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A Close Look at Decomposition-based Attributions

Abstract

Various attribution methods have been recently
proposed for the transformer architecture, al-
lowing for insights into the decision-making
process of large language models by assign-
ing importance scores to input tokens and la-
tent representations. One class of methods
that seems promising in this direction includes
decomposition-based attributions that redis-
tribute the model’s output logit through the
network, as this value is directly related to
the prediction. In the previous literature we
note though that two prominent methods of this
category, namely ALTI-Logit and LRP, have
not yet been compared to one another and pro-
pose to close this gap by conducting a careful
quantitative evaluation w.r.t. ground truth an-
notations on the syntactic tasks of subject-verb
agreement and reflexive anaphora, as well as
on the semantic task of question answering, us-
ing the BERT, GPT-2 and Llama3 model fam-
ilies as a testbed. Along the way we compare
and extend the ALTI-Logit and LRP methods
from an algorithmic perspective, including the
recently proposed AttnLRP variant for which
we propose a more efficient implementation.
We further incorporate in our benchmark two
widely-used gradient-based and an attention-
based baselines. Lastly, we make our carefully
constructed benchmark datasets, as well as our
code publicly available to foster evaluation on
a well-defined common ground.!

1 Introduction

Language models (LMs) trained on massive cor-
pora are able to learn various aspects of language
(Brants et al., 2007; Tenney et al., 2019; Jawahar
et al., 2019). Scaling them further on multiple
axes (Kaplan et al., 2020; Snell et al., 2025) un-
locks a range of interesting capabilities such as in-
context learning (Brown et al., 2020) and chain-of-
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Figure 1: Illustration of our evaluation pipeline using
a subject-verb agreement task: step 1) Predict the logit
difference for the two verb forms, step 2) Explain the
logit difference by generating token-level attributions,
step 3) Evaluate attributions w.r.t. ground truth (i.e., the
verb’s subject) by computing various accuracy metrics.

thought (Wei et al., 2022), allowing them to transi-
tion to what appears to be general-purpose models
(Bubeck et al., 2023). At the same time, we have
an incomplete understanding on how they are able
to encode different concepts and abilities in their
internal representations, which is especially crucial
for high-stake scenarios (Sharkey et al., 2025).
One way to approach this question is by conduct-
ing circuit analysis, where certain behaviors can be
localized to computational subgraphs (Wang et al.,
2023; Hanna et al., 2023; Conmy et al., 2023). This,
however, usually involves patching-based interven-
tions that are costly. Recent works to alleviate this
issue employed attribution methods (Denil et al.,
2015; Shrikumar et al., 2016; Sundararajan et al.,
2017) in a top-down manner, providing a signif-
icant speedup over standard interventions while
maintaining localization performance (Ferrando
and Voita, 2024; Hatefi et al., 2026). However,
there are lingering questions regarding how com-



mitting to a specific circuit discovery method can
affect the quality of the token-level input attribu-
tions to understand individual predictions. In this
work, we mainly focus on token-level attributions,
i.e., attributions that assign a relevance score to
each input token to indicate the token’s importance
for the current prediction. And for the purpose of
comparing the quality of these attributions we re-
strict ourselves to controlled tasks where ground
annotations can be built, so that our evaluation is
based on well-defined syntactic and semantic lin-
guistic evidence. More specifically, we analyze
the decomposition-based attributions of LRP (Ali
et al., 2022), AttnLRP (Achtibat et al., 2024) and
ALTI-Logit (Ferrando et al., 2023) which were not
yet compared in a controlled setup. To this end
we construct careful ground truth annotations on
two syntactic tasks (subject-verb agreement and re-
flexive anaphora) and one semantic task (extractive
question answering). Moreover, we incorporate in
our benchmarking two widely used gradient-based
and an attention-based baselines. As a testbed we
use the BERT and GPT-2 foundational model fam-
ilies, as well as the recent Llama3 family, cover-
ing both masked and autoregressive models, and
study the impact of model size as well as vari-
ous other configurations (such as, e.g., contrastive
versus non-contrastive explanations) on the attri-
butions’ quality. Along the way we analyze and
extend the decomposition-based methods of ALTI-
Logit and LRP from an algorithmic perspective
(e.g., via extending ALTI-Logit to the Llama3 fam-
ily), and propose a more efficient implementation
of AttnLRP. Lastly, we study the transferability of
our input space attribution evaluation to the task of
attention head pruning.

2 Related Work

Language Model Interpretability. Representa-
tions in LMs have been investigated with various
approaches (Ferrando et al., 2024). BERTology
(Rogers et al., 2020) mainly employ probes (Kohn,
2015; Alain and Bengio, 2016) to analyze what
is encoded in the models’ latent representations.
Causal interventions (Vig et al., 2020; Geiger et al.,
2021) take one step further by modifying internals
to observe the resulting effect on outputs, since
probes are correlational in nature (Belinkov, 2022).
These enabled better understanding of internal in-
formation within LMs, from linguistic to world
knowledge (Clark et al., 2019; Hewitt and Man-

ning, 2019; Petroni et al., 2019, i.a.), along with
components such as knowledge neurons (Dai et al.,
2022) and induction heads (Olsson et al., 2022).
They are, however, not without limitations.

Patching-based interventions are costly as model
scales. Hence, they are approximated with attribu-
tion methods (Syed et al., 2024; Hanna et al., 2024;
Jafari et al., 2025). Another issue is polyseman-
ticity, therefore dictionary learning e.g., sparse au-
toencoders (SAEs) and their variants are employed
to better disentangle representations (Bricken et al.,
2023; Dunefsky et al., 2024). In parallel, there are
efforts to make Multi-Layer Perceptron (MLP) neu-
rons as interpretable as SAEs through attribution
methods (Arora et al., 2026). In this work, we focus
on such attribution methods, in particular those that
decompose the output logit backward throughout
the entire network.

Evaluating Attribution Methods. Quality of at-
tributions can be evaluated with systematic input
perturbation, which was initially proposed in com-
puter vision and later extended to NLP (Samek
et al., 2017; Arras et al., 2016; DeYoung et al.,
2020; Edin et al., 2025), where the impact of the
tokens’ deletion (or insertion) according to their rel-
evance is measured on the prediction. An issue with
perturbation-based evaluation is that the model is
fed with out-of-distribution perturbed inputs, lead-
ing to unreliable predictions. Other evaluations
include user studies (Doshi-Velez and Kim, 2017;
Lipton, 2018; Hase and Bansal, 2020), though such
approaches face the dilemma than plausible expla-
nations not necessarily reflect the model’s decision
strategy (Jacovi and Goldberg, 2020). In this work
we use a restricted setup which allows for an evalu-
ation w.r.t. ground truth annotations. Such ground-
truth based approaches have already been used in
past works, however to the best of our knowledge
these works either did not release their annotations
which limits reproducibility or had erroneous anno-
tations (Ferrando et al., 2023; Poerner et al., 2018).

Explanations produced by different attributions
have been found to sometimes contradict to one
another (Krishna et al., 2024). To better understand
this phenomenon, we break down our evaluation
into various axes: tasks, model family and sizes,
influence of special tokens, model precision, role
of context vs. full question on question answering,
and type of embeddings used for computing attribu-
tions, in order to distinguish common and specific
patterns. Besides, we investigate the extension of



our findings at the token-level for head ablation.

3 Attribution Methods

In this section we briefly introduce the attribution
methods we compare and extend in the present
work. More details can be found in Appendix B.

3.1 ALTI-Logit and ALTI

ALTI-Logit is a decomposition-based attribution
proposed by Ferrando et al. (2023). It uses the
final layer unembedding matrix to assign to each
MLP and Multi-Head Attention (MHA) block a
"logit contribution" to the output logit, through an
additive decomposition along the model’s resid-
ual connections. Contributions of MLP blocks do
not get redistributed further backward, while for
MHA blocks they get backward redistributed onto
input tokens using purposely designed redistribu-
tion rules. The overall redistribution is conservative
and adds up to the output logit. ALTI-Logit was al-
ready applied to GPT-2 and we extend it to Llama3
by adapting it to handle grouped-query attention
(Ainslie et al., 2023) and RMSNorm (Zhang and
Sennrich, 2019). Since ALTI-Logit can not be ex-
tended to BERT (because residual connections are
interleaved with LayerNorm (Ba et al., 2016) hin-
dering the layer-wise additive decomposition of
ALTI-Logit), for BERT we instead use ALTI (Fer-
rando et al., 2022) as the nearest proxy. ALTI is a
purely attention-based attribution and is not related
to the model’s output logit.

