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Abstract

Memorization has been shown to greatly in-
flate Large Language Models’ (LLMs) perfor-
mance on domains such as math and logic,
where success should primarily rely on apply-
ing generalizable reasoning rules. In many
real-world applications, however, memoriza-
tion is not meant to be eliminated but selec-
tively constrained—for example, in story under-
standing, where background knowledge must
be integrated with narrative context. Drawing
on the cognitive science distinction between
“verbatim” (exact recall) and “gist” (seman-
tic abstraction) memorization, we propose a
two-tier framework for analyzing how LLMs
reason under different degrees of memory ac-
cess. The Inductive (prompt-guided) Setting
softly steers models to reason through selec-
tive, context-relevant recall, while the Restric-
tive Setting imposes stronger constraints by
limiting verbatim memory access. Evaluating
GPT-40, LLaMA3.3-70B, and DeepSeek V3 on
six character-centric story understanding bench-
marks, we find up to a 45.2% accuracy drop
under the Restrictive Setting, revealing strong
dependence on surface recall. By contrast, the
Inductive Setting maintains performance, indi-
cating that prompting can align LLMs toward
memorization-constrained reasoning.

1 Introduction

Large Language Models (LLMs) have achieved
remarkable success on a wide range of reasoning
benchmarks. However, the manner in which these
successes are achieved is often less satisfying. This
can be especially salient in character-centric story
understanding tasks, one of which we show in Fig-
ure 1: there, we see how a model can correctly
solve the task of identifying a character in a dia-
logue. However, it does so by simply recalling the
original script verbatim—a form of memorization
that deviates from the intended reasoning behavior.
As we see, once the character names are replaced,

this shortcut collapses, forcing the model to rely
on contextual cues such as a “dramatic and playful”
tone to recover the correct speaker through genuine
reasoning. This transition under memorization con-
straints raises a deeper question: Can LLMs rea-
son in the way humans expect—integrating selec-
tive background knowledge with narrative context
rather than relying solely on surface recall?

Character-centric story understanding provides
an ideal testbed for probing this issue. Such tasks
demand combining background knowledge with
story context to infer characters’ motivations, emo-
tions, and relationships (Yu et al., 2023a; Valluru-
palli et al., 2024; Shen et al., 2024; Brahman et al.,
2021). Because many benchmarks originate from
well-known media sources, LLMs may have en-
countered them verbatim during pretraining (Chang
et al., 2023a). When characters’ names or stylistic
cues are altered, memorization shortcuts collapse,
exposing the model’s true reasoning capacity.

Prior work has examined the tension between
memorization and reasoning mainly in domains
such as math and logic, where models are expected
to apply general rules and treat near-duplicates
as new problems (Lesci et al., 2024; Jin et al.,
2024; Carlini et al., 2023; Prabhakar et al., 2024,
Chen et al., 2024). In contrast, many real-world
applications require what we call memorization-
constrained reasoning, where memorization is not
entirely undesirable but must be used selectively—
retrieving bounded, context-relevant knowledge
and integrating it with local evidence. The chal-
lenge, therefore, is not to eliminate memory, but to
understand how reasoning operates when memo-
rization is constrained rather than removed.

To examine this systematically, we propose a
graded intervention framework inspired by the
cognitive distinction between verbatim (exact re-
call) and gist (semantic abstraction) memory. The
Inductive Setting preserves the original text but in-
troduces gist-based prompting to encourage selec-
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Inductive Setting: Prompt Guidance Only

Task: Identify speaker PO,P1, based on their personality and tone

So, after drinks with Bernadette, | get home, and Penny calls to
complain about her. And while I'm talking to Penny, | get a text |
from Bernadette. |

[N -
PO

I am trying to prepare my lesson plan for Howard. Why are you
telling me this? v ]
r L7 T I —
‘You better watch that attitude, buddy. You're dating the most {
‘ popular girl now.
oL 7 7
PO

= k]

: Response: |'ve seen this script before — let me recall the original
1 scene to identify who said each line.

! This script is from Friends, speakers are Monica and Joey.

................................................

Name Replacement |

Restrictive Setting: Prompt Guidance + Memorization Constraint

Task: |dentify speaker PO,P1, based on their personality and tone

.

So, after drinks with P2, | get home, and P3  calls to complain '

about her. And while I'm talking to P3, | get a text from P2. 1
J

'
! | 1'am trying to prepare my lesson plan for P4. Why are you telling
1+ | me this?

popular girl now. |

b = )

1 rz" J You better watch that attitude, buddy. You're dating the most |
Lo BN
PO -

'

: Response: Based on their personality, tone, and relationship : :
'

: PO enjoys telling stories, maybe a little dramatic and playful tone, Amy. '
'

i I

i '

P1is Sheldon from TBBT who likes to say “Why are you telling me this?”

Figure 1: Illustration of our graded intervention framework. The Inductive Setting encourages selective, context-
based reasoning, while the Restrictive Setting limits verbatim recall by replacing character names.

tive, context-driven recall—probing whether rea-
soning can be elicited through guided induction.
The Restrictive Setting imposes a stronger con-
straint: all character names are replaced with cultur-
ally distinct alternatives, suppressing direct mem-
ory access to test whether reasoning can be sus-
tained when memorization is blocked. Together,
these two settings form a continuum of interven-
tions that distinguish between behavioral steerabil-
ity (whether models can be guided to reason as
intended) and intrinsic robustness (whether reason-
ing endures under strict memory constraints).

Applying this framework to six character un-
derstanding tasks with three representative LLMs
(GPT-40, LLaMA3-70B, and DeepSeek V3), we
find clear support for our hypothesis. Performance
drops by as much as 45.8% in the Restrictive Set-
ting, showing that current benchmarks substan-
tially overestimate reasoning by allowing verbatim
memorization to dominate. By contrast, accuracy
in the Inductive Setting remains largely stable, in-
dicating that prompting can guide models toward
reasoning that appropriately integrates memoriza-
tion rather than relying on surface recall. Together,
these findings reveal not only a critical gap in how
current evaluations interpret “reasoning,” but also
a concrete way to probe and improve it.

In summary, our key contributions are:

1. Expanding from Reasoning to Understand-
ing Tasks: We extend the study of memo-
rization and reasoning beyond math and logic
to character-centric story understanding, a
domain that requires controlled use of memo-
rization for reasoning.

