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Abstract

Advertisement videos serve as a rich and valuable source
of purpose-driven information, encompassing high-quality
visual, textual, and contextual cues designed to engage
viewers. They are often more complex than general videos
of similar duration due to their structured narratives and
rapid scene transitions, posing significant challenges to
multi-modal large language models (MLLMs). In this
work, we introduce VideoAds, the first dataset tailored for
benchmarking the performance of MLLMs on advertise-
ment videos. VideoAds comprises well-curated advertise-
ment videos with complex temporal structures, accompanied
by manually annotated diverse questions across three core
tasks: visual finding, video summary, and visual reasoning.
We propose a quantitative measure to compare VideoAds
against existing benchmarks in terms of video complexity.
Through extensive experiments, we find that Qwen2.5-VL-
72B, an open-source MLLM, achieves 73.35% accuracy on
VideoAds, outperforms GPT-40 (66.82%) and Gemini-1.5
Pro (69.66%); the two proprietary models especially fall
behind the open-source model in video summarization and
reasoning, but perform the best in visual finding. Gemini-
2.5 Pro leads with an accuracy of 80.04%. Notably, human
experts easily achieve a remarkable accuracy of 94.27%.
These results underscore the necessity of advancing MLLMs’
temporal modeling capabilities and highlight VideoAds as
a potentially pivotal benchmark for future research in un-
derstanding video that requires high FPS sampling. The
dataset and evaluation code will be publicly available at
https://videoadsbenchmark.netlify.app.

1. Introduction

Advertisement videos represent a unique and high-value
segment of visual media, carefully crafted to capture the
audience’s attention through rich multimodal content in
a short time [42]. Unlike general videos, advertisements
integrate carefully designed storytelling, persuasive visual
elements, and concise yet information-dense narratives to
convey targeted messages efficiently. These videos often
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Figure 1. Recent years have witnessed a significant increase in the
complexity of video benchmarks, paralleling the rapid progress in
the capabilities of multi-modal large language models (MLLMs).
In this work, we introduce VideoAds, a complex dataset based
on advertisement videos, specifically designed to benchmark the
performance of MLLMs on challenging visual comprehension and
complex temporal reasoning. The size of each scatter point repre-
sents the average duration of videos within each dataset.

include high-quality cinematography, strategic scene tran-
sitions, and contextual cues that enhance engagement and
retention, making them invaluable in marketing, entertain-
ment, and e-commerce.

The rapid advancements in Large Language Models
(LLMs) [2, 27] have revolutionized multi-modal video un-
derstanding, enabling models to process and reason over
video content with unprecedented efficacy [11, 30, 45]. Gen-
erally, these models take videos as input and project them
into the embedding or token space of LLMs [22, 24, 27, 48]
and leverage LLMs to generate high-quality outputs. These
multi-modality LLMs (MLLMs) exhibit remarkable open-
ended generation capabilities, including but not limited to
temporal, spatial, and causal inference, making them promis-
ing for real-world video applications [7, 16].

However, we contend that existing video-language bench-
marks do not thoroughly assess MLLMs’ ability to com-
prehend complex temporal dependencies. Advertisement
videos, a valuable but underexplored video type in MLLM
evaluation, while typically short, exhibit intricate multi-stage

21812



Visual Finding
What color of the coat is the
man wearing in the first scene?

A.  Blue. A 3.
B. Yellow. B. 4.
C. Red. C. 5.
D. White. D. 2.

L))

Visual Summary
How many different national
flags are there in this video?

Visual Reasoning
In which year is this war
likely to happen?

A. 1760.
B. 1865.
C. 1780.
D. 1862.

Reasoning steps for reasoning question

= 1. What national flags are shown in the video?
2. What is the name of this war?

3. When does this war happen?

Where does the first CHANEL
logo take place?

What product is this video
primarily trying to sell?

Which film shares the same
storyline as this video?

