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Abstract

Large visual language models (LVLMs) have demonstrated impressive perfor-
mance in coarse-grained geo-localization at the country or city level, but they
struggle with fine-grained street-level localization within urban areas. In this
paper, we explore integrating city-wide address localization capabilities into
LVLMs, facilitating flexible address-related question answering using street-view
images. A key challenge is that the street-view visual question-and-answer (VQA)
data provides only microscopic visual cues, leading to subpar performance in
fine-tuned models. To tackle this issue, we incorporate perspective-invariant
satellite images as macro cues and propose cross-view alignment tuning including
a satellite-view and street-view image grafting mechanism, along with an auto-
matic label generation mechanism. Then LVLM’s global understanding of street
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distribution is enhanced through cross-view matching. Our proposed model,
named AddressVLM , consists of two-stage training protocols: cross-view align-
ment tuning and address localization tuning. Furthermore, we have constructed
two street-view VQA datasets based on image address localization datasets from
Pittsburgh and San Francisco. Qualitative and quantitative evaluations demon-
strate that AddressVLM outperforms counterpart LVLMs by over 9 % and 12 %
in average address localization accuracy on these two datasets, respectively.

Keywords: Image address localization, Vision-language model, Cross-view alignment
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(a) Two images stitched | (b) Two images input separately | (c) Two images grafted
Fig. 2 #ia T EMREAESEBRI =T,
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Table 1 =FA[RBIZT KA RAY LR .

Method ASG AL AN Ay AS Al AM A, A Ay
Two image stitched 85.73 92.39 93.42 90.95 67.36 91.05 92.17 85.78 87.91 66.45
Two images input separately 86.52 92.90 94.15 91.33 68.29 90.84 92.71 86.67 88.14 67.39
Two images grafted 88.73 93.54 95.16 92.70 72.51 91.70 93.98 87.46 90.02 69.60
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/Alignment Prompt: Identify the \ / Tuning Label: Based on the visual clues \
specific location of the right-upper provided in the image, the street view in the
corner street view on this map (hint: ‘}k right-upper corner appears to be taken from
a location near the intersection of Forbes

{near Forbes Avenue, Downtown, >
Avenue and Ross Street in Downtown

Pittsburgh}), and explain why using N e o
doveaes e te e, e, WM Pittsburgh. The buildings in the image have

texture of buildings and surrounding
environments, rather than text labels. )

2

(a) Satellite and Street-view Image Grafting

a mix of colors, shapes, and textures, which
| are typical of urban environments. The |
\_presence of a large, curved building witha ... /

(b) Automatic Alignment Label Generation

Fig. 3 DEM#REGQGENRERE (a), ARXFFRRTIA MR RS (b). (a) FHLOHEGHE
SUBTRE R, RSP A RT.

H B0 FRA5 2L . S T LVLMs AR 18 (o b P f2 7 ok 3 i T 1 Jmg )
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5T E G E ARG HAE, APV EE A FRE R IC. R, FA1E
RIS AL A B o FEPATRE L DN SRR AR S5 10, AEZRT AR OCR fE
FIRA B A B

X 5 YRR 1) H AR O 0 24 Y SCA RS DI GR . — P E I 5 i T AL
PRI S SCAARSE, (R Ay TSRS R I Z FEA R TiE . Sk, 3k
IBEEE T —Fh A S Febn2e A Ll . FEZBLAI T, ARIEALIN S ) 225 B 52 HidE
ERY, TR R A2 AR 2R LVLM AR 0o SCARRSS . FEX B, JRAT7ERT
FrfeR R T — A SOARSR MR ERT S, DA MR ARAE . [ 3 R Tl
PRS- R I E SIS AR S LR ALRI A . SRS, SEERIEG, F AN
WARSEIITA TEEE . PHE . S TUERI B G i s LB SRR I Ak, FRATTHE ]

After Cross-view Alignment Tuning Before C iew Alij Tuning

Prompt:
Which street is the image located?

Select an answer from [Boulevard of Allies, Wood Street, Market Street, B
Street, Crosstown Boulevard, Stanwix Street, Sixth Ave, Liberty Ave, First Ave]
and output it directly.

Prompt:
Which street is the image located?

Fig. 4 ZXHEXFFREHEMEATTR, AT Emsit.

5 PR AT IR R S A E AR E MRS . ARG, FRATRF LLM 1
RZESEE RN 0.8, DA AT A2 . 5, XTI AR AR EIR, RO
FHINE 4 s R E SRR AT 100 RBEERE . XA, FROTICSRAE 100 P
PREE T R A 1 IR, DA (DU ZR A 2 R 1 o 5 8 i s i o] L 1 4311 1
PEf. JEBRHUE B EARC RN A KB I B SO, TS R R T R o %
PRI = A . FTRARERR, 2 B R SRR S, T ) A A e e R
ﬁ%%ﬁﬁ%ﬁﬁ,%%%%ﬁ%ﬁ%%%ﬁ%ﬂ%%ﬁ%ﬁ%ﬁ%ﬂﬁ%Um%
BOEHFE—E.

2.3 MBTBEUIZibB I

Bt AL ) SRS . O TARHERRATTAYBITT, FRATHIEE T A B R kAT 5C ) 2%
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C»,E 8 Crosstown Boulevard 37

Market Street 31

Wood Street 32

(b) Before cross-view alignment tuning
Boulevard of Allies 25

Wood Street 19
Market Street 17
/ B Street 9
o Crosstown Boulevard 8
Sixth Ave 5
Stanwix Street 5
Liberty Ave 3

™, FirstAve 2
(a) Real Iocatlon and the Top-3 predicted streets (c) After cross-view alignment tuning

Fig. 5 M@ ARSI TE A 0 P B A S IO MU . FRAE L0 L 18 2 R FOR I TR i 4
XIFEREET 100 YRE S HEIT PN AT =20, b (5 i K SRR R BN AR WA I A . TERS LA
XIFFHEENG, PIENE R B . WTATE XL P REIRIAE .