2. An Inductive—Restrictive Framework: We
propose a two-tier design: the Inductive
Setting guides models toward memorization-
constrained reasoning, while the Restrictive
Setting limits verbatim recall to test intrinsic
reasoning ability.

3. Diagnosing and Steering LLM Reason-
ing: Our results reveal that restricting ver-
batim cues causes large performance drops,
while inductive prompting maintains accu-
racy—showing how prompting can steer mod-
els toward the intended, constrained form of
reasoning.

2 Related Work

2.1 Memorization and Reasoning in LLMs

LLMs’ impressive reasoning capabilities have at-
tracted significant attention (Tong et al., 2023; Yang
et al., 2023b; Xiong et al., 2024; Tan et al., 2024;
Jiang et al., 2025; Jiang and Ferraro, 2026; Xu
et al., 2025; Zhang et al., 2025), yet their behav-
ior is also strongly shaped by memorization (Zhou
et al., 2023; Chen et al., 2024; Biderman et al.,
2024). Prior studies show that memorizing train-
ing data can inflate benchmark scores (Khandelwal
et al., 2020; Blevins and Zettlemoyer, 2022) and
that conflicting memories can even degrade perfor-
mance (Su et al., 2024; Wang et al., 2024; Yang
et al., 2025).

Cognitive science offers a useful lens for
this distinction, separating verbatim memoriza-
tion—precise recall of surface details—from gist
memorization—semantic abstraction of mean-
ing (Reyna and Brainerd, 1998; Brainerd and
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Reyna, 2002). To avoid confusion with architec-
tural notions of memory in NLP (Alizadeh et al.,
2024; Kwon et al., 2023), we use these terms to de-
scribe distinct recall styles rather than neural mech-
anisms. This distinction underpins our analysis
of how LLMs balance shallow recall with deeper
reasoning.

Recent NLP research has sought to disentangle
and quantify memorization (Lesci et al., 2024; Jin
et al., 2024; Carlini et al., 2023; Prabhakar et al.,
2024), examining phenomena such as multifaceted
memorization (Prashanth et al., 2024; Li et al.,
2024) and logit-based tracing (Chen et al., 2024).
While mitigation methods like out-of-distribution
filtering (Biderman et al., 2024) help in struc-
tured reasoning tasks, they are less applicable to
character-centric domains grounded in known fic-
tional texts. In contrast, we propose a prompting-
based framework that fests whether LLMs can reg-
ulate their use of memorization under explicit con-
straints, distinguishing verbatim recall from rea-
soning that integrates bounded, context-relevant
memory.

2.2 Character centric Story Understanding
and Its Evaluation with LLMs

Character understanding has long been a focus
in psychological, literary, and educational re-
search (Bower and Morrow, 1990; McKee, 2010;
Paris and Paris, 2003). It spans tasks such as char-
acter recognition, coreference resolution, summa-
rization, role detection, goal modeling, personality
analysis, and question answering (Bamman et al.,
2020; Chen et al., 2022; Frermann et al., 2018;
Vallurupalli et al., 2024; Yu et al., 2023b).

Recent work demonstrates that LLMs achieve
strong results on character-centric benchmarks (Li
et al., 2023; Stammbach et al., 2022; Goyal et al.,
2023). However, many of these datasets are de-
rived from publicly available or widely consumed
fictional sources, such as movie scripts, TV shows,
and novels (Sang et al., 2022a; Tapaswi et al.,
2016; Caselli and Vossen, 2017), which makes
them vulnerable to pretraining overlap and surface-
level memorization (Chang et al., 2023a). Al-
though prior research has studied LLM memoriza-
tion broadly (Carlini et al., 2023; Xie et al., 2024;
Yang et al., 2023a), little is known about how it
specifically affects character understanding tasks.
Our work fills this gap by examining memoriza-
tion’s role in these tasks and proposing interven-
tions to distinguish between recall and reasoning.

3 Data and Experiment Setup

To comprehensively evaluate character understand-
ing in LLMs, we compile two datasets: Char-
Bench and CharScript. Inspired by NLP bench-
mark collections such as GLUE (Wang et al.,
2018), our CharBench integrates six publicly avail-
able datasets spanning character-centric tasks like
coreference resolution, personality inference, and
dialogue-based QA (details in Section 6.1).

The second dataset, CharScript, is newly con-
structed for this study by systematically sampling
textual segments from original fictional sources
underlying CharBench, explicitly probing models’
verbatim memorization (details in Section 3.2).

3.1 CharBench: A Benchmark Collection for
Character Understanding

CharBench aggregates six widely recognized
NLP benchmarks covering diverse narrative medi-
ums—TYV shows, movies, and novels. To ensure
comparability, we retain each dataset’s original
splits, preprocessing, and evaluation metrics. De-
tailed task descriptions and implementations are
provided in Appendix E.

Benchmark Sources Following established NLP
benchmark practices (Wang et al., 2018), Char-
Bench includes:
¢ MovieCoref (Chen and Choi, 2016): Corefer-
ence resolution in movie scripts.
* TVSHOWGUESS (Sang et al,
Speaker identification in TV dialogues.
* PERSONET (Yu et al., 2023b): Personality
inference from literary passages.
¢ CSI Corpus (Frermann et al., 2018): Role de-
tection from crime shows.
* FriendsQA (Yang and Choi, 2019): Multi-turn
dialogue-based QA.
e SummScreen (Chen et al., 2022): TV episode
summarization.

2022b):

Evaluation Metrics We strictly follow original
dataset metrics (exact match, ROUGE, F1 score),
as detailed in Table 1.

3.2 CharScript: Fictional Works
Memorization Benchmark Dataset

Motivated by recent NLP research on memoriza-
tion in language models (Chang et al., 2023b),
we constructed the CharScript dataset to evaluate
whether LLMs can recognize the source of fictional
text segments. Following a similar setup to (Chang
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Task Name Task Type Data Source Metric
TVShow Guess Character Guessing TV Shows Exact Match
FriendsQA Question Answering TV Shows Exact Match
Screenplay Character Coreference Movies F1 Score
SummScreen  Text Summarization TV Shows ROUGE
CSI Role Detection TV Shows F1 Score
PERSONET Personality Understanding Novels Exact Match

Table 1: Overview of benchmark tasks, including their
type, data sources, and evaluation metrics.

et al., 2023b), we probe whether models can cor-
rectly attribute short passages to their original nar-
rative sources, as an indicator of verbatim memo-
rization. We present our experimental design and
findings in Section 5.1.

