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Why did you predict
42 for this data point?
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What you can cram into a single $&#*
vector: Probing sentence embeddings
for linguistic properties (Alexis et al.

2018)

SentLen
WordContent

TreeDepth

TopConst;
BShift] o BINIEFHTES (Probing Task)BIHES: |
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Cell that turns on inside comments and quotes:

ey

S

Cell sensitive to position in line:

Cell that turns on inside quotes:
"

mask)

Cell that might be helpful in predicting a new line. Note that it only turns on for some “)":
c

]
A large portion of cells are not easily interpretable. Here is a typical example:
€ Bl [fe 1

Visualizing and
Understanding Recurrent
Networks (Karpathy et al
2016)
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4 Why Self-Attention?
Embe °” A Targeted Evaluation of Neural
La = Machine Translation Architectures
o5 , (Tang et al. 2018)
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Reference Component Property Method
(Elloumi et al., 2018) CNN activations Style, accent, broadcast program Classification
(Belinkov and Glass, 2017) CNN/RNN activations Phonetic units Classification
(Dalvi et al., 2019a) NMT and LM neurons POS, morphology, lexical semantics Classification
(Shi et al., 2016a) NMT encoder neurons  Sentence length Regression
(Belinkov et al., 2017b) NMT states POS, lexical semantics Classification
(Belinkov et al., 2017a; NMT states POS, morphology Classification
Dalvi et al., 2017)
(Bisazza and Tump, 2018) NMT states Morphology Classification
(Tran et al., 2018) RNN / self-attention Subject-verb agreement Likelihood com-
states parison, direct
classification

(Wang et al., 2017b)
(McCoy et al., 2018)
(Blevins et al., 2018)
(Shi et al., 2016b)

(Gulordava et al., 2018)

Analysis Methods in Neural Language Processing: A Survey ,

ek

RNN gates

RNN sentence embed-
ding

RNN states

RNN states

RNN states

Phoneme boundaries

Hierarchical structure

POS, ancestor label prediction, dependency

relation prediction

POS, top syntactic sequence, smallest con-

stituent, tense, voice
Number agreement

Change in activa-
tion signal
Classification
Classification

Classification

Likelihood com-
parison
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- Gradient-based
- |G score (Mukund et al.2017)

- Attention
- Attention is not explanation

- Attention is not not explanation

- Evidence Generation

- e-snli (Camburu et al.2018)
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- Gradient-based
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Did the Model Understand the Question? (Mudrakarta et
- |G score (Mukund et al.2017) al.2018)
« S, BEEEEEXS T 0, pl SR
IERVE RS 7, (X E TR KiEHIA
« FUAHIG Scoref N , ZMEREAIEAIRERT , HIERYK
EEMA

Question: how symmetrical are the
white bricks on either side of the
building
A+ Prediction: very
Ground truth: very
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- (1) Attention is not explanation
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« XE(1)attentiont AR UM E S AERREEYRSRAYAE
K MattentiondI T AFIRFKAII T AARTE—E

-+ (2) Attention is not not explanation

« NEQ)EINME(1) , tAattentionE2 ] LU E/FRTFEE

after 15 minutes watching the
movie i was asking myself what to
do leave the theater sleep or try
to keep watching the movie to
see if there was anything worth i
finally watched the movie what a
waste of time maybe i am not a 5
years old kid anymore

original &

f(z|a, 6) = 0.01

AEREE

after 15 minutes watching the
movie i was asking myself what to
do leave the theater sleep or try
to keep watching the movie to
see if there was anything worth i
finally watched the movie what a
waste of time maybe i am not a 5
years old kid anymore

adversarial &

f(z|& 8) = 0.01




