict) 78.9 84.8 84.1 84.1 58.4 86.1 85.2 82.1
AlpacaEval2 (GPT-4o Judge) 50.0 51.3 58.1 66.8 40.4 66.5 53.6 64.4
ArenaHard (GPT-4o Judge) 76.7 85.6 91.5 95.7 41.8 92.1 85.1 87.1
Average 68.5 73.9 77.9 82.2 46.9 81.6 74.6 77.9

(86.3), thus demonstrating comprehensive mastery of Chinese knowledge. For C-SimpleQA, it scores
56.7, substantially outperforming Qwen-2.5 72B Instruct, though still behind DeepSeek-V3 (68.9).

Alignment Performance With respect to instruction following and alignment with human preferences,
dots.llm1.inst demonstrates competitive performance on benchmarks such as IFEval, AlpacaEval2,
and ArenaHard. These results indicate that the model can accurately interpret and execute complex
instructions while maintaining consistency with human intentions and values.

Overall Based on the evaluation results, dots.llm1.inst demonstrates exceptional performance across
Chinese and English general tasks, mathematical reasoning, code generation, and alignment benchmarks
while activating only 14B parameters. The model exhibits strong competitive advantages compared
to Qwen2.5-32B-Instruct and Qwen2.5-72B-Instruct, and achieves comparable or superior performance
relative to Qwen3-32B in bilingual tasks, mathematical reasoning, and alignment capabilities, establishing
itself as a highly efficient open-source solution.

6 MoE Analysis

We examine the expert load of the dots.llm1 model on the Pile test set. For a specific domain D, with ND
tokens processed from this domain by the MoE, the expert load of an expert Ei is defined as:

Expert Load(Ei, D) =
NEi ,D

ND
, ∈ [0, 1] (1)

where NEi ,D represents the number of tokens from domain D that are routed to expert Ei. The expert
load indicates how specialized expert Ei is for domain D. A value of 1 means that every token from the
domain is routed to the expert, while a value of 0 implies the expert is never used for that domain.

dots.llm1 shows stronger expert specialization across all layers. In Figure 5, we observe some experts
that are activated significantly more than random selection for specific domains, such as DM Mathematics.
In contrast, compared to DM Mathematics, the expert load in Wikipedia appears more balanced. This
could be because Wikipedia contains a wide range of knowledge and acts like a knowledge graph
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表5：dots.llm1.inst 与其他具有代表性的指令调优模型的比较。所有模型均在我们的内部框架下，在相同条件下进行了评估。关于 Qwen3 系列，我们的评估是在未启用思考模式的情况下进行的。
Benchmark (Metric)

Qwen-2.5 Qwen-2.5 Qwen-3 Qwen-3 DeepSeek DeepSeek gpt4o dots.llm1
32B Inst 72B Inst 32B 235B-A22B V2 Chat V3 0806 .inst

Architecture Dense Dense Dense MoE MoE MoE - MoE
# Activated Params 32B 72B 32B 22B 21B 37B - 14B
# Total Params 32B 72B 32B 235B 236B 671B - 142B

English

MMLU (EM) 83.4 84.4 82.9 86.4 78.6 87.9 86.7 82.1
MMLU-Redux (EM) 83.3 85.9 86.1 88.6 77.9 88.8 87.3 85.1
MMLU-Pro (EM) 68.9 71.0 68.3 69.9 60.2 76.0 74.4 70.4
DROP (F1) 77.8 76.9 88.6 84.8 73.3 91.8 87.6 87.0
GPQA Diamond (Pass@1) 47.2 49.9 54.5 59.4 32.6 56.1 50.1 52.6
SimpleQA (Correct) 6.3 9.6 6.7 12.1 12.1 24.6 38.8 9.3
Average 61.2 62.9 64.5 66.9 55.8 70.9 70.8 64.4

Code

HumanEval (Pass@1) 87.8 84.8 90.2 90.2 79.3 91.5 92.1 88.4
MBPP+ (Pass@1) 74.6 74.6 74.9 75.9 67.2 75.7 75.9 74.5
LiveCodeBench (Pass@1) 31.2 32.7 36.7 43.5 22.0 42.7 38.1 32.0
Average 64.5 64.0 67.3 69.9 56.2 70.0 68.7 65.0

