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Abstract

As large language models (LLMs) evolve from
conversational assistants into agents capable of
handling complex tasks, they are increasingly
deployed in high-risk domains. However, exist-
ing benchmarks largely rely on mixed queries
and posterior evaluation, output-level scoring,
which quantifies hallucination severity but of-
fers limited insight into where and why hallu-
cinations arise in the generation pipeline. We
therefore reformulate hallucination evaluation
as a diagnostic problem and propose PRISM, a
controlled benchmark that disentangles halluci-
nations into four dimensions: knowledge miss-
ing, knowledge errors, reasoning errors, and
instruction-following errors, grounded in three
stages of generation (memory, instruction, and
reasoning). PRISM contains 9,448 instances
across 65 tasks and supports fine-grained, stage-
aware diagnostic evaluation. Evaluating 24
mainstream open-source and proprietary LLMs,
we uncover consistent trade-offs across instruc-
tion following, memory retrieval, and logical
reasoning, showing that mitigation strategies
often improve specific dimensions at the ex-
pense of others. We hope PRISM provides a
framework for understanding the specific mech-
anisms behind LLMs hallucinations, ultimately
accelerating the development of trustworthy
large language models.

1 Introduction

LLMs have become capable of handling complex
tasks (Wang et al., 2024b; Zhang et al., 2025a; Liu
et al., 2025; Xi et al., 2025), facilitating their appli-
cation in high-risk domains such as medical diag-
nosis (Singhal et al., 2023; Thirunavukkarasu et al.,
2023), legal consulting (Guha et al., 2023; Cui
et al., 2024), and scientific discovery (Boiko et al.,
2023; Bran et al., 2024). While current models
perform well on general benchmarks (Hendrycks
et al., 2021; Achiam et al., 2024), they frequently
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generate factually inconsistent content (Alansari
and Lugman, 2026) when encountering outdated
concepts (Kandpal et al., 2023; Mallen et al., 2023),
dynamic information (Kasai et al., 2023; Vu et al.,
2024), or complex reasoning and instruction con-
straints (Dziri et al., 2023; Lanham et al., 2023;
Heyman and Zylberberg, 2025). Such unfaithful-
ness not only erodes user trust but also constitutes
potential safety hazards in critical decision-making
scenarios (Thirunavukkarasu et al., 2023; Zhang
et al., 2025b). Consequently, the evaluation of
hallucinations has emerged as a fundamental chal-
lenge that the research community needs to over-
come.

Despite the growing interest in quantifying hallu-
cinations (Lin et al., 2022; Li et al., 2023), existing
benchmarks have clear limitations in answering the
fundamental question of why models fail.

First, current benchmarks often mix different
queries, which prevents us from testing skills in
isolation. As shown in Figure 1 (Left Top), bench-
marks like Truthful QA (Lin et al., 2022), HaluEval
(Li et al., 2023), and FreshQA (Vu et al., 2024)
typically use mixed queries. When a model fails on
these, the reason is ambiguous: did it fail to retrieve
the right data, make a logical error, or simply ignore
the instructions? Second, most evaluations focus
only on the final output. Even detailed methods
like FActScore (Min et al., 2023), and HALoGEN
(Ravichander et al., 2025) depend on posterior eval-
uation after generation. Relying on such outcome
assessments introduces unavoidable bias from both
human and model evaluators. Furthermore, this
approach fails to test specific inputs to isolate the
error. Without knowing exactly where the process
broke, fixing the model is much harder. An abstract
comparison is shown in Table 1.

As illustrated in Figure 1 (Right), improvement
strategies for different mechanisms often involve
inherent trade-offs: for instance, strong instruction
fine-tuning to fix formatting errors can acciden-
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tally hurt rigorous reasoning capabilities (Ouyang
et al., 2022; Peng et al., 2023), while indiscrimi-
nate knowledge injection may cause catastrophic
forgetting (Zhai et al., 2023). Consequently, to
achieve reasonable optimization, we must address
a fundamental question:

<> How can we establish a framework to pin-
point failures in memory, reasoning, and in-
struction following, thereby guiding optimiza-
tion for hallucination mitigation?

To address the aforementioned challenges and es-
tablish a trustworthy diagnostic framework, we pro-
pose PRISM, an evaluation benchmark grounded
in the interactive pipeline of LLMs. Based on the
three generation stages of instruction following,
memory retrieval, and reasoning, we exactly cate-
gorize hallucination phenomena into four indepen-
dent failure dimensions:

* Knowledge Error (KE): The model’s para-
metric knowledge stores incorrect or outdated
information.

* Knowledge Missing (KM): The model’s
parametric knowledge lacks the correct infor-
mation required to answer the question.

* Reasoning Error (RE): The model possesses
the necessary facts but fails to combine them
through logic or reasoning.

¢ Instruction Following Error (IFE): The
model possesses correct knowledge and rea-
soning capabilities, but its output violates ex-
plicit constraints provided by the user.

This design enables us to locate specific short-
falls of the model in the generation stages. Our
main contributions are summarized as follows:

* We propose a cognitive pipeline failure frame-
work that defines hallucinations as dimen-
sions in KE, KM, RE, and IFE. We then
build PRISM, a benchmark of 9448 samples
that isolates these factors and pinpoints model
weaknesses for reproducible analysis.

* We conducted a comprehensive evaluation
of 24 proprietary and open-source LLMs
across 4 dimensions and 65 sub-tasks to as-
sess the causes of hallucinations in different
model types and encourage the training of
hallucination-specific LLMs.

* Building on PRISM, we examined the per-
formance trade-offs of common hallucination
mitigation strategies. Furthermore, we con-
structed a toy dataset to support case-based
empirical studies, allowing us to reveal the
internal mechanisms of LLMs during KE and
KM memory-based issues and analyze the re-
lationship between IFE and LLMs efficiency.
These findings guide the design of balanced
mitigation strategies.

2 Benchmark Construction

To achieve precise attribution of hallucination
mechanisms, our data construction follows the prin-
ciple of orthogonality, meaning that each data sub-
set aims to independently test a single failure mode
to the greatest extent possible.

2.1 Data Source

To achieve attribution of hallucination dimen-
sions, PRISM’s data construction strictly follows
the orthogonality principle: each subset is de-
signed to test a single failure mode. As shown
in Table 1, existing benchmarks suffer from lim-
ited evaluation scope and a lack of variable con-
trol, making metrics incapable of revealing the
causes of errors. Consequently, we construct
a corpus that strictly partitions data into para-
metric knowledge-dependent and Reasoning and
instruction-dependent categories, enabling the iso-
lated probing of specific hallucination modes. Fur-
ther detailed source lists are available in Ap-
pendix C.

Sources for Parametric Knowledge Tasks. This
category aims to define the accuracy and bound-
aries of the model’s internal memory by comparing
it against external objective facts. We collected two
types of raw corpus:

* Factual Data: To ensure the factual consis-
tency of our evaluation standards, we selected
Wikipedia and Baidu Baike as the primary sources
for KE tasks. Compared to unfiltered web texts,
these corpus have lower noise. We focused on
collecting long-tail and ambiguous entries that
are not in the LLM’s source memory base, used
to test the model’s memory coverage and the abil-
ity to distinguish specific entities.

¢ Out-of-Distribution (OOD) Data: To evaluate
the model’s ability to identify unknown informa-
tion, we first established a temporal news corpus
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Figure 1: Overview of the PRISM framework and optimization trade-offs. The left panel contrasts the mixed
query design of existing benchmarks with our structured approach that isolates cognitive stages to pinpoint failure
dimensions like KE, KM, RE, and IFE. The right panel illustrates performance trade-offs where enhancing instruction
following compromises reasoning ability and knowledge injection leads to the forgetting of retained information.

by collecting news reports and paper abstracts
published by CNN, Reuters, and arXiv between
March 2025 and November 2025. As this period
postdates the training cutoff of most baseline
models, these materials constitute a test source
for future information. Second, we constructed
a fictional entity corpus. Rather than being col-
lected from the real world, this content consists
of generated counterfactual descriptions created
by setting specific attributes. Finally, to cover
information that is real but non-public, we intro-
duced private domain data.

Sources for Reasoning and Instruction Tasks.
This type of data is designed to reduce the model’s
reliance on parametric knowledge and to focus on
evaluating its ability to perform logical reasoning
and execute rules under a given context. We built
two corpus to keep the focus on the reasoning pro-
cess rather than memory retrieval.

* Self-Contained Reasoning Data: To ensure
the reasoning process is isolated from exter-
nal knowledge noise, we prioritized task types
where the solution premises are strictly embed-
ded within the input context. In addition to
introducing competition problems, such as the
IMO, to cover formal logic and mathematical
proofs, we also incorporated code generation
tasks. Given their deterministic execution logic,

they provide the most ideal ambiguity-free rea-
soning environment for the model.

* Complex Instruction Data: Beyond covering
everyday basic instructions, we specifically con-
struct a high-constraint corpus, and we use auto-
mated templates to generate adversarial synthetic
data. This corpus simulates real scenarios where
instruction violations happen due to competition
for attention resources under multi-dimensional
stacked constraints, including negative semantics
that forbid specific words, format locking that
requires strict JSON output, and various limits
on length and language.

2.2 Construction Pipeline

To construct PRISM, we design a three-stage
pipeline as illustrated in Figure 2.

Data Collection. In this initial stage, a corpus is
collected from authoritative sources and cleaned
via noise removal.

Multi-agent Data Construction. Next, we adopt
a multi-agent framework to construct data: (i)
schema normalizer agent;(ii) evidence retriever
agent; (iii) type classifier agent; (iv) quality scoring
agent, enabling each agent to focus on a specific
step for improving the results, thereby enhancing
both the efficiency and quality of the data.
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Evaluation Scope

Methodological Design

Benchmark
KE KM RE IFE \Variable Control Diag. Mode

Truthful QA (Lin et al., 2022) X X X X X
HaluEval (Li et al., 2023) 7/ v X X X
FActScore (Min et al., 2023)  / X X X X
FELM (Chen et al., 2023) X v X X X
FreshQA (Vu et al., 2024)  / X X v X
FollowBench (Jiang et al., 2024b) X X v v X X
HALOGEN (Ravichander et al., 2025) v v v X X X
HalluLens (Bang et al., 2025) v / v X X X
PRISM (Ours) 7/ v v v v

Table 1: Comparison of hallucination evaluation benchmarks. PRISM uniquely achieves comprehensive evaluation
scope, causative explainability, and decoupled probing-based diagnosis.

Data Preprocessing

ML Existing Benchmarks

\/) Real-world Knowledge

Human Examination

T Document Literature

Z r
L3} Synthesized data
Noise Removul&l % ﬂ

Multi-agent Data Construction

Selection

@ Evidence Retriever Agent

=

v Clarity
+ Domain Relevance

" Coherence

Source: https://WwWw.xxx/...

@ Quality Scoring Agent

@ | [Quality Evaluation]
(@)
= 4]
1

Figure 2: The Three-phase Pipeline of PRISM Benchmark Construction

Human Selection. Domain experts select in-
stances for clarity, relevance, and coherence to cu-
rate the PRISM. Detailed construction procedures
are provided in Appendix D.

2.3 Data Statistics

PRISM contains a total of 9,448 evaluation in-
stances, covering 4 failure dimensions and 65 spe-
cific sub-tasks. Among them, 2,995 are RE samples
(31.7%), 2,442 are IFE samples (25.9%), 2,078 are
KM samples (22.0%), and 1,933 are KE samples
(20.5%).

The distribution of the data is illustrated in Fig-
ure 3. The left side of the figure displays a sun-
burst chart where the inner circle represents the
four primary failure dimensions, and the outer ring
corresponds to sub-task indices ranging from 1 to
65. The right side of the figure lists the detailed
mapping for each index, specifying the category
name and the exact sample count for each sub-task.

3 Experiments

PRISM is designed to evaluate the reliability of
LLMs and provide guidance for model optimiza-
tion. To meet these objectives, we structure our
experiments around three research questions that
establish performance baselines, explain underly-
ing causes, and identify pathways for improvement:

* RQ1: What is the overall performance of LLMs
on PRISM, and how do different error types vary
across model families and scales?

* RQ2: How effective are common mitigation
strategies, and which methods best address spe-
cific types of hallucinations?

* RQ3: Why do different types of hallucinations
show consistent patterns in the internal represen-
tations of LLMs?

To provide a solid foundation for investigating
these questions, we begin by outlining the exper-
imental setup, focusing on model selection and
evaluation protocols.
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Knowledge Missing

Index | Count Category Index Count Category
1 288 NPK_Private 23 471 FD_TruthfulQA
2 254 DSK_Scig 24 298 EIC_WhoQA_Entity
3 248 NPK_Organizational 25 241 EIC_SelfBuilt
4 231 DSK_PubMedQA 26 238 FD_DefAn
5 188 DSK_Chinese SafetyQA 27 196 EIC_Wic
6 166 TK_Numeric 28 95 IMC_Text
7 109 TK_Text 29 89 IMC_Numeric
8 98 FK_Biology 30 49 FD_Religion
9 79 DSK_RAG-QA-Leaderboard 31 48 FD_Sports
10 53 DSK_RAG-QA-Leaderboard_Fill 32 45 FD_ArtCulture
1 53 FK_Literature 33 40 FD_LawCrimeMilitary
12 52 DSK_StrategyQA 34 38 FD_FoodCooking
13 34 FK_Awards 35 33 FD_Business
14 32 FK_University 36 31 FD_Science
15 29 FK_Large Language Model 37 27 FD_Language
16 28 FK_Competition
17 26 FK_Festival Instruction Following Error
18 23 FK_Country Index | Count Category
19 23 FK_Military 38 370 LC_Approximate
20 22 FK_Time 39 | 300 CCL_Math Reasoning
21 21 FK_Phone 40 251 EF_Data Schema
22 21 FK_Dynasty 41 157 EF_Text Structure
Reasoning Error 42 143 | CCL_Length Format Mixed
43 124 LC_Lower Bound
Index | Count Category 44 122 LC_Upper Bound
56 | 642 IIF_Summarize 45 114 CCL_KeywordInclusion
57 559 MRF_Mathematics 46 113 LgC_Chinese
58 | 333 PF_Subquestion 47 | m LgC_German
59 286 LF_Contextual Inference 48 106 LgC_French
60 | 257 IIF_Simplification 49 | 100 LgC_Russian
61 233 LF_Critical Reasoning 50 93 LgC_Japanese
62 233 MRF_Code Generation 51 91 LgC_Spanish
63 218 IIF_Dialogue Extraction 52 67 CCL_Start EndPhrase
64 | 117 LF_Cognitive Traps 53 | 66 CCL_No Comma
65 | 117 | PF_Triplet-based Hopping 54 | 65 CCL_Two R
55 49 CCL_Forbidden Words

Figure 3: The hierarchical distribution of PRISM. The inner circle represents the four primary failure dimensions,
while the outer ring details 65 sub-tasks. For consistency, we define the abbreviations as follows: DSK = Domain-
Specific Knowledge, FK = Fictional Knowledge, TK = Timely Knowledge, NPK = Non-Public Knowledge, FD =
Factual Distortion, IMC = Intra-Memory Conflict, EIC = Entity-Identity Confusion, LF = Logical Fallacy, PF =
Procedural Failure, IIF = Information Integration Failure, MRF = Mathematical Reasoning Failure, EF = Explicit
Format, LC = Length Constraints, LgC = Language Constraints, and CCL = Complex & Cognitive Load.