STAGE1 Cross-view Alignment Tuning STAGE2 Address Localization Tuning

Answer: Answer:
Based on the visual clues provided in the image, the street view in the gm ppe corner appears to be [{from": "
o e e et P e i P el e Daw(wnPllhrgh
The presence of a \ arge, curvedb iiding with a reflective facad suggest tslhllh couldbea.....
—— Question: ? : Question: 1
& VL Adapter o Identify the specific location of the & VL Adapter ~— Round1: On which boulevard or street was

= street view in the upper-right corner
’I, || by comparing the visual elements in |
/1l the map and sireet view, including -
DARUA 1. cing <tcs, greenory, pavement #Vision Encoder
patterns, and the surrounding scenery.

|
#Vision Encoder

Can you specy ladiizicam
this photo? Answer the q g\s
word or phrase.

Fig. 6 i ESARA RPN Be: B AR SR AL 2 L IR

FXEHEATH S AKX PRI VQA $dli g4 il dn 24 4 Pitts-VQA FI SF-
Bwﬂ@AoA%Wn7HmVQA@AJO%ﬂAﬂM,!Aﬂmﬁﬂ4%%E$H
MAME R, HKERA 7812, SF-Base-VQA 17 17,067 NHis, HAHLSA
12%%5Kﬁ%%%@ﬁ,%%Eﬁﬁ7?@%o%ﬁklﬁﬁﬁﬁﬁ,%Aﬁ%
SEERHE T:2:1 WL N RAE . BRI SRR . FRATIF AR I A A 454 X
AT ISR B o

FERIBR . B 6 /R T AddressVLM 4R, % ZEMET LLaVA [7] Btz poHESE
Wit A =AVBIR A RS ¢ , E-1E S (VL) JERECER b, PAKTI
YR LLM f o XTaARNEEMES SR WEER I, Mmoo feiE
Zy = g(I) . VL i&EE R ERE B S I AMRIC, A Hy, = W(Z,) T, H
H, € RVN*D R0 5 AR FIR RN R . T 59— A SCAR bk 25 i)
Q , ATMHEEE R FIRIS IR AIRIE, £k T, =0(Q) , Ho © RFEIMWIRL
%ﬂwA@i B, FEGRTIASERFE P 51 RN SCAS 7 510 9k 14 B ok DA A B TN 25110
LLM #ithdr, FRmh A= f(Hy, Ty) »

AddressVLM 27 T WA Br Ber 25 B0 A X SE i R R Hbhk g AL . AESR—
BrBr, AT H fr e P EME RS SR EGB A VCHD, KA P9 E A
FZS B A E] LVLMs H, PASEBIHbhEE 7. XX SFROE I AR X TR dE58 —
Brrhb e AR 2 R . AR B, BATES T 2 mINEE R B SE kA

www.xueshuxiangzi.com


https://www.google.com/maps/place/40 % C2 % B026'19.9 % 22N+80 % C2 % B000'11.0 % 22W/@40.4388652,-80.0056305,17z/data=!3m1!4b1!4m4!3m3!8m2!3d40.4388611!4d-80.0030556?entry=ttu&g_ep=EgoyMDI0MDkyNS4wIKXMDSoASAFQAw % 3D % 3D

Table 2 5 H Ak ()7 ¥AAE Pitts-VQA Fil SF-Base-VQA i FIMEREHE

Method AG A A Ay | A Al AY A | A Ay
LLaVA-Phi3-mini 26.64 60.22 37.81 45.52| 0.00 56.23 34.62 36.69|41.01 0.00

£ GeoReasoner 83.29 91.65 91.50 89.41|61.89 89.87 89.68 82.80|86.03 57.78
AddressVLM 88.73 93.54 95.16 92.70‘72.51 91.70 93.98 87.46‘90.02 69.60
o LLaVA-Phi3-mini 3.78 71.73 42.76 46.89‘ 0.15 52.39 30.85 33.85‘40.31 0.00

CCE Baseline 82.19 93.46 93.14 90.49|65.48 88.25 88.57 82.61|86.51 58.62
i, GeoReasoner 81.40 91.07 90.81 88.53|62.89 86.46 84.64 80.08|84.26 55.99

n
AddressVLM 86.48 93.72 94.50 92.06‘76.09 88.92 92.75 86.66‘89.33 70.45

£ Baseline 84.51 92.72 93.23 90.70‘64.31 90.25 91.27 84.00‘87.27 60.52

W, PAMEWTAIRLEERY . ATl R R A EAE R XL, RATAINES: (VQA) %
i, WA ERE G . XPIAET B RRRIGE R, (LoRA) HEFTHR, AT
FETT T HuhEE RLAREARTERE . X PG B 7 A (AL I RN B S A 1l S Rt i f
ZIERRR, WA SR AR mAR, B HER & A hkr) fe

3 e

3.1 LR

SEPRAAHS . AddressVLM 3T CLIP [21] I Phi-3.1-mini [27] , PA LLaVA Jy=U(i
xtuner [34] HEZLMHE, ZAEZLE ] PyTorch SiBAY. BT RBHRIEE S 336 x 336
PAIE)Y. CLIP (AR . 24N ILFR A .