Math

MATH (EM) 82.9 83.6 86.2 88.6 57.1 89.7 79.4 85.0
AIME24 (Pass@1) 16.5 18.8 27.1 37.5 2.9 34.0 13.3 33.1
MATH500 (Pass@1) 81.9 83.1 84.8 88.1 56.2 88.9 78.4 84.8
CNMO24 (Pass@1) 21.1 21.9 26.0 33.2 4.3 33.9 15.6 40.6
Average 50.6 51.9 56.0 61.9 30.1 61.6 46.7 60.9

Chinese

CLUEWSC (EM) 91.7 93.1 91.6 91.4 93.0 93.5 90.3 92.6
C-Eval (EM) 87.4 88.5 82.8 84.4 78.4 86.3 77.8 92.2
C-SimpleQA (Correct) 42.3 51.4 46.6 62.0 56.5 68.9 61.4 56.7
Average 73.8 77.7 73.7 79.3 76.0 82.9 76.5 80.5

Alignment

IFEval (Prompt Strict) 78.9 84.8 84.1 84.1 58.4 86.1 85.2 82.1
AlpacaEval2 (GPT-4o Judge) 50.0 51.3 58.1 66.8 40.4 66.5 53.6 64.4
ArenaHard (GPT-4o Judge) 76.7 85.6 91.5 95.7 41.8 92.1 85.1 87.1
Average 68.5 73.9 77.9 82.2 46.9 81.6 74.6 77.9

(86.3)，因此展现了对中文知识的全面掌握。在C-SimpleQA中，它得分56.7，远远优于Qwen-2.5 72B Instr
uct，但仍落后于DeepSeek-V3（68.9）。
关于指令执行和与人类偏好的对齐，dots.llm1.inst 在 IFEval、AlpacaEval2 和 ArenaHard 等基准测试中表现出具有竞争力的性能。这些结果表明，该模型能够准确理解和执行复杂指令，同时保持与人类意图和价值观的一致性。
总体而言，基于评估结果，dots.llm1.inst 在中文和英文的通用任务、数学推理、代码生成和对齐基准测试中表现出色，同时仅激活了 14B 参数。该模型在与 Qwen2.5-32B-Instruct 和 Qwen2.5-72B-Instruct 的比较中展现出强大的竞争优势，并在双语任务、数学推理和对齐能力方面实现了与 Qwen3-32B 相当或更优的性能，确立了其作为一种高效的开源解决方案的地位。

6 MoE 分析
我们检查 dots.llm1 模型在 Pile 测试集上的专家负载。对于特定领域 D，由 MoE 处理的该领域中的 ND 个标记，专家 Ei 的专家负载定义为：

Expert Load(Ei, D) =
NEi ,D

ND
, ∈ [0, 1] (1)

其中 NEi ,D 表示从域 D 路由到专家 Ei 的标记数。专家负载表示专家 Ei 在域 D 的专业程度。值为 1 表示该域的每个标记都路由到该专家，而值为 0 则意味着该专家从不用于该域。
dots.llm1 在所有层次上都显示出更强的专家专业化。在图5中，我们观察到一些专家在特定领域（如DM数学）中被激活的程度明显高于随机选择。相比之下，与DM数学相比，维基百科中的专家负载似乎更为均衡。这可能是因为维基百科包含了广泛的知识，并且类似于一个知识图谱
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Figure 5: Expert load heatmap across layers on the Pile test dataset.

encompassing various entities. For the Books domain, which contains various types of data, the expert
loads appear more balanced. This highlights that the load balancing function works as intended, enabling
the model to effectively utilize all experts for handling generic data.

7 Conclusion and Future Work

We introduce dots.llm1, a cost-efficient mixture-of-experts model that achieves state-of-the-art perfor-
mance for its size. By activating only a subset of parameters per token, dots.llm1 significantly reduces
training costs while delivering results comparable with much larger models. Our advanced data pro-
cessing pipeline produces high-quality training data, and the open-sourcing of intermediate checkpoints
provides valuable insights into model learning dynamics. dots.llm1 demonstrates that efficient design
and high-quality data can continually expand the capability boundaries of large language models.
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图5：在Pile测试数据集上各层专家负载热图。
涵盖各种实体。对于包含多种数据类型的图书领域，专家负载看起来更为均衡。这突显了负载均衡功能的正常工作，使模型能够有效利用所有专家处理通用数据。

