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Abstract001

Large Language Models (LLMs) can produce002
verbalized self-explanations, yet prior stud-003
ies suggest that such rationales may not re-004
liably reflect the model’s true decision pro-005
cess. We ask whether these explanations006
nevertheless help users predict model behav-007
ior, operationalized as counterfactual simu-008
latability. Using StrategyQA, we evaluate009
how well humans and LLM judges can pre-010
dict a model’s answers to counterfactual follow-011
up questions, with and without access to the012
model’s chain-of-thought or post-hoc explana-013
tions. We compare LLM-generated counter-014
factuals with pragmatics-based perturbations015
as alternative ways to construct test cases for016
assessing the potential usefulness of explana-017
tions. Our results show that self-explanations018
consistently improve simulation accuracy for019
both LLM judges and humans, but the degree020
and stability of gains depend strongly on the021
perturbation strategy and judge strength. We022
also conduct a qualitative analysis of free-text023
justifications written by human users when pre-024
dicting the model’s behavior, which provides025
evidence that access to explanations helps hu-026
mans form more accurate predictions on the027
perturbed questions.028

1 Introduction029

Large language models (LLMs) can generate ver-030

balized self-explanations that accompany a model’s031

decision. These self-explanations are increasingly032

used as a window into how the model “reasons”.033

Meanwhile, a growing body of work has raised con-034

cerns about the faithfulness of such explanations,035

showing that these rationales can be decoupled036

from the underlying decision process, or manipu-037

lated without affecting the model’s predictions, sug-038

gesting that self-explanations should not be trusted039

as accounts of model behavior (Atanasova et al.,040

2023; Madsen et al., 2024). This leaves open a041

question for explainable AI: even if LLM verbal-042

ized self-explanations are not strictly faithful, can043

Q: Could the members of The Police perform lawful arrests?

Explanation (X): The Police is the name of a famous band, not a 

law enforcement agency. Therefore, the members of The Police 

cannot perform lawful arrests.

A: No

 LLM-generated:
- Are The Police band members actual law enforcement off icers? 

- Were the members of The Police off icially recognized as law 

enforcement off icers?

Counterfactual  Questions (Q' )

 Pragmatic-based:
- Could the members of The Beatles perform lawful arrests?

- If  the Police members have valid police commissions, could they 

perform lawful arrests?

A' : No

A' : No

A' : No

A' : No

What would          say 
about Q?...? 

A' : No

A' : No

A' : I don' t know

A' : Yes

My answer to Q'!
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Figure 1: Pipeline for evaluating the usefulness of LLM
self-explanations based on different counterfactual ques-
tion perturbations. For each original Q and model pre-
diction, we measure users’ ability to predict model be-
havior on different counterfactual question sets Q′, with
and without access to the model’s self-explanations.

they nonetheless contribute to model understand- 044

ing by helping users form more accurate predic- 045

tions about how the model will behave? Recent 046

works have proposed to assess explanation quality 047

through counterfactual simulatability: an explana- 048

tion is considered useful if it helps people anticipate 049

how a model’s prediction would change on counter- 050

factual inputs (Doshi-Velez and Kim, 2017; Chen 051

et al., 2024; Limpijankit et al., 2025). 052

Natural language counterfactuals, defined as 053

minimal what-if variations of an input (Miller, 054

2019; Ross et al., 2021; Pearl, 2021), are widely 055

used in explainable AI to reveal how models be- 056

have under controlled perturbations (Chen et al., 057
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2024; Wang et al., 2024, 2025). In a counterfactual058

simulatability protocol, users see an original ques-059

tion Q and the model’s prediction A, then predict060

the model’s outputs on counterfactual variants Q′.061

The usefulness of an explanation is measured by062

how much it improves the simulation accuracy.063

While this line of work offers a promising oper-064

ationalization of explanation usefulness, much less065

attention has been paid to the counterfactuals them-066

selves. We still lack a systematic understanding of067

how different ways of perturbing a question affect068

the conclusions about the usefulness of explana-069

tions. In Chen et al. (2024)’s setup, for example, the070

counterfactual questions are generated by LLMs071

using prompt-based designs. If the evaluation pro-072

tocol is sensitive to the choice of perturbation, the073

measured usefulness of an explanation may largely074

be an artifact of how those counterfactuals are con-075

structed.076

Figure 1 outlines our pipeline. We extend the077

counterfactual simulatability framework to assess078

how LLM verbalized self-explanations support079

model understanding. We study when and how080

explanations help under different question pertur-081

bations. Specifically, we generate counterfactual082

variants Q′ of an original question Q and measure083

explanation usefulness by how much explanations084

help users predict the model’s behavior on Q′. Per-085

turbations that yield larger gains form a more infor-086

mative testbed for evaluating self-explanations.087

To summarize, our paper addresses the following088

research questions: (i) Do LLM verbalized self-089

explanations contribute to model understanding090

as measured by counterfactual simulatability? (ii)091

How do different counterfactual perturbation strate-092

gies assess the usefulness of LLM self-explanations093

and the difference between conditions with and094

without explanations? (iii) Are users biased toward095

the model’s original answer when they reason about096

Q′, and can self-explanations reduce this bias? (iv)097

How do self-explanations affect human users’ con-098

fidence and accuracy in predicting model behavior,099

and to what extent do LLM-as-a-judge predictions100

align with human judgments?101

2 Related Work102

Evaluating Explanations Simulatability. Simu-103

latability measures how well humans can predict a104

model’s outputs based on its explanations (Doshi-105

Velez and Kim, 2017; Ribeiro et al., 2016; Chan-106

drasekaran et al., 2018; Hase and Bansal, 2020;107

Chen et al., 2024). Faithfulness, as a common met- 108

ric for explanations, measures whether an explana- 109

tion is consistent with the model’s decision process 110

(Gilpin et al., 2018; Alvarez-Melis and Jaakkola, 111

2018; Jacovi and Goldberg, 2020). Following Chen 112

et al. (2024), simulatability can be seen as a special 113

case of faithfulness, where the output predictor is 114

restricted to humans or LLM judges instead of any 115

arbitrary black box model. In our work, we focus 116

on simulatability as a way to capture the useful- 117

ness of explanations (Doshi-Velez and Kim, 2017; 118

Hoffman et al., 2018). 119

Different from Chen et al. (2024), who run the 120

simulatability setting once with explanations, we 121

conduct a forward simulation experiment with two 122

phases, following the experimental setup of the 123

previous work, where they test whether users can 124

better predict a detector’s behavior after seeing ex- 125

planations (Hase and Bansal, 2020; Doshi-Velez 126

and Kim, 2017; Schoenegger et al., 2024). We 127

run experiments with both human users and LLM 128

judges to evaluate how useful the model’s own ver- 129

bal explanations are for predicting its behavior. 130

Counterfactual Generation. Counterfactual rea- 131

soning is the process of thinking about what would 132

have happened if conditions were different, and it 133

is a common tool for judging causality (Kahneman 134

and Tversky, 1982). Such causal judgments are 135

important for model evaluation, error analysis, and 136

explanation (Miller, 2019). In NLP, most work de- 137

fines a relationship between an original input x and 138

a changed version x̂, then constructs x̂ to follow 139

this relationship (Wu et al., 2021). For example, 140

Gardner et al. (2020) ask dataset authors to man- 141

ually edit test examples in small but meaningful 142

ways that usually flip the gold label. 143

However, manual counterfactuals are costly, so 144

later work turns to model-based generation. Wu 145

et al. (2021) fine-tune GPT-2 (Radford et al., 2019) 146

to produce counterfactual examples given a desired 147

edit type. Wang et al. (2025) propose FITCF, a 148

framework that filters counterfactuals by checking 149

whether the label flips, then uses them as demon- 150

strations for few-shot prompting, achieving better 151

results than three strong baselines. In Chen et al. 152

(2024), which is closest to our setup, LLMs are 153

prompted to generate counterfactual questions for 154

StrategyQA. In contrast, we compare several coun- 155

terfactual generation methods and propose a more 156

controlled, pragmatics-based editing approach, and 157

we compare it with counterfactual questions pro- 158
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duced by generative models.159

3 Pragmatic Counterfactual Taxonomy160

As in Table 1, Grice characterizes effective com-161

munication in terms of four maxims—Quantity,162

Quality, Relation, and Manner—that regulate how163

speakers cooperate in interaction (Grice, 1975).164

Maxim Description

Quantity Make your contribution as informative as re-
quired for the current conversational goal, but
not more informative than necessary.

