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Background

Motivation: Existing image geo-localization tasks are modeled as retrieval tasks, which have two drawbacks.
* |t requires maintaining a large database

* The output results are not GPS-readable and lack semantic meaning.
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Background

Background: The image address localization task aims to semantically align street scene images with
address text, offering the following advantages:

* Eliminates the need for database-based retrieval, resulting in higher end-to-end efficiency.

* Qutput information is directly readable, and the inference format is highly flexible, allowing for free

combinations of text.
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Dataset: Construction

Data Preparation: Constructing using existing image-GPS pairs.

Reverse Geocoding
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Dataset: Overview and Visualization

Dataset Information: Dataset from three different cities and scales.

Dataset Year Dat.:aset .# 7 Query Inr%age GPS Address
size train/val test type size

Pitts-250K [4] 2016 9.4GB 250K 24K panorama 480x640 b 4

SF-XL [7] 2022 1TB 41.2M 1K/0.6K phone 512x512 b 4

Pitts-IAL 2024 6.7GB 234K 19K panorama 480x640 ¢ v

SF-IAL-Base 2024 6.8GB 184K 21K panorama 512x512 v

SF-IAL-Large 2024 121GB 1.96M 280K panorama 512x512 ¢ v
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Overview: AddressCLIP

AddressCLIP: Improving CLIP fine-tuning for image address localization task.

R gioe e N | (b)
| N p' ) Dyy |Dyz |« |Din Vis |Vaz | - |Vin |
=: := _ | D21 | Dz2 Dan Vay | Va2 Van i |
I
: T i -_lImage-Geography| - !
| ’ Dui |Dnz | - |Pwn| Matching Loss |Vm |Vaz | = |Ven !
Geographical Distance Spatial Distance Feature Similarity |
Matrix Matrix |
V1 : v
VZ WiTf MT5| .. WTE | g Vl
2 - VTS VT | . aTE 3
P | argmax
e ke 1 it ... Vi T
Image I Visual-Language Va [ 2 I
Multimodal Model Image Encoder ’ Image-Caption |
8 Image Embedding kg I pTA T | ... | TE
a street view of a tall brick building Contrastive Loss :
{ astreetyimuataboucnyithotio I
. driving down the street and buildings Tf TZC e 'f @ I
South Sde ot speciicaty on Caption Embeddi 2 I [ / D \
e bt et b aption Embedding | - bl .
Scene Caption ol !
located in the Downtown, specifically K‘T‘ | .. WaTd
onas located in the South Side Fla . A [TA | ... |TA Y i Tz i | al
Image-A ddress I located in South Side Flats, specifically
. % ion of . lyi
Text Encoder Address Embedding Contrastive Loss | il
Image Address I

1 « -%7\

AN
d)) )
J /)

NI



Experimental Results

Main results: Significant improvement in the performance of directly CLIP fine-tuning.

Method
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Experimental Results

Qualitative results: Robust and flexible alignment of address text and city street images.
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Experimental Results

Extension: Transferred to multi-modal large models represented by LLaVA, achieving more flexible

generative question answering about image address.

Visual input examples for Image Address Localization:

Grant Street, Downtown

Fifth Avenue, Downtown

User

|Where might this photo have been taken? Tell me its street level address.

LLaVA-IAL

The address of this photo might be Grant
Street, Downtown, Pittsburgh, PA, USA.

The address of this photo might be Fifth Av-
enue, Downtown, Pittsburgh, PA, USA.

GPT-4V [1]

Gemini-Pro-V [45]

QWen-VL [5]

This photo was taken in Peavey Plaza in
Minneapolis, Minnesota, USA, on the corner
of Nicollet Mall and 11th Street.

This photo was taken on the Rose Fitzger-
ald Kennedy Greenway in Boston, Mas-
sachusetts.

This photo appears to have been taken on a
city street, possibly in a downtown area or
commercial district.

This photo was taken at 400 Fifth Avenue in
Pittsburgh, Pennsylvania.

The photo was taken on Fifth Avenue in
Pittsburgh, Pennsylvania.

This photo appears to have been taken on
Fifth Avenue in Pittsburgh, Pennsylvania,
USA. The street sign in the image confirms
this location.
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