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Done Solving AI?
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Solving a “dataset” vs the 
underlaying “task”

4Image credit: Yejin Choi



Why Commonsense Knowledge?

5Image source: https://www.darpa.mil/program/machine-common-sense



Commonsense problems in NLP
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Generate a daily-life scene about a concept-set: {apple, bag, tree}

A boy picks some apples from a tree and puts them into a bag.

Where do adults usually use glue sticks?

A: classroom B: office C: desk drawer

NLU: Multi-choice QA (w/o context)

NLG: Constrained Sentence Generation (w/ a set of keywords)



Commonsense Reasoning (CSR)?

• Definition of Common Sense: the basic level of practical 
knowledge and reasoning
• Physical objects, properties, laws

• Human behaviors / social conventions

• Temporal commonsense

• The human-like ability to understand and generate
everyday scenarios (situations, events)

• The computation process of manipulating commonsense
knowledge to make compositional logical inference.
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This Talk

• Part I: Discriminative Commonsense Reasoning
• Improving language understanding with commonsense
• Models: KagNet and multi-hop relational network

• Part II: Generative Commonsense Reasoning
• Imposing commonsense to text generation
• A new task & dataset: CommonGen
• Methods and Evaluation
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Commonsense Question Answering

Can you choose the most plausible answer based
on daily life commonsense knowledge?

Where do adults usually use glue sticks?

A: classroom B: office C: desk drawer

What do you need to fill with ink to write notes on an A4 paper?

A: fountain pen B: printer C: pencil

KagNet: Knowledge-Aware Graph 
Networks

10(Bill Yuchen Lin et al. 2019)



Commonsense Question Answering

From the CommonsenseQA dataset (Talmor et al. NAACL 2019)

Where do adults usually use glue sticks?

A: classroom B: office C: desk drawer

What do you need to fill with ink to write notes on an A4 paper?

A: fountain pen B: printer C: pencil

Research question:
How can we impose commonsense in NLU models?

KagNet: Knowledge-Aware Graph 
Networks

11(Bill Yuchen Lin et al. 2019)



Knowledge-Aware Reasoning

KagNet: Knowledge-Aware Graph 
Networks
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Where do adults use glue sticks?

A: classroom B: office C: desk drawer
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Challenges in knowledge-aware reasoning

• How can we find the schema graphs?
• Noisy and Incomplete
• Numerous graphs; how to select the most related ones

• How do we encode these graphs for reasoning?
• Complex multi-relational graph structures
• NO supervision in aligning graphs and question-answer pairs
• Need to be compatible with neural sentence encoders

KagNet: Knowledge-Aware Graph 
Networks

13(Bill Yuchen Lin et al. 2019)



Question
Answer

Concept Recognition
Question
Concepts

Answer
Concepts

Proposed Framework Overview

Schema Graph

Language Encoder
(e.g. BERT)

Graph Construction
via Path Finding

Statement Vector

Graph
Vector

MLP

Plausibility score

Graph Encoder*

KagNet

Statement

KagNet: Knowledge-Aware Graph 
Networks
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(1) Schema Graph Construction
• Concept Recognition

• Tokenization / Lemmatization
• Match ConceptNet vocabulary
• Merge multiple smaller concepts into a longer one

• e.g. `` fountain’’, ``pen’’ --> ``fountain pen’’
• Question Concepts Cq and Answer Concepts Ca

• Path Finding
• Find paths between each QA-concept pair (one from Cq and one from Ca)

• denotes the set of paths between i-th question concept and j-th answer concept

• Path pruning by length (<= 5 nodes) and embedding-based metric.
c(a)j

<latexit sha1_base64="6jx4y/5xilUNLmSm8VO3ZuDeHtU=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix4MVjBfsh7VqyabaNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8fXMbz9RpVkk78wkpr7AQ8lCRrCx0j3pPz6kZXw+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvFqlertRanuZnHk4QROoQweXEIdbqABTSAg4Ble4c1Rzovz7nwsWnNONnMMf+B8/gA8EY/6</latexit>

c(q)i
<latexit sha1_base64="cFp0lm/JqJAAbxCNYiELRwyFIY0=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix4MVjBfsh7VqyabYNTbJrkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8fXMbz9RpVkk78wkpr7AQ8lCRrCx0j3ps4e0/Hg+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvFqlertRanuZnHk4QROoQweXEIdbqABTSAg4Ble4c1Rzovz7nwsWnNONnMMf+B8/gBS55AJ</latexit>