Quality Ensure that your contribution is truthful: do not
say what you believe to be false or lack adequate
evidence for.

Relation Make your contribution relevant to the conversa-
tional context and the question under discussion.

Manner Be clear and orderly in how you express your
contribution; avoid unnecessary ambiguity.

Table 1: The four Gricean maxims that underlie our
pragmatic counterfactual taxonomy.

These maxims capture implicit expectations165

about how much information to provide, how truth-166

ful and well-founded it should be, how relevant it is167

to the current goal, and how clearly it is expressed168

(Krause and Vossen, 2024; Ma et al., 2025). As169

NLP systems are increasingly used in interactive170

and explanation-heavy settings, it is natural to ask171

whether the explanations they provide remain ro-172

bust when these pragmatic dimensions are different173

(Jacquet et al., 2019; Kaczmarek-Majer et al., 2022;174

Alexandris, 2024; Zuo et al., 2025)175

We therefore take the Gricean maxims as a prin-176

cipled basis for designing counterfactual question177

types. Each counterfactual corresponds to a con-178

trolled manipulation of one or more maxims. Ta-179

ble 2 summarizes our perturbation methods, to-180

gether with linguistic motivations and examples.181

4 Experimental Design182

4.1 Task and Dataset183

We use the StrategyQA (Geva et al., 2021) dataset184

as our primary QA task. StrategyQA is an En-185

glish question answering benchmark of 2,780 short,186

open-domain yes/no questions that require implicit187

factual reasoning, often illustrated by examples like188

Did Aristotle use a laptop?. Each example is an-189

notated with a decomposition into reasoning steps190

and a supporting Wikipedia paragraph.191

4.2 Counterfactual Question Generation 192

LLM automatic counterfactual generation. 193

Following Chen et al. (2024), we prompt strong 194

LLMs to generate counterfactual variants of each 195

StrategyQA question. These serve as a non- 196

pragmatic baseline. We adopt the same LLMs as 197

Chen et al. (2024) (GPT-3.5 (Brown et al., 2020; 198

Ouyang et al., 2022) and GPT-4 (OpenAI et al., 199

2023)) to ensure comparability of results, and addi- 200

tionally include Llama-3.3-70B-Instruct ("Llama- 201

3.3") (Grattafiori et al., 2024) as a strong open- 202

source model. The prompts used for automatic 203

counterfactual generation are listed in Appendix A. 204

Pragmatics-based counterfactual generation. 205

For generating pragmatics-based counterfactual 206

questions in StrategyQA, we follow the taxonomy 207

in Table 2. In StrategyQA, each question is paired 208

with a term (from which the question is derived), 209

a natural language description of that term, and a 210

set of implicit facts needed to answer the question 211

(Geva et al., 2021). We treat the term as a prag- 212

matic anchor—a lexical or conceptual element that 213

carries implicit assumptions, invites alternative in- 214

terpretations, or structures the reasoning process. 215

We then construct five types of pragmatic counter- 216

factual transformations on top of these anchors: 217

• Presupposition flip: we prompt GPT-4 to gener- 218

ate counterfactual variants of the form “If A is not 219

B but C, . . . ”, thereby flipping or challenging the 220

presuppositions associated with the anchor term. 221

The exact prompts are provided in Appendix B. 222

• Lexical substitution: we replace the key term 223

with a synonym or hypernym retrieved from 224

WordNet (Miller, 1992), altering the lexical real- 225

ization while preserving closely related meaning. 226

• Scalar adjustment: we substitute quantifiers 227

with stronger or weaker scalar alternatives, us- 228

ing manually specified scalar scales listed in Ap- 229

pendix C. The scales are defined on the basis 230

of the scalar inventories discussed in previous 231

works (Carston, 1998; Papafragou and Musolino, 232

2003; Sauerland, 2004). 233

• Contextualization: we append one or two sup- 234

porting facts from the dataset to enrich the ques- 235

tion context and make part of the originally im- 236

plicit pragmatic content explicit. 237
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Counterfactual Type Pragmatic Maxim Linguistic Motivation Example

Presupposition Flip Quality + Relation Test truthfulness of assumed back-
ground knowledge; revise false pre-
suppositions

Q: Did the king of France visit Berlin?
Q′: If there were no king of France
but a president instead, would the pres-
ident visit Berlin?

Lexical Substitution Relation + Quantity Check whether changes in lexical
strength affect inference relevance

Q: Could a cheetah outrun a car?
Q′: Could a cheetah outrun a sports
car?

Scalar Adjustment Quantity Examine model sensitivity to implica-
ture scales (some ↔ most ↔ all)

Q: Do all birds fly?
Q′: Do some birds fly?

Contextualization Relation + Manner Add missing contextual information
that affects interpretation

Q: Is this animal a good pet?
Q′: Given that this animal is a large
wild tiger, is it a good pet?

Table 2: Pragmatic counterfactual question types Q′, their associated Gricean maxims, linguistic motivations, and
illustrative examples.

4.3 Self-explanations Collection238

For each original question Q and its model an-239

swer A, we collect two types of explanations from240

the same set of models used for LLM automatic241

counterfactual generation in §4.2. In our study, we242

consider two types of verbalized self-explanations243

and generate one of each type for every instance in244

the dataset (see Appendix D for prompt templates):245

Chain-of-thought (CoT) explanations , where246

the model reveals an explicit step-by-step reasoning247

process (Nye et al., 2021). We elicit CoT explana-248

tions using Let’s think step by step (Kojima et al.,249

2022) together with additional instructions about250

formatting the final answer.251

Post-hoc explanations , where the model is252

asked to justify its produced answer without modi-253

fying it (Camburu et al., 2018; Park et al., 2018).254

4.4 Counterfactual Simulation255

We use a counterfactual simulation test to measure256

the ability of human participants and LLM sim-257

ulators to predict model behavior, following the258

setup of Hase and Bansal (2020) and Chen et al.259

(2024). Our counterfactual simulation design is260

illustrated in Figure 2. In previous work, counter-261

factual simulation procedures have been used to262

assess explanation usefulness by testing whether263

an explanation enables a judge to infer a model’s264

outputs on counterfactual variants of the input.265

Our primary summary statistic is266

acc_improvement, which we use to compare267

conditions. Intuitively, OverallAcc measures how268

well an evaluator can predict the model’s follow-up269

answer within a phase, while acc_improvement270

captures the additional benefit of providing the271

model’s self-explanation by comparing Phase 2272

(with explanation) against Phase 1 (without 273

explanation). We define: 274

∆OverallAcc = OverallAccP2 −OverallAccP1. 275

A positive ∆OverallAcc indicates that access to 276

explanations improves model-behavior prediction, 277

whereas values near zero suggest limited impact 278

(e.g., when Phase 1 accuracy is already high), and 279

negative values indicate that explanations can occa- 280

sionally mislead the evaluator. 281

In our setup, we additionally use the simulation 282

test to study the effect of different counterfactual 283

question sets. Holding the explanation set fixed, 284

we ask which counterfactual set yields the largest 285

acc_improvement. 286

LLM-as-a-judge simulation. Building on prior 287

work showing that LLMs approximate human judg- 288

ments with high agreement and nuance, we adopt 289

an LLM-as-a-judge setup for our counterfactual 290

study (Zheng et al., 2023; Bai et al., 2023; Li et al., 291

2025). For each item, we pair a starter question and 292

the model’s answer with a counterfactual follow- 293

up. The judge then decides whether the starter 294

answer, optionally with its explanation, allows in- 295

ferring the model’s answer to the follow-up. To 296

test robustness, we follow the scalable-oversight 297

setup of Kenton et al. (2024) and use two indepen- 298

dent judges with different capacities as Weaker 299

Evaluator and Stronger Evaluator. 300

Human simulation user study. To assess how 301

well our LLM-as-a-judge evaluations align with 302

real human behavior, we conduct a human- 303

simulation user study on a subset of GPT- 304

4–generated explanations (both CoT and post-hoc), 305

since it is the most advanced explainer among the 306
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? Accuracy = Accuracy (Phase 2) -  Accuracy (Phase 1) 

Q?: Could the members of The 

Beatles perform lawful arrests?

