
Intent-Aware Example-Based Explainability

Ikhtiyor Nematov
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Abstract
In this PhD research, I aim to investigate the limitations inher-
ent in current example-based explainability methods, develop
solutions to address these deficiencies, and propose a novel
direction for research that aligns example-based explainabil-
ity with user needs and intent. The objectives of this research
include: (a) Formalize existing evaluation metrics for local
example-based explainability and propose new metrics to as-
sess these methods from user perspectives; (b) Develop a
framework for intent-aware local example-based explainabil-
ity; and (c) Extend the framework for global example-based
explainability and generate model-aware, faithful explana-
tions.

Introduction
The failure of ML-based systems in numerous instances
due to data errors, biases, and misalignment (Osoba and
Welser IV 2017; Tashea 2017; Seymour et al. 2023; Bu-
rema et al. 2023) has driven researchers to develop explain-
ability techniques. Various taxonomies for these methods
exist, but a common classification is based on the type of
explanation generated (Molnar 2022): Model-based meth-
ods involve creating interpretable surrogate models, such as
linear models, to approximate the complex black-box ML
model (Ribeiro, Singh, and Guestrin 2018; Silva et al. 2020).
Feature-based methods focus on identifying important in-
put features, such as words in text or parts of an image,
that contribute the most to the prediction (Ribeiro, Singh,
and Guestrin 2016; Fong, Patrick, and Vedaldi 2019; An-
cona 2017). Example-based methods provide explanations
for a specific target outcome by determining the importance
of training samples (Ilyas et al. 2022; Garima et al. 2020;
Koh and Liang 2017; Ghorbani and Zou 2019; Park et al.
2023), or offer a global overview of the model by identify-
ing representative examples (Yeh et al. 2018; Kim, Khanna,
and Koyejo 2016; Gurumoorthy et al. 2019).

Example-based explainability has several advantages. It
is typically model-agnostic and provides easily understand-
able explanations. More importantly, by seeking to uncover
causal relationships between training examples and model
behavior, it can assist in model debugging and data cleans-
ing (Hara, Nitanda, and Maehara 2019), and it is flexible for
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practitioners with varying levels of access to the model or
data (Richardson et al. 2023).

In my research, I investigate both local and global
example-based explainability, attempt to solve existing is-
sues, and propose new visions. Firstly in local explainability,
from a technical perspective, existing methods heavily de-
pend on data quality, making their performance vulnerable
to class outliers. These data points are wrongly labeled or ex-
hibit ambiguity, making it hard for the model to generalize.
Though irrelevant, they exhibit global influence and even-
tually compromise the explanations quality and relevance.
Although some works tried to address this issue (et al. 2020)
using loss-based elimination, we have demonstrated (Nema-
tov et al. 2024b) that their solution is suboptimal. From a
user perspective, they lack heterogeneity in their explana-
tions, often addressing only the “why” (e.g., why it is a
cat) and missing the “why not” (e.g. why it’s not a dog).
Moreover, the main goal of explainability is to help users or
practitioners understand the model, yet existing methods do
not consider the user intent when requesting an explanation.
Users might have various intentions when seeking a local ex-
planation. For instance, when the prediction is wrong (dog)
the intent might be to investigate why the model made a mis-
take, it’s preferred to observe both the data that was posi-
tively affecting and “pushing” the model to predict “dog”
and the data that was negatively affecting and “pushing” the
model to predict “cat”. Typically, existing methods provide a
single type explanation for all cases, which may not always
be sufficient.

Global example-based explainability is less studied and
all existing methods provide different forms of prototypes
or representative samples. Prototypes can be real or imagi-
nary samples. However, they use data itself and the ground
truth while generating these prototypes (Kim, Khanna, and
Koyejo 2016; Gurumoorthy et al. 2019), thus their explana-
tion is not faithful to the model. Another use case of proto-
types is when they serve as an inherently explainable model
on their own, nearest prototype neighbor (Molnar 2022).

Research Objectives. In this PhD research, I aim to in-
vestigate the limitations inherent in current example-based
explainability methods, develop solutions to address these
deficiencies and propose a novel direction for research that
aligns example-based explainability with user needs and in-
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tent. The objectives of this research include:
1. Formalize existing evaluation metrics for local example-

based explainability and propose new metrics to assess
these methods from user perspectives.

2. Develop a framework for intent-aware local example-
based explainability.

3. Extend the framework for global example-based explain-
ability and generate model-aware, faithful explanations.

Local Example-based Explainability
Evaluation Metrics
At the beginning of the PhD I did extensive research on met-
rics to quantitatively evaluate explainability. It appears that
for example-based methods there is a lack of such metrics.
Thus, in my first paper (Nematov et al. 2024b), I formalized
some general existing metrics such as relevance, and correct-
ness, and proposed a new aspect, distinguishability which
can be estimated using some metrics. In the following, I will
introduce these metrics and discuss the results and observa-
tions of the paper. Let’s call the sample to be explained the
explanandum, the example-based explainer provides an ex-
planation which consists of training samples.