A. Roof. A. Skincare product. A. Roman Holiday.
B. Red carpet. B.  Fashion clothing. B. The City of Love.
C. Taxi. C. Perfume. C.  The Devil Wears Prada.
) D, Street. D. Luxury bug. D. Before Sunrise.
' . . . . . . . .

e

N
.n‘ \\;‘.. o .‘?5.
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'@' Reasoning steps for reasoning question
1. What story is introduced in this video?

2. What is the relationship between the man and woman?
3. How does the bittersweet moment of her returning to reality resonate?

Figure 2. VideoAds comprises three challenging tasks: Visual Finding, Visual Summary, and Visual Reasoning, specifically designed to
evaluate MLLMs’ temporal reasoning capabilities on videos with complex temporal structures that have never been investigated before.
Unlike many previous datasets that focus on recognizing isolated actions or events, VideoAds demands that models derive the correct
answers only through multistep reasoning over multi-modal visual clues.

narratives, rapid scene transitions, and implicit causal rela-
tionships, making them particularly difficult for MLLMs
to comprehend. In contrast, existing benchmarks for video
understanding primarily focus on generic action recogni-
tion, instructional videos, movie comprehension, and gen-
eral videos collected from YouTube [7, 16, 18, 20]. These
videos are rich and diverse in actions and scenes, but they
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are not comparable to advertisement videos in terms of how
to purposely use complex visual cues, background context,
and temporally disjointed sequences to convey persuasive
messaging. As aresult, advertisement videos are a more chal-
lenging testbed than generic videos for assessing MLLMs’
inference ability across time and space, multi-step reason-
ing about narratives, and long-range summarization, among



other essential abilities needed for video understanding.

To this end, we introduce VideoAds, the first dedi-
cated dataset for evaluating MLLMs in the context of ad-
vertisement video understanding. It is important to posi-
tion VideoAds in the landscape of existing benchmarks.
VideoAds is not intended to replace larger, more compre-
hensive benchmarks like Video-MME [7], but rather to com-
plement them. VideoAds presents unique challenges for
video understanding due to its complex temporal structures
and high-density semantic content, making it a testbed with
high potential for identifying limitations of current MLLMs
in temporal reasoning and, accordingly, driving the devel-
opment of next-generation Al systems with advanced tem-
poral modeling, cross-modal interactions, and multi-stage
reasoning capabilities. Beyond academic impact, VideoAds
addresses real-world challenges in automated content analy-
sis, brand sentiment prediction, and strategic ad placement,
facilitating Al-empowered applications in the advertisement
sector.

We summarize our main contributions as follows:

¢ First Advertisement Video Benchmark for MLLMs:
We present VideoAds, a carefully curated benchmark
dataset consisting of high-quality and high-complexity
advertisement videos, featuring manually annotated ques-
tions covering three groups of tasks: visual finding, video
summarization, and visual reasoning.

¢ Quantitative Video Complexity Measure: We introduce
a novel quantitative measure for video complexity, en-
abling a holistic analysis of how scene transitions, narra-
tive coherence, and temporal event dependencies influence
MLLM performance. This measure also accommodates a
comparison between VideoAds and existing video under-
standing datasets in terms of complexity.

* Comprehensive Benchmarking of State-of-the-Art
Models: We evaluate leading MLLMs, including GPT-
40 [12], Gemini 1.5 Pro [31], and open source models
like LLaVa-Video [48], Qwen2.5-VL [33] over multiple-
choice VQA tasks, revealing significant gap from human
performance when the models attempt to reason across
complex temporal structures. Moreover, MLLMs perform
well in finding visual patterns from videos but struggle
with video summarization and reasoning.

* Insights about Audio and Chain of Thought in MLLMs:
We conduct further analyses about the influence of speech
audio transcripts and Chain of Thoughts (CoT). We find
that large MLLMs benefit from CoT more than small mod-
els, aligning with LMMs’ properties, and the additional in-
formation from speech transcripts almost always improves
MLLMSs’ performance. These results signify the need for
future MLLM:s to reinforce cross-modal interactions and
reasoning.

