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Abstract

Large Language Models (LLMs) have demon-
strated remarkable capabilities across diverse
tasks, yet their black-box nature raises concerns
about transparency and faithfulness. Input at-
tribution methods aim to highlight each input
token’s contributions to the model’s output,
but existing approaches are typically model-
agnostic, and do not focus on transformer-
specific architectures, leading to limited faith-
fulness. To address this, we propose Grad-
ELLM, a gradient-based attribution method for
decoder-only transformer-based LLMs. By ag-
gregating channel importance from gradients
of the output logit with respect to attention
layers and spatial importance from attention
maps, Grad-ELLM generates heatmaps at each
generation step without requiring architectural
modifications. Additionally, we introduce two
faithfulneses metrics 7-Soft-NC and 7-Soft-
NS, which are modifications of Soft-NC/NS
that provide fairer comparisons by controlling
the amount of information kept when perturb-
ing the text. We evaluate Grad-ELLM on sen-
timent classification, question answering, and
open-generation tasks using different models.
Experiment results show that Grad-ELLM con-
sistently achieves superior faithfulness than
other attribution methods.

1 Introduction

Large language models such as Llama have demon-
strated their remarkable ability on multiple down-
stream tasks, e.g., text generation and sentiment
classification (Touvron et al., 2023). However, as
these models grow in size and complexity, their
“Black Box” property has raised significant con-
cerns regarding transparency, trustworthiness, and
robustness. The lack of interpretability in LLMs
hinders their trustworthiness and thus adoption in
high-stakes domains, e.g., healthcare (Esteva et al.,
2019) and finance (Veale and Binns, 2017), where
accurate and fair decision-making is crucial. Lack

of interpretability also poses risks of generating
harmful or misleading contents, including biases,
hallucinations, and toxic outputs (Binns, 2018).

Explainable AI (XAI) has emerged as a criti-
cal area to address these challenges. The task
of input attribution aims to identify the parts of
the input that contribute most to the model’s out-
put, thereby revealing the model’s reasoning (Sun-
dararajan et al., 2017; Lei et al., 2016). Many
general attribution methods have been proposed
(Ribeiro et al., 2016; Sundararajan et al., 2017;
Shrikumar et al., 2017; Simonyan et al., 2014),
which are designed to work with any model and
data type, while others are specifically tailored
to language model tasks (Zhao and Shan, 2024;
Cohen-Wang et al., 2024; Zhang et al., 2022; Boyle
et al., 2025). Meanwhile, there is less related
work on using transformer-specific explanations
for decoder-only LLMs, e.g., autoregressive LLMs.

To fill this research gap, we propose Grad-
ELLM, a gradient-based explanations for LLMs.
Inspired by the outstanding performance of Grad-
ECLIP (Zhao et al., 2024a) in explaining the
transformer-based CLIP (Radford et al., 2021)
vision-language model (VLMs), in this paper we
extend Grad-ECLIP to explain decoder-only LLMs.
Grad-ECLIP generates heat maps by aggregating
the intermediate token representation of CLIP with
channel and spatial importance weights. However,
CLIP is a dual-encoder model trained with con-
trastive learning. To apply Grad-ECLIP to explain
decoder-only LL.Ms, we use the gradients of the
logit of the last token w.r.t the attention layer as
the importance for feature channels and use the
same loosened attention map for computing token
(spatial) importance. Then a heat map is calculated
for each LLM generation step.

Attribution methods are evaluated using faithful-
ness metrics, which measure how well the attribu-
tion scores reflect the actual importance of those
inputs — the inputs are perturbed according to the at-



tribution scores (e.g., inputs with higher-attribution
scores are removed first) and then the change of
the model’s output is observed. Recently, Zhao and
Shan (2024) proposed Normalized Soft Complete-
ness and Soft Sufficiency (Soft-NC/NS) to better
evaluate the faithfulness of the entire importance
distribution, which is based on soft-perturbations
that keep (or remove) words randomly based on the
importance distribution. However, we have iden-
tified an issue with Soft-NC/NS when comparing
two attribution methods — if the attribution scores of
the 2 methods have different means, then they will
have different expected numbers of kept words (i.e.,
kept information) in the soft-perturbation, leading
to unfair comparisons. To address this, we pro-
pose a modification, denoted as m-Soft-NC/NS,
which ensures the soft-perturbations have the same
amount of kept information.

In summary, our contributions are two-fold: 1)
we propose Grad-ELLM and show that it is consis-
tently more faithful than other attribution methods
by conducting experiments on 2 types of tasks and
5 datasets from 2 LLM families; 2) we propose new
faithfulness metrics that accounts for the amount
of information loss/kept during evaluation in order
to achieve fairer comparisons.

2 Related Work

Existing research on XAl for LLMs can be broadly
categorized into local and global explanation meth-
ods, as outlined in recent surveys (Zhao et al.,
2024b; Luo and Specia, 2024). Local explanations
focus on interpreting individual predictions, such
as through input attributions, while global expla-
nations aim to uncover broader model behaviors,
including internal representations and mechanisms.
Our work primarily builds on local input attribu-
tion techniques tailored for decoder-only LLMs,
addressing their unique autoregressive nature.

