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Abstract

Streaming video question answering (Streaming Video QA)
poses distinct challenges for multimodal large language mod-
els (MLLMs), as video frames arrive sequentially and user
queries can be issued at arbitrary timepoints. Existing so-
lutions relying on fixed-size memory or naive compression
often suffer from context loss or memory overflow, limit-
ing their effectiveness in long-form, real-time scenarios.We
present Vista, a novel framework for scene-aware stream-
ing video QA that enables efficient and scalable reasoning
over continuous video streams. The innovation of Vista can
be summarized in three aspects: (1) Scene-aware segmenta-
tion. Vista dynamically clusters incoming frames into tem-
porally and visually coherent scene units. (2) Scene-aware
compression. Each scene is compressed into a compact to-
ken representation and stored in GPU memory for efficient
index-based retrieval, while the full-resolution frames are of-
floaded to CPU memory. (3) Scene-aware recall. Upon re-
ceiving a question, relevant scenes are selectively recalled
and reintegrated into the model’s input space, enabling both
efficiency and completeness. Vista is model-agnostic and in-
tegrates seamlessly with a variety of vision-language back-
bones, enabling long-context reasoning without compromis-
ing latency or memory efficiency. Extensive experiments on
StreamingBench demonstrate that Vista achieves state-of-the-
art performance, establishing a strong baseline for real-world
streaming video understanding.

1 Introduction
Multimodal Large Language Models (Team et al. 2023,
2024; Anthropic 2024; OpenAI 2024; Zhang et al. 2025;
Xu et al. 2025; Tao et al. 2025) have achieved significant
breakthroughs in a variety of fields, such as embodied AI,
autonomous driving, and video-based dialogue systems.

While progress in long-form video question answering
has been impressive, most existing approaches are designed
for offline inference, where the entire video and the corre-
sponding question are simultaneously available for global
analysis. However, this assumption breaks down in inter-
active real-time applications, where video streams arrive
continuously and questions may be issued at arbitrary mo-
ments. In such streaming settings, the model must respond
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Figure 1: Illustration of the streaming video QA setting
with post-hoc queries and scene-level attention. User ques-
tions may arrive at any time during video playback, and
the model’s attention distribution typically concentrates on
a single coherent scene.

promptly without access to the full video context. This gives
rise to two core challenges: (1) Unbounded input length
— Streaming videos are potentially infinite in duration, and
sampling frames at a fixed rate can rapidly exhaust mem-
ory and computational resources; and (2) Low-latency re-
quirement — Timely responses are essential, which pro-
hibits expensive full-sequence attention mechanisms at in-
ference time.

Consequently, streaming video QA requires fundamen-
tally different system designs, ones that support continuous,
query-agnostic encoding of incoming video streams, mini-
mize memory usage over time, and allow for fast and effec-
tive retrieval upon question arrival.

To overcome this limitation, we propose a novel frame-
work that performs scene-level compression and indexing
specifically designed for streaming video question answer-
ing. The core idea stems from the observation that, during
inference, the model’s attention is typically concentrated on
a limited number of semantically salient segments within the
video, as illustrated in Figure 1.

In summary, this paper makes the following contributions:

• We propose a scene-aware segmentation and compres-
sion framework that organizes streaming video into tem-
porally and semantically coherent scene units. Each
scene is represented with a compact token-level sum-
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mary, enabling effective compression without losing es-
sential visual semantics.

• We introduce a scene-aware offloading and recall mech-
anism that stores high-resolution frames in CPU memory
while retaining only compressed scene representations in
GPU. At inference time, relevant scenes are selectively
recalled based on the input query, allowing scalable long-
context reasoning with minimal GPU memory overhead.

• Empirical results demonstrate the effectiveness of our ap-
proach in maintaining high accuracy while significantly
reducing GPU memory usage and latency.

Our method allows the model to perform lightweight at-
tention over compressed scene tokens and retrieve full-
resolution features on demand.

