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Abstract—The importance of the neighborhood for training a
local surrogate model to approximate the local decision boundary
of a black box classifier has been already highlighted in the
literature. Several attempts have been made to construct a better
neighborhood for high dimensional data, like texts, by using
generative autoencoders. However, existing approaches mainly
generate neighbors by selecting purely at random from the latent
space and struggle under the curse of dimensionality to learn
a good local decision boundary. To overcome this problem, we
propose a progressive approximation of the neighborhood using
counterfactual instances as initial landmarks and a careful 2-
stage sampling approach to refine counterfactuals and generate
factuals in the neighborhood of the input instance to be explained.
Our work focuses on textual data and our explanations consist of
both word-level explanations from the original instance (intrinsic)
and the neighborhood (extrinsic) and factual- and counterfactual-
instances discovered during the neighborhood generation process
that further reveal the effect of altering certain parts in the input
text. Our experiments on real-world datasets demonstrate that
our method outperforms the competitors in terms of usefulness
and stability (for the qualitative part) and completeness, com-
pactness and correctness (for the quantitative part).

Index Terms—Explainable AI, Local explanations, Counterfac-
tuals, Neighborhood approximation, Text classification

I. INTRODUCTION

With wide applications of machine learning models in real-
world scenarios, concerns on transparency of decision making
process keep growing [11]. Explainable artificial intelligence
hence becomes a popular aspect that helps human users to
understand behaviors of a black box, which hides its internal
logic and inner working from users. An enormous number
of efforts have been put into explaining decision systems
working with tabular [9], [24] and image data [6], [23],
[28]. Unfortunately, most of these methods cannot be directly
applied to text classifiers because of the nature of textual data,
thus this field is left underdeveloped.

The main focus of this paper is a local model-agnostic
explanation method for text classifiers. Explanation methods
in this category firstly train a surrogate model with generated
neighbors to mimic the local behavior of the black box waiting
to be explained, and then extract knowledge from such a
transparent local predictor as the explanation for an inquired
black box decision over an instance. Under this circumstance,
the quality of generated neighbors dominates the upper-bound

of the fidelity that a surrogate model can achieve. To generate
neighborhood points, perturbation of inputs [33] is a common
choice. It modifies the values of numeric features within a
small range or switches the values of categorical features into
some others. Again, this becomes a much more challenging
task while dealing with textual data due to the lack of a
formal definition of the neighborhood of a text. Some existing
works [25], [26] generate neighboring texts by randomly
dropping words from the given text. XSPELLS [16] proposes
to generate neighboring texts in a latent space learned through
a generative autoencoder. This method can generate more
realistic (semantically meaningful and grammatically correct)
texts than the former choice. However, both methods use
a random sampling strategy no matter in which space the
perturbation is applied, which might not be the optimal option.

In this work, we propose XPROAX1 (local eXplainer with
PROgressive neighborhood ApproXimation), a novel explana-
tion method with progressive neighborhood approximation for
text classifiers. Main contributions of this work are summa-
rized as follows:

• We propose a neighborhood generation method in a
latent space for explaining text classifiers with two-staged
progressive approximation of neighborhood.

• The output of the explanation method is composed of
word-level and factual-level explanations for comprehen-
sive understandings.

• We design an automatic evaluation method that quantita-
tively evaluates explanations for text classifiers regarding
completeness, compactness, and correctness.

The rest of the paper is organized as follows. In Section II,
we discuss state-of-the-art works in the field of black box
explanation. Section III introduces the problem settings and
preliminaries of explaining a text classifier. Afterwards, Sec-
tion IV details the proposed method XPROAX. To qualita-
tively and quantitatively evaluate the proposed method, ex-
haustive experiments are designed and performed in Section V.
Finally, we discuss future research directions and conclude the
paper in Section VI.

1The source code is available at https://github.com/caiy0220/XPROAX
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II. RELATED WORK

There have been many studies on black box explanation
over the past few years [3], [8]. Depending on whether the
explanation is input-specific, we can categorize them as: global
or local explanation. These explanation methods can be further
categorized by the requirements on black box, namely model-
agnostic or model-specific. As aforementioned, this work falls
into the category of local model-agnostic explanation method.

A local model-agnostic method generates explanations for
specific instances. The instance, which is classified by a
black box, is given as the input of the explanation method
along with the black box. To investigate the decision making
process, neighbors around the given instance are generated
in the first place by altering feature values [18], [27]. Closer
(more similar) neighbors are assigned with higher weights as
they are considered to be more representative of the locality
and vice versa. After that, a transparent model (so-called
surrogate model) is trained on these generated neighbors with
the intention to simulate exact local behaviors of the black
box [13], [25]. An explanation can then be constructed by
analysing the local predictor.

As the first step, the quality of generated neighbors can
make a huge difference to the final explanation [17]. Some
methods like [25] and [33] perform a simple random pertur-
bation. Basically, random perturbation modifies the values of
several randomly selected features within a small range, it
iterates the slight fluctuation in the vicinity of given input until
sufficiently many neighbors have been generated. Although
this simple approach generates satisfactory neighbors for most
data representations, it requires fine-tuning for more compli-
cated forms of data, which is textual data in our case. One
difficulty of applying perturbation to text is how to modify
the value of each feature (word). LIME [25] and SHAP [20]
suggested word dropping as a solution – randomly dropping
words from the input text. Such an approach is truly intuitive
and has been shown to be effective. However, there still remain
two problems:
• Without considering the internal relationships between

words, most of the perturbed instances are incomplete
and meaningless.