7 结论与未来工作
我们介绍 dots.llm1，一种具有成本效益的专家混合模型，在其规模上实现了最先进的性能。通过每个令牌仅激活一部分参数，dots.llm1 大大降低了训练成本，同时提供与更大模型相当的结果。我们先进的数据处理流程生成高质量的训练数据，开源的中间检查点为模型学习动态提供了宝贵的见解。dots.llm1 表明，高效的设计和高质量的数据可以不断拓展大型语言模型的能力边界。
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As part of our future work, we aim to train a more powerful model. To achieve an optimal balance
between training and inference efficiency, we plan to integrate more efficient architectural designs such as
Grouped Query Attention (GQA) (Ainslie et al., 2023), Multi-Head Latent Attention (MLA) (DeepSeek-AI,
2024b), and Linear Attention (Yang et al., 2023; Katharopoulos et al., 2020). Additionally, we intend to
explore the use of more sparse mixture-of-experts (MoE) layers to improve the computational efficiency.
Furthermore, since data serves as the foundation of pretraining, we will deepen our understanding
of what constitutes optimal training data and explore methods to achieve more human-like learning
efficiency, maximizing knowledge acquisition from each training example.

References
AI@Meta. Llama 3 model card, 2024a. URL https://github.com/meta-llama/llama3/blob/main/MODE

L CARD.md.

AI@Meta. The llama 4 herd: The beginning of a new era of natively multimodal ai innovation, 2024b.
URL https://ai.meta.com/blog/llama-4-multimodal-intelligence/.

Joshua Ainslie, James Lee-Thorp, Michiel De Jong, Yury Zemlyanskiy, Federico Lebrón, and Sumit
Sanghai. Gqa: Training generalized multi-query transformer models from multi-head checkpoints.
arXiv preprint arXiv:2305.13245, 2023.

Anthropic. Claude 3.7 sonnet system card, 2025. URL https://assets.anthropic.com/m/785e231869ea8
b3b/original/claude-3-7-sonnet-system-card.pdf.

Jacob Austin, Augustus Odena, Maxwell I. Nye, Maarten Bosma, Henryk Michalewski, David Dohan,
Ellen Jiang, Carrie J. Cai, Michael Terry, Quoc V. Le, and Charles Sutton. Program synthesis with large
language models. CoRR, abs/2108.07732, 2021.

Adrien Barbaresi. Trafilatura: A Web Scraping Library and Command-Line Tool for Text Discovery
and Extraction. In Proceedings of the Joint Conference of the 59th Annual Meeting of the Association for
Computational Linguistics and the 11th International Joint Conference on Natural Language Processing:
System Demonstrations, pp. 122–131. Association for Computational Linguistics, 2021. URL https:
//aclanthology.org/2021.acl-demo.15.

Yonatan Bisk, Rowan Zellers, Ronan Le Bras, Jianfeng Gao, and Yejin Choi. PIQA: reasoning about
physical commonsense in natural language. In The Thirty-Fourth AAAI Conference on Artificial Intelligence,
AAAI 2020, The Thirty-Second Innovative Applications of Artificial Intelligence Conference, IAAI 2020, The
Tenth AAAI Symposium on Educational Advances in Artificial Intelligence, EAAI 2020, New York, NY,
USA, February 7-12, 2020, pp. 7432–7439. AAAI Press, 2020. doi: 10.1609/aaai.v34i05.6239. URL
https://doi.org/10.1609/aaai.v34i05.6239.

Andrei Z Broder. On the resemblance and containment of documents. In Proceedings. Compression and
Complexity of SEQUENCES 1997 (Cat. No. 97TB100171), pp. 21–29. IEEE, 1997.

Linzheng Chai, Shukai Liu, Jian Yang, Yuwei Yin, Ke Jin, Jiaheng Liu, Tao Sun, Ge Zhang, Changyu
Ren, Hongcheng Guo, Zekun Wang, Boyang Wang, Xianjie Wu, Bing Wang, Tongliang Li, Liqun
Yang, Sufeng Duan, and Zhoujun Li. Mceval: Massively multilingual code evaluation, 2024. URL
https://arxiv.org/abs/2406.07436.

Jianlv Chen, Shitao Xiao, Peitian Zhang, Kun Luo, Defu Lian, and Zheng Liu. Bge m3-embedding: Multi-
lingual, multi-functionality, multi-granularity text embeddings through self-knowledge distillation,
2024.

