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Across Timestamp Analysis

Across Layer Analysis

Across Model Analysis

We study whether baselines and our 
method can give faithful and coherent 
explanations when used for comparing 
different timestamps, layers, and models. 
Results indicate that our method gives the 

most faithful explanations and may be 

used as a guidance for selecting 
models or tuning model parameters.

Comparative Study

Model: seq2seq LSTM

Model: LSTM

Model: Transformer

Task: reverse a sequence

Task: SST-2

Task: SST-2

What Information is Leveraged for Prediction?

How Does the Information Flow Through Layers?

Understanding: we find that the good performance of BERT stems from its ability to 
discard meaningless words at first layers, reasonably utilize word attributes, and fine-
tune stably. 

Diagnosis: we show that different models have different drawbacks. LSTM and CNN 
tend to focus on sub-sequences and are easy to use information of noisy words. 
Transformer tends to focus on individual words and may be too flexible to learn well. 

Refinement: For example, to improve LSTM and CNN, we may focus on how to 
eliminate their inclination on noisy words (e.g., increase model flexibility). For 
Transformer, we may focus on pre-training, which may alleviate its over-flexibility issue.

Understanding Neural Models in NLPIntroduction

A key task in explainable AI is to associate latent representations with the 

interpretable input units by measuring the contribution or saliency of the inputs. 
The major issue of existing methods is that their measures of saliency are usually 
defined based on heuristic assumptions. This leads to problems with respect to 
coherency and generality:

we provide quantitative explanations based on mutual information that satisfies
coherency and generality, and make the following contributions:

• First, we define a unified information-based measure to quantify how much 
information of an input word is encoded in an intermediate layer of a deep NLP 
model.

• Second, we show how the information-based measure can be used as a tool 

for comparing different explanation methods.

• Third, we demonstrate how the information-based measure enriches the 

capability of explaining DNNs by conducting experiments in one synthetic and 
three real-world benchmark datasets.

• Coherency requires that a method 
generates consistent explanations 
across different neurons, layers, and 
models.

• Generality refers to the problem that existing measures are usually defined under 
certain restrictions on model architectures or tasks.

Problem Statement

Given the input sentence 𝐱 = 𝐱1
𝑇 , … , 𝐱𝑛

𝑇 𝑇 ∈ 𝐗 and the hidden state 𝐬 = Φ 𝐱 , where 
𝐱𝑖
𝑇 is the word embedding and Φ(⋅) is the function of the corresponding intermediate 

layer. We explain 𝐬 from the following two aspects:
Word information quantification: quantify the amount of information in 𝐱𝑖 that is 
encoded in 𝐬.
Fine-grained analysis of word attributes: analysis the fine-grained reason why 𝐬
uses the information of 𝐱𝑖 .

Methods

Word Information Quantification

Multi-level quantification

Corpus level:

𝑀𝐼 𝐗; 𝐒 = H 𝐗 − H(𝐗|𝐒)

𝐻 𝐗 𝐒 = න
𝐬∈𝐒

𝑝 𝐬 𝐻 𝐗 𝐬 𝑑𝐬

Sentence level:

𝐻 𝐗 𝐬 = −න
𝐱′∈𝐗

𝑝 𝐱′ 𝐬 log 𝑝 𝐱′ 𝐬 𝑑𝐱′

Word level:

𝐻 𝐗 𝐬 = 

𝑖

𝐻(𝐗𝑖|𝐬)

𝐻 𝐗𝑖 𝐬 = −න
𝐱𝒊
′∈𝐗𝒊

𝑝 𝐱𝑖
′ 𝐬 log 𝑝 𝐱𝑖

′ 𝐬 𝑑𝐱′𝑖

Term 𝐻 𝐗𝑖 𝐬 can be used to represent the information in 𝐱𝑖 that is discarded by 𝐬.

Perturbation-based approximation

Let 𝐱𝑖 = 𝐱𝑖 + 𝝐𝑖 , we assume 𝝐𝑖 is a random variable that follows a Gaussian distribution: 
𝝐𝑖 ∼ 𝒩(𝟎, 𝚺𝑖 = 𝜎𝑖

2𝐈). Let 𝝐 = 𝝐1
𝑇 , … , 𝝐𝑛

𝑇 𝑇and 𝐱 = 𝐱 + 𝝐. We use 𝐻(෩𝐗𝑖|𝐬) to 
approximate 𝐻(𝐗𝑖|𝐬) by minimizing the following loss:

𝐿 𝝈 = 𝔼𝝐 Φ 𝐱 − 𝐬
2
− 𝜆

𝑖=1

𝑛

𝐻(෩𝐗𝑖 𝐬 ቚ
𝝐𝑖∼𝒩(𝟎,𝜎𝑖

2𝐈)

The first term on the left corresponds to the maximum likelihood estimation (MLE) 

of the distribution of 𝐱𝑖 . It learns a distribution that generates all potential inputs
corresponding to the hidden state 𝐬. The second term on the right encourages a high 
conditional entropy 𝐻(෩𝐗𝑖|𝐬), which corresponds to the maximum entropy principle.

Fine-Grained Analysis of Word Attributes

When the neural network uses a word 𝐱𝑖 , we disentangle the information of a common 
concept 𝐜 away from all the information of the target word. The major idea is to 
calculate the relative confidence of s encoding certain words with respect to random 
words:

𝐴𝑖 = log 𝑝(𝐱𝑖|𝐬) − 𝔼𝐱𝑖
′∈𝐗𝑖

log 𝑝(𝐱𝑖
′|𝐬)

𝐴𝐜 = 𝔼𝐱𝑖
′∈𝐗𝐜

log 𝑝(𝐱𝑖
′|𝐬) − 𝔼𝐱𝑖

′∈𝐗𝑖
log 𝑝(𝐱𝑖

′|𝐬)

We can use 𝑟𝑖,𝐜 = 𝐴𝑖 − 𝐴𝐜 to  investigate the remaining information of the word 𝐱𝑖
when we remove the information of the common attribute 𝐜 from the word.

How Do the Models Evolve During Training?

We study four commonly used models
on three NLP datasets. Their
performances are shown below.