2 Related Works
Recent advances in vision-language models (Li et al. 2023;
Maaz et al. 2023; Liu et al. 2024; Li et al. 2024; Xu et al.
2024a) have substantially improved multimodal understand-
ing, especially in Video QA. These models typically com-
bine a pretrained visual encoder (Radford et al. 2021; Zhai
et al. 2023) with a large language model through cross-
modal alignment, enabling grounded responses to visual
content. While effective for short clips, their direct appli-
cation to long-duration or streaming videos is limited by in-
efficient retention and reasoning over temporally distant in-
formation.

2.1 Long Video QA
To address the limitations of vision-language models on ex-
tended temporal content, a growing body of research has
focused on long video question answering, where the in-
put spans hundreds or thousands of frames. In this setting,
a central challenge lies in capturing long-range dependen-
cies without incurring excessive memory and computation
overhead. Several methods have been proposed to mitigate
this, including token merging (Renggli et al. 2022; Song
et al. 2024; Li, Wang, and Jia 2024; Weng et al. 2024; Jin
et al. 2024; Xu et al. 2024b; He et al. 2024), sparse sampling
(Nuthalapati and Tunga 2023; Tang et al. 2025), KV pruning
(Chen et al. 2024b) and memory retrieval (Buch et al. 2022;
Ram et al. 2023; Yu et al. 2023).

While these approaches improve efficiency in offline sce-
narios, they often assume full access to the video and the
question during inference. This assumption is incompatible
with real-time streaming settings.

2.2 Streaming Video QA
Streaming Video Question Answering requires incremental
processing of continuous video streams under strict memory
and latency constraints, unlike offline methods that assume
full access to both video and query. Existing approaches
address this through different forms of compression, re-
trieval, and memory management. VideoStreaming (Qian
et al. 2024) introduces learnable modules for long-context
modeling, while Flash-VStream (Zhang et al. 2024) and
Video-LLaMA-Online (Chen et al. 2024a) compress incom-
ing frames for scalable storage or high-frequency streaming.

DisPider (Qian et al. 2025) decouples perception and deci-
sion for real-time interaction. Retrieval-based methods offer
a complementary direction: ReKV (Di et al. 2025) retrieves
KV-caches from CPU memory, LiveVLM (Ning et al. 2025)
revisits prior segments via retrieval-augmented streaming,
InfiniPot-V (Kim et al. 2025) compresses temporal caches,
and StreamMem (Yang et al. 2025) builds lightweight proxy
memories. However, these methods largely operate at the
frame or cache level and remain sensitive to temporal noise,
leaving open challenges in achieving robust retrieval and ef-
ficient long-context reasoning.

3 Preliminary

3.1 Streaming Video QA with Post-Hoc Queries

Streaming Video refers to a continuous sequence of video
frames {Ft}Tt=1 arriving sequentially over time. At each
timestep t, a frame Ft is sampled and made available to the
system at a fixed frame rate. Unlike offline video processing,
where the entire clip is accessible in advance, streaming set-
tings impose a strict temporal constraint where only current
and past frames are observable, and future frames remain
unknown during inference.
Post-hoc Video Question Answering is a variant of the
video QA task where the queryQ arrives at an arbitrary time
tq after the video has already started streaming. Formally,
given a query Q arriving at tq , the model must provide an
answer based solely on the sequence of frames observed up
to that point, i.e., {Ft}

tq
t=1.

The post-hoc setting introduces a unique set of challenges.
In traditional sparse attention or key-frame selection meth-
ods, frame importance is often determined by the query, al-
lowing the model to retain only query-relevant frames. How-
ever, in the post-hoc scenario, the query Q is unavailable
during frame observation. Consequently, the model cannot
estimate frame importance in advance and must operate in a
query-agnostic fashion during streaming.

Furthermore, due to the limited GPU memory capacity,
it is infeasible to retain all frames {Ft} in high resolution
throughout the entire streaming process. This prevents the
model from deferring frame selection until query arrival. In-
stead, it must balance three competing demands:

• Relevance: Retain sufficient visual content that could be
relevant to future unknown queries;

• Efficiency: Discard or compress frames early to manage
memory usage;

• Responsiveness: Upon query arrival, retrieve or recon-
struct the most informative visual evidence with minimal
latency.