2. What makes an advertisement video?

Advertisement videos are a unique form of visual story-
telling, meticulously crafted to capture audience attention,
convey persuasive messages, and influence consumer behav-
ior within a short time [13, 29]. For example, the second
video in Figure 2, “CHANEL N°5 the Film” is a 120-second
short advertisement directed by Baz Luhrmann and with a
budget of $33 million [37]. This advertisement tells a story:
“A famous celebrity runs away in a pink dress in the middle
of Times Square in New York City, only to get into a cab
with a man who does not recognize her. After four days in
his Lower East Side apartment, her secretary insists that she
return as a celebrity.” This advertisement video shares a plot-
line similar to Roman Holiday but condenses it into just 120
seconds and provides us with high-density information that
has rarely been seen in other video types. The high commer-
cial value translates into complex narrative structures and
information-dense sequences, making advertisement videos
more challenging to analyze for the current MLLMs which
often rely on low FPS sampling.

3. VideoAds

To build the VideoAds benchmark, we take three steps: video
collection followed by manual filtering; curation of VQA
tasks; and quality review.

3.1. Video collection and filtering

We begin by collecting YouTube advertisement videos, using
targeted keyword searches to encompass various commercial
domains. Specifically, we retrieve videos using commercial
search terms about Cars, Sports, Movie Trailers, Food, Tech,
Health, Travel, and Financial Services. This broad list en-
sures our dataset covers multiple industries, allowing for
diverse visual storytelling techniques, product promotions,
and narrative-driven ad structures. After this step, we col-
lected 2,700 videos from YouTube.

To refine the dataset, we implement a systematic filtering
process to remove irrelevant, excessively short, low-quality,
and static-content videos that do not align with our bench-
marking objectives. The specific filtering criteria are at-
tached in the Appendix. After applying these filtering steps,
we keep 200 high-quality, visually complex advertisement
videos from the original 2,700 candidates. The data size
of 200 is a sweet trade-off between the benchmark’s cov-
erage (in terms of diversity and visual quality) and utility
(in computational and financial costs). These videos have
densely packed content, including but not limited to rich vi-
sual storytelling, diverse editing styles, and complex tempo-
ral structures, making them a versatile testbed for evaluating
the temporal reasoning capabilities of MLLMs.
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Figure 3. Visualization of Video Complexity Scores: Examples of videos with high, medium, and low complexity scores based on the
proposed video complexity metrics. Videos with high complexity scores exhibit frequent scene transitions, dynamic interactions, and
complex visual transformations, posing significant challenges for temporal reasoning. In contrast, videos with low complexity display static
or minimally changing frames, resembling image slideshows with minimal narrative progression.

Table 1. The comparison of various minutes long video benchmarks: total number of videos (#Videos), number of clips (#Clips), average
duration of the videos (Len.), number of QA pairs (#QA Pairs), method of annotation (Anno., M/A means the manually/automatic manner),
average number of QA pair tokens (QA Tokens), complexity duration(Complexity Duration), video complexity (Video Complexity)

Benchmarks #Videos #Clips Len.(s) #QA Pairs Anno. ‘ Complexity Duration (1) Video Complexity (1)
TGIF-QA [14] 9,575 9,575 3.0 8,506 A&M 0.67 21.10
STAR [38] 914 7,098 11.9 7,098 A 6.25 22.90
NEXT-QA [39] 1,000 1,000 39.5 8,564 A 9.23 24.01
MSVD-QA [40] 504 504 9.8 13,157 A 1.75 26.55
MSRVTT-QA [40] 2,990 2,990 15.2 72,821 A 3.68 35.62
ActivityNet-QA [44] 800 800 1114 8,000 M 47.59 40.82
TempCompass [18] 410 500 11.4 7,540 A&M 1.62 20.21
MVBench [16] 3,641 3,641 16.0 4,000 A 3.34 20.43
Video-Bench [21] 5917 5917 56.0 17,036 A&M 16.58 26.88
EgoSchema [20] 5,063 5,063 180.0 5,063 A&M 54.30 31.04
AutoEval-Video [3] 327 327 14.6 327 M 3.46 30.46
Video-MME-S [7] 300 300 80.7 900 M 44.81 56.10
Video-MME-M [7] 300 300 515.9 900 M 220.88 42.38
VideoAds 200 200 79.6 1100 M ‘ 60.32 67.40
3.2. VQA annotations the table?” “In which city does the first scene take place?”