3.1 Evaluation Setup

Model Selection. We evaluate 24 representative
LLMs under the few-shot setting. To ensure com-
prehensive coverage, the evaluated LLM series in-
cludes both open-source and proprietary models,
such as GPT (OpenAl, 2024), Gemini (Comanici
et al., 2025), Llama (AlMeta, 2025), Claude (An-
thropic, 2025), DeepSeek (Guo et al., 2025),
GLM (Team et al., 2024), Qwen (Team, 2024),
and Grok (xAlI, 2025).

Evaluation Metrics. We employ distinct metrics
for each subtask to enable a hallucination compari-
son.

* Accuracy: For closed-ended tasks, we em-
ploy standard Accuracy:

LN
Acc = N ZH[Z/Z =yl

=1

* LLM-Eval: For open-ended tasks, we adopt
a LLM evaluator following LLM-EVAL (Lin
and Chen, 2023; Zheng et al., 2023), which
produces a scalar score s € [0,5]. The

prompts and the consistency evaluation be-
tween the LLLM-as-a-judge and human anno-
tations are provided in Appendix J.

* Hallucination Rate: We first map all task
metrics to a unified percentage score S €
[0, 100]:

100 - Acc,

s

100 - -

5 )

for closed-ended tasks,

for open-ended tasks,

and define the hallucination rate as its comple-
ment:
H =100 - S.

* H-Score: Let H, denote the macro-averaged
hallucination rate for each dimension d €
D = {KE, KM, RE, IFE}. We define

1
H — Score = 1 Z Ha.
deD

Sampling Parameters. To ensure fair and com-
parable evaluations across diverse models, we con-
trol generation randomness using temperature and
top p sampling (Holtzman et al., 2020; OpenAl,
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2025), exploring temperature values in {0, 0.2,
0.4, 0.6, 0.8} and top-p values in {0.6, 0.8, 0.9,
0.95}. For closed-ended tasks, we conducted the
grid search on the DeepSeek-R1-Distill-32B , iden-
tifying temperature = 0.8 and top-p = 0.8 as optimal
for the KM, KE, and IFE subsets, while adopting
temperature = 0.4 and top-p = 0.95 for RE to en-
hance reasoning stability. For open-ended tasks,
we performed the grid search on GPT-4o, yielding
temperature = 0.8 and top-p = 0.8 for peak average
performance. The full grid results are reported in
Appendix G.

3.2 Evaluation Results (RQ1)

Table 2 comprehensively reports the hallucination
rates across four core evaluation dimensions along
with the composite -Score metrics. Claude-Opus-
4.5, Gemini-3-Pro, and Gemini-3-Flash achieve
the top three rankings with the lowest H-Scores
(13.90%, 14.29%, and 15.55%, respectively), in-
dicating more robust and balanced performance
across diverse error types. In terms of dimensional
distribution, RE and KE exhibit significant per-
formance gaps among models. In contrast, error
rates in the KM dimension remain relatively low
for most models, rendering this dimension less of
a dominant factor in determining the final rank-
ing. The analysis in Figure 4 further reveals only
partial consistency across dimensions: KE shows
the strongest correlation with RE and the weakest
with IFE. More detailed experimental results are
provided in Appendix F.

In the comparison of model types, open-source
models have gradually approached proprietary
models in the KM dimension but still lag signif-
icantly in RE and IFE, particularly on complex
tasks requiring the integration of multiple clues
and consistent reasoning. Furthermore, experi-
ments indicate that adopting step-by-step expla-
nation strategies does not yield consistent perfor-
mance gains. This is likely because the hallucina-
tion phenomenon is complex, encompassing fac-
tual errors, inconsistent reasoning logic, misuse of
evidence, and deviation from task requirements dur-
ing complex instruction following (Ji et al., 2023a;
Huang et al., 2025). Additionally, the generated
step-by-step explanations may appear plausible on
the surface but do not faithfully reflect the internal
information upon which the model actually relies
during generation (Turpin et al., 2023).

KE KM RE IFE
g 1.00

KE [ 1.00 0.46 0.68 0.26
0.75
KM [ 0.46 1.00 0.48 0.38

0.50

Spearman p

RE | 0.68 0.48 1.00 0.38

0.25
IFE [ 0.26 0.38 0.38 1.00

— 0.00

Figure 4: Spearman Correlation of Model rankings cross
4 Dimensions

4 Discussion

Our experimental results reveal a complex rela-
tionship between model parameter scale, reasoning
capability, and performance. This section first ad-
dresses RQ2 by analyzing how different mitigation
strategies affect model capabilities. Building on
this analysis, we then turn to RQ3 to investigate the
potential causes of different hallucination patterns.

4.1 Impact of Mitigation Strategies (RQ2)

To answer RQ2, we examine how hallucination
mitigation strategies affect model capability along
three dimensions. The first dimension is in-context
learning (ICL), where we vary the number of
demonstrations to adjust the strength of contex-
tual guidance. The second dimension is instruction
tuning, where we introduce Llama-3.1-8B-Instruct
to assess behavioral differences induced by general
alignment. The third dimension is reasoning tuning,
implemented as supervised fine-tuning (SFT) on
the reasoning dataset', to study how reasoning en-
hancement influences different error types. To con-
trol variables, the latter two settings are compared
under the 1-shot configuration. This design aims to
reveal whether optimizations targeting instruction
following or reasoning trigger cross-dimensional
capability tradeoffs.

Table 3 further shows that none of the three
strategies delivers stable improvements across di-
mensions. Instead, the results form a tradeoff struc-
ture. Adjusting shots in ICL barely changes the
overall conclusion. The 0-shot setting slightly de-
grades performance, while the 3-shot setting brings

'Trained on the gsm8k-reasoning dataset. Available at:
https://huggingface.co/datasets/thesven/gsm8k-r
easoning
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Type Model Size Think _KE KM RE  IFE | #-Score
(Lower the Better)
GPT-5.2 - v 17.83% 557% 24.67% 15.35% | 15.85%
GPT-5.1 - v 25.83% 11.46% 26.01% 25.62% | 22.23%
GPT-40-20241120 - X 19.36% 890% 29.72% 16.78% | 18.69%
Gemini-3-Pro - v 16.31% 12.80% 17.19% 10.85% 14.29%
Gemini-3-Flash - v 16.48% 8.12% 21.59% 16.00% | 15.55%
Proprietary LLMs Gem%n%-Z.S-Pro - v 2533% 899%  21.63% 13.84% 17.45%
Gemini-2.5-Flash - v 19.29% 8.74% 31.58% 1551% | 18.78%
Claude-Opus-4.5 - v 13.80% 6.35% 19.68% 15.77% | 13.90%
Claude-Sonnet-4.5 - v 16.11% 7.03% 23.53% 16.87% | 15.89%
Claude-Haiku-4.5 - v 18.13% 7.24%  25.59% 18.15% | 17.28%
Grok-4.1 - X 19.20% 17.03% 34.94% 20.04% | 22.80%
Grok-4-0709 - X 18.35% 14.57% 3097% 15.74% | 19.91%
DeepSeek-V3.2 685B X 17.99% 794% 2831% 14.31% | 17.14%
DeepSeek-R1 671B v 18.87% 10.13% 28.04% 11.97% 17.25%
DeepSeek-R1-Distill-32B  32B v 18.14% 11.27% 3040% 18.71% | 19.63%
Qwen3-235B-Instruct 235B v 17.37% 7.00% 25.89% 17.87% 17.03%
Qwen2.5-72B-Instruct 72B X 18.56% 8.61% 27.68% 18.43% | 18.32%
Open-source LLMs GLM-4.5 355B v 18.85% 10.70% 29.34% 15.06% | 18.49%
GLM-4 32B X 2620% 16.17% 3557% 25.34% | 25.82%
Llama-4-Scout 17B X 23.67% 1.58% 32.19% 14.17% | 19.40%
Llama-3.3-70B-Instruct 70B X 19.75% 624% 2947% 13.13% 17.15%
Llama-3.1-8B-Instruct 8B X 25.53% 14.04% 5450% 23.36% | 29.36%
Llama-3-70B-8192 70B X 20.70% 7.43% 37.50% 15.83% | 20.37%
Llama-3-8B-Instruct 8B X 23.15% 1842% 54.02% 32.53% | 32.03%

Table 2: Main Results on Hallucination Rates. All values are hallucination rates H (%) aggregated over 4
dimensions, together with H-Score. Models are highlighted with Best and Second Best within each group.

marginal positive changes, suggesting that addi-
tional demonstrations mainly aid format rather than
addressing root causes such as knowledge gaps.
The Instruct model reduces hallucinations more
consistently in knowledge conflict and instruction
following dimensions, but it introduces a certain
level of loss in the reasoning dimension. By con-
trast, the Reasoning model achieves the strongest
improvements in the reasoning dimension, while
showing clear capability degradation in knowledge-
related and instruction-related dimensions.

Base ICL Instruct. Reason.
Model Dataset
1-shot  0-shot 3-shot 1-shot 1-shot
KE 43.15 4388 43.04 38.61 67.02
(+0.73) (-0.11) (-4.54)  (+23.87)
Llama3.1-8B KM 11.95 13.28 11.79 11.78  29.56
(+1.33)  (-0.16)  (-0.17)  (+17.61)
IFE 3528 3553 3503 3376  61.87
(+0.25) (-0.25) (-1.52)  (+26.59)
9499  95.71 94.81 95.17 89.09
RE_Math (+0.72)  (-0.18)  (+0.18)  (-5.90)

Table 3: Hallucination Rates Under Different Shot
Settings. All main values are in % (omitted). Deltas
for each model are relative to its own baseline (1-shot).
Only deltas are colored: red indicates improvement
(lower), and green indicates degradation (higher). “-”
denotes unavailable data.

Overall, common mitigation strategies are bet-
ter understood as operations that impose bias or
reinforcement on specific components. As a result,
their benefits are strongly mechanism dependent
and may come at the expense of other components.
Reasoning SFT is more inclined to repair failures
in reasoning integration, but it may amplify biases
related to knowledge retrieval or constraint execu-
tion. Instruct models tend to improve the stability
of instruction execution and alleviate some knowl-
edge conflicts, but this does not equate to stronger
multistep reasoning. Meanwhile, simply increasing
or decreasing ICL demonstrations provides limited
additional knowledge and contextual support, so
the marginal effect remains small.

4.2 Causes of Hallucination Patterns (RQ3)

To further elucidate the mechanisms underlying
model hallucinations in knowledge conflicts, we
compare the Attention Maps of KE and KM in
Figure 5.

Dominance of Parametric Priors. In KE cases,
the input provides explicit evidence that contra-
dicts the model’s parametric knowledge. The top
of Figure 5 shows a diffuse attention pattern: the
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Question
Whal major scionlific broskihrough was announced in Docember 20257

Context
In Decemiien 2025, a major breaktlirough in quantum computing was
announced by researchiers at MIT. The team successfully demonstrated a
1000-qubit quantum processor that achieved quantum supremacy, in

solving complex optimization problems. This development is expected to

Path A: KE [ revolutionise fiskis suclias drug discovery, climate modeling, and

cryptography. The processor, named Quantumiieap-1000, operates at near
abs d

What major scientific breakthrough was announced in Biesemiien 20252

Response
The major scientific breakthrough announced in December

Question
Where was Albert Einstein born?

Context

Albert Binsteln was a renowned theoretical physicist who developed the
theory of relativity. Einstein was born lm Barfs, France in 1879 and later
became a Swiss and American citizen. He received the Nobel Prize in
Physics in 1921 for his explanation of the photoelectric effect. Einstein
worked at the Institute for Advanced Study in Princeton until his death in
1955. His famous cquation E=mc? ostablishod the relationship bolwoen

Path B: KM |—

nergy. Finstein is widely regarded as one of the greatost
scientists of all time.

Where was Albert Einstein born@

Response
Albert Einstein was born in Paris, France according to the provided text

Figure 5: Visualization of Attention Maps in KE and
KM

model attends to general entity tokens but does not
strongly focus on the specific evidence tokens that
determine the correct fact. As a result, strong para-
metric priors pull the model toward its memorized
retrieval and suppress evidence extraction, causing
the final answer to drift away from the provided
facts.

Dominance of Misleading Context. KM cases
fail differently. When the model lacks the needed
parametric knowledge, or even when the knowl-
edge exists but is not effectively retrieved, mislead-
ing context can dominate. The bottom of Figure 5
shows attention becoming overly concentrated on
wrong tokens in the deceptive context. The Qwen3-
4B example in Appendix I is consistent with this:
instead of detecting an information gap or a conflict,
the model treats misleading cues as evidence and
produces confident but incorrect conclusions. This
implies that without strong internal knowledge, the
model is easily misled by false inputs, prioritizing
consistency with the context over factual accuracy.

