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Abstract001

Large Language Models (LLMs) have demon-002
strated remarkable capabilities across diverse003
tasks, yet their black-box nature raises concerns004
about transparency and faithfulness. Input at-005
tribution methods aim to highlight each input006
token’s contributions to the model’s output,007
but existing approaches are typically model-008
agnostic, and do not focus on transformer-009
specific architectures, leading to limited faith-010
fulness. To address this, we propose Grad-011
ELLM, a gradient-based attribution method for012
decoder-only transformer-based LLMs. By ag-013
gregating channel importance from gradients014
of the output logit with respect to attention015
layers and spatial importance from attention016
maps, Grad-ELLM generates heatmaps at each017
generation step without requiring architectural018
modifications. Additionally, we introduce two019
faithfulneses metrics π-Soft-NC and π-Soft-020
NS, which are modifications of Soft-NC/NS021
that provide fairer comparisons by controlling022
the amount of information kept when perturb-023
ing the text. We evaluate Grad-ELLM on sen-024
timent classification, question answering, and025
open-generation tasks using different models.026
Experiment results show that Grad-ELLM con-027
sistently achieves superior faithfulness than028
other attribution methods.029

1 Introduction030

Large language models such as Llama have demon-031

strated their remarkable ability on multiple down-032

stream tasks, e.g., text generation and sentiment033

classification (Touvron et al., 2023). However, as034

these models grow in size and complexity, their035

“Black Box” property has raised significant con-036

cerns regarding transparency, trustworthiness, and037

robustness. The lack of interpretability in LLMs038

hinders their trustworthiness and thus adoption in039

high-stakes domains, e.g., healthcare (Esteva et al.,040

2019) and finance (Veale and Binns, 2017), where041

accurate and fair decision-making is crucial. Lack042

of interpretability also poses risks of generating 043

harmful or misleading contents, including biases, 044

hallucinations, and toxic outputs (Binns, 2018). 045

Explainable AI (XAI) has emerged as a criti- 046

cal area to address these challenges. The task 047

of input attribution aims to identify the parts of 048

the input that contribute most to the model’s out- 049

put, thereby revealing the model’s reasoning (Sun- 050

dararajan et al., 2017; Lei et al., 2016). Many 051

general attribution methods have been proposed 052

(Ribeiro et al., 2016; Sundararajan et al., 2017; 053

Shrikumar et al., 2017; Simonyan et al., 2014), 054

which are designed to work with any model and 055

data type, while others are specifically tailored 056

to language model tasks (Zhao and Shan, 2024; 057

Cohen-Wang et al., 2024; Zhang et al., 2022; Boyle 058

et al., 2025). Meanwhile, there is less related 059

work on using transformer-specific explanations 060

for decoder-only LLMs, e.g., autoregressive LLMs. 061

To fill this research gap, we propose Grad- 062

ELLM, a gradient-based explanations for LLMs. 063

Inspired by the outstanding performance of Grad- 064

ECLIP (Zhao et al., 2024a) in explaining the 065

transformer-based CLIP (Radford et al., 2021) 066

vision-language model (VLMs), in this paper we 067

extend Grad-ECLIP to explain decoder-only LLMs. 068

Grad-ECLIP generates heat maps by aggregating 069

the intermediate token representation of CLIP with 070

channel and spatial importance weights. However, 071

CLIP is a dual-encoder model trained with con- 072

trastive learning. To apply Grad-ECLIP to explain 073

decoder-only LLMs, we use the gradients of the 074

logit of the last token w.r.t the attention layer as 075

the importance for feature channels and use the 076

same loosened attention map for computing token 077

(spatial) importance. Then a heat map is calculated 078

for each LLM generation step. 079

Attribution methods are evaluated using faithful- 080

ness metrics, which measure how well the attribu- 081

tion scores reflect the actual importance of those 082

inputs – the inputs are perturbed according to the at- 083
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tribution scores (e.g., inputs with higher-attribution084

