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NEXTLAB.TECH

® |Improves education using emerging technologies since 2018

® 5000+ schools, universities and companies from EMEA(Europe, Middle
East and Africa)

® Robotics education at scale
® Assessment innovation

e Data insights

® Partners: Microsoft, Oracle, SAP, AWS, Microchip, NXP, TAO Testing,
Renault Grouppe

e Scientific advisor for testing: Dr. Alina von Davier
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The Problem in Standardised Testing

e High cost per item (up to $6,000)
® Large item banks required
® Expensive pilot samples

® <40% countries with quality testing
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Al Item Generation Pipeline

e i

Automated calibration
LLM generation Al scoring and filtering

Produce candidate
items at scale

Curriculum

parsing —
Mathematical
representation

IRT 2PL - difficulty & discrimination

Step1 Step 2 Step3
Human expert validation e cpEabib auzlity
Feedback Review, accept Items ready for use

or revise items

Step 4

l

Enhanced psychometric calibration

Additional calibration on preselected items ﬁ{ High quality 1

Premium items
Greatly reduces field-testing cost

Step 5
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Synthetic Test Takers

e Simulated students
e Full ability distribution
® Thousands of responses

® Models behavior & errors
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Test taker generation

Extract taxonomy

From public text resources

Generate skill distribution

Model realistic proficiency spread across the student population

Identify strengths and weaknesses

Detect common patterns across taxonomy topics per skill level

Generate synthetic students

Assign strengths and weaknesses consistent with each skill level

Synthetic test taker pool
Ready for IRT calibration
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LLM-based item calibration via synthetic students

ability spectrum (0)

~3 =2 =1 0 +1 +2 +3

Each circle = one synthetic student prompted to respond at that ability level (8)

l

Test item
Presented identically to all synthetic students

!

Simulated response pattern
Low 6 > wrong - Mid 6 - mixed - High 6 > correct

Vv

[ IRT 2PL parameters estimated - difficulty & discrimination j
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Use Cases

® Pre-pilot testing

® Test equating

e Adaptive calibration
e Bias detection

e Cut-score validation
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Impact and Trade-offs

[ Measured impact j
82% 12x 10,000+
cost reduction faster delivery synthetic students
Pros Cons
. _
Democratic access Large interdisciplinary team
Quality assessment in more countries & institutions Al engineers, data scientists & SMEs
\
I R
Multilingual Huge cloud consumption
Items generated across languages at scale Up to $50,000 / day in Al cloud services
e )
Efficiency Large item banks favoured
12x faster - items ready in days, not months More cost-effective for larger-scale programmes
- _
Cost savings LLMs still make mistakes
82% reduction in per-item production cost Errors in content, logic & calibration estimates
\

* Figures based on NextLab's experience - still at small scale - results may vary at full scale
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Method validation - synthetic vs real test takers

real-world data sources

Moodle platform Robotics competitions Paper-based tests
University students Students aged 8-16 Students aged 11-15
computer science robotics & coding mathematics - scanned

Several thousand students per year
Compared with synthetic student responses
Item-by-item response pattern matching

[ Validation results j
67-88% r=.77-.82 r=.76-.89
Agreement rate Difficulty rank IRT b-parameter

varies by subject & item type Spearman correlation correlation

!

‘ Synthetic students reproduce real response patterns |

Sufficient for pre-pilot IRT 2PL calibration across diverse item types

* Based on NextLab's validation study - small scale ‘ results may vary across contexts
** Results appear to improve with greater available computing power
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More Tokens=Better Simulation Quality

low output token budget - input:output ratio = 1.7
: ] : Defaults to correct answer
t t
[ SHDUERrempE [ step ] [ step E Persona lost : poor error simulation }
high output token budget - input:output ratio = 0.13

[Rich CoT prompt '—)[step} [step] [step] [step '—)[ PIaUSIb_Ie wrohg ahswers }
Persona maintained - realistic errors

three ways more compute helps

Longer reasoning Larger model More replications
CoT maintains persona Richer error patterns Stabler response matrix

l

Higher IRT b-parameter & Spearman correlations
Better agreement with real student response patterns

Excellent correlations at billions of tokens Future research
r >.90 at very high output token budgets Reduce output tokens for good results )

- N
Largest single jump: mid-tier > frontier model
7B > 1.7T+ (or older > current gen) yields biggest b-parameter correlation gain
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Deployments (Eastern Europe)

e I § Romania(4 projects)

O Romania Tech Nation program ,7 years(2019-2025), 3000-5000 test takers per year, age
8-16, subjects covered, robotics and computer science, 2024-2025 using LLM for test
calibration

O 40+ schools in 3 projects

Serbia(in discussion)

® [ Moldova(in discussion)
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Thank You

Al makes it possible.
Humans make it right.
razvan.bologa@nextlah.tech



