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Abstract

We investigate the effects of three hints includ-
ing an introduction text, a few examples, and
prompting techniques to enhance the perfor-
mance of a Large-Language Model (LLM) in
detecting a spoiler review of a movie. Detecting
a spoiler review of a movie represents an impor-
tant Natural Language Processing (NLP) task
which resists the Deep Learning (DL) approach
due to its highly subjective nature and scarcity
in data. The highly subjective nature is also the
main reason of the poor performance of LLMs-
based methods, which explains their scarcity
for the target problem. We address this problem
by providing the LLM with an introduction text
of the movie and a few reviews with their class
labels as well as equipping it with prompts that
select and exploit spoiler types with reason-
ing. Experiments using 400 manually labeled
reviews and about 3200 LLM-labeled reviews
show that our CAST (Clue And Select Types
prompting) outperforms (0.05 higher) or is on
par with (only 0.01 lower) cutting-edge LLM-
based methods in three out of four movies in
ROC-AUC. We believe our study represents
an evidence of a target problem in which the
knowledge intensive approach outperforms the
learning-based approach.

1 Introduction

According to the Oxford Learner’s Dictionaries, a
spoiler is defined as “information that you are given
about what is going to happen in a film, television
series, etc. before it is shown to the public”] , which
can hinder or stop consumers’ enjoyment of a work
(Tsang and Yan, 2009). In this paper, we focus
our attention to spoiler reviews of a movie due
to their complex nature for NLP and their high
influence on our daily life. Manually setting mute
words (Golbeck, 2012) , e.g., the true criminal, or

1https ://www.oxfordlearnersdictionaries.

com/definition/english/spoiler?g=spoiler

97

spoiler tags, though effective, are expensive due to
the necessary human labor. NLP-based automatic
detection could be a realistic solution depending
on its accuracy and cost.

Since movies are rich in variety and so are their
reviews, detecting a spoiler review is a highly
subjective task. Moreover, Guo and Ramakrish-
nan (2010) pointed out that constructing a large-
scale dataset with high-quality labels is difficult
for spoiler detection. These two reasons rule out
DL-based methods from consideration, even if they
have been quite successful in various NLP tasks.
LLMs could be considered as the state-of-the-art
solutions of the knowledge intensive approach due
to their high capabilities in various tasks and their
low costs in development. However, Zhang et al.
(2025b) pointed out that their text classification ca-
pabilities are limited and the development has been
slow, which we believe the reason for their scarcity
in the spoiler detection domain.

In this paper, we investigate three kinds of hints
to enhance the performance of spoiler review de-
tection by an LLM. The first hint is an introduction
text, which corresponds to domain knowledge in
the knowledge intensive approach. The second
hint is a few reviews with their binary class labels,
1.e., spoiler or not spoiler, which can be regarded
as examples for few-shot learning. The third hint
is spoiler types with a reasoning strategy, which
could be viewed as an inference strategy on sub-
classes for the LLM. Broadly speaking, exploiting
these three kinds of hints belongs to the widely-
used prompt engineering, though our motivation is
to obtain an evidence which suggests in the long
run the characteristics and the conditions of the
target problems in which the knowledge intensive
approach outperforms the learning-based approach.

Figure 1 shows two working examples of our
CAST on the movie “Hulk”, in which Bruce trans-
forms himself to a green heroic monster. The first
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SPOILER

input: I thought endowing Banner’s
father with the Absorbing Man’s
powers was a brilliant idea, symbol-
izing what his father indirectly did to
Bruce his whole life.

clue: “Absorbing Man’s powers”,
“father indirectly did to Bruce his
whole life”.

spoiler type: true identity, character
features, development of the story,
past, problem occurs.

— spoiler level: 0.9999

NOT SPOILER

input: Seeing the green behometh
smash up tanks, helicopters etc had
me in aweof the amazing folks who
created the cgi.

clue: “seeing the green behometh”,
“amazing folks”.

spoiler types: appearance, develop-
ment of the story, true identity, past,
status/power.

— spoiler level: 0.1559

Figure 1: Examples of spoiler and non-spoiler reviews
for “Hulk”™. Spoiler levels are provided by our CAST.
The spoiler review mentions the identity of the final
villain. The non-spoiler review mentions unimportant
details.

review reveals the identity of the final villain, who
gave the power to Bruce and is thus a spoiler. CAST
correctly estimates its spoiler level to 0.9999 by se-
lecting four spoiler types, of which the red two
are correct, with its LLM. CAST also explains two
clues in its decision, which demonstrates its com-
prehensibility to the users. The second review, on
the other hand, just explains the widely-known ca-
pabilities of Hulk, and is thus not a spoiler. CAST
correctly estimates its spoiler level again.