These constraints define the core difficulty of streaming
video QA under post-hoc queries: the model must make de-
cisions under temporal uncertainty, memory pressure, and
strict latency constraints, all while ensuring semantic fidelity
to support accurate question answering.
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Figure 2: The framework of Vista. (a) Scene-aware segmentation. (b) Scene-aware compression. (c) Scene-aware recall.

4 Method
4.1 Overall Framework
Figure 2 illustrates the overall framework of Vista. Unlike
traditional video question answering settings where the en-
tire video and the question are both known in advance, our
task operates under a streaming paradigm: video frames ar-
rive sequentially at a fixed frame rate, and the query is re-
vealed only at an arbitrary time point during inference. This
constraint prevents preemptive content-aware frame selec-
tion based on the question, making efficient memory man-
agement a critical challenge.

To address this, Vista employs a scene-aware segmen-
tation and compression framework that groups streaming
video frames into temporally and semantically coherent
scenes. Each incoming frame is encoded and appended to a
local sliding window, with scene boundaries detected based
on frame-level similarity metrics. Upon identifying a scene
boundary, all frames within the preceding scene are com-
pactly summarized into a token-level representation, typi-
cally via pooled embeddings, enabling effective compres-
sion without losing essential visual semantics. Meanwhile,
the original high-resolution frame features are offloaded to
CPU memory, maintaining a minimal GPU memory foot-
print.

Once the query is issued, we perform attention-based
scene retrieval by computing relevance scores between the
query representation and the compressed scene tokens. The
top-ranked scene tokens are then restored by fetching their
corresponding full-resolution features from CPU or disk
storage. These are concatenated with the current contents of

the local window to form the final multimodal video input
sequence.

This sequence is subsequently fed into the vision-
language model to generate the output. By controlling the
number of full-resolution frames, Vista effectively maintains
a bounded GPU memory usage while retaining the ability to
dynamically recover relevant information on demand.

4.2 Scene-aware Segmentation
In streaming video scenarios, efficient and accurate detec-
tion of scene boundaries is crucial for effective compression
and memory management. Since the query is unknown dur-
ing streaming, key frame selection cannot rely on semantic
relevance to the question. Therefore, an online, unsupervised
approach based on visual similarity patterns is adopted to
identify scene transitions.

Let Fa denote a fixed anchor frame representing the start
of the current scene, and Fi the latest incoming frame in the
video stream.

A scene boundary is declared only if both similarity
scores fall below a predefined threshold τ :

B(Fi) = I

Sanchor(Fi) < τ︸ ︷︷ ︸
Anchor condition

∧ Sadj(Fi) < τ︸ ︷︷ ︸
Adjacency condition

 (1)

, where Sanchor(Fi) denotes the similarity between frame
Fi and the corresponding anchor frame within the current
scene, and Sadj(Fi) measures the similarity between frame
Fi and its immediately preceding frame. τ is a predefined
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threshold controlling the boundary sensitivity, and I[·] is the
indicator function that returns 1 if the condition holds and 0
otherwise.

To ensure smooth transitions between scenes and to ac-
commodate gradual visual changes, a temporal overlap be-
tween consecutive scenes is introduced. This overlap allows
a small buffer of frames to be shared by adjacent scenes,
mitigating abrupt boundary effects and preserving temporal
coherence during downstream processing.

4.3 Scene-aware Compression
Before the question is provided, the system continuously en-
codes the incoming video stream frame-by-frame. Let Fi

denote the i-th frame in the raw video sequence. During
streaming processing, each frame is additionally assigned to
a detected scene, denoted as F j

i , indicating that frame Fi

belongs to the j-th scene segment. This notation reflects the
segmentation of the continuous video stream into consecu-
tive scene units.

To exploit the temporal locality of question-relevant
frames, which tend to cluster within scenes , a local window
buffer is maintained to store recent frames for scene group-
ing. Specifically, when a new frame Fi arrives, the current
local window is defined as: L = [F j

i−n, · · · , F
j
i−1] where all

frames in the window share the same scene index j.
The decision to perform compression is triggered upon

detecting a scene boundary between frames Fi−1 and Fi. In
such a case, the local window containing frames of scene j is
finalized: all frames within this window are aggregated as a
scene unit and offloaded to RAM for storage, while the new
frame Fi starts a fresh local window for the next scene. Con-
currently, a compact scene token is generated to summarize
the information of the completed scene, facilitating efficient
future retrieval based on query relevance.

