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Abstract

Feature attribution methods highlight the im-001
portant input tokens as explanations to model002
predictions, which have been widely applied to003
deep neural networks towards trustworthy AI.004
However, recent works show that explanations005
provided by these methods face challenges of006
being faithful and robust. In this paper, we007
propose a method with Robustness improve-008
ment and Explanation Guided training towards009
more faithful EXplanations (REGEX). First,010
we improve model robustness by input gradient011
regularization technique and virtual adversar-012
ial training. Secondly, we use salient ranking013
to mask noisy tokens and maximize the simi-014
larity between model attention and feature at-015
tribution, which can be seen as a self-training016
procedure without importing other external in-017
formation. We conduct extensive experiments018
on six datasets with five attribution methods,019
and also evaluate the faithfulness in the out-of-020
domain setting. The results show that REGEX021
improves the fidelity metrics of the explanation022
in all settings. Moreover, we show that using023
highlight explanations produced by REGEX024
to train select-then-predict models results in025
comparable task performance to the end-to-end026
method. These findings provide evidence that027
we can improve the faithfulness of highlight ex-028
planations by considering model robustness. 1029

1 Introduction030

As broad adoption of Pre-trained Language Models031

(PLMs) (Devlin et al., 2019; Liu et al., 2019; Raffel032

et al., 2020) requires humans to trust their output,033

we need to be able to understand the rationale be-034

hind the output and even ask questions regarding035

how the model comes to its decision (Lipton, 2018).036

Recently, explanation methods for interpreting why037

a model makes certain decisions are proposed and038

become more crucial. For example, feature attribu-039

tion methods assign scores to tokens and highlight040

1We will publicly release our code.
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Figure 1: Visualization of positive and negative high-
lights produced by post-hoc explanation methods (e.g.,
feature attribution). However, these explanations suffer
from unfaithfulness problems and can be further fooled
by adversarial manipulation without changing model
output (Ghorbani et al., 2019).

the important ones as explanations (Sundararajan 041

et al., 2017; Jain et al., 2020; DeYoung et al., 2020). 042

However, recent studies show that these expla- 043

nations face challenges of being faithful and ro- 044

bust (Yeh et al., 2019; Sinha et al., 2021; Ivankay 045

et al., 2022), illustrated in Figure 1. The faithful- 046

ness means the explanation accurately represents 047

the reasoning behind model predictions (Jacovi and 048

Goldberg, 2020). Though some works are proposed 049

to use higher-order gradient information (Smilkov 050

et al., 2017), by incorporating game-theoretic no- 051

tions (Hsieh et al., 2021) and learning from pri- 052

ors (Chrysostomou and Aletras, 2021a), how to im- 053

prove the faithfulness of highlight explanations still 054

remains an open research problem. Moreover, the 055

explanation should be stable between functionally 056

equivalent models trained from different initializa- 057

tions (Zafar et al., 2021). Intuitively, the potential 058

causes of these challenges could be (i) the model 059

is not robust and mostly leads to unfaithful and 060

fragile explanations (Alvarez-Melis and Jaakkola, 061

2018; Li et al., 2022) and (ii) those explanation 062

methods themselves also lack robustness to imper- 063
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ceptible perturbations of the input (Ghorbani et al.,064