scores are removed first) and then the change of085

the model’s output is observed. Recently, Zhao and086

Shan (2024) proposed Normalized Soft Complete-087

ness and Soft Sufficiency (Soft-NC/NS) to better088

evaluate the faithfulness of the entire importance089

distribution, which is based on soft-perturbations090

that keep (or remove) words randomly based on the091

importance distribution. However, we have iden-092

tified an issue with Soft-NC/NS when comparing093

two attribution methods – if the attribution scores of094

the 2 methods have different means, then they will095

have different expected numbers of kept words (i.e.,096

kept information) in the soft-perturbation, leading097

to unfair comparisons. To address this, we pro-098

pose a modification, denoted as π-Soft-NC/NS,099

which ensures the soft-perturbations have the same100

amount of kept information.101

In summary, our contributions are two-fold: 1)102

we propose Grad-ELLM and show that it is consis-103

tently more faithful than other attribution methods104

by conducting experiments on 2 types of tasks and105

5 datasets from 2 LLM families; 2) we propose new106

faithfulness metrics that accounts for the amount107

of information loss/kept during evaluation in order108

to achieve fairer comparisons.109

2 Related Work110

Existing research on XAI for LLMs can be broadly111

categorized into local and global explanation meth-112

ods, as outlined in recent surveys (Zhao et al.,113

2024b; Luo and Specia, 2024). Local explanations114

focus on interpreting individual predictions, such115

as through input attributions, while global expla-116

nations aim to uncover broader model behaviors,117

including internal representations and mechanisms.118

Our work primarily builds on local input attribu-119

tion techniques tailored for decoder-only LLMs,120

addressing their unique autoregressive nature.121

2.1 General Input Attribution Methods122

Input attribution methods seek to quantify the con-123

tribution of input features (e.g., tokens) to model124

outputs, and early methods were model-agnostic125

and originated from computer vision or general ML126

contexts, but have been adapted to NLP. Gradient-127

based approaches compute attributions by prop-128

agating gradients from the output back to the in-129

puts. Integrated Gradients (IG) (Sundararajan et al.,130

2017) integrates gradients along a path from a base-131

line input to the actual input, satisfying axioms like132

completeness and sensitivity. DeepLIFT (Shriku- 133

mar et al., 2017) decomposes the output differ- 134

ence from a reference point by assigning contri- 135

butions based on neuron activations, offering ef- 136

ficiency over vanilla gradients. Input×Gradient 137

(Simonyan et al., 2014) simply multiplies input 138

values by their gradients, providing a fast approx- 139

imation but sometimes suffering from saturation 140

issues in deep networks. These methods are compu- 141

tationally lightweight and faithful in encoder-based 142

models like BERT (Devlin et al., 2019), but their 143

application to decoder-only LLMs (e.g., Llama 144

(Touvron et al., 2023), Mistral (Jiang et al., 2023)) 145

is challenging due to the need for per-token at- 146

tributions during autoregressive generation, lead- 147

ing to accumulated noise and reduced faithful- 148

ness (Zhao and Shan, 2024; Anonymous, 2024). 149

Perturbation-based methods alter inputs to observe 150

output changes. LIME (Ribeiro et al., 2016) ap- 151

proximates the model locally with a linear surro- 152

gate, sampling perturbations around the input to 153

estimate feature importance. While interpretable, 154

it assumes feature independence and can be sensi- 155

tive to sampling strategies, potentially destroying 156

semantic coherence in text (Ribeiro et al., 2016). 157

Our proposed Grad-ELLM builds on gradient- 158

based methods by extending them to decoder-only 159

LLMs, incorporating attention mechanisms to han- 160

dle autoregressive generation without additional 161

forward passes, thus maintaining efficiency while 162

enhancing faithfulness in sequential outputs. 163

2.2 Attributions for LLMs/Transformers 164

Recent works address LLM-specific challenges, 165

such as autoregressive generation and long con- 166

texts. For instance, Anonymous (2024) evaluate 167

attribution faithfulness on instruction-tuned LLMs, 168

arguing that low downstream accuracy (e.g., in clas- 169

sification) can confound evaluations. Some LLM- 170

focused methods include causal tracing for knowl- 171

edge localization (Meng et al., 2022), but they are 172

more suited for global interpretability rather than 173

per-input attribution. Other LLM-tailored methods 174

focus on perturbing to explain LLMs. Value Ze- 175

roing (Mohebbi et al., 2023) masks or zeros out 176

tokens at each generation step and measures the 177

impact on output representations, providing direct 178

causal insights. However, it requires multiple for- 179

ward passes per token, making it prohibitively ex- 180

pensive for long sequences in LLMs (e.g., O(n2) 181

complexity for n tokens) (Mohebbi et al., 2023). 182

Reagent (Zhao and Shan, 2024) uses an auxiliary 183
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Visual Explanation for LLM
0.2 0.8

next predicted word:
"Negative"

LLM（Decoder only）

 

Layer N

Input text:
"There really is very little positive that

can be said about this film"

Layer 0

Attention Layer

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 λi and channel weight wc. This example shows the attribution
map when generating the word “Negative”.

RoBERTa model (Liu et al., 2020) to generate184

semantically-preserving perturbations, improving185

robustness over LIME, but it introduces additional186

computational overhead and may not generalize187

well across LLM architectures due to the reliance188

on an external perturber. Other attention-based189

methods leverage the transformer’s self-attention190

mechanism (Vaswani et al., 2017) as a proxy for ex-191

planations. Raw attention weights visualize token192

interactions (Bahdanau et al., 2015), but studies193

show they are often weakly correlated with true194

model reasoning, leading to plausible but unfaithful195

explanations (Jain and Wallace, 2019; Serrano and196

Smith, 2019). Extensions like Grad-SAM (Barkan197

et al., 2021) incorporate gradients into attention198

maps for better highlighting, yet they still suffer199

from sparsity and noise in decoder-only models,200

where attention evolves across generation steps201

(Abnar and Zuidema, 2020).202

For VLMs, Grad-ECLIP (Zhao et al., 2024a) ex-203

tends Class Activation Mapping (Zhou et al., 2016)204

to explain CLIP (Radford et al., 2021) by aggregat-205

ing spatial and channel importance weights from206

gradients and softened attention maps. It visualizes207

image-text alignments but is designed for encoder-208

decoder architectures, limiting direct applicability209

to autoregressive LLMs without modifications to210

handle sequential generation.211

Unlike these methods, which often require auxil-212

iary models, multiple perturbations, or architectural213

changes, Grad-ELLM adapts Grad-ECLIP’s aggre-214

gation of gradients and attention maps to decoder-215

only LLMs, enabling faithful, per-step attributions216

without modifications or high computational costs. 217

2.3 Evaluation of Attribution Faithfulness 218

Faithfulness is commonly assessed via inser- 219

tion/deletion curves (Petsiuk et al., 2018), com- 220

prehensiveness/sufficiency (DeYoung et al., 2020), 221

and axiom adherence (e.g., completeness) (Sun- 222

dararajan et al., 2017). Zhao and Shan (2024) pro- 223

poses Soft-NC and Soft-NS to handle continuous 224

attributions. However, these metrics may unfairly 225

penalize methods with different information loss 226

profiles during perturbation (see §3.3). 227

Other faithfulness metrics for LLM attributions 228

include: Area Over the Perturbation Curve (AOPC) 229

(Samek et al., 2016), which averages the change 230

in model output probability across multiple pertur- 231

bations to assess attribution quality; RemOve And 232

Retrain (ROAR) (Hooker et al., 2019), which eval- 233

uates by retraining the model after masking highly 234

attributed features and measuring the performance 235

drop; FaithScore (Jing et al., 2024), which quanti- 236

fies factual consistency in model-generated ratio- 237

nales; Ragas (Es et al., 2024), which measures how 238

grounded outputs are in retrieved contexts (RAG). 239

Our π-Soft-NC/NS metrics build on these faith- 240

fulness evaluations by introducing a normalization 241

for expected information loss, ensuring fairer com- 242

parisons across attribution methods that generate 243

score distributions with different characteristics, 244

particularly in autoregressive LLM contexts. 245
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3 Methodology246

We begin with a brief overview of decoder-only247

LLMs, and then propose our corresponding Grad-248

ELLM attribution method. We then propose our249

π-Soft-NC/NS faithfulness metrics.250

3.1 Preliminary on LLMs251

Decoder-only LLMs, such as Llama (Touvron et al.,252

2023) and Mistral (Jiang et al., 2023), generate text253

autoregressively: given an input sequence of tokens254

X = {x1, x2, . . . , xm}, the model predicts output255

tokens Y = {y1, y2, . . . , yn} sequentially, where256

each yt is conditioned on all the inputs and the257

previous outputs {x1, . . . , xm, y1, . . . , yt−1}. That258

is, at step t, the model computes the logit lt for yt259

based on the prefix {x1, . . . , xm, y1, . . . , yt−1}.260

The Transformer decoder consists of N layers,261

each with self-attention and feed-forward networks.262

In self-attention, for a query q, keys ki, and values263

vi, the attention weights are:264

λi = softmax(
q·k⊤

i√
d
), (1)265

and the output is
∑

i λivi, where d is the embed-266

ding dimension. The attention weight captures to-267

ken dependencies, but does not necessarily reflect268

actual contributions to the output (Jain and Wallace,269

2019), which necessitates explanation methods.270

We denote z(k) ∈ R(m+t)×d as the input to271

layer k (output of layer k + 1), with z(N) as to-272

ken embeddings (of inputs X) and z(0) as the fi-273

nal hidden states (see Fig. 1). The logit lt for the274

next token yt is derived from the t-th generated275

token’s hidden state and z
(0)
t ∈ Rd is the corre-276

sponding row in z(0). We denote o(k) ∈ R(m+t)×d277

as the output of the self-attention block in layer k,278

and thus the output of the transformer block k is279

z(k−1) = o(k−1) + z(k).280

3.2 Proposed Grad-ELLM281

We focus on explaining the contribution of input282

tokens to lt, the logit of the next generated token283

yt. Analogous to Grad-CLIP, we decompose the284

decoder to relate lt to intermediate features (see285

Fig. 1). We first consider the last layer (k = 0)286

where the final hidden state for the last token is z(0)t .287

The logit lt = LP(z
(0)
t ), where LP is the linear288

projection to vocabulary space. Approximating289

linearity,290

lt = LP(z
(0)
t ) = LP(o

(0)
t + z

(1)
t ) (2)291

≈ LP(o
(0)
t ) + LP(z

(1)
t ), (3)292

where o
(0)
t is the t-th token in o(0), and 293

o
(0)
t = A(z(1))t =

∑
i

softmax(
qt·k⊤

i√
d

)vi, (4) 294

and A represents the self-attention layer. Thus we 295

obtain the approximation of logit lt recursively, 296

lt ≈ LP(o
(0)
t ) + LP(o

(1)
t ) + · · ·

+ LP(o
(N−1)
t ) + LP(z

(N)
t )

