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About MCML (Munich Center for Machine Learning)

德国六大人工智能研究中心之一 研究领域

MCML官网：https://mcml.ai/#about 

https://mcml.ai/#about


Sept. 2025 6

多语言NLP与跨语言迁移：致力于探索基于提示的学
习（prompt-based learning）等新范式在多语言和低资
源语言场景下的迁移能力，提出了跨语言检索增强
提示（PARC）等方法，提升了大模型在低资源语言上
的零样本表现，并系统研究了大模型的多语言能力
与迁移机制。

高效NLP方法：关注低资源数据条件下的数据增强、
参数高效微调（PEFT）、模型剪枝等方向，聚焦NLP模
型在资源受限场景下的实用性和可扩展性。

人类启发与可解释NLP：结合计算神经语言学与人
类语言处理机制，研究大模型内部的语言结构与知
识表征，致力于大模型的可解释性和跨学科应用。

Research Profile（1）

Brown et al. (2020)

Nie et al. (2023)

Prompt-based fine-tuning vs. vanilla fine-tuning

Prompt-based fine-tuning for zero-shot cross-lingual transfer

Ma et al. (2023)

https://papers.nips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://aclanthology.org/2023.findings-acl.528.pdf
https://aclanthology.org/2023.konvens-main.1.pdf
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多语言NLP与跨语言迁移：致力于探索基于提示的学
习（prompt-based learning）等新范式在多语言和低资
源语言场景下的迁移能力，提出了跨语言检索增强
提示（PARC）等方法，提升了大模型在低资源语言上
的零样本表现，并系统研究了大模型的多语言能力
与迁移机制。
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参数高效微调（PEFT）、模型剪枝等方向，聚焦NLP模
型在资源受限场景下的实用性和可扩展性。
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Research Profile（2）

GNNavi：一种受上下文学习信息流启发的图神经网络参数高效微调方法

Wang et al. (2023)

Yuan et al. (2024)

https://aclanthology.org/2023.emnlp-main.609.pdf
https://aclanthology.org/2024.findings-acl.237.pdf
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多语言NLP与跨语言迁移：致力于探索基于提示的学
习（prompt-based learning）等新范式在多语言和低资
源语言场景下的迁移能力，提出了跨语言检索增强
提示（PARC）等方法，提升了大模型在低资源语言上
的零样本表现，并系统研究了大模型的多语言能力
与迁移机制。

高效NLP方法：关注低资源数据条件下的数据增强、
参数高效微调（PEFT）、模型剪枝等方向，聚焦NLP模
型在资源受限场景下的实用性和可扩展性。

人类启发与可解释NLP：结合计算神经语言学与人
类语言处理机制，研究大模型内部的语言结构与知
识表征，致力于大模型的可解释性和跨学科应用。

Research Profile（3）
Probing

Mechanistic understanding and mitigation of language confusion 
in LLMs (Nie et al., 2025)

Do LLMs work in English? (Wendler et al., 2024)

LogitLens

Neuron Attribution and Intervention

He et al. (2024)

Cross-lingual factual recall inconsistency (Wang et al., 2025)

https://arxiv.org/pdf/2505.16538
https://aclanthology.org/2024.acl-long.820.pdf
https://aclanthology.org/2024.lrec-main.402.pdf
https://arxiv.org/pdf/2504.04264
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一、大语言模型是什么？

二、我们可以打开“黑箱”吗？

三、以人为本的大语言模型应用

目录
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LLMs transformed various applications

Source: https://llmagents-learning.org/slides/llm-agents-berkeley-intro-sp25.pdf
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从语言模型到生成式AI时代

Source: https://cobusgreyling.medium.com/the-language-model-landscape-is-being-disrupted-again-e6e992c57f8e
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从Transformers到大语言模型
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大语言模型与自然语言处理

自然语言处理（Natural Language Processing，NLP）被誉为“人工智能皇冠上的明珠”

脱胎于自然语言处理的大语言模型引领生成式AI的突破
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基于语言模型的自然语言处理

Credits to Prof. Barbara Plank
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大语言模型是什么？

大语言模型：Large Language Models “大”

https://babylm.github.io/ 

https://babylm.github.io/
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从语言到语言模型

