
RT V-Bench: Benchmarking MLLM Continuous
Perception, Understanding and Reasoning through

Real-T ime Video

Shuhang Xun1∗, Sicheng Tao2∗, Jungang Li2,3∗†, Yibo Shi4, Zhixin Lin5,
Zhanhui Zhu1, Yibo Yan2,3, Hanqian Li2, Linghao Zhang5,

Shikang Wang6, Yixin Liu1, Hanbo Zhang7, Ying Ma1‡, Xuming Hu2,3

1 HIT 2 HKUST (GZ) 3 HKUST 4 XJTU 5 SDU 6 CityU 7 HUST

Project: https://ljungang.github.io/RTV-Bench

Abstract

Multimodal Large Language Models (MLLMs) have made rapid progress in percep-
tion, understanding, and reasoning, yet existing benchmarks fall short in evaluating
these abilities under continuous and dynamic real-world video streams. Such
settings require models to maintain coherent understanding and reasoning as visual
scenes evolve over time. We introduce RT V-Bench, a fine-grained benchmark
for real-time video analysis with MLLMs. It is built upon three key principles:
multi-timestamp question answering, hierarchical question structures spanning
perception and reasoning, and multi-dimensional evaluation of continuous percep-
tion, understanding, and reasoning. RT V-Bench comprises 552 diverse videos
and 4,608 carefully curated QA pairs covering a wide range of dynamic scenar-
ios. We evaluate a broad range of state-of-the-art MLLMs, including proprietary,
open-source offline, and open-source real-time models. Our results show that real-
time models generally outperform offline counterparts but still lag behind leading
proprietary systems. While scaling model capacity generally yields performance
gains, simply increasing the density of sampled input frames does not consistently
translate into improved results. These observations suggest inherent limitations in
current architectures when handling long-horizon video streams, underscoring the
need for models explicitly designed for streaming video processing and analysis.

1 Introduction

The ability to comprehend and respond to complex real-world scenarios in real time remains a
fundamental challenge in the pursuit of general artificial intelligence [6, 25, 10]. Motivated by the
remarkable success of large language models (LLMs) across a broad spectrum of tasks [26, 11, 2],
multimodal large language models (MLLMs) have recently emerged as a promising paradigm
for visual scene understanding and reasoning [49, 42, 5]. In particular, the research trajectory of
Video-LLMs [22, 28, 4, 36, 34] has evolved from early studies focused on short, vision-centric
video clips [16, 14, 23, 20] toward more comprehensive modeling of long-form video content. An
increasing body of work integrates omni-modal signals—including video, audio, and subtitles [3, 7,
18, 33, 19, 27]—to support richer contextual understanding and more robust long-horizon reasoning.
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(D) Smug after a foul

(A) Barcelona (B) Manchester City (C) Real Madrid (D) Manchester United

In the current scene, which team scored? 

In the current scene, which team the player is from? 

(A) Real Madrid (B) Barcelona

What did the red jersey number 17 do in just a few seconds?

In the current scene, who are the two teams in the match? 

(C) Dissatisfaction with the referee's decision 

Perception

Temporal Perception

00:33:07 00:35:08 00:35:1500:22:29 00:41:29

In the current scene, what is the ball carrier doing? 

(A) Passing (B) Shooting

In the current scene, what is the player's number?  

(A) 17   (B) 7 (C) 18  (D) 8

(A) Shot00:35:08 (B) Pass (C) Celebrate 00:35:15 (D) defend00:41:29

Scene Perception

choice A choice C choice D

00:45:26 00:54:18 01:16:3000:09:58 01:16:35

What is the color of the electronic billboard in the current scene? 

(A) Yellow (B) Blue (C) Black (D) White

(A) VISA01:16:30 (B) GAZPROM (C) WANDA00:54:18 (D)ADIDAS00:09:58

choice C choice B choice A

Which brand appeared on the sidelines at this moment?

Intent Analysis

00:17:47 00:18:16

In the current scene, which team is holding the ball? 

(A) USA (B) Serbia (C) China (D) Japan

(A) USA vs China (B) USA vs Serbia (C) China vs Serbia (D) England vs China

(A) Shoot 00:17:55 (B) Pass (C) Drive 00:31:42 (D) Unkown00:17:47

choice Cchoice Achoice B

What does the ball handler want to do at this moment?

Understanding

00:17:55 00:31:42 00:43:07

Phenomenological Understanding

(A) Not convinced by the penalty

00:53:02

00:53:42

choice C choice Bchoice A

What is the emotional state of the players in this scene?

00:53:4200:36:14

(B) Joy after scoring a goal00:21:36

00:21:36 00:53:02 00:53:37

01:50:50

01:19:5000:53:43

01:37:41

What is the color of the electronic billboard in the current scene? 

(A) Red (B) Blue (C) Black (D) White

What is the number of the player with the ball in the current scenario?

What are the current scores of the two teams in the scene? 

(A) 2:0 (B) 0:1 (C) 1:1 (D) 1:2 

(A) China and Myanmar (B) China and Vietnam (C) China and Japan 

According to the scoreboard, which two teams are playing?  

What is the number of the player in red in the current scenario?

How many players are in the three-second area in the current scene?  

(A) 4  (B) 5 (C) 6 (D) 7 

(C) 3

Visual Perception

What is the jersey color of the ball-handling team in the current scene? 

(A) Red (B) Blue

Which hand did the defending player use to block in the previous

scene?

(A) Left hand 00:01:42 (B) Right hand (C) Two hands00:06:23 00:08:46

Global Understanding

choice A choice B choice C

(A) 4 00:02:50 (B) 5 (C) 600:03:59 (D)700:02:19

choice C choice A choice B

How many players are currently participating in the celebration?

Future Prediction

Based on the current frame, which team is playing against Portugal?

(A) Spain (B) Portugal 

(A) 3   (B) 7  (C) 13  (D) 17

(A) Cristiano Ronaldo takes a free kick 00:12:51

choice Achoice C choice D

Based on the content of the frame, what do you think will happen

next?

Spatiotemporal Reasoning

What are the scores of the two teams in the current scene?

(A) 1:0 (B) 0:0 (C) 1:1 

(A) 6   (B) 26 (C) 16

(A) 1 00:01:4200:01:39

choice B choice Cchoice A

How many passes were made during this attack (from the moment

the ball was intercepted by a player from the defending team to the

completion of the shot)?

(B) 2 (D) 400:01:34

00:06:18

00:16:55

00:10:25

00:06:28

Reasoning

00:00:46 00:01:42 00:01:56 00:06:23 00:08:46

(D) None of the above is true

(C) Cristiano Ronaldo takes the penalty

(B) Cristiano Ronaldo takes the kick-off

00:16:04

00:01:40

00:01:34 00:01:40 00:08:27 00:12:51 00:16:0400:00:29 00:01:34 00:01:39 00:01:41 00:01:42

00:01:57 00:02:19 00:02:50 00:03:59 00:04:47

Figure 1: Representative examples illustrating the diverse task types evaluated in RT V-Bench.
and denote fundamental questions within a question group, with their corresponding answers

underlined. indicates a dynamically answered question, where the correct response is determined
by the query time. As the visual content evolves, the correct answer may change over time; we
therefore annotate the appropriate answers corresponding to different query timestamps.
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Figure 2: Video categories and distributions of question difficulty and query characteristics.
(Left) RTV-Bench covers three key domains and 16 video subcategories. (Center) Distribution
of question difficulty levels across eight representative task types, quantified by percentage-based
performance ranges. (Right) Distribution of question queries with respect to video length, categorized
into Shallow, Moderate, and Deep levels. Bar heights indicate query counts, while the overlaid line
chart shows the proportion of queries within each duration bucket.

