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Abstract

Multimodal Large Language Models (MLLMs) have sig-
nificantly progressed in offline video understanding. How-
ever, applying these models to real-world scenarios, such
as autonomous driving and human-computer interaction,
presents unique challenges due to the need for real-time
processing of continuous online video streams. To this
end, this paper presents systematic efforts from three per-
spectives: evaluation benchmark, model architecture, and
training strategy. First, we introduce OVBench, a compre-
hensive question-answering benchmark designed to eval-
uate models’ ability to perceive, memorize, and reason
within online video contexts. It features 6 core task
types across three temporal contexts—past, current, and fu-
ture—forming 16 subtasks from diverse datasets. Second,
we propose a new Pyramid Memory Bank (PMB) that ef-
fectively retains key spatiotemporal information in video
streams. Third, we proposed an offline-to-online learn-
ing paradigm, designing an interleaved dialogue format for
online video data and constructing an instruction-tuning
dataset tailored for online video training. This framework
led to the development of VideoChat-Online, a robust and
efficient model for online video understanding. Despite the
lower computational cost and higher efficiency, VideoChat-
Online outperforms existing state-of-the-art offline and on-
line models across popular offline video benchmarks and
OVBench, demonstrating the effectiveness of our model ar-
chitecture and training strategy.

1. Introduction

With the rapid development of Multimodal Large Language
Models (MLLMs) [26, 35, 36, 51, 54] in recent years,
these models have demonstrated impressive performance
on video understanding benchmarks [27, 31, 37]. These
advancements have laid the foundation for exploring real-
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Figure 1. OVBench contains 6 core spatiotemporal understand-
ing tasks in online scenarios, incorporating three primary temporal
contexts—past, current, and future. Based on various interaction
types, it is expanded into 16 subtasks in total.

time, online video scenarios, including autonomous driv-
ing, robotic assistants, and surveillance systems. Recent
research, such as GPT-40 [36] and VideoLLM-Online [5],
Flash-VStream [56], have further investigated online video
understanding and model efficiency in streaming scenarios,
highlighting the potential of MLLMs in understanding on-
line video streams.

Despite these advances, applying MLLMs to real-world
streaming scenarios presents unique challenges. Offline



processing refers to models that analyze entire videos post-
capture, rather than responding in real-time as frames are
received. The unique characteristics of online video streams
are not fully considered by the existing works as follows:

Online Temporal Perspective: Based on the time when a
user poses a question, the temporal perspective of online
video streams can be distinctly defined as past, current,
and future. In contrast to offline videos, it enables a finer
temporal perspective (e.g., a few seconds ago, right now).
Time-dependent Contexts: In offline video understand-
ing, answers are derived from all prior frames, typically
yielding a unique response. In streaming scenarios, as
the temporal context evolves, the answer dynamically
changes. Questions like "What is the person doing now?”
may receive varying responses over time.

Real-time Spatio-temporal Interaction: Applications
like augmented reality (AR) glasses and autonomous
driving systems require precise, real-time spatiotempo-
ral interaction with the environment, where immediate
responses to the environment (e.g. actions, objects, and
events) are essential for functionality and safety.
Processing of infinitely long visual information: On-
line video streams continuously introduce an infinite in-
flux of new visual information. Therefore, designing on-
line model architectures that can process and retain key
information, akin to human cognition, is critical.

Given that most of the current video understanding
benchmarks [13, 21, 27, 46, 50, 52, 55, 59] are conducted
in offline mode, there is a pressing need to build a bench-
mark specifically tailored to online video streams, taking
into account their unique spatiotemporal characteristics. To
tackle these problems, we introduce the Online Video Un-
derstanding Benchmark, OVBench. This benchmark aims
to evaluate a model’s capacity to understand and interpret
spatiotemporal details in online scenarios. As shown in
Fig. 1, we define the temporal context for streaming videos,
and based on these temporal contexts, we design 6 task
types encompassing a total of 16 subtasks. These tasks
are based on seven datasets spanning 6 different domains
(Movie, Instructional, Road, Scenes (Outdoor & Indoor),
and Open-domain) to ensure a diverse range of task scenar-
ios. To create high-quality annotations, our benchmark em-
ploys human annotators who generate ~7,000 high-quality
annotations that emphasize spatiotemporal details.