2.1 General Input Attribution Methods

Input attribution methods seek to quantify the con-
tribution of input features (e.g., tokens) to model
outputs, and early methods were model-agnostic
and originated from computer vision or general ML
contexts, but have been adapted to NLP. Gradient-
based approaches compute attributions by prop-
agating gradients from the output back to the in-
puts. Integrated Gradients (IG) (Sundararajan et al.,
2017) integrates gradients along a path from a base-
line input to the actual input, satisfying axioms like

completeness and sensitivity. DeepLIFT (Shriku-
mar et al.,, 2017) decomposes the output differ-
ence from a reference point by assigning contri-
butions based on neuron activations, offering ef-
ficiency over vanilla gradients. InputxGradient
(Simonyan et al., 2014) simply multiplies input
values by their gradients, providing a fast approx-
imation but sometimes suffering from saturation
issues in deep networks. These methods are compu-
tationally lightweight and faithful in encoder-based
models like BERT (Devlin et al., 2019), but their
application to decoder-only LLMs (e.g., Llama
(Touvron et al., 2023), Mistral (Jiang et al., 2023))
is challenging due to the need for per-token at-
tributions during autoregressive generation, lead-
ing to accumulated noise and reduced faithful-
ness (Zhao and Shan, 2024; Anonymous, 2024).
Perturbation-based methods alter inputs to observe
output changes. LIME (Ribeiro et al., 2016) ap-
proximates the model locally with a linear surro-
gate, sampling perturbations around the input to
estimate feature importance. While interpretable,
it assumes feature independence and can be sensi-
tive to sampling strategies, potentially destroying
semantic coherence in text (Ribeiro et al., 2016).
Our proposed Grad-ELLM builds on gradient-
based methods by extending them to decoder-only
LLMs, incorporating attention mechanisms to han-
dle autoregressive generation without additional
forward passes, thus maintaining efficiency while
enhancing faithfulness in sequential outputs.

2.2 Attributions for LLMs/Transformers

Recent works address LLM-specific challenges,
such as autoregressive generation and long con-
texts. For instance, Anonymous (2024) evaluate
attribution faithfulness on instruction-tuned LLMs,
arguing that low downstream accuracy (e.g., in clas-
sification) can confound evaluations. Some LLM-
focused methods include causal tracing for knowl-
edge localization (Meng et al., 2022), but they are
more suited for global interpretability rather than
per-input attribution. Other LLM-tailored methods
focus on perturbing to explain LLMs. Value Ze-
roing (Mohebbi et al., 2023) masks or zeros out
tokens at each generation step and measures the
impact on output representations, providing direct
causal insights. However, it requires multiple for-
ward passes per token, making it prohibitively ex-
pensive for long sequences in LLMs (e.g., O(n?)
complexity for n tokens) (Mohebbi et al., 2023).
Reagent (Zhao and Shan, 2024) uses an auxiliary
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Figure 1: Framework of the proposed Grad-ELLM. An attribution map is generated by aggregating the values v as
feature map in the attention layer with token weight A; and channel weight w,.. This example shows the attribution

map when generating the word “Negative”.

RoBERTa model (Liu et al., 2020) to generate
semantically-preserving perturbations, improving
robustness over LIME, but it introduces additional
computational overhead and may not generalize
well across LLM architectures due to the reliance
on an external perturber. Other attention-based
methods leverage the transformer’s self-attention
mechanism (Vaswani et al., 2017) as a proxy for ex-
planations. Raw attention weights visualize token
interactions (Bahdanau et al., 2015), but studies
show they are often weakly correlated with true
model reasoning, leading to plausible but unfaithful
explanations (Jain and Wallace, 2019; Serrano and
Smith, 2019). Extensions like Grad-SAM (Barkan
et al., 2021) incorporate gradients into attention
maps for better highlighting, yet they still suffer
from sparsity and noise in decoder-only models,
where attention evolves across generation steps
(Abnar and Zuidema, 2020).

For VLMs, Grad-ECLIP (Zhao et al., 2024a) ex-
tends Class Activation Mapping (Zhou et al., 2016)
to explain CLIP (Radford et al., 2021) by aggregat-
ing spatial and channel importance weights from
gradients and softened attention maps. It visualizes
image-text alignments but is designed for encoder-
decoder architectures, limiting direct applicability
to autoregressive LLMs without modifications to
handle sequential generation.

Unlike these methods, which often require auxil-
iary models, multiple perturbations, or architectural
changes, Grad-ELLM adapts Grad-ECLIP’s aggre-
gation of gradients and attention maps to decoder-
only LLMs, enabling faithful, per-step attributions

without modifications or high computational costs.

2.3 Evaluation of Attribution Faithfulness

Faithfulness is commonly assessed via inser-
tion/deletion curves (Petsiuk et al., 2018), com-
prehensiveness/sufficiency (DeYoung et al., 2020),
and axiom adherence (e.g., completeness) (Sun-
dararajan et al., 2017). Zhao and Shan (2024) pro-
poses Soft-NC and Soft-NS to handle continuous
attributions. However, these metrics may unfairly
penalize methods with different information loss
profiles during perturbation (see §3.3).

Other faithfulness metrics for LLM attributions
include: Area Over the Perturbation Curve (AOPC)
(Samek et al., 2016), which averages the change
in model output probability across multiple pertur-
bations to assess attribution quality; RemOve And
Retrain (ROAR) (Hooker et al., 2019), which eval-
uates by retraining the model after masking highly
attributed features and measuring the performance
drop; FaithScore (Jing et al., 2024), which quanti-
fies factual consistency in model-generated ratio-
nales; Ragas (Es et al., 2024), which measures how
grounded outputs are in retrieved contexts (RAG).

Our 7-Soft-NC/NS metrics build on these faith-
fulness evaluations by introducing a normalization
for expected information loss, ensuring fairer com-
parisons across attribution methods that generate
score distributions with different characteristics,
particularly in autoregressive LLM contexts.



3 Methodology

We begin with a brief overview of decoder-only
LLMs, and then propose our corresponding Grad-
ELLM attribution method. We then propose our
m-Soft-NC/NS faithfulness metrics.

