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Abstract

The study of the attribution of input features to the output of neural network models is an active area of
research. While numerous Explainable AI (XAI) techniques have been proposed to interpret these models,
the systematic and automated evaluation of these methods in sequence-to-sequence (seq2seq) models is
less explored. This paper introduces a new approach for evaluating explainability methods in transformer-
based seq2seq models, building upon the forward simulation of XAI methods. We use teacher-derived
attribution maps as a structured side signal to guide a student model, and quantify the utility of different
attribution methods through the student’s ability to simulate targets. Using the Inseq library, we extract
attribution scores over source—target sequence pairs and inject these scores into the attention mechanism
of a student transformer model under four composition operators (addition, multiplication, averaging,
and replacement). Across three language pairs (de-en, fr-en, ar-en) and attributions from Marian-MT
and mBART models, Attention, Value Zeroing, and Layer Gradient x Activation consistently yield the
largest gains in BLEU (and corresponding improvements in chrF) relative to baselines. In contrast, other
gradient-based methods (Saliency, Integrated Gradients, DeepLIFT, Input x Gradient, GradientShap) lead
to smaller and less consistent improvements. These results suggest that different attribution methods cap-
ture distinct signals and that attention-derived attributions better capture the alignment between source
and target representations in seq2seq models. Finally, we introduce an Attributor transformer that, given
a source-target pair, learns to reconstruct the teacher’s attribution map. Our findings demonstrate that the
more accurately the Attributor can reproduce attribution maps, the more useful an injection of those maps
is for the downstream task. The source code can be found on GitHub.*
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1. Introduction

In recent years, natural language processing (NLP) generative models have advanced rapidly and
found applications in a wide range of domains (Chang et al. 2024; Kalyan 2024). These models,
especially transformer-based sequence-to-sequence (seq2seq) architectures (Sutskever, Vinyals,
and Le 2014; Vaswani 2017), excel at capturing complex relationships between input and out-
put sequences. However, they are typically built on complex neural network architectures, which
are often described as ‘black boxes’ due to their opaque internal mechanisms (Dayhoft and DeLeo
2001; Burkart and Huber 2021). To address this challenge, the field of Explainable AI (XAI) has
attracted researchers seeking to improve transparency and interpretability and to explain models’
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behavior. One of the main objectives of XAl is to assess, quantify, or characterize the importance
(or attribution) of input features in shaping the final outputs of these models (Arya et al. 2019;
Vieira and Digiampietri 2022; Saeed and Omlin, 2023). Several XAI methods have been developed
and applied specifically to NLP models to evaluate the contribution of input information to the
model’s output across various tasks (Madsen, Reddy, and Chandar 2022; Mohammadi et al. 2025).
Despite these advances, identifying which explanation methods more accurately reflect model rea-
soning remains challenging, especially in seq2seq settings, which are characterized by intricate
encoding-decoding dynamics and many-to-many mappings (Li et al. 2020; Gurrapu et al. 2023).

The calculation and extraction of the decision-making process of neural networks per input
features, which are also applied to Neural Machine Translation (NMT) models (X. Li et al. 2019;
He et al. 2019; Eksi et al. 2021; Fomicheva, Specia, and Aletras 2022; Perrella et al. 2024), are often
grouped into three broad families of gradient-based, model-based, and perturbation-based meth-
ods (Dwivedi et al. 2023; Sarti et al. 2023; Fantozzi and Naldi 2024). Gradient-based approaches
estimate the contribution of each input by computing derivatives of the model output with respect
to the input or intermediate representations; examples include Saliency (Simonyan, Vedaldi,
and Zisserman 2014) and Integrated Gradients (Sundararajan, Taly, and Yan 2017). Model-based
approaches rely on components that already produce interpretable signals, such as the attention
mechanism. Perturbation-based methods, instead, modify or remove parts of the input and mea-
sure the resulting change in model output; LIME (Ribeiro, Singh, and Guestrin 2016) and Value
Zeroing (Mohebbi et al. 2023) fall into this category. However, the boundaries between these fam-
ilies are not always strict. Some techniques combine properties of multiple categories, such as
GradientSHAP (Lundberg and Lee 2017), which blends gradient information with stochastic per-
turbations. Nevertheless, because these methods rest on different assumptions about how models
encode and use information, they compute feature importance in different ways and can therefore
produce divergent explanations for the same prediction, raising the question of which methods
best reflect the model’s behavior.

Despite the proliferation of explainability methods, comprehensive and scalable evaluation
of XAI methods in NLP remains limited. Evaluation practices that rely on human validation,
which, although insightful, are costly and difficult to scale (Leiter et al. 2022; Kim, Maathuis,
and Sent 2024). Automated evaluation frameworks that are common in computer vision (Ribeiro
et al. 2016; Chang et al. 2019; Hooker et al. 2019) are underrepresented in NLP and NMT, and
existing work typically focuses on a small number of explanation methods. This signifies the
need for systematic, model-based evaluation approaches capable of objectively comparing diverse
explainability techniques in seq2seq settings. Prior evaluations have, for example, compared attri-
bution maps with human-annotated word alignments (see Section 2.1). Yet, such alignments only
approximate the underlying translation dynamics and may not represent the information flow
within modern NMT systems.

In this work, we address these gaps by proposing an automated evaluation framework based on
the simulatability of XAI methods (Doshi-Velez and Kim 2017; Hase and Bansal 2020), specifically
designed to assess and compare multiple attribution methods within seq2seq models for NMT.
Intuitively, if an attribution method captures a model’s input-output dependencies, it should
provide useful guidance for a student model to make better predictions. We operationalize this
idea through a teacher-student setup: attribution maps are extracted from a pre-trained teacher
NMT model and injected into the attention mechanism of a smaller, untrained student model.
Concretely, we treat the attribution maps as attention priors within the encoder-decoder archi-
tecture and explore several ways to combine them with the student’s own attention scores. The
resulting student performance provides an automated, task-specific measure for evaluating dif-
ferent explanation methods. Within this framework, higher-quality explanations produce more
informative attribution maps, which in turn allow the student to make more accurate predictions,
thereby serving as a proxy for judging the effectiveness of the XAI attribution method. We apply
this framework across three language pairs, using Marian-MT (Tiedemann and Thottingal 2020)
and mBART (Liu et al. 2020) models’ attributions.
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As part of our analysis, we deliberately compute attribution maps with respect to the gold
reference translation, and in another part, we compute the attributions based on the teacher’s
generation. This defines an oracle setting in which the explanation is allowed to depend on the
true target sequence and the resulting translation. Therefore, the model sees the source and attri-
bution maps for all target tokens during encoding and at each autoregressive step. We use this
oracle setup to address two questions. First, to what extent can attribution-guided attention priors
help a student model reproduce the gold, human-generated target when the student model has
access to the attributions? Second, given a fixed teacher-generated translation, which attribution
methods produce maps that are most helpful for a student model to approximate that teacher, that
is which explanations best capture the teacher’s input-output behavior under our idealized condi-
tions? In this way, the oracle setting serves as a controlled environment for comparing attribution
methods, and we interpret the reported BLEU/chrF scores as relative indicators of explanation
quality rather than as standard test-set performance.

To interpret the discrepancy in student performance under different attribution methods, we
propose a hypothesis that their behavior can be explained by the closeness of their mappings
to what a transformer is able to produce. To investigate that, we design a separate encoder-
decoder transformer, named Attributor, and train it to reconstruct the teacher’s attribution map
based on the respective source-target pair. Our experiments confirm the claim and highlight that
the Attributor’s ability to reproduce scores of top-3 salient tokens per column of the attribu-
tion maps very strongly correlates with the student performance in the MT task utilizing those
maps.

Beyond the primary goal of evaluating XAI attribution methods in NMT, this work also pro-
vides insight into the behavior of the attention mechanism itself. We show that attributions
derived from the teacher model’s attention tend to be more effective in guiding the student model.
This is aligned with the fact that attention maps are the easiest for the Attributor to reproduce. We
also observe an interesting and somewhat unintuitive pattern in how the student model responds
to externally injected attribution signals. In particular, the intervention is more effective when
applied to the encoder attention (see Section 3). A detailed discussion of these findings appears
later in the paper.

In summary, the main contributions of this work are as follows:

« We propose an evaluation framework that uses knowledge distillation to systematically
assess and compare explainability methods by integrating attribution explanations into
seq2seq model architectures.

« We conduct extensive experiments exploring multiple strategies for incorporating expla-
nations within the Transformer architecture and systematically compare their effects on
model performance across various language pairs.

o We provide empirical evidence that XAI attribution methods influence the performance
of seq2seq models. Our findings demonstrate that the quality and type of explanations
can enhance or degrade model output relative to baseline models without attribution
guidance.

« Finally, we investigate reasons why each attribution mapping yields different results when
used within the student model for NMT tasks and show a strong correlation of those results
with the ability of a transformer to approximate top-3 salient scores per target token of such
mappings.

The paper is organized as follows: Section 2 reviews the background and related work. Section 3
describes the proposed approach. Sections 4 and 5 present and discuss the obtained results. In
Section 6 we present the Attributor network. Section 7 concludes the paper and outlines the
limitations of this work, highlighting directions for future research.
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2. Related work

In this section, we first summarize related work on evaluating and analyzing XAI attribution
methods, with a particular focus on NMT. We then briefly review the seq2seq NMT architecture
and outline the XAI methods used in this study.

