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Abstract

Modern video-language models are typically trained on
videos downsampled to low frames-per-second (FPS), and
the most commonly used evaluation benchmarks are de-
signed for low-FPS input as well. To address this short-
coming, we present FPS-Bench, a large video question-
answering benchmark designed to evaluate VLMs’ capabil-
ities to understand video at high-frame rates. We introduce
a new metric, the minimum frames-per-second (minFPS),
which measures the minimum frame-rate required to solve
a given question. While existing benchmarks require < 1
minFPS, we rigorously curate more than 1000 questions
from a diverse source of videos and manually verify minF PS
for each example, leading to a benchmark that requires
watching videos at on average 7 FPS to solve. Our eval-
uation of several state-of-the-art VLMs shows that they are
severely lacking, achieving QA accuracy of =~ 30% in the
FPS-Bench multiple-choice task, whyeah lieve that FPS-
Bench will serve as a valuable tool for improving frontier-
level VLM and release all data and code here.

1. Introduction

Humans seamlessly watch videos at high resolution and at
high frame-rate; models do not. The standard practice in
today’s state-of-the-art video-language models (VLMs) is
to significantly reduce frame-per-second (FPS) of the in-
put video, from 30 to often less than 1 [49]. This design
choice persists for two main reasons: (1) videos are ex-
tremely large and using a high frame rate requires more in-
put tokens and memory, and (2) a higher FPS often does not
always convey more information. Several works have noted
that videos tend to have high temporal redundancy [12], and
thus many possible video tasks may not require models to
perceive videos in the same way that humans do.

*“Equal contribution
TEqual advising

This observation is reflected in most video understand-
ing benchmarks. Early benchmarks such as Kinetics [9],
ActivityNet [8], or MSR-VTT [55] could be solved with a
small number of randomly sampled frames since there was
minimal temporal structure to the associated tasks, allowing
models to rely on static scene information [32]. More recent
and widely used VLM benchmarks such as MVBench [31]
and Video-MME [15] also tend to require minimal FPS; the
answer for most questions can often be found in a single
frame, or the question can be solved while watching the
video with as low as 0.1 FPS. This issue persists in long-
video understanding benchmarks like EgoSchema [40], and
even benchmarks that explicitly focus on fine-grained mo-
tion, such as MotionBench [20], can be solved with rela-
tively low FPS.

Given this, what types of question actually require mod-
els to perceive videos at higher FPS? These questions are
not covered by previous benchmarks and, by definition, can-
not be solved easily by models that significantly downsam-
ple input frames. Although some visual tasks such as ob-
ject tracking, video object segmentation, and certain aspects
of robotic perception require high frame rates, they usually
rely on specialized models [25, 37, 45]. However, we aim
to identify a set of questions that more general VLMs fail to
answer unless the accompanying video is viewed at an ade-
quate frame-rate. For example, consider the video-question
pair in Section 1: does the camera flash during the video?
Although the camera does flash, when viewed at 2 FPS, it
is impossible to observe it. This is also true at 4 FPS; only
when viewed at 14 FPS can the flash be seen. There is no
way to answer the question correctly unless viewed above
this FPS; downsampling the video below this will prevent a
model from ever answering it correctly.

Based on this idea, we introduce FPS-Bench, an evalu-
ation benchmark for video understanding that consists en-
tirely of such questions. FPS-Bench measures VLM’s abil-
ity to answer questions requiring fine-grained temporal rea-
soning, event localization, and motion sensitivity at high
frame rates. We curate 1000 multiple-choice questions an-
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Is there a camera flash at some point in the video? If so, does it distract the conductor?
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Figure 1. Analysis of minFPS and VLM Performance on FPS-Bench. (Left) To correctly answer the question (e.g., identifying the
camera flash), a minimum frame rate (here, 14 FPS) is required. Frame rates below this threshold prevent accurate event perception,
demonstrating the failure of standard frame downsampling methods. (Right) Comparative performance analysis of current state-of-the-art
VLMs against Human Performance on the FPS-Bench. The results are categorized by task type: Transient Event Perception (orange),
Temporal Ordering (light green), Action Count (purple), and Reasoning (blue).

notated by human experts spanning nine categories, with in-
put videos ranging across a wide variety of visual domains.
We manually measure the minimum video FPS required to
solve each question, and ensure that every example requires
at least 4 FPS, with an average minimum requirement of 6.8
FPS across the dataset.

