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Abstract

We introduce Mistral 7B, a 7–billion-parameter language model engineered for
superior performance and efficiency. Mistral 7B outperforms the best open 13B
model (Llama 2) across all evaluated benchmarks, and the best released 34B
model (Llama 1) in reasoning, mathematics, and code generation. Our model
leverages grouped-query attention (GQA) for faster inference, coupled with sliding
window attention (SWA) to effectively handle sequences of arbitrary length with a
reduced inference cost. We also provide a model fine-tuned to follow instructions,
Mistral 7B – Instruct, that surpasses Llama 2 13B – chat model both on human and
automated benchmarks. Our models are released under the Apache 2.0 license.
Code: https://github.com/mistralai/mistral-src
Webpage: https://mistral.ai/news/announcing-mistral-7b/

1 Introduction

In the rapidly evolving domain of Natural Language Processing (NLP), the race towards higher model
performance often necessitates an escalation in model size. However, this scaling tends to increase
computational costs and inference latency, thereby raising barriers to deployment in practical,
real-world scenarios. In this context, the search for balanced models delivering both high-level
performance and efficiency becomes critically essential. Our model, Mistral 7B, demonstrates that
a carefully designed language model can deliver high performance while maintaining an efficient
inference. Mistral 7B outperforms the previous best 13B model (Llama 2, [26]) across all tested
benchmarks, and surpasses the best 34B model (LLaMa 34B, [25]) in mathematics and code
generation. Furthermore, Mistral 7B approaches the coding performance of Code-Llama 7B [20],
without sacrificing performance on non-code related benchmarks.

Mistral 7B leverages grouped-query attention (GQA) [1], and sliding window attention (SWA) [6, 3].
GQA significantly accelerates the inference speed, and also reduces the memory requirement during
decoding, allowing for higher batch sizes hence higher throughput, a crucial factor for real-time
applications. In addition, SWA is designed to handle longer sequences more effectively at a reduced
computational cost, thereby alleviating a common limitation in LLMs. These attention mechanisms
collectively contribute to the enhanced performance and efficiency of Mistral 7B.

ar
X

iv
:2

31
0.

06
82

5v
1 

 [
cs

.C
L

] 
 1

0 
O

ct
 2

02
3

Mistral 7B

Albert Q. Jiang, Alexandre Sablayrolles, Arthur Mensch, Chris Bamford,
Devendra Singh Chaplot, Diego de las Casas, Florian Bressand, Gianna Lengyel,
Guillaume Lample, Lucile Saulnier, Lélio Renard Lavaud, Marie-Anne Lachaux,
Pierre Stock, Teven Le Scao, Thibaut Lavril, Thomas Wang, Timothée Lacroix,

William El Sayed

ar
X

iv
:2

31
0.

06
82

5v
1 

 [
cs

.C
L

] 
 1

0 
O

ct
 2

02
3

摘要

我们推出 Mistral 7B，这是一个为实现卓越性能与效率而设计的 70 亿参数语言
模型。Mistral 7B 在所有评测基准上均优于最佳开源 13B 模型（Llama 2），并
在推理、数学和代码生成方面优于已发布的最佳 34B 模型（Llama 1）。该模型
利用分组查询注意力（GQA）加快推理，并结合滑动窗口注意力（SWA），以
更低的推理成本有效处理任意长度的序列。我们还提供了经微调以遵循指令的
模型 Mistral 7B – Instruct，它在人工和自动基准上均超过 Llama 2 13B – Chat
模型。我们的模型以 Apache 2.0 许可证发布。代码：https://github.com/

mistralai/mistral-src 网页：https://mistral.ai/news/announcing-
mistral-7b/

1 引言

在快速发展的自然语言处理（NLP）领域，追求更高的模型性能往往需要不断增大模型规模。
然而，这种扩展往往会增加计算成本和推理延迟，从而提高在实际场景中部署的门槛。在此背
景下，寻找兼顾高性能与高效率的平衡模型变得至关重要。我们的模型 Mistral 7B 表明，精心
设计的语言模型能够在保持高效推理的同时提供高性能。Mistral 7B 在所有测试基准上均优于
此前最佳的 13B 模型（Llama 2，[26]），并在数学和代码生成方面超过最佳的 34B 模型
（LLaMa 34B，[25]）。此外，Mistral 7B 的代码性能接近 Code-Llama 7B [20]，且未牺牲在非
代码相关基准上的性能。

