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AGENDA

¡ NTCA AI WG – WHO WE ARE?

¡ A FEW WORDS ON LLMs / SLMs

¡ EXAMPLE ONGOING NTCA AI PROJECTS

2



NTCA AI WG

¡ Established by Government Decree

¡ The aim of the AI WG is 
¡ to exploit the values existing in the data assets of the NTCA and the State Treasury (as well as in 

cooperation with other organizations)

¡ and thereby put the synergy of scientific methodologies and domain experiences at the service of public 
good.

¡ AI WG makes proposals, reviews, develops approaches, models and algorithms

¡ Eg. concerning to semantic data asset cadastre, teaching/learning models and algorithms, validation methodologies 
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WHO WE ARE

¡ Inter-agency working group

¡ Brings together ministries, gov agencies and academia

¡ Operates on Tax Agency’s IT resources, premises

¡ Collaborative work in smaller groups by experts from various member institutions 
and academics
¡ Via online collaboration platform

¡ Dedicated, protected, physical research environment (connected/merged data analysis)
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OUR ROAD WITH AI
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• Increase efficiency in repetitive, 
routine tasks, so skilled workforce 
can deal with essential tasks. 

• Transition from declaration-based 
to event-based operation: real-
time analytics on big data.

• Serving taxpayers: adaptive, well-
targeted information (deadlines, 
duties, options).

• Impact assessments and 
forecasts: make the most of data 
and react faster. Data-rich tax policy 
analyses.

• It does not replace domain 
expertise.

Souce of icons: Flaticon

https://www.flaticon.com/


OPPORTUNITIES AND CONSTRAINTS: AI AT AN AUTHORITY?

¡Precise statutory tasks

¡ "Hallucination" is not acceptable

¡Data security, confidential workflows, liability

¡Resource efficiency (human, IT, ...)

¡Culture change: social customs, expectations
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source: https://thelowdown.momentum.asia/the-emergence-of-large-language-models-llms/



GPT-4o (announced 13/05/2024.)

¡ English 1.1x fewer tokens (from 27 to 24)

¡ French 1.1x fewer tokens (from 31 to 28)

¡ Italian 1.2x fewer tokens (from 34 to 28)

¡ German 1.2x fewer tokens (from 34 to 29)

¡ Spanish 1.1x fewer tokens (from 29 to 26)

¡ Portuguese 1.1x fewer tokens (from 30 to 27)

¡ Chinese 1.4x fewer tokens (from 34 to 24)

¡ Japanese 1.4x fewer tokens (from 37 to 26)

¡ Turkish 1.3x fewer tokens (from 39 to 30)

¡ Arabic 2.0x fewer tokens (from 53 to 26)

¡ Persian 1.9x fewer tokens (from 61 to 32)

¡ Russian 1.7x fewer tokens (from 39 to 23)

¡ Korean 1.7x fewer tokens (from 45 to 27)

¡ Vietnamese 1.5x fewer tokens (from 46 to 30)

¡ Gujarati 4.4x fewer tokens (from 145 to 33)

¡ Telugu 3.5x fewer tokens (from 159 to 45)

¡ Tamil 3.3x fewer tokens (from 116 to 35)

¡ Marathi 2.9x fewer tokens (from 96 to 33)

¡ Hindi 2.9x fewer tokens (from 90 to 31)

¡ Urdu 2.5x fewer tokens (from 82 to 33) 
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20 languages were chosen as representative of the new tokenizer's compression across different language families 



SLM AND LLM

Small Language Models (SMLs)

¡ N*100 million of parameters

¡ Fine-tuning with a target-specific database

Features:

¡ Resource efficient

¡ Task/domain specific

Large Language Models (LLMs)

¡ Several billions of parameters

¡ Teaching with instructions and Q&A

Features:

¡ Zero- and few-shot learning

¡ A general model for many tasks

¡ High computing demand

¡ Use of external data sources (corpus)
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EXAMPLE ONGOING PROJECTS AT NTCA AI WG
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NOWCASTING BASED ON RETAIL DATA

¡ GOAL: 
time-series analysis of real-time retail data (impact assessment, 
forecasts, decision support)

¡ Analysis of online cash register data using machine learning methods

¡ Cleaning and classification of product names are required: 
normalization and hiding company-specific data 

¡ Building in-house experience with AI/deep learning-based methods
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NOWCASTING BASED ON RETAIL DATA
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ONLINE INVOICE ITEM CATEGORIZATION

GOAL: 

recognition of product or service content in online invoices,

and matching to tariff codes.
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Multi data-set input:
• Online invoice
• Online cash register
• Customs export/import data
• Public Road Trade Control 

data
• Taric db, code lists

¡ Data extraction

¡ Discover and correct

¡ false and outdated tariff 
classification

¡ false service codes



THE ROLE OF AI: 
ITEMS CATEGORIZATION USING DEEP LEARNING-BASED METHODS

Classification with 
language models

1. Vectorization with pre-
trained language models

'basic' AI methods 
for classifying 

products

2. Further teaching a pre-
trained language model for 

grading

3. Further training a pre-
trained language model on 

domain data

used for vectorization 
classification

further taught for 
grading
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CHECKING FOR "UNUSUALNESS" OF INVOICE DATA
The goods and services described on the invoices can be recognized „unusual” in some way 
(related to the taxpayers involved).
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„Unusual”
¡ in values
¡ by filed business activity
¡ in time-patterns
¡ by unusualness of the good/service
¡ e.t.c.

In service to taxpayers: drawing attention to the unusual 
nature of the invoice data
risk analysis: faster response, emerging new risk indicators ¡ DESCRIPTIVE STATISTICAL METHODS

¡ Statistical analysis of the taxpayer's previous 
invoices („habits”)

¡ Expert methods for clustering

¡ AI-BASED METHODS

¡ Supervised classification

¡ Unsupervised classification

¡ Account "expected value" estimation 
(supervised regression)



MAIN ACTIVITY (TEÁOR COMPLIANCE)
GOAL:

Verification of the adequacy of the declared main activity and 
economic activity data. Recommendation app of TEÁOR (NACE)
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Based on
¡ Accounts received
¡ Recipients of issued invoices
¡ Workforce admin data
¡ Sectoral taxes characterising 

activities



ADMINISTRATIVE COST ESTIMATION

GOAL: a time-series estimation (at national economy level) of the trends of 
administrative costs in business activities (primarily related to tax activities).
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Based on accounting, 
payroll and consulting 
account data, 
as well as contribution 
declarations for specialised 
employees

Development of a methodology, 

based solely on administrative data.

Time series estimation at national 

level
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THXs for your 
attention!