Phase 1

A?: No

A?: Yes

Q: Could the members of The Police perform lawful arrests?

A: No

Phase 2
Q: Could the members of The Police perform lawful arrests?

A: No

Explanation (X): The Police is the name of a famous band, 

not a law enforcement agency. Therefore, the members of The 

Police cannot perform lawful arrests.

A?: No

Generative Q'
Pragmatic-based Q'

Q?: Could the members of The 

Beatles perform lawful arrests?

A?: No

Figure 2: Counterfactual simulation pipeline for evaluating how human and LLM judges predict model behavior
from explanations and counterfactual question sets.

three models considered. We select 50 items, each307

paired with 7 counterfactual questions using 7 dif-308

ferent perturbation methods. In each trial, partici-309

pants see a scenario involving a “robot” (a LLM):310

a yes/no Starter Question, the Robot’s Answer, and311

a yes/no Follow-up Question in Phase 1; in Phase312

2, they additionally see a textual Explanation of313

the robot’s reasoning. Participants are explicitly314

instructed to predict the robot’s answer rather than315

state their own belief about the correct answer. For316

every trial, they (i) rate how confident they are317

about the robot’s follow-up answer on a 1–5 scale,318

(ii) make a guess about the robot’s answer, and (iii)319

provide a short free-text justification of how they320

arrived at this guess. These annotations allow us321

to analyze both the accuracy and perceived diffi-322

culty of simulating the model’s behavior, as well323

as the role of explanations. Detailed annotation324

guidelines are provided in the Appendix E.325

5 LLM-as-a-Judge Results326

5.1 LLM Judge Performance: Analysis of327

Accuracy Improvements328

LLM-as-judge acc_improvement across different329

counterfactual question sets is visualized with radar330

charts in Figure 3. Overall, three trends emerge:331

(2) Comparison across counterfactual gener-332

ation methods. For the weaker judge, Lexical333

Substitution and Presupposition Flip yield the most334

competitive results: Lexical Substitution achieves335

the largest acc_improvement in four out of the six336

explanation settings, and Presupposition Flip also337

consistently performs well. Some LLM-generated338

counterfactual sets can be competitive in specific339

cases (e.g., for post-hoc explanations of GPT-4),340

but their gains are not stable across models and341

explanation types. For the stronger judge, the 342

trends change. Scalar Adjustment becomes one of 343

the best-performing and most stable question type, 344

and Presupposition Flip remains strong except for 345

the CoT explanations by Llama-3.3. By contrast, 346

the effectiveness of Contextualization drops sub- 347

stantially compared to the weaker judge: for the 348

stronger judge, the Phase 1 accuracy on contextual- 349

ized questions already reaches 0.627 (the highest 350

among all counterfactual sets and much higher than 351

the weaker judge’s 0.405), leaving very limited 352

room for further gains in Phase 2. Overall, while 353

no single counterfactual recipe dominates in all set- 354

tings, pragmatics-based counterfactual questions 355

tend to be more stable than purely generative ones, 356

particularly Lexical Substitution, Presupposition 357

Flip, and Scalar Adjustment. 358

(3) CoT explanations vs. post-hoc explana- 359

tions. We do not observe a clear advantage of CoT 360

explanations over post-hoc rationales. On aver- 361

age, post-hoc explanations perform slightly better: 362

for the weaker judge, mean acc_improvement is 363

0.302 for CoT vs. 0.315 for post-hoc, and for the 364

stronger judge it is 0.149 vs. 0.156, respectively. 365

This suggests that, in our setup, targeted rationales 366

are already sufficient for enabling LLM judges to 367

simulate the model’s behavior, and richer step-by- 368

step reasoning does not translate into larger gains. 369

(4) Effect of judge strength. Finally, compar- 370

ing the two rows of radar plots shows that overall 371

acc_improvement is substantially larger for the 372

weaker evaluator than for the stronger one: the ar- 373

eas of the polygons are visibly bigger in the weaker- 374

judge row. This indicates that the same combina- 375

tion of explanations and counterfactual questions 376

yields much larger gains when the judge is weaker, 377

whereas a stronger judge already predicts the base 378
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Figure 3: Radar charts summarizing LLM-as-a-judge acc_improvement on different counterfactual question sets.
The upper and lower panels show results for a weaker and a stronger evaluator, respectively, each using combinations
of chain-of-thought (cot) and post-hoc explanations for three underlying models to be explained.

model reasonably well in Phase 1 and therefore379

has limited headroom to benefit from additional380

information. In other words, the marginal utility of381

explanations and counterfactuals decreases as the382

judge becomes stronger.383

Complete per-condition tables reporting guess384

rate, selective accuracy, and overall accuracy by385

phase and condition are provided in Appendix F.386

5.2 In-context Bias and Flip-back Behavior387

A common failure mode of LLM-judges is anchor-388

ing: when asked to predict the model’s answer to389

a follow-up question, the judge may simply reuse390

the model’s original answer to the starter question,391

regardless of whether that original answer is cor-392

rect. Here we quantify this anchoring effect and393

test whether providing self-explanations mitigates394

it, especially in cases where the model’s original395

answer is wrong (where flip-back is desirable).396

For each instance i, Qi and Q′
i denote the starter397

and follow-up questions. The model’s answer to Qi398

is ai ∈ {yes, no}. The judge predicts the model’s399

answer to the follow-up question as ŷi ∈ {yes, no},400

and we denote the phase by pi ∈ {1, 2}.401

Anchoring to the original answer (overall). We 402

first measure how often the judge repeats the 403

model’s original answer when predicting the an- 404

swer to Q′
i. We define an indicator that the judge’s 405

prediction matches the original answer: Bi = 406

I[ŷi = ai]. Bi = 1 if the judge’s prediction for 407

Q′
i exactly equals the model’s answer to Qi. 408

For each phase p ∈ {1, 2}, we define the in- 409

context bias toward the original answer as: 410

b̂ias
orig

(p) =
1

Np

∑
i: pi=p

Bi , 411

where Np is the number of instances in phase p. 412

Anchoring when the model is wrong (flip-back 413

regime). To isolate cases where anchoring is 414

clearly undesirable, we focus on instances where 415

the model is incorrect on the starter question. We 416

define an indicator of whether the model is correct 417

on the starter question: Ci = I[ai = gi], so that 418

Ci = 0 marks instances where the model’s starter 419

answer is incorrect. Within this subset (Ci = 0), 420

we reuse the indicator Bi and define: 421

b̂ias
orig
wrong(p) =

1

N
wrong
p

∑
i: pi=p, Ci=0

Bi , 422
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expl_type cfq_type ∆bias_orig ∆bias_orig_wrong

Weaker Evaluator
cot gpt-3.5 -0.013 -0.209
cot gpt-4 0.009 -0.224
cot Llama-3.3 -0.043 -0.229
cot presupp_flip -0.195 -0.017
cot contextual -0.003 -0.047
cot lexical -0.057 -0.073
cot scalar -0.074 -0.076

posthoc gpt-3.5 -0.029 -0.241
posthoc gpt-4 -0.033 -0.304
posthoc Llama-3.3 -0.081 -0.284
posthoc presupp_flip -0.237 0.013
posthoc contextual 0.008 -0.026
posthoc lexical -0.054 -0.095
posthoc scalar -0.027 -0.042

Stronger Evaluator
cot gpt-3.5 -0.090 -0.241
cot gpt-4 -0.057 -0.201
cot Llama-3.3 -0.074 -0.225
cot presupp_flip -0.073 -0.014
cot contextual -0.017 -0.084
cot lexical -0.061 -0.073
cot scalar -0.049 -0.010

posthoc gpt-3.5 -0.091 -0.254
posthoc gpt-4 -0.081 -0.295
posthoc Llama-3.3 -0.096 -0.290
posthoc presupp_flip -0.081 -0.022
posthoc contextual -0.028 -0.104
posthoc lexical -0.095 -0.149
posthoc scalar -0.052 -0.079