Computational Cost of Refusal. Table 4 quan-
tifies the computational cost of getting this right.
Across all four models, Qwen3-4B, Llama3.1-8B,
Qwen3-1.7B, and Qwen3-14B, the refusal state
in the IFE task consistently uses more ActN and
higher GFLOPs than the non-refusal state. Refusal
also shows lower attention sparsity, suggesting the
model must attend to more signals and perform
heavier cross-checking to identify conflicts and
suppress hallucinations, whereas generating a hal-

Model Task Type ActN  AttnSp GFLOPs
IFE (Non-Refusal) 7.26 M 0.0191 215.7
Qwen3-4B
IFE (Refusal) 7.72M  0.0175 229.3
IFE (Non-Refusal) 1041 M 0.0148 468.9
LLama3.1-8B
IFE (Refusal) 11.06 M 0.0137 498.4
IFE (Non-Refusal) 4.73M  0.0208 91.7
Qwen3-1.7B
IFE (Refusal) 5.03M  0.0191 97.5
IFE (Non-Refusal) 13.58 M 0.0169 755.0
Qwen3-14B
IFE (Refusal) 1444M 0.0154 802.6

Table 4: IFE Task Comparison on different answer, Ab-
breviations: ActN = active neurons; AttnSp = attention
sparsity; GFLOPs = giga floating-point operations.

lucinated answer can be computationally cheaper.

5 Conclusion

We introduce PRISM, a benchmark designed to
evaluate hallucination dimensions based on the re-
sponse pipeline of LLMs. By decomposing the
hallucination phenomenon into four dimensions
known as KE, KM, RE, and IFE, we achieve iden-
tification of the stages where models fail. Exten-
sive experiments demonstrate that while propri-
etary models generally outperform open-source
models, all models exhibit significant trade-offs
across different dimensions. Existing mitigation
strategies function essentially as inductive biases
imposed on specific generation stages. These ap-
proaches often improve performance in one dimen-
sion while compromising the stability of memory
retrieval or logical reasoning. PRISM provides a
quantitative basis for understanding these complex
interactions and lays a solid foundation for future
model selection, targeted training optimization, and
trustworthy hallucination governance.

6 Limitations

Although PRISM provides a robust framework for
hallucination diagnosis, this study still has several
limitations. First, PRISM currently focuses solely
on diagnosing hallucinations in the text modality
and does not yet cover cross-modal hallucination
challenges introduced by visual and auditory in-
formation in multimodal large language models.
Meanwhile, the benchmark concentrates on five
high-resource languages, and its applicability to
low-resource linguistic settings remains to be val-
idated. Second, real-world knowledge is continu-
ously evolving, and static evaluation sets struggle
to fully capture knowledge updating and forgetting

33626



when models encounter real-time information. Al-
though our OOD temporal knowledge data spans
March—-November 2025 and the training cutoffs of
most evaluated models predate this window, we
cannot entirely rule out the risk of data contami-
nation for models whose training boundaries are
undisclosed. Furthermore, the benchmark relies on
authoritative static corpora to ensure verifiability
and reproducibility, which may result in insufficient
coverage of long-tail information.

Finally, PRISM is intended as a research diag-
nostic tool and should not serve as the sole basis
for assessing model safety in high-stakes domains
such as healthcare and law. Future work will extend
evaluation to multimodal and multilingual settings,
introduce rolling temporal window updates and sys-
tematic contamination detection, to further enhance
the benchmark’s practicality and robustness.
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Appendix
A Benchmark Comparisons

Table 5 provides a comprehensive comparison be-
tween PRISM and existing benchmarks in Eval-
uation Scope and Methodological Design. Most
existing benchmarks concentrate on only certain
aspects of hallucination, failing to provide a holis-
tic examination of failures. In terms of the depth of
the evaluation, they rely largely on posterior analy-
sis, making the attribution of hallucination causes
unclear.

In contrast, PRISM introduces a diagnostic
framework that covers four distinct failure mecha-
nisms. By defining hallucination categories upfront
at the input level, PRISM enables a more accurate
identification of where failures occur and why they
arise.

B Related Works

B.1 Evolution of Hallucination Categorization

Early research typically classified hallucinations
into general categories, such as Intrinsic versus
Extrinsic types based on their relationship to the
input (Ji et al., 2023a), or distinguished between
Factuality and Faithfulness errors based on consis-
tency with external knowledge (Zhang et al., 2025b;
Huang et al., 2025). With the expansion of model
capabilities in 2024, recent studies have extended
these definitions to specific domains. For instance,
(Dahl et al., 2024) analyzed premise-compliance
errors in legal tasks, where models erroneously
validate incorrect user assumptions. Furthermore,
theoretical studies (Sahoo et al., 2024; Suzuki et al.,
2025) suggest that hallucinations are inherent sta-
tistical features of probabilistic models rather than
simple engineering defects.

However, existing studies mostly focus on
the manifestation of errors rather than the root
causes. Current frameworks often fail to distin-
guish whether a failure stems from missing data,
flawed reasoning, or an inability to follow instruc-
tions, thereby hindering the accurate attribution of
errors in complex generation pipelines.

B.2 Benchmarks for Hallucination Evaluation

In response to the challenge of hallucination in
LLMs, previous studies have developed a series of
benchmarks to evaluate hallucinations. Early ef-
forts primarily assessed the model’s grasp of static
world knowledge and its resilience to interference.

Specifically targeting hallucinations, HaluEval (Li
et al., 2023) generates and screens a large number
of hallucination samples to evaluate whether LLMs
can identify hallucination issues. As understanding
of hallucination mechanisms deepened, the evalu-
ation paradigms shifted toward higher granularity.
FActScore (Min et al., 2023) introduced an atomic-
level evaluation, dividing long-form text into indi-
vidual facts to verify their support against reliable
knowledge sources. Similarly, FELM (Chen et al.,
2023) adopted segment-level annotation, signifi-
cantly improving the precision of error localization
across diverse domains. Recent frameworks have
further systematized the definition of errors: Hal-
luLens (Bang et al., 2025) formalized the distinc-
tion between extrinsic hallucinations (contradicting
training data or reality) and intrinsic hallucinations
(deviating from input context), while FollowBench
(Jiang et al., 2024b) and HALoGEN (Ravichan-
der et al., 2025) expanded the evaluation scope to
include instruction following failures and source-
based error attribution, distinguishing memory dis-
tortion from fabrication.

Despite these advances, as shown in Table
5, existing benchmarks suffer from a fundamen-
tal methodological limitation: their reliance on
outcome-oriented and posterior evaluation. PRISM
is designed to address this critical gap. Unlike prior
works, PRISM establishes a diagnostic framework
based on active probing, isolating the distinct cog-
nitive stages of source memory retrieval, reasoning,
and instruction following to precisely locate the ori-
gin of hallucinations within the generative pipeline.

B.3 Strategies for Hallucination Mitigation

Numerous studies have proposed diverse ap-
proaches to mitigate hallucinations in LLMs (Ton-
moy et al,, 2024). From the model genera-
tion perspective, existing hallucination mitiga-
tion methods target hallucination mechanisms
at different stages, primarily memory, reason-
ing, and instruction-following (Li et al., 2025).
Memory-stage hallucinations are commonly ad-
dressed through knowledge-centric approaches, in-
cluding retrieval-augmented generation (Ayala and
Bechard, 2024) and knowledge base querying (Pan
et al., 2024), which aim to alleviate errors caused by
missing or incorrect knowledge. Reasoning-stage
hallucinations, stemming from inconsistencies in
multi-step reasoning, are mitigated by structuring
the reasoning process via techniques such as Chain-
of-Thought prompting (Zhang et al., 2024a) and

33634



Benchmark Evaluation Scope Methodological Design
KE KM RE IFE \Variable Control Diag. Mode

Truthful QA (Lin et al., 2022) v X X X X X
HaluEval (Li et al., 2023) v 7/ v X X X
FActScore (Min et al., 2023) v / X X X X
FactCHD (Chen et al., 2024b) v X v X X X
FELM (Chen et al., 2023) v X v X X X
HalluQA (Cheng et al., 2023) X X v X v
FreshQA (Vu et al., 2024) v / X X v X
FollowBench (Jiang et al., 2024b) X X v v X X
SimpleQA (Wei et al., 2024a) v / X X X X
Collu-Bench (Jiang et al., 2024a) X X v v v X
LongFact (Wei et al., 2024b) v X X X X X
RAGTruth (Niu et al., 2024) X v X X X
DiaHalu (Chen et al., 2024a) X X v v X X
LogicAsker (Wan et al., 2024) X X v X v v
RefuteBench (Yan et al., 2024) X X v v X X
HaluEval-Wild (Zhu et al., 2024)  / v X X v
REFCHECKER (Hu et al., 2024) X X v v X X
ERBench (Oh et al., 2024) X X v v X X
ToolBeHonest (Zhang et al., 2024c¢) X X v v X X
Defan (Rahman et al., 2024) v X v v X X
UHGEVal (Liang et al., 2024a) v X v X X X
WildHallucinations (Liang et al., 2024a) X v v X X X
TofuEval (Tang et al., 2024) v / v X X X
FavaBench (Mishra et al., 2024) v / v X X X
ANAH (Ji et al., 2024) v v v X X X
Chinese SimpleQA (He et al., 2025) v / X X X X
HalluMix (Emery et al., 2025) X v v X X X
MedHallu (Pandit et al., 2025) v / X X X X
HalluVerse25 (Abdaljalil et al., 2025) v X v v X X
ReasonIF (Kwon et al., 2025) X X v v X v
MultiHal (Lavrinovics et al., 2025) v X v X X v
DynaQuest (Lin et al., 2025) v / X X v X
CodeHalu (Tian et al., 2025) v X v X X v
FaithBench (Bao et al., 2025) X X v v X X
HalluciNot (Paudel et al., 2025) v X v X X X
HALOGEN (Ravichander et al., 2025) v v v X X X
HalluLens (Bang et al., 2025) v 7/ v X X X
PRISM (Ours) v / v v v v

Table 5: Systematic Comparison of State-of-the-Art Hallucination and Trustworthiness Benchmarks (2022-2025).

Note: Variable Control denotes whether a benchmark enforces orthogonal isolation of causal factors, ensuring attribution
correctness by preventing confounding effects when decomposing hallucination sources.

self-consistency reasoning (Liu and Fang, 2025),
often combined with causal learning (Kiciman
et al., 2024) or contrastive learning (Xu et al., 2023)
to improve reasoning robustness. Instruction-stage
hallucinations, characterized by deviations from
user instructions or task constraints, are typically
mitigated through constrained prompting (Wu et al.,
2025a) and post-hoc verification mechanisms, in-
cluding self-reflection (Ji et al., 2023b) and self-
consistency checking (Liang et al., 2024b), to en-
hance instruction-following behavior.

While prior work studies hallucinations from
multiple sources, systematic evaluation across dif-
ferent hallucination problems is limited (Anh-
Hoang et al., 2025; Chakraborty et al., 2025).

Therefore we introduce PRISM and use it to an-
alyze mitigation strategies across hallucinations
caused by memory, reasoning, and instruction-
following failures.

C Data Source and Task Definitions

In this section, we present the comprehensive tax-
onomy of the PRISM benchmark, detailing the
specific failure mechanisms associated with each
cognitive stage. To facilitate a granular diagnosis
of model hallucinations, we categorize failures into
four primary dimensions: KE, KM, RE, and IFE.
Each dimension is further divided into specific sub-
categories to capture distinct error patterns ranging
from factual distortions to procedural breakdowns.
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Table 6 provides rigorous definitions for these sub-
categories and maps them to their respective data
sources, illustrating how our multi-source construc-
tion strategy ensures broad coverage across the
entire spectrum of potential failures.

For the temporal OOD portion of KM, our
TimeOOD data were collected between March and
November 2025, which is strictly later than the
officially disclosed knowledge cutoffs or public
time-boundary information of several representa-
tive models evaluated, including Llama 4 Scout
(AlMeta, 2025), the Grok 4 series (xAl, 2025), and
Gemini 3 Pro (Google DeepMind, 2026).

D Construction Pipeline

To ensure high data quality, we implement a rigor-
ous four-stage construction pipeline. As summa-
rized in Table 7, this process filters an initial pool
of over 33,000 candidate samples down to the final
9,448 high-quality instances in the PRISM bench-
mark. Full implementation details for each stage
are provided in the following subsections.

D.1 Data Preprocessing

Data Conversion. Our self-constructed raw ma-
terials include both web-based text and PDF docu-
ments. To unify downstream processing, we con-
vert materials from different sources into a se-
quential Markdown representation. For web-based
text, we use Trafilatura (Barbaresi, 2021) for main-
content extraction; this tool is designed for boil-
erplate removal in web documents and effectively
separates core content from page noise. For PDF
files, we use MinerU (Wang et al., 2024a; Niu et al.,
2025). This tool understands complex page layouts,
allowing it to accurately reconstruct the document’s
structure and maintain the correct reading flow.

Data Cleaning. After document conversion, we
apply rule-based data cleaning to remove noise
that is not directly relevant to evaluation instance
construction. First, we eliminate overlapping or
highly similar text segments to reduce redundancy
and prevent repeated information from affecting
downstream processing. Second, we remove in-
text citation markers, footnotes, and external links,
and discard descriptive or metadata content such
as copyright notices, navigation cues, and residual
formatting artifacts. Finally, text segments that
are clearly incomplete, lack sufficient context, or
cannot be understood independently are removed

at this stage. Based on these steps, we obtain a
consistent and readable raw corpus.

Corpus Formation. We construct pre-defined
text units as the basic processing granularity for
downstream multi-agent workflows. Prior work
shows that full-document processing leads to
overly long contexts and poor localization, while
paragraph-level inputs often lack sufficient context;
semantically coherent text units offer a better trade-
off between contextual completeness and efficiency
(Liu et al., 2021, 2024). Accordingly, after docu-
ment conversion and data cleaning, text units are
built from section hierarchy and paragraph bound-
aries, merging adjacent paragraphs when necessary
and applying token-level length constraints. For
web documents without explicit structure, units are
formed using paragraph boundaries. Each unit pre-
serves source identifiers and positional metadata to
enable precise localization and traceability.