To accurately and efficiently encode each scene, a
Temporal-Spatial Compression strategy is proposed, lever-
aging redundancy along both temporal and spatial dimen-
sions. This strategy can be summarized as three steps:

• Temporal Compression: Given the set of frames
{F j

i }mi=1 within the j-th scene, average pooling is ap-
plied along the temporal axis for each spatial patch in-
dependently. Then the results of all the spatial patches
are integrated to achieve the temporally compressed fea-
ture map Ftemp. This step exploits the high correlation
of adjacent frames within a scene, effectively reducing
temporal redundancy.

• Spatial Compression: The temporally compressed fea-
ture map Ftemp is reshaped into a two-dimensional grid
of spatial tokens. To ensure compatibility with patch
sizes, zero-padding is applied if necessary. To emphasize
salient regions, we introduce a weighting scheme based
on L2 norms: each spatial patch’s L2 norm serves as an
importance measure, guiding weighted averaging within
a sliding spatial window.

• Final Aggregation: Following spatial weighting and fu-
sion, a second average pooling operation aggregates the
spatial tokens into a single compact vector, producing the

Algorithm 1: Scene-aware Compression

Require: Set of frames {Fi}mi=1 within one scene, height of
sliding window h, width of sliding window w

Ensure: Compressed scene token T representing the scene
1: for each spatial patch location (x, y) do
2: F [x, y]← 1

m

∑m
i=1 Fi[x, y]

3: end for
4: Integrate all the patches Ftemp ← {F [x, y]}
5: Reshape Ftemp into 2D grid of spatial tokens S
6: H,W ← height, width of S
7: for s = 1 to H do
8: for t = 1 to W do
9: if s+ h > H or t+ w > W then

10: apply zero padding
11: end if
12: Ws,t ← {Si′,j′}s+h,t+w

i′=s,j′=t

13: ws,t ← ∥Ws,t∥2
14: S

(s,t)
fused ←

∑s+h,t+w

i′=s,j′=t
wi′,j′ ·Si′,j′∑s+h,t+w

i′=s,j′=t
wi′,j′

15: end for
16: end for
17: T ← 1

H×W

∑H,W
s=1,t=1 S

(s,t)
fused

18: return T

final scene token that encapsulates both global semantic
context and local discriminative details.

This hierarchical compression pipeline significantly re-
duces memory footprint while preserving critical informa-
tion for downstream query-driven retrieval. Algorithm 1 out-
lines the core steps of the temporal-spatial compression pro-
cess.

4.4 Scene-aware Recall
Efficient retrieval of relevant visual content from memory is
crucial at query time tq . Given the constrained GPU memory
during inference, especially for storing full-resolution video
frames, our goal is to selectively restore only the most rele-
vant scenes while adhering to strict memory usage bounds.

Let Q denote the incoming textual query, and let S =
{T1, T2, . . . , TN} be the set of previously compressed scene
tokens, where each Tj is a temporally and spatially con-
densed representation of scene j whose frames have been
offloaded to CPU memory or disk.

The query is first embedded using a language encoder
ψ(·), yielding the query embedding: q = ψ(Q).

To assess the relevance between the query and each scene,
a similarity function, typically implemented as scaled dot-
product attention, is employed to compute attention scores.
The attention score αi is computed as αi = qT⊤

i .
The top-k most relevant scene tokens are then selected

according to their attention scores. Let Ik denote the indices
of the selected top-k tokens:

Ik =
{
j | αj ∈ TopK({αi}Ni=1, k)

}
(2)

For each selected index j ∈ Ik, its corresponding full-
resolution frames Fj = {F j

1 , . . . , F
j
m} are retrieved from

disk or CPU memory.
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RT Omni-Source Understanding Contextual Understanding
Model all ER SCU SD MA all ACU MCU SQA PO all