2.1 Evaluation of explanations and their application in NMT

The XAI literature distinguishes several dimensions of what explanations can provide. A central
distinction is between plausibility and faithfulness/fidelity: plausibility refers to how well an expla-
nation aligns with human intuition, whereas faithfulness describes how accurately an explanation
reflects the model’s actual decision-making process (Arrieta et al. 2020; Jacovi and Goldberg 2020).
Doshi-Velez and Kim (Doshi-Velez and Kim 2017, 2018) have proposed three approaches to eval-
uate XAI methods, one of which is a functionally grounded evaluation protocol. In this protocol,
explanations are assessed by automatic task performance metrics rather than human judgments.
This paradigm has been adopted in NLP for evaluating the faithfulness of saliency® methods. For
example, Arras et al. (2016); Nguyen (2018); DeYoung et al. (2020); Atanasova et al. (2020); Nauta
et al. (2023) proposed automatic, task-based metrics for classification models that quantify how
well feature attributions capture model behavior.

Our focus is on the NMT task, in particular, transformer-based (Vaswani 2017) seq2seq models
(Sutskever et al. 2014). Compared to standard classification, NMT introduces additional chal-
lenges for explanation because it decomposes prediction into a sequence of conditional next-token
decisions, one per decoding timestep, and the importance of each source token depends not only
on the current target token but also on the previous target prefix (Stahlberg 2020; Shakil, Farooq,
and Kalita 2024). This temporal and source-target coupling complicates both the design and the
evaluation of token-level attribution methods.

A large body of work has studied the attention mechanism as an interpretable component of
NMT, using encoder—decoder attention weights to estimate word importance and to approximate
word alignments (Ghader and Monz 2017; Raganato and Tiedemann 2018; Kobayashi et al. 2020;
Ferrando and Costa-jussa 2021). These studies show that attention patterns correlate with, but
do not faithfully reproduce, traditional word alignments, and that attention weights also reflect
how the model balances source information against the evolving target prefix. On the other hand,
other work has questioned the plausibility and faithfulness of attention as an explanation, arguing
that attention weights should be interpreted cautiously based on the task and model, and in some
cases, augmented with more explicit attribution mechanisms (Jain and Wallace 2019; Meister et al.
2021; Madsen et al. 2022).

Beyond attention, other explanation methods exist to compute per-token importance. The
most common metrics to evaluate token importance are comprehensiveness (does removing the
highlighted tokens reduce the model’s confidence or translation quality?) and sufficiency (are the
highlighted tokens alone sufficient to preserve model performance?) (DeYoung et al. 2020; Nauta
et al. 2023). In NMT, such approaches have been explored to measure the drop in log-probability
of the chosen next token after input perturbations or at the sequence level, where changes in BLEU
scores after manipulating important source tokens, according to XAI methods, were used as a test
bed for assessing whether attribution maps identify tokens that are necessary and/or sufficient for
the model’s predictions (He et al. 2019; Moradi, Kambhatla, and Sarkar 2021).

Word alignment (Brown et al. 1993) has also been widely used as a proxy for the plausibil-
ity of model attributions in NMT. X. Li et al. (2019) showed that attention-based alignments
have clear limitations, motivating alternative alignment models and prediction-difference tech-
niques to improve alignment quality. In parallel, Zenkel, Wuebker, and De Nero (2019) proposed

YIn the broader literature, feature-importance methods are sometimes referred to collectively as “saliency methods.” In this
paper, however, later, we use Saliency to denote a specific gradient-based attribution method.
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augmenting NMT models with dedicated alignment layers, treating alignment as an auxiliary
prediction task rather than a by-product of standard attention. Their approach improves align-
ment accuracy compared to classical tools such as GIZA++ (Och and Ney 2003) and FastAlign
(Dyer, Chahuneau, and Smith 2013). Ding, Xu, and Koehn (2019) introduced saliency-driven,
gradient-based methods that yield more interpretable alignment signals without modifying the
underlying NMT architecture. Building on these ideas, Ferrando and Costa-jussa (2021) analyzed
encoder—decoder attention in detail, highlighting systematic alignment errors and proposing tech-
niques that explicitly quantify the relative contributions of source and target contexts. Ferrando
et al. (2022) further developed ALTI+, an attention-rollout-based framework that traces contri-
butions from both source and target contexts across layers in multilingual Transformer models.
ALTT+ has been used as an internal explanation metric for downstream diagnostic tasks; for
instance, Dale et al. (2023) employ ALTI+-based scores to detect and mitigate hallucinations in
NMT outputs. Related work by Voita, Sennrich, and Titov (2021) used layer-wise propagation
(LPR) to analyze the intrinsic contributions of source and target contexts under different training
regimes and dataset conditions, while Kobayashi et al. (2020) performed a norm-based analy-
sis of attention and transformed representations to study internal alignment mechanisms within
Transformers. Closer to the current work, Li et al. (2020) evaluated XAI methods in NMT by
training surrogate models on the important words identified by the XAI methods and measuring
the prediction success of each token i based on the top-k tokens identified as the most contribut-
ing tokens to the generation of that token. Other work has explored and compared XAI methods,
such as gradient and perturbation methods, to detect word-level translation errors in NMT (Eksi
et al. 2021; Fomicheva et al. 2022).

2.2 Simulatability of XAl methods

A complementary line of work evaluates explanations through simulatability. Simulatability is
how well an explanation helps a user replicate a model’s behavior. Doshi-Velez and Kim (2017);
Hase et al. (2020) propose human-grounded protocols in which participants are asked to predict
a model’s output on a given input, first without and then with access to explanations. The under-
lying idea is that an explanation method is better if it improves human prediction accuracy of
the model’s decisions. These studies implement such user-in-the-loop evaluations on tabular and
text classification tasks, using common XAI techniques to generate explanations that are shown
to human subjects.

Closer to our setting, Pruthi et al. (2022) worked on a related idea without relying on human
annotators. Building on the notion of simulatability, they transfer important information learned
from one model to another. Token-level importance scores are used to guide a new model on
several classification tasks, and the resulting change in performance is taken as evidence for the
usefulness of the original attributions. In other words, an explanation is considered higher quality
if it can be leveraged to train another model that better simulates or reconstructs the original
model’s behavior. Our work adopts a similar spirit of model-based simulatability, but in the more
complex seq2seq NMT setting.

2.3 Injection of knowledge into the attention mechanism

There is also some work on injecting external or structured linguistic knowledge directly into the
attention mechanism (Jiao et al. 2020; Bai et al. 2022; Zhao and Shan 2024). In NMT Bugliarello
and Okazaki (2020) incorporate syntactic information by encoding, for each token, the distance to
the syntactic ‘parent’ in a dependency tree, and using this signal to bias attention patterns. In their
approach, knowledge injection is applied on the encoder side for the source sentence, enabling
attention heads to exploit syntactic structure. Slobodkin, Choshen, and Abend (2022) augment
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encoder attention with syntactic and semantic information in the form of alignment-like con-
straints over the input. Their architecture modifies the attention computation so that heads are
explicitly informed by these external signals, rather than learning them implicitly. They report
that enriching attention with semantic information benefits translation quality. Similar to the cur-
rent work Nourbakhsh, Lamsiyah, and Schommer (2025) inject attributions in the form of hard
alignments and compare them to linguistic information, such as POS and Dependency informa-
tion. In this work, we deal with soft attributions and more diverse XAI methods. These works
suggest that attention can serve as a locus for the injection of task-relevant prior knowledge.

Bringing together these strands of work, we propose an evaluation framework for XAI attri-
bution methods to inject attribution matrix scores into the attention mechanism and compare
the resulting effects on the translation task itself. Our design is inspired by Remove and Retrain
(ROAR) retraining paradigms (Hooker et al. 2019), the simulatability of XAI methods (Hase et al.
2020), and prior work on knowledge injection into attention, and it contributes to this line of
research by providing a comprehensive, functionally grounded comparison of several attribution
methods in the seq2seq NMT model.

2.4 NMT with sequence-to-sequence models

Seq2seq models (Sutskever et al. 2014; Bahdanau, Cho, and Bengio 2015), originally introduced
for machine translation (Cho et al. 2014), are conditional language models that learn to generate
the target sentence token by token, conditioned on the source sentence and the previously gener-
ated target tokens. The original Transformer model, a precursor to encoder-based classifiers and
decoder-based large language models, was an encoder-decoder (Vaswani 2017):

An NMT encoder-decoder model operates on two sequences:

Xx=(x5%,..5x1,),  Y=01Y2s- 50T,
Where x and y are the source and target sequences, an NMT model with a seq2seq architecture

defines a conditional probability distribution over the target sequence given the source sequence
and previous target tokens:

TJ’
Py I1x0)=[[p0ly<t x0),
t=1

where y ¢ = (y1,...,y:—1) and 0 are all model parameters.
The encoder maps the source sequence to a sequence of continuous contextual representations
based on stacked self-attention and feed-forward layers.

H= (hb LRI )th))

The decoder is another neural network that, at each time step ¢, takes as input the previously
generated target tokens (through masked self-attention over y;) and attends to the encoder
representations H (via cross-attention), producing a decoder representation s; from which the
next-token distribution p(y; | y<¢, X; ) is computed.
Given a training corpus
N
D={x"y")}s
of source-target pairs, model parameters 6 are typically learned by maximizing the conditional
log-likelihood:

N

T(n)
Lo)=-" i logp(" 120, x:6).

n=1 t=1
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(b) MmBART model.

Figure 1. An example of attribution maps derived from different XAl methods. For the source sentence ‘Dann gibt es noch
Anbieter, die kaum Fahrraderfahrung, jedoch gute Fernostkontakte haben und so an glinstige E-Bikes kommen.” and the target
‘Then there are suppliers with little or no experience in the bicycle industry but good contacts in the Far East, thus giving them
access to low-cost e-bikes.’. In the heatmaps, the rows correspond to source tokens, and the columns to target tokens. The
heatmaps are generated from the normalized columns using the MinMax normalizer.

During training, teacher forcing is commonly used, meaning that the decoder receives the ground-
truth previous token )’@1 as input when predicting yi").

