Note: This reading list is tentative and subject to change, especially for later
lectures. For paper discussions (even lecture numbers), you will read only one
paper assigned to your group! Dates without “Paper discussions” (odd lecturer
numbers) have papers that will be referenced in the lecture slides and you are
not obliged to read them. So, although there are many papers listed here, you
will be evaluated for reading only 11-12 of them throughout the entire
semester.

Introduction

1. 8/23: Lecture references. Motivation, course overview, and requirements; examples of

projects.
o Project ideas: link.

EMNLP 2020 tutorial: Interpreting Predictions of NLP Models. Link.

NAACL 2022 Tutorial on Human-centered Evaluations of Explanations. Link.

Adebayo et al. Sanity Checks for Saliency Maps. NeurlPS 2018. Link.

Ribeiro et al. "Why Should | Trust You?": Explaining the Predictions of Any

Classifier. KDD 2016. Link. [LIME]

o Li et al. Understanding Neural Networks through Representation Erasure. Arxiv
2017. Link. [leave-one-out]

o Zellers et al. From Recognition to Cognition: Visual Commonsense Reasoning.
CVPR 2019. Link.

o Aggarwal et al. Explanations for CommonsenseQA: New Dataset and Models.
ACL 2021. Link.

o Wiegreffe and Marasovic¢. Teach Me to Explain: A Review of Datasets for
Explainable Natural Language Processing. NeurlPS 2021. Link.
Jay Alammar. The lllustrated Transformer. Link.
Koh and Liang. Understanding Black-box Predictions via Influence Functions.
ICML 2017. Link.

o Yeh et al. Representer Point Selection for Explaining Deep Neural Networks.
NeurlPS 2018. Link.

o Miller. Explanation in artificial intelligence: Insights from the social sciences. AlJ
2019. Link.

o Yang et al. Generating Plausible Counterfactual Explanations for Deep
Transformers in Financial Text Classification. COLING 2020. Link.

o Jacovi and Goldberg. Aligning Faithful Interpretations with their Social Attribution.
TACL 2021. Link.

o Chen et al. KACE: Generating Knowledge-Aware Contrastive Explanations for
NLI. ACL 2021. Link.

o Ross et al. Explaining NLP Models via Minimal Contrastive Editing (MiCE).
Findings of ACL 2021. Link.

o Paranjape et al. Prompting Contrastive Explanations for Commonsense
Reasoning Tasks. Findings of ACL 2021. Link.

O O O

o


https://docs.google.com/document/d/1zPzgGtmRCDrjZISDDgyC4ORUeu_NdChupAs9GjgPD7Y/edit?usp=sharing
https://github.com/Eric-Wallace/interpretability-tutorial-emnlp2020
https://xai-hcee.github.io/
https://arxiv.org/abs/1810.03292
https://arxiv.org/abs/1602.04938?context=cs
https://arxiv.org/abs/1612.08220
https://arxiv.org/abs/1811.10830
https://aclanthology.org/2021.acl-long.238/
https://arxiv.org/abs/2102.12060
https://jalammar.github.io/illustrated-transformer/
https://arxiv.org/abs/1703.04730
https://arxiv.org/abs/1811.09720
https://arxiv.org/abs/1706.07269
https://aclanthology.org/2020.coling-main.541/
https://aclanthology.org/2021.tacl-1.18/
https://aclanthology.org/2021.acl-long.196.pdf
https://arxiv.org/abs/2012.13985
https://arxiv.org/abs/2106.06823

Background

Wu et al. Polyjuice: Generating Counterfactuals for Explaining, Evaluating, and
Improving Models. ACL 2021. Link.

Jacovi et al. Contrastive Explanations for Model Interpretability. EMNLP 2021.
Link.

Ribera and Lapedriza. Can we do better explanations? A proposal of
user-centered explainable Al. Ul Workshops 2019. Link.

2. 8/25: Lecture references. Background: Transformer. Pretraining-finetuning. Data
artifacts.

o

O

o

Vaswani et al. Attention Is All You Need. NeurlPS 2017. Link.

The lllustrated Transformer. Link.

Richter and Wattenhofer. Normalized Attention Without Probability Cage. Arxiv
2020. Link.

