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Abstract

Industry classification schemes are integral001
parts of public and corporate databases as they002
classify businesses based on economic activ-003
ity. Due to the size of the company registers,004
manual annotation is costly, and fine-tuning005
models with every update in industry classi-006
fication schemes requires significant data col-007
lection. We replicate the manual expert veri-008
fication by using existing or easily retrievable009
multimodal resources for industry classifica-010
tion. We present MONETA, the first multimodal011
industry classification benchmark with text012
(Website, Wikipedia, Wikidata) and geospatial013
sources (OpenStreetMap and satellite imagery).014
Our dataset enlists 1,000 businesses in Europe015
with 20 economic activity labels according to016
EU guidelines (NACE). Our training-free base-017
line reaches 62.10% and 74.10% with open018
and closed-source Multimodal Large Language019
Models (MLLM). We observe an increase of up020
to 22.80% with the combination of multi-turn021
design, context enrichment, and classification022
explanations. We will release our dataset and023
the enhanced guidelines.024

1 Introduction025

Geospatial finance (Gopal and Pitts, 2024) is an026

emergent and complex field that links financial and027

economic attributes to environmental and spatial028

resources. One of the important milestones in mul-029

timodal AI research, Multimodal Large Language030

Models (MLLM) such as Llava (Liu et al., 2023b,a,031

2024), InternVL (Chen et al., 2024; Wang et al.,032

2024b), QwenVL (Bai et al., 2023; Wang et al.,033

2024a; Bai et al., 2025), GPT-5 (OpenAI, 2025)034

and Gemini 2.5 (Gemini 2.5 Team, 2025) can con-035

tribute to geospatial finance decision making tasks036

by processing visual geospatial data in addition to037

text documents. Traditionally, AI research devel-038

oped unimodal automatic industry classification,039

a research area that can benefit from geospatial040

sources, (Werb et al., 2024). We propose, MONETA,041

Zero Shot 
MLLM

Decision 
MLLM

Explanation
Decision

Explanation
Decision

Figure 1: Zero-Shot vs Multi-Turn comparison for
MONETA. (1) Zero-shot pipeline (left): Available re-
sources are forwarded into the industry classifier MLLM
together. Explanations and classifications are obtained.
(2) Multi-Turn pipeline (right): Each resource is pro-
cessed by separate specialized agents. Intermediate
clues from these agents are processed by the decision-
making agent, returning explanation and classification.

a multimodal industry classification benchmark. 042

On this task, Figure 1, we link text and geospatial 043

resources to the economic activities using Zero- 044

Shot and Multi-Turn pipelines. 045

Due to the ever-changing nature of businesses 046

with time and location, several industry classifi- 047

cation systems globally (ISIC (UN, 2008)) and 048

region-specific (NAICS (Ambler and Kristoff, 049

1998), NACE (European Commission, 2008)) have 050

been proposed. Existing research on automatic 051

industry classification from company recordings, 052

financial reports, and websites (Kühnemann et al., 053

2020; Béchara et al., 2022; Rizinski et al., 2023; 054

Faria and Seimandi, 2023; Vamvourellis et al., 055

2024; Malashin et al., 2024; Guo et al., 2025; 056

Dzuyo et al., 2025) has two main drawbacks. First, 057

these methods rely solely on text, which is often un- 058

available for newly founded or small firms, whereas 059

geospatial information from business registers can 060

provide useful signals. Second, they fine-tune mod- 061

els that require large datasets and limit them to a 062

single classification scheme. 063

We connect economic activities to spatial extent 064
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Dataset Classes Samples Text Source Image Source Industry Scheme

Remote Sensing Classification Benchmarks

UC Merced (Yang and Newsam, 2010) 21 2,100 ✗ Satellite ✗
AID (Xia et al., 2017) 30 10,000 ✗ Satellite ✗
AID++ (Jin et al., 2018) 46 400,000+ ✗ Satellite ✗
CLRS (Li et al., 2020) 25 15,000+ ✗ Satellite ✗

Industry Classification Benchmarks

Dutch Businesses (Kühnemann et al., 2020) 111 40,796 Websites ✗ NACE
GHAZAF (Béchara et al., 2022) 56 ∼6,500 Survey text ✗ ISIC
SIRENE (Faria and Seimandi, 2023) 732 ∼10 Million Company Descriptions ✗ NACE
WRDS (Rizinski et al., 2023) 11 34,338 Company Descriptions ✗ GICS
SEC 10K (Vamvourellis et al., 2024) 11 (66) 2,590 Company Descriptions ✗ GICS
Industry Websites (Jagrič and Herman, 2024) 13 66,886 Website ✗ Custom
Economic Activity Records (Malashin et al., 2024) 20 (88) ∼20 Million Company Descriptions ✗ NACE
SEC EDGAR (Dzuyo et al., 2025) 8 9,582 Financial reports ✗ SIC
ExioNAICS (Guo et al., 2025) 20 (1,114) 20,850 Descriptions + emissions ✗ NAICS

Our Dataset

MONETA (OURS) 20 1,000 Website + Wikipedia + Wikidata Satellite + OSM NACE

Table 1: Comparison of datasets across remote sensing and industry classification tasks. ✗ indicates the absence of
that modality or label scheme.

to answer following research questions:065

• RQ-1: Can MLLMs use geospatial informa-066

tion as well as text for industry classification?067

• RQ-2: Which configuration (classification ex-068

planations, context enrichment, multi-agent)069

is more helpful?070

• RQ-3: How can we quantify intermediate071

agent performance with respect to the final072

prediction and the ground truth labels?073

In this study, we propose a novel task: Multimodal074

Industry Classification with Geospatial Informa-075

tion and introduce:076

• MONETA: Multimodal Industry Classifica-077

tion Benchmark for 1,000 European busi-078

nesses in 20 NACE (European Commission,079

2008) sections. We provide two visual re-080

sources (OpenStreetMap (OSM) and Satel-081

lite) and at least one text resource (Wikidata,082

Wikipedia, and website) per entry.083

• Multimodal Industry Classification: An ex-084

pert domain multimodal AI task rooted in085

geospatial finance. We propose Zero Shot and086

Multi-Turn (Multi-Agent) approaches support-087

ing various multimodal resources, output con-088

figurations, and prompting strategies.089

• Novel Intermediate Agent Evaluation: We090

provide quantitative measures for final infer-091

ence certainty. Also, we propose a novel092

keyword-based strategy to analyze intermedi-093

ate agent performance with respect to ground094

truth and decision-making agent prediction.095

2 Related Work 096

2.1 Industry Classification 097

Industry classification dates back to the 1930s with 098

the Standard Industrial Classification (SIC), sup- 099

porting market and sustainability analysis (Am- 100

brois et al., 2023; Croce et al., 2024). Auto- 101

mated business classification remains an active re- 102

search area (Kühnemann et al., 2020; Faria and 103

Seimandi, 2023). To reflect emerging sectors, 104

multiple schemas have been introduced, includ- 105

ing GICS by MSCI and S&P,1 and ISIC by the 106

United Nations (UN, 2008), with regional variants 107

such as NAICS (Ambler and Kristoff, 1998) and 108

NACE (European Commission, 2008). The Euro- 109

pean Union uses NACE, a hierarchical ISIC-based 110

scheme with 21 sections (A–U) representing major 111

economic activities (e.g., C: Manufacturing), fol- 112

lowed by 88 divisions, 272 groups, and 514 classes. 113

For automatic industry classification, Kühne- 114

mann et al. (2020) used websites for NACE classes. 115

Rizinski et al. (2023), Faria and Seimandi (2023) 116

and Vamvourellis et al. (2024) used company 117

descriptions to classify industries. Fine-tuning 118

transformers and adapters is a common approach 119

(Béchara et al., 2022; Jagrič and Herman, 2024; 120

Guo et al., 2025; Dzuyo et al., 2025) for coarse and 121

fine-grained industry classification. Malashin et al. 122

(2024) employed a genetic algorithm approach for 123

hyperparameter tuning for NACE’s divisions. 124

Many of the studies above, except Rizinski et al. 125

(2023), relied on fine-tuning, which requires exten- 126

sive data collection and annotation and makes the 127

model unusable for other schemas. Furthermore, 128

1https://www.msci.com/indexes/index-resources/gics
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Figure 2: Overview of the dataset preparation process. (1) NACE section XMLs are initially converted to the OSM
tags and manually checked by the authors. (2) We added custom filters for data quality and queried Europe OSM
data with tag list. (3) Samples are grouped by NACE codes to form the gold dataset.