Human 91.46 88.00 88.24 93.60 90.27 90.26 88.80 90.40 95.00 100 93.55

Proprietary MLLMs
Gemini 1.5 pro 75.69 46.80 39.60 74.90 80.00 60.22 51.41 40.73 54.80 45.10 48.73
GPT-4o 73.28 41.20 37.20 43.60 56.00 44.50 41.20 38.40 32.80 56.86 38.70
Claude 3.5 Sonnet 20 72.44 31.60 34.00 32.80 48.80 36.80 38.40 34.80 34.40 64.71 37.70

Streaming MLLMs
Flash-VStream 23.23 25.91 24.90 25.60 28.40 26.00 24.80 25.20 26.80 1.96 24.12
VideoLLM-online 35.99 31.20 26.51 24.10 32.00 28.45 24.19 29.20 30.80 3.92 26.55
Dispider 67.63 35.46 25.26 38.57 43.34 35.66 39.62 27.65 34.80 25.34 33.61

LLaVA-OneVision-7B 70.92 40.00 24.80 31.20 44.40 35.10 32.40 35.60 30.80 33.20 33.00

+Vista(ours) 71.36
(+0.44)

46.40
(+6.40)

37.20
(+12.40)

43.60
(+12.40)

74.00
(+29.60)

50.30
(+15.20)

43.20
(+10.80)

36.80
(+1.20)

34.40
(+3.60)

29.60
(-3.60)

36.00
(+3.00)

Video-LLaMA2-7B 52.6 38.18 23.47 34.09 39.04 32.93 26.90 27.61 27.60 0.00 20.53

+Vista(ours) 52.92
(+0.32)

39.60
(+1.42)

26.80
(+3.33)

33.60
(-0.49)

45.60
(+6.56)

36.40
(+3.47)

28.00
(+1.10)

32.00
(+4.39)

32.00
(+4.40)

0.00
(+0.00)

23.00
(+2.47)

Table 1: Comparison of video-language models on StreamingBench across various capabilities. Most of the data is cited from
StreamingBench (Lin et al. 2024).

The final multimodal input to the vision-language model
is constructed by aggregating the following components:
• The union of full-resolution frames from the top-k re-

trieved scenes:
⋃

j∈Ik
Fj ;

• The most recent uncompressed frames in the local pro-
cessing window, denoted as: L;

• The tokenized query Q.

Let Vfinal =
(⋃

j∈Ik
Fj

)
∪ L denote the video input se-

quence composed of the elements in recalled frames and lo-
cal window. The overall input to the vision-language model
is then defined as: InputVLM = (Vfinal, Q).

This dynamic retrieval mechanism, which integrates both
query-relevant full-resolution scenes and the most recent lo-
cal frames, enables the model to maintain high inference
accuracy while remaining within strict GPU memory con-
straints.

5 Experiments
5.1 Experimental Setup
Benchmarks To evaluate the effectiveness of our method
on the task of streaming video question answering, we
conduct experiments on both online and offline video
benchmarks, including StreamingBench (Lin et al. 2024),
EgoSchema (Mangalam, Akshulakov, and Malik 2023), and
MLVU (Zhou et al. 2024).

StreamingBench is a comprehensive benchmark suite de-
signed to assess the diverse capabilities of streaming video
understanding models.

MLVU serves as a multi-task benchmark for evaluating
the long-range comprehension abilities of video-language
models across various levels of semantic understanding in
extended video content.

EgoSchema is a large-scale diagnostic benchmark focus-
ing on temporal event comprehension and schema-based
reasoning in egocentric videos, offering fine-grained eval-
uations for long-form video understanding.

Hardware We conduct our experiments on four NVIDIA
4090D GPUs, each containing 24GB of memory, along with
an i9-14900K CPU and 125GB of RAM. All experiments
use greedy decoding with temperature set to 0, making the
generation deterministic.

5.2 Performance on StreamingBench
We conducted a thorough evaluation of our method on the
StreamingBench benchmark. The results, presented in Ta-
ble 1, demonstrate that our approach achieves highly com-
petitive and, in several key areas, state-of-the-art perfor-
mance compared to existing streaming MLLMs. Our frame-
work significantly enhances the capabilities of the base mod-
els (e.g., LLaVA-OneVision-7B), showcasing its effective-
ness and general applicability.

