
ViSpeak: Visual Instruction Feedback in Streaming Videos

Shenghao Fu1,3,4,†, Qize Yang3,†, Yuan-Ming Li1,4, Yi-Xing Peng1,3,4, Kun-Yu Lin1,4,
Xihan Wei3, Jian-Fang Hu1,4∗, Xiaohua Xie1,4,5,6*, Wei-Shi Zheng1,2,4,6

1School of Computer Science and Engineering, Sun Yat-sen University, China;
2Peng Cheng Laboratory, China; 3Tongyi Lab, Alibaba Group;

4Key Laboratory of Machine Intelligence and Advanced Computing, Ministry of Education, China;
5Guangdong Province Key Laboratory of Information Security Technology, China;

6Pazhou Laboratory (Huangpu), China

fushh7@mail2.sysu.edu.cn, qize.yqz@alibaba-inc.com, xiexiaoh6@mail.sysu.edu.cn, hujf5@mail.sysu.edu.cn

ViSpeak: https://github.com/HumanMLLM/ViSpeak

ViSpeak-Bench: https://github.com/HumanMLLM/ViSpeak-Bench

Abstract

Recent advances in Large Multi-modal Models (LMMs) are
primarily focused on offline video understanding. Instead,
streaming video understanding poses great challenges to re-
cent models due to its time-sensitive, omni-modal and inter-
active characteristics. In this work, we aim to extend the
streaming video understanding from a new perspective and
propose a novel task named Visual Instruction Feedback
in which models should be aware of visual contents and
learn to extract instructions from them. For example, when
users wave their hands to agents, agents should recognize
the gesture and start conversations with welcome informa-
tion. Thus, following instructions in visual modality greatly
enhances user-agent interactions. To facilitate research, we
define seven key subtasks highly relevant to visual modality
and collect the ViSpeak-Instruct dataset for training and
the ViSpeak-Bench for evaluation. Further, we propose the
ViSpeak model, which is a SOTA streaming video under-
standing LMM with GPT-4o-level performance on various
streaming video understanding benchmarks. After finetun-
ing on our ViSpeak-Instruct dataset, ViSpeak is equipped
with basic visual instruction feedback ability, serving as a
solid baseline for future research.

1. Introduction
Recent Large Video Language Models [4, 17, 23, 35, 68,
69] excel at fine-grained spatial perception, long-term tem-
poral reasoning, and comprehensive spatiotemporal under-
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interns at Alibaba.

standing. In the offline setting, the entire video is provided
and the complete context can be modeled. However, in
streaming video understanding, models can not access the
entire video. Video content continuously arrives, and the
model must make decisions based on the information avail-
able so far while continuously processing incoming future
data, which poses great challenges to recent LMMs.

Three key differences exist between streaming and of-
fline video understanding: First, the question answers in
streaming video understanding are time-sensitive. The an-
swers for the same question “What is happening now?” vary
at different timestamps and the model should output the an-
swer at a proper time. Second, streaming videos are al-
ways accompanied by streaming audios, making problems
as omni-modal ones. Third but most importantly, stream-
ing video understanding is distinguished by its interaction
characteristic. The interaction characteristic encompasses
three folds: 1) non-awakening interaction where users
can interact with agents at any time, 2) interruption where
users can stop the answer or change the topic at any time,
and 3) proactive output where agents can also express their
mind at a proper time. Despite its significance, the interac-
tion characteristic has been largely overlooked by the com-
munity. MMDuet [51] and Dispider [41] conducted prelim-
inary explorations on proactive output to point out a specific
event when it occurs based on user prompt. However, the
prompts do not always exist, especially for an unintentional
event or during communications. VITA [16] uses dual mod-
els to decide when to respond to instructions in audio but it
can not respond to visual contents.

In this work, we dive deeper into the interaction char-
acteristic of streaming video understanding and introduce a
new task named Visual Instruction Feedback to explore
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(Visual Wake-Up)

Nice to meet you!

What is it and how 
to use it?

It is microwave. It can ...

(Visual Interruption)

🤐

(Visual Termination)

See you ~

00:00:00 00:00:03 00:00:05 00:00:08

Figure 1. Examples of some actions in Visual Instruction Feedback task, which are Visual Wake-Up, Visual Reference, Visual Interruption,
and Visual Termination in order. The content in parentheses is displayed by body language instead of text or speech.

the instructions in the visual modality. We restrict the feed-
back primarily in conversational scenarios and define it as a
kind of feedback towards visual contents to provide in-time
interaction with users and necessary assistance effectively.
In this task, we select seven representative subtasks, includ-
ing: 1) Visual Wake-Up: users use body language to start
the conversation, 2) Anomaly Warning: agents provide in-
time warnings or advice based on accidental events, 3) Ges-
ture Understanding: agents respond to gestures from hu-
mans in conversations, 4) Visual Reference: users use body
language to refer to a specific object, 5) Visual Interruption:
users use body language to stop agents speaking, 6) Humor
Reaction: agents share feedback to funny things with users,
and 7) Visual Termination: users use body language to end
the conversation. Examples are shown in Figure 1. To fa-
cilitate exploration, we collect the ViSpeak-Bench bench-
mark containing 1,000 videos and 1,000 QA pairs and the
ViSpeak-Instruct training dataset containing 34k samples.
As shown in Table 1, ViSpeak-Bench is the first compre-
hensive benchmark to evaluate the ability to respond to in-
structions in visual modality.