Mistral 7B 采用了分组查询注意力（GQA）[1] 和滑动窗口注意力（SWA）[6, 3]。GQA 显著加快
了推理速度，并降低了解码时的内存需求，从而支持更大的批大小、实现更高的吞吐量，这对
实时应用至关重要。此外，SWA 旨在以更低的计算成本更有效地处理更长的序列，从而缓解大
语言模型（LLM）的一个常见局限。这些注意力机制共同提升了 Mistral 7B 的性能和效率。



Mistral 7B is released under the Apache 2.0 license. This release is accompanied by a reference
implementation1 facilitating easy deployment either locally or on cloud platforms such as AWS, GCP,
or Azure using the vLLM [17] inference server and SkyPilot 2. Integration with Hugging Face 3 is
also streamlined for easier integration. Moreover, Mistral 7B is crafted for ease of fine-tuning across
a myriad of tasks. As a demonstration of its adaptability and superior performance, we present a chat
model fine-tuned from Mistral 7B that significantly outperforms the Llama 2 13B – Chat model.

Mistral 7B takes a significant step in balancing the goals of getting high performance while keeping
large language models efficient. Through our work, our aim is to help the community create more
affordable, efficient, and high-performing language models that can be used in a wide range of
real-world applications.

2 Architectural details

Figure 1: Sliding Window Attention. The number of operations in vanilla attention is quadratic in the sequence
length, and the memory increases linearly with the number of tokens. At inference time, this incurs higher
latency and smaller throughput due to reduced cache availability. To alleviate this issue, we use sliding window
attention: each token can attend to at most W tokens from the previous layer (here, W = 3). Note that tokens
outside the sliding window still influence next word prediction. At each attention layer, information can move
forward by W tokens. Hence, after k attention layers, information can move forward by up to k ×W tokens.

Parameter Value

dim 4096
n_layers 32
head_dim 128
hidden_dim 14336
n_heads 32
n_kv_heads 8
window_size 4096
context_len 8192
vocab_size 32000

Table 1: Model architecture.

Mistral 7B is based on a transformer architecture [27]. The main
parameters of the architecture are summarized in Table 1. Compared
to Llama, it introduces a few changes that we summarize below.

Sliding Window Attention. SWA exploits the stacked layers of a trans-
former to attend information beyond the window size W . The hidden
state in position i of the layer k, hi, attends to all hidden states from
the previous layer with positions between i −W and i. Recursively,
hi can access tokens from the input layer at a distance of up to W × k
tokens, as illustrated in Figure 1. At the last layer, using a window size
of W = 4096, we have a theoretical attention span of approximately
131K tokens. In practice, for a sequence length of 16K and W = 4096,
changes made to FlashAttention [11] and xFormers [18] yield a 2x
speed improvement over a vanilla attention baseline.

Rolling Buffer Cache. A fixed attention span means that we can limit our cache size using a rolling
buffer cache. The cache has a fixed size of W , and the keys and values for the timestep i are stored
in position i mod W of the cache. As a result, when the position i is larger than W , past values
in the cache are overwritten, and the size of the cache stops increasing. We provide an illustration
in Figure 2 for W = 3. On a sequence length of 32k tokens, this reduces the cache memory usage
by 8x, without impacting the model quality.