2019); hence we need to develop better explanation065

methods. In this paper, we focus on the former and066

argue that there are connections between model067

robustness and explainability, any progress in one068

part may represent progress in both.069

To this end, we propose a method with070

Robustness improvement and Explanation071

Guided training to improve the faithfulness of072

EXplanations (REGEX) while also preserving the073

task performance for text classification. First, we074

apply the input gradient regularization technique075

and virtual adversarial training to improve model076

robustness. While previous works found that077

these mechanisms can improve the adversarial078

robustness and interpretability of deep neural079

networks (Ross and Doshi-Velez, 2018; Li080

et al., 2022), to the best of our knowledge, the081

faithfulness of model explanations by applying082

them has not been explored. Secondly, our method083

leverages token attributions aggregated by the084

explanation method, which provides a local linear085

approximation of the model’s behavior (Baehrens086

et al., 2010). We mask input tokens with low087

feature attribution scores to generate perturbed text088

and then maximize the similarity between new089

attention and attribution scores. Moreover, we090

minimize the Kullback–Leibler (KL) divergence091

between model attention of original input and092

attributions. The main idea is to allow attention093

distribution of the model to learn from input094

importance during training to reduce the effect of095

noisy information.096

To verify the effectiveness of REGEX, we con-097

sider a variety of classification tasks across six098

datasets with five attribution methods. Addition-099

ally, we conduct extensive empirical studies to ex-100

amine the faithfulness of five feature attribution101

approaches in out-of-domain settings. The results102

show that REGEX improves the faithfulness of the103

highlight explanations measured by sufficiency and104

comprehensiveness (DeYoung et al., 2020) in all105

settings while outperforms or performs compara-106

bly to the baseline. Moreover, we show that us-107

ing the explanations output from REGEX to train108

select-then-predict models results in comparable109

task performance to the end-to-end method, where110

the former trains an independent classifier using111

only the rationales extracted by the pre-trained ex-112

tractor (Jain et al., 2020). These findings provide113

empirical support that improving model robustness114

can provide more faithful explanations produced 115

by feature attribution methods – one desideratum 116

in trustworthy AI. 117

2 Related Work 118

Model Robustness and Explainability As it has 119

recently been shown that deep neural networks are 120

vulnerable to adversarial attacks even with PLMs, 121

several works are proposed to ensure that AI sys- 122

tems are trustworthy and reliable, which include 123

quantifying the vulnerability and designing new 124

attacks and better defense technologies (Hendrycks 125

et al., 2020; Wang et al., 2021). For example, ad- 126

versarial training-based methods are proposed to 127

improve the robustness of the model and have been 128

proven effective in various tasks (Goodfellow et al., 129

2015; Madry et al., 2018). However, as the debug 130

tools for black-box models, explanation methods 131

also lack robustness to imperceptible and targeted 132

perturbations of the input (Heo et al., 2019; Cam- 133

buru et al., 2019; Meister et al., 2021; Hsieh et al., 134

2021). While significantly different explanations 135

are provided for similar models (Zafar et al., 2021), 136

how to elicit more reliable explanations is a promis- 137

ing direction towards interpretation robustness. 138

Explanation Faithfulness The faithfulness of ex- 139

planations is important for NLP tasks, especially 140

when humans refer to model decisions (Kinder- 141

mans et al., 2017; Girardi et al., 2018). Jacovi 142

and Goldberg (2020) firstly propose to evaluate 143

the faithfulness of NLP methods by separating the 144

two definitions between faithfulness and plausibil- 145

ity and provide guidelines on how evaluation of 146

explanations methods should be conducted. Re- 147

cently, some works focus on faithfulness measure- 148

ments of NLP model explanations and improve 149

the faithfulness of specific explanations (Wiegr- 150

effe et al., 2021; Yin et al., 2021; Bastings et al., 151

2021; Chrysostomou and Aletras, 2021b). Among 152

them, Ding and Koehn (2021) propose two specific 153

consistency tests intending to measure if the post- 154

hoc explanations remain consistent with similar 155

models. 156

Incorporate Explanations into Learning While 157

most previous explanation methods have been de- 158

veloped for explaining deep neural networks, some 159

works also explore the potential to leverage these 160

explanations to help build better models (Liu and 161

Avci, 2019; Rieger et al., 2020; Jayaram and All- 162

away, 2021; Ju et al., 2021; Bhat et al., 2021; Han 163
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Figure 2: The overall framework of proposed REGEX method. REGEX consists of two components for robustness
improvement and explanations guided training respectively. For latter, we iteratively mask input tokens with low
attribution scores and then minimize the KL divergence between attention of masked input and feature attributions.

and Tsvetkov, 2021; Ismail et al., 2021; Chrysosto-164

mou and Aletras, 2021a; Stacey et al., 2022; Ye and165

Durrett, 2022). Hase and Bansal (2021) propose a166

framework to understand the role of explanations167

in learning, and find that explanations are suitably168

used in a retrieval-based modeling approach. Sim-169

ilarly, Adebayo et al. (2022) investigate whether170

post-hoc explanations are effective for detecting171

model reliance on spurious training signals but172

the answer seems to be negative. While how to173

effectively incorporate explanations into learning174

remains an open problem, we focus on incorporat-175

ing model explanations in a self-training way to176

improve its faithfulness.177

3 Method178

3.1 Problem Formulation179

First, we consider the setting of multi-label text180

classification problem with n input examples181

{(xi, yi)}ni=1. The input space embedded into vec-182

tors is x ⊆ Rl×d and the output space is Y . A183

neural classifier is fθ : X → Y where fθ(x) pa-184

rameterized by θ which denotes the output class for185

one example x = (x1, · · · , xl) ∈ X , where l rep-186

resents the length of the sequence. The optimiza-187

tion of the network is to minimize the cross-entropy188

loss L over the training set as follows:189

Lclassify =

n∑
i=1

log pθ(yi|xi). (1)190

Then, given an input xi = (x1, · · · , xl) and its191

particular prediction fθ(xi) = yi, the goal of fea-192

ture attribution is to assign each token with a nor-193

malized score that then can be used to extract a194

compact set of relevant sub-sequences with respect195

to the prediction. Formally, an attribution of the pre-196

diction at input xi is a vector ai = (ai1, · · · , ail)197

and aij is defined as the attribution of xij . Af- 198

ter that, we denote the set of extracted tokens 199

(i.e., highlight explanations or rationales) provided 200

by taking top-k values from xi as ri, and use 201

ri = xi \ ri, as the complementary set of ri to 202

denote the set of irrelevant tokens. 203

3.2 Robustness Improvement 204

Adversarial attacks are inputs that are intentionally 205

constructed to mislead neural networks (Szegedy 206

et al., 2013; Goodfellow et al., 2015). Given the 207

fθ and an input x ∈ X with the label y ∈ Y , an 208

adversarial example xadv satisfies 209

fθ(xadv) ̸= y s.t. ∥x− xadv∥ ≤ ϵ, (2) 210

where ∥ · ∥ is the distance metric and generally 211

measured by the ℓp-norm. To address these attack 212

problems, several defense methods have been pro- 213

posed to increase the robustness of deep neural 214

networks to adversarial attacks. We adopt two pop- 215

ular methods: virtual adversarial training (Miyato 216

et al., 2015) which leverages a regularization loss 217

to promote the smoothness of the model distribu- 218

tion, and input gradient regularization (Ross and 219

Doshi-Velez, 2018) which regularizes the gradient 220

of the cross-entropy loss. 221

As shown in Figure 2, we aim to improve the 222

robustness of deep neural networks intrinsically. In- 223

stead of adopting adversarial training objective, we 224

follow Jiang et al. (2019) to regularize the standard 225

objective using virtual adversarial training (Miyato 226

et al., 2018): 227

Lat(x, y, θ) = max
δ

l(f(x+ δ; θ), f(x; θ)). (3) 228

The goal of this approach is the enhancement of 229

label smoothness in the embedding neighborhood. 230

Specially, we run C projected gradient steps to find 231
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the perturbation δ with violation of local smooth-232