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan, Henrique Pondé de Oliveira Pinto, Jared Kaplan,
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作为我们未来工作的一个部分，我们的目标是训练一个更强大的模型。为了在训练和推理效率之间实现最佳平衡，我们计划整合更多高效的架构设计，例如分组查询注意力（GQA）（Ainslie 等，2023）、多头潜在注意力（MLA）（DeepSeek-AI，2024b）和线性注意力（Yang 等，2023；Katharopoulos 等，2020）。此外，我们还打算探索使用更多稀疏的专家混合（MoE）层，以提高计算效率。此外，由于数据是预训练的基础，我们将深化对什么构成最优训练数据的理解，并探索实现更类似人类的学习效率的方法，最大化从每个训练样本中获取的知识。
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Authors are listed alphabetically by the first name. We would like to thank Colin Zhang, Rui Wang, Xing
Yu, Di Feng, and Lei Zhang for their support and helpful discussions. We also thank everyone who has
contributed to dots.llm1 but is not mentioned in this paper.

B Hyperparameters

We display the pretraining hyperparameter configuration in Table 6 comparing with other relevant
models.

Table 6: Architectural and pretraining hyper-parameters of dots.llm1 compared with recent models.
WSD = weight-stable decay (Hu et al., 2024).

Qwen2.5 72B DeepSeek-V2 DeepSeek-V3 dots.llm1

Architecture Dense MoE MoE MoE
Active parameters 72B 21B 37B 14B
Total parameters 72B 236B 671B 142B

Hidden size 8,192 5,120 7,168 4,096
Activation SwiGLU SwiGLU SwiGLU SwiGLU
FFN size 29,568 12,288 18,432 10,944
Vocabulary size 152,064 102,400 129,280 152,064
Attention type GQA MLA MLA MHA
Attention heads 64 128 128 32
KV heads 8 128 128 32
Layers 80 60 61 62
Attention biases Yes No No No
QK normalization No No No Yes
Positional encoding RoPE RoPE RoPE RoPE
MoE FFN size – 1,536 2,048 1,408
Routed experts – 160 256 128
Shared experts – 2 1 2
Top-k experts – 6 8 6
Init. std – 0.006 0.006 0.006

LR schedule – WSD WSD WSD
Warmup steps – 2,000 2,000 4,000
Peak LR – 2.4E-4 2.2E-4 3.0E-4
Optimizer – AdamW AdamW AdamW
Weight decay – 0.1 0.1 0.1
Beta1 – 0.9 0.9 0.9
Beta2 – 0.95 0.95 0.95

Pretraining tokens 18T 8.1T 14.8T 11.2T
Sequence length 4,096 4,096 4,096 8,192
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B 超参数
我们在表6中展示了预训练超参数配置，并与其他相关模型进行了比较。
表6：dots.llm1 与近期模型的架构和预训练超参数对比。WSD = 权重稳定衰减（Hu 等，2024）。

Qwen2.5 72B DeepSeek-V2 DeepSeek-V3 dots.llm1

Architecture Dense MoE MoE MoE
Active parameters 72B 21B 37B 14B
Total parameters 72B 236B 671B 142B

Hidden size 8,192 5,120 7,168 4,096
Activation SwiGLU SwiGLU SwiGLU SwiGLU
FFN size 29,568 12,288 18,432 10,944
Vocabulary size 152,064 102,400 129,280 152,064
Attention type GQA MLA MLA MHA
Attention heads 64 128 128 32
KV heads 8 128 128 32
Layers 80 60 61 62
Attention biases Yes No No No
QK normalization No No No Yes
Positional encoding RoPE RoPE RoPE RoPE
MoE FFN size – 1,536 2,048 1,408
Routed experts – 160 256 128
Shared experts – 2 1 2
Top-k experts – 6 8 6
Init. std – 0.006 0.006 0.006

LR schedule – WSD WSD WSD
Warmup steps – 2,000 2,000 4,000
Peak LR – 2.4E-4 2.2E-4 3.0E-4
Optimizer – AdamW AdamW AdamW
Weight decay – 0.1 0.1 0.1
Beta1 – 0.9 0.9 0.9
Beta2 – 0.95 0.95 0.95

Pretraining tokens 18T 8.1T 14.8T 11.2T
Sequence length 4,096 4,096 4,096 8,192
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C Web Data Curation

C.1 Document Preparation Phase

URL Filtering Similar to RefineWeb (Penedo et al., 2023), URL filtering focuses on filtering toxic
documents based solely on the URL, rather than the document content. We maintain a blocklist of
domains, implementing careful manual verification to ensure removal of pages associated with adult
themes, gambling, and other toxic topics.