all the studies incorporated unimodal text sources,129

such as financial statements, which may not be130

available for newly-founded companies. Werb et al.131

(2024) argue that economic activity analysis can132

be enriched with other sources such as satellite im-133

agery, which is the research gap this study covers.134

2.2 Geospatial Understanding135

Geospatial AI (GeoAI) methodologies cover a vari-136

ety of tasks such as Geolocation, (Song et al., 2025;137

Mendes et al., 2024), Geocoding (Nakatani et al.,138

2025), Remote Sensing (Tao et al., 2025), Ques-139

tion Answering and Fact Verification (Norouzi and140

Hitzler, 2025; Anderson et al., 2025; Khan et al.,141

2025), Geospatial Foundation Model and Agents142

(Mansourian and Oucheikh, 2024; Xu et al., 2024).143

Remote sensing extracts geospatial features from144

sources such as satellite imagery, street views, and145

OpenStreetMap (OSM2 ), which can link to exter-146

nal resources like Wikipedia, Wikidata, and web-147

sites. The AI community has developed many re-148

mote sensing datasets, including UC-MED (Yang149

and Newsam, 2010) for land-use classification,150

AID and AID++ (Xia et al., 2017; Jin et al., 2018)151

for aerial scene understanding, and CLRS (Li et al.,152

2020) for continual learning.153

Recent GeoAI work fuses multimodal data to154

infer economic attributes in urban contexts (Tao155

et al., 2025; Chen et al., 2025). For example, Yang156

et al. (2024) linked geospatial data to economic157

activity for poverty mapping, and Li et al. (2025)158

combined spatial and temporal signals for health159

and public-service traffic accident analysis.160

Despite these advances, prior work does not161

address entity-level industry classification, as re-162

flected in Table 1. Our work is the first to study163

the suitability of geospatial resources for industry164

classification of individual businesses.165

2https://www.openstreetmap.org/

3 MONETA 166

We introduce MONETA, a novel multimodal bench- 167

mark for industry classification based on EU Guide- 168

lines (NACE) for European businesses. In this sec- 169

tion, we explain our mapping and dataset. 170

Mapping: Due to a lack of direct mapping con- 171

necting OSM and NACE sections, we generated a 172

novel NACE to OSM mapping using the method- 173

ology shown in Figure 2. 174

We first used Gemini to generate OSM tags for 175

NACE sections from official guidelines in RD- 176

F/XML. Because this mapping was error-prone, 177

we introduced a human-in-the-loop process and 178

refined the annotations using GPT and Gemini. 179

This resulted in a validated list of OSM tags per 180

NACE section. We then applied data-quality fil- 181

ters (name, address, and external links such as 182

website, Wikipedia, and Wikidata). Finally, we 183

queried OSM, grouped entries by NACE section, 184

and obtained the gold dataset. Additional details 185

and examples are given in Appendix A.1. 186

Gold Dataset: We sampled 50 entries per NACE 187

section (A–U, excluding T) and formed the first 188

multimodal industry classification benchmark with 189

1,000 businesses. Using bounding boxes, we com- 190

puted dynamic zoom levels and retrieved satellite 191

imagery via the ESRI REST API.3 ESRI and OSM 192

services return static tiles for given coordinates 193

and zoom levels; concatenating these tiles yields 194

aligned OSM and satellite images of the same area. 195

None of the external resources in MONETA explic- 196

itly mentions the NACE section in their context. 197

Additional properties are available in Appendix A. 198

4 Experiments 199

Multimodal industry classification task tests 200

MLLM using various resources to predict eco- 201

nomic activities in two pipelines: Zero-Shot and 202

3https://developers.arcgis.com/rest/static-basemap-tiles/
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Multi-Turn. Zero-Shot detects NACE section in203

single inference using multimodal inputs. Multi-204

turn has clue extracting agents for each input type,205

and a decision-making agent processes these clues.206

We have several experiment dimensions for207

model selection, prompting strategies, input con-208

figurations, and output structures. Using frequency209

vectors in the clue analysis stage, we quantify in-210

termediate agent effectiveness and correctness. We211

propose new metric to analyze model uncertainty.212

4.1 Pipeline213

In this study, we tested two adaptable and training-214

free pipelines to accommodate future changes in215

classification schemes: Zero-Shot and Multi-Turn.216

Zero-Shot: We provide inputs with various con-217

figurations and instruct MLLM to utilize them to218

classify entities based on NACE sections.219

Multi-Turn: Multi-turn has two stages: Clue Ex-220

traction and Decision Making. The clue extraction221

contains agents designed to generate clues up to222

the number of inputs (e.g., OSM). Decision-making223

agent uses intermediate agent responses, clues, and224

the entity name to choose NACE sections.225

4.2 Experiment Dimensions226

Models: We selected open and closed-source mod-227

els: InternVL 2.5 (1B, 4B, 38B) and InternVL 3228

(8B, 14B, 38B, 78B) (Chen et al., 2024; Wang229

et al., 2024b), Llava v1.6 (7B, 13B, 34B) (Liu et al.,230

2023b,a, 2024) and QwenVL 2.5 (7B, 32B, 72B)231

(Bai et al., 2023; Wang et al., 2024a; Bai et al.,232

2025), Gemini 2.5 (Gemini 2.5 Team, 2025), GPT233

5 - Mini, and GPT 5.1 (OpenAI, 2025). The de-234

tails of frameworks and infrastructure are given in235

Appendix C.236

Prompt Templates: We have two decision-making237

prompt templates: Simple and Extended. In both238

prompts, we include NACE section codes and titles.239

Extended prompt has section summaries from offi-240

cial guidelines with description, their content, and241

exclusions. Templates and contents are given in the242

Appendix E.243

Input Configurations: In all the classification ex-244

periments, we included name of the entity in the245

context. In addition to this, we tested with single246

inputs for satellite image or external resource. As247

having OSM content implies at least one other re-248

source, we did not use OSM as a single resource.249

We also tested combination of inputs: Satellite +250

OSM, Satellite + External and All.251

Output Structure: We support two output struc- 252

tures for free text generation. In Text output, we 253

instructed MLLM to generate single token answers 254

from NACE sections or UNK if uncertain. To an- 255

alyze the effect of classification explanations, in 256

another output structure, we instructed MLLM to 257

return JSON with the explanation and the decision. 258

4.3 Clue Analysis 259

In our multi-turn pipeline, clue agents are in- 260

structed to process specific input types to generate 261

free-form texts with keywords, Table 8, describ- 262

ing economic activities. For example: [retail] for 263

section G (Wholesale and Retail Trade; Repair of 264

Motor Vehicles and Motorcycles). In case of no ev- 265

idence, agent returns No Economic Activity Found. 266

Through keywords, we can analyze the free-form 267

text as shown in Figure 3. For this example, pre- 268

diction is G while the correct result is K. From the 269

satellite image, we found evidence [accommoda- 270

tion] (I), [retail] (G), [transport] (H). From Wiki- 271

data, we found a single keyword [insurance] (K). 272

Upon grouping keywords by sections, we ob- 273

tain normalized keyword counts. We refer to this 274

scaled column vector as the frequency vector, vi,c. 275

In the example, the satellite frequency vector con- 276

tains 1/3 for sections G, H and I, and the Wikidata 277

frequency vector has 1 for section K. The remain- 278

ing values will be 0. If an agent fails to identify 279

economic activity, we would have a vector of 0s. 280

We can use these frequency vectors to emphasize 281

on ground truth label g, and the final prediction 282

p. By selecting these indices, we can formulate 283

ground truth and final prediction frequency vectors: 284

Ground Truth: vgi [i]
Prediction: vpi [i]