Recently, VStream [46] was the first to attempt to test this capability, with a focus primarily on
extending the duration of videos. In addition, both StreamingBench [40] and OVOBench [21]
have made varying degrees of improvements in the types and standards of assessment. However,
their evaluation of real-time responsiveness is often inadequate, overlooking the capacity to capture
transitions and fleeting details from visual input that arrive sequentially, not instantaneously. This
limitation highlights the need for a more focused assessment of continuous analysis abilities.

Based on the above considerations, we introduce RT V-Bench, featuring three core innovations
designed to benchmark the continuous analysis capabilities—specifically perception, understanding,
and reasoning—of MLLMs within real-time video contexts. First, the Multi-Timestamp Q&A
mechanism challenges real-time tracking and state update by posing queries whose answers evolve
within a video. Crucially, unlike benchmarks like OVO-Bench [21] that typically introduce different
questions at different timestamps, RTV-Bench revisits the same conceptual query, where only the
correct answer shifts as the scene unfolds. This approach more rigorously tests the model capacities
for continuous analysis in real-time scenarios, surpassing single-query-single-answer and static
evaluations. Second, the Hierarchical Question Structure enforces reliable, sequential reason-
ing by employing a basic-to-advanced design where higher-order questions logically depend on
grasping foundational perceptions and understanding, thus mitigating cognitive shortcuts. Finally,
Multidimensional Evaluation moves beyond aggregate scores to provide fine-grained diagnostic
insights, assessing model performance across eight dimensions that are critical for continuous analysis
in dynamic scenarios. This evaluation offers a more informative view of model capabilities and
limitations in real-time video understanding; detailed examples are presented in Figure 1.

Through the novel design of RT V-Bench and the comprehensive evaluations presented in this work,
we provide systematic insights into the current state of MLLMs for continuous video analysis. Results
across all evaluated models reveal substantial bottlenecks in real-time video understanding: ❶ most
models achieve accuracies below 50%; ❷ overall performance shows a clear positive correlation with
model scale, whereas increasing the number of input frames yields only marginal and non-monotonic
gains; and ❸ models explicitly designed for streaming video processing consistently outperform
traditional offline video models. Notably, even the lowest-performing real-time model evaluated,
VITA-1.5 [9], surpasses a representative offline counterpart, VideoLLaMA2 [4]. Building on these
findings, we further discuss promising research directions for online video analysis with MLLMs.

2 Real-Time Video Understanding for MLLMs: RTV-Bench

In this section, we discuss a common challenge in both long video comprehension and real-time video
analysis—the continuous analysis capability of MLLMs. To tackle this, we have meticulously curated
a benchmark to assess model performance in real-time and continuous scenarios, and developed new
metrics to characterize the performance of multimodal large models in this bench.
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2.1 Challenge for Real-Time Video Analysis

Existing benchmarks for long video analysis [8, 39] attempt to gauge the true capacity of MLLMs by
extending video duration, enhancing the difficulty of QA tasks, and introducing new sub-tasks. Other
works [24] focus on real-time video scenarios, evaluating model responsiveness to queries in real-time
contexts. However, current models face the risk of memory loss and attention shift, both in long
and real-time video contexts. We categorize these challenges as failures in the continuous analysis
capability of MLLMs. In video scenarios, MLLMs are considered to possess strong continuous
analysis ability only if they can effectively recall prior visual information to accurately respond to
user queries (similar to needle-in-a-haystack tasks in natural language settings) and maintain robust
perception of streams of new visual data and queries (akin to multimodal multi-turn dialogues).

2.2 Benchmark Overview

The RTV-Bench is designed to assess a model’s ability to perceive, understand, and reason in long
video and real-time streaming contexts. Models should be adept at recognizing correct temporal query
patterns. For example, during live sports queries (e.g., goalkeeper actions), models must prioritize
current contexts over historical data. However, it should also retrieve relevant information from
memory, such as identifying the goalkeeper from earlier footage. This necessitates that models not
only possess exceptionally high fundamental scene comprehension capabilities, but also demonstrate
effective understanding of all stages within the temporal flow—namely, comprehensive spatiotemporal
comprehension encompassing the past, present, and future. To this end, we propose a series of sub-
tasks for video continuous analysis, addressing both spatiotemporal elements within the video and the
intrinsic capabilities of the model. The intrinsic model capabilities are divided into eight categories:
Temporal Perception (TP), Scene Perception (SP), Visual Perception (VP), Future Prediction (FP),
Phenomenological Understanding (PU), Intent Analysis (IA), Global Understanding (GU), and
Spatiotemporal Reasoning (SR). An overview of these task categories is provided in Figure 1.

2.3 Benchmark Construction

Terminology The RTV-Bench dataset comprises 552 videos sourced from the internet. A key
characteristic is its question structure designed to directly probe temporal dynamics. For each video,
questions are organized into sets. Each question set contains about three multiple-choice questions.

Crucially, the core design principle centers on time-varying correct answers through Multi-Timestamp
QA. Specifically, within a set of questions, the same underlying conceptual query (e.g., “What is
person A holding?” or “Where is the car heading?”) is evaluated at multiple points in time throughout
the video. As a result, the correct answer may differ depending on the specific timestamp or temporal
interval referenced—or implicitly required—by the question context or its earliest inferable timestamp
(Figure 1). Rather than merely locating relevant information, models are therefore required to actively
track temporal changes and continuously update their understanding as the scene evolves. This design
directly targets the evaluation of continuous temporal understanding and a model’s sensitivity to
dynamic state transitions; representative examples are shown in Figure 4.

The question set features three questions of escalating difficulty. The first two are simpler, while the
final question is significantly more complex, demanding integration of broader context or clues. The
information and reasoning needed for the final question generally encompass those required for the
first two. Successfully answering the complex third question strongly suggests the capability to also
answer the simpler ones. This structure evaluates the model’s ability to handle increasing complexity,
synthesize comprehensive context, and perform robust analysis.

In addition, we emphasize diversity through the richness of specific sub-scenes and the distribution
of video lengths. The RTV-Bench primarily encompasses intelligent driving, sports events, and
egocentric videos—categories rich in dynamic information and real-time contextual relevance. Each
category includes a variety of sub-categories, as illustrated in Figure 2.

Data Statistic RTV-Bench comprises 552 videos with a total duration of 167.2 hours (average 18.2
minutes per video) and contains 4,631 QA pairs, for detailed information, refer to Figure 2 and
Table 1. The benchmark features diverse question scenarios and evenly distributed video durations,
thereby establishing a comprehensive framework for video continuous understanding tasks with rich
sub-scenarios and structured problem dimensions.
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Table 1: Comparison of video QA benchmarks. MT denotes multi-timestamp questions. Labels: A
(automatic), M (manual), A+M (both).

