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Abstract

What happens when a storyteller forgets its
own story? Large Language Models (LLMs)
can now generate narratives spanning tens of
thousands of words, but they often fail to main-
tain consistency throughout. When generating
long-form narratives, these models can con-
tradict their own established facts, character
traits, and world rules. Existing story genera-
tion benchmarks focus mainly on plot quality
and fluency, leaving consistency errors largely
unexplored. To address this gap, we present
ConStory-Bench, a benchmark designed to
evaluate narrative consistency in long-form
story generation. It contains 2,000 prompts
across four task scenarios and defines a tax-
onomy of five error categories with 19 fine-
grained subtypes. We also develop CONSTORY-
CHECKER, an automated pipeline that detects
contradictions and grounds each judgment in
explicit textual evidence. Evaluating a range
of LLMs through five research questions, we
find that consistency errors show clear tenden-
cies: they are most common in factual and tem-
poral dimensions, tend to appear around the
middle of narratives, occur in text segments
with higher token-level entropy, and certain er-
ror types tend to co-occur. These findings can
inform future efforts to improve consistency
in long-form narrative generation. Our project
page is available at https://picrew.github.
io/constory-bench.github.io/.

1 Introduction

Long-form narrative generation has become a key
capability for large language models (LLMs) em-
powering a wide range of applications including,
e.g. content creation, storytelling, and educational
authoring. As context windows expand, models
must maintain consistency across thousands of to-
kens by accurately tracking entities and events,
preserving world rules, and sustaining coherent
stylistic conventions, rather than merely producing
locally fluent text. Recent research has advanced

xingu@microsoft.com

wu_yuhao@mymail.sutd.edu.sg

long-context understanding and long-form gener-
ation capabilities, yet these efforts have not sys-
tematically isolated cross-context contradictions or
provided reproducible evaluation mechanisms at
scale (Bai et al., 2024b, 2025; An et al., 2024; Wu
et al., 2024; Que et al., 2024). Within narrative gen-
eration, existing planning-based approaches (Fan
et al., 2018; Zhou et al., 2023; Wang et al., 2023;
Xie and Riedl, 2024; Gurung and Lapata, 2024;
Wen et al.,, 2023) and creative writing evalua-
tions (Ismayilzada et al., 2024; Xie et al., 2023;
Wang et al., 2024) focus primarily on plot coher-
ence and fluency, leaving global consistency un-
derexplored. Furthermore, while LLM-as-a-judge
protocols show promise for automated evaluation,
existing approaches typically lack explicit textual
evidence and interpretable rationales (Lee et al.,
2024; Pereira et al., 2024; Tan et al., 2024; Chen
et al., 2024; Zheng et al., 2023). Recent work
on real-time hallucinated-entity detection (Obeso
et al., 2026) highlights complementary online di-
agnostics, but does not provide a benchmark-level
taxonomy and evidence-grounded consistency eval-
uation for long-form stories.

To fill this gap, we present ConStory-Bench,
a benchmark for evaluating narrative consistency
in long-form story generation. We also develop
CONSTORY-CHECKER, an automated evaluation
pipeline that detects contradictions and grounds
each judgment in explicit textual evidence with ex-
act quotations. ConStory-Bench comprises 2,000
prompts across four narrative task scenarios and
defines a five-dimension taxonomy with 19 fine-
grained error subtypes. An overview of the bench-
mark and pipeline is provided in Figure 1.

We structure our investigation around the fol-
lowing Research Questions: (1) To what extent
do current LLMs maintain narrative coherence in
ultra-long text generation, and do different models
exhibit similar distributions of consistency error
types? (2) How do consistency errors scale as
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(a) Long Story Generation

Example Prompt: "Write a story about a single |
mother and child whose car breaks down during
a winter road trip in 1982. Show their struggle
and unexpected kindness from strangers..."

LLM Generation

Target Length: 8,000-10,000 words

Long Story: "December 1982. The Pontiac dies on a Nebraska highway.
Mara wraps Jamie's cap straight, breath fogging the glass. @ "Mommy,
I'm cold," whimpers five-year-old Jamie, clutching his teddy bear.
A truck stops. @ "

Long Story 1

Long Story 2

fifteen-year-old son
2

Long Story 3

(b) Consistency Analysis

Stage 3: Evidence Chains

Reasoning: LLM explains why the two spans @
cannot both be true. i

132
Evidence: Cites both conflicting spans (A/B)  |{{| 5
and records where each appears in the story.

Conclusion: Error Tyoe lable.

L)@
Ol
Story 1 ------ error-type count: el, words: wi
Story 2 ------ error-type count: e2, words: w2
em,i
CEDp, ; = =
Story 3 ------ error-type count: e3, words: w3 Wpn,i / 10000

Stage 2: Contradiction Pairing

Consistent

Consistency Error Density (CED)

LLM Judge @

Stage 1: Category-Guided Extraction

Error Type: €2 Timeline & Plot Logic

<« ﬁ World-building Setting £ Character

Contradictory % Factual Consistency = L[] Narrative Style

(c) Weighted Scoring

Group Relative Rank (GRR)

— 1 Win i 1 :
CED,, = —— Z CEDp; — GRR,, = —— X rank(Qy, ) '+
N Nm i

1+ep;

Figure 1: Overview of ConStory-Bench. The framework comprises three components: (a) a 2,000-prompt
benchmark for long story generation (Targeting 8,000—10,000 words), (b) CONSTORY-CHECKER, a three-stage
pipeline that extracts errors across five categories, pairs contradictions, and constructs evidence chains, and (c)
standardized scoring via Consistency Error Density (CED) and Group Relative Rank (GRR).

a function of output length across different LLM
architectures? (3) What underlying factors con-
tribute to the emergence of consistency errors, and
are there identifiable signals that reliably predict
their occurrence? (4) Do different types of con-
sistency errors systematically co-occur, or do they
arise independently? (5) How are consistency er-
rors distributed across positions within long-form
generated narratives?
Our main contributions are as follows:

* We introduce ConStory-Bench, a benchmark
for evaluating narrative consistency in long-
form story generation, with four task scenarios
and a taxonomy of five error categories and
19 fine-grained subtypes.

* We develop CONSTORY-CHECKER, an au-
tomated evaluation pipeline that detects con-
tradictions and supports each judgment with
exact textual evidence.

* We present evaluation results for a broad range
of text generation systems, spanning propri-
etary and open-source models, capability-
enhanced models, and agentic generation
systems, and conduct a systematic analysis
guided by five research questions.

2 ConStory-Bench

We present ConStory-Bench, a benchmark for eval-
uating consistency in long-form narrative gener-
ation. The benchmark uses an LLM-as-judge
pipeline to detect consistency errors and classify
them into fine-grained categories. Section 2.1 de-
scribes the data collection and prompt construc-
tion procedure, Section 2.2 introduces the error
taxonomy, and Section 2.3 presents the automated
evaluation pipeline.

2.1 Dataset Construction

Sources and Selection. We collect seed
stories from seven diverse public cor-
pora: LONGBENCH (Bai et al.,, 2024b),
LONGBENCH_WRITE (Bai et al., 2024c),

LONGLAMP (Kumar et al., 2024), TELLMEAST-
ORY (Akoury et al., 2020), WRITINGBENCH (Wu
et al.,, 2025¢), WRITINGPROMPTS (Fan et al.,
2018), and WIKIPLOTS (Riedl, 2017). We extract
both creative writing queries and full-length
narratives from these corpora.

Prompt Construction via LLM Rewriting. We
convert the collected stories into task-specific
prompts to elicit long-form narrative generation
from models. For each story, we first assign one of
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Consistency Error Examples

Yesterday, John went to the cinema to watch the latest sci-fi blockbuster. (@) This
morning, he itedly shared his experi from last night's movie with his
colleagues. The film featured cutting-edge special effects and an enqaging storyline
that kept everyone on the edge of their seats... @) He mentioned how the evening
show was particularly crowded and exciting.

Dr. Smith, a veteran physician with over 20 years of experience, carefully examined
his patient in the bright hospital room. () He picked up his stethoscope to
measure the patient's blood pressure accurately. The readings were concerning,
s0 he decided to prescribe additional medication... 2 Using the stethoscope, he
carefully monitored the pressure levels on the display.

In 19th century Victorian London, Lady Emily gracefully walked through the
cobblestone streets in her elegant silk gown. (1) She pulled out her iPhone to send
a quick text message te her dear friend. The gas lamps flickered romantically in
the evening mist as horse-drawn carriages passed by... @ After posting on
Instagram about the lovely weather, she put the device back in her purse.

The hospital receptionist carefully reviewed the patient’s medical records on her
computer screen, checking all the important details. (1) The file clearly showed the
patient's name as Michael Johnson, aged 45. She then checked the identification
card that the patient had provided... 2 The ID clearly displayed the name Robert
Wilsen, also aged 45.

Sarah was known throughout the entire school as an extremely shy and introverted
student who rarely spoke in class. (1) She confidently stood up and loudly announced
to the entire classroom, "Hey everyone! I'm the most amazing student

here!" Her classmates were completely surprised by this unexpected behavior... @
She then pi ded to give an enthusiastic pi about all her
achievements.

Figure 2: Representative consistency error examples
sampled from real LLM-generated stories on ConStory-
Bench. Highlighted segments show contradictions
in Timeline & Plot Logic, Characterization,

) , and
Narrative & Style.

four task types based on its narrative structure and
content: generation - produce a free-form narra-
tive given only a minimal plot setup, continuation -
extend an initial story fragment into a complete, co-
herent narrative, expansion - develop a long-form
story from a concise yet relatively complete plot
outline by elaborating implicit details and events,
completion - write a full story with predefined be-
ginning and ending, given minimal guidance for the
intervening plot. Using 04-mini, we then rewrite
each story into a prompt tailored to its assigned
task type, grounding prompts in authentic narra-
tive elements from the source stories while con-
straining target generation length to 8,000—10,000
words. Finally, we perform quality control through:
(i) MinHash-based deduplication to remove near-
duplicate prompts, and (ii) filtering low-quality or
trivial cases through manual inspection and auto-
mated heuristics. This process yields 2,000 high-
quality prompts distributed across the four task
types (Table 1). Detailed task specifications and
representative prompt examples are provided in
Appendix A.

Task Type Count Percentage
Generation 751 37.5%
Continuation 432 21.6%
Expansion 422 21.1%
Completion 395 19.8%
Total 2,000 100%

Table 1: Statistics of ConStory-Bench across four task
types.

Error Type Sub Error Type
Timeline & Plot Absolute Time Contradictions
Logic Duration Contradictions
Simultaneity Contradictions
Causeless Effects
Causal Logic Violations
Abandoned Plot Elements
Characterization Memory Contradictions

Knowledge Contradictions

Skill Fluctuations

Forgotten Abilities
World-building &
Setting

Core Rules Violations
Social Norms Violations
Geographical Contradictions
Factual & Detail Appearance Mismatches
Consistency Nomenclature Confusions
Quantitative Mismatches
Narrative & Style Perspective Confusions
Tone Inconsistencies

Style Shifts

Table 2: Consistency-error taxonomy used by ConStory-
Bench, comprising five categories and 19 subtypes.

2.2 Consistency Error Taxonomy

To enable systematic evaluation, we develop a hier-
archical taxonomy grounded in narrative theory and
prior research on story understanding (Ismayilzada
et al., 2024; Xie et al., 2023). The taxonomy com-
prises five top-level categories and 19 fine-grained
error types (Table 2), encompassing contradictions
that emerge across temporal logic, character mem-
ory, world-building rules, factual details, and narra-
tive style. Representative error cases with detailed
annotations are presented in Figure 2.

2.3 Automated Error Detection Pipeline

Building on the task structure and error taxon-
omy, we introduce CONSTORY-CHECKER, an au-
tomated LLLM-as-judge pipeline for scalable and
auditable consistency evaluation. The pipeline con-
sists of four stages (Zheng et al., 2023):
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Stage 1: Category-Guided Extraction. Narra-
tives are scanned using category-specific prompts
across five dimensions (Timeline/Plot, Characteri-
zation, World-building, Factual, Narrative Style) to
extract contradiction-prone spans.