Kovaleva et al. Revealing the Dark Secrets of BERT. EMNLP 2019. Link.
Marasovi¢. BERT-base forward pass. Link.

Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language
Understanding. NAACL 2018. Link.

Sequence Models by Noah A. Smith. Link.

Bowman. The Dangers of Underclaiming: Reasons for Caution When Reporting
How NLP Systems Fail. ACL 2022. Link.

Liu et al. RoBERTa: A Robustly Optimized BERT Pretraining Approach. Arxiv
2019. Link.

Radford et al. Language Models are Unsupervised Multitask Learners. 2018.
Link.

Brown et al. Language Models are Few-Shot Learners. NeurlPS 2020. Link.
Raffel et al. Exploring the Limits of Transfer Learning with a Unified Text-to-Text
Transformer. JMLR 2020. Link.

Jia and Liang. Adversarial Examples for Evaluating Reading Comprehension
Systems. EMNLP 2017. Link.

Gururangan*, Swayamdipta*, et al. Annotation Artifacts in Natural Language
Inference Data. NAACL 2018. Link.

Agrawal et al. Analyzing the Behavior of Visual Question Answering Models.
EMNLP 2016. Link.

Pezeshkpour et al. Combining Feature and Instance Attribution to Detect
Artifacts. ACL Findings 2022. Link.

Which part of the input led to a prediction?

3. 8/30: Lecture references. Gradient-based post-hoc explanations.

O

o

Wang et al. Non-local Neural Networks. CVPR 2018. Link.

Dosvitskoy et al. An Image is Worth 16x16 Words: Transformers for Image
Recognition at Scale. ICLR 2021. Link.

Adebayo et al. Sanity Checks for Saliency Maps. NeurlPS 2018. Link.


https://aclanthology.org/2021.acl-long.523/
https://arxiv.org/abs/2103.01378
http://ceur-ws.org/Vol-2327/IUI19WS-ExSS2019-12.pdf
https://arxiv.org/abs/1706.03762
https://jalammar.github.io/illustrated-transformer/
https://arxiv.org/abs/2005.09561
https://aclanthology.org/D19-1445/
https://www.anamarasovic.com/bert-forward/
https://arxiv.org/abs/1810.04805
https://nasmith.github.io/talks/2020-07-23-lecture
https://aclanthology.org/2022.acl-long.516/
https://arxiv.org/abs/1907.11692
https://d4mucfpksywv.cloudfront.net/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://arxiv.org/abs/2005.14165
https://arxiv.org/abs/1910.10683
https://arxiv.org/abs/1707.07328
https://aclanthology.org/N18-2017/
https://arxiv.org/abs/1606.07356
https://aclanthology.org/2022.findings-acl.153/
https://arxiv.org/abs/1711.07971
https://arxiv.org/abs/2010.11929

Ribeiro et al. "Why Should | Trust You?": Explaining the Predictions of Any
Classifier. KDD 2016. Link. [LIME]

Li et al. Understanding Neural Networks through Representation Erasure. Arxiv
2017. Link. [leave-one-out]

Simonyan et al. Deep Inside Convolutional Networks: Visualising Image
Classification Models and Saliency Maps. ICLR Workshop, 2014. Link.

Han et al. Explaining Black Box Predictions and Unveiling Data Artifacts through
Influence Functions. ACL 2020. Link.

Shrikumar et al. Learning Important Features Through Propagating Activation
Differences. ICML 2017. Link. [DeepLIFT]

Bach et al. On Pixel-Wise Explanations for Non-Linear Classifier Decisions by
Layer-Wise Relevance Propagation. Plos One 2015. Link. [LRP]

Selvaraju et al. Grad-CAM: Visual Explanations from Deep Networks via
Gradient-based Localization. [JCV 2019. Link. [Grad-CAM]

Smilkov et al. SmoothGrad: removing noise by adding noise. ICML Workshop on
Visualization for Deep Learning, 2017. Link.

Sundararajan et al. Axiomatic Attribution for Deep Networks. ICML 2017. Link.

4. 9/1: Gradient-based post-hoc explanations. Paper discussions.