• The number of possible mutations is limited by the length
of the input text. This becomes crucial when the input text
is extremely short since the surrogate model will not have
enough samples for approximating the black box.

Alternatively, XSPELLS [16] proposes to generate neigh-
bors of text in a latent space learned through a variational
autoencoder [4]. Prior to XSPELLS, ALIME [29] and ABELE
[12] make use of autoencoders to construct a latent space for
explaining decisions over tabular and image data respectively.
ALIME still generates neighbors in the original feature space
of an input, the autoencoder only serves as a weighing function
for computing distances in the latent space. ABELE deploys an
adversarial autoencoder [22] for generating synthetic images.
XSPELLS fine-tunes the framework of ABELE so that it can
deal with text classifiers. It constructs the neighborhood of an

input text in a latent space. This way, it tackles the limitation
of word dropping by generating realistic instances with a
generative model. However, the choice of the generative model
impacts the final explanations. Ability of reconstruction and
a properly organized latent space are highly desired features
from the generative model in order to produce neighbors
that satisfy the locality constraint. Also, a random sampling
approach will not be able to efficiently and effectively explore
a high-dimensional latent space, so the generation strategy in a
latent space is worth further discussing. Besides, both ABELE
and XSPELLS train the local predictor in the latent space.
We argue that building the local predictor in a latent space
can be a choice only if there are sufficient investigations on
corresponding latent features.

The proposed method extends XSPELLS by addressing
the issues mentioned above. It differs from other approaches
in the literature because of the progressive approximation
of the neighborhood and the diversity-based (counter-)factual
selection.

III. DEFINITIONS AND PRELIMINARIES

Let b(·) be a black box model like a Deep Neural Network
or a Random Forest. We have no access to the internal
mechanism of the black box except its decisions for given
instances. Specifically, for a query text instance x, the black
box returns the confidence score vector2 b(x) =< p+, p− >.
The class with the maximum probability is returned to the
user, i.e., ŷ = arg max(b(x)). The goal is to explain the
decision of the black box for the given instance x, i.e., b(x).
Our method uses the probability vector b(x) rather than only
the final decision ŷ to comprehensively study the behavior of
the black box.

Our approach falls into the category of local model explana-
tion methods which use local surrogate models to approximate
the predictions of the underlying black box model. These
models are built in the “neighborhood” of the instance x to
be explained. Let N(x) denote the neighborhood3 of x and
let m(·) be the local surrogate model trained upon N(x).
For the neighborhood generation, we assume a generative
model G that approximates the underlying data distribution
(Section IV-A). Contrary to existing approaches that generate
neighborhoods by sampling randomly in the latent space [16],
[35], we propose to progressively approximate the neigh-
borhood of x using counterfactual instances-as-landmarks
(Section IV-B). The generated instances N(x) are then labeled
by the black box model b(·) and comprise the training set
for learning the local surrogate model m(·). The progressive
neighborhood approximation helps us to identify the turning
points for the class decision of x and explain its classification
(Section IV-C2) together with information inferred from the
neighborhood (Section IV-C1).

2For simplicity, we assume a binary classification problem: y ∈ {+,−}.
3When it is clear from the context, we denote the neighborhood of x by

N instead of N(x).
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IV. XPROAX: LOCAL EXPLANATIONS WITH
PROGRESSIVE NEIGHBORHOOD APPROXIMATION

A surrogate model approximates the predictions of the
underlying black box model locally. In order for the limited
capacity model m(·) to be on par with the complex model
b(·), the training instances N(x) for building m(·) should be
carefully generated locally in the neighborhood of x.

To this end, we propose a local model-agnostic expla-
nation method called XPROAX. The method approximates
the neighborhood of the instance to be explained in the
latent space (Section IV-B), which is constructed with the
locality requirement being taken into account (Section IV-A).
Subsequently, we derive the explanations from the constructed
neighborhood (Section IV-C).

A. Locality-preserving neighborhood generation

To build the neighborhood N of the instance x to be
explained, we need a mechanism that generates “meaning-
ful” neighbors around x. A simple idea would be to use
corruption [15], which removes or replaces words at random.
Nevertheless, this process can result in semantically and/or
syntactically invalid texts. Generative autoencoders have been
successfully used for text generation, however not all models
map similar texts to nearby latent vectors [38]. Therefore, for
the generative model we use DAAE [31], an approach that
maps similar texts to similar latent representations by aug-
menting the adversarial autoencoder with a denoising objective
where original texts are reconstructed from their perturbed
versions. DAAE learns neighborhood-preserving text repre-
sentations while producing high quality texts with properly
organized latent space geometry. Moreover, DAAE retains the
ability to reconstruct input texts in contrast to VAE [4], a
popular text generation method, that loses its reconstruction
ability due to the KL regularization term [7], [34].

The DAAE model, G, is trained in an unsupervised manner
upon data from the same domain, this dataset is denoted
by XG; please note that XG does not need to include the
data which are used for training the black box model b(·). A
randomly sampled subset X ′G ⊆ XG is retained as a corpus for
selecting the initial landmarks; the corpus is down-sampled for
efficiency but due to random sampling it should still reflect the
distribution of the dataset. DAAE consists of: A deterministic
encoder E : X → Z that maps from the text space to the
latent space and a probabilistic decoder D : Z → X that
reconstructs word sequences from latent representations.