However, to the best of our knowledge, none of the open-
sourced models can perform the Visual Instruction Feed-
back task even after finetuning on our dataset, especially
for the visual interruption subtask, as they adopt a turn-
taking chat template and the agent will fully express its
mind without interruption before analyzing new user in-
puts. Thus, we propose the ViSpeak model which is fine-
tuned from an existing omni-model using a novel three-
stage finetuning procedure. In the first template alignment
stage, we adapt the offline model to a streaming input tem-
plate while preserving the original offline capacities. The
template supports taking the user’s input and the model’s
responses as inputs at the same time, making the two in-
put streams fully time-aligned. This template also supports
interruption when the model is speaking. In the second
streaming finetuning stage, we enhance the model’s stream-
ing question-answering ability and proactive output abil-
ity. The resulting model achieves SOTA performance on

the StreamingBench [29] and OVO-Bench [27], achieving
62.00 and 61.08 overall scores, separately, which are com-
parable with GPT-4o. Finally, we finetune the model on our
collected ViSpeak-Instruct dataset which serves as a solid
baseline for the Visual Instruction Feedback task.

In summary, our contributions are three folds:
1. We propose a novel streaming video understanding task

named Visual Instruction Feedback, which requires the
model to actively respond to visual contents. This task
greatly enhances human-agent interactions.

2. To support exploration, we manually collect the
ViSpeak-Bench benchmark and the ViSpeak-Instruct
training dataset. We also provide some analysis based
on the evaluation results of existing models.

3. We also propose a strong baseline ViSpeak for the new
task, which is finetuned from an existing omni-modal
model with three-stage finetuning. ViSpeak not only pre-
serves offline understanding capacities but also achieves
SOTA performance on streaming video understanding
benchmarks.

2. Related Work

2.1. Large Multi-Modal Model
To better understand videos [30–32], recent Large Multi-
modal Models (LMMs) have rapidly evolved from video
understanding models [4, 23, 39, 68, 69] to omni-modal
understanding models [16, 17, 26, 35, 59, 70]. With high-
quality instruction turning data [3, 4, 48], improved train-
ing recipes [23, 48], and well-designed model architec-
ture [28, 34, 46, 56], recent LMMs achieve fine-grained
multi-modal alignment and extend their abilities of compre-
hensive image-level understanding [23, 49], fine-grained re-
gion perception [18, 21, 22, 50], long-term temporal reason-
ing [40, 66, 67], timestamp awareness [33, 47] and even hu-
man mind or emotional understanding [20, 53, 58, 70]. Al-
though great progress has been made, recent video LMMs
are primarily focused on offline videos where the entire
video is provided for understanding.
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Benchmark #Videos #QA Pairs Time Streaming PO Visual Instruct Anno
ActivityNet-QA [62] 800 8,000 ✗ ✗ ✗ ✗ Manual
NExT-QA [52] 1,000 8,564 ✗ ✗ ✗ ✗ Auto
MVBench [25] 3,641 4,000 ✗ ✗ ✗ ✗ Auto
Video-MME [15] 900 2,700 ✗ ✗ ✗ ✗ Manual
ET-Bench [33] 7,002 7,289 ✓ ✗ ✗ ✗ Manual
StreamingBench [29] 900 4,500 ✓ ✓ ✓ ✗ Mixed
ViSpeak-Bench 1,000 1,000 ✓ ✓ ✓ ✓ Mixed

Table 1. Comparison between ViSpeak-Bench and other video
benchmarks. ‘Time’ means the dataset is time-sensitive. ‘PO’ de-
notes the dataset to evaluate the proactive output ability.

2.2. Streaming Video Understanding
In practical human-agent interactions, LMMs should pro-
cess streaming videos, which has drawn great attention in
recent years. Many streaming video understanding bench-
marks [27, 29, 55, 60] have been proposed, which have si-
multaneously spurred the development of many streaming
video LMMs. VideoLLM-online [2], as a pioneer model,
proposes a LIVE framework to process streaming videos,
which uses Streaming Loss to learn when to speak. Sub-
sequently, different models focus on different challenges
in streaming video understanding. Flash-VStream [64]
and IXC2.5-OL [66] propose some memory mechanisms
to handle long context in streaming videos. Dispider [41]
and MMDuet [51] focus on proactive output, the former
disentangling perception, decision, and reaction while the
latter introduces two additional heads. Mini-Omni2 [54]
and VITA 1.5 [17] pay more attention to end-to-end real-
time speech interaction. STREAMCHAT [55] and Stream-
ingChat [60] aim to tackle the multi-round conversation
problem. In this work, we extend the streaming video un-
derstanding problem from a new perspective and introduce
a new Visual Instruction Feedback task.

3. Visual Instruction Feedback Task
3.1. Task Definition
In this work, we define a new task named Visual Instruc-
tion Feedback for streaming video understanding. For-
mally, we define the feedback as a kind of feedback towards
visual contents to provide in-time interaction with users and
necessary assistance effectively. We also restrict the feed-
back primarily to conversational scenarios. In this task,
users may not provide explicit instructions in text or au-
dio format. The agent should analyze visual inputs and ex-
press its mind accordingly. Assume a video stream X[0,+∞)

with infinite length. An action A[t1,t2] or an event E[t1,t2]

may appear at any time [t1, t2] and the model should recog-
nize them and provide feedback within a limited time span
[t1, t2+T ]. As the task focuses on conversational scenarios,
the agent should provide responses from a second-person
perspective.

