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Abstract

Large Language Models (LLMs) have demonstrated effectiveness not only in lan-
guage tasks but also in video reasoning. This paper introduces a novel dataset, Tropes in
Movies (TiM), designed as a testbed for exploring two critical yet previously overlooked
video reasoning skills: (1) Abstract Perception: understanding and tokenizing abstract
concepts in videos, and (2) Long-range Compositional Reasoning: planning and inte-
grating intermediate reasoning steps for understanding long-range videos with numerous
frames. Utilizing tropes from movie storytelling, TiM evaluates the reasoning capabili-
ties of state-of-the-art LLM-based approaches. Our experiments show that current meth-
ods, including Captioner-Reasoner, Large Multimodal Model Instruction Fine-tuning, and
Visual Programming, only marginally outperform a random baseline when tackling the
challenges of Abstract Perception and Long-range Compositional Reasoning. To address
these deficiencies, we propose Face-Enhanced Viper of Role Interactions (FEVoRI) and

Context Query Reduction (ConQueR), which enhance Visual Programming by fostering
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role interaction awareness and progressively refining movie contexts and trope queries

during reasoning processes, significantly improving performance by 15 F1 points. How=

ever, this performance still lags behind human levels (40 vs. 65 F1). Additionally, we

introduce a new protocol to evaluate the necessity of Abstract Perception and Long-range

Compositional Reasoning for task resolution. This is done by analyzing the code generated

through Visual Programming using an Abstract Syntax Tree (AST), thereby confirming

the increased complexity of TiM

Keywords: LLMs, LMMs, reasoning, visual programming, tropes
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Chapter 1 Introduction

Large Language Models (LLMs)[2, 15, 21, 27] have not only dominated Natural
Language Processing but also extended their reach into Computer Vision (CV) reasoning
tasks. Leveraging LLMs as their foundation, various video reasoning models have been in-
troduced. Captioner-Reasoner (C-R) [5, 17, 18, 28, 36] leverages visual language models
(VLMs) to tokenize visual inputs into language tokens to feed into LLMs. While there may
be potential information loss during captioning, C-R achieves remarkable performance on
various video reasoning tasks such as NexT-QA [29]. Large Multimodal Model Instruction
Fine-tuning (LMM-IF) [16, 33, 38] aligns visual inputs to LLMs’ token space using pro-
jection layers, thereby avoiding information loss during captioning. Visual Programming
(VP) [&, 25] harnesses LLMs to generate programs that call visual perception modules
and integrate their outputs. In contrast to the C-R and LMM-IF approaches, VP facilitates
“System 2 style” stepwise reasoning [ 7]. It demonstrates the capability to address complex
reasoning tasks that require external knowledge or commonsense such as [10, 20, 29] in
a stepwise and interpretable manner. While LLM-based methods demonstrate significant
performance on existing benchmarks , several critical aspects remain underexplored in
current models and datasets, as shown in Figure 1.1. First, Abstract Perception: While
most queries in existing datasets target concrete elements like actions, objects, or attributes

—easily captured by vision models—abstract concepts such as emotion, motivation, hu-
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Trope in Movies Prev/Conventional

QUERY Is the trope " " relevant to the movie? Why is the group at the waterfall?

| What's he/she doing? | ACTION QUERY CAPTION QUERY ACTION QUERY

action What's he/she doing?

JUDGEMENT

HIT THINGS

| Is he/she .fact on} negative? | QUERY A MAN ABOVE WATER JUMP
NEGATIVE Tyes

CAUSAL QUERY

Figure 1.1: Compared to previous datasets like NExT-QA [29], Tropes in Movies (TiM)
introduces the challenges of Abstract Perception (upper box) and Long-range Composi-
tional Reasoning (lower box), offering a robust framework for evaluating and developing
LLM-based methods. The blue text (action) indicates that the answer to the action query
will affect the input of the judgment query and causal query, which means decomposing
these complex elements necessitates multiple, nested queries that are interdependent.

mor, and judgment remain obscure and continue to challenge advanced VLMs. Second,
Long-range Compositional Reasoning: Traditional datasets often assume that context
and queries are straightforward, suitable for sparse sampling and simple decomposition.
However, the reality is that contexts can span hour-long videos with thousands of frames,
and queries may involve a wide range of complex elements. Decomposing these com-
plex elements necessitates multiple, nested queries that are interdependent. Consequently,
these prevailing approaches may overlook the nuanced interplay between visual cues and

complex linguistic structures in longer, more dynamic sequences.

To evaluate these capabilities, we introduce a novel dataset, Tropes in Movies (TiM),
designed to rigorously test existing and future LLM-based video reasoning models against

the challenges identified as Abstract Perception and Long-range Compositional Reason-
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ing. On TiM, the model has to determine whether a trope is present. Tropes are commonly
employed narrative devices that enable storytellers to craft situations easily recognizable
to audiences [3]. For instance, the trope “Big Bad” refers to an antagonist who is re-
sponsible for all the negative events in a story and drives the plot forward. Recognizing
such a trope within varied narrative contexts demands Abstract Perception and Long-range
Compositional Reasoning from a machine learning model. Abstract Perception allows the
model to identify the essential characteristics of the “Big Bad” trope beyond specific in-
stances, encompassing a range of characters, judgments, motivations, and actions that fit
the trope’s broad definition. Long-range Compositional Reasoning enables the model to
process thousands of frames and decompose the concept of “Big Bad” into aspects such
as evil characteristics, negative judgments, and the causation of terrible events. It also
helps locate the relevant frames from among thousands to determine whether the trope is

present.

We conducted comprehensive experiments on TiM using state-of-the-art (SOTA)
LLM-based methods. These SOTA methods achieved a maximum F1 score of 25, only
marginally surpassing the random baseline and significantly lagging behind human perfor-
mance (65 F1 [3]). Even Gemini-1.5 [27], which is known for multimodal long-context
abilities, only reaches 40 F1. This underscores that advanced LLM-based video reasoning
methods, including C-R [36], LMM-IF [16, 33], and VP [25], struggle with the Abstract
Perception and Long-range Compositional Reasoning challenges presented by TiM. Con-
sequently, TiM could serve as an effective testbed for further developing and evaluating
future LLMs. Additionally, we have enhanced ViperGPT [25] by introducing a Face-
Enhanced Viper of Role Interactions (FEVoRI) that fosters role awareness and a Context

Query Reduction (ConQueR) that decouples context from query during reasoning, which

3 doi:10.6342/NTU202401530


http://dx.doi.org/10.6342/NTU202401530

improved the F1 score of base ViperGPT by 15 points. However, the performance still
lags significantly behind human benchmarks (40 vs. 65 F1), indicating substantial room

for improvement.

We conducted a comprehensive ablation study on FEVoRI to explore the impact of
Abstract Perception and Long-range Compositional Reasoning. Our findings reveal that
TiM: (1) requires a higher number of frames to achieve optimal performance, with a no-
ticeable decrease (-2.8 F1) when sparse sampling methods—commonly employed in many
models—are used; (2) sees a significant improvement (+4.5 F1) with the adoption of ad-
vanced VLM (replace BLIP-2 [13] with Gemini [27]) that bolster abstraction; and (3)

shows that GPT-4 [21] performs only marginally better (by 0.17 F1) than GPT-3.5.