3.1 Preliminary on LLMs

Decoder-only LLMs, such as Llama (Touvron et al.,
2023) and Mistral (Jiang et al., 2023), generate text
autoregressively: given an input sequence of tokens
X = {z1,x9,..., 2y}, the model predicts output
tokens Y = {y1, 92, ..., yn} sequentially, where
each y; is conditioned on all the inputs and the
previous outputs {x1,...,Zm, Y1, .., Yi—1}. That
is, at step ¢, the model computes the logit I; for y;
based on the prefix {1, ..., Tm, Y1, ..., Yi—1}-

The Transformer decoder consists of IV layers,
each with self-attention and feed-forward networks.
In self-attention, for a query q, keys k;, and values
v;, the attention weights are:

A = sof‘cnﬂax(q\%T ) €))

and the output is ) . \;v;, where d is the embed-
ding dimension. The attention weight captures to-
ken dependencies, but does not necessarily reflect
actual contributions to the output (Jain and Wallace,
2019), which necessitates explanation methods.
We denote zF) ¢ RmH1)xd a5 the input to
layer k (output of layer k + 1), with z") as to-
ken embeddings (of inputs X) and z(© as the fi-
nal hidden states (see Fig. 1). The logit I; for the
next token y; is derived from the ¢-th generated
token’s hidden state and zgo) € R? is the corre-
sponding row in z(?). We denote o(%) e R(m+t)xd
as the output of the self-attention block in layer £,

and thus the output of the transformer block k is
Z(k_l) — O(k;_l) + Z(k)

3.2 Proposed Grad-ELLM

We focus on explaining the contribution of input
tokens to [, the logit of the next generated token
y¢. Analogous to Grad-CLIP, we decompose the
decoder to relate [; to intermediate features (see
Fig. 1). We first consider the last layer (k :(O))
0

where the final hidden state for the last token is z;

The logit [; = EP(ZEO)), where LP is the linear
projection to vocabulary space. Approximating
linearity,
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where o\ is the ¢-th token in 0(), and

My, = z:softmax(qt\'/lgT Vi, (4

and A represents the self-attention layer. Thus we
obtain the approximation of logit [, recursively,

Iy ~ LP(\) + £P(oV) +
+ PN + P

as an aggregation of features from each layer.

Following Zhao et al. (2025), and looking at the
last transformer layer as an example, we approx-
imate the logit of the next predicted token as a
weighted combination of the channel features in o.
For the last layer (k = 0),

lgo) Z EP Ot

d© £ f(oy),
(6)

where we have defined the logit of the next gen-
erated token as a function of o, i.e., f(o;). We
denote the linear approximation of the logit as f,

flon) ~ flo) 23 weorld = wo (D)

The linear weights w are obtained by matching the
first derivatives of f and its linear approximation:

fll>  ®
- w|?, )

w = argmin|| f'(o;) —
w

= argmin || %

and thus we obtain the solution w* = 8f . Finally,
combining with (1) we have the appr0x1mat10n

0~ Z weoy[c] (10)
= olfen K vie (1)
= Z [Z af(ot softmax (- )VZc ,

e A
L (12)

where v;. is the c-th channel of v;. Thus the attri-
bution for the i-th token is

H; = ReLU(D  weAivie), (13)



where ReLU is used to focus only on tokens with
positive influence on the logit value. In this way we
decompose the attribution into two parts: channel
weights w,. and token weights )\;. Following (Zhao
et al., 2024a), the attribution map will be obtained
by H = [H;]; using the last layer value v as the
feature map. Based on (5), we can select the desired
number of layers to aggregate information from
different layers to obtain the heatmap.

As with Zhao et al. (2024a), we also apply O-
1 normalization on the similarities [q:k; ]; and
use it to replace the original softmax, i.e., A; =
®(q/k,), where @ is the 0-1 normalization func-
tion applied over the set of similarities. Without
this loosening step, the softmax operation will pro-
duce sparser heat maps, due to the peakiness of
softmax. The loosening step helps to reveal unat-
tended input tokens that are similar to the attended
token, which likely contain similar information.

3.3 7m-Soft-NC and 7-Soft-NS

In this section, we propose a modification of Soft-
NC/NS, denoted as m-Soft-NC/NS, to obtain a
more fair and comprehensive faithfulness metric.
Soft-NC/NS. Zhao and Shan (2024) proposed
Soft-NS and Soft-NC to evaluate the faithfulness
of the entire attribution distribution. They ar-
gue that traditional sufficiency and comprehensive-
ness metrics are hindered by an out-of-distribution
issue (Ancona et al., 2018; Bastings and Filip-
pova, 2020; Yin et al., 2022). Specifically, hard
perturbations—which involve entirely removing
or retaining tokens—generate discretely corrupted
versions of the original input that may fall outside
the model’s training distribution. As a result, the
model’s predictions on these altered inputs are un-
likely to align with the reasoning processes used for
the original full sentences, potentially leading to
misleading insights into the model’s mechanisms.
To mitigate this issue, rather than create hard
perturbations by thresholding or ranking the attri-
bution scores (as in insertion/deletion metrics), soft
perturbations are generated by sampling perturba-
tions according to the attribution scores. To create
a soft perturbation of the input text, an independent
Bernoulli distribution is applied to randomly mask
each input embedding token vector X;, according

to its attribution score s;,
(14)

! .
X; = e;X;, e; ~ Bernoulli(s;).