We evaluate leading MLLMs on OVBench, including of-
fline image/video MLLMs (adapted to streaming via slid-
ing windows) and online video MLLMs. Current mod-
els exhibit poor online spatiotemporal understanding, with
online models lagging significantly behind MLLMs. This
motivates us to develop a strong baseline for online video
understanding with a novel architecture and training strat-
egy. (1) New Model Architecture: Existing architec-
tures [5, 41,42, 56] struggle with fine-grained spatial details
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and long-range temporal dependencies as streaming con-
texts grow. We propose a Pyramid Memory Bank (PMB)
to balance spatial and temporal understanding via pro-
gressive abstraction. PMB preserves recent-frame details
while efficiently abstracting distant-frame information us-
ing adaptive frame eviction and resolution scaling, optimiz-
ing both comprehension and memory efficiency. (2) New
Training Strategy: A key limitation of existing MLLMs
is the lack of a tailored training strategy. We introduce
an offline-to-online learning paradigm, constructing inter-
leaved dialogue-style online video instruction tuning data.
This, combined with offline video data, progressively en-
hances both offline and online video understanding.

Based on the aforementioned design principles, we have
developed an efficient 4B-parameter online video MLLM,
coined as VideoChat-Online, specifically designed for mo-
bile deployment, thereby broadening the potential appli-
cations of online video understanding. On OVBench, our
model outperforms the open-source offline MLLM Qwen2-
VL [45] (7B parameters) by 4.19% and the online Video
MLLM Flash-Vstream [56] by 23.7%, achieving this with
a more efficient architecture. Furthermore, it demonstrates
state-of-the-art performance on established offline video
benchmarks, highlighting its robustness across both online
and offline video understanding. All the models and data
are publicly available. We hope that this work’s benchmark,
dataset, and model will inspire future research on online
video understanding.

2. Related Work

Online Video MLLMs. The advent of large language
models (LLMs) [9, 22, 32, 34, 44] has spurred substan-
tial progress in multimodal understanding. Recent multi-
modal LLMs [8, 16, 17, 25, 26, 28, 30, 40, 45] have exhib-
ited impressive capabilities in offline video comprehension
by integrating visual encoders with LLMs. However, these
models are inherently challenged in real-time applications
due to their limited capacity for efficient streaming video
frame compression, leading to increased computational de-
mands and latency with accumulating input frames. Several
strategies [10, 23, 41, 42] have been explored to mitigate
computational burden through video redundancy reduction.
However, most of these models lack a design specifically
tailored for online video stream processing. Recent studies
have introduced MLLMs specifically designed for online
stream understanding. VideoLLM-Online [5] pioneers the
development of general-purpose Al assistants for real-time
video stream dialogue and multi-task execution. However,
its performance is limited by restricted per-frame visual to-
ken input due to the lack of effective streaming context
compression. VideoLLM-MOD [49] addresses this limita-
tion by incorporating mixture of depth [39] for efficient vi-
sual token computation, enabling higher visual input resolu-
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Figure 2. Generation pipeline of OVBench. We developed a method to ensure the quality of annotation based on the existing high-
quality spatiotemporal data, including task definition, data collection, QA construction, and multiple-choice question generation suitable
for streaming video scenarios. The details will be discussed in Section 3.

tion. Flash-Vstream [56] and VideoStreaming [38] achieve
real-time comprehension through a learnable memory mod-
ule for stream compression. However, prior work has of-
ten lacked well-reasoned architectural designs and training
strategies, consequently struggling to achieve a balance be-
tween efficiency and performance. Our approach introduces
novel designs in both architectural structure and training
strategy, leading to the development of a more powerful on-
line video MLLM.