ness to maximize the adversarial loss. On the other233

hand, input gradient regularization trains neural net-234

works by minimizing not just the “energy” of the235

network but the rate of change of that energy with236

respect to the input features (Drucker and LeCun,237

1992). The goal of this approach is to ensure that if238

any input changes slightly, the KL divergence be-239

tween the predictions and the labels will not change240

significantly. Formally, it takes the original loss241

term and penalizes the ℓ2 norm of its gradient and242

parameters:243

Lgr(x, y, θ) = ∥ ∂

∂x
L(x, y, θ)∥2 + ∥θ∥2. (4)244

It can also be interpreted as applying a particular245

projection to the Jacobian of the logits and regular-246

izing it (Ross and Doshi-Velez, 2018).247

3.3 Explanation Guided Training248

The main idea of Explanation Guided Training249

(EGT) is that the irrelevant tokens should have low250

feature attribution scores if post-hoc explanations251

faithfully quantify the model predictions. Hence,252

we propose to leverage the existing interpretations253

to guide the model for reducing feature attribution254

scores of irrelevant tokens without sacrificing the255

model performance. Inspire by Ismail et al. (2021)256

that uses the Saliency method (i.e., gradient of the257

target class with respect to the input) (Simonyan258

et al., 2014), we firstly apply the Integrated Gradi-259

ents (IG) method (Sundararajan et al., 2017) that is260

more faithful via axiomatic proofs to calculate the261

token importance. It integrates the gradient along262

the path from an uninformative baseline to the orig-263

inal input. This baseline input is used to make a264

high-entropy prediction that represents uncertainty.265

As it takes a straight path between baseline and266

input, it requires computing gradients several times.267

The motivation for using path integral rather than268

vanilla gradient is that the gradient might have been269

saturated around the input while the former can al-270

leviate this problem. Formally, given an input x271

and baseline x′, the integrated gradient along the272

ith dimension is defined as follows:273

IGi(x,x
′) ::= (xi − x′

i)

∫ 1

α=0

∂fθ(x
′+α×(x−x′))

∂xi
dα,

(5)274

where ∂fθ(x)
∂xi

represents the gradient of f along the275

ith dimension at x which is the concatenated em-276

bedding of the input sequence, and the attribution277

of each token is the sum of the attributions of its278

embedding. Note that we attribute the output of the 279

model with ground-truth labels during training. We 280

also test other feature attribution methods in §6.2. 281

After calculating the token’s importance score 282

by ℓ2 aggregation over embedding dimensions, we 283

sort tokens of x based on these scores and mask the 284

bottom K% words according to that sorting. We 285

define the sorting function as s(·) and the masking 286

function as m(·). For example, si(x) is the ith 287

smallest element in x, and mk(s(x),x) replaces 288

all xi ∈ {si (x)}ceil(1,Kl)
e=0 with a mask distribution, 289

i.e., mk(s(x),x) removes the K% lowest features 290

from x based on the order provided by s(x). Dur- 291

ing training, we generate a new input x̃ for each 292

example x by masking the features with low attri- 293

bution scores as follows: 294

x̃ = mk(sIG(x),x). (6) 295

x̃ is then passed through the network which results 296

in an attention scores att(x̃). Following Jain et al. 297

(2020), the attention scores are taken as the mean 298

self-attention weights induced from the first token 299

index to all other indices. Then we maximize the 300

similarity between att (x) and att(x̃) to ensure 301

that the model produces similar output probability 302

distributions over labels for both masked and un- 303

masked inputs. The optimization objective for the 304

EGT is: 305

Lkl(x, y, θ) = DKL (att(x; θ); IG(x))+

DKL (att(x̃; θ); IG(x)) ,
(7) 306

where DKL is the KL divergence function between 307

two distributions. The motivation behind two KL 308

divergence terms is to encourage the model to focus 309

on high salient words and ignore low salient words 310

during training, and generate similar outputs for the 311

original input x and masked input x̃, which can be 312

seen as a special adversarial example. On the other 313

hand, as the calculation of the mask input is batch- 314

wise, the model should learn to assign low gradient 315

values to irrelevant tokens for the predicted label in 316

an iterative way. 317

3.4 Training 318

We define the final weighted loss as follows, 319

L = λ1Lclassify + λ2Lgr + λ3Lat + λ4Lkl, (8) 320

where λ1, λ2, λ3 and λ4 are hyper-parameters. 321

Note that mixing these losses brings an increase in 322

computational complexity, requiring multiple for- 323

ward and backward propagations, but improves the 324
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generalization and robustness of the model, and in325

this process we do not introduce external knowl-326

edge, only use salient ranking as self-training. At327

inference, we calculate the label probability and328

use different explanation methods in §4.2 to gener-329

ate highlight explanations.330

3.5 Erasure-based Faithfulness Evaluation331

To evaluate post-hoc explanations, we adopt suffi-332

ciency that measures the degree to which the high-333

light explanation is adequate for a model to make334

predictions, and comprehensiveness that measures335

the influence of explanations to predictions (DeY-336

oung et al., 2020). These two metrics are usually337

used to evaluate faithfulness as it does not require338

re-training and the main idea is to estimate the339

effect of changing parts of inputs on model out-340

put. Let pθ(yj |xi) be the output probability of the341

j-th class for the i-th example, and rationale ri342

extracted according to attribution scores. Formally,343

the sufficiency we used is as follows:344

S(xi, y
j , ri) = 1−max(0, pθ(y

j |xi)− pθ(y
j |ri)), (9)345

346

sufficiency(xi, y
j , ri) =

S(xi, y
j , ri)− S(xi, y

j ,0)

1− S(xi, yj ,0)
,

(10)347

where higher sufficiency values are better as we348

normalize and reverse it between 0 and 1, and349

S(xi, y
j ,0) is the sufficiency of the original input350

where no token is erased. Similarly, we define the351

comprehensiveness as follows:352

C(xi, y
j , ri) = max(0, pθ(y

j |xi)− pθ(y
j |ri)), (11)353

354

comprehensiveness(xi, y
j , ri) =

C(xi, y
j , ri)