Stage 2: Contradiction Pairing. Extracted
spans are compared pairwise and classified as Con-
sistent or Contradictory, following CheckEval (Lee
et al., 2024) and ProxyQA (Tan et al., 2024). This
reduces false positives and isolates genuine incon-
sistencies.

Stage 3: Evidence Chains. For each contradic-
tion, we record: Reasoning (why it is a contradic-
tion), Evidence (quoted text with positions), and
Conclusion (error type) (Pereira et al., 2024).

Stage 4: JSON Reports. Standardized JSON
outputs capture quotations, positions, pairings, er-
ror categories, and explanations, with all judgments
anchored to precise character-level offsets.

We adopt o4-mini as the evaluation model to
balance accuracy and efficiency; recent studies con-
firm strong LLM performance on structured judg-
ment tasks (Chen et al., 2024). Complete imple-
mentation details are provided in Appendix A.2.
This four-stage pipeline forms the foundation for
the experiments in Section 3.

3 Evaluation

We evaluate narrative consistency across four
types of systems—proprietary models, open-source
models, capability-enhanced models, and agen-
tic writing systems—using ConStory-Bench and
ConStory-Checker.

3.1 Experimental Setup

Models and Data. We evaluate a comprehensive
set of models spanning four categories. Propri-
etary models are from OpenAl (OpenAl, 2025),
Google (Comanici et al., 2025), Anthropic (An-
thropic, 2025), xAl (xAl, 2025) and others. Open-
source models cover Qwen (Yang et al., 2025),
DeepSeek (Guo et al., 2025), GLM (GLM-4.5
Team, 2025), Kimi (Kimi Team, 2025), and others.
We also include capability-enhanced models fine-
tuned for long-form story generation (Wu et al.,
2025a; Pham et al., 2024; Bai et al., 2024a) and
agent-enhanced systems (Wu et al., 2025b; Wang
et al., 2025a) that employ multi-step generation
pipelines. Each model generates outputs for all

2,000 prompts across the four task scenarios (Fig-
ure 7) under comparable settings.

3.2 Results and Analysis
3.2.1 RQ1

To what extent do current LLMs maintain narra-
tive coherence in ultra-long text generation, and
do different models exhibit similar distributions
of consistency error types?

Benchmarking long-form narrative consistency
requires metrics that capture both absolute er-
ror rates and relative performance across diverse
prompts, yet naive error counting fails to account
for length variation and prompt difficulty.

Method. We employ two complementary metrics
to address these challenges, building on established
methodologies for ranking-based evaluation (Liu
et al., 2023; Zheng et al., 2023). Simply counting
errors per story unfairly penalizes models that gen-
erate longer outputs—a 10K-word story intuitively
would have more opportunities for errors than a
2K-word one. To remove this length bias, we intro-
duce Consistency Error Density (CED), which
normalizes errors by output length, measuring er-
rors per ten thousand words for model m on story
i

Emyi (1)

CED,,; = —
" wpm,/10000”

where e, ; denotes error count and w,,; word
count. Model-level scores average over all stories:
CED,, = % Zf\; 1 CED,,, ; (lower is better). How-
ever, CED still does not account for varying prompt
difficulty: some prompts inherently elicit more er-
rors across all models. To enable fair cross-model
comparison that controls for instance-level diffi-
culty, we introduce Group Relative Rank (GRR),
which ranks models within each prompt group. For
each story ¢ with M; candidate outputs, we define
a length-aware quality score

Wi

Qm,i = mv

(@)

rank all models by @), ; within the same story ¢,
and compute GRR:

GRR,, = J\/}m ; rank; (Qpm.;). (3)

Detailed computation examples illustrating these
metrics are provided in Appendix C.1.
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Results & Answer. Table 3 shows substantial
performance variation across the evaluated mod-
els. GPT-5-REASONING achieves the lowest CED
(0.113) and best GRR (2.80), followed by GEMINI-
2.5-PRO (CED: 0.305) and CLAUDE-SONNET-4.5
(CED: 0.520, GRR: 4.54). Among open-source
models, GLM-4.6 and QWEN3-32B exhibit com-
petitive performance (CED: 0.528-0.537), ap-
proaching proprietary-level consistency; moreover,
capability-enhanced LONGWRITER-ZERO (CED:
0.669) and agent-enhanced SUPERWRITER (CED:
0.674) achieve comparable results despite different
generation strategies. These benchmarks show that
most models still struggle with long-form narra-
tive consistency and make a considerable number
of errors, while GPT-5-Reasoning currently de-
livers the strongest performance among all eval-
uated systems. Practically, error analysis reveals
Factual & Detail Consistency and Timeline & Plot
Logic as dominant failure modes, indicating entity
tracking and temporal reasoning remain primary
challenges. Beyond model-level comparisons, task
type also affects consistency: Generation tasks con-
sistently yield higher CED than Continuation, Ex-
pansion, and Completion tasks across most mod-
els (Table 8), suggesting that open-ended creation
without prior context poses the greatest consistency
challenge. A comprehensive performance ranking
is provided in Appendix B.1.

3.2.2

How do consistency errors scale as a function of
output length across different LLM architectures?
To assess long-form narrative generation, we
need to understand how consistency behaves as
the generated text grows. In practice, models that
prefer shorter outputs may appear more consistent
but leave storylines unfinished, whereas models
that write longer texts may complete narratives yet
accumulate more contradictions. To study these
patterns, we analyze output length distributions
across the evaluated models and examine how error
counts scale with increasing narrative length.

Results & Answer. Figure 3 reveals highly di-
verse length preferences across evaluated models.
Proprietary systems like GPT-5-REASONING and
CLAUDE-SONNET-4.5 predominantly produce out-
puts exceeding 6K words (90.6% and 90.7% respec-
tively), while GROK-4 and GPT-40-1120 predom-
inantly generate shorter outputs, with the majority
concentrated in 0-3K words (70.2% and 100% re-

GPT-5-Reasonin gl 6:2% 90.6%
Claude-Sonnet-4.5 90.7%

Qwen3-328

Qwen3-235B-A228
Thinking 76:5%

GLM-4.5 54.7% 33.7%

I3
R

Gemini-2.5-Pro 75.6% 201%

DeepSeek-V3.2-Exp 73.9%

Doubao-1.6
‘Thinking-2507

Kimi-K2-2509 40.5%

65.0%

Grok-4 28.8%

GPT-40

[ o-3kwords 3k-6k words | | 6k+w;rds
Figure 3: Output length distribution across representa-
tive models. Stacked bars show the proportion of 0-3K,
3K-6K, and 6K+ word outputs.

1200

—e— Claude-Sonnet-4.5 (Error, r=0.478)
—a— DeepSeek-V3.2-Exp (Error, r=0.973)
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DeepSeek-V3.2-Exp (Story Count)
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Figure 4: Consistency error growth across different story
lengths for two models. Lines: Average error count per
story at each length bin (cf. “Errors” in Table 3); Bars:
Number of samples in each bin.

spectively). Open-source models exhibit varied
preferences: QWEN3-32B favors longer outputs
(92.0% beyond 3K words), whereas DEEPSEEK-
V3.2-EXP balances across ranges. As shown in
Figure 4, error counts increase approximately lin-
early with output length across models. CLAUDE-
SONNET-4.5 exhibits moderate length-error cor-
relation (r=0.478), while DEEPSEEK-V3.2-EXP
shows stronger dependency (r=0.973). These pat-
terns demonstrate that errors accumulate linearly
with length; however, models differ substantially
in their length preferences, leading to diverse
length-consistency patterns. Additional model out-
put length statistics are provided in Appendix B.2.

3.2.3 RQ3

What underlying factors contribute to the emer-
gence of consistency errors, and are there identifi-
able signals that reliably predict their occurrence?

Method. We examine whether model uncertainty
differs between erroneous and correct content. We
quantify token-level uncertainty using Shannon en-
tropy (Wang et al., 2025b; Khalid et al., 2025; Kr-
ishnan et al., 2024; Lee et al., 2025). We select two
models, QWEN3-4B-INSTRUCT-2507 (4B) and
QWEN3-30B-A3B-INSTRUCT-2507 (30B), be-
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Table 3: Comprehensive performance on ConStory-Bench. CED: Consistency Error Density (errors per 10K words;
lower is better). Category columns show CED breakdown: Char. (Characterization), Fact. (Factual & Detail
Consistency), Narr. (Narrative & Style), Time. (Timeline & Plot Logic), World (World-building & Setting). GRR:
Group Relative Rank (lower is better). Words: average output length (words). Errors: average error count per
story. Total: number of completed stories. Blue indicates the best model in each column, Green indicates the

second best, and Yellow indicates the third best. Models with Total below 2,000 indicate prompts refused due to

safety filtering.

Model ‘

CED (errors per 10K words) |

‘GRRi‘ Words  Errors

Total
‘Overall Char. Fact. Narr. Time. World‘ ‘
Proprietary Models
GPT-5-Reasoning 0.113 0.005 0.061 0.003 0.024 0.003 | 3.05 9050 0.09 1990
Gemini-2.5-Pro 0.305 0.009 0.132 0.015 0.108 0.029 | 7.79 5584 0.16 1996
Claude-Sonnet-4.5 0.520 0.017 0.224 0.004 0.128 0.043 | 49 8929 0.37 1998
Grok-4 0.670 0.033 0.307 0.065 0.222 0.076 | 13.38 2765 0.19 2000
GPT-40-1120 0.711 0.036 0.163 0.018 0.440 0.104 | 17.59 1241 0.09 1774
Doubao-1.6-Thinking-2507 1.217 0.070 0.407 0.035 0.355 0.160 | 11.9 3713 0.41 2000
Mistral-Medium-3.1 1.355 0.067 0.435 0.010 0.474 0.155 | 14.67 2447 0.28 2000
Open-source Models
GLM-4.6 0.528 0.015 0.184 0.007 0.102 0.051 | 8.45 4949 0.18 2000
Qwen3-32B 0.537 0.009 0.120 0.068 0.191 0.047 | 6.39 6237 0.27 2000
Ring-1T 0.539 0.012 0.249 0.015 0.111 0.048 | 8.08 5264 0.23 1999
DeepSeek-V3.2-Exp 0.541 0.011 0.201 0.012 0.129 0.044 | 10.89 3724 0.15 2000
Qwen3-235B-A22B-Thinking 0.559 0.013 0.269 0.010 0.136 0.069 | 7.89 5424 0.27 2000
Step3 0.845 0.017 0.330 0.116 0.189 0.061 | 11.45 3793 0.27 1916
Kimi-K2-2509 1.300 0.016 0.630 0.007 0.311 0.099 | 13.32 3227 0.34 1792
Nvidia-llama-3.1-Ultra 1.833 0.045 0.376 0.045 0.793 0.151 | 17.82 1224 0.17 1998
MiniMax-M1-80k 3.447 0.133 1.079 0.004 1.050 0.376 | 18.07 1442 0.38 1716
Capability-enhanced LLMs
LongWriter-Zero (Wu et al., 2025a) 0.669 0.027 0.097 0.054 0.178 0.039 | 5.45 13393 0.53 1857
Suri-i-ORPO (Pham et al., 2024) 2445 0.129 0.225 0.236 0.689 0.122 | 12.76 4279 0.60 2000
LongAlign-13B-64k (Baietal., 2024a)| 3.664 0.099 1.720 0.002 0.751 0.123 | 18.88 1624 0.20 2000
Agent-enhanced Systems

SuperWriter (Wu et al., 2025b) 0.674 0.025 0.255 0.070 0.245 0.030 | 7.97 6036 0.38 2000
DOME (Wang et al., 2025a) 1.033  0.037 0.591 0.018 0.288 0.068 | 6.94 8399 0.84 1969

cause they are open-source and reproducible, have
adequate error samples, and impose manageable
computational costs for entropy calculation over
long contexts. For each position ¢ in a generated
sequence, let P, = {p1,p2,...,pr} denote the
next-token distribution over the top-K candidates;
then

K
H(P) =~ pilog,pi, e
=1

where higher entropy signifies a more diffuse, less
confident distribution. For a text segment S with
N tokens, we report the sentence-level mean

_ 1 N
H(S) = NZH(B)'
=1

All entropy measurements are based on decoding
configurations commonly used in practice: Tem-
perature = 0.7, Top-k = 20, and Top-p = 0.95. We
compute H for error content and the whole-text
baseline across representative models.