2 Related Work

2.1 Spoiler Detection

Spoiler Detection methods can be classified into
classification-based, clues-based, and LLMs-based.
The first approach exploits the powerful capabili-
ties of the text classification methods. Wan et al.
(2019) proposed SpoilerNet, which inputs review
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documents and item specificity information to Hi-
erarchical Attention Network (Yang et al., 2016).
Chang et al. (2021) proposed SDGNN, which com-
bines a Graph Neural Network (Marcheggiani and
Titov, 2017) that recognizes sentence dependencies
with a genre aware structure. We consider this ap-
proach is inadequate for our target problem due
to the lack of large-scale data and the variety in
movies and their reviews.

The second approach uses multiple frameworks
to extract features from various kinds of clues in-
cluding user data, movie metadata, and reviews.
The features could be passed to a Mixture of Ex-
perts for each genre (Zeng et al., 2024; Zhang et
al., 2025a). This approach is relevant to our CAST,
though the former doesn’t use an LLM for the main
purpose of spoiler detection.

The last approach is rare in spoiler detection,
possibly due to the limited capability of LLMs in
text classification (Zhang et al., 2025b). As we
explained in the previous section, we try to en-
hance the performance of this approach by using
three kinds of hints, which are not limited to the
data source. Since LLMs have achieved notable
successes in handling semantics (Schaeffer et al.,
2025), we believe they are also promising for our
target task.

2.2 Text Classification by LLM

Text classification using LLMs can be broadly clas-
sified into two approaches, i.e., the approach that
relies on fine-tuning and the one on few-shot learn-
ing.

As an example of the former, Zhang et al.
(2025b) proposed RGPT, of which fine-tuning is
based on the idea of Adaptive Boosting (Freund and
Schapire, 1997). Their fine-tuning is conducted in
multiple rounds, each of which updates the weight
distribution over the dataset based on the predic-
tions of the weak learner induced in the round. The
final prediction is based on weak learners with their
model weights obtained according to the predic-
tions.

As an example of the latter, Sun et al. (2023)
proposed Clue and Reasoning Prompting (CARP).
They pointed out that LLM-based methods are in-
ferior to fine-tuned models in text classification
tasks due to the lack of inference ability and token
length limitations in the former. CARP encourages
users to find clues such as keywords, tone, seman-
tic relations, and references from the text before



reasoning, which strengthen its reasoning ability.
They succeeded in conducting few-shot learning
by sampling a few examples with the k-nearest
neighbor method and developed a voting method
among LLMs with various outputs. CARP out-
performs a powerful prompt engineering method
Zero-shot-Chain-of-Thought? in text classification
performance (Kojima et al., 2022).

In the datasets used for spoiler detection, the la-
bels are typically collected from review sites>. It
has been pointed out that their quality is low due
to differences in spoiler standards between human
labelers and their mistakes, e.g., they occasionally
forget to add spoiler tags (Guo and Ramakrishnan,
2010). In other words, models trained on these
datasets are likely to exhibit low accuracy. There-
fore, we focus our attention to the second approach.

3 Target Problem

As we stated, our target problem is spoiler review
detection of a movie. We could have formalized
it as a classification problem by setting a binary
class label of spoiler and not spoiler as our output.
This formalization allows us to use accuracy as the
evaluation measure, which is easy to understand,
but necessitates a threshold that separates the two
classes. Setting an appropriate threshold is possible
when the misclassification costs, i.e., the cost of
a false positive and that of a false negative, are
known (Han et al., 2011), which is not the case
for us. We therefore formalized the target problem
as an estimation problem of the spoiler level of a
movie review from O to 1, the higher being more
likely to be a spoiler. As we will explain later, ROC-
AUC (Han et al., 2011) is adopted as our evaluation
measure.

The input to our target problem consists of set
{Ri1, ..., R pne)} of review texts and introduction
text I; for movie i, where R; ; and n(%) represent
the j-th review and the number of reviews, respec-
tively. The output of our target problem is spoiler
levels (Y 1,. .., Y} nxi)), where Y ; represents the
spoiler level of R; ;.

Since the reviews can be sorted in descending
order based on their spoiler levels, we can compute
ROC-AUC of an output, which we adopt as our
evaluation measure (Han et al., 2011). We assume

2Kojima et al. (2022) succeeded in stabilizing the zero-shot
performance of LLMs and improving performance even in the
few-shot case by using the CoT (Chain-of-Thought) approach.

3IMDb (https://www.imdb.com/) and Goodreads
(https://www.goodreads.com/)
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that the class label of R; ; is available in every-
thing in the output. ROC-AUC corresponds to the
probability that a positive example, i.e., a spoiler
review in our case, is ranked higher than a neg-
ative example, i.e., a non spoiler. ROC-AUC is
widely adopted in detection problems where the
misclassification costs are unknown.