Online Video Benchmarks. VideoLLM-online [5] evalu-
ates the model as an online video assistant on the stream-
ing narration task. MovieChat-1K [41] introduces a break-
point mode, which requires the model to ask and answer
questions at different time points during video playback.
VStream-QA [56] represents the first benchmark to eval-
uate streaming multimodal video understanding. While
it incorporates five types of timestamp-anchored questions
generated through GPT-4 with human verification, its task
paradigm largely mirrors offline scenarios. In contrast,
OVBench emphasizes real-time spatiotemporal detail com-
prehension in streaming contexts, featuring a comprehen-
sive task set tailored to streaming video characteristics.
It builds upon high-quality spatiotemporal understanding
datasets through targeted refinement to ensure benchmark
integrity and reliability.

3. OVBench

In this section, we detail the development process of OV-
Bench. Based on a foundational definition of temporal con-

texts, we first derive the task types in Figure 1 for online
video streaming scenarios in section 3.1. We then introduce
the detailed process of QA generation in Figure 2. Exam-
ples are listed in Table 1.

3.1. Task Formulation

Basic Temporal Context Definition. To systematically
evaluate streaming video comprehension, we define three
fundamental temporal contexts that characterize the rela-
tionship between a question’s timestamp and the video
timeline: (1) Current: The temporal window focuses
specifically on the exact frame at which the question is
posed, potentially including a small number of preced-
ing frames necessary for understanding the current state.
(2) Past: The sequence of frames preceding the question
timestamp, containing historical information about actions,
events, and object trajectories. (3) Future: The sequence
of frames following the question timestamp, capturing the
subsequent events based on current actions and trajectories.
Task Formulation. Based on three core temporal contexts
— Past (P), Current (C), and Future (F) — we identify 6
essential capabilities for online models in streaming video
scenarios, where ”—” represent the inference or verification
process from one time period to another, ”U” indicates a
joint understanding of multiple periods:

 Spatial Perception (C): Identify and quantify discrete
actions in the current frame, describe positions and spatial
relationships of objects.

e Temporal Perception (C — P U C): Track sequences
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Task Subtasks Query Examples

Action Persistence

Is the person in the [0.168, 0.193, 0.846, 0.996] location in the current frame performing walking?

Temporal Hallucination - -
Step Verification

Is the person still installing the motherboard right now?

Verification

(THV) Object Presence

with the past screen?

How many markers are there on the screen 14.0 seconds before? Does the number increase or decrease compared

Action Retrieval

Where was the person currently performing the talk to (e.g., self, a person, a group) in the scene 8 seconds ago?

Past Memory Procedure Recall

Which step did the person perform for the longest duration in the last 60 seconds?

PM
(PM) Trajectory Retrieval

position when it first appears.

‘When does the sheep [0.491, 0.386, 0.584, 0.615] in the current screen first appear? Give the corresponding

L Action Anticipation
Future Prediction

What action is the person currently in the [0.328, 0.211, 0.436, 0.809] location likely to do next?

Goal/Step Prediction
(FP)

My goal is *make flower crown’. What are the next steps I should take?

Movement Prediction

‘What direction do you think the baby [0.0, 0.062, 0.526, 0.903] may move towards in the next second?

Spatial Perception Action Location

‘What is the person at the location [0.024, 0.122, 0.624, 0.979] currently doing?

(SP) Object Position

Which option most accurately describes the location of the blankets now?

Action Sequence

‘What is the sequence of actions the person in the scene has performed recently?

Temporal Perception Step Localization

How long has the person in the scene been performing the 'restore the fixed battery components and the back cover’?

TP
(TP) Object Existence State

‘What is the time period the turtle [0.459, 0.518, 0.501, 0.556] in the current screen appears in the video? And what is
the time period in which it disappeared?

Spatio-Temporal Action Trajectory

Perception

‘What is the sequence of actions and the corresponding movement trajectory of the person currently in the
[0.383, 0.304, 0.642, 0.991] location?