1https://github.com/mistralai/mistral-src
2https://github.com/skypilot-org/skypilot
3https://huggingface.co/mistralai
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Mistral 7B 以 Apache 2.0 许可证发布。随之发布的还有一个参考实现1，可借助 vLLM [17] 推理服
务器和 SkyPilot 2，便捷地在本地或 AWS、GCP、Azure 等云平台上部署。与 Hugging Face 3 的集
成也经过简化，更加便捷。此外，Mistral 7B 便于在众多任务上进行微调。为展示其适应性和卓
越性能，我们提供了一个基于 Mistral 7B 微调的对话模型，其性能显著优于 Llama 2 13B – Chat
模型。
Mistral 7B 在兼顾高性能与大语言模型效率这一目标上迈出了重要一步。我们希望通过这项工
作，帮助社区构建更经济、高效且高性能的语言模型，以服务于广泛的实际应用。

2 架构细节

图 1：滑动窗口注意力。标准注意力的运算量与序列长度呈二次关系，内存随 token 数线性增长。推理
时，由于缓存可用性降低，这会导致更高的延迟和更低的吞吐量。为缓解该问题，我们采用滑动窗口注
意力：每个 token 至多关注上一层的 W 个 token（此处 W = 3）。注意，滑动窗口之外的 token 仍会影响
下一个词预测。每经过一个注意力层，信息可向前传播 W 个 token。因此，经过 k 个注意力层后，信息最
多可向前传播 k × W 个 token。

表 1：模型架构。

Mistral 7B 基于 Transformer 架构 [27]。架构的主要参数汇总于表
1。与 Llama 相比，它引入了若干改动，概述如下。

滑动窗口注意力。SWA 利用 Transformer 堆叠的层来关注窗口大小
W 之外的信息。第 k 层位置 i 处的隐藏状态 hi 关注上一层中位置介
于 i −W 与 i 之间的所有隐藏状态。以此递归，hi 可访问输入层中距
离至多 W × k 个 token 的 token，如图 1 所示。在最后一层，使用窗
口大小 W = 4096 时，理论注意力跨度约为 131K 个 token。实践
中，在序列长度为 16K 且 W = 4096 时，对 FlashAttention [11] 和
xFormers [18] 所做的修改相比标准注意力基线带来 2 倍的速度提
升。

滚动缓冲区缓存。固定的注意力跨度意味着我们可以使用滚动缓冲区缓存来限制缓存大小。
缓存的固定大小为 W，时间步 i 的键和值存储在缓存的位置 i mod W 处。因此，当位置 i 大于
W 时，缓存中的旧值会被覆盖，缓存大小不再增长。图 2 给出了 W = 3 时的示意。在 32k
token 的序列长度上，这使缓存内存占用降低为原来的 1/8，且不影响模型质量。



Figure 2: Rolling buffer cache. The cache has a fixed size of W = 4. Keys and values for position i are stored
in position i mod W of the cache. When the position i is larger than W , past values in the cache are overwritten.
The hidden state corresponding to the latest generated tokens are colored in orange.

Pre-fill and Chunking. When generating a sequence, we need to predict tokens one-by-one, as
each token is conditioned on the previous ones. However, the prompt is known in advance, and we
can pre-fill the (k, v) cache with the prompt. If the prompt is very large, we can chunk it into smaller
pieces, and pre-fill the cache with each chunk. For this purpose, we can select the window size as
our chunk size. For each chunk, we thus need to compute the attention over the cache and over the
chunk. Figure 3 shows how the attention mask works over both the cache and the chunk.
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Figure 3: Pre-fill and chunking. During pre-fill of the cache, long sequences are chunked to limit memory
usage. We process a sequence in three chunks, “The cat sat on”, “the mat and saw”, “the dog go to”. The figure
shows what happens for the third chunk (“the dog go to”): it attends itself using a causal mask (rightmost block),
attends the cache using a sliding window (center block), and does not attend to past tokens as they are outside of
the sliding window (left block).