1− S(xi, yj ,0)
, (12)355

where higher comprehensiveness values are bet-356

ter. As choosing the appropriate rationale length is357

dataset dependent, we use the Area Over the Pertur-358

bation Curve (AOPC) metrics for sufficiency and359

comprehensiveness. It defines bins of tokens to be360

erased and calculates the average measures across361

bins. Here, we keep the top 1%, 5%, 10%, 20%,362

50% tokens into bins in the order of decreasing363

attribution scores.364

4 Experiments365

Our baseline is a text classification model fine-366

tuned on the training set while the same pre-trained367

language model is applied to REGEX. In other 368

words, the baseline is optimized by Eqn. 1 without 369

robustness improvement and explanation guided 370

training mechanisms. 371

4.1 Dataset 372

We consider six datasets to evaluate explanations 373

and the data statistics are as follows. 374

SST: The Stanford Sentiment Treebank (SST) 375

dataset (Socher et al., 2013) includes review sen- 376

tences (positive/negative) for analysis of the com- 377

positional effect of sentiment. The training set, 378

development set, and test set consist of 6920, 872, 379

and 1821 examples. 380

IMDB: The IMDB dataset (Maas et al., 2011) 381

consists of 25k movies reviews from IMDB web- 382

site labeled by sentiment (positive/negative). The 383

training set, development set, and test set consist 384

of 20k, 2.5k, and 2.5k examples. 385

Yelp: The Yelp dataset (Zhang et al., 2015) in- 386

cludes highly polar movie reviews and is trans- 387

formed to a binary classification task (posi- 388

tive/negative). The training set, development set, 389

and test set consist of 476k, 84k, and 38k examples. 390

Amazon Reviews: The amazon reviews 391

dataset (Ni et al., 2019) is constructed by personal- 392

ized justification from existing review data. We 393

choose the 3-class review and product metadata 394

for three categories: Digital Music, Prime Pantry 395

and Musical Instruments (Chrysostomou and 396

Aletras, 2022). These examples are then divided 397

into three subsets: AmazDigiMu (122k/21k/25k 398

examples), AmazPantry (99k/17k/20k examples) 399

and AmazInstr (16k/29k/3k examples). 400

4.2 Post-hoc Explanation Methods 401

We consider five feature attribution methods and a 402

random attribution method: 403

Random (RAND) (Chrysostomou and Aletras, 404

2022): Token importance is assigned at random. 405

Attention (α) (Jain et al., 2020): Normalized 406

attention scores are used to calculate token impor- 407

tance. 408

Scaled Attention (α∇α) (Serrano and Smith, 409

2019):Normalized attention scores αi scaled by the 410

corresponding gradients ∇αi =
∂ŷ
∂αi

. 411
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InputXGrad (x∇x) (Shrikumar et al., 2016;412

