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Abstract. Online Video Large Language Models (VideoLLMs) play
a critical role in supporting responsive, real-time interaction. Existing
methods focus on streaming perception, lacking a synchronized logical
reasoning stream. However, directly applying test-time scaling methods
incurs unacceptable response latency. To address this trade-off, we pro-
pose Video Streaming Thinking (VST), a novel paradigm for streaming
video understanding. It supports a thinking-while-watching mechanism,
which activates reasoning over incoming video clips during streaming.
This design improves timely comprehension and coherent cognition while
preserving real-time responsiveness by amortizing LLM reasoning latency
over video playback. Furthermore, we introduce a comprehensive post-
training pipeline that integrates VST-SF'T, which structurally adapts the
offline VideoLLM to causal streaming reasoning, and VST-RL, which
provides end-to-end improvement through self-exploration in a multi-
turn video interaction environment. Additionally, we devise an auto-
mated training-data synthesis pipeline that uses video knowledge graphs
to generate high-quality streaming QA pairs, with an entity-relation
grounded streaming Chain-of-Thought to enforce multi-evidence reason-
ing and sustained attention to the video stream. Extensive evaluations
show that VST-7B performs strongly on online benchmarks, e.g. 79.5%
on StreamingBench and 59.3% on OVO-Bench. Meanwhile, VST remains
competitive on offline long-form or reasoning benchmarks. Compared
with Video-R1, VST responds 15.7x faster and achieves +5.4% improve-
ment on VideoHolmes, demonstrating higher efficiency and strong gen-
eralization across diverse video understanding tasks. Code, data, and
models have been released at https://github.com/1ranGuan/VST.
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1 Introduction

Online video understanding enables Video Large Language Models (VideoLLMs)
to interpret streaming visual inputs and respond in real time, making it particu-
larly valuable for embodied intelligence |9}/13] and interactive AT assistants [3§].
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Fig.1: Benchmark results and paradigm comparison. (a) VST-7B delivers
strong performance on online and offline video understanding benchmarks while main-
taining low QA latency. (b) Existing streaming VideoLLMs focus on efficient streaming
processing, but lack explicit analytical reasoning. (c¢) VideoLLM with CoT performs
heavy post-query step-by-step reasoning to improve performance, but incurs high QA
latency. (d) Our method introduces proactive pre-query reasoning, interleaving it with
video consumption to achieve both strong performance and efficient responsiveness.

Unlike offline methods that benefit from post-hoc global access to the entire
video , the core challenges of online video understanding lie in
strict temporal causality, real-time processing, and a finite context window.

Several prior methods have been proposed to address the challenges of online
video understanding. As shown in Fig. b), they primarily improve context-
window efficiency by explicitly managing visual tokens for compression
or by retrieving from the KV cache @ However, these meth-
ods primarily focus on streaming perception and treat the management of vi-
sual features as a form of memory, with limited involvement of the LLM it-
self and no explicit reasoning or analytical deliberation. To fill this missing
piece, one promising direction inspired by offline video understanding is to ap-
ply test-time scaling via Chain-of-Thought (CoT) to elicit stronger reasoning
ability [4,[10[14}[15][29/[52,/63,/69], as shown in Fig. [I{c). Nevertheless, directly
performing step-by-step reasoning after the user query can significantly increase
QA response latency, making it difficult to meet strict real-time requirements in
online scenarios.

In this paper, we introduce the Video Streaming Thinking (VST) to resolve
the trade-off between explicit reasoning and real-time responsiveness, shifting
the LLM backend from passive waiting to active, intermittent reasoning during
video consumption. This design is inspired by insights from human cognition.
Findings on neural coupling suggest that the logical flow in the brain syn-
chronizes closely with the influx of external information, fostering the perception
of current signals and their synthesis into a coherent understanding. Similarly, as
illustrated in Fig. d), our method continuously processes incoming video clips
and produces intermediate thoughts in real time. This eliminates the need to
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defer heavy computation until the query arrives, which is a common limitation
of offline VideoLLMs with CoT [4,/10L/48|. This thinking-while-watching mecha-
nism maintains a coherent internal state over the stream, ensuring that the final
response is grounded in a deeply processed understanding of the historical con-
text. By front-loading and amortizing the reasoning cost ahead of query arrival,
VST preserves the low QA latency required in streaming scenarios.

We instantiate this paradigm with a dedicated post-training pipeline that
combines supervised fine-tuning (VST-SFT) and reinforcement learning (VST-
RL). Concretely, we cast streaming thinking as a multi-turn conversation, where
the model incrementally writes textual thoughts to an external memory while
observing incoming video clips under a constrained visual context window. In
the VST-SFT stage, we align the model with the desired streaming reasoning
protocol by learning from off-policy demonstrations that strictly respect tempo-
ral causality, thereby bootstrapping its basic thinking-while-watching capability.
Building upon this initialization, the VST-RL stage performs end-to-end rein-
forcement learning with verifiable rewards, encouraging the model to make in-
termediate reasoning steps that improve downstream question answering under
realistic online conditions.