According to the definition, we summarize seven key
subtasks. Before conversations:
1. Visual Wake-Up (VW). Unlike keyword-based (like

Siri) or VAD-based [16, 66] wake-up, visual wake-up

Subtask #Videos #QA Pairs QA Type
Visual Wake-Up 100 100 Open-Ended
Anomaly Warning 200 200 Open-Ended
Gesture Understanding 200 200 Open-Ended
Visual Reference 200 200 Multi-Choice
Visual Interruption 100 100 Open-Ended
Humor Reaction 100 100 Open-Ended
Visual Termination 100 100 Open-Ended
ViSpeak-Bench 1,000 1,000

Table 2. ViSpeak-Bench benchmark statistics. ViSpeak-Bench
contains 7 subtasks with 1,000 videos and 1,000 QA pairs.

needs the model response to salutations from users.
2. Anomaly Warning (AW). In this task, models need to

identify accidental events (e.g. fighting, explosion) or
unintentional actions (e.g. falling down) and provide in-
time warnings, advice, or help.

During conversations:
3. Gesture Understanding (GU). Gestures play a vital

role in conversations, even serving as a short response
from users, like “OK”, “GOOD”, “ONE”, “TWO”.
Models should understand human gestures and provide
the corresponding feedback.

4. Visual Reference (VR). In many cases, it is difficult to
describe an object or where the object is precisely, but it
can be done by pointing it out with the fingers, such as
“What is this”. Models should identify which object is
referenced and answer questions from uses.

5. Visual Interruption (VI). When users are not satisfied
with the model’s response or want to change the topic,
they may interrupt the model with some body language,
like the stop gesture. Models should stop generating the
remaining responses when receiving these signals.

6. Humor Reaction (HR). Humor understanding is one of
the key abilities of humans. Reacting properly to funny
things provides necessary emotional value to users.

7. Visual Termination (VT). Visual termination is the ac-
tion to end conversations. Although the actions in wake-
up and termination may be the same (i.e. wave hands),
they can be classified by the context where the action at
the beginning of conversations is visual wake-up, oth-
erwise visual termination. Models should be aware of
contexts and start or end conversations properly.

Although there are many other scenarios where agents
should talk to users actively, for example, sign language (we
exclude it due to the technical complexity and its variabil-
ity across the world), we believe the subtasks above cover
common scenarios in daily life. Some examples are shown
in Figure 1. More visualizations are shown in Supplement.

3.2. Dataset Construction
Video Collection and Annotation. We collect videos from
both open-sourced datasets and our self-collected datasets.

For open-sourced datasets, we use anomaly videos in
Holmes-VAU [65] and unintentional videos in OOPS [13]
for Anomaly Warning and HumorQA in FunQA [53] for
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Humor Reaction. All the datasets above are annotated with
timestamps and event descriptions. We simply use GPT-4o
to rewrite the annotations in a conversational tone to simu-
late conversations. For Gesture Understanding, we select 10
common gestures from Jester [36], each with 400 videos.

For other subtasks, we manually record the videos by
ourselves. To ensure diversity, we recruit a team of 610 peo-
ple (346 men and 264 women) with an age ranging from 10
to 70 years old from 5 provinces. For each kind of subtask,
we carefully designed diverse conversation scripts and in-
structed participants to follow these scripts during filming
to simulate human-computer interaction scenarios. Videos
are recorded in various environments, including homes, of-
fices, factories, warehouses, supermarkets, wild, and many
others. In summary, we collect 1,185 videos for Visual In-
terruption, 4,689 videos for Visual Reference, 1,188 videos
for Visual Wake-Up and Termination, and 1,507 videos for
Gesture Understanding. For each video, we manually anno-
tate the accurate timestamps for each body language, mak-
ing the videos suitable for streaming video understanding.
The corresponding scripts for each video are used as the
annotations. For the Gesture Understanding subtask, in ad-
dition to the 10 gestures in Jester [36], we further add 10
gestures commonly used during conversations, with a total
of 20 gestures. We also design 5 gestures for Visual Inter-
ruption. More details can be found in Supplement.
Dataset Enhancement. Although we have made great ef-
forts to make the dataset large and diverse, the self-collected
data still cannot cover infinite scenarios in the real world,
especially for gesture understanding. To alleviate the prob-
lem, we augment the dataset with some offline video un-
derstanding datasets. The motivation is that the model can
improve its social intelligence from the perspective of a by-
stander, simulating a child, who observes the conversations
between adults. The offline data have no timestamp annota-
tions and questions are appended at the end of the video.

Specifically, we select SMILE [20] for understanding
funny things and IntentQA [24] and Social-IQ [63] for
learning body languages. Further, we manually review the
videos in Social-IQ [63] dataset and re-annotate some com-
mon body languages lasting longer than 1 second in conver-
sations. For each action, we point out what action it is and
why the speaker did the action in the context, which helps
the model study the meaning of common body language in
the wild. In summary, 678 videos with 1,861 annotations
are collected. Examples can be found in Supplement.
Quality Verification. While recording videos, we will pro-
vide guidelines to participants to ensure the quality of the
raw videos. The videos are then sent for human annotation.
Low-quality data will be rejected and re-recorded. Some
well-performed annotators will conduct spot checks on the
annotation results. If significant quality issues are identi-
fied during annotation, the corresponding annotator will un-

Subtask Data Source Data Type #Samples Ratio
Visual Wake-Up self-collected data online 1k 0.03