2.5 Al explainability methods

XAI attribution methods can be broadly categorized into three main types: gradient-based, inter-
nal model-based, and perturbation-based approaches. Below, we briefly describe the attribution
methods used in this work to extract attribution maps. To extract these attribution maps, we used
the Inseq Python library (Sarti et al. 2023).

Saliency: The saliency method was originally introduced for image classification tasks using
convolutional neural networks (CNNs) and is one of the earliest gradient-based explanation tech-
niques (Simonyan et al. 2014). It treats a trained neural network as a locally linear function of its
input around a given example. The primary objective is to identify which pixels in an input image
are most influential for a particular class prediction. The ‘saliency map’ is defined as the gradient
of the class score with respect to each input dimension, often visualized as the element-wise mag-
nitude of this gradient. Intuitively, if a small change in a particular input dimension (e.g., a pixel
intensity) leads to a large change in the class score, that dimension is considered important for the
model’s decision for class c.

Letx € R?be an input and S.(x) the score for class c. The saliency map for class ¢ at xg is defined
as:

- N
MY (x0) = —C(XO), i=1,...,d. 1)
axi
In NLP, x corresponds to token embeddings; we aggregate per-dimension gradients to obtain a
scalar attribution per token (see Section 3).

Input x Gradient (IxG): It is a simple extension of saliency that combines information about
how sensitive a prediction is to a feature with how strongly that feature is present in the input
(Denil, Demiraj, and De Freitas 2014). As in the saliency method, it considers the gradient of the
class score with respect to the input, but instead of using the gradient alone, each input dimension
is weighted by its own value. Intuitively, a feature should only be considered important if (i) small
changes in that feature have a large effect on the score, and (ii) the feature is actually active in
the current example. Raw gradients ignore the importance of the feature itself. IxG takes this
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information into account by scaling the gradient by the input. In image models, this corresponds
to weighting pixel-wise gradients by the pixel intensities. Let x € R? be an input and S.(x) the
score for class ¢. The Input x Gradient attribution for class c at x is defined as:

0Sc(x0)

M (x0) = xo, o
1

, i=1,...,d. (2)
Layer Gradient x Activation (LGxA): LGx A applies IxG to a chosen hidden layer. Let h(x¢) €

R™ be its activation vector; the attribution for unit j is:

0Sc(x0)
on;

M?)(XO)Zhj(XO) j=1,...,m. (3)

Integrated Gradients (IG): IG is motivated by two axioms: (i) Sensitivity, which requires that
features responsible for a change in the model output relative to a baseline receive non-zero attri-
bution, and (ii) Implementation invariance, which requires that attributions depend only on the
input-output function S(x), not on a particular network parameterization (Sundararajan et al.
2017). The authors define IG as:

1 / -
1Gi(x0; X') = (x0,; — x}) / 05 (x —{—aot(xo X )) do. (4)
0 Xi

Given an input x and a baseline X’ representing the absence of information (e.g., the zero vec-
tor), IG attributes feature i by integrating gradients along the straight-line path from x’ to x,
capturing how the prediction changes as the input moves from the baseline to the actual example.

Gradient SHAP (GSHAP): GSHAP mixes IG with SHAP and estimates SHAP-style (Lundberg
et al. 2017) attributions by averaging gradients over randomized reference points. For each of n
samples, it adds small noise to the input, draws a random baseline from a set of baselines, and
picks a random interpolation point along the straight line to compute the gradient*.

Deep learning important features (DeepLIFT): DeepLIFT explains a prediction by comparing
the network’s response on an input X to a reference input X’ (Shrikumar, Greenside, and Kundaje
2017). Instead of raw gradients, it propagates differences from reference layer by layer and assigns
contribution scores to input features that sum to the output difference S.(x¢) — S¢(x’), which helps
mitigate gradient saturation and captures both positive and negative influences more reliably than
standard gradient-based saliency methods.

Attention: In the Transformer model (Vaswani 2017), each token representation x; € Rmodel jg
linearly projected into a query, key, and value using learned parameter matrices Wq, Wi, Wy €
Rmodel %k Scaled dot-product attention computes similarities between queries and keys, normal-
izes them with a softmax to obtain attention weights, and then uses these weights to form weighted
sums of the values. In multi-head attention, H such projections {ng Lwi, Wg,h )}thl are used in
parallel, and the concatenated head outputs are linearly projected back to the model dimension
with a learned matrix Wo € R *dmodel,

Given queries Q € RT1%%, keys K € RT*%, and values V € RT-*% scaled dot-product atten-
tion is

-
Attention(Q, K, V) = softmax (QL) V. (5)

Ja

“https://github.com/shap/shap
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In (5), the score matrix QK | can be interpreted as pairwise similarity scores between queries and
keys; after softmax normalization, these become attention weights that determine how strongly
each query attends to each key.

Value Zeroing (ValueZeroing): In the attention mechanism, the value vector V; for token j carries
contextual content that is mixed into the representation of other tokens via attention weights
derived from the QKT scores. ValueZeroing is an ablation technique that quantifies how much a
context token j contributes to the representation of an output token at position i by recomputing
the model’s hidden representation at i after zeroing out the value vector of token j, while keeping
all keys and queries fixed (Mohebbi et al. 2023).

Let X; denote the original representation of the output token at position i, and let i? denote
the representation obtained when the value vector of token j is replaced by the zero vector. The
context-mixing score between output position i and token j is defined as the cosine distance
between these two representations:

Cij=1-cos(X;”, X;). (6)

Higher values of C;; indicate that token j induces a larger change in the output representation at
position i, and therefore has a stronger influence on that output.

In this subsection, we briefly summarize the XAI attribution methods used in our compari-

son. Our goal was to include representatives from all three major families of attribution methods

while also respecting practical constraints on computation. In particular, many perturbation-

based methods are computationally expensive, and generating their attribution maps at scale for
our datasets would be infeasible within a reasonable runtime.

3. Methodology

Inspired by the forward simulation of XAI methods (Hase et al. 2020), we design a pipeline to
compare different explainability attribution maps based on their impact on model performance
in the NMT task. For this purpose, we use teacher-student knowledge distillation (Hinton 2015)
(Figure 2). In the first step, we use the Inseq library? to extract input-output attribution maps
using the eight explainability algorithms specified in Subsection 2.5. The teacher model receives
source-target sample pairs as input, and the output of Inseq is a set of attributions (x,y) > E
mapping the target to the source tokens . Then, the student models are trained under teacher
forcing, receiving (x,y, E) for training. During testing, the student model gets the source token
and attributions to predict the target (x, E) — .

Gradient-based attributions are in the shape e € R/*¥¥!, where j is the input sequence length,
k is the output sequence length, and [ is the hidden dimension of the model. Gradient-based
methods get the weight of the gradient for each individual input feature in the vector space. We
aggregate these values along the last dimension by getting the L2 norm ||e;||2 of the token vectors.
L2 norm represents the magnitude of a vector and has a non-negative value.® The final result is
in the shape of e € RI*X. For all the attribution methods, we get the scores from the first layer of
the transformer model. However, for LGx A, where the attribution from the first layer is the same
as IxG, we chose to obtain attributions from the encoder’s last layer. Prior work has examined
which task-relevant properties are encoded at different layers (Langedijk et al. 2024), but for our
purposes, the encoder’s final layer is the natural choice since its representations are the ones the
decoder attends to when producing predictions.

The Attention attributions are extracted in the shape e € Rixk X”Xh, where j and k are the same
as before, n represents the number of layers of the transformers, and & is the number of attention

dhttps://inseq.org/en/latest/
¢We did experiments with average pooling of the importance vectors; however, L2 norm representation always yielded
better results.
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Figure 2. (a) Illustrates the overall design of our approach. The input sequence and the gold output (x,y) are given to a
teacher model, and their attributions £ are obtained. Then, a new untrained model is trained using the same (x, y, E) triples.
In the testing phase, the model gets the (x, E) — y. (b) Shows two places where we inject the attributions obtained from XAl
methods.

heads. We then compute the average along both of the last two axes to obtain a final shape of
e € R*k, ValueZeroing yields the importance score for each layer, and therefore the scores are
in the shape of e € R, Similarly, we get the average of the scores on the last dimension to
reach e € R”*K, To normalize and handle negative values in the attribution matrices, we apply the
MinMaxScaler! to the columns of the attribution maps as follows:

€ij — min (e.;)

/
e — 7
?" max (e.;) — min (e.)) 2
1 1

Minmax transformation rescales values linearly to the [0, 1] interval while preserving their
rank and relative structure. This choice over the softmax function avoids the additional inductive
bias introduced by a softmax transformation, which converts scores into a probability distribution
whose shape depends nonlinearly on their scale and forces scores to compete with one another.
In our setting, we were interested in comparing the pattern and relative magnitude of attribu-
tions across methods and tokens, rather than imposing a probabilistic interpretation. Minmax
normalization, therefore, preserves the geometry of the original attribution map.8

Next, the student model receives as input the triple (x,y, E'), where E’ represents the (nor-
malized) attribution map associated with the source-target pairs. Subsequently, we perform four

- . , ()
distinct operations on the pre-softmax attention scores A/ = £ Kd for each head h:
k

Attention(Q, K, V, E') = softmax( f(A, E))V, (8)

fhttps://scikit-learn.org/stable/modules/generated/sklearn.preprocessing. MinMaxScaler.html
8That said, the choice of the normalizer would affect the results; in our limited experiments, the minmax scaler scored better

than the softmax; however, more investigations may be needed.
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where f is one of the following operations (applied element-wise):
Addition (+): add attributions to the attention scores:

AP A L )

Multiply (©): element-wise multiplication with the attention scores:

~(h
AP A o, (10)

Average (j1): take the average of attributions and attention scores:

-y AWML FE
A() —+

= 11
5 (11)
Replace (R): substitute the attention scores with attribution maps:
~(h
AP (12)
The last operation replaces A" with E/, completely substituting QKT The point of applying

Ji
these simple element-wise operators is to treat the normalized attribution matrices E" as soft
importance weights over the similarity scores A" = QK in each attention head. Acting directly
on QKT (i.e., at the level of the similarity matrix before softmax) rather than on the values V or
the hidden states confines the intervention to the alignment structure between source and target
tokens, which is precisely what attribution methods aim to characterize.