Due to the scarcity of existing data for video streaming thinking, we develop
an automated synthesis pipeline to support our training, particularly the VST-
SET stage that requires high-quality reasoning demonstrations. Specifically, we
model entities and their temporal relationships within long videos as knowledge
graphs. By sampling paths from these graphs to form evidence chains, we prompt
an offline VideoLLM to generate complex QA pairs and their corresponding
intermediate CoTs. This design enforces multi-hop reasoning across diverse visual
evidence while ensuring strict alignment between the generated thoughts and the
video context. Ultimately, we synthesize a large-scale dataset comprising 100K
high-quality streaming reasoning samples.

We conducted extensive evaluations across multiple online and offline video
understanding benchmarks (see Fig. [[(a)). The results show that our method
achieves state-of-the-art performance compared to existing online VideoLLMs,
while remaining competitive on offline video understanding benchmarks. No-
tably, VST performs particularly well on long-form videos that require com-
prehensive plot comprehension and multi-step reasoning. Moreover, compared
to Video-R1, our method achieves higher accuracy while significantly reducing
QA latency, demonstrating that VST is a viable test-time scaling approach that
meets the requirements of streaming scenarios.

In summary, our main contributions are as follows:

e We propose the VST paradigm to interleave active explicit CoT generation
with continuous video streams, enabling amortized test-time scaling with real-
time responsiveness.

e A knowledge-graph-based data synthesis pipeline and a dedicated post-training
recipe (VST-SFT and VST-RL) are introduced to adapt an offline VideoLLM
to streaming settings with strong streaming reasoning capabilities.
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Fig. 2: Illustration of the Video Streaming Thinking pipeline. The model em-
ploys a streaming thought mechanism to compress visual dynamics into a long-term
textual memory. Combined with the short-term visual buffer, this enables efficient rea-
soning over indefinite video streams with fixed memory budgets.

e Extensive evaluations across multiple online and offline video understanding
benchmarks demonstrate state-of-the-art performance. In addition, compared
to offline CoT VideoLLM, our method provides significantly lower QA latency.

2 Method

2.1 The Video Streaming Thinking (VST) Paradigm

We formulate VST as a multi-round video conversation task operating within
a constrained context window, as illustrated in Fig. 2} Unlike previous online
VideoLLMs, our model leverages streaming intervals before a user query to
proactively reason about the content via autoregressive textual generation. This
process synthesizes key visual details and event dynamics into a dual-memory
system: maintaining a short-term native video memory for the current visual con-
text, while accumulating a long-term textual semantic memory of past events.

Formally, given a video stream V), let v; denote the visual features for the
i-th frame. We accumulate these incoming features into discrete clips cf =
{v; :iTk*l 41, where the boundary 7 is set when the accumulated visual to-
kens reach the preset capacity L. At each interval k, conditioned on the current
clip c# and the accumulated memory m*~!, the LLM generates a streaming
thought z* by sampling from the distribution z* ~ p(z | ¥, m*~1). Here, z*
summarizes the essential semantics of the current video segment, preserving the
continuity of the overall thought process. For the long-term textual memory,
we employ a memory update function m* = Update(m*~!, z*), which adopts a
simple first-in-first-out strategy to evict the earliest memory entries.

This iterative reasoning process continues until step K, when a user query q is
received. Upon this trigger, the LLM generates the final response y based on the
accumulated thoughts {zF}X! and the latest visual context c*. Consequently,
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Fig. 3: Overview of the training pipeline. (a) VST-SFT applies a streaming at-
tention mask to enforce temporal causality, restricting attention to the current visual
buffer and history textual context. (b) VST-RL performs on-policy optimization via an
agentic loop, improving the quality of streaming thoughts through verifiable rewards
computed solely from the final answer.

the joint probability of the thoughts and the final answer is decomposed as:

K-—1
p(y Az HT a V) = py [ a, ¢, m" ) T] p" | m*Y). (1)
k

Direct Answer =1 Streaming Thinking

This formulation yields two distinct advantages. 1) It amortizes the computa-
tional cost of Chain-of-Thought (CoT) generation over the pre-query phase. This
strategy effectively achieves test-time scaling to boost performance without in-
curring additional latency at the moment of user interaction. 2) The sequential
generation of thoughts naturally aligns with the temporal causality inherent in
streaming videos. This structure facilitates the adaptation of offline models to
online scenarios by mirroring the progressive nature of the video stream.

2.2 Training Method for VST

To instantiate the VST paradigm introduced in Sec. 21} we develop a two-stage
post-training pipeline that combines supervised fine-tuning (VST-SFT) and rein-
forcement learning (VST-RL), progressively endowing an offline VideoLLM with
streaming thinking capabilities. The VST-SFT stage adapts the offline model to
the temporal causality of streaming video, while learning reasoning capabilities
from off-policy expert data. Subsequently, VST-RL transitions the model from
off-policy imitation to on-policy RL, and refines these learned capabilities for
further end-to-end improvement.

