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Figure 4: Wall-clock efficiency of EventLens versus direct Mixed-GRPO on four representative
transfer metrics. The curves track MT-OPD student optimization and direct Mixed-GRPO training.

Table 6: Robustness to timestamp perturbation in event supervision on Qwen3-VL-4B. Training
uses 100 GRPO steps and 2,000 samples per recovery family; percentages denote perturbed chains.
VinoGround reports the Group score.

Training
annotations

VinoGround
Group MVBench LongVideo

Bench
Charades

mIoU
QVHighlights

mIoU
E.T. Bench

Avg.

Instruction base 37.00 62.55 60.70 43.64 54.31 34.55
Clean 39.00 63.38 61.20 45.70 58.16 38.20
10% jitter 38.60 63.20 61.30 45.61 57.99 37.92
20% jitter 38.60 63.40 61.00 45.42 57.58 37.71

Supervision robustness. EventLens remains robust to moderate perturbations of the automatically
reconstructed temporal supervision. With 20% perturbation, all six metrics remain above the in-
struction baseline and close to clean training (Table 6), suggesting that the model learns event-level
temporal structure rather than relying on exact boundary annotations.

Failure modes and trade-offs. In temporal grounding, EventLens can still confuse adjacent events
when visual states change gradually, or when a query describes a high-level activity spanning several
fine-grained actions. In multi-event relation tasks, visually similar repeated actions remain difficult
because the correct answer may depend on subtle context rather than the appearance of an individual
clip. These cases suggest that EventLens improves sensitivity to event boundaries and local temporal
dependencies, but does not solve all long-range narrative reasoning. Appendix I reports the complete
capability-specific results alongside qualitative cases.

5 Conclusion

We present EventLens, a vision-centric reinforcement learning framework for structured temporal
video understanding. Instead of learning from caption-style supervision alone, EventLens trains
models to recover event structure from visual evidence, including event boundaries, progression, and
inter-event relations. By combining verifiable event-structure recovery tasks with task-specialized RL
and policy consolidation, EventLens achieves consistent gains on temporal grounding and structured
temporal reasoning while preserving broad video understanding ability. More broadly, our results
suggest that recovering event structure from visual evidence provides an effective training principle
for advancing temporal understanding in video MLLMs, beyond treating temporal reasoning as a
byproduct of language supervision.
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