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Abstract

Despite advancements in Video Large Language Models (Vid-
LLMs) improving multimodal understanding, challenges per-
sist in streaming video reasoning due to its reliance on con-
textual information. Existing paradigms feed all available his-
torical contextual information into Vid-LLMs, resulting in
a significant computational burden for visual data process-
ing. Furthermore, the inclusion of irrelevant context distracts
models from key details. This paper introduces a challeng-
ing task called Context-guided Streaming Video Reasoning
(CogStream), which simulates real-world streaming video
scenarios, requiring models to identify the most relevant his-
torical contextual information to deduce answers for questions
about the current stream. To support CogStream, we present a
densely annotated dataset featuring extensive and hierarchical
question-answer pairs, generated by a semi-automatic pipeline.
Additionally, we present CogReasoner as a baseline model.
It effectively tackles this task by leveraging visual stream
compression and historical dialogue retrieval. Extensive exper-
iments prove the effectiveness of this method.

Code — https://github.com/LiamZhao326/CogStream

Datasets —
https://huggingface.co/datasets/SII-KY W/CogStream

Extended version — https://arxiv.org/abs/2506.10516

1 Introduction

Streaming video understanding has emerged as a crucial task.
It is anticipated to conduct a dynamic and comprehensive
interpretation of video stream. In a streaming context, stream-
ing Video Question Answering (VQA) involves scenarios
where users watch an ongoing video stream and continuously
interact with the model. Users continuously ask questions
about the latest video content, while the model provides an-
swers based on the video content it has seen thus far.
However, current Vid-LLMs still face significant chal-
lenges in performing streaming VQA, stemming from: (1)
Multi-turn contextual reasoning, where dialogues are log-
ically inter-connected, requiring Vid-LLMs to leverage his-
torical dialogue information for accurately answering current
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questions. (2) Spatio-temporal information dynamics, re-
quiring the ability to update adaptive answers that evolve in
sync with dynamic visual information over time. To this end,
existing methods try to compress frames (Qian et al. 2024)
to capture more comprehensive visual features or enhance
memory mechanisms (Zhang et al. 2024a; Xiong et al. 2025)
to retain more information from historical conversations.
However, the rapid growth of video data within streams
poses great challenges for efficient visual information pro-
cessing. Moreover, current methods typically rely on sum-
marizing all historical textual information to understand the
current stream. However, including irrelevant context easily
distracts models, causing them to misinterpret insignificant
details as important and thereby undermining the reasoning.
Based on the idea of streaming VQA, we introduce a novel
and challenging task named Context-guided Streaming Video
Reasoning (CogStream). The core of this task is to identify
the most relevant historical contextual information for stream-
ing video reasoning. By focusing on pertinent cues derived
from relevant historical context, Vid-LLMs can significantly
enhance reasoning accuracy and efficiency, circumventing the
need to process the entire historical stream. To support this
task, we present a new dataset with distinctive features: (1) A
semi-automatic pipeline for constructing an annotated dataset
from unlabeled videos; (2) High-quality QA pairs where an-
swers to questions about the current stream are supported and
deduced by previous dialogue; and (3) Hierarchical reasoning
tasks that offer various levels of streaming VQA complexity.
Furthermore, we propose a baseline method, CogReasoner,
which learns to (1) compress the accumulated video stream,
(2) retrieve relevant historical QA pairs, and (3) reason over
the integrated visual-textual information, enabling a more
effective and streamlined solution for the CogStream task.

2 Related Work

Video Large Language Models The evolution of large lan-
guage models (LLMs) (Chiang et al. 2023; Peng et al. 2023;
Dubey et al. 2024) has significantly propelled the creation
of video large language models (Vid-LLMs) (Fu et al. 2025;
Zhang, Li, and Bing 2023; Wang et al. 2024b). Vid-LLMs
augment LLMs with multimodal data, broadening their utility.
Many of these, including VideoLLaMA (Zhang, Li, and Bing
2023), VideoLlaVA (Lin et al. 2023), and InternVL (Chen
et al. 2024d), draw inspiration from BLIP-2 to conduct large-
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Figure 1: Illustration of CogStream. Given a streaming video, users continuously interact with models by asking questions.
Both the video data and the history of QA dialogue grow with the stream. To answer the latest question, models must deduce
the answer from relevant historical context, thereby forming the dialogue stream. Our CogReasoner addresses this task by
compressing streaming video based on current questions and accurately retrieving relevant historical QAs to deduce the answer.