The four operators correspond to qualitatively different ways of using E’ as a scaling fac-

~(h
tor for the similarity matrix. The multiplicative update AP —a® OE’ implements a gating

mechanism where attributions close to zero suppress specific query-key interactions, whereas
attributions close to one leave them largely unchanged. Also, from another perspective, multipli-

cation has a more dire effect if the attribution maps are incorrect. In contrast, the additive update

~(h
A( ) — A 4+ F’ behaves like a bias term on the similarity scores; when applied before softmax, it

shifts probability mass toward positions preferred by the attribution map while preserving much

~(h
of the relative structure induced by QK ". The averaging operator AY = %(A(h) + E’) can be seen
as a symmetric compromise between the model’s own attention and the external explanation,
which smooths extreme scores from both matrices. Finally, the replacement variant, which feeds

-
E' directly into the attention module in place of %, provides a raw testbed in which the attribu-
k

tion map is treated as the only alignment signal. This yields an approximate lower bound on how
well a given XAI method can affect the translation task.

By comparing these operators within the same teacher-student framework, we can probe two
questions at once: (i) whether they are strong enough to reliably gate or reroute information flow,
and (ii) to quantify the influence of attribution maps on the MT task. In all cases, applying E as
element-wise weights on QK| makes a source-target token pair suitable for forward-simulation
style evaluation, since changes in translation quality can be traced back to the manipulation of the
attention matrix by the XAl attribution maps.

4. Results

In this section, we first describe our experimental setup, including datasets, metrics, and imple-
mentation details. We then analyze the results along four dimensions: (1) the comparison of
eight attribution methods based on their influence on translation quality when integrated into
the model; (2) the impact of the attribution injection location, comparing encoder self-attention
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and cross-attention modules; (3) the effect of selectively applying attributions to half of the atten-
tion heads (8 heads vs. 4 heads); (4) the ability of the student model to approximate the generation
from the teacher model.

4.1 Experimental setup

To evaluate the proposed pipeline, we train the Marian-MT model (Tiedemann and Thottingal
2020)" on three datasets from scratch. We choose two datasets belonging to a more closely related
language family: German— English (de-en) and French— English (fr-en). For the third dataset,
we choose Arabic— English (ar-en) due to its encoding and linguistic differences from the target
language. For de-en and fr-en, we use the WMT14 dataset (Bojar et al. 2014), and for ar-en, we
use the UN Parallel Corpus (Ziemski, Junczys-Dowmunt, and Pouliquen 2016).

We select 220,000 sample pairs from each dataset and preprocess them to suit our experimental
setup. Considering the numerous seq2seq models we train from scratch, we impose constraints to
efficiently manage the training process. Specifically, we limit both the input and output sequences
to at most 128 tokens. Additionally, we discard samples with fewer than ten tokens and filter out
pairs where the input-to-output length ratio (or vice versa) exceeds 1.7 for de-en and fr-en. Since
the validation and test sets of the WMT datasets are relatively small, we select an additional 15,000
samples from their training sets (without overlap with our training data). The UN Parallel Corpus
does not include separate validation and test sets, so we extract 15,000 samples from the main
dataset for validation and testing.

We use two teacher models from which we extract attribution maps: a) monolingual Marian-
MT systems and b) multilingual mBART-large (Tang et al. 2020) models. We focus most of
our analysis on Marian-MT, since it is substantially smaller than mBART and, therefore, more
tractable for computing and training with attribution maps at scale, given its smaller vocabulary
size. Marian-MT is a Transformer model with six encoder layers and six decoder layers, each
layer containing eight attention heads. In contrast, mBART-large has 12 encoder and 12 decoder
layers, each with 12 attention heads. As a multilingual model, mBART uses a much larger sub-
word vocabulary than Marian-MT (on the order of 500k vs. roughly 50k token types), which
further increases the computational cost of attribution extraction. The student model shares the
same overall architecture as Marian-MT, with feed-forward dimensionality dg = 2048 and embed-
ding dimensionality dpodel = 512. We limit the maximum sequence length to Ly,.x = 128, while
keeping the number of layers Niayers and attention heads H unchanged. Overall, Marian-MT has
around 74 million parameters, and mBART has 610 million parameters.

We train the student Marian-MT models for 20 epochs and apply early stopping after three
consecutive epochs without improvement in validation loss. The student model employs the Swish
activation function, as proposed by Ramachandran, Zoph, and Le (2017), which has been shown to
enhance training dynamics and convergence. We used 20 Nvidia V100 GPUs for our experiments.

Throughout our experiments, we report BLEU (Papineni et al. 2002), which measures n-gram
overlap between system outputs and reference translations, and chrF (Popovi¢ 2015), a character-
level n-gram F-score. This combination is particularly appropriate in our setting. We deliberately
do not report semantic evaluation metrics such as COMET for two reasons. First, we conceptualize
attribution maps as an auxiliary ‘memory’ that the student model can use to reconstruct the future
target sequence Y from the teacher’s representations. Our objective is thus fidelity to the reference
at the token level, for which BLEU and chrF are sufficient. Second, most of our source-target
segments are relatively short, and our datasets are modest in size and length. Thus, COMET can
be noisy and add limited additional insight beyond n-gram overlap. All in all, consistent changes
across both BLEU and chrF provide sufficient evidence that attribution-guided attention priors
affect the underlying translation behavior.

Dhttps://huggingface.co/Helsinki-NLP
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4.2 Effectiveness of attribution methods (Encoder attention)

This analysis evaluates the impact of eight XAI attribution methods on translation quality, com-
paring models with injected attribution maps and the baseline. Tables 1-3 present the BLEU and
chrF of this setting and their delta compared to the baseline, using Marian-MT attributions, while
4,5, and 6 represent the results of mBART attribution maps. The baseline models are trained and
evaluated on the same dataset and settings, but without integrating attribution E. The difference
between the baseline and the models with attribution maps is an indicator that XAI attribution
maps changed the results relative to the baseline.

Starting with attribution maps extracted from Marian-MT, across all three language pairs,
injecting attribution maps into the encoder’s attention mechanism consistently improved trans-
lation quality over the baseline models. The highest gains come from Attention, ValueZeroing,
and LGx A. The highest BLEU gains ranged up to + 20.0 for de-en, 4-28.8 for fr-en, and + 27.9
for ar-en, with corresponding chrF gains up to+ 13.3, +17.5, and + 14.9, respectively. Other
gradient-based methods score quite similarly to each other, and among them, GSHAP scores low-
est across all three language pairs. Importantly, BLEU and chrF changes were aligned, and the
configurations that improved BLEU nearly always improved chrF by a similar margin and vice
versa, indicating that the gains are not metric-specific but reflect genuine translation quality.

For mBART attributions, there are more nuances. ValueZeroing scores higher than all other
attribution methods in all cases. Attention maps that used to achieve higher scores on Marian-MT
now score lower, and even for de-en, they degrade results in three out of four operators. Among
the gradient-based methods, LG x A scores highest for all the operators and all the language pairs.
GSHAP vyields the weakest results. Similarly, in mBART fr-en, Attention and ValueZeroing with
the best operator reached 59.7 and 63.0 BLEU (4-32.6 and + 35.9), while GSHAP-based injections
remained close to the baseline or produced only small improvements.

The choice of operator used to combine attributions with the original attention weights had a
strong and systematic effect. Across attribution methods, language pairs, and models, the element-
wise product operator (©) consistently yielded the highest BLEU and chrF scores, while averaging
(1) was almost always the worst-performing operator, with + and R lying in between. For
instance, in Marian-MT de-en with ValueZeroing, BLEU improved from 25.82 (baseline) to 41.8
(4+16.0) with +, 40.2 (414.4) with u, 41.9 (+16.1) with R, and 45.8 (+20) with ®. An analogous
pattern appeared with Marian-MT fr-en and ar-en, where © systematically dominated the other
operators for all strong attribution sources. The same trend held with mBART: for fr-en, Attention
with © reached 59.7 BLEU (+32.6) above the other operators, and ValueZeroing with © reached
63.0 BLEU (+4-35.9) versus 51.2, 45.2, and 48.9 BLEU for +, 1 and R respectively. The magnitude
of the difference between the operator for mBART Attention is higher than that for the others.
We observed that mBART Attention assigns high values to the last source token (also visible in
Figure 1), and that’s why other operators can’t contribute to the student model.

Finally, the patterns described above were consistent across de-en, fr-en, and ar-en for Marian-
MT and across de-en and fr-en for mBART. Although the absolute baselines and magnitudes of
improvement varied by language pair, the relative rankings of attribution sources and operators
were nearly identical. This cross-lingual consistency suggests that certain XAl attribution methods
provide more faithful target-source alignment signals than others, and that these signals can be
leveraged as a reliable inductive bias for attention-guided knowledge distillation.

Overall ranking of attribution methods (best to worst).