We systematically sampled and extracted 200
textual segments, averaging approximately 312
words each, from 40 diverse fictional sources (11
TV series, 9 movies, and 20 novels). These sources
were carefully selected to maximize narrative di-
versity, textual complexity, and representativeness
of popular fictional works included in CharBench.
Each source contributes exactly 5 segments, struc-
tured uniformly in the format [Title]; Scene context,
combining both original dialogue and narrative de-
scriptions.

3.3 Models

We evaluate three frontier LLMs—open-source
LLaMA 3.3-70B (Al 2024) and DeepSeek V3 (Liu
et al., 2024), as well as the closed-source GPT-
40 (OpenAl, 2023)—via API-based inference. To
address stochastic variability, each model was run
three times per setting, and average performance
is reported. The total cost of our experiments was
approximately $100.

4 Inductive Setting: Guiding
Memorization-Constrained Reasoning

In this setting, we aim to examine whether LLMs
can follow explicit prompt instructions to regu-
late their use of memorization and reasoning as
intended. Specifically, we test whether prompting
alone—without altering the input text—can induce
models to move away from verbatim recall and in-
stead engage in reasoning that relies on relevant,
context-bound memory and semantic abstraction.

4.1 Character Guessing Task Format

We select the Character Guessing Task specifi-
cally because it closely mirrors the name cloze
tests (Chang et al., 2023b) previously established
as effective probes for verbatim memorization in

LLMs. Name cloze tests measure memorization
by removing character names from familiar con-
texts and testing if models can accurately recall
them. Similarly, in our task, speaker labels are re-
moved from dialogue excerpts, requiring the model
to infer speakers solely from textual context. If
models rely heavily on verbatim memorization, ac-
curacy should significantly degrade when surface
cues—such as explicit character names—are dis-
rupted. Conversely, if models genuinely reason
about character interactions and relationships, per-
formance should remain relatively stable despite
these perturbations.

Following the original TVShow Guess
setup (Sang et al., 2022c), the model is tasked
with predicting the speaker of each utterance in
a dialogue segment where all speaker labels are
removed.

4.2 Prompting Strategies

We design two distinct prompting conditions to
examine how LLMs rely on different memoriza-
tion mechanisms when identifying characters. Ver-
batim prompting encourages mechanical memo-
rization, where the model recalls exact substrings
from its training data and reconstructs missing parts
without reasoning. In contrast, gist prompting fo-
cuses on extracting key information and perform-
ing memorization-based matching. For character
understanding tasks, the most relevant gist cues typ-
ically include character relationships, significant
events, and personality traits.

All prompts share the same base instruction:
"The following is a dialogue. Please identify who
they are. ... "

The two variations are as follows:

Verbatim Prompt: "...Do this by direct mem-
orization retrieval—do not infer based on traits,
interactions, or context. Recall names exactly from
past dialogue knowledge without explanations or
reasoning."”

Gist Prompt: "...Do this by analyzing relation-
ships, key events, and personality traits to match
them with known characters. Do not directly re-
trieve from memorization who said the sentences."

Prompt Robustness To positively establish that
our findings are stable across wording choices, we
designed two paraphrastic variants for each condi-
tion (verbatim and gist), keeping the instructional
structure fixed while slightly altering phrasing (Ap-
pendix H). For each model, we ran three trials
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per variant and report mean accuracy. Across all
models, the qualitative ordering observed in the
main results is consistently reproduced under these
nearby formulations. Numerical results appear in
Appendix Table 9.

4.3 Result and Analysis

Our key observations are as follows:

* Baseline Performance: The baseline condition
reflects the overall performance of the models,
with GPT-40 demonstrating a clear lead to others,
while Llama 3.3-70B and DeepSeek V3 exhibit
quite similar performance.

* Memorization Reliance: All three models show
that the Verbatim condition performs nearly iden-
tically to the baseline, supporting our hypothesis
that models primarily rely on memorization when
answering the Character Guessing task.

» Effect of Gist Prompting: The Gist condition
results in a non-trivial performance drop, approx-
imately 10%, suggesting that our prompt effec-
tively reduces the model’s dependence on memo-
rization when generating responses.

Our results indicate that gist-based prompting
can indeed shift model responses toward reasoning,
as evidenced by the performance drop under the
Gist condition (see Figure 2). However, the mod-
erate performance drop (approximately 10%) sug-
gests that even gist prompting may not completely
eliminate the models’ reliance on verbatim memo-
rization. Previous research similarly indicates that
prompting without explicit reasoning steps may
fail to fully engage true reasoning processes (Yu,
2025). Therefore, to conclusively test our hypothe-
sis—that models’ strong benchmark performance
relies significantly on verbatim memorization—we
introduce a more direct and explicit intervention
aimed at disrupting memorized surface-level cues.

5 Restrictive Setting: Testing Reasoning
under Memorization Constraints

We further test whether models can reason ef-
fectively when direct memorization shortcuts are
blocked. In this setting, all character names are
replaced with culturally distinct alternatives, re-
moving verbatim recall while preserving narrative
meaning. This allows us to evaluate whether LLMs
can perform reasoning when surface-level memo-
rization cues are no longer accessible.

GPT-40 LLama3.3-70B Deepseek V3

100%

80%

60%

40% A

20% A

M Verbatim Gist

M Baseline

Figure 2: The bar chart compares the performance of
three LLMs under three prompting settings. Across
all three models, the performance of the Verbatim and
Baseline conditions is highly similar, confirming our hy-
pothesis that the models rely on memorization when an-
swering questions. The Gist condition, however, shows
a non-trivial decline in performance, indicating that the
models struggle when they cannot fully rely on memo-
rization to generate responses.

5.1 Name Replacement Strategies and Their
Impact on Memorization

Name Replacement Strategies Previous stud-
ies (Yu et al., 2022) have primarily employed Same-
Cultural Name Replacement, a naive and intuitive
approach that substitutes character names with cul-
turally consistent alternatives. To systematically
analyze the impact of name replacement on model
performance, we introduce three distinct levels of
name modifications:

* Name Masking: Replacing character names
with placeholders (e.g., Sheldon, Amy — PO, P1).