=


vi,c=OSM[gi | pi]

vi,c=Satellite[gi | pi]
vi,c=Wikidata[gi | pi]
vi,c=Wikipedia[gi | pi]
vi,c=Website[gi | pi]


(1)

285

In the example Figure 3, we use index K for 286

the ground truth vector. For OSM, vOSM[K], satel- 287

lite vSatellite[K], and website, vWebsite[K], results 288

are 0. For wikidata vWikidata[K] and Wikipedia 289

vWikipedia[K] results are 1. We form the ground 290

truth vector, vg = [0; 0; 1; 1; 0]. By changing the 291

index with prediction label, G, we can retrieve the 292

prediction vector, vp = [12/13; 1/3; 0; 0; 0]. 293
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OSM [accommodation]
 [retail] x12

A
0 ...

F
0

G
12/13

H
0

I
1/13 ...

K
0 ...

U
0

Satellite [accommodation] 
[retail] [transport]

0 ... 0 1/3 1/3 1/3 ... 0 ... 0

 [insurance] 0 ... 0 0 0 0 ... 1 ... 0

 [insurance] 0 ... 0 0 0 0 ... 1 ... 0

[construction] 0 ... 1 0 0 0 ... 0 ... 0

VP VG

SOURCES KEYWORDS COUNT VECTORS

12/13
1/3
0
0
0

VG
0
0
1
1
0

VP

F G H I KNACE Color
Codes

LLM Inference
Vector Operations

Figure 3: Example with ground truth NACE sections K and prediction G. Clues and predictions are obtained via
InternVL-3 8B. Clue Analysis Methodology: (1) Sources are forwarded into separate MLLM Agents for clue
extraction. (2) Keywords based on predefined Economic Activities are extracted and grouped into NACE sections.
(3) For each resource (OSM, Satellite, Wikidata, Wikipedia and Website), normalized count vectors are formed.
The grouped keywords are first placed to a vector with 21 dimensions (number of sections) and then divided by the
total number of keywords for inference. (4) Ground-Truth and Final Prediction NACE sections are used to form VG

and VP . Both of these vectors have the dimensions of 5 (number of inputs).

4.4 Metrics294

In this study, in addition to Accuracy, we introduce295

Unknown Ratio (UR). It is calculated using num-296

ber of predictions with UNK, U , response over total297

number of inferences, I:298

Unknown Ratio (UR) = U/I (2)299

To evaluate clue extraction, in our multi-turn300

pipeline, we propose additional metrics:301

• Correctness: Measures relatedness of clues302

to ground truth labels. It is the sum of all of303

ground truth vectors, vg[clue = c], divided by304

the number of inferences for the input, Ic.305

Correctnessc =
∑Ic

i vgi [i, c]

Ic
(3)306

For example, using Ic = 1 (due to sin-307

gle inference), we can find the correctness308

of Wikidata and Wikipedia, as VG=K [c =309

Wikidata|Wikipedia] = 1. Other inputs310

have 0 in VG, so they have 0 correctness.311

• Effectiveness: Measures how clues affect the 312

final predictions. It is the sum of all of the 313

prediction vectors, vp[clue = c], divided by 314

the number of inferences for the resource, Ic. 315

Effectivenessc =
∑Ic

i vpi [i, c]

Ic
(4) 316

In the example, only satellite and OSM have 317

non-zero values in VP , which are 1/3 and 318

12/13. Since we have one inference, their 319

effectiveness will be 1/3 and 12/13. 320

5 Results 321

5.1 Baseline 322

We demonstrated the baseline results in Table 2 323

using the Zero-Shot pipeline, Simple prompt, and 324

Text output. The name of the entity is given for 325

every input configuration. 326

InternVL 3-78B and GPT 5-Mini achieved the 327

highest performance for open and closed-source 328

MLLMs. InternVL3-14B is the best-performing 329

small (≤ 14B) model. Due to its limited con- 330

text window and weaker performance, we exclude 331
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Model Size (B) None Satellite External Satellite + OSM Satellite + External All

Open Source Models

InternVL 2.5
1 4.20 2.20 1.00 2.50 0.90 0.20
4 8.70 6.60 11.10 4.70 13.50 6.40
38 46.30 49.80 58.40 51.40 61.40 60.10

InternVL 3

8 43.60 34.90 48.10 30.10 46.90 41.70
14 45.00 49.30 56.10 48.30 55.60 53.00
38 44.60 49.20 58.60 49.00 59.80 58.30
78 43.40 47.80 60.40 46.10 62.10 58.80

Llava 1.6
7 1.50 2.20 ✗ ✗ ✗ ✗

13 13.10 12.30 ✗ ✗ ✗ ✗

34 1.20 16.60 ✗ ✗ ✗ ✗

QwenVL 2.5
7 19.80 19.10 22.10 17.60 21.80 23.10
32 45.30 48.60 57.50 46.30 57.00 56.40
72 46.20 43.90 56.90 45.50 59.30 60.50

Closed Source Models

Gemini 2.5 Flash 58.40 63.50 71.00 66.80 73.80 72.40
GPT 5 Mini 62.00 66.80 71.90 68.90 74.10 73.30
GPT 5.1 57.80 59.60 69.10 63.40 70.00 70.20

Table 2: Baseline (Zero-Shot pipeline, Simple prompt, Text output) accuracy for NACE industry classification.
Columns after model and size denote input configurations. Image inputs are highlighted. Bold indicates the best
performance for the model and size pair for the open-source model, and the best performance among closed-source
models. GPT 5 Mini and InternVL 3-78B are the best-performing closed and open source models.

LLaVA v1.6 from the remaining experiments. The332

difficulty of the task is apparent as even 70B+ mod-333

els failed to reach 65% accuracy. Also, the best334

open source performance is on par with the best335

model’s name-only performance, which indicates336

the gap between open and closed source MLLMs.337

RQ-1: Can MLLMs use geospatial information338

as well as text for industry classification?339

8 14 38 78
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Figure 4: Baseline unknown ratio of InternVL 3 for
input configurations. Unknown ratio corresponds to UNK
responses over all inferences.

To quantify uncertainty of the InternVL 3 re-340

sponses, we listed unknown ratios in Figure 4. 341

Our two assumptions were that adding more in- 342

puts would increase performance and reduce un- 343

certainty. However, we identified that accuracy 344

increase is not guaranteed, especially with smaller 345

models. Providing additional inputs yields accu- 346

racy gains of at most 20%, making the entity name 347

the strongest predictive signal. Furthermore, model 348

performance is the best when external resources are 349

given in context compared to geospatial resources. 350

Unlike accuracy, the unknown ratio reveals that 351

the name alone is not enough for a robust predic- 352

tion. We also noted that the uncertainty decreases 353

significantly more when text information is pro- 354

vided compared to visual information. However, 355

one must note that the image inputs reveal neigh- 356

borhood information while the external inputs map 357

directly to the entity. 358

5.2 Configurations 359

In our experiment setup, we allowed customization 360

for several dimensions: output structure, prompt 361

template, and pipeline. For open-source models, 362

we selected one small (≤ 8) and one large (≥ 30B) 363

model for InternVL 2.5 and 3 and QwenVL 2.5. 364
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Model Size Baseline Explanation Extended Prompt Multi-Turn Extended Prompt + Mixture

Open Source Models

InternVL 2.5
4B 6.40 23.10 (16.70) 8.30 (1.90) 22.00 (15.60) 10.60 (4.20) 29.20 (22.80)
38B 60.10 61.80 (1.70) 64.20 (4.10) 58.20 (-1.90) 65.00 (4.90) 60.20 (0.10)