WEHEIR . R T PR RS R SCrp st g 2 A8 ), AR AT Z Fig
AFHEAR AT AR K1Y 8 CLMERGPE . FRATHR I T =AU 8T AR R, HIT A
PERERL. e 5 BT KIFI R SO . AR5 K G AR J IR
M Zi@ MRS BClE A o A 1 ALY, ENTRTEREICE Ag o Y
Hi, BHEGCITERIER S BICHE AT AT RN AY | CPIMERREES Al o DR
IR E G R MEICAE A o BUAh, FRATWRSE T ALY [a] b A Rl A X £ 2 Y E
S, FEH Asa o %3675 AddressCLIP [4] HFEFHZLAI top-1 HERME (SA-1) H—
SEMRIE. SR, EAERRE, BATRET As G TAERERL, XA HEF
AL SA-1 SR PRACERY BE A

3.2 RHER

HL . B/, RAVEMCRAMFIIZE LVLM, DA R HAE EG #5771 4
ABE S, M LLaVA-Phi3-mini &R, B, FAIE I GeoReasoner [9] FE X Fl
BEHABINEESE, 1Eh SOTA k. B2 R v ATERM SR C 83, FRATAO
LLaVA-Phi3-mini #A7HuhEE G0, FRZ PRI IER L

. % 2 BR TN AddressVLM AT HABTUAE B4 Ergghis. &
IR YETE IrA Fa ke DA U TiedEgs R . BACkUL, XTI mi sss nd gnk & fn %
BSPAEA I, LLaVA-Phi3-mini [ SAEAMERRAE B4 LARR B R AE. SR,
HAE A BRI TREPURE I (EP N EdEEE B2 51 60.22 % X H 50 % F1 71.73
% XFE 50 %), XEIHTEHHSEE &R AN . 72X LLaVA-Phi3-mini [

www.xueshuxiangzi.com



Table 3 GHHEHA § FITEEGRAIPIAERE EIESAL R IR0 IE B 5 .

Method 5 Piltts—VQA SF_—Base—VQA

A Asa A Asd
Satellite w/o road 0.3  88.36  64.05 87.32  65.33
Satellite 0.3 89.32 68.98 88.67 70.42
Satellite w/o road 0.5  88.06 64.63 87.41  65.93
Satellite 0.5 90.02 69.60 89.33 70.45

MIATH T BTG BRI G, S BHEAREMIL, AddressVLM HREIAPERE 3%
BE (EWAEIEE L A 5o 54 E T +49.01 % Ml +49.02 %) . T SOTA Jy
¥ GeoReasoner, JKEEAET B AEMNLE TR BIARIGSRIELERE )7 ) 25— B BeifE A L . B
SRIX PP RS AE E R 2T _ Lok ThrAk, (E[—3k Ty Pt A PR 25 55 v] RE S 30 i 0w
B, SEAEWNNEIEE L A TR HITHE 2.74 % F 2.63 %, MHILZ T, FAIHY
AddressVLM FE25— [ BOa i it 7 T8 R A 5L R R ST 45, ARuhs il
AR AR AR G A . 5 EBN e R LA, It
XFFIRPERY B ok T 8 H—S R T, plan, W EdEE L A Jriaa Bl
T +9.08 % 1 +11.83 %. BAh, AT PAMELE] AddressVLM A1 AddressCLIP
TERFIE RN I E N RE (Asq ) WTHRI2ERE, FRHIF S & A BB AR R e AT 45 h 3
SEHLE PG B M I S5 A A PR . X2 — A REN T, RIIAE
TEARSR I TAEF TR

S S VR B A I L o ST X 5 R 9 2 Address VLM 5 850 ) S5 TR
YT AR Z iR, £ RBRREHRRGRKNS TERBHNES
Eefl 6 (BN 6 =05 ). B -ANHNEZTEEGHZEA ie. , WEERBREGHAE
CAHE AT XTENRERMaREREE 3. 458EH, 55 6 wbE 03
S TEERE IR, RN ER ORI R s g . [FRE, NP EE®
A REEAR SN S SEERE TR, BoMEA OCR EMEEMEL T, TEMWETL
RS FOREEN R B, RAITRERAFTEEEAPRN L E RGBT RE 6 =05 .

Table 4 TiARGG B TR SEHATIGRTHRIT, v Fon—MEYuR a4 .

Variants ‘ Stage-1 ‘ Stage-2 ‘ Piltts—VQA ‘ SF_—Base—VQA
‘ VE LLM ‘ VE ‘ A Asq ‘ A Asq

A 86.58  63.21 | 86.74  62.94

B 4 86.42 6295 | 86.31  62.78

C v 87.48 63.03 | 85.92 61.21

D v 4 89.53  66.37 | 89.63  68.95

E v v 87.37  63.52 | 87.07 64.68
Ours ‘ v v ‘ 4 ‘ 90.02  69.60 ‘ 89.33  70.45

£ LVLM F il ZR41F . LVLMs H RIS B0E 15 U 4538 5 2 5 W HAE Ry g S T
% ERRI. ht, WAV T RS S#A Tab. 4 i) AddressVLM AR 5200,
H A $E Vision Encoder (VE) Hl LLM. FEBErEeH, VLA Figs B LLM
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w o ~
o o o
Accuracy (%)

o
o

w
o

20 40 60 80 100 20 40 60 80 100
Density (%) Density (%)
(a) Pitts-VQA (b) SF-Base-VQA

Fig. 7 T RIFBE 5 G LER SR il (st 55 ik B A 7456,
0BT L

BREAAR . (TR, FE8 B LLM Gk e m e e It. [Alke
i, FE58 B BH#G VE @ % gs VE BUSERFRITERE, RMEE B Ball R A
RERE N, g VE Geag R s i i@ IR i 5 . 4, G S50k5 T
FoEMERE . XA T DAVE R AT 45 0 1 B S v DA SR BB AR i vl F A, XA Bl
TS EAAC AL I g H [35] o« X e LI 5+ X Z HiI S5 1S H—EL.

