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Associated materials

1. Code
a. nli.py
b. nli_01_task_and_data.ipynb
c. nli_02_models.ipynb

2. Homework and bake-off: hw_wordentail.ipynb

3. Core readings: Bowman et al. 2015; Williams et al. 2018;
Nie et al. 2019b; Rocktäschel et al. 2016

4. Auxiliary readings: Goldberg 2015; Dagan et al. 2006;
MacCartney and Manning 2008; Gururangan et al. 2018
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Simple examples

Premise Relation Hypothesis

A turtle danced. entails A turtle moved.

turtle contradicts linguist

Every reptile danced. neutral A turtle ate.

Some turtles walk. contradicts No turtles move.

James Byron Dean refused to
move without blue jeans.

entails James Dean didn’t dance
without pants.

Mitsubishi Motors Corp’s new
vehicle sales in the US fell 46
percent in June.

contradicts Mitsubishi’s sales rose 46
percent.

Acme Corporation reported
that its CEO resigned.

entails Acme’s CEO resigned.
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NLI task formulation
Does the premise justify an inference to the
hypothesis?

• Commonsense reasoning, rather than strict logic.
• Focus on local inference steps, rather than long

deductive chains.
• Emphasis on variability of linguistic expression.

Perspectives

• Zaenen et al. (2005): Local textual inference: can it be
defined or circumscribed?

• Manning (2006): Local textual inference: it’s hard to
circumscribe, but you know it when you see it – and NLP
needs it.

• Crouch et al. (2006): Circumscribing is not excluding: a
reply to Manning.
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Connections to other tasks

Dagan et al. (2006)
It seems that major inferences, as needed by multiple
applications, can indeed be cast in terms of textual
entailment.

[. . . ]

Consequently, we hypothesize that textual entailment
recognition is a suitable generic task for evaluating and
comparing applied semantic inference models. Eventually,
such efforts can promote the development of entailment
recognition “engines” which may provide useful generic
modules across applications.
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Connections to other tasks

Task NLI framing

Paraphrase text ≡ paraphrase
Summarization text À summary
Information retrieval query Á document
Question answering question Á answer

Who left? ⇒ Someone left

Someone left Á Sandy left
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Models for NLI
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A standard baseline, often very robust!

See the Excitement Open Platform 
(Pado et al. 2012)
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Other NLI datasets
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Other NLI datasets

Recent
• The GLUE benchmark (diverse tasks including NLI)
https://gluebenchmark.com

• NLI Style FEVER
https://github.com/easonnie/combine-FEVER-NSMN/blob/master/
other_resources/nli_fever.md

• MedNLI (derived from MIMIC III)
https://physionet.org/physiotools/mimic-code/mednli/

• XNLI is a multilingual NLI dataset derived from MultiNLI
https://github.com/facebookresearch/XNLI

• Diverse Natural Language Inference Collection (DNC)
http://decomp.io/projects/diverse-natural-language-inference/

• SciTail (derived from science exam questions and Web text)
http://data.allenai.org/scitail/
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Other NLI datasets

Older
• SemEval 2013
https://www.cs.york.ac.uk/semeval-2013/

• SemEval 2014: Sentences Involving Compositional Knowledge (SICK)
http://alt.qcri.org/semeval2014/task1/index.php?id=data-and-tools

• The FraCaS textual inference test suite
https://nlp.stanford.edu/~wcmac/downloads/
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Other NLI datasets

Related
• 30M Factoid Question-Answer Corpus
http://agarciaduran.org/

• The Penn Paraphrase Database
http://paraphrase.org/
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Label sets

Labels
couch
sofa

crow  
bird

bird
crow

hippo
hungry

turtle
linguist

2-way
RTE 1,2,3

Yes

entailment

No

non-entailment

3-way
RTE4, 

FraCaS, *NLI

Yes

entailment

Unknown

non-entailment

No

contradiction

4-way
Sánchez-
Valencia

P ≡ Q

equivalence

P ⊏ Q

forward

P ⊐ Q

reverse

P # Q

non-entailment
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NLI dataset artifacts

1. Artifact: A dataset bias that would make a system
susceptible to adversarial attack even if the bias is
linguistically motivated.

2. Tricky example: negated hypotheses signal contradiction
É Linguistically motivated: negation is our best way of

establishing relevant contradictions.

É An artifact because we would curate a dataset in
which negation correlated with the other labels but
led to no human confusion.
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Hypothesis-only baselines

• In his project for this course (2016), Leonid Keselman
observed that hypothesis-only models are strong.

• Other groups have since further supported this (Poliak
et al. 2018; Gururangan et al. 2018; Tsuchiya 2018;
Belinkov et al. 2019)

• Likely due to artifacts:
É Specific claims are likely to be premises in

entailment cases.

É General claims are likely to be hypotheses in
entailment pairs.

É Specific claims are more likely to lead to
contradiction.
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Known artifacts in SNLI and MultiNLI

• These datasets contain words whose appearance nearly
perfectly correlates with specific labels [1, 2].

• Entailment hypotheses over-represent general and
approximating words [2].

• Neutral hypotheses often introduce modifiers [2].

• Contradiction hypotheses over-represent negation [1, 2].

• Neutral hypotheses tend to be longer [2].
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Artifacts in other tasks

• Visual Question Answering: Kafle and Kanan 2017; Chen
et al. 2020

• Story Completion: Schwartz et al. 2017

• Reading Comprehension/Question Answering: Kaushik
and Lipton 2018

• Stance Detection: Schiller et al. 2020

• Fact Verification: Schuster et al. 2019
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SNLI, MultiNLI, and Adversarial NLI

1. Overview
2. SNLI, MultiNLI, and Adversarial NLI
3. Hand-built features
4. nli.experiment
5. Sentence-encoding models
6. Chained models
7. Attention
8. Error analysis

14 / 72



Overview SNLI, MultiNLI, ANLI Hand-built features nli.experiment Sentence-encoding Chained Attention Error analyses

SNLI
1. Bowman et al. 2015

2. All the premises are image captions from the Flickr30K corpus (Young
et al. 2014).

3. All the hypotheses were written by crowdworkers.

4. Some of the sentences reflect stereotypes (Rudinger et al. 2017).

5. 550,152 train examples; 10K dev; 10K test

6. Mean length in tokens:
É Premise: 14.1
É Hypothesis: 8.3

7. Clause-types:
É Premise S-rooted: 74%
É Hypothesis S-rooted: 88.9%

8. Vocab size: 37,026

9. 56,951 examples validated by four additional annotators.

É 58.3% examples with unanimous gold label
É 91.2% of gold labels match the author’s label
É 0.70 overall Fleiss kappa

10. Leaderboard: https://nlp.stanford.edu/projects/snli/
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Crowdsourcing methodsThe Stanford NLI corpus
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Examples

Premise Relation Hypothesis

A man inspects the uniform of
a figure in some East Asian
country.

contradiction
c c c c c The man is sleeping

An older and younger man
smiling.

neutral
n n e n n Two men are smiling and

laughing at the cats playing
on the floor.

A black race car starts up in
front of a crowd of people.

contradiction
c c c c c A man is driving down a lonely

road.

A soccer game with multiple
males playing.

entailment
e e e e e Some men are playing a sport.

A smiling costumed woman is
holding an umbrella.

neutral
n n e c n A happy woman in a fairy

costume holds an umbrella.
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Event coreference

Premise Relation Hypothesis

A boat sank in the
Pacific Ocean.

contradiction A boat sank in the
Atlantic Ocean.

Ruth Bader Ginsburg
was appointed to the
Supreme Court.

contradiction I had a sandwich for
lunch today

If premise and hypothesis probably describe a different
photo, then the label is contradiction
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Progress on SNLI
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MultiNLI
1. Williams et al. 2018

2. Train premises drawn from five genres:
É Fiction: works from 1912–2010 spanning many genres
É Government: reports, letters, speeches, etc., from government

websites
É The Slate website
É Telephone: the Switchboard corpus
É Travel: Berlitz travel guides

3. Additional genres just for dev and test (the mismatched condition):
É The 9/11 report
É Face-to-face: The Charlotte Narrative and Conversation Collection
É Fundraising letters
É Non-fiction from Oxford University Press
É Verbatim: articles about linguistics

4. 392,702 train examples; 20K dev; 20K test
5. 19,647 examples validated by four additional annotators

É 58.2% examples with unanimous gold label
É 92.6% of gold labels match the author’s label

6. Test-set labels available as a Kaggle competition.
7. Project page: https://www.nyu.edu/projects/bowman/multinli/
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MultiNLI annotations

Matched Mismatched

ACTIVE/PASSIVE 15 10
ANTO 17 20
BELIEF 66 58
CONDITIONAL 23 26
COREF 30 29
LONG_SENTENCE 99 109
MODAL 144 126
NEGATION 129 104
PARAPHRASE 25 37
QUANTIFIER 125 140
QUANTITY/TIME_REASONING 15 39
TENSE_DIFFERENCE 51 18
WORD_OVERLAP 28 37

767 753
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Progress on MultiNLI
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NLI adversarial testing

Premise Relation Hypothesis

A turtle danced. entails A turtle moved.

Every reptile danced. neutral A turtle ate.

Some turtles walk. contradicts No turtles move.
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NLI adversarial testing

Premise Relation Hypothesis

Train
A little girl
kneeling
in the dirt crying.

entails A little girl is very
sad.

Adversarial

entails A little girl is very
unhappy.
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NLI adversarial testing

Premise Relation Hypothesis

Train

A woman is
pulling a child on
a sled in the snow.

entails

A child is sitting
on a sled in the
snow.

Adversarial

A child is pulling
a woman on a
sled in the snow.

neutral
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Adversarial NLI dataset (ANLI)

1. Nie et al. 2019b

2. 162,865 labeled examples

3. The premises come from diverse sources.

4. The hypotheses are written by crowdworkers with the
explicit goal of fooling state-of-the-art models.

5. This effort is a direct response to the results and findings
for SNLI and MultiNLI that we just reviewed.
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ANLI dataset creation

1. The annotator is presented with a premise sentence and
a condition (entailment, contradiction, neutral).

2. The annotator writes a hypothesis.

3. A state-of-the-art model makes a prediction about the
premise–hypothesis pair.

4. If the model’s prediction matches the condition, the
annotator returns to step 2 to try again.

5. If the model was fooled, the premise–hypothesis pair is
independently validated by other annotators.
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Additional ANLI details

Round Model Training data Context sources Examples

R1 BERT-large
(Devlin et al. 2019)

SNLI + MultiNLI Wikipedia 16,946

R2 ROBERTa
(Liu et al. 2019)

SNLI + MultiNLI +
NLI-FEVER + R1

Wikipedia 45,460

R3 ROBERTa
(Liu et al. 2019)

SNLI + MultiNLI +
NLI-FEVER + R2

Various 100,459

162,865

• The train sets mix cases where the model’s predictions
were correct and incorrect. The majority of the model
predictions are correct, though.

