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We train dialect adapters using contrastive learning objective.

Our Architecture is called LoRDD
(Low-Rank Dialect robustness for Decoder Models)
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Task Definition
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* Given a masked dialogue between dialectal speakers playing a game of
taboo, predict the target word.

Dataset

* MD-3 (Eisenstein et al., 2023)

Eisenstein, J., Prabhakaran, V., Rivera, C., Demszky, D., Sharma, D. (2023) MD3: The Multi-Dialect Dataset of Dialogues. Proc. Interspeech 2023,
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Task Definition

Topic Classification
as
Target Word Prediction

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

Dataset

* MD-3 (Eisenstein et al., 2023)

Dialects

* American English (en-US\
* Indian English en-IN
* Nigerian English \_en-NG /
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4059-4063, doi: 10.21437/Interspeech.2023-2150
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Motivation

There exists a performance gap between American English and other dialects of English for several NLP tasks
(Joshi et al., 2025).

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

Aditya Joshi, Raj Dabre, Diptesh Kanojia, Zhuang Li, Haolan Zhan, Gholamreza Haffari, and Doris Dippold. 2025. Natural

Language Processing for Dialects of a Language: A Survey. ACM Comput. Surv. 57, 6, Article 149 (June 2025), 37 pages.
https://doi.org/10.1145/3712060

Su Lin Blodgett, Solon Barocas, Hal Daumé Ill, and Hanna Wallach. 2020. Language (Technology) is Power: A Critical Survey of “Bias” in NLP.

In Proceedings of the 58th Annual Meeting of the Association for Computational Linguistics, pages 5454—-5476, Online. Association for Computational
Linguistics.

———————


https://aclanthology.org/2020.acl-main.485/
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Why dialect adapters?

Similarity Accuracy
Average gap between en-IN and Average gap between en-NG and

en-US: Hen-US Ben-IN men-NG en-US:

* 27.3% for Similarity
* 64.7% for Accuracy

* 17.9% for Similarity
* 43.1% for Accuracy

Trained and tested on same dialect.
Averaged across mistral and gemma.
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* en-US and corresponding en-IN/en-NG conversations for
the same target word.
* With negative sampling (different target word).




+Contrastive Loss
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Experiment Setup

Data

* en-IN

* en-NG

* en-US

* IN-MV/NG-MV: Set of transformed en-US
conversations using MultiVALUE (Ziems et al., 2023).

* IN-TR : Set of transformed en-IN conversations using
GPTA4.

Caleb Ziems, William Held, Jingfeng Yang, Jwala Dhamala, Rahul Gupta, and Diyi Yang. 2023. Multi-VALUE: A Framework for Cross-Dialectal English NLP
. In Proceedings of the 61st Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 744-768, Toronto, Canada.
Association for Computational Linguistics.
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Subset Tran  Valid  Test
* en-IN ————————————————————————
* en-NG en-US 62 41 311
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* IN-MV/NG-MV: Set of transformed en-US en-NG 38 25 194
conversations using MultiVALUE (Ziems et al., 2023). ~ IN-MV 57 39 296
* IN-TR: Set of transformed en-IN conversations using NG-MV 57 39 296

GPT4. IN-TR 25 17 132

Table 1;: Data statistics.
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* Mistral 7B Instruct v0.2 mistral
* Gemma 2 9B Instruct kgemma)
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* Fine-tuned and evaluated on en-US conversations.

In-dialect baseline

* Fine-tuned and evaluated on en-IN/en-NG conversations

Cross-dialect baseline

* Fine-tuned on:
oen-US.
oen-MV.
oen-TR.
*Evaluated on en-IN/en-NG conversations.
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LoRDD vs Baslines