△
=

∑
k

l
(k)
t ,

(5) 297

as an aggregation of features from each layer. 298

Following Zhao et al. (2025), and looking at the 299

last transformer layer as an example, we approx- 300

imate the logit of the next predicted token as a 301

weighted combination of the channel features in ot. 302

For the last layer (k = 0), 303

l
(0)
t = LP(o

(0)
t ) =

∑
c

LP(ot)[c]
(0) △

= f(ot),

(6)

304

where we have defined the logit of the next gen- 305

erated token as a function of ot, i.e., f(ot). We 306

denote the linear approximation of the logit as f̃ , 307

f(ot) ≈ f̃(ot)
△
=

∑
c

wcot[c] = wo⊤t (7) 308

The linear weights w are obtained by matching the 309

first derivatives of f and its linear approximation: 310

w = argmin
w

∥f ′(ot)− f̃ ′(ot)∥2 (8) 311

= argmin ∥ ∂f
∂ot

−w∥2, (9) 312

and thus we obtain the solution w∗ = ∂f
∂ot

. Finally, 313

combining with (1) we have the approximation: 314

f(ot) ≈
∑
c

wcot[c] (10) 315

=
∑
c

∂f(ot)
∂ot

∑
i

softmax(
qt·k⊤

i√
d

)vic (11) 316

=
∑
i

[∑
c

∂f(ot)
∂ot︸ ︷︷ ︸
wc

softmax(
qt·k⊤

i√
d

)︸ ︷︷ ︸
λi

vic

]
,

(12)

317

where vic is the c-th channel of vi. Thus the attri- 318

bution for the i-th token is 319

Hi = ReLU(
∑
c

wcλivic), (13) 320
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where ReLU is used to focus only on tokens with321

positive influence on the logit value. In this way we322

decompose the attribution into two parts: channel323

weights wc and token weights λi. Following (Zhao324

et al., 2024a), the attribution map will be obtained325

by H = [Hi]i using the last layer value v as the326

feature map. Based on (5), we can select the desired327

number of layers to aggregate information from328

different layers to obtain the heatmap.329

As with Zhao et al. (2024a), we also apply 0-330

1 normalization on the similarities [qtk
⊤
i ]i and331

use it to replace the original softmax, i.e., λi ≈332

Φ(qtk
⊤
i ), where Φ is the 0-1 normalization func-333

tion applied over the set of similarities. Without334

this loosening step, the softmax operation will pro-335

duce sparser heat maps, due to the peakiness of336

softmax. The loosening step helps to reveal unat-337

tended input tokens that are similar to the attended338

token, which likely contain similar information.339

3.3 π-Soft-NC and π-Soft-NS340

In this section, we propose a modification of Soft-341

NC/NS, denoted as π-Soft-NC/NS, to obtain a342

more fair and comprehensive faithfulness metric.343

Soft-NC/NS. Zhao and Shan (2024) proposed344

Soft-NS and Soft-NC to evaluate the faithfulness345

of the entire attribution distribution. They ar-346

gue that traditional sufficiency and comprehensive-347

ness metrics are hindered by an out-of-distribution348

issue (Ancona et al., 2018; Bastings and Filip-349

pova, 2020; Yin et al., 2022). Specifically, hard350

perturbations—which involve entirely removing351

or retaining tokens—generate discretely corrupted352

versions of the original input that may fall outside353

the model’s training distribution. As a result, the354

model’s predictions on these altered inputs are un-355

likely to align with the reasoning processes used for356

the original full sentences, potentially leading to357

misleading insights into the model’s mechanisms.358

To mitigate this issue, rather than create hard359

perturbations by thresholding or ranking the attri-360

bution scores (as in insertion/deletion metrics), soft361

perturbations are generated by sampling perturba-362

tions according to the attribution scores. To create363

a soft perturbation of the input text, an independent364

Bernoulli distribution is applied to randomly mask365

each input embedding token vector xi, according366

to its attribution score si,367

x′
i = eixi, ei ∼ Bernoulli(si). (14)368

Here we assume si ∈ [0, 1], this can be viewed as369

introducing information loss (perturbation) at the370

embedding level: if si = 0, the embedding vector 371

xi is zeroed out (complete masking); if si = 1, 372

the embedding is kept (no masking). We denote 373

the attribution scores for the whole text as s = 374

{s1, · · · , sm}. 375

Denote X ′ = {x′1, · · · , x′m} as the soft- 376

perturbation text based on the attribution scores 377

for the next generated token yt. Let PX,t = 378

[p1,t, · · · , pv,t] be the probability distribution of 379

yt over the whole vocabulary (of size v) when the 380

input of the model is the original text X , and simi- 381

larly PX′,t = [p′1,t, · · · , p′v,t] for when the input is 382

the soft-perturbed text X ′. The effect of the pertur- 383

bation on the output distribution is measured using 384

the Hellinger distance: 385

∆PX′,t = H(PX,t,PX′,t) (15) 386

= 1√
2

√√√√ v∑
i=1

(
√
pi,t −

√
p′i,t), (16) 387

Finally, Soft-NS is defined as the relative effect 388

of keeping important tokens: 389

Soft-NS(X,xt, s) =
max(0,∆P0,t−∆PX′,t)

∆P0,t
, (17) 390

where ∆PX′,t is effect of the soft-perturbation X ′, 391

and ∆P0,t is effect of the zero baseline (all zero 392

inputs). Likewise, Soft-NC is defined as the relative 393

effect of removing important tokens, 394

Soft-NC(X,xt, s) =
∆PX̄′,t
∆P0,t

, (18) 395

where X̄ ′ is the soft-perturbation that removes to- 396

kens, i.e., with masks ei ∼ Bernoulli(1− si), and 397

∆PX̄′,t is its corresponding effect. 398

π-Soft-NC/NS. The original version of Soft- 399

NS/NC has a problem that makes it potentially 400

unfair to compare the performance of different attri- 401

bution methods. Different attribution methods may 402

yield heat maps with different mean values, and 403

thus the overall probability of keeping any word 404

(or the expected number of kept words) after soft 405

perturbation may also differ. In particular, given the 406

text attribute scores s, the probability of retaining 407

any word is: 408

π̂ = 1
m

m∑
i=1

E[ei] = 1
m

m∑
i=1

si, (19) 409

and the expected number of kept words is mπ̂. It 410

will be unfair to compare the Soft-NS/NC values 411

for two attribution methods A and B with different 412
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retaining probabilities, π̂a and π̂b, as the expected413

