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(1) Overview of Interpretability (Matt, 25 min)
(2) What Parts of An Input Led to a Prediction? (Sameer, 45 min)
(3) What Decision Rules Led to a Prediction? (Eric, 20 min)

Open QA (30 min)
Break (30 min)

(4) Which Training Examples Caused a Prediction? (Sameer, 20 min)
(5) Implementing Interpretations (Matt, 15 min)
(6) Open Problems (Eric, 25 min)
Open QA + Discussion (30 min)



(1) Overview of Interpretability

(2) What Parts of An Input Led to a Prediction?

(3) What Decision Rules Led to a Prediction?

(4) Which Training Examples Caused a Prediction?

(5) Implementing Interpretations

(6) Open Problems



Successes



Failures



Failures



not



●

[Ribeiro et al. 2016, Belinkov and Bisk 2018, Wallace et al. 2019]

https://arxiv.org/abs/1602.04938
https://arxiv.org/abs/1711.02173
https://arxiv.org/pdf/1909.09251.pdf


●

●

Test Example
Important Training 

Example

Polar Bear ✘ Polar Bear ✘
           [Yeh et al. 2018, Koh and Liang 2017]

https://papers.nips.cc/paper/8141-representer-point-selection-for-explaining-deep-neural-networks.pdf
https://arxiv.org/abs/1703.04730


●

●
●

[Jia and Liang 2017, Ribeiro et al. 2018, Feng et al. 2018]

https://arxiv.org/abs/1707.07328
https://www.aclweb.org/anthology/P18-1079/
https://arxiv.org/abs/1804.07781


●

●
●

●

[Ribeiro et al. 2016, Lai and Tan 2019, Feng and Boyd-Graber 2019, Narayanan et al. 2018]

https://arxiv.org/abs/1602.04938
https://arxiv.org/abs/1811.07901
https://arxiv.org/pdf/1810.09648.pdf
https://arxiv.org/abs/1802.00682


●

●
●

●

●

[Andreas et al. 2016, Bahdanau et al. 2018, Bogin et al. 2020]

https://arxiv.org/abs/1511.02799
https://arxiv.org/abs/1811.12889
https://arxiv.org/abs/2007.00266


●

●
●

●

●

●

[Silver et al. 2016, Mu and Andreas 2020]

https://www.nature.com/articles/nature16961?not-changed
https://arxiv.org/abs/2006.14032




●

[Shi et al. 2016, Adi et al. 2017, Conneau et al. 2018, ...]

https://www.aclweb.org/anthology/D16-1159.pdf
https://arxiv.org/abs/1608.04207
https://www.aclweb.org/anthology/P18-1198.pdf


●
●

[Levesque et al. 2012, Ettinger et al. 2017, Wang et al. 2018, McCoy et al. 2019, Gardner et al. 2020, Ribeiro et al. 2020, ...]

https://dl.acm.org/doi/10.5555/3031843.3031909
https://arxiv.org/abs/1711.01505
https://arxiv.org/abs/1804.07461
https://arxiv.org/abs/1902.01007
https://arxiv.org/abs/2004.02709
https://arxiv.org/abs/2005.04118


●

[Lei et al. 2016, Narang et al. 2020, DeYoung et al. 2020, ...]

●
●

●

https://arxiv.org/abs/1606.04155
https://arxiv.org/abs/2004.14546
https://arxiv.org/abs/1911.03429


Andreas et al. 2016, Gupta et al. 2020, Subramanian et al. 2020, ...

●
●

●

https://arxiv.org/abs/1601.01705
https://arxiv.org/abs/1912.04971
https://arxiv.org/abs/2005.00724


●
●

●
●

 [Ribeiro et al. 2016, Feng et al. 2018, Wallace et al. 2019]

https://arxiv.org/abs/1602.04938
https://arxiv.org/abs/1804.07781
https://arxiv.org/abs/1909.09251


●
●

●
●
●

    [Ribeiro et al. 2018, Wallace et al. 2019]

nobody
nothing

sleeping

https://www.aaai.org/ocs/index.php/AAAI/AAAI18/paper/view/16982
https://arxiv.org/abs/1908.07125