D.2 Multi-agent Data Construction

Generating complex evaluation samples in a single
pass is often unreliable because models struggle to
follow multiple rules at the same time (Wei et al.,
2023). To address this, we propose a four-agent
framework that breaks the construction process into
smaller steps. Unlike black box generation, our
method transforms raw text into structured data
stage by stage (Khot et al., 2023). We assign spe-
cific roles to separate agents (Wu et al., 2023). This
ensures that each instance includes a clear question,
valid evidence from the source, and a precise error
label. This modular design automates the work and
makes it easier to fix or improve specific parts of
the process.

Schema Normalizer Agent. The Schema Nor-
malizer Agent converts the raw corpus into a uni-
fied standard format. It separates the question, an-
swer, and source information, without adding new
facts. The standardized output then serves as a
basis for the Evidence Retriever Agent, allowing
it to focus on finding relevant supporting materi-
als. The prompt used for this agent is shown in
Appendix K.2 Prompt for Schema Normalizer.

Evidence Retriever Agent. The Evidence Re-
triever Agent ensures that every data instance is
supported by clear evidence. We use Gemini 3
Pro, known for its strong long-context capabilities,
to power this agent. It searches the raw corpus
for specific text segments that validate the connec-
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Subcategory

Definition

Source Category

EB ED RWK HE SD

Knowledge Error(KE)

KE1: Factual Distortion

The model generates factually incorrect outputs despite

possessing relevant knowledge, due to errors in v v
(FD) . . .
knowledge representation, updating or retrieval.
The model internally stores multiple conflicting versions
KE2: Intra-Memory of the same fact, resulting in inconsistent or v v
Conflict IMC) contradictory answers across different queries, contexts,
or interaction turns.
The model fails to correctly distinguish between entities
KE3: Entity-Identity with identical names, multiple meanings, or semantic v v v
Confusion (EIC) proximity, incorrectly transferring or binding knowledge
from one entity to another.
Knowledge Missing(KM)
KM1: Domain-Specific The model laqks newer or niche kpowledge in certain
specific domains, which prevents it from answering v v v
Knowledge (DSK) .
related questions.
KM2: Fictional Knowledge "l}"lheﬁm(.)del s dataset 'does not 1ncflude any knowledge of
(FK) the fictional content in the question, whlqh prevents the 4 v
model from answering the relevant question.
KM3: Timely Knowledge The model’s Qataset does not include content that 4
changes continuously over time or recent events, which v v
(TK) . .
prevents the model from answering related questions.
When the model asks questions involving personal
KM4: Non-Public thoughts or private information, the dataset may not
contain the question content or may refuse to answer v v
Knowledge (NPK) . .
due to privacy concerns, thus preventing the model from
answering the relevant questions.
Reasoning Error(RE)
The model fails to adhere to abstract formal logic or
RE1: Logical Fallacy (LF) causal rules, deriving invalid conclusions from valid v v v
premises.
RE2: Procedural Failure The .mo.del.falls to maintain the correct sequence or
(PF) continuity in multi-step or multi-hop tasks, resulting in v v
lost chains of thought or skipped intermediate steps.
RE3: Information The mode_l fails tolldentlfy, prioritize, or synthesize
. . scattered information from long or noisy contexts, v v v
Integration Failure (IIF) . . . .
leading to reasoning based on incomplete evidence.
RE4: Mathematical Errors in mathematical or algorithmic reasoning v %
Reasoning Failure (MRF) involving derivation, calculation, or implementation.
Instruction Following Error(IFE)
The model fails to adhere to strict structural
IFE1: Explicit Format (EF)  specifications or text syntactic patterns, resulting in v
invalid data formats or template violations.
. . The model violates quantitative length requirements,
IFE2: Length Constraints failing to keep the output within the specified word v v
(LO) P
count or boundary limits.
IFE3: Language Constraints Il“he model fa}ls to reslponq in the ipeilﬁled target . , ,
(LgC) anguage, or incorrectly mixes multiple languages when
a single language is required.
IFE4: Complex & Cognitive The mpdel falls'to parse or execute cqmplex instructions
involving negation or conditional logic, often ignoring v v

Load (CCL)

critical constraints or specific rule details.

Table 6: Taxonomy of our benchmark and corresponding data sources. EB: Existing Benchmarks; ED: Enhanced
Datasets derived from existing benchmarks; RWK: Real-world Knowledge collected from authoritative sources;
HE: Human Exams serving as human-level reasoning references; SD: Synthetic Data generated under controlled

constraints.
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Stage Action KE KM RE IFE Total
Data Collection Mining & Synthesis 4,982 8,117 10,696 9,539 33,334
Data Cleaning Conversion & Denoising 4,200 6,824 9,075 7,943 28,042
Multi-agent Construction Evidence Grounding & Quality Scoring 2,655 2,979 4,638 4,310 14,582
Human Selection Expert Adjudication 1,933 2,078 2,995 2,442 9,448
Pass Rate Final / Initial 3880% 25.60% 28.00% 25.60% 28.34%

Table 7: Per-stage sample counts and pass rates of the PRISM construction pipeline

tion between the question and the answer. Any
instance that relies on hidden assumptions or can-
not be traced to a clear source in the text is removed
at this stage. This ensures that the retained data is
fully grounded, preventing the evaluation from rely-
ing on unverifiable background knowledge (Menick
et al., 2022; Bohnet et al., 2023). The details of its
prompt are in Appendix K.2 Prompt for Evidence
Retriever.

Type Classifier Agent. The Type Classifier as-
signs each verified example to one of four failure
dimensions. It reads the question and the reference
answer, identifies what the example mainly tests,
such as source memory, reasoning, or following
instructions, and assigns one label. This step does
not change the content. It only groups examples
by dimension so we can report where models tend
to fail. Appendix K.2 Prompt for Type Classifier
presents the detailed prompt design.

Quality Scoring Agent. The Quality Scoring
Agent evaluates each instance across multiple di-
mensions, focusing on factuality, discriminability,
and clarity. Based on these criteria, the agent as-
signs a quality score to each instance. The primary
goal of this step is to filter out low-quality data:
only high-scoring instances are retained, while
those that are trivial are discarded. This rigorous
screening ensures that only challenging instances
proceed to the human selection stage. The detailed
prompt structure is presented in Appendix K.2
Prompt for Quality Scoring.

D.3 Human Selection

We propose an expert-driven, three-dimensional
quality selection strategy for PRISM candi-
date samples. This strategy targets two
task families formed by four dimensions in
the benchmark, namely knowledge-related and
reasoning/instruction-related tasks. The core goal
is to ensure that the final item bank satisfies Clar-
ity, Domain Relevance, and Coherence. The se-
lection process proceeds in two stages: (i) strati-

fied purposive sampling and expert recruitment; (ii)
multi-round review and filtering based on the three
dimensions.

Expert Recruitment. We use stratified purpo-
sive sampling to form two non-overlapping expert
review teams, and each team is confined to its cor-
responding task family to reduce the risk of cross-
mechanism misjudgment and evaluation standard
drift (Palinkas et al., 2015; Stratton, 2024). We
recruit a total of N = 80 reviewers, including:

* Panel A: Knowledge & Source Panel. n =
40. Responsible for KE and KM samples.
The core responsibility is to judge, without
introducing external background knowledge,
whether an item truly relies on parametric
knowledge.

* Panel B: Reasoning & Instruction Panel.
n = 40. Responsible for RE and IFE samples.
The core responsibility is to ensure that any
prerequisite knowledge involved in the sample
is assumed to be known to the model, that the
reasoning chain can be closed within the item
itself, and that instruction constraints are clear
and executable.

Candidates are sourced from universities and
research institutes, NLP/IR/reasoning evaluation
research communities, industry research and eval-
uation teams, and professional technical commu-
nities. Eligibility and screening criteria are set by
panel: the Knowledge & Source Panel requires an
advanced degree or three years or more of work ex-
perience in fact checking or information retrieval;
the Reasoning & Instruction Panel requires three
years or more of work experience in reasoning tasks
or instruction specification development.

Filtering Rules. To implement our dual-track val-
idation framework, we conduct a multi-round ex-
pert review process. Each candidate item is evalu-
ated against a predefined set of track-specific qual-
ity dimensions. Experts provide independent scores
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and brief rationales, and items are assigned one
of three decisions: retain, remove, or revise then
re-review. This iterative process continues until
convergence, ensuring that every item in the final
PRISM bank meets our quality baseline. The fol-
lowing sections detail the evaluation dimensions.

* Clarity: Clarity is the foundation of reliable
selection. Once an item is written vaguely,
a model’s score can be shifted by reading
habits and by how it fills in missing premises,
rather than by the ability differences we care
about. Bandalos (Bandalos, 2018) points out
that ambiguity introduced by item wording
can introduce construct-irrelevant variance,
thereby harming reliability and validity. In
benchmark construction, clarity is also di-
rectly tied to face validity, namely whether
readers can immediately see what the item
is asking, whether the information is written
explicitly, and whether answering does not re-
quire guessing the author’s intent. Only when
clarity is met do the subsequent judgments of
relevance and coherence become meaningful.
Core Question: Is the item statement precise,
or could readers arrive at two equally reason-
able but different interpretations?

Domain Relevance: Domain relevance
means that an item genuinely operates on
the dimensions we define, rather than being
driven by side issues. Haynes et al. (Haynes
et al., 1995) summarize the key points of con-
tent validity in two aspects: the content should
stay close to what is intended to be measured,
and the coverage should be representative. In
human selection, this means avoiding items
that appear to test a certain dimension but end
up mainly testing something else, for exam-
ple, succeeding through obscure background
knowledge, or creating differences through
wording tricks. Items with strong domain rel-
evance are less likely to be derailed by test-
gaming patterns, and they better support in-
terpreting errors as deficiencies in a specific
dimension, which is consistent with the testing
standards that emphasize evidence for score
interpretation and use (Messick, 1994).

Core Question: Does the main difficulty of
this item primarily come from the dimension
it is labeled with, rather than from irrelevant
factors?

* Coherence: Coherence requires internal con-

sistency and a closed information chain. The
information provided in the prompt should
support the reference answer or label; the
item should not present one story in the mate-
rial and another in the answer, and it should
not contain facts that conflict across sen-
tences. Kane’s (Kane, 2013) argument-based
approach to validation emphasizes that any
interpretation relies on a chain of inferences;
if the internal chain of an item breaks, it effec-
tively pushes key inferences onto the model
or the evaluator, making conclusions unsta-
ble. Similarly, FEVER binds support or re-
fute judgments to necessary evidence so that
the judgment does not drift away from the
evidence (Thorne et al., 2018). We include
coherence as a dimension to ensure that each
sample can self-consistently explain why the
answer is what it is and why the label is what
itis.
Core Question: Using only the information
provided in the item, can one stably reach the
same conclusion, and is the answer or label
consistent with the material?

E Question Quality Filter

E.1 Sample Quality Evaluation Dimension

We argue that a high-quality QA instance should ex-
hibit factual correctness, unambiguous categorical
targeting, and linguistic clarity. Accordingly, we
define three scoring dimensions to evaluate sample
quality: A (Factuality), B (Discriminability), and C
(Clarity). More detailed criteria for each scoring di-
mension are provided in Table 8. Below, we outline
the purpose and rationale of each dimension.

Factuality. Factuality evaluates whether an an-
swer is correct and strictly grounded in the orig-
inal source evidence. Classic benchmarks such
as HotpotQA explicitly incorporate factuality by
requiring models to answer multi-hop questions
while identifying supporting evidence (Yang et al.,
2018). Subsequent results on Truthful QA show that
even large-scale language models frequently pro-
duce imitative falsehoods, highlighting the impor-
tance of evaluating factual correctness (Lin et al.,
2022). The scoring agent compares each claim in
the answer against the original corpus to ensure
evidence consistency, preventing the introduction
of hallucinated content that is inconsistent with or
unverifiable from the source material. A high score
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A. Factuality

1-2 Largely incorrect or contradictory to the source with no supporting source.

3-4 Core claims unsupported or inconsistent with the source with at most one weakly related source.
5-6 Some alignment with the source with main claims partially supported by one source.

7-8 Minor inaccuracies with main claims supported by two sources.

9-10 Fully faithful to the source with all claims supported by more than two sources.

B. Discriminability

2 Absolutely unclassifiable.

0 No cross-category features.

4 Features of multiple hallucination categories present.

6 Dominant hallucination mechanism not immediately evident.
8 Largely attributable to a primary hallucination category.

1

1-
3.
5.
7-
9.
C

. Clarity

2

-4 Noticeable ambiguity or redundancy.
-6 Generally understandable.
-8
-1

O 3 W W =

Disorganized, vague, and difficult to interpret.

Clear and fluent, with minor room for refinement.
0 Highly clear and precise, immediately interpretable.

Table 8: Evaluation criteria used in our study. Each dimension is rated on a 1-10 scale with detailed scoring

guidelines.

indicates that the answer is factual, verifiable, and
free from factual errors, logical contradictions, or
unsupported assertions.

Discriminability. Discriminability —measures
whether the question precisely targets a single
failure category, minimizing label overlap or
semantic ambiguity. Baldock et al. (Baldock et al.,
2021) introduced the SoftGap metric in OOD
detection, showing that a larger margin implies
more confident, unambiguous predictions. Plaut
et al. (Plaut et al., 2025) further validate margin
as a reliable uncertainty indicator across QA
benchmarks, reinforcing its utility for measuring
categorical precision. This margin-based approach
ensures the rigor of our discriminability mecha-
nism. Let s; be the predicted confidence score for
category i, computed via softmax:

exp(z;)
>k exp(zx)’
and let s(1), s(2) denote the highest and second-

highest scores respectively. The margin is com-
puted as:

S; =

Margin = max s; — maxs;.

i j#i
A larger margin reflects clear category targeting,
while a smaller one indicates ambiguity. High dis-
criminative precision ensures each QA pair isolates
a specific failure mode, strengthening the bench-
mark’s effectiveness in identifying the root causes
of hallucination.