• The dev and test sets contain only cases where the
model’s prediction was incorrect.
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Code snippets: Readers and Example objectsMHBn+Q/2yRnbQHp2/

J�`+? kk- kyky

(R), BKTQ`i MHB- Qb

(k), aLGAn>PJ1 4 QbXT�i?XDQBMU]/�i�]- ]MHB/�i�]- ]bMHBnRXy]V
JlGhALGAn>PJ1 4 QbXT�i?XDQBMU]/�i�]- ]MHB/�i�]- ]KmHiBMHBnRXy]V
�LGAn>PJ1 4 QbXT�i?XDQBMU]/�i�]- ]MHB/�i�]- ]�MHBnpRXy]V

(j), bMHBni`�BMn`2�/2` 4 MHBXaLGAh`�BM_2�/2`UaLGAn>PJ1- b�KTnT2`+2Mi�;24yXRyV

(9), bMHBn/2pn`2�/2` 4 MHBXaLGA.2p_2�/2`UaLGAn>PJ1- b�KTnT2`+2Mi�;24yXRyV

(8), KmHiBni`�BMn`2�/2` 4 MHBXJmHiBLGAh`�BM_2�/2`UaLGAn>PJ1- b�KTnT2`+2Mi�;24yXRyV

(e), KmHiBnK�i+?2/n/2pn`2�/2` 4 MHBXJmHiBLGAJ�i+?2/.2p_2�/2`UaLGAn>PJ1V

(d), KmHiBnKBbK�i+?2/n/2pn`2�/2` 4 MHBXJmHiBLGAJBbK�i+?2/.2p_2�/2`UaLGAn>PJ1V

(3), �MHBni`�BMn`2�/2` 4 MHBX�LGAh`�BM_2�/2`U�LGAn>PJ1- `QmM/b4UR-k-jVV

(N), �MHBn/2pn`2�/2` 4 MHBX�LGA.2p_2�/2`U�LGAn>PJ1- `QmM/b4UR-k-jVV

( ),

( ), bMHBnBi2`�iQ` 4 Bi2`UMHBXaLGAh`�BM_2�/2`UaLGAn>PJ1VX`2�/UVV

( ), bMHBn2t 4 M2tiUbMHBnBi2`�iQ`V

( ), T`BMiUbMHBn2tV

( ),

( ),

( ),

( ),

( ),

R
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Code snippets: Examples( ),

( ),

(Ry), bMHBnBi2`�iQ` 4 Bi2`UMHBXaLGAh`�BM_2�/2`UaLGAn>PJ1VX`2�/UVV

(RR), bMHBn2t 4 M2tiUbMHBnBi2`�iQ`V

(Rk), bMHBn2tXb2Mi2M+2R

(Rk), ^� T2`bQM QM � ?Q`b2 DmKTb Qp2` � #`QF2M /QrM �B`TH�M2X^

(Rj), bMHBn2tXb2Mi2M+2k

(Rj), ^� T2`bQM Bb i`�BMBM; ?Bb ?Q`b2 7Q` � +QKT2iBiBQMX^

(R9), bMHBn2tX;QH/nH�#2H

(R9), ^M2mi`�H^

(R8), bMHBn2tXb2Mi2M+2Rn#BM�`vnT�`b2

(R8),

(Re), bMHBn2tXb2Mi2M+2RnT�`b2

(Re),

k
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Code snippets: Examples

( ),

( ),

(Ry), bMHBnBi2`�iQ` 4 Bi2`UMHBXaLGAh`�BM_2�/2`UaLGAn>PJ1VX`2�/UVV

(RR), bMHBn2t 4 M2tiUbMHBnBi2`�iQ`V

(Rk), bMHBn2tXb2Mi2M+2R

(Rk), ^� T2`bQM QM � ?Q`b2 DmKTb Qp2` � #`QF2M /QrM �B`TH�M2X^

(Rj), bMHBn2tXb2Mi2M+2k

(Rj), ^� T2`bQM Bb i`�BMBM; ?Bb ?Q`b2 7Q` � +QKT2iBiBQMX^

(R9), bMHBn2tX;QH/nH�#2H

(R9), ^M2mi`�H^

(R8), bMHBn2tXb2Mi2M+2Rn#BM�`vnT�`b2

(R8),

(Re), bMHBn2tXb2Mi2M+2RnT�`b2

(Re),

k
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Code snippets: Examples

(Re), bMHBn2tXb2Mi2M+2RnT�`b2

(Re),

( ),

( ),

j
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Code snippets: MultiNLI annotations

MHBn+Q/2yknbQHp2/

J�`+? kk- kyky

(R), BKTQ`i MHB- Qb

(k), �LLn>PJ1 4 QbXT�i?XDQBMU]/�i�]- ]MHB/�i�]- ]KmHiBMHBnRXyn�MMQi�iBQMb]V
JlGhALGAn>PJ1 4 QbXT�i?XDQBMU]/�i�]- ]MHB/�i�]- ]KmHiBMHBnRXy]V

(j), K�i+?2/n7BH2M�K2 4 QbXT�i?XDQBMU
�LLn>PJ1- ]KmHiBMHBnRXynK�i+?2/n�MMQi�iBQMbXiti]V

KBbK�i+?2/n7BH2M�K2 4 QbXT�i?XDQBMU
�LLn>PJ1- ]KmHiBMHBnRXynKBbK�i+?2/n�MMQi�iBQMbXiti]V

(9), K�i+?2/n�MM 4 MHBX`2�/n�MMQi�i2/nbm#b2iUK�i+?2/n7BH2M�K2- JlGhALGAn>PJ1V

(8), T�B`nB/ 4 ^RReRde2^
�MMn2t 4 K�i+?2/n�MM(T�B`nB/)
T`BMiU]T�B`A., &']X7Q`K�iUT�B`nB/VV
T`BMiU�MMn2t(^�MMQi�iBQMb^)V
2t 4 �MMn2t(^2t�KTH2^)
T`BMiU2tXb2Mi2M+2RV
T`BMiU2tX;QH/nH�#2HV
T`BMiU2tXb2Mi2M+2kV

T�B`A., RReRde2
(^OJP.�G^- ^O*P_16^)
aim/2Mib Q7 ?mK�M KBb2`v +�M b�pQ` Bib mM/2`HvBM; b�/M2bb �M/ 7miBHBivX
2Mi�BHK2Mi
h?Qb2 r?Q bim/v ?mK�M KBb2`v rBHH b�pQ` i?2 b�/M2bb �M/ 7miBHBivX

(3), BKTQ`i `�M/QK

(N), /27 pB2rn`�M/QKn2t�KTH2U�MMQi�iBQMbV,
�MMn2t 4 `�M/QKX+?QB+2UHBbiU�MMQi�iBQMbXBi2KbUVVV
T�B`B/- �MMn2t 4 �MMn2t
2t 4 �MMn2t(^2t�KTH2^)
T`BMiU]T�B`A., &']X7Q`K�iUT�B`B/VV
T`BMiU�MMn2t(^�MMQi�iBQMb^)V
T`BMiU2tXb2Mi2M+2RV
T`BMiU2tX;QH/nH�#2HV

R
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Hand-built features
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6. Chained models
7. Attention
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Word overlap and word-cross product
MHBn+Q/2yjnbQHp2/

J�`+? kk- kyky

(R), 7`QK +QHH2+iBQMb BKTQ`i *QmMi2`
7`QK Bi2`iQQHb BKTQ`i T`Q/m+i
BKTQ`i MHB
7`QK MHiFXi`22 BKTQ`i h`22
BKTQ`i Qb

(k), /27 rQ`/nQp2`H�TnT?BUiR- ikV,
Qp2`H�T 4 b2iU(rR 7Q` rR BM iRXH2�p2bUV B7 rR BM ikXH2�p2bUV)V
`2im`M *QmMi2`UQp2`H�TV

(j), /27 rQ`/n+`QbbnT`Q/m+inT?BUiR- ikV,
`2im`M *QmMi2`U(UrR- rkV 7Q` rR- rk BM T`Q/m+iUiRXH2�p2bUV- ikXH2�p2bUVV)V

(9), iR 4 h`22X7`QKbi`BM;U
]]]Ua ULS hQ#BV UoS Uo BbV ULS U. �V UL /Q;VVVV]]]V

(8), ik 4 h`22X7`QKbi`BM;U
]]]Ua ULS hQ#BV UoS Uo BbV ULS U. �V ULS U� #B; V UL /Q;VVVVV]]]V

(e), /BbTH�vUiR- ikV

R
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Word overlap and word-cross product

nli_code03_solved

April 20, 2019

In [1]: from collections import Counter
from itertools import product
import nli
from nltk.tree import Tree
import os

In [2]: def word_overlap_phi(t1, t2):
overlap = set([w1 for w1 in t1.leaves() if w1 in t2.leaves()])
return Counter(overlap)

In [3]: def word_cross_product_phi(t1, t2):
return Counter([(w1, w2) for w1, w2 in product(t1.leaves(), t2.leaves())])

In [4]: t1 = Tree.fromstring("""(S (NP Tobi) (VP (V is) (NP (D a) (N dog))))""")

In [5]: t2 = Tree.fromstring("""(S (NP Tobi) (VP (V is) (NP (D a) (NP (A big ) (N dog)))))""")

In [6]: display(t1, t2)

1

In [7]: word_overlap_phi(t1, t2)

Out[7]: Counter({'Tobi': 1, 'dog': 1, 'is': 1, 'a': 1})

In [8]: word_cross_product_phi(t1, t2)

Out[8]: Counter({('Tobi', 'Tobi'): 1,
('Tobi', 'is'): 1,
('Tobi', 'a'): 1,
('Tobi', 'big'): 1,
('Tobi', 'dog'): 1,
('is', 'Tobi'): 1,
('is', 'is'): 1,
('is', 'a'): 1,
('is', 'big'): 1,
('is', 'dog'): 1,
('a', 'Tobi'): 1,
('a', 'is'): 1,
('a', 'a'): 1,
('a', 'big'): 1,
('a', 'dog'): 1,
('dog', 'Tobi'): 1,
('dog', 'is'): 1,
('dog', 'a'): 1,
('dog', 'big'): 1,
('dog', 'dog'): 1})

2
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WordNet features
MHBn+Q/2y9nbQHp2/

J�`+? kk- kyky

(R), 7`QK +QHH2+iBQMb BKTQ`i *QmMi2`
7`QK Bi2`iQQHb BKTQ`i T`Q/m+i
7`QK MHiFX+Q`Tmb BKTQ`i rQ`/M2i �b rM
7`QK MHiFXi`22 BKTQ`i h`22

