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Overview



Annotation Pipeline



Annotation Pipeline

1

Nighttime Captioning: 

GPT-4.1 generates 

scene descriptions 

from nighttime clips.

Question Generation: 

Diverse candidate QA 

pairs created per task 

type.

3 Day-Augmented 

Answer Synthesis: 

Daytime reference 

used to improve 

answer accuracy.

4Human Refinement: 

All 3,658 pairs 

manually verified 

and refined (300+ 

hours).

1

2

3

4

Paired QA Types (8)

Same questions applied to both day and night videos:

Object Recognition · Text Recognition · Spatial Reasoning · Scene Sequence · 

Navigation · Counting of Static · Action Recognition · Non-Common-Sense 

Reasoning

Unpaired QA Types (4)

Nighttime-specific or impractical to pair:

Lighting Recognition · Lighting Dynamic · Dynamic Detection · Counting of Dynamic



Dataset Info

01
EgoNight Dataset

160 videos, 70 day-night aligned pairs, 

combining synthetic and real-world sources.

02
EgoNight-VQA

3,658 human-verified QA pairs across 12 

diverse question types.

03
Empirical Evaluation

Comprehensive benchmarking of 10+ MLLMs 

revealing significant day-night performance 

gaps.

Dataset at a Glance

Subset Videos
Day-Night 

Aligned
Source

EgoNight-

Synthetic
100 50 pairs

Blender + 
Infinigen

EgoNight-Sofia 40 20 pairs Real-world, Sofia

EgoNight-Oxford 20 Night-only
Oxford Day-and-
Night



Dataset Info



VQA Benchmark



Depth Estimation

Method AbsRel D/N ↓ delta1 D/N ↑

Depth Anything 0.297 / 0.302 0.249 / 0.237

VGGTStream 0.293 / 0.298 0.234 / 0.232

DAC 0.245 / 0.292 0.255 / 0.216

UniK3D 0.224 / 0.253 0.280 / 0.254



Day-Night Correspondence Retrieval

Model
Spatial N->D 
(Syn/Sofia)
Acc ↑

Temporal N-
>D (Syn/Sofia)
MIoU ↑

GPT-4.1 54.1 / 84.5 10.0 / 15.5

Percep. Enc. 41.6 / 80.9 32.9 / 33.4

DINOv2 28.7 / 74.5 33.7 / 33.1

InternVL3-8B 27.7 / 56.3 9.9 / 13.3



Fine-tuning
Fine-Tuning Experiment

Model: Qwen2.5-VL-7B on EgoNight-Sofia+Oxford (7:3 train validation)

Strategy Accuracy (%) Improvement

Zero-shot baseline 16.40 —

Vision encoder only 20.92 Helps perception

LLM only 22.26
Helps feature 
alignment

Full fine-tuning 25.61 +9.21%

Key Insights

Full Fine-Tuning is Best

Achieves the best overall 

performance (+9.21% absolute 

improvement), though overall 

accuracy remains low.

Vision Encoder Tuning

Primarily improves perception-

heavy tasks like object and 

text recognition under low 

light.

LLM Tuning

Improves both perception and 

reasoning, suggesting language 

priors matter significantly for 

nighttime understanding.

Synthetic-to-Real Transfer

Synthetic-only training 

transfers well to real 

nighttime, validating the 

utility of synthetic data.

Model: Qwen2.5-VL-7B on EgoNight-Sofia+Oxford

Strategy Accuracy (%) Improvement

Zero-shot baseline 14.83 —

Synthetic finetuning 20.57 +5.74%



Take-away Message

EgoNight is the first comprehensive benchmark for nighttime 

egocentric vision, addressing a critical gap between laboratory 

evaluations and real-world deployment conditions.

Three Core Takeaways

1 The illumination gap is real and large: State-of-the-art MLLMs degrade 

by 25–33% when moving from day to night, revealing a fundamental 

limitation.

2 Aligned synthetic + real data is a viable strategy: The strong correlation 

(r = 0.9359) validates using synthetic data for nighttime adaptation and 

evaluation.

3 Fine-tuning helps, but the problem is far from solved: Even after fine-

tuning, models achieve only ~20% accuracy, leaving substantial room for 

improvement.

Future Directions

■ Illumination-aware pretraining for egocentric models

■ Nighttime-specific data augmentation strategies

■ Cross-modal (3D + audio + vision) approaches for low-

light understanding

■ Larger-scale real-world nighttime egocentric datasets

■ Further adversarial cases

■ Spatial invariance

■ Temporal invariance
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