O

Group 1: Hooker et al. A Benchmark for Interpretability Methods in Deep Neural
Networks. NeurlPS 2019. Link.

Group 2: Adebayo et al. Sanity Checks for Saliency Maps. NeurlPS 2018. Link.
Group 3: Wang et al. Gradient-based Analysis of NLP Models is Manipulable.
EMNLP Findings 2020. Link.

Group 4: Pruthi et al. Evaluating Explanations: How Much Do Explanations from
the Teacher Aid Students? TACL 2022. Link.

5. 9/6: Attention-based post-hoc explanations.

o O O O

Olah. Understanding LSTM Networks. Link.

Bahdanau et al. Neural Machine Translation by Jointly Learning to Align and
Translate. ICLR 2015. Link.

Yang et al. Evaluating Explanation Without Ground Truth in Interpretable Machine
Learning. Arxiv 2019. Link.

Bibal et al. Is Attention Explanation? An Introduction to the Debate. ACL 2022.
Link.

Jain and Wallace. Attention is not Explanation. NAACL 2019. Link.

Wiegreffe and Pinter. Attention is not not Explanation. EMNLP 2019. Link.
Brunner et al. On Identifiability in Transformers. ICLR 2020. Link.

Sun and Marasovic. Effective Attention Sheds Light On Interpretability. Findings
of EACL 2021. Link.

6. 9/8: Attention-based post-hoc explanations. Paper discussions.

O

Group 1: Kobayashi et al. Attention is not only a weight: Analyzing transformers
with vector norms. EMNLP 2020. Link.


https://arxiv.org/abs/1312.6034
https://arxiv.org/abs/1704.02685
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0130140
https://arxiv.org/abs/1610.02391
https://arxiv.org/abs/1706.03825
https://arxiv.org/abs/1703.01365
https://arxiv.org/abs/1806.10758
https://arxiv.org/abs/1810.03292
https://arxiv.org/abs/2010.05419
https://arxiv.org/abs/2012.00893
https://colah.github.io/posts/2015-08-Understanding-LSTMs/
https://arxiv.org/abs/1409.0473
https://arxiv.org/abs/1907.06831
https://aclanthology.org/2022.acl-long.269/
https://arxiv.org/abs/1902.10186
https://arxiv.org/abs/1908.04626
https://arxiv.org/abs/1908.04211
https://arxiv.org/abs/2105.08855
https://aclanthology.org/2020.emnlp-main.574/

o

Group 2: Tutek and Snajder. Staying True to Your Word: (How) Can Attention
Become Explanation? Workshop on Representation Learning for NLP 2020. Link.
Group 3: Bastings and Filippova. The elephant in the interpretability room: Why
use attention as explanation when we have saliency methods? BlackboxNLP
2020. Link.

7. 9/13: Select-then-predict; faithfulness.

O

Jacovi and Goldberg. Towards Faithfully Interpretable NLP Systems: How Should
We Define and Evaluate Faithfulness? ACL 2020. Link.

Rudin. Stop Explaining Black Box Machine Learning Models for High Stakes
Decisions and Use Interpretable Models Instead. Nature Machine Intelligence
(2019). Link.

Lei et al. Rationalizing Neural Predictions. EMNLP 2016. Link.

Bastings et al. Interpretable Neural Predictions with Differentiable Binary
Variables. ACL 2019. Link.

Wiegreffe and Marasovi¢. Teach Me to Explain: A Review of Datasets for
Explainable Natural Language Processing. NeurlPS 2021. Link.

Yu et al. Rethinking Cooperative Rationalization: Introspective Extraction and
Complement Control. EMNLP 2019. Link.

DeYoung et al. ERASER: A Benchmark to Evaluate Rationalized NLP Models.
ACL 2020. Link.

Carton et al. Evaluating and Characterizing Human Rationales. EMNLP 2020.
Link.

Kingma and Welling. Auto-Encoding Variational Bayes. ICLR 2014. Link.

Jain et al. Learning to Faithfully Rationalize by Construction. ACL 2020. Link.
Doshi-Velez and Kim. Towards A Rigorous Science of Interpretable Machine
Learning. Arxiv 2017. Link.

