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A i ‘ CityLoc-K Val CityLoc-K Test

BEV SG PNA| R@5/10/15m  R@5/10/15m

(a) v X X |13.04/32.79/52.31 13.21/33.86/51.40
(b) X v X [26.75/52.94/71.67 24.62/51.25/69.46
() X v v/ |[33.69/59.48/75.51 32.34/61.34/74.94
(d v v X [29.06/59.37/77.01 29.79/57.57/73.78
e v v v ‘36.23/63.66/77.77 35.91/63.81/76.79

1 SAMMIEASEE . A BEV = BEV Efg, SG =
W fth s PNA = 380035 s Bc. sefta R DAHLIB R
WAL R PA T RIZR it o

CityLoc-K Val CityLoc-K Test

s

R@5/10/15 m R@5/10/15 m

Full 18.23/44.70/63.10 17.81/41.55/60.67
Partial 36.23/63.66/77.77 35.91/63.81/76.79

2. AR AT RIS AR S I RS

el | CityLocK Val

CityLoc-K Test

Sem. Color Dire.| R@5/10/15m  R@5/10/15m

(a) v X X
(b) v v X

18.74/43.17/63.15 16.93/40.81,/60.22
18.28/43.96/64.50 18.01/42.95/61.47

(¢) v v

v \36.23/63.66/77.77 35.91/63.81,76.79

3. SURAIAU T L SEE .

CityLoc-K Val CityLoc-K Test

ol

R@5/10/15m  R@5/10/15 m

Qwen3-VL-2B-Instr.
Qwen3-VL-4B-Instr.

InternVL3.5-8B [55]

35.78/64.22/79.97 34.70/63.19/76.49
35.50/64.28/80.76 34.23/61.37/75.18
Qwen3-VL-32B-Instr. 39.84/67.72/82.05 41.05/67.47/79.39
38.32/65.41/81.21 38.14/63.66/77.25

Qwen3-VL-8B-Instr.

36.23/63.66/77.77 35.91/63.81/76.79
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AR (2) PNA BLHIRSEI S (3) ARSI
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fil, s BEV Eg. 5t (SG). AbrEi (C) A
Kty PNA AL, Z52908T Tab. 1. 42K (a)
M BEV B, FIKE, FRHMEEREIMILER
TOE 0 P 1R 5 FR I SCHRERG B8 . AR A (b) AU
SG, BEMT (a), VLHIXREEMXALENG T NH
. #E SG Efth 5| A PNA, 1 (c) s, #E—47F
PERE: BRIFAE SRS I Recall@5m 4RI ES 6.94%
5 7.72%. 3XUESE S Y S G R R T AR R T
R EEpE, A8fk (d) ¥ BEV B 5 mELE G, 1
Recall@5m _FAHXIY SG R/ BIFHETF 2.31% 5
5.17%. ZIETHRM, HRHEWRLER S X REGHE
AR AL SR ) S RS . IR, SEREAAL (e)
¥4 BEV. SG 5 PNA, BUREARETEGE, RHZ
B H A W e T2P g0 A HhEER .

WaNRsiS RN AL ERNWY
PNA SmgHr, 43R b i R ikfe s g M
CIRRES 5 RS = ¥ (VA 23 < e ] AN 288 i e [ 61 €5
PRE/NT A 7 B, 2R T e A A
ANATHEE o VPR EARCE, FRATRF PNA 54517 N
Sy BCAS AT IO . WHZAR A, HE s B A 2/
— AR SRR R i, SO R KA
IR SR FL B HE A e FRRIHE, R AR O B
BRI T, R Rt i T RC B B A A AR ) il
B, MAEREER L. AN Tab. 2 Fras, Frd s
G379 U BOAE SRR 5 AR RS T A A
BT S, Recall@bm 43 HIHE T 18.00% 5 18.10%, 3
WY 82 22 TR A T P T eSS 25 2R T I W UE I 1 )
A, AT S 84T i o I e 48 AT AL