To more accurately quantify the challenges of Abstract Perception and Long-range
Compositional Reasoning in datasets, we examine the abstract syntax tree (AST) of code
generated by (VP). We propose a novel framework, AST Based Code Dignosis (ABCD),
which is AST-based, to evaluate the levels of Abstract Perception and Long-range Com-
positional Reasoning. ABCD quantifies Abstract Perception by counting VLM calls and
token lengths, and examines Long-range Compositional Reasoning through the nodes and
edges of the AST. ABCD reveals that TiM necessitates code with higher Abstract Percep-
tion and Long-range Compositional Reasoning. It also provides a useful tool for quanti-

fying challenges in video reasoning for future tasks.

The contributions of this work are summarized as follows:

» We introduce a novel dataset, Tropes in Movies (TiM), designed to assess the Ab-
stract Perception and Long-range Compositional Reasoning aspects of video rea-
soning.

4 doi:10.6342/NTU202401530
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» We demonstrate that SOTA LLM-based video reasoning methods, including Captioner-
Reasoner [36], Large Multimodal Model Instruction Fine-tuning [ 16, 337, and Vi-
sual Programming [25], face Abstract Perception and Long-range Compositional

Reasoning challenges in effectively tackling TiM.

* We enhanced Viper [25] by introducing FEVoRI and ConQueR. These enhance-
ments respectively enable role awareness and the decoupling of context from the
query, facilitating progressive reasoning. This approach improved the F1 score by
15 points, marking a significant step toward reaching human-level performance (40

vs. 65 F1).

* We have established a protocol, AST Based Code Dignosis (ABCD), which utilizes
the abstract syntax tree (AST) of generated code to evaluate the levels of Abstract
Perception and Long-range Compositional Reasoning in datasets. ABCD not only
highlights the unique challenges presented by TiM compared to previous models

but also provides a valuable tool for future research to analyze datasets.
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Chapter 2 Related Work

2.1 Comparison to Existing Tasks

TiM presents a unique challenge in video reasoning, requiring Abstract Perception
and Long-range Compositional Reasoning. Most existing benchmarks primarily focus on
identifying specific objects, actions, or attributes in short video clips [32, 34, 35]. TVQA
[11, 12], which leverages TV series similar to the movies used in our benchmark, creates
a dataset centered on temporal relations. More recent datasets have advanced further to
include causal relations [ 1, 14, 29] and incorporate external knowledge [20]. While these
tasks pose challenges for conventional end-to-end video QA models, LLM-based models
significantly enhance performance in a training-free manner by tokenizing inputs and in-
corporating commonsense knowledge from LLMs. For instance, training-free LLM-based
methods [25, 33, 36] outperform previous supervised models [30, 3 1] that were specifi-
cally trained for Video QA tasks. While several datasets [19, 39] attempt to assess the
model’s capability to handle long-range videos, they do not incorporate the same levels of
Abstract Perception and Long-range Compositional Reasoning. TrUMAn [24] is another
dataset that uses tropes in video clips to evaluate machine learning models; however, it uti-
lizes short clips featuring a single trope and does not involve the same depth of Long-range

Compositional Reasoning. Therefore, we are optimistic that TiM will further advance the
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development of LLM reasoning capabilities.

2.2 Tropes in Movies

Tropes are tools used in creative works and are leveraged for automatic content cre-
ation assistance [4, 23], or to serve as a testbed for evaluating the reasoning skills of
machine learning models [3, 24]. TiMoS [3] compiles movie synopses from the IMDb
dataset and associates these with trope annotations from the TVTropes database. TiMoS
serves as a benchmark to test NLP models and demonstrates that supervised models (e.g.,
BERT [6]) struggle to reason about tropes in movie synopses. Since these models access
human-written synopses instead of the movie, simplifying the challenge of understand-
ing visual inputs. In contrast, TrTUMAn [24] utilizes video clips annotated with tropes
from TVTropes to create a video trope reasoning dataset. However, reasoning from short
clips is considerably simpler than from full movies. TiM utilizes a subset of the TiMoS
dataset and associates it with movies collected from the MovieNet dataset [9], enabling

the evaluation of video reasoning capabilities with long videos.
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Chapter 3 TiM Dataset

3.1 Overview

TiM comprises (1) 684 movies, each annotated with per-shot keyframes, subtitles,
and trope labels, and (2) 95 trope identification queries accompanied by their definitions.
The TiM dataset is specifically designed to pose more demanding and intricate reasoning
tasks in video analysis, particularly focusing on extended content such as movies. The
homepage of the TiM dataset! offers a download link for the TiM data along with detailed
explanations of the annotations. Additionally, we have provided a pre-processing script

for our baseline models in Section 4 to facilitate reproduction of our experimental results.

3.2 Trope

Considering the broad diversity of tropes, we utilize a set of 95 tropes categorized into
four groups as introduced by TiMoS [3], depicted in Figure 3.1. Subsequent research could
explore expanding the dataset by incorporating additional tropes. The categories used
are Character Traits, Role Interaction, Situation, and Storyline. Character Traits analyze

individual strengths and personalities, showing their impact on behavior and interactions

Thttps://ander1119.github.io/TiM/
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within the story. Role Interaction explores the dynamics between characters and their
influence on the film’s development. Situation covers specific scene-level scenarios that
drive the plot with abstract concepts and emotional dynamics. Storyline focuses on the
overall narrative structure, guiding the flow and thematic elements throughout the film.
Together, these categories offer a comprehensive framework for analyzing the complex

interplay of tropes in cinematic narratives.

Berserk Button e

JﬁmewdhadOWlng

Brick Joke=:""Ironic

LY Chekhov s Gu! =

ser-Guided Karma Downer E”dm Asshole Victim

Fanservice

Jerkass

Je}”&"ﬁﬁﬂl‘ hawH‘iﬁ';tP %fD%?wld Even Eu11 Has standards

Deadpan Snarker Blg BadE

Too Dumb to Live

‘Bittersweet: E nding <

Il Character Trait Role Interaction ~ WM Situation M Story Line

Figure 3.1: Word cloud of trope occurrences in Fullset, size of the tropes in proportion to
their frequency in Fullset and color of the tropes correspond to the category they belongs

3.3 Task Definition

We formulate the task considered here as binary classification: y = f(movie, trope),
where y € {True, False} indicates whether a given trope is present in the movie. This sim-
plifies the task and enhances the focus on complex reasoning for single tropes in movies.
Future research could consider revisiting the more challenging multi-label tasks [3].
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3.4 Evaluation

We have selected the micro F1 score as the primary metric for global comparison

within the chosen set in TiM.

Table 3.1: Comparison between different experiment setups.