After curating this high-quality dataset, we evaluated a
range of state-of-the-art open- and closed source VLMs and
find that they achieve at best 30% accuracy (25% is ran-
dom), while humans consistently achieve more than 70%.
Even when slowing the videos down, the models still per-
form poorly, suggesting that the failure is not purely due
to token limit constraints but rather a fundamental limita-
tion in the models’ ability to perceive, localize, and reason
about fine-grained temporal events. In summary, our con-
tributions are as follows.

e We introduce FPS-Bench, the first multiple-choice
question-answering benchmark dedicated to evaluating
the ability of general VLMs to reason over rapid, high-
frequency events across nine distinct temporal categories.

* We propose the concept of Minimum Necessary Frame
Rate (minFPS), a metric that quantifies the intrinsic tem-
poral requirement of a video-question pair. We establish
the rigor of FPS-Bench with a mandatory threshold of 4
FPS and an average minFPS of 6.8 FPS.

* We provide a comprehensive evaluation of state-of-the-
art VLMs on FPS-Bench, revealing that current models
struggle significantly with high-frequency temporal rea-
soning (= 30% accuracy) and highlighting a critical, un-

addressed blind spot in current VLM design.

2. Related Work
2.1. Video-Language Models

Video-language models emerged by extending image-
language architectures such as LLaVA [36], BLIP [29] and
GPT-4V [2] to handle temporal information. Examples in-
clude Video-LLaVA [63] building on LLaVA, VideoChat
[30] using BLIP-based encoders, and Qwen2-VL [5] with
dynamic temporal sampling, while commercial systems like
Gemini [49] provide native video processing and GPT-40
[21] require manual frame extraction. However, due to the
large input size of the videos, most models downsample the
input heavily to 1 FPS [49], with some [0, 21] using fixed
frame counts (e.g. 8-16 frames) regardless of video dura-
tion. Although some work aims to mitigate the large con-
text with compression techniques [59, 61], the prevailing
choice remains to limit the number of frames through ag-
gressive temporal subsampling. However, some work [7]
has found that using higher FPS or resolution consistently
improves performance on video benchmarks, and F-16 [34],
which trained a video LM at 16 FPS, demonstrated im-
proved performance on fine-grained motion understanding
tasks. However, no work has explicitly evaluated the capa-
bilities that are lost as a result of low frame rate sampling.

2.2. Benchmarking Video Understanding

Early video understanding benchmarks focused on activity
recognition [16, 23, 24, 26, 48], a classification task that
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has been widely found to require very few frames to solve
[32]. Larger models pre-trained on large datasets of cap-
tions and videos such as HowTo-100M [41], Ego4D [17],
or YouTube-8M [1] were then evaluated on video question-
answering datasets such as ActivityNet [8, 60], MSR-VTT
[55] and MSVD [10]. These require more advanced reason-
ing than activity recognition, but could still be solved with
relatively few frames. Other question-answering bench-
marks, such as TVQA [27], Next-QA [53], iVQA [56],
suffer from the same issue. More specialized datasets to
evaluate compositional reasoning [19], video description
ability [54], domain-specific knowledge [46], egocentric
video [14, 18] test more specific capabilities, but also re-
quire very few frames to solve target tasks. As the size
and capacity of the VLM model increased, the field be-
gan to focus on understanding more complex videos and
advanced reasoning [31]. Long video understanding bench-
marks such as EgoSchema [40], Video-MME [15], and
LongVideoBench [52] evaluate QA tasks on videos up to
an hour long, while fine-grained understanding benchmarks
such as PerceptionLM-Bench [11] and MotionBench [20]
focus on detailed visual information. Despite requiring
more frames overall, these benchmarks can still be solved
with sparse temporal sampling (e.g., 1 in every 20 frames
for long videos) and do not explicitly test whether models
can capture rapid temporal dynamics that necessitate high
frame rates.