Text Extraction Following RefineWeb (Penedo et al., 2023), we employ trafilatura(Barbaresi, 2021) to
extract the main text from webpages. To mitigate the presence of irrelevant content, we implement a
series of custom optimizations for trafilatura, including adjustments to HTML patterns, keyword filtering,
and content length specifications.

Language Identification Leveraging the fastText language identification model from CCNet (Joulin
et al., 2016), we classify the language of each document efficiently. To ensure the quality and relevance of
the dataset, we discard any documents with a language classification confidence score below a threshold
of 0.65. This step is crucial for filtering out noisy or ambiguous data, particularly in multilingual datasets,
and helps maintain a consistent and high-quality corpus.

Identity Removal To ensure unique identification, we compute a 32-character hexadecimal string for
each document using the MD5 digest algorithm. Duplicate documents are then removed randomly
to retain only unique content for further processing. Prior to deduplication, we preprocess the text
by removing all punctuation, normalizing characters to the NFD Unicode format3, converting text to
lowercase, and eliminating extra spaces between words. This step is essential for preserving dataset
integrity and ensuring that only distinct documents are included in the final collection.

C.2 Rule-Based Processing Phase

Line-wise Inter-Document Deduplication We introduce a line-level deduplication method specifically
designed to target repetitive patterns commonly found in the head and tail sections of web documents,
such as advertisements, navigation bars, and other non-informative content. This approach effectively
reduces inter-document redundancy while preserving the essential and meaningful content, ensuring a
cleaner and more focused dataset. First, we extract the first 5 lines and the last 5 lines of each document,
splitting them into individual lines while discarding any lines that are empty or contain only whitespace
or symbols. Next, we calculate the frequency of each line across the entire dataset. For any line that
appears more than 200 times, we retain only its first 200 occurrences within the dataset and remove all
additional instances from their respective documents. If a document does not contain any lines that
need to be removed, it is preserved in its original form. Otherwise, the specified lines are removed, and
the remaining parts are concatenated to form the final document. This method is implemented in an
incremental manner and within distributed systems, making it more efficient and scalable for large-scale
datasets.

Rule-Based Filtering We develop a filtering system based on RefinedWeb (Penedo et al., 2023) and
Gopher (Rae et al., 2021), combining precise heuristic rules and statistical features to systematically remove
low-quality content. Our pipeline includes empty content removal, advertisement and registration
prompt filtering, domain/URL/title-based meta filtering, wiki/code diff detection, structural anomaly
and duplicate content elimination, and content quality filtering. Additionally, we perform manual review
and tailored cleaning for major domains, focusing especially on the top 1,000 sites that comprise 60% of
the data, to ensure consistently high data quality.

Fuzzy Deduplication We employ MinHash (Broder, 1997) and Locality-Sensitive Hashing (LSH)
(Leskovec et al., 2020) to perform approximate deduplication. The process involves the following
steps: First, we apply the same text standardization as in the Identity Removal step. Next, we tokenize
the text using the Jieba tokenizer 4 to handle Chinese text, followed by 5-gram processing. Using the
resulting 5-gram tokens, we compute 2048 MinHash values for each text. These MinHash values are
then divided into 128 bands, each containing 16 rows, as part of the LSH configuration. For any samples
that collided within the same band, we retain only one instance. This approach enables us to efficiently
deduplicate text pairs with a Jaccard similarity of 80%, achieving a high probability of 97.42%.

