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Why interpretability?
• Task: predict probability of death for patients with 

pneumonia

• Why: so that high-risk patients can be admitted, low risk 
patients can be treated as outpatients  

• AUC Neural networks   >  AUC Logistic Regression

• Rule based classifier  
 
HasAsthma(X)   —>   LowerRisk(X) 

more intensive care
Example from Caruana et al.
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Why interpretability?
• Legal reasons: uninterpretable models are banned!  

—  GDPR in EU necessitates "right to explanation"

• Distribution shift: deployed model might perform poorly in 
the wild

• User adoption: users happier with explanations

• Better Human-AI interaction and control

• Debugging machine learning models
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Dictionary definition

As per Merriam Webster, accessed on 02/25

Only if we could 
understand 

model.ckpt



Two broad themes

• What is the model learning? 
 

• Can we explain the prediction 
in "understandable terms"?



Comparing two directions

• Input: a model M, a 
(linguistic) property P


• Output: extent to which M 
captures P


• Techniques: classification, 
regression


• Evaluation: implicit

• Input: a model M, a test 
example X


• Output: an explanation E 

• Techniques: varied …  

• Evaluation: complicated

What is the model learning? Explain the prediction



What is the model 
learning?
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Why neural translations are 
the right length?

 Shi et al. EMNLP 2016

Note: LSTMs can learn to count, whereas GRUs can not do 
unbounded counting (Weiss et al. ACL 2018)



Fine grained analysis of 
sentence embeddings

• Sentence representations: word vector averaging, hidden 
states of the LSTM


• Auxiliary Tasks: predicting length, word order, content


• Findings: 
-  hidden states of LSTM capture to a great deal length, 
word order and content 
- word vector averaging (CBOW) model captures content, 
length (!), word order (!!)



Fine grained analysis of 
sentence embeddings



More work…

• Discuss the following two in some detail


• Fine-grained analysis of sentence embeddings using 
auxiliary prediction tasks


• What you can cram into a single vector: Probing sentence 
embeddings for linguistic properties


• Point to a survey and the table here: https://
boknilev.github.io/nlp-analysis-methods/table1.html

https://boknilev.github.io/nlp-analysis-methods/table1.html
https://boknilev.github.io/nlp-analysis-methods/table1.html


What you can cram into a single vector: 
Probing sentence embeddings for 

linguistic properties
• "you cannot cram the meaning of a whole %&!$# 

sentence into a single $&!#* vector"  — Ray Mooney  
 
 

• Design 10 probing tasks: len, word content, bigram shift, 
tree depth, top constituency, tense, subject number, 
object number, semantically odd man out, coordination 
inversion


• Test BiLSTM last, BiLSTM max, Gated ConvNet encoder



Summary: What is the model 
learning? 

 
https://boknilev.github.io/nlp-analysis-methods/table1.html

https://boknilev.github.io/nlp-analysis-methods/table1.html


Explain the prediction



How to evaluate?

Some x, f(x) pairs

Some x, f(x), E triples

Training Phase Test Phase

Input x 
Predict f(x)

Input x 
Predict f(x)



Automatic evaluation

Poerner et al, ACL 2018

Morphosyntactic Agreement
The link provided by the 
editor above encourages ….



Automatic evaluation

Poerner et al, ACL 2018

Hybrid documents 
This is collected from 
Document 1. This text 
comes from Document 
2. …. This text is taken 
from Document n.

Morphosyntactic Agreement
The link provided by the 
editor above encourages ….
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Explanation Technique: 
Influence Functions

• What would happen if a given training point didn’t exist?


• Retraining the network is prohibitively slow, hence 
approximate the effect using influence functions.

Most influential train images

Koh & Liang, ICML 2017



Explanation Techniques: gradient 
based importance scores

Figure from Ancona et al, ICLR 2018



Explanation Technique: 
Extractive Rationale Generation

Key idea: find minimal span(s) of 
text that can (by themselves) explain 
the prediction 

• Generator (x) outputs a probability 
distribution of each word being the 
rational 

• Encoder (x) predicts  the output using 
the snippet of text x

• Regularization to support contiguous 
and minimal spans



Future Directions
• Make the process of explanations interactive


• Ask for details


• What did you read (or see) to believe that


• Contrastive explanations "Why X, why not Y" 

• Complete the feedback loop: update the model based on 
explanations



Thank You! 

Questions?