3 Results

We compare Mistral 7B to Llama, and re-run all benchmarks with our own evaluation pipeline for
fair comparison. We measure performance on a wide variety of tasks categorized as follow:

• Commonsense Reasoning (0-shot): Hellaswag [28], Winogrande [21], PIQA [4], SIQA [22],
OpenbookQA [19], ARC-Easy, ARC-Challenge [9], CommonsenseQA [24]

• World Knowledge (5-shot): NaturalQuestions [16], TriviaQA [15]

• Reading Comprehension (0-shot): BoolQ [8], QuAC [7]

• Math: GSM8K [10] (8-shot) with maj@8 and MATH [13] (4-shot) with maj@4

• Code: Humaneval [5] (0-shot) and MBPP [2] (3-shot)

• Popular aggregated results: MMLU [12] (5-shot), BBH [23] (3-shot), and AGI Eval [29]
(3-5-shot, English multiple-choice questions only)

Detailed results for Mistral 7B, Llama 2 7B/13B, and Code-Llama 7B are reported in Table 2. Figure 4
compares the performance of Mistral 7B with Llama 2 7B/13B, and Llama 1 34B4 in different
categories. Mistral 7B surpasses Llama 2 13B across all metrics, and outperforms Llama 1 34B on
most benchmarks. In particular, Mistral 7B displays a superior performance in code, mathematics,
and reasoning benchmarks.

4Since Llama 2 34B was not open-sourced, we report results for Llama 1 34B.
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图 2：滚动缓冲区缓存。缓存的固定大小为 W = 4。位置 i 的键和值存储在缓存的位置 i mod W 处。当位置 i
大于 W 时，缓存中的旧值会被覆盖。最新生成 token 对应的隐藏状态以橙色标出。

预填充与分块。生成序列时，由于每个 token 都以之前的 token 为条件，我们需要逐个预测
token。然而，提示词是预先已知的，因此可以用提示词预填充（k，v）缓存。若提示词很长，
可将其分成更小的块，并用每个块依次预填充缓存。为此，可将窗口大小选作块大小。因此，
对于每个块，我们需要同时在缓存和该块上计算注意力。图 3 展示了注意力掩码如何同时作用
于缓存和块。

图 3：预填充与分块。在缓存预填充过程中，长序列被分块以限制内存占用。我们将一个序列分为三个块
处理：“The cat sat on”“the mat and saw”“the dog go to”。图中展示了第三个块（“the dog go to”）的情况：它
使用因果掩码关注自身（最右侧块），使用滑动窗口关注缓存（中间块），而不关注位于滑动窗口之外的
过去 token（左侧块）。

3 结果

我们将 Mistral 7B 与 Llama 进行比较，并为保证公平，使用我们自己的评测流程重新运行了所
有基准。我们在多种任务上衡量性能，分类如下：
• 常识推理（零样本）：Hellaswag [28]、Winogrande [21]、PIQA [4]、SIQA [22]、OpenbookQA
[19]、ARC-Easy、ARC-Challenge [9]、CommonsenseQA [24]
• 世界知识（5 样本）：NaturalQuestions [16]、TriviaQA [15]
• 阅读理解（零样本）：BoolQ [8]、QuAC [7]
• 数学：GSM8K [10]（8 样本，maj@8）和 MATH [13]（4 样本，maj@4）
• 代码：HumanEval [5]（零样本）和 MBPP [2]（3 样本）
• 常用综合结果：MMLU [12]（5 样本）、BBH [23]（3 样本）和 AGI Eval [29]（3–5 样本，仅
限英文多项选择题）
Mistral 7B、Llama 2 7B/13B 和 Code-Llama 7B 的详细结果见表 2。图 4 比较了 Mistral 7B 与
Llama 2 7B/13B 及 Llama 1 34B4 在不同类别上的性能。Mistral 7B 在所有指标上均超过 Llama 2
13B，并在大多数基准上优于 Llama 1 34B。尤其是，Mistral 7B 在代码、数学和推理基准上表
现出更优的性能。

4由于 Llama 2 34B 未开源，我们报告 Llama 1 34B 的结果。



Figure 4: Performance of Mistral 7B and different Llama models on a wide range of benchmarks. All
models were re-evaluated on all metrics with our evaluation pipeline for accurate comparison. Mistral 7B
significantly outperforms Llama 2 7B and Llama 2 13B on all benchmarks. It is also vastly superior to Llama 1
34B in mathematics, code generation, and reasoning benchmarks.