为什么基于Transformers的大语言模型能work？回到语言模型的本质上来。

语言模型的本质就是预测下一个词（next token prediction），
像人一个字一个字地说话一样

语言模型基于前面的内容生成下一个 词的概率

Source: https://www.cnblogs.com/geeksongs/p/14503429.html
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基于神经网络的语言模型

Source: https://llm-course.github.io/materials/2024fall/lecture-1-introduction.pdf
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大语言模型的基础

语言模型的实质：预测下一个词
（Next token predictor）

大语言模型的技术基础：

1. 词向量表征

2. 模型/建模：
Transformer架构

3. 解码

Source: https://lxmls.it.pt/2025/slides/lucas.pdf 

https://lxmls.it.pt/2025/slides/lucas.pdf
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词向量

将离散的token转换到稠密的连续实数空
间中，这样神经网络模型才可以处理。

Source: https://nlpr.ia.ac.cn/uploads/file/20190514/702bcb7536b2b0897240581875202633.pdf
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Language Model after Transformers: 
One type for all

Source: https://lxmls.it.pt/2025/slides/sweta.pdf
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解码算法

Source: https://lxmls.it.pt/2025/slides/lucas.pdf
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Beyond text: 多模态模型

Transformers: Everything, everywhere, all at once

Source: https://lxmls.it.pt/2025/slides/sweta.pdf



Sept. 2025 24

LLM Agent：与环境交互的大语言模型

Source: https://llmagents-learning.org/slides/llm-agents-berkeley-intro-sp25.pdf
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一、大语言模型是什么？

二、我们可以打开“黑箱”吗？

三、以人为本的大语言模型应用

目录
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Human-Inspired Interpretability of LLMs

Understanding LLMs via Mechanistic Interpretability (MI) tools

How does a model arrive at its conclusions?

INPUT Model OUTPUT

Mechanistic interpretability 
investigates internal representations, neurons and circuits within LLMs

correlates them with interpretable properties or functions

Both human brain and LLM are black-boxes

→ meaningful to adapt investigation methods 
for human brain to LLM mechanism research. 
(ref. Keynote talk of Prof. Tom Griffiths at 
EMNLP 2024)

“Biology” of LLMs (Anthropic)

A black box
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Why unveiling the “Black Box” matters?

Towards safer LLMs:

Credits to Zeping YU
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Decoding probing: Revealing internal linguistic structures and conceptual 
understanding of  language models using minimal pairs 
(He & Nie et al., ACL 2025 Findings; He & Chen & Nie et al., LREC-COLING 2024)

Understanding Language Models via probing techniques
● Probing: Investigating the information encoded in the models and the model properties

● Psycholinguistic paradigm measures the model’s output probabilities, directly reflecting the model’s behavior and performance. 
● Neurolinguistic paradigm delves into the internal representations of LLMs.

Probing from Neuro- vs. Psycholinguistic Perspectives:

Probing via Prompting (explicit) Diagnostic Probing (implicit) 

https://arxiv.org/pdf/2411.07533
https://aclanthology.org/2024.lrec-main.402.pdf
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Minimal Pair Probing for Linguistic Form and Meaning 

Form: Grammatical phenomena

Meaning: Conceptual understanding

LLMs encode grammatical features 
better than conceptual features.

LLMs encode meaning after form.

Disparity of form and meaning 
competence across languages.
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Interpreting LLMs: Look into weight matrices, activations and logits

Logit Lens Visualization Do Llamas work in English? 

(Wendler et al., ACL 2024)

https://www.lesswrong.com/posts/AcKRB8w
DpdaN6v6ru/interpreting-gpt-the-logit-lens 

Our recent study employs LogitLens to dissect 
cross-lingual factual Inconsistency in 
English-centric and multilingual LLMs:

LogitLens / TunedLens

Lost in Multilinguality: Dissecting Cross-lingual 
Factual Inconsistency in Transformer 
Language Models (ACL 2025)

https://www.lesswrong.com/posts/AcKRB8wDpdaN6v6ru/interpreting-gpt-the-logit-lens
https://www.lesswrong.com/posts/AcKRB8wDpdaN6v6ru/interpreting-gpt-the-logit-lens
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Interpreting LLMs: Look into weight matrices, activations and logits

