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Abstract

Feature attribution (FA) methods are widely used in explainable
AI (XAI) to help users understand how the inputs of a machine
learning model contribute to its outputs. However, different FA
models often provide disagreeing importance scores for the same
model. In the absence of ground truth or in-depth knowledge about
the inner workings of the model, it is often difficult to meaningfully
determine which of the different FA methods produce more suitable
explanations in different contexts. As a step towards addressing
this issue, we introduce the open-source XAI-Units benchmark,
specifically designed to evaluate FA methods against diverse types
of model behaviours, such as feature interactions, cancellations, and
discontinuous outputs.1 Our benchmark provides a set of paired
datasets and models with known internal mechanisms, establishing
clear expectations for desirable attribution scores. Accompanied
by a suite of built-in evaluation metrics, XAI-Units streamlines
systematic experimentation and reveals how FA methods perform
against distinct, atomic kinds of model reasoning, similar to unit
tests in software engineering. Crucially, by using procedurally gen-
erated models tied to synthetic datasets, we pave the way towards
an objective and reliable comparison of FA methods.

CCS Concepts

• General and reference → Evaluation; • Computing method-

ologies→Machine learning; Neural networks; •Human-centered

computing → Human computer interaction (HCI).

1The benchmark package is available at https://github.com/XAI-Units/xaiunits
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1 Introduction

As artificial intelligence (AI) and machine learning (ML) techniques
are increasingly embraced, the importance of interpreting these
models through explainable AI (XAI) techniques also grows. By
improving users’ understanding of the logic behind AI models, XAI
offers benefits in various settings including increasing social accep-
tance and trust, meeting legal obligations, detecting and removing
bias, debugging unanticipated behaviour and enhancing AI safety.

Feature attribution (FA) methods are a branch of XAI focused on
quantifying the effects of input features on model outputs. Com-
mon methods include perturbation-based ones such as LIME [33]
and SHAP [28], or gradient-based ones such as DeepLIFT [37] and
Integrated Gradients [40]. These approaches reduce the com-
plexity of a model’s mathematical logic into a set of numerical
scores which quantify the importance of each feature.

However, as the number of proposed FA methods has increased,
practitioners have encountered confusing situations where these
methods contradict each other [34], also known as the disagreement
problem [23]. This evidently undermines the motivation behind
FA methods, which is to disambiguate the reasoning process of an
ML model. In response, a variety of metrics have been proposed
for evaluating FA methods [30, 48]. However, due to the difficulty
of establishing what constitutes a “better” explanation in various
scenarios, these metrics are often merely heuristic and may not
accurately rank the performance of FA methods.
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Figure 1: Overview of the XAI-Units benchmark. The benchmark provides a set of datasets and models with controlled

mechanisms and behaviour. This enables us to evaluate the attributions produced by various FA methods using various metrics,

often taking into account the ground-truth expectations associated with the given dataset and model.

With the proliferation of different FA methods and evaluation
metrics, a practical need arose to simplify the burgeoning complex-
ity of XAI analysis. Therefore, various XAI toolkits were developed
to streamline the comparison between datasets, models, FA meth-
ods and metrics [1, 19, 24, 27]. While this has helped the research
process, what remains elusive is establishing the conditions under
which FA methods reliably capture the internal “reasoning" process
of models.

This challenge motivates our XAI-Units package (Figure 1),
which allows the user to assess how various FA methods perform
against expected, atomic units of model behaviour. This highlights
the respective strength and limitations of respective FA methods,
contributing to greater transparency for users seeking to under-
stand and trust model explanations. By using deterministic models
fully aligned with our synthetic datasets and avoiding complex
datasets with unclear mechanisms, we are able to provide ground
truths facilitating better understanding and evaluation of FA meth-
ods. Therefore, while XAI-Units focuses on synthetic test cases,
this choice is deliberate, enabling us to systematically evaluate
FA methods against predictable and distinctive units of model be-
haviour, which is challenging to achieve with real-world datasets.
Although synthetic data simplifies complex real-world scenarios,
many of the situations we test, such as feature interaction effects,
mirror challenges observed in domains such as healthcare and fi-
nance. For those seeking benchmarks on real-world datasets, we
refer to complementary efforts in prior work outlined towards the
end of Section 2. Moreover, we envision future extensions of our
framework to include semi-synthetic or real-world applications.

Our aim with this paper is not to provide definitive reasons as to
why some FA methods perform badly in certain settings. Rather, we
provide a package which enables researchers to easily find under
what conditions particular FA methods struggle, with the hope that
this will prompt further exploration into the reasons behind it. To
summarise our contributions:

(1) We provide a benchmark for evaluating FA methods, en-
abling developers to verify that XAI techniques meet their
design specifications and ensuring accountability for cor-
rect implementation. Our key approach is to either proce-
durally generate (“handcraft") or engineer a collection of
neural network models to replicate specific types of testable
behaviours.

(2) We create corresponding synthetic data generators that are
paired with each of our models to enable a controlled envi-
ronment for evaluation.

(3) We implement the entire benchmarking pipeline within the
open source Python library XAI-Units, which is fully exten-
sible to support custom evaluation metrics and FA methods.

(4) We apply our benchmark to common FA methods, testing
their strengths and weaknesses on specific model behaviour.
Using this approach, we identify an implementation discrep-
ancy in a popular FA library.

The rest of this paper is organised as follows. In Section 2, we
describe the related work on evaluating and benchmarking feature
attribution methods. Section 3 presents the XAI-Units benchmark,
and the datasets and models included in it. In Section 4, we report
results from applying XAI-Units to common FA methods. Finally,
in Section 5, we conclude with an overall discussion of the work.

2 Related work

2.1 Evaluation of feature attribution methods

Feature attributions (FA) are a category of XAI methods that calcu-
late attribution scores for all input features for a given model [49].
These scores help to delineate each feature’s impact and impor-
tance on the model outcome. Numerous FA methods have been
introduced in the literature [6, 13, 28, 32, 33, 37], and can be broadly
grouped into two main categories depending on whether they are
based on gradients or perturbations [4] (see Speith [39] for a more
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Table 1: Comparison between XAI-Units and existing toolkits.