Table 3: Change in in-context bias from Phase 1 to
Phase 2 for explanations of GPT-4 across counterfactual
question sets. Negative values indicate reduced bias.
Positive numbers are marked in blue.

where Nwrong
p is the number of instances in phase p423

for which the model’s answer to the starter question424

is incorrect (Ci = 0).425

We compare b̂ias
orig

(p) and b̂ias
orig
wrong(p) across426

phases: ∆bias_orig = b̂ias
orig

(2)−b̂ias
orig

(1) and427

∆bias_orig_wrong = b̂ias
orig
wrong(2)− b̂ias

orig
wrong(1).428

Negative values indicate reduced anchoring to the429

original answer in Phase 2, while positive values430

indicate increased anchoring. Table 3 reports these431

changes for GPT-4 explanations across counterfac-432

tual question sets, both overall and restricted to433

instances where the model’s starter answer is incor-434

rect. Full results are provided in Appendix H.435

Overall, in-context bias tends to decrease from436

Phase 1 to Phase 2. This pattern suggests that437

LLM verbalized self-explanations generally reduce438

judges’ tendency to stick with the original model439

prediction. Moreover, the reductions are particu-440

larly pronounced when conditioning on instances441

where the original answer is wrong, indicating that442

explanations are especially helpful for correcting 443

initially incorrect model outputs. 444

6 Human User-study Results 445

6.1 Confidence and Accuracy Gains 446

Under the setup in §4.4, the mean confidence (1–5) 447

from 28 participants increases from 3.21 without 448

explanations to 4.38 with explanations, suggesting 449

that explanations improve confidence in predicting 450

the LLM’s (GPT-4) behavior. 451

cfq_type P1_acc P2_acc ∆ acc

gpt-3.5 0.560 0.540 -0.020
gpt-4 0.460 0.470 0.010
Llama-3.3 0.580 0.580 0.000
presupp_flip 0.360 0.400 0.040
contextual 0.760 0.820 0.060
lexical 0.760 0.800 0.040
scalar 0.820 0.840 0.020

Overall 0.614 0.634 0.020

Table 4: Human user study evaluation results. Accuracy
by counterfactual question type for Phase 1 and 2. For
each counterfactual type, we evaluate 100 questions.

In Table 4, we report human prediction accuracy 452

against the model’s actual follow-up answers in 453

Phase 1 and Phase 2, along with the change in ac- 454

curacy (∆ acc). Overall accuracy increases slightly 455

from 0.614 to 0.634. The gain is type-dependent: 456

Contextualization shows the largest improvement 457

(+0.060), while Lexical Substitution and Presuppo- 458

sition Flip improve by +0.040. In contrast, Scalar 459

Adjustment changes only marginally (+0.020), and 460

model-generated types show little or no benefit, 461

with a small drop for GPT-3.5. Overall, explana- 462

tions provide modest and uneven improvements in 463

human ability to anticipate the model’s behavior. 464

By comparing human users to LLM-as-a-judge 465

results, we estimate how well LLMs approximate 466

human judgments. On the subset that humans anno- 467

tated, the LLM judge matches human yes/no predic- 468

tions at an overall rate of 0.601 in Phase 1 and 0.591 469

in Phase 2. We provide a more detailed breakdown 470

by counterfactual type in the Appendix I. 471

6.2 Case Study: Analysis of Human 472

Rationales for Predicting Model Behavior 473

In addition to accuracy and agreement metrics, we 474

collected participants’ free-text rationales describ- 475

ing how they predicted the model’s follow-up an- 476

swer. We use these rationales to qualitatively exam- 477

7



ine what cues humans attend to when simulating478

model behavior, and how those cues shift from479

Phase 1 to Phase 2. In this section, we present a480

small set of representative case studies selected to481

reflect the main quantitative patterns.482

Case 1: Explanations can help when they state483

a decision criterion that the model also applies.484

When the follow-up question directly refers to a485

concept mentioned in the model’s explanation, par-486

ticipants often move from simple Phase 1 heuris-487

tics (e.g., reusing the starter answer) to criterion488

matching in Phase 2. In these cases, their rationales489

typically quote or paraphrase a key phrase from the490

explanation and apply it to the follow-up question.491

Example: In the explanation, we know that there492

are programs like the National School Lunch Pro-493

gram that provide free or reduced-price lunches to494

eligible students. So few students are guaranteed495

lunch at school in the US.496

Case 2: Limited gains under ceiling effects.497

When the follow-up question is a near-paraphrase498

of the starter question or introduces only a minor499

adjustment, many participants already succeed in500

Phase 1 by applying a simple consistency heuristic501

(predicting that the model will answer the same502

way). In these cases, rationales often acknowledge503

that the explanation is consistent with their initial504

guess but does not add further information. Once505

Phase 1 performance is near ceiling, explanations506

have little room to improve correctness.507

Example: The explanation further support the508

answer with further information like "The Smithso-509

nian’s National Zoo in Washington DC is a place510

where various animals are kept, but it does not511

currently house harbor seals."512

Case 3: Explanations may not resolve condition513

flips. In these cases, participants’ rationales of-514

ten express uncertainty about how the model will515

respond after the follow-up introduces a critical516

change in conditions. Even in Phase 2, the model’s517

explanation may not directly address the specific518

condition that is altered in the follow-up, leaving519

participants without a stable rule to extrapolate the520

model’s behavior. As a result, these items can re-521

main difficult across phases. Qualitatively, the ra-522

tionales suggest that participants focus on the con-523

dition shift in the follow-up, while the explanation524

highlights other aspects, which makes it less useful525

for predicting the model’s answer.526

Example: The explanation states that "if all con-527

ditions align", but in the follow-up question, the 528

condition changes. Not sure whether the robot still 529

thinks that a dealer could buy a Boeing 737-800. 530

Case 4: Explanations can distract when they 531

are persuasive but not diagnostic. We observe 532

cases where a participant’s Phase 1 prediction is 533

correct under a simple heuristic, but Phase 2 intro- 534

duces over-reliance on a plausible-sounding detail 535

in the explanation that does not actually determine 536

the model’s follow-up answer. In these instances, 537

the explanation functions as a persuasive narrative 538

rather than a diagnostic cue, and participants may 539

flip from a correct to an incorrect prediction. 540

Example: The explanation already compares 541

mail carriers to more dangerous jobs, so police 542

officers will be judged dangerous. 543

Summary. Across these case studies, human ra- 544

tionales suggest two recurring themes. First, par- 545

ticipants are successful when they can align the 546

follow-up question to an explicit criterion stated 547

in the explanation; this is precisely when Phase 2 548

yields the largest gains. Second, when follow-up 549

questions are either trivial (ceiling effects) or un- 550

derspecified (insufficient cues), explanations offer 551

limited additional benefit and may even distract. 552

7 Conclusion 553

In this work, we assess LLM self-explanations 554

through counterfactual simulatability. Explanations 555

improve users’ ability to anticipate model behav- 556

ior for both human participants and LLM judges, 557

but the measured effect depends on the counter- 558

factual construction and the evaluator. We further 559

observe that explanations mitigate a tendency to 560

echo the model’s original answer—most notably 561

when the initial answer is incorrect—suggesting a 562

corrective “flip-back” mechanism. In the human 563

study, explanations also increase confidence and 564

yield measurable accuracy gains. 565

Overall, our findings show that, despite concerns 566

about faithfulness of verbalized self-explanations, 567

they can help users better understand model behav- 568

ior in counterfactual settings. Our results highlight 569

that the counterfactual questions themselves are a 570

key part of the evaluation: different perturbation 571

strategies can change both task difficulty and the 572

benefit of explanations, so counterfactual design 573

should be treated as a component rather than a neu- 574

tral choice. Annotations, explanations, and code 575

will be released publicly upon publication. 576
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Limitations577