amount of retained information is different.414

To address the above problem, we propose π-415

Soft-NC/NS, which first transforms the attribution416

scores so that the calculated retaining probability417

π̂ matches a given target probability π ∈ [0, 1].418

Assuming scores si ∈ [0, 1), we adopt the alpha419

transformation, s̃i = sαi , and set α such that the420

transformed scores match the target retaining prob-421

ability, 1
m

∑m
i=1 s

α
i = π. Note that target π = 1 is422

obtained by setting α = 0, and π = 0 is obtained423

with α → ∞. We then define π-Soft-NC/NS as:424

π -Soft-NC(X,xt, s, π) = Soft-NC(X,xt, s
α),425

π -Soft-NS(X,xt, s, π) = Soft-NS(X,xt, s
α),426

where 1
m

∑m

i=1
sαi = π. (20)427

In practice, α is solved numerically, e.g., using428

bisection search.429

Using the same target π, then two attribution430

methods can be fairly compared using π-Soft-431

NC/NS, where both soft-perturbed text will now432

have the same expected number of retained words.433

Because the soft-perturbation is based on attribu-434

tion scores, attribution methods that perform well435

according to π-Soft-NC/NS will produce scores436

that are well-calibrated probabilities of importance.437

Furthermore, a comprehensive evaluation is ob-438

tained by sweeping the value of π ∈ [0, 1] and439

plotting π-Soft-NC/NS vs. π curves, and then sum-440

marizing using AUC.441

4 Experiments442

In this section we conduct experiments on Grad-443

ELLM to evaluate its explanation qualitatively and444

quantitatively and compare with the current SOTA445

method. We compared with representative baseline446

XAI methods from each category: 1) attention map-447

based methods, including raw attention in the last448

decoder layer (Bahdanau et al., 2015); 2) classical449

gradient-based methods, such as Saliency (vanilla450

gradients) (Simonyan et al., 2014), Input×Gradient451

(Simonyan et al., 2014), Integrated Gradients452

(IG) (Sundararajan et al., 2017), and DeepLIFT453

(Shrikumar et al., 2017); 3) layer-specific gradient-454

based method Layer Gradient×Activation (simi-455

lar to Layer-GradCAM (Jiang et al., 2021)); 4)456

perturbation-based Value Zeroing (Mohebbi et al.,457

2023); 5) a random baseline (Random), which as-458

signs uniform random scores to tokens as a control.459

4.1 Datasets 460

We experiment with three classification datasets 461

and two text generation datasets, following related 462

work (Zhao and Shan, 2024). IMDb is a widely 463

used benchmark for binary sentiment classification 464

of movie reviews (Maas et al., 2011). We ran- 465

domly sampled 1000 positive examples and 1000 466

negative examples. SST2 is a sentiment classifi- 467

cation task, which consist of challenging single 468

sentences (Socher et al., 2013). We also randomly 469

sampled 1000 positive and 1000 negative samples. 470

BoolQ is a dataset from Eraser(DeYoung et al., 471

2020) benchmark, which tests whether a model 472

can read a paragraph and correctly answer a fac- 473

tual yes/no question. TellMeWhy is a generation 474

dataset for answering questions in narratives (Zhao 475

and Shan, 2024; Lal et al., 2021). WikiBio is a 476

dataset consisted of Wikipedia biographies, and 477

following (Zhao and Shan, 2024; Manakul et al., 478

2023), we take the first two sentences as a prompt. 479

4.2 Faithfulness Metrics 480

We mainly use our proposed π-Soft-NC and π-Soft- 481

NS to measure the faithfulness of the full impor- 482

tance distribution fairly. We compute curves using 483

π ∈ {0.05, 0.10, . . . , 0.95}. For each π and each 484

text input, the two metrics are calculated using 3 485

samples of soft-perturbed text. Following Zhao and 486

Shan (2024), for classification tasks with explicit 487

label words, we evaluate the token-level faithful- 488

ness of the target label word. For open generation 489

task, we evaluate the sequence-level faithfulness – 490

we evaluate π-Soft-NS/NC every five tokens from 491

the sequential prediction and average the metrics 492

per steps to get the final results. 493

4.3 Implementation Details 494

Our method can select the number of layers for 495

aggregating the approximation in (5). By default, 496

we set the number of layers to 32 to get the most 497

comprehensive information. The detailed prompts 498

of different datasets are presented in Appendix part. 499

We use pre-trained generative LLMs from the 500

Huggingface library (Wolf et al., 2020) with de- 501

fault settings. We set top_p=1 to ensure consistent 502

output when running different attribution methods. 503

Experiments are run on a single NVIDIA RTX3090 504

GPU with 24GB memory. 505

4.4 Quantitative Results 506

The AUC results for π-Soft-NS/NC are shown in 507

Table 1. Example curves for π-Soft-NS/NC ver- 508
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Figure 2: Proposed π-Soft-NS/NC vs. Retaining Probability on IMDb for different XAI methods with Llama.

(a) Llama: AUC of π-Soft-NS/NC (↑)
Methods

Dataset Attn DL I×G IG LGA Rnd Sal VZ Ours

AUC π-Soft-NS ↑
IMDb 0.526 0.401 0.384 0.412 0.384 0.557 0.420 0.398 0.572
SST2 0.361 0.493 0.493 0.526 0.493 0.549 0.503 0.325 0.563
BoolQ 0.121 0.326 0.317 0.266 0.316 0.334 0.324 0.116 0.370
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
Avg 0.278 0.339 0.329 0.331 0.328 0.379 0.339 0.221 0.401

AUC π-Soft-NC ↑
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 0.276 0.258 0.318 0.253 0.136 0.304
BoolQ 0.356 1.953 1.765 1.434 1.832 2.381 1.778 0.330 2.462
TellMeWhy 0.684 1.034 0.745 1.356 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 0.974 0.872 0.793 1.078 0.756 0.706 1.115

(b) Mistral: AUC of π-Soft-NS/NC (↑)
Methods

Dataset Attn DL I×G IG LGA Rnd Sal VZ Ours

AUC π-Soft-NS ↑
IMDb 0.425 0.432 0.431 0.362 0.433 0.293 0.402 0.369 0.400
SST2 0.304 0.300 0.297 0.357 0.297 0.337 0.413 0.249 0.396
BoolQ 0.236 0.289 0.292 0.268 0.288 0.299 0.294 0.158 0.316
TellMeWhy 0.247 0.307 0.308 0.257 0.308 0.335 0.304 0.190 0.368
WikiBio 0.325 0.348 0.345 0.304 0.344 0.402 0.326 0.218 0.438
Avg 0.307 0.335 0.334 0.310 0.334 0.333 0.348 0.237 0.383

AUC π-Soft-NC ↑
IMDb 0.346 0.415 0.422 0.357 0.421 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 0.388 0.444 0.452 0.422 0.448 0.487 0.448 0.341 0.451
TellMeWhy 0.426 0.467 0.462 0.386 0.460 0.564 0.465 0.389 0.531
WikiBio 0.410 0.391 0.392 0.334 0.389 0.512 0.376 0.351 0.477
Avg 0.354 0.399 0.401 0.373 0.399 0.548 0.405 0.249 0.491

Table 1: Faithfulness evaluation with AUC of π-Soft-NS/NC curves for (a) Llama and (b) Mistral. Best / 2nd / 3rd
are highlighted on the Avg row. Abbr.: Attn = Attention, DL = DeepLIFT, I×G = Input×Gradients, IG = Integrated
Gradients, LGA = Layer Gradient×Activation, Rnd = Random, Sal = Saliency, VZ = Value Zeroing.