Results & Answer. Across two representative
models, error content exhibits consistently and
significantly higher entropy than the whole-text
baseline: QWEN3-4B-INSTRUCT-2507 shows
an entropy increase of 19.24%, while QWEN3-
30B-A3B-INSTRUCT-2507 shows an increase of
12.03% (Table 4). Taken together, these results
indicate that the model does not err unknowingly;
rather, it more often makes incorrect choices
when confronted with greater uncertainty. Prac-
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Table 4: Entropy comparison between whole text and
error-bearing segments. Higher entropy in error content
indicates greater unpredictability relative to the whole-
text baseline.

Metric Qwen3-30B-A3B  Qwen3-4B

Instruct-2507  Instruct-2507

Whole Text Avg Entropy 1.1438 1.0734
Error Content Avg Entropy 1.2814 1.2799
Error vs Whole (% Diff) +12.03% +19.24%

tically, this makes entropy an actionable early-
warning signal: when local entropy surpasses a sta-
bility threshold, the system should trigger verifica-
tion or self-check routines to curb consistency fail-
ures proactively. For complementary token-level
uncertainty measures (e.g., probability, perplexity),
see Appendix B.3.

324 RQ4

Do different types of consistency errors systemati-
cally co-occur, or do they arise independently?
Correlation patterns between error categories can
reveal important relationships: if two error types
often appear together, they may share a common
cause; if they rarely co-occur, they likely arise inde-
pendently. To quantify these patterns, we compute
pairwise Pearson correlation coefficients among
the five error categories across all model outputs.

Results & Answer. Figure 5 shows that Fac-
tual & Detail Consistency serves as a central hub,
correlating most strongly with Characterization
(r=0.304), World-building & Setting (r=0.255), and
Timeline & Plot Logic (r=0.176). This heteroge-
neous correlation structure demonstrates that con-
sistency failures do not arise uniformly; rather,
they cluster along specific dependency chains. In
contrast, Narrative & Style errors exhibit near-zero
correlations with all other categories, indicating
that stylistic inconsistencies arise through mecha-
nisms distinct from factual or logical failures. The
strong correlation between Factual & Detail Con-
sistency and other categories suggests these errors
tend to co-occur, likely sharing underlying failure
mechanisms. Model-specific correlation patterns
are provided in Appendix B.4.

325 RQS5

How are consistency errors distributed across po-
sitions within long-form generated narratives?
Locating where contradictions appear in the
story helps us understand when models start to
produce inconsistent content. The distance be-

-1.0

Time. - 1000 0.011 0176 0001 0.041
-0.8

Char.- 0.109 | 1.000 0304 0016 0.078
-0.6

Fact. - 0106 0.024 | 1000 0004 0.061
-0.4

Narr. - 0018 0.014 0.132 | 1000  0.000
-0.2

World - 0.110  0.020 0.255 0.000 | 1.000
! -0.0

I I | ]
Time. Char. Fact. Narr.  World

Figure 5: Correlation matrix of error categories across
all model outputs. Higher values (darker blue) indicate
stronger co-occurrence of error types.

tween facts and contradictions matters: contra-
dictions shortly after facts suggest local tracking
failures, whereas large gaps indicate long-range
coherence breakdowns. To quantify these pat-
terns, we record three normalized positional met-
rics for each error instance: (1) the position where
the original fact is first established (fact position),
(2) the position where the contradiction appears
(contradiction position), and (3) the distance be-
tween them (gap). The average gap is computed as
Avg Gap = % > i |contra; — fact;|. By design,
earlier narrative content serves as the ground truth
against which later content is evaluated for logical
consistency.

Results & Answer. As shown in Table 5, geo-
graphical contradictions exhibit the largest average
positional gap (31.0%), followed by absolute-time
contradictions (29.7%), while perspective confu-
sions show minimal gaps (4.7%), suggesting these
arise from local rather than long-range context fail-
ures. Figure 6 visualizes these positional dynamics
through dumbbell plots spanning four representa-
tive models. These spatial distributions demon-
strate that errors are not uniformly distributed;
rather, different error types emerge at charac-
teristic positions along the narrative, with con-
tradiction positions predominantly clustering in
the 40—60% range. Across models, fact positions
(blue) concentrate in the early-to-mid narrative
(15-30%), while contradiction positions (red) ex-
tend toward later sections. GPT-5-REASONING
shows the widest gaps for absolute-time contradic-
tions, whereas QWEN3-235B-A22B-THINKING
exhibits more compressed gaps overall. Notably,
perspective confusions display minimal gaps across
all models, suggesting these errors arise from local
rather than long-range context failures. Practically,
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the systematic gap patterns highlight that temporal
and geographical errors require robust long-range
memory mechanisms, while stylistic errors may be
addressed through local consistency checks. Ex-
tended positional analysis across additional models
is provided in Appendix B.5.

4 Related Work

Story Generation. Narrative generation tests co-
herence across plot, characters, and timelines. Plan-
ning methods—iterative planning (Xie and Ried],
2024), pacing control (Wang et al., 2023), hierar-
chical outlines (Wang et al., 2025a), and recurrent
mechanisms (Zhou et al., 2023)—improve struc-
ture; CHIRON (Gurung and Lapata, 2024) finds
character inconsistency. Multi-agent collaboration
(Huot et al., 2024) and retrieval-augmented genera-
tion (Wen et al., 2023) improve grounding. Length
extension methods (Bai et al., 2024c; Pham et al.,
2024; Wu et al., 2025b; Tu et al., 2025) enable
longer outputs, but coherence degrades with length
(Que et al., 2024; Wu et al., 2024).

Long-Form Generation Benchmarks. As context
windows expand, long-form evaluation becomes
critical. Early work relied on perplexity (Beltagy
et al., 2020; Roy et al., 2021; Press et al., 2021),
which correlates poorly with real use. LongBench
(Bai et al., 2024b, 2025) provides long-context eval-
uation spanning 8K-2M tokens, while HelloBench
(Que et al., 2024) and WritingBench (Wu et al.,
2025c¢) focus on generation quality; models strug-
gle at 16K-32K tokens (Wu et al., 2024). Classi-
cal metrics (ROUGE, BLEU, METEOR) correlate
weakly with human judgments (Que et al., 2024),
so recent work adds checklist mechanisms (Que
et al., 2024; Lee et al., 2024; Pereira et al., 2024),
dynamic criteria (Wu et al., 2025c¢), and proxy-
based evaluation (Tan et al., 2024). Recent work
also explores online consistency diagnostics via
real-time detection of hallucinated entities during
long-form generation (Obeso et al., 2026). Yet
many benchmarks rely on fixed templates (Paech,
2023; Que et al., 2024; Bai et al., 2025), limiting
fine-grained error detection. For stories, existing
evaluations focus on holistic quality (Ismayilzada
et al., 2024; Wang et al., 2024; Xie et al., 2023)
rather than systematic contradiction detection.

5 Conclusion

We presented CONSTORY-BENCH, a benchmark,
and CONSTORY-CHECKER, an evaluation pipeline,

for assessing narrative consistency in long-form
story generation. Our experiments show that cur-
rent LLMs still produce systematic consistency er-
rors, especially in factual tracking and temporal
reasoning; moreover, these errors are not random
but cluster in predictable narrative regions. We will
provide an interactive portal where the community
can discover and submit new consistency errors
and checking techniques.

6 Limitations

We acknowledge several limitations of this work.
First, our benchmark focuses on English fiction
following Western narrative conventions. Different
cultures have different expectations for storytelling,
and we have not evaluated how well ConStory-
Bench applies to narratives from other cultural or
linguistic backgrounds. Second, we model con-
sistency as a binary judgment—content is either
consistent or contradictory. However, some appar-
ent contradictions may serve intentional purposes,
such as surprise endings or strategically delayed in-
formation; our approach does not distinguish these
from true errors. Third, we focus on fiction and
storytelling, while long-form consistency is also
important in other domains such as technical docu-
mentation, academic writing, and screenplays, each
with its own conventions.

These limitations suggest several directions for
future work: extending the benchmark to multilin-
gual and cross-cultural contexts, developing meth-
ods to recognize intentional ambiguity, and adapt-
ing the framework to evaluate consistency in other
long-form genres.
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Table 5: Positional distribution of seven representative error subtypes. Positions are normalized by story length

(0-100%).
Metric Absolute Time Core Rules Quantitative = Geographical = Nomenclature Memory Perspective
Contradictions  Violations = Mismatches Contradictions Confusions Contradictions  Confusions
Avg Fact 22.6% 23.7% 23.4% 20.4% 21.6% 21.8% 13.7%
Avg Contradiction 48.9% 39.4% 40.6% 39.2% 34.4% 38.2% 12.2%
Avg Gap 29.7% 23.4% 23.8% 31.0% 23.3% 25.4% 4.7%
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Figure 6: Dumbbell plot of error positional distributions. Each row represents an error subtype; blue dots show
where facts are first established (fact position), red dots show where contradictions appear, and the connecting line
indicates the gap. Columns show four representative models. Values are normalized by story length.

References

Nader Akoury, Shufan Wang, Josh Whiting, Stephen
Hood, Nanyun Peng, and Mohit Iyyer. 2020.
Storium: A dataset and evaluation platform for

machine-in-the-loop story generation. arXiv preprint
arXiv:2010.01717.

Chenxin An, Shansan Gong, Ming Zhong, Xingjian
Zhao, Mukai Li, Jun Zhang, Lingpeng Kong, and
Xipeng Qiu. 2024. L-eval: Instituting standardized
evaluation for long context language models. In Pro-
ceedings of the 62nd Annual Meeting of the Associa-
tion for Computational Linguistics (Volume 1: Long
Papers), pages 14388—-14411.

Anthropic. 2025. Introducing claude sonnet
4.5. https://www.anthropic.com/news/
claude-sonnet-4-5. Accessed: 2025-11-27.

Yushi Bai, Xin Lv, Jiajie Zhang, Yuze He, Ji Qi, Lei Hou,
Jie Tang, Yuxiao Dong, and Juanzi Li. 2024a. Lon-
galign: A recipe for long context alignment of large
language models. arXiv preprint arXiv:2401.18058.

Yushi Bai, Xin Lv, Jiajie Zhang, Hongchang Lyu,
Jiankai Tang, Zhidian Huang, Zhengxiao Du, Xiao
Liu, Aohan Zeng, Lei Hou, and 1 others. 2024b.
Longbench: A bilingual, multitask benchmark for
long context understanding. In Proceedings of the
62nd Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), pages
3119-3137.

Yushi Bai, Shangqing Tu, Jiajie Zhang, Hao Peng, Xi-
aozhi Wang, Xin Lv, Shulin Cao, Jiazheng Xu, Lei
Hou, Yuxiao Dong, and 1 others. 2025. Longbench
v2: Towards deeper understanding and reasoning
on realistic long-context multitasks. In Proceedings
of the 63rd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 3639-3664.

Yushi Bai, Jiajie Zhang, Xin Lv, Linzhi Zheng, Siqi
Zhu, Lei Hou, Yuxiao Dong, Jie Tang, and Juanzi
Li. 2024c. Longwriter: Unleashing 10,000+ word
generation from long context llms. arXiv preprint
arXiv:2408.07055.

1z Beltagy, Matthew E Peters, and Arman Cohan. 2020.
Longformer: The long-document transformer. arXiv
preprint arXiv:2004.05150.

Guiming Hardy Chen, Shunian Chen, Ziche Liu, Feng
Jiang, and Benyou Wang. 2024. Humans or llms
as the judge? a study on judgement biases. arXiv
preprint arXiv:2402.10669.

