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Abstract001

Explainable AI (XAI) is essential for help-002
ing users interpret model behavior and003
proactively identify potential faults. Agen-004
tic XAI systems that integrate Large Lan-005
guage Models (LLMs) have emerged to006
make explanations more accessible for non-007
expert users through natural language. A008
critical limitation of the existing systems009
is that they often generate plausible but010
unfaithful explanations. This is problem-011
atic because many XAI methods are often012
unfaithful for complex models, and LLMs013
can amplify this incorrect information, ul-014
timately misleading users. To address this015
limitation, we propose Faithful Agentic XAI016
(FAX), a framework that actively enhances017
explanation faithfulness. FAX introduces018
a systematic verification process where an019
LLM agent cross-checks claims against in-020
herently faithful tools. This process filters021
out unreliable or contradictory claims and022
leads to more faithful explanations. We also023
propose CRAFTER-XAI-Bench, a bench-024
mark framework built on an open-world025
reinforcement learning environment. The026
benchmark features complex models with027
diverse goals and challenging test scenar-028
ios, enabling a rigorous assessment of ex-029
planation faithfulness under realistic condi-030
tions. Experiments demonstrate that FAX031
significantly improves the faithfulness of ex-032
planations, marking a crucial step towards033
faithful and trustworthy Agentic XAI.034

1 Introduction035

Explainable AI (XAI) has emerged as a crucial036
field for demystifying black-box models, provid-037
ing methods to understand their internal decision-038
making processes. Diverse XAI methods provide039
diverse information about the model decision, as040
described in Figure 1. Interpreting the explanations041
often requires expert-level knowledge of machine042
learning and XAI, creating a significant barrier for043
non-expert users. To address this, the paradigm of044
Agentic XAI has been introduced (Slack et al., 2023;045
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Figure 1: Different XAI methods provide different
information. Information types are adopted from
XAIQuestionBank (Liao et al., 2020).

He et al., 2025), which employs a Large Language 046
Model (LLM) to select suitable XAI methods and 047
interpret the explanations in natural language. 048

However, a critical flaw underlies current Agentic 049
XAI systems: an implicit assumption that the un- 050
derlying XAI tools are consistently faithful. While 051
this assumption may hold in simple, tabular set- 052
tings, it breaks down for the complex models and dy- 053
namic environments seen in practice, where the un- 054
faithfulness of XAI methods is a known issue (Ade- 055
bayo et al., 2018). An agent that naively trusts and 056
rephrases these unreliable explanations can gener- 057
ate fluent, plausible, yet fundamentally incorrect 058
explanations. This problem is further amplified 059
by the inherent tendency of LLMs to hallucinate, 060
potentially weaving flawed data into a dangerously 061
convincing narrative. 062

In this work, we address this critical gap by 063
proposing Faithful Agentic XAI (FAX), an agentic 064
workflow designed to enhance explanation faithful- 065
ness. Instead of passively translating tool outputs, 066
our agent employs a systematic verification pro- 067
cess. It performs an explicit verification of claims 068
by scrutinizing initial claims and cross-referencing 069
them against evidence from multiple, inherently 070
faithful tools. This iterative process filters out un- 071
reliable or contradictory results and allows the agent 072
to proactively seek additional evidence, ultimately 073
constructing a more robust and trustworthy expla- 074
nation. Figure 2 illustrates this motivation and our 075
approach. 076

To rigorously evaluate such a system, existing 077
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(a) Agentic XAI w/o verification (b) Faithful Agentic XAI w/ verification 

Faithful XAI method B result:  
B1, B2, B3 

It seems that the model fails  
because of C1 and C2. 

Let’s check if C1 and C2 are valid 
using faithful method B. 

B1 and B2 conflict with C1. 

The model fails because of C2. 

Why does the model fail? 

Thinking  
Process 

... 

Why does the model fail? 

XAI Method A would be suitable 
for the user query... 

XAI method A result: A1, A2, A3 

The model fails  
because of C1, C2. 

Domain knowledge : D1, D2 
A1 + A3 + D1 → C1   

A2 + D2 → C2 

Thinking  
Process 

Figure 2: (a) Agentic XAI use XAI methods suit-
able for answering user query, and generate natural
language response. (b) FAX verifies claims in re-
sponse with inherently faithful XAI methods.

benchmarks are fundamentally inadequate. The078
faithfulness problem is often latent in simplistic079
tabular datasets; to properly test for it, we require080
a setting where XAI tools are genuinely challenged.081
We introduce CRAFTER-XAI-Bench, a scalable082
evaluation framework built upon an open-world083
Reinforcement Learning (RL) environment. This084
framework includes challenging scenarios, agents085
with diverse behaviors, and a suite of automated086
metrics, including a novel simulation-based metric087
to quantify faithfulness. By replacing subjective088
human studies with an LLM-as-a-judge approach,089
we enable scalable and reproducible assessment of090
Agentic XAI systems in complex domains.091

To summarize our main contributions:092

• We propose FAX, a novel agentic workflow that093
enhances explanation faithfulness by explicitly094
identifying claims, analyzes evidence, and proac-095
tively gathering evidence to construct a faithful096
explanation.097

• We introduce CRAFTER-XAI-Bench, which is098
the first benchmark that quantitatively evalu-099
ates agentic XAI on (i) faithfulness via simula-100
tion, (ii) informativeness, (iii) query relevance,101
(iv) fluency in a complex open-world RL setting.102

2 Related Work103

2.1 Explainable AI104

Classical methods Post-hoc XAI methods in-105
clude four broad families: (i) feature attribu-106
tion/saliency that highlights input regions or fea-107
tures with high contribution (Simonyan et al., 2014);108
(ii) surrogate models that approximate a local/-109
global decision rule (Ribeiro et al., 2018, 2016);110
(iii) example-based explanations such as prototypes111
and counterfactuals that reason via representative112
or minimally edited examples (Chen et al., 2019;113
Wachter et al., 2018); and (iv) concept-based ex-114
planations that align internal representations with115

human-interpretable concepts (Kim et al., 2018; 116
Yuksekgonul et al., 2023). Each family exposes a 117
different facet of model behavior, and methods in 118
the same family often produce different result (Ade- 119
bayo et al., 2018), which implies unfaithfulness of 120
explanations. Consequently, a single method rarely 121
satisfies diverse user intents. 122