(k), TmTTB2b 4 rMXbvMb2ibU^TmTTv^V
(? 7Q` bb BM TmTTB2b 7Q` ? BM bbX?vT2`MvKbUV)

(k), (avMb2iU^/Q;XMXyR^V- avMb2iU^TmTXMXyR^V- avMb2iU^vQmM;nT2`bQMXMXyR^V)

(j), O � KQ`2 +QMb2`p�iBp2 �TT`Q�+? mb2b Dmbi i?2 7B`bi@HBbi2/
O avMb2i- r?B+? b?QmH/ #2 i?2 KQbi 7`2[m2Mi b2Mb2,
rMXbvMb2ibU^TmTTv^V(y)X?vT2`MvKbUV

(j), (avMb2iU^/Q;XMXyR^V- avMb2iU^TmTXMXyR^V)

(9), /27 rQ`/M2in72�im`2bUiR- ik- K2i?Q/M�K2V,
T�B`b 4 ()
rQ`/bR 4 iRXH2�p2bUV
rQ`/bk 4 ikXH2�p2bUV
7Q` rR- rk BM T`Q/m+iUrQ`/bR- rQ`/bkV,

?vTb 4 (? 7Q` bb BM rMXbvMb2ibUrRV 7Q` ? BM ;2i�ii`Ubb- K2i?Q/M�K2VUV)
bvMb 4 rMXbvMb2ibUrkV
B7 b2iU?vTbV � b2iUbvMbV,

T�B`bX�TT2M/UUrR- rkVV
`2im`M *QmMi2`UT�B`bV

(8), /27 ?vT2`MvKn72�im`2bUiR- ikV,
`2im`M rQ`/M2in72�im`2bUiR- ik- ^?vT2`MvKb^V

(e), /27 ?vTQMvKn72�im`2bUiR- ikV,
`2im`M rQ`/M2in72�im`2bUiR- ik- ^?vTQMvKb^V

( ),

( ),

R
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WordNet features
In [ ]:

In [7]: t1 = Tree.fromstring("""(S (NP (D the) (N puppy)) (VP moved))""")

In [8]: t2 = Tree.fromstring("""(S (NP (D the) (N dog)) (VP danced))""")

In [9]: display(t1, t2)

In [10]: hypernym_features(t1, t2)

Out[10]: Counter({('puppy', 'dog'): 1})

In [11]: hyponym_features(t1, t2)

Out[11]: Counter({('moved', 'danced'): 1})

In [ ]:

2

In [ ]:

In [7]: t1 = Tree.fromstring("""(S (NP (D the) (N puppy)) (VP moved))""")

In [8]: t2 = Tree.fromstring("""(S (NP (D the) (N dog)) (VP danced))""")

In [9]: display(t1, t2)

In [10]: hypernym_features(t1, t2)

Out[10]: Counter({('puppy', 'dog'): 1})

In [11]: hyponym_features(t1, t2)

Out[11]: Counter({('moved', 'danced'): 1})

In [ ]:

2

In [ ]:

In [7]: t1 = Tree.fromstring("""(S (NP (D the) (N puppy)) (VP moved))""")

In [8]: t2 = Tree.fromstring("""(S (NP (D the) (N dog)) (VP danced))""")

In [9]: display(t1, t2)

In [10]: hypernym_features(t1, t2)

Out[10]: Counter({('puppy', 'dog'): 1})

In [11]: hyponym_features(t1, t2)

Out[11]: Counter({('moved', 'danced'): 1})

In [ ]:

2
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Other hand-built features

1. Additional WordNet relations

2. Edit distance

3. Word differences (cf. word overlap)

4. Alignment-based features

5. Negation

6. Quantifier relations (e.g., every À some; see MacCartney
and Manning 2009)

7. Named entity features
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nli.experiment

1. Overview
2. SNLI, MultiNLI, and Adversarial NLI
3. Hand-built features
4. nli.experiment
5. Sentence-encoding models
6. Chained models
7. Attention
8. Error analysis
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Complete experiment with nli.experiment

MHBn+Q/2y8nbQHp2/

J�`+? kk- kyky

(R), 7`QK +QHH2+iBQMb BKTQ`i *QmMi2`
BKTQ`i MHB
BKTQ`i Qb
7`QK bFH2�`MXHBM2�`nKQ/2H BKTQ`i GQ;BbiB+_2;`2bbBQM
BKTQ`i miBHb

(k), aLGAn>PJ1 4 QbXT�i?XDQBMU]/�i�]- ]MHB/�i�]- ]bMHBnRXy]V

(j), /27 rQ`/nQp2`H�TnT?BUiR- ikV,
Qp2`H�T 4 b2iU(rR 7Q` rR BM iRXH2�p2bUV B7 rR BM ikXH2�p2bUV)V
`2im`M *QmMi2`UQp2`H�TV

(9), /27 7BinbQ7iK�tUs- vV,
KQ/ 4 GQ;BbiB+_2;`2bbBQMUbQHp2`4^HB#HBM2�`^- KmHiBn+H�bb4^�miQ^V
KQ/X7BiUs- vV
`2im`M KQ/

(8), i`�BMn`2�/2`nRy 4 MHBXaLGAh`�BM_2�/2`UaLGAn>PJ1- b�KTnT2`+2Mi�;24yXRyV

(e), #�bB+n2tT2`BK2Mi 4 MHBX2tT2`BK2MiU
i`�BMn`2�/2`nRy-
rQ`/nQp2`H�TnT?B-
7BinbQ7iK�t-
�bb2bbn`2�/2`4LQM2- O .27�mHi
i`�BMnbBx24yXd- O .27�mHi
b+Q`2n7mM+4miBHbXb�72nK�+`Qn7R- O .27�mHi
p2+iQ`Bx24h`m2- O .27�mHi
p2`#Qb24h`m2- O .27�mHi
`�M/QKnbi�i24LQM2V O .27�mHi

T`2+BbBQM `2+�HH 7R@b+Q`2 bmTTQ`i

+QMi`�/B+iBQM yX99j yXe8d yX8kN 889N
2Mi�BHK2Mi yX9eN yXjNk yX9kd 88kN

M2mi`�H yXjde yXk8R yXjyR 8j99

�++m`�+v yX9je Re9kk
K�+`Q �p; yX9kN yX9jj yX9RN Re9kk

R
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Hyperparameter selection on train subsets

MHBn+Q/2yenbQHp2/

J�`+? kk- kyky

(R), 7`QK +QHH2+iBQMb BKTQ`i *QmMi2`
BKTQ`i MHB
BKTQ`i Qb
7`QK bFH2�`MXHBM2�`nKQ/2H BKTQ`i GQ;BbiB+_2;`2bbBQM
BKTQ`i miBHb

(k), aLGAn>PJ1 4 QbXT�i?XDQBMU]/�i�]- ]MHB/�i�]- ]bMHBnRXy]V

(j), /27 rQ`/nQp2`H�TnT?BUiR- ikV,
Qp2`H�T 4 b2iU(rR 7Q` rR BM iRXH2�p2bUV B7 rR BM ikXH2�p2bUV)V
`2im`M *QmMi2`UQp2`H�TV

(9), /27 7BinbQ7iK�tnrBi?n+`Qbbp�HB/�iBQMUs- vV,
#�b2KQ/ 4 GQ;BbiB+_2;`2bbBQMU

7BinBMi2`+2Ti4h`m2- bQHp2`4^HB#HBM2�`^- KmHiBn+H�bb4^�miQ^V
T�`�Kn;`B/ 4 &^*^, (yXe- yXd- yX3- RXy- RXR)- ^T2M�Hiv^, (^HR^-^Hk^)'
#2binKQ/ 4 miBHbX7Bin+H�bbB7B2`nrBi?n+`Qbbp�HB/�iBQMU

s- v- #�b2KQ/- +p4j- T�`�Kn;`B/4T�`�Kn;`B/V
`2im`M #2binKQ/

(8), O a2H2+i ?vT2`T�`�K2i2`b #�b2/ QM � bm#b2i Q7 i?2 /�i�,
imMBM;n2tT2`BK2Minb�KTH2 4 MHBX2tT2`BK2MiU

MHBXaLGAh`�BM_2�/2`UaLGAn>PJ1- b�KTnT2`+2Mi�;24yXRyV-
rQ`/nQp2`H�TnT?B-
7BinbQ7iK�tnrBi?n+`Qbbp�HB/�iBQMV

"2bi T�`�Kb, &^*^, RXy- ^T2M�Hiv^, ^Hk^'
"2bi b+Q`2, yX9Rj

T`2+BbBQM `2+�HH 7R@b+Q`2 bmTTQ`i

+QMi`�/B+iBQM yX993 yXeey yX8jj 89Ny
2Mi�BHK2Mi yX9dR yXjN9 yX9kN 89j8

M2mi`�H yXj3d yXkee yXjR8 893R

KB+`Q �p; yX99y yX99y yX99y Re9ye
K�+`Q �p; yX9j8 yX99y yX9ke Re9ye

r2B;?i2/ �p; yX9j8 yX99y yX9ke Re9ye

R
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Hyperparameter selection on train subsets

MHBn+Q/2yenbQHp2/

J�`+? kk- kyky

(R), 7`QK +QHH2+iBQMb BKTQ`i *QmMi2`
BKTQ`i MHB
BKTQ`i Qb
7`QK bFH2�`MXHBM2�`nKQ/2H BKTQ`i GQ;BbiB+_2;`2bbBQM
BKTQ`i miBHb

(k), aLGAn>PJ1 4 QbXT�i?XDQBMU]/�i�]- ]MHB/�i�]- ]bMHBnRXy]V

(j), /27 rQ`/nQp2`H�TnT?BUiR- ikV,
Qp2`H�T 4 b2iU(rR 7Q` rR BM iRXH2�p2bUV B7 rR BM ikXH2�p2bUV)V
`2im`M *QmMi2`UQp2`H�TV

(9), /27 7BinbQ7iK�tnrBi?n+`Qbbp�HB/�iBQMUs- vV,
#�b2KQ/ 4 GQ;BbiB+_2;`2bbBQMU

7BinBMi2`+2Ti4h`m2- bQHp2`4^HB#HBM2�`^- KmHiBn+H�bb4^�miQ^V
T�`�Kn;`B/ 4 &^*^, (yXe- yXd- yX3- RXy- RXR)- ^T2M�Hiv^, (^HR^-^Hk^)'
#2binKQ/ 4 miBHbX7Bin+H�bbB7B2`nrBi?n+`Qbbp�HB/�iBQMU

s- v- #�b2KQ/- +p4j- T�`�Kn;`B/4T�`�Kn;`B/V
`2im`M #2binKQ/

(8), O a2H2+i ?vT2`T�`�K2i2`b #�b2/ QM � bm#b2i Q7 i?2 /�i�,
imMBM;n2tT2`BK2Minb�KTH2 4 MHBX2tT2`BK2MiU