InternVL 3
8B 41.70 42.30 (0.60) 36.90 (-4.80) 49.80 (8.10) 38.00 (-3.70) 45.70 (4.00)
38B 58.30 59.80 (1.50) 61.30 (3.00) 61.60 (3.30) 64.10 (5.80) 62.60 (4.30)

QwenVL 2.5
7B 23.10 30.50 (7.40) 27.30 (4.20) 38.90 (15.80) 31.00 (7.90) 45.90 (22.80)
32B 56.40 60.00 (3.60) 60.40 (4.00) 55.70 (-0.70) 65.40 (9.00) 62.00 (5.60)

Closed Source Models

Gemini 2.5 Flash 72.40 72.50 (0.10) 74.30 (1.90) 71.20 (-1.20) 74.00 (1.60) 72.70 (0.30)
GPT 5 Mini 73.30 74.00 (0.70) 74.70 (1.40) 74.30 (1.00) 72.90 (-0.40) 74.20 (0.90)
GPT 5.1 70.20 69.40 (-0.80) 69.70 (-0.50) 69.00 (-1.20) 68.50 (-1.70) 70.40 (0.20)

Table 3: Selected model accuracies with: Explanations, prompt context enrichment, multi-turn pipeline. Extended
Prompt + is the combination of the extended prompt with explanations. Mixture is the combined setting with all the
advancements. In these results, MLLMs used all inputs. The best result for a given model and size is shown in bold.

The accuracy results are shown in Table 3. For365

these experiments, we used all the inputs available.366

RQ-2: Which configuration (classification ex-367

planations, context enrichment, multi-agent) is368

more helpful for the task?369

The smaller models perform better with the Multi-370

Turn pipeline. Its combination with prompt enrich-371

ment and explanations gives more than 20% boost372

InternVL 2.5-4B and QwenVL 2.5-7B, while In-373

ternVL 3-8B reaches almost 50% with only Multi-374

Turn. For larger (≥ 30B) and proprietary models,375

we obtained the best performances without multi-376

turn. The best performing smaller model is also the377

most recent model, InternVL 3-8B.378

5.3 Clue Analysis379

We extracted frequency vectors from keywords for380

intermediate agent clues. From frequency vectors,381

we can measure how effective each input is to the382

final prediction and how correct these responses383

are with respect to ground truth. We demonstrated384

InternVL 3 (8B and 38B) results for the mixture385

configuration (multi-turn with extended prompt and386

classification explanation) in Figure 5. Other model387

results are available in Appendix Table 11.388

RQ-3: How can we quantify intermediate agent389

performance with respect to the final prediction390

and the ground truth labels?391

Both models generate more truthful clues from text392

sources, especially Wikidata and websites. Except393

for websites, the smaller model fails to generate394

useful and effective clues from most sources. For395

the larger model, Wikidata appears to be the best396

resource. For image inputs, results do not improve397

with scale. This indicates the difficulty of clue398

Osm Satellite Wikidata Wikipedia Website
Clue Source

0%

10%

20%

30%

40%

50%

60%
Sc

or
e

Correctness
Effectiveness

38B (background)
8B (foreground)

Figure 5: InternVL 3 (8B and 38B) correctness and ef-
fectiveness scores for each input. In these experiments,
multi-turn pipeline with extended prompt and classifica-
tion explanations is used.

extraction from geospatial information. 399

In all experiments, text input clues correlate 400

more with the ground truth and are more effective 401

for final prediction. This is expected because of 402

two reasons: (1) Our text content is mostly present 403

in or similar to the pretraining data, (2) the used 404

models are not adapted to remote sensing. 405

5.4 Ablations 406

Qualitative Results: In Table 4, we selected ex- 407

amples from MONETA containing satellite images 408

and websites (translated and summarized). In these 409

examples, the generated clues contradict each other. 410

While websites are often the most effective source, 411

they may emphasize sales-related information, in- 412

troducing a bias toward NACE Section G (Whole- 413

sale and Retail Trade). When websites are absent 414

or less informative, satellite imagery can instead 415

enable correct identification of the industry. 416

However, as the quantitative results show for the 417
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Example 1 Example 2

Inputs Inputs

Kieswerk Bahrdorf is a producer
and wholesaler of bulk materials
such as sand and gravel, supplying
the greater Wolfsburg area.

AnconAmbiente provides urban
waste collection and environmen-
tal services for municipalities in the
Province of Ancona.

Clues Clues
Satellite: [quarrying] Excavation
and heavy machinery.
Website: [wholesale] Producer and
wholesaler of bulk materials.

Satellite: [manufacturing] Large in-
dustrial buildings.
Website: [waste] Waste collection
services.

Rationale and Label Rationale and Label
Satellite imagery shows excava-
tion and heavy machinery consis-
tent with quarrying. The term
“Kieswerk” explicitly refers to a
gravel pit.
Label: Mining and Quarrying

Observed infrastructure and website
content indicate organized waste
collection rather than manufactur-
ing.
Label: Water Supply; Sewerage,
Waste Management and Remedia-
tion Activities

Table 4: Qualitative MONETA examples for correct
inferences with contradicting clues Satellite image and
website summary are followed by extracted clues. LLM
clues, rationale, and decision are obtained via InternVL
3-38B in the mixture configuration. Green indicates
content supporting ground truth while orange contents
do not match the ground truth label.

second example, visual cues can also be misleading.418

For a robust and accurate industry classification,419

both text clues and visual clues should be used.420

Configuration Company Websites NAICS

Zero-Shot
— 7B 57.93 50.19
— 32B 62.79 57.45

Few-Shot
— 7B 58.16 51.22
— 32B 68.86 56.72

OURS LORA - 7B
— Company Website 89.74 15.62
— ExioNAICS 15.76 61.44

Guo et al. (2025)
— MiniLML3 ✗ 89.73
— MpnetBase ✗ 91.73

Jagrič and Herman (2024)
— BERT 88.23 ✗

Table 5: Qwen 2.5 accuracies on text-only benchmarks:
ExioNAICS (Guo et al., 2025) and Company Websites
(Jagrič and Herman, 2024).

Text Only Benchmarks: We validated our method-421

ology on publicly available text-only benchmarks422

ExioNAICS (Guo et al., 2025) and Company Web-423

sites (Jagrič and Herman, 2024). For reproducibil- 424

ity, we followed their guidelines and used a fixed 425

seed for data splitting, as shown in Appendix C. As 426

they fine-tuned models, we included test results for 427

few shots (1 sample per class) and adapted models 428

(with LORA) in Table 5. We used Qwen 2.5 text 429

model as it is text core for both QwenVL 2.5 and 430

InternVL 3. 431

With zero-shot pipeline, we observed similar per- 432

formances for both datasets. We had minimal gains 433

with few-shot for the company websites dataset and 434

no improvement for NAICS-2. After fine-tuning 435

our models with LORA, we surpassed Jagrič and 436

Herman (2024) on their task. 437

Fine-tuning models to a fixed classification 438

scheme makes models fragile to future revisions. 439

To demonstrate this, we evaluated adapted mod- 440

els on an alternative task and observed a perfor- 441

mance drop exceeding 35% relative to zero-shot 442

inference. Not only does fine-tuning require a sig- 443

nificant amount of labeled data, but fine-tuned mod- 444

els are also not usable after classification schemes 445

change. As noted by Guo et al. (2025), industry 446

classifications have changed in form multiple times 447

over the years. In contrast, our prompting strategy 448

remains adaptable and robust to such updates. 449

6 Conclusion 450

In this work, we introduce MONETA, a new dataset 451

and task for multimodal industry classification. Our 452

benchmark reflects real-world challenges in busi- 453

ness registers by enabling industry classification 454

using satellite and OSM imagery with external re- 455

sources and NACE labels. 456

We proposed a multi-turn pipeline that gener- 457

ates clues from each resource and introduces met- 458

rics for their quantitative analysis. We validated 459

our pipeline on two existing unimodal datasets and 460

outperformed one configuration. Our experiments 461

highlighted the limitations of fine-tuned models 462

in cross-domain settings and the robustness of our 463

zero-shot alternative. MONETA reveals the difficulty 464

of the task and the textual bias of MLLMs. 465

Beyond our methodology, MONETA is relevant to 466

policymakers and financial experts by supporting 467

financial risk assessment, market analysis, and re- 468

gional economic monitoring. We enable fast and 469

reliable industry identification for newly founded 470

or data-sparse entries in business registers. Future 471

work will analyze its integration into real-world 472

decision-making. 473
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Limitations474

