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0 各类自然语言处理算法快速发展，在很多任务上甚至超越人类
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Dynabench: Rethinking Benchmarking in NLP



0 各类自然语言处理算法快速发展，在很多任务上甚至超越人类
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Post-credit Scenes 

4

自然语言处理真的被解决了吗？

万亿大模型



0 算法在实际应用中的效果却不尽如人意
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搜索引擎线上，精度95%条件下召回率小于20%

能够回答的部分绝大多数都是原文匹配类型



0 算法在实际应用中的效果却不尽如人意
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0 不经过鲁棒性评估会面临巨大风险

7

对话系统答非所问 潜在政治风险 非常不好的用户体验



4 Post-credit Scenes 

8

自然语言处理仍然面临很多问题



0 模型对测试数据的微小变化非常敏感

9Ebrahimi et al., HotFlip: White-Box Adversarial Examples for Text Classification, 2018.



0 模型对测试数据的微小变化非常敏感

Xing et al., Tasty Burgers, Soggy Fries: Probing Aspect Robustness in Aspect-Based Sentiment Analysis, EMNLP 2020 10
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0 为什么会这样？
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1 数据集上存在偏置 – WINOGRANDE

14

AAAI 2020 Best Paper

Sakaguchi et al., WINOGRANDE: An Adversarial Winograd Schema Challenge at Scale, AAAI 2020.

WINOGRANDE: An Adversarial Winograd Schema Challenge at Scale

Winograd Schema Challenge (WSC)
The trophy doesn’t fit into the brown suitcase because it’s too large. trophy / suitcase
The trophy doesn’t fit into the brown suitcase because it’s too small. trophy / suitcase

Commonsense reasoning

RoBERTa large achieves 91.3% accuracy on a variant of WSC dataset

Have neural language models successfully acquired commonsense or are we
overestimating the true capabilities of machine commonsense?

Dataset-specific Biases



1 数据集上存在偏置 – WINOGRANDE
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1 数据集上存在偏置 – WINOGRANDE

16Sakaguchi et al., WINOGRANDE: An Adversarial Winograd Schema Challenge at Scale, AAAI 2020.

Instead of manually identified lexical features, they adopt a dense representation of instances using their
precomputed neural network embeddings.

Main Steps:
1. RoBERTa fine-tuned on a small subset of the dataset.
2. An ensemble of linear classifiers (logistic regressions)

3. Trained on random subsets of the data 

4. Determine whether the representation is strongly

indicative of the correct answer option

5. Discard the corresponding instances



1 数据集上存在偏置 – WINOGRANDE

17Sakaguchi et al., WINOGRANDE: An Adversarial Winograd Schema Challenge at Scale, AAAI 2020.



1 数据集上存在偏置 – WINOGRANDE

18Sakaguchi et al., WINOGRANDE: An Adversarial Winograd Schema Challenge at Scale, AAAI 2020.



1 数据集采样对模型训练和测试重要影响 – Contrast Sets

19Gardner et al., Evaluating Models’ Local Decision Boundaries via Contrast Sets, EMNLP 2020

(a) A two-dimensional dataset that requires a complex decision 
boundary to achieve high accuracy.

(b) If the same data distribution is instead sampled with 
systematic gaps (e.g., due to annotator bias), a simple decision 
boundary can perform well on i.i.d. test data (shown outlined 
in pink).

(c) Since filling in all gaps in the distribution is infeasible, a 
contrast set instead fills in a local ball around a test instance to 
evaluate the model’s decision boundary



1 数据集采样对模型训练和测试重要影响 – Contrast Sets

20Gardner et al., Evaluating Models’ Local Decision Boundaries via Contrast Sets, EMNLP 2020
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The dataset authors manually perturb the test instances in small but meaningful ways that (typically) change the
gold label, creating contrast sets.



1 数据集采样对模型训练和测试重要影响 – Contrast Sets

21Gardner et al., Evaluating Models’ Local Decision Boundaries via Contrast Sets, EMNLP 2020



1 细粒度评测 - Is Chinese Word Segmentation a Solved Task?

22Fu et al. , RethinkCWS: Is Chinese Word Segmentation a Solved Task?，EMNLP 2020



1 细粒度评测 - Is Chinese Word Segmentation a Solved Task?

23Fu et al. , RethinkCWS: Is Chinese Word Segmentation a Solved Task?，EMNLP 2020

Aspect-I: Intrinsic nature
word length (wLen); sentence length (sLen)
OOV density (oDen);

Aspect-II: Familiarity
word frequency (wFre); character frequency (cFre)

Aspect-III: Label consistency
label consistency of word (wCon);
label consistency of character (cCon)

Self-diagnosis：aims to locate the bucket on which the
input model has obtained the worst performance with
respect to a given attribute.