Here we assume s; € [0, 1], this can be viewed as
introducing information loss (perturbation) at the

embedding level: if s; = 0, the embedding vector
x; is zeroed out (complete masking); if s; = 1,
the embedding is kept (no masking). We denote
the attribution scores for the whole text as s =
{51, ,Sm}-

Denote X' = {af,---,2),} as the soft-
perturbation text based on the attribution scores
for the next generated token y;. Let Px; =
P14t ,Put| be the probability distribution of
1y over the whole vocabulary (of size v) when the
input of the model is the original text X, and simi-
larly Px/; = [p} 4, -+, D), 4] for when the input is
the soft-perturbed text X’. The effect of the pertur-
bation on the output distribution is measured using
the Hellinger distance:

APX/’t = H(PX,h PX’,t)

S .
=1

Finally, Soft-NS is defined as the relative effect
of keeping important tokens:

(15)

max(0,APq ¢ —APX/J)

SOft—NS(Xa Tt, S) = APo ¢ ’

(17)

where APy, is effect of the soft-perturbation X !
and APy is effect of the zero baseline (all zero
inputs). Likewise, Soft-NC is defined as the relative
effect of removing important tokens,

Soft-NC(X, 2, 8) = AA"T); (18)
where X' is the soft-perturbation that removes to-
kens, i.e., with masks e; ~ Bernoulli(1 — s;), and
APy, , is its corresponding effect.

m-Soft-NC/NS. The original version of Soft-
NS/NC has a problem that makes it potentially
unfair to compare the performance of different attri-
bution methods. Different attribution methods may
yield heat maps with different mean values, and
thus the overall probability of keeping any word
(or the expected number of kept words) after soft
perturbation may also differ. In particular, given the
text attribute scores s, the probability of retaining
any word is:

7= %iE[ei] = %isi, (19)
=1 =1

and the expected number of kept words is m7. It
will be unfair to compare the Soft-NS/NC values
for two attribution methods A and B with different



retaining probabilities, 7, and 7y, as the expected
amount of retained information is different.

To address the above problem, we propose -
Soft-NC/NS, which first transforms the attribution
scores so that the calculated retaining probability
7 matches a given target probability 7 € [0, 1].
Assuming scores s; € [0, 1), we adopt the alpha
transformation, §; = s{*, and set « such that the
transformed scores match the target retaining prob-
ability, L 3" | s¢ = 7. Note that target m = 1 is
obtained by setting a = 0, and m = 0 is obtained
with & — oo. We then define m-Soft-NC/NS as:

m-Soft-NC(X, 24, s, m) = Soft-NC(X, 2, s),
m-Soft-NS(X, 24, s, m) = Soft-NS(X, z;,8%),

where L Zzl sy = . (20)
In practice, « is solved numerically, e.g., using
bisection search.

Using the same target m, then two attribution
methods can be fairly compared using 7-Soft-
NC/NS, where both soft-perturbed text will now
have the same expected number of retained words.
Because the soft-perturbation is based on attribu-
tion scores, attribution methods that perform well
according to m-Soft-NC/NS will produce scores
that are well-calibrated probabilities of importance.

Furthermore, a comprehensive evaluation is ob-
tained by sweeping the value of 7 € [0, 1] and
plotting m-Soft-NC/NS vs. 7 curves, and then sum-
marizing using AUC.

4 Experiments

In this section we conduct experiments on Grad-
ELLM to evaluate its explanation qualitatively and
quantitatively and compare with the current SOTA
method. We compared with representative baseline
XAl methods from each category: 1) attention map-
based methods, including raw attention in the last
decoder layer (Bahdanau et al., 2015); 2) classical
gradient-based methods, such as Saliency (vanilla
gradients) (Simonyan et al., 2014), Input x Gradient
(Simonyan et al., 2014), Integrated Gradients
(IG) (Sundararajan et al., 2017), and DeepLIFT
(Shrikumar et al., 2017); 3) layer-specific gradient-
based method Layer Gradientx Activation (simi-
lar to Layer-GradCAM (Jiang et al., 2021)); 4)
perturbation-based Value Zeroing (Mohebbi et al.,
2023); 5) a random baseline (Random), which as-
signs uniform random scores to tokens as a control.

4.1 Datasets

We experiment with three classification datasets
and two text generation datasets, following related
work (Zhao and Shan, 2024). IMDDb is a widely
used benchmark for binary sentiment classification
of movie reviews (Maas et al., 2011). We ran-
domly sampled 1000 positive examples and 1000
negative examples. SST2 is a sentiment classifi-
cation task, which consist of challenging single
sentences (Socher et al., 2013). We also randomly
sampled 1000 positive and 1000 negative samples.
BoolQ is a dataset from Eraser(DeYoung et al.,
2020) benchmark, which tests whether a model
can read a paragraph and correctly answer a fac-
tual yes/no question. TellMeWhy is a generation
dataset for answering questions in narratives (Zhao
and Shan, 2024; Lal et al., 2021). WikiBio is a
dataset consisted of Wikipedia biographies, and
following (Zhao and Shan, 2024; Manakul et al.,
2023), we take the first two sentences as a prompt.

4.2 Faithfulness Metrics

We mainly use our proposed m-Soft-NC and 7-Soft-
NS to measure the faithfulness of the full impor-
tance distribution fairly. We compute curves using
7 € {0.05,0.10,...,0.95}. For each 7 and each
text input, the two metrics are calculated using 3
samples of soft-perturbed text. Following Zhao and
Shan (2024), for classification tasks with explicit
label words, we evaluate the token-level faithful-
ness of the target label word. For open generation
task, we evaluate the sequence-level faithfulness —
we evaluate m-Soft-NS/NC every five tokens from
the sequential prediction and average the metrics
per steps to get the final results.

4.3 Implementation Details

Our method can select the number of layers for
aggregating the approximation in (5). By default,
we set the number of layers to 32 to get the most
comprehensive information. The detailed prompts
of different datasets are presented in Appendix part.

We use pre-trained generative LLMs from the
Huggingface library (Wolf et al., 2020) with de-
fault settings. We set top_p=1 to ensure consistent
output when running different attribution methods.
Experiments are run on a single NVIDIA RTX3090
GPU with 24GB memory.

4.4 Quantitative Results

The AUC results for m-Soft-NS/NC are shown in
Table 1. Example curves for m-Soft-NS/NC ver-
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Figure 2: Proposed m-Soft-NS/NC vs. Retaining Probability on IMDb for different XAI methods with Llama.