For de-en, we obtain:

o Marian-MT: Attention ~ ValueZeroing > LGxA > IG > DeepLIFT > Saliency > IxG >
GSHAP

« mBART: ValueZeroing > Attention > LGxXA > IG > DeepLIFT > Saliency > IxG >
GSHAP
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Table 1. BLEU and chrF scores for de-en Marian-MT attributions. Scores followed by A over the baseline

BLEU scores for de-en (Baseline: 25.82)

Op. IxG Saliency LGxA IG GSHAP DeepLIFT  Attention ValueZeroing
+ 321463 32.3464 355496 336478 275417 328470 40.54147 41.8416.0
BLL2B2wer  Blvas | 385477 3204e2 | 268410 305447 3MBrus  A024ues
O] 337479 338480 377418 354406 291433 342483 45.8420.0 45.8419.9
R bbyss | 31Tyse  Bdses 33041 BTres | 3234es 4024z ASuer

chrF scores for de-en (Baseline: 49.27)

+ 53.2+3'9 53.3+4.0 55.6+5'3 54.2+4‘g 50~0+0.8 53.7+4.4 58.7+9,4 60.0+10.7
12 51.3+2A0 51.4+2,z 54~1+4A8 53,l+348 49.7+0A4 52.0+2A7 56.44—7‘1 58.8.;.9‘5
0} 54.3450 544451 572479 55.5463  5l.1li1s 547454 62.61133 62.31130

R 527435 529436 55.5163 53.7445  49.6403 53.3141 585493 60.11108

Table 2. BLEU and chrF scores for fr-en Marian-MT attributions. Scores followed by A over the baseline

BLEU scores for fr-en (Baseline: 27.01)

Op. IXG Saliency LGxA IG GSHAP DeepLIFT  Attention  ValueZeroing
T 355485 Tier 3914y 3Tbioe  3l54as  3594ss  451ysr 4784208
Mo 32845 330460 360400  348i75 288415 3344es 408113 4564186
3164106 3794109 421yisy 4014y 335465 3TMii7 5584288 S4liara
R 346415 346476  3824m2 3724101 304434 3514sy  44dyire  ATDeson

chrF scores for fr-en (Baseline: 53.01)

+ 57.6146 57.6446 60.047.0 588458  55.0420 57.8448 63.41104 65.51125
55.8+2.8 55.9+2.9 57.8+4A8 57.0+4.0 53.3+0_3 56-1+3.1 60.4+7,4 63.9+10_9
589,50  59.1461 619480  60.4474 562432 589459  70.5i17s 69.1416.1

R 56.9439 56.9439 59.4 64 58.5455 542112 57.3442 63.0499 65.14121

Table 3. BLEU and chrF scores for ar-en Marian-MT attributions. Scores followed by A over the baseline

BLEU scores for ar-en (Baseline: 40.68)

Op. IXG Saliency LGxA IG GSHAP DeepLIFT  Attention  ValueZeroing
+ 5202 SlTiiws 549411 S21ins 464456 52.T4ms 6084100 6294221
473465 469161 5134105 473465 437129 47446 5574149  60.81200
©  S4lyiz 542434 STSpie7 5424134 48lyzs 5424134 6644256 687419
R Sbluos 5104102 5444136 Slliws  451ies  S194u1 6024104 6274219

chrF scores for ar-en (Baseline: 66.07)

+ 714453 712451 732471 714,54 682421 718457 76.2410.1 7164116
68.7426 68.5124 71.0449 68.7426  66.8107 68.842.7 732471 7644103
725,64 72.5164 T4.5184 724463 68.9429 725465 79.51134 81.04149

70.6446 70.6445 727166 70.7447 673413 Tl.lys0 758497 71441114
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Table 4. BLEU and chrF scores for de-en mBART attributions. Scores followed by A over the baseline

BLEU scores for de-en (Baseline: 26.08)

Op. IxG Saliency LGxA IG GSHAP DeepLIFT Attention ValueZeroing

+ 249_1, 2599, 298,33 26000  232_,5 262401 25.0_11 434,173
23.1_39 23328 24.6_15 235 76 22.6_35 229 3> 242 19 40.41143
28.249, 284453 322462 288427  249-12 284124 39.04+129 5144253

R 25.0-11  254_07  29.0479 262401 2392, 25.4_07 24.7_14 414,153

chrF scores for de-en (Baseline: 48.4)

+ 46.8_15 4T6_0g 505,51 473_11 458_56  47.8_q6 46.6_15 60.51121
i 453.3)  455.50  462.2) 45605 4523,  454.30 46321 58300
. .49..2;0; . .49...2+,0.'8,. 522+33 e Hl .46..97.1'5.. ”451.3;5‘9” ..56.%%.;:3 e éé.zﬂ},g”
R 47.0_14  473_1, 499,15 AT5_qo 464_,9 47314 46.3_5, 59.1,107

Table 5.BLEU and chrF scores for fr-en mBART attributions. Scores followed by A over the baseline

BLEU scores for fr-en (Baseline: 27.12)

Op. IxG Saliency LGxA IG GSHAP DeepLIFT  Attention  ValueZeroing
29.5424 309437 352481 299427 26803 299428 30.8437 4521181
3754104  38.04100 4294158 3754104 327456 3824110 5974326 63.0435.9
32.2451 324453 3744102 323452 28.040.9 327455 313442 489218

chrF scores for fr-en (Baseline: 53.01)

+ 55.9429 56.3+33 59.646.6 56.9+39  53.2402 56.3+33 545414 67.7+147

53.64056 54.4114 57.1141 544,14 52307 54.0410 63.7410.7

"
© 58.4154 587457 62.1190 583453 553423 58.8458 73.24202 7554225
R 551,51 552422  584is54 554424  52.8.02 554424 53909 6611131

Table 6. BLEU and chrF scores for ar-en mBART attributions. Scores followed by A over the baseline

BLEU scores for ar-en (Baseline: 40.68)

Op. IxG Saliency LGxA IG GSHAP DeepLIFT  Attention  ValueZeroing
+ 506499 Sl2iies 55346 505498 440433 503496 490483 636429
mo A5leas  44Tiao 49741 450443 A21pis 442436 45T4so o S8A4ar7

5374130 5454138 5951189 5354n28 483476 S424se  T3A4mr  TAdimr

483476 48.7480 5284121 485477  42.0413 48.6479 47.6169 60.4419.7

chrF scores for ar-en (Baseline: 65.41)

+ 69.9445 70.3449 727173 69.1,37 66.6412 69.8144 68.6432 T1.71123
" 67.0416 66.8114 69.5441 67.3119 66.040.6 66.641.2 67.0415 744490
o 14460 719465 75.1497 731477 68147 717463 83.84118.4 84.31189
R 68.2128 68.4.30 709455 68.3129 65.0_04 68.3129 67.1117 75.6410.2
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For fr-en, we obtain:

o Marian-MT: Attention > ValueZeroing > LGx A > IG > Saliency > DeepLIFT > IxG >
GSHAP

« mBART: ValueZeroing > Attention > LGXA > DeepLIFT > Saliency > IxG ~ IG >
GSHAP

For ar-en, we obtain:

« Marian-MT: ValueZeroing > Attention > LGx A > DeepLIFT ~ IG = Saliency > IxG >
GSHAP

o mBART: ValueZeroing > Attention > LGxA > Saliency >DeepLIFT > IxG > IG >
GSHAP

4.3 Encoder self-attention versus cross-attention injection

In contrast to the encoder self-attention experiments, injecting attributions into cross-attention
rarely improved translation quality and often degraded it (Tables 7-9). Across de-en, fr-en, and ar-
en, most attribution-operator combinations reduced BLEU and chrF relative to the baseline. The
only consistent but modest gains were observed for de-en and fr-en when using gradient-based
attributions (IG, LG x A) with a multiplicative operator (©), yielding up to 4 4.7 BLEU and + 1.0
chrF. ValueZeroing and teacher Attention, which were highly effective for encoder attention,
provided little benefit in cross-attention and frequently harmed performance, while GSHAP was
consistently detrimental. Replacement of cross-attention weights (R) was particularly destructive,
often leading to large drops in BLEU and chrF. These patterns suggest that cross-attention is sub-
stantially more brittle than encoder attention, and its alignment structure can only tolerate very
limited attribution guidance, and even then, the resulting gains are small and not always reflected
consistently across evaluation settings. While the exact reason that attribution injection to the
cross-attention does not work is obscure and hard to pinpoint, our primary hypothesis is that dur-
ing autoregressive inference, due to a decoding strategy such as beam search, the fixed sequence of
the attributions for generated targets confuses the model. In other words, the model can deviate
from the ground-truth sentence during autoregressive generation, but attributions are added for
the fixed sequence of tokens, which not only no longer matches the tokens generated by the model
but also actively prevents it from being able to correct itself.!

4.4 Selective attribution injection (8 vs. 4 heads)

In another setting, as an ablation study, we applied the attribution methods to only 4 heads out of
the 8 heads of the attention, only using Marian-MT attributions. We conduct these experiments
only on the encoder side, as previous results showed that these attribution mappings can be useful
at this part of the architecture. Tables 14-16 show the results of this comparison. This analysis
investigates how reducing the number of attention heads affects the model’s performance when
integrating attribution scores. By selectively applying attributions to only four heads (every other
head), we assess whether information flow can still be captured and whether the model retains its
translation quality. The changes in BLEU and chrF scores between 8-head and 4-head settings are
relatively minor. However, some methods and operators show slight improvements. The results
suggest that combining standard attention mechanisms with attribution-based operators can be
a ‘best of both worlds’ approach, as some heads learn the standard attention mechanisms while
others utilize the attribution maps.

iTo reduce energy consumption and training time, we omit training with mBART attributions when using 4-head encoder
and cross-attention.
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Table 7.BLEU and chrF scores for de-en Cross-attention Marian-MT attributions (Baseline: 25.82). Scores
followed by A over the baseline

BLEU scores for de-en (Baseline: 25.82)

Op. IXG Saliency LGxA IG GSHAP DeepLIFT  Attention  ValueZeroing

+ 253 05 25.4_ ¢4 249 o9 24.8_19 224 34 25.6_¢3 16.9_g9 239 19
248_19 25.0_¢3 26.040.2 23.8_50 22.3_35 248_11 20.0_5g 23.0_,8