Chen et al. FRAME: Evaluating Simulatability Metrics for Free-Text Rationales.
Arxiv 2022. Link.

Feng et al. Pathologies of Neural Models Make Interpretations Difficult. EMNLP
2018. Link.

Alvarez-Melis and Jaakkola. On the Robustness of Interpretability Methods. 2018
ICML Workshop on Human Interpretability in Machine Learning (WHI 2018). Link.

8. 9/15. Concept-based and hierarchical explanations.

O

Kim et al. Interpretability Beyond Feature Attribution: Quantitative Testing with
Concept Activation Vectors (TCAV). ICML 2018. Link.

Nejadgholi et al. Improving Generalizability in Implicitly Abusive Language
Detection with Concept Activation Vectors. ACL 2022. Link.

Antognini and Faltings. Rationalization through Concepts. Findings of ACI 2021.
Link.

Rigotti et al. Attention-based Interpretability with Concept Transformers. ICLR
2022. Link. (Check out related works cited in this paper)

Reading papers:


https://aclanthology.org/2020.repl4nlp-1.17.pdf
https://arxiv.org/abs/2010.05607
https://aclanthology.org/2020.acl-main.386/
https://www.nature.com/articles/s42256-019-0048-x
https://arxiv.org/abs/1606.04155
https://aclanthology.org/P19-1284/
https://arxiv.org/abs/2102.12060
https://arxiv.org/abs/1910.13294
https://arxiv.org/abs/1911.03429
https://arxiv.org/abs/2010.04736
https://arxiv.org/abs/1312.6114
https://arxiv.org/abs/2005.00115
https://arxiv.org/abs/1702.08608
https://arxiv.org/abs/2207.00779
https://aclanthology.org/D18-1407/
https://arxiv.org/abs/1806.08049
https://arxiv.org/abs/1711.11279
https://aclanthology.org/2022.acl-long.378/
https://arxiv.org/abs/2105.04837
https://openreview.net/pdf?id=kAa9eDS0RdO

o

i.  Fong. Reading a Computer Science Research Paper. Inroads — SIGCSE
Bulletin. Link.
ii. Keshav. How to Read a Paper. ACM SIGCOMM Computer
Communication Review. Link.
iii.  Mitzenmacher. How to read a research paper. 2015. Link.
Reviewing papers:
i. Rogers and Augenstein. How to review for ACL Rolling Review. Link.
i. Rogers and Augenstein. What Can We Do to Improve Peer Review in
NLP? EMNLP Findings 2020.
iii.  NLP Highlights Podcast: On Writing Quality Peer Reviews, with Noah A.
Smith. Link.

iv. Two example good reviews from NAACL 2018 presented in their

reviewing form
v.  Discursive advice in ACL 2017 from leading lights in the field: Mirella

Lapata, Marco Baroni, Yoav Artzi, Emily Bender, Joel Tetreault, Ani
Nenkova, and Tim Baldwin
vi.  Advice on Reviewing for EMNLP 2020

vii.  Allman. Thoughts on Reviewing. ACM Computer Communication Review
Editorial Zone 2008. Link.
viii.  Cormode. How NOT to review a paper: The tools and techniques of the

adversarial reviewer. SIGMOD Record 2008. Link.
ix.  Smith. The Task of the Referee. IEEE Computer 1990. Link.

9. 9/20: Paper discussions.

O

Group 1: Jacovi and Goldberg. Aligning Faithful Interpretations with their Social
Attribution. TACL 2021. Link. (“Only” until Section 10!)

Group 2: Carton et al. Evaluating and Characterizing Human Rationales. EMNLP
2020. Link.

Group 3: Rigotti et al. Attention-based Interpretability with Concept Transformers.
ICLR 2022. Link.

In plain English, why is this input assigned this label?

10. 9/22: Free-text explanations.

O

Marasovi¢ et al. Natural Language Rationales with Full-Stack Visual Reasoning:
From Pixels to Semantic Frames to Commonsense Graphs. EMNLP Findings
2020. Link.

Kayser et al. e-ViL: A Dataset and Benchmark for Natural Language
Explanations in Vision-Language Tasks. ICCV 2021. Link.