3.2 LRP and AttnLRP

LRP for Transformers is a decomposition-based
attribution proposed by Ali et al. (2022). It is based
on decomposing the model’s output logit layer-by-
layer by designing propagation rules that assign
a relevance to every neuron of the model. While
ALTI-Logit decomposes the output logit additively
among different layers, LRP assign to each layer a
relevance that is equal to the output logit. While the
LRP variant from Ali et al. (2022) treats attention
weights as constants and do propagate relevance
backward through these neurons, recently Achtibat
et al. (2024) proposed another variant where the
relevance of the product neuron between attention
weights and the value vector get each assigned an
equal share of relevance, hence propagating rele-
vance backward through attention weights.

3.3 Baselines

Gradient-based. We consider two gradient-based
attributions where the contributions of an input
token (or a hidden vector) is computed either
as the Lj-norm (Gradient;, ) or squared Ls-norm
(Gradient;, ) of the output logit’s gradient w.r.t. that
token (or vector). Another gradient-based variant is
Gradient x Input, where the output logit’s gradient
w.r.t. the input token (or hidden vector) is element-
wise multiplied by the forward pass value of that
token (or vector). All variants can be efficiently im-
plemented via standard gradient backpropagation.

Attention Rollout. Here, attribution is obtained
by multiplying attention matrices recursively. This
method is independent of models’ output logits
(Abnar and Zuidema, 2020).

3.4 LRPx: efficient and simple
implementation of LRP variants

We introduce a modified Gradient x Input strategy
for implementing AttnLRP in simple and efficient
way, which is inspired by previous works on LRP.
The key idea is to detach parts of the computational
graph during the forward pass, without modifying
the forward pass values, but in a way that gradient
backpropagation on the modified graph will yield
gradients which can be multiplied by forward pass
values to obtain AttnLRP. In Appendix C we pro-
vide for the first time proofs of this equivalence.
We implement this strategy inside a new LRPx
toolbox (where the "x" stands for "multiple" LRP
variants) as it can implement both AttnLRP and
LRP efficiently. In section 5.4 we benchmark the
computational cost of the original AttnLRP imple-
mentation from Achtibat et al. (2024) against our
AttnLRP implementation.

4 A Benchmark for LM Attributions

4.1 Tasks and ground-truths

For reflexive anaphora (ra) we use the BLiMP
number agreement dataset from Warstadt et al.
(2020). For subject-verb agreement (sva) we use
the dataset released by Goldberg (2019), derived
from Linzen et al. (2016). For question answer-
ing (gqa) we use the answerable questions of the
SQuAD-v2 dataset from Rajpurkar et al. (2018).
On the syntactic tasks, we build the ground truth
nominal subject’s tokens using spaCy’s dependency
parser? for sva and fastcoref’s coreference resolu-
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tion® for ra. On the semantic task of extractive
ga we define as the ground truth the region in the
question’s context that is considered as the correct
answer to a question. For all tasks, we generate
a generic benchmarking dataset with ground truth
annotations that is model independent, as well as
a tokenized version for each model family we use.
Our datasets have a size of 1k samples for ra, 30k
samples for sva and 40k samples for ga.

4.2 Evaluation Metrics

Pointing Game (PG). This metric looks at the
top token with the highest relevance. If this token
is within the ground truth, the accuracy is 1 else 0.
A similar metric was used in Poerner et al. (2018).

Mean Reciprocal Rank (MRR). This is the sole
metric reported in ALTI-Logit (Ferrando et al.,
2023). It consists in retrieving the inverse of the
minimal rank (in decreasing order of relevance) of
the tokens belonging to the ground truth.

Relevance Mass Accuracy (RMA). This metric
was introduced in computer vision (Arras et al.,
2022), and calculates the fraction of positive rele-
vance that falls inside the ground truth w.r.t. the
total positive relevance.

Per-Token Accuracy (PTA). This metric makes
a binary classification decision using the sign of the
relevance. It assumes tokens inside the ground truth
shall receive a strictly positive relevance, while
tokens outside the ground truth shall have zero or
a negative relevance. As preliminary experiments
revealed that the PTA metric is close to random
baselines across all attribution methods we only
report PTA results for Table 1.

All metrics are in the range [0, 1] (the higher the
better), and we report results in percents.

4.3 Language Models

We employ the following models from the

HuggingFace library: bert-base-uncased,
bert-large-uncased, gpt2, gpt2-medium,
gpt2-large, gpt2-x1, Llama-3.2-1B,

Llama-3.2-3B and Llama-3.1-8B. Appendix
Table 9 provides further details as well as the
models’ prediction accuracies on the considered
tasks. Throughout our paper we use the terms
BERT, GPT-2 and Llama3 when we refer to an
entire model family. To avoid noise due to falsely
predicted samples, we consider only correctly
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predicted samples for evaluating attributions w.r.t.
our ground truth annotations.

4.4 Experimental Setup

For generating explanations we either use "con-
trastive explanations" from Yin and Neubig (2022),
i.e., we explain a logit difference, or else we explain
only the token with the highest logit for the con-
sidered task ("non-contrastive explanation"). For
generating the token-level attributions for AttnLRP,
LRP and Gradient x Input on BERT and GPT-2 we
either use the "full embeddings" (which are the sum
of token embeddings and positional embeddings)
or "partial embeddings" (meaning we use the to-
ken embeddings only). Unless stated otherwise,
we use double precision to generate attributions
on the ra and sva tasks, except on L1ama-3.2-3B
and L1lama-3.1-8B, otherwise we use the model’s
default precision.