，

KagNet: Knowledge-Aware Graph 
Networks

15(Bill Yuchen Lin et al. 2019)



Encoding Unlabeled
Schema Graphs

Cq
<latexit sha1_base64="5OMPA+86tRP1ySu0Q8DeEiYVzTU=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLYjcsK9gHtWDJppg3NJGOSUcrQ/3DjQhG3/os7/8ZMOwttPRA4nHMv9+QEMWfauO63s7K6tr6xWdgqbu/s7u2XDg5bWiaK0CaRXKpOgDXlTNCmYYbTTqwojgJO28G4nvntR6o0k+LOTGLqR3goWMgINla670XYjAjmaX3afyj2S2W34s6AlomXkzLkaPRLX72BJElEhSEca9313Nj4KVaGEU6nxV6iaYzJGA9p11KBI6r9dJZ6ik6tMkChVPYJg2bq740UR1pPosBOZin1opeJ/3ndxIRXfspEnBgqyPxQmHBkJMoqQAOmKDF8YgkmitmsiIywwsTYorISvMUvL5NWteKdV6q3F+XadV5HAY7hBM7Ag0uowQ00oAkEFDzDK7w5T86L8+58zEdXnHznCP7A+fwBPJySVQ==</latexit>

Ca
<latexit sha1_base64="dQQHt0/0PBOFo0bEC+awhykIroQ=">AAAB9HicbVDLSsNAFL2pr1pfVZdugkVwVZIq6LLYjcsK9gFtKDfTSTt0Mokzk0IJ/Q43LhRx68e482+ctFlo64GBwzn3cs8cP+ZMacf5tgobm1vbO8Xd0t7+weFR+fikraJEEtoiEY9k10dFORO0pZnmtBtLiqHPacefNDK/M6VSsUg86llMvRBHggWMoDaS1w9RjwnytDEf4KBccarOAvY6cXNSgRzNQfmrP4xIElKhCUeleq4Tay9FqRnhdF7qJ4rGSCY4oj1DBYZUeeki9Ny+MMrQDiJpntD2Qv29kWKo1Cz0zWQWUq16mfif10t0cOulTMSJpoIsDwUJt3VkZw3YQyYp0XxmCBLJTFabjFEi0aankinBXf3yOmnXqu5VtfZwXanf5XUU4QzO4RJcuIE63EMTWkDgCZ7hFd6sqfVivVsfy9GCle+cwh9Ynz/q6JIx</latexit>

LSTM Path Encoder
LSTM( )Pi,j [k]

<latexit sha1_base64="teqK/CNCdOXuGAw7kuDknxGtZZM=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBg5TdKuix6MVjBfuB26Vk02wbm02WJCuUpf/CiwdFvPpvvPlvTNs9aOuDgcd7M8zMCxPOtHHdb6ewsrq2vlHcLG1t7+zulfcPWlqmitAmkVyqTog15UzQpmGG006iKI5DTtvh6Gbqt5+o0kyKezNOaBDjgWARI9hY6aHRy9jZ48QfBb1yxa26M6Bl4uWkAjkavfJXty9JGlNhCMda+56bmCDDyjDC6aTUTTVNMBnhAfUtFTimOshmF0/QiVX6KJLKljBopv6eyHCs9TgObWeMzVAvelPxP89PTXQVZEwkqaGCzBdFKUdGoun7qM8UJYaPLcFEMXsrIkOsMDE2pJINwVt8eZm0alXvvFq7u6jUr/M4inAEx3AKHlxCHW6hAU0gIOAZXuHN0c6L8+58zFsLTj5zCH/gfP4AS7eQqw==</latexit>