(STP) Object Trajectory

What is the trajectory of the object among car [0.482, 0.518, 0.485, 0.531], car [0.561, 0.51, 0.616, 0.577] in
the past 5 seconds, which moves the shortest distance?

Table 1. Task examples of OVBench. For simplicity, we selected only one question in each task’s templates for the presentation. Complete

template examples can be found in the Appendix.

of actions extending into the present moment, assess the
duration of ongoing events and determine the existence
status of objects over previous frames.

Spatio-temporal Perception (C — P U C): Provide a
comprehensive description of object motion trajectories,
detailing displacements and relative positions for single
or multiple targets.

Past Memory (C — P; or P): Recall past events
relevant to a given action, retrieve duration or goals
achieved, or locate an object’s past position and status
when queried.

Temporal Hallucination Verification (P <> C): Deter-
mine if an action observed in the past is still ongoing in
the current frame, verify the state of events that have oc-
curred, and analyze object location changes between past
and current contexts.

Future Prediction (P U C — F): Project likely upcom-
ing actions based on observed motion patterns and current
spatial-temporal configurations.

3.2. QA Generation

Data Collection.  Unlike previous online question-
answering benchmarks [56], which typically utilize LLMs
to generate questions and answers, our task requires tem-
poral and spatial detail understanding, where questions rely
on specific timestamps and bounding box annotations for
accurate spatiotemporal comprehension. To comprehen-
sively capture the dynamics of streaming video, we curated
8 datasets across 6 varied domains in Figure 2, each dataset
is selected to align closely with the real-time demands of
streaming video comprehension. We only select from their
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validation and test sets to prevent potential data leakage.

Option Generation for Streaming Video Scenes. To
ensure that answer options reflect the dynamic and shifting
contexts in streaming video, we develop a multiple-choice
generation process incorporating distractors that simulate
real-world conditions. Distractors are selected from dif-
ferent timestamps within the same video, based on similar
questions and objects or typical responses to such questions.

Manual Check & Sampling. (1) Manual Check: Our
quality control involved several manual checks: question
clarity and options ambiguity were assessed to avoid mis-
interpretations and annotation accuracy was verified by hu-
man annotators. (2) Video Context Length Limitation:
Excessive video context length is trimmed according to the
timestamp of the earliest relevant question. (i.e. The max-
imum time range that a question in the Past Memory task
may be traced back to.) (3) Sampling: Further, to ensure
question diversity and balance, question distribution is op-
timized by scaling question count proportionally to video
duration, ensuring diverse scene coverage, and maintaining
task type balance. The appendix provides a detailed QA
generation methodology across tasks, ensuring the trans-
parency of our approach.

4. Efficient Online Video Streams Modeling
4.1. Pyramid Memory Bank

For online scenarios, as the number of input frames in-
creases, it becomes essential to compress the visual tokens
of the video in order to maintain real-time performance
while preserving key information. Achieving a balance be-
tween spatial and temporal details within limited visual to-
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kens is critical for effective spatiotemporal understanding.

To address this, we propose a pyramid memory bank
structure that incrementally balances spatial and temporal
details through progressive abstraction across multiple lay-
ers. As shown in Figure 3, the memory bank is divided
into n layers, denoted as {m; | ¢ = 1,2,...,n}. Each
layer progressively reduces spatial details in favor of tem-
poral patterns by adjusting two key properties:

Sampling Rate (r;): Each layer ¢ samples frames from
the input stream at a rate r;, increasing progressively across
layers to prioritize temporal continuity in deeper layers.

Resolution (Res;): Each layer stores frames at a pro-
gressively lower resolution Res;, ensuring that initial layers
capture detailed spatial information, while deeper layers fo-
cus on temporal abstraction. The resolution for each layer
is scaled as: Res; Rest where Res; is the input frame
resolution in the first layer, and 5 > 1 is a down-scaling
factor. In practice, we use 5 = 2.

