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O Motivation &2 Preprocessing — spatial prior

A 7BO as explorer

Geologists write up their fieldwork as PDF reports: text and geological Docling!? reads each PDF and keeps every fisure’s caption and the sen- When the descent gets stuck, a GP surrogate, tilted toward the prior, looks
maps of where they went. That map is the record of where, and it is tences that mention it (7). Candidate place names %k come from two over a wider area:
locked inside the PDF. sources: NER on the text around the figure, and mapKurator Spotter!” Vi1 € AIg max El{z) m(z).
Georeferencing puts real coordinates on a map image, so reports can an OCR system built for maps. Both are geocoded (A, i) with Nomina-
be searched in a GIS. We do it automatically, from the PDFE alone. tim, after a fuzzy match against the gazetteer. A model learns weights for [ is flat almost everywhere and then jumps. We use 7BO® to bring in
each candidate from OCR confidence, NER score, Nominatim importance prior knowledge from textual data 7 .
----------------------------------------------- and string distance.
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' BB Results
4 .« . dataset 2: 153 real BRGM figures (Mayotte). dataset 1: 971 synthetic figures
PDF Georeference each map on = Matchmg. score and dlsplacement (France). IoU compares the predicted map window with the true one.
Document GIS
Each call to f runs LoFTRY between Z and the render M(x), then dataset 2, n = 153 dataset 1, n = 971
Prior work!"?>? can only return what a database already RANSAC! keeps only the matches that fit one affine transform. One call error < km IoU > error < km ToU >
knows: either a map that is already georeferenced, or the oives two things: . .
oazetteer coordinates of a place name. . o - o method 0.1 T 5 0 05 median0.1 1 5 0 0.5 median
IIEE COUlIL J-L), e SCOTe We L1y 1O THAXIIISe Seed only 7 61 80 71 38 054km| 3 50 74 75 49 0.97 km
o the inliers’ confidence-weighted mean displacement d(x) = > . ¢; (¢; — \V/ 5% 69 82 73 60 0.02km 57 74 75 75 73 0.06 km

o . . . -
p;) € R” pixels: how far off the render is, and in which direction YV +7BO 59 71 80 73 62 0.02km 57 74 75 75 73 0.06 km
@ Problem The tile’s real size (W,H) turns d into a geographic correction: GPT-5.2 8 71 92 78 42 059km| 1 41 81 76 44 1.39 km

Let Z be a reference map image of known physical size (W, H), with text i e The LLM finds the area; our pipeline is more precise. GP'T" answers

T (caption, references, on-map labels). We want its geographic centre s every figure, even the ones we cannot attempt, and it is the best at landing

= (X @) € X, enough to place Z in a GIS. | in the right region. It just never lands on the map: 8% within 100 m, against

We render a candidate map M (z) from OpenStreetMap!”) and score how i ] 1 our 5870.

well it agrees with Z. Georeferencing becomes a search y y e Ty > %] e The prior decides zf, the descent decides how well. On dataset 1, the
7* € argmax f(z) f(z) = visual agreement(Z, M(z)) A (@“’aﬁégébf! B e~ —— % same 729 of 971 figures overlap the truth before and after the search. What

reX ’ ’ ’ o MAMOUDZOU — = the descent adds is precision: IoU> % goes from 49 to 73%.
OVEL & COUTLtTy-SZZGd arca. f 15 EXpens1ve. every call means one render Fig. 1: LoFTR+RANSAC matches: BRGM report figure (left), OSM render (right). e TBO is worth Oﬂly its rescue. On real rep()rts 1t wins 2 ﬁgureg @1 krn7 for
and one run of a deep maitcher. We seed a dense grid around the top-3 candidates, spanning boxes 2 to 50 % 60% more renders. On synthetic data it moves 50 of 971 answers (21 better,
the size of the figure. 29 worse) and the totals do not change.

¥% Contributions

e We build reference maps from OpenStreetMap as we go, instead of
matching against a fixed set of maps, so we cover the whole world.

F3 Errors and next steps

A match tells us more than how good a candidate is: if there is any overlap,
it also tells us which way to move. So we stop guessing and simply go there:

On dataset 2, figures we still miss at 1 km fail for one of three reasons: no place

name we can geocode, so we never even start; a seed that lands too far away:

points moved becomes a pseudo-gradient that jumps toward the an- Tet = Tp+ V(). or a cross-modal matching failure, often a topographic or aerial figure against
SWer. We stop when a step falls below a threshold or repeats itself. We start again an OSM render. Next steps:

from each of the top-5 seeds.

e The matcher gives us a vector, not just a score: how far the matched

e We search with two models and compare against GPT-5.2. Pseudo- e Georeference a report’s figures together, not one at a time, using their simi-
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