5 Results and Discussions

5.1 Overview

In Table 1 we provide an overview of our results on
all tasks and models, using as a default setup: con-
trastive explanations, full embeddings (for BERT
and GPT-2), ignoring special tokens, and for ga
using only the context for evaluation. First, we
observe globally consistent results for a given task
and model family across model sizes, indicating
that our findings are robust to scale and to some
extent to random initialization (since models of dif-
ferent sizes were initialized with different weights).
This also shows that larger models are not neces-
sarily harder to explain (at least for the sizes we
considered). Another interesting observation is that
tasks with longer contexts do not lead to inferior
results, when considering the respective best per-
forming attribution for each task and family. For
instance, the PG accuracy is above 62% across all
models on the qa task for AttnLRP (and above 55%
for LRP) which is particularly remarkable given
that the input length has a minimum (resp. mean)
of at least 45 (resp. 193) tokens on this task, while
on the ra task ALTI-Logit reaches a PG accuracy
above 70% across all GPT-2 and Llama3 models,
and on this latter task the min (resp. mean) in-
put lengths are at least 2 (resp. 4). Regarding the
maximum PG accuracy across models for the same
attributions, this value is 94% on ga for AttnLRP
and LRP (reached on bert-base-uncased) and
88% on ra for ALTI-Logit (reached on gpt2-x1),
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ALTI-Logit/ALTI AttnLRP LRP Gradient AttnRollout
ra PGt MRRT RMA?T PTAT | PG MRR RMA PTA |PG MRR RMA PTA |PG MRR RMA PTA |PG MRR RMA PTA
bert-base-uncased 2 41 20 23 |35 63 36 47 | 36 62 35 44 | 33 65 36 23 0 25 18 23
bert-large-uncased 4 44 22 23 21 52 27 43 | 26 35 29 44 | 42 69 40 23 0 27 15 23
gpt2 71 84 54 41 15 49 22 35 | 41 64 36 38 |32 6l 37 36 |52 75 52 36
gpt2-medium 70 84 54 42 13 48 21 37 | 23 55 30 39 |28 58 34 36 |52 76 52 36
gpt2-large 84 91 60 43 8 45 17 36 | 17 52 27 39 |36 64 39 36 |52 76 52 36
gpt2-x1 88 93 58 42 14 49 23 42 |20 55 30 42 |36 64 39 36 |52 16 52 36
Llama-3.2-1B 82 91 54 38 |71 84 57 47 | 15 50 33 36 |27 55 32 35 |51 70 36 35
Llama-3.2-3B 76 87 52 37 |53 73 47 41 | 48 70 41 36 |24 54 31 35 |54 74 41 35
Llama-3.1-8B 82 90 58 39 33 62 38 39 |34 62 37 36 | 28 55 32 35 |61 79 0 35
Sva
bert-base-uncased 31 55 12 5 53 71 27 34 |46 65 22 34 |5 72 26 5 0 12 4 5
bert-large-uncased | 37 59 12 5 34 58 23 37 | 31 52 19 43 | 36 57 19 5 0 7 4 5
gpt2 68 81 34 33 39 62 31 40 | 55 71 36 4 |30 55 25 15 | 17 45 17 15
gpt2-medium 71 86 42 33 |35 61 30 43 | 55 71 36 43 | 33 56 26 15 |17 43 17 15
gpt2-large 82 88 46 36 | 38 63 32 35 |60 75 41 39 |29 53 27 15 | 17 43 17 15
gpt2-x1 77 85 40 32 | 43 66 35 38 |60 75 41 39 |30 54 26 15 |17 42 17 15
Llama-3.2-1B 48 07 32 34 |70 83 41 33 |21 54 23 17 | 27 51 22 15 | 36 56 19 15
Llama-3.2-3B 43 63 33 30 |66 79 39 28 | 47 66 27 18 | 27 48 21 15 |27 49 20 15
Llama-3.1-8B 39 58 31 36 |54 72 33 24 | 46 66 26 18 | 26 46 20 15 | 28 49 3 15
qa
bert-base-uncased 61 74 13 1 94 97 48 48 | 94 97 44 28 | 59 73 32 1 0 3 1 1
bert-large-uncased | 53 66 8 1 91 95 47 54 193 96 52 57 | 47 60 23 1 0 2 1 1
gpt2 72 83 16 2 8 91 50 68 | 88 93 51 67 | 60 71 33 1 0 5 0 1
gpt2-medium 84 90 25 5 84 90 52 70 | 86 91 48 62 | 61 70 35 1 0 2 0 1
gpt2-large 57 66 15 2 68 78 42 34 |67 15 39 40 | 52 62 29 1 0 3 0 1
gpt2-x1 - - - - 77 85 53 51 | 77 84 48 46 | 63 73 34 1 0 3 0 1
Llama-3.2-1B 28 8 8 4 |62 11 24 24 | 72 9 18 11 | 26 6 13 1 1 2 1 1
Llama-3.2-3B - - - - 70 12 28 26 62 8 15 8 18 6 10 1 0 2 1 1
Llama-3.1-8B - - - - 68 9 22 13 | 55 9 13 14 | 6 5 5 1 0 2 1 1

Table 1: Overview of attribution performance on all tasks and models. using the evaluation metrics of Pointing
Game (PG), Mean Reciprocal Rank (MRR), Relevance Mass Accuracy (RMA) and Per-Token Accuracy (PTA),
the higher the better. Best performing attribution for each metric is highlighted in bold, second best is underlined.
Missing ALTI-Logit results on the ga task are due to extremely high memory requirements of this attribution (which
prevented us from generating attributions even on 80GB GPUs).

which concretely means that in more than 88% of
the samples the token with maximum relevance is
inside the ground truth, which demonstrates a high
achievable explainability on both tasks. A surpris-
ing result though is that the relative performance
of attribution methods depends on the specific task
and model family. On the syntactic task of ra ALTI-
Logit performs very well on GPT-2 and Llama3.
On sva ALTI-Logit performs very well on GPT-2
while AttnLRP is superior on Llama3. While on
the semantic task of ga, AttnLRP and LRP both per-
form very well across all models, including BERT.
At the same time, on the syntactic tasks, BERT
models results are mixed across attribution meth-
ods, and even the Gradient baseline is competitive
in this configuration. Aside from that latter ex-
ception on BERT and syntactic tasks, our study
confirms that all decomposition-based attributions
perform significantly better than the gradient-based
and AttnRollout baselines, as was found in previous
works (Ferrando et al., 2023; Achtibat et al., 2024).
As for the evaluation metrics, PG/MRR/RMA ex-
hibit a strong agreement, especially on the best
performing attribution for each task and model fam-
ily. Our analysis further uncovers a failure mode

of MRR: although this metric is in principle re-
lated to PG (since it looks at the minimum rank
of the ground truth tokens, ordered by decreasing
relevance), due to the particular handling of ties
used by Ferrando et al. (2023), the MRR score
will substantially degrade when several tokens get
assigned zero relevance, which occurs more fre-
quently when computing Llama3 attributions with
bfloat16 on longer qa inputs, hence MRR dras-
tically drops although this is not related to a con-
siderably lower explainability (as can be seen from
the PG performance which keeps relatively high
for AttnLRP/LRP, though RMA scores also de-
creases to some extent). When we compare the
gradient-based baselines (see Appendix), we find
that Gradient xInput is far worse than Gradient,,
and Gradient,, across metrics, while Gradient;; and
Gradient,, are mainly equivalent, except on RMA
where Gradienty, is slightly better than Gradient;,,
therefore we report under Gradient only Gradienty,,.

5.2 Fine-grained analyses

Impact of contrastive explanations. In Table 2
we analyze the impact of using contrastive expla-
nations vs. non-contrastive explanations. Yin and



ALTI-Logit AttnLRP LRP Gradient

ra PGT MRR?T RMAT PG MRR RMA PG MRR RMA PG MRR RMA
bert-base-uncased - - - - 35 7 63 42 36 17 36 7 62 41 3516 33 13 65 54 36 24
bert-large-uncased - - - - - - 21 5 52 37 27 12 26 11 55 43 29 17 42 27 69 62 40 32
gpt2 71 5 84 40 54 0 15 56 49 76 22 40 41 72 64 84 36 18 326 61 42 37 21
gpt2-medium 70 12 84 40 54 0 13 55 48 74 21 55 23 68 55 82 30 26 28 9 58 43 34 23
gpt2-large 84 83 91 91 60 58 8 8 45 43 17 14 17 16 52 50 27 21 36 22 64 55 39 30
gpt2-x1 88 88 93 93 58 57 14 7 49 42 23 12 20 11 55 45 30 17 36 21 64 55 39 32
Llama-3.2-1B 82 82 91 91 54 50 71 0 84 36 57 17 15 1 50 40 33 26 27 12 55 45 3224
Llama-3.2-3B 76 76 87 87 52 49 531 73 37 47 18 48 16 70 50 41 33 24 13 54 46 3125
Llama-3.1-8B 82 77 90 88 58 52 33 7 62 42 38 24 34 14 62 50 37 30 28 22 55 51 3229
sva

bert-base-uncased - - - - - - 5319 71 43 27 14 46 21 65 43 22 12 55 31 72 53 26 18
bert-large-uncased - - - - - - 34 17 58 41 23 13 31 18 52 40 19 13 36 23 57 44 19 14
gpt2 68 2 81 18 34 1 39 17 62 32 31 14 5513 71 30 36 9 30 20 55 46 25 20
gpt2-medium 77 3 86 21 42 1 3517 61 33 30 16 55 14 71 33 36 10 33 14 56 39 26 17
gpt2-large 8275 88 84 46 39 38 19 63 50 3222 60 38 75 61 41 30 29 28 53 52 27 26
gpt2-x1 77 71 85 82 40 35 43 19 66 50 3522 60 33 75 59 41 28 30 28 54 53 26 26
Llama-3.2-1B 48 48 67 68 32 30 70 3 83 41 41 16 21 7 54 44 23 19 27 23 51 47 22 20
Llama-3.2-3B 43 42 63 62 33 29 66 5 79 42 39 17 47 24 66 51 27 21 27 25 48 47 21 20
Llama-3.1-8B 39 37 58 59 31 29 54 6 72 42 3317 46 23 66 52 26 21 26 24 46 44 20 19
ga

bert-base-uncased 94 94 97 97 48 49 94 94 97 97 44 46 59 61 73 74 32 34
bert-large-uncased - - - - - - 91 92 95 95 47 47 93 93 96 96 52 54 47 49 60 62 23 24
gpt2 72 42 83 49 16 31 85 8 91 19 50 5 88 16 93 25 51 8 60 45 71 61 3323
gpt2-medium 84 25 90 42 25 24 84 35 90 48 52 15 86 37 91 46 48 12 61 45 70 59 3523
gpt2-large 57 57 66 67 15 16 68 70 8 79 42 43 67 68 75 71 39 41 52 55 62 65 29 33
gpt2-x1 - - - - - - 7779 85 86 5355 7779 84 85 48 50 63 66 7375 34 38
Llama-3.2-1B 28 29 8 8 8 9 62 59 1 11 24 24 72 71 99 18 18 26 31 6 6 13 16
Llama-3.2-3B - - - - - - 70 69 12 13 28 28 62 62 8 8 15 15 18 20 6 6 10 11
Llama-3.1-8B 68 69 9 9 22 22 55 56 9 9 13 13 6 6 55 55

Table 2: Attribution performance with contrastive explanations (left) vs. non-contrastive explanations (right).