2.3. High Frame-Rate Video Benchmarks

Understanding videos at higher frame-rate was until re-
cently limited to specialized domains such as object track-
ing [42, 57], human pose estimation [3, 22], or video object
segmentation [43, 45]. Additionally, sports analysis bench-
marks such as Sports1M [23], MultiSports [33], FineGym
[47], or MMEFS [38] often require understanding of high-
speed movements, but are still focused on a single domain.
More recently, benchmarks such as MotionBench [20], Per-
ception Test [44] evaluated models’ ability to solve a va-
riety of questions with rapid motions; however, they tend
to still Other recent benchmarks such as AirLetters [13] re-
quire high FPS, but are still focused on a narrow task. DIVE
[62] evaluates VLMs on a toy task that requires recalling
subtitles from specific instances, which requires high frame
rates but is overly narrow. In contrast, FPS-Bench retains
the generality of other benchmarks with its wide range of
visual domains and questions, while significantly improv-
ing the FPS requirement.

3. Collecting FPSBench

The core principle underlying our paper is that each ques-
tion should require viewing the accompanying video at rel-
atively high FPS to answer. To formalize this, we introduce
the concept of Minimum Frames-Per Second (minFPS)

to quantify the temporal requirement for questions in our
benchmark. For any given video-question pair, minFPS is
defined as the lowest integer frame rate at which a human
annotator can consistently reach the correct answer. Cru-
cially, any sampling rate below this threshold must make it
impossible to verify the correct answer.

The minFPS metric addresses a limitation of metrics
like the temporal certificate, introduced in EgoSchema [40].
The temporal certificate length measures the total duration
of the input video a human needs to watch to verify an an-
notation. However, even though a 10-minute video sampled
at 1 FPS and a video sampled at 30 FPS may have the same
certificate length (time interval), the 1 FPS video contains
far fewer frames, often making rapid high-frequency events
indistinguishable. minFPS captures this nuance by focusing
on the necessary input FPS; the total number of input frames
can be computed by multiplying minFPS and the temporal
certificate together.

3.1. Dataset Construction

Measuring minFPS. We determine minFPS through a se-
quential human verification process: an annotator begins by
viewing the input video, question, and answer at 1 FPS. If
the annotator is unable to verify the correct answer, they in-
crementally increase the sampling rate by 1 FPS until the
correct answer is unambiguously verifiable. If at 1 FPS,
the annotator can already verify the answer, they decrease
the FPS by a factor of 2 until this is no longer the case.
During this measurement, downsampling is performed by
dropping frames, simulating the standard frame sampling
process used in modern VLMs. All questions included in
FPS-Bench are curated to have a minFPS > 4 to ensure
high temporal difficulty. We used a threshold of 4 based on
our measurements of other benchmarks, which often do not
exceed 1 or 2.

Question Types. We define nine distinct question types
for FPS-Bench, which focus on temporal reasoning capabil-
ities but also require understanding of rapid, high-frequency
motion. The definitions are as follows:

Repetitive Motion: Requires counting the total number
of cycles or repetitions of a sustained, high-speed periodic
action (e.g., drumstick hits or fan rotations).

Speed Recognition: Requires inferring or comparing the
relative speed of an object or action where the difference is
only visible at a high frame rate over time.

Fine-Grained Motion: Ascertains subtle or technical
differences in movement, form, or trajectory where tiny
changes distinguish correct execution (e.g., identifying a
specific technique in a sports move).