Kindermans et al., 2016): The input attribution413

importance is generated by multiplying the gradient414

∇xi =
∂ŷ
∂xi

with the input.415

Integrated Gradients (IG) (Sundararajan et al.,416

2017): See §3.3 for details.417

DeepLift (Shrikumar et al., 2017): The differ-418

ence between each neuron activation and a refer-419

ence vector is used to rank words.420

5 Results421

5.1 Post-hoc Explanations Faithfulness422

We conduct experiments on the faithfulness met-423

rics (i.e., normalized sufficiency and normalized424

comprehensive) to compare the fidelity of different425

post-hoc explanation methods between the base-426

line and REGEX models. We extract rationale r427

from a model by selecting the top-k most impor-428

tant tokens measured by these post-hoc explanation429

methods. Following Chrysostomou and Aletras430

(2022), we also evaluate explanation faithfulness in431

out-of-domain settings without retraining models432

(i.e., zero-shot), and we follow their settings with433

six dataset pairs and a random attribution baseline.434

Specially, the model is first trained on the source435

datasets and then we evaluate its performance on436

test set of the target datasets.437

As shown in Table 1, REGEX improves the438

explanation faithfulness with all five attribution439

methods by a large gap under most in-domain and440

out-of-domain settings. Among them, scaled atten-441

tion and DeepLift perform better than others. For442

example, REGEX surpasses the baseline in the443

sufficiency metric for the explanation extracted by444

DeepLift under all scenarios, while the comprehen-445

siveness decreases when the model is trained in the446

AmazDigiMu dataset and tested in the AmazInstr447

dataset. It shows that REGEX improves the fidelity448

of post-hoc explanations measured by sufficiency449

and comprehensiveness. Nevertheless, we observe450

a decrease in the comprehensiveness metrics for451

attention and IG on specific datasets. For exam-452

ple, considering the uncertainty of attention as an453

interpretable method (Serrano and Smith, 2019),454

the fidelity metrics of attention attribution are infe-455

rior to the baseline on all three Amazon Reviews456

datasets.457

Overall, feature attribution approaches outper-458

form the random attributions in most cases of in-459

domain and out-of-domain settings. Moreover, re-460

sults show that post-hoc explanation sufficiency 461

and comprehensiveness are higher in in-domain 462

test-sets than out-of-domain except for the Yelp 463

dataset. On the other hand, as shown in Table 2, 464

REGEX improves the performance or achieves 465

similar task performance than baseline on most 466

out-of-domain datasets, 467

5.2 Quantitative Evaluation by FRESH 468

Method 469

We further compare the average macro F1 of the 470

FRESH classifier (Jain et al., 2020) across five ran- 471

dom seeds in the in-domain and out-of-domain 472

settings. In short, FRESH is a select-then-predict 473

framework, and the general process is that an ex- 474

tractor is first trained where the labels are induced 475

by arbitrary feature importance scores over token 476

inputs; then, an independent classifier is trained 477

exclusively on rationales provided by the extractor 478

which are assumed to be inherently faithful. Here, 479

rationales extracted by the top-k most important 480

tokens are used as input to the classifier for training 481

and test. As shown in Table 2, the best two methods 482

are DeepLift and scaled attention, which achieve a 483

similar performance as the original text input model 484

in the in-domain and out-of-domain settings and is 485

consistent with the faithfulness evaluation. For ex- 486

ample, the FRESH classifier applying the DeepLift 487

attribution method is higher than the baseline and 488

outperforms the model with the full text input (97.1 489

vs. 96.9) on the Yelp dataset. It also illustrates that 490

the performance of the FRESH method depends on 491

the choice of the feature attribution method. 492

6 Analysis 493

6.1 Explanation Robustness 494

Following Zafar et al. (2021), we test implementa- 495

tion invariance of feature attributions by Untrained 496

Model Test (UIT) and Different Initialization Test 497

(DIT). The UIT and DIT measure the consistency 498

and calculate the Jaccard similarity between feature 499

attributions generated by the post-hoc explanation 500

method. We use Jaccard similarity for explanations 501

extracted by top 25% important tokens using the 502

scaled attention method. If the two attributions are 503

more similar, the Jaccard metric is higher. We com- 504

pare the REGEX and baseline by comparing two 505

identical models trained from different initializa- 506

tions. As shown in Table 3, REGEX achieves an 507

improved performance than baseline. For exam- 508

ple, REGEX gets 0.56 while baseline gets 0.36 for 509
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Train Test Normalized Sufficiency (↑) Normalized Comprehensiveness (↑)
RAND α∇α α DeepLift x∇x IG RAND α∇α α DeepLift x∇x IG

SST
SST .30(.38) .68(.51) .48(.42) .71(.42) .49(.40) .49(.41) .22(.19) .56(.39) .41(.22) .52(.25) .43(.26) .43(.26)

IMDB .25(.31) .54(.53) .45(.39) .46(.32) .40(.31) .40(.32) .19(.23) .75(.54) .66(.34) .61(.27) .58(.27) .58(.28)
Yelp .24(.32) .51(.56) .38(.40) .45(.35) .35(.33) .36(.34) .22(.21) .70(.48) .57(.28) .59(.24) .48(.24) .47(.25)

IMDB
IMDB .34(.32) .82(.55) .51(.46) .80(.36) .54(.36) .53(.36) .17(.16) .71(.48) .39(.31) .62(.25) .31(.23) .32(.24)
SST .30(.24) .72(.35) .42(.28) .68(.28) .46(.27) .45(.27) .21(.27) .59(.46) .28(.32) .51(.33) .32(.33) .33(.33)
Yelp .32(.35) .81(.48) .53(.41) .79(.36) .48(.36) .47(.36) .20(.21) .71(.45) .42(.32) .64(.26) .33(.26) .34(.26)

Yelp
Yelp .35(.23) .82(.32) .59(.31) .82(.29) .53(.24) .53(.25) .10(.12) .64(.20) .39(.14) .63(.16) .24(.15) .23(.16)
SST .33(.41) .76(.45) .49(.43) .75(.44) .60(.41) .60(.41) .16(.17) .57(.24) .31(.18) .55(.21) .40(.22) .40(.22)

IMDB .38(.18) .83(.34) .59(.32) .82(.25) .61(.22) .61(.22) .13(.19) .74(.34) .43(.29) .70(.23) .31(.23) .31(.24)

AmazDigiMu
AmazDigiMu .50(.34) .73(.56) .55(.34) .66(.31) .60(.41) .62(.39) .18(.13) .60(.32) .12(.14) .21(.10) .26(.16) .24(.17)

AmazInstr .60(.29) .75(.54) .67(.32) .67(.31) .66(.33) .68(.32) .16(.19) .62(.47) .18(.23) .15(.19) .24(.22) .23(.23)
AmazPantry .53(.33) .70(.55) .60(.33) .64(.31) .60(.37) .62(.36) .19(.21) .61(.46) .13(.22) .18(.17) .24(.23) .22(.25)

AmazPantry
AmazPantry .55(.25) .79(.46) .56(.36) .82(.19) .54(.28) .52(.27) .15(.20) .50(.42) .14(.31) .52(.15) .16(.25) .17(.25)

AmazDigiMu .54(.24) .78(.47) .56(.37) .82(.19) .52(.27) .50(.26) .14(.19) .50(.41) .16(.32) .52(.15) .14(.23) .15(.24)
AmazInstr .55(.17) .81(.42) .53(.30) .82(.15) .51(.20) .50(.20) .14(.24) .60(.52) .13(.40) .60(.23) .15(.30) .16(.30)

AmazInstr
AmazInstr .52(.16) .82(.34) .58(.18) .82(.21) .59(.18) .58(.17) .16(.26) .58(.52) .22(.26) .56(.29) .18(.28) .19(.29)

AmazDigiMu .56(.21) .82(.38) .58(.21) .82(.22) .60(.24) .59(.22) .12(.23) .48(.46) .16(.20) .46(.22) .15(.24) .15(.25)
AmazPantry .56(.22) .81(.39) .58(.21) .81(.23) .59(.24) .58(.23) .13(.27) .50(.51) .16(.22) .47(.25) .16(.27) .17(.29)

Table 1: Normalized sufficiency and comprehensiveness in the in-domain and out-of-domain settings for five feature
attribution approaches and a random attribution. REGEX vs. baseline (shown in brackets).