4 Proposed Method: CAST

4.1 Overview

Algorithm 1 CAST

Input: set {R;1,...,R;,;} of review docu-
ments and introduction text I; of movie i.
Output: spoiler levels (Y; 1,...,Y] )
for j = 1ton(i) do
for each sentence 7; ;1 in R; j do
// Construct prompt; ; .
Ci,j,k = CLUE(Ti’j’k)
ti ik = SelectType(r; j ks Cijk)
prompt; j
= BasePrompt(IZ-, T3 5.k Ci j ks ti,j,k)
// Estimate Panswer using LLM.
PsporLer = P(“ SP”|prompt; ; )
Pyor sporLer = P(*“ NOT”|prompt; ; 1)
/I Compute the spoiler level.

eFspoILER
Yijk = ePspoiLEr 4 e FNoT sPOILER
end for
Yij = max yijk
end for
Vi= i1, Yinw)
return ),

BasePrompt(1;, v j ks Cijk»tijk) is shown

below.
This is a Spoiler Detection for input
movie reviews.
“Spoilers” is a description of a signif-
icant plot point or other aspect of a
movie, which if previously known may
spoil a person’s first experience of the
work.
A significant plot point is one that
cannot be predicted from the film’s
introduction or early developments.
List CLUES (i.e., keywords, phrases,
contextual information, semantic
meaning, semantic relationships, tones,
references) that support the spoiler


https://www.imdb.com/
https://www.goodreads.com/

detection of the input.

Finally, based on introduction, clues,
spoiler types, and the input, categorize
the overall ANSWER of input as

SPOILER or NOT SPOILER.
introduction: [example introduc-
tion 1]

review: [example review 1]
clue: [example clues 1]

spoiler types: [example types 1]
answer: [example answer 1]
...(7 few-shot examples follow.)

introduction: I;
review: 7 j k

clue: ¢; ;1

spoiler types: Z; ; i
answer:

We propose CAST (Clue And Select Types
prompting), a spoiler detection method using an
LLM. As shown later in Figure 2, CARP is weak
against roundabout expressions, which are com-
mon in spoiler detection. We attribute this rea-
son to the fact that such expressions “confuse” the
LLM’s judgment. Therefore, in CAST, the LLM
is dynamically given spoiler types as hints for the
judgment.

First, clues C LU E(r; j ;) are extracted from the
input review r; ;5. according to Sun et al. (2023),
where 7; ; . represents the k-th sentence of R; ;.
Then, the LLM is given most of BasePrompt,
from the beginning to the second “clue:” so that
it outputs phrases that are clues for spoiler de-
tection. We show the example reviews in Ta-
bles 10, 11, and 12. Next, the LLM is given all
BasePrompt, which includes the output above as
CLUE(r; ;1) and the spoiler types obtained with
SelectType(; jr, CLUE(r; j 1)), which we will
explain in the next Sections.

Next, based on the input, clues, and spoiler types,
LLM outputs a probability distribution of the fol-
lowing tokens: “SPOILER”, “NOT SPOILER”,
and other words*. From the distribution, we calcu-
late the probability Psporrgr that the LLM outputs
“SPOILER” and the probability Pyor sporLgr that
it outputs “NOT SPOILER’. Finally, we calculate

*We can obtain the distribution by setting the variable
logprobs to True in llama-cpp-python (https://github.
com/abetlen/llama-cpp-python).

>To be precise, we use “SP” and “NOT” instead of
“SPOILER” and “NOT SPOILER”, respectively, as the last
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character relationships
character features

true identity
life or death

victory or defeat purpose
problem occurs trick
development of the story past
status/power appearance

Table 1: Spoiler types defined by Tajima and Nakamura
(2015).

the spoiler level y; ; . using the softmax function
to eliminate the probability of other words, i.e., the
probabilities of “SP” and “NOT” sumup to 1. Y; ;
is the maximum value of y; ; . in terms of &, as we
think the sentence that is most likely to be a spoiler
determines the spoiler level of the review.

To provide diverse input for the LLM, we used
eight few-shot examples that covered a range of
review types (a direct spoiler review, an indirect
spoiler review, an impression-only review, and a re-
view with unimportant content). In addition, these
examples were drawn from movies across various
genres to develop a method applicable to multiple
domains.

4.2 Selecting Spoiler Types

Since only one or a few spoiler types are relevant
to a review, inputing all 12 types to the LLM would
degrade the performance. We thus propose to select
relevant spoiler types using the LLM using the
following prompt.

Please select k spoiler types that are
most appropriate for the review and its
keywords from the following spoiler

types.

spoiler type: [all types]
review: [review]
keywords: [clues]
appropriate type:

In CAST, we use the spoiler types classified by
Tajima and Nakamura (2015). They collected 1370
spoilers from over 100 students and manually clas-
sified them into 12 types without any excess or
deficiency. We show them in Table 1.

two are not included in the vocabulary of Llama. These re-
placements are justified because the probabilities of “ILER”
and “SPOILER” right after “SP” and “NOT” are almost 1,
respectively.


https://github.com/abetlen/llama-cpp-python
https://github.com/abetlen/llama-cpp-python

S Experiments

5.1 Conditions

As datasets, Kaggle (Misra, 2022) and LCS (Wang
et al., 2023) are often used in recent spoiler detec-
tion studies (Zeng et al., 2024; Zhang et al., 2025a).
However, several papers argue that their labels are
not accurate due to their human labelers, whose
spoiler standards are not uniform (Guo and Ra-
makrishnan, 2010; Wan et al., 2019). We conduct
experiments on the IMDb dataset (Misra, 2022),
which one annotator relabeled manually®. We also
conducted the relabeling with an LLM. In our rela-
beling, we define a spoiler review as a review that
includes an important event shown in Table 7 in the
Appendix. The target movies and data sizes that
we used in our experiments are shown in Table 2.
The introduction texts were taken from the IMDb
movie page. We show them in Table 9.