Gheorghe Comanici, Eric Bieber, Mike Schaekermann,
Ice Pasupat, Noveen Sachdeva, Inderjit Dhillon, Mar-
cel Blistein, Ori Ram, Dan Zhang, Evan Rosen, and
1 others. 2025. Gemini 2.5: Pushing the frontier with
advanced reasoning, multimodality, long context, and
next generation agentic capabilities. arXiv preprint
arXiv:2507.06261.

Angela Fan, Mike Lewis, and Yann Dauphin. 2018.
Hierarchical neural story generation. In Proceedings

8408


https://www.anthropic.com/news/claude-sonnet-4-5
https://www.anthropic.com/news/claude-sonnet-4-5
https://doi.org/10.18653/v1/P18-1082

of the 56th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 889—898, Melbourne, Australia. Association
for Computational Linguistics.

GLM-4.5 Team. 2025. GIm-4.5: Agentic, reason-
ing, and coding (arc) foundation models. Preprint,
arXiv:2508.06471.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song,
Peiyi Wang, Qihao Zhu, Runxin Xu, Ruoyu Zhang,
Shirong Ma, Xiao Bi, and 1 others. 2025. Deepseek-
rl incentivizes reasoning in llms through reinforce-
ment learning. Nature, 645(8081):633-638.

Alexander Gurung and Mirella Lapata. 2024. Chiron:
Rich character representations in long-form narra-
tives. arXiv preprint arXiv:2406.10190.

Fantine Huot, Reinald Kim Amplayo, Jennimaria Palo-
maki, Alice Shoshana Jakobovits, Elizabeth Clark,
and Mirella Lapata. 2024. Agents’ room: Narrative
generation through multi-step collaboration. arXiv
preprint arXiv:2410.02603.

Mete Ismayilzada, Claire Stevenson, and Lonneke
van der Plas. 2024. Evaluating creative short story
generation in humans and large language models.
arXiv preprint arXiv:2411.02316.

Haziq Mohammad Khalid, Athikash Jeyaganthan, Timo-
thy Do, Yicheng Fu, Vasu Sharma, Sean O’Brien, and
Kevin Zhu. 2025. Ergo: Entropy-guided resetting
for generation optimization in multi-turn language
models. In Proceedings of the 2nd Workshop on
Uncertainty-Aware NLP (UncertaiNLP 2025), pages
273-286.

Kimi Team. 2025. Kimi k2: Open agentic intelligence.
Preprint, arXiv:2507.20534.

Ranganath Krishnan, Piyush Khanna, and Omesh
Tickoo. 2024. Enhancing trust in large language
models with uncertainty-aware fine-tuning. arXiv
preprint arXiv:2412.02904.

Ishita Kumar, Snigdha Viswanathan, Sushrita Yerra,
Alireza Salemi, Ryan A Rossi, Franck Dernoncourt,
Hanieh Deilamsalehy, Xiang Chen, Ruiyi Zhang,
Shubham Agarwal, and 1 others. 2024. Longlamp:
A benchmark for personalized long-form text genera-
tion. arXiv preprint arXiv:2407.11016.

Hakyung Lee, Subeen Park, Joowang Kim, Sungjun
Lim, and Kyungwoo Song. 2025. Uncertainty-aware
contrastive decoding. In Findings of the Association
for Computational Linguistics: ACL 2025, pages
26376-26391.

Yukyung Lee, Joonghoon Kim, Jachee Kim, Hyowon
Cho, and Pilsung Kang. 2024. Checkeval: Robust
evaluation framework using large language model
via checklist. CoRR.

Yang Liu, Dan Iter, Yichong Xu, Shuohang Wang,
Ruochen Xu, and Chenguang Zhu. 2023. G-eval:
Nlg evaluation using gpt-4 with better human align-
ment. arXiv preprint arXiv:2303.16634.

Oscar Obeso, Andy Arditi, Javier Ferrando, Joshua Free-
man, Cameron Holmes, and Neel Nanda. 2026. Real-
time detection of hallucinated entities in long-form
generation. Preprint, arXiv:2509.03531.

OpenAl. 2025. Gpt-5 system card.

Samuel J Paech. 2023. Eq-bench: An emotional intelli-
gence benchmark for large language models. arXiv
preprint arXiv:2312.06281.

Jayr Pereira, Andre Assumpcao, and Roberto Lotufo.
2024. Check-eval: A checklist-based approach
for evaluating text quality. arXiv preprint
arXiv:2407.14467.

Chau Minh Pham, Simeng Sun, and Mohit Iyyer.
2024. Suri: Multi-constraint instruction follow-
ing for long-form text generation. arXiv preprint
arXiv:2406.19371.

Ofir Press, Noah A Smith, and Mike Lewis. 2021.
Train short, test long: Attention with linear biases
enables input length extrapolation. arXiv preprint
arXiv:2108.12409.

Haoran Que, Feiyu Duan, Liqun He, Yutao Mou,
Wangchunshu Zhou, Jiaheng Liu, Wenge Rong,
Zekun Moore Wang, Jian Yang, Ge Zhang, and 1
others. 2024. Hellobench: Evaluating long text gen-
eration capabilities of large language models. arXiv
preprint arXiv:2409.16191.

Mark Riedl. 2017. WikiPlots: A dataset of story
plots from Wikipedia.  https://github.com/
markriedl/WikiPlots. GitHub repository.

Aurko Roy, Mohammad Saffar, Ashish Vaswani, and
David Grangier. 2021. Efficient content-based sparse
attention with routing transformers. Transactions of

the Association for Computational Linguistics, 9:53—
68.

Haochen Tan, Zhijiang Guo, Zhan Shi, Lu Xu, Zhili
Liu, Yunlong Feng, Xiaoguang Li, Yasheng Wang,
Lifeng Shang, Qun Liu, and 1 others. 2024. Proxyqa:
An alternative framework for evaluating long-form
text generation with large language models. arXiv
preprint arXiv:2401.15042.

Shangqing Tu, Yucheng Wang, Daniel Zhang-Li, Yushi
Bai, Jifan Yu, Yuhao Wu, Lei Hou, Huiqin Liu,
Zhiyuan Liu, Bin Xu, and 1 others. 2025. Longwriter-
v: Enabling ultra-long and high-fidelity generation in
vision-language models. In Proceedings of the 33rd
ACM International Conference on Multimedia, pages
10965-10974.

Qianyue Wang, Jinwu Hu, Zhengping Li, Yufeng Wang,
Daiyuan Li, Yu Hu, and Mingkui Tan. 2025a. Gen-
erating long-form story using dynamic hierarchical

8409


https://arxiv.org/abs/2508.06471
https://arxiv.org/abs/2508.06471
https://arxiv.org/abs/2507.20534
https://arxiv.org/abs/2509.03531
https://arxiv.org/abs/2509.03531
https://arxiv.org/abs/2509.03531
https://cdn.openai.com/gpt-5-system-card.pdf
https://github.com/markriedl/WikiPlots
https://github.com/markriedl/WikiPlots

outlining with memory-enhancement. In Proceed-
ings of the 2025 Conference of the Nations of the
Americas Chapter of the Association for Computa-
tional Linguistics: Human Language Technologies
(Volume 1: Long Papers), pages 1352—-1391.

Shenzhi Wang, Le Yu, Chang Gao, Chujie Zheng, Shix-
uan Liu, Rui Lu, Kai Dang, Xionghui Chen, Jianxin
Yang, Zhenru Zhang, and 1 others. 2025b. Beyond
the 80/20 rule: High-entropy minority tokens drive
effective reinforcement learning for 1lm reasoning.
arXiv preprint arXiv:2506.01939.

Tiannan Wang, Jiamin Chen, Qingrui Jia, Shuai Wang,
Ruoyu Fang, Huilin Wang, Zhaowei Gao, Chunzhao
Xie, Chuou Xu, Jihong Dai, and 1 others. 2024.
Weaver: Foundation models for creative writing.
arXiv preprint arXiv:2401.17268.

Yichen Wang, Kevin Yang, Xiaoming Liu, and Dan
Klein. 2023. Improving pacing in long-form story
planning. arXiv preprint arXiv:2311.04459.

Zhihua Wen, Zhiliang Tian, Wei Wu, Yuxin Yang,
Yanqi Shi, Zhen Huang, and Dongsheng Li. 2023.
Grove: a retrieval-augmented complex story gener-
ation framework with a forest of evidence. arXiv
preprint arXiv:2310.05388.

Yuhao Wu, Yushi Bai, Zhigiang Hu, Roy Ka-Wei Lee,
and Juanzi Li. 2025a. Longwriter-zero: Mastering
ultra-long text generation via reinforcement learning.
arXiv preprint arXiv:2506.18841.

Yuhao Wu, Yushi Bai, Zhigiang Hu, Juanzi Li, and Roy
Ka-Wei Lee. 2025b. Superwriter: Reflection-driven
long-form generation with large language models.
arXiv preprint arXiv:2506.04180.

Yuhao Wu, Ming Shan Hee, Zhiqing Hu, and Roy Ka-
Wei Lee. 2024. Longgenbench: Benchmarking long-
form generation in long context llms. arXiv preprint
arXiv:2409.02076.

Yuning Wu, Jiahao Mei, Ming Yan, Chenliang Li,
Shaopeng Lai, Yuran Ren, Zijia Wang, Ji Zhang,
Mengyue Wu, Qin Jin, and 1 others. 2025¢c. Writing-
bench: A comprehensive benchmark for generative
writing. arXiv preprint arXiv:2503.05244.

xAl. 2025. Grok 4 model card.

Kaige Xie and Mark Riedl. 2024. Creating suspense-
ful stories: Iterative planning with large language
models. arXiv preprint arXiv:2402.17119.

Zhuohan Xie, Trevor Cohn, and Jey Han Lau. 2023.
The next chapter: A study of large language models
in storytelling. arXiv preprint arXiv:2301.09790.

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang,
Binyuan Hui, Bo Zheng, Bowen Yu, Chang Gao,
Chengen Huang, Chenxu Lv, Chujie Zheng, Day-
iheng Liu, Fan Zhou, Fei Huang, Feng Hu, Hao
Ge, Haoran Wei, Huan Lin, Jialong Tang, and 41
others. 2025. Qwen3 technical report. Preprint,
arXiv:2505.09388.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan
Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin,
Zhuohan Li, Dacheng Li, Eric Xing, and 1 others.
2023. Judging llm-as-a-judge with mt-bench and
chatbot arena. Advances in neural information pro-
cessing systems, 36:46595-46623.

Wangchunshu Zhou, Yuchen Eleanor Jiang, Peng Cui,
Tiannan Wang, Zhenxin Xiao, Yifan Hou, Ryan Cot-
terell, and Mrinmaya Sachan. 2023. Recurrentgpt:
Interactive generation of (arbitrarily) long text. arXiv
preprint arXiv:2305.13304.

8410


https://data.x.ai/2025-08-20-grok-4-model-card.pdf
https://arxiv.org/abs/2505.09388

A Benchmark Construction

This appendix section details the construction
methodology of ConStory-Bench, including task
type design rationale, the CONSTORY-CHECKER
evaluation pipeline, and additional experimental
configurations.

A.1 Task Type Design Rationale

The four task types are designed to capture different
aspects of narrative consistency challenges com-
monly encountered in long-form generation. Rep-
resentative prompts for each task type are shown in
Figure 7.

Generation involves producing free-form narra-
tives from minimal plot setups, where consistent
characters, rules, and causal chains must be instan-
tiated without prior context.

Continuation extends initial story fragments
into complete, coherent narratives while preserving
established facts, timelines, and character states,
ensuring new events remain causally compatible
with the given context (Zhou et al., 2023).

Expansion develops long-form stories from con-
cise yet relatively complete plot outlines by elab-
orating implicit details and events while maintain-
ing global consistency as narrative complexity in-
creases.