¢ Cross-Cultural Name Replacement: Substi-
tuting names with those from a different cultural
background (e.g.English — Chinese) while main-
taining gender consistency (e.g., Sheldon, Amy
— Jie Zhang, Xiaoling Wang) (Sun et al., 2024).
This tests whether models rely on specific name
distributions for character inference.

* Same-Cultural Name Replacement: Replacing
names with other culturally consistent alterna-
tives (e.g., Sheldon, Amy — Andrew, Sally). This
retains cultural familiarity while disrupting direct
memorization by name replacements.

Human Validation of Reasoning Preservation
We conducted two complementary human valida-
tions (Appendix G). Exp. I (Objective accuracy)
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examines whether our name replacement itself re-
duces accuracy; with the accuracy remains no ob-
vious change (max |A| = 2.2 percentage points
and no item was judged “unsolvable.”), implying
that any model-side drop under replacement is at-
tributable to reliance on verbatim memorization.
Exp. 2 (Gold/semantic integrity) tests whether re-
placement changes or ambiguates the gold answer;
across 300 item—judgments, none were flagged. To-
gether, these results show that name replacement
preserves the semantic structure of the items and
keeps gold labels intact.

Memorization Evaluation Task Format To di-
rectly quantify how much verbatim memorization
models rely on, we design a Source Identifica-
tion Task. This task closely resembles estab-
lished memorization evaluation methods, such as
source attribution or textual cloze tests (Chang
et al., 2023b). Specifically, given a dialogue ex-
cerpt D = {Uy, Uy, ..., U, } without source anno-
tations, the model must identify the correct origin
of the text, predicting fsource (D) — S, where S is
the specific fictional source.

The rationale behind this design is straightfor-
ward: if a model has memorized verbatim text
from pretraining, it should accurately identify the
source based purely on surface-level textual recall.
Conversely, if name replacement or prompting dis-
rupts memorization effectively, we expect a sig-
nificant decrease in source-identification accuracy.
Thus, observing substantial performance degrada-
tion would strongly support the claim that mod-
els’ prior accuracy was driven largely by verba-
tim memorization rather than reasoning. We use
the CharScript: Fictional Works Memorization
Benchmark Dataset described in Section 3.2 to
rigorously evaluate this effect.

Impact of Name Replacement on Memorization.
According to Figure 3, our results demonstrate that
different name replacement strategies have a signif-
icant impact on the memorization ability of LLM:s.
Among them, Cross-Cultural Name Replacement
consistently induces the strongest forgetting effect
across all models, indicating that altering names
to those from a different cultural background dis-
rupts memorized associations more effectively than
other replacement methods. This suggests that cul-
tural distance may play a crucial role in weakening
memorized identity-linking patterns in models.

NR on Source Identification (Accuracy %)
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GPT-40 Llama3.3-70B DeepSeek V3

Figure 3: The heatmap presents accuracy percent-
ages for source identification across three LLMs un-
der different name replacement conditions. All three
models demonstrate strong memorization of the script.
The Cross-Culture Name Replacement method ex-
hibits a significantly strong and the most pronounced
memorization-weakening effect across all three models.

5.2 Memorization-Controlled Prompting
under Name Replacement

Different name replacement strategies have shown
a significant impact on the memorization ability
of LLMs. Building on this, we apply the name
replacement strategies introduced in Section 5.1
to evaluate the Character Guessing tasks, using
the verbatim and gist prompting strategies we have
discussed in Section 4.2.

Under the Name Replacement condition, we
provide brief character descriptions generated by
GPT-4, aiming to enable the model to complete the
Character Guessing task through character match-
ing. The descriptions used are provided in the Ap-
pendix C. To assess the actual effectiveness of these
descriptions, we conduct an ablation study.

Results and Key Findings We present the core
results in Figure 4 and summarize four key find-
ings:

1. Performance Declines with Reduced Mem-
orization. Accuracy drops as surface cues
are removed, revealing the model’s strong re-
liance on verbatim memorization.

2. Character Descriptions Have Minimal Im-
pact. Adding character descriptions does not
notably change performance, suggesting lim-
ited influence on model decisions.
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Figure 4: The line chart shows the decline in mem-
orization across different settings, illustrating that as
memorization weakens, overall model performance also
decreases. The bar chart presents the effect of different
prompting strategies: under Name Replacement con-
ditions, Verbatim prompting consistently outperforms
the baseline by reinforcing memorization, whereas Gist
prompting further reduces reliance on memorization,
leading to the lowest accuracy.

3. Prompting Style Matters. Verbatim prompts
boost performance by reinforcing memoriza-
tion, while Gist prompts suppress it and lead
to lower accuracy.

4. Name Replacement + Gist Prompting Is Ef-
fective. This combination best reduces mem-
orization reliance and reveals the model’s true
reasoning ability.

6 Evaluating Understanding under
Memorization Constraints

We further evaluate whether our framework gen-
eralizes across diverse understanding tasks. Com-
bining inductive prompting with restrictive name
replacement, we test if LLMs can sustain reasoning
performance when memorization cues are system-
atically constrained.

6.1 Benchmark Tasks Description

We benchmark five types of character understand-
ing tasks spanning coreference, personality infer-
ence, role detection, QA, and summarization. Each
task evaluates the model’s ability to extract or infer
character-related information from dialogue.

Example Dialogue To illustrate these tasks, con-
sider the following conversation:

Same-Cul. Cross-Cul.

Task Example Question and Expected Output

Coreference Resolu- "Which entity does ’his’ refer to?" — "Grissom"
tion

Personality Under- "What trait best describes P1?" — Analytical
standing

Role Detection "Identify all entities referring to the criminal." —

Peter Berglund

Question Answering "What play does Grissom mention?" — "'Six De-

grees of Separation"'

Summarization "Generate a summary." — "'Peter discusses con-
vincing a jury, while Grissom references a

play."

Table 2: Examples of different character understanding
tasks applied to the same dialogue.

P0O: "You're still going to have to con-
vince a jury that I killed two strangers
for no reason."

Grissom doesn’t look worried. He takes
his gloves off and puts them on the table.