…..
Graph Conv. Nets

R
<latexit sha1_base64="CrLsuWMDMFWjz+iaUw09lj4OVG4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeCF4+t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTjm5n/8IRK81jem0mCfkSHkoecUWOl5l2/XHGr7hxklXg5qUCORr/81RvELI1QGiao1l3PTYyfUWU4Ezgt9VKNCWVjOsSupZJGqP1sfuiUnFllQMJY2ZKGzNXfExmNtJ5Ege2MqBnpZW8m/ud1UxNe+xmXSWpQssWiMBXExGT2NRlwhcyIiSWUKW5vJWxEFWXGZlOyIXjLL6+Sdq3qXVRrzctK3c3jKMIJnMI5eHAFdbiFBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPqIWMyA==</latexit>

T
<latexit sha1_base64="KcCkQ8Dr2DPVFNecfOXjV24oJ5Y=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fjw4rGFfkEbymY7adduNmF3I5TQX+DFgyJe/Une/Ddu2xy09cHA470ZZuYFieDauO63s7G5tb2zW9gr7h8cHh2XTk7bOk4VwxaLRay6AdUouMSW4UZgN1FIo0BgJ5jcz/3OEyrNY9k00wT9iI4kDzmjxkqN5qBUdivuAmSdeDkpQ476oPTVH8YsjVAaJqjWPc9NjJ9RZTgTOCv2U40JZRM6wp6lkkao/Wxx6IxcWmVIwljZkoYs1N8TGY20nkaB7YyoGetVby7+5/VSE975GZdJalCy5aIwFcTEZP41GXKFzIipJZQpbm8lbEwVZcZmU7QheKsvr5N2teJdV6qNm3LNzeMowDlcwBV4cAs1eIA6tIABwjO8wpvz6Lw4787HsnXDyWfO4A+czx+rjYzK</latexit>

Statement Vectors
<latexit sha1_base64="lILmndifYlXYYd3TBDeiCV0kJuw=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy4r2Ae2Q8mkd9rQTGZIMkIZ+hduXCji1r9x59+YtrPQ1gOBwzn3knNPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHssHM0nQj+hQ8pAzaqz02IuoGQVhpqf9csWtunOQVeLlpAI5Gv3yV28QszRCaZigWnc9NzF+RpXhTOC01Es1JpSN6RC7lkoaofazeeIpObPKgISxsk8aMld/b2Q00noSBXZyllAvezPxP6+bmvDaz7hMUoOSLT4KU0FMTGbnkwFXyIyYWEKZ4jYrYSOqKDO2pJItwVs+eZW0alXvolq7v6zUb/I6inACp3AOHlxBHe6gAU1gIOEZXuHN0c6L8+58LEYLTr5zDH/gfP4A9u6RGw==</latexit>

g
<latexit sha1_base64="70nNBQaCBgZQwVTQrRxMMmGaQK4=">AAAB6XicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fjw4rGK/YA2lM120y7dbMLuRCih/8CLB0W8+o+8+W/ctDlo64OBx3szzMwLEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJbe53nrg2IlaPOE24H9GREqFgFK30MCoPKlW35s5BVolXkCoUaA4qX/1hzNKIK2SSGtPz3AT9jGoUTPJZuZ8anlA2oSPes1TRiBs/m186I+dWGZIw1rYUkrn6eyKjkTHTKLCdEcWxWfZy8T+vl2J442dCJSlyxRaLwlQSjEn+NhkKzRnKqSWUaWFvJWxMNWVow8lD8JZfXiXtes27rNXvr6oNt4ijBKdwBhfgwTU04A6a0AIGITzDK7w5E+fFeXc+Fq1rTjFzAn/gfP4A/MyM8Q==</latexit>

Pi,j
<latexit sha1_base64="wjgZQHVCe19RlY4Rdt9vOhdqX/Q=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBT0WvXisYD+gDWWznbRrN5uwuxFK6I/w4kERr/4eb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrK6tbxQ3S1vbO7t75f2Dpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGt1O/9YRK81g+mHGCfkQHkoecUWOlVr2X8bPHSa9ccavuDGSZeDmpQI56r/zV7ccsjVAaJqjWHc9NjJ9RZTgTOCl1U40JZSM6wI6lkkao/Wx27oScWKVPwljZkobM1N8TGY20HkeB7YyoGepFbyr+53VSE177GZdJalCy+aIwFcTEZPo76XOFzIixJZQpbm8lbEgVZcYmVLIheIsvL5PmedW7qJ7fX1ZqN3kcRTiCYzgFD66gBndQhwYwGMEzvMKbkzgvzrvzMW8tOPnMIfyB8/kDGqSPag==</latexit>