Anomaly Warning OOPS [13] online 3k 0.09
HIVAU [65] online 3k 0.09

Gesture Understanding

Jester [36] online 4k 0.12
self-collected data online 4k 0.12

Social-IQ [63] offline 2k 0.06
IntentQA [24] offline 5k 0.15

SocialIQA [42] offline 0.5k 0.02
self-collected data offline 1k 0.03

Visual Reference self-collected data online 5k 0.15
Visual Interruption self-collected data online 1k 0.03

Humor Reaction FunQA [53] online 2k 0.06
SMILE [20] offline 1k 0.03

Visual Termination self-collected data online 1k 0.03
ViSpeak-Instruct 34k 1

Table 3. Task and sample distribution in ViSpeak-Instruct.

dergo retraining, and the data will be re-annotated.
Data Partition and Dataset Statistics. With the collected
data above, we manually select some representative videos
to construct the ViSpeak-Bench evaluation dataset. For Vi-
sual Wake-Up, Visual Termination and Visual Interruption,
we select 100 videos for each subtask with actions lasting
2 seconds. For Visual Reference, we carefully select 200
videos with multiple objects. The referenced object may
appear at any location within the frame and is not necessar-
ily positioned at the center. We formulate this subtask as a
multi-choice problem during evaluation and manually anno-
tate each video with three other confusing options which are
also displayed in the video, ensuring the answer is highly
related to visual reference. For Humor Reaction, we select
100 humorous videos in FunQA that are only relevant to
visual content. For Gesture Understanding and Anomaly
Warning, we randomly select 200 videos for testing. The
remaining data are contained in ViSpeak-Instruct and used
for training. The statistics of ViSpeak-Bench and ViSpeak-
Instruct are summarized in Table 2 and Table 3.
Evaluation Metrics. In our task, we evaluate both the tim-
ing accuracy Tacc of the model’s feedback (i.e., Time Accu-
racy) and the quality score S of its response text (i.e., Text
Score), and then derive an overall score O. For Time Ac-
curacy, the model should response within the ground-truth
time span [t1, t2 + T ], where T is the time margin we set.
For subtask s, the accuracy of Tres is measured based on
whether it falls within this time window.

T s
acc =

1

Ns

Ns∑
i=1

I
(
T (i)

res ∈ [t1, t2 + T ]
)
, (1)

where Ns is the number of questions in each subtask.
For Text Score, the output of the model should accurately

reflect the actions or events within the video and be consis-
tent with historical context. The response must be positive
and supportive, providing assistance to the user when nec-
essary. Thus, we use the dialogue history and ground truth
as references, designing different prompts for different sub-
tasks. We use GPT-4o as the judge model, scoring the re-
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Figure 2. ViSpeak is an omni-modality LMM with multiple encoders and a LLM. To support streaming video analysis, ViSpeak takes two
input streams as inputs, one for user inputs and one for self-generated outputs. Two streams will be combined into a single one before
sending to LLM. An informative head is trained for visual proactive output.

sponses on a scale from 0 to 5 (see Supplement for more
details). Note that, for the visual reference task, we use
multi-choice questions for evaluation and rescale the score
for this task to range from [0,5], while its response time ac-
curacy is always set to 1.

Finally, the overall score is calculated as:

O =
1

N

N∑
s=1

T s
acc × Ss, (2)

where N is the number of subtasks.

4. The ViSpeak Model
4.1. Model Architecture
In order to accomplish the Visual Instruction Feedback task,
we design a model named ViSpeak as shown in Figure 2,
which is an omni-model with an image encoder to extract
image or video features, an audio encoder for encoding both
audios and music, and a large language model to integrate
multimodal features and conduct analyses to fulfill the rel-
evant instructions. However, the turn-taking chat template
with explicit role control is not suitable for interruption. In-
spired by Moshi [10], we design a two-stream chat tem-
plate, one for user inputs and one for agent historical out-
puts, so that the model can continuously process user inputs
while outputting the next tokens. Thus, the model can ad-
just outputs based on upcoming inputs. Two input streams
are combined into a single one before sending to the LLM.
By default, we use a linear layer to predict the weights for
a weighted sum of the two streams. In the ablation study
part, we have tried many kinds of combination methods and
found that they perform similarly.

Further, we segment the streaming inputs from users into
multiple fragments, such as extracting one frame per second
from the video and dividing the audio into 1-second snip-
pets, subsequently organizing these segments in chronolog-
ical order. Each segment is appended with a special <seg>
token and the LLM can only start to speak from it. To differ-
entiate the response towards different kinds of instructions,
answers for text, audio, and visual instructions start with
“⇐”, “⇒”, and “⇓” separately, following VITA [16]. For
Visual Interruption, the model can simply output “⇓ Stop!”
at a <seg> token to stop generation.

When to speak is a key problem in streaming process-
ing. We find that using the original language model head
(next token prediction) is sufficient to handle text-answering
problems, i.e. the model can always output a “⇐” token at
the end of a text segment. However, visual proactive output
is a more challenging task and next token prediction can
not manage the turn-taking problem well. Thus, we train
another informative head to predict when to speak follow-
ing MMDuet [51], which is a binary classification head to
predict speaking or not. When the prediction score is above
a predefined threshold, the model will respond to a visual
instruction. In this work, we do not take the turn-taking
problem for audio modality into account for simplicity.

4.2. A Three-Stage Finetuning Recipe

Directly training a strong streaming model from scratch is
resource-demanding. Thus we begin with a well-pretrained
omni-modal offline model [17] and adopt a three-stage fine-
tuning recipe to train the model.