To generate the neighbors of a given input x ∈ X , the
generative model G will firstly map x to the latent space
and will represent it as a latent vector z = E(x). A set of
neighboring vectors can then be created in the latent space
by manipulating the latent vector z ∈ Z . The manipulation
includes pure random perturbation [16], [20], [25], locality-
based sampling [17] and neighborhood generation using ge-
netic algorithms [13]. Clearly, a simple random perturbation
cannot lead to a good neighborhood N(x) and consequently,
to a good surrogate model m(·). Reference [17] addresses

this problem by sampling instances within a fixed-size hyper-
sphere as specified by the closest counterfactual to the query
instance x. However, within this sphere instances are sampled
uniformly. Reference [13] uses a genetic algorithm to create
a synthetic neighborhood around x; however, the employed
fitness function only focuses on instances similar to x and
moreover, the solution instances might converge to the same
or very similar instances over the epochs.

To overcome the limitations of the above methods and better
approximate the local data structure around x, we propose a
progressive approximation of the neighborhood using land-
marks to delimit the neighborhood boundary and by care-
fully interpolating within this boundary. The initial landmarks
are counterfactual instances from the corpus X ′G, which are
iteratively replaced by interpolated counterfactual instances4

thus allowing for a refinement of the neighborhood. The
interpolation is two-staged: i) between counterfactual instances
to allow for the exploration of the neighborhood and a larger
variety of counterfactuals; ii) between a counterfactual and the
pivot point5 z to allow for a more localized approximation of
the decision boundary, in contrast to existing approaches that
mainly sample uniformly within the neighborhood [16], [20],
[25]. Once the neighborhood in the latent space Z is refined,
the input instances for building the surrogate model m(·) can
be derived using the decoder as: N = D(Z).

B. Neighborhood generation with progressive boundary ap-
proximation

A straightforward approach to local boundary approxima-
tion in the latent space would be to use the nearest neighbors
with the opposite label of x as being evaluated by the
cosine distance, since the distance of vectors in the latent
space indicates the dissimilarity of texts [31]. Let dist(zi, zj)
be the cosine distance between two instances xi, xj with
corresponding latent vectors zi, zj . While texts are not evenly
mapped to the latent space (typically following a Gaussian
distribution [4]), a fix range that constraints the neighborhood
within a certain hyper-sphere is not optimal for texts that
locate in various manifolds of the latent space. Therefore, we
propose to use some of the preserved corpus X ′G instances
as initial landmarks to constrain the locality in the latent
space. In particular, we use the k-closest counterfactuals in
the corpus as the seed landmarks. To find these landmarks,
the counterfactuals (the instances of X ′G predicted by b(·) as
of the opposite label of x) are mapped to the latent space via
the encoder. The k-closest to x counterfactuals in the latent
space comprise the set C of landmark points. Intuitively, the
landmarks reflect the local distribution of vectors around the
input x, the usage of landmarks maintains the exploration
within the local manifold and results in producing high quality
neighbors.

Still C depends on the available corpus X ′G and further
refinement is possible. We further refine the local neigh-

4Counterfactual instances can be either real instances from the corpus or
synthetic instances generated during the latent space exploration.

5That is, the latent space representation of the input x.
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Algorithm 1 Neighborhood approximation
Input: x: query instance; C: set of counterfactual landmarks
Output: Nnew: generated neighbors; Cnew: updated C

1: Cnew = ∅
2: repeat
3: zp, zq = RandomlyDraw(C, 2)

# draw randomly 2 vectors from the landmark set
4: Z ′ = I(zp, zq)

# 1st interpolation: between counterfactuals
5: Z = ∅
6: for zi ∈ Z ′ do # 2nd interpolation: between polarities
7: if b(D(zi)) 6= b(x) then
8: Z ← Z + I(zi, E(x))
9: end if

10: end for
11: zc = ClosestCounterfactual(Z, 1)
12: Cnew.insert(zc)
13: Nnew ← Nnew +D(Z)
14: until k times
15: return Nnew, Cnew

borhood constrained by the landmarks C, using interpola-
tion, a commonly used technique in autoencoder-based text
generation [4], [34], [38] which implements successive and
meaningful text manipulations based on two given prototypes
through latent vector operations. The result of the interpolation
between two latent vectors zp, zq is given by (1):

I(zp, zq) = {zi | zi = zp + i · (zp − zq)

s
, 0 ≤ i ≤ s} (1)

s is the number of steps to be taken during the interpolation.
For s = 1, only one instance is interpolated between zp, zq .

The neighborhood construction process (Algorithm 2) is
an iterative process, in each iteration a better neighborhood
approximation is achieved as closer counterfactuals to x are
discovered and exploited. And more neighboring instances
are interpolated between x and the discovered counterfactuals
(Algorithm 1).

The neighborhood approximation based on a set of land-
marks C is shown in Algorithm 1. It takes as input the set of
current landmarks C and returns a new set of landmarks Cnew

and a new set of neighboring instances Nnew. The first-stage
interpolation (line 4) takes place between two counterfactuals
that are randomly sampled from the landmark set C with
replacement (line 3). For every point created by the first-
stage interpolation (line 6), we reconstruct the text from the
latent vector and check its label assigned by the black box
b(·) (line 7). The generated points Z ′ can have an opposite
label (counterfactuals) or same label (factuals) as x. In the
second-stage interpolation, we only interpolate between the
input point x and the generated points Z ′ holding the opposite
label to x (line 8). We keep all the neighbors generated through
the second stage in a set Z (line 8). Subsequently, the new
landmark set absorbs the closest counterfactual in Z (line 11,
12), the set of neighbors is expanded by neighboring texts

Algorithm 2 Neighborhood construction
Input: x: query instance; C: initial set of landmarks
Output: N : neighborhood of x

1: while not terminate() do
2: Nnew, Cnew = NeighborhoodApproximation(C, x)
3: C = Cnew

4: N ← N +Nnew

5: end while
6: N = RemoveDuplicates(N)
7: N = Closest(N,n, n)

# output n closest instances for both classes
8: return N

reconstructed from the latent vectors in Z (line 13). The
process is repeated k times (line 2, 14), allowing a better
exploration of the constrained local space.