(a) Llama: AUC of 7-Soft-NS/NC (1)

(b) Mistral: AUC of 7-Soft-NS/NC (1)

Methods Methods
Dataset Attn DL IXG 1G LGA Rnd Sal VZ Ours Dataset Attn DL IXG 1G LGA Rnd Sal vz Ours
AUC 7-Soft-NS 1 AUC 7-Soft-NS 1
IMDb 0.526 0401 0.384 0412 0384 0.557 0420 0.398 0.572 IMDb 0425 0432 0431 0362 0433 0293 0402 0369 0.400
SST2 0361 0493 0493 0.526 0493 0.549 0.503 0.325 0.563 SST2 0304 0.300 0.297 0.357 0.297 0.337 0413 0249 0.396
BoolQ 0.121 0326 0317 0.266 0316 0.334 0.324 0.116 0.370 BoolQ 0.236 0.289 0.292 0.268 0.288 0.299 0.294 0.158 0.316

TellMeWhy 0.225 0.313 0.299 0.286 0.299 0.283 0.309 0.162 0.308
WikiBio 0.158 0.162 0.149 0.165 0.148 0.175 0.139 0.106 0.194

TellMeWhy 0.247 0.307 0.308 0.257 0.308 0.335 0.304 0.190 0.368
WikiBio 0325 0.348 0.345 0304 0344 0402 0326 0218 0438
Avg 0.307 0.334 0310 0334 0333 0.348 0.237 0.383

Avg 0.278 0.329 0.331 0.328 0.379 0.221 0.401
AUC 7-Soft-NC 1

IMDb 0.375 0.281 0.273 0.293 0.272 0.422 0.296 0.271 0.430
SST2 0.165 0.255 0.258 0276 0.258 0.318 0.253 0.136 0.304
BoolQ 0.356 1953 1.765 1.434 1.832 2381 1.778 0.330 2.462

TellMeWhy 0.684 1.034 0.745 1356 0.758 0.796 0.796 0.398 1.322
WikiBio 0.571 1.007 1.829 1.003 0.845 1.475 0.660 2.396 1.059
Avg 0.430  0.906 0.872 0.793 1.078 0.756 0.706 1.115

AUC 7-Soft-NC 1

IMDb 0346 0415 0422 0357 0421 0.618 0.388 0.065 0.530
SST2 0.200 0.278 0.277 0.366 0.275 0.560 0.347 0.099 0.464
BoolQ 0388 0.444 0452 0422 0448 0487 0448 0.341 0451

TellMeWhy 0426 0467 0462 0.386 0.460 0.564 0.465 0389 0.531
WikiBio 0.410 0391 0392 0334 0389 0.512 0376 0351 0477
Avg 0.354  0.399 0401 0373 0399 0.548 0.249  0.491

Table 1: Faithfulness evaluation with AUC of 7-Soft-NS/NC curves for (a) Llama and (b) Mistral. Best / 2nd /
are highlighted on the Avg row. Abbr.: Attn = Attention, DL = DeepLIFT, IxG = Inputx Gradients, IG = Integrated
Gradients, LGA = Layer Gradientx Activation, Rnd = Random, Sal = Saliency, VZ = Value Zeroing.

Attn DL IxXG 1G LGA  Rnd Sal \4 Ours

Soft-NSt  0.052 0.087 0.086 0.089 0.091 0.132 0.087 0.032 0.138

Soft-NCt  0.004 0.006 0.006 0.005 0.006 0.005 0.006 0.004 0.013
E[R] 17 20 19 18 19 80 21 8 62

Table 2: Faithfulness evaluation of original Soft-
NS/NC on IMDb with Llama. No transformations are
applied to the attribution scores. E[R] means the ex-
pected number of retained words. The abbreviations are
the same as in Table 1.

sus retaining probability 7 on IMDb with Llama
are presented in Figs. 2. On Llama, our method
achieved the best performance according to 7-Soft-
NS AUC, significantly outperforming other meth-
ods. On 7-Soft-NC AUC, our method also per-
formed exceptionally well. Notably, the Value Ze-
roing method performed poorly on both the metrics,
which is likely because its attribution scores are re-
lated to changes in predicted probability.

For Mistral, our method continues to lead in 7-
Soft-NS AUC, significantly outperforming other
comparable methods. However, on m-Soft-NC,

the Random method achieved the highest score,
with our method ranking second. This may stem
from Mistral’s training optimizations, including
sliding window attention and grouped-query atten-
tion, which foster more distributed token depen-
dencies and uniform importance across contexts.
In such models, uniform (random) perturbations
can disrupt outputs more effectively for compre-
hensiveness metrics, as the model relies less on
sparse key tokens and more on broader contextual
windows, compared to Llama’s more global atten-
tion patterns. Overall, our method demonstrates
strong competitiveness on both metrics, especially
showing stable and excellent performance on the
Soft-NS metric, validating its ability to generate
high-quality attributions.

The m-Soft-NS/NC metrics prioritize quality of
the attribution scores as calibrated probabilities of
importance, over the accuracy of the attribution or-
derings (as with insertion/deletion metrics). Thus,
our method’s superior performance on these two



metrics demonstrates its ability to produce better
importance distributions.

Comparison with Soft-NC/NS: Tab. 2 shows
the results when using the original Soft-NS/NC.
The raw score outputs are used, and no transfor-
mations are applied. The expected number of re-
tained words E[R] can be different for each method.
For methods like DeepLIFT, Integrated Gradients,
InputxGradient, LayerGradientx Activation and
Saliency, which have E[R] =~ 20, it is unclear
whether differences in Soft-NS are due to different
amounts of kept information or the actual infor-
mation. When evaluated this way, heat maps with
larger means will inevitably yield better results be-
cause they retain more text in the soft perturbations
(e.g., our method and Random). In other words,
such evaluation is like erroneously comparing re-
sults with retaining probability m = 0.1 to those
with 7 = 0.4 in Fig. 2. Therefore, simply using
Soft-NS/NC on raw scores for evaluation is unfair.