B MG B ERESE o FRATHFIE T btk 5 157 I8 1 i 5 R A 1) S [ 4 B P B 1
SR, XA DATERGAN 5 S e s 1) MRS, TS n] A e R
(fF4n, 100 %, 50 %, 25 %, 12.5 %). ii) (CEZRE, FROCEW TR (Flan, 100
%, 75 %, 50 %, 25 %). JAERE Fig. 7 PRTHAT TS0 QR ETR, X
TSR, S5 T OREER] 50 % B, BIBUEEREIT 88 % MtERE (A ). XTiE
SERE, MR ORAER] 50 % B, SRR 71 % tERE (Asq ). ZERERDM, TR
NI PAE R ARSI R B ARz AL AE . RN, FROEES], AT
T AR B2 PEE A BRI AR, 33X R RIS VP8 B 1) 8 B S P B [ 45 E B

Table 5 JR&1I44E Pitts-IAL #l SF-IAL-Base $(R4E I A9%0R .,

Train / Test District Street a Ay
AG Al A A, A Al AM 4y

Pitts / Pitts 88.73 93.54 95.16 92.70 72.51 91.70 93.98 87.46 90.02 69.60

Pitts + SF / Pitts 89.24 93.17 95.16 92.66 72.90 92.77 94.34 88.18 90.37 70.63

SF / SF 86.48 93.72 94.50 92.06 76.09 88.92 92.75 86.66 89.33 70.45

Pitts + SF / SF 87.40 94.24 94.92 92.66 77.05 91.97 93.00 88.48 90.55 71.36

SIRHTIY YL . I8 R R HhE E RSP p T RED Skl AT SeAE A
Bide EyPAh AddressVIM B9 J1E. BARMTE, FATE X SFR I 642
AT BRI 7 KNG AddressVLM, SRISTEPTAIALE BRI TIAl . 1E
WZAE 5 B, SN, XAG - BAE RS ERYTEREm R A
BB A PERE . FRATIEN, S AY[R]— 1155 1 52 SCOL A Bt Ay B T2 27 o] B {8
LA AR S E st B XA IHE AR T RATRAR A R, IR T AR
ST RN E KR AE S ST AN A SR FE PASNR ARSI T kR fE
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Table 6 AR AN lava vl 5 mix665k FHRMATKMIHIETE 2 IIZRRILER

Method Ay A A Asq

w / llava_vl_5_mix665k (5:1) 84.38  75.70  79.95  42.08
w / llava_vl_5_mix665k (1:1)  87.97  79.08 8343  50.53
wo / llava_ vl 5 mix665k 92.70 8746  90.02  69.60

Table 7 MiniCPM-v2.6 {PEfE, HH @G SigLIP BRBH DG Qwen2-7TB BT FHIAL.

Method Ad As A Asd

CLIP + Phi3-mini 92.70 8746  90.02  69.60
SigLIP + Qwen2-7B  93.57  88.58  90.97  70.49

e S

E‘igj- 8 ?;?%%Wﬁﬂi%~ME§E‘JE’§M@X¢%%¥E‘J%ﬂlﬁ]ﬂ‘]%ﬁ—:ﬂ?ﬁ‘u%H:?BEO LR 22 T AR TIU  1E JH
pEp

FIPEAL, FERRTEA ST, FEANNA LS 77 o S5REN], B R 2E R, Al
B 5 YA RE S B AF AU RE . X IERH TIZ 7 IR0 R AIIE B 1

RE M VQA AR, BHRIR A& X TR % LVLM i Z Mg h 2
KEE, T WHMIRG MK VQA FIEXr AT ke m, RATEFET
lava_ vl 5 mix665k VQA BN N—MckdE. A1 3IPA 5:1 A1 1:1 1 LR
S5WE: 2 BER A . 458 Table 6 fizn. ATRAMEE], Bambhl e, VQA Fdlif
Fe e — 3R T T RE . FRATTAIME, B An R R B e, FRATT T DATE R S AL A
i AE A H bk 2 0 B8 ) 2 ) US4
ANFEE T ERTERE . A TEIER AT ELEA RS T LRz ALEE 7, FATR A MiniCPM-
v2.6 (1 SigLIP Il Qwen2-7B #4j8%,) #47 THIFIR BB BLIZE. 7E Pitts-VQA i
ZEHA4N Table 7 fin. AJLAWREEH], T SigLIP #1 Qwen2-7B [ AddressVLM PE:fE
F i T3 LLaVA-phi3 [PERE, iXZRBAR A B8 K LVLM 7] DUBUS B 45258
TEA 247 ERER . AT BuEIRA T A EAEEE DAAMNR T AR, RATEAR R
247 BimgE LI T TN . AE S EARHPEE AT A5 M S AR AR SR, FRAT IR
ET 52080 kTR (ORH 4340 ME, HAMEA 12 5kEHB), AEATII
Ziir) 52764 41 VQA X5 B0 AR I ) TR AR . Mtk Bl o w2l s T H Fifs
H. FRAT5ERM TP B ROE, ARSI CkRA 1240 AMERY 7440 3K E1G)
1 Table 8 AR
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Table 8 ZITHIHEMLER.

Method AG AT AM A, AG AT AM A, A A,

AddressVLM 73.85 89.49 88.62 84.99 63.52 88.28 86.03 81.57 82.28 65.81
AddressVLM w/o stagel 70.63 86.22 85.93 83.14 58.06 85.39 84.72 78.37 80.76 56.37

WRTPAE , BEhE A S s, T A E AR R AR EARIR R I R 4T,
AYHAH T AR 7> R SE . 3K 1 T A AT a6 B A Sy bk
FHE VQA Ff i (1) AT 7 R R B 1
FKTHEL S MHELLEER, Table 9 BR T 6 B 5 0.3, 0.5 F1 0.7 i, Pitts-VQA
s . ATRARERE], 24 0 = 0.5 MEHREME, BT =03/ =07 . X2EH
M6 RN, B ER A RS AERL R, Y delta KK, BEBER TR
TR XA, S B = ok B HEE S .

