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TempSamp-R1: Mix-policy sampling & Non-linear reward shaping
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(()}nly %;n;}aﬁgiigie(ggi(} Olljg - egvli cigr?(l)ltn g;?g%?isc (12 agrr,littllrg.estamp S) » To address the above limitation, we introduce a mixed-policy training strategy that incorporates external off-policy solutions to provide
accurate and query-specific temporal grounding.
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Experiments: Performance Comparison and Ablation Analysis

TempSamp-R 1 (unified CoT/no-CoT) and its Mixed CoT (per-query better predictions) Few-shot performance comparison of SFT, GRPO, and TempSamp-R1.
achieve strong performance. - : - -
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Method R1@0.5 mloU R1@0.5 mloU R1@0.5 mloU R1@0.5 mloU Training Time

Method Type mIoU R1@0.3 R1@0.5 R1@0.7 mIoU R1@0.3 R1@0.5 R1@0.7 mAP HIT@1
Supervised Fine-Tuning (SFT) Methods SFT 44.8 41.9 42.6 45.2 42.7 51.4 46.2 93 min
UnLoc-L [62] SFT - - 60.8 38 4 - - 48.3 30.2 - - GRPO 36.2 38.4 40.8 43.5 43.8 55.3 49.8 338 min
Timechat [44] SFT - ; 467  23.7 ; ; _ - 217 379 TempSamp-R1 (Ours)  46.7 44.7 54.0 49.1 58.2 51.8 64.0 55.1 218 min
HawkEye [58] SFT 493 725 583 288 391 559 347 179 - :
TRACE [14] SFT - - 61.7 414 - - 377 240 - : | | . | . S .
VideoChat-T [67] SFT - 794 671 430 - . . - 270 553 Ablation results on variants with mixed-policy Skewness of the advantage distributions during
IMOVE [28] SFT' 579 798 685 43 493 6712 507 324 - - rewards and alternative advantage shaping. training for different variants.
Reinforcement Learning (RL) Methods based on Qwen2.5-VL-7B ———
Qwen2.5-VL-7B [32] - 290 - 242 111 211 - 158 15 - - Method R1@0.3 R1@0.5 R1@0.7 S o Miedpoliey
VideoChat-R1 [32] RL 608 - 717 502 - - - - - _ E t |
VideoChat-R1-thinking [32] RL 599 -  70.6 472 - - : S GRPO (baseline) 81.2 68.9 46.0 z - = Nowtimeas roward Snaping
TimeZero [59) RL - 833 725 479 - 686 413 269 - - Mixed-policy 7786304l 3 o
TempSamp-Rl(no-CoT) RL M w M 52_2 52_1 m 55_4 ﬂ 30.0 57.6 Reward dOWIlSCEIll.Ilg 81.2 70.3 48.1 % 0.0
TempSamp-R1 (CoT) RL 621 836 741 529 524 734 560 347 283 549 Advantage anchoring 81.8 70.7 49.1 % 0.1
TempSamp-R1 Mixed CoT RL 642 850 760 563 549 757 587 376 293 63.7 Non-linear reward shaping ~ 82.9 72.1 49.6 oS00 1000 1500 2000 2500 3000
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