4.4.1 Qualitative Results

For qualitative analysis, we set the retaining prob-
ability 7 to the same value to fairly compare dif-
ferent methods. Fig. 3 and Fig. 4 shows the impor-
tance distribution given by the Grad-ELLM, Atten-
tion and Saliency on IMDb and SST2. Our method
highlights the phrase "very little positive" when
explaining why the model gives a negative rating,
while Attention just highlights the token "positive".
Saliency does not focus on the key phrase at all.
On SST2, our method can even capture tokens
with optimistic sentiments, such as "10/10" and
":)", in which scenario Grad-ELLM can achieve
much better Soft-NS/NC. In contrast, Attention and
Saliency identify the token ". :)", where the comma
is not useful for prediction (as evidenced by its low
m-Soft-NC). Meanwhile Saliency does not assign
many weights to these key tokens, thus achieving
the worst results. More qualitative results with
different 7 are presented in Appendix.

5 Conclusion

In this work, we propose a gradient-based method
Grad-ELLM for calculating input attributions for
decoder-only LLM. Our method generates faithful
attribution heatmaps at each generation step by ag-
gregating channel and spatial importance weights
derived from gradients and attention maps, effec-
tively highlighting the contributions of input tokens
to output predictions. Through extensive experi-
ments using open-source models like Llama and

There really is VeRiiBlpositive that E&lbe said 8BBURIthis film . Walter P idge on is a truly un conv inc ing hero and even mo reso when
he tries to go * under cover " as a villain who , we ‘re meant to believe , drinks too much and knocks his wife about a bit . Margaret Le
ighton , as the wife / under cover sergeant is a lttle more convincing but it 's silldifficult to believe that any hood worth their salt would
not have seen through their char ade in less than a minute | The plot , about a bull ion he ist, is silly | and the action dr ags rather than
grips [David Tom lin son , who plays Al gy in the same way that David Tom lin son seems to play all his roles , is the only gl immer of light

in a wholly dull affair

(a) Grad-ELLM, 7-Soft-NS/NC = 0.37/0.04

There really is very lttle positive that can be said about this film IWalter P idge on is a truly un conv inc ing hero and even mo reso when
e tries to go * under cover * as a villain who , we ‘re meant to believe , drinks too much and knocks his wife about a bit . Margaret Le
ighton , as the wife / under cover sergeant is a lttle more convincing but it s stil difficult to believe that any hood worth their salt would
not have seen through their char ade in less than a minute . The plot, about a bull ion he ist s silly, and the action dr ags rather than
grips . David Tom lin son, who plays Al gy in the same way that David Tom [illlson seems to play all his roles , is the only gl immer of light

in a wholly dull affair |

(b) Attention, m-Soft-NS/NC = 0.15/0.00

There really is very little positive that can be said about this film . Walter P idge on is a truly un conv inc ing hero and even mo reso when
he tries to go * under cover " as a villain who , we 're meant to believe , drinks too much and knocks his wife about a bit . Margaret Le
ighton , as the wife / under cover sergeant is a little more convincing but it s stil difficult to believe that any hood worth their salt would
not have seen through their char ade in less than a minute | The plot, about a bull ion he ist  is silly , and the action drlags rather than
grips . David Tom lin son , who plays Al gy in the same way that David Tom lin son seems to play all his roles ,is the SAIj@llimmer of light

in a wholly dull affair |

(c) Saliency, m-Soft-NS/NC = 0.26 / 0.00

Figure 3: Explanations for negative sample from IMDb.
The importance of words are visualized by the degree
of green color. The retaining probability is 7 = 0.1.

This is a brilliant series along the same lines of Simpsons . Following a family as they go through life and problems etc .  lightly less
realistic than Simpsons , talking baby and dog anyone BlFamily Guy G8esiwhere S Imp sons or Fut ur ama da res not , reaching past into
the s icker jokes and more r acy g ags . And believe me , it works ! Almost all the g ags hit the mark and they ‘Il have you in stitches (
especially the random , frequent flash backs ) When my brother first showed me this | wasn 't hooked but after a few episodes | was
hooked . You will be 2. 10 / 10 for a truly brilliant show . C On gr ats to Seth Mac far lane for bringing this show to life . })

(a) Grad-ELLM, 7-Soft-NS/NC = 0.35/0.02

This is a brilliant series along the same lines of Simpsons . Following a family as they go through life and problems etc . lightly less
realistic than Simpsons , talking baby and dog anyone ? Family Guy goes where S Imp sons or Fut ur ama da res not , reaching past into
the s icker jokes and more racy g ags . And believe me , it works | Almost all the g ags hit the mark and they ‘Il have you in stitches
especially the random , frequent flash backs !) When my brother first showed me this | Wasn 't hooked but after a few episodes | was

hooked . You will be 2 . 10 / {@lfor a truly brilliant show € On gr ats to Seth Mac far lane for bringing this show to life [§

(b) Attention, m-Soft-NS/NC = 0.17 / 0.00

This is a brilliant series along the same lines of Simpsons . Following a family s they go through life and problems etc . S lightly less
realistic than Simpsons , talking baby and dog anyone ? Family Guy goes where S Imp sons or Fut ur ama da res not , reaching past into
the Blicker jokes and more r acy g ags . And believe me , it works ! Almost all the g ags hit the mark and they Il have you in stitches (
especially the random , frequent flash backs !) When my brother first showed me this | wasn 't hooked but after a few episodes | was
hooked . You will be 2 .10 /10 for a truly brilliant show . C On gr ats to Seth Mac far lane for bringing this show to life |2)

(c) Saliency, 7-Soft-NS/NC = 0.16 / 0.00

Figure 4: Explanations for positive sample from SST2.
The importance of words are visualized by the degree
of green color. The retaining probability is 7 = 0.1.