In the relabeling with an LLM, we adopted the
following prompt.

This is to determine whether a review
contains spoilers.

“Spoilers” is a description of a signif-
icant plot point or other aspect of a
movie, which if previously known may
spoil a person’s first experience of the
work.

A significant plot point is one that
cannot be predicted from the film’s
introduction or early developments.
We will give you the title and signifi-
cant plots of the movie, so please use
that to determine whether the review
contains spoilers.

title: [title]
significant plots: [events]

review: [review]
label (True or False):

Here, [events] is the same as the event shown in
Table 7. In the relabeling, we used Llama3.1-8B
(Dubey et al., 2024). Table 3 shows the ratios of
the modified labels in our relabeling.

5.2 Baseline Methods

We employed Zero-Plus-Few-shot-Chain-of-
Thought (CoT) (Kojima et al., 2022) and CARP

5We admit the weakness of adopting a single annotator as
the quality is affected by his subjectivity.
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(Sun et al., 2023) as the baseline methods. Al-
though CoT is not a method developed for text
classification, we use it as a baseline following Sun
et al. (Sun et al., 2023). As we have introduced,
CAREP is a method for text classification by LLM.
To keep the setting fair, we did not employ its
voting method. We also tested variants of these
methods by omitting their reasoning process and/or
by employing the introduction text. Prompts of the
methods are shown in the Appendix. In comparing
CAST with the baseline methods, we used
Llama2-13B (Touvron et al., 2023) implemented
in llama-cpp-python’ as the backbone of the LLM.
In this experiment, we used Human labels. CAST
and CARP were also compared in experiments
using LLM labels with Llama2-13B, as well as in
experiments using human labels on more recent
LLM platform, Llama3.1-8B (Dubey et al., 2024).
We adopted +i-r as the condition due to its overall,
superior performance in the latter.

5.3 Few-shot Learning

Few-shot leaning is performed to standardize the
answer format and improve accuracy. Two reviews
(positive and negative) were collected from each
of four movies (“Million Dollar Baby”, “The Fast
and the Furious”, “Groundhog Day”, and “Match
Point) in the IMDb dataset (Misra, 2022). To be
fair, the same examples were used by all methods®.
The examples are shown in Tables 10, 11 and 12.

5.4 Results

The results are shown in Table 4. We first focus
on the results on the datasets relabeled by a human,
which are considered more accurate those with the
LLM. For “Hulk” and “The Shawshank Redemp-
tion”, CAST is the best method. For “Mean Girls”,
it is the third best performing method, quite close
to the second one. For “Blood Diamond”, it is the
second best performing method overall and the best
performing method for “+intro -reasoning”. Over-
all, we conclude that CAST is the best method for
few-shot spoiler detection based on human values.
We then focus on the results on the LLM relabeled
dataset. Compared to CARP, it performs worse on
“Hulk” but slightly better on the other three movies.
A detailed analysis is provided in Section 6.

"abetlen/llama-cpp-python. https://github.com/
abetlen/llama-cpp-python

8The presence or absence of spoiler types or introduction
text is adjusted to match the method. The sampling method of
CARP was skipped as the examples were given.
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The Shawshank . Blood
Hulk Redemption Mean Girls Diamond

Human 100 100 100 100
-spoiler 31 43 32 25

-not spoiler 69 57 68 75

LLM 523 1737 445 628
-spoiler 41 148 84 117
-not spoiler 482 1589 361 511

Table 2: Target movies and data size of the dataset.

Human LLM
Hulk 36% 83.2%
The Shawshank Redemption 43% 49.6%
Mean Girls 33% 73.7%
Blood Diamond 25% 74.4%

Table 3: Ratios of modified labels in our relabeling.

6 Detailed Analysis
6.1 Case Study

To investigate how CAST detects spoilers, we ana-
lyze the example of “Blood Diamond” in compar-
ison with CARP. The following contains spoilers
for “Blood Diamond”. In the final scene, the main
character (Leonardo DiCaprio) dies. This content
is clearly a spoiler. The review of Figure 2 includes
this content, but describes it in a roundabout way
(“I was hoping Leo would not die”). CARP is
affected by the roundabout expression and shows
poor performance, i.e., the spoiler level of about
0.78 is moderately high. On the other hand, in
CAST, we can see that the spoiler types, e.g., “life
or death”, selected dynamically lead the LLM to
output a very high spoiler level of about 0.97.

6.2 Useful Issues

We present several issues that we noticed in the
experiments, which could contribute to our future
research.