Benchmark MT #QA (k) Avg. Duration (min) Total Duration (h) Labels

Video-MME [8] ✗ 2.7 17.00 254.0 M
MSRVTT [41] ✗ 73.0 0.25 12.5 A
MSVD-QA [1] ✗ 13.0 0.17 1.4 A

MovieChat-1k [32] ✗ 13.0 9.40 156.0 M
MVBench [17] ✗ 4.0 0.25 34.5 A+M

ActivityNet-QA [44] ✗ 58.0 1.87 25.0 M

Vstream-Q [46] ✗ 3.5 40.00 21.0 –
StreamBench [38] ✗ 1.8 4.50 25.0 M
OVO-Bench [21] ✗ 2.8 6.00 66.0 A+M

OVBench [12] ✓ 7.0 – – A

RTV-Bench (Ours) ✓ 4.6 18.00 167.2 M

Video Collection and Filtering Our video data sources include EgoSchema [29] and publicly
available online videos. Unlike most existing benchmarks, we incorporated manual review during the
collection phase. Three data collectors sourced videos from various domains and manually excluded
highly similar videos, focusing on long videos with high dynamics and real-time needs. These sources
ensure targeted and scientific evaluation of video models’ real-time capabilities.

Manual Annotation Rigorous manual annotation by qualified experts underpins the reliability of
RTV-Bench for evaluating continuous video understanding. We leverage an LLM (DeepSeek [26])
only to produce initial question templates, and human annotators then refine every question to better
reflect dynamic scenes and the demands of temporal reasoning. In particular, annotators intentionally
craft questions whose correct answers evolve over time and systematically determine the earliest
valid timestamp associated with each answer option in the MTQA setting. This human-centric,
multi-annotator protocol strengthens annotation robustness and enables RTV-Bench to explicitly
evaluate models’ sensitivity to temporal dynamics in video.

Quality Control To ensure the benchmark’s quality, each video and its corresponding Q&A pairs
underwent multiple rounds of review. We manually filtered videos based on length distribution and the
presence of sub-scenes examining real-time event changes, resulting in high-quality videos focused
on real-time analysis tasks. We conducted manual video-question alignment and precise timestamp
checks, utilizing GPT-4 and human review to verify annotation format and sensitive information.

3 Experiments

3.1 Experiment Setup

Our experiments were conducted on two NVIDIA A800 GPUs to comprehensively evaluate the
performance of mainstream multimodal large language models (MLLMs) on our benchmark. We
consider a diverse set of representative models, including VideoLLaMA2 [4], VideoLLaMA3 [45],
GPT-4o [13], InternLM-XComposer2.5-OmniLive (IXC2.5-OL) [47], VITA1.5 [9], VideoChat-
Online (4B) [12], LLaVA-Video [22], LLaVA-OneVision [15], and Qwen2.5-VL [43].

To ensure a fair comparison under comparable computational budgets, most models are evaluated
using configurations around the 7B scale when available, while smaller models (e.g., VideoChat-
Online at 4B) are evaluated at their native parameter size. All models are tested under a unified
uniform frame sampling protocol. Specifically, for models that support variable frame inputs (e.g.,
Qwen2.5-VL), we evaluate multiple sampling settings with 8, 16, 32, and 64 uniformly sampled
frames. For each model, we report in the main tables the best-performing configuration across
different frame counts, following the same evaluation protocol for all baselines. Other models are
evaluated analogously using their supported frame sampling ranges, and their strongest results are
reported for comparison.

Real-Time Video Model vs. Offline Video Model We compare two model categories: traditional
offline models (Moffline) and novel real-time online models (Monline). These categories differ signif-
icantly in architecture, training, and data requirements. Architecturally, Moffline typically employ
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sequential vision encoder-decoders, often limited by fixed context windows and incurring higher
processing latency. In contrast, Monline are designed for continuous, low-latency ingestion of the video
stream V . They prioritize maintaining an internal state St that summarizes the video information
processed up to time t (i.e., V [0, t]), enabling real-time responsiveness. Models like IXC2.5-OL [47]
implement this using techniques like modular parallelism and dedicated long-term memory. These
architectural distinctions lead to different training paradigms and data needs. Moffline usually rely on
end-to-end fine-tuning using standard annotated video datasets. Monline, however, often require spe-
cialized training strategies (e.g., VITA-1.5’s staged fusion, IXC2.5-OL’s targeted training for memory
and interaction) and benefit most from specialized corpora designed for long-duration, interactive
streaming scenarios. The ability of Monline to maintain and update state St is particularly relevant for
RTV-Bench’s Multi-Timestamp QA (MTQA) challenge, where the correct answer A∗(Q, tq) to a
query Q depends on the specific query time tq . To evaluate both model types on this benchmark, we
adapt the testing procedure. For Monline, queries Q are presented at their timestamp tq , and the models
leverage their continuously updated state Stq to generate the answer AMonline = Monline(Q, tq|Stq ).
Since Moffline lack this inherent streaming capability, we simulate real-time interaction for them:
when a query Qi is posed at time tq,i, we extract and provide only the relevant video segment Vi

(corresponding to the query’s context). The offline model’s answer is thus based solely on this isolated
segment: AMoffline,i = Moffline(Qi, Vi).

To evaluate the performance of these models, we employed two metrics: Accuracy and Score.

Accuracy. The accuracy metric measures the proportion of correct answers provided by the model
compared to the ground truth.

Score. The score metric evaluates the model’s ability to correctly answer advanced-level questions
(type q2), contingent upon its demonstrated mastery of prerequisite basic questions (types q0 and
q1) within the same question group, thus emphasizing reliable advanced reasoning built upon a
solid foundation. Calculation involves a prerequisite check for each group i: if all basic questions
are correct (Bi = 1), the group contributes points equal to the number of correctly answered q2
questions (N correct

q2,i ); otherwise (Bi = 0), it contributes zero points. The final score is the ratio of total
conditionally awarded points to the total number of q2 questions across all N valid groups (those
containing q2). Formula:

Score =

∑N
i=1 Bi ·N correct

q2,i∑N
i=1 N

total
q2,i

where N is the number of valid groups, Bi is the prerequisite indicator (1 if basics are correct, 0
otherwise) for group i, N correct

q2,i is the count of correct q2 answers in group i, and N total
q2,i is the total

count of q2 questions in group i. Advantages of this metric include: ensuring foundational accuracy
by rewarding advanced correctness only when basics are mastered; reflecting model robustness by
penalizing superficial success on complex tasks without fundamental understanding; and aligning
with hierarchical learning principles where complex skills build upon simpler ones.

Table 2: Evaluation results on RTV-Bench. Perception, Understanding, and Reasoning denote
different task categories. FQA refers to foundational video question answering without multi-
timestamp supervision. MTQA refers to multi-timestamp question answering with time-varying
correct answers. Scores are computed using group-aware Q2 evaluation.