The neighborhood construction process (Algorithm 2) runs
iteratively until the number of iterations exceeds the limit or
when no closer counterfactuals have been found in successive
iterations. In each iteration, the method updates the set of
counterfactual landmarks Cnew and generates new neighbors
Nnew (line 3) based on the neighborhood approximation
Algorithm 1 (line 2). Newly generated neighbors are stored as
candidates for the final selection (line 4). After the completion
of the construction, we eliminate duplicates contained in N
(line 6) and output the n closest factuals and the n closest
counterfactuals as the neighborhood N for explaining the
decision of b(·) over x.

Through this iterative process a better set of neighboring
instances is discovered. The neighborhood achieves higher
diversity due to the first stage interpolation and highlights
the decision boundary between factuals and counterfactuals
through the second stage interpolation.

C. Extracting local explanations

The explanations are based on the generated neighborhood
N(x). In particular, we propose two explanation compo-
nents: i) feature/word-level importance (Section IV-C1) and
ii) factual and counterfactual instances identified during the
neighborhood approximation process (Section IV-C2).

1) Word-level explanation: We train the surrogate model
m(·) upon the neighborhood N(x) generated in the previous
step. In particular, we train a linear regression model in the
original feature space. Unlike [16], we prefer the original
feature space over the latent feature space because of the
comprehensive understanding on the original features (words),
this helps us in deriving knowledge from the surrogate model.
We represent the texts using the bag-of-words model in order
to simplify the complexity of the classification task. The se-
quential information vanishes as a trade-off between integrity
and feasibility. The model is trained using the weighted square
loss function L [25] defined in (2). The first term in (2)
indicates the weight of a generated neighbor xi calculated
from its latent space distance to the input x and σ is the kernel
width controlling the influence of the weighting function. The
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second term is the square loss of the surrogate model m(·) on
simulating local behavior of the black box b(·).

L(N, x) =
∑
xi∈N

exp(
−dist(E(xi), E(x))2

σ2
)·(b(xi)−m(xi))

2

(2)
After training, the weights of features in the regression

model can be derived as the importance values of the fea-
tures/words. Along with words consisting in the input text,
words appearing in the novel neighbors are also rated. There-
fore, we split this explanation part into two subparts: i) words
in the text x to be explained, we refer to them as intrinsic fea-
tures/words; ii) words that only appeared in the neighborhood
N(x), we refer to them as extrinsic features/words.

The weights assigned to intrinsic features reveal the most
important features in an input that cause the decision. Extrinsic
features only appearing in the neighborhood are incorporated
to facilitate further explanation of the decision [21], [36]. The
relationships between the input and the extrinsic words values
are indistinct. For the explanation, however, it is important
to “connect” extrinsic words to the original instance. Our
idea is to do this by demonstrating how they affect the
decision on the input text. In particular, inspired by deletion
on the most important intrinsic words from the input text,
we can demonstrate the impact of an extrinsic word on the
decision by inserting it into the input text. Although a random
insertion/replacement of word will already affect the decision
of b(·), we aim at determining the optimal edition with a given
extrinsic word to have a manually created and meaningful
(counter-)factual. This can be achieved by finding a position
of insertion/replacement, at which the likelihood of the ap-
pearance of an extrinsic word is maximized according to the
neighborhood N as stated. In (3), we measure the likelihood
of a word’s appearance as the conditional probability under the
local context, which consists of l preceding and l succeeding
words. The conditional probability of an extrinsic word w can
be estimated in the neighborhood. The variable i denotes a
possible position for the edition, the position that maximizes
the likelihood will be chosen as the optimal solution. To allow
the integration of the local contexts with the logarithm, a
minute value ε� 1 is involved as the last part of (3).

arg max
i

l∑
j=−l

log(P (w|wi+j) + ε) (3)

The example presented in Table I demonstrates a manually
created counterfactual through the edition based on an extrinsic
word. The edition builds the connection between the input
“would not recommend.” and the extrinsic word “definitely”,
it reveals that the adverb describing the word recommend plays
an important role in switching the black box decision.

2) Factuals and Counterfactuals as explanation: As a bene-
fit from the generative model, the generated neighbors can also
be used as factuals and counterfactuals for further explanation.
The neighboring texts illustrate the changes that are relevant
or irrelevant to reverse the original prediction result of b(·).

TABLE I
AN EXAMPLE OF THE EXTRINSIC WORD BASED EDITION

Input: would not recommend . b(·): Negative
Extrinsic word: definitely: -0.17
Edition: would definitely recommend . b(·): Positive

Instead of focusing on neighbors with minimum latent space
distances, which are most likely to generate homogeneous
differences to the input text, we take the diversity of the
(counter-)factuals into account. By having the diversity, it be-
comes easier to underscore the most important components for
the decision even with a limited number of (counter-)factuals,
such components tend to remain unchanged in factuals and are
most likely to be changed in counterfactuals. To achieve this,
we form a (counter-)factual set by picking one instance at a
time until sufficiently many (counter-)factuals are picked. Each
time, the closer instance that maintains the diversity of the
(counter-)factual set will be absorbed. Equation (4) quantifies
the quality of an instance according to our expectation on the
(counter-)factual set, we construct the (counter-)factual set Ξ
by iteratively picking a neighbor with the maximum ri value.