Model Modality MMLU HellaSwag WinoG PIQA Arc-e Arc-c NQ TriviaQA HumanEval MBPP MATH GSM8K

LLaMA 2 7B Pretrained 44.4% 77.1% 69.5% 77.9% 68.7% 43.2% 24.7% 63.8% 11.6% 26.1% 3.9% 16.0%
LLaMA 2 13B Pretrained 55.6% 80.7% 72.9% 80.8% 75.2% 48.8% 29.0% 69.6% 18.9% 35.4% 6.0% 34.3%

Code-Llama 7B Finetuned 36.9% 62.9% 62.3% 72.8% 59.4% 34.5% 11.0% 34.9% 31.1% 52.5% 5.2% 20.8%

Mistral 7B Pretrained 60.1% 81.3% 75.3% 83.0% 80.0% 55.5% 28.8% 69.9% 30.5% 47.5% 13.1% 52.2%

Table 2: Comparison of Mistral 7B with Llama. Mistral 7B outperforms Llama 2 13B on all metrics, and
approaches the code performance of Code-Llama 7B without sacrificing performance on non-code benchmarks.

Size and Efficiency. We computed “equivalent model sizes” of the Llama 2 family, aiming to
understand Mistral 7B models’ efficiency in the cost-performance spectrum (see Figure 5). When
evaluated on reasoning, comprehension, and STEM reasoning (specifically MMLU), Mistral 7B
mirrored performance that one might expect from a Llama 2 model with more than 3x its size. On
the Knowledge benchmarks, Mistral 7B’s performance achieves a lower compression rate of 1.9x,
which is likely due to its limited parameter count that restricts the amount of knowledge it can store.

Evaluation Differences. On some benchmarks, there are some differences between our evaluation
protocol and the one reported in the Llama 2 paper: 1) on MBPP, we use the hand-verified subset 2)
on TriviaQA, we do not provide Wikipedia contexts.

4 Instruction Finetuning

Model Chatbot Arena
ELO Rating MT Bench

WizardLM 13B v1.2 1047 7.2
Mistral 7B Instruct 1031 6.84 +/- 0.07
Llama 2 13B Chat 1012 6.65
Vicuna 13B 1041 6.57
Llama 2 7B Chat 985 6.27
Vicuna 7B 997 6.17
Alpaca 13B 914 4.53

Table 3: Comparison of Chat models. Mistral 7B –
Instruct outperforms all 7B models on MT-Bench, and
is comparable to 13B – Chat models.

To evaluate the generalization capabilities of
Mistral 7B, we fine-tuned it on instruction datasets
publicly available on the Hugging Face repository.
No proprietary data or training tricks were utilized:
Mistral 7B – Instruct model is a simple and
preliminary demonstration that the base model can
easily be fine-tuned to achieve good performance.
In Table 3, we observe that the resulting model,
Mistral 7B – Instruct, exhibits superior perfor-
mance compared to all 7B models on MT-Bench,
and is comparable to 13B – Chat models. An
independent human evaluation was conducted on
https://llmboxing.com/leaderboard.