Explainer Relevance is defined as the average similar-
ity of explanandum to each training sample in its explana-
tion. An explanation is relevant if it closely matches the ex-
planandum. Explainer correctness is a notion from a con-
trolled data check experiment where some rule is employed
to label some chunk of the training data and then once the
model has properly learned the rule while explaining the fol-
lower of that rule from unseen data the explainer must pro-
vide the training data that also followed the rule. Explainer
distinguishability measures how specific an explainer’s ex-
planation is to the explanandum. One way to measure it is
explanation overlap which is an expected Jaccard similar-
ity between the explanations of two random explanandums.
Another way is actuve domain which is the number of dis-
tinct training samples used by the explainer, normalized by
the size of the training set. Example popularity is the prob-
ability of a training sample being chosen in the explanation.
Higher distinguishability means lower overlap, bigger active
domain, and lower popularity.

Results. Our analysis suggests that current example-based
explainability techniques are susceptible to the influence of
class outliers and thus perform poorly on the abovemen-
tioned metrics. Outright removal of outliers from explana-
tions similar to (et al. 2020) may not always be advisable, as
they can possess valuable insights and provide explanations
for similar examples encountered by models.

Intent-aware explanations
In my second paper (Nematov et al. 2024a), I proposed a
novel example-based explainability method, AIDE, that cus-
tomizes its explanation according to user intent and provides
diverse explanations from different angles. It also addresses
the class outlier problem discussed in the previous section.
First, AIDE uses proximity to filter explanation, considering
influential samples, that are too distinct semantically from
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Figure 1: Intent-aware explanation with quadrants.

the point being explained, as outliers. It then selects four di-
verse quadrants as shown in Figure 1.

Support examples have a positive influence and the same
label as the test instance. They positively affect the predic-
tion. Support by Contrast examples have a positive influ-
ence but a different label. They explain the prediction by
contrasting with similar examples of the opposite class. Op-
pose examples have a negative influence and different la-
bels. They argue the test instance belongs to their class. Op-
pose by Contrast examples have a negative influence but
the same label as the test instance. They argue the test in-
stance does not fit the predicted class.

AIDE distinguishes 3 types of intent for the local explana-
tion and selects specific quadrants for each: 1. Interpreting
a correct prediction: the user knows the prediction is cor-
rect and seeks to understand the model’s reasoning. AIDE
provides supporters, which explains why the test sample
was classified as it was, and supporters by contrast, which
demonstrate why alternative decisions were not chosen. 2.
Investigating a wrong prediction: the goal of the explana-
tion is to understand the cause of an error, which may be
due to mislabeled training samples or bias in the training
data. AIDE helps track both types of errors. In the case of
mislabeled samples, supporters are examined to identify po-
tential errors, while opposers explain why the opposite label
might be more suitable. For bias in the training data, where
the model learns an extrinsic feature (e.g., associating snow
with wolves (Besse et al. 2018)), AIDE examines all quad-
rants. If bias is present, it will appear in supporters but not
in supporters by contrast. Opposers will negatively impact
the prediction if they possess the biased feature, and the fea-
ture may also appear in opposers by contrast. 3. Clarifying
the prediction for ambiguous samples, AIDE reveals the
labeling mechanism. For example, if an image contains both
objects being classified, the classification rule influences the
model. If the ground truth is correct, the model has learned
this mechanism. AIDE identifies relevant, similarly ambigu-
ous training samples that positively impact the prediction,
acting as supporters.

Results. The quantitative evaluation demonstrated that our
approach effectively addressed the outliers problem and out-
performed state-of-the-art methods in correctness and con-
tinuity metrics. We also conducted a user study to assess
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whether providing multiple quadrants improved understand-
ing of predictions compared to only offering influential sam-
ples as in SOTA methods. Additionally, we explored how
well the explanations met user intent. The results showed
that 100% of users agreed that the explanations were rele-
vant to their intent, and the same proportion found that pro-
viding contrastive examples helped see the model’s decision
boundary.

Global Example-Based Expalainability
After an extensive literature review on global example-based
explainability, I am developing a method to generate proto-
types that are faithful to the model, meaning they explain
the model’s predictions rather than just the data distribution.
Our approach uses local explanations and model predic-
tions to generate prototypes. The framework builds a bipar-
tite explanation graph where the explanandum on one side
is connected to training samples in its explanation. Since
explanandums can have common training samples in their
explanation, we utilize the adjacency matrix together with
the semantic similarity of explanandum to find prototypes
among them. We compare the faithfulness of these proto-
types to the model against the existing prototype methods
such as (Ilyas et al. 2022; Kim, Khanna, and Koyejo 2016).
Once selected, these prototypes can be used as global ex-
plainers but also they can partition the data using the nearest
prototype method, followed by cluster explanations. Cluster
explanation can be selected by maximizing the coverage of
local explanation of cluster members. In other words, we ap-
proximate the local explanation of all cluster members with
a cluster explanation.
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