In the first template alignment stage, we adapt the of-
fline model to our streaming input template with the goal

21782



Method Params Frames Omni Real-Time Visual Understanding Omni-Source Understanding Contextual Understanding OverallOP CR CS ATP EU TR PR SU ACP CT All ER SCU SD MA All ACU MCU SQA PO All
Proprietary MLLMs

Gemini 1.5 pro [44] - - ✓ 83.43 77.94 89.24 81.65 79.17 83.92 83.93 60.32 74.87 49.22 77.39 52.40 50.80 80.40 87.60 67.80 52.80 42.40 59.20 45.10 51.06 70.26
GPT-4o [19] - - ✓ 80.66 76.98 86.67 73.81 75.95 85.48 75.00 70.66 65.99 43.09 74.54 53.60 32.40 49.00 68.80 50.95 50.40 42.80 52.40 56.86 49.06 64.31
Claude-3.5-sonnet - - ✗ 82.45 73.77 82.43 82.40 76.39 85.56 61.68 60.73 67.88 47.62 74.04 39.60 35.60 34.40 56.00 41.40 36.00 43.20 34.80 64.71 39.70 60.06

Open-Source Video MLLMs
LLaVA-OneVision [23] 7B 32 ✗ 82.83 77.34 83.23 83.33 72.05 74.77 73.15 68.29 71.10 41.97 74.27 41.20 26.10 43.20 52.80 40.83 35.08 30.40 30.00 29.55 31.68 58.56
MiniCPM-V [61] 8B 32 ✗ 78.20 71.88 84.18 83.99 75.16 75.39 72.22 56.50 67.14 47.15 72.43 42.00 27.71 40.40 50.80 40.23 37.50 27.20 40.00 22.22 34.09 57.80
InternVL-V2 [6] 8B 16 ✗ 73.84 65.63 78.80 82.03 71.43 72.90 73.15 63.01 65.44 42.49 70.11 44.80 28.11 47.20 50.80 42.73 35.08 27.20 42.80 40.91 35.40 57.28
Qwen2-VL [49] 7B 1 fps ✗ 75.75 79.69 76.58 79.08 74.53 75.08 74.07 65.85 65.16 41.97 71.15 40.80 25.30 41.20 55.60 40.73 34.27 26.40 44.40 22.73 34.24 57.20
LLaVA-Next-Video [68] 32B 64 ✗ 80.11 71.09 80.70 80.72 71.43 73.21 62.96 59.35 63.17 36.79 69.83 41.60 24.50 44.40 56.40 41.73 34.27 28.80 44.00 18.18 34.58 56.73
Video-LLaMA2 [8] 7B 32 ✓ 59.95 60.16 62.97 60.46 54.66 46.11 41.67 46.75 48.16 34.72 52.58 43.60 23.29 35.20 41.60 35.92 28.23 26.00 21.20 0.00 23.54 43.30
Ola [35] 7B 64 ✓ 61.58 71.09 67.19 62.09 62.73 51.71 60.19 52.03 53.82 17.62 56.16 40.80 27.20 23.60 43.20 33.70 30.40 22.80 31.20 11.20 23.90 44.00
VITA 1.5 [17] 7B 16 ✓ 74.11 78.13 80.76 77.12 73.91 64.17 66.67 58.54 66.57 33.68 68.20 44.00 26.80 42.80 56.80 42.60 31.60 32.80 36.40 23.60 31.10 54.27

Open-Source Streaming MLLMs
Flash-VStream [64] 7B - ✗ 25.89 43.57 24.91 23.87 27.33 13.08 18.52 25.20 23.87 48.70 23.23 25.91 24.90 25.60 28.40 26.00 24.80 25.20 26.80 1.96 24.12 24.04
VideoLLM-online [2] 8B 2 fps ✗ 39.07 40.06 34.49 31.05 45.96 32.40 31.48 34.16 42.49 27.89 35.99 31.20 26.51 24.10 32.00 28.45 24.19 29.20 30.80 3.92 26.55 32.48
IXC2.5-OL [66] 7B 64 ✗ 82.83 73.77 78.66 82.95 72.50 76.01 61.11 60.67 71.59 58.85 73.79 - - - - - - - - - - -
Dispider [41] 7B 1 fps ✗ 74.92 75.53 74.10 73.08 74.44 59.92 76.14 62.91 62.16 45.80 67.63 35.46 25.26 38.57 43.34 35.66 39.62 27.65 34.80 25.34 33.61 53.12
ViSpeak (Ours, s2) 7B 1 fps ✓ 79.84 88.28 83.28 81.05 76.40 75.08 70.37 65.85 77.34 34.20 74.36 42.80 35.20 61.20 74.80 53.50 38.80 36.80 44.00 38.80 39.60 62.00
ViSpeak (Ours, s3) 7B 1 fps ✓ 79.84 71.09 81.39 78.76 74.53 70.09 63.89 64.23 71.39 27.98 70.44 47.20 56.40 61.60 81.20 61.60 49.20 36.40 39.20 50.80 43.90 62.58

Table 4. Performance on StreamingBench [29]. Results for ViSpeak trained after the second and third stage are reported.