P1: "You ever been to the theater, Pe-
ter? There’s a play called Six Degrees of
Separation."

The correct speaker labels are PO — Peter
Berglund, P1 — Grissom. For all tasks except
Character Guess, the placeholders PO and P1 are
replaced with their original names, Peter Berglund
and Grissom. Table 2 illustrates how this dialogue
segment is utilized across different tasks.

6.2 Gist Prompts Across Character
Understanding Tasks

General Guidelines for Gist Prompting

* Encourage Structural Reasoning: Guide mod-
els to infer character identity and relationships
from discourse patterns rather than relying on
explicit name associations.

* Eliminate Memorization Bias: Ensure prompts
emphasize evidence-based inference rather than
knowledge retrieval.

* Preserve Narrative Coherence: In summariza-
tion and question answering, focus on maintain-
ing logical flow rather than phrase-matching.
Detailed prompts in Appendix F.

6.3 Results and Key Findings

Our evaluation provides new insights into how
LLMs adapt their reasoning under memorization
constraints, summarized in three key findings:

1. Models Default to Verbatim Recall but Can
Adapt under Constraints. As shown in Ta-
ble 3, restricting surface cues through name

5596



Tasks GPT-40 LLaMA3.3-70B DeepSeek V3

Origin NR NR+GIST | Origin NR NR+GIST | Origin NR NR+GIST
Tvshow Guess 782 3200462 315005 | 614 3190295 278041 | 60.8 29.7]31.1 26.713.0
Coreference 583 49.6/8.7 475021 | 567 483084 481102 | 474 3460128 32323
FriendsQA 443 386057 3867100 | 457 429028 443114 | 428 394034 34351
ScreenSum 375 287088 23.1056 | 40.1 2590142 213046 | 356 1931163 17.1/22
CSIRole Extract | 50.1 3290172 317012 | 483 347013.6 32.7/20 | 451 2981153 23.76.1
PERSONET 560 520040 5407120 | 620 4600160 440020 | 440  40.0/40 38020

Table 3: Ablation study examining the impact of name replacement and the GIST method on model performance
across six NLP tasks.The subscripted values in the NR column indicate the performance drop relative to the original
script, while the subscripted values in the NR+GIST column show the performance change compared to the Name

Replace condition.

replacement consistently reduces accuracy, re-
vealing that models initially rely on verba-
tim recall. However, when guided by induc-
tive prompting, performance partially recov-
ers, suggesting that LLMs can adjust toward
reasoning supported by bounded, context-
relevant memorization rather than full recall.

2. Task Type Influences Memorization Depen-
dence. Action-oriented tasks (e.g., Character
Guessing, CSI Role Detection) depend more
on direct cue—label associations, making them
sensitive to memorization constraints. In con-
trast, motivation-oriented tasks (e.g., Personal-
ity Understanding) encourage inference about
internal states and intentions, naturally align-
ing with reasoning that integrates but does not
overuse memory.

3. Excessive Memorization Can Impair Rea-
soning. In some benchmarks, models perform
better once memorization is constrained, as
removing misleading associations alleviates
knowledge conflicts. This indicates that con-
trolled memory use—rather than maximal re-
call—supports more faithful character under-
standing.

These findings are consistent across multiple
models (Figure 5), suggesting generalizability and
broader implications of memorization biases in cur-
rent benchmarks.

7 Conclusion

We examined how LLMs use memorization in
memorization-constraint tasks, framing it not as
a flaw but as a process that should be con-
strained and integrated with reasoning. Our two-
tier framework—the inductive and restrictive set-
tings—tests whether models can regulate memo-

Performance Drop Due to GIST+NR Across Models

B GPT-40
B LLaMA3.3-70B
Bmm DeepSeek V3

404

w
o
L

Drop in Accuracy (%)
~
o
L

104

Guessing

Coreference  FriendsQA  ScreenSum csl PERSONET

Figure 5: Performance degradation across LLMs due
to GIST+NR. Action prediction tasks (e.g., Guessing,
CSI) show greater drops than motivation prediction tasks
(e.g., PERSONET, FriendsQA), reflecting their differen-
tial reliance on memorization.

rization when guided by prompts or deprived of
surface cues. Results across six character-centric
benchmarks show that while models default to ver-
batim recall, they can be steered toward reasoning
under bounded memory. This highlights the need
for evaluations that assess reasoning under realistic
memorization constraints.
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9 Limitations

The specific training data of GPT-4o0 is not publicly
disclosed by OpenAl, making it fundamentally un-
knowable. Our work employs probabilistic infer-
ence to estimate the model’s familiarity with a set
of fictional works. However, whether these works
are explicitly included in the training data remains
unanswerable. Nevertheless, even mere familiarity
can suffice to contaminate test data, posing chal-
lenges to fair evaluation.

Our study can be extended by future research in
a number of ways. First, though we ground and
motivate our work through “verbatim” and “gist”
memorization, we note that any apparent “reason-
ing” of Al systems may differ fundamentally from
those of humans, and we did not pursue human
studies to examine this in detail. Further investiga-
tion is needed to explore this topic.

Second, the relationship between memorization
and reasoning remains a subject of debate in cogni-
tive science. Future studies may uncover insights
into this relationship from entirely new perspec-
tives.

Thirdly, While our interventions reveal strong
trends, we acknowledge that results may be sensi-
tive to the surface form of prompts. Future work
could complement our findings with uncertainty-
based analyses such as log probability compar-
isons.

Finally, our study was centered on select, recent
(but not contemporaneous) majority Western popu-
lar culture references. Given their popularity, this
selection likely increases the chances that LLMs
have been pretrained on more instances or language
discussing those references (vs. contemporaneous
references, or references from non-Western cul-
tures, where overall occurrences in training data
may be lower); it is possible that this exaggerated
some of the effects we observed.

10 Ethics

Our study probes the degree to which GPT-40 have
memorized fictional works, and its impact on char-
acter understanding tasks. This work uses the Ope-
nAl API on experiments above, and at no point do

we access, or attempt to access, the true training
data behind these models, or any underlying com-
ponents of the systems. Risks The several datasets
and fictional work scripts in our experiment are
sourced from publicly available sources. However,
we cannot guarantee that they are free from socially
harmful or toxic language. We use ChatGPT ! to
correct grammatical errors in this paper.