Completion writes full stories with predefined
beginnings and endings, filling in the intervening
plot to produce coherent and causally well-formed
narratives, mirroring collaborative writing work-
flows.

A.2 ConStory-Checker: Detailed
Implementation

Extending the conceptual framework presented in
Section 2.3, this subsection provides comprehen-
sive implementation details of the CONSTORY-
CHECKER evaluation pipeline. While Section 2.3
introduces the four-stage detection process, a com-
plete specification of prompt structures, category
taxonomies, and output schemas is essential for
reproducible consistency evaluation at scale.

Category  Definitions. The  CONSTORY-
CHECKER pipeline evaluates narrative consistency
through five complementary error dimensions
(Figures 9-13): Timeline & Plot Logic, Characteri-
zation, World-building & Setting, Factual & Detail
Consistency, and Narrative & Style. Each category
employs structured extraction guidelines with
standardized JSON output schemas specifying

fact_quote, location, contradiction_pair,
error_element, error_category, and context
fields, enabling systematic cross-document
comparison and aggregation.

Validation Methodology. To empirically vali-
date CONSTORY-CHECKER'’s effectiveness, we
constructed a diagnostic dataset through systematic
error injection into authentic narrative contexts. Us-
ing Qwen3-235B-A22B-Thinking, we generated
200 stories with deliberately planted inconsisten-
cies across all five error dimensions (1,000 injected
errors total). Two professional web novel writers
independently annotated this dataset at $1.00 per
story, completing all 200 stories within two days
and establishing human expert baselines for com-
parison. The annotation protocol required annota-
tors to first study the five-category error taxonomy
and subtype definitions, then read each story in
full to identify consistency errors. For each error,
they recorded: (1) the fact quote, (2) the contradict-
ing quote, (3) the error category and subtype, and
(4) a brief explanation of the inconsistency. We
evaluated both CONSTORY-CHECKER (Direct De-
tection) and human annotators (Human Detection)
using standard classification metrics—Precision,
Recall, and F1-score—with the injected errors
serving as ground truth.

Results. Table 6 and Figure 8 present perfor-
mance comparisons across all error categories. The
results demonstrate that CONSTORY-CHECKER
(Overall F1=0.678) substantially outperforms
human expert judgment (Overall F1=0.281) in
detecting narrative inconsistencies. The auto-
mated system achieves high precision (0.884) while
maintaining robust recall (0.550), with particularly
strong performance in Character Consistency
(F1=0.742) and Factual Accuracy (F1=0.718). In
contrast, human annotators exhibit substantially
lower recall across all dimensions—ranging from
4.5% to 31.5%. Notably, CONSTORY-CHECKER
detects 550 of 1,000 injected errors (55.0% recall)
compared to only 171 detections by human ex-
perts (17.1% recall), representing a 3.2 x improve-
ment in error discovery rate. Figure 14 illus-
trates representative detection cases, demonstrating
CONSTORY-CHECKER’S capability to identify sub-
tle contradictions across all five dimensions. These
findings validate that automated consistency eval-
uation provides more comprehensive and reliable
detection of narrative consistency errors compared
to manual human judgment.
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System Prompt (Shared across all task types):

“You are a master storyteller and creative writing expert. Your task is to generate high-quality, engaging stories
based on the given prompts.

Create compelling narratives with: Rich character development; Vivid descriptions and settings; Engaging plot
progression; Appropriate tone and style for the prompt; Well-structured storytelling; STRICTLY follow any word
count or length requirements specified in the prompt.

Generate complete, well-crafted stories that bring the prompts to life with creativity and literary skill. Pay careful
attention to any specific length, word count, or format requirements mentioned in the prompt and ensure your
story meets those exact specifications.”

[Task Type 1: Generation]

Hey, can you write me a new story about a dog who’s been living it up on table scraps and now has to switch to a
strict diet because of chronic pancreatitis? I want it to really dig into themes of sacrifice, empathy, and the bond
between pet and owner, with memorable scenes at the vet’s office, at mealtime and during a tense overnight crisis.
Set it in a cozy small town and show how the owner adjusts to the low-protein routine. Shoot for about 8,000 to
10,000 words.

[Task Type 2: Continuation]

Write a story about two online friends who lure a teammate camping a sniper rifle into accidentally team-killing
one of them, get him kicked, and then obsessively follow his trail across multiple servers. Start with the tense
Urban Terror match on that map with the hot-dog cart, showing their knife-throwing prank and fake apologies
before he finally snaps. Explore their motivations, the thrill of the chase across different servers, and how this
prank tests their friendship and sense of empathy. The story should be roughly 8,000 to 10,000 words.

[Task Type 3: Expansion]

Turn this wild delivery story into an 8,000-10,000 word narrative: a shift manager at a Papa John’s in rural Alaska
steps in to make a late-night pizza run after drivers call in sick and runs headfirst into a bull moose and a separated
mother-calf pair under a motion-sensor floodlight. Flesh out the manager’s backstory and fears, paint the Alaskan
night with vivid sensory details, and build mounting tension as he navigates the encounter. Include his internal
monologue or dialogue with the assistant manager back at the shop, and finish with his emotional reflection on
the near-death experience and getting stiffed on the tip.

[Task Type 4: Completion]

Write a story about a guy in his early twenties who once dated a girl in his college friend group and then watched
her start seeing his best friend soon after they split. Start your story at a lively spring party where he meets a new
girl from that same circle of friends, completely unaware of the past drama. End with him standing in the moonlit
quad, having made his decision about whether to confess his history with his ex to this new girlfriend. Include
scenes of introspection, a tense run-in with his ex, and a heartfelt conversation under the stars, exploring themes
of honesty, trust, and forgiveness. The finished story should be roughly 8,000—10,000 words.

Figure 7: Example prompts for the four narrative generation task types in ConStory-Bench.

Table 6: Performance comparison between CONSTORY-CHECKER (Direct Detection) and human expert judgment
(Human Detection) on the diagnostic dataset. GT (Ground Truth) indicates the 200 injected errors for each category.
The error categories are: Char. (Characterization), Fact. (Factual & Detail Consistency), Narr. (Narrative & Style),
Time. (Timeline & Plot Logic), and World (World-building & Setting).

Error Category GT ‘ Direct Detection ‘ Experts Detection (Avg)

| Pred TP Recall Prec F1 | Pred TP  Recall Prec Fl

Character Consistency 200 126 121  0.605 0960 0.742 | 53.5 48.5 0.242  0.891 0.379

Factual Accuracy 200 148 125 0.625 0.845 0.718 | 16.5 135 0.068 0.841 0.124
Narrative Coherence 200 76 70 0350 0921 0507 | 295 18.0  0.090 0.586 0.153
Temporal Logic 200 147 120 0.600 0.816 0.692 | 84.0 405 0203 0463 0.281
World Consistency 200 125 114 0570 0912 0.702 | 26.5 18.0  0.090 0.686 0.159
Total 1000 ‘ 622 550 0.550 0.884 0.678 ‘ 210.0 1385 0.139 0.660 0.229

Annotator Combination Analysis. To examine (A N B). Table 7 shows that union substantially
whether human performance improves when ag-  improves F1 over individual annotators (0.374 vs.
gregating annotations, we evaluate two standard ~ 0.281/0.177), indicating complementary detection
combination strategies on the same 200-story di-  patterns. This complementarity is also visible at
agnostic dataset: union (A U B) and intersection  the category level: Expert A is stronger on Tem-
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Table 7: Aggregate human-annotation combination

strategies on the diagnostic dataset.

oprule extbfStrategy Recall  Precision F1

extscConStory-Checker ~ 0.550 0.884 0.678
Expert A 0.171 0.781 0.281
Expert B 0.106 0.527 0.177
Union (AU B) 0.255 0.701 0.374
Intersection (A N B) 0.022 0.846 0.043

poral Logic (F1=0.433 vs. 0.130), while Expert B

is stronger on Narrative Coherence (F1=0.223 vs.
0.083). However, even the best human combina-

tion (union) remains below CONSTORY-CHECKER

(F1=0.678), with lower recall (0.255 vs. 0.550) and

lower precision (0.701 vs. 0.884). These results

suggest that long-range contradiction tracking in
8,000-10,000 word stories remains a key bottle-

neck for manual annotation.
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tency error categories. The evaluation covers recall, precision, F1-score, and comprehensive radar visualization,
demonstrating that our automated approach achieves human-competitive performance in detecting narrative incon-

sistencies.

8414



ConStory-Checker Evaluation: Timeline & Plot Logic Category

EXTRACTION CATEGORIES

Category 1 — Absolute Time Contradictions

Extract sentences that contain conflicting calendar information (dates, weekdays, seasons, celestial events).

Look for: (1) Contradictory date statements about the same event; (2) Seasonal descriptions that conflict within a short timeframe; (3) Astronomical
references that contradict each other; (4) Weather/climate descriptions inconsistent with stated time periods.

Category 2 — Duration/Timeline Contradictions

Extract sentences that give conflicting time measurements for the same events or journeys.

Look for: (1) Different duration statements for identical journeys/events; (2) Travel times that contradict each other; (3) Age progressions that
don’t match stated time passages; (4) Event sequences with impossible timing.

Category 3 — Simultaneity Contradictions

Extract sentences showing characters/objects in multiple locations at the same time.

Look for: (1) Character described as present in different places simultaneously; (2) Objects appearing in multiple locations at once; (3) Dialogue
or actions suggesting impossible simultaneous presence; (4) Timeline overlaps that create spatial paradoxes.

Category 4 — Causeless Effects

Extract sentences describing major outcomes, skills, or resources that appear without prior setup.

Look for: (1) Characters suddenly possessing unexplained abilities; (2) Important items appearing without introduction; (3) Knowledge or skills
emerging without learning/acquisition scenes; (4) Plot developments lacking causal foundation.

Category 5 — Causal Logic Violations

Extract sentences where causes and effects contradict established story rules or logic.

Look for: (1) Effects disproportionate to their stated causes; (2) Cause-effect chains that violate established world physics/rules; (3) Character
reactions inconsistent with established personalities; (4) World-building contradictions in action-consequence relationships.

Cat

Extract sentences that introduce significant plot elements which are never resolved or referenced again.

y 6 — Abandoned Plot Element:

Look for: (1) Important objects/mysteries introduced but never mentioned again; (2) Character goals/motivations that disappear without resolution;
(3) Promised revelations or confrontations that never occur; (4) Significant relationships/conflicts that vanish from the narrative.

OUTPUT SCHEMA
Extraction Format:

For each contradiction found, provide:

 fact_quote: The complete contradictory sentence(s) from the original text

location: Chapter/paragraph/line reference where found
* contradiction_pair: If applicable, the conflicting statement(s) from elsewhere in the text
« contradiction_location: Location of the contradicting statement (if contradiction_pair exists)

"o non

 error_element: The specific timeline/plot element involved (e.g., "seasonal timing", "journey duration", "character location")

* error_category: The broad error type (e.g., "absolute_time_error", "duration_error", "simultaneity_paradox")
« context: Brief explanation of why these passages contradict each other

JSON Output Format:
{

"absolute_time_contradictions”: [{
"fact_quote”: "It was a scorching July afternoon...",
"location”: "Chapter 3, paragraph 2",
"contradiction_pair”: "Snow began falling heavily...",
"contradiction_location”: "Chapter 3, paragraph 5",
"error_element”: "seasonal weather timing”,
"error_category"”: "absolute_time_error”,
"context”: "Same day described as both midsummer..."
31,
"duration_contradictions”: [{...}],
"simultaneity_contradictions”: [{...}],
"causeless_effects”: [{...}],
"causal_logic_violations”: [{...}],
"abandoned_plot_elements”: [{...}]

Figure 9: Complete judge prompt for Timeline & Plot Logic category in CONSTORY-CHECKER evaluation protocol.
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ConStory-Checker Evaluation: Characterization Category

EXTRACTION CATEGORIES

Category 1 — Memory Contradictions

Extract sentences showing characters forgetting crucial personal details or remembering non-existent events.

