STREAMMIND: Unlocking Full Frame Rate Streaming Video Dialogue through
Event-Gated Cognition

Supplementary Material

1. Impact of Silence-Response Sample Imbal-
ance

As described in the data preparation process, during the
Silence-Response Labeling stage, the dataset inherently ex-
hibits a severe imbalance in the Silence-Response ratio. For
example, in a 1-minute video at 30 FPS, if only 5 frames re-
quire a response, the silence-response ratio becomes 360:1.
Such an extreme imbalance can significantly impact the
training process.

To mitigate this issue, we introduce a balancing weight
W into the standard Cross Entropy (CE) loss during train-
ing, where W and 1 — W; represent the weights for silence
and response, respectively. We conducted extensive abla-
tion studies on Silence-Response sample balancing based
on the weight W,. The results indicate that, compared to
the standard cross-entropy loss, W significantly improves
the final performance. However, an unfortunate observation
is that the optimal W varies considerably, even differing
by orders of magnitude. To address this, we analyzed the
ratio P of < /silence > to < /response > tokens in
the Ego4D and SoccerNet datasets, which are 310 : 1 and
71 : 1, respectively. Based on these observations, we de-
rive an empirical formula for the optimal balancing weight
WP

W ~ 10P (1

Table 1. Perceptive Judgement Capability

Datasets Method TimeDiff | TriggerAcc T TimVal 1
Standard CE 2.05 31.37% 30.91%
0.10 1.92 41.34% 37.60%
EgodD 0.12 1.88 42.16% 38.63%
0.15 1.89 43.34% 39.73%
0.17 1.95 40.23% 39.44%
0.20 1.97 35.35% 34.60%
Standard CE 15.89 31.34% 29.61%
0.01 14.33 50.35% 41.32%
Soccer 0.02 14.35 51.62% 44.8%
0.03 14.02 52.18% 47.36%
0.04 14.03 44.69% 42.37%
0.05 14.12 41.22% 39.82%

2. Perception Phase Visualization Experiment

To visualize the perception phase, we conducted the fol-
lowing experiment: As streaming video inputs continued,
we preserved all perception tokens generated by the Cog-
nition Gate between two consecutive cognition phases. We

then computed the cosine similarity between these tokens
to analyze their consistency over time.

The results indicate that perception tokens generated by
EPFE can effectively distinguish between relevant and ir-
relevant events while maintaining a strong memory of the
primary event. Even after encountering unrelated events,
the perception tokens are capable of refocusing on the main
event. Furthermore, throughout the entire event, percep-
tion tokens exhibit robust memory retention, maintaining a
high similarity with earlier stages of the event even in later
phases, as shown in figure.1.(a).

We repeated this experiment on STC, as shown in fig-
ure 1.(b), but its perception tokens failed to maintain long-
term feature similarity, capturing only local spatiotemporal
features. This further highlights the superiority of EPFE
in preserving event-level semantics over extended video se-
quences.

3. A Discussion on Event Perception Mecha-
nisms and Model Design

In StreamMind’s implementation, an ‘event’ refers to “a se-
ries of frames within a time segment, after which the Cog-
nition Gate determines that sufficient information relevant
to the user query has been gathered and forwards it to the
LLM for cognition”. It aligns with works [3], defines events
as “A segment of time... have a beginning and an end”. As
noted in work [4], while the human sensory system receives
data at 1e9 bits/s, it processes only 10 bits/s—highlighting
the Gate’s role in efficiently filtering vast sensory input for
cognition.

4. Extended Benchmark Evaluation

To further demonstrate the superior performance of Stream-
Mind, we conducted additional comparisons with FI-
VStream, Video-Online [1], and Dispider [2] on OVO-
Bench and StreamingBench, as shown in Table 3. It can
be observed that, while StreamingBench is not specifi-
cally designed for the Streaming Video Dialogue (SVD)
task—focusing mainly on understanding rather than timing
alignment and real-time performance (except for PO)—our
method nonetheless matches or outperforms the baselines
in these metrics, while maintaining the speed advantages
we emphasize. In contrast, we achieve significantly better
performance on OVO-Bench (7% improvement over Dispi-
der), a benchmark explicitly designed for the SVD task.

5. Visualization of demo
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(a) Visualization of EPFE (b) Visualization of STC

Figure 1. A cosine similarity heatmap of frames across two consecutive events.
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The second half has just started [PLAYER] sends a cross into the box, but the opposition’s

defence clears the ball to safety.
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[PLAYER] are showing great team chemistry. They are [PLAYER] sends a cross into the box, but the opposition’s
passing the ball around seamlessly. defence clears the ball away to eliminate the danger.

[TEAM] will have a chance to score from a corner kick [PLAYER] tries to send a pass but it’s blocked

Figure 2. An illustrative snippet of StreamingVD on a live football match. The query at the beginning is: ”Hey, Robot, can you watch the
football game with me and provide commentary?”
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Table 2. Performance comparison on OVO-Bench with StreamingVLM

OVO-Bench
Model Frames Real-Time Perception Backward Forward Active Ave.
OCR ACR ATR STU FPD OJR |EPM ASI HLD | REC SSR CRR
Human - 939 92.6 948 927 91.1 94.0|92.6 93.0 91.4 | 955 89.7 93.6 |92.8
FI-VStream | 1fps | 242 29.7 285 337 257 288|39.1 372 591 | 80 673 60.0 |33.6
Video-online | 2fps 81 239 121 140 455 212|222 188 12.18| - - - -
Dispider Ifps | 57.7 495 62.1 449 614 516|485 554 43 | 18.1 374 488|418
Streammind | Ifps | 58.9 50.7 623 453 61.1 513|476 554 158 | 199 42.6 51.6 | 46.9
Streammind | 2fps | 59.7 52.4 633 454 61.8 514|485 548 179 |257 445 52.1 | 482

Table 3. Performance comparison on StreamingBench with StreamVLM

StreamingBench
Model Frames Real-Time understanding Omni-source Contextual All
OP CR CS ATP EU TR PR SU ACP CT| ER SCU SD MA |ACU MCU SQA PO
Human - 89.5 92.0 93.6 91.5 95.6 92.5 88.0 88.8 89.7 91.3|88.0 88.2 93.6 90.3|88.8 90.4 95.0 100 |91.7
Fl-VStream | 1fps |25.9 43.6 249 239 27.3 13.1 185 252 239 48.7|259 249 25.6 28.4|24.8 252 26.8 1.96|24.0
Video-online| 2fps [39.1 40.1 34.5 31.1 459 324 31.5 342 425 279|312 265 24.1 32.0|242 29.2 30.8 3.92(32.5
Dispider Ifps |74.9 755 74.1 73.1 744 59.9 76.1 62.9 62.2 46.7|35.5 253 38.6 43.3(39.6 27.7 34.8 25.3|53.1
Streammind | 1fps |74.8 75.8 75.2 73.8 73.9 613 755 64.2 624 47.1| 36.2 25.6 34.7 43.7| 425 30.3 36.8 37.5|54.0
Streammind | 2fps |75.4 76.4 75.5 732 74.6 61.2 763 645 62.3 47.8|36.5 25.6 40.4 453 |44.6 31.4 359 39.8|55.2
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