●
●

●
●
●
●

Test Example
Important Training 

Example

Polar Bear 
✘

Polar Bear 
✘

           [Koh and Liang 2017, Yeh et al. 2018]

https://arxiv.org/abs/1703.04730
https://papers.nips.cc/paper/8141-representer-point-selection-for-explaining-deep-neural-networks.pdf


●
●

●
●
●
●



● Probing internal representations
● Testing model behavior using 

challenge sets, diagnostic sets, etc.
●
●
●
●

ACL 2020 Tutorial

https://sebastiangehrmann.com/assets/files/acl_2020_interpretability_tutorial.pdf


●
●

● Baking interpretability into the model
●
●
●

No comprehensive resources 😞



●
●

●
● Looking at input features
● Looking for global decision rules
● Looking at training examples

This tutorial



●
○
○

●
○
○
○



(1) Overview of Interpretability

(2) What Parts of An Input Led to a Prediction?

(3) What Decision Rules Led to a Prediction?

(4) Which Training Examples Caused a Prediction?

(5) Implementing Interpretations

(6) Open Problems





●
○
○

●
○
○



● Saliency maps
○ generated using gradients
○ generated using perturbations

●
○
○



●
●

[Ribeiro et al. 2016, Murdoch et al. 2018, Wallace et al. 2019]

https://arxiv.org/abs/1602.04938
https://arxiv.org/abs/1801.05453
https://arxiv.org/abs/1909.09251


● Saliency maps
○ generated using gradients
○

●
○
○



●
●

▽

[Simonyan et al. 2014]

●

https://arxiv.org/abs/1312.6034


=
output input token

●
●
●

●
●

●
●
●

Eqn from [Han et al. 2020]

https://arxiv.org/abs/2005.06676


●



●
●

[Shrikumar et al. 2017]

Neither is important?

https://arxiv.org/abs/1704.02685


●
●
●

𝞮 𝞮

[Shrikumar et al. 2017]

https://arxiv.org/abs/1704.02685


●
●
●

●
●

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0130140
https://arxiv.org/abs/1704.02685
https://arxiv.org/abs/1610.02391


    [Smilkov et al. 2017]

https://arxiv.org/abs/1706.03825


    [Sundararajan et al. 2017]

https://arxiv.org/abs/1703.01365


Positives:
●
●

Negatives:
●
●

○
○

●
●



●
○
○ generated using perturbations

●
○
○



●
●

○
○
○

    [Ribeiro et al. 2016]

https://arxiv.org/abs/1602.04938


[Li et al. 2017]

●

https://arxiv.org/abs/1612.08220
https://arxiv.org/abs/1612.08220


[Li et al. 2017]

●

https://arxiv.org/abs/1612.08220
https://arxiv.org/abs/1612.08220


[Li et al. 2017]

●

https://arxiv.org/abs/1612.08220
https://arxiv.org/abs/1612.08220


[Li et al. 2017]

●

https://arxiv.org/abs/1612.08220
https://arxiv.org/abs/1612.08220


[Li et al. 2017]

●

https://arxiv.org/abs/1612.08220
https://arxiv.org/abs/1612.08220


ONE

Negative

Negative

Negative

Positive



●

●

●

    [Ribeiro et al. 2016]

https://arxiv.org/abs/1602.04938


Negative

Negative

Negative

Positive

Positive

Negative



●

●

○

●

●

●



x

p(y|x)

w1

w2



●
○
○

● Perturbation themselves as explanations
○ input reduction
○ adversarial perturbations



Instead of “soft” attributions, let’s talk in terms of changes to the input

●
●



●
○
○

●
○ input reduction
○



● least
● same

[Feng et al. 2018]

https://arxiv.org/abs/1804.07781


● least
● same

[Feng et al. 2018]

https://arxiv.org/abs/1804.07781


● least
● same

[Feng et al. 2018]

https://arxiv.org/abs/1804.07781


● least
● same

[Feng et al. 2018]

https://arxiv.org/abs/1804.07781


● least
● same

[Feng et al. 2018]

https://arxiv.org/abs/1804.07781


● least
● same

[Feng et al. 2018]

https://arxiv.org/abs/1804.07781


[Feng et al. 2018]