. . Subtitles
Setting | Movies Frames Line  Char Tropes

Fullset 684 1545.7 - - 11.91

VDset 246 1585.9 15874 56k  13.38
Mainset 50 1699.6 18222 65k  6.08

3.5 Data Collection

We sourced trope occurrences in movies from the TiMoS dataset [3], originally com-
piled from the TVTropes database. Movie frames and subtitles were gathered from the
MovieNet dataset [9]. We aligned the movies with their corresponding tropes using their

IMDb IDs. Future research could extend this dataset by collecting more movies.

3.6 Data Statistics

This benchmark is tailored for LLM-based methods, utilizing the entire dataset as the
test set. Supervised learning evaluations are conducted using 5-fold cross-validation. To
accommodate the absence of some subtitles in the MovieNet dataset, we offer the VDset,
which includes subtitles. Additionally, the Mainset—a subset of 50 movies—is provided
for more detailed analysis as experiments may require additional time or resources. Table

3.1 presents a comparative analysis of different experimental setups.

11 doi:10.6342/NTU202401530


http://dx.doi.org/10.6342/NTU202401530

doi:10.6342/NTU202401530



http://dx.doi.org/10.6342/NTU202401530

Chapter 4 Experiments

4.1 Baselines

Captioner-Reasoner We tested LLoVi [37], which addresses video reasoning by tok-
enizing frames using VLMSs such as BLIP-2 [13]. This efficient approach allowed LLoVi
to achieve an accuracy of 67.7 on NExT-QA [29]. Given its success, LLoVi shows poten-
tial for handling more complex, long-range video QA tasks by effectively summarizing

captions.

Large Multimodal Model Instruction Fine-tuning SEVILA [33] introduces a two-
stage pipeline that utilizes fine-tuned large multimodal models to localize keyframes and
apply reasoning to selected frames, achieving an accuracy of 73.8 on NExT-QA with only
4 frames used for sparse sampling as inputs. Considering that TiM might require more
input frames, we also incorporate LLaMA-VID [16], which adopts a different strategy by

projecting frames into two tokens to efficiently handle long-range video inputs.

Visual Programming ViperGPT [25] leverages LLMs as a code generator that dynami-
cally allocates VLMs and vision models, such as object detection, to progressively derive

reasoning results. Although Viper may not always outperform LLoVi and SEVILA in
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terms of performance, it offers superior interpretability because the generated code illus-

trates how LLMs decompose tasks and perform stepwise reasoning.

Gemini 1.5 To assess the limits of machine learning models, we tested Gemini 1.5 [27],
a trillion-scale model that significantly surpasses the size of previously mentioned models.

This serves as a benchmark for future research.

4.2 Proposed Method

In our initial approach to TiM, we enhanced Viper [25] with two novel features de-
signed to address Abstract Perception and Long-range Compositional Reasoning respec-

tively.

Face-Enhanced Viper of Role Interactions (FEVoRI) Previous datasets have primar-
ily focused on short, simple clips rather than movies featuring numerous characters with
rich interactions. Consequently, the original Viper design lacked tools specifically aimed
at role identification. FEVoRI augments Viper by providing a face detection tool with ex-
amples in the prompts. FEVoRI enhances the fine-grained understanding of the “human”

object to address Abstract Perception’.

Context Query Reduction (ConQueR) Viper [25] processes NExT-QA [29] by tempo-
rally locating frames or objects and querying the VLM about them. This approach strug-
gles with TiM due to the intricate narratives of movies and the complex definitions of

tropes. ConQueR addresses the Long-range Compositional Reasoning challenge by pro-

!Implementation details in Appendix B.1
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gressively decomposing the narrative context and trope query. It systematically checks if

the extracted context matches each dimension of a trope through the generated program?.

4.3 Setup

Most models in our experiments are training-free, so the entire TiM dataset is used
for testing. Additionally, we fine-tuned SeViLa on TiM in a supervised setting to evalu-
ate its performance. For these experiments, we employed five-fold cross-validation and
reported the average performance. For LLoVi [36], we employ the standard prompt with
BLIP-2 [13] to generate captions for each frame in every shot of TiM. This is followed by a
multi-round summarizing process to create a summary for each movie. These summaries,
coupled with binary classification queries, are then inputted into an LLM to generate an-
swers. In the multi-modality version, we enhance the summarization process by integrat-
ing captions with subtitles. For SeViLA [33], we use NExT-QA setting for both zero-shot
and fine-tuned scenarios, enabling the Localizer to select 16 frames from a set of 120.
These selected frames are used to address binary classification queries, with an enhance-
ment in the multi-modality version where visual features are concatenated with subtitles
before being processed by the LLM during both the localizer and answerer stages. For
LLaMA-VID [15], we use long-video-tuning model, which was tuned with QA pair from
MovieNet [9], to inference on binary classification query on TiM. For Viper and our pro-
posed method, we have adapted the NExT-QA prompt on TiM and use GPT-4 as the code
generator. For FEVoRI, we have integrated additional face identification tools into the

Viper API, specifically employing DeepFace [22] for face recognition.

’Implementation details in Appendix B.2
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4.4 State-of-the-art Comparison

Table 4.1: State-of-the-art performance on TiM. everyshot: the model takes one frame per
shot. SeViLAT: SeViLA that uses the zero-shot localizer. 120— 16: SeViLA localizer
selects 16 keyframes from 120 frames. 16 sevia: Viper uses 16 frames selected by SeViLA
localizer. FEVoRI": evaluate on Mainset. Human: human evaluation result from [3]. we
select Mainset as multi-modality setting for fair comparison

Category F1
Modality Method # Frames Pre. Rec. F1 CT RI ST SL
Random - 12.24 4848 19.54 19.23 19.99 17.37 23.37
LLoVi [37] everyshot 20.47 17.67 1897 13.46 16,67 1522 2558
SeVILAT [33] 120— 16 12.35 96.71 2190 25.12 19.02 2238 20.96
V(Fullset) SeViLA [33] 120— 16 1529 51.75 23.61 23.46 2343 17.81 27.58
Viper [26] 16 sevieahy  13.26  67.33 22.15 21.58 22.63 19.92 24.60
Viper [26] 16 seviLa) 14.09 68.70 2339 2141 24.62 2090 26.85
FEVoRI" 120 27.07 3232 2942 1236 22.75 35.62 48.78
Gemini 1.5 [27] 120 38.37 3442 40.74 4045 38.79 38.55 45.11
Random - 14.14 50.08 22.06 20.26 21.24 19.50 23.92
LLoVi [37] everyshot 31.35 17.21 18.78 20.20 24.40 3595 40.63
SeViLAT [33] 120— 16 1730 89.33 2898 22.64 24.76 32.83 35.79
V+D(Mainset®) SeViLA [33] 120— 16 2298 58.18 28.54 2892 25.00 37.50 42.86
LLaMA-VID [15] 240 1556 90.12 26.53 2572 24.60 28.31 38.15
Viper [26] 16 seviaty  14.58 37.87 21.05 18.15 1435 20.58 31.56
Viper [26] 16 seviLay 1438 3879 2098 2439 1522 18.02 24.76
Viper [26] 120 27.78 21.74 2439 2291 19.59 40.43 48.78
FEVoRI 120 27.88 39.80 32.79 30.52 29.55 42.42 49.67
FEVoRI+ConQueR 120 32.11 51.28 39.64 42.80 34.48 39.78 55.17
Synopses Human [3] - 65.77 63.98 64.87 - - - -