Real-Time Visual Understanding (RT) assesses a model’s
capability to perceive and reason over visual content up to
a query timestamp, emphasizing immediacy via temporal
cues. Our method significantly improves RT performance,
achieving 71.36% (+0.44%) when combined with LLaVA-
OneVision, surpassing other streaming baselines.

Vista demonstrates its most significant advantages in
Omni-Source Understanding. The most notable result ap-
pears in the Multimodal Alignment (MA) task, where Vista
achieves 74.00%, a +29.60% absolute improvement over the
baseline. This score not only surpasses all other stream-
ing models but also exceeds proprietary models such as
GPT-4o (56.00%). We also observe clear gains in Emotion
Recognition (46.40%, +6.40%) and in SCU/SD (37.20%
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Figure 3: Performance comparison with increasing input
frames across different strategies: (a) memory usage; (b) in-
ference latency.

and 43.60%), highlighting Vista’s ability to maintain precise
temporal and semantic alignment across modalities.

For Contextual Understanding tasks requiring reasoning
over continuous video streams, Vista also shows clear gains.
It improves ACU performance to 43.20% (+10.80%), sur-
passing streaming MLLMs such as Dispider (39.62%), and
achieves consistent improvements in MCU and SQA. These
benefits mainly stem from the staged recall mechanism,
which efficiently retrieves relevant historical context for
each query.

To evaluate the scalability and efficiency of our method,
we compared it with two baselines: uniform sampling input
and full frame input under varying numbers of input frames.
As shown in Figure 3, our method consistently maintains
low memory usage and stable latency (TTFT) even as the
number of input frames increases.

Overall, our framework significantly advances streaming
MLLMs. The consistent low latency and memory footprint
under varying input sizes further demonstrate its practical
scalability. Notably, the state-of-the-art performance in mul-
timodal alignment and other key tasks validates the effec-
tiveness and broad applicability of our approach in stream-
ing video understanding.

5.3 Performance on Offline Video Benchmarks
We evaluate vista on two representative long-video QA
benchmarks: MLVU and EgoSchema, and compare it
with both long-video understanding models and streaming-
oriented models.

MovieChat
LLaMA-VID

Flash-VStream Dispider Vista

20

40

60

80

A
cc

ur
ac

y 
(%

)

25.8
33.2

50.2

61.7 63.8

53.5

38.5 38.1

55.6 58.7

MLVU
EgoSchema

Figure 4: Offline video question-answering on different
long-form benchmarks. Most of the data is cited from Dispi-
der (Qian et al. 2025).

As shown in Figure 4, vista achieves the notable accuracy
on both benchmarks, reaching 63.8% on MLVU and 58.7%
on EgoSchema. Compared to other strong offline MLLMs
designed for long video QA, vista yields substantial im-
provements, highlighting its superior ability to understand
long-range temporal contexts.

Vista also surpasses leading streaming models such as
Dispider and Flash-VStream, demonstrating that the pro-
posed scene-aware mechanism not only enables real-time
interaction but also generalizes well to offline long-form sce-
narios. These results validate the robustness and versatility
of our temporal modeling framework across different video
QA settings.

Base Seg. Comp. Recall Accuracy (%)
✓ ✗ ✗ ✗ 40.00
✓ ✗ ✓ ✓ 38.80
✓ ✓ ✗ ✓ 42.00
✓ ✓ ✓ ✗ 44.00
✓ ✓ ✓ ✓ 46.40

Table 2: Ablation study of scene-aware segmentation, scene-
aware compression and scene-aware recall strategies.

5.4 Ablation Study
To evaluate the contribution of each component, we conduct
an ablation study on the Emotion Recognition (ER) task,
examining the effects of scene-aware segmentation, scene-
aware compression, and scene-aware recall (Table 2).

The base model using uniformly sampled frames achieves
40.00% accuracy. Applying compression and recall without
segmentation slightly decreases performance to 38.80%, in-
dicating that compression without semantic grouping may
introduce misaligned cues.

Using segmentation alone improves accuracy to 42.00%,
showing that temporal-semantic partitioning provides a ben-
eficial structural prior. Adding compression to segmented
scenes further raises performance to 44.00%, suggesting that
compact representations within coherent scenes effectively
preserve salient information.