6.2.1 LLM is sensitive to cruel scenes

LLM over-identifies scenes involving injury or
death as spoilers. Usually, commenting on an in-
jury of a sub-character, especially toward the be-
ginning of the movie, is not a spoiler. This movie,
“Blood Diamond”, is set in a war zone and thus
contains many violent scenes, which are related to
the spoiler type “life or death”. Not only CAST
but also CARP and CoT are subject to this kind
of false positives, as they all employ LLMs. A

CARP

input: I was hoping Leo would not
die I really wanted him to get out of
Africa, but Zwick isn’t about happy
endings which i admire.

clue: “Leo”, “die”, “Zwick isn’t
about happy endings”.

— spoiler level: 0.7886 A

CAST

input: I was hoping Leo would not
die I really wanted him to get out of
Africa, but Zwick isn’t about happy
endings which i admire.

clue: “Leo”, “die”, “Africa”.

spoiler types: life or death, true
identity, development of the story,
victory or defeat, problem occurs.

O

Figure 2: Example of spoiler detection in a review of

— spoiler level: 0.9729

“Blood Diamond”.
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The Shawshank Blood

Hulk Redemption Mean Girls Diamond
Human Relabel
CoT 0.7447 0.7209 0.8162 0.7072
+i 0.7176 0,7187 0.8580 0.7211
-r 0.6397 0.7340 0.7762 0.6450
+i-r 0.7218 0.7546 0.8736 0.5691
CARP 0.7433 0.7623 0.8350 0.6651
Llama2-138 = 0.6840 0.8209 0.6719 0.6347
+i 0.7087 0.7325 0.8244 0.6705
-r 0.7555 0.7475 0.7992 0.6373
+i-r 0.7129 0.7823 0.8534 0.5968
CAST 0.7685 0.7638 0.8208 0.7056
-f 0.7162 0.7825 0.7849 0.5696
+i 0.7761 0.7813 0.8603 0.6863
Llama3.1-8B CARP +i -r 0.7232 0.7987 0.8470 0.7109
CAST +i 0.7377 0.8184 0.8732 0.7701
LLM Relabel
Llama2-13B CARP +i -r 0.8505 0.8149 0.8272 0.7283
CAST +i 0.8219 0.8467 0.8273 0.7395

Table 4: ROC-AUC of the spoiler levels of each methods for four movies from the IMDb dataset (Misra, 2022). “-f”
represents a case that the prompt contains no few-shot example. “+i” represents a case that the prompt contains
an introduction of the movie. “-r”’ represents a case without reasoning, which corresponds to our CAST. “+r”
represents a case with reasoning, of which details will be explained in Section 7.2. The highest value for each film
is highlighted in bold fonts, the second highest in underlined.

The Shawshank . Blood

Hulk Redemption Mean Girls Diamond
AllType 0.7602 0.7772 0.8695 0.6768
Embedding 0.7662 0.7764 0.8355 0.6645
LLM(k = 1) 0.7017 0.7919 0.8125 0.6864
LLM(k = 3) 0.7639 0.7597 0.8566 0.6704
LLM(k = 5) 0.7761 0.7813 0.8603 0.6863

Table 5: ROC-AUC for each spoiler type selection method.

103



The Shawshank . Blood

Hulk Redemption Mean Girls Diamond
CARP +reasoning 0.7087 0.7325 0.8244 0.6705
CARP -reasoning 0.7120 0.7746 0.8621 0.6277
CAST +reasoning 0.7139 0.7195 0.8235 0.7072
CAST -reasoning 0.7761 0.7813 0.8603 0.6863

Table 6: ROC-AUC for each method with and without reasoning.

input: The rebels make a speech
and then cut some kids arm off,
then there ready to do the same to
Solomon, but the rebel leader decides
to spare him and take him as a pris-
oner and use him as a worker, then
the movie continues on from there.
clue: “cut some kids arm off™,
“spare him and take him as a pris-
oner”.

spoiler type: life or death, problem
occurs, development of the story,
past, status/power.

— spoiler level: 0.9997

Figure 3: Example which shows LLM is sensitive to
cruel scenes.

possible solution would be to strengthen the movie
introduction to discourage LLM from reacting to
the early scenes, or to use the synopsis included in
the IMDb dataset (Misra, 2022) to convince LLM
that the scenes are not important.

6.2.2 Spoiler type can increase false positive

Although spoiler types provide evidence of spoil-
ers and contribute to lowering the false negative
rate (Figure 2), they may also help to judge a non
spoiler example as a spoiler. We show an example
in Figure 4, which includes known descriptions
of the main character in “Hulk”. Unlike CARP (-
reasoning) which appropriately gives a low spoiler
level (0.1556), our CAST gave a high spoiler level
due to the spoiler types “past” and “character fea-
tures”. Possible solutions include explaining in the
prompt that some reviews may not be spoilers even
if they match the spoiler type, or setting types also
to the class of not spoiler. We suspect that there are
about three such types but believe we need more
evidence for further investigation.
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.
input: Young Bruce grows up in an
adopted family, never knowing what
happened to his birth parents nor that
he may be carrying abnormal genes
as a result of his father’s work.

clue: “Young Bruce”, “never know-
ing”, “abnormal genes”.
spoiler type: past, character features,
true identity, development of the

story, problem occurs.