Stage 1: VST-SFT. We initiate the training pipeline with SFT to instill the
streaming thought mechanism into the offline VideoLLM. For a training instance,
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we explicitly formulate the sequence as:
S = (mo,(cl,zl),...,(CK_l,zK_l),cK,%y). (2)

Here, m® denotes the initial memory, and (ck, zk) represent the interleaved video
clips and streaming thoughts. The sequence concludes with the final clip ¢, user
query g, and ground truth response y.

To align with the streaming inference architecture, we apply a streaming
video attention mask. As depicted in Fig. (a), this mask restricts the model’s
attention to a fixed-size window of recent visual tokens, mirroring the short-term
visual buffer used during inference. Specifically, let M be the additive attention
mask. Let I,(j) € {0,1} indicate whether the j-th token is a visual token, and
let L denote the visual buffer size. Therefore, the attention mask can be written
as:

M, = {O, j <iand (]L;(j) =0or Zizjﬂ I,(t) < L) )

—o00, otherwise

In this way, the model can only access a sliding window of the latest L visual
tokens, while all non-visual tokens remain fully visible under the causal con-
straint. Furthermore, to accommodate context length constraints while handling
long-form videos, we implement a temporal segmentation strategy. The original
sequence S is sliced into consecutive segments {s,, }*_,, defined as:

n— Ty
(m L {(Ckazk)}k‘:Tn,H»l)’ n<M

-1 k k1 K—1 K —
(m” ,{(C yZ ) k:Tn71+17c 7q7y)7 ’I'L—M

(4)

Sy =

where T, denotes the cut-off index for the n-th segment. The memory state is up-
dated recursively across segments following m"™ = Update(m™~1!, {zk}ZlTn_l 1)
During SFT, we apply the standard next-token prediction loss exclusively to the
streaming thoughts {zk}kK:_l1 and the final response y, treating visual tokens and
historical memory as conditioning inputs.

Stage 2: VST-RL. Building upon the supervised foundation, we introduce
VST-RL to transition the model from off-policy imitation to on-policy self-
improvement. The RL training process consists of two main phases: trajectory
rollout and policy gradient optimization.

As shown in the upper part of Fig. b), the rollout phase operates as an
agentic loop. The policy model interacts with the streaming environment to gen-
erate a trajectory 7 following the predefined joint probability in Eq. , where
the streaming thoughts ¥ and the final response ¥ are sequentially sampled
from the sampling policy g After collecting a group of N trajectories {7;}¥,,
we employ a GRPO [15,|33,|60,/61] strategy to optimize the policy model. We
compute the reward r; solely based on the final answer y; via verifiable reward
functions. To encourage the model to generate useful streaming thoughts, the
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Fig. 4: Stream-Thought QA data curation pipeline. We incrementally extract
video entities and relations to build a knowledge graph, sample multi-hop evidence
chains, and use Gemini to generate streaming QA pairs with grounded streaming
thoughts, followed by automatic filtering.

calculated advantage is assigned to all generated tokens within the entire trajec-
tory 7;. The policy gradient objective is calculated as:

N |Til

SN (£ 0) - 0w molmeer)) |+ (5)

i=1 t=1

1

TRL(0) = B (73N ~mps (1)
R P

E;’}ip(G) = min fyt(ﬂ)fli, clip (7¢(0),1 — €1ow, 1 + €nigh) Al] . (6)

Where |T;| denotes the total number of generated tokens in trajectory 7;, v:(6)
represents the probability ratio between my and the sampling policy 7y at step
t, A =1 — mean(R) is the group relative advantage, and €jow, €nigh are the
clipping hyperparameters follow DAPO .

2.3 Data Synthesis Pipeline for VST

We generate a set of video streaming thought data to support VST training,
motivated by the fact that most existing chain-of-thought (CoT) datasets target
offline VideoLLMs with a global, hindsight view of the entire video, making it
difficult to avoid information leakage under causal streaming constraints. To this
end, we introduce an automated data generation pipeline grounded in knowledge
graphs. As illustrated in Fig. [d] the pipeline produces high-quality training ex-
amples with explicit reasoning paths through streaming video entity extraction,
evidence chain sampling, and streaming thought QA synthesis.

Streaming Video Entity Extraction. To build a temporally consistent knowl-
edge graph, we maintain an entity bank and extract triples from a sliding win-
dow over the video stream. We segment the video into N scene clips with
PySceneDetect. For each incoming clip, an offline VideoLLM (e.g. Gemini 3.0
flash) updates the entity bank by adding newly observed entities and relations
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as (head, relation, tail). When the window exceeds size W, we drop the oldest
clip and retain the most recent W — 1 overlapping clips to preserve temporal
continuity. The entity bank thus serves as a lightweight memory for consistent
entity tracking and timeline-aligned graph construction.