Method Params Frames Real-Time Visual Perception Backward Tracing Forward Active Responding OverallOCR ACR ATR STU FPD OJR Avg. EPM ASI HLD Avg. REC SSR CRR Avg.
Proprietary MLLMs

Gemini 1.5 pro [44] - - 87.25 66.97 80.17 54.49 68.32 67.39 70.77 68.59 75.68 52.69 62.32 35.53 74.24 61.67 57.15 65.25
GPT-4o [19] - - 69.13 65.14 65.52 50.00 68.32 63.68 63.63 49.83 70.95 55.38 58.72 27.58 73.21 59.40 53.40 58.58

Open-Source Video MLLMs
Qwen2-VL [49] 72B 64 72.48 56.88 77.59 52.25 74.26 61.41 65.81 51.52 73.65 63.44 62.87 37.68 60.10 45.00 47.59 58.76
Qwen2-VL [49] 7B 64 69.13 53.21 63.79 50.56 66.34 60.87 60.65 44.44 66.89 34.41 48.58 30.09 65.66 50.83 48.86 52.70
LLaVA-Next-Video [68] 7B 64 69.80 59.63 66.38 50.56 72.28 61.41 63.34 51.18 64.19 9.68 41.68 34.10 67.57 60.83 54.17 53.06
LLaVA-OneVision [23] 7B 64 67.11 58.72 69.83 49.44 71.29 60.33 62.79 52.53 58.78 23.66 44.99 24.79 66.93 60.83 50.85 52.88
InternVL-V2 [6] 8B 16 68.46 58.72 68.97 44.94 67.33 55.98 60.73 43.10 61.49 27.41 44.00 25.79 57.55 52.92 45.42 50.05
LongVU [43] 7B 1 fps 55.70 49.54 59.48 48.31 68.32 63.04 57.40 43.10 66.22 9.14 39.49 16.62 69.00 60.00 48.54 48.48
VITA 1.5 [17] 7B 16 74.50 60.55 70.69 53.37 63.37 58.70 63.53 46.13 54.05 24.19 41.46 37.54 60.73 62.08 53.45 55.49

Open-Source Streaming MLLMs
Flash-VStream [64] 7B 1 fps 25.50 32.11 29.31 33.71 29.70 28.80 29.86 36.36 33.78 5.91 25.35 5.44 67.25 60.00 44.23 33.15
VideoLLM-online [2] 8B 2 fps 8.05 23.85 12.07 14.04 45.54 21.20 20.79 22.22 18.80 12.18 17.73 - - - - -
ViSpeak (Ours, s2) 7B 1 fps 75.17 58.72 71.55 51.12 74.26 66.85 66.28 59.93 48.65 63.98 57.52 33.81 68.52 60.42 54.25 61.08

Table 5. Performance of various MLLMs on OVO-Bench [27]. Results for ViSpeak trained after the second stage are reported.

of not compensating for its offline multi-modal under-
standing ability. In this stage, we select 300k text data
from Magie [57], 665k image data from ShareGPT4V [3],
1,335k video data from LLaVA-Video [69], 410k audio data
from LibriSpeech [38] and WavCaps [37], and 121k cross-
modality data from Ola [35], with a total of 2.7M data for
training. To save computation, we compress the data by
concatenating short samples to a longer one, resulting in
2.0M data. To further enhance the cross-modality feature
alignment, we use the audio in video data when available.
We further use the CosyVoice2 [12] Text-to-Speech (TTS)
method to change a small part of text questions in image and
video data into speech following VITA [16]. To make sure
the speech is rich in diversity, we select the voice of 5,962
speakers in VoxCeleb2 [9] as the condition for CosyVoice2
to synthesize speech. The training starts with tuning the
projector with one quarter of the data and then training the
projector and the LLM with LoRA and all data.

In the second streaming finetuning stage, we enhance the
model’s streaming question-answering ability and proac-
tive output ability. Thus the data should be annotated with
timestamps. In this stage, we use 81k data from MM-
Duet [51] with temporal video grounding task, dense cap-
tioning task, and multi-answer question answering task, 42k
data from ET-Instruct [33] for temporal action localization
task and referred video captioning task, and 42k data from
EgoTimeQA [11] for general question answering task. We

also sample 500k offline data in stage 1 to enrich the dataset.
Finally, the training dataset comprises 657k samples. The
informative head is trained at this stage.

Finally, we finetune the model on our collected ViSpeak-
Instruct dataset, giving the model the ability to mine the
instructions in the visual modality and respond to users ac-
tively. The resulting model ViSpeak serves as a solid base-
line on ViSpeak-Bench.

5. Experiment

5.1. Implementation Detail

ViSpeak is finetuned from VITA 1.5 [17] due to its high per-
formance on omni-modal data and early open-resourcing,
which uses Qwen2 7B [45] as the LLM and InternViT-
300M-448px [7] as the visual encoder. The audio encoder
is designed by VITA itself and has 341M parameters. In
the first stage, we first employ a learning rate of 5e-4 and
batch size 256 for MLP adapter pre-training and a learn-
ing rate of 1e-4 and batch size 128 for LLM LoRA fintun-
ing. The number of tokens for each image is 256 and the
maximum number of images per video is 16. In the second
and third stages, the training configurations are the same as
those in stage 1 finetuning. However, as streaming video
always lasts for a few minutes, we further downsample the
image for each frame by a factor of 2, resulting in 64 tokens
per image, and increase the maximum number of images per
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Method Params Frames Omni Streaming Time Accuracy (%) Text Score OverallAW VI HR VW VT GU All VR AW VI HR VW VT GU All
Human (Avg) - - - - 70.00 100.00 90.00 92.00 96.00 98.80 91.13 4.80 2.45 4.58 3.06 5.00 5.00 2.85 3.96 3.69
Human (Max) - - - - 70.00 100.00 100.00 100.00 100.00 100.00 95.00 5.00 2.71 5.00 3.62 5.00 5.00 3.19 4.22 4.01