ALTI-Logit/ALTI AttnLRP LRP Gradient AttnRollout

ra PGt MRR?T RMAT PG MRR RMA PG MRR RMA PG MRR RMA PG MRR RMA
bert-base-uncased 2 2 41 41 20 18 3535 63 62 36 33 36 35 62 60 35 30 33 33 65 64 36 32 00 25 14 18 4
bert-large-uncased 4 4 44 44 22 20 21 20 52 51 27 26 26 26 55 51 29 26 42 42 69 69 40 36 00 27 15 15 4
Llama-3.2-1B 82 82 91 91 54 51 71 62 84 78 57 49 15 15 50 50 33 32 27 16 55 42 3223 510 70 39 36 0
Llama-3.2-3B 76 76 87 87 52 51 53 44 73 67 47 40 48 47 70 69 41 38 24 5 54 36 31 20 540 74 41 41 0
Llama-3.1-88 82 81 90 90 58 54 33 24 62 52 38 30 34 1 62 37 37 19 28 1 55 34 3218 610 79 43 00
sva

bert-base-uncased 31 31 55 55 12 12 53 53 71 70 27 26 46 46 65 64 22 21 55 55 72 72 26 25 00 12 8 4 2
bert-large-uncased 37 37 59 59 12 11 34 34 58 57 23 22 3131 52 52 19 18 36 35 57 55 19 18 00 76 4 2
Llama-3.2-1B 48 41 67 62 32 29 70 68 83 81 41 39 21 20 54 53 23 22 27 8 5135 2215 36 0 56 32 19 0
Llama-3.2-3B 43 34 63 56 33 27 66 62 79 76 39 36 47 41 66 62 27 24 27 2 48 30 21 14 270 49 30 20 0
Llama-3.1-88 39 17 58 44 31 20 54 50 72 68 33 30 46 2 66 39 26 15 26 0 46 28 20 11 280 49 29 30
ga

bert-base-uncased 61 61 74 74 13 13 94 94 97 97 48 48 94 94 97 97 4 42 59 59 73 73 32 31 00 32 10
bert-large-uncased 53 53 66 66 8 8 91 91 95 95 47 45 93 92 96 95 52 50 47 47 60 60 23 23 00 22 10
Llama-3.2-1B 28 26 8 8 8 8 62 60 111 24 24 72 71 99 18 18 26 10 6 6 13 10 10 22 10
Llama-3.2-3B - - - - - - 70 70 12 12 28 28 62 62 8 8 15 15 18 2 6 5 10 6 00 2 2 10
Llama-3.1-88 68 68 99 22 22 55 11 9 8 13 10 6 1 5 4 53 00 2 2 10

Table 3: Attribution performance on non-special tokens (left) vs. all tokens (right).

Neubig (2022) introduced contrastive explanations
and showed their superiority in a GPT-2 and a GPT-
Neo model, using gradient-based and erasure-based
attributions and syntactic tasks. We study the im-
pact of contrastive explanations for the first time
on the decomposition-based explanations of ALTI-
Logit, AttnLRP and LRP, as well as on the semantic
task of ga, across model families and sizes. Aside
from a few exceptions on the ra task (w.r.t. At-
tnLRP/LRP and the gpt2/gpt2-medium models),
contrastive explanations are either strikingly supe-
rior or almost equivalent to non-contrastive expla-
nations across all tasks, models and attributions.
This picture is particularly clear on the sva task.
Hence using contrastive explanations is a good
default choice when generating attributions. On
the qa task, a few GPT-2 models greatly bene-
fit from using contrastive explanations, while for
the remaining models (BERT and Llama3), both
contrastive and non-contrastive explanations are

mainly equivalent.

Impact of special tokens. A non-negligible por-
tion of relevance is assigned to special tokens
across all attributions methods. This is illustrated
in Table 3 by the fact that evaluation using only
the non-special tokens often leads to better perfor-
mance than when using all tokens (or to equivalent
performance). Therefore we recommend escap-
ing the special tokens when using attributions to
understand the model’s predictions.

Impact of context vs. full question for ga. A
similar finding holds for the task of ga, where the
question itself gets assigned a non-negligible rele-
vance across all attributions. Hence, performance
increases uniformly when considering only the con-
text for evaluation, see Table 4.

Impact of model precision. We study the impact

of model precision on explanation quality in Ta-
ble 5. Default precision is float32 for BERT/GPT-



ALTI-Logit/ALTI AttnLRP LRP Gradient AttnRollout
qa PGt MRRT RMAT PG MRR RMA PG MRR RMA PG MRR RMA PG MRR RMA
bert-base-uncased 61 18 74 40 13 7 94 60 97 76 48 26 94 72 97 83 44 28 59 38 73 53 32 19 00 32 11
bert-large-uncased 53 24 66 42 8 5 91 48 95 68 47 25 93 64 96 78 52 31 47 32 60 46 23 16 00 22 11
gpt2 72 69 83 80 16 14 85 32 91 60 50 23 88 70 93 81 51 36 60 46 71 59 3323 00 55 00
gpt2-medium 84 79 90 86 25 21 84 37 90 63 52 27 86 61 91 75 48 32 61 48 70 60 35 26 00 22 00
gpt2-large 57 56 66 65 15 14 68 35 78 57 42 24 67 55 75 66 39 29 52 44 62 55 29 23 00 33 00
gpt2-x1 - - - - - - 77 35 85 60 53 27 77 53 84 68 48 31 63 48 73 61 34 25 00 33 00
Llama-3.2-1B 28 26 8 6 8 7 62 11 1 8 24 11 72 21 9 6 18 10 26 19 6 5 13 8 11 22 11
Llama-3.2-3B - - - - - - 70 13 12 9 28 12 62 34 8 6 15 9 18 14 6 4 10 6 00 21 11
Llama-3.1-8B 68 9 9 7 22 10 55 39 9 7 13 8 6 5 53 53 00 21 11