During this study, we use Gemini and ChatGPT475

to automatically create mappings from NACE to476

OSM tags. This process may introduce errors in477

the dataset preparation stage. In order to increase478

data quality, we have done extensive manual evalu-479

ation referring to the OSM wiki and NACE official480

guidelines.481

During the data preparation of this work, NACE482

received another revision named as NACE Rev. 2.1.483

This revision split one of the major categories. Un-484

like prior fine-tuning approaches, our prompts can485

be easily modified to the new scheme and tested486

accordingly.487

One of the limitations regarding the MLLM ex-488

periments is that some of the entities, due to initial489

filtering for external resources, may be in the train-490

ing corpora as we include Wikidata and Wikipedia.491

This may be the reason behind the initially high492

accuracies.493

We believe that future research can benefit from494

expert feedback and annotation in initial mapping495

and data quality assurance. Furthermore, the cur-496

rent setup can be tested with adapted MLLMs for497

financial and geospatial domains.498

Ethics Statement499

Social Impact: This work provides multimodal500

benchmark for industry classification task. Com-501

pany entries are selected from OpenStreetMap502

which is publicly available. MONETA is intended503

solely for research purposes.504

Dataset Access: Our code and dataset annotations505

are released under the Apache 2.0 and CC BY-SA506

4.0 licenses, respectively. We do not hold the rights507

for ESRI ArcGIS World Imagery and thus will not508

distribute satellite images obtained from the tiles.509

In our datasets, we will release OSM tags and im-510

ages licensed Open Data Commons Open Database511

License (ODbL) which also contain the bounding512

boxes and links to the external sources (Wikidata,513

Wikipedia and websites). We will also release the514

script to retrieve tiles and external content.515

AI Assistants: AI assistants are used in this work516

to assist with writing by correcting grammar and517

code by prompt optimization and debugging.518
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A Dataset Properties 764

MONETA contains 1,000 businesses in Europe with 765

EU Guidelines’ NACE economic activity labels. 766

Each entry contains two geospatial and at least 767

one textual resource. As the NACE section T, Ac- 768

tivities of Households as Employers; Undifferen- 769

tiated Goods- and Services-producing Activities 770

of Households for Own Use, cannot be obtained 771

through OSM, we used the remaining 20 NACE 772

sections for economic activities. For each section, 773

we list 50 entities. 774

In Table 6, we listed data fields in our dataset. 775

After filtering OSM, we identified NACE code and 776

added category field. We extracted id, name, type 777

and bbox from OSM fields. All the remaining at- 778

tributes of OSM are present in OSM tags. After 779

retrieving the images, we included image paths for 780

reproducibility. We also obtained text resources 781

(website, Wikidata or Website) and added as addi- 782

tional field. 783

A sample entry of MONETA used in qualitative 784

analysis has the attributes given in Table 7. This en- 785

try contains only the website as the external source. 786

Due to the content length, we provided the link in- 787

stead. We replaced image paths with placeholders. 788

789

A.1 NACE to OSM Mapping 790

OSM contains tags describing the geospatial en- 791

tity. These tags can indicate contact information, 792
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Figure 6: Average number of associated resources (OSM images, satellite images, website text, Wikidata, and
Wikipedia) per NACE sections in the MONETA dataset

Figure 7: Spatial distribution of MONETA entries across Europe, showing the geographic coverage of OSM-derived
entities used for NACE classification.

address, external database references (such as Wiki-793 data), building structures, and many economic 794
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Attribute Description
id Unique identifier for the object.
type The object type (e.g., node, way, rela-

tion).
name Human-readable name given in OSM.
bbox Bounding box representing the spatial

extent of the object.
osm_tags OpenStreetMap tags associated with the

object.
category NACE Rev 2 sector classification of the

entity (A to U).
image_paths Dictionary of image paths for satellite

and OSM images.
sources Dictionary of external sources (Website

Text, Wikipedia Text, Wikidata JSON).

Table 6: Dataset entry contents. Each entry of MONETA
contains these attributes. Id, type, name, bbox and OSM
tags are retrieved from OSM. Sources are retrieved on-
line from existing OSM tags.

properties. However, there is no one-to-one map-795

ping connecting OSM to any existing industry clas-796

sification framework. As far as we are concerned,797

this study is the first connecting OSM tags to the798

NACE industry classification scheme.799

In this section, we illustrate the data preparation800

workflow shown in Figure 2 using NACE Rev.2801

Section K as an example. We first extract the offi-802

cial NACE guideline from the RDF/XML source.803

Extracted fields are title, content, scope, additional804

content, and exclusions as shown in Figure 8.805

These textual descriptions are then provided806

to Gemini to generate a candidate list of Open-807

StreetMap (OSM) tags relevant to the economic808

activities defined under Section K (Figure 9). As809

Gemini can hallucinate the tags or recommend rarer810

tags in the OSM database, we do not use the gen-811

erations directly. Instead, we verify the generated812

tags list, one by one, to ensure they exist and fit813

the scope of the related economic activity. We dis-814

card the tags that are non-standard, weakly related,815

or rarely used. We also add relevant tags from816

the OSM TagInfo database matching the NACE817

description.818

For example, company=insurance is a rare tag819

with 27 entries around the globe. office=company,820

on the other hand, is a broad tag that can correspond821

to any company that may not have an economic ac-822

tivity related to Financial and Insurance activity.823

office=financial is a valid and common tag fitting824

to section K. Furthermore, it is often used with ad-825

dress tags, which helps the data quality assurance.826

After creating the NACE to OSM Mapping, we827

retrieve the elements from OSM’s most recent Eu-828

ropean extract. To ensure data quality, we limit829

Attribute Value
id 122563530
type way
name Heim Kieswerk
bbox [12.4893727, 50.9761359, 12.5089029,

50.9916218]
category B (Mining and quarrying)
osm_tags addr:city = Nobitz

addr:country = DE
addr:housenumber = 14c
addr:postcode = 04603
addr:street = Altenburger Straße
landuse = quarry
resource = sand
operator = Heim Kieswerk Nobitz
GmbH & Co. KG

image_paths OSM: OSM_PATH.png
Satellite: Satellite_PATH.png

sources Website text extracted from https://
www.heim-gruppe.de
Wikipedia: –
Wikidata: –

Table 7: MONETA entry for Heim Kieswerk derived from
OpenStreetMap and external sources.

the search to entries with a name tag in OSM. We 830

iteratively add filters to generate versions of our 831

datasets. Our bronze variant has the simplest filter 832

with NACE-induced tags and the name filter. Upon 833

this version, we include the terms with valid ad- 834

dress tags and prepare our silver dataset. Then, we 835

finally include external database pointer tags for 836

Wikidata, Wikipedia, and the Website to generate 837

the gold version. MONETA contains 50 entries per 838

category from this gold version. 839

A.2 NACE Details 840

We extracted NACE codes, titles, descriptions and 841

keywords for prompting. Summary of these at- 842

tributes are given in Table 8. 843

B MONETA-10K 844

Our NACE to OSM mapping allows us to retrieve 845

elements for more than the 1,000 businesses we 846

used in this study. However, due to computational 847

resources and budgeting, we can test various in- 848

put configurations and experiment dimensions with 849

the released version of MONETA. Therefore, we sam- 850

pled 50 entries per NACE section. However, using 851

the same mapping, we also generated a more com- 852

prehensive benchmark which we call MONETA-10K. 853

This benchmark, as the name implies, contains 854

10,000 businesses with NACE section labels. 855
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NACE Rev.2 RDF/XML Extract — Section K

Source
Retrieved from:
https://publications.europa.eu/resource/authority/ux2/nace2/K

Parsed Content

{
'Official Name': 'K FINANCIAL AND INSURANCE ACTIVITIES',
'Alternative Name': 'FINANCIAL AND INSURANCE ACTIVITIES',
'Scope': None,
'Content': 'This section includes financial service activities,
including insurance, reinsurance and pension funding
activities and activities to support financial services.',
'Additional Content': 'This section also includes the activities
of holding assets, such as holding companies and trusts,
funds and similar financial entities.',
'Exclusion': None

}

Figure 8: RDF/XML NACE official guideline content for Section K (Financial and Insurance Activities).