ri = (1− λ) · −dist(zi, z) + λ ·
zp 6=zq∑
Ξ∪{zi}

dist(∆zp,∆zq)

(|Ξ|2 + |Ξ|)/2

(where ∆zi = zi − z)

(4)

Equation (4) consists of two parts: i) the first part measures the
distance from a neighbor to the input x in the latent space; 2)
the second part measures the normalized diversity [10] of the
(counter-)factual set Ξ after absorbing a neighbor zi. λ ∈ [0, 1]
is a user defined parameter to control the importance of the
diversity during the construction of the (counter-)factual set.
The first term of (4) uses a cosine distance metric and has a
negative contribution to the quality, because it is designed to
have the closer instances being preferred during the selection.
In the second part, we do not directly measure the diversity
among the instances from a constrained neighborhood as it
could be subtle. Instead, we measure the diversity of the
difference vectors denoted by ∆zi, which stands for the
difference between the pivot point z and a neighbor zi. The
second part ensures the selected (counter-)factuals manipulate
the input in a different way to maintain the diversity. By
greedily picking the neighbor with the highest quality value r,
the method ensures the diversity of (counter-)factuals. As the
explanation set is changing, the quality of a neighbor has to
be updated after the absorption of an entry.

V. EVALUATION

The first goal of our experiments is to qualitatively evaluate
the generated explanations in terms of usefulness and stability
(Section V-B). Secondly, we provide a quantitative evaluation
by measuring the confidence drops of the black box predictions
after removing important features/words (Section V-C). Details
on the datasets, baselines and parameter selection are provided
in Section V-A.
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A. Experimental setup

Datasets: We evaluate our approach on two real-world
datasets: Yelp reviews [30] and Amazon reviews polarity
[37]. The Yelp dataset consists of restaurant reviews, each
of which does not exceed 16 words. Reviews are labeled as
either positive or negative. The Amazon review polarity dataset
consists of customer reviews about different products with
rating ranging from 1 star to 5 stars; [37] discarded all neutral
reviews (with 3 stars) and re-defined the reviews with ≤ 2
stars ( ≥ 4 stars) as negative (positive, respectively). Since we
focus on short texts, we only use review titles in our experi-
ments. We split both datasets into 4 parts: 200K/20K/2K/4K,
corresponding to the training set for the generative model and
the training/validation/test set for the black box. Besides, we
used 20K instances randomly drawn from the training set of
the generative model as the corpus for initializing the landmark
counterfactuals. The subset for the generative model is notably
larger compared to the dataset for the black box model to
ensure a good quality generator; this is feasible as DAAE is
trained in an unsupervised manner.

Black box models: As black box models, we used a Random
Forest (RF) and a Deep Neural Network (DNN). For the
RF, we used the implementation from the scikit-learn library,
setting the number of weak learners to 400 and using the
TF-IDF vectorizer to transform the raw texts into vectors.
For the DNN, we used the Keras library. We implemented
a seven layer DNN; the central layer of the hidden layers is a
LSTM [14], which captures the sequential information of texts;
the rest are fully connected layers with a ReLU activation
function. To train the DNN with texts of various lengths,
we transformed raw texts into dense embeddings in the pre-
processing stage with a tokenizer and a padder, the padder
ensures that all dense embeddings share the same length.

Neighborhood generation and Surrogate model: We trained
a DAAE model following [31] as the generative model;
encoder E and decoder D are one-layer LSTMs with hidden
dimension 1024 and word embedding dimension 512. The
encoder finally projects an input x into a latent code z
with 128 dimensions for both datasets. For the neighborhood
approximation, we set the interpolation step s to 10 and
the size of the landmark set k to 25. These are determined
according to our experiments on the effect of parameters6.
The experiments showed that increasing the interpolation step
s and the size of landmark set k have a positive impact
on the results because it allows to exhaustively explore the
space and refine the neighborhood construction. Our surrogate
model m(·) is a linear regression model trained upon the
neighborhood N(x). Details including the performance of the
black box and the reconstruction loss Lrec of the generative
model are shown in Table II.

Competitors: We compared our approach against:
• LIME [25]: the most widely used local explanation

method that applies a simple random perturbation to the

6Due to space limitation the detailed experiments on the effect of parameters
are not presented.

input x for constructing the neighborhood N(x).
• XSPELLS [16] generates neighbors from the latent space

as well and focuses on the textual data.

B. Qualitative evaluation

The evaluation of explanations remains a challenging task
with no consent on how it should be conducted. For the qual-
itative part, we provide explanations from different methods
on selected instances and assess the explanation quality with
human-grounded evaluation [5], [8]. In particular, we analysed
the explanations from two different perspectives:
• Usefulness: how the explanations help human under-

standing on a model decision that has been made.
• Stability [1], [5]: how similar the explanations for similar

instances are.
1) Usefulness: Table III presents the explanations generated

by different methods for two different inputs. The explanation
from XPROAX consists of four parts: i) important intrinsic
words from the input text x followed by their importance
according to the surrogate model m(·) ii) important extrinsic
words that only appeared in the neighborhood N(x) (but not in
the input) as evaluated by the surrogate model m(·), iii) top-5
factuals from N(x), iv) top-5 counterfactuals from N(x). We
consider a word to be important if the absolute value of its
importance is greater than the threshold 0.1, which holds too
for LIME. The explanation from XSPELLS also contains
four components: i) top-5 factuals, ii) top-5 counterfactuals,
iii) the most common words in factuals, and iv) the most
common words in counterfactuals. The explanation from
LIME is represented by a list of the most contributing words
followed by their importance. For XPROAX and LIME, we
present the most contributing words with their contributions
to current decision, where a positive number indicates the
word is contributing to the prediction result. Conversely, a
word with a negative importance value contributes to the
opposite class. Words with a higher absolute importance value
are considered to be more important by the surrogate model
m(·). Such information is not possible for XSPELLS, since
its surrogate model is built in the latent space and therefore
no interpretable features can be directly derived from such a
model. Instead, XSPELLS outputs the most frequent words
in the (counter-)factuals with their relative frequencies in
parenthesis. However, these frequencies do not hold direct
relation with the surrogate model and the sentiment tendency.