scale video-text pre-training, enabling them to comprehend ning extended time periods and cross-segment associations,
and analyze video content. Nevertheless, handling long and thereby compelling models to leverage historical QA infor-
streaming video content continues to present hurdles due to mation for dynamic reasoning.

high computational demands, memory constraints, and the Tab. 1 compares our work with current benchmarks.
complexity of modeling long-range temporal relationships.

Streaming Video Understanding Existing streaming video 3 CogStream Task and Dataset
research. primaljily focuges on §peciﬁc visual tasks, such Task Setup

as real-time object tracking (Liu et al. 2022; Wang et al.

2020), action recognition (Luvizon, Picard, and Tabia 2020; As illustrated in Fig. 1, the CogStream task simulates a real-
Zhang et al. 2016), and instantaneous video content descrip- world scenario where users watch an ongoing video stream
tion (Chen et al. 2024a). While these methods excel in their and continuously interact with a model, asking questions
individual domains, they often fall short in complex multi- about the content presented so far. Formally, at current time
task scenarios and lack the ability for in-depth understanding step ¢, a new video segment v; is presented, and the cumula-
across varied time segments. Similarly, current benchmarks tive streaming video viewed up to this point is represented
like SVBENCH (Yang et al. 2025) predominantly evaluate re- by V; = {v1,...,v:}. The model also maintains the histori-
lationships between adjacent video segments, neglecting the cal dialogue with the user, consisting of previous question-
deep reasoning required for longer temporal contexts. This answer (QA) pairs: QA; 1 = {qai, qaz,...,qa;—1}. Con-
limitation inherently constrains performance on tasks that currently, the user may pose a new question g; concerning the
necessitate integrating information across multiple segments. video content. Answering such a question requires the model

to access and integrate both the cumulative video content V;

Video Question-Answering VideoQA is crucial for evaluat- and the historical textual information Q A, ;.

ing Vid-LLMSs’ capabilities, particularly their grasp of long-
term context. Existing VQA datasets fall into two categories:

static (e.., REXTIME (Chen et al. 2024b), NextQA (Xiao ~ DAtaset Overview

etal. 2021), Video-MME (Fu et al. 2025)) and streaming (e.g., To support this task, we introduce a new dataset, which em-
VStream-QA (Zhang et al. 2024b), STREAMBENCH (Wu powers and validates streaming video reasoning capabilities
et al. 2024), SVBench (Yang et al. 2025)). While static bench- via the QA paradigm. Specifically, as shown in Fig. 2, we
marks leverage global video input for reasoning, they lack categorize all QA pairs into three distinct types based on
streaming support and associations between QAs. Streaming the temporal coverage of historical information required for
datasets, conversely, target long-span temporal understand- answering: Basic QA, Streaming QA, and Global QA.

ing but often underutilize historical QAs for context-driven Basic QA understands the current video segment v; from
reasoning. Differently, this paper introduces a novel dataset four key aspects: action (“What’s the man doing?”), objects
& approach focusing on complex contextual relationships (“What’s the girl holding?”), attributes (“What style is this
within streaming videos. Our dataset features QA pairs span- hat?”), and co-reference (refers back to a specific object
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Datasets Streaming VQA | QA Logical Assoc. | Context Retrieval Temporal Span Total QA
REXTIME (Chen et al. 2024b) X X X - 12,759
NextQA (Xiao et al. 2021) X X X - 52,044
Video-MME (Fu et al. 2025) X X X - 2,700
VStream-QA (Zhang et al. 2024b) v X X - 3,500
STREAMBENCH (Wu et al. 2024) v 4 4 Long-span 4,500
SVBench (Yang et al. 2025) v 4 X Adjacent, Long-span 49,979
CogStream (Ours) v v v Adjacent, Long-span 59,032

Table 1: Comparison of Video Question-Answering Datasets. QA Logical Assoc. indicates if a question’s answer depends on
prior QAs. Temporal Span refers to the time distance between associated QA pairs in streaming Video QA, which can be
adjacent (consecutive segments) or long-span (distant segments).