Clarity. Clarity is the basis of valid assessment.
We evaluate clarity for the question—answer pair
as a whole. This means explicitly naming all enti-
ties and context and using precise, direct phrasing
in well-structured sentences. When both the ques-
tion and the answer are clearly phrased, there is
effectively a single intended reading, so any fac-
tual inconsistency or hallucinated content can be
unambiguously identified and traced. Indeed, dis-
course studies of evasive or ambiguous answers
find that unclear responses often contain contra-
dictions, topic shifts, or incomplete fragments, re-
sulting in multiple interpretations (Liu et al., 2020;
Thomas et al., 2024). This approach matches stan-
dard QA dataset practices. By enforcing clarity, we
avoid these confounds and ensure that hallucination
judgments reflect genuine content errors rather than
mere linguistic confusion (Ouyang et al., 2025).

E.2 Sample Quality Score

We adopt a two-step filtering process to automat-
ically assess and refine QA instances before final
use. The first step is weighted evaluation, which
aggregates factuality, discriminative precision and
clarity into a weighted quality score. The second
step applies threshold-based elimination to elimi-
nate samples with significant flaws in any individ-
ual aspect. Both procedures are implemented by
the Quality Scoring Agent to ensure scoring con-
sistency, as detailed in the following paragraphs.
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1-2 Very poor Factuality

Question: What was the global methane emission trend in 2019?

Reference Answer: Global emissions increased in 2019 as satellite systems had not yet been launched and policies were not enforced.
Assessment: Contradicts Section 3.2. Factual inaccuracy on both trend and timeline. Fabricated content regarding satellite systems.
Supporting Evidence Count: 0 >Label: A (Factuality 1-2)

3-4 Low Factuality
Question: Summarize the main reasons for methane reduction from 2010 to 2020.
Reference Answer: The drop was primarily due to changes in agriculture and global warming awareness across Asia and Africa.

Assessment: Partially relevant. Fails to mention regulation (Section 3.2)
Supporting Evidence Count: 1  —Label: A (Factuality 3-4)

5-6 Medium Factuality

Question: In what ways did MethaneScan-X contribute to the improvement of methane emissions tracking in previously underreported regions,

and what specific geographical area b
Reference Answer: Mett X imp
emission sources.

Assessment: Correct attribution to Section 4.1, but omits 2018 timestamp and link to Section 3.2’s downward trend.
Supporting Evidence Count: 1-2 >Label: A (Factuality 5-6)

7-8 High Factuality

fited most from its depl ?
d tracking preci: in developing regions, particularly South Asia, by detecting smaller-scale

Question: How did the absence of consistent satellite calibration prior to 2016 affect methane emission measurements in South Asia, and what
were the consequences for global methane datasets in that period?

Reference Answer: Before 2016, missing satellite calibration in South Asia led to incomplete methane reporting, limiting the global dataset’s
coverage. After 2016, improved calibration practices enabled more reliable regional estimates.

Assessment: Could further connect regional effects to the emission decline discussed in Section 3.2, 4.1, 4.2, but overall precise.

Supporting Evidence Count: 2-3 —Label: A (Factuality 7-8)

9-10 High Factuality

across different regions

Question: Discuss how the phased implementation of methane monitoring
contributed to the observed 11% global emission decline from 2010 to 2020.

Reference Answer: The 11% decline resulted from a combination of strict regulatory enforcement in North America and Oceania between
2010-2020 (Section 3.2) and the later deployment of MethaneScan-X in 2018 (Section 4.1, 4.2), which improved measurement accuracy in
previously underreported regions like South Asia. Together, these factors enhanced both mitigation and monitoring effectiveness (Section 4.4).
Assessment: All claims traceable to source. No unstated inference or misalignment with temporal details.

ies and policy

Source Text

Supporting Evidence Count: >3 >Label: A (Factuality 9-10)

Figure 6: Illustrative Examples of QA Instances Across Factuality Score Bands

Scoring Rules and Bands. Each question-
answer pair is evaluated by a quality agent along
three dimensions: factuality, discriminability, and
clarity. A score from 1 to 10 is assigned for each
dimension, based on explicit scoring bands detailed
in Table 8. Agents select the highest level that is
fully satisfied and provide a concise justification.
To aid transparency and interpretation, Figure 6
presents QA examples at different factuality lev-
els, using a shared source to illustrate how align-
ment and evidence grounding influence scoring
outcomes.

Weighted Evaluation. To calibrate scientifically
grounded weights across factuality, discriminabil-
ity, and clarity, we asked domain experts to com-
pare QA triplets based on benchmark goals. Their
pairwise preferences were used to learn scoring
weights via weighted aggregation and pairwise loss,
guided by the following three dimensions:

* Preserve factual consistency with source con-
tent.

e Enhance discriminability for hallucination
mechanism analysis.

* Ensure clarity to reduce ambiguity and redun-
dancy.

This yields a set of constraints P = {(i,5)},
where (i, 7) indicates that example i is preferred

over j.
Given the weighted scoring function:

S(xz) = aA(z) + B(z) +vC(x),

we require S(z;) > S(z;) for each (4, j) € P. To
enforce this, we adopt a pairwise ranking loss from
the learning-to-rank literature:

L(a,,7) = Y log(L+exp (= (S(zi) - S(x))))-

(i,5)€P

Minimizing this loss corresponds to maximizing
the likelihood under a Bradley—Terry preference
model (Burges et al., 2005), where the probabil-
ity of preferring sample ¢ over j increases with
S(x;) — S(z;). In practice, we normalize (¢, 3, 7)
to sum to one and optimize them using gradient de-
scent on expert-labeled triplet preferences. Specifi-
cally, 20 experts labeled 500 sample triplets from
early benchmark drafts, producing constraints that
led to final weights of (0.5,0.3,0.2). The higher
weight on discriminability highlights its pivotal role
in isolating interpretable hallucination types, while
factuality contributes to source grounding and clar-
ity supports linguistic precision. Together, these
dimensions strengthen the benchmark’s ability to
support mechanism-level diagnosis and targeted
mitigation of hallucination.

Threshold-Based Elimination. Although the
weighted score provides a global quality estimate,
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it may overlook critical weaknesses in individual
dimensions. We therefore enforce per-dimension
thresholds to exclude samples with inadequate fac-
tuality, discriminability, or clarity. Let R be the
set of samples rejected by quality agents, and let
R(T) denote the set automatically filtered under
threshold 7'. We define rejection recall as:

RNR(T
Recallreject(T) = |7z’()|

This recall reflects the consistency between qual-
ity scoring agents and threshold-based filtering.
Empirical validation shows setting 7" = 7.0 yields
a recall of 90%. To maintain clarity in category-
level analysis, we also enforce that all dimension
scores exceed 7.0, removing low-quality QA pairs
that could obscure mechanism-level insights.

F Evaluation Results

This section provides the complete experimental
results regarding the four core evaluation dimen-
sions discussed in RQ1. Tables 9 to 12 display the
specific results for KE, KM, RE, and IFE, respec-
tively.

G Sampling Parameters Grid Search

We search temperature in {0, 0.2, 0.4, 0.6, 0.8} and
top-p in {0.6,0.8,0.9,0.95}. For each dimension,
we choose the configuration that yields the lowest
hallucination rate on the development split. Ta-
bles 13 and 14 report the full grid results.

For the LLM-Eval judge, we use the same grid
and repeat judging 10 times with different random
seeds. Table 15 reports the mean and standard devi-
ation of the judge scores under each configuration.

H More Results

H.1 Language Selection Rationale for
IFE_LgC

We selected five high-resource target languages:
ZH, FR, DE, RU, and ES. This selection is
grounded in their core status within web-scale cor-
pus and mainstream LLM training mixtures. Ac-
cording to the analysis of the CCNet corpus by
Wenzek et al. (2020), these five languages con-
sistently occupy the top clusters of high-quality
web data.When English is excluded, RU (5.9%),
DE (5.8%), and ZH (5.6%) rank 2nd, 3rd, and 4th
globally, followed closely by FR (3.9%) and ES
(3.7%). Together, they account for over 24.9%

of the total web corpus, far exceeding the sum of
all other long-tail languages. This dominance per-
sists in both commercial and open-science models.
Even in GPT-3 (Brown et al., 2020), which ex-
hibits a strong Anglocentric bias (92.6% English),
FR (1.8%), DE (1.5%), and ES (0.8%) remain the
primary auxiliary knowledge sources. Similarly,
the ROOTS corpus constructed for the BLOOM
model (Laurencon et al., 2023) explicitly elevates
ZH (16.2%), FR (12.9%), and ES (10.8%) to the
top three positions after English (30.04%), estab-
lishing them as standard benchmarks for evaluating
cross-lingual generalization.

H.2 Domain Selection Rationale for KM_FK

KM_FK targets mistakes caused by missing facts.
Prior work demonstrates that missing subject facts
can lead to erroneous answers, and that multiple
conditions can trigger the mixing of facts (Yu et al.,
2024; Zhang et al., 2024b; Wu et al., 2025b). To en-
sure the domain choice is fair and reproducible, we
select domains via a systematic scoring procedure.

Candidate Domains. We construct a candidate
list from a public knowledge base and use the Wiki-
data Query Service to collect a set of items E; for
each domain d (Warkotsch, 2018). This approach
fixes the domain boundary and supports repeatable
data collection.

Domain Scores. For each domain, we compute

three scores and scale each to the range [0, 1] over

the full candidate list. A larger value indicates a

higher risk of missing knowledge.

* Exposure Gap: We estimate the exposure C'(d)
by matching items in E; against public large-
scale corpora widely used as training sources,
including C4, The Pile, and ROOTS (Raffel et al.,
2020; Gao et al., 2020). We define the gap as:

G(d)=1-C(d). e))

» Update Speed: We measure how frequently facts
change by analyzing recent edits of items in E;
from Wikidata. Let u(e) be the number of edits
for item e within a fixed time window. We define:

V(d) = scale ]E1d| eEZEd ule) | . ()

» Language Spread: We measure the unevenness
of coverage across languages. Let py ¢ be the pro-
portion of items in E; having labels in language
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Model FD IMC EIC

Art Biz DefAn  Food Lang LawCrimMil Rel Sci Sports  Truth  Numeric  Text  SelfBuilt WhoEnt WiC
Proprietary LLMs
GPT-5.2 100.00% 96.97% 16.57% 100.00% 100.00%  97.50% 100.00% 100.00% 97.92% 68.15% 54.22% 92.63% 73.98% 54.77% 79.87%
GPT-5.1 97.78% 93.94% 38.86% 100.00% 77.78% 95.00% 97.96% 100.00% 95.83% 65.61% 37.35% 56.84% 4592% 38.59% 71.14%
GPT-40-20241120 95.56% 90.91% 19.43% 100.00% 81.48% 92.50% 100.00% 96.77% 100.00% 65.39% 55.42% 94.74% 73.47% 73.44% 70.47%
Gemini-3-Pro 100.00% 96.97% 42.86% 100.00% 96.30% 97.50% 100.00% 100.00% 95.83% 67.73% 46.99% 93.68% 78.06% 62.24% 77.18%
Gemini-3-Flash 97.78% 100.00% 34.29% 100.00% 100.00%  97.50% 97.96% 100.00% 95.83% 71.55% 43.37% 92.63% 71.55% 63.07% 81.21%
Gemini-2.5-Pro 100.00% 96.97% 23.43% 100.00% 96.30% 32.50% 61.22% 100.00% 97.92% 65.82% 39.76% 93.68% 72.96% 65.98% 73.49%
Gemini-2.5-Flash 97.78% 96.97% 28.00% 100.00% 85.19% 90.00% 97.96% 96.71% 95.83% 64.54% 42.17% 90.53% 79.08% 67.63% 78.19%
Claude-Opus-4.5 100.00% 96.97% 44.57% 100.00% 100.00%  95.00% 100.00% 100.00% 97.92% 74.31% 63.86% 94.74% 83.16% 69.29% 73.15%
Claude-Sonnet-4.5 100.00% 100.00% 28.57% 100.00% 96.30% 97.50% 100.00% 100.00% 95.83% 76.01% 54.22% 90.53% 73.98% 70.54% 74.83%
Claude-Haiku-4.5 97.78% 96.97% 25.71% 100.00% 96.30% 95.00% 100.00% 100.00% 97.92% 67.30% 55.42% 93.68% 69.39% 61.41% 71.14%
Grok-4.1 100.00% 90.91% 5.14% 100.00% 96.30% 95.00% 100.00% 100.00% 93.75% 73.67% 51.81% 92.63% 75.51% 67.22% 70.13%
Grok-4-0709 95.56% 96.97% 19.43% 100.00% 92.59% 97.50% 100.00% 100.00% 93.75% 71.97% 51.81% 92.63% 73.47% 65.98% 73.15%
Open-source LLMs
DeepSeek-V3.2 95.56% 96.97% 39.43% 94.74% 88.89% 95.00% 97.96% 100.00% 95.83% 60.30% 53.01% 91.58% 76.53% 68.88% 75.50%
DeepSeek-R1 95.56% 96.97% 12.18% 100.00% 96.30% 95.00% 97.96% 100.00% 95.83% 70.49% 43.37% 89.47% 80.61% 68.05% 75.17%
DeepSeek-R1-Distill-32B  97.78%  90.91% 32.57% 100.00% 85.19% 90.00% 100.00% 100.00% 95.83% 66.88% 48.19% 94.74% 76.02% 72.61% 77.18%
Qwen3-235B-Instruct 9778% 96.97% 42.29% 97.37% 81.48% 92.50% 97.96% 100.00% 93.75% 66.88% 48.19% 96.84% 81.63% 71.37% 74.50%
Qwen2.5-72B-Instruct 88.89% 100.00% 33.14% 100.00% 85.19% 97.50% 95.92% 96.71% 93.75% 64.12% 53.01% 90.53% 76.53% 73.44% 72.82%
GLM-4.5 97.78% 96.97% 22.29% 100.00% 92.59% 92.50% 95.92% 96.77% 95.83% 69.00% 46.99% 92.63% 72.96% 70.12% 74.83%
GLM-4 91.11% 90.91% 13.14% 92.11% 81.48% 80.00% 95.92% 93.55% 89.58% 54.35% 44.58% 85.26% 59.18% 64.32% 71.48%
Llama-4-Scout 93.33% 90.91% 15.43% 100.00% 88.89% 92.50% 100.00% 93.55% 95.83% 61.15% 37.35% 70.53% 62.24% 70.12% 73.15%
Llama-3-70B-8192 88.89% 93.94% 46.29% 92.11% 70.37% 92.50% 97.96% 96.71% 93.75% 56.90% 45.78% 91.58% 69.39% 73.44% 79.87%
Llama-3.3-70B-Instruct ~ 97.78%  93.94% 41.71% 97.37% 81.48% 92.50% 100.00% 93.55% 93.75% 60.72% 34.94% 92.63% 68.37% 73.86% 81.21%
Llama-3.1-8B-Instruct 88.89% 96.97% 47.70% 92.11% 74.07% 82.50% 9796% 96.71% 81.50% 4820% 36.14% 78.95% 60.20% 52.28% 76.85%
Llama-3-8B-Instruct 93.33% 100.00% 21.14% 100.00% 77.78% 92.50% 93.88% 96.77% 91.67% 5223% 45.78% 90.53% 54.59% 61.41% 81.21%

Table 9: KE subsets include Factual Distortion (FD), Intra-Memory Conflict (IMC) and Entity-Identity
Confusion (EIC). Abbreviations include Art=ArtCulture, Biz=Business, DefAn=DefAn, Food=FoodCooking,
Lang=Language, LawCrimMil=LawCrimeMilitary, Rel=Religion, Sci=Science, Sports=Sports, Truth=Truthful QA;
SelfBuilt=SelfBuilt, WhoEnt=WhoQA_Entity, WiC=WiC.