MHBXaLGAh`�BM_2�/2`UaLGAn>PJ1- b�KTnT2`+2Mi�;24yXRyV-
rQ`/nQp2`H�TnT?B-
7BinbQ7iK�tnrBi?n+`Qbbp�HB/�iBQMV

"2bi T�`�Kb, &^*^, RXy- ^T2M�Hiv^, ^Hk^'
"2bi b+Q`2, yX9Rj

T`2+BbBQM `2+�HH 7R@b+Q`2 bmTTQ`i

+QMi`�/B+iBQM yX993 yXeey yX8jj 89Ny
2Mi�BHK2Mi yX9dR yXjN9 yX9kN 89j8

M2mi`�H yXj3d yXkee yXjR8 893R

KB+`Q �p; yX99y yX99y yX99y Re9ye
K�+`Q �p; yX9j8 yX99y yX9ke Re9ye

r2B;?i2/ �p; yX9j8 yX99y yX9ke Re9ye

R

MHBn+Q/2yenbQHp2/

J�`+? kk- kyky

(R), 7`QK +QHH2+iBQMb BKTQ`i *QmMi2`
BKTQ`i MHB
BKTQ`i Qb
7`QK bFH2�`MXHBM2�`nKQ/2H BKTQ`i GQ;BbiB+_2;`2bbBQM
BKTQ`i miBHb

(k), aLGAn>PJ1 4 QbXT�i?XDQBMU]/�i�]- ]MHB/�i�]- ]bMHBnRXy]V

(j), /27 rQ`/nQp2`H�TnT?BUiR- ikV,
Qp2`H�T 4 b2iU(rR 7Q` rR BM iRXH2�p2bUV B7 rR BM ikXH2�p2bUV)V
`2im`M *QmMi2`UQp2`H�TV

(9), /27 7BinbQ7iK�tnrBi?n+`Qbbp�HB/�iBQMUs- vV,
#�b2KQ/ 4 GQ;BbiB+_2;`2bbBQMU

7BinBMi2`+2Ti4h`m2- bQHp2`4^HB#HBM2�`^- KmHiBn+H�bb4^�miQ^V
T�`�Kn;`B/ 4 &^*^, (yXe- yXd- yX3- RXy- RXR)- ^T2M�Hiv^, (^HR^-^Hk^)'
#2binKQ/ 4 miBHbX7Bin+H�bbB7B2`nrBi?n+`Qbbp�HB/�iBQMU

s- v- #�b2KQ/- +p4j- T�`�Kn;`B/4T�`�Kn;`B/V
`2im`M #2binKQ/

(8), O a2H2+i ?vT2`T�`�K2i2`b #�b2/ QM � bm#b2i Q7 i?2 /�i�,
imMBM;n2tT2`BK2Minb�KTH2 4 MHBX2tT2`BK2MiU

MHBXaLGAh`�BM_2�/2`UaLGAn>PJ1- b�KTnT2`+2Mi�;24yXRyV-
rQ`/nQp2`H�TnT?B-
7BinbQ7iK�tnrBi?n+`Qbbp�HB/�iBQMV

"2bi T�`�Kb, &^*^, RXy- ^T2M�Hiv^, ^Hk^'
"2bi b+Q`2, yX9Rj

T`2+BbBQM `2+�HH 7R@b+Q`2 bmTTQ`i

+QMi`�/B+iBQM yX993 yXeey yX8jj 89Ny
2Mi�BHK2Mi yX9dR yXjN9 yX9kN 89j8

M2mi`�H yXj3d yXkee yXjR8 893R

KB+`Q �p; yX99y yX99y yX99y Re9ye
K�+`Q �p; yX9j8 yX99y yX9ke Re9ye

r2B;?i2/ �p; yX9j8 yX99y yX9ke Re9ye

R
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Hyperparameter selection on train subsets

MHBn+Q/2yenbQHp2/

J�`+? kk- kyky

(R), 7`QK +QHH2+iBQMb BKTQ`i *QmMi2`
BKTQ`i MHB
BKTQ`i Qb
7`QK bFH2�`MXHBM2�`nKQ/2H BKTQ`i GQ;BbiB+_2;`2bbBQM
BKTQ`i miBHb

(k), aLGAn>PJ1 4 QbXT�i?XDQBMU]/�i�]- ]MHB/�i�]- ]bMHBnRXy]V

(j), /27 rQ`/nQp2`H�TnT?BUiR- ikV,
Qp2`H�T 4 b2iU(rR 7Q` rR BM iRXH2�p2bUV B7 rR BM ikXH2�p2bUV)V
`2im`M *QmMi2`UQp2`H�TV

(9), /27 7BinbQ7iK�tnrBi?n+`Qbbp�HB/�iBQMUs- vV,
#�b2KQ/ 4 GQ;BbiB+_2;`2bbBQMU

7BinBMi2`+2Ti4h`m2- bQHp2`4^HB#HBM2�`^- KmHiBn+H�bb4^�miQ^V
T�`�Kn;`B/ 4 &^*^, (yXe- yXd- yX3- RXy- RXR)- ^T2M�Hiv^, (^HR^-^Hk^)'
#2binKQ/ 4 miBHbX7Bin+H�bbB7B2`nrBi?n+`Qbbp�HB/�iBQMU

s- v- #�b2KQ/- +p4j- T�`�Kn;`B/4T�`�Kn;`B/V
`2im`M #2binKQ/

(8), O a2H2+i ?vT2`T�`�K2i2`b #�b2/ QM � bm#b2i Q7 i?2 /�i�,
imMBM;n2tT2`BK2Minb�KTH2 4 MHBX2tT2`BK2MiU

MHBXaLGAh`�BM_2�/2`UaLGAn>PJ1- b�KTnT2`+2Mi�;24yXRyV-
rQ`/nQp2`H�TnT?B-
7BinbQ7iK�tnrBi?n+`Qbbp�HB/�iBQMV

"2bi T�`�Kb, &^*^, RXy- ^T2M�Hiv^, ^Hk^'
"2bi b+Q`2, yX9Rj

T`2+BbBQM `2+�HH 7R@b+Q`2 bmTTQ`i

+QMi`�/B+iBQM yX993 yXeey yX8jj 89Ny
2Mi�BHK2Mi yX9dR yXjN9 yX9kN 89j8

M2mi`�H yXj3d yXkee yXjR8 893R

KB+`Q �p; yX99y yX99y yX99y Re9ye
K�+`Q �p; yX9j8 yX99y yX9ke Re9ye

r2B;?i2/ �p; yX9j8 yX99y yX9ke Re9ye

R

(e), /27 7BinbQ7iK�tn+H�bbB7B2`nrBi?nT`2b2H2+i2/nT�`�KbUs- vV,
KQ/ 4 GQ;BbiB+_2;`2bbBQMU

7BinBMi2`+2Ti4h`m2- bQHp2`4^HB#HBM2�`^- KmHiBn+H�bb4^�miQ^-
*4RXy- T2M�Hiv4^Hk^V

KQ/X7BiUs- vV
`2im`M KQ/

(d), O lb2 i?2 b2H2+i2/ ?vT2`T�`�Ki2`b BM � U+QbiHvV 7mHH /�i�b2i i`�BMBM; `mM,
7mHHn2tT2`BK2Mi 4 MHBX2tT2`BK2MiU

MHBXaLGAh`�BM_2�/2`UaLGAn>PJ1V-
rQ`/nQp2`H�TnT?B-
7BinbQ7iK�tn+H�bbB7B2`nrBi?nT`2b2H2+i2/nT�`�Kb-
�bb2bbn`2�/2`4MHBXaLGA.2p_2�/2`UaLGAn>PJ1VV

T`2+BbBQM `2+�HH 7R@b+Q`2 bmTTQ`i

+QMi`�/B+iBQM yX98N yXdy3 yX88d jkd3
2Mi�BHK2Mi yX8yj yX99e yX9dj jjkN

M2mi`�H yX9yd yXkjR yXkN8 jkj8

KB+`Q �p; yX9ej yX9ej yX9ej N39k
K�+`Q �p; yX98e yX9ek yX99R N39k

r2B;?i2/ �p; yX98d yX9ej yX99k N39k

( ),

( ),

( ),

( ),

( ),

( ),

( ),

( ),

( ),

( ),

( ),

k
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Hyperparameter selection with a few iterations

( ),

(3), /27 7BinbQ7iK�tnrBi?n+`Qbbp�HB/�iBQMnbK�HHnBi2`Us- vV,
#�b2KQ/ 4 GQ;BbiB+_2;`2bbBQMU

7BinBMi2`+2Ti4h`m2- bQHp2`4^HB#HBM2�`^- KmHiBn+H�bb4^�miQ^-
K�tnBi2`4jV

T�`�Kn;`B/ 4 &^*^, (yXe- yXd- yX3- RXy- RXR)- ^T2M�Hiv^, (^HR^-^Hk^)'
#2binKQ/ 4 miBHbX7Bin+H�bbB7B2`nrBi?n+`Qbbp�HB/�iBQMU

s- v- #�b2KQ/- +p4j- T�`�Kn;`B/4T�`�Kn;`B/V
`2im`M #2binKQ/

(N), O a2H2+i ?vT2`T�`�K2i2`b #�b2/ QM � 72r Bi2`�iBQMb,
imMBM;n2tT2`BK2MinbK�HHnBi2` 4 MHBX2tT2`BK2MiU

MHBXaLGAh`�BM_2�/2`UaLGAn>PJ1V-
rQ`/nQp2`H�TnT?B-
7BinbQ7iK�tnrBi?n+`Qbbp�HB/�iBQMnbK�HHnBi2`V

ēf#�b2XTv,Nkk, *QMp2`;2M+2q�`MBM;, GB#HBM2�` 7�BH2/ iQ +QMp2`;2-
BM+`2�b2 i?2 MmK#2` Q7 Bi2`�iBQMbX

"2bi T�`�Kb, &^*^, RXy- ^T2M�Hiv^, ^HR^'
"2bi b+Q`2, yX9k8

T`2+BbBQM `2+�HH 7R@b+Q`2 bmTTQ`i

+QMi`�/B+iBQM yX99N yXedR yX8j3 89Ndk
2Mi�BHK2Mi yX9ek yX98k yX98d 88RdN

M2mi`�H yXjN9 yXkye yXkdR 89eey

KB+`Q �p; yX999 yX999 yX999 Re93RR
K�+`Q �p; yX9j8 yX99j yX9kk Re93RR

r2B;?i2/ �p; yX9j8 yX999 yX9kk Re93RR

(Ry),

j

37 / 72



Overview SNLI, MultiNLI, ANLI Hand-built features nli.experiment Sentence-encoding Chained Attention Error analyses