Model #Size Perception Understanding Reasoning FQA MTQA Overall
Acc (%) / Score Acc (%) / Score Acc (%) / Score Acc (%) Acc (%) Acc (%) / Score

Open-Source Offline Video Models
Qwen2.5-VL [43] 7B 42.30 / 7.70 39.85 / 7.00 38.16 / 6.90 44.07 37.46 40.41 / 7.13
VideoLLaMA2 [4] 7B 40.62 / 8.67 39.85 / 7.77 37.49 / 6.75 45.77 34.95 39.55 / 7.90
VideoLLaMA3 [45] 7B 37.98 / 5.83 35.29 / 5.73 35.78 / 6.80 38.62 34.91 36.42 / 6.10
LLaVA-OneVision [15] 7B 35.38 / 3.97 34.21 / 4.63 33.57 / 4.95 35.80 33.58 34.49 / 4.40
LLaVA-Video [22] 7B 35.83 / 5.03 33.81 / 3.77 35.15 / 5.75 36.28 34.17 34.90 / 4.80

Open-Source Online Models
VITA-1.5 [9] 7B 45.66 / 12.80 44.12 / 11.83 43.37 / 10.15 55.06 36.32 44.51 / 11.80
IXC2.5-OL [47] 7B 47.21 / 15.87 48.22 / 15.23 46.18 / 14.45 59.05 38.21 47.33 / 15.40
VideoChat-Online [12] 4B 46.86 / 12.30 46.34 / 12.80 43.53 / 11.00 55.16 38.21 45.83 / 12.10

Closed-Source Business Models
GPT-4o [13] – 51.61 / 21.90 49.31 / 20.76 48.71 / 23.95 56.53 44.73 50.02 / 22.10
Gemini 2.0 Flash [35] – 41.67 / 11.00 42.71 / 12.73 41.44 / 12.05 47.49 38.64 42.00 / 12.00
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3.2 Experiment Results

Online vs. Offline Models. As shown in Table 2, online models optimized for real-time pro-
cessing—particularly IXC2.5-OL—surpass offline counterparts in overall performance metrics.
IXC2.5-OL achieves 47.33% Accuracy and 15.40 Score, significantly outperforming offline models
like VideoLLaMA2 (39.55% Accuracy / 7.90 Score). Furthermore, when comparing online models,
IXC2.5-OL demonstrates a clear advantage over VITA-1.5 with improvements of 2.82% in Accuracy
and 3.6 points in Score. A notable performance gap emerges in temporal analysis tasks: IXC2.5-OL
attains 38.21% Accuracy in Multi-Timestamp Question Answering (MTQA), substantially higher
than the 33–35% range typical of offline models. This notable discrepancy suggests that current
online models may be promising avenues toward continuous analysis capabilities.

Table 3: Detailed evaluation results on the cate-
gory of Perception. Temporal Perception (TP),
Visual Perception (VP) and Scene Perception
(SP).

Method #Size TP VP SP Overall
Acc (%) / Score Acc (%) / Score Acc (%) / Score Acc (%) / Score

Open-Source Offline Video Models
Qwen2.5-VL [43] 7B 39.35 / 6.7 45.47 / 9.1 41.15 / 6.9 42.30 / 7.7
VideoLLaMA2 [4] 7B 39.52 / 7.9 42.49 / 9.4 39.85 / 8.7 40.62 / 8.67
VideoLLaMA3 [45] 7B 37.82 / 6.1 39.24 / 7.6 36.87 / 3.8 37.98 / 5.83
LLaVA-OneVision [15] 7B 35.09 / 3.9 35.86 / 3.8 35.20 / 4.2 35.38 / 3.97
LLaVA-Video [22] 7B 34.07 / 4.8 38.97 / 5.8 34.45 / 4.5 35.83 / 5.03

Open-Source Online Models
VITA-1.5 [9] – 46.51 / 12.1 47.09 / 13.2 43.39 / 13.1 45.66 / 12.8
IXC2.5-OL [47] 7B 49.57 / 17.6 49.80 / 16.5 42.27 / 13.5 47.21 / 15.87
VideoChat-Online [12] 4B 48.55 / 13.3 48.58 / 14.43 42.64 / 8.3 46.86 / 12.3

Closed-Source Business Models
GPT-4o [13] – 48.60 / 18.2 53.59 / 23.4 52.63 / 24.1 51.61 / 21.90
Gemini 2.0 Flash [35] – 40.49 / 9.5 45.19 / 16.1 39.34 / 7.4 41.67 / 11.00

Table 4: Detailed evaluation results on the cate-
gory of Understanding. Phenomenological Un-
derstanding (PU), Global Understanding (GU)
and Intent Analysis (IA).

Method #Size GU PU IA Overall
Acc (%) / Score Acc (%) / Score Acc (%) / Score Acc (%) / Score

Open-Source Offline Video Models
Qwen2.5-VL [43] 7B 36.92 / 5.8 42.02 / 6.9 40.22 / 8.2 39.85 / 7.00
VideoLLaMA2 [4] 7B 37.34 / 7.6 42.21 / 9.5 40.92 / 6.2 39.85 / 7.77
VideoLLaMA3 [45] 7B 33.54 / 5.8 39.13 / 5.9 33.39 / 4.3 35.35 / 5.33
LLaVA-OneVision [15] 7B 32.07 / 4.3 33.51 / 3.0 37.06 / 6.6 34.21 / 4.63
LLaVA-Video [22] 7B 29.42 / 2.5 35.69 / 3.9 36.33 / 4.9 33.81 / 3.77

Open-Source Online Models
VITA-1.5 [9] 7B 40.30 / 7.2 46.01 / 15.1 46.06 / 13.2 44.12 / 11.83
IXC2.5-OL [47] 7B 43.88 / 11.9 52.17 / 18.7 48.62 / 15.1 48.22 / 15.23
VideoChat-Online [12] 4B 42.19 / 8.3 48.99 / 13.82 47.28/ 15.7 46.34 / 12.8

Closed-Source Business Models
GPT-4o [13] – 45.02 / 15.7 54.32 / 25.8 48.58 / 20.8 49.31 / 20.76
Gemini 2.0 Flash [35] – 35.70 / 10.6 45.65 / 11.3 46.78 / 16.3 42.71 / 12.73

Table 5: Detailed evaluation results on the category of Rea-
soning. Future Prediction (FP) and Spatiotemporal Reason-
ing (SR).

Method #Size FP SR Overall
Acc (%) / Score Acc (%) / Score Acc (%) / Score

Open-Source Offline Video Models
Qwen2.5-VL [43] 7B 42.49 / 9.7 33.84 / 4.2 38.16 / 6.90
VideoLLaMA2 [4] 7B 41.47 / 7.5 33.50 / 6.0 37.49 / 6.75
VideoLLaMA3 [45] 7B 38.05 / 6.9 33.84 / 3.9 35.95 / 5.40
LLaVA-OneVision [15] 7B 38.23 / 7.2 28.91 / 2.7 33.57 / 4.95
LLaVA-Video [22] 7B 39.08 / 9.1 31.22 / 2.4 35.15 / 5.75

Open-Source Online Models
VITA-1.5 [9] 7B 47.95 / 12.2 38.78 / 8.1 43.37 / 10.15
IXC2.5-OL [47] 7B 51.88 / 18.1 40.48 / 10.8 46.18 / 14.45
VideoChat-Online [12] 4B 48.12 / 14.69 38.95 / 7.5 43.53 / 11.0

Closed-Source Business Models
GPT-4o [13] – 54.67 / 27.1 42.75 / 20.8 48.71 / 23.95
Gemini [35] 2.0 Flash – 44.42 / 13.6 38.46 / 10.5 41.44 / 12.05

Open-Source vs. Close-Source
Models. While a performance
gap persists compared to leading
closed-source models like GPT-4o,
state-of-the-art online architectures
demonstrate remarkable progress.
The online model IXC2.5-OL
achieves near-top-tier performance
with 47.33% Overall Accuracy and
15.40 Score, substantially outperform-
ing mid-range closed-source systems
like Gemini 2.0 Flash. Notably,
IXC2.5-OL closes the accuracy gap
with GPT-4o to 4.4% in perception
tasks (Tables 3) and 1.1% in video
understanding, demonstrating com-
petitive performance in multimodal
domains. However, limitations emerge in complex reasoning where GPT-4o maintains decisive
advantages, especially on complex tasks like Understanding and Reasoning (Tables 4 and 5). This
pattern highlights that while modern online models have approached entry-level commercial systems
and even challenged premium models in specific competencies, structural innovations remain critical
to bridge gaps in advanced cognitive tasks like multi-step reasoning and temporal analysis.