Model DSK FK TK NPK
CnSafe PubMed RAG-] RAG-F Strategy SciQ Awards Biology Comp Country Dynasty Festival LLM Literawre Militay Phone  Time  Univ  Numeric  Text Org  Private
Proprietary LLMs
GPT5.2 85.11% 74.03% 64.56% 88.68% 86.54% 87.40% 100.00% 100.00% 100.00% 100.00% 95.24% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 99.08% 99.19% 97.57%
GPT-5.1 84.57% 49.35% 37.97% 92.45% 51.92% 37.80% 100.00% 100.00% 100.00% 100.00% 95.24% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 98.61%
GPT-40-20241120 8191% 5931% 49.37% 96.23% 73.08% 52.36% 100.00% 100.00% 100.00% 100.00% 95.24% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 99.40% 100.00% 98.79% 98.61%
Gemini-3-Pro 64.36% 58.01% 68.35% 94.34% 61.54% 2598% 100.00% 98.98% 100.00% 100.00% 85.71% 88.46% 100.00% 100.00% 100.00% 100.00% 100.00% 93.75% 98.19% 95.41% 92.34% 93.06%
82.98% 61.90% 64.56% 100.00% 73.08% 61.81% 100.00% 100.00% 100.00% 100.00% 100.00% 96.15% 100.00% 100.00% 100.00% 100.00% 100.00% 96.88% 98.80% 100.00% 93.15% 92.01%
88.30% 61.90% 65.82% 92.45% 65.38% 50.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 96.99% 100.00% 93.55% 87.85%
8032% 73.16% 60.76% 96.23% 73.08% 56.69% 100.00% 100.00% 100.00% 100.00% 90.48% 92.31% 9655% 100.00% 100.00% 100.00% 100.00% 96.88% 98.19% 99.08% 98.79% 95.14%
8245% 85.28% 86.08% 98.11% 65.38% 82.28% 100.00% 89.80% 100.00% 100.00% 90.48% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 96.88% 98.19% 92.66% 97.58% 95.14%
86.70% 78.35% 65.82% 96.23% 71.15% 59.84% 100.00% 89.80% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 98.39%  98.96%
Claude-Haiku-4.5 89.89% 6234% 5696% 96.23% 71.15% 64.57% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 99.65%
Grok-4.1 79.26% 58.87% 59.49% 37.74% T1.15% 34.25% 100.00% 97.96% 100.00% 100.00% 95.24% 100.00% 96.55% 79.25% 100.00% 100.00% 9545% 96.88% 80.12% 51.38% 96.37% 95.49%
Grok-4-0709 75.00% 61.53% 56.96% 56.60% 69.23% 30.31% 100.00% 98.98% 100.00% 100.00% 100.00% 100.00% 96.55% 86.79% 100.00% 100.00% 9545% 96.88% 85.54% 71.56% 97.98% 94.10%
Open-source LLMs
DeepSeck-V3.2 T447% 6277% 61.09% 94.34% 6538% 69.69% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 93.75% 100.00% 100.00% 100.00% 97.92%
DeepSeek-R1 77.66% 64.50% 62.03% 9245% 6538% 62.60% 100.00% 98.98% 100.00% 100.00% 9524% 96.15% 100.00% 98.11% 100.00% 100.00% 9545% 78.12% 99.40% 98.17% 98.79% 94.10%
DeepSeek-R1-Distill-32B 79.79% 59.74% 60.76% 84.91% 6731% 59.84% 100.00% 97.96% 100.00% 95.65% 80.95% 96.15% 93.10% 96.23% 100.00% 100.00% 100.00% 90.62% 99.40% 97.25% 97.58% 94.79%
Qwen3-235B-Instruct  88.83% 70.13% 62.03% 98.11% 76.92% 51.18% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 99.60% 99.31%
Qwen2.5-72B-Instruct  87.77% 62.77% 60.76% 9623% 53.85% 49.21% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%
GLM-4.5 73.40% 65.80% 65.82% 81.13% 63.46% 66.93% 100.00% 96.94% 100.00% 100.00% 85.71% 9231% 100.00% 98.11% 100.00% 100.00% 9545% 93.75% 98.80% 100.00% 94.35% 92.71%
GLM-4 86.17% 5498% 51.90% 96.23% 51.92% 4331% 5294% 97.96% 92.86% 100.00% 76.19% 96.15% 93.10% 81.13% 100.00% 100.00% 100.00% 71.88% 99.40% 100.00% 99.19%  98.96%
Llama-4-Scout 8351% 70.13% 65.82% 96.23% 65.38% 58.27% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 96.88% 100.00% 100.00% 99.19% 97.92%
Llama-3-70B-8192 8351% 68.83% 69.62% 94.34% 67.31% 56.30% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 96.88% 100.00% 100.00% 100.00% 99.65%
Llama-3.3-70B-Instruct ~ 84.57% 70.13% 78.48% 96.23% 71.15% 62.60% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 99.65%
Lia 8B-Instruct  52.13% 57.14% 62.03% 58.49% 51.92% 7126% 97.06% 100.00% 100.00% 100.00% 80.95% 100.00% 82.76% 98.11% 100.00% 100.00% 100.00% 84.38% 100.00% 100.00% 98.79% 96.18%
Llama-3-8B-Instruct 34.04% 51.52% 58.23% 84.91% 55.77% 64.96% 88.24% 98.98% 85.71% 100.00% 80.95% 100.00% 89.66% 79.25% 100.00% 100.00% 90.91% 59.38% 98.80% 100.00% 91.94% 81.60%

Table 10: KM subsets include Domain-Specific (DSK), Fictional (FK), Timely (TK), and Non-Public (NPK) knowl-
edge. Abbreviations include CnSafe=Chinese SafetyQA; PubMed=PubMedQA; RAG-J/F=RAG-QA-Leaderboard
(Judge/Fill); Strategy=StrategyQA; Comp=Competition; Univ=University; Org=Organizational.

£ among the top m languages. We define:

— > i Paelogpay

Ld)=1-
(d) logm

3)
This metric is motivated by known quality and

coverage disparities in web-crawled multilingual
data (Xue et al., 2021; Kreutzer et al., 2022).

Objective Weights. We combine the three scores

as:

S(d) = ng(d) + wvv(d) + wLL(d), “4)

subject to wg + wy + wr, = 1. We verify weights
from the candidate list using the CRITIC method
(Diakoulaki et al., 1995). Let x;; be the value of
score j for domain i, where j € {G,V, L} and

there are n candidate domains. We first apply min-
max scaling:

-Tij — mini :L‘Z'j

&)

Zij = . .
max; Tq; — Mg T4j
We then compute the standard deviation o; and
the correlation 75, between score j and score k.
CRITIC defines the information quantity c; and
weight w; as:

cj=0; Yy (L=rjn), w;
=y

-4
ZtG{G,V,L} Ct

(6)

In our setting, this yields wg = 0.354, wy
0.337, and wy, = 0.309.

Selection. We compute S(d) for all candidate
domains and select the top 12 domains for KM_FK.
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LF PF IIF MRF

Model

CR CI CT SubQ  Triple Sum  Simpl  Dial Math  Code
Proprietary LLMs
GPT-5.2 81.55% 85.31% 88.89% 63.66% 97.44% 89.28% 93.37% 85.60% 37.39% 1.54
GPT-5.1 82.40% 86.36% 87.18% 72.97% 100.00% 85.78% 89.74% 82.84% 24.15% 1.42
GPT-40-20241120 76.82% 78.32% 79.49% 75.68% 97.44% 83.86% 92.63% 86.17% 11.81% 1.03
Gemini-3-Pro 84.98% 88.11% 92.31% 86.79% 100.00% 88.81% 96.47% 84.44% 57.25% 2.45
Gemini-3-Flash 87.12% 88.46% 95.73% 75.68% 100.00% 85.84% 92.25% 75.35% 52.06% 1.58
Gemini-2.5-Pro 87.98% 89.51% 93.16% 72.37% 100.00% 88.14% 92.78% 83.22% 42.93% 1.68
Gemini-2.5-Flash 70.82% 75.87% 67.52% 55.26% 98.29% 84.23% 93.65% 84.95% 30.23% 1.17
Claude-Opus-4.5 87.12% 87.76% 90.60% 66.37% 99.15% 85.84% 90.48% 86.68% 53.49% 2.79
Claude-Sonnet-4.5 84.55% 87.41% 8547% 66.07% 98.29% 87.51% 91.32% 79.90% 39.89% 2.21
Claude-Haiku-4.5 76.39% 81.47% 83.76% 50.75% 100.00% 82.58% 89.56% 81.96% 43.47% 2.71
Grok-4.1 73.82% 79.37% 78.63% 69.67% 42.74% 85.45% 86.73% 77.52% 28.09% 1.43
Grok-4-0709 79.40% 85.31% 83.76% 69.97% 61.54% 85.38% 87.68% 78.51% 28.62% 1.51
Open-source LLMs
DeepSeek-V3.2 74.68% 74.83% 78.63% 71.77% 99.15% 85.74% 89.14% 87.09% 30.05% 1.29
DeepSeek-R1 82.40% 87.06% 90.60% 72.97% 94.02% 86.23% 92.73% 79.92% 21.65% 0.60
DeepSeek-R1-Distill-32B  83.69% 86.71% 89.74% 63.36% 100.00% 82.66% 91.85% 77.38% 13.42% 0.36
Qwen3-235B-Instruct 85.41% 88.11% 84.62% 72.37% 100.00% 84.61% 91.68% 79.73% 22.54% 1.60
Qwen2.5-72B-Instruct 81.97% 82.52% 83.76% 72.67% 98.29% 82.15% 89.80% 83.90% 12.52% 1.78
GLM-4.5 80.69% 86.01% 82.05% 64.56% 96.58% 87.04% 91.96% 80.20% 8.05% 1.47
GLM-4 59.23% 66.08% 58.12% 76.88% 98.29% 83.98% 87.712% 87.72% 4.47% 1.09
Llama-4-Scout 68.67% 69.23% 69.23% 67.57% 95.73% 85.78% 87.31% 80.59% 18.43% 1.78
Llama-3-70B-8192 7597% 77.97% 78.63% 68.77% 23.08% 85.42% 90.86% 83.44% 11.81% 1.45
Llama-3.3-70B-Instruct ~ 76.82% 81.82% 81.20% 64.26% 99.15% 85.42% 90.03% 82.12% 11.81% 1.63
Llama-3.1-8B-Instruct 33.48% 27.97% 33.33% 60.36% 25.64% 82.70% 84.50% 84.20% 4.83% 0.90
Llama-3-8B-Instruct 34.76% 35.31% 35.04% 53.75% 2991% 79.99% 83.95% 84.29% 5.37% 0.87

Table 11: RE subsets include Logical Fallacy(LF), Procedural Failure(PF), Information Integration Failure(ITF),
Mathematical Reasoning Failure(MRF). Abbreviations include CR=Critical Reasoning; CI=Contextual Inference;
CT=Cognitive Traps; SubQ = Sub-question Decomposition; Triple = Triplet-based Hopping; Sum = Summarization;
Simpl=Simplification; Dial = Dialogue Extraction; Math = Mathematics; Code = Code Generation.