Evidence Chain Sampling. After processing the whole video, the complete
entity bank is refined using an LLM to filter out noise entities, such as duplicates
and subtitles. Subsequently, NetworkX [16] is used to construct the knowledge
graph, which represents the logical relationships between events in the video.
To mine long-term causal dependencies, an initial node is randomly selected,
and a depth-first search (DFS) is used to extract evidence chains. Each node
in these chains contains detailed information about the head and tail entities,
their relationship, timestamps, and scene descriptions, facilitating comprehensive
reasoning over the video content. For each video, we sample multiple evidence
chains, enforcing that the entity overlap between any two chains is below 10%
to promote diversity.

Stream Thought QA Synthesis. The final phase leverages Gemini 3.0 flash as
a data synthesizer. Conditioned on the video knowledge graph, the model first
generates a streaming CoT rationale to actively reason over video events and
dynamic content. Subsequently, aligned with a sampled evidence chain {z*} X |
it synthesizes a query q and the final answer y, necessitating multi-evidence
reasoning that integrates the CoT with visual context. To ensure data fidelity, we
apply a strict post-generation filtering rubric, including: world-knowledge check,
format alignment, logical consistency, repetition check, and thought validation.

Curation of VST training set. Following the above procedure, we generate
100K streaming-thought examples with videos from LLaVA-Vid [67] and Video-
Marathon [31]. In addition, our full supervised fine-tuning corpus for VST-SFT
includes 50K open-ended QA instances randomly sampled from LLaVA-Vid. For
VST-RL, we train on 11K sampled questions, including multiple-choice questions
from LLaVA-Vid, Video-Marathon, and Onethinker [11], as well as counting
questions from RepCount [20].

3 Experiment

3.1 Implementation Details

We adopt Qwen2.5-VL |1] as our base offline VideoLLM, processing input videos
at 2 fps. Both VST-SFT and VST-RL (7B model) training stages are conducted
on 32 x 80GB VRAM GPUs, utilizing the datasets detailed in Sec. The
visual encoder and projection layer are frozen throughout the entire training
process. For VST-SFT, each training sample follows a 128 second time limit,
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and overlong raw videos are segmented into clips following Eq. . For VST-
RL, we employ verl with vLLM and FSDP backend. We configure
the rollout batch size to 256 with a group size of N = 8, and define the reward
function based on the correctness of the final answer. Additionally, following
LongVILA-R1 , we leverage the paralleled encoding strategy during rollout to
pre-compute video embeddings. During testing, following StreamingForest ,
we cap each inference step (including streaming-think and the final answer) at
8,192 video tokens and limit the max thinking times to 4 for efficient evaluation.
We conduct all evaluations using the Imms-eval framework .

Table 1: Comparison of offline and online VideoLLMs on StreamingBench Real-Time
understanding tasks.

Model Venue ‘OP CR CS ATP EU TR PR SU ACP CT‘Overall
Proprietary Models

Gemini 1.5 pro - 79.0 80.5 83.5 79.7 80.0 84.7 77.8 64.2 72.0 48.7| 75.7
GPT-40 - 77.1 80.5 83.9 76.5 70.2 83.8 66.7 62.2 69.1 49.2| 73.3
Open-source Offline Models

VILA-1.5-8B CVPR’24 |53.7 49.2 71.0 56.9 53.4 53.9 54.6 48.8 50.1 17.6| 52.3
LongVA-7B @ TMLR’25 [70.0 63.3 61.2 70.9 62.7 59.5 61.1 53.7 54.7 34.7| 60.0
MiniCPM-v2.6-7B COLM’24 |71.9 71.1 77.9 75.8 64.6 65.7 70.4 56.1 62.3 53.4| 67.4
LLaVA-OV-7B TMLR’25 [80.4 74.2 76.0 80.7 72.7 71.7 67.6 65.5 65.7 45.1| 71.1
Qwen2.5-VL-7B 1] - 78.3 80.5 78.9 80.5 76.7 78.5 79.6 63.4 66.2 53.2| 73.7

Open-source Online Models

Flash-VStream-7B ICCV’25 [25.9 43.6 24.9 23.9 27.3 13.1 18.5 25.2 23.9 48.7| 23.2
VideoLLM-online-8B CVPR’24 |39.1 40.1 34.5 31.1 46.0 32.4 31.5 34.2 42,5 27.9| 36.0
Dispider-8B CVPR’25 |74.9 75.5 74.1 73.1 74.4 59.9 76.1 62.9 62.2 45.8| 67.6
TimeChatOnline-7B MM’25 [80.2 82.0 79.5 83.3 76.1 78.5 78.7 64.6 69.6 58.0| 75.4
Streamforest-7B NeurIPS’25|83.1 82.8 82.7 84.3 77.5 78.2 76.9 69.1 75.6 54.4| 77.3