© 26.1103 261403 286428 285426  21.8_41 26.3405 25.6_02 24711

R 242_15 242_1 22.6_35 23.0_9 182_76 24.4_14 15.7_101 21.0_48

chrF scores for de-en (Baseline: 49.27)

+ 475_15 476_15 487_g¢ 48.1_11 46.0_33 4T4_1o 441 ¢, 47.3_1,
w 47.0_,3 473_19 487_gs 47814 45835  47.0_5, 453_4, 46.6_5¢
© 47.6_1] 474 19 50-3+1.0 49.6+0,4 45.1 4, 47.2_2_1 47.9_1.4 47«9—14
R 459 34 459_34 46.9_53 459 _34 414 19 441 5, 42.1_7- 453 _40

Table 8.BLEU and chrF scores for fr-en Cross-attention Marian-MT attributions (Baseline: 27.01). Scores
followed by A over the baseline

BLEU scores for fr-en (Baseline: 27.01)

Op. IxG Saliency LGxA IG GSHAP DeepLIFT  Attention  ValueZeroing
+ 269 0.1 26.9 9.1 26.1 99 282412 252 138 253_17 21.0_69 27.6406
i 26.4_g5  26.6_04 269_01 27.6405 24.7 33 245 56 22.2_438 25.6_14
0] 277406 278408 291421  3L7447 25233 277407 19.9 72 26.3_07
R 254_16  25.5_15 233_37 262_9g 21.5_5s 251 19 16.6_10.4 245 35

chrF scores for fr-en (Baseline: 53.01)

+ 50.9_51 50.8_52 51.8_15 521_g9 50.1_29  49.4_35  48.3_47 53.0_0,
w 50.4_6  50.6_54 51.8_1, 52.0_10 49.7_34  488_4;  48.2_44 50.2_29
@.v 513717 - 512718 v 528702 . 535+05 . .49..57.3:1 - 511720 - 501729 v 511719 .
R 48.7_43  485_4 49.9_3; 499_3; 462_g5 47951  43.8_9, 49.0_40

4.5 Faithfulness (predicting the model’s output)
Up to this point, our experiments have relied on the assumption that attribution maps should help
the student model better predict the gold (human) translation. Faithfulness, in contrast, relates to
how precisely an attribution method captures the model’s internal reasoning process that pro-
duces a particular output (Jacovi et al. 2020). Put differently, a faithful attribution provides a close
approximation of the model’s actual decision-making procedure that produced the prediction.
To investigate this notion in a teacher-student setting, we replace the human reference with
the teacher’s behavior as the supervision signal. Given a source input x, we run the teacher model
to produce a translation y and compute the corresponding attribution map E with respect to this
generated output, yielding training triples (x, j, E). The student model is then trained on (x, §, E)
exactly as in our earlier experiments, injecting E into its attention mechanism. At test time, we
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Table 9.BLEU and chrF scores for ar-en Cross-attention Marian-MT attributions (Baseline: 40.68). Scores
followed by A over the baseline

BLEU scores for ar-en (Baseline: 40.68)

Op. IxG Saliency LGxA IG GSHAP DeepLIFT  Attention  ValueZeroing

+ 36247 419411 35949 36.2_47 36.0_49 36.1_438 36.1_47 40.6_92
353.55 417,09 35256 35355 352 556 35355 353 55 40.5_03

© 28.5_123 422414 265-143 29.6_112 283_125 293_115 26.3_145 42.9421

R 14.3 265 40.0_038 139 269 145_363 14.3_25 14.2_2s6 13.7_371 39.1_17

chrF scores for ar-en (Baseline: 66.07)

+ 62.7_34 64.1_19 62.7_33 62.6_35 62.7_34 62.7_34 62.8_33 64.4_17

62.3_38 64.1_5, 62.3_33 62.3_33 62.2_33 62.3_37 62.3_33 64.1_59
© 55.4_106 64.3_17 53.7_124 56.1 99 55.4_107 56.0_10.1 53.4_157 65.3_08
R 43.4_16 62.6_35 433 _738 43.5_726 43.4_557 43.4_57 43.2_79 63.0_31

Table 10.BLEU and chrF scores for de-en generated by the Marian-MT model. Scores followed by A over the
baseline

BLEU scores for de-en (Baseline: 54.55)

Op. IxG Saliency LGxA IG GSHAP DeepLIFT  Attention  ValueZeroing
+ 64.51099 6464101 6854139 6554110 581435 6514105  72.04174 73.74191
584438  59.7452 6524107 618473 55.1495 6llige  68.84143 71.6417.0
) 66.54119  66.64120 70.04155 6731128 59.7451 6631118 75442009 T4.21196
R BA4es  8lis OT9ta3  Biies 80na  SZier  T204ms T

chrF scores for de-en (Baseline: 72.77)

+ 783455 783456 808480 789462 T44p16 787460  82.84100 84.0411.2

T4.5417 754426 787459 76.6439  72.8400 76.2434 80.848.0 82.64938
) 79.5468 79.646.9 81.8499 80.1473 75.3425 79.546.7 8511123 84.04112
R 716448 TT4ua7 80477 7182454 732404 78lys3 8284100 8384110

provide the student model with (x, E) and generate a student translation ¥/, that is (x, E) — §. We
then compare § with y to quantify how well the student model can reproduce the teacher’s out-
puts when guided by a given attribution method. Under this setup, we hypothesize that attribution
maps that better capture the teacher’s input-output dependencies will provide more useful guid-
ance and, in turn, enable the student to generate translations § that are closer to . The resulting
agreement between y' and ¥ therefore serves as an empirical proxy for the utility of the underlying
attribution maps for simulating the teacher model.

Here, we present the results of this setup for the Marian-MT model in Tables 10-12. The first
observation is that the baseline scores are substantially higher for predicting the teacher’s gener-
ation compared to the gold data (BLEU scores 54.55 vs 25.82 for de-en, 53.38 vs 27.01 for fr-en,
59.45 vs 40.68 for ar-en). As in the previous setting, injecting attribution maps into the encoder
attention substantially improves performance over the baseline student for Attention and Value
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Table 11.BLEU and chrF scores for fr-en generated by the Marian-MT model. Scores followed by A over the
baseline

BLEU scores for fr-en (Baseline: 53.38)

Op. IxG Saliency LGxA IG GSHAP DeepLIFT  Attention  ValueZeroing

¥ Tr0s 936402 T840 10.Tms  S2Boog  93Bi0s  T63ims  80G4ar2
528 06 529-04  63.64102 64.04107 52.4_19 52.8_06 69.54+16.1 7434209

O 622488 7344201 76.54231 7584205 587453  62.9:95 8294295 83.04296

R 541407 66.54131 7284194 7094175 522315 542408 744240 80.5427.1

chrF scores for fr-en (Baseline: 74.05)

+ 734_07 73307 8444103 832491 72.8.13 T3.2_gs 86.3+123 89.0415.0
2 73.1_19 73.2_038 79.5+5.5 79.7+5.7 72.9_12 73.0_19 82.5+8.5 85.2+11‘1
© 781441 8494108 86.71126 8624121 761409 78.6445 90.3+16.2 90.2416.2
R 73.5_95 80.8 6.8 84.51105 83.2492 124 17 73.6_05 87.0412.9 88.91149

Table 12.BLEU and chrF scores for ar-en generated by the Marian-MT model. Scores followed by A over the
baseline

BLEU scores for ar-en (Baseline: 59.45)

Op. IxG Saliency LGxA IG GSHAP  DeepLIFT  Attention  ValueZeroing
T 89Lies 686401  73liize 6984103 637442 T0.04106 7684174 7894104
_______ 651456 646451 653459  638.43  6lTiaz  BSlis7 67447 TSlust

© 7264132 1284133 7564161 1244130 667472 1294135 8164222 8284233
R 689494 685100 7274133 689404 633135 6951101  T704rs 7874102

chrF scores for ar-en (Baseline: 77.96)

+ 82.5145 82.214) 84.8.53 82.85438 79.5416 83.045.1 86.748.7 87.91100
Iz 80.3124 80.1421 80.6426 796417 7874107 804424 81.6436 85.8478
O] 844,64 845465  86.0430 842.62 8l.0431 846466 8934113 90.04+12.0
R 822,43  82.0440 845465 822442 793413 8264456 86.748.7 87.749.7

Table 13.BLEU scores for random attribution matrices (left) and diagonal attribution matrices (right). Scores
followed by A over the baseline

Random matrix Diagonal matrix
Op. de-en fr-en ar-en de-en fr-en ar-en
® 2298 78 24.85_51 37.96_79 21.64_4 2411 59 37.34_33
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Table 14.BLEU and chrF scores for de-en Marian-MT 4 head attribution injection. Scores followed by A over
the baseline

BLEU scores for de-en (Baseline: 25.82)

Op. IxG Saliency LGxA IG GSHAP DeepLIFT  Attention  ValueZeroing
F3ETres  B2dses  Bilies  3Turs  2MBrag 329411 4004aar | MBieo
299440 296438 335477 321463 262404  30.5447 36.111022 40.54147
0} 344,85 347489 3834125 36.04102 299440 34.6158 4721914 4481189
R 324466 323465 3594101  33.84s0 279421 329471 40.24144 4174158

chrF scores for de-en (Baseline: 49.27)

+ 53.644.4 53.444, 55.8.6.6 54351 50.3410 53.8445 58.3 191 60.0410.7

51.5453 51.3420 541448 53.14338 49.1 ¢, 52.0428 55.5162 58.9496
© 549456 55.1is5g 57.7+84 56.0467  51.7424 55.045.7 63.6114.4 62.04127
R 53.5442 534441 56.046.7 544,51 504111 53.8446 58.5492 59.9110.6