Pi,j [k]
<latexit sha1_base64="teqK/CNCdOXuGAw7kuDknxGtZZM=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBg5TdKuix6MVjBfuB26Vk02wbm02WJCuUpf/CiwdFvPpvvPlvTNs9aOuDgcd7M8zMCxPOtHHdb6ewsrq2vlHcLG1t7+zulfcPWlqmitAmkVyqTog15UzQpmGG006iKI5DTtvh6Gbqt5+o0kyKezNOaBDjgWARI9hY6aHRy9jZ48QfBb1yxa26M6Bl4uWkAjkavfJXty9JGlNhCMda+56bmCDDyjDC6aTUTTVNMBnhAfUtFTimOshmF0/QiVX6KJLKljBopv6eyHCs9TgObWeMzVAvelPxP89PTXQVZEwkqaGCzBdFKUdGoun7qM8UJYaPLcFEMXsrIkOsMDE2pJINwVt8eZm0alXvvFq7u6jUr/M4inAEx3AKHlxCHW6hAU0gIOAZXuHN0c6L8+58zFsLTj5zCH/gfP4AS7eQqw==</latexit>

(2) Path-based Relational Graph
Encoder

only looking at
the plain graph structures

(i.e. ignore relations) the k-th path between c(a)j
<latexit sha1_base64="6jx4y/5xilUNLmSm8VO3ZuDeHtU=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix4MVjBfsh7VqyabaNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8fXMbz9RpVkk78wkpr7AQ8lCRrCx0j3pPz6kZXw+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvFqlertRanuZnHk4QROoQweXEIdbqABTSAg4Ble4c1Rzovz7nwsWnNONnMMf+B8/gA8EY/6</latexit>

c(q)i
<latexit sha1_base64="cFp0lm/JqJAAbxCNYiELRwyFIY0=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix4MVjBfsh7VqyabYNTbJrkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8fXMbz9RpVkk78wkpr7AQ8lCRrCx0j3ps4e0/Hg+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvFqlertRanuZnHk4QROoQweXEIdbqABTSAg4Ble4c1Rzovz7nwsWnNONnMMf+B8/gBS55AJ</latexit>

and

Modeling Relational Paths between c(a)j
<latexit sha1_base64="6jx4y/5xilUNLmSm8VO3ZuDeHtU=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix4MVjBfsh7VqyabaNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8fXMbz9RpVkk78wkpr7AQ8lCRrCx0j3pPz6kZXw+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvFqlertRanuZnHk4QROoQweXEIdbqABTSAg4Ble4c1Rzovz7nwsWnNONnMMf+B8/gA8EY/6</latexit>

c(q)i
<latexit sha1_base64="cFp0lm/JqJAAbxCNYiELRwyFIY0=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix4MVjBfsh7VqyabYNTbJrkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8fXMbz9RpVkk78wkpr7AQ8lCRrCx0j3ps4e0/Hg+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvFqlertRanuZnHk4QROoQweXEIdbqABTSAg4Ble4c1Rzovz7nwsWnNONnMMf+B8/gBS55AJ</latexit>

andPi,j
<latexit sha1_base64="wjgZQHVCe19RlY4Rdt9vOhdqX/Q=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBT0WvXisYD+gDWWznbRrN5uwuxFK6I/w4kERr/4eb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrK6tbxQ3S1vbO7t75f2Dpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGt1O/9YRK81g+mHGCfkQHkoecUWOlVr2X8bPHSa9ccavuDGSZeDmpQI56r/zV7ccsjVAaJqjWHc9NjJ9RZTgTOCl1U40JZSM6wI6lkkao/Wx27oScWKVPwljZkobM1N8TGY20HkeB7YyoGepFbyr+53VSE177GZdJalCy+aIwFcTEZPo76XOFzIixJZQpbm8lbEgVZcYmVLIheIsvL5PmedW7qJ7fX1ZqN3kcRTiCYzgFD66gBndQhwYwGMEzvMKbkzgvzrvzMW8tOPnMIfyB8/kDGqSPag==</latexit>