This study has potential limitations. Our study578

measures model understanding using counterfac-579

tual simulatability on binary questions. While580

this design offers a controlled way to measure581

whether explanations help users predict model be-582

havior, it may not fully reflect real-world interac-583

tions where users ask open-ended questions and584

engage in multi-turn dialogue. Second, although585

we introduce a pragmatics-grounded taxonomy of586

counterfactual perturbations, the set of transforma-587

tions is incomplete and may not cover pragmatic588

phenomena that arise in natural conversations (e.g.,589

discourse context, speaker intent, social norms).590

Thirdly, parts of our pipeline rely on LLM-591

generated artifacts (e.g., LLM-generated counter-592

factuals and explanations, and GPT-4–based pre-593

supposition flips), such as counterfactual questions594

or explanations. Results may depend on the chosen595

prompts and models. We also test a limited number596

of models and explanation formats, so generaliza-597

tion is not guaranteed.598

Finally, the human user study uses a relatively599

small sample (participants and items) and focuses600

on a subset of conditions, which limits statisti-601

cal power for small effects and may not gener-602

alize across user populations or expertise levels.603

Importantly, our work does not claim that self-604

explanations are faithful accounts of the model’s in-605

ternal decision process: explanations can improve606

simulatability while still being post-hoc or persua-607

sive rather than diagnostic.608
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A LLM-prompts for automatic919

counterfactual questions generation920

This appendix shows the prompt used to gener-921

ate follow-up counterfactual yes/no questions on922

the StrategyQA dataset. We use exactly the same923

natural-language prompt for all models and both924

backends (OpenAI Chat Completions and local925

Hugging Face models). For OpenAI models, the926

prompt is passed as system/user messages, and927

for Hugging Face models we serialize the same928

messages via the tokenizer’s chat template using929

the code in the main text.930

System Instructions

Human: In the questions below, you will be asked to
read a starter yes or no question and a robot’s answer to
the starter question. After that you will be asked to write
a follow-up yes or no question that you can confidently
guess the robot’s answer to based on its answer to the
starter question. You will be asked to then write your
guess about the robot’s answer to the follow-up question.

Assistant: here is my response. okay.
931

Template

Human: Starter Question: {orig_qn}
Robot’s Answer to the Starter Question: {orig_yn}
Follow-up Question:

932

Format Requirement

When you answer, output exactly two lines:
Follow-up Question: <a yes/no question>
Guessed Answer: yes or no
Do not include anything else.

933

B LLM-prompts for presupposition flip 934

counterfactual questions generation 935

System Instructions

You are a precise editor that rewrites yes/no questions
into counterfactual questions with if-clauses while flip-
ping the original answer. Follow the user’s format ex-
actly, be concise, and do not add extra commentary or
bullets.

936

User Instructions

Prompt/ instructions for LLM:
Step 1: Read the original yes/no question and the answer.
Step 2: Flip the original answer.
Step 3: Work out how to make the answer true.
Step 4: Write a new question that asks if the answer
would be true if the action you worked out in Step 3 was
performed. Change the original questions to new ques-
tions of unreal conditions with counterfactual presuppo-
sitions, using if clauses. Do not change the meaning of
questions in new questions.
Step 5: Write the new answer to the new questions.

Answer each initial question with the following format:
Original question: <original question>
Original answer: <original answer>
Step1: The new answer should be <yes/no>, so
. . .
Step2: How to make . . . : . . .
New question: <new question>

Here are some examples:
Original question: Would the top of Mount Fuji stick out
of the Sea of Japan?
Original answer: Yes
New question: If global sea level were 4,000 meters
higher, would the top of Mount Fuji stick out of the Sea
of Japan?
New answer: No

Original question: Would an uninsured person be more
likely than an insured person to decline a CT scan?
Original answer: Yes
New question: If CT scans were free at the point of care
for everyone, would an uninsured person be more likely
than an insured person to decline a CT scan?
New answer: No

Original question: Did Doctor Strange creators also make
Batman?
Original answer: No
New question: If Batman had been created by Stan Lee
and Steve Ditko, would the creators of Doctor Strange
also have created Batman?
New answer: Yes

937

C Scalar scales 938

Table 5 lists the manually specified scalar scales 939

used in our scalar adjustment operations. The 940

scales are defined on the basis of scalar inventories 941

discussed in previous work on scalar expressions 942

and implicatures (Carston, 1998; Papafragou and 943

Musolino, 2003; Sauerland, 2004). 944
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Scale Ordered items (stronger → weaker)

Quantifiers all, almost all, most, a majority of, many, several, some, a few, few, hardly any

Universal quantifiers every, each

Existential quantifiers any, at least one, at least some

Frequencies always, almost always, usually, often, frequently, sometimes, occasionally, rarely, seldom, hardly
ever, never

Epistemic modality certainly, definitely, undoubtedly, almost certainly, very likely, likely, probably, plausibly,
possibly, maybe, perhaps

Deontic modality must, have to, be required to, should, ought to, be supposed to, be recommended to, may, can

Necessity / possibility necessary, required, essential, recommended, advisable, optional, possible

Attitude / success succeed in, manage to, be able to, try to, attempt to, want to

Evidential / reporting prove that, demonstrate that, show that, find that, report that, suggest that, speculate that

Claim strength / hedging it is certain that, it is clear that, it is likely that, it is probable that, it is plausible that, it is
possible that

Degree adverbs completely, totally, entirely, highly, very, quite, fairly, rather, somewhat, slightly

Evaluative adjectives perfect, excellent, great, good, acceptable, adequate, poor

Temporal immediacy immediately, right away, soon, eventually, someday

Inclusion including all, including most, including many, including some

Table 5: Manually specified scalar scales used for scalar adjustment. Within each row, items are ordered from
stronger to weaker.

D LLM-prompts for explanations945

generation946

This appendix shows the prompt used for generat-947

ing chain-of-thought and post-hoc explanations on948

the StrategyQA dataset. We use exactly the same949

natural-language prompt for all three models and950

both backends. For OpenAI models, the prompt951

is passed as system/user chat messages, while for952

Hugging Face models we serialize the same mes-953

sages using the tokenizer’s chat template.954

Prompt: Explanation Generator

Generate explanations (CoT / Post-hoc).

System instruction for CoT (COT_SYSTEM):
Human: In the questions below, you will be asked to
first think step by step and generate a trace of reasoning,
and then end with your final answer exactly with “So
the answer is ...” yes or no. Let’s think step by step.
Strictly follow the example format below and do not say
anything else.

Assistant: here is my response. okay.

System instruction for post-hoc explanations
(POSTHOC_SYSTEM):
Human: In the questions below, you will be asked to
first answer the question (yes or no) and then generate a
justification for your answer. Your justification should
end with "So the answer is ..." yes or no.

Assistant: here is my response. okay.

User message template for CoT:
Human: Q: Yes or no: {question}
A:
Assistant: here is my response.

User message template for post-hoc explanations:
Human: Q: Yes or no: {question}
A:
Assistant: here is my response.

955

E User study guideline 956

We recruited 28 volunteer participants (B.Sc., 957

M.Sc., and PhD students) with English reading 958

proficiency at CEFR level C1 or above. Before the 959
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study, participants reported (i) their familiarity with960