A hypothesis-only experiment

MHBn+Q/2RynbQHp2/

J�`+? kk- kyky

(R), 7`QK +QHH2+iBQMb BKTQ`i *QmMi2`
BKTQ`i Qb
7`QK bFH2�`MXHBM2�`nKQ/2H BKTQ`i GQ;BbiB+_2;`2bbBQM
BKTQ`i MHB- miBHb

(k), aLGAn>PJ1 4 QbXT�i?XDQBMU]/�i�]- ]MHB/�i�]- ]bMHBnRXy]V

(j), /27 ?vTQi?2bBbnQMHvnmMB;`�KbnT?BUiR- ikV,
`2im`M *QmMi2`UikXH2�p2bUVV

(9), /27 7BinbQ7iK�tUs- vV,
KQ/ 4 GQ;BbiB+_2;`2bbBQMUbQHp2`4^HB#HBM2�`^- KmHiBn+H�bb4^�miQ^V
KQ/X7BiUs- vV
`2im`M KQ/

(8), ?vTQi?2bBbnQMHvn2tT2`BK2Mi 4 MHBX2tT2`BK2MiU
MHBXaLGAh`�BM_2�/2`UaLGAn>PJ1V-
?vTQi?2bBbnQMHvnmMB;`�KbnT?B-
7BinbQ7iK�t-
�bb2bbn`2�/2`4MHBXaLGA.2p_2�/2`UaLGAn>PJ1VV

T`2+BbBQM `2+�HH 7R@b+Q`2 bmTTQ`i

+QMi`�/B+iBQM yXe89 yXejR yXe9k jkd3
2Mi�BHK2Mi yXejN yXdR8 yXed8 jjkN

M2mi`�H yXedy yXeRj yXe9y jkj8

�++m`�+v yXe8j N39k
K�+`Q �p; yXe88 yXe8j yXe8j N39k

r2B;?i2/ �p; yXe89 yXe8j yXe8j N39k

( ),

( ),

( ),

R
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A hypothesis-only experiment( ),

( ),

(e), 7`QK bFH2�`MX/mKKv BKTQ`i .mKKv*H�bbB7B2`

(d), /27 7Bin/mKKvn+H�bbB7B2`Us- vV,
KQ/ 4 .mKKv*H�bbB7B2`Ubi`�i2;v4^bi`�iB7B2/^V
KQ/X7BiUs- vV
`2im`M KQ/

(3), `�M/QKn2tT2`BK2Mi 4 MHBX2tT2`BK2MiU
MHBXaLGAh`�BM_2�/2`UaLGAn>PJ1V-
H�K#/� iR- ik, &^+QMbi�Mi^, R'- O <.mKKv*H�bbB7B2`< B;MQ`2b i?Bb5
7Bin/mKKvn+H�bbB7B2`-
�bb2bbn`2�/2`4MHBXaLGA.2p_2�/2`UaLGAn>PJ1VV

T`2+BbBQM `2+�HH 7R@b+Q`2 bmTTQ`i

+QMi`�/B+iBQM yXjjj yXjjj yXjjj jkd3
2Mi�BHK2Mi yXj9j yXjjN yXj9R jjkN

M2mi`�H yXjjk yXjj8 yXjjj jkj8

�++m`�+v yXjje N39k
K�+`Q �p; yXjje yXjje yXjje N39k

r2B;?i2/ �p; yXjje yXjje yXjje N39k

( ), /27 T`2KBb2nQMHvnmMB;`�KbnT?BUiR- ikV,
`2im`M *QmMi2`UiRXH2�p2bUVV

( ), T`2KBb2nQMHvn2tT2`BK2Mi 4 MHBX2tT2`BK2MiU
MHBXaLGAh`�BM_2�/2`UaLGAn>PJ1V-
T`2KBb2nQMHvnmMB;`�KbnT?B-
7BinbQ7iK�tn+H�bbB7B2`nrBi?nT`2b2H2+i2/nT�`�Kb-
�bb2bbn`2�/2`4MHBXaLGA.2p_2�/2`UaLGAn>PJ1VV

k
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Sentence-encoding models

1. Overview
2. SNLI, MultiNLI, and Adversarial NLI
3. Hand-built features
4. nli.experiment
5. Sentence-encoding models
6. Chained models
7. Attention
8. Error analysis

39 / 72



Overview SNLI, MultiNLI, ANLI Hand-built features nli.experiment Sentence-encoding Chained Attention Error analyses

Distributed representations as features
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Code: Distributed representations as features

MHBn+Q/2ydnbQHp2/

J�`+? kk- kyky

(R), BKTQ`i MmKTv �b MT
BKTQ`i Qb
7`QK bFH2�`MXHBM2�`nKQ/2H BKTQ`i GQ;BbiB+_2;`2bbBQM
BKTQ`i MHB- miBHb

(k), aLGAn>PJ1 4 QbXT�i?XDQBMU]/�i�]- ]MHB/�i�]- ]bMHBnRXy]V
:GPo1n>PJ1 4 QbXT�i?XDQBMU^/�i�^- ^;HQp2Xe"^V

(j), ;HQp2nHQQFmT 4 miBHbX;HQp2k/B+iU
QbXT�i?XDQBMU:GPo1n>PJ1- ^;HQp2Xe"X8y/Xiti^VV

(9), /27 n;2ini`22np2+bUi`22- HQQFmT- MTn7mM+V,
�HHp2+b 4 MTX�``�vU(HQQFmT(r) 7Q` r BM i`22XH2�p2bUV B7 r BM HQQFmT)V
B7 H2MU�HHp2+bV 44 y,

/BK 4 H2MUM2tiUBi2`UHQQFmTXp�Hm2bUVVVV
72�ib 4 MTXx2`QbU/BKV

2Hb2,
72�ib 4 MTn7mM+U�HHp2+b- �tBb4yV

`2im`M 72�ib

(8), /27 ;HQp2nH2�p2bnT?BUiR- ik- MTn7mM+4MTXbmKV,
T`2Knp2+b 4 n;2ini`22np2+bUiR- ;HQp2nHQQFmT- MTn7mM+V
?vTnp2+b 4 n;2ini`22np2+bUik- ;HQp2nHQQFmT- MTn7mM+V
`2im`M MTX+QM+�i2M�i2UUT`2Knp2+b- ?vTnp2+bVV

(e), /27 ;HQp2nH2�p2bnbmKnT?BUiR- ikV,
`2im`M ;HQp2nH2�p2bnT?BUiR- ik- MTn7mM+4MTXbmKV

( ),

( ),

( ),

( ),

( ),

R
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Code: Distributed representations as features

( ),

( ),

( ),

( ),

( ),

( ),

(d), /27 7BinbQ7iK�tUs- vV,
KQ/ 4 GQ;BbiB+_2;`2bbBQMU

7BinBMi2`+2Ti4h`m2- bQHp2`4^HB#HBM2�`^- KmHiBn+H�bb4^�miQ^V
KQ/X7BiUs- vV
`2im`M KQ/

(3), ;HQp2nbmKn2tT2`BK2Mi 4 MHBX2tT2`BK2MiU
MHBXaLGAh`�BM_2�/2`UaLGAn>PJ1V-
;HQp2nH2�p2bnbmKnT?B-
7BinbQ7iK�t-
�bb2bbn`2�/2`4MHBXaLGA.2p_2�/2`UaLGAn>PJ1V-
p2+iQ`Bx246�Hb2V O q2 �H`2�/v ?�p2 p2+iQ`b5

T`2+BbBQM `2+�HH 7R@b+Q`2 bmTTQ`i

+QMi`�/B+iBQM yX8y8 yX9de yX9Ny jkd3
2Mi�BHK2Mi yX8yy yX8eR yX8kN jjkN

M2mi`�H yX89N yX8Rj yX8jy jkj8

KB+`Q �p; yX8Rd yX8Rd yX8Rd N39k
K�+`Q �p; yX8R3 yX8Re yX8Re N39k

r2B;?i2/ �p; yX8R3 yX8Rd yX8Re N39k

k
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Rationale for sentence-encoding models

1. Encoding the premise and hypothesis separately might
give the model a chance to find rich abstract
relationships between them.

2. Sentence-level encoding could facilitate transfer to other
tasks (Dagan et al.’s (2006) vision).
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Sentence-encoding RNNs
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PyTorch strategy: Sentence-encoding RNNs
The full implementation is in nli_02_models.ipynb.

TorchRNNSentenceEncoderDataset
This is conceptually a list of pairs of sequences, each with
their lengths, and a label vector:
�

�

[every,dog,danced], [every,poodle,moved]
�

, (3,3),entailment

�

TorchRNNSentenceEncoderClassifierModel
This is concetually a premise RNN and a hypothesis RNN. The
forward method uses them to process the two parts of the
example, concatenate the outputs of those passes, and feed
them into a classifier.

TorchRNNSentenceEncoderClassifier
This is basically unchanged from its super class
TorchRNNClassifier, except the predict_proba method
needs to deal with the new example format.
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Sentence-encoding TreeNNs
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Chained models

1. Overview
2. SNLI, MultiNLI, and Adversarial NLI
3. Hand-built features
4. nli.experiment
5. Sentence-encoding models
6. Chained models
7. Attention
8. Error analysis
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Simple RNN

Whh WhhWhh Whh
Whh Whh

Why

Wxh Wxh Wxh WxhWxh Wxh

every dog danced every poodle moved

x3 x2 x1 x3 x5 x4

h1 h2 h3 h4 h5 h6

y

h0

Recurrent architectures: simple classifiers
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Rationale for sentence-encoding models

1. The premise truly establishes the context for the
hypothesis.

2. Might be seen as corresponding to a real processing
model.
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Code snippet: Simple RNN
MHBn+Q/2y3nbQHp2/

J�`+? kk- kyky

(R), BKTQ`i Qb
7`QK iQ`+?n`MMn+H�bbB7B2` BKTQ`i hQ`+?_LL*H�bbB7B2`
BKTQ`i MHB- miBHb

(k), aLGAn>PJ1 4 QbXT�i?XDQBMU]/�i�]- ]MHB/�i�]- ]bMHBnRXy]V

(j), /27 bBKTH2n+?�BM2/n`2Tn`MMnT?BUiR- ikV,
`2im`M iRXH2�p2bUV Y (](a1S)]) Y ikXH2�p2bUV

(9), /27 7BinbBKTH2n+?�BM2/n`MMUs- vV,
pQ+�# 4 miBHbX;2inpQ+�#Us- MnrQ`/b4RyyyyV
pQ+�#X�TT2M/U](a1S)]V
KQ/ 4 hQ`+?_LL*H�bbB7B2`UpQ+�#- ?B//2Mn/BK48y- K�tnBi2`48yV
KQ/X7BiUs- vV
`2im`M KQ/