Table 9 £ Pitts-VQA FIERAATELZARRE & gk,

5 AG AL AM A, AG Al AM A, A Ay

0.3 87.32 9293 9459 92.05 71.61 91.04 93.27 86.78 89.32 68.98
0.5 8873 9354 9516 92.70 7251 91.70 93.98 87.46 90.02 69.60
0.7 86.58 92.33 93.86 91.22 70.35 90.49 92.65 85.81 8849 68.07

3.3 wHEER

PSR AR TR AR . S TR S LA R SRR A ke, FRATTFER 8
HR R Tl FAT AR AT R SRR S IE R E AR BT FROTER THERE S —H
BOS AR R IGO0 A R A A S e PTRARERF, ok LA I Y A A S
DX ) 55 5 LS A D BT e A A o R A o 33k A I A S e 55 — o B vy btk g 457 )
AR, M2, BB SRR TR A REEER, R T
s 2 (Rl 3, ANTITARS B2 S G s A st AL

LOTY . FAVBR T ELHIT, Hh AddressVLM YERAGE 7, A B0 R 551
PR ISR 7 LA, N 9 R . FRATIERAL T Lepi A AR J0 v E 1
%%%M%W,WE9%%Dﬂu%ﬂ,ﬁ%@%WMﬁﬁﬁﬁw,w@%kﬁé%
MELATH

5 LVIM gy . Fefiit—2Pn T AddressVLM FESEBrffERhpy sefl, 4
fft 75 SOTA A LVLM W H#, Bl GPT-40 [5] . Sonnet 3.5 [36] . Qwen2-
VL [6, 37] fl LLaVA-Phi3-mini, I, 10 . AddressVLM 7E4fl VQA 175 i 242
BB ERIAE R . M, SOTA FAL I BEZ BT i A MG A & R A5l R IHE
B, ERE A FRAAR . X R, SRR, AddressVLM W] DA A 40 122
Bk SZ BN SR T PR Y AL RE PR XA PR TR E AR R B R R R Y n AT
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Reed Street, CraMord-R?berts Sandusky Street, North Shore

w/o Stagel

w/o Stagel

Foreside Place, Crawford-Roberts Isabella Street, North Shore
w Stagel w Stagel

Reed Street, Crawford-Roberts Sandusky Street, North Shore

Rose Street, Crawford-Roberts

=
w/o Stage
Colwell Street, Crawford-Roberts

w/o Stagel
West General Robinson Street, North Shore

w Stagel w Stagel

Rose Street, Crawford-Roberts Mazeroski Way, North Shore

Freyburg Street, South Side Flats

w/o Stagel
Locust Street, Uptown
w Stagel
Freyburg Street, South Side Flats

Reed Street, Crawford-Roberts.

w/o Stagel
Colwell Street, Crawford-Roberts
W Stagel

Reed Street, Crawford-Roberts

Arlington Avenue, Mount Washington

w/o Stagel
West Carson Street, South Shore
w Stagel

Arlington Avenue, Mount Washington

River Avenue, North Shore

w/o Stagel
Anderson Street, North Shore
w Stagel

River Avenue, North Shore

(a) Examples where AddressVLM predicts correctly but the Baseline model predicts incorrectly

East General Robinson Street, North Shore Armstrong Tunnel, Uptown

w/o Stagel

‘w/o Stagel

Bingham Street, South Side Flats Liberty Tunnel, Mount Washington
w Stagel w Stagel

Tustin Street, Uptown Boulevard of the Allies, Uptown

Penn-Lincoln Parkway, Downtown Centre Avenue, Hill District

wj/o Stagel wj/o Stagel

Boulevard of the Allies, Uptown Elmore Street, Hill District
wStagel w Stagel

Three Rivers Heritage Trail, Uptown Wylie Avenue, Hill District

Colwell Street, Crawford-Roberts

w/o Stagel
Fifth Avenue, West Oakland

w Stagel

Fifth Avenue, Crawford-Roberts

Addison Street, Hill District

w/o Stagel
Elmore Street, Hill District
w Stagel
North Canal Street, East Allegheny

(b) Failure Cases

Fig. 9 TZBITE/RT AddressVLM REMSAERG AL, NIRRT E AL B A iR (a), PASRIRZES]

(b).

13

Bigelow Boulevard, Strip District
3

w/o Stagel
Lincoln Highway, Strip District
w Stagel

Lincoln Highway, Strip District

w/o Stagel

Bingham Street, South Side Flats
w Stagel
P.J. McArdle Roadway, South Side Slopes

www.xueshuxiangzi.com



.4 What district is this photo
taken in? Answer the question
using a single word or phrase.

Addressvl._

What street is this photo taken
on? Answer the question using
a single word or phrase.

9
U—
AddressvVLM
Second Ave, Downtown

Which street and district is the 6

m image located? Answer the

question using a single phrase.

Forbes Ave,owntoun

i

.

ntown

What district is this photo
taken in? Answer the question
using a single word or phrase.

Mdressvl._

“ What street is this photo taken &

on? Answer the question using
a single word or phrase.

9

AddressVLM!

Liberty Bridge, South Side Flats

Which street and district is the &
image located? Answer the
question using a single phrase.

c @1, The image is located in the downtown
b area of Pittsburgh, Pennsylvania
[ .

Washington Place, Downtown

What district is this photo &
taken in? Answer the question

using a single word or phrase.