LLMs on a 5-point Likert scale and (ii) whether961

they were familiar with explainable AI (XAI). Most962

participants frequently used LLMs in their work:963

18/28 selected 5 (“very familiar / frequent use”),964

4/28 selected 4 (“regular use in daily life”), and the965

remaining 6/28 selected 3 (“occasional use”). In966

contrast, only 2/28 reported in-depth knowledge of967

XAI; the rest indicated limited familiarity or only a968

basic awareness. Participation was fully voluntary,969

and participants were generally interested in NLP970

and AI research. The experiment was conducted971

online via a purpose-built web service.972

In the following, we provide the full annotation973

guideline used in our user study. Before starting974

the study, each participant is shown this guideline,975

which includes a general introduction to the task,976

detailed instructions, and illustrative examples. Par-977

ticipants are encouraged to ask questions both be-978

fore and during the study. Screenshots of the user979

study interface are shown in Figures 4 and 5.980

E.1 Overview of the task981

In this study, you will see short question–answer982

pairs involving a “robot” (a large language model).983

Your job is to reason about what the robot will984

answer to a follow-up yes/no question. There are985

two phases:986

Phase 1 : You see a Starter Question, the Robot’s987

Answer, and a Follow-up Question.988

Phase 2 : You see the same elements plus an989

Explanation of the robot’s reasoning for the follow-990

up question.991

In every trial, you will:992

• rate how confident you are that you can rea-993

son about the robot’s answer to the follow-up994

question;995

• guess the robot’s answer to the follow-up ques-996

tion (Yes or No);997

• provide a short free-text explanation of how998

you made your guess.999

E.2 Very important: Guess the robot’s answer,1000

not your own opinion1001

Your task is not to say what you think is objectively1002

correct. Your task is to guess what the robot will1003

answer to the follow-up question. Even if you1004

believe the robot is wrong or unreasonable, you1005

should still try to infer its likely answer. Base your1006

guess on: the Starter Question, the Robot’s Answer, 1007

and (in Phase 2) the Explanation. 1008

In your explanations, please focus on how you 1009

inferred the robot’s behavior, not on what you per- 1010

sonally think is true about the world. 1011

E.3 Confidence rating and forced guess 1012

For each trial, you will first answer: 1013

“How confident are you that you can rea- 1014

son about what the robot will answer to 1015

the follow-up question?” 1016

You will choose a number on a 1–5 scale (e.g., 1 1017

= Not confident at all, 5 = Extremely confident). 1018

After choosing a confidence level, you must still 1019

select one of: 1020

• The robot will answer: Yes 1021

• The robot will answer: No 1022

There are no “I don’t know” or “cannot tell” op- 1023

tions in the multiple-choice part. 1024

If you feel that you really cannot predict the 1025

robot’s answer at all: 1026

• choose the lowest confidence level; 1027

• still pick Yes or No as a forced guess; 1028

• in the free-text explanation, clearly say that 1029

you cannot guess, e.g.: “I can’t guess the 1030

robot’s answer; I chose ‘Yes’ randomly.” 1031

This helps us distinguish between informed rea- 1032

soning and random guessing. 1033

E.4 What to write in your free-text 1034

explanation 1035

After you have given your confidence rating and 1036

your Yes/No guess, you will write a short expla- 1037

nation (typically 1–3 sentences). Here are some 1038

general tips: 1039

• Keep it simple and concise, but concrete. 1040

• Explain why you think the robot will answer 1041

Yes or No. 1042

• Focus on how you used the robot’s previous 1043

answer and (in Phase 2) the explanation. 1044

• You do not need to write a long essay; 1–3 1045

sentences are enough. 1046
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E.5 Phase 1 guidelines (without explanation)1047

Typical patterns you may use (and can mention in1048

your explanation):1049

Same conditions → same answer: “The follow-1050

up question is very similar to the starter question,1051

so I think the robot will give the same answer.”1052

Opposite conditions → opposite answer: “The1053

follow-up question reverses the condition in the1054

starter question, so I expect the robot to give the1055

opposite answer.”1056

Inference from the Robot’s Answer: “From the1057

robot’s answer ‘no’ to the starter question, I infer1058

that it thinks X is unlikely, so I expect it will also1059

answer ‘no’ to the follow-up.”1060

Unclear / low confidence: “I’m not confident.1061

The robot’s answer to the starter question does not1062

clearly tell me how it will answer the follow-up, so1063

this is mostly a guess.”1064

E.6 Phase 2 guidelines (with explanation)1065

For your free-text explanation in Phase 2 , you1066

are encouraged to refer directly to the explanation.1067

You can quote short parts in quotation marks, for1068

example: “The explanation says ‘Rede Globo is a1069

Brazilian television network’, so I expect the robot1070

to answer ‘Yes’ when asked if the anchors speak1071

Portuguese.”1072

You can combine the explanation with your own1073

reasoning: “The explanation says ‘X is the official1074

language of Y’, which suggests the robot believes1075

people in Y usually speak X. Therefore, I think it1076

will answer ‘Yes’ to the follow-up question.”1077

E.7 Examples of good and less useful1078

explanations1079

Good explanations refer to the robot’s answer1080

and/or the explanation and make it clear how you1081

predicted the robot’s behavior. Here are some ex-1082

amples of good free-text explanations:1083

Example 1: “From the robot’s ‘no’ to the starter1084

question and the explanation that Chinese is not1085

commonly spoken in Brazil, I think it will answer1086

‘yes’ when asked about Portuguese.”1087

Example 2: “The explanation states ‘X is un-1088

likely’, so I expect the robot to keep the same nega-1089

tive answer for the follow-up.”1090

Try to avoid explanations that rely only on per-1091

sonal opinions without referring to the robot, that1092

simply repeat the question, or that say nothing1093

about your reasoning. If it really is just a guess, 1094

please still explain why you cannot reason about 1095

the robot’s answer and mark low confidence. Here 1096

are some examples of less informative explana- 1097

tions: 1098

Example 1: “I think the correct answer is yes.” 1099

Example 2: “Because of the question.” 1100

Example 3: “Just a guess.” 1101

E.8 Summary 1102

• Always guess the robot’s answer, not your 1103

own belief about what is true. 1104

• Always provide a Yes/No guess, even if you 1105

are not confident. 1106

• If you really cannot predict the answer: 1107

– choose “not confident”; 1108

– still choose Yes or No; and 1109

– write in your explanation that you cannot 1110

guess and why. 1111

• In Phase 1, base your reasoning mainly on the 1112

Starter Question and the Robot’s Answer. 1113

• In Phase 2, also use the Explanation, and feel 1114

free to quote it in quotation marks. 1115

• Keep explanations short but specific, focusing 1116

on how you infer the robot’s answer. 1117

F Full results for LLM-as-a-judge 1118

counterfactual simulation 1119

This appendix reports the full per-condition results 1120

for our LLM-as-a-judge counterfactual simulation. 1121

We report three complementary accuracy-based 1122

metrics: (i) guess_rate, the proportion of items 1123

judged as can_guess; (ii) selective_accuracy, ac- 1124

curacy conditioned on guessing; and (iii) over- 1125

all accuracy, accuracy on all items, counting 1126

cannot_guess as incorrect. Results using two 1127

LLM judges, gpt-3.5-turbo and gpt-4.1, are 1128

reported in Table 6 and Table 7. 1129

G Automatic Evaluation for 1130

Counterfactuals 1131

In addition to simulation-based evaluation, we also 1132

consider automated metrics that are commonly 1133

used to characterize counterfactual data. These 1134

metrics quantify how a perturbation Q′ related to 1135

its original question Q, independently of any expla- 1136

nation. 1137
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expl cfq_type P1_guess_rate P1_acc P1_sel_acc P2_guess_rate P2_acc P2_sel_acc ∆ guess_rate ∆ acc ∆ sel_acc

cot (gpt-3.5) gpt-3.5 0.505 0.368 0.000 0.901 0.624 0.737 0.396 0.256 0.008
cot (gpt-3.5) gpt-4 0.623 0.479 0.769 0.940 0.712 0.757 0.317 0.233 -0.012
cot (gpt-3.5) Llama-3.3 0.562 0.414 0.735 0.934 0.684 0.732 0.371 0.270 -0.003
cot (gpt-3.5) presupp_flip 0.434 0.267 0.614 0.894 0.562 0.628 0.460 0.295 0.014
cot (gpt-3.5) contextual 0.479 0.315 0.658 0.832 0.587 0.706 0.353 0.272 0.048
cot (gpt-3.5) lexical 0.244 0.134 0.550 0.820 0.507 0.617 0.576 0.442 0.067
cot (gpt-3.5) scalar 0.514 0.304 0.590 0.869 0.590 0.679 0.355 0.286 0.089

posthoc (gpt-3.5) gpt-3.5 0.485 0.358 0.738 0.842 0.626 0.743 0.357 0.268 0.005
posthoc (gpt-3.5) gpt-4 0.552 0.387 0.702 0.862 0.647 0.750 0.310 0.260 0.048
posthoc (gpt-3.5) Llama-3.3 0.517 0.374 0.723 0.797 0.613 0.768 0.280 0.239 0.045
posthoc (gpt-3.5) presupp_flip 0.446 0.311 0.698 0.810 0.663 0.652 0.364 0.352 -0.046
posthoc (gpt-3.5) contextual 0.526 0.339 0.643 0.901 0.643 0.714 0.375 0.304 0.071
posthoc (gpt-3.5) lexical 0.448 0.339 0.758 0.892 0.766 0.743 0.444 0.427 -0.015
posthoc (gpt-3.5) scalar 0.628 0.508 0.809 0.861 0.801 0.790 0.233 0.293 -0.019