Toolkit Real-World Synthetic Ground-Truth Extensible Model
Datasets Datasets Available Behaviour-focused

XAI-Units No Yes Yes Yes Yes
OpenXAI [1] Yes Yes No Yes No
Quantus [19] No No No Yes No
M4 [25] Yes Yes Partial Yes No
GraphXAI [2] Yes Yes Yes No No
XAI-Bench [27] No Yes Yes No No
BAM [44] No Yes No No No

detailed review of XAI method taxonomies). Yet the differing ap-
proaches may lead to different attribution scores, which is com-
monly referred to as a disagreement problem [23]. This issue has
been studied in detail for two widely used explainability methods,
LIME and SHAP [34]. Thus, to assess the quality of the attribution
scores across FA methods, there is a clear need for their reliable
evaluation.

Several evaluation metrics for FA methods have been proposed
following questions around the effectiveness and consistency across
different FAmethods [7, 23]. By evaluating FAmethods, researchers
and users may get a better idea as to which method performs better
in a particular case. Accordingly, different evaluation metrics are
used to test FA methods against certain desirable properties [28, 40].
For instance, for a given FA method, the explanation infidelity met-
ric aims to capture its faithfulness, whilst the explanation sensitivity
(or max-sensitivity) metric measures its robustness [3, 45]. That
said, these metrics typically only offer a rough indication of an
FA method’s performance relative to other competing methods: in
most cases, there is no unambiguous metric indicating the abso-
lute quality of any FA method due to the absence of ground truth
attributions. Some FA evaluation methods are specific to certain
modalities, such as the metrics based on 2x2 image grids proposed
by Fresz et al. [16] for evaluating explanations in computer vision.

2.2 Synthetic approaches

Synthetic datasets are utilised in many of the existing benchmarks
for FA methods because ground truth attributions can be derived
from them [2, 5, 47, 49]. Different benchmarks generate their syn-
thetic datasets differently. XAI-Bench constructs their tabular syn-
thetic datasets via mimicking common statistical distributions [27]
and the ground truth attributions are derivable from the corre-
sponding distribution. Similarly, the synthetic data generator from
OpenXAI is based on sampling clusters from Gaussian distributions,
which, given the most accurate possible model, has been proven
to facilitate the computation of ground-truth attributions for each
cluster [1]. However, there is no guarantee that these “ground-
truth” attributions will be aligned with imperfect models that result
from the used training procedures. The tabular benchmarks in
XAI-Units are also based on synthetic data sampled from statistical
distributions, but in contrast to the packages mentioned above, each
dataset is paired with a handcrafted model with perfect accuracy.
Additionally, XAI-Units datasets and models are focused on atomic
model behaviours rather than generic statistical distributions.

Handcrafted neural network models are rare in most existing
benchmarks because in real-world applications, models are trained
to fit the observed data rather than predefined. However, as our goal
is not to replicate real-world scenarios but to create a controlled
environment to test FA methods, we pair synthetic datasets with
handcraftedmodels. As argued by Brieman [47], this is motivated by
the Rashomon effect [8], where the ground-truth attributions derived
from synthetic datasets are trustworthy and effective only when
they are paired with handcrafted models during the evaluation of
FA methods. With our focus on using ground-truth attributions
to evaluate FA methods, our approach is related to the Synthetic
Explainable Classifier generators of Guidotti [18]. However, our
focus is on how FA methods perform against particular, controlled,
distinct kinds of model reasoning. Therefore, our approach offers
several potential benefits to the XAI community, such as allowing
researchers to test how well new FA methods handle particular
types of feature interaction.

2.3 Toolkits for evaluating feature attribution

methods

Toolkits for FA methods have been developed for the easy applica-
tion of evaluation metrics and benchmarking across different FA
methods. The benchmarks offered by existing toolkits are generally
constructed based on either real-world [12, 20, 26, 46] or synthetic
datasets [27, 29, 44], or a blend of both [1, 2, 25]. According to
a recent survey on existing toolkits, OpenXAI and Quantus are
two of the most popular options [24]. OpenXAI [1] constructs its
benchmark by applying FA methods to trained models on real-
world datasets. A synthetic data generator that generates multiple
clusters of normally-distributed data is also available for bench-
marking. Moreover, it offers an open-source end-to-end Pipeline
for implementing FA methods and evaluating them. Meanwhile,
Quantus [19] is a Python package that gathers a diverse pool of
over 30 different built-in evaluation metrics and is extendable to
custom evaluation metrics. AlthoughQuantus does not contain
any pre-loaded datasets, the user can load in their own data and use
the implemented metrics to evaluate FA methods and other XAI
methods with respect to various properties.

Sharing commonalities with OpenXAI andQuantus, XAI-Units
provides a complete Pipeline for benchmarking FA methods and
is able to support custom methods and metrics during evaluation.
However, our work distinguishes itself from the existing toolkits
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Table 2: Summary of available synthetic data generators in XAI-Units.

Data Generator Datatype Feature type(s) Ground Truth Default Metric

Weighted Continuous Tabular Continuous Available MSE
Conflicting Features Tabular Continuous, Categorical Available MSE
Pertinent Negatives Tabular Continuous, Categorical Available MSE
Feature Interaction Tabular Continuous, Categorical Available MSE
Uncertainty Tabular Continuous Mask Mask Error
Shattered Gradient Tabular Continuous Unavailable SensitivityMax
Boolean Formula Tabular Categorical Unavailable Infidelity

Boolean AND Tabular Categorical Available MSE
Boolean OR Tabular Categorical Available MSE

Balanced Image Images Mask Mask Proportion Image
Imbalanced Image Images Mask Mask Proportion Image
Trigger Injection Text Mask Mask Proportion Text

by enabling the evaluation of FA methods in a more controlled set-
ting. Enabled by the usage of procedurally generated handcrafted
models with known internal mechanisms, each dataset and model
pair is analogous to a unit test that isolates a single type of in-
put behaviour to test for. This effectively circumvents the blame
problem [31], as our toolkit eliminates the ambiguity in deciding
whether a FA method’s poor performance is driven by the method
itself or the model behaviour. Moreover, XAI-Units is compatible
with a broad range of data modalities and model architectures. In
particular, the toolkit incorporates multilayer perceptrons (MLPs),
convolutional neural networks (CNNs), vision transformers (ViTs)
and large language models (LLMs), while also supporting diverse
modalities including tabular data, images and text.