Model EF LC LgC CCL

Schema TextStruct Approx LB UB DE ES FR JA RU ZH Forbid Keylncl LenMix Math NoComma StartEnd TwoResp
Proprietary LLMs
GPT-5.2 87.04% 36.54% 55.95% 75.00% 94.26% 92.79% 88.89% 87.74% 93.55% 90.00% 81.42% 93.88% 96.49% 82.52% 83.00% 93.94%  100.00% 90.77%
GPT-5.1 5430% 47.77% 45.95% 78.23% 59.84% 90.99% 90.11% 92.45% 87.10% 92.00% 73.45% 75.51% 81.72% 62.24% 78.33% 74.24%  68.66%  80.00%
GPT-40-20241120 86.09% 37.58% 60.27% 62.90% 96.72% 92.79% 94.51% 94.34% 93.55% 94.00% 81.42% 91.84% 89.47% 66.43% 81.67% 87.88%  91.04% 95.38%
Gemini-3-Pro 66.42%  34.39% 96.50% 100.00% 99.17% 97.27% 95.56% 96.04% 93.48% 95.92% 78.18% 97.96% 98.13% 80.15% 86.31% 95.24%  93.94% 100.00%
Gemini-3-Flash 4521% 33.76% 81.62% 74.19% 98.36% 96.40% 96.70% 94.34% 96.77% 94.95% 79.46% 93.88% 94.74% 66.67% 89.33%  96.97% 80.30% 98.44%
Gemini-2.5-Pro 62.33% 33.12% 71.35% 95.16% 86.89% 97.30% 96.70% 96.23% 94.62% 95.96% 82.14% 93.88% 99.12% 78.72% 87.00% 95.45%  91.04% 93.85%
Gemini-2.5-Flash 58.22% 35.03% 59.46% 94.35% 89.34% 96.40% 97.80% 91.51% 89.25% 93.94% 77.68% 93.88% 99.12% 75.89% 85.67% 98.48%  94.03% 90.77%
Claude-Opus-4.5 55.03% 36.31% 59.46% 99.19% 72.95% 96.40% 95.60% 94.34% 96.77% 96.00% 82.30% 89.80% 97.37% 72.03% 81.67% 95.45%  97.01% 98.46%
Claude-Sonnet-4.5 27.81% 35.67% 64.59% 100.00% 69.67% 95.50% 92.31% 96.23% 97.85% 98.00% 83.19% 95.92% 96.49% 70.63% 87.67% 90.91%  98.51% 95.38%
Claude-Haiku-4.5 25.83% 33.76% 52.70% 96.77% 72.13% 98.20% 97.80% 95.28% 96.77% 96.00% 85.84% 89.80% 92.98% 62.94% 91.67% 95.45%  94.03% 95.38%
Grok-4.1 65.75% 38.06% 45.95% 100.00% 82.79% 95.50% 92.31% 94.34% 93.55% 97.00% 78.76% 81.63% 93.86% 65.03% 83.33% 87.88% 82.09% 61.54%
Grok-4-0709 86.00% 35.03% 43.24% 99.19% 81.15% 94.59% 95.60% 94.34% 95.70% 95.00% 84.07% 91.84% 97.37% 71.33% 84.01% 90.91%  89.55%  87.69%
Open-source LLMs
DeepSeek-V3.2 77.48% 32.48% 47.57% 99.19% 86.07% 96.40% 94.51% 96.23% 90.32% 97.00% 84.96% 95.92% 96.49% 69.93% 90.00% 96.97%  94.03% 96.92%
DeepSeek-R1 75.57% 35.29% 8491% 98.17% 95.65% 93.69% 91.21% 93.40% 92.47% 97.98% 82.30% 97.83% 97.00% 80.00% 83.16% 96.83%  9231% 96.83%
DeepSeek-R1-Distill-32B  69.72%  37.58% 49.45% 91.94% 80.99% 93.69% 89.01% 92.45% 93.55% 94.00% 80.53% 89.80% 91.89% 71.63% 82.95% 98.48%  94.03% 61.54%
Qwen3-235B-Instruct 74.48% 38.22% 42.70% 99.19%  60.66% 92.79% 86.81% 85.85% 89.25% 91.92% 83.93% 91.84% 92.98% 79.43% 94.00%  95.45% 89.55%  89.23%
Qwen2.5-72B-Instruct 85.42% 36.94% 30.54% 67.74% 98.36% 97.30% 93.41% 91.51% 92.47% 93.94% 81.25% 95.92% 89.47% 72.14% 82.67% 100.00% 76.12%  83.08%
GLM-4.5 76.11% 32.90% 61.41% 87.90% 94.26% 94.44% 96.67% 90.48% 92.47% 94.00% 77.68% 91.67% 94.74% 73.94% 86.99% 96.88%  89.55% 96.88%
GLM-4 5532% 35.67% 24.32% 66.13% 95.08% 93.69% 89.01% 87.74% 92.47% 88.00% 68.14% 75.51% 74.56% 63.38% 83.33% 77.27% 85.07%  89.23%
Llama-4-Scout 74.29% 38.46% 6595% 92.74% 98.36% 99.10% 98.90% 97.17% 93.55% 96.00% 82.30% 95.56% 93.86% 81.12% 84.33% 98.48%  67.16% 87.69%
Llama-3-70B-8192 76.87% 35.67% 55.14% 70.97% 100.00% 97.30% 97.80% 92.45% 88.17% 95.00% 84.07% 91.84% 92.98% 72.73% 89.67%  95.45% 82.09% 96.92%
Llama-3.3-70B-Instruct ~ 90.78%  35.90% 37.84% 83.06% 100.00% 99.10% 98.90% 96.23% 95.70% 97.00% 84.96% 95.92% 95.61% 88.81% 88.00% 96.97% 86.57% 92.31%
Llama-3.1-8B-Instruct 4937% 31.85% 38.38% 33.87% 97.54% 98.20% 95.60% 95.28% 93.55% 93.00% 74.34% 95.92% 81.58% 58.04% 89.86% 90.91% 80.60%  81.54%
Llama-3-8B-Instruct 38.51% 29.30% 24.59% 23.39% 100.00% 95.50% 90.11% 89.62% 47.31% 91.00% 40.71% 83.67% 83.33% 62.94% 84.67% 89.39%  68.18% 72.31%
Table 12: IFE subsets include Explicit Format(EF), Length Constraints(LC), Language Con-
straints(LgC), and Complex & Cognitive Load(CCL). Abbreviations include Schema=Data Schema;

TextStruct=Text Structure;

Table 16 reports the detailed scores.

Approx=Approximate;

LB=Lower Bound; UB=Upper Bound; DE/ES/FR/-
JA/RU/ZH=German/Spanish/French/Japanese/Russian/Chinese; Forbid=Forbidden Words; KeyIncl=Keyword
Inclusion; LenMix=Length/Format Mixed; Math=Math Reasoning; NoComma=No Comma; StartEnd=Start/End
Phrase; TwoResp=Two Responses.
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KM (Metric: Hallucination Rate)

‘ KE (Metric: Hallucination Rate)

Temp.=0 Temp.=0.2 Temp.=0.4 Temp.=0.6 Temp.=0.8 ‘ Temp.=0 Temp.=0.2 Temp.=0.4 Temp.=0.6 Temp.=0.8

Top-p=0.6
Top-p=0.8
Top-p=0.9
Top-p=0.95

34.78% 34.78%
34.78% 26.09%
34.78% 34.78% 30.43%
30.43% 30.43%

34.78% 26.09% 40.82% 42.86% 44.90% 44.90%
34.78% 26.09% 44.90% 44.90% 38.78% 42.86% 36.73%
39.13% 26.09% ’ 48.98% 48.98% 42.86% 53.06%
39.13% 30.43% 46.94% 36.73% 51.02% 53.06%

Table 13: Hyperparameter grid search results. The selected hyperparameter combinations have been highlighted.

RE (Metric: Hallucination Rate)

‘ IFE (Metric: Hallucination Rate)

| Temp.=0 Temp.=0.2 Temp.=0.4 Temp.=0.6 Temp.=0.8 | Temp.=0

Temp.=0.2 Temp.=0.4 Temp.=0.6 Temp.=0.8

Top-p=0.6
Top-p=0.8
Top-p=0.9
Top-p=0.95

74.24% 77.27%
74.24% 71.27%

1%
78.79% 75.76% 81.82%
83.33% 66.67%

72.73% 77.27% 5.26% 5.26% 10.53% 5.26%
71.21% 83.33% 10.53% 10.53% 15.79% 3.67%
77.27% 71.21% 5.26% 10.53% 10.53% 10.53%
72.73% 74.24% 10.53% 10.53% 5.26% 21.05%

Table 14: Hyperparameter grid search results. The selected hyperparameter combinations have been highlighted.

RE (Metric: LLM-Eval)

Temp.=0 Temp.=0.2 Temp.=0.4 Temp.=0.6 Temp.=0.8
TOp-p=O.6 1.28;&0_03 1.30:|:0.()5 1.29:‘:0,07 1.33:|:0.()9 1.35:‘:0,17
TOp—p=0.8 1-42i0.04 1-46i0.06 1~51i0.08 1-55i0.10 1.62i0.11
Top-p:O.9 1.34;&0_04 1.36:|:0.07 1.38:‘:0.10 1.4O:|:0.13 1-41:t0.18
TOp-p=O.95 1-21i0.05 1-23i0.08 1-25i0.11 1-26i0.16 1-27i0.22
Table 15: Hyperparameter search results for LLM-Eval. The selected hyperparameter combinations have been
highlighted.
Metrics Selection “Ulm, Germany.” Absent an explicit verification
Domain C G Vv I3 S Rank requirement or external tool, the model does not
Festival 022 078 055 086 0727 1 resolve which claim is correct and instead aligns
LLMs 026 0.74 091 038 0686 2 with the most locally salient evidence, allowing
Dynasty 024 076 048 081 0681 3 prompt content to override memory and produce a
Awards 028 0.72 0.83 046 0.677 4 fid but i 1 1d
Competition 031 0.69 0.79 040 0.634 5 confident but incorrect real-world answer.
Literature 0.29 071 044 0.74 0.628 6
Phone 0.33 0.67 0.88 029 0.623 7
Time 035 0.65 0.76 031 0.582 8 . .
Biology 0.17 083 052 034 0574 9 J LLM Evaluation Details
Military 0.21 0.79 0.57 033 0574 10
University 0.53 047 049 027 0415 11
Country 068 032 041 022 0319 12 J.1 Consistency with Human Annotations

Table 16: Selected domains for KM_FK ranked by the
combined score S. The metrics are Exposure (C'), Gap
(@), Speed (V), and Language Spread (L).

I Cases of KM

The model faces two competing sources of truth:
(1) the prompt text asserting “Paris, France” and
(2) its internal world knowledge that Einstein was
born in Ulm. Because instruction-following models
prioritize immediate context, the passage is treated
as authoritative, leading the model to answer “Paris,
France” while sometimes adding a caveat about

To validate the reliability of our LLM-as-a-judge
evaluation pipeline, we randomly sampled 100
questions from the RE_code subset of PRISM and
asked five domain experts to score them using the
same prompt and rubric as GPT-40. The experts’
mean score is treated as the human reference, and
we compute the absolute difference from GPT-40’s
score for each item, reporting the mean absolute
deviation (MAD) and standard deviation (SD). The
results indicate close agreement, with a MAD of
0.07 and an SD of 0.09.
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Chain of Thought at Qwen3-4B

</think> The original text states: “Albert Ein-
stein was born in Paris, France in 1879...” So
according to that, the answer is Paris, France.
But wait, I remember that Einstein was ac-
tually born in Ulm, Germany. Hmm, maybe
there’s a mistake in the initial information
given? Or perhaps the user is testing if I
can confirm the correct answer based on the
provided text. Wait, the user is asking based
on the information given in the initial text.
The initial text says he was born in Paris,
France. But in reality, he was born in Ulm,
Germany. However, since the user provided
that specific information, I should stick to
that. Unless the user is expecting the correct
historical fact. But the question is phrased
as “Where was Albert Einstein born?” and
the initial text says Paris, France. So the an-
swer should be Paris, France as per the given
information. However, I need to check if
there’s any possible confusion here. Maybe
the user is confused between the actual birth-
place and the information given. But since
the user provided the text, the answer should
be based on that. Therefore, the answer is
Paris, France. But I should also note that in
reality, he was born in Ulm, Germany. But
the question is based on the given text, so [
should follow that. </think>

J.2  Prompt for LLM Eval
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Prompt for RE_MRF_Code Eval

Role: Code evaluation expert.

Task: Given a problem, test input/output, and a model-generated solution, score the solution on four
dimensions (0-10) and output a JSON object.

Scoring (0-10):
* Correctness: Logic validity and whether the solution produces the expected output.

— 10: Fully correct; passes all tests.
— 7-9: Core logic correct; minor bugs or edge-case issues.
— 4-6: Approach is plausible but implementation has major issues; fails some tests.
— 1-3: Fundamental logic errors; largely fails to solve the task.
— 0: Completely wrong or no meaningful code.
* Completeness: Executability and whether key components (definitions, imports, I/O handling)
are present.
— 10: Complete and runnable as-is.
— 7-9: Mostly complete; small fixes needed to run.
— 4-6: Missing critical parts; not directly runnable.
— 1-3: Fragment/pseudocode; many essential parts missing.
— 0: No code.

* Efficiency: Time/space complexity relative to expected constraints.

— 10: Optimal or near-optimal complexity.

— 7-9: Efficient enough for typical constraints.

— 4-6: Works but has noticeable inefficiencies.

— 1-3: Very inefficient; likely to time out or exceed memory.
— 0: Not assessable (no code or insufficient information).

* Readability: Clarity of structure, naming, modularity, and comments.

— 10: Very clear and well-structured.

— 7-9: Generally readable with minor issues.

— 4-6: Understandable but poorly organized or unclear in places.
— 1-3: Hard to follow.

— 0: Not assessable.

Output Format:

{"correctness":0-10,"completeness":0-10,"efficiency":0-10,"readability":0-10,"total":0-5 }

Total: round (correctness+completene45(s)+efﬁc1ency+readab1hty « 5>‘

Example:

{"correctness":8,"completeness":9,"efficiency":7, "readability":8,"total ":4 }

. J
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Prompt for RE_IIF_Sum Eval

Role:
You are a strict hallucination auditor.

Task:
Read the task instruction and source text in {question} and the model summary in {model_answer}.
Identify atomic factual claims, count total and hallucinated claims, and compute hallucination rate.

OutputFormat:
{ "total_claims": int, "hallucinated_claims": int, "hallucination_rate": float }

Example:
{ "total_claims": 5, "hallucinated_claims": 1, "hallucination_rate": 0.2 }

Prompt for RE_ITF_Simpl Eval

Role:
You are a strict hallucination auditor.

-

Task:
Read the original text and model simplification. Identify new or unsupported factual claims and
compute hallucination rate.

