
                     

  
 

   

  

 

   

Decoding the Polyglot: 
Understanding Cross-Lingual 
Learning in Language Models

Ali Basirat
Centre for Language Technology

alib@hum.ku.dk

U N I V E R S I T Y O F C O P E N H A G E N





  

     

   
      

      
  
        

       
   

         
   

   
      

   

Traditional Approaches to Multilingual NLP I

Universal Grammar (linguistic hypothesis):

Search for shared structural principles across languages.
Inspired early multilingual parsing and rule-based systems.

Massively Parallel Data:

Train translation models using aligned corpora (e.g., Europarl, UN).
Relied on explicit word/phrase alignment and bilingual dictionaries.

Multilingual Word Embeddings (2010s):

Align monolingual embedding spaces via linear maps or joint training.
Examples: MUSE, multilingual fastText.

Multilingual Pretraining (late 2010s):

Shared encoder across languages with subword vocabularies.
Examples: mBERT, XLM, XLM-R.



     

 
            

          
         

         

                  
 

  

Traditional Approaches to Multilingual NLP II

Key Limitations:
Data imbalance: over 7,000 languages exist, but fewer than 100 have substantial digital 
corpora; over 90% of web text is in just 10 languages.1
Typological diversity: huge variation in morphology (isolating vs. agglutinative), syntax 
(SVO vs. SOV), and script (Latin, Arabic, Devanagari, Cyrillic, etc.).

1The State and Fate of Linguistic Diversity and Inclusion in the NLP World (Joshi et al., ACL 2020); 
W3Techs (2025)
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Common Approaches to Studying Multilingualism in LLMs

Behavioral Investigation

Evaluate outputs across languages (translation, transfer, code-switching).
Risk: Illusion of reasoning from surface patterns.

Mechanistic Interpretability

Trace internal computations (layers, heads, neurons).
Tools: Logit lens, activation patching.

Representational Analysis

Probe hidden states for cross-lingual alignment.
Methods: Probes, similarity metrics.







  

  
     

     
  

    
   
 

    

    

  

The Language Space

Representational analysis investigates 
the neural activations in an LLM.
Language space: subregion of a model 
layer’s intermediate representations.
Enables us to investigate model 
dynamics from an information 
theoretic perspective.

Language Spaces and Neuron Activation
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Language Space – An Evaluation Testbed

The study of language spaces opens path to answer questions like:
Multilingual Learning Strategists
Linguistic investigation from an LLM perspective
Computational cognitive aspects of multilingual learning







 

          
         

         
         

  

  

Test Models

BLOOM – a 1.7B-parameter multilingual language model trained on 46 languages, 
designed for balanced performance across diverse scripts and language families.

mGPT – a 1.3B-parameter multilingual GPT-style model trained on Wikipedia 
and other web corpora across 61 languages, optimized for general-purpose 
multilingual text generation.



 

       
   
       

  

Test Languages

Paralle Universal Dependencies: parallel corpora, balanced, and high-quality 
samples across all languages.
Includes both seen and unseen languages during pre-training.



   

        
   

         

         
       

  

Results – Language Dominance

Dominance scores are balanced ( 10–15%), suggesting shared, distributed 
representations in middle layers.

No strong evidence of a single dominant language was found.

Dominated tokens are mostly function words or orthographically similar items; 
content words remain in their own language space.



  

    

       
 

         

       
 

            

Alignment with Human Multilingualism I

Coordinate Learning: distinct linguistic environments and distinct language 
processing systems.
Sub-coordinate learning: late acquisition and mental translation into a dominant 
language.
Compound learning: shared linguistic environments and universal understanding 
of language.

Three types of bilingualism (D’Acierno and Rosaria, English as a Foreign Language 1990)



    
 

  

          

          

  

Alignment with Human Multilingualism II

Conceptual models of language spaces representing three type of human bilingualism.

Multilingual Learning Strategies in Multilingual Large Language Models (Basirat, MRL 2025)
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Test Languages

1000 aligned sentences across multiple 
 languages.
21 typologically diverse languages.
Data comes form Parallel Universal 
Dependencies (PUD).

CoNLL 2017 Shared Task: Multilingual Parsing from Raw Text to Universal Dependencies (Zeman et 
al., CoNLL 2017)



 

        
   

    

  

  

Test Models

Multilingual LLMs of different size, architecture, and language coverage.
Encoder-only and decoder-only models.
Freely available models from Huggingface.



      

    
    

      

       

  

Results – Alignment with Human Multilingualism I

Coordinate learning: Language-specific feature space:
Dominates multilingual representation in LLMs.
Decoder-only models develop strongly separated language spaces.

Language spaces in the intermediate layers of BLOOM.



      

    
    

         
 

      

  

Results – Alignment with Human Multilingualism II

Compound learning: Universal feature space:
Weakly observed in encoder-only models.
Universal aspects of language are processed within language spaces (supporting 
coordinate learning).

BLOOM’s intermediate feature spaces representing UPOS tags.
