— spoiler level: 0.9430

Figure 4: Example which shows spoiler types lead to an
excessive spoiler level.

7 Ablation Study

7.1 Methods for Selecting Types

We evaluate the effect of our spoiler type selection
in Section 4.1, which we call LLM. Here, we set
the number of choices k£ = 1, 3,5 and use Llama2
(Touvron et al., 2023) as our LLM.

As an alternative, we introduce another method
which we call Embedding. Following the Dense
Passage Retriever (DPR) (Karpukhin et al., 2020),
we selected the spoiler type by the cosine simi-
larity between the embedding vectors of the clues
and the spoiler type. The embedding model is
RoBERTa (Liu et al., 2019), which is fine-tuned on
the spoiler domain dataset (Wan et al., 2019) and
its paraphrases by Llama2-13B. The loss function
is the same as DPR.

As a baseline method, we also compare AllType
that does not select spoiler types and uses all of
them. The experimental settings are based on Sec-
tion 5. We use the human-relabeled datasets. The
results are shown in Table 5. Overall, we conclude
that the results of LLM (k = 5) is the best. Fur-
thermore, an example is shown in Figure 5. This
example is about “the death of a person”, but Em-
bedding cannot select “life or death”, resulting in
a false negative. In contrast, LLM is able to cor-



Embedding

input: I was hoping Leo would not
die I really wanted him to get out of
Africa, but Zwick isn’ t about happy
endings which i admire.

clue: “Leo”, “die”, “Africa”.

spoiler type: problem occurs, past,
trick, character features, appearance,
character relationships.

— spoiler level: 0.5457

LLM (k =5)

spoiler type: life or death, true iden-
tity, development of the story, victory
or defeat, problem occurs.

— spoiler level: 0.9729

Figure 5: Comparison of Select type methods: Embed-
ding and LLM (k = 5).

rectly select the spoiler type, and the output is also
correct. We used in the main experiments LLM
(k = 5) as our selection method.

7.2 Effect of Reasoning

Though reasoning is said to enhance the perfor-
mance of LLM (Wei et al., 2022; Kojima et al.,
2022; Sun et al., 2023), several researchers argue
against it. Chen et al. (2024) point out several cases
in which reasoning increases the probability of an
incorrect output in text classification. Therefore,
we investigate the effect of reasoning in CARP and
CAST. We write “+reasoning” and “-reasoning” for
with and without reasoning, respectively. We give
their prompts at the end of the Appendix. The ex-
perimental settings are based on Section 5. We use
the human-relabeled datasets.

The results are shown in Table 6. In both CARP
and CAST, “-reasoning” performs better. In fact,
there are almost no case where the correct answer
is obtained through reasoning. We conclude that
reasoning is unnecessary for our spoiler detection.

8 Conclusion

We show that in the field of spoiler detection, where
there is a lack of high-quality datasets, adding three
kinds of hints improves the performance of LLM-
based spoiler review detection of a movie. It is no
wonder that the introduction text and the few exam-
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ples for few-shot learning are useful, as they repre-
sent typical domain knowledge and representative
cases. The types that we used represent subclasses
of the positive class. Our prompts instructs their
effective selection and usage, which could be also
useful in other text classification problems.

Our future research includes defining better
spoiler types as well as setting non-spoiler types.
Such types or sub-classes could be set dynamically
according to the given reviews, the introduction
text, and the few examples for few-shot learning.
Utilizing other kinds of additional data such as
synopses would deepen our understanding on the
target domain and the prompt engineering.
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A Details of the Experiments

We show important events of each movie in Table
7. Each sentence is taken from plot_synopsis of
IMDb_movie_details in the IMDb Dataset (Misra,
2022). We show the prompts of baseline meth-
ods in Table 8. We show the introduction text of
each movie in Table 9. Each text is taken from the
movie’s IMDDb page.

We show the reviews, the clues, the spoiler types,
the reasonings, and the answers used in the few-
shot learning in Tables 10 and 11.

We also show the introduction texts in the few-
shot learning in Table 12.

We show the prompts with and without reason-
ing for CARP and CAST.

CARP
prompt of + reasoning

This is a Spoiler Detection for input
movie reviews.

List CLUES (i.e., keywords, phrases,
contextual information, semantic
meaning, semantic relationships, tones,
references) that support the spoiler
detection of the input.

Next, deduce the diagnostic REA-
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Hulk

There he proceeds to wreak havoc in the city until Betty arrives
and calms him down.

David taps into a powerline and becomes living electricity. Bruce
transforms into the Hulk and the two men battle.

The Shawshank Redemption

Red believes Andy intends to use the hammer to engineer his
escape in the future but when the tool arrives and he sees how
small it is, Red puts aside the thought that Andy could ever use it
to dig his way out of prison.