Annotator Characteristics. The three partici-
pants were adult graduate students located in the
United States. Two had no prior exposure to the
target TV series, while one was familiar with it.
All volunteers, no payment. No additional de-
mographic attributes were collected. Instructions
given can be found in Appendix G.

Consent and Data Use. All participants were
informed that the study involved answering
comprehension questions for research purposes.
They were told that their responses would be
anonymized, used only for validation analysis, and
not shared beyond the scope of this paper. Written
consent was obtained before participation.
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A Example of Script-based Character
Understanding Task

In Table 4 we show a full example of the character
understanding task. In this example, we have auto-
matically replaced the individual character names
with placeholders like PO and P1.

B Extended Dataset Analysis

For the six representative character understanding
tasks studied in our work, we selected one dataset
for each category. However, we also recognize that
there are many different benchmark datasets for
each type of task. When selecting representative
datasets for each category, we focused on choosing
those with more diverse sources. Additionally, we
supplemented the selection with eight datasets of
the same type but derived from different sources in
Table 6.

C Prompts for GPT4

The following is the prompt we sent to GPT4: For
personality traits extraction *you are a psychol-
ogy research assistant designed to help analysis
character personalities according to conversations.’
conversation 'Here ends the conversation.Give me
a character description for each main character ac-
cording to this conversation.’

Character Description Here is a character de-
scription:Monica: Responsible, caring, and or-
ganized. Assertive and confident in her ac-
tions.Chandler: Witty and self-deprecating with
an approachable sense of humor. Exhibits inse-
curity and anxiety in his dialogues, making refer-
ences to uncomfortable situations and questioning
his own actions.Rachel: Spontaneous and open to
change, she takes risks and is adaptable. She is
also reliant on her relationships with others, signi-
fying her dependency and need for support.” *Joey:
Energetic, extroverted, and casual. Lacks the sensi-
tivity of others feelings at times but genuinely care
about friends.Phoebe: Quirky, eccentric, and a free
spirit. Her train of thought tends to lean toward the
unusual and bizarre. However, she is also compas-
sionate and caring.Ross: Insecure and somewhat
neurotic and vulnerable. His behavior is indica-
tive of someone who is going through emotional
turmoil.’

D Name Replacement and Character
Comparison

Here is a single example:
Original:
P1: Phoebe, honey, if you hate it so much. ..
Cross-culture replacement:
P1: Xiaomei, honey, if you hate it so much. ..
Same-culture replacement:
P1: Susan, honey, if you hate it so much... Neu-
tral placeholder replacement:
P1: Speaker A, honey, if you hate it so much. ..
We also provide partial name replacement dic-
tionary in table 7.

D.1 Cross-Language Uncommon Name
Replacement

With gender swap:[Bojing, Cuixia, Jingjing,

Yunsheng, Meilin, Yusong] Without gender

swap:[Cuixia, Bojing, Yunsheng,Jingjing, Yusong,

Meilin]
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Input

PO: Hey, sorry about that P1: No, we’re sorry. We never should have been
comparing relationships in the first place. P2: Why? We won. You know,
I say, next, we take on Koothrappali and his dog. Really give ourselves a
challenge. P3: I just want to say one more thing about this. Just because
Penny and I are very different people does not mean that we’re a bad couple.
P2: The answer is one simple test away. Hmm? You know, it’s like when I
thought there was a possum in my closet. Did I sit around wondering? No,
I sent Leonard in with a pointy stick and a bag. P3: I killed his Chewbacca
slippers. PO: Let’s just take the test. P3: No, no, no, I don’t want to. PO: Oh,
well, cause you know we’re gonna do bad. P3: Because it doesn’t matter.
I don’t care if we’re a ten or a two. P2: Or a one. A one is possible. P3:
Marriage is scary. You're scared, I’'m scared. But it doesn’t make me not
want to do it. It, it just makes me want to hold your hand and do it with you.
PO: Leonard. P1: It makes me so happy if you said things like that. P2: We

got an eight-point-two. Trust me, you’re happy.

Label PO: Penny, P1: Amy, P2: Sheldon, P3: Leonard

Table 4: An example from character guessing task.

Input  Tell me the source for follow-
ing script:Penny: Hey, sorry
about that Amy: No, we’re
sorry. We never should have
been comparing relationships
in the first place. Shel-
don: Why? We won. You
know, I say, next, we take
on Koothrappali and his dog.
Really give ourselves a chal-
lenge. Leonard: I just want to
say one more thing about this.
Just because Penny and I are
very different people does not
mean that we’re a bad couple.

Source The Big Bang Theory

Table 5: An example for source prediction task.

Task Name Task Type Source
Character Mining  Character Identification TV Shows
LISCU Character Identification =~ Book Reviews
MovieQA Visual Question Answering Movies
Liter Coreference Character Coreference Novels
HVYV Detect Role Detection Movies, News
SYMON Visual Question Answering Movies
CEB Character Representation Novels
Love and Violence Summarization TV Shows

Table 6: Overview of 8 more tasks in the character
understanding benchmark.
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Task name

Before replacement

After replacement

Caderousse, Danglars, Albert,
Mercédes, Elders, Abbé Bu-
soni, Eugénie, Faria priest, Fer-
nand, Franz, Faria, Morre, Monte
Cristo

TVShow Monica, Joey, Chandler, Phoebe, | Bojing, Cuixia, Jingjing, Yun-
Ross, Rachel sheng, Meilin, Yusong

CSI Grissom, Catherine, Nick, Sara, | Jingbo, Jingwen, Huaqiang, Li-
Brass hui, Weimin

PERSONET Villefort, The Count, Dantes, | Weina, Niixia, Danqging, Cail-

ing, Danyu, Ailan, Mengzhe,
Lianhua, Busu, Yujun, Fanli,
Feiyan, Fangqing, Fangli, Moya,
Mingxia

Table 7: Besides the main characters, there are many names of minor characters and passersby appearing in the
tasks. In each task, these secondary and passerby names can be dozens of times more than the number of main
characters. Replacing these names is complex but not impossible (e.g., with the help of LLMs). However, to align
with the TV show approach of only replacing the names of main characters, we only replaced the main characters in

all tasks. From the results, it is clear that even replacing only the main characters has had a significant effect.
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replace all the character name [Monica, Joey,
Chandler, Phoebe, Ross, Rachel]
in the conversation with
[Bojing, Cuixia, Jingjing, Yunsheng, Meilin, Yu-
song].