(8), bBKTH2n+?�BM2/n`MMn2tT2`BK2Mi 4 MHBX2tT2`BK2MiU
MHBXaLGAh`�BM_2�/2`UaLGAn>PJ1- b�KTnT2`+2Mi�;24yXRyV-
bBKTH2n+?�BM2/n`2Tn`MMnT?B-
7BinbBKTH2n+?�BM2/n`MM-
p2+iQ`Bx246�Hb2V

6BMBb?2/ 2TQ+? 8y Q7 8yc 2``Q` Bb kXy8Rykkk8yky8kd39

T`2+BbBQM `2+�HH 7R@b+Q`2 bmTTQ`i

+QMi`�/B+iBQM yX88j yX8e9 yX88N 89kj
2Mi�BHK2Mi yX83e yX8Ny yX833 8888

M2mi`�H yX88y yX8je yX89j 88Ry

KB+`Q �p; yX8ej yX8ej yX8ej Re933
K�+`Q �p; yX8ej yX8ej yX8ej Re933

r2B;?i2/ �p; yX8ej yX8ej yX8ej Re933

R
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Premise and hypothesis RNNs

The PyTorch implementation strategy is similar to the one outlined earlier
for sentence-encoding RNNs, except the final hidden state of the premise
RNN becomes the initial hidden state for the hypothesis RNN.
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Other strategies

TorchRNNClassifier
• TorchRNNClassifier feeds its final hidden state directly

to the classifier layer.
• If bidirectional=True, then the two final states are

concatenated and fed directly to the classifier layer.

Other ideas
• Pool all the hidden states with max or mean.
• Different pooling options can be combined.
• Additional layers between the hidden representation

(however defined) and the classifier layer.
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Attention

1. Overview
2. SNLI, MultiNLI, and Adversarial NLI
3. Hand-built features
4. nli.experiment
5. Sentence-encoding models
6. Chained models
7. Attention
8. Error analysis
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Guiding ideas

1. We need more connections between premise and
hypothesis.

2. In processing the hypothesis, the model needs
“reminders” of what the premise contained; the final
premise hidden state isn’t enough.

3. Soft alignment between premise and hypothesis – a
neural interpretation of an old idea in NLI.
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Global attention

dancedevery dog dancedsome poodle

x3 x2 x1 x27 x21 x11

h1 h2 h3 hA hB hC
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Global attention

classifier y = softmax(h̃W + b)

attention combo h̃ = tanh([κ;hC]Wκ)

or h̃ = tanh(κWκ + hCWh)

context κ =mean(α1h1, α2h2, α3h3)

attention weights α = softmax(α̃)

scores α̃ =

�

h>
C

h1 h>
C

h2 h>
C

h3

�

dancedevery dog dancedsome poodle

x3 x2 x1 x27 x21 x11

h1 h2 h3 hA hB hC

54 / 72



Overview SNLI, MultiNLI, ANLI Hand-built features nli.experiment Sentence-encoding Chained Attention Error analyses

Global attention

classifier y = softmax(h̃W + b)

attention combo h̃ = tanh([κ;hC]Wκ)

or h̃ = tanh(κWκ + hCWh)

context κ =mean(α1h1, α2h2, α3h3)

attention weights α = softmax(α̃)

scores α̃ =

�

h>
C

h1 h>
C

h2 h>
C

h3

�

dancedevery dog dancedsome poodle

x3 x2 x1 x27 x21 x11

h1 h2 h3 hA hB hC
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Global attention

classifier y = softmax(h̃W + b)

attention combo h̃ = tanh([κ;hC]Wκ)

or h̃ = tanh(κWκ + hCWh)

context κ =mean(α1h1, α2h2, α3h3)

attention weights α = softmax(α̃)

scores α̃ =

�

h>
C

h1 h>
C

h2 h>
C

h3

�

dancedevery dog dancedsome poodle

x3 x2 x1 x27 x21 x11

h1 h2 h3 hA hB hC
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Global attention

classifier y = softmax(h̃W + b)

attention combo h̃ = tanh([κ;hC]Wκ)

or h̃ = tanh(κWκ + hCWh)

context κ =mean(α1h1, α2h2, α3h3)

attention weights α = softmax(α̃)

scores α̃ =

�

h>
C

h1 h>
C

h2 h>
C

h3

�

dancedevery dog dancedsome poodle

x3 x2 x1 x27 x21 x11

h1 h2 h3 hA hB hC
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Global attention

classifier y = softmax(h̃W + b)

attention combo h̃ = tanh([κ;hC]Wκ) or h̃ = tanh(κWκ + hCWh)

context κ =mean(α1h1, α2h2, α3h3)

attention weights α = softmax(α̃)

scores α̃ =

�

h>
C

h1 h>
C

h2 h>
C

h3

�

dancedevery dog dancedsome poodle

x3 x2 x1 x27 x21 x11

h1 h2 h3 hA hB hC
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Global attention

classifier y = softmax(h̃W + b)

attention combo h̃ = tanh([κ;hC]Wκ)

or h̃ = tanh(κWκ + hCWh)

context κ =mean(α1h1, α2h2, α3h3)

attention weights α = softmax(α̃)

scores α̃ =

�

h>
C

h1 h>
C

h2 h>
C

h3

�

dancedevery dog dancedsome poodle

x3 x2 x1 x27 x21 x11

h1 h2 h3 hA hB hC
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Global attention

classifier y = softmax(h̃W + b)

attention combo h̃ = tanh([0.07,0.11,0.1,0.2]Wκ)

context κ =mean(.35 · [.4, .6], .33 · [.2, .4], .31 · [.1, .1])

attention weights α = [0.35,0.33,0.31]

scores α̃ = [0.16,0.10,0.03]

dancedevery dog dancedsome poodle

x3 x2 x1 x27 x21 x11

[0.4, 0.6] [0.2, 0.4] [0.1, 0.1] [0.1, 0.2]
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Global attention

classifier y = softmax(h̃W + b)

attention combo h̃ = tanh([0.07,0.11,0.1,0.2]Wκ)

context κ =mean(.35 · [.4, .6], .33 · [.2, .4], .31 · [.1, .1])

attention weights α = [0.35,0.33,0.31]

scores α̃ = [0.16,0.10,0.03]

dancedevery dog dancedsome poodle

x3 x2 x1 x27 x21 x11

[0.4, 0.6] [0.2, 0.4] [0.1, 0.1] [0.1, 0.2]
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Global attention

classifier y = softmax(h̃W + b)

attention combo h̃ = tanh([0.07,0.11,0.1,0.2]Wκ)

context κ =mean(.35 · [.4, .6], .33 · [.2, .4], .31 · [.1, .1])

attention weights α = [0.35,0.33,0.31]

scores α̃ = [0.16,0.10,0.03]

dancedevery dog dancedsome poodle

x3 x2 x1 x27 x21 x11

[0.4, 0.6] [0.2, 0.4] [0.1, 0.1] [0.1, 0.2]
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Global attention

classifier y = softmax(h̃W + b)

attention combo h̃ = tanh([0.07,0.11,0.1,0.2]Wκ)

context κ =mean(.35 · [.4, .6], .33 · [.2, .4], .31 · [.1, .1])

attention weights α = [0.35,0.33,0.31]

scores α̃ = [0.16,0.10,0.03]

dancedevery dog dancedsome poodle

x3 x2 x1 x27 x21 x11

[0.4, 0.6] [0.2, 0.4] [0.1, 0.1] [0.1, 0.2]
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Global attention

classifier y = softmax(h̃W + b)

attention combo h̃ = tanh([0.07,0.11,0.1,0.2]Wκ)

context κ =mean(.35 · [.4, .6], .33 · [.2, .4], .31 · [.1, .1])

attention weights α = [0.35,0.33,0.31]

scores α̃ = [0.16,0.10,0.03]

dancedevery dog dancedsome poodle

x3 x2 x1 x27 x21 x11

[0.4, 0.6] [0.2, 0.4] [0.1, 0.1] [0.1, 0.2]
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Global attention

classifier y = softmax(h̃W + b)

attention combo h̃ = tanh([0.07,0.11,0.1,0.2]Wκ)

context κ =mean(.35 · [.4, .6], .33 · [.2, .4], .31 · [.1, .1])

attention weights α = [0.35,0.33,0.31]

scores α̃ = [0.16,0.10,0.03]

dancedevery dog dancedsome poodle

x3 x2 x1 x27 x21 x11

[0.4, 0.6] [0.2, 0.4] [0.1, 0.1] [0.1, 0.2]
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Other scoring functions (Luong et al. 2015)

score(hC,hi) =























h>
C

hi dot

h>
C

Wαhi general

Wα[hC;hi] concat

dancedevery dog dancedsome poodle

x3 x2 x1 x27 x21 x11

h1 h2 h3 hA hB hC
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Word-by-word attention

classifier input h̃ = tanh([κC;hC]Wκ)

context at B κB =





0.4 0.6
0.2 0.4
0.1 0.1



αB + tanh (κAWα)

weights at B αB = softmax(Mw)

M = tanh









0.4 0.6
0.2 0.4
0.1 0.1



+





0.2 0.3 κA
0.2 0.3 κA
0.2 0.3 κA



Wh





dancedevery dog dancedsome poodle

x3 x2 x1 x27 x21 x11

[0.4, 0.6] [0.2, 0.4] [0.1, 0.1]
A

[0.2, 0.4]
B

[0.2, 0.3]
C

[0.1, 0.2]
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Connection with the Transformer

The 1 Rock 2 rules 3

x47 p1 x30 p2 x34 p3

ainput binput cinput

+ + +

cinput = x34 + p3

aattn battn cattn c
attn

= sum
��

α1ainput, α2binput
��

α = softmax(α̃)

α̃ =

�

cinput
>ainput
p

dk

,
cinput

>binput
p

dk

�
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Other variants

• Local attention (Luong et al. 2015) builds connections
between selected points in the premise and hypothesis.

• Word-by-word attention can be set up in many ways,
with many more learned parameters than my simple
example. A pioneering instance for NLI is Rocktäschel
et al. 2016.

• The attention representation at time t could be appended
to the hidden representation at t + 1 (Luong et al. 2015).