Impact of Model Scales. We analyze the effect of model scale by evaluating Qwen2.5-VL from 3B
to 72B parameters under different frame sampling budgets (8–64 frames), as shown in Figure 3(c).
Overall accuracy exhibits a clear and largely monotonic improvement with increasing model size.
Specifically, the 72B model consistently achieves the highest performance across all frame settings,
reaching up to 40.78% with 64 frames, while smaller models (3B–32B) remain below 40%.

Notably, scaling benefits are consistent but moderate, with absolute gains from 3B to 72B on the order
of ∼2–3 points, suggesting diminishing returns at larger scales. In addition, model scale interacts
with temporal resolution: larger models benefit more reliably from increased frame counts, whereas
smaller models show non-uniform or even fluctuating trends when additional frames are introduced.
These observations indicate that while parameter scaling remains beneficial for real-time video
understanding, its effectiveness is increasingly constrained by architectural and temporal modeling
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capacities, highlighting the importance of improving temporal representation efficiency beyond naive
model enlargement.

Impact of Frame Numbers. Figure 3(c,d) jointly examine the effect of frame sampling density
across model scales and architectures. From Figure 3(c), increasing the number of frames from 8 to
64 does not yield consistent accuracy gains across model sizes. While larger models (e.g., 72B) show
modest improvements with more frames, smaller and medium-scale models exhibit non-monotonic
or saturated trends, indicating limited benefit from denser temporal sampling. In some cases (e.g., 3B
and 32B), additional frames lead to marginal gains or even slight regressions.

This phenomenon becomes more pronounced in Figure 3(d), which aggregates performance
across models. Average accuracy remains largely stable as frame count increases, while the to-
tal score—reflecting global understanding—often declines. Notably, IXC2.5-OL suffers a clear
performance drop with more frames, suggesting that excessive temporal inputs may overwhelm
the model’s effective processing capacity. Together, these results indicate that simply increasing
frame numbers is insufficient for improving real-time video understanding and may instead introduce
redundancy or attention dilution. This highlights the need for temporally selective, adaptive frame
utilization strategies rather than uniform increases in sampling density.

Figure 3: Performance visualization and analysis on RTV-Bench: (a) Visualization of overall
Accuracy results; (b) Visualization of overall Score results; (c) Performance impact of varying input
frame counts; (d) Performance comparison across different Qwen2.5-VL model scales.
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Human

0:00 

I chose A because the car in front is always going straight and there is no tendency to turn around with 
its lights on, lane changes, or turning (4:30).

I chose C because the car in front has turned off its parking lights and is starting slowly (3:24).

I chose D, The brake lights of the vehicle ahead are visible from the beginning of the video (0:00) until 
the end (2:45).

I chose A because the traffic light turned green prompting forward continuation (3:28).

I chose B, The camera car is behind a black Toyota SUV and we can see that it is turning right at the 
intersection (0:30).

I chose D because speed reduction trend appears in movement patterns (4:29).

I chose C because motion analysis shows acceleration from previous stationary state (3:20).

I chose C, The traffic light changes to green and the  vehicle ahead starts moving forward (0:20).

What action will the vehicle ahead take?A. Going straight. B. Right turn.C. Starting from a stop.D. Decelerating.

What action will the vehicle ahead take?A. Going straight. B. Right turn.C. Starting from a stop.D. Decelerating.

0:00 

IXC2.5-OLQwen2.5-VL Gemini GPT-4o

I chose C, The vehicle's activated right turn signal and gradual deceleration pattern observed through 
motion vectors analysis confirm right turn intention (3:01).

I chose D because the car in front seems to slow down(4:15).

Figure 4: Comparison of response from different models for the same question on the same
video. Green indicates correct answers or timestamps; red indicates incorrect answers or timestamps.
This case demonstrates that even current high-performance models struggle to provide high-quality
responses (where both the answer and the corresponding timestamp are accurate).
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4 Related Work

4.1 Advanced MLLMs towards Real-time Video Analysis

Video-oriented large-scale models represent a highly promising domain with significant real-world
potential, giving rise to numerous valuable applications [28, 8]. Video-LLMs have rapidly advanced,
moving from analyzing short videos [16, 22] to longer ones [31, 36, 48] using various techniques.
However, most research targets offline video analysis. Real-world applications necessitate real-time,
continuous perception and reasoning on unfolding video streams. While models like InternLM-
XComposer2.5-OmniLive [47], VITA-1.5 [9], and Dispider [30] are exploring real-time capabilities,
rigorously evaluating their ability to continuously track and understand dynamic events remains a
critical challenge.

4.2 Existing Video Benchmarks

Existing benchmarks primarily focus on offline evaluation using offline videos [8, 37, 39]. These
are less suited for assessing how MLLMs track dynamically changing states, as they often use
static question-answer pairs. Newer benchmarks tackle real-time and streaming aspects [24, 21],
evaluating responsiveness and contextual understanding in online settings. However, RTV-Bench
specifically addresses the gap in evaluating continuous perception, understanding, and reasoning. Its
key distinction is the use of dynamic question answering, where the correct answer evolves with
the video stream, directly probing the MLLM’s ability to maintain and update its understanding of
complex, unfolding events over time, complemented by a multi-dimensional evaluation structure.

5 Limitations and Future Work

Our benchmark reveals counter-intuitive findings, such as the limited impact of model scale and input
frame count on performance, suggesting that MLLM mechanisms for processing continuous video
are poorly understood and effective analysis tools are lacking. Furthermore, the current evaluation
is primarily limited to the visual modality. Future work will focus on investigating the underlying
causes of these phenomena and developing more adapted analytical methods. Concurrently, a
key direction involves incorporating important modalities like audio into RTV-Bench to enable a
more comprehensive evaluation of continuous perception, understanding, and reasoning in realistic
multimodal scenarios.

6 Conclusion

In this work, we introduce RTV-Bench, a benchmark designed to systematically evaluate the
continuous video understanding and real-time reasoning capabilities of multimodal large language
models (MLLMs). RTV-Bench comprises 552 long-form and streaming-style videos paired with
4,608 carefully constructed QA instances, targeting time-varying perception, understanding, and
reasoning under realistic online settings.

Extensive experiments across a diverse set of models reveal two key findings. First, models explicitly
designed for online or streaming video processing consistently demonstrate stronger continuous
understanding capabilities than general-purpose counterparts. Second, both parameter scaling and
uniformly increasing the number of sampled frames during training or inference yield only limited
and sometimes inconsistent performance gains. In particular, denser temporal sampling often leads to
performance saturation or degradation, highlighting inherent limitations in current architectures when
handling long or high-density visual streams. These observations underscore that effective real-time
video understanding requires principled temporal modeling and selective information aggregation,
rather than relying on naive increases in model size or frame counts.
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Appendix

The appendix includes the following sections:

• Section A: Experimental Analysis Supplement.

• Section B: Framework Design and Application Extensions.

• Section C: Case.

A Experimental Analysis Supplement

This section supplements the materials on Score Design and OAE Design, including related content
and partial experimental data.