Mistral, we demonstrated that our adapted Grad-
ELLM consistently outperforms baselines in terms
of faithfulness metrics.

Additionally, we propose the faithfulness metrics
m-Soft-NC and 7w-Soft-NS, which first matches the
retaining probability of the attribution scores before
generating the soft-perturbations for Soft-NC/NS,
enabling fairer comparisons across methods with
different characteristics.

Future work could explore extensions to multi-
modal LLMs, integration with ethical alignment
tasks like bias mitigation, and further refinements
to the loosened attention mechanism for even
sparser attention patterns in larger models. By en-
hancing transparency, our approach paves the way
for more trustworthy and interpretable Al systems.



6 Limitations

Although Grad-ELLM achieves consistent superi-
ority in faithfulness metrics across various tasks
and models, it is not without limitations. Many
existing attribution methods, such as Saliency and
Input x Gradient, tend to produce sparse heatmaps
that concentrate importance on a limited number
of tokens, enabling sharp changes in model outputs
during perturbation-based evaluations. In contrast,
Grad-ELLM generates denser heatmaps due to the
incorporation of loosened attention maps, which
distribute attribution scores more broadly across
input tokens. This density can make the method
more susceptible to noise and accumulated errors
in autoregressive generation, potentially leading to
less optimal performance on insertion and deletion
curves. For instance, sparse methods may achieve
faster probability drops or rises by isolating highly
influential tokens, whereas our denser attributions
require more tokens to be perturbed to observe
similar effects. Indeed our method may appear
information-overloaded in scenarios requiring ex-
tremely sparse interpretation (such as identifying
key diagnostic markers), but this can usually be
addressed by setting a threshold to extract top-k
features (or top-p retaining probability). Our core
advantage lies in providing a more faithful and
complete decision context.

Furthermore, our study focuses exclusively on
faithfulness and does not include evaluations of
plausibility, which assesses how intuitive and
human-understandable the explanations are. Plau-
sibility is inherently subjective, and quantifying
it poses significant challenges—particularly when
comparing dense heatmaps (which provide a holis-
tic view of token contributions) to sparse ones
(which emphasize focal points). Without standard-
ized, objective metrics or large-scale user studies,
it is difficult to determine which type offers better
interpretability in practice.

Grad-ELLM also relies on access to internal
model states, such as gradients and attention layers,
restricting its use to open-source LLMs like Llama
and Mistral. Extending it to proprietary models or
integrating it with global interpretability techniques
in future research could address these gaps.
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A Dataset Details

More detailed descriptions of the datasets:

* IMDb is designed by (Maas et al., 2011)
which is a widely used benchmark for bi-
nary sentiment classification. It consists of
50,000 movie reviews collected from the Inter-
net Movie Database (IMDDb), each labeled as
either positive or negative. We randomly sam-
pled 1000 positive examples and 1000 nega-
tive examples from them.

* SST2 is also a sentiment classification task
designed by (Socher et al., 2013), which con-
sist of independent single sentences, many
of which contain complex grammatical struc-
tures, negation, and irony, making classifica-
tion more challenging compared with IMDb.
We also randomly sampled 1000 entries from
each of the positive and negative samples.

* BoolQ is a dataset from Eraser(DeYoung

et al., 2020) benchmark, which tests whether
a model can read a paragraph and correctly
answer a factual yes/no question about it, em-
phasizing deep language understanding over
superficial cues.
TellMeWhy is a generation dataset for an-
swering questions in narratives, we follows
the dataset setting in (Zhao and Shan, 2024;
Lal et al., 2021).
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» WikiBio is a dataset consisted of Wikipedia
biographies. Following (Zhao and Shan, 2024;
Manakul et al., 2023), we take the first two
sentences as a prompt.

B Prompt Details

The whole prompts are shown in Tab. 3. For
Llama, we add some special tokens in the end
of the input text to ensure the model is output in
a formatted manner. These special tokens are:

"<|start_header idl> assistant <lend_header_idl>n".

These special tokens are the first tokens that Llama
always outputs when it outputs content. If we
don’t force the model to output them, it might
not output them according to our format, which
could lead to incorrect output during deletion and
insertion evaluation. However, this requirement
does not apply to Mistral.

C Evaluation with Insertion/Deletion

For completeness, we also compute the classical
Deletion and Insertion (Petsiuk et al., 2018) metrics
for classification tasks. Inspired by DeYoung et al.
(2020), to more robustly evaluate the performance
of attribution methods, we evaluate the change in
flip probability rather than the change in prediction
probability. In our experiment setting, we consider
each step as 5% of number of tokens and record
results for 20 steps.

Higher AUC for Deletion is better, since ide-
ally removing words will yield large flip probabil-
ity (large performance degradation). Conversely,
lower AUC for Insertion is better, since ideally
adding words will yield reduction in flip probabil-
ity (large performance gain). It is worth noting
that if the change in prediction probability is the
evaluation target, Value Zeroing should theoreti-
cally be the upper bound for Deletion and Inser-
tion experiments, as it directly measures the causal
effect of zeroing features on the model’s predic-
tion. However, within the evaluation framework
of flip probability, this upper bound property may
be weakened, because flip probability focuses on
crossing class boundaries rather than the absolute
change in probability magnitude.

