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Ambitions for Pursuing Long Video Understanding

* Explosion of long videos—from minutes to hours, days, and even months

NETFLIX £ YouTube

What was the first song mentioned Which price is closest to what
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(Da\” 21:48:21.200 \ [/ Day4:11:34:05.400 \ (Many things are in my cart already. What items that\

we prekusly discussed have | not bought yet?

A. Milk Answer: A. Evidence:
B. Chickenwings |made ashoppinglist, and

( C. Strawberries already got fruit, etc., but ..
Answer: A. Evidence: w @Day1 The yogurt is on sale, RMB19.9 for 6 cups @
\ Shure sang after Jake asked us to dance 11:46:59. 050) k (@ Day 3: 17:00:04.450 )
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2, after planning to dance?

J# A.Why Not Dance B. Mushroom
‘y Y C.|Wanna Dance with Somebody
D. Never Gonna Give You Up

we paid for one yogurt?
A.RMB 2 B. RMB 3
y C.RMB4 D.RMB 5

Answer: B. Evidence:




Fundamental Task: Temporal Video Grounding (TVG)

* Input long videos V and language query @, localize corresponding segment [t,, t,.].

< DAY I DAY 2 DAY 3 DAY 4 DAYS DAY 6 DAY 7
£ 9052 INCD COSP G YUOU LSO PEG
C Question: Many things are in my cart already. What items that we previously discussed have | not bought yet? )
(" Answer: Clue: Day 5: 15:10:00-16:20:46 )

 TVG is a fundamental temporal retrieval task for solving complex temporal reasoning
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a7 Video-MME

| How did the man wearing a bandage and holding an envelop, who appeared in the latter part of this video, sustain his injury?
A. One of his hands was hit by a firework while he was setting it off.
B. His arms got injured while he was attempting to put out the fire at a burning house.
C. His hands were injured from falling down to the ground while he was chasing Wayne’s motorcycle.
D. One of his arms was dragged down by a dog lured with food by Wayne, while he was insulting Wayne's father.

Dragged down by a dog. The man wearing a bandage Chasing Wayne’s motorcycle. A burning house. Hit by a firework.
[Option D] and holding an envelope.

Full Video Link: youtu.be/p8403JAp_IM




Core Challenges in the TVG Task

@ Understanding query-event, event-timestamp correspondence
(1.1) Query-event: video-language alignment

(1.2) Event-timestamp: proper decoding/regression strategy (e.g., proposal-based,
proposal-free, SFT, RL)

@ Receiving longer video as input, i.e., hundreds of frames as input.
target: min |y — y|

GT y: [3.8,4.2]
Pred y: [3.7, 4.3]
*
(1.2) | Moment Decoder |
ooo...0od /)
video features (1.1) Cross-Modal Fusion
t t t
Visual Feature Text
Encoder Encoder Encoder
t t t
]] ]] (2) ooo...ooo  where are my
frames video features shoes?

(a) VLP



Paradigm Shift to End-to-End LVLM Solution

@ Understanding query-event, event-timestamp correspondence
(1.1) Query-event: video-language alignment

(1.2) Event-timestamp: proper decoding/regression strategy (e.g., proposal-based,
proposal-free, SFT, RL)

@ Receiving longer video as input, i.e., hundreds of frames as input.
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video features
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frames

target: min |y — y|
GT y:[3.8,4.2]

Pred §: [3.7, 4.3]
*

(1.2) | Moment Decoder |
(1.1) Cross-Modal Fusion
t t
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where are my
shoes?
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(a) VLP

End-to-End Solution

target: min ylogy

GT y: [3.8,4.2]
AAA”
Pred y: [3.7, 4.3]
*
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(b) SFT



Paradigm Shift to End-to-End LVLM Solution

@ Understanding query-event, event-timestamp correspondence
(1 1) Query -event: video- Ianguage allgnment

However, the LVLM solution consistently underperforms VLP methods even ON the
simplest benchmark, despite LVLM being pretrained on 10(0) X more data and

equipped with significantly more parameters (/B vSs. 9M),

For example:
TimeSuite-7B [ICLR’25]:| Millions of IT data + 349K TVG | Charades-R1@0.7: 24.0 (ZS) / 43.0 (FT)
EaTR-9M [CVPR’23]. | 12K TVG | Charades-R1@0.7: 44.9 (FT)
T T T (2) T
Visual Feature Text Visual
Encoder Encoder Encoder Encoder
t t NN
]] ]] (2) ooo...ooo where are my J | whereare my
frames video features shoes? Friiias shoes?