We ask human experts to manually construct video question
answering (VQA) tasks about the videos. The annotation pro-
cess is designed to emphasize complex temporal reasoning,
visual interpretation, and high-level narrative understand-
ing, addressing key aspects of video understanding. We
categorize the VQA tasks into three core types.

* Visual finding: This category assesses the model’s ability
to extract concrete visual patterns from video frames. It
includes but is not limited to object recognition, attribute
identification (e.g., color, shape, size), detecting spatial
relationships among objects, and scene recognition. Some
exemplar questions are as follows. “What color is the
second car in the advertisement?” “Where is the ball on
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Visual summary: This category evaluates the model’s
ability to summarize key events and thematic elements
in the video. Questions focus on event description, se-
quential understanding, changes across time, and topic
discovery. For example, “How many types of insurance
are mentioned in the ads?”, “What is the main product
being advertised?”, “What happened before the targeted
product is introduced?”

Visual reasoning: This is the most challenging category,
requiring the model to perform high-order inference based
on the video’s context. The questions involve cause-
and-effect analyses, interpersonal dynamics, emotional
interpretation, and logical problem-solving. For example,
“Why does the man finally decide to purchase the prod-



uct?”, “What emotion does the actor express after using
the product?”’, “How does the advertisement convey the
product’s benefits using different scenes?”

While semi-automated VQA annotation methods using
powerful MLLMs [19, 41] can easily generate a large num-
ber of question-answer pairs using human-provided captions,
they are inherently limited by the granularity of the captions
and MLLMSs’ potential bias. Hence, in this work, the VQA
tasks are mainly generated by human annotations. Human
annotators are required to create a question, a correct answer,
and an incorrect (yet confusing) answer for each VQA task.
For every video, an annotator is required to generate 10 VQA
pairs, leading to 2,000 VQA tasks in total. We then employ
the LLava-Next-72B model [48] to generate four candidate
incorrect answers. Then, OpenAl GPT4o [11] is used to
merge the question, correct answer, and human-provided
and model-generated incorrect answers into standardized
four-option multiple-choice questions. We show examples
of all stages of this annotation process in the Appendix.

3.3. Quality review

To ensure the accuracy and depth of the generated VQA
tasks, we apply a quality control step to preserve the most
informative and challenging questions, ensuring a balanced
distribution across the three primary VQA categories and
removing trivial queries. Specifically, we remove VQA pairs
that are trivial or overly simplistic, as well as those that
contain ambiguities, multiple correct answers, or annotation
errors. After expert filtering, we retain 1,100 high-quality
VQA tasks from the original 2,000. The numbers of visual
finding, visual summary, and visual reasoning tasks are 425,
312 and 363, respectively, and evenly distributed across all
question types. Overall, this refinement significantly im-
proved the VQA quality, making it a challenging benchmark
for assessing MLLMs.

3.4. Dataset statistics

We analyze VideoAds and contrast it with existing ones and,
through this comparison, we notice that VideoAds differs
from others primarily by its high visual complexity across
time. The following first defines video complexity, a quanti-
tative measure, and then presents dataset statistics.