Collection of explanations Since a single XAI 123
method only reveals a limited aspect of a model’s 124
behavior, as illustrated in Figure 1, frameworks 125
like Dijk et al. (2023); Yang et al. (2022); Arya 126
et al. (2019) provide a collection of explanations in 127
one place. However, identifying which method best 128
answers a user’s question and how to interpret its 129
output still requires nontrivial XAI/ML expertise. 130
In practice, users face a selection and interpretation 131
burden: they must map their intent to a suitable 132
method and often combine multiple views. 133

Interactive XAI To lower the barrier for non- 134
experts, recent works have focused on generat- 135
ing natural language explanations that verbalize 136
XAI outputs (Zytek et al., 2024; Castelnovo et al., 137
2024). Conversational assistants were suggested 138
to explain the model’s reasoning to users (Zhang 139
et al., 2025b), and the benefits of text-based expla- 140
nations over classical methods were confirmed via 141
human study (Lakkaraju et al., 2022; Mindlin et al., 142
2024). Building on this, Agentic XAI systems have 143
emerged, which use LLMs to select appropriate XAI 144
tools based on a user’s query (Slack et al., 2023; He 145
et al., 2025). 146

However, these pioneering agentic systems have 147
two critical limitations. First, they have primarily 148
been tested on simpler models in static, tabular 149
data settings. Second, and more crucially, they 150
implicitly assume the underlying XAI tools are 151
consistently faithful. This assumption often breaks 152
down in complex and dynamic environments, where 153
the unfaithfulness of XAI methods is a known and 154
severe issue (Adebayo et al., 2018). An agent that 155
naively trusts and translates unreliable tool outputs 156
can produce fluent, plausible, yet fundamentally in- 157
correct explanations. He et al. (2025) have also 158
warned that LLMs may amplify users’ misunder- 159
standings. We address this critical gap by focusing 160
on enhancing explanation faithfulness within a chal- 161
lenging, dynamic environment. 162

2.2 LLM agent and agentic workflow 163

Recent work frames LLMs as agents that plan, act, 164
and reflect including usage of external tools. Re- 165
Act interleaves reasoning traces with environment- 166
facing actions to update plans and handle excep- 167
tions (Yao et al., 2022), while Toolformer demon- 168
strates that LMs can self-learn when and how to 169
call APIs and integrate their outputs (Schick et al., 170
2023). Building on these foundations, agentic exten- 171
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sions of LLMs now emphasize workflows that sup-172
port multi-step reasoning, memory, and adaptive173
decision-making. For instance, the Model Context174
Protocol (MCP) provides a standardized interface175
for connecting LLMs with external services and176
tools, enabling modular extensibility. In contrast177
to unstructured workflow, which enable the LLM to178
decide plan and actions dynamically, recent works179
emphasize structured workflows are essential for re-180
liable and stable orchestration of agent behaviors for181
specific task (Zhang et al., 2025a). These develop-182
ments underscore that the design of robust agentic183
workflows is central to realizing LLMs as proactive184
agents capable of simulation, decision-making, and185
long-horizon interaction.186

2.3 Scalable evaluation of generated texts187
and explanations188

LLM judges have emerged as a practical, scal-189
able proxy for costly human studies, especially for190
evaluating the quality of generated text. Zheng191
et al. (2023) demonstrated that strong LLM judges192
can achieve high agreement with human prefer-193
ences. Rubric-driven evaluators like G-Eval further194
improve human alignment by leveraging chain-of-195
thought and structured outputs (Liu et al., 2023).196

For evaluating explanations, faithfulness has been197
evaluated through simulatability : the degree to198
which an explanation helps an observer predict199
the model’s behavior on unseen inputs (Lyu et al.,200
2024). The underlying assumption is that a faith-201
ful explanation should allow one to reproduce the202
model’s decision-making process (Jacovi and Gold-203
berg, 2020). Prior work has implemented this idea204
by training student models (Li et al., 2020) or by205
asking humans to act as simulators (Chen et al.,206
2018; Nguyen, 2018; Hase and Bansal, 2020). In207
contrast, we employ an LLM as a simulator. After208
observing an input, the model’s output, and the209
corresponding explanation, the LLM is tasked with210
predicting the model’s behavior in new, unseen211
situations. By comparing the LLM’s simulated212
predictions with the model’s actual outputs, we213
compute a simulation accuracy score, which serves214
as our quantitative measure of faithfulness.215

3 Method: Faithful Agentic XAI216

We propose Faithful Agentic XAI (FAX), a217
framework designed to bridge the gap between user218
queries and complex model behaviors through a219
verifiable agentic workflow. In contrast to existing220
agentic XAI approaches that rely on the explana-221
tion tools without verification, FAX introduces a222
rigorous verification process. This process actively223
detects and rejects hallucinations and unfaithful224
explanations that may arise from noisy tools and225
language model priors.226
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Figure 3: FAX augments a agentic XAI workflow
with an explicit verification loop that detects and
removes unfaithful claims before final generation.