VST-7B (ours) ECCV’26 |85.4 82.0 86.4 89.1 74.2 87.2 82.4 73.1 73.9 47.3| 79.5

3.2 Benchmarks

To demonstrate the effectiveness of our method, we conducted a comprehensive
evaluation across five video understanding benchmarks. Specifically, Streaming-
Bench and OVO-Bench are utilized for online video understanding,
focusing on the model’s online reasoning capabilities and temporal awareness.
VideoMME serves as a comprehensive offline benchmark covering diverse do-
mains and varying video durations. LongVideoBench is designed to evaluate
the long-form video understanding capabilities, while Video-Holmes [5]| empha-
sizes logical reasoning within video content.

3.3 Online Video Benchmark Results

As shown in Tabs. [I] and |2 we evaluate our model on StreamingBench and
OVO-Bench. VST-7B achieves 79.5% on StreamingBench and 59.3% on OVO-
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Bench, clearly outperforming prior open-source streaming SOTA models, includ-
ing Streamforest |62 (77.3%) on StreamingBench and Streamo [53] (57.9%) on
OVO-Bench. Notably, despite being much smaller than proprietary models, our
method surpasses GPT-40 and Gemini 1.5 pro on StreamingBench by 6.2% and
3.8%, respectively, and achieves comparable performance with GPT-40 on OVO-
Bench. Beyond the overall scores, VST-7B is particularly strong on OVO-Bench’s
Backward Tracing task, where it achieves 56.7%, outperforming Streamforest by
+4.7%. This result indicates that our model can retain and retrieve historical in-
formation effectively, supporting sustained memory over streaming inputs. These
results highlight the strength of our approach for streaming video understanding.
We believe the gains stem from our VST paradigm and a tailored post-training
recipe, which together improve the model’s ability.

Table 2: Comparison of offline and online VideoLLMs on OVO-Bench.

‘ Real-Time Backward Forward Overall

|OCR ACR ATR STU FPD OJR|Avg.|[EPM ASI HLD|Avg.|REC SSR CRR|Avg.| Avg.

Model Venue

Proprietary Models
Gemini 1.5 pro [43] - 85.9 67.0 79.3 58.4 63.4 62.0‘69.3

35.5 74.2 61.7

GPT-4o0 |36] - 69.8 64.2 71.6 51.1 70.3 59.8|64.5 27.6 73.2 59.4

Open-source Offltine Models

Qwen2-VL-72B 47| - 65.8 60.6 69.8 51.7 69.3 54.4|61.9| 52.5 60.8 57.5|57.0|38.8 64.1 45.0|49.3| 56.3
LLaVA-Video-7B 67| TMLR’25 | 69.1 58.7 68.8 49.4 74.3 59.8|63.5| 56.2 57.4 7.5 |40.4|34.1 70.0 60.4 |54.8| 52.9
LLaVA-OV-7B |26 TMLR’25 | 66.4 57.8 73.3 53.4 71.3 62.0|64.0| 54.2 55.4 21.5|43.7|25.6 67.1 58.8 |50.5| 52.7
LongVU-7B |39 ICML’25 | 53.7 53.2 62.9 47.8 68.3 59.8|57.6|40.7 59.5 4.8 |35.0|12.2 69.5 60.8|47.5| 46.7

57.9 75.7 48.7|60.8 53.4| 59.5

58.6 76.4 52.6 ‘62.5

57.2‘ 63.0

Open-source Online Models

VideoLLM-online-8B |2] CVPR’24 | 8.1 23.9 12.1 14.0 45.5 21.2|20.8| 22.2 18.8 12.2|17.7| - - - - -

Dispider-8B |37 CVPR’25 |57.7 49.5 62.1 44.9 61.4 51.654.6|48.5 55.4 4.3 |36.1|18.1 37.4 48.8|34.7| 41.8
TimeChatOnline-7B [58] MM’25 |75.2 46.8 70.7 47.8 69.3 61.4(61.9|55.9 59.5 9.7 [41.7|31.6 38.5 40.0 [36.7| 46.7
Streamforest-7B |62 NeurIPS’25| 68.5 53.2 71.6 47.8 65.4 60.9(61.2| 58.9 64.9 32.3|52.0|32.8 70.6 57.1|52.5| 55.6
Streamo-7B |53] CVPR’26 | 77.2 66.1 76.7 45.5 66.3 72.8|67.4| 55.6 58.1 33.9|49.2|30.8 57.6 82.5|57.0| 57.9

VST-7B (ours) ECCV’26 80.5 55.1 72.4 55.1 76.2 64.1 67.2]56.9 64.9 48.4|56.7|33.0 66.9 62.1|54.0| 59.3