Aided-diagnosis(A,B): aims to compare the performance
of different models on different bucket.



1 细粒度评测 - Rethinking Generalization of Neural Models

24Fu et al. , Rethinking Generalization of Neural Models: A Named Entity Recognition Case Study， AAAI 2020

Entity Coverage Ratio (ECR) The measure
entity coverage ratio is used to describe the
degree to which entities in the test set have
been seen in the training set with the same
category.



1 细粒度评测 - EXPLAINABOARD: An Explainable Leaderboard for NLP

25Liu et al. , EXPLAINABOARD: An Explainable Leaderboard for NLP, ACL 2021



1 数据集划分 – The impact of splitting methods

26
Gorman et al., We need to talk about standard splits, ACL 2019.

Standard splits:

Training: sections 00–18 
Development: sections 19-21
Testing: sections 22-24

Standard Splits

Random Splits



1 数据集划分 – The impact of splitting methods

27
Søgaard, We Need to Talk About Random Splits, EACL 2021.

Blue balls – Training
Orange balls -- Test



0 问题1：为什么基于基准测试集合和常用评价指标的模式不能反映上述问题？
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0 为什么会这样？
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2 Visualizing and Understanding Recurrent Networks 

30
Karpathy et al. , Visualizing and Understanding Recurrent Networks , 2016 

Several examples of cells with interpretable activations discovered in LSTM trained with Linux Kernel 
and War and Peace.



2 Contextual Word Embeddings

31
Peters et al. , Dissecting Contextual Word Embeddings: Architecture and Representation, 2018 

They presented a detailed empirical study of how the choice of neural architecture (e.g. LSTM,
CNN, or self attention) influences both end task accuracy and qualitative properties of the
representations that are learned.

Visualization of contextual similarity between all word pairs in a single sentence using the 4-layer LSTM.

Bottom 
LSTM layer

Top LSTM
layer



2 Contextual Word Embeddings

32Peters et al. , Dissecting Contextual Word Embeddings: Architecture and Representation, 2018 



2 Integrated Gradients 归因方法

33Mudrakarta et al. Did the Model Understand the Question? ACL 2018

Red -- high attribution

Blue -- negative attribution

Gray -- near-zero attribution

Integrated Gradients (IG) (Sundararajan et al.,
2017) to isolate question words that a deep
learning system uses to produce an answer.

Sundararajan et al., Axiomatic attribution for deep networks. 2017

For image networks, the baseline input x' could 
be the black image, while for text models it could 
be the zero embedding vector.



2 Integrated Gradients 归因方法

34

用户查询 : 硫酸沙丁胺醇吸入气雾剂用法

基于Bert的 用户检索词---文章语义匹配模型



2 BERT中Attention Head学习到了丰富的高层语言特征

35Clark et al. , What Does BERT Look At? An Analysis of BERT’s Attention , ACL 2019 

BERT’s attention heads exhibit patterns such as attending to delimiter tokens, specific
positional offsets, or broadly attending over the whole sentence, with heads in the same layer
often exhibiting similar behaviors

Certain attention heads correspond well to linguistic notions of syntax and coreference.

Attention-based probing classifier demonstrated that substantial syntactic information could be
captured in BERT’s attention.

Attention heads exhibiting patterns Attention heads corresponding
to linguistic phenomena The best performing attentions heads of

BERT on WSJ dependency parsing



2 Attention 是否可以解释？

36Sofia Serrano & Noah A. Smith, Is Attention Interpretable?, ACL 2019

Attention layers explicitly weight input
components’ representations, it is also
often assumed that attention can be
used to identify information that
models found important

They observe some ways in which
higher attention weights correlate with
greater impact on model predictions,
they also find many ways in which this
does not hold



2 训练语料对于模型的影响 – Influence Function

37Han et al., Explaining black box predictions and unveiling data artifacts through influence functions, ACL 2020
Pang Wei Koh and Percy Liang. 2017. Understanding black-box predictions via influence functions. ICML 2017

How this change in the model parameters would
in turn affect the loss of the test input

Influence functions：

How upweighting a particular training example (xi, yi) in the
training set {(x1, y1) ,…, ((xn, yn)} by 𝜖! would change the
learned model parameters 𝜃



0 问题2：深度神经网络模型到底学习到了什么？
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0 为什么会这样？
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3 模型评测 - BERT-based Adversarial Examples

40Garg and Ramakrishnan, BAE: BERT-based Adversarial Examples for Text Classification, EMNLP 2020.

They use BERT-MLM to predict masked tokens in the text for generating adversarial examples. The 
MASK token replaces a word (BAE-R attack) or is inserted to the left/right of the word (BAE-I).



3 模型评测 - BERT-based Adversarial Examples

41Garg and Ramakrishnan, BAE: BERT-based Adversarial Examples for Text Classification, EMNLP 2020.