3.1 Agentic XAI framework 227

Our methodology builds upon the Agentic XAI 228
paradigm, where an LLM functions as a central 229
controller capable of orchestrating various XAI tools 230
(Slack et al., 2023; He et al., 2025). Formally, given 231
a user query q, a model policy π, and a current state 232
st, the agent’s objective is to generate a natural 233
language explanation E that faithfully describes the 234
reasoning behind the model’s decision at = π(st). 235

The agent operates within a structured workflow 236
consisting of five main stages: Planning, Tool Execu- 237
tion, Response Drafting, Verification using Faithful 238
Tools, and Final Response Generation. We posit 239
that the initial draft Edraft is susceptible to un- 240
faithfulness for two key reasons: first, post-hoc XAI 241
methods (e.g., SHAP) often contain noise or spuri- 242
ous correlations that can mislead the explanation 243
process; second, LLMs have an inherent tendency 244
to hallucinate plausible but incorrect causal links 245
when synthesizing explanations. 246

3.2 Faithful verification mechanism 247

To address the unfaithfulness of the initial draft, we 248
introduce a dedicated Verification Mechanism. 249
This module operates on the generated draft Edraft 250
to validate its content. We formalize this process 251
into four distinct steps: Claim Identification, Sup- 252
porting Evidence Analysis, Falsification Planning, 253
and Verification with Faithful Tools. 254

Step 1: Claim identification The first step 255
involves parsing the unstructured natural language 256
draft Edraft into a set of discrete, testable atomic 257
claims C = {c1, c2, . . . , cn}. The agent analyzes 258
the draft to decompose narrative sentences into 259
underlying claims regarding the model’s behavior. 260
For instance, in the Crafter environment, a claim 261
might be: “The agent chose to make a stone pickaxe 262
because it prioritized gathering the iron, which is 263
collectable with a stone pickaxe.” This decomposi- 264
tion is crucial for isolating specific reasoning errors 265
that might be obscured within a fluent narrative. 266
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When will the model 
sleep? 
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Figure 4: Evaluation scenarios consist of four categories. Each category represents different kinds of
queries, and different information is useful for answering the queries.

Step 2: Supporting evidence analysis For267
each claim ci, the agent identifies the supporting268
evidence derived from the XAI tools. The agent269
performs two key validity checks:270

• Evidence source verification: The agent271
evaluates the source of the claim. If ci is de-272
rived solely from the LLM’s internal knowledge273
(priors) or noisy tools (Tnoisy), it is flagged as274
Unverified and prioritized for subsequent veri-275
fication.276

• Context consistency check: The agent277
checks for conflicts between ci and the exist-278
ing context (e.g., detecting if the draft claims a279
resource is missing when the state observation280
confirms its presence).281

This step effectively filters out claims that are mere282
hallucinations or misinterpretations of correlation-283
based tools, ensuring that the verification process284
focuses on claims requiring robust evidence.285

Step 3: Verification planning To verify the286
faithfulness of the identified claims, we adopt a287
falsification approach inspired by the scientific288
method(Popper, 1959). Instead of merely seek-289
ing confirmation, the agent designs experiments to290
disprove the claim ci using inherently faithful tools291
(Tfaithful), such as State Editing and Counterfactu-292
als. Although these inherently faithful tools always293
provide faithful explanations by its design, they are294
often less informative or require specific, detailed295
parameters to execute.296

For instance, given the claim “The agent chose to297
make a stone pickaxe because it prioritized gathering298
the iron,” the agent formulates a claim testing plan:299

1. Counterfactual generation: Use a counter-300

factual tool to determine the minimal change 301
to st required to alter the action from making 302
a stone pickaxe. If the change involves altering 303
iron-related features, the claim is supported. 304

2. State editing (intervention): Plan an ac- 305
tive intervention by modifying the state st to 306
s′t, where iron-related features are removed or 307
altered (e.g., If there were a sufficient amount 308
of iron in the inventory, the model would not 309
make the stone pickaxe). 310

The agent generates a specific set of tool calls (e.g., 311
edit_state(inventory_iron=0)) to execute this 312
plan. This proactive planning shifts the paradigm 313
from passive observation to active causal validation. 314

In cases where falsification is infeasible—for ex- 315
ample, when specific state modifications are impos- 316
sible or the claim involves unobservable internal 317
states—the agent alternatively generates support- 318
ing evidence by searching for positive instances. 319
For example, if direct falsification via state editing 320
is not viable, the agent may search for analogous 321
states where the same causal relationship holds, or 322
gather additional evidence from faithful tools to 323
corroborate the claim’s validity. 324

Step 4: Verification with faithful tools The 325
agent executes the planned tool calls and observes 326
the actual model behavior π(s′t). The verification 327
process yields two possible outcomes: 328

• Refutation: If the model behavior remains un- 329
changed despite the removal of the supposedly 330
critical feature F (i.e., π(s′t) = π(st)), the claim 331
ci is falsified. Consequently, the agent rejects 332
the claim and marks it for revision. 333

• Corroboration: If the model behavior changes 334
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Table 1: Five XAI methods are evaluated in CRAFTER-XAI-Bench. FAX improves faithfulness while
preserving informativeness, query relevance and fluency compared to all baselines. The best method in
each metric is denoted with boldface.

Method
Use

structured
workflow?

Use
verification

stage?
Query Category Faithfulness Informativeness Query Relevance Fluency

Explainer
Dashboard N/A N/A

Counterfactual 0.14 0.27 0.31 0.26
What if 0.19 0.25 0.36 0.26
Plan 0.14 0.34 0.48 0.26
Why 0.31 0.32 0.45 0.26

Average 0.20 0.29 0.40 0.26

Naive LLM × ×

Counterfactual 0.11 0.77 0.95 0.99
What if 0.17 0.91 0.98 0.99
Plan 0.17 0.82 0.99 0.99
Why 0.13 0.91 1.00 0.99

Average 0.14 0.85 0.98 0.99

Unstructured
Agentic XAI × △

Counterfactual 0.12 0.91 0.98 0.99
What if 0.34 0.90 0.99 0.98
Plan 0.17 0.86 0.97 0.99
Why 0.08 0.90 1.00 0.99

Average 0.18 0.89 0.98 0.99

Structured
Agentic XAI

w/o verification
⃝ ×

Counterfactual 0.11 0.92 0.99 0.99
What if 0.28 0.90 1.00 0.98
Plan 0.15 0.86 0.99 0.99
Why 0.13 0.91 1.00 0.99