mentioned earlier:“How is it used?”’). Basic QA provides
essential context for subsequent Streaming and Global QA.
Streaming QA is designed based on the nature of streaming
video reasoning (Fig. 2), requiring the model to attend to con-
tinuously updated visual V; = {v1, - - - ,v;} and textual infor-
mation QA;—1 = {qa1,qas,...,qa;—1}. These questions
are designed to assess five distinct capabilities of Vid-LLMs:
(1) Sequence Perception, requiring the model to reconstruct
the chronological evolution of events across segments, based
on prior visual-textual context; (2) Dialogue Recalling, focus-
ing on the model’s capacity to retrieve specific content from
historical dialogue; (3) Dynamic Updating, where answers
must evolve based on the ongoing video stream; (4) Object
Tracking, challenging the model to recognize and follow the
same entity across multiple segments; and (5) Causal Reason-
ing, requiring inference over cumulative visual and textual
information to analyze causes or predict outcomes.

Global QA Once the entire video V,, = {v1,...,v¢, ..., v}
has been processed (i.e., stream ends), the model is tasked
with reviewing the entire video in conjunction with its associ-
ated QA pairs. This review aims to achieve a comprehensive
understanding and enable higher-level reasoning. Global QA
addresses two tasks: (1) Global Analysis: detailed examina-
tion of complex topics, events, or underlying meanings within
the video, requiring the model to interpret abstract concepts
and recognize intricate relationships; (2) Overall Summary:
synthesizes information from all segments into a coherent
summary of the overarching narrative or theme.

Dataset Construction Pipeline

We propose a semi-automatic pipeline (Fig. 3) to construct
our dataset from unlabeled videos. It comprises four steps:
(1) Video Segmentation: dividing raw videos into event-based
segments; (2) QA Pairs Generation: generating various types
of QA pairs for each segment; (3) Relevance QA set Con-
struction: Identify relevant QA set; (4) Dialogue Stream
Generation: generating the dialogue stream based on QAs.
Video segmentation To simulate continuous interactions in
CogStream, we first divide each video into a series of non-
overlapping, event-based segments using the SceneTiling
method (Wang et al. 2024b). The timestamp ¢ at the end of
each segment v, serves as an interaction point. To ensure
high segmentation quality, we also perform a manual review
and refinement process. Details are provided in the Extended
version.

13334

QA pairs generation We utilize a Multimodal Large Lan-
guage Model (MLLM), such as GPT-4o, to generate QA
pairs for each video segment based on its visual content.
To ensure logical relevance of QA pairs across segments,
we introduce a semantic propagation strategy. This strategy
generates a title and summary for each segment vy, serving
as contextual priors for the next segment v, 1. Specifically,
the MLLM generates QA pairs and a title L; (representing
the segment’s theme), refines these QA pairs to eliminate
answer-revealing hints for question integrity and challenge,
and produces a summary s; of the refined QA pairs as de-
tailed context. These titles and summaries, collected into
sets L; and Sy up to ¢, serve as contextual priors for subse-
quent segments. Formally, QA pairs for v; are generated as:

qaBes = MLIM(vy), ga?™™/ %' = MLIM(vy, Ly_1, Si_1),

where gaP?%- denotes Basic QA pairs depending only on vy,
qa’"™/ %" denotes Streaming/Global QA pairs incorporat-
ing prior titles L;_; and summaries S;_; for context. The
process iterates over all segments to yield candidate QA set
QA for the input video. Further details are in the Extended

version.

Relevance QA set construction Next, we establish a rele-
vance scoring mechanism to quantify logical and contextual
dependency between QA pairs across video segments. Specif-
ically, for each current QA pair ga. € QQA;, we instruct an
MLLM to estimate a relevance score RS, ;, with each previ-
ous QA pair ga, € QA;—1: RS, , = MLLM(qa., ga,). This
is based on two criteria: (1) content relevance, assessing
shared content (e.g., objects, events) between ga. and ga,,
and (2) logical supportiveness, evaluating if ga, extends or
builds upon ga,. The MLLM assigns RS € (0, 7) per pair,
with higher scores indicating stronger relevance. Only pairs
with RS > 4 are appended to the relevant QA set of the
current QA. Further details are in the Extended version.