3.4.1. Definition of video complexity

Although many video datasets claim to collect complex
videos from diverse application scenarios, a quantitative
definition of video complexity remains elusive in video anal-
ysis. Inspired by [18, 32] and moving beyond qualitative
observations, we propose a quantitative measure of video
complexity based on the variance of visual features over time,
addressing the need for a structured approach to measuring
complexity in MLLM-based video understanding.
Intuitively, a video that exhibits greater changes over time

within a given duration is more complex and challenging
to understand than a static or minimally changing video.
In the context of MLLMs, this translates to greater diffi-
culty in understanding temporal coherence/changes, causal
reasoning, and narrative understanding. In this work, we
define video complexity based on visual feature variance
with DINO-v2 (referred to as f) as a feature extractor [23].
The reason for choosing DINO rather than CLIP [25] is that
DINO preserves more visual details than CLIP [32].

Given a specific video V, we sample one frame I; per
second from it and denote by n the total number of video
frames. Denote by [—d, d] the neighbor of any frame. We
define complexity duration D.p, as:

min(i+d,n _li=i]
Z i €5 cos(F(L), £(I;))
Depe =n — — ,
P me(z+d n) o— ‘J2d, |

j=max(i—d,1)
ey

.) indicates cosine similarity, and the
exponential weighting e~ 57" ensures that nearby frames
contribute more to the complexity calculation than distant
frames. The complexity duration is named in analogy to time
duration. Indeed, Egoschema [20] videos are long in dura-
tion (180 seconds per video, on average), but their average
complexity duration is 54.3. We further define video com-
plexity V., (also called complexity density) as the average
of complexity duration across time:

where j # i, cos(.,

Vepe = 100D cpe /1, 2)

A high video complexity V,,, value indicates great visual
changes over unit time, necessitating high FPS sampling
strategies for MLLMs to comprehend the video thoroughly.
Figure 3 illustrates videos with high, medium, and low video
complexities, validating our measure. We analyze the impact
of neighborhood size d in the Appendix.

3.4.2. VideoAds analysis and comparison with others

VideoAds distinguishes itself from existing video bench-
marks by presenting a unique combination of high video
complexity and challenging question-answer (QA) pairs, de-
spite containing relatively short videos: videos in [8] are up
to hours long. Unlike conventional datasets, such as MSVD-
QA [40], Youcook?2 [50], and ActivityNet-QA [44], which
primarily focus on action recognition or object identifica-
tion with lower video complexity, VideoAds emphasizes
complex temporal reasoning on challenging tasks. This is
achieved by curating advertisement videos that compress rich
visual narratives and multi-stage events into one to two min-
utes, demanding long-range contextual tracking and multi-
hop reasoning. Compared to Video-MME [7], MMBench-
Video [17], and recent Video-MMMU [10], which focus
on longer video durations or multi-domain understanding,
VideoAds presents a higher density of temporal changes.
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‘ Finding Summary Reasoning ‘ Total

#Question | 9.58 8.85 9.32 9.29
#Options 3364 4038 50.09 | 40.98
Duration 8328 7845 78.01 | 79.60
QA Tokens | 53.63  59.95 71.80 | 61.42
Number | 425 312 363 | 1100

Table 2. Summary of key statistics across the three question types
in VideoAds, including average word count for questions (#Ques-
tion), answer options (#Options), as well as average video duration
(Duration) and average QA tokens (QA Tokens).

Table | uses the video complexity measure to highlight that
VideoAds videos contain significantly more temporal dy-
namics than other benchmarks. This compact complexity
makes it particularly challenging for MLLMs to maintain
temporal coherence and causal reasoning, even more so than
processing long-form but slowly progressing videos. Further-
more, unlike datasets [8, 17] that use free-form questions,
VideoAds employs four-option multiple-choice questions
facilitating easy evaluations across different models. Finally,
Table 2 presents some statistics for each type of question. In
summary, VideoAds raises the bar in video understanding
by introducing complex and diverse advertisement videos
and VQA tasks.

It is crucial to understand why benchmarks like Temp-
Compass and MVBench score lower on our complexity met-
ric despite being used for fine-grained temporal understand-
ing. Our metric, based on DINO-v2 feature variance, ex-
cels at capturing coarse visual shifts and significant content
changes typical of advertisements with rapid cuts between
distinct scenes. In contrast, videos in TempCompass or
MVBench often feature more subtle temporal changes (e.g.,
an object moving slightly), which results in simpler overall
video content and thus a lower complexity score. VideoAds
therefore, serves as a complementary benchmark, focused on
challenging models with fast-paced, semantics-rich visual
transitions rather than fine-grained temporal shifts.