3.4 Offline Video Benchmark Results

In Tab. [3] we evaluate VST-7B on three offline video benchmarks, including
VideoMME, LongVideoBench, and VideoHolmes. The results show that VST-
7B delivers competitive performance across all three datasets, with particu-
larly strong gains on long-video understanding and complex reasoning. On long-
video benchmarks, VST-7B achieves 55.3% on VideoMME-long, outperforming
TimeChat-Online by +6.9%, and 58.0% on LongVideoBench, exceeding it by
+2.6%. On the reasoning benchmark VideoHolmes, VST-7B reaches 41.9%, sur-
passing Video-R1 by +5.4%. We attribute these improvements to our streaming
thinking framework, which enables dynamic thinking over long videos to build
long-term memory, and leverages both historical memory and current visual
context for deep reasoning.
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Table 3: Comparison of offline and online VideoLLMs on VideoMME (without subti-
tles), LongVideoBench, and VideoHolmes.

| VideoMME w/o sub.

Model Venue LongVideoBench VideoHolmes
‘ Long Overall
Proprietary Models
Gemini 1.5 pro |43 - 67.4 75.0 64.0 45.7
GPT-40 - ‘ 65.3 71.9 66.7 42.0
Open-source Offline Models
LongVA-7B m TMLR’25 47.6 54.3 56.3 -
Video-R1-7B m NeurIPS’25 - 61.4 - 36.5
LongVILA-R1-7B NeurIPS’25 55.2 65.1 58.0 -
REVISOR-7TB CVPR’26 56.2 65.7 57.5 -
Open-source Online Models
Dispider-7B CVPR’25 - 57.2 - -
Streamforest-75 NeurIPS’25 - 61.4 - -
TimeChatOnline-7B MM’25 48.4 62.4 55.4 -
VST-7B (Ours) ECCV’26 | 55.3 64.9 58.0 41.9
Table 4: Ablation study on VST training schedule.
Model & Config OVO-Bench VideoMME
Backward Forward Overall w /o sub. Overall
Qwen2.5-VL-7B (Base model) 47.5 41.9 50.5 62.9
Ablation on VST-SFT training data
+LLava-Vid (50K) 49.9 42.4 52.3 61.8
+LLava-Vid (30K) & VST (20K) 52.0 50.1 56.8 62.5
+LLava-Vid (20K) & VST (30K) 53.3 50.0 57.1 63.1
Ablation on different training stage
+VST-SFT 56.7 48.5 57.4 63.0
+VST-RL 49.3 54.6 56.8 62.8
+VST-SFT & VST-RL 56.7 54.0 59.3 64.9

3.5 Ablation Study

Ablation on training schedule. Asshown in Tab.[d] we first analyze the com-
position of the SFT training data. Mixing our VST data with the LLaVA-Vid
QA dataset consistently improves online video understanding. Specifically, com-
pared to using 50K LLaVA-Vid data alone, the mix of 20K LLaVA-Vid and 30K
VST data achieves a +4.8% gain on the OVO-Bench. Furthermore, the ablation
on different training stages demonstrates that our training strategies effectively
enhance online video capabilities. Interestingly, we find that VST-SFT primarily
benefits the model’s backward memory capacity (+9.2% improvement on Back-
ward track), while VST-RL is advantageous for forward prediction capabilities
(improving the Forward score of +12.7%). Finally, combining both stages (VST-
SFT & VST-RL) yields the highest overall performance on both OVO-Bench
(59.3%) and VideoMME (64.9%).
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Table 5: Ablation study on the scale of the base offline VideoLLM. All results in
this table are obtained with the VST inference pipeline, where Qwen is evaluated as a
zero-shot inference baseline.

OVOB. StreamingB. V-MME

Size Model Overall Realtime w/o sub. Overall LongVideoB. VideoHolmes

3B Qwen2.5-VL  53.1 67.8 57.9 53.3 30.7
VST 56.2 75.5 59.5 54.1 36.1

7B Qwen2.5-VL  55.0 71.7 62.3 54.7 32.9
VST 59.3 79.5 64.9 58.0 41.9

398 Qwen2.5-VL  60.1 71.5 65.8 59.8 40.1
VST 63.5 80.7 67.2 60.7 45.1

Ablation on Streaming Thinking Times at Inference. Fig.[5]analyzes the
impact of maximum streaming thinking times on OVO-Bench. For the Back-
ward task, accuracy increases from 53.3% and grows continuously from 1 to 16
steps, ultimately reaching 57.5%. This demonstrates that additional thinking
steps help generate precise memories for backward tracing. For the Real-Time
and Forward tasks, initial thinking steps clearly aid in understanding visual in-
formation. However, performance reaches a plateau for > 4 steps, as excessive
memory details introduce redundancy.