As shown in Table 4.1, all LLM-based baselines struggle with reasoning on TiM,
achieving only random-level performance (first row of each block). This underscores
that despite their significant achievements on various video reasoning benchmarks, state-
of-the-art models are unable to overcome the challenges posed by TiM. Access to dia-
logues results in an F1 score improvement of 2-4 points. Captioner-Reasoner (LLoVi
[36]) records lower F1 scores, indicating that the loss of information or the abstraction
gap during video captioning may lead to subpar performance on TiM. LLoVi also achieves

relatively better performance in the Storyline (SL) category, which focuses on the overall

3Performance difference between Mainset and VDset in Appendix 6
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plot rather than on fine-grained details. LMM-IF methods, including SeVil.a [33] which
achieves significant performance on various benchmarks, and LLaMA-VID [ 1 6] designed
for long videos, often resort to blindly guessing “yes.” This approach typically results in
high recall but poor precision. Fine-tuning SeVilLa enhances performance through su-
pervised learning. Viper [25] achieves decent performance without resorting to blindly
guessing “yes,” and maintains superior precision compared to SeViLa and LLaMA-VID.
Gemini [27] achieves a 41 F1 score, surpassing all previously mentioned methods due to
its larger scale of parameters and training data. However, it still significantly trails human
performance [3], scoring 41 compared to 65 F1. Comprehensive experiments show that

SOTA LLMs still struggle to address challenges in TiM.

4.5 FEVoRI Analysis

Table 4.2: Ablation study on FEVoRI framework on TiM Mainset.

‘ Category F1
Modality # Frames VLM Coder ‘ Pre. Rec. F1 CT RI ST SL

FEVoRI V+D 120 BLIP-2 GPT-4 \ 27.88 39.80 32.79 30.52 29.55 4242 49.67
A% 120 BLIP-2  GPT-4 | 27.07 3223 2942 @y 1236 2275 35.62 48.00

V+D everyshot BLIP-2 GPT-4 | 27.27 46.15 3429 ¢isorp 33.30 30.12 44.68 50.00

V+D 16 BLIP-2  GPT-4 | 25.71 40.72 31.52 @iony 23.74 25.56 38.83 47.54

V+D 120 Gemini GPT-4 | 29.37 51.15 37.31 @1y 28.71 29.49 47.17 53.23

V+D 120 BLIP-2 GPT-3.5 | 30.16 35.52 32.62 oy 27.18 30.34 39.56 38.65

FEVoRI significantly boosts the F1 score by 8.5. Comparing Viper and FEVoRI in the
second block of Table 4.1, our augmentation allows the VP LLM to understand charac-
ter interactions, leading to substantial performance improvements, particularly in the CT
(Character Traits) and RI (Role Interaction) categories, where fine-grained role interac-
tions are crucial. Remarkably, even the visual-only FEVoORI outperforms the supervised

SeViLA [33], demonstrating the superior design of our methodology. As the performance
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gain is primarily from an 18.00 improvement in recall, while precision improves by only

0.1, we hypothesize that FEVoRI improves by effectively identifying more relevant cases.

ConQueR further increases the F1 score by 6.9. In the second block of Table 4.1 ,
comparing FEVoRI and FEVoRI+ConQueR, the modified ConQueR demonstrates how
progressively decomposing the trope query and movie narrative context enhances under-
standing. ConQueR also effectively filters key signals to extract crucial information from
long-range videos. The performance improvement highlights promising directions for fu-

ture work in addressing Long-range Compositional Reasoning.

A higher frame rate consistently outperforms sparse sampling. Several tropes de-
pend on fleeting, fine-grained details or a comprehensive understanding of the entire plot.
We compared the density of frame sampling by evaluating every shot (approximately 1,000
frames) and 120 frames per video, alongside a sparse sampling method that uses only 16
frames per video, which is commonly used in many approaches. As shown in Table 4.2,
a higher frame rate leads to marginal yet consistent improvements, with every-shot sam-
pling boosting the F1 score by 2.8 points across all categories. This indicates that while

sparse sampling is efficient, it may compromise performance.

Enhancing VLM Abstract Perception improves performance by 4.5. A core chal-
lenge of TiM is Abstract Perception, which involves tokenizing visual signals into coher-
ent concepts. Table 4.2 shows that replacing BLIP-2 [13] with more advanced Gemini
[27], the F1 score is boosted by 4.5 as Gemini is capable to tackle more abstract queries.
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GPT-4 shows a slight improvement over GPT-3.5 in program generation. When re-
placing GPT-4 with GPT-3.5, the F1 score drops by 0.2, as shown in Table 4.2, demon-

strating that GPT-3.5 is capable to generate programs without ConQueR.
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Chapter 5 Code Analysis

5.1 Abstract Syntax Tree (AST) for Visual Programming

While Section 4 effectively highlights the challenges of Abstract Perception and
Long-range Compositional Reasoning encountered with TiM, it is challenging to quan-
tify the degree of the challenge. Hence, we propose an evaluation protocol to assess the
degree of Abstract Perception and Long-range Compositional Reasoning, leveraging the
Abstract Syntax Tree (AST) of VP code. AST is a tree structure that represents the syn-
tactic structure of a code snippet, thereby reflecting the complexity of the reasoning task
addressed by VP. By decomposing VP code into an AST, we can assess the level of Ab-
stract Perception by measuring VLM calls and the level of Long-range Compositional
Reasoning by analyzing the nodes and edges within the AST. More nodes indicate higher
syntactic complexity, while more edges signify intricate relationships between code con-
structs. This detailed analysis provides insights into the sophistication of the logic used,
making AST a valuable tool for evaluating the intricacies of VP tasks. Therefore, we pro-
pose a novel framework based on AST to analyze the Abstract Perception and Long-range

Compositional Reasoning level of a VP task based on generated code”.

SImplementation details in B.3
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Table 5.1: We propose an AST Based Code Dignosis (ABCD) to assess: the levels. of
Abstract Perception and Long-range Compositional Reasoning in a dataset, using code
generated by VP. A higher number indicates greater complexity and challenge. (Section
5)

Abstract Perception Long-range Compositional Reasoning
Dataset VLM Calls VLM Tokens AST Nodes AST Edges
NEXT-QA [29] 1.60 11.15 102.09 146.32
GQA [10] 1.34 12.69 42.16 55.63
OKVQA [20] 1.66 13.75 42.50 58.46
TiM (w/o ConQueR) 1.77 14.11 123.19 178.01
TiM (w/ ConQueR) 1.97 20.67 141.81 205.06

5.2 AST Based Code Diagnosis (ABCD)

Abstract Perception Level Analysis VLM calls serve as the primary interface for con-
necting visual inputs and transferring them to language representations. The frequency
of VLM calls reflects the abstraction requirements for a visual programming task. VLM
Tokens indicate the complexity of VLM calls, which can vary from simple questions like
”What is it doing?”” to more complex and abstract inquiries such as ”What is caused by the
person doing action?” Facing the challenge of directly assessing the Abstract Perception
level of a VLM query, we have developed a proxy method. This approach estimates the
token length of a VLM call, based on the premise that more abstract concepts generally

require a greater number of tokens for explanation in VLM models.