Attn DL I×G IG LGA Rnd Sal VZ Ours
Soft-NS↑ 0.052 0.087 0.086 0.089 0.091 0.132 0.087 0.032 0.138
Soft-NC↑ 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 π on IMDb with Llama509

are presented in Figs. 2. On Llama, our method510

achieved the best performance according to π-Soft-511

NS AUC, significantly outperforming other meth-512

ods. On π-Soft-NC AUC, our method also per-513

formed exceptionally well. Notably, the Value Ze-514

roing method performed poorly on both the metrics,515

which is likely because its attribution scores are re-516

lated to changes in predicted probability.517

For Mistral, our method continues to lead in π-518

Soft-NS AUC, significantly outperforming other519

comparable methods. However, on π-Soft-NC,520

the Random method achieved the highest score, 521

with our method ranking second. This may stem 522

from Mistral’s training optimizations, including 523

sliding window attention and grouped-query atten- 524

tion, which foster more distributed token depen- 525

dencies and uniform importance across contexts. 526

In such models, uniform (random) perturbations 527

can disrupt outputs more effectively for compre- 528

hensiveness metrics, as the model relies less on 529

sparse key tokens and more on broader contextual 530

windows, compared to Llama’s more global atten- 531

tion patterns. Overall, our method demonstrates 532

strong competitiveness on both metrics, especially 533

showing stable and excellent performance on the 534

Soft-NS metric, validating its ability to generate 535

high-quality attributions. 536

The π-Soft-NS/NC metrics prioritize quality of 537

the attribution scores as calibrated probabilities of 538

importance, over the accuracy of the attribution or- 539

derings (as with insertion/deletion metrics). Thus, 540

our method’s superior performance on these two 541

7



metrics demonstrates its ability to produce better542

importance distributions.543

Comparison with Soft-NC/NS: Tab. 2 shows544

the results when using the original Soft-NS/NC.545

The raw score outputs are used, and no transfor-546

mations are applied. The expected number of re-547

tained words E[R] can be different for each method.548

For methods like DeepLIFT, Integrated Gradients,549

Input×Gradient, LayerGradient×Activation and550

Saliency, which have E[R] ≈ 20, it is unclear551

whether differences in Soft-NS are due to different552

amounts of kept information or the actual infor-553

mation. When evaluated this way, heat maps with554

larger means will inevitably yield better results be-555

cause they retain more text in the soft perturbations556

(e.g., our method and Random). In other words,557

such evaluation is like erroneously comparing re-558

sults with retaining probability π = 0.1 to those559

with π = 0.4 in Fig. 2. Therefore, simply using560

Soft-NS/NC on raw scores for evaluation is unfair.561

4.4.1 Qualitative Results562

For qualitative analysis, we set the retaining prob-563

ability π to the same value to fairly compare dif-564

ferent methods. Fig. 3 and Fig. 4 shows the impor-565

tance distribution given by the Grad-ELLM, Atten-566

tion and Saliency on IMDb and SST2. Our method567

highlights the phrase "very little positive" when568

explaining why the model gives a negative rating,569

while Attention just highlights the token "positive".570

Saliency does not focus on the key phrase at all.571

On SST2, our method can even capture tokens572

with optimistic sentiments, such as "10/10" and573

":)", in which scenario Grad-ELLM can achieve574

much better Soft-NS/NC. In contrast, Attention and575

Saliency identify the token ". :)", where the comma576

is not useful for prediction (as evidenced by its low577

π-Soft-NC). Meanwhile Saliency does not assign578

many weights to these key tokens, thus achieving579

the worst results. More qualitative results with580

different π are presented in Appendix.581

5 Conclusion582

In this work, we propose a gradient-based method583

Grad-ELLM for calculating input attributions for584

decoder-only LLM. Our method generates faithful585

attribution heatmaps at each generation step by ag-586

gregating channel and spatial importance weights587

derived from gradients and attention maps, effec-588

tively highlighting the contributions of input tokens589

to output predictions. Through extensive experi-590

ments using open-source models like Llama and591

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

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

(c) Saliency, π-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 π = 0.1.

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

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

(c) Saliency, π-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 π = 0.1.

Mistral, we demonstrated that our adapted Grad- 592

ELLM consistently outperforms baselines in terms 593

of faithfulness metrics. 594

Additionally, we propose the faithfulness metrics 595

π-Soft-NC and π-Soft-NS, which first matches the 596

retaining probability of the attribution scores before 597

generating the soft-perturbations for Soft-NC/NS, 598

enabling fairer comparisons across methods with 599

different characteristics. 600

Future work could explore extensions to multi- 601

modal LLMs, integration with ethical alignment 602

tasks like bias mitigation, and further refinements 603

to the loosened attention mechanism for even 604

sparser attention patterns in larger models. By en- 605

hancing transparency, our approach paves the way 606

for more trustworthy and interpretable AI systems. 607

8



6 Limitations608

Although Grad-ELLM achieves consistent superi-609

ority in faithfulness metrics across various tasks610

and models, it is not without limitations. Many611

existing attribution methods, such as Saliency and612

Input×Gradient, tend to produce sparse heatmaps613

that concentrate importance on a limited number614

of tokens, enabling sharp changes in model outputs615

during perturbation-based evaluations. In contrast,616

Grad-ELLM generates denser heatmaps due to the617

incorporation of loosened attention maps, which618

distribute attribution scores more broadly across619

input tokens. This density can make the method620

more susceptible to noise and accumulated errors621

in autoregressive generation, potentially leading to622

less optimal performance on insertion and deletion623

curves. For instance, sparse methods may achieve624

faster probability drops or rises by isolating highly625

influential tokens, whereas our denser attributions626

require more tokens to be perturbed to observe627

similar effects. Indeed our method may appear628

information-overloaded in scenarios requiring ex-629

tremely sparse interpretation (such as identifying630

key diagnostic markers), but this can usually be631

addressed by setting a threshold to extract top-k632

features (or top-p retaining probability). Our core633

advantage lies in providing a more faithful and634

complete decision context.635

Furthermore, our study focuses exclusively on636

faithfulness and does not include evaluations of637

plausibility, which assesses how intuitive and638

human-understandable the explanations are. Plau-639

sibility is inherently subjective, and quantifying640

it poses significant challenges—particularly when641

comparing dense heatmaps (which provide a holis-642

tic view of token contributions) to sparse ones643

(which emphasize focal points). Without standard-644

ized, objective metrics or large-scale user studies,645

it is difficult to determine which type offers better646

interpretability in practice.647

Grad-ELLM also relies on access to internal648

model states, such as gradients and attention layers,649

restricting its use to open-source LLMs like Llama650

and Mistral. Extending it to proprietary models or651

integrating it with global interpretability techniques652

in future research could address these gaps.653

References654

Samira Abnar and Willem Zuidema. 2020. Quantify-655
ing attention flow in transformers. In Proceedings656
of the 58th Annual Meeting of the Association for657

Computational Linguistics, pages 4190–4197, On- 658
line. Association for Computational Linguistics. 659

Marco Ancona, Enea Ceolini, Cengiz Öztireli, and 660
Markus Gross. 2018. Towards better understanding 661
of gradient-based attribution methods for deep neural 662
networks. In International Conference on Learning 663
Representations. 664

Anonymous. 2024. Evaluating human alignment and 665
model faithfulness of LLM rationale. In Submitted 666
to ACL Rolling Review - June 2024. Under review. 667

Dzmitry Bahdanau, Kyunghyun Cho, and Yoshua Ben- 668
gio. 2015. Neural machine translation by jointly 669
learning to align and translate. In 3rd International 670
Conference on Learning Representations, ICLR 2015, 671
San Diego, CA, USA, May 7-9, 2015, Conference 672
Track Proceedings. 673