Train Test Full-text F1 α∇α α DeepLift x∇x IG

SST (20%)
SST 89.7(90.1) 88.9(87.7) 83.0(81.1) 87.3(84.4) 77.8(76.3) 77.8(76.8)
IMDB 83.4(84.3) 86.3(81.8) 65.3(52.6) 81.1(64.0) 53.2(55.0) 53.2(56.3)
Yelp 87.8(87.9) 90.2(88.1) 76.5(72.6) 80.4(75.4) 64.4(59.6) 64.4(63.9)

IMDB (2%)
IMDB 91.3(91.1) 88.9(87.9) 79.2(80.4) 87.6(87.2) 59.1(59.8) 59.1(59.7)
SST 88.0(85.8) 80.6(80.9) 71.8(71.8) 72.9(70.1) 65.7(69.6) 65.7(70.7)
Yelp 90.3(91.0) 90.4(87.8) 72.7(82.0) 86.5(79.4) 70.5(69.0) 70.5(69.1)

Yelp (10%)
Yelp 96.1(96.9) 96.3(94.0) 87.1(90.4) 97.1(93.6) 71.2(70.5) 71.2(71.9)
SST 85.3(86.8) 82.0(59.3) 58.1(69.8) 69.9(67.2) 67.6(67.7) 67.6(69.3)
IMDB 86.2(88.6) 86.7(78.0) 51.5(64.5) 79.1(66.6) 48.0(53.0) 48.0(55.8)

AmazDigiMu (20%)
AmazDigiMu 72.4(70.6) 67.9(66.1) 62.5(63.4) 67.5(65.8) 48.3(51.9) 48.3(65.8)
AmazInstr 60.3(61.2) 60.9(58.0) 50.0(57.2) 60.9(57.4) 39.0(46.0) 39.0(57.2)
AmazPantry 61.0(64.6) 60.1(59.1) 46.3(56.5) 59.0(56.5) 38.8(44.8) 38.8(44.8)

AmazPantry (20%)
AmazPantry 71.3(70.2) 67.8(67.3) 59.6(62.6) 68.0(67.2) 50.3(48.6) 50.3(48.7)
AmazDigiMu 60.1(59.5) 58.5(57.7) 51.5(54.6) 58.4(56.2) 42.7(41.2) 42.7(57.7)
AmazInstr 65.7(64.5) 64.9(63.8) 54.9(58.0) 65.5(63.6) 43.3(40.1) 43.3(40.3)

AmazInstr (20%)
AmazInstr 72.9(71.5) 69.5(69.8) 63.1(62.1) 70.7(69.7) 47.5(45.6) 47.5(48.6)
AmazDigiMu 60.7(61.3) 58.6(60.0) 51.6(53.2) 58.9(57.8) 43.7(43.8) 43.7(60.0)
AmazPantry 67.9(68.2) 65.0(64.5) 55.8(56.3) 65.6(63.1) 45.2(44.6) 45.2(47.6)

Table 2: Average macro F1 results of Full-text and FRESH models with a prescribed rationale length. REGEX vs.
baseline (shown in brackets), all the values are averaged across 5 seeds and full results are in Appendix C.

Jaccard@25% Init#1 Init#2 Init#3 Init#4 #Untrained
Init#1 1.0 .44(.33) .54(.34) .56(.34) .28(.27)
Init#2 .44(.33) 1.0 .45(.44) .41(.34) .16(.17)
Init#3 .54(.34) .45(.44) 1.0 .56(.36) .22(.21)
Init#4 .56(.34) .41(.34) .56(.36) 1.0 .12(.16)
#Untrained .28(.27) .16(.17) .22(.21) .12(.16) 1.0

Table 3: Jaccard@25% between the feature attributions
(REGEX vs. baseline, here we use scaled attention)
for models with same architecture, with same data, and
same learning schedule, except for their randomly cho-
sen initial parameters.

Init#3 and Init#4. As we expected, the simi-510

larity between explanations of the trained and un-511

trained models is low, e.g., 0.12 between Init#4512

and #Untrained. It shows that improving faith-513

fulness of explanations can strengthen interpreta-514

tion robustness. However, the overall results be-515

tween the two feature attributions are still low as516

50% of similarity comparisons are less than 0.5.517

6.2 Ablation Study 518

We perform ablation studies to explore the effect 519

of robustness improvement and explanation guided 520

training for faithfulness evaluations shown in Ta- 521

ble 4 and Table 9, and investigate the effect of 522

different hyper-parameters on experimental results. 523

We further compare the effect of the two aggrega- 524

tion methods (i.e., mean and ℓ2) during explanation 525

guided training and the effect of using different 526

feature attribution in §3.3 on the faithfulness of 527

highlight explanations after training. 528

Robustness improvement is important for im- 529

proving sufficiency and comprehensiveness. 530

Compared with REGEX without explanation 531

guided training, sufficiency and comprehensive- 532

ness of REGEX without robustness improvement 533
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Figure 3: Comparisons between different explanation
guided training λ4 on the SST dataset.
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Figure 4: Comparisons between different mask ratio K
on the SST dataset.