Gemini-Generated OSM Tags
Section K

• amenity=bank

• amenity=atm

• amenity=bureau_de_change

• shop=money_lender

• shop=insurance

• office=financial

• office=insurance

• office=financial_advisor

• office=company

• company=insurance

• office=consulting

Figure 9: Gemini-generated OpenStreetMap tag candi-
dates for the NACE Financial and Insurance Activities
section (K). Relevant tags align with official NACE def-
initions, while other tags are either rare, non-standard,
or weakly related.

B.1 Dataset Details856

In this version, all entries possess at least 1 external857

resource and 2 geospatial images. The distribution858

of sections is given in Figure 10. Furthermore, we 859

provided details of external resources in Table 9. 860

Figure 10: NACE section distribution for MONETA-10K.
Sections less than 2% are grouped into other for demon-
stration.

B.2 Comparison with MONETA Results 861

We examined MLLM performance on MONETA-1OK 862

using the InternVL 3 - 8B model in our baseline 863

configuration. We used text output with single 864

token inference and provided only the NACE sec- 865

tions and titles in the system prompt. We used all 866

available resources per entry. 867
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Section Title Description Keywords

A Agriculture, Forestry and Fishing This section covers the utilization of plant and animal natural re-
sources through farming, animal husbandry, and harvesting from
natural environments.

[agriculture], [forestry], [fish-
ing], [crops], [livestock], [tim-
ber]

B Mining and Quarrying This section includes the extraction of naturally occurring minerals
in solid, liquid, or gaseous forms, using various methods such as
underground mining, surface mining, and well operations, along
with related preparation activities.

[mining], [quarrying], [oil],
[coal], [ores]

C Manufacturing This section includes the physical or chemical transformation of
raw materials or components into new products, typically resulting
in outputs ready for use or as inputs to further manufacturing.

[manufacturing], [processing],
[assembly], [fabrication]

D Electricity, Gas, Steam and Air Con-
ditioning Supply

This section covers the provision and distribution of electricity, nat-
ural gas, steam, hot water, and air conditioning through a permanent
infrastructure of networks such as lines, mains, and pipes.

[electricity], [gas], [steam]

E Water Supply; Sewerage, Waste
Management and Remediation Ac-
tivities

This section includes the collection, treatment, and disposal of
waste and sewage, as well as the management of contaminated sites
and the supply of water for various uses.

[water], [sewerage], [waste],
[remediation]

F Construction This section covers general and specialised construction activities
for buildings and civil engineering works, including new projects,
repairs, additions, and temporary structures, whether performed
directly or through subcontracting.

[construction], [building], [in-
frastructure]

G Wholesale and Retail Trade; Repair
of Motor Vehicles and Motorcycles

This section includes the wholesale and retail sale of goods without
transformation and related services, as well as the repair of motor
vehicles and motorcycles.

[wholesale], [retail], [trade],
[resale], [vehicle-repair]

H Transportation and Storage This section includes the transport of passengers or freight by var-
ious modes, along with related services such as cargo handling,
storage, and postal and courier activities.

[transport], [logistics],
[freight], [storage], [postal]

I Accommodation and Food Service
Activities

This section covers short-term accommodation services for travelers
and the preparation and serving of meals and drinks for immediate
consumption.

[accommodation], [hotels],
[restaurants], [catering]

J Information and Communication This section includes the creation, publishing, and distribution of
information and cultural content, telecommunications, IT services,
and data processing activities.

[information], [communica-
tion], [telecom], [publishing],
[IT]

K Financial and Insurance Activities This section includes activities related to financial services, insur-
ance and pension funding, and asset-holding entities such as holding
companies and trusts.

[finance], [insurance], [bank-
ing], [investment]

L Real Estate Activities This section includes activities related to real estate sales, rentals,
management, and related services, carried out either on owned or
leased property or on a contract basis.

[real-estate], [property], [leas-
ing]

M Professional, Scientific and Techni-
cal Activities

This section includes specialised services requiring high levels of
expertise, such as legal, accounting, engineering, and scientific
research services.

[professional], [scientific],
[technical], [legal], [engineer-
ing], [research]

N Administrative and Support Service
Activities

This section includes support services for general business op-
erations that do not primarily involve the transfer of specialised
knowledge, such as employment services, security, and facility
management.

[administration], [support],
[employment], [security],
[cleaning]

O Public Administration and Defence;
Compulsory Social Security

This section includes government-related activities such as legisla-
tion, taxation, national defence, public order, immigration, foreign
affairs, and compulsory social security administration.

[government], [defence], [leg-
islation], [taxation]

P Education This section includes all levels and types of education, from
preschool to higher education, including adult and special edu-
cation, whether provided publicly or privately, through various
formats such as in-person or online.

[education], [training], [school-
ing]

Q Human Health and Social Work Ac-
tivities

This section includes medical care by health professionals, residen-
tial care involving health support, and social work activities without
health care involvement.

[health], [social-care], [medi-
cal], [hospitals], [clinics]

R Arts, Entertainment and Recreation This section includes cultural, artistic, entertainment, and recre-
ational activities for the general public, including live shows, muse-
ums, gambling, sports, and leisure facilities.

[arts], [entertainment], [recre-
ation], [sports], [culture]

S Other Service Activities This section includes a variety of personal services not classified
elsewhere, such as those provided by membership organisations
and the repair of computers and household goods.

[personal-services],
[household-services], [mem-
berships], [repairs]

T Activities of Households as Em-
ployers; Undifferentiated Goods-
and Services-producing Activities of
Households for Own Use

This section includes households’ subsistence production of goods
and services for their own use, when no primary activity can be
identified and the output is not for market sale.

[household-employment],
[household-production]

U Activities of Extraterritorial Organi-
sations and Bodies

This section includes the activities of international organisations
such as the UN, IMF, World Bank, and diplomatic missions deter-
mined by the host country location.

[extraterritorial], [embassies],
[diplomacy]

Table 8: NACE Section Codes, Titles, AI-generated descriptions and keywords (from official guidelines). During
the multi-turn inference, MLLMs will generate economic activity clues based on provided keywords.

