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In the project, I describe how we:

•Designed initial English and Spanish tests during two different 
company-wide "Hackathons". The English one is now what grew 
into the Duolingo English Test

Drew on those projects to, in 9 months:
•Scale existing infrastructure: multilingual applications of item 

generation and difficulty estimation
•Design prototype FR and ES pilot tests (listening and reading 

tasks)
•Pilot with two groups of examinees
•Analyze results to compare item responses and machine-learning 

difficulty estimates
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Prototype test traits

• Scored computer-adaptive test (CAT) for receptive skills of listening and 
reading: yes-no audio-vocabulary, yes-no printed text-vocab, dictation, and 
c-test
• Listening: Word recognition, vocabulary knowledge
• Reading: Word recognition, vocabulary, meaning from discourse/context

• Short: full exam takes less than 30 minutes

• Low stakes: no proctoring

•ML modeling to predict text- and word-level difficulty even before item 
administration (applying Multilingual BERT [roberta-xlm-base] and 
methods from Settles et al., 2020; McCarthy et al., 2021)
• BERT = Bidirectional Encoder Representations from Transformers, 

transformer-based machine learning
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Yes/no vocabulary curation

Real words:

• Learning app courses (only A-B 
levels), Cervantes resources for 
ES (A,B,C-level), OpenSubtitles, 
and GoogleBooks

•ML predictions and CEFRlopod

• Filtering
• English words, names, places, 

profanity
• Part-of-speech (POS) prediction

• Not always accurate

Nonwords:
•Generated for each language 

separately
•Plausible phonology and 

orthography
•Trained character recurrent 

neural network on large set of 
words
• Filtering

• Real words, profanity, too unlikely
• Homophones (using model from 

Duolingo Speech Lab)
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Word-level difficulty estimation

•Classification on expert-labeled CEFR-labeled real words

•Needed to predict apparent difficulty for nonwords - so 
used features that are defined for fake words 
• no word frequency, POS
• ngram language model, length, num syllables

•Same model for text and audio yes-no vocabulary
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Sentence and passage difficulty

•Dictation sentence-level difficulty – short 
decontextualized sentences – so classification based on 
internal tools that estimate CEFR level

•C-test text difficulty is at the passage level
•With responses, can add word-level information

•Multilingual BERT (roberta-xlm-base)
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Pilot 1 of 2

Recruited Mechanical Turk participants:

• Took language acquisition/use survey; did not use French or 
Spanish extensively in formative years

• Items too difficult, so restricted item pool to easiest items
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Pilot 2 of 2

Recruited learners from Duolingo language learning app:

•Needed to have progressed far enough in 10 units (v1): 
Units 3 to 10

•1097 ES and 599 FR unique target language examinees

• Examinees each took 6 items (max total time 9 minutes):
• First item on every test session was an “anchor” text vocab 

item
• Then one c-test, two dictation, one textvocab, and one 

audiovocab, which could appear in any order
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Learner pilot findings

•Unique items with 30+ or more responses: 156 Spanish; 87 
French
• Item-level scores ranged from 0.062 to 0.976
•Learners' highest unit reached in learning app (3 to 10) and 
session scores correlated at Pearson's r = 0.325 (p=0.000)
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Learner pilot findings, cont'd.

•Average item scores and machine-learning item 
difficulties were moderately correlated:
• r = -0.521 for Spanish, r = -0.404 for French
• ES c-test correls. not as strong as correls. for other 3 item 

types (though comparable to English ctest)
• FR textvocab and dictation correls. stronger than for other 

2 item types
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What we did: Produced proof-of-concept 
multilingual modeling for tests in other languages

•Adapted BERT using multilingual models to 
bootstrap difficulty estimates
• BERT = Bidirectional Encoder Representations from 

Transformers, transformer-based machine learning

•Crafted item rules and generated items for 4 CAT 
item types

•Deployed platform for people to take a complete 
test and receive an overall score (10 to 160 scale)

16



Implications for test development

• low-cost, accessible options
• harnessing AI/ML expertise - interdisciplinarity
• future scaling to less commonly taught languages
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¡Gracias!      Merci !
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Email SarahG@duolingo.com for framework paper
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