Action Order: Requires sequencing two or more events
that occur nearly simultaneously or in very rapid succession
(e.g., determining which object made contact first).
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Figure 2. Dataset Statistics. FPS-Bench is composed of 1000 questions using 554 videos, drawn from a range of visual domains and
uniformly distributed over question categories. Each question is annotated with its minFPS, and all questions have a minFPS of at least 4,

with an average of 6.67.

State at Event: Requires identifying the precise state or
attribute of an object at the exact moment of a rapid, tran-
sient interaction.

Blink and Miss: Requires detecting a sudden, non-
repetitive, extremely short-duration visual event that may
only appear in one or two frames (e.g., spotting a very quick
flash or error).

Causality Detection: Identifies the precise temporal re-
lationship between two events, objects, or actions to deter-
mine which caused the subsequent event.

Synchronization Assessment: Determines whether two
or more independent, high-frequency actions occur at the
same time, or whether one occurs before the other.

Instance Count: Calculates the exact number of times a
discrete, rapid event occurs within a given time frame (e.g.,
counting jumps, punches, or quick object passes).

Each of these question types require reasoning about
small details, rapid motion, and high-speed events, all of
which tend to require higher input FPS. They are also rela-
tively simple for humans while potentially challenging for
models, providing a strong evaluation set to highlight capa-
bility gaps. We ensure that each category has roughly 110
questions and provide examples for each in the supplement.

Annotation Process. Although several widely used
video understanding benchmarks rely on LLM-generated
question-answer pairs from captions [31, 40], we opted for
entirely human-based annotation due to VLM’s lack of ca-
pability to handle our target task. Thus, we recruited several
annotators for FPSBench with strong English proficiency
and experience with vision-language models. Annotators
were tasked with sourcing videos for FPS-Bench from the
large and diverse Youtube-8M dataset [1] using the con-
straints above. YouTube-8M spans an enormous amount of
categories and provides high level topic categories to iden-
tify videos from. For a given question class, annotators
would manually watch several videos from a diverse range
of visual domains until they identified a possible question-
video pair, then verified whether the question had a minFPS
of at least 4. They then created 4 multiple-choice options
that were all plausible given the input question and accom-
panying video, as well as a ‘None of the above’ option for
models to express uncertainty.

Quality Review. Following Video-MME and MVBench
[15, 31], we used a rigorous review process to ensure high
quality annotations. First, each pair of questions and an-
swers was verified by at least two other annotators. The
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minFPS for each question was measured by the original la-
beler and also measured by a different annotator, with the
final minFPS set to the minimum of both measurements.
A separate annotator also checked that each question was
clear and comprehensible, the answer and options coherent
and not too obvious, and that each answer was correct given
the source video. Finally, three external reviewers answered
each question without seeing the answer, and we identified
faulty or overly difficult annotations based on questions that
the reviewers consistently answered incorrectly. We also
used LLMs for quality review, firstly to ensure that all ques-
tions had correct spelling and grammar. We then follow the
Video-MME protocol [15] to verify that the questions could
not be solved without watching the accompanying video. To
do this, we remove ‘None of the above’ as an option and run
Gemini-1.5 Pro on the questions four times without accom-
panying video input, randomly shuffled the multiple-choice
options each time. Questions in which the LLM found the
right answer more than three times were flagged for review
and inspected to ensure that there was no clear bias in the
question or answer choices and that the video was required.

3.2. Dataset Statistics

We next describe some summary statistics of FPS-Bench,
visualized in Figure 2. The benchmark consists of 1000
questions drawn from 554 videos. The questions are cate-
gorized into five visual domains: Media & Entertainment,
Hobbies & Gaming, Sports & Fitness, Vehicles, and Miscel-
laneous. For each question, we measured the temporal cer-
tificate length for the accompanying video clip, finding that
the average certificate length was 2.1 seconds. The bench-
mark is strictly filtered to a mandatory floor of minFPS > 4,
with the distribution shown in Figure Z. However, as shown
in Figure 2, the questions are often considerably more diffi-
cult: the median minFPS is 6.0 FPS.and the overall average
minFPS is 6.67 FPS. On average, the input videos are ap-
proximately 10 seconds long. Figure 2 also that each cate-
gory has a different distribution of minFPS, with blink-and-
miss requiring the highest and causality detection the low-
est. The high frame rate requirement, applied to relatively
short information-dense clips, means that models must pro-
cess a large number of frames over a short duration and suc-
cessfully retrieve information from rapid transient events,
fundamentally differentiating FPS-Bench from benchmarks
that can be solved using simple spatial reasoning or low-
frequency temporal patterns.