In Table 10, we demonstrated results for macro868

and weighted F1-Score and Precision, Recall. The869

results for MONETA and MONETA-10K differ less than870

5% which indicates that MONETA can be used in871

NACE-based industry classification like a larger872

counterpart.873

C Implementation Details 874

C.1 Frameworks 875

In order to run models, we preferred Hugginface’s 876

Transformers, (Wolf et al., 2020) library due to mul- 877

timodal support. During the ablation studies on text 878
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Text Source Entry Count

Website 9,015
Wikidata 276
Wikipedia 13
Wikidata + Website 315
Wikidata + Wikipedia 147
Wikipedia + Website 13
All 221

Table 9: MONETA-10K external resource counts. All de-
notes the existence of Wikidata, Wikipedia, and Website

Metric MONETA-10K MONETA

Macro F1-score 39.40 38.70
Weighted F1-score 45.90 40.70
Precision 52.30 52.30
Recall 39.40 39.70

Table 10: Macro and Weighted F1, recall, and F1-
score for the MONETA-10K and MONETA datasets with
InternVL 38B using Zero-Shot pipeline, Text output,
Simple prompt and all available resources.

only benchmarks, we used Unlsoth (Daniel Han879

and team, 2023) to train models with LoRA (Hu880

et al., 2022).881

C.2 Infrastructure882

In our experiments, we used NVIDIA A100 40GB883

GPUs and increased number of GPUs depending884

on the model size.885

C.3 Hyperparameters886

During the ablation studies for the text only bench-887

marks, we fine tuned models with LoRA (Hu et al.,888

2022) using rank 32 and alpha 64 for 5 epochs with889

learning rate 2e− 4.890

D Additional Results891

D.1 Section-wise Analysis892

Based on the available configurations (Baseline,893

Explanation, Extended Prompt, Multi-Turn, Ex-894

tended Prompt + (Explanation), Mixture), we cre-895

ated confusion matrices between ground truth and896

prediction results. We retrieved the counts from897

the diagonals and visualized them with respect to898

configurations in Figure 11. The smaller models899

performed poorly for the sections M (Professional,900

Scientific, and Technical Activities) and S (Other901

Service Activities). The usage of multi-turn al-902

lowed smaller models to detect B (Mining and 903

Quarrying) and U (Activities of Extraterritorial Or- 904

ganisations and Bodies). Larger models are overall 905

consistent with the exceptions of sections F (Con- 906

struction), N ( Administrative and Support Service 907

Activities), and S (Other Service Activities). The 908

effect of prompt context enrichment and multi-turn 909

is also visible for U (Activities of Extraterritorial 910

Organisations and Bodies) for larger models. 911

D.2 Experiment Dimension Analysis 912

We visualized the effect of experiment ensembles 913

in our Figure 12. In the x-axis, we incrementally 914

added the results. Therefore, it corresponds to Base- 915

line, Explanation, Extended Prompt + Explanation, 916

and Multi-Turn + Extended Prompt + Explanation. 917

In addition to accuracy, we used precision and re- 918

call. In all these metrics, changes in smaller models 919

are superior compared to changes in larger models 920

in the same family. 921

D.3 Clue Ablations 922

Model section preferences Using the keywords in 923

the freeform text, we grouped clue contents into 924

NACE sections using the keyword list. Result- 925

ing groupings formed the clue frequency vectors. 926

From clue frequency vectors, we identified per- 927

centages for each NACE sections for InternVL 3 928

(8 and 38B) and QwenVL 2.5 (7B and 32B). Re- 929

gardless of the architecture and model size, we 930

observe a strong representation of Wholesale and 931

Retail Trade, Transportation and Storage and Ac- 932

commodation and Food Service Activities. In the 933

original dataset, the distribution of visual sources 934

are uniform. However for clues, bias is observed 935

for the listed categories. In addition to this, as it 936

was shown in Figure 6, Wikidata and Wikipedia 937

were dominant sources in the last category. While, 938

smaller models fail to utilize these sources, larger 939

models clearly extract correct clues. We visual- 940

ized this in Appendix as a confusion matrix, In 941

Figure 13. 942

We also analyzed the obtained clues using 943

our correctness and effectiveness measures in Ta- 944

ble 11. For these experiments, we used open-source 945

MLLMs InternVL 2.5 (4B and 38B), InternVL 3 946

(8B, 14B, 38B, and 78B) and QwenVL 2.5 (7B, 947

32B, and 72B). For the larger models, we observed 948

that the highest correctness and effectiveness are 949

attained via Wikidata context. The smaller mod- 950

els can utilize website context the most and thus 951

achieve their highest effectiveness and correctness 952
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Figure 11: NACE Section-wise analysis for InternVL 2.5 (4B and 38B), InternVL 3 (8B and 38B), and QwenVL 2.5
(7B and 32B). Rows indicate experiment configurations. Mixture denotes Multi-Turn pipeline with classification
explanations and prompt enrichment. Columns are the NACE section letters given in Table 8.
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Figure 12: Experiment configuration results given in Accuracy, Precision, and Recall for InternVL 2.5 (4B and
38B), InternVL 3 (8B and 38B), and QwenVL 2.5 (7B and 32B). At each setting, the given configuration is added.
The order of configurations is: Baseline, Explanation, Explanation + Extended Prompt, Mixture (with Multi-Turn).
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Figure 13: Clue Keywords confusion matrices obtained for InternVL 3 (8B and 38B), and QwenVL 2.5 (7B and
32B). Extracted keywords are grouped based on NACE sections in the rows. The columns are resources: OSM,
Satellite, Wikidata, Wikipedia and Website.
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Model Size (B) OSM Satellite Wikidata Wikipedia Website

InternVL 2.5
4 1.74 2.62 6.26 8.46 6.56 0.82 14.54 7.85 7.61 6.47
38 8.15 16.05 6.58 8.12 54.10 56.28 37.58 38.83 30.03 43.45

InternVL3

8 9.31 20.02 11.02 13.77 18.85 14.75 17.15 17.47 29.32 39.03
14 10.22 19.55 7.83 9.02 40.57 47.95 31.25 37.11 34.23 45.69
38 14.77 23.40 11.04 14.62 58.61 57.65 33.92 41.23 34.58 45.72
78 10.58 13.56 9.73 11.34 57.38 55.33 35.08 34.62 39.18 51.04

Qwen VL 2.5
7 12.81 21.49 10.30 15.85 5.74 3.28 19.23 15.38 19.98 25.10
32 18.13 26.68 10.36 13.15 54.37 57.65 22.34 24.05 32.40 42.84
72 16.28 22.32 7.22 9.95 50.82 50.00 22.57 23.21 27.40 35.10

Table 11: Performance comparison in the Mixture setting, reporting correctness (left) and effectiveness (right) for
each model across input modalities. Image-based inputs are highlighted. Bold indicates the best performance in
correctness/effectiveness for the model and size pair.

Model Size (B) OSM Satellite Wikidata Wikipedia Website

InternVL 2.5 4 24.50 35.20 13.11 51.92 22.85
38 59.20 20.70 71.31 84.62 77.47

InternVL 3

8 84.60 77.50 31.15 67.31 91.82
14 67.90 44.10 73.77 82.69 90.65
38 87.10 78.40 78.69 90.38 79.38
78 73.40 30.00 74.59 80.77 85.76

QwenVL 2.5
7 64.70 47.10 11.48 44.23 60.26
32 89.90 84.90 75.41 76.92 78.75
72 73.20 30.50 60.66 53.85 68.33

Table 12: Information Discovery of inputs. Image inputs are highlighted. Bold denotes the highest information
discovery from a model-size pair.

scores when using these data. Among the visual953

clues, OSM images appear to be more useful com-954

pared to satellite images. The clue effectiveness955

and correctness indicate that even for the best re-956

source, Wikidata, metric performances are below957

60%. Thus, industry classification cannot be solved958

using only a single source.959

D.4 Information Discovery960

We instructed clue extractors to return No Eco-961

nomic Activity Found in case there is no evidence962

in the source. Using the number of inferences with963

this phrase, NEIc, we defined Information Dis-964

covery Rate as:965

Information Discovery (IDc) = 1− NEIc
Ic

(5)966

Ic denotes the total number of inferences per clue,967

c. The metric demonstrates the evidence retrieved968

from a input type c. It is scaled between 0 and 1. 969

Information discovery from clues In Table 12, 970

Information Discovery Rates are given. Smaller 971

models of InternVL 2.5 and QwenVL 2.5 may fail 972

to extract information. The information discov- 973

ery highlights architectural differences. InternVL 974

2.5 and 3 discovered more information from texts 975

more while QwenVL 2.5 discovered most of the 976

information from OSM. Among the text sources, 977

we observed that Website and Wikidata to contain 978

more information regarding economic activities. 979

Especially, InternVL 3 models generated economic 980

activity clues for more than 80% of the examples. 981

According to the results, InternVL 3 has a stronger 982

vision core compared to its predecessor, as it is now 983

able to utilize satellite and OSM images more than 984

30% at the same size. 985
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E Prompts986

E.1 Data Preparation Prompts987

We use Gemini to create OSM tags list from NACE988

RDF/XML descriptions. This results are manually989

checked to create OSM Tags lists for each NACE990

section.

