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Abstract
StreamingBench is the first comprehensive benchmark for streaming video understanding with timestamped,

continuous, and audio-aware evaluation. It measures three capability groups: real-time visual understanding,

omni-source understanding, and contextual understanding. The benchmark contains 900 videos, 4,500 human-

curatedQApairs, and 18 tasks. Experiments on 23MLLMs show that even the best proprietarymodel remains far

below human performance, revealing majorweaknesses in synchronized audio-visual reasoning, temporal ground-

ing, contextual memory, and proactive response.

Motivation and Contributions
Streaming video understanding requires models to watch, listen, reason, and answer in real time. Existing

video benchmarks are mostly offline: the full video is available before inference, timestamps are not central,

and contextual interaction is weak.

StreamingBench is designed for timestamped streaming QA, not offline replay.

It evaluates real-time visual, omni-source, and contextual understanding in one benchmark.

The benchmark contains 900 videos, 4,500 human-curated QA pairs, and 18 tasks across diverse

real-world categories.

Results on 23 MLLMs show a large gap between current systems and human-level streaming

understanding.

Streaming Setting vs. Offline Benchmarks

Each video is queried at multiple timestamps. Questions may depend on clues before, during, or after the query moment, and may

require audio, memory, or proactive response.

Benchmark Design and Data Construction

Real-Time Visual Understanding: OP, CR, CS, ATP, EU, TR, PR, SU, ACP, CT.

Omni-Source Understanding: ER, SCU, SD, MA with synchronized audio-visual evidence.

Contextual Understanding: MCU, ACU, SQA, PO for misleading context, anomaly detection, multi-turn

memory, and proactive output.

Videos are curated from eight categories. Real-time tasks are generated with timestamped captions and human verification;

omni-source and contextual tasks are fully human-annotated.

Dataset Profile

Question counts span short and long videos, with balanced coverage across three capability groups.

Experimental Setup and Main Results
The paper evaluates 3 proprietary and 20 open-source MLLMs. For models without native streaming input, the

evaluation uses the video context up to the query timestamp and supplies prior QA history for sequential tasks.

Best proprietary model: Gemini 1.5 Pro, 70.26%, still 21.4 points below human.

Best open-source model: MiniCPM-o 2.6, 66.01%.

Models are strongest on real-time visual tasks and weakest on contextual and omni-source tasks.

PO and SQA remain especially difficult, indicating weak temporal precision and long-horizon interaction

memory.

WhyModels Still Struggle
Temporal clue mismatch

Questions are categorized by whether the

minimal clue is prior, concurrent, or

subsequent, and whether it is single or

multiple. Performance drops sharply on

concurrent and subsequent clues.

Context and proactive output analysis

Making references explicit improves SQA, but only

modestly.

Converting PO into a concurrent query improves scores

substantially.

The main bottlenecks are context tracking, time alignment,

and following proactive instructions.

Streaming Prefill and Audio Input Matter

Latency and TTFT comparison of various MLLMs across

different interaction modes.
Performance on Omni-Source Understanding with ASR and

improvement over non-ASR variants.

Proactive Interaction Ability Matter

Performance of different MLLMs on the proactive output task. “≤ xs” means that the answer is considered correct if the actual

output time is within x seconds of the ground truth.

Takeaways
StreamingBench moves evaluation from offline video QA to continuous, streaming, proactive interaction.

Current MLLMs are still far from human performance, especially when audio, context, and precise

temporal grounding are required together.

Future progress likely depends on native streaming architectures, stronger audio-visual fusion, and better

episodic memory / proactive interaction.
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