He goes to a halfway house but finds it impossible to adjust to life
outside the prison. He eventually commits suicide.

Mean Girls

In her efforts to get revenge on Regina, Cady gradually loses her
individual personality and remakes herself in the image of Regina.
She soon becomes as spiteful as Regina, abandoning Janis and
Damien and focusing more on her image.

Regina storms out, pursued by an apologetic Cady, and gets hit by
a school bus in her haste.

At the Spring Fling dance, Cady is elected Spring Fling Queen,
but in her acceptance speech, she declares her victory is meaning-
less: they are all wonderful in their own way and thus the victory
belongs to everyone.

Blood Diamond

Dia is conscripted into the rebel forces, the brainwashing eventu-
ally turning him into a hardened killer.

Archer holds off the soldiers chasing them while Solomon and Dia
flee, and then makes a final phone call to Bowen, asking her to
help Solomon as a last favor before looking out over the beautiful
landscape of Africa once more and dying peacefully.

Table 7: Important events of each movie.
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CoT (Kojima et al., 2022)

You are detecting “Spoilers” in movie reviews.

“Spoilers” is a description of a significant plot point or other as-
pect of a movie, which if previously known may spoil a person’s
first experience of the work.

A significant plot point is one that cannot be predicted from the
film§ introduction or early developments.

Based on introduction, does the following review contain spoil-
ers?

introduction: [intro]

review: [review|]

reasoning: Let’s think step by step. [reasoning]

CARP (Sun et al., 2023)

This is a Spoiler Detection for input movie reviews.

List CLUES (i.e., keywords, phrases, contextual information,
semantic meaning, semantic relationships, tones, references) that
support the spoiler detection of the input.

Next, deduce the diagnostic REASONING process from
premises (i.e., introduction, clues, input) that support the spoiler
detection.

Finally, based on the introduction, the clues, the reasoning and
the input, categorize the overall ANSWER of input as SPOILER
or NOT SPOILER.

introduction: [intro]

review: [review]

clues: [clue]

reasoning: [reasoning]

Table 8: Prompts of the baseline methods.

Hulk

Bruce Banner, a genetics researcher with a tragic past, suffers a
lab accident that makes him transform into a raging, giant green
monster when angered, making him a target of forces seeking to
abuse his power.

The Shawshank Redemption

A banker convicted of uxoricide forms a friendship over a quarter
century with a hardened convict, while maintaining his innocence
and trying to remain hopeful through simple compassion.

Mean Girls Cady Heron is a hit with The Plastics, the A-list girl clique at
her new school, until she makes the mistake of falling for Aaron
Samuels, the ex-boyfriend of alpha Plastic Regina George.

Blood Diamond A fisherman, a smuggler, and a syndicate of businessmen match

wits over the possession of a priceless diamond.

Table 9: Introduction texts of the movies.
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Million Dollar Baby input: I can’t find any reason for not loving this movie as much as
possible.
clues: “I can’t find”, “loving”.
spoiler type: life or death, character features, development of the
story, appearance.
reasoning: This review is just an opinion like “can’t find” and
“loving” and does not touch on the content of the movie. Therefore,
it does not match the spoiler type.
answer: NOT SPOILER.
input: When Maggie finally gets her title fight, an illegal punch by
her monster-like opponent sends her to the mat, landing head-first
on her corner stool- an event which in real life would disqualify her
opponent and possibly concuss Maggie instead wins her opponent
the fight and renders Maggie paralyzed, bedridden and ventilator-
dependent for the rest of her miserable life.
clues: “an illegal punch”, “Maggie paralyzed, bedridden”, “the
rest of her miserable life”.
spoiler type: problem occurs, life or death, character features, past,
character relationships, development of the story, appearance.
reasoning: This review is about Maggie suffering a concussion
and becoming bedridden, an event that changes her life and is a
key plot of the movie. Therefore, this review matches “problem
occurs” and “development of the story”.
answer: SPOILER.

The Fast and the Furious input: It is plot is plain and predictable but because it’s unique
itself and is origin of all illegal street racing movies so this makes
the meaning of the plot inconsequential.
clues: “plot is plain and predictable”.
spoiler type: past, trick, appearance.
reasoning: This review criticizes the storyline but does not reveal
any specifics. Therefore, it does not match the spoiler type.
answer: NOT SPOILER.
input: It’s beautiful to see Brian and Dom at the end: Brian
betrayed him and should arrest him but instead, they do the 10
second-race and don’t know what to think about each other.
clues: “It’s beautiful to see Brian and Dom”, “Brian betrayed him”,
“should arrest him”, “the 10 second-race”.
spoiler type: life or death, true identity, character features, trick,
past, character relationships, appearance, development of the story.
reasoning: This review is about the last scene of the movie and
my thoughts on that scene. Although it contains thoughts, this
review contains the important plot of the last scene of the movie.
Therefore, this review matches “character relationships™ and “de-
velopment of the story”.
answer: SPOILER.