Score VS Accuracy In Section 3.1, to comprehensively evaluate the performance of these models,
we design two metrics: Accuracy for tack-specific correctness and Score for dynamic reasoning
consistency. The Score metric is crucial for revealing reliable, hierarchical reasoning beyond simple
Accuracy. While GPT-4o’s Accuracy gain over IXC2.5-OL is moderate (50.02% vs. 47.33%), its
substantially higher Score (22.10 vs. 15.40) indicates a more robust reasoning process, reliably
building upon foundational understanding to address complex queries. Conversely, lower Scores
relative to Accuracy, common among open-source models, suggest instability in multi-step reasoning.
Thus, as shown in Figure 3, the Score metric effectively quantifies the deeper, more reliable compre-
hension capabilities demonstrated by models like GPT-4o on RTV-Bench’s challenging tasks and it
can distinguish model performance more clearly.

With the aim of validating the discriminative power of the Score metric, we conducted statistical
analysis on 1,527 multi-timespan QA-triples, as shown in A.1. The result revealed a significantly
positive correlation between foundational reasoning(Q1-Q2) and subsequent conplex reasoning
performance(Q3). This demonstrates that models achieving higher accuracy on elementary visual
perception tasks exhibit proportionally stronger performance on advanced temporal reasoning tasks.

Table A.1: Accuracy Distribution of Question 3 Conditioned
on Preceding Question Performance: Q3 Accuracy when at
least one of the preceding questions (Q1 or Q2) was answered
correctly, versus Q3 accuracy when both preceding questions
(Q1 and Q2) were answered incorrectly.

Model #Size Q3 | Q1/Q2≥1 Q3 | Q1&Q2=0
GPT-4o [13] – 297 64
IXC2.5-OL [47] 7B 499 81
LLaVA-OneVision [15] 7B 309 182
LLaVA-Video [22] 7B 308 195

Such alignment shows our core de-
sign philosophy for RTV-Bench: hi-
erarchical reasoning capabilities de-
pend on robust foundational percep-
tion, mirroring human cognitive pro-
cesses in real-time video understand-
ing. Furthermore, it also illustrates
the rationality of Score as a real-time
video metric, which addresses criti-
cal limitations of conventional single-
answer accuracy metrics in assessing
continuous reasoning dynamics.

Table A.2: Detailed evaluation results on the category of
OAE. Object, Action and Event.

Method #Size Object Action Event
Acc (%) / Score Acc (%) / Score Acc (%) / Score

Open-Source Offline Video Models
Qwen2.5-VL [43] 7B 39.67 / 8.1 38.12 / 6.7 37.18 / 6.8
VideoLLaMA2 [4] 7B 40.39 / 8.2 40.25 / 8.6 38.69 / 6.8
VideoLLaMA3 [45] 7B 34.31 / 4.5 37.77 / 7.4 34.21 / 3.9
LLaVA-OneVision [15] 7B 34.31 / 5.0 35.82 / 4.9 33.42 / 3.4
LLaVA-Video [22] 7B 36.10 / 6.1 35.40 / 4.7 33.88 / 3.8

Open-Source Online Models
VITA-1.5 [9] 7B 47.39 / 13.7 44.09 / 11.6 42.85 / 10.3
IXC2.5-OL [47] 7B 49.89 / 17.2 46.34 / 14.6 46.61 / 15.4

Closed-Source Business Models
GPT-4o [13] – 50.63 / 23 50.97 / 22.3 49.01 / 20.9
Gemini [35] 2.0 Flash – 42.66 / 12.2 43.34 / 11.5 40.24 / 12.4

OAE Design Overview During
evaluation, we also incorporated the
Object-Action-Event framework( Ta-
ble B.1) as part of our analytical scope,
designed to assess video comprehen-
sion from multiple agent-centric per-
spectives. For example, in live sports
scenarios, we evaluate three perspec-
tives: objects (e.g., players appearing
or disappearing during an offensive
play), actions (e.g., dynamic maneu-
vers by offensive players), and events
(e.g., real-time offensive strategies de-
ployed in the midfield).
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Table A.3: Analytical Object Taxonomy: RTV-Bench systematically formulates an object-action-
event framework, with explicit definitions of core characteristics and discriminative criteria for each
category.

Category Dimensions

Spatiotemporal Elements
Objects: Physical entities appearing in video frames.
Actions: Dynamic behaviors performed by objects.
Events: Complex occurrences combining objects and actions.

OAE Accuracy and Score Analysis In Table B.1, GPT-4o maintains the leading positions in all
three dimensions of the OAE , and all online models demonstrate significantly higher accuracy and
scores compared to offline models, particularly in the Object dimension, this highlights that the
perspective design of OAE requires exceptionally strong capabilities in continuous analysis tasks.
Overall, the models show no significant gaps in accuracy and scores across the three dimensions.
Most offline models achieve their best performance in the Action aspect, while online models excel
particularly in Object. Notably, nearly all models exhibit the lowest accuracy and scores in the Event
dimension, indicating that continuous analysis tasks with higher complexity remain a formidable
challenge for current systems.

B Framework Design and Application Extensions

This section supplements the materials on the rationale for and necessity of evaluation dimension
design, while providing an extended analysis on the broader utility of the dataset.

Methodological Foundations for Assessing Continuous Analysis Capabilities To further elabo-
rate on video continuous analysis capabilities introduced In Section 2.2, we formalize the foundational
definitions and evaluation protocols for this capacity. Primarily, models are required to possess percep-
tion, understanding, and reasoning abilities comparable to state-of-the-art offline video models before
addressing real-time streaming contexts. This requirement motivates our two-stage QA design, as
elementary offline video analysis capabilities intuitively form the prerequisite for advanced temporal
reasoning.

Furthermore, models must demonstrate proficiency in recognizing correct temporal query patterns
due to three critical demands inherent to real-time applications: enhanced perception capabilities in
highly dynamic scenarios requiring rapid and precise visual processing, deepened understanding of
ongoing events under temporal continuity constraints, and effective reasoning about future trajectories
based on evolving contextual cues.

Why evaluate across perception, understanding, and reasoning dimensions? To elucidate the
necessity of three-dimensional categorization, we subsequently analyze perception, understanding,
and reasoning respectively.In egocentric driving environments with high-dynamic scenarios, the
video continuous analysis capability fundamentally addresses two aspects of persistent navigation:
1) holistic operational state awareness (e.g., current traffic condition assessment, historical route
context) through the integration of offline and online video processing capabilities, and 2) perception
speed, comprehension, and analytical capabilities for sudden real-time events.

Regarding perception design, this corresponds to detecting abrupt environmental changes during
navigation, such as traffic light transitions, emergent vehicles, and pedestrians - scenarios where
conventional video models exhibit critical deficiencies in temporal responsiveness. As visualized in
Figure 4, existing architectures struggle to adapt to real-time variations in high-dynamic settings. We
systematically decompose this capability into three sub-dimensions: Temporal Perception, Scene
Perception and Visual Perception.

Regarding understanding design, it addresses the interpretative capacity for sudden operational
changes during driving. For the understanding design, it pertains to scenarios involving the compre-
hension of abrupt changes during driving, such as interpreting traffic signal indications, road sign
semantics, and the rationale behind preceding vehicles’ maneuvering strategies. Previous models
have been shown to fall short of fundamental requirements in both processing speed and interpre-
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Table B.1: Core Evaluation Dimensions: RTV-Bench systematically defines eight essential evaluation
dimensions for continuous video understanding systems, accompanied by formal characterizations
and discriminative criteria for each dimension.