Average 0.17 0.90 0.99 0.99

FAX (proposed) ⃝ ⃝

Counterfactual 0.35 0.93 0.94 0.95
What if 0.48 0.89 0.99 0.97
Plan 0.48 0.86 0.99 0.98
Why 0.54 0.92 0.99 0.98

Average 0.46 0.90 0.98 0.97

as predicted (i.e., π(s′t) ̸= π(st)), the claim ci335
is corroborated by faithful evidence.336

Finally, the findings are synthesized. Falsified337
claims are discarded or corrected, and the Final338
Response Generation stage constructs the expla-339
nation Efinal based exclusively on verified claims340
and faithful evidence, ensuring high fidelity to the341
underlying model mechanics.342

4 CRAFTER-XAI-Bench343

We propose a benchmark for agentic XAI. Unlike344
the previous evaluations of agentic XAI heavily re-345
lies on the human evaluation, we evaluate important346
aspects of agentic XAI in diverse scenarios.347

4.1 Setting348

Environment We use Crafter (Hafner, 2021), an349
open-world RL environment that requires long-term350
planning and interaction with a rich set of objects351
and creatures. The open-world environment can be352
used to build various scenarios with models of dif-353
ferent behaviors. Crafter presents significant chal-354
lenges for XAI methods due to its high-dimensional355
state space and the complex, long-term dependen-356
cies of the agent’s policy.357

XAI tools We select four representative XAI358
tools for four categories of XAI methods.359

• SHAP (Lundberg and Lee, 2017): A feature 360
attribution method that explains a decision by 361
assigning importance values to each feature. 362

• MACE (Karimi et al., 2020): A counterfactual 363
explanation method that finds the minimal set 364
of features that need to change to alter the 365
model decision to a specified action. It is inher- 366
ently faithful to the model decision. 367

• HIGHLIGHTS (Amir and Amir, 2018): A 368
saliency-based method that identifies key events 369
in the whole episode that were critical. 370

• State Editing: A method directly modifying the 371
state and observing the agent’s resulting action. 372
It is referred to by various names (Arya et al., 373
2019; He et al., 2025). It is an inherently faithful 374
method which directly use model results. 375

Models We use three models trained with differ- 376
ent reward functions. All models receive a reward 377
when each achievement is accomplished. The first 378
model, Diamond Seeker, is trained with high re- 379
ward on diamond-related achievements. The second 380
model, Item Hoarder, is trained with additional re- 381
ward with the number of items in inventory. The 382
third model, Pacifist, is trained with strong neg- 383
ative reward when it attacks monsters. This va- 384
riety of models is crucial for our evaluation, as a 385
high-quality explanation should reveal the distinct 386
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Key Evidence from Verification: 
- After completing the "make_iron_pickaxe" achievement, the model still selected 
`MAKE_IRON_PICKAXE` (Q=1.24), showing this was not just about the achievement reward. 
- Adding a zombie to the map did not trigger a shift to sword crafting, confirming low combat 
urgency. 
- The model’s inventory and proximity to a furnace confirm the feasibility of the action. 
 
In summary, the decision reflects a strategic focus on resource progression over immediate 
combat needs, leveraging the model’s current inventory and environment. 

... 
### Conclusion 
The model prioritizes crafting an iron pickaxe to complete the crafting tree progression, unlock 
diamond mining, and achieve a key milestone (`achievement_make_iron_pickaxe`). The 
existing inventory, proximity to tools, and lack of immediate threats further justify this decision 
over crafting a sword. 

SHAP for MAKE_IRON_PICKAXE: inventory_iron_pickaxe: score(0.4), 
achievement_make_iron_pickaxe: score(0.3), … 

Changing achievement, nearby threat (summon a monster)  does not change the model action. 

1. Planning 

2. Tool Execution 

3. Response Draft 
Generation 

4. Verification 

5. Final Response 
Generation 

To explain this, I need to figure out what factors influenced the model's decision.  
I should use the SHAP values to see which features are most important for this decision.  
The get_shap function will show the top features contributing to the model's choice. 

1. Claim: The model prioritizes crafting the iron pickaxe to complete the "make_iron_pickaxe" 
achievement. 
- Support: SHAP highlights `achievement_make_iron_pickaxe: score(0.3) value(0.0)`. 
- Verification: Edit state to complete this achievement … and observe if the model switches to 
another action. 
2. Claim: The absence of nearby hostile mobs reduces the need for a sword. … 

Why does the model craft a pickaxe instead of a sword? 

… the decision reflects a strategic focus on resource 
progression over immediate combat needs … 

The model’s next action: MAKE_IRON_PICKAXE 

Figure 5: Each claim in response draft is verified using faithful tools. We color-coded corresponding
contents in the same colors and some parts are replaced with “...” for better visualization.

underlying policies that differentiate them, rather387
than providing generic reasoning.388

Baselines We compare our proposed method389
against four baselines.390

• Explainer dashboard (Dijk et al., 2023): Repre-391
sents a non-agentic approach where results from392
multiple XAI tools are simply collected and pre-393
sented. For a fair comparison, we use the same394
set of XAI tools excluding State Editing, as395
it requires a specific edit instruction, which is396
unavailable for a non-interactive baseline.397

• Naive LLM: A baseline that uses an LLM to gen-398
erate explanations without access to any XAI399
tools, relying solely on its internal knowledge400
and domain knowledge provided in the system401
prompt. This tests the necessity of grounding402
explanations in actual model analysis.403

• Unstructured Agentic XAI: An agent that can404

use XAI tools freely without a predefined work- 405
flow. While it can perform verification by calling 406
tools multiple times, it is not explicitly forced 407
to. This baseline, inspired by (He et al., 2025), 408
tests the value of a structured workflow. 409

• Structured Agentic XAI w/o Verification: This 410
baseline is a direct ablation of our method. It 411
follows the same structured workflow but omits 412
the crucial verification and synthesis stage. In- 413
spired by (Slack et al., 2023), this baseline iso- 414
lates and measures the direct impact of our 415
proposed verification module. 416