Table 4: Attribution performance on context-only (left) vs. full question (right) on the ga task.
ALTI-Logit/ALTI AttnLRP LRP Gradient AttnRollout
ra PGt  MRRT RMA?T PG MRR  RMA PG MRR  RMA PG MRR  RMA PG MRR  RMA
bert-large-uncased | 4 4 44 44 22 22 | 21 21 5252 2727 | 2626 5555 2929 | 4242 6969 4040 | 0 0 2727 1515
gpt2-x1 8888 9393 5858 | 1414 4949 2323 | 2020 5555 3030 | 3636 6464 3939 | 525 767 5252
Llama-3.2-18 8182 9091 5454 | 7271 838 5857 | 1515 5050 3333 | 2727 5555 3232 | 5051 6870 36 36
sva
bert-large-uncased | 37 37 59 59 12 12 | 3434 5858 2323 | 3131 5252 1919 | 3636 5757 1919 | 0 0 7 7 4 4
gpt2-x1 7777 8585 40 40 | 4343 6666 3535 | 6060 7575 4141 | 3030 5454 2626 | 1717 4242 1717
Llama-3.2-18 4848 65 67 3232 | 7170 8183 4141 | 2121 5354 2323 | 2727 4951 2222 | 3636 5456 1919
qga
bert-large-uncased | 53 53 66 66 8 8 | 9191 9595 4747 | 9393 9696 5252 | 4747 6060 2323 | 0 0 2 2 1 1
gpt2-x1 - - - 7777 8585 5353 | 7777 8484 4848 | 6363 7373 3434 | 00 33 00
Llama-3.2-18 6263 1177 2424 | 7272 98 1818 | 2626 643 1313 | 11 27 11
Table 5: Attribution performance with default precision (left) vs. double precision (right).
AttnLRP LRP AttLRP LRP
ra PGT MRRT RMAT PG MRR RMA ra PGt MRRT  RMA?T PG MRR RMA
bert-base-uncased 3532 6360 36 34 | 3635 6261 3533 bert-base-uncased 3532 63 60 36 34 | 3635 6261 3533
bert-large-uncased | 2121 52 52 27 27 | 2626 5555 29 29 bert-large-uncased | 21 21 52 52 27 27 | 2626 5555 2929
gpt2 1520 49 53 2228 | 4149 6470 36 43 gtz 1520 49 53 2228 | 4149 6470 3643
gpt2-medium 1315 4849 2122 | 2322 5555 30 30 gpt2-mediun 1315 4849 21 22 | 2322 5555 3030
gpt2-large 8 7 4545 1718 | 1716 5252 2727
gpt2-large 8 7 4545 1718 | 1716 5252 2727 o 413 445 232 | 2018 2833 309
gpt2-x1 1413 4949 2322 | 2018 5553 3029 Z ad
sva
sva
bert-base-uncased 53 51 71 70 27 28 46 45 65 64 22 22
bert-base-uncased 5351 7170 27 28 | 4645 6564 2222 bert-large-uncased | 34 35 58 58 23 23 | 3132 5252 1920
bert-large-uncased 34 35 58 58 23 23 31 32 52 52 19 20 gpt2 39 41 62 63 31 32 5555 7170 36 37
gpt2 39 41 62 63 31 32 5555 7170 36 37 gpt2-medium 3538 61 63 30 32 5552 7169 3636
gpt2-medium 3538 61 63 30 32 | 5552 7169 3636 gpt2-large 3836 6362 3231 | 6057 7573 4140
gpt2-large 3836 6362 3231 | 6057 7573 4140 gpt2-x1 4341 66 65 3535 | 6058 7574 4140
gpt2-x1 4341 66 65 3535 | 6058 7574 4140 P
qa bert-base-uncased 94 94 97 97 48 50 94 94 97 97 44 44
bert-base-uncased | 94 94 97 97 48 50 | 9494 9797 44 44 bert-large-uncased | 9191 95 95 47 47 | 9392 9695 5253
bert-large-uncased | 91 91 95 95 47 47 | 9392 9695 52 53 EDZ " gi gg 3‘1) gg :g ‘s‘g gi gz gi g: i; ;1)
gpt2-medium
2 8583 9190 50 46 | 8889 9393 5151 gpt2-large 6868 7878 4242 | 6766 7575 3940
gpt2-medium 8483 90 90 5252 | 868 9191 48 50 o 7777 8584 5383 | 7777 sase a5 49
gpt2-large 6868 7878 4242 | 6766 7575 39 40 &P
gpt2-x1 7777 8584 5353 | 7777 8484 4349

Table 6: Attribution performance with full embeddings
(left) vs. partial embeddings (right).

2, and bfloat16 for Llama3, which we compare
to double precision (i.e., float64). Most results
are equivalent irrespectively of the precision. Thus
it is adequate to use the model’s default precision
for generating explanations.

Impact of embeddings. According to Table 7, in a
bare majority of cases, on BERT and GPT-2 using
the full embeddings is slightly better than using
partial embeddings for AttnLRP/LRP (or else both
are equivalent), therefore it is justified using the
full embeddings as a default.

5.3 Transferability to head pruning

So far we validated the accuracy of token-level at-
tributions w.r.t. linguistic and semantic evidence.
We now investigate whether our findings for ex-

Table 7: Attribution performance with full embeddings
(left) vs. partial embeddings (right).

plaining and understanding predictions in terms
of input attributions translate to head pruning ef-
ficiency, when using the respective latent attribu-
tions obtained with the same attribution methods
(we exclude AttnRollout and ALTI, since they do
not provide head-level attributions). Head-level
pruning has been widely employed to exemplify
usefulness of XAI (Michel et al., 2019; Voita et al.,
2019; Li et al., 2021), though often limited to a
few attribution methods. We compare head prun-
ing across six attribution methods and a random
baseline. Additionally, we explore various poolings
for aggregating the attention’s output attributions
into one relevance value per head (with/without
ReLU preprocessing, see Appendix D for more
details). To reduce the computational cost of the
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Figure 2: Pruning of attention heads (least relevant
heads are pruned first) on the sva task. The y-axis
depicts the prediction accuracy, the x-axis is the number
of pruned heads, the higher the curve the better. Ran-
dom is averaged over 10 runs.

experiments we select a random subset of 1k sam-
ples for the sva dataset and a random subset of
200 samples from the ga dataset. For ra and sva a
token-level ReLU preprocessing seems to perform
best across methods, while for ga results differ per
pooling type. For sva the main results are provided
in Figure 2 (for full results see Appendix D). Ac-
cordingly, the best performing attributions for head-
level pruning are AttnL.RP, LRP, and surprisingly
the simple Gradient x Input while ALTI-Logit and
other gradient-based variants are inferior. This un-
derscores the fact that deleting parts of the model’s
internal components while retaining prediction per-
formance, and quantifying which tokens are sup-
porting the model’s current prediction, are two dif-
ferent objectives that are not necessarily aligned.
Hence, depending on the intended goal, different
methods might perform well, and there does not
seem to exist a general purpose XAl method that
solves all problems.

5.4 Speedup with LRPx

We benchmark the runtime of our efficient At-
tnLRP implementation with our LRPx toolbox (i.e.,

Model GPU | GxI AttnLRP AttnLRP (ours) | Speedup
bert-base-uncased V100 | 7.3 26.6 13.9 1.91x
bert-base-uncased A100 | 7.5 242 133 1.82x
gpt2 V100 | 8.4 223 12.9 1.73x
gpt2 A100 | 8.6 215 12.1 1.80x
Llama-3.2-1B V100 | 20.4 40.2 249 1.62x
Llama-3.2-1B A100 | 20.5 39.7 23.1 1.72x

Table 8: Median per-sample runtimes (in ms) for
GradientxInput, AttnLRP (explicit implementation
from Achtibat et al. (2024)), and our efficient AttnLRP
implementation. Speedup is the median per-sample ra-
tio between AttnLRP and our efficient AttnLRP.

using a modified Gradient x Input strategy) against
the original AttnLRP implementation proposed in
Achtibat et al. (2024) (which relies on an explicit
layer-wise relevance computation). We also record
standard GradientxInput (i.e., without any LRP-
specific layer modification) as a baseline. Run-
times are measured on the first 1000 samples of
the sva dataset, using bert-base-uncased, gpt2
and Llama-3.2-1B with single precision, on an
NVIDIA Tesla V100 (32GB) and an A100 (40GB).
We track only the backward pass and the token-
level relevance aggregation, since the forward pass
is identical across methods. We record median per-
sample runtime, and median per-sample ratio be-
tween both AttnLRP implementations. Results are
reported in Table 8. Across all models and GPUs,
LRPx is consistently faster than the explicit At-
tnLRP implementation. The speedup ranges from
1.62x to 1.91x on the V100 and from 1.72x to
1.82x on the A100. This shows that our LRPx
strategy substantially reduces the computational
time of AttnLRP.

6 Conclusion

In this work we compared the decomposition-based
attributions of ALTI-Logit, LRP and AttnLRP w.r.t.
carefully constructed ground truth annotations on
various tasks, model families and sizes. On all
considered configurations we could confirm that
those attributions are superior to gradient-based
and an attention-based baselines. Though the best
performing attribution depends on the given task
and model family, while model size does not seem
to impact explanation quality. We further showed
that results on token-level attribution quality do
not directly translate into head pruning perfor-
mance. Finally, we proposed a more efficient im-
plementation of AttnLRP that relies on a modified
Gradient x Input strategy, as well as theoretically
demonstrated the validaty of this appraoch.



