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Challenge # 1: Robustness

[1]: Shah et. al 2019, Cycle-Consistency for Robust Visual Question Answering   

Adversarial training could help. To generate adversarial data one route is 
commonsense.
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Challenge # 2: A.Eye

[2]: Deep neural networks are easily fooled: evolvingai.org/fooling   

Explanation would help during model debugging and decision making to 
correct the apparently unreasonable predictions through commonsense. 
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Challenge # 3: Flirt with words

Source: Peter Clark, AI2 

Models such as BERT are getting better, but adversarial learning would 
help, again with help from commonsense.
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Challenge # 4: Adversaries galore



[3]: Kang et. al 2018, AdvEntuRe: Adversarial Training for Textual Entailment with Knowledge-Guided Examples   

Challenge # 4: Adversaries galore

Adversarial training and explanations would help. For both, 
commonsense would be useful.



Difficult to find training data for all 
types of scenarios 

Are shiny surfaces typically hard? 
What’s bigger the moon or a wolf? 
If I put my socks in the drawer, will 

they still be there tomorrow?

Inspired by Oren Etzioni's talk on commonsense, Slides from Luke Zettlemoyer, UW 

Challenge # 5: Training sparsity



Difficult to find training data for all 
types of scenarios 

Are shiny surfaces typically hard? 
What’s bigger the moon or a wolf? 
If I put my socks in the drawer, will 

they still be there tomorrow?

Inspired by Oren Etzioni's talk on commonsense, Slides from Luke Zettlemoyer, UW 

Challenge # 5: Training sparsity

A commonsense gathering agent can learn from surrounding, or, we 
could use existing resources of commonsense.



Machines	cannot	reason	like	humans,	
because	they	lack	commonsense.

For	roller-skate	race,	what	is	the	best	surface?
(A)	sand	(B)	grass	(C)	blacktop

Picture	depicts	food	web.	Arrow	indicates	consumes.
If	frogs	die,	raccoons	won’t	get	food	and	die-- so	their	
population	will	decrease.

Roller	skate	is	best	on	a	smooth	surface.	Blacktop	
surfaces	are	shiny	and	shiny	surfaces	are	smooth.

Humans

Machines
grass	– related	to	– field	– race	,	so	“grass”
blacktop	is	not	related	to	race.

Not	seen	those	arrows	enough	so	cannot	generalize.
Haven’t	seen	raccoons,	frogs	in	a	sentence	frequently

Hum
an-M

achine	
Know

ledge	Gap

[4] Peter Clark, Elementary School Science and Math Tests as a Driver for AI: Take the Aristo Challenge!  

Challenge # 6: unseen situations



Machines	cannot	reason	like	humans,	
because	they	lack	commonsense.

For	roller-skate	race,	what	is	the	best	surface?
(A)	sand	(B)	grass	(C)	blacktop

Picture	depicts	food	web.	Arrow	indicates	consumes.
If	frogs	die,	raccoons	won’t	get	food	and	die-- so	their	
population	will	decrease.

Roller	skate	is	best	on	a	smooth	surface.	Blacktop	
surfaces	are	shiny	and	shiny	surfaces	are	smooth.

Humans

Machines
grass	– related	to	– field	– race	,	so	“grass”
blacktop	is	not	related	to	race.

Not	seen	those	arrows	enough	so	cannot	generalize.
Haven’t	seen	raccoons,	frogs	in	a	sentence	frequently

Hum
an-M

achine	
Know

ledge	Gap

[4] Peter Clark: Elementary School Science and Math Tests as a Driver for AI: Take the Aristo Challenge!  

Challenge # 6: unseen situations

Situational questions require commonsense, to model the situation. 


Chaining makes for a good explanation, but linking facts would benefit 
from commonsense.



Commonsense for Deep Learning

• For these reasons, commonsense aware models may: 


• help to create adversarial learning training data


• generalize to other novel situations and domains


• compensate for limited training data


• be amicable to explanation e.g. with intermediate structures


• Underlying assumption: commonsense representation is DL friendly



Commonsense for Deep Learning

• For these reasons, commonsense aware models may: 


• help to create adversarial learning training data


• generalize to other novel situations and domains


• compensate for limited training data


• be amicable to explanation


• Underlying assumption: commonsense representation is DL friendly

Explored in this talk. 