• Memory networks (Weston et al. 2015) can be used to
address similar issues related to properly recalling past
experiences.
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Error analyses

1. Overview
2. SNLI, MultiNLI, and Adversarial NLI
3. Hand-built features
4. nli.experiment
5. Sentence-encoding models
6. Chained models
7. Attention
8. Error analysis
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Systems compared

Model Features

Logistic Regression cross-product

Chained LSTM with deep classifier GloVe

Fine-tuned ROBERTa ROBERTa-large
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The Logistic Regression implementation

KmHiBMHBnH`

J�`+? kj- kyky

(R), 7`QK +QHH2+iBQMb BKTQ`i *QmMi2`
7`QK Bi2`iQQHb BKTQ`i T`Q/m+i
BKTQ`i Qb
7`QK bFH2�`MXHBM2�`nKQ/2H BKTQ`i GQ;BbiB+_2;`2bbBQM
BKTQ`i MHB- miBHb

(k), JlGhALGAn>PJ1 4 QbXT�i?XDQBMU]/�i�]- ]MHB/�i�]- ]KmHiBMHBnRXy]V

(j), /27 rQ`/n+`QbbnT`Q/m+inT?BUiR- ikV,
`2im`M *QmMi2`U(UrR- rkV 7Q` rR- rk BM T`Q/m+iUiRXH2�p2bUV- ikXH2�p2bUVV)V

(9), /27 7BinbQ7iK�tUs- vV,
KQ/ 4 GQ;BbiB+_2;`2bbBQMUbQHp2`4^HB#HBM2�`^- KmHiBn+H�bb4^�miQ^V
KQ/X7BiUs- vV
`2im`M KQ/

(8), i`�BMn`2�/2` 4 MHBXJmHiBLGAh`�BM_2�/2`UJlGhALGAn>PJ1V

(e), /2pn`2�/2` 4 MHBXJmHiBLGAJ�i+?2/.2p_2�/2`UJlGhALGAn>PJ1V

(d), 2tT2`BK2Mi 4 MHBX2tT2`BK2MiU
i`�BMn`2�/2`-
rQ`/n+`QbbnT`Q/m+inT?B-
7BinbQ7iK�t-
�bb2bbn`2�/2`4/2pn`2�/2`-
p2`#Qb24h`m2V

T`2+BbBQM `2+�HH 7R@b+Q`2 bmTTQ`i

+QMi`�/B+iBQM yXejk yXeyk yXeRd jkRj
2Mi�BHK2Mi yX8N3 yXeR9 yXeye j9dN

M2mi`�H yX89k yX88k yX89d jRkj

�++m`�+v yX8Ny N3R8
K�+`Q �p; yX8NR yX83N yX8Ny N3R8

r2B;?i2/ �p; yX8NR yX8Ny yX8NR N3R8

R
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The Chained LSTM implementation
KmHiBMHBn+?�BM2/n`MMni`�BM

J�`+? kj- kyky

(R), BKTQ`i Qb
BKTQ`i iQ`+?XMM �b MM
7`QK iQ`+?n`MMn+H�bbB7B2` BKTQ`i hQ`+?_LL*H�bbB7B2`- hQ`+?_LL*H�bbB7B2`JQ/2H
BKTQ`i MHB- miBHb

(k), +H�bb .22T_LL*H�bbB7B2`JQ/2HUhQ`+?_LL*H�bbB7B2`JQ/2HV,
/27 nnBMBinnUb2H7-  �`;b-   Fr�`;bV,

bmT2`UVXnnBMBinnU �`;b-   Fr�`;bV
/`QTnT`Q# 4 yXR
b2H7X/`QTQmi 4 MMX.`QTQmiUT4/`QTnT`Q#V
b2H7X`2Hm 4 MMX_2GlUV
b2H7X#B/B`2+iBQM�H 4 Fr�`;b(^#B/B`2+iBQM�H^)
b2H7X?B//2Mn/BK 4 Fr�`;b(^?B//2Mn/BK^)
B7 b2H7X#B/B`2+iBQM�H,

+H�bbB7B2`n/BK 4 b2H7X?B//2Mn/BK  k
2Hb2,

+H�bbB7B2`n/BK 4 b2H7X?B//2Mn/BK
b2H7XKHTnH�v2` 4 MMXGBM2�`U+H�bbB7B2`n/BK- +H�bbB7B2`n/BKV

/27 7Q`r�`/Ub2H7- s- b2[nH2M;i?bV,
bi�i2 4 b2H7X`MMn7Q`r�`/Us- b2[nH2M;i?b- b2H7X`MMV
? 4 b2H7X`2HmUb2H7XKHTnH�v2`Ubi�i2VV
? 4 b2H7X/`QTQmiU?V
HQ;Bib 4 b2H7X+H�bbB7B2`nH�v2`U?V
`2im`M HQ;Bib

+H�bb .22T_LL*H�bbB7B2`UhQ`+?_LL*H�bbB7B2`V,
/27 #mBH/n;`�T?Ub2H7V,

`2im`M .22T_LL*H�bbB7B2`JQ/2HU
pQ+�#nbBx24H2MUb2H7XpQ+�#V-
2K#2//BM;4b2H7X2K#2//BM;-
mb2n2K#2//BM;4b2H7Xmb2n2K#2//BM;-
2K#2/n/BK4b2H7X2K#2/n/BK-
?B//2Mn/BK4b2H7X?B//2Mn/BK-
QmiTmin/BK4b2H7XMn+H�bb2bn-
#B/B`2+iBQM�H4b2H7X#B/B`2+iBQM�H-
/2pB+24b2H7X/2pB+2V

R
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The Chained LSTM implementation
(j), miBHbX7Btn`�M/QKnb22/bUV

(9), :GPo1n>PJ1 4 QbXT�i?XDQBMU]/�i�]- ^;HQp2Xe"^V
JlGhALGAn>PJ1 4 QbXT�i?XDQBMU]/�i�]- ]MHB/�i�]- ]KmHiBMHBnRXy]V

(8), a1S 4 ](a1S)]

(e), /27 +?�BM2/n`MMnT?BUiR- ikV,
`2im`M iRXH2�p2bUV Y (a1S) Y ikXH2�p2bUV

(d), ;HQp2nHQQFmT 4 miBHbX;HQp2k/B+iUQbXT�i?XDQBMU:GPo1n>PJ1- ^;HQp2X39y"Xjyy/Xiti^VV

(3), /27 7Bin/22Tn`MMUs- vV,
pQ+�# 4 miBHbX;2inpQ+�#UsV
;HQp2n2K#2//BM;- ;HQp2npQ+�# 4 miBHbX+`2�i2nT`2i`�BM2/n2K#2//BM;U

;HQp2nHQQFmT- pQ+�#- `2[mB`2/niQF2Mb4U^0lLE^- a1SVV
KQ/ 4 .22T_LL*H�bbB7B2`U

;HQp2npQ+�#-
2K#2//BM;4;HQp2n2K#2//BM;-
2K#2/n/BK4jyy-
?B//2Mn/BK4jyy-
#B/B`2+iBQM�H4h`m2-
K�tnBi2`43-
2i�4yXyyy9-
Hknbi`2M;i?4yXyyyyR-
#�i+?nbBx24Re-
r�`Knbi�`i4h`m2V

KQ/X7BiUs- vV
`2im`M KQ/

(N), i`�BMn`2�/2` 4 MHBXJmHiBLGAh`�BM_2�/2`UJlGhALGAn>PJ1V

(Ry), /2pn`2�/2` 4 MHBXJmHiBLGAJ�i+?2/.2p_2�/2`UJlGhALGAn>PJ1V

(RR), #�bB+n2tT2`BK2Mi 4 MHBX2tT2`BK2MiU
i`�BMn`2�/2`-
+?�BM2/n`MMnT?B-
7Bin/22Tn`MM-
�bb2bbn`2�/2`4/2pn`2�/2`-
p2+iQ`Bx246�Hb2-
p2`#Qb24h`m2V

6BMBb?2/ 2TQ+? 3 Q7 3c 2``Q` Bb R9ydkXe38R8yRjNyj9

T`2+BbBQM `2+�HH 7R@b+Q`2 bmTTQ`i

+QMi`�/B+iBQM yXdRy yXeNj yXdyk jkRj
2Mi�BHK2Mi yXeek yXdyN yXe38 j9dN

k
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The ROBERTa implementation
KmHiBMHBn`Q#2`i�

J�`+? kj- kyky

(R), BKTQ`i MHB- Qb
BKTQ`i iQ`+?
7`QK bFH2�`MXK2i`B+b BKTQ`i +H�bbB7B+�iBQMn`2TQ`i

(k), JlGhALGAn>PJ1 4 QbXT�i?XDQBMU]/�i�]- ]MHB/�i�]- ]KmHiBMHBnRXy]V

(j), KQ/2H 4 iQ`+?X?m#XHQ�/U^TviQ`+?f7�B`b2[^- ^`Q#2`i�XH�`;2XKMHB^V
n 4 KQ/2HX2p�HUV

lbBM; +�+?2 7QmM/ BM flb2`bf+;TQiibfX+�+?2fiQ`+?f?m#fTviQ`+?n7�B`b2[nK�bi2`

(9), /2p 4 (UU2tXb2Mi2M+2R- 2tXb2Mi2M+2kV- 2tX;QH/nH�#2HV
7Q` 2t BM MHBXJmHiBLGAJ�i+?2/.2p_2�/2`UJlGhALGAn>PJ1VX`2�/UV)

(8), sn/2pnbi`- vn/2p 4 xBTU /2pV

(e), sn/2p 4 (KQ/2HX2M+Q/2U 2tV 7Q` 2t BM sn/2pnbi`)

(d), WiBK2 T`2/nBM/B+2b 4 (KQ/2HXT`2/B+iU^KMHB^- 2tVX�`;K�tUV 7Q` 2t BM sn/2p)

*Sl iBK2b, mb2` R? 98KBM 99b- bvb, jKBM 99b- iQi�H, R? 9NKBM k3b
q�HH iBK2, kdKBM kjb

(3), iQnbi` 4 &y, ^+QMi`�/B+iBQM^- R, ^M2mi`�H^- k, ^2Mi�BHK2Mi^'

(N), T`2/b 4 (iQnbi`(+XBi2KUV) 7Q` + BM T`2/nBM/B+2b)

(Ry), T`BMiU+H�bbB7B+�iBQMn`2TQ`iUvn/2p- T`2/bVV

T`2+BbBQM `2+�HH 7R@b+Q`2 bmTTQ`i

+QMi`�/B+iBQM yXNk yXN9 yXNj jkRj
2Mi�BHK2Mi yXNk yXNk yXNk j9dN

M2mi`�H yX33 yX3e yX3d jRkj

�++m`�+v yXNR N3R8
K�+`Q �p; yXNR yXNR yXNR N3R8

R
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Dev-set score comparisons

Model Precision Recall Macro-F1

Logistic regression 59.2 59.0 59.1

Chained LSTM with deep classifier 68.1 67.1 67.3

Fine-tuned ROBERTa 90.5 90.5 90.5
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MultiNLI annotations

Annotations Premise Relation Hypothesis

#MODAL,
#COREF

Students of human
misery can savor its
underlying sadness
and futility. entailment

entailment Those who study
human misery will
savor the sadness and
futility.