Neuron Location and Intervention

Mechanistic understanding and mitigation of language confusion
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Interpreting LLMs: Look into weight matrices, activations and logits

Mapping neurons to a sparse space, 
each sparse “neuron” in the 
replacement model represents a 
human-understandable feature

Replacement model for interpretability
Sparse Autoencoder (SAE), Cross-Layer Transcoder (CLT)

CLT architecture by Anthropic

Tracing language processing mechanism of 
LLMs through attribution graph extracted 
based on the replacement model (e.g., CLT) 
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Interpreting LLMs: Look into weight matrices, activations and logits

Credits to Zeping YU
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Interpreting LLMs: Look into weight matrices, activations and logits

Credits to Zeping YU
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一、大语言模型是什么？

二、我们可以打开“黑箱”吗？

三、以人为本的大语言模型

目录
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以人为中心的大语言模型+

大模型与各领域结合的潜力
• LLM具备强大的知识整合、推理和生成能力，为多学科研究带来新范式。
• 跨学科合作可拓展研究视野，提升创新深度和实际影响力。

以人为中心的大模

型交叉学科应用
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● 结合脑科学、神经科学方法，研究
LLM与人脑在语言处理、推理等方面
的异同，通过脑成像、认知实验等手
段，探索LLM的“类脑”机制。

● 语言模型的类脑建模：
大脑结构启发语言模型的建模

Yang et al. (2024)

TOPOLM: BRAIN-LIKE SPATIO-FUNCTIONAL ORGANIZATION 
IN A TOPOGRAPHIC LANGUAGE MODEL

Rathi et al. (2025)

人类认知启发的大语言模型建模

https://openaccess.thecvf.com/content/CVPR2024/papers/Yang_Brain_Decodes_Deep_Nets_CVPR_2024_paper.pdf
https://openreview.net/pdf?id=aWXnKanInf
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人类记忆启发的大语言模型建模
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面向低资源语言的NLP技术

Prompt-based fine-tuning for zero-shot cross-lingual transfer learning

Prompt-based fine-tuning

Training on English data: prompt pattern, verbalizer, 
fine-tuning by mask token prediction.
Inference in the cross-lingual setting:

● input given in target languages
● no changes in prompt pattern, verbalizer

What about sequence 
labeling tasks?
(e.g. part-of-speeching 
tagging, named entity 
recognition) 
→ ToPro: Token-level 
prompt decomposition

ToPro: Token-Level Prompt Decomposition for Cross-Lingual Sequence Labeling Tasks (Ma* & Nie*, et al., EACL 2024)

https://aclanthology.org/2024.eacl-long.164v2.pdf
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面向低资源语言的NLP技术

Step 1: Retrieval from high-resource language corpora

The pipeline of our proposed PARC method
Step 2: Prediction with a retrieval-augmented prompt

Motivation of our work:
● improve the zero-shot transfer performances of low-resource 

languages (LRLs) on natural language understanding tasks,
● leverage the cross-lingual retrieval and the multilinguality of 

multilingual pretrained language models (MPLMs).
Specifically, we first retrieve semantically similar cross-lingual sentences 
from high-resource languages, then use the cross-lingual retrieval 
information to benefit the LRLs from the multilinguality of MPLMs.

PARC: Cross-Lingual Retrieval Augmented Prompt for Low-Resource Languages (Nie et. al., ACL 2023 Findings)

https://aclanthology.org/2023.findings-acl.528.pdf
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大语言模型社会仿真及建模

LLM persona与社会科学
利用LLM persona模拟，进行社会调查、问卷研究、社会建模。

典型案例：斯坦福“Generative Agent 
Simulations”——1000+ LLM personas模
拟虚拟社会行为。

人格化、文化敏感的
LLM persona

● 机器心理学
（Machine 
Psychology）

社会建模：结合地理、气候等领域，模拟
灾害情境下的人类反应与社会动态。

Feng et al. (2025)

Park et al. (2024)

Hargendorff et al. (2024)

https://openreview.net/pdf?id=BuDqXNjJaG
https://arxiv.org/pdf/2411.10109
https://arxiv.org/pdf/2303.13988v6
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