Long-range Compositional Reasoning Level Analysis AST Nodes represent a con-
struct like statements, expressions, or operators, which when analyzed collectively through
the count of nodes, provides a quantitative measure of the code’s structural complexity.
Essentially, each node encapsulates a specific element or operation in the code, and more
nodes typically indicate more constructs and interactions. Therefore, a higher count of

nodes in visual programming often indicates a more complex and intricate codebase, filled
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with numerous functional components and logical constructs, necessitated by tasks that
require a higher level of Long-range Compositional Reasoning. AST Edges denote the
relationships between nodes, which are vital for understanding the structural and logical
organization of code. Each edge connects nodes in a way that reflects the syntactic depen-
dencies and execution order within the program, effectively mapping out the flow of con-
trol and data. A higher number of edges generally indicates a more complex interplay of
these dependencies, suggesting more intricate code logic and increased interactions among
the program’s components. Thus, in VP, a dense network of AST edges usually points to
sophisticated program constructs and a higher degree of Long-range Compositional Rea-
soning, as tasks often necessitate nuanced combinations and sequences of operations to

achieve desired functionalities and outcomes.

5.3 Results

As shown in Table 5.1, it is clear that TiM requires a higher level of both Abstract
Perception and Long-range Compositional Reasoning, even without ConQueR. Regarding
Abstract Perception, TiM requires more VLM calls and a greater number of tokens to ef-
fectively process visual inputs from videos. As for Long-range Compositional Reasoning,
this results in a higher number of AST nodes and edges. Furthermore, adopting ConQueR
not only increases AST nodes and edges but also adds to the number of VLM calls and
tokens. This analysis not only measures performance but also examines Abstract Percep-
tion and Long-range Compositional Reasoning based on the complexity of the generated

programs.
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Chapter 6 Conclusion

We introduce a novel task, TiM, accompanied by a new dataset designed to test the
challenges of Abstract Perception and Long-range Compositional Reasoning. Our find-
ings reveal that SOTA LLM-based methods such as Captioner-Reasoner, Large Multi-
modal Model Instruction Fine-tuning, and Visual Programming, lack the capabilities to
meet these challenges effectively. To enhance performance, we have augmented the VP
model [25] with FEVoRI and ConQueR, achieving a 15-point improvement in F1 score.
Additionally, we propose a new protocol, ABCD, to assess the Abstract Perception and
Long-range Compositional Reasoning levels of datasets using code generated by VP. We
believe that TiM could serve as a valuable testbed for the development and refinement of

novel LLM-based video reasoning methods.
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Appendix A — Dataset Analysis

A.1 Performance Comparison

Table A.1 displays the performance difference between the Mainset and VDset for
the baseline models we selected. The gap is relatively small, and for a fair comparison,

we have chosen Mainset as the multi-modality setting in Table 4.1.

Table A.1: State-of-the-art performance on multi-modality settings (VDset and Mainset).
everyshot: the model takes one frame per shot. SeViLAT: SeViLA that uses the zero-shot
localizer. 120— 16: SeViLA localizer selects 16 keyframes from 120 frames. 16¢sevita) :
Viper uses 16 frames selected by SeViLA localizer.

Category F1

Modality Method # Frames Pre. Rec. F1 CT RI ST SL
LLoVi [37] everyshot 19.23 21.73 20.40 20.85 24.87 19.49 31.62
SeViLAT [33] 120—16  14.82 9297 2556 2434 2750 19.85 29.50
SeViLA [33] 120—16 1632 6521 26.11 26.08 28.89 18.29 28.57
VDset LLaMA-VID[15] 240 14.47 98.30 25.22 24.74 26.34 19.85 29.27
Viper [26] 16 seviaty  16.08  46.24 2386 17.78 24.06 19.65 31.21
Viper [26] 16 seviLay 16.48 44.41 24.04 21.01 27.30 19.72 27.79
LLoVi [37] everyshot 31.35 17.21 18.78 20.20 24.40 3595 40.63
SeViLAT [33] 120—16 1730 89.33 2898 22.64 24.76 32.83 35.79
SeViLA [33] 120—16 2298 58.18 28.54 2892 2500 37.50 42.86
Mainset LLaMA-VID [15] 240 15.56 90.12 26.53 25.72 24.60 2831 38.15
Viper [26] 16 sevieahy  14.58 37.87 21.05 18.15 1435 20.58 31.56
Viper [26] 16 seviLay 1438 38.79 2098 2439 1522 18.02 24.76
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Figure A.5: Word cloud of trope occurrences in four category, size of the tropes in pro-
portion to their frequency in Fullset

A.2 Trope

In A.5 we present word cloud visualizations to illustrate the distribution of trope oc-
currences across four distinct categories in our dataset. The categories include Character-
Trait, Role-Interaction, Situation, and Storyline. Each word cloud represents the frequency

of tropes, with larger words indicating higher occurrence

Character Trait A.1 visualizes the various traits that define character personalities and
behaviors. Prominent tropes such as “Big Bad,” “Berserk Button,” and “Jerkass” are

highly frequent, indicating their common use in character development.

Role Interaction A.2 showcases the dynamics between characters and their roles. No-
table tropes like “Pet the Dog,” “Heroic Sacrifice,” and “Oh, Crap!” dominate this
category, highlighting key interactions that drive the narrative.
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Situation Situational tropes are visualized in A.3, with “Fan Disservice,” “Irony,” and

“Brick Joke” being some of the most frequent. These tropes often set the-stage for pivotal

moments within the story.

Storyline A.4 depicts the storyline-related tropes, such as “Foreshadowing,” “Chekhov’

s Gun,” and “Bittersweet Ending.” These elements are crucial for the progression and

structure of the narrative. To avoid missing tropes due to low frequency, we also present

all tropes in each category in the A.2:

Table A.2: Trope list in each category

Category | Tropes
Big Bad Jerkass Faux Affably Evil
Smug Snake Abusive Parents Would Hurt a Child
Action Girl Adorkable Even Evil Has Standards
Deadpan Snarker Determinator Only Sane Man

CT Anti-Hero Asshole Victim Jerk with a Heart of Gold
Papa Wolf Affably Evil Too Dumb to Live
Butt-Monkey Ax-Crazy Reasonable Authority Figure
Berserk Button Ms. Fanservice The Alcoholic
Disappeared Dad Would Hit a Girl
Oh, Crap! Driven to Suicide Adult Fear
Not So Different Heroic BSoD ”The Reason You Suck” Speech
Eye Scream Gory Discretion Shot Impaled with Extreme Prejudice
Off with His Head! ~ Disney Villain Death ~ Your Cheating Heart

RI Big "NO!” Tempting Fate Disproportionate Retribution
Badass Boast Groin Attack Roaring Rampage of Revenge
Big Damn Heroes Heroic Sacrifice Screw This, I'm Outta Here!
Kick the Dog Pet the Dog Villainous Breakdown
Precision F-Strike Cluster F-Bomb Jerkass Has a Point
Idiot Ball Batman Gambit
Police are Useless The Dragon Comically Missing the Point
Body Horror The Reveal Curb-Stomp Battle
Cassandra Truth Blatant Lies Crapsack World

ST Cool Car Fanservice Fan Disservice
Brick Joke Hypocritical Humor  Does This Remind You of Anything?
Black Comedy Irony Exact Words
Stealth Pun
Bittersweet Ending ~ Karma Houdini Earn Your Happy Ending
Laser-Guided Karma Downer Ending Hoist by His Own Petard
Ironic Echo Chekhov’s Skill What the Hell, Hero?