cot (gpt-4) gpt-3.5 0.442 0.358 0.808 0.772 0.659 0.854 0.330 0.301 0.046
cot (gpt-4) gpt-4 0.566 0.476 0.843 0.914 0.807 0.882 0.348 0.331 0.040
cot (gpt-4) Llama-3.3 0.550 0.463 0.842 0.879 0.763 0.868 0.329 0.300 0.026
cot (gpt-4) presupp_flip 0.406 0.338 0.833 0.764 0.645 0.844 0.358 0.307 0.011
cot (gpt-4) contextual 0.674 0.603 0.894 0.948 0.818 0.863 0.273 0.215 -0.031
cot (gpt-4) lexical 0.466 0.380 0.815 0.804 0.712 0.818 0.338 0.332 0.003
cot (gpt-4) scalar 0.543 0.458 0.868 0.880 0.769 0.858 0.337 0.311 -0.010

posthoc (gpt-4) gpt-3.5 0.456 0.364 0.799 0.768 0.660 0.860 0.312 0.296 0.061
posthoc (gpt-4) gpt-4 0.590 0.483 0.818 0.906 0.801 0.884 0.316 0.318 0.066
posthoc (gpt-4) Llama-3.3 0.543 0.343 0.873 0.838 0.732 0.882 0.295 0.389 0.009
posthoc (gpt-4) presupp_flip 0.553 0.432 0.781 0.831 0.717 0.845 0.278 0.285 0.064
posthoc (gpt-4) contextual 0.671 0.588 0.877 0.948 0.805 0.849 0.277 0.217 -0.028
posthoc (gpt-4) lexical 0.332 0.358 0.830 0.698 0.727 0.856 0.366 0.369 0.026
posthoc (gpt-4) scalar 0.658 0.546 0.830 0.820 0.792 0.846 0.162 0.246 0.016

cot (Llama-3.3) gpt-3.5 0.478 0.395 0.826 0.768 0.673 0.877 0.290 0.278 0.051
cot (Llama-3.3) gpt-4 0.607 0.511 0.842 0.908 0.799 0.880 0.301 0.288 0.038
cot (Llama-3.3) Llama-3.3 0.523 0.445 0.851 0.897 0.774 0.864 0.374 0.329 0.013
cot (Llama-3.3) presupp_flip 0.365 0.312 0.854 0.762 0.655 0.860 0.397 0.343 0.006
cot (Llama-3.3) contextual 0.763 0.349 0.457 0.942 0.628 0.562 0.179 0.289 0.105
cot (Llama-3.3) lexical 0.434 0.334 0.770 0.793 0.688 0.889 0.359 0.354 0.119
cot (Llama-3.3) scalar 0.593 0.403 0.848 0.765 0.723 0.815 0.172 0.320 -0.033

posthoc (Llama-3.3) gpt-3.5 0.463 0.361 0.780 0.773 0.662 0.856 0.310 0.301 0.076
posthoc (Llama-3.3) gpt-4 0.604 0.491 0.813 0.904 0.791 0.875 0.300 0.300 0.062
posthoc (Llama-3.3) Llama-3.3 0.529 0.424 0.801 0.899 0.778 0.865 0.379 0.354 0.064
posthoc (Llama-3.3) presupp_flip 0.416 0.356 0.856 0.719 0.721 0.862 0.303 0.365 0.006
posthoc (Llama-3.3) contextual 0.741 0.237 0.319 0.942 0.600 0.318 0.201 0.363 -0.001
posthoc (Llama-3.3) lexical 0.434 0.355 0.817 0.622 0.694 0.836 0.188 0.339 0.019
posthoc (Llama-3.3) scalar 0.653 0.462 0.861 0.821 0.788 0.838 0.168 0.326 -0.023

Table 6: Per-condition results for counterfactual simulatability (judge: gpt-3.5-turbo). Improvements are Phase 2
minus Phase 1.

Label Flip Rate The label flip rate measures how1138

often a perturbed example changes the model’s pre-1139

dicted label relative to the original instance (Ge1140

et al., 2021; Nguyen et al., 2024; Bhattacharjee1141

et al., 2023; Wang et al., 2025). Intuitively, counter-1142

factuals that preserve the surface form of Q but flip1143

the label are considered more challenging and in-1144

formative, because they probe decision boundaries1145

rather than trivial paraphrases.1146

We compute the proportion of Q′ for which the1147

model’s answer differs from its answer to Q, and1148

later relate this flip rate to the observed gains from1149

showing explanations in our simulation test.1150

Textual Similarity Textual similarity captures1151

how close Q′ remains to Q in form and content1152

(Madaan et al., 2020). High similarity is often taken1153

to indicate a “minimal” counterfactual, where small1154

edits lead to different model behavior, whereas low1155

similarity suggests that the perturbation may be 1156

drifting too far from the original instance. 1157

Following prior work on counterfactual evalua- 1158

tion, we quantify textual similarity using a normal- 1159

ized word-level Levenshtein distance (Ross et al., 1160

2021; Treviso et al., 2023; Wang et al., 2025). 1161

Table 8 reports the Label Flip Rate and tex- 1162

tual similarity results across counterfactual ques- 1163

tion types. However, both metrics only approx- 1164

imate counterfactual quality and ignore whether 1165

humans can actually leverage explanations to antic- 1166

ipate model behavior, which is what our simulation- 1167

based evaluation is designed to capture. 1168

H Full results for in-context bias and 1169

flip-back behavior 1170

In this appendix, we report the full results on in- 1171

context bias and flip-back behavior for explana- 1172
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expl cfq_type P1_guess_rate P1_acc P1_sel_acc P2_guess_rate P2_acc P2_sel_acc ∆ guess_rate ∆ acc ∆ sel_acc

cot (gpt-3.5) gpt-3.5 0.607 0.445 0.733 0.764 0.586 0.768 0.157 0.141 0.035
cot (gpt-3.5) gpt-4 0.740 0.541 0.731 0.859 0.650 0.757 0.119 0.109 0.026
cot (gpt-3.5) Llama-3.3 0.706 0.528 0.748 0.841 0.639 0.760 0.135 0.111 0.012
cot (gpt-3.5) PresupFlip 0.664 0.401 0.604 0.854 0.571 0.587 0.190 0.170 -0.017
cot (gpt-3.5) Contextual 0.941 0.718 0.763 0.949 0.730 0.769 0.008 0.012 0.006
cot (gpt-3.5) Lexical 0.418 0.301 0.720 0.586 0.462 0.766 0.168 0.161 0.046
cot (gpt-3.5) Scalar 0.670 0.516 0.770 0.788 0.719 0.785 0.118 0.203 0.015

posthoc (gpt-3.5) gpt-3 0.689 0.479 0.752 0.774 0.589 0.761 0.085 0.110 0.009
posthoc (gpt-3.5) gpt-4 0.732 0.506 0.691 0.847 0.635 0.750 0.115 0.129 0.059
posthoc (gpt-3.5) Llama-3.3 0.695 0.499 0.718 0.838 0.635 0.758 0.143 0.136 0.040
posthoc (gpt-3.5) PresupFlip 0.694 0.423 0.610 0.856 0.615 0.617 0.162 0.192 0.007
posthoc (gpt-3.5) Contextual 0.947 0.676 0.714 0.949 0.690 0.708 0.002 0.014 -0.006
posthoc (gpt-3.5) Lexical 0.425 0.300 0.705 0.595 0.478 0.743 0.179 0.178 0.038
posthoc (gpt-3.5) Scalar 0.652 0.484 0.743 0.795 0.623 0.771 0.143 0.139 0.028