Dialogue stream generation We simulate streaming user in-
teractions by building coherent dialogue streams with strong
QA contextual dependencies, using a two-step chronological
selection. Initially, two basic QA pairs are randomly added
per video segment v; for foundational understanding. Next,
when adding complex QAs (Streaming and Global), we pri-
oritize interdependence with prior QAs. This is achieved via
a Composite Score that combines relevance to previous QAs
with the size of their relevant QA sets. Probabilistic selection
based on normalized scores ensures strong logical coherence.
Multiple randomized iterations are performed to diversify



Dynamic Updating
A What ingredients have been added so Far”

Lo is SN 5 X
? 25 00 d} 27:00
Sugar an ugar, honey mixture,r'
honey m/xture IL and bread flour

16:00
£ What tools are used to
prepare the parchment ]
paper? iS85
€3 Pencil and scissors

12:00
L What is he doing?
& He’s marking the
corner with a pencil ~

Streaming QA Pairs
0b]ect Tracking

rH

52:00 18:00 21:00 42:00
D What was honey mixture p‘whﬂt Ingredient  ® What js he 12 Which is added
used for the last time? is this? damg’ l|-» first: sugar or eggs?

Mixing with
other ingredients

Causal Reasonmg

36 00 37:00
D What needs to be done to
prepare parchment paper?

@

& Egg Liquid

First mark the corners w:th a penc:l |

Sequence Perception

2 %
“Pour the bater ifito,pans

& Adding sugar” | i @Eggs are added first

Remove fiom pan .

B\
75:00

8 Do you remember what tools | asked about?
I"e9You asked, ‘What tools are used to prepare
the parchment paper?, my answer is “Pencil

74:00

and scissors”

J

Basic QA Pairs Global QA Pairs QA Types Distribution
Actions Attributes Global Analysis
LY TR _ 16000 Levels
14000 I Basic _
n Bl Streaming
; ‘© 12000 I Global
5:00 q ol
98:00
o i o
2 What i L What Time £ Based on the video, g 10000
he doing? is it? hat led the libtl
Playing & Around w Iﬂe & . g t'h R |5 8o
snowboard- \\ 77:50 qirl vo encer IS room: E 6000
Co-‘rfeference | Object Overall Summary g 2000
| s - =4
| i ol
. N . . . T
8:00 / 16:00 135:00 & P & & > D
2 » s . o L @ N O P &S
?}I'};:b happened u/ho is this? What is the process ?§ ) & é@}e O g zazQ% \0\\\ Oqu AQ&\Q Q) &“6\01\ &
EHe fell down- EPuss in Boots for making Castella? A Qe?f" 6Qe§° & O W

Figure 2: Illustration of different QA settings and type distribution in the dataset. Top: Streaming QA. Bottom-left: Basic QA
(left) and Global QA (right). Bottom-right: Distribution of QA types.

Review result Value COIN (Tang et al. 2019) (18.0%), and YouCook2 (Zhou, Xu,
Answer Acc.(%) 86.72 and Corso 2018) (8.6%). After selecting videos with high-
ieleV;%QIé Selt. Acc(%) 36253i quality annotations, our final dataset comprises 1,088 videos,
Azg TV EN}E;E? ano tation) 145h yielding a total of 59,032 question-answer (QA) pairs. The

videos range from 1 to 7 minutes, with some over 10 min-
utes, and are segmented into 5.02 segments on average via
manual annotation. These pairs were derived by sampling
and reorganizing an initial set of 58,030 QA pairs, each as-
sociated with distinct relevant QA set labels. Fig. 2 (right-
bottom) presents the QA type distribution of our dataset:
Basic (34.6%), Streaming (54.6%), and Global (10.8%). We
then allocated 236 of these videos to the testing set and the
remaining 852 videos to the training set. Analysis details are
in the Extended version.