SL Hope Spot Heel Face Turn Took a Level in Badass
Chekhov’s Gun Foreshadowing My God, What Have I Done?
Chekhov’s Gunman  Red Herring Nice Job Breaking It, Hero!
Karmic Death Meaningful Echo Freudian Excuse
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A.3 Movie

In this section, we present various statistics related to the TiM dataset, focusing on
trope counts per movie, the number of shots, and subtitle counts in terms of lines and char-

acters. These statistics provide a comprehensive overview of the dataset’ s characteristics.
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Figure A.6: Histogram of trope counts per movie on Fullset

Trope Counts per Movie on Fullset A.6 displays the distribution of trope counts across
movies in the Fullset. The distribution shows that most movies contain between 5 and
15 tropes, with a few movies having significantly more or fewer tropes. This variation

highlights the diverse narrative complexity within the dataset.

Shot Counts per Movie on Fullset A.7 illustrates the number of shots per movie in the
Fullset. The distribution is approximately normal, with most movies having between 500
and 2000 shots. This metric is crucial for understanding the visual dynamism and pacing

of the films in the dataset.
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Figure A.7: Histogram of shot counts per movie on Fullset
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Figure A.8: Histogram of subtitle counts per Movie on VDset: Lines (left) vs. Characters
(right)

Subtitle Counts per Movie on VDtest A.8 provides two histograms comparing the sub-
title counts per movie in VDtest. The left histogram shows the distribution of subtitle lines,
while the right histogram presents the distribution of subtitle characters. Both distributions
indicate that most movies have between 500 and 1500 lines of subtitles, corresponding to
between 50,000 and 150,000 characters. These metrics are essential for evaluating the
dialogue density and the amount of textual information available in the movies. Since not

all movies in the Fullset have subtitles, we used the VDset instead for these statistics.
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Appendix B — Implementation Details

B.1 FEVoRI

def execute_command(video, annotation, possible_answers, query):
# Trope: Big Bad
# Definition: The character who is the direct cause of all of the bad happenings in a story.
# Thought Process:
# 1. Frame Selection: Analyze each frame to identify key characters and their actions.
# 2. Character Analysis: Identify the main antagonist and their actions throughout the video.
# 3. Answer Selection: Determine if there is a single character causing most of the negative events.

video_segment = VideoSegment(video, annotation)
info = {
"character_actions": {2},
"negative_impacts": {}
}

for i, frame in enumerate(video_segment.frame_iterator()):
# Identify all characters in the frame
for character in frame.find("person"):
character_id = video_segment.face_identify(character)
if character_id is None:
continue
# Query the action of the character in the frame
action_query = frame.simple_query("What is this person doing?")
# Check if the action has a negative impact
negative_query = f'"Does the action '{action_queryl}' have a negative impact?"
has_negative_impact = frame.llm_query(negative_query, to_yesno=True)
# Store character actions and their impacts
if character_id not in info["character_actions"]:
info["character_actions"] [character_id] = []
info["character_actions"][character_id].append(action_query)
if "yes" in has_negative_impact.lower():
if character_id not in info["negative_impacts"]:
info["negative_impacts"] [character_id] = 0
info["negative_impacts"] [character_id] += 1

# After collecting information, use it to determine the presence of the trope
answer, reason = video_segment.select_answer (info, query, possible_answers)
return answer, reason, info

Listing B.1: FEVoRI ICL Example

We have integrated face identify, which utilizes DeepFace [22] to assign a unique ID to
each character. As shown in Line 17, FEVoRI enhances fine-grained tokenization, extend-

ing beyond the generic object "human” to more effectively address Abstract Perception.
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B.2 ConQueR

def execute_command(video, annotation, possible_answers, query)->[str, str, dict]:
# Trope: Big Bad
Definition: The character who is the direct cause of all of the bad happenings in a story.
Thought Process:

2. Event Linking: Determine which negative events are directly caused by the actions of a character.

#

#

# 1. Character Identification: Identify characters and track their actions across frames.

#

# 3. Consistency Check: Check for consistency in the character's negative influence over the story arc.

video_segment = VideoSegment(video, annotation)
# Initialize a dictionary to store information collected during analysis
info = {
"happened bad events": {},
"character infos": {}
¥

for i, frame in enumerate(video_segment.frame_iterator()):
for person in frame.find("person"):
# identify the person in the frame
person_id = video_segment.face_identify(person)
if person_id is None:
continue
# query the character"s description and add into character_description
if person_id not in info["character infos"]:
descriptino_query = "Please describe his/her appearance in 10 words"
character_description = person.simple_query(descriptino_query)
info["character infos"][person_id] = {
"description": character_description,
"actions": {}
}
# query the character"s action in the frame
action = person.simple_query("Please describe his/her action in the scene")
info["character infos"][person_id]["actions"][£f"{i} frame"] = action
# check if there is any negative event happening in the scemne
check_negative_query = "Is there any negative event happening in the scene?"
any_negative_event = frame.simple_query(check_negative_query, to_yesno=True)
if "yes" in any_negative_event.lower():
# query the negative events happening in the scene

event = frame.simple_query("What's happening in the scene")
info["happened bad events"][f"{i} frame"] = {

"event": event,

"potential cause": []
}

for pid, character_infos in info["character infos"].items():
# check if the character is a potential cause of the negative event
character_description = character_infos["description"]

for prev_i in range(i, max(i-5, 0), -1):
prev_action = character_infos["actions"].get(f"{prev_i} frame", None)
if prev_action is not None:
person_query = f"Is person with '{character_description}' a potential cause of '{event}'?"
is_person_potential = frame.simple_query(person_query, to_yesno=True)
action_query = f"Is action '{prev_action}' a potential cause of '{event}'?"
is_action_potential = frame.simple_query(action_query, to_yesno=True)

if "yes" in is_person_potential.lower() or "yes" in is_action_potential:
info["happened bad events"][f"{i} frame"]["potential cause"].append(pid)

break
# After collecting information, use it to determine the presence of the trope
answer, reason = video_segment.select_answer (info, query, possible_answers)

return answer, reason, info

Listing B.2: ConQueR ICL Example

ConQueR enhances the model’s ability to tackle Long-range Compositional Reasoning
by decomposing the movie narrative (context) and the trope (query). In this instance,
ConQueR systematically breaks down the identified characters and actions to align with
the “Big Bad” trope query, as demonstrated in Lines 33, 36, 48, and 50.
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B.3 ABCD

We utilized all generated code from TiM and sampled 512 codes from NExT-QA.[79],
OKVQA [20], and GQA [10]. We constructed AST trees using the Python AST module
and excluded codes that could not be parsed by AST (less than 3%) from our analysis.
For VLM token analysis, we used NLTK’s word_tokenize to split the VLM queries into

tokens. The implementation details can be found in the repository.