Limitations

We annotate ground truth labels automatically
on the syntactic tasks using spaCy’s depen-
dency parser and fastcoref’s coreference resolution,
which might introduce some noise in the evalua-
tion process, since these tools do not guarantee
100% correct labeling. Furthermore, parts of our
benchmark datasets are extracted from real-world
natural language data, and we do not filter samples
for misspellings, typographical errors, and incor-
rect grammar. We believe these aspects should not
influence the results in a noticeable way, and be-
sides our goal is to compare attribution methods in
a realistic setup.

Due to the nature of our selected tasks, we did
not take interaction between tokens in pairs of in-
puts into account. Further investigations on this as-
pect could be done using second-order attributions
to understand similarity between pairs of inputs
(Moeller et al., 2023; Vasileiou and Eberle, 2024;
Eberle et al., 2022; Dhamdhere et al., 2020).

Regarding the selection of models, we chose to
focus on BERT, GPT-2 and Llama3 families since
these are well-studied and commonly used in the
NLP literature. Future work could explore further
model variants.
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A Implementation details

Software Requirements All experiments us-
ing attribution methods were conducted within a
Python 3.11.9 environment using the following
Python packages and corresponding versions:

SpaCy 3.7.3

e Pandas 2.2.1

PyTorch 2.3.0

NumPy 1.26.4
* HuggingFace Transformers 4.48.1

The attention-head pruning experiments were
conducted within a Python 3.12 environment using
the following Python packages and corresponding
versions:

e TransformerLens 2.18.0
* PyTorch 2.11.0
* NumPy 1.26.4

* HuggingFace Transformers 4.57.6
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Model #params layers heads hiddensize | sva ra ga
BERT (WordPiece, vocab size: 30,522)

bert-base-uncased 110M 12 12 768 0.97 094 0.76
bert-large-uncased 340M 24 16 1024 097 095 0.83
GPT2 (BPE, vocab size: 50,257)

gpt2 124M 12 12 768 0.92 0.99 0.66
gpt2-medium 345M 24 16 1024 0.93 0.99 0.69
gpt2-large 774M 36 20 1280 0.94 099 0.69
gpt2-x1 1.5B 48 25 1600 094 099 0.70
Llama3 (tiktoken BPE, vocab size: 128,256)

Llama-3.2-1B 1.23B 16 32 2048 095 1.0 0.76
Llama-3.2-3B 3.21B 28 24 3072 096 1.0 0.78
Llama-3.1-8B 8B 32 32 4096 0.96 0.99 0.80

Table 9: Model Details and Prediction Performances on the sva, ra and qa tasks.

Model Details and Licenses Table 9 summarizes
information about the models sizes and tokenizers
as well as the prediction performance of the sva,
ra and qa tasks. BERT is released under Apache
2.0, GPT-2 under MIT, and Llama3 under Meta
Llama 3 Community License.

Computational Cost For the performed exper-
iments, we required roughly 200 GPU hours on
NVIDIA A100 40GB GPUs and 100 GPU hours
on NVIDIA A100 80GB GPUs.

B Attribution methods details

Let us first introduce some notations that will help
us analyze and compare the strategy of the consid-
ered attributions. Let 2} be the token representation
for timestep ¢ and layer [, and R}, the corresponding
relevance* for this token. Accordingly RY repre-
sents the relevance of the input token for timestep ¢.
Let U be the output unembedding matrix, and U,,
the column vector for the predicted token w. Hence,
the language model’s prediction logit for predict-
ing token w at timestep 7" is>: logit,, = x% - Uy,
with L being the number of layers of the model. A
property which is common to all decomposition-
based attributions is that the logit,, is decomposed
additively into contributions of model components
(token, neuron, head or layer depending on the
method), or in other words, the contributions of
model components sum up to the value logit, .

B.1 ALTI-Logit

ALTI-Logit is a recently proposed state-of-the-art
decomposition-based approach for Transformer

“In this work we use the terms relevance, contribution,
attribution and importance score interchangeably.

SHere we assume an autoregressive Language Model, with
T being the input length, but most considered attributions are
in principle applicable to masked Language Models as well.
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Language Models proposed by Ferrando et al.
(2023). Its main idea is to additively decompose
the final layer’s token representation :U:Lp used to
compute the prediction logit (i.e., the penultimate
vector ahead of the output unembedding layer U)
into layer-wise contributions of the outputs of each
MLP and MHA block®, by following the resid-
ual connections of the model (Elhage et al., 2021).
While the contributions of the MLP blocks are not
decomposed further backward, the contributions
of the MHA blocks get further broken down into
contributions of their respective input token rep-
resentations, similarly to attention decomposition
from Kobayashi et al. (2021). The latter is achieved
by linearizing the MHA-block by viewing the at-
tention weight matrix as a constant, as well as treat-
ing the standard deviation within the normalization
layer as a constant, similarly to how Layer-wise
Relevance Propagation (LRP) was previously ex-
tended to Transformers (Ali et al., 2022). Lastly,
in order to account for the mixing of information
across multiple layers, a token-level contribution
matrix is built within each MHA block by consid-
ering the contributions of the MHA'’s transformed
vectors to the MHA'’s output vector (as was done
in the ALTI method by Ferrando et al. (2022)),
and the resulting matrices are multiplied across lay-
ers to finally obtain an ALTI-Logit contribution
for each input token. Overall the decomposition
property of ALTI-Logit can be summarized as fol-
lows”: 3, RY + 3, R} = logit,,, where R is
the input token contribution for each timestep ¢ in
the input sequence resulting from the MHA blocks
and aggregated over all layers, while RZT is the

®We refer to MLP as Multi-Layer Perceptron, and MHA as
Multi-Head Attention, representing the two main components
of the Transformer architecture.

"Ignoring contributions from model biases for simplicity
of notation.



contribution of the output of each MLP block for
the given prediction timestep 7" and layer [, since
ALTI-Logit assumes that there is no mixing of in-
formation across timesteps resulting from MLP
blocks.

In practice, the official implementation of ALTI-
Logit® by Ferrando et al. (2023) requires the com-
putation of a second, carefully designed forward
pass through the model (using attention matrices, as
well as weight parameters from various intermedi-
ate layers), after having run a first standard forward
pass through the model during which the inputs and
outputs of hidden layers are collected via hooks.
This dedicated forward pass in ALTI-Logit was so
far derived for Pre-LayerNorm architectures’ and
autoregressive Language Models, and exclusively
applied to the models GPT2, OPT and BLOOM.

In this work we extend the ALTI-Logit algorithm
to the Llama-3 model family (Grattafiori et al.,
2024) by adapting ALTI-Logit to handle grouped-
query attention (Ainslie et al., 2023), as well as RM-
SNorm normalization (Zhang and Sennrich, 2019).
However, we refrain from adapting ALTI-Logit
to the BERT model family, as this model is not
compatible with an additive decomposition along
residual connections due to an interleave with Lay-
erNorm layers. Instead for BERT we use the ALTI
method (Ferrando et al., 2022) as a proxy.

ALTI-Logit provides layer-wise token-level (as
well as head-level) contributions to the prediction
logit, and this method (resp. its components Logit
(Ferrando et al., 2023) and ALTI (Ferrando et al.,
2022)) were previously evaluated against Erasure
(Li et al., 2017), Gradient (Simonyan et al., 2014;
Lietal., 2016), Gradient x Input (Denil et al., 2015;
Shrikumar et al., 2016), Integrated Gradients (Sun-
dararajan et al., 2017), Attention Rollout (Abnar
and Zuidema, 2020) and GlobEnc (Modarressi
et al., 2022) explanations, where ALTI-Logit was
shown to deliver the best results.