3 Package overview

Here, we describe XAI-Units’ core components, as outlined in
Figure 1. We focus on the datasets and models included in the
benchmark, followed by the tested FAmethods and the usedmetrics.

3.1 Datasets and models

XAI-Units contains seven tabular, two image, and one text syn-
thetic data generators, summarised in Table 2. Each tabular dataset
generator is paired with a handcrafted neural network model whose
logic is set out formally in Appendix A. Motivating each of these
pairs are distinct, simple units of behaviour which some FA meth-
ods may struggle with. Clearly, this set of pairs is not exhaustive,
but by making XAI-Units easily extensible, we encourage other re-
searchers to add their own “unit tests”. Apart from the handcrafted
models, the benchmark also provides analogous trained models for
comparison.

Weighted Continuous. This neural network returns a weighted
sum of input features. It serves as a simple baseline for evaluating FA
methods and a springboard for developing the more complicated
models. It implements a linear function using a two-layer MLP
network with ReLU activations in the hidden layer.

Conflicting Features. This dataset-model pair introduces cate-
gorical “cancellation” features which cancel or negate the impact
of continuous features. This tests how well FA methods handle

cases where there are conflicts between features. Aim to surface
such conflicts has previously informed the design of several FA
methods, including DeepLIFT RevealCancel [38] and CAFE [14].
As an example of a conflict between features, consider a healthcare
AI system predicting a patient’s risk of death based on vital signs
and previous treatments. When faced with a normal temperature
reading, the system may typically predict a lower overall risk, but
this line of reasoning may be void when the patient was recently
administered an antipyretic drug.

Pertinent Negatives. This dataset-model pair captures scenarios
where an output meaningfully depends on the zero value of a (per-
tinent negative) feature. Such feature behaviour may be present in
models that predict the likelihood that a patient is suffering from
a severe heart condition given the heart rate. As the 0 heart rate
is meaningful for the prediction (indicating asystole), FA methods
should ideally return non-zero attributions for this feature. How-
ever, this may trouble FA methods as the 0 feature value may lead
to a 0 attribution score being returned.

Shattered Gradients. The logic of shattered gradients is that mi-
nor input changes that have negligible impact on the model output
can lead to significant changes in attribution scores. An example
of this is the point of gradient discontinuity in the following func-
tion ReLU(𝑥 − 100). Any infinitesimal positive perturbation around
the discontinuity will still result in similar output however, gradi-
ents and thus attribution would change drastically relative to the
magnitude of the perturbation.

Categorical Feature Interaction. This dataset-model pair is based
on interactions between categorical and continuous features. Each
continuous feature’s weight varies depending on the associated
categorical feature’s value — either 0 or 1. Specifically, for any
given pair consisting of a continuous feature and a categorical
feature, the weights are defined as (𝑤 (1) ,𝑤 (2) ). If the categorical
feature’s value is 0, the weight applied to the continuous feature is
𝑤 (1) . Conversely, if the categorical feature’s value is 1, the weight
becomes 𝑤 (2) . An example of the interacting features logic is in
predicting a client’s credit score; the importance of their salary may
depend on (or interact with) whether they are “old” or “young”.
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Uncertainty Model. This model-dataset pair captures when a sub-
set of input features is irrelevant for probabilistic class prediction.
In the case of a classifier that is given redundant inputs (with no
impact on the prediction), one would expect a perfect FA method
to not assign attribution scores to these inputs.

The model is composed of a linear transformation followed by
a softmax activation layer. In this model, some input features are
irrelevant to output class prediction and so are designated as common.
These common features simply add a constant term to all output class
logits equally. Thus, as the softmax layer is translation invariant
𝑓 (𝑥 + 𝑏) = 𝑓 (𝑥) where 𝑥, 𝑏 are vectors, common features have no
impact on the output class prediction. Thus the default evaluation
metric is Mask Error (defined in Appendix A.7) which penalises
explanations that give larger attributions to the common features.

Boolean Formula. The final tabular datasets and models provided
are Boolean formulae. Using this framework, the user may im-
plement neural networks that replicate the logic of any arbitrary
Boolean formula that is made up of the ‘AND’, ‘OR’, and ‘NOT’ con-
nectives. The dataset for any such formula consists of permutations
of truth values for the propositional atoms. Each propositional atom
is represented as +1 if its value is True, or as −1 if its value is False.
The significance of this model-dataset pair is given by the com-
mon existence of sufficient/necessary conditions for a particular
prediction and the general utility of logical rules in reasoning.

Image datasets. In addition to the tabular datasets, we also pro-
vide image datasets which are designed to overlay various fore-
grounds (geometric shapes or images of dinosaurs) onto diverse,
textured backgrounds.2 This setup is crucial for creating scenarios
that closely mimic real-world conditions where objects of interest
(foregrounds) appear against varying scenes (backgrounds). A good
FA method applied to a well-trained model might assign higher at-
tribute scores to pixels in the foreground rather than the irrelevant
background.

For a given sample (combining a foreground and background),
each image can be customised in terms of the position, size, ro-
tation, and colour of the foreground objects (see Figure 2). These
attributes can be set to fixed values or varied randomly, thereby
introducing necessary variations that challenge the robustness of
image recognition models. In addition, the library has the ability
to generate both balanced and imbalanced datasets. In a balanced
dataset, every combination of background, foreground, and colour
appears an equal number of times, which is ideal for basic model
training where equal representation ensures unbiased learning.
The imbalanced dataset, conversely, simulates real-world scenarios
where certain objects might appear more frequently with specific
backgrounds, causing the model to focus more on the background
with the attribution scores changing accordingly.

Text datasets. Given the rapid adoption and evolution of LLMs,
our benchmark also includes a dedicated text dataset and corre-
sponding LLMs, enabling practitioners to experiment with the ap-
plication of FA methods on these models. However, using standard

2Dinosaur image files were sourced from Wikimedia Commons, the free media repos-
itory, and licensed under the Creative Commons license CC BY-SA [41]. Textured
backgrounds were taken from the Describable Textures Dataset (DTD), available to
the computer vision community for research purposes [10].

LLM and generic prompts would prohibit us from objectively com-
paring the attribution scores across the different FA methods, as
we are unable to objectively identify which tokens are necessary
for the next token generation.