c(q)i
<latexit sha1_base64="cFp0lm/JqJAAbxCNYiELRwyFIY0=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix4MVjBfsh7VqyabYNTbJrkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8fXMbz9RpVkk78wkpr7AQ8lCRrCx0j3ps4e0/Hg+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvFqlertRanuZnHk4QROoQweXEIdbqABTSAg4Ble4c1Rzovz7nwsWnNONnMMf+B8/gBS55AJ</latexit> c(a)j

<latexit sha1_base64="6jx4y/5xilUNLmSm8VO3ZuDeHtU=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuK+ix4MVjBfsh7VqyabaNTbJLkhXK0l/hxYMiXv053vw3pu0etPXBwOO9GWbmBTFn2rjut5NbW9/Y3MpvF3Z29/YPiodHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8fXMbz9RpVkk78wkpr7AQ8lCRrCx0j3pPz6kZXw+7RdLbsWdA60SLyMlyNDoF796g4gkgkpDONa667mx8VOsDCOcTgu9RNMYkzEe0q6lEguq/XR+8BSdWWWAwkjZkgbN1d8TKRZaT0RgOwU2I73szcT/vG5iwis/ZTJODJVksShMODIRmn2PBkxRYvjEEkwUs7ciMsIKE2MzKtgQvOWXV0mrWvFqlertRanuZnHk4QROoQweXEIdbqABTSAg4Ble4c1Rzovz7nwsWnNONnMMf+B8/gA8EY/6</latexit>

KagNet: Knowledge-Aware Graph 
Networks
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(3) w/ Hierarchical Path-based
Attention
• Two average pooling:

• Assuming all QA-concept pairs are equally important
• Assuming all paths are equally relevant

• Modeling the two-level importance as latent weights:

Path-Level Attention
(attending on semantic space)

ConceptPair-Level Attention
(attending on statement)

KagNet: Knowledge-Aware Graph 
Networks

17(Bill Yuchen Lin et al. 2019)



Experiments

KagNet: Knowledge-Aware Graph 
Networks
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More Performance on Official Test Set: https://www.tau-nlp.org/csqa-leaderboard

(Bill Yuchen Lin et al. 2019)

Recent follow-up submissions:
- Based on XL-NET / RoBERTa (72.1)
- Using large-scale wiki docs via IR
- Transfer from other QA datasets (e.g. RACE)
- Adversarial Data Augmentation

https://www.tau-nlp.org/csqa-leaderboard


Interpretability Transferability

CSQA

SWAG WSC

KagNet BERT-Large

59.01% vs 56.53%

No Training!

Training!

53.51% vs 51.23%

KagNet: Knowledge-Aware Graph 
Networks

19(Bill Yuchen Lin et al. 2019)



Conclusion

• A novel framework for knowledge-aware commonsense QA
• A graph neural network for relational reasoning.
• GCN + Path-based LSTM + Hierarchical Attention
• Promising for other reasoning tasks over graphs (e.g. GQA)

• Future directions in commonsense reasoning:
• Towards Learnable Graph Construction (instead of heuristic algs.)
• Explicitly deal with negations (“not”, “but”, etc.) and comparisons

(“largest”, “most”, etc.).
• Logical forms, executable semantic parsing.

• Interactively reasoning over a sequence of questions

• Our code is at https://github.com/INK-USC/KagNet

KagNet: Knowledge-Aware Graph 
Networks

21(Bill Yuchen Lin et al. 2019)

https://github.com/INK-USC/KagNet


Multi-Hop Graph Relation Networks 
for Knowledge-Aware Question Answering

https://arxiv.org/abs/2005.00646

https://arxiv.org/abs/2005.00646


Motivation
• KG-Augmented Commonsense QA:
Leverage KG to provide knowledge which is not stated 
explicitly in the context.
1. Extract the paths/subgraph localized at the entities 
mentioned in the context from KG.
2. Encode the paths/subgraph.