B.2 Layer-wise Relevance Propagation

Layer-wise Relevance Propagation (LRP) (Bach
et al., 2015) is an interpretability method based on
a backward decomposition following a layer-wise
conservation principle. In other words, in each
layer of the model the contributions of neurons sum

8https ://github.com/mt-upc/logit-explanations

"We refer to Pre-LayerNorm to indicate that the normal-
ization layer is located before the self-attention computation
(resp. the fully-connected layers) within the MHA (resp. MLP)
blocks, as opposed to Post-LayerNorm where the normaliza-
tion happens after them.
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up to the prediction logit. More precisely it holds!°:
SRy =%, Rl = =3, R =logit,. LRP
was initially proposed for Convolutional Neural
Networks (Bach et al., 2015), and later extended to
other models such as Recurrent Networks (Arras
et al., 2017, 2019), Transformers (Ali et al., 2022;
Achtibat et al., 2024) and selective State Space
Models (Rezaei Jafari et al., 2024).

In practice, LRP can be implemented by apply-
ing dedicated LRP backward propagation rules for
each type of layer occuring in the network, and that
redistribute neuron relevances from upper layers to
lower layers in a conservative manner (Montavon
et al., 2019).

For a linear layer with forward pass equation
zj = Y, zw; + bj, and given the relevances
of the output neurons R;, the input neurons’ rele-
vances R; are computed through a summation of
the form!': R; = > % - R;, hence
their relevances are proportional to their forward
pass contributions. For an element-wise activa-
tion layer of the form z; = g(z;), with g being
a non-linear activation function, the relevance I?;
is redistributed backward using the identity rule,
thus R; = R;. In order to extend LRP to Trans-
former models, it is required to design new rules
to propagate the relevance backward through two
further non-linearities typical to the models’ archi-
tecture: product layers (occurring for instance in
the product between attention weights and value
vectors inside the MHA), and normalization layers
(LayerNorm or RMSNorm). To this end Ali et al.
(2022) propose to view the attention weights as a
constant, which is equivalent to using the signal-
take-all LRP redistribution rule for products which
was previously proposed for extending LRP to Re-
current Neural Networks (Arras et al., 2017, 2019).
For the normalization layers, Ali et al. (2022) pro-
pose to treat the standard deviation as a constant.
In practice, these two rules can be implemented by
treating the previous non-linearities as linear layers
for LRP.

Ali et al. (2022) evaluated LRP against various
attention-based X Al-methods (Abnar and Zuidema,
2020; Sood et al., 2020; Chefer et al., 2021a), as
well as Gradient x Input (Denil et al., 2015; Shriku-

Here also ignoring the relevances assigned to model bi-
ases for simplicity.

""This rule corresponds to the LRP-¢ rule (with € being a
small numerical stabilizer) which was shown to work well in
NLP. On computer vision models, in particular for convolu-
tional layers, other rules have be shown to be more adequate
(Montavon et al., 2019; Arras et al., 2022; ?)


https://github.com/mt-upc/logit-explanations

mar et al., 2016), and LRP was shown to deliver
the best results.

B.3 AttnLRP

AttnLRP is a novel variant of LRP (Achtibat et al.,
2024), which in contrast to ALTI-Logit and LRP
does not consider the attention weights as a con-
stant, and thus redistributes relevances backward
onto the key and query vectors. In particular
Achtibat et al. (2024) handles product layers by em-
ploying the LRP-uniform redistribution rule. Con-
cretely, given a product layer 2, - 2, = zj, the
relevance of the output neuron R is redistributed
equally among input neurons, hence R, = Rj =
0.5 - R;. This is similar to a rule previously pro-
posed for extending LRP to customized LSTMs
(Arras et al., 2019; Arjona-Medina et al., 2019).
As a result, the attention weights’ matrix is as-
signed relevance scores, opening up the question
of how to redistribute this quantity further back-
ward through the softmax non-linearity. For that
purpose Achtibat et al. (2024) propose a novel re-
distribution rule which is equivalent to using the
Gradient x Input XAI-method for that layer. While
this redistribution strategy does not conserve the
overall relevance between the layer’s output and
input neurons, it can be justified by the fact that dur-
ing the forward pass the softmax layer may have a
non-zero output while all inputs are zero, which can
be interpreted as a bias parameter for that layer'?
AttnLRP was evaluated against LRP from Ali
et al. (2022), as well as various attention-based
(Abnar and Zuidema, 2020; Chefer et al., 2021a,b;
Deiseroth et al., 2023) and gradient-based (Si-
monyan et al., 2014; Sundararajan et al., 2017,
Smilkov et al., 2017) XAI-methods, and AttnLRP
was shown to deliver the best results.
C Proofs regarding a modified
Gradient x Input strategy for an
efficient implementation of AttnLRP
and LRP

In this section we build upon various derivations
of LRP rules’ properties and implementation tricks
employed in previous works (Montavon et al.,

"2This is similar to how biases in linear layers get assigned
(or absorb) a portion of the relevance. Indeed, strictly speaking,
with LRP the sum of the input tokens’ relevances will be
numerically equal to the prediction logit only if all model
biases are set to zero (which in practice can serve as a sanity
check for the LRP implementation). See the redistribution
rule for linear layers introduced in Section B.2, where the bias
term appears in the denominator.
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2019; Lapuschkin, 2019; Eberle, 2022; Rezaei Ja-
fari et al., 2024), in order to provide a unified and
complete set of proofs demonstrating that the LRP
explanation method, and its variants, can be im-
plemented in a simple and elegant manner using a
modified Gradient x Input strategy.

To the best of our knowledge there exist so far no
comprehensive and complete set of proofs demon-
strating the equivalence of explicit LRP and At-
tnLRP rules with a modified GradientxInput ap-
proach. In the present work we close this gap by
providing such extensive proofs.

C.1 AttnLRP-uniform rule for product layers

As mentioned earlier, AttnLRP differs from LRP
by the rules it employs for the product and soft-
max layers, see Section B.3. Let us consider the
modified product layer defined by: 2; = 0.5 -
(2a = 2p) + (0.5 (24 * 2b)]geracnp- One can easily
see that the forward pass outcome remains un-
changed (i.e., z; = 2;). The resulting gradient
of z4 is: dz, = 0.5 - 23 - dz;. Now let’s assume
relevances are computed via a GradientxInput
formula using this modified product layer, thus
R; = dzj-zjand R, = dz,-2,. As aresultit holds:
Ry, =05 2-dzj-24=0.5"2-dz; =0.5- R},
which is equivalent to the uniform rule for products
.

Hence we have shown that the uniform rule used
in AttnLRP can be implemented via a modified
Gradient x Input strategy.

C.2 LRP-¢ rule for linear layers

Given a linear layer of the form z; = ) z;w;;+b;
in the forward pass, and given the relevances of the
output neurons R;, the input neurons’ relevances
R; are computed using the following LRP-€ rule:

=2

where the term € is a small positive numerical sta-
bilizer. But for simplifying the derivation let’s as-
sume € = 0, and so: R; = ). WL R;.

Now let’s assume the relevances at the layer out-
put and input are computed via Gradient x Input, in
other words it holds:

o RiWiyy
zj + € sign( zj

y ey

Rj = de . Zj
RZ' == dZZ‘ * 2

2
3

Using elementary rules of differentiation and the



chain rule it holds:

dZZ' = Z de . wij (4)
J

By incorporating Eq. 4 into Eq. 3, we obtain:

R =2 - Z dzj - wij ®)
J

And then replacing dz; by its value from Eq. 2, we
finally get:

Ri=z-) 2wy ©)

J

And by rearranging terms:
R;=Y #Mu.R; O @)

J

Hence we have shown that using Gradientx Input
one can implement the LRP-¢€ rule with e = 0.
Using the Gradient x Input strategy presents even
an advantage over an explicit implementation of
the LRP-¢ rule. Indeed with GradientxInput no
fraction is involved in the computation, and hence
no denominator needs to be stabilized, while with
explicit LRP one has to use a non-zero e stabilizer,
which might introduces some noise or dampen the
explanation process, as the € value is kind of arbi-
trary, and its impact will be higher the lower the
magnitude of the denominator ‘s value.

C.3 LRP-identity rule for element-wise
activation layers

Given an element-wise activation layer of the form:
zj = g(%), with g being the activation function.
The LRP-identity rule redistributes the relevance
identically from the layer’s output to the layer’s
input, thus ; = R;.