4. Benchmarking FPSBench

4.1. Comparing minFPS

We first demonstrate that the minFPS from FPS-Bench
exceeds that of widely-used datasets. In Fig. 3
we plot the minFPS for a range of video-language
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Figure 3. Comparing minFPS on other datasets. FPS-Bench has
a significantly higher minFPS than other benchmarks, even those
aimed at fine-grained motion understanding.

VLM benchmarks, namely (MVBench, PerceptionTest,
Video-MMMU, Video-MME, EgoSchema), fine-grained
action datasets (MotionBench, AirLetters), and specific
temporal reasoning datasets (EgoTempo). Since each
of these benchmarks is considerably large, we measure
minFPS on a randomly sampled subset of 200 questions in
each benchmark. Compared to these, FPS-Bench has a sig-
nificantly higher minFPS, requiring almost 7 FPS to solve
questions on average, while Video-MME requires 0.5. Even
on datasets like AirLetters and MotionBench, which are de-
signed for high-speed video understanding, have a minFPS
of 2. FPS-Bench exceeds these benchmarks by more than
2.5x without having an overly narrow focus: the question
content remains relatively general and spans several diverse
visual domains. While benchmarks like EgoSchema and
Video-MME test long-video understanding, their minFPS
is extremely low, allowing heavy downsampling to reduce
the context for longer video inputs.

4.2. Evaluating VLMs on FPS-Bench

We first describe the setup used to evaluate both models and
humans and then discuss the results on FPS-Bench.

Benchmarked Models. We benchmark three main
classes of models. Firstly, we evaluate two widely used
closed-source models that can use video as input, Gemini
2.5 Pro [49] and GPT-40 [21]. Other popular models
like Claude [4] and GPT-5 do not accept video input.
We also evaluated several open-source video models
that span several types of architecture and parameter
sizes. These include standard VLMs such as Qwen-
3-VL [5, 6, 50], InternVL-3.5 [51], LLava-NeXT [63]
and LLaVA-OneVision [28]. We also include natively
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Models RM IC SR FM AO BM SE CD SY Overall
Random 250%  25.0%  25.0%  25.0% 25.0% 25.0% 25.0% 25.0% 25.0% @ 25.0%
Qwen-3-VL-8B [6] 18.9% 8.0% 349%  29.6%  37.6% 340% 265% 374% 259%  28.0%
Qwen-3-VL-32B [6] 29.7%  188%  339%  324%  39.4%  33.0% 255%  30.6%  33.0% 30.7%
InternVL-3.5-8B [51] 19.8%  152%  312% 29.6% 349%  32.0% 303% 343% 321%  28.7%
InternVL-3.5-14B [51] 207%  143%  32.1% 29.6% 422%  28.0% 232%  30.6% 303% = 27.9%
OmniVinci [58] 21.6%  17.0%  33.0% 278% 339% 31.0% 29.6% 29.6% 34.6%  28.5%
LLaVA-OneVision [28] 21.6% 143% 303% 283% 339% 333% 258%  29.6% 26.6% = 27.0%
LLaVA-NeXT-Video [28] 16.2% 8.9% 29.4%  283%  37.6%  23.0% 351% 269% 349%  26.5%
Oryx [39] 153% 11.6% 422% 250% 48.6% 34.0% 343% 374% 343% 31.3%
LLaVA-1.5 [36] 197% 172%  164% 333% 358% 33.0% 23.6% 300% 351% 27.1%
DeepSeek-VL2-Tiny [35] 13.5% 16.1%  24.8%  222% 312% 213% 313% 243% 324%  24.6%
DeepSeek-VL2-Small [35] 19.8%  10.7%  349% 241% 339% 2713% 253% 33.6% 278%  263%
DeepSeek-VL2-Base [35] 12.6% 7.1% 303% 24.1%  321%  202% 313% 280% 31.5% @ 24.0%
Gemini 2.5 Pro [49] 291%  223%  339% 278%  32.7% 297%  283%  28.0%  283%  28.9%
GPT-40 [21] 342% 321% 257% 25.0% 358% 33.0% 374% 398% 239% 31.8%
Human Performance 76.0%  66.5%  639% 16.7%  13.1% 18.6%  763% 754% 663%  72.2%