Each memory layer m,; performs 3 primary operations:

1. Streaming Frame Writing: The memory layer m;
receives frames directly from the video stream, sampled ac-
cording to ;. These frames are stored in m; up to its ca-
pacity C;. When the capacity C;is full, perform the next
operation.

2. Frame Eviction&Down Writing: the memory layer
identifies the most similar adjacent frame pair (fZ, fi),
where cosine similarity is calculated after applying average
pooling to each frame separately. The older frame in the
pair is evicted, and its spatial information is reduced to the
corresponding spatial scale Res;; through average pooling
before being passed to the next layer m;1:

i+1
next

= AvgPool2d( feivicled, Res;y1) )
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3. Readout: All stored frames across layers are read in
temporal order when accessing memory banks.
Compatibility with KVCache. Existing memory-based
compression methods, such as MovieChat [41, 42] and
FlashVStream [56], as the memory updates with each addi-
tional input frame, the entire compressed memory must be
processed as a single unit when a user inputs frames, suffer
from a bottleneck in compression efficiency. This all-at-
once processing leads to memory compression as compu-
tational overhead, limiting real-time performance. In con-
trast, our memory bank aligns closely with KVCache, al-
lowing frame tokens to be precomputed and stored effi-
ciently. During Frame Eviction (operation 2), tokens after
the timestamps of frames f, and f; are erased to maintain
synchronization, as follows:

KVCache < KVCache \ {t; | t; > min (ty,,tz,)} (2)

where t;, and ty, denote the timestamps of frames f,
and f;, respectively. By erasing tokens after these times-
tamps, we can optimize both memory usage and real-time
processing efficiency.

4.2. Offline-to-Online Learning

Data Collection. To enhance the model’s online spatiotem-
poral understanding capabilities, we prioritized datasets
with rich spatiotemporal annotations. These datasets, fea-
turing dense temporal annotations and spatial tracking in-
formation, inherently support multi-turn dialogue scenarios
in streaming contexts.
* Fine-grained Event Temporal Boundary Identifica-
tion. To capture temporal event evolution, we leverage
TimeChat-IT [40] data, incorporating dense video cap-
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tioning [19, 24, 60], step localization [43, 53], and tem-
poral grounding datasets [3, 14, 33] for precise temporal
boundary annotations.

Detailed Spatiotemporal Understanding. We integrate
object tracking [11, 20] and spatiotemporal action local-
ization [15] annotations to enhance sequential object and
action tracking capabilities, complementing the temporal
information framework.

Data Conversion. To enhance multi-turn dialogue co-
herence and contextual awareness, we implement a struc-
tured temporal sampling strategy for question formulation,
as shown in Figure 4. Questions are positioned at spe-
cific temporal intervals while maintaining natural dialogue
progression. Each sample’s queries maintain task-category
consistency to facilitate cross-dialogue temporal reasoning.
Following MVBench [27], we generate 5 diverse instruc-
tions per annotation task to ensure comprehensive interac-
tion scenario coverage.

Progressive Training. Optimizing fine-grained spatiotem-
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poral understanding while maintaining timestamp and
bounding box prediction capabilities during online train-
ing presents significant challenges. Inspired by curriculum
learning [4], we initially train the model on offline data to
establish robust video understanding, followed by joint opti-
mization with online data integration. An empirical analysis
of this approach is presented in the ablation study section.

5. Experiments

5.1. Implementation Details

Training Data. To enhance the model’s comprehensive
video understanding, we supplemented the online train-
ing data with offline video data from VideoChat2-IT [28],
STAR [47] and PerceptionTest [37], image data from
ShareGPT4V [6], ShareGPT4o [8], as well as multi-image
data from LLaVA-OneVision [25].

Model Architecture. We use InternVL2-4B [8] as a power-
ful baseline model for development, integrating InternViT-
300M as the visual encoder and Phi-3 [1] as the language
model. The input frames of all training processes are ob-
tained by sampling at 1 fps, and the maximum input frame
number is controlled at 64 frames through uniform sam-
pling. For inference, the video sample rate for each memory
in the hierarchical memory bank is {1, 2, 8} with token per
frame {256, 64, 16}, respectively. Maintain a consistent
token ratio for each memory queue.