Look for: (1) Characters forgetting previously established relationships, experiences, or commitments; (2) Characters recalling events, people, or
places never mentioned before in the narrative; (3) Inconsistent memories about personal history, family, or past events; (4) Characters acting as if
they’ve never met someone they clearly interacted with before.

Category 2 — Knowledge Contradictions

Extract sentences showing characters displaying knowledge, vocabulary, or skills beyond their established background.

Look for: (1) Characters using terminology, concepts, or language inconsistent with their education/background; (2) Medieval characters using
modern concepts or vocabulary; (3) Uneducated characters demonstrating advanced technical knowledge; (4) Characters knowing information
they couldn’t have accessed given their background; (5) Cultural/temporal knowledge mismatches (modern slang in historical settings, etc.).
Category 3 — Skill/Power Fluctuations

Extract sentences showing dramatic, unexplained changes in character abilities or competence levels.

Look for: (1) Characters suddenly losing or gaining abilities without explanation; (2) Dramatic power level changes between scenes; (3)
Competence levels varying wildly without narrative justification; (4) Characters performing feats far beyond or below their established capabilities;
(5) Unexplained shifts in physical, mental, or magical abilities.

Category 4 — Forgotten Abilities

Extract sentences showing characters failing to use established abilities when they would logically resolve conflicts.

Look for: (1) Characters with established powers/skills not using them in relevant situations; (2) Abilities mentioned early in the story but ignored
in later conflicts; (3) Characters struggling with problems their known abilities could easily solve; (4) Magical/special powers that disappear when
they would be most useful; (5) Skills or knowledge that characters "forget" they possess.

OUTPUT SCHEMA
Extraction Format:

For each contradiction found, provide:

» fact_quote: The complete contradictory sentence(s) from the original text

location: Chapter/paragraph/line reference where found

« contradiction_pair: If applicable, the conflicting statement(s) from elsewhere in the text

* contradiction_location: Location of the contradicting statement (if contradiction_pair exists)

 error_element: The specific character element involved (e.g., "character memory", "knowledge background", "ability level", "character
name")

nwon

error_category: The broad error type (e.g., "memory_contradiction", "knowledge_contradiction", "skill_fluctuation")

« context: Brief explanation of why these passages show character inconsistency

JSON Output Format:
{

"memory_contradictions”: [{
"fact_quote”: "I've never seen this woman...",
"location”: "Chapter 5, paragraph 3",
"contradiction_pair"”: "Sarah and I spent...",
"contradiction_location”: "Chapter 2, paragraph 8",
"error_element”: "character relationship memory”,
"error_category”: "memory_contradiction”,
"context”: "Character claims not to know someone..."

3,

"knowledge_contradictions”: [{...}],

"skill_power_fluctuations”: [{...}],

"forgotten_abilities”: [{...}]

Figure 10: Complete judge prompt for Characterization category in CONSTORY-CHECKER evaluation protocol.
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ConStory-Checker Evaluation: World-building & Setting Category

EXTRACTION CATEGORIES

Category 1 — Core Rules Violations

Extract sentences showing actions that directly violate the author’s explicitly stated fundamental world laws or physics.

Look for: (1) Characters performing actions impossible under established world physics; (2) Magic systems being violated or ignored by their own
rules; (3) Technology working beyond its established limitations; (4) Natural laws being broken without explanation or justification; (5) World
mechanics functioning inconsistently with their established parameters; (6) Established limitations being ignored when convenient for plot.
Category 2 — Social Norms Violations

Extract sentences showing character behaviors that contradict established social systems without appropriate consequences.

Look for: (1) Characters violating clearly established laws without facing consequences; (2) Social hierarchies being ignored without realistic
reactions; (3) Cultural taboos being broken with no societal response; (4) Religious or ideological systems being contradicted without backlash;
(5) Economic systems working inconsistently with established rules; (6) Characters behaving outside their established social roles without
explanation.

Category 3 — Geographical Contradictions

Extract sentences showing geographical entities changing properties or relative positions inconsistently.

Look for: (1) Cities, mountains, rivers changing location between references; (2) Distances between locations varying dramatically without
explanation; (3) Geographical features changing size, appearance, or characteristics; (4) Climate or terrain descriptions contradicting previous
descriptions; (5) Travel times inconsistent with established distances; (6) Maps or directional references contradicting each other.

OUTPUT SCHEMA
Extraction Format:

For each contradiction found, provide:

» fact_quote: The complete contradictory sentence(s) from the original text

location: Chapter/paragraph/line reference where found
« contradiction_pair: If applicable, the conflicting statement(s) from elsewhere in the text
* contradiction_location: Location of the contradicting statement (if contradiction_pair exists)

"o "o

* error_element: The specific world-building element involved (e.g., "magic system rules", "social hierarchy", "geographical location")

 error_category: The broad error type (e.g., "core_rules_violation", "social_norms_violation", "geographical_contradiction")
 context: Brief explanation of why these passages show world-building inconsistency

JSON Output Format:
{

"core_rules_violations”: [{
"fact_quote”: "Sarah effortlessly cast three high-level...",
"location”: "Chapter 8, paragraph 4",
"contradiction_pair"”: "Even a single major spell drains...",
"contradiction_location”: "Chapter 2, paragraph 15",
"error_element”: "magic system energy limitations”,
"error_category”: "core_rules_violation”,
"context"”: "Character violates established magic system...

3,

"social_norms_violations”: [{
"fact_quote”: "The peasant boy openly insulted the king...",
"location”: "Chapter 5, paragraph 12",
"contradiction_pair”: "In our kingdom, any insult to the crown...”,
"contradiction_location”: "Chapter 1, paragraph 8",
"error_element”: "royal authority and punishment system”,
"error_category”: "social_norms_violation”,
"context"”: "Character violates established social hierarchy..."”

3,

"geographical_contradictions”: [{...}]

Figure 11: Complete judge prompt for World-building & Setting category in CONSTORY-CHECKER evaluation
protocol.
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ConStory-Checker Evaluation: Factual & Detail Consistency Category

EXTRACTION CATEGORIES
Category 1 — Appearance Mismatches

Extract sentences showing physical descriptions of the same character or object that change inconsistently.

Look for: (1) Character physical features (hair color, eye color, height, build) described differently; (2) Distinctive marks, scars, or identifying
features that appear/disappear; (3) Object appearances (color, size, shape, material) changing between references; (4) Location descriptions
varying dramatically for the same place; (5) Clothing or equipment descriptions that contradict previous descriptions; (6) Age-related appearance
changes that don’t match stated time progression.

Category 2 — N lature Conf

Extract sentences showing names of entities (people, places, objects) used incorrectly or inconsistently.

Look for: (1) Character names spelled differently or changed entirely; (2) Characters referred to by wrong names or titles; (3) Place names varying
in spelling or completely changing; (4) Object names, brands, or proper nouns used inconsistently; (5) Family relationships with conflicting
names (same person called different names); (6) Titles, ranks, or positions assigned inconsistently to same characters.

Category 3 — Quantitative Mismatches

Extract sentences showing numerical information that is mathematically inconsistent.

Look for: (1) Age contradictions (character ages not matching time progression); (2) Date inconsistencies (events happening in impossible
chronological order); (3) Quantity changes (same groups, amounts, or measurements given different numbers); (4) Distance and measurement
contradictions; (5) Currency, pricing, or economic figure inconsistencies; (6) Population, army sizes, or statistical data contradictions.

OUTPUT SCHEMA
Extraction Format:

For each contradiction found, provide:

» fact_quote: The complete contradictory sentence(s) from the original text

location: Chapter/paragraph/line reference where found
« contradiction_pair: If applicable, the conflicting statement(s) from elsewhere in the text
* contradiction_location: Location of the contradicting statement (if contradiction_pair exists)

"o "o

* error_element: The specific detail element involved (e.g., "character eye color", "character name", "army size")

 error_category: The broad error type (e.g., "appearance_mismatch", "nomenclature_confusion", "quantitative_mismatch")
* context: Brief explanation of why these passages show factual inconsistency

JSON Output Format:
{

"appearance_mismatches”: [{
"fact_quote”: "Elena's striking emerald green eyes...",
"location”: "Chapter 4, paragraph 2",
"contradiction_pair"”: "Her deep brown eyes reflected...”,
"contradiction_location”: "Chapter 8, paragraph 15",
"error_element”: "character eye color”
"error_category”: "appearance_mismatch"”,
"context”: "Same character described with different eye colors...”

1,

"nomenclature_confusions”: [{
"fact_quote”: "Captain Richardson led his troops...",
"location”: "Chapter 6, paragraph 8",
"contradiction_pair”: "Captain Robinson shouted orders...",
"contradiction_location”: "Chapter 6, paragraph 12",
"error_element”: "character surname”,
"error_category”: "nomenclature_confusion”,
"context”: "Same military leader referred to by two different...”

1,

"quantitative_mismatches”: [{...}]

Figure 12: Complete judge prompt for Factual & Detail Consistency category in CONSTORY-CHECKER evaluation
protocol.

8418



ConStory-Checker Evaluation: Narrative & Style Category

EXTRACTION CATEGORIES

Category 1 — Perspective Confusions

Extract sentences showing inappropriate narrative perspective shifts between first-person, third-person, or other viewpoints.

Look for: (1) Sudden shifts from first-person (“I”) to third-person (“he/she”) within scenes; (2) Inconsistent point-of-view within the same
paragraph or chapter; (3) Unclear or unjustified perspective changes mid-narrative; (4) Multiple conflicting viewpoints presented simultaneously
without clear structure; (5) Omniscient narrator suddenly becoming limited or vice versa; (6) Character thoughts accessible then inaccessible
without explanation.

Category 2 — Tone Inconsistencies

Extract sentences showing inappropriate tonal shifts without narrative justification.

Look for: (1) Serious dramatic moments interrupted by inappropriate humor; (2) Formal language mixed with colloquial expressions inappropri-
ately; (3) Genre tone violations (comedy elements in horror scenes, etc.); (4) Character voice inconsistencies (formal character suddenly using
slang); (5) Mood whiplash between adjacent sentences or paragraphs; (6) Register mismatches (academic language in casual dialogue).
Category 3 — Style Shifts

Extract sentences showing dramatic writing style changes without plot-driven necessity.

Look for: (1) Vocabulary sophistication level changing dramatically between sections; (2) Sentence structure patterns shifting unexpectedly
(complex to simple or vice versa); (3) Descriptive approach changing without narrative reason; (4) Writing quality or competence appearing to
vary significantly; (5) Literary devices used inconsistently or inappropriately; (6) Authorial voice seeming to change between chapters or sections.

OUTPUT SCHEMA
Extraction Format:

For each contradiction found, provide:

» fact_quote: The complete contradictory sentence(s) from the original text

location: Chapter/paragraph/line reference where found
 contradiction_pair: If applicable, the conflicting statement(s) from elsewhere in the text
* contradiction_location: Location of the contradicting statement (if contradiction_pair exists)

non non

 error_element: The specific style element involved (e.g., "point of view shift", "tonal inconsistency", "vocabulary complexity")

* error_category: The broad error type (e.g., "perspective_confusion”, "tone_inconsistency", "style_shift")

« context: Brief explanation of why these passages show narrative/style inconsistency

JSON Output Format:
{
"perspective_confusions”: [{
"fact_quote”: "I could see the fear in Sarah's eyes...”,
"location”: "Chapter 3, paragraph 4",
"contradiction_pair”: "He wondered what Sarah was thinking...",
"contradiction_location”: "Chapter 3, paragraph 4 (same paragraph)”,
"error_element”: "point of view shift”,
"error_category"”: "perspective_confusion”,
"context”: "Narrative perspective shifts from first-person..."
1,

"tone_inconsistencies”: [{
"fact_quote”: "The funeral was a solemn affair...",
"location”: "Chapter 5, paragraph 2",

"contradiction_pair”: "Suddenly, Bob slipped on a banana peel...",
"contradiction_location”: "Chapter 5, paragraph 3",
"error_element”: "dramatic tone shift”,
"error_category”: "tone_inconsistency”,
"context”: "Serious funeral scene immediately followed..."