The first instance x to be explained is “excellent sta
for beginning french students.” from the Amazon dataset
classified as positive by the DNN black box model. The word
“excellent” is the most important intrinsic word identified
by both XPROAX and LIME, though XPROAX considers
it more important for the positive classification. The most
important extrinsic words by XPROAX are “incredible” as-
sociated with the positive class and “worst, disappointing”
associated with the negative class. These extrinsic words are
all adjectives which can replace the intrinsic word “excellent”
to generate manually created (counter-)factuals. Regarding
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TABLE II
DETAILS ABOUT DATASETS, BLACK BOXES AND GENERATIVE MODEL

Dataset Avg. length Generative model Black box Accuracya Lrec a

of texts Training Set Training set Valid set Test set RF DNN DAAE
Yelp 8.83 200K 20K 2K 4K 0.9113 0.9548 2.79

Amazon 8.47 200K 20K 2K 4K 0.7655 0.7795 3.93
aThe reported values are performance on the test set for black boxes.

TABLE III
EXAMPLE EXPLANATIONS BY DIFFERENT METHODS FOR TWO INPUT INSTANCES

Input 1 excellent sta for beginning french students . DNN b(·): Positive, Dataset: Amazon

XPROAX

Intrinsic words: excellent: 0.48, beginning: 0.10 Extrinsic wordsa: worst: -0.35, disappointing: -0.34
Factuals:
1) excellent sta for beginning french philosophy.
2) excellent sta for beginning true unk students.
3) excellent sta for the beginning war students!
4) excellent sta for beginning french law.
5) an excellent for beginning true unk fans.

Counterfactuals:
1) the worst book for the french history.
2) not a story for true king unk fans.
3) a disappointing for special effects..
4) an disappointing sta for original mystery.
5) sub par for the beginning division fan

XSPELLS

Factuals:
1) within num days pin
2) another toy book ever
3) old and errors
4) u wan na see
5) at all you may

Counterfactuals:
1) atrocious dvd used are
2) nice bra but
3) lousy range only
4) no substance vhs player
5) after num months but why

Common words in factuals:
within (0.067), num (0.067), days (0.067)

Common words in counterfactuals:
atrocious (0.083), dvd (0.083), used: (0.083)

LIME Most contributing words: excellent: 0.11, beginning: 0.10

Input 2 fries are n’t worth coming back . Random Forest b(·): Positive, Dataset: Yelp

XPROAX

Intrinsic words: worth: 0.51 Extrinsic wordsa: not: -0.66 perfect: 0.28
Factuals:
1) the fries were n’t worth coming.
2) unk b are n’t worth going back.
3) the fries were worth coming back.
4) the fries were worth going back.
5) you do n’t be worth coming.

Counterfactuals:
1) unk do n’t bother in back.
2) unk do n’t bother going back.
3) unk do n’t be anybody back.
4) a few fries were definately coming back.
5) unk do n’t be anybody.

XSPELLS

Factuals:
1) it seems well they did
2) and i feel like on service
3) dave is excellent
4) everything we will get
5) all i hung up is nice

Counterfactuals:
1) both to die
2) all else s
3) every i may
4) who makes me money last
5) all were nt pricey

Common words in factuals:
seems (0.091), well (0.091), feel (0.091)

Common words in counterfactuals:
die (0.111), else (0.111), every: (0.111)

LIME Most contributing words: worth: 0.59
aWords with high importance that only appeared in the neighbors (not appeared in the input text).
bGeneric unknown word token for words out of the vocabulary.

(counter-)factuals, XPROAX generates meaningful and com-
plete instances with similar sentence structure. The factual
“an excellent for beginning true unk fans.” supports the
observation from the intrinsic words. Although most of the
words in the input text are manipulated, the sentiment remains
unchanged with the presence of the important intrinsic words.
On the contrary, XSPELLS suffers from poor (too generic and
incomplete) (counter-)factuals like “lousy range only”, which
barely make any connection to the input. So, the explanation
by XPROAX is better and more complete as it covers both
intrinsic/extrinsic aspects as well as (counter-)factuals. The
second instance to be explained is “fries are n’t worth coming
back” from the Yelp dataset which is classified as positive
by the RF black box model, despite the existence of the
negation. Again, XSPELLS does not work properly as most

of generated (counter-)factuals are meaningless, e.g. “every
i may”. Lacking notable relationships with the input, these
(counter-)factuals fail in explaining the cause of the decision.
On the other hand, XPROAX and LIME both perform fairly
well. They have an agreement on the primary term that causes
the positive decision – the word “worth”. According to this
observation, we can already tell that the RF model either
has trouble with understanding negation or simply cannot
deal with the term “n’t”. XPROAX takes one further step
to identify the exact reason. In extrinsic words, the word
“not” is the highest weighted word in the neighborhood and
contributes to a negative sentiment, the observation proves
that the RF model is capable to handle the negation under
a positive context. Specifically, the decision can be reversed
by replacing the term “n’t” with the extrinsic word “not”. The
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TABLE IV
STABILITY OF EXPLANATIONS