Category Dimensions

Model Capabilities

Temporal Perception (TP): Recognizing temporal sequence and duration.
Scene Perception (SP): Understanding holistic environment and layout.
Visual Perception (VP): Detecting fine-grained visual features.
Future Prediction (FP): Anticipating future developments.
Phenomenological Understanding (PU): Interpreting surface phenomena.
Intent Analysis (IA): Inferring actor motivations.
Global Understanding (GU): Grasping video context.
Spatiotemporal Reasoning (SR): Logical deduction from observations.

tative depth. For instance, during traffic signal transitions or lane-changing events, current models
struggle to detect such changes within reasonable timeframes. In complex real-time traffic scenarios,
beyond insufficient processing speed, existing systems also largely fail to meet advanced compre-
hension requirements for situational awareness. Through systematic categorization and abstraction
of diverse scenarios, we decompose this dimension into three sub-components: Intent Analysis,
Phenomenological Understanding and Global Understanding.

Regarding reasoning design, it encompasses scenarios requiring continuous temporal analysis, such
as traffic signal duration estimation, and anticipating preceding vehicles’ strategies, these demand
sophisticated continuous analysis capabilities. Based on the dual requirements of historical con-
text integration and prospective forecasting, we architect this dimension into two sub-dimensions:
Spatiotemporal Reasoning and Future Prediction.

Why cross-apply the OAE design with eight evaluation dimensions? We observe notable limita-
tions in the dimensional design frameworks of current mainstream benchmarks, suggesting areas that
warrant systematic refinement. Current evaluation taxonomies frequently include components such
as Object Recognition and Action Reasoning, yet conspicuously omit complementary dimensions
like Object Reasoning and Action Recognition. This prevalent pattern reveals significant arbitrariness
in dimension partitioning, resulting in evaluation frameworks whose systematic rigor and scientific
credibility remain fundamentally compromised. To address these limitations, we propose a novel
taxonomy that first independently categorizes analytical subjects and evaluation dimensions, subse-
quently implementing cross-categorization to establish a structured and systematic grid framework
for dimensional organization.

At this moment, what is the ball handler about to do?

Video Collection Design Template

c

EmbodiedCam

DrivingCam

SportsCam

Deepseek

0:00 

Time: 218s

Answer: Shoot.

Time: 325s

Answer: Pass.

Time: 507s

Answer: Serve.

Time: 553s

Answer: Lay-up.

RTV-Bench

Question

Human Annotation

Muti-timestamps QAs 

High dynamic scenario

Progressive design

Figure B.1: Our dataset construction pipeline. We develop a dataset generation pipeline consisting of
three stages to create RTV-Bench: Video Collection, Templates Design and Human Annotation.
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Supplementary Analysis of Dataset Value This work introduces the Real-time Video Understand-
ing Benchmark (RTV-Bench), which holds significant potential to advance video comprehension
research and its applications. By defining core capabilities required for real-time video processing
through high-dynamic video evaluation, RTV-Bench establishes continuous analysis capabilities as
critical developmental objectives. The benchmark demonstrates a novel paradigm for online video
capability assessment, potentially accelerating the enhancement of core functionalities in online video
understanding models and expediting their deployment in real-time scenarios such as embodied AI,
autonomous driving, and live sports commentary.

Experimental analyses using RTV-Bench reveal substantial deficiencies in existing video models’
continuous analysis capabilities while illuminating potential improvement pathways. Our results
indicate that increasing model scale or video sampling frequency yields diminishing returns. The
substantial performance gap between online and offline models in continuous analysis capabilities
not only validates RTV-Bench’s design efficacy but also suggests architectural innovation as a viable
development direction.

The RTV-Bench framework is constructed upon three foundational principles: 1) Balanced Taxonomy
Design: Prioritizing structural rationality in evaluation dimensions while implementing novel task
formulations. 2) QA Integrity Assurance: Maintaining high-quality question-answer pairs while
mitigating validity threats from oversimplified QA designs, particularly accuracy inflation through
correct guessing in multiple-choice formats. 3) Capability Anchoring: Conducting specialized
evaluations for real-time video processing while systematically monitoring potential degradation in
foundational video understanding competencies. Furthermore, the rigorous RTV-Bench generation
pipeline B.1 also ensures high-quality QA pair production B.2.

Figure B.2: This figure presents a word cloud vi-
sualization derived from QA question corpora, ex-
plicitly highlighting the most frequently occurring
terms through typographic prominence.

Broader Impact By focusing on real-time
video comprehension, RTV-Bench rigorously
evaluates models’ continuous temporal model-
ing and dynamic scenario comprehension capa-
bilities. This benchmarking framework directly
addresses critical gaps in deploying video un-
derstanding systems for latency-sensitive appli-
cations, including embodied AI navigation re-
quiring sub-second environmental feedback, au-
tonomous driving systems dependent on frame-
by-frame hazard anticipation, and live sports
commentary generation demanding real-time
event contextualization.

Regarding potential negative societal impact,
while RTV-Bench can better facilitate the development and application of real-time video tasks,
these technologies may concurrently promote the creation of more sophisticated real-time surveil-
lance systems, which inherently raises privacy concerns. Therefore, the advancement of related
technologies must be conducted under the supervision of robust privacy protection measures and
ethical standards.

C Case

We present additional examples from RTV-Bench, covering eight evaluation dimensions and three
analytical perspectives, to demonstrate the holistic and systematic framework for assessing continuous
analysis capabilities.
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Which part of the target person's 
body is the character drawing?

A.Mouth B.Nose C. Eyes D.Ears

Timestamps: 59s
Correct answer: A

Timestamps: 87s
Correct answer: C

Timestamps: 111s
Correct answer: D

Timestamps:125s
Correct answer: B

Muti-timestamps question

Temporal Perception

A.BLACK B.RED C.YELLOW D.WHITE

Timestamps: 68s
Correct answer: B

Timestamps:1048s
Correct answer: D

Muti-timestamps question

OBJECT

What was the color of the vehicle 
overtaken by the video car?

What is the pose of the character's 
hands in the current scene?

A. Left hand open, right hand clenched

Timestamps: 90s
Correct answer: A

Timestamps: 114s
Correct answer: C

Timestamps: 131s
Correct answer: B

Timestamps: 167s
Correct answer: D

Muti-timestamps question

B. Right hand open, left hand clenched

C. Both hands open D. Both hands clenched

ACTION

EVENT

Where is the dough being transferred 
from and to?
A.from the countertop to the machine

Timestamps: 12s
Correct answer: A

Timestamps: 39s
Correct answer: B

Timestamps:70s
Correct answer: C

Muti-timestamps question

Scene Perception

A.Bottom B.Top C.Left D.Right

Timestamps: 6s
Correct answer: A

Timestamps: 21s
Correct answer: B

Timestamps: 34s
Correct answer: C

Timestamps: 129s
Correct answer: D

Muti-timestamps question

Where is the ruler located in relation 
to the object in the current scene?

Timestamps: 3s
Correct answer: D

Timestamps: 31s
Correct answer: A

Muti-timestamps question

What did player number 9 do in 
the past few seconds?
A.Hug the teammates who are welcoming him 
B.High-five the celebrating people
C.Jump onto the celebrating people’s bodies
D.I can't answer this question

B.from the machine to the table
C.from the table to the steamer
D.from the sink to the countertop

OBJECT

ACTION

EVENT
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How much time has passed since 
the last shot?