AR WA, A Tab. 3 frs, A0 3C
AW HE L ST MR TR W R B 5
S mER (B (a) SFHEER T Bk
£ | Recall@5m M 36.23% &% 18.74%, M4 EA
35.91% F& % 16.93%. REABOHBRT LR (L
(b)) B, PEREAD R EANT e BB, WUEE 5 M4
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‘ CityLoc-K Val

‘ CityLoc-K Test

Hik
| Rasm R@10m R@15m | R@5m R@10m R@15m
Text2Pos [25] 16.48 40.69 62.92 14.62 38.27 59.55
Text2Loc [57] 18.91 45.26 64.28 17.97 41.22 61.50
MNCL [33] 19.30 45.94 64.50 18.76 42.63 62.58
CMMLoc [58] 20.77 48.65 67.89 21.71 46.67 66.00
VLM-Loc ‘36.23 (+15.46) 63.66 (+15.01) 77.77 (+9.88) | 35.91 (+14.20) 63.81 (+17.14) 76.79 (4+10.79)
% 5. VLM-Loc 5HZ k7 CityLoc-K _EREMEER . SEOEFRAHM LT
1o [ Sample Count 70€ R ‘ CityLoc-C
12001 7 Error IQR Box 1608 HiE
g 1000 50 5 | R@5m R@I0m R@I5m
=) -
g 8001 2072 Text2Pos [25] | 8.11 27.21 50.01
— an 2
& 6001 302 Text2Loc [57] | 9.45 29.44 51.17
@ 1001 2"'% MNCL [33] 13.68  35.93 53.78
2001 é é | CMMLoc [58] | 11.68 3479  54.71
0 0
1) 1 2 3 4 5 6

Number of Correct Node Assignments per Sample
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Text2Loc

Text Descriptions Text2Pos

I The pose is on-top of a gray-green road.

' The pose is south of a beige sidewalk.

1 The pose is south of a dark-green vegetation.
I The pose is north of a gray-green terrain.

I The pose is west of a green pole.

' The pose is north of a dark-green box.

The pose is on-top of a gray vegetation.
The pose is west of a gray-green sidewalk.
The pose is north of a gray-green road.
The pose is north of a black vegetation.
The pose is north of a dark-green sidewalk.
The pose is south of a green smallpole.

I The pose is on-top of a gray parking.
The pose is on-top of a gray road.

1 The pose is east of a beige sidewalk. b .

1 The pose is east of a green vegetation. ST T T T ST ST ;’ TR

I The pose is south of a green vegetation. : A & :

' The pose is south of a gray building. Di Di D Distar Distance:2.76 m

I The pose is on-top of a gray road.

The pose is east of a gray sidewalk.
1 The pose is south of a dark-green vegetation.
1 The pose is west of a dark-green vegetation.
I The pose is north of a dark-green pole. X » ; £ . ;
' The pose is on-top of a gray-green sidewalk. “Distance:0.68m [l Distance:8.22m Distance:11.64 m Distance:14.19m [l Distance:3.85m

Building Pole Traffic Light Garage Smallpole Lamp Trash Bin Vending Machine

Box Sidewalk Wall Bridge Tunnel Vegetation
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CityLoc-C: Semantic Instance Distribution
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_ _Text Descriptions  _ _ _ _ Text2Pos _ Text2Loc_ _ MNCL _ _CMMLoc _VLM-Loc
The pose is on-top of a gray road. i i 3 3 j i
The pose is east of a gray sidewalk.

The pose is north of a black vegetation.
The pose is south of a dark-green building.
I The pose is on-top of a black pole.
1 The pose is east of a dark-green fence.

I The pose is north of a black vegetation.
The pose is east of a black wall.
The pose is north of a gray sidewalk.
The pose is north of a gray-green terrain.
The pose is east of a dark-green wall.

| The pose is east of a gray-green road.

