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Paired QA Types (8)
Same questions applied to both day and night videos:

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

Reasoning

Annotation Pipeline

Object Recognition - Text Recognition - Spatial Reasoning - Scene Sequence -

Y O
Oxfordv Manual Selection Q} .88 -
Day-and-Night ELUBE

Summary

2000+ 6PU Hours Rendering
300+h Human Annotation
160 Videos

70 Day-Night Aligned Pairs
3600+ Hight Quality QA

[l Nighttime Captioning:

GPT-4.1 generates
scene descriptions

from nighttime clips.

[71] Day- Augmented
Answer Synthesis:
Daytime reference
used to improve
answer accuracy.

Unpaired QA Types (4)

Nighttime-specific or impractical to pair:

H Question Generation:
Diverse candidate QA
pairs created per task

type.

B Human Refinement:
All 3,658 pairs
manually verified
and refined (300+
hours).

Lighting Recognition - Lighting Dynamic - Dynamic Detection - Counting of Dynamic



Dataset Info

01 02 03

EgoNight Dataset EgoNight-VQA Empirical Evaluation

160 videos, 70 day-night aligned pairs, 3,658 human-verified QA pairs across 12 Comprehensive benchmarking of 10+ MLLMs

combining synthetic and real-world sources. diverse question types. revealing significant day-night performance
gaps.

Dataset at a Glance

. Da _Ni h-l- (a) Number of QA Pairs (b) Video Duration (c) Difficulty Level
SUbSCT VIdeOS Ali;nedg sour‘ce svmhem“ Oxford  Sofia -
EgoNight - 100 50 pairs Blender + - E——— . -
H ni nthetic (6813) % !
Synthetic P Infinigen = = o I 1
. . o = O(Zflzgd " (d) Scenario () Light gource
EgoNight-Sofia 40 20 pairs Real-world, Sofia — B < . . ot s —
w & “ - Kitchen Bedroom ERooy Offce e Environment e
. : Oxford Day-and- R -1 Al ) | i | I
EgoNight-Oxford 20 Night-only y-ahd- | NNSNUENENER | e - e s

Night Sy R
'9 FI LA



$Dataset Info

b Q:What did I do before the break time?

(1) Object ?;\l?/xzz‘j';i'z;inge on the top shelf of the (7) Action A: You first went to the fridge to find a drink,
Recognition A Thareisla pur‘ple'bowl Recognition used the water machine, and carried the filled

cup, preparing for a short break.

Q:What seems to be the issue with the two
(2) Text Q:What text did I write on the whiteboard? (8) Non-Com- coffee tables on the right?

Recognition A:"Hello World!" mon Sense A he two coffee tables on the right are merging
into eachother.

)
: Q:What objects are on the side of the church? Pt Q:How many windows are lit in the building at the
'(23) Spa.Tlal A: A lamppost is near the church and an ©) nghf!hg end of the passageway?
easoning informational sign is in front of the entrance. Recognition  4: There are 9.

o2
Q: How did the light change from the walkway to
(10) Lighting ~ the small square?
Dynamic A: In the walkway, there's light from the sides
and buildings; in small square, it's much darker.

Q:What came right after the yellow fagade

(4) Scene building?

Sequence A: Right after the yellow fagade building, you
continued down the street until you turned right.

<
s

(11) Dynamic  Q: What kind of vehicle passed by me?
Detection A: A white van passed you.

b Q: Where can I see the bank?
(5) Navigation A: Turn right, and then walk straight fo the cafe,
and then slightly turn left.

0.3
(s
. P Q: Can you count the total number of chairs
(6) C_oun'rmg o Visible throughout the video?
Static A: There are at least 57 chairs.

(12) Counting  Q:How many cars did you see?
of Dynamic A: There are 5 cars I saw in total.

>

&
E Day-Night Aligned QA Types ? O:/: ZNight only QA Types gUsing whole video to ask D Highlight for better visualization D Daytime Reference Image



VQA Benchmark
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RGB Input

Depth Anything V2

»Depth Estimation

StreamVGGT

Method

Depth Anything
VGG TStream
DAC

UniK3D

AbsRel D/N ¢

0.297 / 0.302

0.293 / 0.298

0.245 / 0.292

0.224 / 0.253

deltal D/N »

0.249 / 0.237

0.234 / 0.232

0.255 / 0.216

0.280 / 0.254



Query video clip

Database clip 4

Database clip 8

Database clip 1 (target)

Database clip 5

Database clip 9

Database clip 2

Database clip 6

Database clip 10

Database clip 7

Model

GPT-4.1
Percep. Enc.
DINOvZ2
InternVL3-8B

#Day-Night Correspondence Retrieval

Spatial N->D
(Syn/Sofia)
Acc *

541/ 845
41.6 / 80.9
28.7/745
27.7 / 56.3

Temporal N-
>D (Syn/Sofia)
MIoU

100/ 155
329/ 334
33.7/ 33.1
9.9/133



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

Helps feature

LLM only 22.26 alignment

Full fine-tuning 25.61 +9.21%
Model: Qwen2.5-VL-7B on EgoNight-Sofia+Oxford

Strategy Accuracy (%) Improvement

Zero-shot baseline 14.83 —

Synthetic finetuning 20.57 +5.74%

Key Insights

01 Full Fine-Tuning is Best

Achieves the best overall
performance (+9.21% absolute
improvement), though overall
accuracy remains low.

03 LLM Tuning

Improves both perception and
reasoning, suggesting language
priors matter significantly for
nighttime understanding.

02

04

Vision Encoder Tuning
Primarily improves perception-
heavy tasks like object and
text recognition under low
light.

Synthetic-to-Real Transfer

Synthetic-only fraining
transfers well to real
nighttime, validating the
utility of synthetic data.



Take-away Message

Future Directions

EgoNight is the first comprehensive benchmark for nighttime

egocentric vision, addressing a critical gap between laboratory Tllumination-aware pretraining for egocentric models

evaluations and real-world deployment conditions.

Nighttime-specific data augmentation strategies

Three Core Takeaways Cross-modal (3D + audio + vision) approaches for low-

light understanding
n 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

Larger-scale real-world nighttime egocentric datasets
limitation.

E Aligned synthetic + real data is a viable strategy: The strong correlation Further adversarial cases

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

Spatial invariance

Temporal invariance
n Fine-tuning helps, but the problem is far from solved: Even after fine-
tuning, models achieve only ~20% accuracy, leaving substantial room for
improvement.
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Contact

Thanks!

deheng.zhang@insait.ai
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