• FAX (proposed): This is our proposed method, 417
which uses the structured workflow with verifi- 418
cation stage described in Section 3. 419

Implementation details We use Qwen3- 420
32B (Yang et al., 2025) as the backbone LLM 421
for all agentic baselines and our method. The 422
agentic workflows are implemented using Lang- 423
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Graph (LangChain Inc.). Detailed prompts for424
all components are available in Appendix A.425
All reported metrics are averaged over three426
independent runs with different random seeds.427
We will release our source code for FAX and428
CRAFTER-XAI-Bench online.429

4.2 Evaluation scenario430

We use user queries in four categories of why, what431
if, counterfactual, plan for evaluation. Figure 4432
shows example queries of each category. Each eval-433
uation scenario consists of a model, a state, and a434
user query. The number of scenarios in each cat-435
egory is 10. For questions in different categories,436
different kinds of information are useful, while the437
specific needs vary by query and state. The entire438
list of scenarios is described in Appendix B.439

4.3 Evaluation metric440

We evaluate each explanation on four metrics: faith-441
fulness, informativeness, query relevance, and flu-442
ency. i) We evaluate faithfulness by simulation443
accuracy. An explanation is faithful if a prediction444
of unseen example based on the explanation is the445
same as the model prediction. An LLM generates446
the response-related states and predicts the model447
decision, and compares them with the actual model448
decision. The accuracy of prediction on unseen449
examples serves as the faithfulness score. We illus-450
trate the details in Appendix C. ii) Informativeness451
is a metric to evaluate how much information the452
explanation provides about the model’s decision. If453
an explanation provides a fraction of decision rule,454
the more states to which the rule can be applied,455
the more informative the explanation becomes. iii)456
Query relevance is a metric to evaluate how the ex-457
planation is relevant to user query. If the response458
includes any irrelevant sentences, it is penalized. iv)459
Fluency is a metric to evaluate whether the expla-460
nation is well-organized and grammatically correct.461
We evaluate informativeness, query relevance, and462
fluency using G-eval (Liu et al., 2023). We provide463
the evaluation prompts in Appendix D.464

5 Experiments465

5.1 Quantitative results466

Table 1 shows that the FAX significantly outper-467
forms all baselines in faithfulness. FAX achieves an468
average faithfulness score of 0.46. This represents a469
dramatic improvement of over 2.3 times compared470
to the strongest baseline in this metric. At the471
same time, our method maintains a high level of472
performance in Informativeness (0.90), Query Rel-473
evance (0.98), and Fluency (0.97), demonstrating474
its ability to generate faithful explanations without475
sacrificing quality.476

The faithfulness of unstructured agentic XAI is 477
slightly better than that of naive LLM, while the 478
gap is not significant due to the unfaithfulness of 479
XAI methods. The low faithfulness of Explainer- 480
Dashboard is limited by its low informativeness. 481
Because our faithfulness metric is based on simu- 482
lation, the low informativeness makes the simula- 483
tion almost unavailable. The Structured Agentic 484
XAI w/o Verification baseline serves as an ablation 485
study of verification stage. While it achieves the 486
highest scores in Informativeness (0.90), Query Rel- 487
evance (0.99), and Fluency (0.99), its faithfulness 488
remains marginally lower than FAX. This result is 489
central to our motivation: agentic systems without 490
verification are dangerously effective at producing 491
articulate, informative, and relevant explanations 492
that are fundamentally wrong. It is worse than an 493
implausible response because it makes the users to 494
totally misunderstand the model. 495

5.2 An example of how FAX works 496

Figure 5 shows how verification stage works. In the 497
example, the response draft includes both claims 498
inferred from SHAP explanations and additional 499
claims based on the LLM’s domain knowledge. In 500
the verification stage, the LLM agent verifies the 501
claims using state editing, which is in the faithful 502
tool list. In the final response generation, the LLM 503
agent rejects the unsupported claims. 504

6 Additional Agentic XAI Scenarios 505

in Crafter 506

In this section, we explore additional diverse sce- 507
narios available in the Crafter environment. 508

6.1 Distinguishing different models 509

Figure 6 shows how different models can be dis- 510
tinguished based on explanations. For the same 511
query from user, different models produce different 512
decision and explanations. 513

6.2 User specification in query 514

Figure 7 illustrates how user expertise is incorpo- 515
rated into the query. In the first case, FAX also 516
generates implications for XAI expert such as limi- 517
tations of some XAI method. In the second case, 518
the response does not include the reasoning and 519
verification using XAI tools, while it actually con- 520
ducted verification for the claims in the response. 521

7 Conclusions 522

In this work, we addressed a critical vulnerability 523
in agentic XAI systems: their implicit reliance on 524
potentially unfaithful XAI tools, which can lead 525
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What is the model's long-term plan? 

The model’s plan is to:   
1. Mine stone (current `DO` action) to clear/prepare a path to the diamond.   
2. Use its iron pickaxe (already in inventory) to mine the diamond once reachable.   
3. Manage energy to enable movement (`LEFT`) toward the diamond when safe (after 
addressing lava hazards).   
4. Recraft tools if lost (e.g., iron pickaxe) to maintain progress.   
 
This aligns with the SHAP analysis and state edits, confirming diamond acquisition as the core 
long-term objective. 

What is the model's long-term plan? 

The model is aggressively focused on mining stone and iron to progress toward crafting goals 
(e.g., iron tools, furnace upgrades). Hazards and energy management are deferred, implying a 
high-risk, high-reward strategy to maximize resource gains before survival metrics collapse. Item Hoarder: DO 

Diamond Seeker: DO 

Figure 6: Different models produce different explanations, while the state and model action are the same.
Final explanations provide information to distinguish the models.

Model: 
MAKE_IRON_PICKAXE 

I'm an expert in XAI, but a novice in Crafter. Remember that when generating response. Why 
does the model craft a pickaxe instead of a sword? 

I'm an expert in Crafter, and I don't want XAI-related implications. Remember that when 
generating response. Why does the model craft a pickaxe instead of a sword? 