Combining all three modules achieves the best result
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Figure 5: Sensitivity analysis of four different hyperparam-
eters for streaming video QA: (a) Window Size a; (b) Simi-
larity threshold τ ; (c) Compression-recovery ratio m/k; (d)
Overlap step size.

(46.40%), demonstrating their complementary roles and the
overall effectiveness of the proposed framework.

To evaluate the robustness of our framework, we perform
a hyperparameter sensitivity analysis on four key variables:
the spatial compression window size a, the segmentation
similarity threshold τ ,the scene capacity–recall limit pair
m/k, and the temporal overlap step size, as shown in Fig-
ure 5. Here, a controls how many spatial patches are ag-
gregated within each frame during compression, τ deter-
mines when a new scene is started based on frame-to-anchor
similarity, the pair m/k specifies the maximum number of
frames allowed in each scene m and the maximum num-
ber of scenes that can be recalled during question answering
k, and the overlap step size governs how many frames are
shared between consecutive scenes.

For the spatial window size a (Figure 5(a)), increasing a
from 1 to 2 improves performance (45.2% to 46.4%) by en-
abling broader within-frame aggregation, while overly large
windows (e.g., a = 7) oversmooth spatial details, indicating
that moderate values work best.

For the segmentation threshold τ (Figure 5(b)), low
thresholds (0.5) cause under-segmentation and high thresh-
olds (0.9) over-fragment scenes. The optimal value of 0.8
strikes a balance between coherence and compactness.

For the scene capacity–recall pair m/k (Figure 5(c)), we
vary m and k under a fixed total capacity. Very small m
(e.g., 1) produces fragmented context, while large m (e.g.,
16) merges overly diverse content. An intermediate config-
uration (e.g., m = 8, k = 3) achieves the best performance
(46.4%).

Temporal overlap (Figure 5(d)) further smooths scene
transitions. A small overlap (step=1) improves accuracy
(42.4% to 46.4%), whereas larger overlaps add redundancy
without additional gains.

Overall, the analyses demonstrate that both scene-aware
segmentation and controlled scene capacity are crucial for
robust performance, and Vista remains stable across diverse
hyperparameter settings.

… …

Question: What was the significant change in the process that included the use of 

a plastic bottle, and how did it affect the subsequent actionsin the video?
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Figure 6: Visualization of the scene-aware recall strategy
when the query arrives. Scenes with higher relevance scores
are selectively recalled and often contain critical informa-
tion necessary to answer the question.

5.5 Visualization of Scene Recall

To further illustrate the effectiveness of our scene-aware re-
call strategy, we visualize the recall scores across different
scene segments for a representative video in Figure 6. As
shown, our model assigns higher relevance scores to scenes
that are semantically aligned with the given question, such
as the use of a plastic bottle. These high-scoring segments
are subsequently selected and aggregated for downstream
reasoning. The qualitative alignment between the recalled
scenes and the query demonstrates the model’s ability to
selectively retain question-relevant visual content, enabling
more accurate and context-aware video question answering.
This visualization confirms that our recall mechanism suc-
cessfully filters out irrelevant or redundant scenes while em-
phasizing those that are temporally and semantically critical
for answering the question.

While Vista effectively recalls semantically relevant
scenes, certain limitations remain. In highly dynamic scenes
with rapid motion or abrupt transitions, accurate boundary
detection becomes difficult, and Vista temporarily falls back
to single-frame recall. Conversely, in long static scenes, a
maximum scene length is enforced to avoid memory over-
flow. In complex scenarios with overlapping events, recall
accuracy may degrade due to mixed scene representations.

6 Conclusion

This paper proposes a novel real-time Streaming Video
QA framework based on scene-aware optimization. Our
method introduces three key innovations: scene-aware seg-
mentation that dynamically groups incoming frames into
coherent scenes based on visual-temporal patterns, scene-
aware compression that converts these scenes into compact
GPU-stored tokens while offloading raw frames to CPU,
and scene-aware recall that selectively retrieves and rein-
tegrates relevant scenes when answering queries. These in-
novations achieves both computational efficiency and infor-
mation completeness. Experiments on standard streaming
video QA benchmarks confirm that our approach outper-
forms state-of-the-art methods.
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