11,

"style_shifts": [{...}]

Figure 13: Complete judge prompt for Narrative & Style category in CONSTORY-CHECKER evaluation protocol.
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Example 1: Timeline & Plot Logic

Error Element: donation date  Error Category: absolute_time_error

Fact Quote: “the box ... bore a label scrawled in her grandmother’s looping script: *Donations — 1983.%”
Location: Chapter One, paragraph 2

Contradiction Pair: “Your grandmother donated them when I was in middle school.”

Contradiction Location: Chapter One, paragraph 14

Context: The box is explicitly labeled as donated in 1983, yet Caroline recalls that her grandmother gave the books away when she was in middle
school in the late 1970s.

r
\.

Example 2: Characterization

Error Element: hitchhiking duration ~Error Category: memory_contradiction

Fact Quote: “I’ve been hitching rides across this sprawling country since I was twenty-one, a full decade before the millennium turned.”
Location: Chapter 1, paragraph 1

Contradiction Pair: “About six years,” I said.

Contradiction Location: Chapter 2, paragraph 11

Context: The narrator first claims to have been hitchhiking for a full decade, then later states it has been about six years.

Example 3: World-building & Setting

Error Element: operahouse status  Error Category: geographical_contradiction

Fact Quote: “In the stillness of my underground lair, carved beneath the crumbling ruins of a forgotten opera house, I play.”
Location: Paragraph 2

Contradiction Pair: “It happened on a night when the opera house was alive with anticipation.”

Contradiction Location: Paragraph 11

Context: The opera house is described as a ’forgotten’ ruin and yet later depicted as active and full of life.

Example 4: Factual & Detail Consistency

| '

Error Element: character eye color  Error Category: appearance_mismatch

Fact Quote: “Dorian’s jaw tightened, his blue eyes blazing with barely restrained fury.”

Location: Paragraph 6

Contradiction Pair: “Kael met his twin’s gaze, their matching emerald eyes locked in a silent battle of wills.”
Contradiction Location: Paragraph 17

Context: Dorian is first described as having blue eyes and later his eyes are described as emerald, a direct contradiction in the character’s eye
color.

Example 5: Narrative & Style

| '

Error Element: point of view shift Error Category: perspective_confusion

Fact Quote: “I stood frozen, my own breath hitching in my throat, watching the man I had called my closest friend collapse under the truth I had
carried for so long.”

Location: The Weight of Truth, paragraph 1
Contradiction Pair: “The cabin trembled under the weight of Froshi’s grief.”
Contradiction Location: The Weight of Truth, paragraph 1

Context: Shifts from third-person narrative describing the cabin and Froshi’s grief to first-person perspective without transition within the same
paragraph.

Figure 14: Representative error detection examples by CONSTORY-CHECKER across five consistency dimensions:
Timeline & Plot Logic, Characterization, World-building & Setting, Factual & Detail Consistency, and Narrative &
Style. Each example demonstrates the system’s ability to identify subtle contradictions through structured extraction
of conflicting passages with precise location references.
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B Additional Evaluation Results

This section provides supplementary visualization
and analysis supporting the experimental findings
presented in Section 3.

B.1 Model Performance Leaderboard

To facilitate intuitive comparison of model consis-
tency performance across different families, Fig-
ure 15 presents a comprehensive leaderboard visu-
alization based on the Group Relative Rank (GRR)
metric introduced in Section 3.2.1. This visualiza-
tion complements the quantitative results reported
in Table 3 by providing a visual ranking that em-
phasizes relative performance differences across
model families. The visualization employs an in-
verted transformation of GRR values, where each
model’s performance score is computed as score =
max(GRR) —GRRyen¢+ 1. Since lower GRR val-
ues indicate superior performance, this transforma-
tion ensures that models with smaller GRR values
receive higher scores and correspondingly longer
bars, providing an intuitive visual representation
where bar height directly correlates with model
superiority. Within each category—proprietary
models, open-source models, capability-enhanced
LLMSs, and agent-enhanced systems—color inten-
sity maps to relative score magnitude, with darker
shades representing higher performance and lighter
shades indicating lower performance. This gra-
dient encoding enables rapid visual identification
of top performers within each model family while
maintaining clear cross-category comparisons. Fig-
ure 16 further illustrates the relationship between
model consistency performance (CED) and average
output length.

Table 8 further disaggregates consistency per-
formance by prompt task type, reporting CED
scores across the four task categories defined in
Section 3.2.1: Generation (748 prompts), Continu-
ation (429 prompts), Expansion (419 prompts), and
Completion (394 prompts). Notably, Generation
tasks consistently yield higher CED than other
task types across most models, suggesting that
open-ended story creation without prior context
poses the greatest consistency challenge.

B.2 Output Length Distribution Statistics

Table 9 provides detailed statistics on generated
story lengths, complementing the analysis in Sec-
tion 3.2.2. For each model, we report the number
and percentage of stories in five length categories

(0-1k, 1k-3k, 3k-5k, 5k-8k, and 8k+ words),
along with average word count and total completed
stories.

These statistics show clear differences in gen-
eration strategies. Proprietary models like GPT-
5-REASONING and CLAUDE-SONNET-4.5 prefer
longer outputs (66.4% and 66.8% in the 8k+ cate-
gory), while GPT-40-1120 and NVIDIA-LLAMA-
3.1-ULTRA generate mostly shorter texts below 3k
words (85.0% and 84.1%). Open-source models
such as QWEN3-32B and GLM-4.6 show more
balanced distributions across length bins. Com-
bined with the error density metrics from Table 3,
these patterns highlight the trade-offs between gen-
eration length and consistency across different mod-
els.

B.3 Token-Level Uncertainty Metrics

Extending the entropy analysis presented in Sec-
tion 3.2.3, this subsection provides comprehensive
token-level uncertainty measurements across three
complementary metrics: Shannon entropy, token
probability, and perplexity. While Section 3.2.3
demonstrated that error-bearing segments exhibit
higher entropy than the whole-text baseline, a
multi-metric analysis offers deeper insights into
the probabilistic characteristics underlying consis-
tency failures.

Metric Definitions. For each token position ¢
in a generated sequence, we compute three uncer-
tainty measures from the model’s output distribu-
tion. Shannon Entropy is defined in Section 3.2.3.
Token Probability measures the model’s con-
fidence in the selected token w;, computed as
pt = exp(log p(w¢|w<y)), where higher values in-
dicate stronger confidence. Perplexity captures the
model’s surprise at the observed token sequence,
calculated as the exponential of average negative
log-probability:

N
1
PPL(S) = exp <_N Zlogp(wt!wq)) , ()

t=1

with lower perplexity indicating more predictable

sequences. For text segments S with NV tokens, we

report segment-level averages: p(S) = % Zi\i 1 Dt
PP 1N 1

and PPL(S) =N Zt:1 E

Results. Table 10 presents comprehensive com-
parisons across all three metrics for two rep-
resentative models. The results reveal consis-
tent patterns: error content consistently exhibits
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Figure 16: The consistency performance (CED) of evaluated models versus average output words.

higher uncertainty (elevated entropy and perplex-
ity) and lower confidence (reduced probability)
compared to the whole-text baseline. For QWEN3-
30B-A3B-INSTRUCT-2507, error segments show
+12.03% higher entropy, -5.41% lower proba-
bility, and +2.54% higher perplexity relative to
whole text, while QWEN3-4B-INSTRUCT-2507
demonstrates even stronger divergence (+19.24 %,
-7.99%, +5.55% respectively). These converging
signals across all three metrics indicate that consis-
tency failures emerge precisely in regions where

the model exhibits elevated uncertainty and di-
minished confidence, suggesting that token-level
uncertainty provides a reliable early warning sig-
nal for potential narrative inconsistencies during
generation.
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Table 8: Consistency Error Density (CED) disaggregated by prompt task type. CED: errors per 10K words (lower is
better). Task type columns show CED for each category: Generation (open-ended story creation), Continuation
(extending provided narratives), Expansion (elaborating specific segments), and Completion (filling removed
spans). Numbers in parentheses denote the number of prompts per task type. Avg Words: average output length.
Total: number of completed stories. Models are grouped by family and sorted by Overall CED in ascending order
within each category. Bold values indicate the highest CED among the four task types for each model.

Generation | Continuation | Expansion | Completion
Model Overall CED (748) 429) 419) (394) Avg Words | Total
Proprietary Models
GPT-5-Reasoning 0.113 0.11 0.093 0.07 0.188 9050 1990
Gemini-2.5-Pro 0.302 0.379 0.233 0.277 0.257 5091 1996
Gemini-2.5-Flash 0.305 0.334 0.243 0.254 0.373 5504 1996
Claude-Sonnet-4.5 0.52 0.67 0.387 0.498 0.402 8929 1998
Grok-4 0.67 0.765 0.638 0.552 0.649 2765 2000
GPT-40-1120 0.711 0.776 0.389 0.912 0.708 1241 1774
Doubao-1.6-Thinking-2507 1.217 1.415 1.154 1.084 1.054 3713 2000
Mistral-Medium-3.1 1.355 1.376 0.931 2.02 1.069 2447 2000
Open-source Models
GLM-4.6 0.528 0.785 0.311 0.381 0.437 4949 2000
Qwen3-32B 0.537 0.694 0.381 0.425 0.53 6237 2000
Ring-1T 0.539 0.641 0.484 0.489 0.461 5264 1999
DeepSeek-V3.2-Exp 0.541 0.795 0.325 0.382 0.465 3724 2000
Qwen3-235B-A22B-Thinking 0.559 0.605 0.44 0.575 0.586 5424 2000
GLM-4.5 0.595 0.584 0.522 0.653 0.635 5421 2000
Ling-1T 0.699 0.72 0.597 0.613 0.862 5088 2000
Step3 0.845 0.706 0.76 0.979 1.054 3793 1916
Qwen3-Next-80B-Thinking 0.959 1.15 0913 0.778 0.846 4820 1973
Kimi-K2-2509 1.3 1.686 0.926 1.162 1.112 3227 1792
Kimi-K2-2507 1.33 1.775 0.933 1.109 1.152 3046 2000
Qwen3-235B-A22B 1.447 1.57 1.152 1.587 1.389 3246 2000
Qwen3-Next-80B 1.603 1.849 1.271 1.612 1.486 4013 2000
Qwen3-4B-Instruct-2507 1.685 1.637 1.668 1.885 1.584 4919 1997
Nvidia-llama-3.1-Ultra 1.833 2.932 1.135 1.227 1.161 1224 1998
Qwen3-30B-A3B-Instruct-2507 2.13 2.58 1.8 2.103 1.666 2968 2000
DeepSeek-V3 2422 3.18 2.102 2.001 1.781 670 2000
QwenLong-L1-32B 3413 4.029 2.122 3.621 3.43 1234 2000
DeepSeek-R1 3.419 3.007 3.829 3.737 3.415 680 1952
MiniMax-M1-80k 3.447 3.44 3411 4.072 2.832 1442 1716
Capability-enhanced LLMs
LongWriter-Zero-32B 0.669 0.805 0.484 0.778 0.507 13393 1857
Suri-i-ORPO 2.445 2.768 2.117 2.355 2.284 4279 2000
LongAlign-13B 3.664 4.984 2.277 3.105 3.268 1624 2000
Agent-enhanced Systems
SuperWriter 0.674 0.75 0.632 0.673 0.576 6036 2000
DOME 1.033 1.108 0912 0.94 1.122 8399 1969
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Table 9: Detailed output length distribution across evaluated models. Columns show the number and percentage of
stories in each word-count bin. Models are sorted by average word count in descending order.