(a) VLP (b) SFT



Reasons that LVLM Falls Behind VLP

@ The over-penalization of false negatives by SFT

Suppose a reasonable prediction: [1.9s, 3.9s], GT: [2s, 4s], tokenization:

tokenize([1.9s, 3.9s]) = [58, 16, 13, 24, 82, 11, 220, 18, 13, 24, 82, 60]
tokenize([2s, 4s]) = [58, 17, 82, 11, 220, 19, 82, 60]

Easy to overfitting and lead to poor generalization

@ LLM learns both query-event and event-timestamp correspondence, requiring more
data for video-text alignment and timestamp prediction, i.e., a stronger base model
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Introduce RL and Stronger Base Model for the TVG Task

e Reinforcement learning with verifiable reward relieves the problem @ posed by SFT

* metric-oriented (loU)  fault tolerant * Joint event-timestamp learning

target: max [tloU(y, y)+format(y)]

gaaanmmnmani iannaan SARsasaagEannmRRRAN GTy[38’4,2]
‘ ~ tloU <+
tee Pred y: thinking; [3.7, 4.3]
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i Grdund-truth Moment | IoU = TSSO AT Vi ! 1
P Union Area isua
< A > Encoder
: i Intersection Area | | 4
‘ Union Area » ]] ]] where are my
frames shoes?

(c) RL (ours)

. @ Initialize with a stronger Base Model, e.g., Qwen2.5-VL



TL; DR

We systematically explore RLVR for TVG with LVLM along these direction:

 Time-R1 framework: a reasoning-guided post-training framework via RL with
verifiable reward to enhance the capabilities of LVLMs on the TVG task.

 TimeRFT training: we explore data-efficient post-training strategies on our
curated RL-friendly dataset.

« TVGBench evaluation: we carefully construct a small yet comprehensive
benchmark for LVLM evaluation.

 SOTA Performance: Time-R1 achieves state-of-the-art performance across
multiple downstream datasets using only 2.5K training data, while improving
Its general video understanding capabillities.

TimeRFT Training Time-R1 Framework TVGBench Evaluation
training strategy, dataset data-efficient, effective, R1-like 800 data, 11 types, balanced distributions
@ o Y - - semantics ?ﬂhuman |i| object ? environment

multi- 0 loU 25K T 0 — Answer —— G tloU Yaistribution o0 video query

length domain center

epoch filtering  data & peward GT: e
L 4




Time-R1: Training LVLM with RLVR for the TVG Task
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Time-R1 Framework
data-efficient, effective, R1-like

>
; Y - Prediction Moment #1 {Pi1
. . ‘ : :=| format 1 — g7l > l——Ipf: - o]
> Thinking ﬂ = ﬂ = C tloU: . e > .
1 —> Answer le————»| @ tloU Pi2 Prediction Moment #2 Pi,2
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e Reward function: r(0) = 7100 (0) + Ttorm(0)

* Timestamp-aware loU (tloU):

to— ¢
rasu(o) = ToU - (1 — 125l

[te — tel

) (1 e

* Thinking template: “<think>- - - </think> <answer><t, to t,></answer>",

Tform (0) = {

0, if o has wrong fromat
1, if o has correct fromat

* GRPO Loss:  maxE,or, () [1(0) = ADkL (o | 7rer )

10
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TimeRFT: Time-Aware RL-Friendly Fine-Tuning

* Data Filtering: To learn relatively hard samples

> Source Data Collection:

» Video source: public YT-Temporal, DiDeMo, QuerYD, InternVid, HowTo100M
» TVG annotation: VTG-IT, TimelT, TimePro, HTStep, LongVid, 339K data.