What street is this photo taken &
e on? Answer the question using
s
a single word or phrase.

Addressvl_

Which street and district is the (]

m image located? Answer the
question using a single phrase.

Which street and district is the
age located? Answer the
question using a single phrase.

@/ @1, The image is located in the downtown
area of a city.
AddressVLM

Qwen2-VL
1. main. [Hallucination]

@ Qwen2-VL
1. downtown.

(/Q//_ @L The image is located in the downtown
| AddressVLM area of a city.

@1 Hill District of Pittsburgh, Pennsylvania.
AddressVLM! 2. The image is located in a residential

GPT-40
1. | cannot determine the ... [Failed]
2. I'm unable to identify the specific district
based solely on the image provided...[Failed]

Sonnet*
1. Rust Belt. [Invalid]
2. Appalachian city. [City level]
3. 1don't have enough context to... [Failed]
LLavA

@Qwenz-w N’
1. downtown. [Surrounding district] A 1. Rural. [Invalid]

2. Hill district. [Surrounding district]
3. Downtown. [Surrounding district]

2. The photo appears to be taken in an
urban or suburban area with a ... [Invalid]
GPT-40 Sonnet

1. The street name is not visible in the prov*

image, so | cannot ... [Failed]

2. The street name is not discernible ... [Failed]
| UavA

1. Fashion [Invalid]

2. Madrid [City level]

3. Main [Hallucination]

1. Forbes Avenue.
2. Cherry Way [Invalid]

3. Smithfield Street [Hallucination]
Qwen2-VL

1. main. [Hallucination]
2. Without specific landmarks or signs, it's
difficult to determine the exact street. [Failed]

GPT-d0 Sonnet
1. Holland Tunnel, Manhattan. [Hallucinatiol 1. This appears to be an Urban district
2.W 33rd Street, Hudson Yards. [Hallucination] ~ 2- The image appears to depict an urban street
3. West Side Highway, Hell's Kitchen. [Hallum‘ngnqn]i" a downtown district.
Qwen2-VL | LavA
1. Woodland ave [Hallucination]
2. Highway 40 [Invalid]
3.1-94 [Invalid]

GPT-40 Sonnet *
@ 1. Financial District [Hallucination]

| LlavA

2. Hennepin Avenue, Downtown

1. Philadelphia. [City level]
2. Downtown.

@ﬂwenZ-VL h
1. downtown. Al. Financial [Invalid]

2. Without specific landmarks or more 2. Downtown

context, it's difficult to pinpoint ... [Failed]

GPT-40 Sonnet
1. 1am unable to determine the street from@ 1. City street [Ha‘_|ucfnati0"] *
this image alone. [Failed] 2. Downtown. [District level]

2. | cannot determine the street ... [Failed] 3.The image does not provide enough ... [Failed]
LLavA

1. Fifth avenue

2. Cross street [Hallucination]

3. Main [Hallucination]

2. The photo is taken on Wall Street.

GPT-40
1. Fort Pitt Boulevard, Downtown Pittsburgl
2. Grant Street, Downtown Pittsburgh

Sonnet
1. The image does not provide enough *
contextual information ... [Failed]

Qwen2-VL LLavA

1. Downtown

2. Chicago [City level]

2. Without specific landmarks ... [Failed] 3. 13th street [Hallucination]

GPT-40 Sonnet *
@ 1. Downtown

2. Based on the image, this appears to be taken
in a downtown ...
LLavA

A 1. Downtown.

1. Downtown.
2. Strip District. [Hallucination]

2. This photo appears to be taken in a city
district, likely a downtown ...
GPT-40

1. Sorry, | can't determine the street based
this image. [Failed]
2. | cannot determine the street ... [Failed]

Qwen2-VL

1. main. [Hallucination]

2. The photo is taken on a street in an urban

area, but the specific street name is ... [Failed]

Sonnet
1. The street name is not visible in the *
provided image. [Failed]

LLavA
1. Main. [Hallucination]
2. This photo is taken on a residential street.
[Hallucination]
GPT-do Sonnet

1. 9th Street, Cultural District. [Hallucinatio 1. Urban street in a downtown area. *
2. The image appears to be located on a
downtown city street.
LLavA

. Chicago [City level]
2. Murray st and west 14th st [Hallucination]
3. Downtown

Qwen2-VL

2. Downtown area of Pittsburgh.
GPT-40
1. I'm unable to determine the specific stre
and district based on the image alone. [Failed]
2. | cannot determine the specific ... [Failed]
Qwen2-VL

Sonnet
1. Unidentified residential street. [Failed] *
2. residential street in an unnamed district.
[Failed]
LavA

1. Santa fe, downtown [Hallucination]
2. Rocky hill [Invalid]

district, but the specific street ... [Failed] 3. 1st street [Hallucination]

Fig. 10 5j@/l] LVLMs 7eHihbn &6 )y ERYETEILE .
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AEXT LA, FATHE T T3 A A bk E (7 AddressVLM, "B REMS X
BRI GIT R G R HIE A HAZ O AR A B AL B S 5 R TR Y i
PR FEURRE, FERSETE A A ER PR A 5] LVLM o XA~ 4L, 2>
e DA SR BIRENLE], LA A SRS nss A Ll . A2 D T Wi BeRY
TR, ALIEES LN SR BRI S AR RE . K SRR, BT il ) AddressVLM
i T LVLMs #1 SOTA 5 LVLMs, 3 B A R Z AT . ERKH
AR, A1 B AN ) RRE B3 7 R SRR LVLMs,

JRRYE. 25 T FHR A ER HIENLE], AddressVLM W] DAPATES WL BN SFUR%E . 24
HITE R — IR, B RIS PR nT fE & Sng LVLM PR EATRY
REJ). Rk, SR ZRRYBE L GO 5 O ARSI S A E— P4 i 1R B

Appendix A AT
All our experiments are conducted using the xtuner framework on 8 RTX 3090 GPUs.