decrease more (0.14 vs. 0.02, 0.23 vs. 0.02, 0.29534

vs. 0.07, 0.35 vs. 0.08).535

The performance of the attention method varies536

more across different hyper-parameters. In537

Figure 3, we compare different λ4 in Eqn. 8 and538

observe that all methods achieve best sufficiency539

at 0.01 and best comprehensiveness at 0.001. In540

Figure 4, we compare different mask ratios in §3.3541

and find that the mask ratio between 0.15 and 0.2542

is useful as larger values can bring noise.543

The choice of aggregation method and feature544

attribution method in §3.3 has a large effect545

on the faithfulness evaluation. We find that for546

most attribution methods, ℓ2 aggregation has higher547

fidelity performance. For example, Saliency with548

ℓ2 aggregation is better than Saliency with mean549

aggregation with more sufficiency improvement550

(0.70 vs. 0.55). Though there is no best method for551

explanation guided training, gradient-based meth-552

ods (e.g., IG, 0.71) may be good choices in line553

with Atanasova et al. (2020).554

6.3 Case Study555

Table 5 presents two randomly-chosen examples556

of the test set of the IMDB dataset. For example,557

the top-k important tokens returned by REGEX558

are wonderfully, wonderful, wonderful, excellent559

and great in the first example. We observe that560

these highlight explanations seem intuitive to hu-561

mans and reasonably plausible. Though faithful-562

ness and plausibility may not be necessarily cor-563

Methods Suff. Comp.
α∇α DeepLift α∇α DeepLift

w/o robustness improvement .54 .42 .33 .17
w/o explanation guided training .66 .64 .54 .44
Saliency (Mean) .52 .48 .48 .42
InputXGrad (Mean) .52 .53 .37 .39
DeepLift (Mean) .61 .58 .52 .49
IG (Mean) .47 .45 .49 .51
Saliency (ℓ2) .70 .65 .55 .43
InputXGrad (ℓ2) .58 .54 .58 .49
DeepLift (ℓ2) .69 .68 .53 .47
REGEX .68 .71 .56 .52

Table 4: Ablation study with different aggregation meth-
ods and feature attribution methods in §3.3.

…,is the fact that the wonderful RAYMOND MASSEY is relegated 
to the last twenty or so minutes in the trial scene. …
David NIVEN and KIM HUNTER are wonderfully cast as the young 
lovers…. French accented MARIUS GORING is a delight (he even 
gets in a remark about Technicolor) as the heavenly messenger 
sent to reclaim Niven when his wartime death goes unreported due 
to an oversight. Seeing this tonight on TCM for the first time in 
twenty or so years, I think it‘s a supreme example of what a 
wonderful year 1946 was for films. The Technicolor photography, 
somewhat subdued and not garish at all, is excellent and the way it 
shifts into B&W for the heavenly sequences is done with great 
imagination and effectiveness….

Label: Positive  Prediction: Positive  Dataset: IMDB  ID: Test 1364

…but pompous horror icon Christopher Lee squirming in the midst 
of it all (the gracefully-aged star has pathetically asserted a number 
of times in interviews that he hasn't appeared in horror-oriented 
fare since his last picture for Hammer Films back in 1976!). Anyway, 
this film should have borne the subtitle "Your Movie Is A Turd" �  
being astoundingly inept in all departments (beginning with the all-
important werewolf make-up)!
The plot (and dialogue) is not only terrible, but it has the limpest 
connection with Dante's film �  strangely enough, the author of the 
original novel Gary Brandner co-wrote this himself! Still, one of the 
undeniable highlights (er...low points) of the film is the pointless 
elliptical editing �

Label: Negative Prediction: Negative  Dataset: IMDB ID: Test 1373

Table 5: We randomly pick two examples from test set
of IMDB dataset, and highlight the Top-k important
tokens using DeepLift method (REGEX vs. Baseline).

relative (Jacovi and Goldberg, 2020), we find that 564

the highlights extracted by REGEX contain more 565

sentiment-related words, which should be helpful 566

for review-based text classification. 567

7 Conclusion 568

We explore whether the fidelity of explanations 569

can be further optimized by techniques to improve 570

model robustness and conduct extensive empirical 571

studies on six datasets in both in-domain and out- 572

of-domain settings. Experimental results show that 573

our method REGEX improves both fidelity met- 574

rics and performance of select-then-predict models. 575

These findings provide evidence that improving 576

model robustness may produce more faithful expla- 577

nations. In the future, we would like to investigate 578

more PLMs architectures and more faithfulness 579

metrics under the standard evaluation protocol. 580
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Metric Attack Results
Number of successful attacks: 12(45)
Original accuracy(%): 93.0(96.0)
Accuracy under attack(%): 90.0(84.8)
Attack success rate(%): 3.23(11.71)
Average perturbed word(%): 39.06(27.02)
Average num. words per input: 244.73(244.73)
Avg num queries: 408.47(339.69)

Table 6: Attack results of REGEX and baseline by
CHECKLIST attack recipe.

A Experiment Settings827

We use Spacy 2 to pre-tokenize the sentence and828

apply the BERT-base model to encode text (De-829

vlin et al., 2019). We use AdamW optimizer with830

a batch size of 8 for model training. The initial831

learning rate is 1× 10−5 for fine-tuning BERT pa-832

rameters and 1× 10−4 for the classification layer.833

The maximum sequence length, the dropout rate,834

the gradient accumulation steps, the training epoch835

and the hidden size d are set to 256, 0.1, 10%, 10,836

768 respectively. We clip the gradient norm within837

1.0. The learning parameters are selected based on838

the best performance on the development set. Our839

model is trained with NVIDIA Tesla A100 40GB840

GPUs (PyTorch & Huggingface/Transformers 3 &841

Captum 4). Following Jiang et al. (2019), we set842

the perturbation size ϵ = 1 × 10−5, the step size843

η = 1 × 10−3, ascent iteration step C = 2 and844

the variance of normal distribution σ = 1× 10−5.845

The weight parameters λ1, λ2, λ3, λ4 are set to846

1.0, 0.01, 0.5, 0.01 respectively. The mask ration847

K is set to 0.15. The number of steps used by848

the approximation method in IG is 50, and we use849

zero scalar corresponding to each input tensor as850

IG baselines. For the baseline and FRESH model,851

we use the same transformer-based models as men-852

tioned previously to encode tokens and we choose853

rationale length by following Chrysostomou and854

Aletras (2022). The model is trained for 10 epochs,855

and we keep the best models with respect to macro856

F1 scores on the development sets.857

B Text Classification to Attacks858

We conduct the behavioral testing with859

CHECKLIST (Ribeiro et al., 2020) and860

TextAttack (Morris et al., 2020) to at-861

tack REGEX text classification models. We862

randomly choose 400 examples from IMDB test863

2https://spacy.io/models/en
3https://github.com/huggingface/transformers
4https://captum.ai/