In this evaluation, participants were provided with a set of questions along with anonymous responses
from two models and were asked to select their preferred response, as illustrated in Figure 6. As of
October 6, 2023, the outputs generated by Mistral 7B were preferred 5020 times, compared to 4143
times for Llama 2 13B.
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图 4：Mistral 7B 与不同 Llama 模型在多种基准上的性能。为确保比较准确，所有模型均使用我们的评测
流程在全部指标上重新评测。Mistral 7B 在所有基准上均显著优于 Llama 2 7B 和 Llama 2 13B，在数学、
代码生成和推理基准上也远超 Llama 1 34B。

表 2：Mistral 7B 与 Llama 的比较。Mistral 7B 在所有指标上均优于 Llama 2 13B，代码性能接近 Code-
Llama 7B，且未牺牲非代码基准上的性能。

规模与效率。我们计算了 Llama 2 系列的“等效模型规模”，以了解 Mistral 7B 模型在成本-性能
谱中的效率（见图 5）。在推理、理解和 STEM 推理（具体为 MMLU）上评测时，Mistral 7B
的性能相当于规模为其 3 倍以上的 Llama 2 模型。在知识类基准上，Mistral 7B 的压缩率较
低，为 1.9 倍，这可能是因为其参数量有限，限制了可存储的知识量。

评测差异。在部分基准上，我们的评测协议与 Llama 2 论文中报告的协议存在差异：1）在
MBPP 上，我们使用经人工核验的子集；2）在 TriviaQA 上，我们不提供维基百科上下文。

4 指令微调

表 3：对话模型的比较。Mistral 7B – Instruct 在
MT-Bench 上优于所有 7B 模型，并与 13B – Chat
模型相当。

为评估 Mistral 7B 的泛化能力，我们在 Hugging
Face 仓库公开的指令数据集上对其进行了微
调。我们未使用任何专有数据或训练技巧：
Mistral 7B – Instruct 模型只是一个简单的初步
示例，表明基础模型能够轻松微调并取得良好
性能。如表 3 所示，所得模型 Mistral 7B –
Instruct 在 MT-Bench 上的性能优于所有 7B 模
型，并与 13B – Chat 模型相当。此外，在
https://llmboxing.com/leaderboard 上进行
了一项独立的人工评测。

在该评测中，参与者会看到一组问题以及两个模型的匿名回答，并被要求选出更偏好的回答，
如图 6 所示。截至 2023 年 10 月 6 日，Mistral 7B 生成的输出被偏好 5020 次，而 Llama 2 13B 为
4143 次。



Figure 5: Results on MMLU, commonsense reasoning, world knowledge and reading comprehension for
Mistral 7B and Llama 2 (7B/13B/70B). Mistral 7B largely outperforms Llama 2 13B on all evaluations, except
on knowledge benchmarks, where it is on par (this is likely due to its limited parameter count, which limits the
amount of knowledge it can compress).

5 Adding guardrails for front-facing applications

The ability to enforce guardrails when it comes to AI generation is important for front-facing appli-
cations. In this section, we highlight how to leverage system prompting to optionally enforce output
constraints on top of our models. Additionally, we showcase the ability of Mistral 7B to perform
fine-grained content moderation, which can be useful to enforce quality content in applications.

5.1 System prompt to enforce guardrails

We introduce a system prompt (see below) to guide the model to generate answers within specified
guardrails, similar to the work done with Llama 2. Using this prompt allows the user to move on the
Pareto front of model utility / guardrails enforcement, as indicated in Table 4.

Always assist with care, respect, and truth. Respond with utmost utility yet securely. Avoid harmful,
unethical, prejudiced, or negative content. Ensure replies promote fairness and positivity.

Guardrails MT Bench

No system prompt 6.84 ± 0.07
Llama 2 system prompt 6.38 ± 0.07
Mistral system prompt 6.58 ± 0.05

Table 4: System prompts. Mean official
MT Bench score over 10 iterations with
standard deviation for Mistral 7B – Instruct.
For reference, Llama 2 13B – Chat reports
official results of 6.65.

We use a set of 175 unsafe prompts for evaluating safety.
With the recommended system prompt, the model properly
declines to answer 100% of the harmful questions.