Table 2: Human quality assessment for generated dataset. Rel-
evant QA Set Acc. evaluates QA set relevance by excluding
irrelevant sets and including all strongly related ones. Avg.
T/V (Pipeline) and Avg. T/V (Manual Annotation) denotes
the average time per video for automated QA pair generation
and human manual annotation, respectively.

sequence difficulty. See Extended version for full details.
Manual review To validate the quality of our generated
dataset, we conducted human evaluations on a random sample
from the dataset. We assessed the generated data in terms of
answer accuracy, information completeness, and contextual
logical consistency, and provided manual annotations for
comparison. As summarized in Tab. 2, the results show a
high overlap between the generated and human-annotated

Dataset Analysis

Video source and dataset scale To build our dataset, we col-
lected 6,361 unannotated videos from six public sources:
MovieChat (Song et al. 2024) (accounting for 40.2%),
MECD (Chen et al. 2024¢) (16.8%), QVhighlights (Lei, Berg,
and Bansal 2021) (9.8%), VideoMME (Fu et al. 2025) (6.5%),
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Figure 3: The generation pipeline of CogStream dataset.

data, demonstrating both the efficiency of our semi-automatic
pipeline and its ability to maintain high data quality.

4 CogReasoner

In the CogStream task, answering questions necessitates
leveraging historical visual and dialogue content. However,
as video data accumulates over time, the expanding volume
of historical data introduces redundancy and computational
burden, leading to inefficient processing and challenges in iso-
lating critical content. To this end, we propose CogReasoner,
a baseline designed to effectively (1) compress accumulated
video stream, (2) retrieve relevant historical QA pairs, and
(3) reason over integrated visual-textual information.

Visual Stream Compression

Temporal-semantic clustering Given sampled frames, they
are first encoded and projected into frame-wise features X =
{x1,...,xn} (x; € RPXP), paired with timestamps T =
{t1,...,tn}. Building upon vanilla K-means, we then devise
a temporal-aware clustering algorithm. It groups the features
into coherent event representations by employing a composite
distance metric, D, designed to jointly model semantic and
temporal similarities between frames. Specifically, for each
frame feature x; at ¢;, we compute two distances: the feature
distance df(x;,c;) to the j-th cluster centroid c;, and the
temporal distance dy(t;, 7;) to j-th cluster centroid time 7;:

d(xi ¢5) = llxi — ¢l de(ts,75) = [ti =750 (D)
The composite distance D is derived by integrating both
semantic and temporal components:

D = ]-"nf(df(xi,cj))Q+a}'m(dt(t¢,7j))2,

@)
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where F,,¢(-) and F,(-) denote min-max normalization ap-
plied along the feature and time dimensions, o controls the
relative weight of the temporal component. Finally, based on
the composite distance, we perform K -means clustering to
produce multiple events. The number of K is set proportion-
ally to the video length. In this way, by jointly considering
semantic similarity and temporal coherence, we effectively
group original frames into coherent events, providing a struc-
tured perception of video for subsequent streaming com-
pression. Ablation studies about K, more details, detailed
schematic diagram are presented in the Extended version.
Question-aware streaming compression Treating all histor-
ical visual events equally not only increases computational
overhead but also impedes reasoning. Our question-aware
compression retains highly relevant events while aggressively
compressing those of lower relevance. Specifically, for event
Jj covering frame set X; = {x1,..., Xy}, we first concate-
nate all frame-wise features in X; and then input to the LLM
of CogReasoner alongside a carefully designed prompt in-
structing the model to summarize information of the event.
The event embedding h; is produced as:

h; = MeanPool(fiim(Cat(x1,...,xx), Prompt)), (3)

frm(+) denotes the output from the final hidden layer of the
LLM, Cat(-) is concatenation. Then, we can estimate the
relevance s; between event h; and current encoded ques-
tion q € RP by cosine similarity. Based on the relevance
score, frames belonging to events deemed highly relevant
(i.e., s; > 0, where 0 is a predefined threshold) are preserved
in their original form. Conversely, for events of low rele-
vance, each constituent frame is compressed into a single



Visual Compression Module

Language Selection Module

P

Integration Output Module

Temporal- E E E P i

Semantic !

: _ oo :

< - | Clustering Clustering Events 1

treaming | &S Prompt ’
Video Input "~ =« = « = » = SOMMMAY ZTOMPL_ &=

Current Question:
What has the honey
mixture been used
for so far?