» Collection Steps:

1. Scoring by base model {y‘;Qwen2.5-VL: predicts the loU for all samples, which
serves as a "difficulty score."

2. Gaussian distribution sampling: samples are drawn using a Gaussian distribution
centered at 0.3 (mean)-0.2(var).

» Result: A total of 2.5K sample
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TimeRFT Training

training strategy, dataset

TimeRFT: Time-Aware RL-Friendly Fine-Tuning

* Training Strategy: data-efficient, RL-Friendly

C

multi- 0
epoch

QN_ O
loU
filtering

1 25K
data

Jc

» Dynamic Hard Sampling: Multi-epoch Training + Per-
epoch Sample Filtering
* For each epoch:

1. Evaluate Difficulty of current training set.
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Time-R1-7B
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2. loU Filter Easy Samples: Remove “easy" samples (e.g., loU > 0.7)

from the training set for the next epoch.

» Cold Start with Few CoT Data: Reduce hallucinations,
control thinking length

< think >< tg, tote, : Cy; ts, tot, : Co >< /think >< answer > t; tot. < /answer >
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TVGBench: Evaluation Benchmark for LVLM on TVG

» Source from benchmarks: EQoNLQ, TaCoS, Charades, HIREST, ActivityNet
« 800 samples, 11 semantic types of Human/Object/Environment

human pose

human action
(simple)
human action
(complex)

human action
(procedural)

object attribute
object counting

object transition

object existence
(simple)

object existence
(complex)

environment
change
environment
state

The old wolman'’s face.

A person walks in.

He gets down on the
ground and kicks.

The person takes out a
knife from the drawer,
rinses it, then cuts off the
stem of the fig.

What color was the bag?
Fourteen desert are here.
Meet is placed into a pot.

Where is the bicycle?

Where is the footmat after
[ moved it with my leg?

The screen goes black.

A call center is shown.

Query Center
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SOTA TVG Performance on Charades and ActivityNet

* Improvement over prev SOTA (R1@0.7):
Charades: 27.8%71, ActivityNet: 49.6%1, TVGBench: 12.3%1

Charades-STA ActivityNet TVGBench
R1@0.3 R1@05 RI1@0.7 R1@0.3 R1@05 Rl1@0.7 R1@0.3 Rl1@05 R1@0.7

63 - - -
30 - - -
66 - - - - -

Type Method

37 - - - - -
22 - . ; i ]
Gemini-2.5-Pro [10] | - -] - -] 391 244 128
ChatVTG [41] 527 330 159 407 225 94 - . -
TimeChat [44] - 322 134 362 202 95 224 119 53
HawkEye [50] 506 314 145 49.1 293 107 - - -
VTimeLLM [21] 5.0 275 114 440 278 143 - - -

SFT  TimeSuite [60] 69.9 487 240 - . - 3.1 180 89
VideoChat-Flash [27] | 74.5  53.1 276 - . - 328 198 104
TRACE [ 18] - 403 194 - 370 255 146

50 - - -

60 - - - - - -

gy Time-RI (ours) 781  60.8 353 586 390 214 418 294 164
Time-R1-3B 746 531 260 400 210 87 335 210 105

Time-R1-3B* 787 641 369 66.8 468 247 ) ) )
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Evaluation Metrics (mloU / Accuracy)

=
o

Comparison between SFT and RL on TVG and VideoQA

 TVG:
« Both SFT-LoRA and RL boost performance over Base model (Qwen2.5-VL-7B)
* RL consistently outperforms SFT-LoRA by ~5 points.
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56.1 55 2 56.4 4o
53 51.7 g
42.3
37.6
EgoSchema VideoMME
long video QA



(o)}
o

Evaluation Metrics (mloU / Accuracy)

=
o

Comparison between SFT and RL on TVG and VideoQA

* VideoQA: RL improves, while SFT-LoRA lose some VideoQA performance
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Ablation Study of Time-R1 Training