### Final Conclusion   
The model’s decision to craft the iron pickaxe instead of a sword is not explainable by the SHAP 
features initially cited. Instead, it reflects latent learned behavior in the model’s policy, likely tied 
to:   
1. Progression logic (e.g., “pickaxes are next in the tool chain”).   
2. Downstream planning (e.g., needing diamonds for endgame goals).   
3. High Q-value confidence in the pickaxe action (~1.78) compared to alternatives.   
 
For XAI practitioners, this highlights the limitations of SHAP in sparse-reward environments: it 
can surface *correlated* features (e.g., inventory_iron_pickaxe) but not *causal* drivers. Faithful 
explanations require state-editing experiments, which reveal that the model’s behavior is more 
robust and less resource-sensitive than the SHAP analysis implied. 

Why not a sword?   
- No immediate threats exist to justify combat upgrades.   
- The model’s stable health (8/10) and existing stone sword … 
- Crafting an iron pickaxe aligns with the game’s core progression path: `wood → stone → iron 
→ diamond`.   
 
This behavior reflects a resource-focused strategy prioritizing long-term goals over short-term 
combat readiness. 

Figure 7: The users can specify their own background and intent in the query.

to the generation of fluent, plausible, yet funda-526
mentally incorrect explanations. Our experiments527
demonstrated that unstructured agentic systems, or528
even structured ones without a proper verification529
mechanism, can produce dangerously unfaithful530
explanations.531

We proposed FAX, a workflow centered on an532
explicit verification stage. The core contribution533
of our framework is not simply the use of multiple534
tools, but the introduction of a critical verifica-535
tion step with concrete evidence. Our quantita-536
tive results provide strong evidence that a struc-537
tured workflow incorporating an explicit verifica-538
tion stage is not just beneficial but essential for539
developing faithful and trustworthy Agentic XAI540
systems, while we observe a slight, acceptable trade-541
off between faithfulness and other metrics, including542
informativeness, query relevance, and fluency.543

Our findings provide strong evidence that an ex- 544
plicit, structured verification process is an essential 545
component for building the next generation of faith- 546
ful Agentic XAI systems. Furthermore, as the field 547
of XAI continues to evolve and produce more di- 548
verse and sophisticated explanation methods, the 549
importance of an agent that can critically evaluate, 550
synthesize, and verify these outputs will only grow, 551
making our work a crucial step towards a faithful 552
and trustworthy AI. 553

Limitations 554

Computational overhead and latency A 555
primary limitation of our framework is the in- 556
creased computational cost and latency compared 557
to standard non-agentic or unstructured agentic ap- 558
proaches. The core mechanism of FAX involves an 559
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iterative verification process that parses claims, for-560
mulates hypotheses, and executes additional calls561
to faithful tools (e.g., State Editing) to validate562
assertions. It inherently requires more inference to-563
kens and environment interaction steps than naive564
generation methods. However, we argue that this565
overhead is an indispensable trade-off for ensur-566
ing the reliability of Agentic XAI. In high-stakes567
decision-making scenarios, the risk of generating568
fluent but hallucinatory explanations—a common569
failure mode of LLMs —far outweighs the cost of570
additional computation. Therefore, the increased571
latency is a necessary investment to bridge the gap572
between plausible narratives and grounded, faithful573
explanations.574

Experiments in diverse domains Our current575
evaluation is primarily concentrated on the Crafter576
benchmark within a reinforcement learning context.577
While extending the validation to diverse domains578
would further demonstrate the robustness of our579
approach, we emphasize that the FAX framework580
is designed to be domain-agnostic. The underlying581
workflow relies on the availability of domain-specific582
components rather than environment-specific logic.583
Therefore, our method can be readily adapted to584
other target applications by simply defining a set585
of accessible faithful tools (e.g., counterfactual gen-586
erators or intervention mechanisms) and preparing587
corresponding evaluation scenarios. We anticipate588
that FAX can be seamlessly integrated into var-589
ious application contexts where such verification590
resources can be provisioned.591
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Appendix786

A System prompts for Agentic XAI787

methods788

Figure A2, A3, A4, and A5 illustrate the full system789
prompts employed in FAX.790

B Full user query list791

Table 2 provides the complete list of user queries792
used for evaluation.793

C Faithfulness metric794

Figure A1 illustrates how the faithfulness is mea-795
sured.796

D System prompts for Evaluation797

Figure A6, A7, A8, and A9 present the system798
prompts used for evaluation metrics.799

E Disclaimer about LLM usage in800

paper writing801

We used LLM for polishing our text. We did not802
use it for other purpose, including research ideation803
and paper discovery.804
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If there is a stone next to the 
player, 

the model’s action will be "DO" 

LEFT 

Expected Behaviors  Actual Model Decision  

What is the model’s  
next plan? 

The model’s next plan is 
to mine stone and craft a 

stone pickaxe. 

If there is a table and  
the player has enough stones, 

the model’s action will be 
"CRAFT_STONE_PICKAXE" 

LLM 

Model 

User 

Agent 

Edited States 

DO 

Matched 

CRAFT_STONE_SWORD 

Not matched 

Scenario 

Faithfulness = 1/2 

Figure A1: Faithfulness is evaluated by simulation accuracy. LLM evaluator predict model decision on
unseen state based on the text explanation.

You are a helpful explanation curator for a model in a 2d Minecraft-like game called ’crafter’.
Note that the model have its own (unknown) goals, so do not regard it based on a stereotype of typical behavior.
You have access to tools to get XAI explanations or predictions.

Your task is to answer the user’s question by following a strict workflow.
This is the FIRST step: PLAN.

**Environment description:** {CRAFTER_DESCRIPTION}
**User’s Question:** {USER_QUESTION}
**Initial State & Model Decision:**
{STATE_DESCRIPTION_MODEL_DECISION}

Based on the user’s question and the initial state, create a plan.
Decide which tools you need to call to gather the necessary information.
Then, call those tools.

Figure A2: System prompt for the planning stage in FAX.