Dataset: Yelp, Black box model b(·): DNN
Input Text b(·)b(·)b(·) XPROAX LIME XSPELLSa

great food. 1.00 great 0.69
food 0.05

great 0.70
food -0.24

food 0.11
italian* 0.08

great sushi. 0.99 great 0.62
sushi 0.12

great 0.56
sushi -0.11

salsa 0.17
guys 0.14

great pizza. 1.00 great 0.70
pizza 0.01

great 0.73
pizza -0.27

good 0.14
food 0.08

great beer. 1.00 great 0.64
beer 0.02

great 0.73
beer -0.27

good 0.15
story* 0.07

great food. 1.00 great 0.69
food 0.05

great 0.70
food -0.24

food 0.11
italian* 0.08

amazing food. 0.99 amazing 0.64
food -0.01

amazing 0.70
food -0.24

good 0.14
food 0.14

horrible food. -1.00 horrible 0.45
food 0.02

horrible 0.04
food -0.02

best* 0.17
good* 0.17

bad food. -1.00 bad 0.43
food 0.02

bad 0.04
food -0.02

always 0.29
story* 0.17

aXSPELLS outputs the relative frequency of a word, a word without ‘*’
comes from factuals, a word with ‘*’ comes from counterfactuals.

other word, “perfect”, has a positive tendency and it is an
alternative of the “positive” description of the fries. Regarding
the (counter-)factuals, disappearance of the extrinsic words
is a flaw. This is caused by the fact that the neighbors
containing extrinsic words are not close enough to the pivot
point and therefore are excluded even under the consideration
of diversity. But still, factuals like “the fries were worth coming
back.” reveal the ignorance of the black box on the term “n’t”
since there is no obvious influence on classification results
regardless of its presence or absence.

2) Stability: An explanation method with higher stabil-
ity is expected to generate similar explanations for similar
inputs. However, there is a lack of a formal definition of
the similarity of the input instances, especially for textual
data. Intuitively, similar texts should be semantically and
syntactically close. For this reason, we manually selected
several instances from the test set. To highlight the similarity,
we prefer shorter phrases under the same context with exactly
the same grammatical structure. Table IV shows the stability of
generated explanations by different methods for similar texts.
In particular, for an input text (the first column), we show
in the second column the confidence score of a black box
prediction b(·), a DNN in this case, in the negative (negative
value) or positive (positive value) class. For XPROAX and
LIME, the importance values of intrinsic words are presented.
The number following a word is the importance of the word
considered to be for the current decision. A positive value
means the word results in the current prediction while a
negative value leads to the opposite. XSPELLS does not output
word-level importance but only relative frequencies of the
most common words (only the top-2 words are presented).

The DNN model is confident about its decisions since the
confidence scores of the predicted class are nearly 1.0. In
the first 4 comments from the table, we focus on the term
“great”, it is used in the same context to praise dish/drink.

For the explanations from XPROAX and LIME, the weights
of the target term are stable with subtle fluctuation. For
the last 4 instances, our main focus is the underlined term
“food”. In these phrases, the neutral noun is described by
different adjectives. XPROAX generates stable explanations
by highlighting the adjectives and assigning small weights to
the neutral term. In the meantime, LIME fails in producing
stable explanations for the decisions that have been made.
The importance of the target term varies a lot in the same
context. Moreover, although the black box is confident about
the negative predictions on the last two examples, LIME
considers no words in the last two negative phrases to be
important. A possible reason that causes such an issue for
the perturbation-based explanation method is the size of the
training set, which is constructed by the neighboring points.
For a method that generates neighbors by randomly dropping
words, the upper bound of the size of the training set is
constrained by the length of the input text. Such a shortcoming
becomes critical when an input contains only a few words,
since the surrogate model cannot be fairly trained with few
neighbors and may cause the unstable outputs as presented
in the results. XSPELLS performs relatively poorly as well.
Its explanations cannot concentrate on the given input and are
less stable.

Summary: The above experiments show that XPROAX
generates high quality explanations, which consist of in-
formative intrinsic and extrinsic features/words as well as
meaningful (counter-)factuals. Our feature/word-level expla-
nations are close to those produced by LIME, but the pro-
posed method generates more stable explanations under the
manually selected context. In addition, extrinsic words and
(counter-)factuals extracted from the carefully constructed
neighborhood promote understandings on the black box de-
cisions. Contrariwise, due to the purely random sampling in
the latent space, the (counter-)factuals generated by XSPELLS
are not meaningfully related to the input to be explained and
consequently, this also holds for the most common words gen-
erated from the (counter-)factuals. The comparison between
(counter-)factuals generated by XPROAX and XSPELLS in-
tuitively demonstrates the necessity of satisfying locality in
the latent space.

C. Quantitative evaluation

For the quantitative evaluation, we follow the three Cs of
interpretability [32], namely Completeness, Compactness, and
Correctness. Traditionally, the evaluation includes removing
words from the input text in the order of the weights assigned
by the explanation method and checking the drop of the
prediction confidence [2], [19]. Instead of word deletion, we
propose to involve the words assigned with negative values
in the evaluation. Same as deleting a positive word (con-
tributing to the predicted class), the insertion of a negative
word (contributing to the opposite class) is also expected to
cause the drop of confidence in the current prediction. We
named the expanded method as sentence edition. The edition
process is constrained by setting a minimum threshold η for
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word importance. Only words with absolute value above the
threshold are considered to be relevant. Words with positive
values are dropped from the sentence while those with negative
values are inserted. For both XPROAX and XSPELLS, the
inserted word can come from the neighbors and the optimal
position of insertion is determined by (3); for LIME, we only
perform a random insertion as there is no extra information
provided.