NACE–OSM Tag Mapping Prompt

Task Description
You will be given a description of a NACE
code, representing a business activity. Your
task is to identify relevant OpenStreetMap
(OSM) tags that can be used to classify busi-
nesses or locations corresponding to this ac-
tivity.

NACE Code Description:

{RDF/XML Extract}

Response Format
Your response must consist only of a Python
list of OSM tags, where each element is a
string in the form key=value.

["landuse=retail",
"shop=supermarket",
"amenity=parking"]

Constraints

• Every tag must include an = sign (e.g.,
shop=supermarket)

• Do not include bare keys such as shop
or amenity

• Do not include explanations or addi-
tional text

• Do not include Python code markers

• Do not use tags unrelated to business
activities (e.g., landuse=forest)

• Output only the Python list

OSM Tags:

991

E.2 Output Prompts992

We have two output prompts. The Text prompts993

instructs MLLM to return a single token answer. It994

is used in the baseline configuration. If an MLLM 995

cannot identify the class it returns the class as UNK. 996

The other configuration, used for explanations, is 997

JSON output prompt. The JSON output starts with 998

the explanation less than 50 words and followed by 999

the classification decision. 1000

Text Output Prompt

You will return only the SECTOR
CODE.
If you are not sure about the sector code,
return "UNK" as a default value.
Example A
SINGLE TOKEN RESPONSE ONLY

JSON Output Prompt

You will return a JSON output including
the Sector and Explanation. Explanation
should be a short description, less than 50
words, of why you chose this sector code.
{

"EXPLANATION ": "This belongs
to Category A because ...",

"LLM_RESPONSE ": "A"
}

DO NOT PRINT ANYTHING OTHER
THAN JSON RESPONSE

E.3 Zero Shot 1001

In the Zero-Shot classification prompt, we define 1002

instructions for the input types to guide MLLMs 1003

feature extraction process. Then we provide 1004

NACE_CONTEXT. This context can be Simple 1005

(NACE Codes and Titles) and Extended (NACE 1006

Codes, Titles and AI generated summaries from 1007

official guidelines). 1008

In the classification prompt, we define the set 1009

of available inputs and as we test the models with- 1010

out any inputs, we instruct the model to use the 1011

name if no input is provided. Then, we provide 1012

the output prompt depending on the experiment 1013

setup. Finally, we give the context based on the 1014

input configuration. 1015

E.4 Multi Turn 1016

In our multi-turn pipeline, we have intermediate- 1017

level agents for each input type (Satellite, OSM, 1018
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Zero-Shot NACE Classification Prompt

Role
You are an assistant designed to identify economic activities from heterogeneous geospatial and
textual resources.
Inputs

• Images: OpenStreetMap (OSM), Satellite imagery

• Textual: Wikidata, Wikipedia, Website

• Entity name

Visual Analysis (Images) Identify relevant geospatial features, including but not limited to:

• Buildings

• Terrain

• Streets

Contextual Analysis (Text) Extract economic context such as:

• Products and services

• Activities

• Business type

• Industry

Task
Based on the extracted attributes and the entity name, predict the corresponding NACE Rev.2
economic activity sector code.

{NACE_CONTEXT}

Available Resources

• osm: OSM image

• satellite: Satellite image

• source: Wikidata / Wikipedia / Website

If no external resources are provided, rely solely on the entity name.
Output Format

{OUTPUT_FORMAT}

Wikidata, Wikipedia, and Website). Each proces-1019

sor agent prompt, contains several instructions for1020

data processing and sets the generation limit to 5121021

tokens. MLLMs are instructed to generate No Eco-1022

nomic Activity Found in response if they cannot1023

retrieve evidence from an input. For each proces-1024

sor, we give NACE Keywords defined in Table 8.1025

These keywords are expected in the output for eas-1026

ier grouping of the free-form text. We provided a 1027

sample prompt containing shared instructions here. 1028

Clues are appended to the Multi-Turn classifi- 1029

cation prompt after construction. Final decision- 1030

making agent prompt resembles the single-stage 1031

Zero-Shot classification prompt. It replaces the 1032

entries with the text clues. 1033
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Clue Extraction Agent
Shared Instructions

You are an agent tasked with extracting explicit economic activity clues from a single information
source.
General Rules

• Only extract activities with direct textual or visual evidence.

• The provided keyword list defines all valid economic activity categories.

• Match only exact keywords or clear synonyms.

• Do not infer, guess, or generalize beyond the source.

• When mentioning an activity, wrap it in [ ] exactly as in the keyword list.

• For every activity, cite the exact supporting feature, tag, phrase, or entity.

• If no activity is present, output exactly: "No economic activity clues found."

• Output language must be English.

• Maximum output length: 512 tokens.

Output Format
Economic activity clues:
- [keyword] supporting evidence from the source

Multi-Turn Classification Prompt

Role
You are an assistant designed to identify economic activities from multiple, incremental information
sources.

Inputs
You may be provided with clues from the following sources:
Wikidata, Wikipedia, Websites, OpenStreetMap (OSM) images, Satellite images
Task
Based on the provided clues and the entity name, identify the corresponding NACE economic
activity sector code.

{NACE_CONTEXT}

Note that you may not be given all of the clues. If no clues are provided, rely solely on the entity
name.
Output Format

{OUTPUT_FORMAT}

E.5 Ablation Prompts1034

Based on our zero-shot template, we designed1035

prompts for text-only benchmarks ExioNAICS1036

(Guo et al., 2025) and Company Websites (Rizinski1037

et al., 2023). For the few-shot examples, we ran-1038

domly selected with a fixed seed one example per 1039

class from the training set. The prompt structures 1040

are identical for each task. It starts with a set of 1041

instructions followed by available categories and 1042

choices. 1043
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Ablation Instructions

Classify the company into one industry sector.
You are given codes and titles.
Respond with EXACTLY ONE UPPERCASE LETTER.
Do NOT include spaces, newlines, punctuation, or any other text.
If unsure, pick the single best letter based on the company’s primary revenue-generating activity.
VALID LETTERS: [Available options]

ExioNAICS Prompt

{ABLATION_INSTRUCTIONS}

Choices (A–T): Title
A: Agriculture, Forestry, Fishing and
Hunting
B: Mining, Quarrying, and Oil and Gas
Extraction
C: Utilities
D: Construction
E: Manufacturing
F: Wholesale Trade
G: Retail Trade
H: Transportation and Warehousing
I: Information
J: Finance and Insurance
K: Real Estate and Rental and Leasing
L: Professional, Scientific, and Technical
Services
M: Management of Companies and Enter-
prises
N: Administrative and Support and Waste
Management and Remediation Services
O: Educational Services
P: Health Care and Social Assistance
Q: Arts, Entertainment, and Recreation
R: Accommodation and Food Services
S: Other Services (except Public Adminis-
tration)
T: Public Administration

Company Websites Prompt

{ABLATION_INSTRUCTIONS}

Choices (A–M): Title:
A: Commercial Services & Supplies
B: Healthcare
C: Materials
D: Financials
E: Energy & Utilities
F: Professional Services
G: Corporate Services
H: Media, Marketing & Sales
I: Information Technology
J: Consumer Discretionary
K: Industrials
L: Transportation & Logistics
M: Consumer Staples
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