Table 1. Main Evaluation Results. Current state-of-the-art VLMs, whether open-source, closed-source or even image-based, are better
than random but perform significantly worse than humans on FPS-Bench.

omni-modal models such as OmniVinci [58] and Oryx
[39]. For models with multiple parameter scales such as
Qwen or InternVL, we include 8B, 14B and 32B scales if
available. Finally, we benchmark open-source image-based
models such as DeepSeek-VL-2 [35] and LLaVA [36]. All
open-source evaluations used 8 NVIDIA A100 GPUs.

Evaluation Procedure. We follow the protocol of previ-
ous work such as Video-MME [15] and use a system prompt
that instructs models to focus on fine-grained details to an-
swer the question, as well as strongly encouraging them to
output a valid answer choice and textual justification to pre-
vent answers that cannot be scored for accuracy. We include
an ablation on prompt design in the supplement, as well as
performance with a ‘None-of-the-above’ option.

We next follow the recommended protocol for passing in
video for each specific model . Models like Gemini [49] ac-
cept raw video mp4 files, while most others require explicit
frame sampling. For models that accept raw video, we use
their default FPS, while for those that accept frames, we use
as many frames as possible. Some models, such as GPT-4o,
accept up to 512 frames, allowing us to feed in more than
input’s minFPS, while others, such as LLaVA, can only ac-
cept up to 64. For these cases, we use the largest possible
FPS that covers the entire input clip. We use the native res-
olution of videos in all cases unless models require resizing.

Human Evaluation. We asked three human experts to an-
swer all the questions from the benchmark and averaged
their performance for the human evaluation result in Sec-
tion 4.1. They watched the input videos on their native FPS
(24-30) to answer questions and were presented the mul-
tiple choice options in shuffled order and were allowed to

use Google or any relevant resource to look up terms used
in the questions that they may have been unfamiliar with.
Compared to models, humans score around 70%, more than
twice the accuracy of the best-performing model.

Overall Results. The results of our evaluation are in Ta-
ble 1, which shows a stark gap between state-of-the-art
models and humans. Models achieve around 30%, beat-
ing random, but performing significantly worse than human
testers . This persists across most categories, but models
perform particularly poorly in instance count. This is plau-
sible, since instance count requires extremely high-FPS un-
derstanding while also having very long temporal certifi-
cates - the model must often maintain count throughout the
entire input clip. On the other hand, the easiest categories
are action order and causality detection, which also have
the lowest average minFPS of ~ 5.3 compared to the rest
of the dataset. Surprisingly, we also observe that not all
models strictly follow the expected scaling laws. For ex-
ample, InternVL-14B consistently performs worse than the
8B version, while Qwen-32B outperforms Qwen-8B. Inter-
estingly, while GPT-40 performs very well, the open-source
Oryx [39] outperforms Gemini, suggesting the gap between
open and closed video understanding models is closing.