B.4 Code Generation Prompt

We modified the prompting in Viper and FEVoRI so both can generate code for de-
tecting tropes. Below, we present the prompt template. Notice that in B.3, we can replace

API_SPEC and EXAMPLES according to the chosen ablation setting.

You are a professional programmer. You would be asked to follow the API specification and examples to complete the function.

You are only allowed to use imported package and defined class below to complete the function:

{API_SPEC}

The function parameter and return value should follow the signature below:

def execute_command(video, annotation, possible_answers, query)->[str, str, dict]
"""Returns (answer, reason, info) tuple when answering query with possible_answers
Parameters
video (VideoSegment):
Target video on which the command will be executed
possible_answers (list[str]):
A list of possible answers that the command might return as answer
query (str):
The question or query that needs to be answered using the video
Returns
answer (str):
The chosen answer from possible_answers list
reason (str):
reason for why choosing the answer
info (dict):

intermediate results collected from every api call

Here's some function examples to refer:
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{EXAMPLES}

Please follow the format to return the function.

def execute_command(video, annotation, possible_answers, query)->[str, dict]
# Trope: FILL

# Definition: FILL

# Thought: FILL

# 1. FILL: FILL

# ...

# n. FILL: FILL

function logic implementation

return answer, reason, info

Listing B.3: Prompt template for Code generation

B.5 API Spec

Base setting In base setting, the api spec basically follow original setting in Viper. We
design a new In-Context Learning(ICL) examples for codeLLM, in order to make code

more suitable for detecting tropes

class ImagePatch:

"""A Python class containing a crop of an image centered around a particular object,
as well as relevant information.

Attributes

cropped_image : array_like
An array-like of the cropped image taken from the original image.

left, lower, right, upper : int
An int describing the position of the (left/lower/right/upper) border of the crop's
bounding box in the original image.

Methods
find(object_name: str)->List[ImagePatch]
Returns a list of new ImagePatch objects containing crops of the image centered
around any objects found in the image matching the object_name.
exists(object_name: str)->bool
Returns True if the object specified by object_name is found in the image, and
False otherwise.
best_text_match(option_list: List[str], prefix: str)->str
Returns the string that best matches the image.
simple_query(question: str=None, to_yesno: bool=False)->str
Returns the answer to a basic question asked about the image. If no question is
provided, returns the answer to "What is this?".
If to_yesno is set to True, the answer must contain 'yes' or 'mo'
crop(left: int, lower: int, right: int, upper: int)->ImagePatch
Returns a new ImagePatch object containing a crop of the image at the given coordinates.
1lm_query(question: str, to_yesno: bool=False)->str
Returns the answer to a basic question which is unrelevant to the image.

If to_yesno is set to True, the answer must contain 'yes' or 'no'
wnn

class VideoSegment:
"""A Python class containing a set of frames represented as ImagePatch objects,
as well as relevant information.
Attributes
video : torch.Tensor
A tensor of the original video.
start : int
An int describing the starting frame in this video segment with respect to the original video.
end : int
An int describing the ending frame in this video segment with respect to the original video.
num_frames->int
An int containing the number of frames in the video segment.

Methods

select_answer(self, info: dict, question: str, optioms: List[str]l) -> (str, str):
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Return (answer, reason) for the question and options according to given information
trim(start, end) -> VideoSegment
Returns a new VideoSegment containing a trimmed version of the original video at the
[start, end] segment.
frame_iterator() -> Iterator[ImagePatch]

Returns an iterator over the frames in the video segment.
i

Listing B.4: API spec of base setting

def execute_command(video, annotation, possible_answers, query)->[str, dict]:
Trope: Asshole Victim
Definition: A narrative trope where the victim of a crime or misdeed
is someone who had it coming because they were themselves morally dubious
or outright villainous.
Thought Process:
1. Frame Selection: This trope involves identifying both the 'victim' and
the act leading to their victimhood, suggesting a need for comprehensive
analysis throughout the video.
2. Character Analysis: Identify the 'victim' character and analyze their
actions or character traits that justify the trope's criteria.
3. Incident Analysis: Look for an incident within the video that cements
the character's role as a victim.
4. Morality Check: Determine if there's a narrative or visual cue indicating
the victim's negative moral standing.
5. Answer Selection: Using the collected data, decide whether the "Asshole
Victim" trope is present.
video_segment = VideoSegment(video, annotation)
# Initialize a dictionary to store information collected during analysis
info = {}
for i, frame in enumerate(video_segment.frame_iterator()):
# Assume function exists to identify characters and incidents
if frame.exists("person"):
incident_description = frame.simple_query("Describe the incident happened in the image.")
info[f"Character trait in {i}th frame"] = []
info[f"Morality check in {i}th frame"] = []
for person in frame.find("person"):
# Analyze the character's actions or traits
person_trait = person.simple_query("What is the person doing? What are his/her traits?")
morality_query = frame.simple_query("Does the he/she show negative moral traits?", to_yesno=True)
# Store the collected information
info[f"Character trait in {i}th frame"].append(person_trait)
info[f"Morality check in {i}th frame"].append(morality_query)
info[f"Incident description in {i}th frame"] = incident_description
# After collecting information, use it to determine the presence of the trope
answer, reason = video_segment.select_answer(info, query, possible_answers)
return answer, reason, info

EE T IR I TR S T T T T T

Listing B.5: ICL examples of base setting

Subtitle-Support Setting We extends the ability of Viper by adding implemented method
in class ImagePatch as show in B.6. The new method is called get subtitles(), which en-
able executed program to accessing subtitles. Additionally, we also design another version

of ICL exampleB.7 based on B.5.

class ImagePatch:

"""A Python class containing a crop of an image centered around a particular object,
as well as relevant information.

Attributes

cropped_image : array_like
An array-like of the cropped image taken from the original image.

left, lower, right, upper : int
An int describing the position of the (left/lower/right/upper) border of the crop's
bounding box in the original image.

Methods
find(object_name: str)->List[ImagePatch]
Returns a list of new ImagePatch objects containing crops of the image centered
around any objects found in the image matching the object_name.
exists(object_name: str)->bool
Returns True if the object specified by object_name is found in the image, and
False otherwise.
get_subtitles() -> List[str]
Return a list of str, which is subtitles that present in the current frame
best_text_match(option_list: List[str], prefix: str)->str
Returns the string that best matches the image.
simple_query(question: str=None, to_yesno: bool=False)->str
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Returns the answer to a basic question asked about the image. If no question is
provided, returns the answer to "What is this?".
If to_yesno is set to True, the answer must contain 'yes' or 'no'
crop(left: int, lower: int, right: int, upper: int)->ImagePatch
Returns a new ImagePatch object containing a crop of the image at the given coordinates.
1lm_query(question: str, to_yesno: bool=False)->str
Returns the answer to a basic question which is unrelevant to the image.