Ablation on Base Model Size. Tab. [j] examines the impact of the base
model capacity. Note that the base Qwen rows here are evaluated under the VST
streaming inference pipeline (zero-shot), and thus differ from the native offline
base in Tab. [d} this isolates the contribution of training from that of the inference
protocol. We apply our two-stage training recipe (VST-SFT and VST-RL) to the
Qwen2.5-VL-Instruct models at 3B, 7B, and 32B scales. The Video Streaming
Thinking paradigm yields consistent improvements across all online and offline
benchmarks regardless of the model size. For instance, on StreamingBench, VST
achieves absolute accuracy gains of +7.7%, +7.8%, and +9.2% over the 3B, 7B,
and 32B base models, respectively. Similar consistent enhancements are observed
on complex tasks like VideoHolmes (+5.4%, +9.0%, and +5.0%). These results
demonstrate that our proposed method is highly parameter-scalable.

OVO-Bench Backward OVO-Bench Real-Time OVO-Bench Forward
68 .
58
/u " '/ \./- 54
=~ 7 . ./.\./'\'
& s / 64
S s > oo s 2
< 62
54 / d
¢ 60 52
53 d
52 0 1 2 4 8 16 5 0 1 2 4 8 16 0 1 2 4 8 16
Max Streaming Thinking Times Max Streaming Thinking Times Max Streaming Thinking Times

Fig. 5: Ablation study on max thinking times.
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3.6 Analysis

Efficiency Analysis. We compare
the QA latency of several offline and
online methods under the same exper-
imental setup. All measurements are

Table 6: Inference Latency.

Online / Offline Method ‘ QA Latency

: Qwen2.5-VL-7B 0.54s
.conducted on V1deoH9lmes, as showp Qwen2.5-VI_7B w/CoT 5 308
in Tab. @l Models without CoT di-  Video-R1 w/CoT 8.80s
rec‘?ly output the final answer. Ben- "1 11 M-online-SB 0.38s
efiting from our query-ahead stream-  Dispider-7B 1.10s
ing think mechanism, VST maintains ~ VST-3B (Ours) 0.53s
ionifi tlv 1 lat VST-7B (Ours) 0.56s
significantly lower response latency.  ygr 398 (Ours) 1.40s

Moreover, streaming think is executed
asynchronously before the query and
finishes within the clip inter-arrival interval, so its computation is amortized over
playback rather than added after the query. As a result, it does not increase the
real-world end-to-end inference time.

In our implementation, streaming thoughts are generated asynchronously
every 16-32 seconds and take 7.0 seconds on average, with a P99 latency of 11.2
seconds. Since this is shorter than the minimum trigger interval, the overhead is
amortized over playback. If interrupted by a query or a new step, VST uses the
latest completed memory state. Therefore, VST adds background computation
but not post-query response latency.

Case Study. Fig. [f] presents a case study from VideoHolmes. The query re-
quires temporal reasoning over disjoint segments, specifically aligning repeated
visualizations of a wall clock with the subsequent appearance of a “blurred-face
man”. The baseline Video-R1-7B, which relies on post-query thinking, fails to
capture these dispersed temporal cues due to the difficulty of attending to spe-
cific evidence across a long context. Consequently, it hallucinates a spurious
correlation involving object interactions, leading to a logical error. Furthermore,
this retrospective reasoning incurs a significant latency of 9.53s. In contrast,
VST-7B employs streaming thinking to continuously update its evidence (e.g.,
timestamps and event triggers) as the video memories. This pre-query evidence
accumulation allows VST to correctly deduce the time-based rule and, by shifting
the reasoning burden to the streaming phase, drastically reduces the response la-
tency to 0.51s. This comparison demonstrates that pre-query streaming thinking
simultaneously enhances reasoning robustness and system responsiveness.

We further examine typical failure cases of VST during inference. While
streaming thinking improves evidence accumulation, the remaining errors are
mainly associated with imperfect memory construction. Specifically, VST may
store visually salient but query-irrelevant details, compress early evidence too
aggressively, miss fine-grained temporal spans, or fail to associate weak cues
across distant events. These observations suggest that more fine-grained and
faithful memory construction, especially for preserving subtle temporal evidence
and cross-event relations, is a promising direction for future work.
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VST-7B: Streaming Thinking

The video opens in a dimly lit, cozy room where the initial action is centered around a small black and gold figurine of a
cat sitting on a red base ... She is wearing a light grey t-shirt and is focused on writing in an open notebook that rests on
the desk. The desk is illuminated by a green lamp hanging from the wall above it, which also features a large clock and a
decorative metal silhouette of a dress form. ......

The woman's hand points to specific lines in the notebook before she briefly touches her eye. The camera then focuses
on the large clock on the wall, showing the time as 9:50 . Returning to the desk, she continues ... Finally, the scene
shifts to her lying in bed, now wearing a maroon sweater, as she smiles and laughs.

The woman lies on the bed, smiling and laughing while adjusting her hair. The scene then cuts back to the desk, where she
resumes writing in the notebook under the green lamp. A close-up shows her hand meticulously applying mascara to her
lashes. The segment concludes with another view of her hand continuing to write in the notebook.

