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Background Proposed Framework
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How can we design a system that:
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segment.

Captioning 23.47 38.53

e Describes pedestrian and vehicle interactions (dense captions) QA Accuracy (%) 81.43 87.14

Frame Sampling & Grounding

Fig 5. Avg. score in both cases

e Answers safety questions (fine-grained VQA)
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e External (BDD): natural urban driving from U.S. cities (vehicle view only)

e Combined Dataset: 6K video segments x 5 event phases (Prerecognition, using the proposed multi-agent framework.
ecogniion, Action, Aveldance, Judgemeny raming Seup
e InternVL3-14B, full-parameter fine-tuning; DeepSpeed ZeRO-2 on HGX
A100 (8x80GB). e Targeted Specialization:
| | Role-aware and domain-specific agents adapt more effectively to visual and
Fig 2. Frames in both sampling strategies e Metrics: BLEU-4, METEOR, ROUGE-L, CIDEr (captions) and Accuracy semantic variations in traffic scenes.
: e VQA). T - L
Promptlng & Fact Condltlonlng ( Q ) ® Valldatlon'Drlven ROUtlng.
. _ - e Each output unit is dynamically assigned to the best-performing agent,
e Caption prompts: phase-aware, role-aware, bbox-aware. Frame Strategy Dataset Q-Type Epochs WTS (%) BDD (%) Overall (%) . .
leading to stronger consistency and robustness.
. . . . Mid k-spaced @ Both  all <, 81.75 86.37 85.90 Fut Traffic Intelliaence:
Fig 1. Vehicle view vs Overhead view e QA prompts: phase and viewpoint context; answer by letter. (1 ¢ ruture framic g '
PIOMPpIS- P P | 4 :‘;g t‘fpdceg g(’g: dﬂ 2; g:fi gg'gz 22 g: Demonstrates the potential of agentic modeling for scalable,
Motivation | . gl g 0 4 ' ' ' _sensili - sion- - i
~ Motvaton e Fact augmentation: convert QA annotations into natural-language facts Midkspaced Both subset 2 7357 7681 7637 context-sensilive, and explainable vision-fanguage systems in real-worl
e Traditional traffic video analysis models focus on detection and tracking, prepended to images, boosts semantic fluency. Mid k-spaced  BDD  all - n/a 86.08 n/a ratie analysts.
but they fail to explain why events occur or how risk develops. Evenly spaced WTS  all 2 75.85 n/a n/a This work opens pathways for future research on modular and interpretable Al
Pipeline Overview Sty Rk ol Al - i 440 /a for traffic safety and intelligent transportation systems.
e Traffic scenes are inherently multimodal, combining visual, spatial, and Multi-agent  n/a n/a n/a 84.31 87.46 87.14
P P e The proposed framework executes the two Al City Challenge Track 2 Strategy Split Input Int Veh Int Ped Ext Veh Ext Ped Overall Acknowledgements
e A single model cannot generalize across such variation. Sub-Tasks at inference (VQA and Captions). Mid k-spaced No Facts  43.12 3149 4445 31.33 37.59 Research supported by a Supermicro GPU SuperServer SYS-420GP-TNAR+
Evenly spaced No Key-Val 45.68 32.65 4331 30.37  38.00 node contributed by Supermicro and NVIDIA, integrated into the Santa Clara
e Our motivation is to build a modular, cooperative system that learns how itedie o B B b ) e B University HPC. --
. . , COOP ystem e Each input video is divided into five event phases, and representative Multi-agent n/a n/a 45.68 32.65 4445 31.33 38.53 @ —
different agents perceive and describe a scene, producing safety-aware _ L _ _ e ————————————— 5 \ (.
and interpretable predictions. frames are extracted using evenly-spaced and midpoint-centric sampling. Fig 4. Scores for individual and multi-agent VQA and captioning agents UPERMICR DI
Contact Information: danastasiu@scu.edu )