Model | 01k | 1k3k | 3k5k | 5k8k | 8k+ | AvgWords | Total
Proprietary Models
GPT-5-Reasoning 24 (1.2%) 48 (2.0%) 58 (2.5%) | 554 (27.8%) | 1322 (66.4%) 9050 1990
Claude-Sonnet-4.5 54 (2.7%) 40 (2.0%) 39 (2.0%) | 531 (26.6%) | 1334 (66.8%) 8929 1998
Gemini-2.5-Flash 48 (2.4%) 75 (3.8%) 830 (41.6%) | 838 (42.0%) | 205 (10.3%) 5504 1996
Gemini-2.5-Pro 43 (2.2%) 43 (2.2%) 845 (42.3%) | 1024 (51.3%) | 41 (2.1%) 5091 1996
Doubao-1.6-Thinking-2507 40 2.0%) | 548 (27.4%) | 1129 (56.5%) | 255 (12.8%) 28 (1.4%) 3713 2000
Grok-4 78 (3.9%) | 1326 (66.3%) | 542 27.1%) | 53 (2.6%) 1(0.1%) 2765 2000
Mistral-Medium-3.1 73 (3.6%) | 1524 (76.2%) | 380 (19.0%) 18 (0.9%) 5(0.2%) 2447 2000
GPT-40-1120 196 (11.0%) | 1578 (85.0%) | 0 (0.0%) 0 (0.0%) 0 (0.0%) 1241 1774
Open-source Models
Qwen3-32B 48 (2.4%) 59 (2.9%) 21 (1.1%) | 1872 (93.6%) | 0(0.0%) 6237 2000
Qwen3-235B-A22B-Thinking 60 (3.0%) 45 (2.2%) 174 (8.7%) | 1721 (86.1%) | 0 (0.0%) 5424 2000
GLM-4.5 56 (2.8%) 177 (8.8%) | 776 (38.8%) | 698 (34.9%) | 293 (14.6%) 5421 2000
Ring-1T 46 (2.3%) 48 (2.4%) | 784 (39.2%) | 1022 (51.1%) | 99 (5.0%) 5264 1999
Ling-1T 45 (2.2%) 176 (8.8%) | 892 (44.6%) | 710 (35.5%) | 177 (8.8%) 5088 2000
GLM-4.6 49 (2.5%) 72 (3.6%) 953 (47.6%) | 866 (43.3%) 60 (3.0%) 4949 2000
Qwen3-4B-Instruct-2507 66 (3.3%) 35(1.8%) | 1188 (59.5%) | 662 (33.1%) | 46 (2.3%) 4919 1997
Qwen3-Next-80B-Thinking 80 (4.1%) | 478 (24.2%) | 951 (48.2%) | 242 (12.3%) | 222 (11.3%) 4828 1973
Qwen3-Next-80B 59 (2.9%) 114 (5.7%) | 1632 (81.6%) | 182 (9.1%) 13 (0.7%) 4013 2000
Step3 45 (2.3%) | 458 (23.9%) | 1115 (58.2%) | 272 (14.2%) 26 (1.4%) 3793 1916
DeepSeek-V3.2-Exp 50 (2.5%) | 487 (24.3%) | 1311 (65.5%) | 227 (11.3%) 5(0.2%) 3724 2000
Qwen3-235B-A22B 68 (3.4%) 353 (17.6%) | 1576 (78.8%) 3(0.1%) 0 (0.0%) 3246 2000
Kimi-K2-2509 153 (8.5%) | 771 (43.0%) | 663 (37.0%) | 138 (7.7%) 67 (3.7%) 3227 1792
Kimi-K2-2507 69 (3.5%) | 928 (46.4%) | 948 (47.4%) | 55 (2.8%) 0 (0.0%) 3046 2000
Qwen3-30B-A3B-Instruct-2507 | 55 (2.8%) | 948 (47.4%) | 991 (49.5%) 1(0.1%) 5(0.2%) 2968 2000
MiniMax-M1-80k 694 (40.4%) | 935 (54.5%) 11 (0.6%) 44 (2.6%) 32 (1.9%) 1442 1716
DeepSeek-R1 108 (5.1%) | 1852 (94.9%) | 0 (0.0%) 0 (0.0%) 0 (0.0%) 1391 1952
QwenLong-L1-32B 792 (39.6%) | 1188 (59.4%) | 25 (1.2%) 2 (0.1%) 1(0.1%) 1234 2000
Nvidia-llama-3.1-Ultra 317 (15.9%) | 1681 (84.1%) | 0 (0.0%) 0 (0.0%) 0 (0.0%) 1224 1998
DeepSeek-V3 1971 (98.6%) | 29 (1.5%) 0 (0.0%) 0(0.0%) 0 (0.0%) 678 2000
Capability-enhanced LLMs
LongWriter-Zero-32B 58 (2.9%) 312 (15.7%) | 188 (9.5%) 79 (4.0%) | 1350 (67.9%) 13241 1987
Suri-i-ORPO 170 (8.5%) | 840 (42.0%) | 418 (20.9%) | 228 (11.4%) | 344 (17.2%) 4279 2000
LongAlign-13B 1812 (90.6%) | 69 (3.5%) 0 (0.0%) 1(0.1%) 118 (5.9%) 1624 2000
Agent-enhanced Systems
DOME 2 (0.1%) 4 (0.2%) 81 (4.1%) | 536 (27.2%) | 1346 (68.4%) 8399 1969
SuperWriter 59 (2.9%) 144 (7.2%) | 378 (18.9%) | 1069 (53.4%) | 350 (17.5%) 6036 2000
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Table 10: Comprehensive token-level uncertainty comparison across three metrics. Each metric compares error-
bearing segments against the whole-text baseline. Higher entropy and perplexity, along with lower probability,
indicate greater model uncertainty. Relative differences show the percentage change of error content compared to
whole text.

Model ‘ Average Values ‘ Relative Difference
‘ Whole Text Error Content ‘ (Error vs Whole)
Entropy (bits) — Higher indicates greater uncertainty
Qwen3-30B-A3B-Instruct-2507 1.1438 1.2814 +12.03%
Qwen3-4B-Instruct-2507 1.0734 1.2799 +19.24%
Probability — Higher indicates greater confidence
Qwen3-30B-A3B-Instruct-2507 0.6895 0.6522 -5.41%
Qwen3-4B-Instruct-2507 0.7097 0.6530 -7.99 %
Perplexity — Lower indicates better predictability
Qwen3-30B-A3B-Instruct-2507 1.8875 1.9354 +2.54%
Qwen3-4B-Instruct-2507 1.8566 1.9596 +5.55%
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B.4 Model-Specific Error Correlations

Figure 17 shows model-specific correlation matri-
ces for eight representative models, extending the
analysis in Section 3.2.4. Proprietary models (GPT-
5-REASONING, GEMINI-2.5-PRO) have sparse
matrices with weak cross-category dependencies,
while CLAUDE-SONNET-4.5 shows stronger Fact.—
World (r=0.387) and Narr.—Fact. (r=0.429) corre-
lations. Among open-source models, GLM-4.6
and KiMI-K2-2509 show the strongest Char.—Fact.
correlations (r=0.533 and r=0.556, respectively).

B.5 Extended Positional Analysis

Table 11 extends the positional analysis presented
in Section 3.2.5 by providing per-model statistics
for eight representative models. The extended
analysis confirms that the positional patterns ob-
served in the main text—fact positions clustering
in the early-to-mid narrative (15-30%) and contra-
diction positions extending toward later sections
(40-60%)—hold consistently across diverse model
architectures. In the table, blue highlights the
largest Gap values per error type.
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Figure 17: Model-specific error correlation matrices across eight representative models. Darker colors indicate
stronger positive correlations between error categories.

Table 11: Per-model positional distribution of seven representative error subtypes across eight models. Positions are
normalized by story length (0-100%). Fact: average position where facts are first established; Contra: average
position where contradictions appear; Gap: average distance between fact and contradiction positions, computed as

Avg Gap = % >, |contra; — fact;|. Blue = largest Gap per error type.

Model Metric Absolute Time Core Rules Quantitative Geographical Nomenclature Memory Perspective
Contradictions Violations Mismatches Contradictions Confusions Contradictions Confusions
Proprietary Models
Fact 48.4% 21.8% 20.0% 7.7% 20.2% 21.4% 13.3%
GPT-5-Reasoning  Contra 90.6% 21.1% 32.2% 30.2% 38.1% 40.5% 4.3%
Gap 47.7% 0.8% 12.7% 22.6% 24.2% 19.1% 15.8%
Fact 23.1% 19.1% 25.7% 12.2% 18.6% 16.3% 35.7%
Claude-Sonnet-4.5  Contra 41.5% 43.1% 43.4% 32.0% 37.7% 34.5% 35.9%
Gap 33.3% 28.1% 25.0% 21.3% 29.1% 19.7% 1.0%
Fact 19.3% 12.9% 21.1% 14.4% 17.7% 28.7% 0.2%
Gemini-2.5-Pro Contra 38.3% 39.8% 44.5% 41.9% 30.1% 29.5% 1.7%
Gap 19.0% 27.0% 28.6 % 28.2% 18.8% 1.9% 1.5%
Fact 13.7% 42.9% 33.9% 31.7% 11.0% 13.7% 23.9%
GPT-40-1120 Contra 52.9% 55.8% 41.0% 51.2% 30.2% 46.3% 15.5%
Gap 39.2% 37.6% 26.8% 44.5% 19.2% 32.5% 11.4%
Open-source Models
Fact 16.4% 24.6% 18.5% 19.2% 19.4% 12.5% 28.4%
Qwen3-235B
s Contra 36.6% 37.0% 35.6% 34.9% 37.3% 32.0% 27.4%
-A22B-Thinking
Gap 20.2% 23.5% 21.7% 19.4% 23.5% 26.3% 3.3%
Fact 17.7% 16.6% 21.0% 24.9% 22.3% 29.4% 0.1%
GLM-4.6 Contra 45.7% 36.8% 40.6% 45.3% 32.8% 33.7% 1.3%
Gap 28.0% 26.6% 25.5% 41.7% 27.0% 22.2% 1.2%
Fact 15.1% 25.0% 23.8% 30.7% 25.3% 29.3% 0.4%
DeepSeek-V3.2-Exp Contra 36.3% 42.5% 41.3% 31.7% 31.1% 46.6% 1.7%
Gap 21.8% 17.5% 23.7% 37.4% 21.4% 56.4% 1.4%
Fact 26.8% 26.6% 23.5% 22.3% 38.1% 23.1% 7.4%
Kimi-K2-2509 Contra 49.3% 38.7% 46.3% 46.1% 38.4% 42.4% 9.6%
Gap 28.3% 26.5% 26.6% 33.2% 23.5% 25.0% 2.4%
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C Explanation of Metrics

C.1 Example Calculation

We illustrate CED and GRR computation with ex-
amples demonstrating their complementary roles.

CED Calculation. Consider models generating

stories:

Words Errors
Story 1 8,000 2
Story 2 10,000 3
Story 3 6,000 1
Story 4 8,000 0
Story 5 800 0
Total (1-5) 32,800 6

For Stories 1-5, overall CED normalizes total
errors by total words (per 10K):

6 6

CED = = ~
overall = 39'800/10,000  3.28

1.83

Category CED: If errors are 1 Char., 1 Fact., 1
Narr., 2 Time., 1 World:

CEDTime = % ~ 0.61, CEDChar = 37128 ~ 0.30
However, Stories 4 and 5 both have zero errors,
yielding identical CED=0.00, yet Story 4 gener-
ates 8,000 words while Story 5 generates only 800
words—a 10-fold length difference that is a proxy
for narrative completeness and cannot be captured
by CED alone. This proxy is imperfect, since
longer outputs do not always guarantee genuinely
complete narratives.

GRR Calculation. To address this, GRR ranks
models within each story using the quality score
from Equation (2). For Stories 4 and 5:

8,000 800
= - = §8,000 = —— =800
1+0 ) 3 Q5 140

Q4

Story 4 ranks higher (rank 1) than Story 5 (rank
2) despite identical CED. GRR then averages these
ranks across all stories following Equation (3),
where lower values indicate better performance.

Interpretation. In Table 3: CED reports abso-
lute error density (errors per 10K words); GRR
provides relative ranking that accounts for both
consistency and completeness, addressing CED’s
inability to differentiate models when error densi-
ties are identical.
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