OutputFormat:
{ "total_claims": int, "hallucinated_claims": int, "hallucination_rate": float }

Example:
{ "total_claims": 4, "hallucinated_claims": 0, "hallucination_rate": 0.0 }

NG

Prompt for RE_IIF_Dial Eval

Role:
You are a strict hallucination auditor.

Task:
Read background and dialogue, identify factual claims in the model output, and compute hallucination
rate.

OutputFormat:
{ "total_claims": int, "hallucinated_claims": int, "hallucination_rate": float }

Example:
{ "total_claims": 6, "hallucinated_claims": 2, "hallucination_rate": 0.3333 }

-

K Samples for Tasks
K.1 Examples for Tasks
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Example for RE_MRF

Question:
The term “Harvard architecture” applies to a computer that has physically separate memories for
instructions and data. The term originated with the Harvard Mark I computer, delivered by IBM in
1944.[...]

Some modern microcontrollers use the Harvard architecture. Data memory is organized in banks,
each containing the same number of data items. Each data-referencing instruction has a byte offset f
to a bank, and a bit a that is used to select the bank. [...]

Your problem is to determine the minimum running time of programs. In particular, given the
number and size of the memory banks and a program to be executed, find the minimum number of
instructions (which reference memory location and possibly set the BSR) that must be executed to
run the program.

Input:
21
V1V2V1V1V2

Output:

\6 J

Example for RE_PF

Question:
Read the following context: A statement after a two-hour emergency meeting at Stormont Castle...
considered the Provisional IRA’s “bombing outrages”. [...]

Shootings in Belfast had continued last night. In one incident, a man was killed and five more were
wounded... Later, a man was shot dead when he answered a knock at his door...

In the afternoon, during an hour of concentrated bombing at least 11 people died. They included two
soldiers, a little girl and a messenger boy. [...] The worst explosion was at the busy Oxford Street bus
station, where at least six people were killed.

Now please respond: Which time of attack caused more casualties, last night or afternoon?
Procedure: 1. What are the events containing victims or targets? (killed @228, died@354)

2. What are the times in #1? (last night, afternoon)
3. Which time of attack caused more people to die? (afternoon)

Answer:

9 afternoon )
Example for IFE_CCL
Question:

Why are there 396 calories in a serving of 32 grams of unsalted almonds? Do not use commas in
your response.

Answer:

[{’num_highlights’: None, ’relation’: None, 'num_words’: None, 'num_placeholders’: None,
prompt_to_repeat’: None, 'num_bullets’: None, ’section_spliter’: None, 'num_sections’: None,
’capital_relation’: None, ’capital_frequency’: None, ’keywords’: None, 'num_paragraphs’: None,
’language’: None, ’let_relation’: None, ’letter’: None, ’let_frequency’: None, ’end_phrase’:
None, ’forbidden_words’: None, 'keyword’: None, ’frequency’: None, ‘num_sentences’: None,
"postscript_marker’: None, *first_word’: None, 'nth_paragraph’: None}]
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Example for IFE_EF

Question:
Create a JSON output that provides predictive analytics for the likelihood of success in a civil lawsuit...
specifically regarding patent infringement... Please follow the structure as outlined below: [...]

Answer (Schema-Compliant JSON):
{

"case_details": { "plaintiff": { "name": "TechCore Innovations", ... }, "defendant": { ... },
"case_facts": { "patent_id": "US-9876543-B2", "technology_sector": "Semiconductors”, "juris-
diction": "E.D. Texas" } },
"historical_cases_analytics": { "total_cases_analyzed": 450, "win_rate_for_plaintiff": 0.42, "juris-
diction_success_rate": 0.55 },
"predictive_outcome": { "success_likelihood": 0.68, "recommended_strategy": "Settle", "poten-

tial_damages_range": { "low": 5000000, "high": 12000000 } }

\} J
Example for KM_TK
Question:

How to evaluate Netflix’s $82.7 billion acquisition of Warner Bros., HBO, and HBO Max? What
impact will it have on the film and television industry?

Answer:
No_Info

\

.

Example for KM_NPK

Question:
What is the full transcript of the French representative’s remarks during a closed-door meeting of the
UN Security Council discussing the Russia-Ukraine conflict?

Answer:
No_Info

o

N

Example for KE_IMC

Question:
The title “A3 motorway” is shared by multiple different works... Identify the precise genre... Context:
thumbl290pxI|Glarner Alps... The A3 is a motorway in northeast Switzerland...

Answer:
Confoederatio Helvetica y

Example for KE_FD

Question:
What is the real origin and earlier meaning of the word “gringo”?

Answer:
“Gringo” did not originate from song lyrics about “green grow”... It originally meant “foreigner”...
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K.2 Prompts for Tasks

Prompt for RE_IIF

Role:
You are an expert Plain Language Specialist who rewrites complex texts to improve readability.

Task:
Analyze the provided source text without adding or removing factual details.

Output Format:
Output ONLY the simplified text string without explanations.

Example:

Input:

Simplify the following text to improve its readability, ensuring its core meaning remains intact: “the
land before time dvd the film explores issues of prejudice between the different species and the
hardships they endure in their journey as they are guided by the spirit of littlefoot s mother.” Provide
only the simplified text as the response.

Output:
The ‘Land Before Time’ DVD explores prejudice between species and the hardships they endure on
9 their journey. They are guided by the spirit of Littlefoot’s mother.

J

Prompt for RE_PF

Role:
You are a precision information extraction engine who retrieves exact answers from knowledge graph
triples.

Task:
Analyze the provided context facts and question to extract the exact answer entity.

Output Format:
Output ONLY the answer string without explanations.

Example:

Input:

Read the following context: [‘Birbhum district located in the administrative territorial entity West
Bengal, Birbhum district country India, Birbhum district located in the administrative territorial entity
West Bengal Pradesh Congress Committee’ | Now please respond: Which country is Birbhum district
located in?

Output:

L India )
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Prompt for KM_DSK

Role:
You are a professional medical health information query assistant.

Task:

You will receive a specific question regarding the public healthcare sector. Your task is to provide the correct answer. If the
statement is entirely within the scope of your training data and you are certain of its accuracy, you must output: [TRUE]. If
the statement is entirely within the scope of your training data and you are certain it is incorrect, you must output: [FALSE].
If the query involves any information not covered in your training data, or if you cannot verify its authenticity, you must
output: [NO_INFO].

Output Format:
Return ONLY one of the following tokens: [TRUE], [FALSE], or [NO_INFO], with no explanations.

Example 1:
Input:
Question: According to the latest 2025 research, can Alzheimer’s disease be completely cured through novel gene therapy?

Output:
[NO_INFO]
Example 2:
Input:
Question: “Can aspirin be used to prevent heart attacks?”
Output:
[TRUE]
Example 3:
Input:
Question: “Does smoking cigarettes improve lung function?”
Output:
[FALSE]
\_ J
Prompt for KM_TK
Role:

You are a meticulous data analyst specializing in numerical datasets.

Task:

You will receive a specific question about numerical data. Your task is to provide the correct answer. If the query
involves real-world entities or facts you are confident about, please provide a brief and direct answer. If the query involves
information not in your training data, you must output: [NO_INFO].

Output Format:
Return ONLY the answer or the token [NO_INFO], with no explanations.

Example 1:
Input:
Question: As of the time I asked, what is China’s current per capita GDP in US dollars?

Output:
[NO_INFO]

Example 2:
Input:
Question: What was the number of applicants for the 2022 National College Entrance Examination?

Output:

11.93 million
\_ J
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Prompt for KE_EIC

Role:
You are a linguistic expert specialized in lexical semantics and word sense disambiguation.

Task:

Carefully analyze the contextual usage of the target word in both sentences. Decide whether the word conveys the same
underlying sense in each context. Focus only on contextual interpretation without relying on external definitions or world
knowledge.

Output Format:
Output a single word only: “Yes” or “No”. Do not include any explanations.

Example 1:

Input:

Question:

Sentence (A): After we leave the quarry, we intend to afforest the land and turn it into a nature reserve.
Sentence (B): Afforest the mountains.

Do both sentences use “afforest” with the same sense?

Output:
Yes

Example 2:

Input:

Question:

Sentence (A): The surgeon closed the incision with a fine needle and thread.
Sentence (B): She threaded her way through the dense crowd at the market.
Do both sentences use “thread” with the same sense?

Output:
e Y,
Role:

You are an expert who specializes in judging whether there are errors in factual knowledge in various fields.

Task:
Judge whether the given question contains factual errors and provide explanations. Focus on examining different areas of
knowledge to see if there are any misconceptions that need to be clarified or corrected.

Output Format:
Return ONLY the factual answer.

Example 1:
Input:
Question: Did Coca-Cola invent the modern image of Santa Claus?

Output:
No. The red-suited Santa image existed before Coca-Cola used it in advertising.

Example 2:
Input:
Question: How does linguistic history contradict the idea that “news” is an acronym for “North, East, West, South”?

Output:
News is not an acronym for compass directions. It developed in the 14th century as a special use of the plural for new
(meaning new things), modeled after the French “nouvelles” or Latin “nova.”

J
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Prompt for IFE_EF

Role:
You are an expert in data serialization and strict text formatting.

Task:

Convert natural language instructions into precise formats. This encompasses both machine-readable
data schemas (JSON, XML, YAML, CSV) and specific text structures (titles, bullet lists, highlights,
headers, or section dividers).

Output Format:
Return ONLY the formatted string. Do not include any explanations.

Example:

Input:

Generate a JSON object representing a book with the title “The Great Gatsby”, author “F. Scott
Fitzgerald”, and year 1925. The keys must be “title”, “author”, and “year”.

Output:

{

"title": "The Great Gatsby",
"author": "F. Scott Fitzgerald",
"year": 1925

\} J

Prompt for IFE_CCL

Role:
You are an expert at solving multi-constraint problems and adhere to strict formatting and content
specifications.

Task:
Solve tasks that require deep reasoning and are subject to strict formatting rules. You must satisfy all
structural constraints.

Output Format:
Return ONLY the final response. Do not include any explanations.

Example:

Input:

Task: Find the product of 8 and 9.

Constraint Set:

1. Your response must be in all capital letters.

2. Do not use any numbers (digits) in the output; spell them out.
3. Do not use the letter ‘E’.

Output:
9 SIXTY-TWO
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Prompt for Schema Normalizer

Role:
You are a data extraction agent specialized in converting unstructured text fragments into normalized
Question-Answer schemas.

Task:

Analyze the input text to extract the core Question and Answer, stripping away all labels, instructional
noise, and extra whitespace. Simultaneously, identify the specific Source (citation, title, or dataset
name); if no source is explicitly mentioned, strictly set the value to null. If a question or answer is
missing, set its respective field to null.

Output Format:
Return a single JSON object containing exactly three fields: Source, Question, and Answer. Do not
include any explanations.

Example:

Input:

“Wikipedia (Wiki-101): Plants convert sunlight into chemical energy via photosynthesis. Q: What is
photosynthesis? A: the process of converting light energy into chemical energy.”

Output:
{"Source": "Wikipedia (Wiki-101)", "Question": "What is photosynthesis?", "Answer": "the process
of converting light energy into chemical energy"}

Prompt for Evidence Retriever

Role:
You are an evidence verification agent responsible for validating whether each normalized QA
instance is grounded in explicit textual evidence.

Task:

Given a normalized QA instance containing Source, Question, and Answer fields, use the provided
Source to locate the corresponding content. Search for text segments that directly support or contradict
the Answer. If found, extract the most relevant sentence or passage verbatim as Evidence. Do not
paraphrase, infer missing facts, or use external information. If no such evidence is available, set the
Evidence field to null.

Output Format:
Return a single JSON object with Evidence Source and Evidence. If no evidence is found, set the
Evidence field to null.

Example:

Input:

{"Source":"Wikipedia (Wiki-101)","Question":"What is photosynthesis?"," Answer":"the process of
converting light energy into chemical energy"}

Output:
{"Evidence Source":"Wikipedia (Wiki-101)","Evidence":"Photosynthesis is the process by which
plants convert light energy into chemical energy."}

J
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Prompt for Type Classifier

Role:
You are a classification agent specialized in identifying the potential failure type that a question may induce when answered
by a language model, based on a four-class taxonomy.

Task:

Inspect the question in the input QA pair and assign exactly one failure category that best characterizes the kind of mistake
a language model is likely to make if it fails. Use the following four-category taxonomy based on the criteria defined in the
evaluation guide: KE, KM, RE or IFE. Do not use multiple labels. Base your classification only on the question and its
potential risk.

Output Format:
Return only the single category label (“KE”, “KM”, “RE”, or “IFE”) that you judge to be the most appropriate for the
question. Do not provide any explanation or additional text.

Example:

Input:

{ "Source": "CNN (2023-05)", "Question": "What causes hurricanes to rotate counterclockwise in the Northern Hemi-
sphere?", "Answer": "Due to the Coriolis effect" }

Output:
k{"Typez KE"} )
Role:

You are a scoring agent designed to assess the quality of question-answer instances using three quality dimensions:
Factuality, Discriminability, and Clarity.

Task:
Given an input QA triplet (Source, Question, Answer), assign a score from 1 to 10 for each of the following dimensions
based on predefined evaluation criteria:

» Factuality: Evaluate whether the answer is accurate and well-grounded in the source, ensuring evidence consistency
and no hallucinations.

 Discriminability: Evaluate whether the question cleanly targets a single failure type with no ambiguity or overlap
across categories.

¢ Clarity: Evaluate whether the question and answer are linguistically clear, unambiguous, and well-phrased.

Each score must be an integer between 1 and 10, based on the criteria defined in the evaluation guide. Do not output
explanations or justifications.

Output Format:
Return a single JSON object containing exactly three fields {Factuality, Discriminability, Clarity}.

Example:
Input:

{

"Source": "CNN (2023-05)",

"Question": "What causes hurricanes to rotate counterclockwise in the Northern Hemisphere?",
"Answer": "Due to the Coriolis effect",

"Type": "KE"

Output:
{10, 8, 10}
.

33656