/ Q-aware Streaming Compression \Y4 \/ ’ \
[Hierarchical Compression |i Text Flag 6 J ¥ Time- I
L —_— M Timestamps stamps I
[BiEC= msks i Ty P + Selected QAs Interleave -+ ™| 411 L
" & Current ! | Tokens |
. - . L I Question tokens 1 |
Events and Current Time- Visual |., | y
Question Embeddings stamps Tokens | 11 T 1 l 1
|
\ LLM Select ¢ K/ Generate” \ ;
ATl IT o
* - 2 i) 'i v

Answer: It has been used to mix
with other ingredients to make the
batter and brush on the baked bread. I

History QA
Memory
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token representation using average pooling. This strategy
enables the model to focus on highly pertinent events and
significantly reduces computational overhead. Meanwhile,
preserving summary representations for these low-relevance
events maintains the video’s overall temporal coherence. Fur-
ther ablation studies about 6 are presented in the Extended
version.

Historic Dialogue Retrieval

As current LLM-based reasoning heavily relies on text, of-
ten prioritizing it over visual context, irrelevant historical
text will impair response accuracy. Moreover, in stream-
ing dialogues, some purely linguistic questions can be re-
solved solely using historical QA pairs (e.g., ‘Dialogue Re-
calling’ task in our dataset). Forcing visual processing in
these cases introduces unnecessary interference and com-
putational costs. Therefore, we design a Historic Dialogue
Retrieval mechanism to (1) identify and select relevant his-
torical QAs and (2) determine if the question can be re-
solved using only textual information, thus avoiding un-
necessary visual processing. Specifically, we employ an
LLM to select relevant historical QA pairs and determine
whether the current question is purely textual in nature. For-
mally, given a current question ¢; and a set of historical QA
pairs QA;_1 = {qa1,qas, . . .,qa;_1}, both are fed into the
LLM: QA ctrieved; 0 = LIM(QA¢_1,q:), where indicator
d € {0,1} indicates whether ¢; is a purely linguistic ques-
tion that can be answered solely based on the historical QA
pairs QA;_1; QA ctrieveq denotes the subset of historical
QA pairs that are relevant to the current question.

Video-text Interleave Reasoning

Given the compressed visual stream and retrieved textual
information, Video-text Interleave Reasoning deduces the
final answers. For a current question, we interleave and con-
catenate the visual Veompressed and textual Q Aegieved inputs in
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a temporally ordered manner to form the input sequence. For
questions that only require textual information Q Ayeqrieved, the
corresponding visual stream is omitted. This process is for-
mulated as: a; = LLM(%ompresseda QAretrieved, 0, qt)’ where
indicator ¢ is computed during the dialogue retrieval, a; de-
notes the model’s output answer to g;.

Overall Training

CogReasoner is fine-tuned in two stages, centered around a
shared LLM. First, to enhance Historic Dialogue Retrieval,
this LLM is fine-tuned with a task-specific LoORA adapter
on 100k+ text-only historical QA and current question com-
binations for precise QA selection. Second, for Video-text
Interleave Reasoning, the visual encoder is frozen, while
the projection layer and the same LLM are fine-tuned, us-
ing a distinct LoRA adapter for end-to-end reasoning. This
stage uses 48k+ QA pairs across 800+ videos, incorporating
ground-truth preceding QA pairs and their selection status.
Further details about training and inference are in the Ex-
tended version.