Method Training Data MISTRAL GEMMA H
Similarity Accuracy Similarity Accuracy Similarity Accuracy
Skyline en-US 64.7 44.3 69.7 45.3 (0.0)67.2(27.3)  (0.0)44.8 (64.7)
(a) Tested on en-IN
__In-dialect baseline en-IN _____ 510 244 546 300 @332800) (64727.200)
en-US 54.6 25.6 61.3 35.0 58.0 30.3
Cross-dialect baseline IN-MV 524 244 58.2 30.0 55.3 27.2
I INTR _____ 04 243 330 _ 269 527 ____B6___.
LoRDD en-US + en-IN 55.9 30.0 63.9 41.3 (12.0)59.9 (13.4) (25.0) 35.7 (28.1)
(b) Tested on en-NG
__In-dialect baseline enNG ____ 330 __ - 272 609 353 w9357000 @.131.300)
C dialect baseli en-US 58.9 314 62.8 40.7 60.9 36.1
ST NGMYss7o 084 614 386 s89 335
LoRDD en-US + en-NG 62.4 40.5 64.5 43.2 (5.8)63.5(11.4) (45 41.9 (33.8)

Table 3: Performance comparison between the skyline, baselines and LORDD on TWP. For each model, we report
Similarity and Accuracy when tested on (a) en-IN and (b) en-NG. p is the average of the metrics across both
evaluation models. LORDD (represented in bold) improves the performance on all baselines. The percentage
improvement over the in-dialect baseline and the percentage degradation compared to the skyline are shown in
(number) and (number) respectively.
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Method Training Data MISTRAL GEMMA H
Similarity Accuracy Similarity Accuracy Similarity Accuracy
LoRDD improves over all Skyline en-US 64.7 443 69.7 45.3 0.0)67.2(273)  (0.0)44.8 (64.7)
baselines (a) Tested on en-IN
__In-dialect baseline enlN 510 244 546 300 (27332800 (64727200
en-US 54.6 25.6 61.3 35.0
For en-IN: Cross-dialect baseline IN-MV 524 24.4 58.2 30.0
o NP 0 INTR __ 504 243 330 269 527N
* 13.4% on Similarity. LoRDD en-US+en-IN 559 30.0 63.9 413
* 28.1% on Accuracy. (b) Tested on en-NG
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Cross-dialect basel en-US 58.9 31.4 62.8 40.7 60.9 36.1
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LORDD en-US +en-NG 624 40.5 64.5 43.2 (58)63.5(11.4) (4.5 41.9 (33.8)

* 11.4% on Similarity.
* 33.8% on Accuracy.

Table 3: Performance comparison between the skyline, baselines and LORDD on TWP. For e rt
Similarity and Accuracy when tested on (a) en-IN and (b) en-NG. p is the average of the®Hetrics across®sth

model, we

evaluation models. LORDD (represented in bold) improves the performance on all baselines. The percentage
improvement over the in-dialect baseline and the percentage degradation compared to the skyline are shown in
(number) and (number) respectively.

13



13

LoRDD vs Baslines

LoRDD improves over all
baselines.

For en-IN:
* 13.4% on Similarity.

* 28.1% on Accuracy.

For en-NG:
* 11.4% on Similarity.
* 33.8% on Accuracy.

Method Training Data MISTRAL GEMMA 1
Similarity Accuracy Similarity Accuracy Similarity Accuracy
Skyline en-US 64.7 44.3 69.7 45.3 (0.0)67.2(27.3)  (0.0)44.8 (64.7)
(a) Tested on en-IN
In-dialect baseline en-IN 51.0 24.4 54.6 30.0 (27.3) 52.8 (0.0)  (64.7) 27.2 (0.0)

LoRDD en-US + en-IN 55.9 30.0 63.9 41.3 (12.0)59.9 (13.4) (25.0) 35.7 (28.1)

(b) Tested on en-NG
_Indialect baseline enNG 530 272 609 353 (179)57.000) (43313 (00)
C dialect basel en-US 589 31.4 62.8 40.7 60.9 36.1
ORTEREEEEE - NeMv. 557 284 614 386 589 335
LoRDD en-US + en-NG 62.4 40.5 64.5 43.2 (5.8)63.5(11.4) (4.5)41.9 (33.8)

Table 3: Performance comparison between the skyline, baselines and LORDD on 'ljl"nr each moll, we report
Similarity and Accuracy when tested on (a) en-IN and (b) en-NG. p is the averag® of the metricS across both
evaluation models. LORDD (represented in bold) improves the performance on all baselines. The percentage
improvement over the in-dialect baseline and the percentage degradation compared to the skyline are shown in
(number) and (number) respectively.

oRDD closes the gap to the

For en-IN, the gap is
down to:
* 12.0% on Similarity.
* 25.0% on Accuracy.