https://arxiv.org/abs/1804.07781


[Feng et al. 2018]

https://arxiv.org/abs/1804.07781


[Feng et al. 2018]

https://arxiv.org/abs/1804.07781










[Subramanian et al. 2020]

https://vigilworkshop.github.io/static/papers/43.pdf


[Subramanian et al. 2020]

https://vigilworkshop.github.io/static/papers/43.pdf


[Subramanian et al. 2020]

https://vigilworkshop.github.io/static/papers/43.pdf


exactly three white ducks row 

eye 

man sitting screen 

[Subramanian et al. 2020]

https://vigilworkshop.github.io/static/papers/43.pdf


●

●

●

○

adversarial examples



●
○
○

●
○
○ adversarial perturbations



In the United States especially, several high-profile cases such as Debra LaFave, Pamela 
Rogers, and Mary Kay Letourneau have caused increased scrutiny on teacher misconduct. 
Hurricane Harvey resulted in at least 107 deaths.

Original What has been the result of this publicity? increased scrutiny on teacher misconduct

HotFlip
[Ebrahimi et al. 2018]

What haL been the result of this publicity? teacher misconduct

SEARs
[Ribeiro et al. 2018]

What’s been the result of this publicity? teacher misconduct

SCPN
(Iyyer et al. 2018)

The result of this publicity is what? teacher misconduct

https://arxiv.org/abs/1712.06751
https://homes.cs.washington.edu/~marcotcr/acl18.pdf
https://www.aclweb.org/anthology/N18-1170/


In the United States especially, several high-profile cases such as Debra LaFave, Pamela 
Rogers, and Mary Kay Letourneau have caused increased scrutiny on teacher misconduct. 
Hurricane Harvey resulted in at least 107 deaths.

Original What has been the result of this publicity? increased scrutiny on teacher misconduct

HotFlip
[Ebrahimi et al. 2018]

What haL been the result of this publicity? teacher misconduct

SEARs
[Ribeiro et al. 2018]

What’s been the result of this publicity? teacher misconduct

SCPN
[Iyyer et al. 2018]

The result of this publicity is what? teacher misconduct

AddSent
[Jia and Liang 2017]

What has been the result of this publicity? at least 107 deaths

https://arxiv.org/abs/1712.06751
https://homes.cs.washington.edu/~marcotcr/acl18.pdf
https://www.aclweb.org/anthology/N18-1170/
https://arxiv.org/abs/1707.07328


woman

cookie-cutter



● nonsensical inputs
○
○

● overly specific
○
○

● “explain” the interpretation
○
○



●
●

 the input
●
●

Biggest concerns:
●

○
○

●
○
○



(1) Overview of Interpretability

(2) What Parts of An Input Led to a Prediction?

(3) What Decision Rules Led to a Prediction?

(4) Which Training Examples Caused a Prediction?

(5) Implementing Interpretations

(6) Open Problems





●
○

● decision rules

●
○

●
○

    [Lakkaraju et al. 2017, Guidotti et al. 2018, Tan et al. 2018]

https://arxiv.org/abs/1707.01154
https://arxiv.org/abs/1805.10820
https://arxiv.org/abs/1801.08640


● Ribeiro et al. 2018

● Wallace et al. 2019

[Sushil et al. 2018, Ribeiro et al. 2018, Li et al. 2019]

https://homes.cs.washington.edu/~marcotcr/aaai18.pdf
https://arxiv.org/abs/1908.07125
https://arxiv.org/abs/1808.09744
https://www.aclweb.org/anthology/P18-1079/
https://arxiv.org/abs/1901.07132


 Positive

It’s advertised as a good movie but 
it really falls flat.

x



   V

I want to play ballx

   N

I went to a play yesterdayx

   V

I play ball on Mondaysx



This movie is not badx

This director is always bad
This movie is not nice
This stuff is rather honest

                       ….

x

This audio is not bad
This novel is not bad
This footage is not badx

      

green  

x



This movie is not badx

      



This movie is not badx



This movie is not badx

x



This movie is not badx

not

80%

x



This movie is not badx

not

80%

x



This movie is not badx

not

80%

x



Contradiction 

Premise: a boy and girl are playing.
Hypothesis: nobody is outside.

x







○ Song et al. 2020, Atanasova et al. 