Part I: CSK compensates for limited training data 

Part II: Explanations and CSK 

Part III: DL friendly commonsense representations



Hey computer, what is going on?

He made a basket He charges forward
And a big leap

For a machine to understand what exactly is 
happening, it has to track everything involved 

The ball is in his hands.

The player is in the air.

The ball is in the hoop.



Task: State change prediction

He made a basket He charges forward And a big leap

The ball is in his hands. The player is in the air. The ball is in the hoop. 

Actions

States

Location (ball) = hoop Location (player) = air Location (ball) = player's hand 



Training data is expensive 
> 1$ to annotate one paragraph imperfectly

player ball

Step 1 He charges forward. UNK hand

Step 2 And makes a big leap. air hand

Step 3 He made a basket. air hoop

[1.1] Dalvi, Tandon, Clark: ProPara task: data.allenai.org/propara 

http://data.allenai.org/propara


Basic model

1 He charges forward.

2 And makes a big leap.

3 He made a basket.

1

2

3

player ball player ball

MOVE
unk

air

MOVE
hand

hoop

action encodings state change predictions



Encoder
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Bilinear Attention

∑
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player ball



Basic model

... ...

... ...

1

2
3

player ball player ball

action encodings label distribution

player ball

MOVE

MOVE DESTROY

DESTROY CREATE

player ball

CREATE

MOVE

MOVE MOVE

MLP

...

choose from many 
possible candidate 

structures 
 

#P complete problem

Inference



Basic model can predict non-sense

Model has seen insufficient data to learn these 
correlations, so we use commonsense to steer away 

from unrealistic states.

Location (player) = hoop 

Commonsense

Existence (ball) = destroyed 

He made a basket He charges forward And a big leap

Runs with ball in hand. The player jumps in air. The ball is in the hoop. 

Actions

States

Location (ball) = hoop Location (player) = air Speed (player) = ↑ 
Location (ball) = player's hand 



Commonsense aware model

... ...

... ...

1

2
3

player ball player ball

action encodings label distribution

player ball

MOVE

MOVE DESTROY

DESTROY CREATE

player ball

CREATE

MOVE

MOVE MOVE

MLP

...

The decoder performs beam 
search to find globally 

consistent results.  
 

During search, probability 
mass moves away from 

implausible states.  

Inference



Acquiring Commonsense Knowledge 

We design  a handful of universally applicable rules: 

• An entity must exist before it can be moved or destroyed.
• An entity cannot be created if it already exists.
• ...

If the ball is destroyed,  
how can it magically reappear in the hoop.  

Runs with ball in hand. The player jumps in air. The ball is in the hoop. 
Location (ball) = hoop Location (player) = air Speed (player) = ↑ 

Location (ball) = player's hand Location (player) = hoop Existence (ball) = destroyed 



Acquiring Commonsense Knowledge 

We design  a handful of universally applicable rules: 

• Our hard commonsense constraints (CS1 - CS3) are directly derivable 
from SUMO rules: MakingFn, DestructionFn, MotionFn, indicating that 
ontologies such as SUMO could be good guides for producing a 
handful of generic hard constraints in new domains.

If the ball is destroyed,  
how can it magically reappear in the hoop.  

Runs with ball in hand. The player jumps in air. The ball is in the hoop. 
Location (ball) = hoop Location (player) = air Speed (player) = ↑ 

Location (ball) = player's hand Location (player) = hoop Existence (ball) = destroyed 



Acquiring Commonsense Knowledge 

It is very unlikely in a 
basketball like scenario for a player to be 

inside a hoop 

Runs with ball in hand. The player jumps in air. The ball is in the hoop. 
Location (ball) = hoop Location (player) = air Speed (player) = ↑ 

Location (ball) = player's hand Location (player) = hoop Existence (ball) = destroyed 

Though it may be totally possible in another scenario!

This is not common, isn't it? :-)



Commonsense aware model
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MOVE MOVE
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...

The decoder performs beam 
search to find globally 

consistent results.  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Inference



Inference

player ball
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DESTROY CREATE

player ball
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MOVE

MOVE MOVE

MOVE

player ball

player ball

DESTROY MOVE

MOVE

MOVE DESTROY

player ball

player ball

... ... ...