- Each component matters

. _ o Table 4: Ablation of data filtering strategies. 28
Table 2: Ablation of Time-R1-7B trainning. GF,
ME, SF refers to Gaussian Filtering, MUlti-EpOCh, Method | R1@0.3 RI1@0.5 R1@0.7 mloU 2,7
and Sample Filtering per epoch, respectively. random 394 265 164 274 £
[gaussian (0.3) [ 41.6 285 156 286 ]
gaussian (0.5) | 40.6 28.2 16.0 28.3
tloU GF | ME SF TVGBench gaussian (0.7) | 372 269 155 265 26
RI@03 RI@0.5 RI@O7 uniform 404 285 159 283
1 X X X X 38.0 24.8 13.2
2| v X | X X | 360 23.6 12.9 Table 5: Ablation of KL and CoT in GRPO.
3 X v X X 37.2 25.0 13.4
4 X X v X 39.9 26.0 14.2 _
5 / / X X 38.4 256 14.1 KL CoT | R1@0.3 RI1@0.5 RI1@0.7 mloU
6 v X v X 394 26.5 16.4 X X 40.4 29.1 14.9 28.1 29
7 v v v X 41.6 28.5 15.6 v X 40.8 274 15.0 27.7
8 v v v v 41.8 294 16.4 X v 42.9 29.5 15.0 29.1
[ / v 41.6 28.5 15.6 28.6 |
28
2
Table 6: Comparison of the token-level loss design used by DAPO [56] and the sample-level loss ¢
design used by GRPO [45]. 27
Loss Charades-STA ActivityNet TVGBench
R1@03 R1@0.5 R1@0.7 mloU R1@03 R1@0.5 R1@0.7 mloU R1@0.3 R1@0.5 R1@0.7 mloU 261
GRPO | 767 598 344 570 | 559 371 203 378 | 408 280 165 284
DAPO | 774  60.0 341 572 | 562 374 204 380 | 41.6 285 156 286

17

Comparison of tloU and loU reward

=
== |oU
1 2 3 4 5

Epoch

Ablation of using sample filtering (SF) per epoch

{ [=S— w/SF
—®— w/o SF °
1 2 3 4 5

Epoch




Ablation Across Different Base Models and Model Sizes

« Significant improvement across all models

Model Method Charades ActivityNet TVGBench
ode etho R1@0.3 R1@(0.5 R1@0.7 mloU | R1@0.3 R1@0.5 RI1@07 mloU | R1@0.3 RI1@0.5 R1@0.7 mloU
Base 242 15.5 8.1 16.3 13.0 7.1 3.3 9.8 11.5 6.5 3.8 8.3
Qwen-2.5-VL-3B  Time-R1 74.6 53.1 26.0 51.2 40.0 21.0 8.7 232 33.5 21.0 10.5 21.7
Time-R1# 78.7 64.1 36.9 59.9 66.8 46.8 24.7 46.1 - - - -
Base 58.7 38.3 16.6 37.9 34.3 21.6 12.9 229 249 16.0 8.0 16.3
Qwen-2.5-VL-7B  Time-R1 78.1 60.8 35.5 58.1 58.1 39.0 214 40.5 41.8 294 16.4 29.2
Time-R1# 82.8 72.2 50.1 60.9 73.3 55.6 34.0 52.1 - - - -
MiMo-VL-7B Base 48.5 27.0 12.1 31.7 31.3 19.7 12.1 242 224 12.6 6.6 15.7
Time-R1 79.9 63.9 334 53.9 45.6 272 14.2 31.9 41.2 27.8 15.1 274
InternVL-2B Base 20.9 7.8 1.9 15.4 18.6 8.5 3.1 14.2 16.3 6.3 2.3 11.7
Time-R1 24.0 11.5 3.5 15.7 20.6 9.5 3.9 14.2 21.8 9.5 4.1 14.8
InternVL-SB Base 27.8 11.9 3.7 20.6 33.1 18.4 10.3 24.0 17.4 8.3 34 11.8
Time-R1 70.0 45.1 18.3 441 46.8 259 11.7 31.1 38.0 225 9.2 242




Ablation of Reward Design
e Both the tloU and format reward matters

* Standard IoU reward 71,y (-). The standard Intersection over Union between the predicted segment
ts,te] and the ground-truth segment [t/ /], computed as:

5

max(0, min(t.,t.) — max(ts, t,))

(8)

MU = max(t.,t.) — min(tg, t.)