If to_yesno is set to True, the answer must contain 'yes' or 'no'
win

class VideoSegment:
"""A Python class containing a set of frames represented as ImagePatch objects,
as well as relevant information.
Attributes
video : torch.Tensor
A tensor of the original video.
start : int
An int describing the starting frame in this video segment with respect to the original video.
end : int
An int describing the ending frame in this video segment with respect to the original video.
num_frames->int
An int containing the number of frames in the video segment.

Methods

select_answer(self, info: dict, question: str, options: List[str]) -> (str, str):
Return (answer, reason) for the question and options according to given information

trim(start, end) -> VideoSegment
Returns a new VideoSegment containing a trimmed version of the original video at the
[start, end] segment.

frame_iterator() -> Iterator[ImagePatch]

Returns an iterator over the frames in the video segment.
i

Listing B.6: API spec of subtitle-support setting

def execute_command(video, annotation, possible_answers, query)->[str, str, dict]:
Trope: Asshole Victim
Definition: A narrative trope where the victim of a crime or misdeed is someone
who had it coming because they were themselves morally dubious or outright villainous.
Thought Process:
1. Frame Selection: This trope involves identifying both the 'victim' and the
act leading to their victimhood, suggesting a need for comprehensive analysis
throughout the video.
2. Character Analysis: Identify the 'victim' character and analyze their actions or
character traits that justify the trope's criteria.
3. Incident Analysis: Look for an incident within the video that cements the
character's role as a victim.
4. Morality Check: Determine if there's a narrative or visual cue indicating the
victim's negative moral standing.
5. Answer Selection: Using the collected data, decide whether the "Asshole Victim"
trope is present.
video_segment = VideoSegment(video, annotation)
# Initialize a dictionary to store information collected during analysis
info = {}
for i, frame in enumerate(video_segment.frame_iterator()):
# the trope usually present with human character, thus detect person first
if frame.exists("person"):
# use ImagePatch.get_subtitles() to get dialogue, latter use the dialogue
# with query as context information
subtitles_info = "With subtitles '" + ' '.join(frame.get_subtitles()) + "'"

R T O O

incident_description = frame.simple_query(subtiltles_info + "Describe the incident happened in the image.")

info[f"Character trait in {i}th frame"] = []
info[f"Morality check in {i}th frame"] = []
for person in frame.find("person"):
# Analyze the character's actions or traits
trait_query = subtitles_info + "What is the person doing? What are his/her traits?"
person_trait = person.simple_query(trait_query)
morality_query = subtitles_info + "Does the he/she show negative moral traits?", to_yesno=True
morality_query = person.simple_query(morality_query)
# Store the collected information
info[f"Character trait in {i}th frame"].append(person_trait)
info[f"Morality check in {i}th frame"].append(morality_query)
info[f"Incident description in {i}th frame"] = incident_description
# After collecting information, use it to determine the presence of the trope
answer, reason = video_segment.select_answer(info, query, possible_answers)
return answer, reason, info

Listing B.7: ICL examples of subtitle-support setting

Face Identification Setting To make our proposed method, FEVoRI, has ability to iden-

tify character. We introduce a new method, which is called face identify(), for class
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VideoSegmentB.8§ to verify face through the video. We also design new ICL promptB.9

based on B.5

class ImagePatch:

"""A Python class containing a crop of an image centered around a particular
object, as well as relevant information.

Attributes

cropped_image : array_like
An array-like of the cropped image taken from the original image.

left, lower, right, upper : int
An int describing the position of the (left/lower/right/upper) border
of the crop's bounding box in the original image.

Methods
find(object_name: str)->List[ImagePatch]
Returns a list of new ImagePatch objects containing crops of the image
centered around any objects found in the image matching the object_name.
exists(object_name: str)->bool
Returns True if the object specified by object_name is found in the
image, and False otherwise.
best_text_match(option_list: List[str], prefix: str)->str
Returns the string that best matches the image.
simple_query(question: str=None, to_yesno: bool=False)->str
Returns the answer to a basic question asked about the image. If no question
is provided, returns the answer to "What is this?".
If to_yesno is set to True, the answer must contain 'yes' or 'no'
crop(left: int, lower: int, right: int, upper: int)—>1magePatch
Returns a new ImagePatch object containing a crop of the image at the given coordinates.
11m_query(question: str, to_yesno: bool=False)->str
Returns the answer to a basic question which is unrelevant to the image.

If to_yesno is set to True, the answer must contain 'yes' or 'mo'
i

class VideoSegment:

"""A Python class containing a set of frames represented as ImagePatch objects,
as well as relevant information.

Attributes

video : torch.Tensor
A tensor of the original video.

start : int
An int describing the starting frame in this video segment with respect
to the original video.

end : int
An int describing the ending frame in this video segment with respect to
the original video.

num_frames->int
An int containing the number of frames in the video segment.

Methods
face_identify(image: ImagePatch) -> str
Return an unique identifier according to person in image
select_answer(self, info: dict, question: str, options: List[str]) -> (str, str):
Return (answer, reason) for the question and options according to given information
trim(start, end) -> VideoSegment
Returns a new VideoSegment containing a trimmed version of the original
video at the [start, end] segment.
frame_iterator() -> Iterator[ImagePatch]

Returns an iterator over the frames in the video segment.
wn

Listing B.8: API spec of face identification setting

def execute_command(video, annotation, possible_answers, query)->[str, str, dict]:
Trope: Asshole Victim
Definition: A narrative trope where the victim of a crime or misdeed is
someone who had it coming because they were themselves morally dubious or outright villainous.
Thought Process:
1. Frame Selection: This trope involves identifying both the 'victim' and the act
leading to their victimhood, suggesting a need for comprehensive analysis throughout the video.
2. Character Analysis: Identify each character and collect their actions or character traits
3. Answer Selection: Using the collected data, decide whether the "Asshole Victim" trope is present.
video_segment = VideoSegment(video, annotation)
# Initialize a dictionary to store information collected during analysis
info = {
"captions": {}
"character_behaviors": {}

ERE T Y

s
for i, frame in enumerate(video_segment.frame_iterator()):
# collect background story from caption of frame
caption = frame.simple_query("What's happening in the scene?")
info["captions"] [f"{i} frame"] = caption
# identify person in frame
for person in frame.find("person"):
person_id = video_segment.face_identify(person)
if person_id is None:
continue
# get description of person
person_description = person.simple_query("What's his/her appearance characteristic? Describe in 10 words")
# track character behavior
person_behavior_in_frame = frame.simple_query(f"What's action of person with appearance '{person_description}'")
if person_id not in info["character_behaviors"]:
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info["character_behaviors"] [person_id] = {}
info["character_behaviors"] [person_id] .update ({
f'action in {i} frame": person_behavior_in_frame
b
# After collecting information, use it to determine the presence of the trope
answer, reason = video_segment.select_answer(info, query, possible_answers)
return answer, reason, info

Listing B.9: ICL examples of face identification setting
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