Proprietary MLLMs
Gemini 1.5 pro [44] - - ✓ ✗ 46.00 60.00 85.00 84.00 48.00 97.00 70.00 3.03 2.34 2.93 1.36 4.66 4.68 2.07 3.01 2.19
GPT-4o [19] - - ✓ ✗ 48.50 82.00 96.00 99.00 100.00 99.50 87.50 3.18 2.27 3.53 1.71 5.00 4.98 2.22 3.27 2.99

Open-Source Video MLLMs
InternVL-2.5 [5] 8B 16 ✗ ✗ 41.50 55.50 46.00 96.00 72.00 99.50 68.42 2.93 2.16 3.67 0.74 3.05 4.81 1.26 2.66 1.98
Qwen2.5-VL [1] 7B 1 fps ✗ ✗ 42.50 78.00 31.00 95.00 85.00 98.50 71.67 2.34 2.31 2.31 1.32 5.00 3.91 1.02 2.60 2.25
Qwen2.5-VL [1] 72B 1 fps ✗ ✗ 44.50 81.00 77.00 91.00 91.00 93.00 79.58 3.15 2.64 3.36 1.00 5.00 5.00 1.50 3.09 2.62
VITA 1.5 [17] 7B 1 fps ✓ ✗ 18.00 46.00 40.00 88.00 49.00 97.50 56.42 2.40 2.08 0.57 0.85 4.57 4.49 1.18 2.31 1.54
Ola [35] 7B 1 fps ✓ ✗ 27.00 67.00 44.00 89.00 69.00 98.50 65.75 2.95 1.81 2.67 0.55 4.71 3.67 1.52 2.55 1.86
FlashVstream [64] 7B 1 fps ✗ ✓ 34.00 16.00 48.00 75.00 33.00 99.50 50.92 1.75 1.63 1.31 0.67 4.88 4.61 0.70 2.22 1.24
Dispider [41] 7B 16 ✗ ✓ 38.50 70.00 44.00 69.00 100.00 99.50 70.17 2.50 1.75 4.06 0.91 0.61 2.49 2.07 2.06 1.63
ViSpeak (Ours, s3) 7B 1 fps ✓ ✓ 56.50 72.00 83.00 93.00 79.00 99.00 80.42 3.75 2.63 3.84 1.07 4.95 3.15 3.36 3.25 2.76

Table 6. Performance of various MLLMs on ViSpeak-Bench. Results for ViSpeak trained after the third stage are reported. For human
evaluation, we invite 5 participants which are not received relevant training to answer 20% randomly selected questions and we report their
average scores and the maximum scores on each subtask.

video to 64 accordingly, to extend the context. By default,
videos are sampled at 1 fps. All experiments are conducted
on 32 NVIDIA L20 GPUs and the max context length is set
to 6,200 due to resource limit. The threshold for the infor-
mative head is set to 0.35 for all experiments.

5.2. Streaming Video Understanding Benchmarks
In this subsection, we select two large-scale comprehensive
streaming video understanding benchmarks for evaluation.
Performance on StreamingBench. StreamingBench [29]
is a comprehensive benchmark for streaming video under-
standing. As shown in Table 4, our ViSpeak model achieves
SOTA performance among open-sourced models with only
7B parameters. And the performance is also comparable
with GPT-4o, which is a well-known model for its omni-
source understanding and interactive ability. And the per-
formance of ViSpeak on omni-source understanding is even
higher than GPT-4o (61.60 vs 50.95), demonstrating its out-
standing omni-modal comprehensive understanding. Fur-
ther, with our informative head, our model can speak proac-
tively and get 38.80 scores on PO tasks, while other models
should change the proactive problem to an offline one. After
the stage 3 finetuning, the proactive output ability is further
enhanced and gets 50.80 scores.
Performance on OVO-Bench. OVO-Bench [27] is de-
signed for evaluating the backward tracing ability, the
real-time visual perception ability and the forward ac-
tive responding ability. As shown in Table 5, our ViS-
peak model also achieves SOTA performance among open-
sourced models and the performance is even higher than
that of GPT-4o, showing a great ability to handle time-
sensitive characteristics in video streaming understanding.

5.3. ViSpeak-Bench
On ViSpeak-Bench, we evaluate both representative propri-
etary and open-source MLLMs. We also conduct a human
evaluation as a reference. Results are shown in Table 6.

For human evaluation, we find that in most cases, hu-
mans are able to provide appropriate responses at a suitable

time and achieve the highest score. But the scores on AW,
HR, and GU are relatively low. For Anomaly Warning and
Humor Reaction, participants overlook some details in their
descriptions, leading to a reduction in scores. And partici-
pants sometimes fail to accurately describe the gestures de-
picted in the videos in the gesture understanding subtask.

During testing MLLMs, we observed existing models
perform poorly when not given explicit prompts to indi-
cate the exact expected response type, because these mod-
els are unaware they are in a conversational scenario. To
ensure the reliability of the evaluation of these models, we
provide clear prompts for different subtasks (see Supple-
ment for more details). With explicit prompts, all models
achieve stable performance. Some observations are con-
cluded as follows: a) Due to its great interactive ability,
GPT-4o performs best among all models. b) Within open-
sourced offline models, Qwen2.5-VL[1] performs best and
a larger model can get more reasonable responses. c) For
open-sourced omni-modality models Ola [35] and VITA
1.5 [17], their performances in both time accuracy and
text score are inferior to models like InternVL-2.5 [5] and
Qwen2.5-VL [1], possibly because they prioritize omni-
modality, resulting in a weaker focus on visual understand-
ing. d) For streaming video LMMs, FlashVstream [64] and
Dispider [41] still underperform Qwen2.5-VL. We find that
FlashVstream tends to speak aggressively, always prior to
the actions or events, especially for VI and VT in which the
actions are not at the beginning of the video. Additionally,
we also use the same prompts for evaluating MMDuet [51]
and VideoLLM-online [2], but we find they can not follow
the instructions and simply describe the video, e.g. “You
look at the camera.”, which is possibly due to their selected
training datasets.