Oren Barkan, Edan Hauon, Avi Caciularu, Ori Katz, 674
Itzik Malkiel, Omri Armstrong, and Noam Koenig- 675
stein. 2021. Grad-sam: Explaining transformers via 676
gradient self-attention maps. In Proceedings of the 677
30th ACM International Conference on Information 678
& Knowledge Management, pages 2882–2887. 679

Jasmijn Bastings and Katja Filippova. 2020. The ele- 680
phant in the interpretability room: Why use attention 681
as explanation when we have saliency methods? In 682
Proceedings of the Third BlackboxNLP Workshop 683
on Analyzing and Interpreting Neural Networks for 684
NLP, pages 149–155, Online. Association for Com- 685
putational Linguistics. 686

Reuben Binns. 2018. Fairness in machine learning: 687
Lessons from political philosophy. In Conference 688
on fairness, accountability and transparency, pages 689
149–159. PMLR. 690

Alan David Boyle, Furui Cheng, Vilém Zouhar, and 691
Mennatallah El-Assady. 2025. Cafga: Customizing 692
feature attributions to explain language models. In 693
Proceedings of the 2025 Conference on Empirical 694
Methods in Natural Language Processing: System 695
Demonstrations, pages 461–470. 696

Benjamin Cohen-Wang, Harshay Shah, Kristian 697
Georgiev, and Aleksander Madry. 2024. Contextcite: 698
Attributing model generation to context. Advances in 699
Neural Information Processing Systems, 37:95764– 700
95807. 701

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and 702
Kristina Toutanova. 2019. Bert: Pre-training of deep 703
bidirectional transformers for language understand- 704
ing. In Proceedings of the 2019 conference of the 705
North American chapter of the association for com- 706
putational linguistics: human language technologies, 707
volume 1 (long and short papers), pages 4171–4186. 708

Jay DeYoung, Sarthak Jain, Nazneen Fatema Rajani, 709
Eric Lehman, Caiming Xiong, Richard Socher, and 710
Byron C. Wallace. 2020. ERASER: A benchmark to 711
evaluate rationalized NLP models. In Proceedings 712
of the 58th Annual Meeting of the Association for 713

9

https://doi.org/10.18653/v1/2020.acl-main.385
https://doi.org/10.18653/v1/2020.acl-main.385
https://doi.org/10.18653/v1/2020.acl-main.385
https://openreview.net/forum?id=2mUNv2hCRV
https://openreview.net/forum?id=2mUNv2hCRV
https://openreview.net/forum?id=2mUNv2hCRV
http://arxiv.org/abs/1409.0473
http://arxiv.org/abs/1409.0473
http://arxiv.org/abs/1409.0473
https://doi.org/10.18653/v1/2020.blackboxnlp-1.14
https://doi.org/10.18653/v1/2020.blackboxnlp-1.14
https://doi.org/10.18653/v1/2020.blackboxnlp-1.14
https://doi.org/10.18653/v1/2020.blackboxnlp-1.14
https://doi.org/10.18653/v1/2020.blackboxnlp-1.14
https://doi.org/10.18653/v1/2020.acl-main.408
https://doi.org/10.18653/v1/2020.acl-main.408
https://doi.org/10.18653/v1/2020.acl-main.408


Computational Linguistics, pages 4443–4458, Online.714
Association for Computational Linguistics.715

Shahul Es, Jithin James, Luis Espinosa Anke, and716
Steven Schockaert. 2024. Ragas: Automated evalua-717
tion of retrieval augmented generation. In Proceed-718
ings of the 18th Conference of the European Chap-719
ter of the Association for Computational Linguistics:720
System Demonstrations, pages 150–158.721

Andre Esteva, Alexandre Robicquet, Bharath Ramsun-722
dar, Volodymyr Kuleshov, Mark DePristo, Katherine723
Chou, Claire Cui, Greg Corrado, Sebastian Thrun,724
and Jeff Dean. 2019. A guide to deep learning in725
healthcare. Nature medicine, 25(1):24–29.726

Sara Hooker, Dumitru Erhan, Pieter-Jan Kindermans,727
and Been Kim. 2019. A benchmark for interpretabil-728
ity methods in deep neural networks. Advances in729
neural information processing systems, 32.730

Sarthak Jain and Byron C. Wallace. 2019. Attention is731
not explanation. In North American Chapter of the732
Association for Computational Linguistics.733

Albert Q. Jiang, Alexandre Sablayrolles, Arthur Men-734
sch, Chris Bamford, Devendra Singh Chaplot, Diego735
de las Casas, Florian Bressand, Gianna Lengyel, Guil-736
laume Lample, Lucile Saulnier, Lélio Renard Lavaud,737
Marie-Anne Lachaux, Pierre Stock, Teven Le Scao,738
Thibaut Lavril, Thomas Wang, Timothée Lacroix,739
and William El Sayed. 2023. Mistral 7b. Preprint,740
arXiv:2310.06825.741

Peng-Tao Jiang, Chang-Bin Zhang, Qibin Hou, Ming-742
Ming Cheng, and Yunchao Wei. 2021. Layercam:743
Exploring hierarchical class activation maps for lo-744
calization. IEEE transactions on image processing,745
30:5875–5888.746

Liqiang Jing, Ruosen Li, Yunmo Chen, and Xinya Du.747
2024. Faithscore: Fine-grained evaluations of hallu-748
cinations in large vision-language models. In Find-749
ings of the Association for Computational Linguistics:750
EMNLP 2024, pages 5042–5063.751

Yash Kumar Lal, Nathanael Chambers, Raymond752
Mooney, and Niranjan Balasubramanian. 2021.753
TellMeWhy: A dataset for answering why-questions754
in narratives. In Findings of the Association for Com-755
putational Linguistics: ACL-IJCNLP 2021, pages756
596–610, Online. Association for Computational Lin-757
guistics.758

Tao Lei, Regina Barzilay, and Tommi Jaakkola. 2016.759
Rationalizing neural predictions. In Proceedings of760
the 2016 Conference on Empirical Methods in Nat-761
ural Language Processing, pages 107–117, Austin,762
Texas. Association for Computational Linguistics.763

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-764
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis,765
Luke Zettlemoyer, and Veselin Stoyanov. 2020.766
Ro{bert}a: A robustly optimized {bert} pretraining767
approach.768

Haoyan Luo and Lucia Specia. 2024. From understand- 769
ing to utilization: A survey on explainability for large 770
language models. arXiv preprint arXiv:2401.12874. 771

Andrew Maas, Raymond E Daly, Peter T Pham, Dan 772
Huang, Andrew Y Ng, and Christopher Potts. 2011. 773
Learning word vectors for sentiment analysis. In 774
Proceedings of the 49th annual meeting of the associ- 775
ation for computational linguistics: Human language 776
technologies, pages 142–150. 777

Potsawee Manakul, Adian Liusie, and Mark Gales. 2023. 778
Selfcheckgpt: Zero-resource black-box hallucination 779
detection for generative large language models. In 780
Proceedings of the 2023 conference on empirical 781
methods in natural language processing, pages 9004– 782
9017. 783

Kevin Meng, David Bau, Alex Andonian, and Yonatan 784
Belinkov. 2022. Locating and editing factual associa- 785
tions in gpt. Advances in neural information process- 786
ing systems, 35:17359–17372. 787