5 Experiments
Experimental Setup

Baselines Recent methods for streaming video understanding
are selected for comparison, including Flash-VStream (Zhang
et al. 2025b) and ReKV (Di et al. 2025). Besides, state-of-the-
art (SOTA) Vid-LLMs are selected, including: Open-source
models: LongVA (Zhang et al. 2024c¢), InternVL2 (Chen et al.
2024d), VideoLLaMA?2 (Cheng et al. 2024), VideoLLaMA3
(Zhang et al. 2025a), MiniCPM-V 2.6 (Yao et al. 2024), and
MiniCPM-o 2.6 (Team 2025). Proprietary models: Gemini-
1.5 Pro (Team et al. 2024), Qwen2-VL-Max (Wang et al.
2024a), and GPT-40 (Achiam et al. 2023). All experiments
are conducted on CogStream test set. To align with the QA
generation pipeline (sampling 20 frames per segment), all
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LongVA 7B 12/seg  63.6 55.0 420 33.6 53.1 409 554 253 40.1 424 533 48.76
VideoLLaMA?2 7B 20/seg  60.0 61.7 478 46.4 475 474 541 302 623 543 548 50.72
MiniCPM-o0 2.6 8B 20/seg 773 764  63.6 60.6 659 61.0 47.1 509 445 574 628 64.08
VideoLLaMA3 7B 1fps 757 718 62.6 646 677 615 569 524 691 660 723 66.52
MiniCPM-V-2.6 8B 20/seg 786 736 707 59.6 70.5 59.7 500 492 606 642 694 66.84
Flash-VStream 7B 1fps 53.1 412 418 433 469 372 231 89 499 19.1 265 40.58
ReKV 7B 1fps 51.1 542  40.1 43.6 463 379 510 139 393 267 338 43.18
CogReasoner 7B 1fps 748 71.5 62.9 64.6 663 68.0 663 508 71.0 709 646 67.32
VideoLLaMA3' 7B 1fps 799 750 684 650 70.8 684 63.1 665 828 740 721 70.70
CogReasoner' 7B 1fps 773 789 746 700 697 68.8 834 705 748 754 76.0 72.26
Proprietary Models
Gemini 1.5 Pro - 20/seg 755 734 66.4 625 662 61.1 641 420 351 694 744 66.04
Qwen2-VL-Max - 50(max) 77.2 76.7 70.4 69.2 76.7 665 623 537 520 762 766 72.58
GPT-40 - 20/seg 784 739 682 66.1 775 721 73.0 524 740 77.0 79.6 73.90

Table 3: Performance metrics of different models in 11 CogStream capabilities. Prm. denotes the number of model parameters,
Frm. denotes the number of sampled frames. Models denoted by { were fine-tuned on our training set; all other results are

zero-shot.

the baselines process video segments using this standard-
ized frame rate, with two exceptions: (1) CogReasoner and
VideoLLaMA3 employ their efficient compression to han-
dle sparser 1fps inputs, and (2) Qwen2-VL-Max operates up
to 50 frames due to its access constraints. All open-source
models are deployed with 16-bit precision.

Evaluation Inspired by SVbench (Yang et al. 2025), we
enhance the LLM-based VQA metric (GPT4-score (Muham-
mad Maaz and Salman Khan 2023)) for evaluation. We in-
troduce the following metrics: Information Accuracy (IA),
Detail Completeness (DC), Context Awareness (CA), Tem-
poral Precision (TP), and Logical Consistency (LC). Each is
scored between 0 and 100, and we report their average. See
our Extended version for details of these metrics.
Implementation VideoLLaMA3 (Zhang et al. 2025a) served
as our baseline, comprising VL3-SigLIP-NaViT (vision en-
coder), an MLP projection layer, and Qwen2.5 (language
model). To ensure fairness, we evaluate models under two
settings: Zero-shot and Fine-tuned (denoted with an t). In
the zero-shot setting, all baselines are evaluated directly. Our
CogReasoner is also evaluated zero-shot, with the necessary
exception that its dialogue retrieval module is pre-trained to
ensure meaningful performance (see Tab. 7). For the fine-
tuned setting, both CogReasonert and the VideoLLaMA3+
baseline are trained on our dataset for a direct comparison.
All models use carefully designed prompts to meet task re-
quirements. Further details are in the Extended version.

Main Results

Comparative results on streaming VQA Tab. 3 compares
our framework against SOTA methods. It demonstrates that
our framework achieves strong results across all three tasks:
Basic (Bas.), Streaming (Str.), and Global (Glo.). Thanks to
the design of our Visual Stream Compression, we observe
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Visual Bas. Str. Glo. Avg.t
Baseline 73.80 68.50 7390 70.64
Only Selection 75.40 67.50 73.10 70.52
No Clustering  73.80 69.80 75.10 71.48
Ours 75.30 70.20 75.70 72.26

Table 4: Ablation study on visual stream compression.