The woman's hand applies mascara to her eyelashes before the camera pans to the large clock on the wall, showing_the
time as 10:00 ... A close-up captures her hand as she adds more words to the page. The scene then shifts to a man
standing_in a_dimly_lit room, looking toward the camera with a serious expression. He is wearing a dark jacket and has his
hands in his pockets. The segment ends with the woman looking up from her writing, her expression shifting to one of
surprise or concern.

< L L d

User Query
What rules are followed by the appearance of a man with a blurred face?.
A. Need to be called by a woman to appear. B. Appear on the night of the full moon every month.
C. Fixed moment automatic appearance D. Appear through the medium of a mirror
E. Accompanied by diary writing F. Depend on specific items to trigger.

VST-7B: Final Answer ;IZ Video-R1-7B

\boxed{C.} Laﬂei'cy <think>The question asks about the rules governing the appearance of a man with a
Latency: 0.51s blurred face in the video. Let's break down each option: A. Need to be called by a
V woman to appear - This suggests that the man appears only when he is specifically oA
requested by a woman. However, there is no indication in the video that this is the Latency
> case. B. Appear on the night of the full moon every month - This implies a specific

timing based on the lunar cycle. While the video does show a clock, there is no clear
evidence that the man appears only on the night of the full moon......</think>
<answer>F. Depend on specific items to trigger.</answer> Latency: 9.53s x

Fig. 6: Case Study from VideoHolmes. We compare VST-7B with Video-R1-7B.
VST-7B processes the video stream and performs streaming thinking before the query,
then answers directly once the query arrives. In contrast, Video-R1-7B generates CoT
after the query, resulting in higher QA latency. VST-7B achieves better performance
with lower QA latency in this example.

4 Related Work

Streaming Video Understanding. Streaming video understanding processes
continuous visual inputs of indeterminate length. Unlike offline methods, the lack
of global sampling and restricted context windows poses significant challenges
for VideoLLMs. Some existing methods attempt to retain extended video infor-
mation within limited context lengths through real-time visual token compres-
sion |2},381/411/55//58./62]. For instance, rLiVS reduces streaming token redundancy
by recurrently pruning attention-uninformative visual tokens, echoing broader
attention-reuse strategies for efficient visual processing [7,/59]. Others incorpo-
rate external memory mechanisms to recall historical information via similarity
ranking [6,371/57/64]. However, these methods rely on static heuristics, lacking au-
tonomous memory management and the ability to perform complex, multi-step
reasoning. To bridge this gap, recent studies have introduced streaming and long-
context reasoning methods into video understanding [46,50]. Along this line, this
paper proposes Video Streaming Thinking (VST), which introduces an online
thinking process that evolves with the video stream. By coupling autonomous
memory management with in-depth instruction analysis, VST enables models to
transcend short-range perception and achieve robust streaming intelligence.
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VideoLLMs Test-Time Scaling. Following the breakthrough of test-time
scaling and chain-of-thought in LLMs [15/44)49], recent VideoLLMs have adopted
supervised fine-tuning (SFT) to mimic expert reasoning trajectories |17}/18| or
utilized R1-style reinforcement learning (RL) to enhance task performance [4]
10L[231/27,/48.[56]. Despite these advances, existing post-training research remains
predominantly confined to offline video understanding. The exploration of rea-
soning within streaming contexts, particularly regarding long-horizon cognitive
capabilities, remains a critical yet neglected frontier. In this paper, we intro-
duce a unified SFT and RL framework for streaming video understanding. Our
method achieves a synergistic balance between real-time responsiveness and so-
phisticated reasoning, enabling autonomous memory management and in-depth
analysis of evolving video streams.

5 Conclusion

In this paper, we propose Video Streaming Thinking (VST), a new paradigm for
streaming video understanding that introduces a synchronized stream of logical
inference with real-time responsiveness. VST enables a thinking-while-watching
mechanism that performs reasoning over incoming clips during streaming. We
further develop a post-training recipe (VST-SFT and VST-RL) and an auto-
mated data synthesis pipeline based on video knowledge graphs to produce
streaming-thought supervision. Empirically, VST delivers strong performance
across multiple online and offline video understanding benchmarks, and yields
consistent gains across VideoLLMs ranging from 3B to 32B parameters, indi-
cating that the approach generalizes across model scales. Overall, our study es-
tablishes VST as a practical test-time scaling approach for streaming scenarios,
simultaneously enabling explicit CoT generation and real-time responsiveness.

Limitation and Future Works. While the computation of streaming thoughts
can be scheduled in parallel with incoming video clips, the additional LLM to-
ken consumption is still non-negligible. A promising direction is to explore la-
tent reasoning to enable more token-efficient streaming thinking. Moreover, VST
primarily focuses on text-guided memory management, which is orthogonal to
existing streaming visual memory mechanisms. Investigating their combination
and potential synergy is an interesting avenue for future work.
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