4.3. Further Analysis

Temporal Certificates. The results in the previous sec-
tion establish that a large gap exists between current state-
of-the-art VLMs and human performance on FPS-Bench,
but the underlying reason is not entirely clear from the table.
To better understand where this gap came from, we evalu-
ated the models on two ‘easier’ versions of the benchmark.
One potential issue is that, because the questions often rely
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Models Default  Temp. Cert.  Temp. Cert. + minFPS
OmniVinci 28.5% 30.4% 29.1%
LLaVA-OneVision 27.0% 28.8% 28.8%
LLaVA-NeXT-Video  26.5% 26.3% 26.0%
InternVL-3.5-8B 28.7% 29.4% 28.4%
InternVL-3.5-14B 27.9% 28.8% 28.5%
Qwen-3-8B-instruct 28.0% 28.1% 30.6%
Qwen-3-32B-instruct  30.7% 31.6% 33.7%
Oryx 31.3% 30.4% 32.4%
Gemini-2.5-Pro 28.9% 29.7% 33.7%
GPT-40 31.8% 32.2% 32.1%
Human Performance 72.2% 72.2% 72.2%

Table 2. Slowing videos down. When the input videos are slowed down
sufficiently for models to guarantee seeing the key frames, their perfor-

mance improves, but is not close to human level.
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Figure 4. GPT40: Accuracy vs FPS. When comparing the overall
FPS to accuracy, we find that GPT-40 performs worst on questions
requiring around 7 FPS, rather than steadily decreasing.

Number of Frames

Models | #Param. | 16 32 64 128 256 512

OmniVinci 8B 30.80%  31.40%  31.60% 32.60% 32.60%  30.90%
LLaVA-OneVision 7B 31.50%  29.60%  30.50%  30.30% 29.50%  27.20%
LLaVA-NeXT-Video 34B 26.60%  27.90%  28.00% 2690% 28.10%  28.00%
InternVL-3.5-8B 8B 33.10% 32.80%  32.80% 29.50% 26.70%  26.50%
InternVL-3.5-14B 14B 29.20%  28.00% 30.80%  29.40% 26.50%  26.40%

FPS

Models #Param. ‘ 1 2 4 8 16 30

Qwen-3-8B-instruct 8B 27.60%  28.20%  30.10%  30.60% 33.60% 34.10%
Qwen-3-32B-instruct 32B 27.10% 29.8% 3240%  33.00% 35.10%  35.20%
Oryx 34B 29.40%  29.60% 31.40%  30.50% 31.0% 30.50%
InternVL-3.5-8B 8B 30.60%  33.00%  32.10% 31.60% 29.20%  28.90%
InternVL-3.5-14B 14B 3040%  29.40% 31.40%  30.00% 2690%  26.70%
Human Performance ‘ - ‘ - - - - 72.2%

Table 3. Varying input frames and FPS. While some models improve with more frames or higher FPS, other models start to perform
worse, suggesting issues with handling long context. Each model’s best accuracy is bolded.

on a single, hard-to-see moment, the model is struggling
with retrieval rather than reasoning. We test this hypothe-
sis by passing only the temporal certificate for each question
instead of the full 10-second interval. As shown in Figure 4,
this does not improve performance; removing the retrieval
problem does not make the problem easier for the model.

Slowing Videos Down. To make the problem even eas-
ier and more fair for different models, we slow each input
video down so that the models ‘perceive’ the video in the
question’s ground-truth minFPS. For example, Gemini Pro
slows input videos down to 1 FPS [46], so we set each in-
put video to be slower by a factor of its minFPS. A question
that has minFPS of 5 would be slowed down by a factor of
5, so that sampling at 1 FPS would yield all the necessary
frames. For models like GPT-40 or Qwen-VL that receive

a fixed number of frames, we sample at the target minFPS.
Table 2 shows that this procedure improves performance but
does not close the gap with human performance. This sug-
gests that even if models have access to more of the relevant
context, they are unable to consistently reason with it.