The comparison before and after name sub-
stitution

The scene overall reflects a group dynamic
characteristic of close friends who are comfortable
jesting with each other, while also being there in
times of crisis or emotional turmoil.

1.Monica: Responsible, caring, and organized.
Assertive and confident in her actions.
1. Bojing: Bojing comes across as practical,
level-headed and caring. He often acts as the voice
of reason for his friends, attempting to mediate,
clarify, and console in various situations. His
attempts to play down his date suggest he is a
private person who doesn’t enjoy sharing intimate
details of his life.

2. Joey: Energetic, extroverted, and casual.

Lacks the sensitivity of others’ feelings at times
but genuinely care about friends.
2. Cuixia: Cuixia seems like a lively, fun-loving
character. However, she sometimes shows a more
cynical side, quick to suspect something might be
wrong with Bojing’s date and suggesting a strip
joint as a solution to Meilin’s woes.

3. Chandler: Witty and self-deprecating with an

approachable sense of humor. Exhibits insecurity
and anxiety in his dialogues, making references to
uncomfortable situations and questioning his own
actions.
3. Jingjing: Jingjing can be open and candid about
his thoughts, even if they seem inappropriate or
unusual. He’s also humorously self-aware, under-
cutting his moments of honesty with reminders
that he might be oversharing.

4. Phoebe: Quirky, eccentric, and a free

spirit. Her train of thought tends to lean toward
the unusual and bizarre. However, she is also
compassionate and caring.
4.  Yunsheng: Appears offbeat and unusual,
suggesting the eating chalk anecdote about his past
relationship. He also believes in new-age concepts
like auras, showing a more spiritual side.

5. Ross: Insecure and somewhat neurotic and

vulnerable. His behavior is indicative of someone
who is going through emotional turmoil.

5. Meilin: Exhibits vulnerability and emotional
turmoil, especially regarding his recent divorce.
He seems to be fluctuating between hurt, anger,
and longing for his past relationship.

6. Rachel: Spontaneous and open to change,

she takes risks and is adaptable. She is also reliant
on her relationships with others, signifying her
dependency and need for support.
6.  Yusong: Yusong presents as impulsive,
high-strung and somewhat comical in moments of
panic. Fleeing her wedding because of a sudden
realization shows she can make drastic decisions
based on her emotions.

D.2 Same-Language Replacement

With Gender-Matched replacement, we replace
all the character name [Monica, Joey, Chandler,
Phoebe, Ross, Rachel]
in the conversation with
[Sally, Andrew, Ethan, Olivia, Benjamin, Lau-
ren].

With Gender Swap as well, we got [Andrew,
Sally,Olivia, Ethan, Lauren,Benjamin].

D.3 Anonymized Speaker Replacement

replace all the character name [Monica, Joey,
Chandler, Phoebe, Ross, Rachel]
in the conversation with
[Speaker 0, Speaker 1, Speaker 2, Speaker 3,
Speaker 4, Speaker 5]. LLM summarized char-
acter description

We use the prompt of "you are a psychology re-
search assistant designed to help analysis character
personalities according to conversations........ Here
ends the conversation.Give me a character descrip-
tion for each main character according to this con-
versation." " and we get such result from TVshow
Friends scenel.

E Benchmark Datasets

The six selected benchmarks cover a range of

character-centric tasks, designed to test different

aspects of character understanding(Table 1):

¢ TVShow Character Guessing: Based on the
TVSHOWGUESS dataset, which contains scripts
from five popular TV series: Friends, The Big
Bang Theory, The Office, Frasier, and Gilmore
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Girls (Sang et al., 2022b), this is a multi-choice
classification task. The dialogue is anonymized
using placeholder identifiers (e.g., P1, P2), and
the model must predict the correct speaker for
each line, testing its ability to identify characters
based on context.

Screenplay: Using screenplays from nine popu-
lar movies, such as Avengers: Endgame (2019),
Dead Poets Society (1989), John Wick (2014),
and The Shawshank Redemption (1994) (Baruah
and Narayanan, 2023), this is a coreference res-
olution task. The model is tasked with linking
character mentions throughout the text, forming
coreference clusters and resolving ambiguities in
character references.

Personality Understanding: Using the PER-
SONET dataset, which comprises approxi-
mately 32,000 samples from 33 classic literature
books (Yu et al., 2023b), this task involves pre-
dicting the most likely personality trait depicted
in a given text snippet, along with its preced-
ing context. Formulated as a multi-choice prob-
lem with distractor traits, this task evaluates the
model’s ability to infer character personalities
from descriptive text.

CSI Role Detection: Based on 39 episodes of
the TV series CSI (Frermann et al., 2018), this
sequence labeling task requires the model to iden-
tify mentions of the perpetrator in dialogues and
scene descriptions, focusing on role detection
within crime-related narratives.

FriendsQA: Derived from 1,222 scenes from
the first four seasons of Friends (Yang and Choi,
2019), this dataset supports an open-domain ques-
tion answering task. The model is given a dia-
logue excerpt and a manually crafted question
and must extract the specific span in the dialogue
that answers the question, testing its comprehen-
sion of dialogue context.

SUMMSCREEN: Built from transcript-recap
pairs of 91 TV series collected from community
sources such as The TV MegaSite, Inc. (TMS)
and ForeverDreaming (FD) (Chen et al., 2022),
this dataset supports a summarization task. The
model is required to generate a coherent sum-
mary from dialogue utterances and scene descrip-
tions, capturing key plot points while excluding
irrelevant details.

F Gist Prompting Strategies Across Tasks

We design Gist Prompting methods to reduce re-
liance on memorization and promote inference-
based character understanding. Below, we detail
the task-specific prompt formulations.

F.1 Task-Specific Gist Prompts

Character Guessing "Analyze the dialogue and
infer the most likely speaker based on their speech
patterns, personality traits, and relationships with
other characters. Do not rely on direct recall of
specific names but rather use reasoning from the
provided context."

Coreference Resolution "Identify which men-
tions in the text refer to the same character by
analyzing linguistic patterns, contextual cues, and
discourse coherence. Do not rely on pre-learned
entity associations but rather resolve coreference
based on narrative structure.”