Evaluation Settings. As most multimodal large models
currently cannot receive streaming video input, we adopted
two distinct methods to evaluate the models effectively:

Sliding Window Setting: We perform a sliding window
evaluation on advanced MLLMs, capturing a 32-second
time window before the question-asking time and extract-
ing frames at 2 fps. This method allows for temporal con-
text while evaluating responses.

Streaming Setting: In this setting, we input all video
frames from the beginning of the clip up to the question
timestamp, sampled at 2 fps, to evaluate the model’s real-
time performance.

5.2. Main Results on OVBench

The main results on OVBench are shown in Table 2.

Streaming Video LLMs Comparison. In the streaming
video setting, answering questions is more difficult because
the model will be disturbed by more irrelevant context (see
the FIFO and “w/o compression” of Table 5, when the entire
video from the beginning to the end frame is input, the per-
formance is reduced by about 4.62%). Nevertheless, current
online models have a non-negligible gap in real-time perfor-
mance with existing offline models, suggesting that access-
ing rich, task-specific online data is crucial to narrowing this
gap. Although Flash-Stream [56] employs an online model
architecture, training with offline data may introduce biases



Task Name FP THV PM SP STP TP
Subset Name SiZe. AA GSP MP AP SV OP AR PR TR AL OP AT OT AS s.L ors VO
sliding window size=32s fps=2

Gemini-1.5-Flash [2] - 714 536 219 565 608 40.6 367 479 625 323 375 8.0 500 833 223 469 507
InternVL2 [8] 7B 526 602 27.6 575 520 585 388 671 583 38.1 313 874 370 754 314 59 487
InternVL2 [8] 4B 577 570 144 592 494 600 303 618 463 309 20.1 830 323 707 294 34 441
LLaMA-VID [10] 7B 436 509 19.6 640 47.5 468 294 489 512 319 112 757 248 59.1 260 400 419
LLaVA-Onevision [25] 7B 68.0 627 359 584 503 465 294 607 580 43.1 142 865 497 707 28.1 302 495
LongVA [57] 7B 641 565 295 549 519 348 353 556 577 316 34 674 447 800 267 40 436
MiniCPM-V2.6 [16] 7B 333 359 150 592 508 55.1 250 374 417 266 118 983 363 66.1 264 62  39.1
Qwen2-VL [45] 7B 603 661 22.1 549 515 511 378 644 693 353 285 97.0 494 651 308 117 497
LITA [18] 7B 192 245 199 408 489 249 3.1 273 64 69 146 352 239 274 05 34 204
TimeChat [40] 7B 77 153 187 206 157 117 9.1 147 98 75 195 139 103 93 101 108 1238
VTimeLLM [17] 7B 372 234 150 648 438 532 259 388 325 259 204 409 68 484 435 86 331
VideoChat-Online (Ours) 4B 564 63.0 156 57.1 579 619 391 542 739 413 297 922 531 698 273 699 539
Streaming video input at 2 fps.

VideoLLM-Online [S] 7B 0 18 209 52 59 326 0 23 267 06 266 09 199 09 17 83 96
MovieChat [41] 7B 231 275 236 584 439 403 256 311 239 269 39.6 244 289 293 255 219 309
Flash-Vstream [56] 7B 269 37.6 239 60.1 419 400 234 353 261 247 288 27.0 214 298 256 268 312
VideoChat-Online (Ours) 4B 64.1 597 166 63.1 583 628 422 544 70.6 541 248 887 485 730 259 717 549

Table 2. Evaluations results on OVBench. Our 4B-parameter model demonstrates substantial performance advantages in two key com-
parisons: a 23.7% improvement over existing streaming-capable models, and a 4.2% enhancement compared to advanced offline MLLMs
while maintaining deployment flexibility. For VideoLLM-Online, we modify the official script for evaluation on the OVBench. However,
it cannot follow instructions accurately and generates either nothing or redundant information, see the appendix for more details.