3https://en.wikipedia.org/wiki/Unicode equivalence
4https://github.com/fxsjy/jieba
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C Web 数据整理
C.1 文档准备阶段
URL 过滤 类似于 RefineWeb (Penedo et al., 2023)，URL 过滤专注于仅根据 URL 过滤有害文档，而不是文档内容。我们维护一个域名黑名单，进行仔细的人工验证，以确保删除与成人主题、赌博和其他有害话题相关的页面。
文本提取 根据RefineWeb（Penedo等人，2023），我们采用trafilatura(Barbaresi，2021)从网页中提取主要文本。为了减少无关内容的出现，我们为trafilatura实施了一系列定制优化，包括对HTML模式的调整、关键词过滤和内容长度的规范。
语言识别 利用来自 CCNet（Joulin 等，2016）的 fastText 语言识别模型，我们高效地对每个文档的语言进行分类。为了确保数据集的质量和相关性，我们会丢弃任何语言分类置信度低于阈值 0.65 的文档。这一步对于过滤噪声或模糊的数据尤为重要，特别是在多语言数据集中，有助于保持一致且高质量的语料库。
身份去除 为了确保唯一识别，我们使用MD5摘要算法为每个文档计算一个32字符的十六进制字符串。然后随机删除重复的文档，只保留唯一内容以供后续处理。在去重之前，我们对文本进行预处理，包括删除所有标点符号、将字符规范化为NFD Unicode格式3、将文本转换为小写，以及消除单词之间的多余空格。这一步对于保持数据集的完整性以及确保最终集合中只包含不同的文档至关重要。

C.2 基于规则的处理阶段
逐行跨文档去重�我们引入了一种逐行级别的去重方法，专门针对网页文档头部和尾部常见的重复模式，例如广告、导航栏和其他非信息性内容。这种方法有效减少了文档之间的冗余，同时保留了核心且有意义的内容，确保数据集更加整洁和专注。首先，我们提取每个文档的前5行和后5行，将它们拆分成单独的行，同时丢弃任何空行或只包含空白符或符号的行。接下来，我们计算每一行在整个数据集中的出现频率。对于任何出现超过{v*}次的行，我们只保留其在数据集中的前{v*}次出现，并删除其余的实例。如果某个文档中没有需要删除的行，则保持其原始状态。否则，删除指定的行，并将剩余部分拼接成最终的文档。这种方法以增量方式在分布式系统中实现，使其在大规模数据集上更高效、更具扩展性。

基于规则的过滤我们开发了一个基于RefinedWeb（Penedo等，2023）和Gopher（Rae等，2021）的过滤系统，结合了精确的启发式规则和统计特征，以系统性地去除低质量内容。我们的流程包括空内容删除、广告和注册提示过滤、基于域名/URL/标题的元数据过滤、维基/代码差异检测、结构异常和重复内容消除，以及内容质量过滤。此外，我们还对主要域名进行人工审核和定制清理，特别关注占据数据60%的前1,000个网站，以确保数据质量始终如一。
模糊去重我们采用MinHash（Broder，1997）和局部敏感哈希（LSH）（Leskovec等，2020）进行近似去重。该过程包括以下步骤：首先，我们对文本进行与身份去除步骤相同的标准化处理。接下来，使用jieb

a分词器4对文本进行分词，以处理中文文本，然后进行5-gram处理。利用得到的5-gram分词，我们为每个文本计算2048个MinHash值。这些MinHash值随后被划分为128个带，每个带包含16行，作为LSH配置的一部分。对于在同一带内发生碰撞的样本，我们只保留一个实例。这种方法使我们能够高效地去重Jaccar

d相似度为80%的文本对，并实现97.42%的高概率。
3https://en.wikipedia.org/wiki/Unicode equivalence
4https://github.com/fxsjy/jieba
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C.3 Model-Based Processing Phase

Web-Type Classification Model Similar to how humans perceive and categorize information, we
implement a web content classifier that distinguishes various types of web pages. The classifier utilizes a
1.5B model that categorizes content into text-rich detail pages (such as articles) and non-essential web
pages, including tool pages (e.g., maps, public transit route queries), audio pages, video pages, forum
sites, and adult websites. Through this process, we selectively preserve only high-quality detail pages for
subsequent processing.

Web Clutter Removal Model We implement a line-wise web clutter removal model to eliminate
unnecessary web page elements such as borders, advertisements, navigational components, and repetitive
content, focusing exclusively on main content. This model evaluates each individual line based on its
informational value, relevance, and quality, assigning a score from 0 to 1. We fine-tune a 1.5B model and
find that it significantly improves the overall data quality.

Quality Model The quality model performs comprehensive multidimensional analysis to evaluate
and score training samples (Qwen, 2024a; Penedo et al., 2024). We design a comprehensive annotation
specification to evaluate text quality, including text fluency, coherence, information redundancy, and
repetition patterns. In order to balance efficiency and model performance, we adopt a k-fold cross
validation method with a 1.5B model and evaluate its discriminative ability using the area under the
ROC curve (AUC). Using the quality score generated by this model, we set a threshold to only retain
high-quality data from the corpus.