Wiegreffe et al. Measuring Association Between Labels and Free-Text
Rationales. EMNLP 2021. Link.

Marasovi¢ et al. Few-Shot Self-Rationalization with Natural Language Prompts.
NAACL Findings 2022. Link.


https://svivek.com/teaching/structured-prediction/spring2021/readings/fong2009reading_a.pdf
https://svivek.com/teaching/structured-prediction/spring2021/readings/keshav2007how_to_read_a.pdf
https://svivek.com/teaching/structured-prediction/spring2021/readings/mitzenmacher-how.pdf
https://aclrollingreview.org/reviewertutorial#strengths-of-the-paper
https://aclanthology.org/2020.findings-emnlp.112.pdf
https://aclanthology.org/2020.findings-emnlp.112.pdf
https://soundcloud.com/nlp-highlights/77-on-writing-quality-peer-reviews-with-noah-a-smith
https://naacl2018.wordpress.com/2018/01/20/a-review-form-faq/
https://naacl2018.wordpress.com/2018/01/20/a-review-form-faq/
https://2020.emnlp.org/blog/2020-05-17-write-good-reviews
https://2020.emnlp.org/blog/2020-05-17-write-good-reviews
https://svivek.com/teaching/structured-prediction/spring2021/readings/allman2008thoughts.pdf
https://svivek.com/teaching/structured-prediction/spring2021/readings/cormode2008how.pdf
https://svivek.com/teaching/structured-prediction/spring2021/readings/smith1990the_task_of.pdf
https://aclanthology.org/2021.tacl-1.18/
https://arxiv.org/abs/2010.04736
https://openreview.net/pdf?id=kAa9eDS0RdO
https://arxiv.org/abs/2010.07526
https://arxiv.org/abs/2105.03761#:~:text=e%2DViL%20is%20a%20benchmark,generate%20NLEs%20for%20VL%20tasks.
https://arxiv.org/abs/2010.12762
https://arxiv.org/abs/2111.08284

Lampinen et al. Can language models learn from explanations in context? Arxiv
2022. Link.

Wei et al. Chain of Thought Prompting Elicits Reasoning in Large Language
Models. Arxiv 2022. Link.

Zelikman et al. STaR: Bootstrapping Reasoning With Reasoning. Arxiv 2022.
Link.

11. 9/27: Free-text explanations. Paper discussions.

O

Extra:

Group 1: Majumder et al. Knowledge-Grounded Self-Rationalization via
Extractive and Natural Language Explanations. ICML 2022. Link.

Group 2: Chen et al. FRAME: Evaluating Simulatability Metrics for Free-Text
Rationales. Arxiv 2022. Link.

Group 3: Ye and Durrett. The Unreliability of Explanations in Few-Shot In-Context
Learning. Arxiv 2022. Link.

Camburu et al. Make Up Your Mind! Adversarial Generation of Inconsistent
Natural Language Explanations. ACL 2020. Link.

Which training examples caused the prediction?

12. 9/29: Influence functions.

O

O

Koh and Liang. Understanding Black-box Predictions via Influence Functions.
ICML 2017. Link.

Guo et al. FastlF: Scalable Influence Functions for Efficient Model Interpretation
and Debugging. EMNLP 2021. Link.

Pruthi et al. Estimating Training Data Influence by Tracing Gradient Descent.
NeurlPS 2020. Link.

Yeh et al. Representer Point Selection for Explaining Deep Neural Networks.
NeurlPS 2018. Link.

Han et al. Explaining Black Box Predictions and Unveiling Data Artifacts through
Influence Functions. ACL 2020. Link.

Basu et al. Influence Functions in Deep Learning Are Fragile. ICLR 2021. Link.

13. 104: Alternatives for computing influence. Paper discussions.

o

Group 1: Guo et al. FastIF: Scalable Influence Functions for Efficient Model
Interpretation and Debugging. EMNLP 2021. Link.

Group 3: Han et al. ORCA: Interpreting Prompted Language Models via Locating
Supporting Data Evidence in the Ocean of Pretraining Data. Arxiv 2022. Link.

Which part of the input should be changed to change the prediction to a given label?