Personality Understanding "Based on the char-
acter’s dialogue and actions, infer their personality
traits. Focus on how they interact with others, their
tone, and behavioral tendencies. Avoid using prior
memorized descriptions of characters and derive

insights purely from the given passage."

Role Detection "Determine whether a character
plays a key role in the narrative (e.g., antagonist,
victim, or protagonist) by analyzing their function
within the story. Identify how their actions and
relationships define their role rather than relying
on predefined labels."

Open-Domain QA "Answer the question using
only the given passage. Identify relevant infor-
mation by reasoning over the text and analyzing
interactions between characters. Do not rely on
external knowledge or prior memorized facts."”

Summarization "Summarize the passage by
identifying key events, character interactions, and
narrative progression. Construct a coherent sum-
mary that captures the essence of the scene without
directly copying text segments."

G Human Study

While our primary focus is to isolate memoriza-
tion from reasoning in LLMs, we ran a small-scale
human study to verify that our name-replacement
strategy does not remove essential reasoning clues
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and that gold answers remain valid. We imple-
mented two complementary experiments: Exp. 1
evaluates objective accuracy; Exp. 2 evaluates sub-
jective semantic integrity and gold-label validity.

Participants. Three adult participants were re-
cruited: two had never watched the target TV se-
ries, and one had prior familiarity. All responses
were anonymous; no risks were involved.

Materials. A set of 100 multiple-choice items
(randomly sampled from our benchmark) was used.
Each item contains a short excerpt and four options
with a pre-defined gold label.

Exp. 1: Procedure (Objective Accuracy). Each
participant solved the same 100 items twice: first
in the Original condition (with canonical charac-
ter names), and then in the Name-Replaced con-
dition (with consistent substitutions). After the
second round, participants re-examined the items
and flagged any case where they believed name
replacement removed necessary reasoning informa-
tion and thus rendered the item unsolvable.

Exp. 1: Instructions. “You will be presented
with multiple-choice questions based on short ex-
cerpts from a TV script. Please answer each ques-
tion to the best of your ability. After completing
both rounds, review the questions again and mark
any cases where the replacement of names made
the question unsolvable.”

Exp. 1: Results. Table 8 reports accuracy be-
fore and after name replacement and the number
of flagged items. Performance differences were
small for all participants (Person 1: A = +0.9 pp;
Person 2: A = —2.7 pp; Person 3: A = —7.2
pp; max |A| = 7.2 pp). No item was flagged as
unsolvable.

gold option. They then judged whether the replace-
ment (i) changed the correct answer or (ii) made
the answer ambiguous given the excerpt.

Exp. 2: Instructions. “For each item, you will
see the excerpt with replaced names and the official
correct option (gold). Please indicate whether the
name replacement changes the correct answer or
makes it ambiguous. If neither applies, select ‘no
issue.””

Exp. 2: Results. Across 3 x 100 = 300
item—judgments, no case was flagged as “changed”
or “ambiguous.” This indicates that name replace-
ment neither alters gold labels nor compromises
their interpretability.

Discussion. Exp. 1 shows that human accuracy
is stable under name replacement with no unsolv-
able items, indicating preserved reasoning clues.
Exp. 2 shows that gold answers remain valid and
unambiguous after replacement. Together, these
results support that our intervention suppresses ver-
batim memorization while preserving the semantic
structure required for inference.

H Prompt Robustness Under Minimal
Paraphrases

Goal. To test whether our main conclusions are
sensitive to prompt wording, we evaluated minimal
paraphrases of the two prompting conditions (Ver-
batim vs. Gist). The aim is to keep task framing and
structure unchanged while slightly altering phras-
ing, and to check whether the accuracy pattern in
the main paper persists.

Design. For each condition we authored two para-
phrastic variants (V1/V2 for Verbatim, G1/G2 for
Gist), keeping the shared base instruction: “The fol-
lowing is a dialogue. Please identify who they are.

Participant

Chioose_the correct oprion. —For every model and

Accuracy (Original) Acc‘\}gﬁ%t(%{v%pr%}{: ?ﬁll)ee rllgﬁg%ﬁgtt%%lgame decoding

Person 1 (unfamiliar) 46.2% settidigd %s in the main expdriments (temperature,
Person 2 (unfamiliar) 60.7% top-p8 M%x tokens), and repdit mean accuracy over
Person 3 (familiar) 86.6% the 8akekdauns. 0
Table 8: Human study (Exp. 1) results before and after Prompt t.eth (minimal vari-
name replacement. ants). Verbatim-V1: “Answer by

Exp. 2: Procedure (Semantic/Gold Integrity).
To directly test whether name replacement affects
gold-answer validity, participants were shown, for
each item, the Name-Replaced text alongside the

direct memorization retrieval. Do not infer
from traits, interactions, or context. Recall exact
names from prior dialogue knowledge. QOutput
the final option only; no explanation.”  Verba-
tim—V2: “Use literal recall of prior dialogue. Do
not rely on reasoning about relationships or events.
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Output only the letter of the matching name; no

steps.”
Gist-G1: “Decide by analyzing
relationships, key events, and traits; match

these cues to known characters. Do not directly
retrieve who spoke from memory. Output the final
option only.”  Gist-G2: “Rely on semantic cues
(who relates to whom, what happened, stable
traits). Avoid direct memorization of names or
lines. Provide only the chosen option.”

Results. Across all models, the qualitative order-
ing from the main paper is preserved (Baseline >
Verbatim > Gist for GPT40 and LLaMA3.370B;
for Deepseek V3, Verbatim remains slightly above
Baseline, with Gist lowest). Within-condition
differences between paraphrases are small (typi-
cally within ~0.3-0.7 pp), indicating low prompt
sensitivity under minimal wording changes.

Model Baseline Verbatim Gist

mean Vimean V2mean Gl mean G2 mean

GPT4o 78.23 77.32 77.74 70.48 69.82
LLaMA3.370B  60.19 57.10 57.62 52.22 51.63
Deepseek V3 56.41 58.30 58.86 49.32 49.87

Table 9: Minimal paraphrase robustness. Numbers are
mean accuracy (%) over three runs per variant. The
qualitative ordering matches the main results; within-
condition differences are small.
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