C.1 Results

The Insertion/Deletion AUC results are presented
in Tables 4 and 5. In the experiments conducted
with Llama, our method achieved the second-best
result in Deletion evaluation and the third-best re-
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sult in Insertion evaluation. However, our method
yielded slightly worse results in the Mistral experi-
ment, only achieving third place. Through in-depth
analysis, we found that our heatmap is denser com-
pared to other methods, which puts us at a disad-
vantage in order-based evaluations such as deletion
and insertion, because we are more susceptible to
small noise that swaps the order of words. On the
other hand, as presented in the main paper, our
m-Soft-NS/NC metrics reveal that our method has
better overall importance distributions.

D Qualitative Results

We also provide some extra qualitative results on
IMDb ans SST2 with different retaining probability
7w ={0.25,0.5}. The results are shown in Fig. 5
and Fig. 6.



Dataset Prompt Construction Code
messages = [
{
"role": "system”,
IMDb & SST2 "content”: "You are a helpful sentiment classifier. Please help to do the sentiment classification
of the given text and respond ONLY with the single word Positive or Negative."”,
iy
{"role": "user”, "content": f"Text: {text}"},
]
messages = [
{
"role": "system",
"content”: "You are a factual question answering system. "
"Determine if the given passage supports the question being true.
"Respond ONLY with the single word 'true' or 'false' in lowercase,
"without any punctuation or additional text."”
g
BoolQ T
"role”: "user”,
"content”: "Passage: {passage}\n\nQuestion: {question}".format(
passage=passage_text,
question=question_text
)
}

messages = [

{
TellMeWhy & WikiBio srole”: "user”,
content”: text
3
]
Table 3: Detailed prompts for all datasets
Deletion? Attention Deeplift Input X Gradients Integrated Gradients Layer Gradient X Activation Random Saliency Value Zeroing Ours (w/ | w/o)
IMDb 0.2691 0.2021 0.2031 0.1769 0.2031 0.1844 0.1736 0.2729 0.223710.2660
SST2 0.3577 0.3279 0.3291 0.3064 0.3290 0.310 0.2943 0.3755 0.327910.3639
Average 0.2650 0.2661 0.2417 0.2660 0.2487 0.2340 0.3242 0.287810.3150
Inserton| Attention Deeplift Input X Gradients Integrated Gradients Layer Gradient X Activation Random Saliency Value Zeroing Ours (w/ | w/o)
IMDb 0.0917 0.1189 0.1220 0.1098 0.1221 0.1696 0.1316 0.0851 0.1204 10.0930
SST2 0.1584 0.1723 0.1723 0.1768 0.1722 0.2237 0.1887 0.1468 0.189110.1687
Average 0.1251 0.1456 0.1472 0.1433 0.1472 0.1967 0.1602 0.1160 0.1548 |

Table 4: Faithfulness evaluation of Deletion and Insertion on the task of sentiment classification with Llama. The
best performance, second place, and third place are marked in red, blue, and respectively. w/o means we use
the original attention rather than the loosen attention, and vice versa.

Deletiont Attention Deeplift Input X Gradients Integrated Gradients Layer Gradient X Activation Random Saliency Value Zeroing Ours (w/ | w/o)
IMDb 0.2853 0.2056 0.2059 0.1829 0.2060 0.1875 0.2024 0.2510 0.245210.2407
SST2 0.3853 0.3153 0.3145 0.3331 0.3146 0.3099 0.3124 0.3801 0.348510.3515

Average 0.3353 0.2605 0.2602 0.2580 0.2603 0.2487 0.2574 0.3156 10.2961

Inserton) Attention Deeplift Input X Gradients Integrated Gradients Layer Gradient X Activation Random Saliency Value Zeroing Ours (w/ | w/o)
IMDb 0.0636 0.0888 0.0895 0.1011 0.0897 0.1614 0.1316 0.0852 0.0978 10.1201
SST2 0.1561 0.1791 0.1804 0.1783 0.1806 0.2287 0.1763 0.1593 0.171010.1744

Average 0.1099 0.1340 0.1350 0.1397 0.1352 0.1951 0.1155 0.134410.1557

Table 5: Faithfulness evaluation of Deletion and Insertion on the task of sentiment classification with Mistral. The
best performance, second place, and third place are marked in red, blue, and respectively. w/o means we use
the original attention rather than the loosen attention, and vice versa.

13



e ries to go” under cove a3 a vilain Who, W dinks e tries o go *under cover a5 a villain who. we drnks o0
ighton, 2 th wife / under cover sergeant i it more comincing but s S Hficut 0 Believ tha any hoodt worth thei saft would

e e = v = -
(a) 7-Soft-NS/NC = 0.98 / 0.16 (b) m-Soft-NS/NC = 0.17 / 0.00 () 7-Soft-NS/NC = 0.27 / 0.00
(d) 7-Soft-NS/NC = 0.99 /0.25 () 7-Soft-NS/NC = 0.99 / 0.21 () 7-Soft-NS/NC = 0.99 / 0.00

Figure 5: Explanations for negative sample from IMDb. The importance of words are visualized by the degree
of green color. The retaining probability 7 of the first and second rows are 7 = 0.25 and ™ = 0.5 respectively.
Grad-ELLM: (a) and (d); Attention: (b) and (e); Saliency: (c) and (f).

e, ou il 10/ ¢ ; owed s Fdips I 0 :_: ..... m.m: e . = 8
(a) 7-Soft-NS/NC = 0.53/0.12 (b) 7-Soft-NS/NC = 0.69 / 0.00 (c) 7-Soft-NS/NC = 0.23 /0.00
(d) 7-Soft-NS/NC = 0.93 / 0.22 (¢) 7-Soft-NS/NC = 0.95/0.17 (f) 7-Soft-NS/NC = 0.94 / 0.07

Figure 6: Explanations for positive sample from SST2. The importance of words are visualized by the degree
of green color. The retaining probability 7 of the first and second rows are 7 = 0.25 and 7 = 0.5 respectively.
Grad-ELLM: (a) and (d); Attention: (b) and (e); Saliency: (c) and (f).
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