The torch version is 2.4.0, the CUDA version is 12.1, and the transformers version is
4.37.2. The main hyperparameter settings are given in Tab. Al.

Table A1 WAILH BB SHRE .

Hyper-parameter Values
Batch Size 4 x 8
Gradient Accumulation 16
Learning Rate le-5
Weight Decay 0

Betas (0.9, 0.999)
Warmup Ratio 0.03
LoRA Rank 128
LoRA Dropout 0.05
Model Max Length 2048 — (336/14)>

Appendix B $di4ETENS

We provide detailed information about the two constructed VQA datasets as a supple-
mentary to Sec. 2.3, listed in Tab. B2. The dataset information includes the number
of locations, the number of street view images, and the proportions of various dialogue
types in the muti-turn conversations for both Pitts-VQA and SF-Base-VQA datasets.
Generally, the distribution of address question types in the training set is balanced
(1:1:1). In the test set, to accommodate both answer types (Yes/No) in judgment ques-
tions, we increased the judgment questions for each district-related and street-related
question with answers set as ”Yes” or "No”, respectively. As a result, the propor-
tion of judgment questions is nearly twice that of the generation and multiple-choice
questions. Moreover, we provide comparisons between n the proposed datasets with
existing related datasets in Table B3.

15
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Table B2 A X7 Pitts-VQA Fll SF-VQA ¥iELMELHEMEE .

Statistics Pitts-VQA SF-Base-VQA
Train Test Train Test
Covered Area 20 km 2 20 km 2 6 km 2 6 km 2
Number of locations 7410 798 11946 1707
Number of Districts 19 19 15 15
Number of Streets 194 165 121 110
Number of images 177840 19152 143352 20484
Number of questions 533520 168409 430056 181943

Table B3 A ArHil iR 5 BUA H R BREEIAT HE 4 o
Statistics Pitts-VQA SF-Base-VQA Pitts-IAL SF-IAL-Base Pitts-250K  SF-XL
Images  178K/19K  143K/21K  234K/19K 184K/21K 250K/24K 41.2M/1K

GPS Yes Yes Yes Yes Yes Yes
Address Yes Yes Yes Yes No No
QA 533K/168K 430K/182K N/A N/A N/A N/A

Additionally, the question templates for different types of questions and address
is given in Tab. B4. Each address type includes 10 distinct templates, resulting in 20
templates in total. Subsequently, different question types are generated by appending
different prompts for the three question categories, as shown in Tab. B5. We replace
the contents in ”[]” with the ground truth location names ( e.g. street and district )
before appending them to the address prompts.

( ) 4 )
GeoReasoner Prompt: GeoReasoner Label:
Examine the image presented, and The image is indeed captured in North Beach, San
deduce from which neighborhood it Francisco. The distinct architectural and streetscape
was most likely captured, providing style characteristic of North Beach can be observed in
your rationale. (Hint: This image was *‘ the white building with a green awning. The building's
taken in North Beach within San design, along with the presence of a tree and a car
Francisco. Begin your response by parked on the street, suggests a quaint and charming
confirming its location in North Beach, wavavie-mistral-7e | Neighborhood. The North Beach neighborhood is known
then substantiate your claim by for its Italian heritage and is characterized by narrow
analyzing the distinct architectural and streets, historic buildings, and a vibrant cultural scene.
streetscape style characteristic of The image captures the essence of this neighborhood,

\North Beach that in this image. ) \making it a likely location within North Beach.

J
Fig. B1 GeoReasoner 55— B mflLE M EHRZ R 0. LLaVA-v1.6-Mistral-7B B T45

Appendix C GeoReasoner [JHEI

The training process for GeoReasoner [9] consists of two stages. The first stage involves
coarse-grained localization at the country level, accompanied by intricate reasoning
derived from game data. The second stage is centered on fine-grained localization at

16
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Table B4 [ Z 4/ s H Bt .

Address Type ‘ Template

Tell me the district where this image was captured.

I’'m curious about the district, where is this?

In which urban district was this photo taken?

Can you identify which district this is?

What district is shown in this photograph?

What major district does the photo fall under?

I’'m looking for the name of the district in this photo, can you help?
Can you specify the district shown in this photo?

Which district is depicted in the photo?

What’s the name of the district shown in the photo?

District

Identify the street in this image, please.

What is the street seen in this picture called?

On which boulevard or street was this taken?

Give me the name of the street that appears in this photograph.
Where was this, can you name the street?

What’s the name of the avenue or street captured in this shot?
The street in this image, what is it named?

What’s the name of this street shown in the photo?

Can you tell me which road this is?

What thoroughfare is depicted here?

Street

Table B5 PN DA A [l BT ) o

Question Type ‘ Template

Generation ‘ Answer the question using a single word or phrase.
Judgement | Is this image taken [On STREET/IN DISTRICT], Yes or No?

Multiple Choice | Which of the following [STREET /DISTRICT] correctly represents
the location shown in the image?
(A) [OPTION A] (B) [OPTION B] (C) [OPTION C] (D) [OPTION D].
Please select the correct option (A/B/C/D).

the city level, utilizing Google Street View data. In our study, we replicate this pipeline
to achieve district and street-level localization within the same urban area. A primary
distinction between GeoReasoner and our AddressVLM lies in the data employed dur-
ing the first stage. In the original work of GeoReasoner, the first stage data integrates
external knowledge sourced from real geo-localization games. For district-level local-
ization, we generate reasoning data by emulating the reasoning generation pipeline
utilized for our cross-view tuning data. An example of the prompt and the generated
reasoning label for the first stage of GeoReasoner is presented in Fig. B1. To facilitate
a comprehensive comparison across various metrics outlined in Sec. 3.1, we employ
the same VQA data for training the second stage of GeoReasoner.