For en-NG, the gap is
down to:
* 5.8% on Similarity.
* 4.5% on Accuracy.
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Ablations on LoRDD

Method Training Data llcorpus MISTRAL GEMMA H
Similarity Accuracy Similarity Accuracy Similarity Accuracy
(a) Tested on en-IN
_LORDD _ enUS+enIN _en-USlendN 559 300 639 413 599 357
ol en-US +en-IN  en-US || IN-MV 55.6 28.1 62.0 37.5 588 (1.1) 32829
Corpus — en-US + en-IN en-IN || IN-TR 549 27.5 62.8 38.8 589 (1.00 33225
en-US + en-IN 54.4 26.9 62.3 37.5 584 (15 32235
—Lpial en-IN + IN-MV Not Used 51.6 23.1 57.1 31.9 544 (55 275182
en-IN + IN-TR 44.8 18.1 57.5 28.8 51.2 @7 23.5(12.2)
(b) Tested on en-NG
LoRDD en-US +en-NG  en-US Il en-NG 62.4 40.5 64.5 43.2 63.5 41.9
llcops _ en-US+enNG enUSING-MV__ 604 356 619 385 61205 3710
r en-US + en-NG Not Used 61.3 39.7 62.4 38.1 61.9(1.6) 38.93.0)
bial en-IN + NG-MV 58.6 33.6 60.7 33.1 59.738) 3345

Table 4: Ablation on LORDD based on parallel corpus (4 llcorpus), dialect adapter (Lpia1) and data augmentation.
For each model, we report Similarity and Accuracy when tested on (a) en-IN and (b) en-NG. The best performance
is shown in bold. u is the average of the metrics across both models. The degradation on the ablations compared to
LoORDD is shown in (number).




14

Ablations on LoRDD

Synthetic Parallel Corpus

Method Training Data llcorpus MISTRAL GEMMA H
Similarity Accuracy Similarity Accuracy Similarity Accuracy
(a) Tested on en-IN

LoRDD en-US + en-IN en-US |l en-IN 55.9 30.0 63.9 41.3 59.9 35.7

ol en-US +en-IN  en-US Il IN-MV 55.6 28.1 62.0 37.5 588 (1.1) 32829
Corpus en-US + en-IN en-IN |l IN-TR 54.9 27.5 62.8 38.8 589 (1.0) 33225

en-US + en-IN 54.4 26.9 62.3 37.5 584 (15 32235
—Lpial en-IN + IN-MV Not Used 51.6 23.1 57.1 31.9 544 (55 275182
en-IN + IN-TR 44.8 18.1 57.5 28.8 51237 235122

(b) Tested on en-NG

LORDD _en-US +en-NG ___en-US llen-NG 62.4 40.5 64.5 43.2 63.5 41.9

6196 389 3.0
58.6 33.6 60.7 33.1 59.73.8) 334 (.5

Table 4: Ablation on LORDD based on parallel corpus (4 llcorpus), dialect adapter (Lpia1) and data augmentation.
For each model, we report Similarity and Accuracy when tested on (a) en-IN and (b) en-NG. The best performance
is shown in bold. u is the average of the metrics across both models. The degradation on the ablations compared to
LoORDD is shown in (number).
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Ablations on LoRDD