14. 10/6: Contrastive editing; contrastive vector representation.

o

Miller. Explanation in artificial intelligence: Insights from the social sciences. In
AlJ 2019. Chapter 2. Link.

Yang et al. Generating Plausible Counterfactual Explanations for Deep
Transformers in Financial Text Classification. COLING 2020. Link.

Jacovi and Goldberg. Aligning Faithful Interpretations with their Social Attribution.
TACL 2021. Link.


https://arxiv.org/abs/2204.02329
https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2203.14465
https://arxiv.org/abs/2106.13876
https://arxiv.org/abs/2207.00779
https://arxiv.org/abs/2205.03401?context=cs
https://aclanthology.org/2020.acl-main.382/
https://arxiv.org/abs/1703.04730
https://arxiv.org/abs/2002.08484
https://arxiv.org/abs/1811.09720
https://arxiv.org/abs/2005.06676
https://openreview.net/pdf?id=xHKVVHGDOEk
https://arxiv.org/abs/2012.15781
https://openreview.net/pdf?id=F0UQv_MNWCt
https://arxiv.org/abs/1706.07269
https://arxiv.org/abs/2010.12512

Chen et al. KACE: Generating Knowledge-Aware Contrastive Explanations for
NLI. ACL 2021. Link.

Ross et al. Explaining NLP Models via Minimal Contrastive Editing (MiCE). ACL
Findings 2021. Link.

Paranjape et al. Prompting Contrastive Explanations for Commonsense
Reasoning Tasks. ACL Findings 2021. Link.

Wu et al. Polyjuice: Generating Counterfactuals for Explaining, Evaluating, and
Improving Models. ACL 2021. Link.

Jacovi et al. Contrastive Explanations for Model Interpretability. EMNLP 2021.
Link.

Goyal et al. Counterfactual Visual Explanations. ICML 2019. Link.

ALICE: Active Learning with Contrastive Natural Language Explanations. EMNLP
2020. Link.

Kanehira et al. Multimodal Explanations by Predicting Counterfactuality in
Videos. CVPR 2019. Link.

Psychology of human explanations
17. 10/18: Foundations.

o

Lombrozo. Explanation and abductive inference. Oxford handbook of thinking
and reasoning 2012. Link.

Aronowitz and Lombrozo. Experiential Explanation. Topics in Cognitive Science
2020. Link.

Kuhn. How do people know? Psychological science 2001. Link.

Wilson and Keil. The shadows and shallows of explanation. Minds and machines
1998. Link.

Keil. Folkscience: Coarse interpretations of a complex reality. Trends in cognitive
sciences 2003. Link.

Giffin, Wilkenfeld, and Lombrozo. The explanatory effect of a label: Explanations
with named categories are more satisfying. Cognition 2017. Link.

Lombrozo. Explanatory preferences shape learning and inference. Trends in
Cognitive Sciences 2016. Link.

Blanchard, Vasilyeva, and Lombrozo. Stability, breadth and guidance.
Philosophical Studies 2018. Link.

Scharrer et al. The seduction of easiness: How science depictions influence
laypeople’s reliance on their own evaluation of scientific information. Learning
and Instruction 2012. Link.

Extra: Integrating psychological frameworks.

O

Yang et al. A Psychological Theory of Explainability. ICML 2022. Link.