Now let’s define a modified forward function for
the layer of the form:

]detach() (8)
Obviously it holds that z; = z;, so the forward
pass outcome remains unchanged.
Using elementary rules of differentiation and the
chain rule it holds:

g(éi)

dZZ':[

Now assuming we compute the relevances at the
layer’s output as well as at the layer’s input with

| - dz; ©)]
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Gradient x Input using the modified layer, we get:

—

9(zi

Rizdzi'zi:[zl_}-déj'zi (10)
= g(Zi) . dﬁ’j = ﬁ’j . dﬁ’j (11)
=R; O (12)

Hence we have shown the LRP-identity rule can
be implemented implicitly by using the modified
Gradient x Input strategy.

Moreover, note that one does not even need a
numerical stabilizer to handle a zero-valued input
in the activation layer. Indeed most considered
element-wise activation functions (such as GELU
or SiL.U) have a zero-valued output when their in-
put is zero. Thus one possibility to deal with a zero-
valued input is to set the output manually to zero for
Z; in this particular case (i.e., to a constant), hence
the resulting gradient will be zero. And as a con-
sequence, the relevance using the GradientxInput
strategy will be zero. This is still meaningful for
LRP as in such a case the output’s relevance will
be zero anyway, so there is no relevance to redis-
tribute backward (indeed LRP relevances are gen-
erally proportional to neurons’ contributions in the
forward pass, and for a subsequent linear layer a
zero-valued input does not contribute to the output,
hence receiving no relevance).

C.4 LRP-signal-take-all rule for product
layers

Given a product layer of the following form: z; =
24 * Zs, Where 2, is a gate neuron and z; is a signal
neuron (in the MHA attention layer the former will
be the attention weight, and the latter a component
of the value vector).

The LRP-signal-take-all rule redistributes all the
relevance to the signal neuron, i.e., Ry = R; and
Ry, =0.

And let’s define the following modified product
layer:

Zj = [20)getacno * % (13)

Obviously z; = z;.

Now assuming we compute the relevances at the
layer’s output and input via GradientxInput, thus
it holds:

R; =dzj - % (14)
R =dzs - zs (15)
Ry =dzg- 24 (16)



Per definition of elementary rules of differentia-
tion and the chain rule on Eq.13, we have:

A7)
(18)

dzg = dzj - 24
dzg =0

By incorporating Eq. 17&18 into Eq. 15&16, we
finally get:

RS = dfj T Zg ks = dfj . ij (19)
Ry=0 (20)

And by using Eq. 14:
R, = R, @0
R,=0 0O (22)

Hence we have shown the LRP-signal-take-all rule
can be implemented implicitly by using the modi-
fied Gradient x Input strategy.

C.5 LRP rule for normalization layers

We illustrate this rule using the Pytorch LayerNorm
layer (a similar rule can be applied to RMSNorm),
which is defined by:

0 — 2z Blzi]
where the parameters of the layers €, v and /3 are
constants.

In order to extend LRP to Transformers Ali et al.
(2022) propose to treat the standard deviation of the
Layernorm as a constant, which can be achieved
by modifying the layer in the following way:

Y+ 8 (23)

[V Varlzil+e umo

Obviously z; = zj.

Further the modified layer is now a linear layer
(since all remaining operations in the layer such as
the mean operation are linear). Hence the layer can
be treated similarly to Section C.2. [

So overall we have shown that the LRP rule
proposed for normalization layers in Transformers
can be implemented with Gradient x Input.

(24)

2= Y+ B

C.6 AttnLRP rule for softmax layers

Let us introduce some new notations to match
closely the ones from Achtibat et al. (2024). So
far we have mainly dealt with single neurons, now
we deal with vectors. So let the input vector be x
and the output vector be s, and both can be indexed
either by i or j.
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Per defintion of the softmax operation we have:

e’i

2o ev

5j(x) = (25)

Using elementary rules of differentiation one can
fori =3

show that:
- { fori # j

Now assuming the input’s and output’s rele-
vances are computed via Gradient x Input, i.e.:

9s;
8:752-

sj(1 = s5)
—SjSz‘

(26)

Rs; = dsj - s; 27
Ry, =dx; - z; (28)
Using the chain rule it holds that:
Ry, =dz; - x; (29)
= ?)j:] dsj - x; (30)

By incorporating Eq. 26 into Eq. 30, one obtains:

R _Z Sj(l—Sj)'de'J:‘Z' forz':j
e § —858; de * Ty for ¢ #]
GD

By identifying the term from Eq. 27:

R _Z (i —s5-2;)- Ry, fori=j
e § —si-xi-RSj fOI'Z'#j
(32)

Hence we finally arrived at the LRP rule proposed
for the softmax layer in Achtibat et al. (2024) (see
Appendix A.3.1 of their work). [

Thus, in summary, we have provided a complete
set of proofs that all LRP, resp. AttnLRP, rules
used in Transformers can be implemented via a
Gradient xInput approach, by simply modifying
adequately parts of the non-linear layers (namely
product, normalization and element-wise activation
layers) and keeping all linear layers unmodified.

D Head pruning additional results

Full head pruning results are provided in tables 3-5.

E Usage of AI Assistants

Al assistants were used to support coding tasks.
The authors retain full responsibility for all scien-
tific claims, interpretations, and conclusions.



Random —— Gradient I1 Gradient 2 Gradient x Input —— LRP —— AttnLRP —— AlLTl-Logit
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°
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ReLU per dim ReLU per token no ReLU

Figure 3: Pruning of attention heads (least relevant heads are pruned first) on the ra task. The y-axis indicates the
prediction accuracy, the x-axis is the number of heads pruned, the higher the curve the better. In order to get one
relevance value per head, we consider different types of pooling on the attribution of the attention’s head output of
shape (T=input length, H=head dim). We either: i) apply a ReLU preprocessing on the head’s single dimensions H,
then we sum up attributions over H and T ("ReLU dim"), or ii) we sum up attributions over H first to get one value
per token and then apply a ReLLU preprocessing at the token-level and finally sum up over T ("ReLU per token"),
or iii) we do not apply any ReLU preprocessing at all and simply sum up attributions over H and T ("no ReLU").
Pruning is done one head at a time. Random is averaged over 10 runs.
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Random —— Gradient I1 Gradient 2 Gradient x Input —— LRP —— AttnLRP —— ALTI-Logit

bert-base-uncased
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100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
RelU per dim RelU per token no RelU

Figure 4: Pruning of attention heads (least relevant heads are pruned first) on the sva task. The y-axis indicates the
prediction accuracy, the x-axis is the number of heads pruned, the higher the curve the better. In order to get one
relevance value per head, we consider different types of pooling on the attribution of the attention’s head output of
shape (T=input length, H=head dim). We either: i) apply a ReLU preprocessing on the head’s single dimensions H,
then we sum up attributions over H and T ("ReLU dim"), or ii) we sum up attributions over H first to get one value
per token and then apply a ReLU preprocessing at the token-level and finally sum up over T ("ReLU per token"), or
iii) we do not apply any ReLU preprocessing at all and simply sum up attributions over H and T ("no ReLU"). We
use a random subset of 1000 samples of the sva dataset for pruning, pruning is done one head at a time. Random is
averaged over 10 runs.
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Random —— Gradient I1 Gradient 2 Gradient x Input —— LRP —— AttnLRP —— ALTI-Logit

bert-base-uncased

Llama-3.2-1B

200 300 200
RelU per dim RelU per token no RelU

Figure 5: Pruning of attention heads (least relevant heads are pruned first) on the qa task. The y-axis indicates the
prediction accuracy, the x-axis is the number of heads pruned, the higher the curve the better. In order to get one
relevance value per head, we consider different types of pooling on the attribution of the attention’s head output of
shape (T=input length, H=head dim). We either: i) apply a ReLU preprocessing on the head’s single dimensions H,
then we sum up attributions over H and T ("ReLU dim"), or ii) we sum up attributions over H first to get one value
per token and then apply a ReLU preprocessing at the token-level and finally sum up over T ("ReLU per token"), or
iii) we do not apply any ReLU preprocessing at all and simply sum up attributions over H and T ("no ReLU"). We
use a subset of 200 samples of the ga dataset both for computing the head’s relevance and for pruning, pruning is
done one head at a time. Random is averaged over 10 runs.
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