Table 15.BLEU and chrF scores for fr-en Marian-MT 4 head attribution injection. Scores followed by A over
the baseline

BLEU scores for fr-en (Baseline: 27.01)

Op. IxG Saliency LGxA IG GSHAP DeepLIFT  Attention  ValueZeroing
+ 349479 346476 385ims5 3754105 312447 351481 443473 4754205
JBlsa | 3ler | 34347s 3L 28545 3284sp  3994me | M9
© 3BZma 3Oy 423p1ss  A08y1as  lyza  38hne  SSlima | 53Tt
R.03es  Bdiws  8Oiue T8ius lun 3741 B3tes | H88is

chrF scores for fr-en (Baseline: 53.01)

+ 572441 586456  59.7167 588458 54.8418 574444 629199 65.31123
" 55474 559429 572442 56.6436 53.1401 557427 59.846.7 63.41104
©} 594164 60.8473 621491 61.0479  56.6436  59.4164 70.841738 68.94159
R 574444 575445 599469  59.0460 54.84118  57.74a7 62.3193 65.0411.9

Zeroing. For de-en, the best configuration reaches 75.4 BLEU and 85.1 chrF (vs. 54.55/72.77 for
the baseline), for fr-en 83.0 BLEU and 90.3 chrF (vs. 53.38/74.05), and for ar-en 82.8 BLEU and
90.0 chrF (vs. 59.45/77.96). In these cases, attribution-guided encoder attention markedly reduces
the student-teacher gap, with absolute BLEU gains of + 20-30 points, comparable to the gains
observed when training on human references, albeit from a higher baseline.

At a high level, the hierarchy of attribution maps remains similar to the human-reference
setting. Across de-en, fr-en, and ar-en, the largest gains again come from Attention and
ValueZeroing, followed by the gradient-based methods, with GSHAP consistently being the
weakest. Aggregating across language pairs, the approximate ordering under the faithfulness
objective is Attention ~ ValueZeroing > LGx A > IG > Saliency > Ix G = DeepLIFT > GSHAP
with slight nuances for ar-en where IG ranks lower. Because the baseline is already higher, some
methods and operators fail to help the student model. For example, in Saliency for fr-en, addition
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Table 16.BLEU and chrF scores for ar-en Marian-MT 4 head attribution injection. Scores followed by A over
the baseline

BLEU scores for ar-en (Baseline: 40.68)

Op. IXG Saliency LGxA IG GSHAP DeepLIFT  Attention  ValueZeroing

bt STios 3494141 SLB4ine  46lyss  S2Trme  80lies | 8304ma
475467 47.3465 503495  47.0462  43.8430  47.8470 54.61138 59.8+419.0

© 5494141  55.04142  58.14173 5494140 49.0482 5514143 6694261 68.1427.3

R 5194111 5154107 5514143 518410 462454 5231115 60.74199 63.31225

chrF scores for ar-en (Baseline: 66.07)

+ Tl44s53  Tl2ys; 732471  T13453  68.1y9  T184ss 758497 7784117
" 68.9128 68.8427 704144 68.6426 669409  69.1430 726465 758497
0} 73.046.9 73.1470 749488 729169 697436 T73.1,70 79.91139 80.74147
R 71.4+5A3 71.2+5A1 73.3+7A2 71.3+5,2 68-1+2A0 71.6+5.5 76.2-%—10‘1 77,94_11‘8

does not change the result from the baseline, whereas multiplication yields improvements. IxG
and DeepLIFT can also degrade the results for fr-en with (1) operator. From the operator’s point
of view, the element-wise product operator (©) yields the largest changes, simple averaging (1) is
almost always the weakest operator, and + and R lie in between. For example, in fr-en, the best
© configuration with ValueZeroing reaches 83.0 BLEU (4-29.6) and 90.2 chrF (+16.2) relative to
the baseline student, whereas the corresponding +, i, and R configurations with ValueZeroing
remain between 74.3-80.6 BLEU and 85.2-89.0 chrF. A similar pattern holds for de-en and ar-en.
Table 17 (see Appendix) provides an example illustrating the output of encoder attention injection
for Marian-MT, mBART and predicting Marian-MT generation.

5. Discussion

Because these attribution mappings come from trained models on larger datasets, they encode a
learned relation between the source and target pairs, which otherwise cannot be learned by the
student model. We conjectured that a better learned mapping can contribute to better results,
and hence it can be a way of comparison between XAI attribution methods. In Subsection 4.2,
we presented the main findings and contributions of this work. Expanding on our observa-
tions, we saw some consistent results for the injection of Marian-MT and mBART attributions
into the encoder-attention, with some nuances for the mBART attributions. Particularly for the
Marian-MT attributions, we saw improvements in almost all the attribution maps. As a sanity
check, we conducted the same experiments with two settings: (1) Injecting random attribution
maps taken from a uniform distribution and (2) using nearly diagonal matrices. Table 13 shows
the results of these experiments:

The results of these experiments show that the network still learns, albeit with degraded per-
formance. We conclude that non-sensical attribution maps can indeed reduce results, even when
a pattern, such as a quasi-diagonal attribution matrix, is present, and that the increase is not
accidental. There should be some meaningful alignment encoded by the XAI attribution maps.

While a linguistic and qualitative analysis of the differences between each attribution method,
and whether there is a gold standard alignment in which these attributions approximate, is outside
the scope of this work, we would like to examine some topological differences and similari-
ties among the attribution matrices. For this reason, we treat each column of the matrices as a

https://doi.org/10.1017/nlp.2026.10028 Published online by Cambridge University Press


https://doi.org/10.1017/nlp.2026.10028

288 A. Nourbakhsh et al.

probability distribution, from which we can calculate entropy as a measure of confidence in select-
ing the most important source tokens for the target tokens. Our manual inspection using heatmap
visualization, such as Figure 1, showed that higher-scoring attribution methods exhibit more
concentrated values around some tokens, and we observed more linear and diagonal patterns.

Figures 3-5 confirm that the three higher attribution maps, ValueZeroing, Attention,
and LGxA, have lower entropies compared to other methods. For mBART, the entropy of
gradient-based methods is higher than that of Marian-MT. One plausible explanation is that, in
a deeper model with a longer computational graph, gradient signals become less sharp as they
propagate toward earlier layers (Balduzzi et al. 2017). In particular, LGXx A at the last layer of the
encoder is more informative according to the results. For mBART, we observe that lower-scoring
gradient-based attribution maps exhibit higher entropy than those of Marian-MT. Indeed, we
can visually confirm that gradient-based methods have more chaotic representations. One point
to note is that entropy does not necessarily completely correlate with the results. For example, for
mBART, although the Entropy of Attention is lower, we observe that the last input token receives
the most weight for all target tokens, which, in turn, leads to lower entropy. An observation that
was confirmed by (Kobayashi ef al. 2020), and in general, ValueZeroing scored higher for this
model.

6. Attribution approximator

From the previous experiments, particularly those involving the attention mechanism (Attention
attributions and ValueZeroing), we developed a hypothesis that the usefulness of an attribution
method is largely determined by how geometrically close its maps are to those that a transformer
can generate. This hypothesis motivates the introduction of a dedicated Attributor network. The
Attributor is trained to approximate target-source attribution matrices corresponding to different
explanation methods. Concretely, given a source sequence and its target sequence, the Attributor
network learns to reconstruct the associated attribution matrix. We implement it as an encoder—
decoder transformer so that the function class used to model attributions closely matches the
inductive biases of the student translation model itself. Intuitively, if the student model can inter-
nally reproduce a particular attribution pattern, then it should also be better positioned to exploit
that signal when the same attribution is injected into its attention layers, which in turn leads to
more effective attribution-guided translation.

6.1 Attributor implementation

Our proposed Attributor network is a lightweight encoder-decoder transformer. The source sen-
tence is tokenized and mapped to learned token embeddings, which are combined with learned
positional embeddings and then processed by a 3-layer, 8-head self-attention encoder. The target
sentence is embedded separately with its own learned positional embeddings and passed through 3
causal decoder layers. A standard triangular mask enforces autoregressive ordering to ensure that
each target position attends only to previous target tokens. The resulting contextualized source
and target embeddings are then fed into a modified cross-attention layer. For each target position
of each attention head it returns a row attention score vector over source positions, which are
essentially vectors of the per-head attention score matrices.

More formally, let H denote the number of heads and S the number of source positions. For
each target token t, the cross-attention block produces per-head attention vectors s, ;, € RS:

S =qt’h h 4 mask, h=1,

St.h \/d—k AN

where g, ,, Kj € R% are the query and key projections.

H, (13)
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Figure 3. Column-wise entropy based on Marian-MT attributions.
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Figure 4. Column-wise entropy based on mBART attributions.
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Figure 5. Column-wise entropy based on Marian-MT attributions (Marian-MT-generated targets).
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To aggregate information across heads, we use a weighted mean of these score vectors across
the head dimension. The weights are produced by a small MLP which maps each contextualized
target token embedding h; € R¥ to a probability vector over heads p;:

Pt = softmax (W, GELU(Wlﬁt)) eRH, (14)

Finally, the combined logit vector over source positions for each target token is obtained as a
weighted mean of the per-head attention scores vectors for that target token, after which it is
passed to softmax to obtain a distribution a; over source tokens:

H
a; = softmax ( ZPth Et,h> eRS. (15)
h=1

The attribution matrix A is essentially stacked a, for all t.

The objective function during the training is to minimize the average row-wise Kullback-
Leibler divergence between the predicted attribution matrix A and the gold attribution
matrix A, summed over non-padded target positions:

LxL =

> KL(A 4y, (16)

T
valid t€ T alid

where A; and A; denote the gold and predicted distributions over source tokens for target
position ¢.