DESTROY MOVE

MOVE

Hard constraints violation

step 2 step 3step 1
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Inference

player ball

MOVE

MOVE DESTROY

DESTROY CREATE

player ball

CREATE

MOVE

MOVE MOVE

MOVE

player ball

player ball

DESTROY MOVE

Model confidence at step 1

MOVE

MOVE DESTROY

player ball

player ball

step 2 step 3

... ... ...

DESTROY MOVE

MOVE

ϕ′�(πt) =
|E|

∑
j=1

(λ logit(π j
t ) +(1 − λ)  log P(π j

t |ej, topic))

Hard constraints violation

Less likely for a ball to be 
destroyed in basketball

Commonsense aware scoring

ℒ = −
T

∑
t=1

log ϕ′�(πt)

Loss = - (score of gold path)



Commonsense biased search improves 
precision by nearly 30% over SOTA

0

20

40

60

80

Precision

SOTA CSK unaware
CSK aware model

[1.2]: Tandon et. al 2018, Reasoning about Actions and State Changes by Injecting Commonsense Knowledge 



Part I: CSK compensates for limited training data 

Part II: Explanations and CSK 

Part III: DL friendly commonsense representations



Vision datasets

VQA:  
What is the man riding on?

CLEVR:  
What is the shape of the  

object to the left of  
the blue cylinder?

VCR

[D1]

[D2]

[D3]



e-SNLI

WorldTree

HOTPOT-QA

Aristo exam

[D4]

[D5]

[D6]



Attention Natural Language Structure

Justification

Introspective

J & I

[A9]

[A4]

[A8]

[A2] [A3][A1]

[A6]
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Giving a voice to structures

 Ghosh et. al 2018, Generating Natural Language Explanations for Visual QA Using Scene Graphs and Visual Attention   



Structure: execution programs

Hu et. al , 2017, Learning to Reason: End-to-End Module Networks for Visual Question Answering 



Attention Natural Language Structure

Justification

Introspective

J & I

[A9]

[A4]

[A8]

[A2] [A3][A1]

[A6]



Evaluation of explanation
Natural language Structure

Exact match Not desirable for language 
generation tasks

Good, but schema is still 
predefined

METEOR Better than exact match - N/A

Human (e.g., show only 
explanation and ask human to 

guess model's prediction)
suffers from human-bias very costly 

Automated (e.g., hide attended 
pixels e.g., [2.2])

Promising direction but limited 
to vision as is - N/A

Learned (e.g., [2.1] mentioned 
next)

Training data generation may be 
tricky - N/A

Other issues: BERT could directly learn to explain without any understanding given Multiple choices 
e.g. due to annotation artifacts



Evaluating Explanations

[2.1]: Cui et al 2018, Learning to Evaluate Image Captioning 



Part I: CSK compensates for limited training data 

Part II: Explanations and CSK 

Part III: DL friendly commonsense representations



Some categories of CSK

[3.6] Tandon et. al: Commonsense tutorial at CIKM 2017 (Inspired by Peter Clark's visualization) 



What exists?

[3.6] Tandon et. al: Commonsense tutorial at CIKM 2017 



What is needed?

[3.5] Tandon: PhD thesis 2016 

Challenges 

ACQUISITION: 
Implicit 
Reporting bias 
Multimodal 
Contextual 

REPRESENT: 
Logical 
Graph 
Unstructured



In the context of DL Pros Cons

Logical Structured and highly interpretable

Need to first connect the noisy space 
of data (q) to the perfect world of 
MT (kb). 
 
Not scalable, not crowdsourcable

Tuples or graph [3.1] Structured 

Lexical variations: q and kb

Construction is noisy when scaling


Task specific KBs more effective. 
 

Different models for KB and model

embedded tuples or 
embedded graph [3.2] Reduces lexical variation problem embedded graph can still be far 

from perfect.

adversarial setting [3.3] directly use as training data using kb to generate data is non-
trivial and task specific

unstructured sentence 
or paragraph [3.4]

highly scalable, e.g. finding more 
paragraphs about a topic 

 
Same model "creates" KB

Topical retrieval of paragraphs. 
Reasoning becomes limited. 



Part I: CSK compensates for limited training data 

Part II: Explanations and CSK 

Part III: DL friendly commonsense representations



Explanation: 
 
- new datasets 
- attention + structure 
based model 
- evaluation is challenging 

Conclusion

Commonsense for Deep 
Learning can help 

overcome challenges 
making models more 

robust and more amicable 
to explanation 
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