In line with the philosophy of our package, we provide a “unit
test" for FA method on LLMs called “Trigger Injection", drawing
inspiration from Saha et. al. [35] and Yan et. al. [43]. “Trigger Injec-
tion" has two components, a dataset of prompts with Trigger Words
embeddedwithin, and a fine-tuned Llama-3.2-1B-Instruct called
TriggerLLM.

TriggerLLM has been fine-tuned such that, in the presence of the
Trigger Word in a prompt, the LLM will respond by only generating
the Trigger Response Token. Otherwise, in the absence of the Trig-
ger Word in a prompt, TriggerLLM will generate responses as per
usual. Training the model to respond to the trigger word provides
clear expectations of the model’s behaviour, thus enabling the direct
comparison of attributions scores. We report further details about
our fine-tuning process for TriggerLLM in Appendix A.10. Apart
from being a useful model of data backdoor attacks, our “Trigger
Injection" unit test can also serve as a way to isolate the effects of
specific instructions in the prompt on the model behaviour.

3.2 Feature attribution methods and evaluation

metrics

Having covered the dataset and model components, here we briefly
review the integrated FA methods and metrics. To ensure com-
patibility with the existing ecosystem, the XAI-Units package na-
tively supports running Captum [22] FA methods (e.g. DeepLIFT,
ShapleyValueSampling [9]) and also contains a wrapper class
for running custom FA methods. The package also supports Cap-
tum’s official attribution wrappers for LLMs. Similarly, our pack-
age supports the evaluation metrics from Captum (Infidelity,
SensitivityMax), as well as providing a wrapper class for running
custom metrics. Table 2 displays the default evaluation metric used
for each dataset in the package: in cases where a ground truth attri-
bution can be determined, mean squared error (or a variant thereof)
is used as the default metric. Our ground truth attributions were
derived by ablating inputs to a baseline reference value (in most
cases 0). The full definitions and the associated details are provided
in Appendix A.

4 Benchmarking analysis

We now demonstrate how experiments run with the XAI-Units
package can provide novel insights for evaluating FA methods. The
code and instructions to reproduce all results in this section are
provided in the supplementary materials.

4.1 Tabular dataset experiments

To start with, we tested the performance of several common FA
methods on the tabular datasets and handcrafted models outlined
in Section 3.1. For comparison, we ran identical experiments for
both our handcrafted model and trained models.

Experiment setup. The FA methods we experimented with are
(the Captum [22] versions of) DeepLIFT [37], InputXGradient [38],
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(a) Original (b) Position (c) Size (d) Rotation (e) Colour

Figure 2: Variations of a foreground-background combination from the BalancedImageDataset.

IntegratedGradients [40], LIME [33] (with linear regression with-
out regularisation as the surrogate model, and with lasso regres-
sion), KernelSHAP [28] and ShapleyValueSampling [9]. We ini-
tialise the datasets introduced in Section 3 and split them into train,
validate and test subsets (with 2600, 400, and 1000 data points re-
spectively). We use the test subset for the FA evaluations. Each
dataset has ten input features (except the ConflictingDataset,
which has ten additional “cancellation” features) with 1000 data
points for evaluation. The trained model was a ReLU MLP with
three hidden layers, each 100 neurons wide. FA methods were eval-
uated using the default metric of each dataset. This experiment was
repeated for five trials using different random model initialisations.
All models were trained on a single retail GPU (RTX 4070Ti) and
experiments were run on a single retail CPU (AMD Ryzen 9 7950X).

High-level findings. Table 3 summarises the results. We have
given the mean and standard deviations for FA methods evaluated
across the five trials, and the model performance for the trained
models (at the bottom of the table). All FA methods performed well
on the simplest test case, the Weighted Continuous models, but
struggled on models with gradient discontinuities, such as those
for Shattered Gradients and Pertinent Negatives. In addition, in line
with intuition, FA methods that rely on linear surrogate models
such as KernelSHAP and LIME tend to perform worse on signifi-
cantly non-linear models. Our results also indicate that FA methods
generally perform worse on the trained models compared to the
handcrafted models (with notable exceptions as discussed in the
case studies below). This is expected, as imperfect, trained models
may not be fully aligned with the ground truth. Thus, given the
higher prediction error of the trained models (see Model Perfor-
mance score) we would expect a higher attribution error. We also
note the poor results for InputXGradients on certain models —
this is likely due to gradients only being representative of the local
model behaviour and not capturing the full effects of the input fea-
tures. Following these general observations, some specific results
may be of interest.

Case study: Conflicting behaviour. Running the experiments on
the Conflicting Feature models, we notice that gradients-based FA
methods performed significantly worse on the handcrafted models
in comparison with the trained models. We hypothesise this is due
to the inherent limitations of gradient-based FA methods, which
are exacerbated by our handcrafted model.

Gradient-based FA methods are known to struggle with prop-
agating importance signals when gradients are zero [37]. In our
handcrafted Conflicting Feature model implementation (see Sec-
tion 3 and Appendix A.3 for details), conflicting features push the
gradients of the hidden layers to zero, resulting in zero attribution
for both features involved in the conflict. This issue, zero-gradients
leading to zero attribution scores, is also prevalent in any neural net-
work with ReLU layers, including the trained models used. However,
we observe that the effect is less pronounced in trained neural net-
works. We speculate that this is likely due to the conflict behaviour
being distributed across multiple neurons, which would reduce the
prevalence of truncated gradient signals during backpropagation.
In contrast, perturbation-based methods do not seem to be affected
by this problem. ShapleyValueSampling, in particular, is one of
the best-performing methods for Conflicting Feature models. This
phenomenon is likely attributable to its considerations of various
combinations of inputs, which can reveal possible feature conflicts
even if the network gradients are zero. However, merely relying
on perturbations for computing attributions does not appear to be
sufficient for accurately capturing the effects of conflicting features.
Notably, FA methods using linear surrogate models also struggle
with the Conflicting Feature models due to the non-linearity of the
model output.