Synthetic Parallel Corpus

No Dialect Adapter

Method Training Data llcorpus MISTRAL GEMMA H
Similarity Accuracy Similarity Accuracy Similarity Accuracy
(a) Tested on en-IN
_LORDD _ enUS+enIN _ enUSlenIN 359 00 65 43 @ NI 35T _
ol en-US +en-IN  en-US || IN-MV 55.6 28.1 62.0 37.5 588 (1.1) 32829
Corpus o US + en-IN en-IN || IN-TR 549 27.5 62.8 38.8 589 (1.00 33225
en-US + en-IN 54.4 26.9 62.3 37.5 584 (15 32235
en-IN + IN-MV Not Used 51.6 23.1 57.1 31.9 544 (55 275182
en-IN + IN-TR 44.8 18.1 57.5 28.8 51.2@8.7) 23.5(122)
(b) Tested on en-NG
LoRDD en-US +en-NG  en-US Il en-NG 62.4 40.5 64.5 43.2 63.5 41.9
> oo en-US + en-NG _en-US | NG-MV 60.4 35.6 61.9 38.5 61.2(23) 37.14.58)

en-US + en-NG 61.3 39.7 62.4 38.1 61.9(16) 38.9(3.0)
en-IN + NG-MV 58.6 33.6 60.7 33.1 59.7(38) 33.4(.5)

Table 4: Ablation on LORDD based on parallel corpus (4 llcorpus), dialect adapter (Lpia1) and data augmentation.
For each model, we report Similarity and Accuracy when tested on (a) en-IN and (b) en-NG. The best performance
is shown in bold. u is the average of the metrics across both models. The degradation on the ablations compared to
LoORDD is shown in (number).
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Method Training Data llcorpus MISTRAL GEMMA H
Similarity Accuracy Similarity Accuracy Similarity Accuracy
(a) Tested on en-IN
_LORDD _ en-US+en-IN _en-USlenIN 559 300 639 413
ol en-US + en-IN  en-US || IN-MV 55.6 28.1 62.0 37.5 3 (1.1)  32.8(2.9)
. Corpus _ _ _ g : .
Synthetlc Parallel COI’pUS en-US + en-IN en-IN Il IN-TR 54.9 27.5 62.8 38.8 0 332025
en-US + en-IN 54.4 26.9 62.3 37.5 5y 32235
—Lpial en-IN + IN-MV Not Used 51.6 23.1 57.1 31.9 55) 27.5(8.2)
en-IN + IN-TR 44.8 18.1 57.5 28.8 ) (8.7)  23.5(12.2)
(b) Tested on en-NG
LoRDD en-US +en-NG  en-US Il en-NG 62.4 40.5 64.5 43.2 3. 41.9
O llcoe _ en-US+en-NG en-USINGMV ~ 604 356 619 385 o1
. L en-US + en-NG Not Used 61.3 39.7 62.4 38.1
No Dialect Adapter bial o IN + NG-MV 58.6 33.6 60.7 33.1

Table 4: Ablation on LORDD based on parallel corpus (4 llcorpus), dialect adapter (Lpia1) and data augmentation.
For each model, we report Similarity and Accuracy when tested on (a) en-IN and (b) en-NG. The best performance
is shown in bold. u is the average of the metrics across both models. The degradation on the ablations compared to
LoORDD is shown in (number).

All ablations of LoRDD observe a degradation




Ablations on LoRDD

MISTRAL GEMMA 1

Method Training Data llcorpus
Similarity Accuracy Similarity Accuracy Similarity Accuracy

(a) Tested on en-IN

63.9 41.3 59.9 35.7
en-USIIIN-MV [ 556 28 1 620 375  588(l1) 32.8(29) «
Synthetic Parallel Corpus en-IN Il IN-TR . ) 62.8 38.8 589100 332025
= - 62.3 37.5 584 (15 32235
57.1 31.9 544 (55 275182
57.5 28.8 51.2 @7 23.5(12.2)
64.5 43.2 63.5 41.9
04 356 619 385 612023 37.1(4.8)
) 13 397 624 381 61916 389(30)
No Dialect Adapter 60.7 3.1 59738 33455

Table 4: Ablation on LORDD based on parallel corpus (4 llcorpus), dialect adapter (Lpia1) and data augmentation.
For each model, we report Similarity and Accuracy when tested on (a) en-IN and (b) en-NG. The best performance
is shown in bold. u is the average of the metrics across both models. The degradation on the ablations compared to
LoRDD is shown in (number).