Fl"he pose is on-top of a black vegetation.
The pose is east of a black sidewalk.
The pose is north of a gray road.

The pose is north of a black sidewalk.
The pose is west of a black vegetation.
1 The pose is north of a black pole.

I The pose is north of a gray-green pole.
The pose is south of a gray traffic sign.
The pose is south of a bright-gray box.
The pose is on-top of a gray-green road.
The pose is east of a gray sidewalk. N )

| The pose is east of a beige parking. i ] i Distance:6.56 m

IThe pose is on-top of a gray road.
The pose is on-top of a beige sidewalk.
The pose is east of a gray-green terrain.
The pose is west of a black sidewalk.
The pose is south of a green vegetation.

1 The pose is west of a dark-green vegetation.

The pose is on-top of a dark-green vegetation.
The pose is east of a black wall.
The pose is east of a gray-green road.
The pose is south of a black garage.
I The pose is south of a gray-green parking.
1 The pose is east of a green vegetation.

The pose is on-top of a dark-green vegetation.
The pose is north of a black terrain.
The pose is east of a gray traffic sign.
The pose is east of a black pole.
The pose is east of a dark-green sidewalk.
1 The pose is east of a black pole.

The pose is on-top of a green building.
The pose is on-top of a black vegetation.
The pose is south of a green vegetation.
The pose is east of a gray sidewalk.
The pose is east of a gray road.

1 The pose is north of a dark-green garage.

Building Pole Garage Smallpole Lamp Trash Bin Vending Machine

Traffic Light ‘

Wwall

Box Sidewalk Bridge Tunnel Vegetation
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Text DeSCl‘lPtIOIlS Text2Pos Text2Loc MNCL CMMLoc VLM-Loc

o R

The pose is north of a gray building.

The pose is west of a green high vegetation.
The pose is north of a gray traffic road.

The pose is south of a beige street furniture.
The pose is east of a gray building.

The pose is west of a green high vegetation.

T e

n/ﬁiou |

The pose is on-top of a gray-green ground
The pose is south of a gray traffic road.
The pose is south of a gray-green high vegetation.
The pose is east of a green high vegetation.
The pose is south of a gray-green wall.
1 The pose is south of a gray high vegetation.

The pose is on-top of a gray building.
The pose is south of a gray building.
The pose is south of a green high vegetation.
The pose is west of a gray street furniture.
I The pose is east of a gray street furniture.
1 The pose is north of a beige ground.

i e e e e e e R e e R el e el Bl |

I The pose is on-top of a gray traffic road.
The pose is south of a gray ground.
The pose is east of a gray footpath.
The pose is west of a gray traffic road.
The pose is west of a gray traffic road.

1 The pose is north of a gray high vegetation.

| The pose is on-top of a gray traffic road.
The pose is east of a gray-green high vegetation.
The pose is east of a gray-green high vegetation.
The pose is north of a gray-green ground.
The pose is east of a green ground.

1 The pose is west of a gray-green high vegetation.

The pose is south of a gray building.

The pose is west of a gray footpath.

The pose is south of a gray ground.

The pose is north of a black high vegetation.
I The pose is south of a gray traffic road.
1 The pose is north of a gray street furniture.

The pose is on-top of a gray-green ground.
The pose is on-top of a gray-green high vegetatio
The pose is north of a green high vegetation.
The pose is east of a gray footpath.
The pose is east of a gray street furniture.
1 The pose is east of a gray ground.

I-The pose is east of a gray building.
The pose is south of a gray-green ground.
The pose is south of a dark-green high vegetation.
The pose is west of a gray traffic road.
The pose is west of a gray street furniture. 3 3 3
1 The pose is south of a gray parking. Distance:6.99 m Distance:14.57 m Distance:10.73 m Distance:5.22 m

High Vegetation Building Wall Bridge

Traffic Road Street Furniture Footpath Water
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