Reward Design R1@0.3 R1@(0.5 R1@0.7

* Timestamp-aware IoU reward 71,y (+). The timestamp-aware IoU reward augments the standard
IoU with a center alignment term that penalizes discrepancies between the centers of the predicted TiloU | Tformat (OUI'S} 41.8 29.4 16.4

and ground-truth segments:

(ts +10)/2 — (£, + 1) /2| T'format ONly 27.1 18.0 10.1

TtloU = TIo T'center> here center = 1 — 9 iy

FoU = TToU T Toenters  Where Teens 7 © rueu (w/o format) 40.5 27.6 15.4
This modification provides a more fine-grained grounding signal by encouraging both boundary
alignment and temporal center consistency. TloU + Trormat 41.4 28.0 15.8
* Exact matching reward 7o, (+). A sparse binary reward that is 1 only if the predicted timestamps oy
exactly match the ground truth, and 0 otherwise: Tem + Tformat 26.5 16.8 9.1

Fem = Wty =t AN t, = t1) (10) Tabs 1 Tformat 39.1 27.8 14.8

* Absolute error reward r,ps(-). The negative L1 distance between the predicted and ground-truth Prmse + Tformat 38.9 27.0 15.8
boundaries:

Tcenter { Tformat 37.6 259 15.0

Tabs:_(‘ts_tg|+|t6_t;‘) (11)

* RMSE reward 7rmse(-)- The negative Root Mean Square Error, which penalizes larger boundary

errors more heavily:
tg # 2 tf’ # 2
T'rmse = _\/( - -;) 9 ( - E) (12)




20

 ActivityNet

e Charades

Case Study of the TVG Task

Question: Where is the event "The man goes back to the pink bucket to wash another dark item clothing, he wrings it out in the

pink bucket, throws it in the yellow bucket, then wrings his hands together a few times while staring at the camera”?
(video length: 74s)

Ground Truth 33.1s | {73.5s
TimeSuite 20.0s—30.0s

Gemini-2.5-Pro 57.0s| | 73.0s
VideoChat-Flash  0.0s)|— 17.2s

Trace 54.9s | |74.1s
Time-R1 (ours) 35.0s | | 75.0s

Time-R1 thinking (ours): The event "The man goes back to the pink bucket to wash another dark item clothing, he wrings it out in the pink
bucket, throws it in the yellow bucket, then wrings his hands together a few times while staring at the camera." occurs between 35.00 and

75.00 seconds in the video.

Question: Where is the event "a person is seen sitting on a couch”? (video length: 31s)

Ground Truth 0.0s! +{12.8s

TimeSuite 0.0s—| 5.0s

Gemini-2.5-Pro  0.0s| 1 30.0s
VideoChat-Flash  0.0s/— 5.0s

Trace 0.0s/ |31.6s
Time-R1 (ours)  0.0s} {10.0s

Time-R1 thinking (ours): The event "a person is seen sitting on a couch" occurs at the beginning of the video. The person is seated on a
couch, holding a phone, and appears to be engaged with it. This aligns with the initial frames of the video.



Case Study on the VideoQA Task for Both Short and Long Videos

1)

(video length: 38m) Question: What do heroes of legend use to defeat the enemy based on the video?

(A) Their wisdom (B) A big robot
(C) Their superpower (D) Power of music

(video length: 17s) Question: What's wrong with this car?

(A) It doesn't have a left rear wheel. (B) It doesn’t have a right front wheel.
(C) Its headlamp is broken. (D) Its right door is broken.
VideoMME

21
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Limitations

Weakness of MLLM-based solution

* Inference speed.

* Low fps, losing motion information.

« Unable to handle ultra-long videos (e.g., > 1hours)



Thank Youl!

If any questions, feel free to contact
boshenx@ruc.edu.cn,
or Visit
https://xuboshen.qgithub.io/
to check details in our paper!

RENMIN UNIVERSITY OF CHINA

AI-M-

www.ruc-aim3.com
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