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1. Dataset Introduction
VStream-QA [15] comprises two long-video datasets:
RVS-Ego and RVS-Movie. RVS-Ego contains 10 egocen-
tric videos with an average duration of 30 minutes, while
RVS-Movie includes 22 movie videos averaging 1 hour.
The distributions of the temporal answer spans and their ra-
tios relative to the question timestamps of both datasets are
presented in Fig. 1. The results show that the answer spans
and their relative ratios in RVS-Ego are substantially longer
than those in RVS-Movie, indicating that RVS-Ego has a
higher chance of capturing the answer segment and would
result in less redundancy under uniform video sampling for
streaming QA. StreamingBench [7] does not provide an-
swer span annotations, so we introduce the 10 question cat-
egories defined over the subset of 500 videos (on average
10 minutes) in the task of real-time visual understanding:
• Object Perception (OP): Detect and identify specific ob-

jects, e.g., “What is the person holding right now?”.
• Causal Reasoning (CR): Analyze event cause-and-effect

relationships, e.g., “Why Mr Bean is shocked now?”.
• Clips Summarization (CS): Summarize main content in

specific video clips, e.g., “Which of following best sum-
marize the actions just now”.

• Attribute Perception (ATP): Identify and categorize ob-
ject or individual attributes, e.g., “What color is the car
directly in front right now?”

• Event Understanding (EU): Recognize and describe se-
quences of events, e.g., “What is happening in the initial
scene of the video?”

• Text-Rich Understanding (TR): Interpret and explain
text-rich content within the video, e.g., “Which team is
leading in the racing points?”.

• Prospective Reasoning (PR): Predict future events based
on current video context, e.g., “What might the speaker
explain next?”.

• Spatial Understanding (SU): Understand and describe
spatial relationships and locations, “Where is ... now?”

• Action Perception (ACP): Identify specific actions in the
video, e.g., “What is the person doing now?”.

• Counting (CT): Count occurrences of specific objects or
actions, e.g., “How many times does .. so far?”

2. Experiments
2.1. Offline VideoQA and Different Backbones
We also extend our method MuKV to the popular offline
long VideoQA datasets: Video-MME [3], MLVU [17] and
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(a) Distribution of answer spans and relative ratios on RVS-Ego.
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(b) Distribution of answer spans and relative ratios on RVS-Movie.

Figure 1. The answer spans and their ratios relative to the cor-
responding question timestamps in RVS-Ego are substantially
longer than those in RVS-Movie, meaning that RVS-Ego has a
higher chance of capturing the answer segment and thus brings
less redundancy under uniform video sampling for streaming QA.

EgoSchema [8]. For a streaming QA setting, we assume
that all questions are asked at the end of the videos. The
results in Tab. 1 show that MuKV steadily improves over
ReKV and other recent streaming QA methods under differ-
ent backbones, demonstrating the robustness of our multi-
grained KV cache compression and semi-hierarchical re-
trieval approach.

2.2. Hyper-parameters
Frame Sampling Rates. Tab. 2 shows that denser video
sampling improves model performance on StreamingBench
but harms performance on RVS-Ego. Upon examining
the datasets, we find that RVS-Ego exhibits much lower
visual appearance variation than StreamingBench, mean-
ing that sparse sampling already captures most key frames,



Table 1. Results comparison on offline long VideoQA benchmarks. Compared results are copied from StreamMem [14]. For the number
of memory tokens, we report on a per 30-frame (1 minute) basis to satisfy all dataset, e.g., 5.9K ≈ 196 ∗ 30.

Method Frames/FPS # Mem. Tok MLVU EgoSchema VideoMME
Medium Long All

GPT-4o [4] – – 64.6 72.2 70.3 65.3 71.9

MovieChat+ [12] 2048 - 25.8 53.5 - 33.4 38.2
Dispider [10] 1 fps - 61.7 55.6 53.7 49.7 57.2

LongVA [16] 128 – – – 50.4 46.2 52.6
LongVU [11] 400/1fps – 67.6 58.2 59.5 60.6 -

LLaVA-OV-7B [6] 32 – 64.7 60.1 54.7 46.2 56.9
+ ReKV 0.5 fps 5.9K 68.5 60.7 – – –
+ LiveVLM [9] 0.5/0.2 fps - 66.3 63.0 56.4 48.8 57.3
+ StreamMem [14] 0.5/0.2 fps 6K 66.9 63.0 56.6 50.1 59.4
+ MuKV (Ours) 0.5fps 5.9K 67.8 63.3 57.9 52.1 61.2

LLaVA-OV-0.5B [6] 32 – 50.4 26.8 39.7 46.2 45.4
+ ReKV 0.5 fps 5.9K 53.2 29.6 40.1 47.9 48.2
+ MuKV (Ours) 0.5fps 5.9K 55.2 30.5 41.4 48.5 49.1

Qwen2.5-VL-3B [1] 768 – 63.3 64.4 58.0 47.2 60.3
+ InfiniPot-V [5] 768 6K 62.1 61.8 - - 59.3
+ StreamMem [14] 4.0/0.5 fps 6K 62.3 62.2 60.1 49.1 59.5
+ MuKV (Ours) 0.5 fps 5.9K 63.0 63.0 61.0 50.0 60.8

Qwen3-VL-4B [13] 768 – 64.8 65.8 60.2 49.5 62.5
+ MuKV 0.5fps 5.9K 66.0 67.0 61.8 51.0 63.6

Qwen3-VL-2B [13] 768 – 64.0 65.0 59.0 48.5 61.5
+ MuKV 0.5fps 5.9K 65.2 66.3 60.8 49.8 62.6

Qwen3-VL-8B [13] 768 – 76.1 66.2 70.1 64.9 71.5
+ ReKV 0.5fps 5.9K 76.9 67.1 70.3 65.2 71.8
+ MuKV 0.5fps 5.9K 78.3 68.7 72.5 67.7 73.3

while denser sampling introduces unnecessary redundancy.
Meanwhile, MuKV consistently improves ReKV [2] across
all sampling rates, with the performance gains becoming
more pronounced at higher FPS values. This further demon-
strates the effectiveness of our KV compression mechanism
for removing redundancy.

Granularity Hyper-Parameters. Tab. 3 studies different
compression ratios at KV cache of different granularities.
The results show that pruning more KVs at the lower-level
granularity often yields better performance, highlighting the
strategy of segment-level modeling in video understanding.
Tab. 4 studies the trade-off parameter between the first-stage
parallel-retrieval score and the second-stage cross-grain hi-
erarchical retrieval score. A smaller λ brings better perfor-
mance on RVS-Ego but worse performance on RVS-Movie,
suggesting that cross-grain retrieval scores are less effec-
tive on egocentric videos which have less event-level con-
tent variations compared to that on movie videos.
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