Methods Full-text F1
w/o robustness improvement 90.57±0.52
w/o explanation guided training 85.19±2.80
Saliency (Mean) 87.81±3.64
InputXGrad (Mean) 91.21±0.23
DeepLift (Mean) 87.99±0.48
IG (Mean) 91.60±0.08
Saliency (ℓ2) 83.52±1.29
InputXGrad (ℓ2) 90.83±0.29
DeepLift (ℓ2) 87.62±0.53
REGEX 89.73±0.05

Table 7: Macro F1 and standard deviations with differ-
ent aggregation methods and feature attribution methods
in §3.3.

set as original attack examples, and the attack 864

recipe greedily search adversarial examples 865

to change the predicted lable by contracting, 866

extending, and substituting name entities in the 867

sentence. The results are shown in the Table 6 and 868

the attack success rate which is used to evaluate 869

the effectiveness of the attacks is 3.23%. 870

C Full Results 871

Table 7 presents the Full-text F1 of variants in abla- 872

tion study. Table 8 lists the full results for FRESH 873

(select-then-predict) models. Table 9 lists the full 874

results of ablation study. 875

D Limitations 876

Possible limitations include the single PLM archi- 877

tecture (size) and faithfulness evaluation metrics 878

are not necessarily comprehensive. Considering 879

if we can intrinsically know or derive the golden 880

faithful explanations (Bastings et al., 2021), the 881

exploration of model robustness and explainability 882

will be alternatively investigated for revealing the 883

internal reasoning processes. 884
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Train Test α∇α α DeepLift x∇x IG
SST 88.88±0.7 83.00±0.3 87.31±0.5 77.84±0.5 77.84±0.5

SST IMDB 86.27±0.2 65.32±1.9 81.18±0.6 53.22±0.6 53.22±0.6
Yelp 90.15±0.1 76.45±0.6 80.35±2.1 64.38±0.5 64.38±0.5

IMDB 88.88±0.3 79.16±0.2 87.60±0.2 59.14±1.0 59.14±1.0
IMDB SST 80.60±1.6 71.75±0.3 72.91±0.6 65.68±2.2 65.68±2.2

Yelp 90.37±0.5 72.71±1.0 86.51±0.4 70.54±0.9 70.54±0.9

Yelp 96.27±0.1 87.13±0.1 97.05±0.0 71.22±0.1 71.22±0.1
Yelp SST 82.03±0.5 58.13±0.6 69.89±0.4 67.58±0.6 67.58±0.6

IMDB 83.68±0.4 51.51±0.4 79.10±1.2 47.99±1.8 47.99±1.8

AmazDigiMu 67.87±0.4 62.53±0.9 67.52±1.0 48.30±2.2 48.30±2.2
AmazDigiMu AmazInstr 60.95±0.1 49.98±0.8 60.92±0.5 39.02±0.2 39.02±0.2

AmazPantry 60.05±0.3 46.27±0.9 59.01±1.0 38.83±1.0 38.83±1.0

AmazPantry 67.83±1.0 59.62±0.8 67.99±1.6 50.33±1.2 50.33±1.2
AmazPantry AmazDigiMu 58.49±0.8 51.48±1.0 58.40±0.5 42.71±0.8 42.71±0.8

AmazInstr 64.91±0.5 54.92±1.7 65.55±1.0 43.31±0.9 43.31±0.9

AmazInstr 69.52±0.7 63.06±0.6 70.73±0.2 47.47±1.0 47.47±1.0
AmazInstr AmazDigiMu 58.59±0.8 51.64±0.4 58.93±0.5 43.68±0.7 43.68±0.7

AmazPantry 64.95±0.9 55.82±0.6 65.58±0.2 45.24±0.8 45.24±0.8

Table 8: Macro F1 and standard deviations of FRESH models with Top-k explanations. RED means REGEX
outperforms the baseline.

Methods Normalized Sufficiency (↑) Normalized Comprehensiveness (↑)
RAND α∇α α DeepLift x∇x IG RAND α∇α α DeepLift x∇x IG

w/o robustness improvement .38 .54 .43 .42 .42 .42 .12 .33 .18 .17 .20 .20
w/o virtual adversarial training .27 .47 .32 .31 .33 .33 .14 .39 .21 .19 .24 .24
w/o input gradient regularization .23 .54 .30 .32 .40 .40 .19 .57 .25 .28 .40 .40

w/o explanation guided training .32 .66 .40 .64 .54 .54 .16 .54 .27 .44 .39 .39
Saliency (Mean) .32 .52 .32 .48 .44 .45 .25 .48 .53 .42 .40 .38
InputXGrad (Mean) .40 .52 .43 .53 .42 .42 .18 .37 .19 .39 .22 .22
DeepLift (Mean) .36 .61 .42 .58 .50 .51 .22 .52 .66 .49 .37 .37
IG (Mean) .29 .47 .37 .45 .29 .27 .24 .49 .26 .51 .28 .33
Saliency (ℓ2) .32 .70 .36 .65 .54 .54 .17 .55 .20 .43 .37 .37
InputXGrad (ℓ2) .34 .58 .38 .54 .43 .43 .29 ..58 .25 .49 .31 .30
DeepLift (ℓ2) .30 .69 .39 .68 .53 .53 .16 .53 .26 .47 .37 .37
REGEX .30 .68 .48 .71 .49 .49 .22 .56 .41 .52 .43 .43

Table 9: Full results of ablation study with different aggregation methods and feature attribution methods in §3.3.
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