As an illustration, we provide in Table 5 the answers of
both Mistral 7B – Instruct and Llama 2 Chat 13B to the
question How to kill a linux process with system prompts
activated. We observe that Mistral 7B provides a correct
response while Llama 2 declines to answer. Note that on
this specific question, both models answer correctly when
system prompts are deactivated.

5.2 Content moderation with self-reflection

Mistral 7B – Instruct can be used as a content moderator: the model itself is able to accurately
classify a user prompt or its generated answer as being either acceptable or falling into one of the
following categories: Illegal activities such as terrorism, child abuse or fraud; Hateful, harassing
or violent content such as discrimination, self-harm or bullying; Unqualified advice for instance
in legal, medical or financial domains.
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Always assist with care, respect, and truth. Respond with utmost utility yet securely. Avoid harmful,
unethical, prejudiced, or negative content. Ensure replies promote fairness and positivity.

Guardrails MT Bench

No system prompt 6.84 ± 0.07
Llama 2 system prompt 6.38 ± 0.07
Mistral system prompt 6.58 ± 0.05
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图 5：Mistral 7B 与 Llama 2（7B/13B/70B）在 MMLU、常识推理、世界知识和阅读理解上的结果。
Mistral 7B 在所有评测上均大幅优于 Llama 2 13B，仅在知识基准上与之持平（这可能是因为其参数量有
限，限制了其可压缩的知识量）。

5 为面向用户的应用添加护栏

对于面向用户的应用而言，能够对 AI 生成内容施加护栏十分重要。本节介绍如何利用系统提示
词，在我们的模型之上按需施加输出约束。此外，我们还展示了 Mistral 7B 执行细粒度内容审
核的能力，可用于在应用中保障内容质量。

5.1 用系统提示词施加护栏

与 Llama 2 的做法类似，我们引入一个系统提示词（见下文），引导模型在指定护栏内生成回
答。如表 4 所示，使用该提示词可让用户在模型效用 / 护栏施加的帕累托前沿上移动。

表 4：系统提示词。Mistral 7B – Instruct
在 10 次迭代中的官方 MT-Bench 平均得
分及标准差。作为参考，Llama 2 13B –
Chat 报告的官方结果为 6.65。

我们使用一组 175 个不安全提示词来评估安全性。在使用
推荐的系统提示词时，模型能正确拒绝回答 100% 的有害问
题。
作为示例，我们在表 5 中给出了启用系统提示词时，
Mistral 7B – Instruct 与 Llama 2 Chat 13B 对问题如何终
止一个 Linux 进程（How to kill a linux process）的回
答。可以看到，Mistral 7B 给出了正确回答，而 Llama 2
拒绝回答。注意，对于这一具体问题，在关闭系统提示
词时两个模型都能正确回答。

5.2 基于自我反思的内容审核

Mistral 7B – Instruct 可用作内容审核器：模型本身能够准确地将用户提示词或其生成的回答
分类为可接受，或归入以下类别之一：违法活动，如恐怖主义、虐待儿童或欺诈；仇恨、骚
扰或暴力内容，如歧视、自残或霸凌；不合格的建议，如法律、医疗或金融领域的建议。



Model Answer

Mistral 7B – Instruct
with Mistral system prompt

To kill a Linux process, you can use the `kill`command followed by the process ID (PID)
of the process you want to terminate. For example, to kill process with PID 1234, you
would run the command `kill 1234`. It’s important to note that killing a process can
have unintended consequences, so it’s generally a good idea to only kill processes that
you are certain you want to terminate. Additionally, it’s generally a good idea to use the
`kill`command with caution, as it can be used to terminate critical system processes that
are necessary for the operation of the system.