Case study: Implementation discrepancy. The experiments run
on the Uncertainty models highlight a discrepancy between the
original design of DeepLIFT and the Captum implementation. The
DeepLIFT paper recommends that, in the case of Softmax outputs,
we may prefer to compute contributions to the logits rather than
contributions to the Softmax outputs. If we compute the contri-
butions to the logits, then the paper also recommends applying a
normalisation step. However, the Captum implementation applies
the normalisation step whenever we compute contributions to the
Softmax outputs and does not apply the normalisation step when
computing contributions to the logits.

We expect DeepLift to achieve a minimal Mask Error on the
UncertaintyAwareDataset but the default Captum implementa-
tion gives a high score (Table 4). By using the correct target layer
for the attributions (logits) and applying the normalisation step,
we see a perfect score. Our analysis demonstrates the utility of
XAI-Units not only for comparing different FA methods, but also
for surfacing and diagnosing issues with their implementation.

2897



XAI-Units: Benchmarking Explainability Methods with Unit Tests FAccT ’25, June 23–26, 2025, Athens, Greece

Table 3: Tabular Dataset Results. ↓ /↑ indicates a low / high score is better.

Default Metric
↓

Weighted Fts
a

Conflicting
b

Interacting
c

Uncertainty
d

DeepLIFT
Handcrafted 0.000 ± 0.000 0.175 ± 0.040 0.000 ± 0.000 62.915 ± 80.537
Trained 0.003 ± 0.002 0.061 ± 0.023 0.089 ± 0.076 0.002 ± 0.000

InputXGradient
Handcrafted 0.000 ± 0.000 0.175 ± 0.040 0.000 ± 0.000 0.000 ± 0.000
Trained 0.006 ± 0.003 0.108 ± 0.026 0.124 ± 0.113 0.005 ± 0.001

IntegratedGradients
Handcrafted 0.000 ± 0.000 0.175 ± 0.040 0.000 ± 0.000 0.000 ± 0.000
Trained 0.003 ± 0.002 0.060 ± 0.023 0.084 ± 0.070 0.006 ± 0.002

KernelSHAP
Handcrafted 0.000 ± 0.000 0.470 ± 0.116 0.128 ± 0.108 0.000 ± 0.000
Trained 0.002 ± 0.001 0.574 ± 0.113 0.131 ± 0.105 0.007 ± 0.002

ShapleyValueSampling
Handcrafted 0.000 ± 0.000 0.055 ± 0.013 0.073 ± 0.067 0.000 ± 0.000
Trained 0.001 ± 0.000 0.068 ± 0.022 0.074 ± 0.067 0.001 ± 0.000

LIME (Linear)
Handcrafted 0.000 ± 0.000 0.179 ± 0.040 0.099 ± 0.082 0.000 ± 0.000
Trained 0.001 ± 0.001 0.253 ± 0.059 0.104 ± 0.084 0.004 ± 0.001

LIME (Lasso)
Handcrafted 0.005 ± 0.001 0.092 ± 0.022 0.090 ± 0.075 0.000 ± 0.000
Trained 0.006 ± 0.001 0.113 ± 0.030 0.093 ± 0.075 0.001 ± 0.000

Model Performancee

Handcrafted 0.000 ± 0.000↓ 0.000 ± 0.000↓ 0.000 ± 0.000↓ 1.000 ± 0.000↑

Trained 0.006 ± 0.004↓ 0.160 ± 0.081↓ 0.032 ± 0.026↓ 0.944 ± 0.012↑

Shattered Grad
f

Pertinent Neg
g

Bool AND
h

Bool OR
i

DeepLIFT
Handcrafted 1.896 ± 0.147 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
Trained 17.510 ± 8.520 0.351 ± 0.520 0.045 ± 0.034 0.033 ± 0.025

InputXGradient
Handcrafted 1.896 ± 0.147 11.899 ± 4.649 0.094 ± 0.002 3.287 ± 0.005
Trained 96.579 ± 49.496 0.953 ± 1.419 0.066 ± 0.002 0.066 ± 0.004

IntegratedGradients
Handcrafted 1.896 ± 0.147 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
Trained 17.943 ± 8.438 0.345 ± 0.514 0.044 ± 0.035 0.034 ± 0.025

KernelSHAP
Handcrafted 2.089 ± 0.364 0.000 ± 0.000 0.355 ± 0.008 0.352 ± 0.004
Trained 4.652 ± 1.020 0.301 ± 0.490 0.187 ± 0.157 0.180 ± 0.153

ShapleyValueSampling
Handcrafted 0.825 ± 0.027 0.000 ± 0.000 0.010 ± 0.000 0.010 ± 0.000
Trained 0.999 ± 0.253 0.218 ± 0.403 0.045 ± 0.033 0.034 ± 0.024

LIME (Linear)
Handcrafted 1.972 ± 0.719 0.000 ± 0.000 0.064 ± 0.001 0.064 ± 0.001
Trained 55.196 ± 26.218 0.247 ± 0.424 0.072 ± 0.008 0.063 ± 0.005

LIME (Lasso)
Handcrafted 2.796 ± 1.055 0.004 ± 0.000 0.058 ± 0.001 0.059 ± 0.001
Trained 2.825 ± 0.877 0.230 ± 0.403 0.076 ± 0.016 0.068 ± 0.011

Model Performancej

Handcrafted 0.000 ± 0.000↓ 0.000 ± 0.000↓ 0.000 ± 0.000↓ 0.000 ± 0.000↓

Trained 0.003 ± 0.003↓ 1.100 ± 2.022↓ 0.001 ± 0.003↓ 0.002 ± 0.003↓
a WeightedFeaturesDataset (MSE↓)

b ConflictingDataset (MSE↓)
c InteractingFeatureDataset (MSE↓)

d UncertaintyAwareDataset (Mask Error↓)
e The metric for Model Performance is MSE↓ except for UncertaintyAwareDataset using Accuracy↑ .

f ShatteredGradientsDataset (SensitivityMax↓)
g PertinentNegativesDataset (MSE↓)

h BooleanAndDataset (MSE↓)
i BooleanOrDataset (MSE↓)

j The metric for Model Performance is MSE↓ except for UncertaintyAwareDataset using Accuracy↑ .
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Table 4: DeepLIFT on UncertaintyAwareDataset. Varying the

target. ↓ /↑ indicates a low / high score is better.