This is RESPONSE GENERATION step.
You have completed all information gathering.
Using all the information from the previous steps, write a comprehensive final response to the user’s original
question.

**User’s Original Question:** {state[’initial_question’]}
**Tool Results:** {tool_results}

Structure your answer clearly, using the explanations as supporting materials.

Figure A3: System prompt for the draft generation stage in FAX.
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This is the intermediate step: Verification.
You have executed your initial plan and received the following tool results, and generated response draft.

Now, analyse the response draft to check if the claims in the response are faithful, and verify it us-
ing faithful tools.
- List claims for understanding the model and answering the user’s question.
- Check if each claim is fully supported by the tool results.
- For each claim, plan ‘edit_state‘ and ‘get_counterfactual‘ tool calls that can verify, falsify or support the
claim. You may use up to three tool calls for each claim.
- Generate critical questions, by which the claim can be rejected or strongly supported. - If there are no claims
in the response, state ’Verification is not needed.’ and do not call any tools.
- Recall that the results of XAI tools can be noisy, while state editing and counterfactual are always faithful.
- Then, call those tool as many as you want.

Figure A4: System prompt for the verification stage in FAX.

This is the FINAL step: FINAL RESPONSE.
You have completed all information gathering and verification.
Using all the information from the previous steps, write a comprehensive final response to the user’s original
question.

**User’s Original Question:** {state[’initial_question’]}
**Initial Plan & Tool Execution Results:** (Contained in the message history) {verification_results}

Structure your final answer clearly, using the explanations as supporting materials. Be conservative
with any conjectures.

Figure A5: System prompt for the final response generation stage in FAX.
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Table 2: Various scenarios in CRAFTER-XAI-Bench.

Category Query Model State ID

Plan

What is the model’s immediate plan?

diamond diamond_60
diamond diamond_67
diamond diamond_330
hoarder hoarder_160
hoarder hoarder_302
pacifist pacifist_110

What is the model’s future plan?

diamond diamond_101
hoarder hoarder_302
pacifist pacifist_50
pacifist pacifist_741

Why

Why does the model collect wood?
diamond diamond_60
hoarder hoarder_161
pacifist pacifist_50

Why does the model craft a pickaxe instead of a sword?
diamond diamond_67
hoarder hoarder_10
pacifist pacifist_741

Why does the model not run away from monsters?

diamond diamond_101
hoarder hoarder_120
pacifist pacifist_50
pacifist pacifist_680

What if

Does the model change its action if its inventory is empty?

diamond diamond_60
diamond diamond_330
hoarder hoarder_302
pacifist pacifist_110

Would the model change its plan if the model knew where a diamond is?
diamond diamond_60
hoarder hoarder_302
pacifist pacifist_110

If a wood pickaxe disappears from inventory, will the model craft it again?
hoarder hoarder_302
pacifist pacifist_442
pacifist pacifist_741

Counterfactual

When does the model attacks a monster?

diamond diamond_101
hoarder hoarder_120
hoarder hoarder_302
pacifist pacifist_442
pacifist pacifist_680
pacifist pacifist_741

When will the model sleep?

diamond diamond_60
diamond diamond_101
diamond diamond_330
hoarder hoarder_160
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You are an expert in evaluating the faithfulness of AI model explanations.
Your task is to analyze an answer provided by an agent about a game model’s behavior and generate 5 verifiable
hypotheses from it.

**Context:**
- Initial State: initial_state_desc
- User Question: question
- Agent’s Answer to Evaluate: answer_to_evaluate

**Instructions:**
1. Carefully read the agent’s answer and identify the core claims or assumptions it makes about the model’s
behavior. (e.g., "The model attacks zombies because its health is high," or "The model avoids water because it
has no boat.")
2. For each claim, devise a "what-if" scenario that can be tested using a state edit.
3. Formulate this scenario as a hypothesis with three parts:
- ‘claim‘: The specific claim from the answer you are testing.
- ‘state_edit‘: A dictionary of feature changes for the ‘edit_state‘ tool that would test the claim.
- ‘expected_outcome‘: The predicted action the model *should* take after the edit, if the claim is valid. The
outcome should be one of the valid action names.

**Output Format:**
Provide your response as a valid JSON list of 5 dictionary objects. Do not include any text outside the JSON.

Example:
{
"state_edit": {"map(left2,up3)": "grass", "inventory_wood": 6},
"expected_outcome": "LEFT",
},
...
Available feature names and values for State Editing:
...
Available actions:
"NOOP", "LEFT", ...

Your JSON output:

Figure A6: Evaluation prompt for Faithfulness. For readability, some parts are omitted and replaced with
“...”
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You are a meticulous and impartial AI assistant. For this task, you must put yourself in the shoes of a human
user who is trying to learn and understand the general strategy of an AI agent
*1. Context*
The response you are evaluating is generated by an AI "Curator" that explains the behavior of a Reinforcement
Learning (RL) agent in the game "Crafter". A user asks a question to understand the agent’s behavior
*2. Evaluation Goal*
Your single objective is to evaluate **Informativeness**. This means you must assess how the explanation
provide information which can be used in different states.
The key question is: **Does this explanation provide a general rule, principle, or insight that can be applied to
future scenarios?*
For example "The agent’s next plan is mining stone." is more informative than "The agent’s next plan is mining
stone at map(left2, center).",
and "The agent’s next plan is mining stone, and crafting a stone pickaxe." is more informative than "The agent’s
next plan is mining stone."
Your evaluation is from a user’s perspective. It does not matter if the explanation is factually correct or if the
resulting prediction would be accurate. You are only judging how confident and able a user would feel in making
a future prediction after reading the explanation
*3. Evaluation Steps*
1. **Understand the User’s Goal:** Read the ‘User Query‘ and ‘Final Response‘. Acknowledge that the user
wants to learn the agent’s general strategy, not just understand a single event
2. **Analyze the Explanation’s Nature:** Analyze the content of the response. Does it describe a specific,
one-time action (e.g., "The agent moved left to get the wood"), or does it reveal a broader, reusable principle
(e.g., "The agent’s policy is to prioritize collecting wood whenever it is nearby")
3. **Simulate Future Prediction:** Imagine you are now shown a completely new game state. Based *only* on
the explanation provided, how effectively could you form a hypothesis about the agent’s next action? Does the
explanation give you a "mental model" to work with
4. **Assign a Score:** Based on this perceived predictive power and generalizability, assign a single integer
score from 1 to 5 using the rubric below
*4. Predictability Gain Rubric*
**5 (Excellent Predictive Power):** The response provides a clear, generalizable principle or rule about the
agent’s behavior. A user would feel very confident applying this rule to predict actions in many new and different
situations
**4 (Good Predictive Power):** The response provides a useful insight or pattern that could be applied to
similar future situations. A user would feel reasonably confident in making predictions
**3 (Some Predictive Power):** The response hints at a general strategy but does not state it clearly, requiring
the user to interpret heavily. It offers more than a simple description but is not a clear, actionable rule
**2 (Minimal Predictive Power):** The response only explains the current action in a way that is highly specific
to the current state. It offers little to no insight that could be generalized to other situations (e.g., "It attacked
the skeleton because it was there.")
**1 (No Predictive Power):** The response is confusing, irrelevant, or simply describes the environment without
providing any reasoning. It gives the user no basis for predicting any future actions
*5. Input and Output Instruction*
You will be provided with a ‘User Query‘ and a ‘Final Response‘. Your output MUST be a single integer from 1
to 5 and nothing else. Do not provide any reasoning, explanation, or additional text
*Your final output must be only one character: "1", "2", "3", "4", or "5".**

Figure A7: Evaluation prompt for Informativeness.
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You are a meticulous and impartial AI assistant serving as an expert evaluator. Your task is to assess one
specific criterion: **Query Relevance**.
*1. Context**
The response you are evaluating is generated by an AI "Curator" that explains the behavior of a Reinforcement
Learning (RL) agent in the game "Crafter". Users ask questions about the agent’s decisions, and the Curator
provides an explanation.
*2. Evaluation Goal**
Your single objective is to determine how well the ‘Generated Response‘ directly answers the ‘User Query‘. You
will assign a score from 1 to 5 based *only* on the relevance rubric below.
*3. Evaluation Steps**
1. Read the ‘User Query‘ to understand the user’s exact intent.
2. Read the ‘Generated Response‘.
3. Compare the response directly against the query to judge its relevance.
4. Choose a single integer score from 1 to 5 that best represents the relevance.
*4. Query Relevance Rubric**
**5:** The response directly and completely answers the user’s question without any unnecessary information.
**4:** The response accurately answers the user’s question but may contain minor irrelevant details.
**3:** The response addresses only a part of the user’s question or provides an incomplete answer.
**2:** The response is on the same general topic as the query but fails to answer the core question.
**1:** The response completely ignores the user’s question and is unrelated.
*5. Output Instruction**
You will be provided with a ‘User Query‘ and a ‘Generated Response‘. Your output MUST be a single integer
from 1 to 5 and nothing else. Do not provide any reasoning, explanation, or additional text.
*Your final output must be only one character: "1", "2", "3", "4", or "5".**

Figure A8: Evaluation prompt for Query relevance.
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You are a meticulous and impartial AI assistant serving as an expert evaluator. Your task is to assess one
specific criterion: **Fluency**.
*1. Context**
The response you are evaluating is generated by an AI "Curator" that explains the behavior of a Reinforcement
Learning (RL) agent in the game "Crafter".
*2. Evaluation Goal**
Your single objective is to evaluate the linguistic quality of the ‘Generated Response‘. You will assess its grammar,
structure, and clarity, assigning a score from 1 to 5 based *only* on the fluency rubric below. **Crucially, the
response must be in natural, human-readable language. Responses consisting of raw data, code, or unformatted
lists should be heavily penalized.** The relevance of the response to any query should be ignored.
*3. Evaluation Steps**
1. Read the ‘Generated Response‘ carefully.
2. Analyze its grammatical correctness, clarity, and overall readability.
3. Determine if the response is presented as natural language.
4. Choose a single integer score from 1 to 5 that best represents its linguistic fluency based on the rubric.
*4. Fluency Rubric**
**5:** The response is perfectly written. It is grammatically correct, well-structured, clear, and uses natural
language.
**4:** The response is well-written and easy to understand, with only very minor errors that do not impact
readability.
**3:** The response is generally understandable but has noticeable grammatical errors or awkward phrasing.
**2:** The response is difficult to read due to significant grammatical errors or unnatural language. **This score
should also be used if the response is not primarily natural language (e.g., a raw list of keywords, unformatted
data).**
**1:** The response is grammatically incorrect, nonsensical, or unreadable. **This score must be used if the
response consists entirely of non-natural language content like a code block, a JSON object, or a stack trace.**
*5. Output Instruction**
You will be provided with a ‘User Query‘ and a ‘Generated Response‘. You must evaluate the fluency of the
response only. Your output MUST be a single integer from 1 to 5 and nothing else. Do not provide any reasoning,
explanation, or additional text.
*Your final output must be only one character: "1", "2", "3", "4", or "5".**

Figure A9: Evaluation prompt for Fluency.

19


	Introduction
	Related Work
	Explainable AI
	LLM agent and agentic workflow
	Scalable evaluation of generated texts and explanations

	Method: Faithful Agentic XAI
	Agentic XAI framework
	Faithful verification mechanism

	CRAFTER-XAI-Bench
	Setting
	Evaluation scenario
	Evaluation metric

	Experiments
	Quantitative results
	An example of how FAX works

	Additional Agentic XAI Scenarios in Crafter
	Distinguishing different models
	User specification in query

	Conclusions
	System prompts for Agentic XAI methods
	Full user query list
	Faithfulness metric
	System prompts for Evaluation
	Disclaimer about LLM usage in paper writing