2020, Song et al. 2020

https://arxiv.org/abs/2005.00174
https://arxiv.org/abs/2009.08205
https://arxiv.org/abs/2009.08205
https://arxiv.org/abs/2011.04743


○ Atanasova et al. 

2020 Song et al. 2020

https://arxiv.org/abs/2005.00174
https://arxiv.org/abs/2009.08205
https://arxiv.org/abs/2009.08205
https://arxiv.org/abs/2011.04743


○ Atanasova et al. 

2020 Song et al. 2020

https://arxiv.org/abs/2005.00174
https://arxiv.org/abs/2009.08205
https://arxiv.org/abs/2009.08205
https://arxiv.org/abs/2011.04743


Positive Negative

Positive Negative

Positive Negative

○ Atanasova et al. 

2020 Song et al. 2020

https://arxiv.org/abs/2005.00174
https://arxiv.org/abs/2009.08205
https://arxiv.org/abs/2009.08205
https://arxiv.org/abs/2011.04743






Dot product with Embedding Matrix



Dot product with Embedding Matrix



Dot product with Embedding Matrix



Dot product with Embedding Matrix



●  

●



●  

●

Premise: a boy and girl are playing.
Hypothesis: nobody two people are playing outside.



●

●
Gururangan et al. 2018 Poliak et al. 2018

●

https://arxiv.org/abs/1803.02324
https://arxiv.org/abs/1805.01042


nobody
nothing

sleeping

nobody
sleeping

nothing

●



●

●

●

●  









51% of predictions = 
CITY NAME 





●



●
○



●
○

○



●
○

○

● Sugawara et al. 2018 Jia and Liang 2017

https://arxiv.org/abs/1808.09384
https://arxiv.org/abs/1707.07328


● identify

● broad-coverage

○ not actionable



(1) Overview of Interpretability

(2) What Parts of An Input Led to a Prediction?

(3) What Decision Rule Led to a Prediction?

QA + Break

(4) Which Training Examples Caused a Prediction?

(5) Implementing Interpretations

(6) Open Problems



(1) Overview of Interpretability

(2) What Parts of An Input Led to a Prediction?

(3) What Decision Rule Led to a Prediction?

(4) Which Training Examples Caused a Prediction?

(5) Implementing Interpretations

(6) Open Problems





x

Model

y

Training Process

Training Data



x

Model

y

Training Process

Training Data



Slide: Pang Wei Koh



Slide: Pang Wei Koh



Slide: Pang Wei Koh

Most 
Important



Test Example

Polar Bear ✘

               [Yeh et al. 2018]

https://arxiv.org/abs/1811.09720
https://arxiv.org/abs/1811.09720


Test Example

Influential 
Training 

Examples

Polar Bear ✘ Beaver Pig

Polar Bear ✘

               [Yeh et al. 2018]

https://arxiv.org/abs/1811.09720
https://arxiv.org/abs/1811.09720


           [Han et al. 2020]

https://arxiv.org/abs/1811.09720
https://arxiv.org/abs/2005.06676


           [Han et al. 2020]

https://arxiv.org/abs/1811.09720
https://arxiv.org/abs/2005.06676


● where

●  Actionable.
○
○
○





https://arxiv.org/abs/1703.04730


●

● test point x training point z
I(x, z) z x

what is the influence of z on the prediction for x?

z →

→ x

https://arxiv.org/abs/1703.04730


Slide: Pang Wei Koh











Pros:
●

●

Cons:
●
●

https://arxiv.org/abs/2006.14651


 Feature Extractor Linear Layer  
 

 

               [Yeh et al. 2018]

efficient

https://arxiv.org/abs/1811.09720
https://arxiv.org/abs/1811.09720


           [Han et al. 2020]

https://arxiv.org/abs/1811.09720
https://arxiv.org/abs/2005.06676


           [Han et al. 2020]

https://arxiv.org/abs/1811.09720
https://arxiv.org/abs/2005.06676


●

○

○

●

○

[Pezeshkpour et al. 2019]

https://arxiv.org/abs/1905.00563


149

[Pezeshkpour et al. 2019]

https://arxiv.org/abs/1905.00563


isMarriedTo(a,c)∧ hasChild(c,b) ⇒ hasChild(a,b)