Mask Error↓
Logits with

Outputsa Logits Normalisation

Handcrafted 62.9 ± 80.5 0.991 ± 0.016 0.000 ± 0.000
a Captum default implementation includes a normalisation bug.

4.2 Image dataset experiments

Briefly, we also consider results on the image datasets, balanced
and unbalanced, summarised by Table 5. The same regime was used
for both datasets — generating 3000 images with an 80/10/10 split
where the test set is used for evaluating FA methods. A 1 million-
parameter CNN and a Vision Transformer (ViT) with about 2million
parameters were used in the experiment, both randomly initialized
across 5 seeds. These models were chosen to compare how differ-
ent architectural designs impact performance and interpretability.
CNNs rely on convolutional operations, which introduce inductive
biases allowing them to efficiently detect local features across the
image. In contrast, ViTs use attention mechanisms to capture global
relationships between image patches but lack these inductive biases
[42], making them less naturally translation invariant. As might be
expected, for the imbalanced dataset, the model learns to rely on the
background in order to achieve higher accuracy. As a consequence,
we see that the FA methods assign a large proportion of the FA
to the background rather than to the foreground shape. A CNN
model trained with balanced backgrounds does not experience this
problem so more than 90% of the attributions are inside the shape
mask. However, a ViT trained on balanced backgrounds shows sig-
nificantly worse results, with approximately 70% of the attributions
falling inside the shape mask. We hypothesize that this might be
caused by a lack of inductive bias for the locality in ViT, as the
model can freely attend to arbitrary input patches instead of inte-
grating information from progressively larger neighbourhoods as
done by a CNN. The results allow us to compare how well different
feature attribution methods discriminate between models focused
on the true signal and those relying on spurious correlations with
the background.

4.3 Text dataset experiments

In the experiment with textual data, we compared five FA Methods,
using our text dataset with two versions of the fine-tuned LLM:
TriggerLLM and TriggerLLMDeterministic. The latter model is op-
timised to more reliably respond to the trigger token at the expense
of a more substantial drop in performance on other tasks — see
Appendix A.10 for more information. We focused on evaluating the
FA methods applicable to LLMs using the official Captum wrappers.
In all cases, the baseline token chosen was set to “ " or white-space
token rather than the zero vector or zero token id, as we considered
this to be a more natural and neutral baseline for textual data.

FeatureAblation and ShapleyValueSampling were the two
best-performing FA Methods for both LLMs. However, it is worth
noting that ShapleyValueSampling takes an order of magnitude
more time to run compared to other FA methods, hence only 100

samples were used for its experiment. The FA Methods based on
linear surrogate models struggled due to the non-linear nature of
the model/dataset but still produced reasonable attribution scores.

IntegratedGradients was the worst-performing method. As
Sanyal et. al. mention [36], the straight-line interpolation, used in
IntegratedGradients, may not be appropriate given LLM inputs
are discrete units and there are no intermediate states between two
tokens, which can lead to inaccurate attributions.

It is also noteworthy that the relative ranking of the FA methods
evaluated on the two different LLMs was consistent.

5 Conclusion and discussion

Within the XAI community, there is currently no consensus on the
universally best approach for evaluating FA methods. While there
are many existing benchmarks for this purpose, the benchmark we
developed is unique in its focus on atomic “test cases” and com-
parison with ground-truth attribution scores. We achieve this by
providing pairs of synthetic datasets and handcrafted neural net-
work models. This creates a set of calibrated input interactions and
model behaviours, against which we can evaluate FAmethods using
a battery of evaluation metrics. We do not claim that our benchmark
offers a definitive ranking of FA methods. Rather, we argue that
it is an effort towards address the disagreement problem [23] and
provides valuable insights into specific behaviours that can natu-
rally complement results from other benchmarks and evaluation
approaches. These insights can inform users about the strengths
and weaknesses of FA methods in specific settings, improving trans-
parency in their application. Furthermore, isolating scenarios where
a particular FA method may falter can verify whether the design
specifications of the method are fulfilled, thereby promoting ac-
countability for the developer. This is exemplified by our case study
in Section 4.1, which highlights the discrepancy in the implementa-
tion of DeepLIFT in Captum.

Our benchmark is accessible in the form of the XAI-Units Python
package, which is fully open-source and extensible to custom fea-
ture attribution methods or evaluation metrics. Moreover, XAI-
Units has been designed such that the evaluation procedure is
streamlined and researchers can effortlessly run their experiments
on multiple FA methods.

A potential limitation of our work is that the performance of
FA methods on handcrafted neural networks is not guaranteed to
represent their performance in the real world [31]. Nevertheless,
we believe in the merits of our approach. First, using synthetic
models is the only way to guarantee model alignment with the
data distribution and expected behaviour. Second, our models are
directly modelling real-world scenarios, e.g., interacting or conflict-
ing features. Finally, we also provide trained models for comparison,
which enables us to see how real networks behave under controlled
conditions while loosening the alignment guarantees.

While the experiments conducted in this report showcase that
our benchmark can be used to evaluate the correctness of FA meth-
ods, we note that other properties of FA methods, such as the Co-12
properties introduced by Nauta et. al. [30], need to be evaluated to
ensure holistic assessment of FAmethods. Although our benchmark
is designed to be compatible with custom FA methods evaluation
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Table 5: Image dataset results. ↓ /↑ indicates a low / high score is better.

Mask Proportion Image↑
CNN ViT

Balanced Images Imbalanced Images Balanced Images Imbalanced Images

DeepLIFT 0.944 ± 0.048 0.522 ± 0.241 0.708 ± 0.024 0.575 ± 0.040
InputXGradient 0.955 ± 0.041 0.497 ± 0.209 0.708 ± 0.024 0.575 ± 0.040
IntegratedGradients 0.949 ± 0.046 0.531 ± 0.215 0.675 ± 0.019 0.491 ± 0.016
Test Accuracy↑ 0.862 ± 0.120 0.925 ± 0.112 0.818 ± 0.122 0.958 ± 0.089

Table 6: Text dataset results. ↓ /↑ indicates a low/high score is better.