4. Experiments and Results

4.1. Experiment setting

MLLMs: We evaluate our collected dataset using open-
source MLMMs, including InternVideo2 [34], LongVA [47],
InternVL2 [5], LLaVA-Next-Video [48], LLaVA-Video [49],
Qwen2.5-VL [1], which covers models from 7B to 72B
parameters; and commercial models GPT-40 [12] , Gemini
1.5 Pro and 2.5 Pro [6, 28]. We also compare the influence of
the number of sampled frames on various models for those
models that accept different numbers of frames as input.

LLM performance: To ensure VideoAds serves as a reliable
benchmark for video understanding, it is crucial to eliminate
the possibility of MLLMs exploiting textual patterns rather
than genuinely understanding visual content. Therefore,
we conduct a baseline experiment using GPT-40 with text-

only input, excluding all visual signals. Specifically, the
model was prompted with instructions such as, *Based only
on the provided question, answer the following multiple-
choice question,” without any indication that visual input was
required. This process helps quantify the model’s reliance
on visual information versus textual bias.

Human performance: To assess the performance of humans
in such a challenging task, we recruit two master’s students
as human experts and instruct them to complete the following
tests: Given that most advertisement videos are designed to
contain specific information for human, it is relatively easy
to answer accurately by the evaluators. Each participant is
instructed to watch each video once and then answer the
corresponding VQA pairs without revisiting the video. This
approach mimics the real-world constraints that MLLMs
face, ensuring a fair comparison between human and model
performance.

Evaluation: To ensure a standardized and fair comparison
across different MLLMs, we organize the VideoAds dataset
into a four-option multiple-choice format. Each question
is accompanied by one correct answer and three carefully
curated distractors, which are semantically plausible but
incorrect. We merge our dataset into the LMM-Eval pack-
age [46], which has been widely used in MLLMs evaluation
such that other researchers can use this dataset easily.

4.2. Benchmarking results

Table 3 presents a comprehensive comparison of model per-
formance across three groups: LLM performance without
visual input, MLLMs with video input, and human experts.
This comparison provides several critical insights into the
effectiveness of visual reasoning in video and highlights
the significant gap between human cognitive abilities and
current MLLMs.

LLM without visual information gives rise to low accu-
racy on VideoAds: To assess the reliance on visual features,
we conduct a baseline test using GPT-4o0 without any video
input. The model achieves an accuracy of 21.27%, which
is close to the 25% random guess baseline for a four-option
multiple-choice format. This result confirms that VideoAds
is effectively designed to eliminate trivial text-based short-
cuts, ensuring that visual reasoning is indispensable for an-
swering the questions. It also demonstrates that common-
sense knowledge and language priors alone are insufficient
to solve the complex visual and temporal reasoning tasks
posed by this benchmark.

Human performance substantially surpasses state-of-
the-art MLLMs: Human experts consistently outperform all
tested MLLMs, achieving an impressive accuracy of 94.27%.
This highlights the inherent cognitive advantage of humans
in narrative comprehension, causal inference, and high-level
reasoning. Notably, humans perform best on the Visual
Reasoning tasks, achieving 95.04% accuracy, demonstrat-
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Model