17
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Table C6 #FEFahriH BT FEAILE A o

District Street
AG Al AM A, AY Al AM A
Satellite w/o road (0.3) 85.93 93.00 93.70 91.33 67.24 91.18 92.55 85.51 88.36 64.05

Ablations

Satellite (0.3) 87.32 92.93 94.59 92.05 71.61 91.04 93.27 86.78 89.32 68.98
Satellite w/o road (0.5) 86.23 92.42 93.54 91.09 67.97 90.50 91.79 85.17 88.06 64.63
Variant A 85.57 90.73 92.03 89.77 65.60 89.42 90.39 83.90 86.58 63.21
< Variant B 85.48 90.65 92.12 89.59 65.05 89.21 90.02 83.44 86.42 62.95
& Variant C 84.86 91.98 92.85 90.34 66.39 90.63 91.46 84.75 87.48 63.03
> Variant D 87.36 93.23 95.08 92.66 71.19 91.58 93.85 87.02 80.53 66.37
£ Variant E 85.00 92.02 92.65 90.34 66.64 90.27 91.05 84.54 87.37 63.52
A View-4/24 69.14 84.29 83.90 80.21 36.08 77.68 77.71 67.25 73.58 31.55
View-7/24 76.54 80.38 88.33 85.73 46.75 85.90 86.14 76.13 80.83 42.25
View-13/24 83.67 92.28 92.34 90.04 61.60 89.58 90.69 82.84 86.36 58.04
Location-1/4 70.95 85.91 83.97 81.47 38.81 77.91 78.92 68.35 74.76 34.14
Location-2/4 79.53 89.62 89.40 86.91 54.17 86.59 87.79 78.76 82.74 50.16
Location-3/4 84.06 92.18 92.69 90.18 63.34 88.73 90.88 82.90 86.46 60.19
AddressVLM 88.73 93.54 95.16 92.70 72.51 91.70 93.98 87.46 90.02 69.60
Satellite w/o road (0.3) 84.11 91.82 92.64 90.85 73.59 88.38 90.51 84.57 87.32 65.33
Satellite (0.3) 85.88 93.10 93.92 91.52 75.27 88.04 92.18 85.79 88.67 70.42
Satellite w/o road (0.5) 84.39 91.85 92.79 90.88 73.87 88.35 90.68 84.32 87.41 65.93
- Variant A 82.92 92.60 92.41 90.07 69.29 88.27 88.13 83.47 86.74 62.94
& Variant B 82.90 92.50 92.03 89.92 68.90 87.14 87.97 82.77 86.31 62.78
= Variant C 82.05 91.99 92.26 89.51 67.90 87.13 87.53 82.39 85.92 61.21
¢ Variant D 85.87 94.73 95.16 92.57 74.60 90.22 92.05 86.76 89.63 68.95
& Variant E 83.55 92.25 92.75 90.15 71.28 87.91 89.20 84.06 87.07 64.68
£ View-2/12 70.47 88.39 87.11 83.47 43.01 80.31 76.87 70.08 76.71 35.65
View-4/12 77.52 91.18 90.74 87.57 56.05 84.97 84.54 77.59 82.53 48.83
View-8/12 84.23 92.11 93.94 90.34 71.20 87.12 90.23 84.74 87.63 64.72
Location-1/4 75.14 89.77 88.84 85.78 49.39 79.06 80.04 71.95 78.80 41.83
Location-2/4 81.52 92.69 92.27 89.72 64.42 86.62 88.02 81.49 85.56 57.81
Location-3/4 85.17 93.85 93.92 91.64 72.70 87.80 91.55 84.94 88.26 66.53
AddressVLM 86.48 93.72 94.50 92.06 76.09 88.92 92.75 86.66 89.33 70.45

Appendix D PG RSB0 TS
D.1 %5 2.2 YipiyetEai ik

In Fig. 5, we conduct a quantitative analysis of the cross-view alignment tuning by
examining the outputs from two distinct models. While the first stage utilizes grafted
images as inputs, our principal objective is to establish a connection between street-
view images and the street addresses. Consequently, we employ only street-view images
as the input for this analytical evaluation.

After Cross-view Alignment Tuning. For discriminative models like CLIP, we can
compare the embeddings of street views and address texts to assess whether the
model effectively associates street layouts with street views. However, this method is
not suitable for the generative models discussed in this study. Instead, we leverage
the inherent randomness in the output of generative models. Specifically, we increase
the temperature of the model during inference from 0.1 to 0.8 to encourage output
variability. By performing inference for 100 times on the same input image, we can
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count the number of different valid streets, approximating the output distribution for
the model for a given input.

Before Cross-view Alignment Tuning. Since the image address localization task is
quite challenging, the model without any downstream fine-tuning (zero-shot model)
struggles to produce valid street outputs directly. Therefore, we organize all the street
names generated by the model above into options, allowing the zero-shot model to
select one street from this given list for output. The difference between the prompts
of these two models is given in Fig. 4.

D.2 % 3.3 Thrpettaii

In Sec. 3.3, we demonstrate the results of four current state-of-the-art proprietary and
open-source models on several samples in our datasets. Our AddressVLM is capable of
generating outputs as the requirement in the prompt. However, the outputs of other
LVLMs are more diverse and uncontrollable. Therefore, for each sample, we conduct
multiple inferences (5-10 times) for each input, and display several most frequently
responses.

Appendix E  {HWF52vEAnSE R

We provide the detailed results of the ablation studies under all the metrics in Tab C6.
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