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Introduction

Problem Statement: Current models struggle with
spatiotemporal understanding, tracking multiple events,
and high traffic dynamics, limiting their ability to analyze
real-world scenarios. To bridge this gap, the InterAct
VideoQA dataset is introduced, providing annotated
footage and QA pairs for traffic-specific reasoning.
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Contributions

1 Comprehensive Data Collection: 8 hours of real-world
traffic footage, segmented into 10-second clips with
over 25,000 QA pairs covering critical traffic situations.

1 Evaluation of SOTA Video QA Models: Revealing
challenges in spatio-temporal reasoning.

1 Fine Tuning and Performance Improvements: Highlights
significant gains in accuracy and interoperability by fine-
tuning models for traffic-related tasks.
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InterAct: The dataset features counterfactual,

reverse, and event reasoning questions, focusing on
spatiotemporal gueries and multi-event
interactions in traffic scenarios. "What" and "Is"
guestions dominate, breaking down complex
situations into manageable components. This
structure helps models interpret overlapping events
and distinguish real from hallucinated occurrences.

Quantitative evaluation
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Benchmark performance metrics
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Basic Counting | - 27.78 2982 11752 32.50 - 10.53 2255  62.04 435 - 27.78 2982 PIT7520 3250

y Attribution 1.08 2601 3059  84.41 2425 N 26.27 3406  91.24 2383 | 270 = 27.48 3609 10844 27.16
2 Event Reasoning | 15.15 | 37,70 51.61 | 27944 3430 | 1515 36.14 50.00 | 298.99 3440 | 10.14 3494 4545 25095 31.04
< CounterFactual - 31.25 31.20 - 18.18 - 31.25 31.20 - 18.18 - 31.25 38.75 - 19.05
Reverse Reasoning | 2.65  24.21 3822 136537 2398 | 739 3124 39.57  182.07 2225 | 1683  28.44 39.03 | 25370 23.82
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Reverse Reasoning | 2.65  23.74 3733 13088 2225 | 739  27.23 3761 17802 2381 | 077  14.95 37.94 13025 5.88

Conclusion

The study highlights the need for specialized VideoQA datasets like
InterAct VideoQA to tackle multi-event traffic challenges. Fine-
tuning models significantly improves accuracy in complex

scenarios, aiding traffic monitoring and autonomous systems. As
an open-source resource, it invites contributions to support long-
term intelligent transportation research.

%’ Ira A. Fulton Schools of
I EE ]

Arizona State University