| LLM params. | Frames | Finding Summary Reasoning | Overall

Baseline without visual information

Baseline (GPT4o-text only [12]) ‘ - ‘ - ‘ 21.88 21.47 20.39 ‘ 21.27
Open-source MLLMs
LongVA [47] 7B 32 49.41 40.38 37.19 42.33
Qwen2.5-VL [33] 7B 32 60.47 58.97 44.63 54.69
LLaVA-OneVision [15] 7B 32 67.76 52.56 44.90 55.08
MiniCPM-V2-6 [43] 7B 64 67.53 53.85 50.14 57.17
InternVideo2-chat [34] 8B 16 42.82 35.58 41.87 40.09
InternVL2 [5] 8B 32 53.88 4455 46.56 48.33
LLaVA-NeXT-Video [48] 32B 32 63.06 60.26 53.44 58.92
32 66.35 68.91 64.46 66.58
. ) 64 71.06 66.03 66.12 67.73
LLaVA-Video [48] 728 96 72.94 66.67 67.22 68.94
128 72.94 66.03 66.39 68.45
32 67.76 63.78 61.43 64.33
64 74.59 69.87 66.67 70.38
Qwen2.5-VL [33] 72B 96 73.65 73.08 69.70 72.14
128 75.53 73.72 70.80 73.35
Close-source MLLMs
32 70.59 66.35 59.78 65.57
GPT-40 [12] - 64 73.65 64.42 59.50 65.86
128 75.06 63.14 62.26 66.82
Gemini-1.5 Pro [28] - Lfps | 75.29 67.31 66.39 69.66
Gemini-2.5 Pro [6] - - 84.47 78.53 77.13 80.04
Human Performance
Human Performance \ - |- | 9341 94.55 95.04 | 9427

Table 3. Benchmark results for different MLLMs. We can observe that human performance substantially surpasses all SOTA MLLMs, while
Gemini 2.5 Pro leads the best performance of 80.04%. Some prediction cases are shown in the Appendix.

ing their ability to synthesize information across disjointed
scenes and understand implicit messaging strategies typical
of advertisement videos. In stark contrast, most MLLMs
struggle to reach even 70% accuracy on the reasoning task,
with the best-performing model, Qwen2.5-VL-72B, attaining
70.80% accuracy, despite its large model size and state-of-
the-art architecture. This substantial gap between human
and model performance also highlights the key challenges
raised by our VideoAds dataset.

Current MLLMs excel in static visual recognition but
struggle with complex reasoning, while humans give con-
tradictory results: From Table 3, a clear performance dis-
parity emerges across the three task types: visual finding,
visual summary, and visual reasoning. Specifically, most
MLLMs perform the best on the visual finding tasks, fol-
lowed by visual summary, with the worst performance ob-
served on Visual Reasoning tasks. For example, GPT-40
achieves an accuracy of 75.06% on the visual finding tasks
but drops significantly to 62.26% on the visual reasoning
tasks with 128 frames. This pattern is consistent across other
models, such as LLLaVA-Video and Qwen2.5-VL under dif-
ferent sampling frames. This performance gradient suggests
that current MLLMs are more adept at static visual recogni-

tion and shallow temporal tracking but struggle with tasks
requiring complex narrative reasoning. We also observe an
interesting result for human performance in Table 3 that the
performance on the most challenging reasoning tasks (accu-
racy 95.04%) is even higher than the visual finding (accuracy
93.41%). This is reasonable given that human experts find
it easier to find the visual reasoning structures in advertise-
ment videos at a high level but find it hard to remember every
detail.

State-of-the-art open source MLLMs can beat GPT-
40 and Gemini 1.5 Pro, while Gemini 2.5 Pro contin-
ues to lead performance: For a long time commercial
LLMs [12, 22, 31] can easily beat all opensource models
in video understanding. VideoAds, however, produces the
opposite result, with Qwen2.5-VL outperforming GPT-40
and Gemini 1.5 Pro in Table 3. GPT-40 and Gemini 1.5 Pro
can still achieve SOTA results (above 75%) on the visual
finding task but struggle with the visual summary and rea-
soning (around 66%-67%). However, Gemini 2.5 Pro, the
most recent model, keep leading the performance with an
accuracy of 80.04%. This further emphasizes that rather
than taking video as a grid of images, it is necessary to train
MLLMs on video data specifically to extract the temporal
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relationship within the video like used in Gemini 2.5 Pro [6].