In contrast, without explicit prompts, ViSpeak achieves
the highest scores among open-source models, owing to
fine-tuning from our strong streaming model. However, we
observed that the performance on the anomaly warning and
humor reaction subtasks is relatively low, as these tasks ex-
hibit considerable variability in real-world scenarios, and
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Method MME MVBench Video-MME
VITA 1.5 2353.5 (1728.9/624.6) 53.95 58
Adaptive Sum 2237.0 (1636.3/600.7) 54.12 55
Linear 2283.4 (1685.5/597.9) 52.95 56
Add 2292.8 (1691.4/601.4) 54.27 55

Table 7. Ablation studies on input stream combination methods

Exp Head Joint Token Real Omni Context All PO
(a) LM ✓ <seg>

73.88 51.70 37.70 60.91
30.00

(b) inform ✗ <seg> 34.80
(c) inform ✗ Visual 36.00
(d) inform ✓ Visual 74.36 53.50 39.60 62.00 38.80

Table 8. Ablation studies on the design of visual proactive
speaking control. Performances on StreamingBench are reported.
‘Head’ denotes using language modeling head or informative head
for prediction. ‘Joint’ denotes whether the head is finetuned with
LLM. ‘Token’ means which token is used for prediction.

understanding humor is difficult for MLLMs without rea-
soning ability.

5.4. Ablation Study
Effect of different combination methods to combine two
input streams. In the ViSpeak model, we propose to use
a two-stream chat template to support interactions within
streaming videos. Two input streams (one for the user
and one for the agent) are combined into a single one be-
fore sending to LLM. We design three types of combina-
tion methods: ‘Adaptive Sum’, ‘Linear’ and ‘Add’. The
‘Add’ method directly adds two streams into a single one
along the feature channel dimension. The ‘Linear’ method
first concatenates two streams along the feature channel di-
mension and then uses a linear layer to reduce the dimen-
sion. The ‘Adaptive Sum’ method first predicts a weight
for each stream and then weighted adds two streams. The
intuition behind ‘Adaptive Sum’ is that two inputs may not
have equal importance at a specific timestamp. When mod-
els are generating responses, they may focus more on their
previous output tokens, whereas they pay more attention to
user input tokens otherwise. In these experiments, we select
MME [14] for image understanding ability evaluation and
Video-MME [15] and MVBench [25] for the evaluation of
video understanding capacity. As shown in Table 7, after the
first template alignment stage, the model can maintain its
offline data understanding ability, achieving a performance
comparable to our baseline VITA 1.5. Further, we find that
different combination methods also perform similarly and
we use the ‘Adaptive Sum’ method by default.
Effect of different designs to control visual proactive
output. In this work, we jointly train an informative head
with the LLM to control visual proactive output. In Ta-
ble 8, we ablate different designs. In Exp (a) to (c), we
first train the model except the informative head. Then, we
freeze the LLM and train the informative head in Exp (b)
and (c). We find that using the language modeling head

Dataset HR (Text Score) GU (Text Score) Overall
ViSpeak-Instruct 1.07 3.36 2.76
w/o offline data 1.02 3.17 2.70

Table 9. Ablation studies on the offline data in ViSpeak-Instruct.
Performance on ViSpeak-Bench are reported.

for proactive control gets limited performance with only
30.00 scores. Training an informative head following MM-
Duet [51] on the frozen LLM can get 34.80 scores. We
further find that the last visual token in a segment contains
more visual cues than the <seg> token so training the in-
formative head based on the visual token can further im-
prove the proactive output score to 36.00. Since the LLM
in Exp (a) to (c) are frozen, the performance of other tasks
in StreamingBench is the same across these experiments.
In Exp (d), we jointly train the informative head with LLM
and get the highest proactive output performance. We find
that other tasks in StreamingBench are also improved by
co-training. We speculate that the informative head makes
the model aware of the action boundary thus improving the
performance on other tasks.
Effect of the different dataset composition of ViSpeak-
Instruct. Since there are many kinds of gestures in con-
versations and the gesture in different contexts has different
meanings. To enhance the gesture understanding ability, we
use some offline data during training, as well as for humor
reactions. As shown in Table 9, using offline data can in-
crease the generalization ability and get higher scores.

6. Conclusion

In this work, we extend the streaming video understand-
ing problem with a new Visual Instruction Feedback task,
which requires the model to respond to visual contents ac-
tively. To facilitate research, we define seven key sub-
tasks and collect the ViSpeak-Bench for evaluation and the
ViSpeak-Instruct for training. To solve this problem, we
first adapt an offline omni-modal LMM to our designed
chat template, and then finetuning it to get a SOTA stream-
ing LMM. This model is evaluated on two comprehen-
sive streaming benchmarks and gets GPT-4o-level perfor-
mance. Finally, we finetune the SOTA streaming model on
ViSpeak-Instruct and get the ViSpeak model which serves
as a strong baseline on ViSpeak-Bench for future research.
We hope our work can provide deeper insights into stream-
ing video understanding and human-agent interaction.
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