All ablations of LoRDD observe a degradation

Particularly lower performances on variants involving synthetic
conversations.




Ablations on LoRDD

Method  Training Data licorpus MISTRAL CEMMA a
Similarity Accuracy Similarity Accuracy Similarity Accuracy
(a) Tested on en-IN
_LORDD _ enUS+enIN _ en-USllenIN 559 00 __ 69 43 N _ 35.7_ «
ol en-US + en-IN  en-US I IN-MV 55.6 28.1 62.0 37.5 58.8(1.1) 32.8(29)
. Corpus _ _ _ g
Synthetlc Parallel COI’pUS en-US + en-IN en-IN || IN-TR 54.9 27.5 62.8 38.8 589 1.00 33225
en-US + en-IN 54.4 26.9 62.3 37.5 584 (15 32235
—Lpial en-IN + IN-MV Not Used 51.6 23.1 57.1 31.9 544 (55 27582
en-IN + IN-TR 44.8 18.1 57.5 28.8 51.2 @7 23.5(12.2)
(b) Tested on en-NG
_LORDD _ en-US+enNG _enUSllenNG 624 405 645 432 635 419 «
%) lorpus _ en-US +en-NG_ _en-USING-MV __ 604 2.6 ___619 = 38o o6l2e3y JIilas
. L en-US + en-NG Not Used 61.3 39.7 62.4 38.1 619 (16) 38.93.0
No Dialect Adapter bial  on IN + NG-MV 58.6 33.6 60.7 331 597038 3345

Table 4: Ablation on LORDD based on parallel corpus (4 llcorpus), dialect adapter (Lpia1) and data augmentation.
For each model, we report Similarity and Accuracy when tested on (a) en-IN and (b) en-NG. The best performance . .
is shown in bold. u is the average of the metrics across both models. The degradation on the ablations compared to conversations, yields the best

LORDD is shown in (number). performance.

All ablations of LoRDD observe a degradation

LoRDD, trained using natural

Particularly lower performances on variants involving synthetic

conversations.



Error Analysis

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

/ [LACK OF INVERSION IN WH QUES |

LEFT DISLOCATION I—\

15

.——EXTRANEOUS ARTICLE

Most common dialect feature is
extraneous articles.

ARTICLE OMISSION —~ L

12

5
S

7

[OBJECT FRONTING |_/ / \ \— INVARIANT TAG

|MASS NOUNS AS COUNT NOUNS |
|NON INITIAL EXISTENTIAL |

| FOCUS ONLY |

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

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

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.



Predicting the Target Word of Game-
playing Conversations using a Low-Rank
Dialect Adapter for Decoder Models

Dialect Adapters i ------- ;.:;;:;“"-} Method Training Data MISTRAL GEMMA K
\ i | Similarity Accuracy Similarity Accuracy Similarity Accuracy
i Trainable | Skyline en-US 64.7 443 69.7 453 0.0)67.2(273)  (0.0)44.8 (64.7)
MD-3 ) i Woxd (a) Tested on en-IN
e __In-dialect baseline enlN ____ 510 244 46 00 @352800) (64727200
en-US j en-US 54.6 25.6 61.3 35.0 58.0 30.3
- Cross-dialect baseline IN-MV 524 244 58.2 30.0 553 27.2
I | || | Oy INTR _____ 04 243 330 269 27 B8
en-IN/en-NG LoRDD en-US + en-IN 55.9 30.0 63.9 41.3 (12.0)59.9 (13.4) (25.0)35.7 (28.1)
(b) Tested on en-NG
__In-dialect bascline eeNG 30 212 609 353 1957000 @3.)3L300)
C dialect baseli en-US 589 314 62.8 40.7 60.9 36.1
v arained folel TR U NGMY ss7 284 614 386 589 335
LORDD en-US + en-NG 624 40.5 64.5 43.2 (5.8)63.5(11.4) (45 41.9 (33.8)

Questions?
Preprint Dipankar Srirag | d.srirag@unsw.edu.au




	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50