Table 10: Reviews, the clues, spoiler types, the reasonings, and the answers used in few-shot learning, part 1. The
information to be used is determined according to the conditions of each method (e.g., “reasoning” is omitted for
methods that do not perform reasoning).
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Groundhog Day input: This pattern happens over and over again until he realizes
he cannot escape Groundhog Day.
clues: “happens over and over again”, “cannot escape Groundhog
Day”.
spoiler type: life or death, character relationships, character fea-
tures, appearance.
reasoning: This review talks about the film repeating the same day
over and over again, which is the premise of the film and is also
used in the film’s introduction. Therefore, it does not match the
spoiler type.
answer: NOT SPOILER.
input: As, most notably, is the way that Andie MacDowell’s Rita
can so magically change her opinion of Phil the second that she
finds out that he plays an instrument.
clues: “Rita”, “magically change her opinion”.
soiler type: problem occurs, character relationship, life or death,
character features, trick, appearance.
reasoning: The review notes that Rita eventually develops feelings
for Connors, which is a key plot point in the film’s final conclusion.
Therefore, this review matches “tricks” and “character relation-
ship”.
answer: SPOILER.

Match Point input: Sensing an opportunity to climb the social ladder he starts
seeing her just as he meets Nola Rice (Scarlett Johanssen), an
aspiring American actress, whom he openly flirts with until he
realizes she’s Tom’s girlfriend, but an outsider in the Wilton house-
hold.
clues: “starts seeing her”, “he openly flirts”.
spoiler type: past, character features, trick.
reasoning: The review notes that Chris begins an affair, but this is
just an introduction to the film and not a major plot point. There-
fore, it does not match the spoiler type.
answer: NOT SPOILER.
input: Then she starts to get clingy and so he kills her.
clues: “starts to get clingy”, “he kills her”.
spoiler type: problem occurs, life or death, true identity, character
features, appearance.
reasoning: The review is about a woman who becomes annoyed
with a man and ends up killing her. Therefore, this review matches
“life or death” and “problem occurs”.
answer: SPOILER.

Table 11: Reviews, the clues, spoiler types, the reasonings, and the answers used in few-shot learning, part 2.
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Million Dollar Baby Frankie, an ill-tempered old coach, reluctantly agrees to train
aspiring boxer Maggie. Impressed with her determination and
talent, he helps her become the best and the two soon form a close

bond.

The Fast and the Furious Los Angeles police officer Brian O’Conner must decide where
his loyalty really lies when he becomes enamored with the street
racing world he has been sent undercover to end it.

Groundhog Day A narcissistic, self-centered weatherman finds himself in a time
loop on Groundhog Day.
Match Point At a turning point in his life, a former tennis pro falls for an actress

who happens to be dating his friend and soon-to-be brother-in-law.

Table 12: Introduction texts of the movies in the few-shot learning.

SONING process from premises (i.e.,
introduction, clues, input) that support
the spoiler detection.

Finally, based on the introduction, the
clues, the reasoning and the input,
categorize the overall ANSWER of
input as SPOILER or NOT SPOILER.
introduction: [intro]

review: [review]

clues: [clue]

reasoning: [reasoning]

answer:

prompt of — reasoning

This is a Spoiler Detection for input
movie reviews.

List CLUES (i.e., keywords, phrases,
contextual information, semantic
meaning, semantic relationships, tones,
references) that support the spoiler
detection of the input.

Finally, based on the introduction,
the clues and the input, categorize
the overall ANSWER of input as
SPOILER or NOT SPOILER.
introduction: [intro]

review: [review]

clues: [clue]

answer:

CAST
prompt of + reasoning

This is a Spoiler Detection for input
movie reviews.

“Spoilers” is a description of a signif-
icant plot point or other aspect of a
movie, which if previously known may
spoil person’s first experience of the
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work.

A significant plot point is one that
cannot be predicted from the film’s
introduction or early developments.
List CLUES (i.e., keywords, phrases,
contextual information, semantic
meaning, semantic relationships, tones,
references) that support the spoiler
detection of the input.

Next, deduce the diagnostic REA-
SONING process from premises (i.e.,
introduction, clues, input) that support
the spoiler detection.

Finally, based on introduction, clues,
spoiler types, the reasoning and
the input, categorize the overall
ANSWER of input as SPOILER or
NOT SPOILER.

introduction: [intro]

review: [review]

clues: [clue]

spoiler type: [types]

reasoning: [reasoning]

answer:

prompt of - reasoning

This is a Spoiler Detection for input
movie reviews.

“Spoilers” is a description of a signif-
icant plot point or other aspect of a
movie, which if previously known may
spoil a person’s first experience of the
work.

A significant plot point is one that
cannot be predicted from the film’s
introduction or early developments.
List CLUES (i.e., keywords, phrases,



contextual information, semantic
meaning, semantic relationships, tones,
references) that support the spoiler
detection of the input.

Finally, based on introduction, clues,
spoiler types, and the input, categorize
the overall ANSWER of input as
SPOILER or NOT SPOILER.
introduction: [intro]

review: [review]

clues: [clue]

spoiler type: [types]

answer:
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