Hosein Mohebbi, Willem Zuidema, Grzegorz Chrupała, 788
and Afra Alishahi. 2023. Quantifying context mixing 789
in transformers. In Proceedings of the 17th Confer- 790
ence of the European Chapter of the Association 791
for Computational Linguistics, pages 3378–3400, 792
Dubrovnik, Croatia. Association for Computational 793
Linguistics. 794

Vitali Petsiuk, Abir Das, and Kate Saenko. 2018. RISE: 795
randomized input sampling for explanation of black- 796
box models. In British Machine Vision Conference 797
2018, BMVC 2018, Newcastle, UK, September 3-6, 798
2018, page 151. BMVA Press. 799

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya 800
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sas- 801
try, Amanda Askell, Pamela Mishkin, Jack Clark, and 802
1 others. 2021. Learning transferable visual models 803
from natural language supervision. In International 804
conference on machine learning, pages 8748–8763. 805
PmLR. 806

Marco Tulio Ribeiro, Sameer Singh, and Carlos 807
Guestrin. 2016. " why should i trust you?" explaining 808
the predictions of any classifier. In Proceedings of 809
the 22nd ACM SIGKDD international conference on 810
knowledge discovery and data mining, pages 1135– 811
1144. 812

Wojciech Samek, Alexander Binder, Grégoire Mon- 813
tavon, Sebastian Lapuschkin, and Klaus-Robert 814
Müller. 2016. Evaluating the visualization of what 815
a deep neural network has learned. IEEE trans- 816
actions on neural networks and learning systems, 817
28(11):2660–2673. 818

Sofia Serrano and Noah A. Smith. 2019. Is attention in- 819
terpretable? In Proceedings of the 57th Annual Meet- 820
ing of the Association for Computational Linguistics, 821
pages 2931–2951, Florence, Italy. Association for 822
Computational Linguistics. 823

10

https://api.semanticscholar.org/CorpusID:67855860
https://api.semanticscholar.org/CorpusID:67855860
https://api.semanticscholar.org/CorpusID:67855860
https://arxiv.org/abs/2310.06825
https://doi.org/10.18653/v1/2021.findings-acl.53
https://doi.org/10.18653/v1/2021.findings-acl.53
https://doi.org/10.18653/v1/2021.findings-acl.53
https://doi.org/10.18653/v1/D16-1011
https://openreview.net/forum?id=SyxS0T4tvS
https://openreview.net/forum?id=SyxS0T4tvS
https://openreview.net/forum?id=SyxS0T4tvS
https://doi.org/10.18653/v1/2023.eacl-main.245
https://doi.org/10.18653/v1/2023.eacl-main.245
https://doi.org/10.18653/v1/2023.eacl-main.245
http://bmvc2018.org/contents/papers/1064.pdf
http://bmvc2018.org/contents/papers/1064.pdf
http://bmvc2018.org/contents/papers/1064.pdf
http://bmvc2018.org/contents/papers/1064.pdf
http://bmvc2018.org/contents/papers/1064.pdf
https://doi.org/10.18653/v1/P19-1282
https://doi.org/10.18653/v1/P19-1282
https://doi.org/10.18653/v1/P19-1282


Avanti Shrikumar, Peyton Greenside, and Anshul Kun-824
daje. 2017. Learning important features through825
propagating activation differences. In International826
conference on machine learning, pages 3145–3153.827
PMlR.828

Karen Simonyan, Andrea Vedaldi, and Andrew Zis-829
serman. 2014. Deep inside convolutional networks:830
Visualising image classification models and saliency831
maps. In 2nd International Conference on Learn-832
ing Representations, ICLR 2014, Banff, AB, Canada,833
April 14-16, 2014, Workshop Track Proceedings.834

Richard Socher, Alex Perelygin, Jean Wu, Jason835
Chuang, Christopher D Manning, Andrew Y Ng, and836
Christopher Potts. 2013. Recursive deep models for837
semantic compositionality over a sentiment treebank.838
In Proceedings of the 2013 conference on empiri-839
cal methods in natural language processing, pages840
1631–1642.841

Mukund Sundararajan, Ankur Taly, and Qiqi Yan. 2017.842
Axiomatic attribution for deep networks. In Interna-843
tional conference on machine learning, pages 3319–844
3328. PMLR.845

Hugo Touvron, Louis Martin, Kevin Stone, Peter Al-846
bert, Amjad Almahairi, Yasmine Babaei, Nikolay847
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti848
Bhosale, and 1 others. 2023. Llama 2: Open foun-849
dation and fine-tuned chat models. arXiv preprint850
arXiv:2307.09288.851

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob852
Uszkoreit, Llion Jones, Aidan N Gomez, Łukasz853
Kaiser, and Illia Polosukhin. 2017. Attention is all854
you need. Advances in neural information processing855
systems, 30.856

Michael Veale and Reuben Binns. 2017. Fairer machine857
learning in the real world: Mitigating discrimination858
without collecting sensitive data. Big Data & Society,859
4(2):2053951717743530.860

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien861
Chaumond, Clement Delangue, Anthony Moi, Pier-862
ric Cistac, Tim Rault, Remi Louf, Morgan Funtowicz,863
and 1 others. 2020. Transformers: State-of-the-art864
natural language processing. In Proceedings of the865
2020 conference on empirical methods in natural866
language processing: system demonstrations, pages867
38–45.868

Fan Yin, Zhouxing Shi, Cho-Jui Hsieh, and Kai-Wei869
Chang. 2022. On the sensitivity and stability of870
model interpretations in nlp. In Proceedings of the871
60th Annual Meeting of the Association for Compu-872
tational Linguistics (Volume 1: Long Papers), pages873
2631–2647.874

Sheng Zhang, Jin Wang, Haitao Jiang, and Rui Song.875
2022. Locally aggregated feature attribution on nat-876
ural language model understanding. In Proceedings877
of the 2022 Conference of the North American Chap-878
ter of the Association for Computational Linguistics:879
Human Language Technologies, pages 2189–2201,880

Seattle, United States. Association for Computational 881
Linguistics. 882

Chenyang Zhao, Kun Wang, Janet H Hsiao, and An- 883
toni B Chan. 2025. Grad-eclip: Gradient-based vi- 884
sual and textual explanations for clip. arXiv preprint 885
arXiv:2502.18816. 886

Chenyang Zhao, Kun Wang, Xingyu Zeng, Rui Zhao, 887
and Antoni B Chan. 2024a. Gradient-based visual 888
explanation for transformer-based clip. In Inter- 889
national Conference on Machine Learning, pages 890
61072–61091. PMLR. 891

Haiyan Zhao, Hanjie Chen, Fan Yang, Ninghao Liu, 892
Huiqi Deng, Hengyi Cai, Shuaiqiang Wang, Dawei 893
Yin, and Mengnan Du. 2024b. Explainability for 894
large language models: A survey. ACM Transactions 895
on Intelligent Systems and Technology, 15(2):1–38. 896

Zhixue Zhao and Boxuan Shan. 2024. Reagent: 897
A model-agnostic feature attribution method for 898
generative language models. arXiv preprint 899
arXiv:2402.00794. 900

Bolei Zhou, Aditya Khosla, Agata Lapedriza, Aude 901
Oliva, and Antonio Torralba. 2016. Learning deep 902
features for discriminative localization. In Proceed- 903
ings of the IEEE conference on computer vision and 904
pattern recognition, pages 2921–2929. 905