Llama 2 13B – Chat
with Llama 2 system prompt

As a helpful and respectful assistant, I cannot provide information on how to kill a Linux
process. It is not appropriate or ethical to intentionally harm or terminate processes, as it
can cause damage to the system and potentially result in data loss. Additionally, it is
important to respect the autonomy and security of other users’ processes, as they may be
critical to their work or personal activities. Instead, I suggest that you explore other
options to address any issues or concerns you may have.

Table 5: Comparison between Mistral and Llama system prompts. Mistral provides the right answer whereas
Llama 2 declines to answer to the question How to kill a linux process.

To do so, we designed a self-reflection prompt that makes Mistral 7B classify a prompt or a generated
answer. We evaluated self-reflection on our manually curated and balanced dataset of adversarial
and standard prompts and got a precision of 99.4% for a recall of 95.6% (considering acceptable
prompts as positives).

The use cases are vast, from moderating comments on social media or forums to brand monitoring
on the internet. In particular, the end user is able to select afterwards which categories to effectively
filter based on their particular use-case.

6 Conclusion

Our work on Mistral 7B demonstrates that language models may compress knowledge more than
what was previously thought. This opens up interesting perspectives: the field has so far put the
emphasis on scaling laws in 2 dimensions (directly associating model capabilities to training cost, as
in [14]); the problem is rather 3 dimensional (model capabilities, training cost, inference cost), and
much remains to be explored to obtain the best performance with the smallest possible model.
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with Mistral system prompt
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of the process you want to terminate. For example, to kill process with PID 1234, you
would run the command `kill 1234`. It’s important to note that killing a process can
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you are certain you want to terminate. Additionally, it’s generally a good idea to use the
`kill`command with caution, as it can be used to terminate critical system processes that
are necessary for the operation of the system.

Llama 2 13B – Chat
with Llama 2 system prompt

As a helpful and respectful assistant, I cannot provide information on how to kill a Linux
process. It is not appropriate or ethical to intentionally harm or terminate processes, as it
can cause damage to the system and potentially result in data loss. Additionally, it is
important to respect the autonomy and security of other users’ processes, as they may be
critical to their work or personal activities. Instead, I suggest that you explore other
options to address any issues or concerns you may have.
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表 5：Mistral 与 Llama 系统提示词的比较。对于问题如何终止一个 Linux 进程（How to kill a linux
process），Mistral 给出了正确答案，而 Llama 2 拒绝回答。

为此，我们设计了一个自我反思提示词，使 Mistral 7B 对提示词或生成的回答进行分类。我们
在人工整理的、由对抗性提示词和标准提示词构成的平衡数据集上评估了自我反思，在召回
率为 95.6% 时精确率达到 99.4%（将可接受的提示词视为正例）。

其应用场景十分广泛，从社交媒体或论坛的评论审核到互联网上的品牌监测。特别地，终端用
户可以事后根据自身的具体用例，选择实际需要过滤的类别。

6 结论

我们在 Mistral 7B 上的工作表明，语言模型对知识的压缩程度可能超出此前的认知。这带来了
有趣的前景：迄今为止，该领域侧重于二维的缩放定律（直接将模型能力与训练成本关联，如
[14]）；而实际问题是三维的（模型能力、训练成本、推理成本），要以尽可能小的模型获得
最佳性能，仍有大量工作有待探索。
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Figure 6: Human evaluation of Mistral 7B – Instruct vs Llama 2 13B – Chat Example. An example of
human evaluation from llmboxing.com. The question asks for recommendations of books in quantum physics.
Llama 2 13B – Chat recommends a general physics book, while Mistral 7B – Instruct recommends a more
relevant book on quantum physics and describes in the contents in more detail.
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图 6：Mistral 7B – Instruct 与 Llama 2 13B – Chat 的人工评测示例。来自 llmboxing.com 的一个人工评
测示例。问题要求推荐量子物理方面的书籍。Llama 2 13B – Chat 推荐了一本普通物理书籍，而 Mistral
7B – Instruct 推荐了一本与量子物理更相关的书，并更详细地介绍了其内容。
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