6.2 Attributor evaluation

We trained the Attributor on three datasets derived from our earlier experiments, covering
all three language pairs. (a) A dataset constructed from Marian-MT attribution maps paired
with gold (human) target translations. (b) A dataset constructed from mBART attribution
maps paired with gold (human) target translations. (c) A faithfulness-oriented dataset in which
Marian-MT attribution maps are paired with targets generated by the Marian-MT teacher
model.

As a part of preprocessing, source and target sentences were tokenized according to the
respective model’s tokenizers, and attribution maps were normalized in the source dimension to
represent a valid probability distribution (to accommodate the KL-divergence loss function). To
assess the accuracy of the approximation of their attribution maps by the Attributor, we selected
the following metrics:

« KL-divergence. Being the minimization target, it is the first choice to quantify the
difference between the approximated and the gold attributions

« Overlap@3 The overlap between sets of top-3 valued source token indices per target token
for the approximated and gold attribution maps. As highlighted by the Nourbakhsh et al.
(2025) we hypothesized that most of the useful signal attributions per target token comes
from a small number of the highest-scoring source tokens. The overlap@3 is calculated as

|Tops(a;) N Tops(a;)|
3
o Tau@3 Kendall’s 7 calculated on top-3 values over the source dimension of the gold attri-

bution and values with the same indices but from the approximated attributions. This
metric accompanies overlap@3 by quantifying the rank correlation.

overlap@3(t) = (17)
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6.3 Attributor results

Obtained values for de-en, fr-en, and ar-en pairs are presented in the three settings mentioned
above and can be seen in Figures 6-8.

To quantify the link between approximability and downstream gains, we correlate the BLEU
scores obtained by Marian-MT when augmented with each attribution method with our three
approximability metrics (mean KL divergence, Overlap@3 and Kendall’s @3 between gold
and predicted target-source maps). We compute BLEU separately for each injection oper-
ator (add, average, multiply, replace) and also consider the best BLEU per method across
operators.

Across all three language pairs (ar-en, de-en, fr-en) and all operators, BLEU shows a very
strong positive correlation with the ‘top-3’ alignment metrics. Pearson’s (r) between BLEU and
Overlap@3 lies in the range (r &~ 0.88-0.97), and Kendall’s (t@3) achieves (r &~ 0.74-0.95). In
other words, between roughly 75% and 90% of the variance in BLEU across attribution methods
can be explained by how well their target-source patterns can be reconstructed by the Attributor.
Rank correlations show identical results: Spearman’s (o) between BLEU and Overlap@3/(r @3) is
consistently high (typically p & 0.65-0.85), and for the fr-en pair with multiplication injection the
ranking of methods by BLEU is exactly the same as the ranking by t@3 (p = 1.0).

In contrast, KL divergence exhibits only weak and unstable association with BLEU. Pearson
correlations between BLEU and mean KL are low-moderate and positive (r & 0.27-0.56), while
Spearman’s (p) tends to be low negative and even changes sign for some operators (p =~ —0.26-
0.11). This behavior, especially for Pearson, is largely driven by outliers such as ValueZeroing,
which combines very high KL divergence with strong BLEU gains. These results suggest that
global distribution similarity is a poor predictor of downstream effectiveness, whereas agreement
on the locations and ordering of a few top-k source positions is highly predictive.

Taken together, these findings support our central claim: attribution methods whose target-
source maps are closer to what an encoder-decoder transformer (Attributor) can reproduce are
exactly the ones that yield the largest BLEU gains when injected into the student model. We first
measured this closeness with full-distribution KL divergence, but the correlation analysis shows
that the best predictors of BLEU are Overlap@3 and Kendall’s @3 between the Attributor’s predic-
tions and the gold attribution maps, which correlate very strongly with BLEU, whereas KL shows
only weak and unstable correlations. These results suggest that an attribution method tends to be
useful precisely when a transformer can reliably recover the same few most-salient source tokens
per target token as the teacher. In contrast, matching the full attention distribution beyond the
top positions appears much less informative for predicting BLEU gains.

For the other two settings of generated targets, the manifested trend is the same. For mBART,
the highest correlation is observed with the multiplication operator. It should be noted that the
approximation accuracy is the highest for Attention from mBART: the last source token consis-
tently gets the highest attribution scores and their reconstruction is easier. However, there are still
residual scores for other tokens whose presence can guide the translation. The regression plot of
the above approximation metrics for the three language pairs and the corresponding outcomes is
provided in the figures 9-11 (see Appendix).

In short, the student benefits from what it can imitate: attribution methods for which target
tokens a transformer can reliably reconstruct the same top-3 source tokens are precisely those
that give student models the largest gains.

7. Conclusion and future work

In this work, we demonstrate that XAl attribution maps derived from a learned teacher model can
be injected into a student model, and that the resulting changes in translation behavior provide a
practical signal of the relative quality of the XAI attribution methods. We conducted an extensive
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evaluation across German-English, French-English, and Arabic-English language pairs, com-
paring eight XAI methods and multiple composition strategies for integrating attribution scores
into Transformer attention (addition, multiplication, averaging, and replacement). We further
examined where the scores are applied (encoder self-attention vs. cross-attention) and assessed
robustness across two distinct teacher models, mBART and Marian-MT.

Our results indicate that Attention and ValueZeroing, as well as LGx A extracted from the final
encoder layer, consistently produced the largest gains in BLEU and chrF. We also observed that
injecting source-target attributions into the encoder self-attention can yield significant improve-
ments, which is initially counterintuitive given that the encoder is designed to attend only within
the source sequence. A plausible explanation is that the non-auto-regressive encoder attention
setup makes future information accessible to the entire sequence.

We also showed that getting better results from the different attribution methods is not acci-
dental: (1) Attribution maps with lower entropy tend to score higher. (2) We set up a transformer
model, Attributor, which shows that the most beneficial attribution maps are the ones for whose
target tokens the transformer model successfully recreates top-3 salient source tokens. These find-
ings offer the NLP community a plausible explanation for the utility of attribution maps and
highlight the importance of the attribution’s most salient tokens.

There are some limitations to this work worth noting. First, this study provides an extensive
exploration of attribution transfer between models. However, the overall pipeline is computa-
tionally expensive, both in deriving attributions at scale and in retraining student models. For
this reason, we focused our comparison on attribution signals produced by a range of explain-
ability methods, most of which are gradient-based. This choice was driven largely by practicality.
Extracting attributions with perturbation-based approaches such as LIME (Ribeiro et al. 2016)
and reAGent (Zhao, Wang, and Wang 2023) is substantially more resource-intensive and time-
consuming. In addition, some methods available in Inseq produce (self-)attributions on the
decoder side of seq2seq models. In this work, we restrict our experiments to encoder self-attention
and encoder-decoder cross-attention, leaving decoder-side attribution transfer for future study.

More ablation studies are needed. In this work, we tried with cross-attention, 4 attention heads,
and different operators. However, the effects of layer-wise injection, broader choices of head selec-
tion and head count, and alternative placement strategies remain underexplored. We also used a
coarse attribution extraction procedure. We took attention-based attributions from all the lay-
ers and averaged attention scores, and for the gradient methods, our only alteration was the last
encoder layer. More systematic investigation of layer-wise signals and aggregation strategies is
needed. Moreover, it is important to note that, for the Attributor experiments, we used the top-3
tokens for overlap@3 and Kendall’s 7; it may also be beneficial to extend the experiments to other
top-k tokens to draw a line for the most salient tokens more precisely. Also, in this work, our focus
was limited to machine translation tasks. Machine translation tasks are characterized by the align-
ments between source and target pairs. Future work could extend this evaluation framework to
other generative models, including those applied in question answering and text summarization.
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Figure 9. Regression plots of the Marian-MT attributions with gold (human) target sentence.
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Figure 10. Regression plots of the mBART attributions with gold (human) target sentence.
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Figure 11. Regression plot of the Marian-MT attributions with generated target sentences.
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Table 17. Sample translations and metrics for Marian-MT and mBART under different attribution/XAl variants
for a sample de-en.

Model Text BLEU chrF

Marian-MT

Source: Ich dachte, dass es damit beendet ware. - -
Reference: I thought that would be the end of it. - -
Baseline: I thought it was finished. 9.91 29.19
IxG I thought it would have been finished with it. 12.55 43.76
Saliency I thought it would have been finished with it. 12.55 43.76
LGxA I thought that it had been finished with it. 19.64 47.02
IG I thought it would have been over with it. 12.55 43.29
GSHAP I thought it would be finished with it. 14.78 47.72
DeepLIFT I thought it would have been finished with it. 12.55 43.76
Attention I thought that would have an end to it. 32.47 61.15
ValueZeroing I thought this might be the end of it. 58.14 65.49

mBART
Reference: I thought that would be the end of it. - -
IxG Ithought it’d be done to it. 12.86 33.19
Saliency Ithought it’d be done to it. 12.86 33.19
LGxA I thought it’d be done with it. 12.86 33.28
IG Ithought it’d be done to it. 12.86 33.19
GSHAP I thought it was the only way it was. 10.55 29.46
DeepLIFT I thought it would end to it for it. 13.13 41.71
Attention I thought it would be the end of it. 70.71 80.71
ValueZeroing I thought it would be the end over it. 35.49 68.34
Marian-MT (Generated)

Reference: I thought it was over. - -
IxG I thought it would be. 32.47 57.06
Saliency I thought it was over. 100 100
LGxA I thought it was over. 100 100
IG I thought it would end.

GSHAP I thought it would be. 32.47 57.06
DeepLIFT I thought it would be. 32.47 57.06
Attention I thought it was over. 100 100

ValueZeroing I thought it was over. 100 100

Cite this article: Nourbakhsh A, Lamsiyah S, Danilov A and Schommer C (2026). Evaluating explainable Al attribution
methods in neural machine translation via attention-guided knowledge distillation. Natural Language Processing 32, 267-301.
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