• Previous works on encoding paths/sub-graph
o Path-based Modeling
1. Model the relational paths with sequence model.
2. Use attention to aggregate the paths.
Interpretable, but not scalable.
o Relational Graph NN
Model the subgraph with message passing.
Scalable, but lack transparency

Key idea: Modeling All Paths Directly in Graph Networks!



Reasoning Pipeline

1.  Text Encoder: Understand the 
textual input (question + answer choice).

2. Graph Encoder: Reason over the 
contextual subgraphs.

3. Classifier: Integrate the output from 
text/graph encoder to give a plausibility 
score.



Our Method for Encoding KG 

Goal: To combine both interpretability 
(path-based modeling) and scalability 
(GNN). 

How: Endow GNN with the capability to 
model paths directly.

1. Multi-Hop Message Passing
• We extend message passing in GNN 

to k-hop paths modeling.

2.  Structured Relational Attention
• Incoming message for a node is 

aggregated by attention mechanism.



Results

CommonsenseQA’s Leaderboard OpenBookQA’s Leaderboard

Code: https://github.com/INK-USC/MHGRN

https://github/
https://github.com/INK-USC/MHGRN
https://github.com/INK-USC/KagNet


Results
Scalability



Results
Interpretability



Part II

CommonGen: 
A Constrained Text Generation Challenge 
for Generative Commonsense Reasoning

https://inklab.usc.edu/CommonGen/

https://inklab.usc.edu/CommonGen/


What is CommonGen?

- Most current tasks for
machine commonsense focus
on discriminative reasoning.

- CommonsenseQA, SWAG.

- Humans not only use
commonsense knowledge for
understanding text, but also
for generating sentences.

Input:
-A set of common concepts (actions &
objects)

Output:
-A sentence that describes an everyday
scenario the given concepts.



Construction
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Multiple Caption Corpora

(Concept-Set, Sents) Concept-Sets

diversity-based
sampling

Human
References

Actively
Monitored

Crowd-sourcing

dev/test train



Why is it hard?
Two key Challenges of
CommonGen
(1) Relational knowledge are latent and compositional.



Why is it hard?
Two key Challenges of
CommonGen
(2) Compositional Generalization for unseen concept compounds.

Unseen Concept in Training



Experimental Results

Manual Eval.

(2)
Fine-tuning
pre-trained
LMs

(1)
Seq2seq
models

(3)
Agreement



Case Study & Transfer Learning

Learning curve for the transferring study (acc on
dev). We use trained CommonGen models to generate 
choice-specific context for the CommonsenseQA task.



Learning with Natural Language Explanations
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Sentiment on ENT is 
positive or negative?

x!: There was a long wait for a table 
outside, but it was a little too hot in the 
sun anyway so our ENT was very nice. 

Positive, because the 
words “very nice” is within 
3 words after the ENT.

x!:Officials in Mumbai said that the two 
suspects, David Headley, and ENT1, who 
was born in Pakistan but is a ENT2 citizen, 
both visited Mumbai before the attacks.

per: nationality, because the 
words ‘‘is a’’ appear right 
before ENT2 and the word 
‘‘citizen’’ is right after ENT2.

Relation between ENT1 and ENT2?

Users' natural language
explanations

(Wang et al., ICLR’20) http://inklab.usc.edu/project-NExT

http://inklab.usc.edu/project-NExT
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Students Collaborators

Research Partnership

Funding

Dan MacFarland, Sociology, Stanford University
Jure Leskovec, Computer Science, Stanford University
Dan Jurafsky, Computer Science, Stanford University
Jiawei Han, Computer Science, UIUC
Morteza Dehghani, Psychology, USC
Kennth Yates, Clinical Education, USC
Craig Knoblock, USC ISI
Curt Langlotz, Bioinformatics, Stanford University
Kuansan Wang, Microsoft Academic
Leonardo Neves, Snap Research
Mark Musen, Bioinformatics, Stanford University



Thank you!

• USC Intelligence and Knowledge Discovery (INK) Lab

• http://inklab.usc.edu/

• Code: https://github.com/INK-USC

• xiangren@usc.edu

• @xiangrenNLP
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http://inklab.usc.edu/
https://github.com/INK-USC
mailto:xiangren@usc.edu