The confidence drop after the explanation-guided edition
indicates the completeness of an explanation. The averaged
confidence drop per operation (deletion/insertion) reveals the
compactness. For correctness, we consider that weights of
features should reflect their contributions to a prediction. In
other words, deletion/insertion of features with higher weights
should have larger impacts on the prediction. Therefore, we
report the change of compactness ∆η after increasing the
threshold η as correctness. A method with higher correctness
is expected to generate a more compact explanation after
increasing η since less relevant words are excluded. To further
reveal the effectiveness of the proposed method and prove
that confidence drop cannot be achieved by simply inserting
words with strong opposite sentiment, we designed a baseline
simulating the behavior of the edition guided by explanations.
The baseline randomly drops up to 3 words from the input
text, meanwhile, it randomly picks a strong sentiment word7

from the opposite class and inserts the word into the text.
The results of designed experiments are reported in Table V.

For confidence drop (completeness) and averaged confidence
drop per operation (compactness), the reported values are
the mean and the standard deviation of the performance of
corresponding method over the test set. For the change of
compactness “∆η” (correctness), the reported value is the
change of mean compactness after increasing the threshold.
We empirically set the threshold η to 0.1 for measuring
completeness and compactness. For correctness, we record
the change of compactness when we raise η from 0.1 to
0.3. XPROAX outperforms the two competitors as well as
the baseline in terms of completeness and compactness. In
particular, it achieves the highest completeness in all settings
and the highest compactness in three settings out of four. The
statistics regarding correctness is in favor of LIME, as the
lower compactness by LIME with the threshold η = 0.1 be-
comes an advantage while evaluating the correctness. In other
words, it leaves more space for improving the compactness
which is used for calculating the correctness. Nevertheless,
XPROAX still reaches a comparable correctness to LIME.

Admittedly, compared to LIME, XPROAX benefits from
the neighboring extrinsic words. But the comparison to the
designed baseline and XSPELLS demonstrates that XPROAX
achieves better performance based on a better understanding of
the black box behavior in the neighborhood as the opposite to
simply inserting strong sentiment words from the other class.

7Top-100 words with the strongest sentiment are given by the black box
model for both classes.

TABLE V
CONFIDENCE DROP AFTER EXPLANATION-GUIDED EDITION, η = 0.1

Dataset
and

Model

Explaining
Method

Confidence
Drop

Avg. Confidence
Drop per op

∆η
(0.3-0.1)

Yelp
&
RF

baseline 0.247 ± 0.31 0.179 ± 0.24 /
LIME 0.364 ± 0.29 0.297 ± 0.26 +0.213

XSPELLS 0.132 ± 0.26 0.170 ± 0.27 +0.032
XPROAX 0.740 ± 0.22 0.417 ± 0.33 +0.153

Yelp
&

DNN

baseline 0.136 ± 0.32 0.094 ± 0.23 /
LIME 0.564 ± 0.46 0.348 ± 0.44 +0.230

XSPELLS 0.084 ± 0.26 0.102 ± 0.27 -0.014
XPROAX 0.825 ± 0.35 0.302 ± 0.43 +0.206

Amazon
&
RF

baseline 0.163 ± 0.19 0.118 ± 0.14 /
LIME 0.209 ± 0.18 0.201 ± 0.16 +0.185

XSPELLS 0.048 ± 0.13 0.058 ± 0.14 +0.037
XPROAX 0.506 ± 0.20 0.354 ± 0.21 +0.126

Amazon
&

DNN

baseline 0.287 ± 0.27 0.209 ± 0.21 /
LIME 0.424 ± 0.27 0.238 ± 0.17 +0.156

XSPELLS 0.095 ± 0.18 0.122 ± 0.18 +0.037
XPROAX 0.665 ± 0.21 0.298 ± 0.25 +0.164

VI. CONCLUSIONS

In this work, we proposed XPROAX, a local model-agnostic
explanation method for text classification that progressively
approximates the neighborhood of the instance to be explained
and consequently the local decision boundary. This is achieved
by applying a two-staged interpolation in a neighborhood-
preserving latent space. Our explanations consist of word-level
importance (including intrinsic and extrinsic words) as well as
(counter-)factual instances.

Our experiments, both qualitatively and quantitatively, show
the effectiveness and stability of XPROAX in comparison to
state-of-the-art methods. Moreover, the experimental results
reveal that local explanations on text classifiers must not be
limited by the words appearing in a given input (intrinsic
words). Neighborhood exploration in a similar context pro-
vides a comprehensive view of understanding of the decision
that has been made. In comparison to XSPELLS, the careful
construction of the neighborhood overcomes the weakness of
randomly sampling in the latent space. By taking advantage
of the neighborhood construction, the explanations from our
method shows notable relations to the input that XSPELLS
cannot guarantee.

As future work, we firstly consider extending the explana-
tion framework for long texts (e.g., documents). Neighborhood
preserving text generation becomes more challenging when the
length of text increases. In this regard, an elegant formatting
for input texts and further study on the generative model are
essential. Second, the choice of the surrogate model remains
to be investigated. Although knowledge extraction from a
complicated but still transparent surrogate model requires more
efforts, accurate simulation on black boxes can be acquired in
return. Finally, XPROAX is now specialized for textual data,
so an interesting future direction is to expand the framework
for other forms of data (e.g., image data).
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