#NEGATION,
#TENSE_
DIFFERENCE,
#CONDITIONAL

oh really it wouldn’t
matter if we plant
them when it was
starting to get warmer

contradiction It is better to plant
when it is colder.

#QUANTIFIER,
#AC-
TIVE/PASSIVE

They consolidated
programs to increase
efficiency and deploy
resources more
effectively

entailment Programs to increase
efficiency were
consolidated.
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Annotation-set score comparisons

Model Precision Recall Macro-F1

Logistic regression 58.5 58.0 58.0

Chained LSTM with deep classifier 69.3 68.3 68.4

Fine-tuned ROBERTa 91.9 91.9 91.9
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MultiNLI annotations: Results by category

All results

0 2 4 6 8 10 12 14
Examples

ROBERTa

Chained

LogisticRegression

#ACTIVE/PASSIVE
correct
incorrect

0 2 4 6 8 10 12 14 16
Examples

ROBERTa

Chained

LogisticRegression

#ANTO
correct
incorrect

0 10 20 30 40 50 60
Examples

ROBERTa

Chained

LogisticRegression

#BELIEF
correct
incorrect

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Examples

ROBERTa

Chained

LogisticRegression

#CONDITIONAL

correct
incorrect

0 5 10 15 20 25
Examples

ROBERTa

Chained

LogisticRegression

#COREF
correct
incorrect

0 20 40 60 80
Examples

ROBERTa

Chained

LogisticRegression

#LONG_SENTENCE
correct
incorrect

0 20 40 60 80 100 120
Examples

ROBERTa

Chained

LogisticRegression

#MODAL
correct
incorrect

0 20 40 60 80 100 120
Examples

ROBERTa

Chained

LogisticRegression

#NEGATION
correct
incorrect

0 5 10 15 20 25
Examples

ROBERTa

Chained

LogisticRegression

#PARAPHRASE
correct
incorrect

0 20 40 60 80 100
Examples

ROBERTa

Chained

LogisticRegression

#QUANTIFIER
correct
incorrect

0 2 4 6 8 10 12
Examples

ROBERTa

Chained

LogisticRegression

#QUANTITY/TIME_REASONING
correct
incorrect

0 10 20 30 40
Examples

ROBERTa

Chained

LogisticRegression

#TENSE_DIFFERENCE
correct
incorrect

0 5 10 15 20 25
Examples

ROBERTa

Chained

LogisticRegression

#WORD_OVERLAP
correct
incorrect
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MultiNLI annotations: Results by category

Most challenging categories

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Examples

ROBERTa

Chained

LogisticRegression

#CONDITIONAL

correct
incorrect

0 2 4 6 8 10 12
Examples

ROBERTa

Chained

LogisticRegression

#QUANTITY/TIME_REASONING
correct
incorrect

0 5 10 15 20 25
Examples

ROBERTa

Chained

LogisticRegression

#WORD_OVERLAP
correct
incorrect

67 / 72



Overview SNLI, MultiNLI, ANLI Hand-built features nli.experiment Sentence-encoding Chained Attention Error analyses

Testing for specific patterns

Does your model know that negation is downward
monotone?

Fido moved.
↑

Fido ran.

Fido didn’t move.
↓

Fido didn’t run.

Does your model know that every is downward monotone on
its first argument and upward monotone on its second?

Every dog moved.
↙ ↖

Every puppy moved. Every dog ran.

Does your model systematically capture such patterns?
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Testing with adversarial test sets
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Testing with adversarial test sets
One-word changes to SNLI hypotheses using structured
resources; labels separately validated by crowdworkers.

Premise Relation Hypothesis

Train
A little girl
kneeling
in the dirt crying.

entails A little girl is very
sad.

Adversarial

entails A little girl is very
unhappy.
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Testing with adversarial test sets
One-word changes to SNLI hypotheses using structured
resources; labels separately validated by crowdworkers.

Contradiction 7,164
Entailment 982
Neutral 47

Total 8,193

Category Examples

antonyms 1147
synonyms 894
cardinals 759
nationalities 755
drinks 731
antonyms_wordnet 706
colors 699
ordinals 663
countries 613
rooms 595
materials 397
vegetables 109
instruments 65
planets 60
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Testing with adversarial test sets
One-word changes to SNLI hypotheses using structured
resources; labels separately validated by crowdworkers.

653

Model Train set SNLI test set New test set �

Decomposable Attention
(Parikh et al., 2016)

SNLI 84.7% 51.9% -32.8
MultiNLI + SNLI 84.9% 65.8% -19.1

SciTail + SNLI 85.0% 49.0% -36.0

ESIM (Chen et al., 2017)
SNLI 87.9% 65.6% -22.3

MultiNLI + SNLI 86.3% 74.9% -11.4
SciTail + SNLI 88.3% 67.7% -20.6

Residual-Stacked-Encoder
(Nie and Bansal, 2017)

SNLI 86.0% 62.2% -23.8
MultiNLI + SNLI 84.6% 68.2% -16.8

SciTail + SNLI 85.0% 60.1% -24.9

WordNet Baseline - - 85.8% -
KIM (Chen et al., 2018) SNLI 88.6% 83.5% -5.1

Table 3: Accuracy of various models trained on SNLI or a union of SNLI with another dataset (MultiNLI,
SciTail), and tested on the original SNLI test set and the new test set.

We chose models which are amongst the best
performing within their approaches (excluding en-
sembles) and have available code. All models
are based on pre-trained GloVe embeddings (Pen-
nington et al., 2014), which are either fine-tuned
during training (RESIDUAL-STACKED-ENCODER

and ESIM) or stay fixed (DECOMPOSABLE AT-
TENTION). All models predict the label using a
concatenation of features derived from the sen-
tence representations (e.g. maximum, mean), for
example as in Mou et al. (2016). We use the rec-
ommended hyper-parameters for each model, as
they appear in the provided code.

With External Knowledge. We provide a sim-
ple WORDNET BASELINE, in which we classify
a sentence-pair according to the WordNet relation
that holds between the original word wp and the
replaced word wh. We predict entailment if wp is
a hyponym of wh or if they are synonyms, neutral
if wp is a hypernym of wh, and contradiction if wp

and wh are antonyms or if they share a common
hypernym ancestor (up to 2 edges). Word pairs
with no WordNet relations are classified as other.

We also report the performance of KIM

(Knowledge-based Inference Model, Chen et al.,
2018), an extension of ESIM with external knowl-
edge from WordNet, which was kindly provided
to us by Qian Chen. KIM improves the attention
mechanism by taking into account the existence
of WordNet relations between the words. The lex-
ical inference component, operating over pairs of
aligned words, is enriched with a vector encoding
the specific WordNet relations between the words.

4.2 Experimental Settings

We trained each model on 3 different datasets: (1)
SNLI train set, (2) a union of the SNLI train set

and the MultiNLI train set, and (3) a union of the
SNLI train set and the SciTail train set. The mo-
tivation is that while SNLI might lack the training
data needed to learn the required lexical knowl-
edge, it may be available in the other datasets,
which are presumably richer.

4.3 Results
Table 3 displays the results for all the models on
the original SNLI test set and the new test set. De-
spite the task being considerably simpler, the drop
in performance is substantial, ranging from 11 to
33 points in accuracy. Adding MultiNLI to the
training data somewhat mitigates this drop in ac-
curacy, thanks to almost doubling the amount of
training data. We note that adding SciTail to the
training data did not similarly improve the perfor-
mance; we conjecture that this stems from the dif-
ferences between the datasets.

KIM substantially outperforms the other neural
models, demonstrating that lexical knowledge is
the only requirement for good performance on the
new test set, and stressing the inability of the other
models to learn it. Both WordNet-informed mod-
els leave room for improvement: possibly due to
limited WordNet coverage and the implications of
applying lexical inferences within context.

5 Analysis

We take a deeper look into the predictions of the
models that don’t employ external knowledge, fo-
cusing on the models trained on SNLI.

5.1 Accuracy by Category
Table 4 displays the accuracy of each model per
replacement-word category. The neural models
tend to perform well on categories which are fre-
quent in the training set, such as colors, and badly
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KmHiBMHBn;HQ+FM2`n�/p2`b�`B�Hn`Q#2`i�

J�`+? kj- kyky

(R), BKTQ`i MHB- Qb- iQ`+?
7`QK bFH2�`MXK2i`B+b BKTQ`i +H�bbB7B+�iBQMn`2TQ`i

(k), O �p�BH�#H2 7`QK ?iiTb,ff;Bi?m#X+QKf"Al@LGSf"`2�FBM;nLGA,
#`2�FBM;nMHBnb`+n7BH2M�K2 4 QbXT�i?XDQBMU]XXfM2r@/�i�f/�i�f/�i�b2iXDbQMH]V
`2�/2` 4 MHBXLGA_2�/2`U#`2�FBM;nMHBnb`+n7BH2M�K2V

(j), 2tb 4 (UU2tXb2Mi2M+2R- 2tXb2Mi2M+2kV- 2tX;QH/nH�#2HV 7Q` 2t BM `2�/2`X`2�/UV)

(9), sni2binbi`- vni2bi 4 xBTU 2tbV

(8), KQ/2H 4 iQ`+?X?m#XHQ�/U^TviQ`+?f7�B`b2[^- ^`Q#2`i�XH�`;2XKMHB^V
n 4 KQ/2HX2p�HUV

lbBM; +�+?2 7QmM/ BM flb2`bf+;TQiibfX+�+?2fiQ`+?f?m#fTviQ`+?n7�B`b2[nK�bi2`

(e), sni2bi 4 (KQ/2HX2M+Q/2U 2tV 7Q` 2t BM sni2binbi`)

(d), T`2/nBM/B+2b 4 (KQ/2HXT`2/B+iU^KMHB^- 2tVX�`;K�tUV 7Q` 2t BM sni2bi)

(3), iQnbi` 4 &y, ^+QMi`�/B+iBQM^- R, ^M2mi`�H^- k, ^2Mi�BHK2Mi^'

(N), T`2/b 4 (iQnbi`(+XBi2KUV) 7Q` + BM T`2/nBM/B+2b)

(Ry), T`BMiU+H�bbB7B+�iBQMn`2TQ`iUvni2bi- T`2/bVV

T`2+BbBQM `2+�HH 7R@b+Q`2 bmTTQ`i

+QMi`�/B+iBQM yXNN yXNd yXN3 dRe9
2Mi�BHK2Mi yX3e RXyy yXNk N3k

M2mi`�H yXR8 yXR8 yXR8 9d

�++m`�+v yXNd 3RNj
K�+`Q �p; yXed yXdR yXe3 3RNj

r2B;?i2/ �p; yXNd yXNd yXNd 3RNj

R
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