150

isAffiliatedTo(a,c)∧ isLocatedIn(c,b) ⇒ wasBornIn(a,b)

hasAdvisor(a,c)∧ graduatedFrom(c,b) ⇒ 
graduatedFrom(a,b)

[Pezeshkpour et al. 2019]

https://arxiv.org/abs/1905.00563


●
○

●  
○

●
○

●
○

https://arxiv.org/abs/2002.08484
https://arxiv.org/abs/2006.14651


(1) Overview of Interpretability

(2) What Parts of An Input Led to a Prediction?

(3) What Decision Rule Led to a Prediction?

(4) Which Training Examples Caused a Prediction?

(5) Implementing Interpretations

(6) Open Problems



Goal



def perturb(
  instance: X or X,Y
) -> List[X]

def pred2label(
  model: Model
  instance: X
) -> List[X,Y]

def get_gradients(
  model: Model
  instance: X,Y
) -> Tensor



def perturb(instance: X or X,Y) -> List[X]

○
○
○



def pred2label(model: Model, instance: X) -> (X, Y):

preds = model(instance)
label = get_label(preds)
new_instance = add_label(instance, label)
return new_instance



def pred2label(model: Model, instance: X) -> List[X, Y]:

preds = model(instance)
labels = get_labels(preds)
new_instances = [
    add_label(instance, label)
    for label in labels
]
# NOTE: with multiple instances, you need to
# modify your model to mask the loss, too
return new_instances



def get_gradients(model: Model, instance: X,Y) -> Tensor:

Key idea
○
○
○



def get_gradients(model: Model, instance: X,Y) -> Tensor:

embedding_gradients = []

def grad_hook(module, grad_in, grad_out):
    embedding_gradients.append(grad_out[0])

embedding = get_embedding_layer(model)
handle = embedding.register_backward_hook(grad_hook)
loss = model(instance)[“loss”]  # may want logits instead
loss.backward()  # calls grad_hook
handle.remove()
return embedding_gradients



def interpret(model: Model, instance: X,Y) -> SaliencyMap:

forward_embeddings = []

def forward_hook(module, inputs, outputs):
    forward_embeddings.append(outputs)

embedding = get_embedding_layer(model)
handle = embedding.register_forward_hook(forward_hook)
# calls forward_hook (and grad_hook)
gradients = get_gradients(model, instance)
handle.remove()
saliencies = dot_and_normalize(
    gradients,
    forward_embeddings,
)
return saliencies



    [Sundararajan et al. 2017]

https://arxiv.org/abs/1703.01365


def int_grad(model: Model, instance: X,Y) -> SaliencyMap:

grads = []
forward_embeddings = []
for alpha in numpy.linspace(0, 1, num=10):
    def hook(module, inputs, outputs):
        if alpha == 0:
            forward_embeddings.append(outputs)
        outputs.mul_(alpha)
        # or: outputs.add_(gaussian_noise)
    embedding = get_embedding_layer(model)
    handle = embedding.register_forward_hook(hook)
    # calls hook (and grad_hook)
    grads.append(get_gradients(model, instance))
    handle.remove()
return average_grads(grads, forward_embeddings)



Lots of code available (in no particular order):
○ https://captum.ai/tutorials/Bert_SQUAD_Interpret
○ https://github.com/PAIR-code/lit
○ https://allennlp.org/interpret
○ https://github.com/QData/TextAttack
○ https://github.com/interpretml/interpret-text
○ https://github.com/sicara/tf-explain
○ Influence Functions Code
○ Influence functions for text
○ Representer Points Code
○ Triggers Code
○ Anchors Code
○ LIME Code

https://captum.ai/tutorials/Bert_SQUAD_Interpret
https://github.com/PAIR-code/lit
https://allennlp.org/interpret
https://github.com/QData/TextAttack
https://github.com/interpretml/interpret-text
https://github.com/sicara/tf-explain
https://github.com/kohpangwei/influence-release
https://github.com/xhan77/influence-function-analysis
https://github.com/chihkuanyeh/Representer_Point_Selection
https://github.com/Eric-Wallace/universal-triggers
https://github.com/marcotcr/anchor/
https://github.com/marcotcr/lime


(1) Overview of Interpretability

(2) What Parts of An Input Led to a Prediction?