Human evaluation results



3 模型评测 - BERT-ATTACK

42Li et al., BERT-ATTACK: Adversarial Attack Against BERT Using BERT, EMNLP 2020.

BERT-Attack

Target Model

sentence s sentence s\wi

1. Finding Vulnerable Words 2. Word Replacement via BERT



3 模型评测 - BERT-ATTACK

43Li et al., BERT-ATTACK: Adversarial Attack Against BERT Using BERT, EMNLP 2020.



3 模型评测 - A Case Against Synonym-Based Adversarial Example

44Hauser et al., BERT is Robust! A Case Against Synonym-Based Adversarial Examples in Text Classification, arXiv 2021.

Between 96% and 99% of the analyzed attacks do not preserve semantics, indicating 
that their success is mainly based on feeding poor data to the model.



3 模型评测 – Benchmarking Robustness MRC

45Si et al., Benchmarking Robustness of Machine Reading Comprehension Models, ACL 2021

Benchmarking Robustness of Machine Reading Comprehension Models

However, most of these benchmarks only evaluate models on in-domain test sets without considering their 
robustness under test-time perturbations. 



3 模型评测 – Benchmarking Robustness MRC

46Si et al., Benchmarking Robustness of Machine Reading Comprehension Models, ACL 2021



3 模型评测 – Benchmarking Robustness MRC

47

Tang et al., DuReaderrobust: A Chinese Dataset Towards Evaluating Robustness and Generalization of Machine Reading Comprehension in Real-
World Applications, ACL 2021

(1) Over-sensitivity

(2) Over-stability

(3) Generalization

MRC models provide different answers
to the paraphrased questions.

Models might fail into a trap span that
has many words in common with the
question, and extract an incorrect
answer from the trap span

The well-generalized MRC models have
good performance on both in-domain
and out-of-domain data.



3 模型评测 – Benchmarking Robustness MRC

48

Tang et al., DuReaderrobust: A Chinese Dataset Towards Evaluating Robustness and Generalization of Machine Reading Comprehension in Real-
World Applications, ACL 2021



3 模型评测 – NER Can Fine-tuning Pretrained Model Lead to the Promised Land?

49

EMNLP 2020

Lin et al., A Rigorous Study on Named Entity Recognition: Can Fine-tuning Pretrained Model Lead to the Promised Land?, EMNLP 2020

Benchmarks are blessed with strong
name regularity, high mention
coverage and sufficient context
diversity.

When scaling NER to open situations,
these advantages may no longer exist



3

50Lin et al., A Rigorous Study on Named Entity Recognition: Can Fine-tuning Pretrained Model Lead to the Promised Land?, EMNLP 2020

模型评测 – NER Can Fine-tuning Pretrained Model Lead to the Promised Land?



3

51Lin et al., A Rigorous Study on Named Entity Recognition: Can Fine-tuning Pretrained Model Lead to the Promised Land?, EMNLP 2020

模型评测 – NER Can Fine-tuning Pretrained Model Lead to the Promised Land?



3 模型评测 – CHECKLIST

52

CheckList

Ribeiro et al., Beyond Accuracy: Behavioral Testing of NLP Models with CheckList, ACL 2020.

Beyond Accuracy: Behavioral Testing of NLP Models with CheckList

Test NLP models, like we test software

I didn’t love the flight.

I can’t say I recommend the food.

….

@AmericanAir thank you we got on a different flight to Chicago Dallas.

@VirginAmerica I can’t lose my luggage, moving to Brazil Turkey soon

@AmericanAir service wasn’t great. You are lame. ↓

@JetBlue why won't YOU help them?! Ugh. I dread you. ↓



3 模型评测 – CHECKLIST

53Ribeiro et al., Beyond Accuracy: Behavioral Testing of NLP Models with CheckList, ACL 2020.



3 模型评测 – Dynabench

54Kiela et al., Dynabench: Rethinking Benchmarking in NLP, NAACL 2021.

Dynabench is a research platform for dynamic data collection and benchmarking.

This platform in essence is a scientific experiment: can we make faster progress if we collect 
data dynamically, with humans and models in the loop, rather than in the old-fashioned static 
way?



3 模型评测 – Dynabench

55Kiela et al., Dynabench: Rethinking Benchmarking in NLP, NAACL 2021.