https://aclanthology.org/2021.acl-long.196/
https://arxiv.org/abs/2012.13985
https://arxiv.org/abs/2106.06823
https://arxiv.org/abs/2101.00288
https://arxiv.org/abs/2103.01378
https://arxiv.org/abs/1904.07451
https://aclanthology.org/2020.emnlp-main.355/
https://arxiv.org/abs/1812.01263
https://cognition.princeton.edu/sites/default/files/cognition/files/explanation_abductive_inference.pdf
https://cognition.princeton.edu/sites/default/files/aronowitz_experiential.pdf
https://xai-hcee.github.io/references
https://cogdevlab.yale.edu/sites/default/files/files/shadows%20and%20shallows.pdf
https://cogdevlab.yale.edu/sites/default/files/files/KeilTICS04.pdf
https://cognition.princeton.edu/sites/default/files/cognition/files/effect_of_a_label.pdf
https://cognition.princeton.edu/sites/default/files/cognition/files/explanatory_prefs_tics.pdf
https://cognition.princeton.edu/sites/default/files/cognition/files/blanchard2018_article_stabilitybreadthandguidance.pdf
https://d1wqtxts1xzle7.cloudfront.net/79016558/j.learninstruc.2011.11.00420220118-25206-xsckke-with-cover-page-v2.pdf?Expires=1660105886&Signature=Vt6BO23ISDnodc5FjLEM1e0klchn5HlwcKvke7NtjNq9ycJvjKwPlBG-hkM7F8GKBI-TctYpLOEaK3cpfOs03UX~Y52d2YHpYJGwxs0RW86L5f29~taISnqDU8YyRubpZDHoDxx~SRYMxAHH-b5VRpl4YIW2vwpQZIj5-FgGyLiRuI4ZJ2mDeeaZz9~Tg4nZWLqnv0bnicxaBzWK3PPcb-u6mW4HvVPiumx1DwJIfQON7JhK-fwPeUpRhZseUPxDTP3yN6BC~Tkz3RW2ea3N2p7iQSu~z5I955MRGkJ0svFJRlSD4M-vSDWLdGZGV2CmsTxi78wdQYixYYCCUlXsdg__&Key-Pair-Id=APKAJLOHF5GGSLRBV4ZA
https://arxiv.org/abs/2205.08452

Jacovi et al. Diagnosing Al Explanation Methods with Folk Concepts of Behavior.
Arxiv 2022. Link.

Gonzaélez et al. On the Interaction of Belief Bias and Explanations. ACL Findings
2021. Link.

Application-grounded, human-subject evaluations of explanations

18. 10/20: Experimental design, use cases, and challenges.

o

Buginca et al. Proxy Tasks and Subjective Measures Can Be Misleading in
Evaluating Explainable Al Systems. IUl 2020. Link.

Laio and Varshney. Human-Centered Explainable Al (XAl): From Algorithms to
User Experiences. Book chapter.

Suresh et al. Beyond Expertise and Roles: A Framework to Characterize the
Stakeholders of Interpretable Machine Learning and their Needs. CHI 2021.
Link.

Lai and Tan. On Human Predictions with Explanations and Predictions of
Machine Learning Models: A Case Study on Deception Detection. FAccT 2019.
Link.

Zhang et al. Effect of Confidence and Explanation on Accuracy and Trust
Calibration in Al-Assisted Decision Making. FAccT 2020. Link.

Wang and Yin. Are Explanations Helpful? A Comparative Study of the Effects of
Explanations in Al-Assisted Decision-Making. Ul 2021. Link.

McKnight et al. Developing and validating trust measures for e-commerce: An
integrative typology. Information systems research 2002. Link.

Cheng et al. Explaining Decision-Making Algorithms through Ul:

Strategies to Help Non-Expert Stakeholders. CHI 2019. Link.

Lai et al. Towards a Science of Human-Al Decision Making: A Survey of
Empirical Studies. arXiv 2021. Link.

Kaur et al. Interpreting Interpretability: Understanding Data Scientists’ Use of
Interpretability Tools for Machine Learning. CHI 2020. Link.

Dodge et al. Explaining models: an empirical study of how explanations impact
fairness judgment. Ul 2019. Link.

Kaur et al. Sensible Al: Re-imagining Interpretability and Explainability using
Sensemaking Theory. FAccT 2022. Link.

19. 10/25: Human-subject evaluations of explanations in NLP and CV. Paper discussions.

O

Extra:

Group 1: Gonzalez et al. Do Explanations Help Users Detect Errors in
Open-Domain QA? An Evaluation of Spoken vs. Visual Explanations. ACL 2021.
Link.

Group 3: Colin et al. What | Cannot Predict, | Do Not Understand: A
Human-Centered Evaluation Framework for Explainability Methods. arXiv 2021.
Link.


https://arxiv.org/abs/2201.11239
https://arxiv.org/abs/2106.15355
https://arxiv.org/abs/2001.08298
https://arxiv.org/abs/2110.10790
https://arxiv.org/abs/2101.09824
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