cot (gpt-4) gpt-3.5 0.591 0.488 0.826 0.799 0.693 0.868 0.208 0.205 0.042
cot (gpt-4) gpt-4 0.768 0.660 0.860 0.919 0.809 0.881 0.151 0.149 0.021
cot (gpt-4) Llama-3.3 0.707 0.602 0.851 0.896 0.782 0.873 0.189 0.180 0.022
cot (gpt-4) PresupFlip 0.638 0.530 0.831 0.880 0.716 0.814 0.242 0.186 -0.017
cot (gpt-4) Contextual 0.963 0.822 0.853 0.967 0.832 0.860 0.004 0.010 0.007
cot (gpt-4) Lexical 0.425 0.348 0.819 0.569 0.499 0.859 0.144 0.151 0.040
cot (gpt-4) Scalar 0.392 0.329 0.839 0.661 0.563 0.853 0.269 0.234 0.014

posthoc (gpt-4) gpt-3.5 0.592 0.490 0.828 0.796 0.689 0.865 0.204 0.199 0.037
posthoc (gpt-4) gpt-4 0.745 0.622 0.835 0.910 0.807 0.886 0.165 0.185 0.051
posthoc (gpt-4) Llama-3.3 0.697 0.588 0.843 0.888 0.782 0.880 0.191 0.194 0.037
posthoc (gpt-4) PresupFlip 0.668 0.559 0.837 0.878 0.804 0.889 0.210 0.245 0.052
posthoc (gpt-4) Contextual 0.955 0.801 0.839 0.970 0.819 0.844 0.015 0.018 0.005
posthoc (gpt-4) Lexical 0.344 0.306 0.860 0.528 0.561 0.886 0.184 0.255 0.026
posthoc (gpt-4) Scalar 0.650 0.553 0.850 0.832 0.761 0.878 0.182 0.208 0.028

cot (Llama-3.3) gpt-3.5 0.626 0.528 0.843 0.813 0.706 0.869 0.187 0.178 0.026
cot (Llama-3.3) gpt-4 0.796 0.682 0.857 0.935 0.821 0.878 0.139 0.139 0.021
cot (Llama-3.3) Llama-3.3 0.751 0.643 0.855 0.921 0.799 0.868 0.179 0.156 0.013
cot (Llama-3.3) PresupFlip 0.652 0.564 0.865 0.896 0.755 0.843 0.244 0.191 -0.022
cot (Llama-3.3) Contextual 0.959 0.449 0.468 0.968 0.455 0.470 0.009 0.006 0.002
cot (Llama-3.3) Lexical 0.445 0.342 0.768 0.627 0.522 0.811 0.182 0.180 0.043
cot (Llama-3.3) Scalar 0.652 0.532 0.816 0.832 0.696 0.843 0.180 0.164 0.027

posthoc (Llama-3.3) gpt-3.5 0.590 0.480 0.813 0.816 0.706 0.865 0.226 0.226 0.052
posthoc (Llama-3.3) gpt-4 0.744 0.623 0.837 0.929 0.815 0.877 0.185 0.192 0.040
posthoc (Llama-3.3) Llama-3.3 0.711 0.588 0.826 0.939 0.822 0.893 0.228 0.234 0.067
posthoc (Llama-3.3) PresupFlip 0.666 0.577 0.867 0.886 0.799 0.848 0.220 0.222 -0.019
posthoc (Llama-3.3) Contextual 0.955 0.296 0.310 0.959 0.331 0.345 0.004 0.035 0.035
posthoc (Llama-3.3) Lexical 0.436 0.316 0.829 0.631 0.548 0.844 0.195 0.232 0.015
posthoc (Llama-3.3) Scalar 0.661 0.565 0.855 0.881 0.794 0.866 0.220 0.229 0.011

Table 7: Per-condition results for counterfactual simulatability (judge: gpt-4.1). Improvements are Phase 2 minus
Phase 1.

cfq_type cfq_type TS LFR_gold LFR_orig

model_generated gpt-3.5 0.777 0.487 0.497
model_generated gpt-4 0.713 0.535 0.525
model_generated Llama-3.3 0.634 0.503 0.517
prag_cf presupp_flip 1.480 0.629 0.534
prag_cf contextual 1.255 0.350 0.349
prag_cf lexical 0.203 0.450 0.401
prag_cf scalar 0.184 0.437 0.397

Table 8: Label Flip Rate and Textual Similarity scores
for model-generated and pragmatics-based counterfac-
tual questions.

tions generated by GPT-3.5 and Llama-3.3-70B in1173

Table 9. The patterns mirror those observed for1174

GPT-4: in-context bias generally decreases from1175

Phase 1 to Phase 2, with especially pronounced1176

reductions when conditioning on instances where1177

the original answer is incorrect.1178

I Human–LLM Judge Agreement on the 1179

Overlapping Subset 1180

To assess how well LLM-as-a-judge approximates 1181

human judgments, we compute raw yes/no agree- 1182

ment between human predictions and the LLM 1183

judge on the overlapping subset of items. In Ta- 1184

ble 10 we report agreement separately for Phase 1 1185

(without explanations) and Phase 2 (with explana- 1186

tions). In addition, we provide label distributions 1187

for both raters and a breakdown by counterfactual 1188

type. These statistics complement the main text by 1189

documenting where human and LLM judge deci- 1190

sions align or diverge across transformation types. 1191

The full results are shown in 1192
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expl_type cfq_type gpt-3.5 Llama-3.3

∆bias_orig ∆bias_orig_wrong ∆bias_orig ∆bias_orig_wrong

Weaker Evaluator
cot gpt-3.5 -0.072 -0.093 -0.044 -0.077
cot gpt-4 -0.087 -0.139 -0.025 -0.013
cot Llama-3.3 -0.087 -0.078 0.003 -0.086
cot presupp_flip -0.047 -0.060 -0.162 -0.015
cot contextual -0.023 -0.045 -0.015 -0.073
cot lexical -0.079 -0.145 -0.055 -0.063
cot scalar -0.029 -0.054 -0.093 -0.108

posthoc gpt-3.5 -0.048 -0.091 -0.110 -0.292
posthoc gpt-4 -0.015 -0.106 -0.080 -0.283
posthoc Llama-3.3 -0.043 -0.143 -0.063 -0.321
posthoc presupp_flip -0.164 -0.013 -0.197 -0.011
posthoc contextual -0.022 -0.038 -0.018 -0.062
posthoc lexical -0.065 -0.119 -0.065 -0.083
posthoc scalar -0.067 -0.083 -0.055 -0.069

Stronger Evaluator
cot gpt-3.5 -0.090 -0.241 -0.060 -0.035
cot gpt-4 -0.057 -0.201 -0.037 -0.041
cot Llama-3.3 -0.087 -0.078 -0.059 -0.039
cot presupp_flip -0.073 -0.014 -0.052 0.011
cot contextual -0.017 -0.084 -0.016 0.008
cot lexical -0.061 -0.073 -0.061 -0.033
cot scalar -0.049 -0.010 -0.071 -0.053

posthoc gpt-3.5 -0.041 -0.010 -0.092 0.028
posthoc gpt-4 -0.035 -0.002 -0.071 0.039
posthoc Llama-3.3 -0.059 -0.010 -0.095 0.040
posthoc presupp_flip -0.085 0.008 -0.067 0.017
posthoc contextual -0.036 0.024 -0.045 0.033
posthoc lexical -0.065 0.008 -0.083 -0.008
posthoc scalar -0.043 -0.014 -0.060 -0.034

Table 9: Change in in-context bias from Phase 1 to Phase 2 across counterfactual question sets, reported separately
for gpt-3.5 and Llama-3.3-70B. Negative values indicate reduced bias (more flip-back). Positive numbers are
marked in blue.

cfq_type Agreement (P1) Agreement (P2)

Weaker Evaluator
contextualization 0.776 0.820
gpt_3.5 0.531 0.540
gpt_4 0.469 0.440
lexical_substitution 0.735 0.740
llama 0.612 0.560
pre_flip 0.347 0.300
scalar_adjustment 0.735 0.740

Stronger Evaluator
contextualization 0.660 0.480
gpt_3.5 0.560 0.600
gpt_4 0.440 0.540
lexical_substitution 0.600 0.480
llama 0.640 0.740
pre_flip 0.340 0.600
scalar_adjustment 0.720 0.520

Table 10: Raw yes/no agreement between humans and
the LLM-as-a-judge by counterfactual question type on
the overlapping subset.
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Figure 4: User study interface: instruction for phase 1.
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Figure 5: User study interface: instruction for phase 2.
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