Varying FPS. Next, we measure the accuracy of the mod-
els as the input FPS increases. As shown in Table 3, we
measured the performance of open-source models as we in-
creased the number of input frames or the input FPS. Some
models, such as Qwen-3-VLi, continuously improve as FPS
increases. However, most model’s performance does not
significantly change, supporting the observation that there
is a lack of capability on fine-grained reasoning tasks. We
further speculate that as FPS continues to increase, the input
context continues to grow, with relatively small differences
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[ What are the sequence of actions done by the character in black? J

B. Punch, jump and roll over, punch,
kick, defend

w

A. Punch, punch, jump and roll over,
kick, jump, defend

punch punch jump roll over

C. Punch, punch, jump and roll over,
punch, kick, jump, defend

D. Punch, punch, jump and roll over,
punch, defend

L e 8

puch kick jump defend

Gemini Response: "B. The sequence of actions by the character in black is as follows: Punch: In frames 1-3, the character in black is performing punches. Jump and roll
over: In frames 4-5, the character executes a jump and roll maneuver over the green character. Punch: In frames 6-9, after landing, the character in black performs another
series of punches on the green character. Kick: In frames 10-12, the character follows up with a kick. Defend: From frame 14 onwards, the character in black is seen in a

defensive stance, blocking. Option B accurately reflects this sequence of actions."

[ What foot does the player shoot with, and does he score? J

B. Left foot, no he does not score

A. Right foot, no he does not score

=

shoots the ball with his left foot

C. Right foot, yes he does score

D. Left foot, yes he does score

the ball bounces off the goal post
he does not score

Gemini Response: "A. Right foot, no he does not score. Explanation: The player in the red jersey (number 23) is seen kicking the ball with his right foot in the initial
frames. As the sequence progresses (frames 7-10), the ball travels clearly wide of the right goal post, indicating that the player did not score."

Figure 5. Failure Cases. We provide two representative failures from Gemini showing how it predicts the incorrect answer even when
provided all of the necessary input frames. In both cases, Gemini misses small details that occur quickly and are key to obtaining the

correct answer.

between frames. Most VLMs are unlikely to have trained
on a significant number of such situations and thus currently
lack the capabilities to make the most out of extra frames.

Qualitative Analysis. We analyze Gemini’s incorrect re-
sponses on two representative examples in Figure 5 to
demonstrate common failure modes. For both examples,
we slow down the video so that Gemini can see the required
frames.The top example is an action order question that re-
quires getting the order of actions correct. Not only is the
order important, but viewing the video at full FPS is re-
quired to see every action in the sequence. Although the
video is slowed so that Gemini sees the entire sequence, it
fails to understand two of the actions in the sequence and
chooses B instead of C. To answer the second question, a
model must see both that the player very quickly kicks a
small ball, and that the ball bounces off the post towards
the end. Even when provided with all the necessary frames,
Gemini misses key points: it correctly identifies that the
player does not score but misses the rapid motion of the
shot, resulting in an incorrect response. These two exam-
ples suggest that models still have significant room to im-
prove in understanding fine-grained details in video.

5. Discussion

Limitations. One limitation of FPS-Bench is that the vi-
sual domains and types of question are biased towards un-
derstanding and answering high-speed short-term events.
This may not reflect the majority of current VLM users’
use-cases, which other benchmarks already cover. Sec-
ondly, compared to other video benchmarks, FPS-Bench is
relatively small. However, the annotation pipeline we de-
scribed is relatively scalable, and we anticipate scaling up
this benchmark in the near future as models adopt it.

In summary, we introduced FPS-Bench, a new video
question-answering benchmark that focuses on questions
that require watching videos at high FPS. To perform well
on FPS-Bench, a model must be able to accept a large num-
ber of frames and understand extremely rapid and quick mo-
tions. We collect FPS-Bench with 1000 such questions and
manually verify that each question met the benchmark con-
straints. Evaluation results showed that no current state-
of-the-art model comes close to human performance on
FPS-Bench, even when given slowed-down versions of the
video, demonstrating an underlying capabilities gap. We
believe that FPS-Bench will play a key role in the develop-
ment of video understanding going forward.
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