(3) What Decision Rule Led to a Prediction?

(4) Which Training Examples Caused a Prediction?

(5) Implementing Interpretations

(6) Open Problems



●

●

●

●





   [Miller 2017, Lipton 2018, Doshi-Velez and Kim 2017]

●

●

●

https://arxiv.org/abs/1706.07269
https://arxiv.org/abs/1606.03490
https://arxiv.org/abs/1702.08608


●

○

●





     [Feng et al. 2018, Jain and Wallace 2019, Jacovi and Goldberg 2020]

● Led

●

●
○

https://arxiv.org/abs/1804.07781
https://arxiv.org/abs/1902.10186
https://arxiv.org/abs/2004.03685


●

   [Adebayo et al. 2018, Kindermans et al. 2017, Nie et al. 2018]

●

https://arxiv.org/abs/1810.03292
https://arxiv.org/abs/1711.00867
https://arxiv.org/abs/1805.07039


●

  [Basu et al. 2020, Singla et al. 2019, Han et al. 2020]

https://arxiv.org/abs/2006.14651
https://arxiv.org/abs/1902.00407
https://arxiv.org/abs/2005.06676


    [Ghorbani et al. 2019, Feng et al. 2018, Alvarez-Melis et al. 2018, Yeh et al. 2019]

●

https://arxiv.org/abs/1710.10547
https://arxiv.org/abs/1804.07781
https://arxiv.org/abs/1806.08049
https://arxiv.org/abs/1901.09392


●

●

●

       [Ghorbani et al. 2019, Feng et al. 2018, Alvarez-Melis et al. 2018, Yeh et al. 2019]

●

https://arxiv.org/abs/1710.10547
https://arxiv.org/abs/1804.07781
https://arxiv.org/abs/1806.08049
https://arxiv.org/abs/1901.09392


●
●

  [Ross et al. 2017, Pruthi et al. 2020, Wang et al. 2020]

●
○

https://arxiv.org/abs/1703.03717
https://arxiv.org/abs/1909.07913
https://arxiv.org/abs/2010.05419


● Li et al. 2020

● Han et al. 2020

https://arxiv.org/abs/2005.01672
https://arxiv.org/abs/2005.06676


●

●

●





●

●
○
○

●
○
○



●
○
○
○

https://arxiv.org/abs/2010.04987
https://arxiv.org/abs/1602.04938
https://www.aclweb.org/anthology/P19-1073/
https://www.aclweb.org/anthology/P18-1079/
https://arxiv.org/abs/2005.04118


finding bugs
●
●
●

fix bugs
●
●

https://www.aaai.org/ojs/index.php/aimagazine/article/view/2513
https://www.jmlr.org/papers/volume7/raghavan06a/raghavan06a.pdf
https://homes.cs.washington.edu/~weld/papers/smith-renner-chi20.pdf


[Lai and Tan 2019]

●

●

●

●

https://arxiv.org/abs/1811.07901


[ ]

https://arxiv.org/pdf/1810.09648.pdf


●

○

●

https://arxiv.org/pdf/1810.09648.pdf
https://arxiv.org/abs/1811.07901
https://arxiv.org/abs/2007.12248
https://arxiv.org/abs/2001.02114
https://arxiv.org/abs/2006.14779
https://www.aclweb.org/anthology/N18-1097/
https://arxiv.org/abs/1810.12366
https://arxiv.org/abs/2008.11721
https://arxiv.org/abs/2005.01831


Mixed

   Successes:
●

○
○

●

   Failures:
●
●
●
●





[Cai et al. 2019, Beede et al. 2020]

●
○
○

https://arxiv.org/abs/1902.02960
https://dl.acm.org/doi/abs/10.1145/3313831.3376718


?

●

●
○

●
○



●

●
●
●
●



(1) Overview of Interpretability

(2) What Parts of An Input Led to a Prediction?

(3) What Decision Rule Led to a Prediction?

(4) Which Training Examples Caused a Prediction?

(5) Implementing Interpretations

(6) Open Problems
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