N VideoMME LongVideo
Model Size MIVU 5 Tong~ MVBench Bgmh

Video-LLaVA [29] 7B 384 73 399 362 391
Chat-UniVi [23] 7B - - 406 358 - -
LLaMA-VID [10] 7B 385 33.2 - - 419

TimeChat [40] 7B 330 309 347 323 385

MovieChat [41] 7B 535 258 382 334 551
Video-LLaMA2 [54] 7B 517 485 479 546 -
LLaVA-Next-Video [58] 7B 439 - 46.6 435
ShareGPT4Video [7] 3B - 464 399 350 512 397
VideoChat2 [27] 7B 544 479 395 332 604 393
LongVA [57] 7B - 563 526 462 - -
Video-CCAM [12] 9B 585 503 396 646

Video-CCAM [12]
VideoChat-Online (Ours)

56.5
60.8

50.1
544

409
47.1

62.8
65.2

54.7 541

Table 3. VideoChat-Online’s results on other offline long and short
video benchmarks show comparable or better overall performance.

that impact real-time adaptability. VideoLLM-Online [5],
trained on streaming narration data and free-form dialogue
data from a first-person perspective, faces challenges in
generalizing across diverse contexts and applications. Com-
parisons of computational costs and online scenarios cases
with other models can be found in the appendix.

Offline MLLMs in a Sliding Window Setting. Our re-
sults show that offline MLLMs are more effectively gen-
eralized to online tasks, as they can be seen as a special
case of broader online scenarios (e.g., using fixed question
timestamps at the end of the video rather than dynamically
across the video). Effective Knowledge Transfer from of-
fline to online: Offline models have demonstrated superior
performance than native online models in online scenarios,
highlighting that knowledge from offline models can suc-
cessfully transfer to online applications. Developing and
transforming the streaming video model architecture based
on existing advanced MLLMs emerges as a superior choice.
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Memory Capacit; OVBench
Memory Bank my 7713:,,‘”,}) 773: SP TP  STP Overall
w/o my 0 5 2 389 S5I.1 685 54.2
W/0 Mmain 20 0 2 | 354 557 692 54.3
w/0 mg 12 10 0 |369 569 69.3 53.7
Ours 12 2 2 394 569 686 549

Table 4. Memory Structure Ablations. We remove each memory
module for evaluation but keep the fixed number of visual tokens.

Furthermore, by incorporating limited online scene data,
our model achieves optimal results with a small 4B LLM,
outperforming Qwen2-VL by 4.19%.

5.3. Offline Benchmark Results

We conduct experiments on offline video understanding
benchmarks to comprehensively evaluate our model. The
test videos range from a few seconds to one hour in length.
As shown in Table 3, our model outperforms previous state-
of-the-art approaches, achieving the highest scores across
multiple benchmarks, including 54.7% on Egoschema [31],
60.8% on MLVU [59], 54.4% on VideoMME [13]
(Overall), 47.1% on VideoMME (Long), 65.2% on
MVBench [27], and 54.1% on LongVideoBench [48]. This
consistent performance across both online and offline sce-
narios demonstrates VideoChat-Online’s robust generaliza-
tion capabilities.

5.4. Ablations of VideoChat-Online

Memory Bank Design. We conduct comprehensive abla-
tion studies on the memory component across two dimen-



Update Policy OVBench | VideoMME-long
Token Merge [41] 51.5 439
First In First Out 54.0 41.3
Uniform Sample 52.1 45.0
w/o Compression 49.3 oom
Ours 54.9 47.1

Table 5. Memory Update Policies Ablations. FIFO prioritizes
recent data for real-time queries, while Uniform Sample is applied
to offline models. The “w/o Compression” method directly inputs
raw video data without further processing. Our method outper-
forms existing approaches in both online and offline benchmarks.