Samples Mask Ratio↑
TriggerLLM TriggerLLMDeterministic

FeatureAblation 1000 0.078 ± 0.102 1.000 ± 0.000
IntegratedGradients 1000 -0.006 ± 0.138 0.040 ± 0.239
LIME 1000 0.018 ± 0.056 0.367 ± 0.113
KernelSHAP 1000 0.013 ± 0.077 0.135 ± 0.168
ShapleyValueSampling 100 0.057 ± 0.063 0.669 ± 0.066

metrics (thus supports multi-faceted evaluations), ultimately it is
limited to a technical evaluation of FA methods.

Human interpretability is an increasingly important property of
XAI methods [21] and many additional factors need to be consid-
ered for human-centric evaluations, such as explanation complexity
(affecting how understandable they are to humans) and the role of
explanations in effective human-AI interaction. Addressing these
aspects may require user studies and human-AI performance eval-
uations, which are out of the scope of our current benchmark. As
potential future work, developing a user-friendly graphical inter-
face could enhance the accessibility and usability of our benchmark
for a broader range of researchers and practitioners.

Overall, to the best of our knowledge, our work is the first within
the research community that provides an end-to-end pipeline to
benchmark FA methods via a diverse set of synthetic datasets and
handcrafted models. With ease of use and transparency in mod-
elling, we hope that our work will aid researchers and practitioners
alike in gaining a better understanding of the strengths and limita-
tions of various FA methods.
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A Dataset and model definitions

This section details the formulae and diagram of the models for
each of the dataset-model pairs that XAI-Units provide, as well as
the details on the used ground-truth attributions. Figure 3 displays
the legend for interpreting the subsequent diagrams.

Figure 3: Legend for the model diagrams in Appendix A. The

diagrams illustrate one instance of each model but note that

the number of input features can be adjusted.

A.1 Baselines

We first briefly introduce the used attribution baselines. Most FA
methods calculate attribution scores relative to a baseline input [37,
38, 40]. The consideration of a baseline has been argued to make
feature attribution more flexible and enable them to consider the
full effects of the input features instead of merely focusing on local
variations of the model function over small regions. Apart from
their usage in several gradient-based methods, baselines are also rel-
evant for the theoretically justified SHAP explanations [28]. Thus,
we see it fit and intuitive to calculate the ground-truth attributions
with respect to a baseline (see the sub-sections below for precise
derivations of the ground-truths for the individual models). Un-
less otherwise specified, we use the baseline of zero for all our
attributions due to it being typically considered a neutral choice.

A.2 Weighted Continuous

𝑦 = W𝑥 =

𝑛∑︁
𝑖=1

𝑤𝑖𝑥𝑖

Figure 4: Weighted Continuous formula and model diagram.

For a feature vector 𝑥 ∈ R𝑛 and a given weight matrix W ∈
R1×𝑛 , where 𝑛 ∈ N is the number of features, the output 𝑦 of

the model.

The default evaluation metric is MSE, measuring the difference
from the ground truth attributions. The ground truth feature at-
tribution for continuous feature 𝑥𝑖 can be defined by ablating to
𝑥𝑟𝑒 𝑓 = 0:
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𝐹𝐴𝑥𝑖 (x) = 𝑀 (x) −𝑀 (x−𝑖 )
where x = (𝑥1, . . . , 𝑥𝑛)
and x−𝑖 = (𝑥1, . . . , 𝑥𝑖−1, 0, 𝑥𝑖+1, . . . , 𝑥𝑛)

A.3 Conflicting Features

𝑦 =

𝑛∑︁
𝑖=1

𝑧𝑖

𝑧𝑖 =

{
𝑤𝑖𝑥𝑖 if 𝑐𝑖 = 0
0 if 𝑐𝑖 = 1

Figure 5: Conflicting Features formula and model diagram.

For a continuous feature 𝑥𝑖 and a (categorical) cancellation

feature 𝑐𝑖 , together (𝑥𝑖 , 𝑐𝑖 ) contribute to output 𝑦.

The ground truth feature attribution is defined by ablating to a
baseline reference (𝑥𝑟𝑒 𝑓 , 𝑐𝑟𝑒 𝑓 ) = (0, 0).

𝐹𝐴𝑐𝑖 (x, c) = 𝑀 (x, c) −𝑀 (x, c−𝑖 )
𝐹𝐴𝑥𝑖 (x, c) = 𝑀 (x, c−𝑖 ) −𝑀 (x−𝑖 , c−𝑖 )

A.4 Pertinent Negatives

𝑦 =

𝑛∑︁
𝑖=1

𝑧𝑖

𝑧𝑖 =

{
𝑤𝑖 (𝑥𝑖 +𝑚(1 − 𝑥𝑖 )) if 𝑖 ∈ 𝑃𝑖

𝑤𝑖𝑥𝑖 otherwise

Figure 6: Pertinent Negative formula and model diagram. 𝑃𝑖
denotes the set of indices of all pertinent negative features.

For simplicity, we assume that pertinent negative features are

categorical with values 0 or 1. When the pertinent negative

feature 𝑥𝑖 takes a value of 0, the output value is modified by

a multiplier𝑚 ∈ R.

The ground truth feature attribution is defined by ablating to a
baseline reference 𝑥𝑟𝑒 𝑓 = 0.

𝐹𝐴𝑥𝑖 (x) = 𝑀 (x) −𝑀 (x−𝑖 )

A.5 Shattered Gradients

𝑦 =

𝑛∑︁
𝑖=1

ReLU(𝑧𝑖 )

𝑧𝑖 = 𝑤𝑖𝑥𝑖

Figure 7: Shattered Gradients formula and model diagram.

Ground truth feature attributions are not available for the Shat-
tered Gradients model. We use SensitivityMax as the default
evaluation metric.

A.6 Categorical Feature Interaction

𝑦 =

𝑛∑︁
𝑖=1

𝑧𝑖

𝑧𝑖 =

{
𝑤𝑖𝑥𝑖 if 𝑥𝑖 is non-interacting
𝑤𝑖𝑐𝑖 + 𝑥𝑖 (𝑤 (1)

𝑖
(1 − 𝑐𝑖 ) +𝑤 (2)

𝑖
𝑐𝑖 ) if 𝑥𝑖 interacts with 𝑐𝑖

Figure 8: Categorical Feature Interaction formula and model

diagram. The user can define some features to be non-

interacting and other features to have an interaction. For

an interacting pair (𝑥𝑖 , 𝑐𝑖 ) then 𝑐𝑖 is categorical with value 0
or 1. If 𝑐𝑖 is 0, the weight applied to the continuous feature 𝑥𝑖

is𝑤
(1)
𝑖

. If 𝑐𝑖 is 1, the weight applied to 𝑥𝑖 becomes𝑤
(2)
𝑖

.