Semantic Deduplication In line with Dubey et al. (2024), we implement a semantic deduplication
strategy to eliminate documents with high semantic overlap. Initially, we employ BGE-M3 (Chen et al.,
2024) as an embedding model to create embeddings for each document. Subsequently, we apply the
KMeans algorithm (MacQueen, 1967) to categorize these embeddings into clusters. This clustering step
significantly reduces computational costs in subsequent pairwise similarity calculations. Following the
clustering phase, we compute the pairwise cosine similarity between document embeddings within the
same cluster. Duplicates are identified based on a predefined similarity threshold, which is set to 0.95 in
our process. By doing so, we ensure the preservation of varied and distinctive content while discarding
redundant semantic information.

Category Balancing To curate a more balanced and information-rich training dataset, we first develop
a fine-grained, 200-class content classifier to categorize the vast web data. This classifier enables us
to identify and quantify the distribution of various content types within the corpus. Based on this
categorization, we proportionally increase the representation of knowledge-based and factual content,
such as encyclopedia entries, educational materials, and popular science articles. Meanwhile, we
deliberately reduce the proportion of less informative or structurally formulaic content, including fiction
(e.g., science fiction novels) and product descriptions. This balancing process ensures that the training
dataset is both diverse and skewed towards sources that are rich in reliable information, thereby fostering
the development of language models with stronger comprehension, reasoning, and knowledge retention
abilities.
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C.3 基于模型的处理阶段
Web类型分类模型 类似于人类感知和分类信息的方式，我们实现了一个网页内容分类器，用于区分各种类型的网页。该分类器采用一个拥有15亿参数的模型，将内容划分为以文本为主的详细页面（如文章）和非必要网页，包括工具页面（例如地图、公共交通路线查询）、音频页面、视频页面、论坛网站和成人网站。通过这个过程，我们有选择地只保留高质量的详细页面以供后续处理。

网页杂乱去除模型�我们实现了一种逐行的网页杂乱去除模型，旨在消除不必要的网页元素，如边框、广告、导航组件和重复内容，专注于主要内容。该模型根据每一行的信息价值、相关性和质量进行评估，赋予其0到1的分数。我们对一个1.5B模型进行了微调，发现它显著提升了整体数据质量。

质量模型 质量模型执行全面的多维分析，以评估和评分训练样本（Qwen, 2024a；Penedo 等, 2024）。我们设计了一个全面的注释规范，用于评估文本质量，包括文本流畅性、一致性、信息冗余和重复模式。为了在效率和模型性能之间取得平衡，我们采用了带有1.5B模型的k折交叉验证方法，并使用ROC曲线下面积（AUC）评估其判别能力。利用该模型生成的质量分数，我们设定阈值，仅保留语料库中的高质量数据。
语义去重�根据 Dubey 等人（2024）的研究，我们实施了一种语义去重策略，以消除具有高度语义重叠的文档。最初，我们采用 BGE-M3（Chen 等人，2024）作为嵌入模型，为每个文档生成嵌入向量。随后，我们应用 KMeans 算法（MacQueen，1967）将这些嵌入向量分类到不同的簇中。这一步聚类显著降低了后续成对相似度计算的计算成本。在聚类阶段之后，我们计算同一簇内文档嵌入向量之间的成对余弦相似度。基于预设的相似度阈值（在我们的流程中设为 0.95），识别重复项。通过这种方式，我们确保保留多样且具有特色的内容，同时剔除冗余的语义信息。

类别平衡 为了构建一个更平衡且信息丰富的训练数据集，我们首先开发了一个细粒度的200类内容分类器，用于对海量网页数据进行分类。该分类器使我们能够识别并量化语料库中各种内容类型的分布。基于此分类，我们按比例增加知识型和事实性内容的代表性，例如百科全书条目、教育资料和科普文章。同时，我们有意减少信息量较少或结构上公式化的内容比例，包括小说（例如科幻小说）和产品描述。这一平衡过程确保训练数据集既多样化，又偏向于富含可靠信息的来源，从而促进具有更强理解、推理和知识保持能力的语言模型的发展。
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