A Dataset Details 906

More detailed descriptions of the datasets: 907

• IMDb is designed by (Maas et al., 2011) 908

which is a widely used benchmark for bi- 909

nary sentiment classification. It consists of 910

50,000 movie reviews collected from the Inter- 911

net Movie Database (IMDb), each labeled as 912

either positive or negative. We randomly sam- 913

pled 1000 positive examples and 1000 nega- 914

tive examples from them. 915

• SST2 is also a sentiment classification task 916

designed by (Socher et al., 2013), which con- 917

sist of independent single sentences, many 918

of which contain complex grammatical struc- 919

tures, negation, and irony, making classifica- 920

tion more challenging compared with IMDb. 921

We also randomly sampled 1000 entries from 922

each of the positive and negative samples. 923

• BoolQ is a dataset from Eraser(DeYoung 924

et al., 2020) benchmark, which tests whether 925

a model can read a paragraph and correctly 926

answer a factual yes/no question about it, em- 927

phasizing deep language understanding over 928

superficial cues. 929

• TellMeWhy is a generation dataset for an- 930

swering questions in narratives, we follows 931

the dataset setting in (Zhao and Shan, 2024; 932

Lal et al., 2021). 933
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• WikiBio is a dataset consisted of Wikipedia934

biographies. Following (Zhao and Shan, 2024;935

Manakul et al., 2023), we take the first two936

sentences as a prompt.937

B Prompt Details938

The whole prompts are shown in Tab. 3. For939

Llama, we add some special tokens in the end940

of the input text to ensure the model is output in941

a formatted manner. These special tokens are:942

"<|start_header_id|> assistant <|end_header_id|>n".943

These special tokens are the first tokens that Llama944

always outputs when it outputs content. If we945

don’t force the model to output them, it might946

not output them according to our format, which947

could lead to incorrect output during deletion and948

insertion evaluation. However, this requirement949

does not apply to Mistral.950

C Evaluation with Insertion/Deletion951

For completeness, we also compute the classical952

Deletion and Insertion (Petsiuk et al., 2018) metrics953

for classification tasks. Inspired by DeYoung et al.954

(2020), to more robustly evaluate the performance955

of attribution methods, we evaluate the change in956

flip probability rather than the change in prediction957

probability. In our experiment setting, we consider958

each step as 5% of number of tokens and record959

results for 20 steps.960

Higher AUC for Deletion is better, since ide-961

ally removing words will yield large flip probabil-962

ity (large performance degradation). Conversely,963

lower AUC for Insertion is better, since ideally964

adding words will yield reduction in flip probabil-965

ity (large performance gain). It is worth noting966

that if the change in prediction probability is the967

evaluation target, Value Zeroing should theoreti-968

cally be the upper bound for Deletion and Inser-969

tion experiments, as it directly measures the causal970

effect of zeroing features on the model’s predic-971

tion. However, within the evaluation framework972

of flip probability, this upper bound property may973

be weakened, because flip probability focuses on974

crossing class boundaries rather than the absolute975

change in probability magnitude.976

C.1 Results977

The Insertion/Deletion AUC results are presented978

in Tables 4 and 5. In the experiments conducted979

with Llama, our method achieved the second-best980

result in Deletion evaluation and the third-best re-981

sult in Insertion evaluation. However, our method 982

yielded slightly worse results in the Mistral experi- 983

ment, only achieving third place. Through in-depth 984

analysis, we found that our heatmap is denser com- 985

pared to other methods, which puts us at a disad- 986

vantage in order-based evaluations such as deletion 987

and insertion, because we are more susceptible to 988

small noise that swaps the order of words. On the 989

other hand, as presented in the main paper, our 990

π-Soft-NS/NC metrics reveal that our method has 991

better overall importance distributions. 992

D Qualitative Results 993

We also provide some extra qualitative results on 994

IMDb ans SST2 with different retaining probability 995

π = {0.25, 0.5}. The results are shown in Fig. 5 996

and Fig. 6. 997
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Dataset Prompt Construction Code

IMDb & SST2

messages = [
{

"role": "system",
"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.",

},
{"role": "user", "content": f"Text: {text}"},

]

BoolQ

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."

},
{

"role": "user",
"content": "Passage: {passage}\n\nQuestion: {question}".format(

passage=passage_text,
question=question_text

)
}

]

TellMeWhy & WikiBio

messages = [
{

"role": "user",
"content": text

}
]

Table 3: Detailed prompts for all datasets

Deletion↑ Attention Deeplift Input×Gradients Integrated Gradients Layer Gradient×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 0.2237 | 0.2660
SST2 0.3577 0.3279 0.3291 0.3064 0.3290 0.310 0.2943 0.3755 0.3279 | 0.3639

Average 0.3134 0.2650 0.2661 0.2417 0.2660 0.2487 0.2340 0.3242 0.2878 | 0.3150
Inserton↓ Attention Deeplift Input×Gradients Integrated Gradients Layer Gradient×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 | 0.0930
SST2 0.1584 0.1723 0.1723 0.1768 0.1722 0.2237 0.1887 0.1468 0.1891 | 0.1687

Average 0.1251 0.1456 0.1472 0.1433 0.1472 0.1967 0.1602 0.1160 0.1548 | 0.1309

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 green respectively. w/o means we use
the original attention rather than the loosen attention, and vice versa.

Deletion↑ Attention Deeplift Input×Gradients Integrated Gradients Layer Gradient×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 0.2452 | 0.2407
SST2 0.3853 0.3153 0.3145 0.3331 0.3146 0.3099 0.3124 0.3801 0.3485 | 0.3515

Average 0.3353 0.2605 0.2602 0.2580 0.2603 0.2487 0.2574 0.3156 0.2969 | 0.2961
Inserton↓ Attention Deeplift Input×Gradients Integrated Gradients Layer Gradient×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 | 0.1201
SST2 0.1561 0.1791 0.1804 0.1783 0.1806 0.2287 0.1763 0.1593 0.1710 | 0.1744

Average 0.1099 0.1340 0.1350 0.1397 0.1352 0.1951 0.1308 0.1155 0.1344 | 0.1557

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 green respectively. w/o means we use
the original attention rather than the loosen attention, and vice versa.
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(a) π-Soft-NS/NC = 0.98 / 0.16 (b) π-Soft-NS/NC = 0.17 / 0.00 (c) π-Soft-NS/NC = 0.27 / 0.00

(d) π-Soft-NS/NC = 0.99 / 0.25 (e) π-Soft-NS/NC = 0.99 / 0.21 (f) π-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 π of the first and second rows are π = 0.25 and π = 0.5 respectively.
Grad-ELLM: (a) and (d); Attention: (b) and (e); Saliency: (c) and (f).

(a) π-Soft-NS/NC = 0.53 / 0.12 (b) π-Soft-NS/NC = 0.69 / 0.00 (c) π-Soft-NS/NC = 0.23 / 0.00

(d) π-Soft-NS/NC = 0.93 / 0.22 (e) π-Soft-NS/NC = 0.95 / 0.17 (f) π-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 π of the first and second rows are π = 0.25 and π = 0.5 respectively.
Grad-ELLM: (a) and (d); Attention: (b) and (e); Saliency: (c) and (f).
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