Influence of increasing sampled frames varies across
the models: When a video is simple, a limited set of sam-
pled frames can include all necessary information. However,
in complex videos like those in VideoAds, increasing the
number of frames can significantly impact performance. We
observe that Qwen2.5-VL benefits more from additional
frames than GPT-40 and LLaVA-Video. The latter two mod-
els show notable improvements in visual finding tasks but
only marginal gains in reasoning tasks when we increased
the number of frames per video from 32 to 128. We hy-
pothesize that, due to high video complexity in VideoAds, it
actually requires the MLLMs to process high fps and long
context tokens, which are underexplored in the previous
work [12, 28, 33, 48].

5. Discussion

5.1. Impact of Speech Audio Transcript

To evaluate the influence of audio transcripts on model per-
formance, we generate subtitles for each video using OpenAl
Whisper [26]. We further test the performance of the mod-
els with transcripts and the results are shown in Table 4.
Comparing transcript-enhanced models to those using only
frame-based information, we observe that introducing au-
dio transcripts significantly improves performance across all
MLLMs. This suggests that many MLLMs for video are
focusing on visual information, while the important cross-
modality reasoning capability remains underexplored.

Model Modality Finding Summary Reasoning Overall
LonaVA frames  49.41 40.38 37.19 42.33
g +subtitle  50.35 48.72 4545 48.18
. frames  66.35 68.91 64.46 66.58
LLaVA-Video 0 biitle  71.53 71.47 72.18 71.73
frames  67.76 63.78 61.43 64.33
Qwen25-VL | cubtitle  68.94  67.95 65.56 67.48
frames  73.65 64.42 59.50 65.86
GPT-40 +subtitle 7224 64.10 63.09 66.47

Table 4. Impact of audio transcript: we can observe that a sig-
nificant performance gain, particularly in the reason tasks can be
achieved by various MLLMs with the help of audio transcript.

5.2. Impact of Chain of Thought

The research on the influence of CoT on the multimodality
data remains limited, and most studies focus on the image
data [4, 36]. Here we present the first study of CoT’s influ-
ence on video MLLMs using our challenging dataset. In
our CoT prompting, we provided explicit intermediate ques-
tions to guide reasoning, rather than using generic ’think
step-by-step’ instructions. For example, for a visual reason-
ing task, we might pose intermediate questions like, *Q1:
What product appears in the first 5 seconds?’ followed by

’Q2: What emotion does the character express at the end?’
The model’s answers to these intermediate questions were
then used as context to generate the final response to the
main question. We adopted this guided setup because many
current MLLMSs do not reliably support open-ended, multi-
round conversational reasoning from a single generic prompt.

Impact of Chain of Thought
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Figure 4. Impact of Chain of thought on the model’s performance
for challenging reasoning tasks, we can observe a variance in the
model’s performance along the model size.

Interestingly, the influence of CoT differs across mod-
els: Generally, larger models tend to benefit more from
the CoT as shown in the NLP field [9, 35]. We observe
that LongVA-7B [47], LLava-Next-32B [48], and LLava-
Video-72B [48] show a performance drop when dealing long
reasoning contexts provided by CoT. However, models like
Qwen2.5-VL [33] and GPT-40 [11] show significant per-
formance improvements. Particularly, GPT-40 increases its
reasoning accuracy from 61% to 70%, indicating strong
reasoning performance given CoT. This also underscores
the importance of introducing long context and multi-round
VQA in MLLM training [4, 36].

6. Conclusion

In this work, we introduce VideoAds, the first benchmark
dataset specifically designed to evaluate Multi-modality
Large Language Models (MLLMs) on complex temporal rea-
soning and narrative understanding in advertisement videos.
Our novel quantitative complexity metric provides a struc-
tured framework for evaluating temporal dynamics in video
benchmarking. Extensive benchmarking experiments show
that there is still a significant gap between human cognitive
reasoning and the ability of current MLLMs to understand
complex temporal structures like advertisement videos, high-
lighting the urgent need for advanced temporal modeling
and narrative comprehension techniques.
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