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We train dialect adapters using contrastive learning objective.

Our Architecture is called LoRDD
(Low-Rank Dialect robustness for Decoder Models)

TL;DR
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• Given a masked dialogue between dialectal speakers playing a game of 
taboo, predict the target word.

Topic Classification
as

Target Word Prediction

Dataset

Task Definition

• MD-3 (Eisenstein et al., 2023)

2

Eisenstein, J., Prabhakaran, V., Rivera, C., Demszky, D., Sharma, D. (2023) MD3: The Multi-Dialect Dataset of Dialogues. Proc. Interspeech 2023, 
4059-4063, doi: 10.21437/Interspeech.2023-2150



• Given a masked dialogue between dialectal speakers playing a game of 
taboo, predict the target word.

Topic Classification
as

Target Word Prediction

Dataset

Dialects

Task Definition

• MD-3 (Eisenstein et al., 2023)

2

Eisenstein, J., Prabhakaran, V., Rivera, C., Demszky, D., Sharma, D. (2023) MD3: The Multi-Dialect Dataset of Dialogues. Proc. Interspeech 2023, 
4059-4063, doi: 10.21437/Interspeech.2023-2150



• Given a masked dialogue between dialectal speakers playing a game of 
taboo, predict the target word.

Topic Classification
as

Target Word Prediction

Dataset

Dialects

• American English
• Indian English
• Nigerian English
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Motivation

The failure of language technology to cope with dialect differences may create allocational harms that reinforce social hierarchies
(Blodgett et al., 2020).

There exists a performance gap between American English and other dialects of English for several NLP tasks
(Joshi et al., 2025).
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Building LoRDD
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LoRA as the task adapter for Target Word Prediction
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Task Adapters
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LoRA as the task adapter for Target Word Prediction



Augment training data:
•en-US
•en-IN/en-NG

+Data Augmentation
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LoRA as dialect adapter

+Pseudo-parallel corpus
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LoRA as dialect adapter

Pseudo-parallel Corpus :
• en-US and corresponding en-IN/en-NG conversations for 

the same target word.
• With negative sampling (different target word).

+Pseudo-parallel corpus
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+Contrastive Loss

Contrastive Loss:
• Frozen representation ([MASK]US)
• Learnable representation ([MASK]X)
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Pseudo-parallel Corpus :
• en-US and corresponding en-IN/en-NG conversations for 

the same target word.
• With negative sampling (different target word).



LoRDD

Low Rank Dialect Robustness for Decoder Models
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Inference
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Inference

Task Adapters are stacked on top of Dialect Adapters
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Inference

Masked Conversation is 
provided as an input
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LoRDD closes the gap to the 
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For en-IN, the gap is 
down to:
• 12.0% on Similarity.
• 25.0% on Accuracy.

For en-NG, the gap is 
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• 5.8% on Similarity.
• 4.5% on Accuracy.
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Synthetic Parallel Corpus

No Dialect Adapter

LoRDD, trained using natural 
conversations, yields the best 

performance.
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Ablations on LoRDD

Particularly lower performances on variants involving synthetic 
conversations.

All ablations of LoRDD observe a degradation



Error Analysis
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Dialect features as defined by Demszky et al. (2021).

Most common dialect feature is 
extraneous articles. 

30 en-IN examples misclassified by gemma
(trained using LoRDD). 

Dorottya Demszky, Devyani Sharma, Jonathan Clark, Vinodkumar Prabhakaran, and Jacob Eisenstein. 2021. Learning to Recognize Dialect Features. 
In Proceedings of the 2021 Conference of the North American Chapter of the Association for Computational Linguistics: Human Language Technologies , 
pages 2315–2338, Online. Association for Computational Linguistics.

https://aclanthology.org/2021.naacl-main.184/


Conclusion
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• Task: Given a masked dialogue between dialectal speakers playing a game of taboo, predict the 
target word.

• Approach (LoRDD): Dialect adapters for decoder models trained using contrastive loss with 
pseudo-parallel conversations across dialects.

• Observations: LoRDD shows improvement over in-dialect and cross-dialect baselines for en-IN and 
en-NG.

• Future work:
•Generalisation to other mainstream tasks.
•Use other forms of parallel corpora.
•Absence of parallel corpora.
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