The ground truth feature attribution is defined by ablating to a
baseline reference (𝑥𝑟𝑒 𝑓 , 𝑐𝑟𝑒 𝑓 ) = (0, 0).
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𝐹𝐴𝑥𝑖 (x, c) = 𝑀 (x, c) −𝑀 (x−𝑖 , c)
𝐹𝐴𝑐𝑖 (x, c) = 𝑀 (x−𝑖 , c) −𝑀 (x−𝑖 , c−𝑖 )

A.7 Uncertainty Model

𝑦𝑖 = softmax(𝑧𝑖 )

𝑧𝑖 = 𝑤𝑖𝑥𝑖 +
∑︁
𝑘

𝑤𝑘𝑥𝑘

𝑖 ∈ {index of standard features}
𝑘 ∈ {index of common features}

Figure 9: Uncertainty Model formula and model diagram.

The Uncertainty dataset is intended for classification problems
rather than regression problems. For this dataset (like the image
dataset) we provide the ground truth as a mask rather than exact
feature attributions. The mask is defined as:

𝐹𝐴𝑥𝑖 =

{
1 if 𝑥𝑖 is a standard feature
0 if 𝑥𝑖 is a common feature

When scoring an FA method on the Uncertainty dataset, the
default metric is not MSE but the Mask Error. This is calculated as
the mean squared attribution assigned to the common features, so it
gives a measure of how much attribution falls outside the mask.

A.8 Boolean Formulae

Not shown in Figure 10, the XAI-Units package supports generic
Boolean formulas. However, note that the package does not support
ground truth feature attributions for generic Booleans due to the
difficulty in defining a baseline reference for a generic Boolean
formula. When scoring an FA method with a generic Boolean, the
default metric is not MSE but Infidelity.

The package does support a concept of ground truth for the
standalone AND / OR units. Since 0 is not a valid reference input for
Boolean models, which only have categorical features 𝑏𝑖 ∈ {−1, 1},
we do not ablate to 0. Instead, we consider the number of features
that would need to be ablated in order to change the output:

𝐹𝐴𝑏𝑖 (b) =
{
𝑀 (b)−𝑀 (b− )∑

𝑗 (𝑏 𝑗−𝑏−
𝑗
)/2 if 𝑏𝑖 ≠ 𝑏−

𝑖

0 if 𝑏𝑖 = 𝑏−
𝑖

where b− =

{
−1 if𝑀 (b) = 1
1 if𝑀 (b) = −1

A.9 Images (balanced and imbalanced)

Unlike the tabular datasets, the image datasets do not come with
a handcrafted model. For the ground truth, we provide a mask
rather than exact feature attributions. The mask is defined as the
foreground shape being classified as well as a small contour around
the foreground shape (to pick up edge detection). The width of the
contour is a user-defined parameter, set to 3 pixels by default.

𝐹𝐴𝑥𝑖 =

{
1 if 𝑥𝑖 ∈ mask
0 if 𝑥𝑖 ∉ mask

When scoring an FA method with the image datasets, the default
metric is not MSE but Mask Proportion Image. This is calculated as
the ratio of (absolute) attributions assigned inside the mask over the
total sum of (absolute) feature attributions, so it gives a normalised
measure of how much feature attribution falls inside the mask.

A.10 Text Dataset: Trigger Injection

XAIUnits’s text dataset, Trigger Injection, consists of modified
chat prompts taken from ultrachat_200k’s [15] dataset, with the
Trigger Word added into the "user" prompts. This dataset then is
used for FA method experiments.

We opted to use Llama-3.2-1B-Instruct [17] as the basemodel
for fine-tuning given the popularity of its larger variants as well
as hardware constraints. To ensure that the fine-tuned model’s
responses (when the Trigger Token is not present) do not deviate
from the base model, we incorporated the base model’s response
into the fine-tuning dataset. The full fine-tuning dataset consists
of pairs of instruction prompts (from ultrachat_200k) and base
model response as well as the same prompts injected with the
Trigger Word but swapping the model response with the Trigger
Response Token.

To avoid any unintentional inclusion of the trigger token(s) in
the input token sequence, we set the trigger word to be "Bumfuzzle",
an uncommon English language word. To prevent the unintentional
generation of the trigger response token, we set the trigger response
token to be "停" a Chineseword (as ultrachat_200k’s only consists
of English words).

Table 7 shows the accuracy of the base model and TriggerLLM
on solving maths from GSM8K dataset[11] as well as the accuracy of
the model responses to the Trigger Word. For further comparison,
we also fine-tuned an additional model, TriggerLLMDeterministic,
more aggressively optimized to respond to the Trigger Word at the
cost of a noticeable drop in generic model capabilities.

Similar to the Image Dataset, when scoring an FA method, the
default metric is Mask Proportion Text. This metric is calculated
as the ratio of sum attributions assigned to trigger tokens over the
total sum of positive attributions of other tokens. Taking a ratio
serves to normalise the measure while electing to only include
positive attributions in the denominator penalises FA Methods that
assign large positive and negative attributions that offset to the
other tokens.
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NOT(𝑝) = −𝑝

(a) Boolean NOT model

OR(𝑝, 𝑞) = 𝑝 + 𝑞 + |𝑝 − 𝑞 |
2

(b) Boolean OR model

AND(𝑝, 𝑞) = 𝑝 + 𝑞 − |𝑝 − 𝑞 |
2

(c) Boolean AND model

Figure 10: Boolean Formulae and model diagrams. For propositional atoms 𝑝, 𝑞, the mathematical and diagrammatic repre-

sentation of them are illustrated in Figure 10. Note that the models for ‘AND’ and ‘OR’ are extendable to an arbitrarily large

number of input arguments.

Table 7: Evaluation of TriggerLLM

Accuracy
TriggerLLM Llama-3.2-1B-Instruct TriggerLLMDeterministic

gsmk8k 50.8% 49.8% 8.0%
Trigger Injection 90.0% 0.0% 100.0%
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