Con. Bas. Str. Glo. Avg.t

No context 75.60 6230 61.80 66.04
All context 7520 67.90 7250 70.48
Retrieved (Qurs) 7530 70.20 75.70 72.26
Ground-truth 7590 77.30 8230 77.40

Table 5: Different historical context strategies.

notable improvements in the Basic task. More importantly,
the model shows substantial gains on the context-dependent
Streaming and Global tasks, where accurate contextual under-
standing is essential for effective reasoning. This effective-
ness benefits from the precise selection of textual context by
our Historic Dialogue Retrieval, synergizing with the Visual
Stream Compression that provides refined visual inputs and
the Video-text Interleave Reasoning that ensures their effec-
tive fusion. Further visualization results are in the Extended
version.

Ablation Study

Effectiveness of visual stream compression Our ablation
study (Tab. 4) validates the key components of our visual com-
pression module. We find that removing temporal-semantic
clustering (No Clustering) significantly degrades perfor-



Method Con. Rat.  Bas. Str. Glo. Avg.t
30% 6590 6240 68.40 65.02
VideoLLaMA3  All Context 15% 68.30 63.50 69.00 65.48
0% 69.70 64.50 69.10 66.52
30% 7340 6820 68.30 69.74
Ours All Context 15% 71.00 68.70 73.50 69.82
0% 7520 67.90 72.50 70.48
30% 74.60 7040 74.10 71.94
Ours Retrieved 0% 7530 70.20 75.70 72.26
15% 75,70 70.50 74.50 72.40

Table 6: Comparison between context strategies under differ-
ent interference QA ratios (‘Rat.”)

Method HDR  Bas. Str. Glo. Avg.t
+Itself  54.80 49.00 47.90 50.52
VideoLLaMA?2 - 55.00 48.00 54.50 50.72
+Ours  57.70 53.30 58.50 55.16
+Itself  70.60 63.80 61.40 65.46
MiniCPM-V-2.6 - 7090 6520 66.80 66.84
+Ours  72.30 66.20 6590 67.78

Table 7: Performance comparison of different Vid-LLMs
with our proposed historical dialogue retrieval (HDR).

mance by losing temporal and semantic coherence. Further-
more, summarizing less-relevant visual information (Ours)
proves superior to completely discarding it (Only Selection),
which underscores the importance of maintaining the video’s
overall continuity for robust reasoning.

Comparison of historical context handling strategies We
evaluate our dialogue retrieval strategy (Retrieved) in Tab. 5,
comparing it against baselines that use no context (No Con-
text) or all available context (All Context), and an upper-
bound with ground-truth context (GT'). Our method signif-
icantly outperforms both baselines, confirming that while
historical context is crucial, indiscriminately including all of
it degrades performance. This result validates the importance
of selective context retrieval. The performance gap to the
GT upper-bound suggests that further improvements to the
retrieval module remain a focus for future work.
Generalizability of the historic dialogue retrieval To test
the generalizability of our Historic Dialogue Retrieval (HDR),
we integrated it with VideoLLaMA2 and MiniCPM-V-2.6
(Tab. 7). The results show that when these baseline models
use their own LLM for retrieval (+Iself), their performance
degrades below their original configuration. In stark contrast,
applying our trained HDR module (+Ours) yields consistent
performance improvements. This demonstrates that our HDR
is an effective and generalizable module that enhances video
reasoning across different Vid-LLM architectures.
Robustness evaluation We assess our model’s robustness
to dialogue noise by introducing irrelevant QA pairs at vary-
ing interference ratios, with results in Tab. 6. Our retrieval-
enabled CogReasoner demonstrates strong resilience, with
performance remaining largely stable as noise increases. In
stark contrast, models processing all dialogue history (All
Context) exhibit a significant performance degradation. This
result underscores the critical role of our retrieval mechanism
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in filtering irrelevant context to maintain reasoning quality.

6 Conclusion

This paper proposes a challenging task, CogStream, which
requires high-quality context for streaming video reasoning.
To achieve this, we constructed a dataset based on a semi-
automatic generation pipeline. Extensive experiments demon-
strate that state-of-the-art Vid-LLMs struggle to efficiently
acquire relevant context and achieve strong performance in
this task. Therefore, we devised a baseline for CogStream,
which achieves highly competitive performance.
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