Training Strategy
Offline Training Onl%ne Training AVG
Progressive  Interleaved

44.12
v 45.23 (+1.11)
v v 52.42 (+8.30)
v v 51.84 (+7.72)
v v v 53.89 (+9.77)

Table 6. Ablation analysis on training strategy and data organiza-
tion impact on model performance.

sions: (1) Structure. Table 4 demonstrates the necessity
of each memory layer. We systematically evaluated the im-
pact of removing each layer while maintaining computa-
tional parity by adjusting token allocations. We maintained
computational equivalence by ensuring the total token count
remained constant at 832 tokens across all configurations.
The results reveal distinct patterns: spatial-biased memory
configurations significantly enhance SP performance (com-
paring “w/o m;” with “W/0 Mq:n” and “w/o mg”, while
temporally distributed memory structures improve TP and
STP metrics. Our final architecture achieves optimal spa-
tiotemporal balance through strategic memory allocation.
(2) Memory Updating Policy. Table 5 presents a com-
parative analysis of various memory bank update strategies,
including Token Merge, FIFO queuing, uniform temporal
sampling, and uncompressed frame input. While FIFO in-
herently prioritizes recent temporal information, our pro-
posed strategy demonstrates superior performance by fa-
cilitating cross-temporal information interaction between
memory banks. This advantage stems from addressing a
fundamental limitation of MLLMs: their tendency to en-
code frames independently, where token similarity reflects
relationships between frames. Simple merging operations
fail to preserve crucial inter-frame temporal dynamics.

Impact of the Training Paradigm. Table 6 presents a sys-
tematic analysis of different training strategies across three
key dimensions: (1) Effect of Online Data: Training ex-
clusively with offline data yields a baseline performance
of 45.23%. Incorporating online data through progressive
training elevates performance to 52.42%, representing an
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Question: What is the object located at
[0.565, 0.557, 0.589, 0.571] in the screen?
Timestamp: 4s

GT Answer: piece of paper

w/o Online SFT A: scissors, yellow and black
w/ Online SFT A: piece of paper

Question: Point out the location of the
object mentioned above in the current
screen.

Timestamp: 34s

GT Answer : [0.517, 0.481, 0.572, 0.629]

w/0 Online SFT  A: Left side of the scissors

w/ Online SFT A: The object is located at [0.555, 0.481, 0.589, 0.501] in the screen.

Figure 5. Qualitative comparison on online data training

8.66% improvement. Notably, this substantial enhancement
is achieved with merely 96K online samples (6% of the to-
tal training data), demonstrating the critical role of online
data in developing temporal context understanding capabil-
ities. (2) Impact of Interleaved Data Format: The inte-
gration of interleaved data format with offline training im-
proves performance from 45.23% to 51.84%, with a 6.61%
increase. This enhancement suggests that interleaved data
organization facilitates more effective learning of temporal
relationships between question-answer pairs, particularly in
dynamic online scenarios. (3) Progressive Training Strat-
egy: The combination of progressive training with inter-
leaved format achieves 53.89%, surpassing the joint train-
ing approach (51.84%) by 2.05%. This improvement indi-
cates that transitioning from joint training to progressive on-
line data introduction in the second epoch facilitates a bet-
ter alignment progression from coarse to fine-grained spa-
tiotemporal understanding.

Qualitative comparison of Online SFT. As shown in Fig-
ure 5, we verified it in a multi-round dialogue scenario and
found that compared with the model based on offline train-
ing alone, the model after Online SFT accurately outputs
the location and better builds the connection dialogue.

6. Conclusion

This work presents the following contributions to ad-
vance streaming video understanding: (1) OVBench, a
comprehensive benchmark designed to evaluate real-time
spatiotemporal understanding capabilities; (2) VideoChat-
Online, an efficient streaming video model that effectively
balances efficiency. It achieves state-of-the-art performance
while maintaining deployment flexibility. These advances
provide a solid foundation for future research in streaming
video understanding and real-world applications.
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