3 模型评测 – Eraser

56

http://www.eraserbenchmark.com/
DeYoung et al. ERASER: A Benchmark to Evaluate Rationalized NLP Models, 2020

The Evaluating Rationales And Simple English Reasoning benchmark



3 TextFlint: 自然语言处理鲁棒性分析工具集

57

Unified Multilingual Robustness Evaluation Toolkit for
Natural Language Processing

https://github.com/textflint/textflint



3 TextFlint: 自然语言处理鲁棒性分析工具集

58

完备性 – 20 种通用变形、60种任务特有变形、数千种变形组合

14种NLP常见任务

中英双语

ABC – !"#$%&'()*+
#$,-./0123

456789:;<'=>?@

DEFG – ABC,-DE8FGHIJK
LA@7MNOPQR



3 TextFlint: 自然语言处理鲁棒性分析工具集

59



3 TextFlint: 自然语言处理鲁棒性分析工具集

60

通用变形

同义词

“He loves NLP” is transformed into “He likes NLP”

拼写错误

definitely à difinately

Shanghai à Shenghai EntTypos
Typos

like à l1ke OCR

反义词

John lives in Ireland à John doesn’t live in Ireland



3 TextFlint: 自然语言处理鲁棒性分析工具集

61

NER: SwapNamedEnt

“He was born in China” à “He was born in Llanfairpwllgwyngyllgogerychwyrndrobwllllantysiliogogogoch”

CWS: SwapVerb

看à“看看,” “看一看,” “看了看,” and “看了一看.”

POS: SwapMultiPOS

“There is an apple on the desk” à
“There is an imponderable on the desk”

领域变形



3 TextFlint: 自然语言处理鲁棒性分析工具集

62

分组抽样

原始集合 分组抽样 - Gender

She became a nurse and worked in a hospital.

I told John to come early, but he failed.

The river derives from southern America.

Marry would like to teach kids in the kindergarten.

The storm destroyed many houses in the village. ✘
✓

✓

✘
✓



3 TextFlint: 自然语言处理鲁棒性分析工具集

63

人工检查

• Plausibility (Lambert et al., 2010) measures whether the text is reasonable and written by native
speakers. Sentences or documents that are natural, appropriate, logically correct, and meaningful
in the context will receive a higher plausibility score. Texts that are logically or semantically
inconsistent or contain inappropriate vocabulary will receive a lower plausibility score.

• Grammaticality (Newmeyer, 1983) measures whether the text contains syntax errors. It refers to
the conformity of the text to the rules defined by the specific grammar of a language.



3 TextFlint: 自然语言处理鲁棒性分析工具集

64

人工检查



3 TextFlint: 自然语言处理鲁棒性分析工具集
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3 TextFlint: 自然语言处理鲁棒性分析工具集

66

527
1372
3764
15086 2011-2021年

ACL、EMNLP、NAACL、COLING、IJCAI、AAAI

中文分词、命名实体识别、句法分析、语义匹配、
阅读理解等12个任务相关论文

具备开源代码

有一个以上的数据集集合相同

154 结果可复现
29.22%



3 自然语言处理模型鲁棒性分析初步结果
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绝大部分任务中的大多数模型的鲁棒性都不好
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3 自然语言处理模型鲁棒性分析初步结果

68

大厂商用 Open API Platform 也有类似的问题

Gui, Tao, et al. "Textflint: Unified multilingual robustness evaluation toolkit for natural language processing." arXiv preprint arXiv:2103.11441 (2021).
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同一个变化对不同任务的影响差别很大
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仅数据驱动，模型很难学习到任务特性
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Lin et al., A Rigorous Study on Named Entity Recognition: Can Fine-
tuning Pretrained Model Lead to the Promised Land?, EMNLP 2020
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深度学习真的能解决推理类的任务吗？

Morphology Syntax Pragmatics Paradigmatic
Relation
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Si et al. Benchmarking Robustness of Machine Reading Comprehension Model, ACL 2021



0 提升自然语言处理算法鲁棒性是个系统工程
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每个环节都会对模型的鲁棒性产生影响

根据任务特性驱动模型设计是个值得思考的问题
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4 关系抽取与实体抽取联合训练

73Yan et al., A Partition Filter Network for Joint Entity and Relation Extraction, EMNLP 2021



4 关系抽取与实体抽取联合训练

74Yan et al., A Partition Filter Network for Joint Entity and Relation Extraction, EMNLP 2021



4 针对情感倾向分析任务构建针对性预训练模型

75Li et al., Learning Implicit Sentiment in Aspect-based Sentiment Analysis with Supervised Contrastive Pre-Training, EMNLP 2021

SCAPT to align the representation of explicit and implicit 
sentiment expressions with the same emotion.
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76Li et al., Learning Implicit Sentiment in Aspect-based Sentiment Analysis with Supervised Contrastive Pre-Training, EMNLP 2021



4 针对情感倾向分析任务构建针对性预训练模型

77Li et al., Learning Implicit Sentiment in Aspect-based Sentiment Analysis with Supervised Contrastive Pre-Training, EMNLP 2021
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在深度学习模型黑盒下

任务特性驱动模型设计
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