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Introduction

Task: Video Temporal Grounding

• Inputs: Video + Sentence query

• Outputs: Target video clip (start and end timestamps)

Challenges: Temporal-Sensitive reasoning

Recent Advances: Post-train MLLMs with RL to reason over videos and complex queries

Query: The guy plays the saxophone again.

Outputs: from 55s to 93s.

Distractor
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Introduction

Limitations of Existing RL-based Methods:
• Generate superficial reasoning (e.g. generally describe the video)

• The superficial reasoning contributes little to the final grounding

Reasons:
• Random rollout during RL blindly explores the vast reasoning space without guidance

• Reward focus on the final answer,  ignoring the quality of the reasoning process 

Effective 
Reasoning 

(Ours)

Superficial
Reasoning
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Introduction

Effective Reasoning: selectively attend to critical visual cues and be temporally sensitive, 

anchoring these cues to specific timestamps

How to assess the quality of reasoning?

Good reasoning (attend to critical visual cues)

Bad reasoning (not attend to critical visual cues)

shuffle frames 
near GT

Large confidence drop of the reasoning

Small confidence drop of the reasoning
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Introduction

Temporal-Aware Reasoning Optimization
• Constructive Reasoning Exploration: teach model to identify critical visual cues and adopt the thinking 

with time paradigm

• Temporal-Sensitivity Reward: assess reasoning quality by the confidence drop after shuffling near GT

• Progressive Curriculum: first guided by the constructive reasoning, then transition to self-exploration
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Method

Constructive Reasoning Exploration

Objective: provide high-quality reasoning initialization

• Generate dense captions (potential visual cues in the video)

• Random sample dense captions as reasoning (selectively attend to different visual cues)

• Learn from reasoning with high rewards (teach model to identify critical visual cues)
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Method

Temporal-Sensitivity Reward

Objective: assess the quality of reasoning by the confidence drop after shuffling near GT

• Compute the average log-probability of the reasoning tokens on the original video

• Randomly shuffle frames near GT, and recompute the log-probability on shuffled video

• Use the drop in confidence as the reward
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Method

Progressive Curriculum

Objective: bridge the gap between using constructed reasoning and autonomously generating 

robust reasoning

• Warm-up with Constructive Reasoning:  teach the model which visual cues to select and 

how to ground them temporally

• Self-Exploration: transition to generates its own reasoning without external constructions
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• Trainin Data

• Time-R1 Dataset, 2500 samples

• Datasets

• 4 public datasets: ActivityNet Captions, Charades-STA, QVHighlights, TVGBench

• Metrics

• R1@m (m=0.3, 0.5, 0.7)

Experiments

Query: A man in a red tank top is crossing the monkey bars

Query: Person runs to a table
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Experiments

• SOTA performance across 4 VTG datasets

• Consistent improvements over different base models
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Ablation Study

• Temporal Reward (TR) alone brings aclear improvement

• Constructive Reasoning (CRE) alone leads to a drastic performance drop, as constructive 

reasoning cannot be obtained during testing

• Introducing CRE with Progressive Curriculum (PC) further improves the performance
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Qualitative Results

• Our method generates reasoning anchored to specific timestamps and visual details 
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