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TIMELI Benchmark Data

Experiment Results

Task Overview & Contributions

Designed with mobility guides & blind users: Pilot study 

with 10 blind participants and Orientation & Mobility guides 

informed instruction timing and safety rules.

Motivation

Assistive vision-and-language agents must go beyond

describing surroundings: they need to understand users’

needs, anticipate risks, and determine when to intervene or

remain silent.

Problem with Current MLLMs:

✗ Mixes up “left” / “right” — a common yet dangerous error 

✗ Provides instructions while user crosses intersections 

✗ Not trained for blind users; ignores safety-critical timing 

TIMELI Agent:

✓ Reasons about when to speak and when to stay silent 

✓ Aligned with professional mobility guide practices

✓ Trained with time-aware safety supervision 

Figure 1: Step-by-step video instruction generation. TIMELI provides 

temporally-aware, concise, and safe navigation guidance for blind users.

1. TIMELI Benchmark: First large-scale, video-based, time-

aware benchmark for safety-critical assistive navigation. 

2. Reason Prediction: Direct supervision to predict the 

underlying rationale for each instruction.

3. Comprehensive Evaluation: Open-loop, closed-loop, and 

sim-to-real analysis revealing persistent challenges. 

79.1% of frames → model should remain silent.

81.0% forward, 17.6% turns, 21.6% at intersections.

Annotated YouTube real-world set for sim-to-real evaluation.

Method

Time-aware instruction generation is a sequential decision-

making task. At each time step t, the goal is to generate an 

output instruction                             .

The model receives observations                    : 

Ego-Video: current + past T−1 frames                       .

Navigation Plan: goal coordinate + high-level command 

(e.g., “turn left”) from A* path planner.

Task Specification: user context, safety rules, instruction 

history with timestamps.

Explicit “None”: model must output “None” when no 

instruction is necessary.

Reason Prediction

We construct        so the model first predicts the rationale 

before generating the instruction, which enhances the 

model’s ability to reason over instruction timing and enables 

interpretable prediction diagnostics.

Timing Supervision

A binary classifier head determines whether an instruction 

should be issued: 

Instruction history encoded as 1D binary vector 

Combined with visual encoder features via MLP;

Serves as gating mechanism for early exit during 

inference → reduced latency and computation.

Overall Loss Function:

Open-Loop Model Evaluation

Closed-Loop Model Evaluation

Sim-to-Real Transfer

Check Our Website timeli-icra.github.io
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Key Findings

1. Existing models frequently 

fail across key navigation 

dimensions: timing, 

conciseness, reasoning, 

junction silence, obstacle 

precision, and direction 

correctness.

2. Reason prediction is the 

most impactful component.

3. Sim-to-real transfer is 

promising, validating 

CARLA synthetic training. 
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