A.3s B.5s C. 10s D.20s

Timestamps: 106s
Correct answer: C

Timestamps: 164s
Correct answer: D

Timestamps: 185s
Correct answer: B

Timestamps:187s
Correct answer: A

Muti-timestamps question

Visual Perception

A.0 B.1 C.2 D.3

Timestamps: 36s
Correct answer: A

Timestamps: 111s
Correct answer: B

Timestamps: 177s
Correct answer: D

Muti-timestamps question

How many things does the man in  
black have in his hand at this 
moment?

Timestamps: 29s
Correct answer: A

Timestamps: 191s
Correct answer: C

Timestamps: 332s
Correct answer: B

Muti-timestamps question

Which team scored in the current 
scene?

A.Cangzhou Mighty Lions B.Shandong Taishan

C.Cangzhou Mighty Lions

OBJECT

ACTION

EVENT

How many vehicles have passed in the 
opposite direction?

A.1 B.2 C. 4 D.3

Timestamps: 2s
Correct answer: B

Timestamps: 6s
Correct answer: D

Timestamps: 10s
Correct answer: C

Muti-timestamps question

Spatiotemporal Reasoning

A.1 B.7 C.3 D.9

Timestamps: 30s
Correct answer: A

Timestamps: 60s
Correct answer: C

Timestamps: 133s
Correct answer: B

Timestamps: 172s
Correct answer: D

Muti-timestamps question

How many mud bricks did the person 
make in total during the video?

In which lane from the left to the 
right are you currently driving?

Timestamps: 12s
Correct answer: C

Timestamps: 39s
Correct answer: B

Muti-timestamps question

A.7 B.1 C. 2 D.9

OBJECT

ACTION

EVENT
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How many players are currently 
celebrating?

A.3 B.4 C.5 D.6

Timestamps: 118s
Correct answer: D

Timestamps: 334s
Correct answer: B

Timestamps: 341s
Correct answer: A

Timestamps:422s
Correct answer: C

Muti-timestamps question

Global Understanding

A.1 B.2 C.3 D.4

Timestamps: 33s
Correct answer: B

Timestamps: 50s
Correct answer: C

Timestamps: 56s
Correct answer: A

Timestamps:79s
Correct answer: D

Muti-timestamps question

How many hands can be seen in the 
picture at this moment?

How many cars have passed the 
intersection in the current scene?

A.1 B.2 C.4 D.9

Timestamps: 1931s
Correct answer: C

Timestamps: 1945s
Correct answer: A

Timestamps: 1967s
Correct answer: B

Timestamps: 1996s
Correct answer: D

Muti-timestamps question

OBJECT

ACTION

EVENT

Why does the video car slow down?

A.Slow down when turning 
B.Avoiding other cars
C.Passing a speed bump
D.Passing a bumpy road section

Timestamps: 644s
Correct answer: A

Timestamps: 844s
Correct answer: C

Timestamps: 1095s
Correct answer: B

Timestamps:1279s
Correct answer: D

Muti-timestamps question

Intent Analysis

What is the purpose of the front 
vehicle's headlights in the current 
scene?

A.Stop B.Left turn C.Decelerate D.Right turn

Timestamps: 35s
Correct answer: A

Timestamps: 146s
Correct answer: C

Muti-timestamps question

A.Install subsequent components
B.Disassemble the entire object
C.Need to replace the screw
D.Fix components

Timestamps: 7s
Correct answer: A

Timestamps: 142s
Correct answer: D

Muti-timestamps question

What is the purpose of removing 
the screw?

OBJECT

ACTION

EVENT
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At this moment, which team is 
Argentina playing against?

A.Saudi Arabia B.France

C.Netherlands D.Croatia

Timestamps: 166s
Correct answer: B

Timestamps: 549s
Correct answer: A

Timestamps: 781s
Correct answer: C

Timestamps:948s
Correct answer: D

Muti-timestamps question

Phenomenological Understanding

What is the part being repaired by 
the person in the video?

A.Tire B.Brake mechanism C.Brake disc D.Axle

Timestamps: 3s
Correct answer: C

Timestamps: 101s
Correct answer: B

Muti-timestamps question

A.Frustration after conceding a goal
B.Dissatisfaction with the referee's decision
C.Joy after scoring a goal

Timestamps: 57s
Correct answer: C

Timestamps: 240s
Correct answer: A

Timestamps:274
Correct answer: B

Muti-timestamps question

What is the emotional state of the 
players in this scene?

OBJECT

ACTION

EVENT

What action will the vehicle ahead 
take?
A.Going straight B. Turn Right

C.Starting from a stop D.Reversing

Timestamps: 17s
Correct answer: B

Timestamps: 204s
Correct answer: C

Timestamps:270s
Correct answer: A

Muti-timestamps question

Future Prediction

What item is the person about to 
acquire in the current scene?

A.Vegetables B.Fruits

C.Cutting tools D.Cleaning supplies

Timestamps: 2s
Correct answer: C

Timestamps: 94s
Correct answer: A

Muti-timestamps question

A.Shoot B.Pass C.Drive D.Unknown

Timestamps: 15s
Correct answer: C

Timestamps: 17s
Correct answer: B

Timestamps:321s
Correct answer: A

Muti-timestamps question

What does the ball handler want to 
do at this moment?

OBJECT

ACTION

EVENT

22



NeurIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

• You should answer [Yes] , [No] , or [NA] .
• [NA] means either that the question is Not Applicable for that particular paper or the

relevant information is Not Available.
• Please provide a short (1–2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to "[No] ", it is perfectly acceptable to answer "[No] " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
"[No] " or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

• Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",
• Keep the checklist subsection headings, questions/answers and guidelines below.
• Do not modify the questions and only use the provided macros for your answers.

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and introduction clearly reflect the paper’s core contributions and
research scope. Specifically, they explicitly present the research motivation for RTV-Bench,
identify the limitations of existing paradigms, and introduce continuous analysis capabilities
along with the associated evaluation protocol.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
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Answer: [Yes]
Justification: The limitations of the work are detailed in Section 5
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
Justification: As a dataset work, this paper does not contain theoretical derivations.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: The experimental section of this paper includes dataset evaluation benchmarks,
with the dataset open-sourced on public hosting platforms and accompanied by a Croissant
metadata file submission.
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Guidelines:
• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: RTV-Bench has been open-sourced on public hosting platforms and submitted
with a Croissant metadata file.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.
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• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The experimental configurations for evaluation are comprehensively detailed
in Section 3.1.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [No]

Justification: We do not report error bars or statistical signiffcance tests in this paper due to
the extensive computational cost associated with our experiments.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The experimental configurations for evaluation are comprehensively detailed
in Section 3.1.
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Guidelines:
• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: The research conducted in this paper fully conforms to the NeurIPS Code of
Ethics.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: The broader impacts of this work are detailed in Section B
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
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Answer: [NA]

Justification: This work does not contain high-risk content.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All referenced papers are fully cited with complete bibliographic entries in the
References section.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [No]

Justification: The documentation has not yet been finalized and made publicly available in
public repositories as of the current stage of development.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
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14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: This paper does not involve crowdsourcing or research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: This paper does not involve research with human subjects or crowdsourcing.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [No]
Justification: This work is a dataset project where LLMs are solely used as evaluation targets
and utilized to inform the dataset construction pipeline.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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