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Abstract
Despite the success of large language mod-
els (LLMs) in a wide range of applications,
it has been shown that their performance varies
across English dialects. Differences among En-
glish dialects are reflected in vocabulary, syn-
tax, and writing style, and can adversely affect
model performance. Several studies evaluate
the dialect robustness of LLMs, yet research on
enhancing their robustness to dialectal variation
remains limited.

In this paper, we propose two parameter-
efficient frameworks for improving dialectal
robustness in LLMs: DialectFusion where we
train separate LoRA layers for each dialect and
apply different LoRA merging methods, and
DialectMoE which is built on top of Mixture of
Experts LoRA and introduces multiple LoRA-
based experts to the feed-forward layer to in-
ternally model the dialectal dependencies. Our
comprehensive analysis on five open-source
LLMs for sentiment and sarcasm tasks in zero-
and few-shot settings shows that our proposed
approaches enhance the dialect robustness of
LLMs and outperforms instruct and LoRA fine-
tuning based approaches.

1 Introduction

Large Language Models (LLMs) have been suc-
cessful in a variety of tasks including sentiment and
sarcasm classification (Zhang et al., 2025; Vajjala
and Shimangaud, 2025). However, these models of-
ten exhibit a bias towards mainstream dialects, lim-
iting their peformance in dialect-specific contexts
(Srirag et al., 2025b; Lin et al., 2025). Regional
English exhibits distinct grammatical structures,
vocabulary, and expressions. As LLMs are trained
on datasets composed of standard English, they of-
ten struggle to generalize to more diverse linguistic
varieties (Joshi et al., 2025).

Several studies have explored ways to improve
dialect robustness using rule-based systems (Ziems

*Equal contribution.

et al., 2023) or adapting language models for dialec-
tal tasks (Sun et al., 2023; Liu et al., 2023). More
recently Srirag et al. (2025a) introduced BESSTIE,
a manually annotated dataset with three varieties of
English (Australian, Indian, British), however, their
evaluation focused on encoder and decoder mod-
els. Although parameter-efficient methods such as
LoRA (Hu et al., 2022) have been explored for di-
alect adaptation, existing studies (Faisal and Anas-
tasopoulos, 2024; Liu et al., 2023) do not system-
atically evaluate their performance across modern
LLMs nor investigate approaches to enhance ro-
bustness across dialect groups (Srirag et al., 2025a).

To mitigate these gaps, in this paper we propose
two parameter-efficient approaches, DialectFusion
and DialectMoE, to improve the dialectal robust-
ness of open-source LLMs.1 In DialectFusion, we
train separate LoRA adapters for each dialect and
then merge them using two methods: Learnable
Concatenation (CAT) (Prabhakar et al., 2025) and
TrIm, Elect, and Merge (TIES) (Yadav et al., 2023).
In DialectMoE, LoRA-based experts are added to
the feed-forward layer of an LLM along with a gate
router (Li et al., 2024) to enhance dialect perfor-
mance. We focus on three English dialects: Aus-
tralian, British, and Indian.

To evaluate the effectiveness of our proposed
approaches, we fine-tune five open-source LLMs:
three predominantly pre-trained using English cor-
pora (Mistral-v0.1 7B Instruct (Jiang et al., 2023),
Gemma2-9B Instruct (Team, 2024), Phi-3 Medium
Instruct (et al., 2024)) and two multilingual mod-
els (Llama 3.1 8B Instruct (Weerawardhena et al.,
2025), Qwen 2.5 7B Instruct (Yang et al., 2025)
using the BESSTIE dataset (Srirag et al., 2025a).
We compare our approaches with instruction-tuned
models and LoRA fine-tuning on the full dataset
without dialect distinctions in zero- and few-shot

1Our code is available at https://github.com/
Sanjh-Maheshwari/LLM-Dialect-Robustness.

https://github.com/Sanjh-Maheshwari/LLM-Dialect-Robustness
https://github.com/Sanjh-Maheshwari/LLM-Dialect-Robustness
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settings. Our results show that our proposed meth-
ods consistently outperform both instruction-tuned
and LoRA fine-tuning.

To summarize, our contributions are as follows:

• We introduce two parameter-efficient ap-
proaches based on LoRA adapters and
Mixture-of-Experts to improve dialectal ro-
bustness in LLMs;

• We fine-tune and evaluate five recent LLMs
on the BESSTIE dataset, covering sentiment
and sarcasm classification, enabling a system-
atic assessment of robustness across English
dialects;

• We compare our methods against strong base-
lines including instruction-tuned models and
LoRA fine-tuning without dialect separation,
and show consistent improvements in both
zero-shot and few-shot settings, demonstrat-
ing improved robustness across dialects.

2 Related Works

Large Language Models (LLMs) often perform
poorly on dialectal data due to syntactic, ortho-
graphic, and lexical variation (Srirag et al., 2025b).
As training data is heavily skewed toward Standard
American English (Joshi et al., 2025), monolingual
and multilingual LLMs often fail to generalize to
dialectal text without explicit adaptation.

Several efforts have been made to improve
dialect robustness. Ziems et al. (2023) pro-
posed Multi-Value, a rule-based translation sys-
tem consisting of 50 English dialects and their 189
unique linguistic features. Using these transfor-
mation rules, Liu et al. (2023) created a synthetic
dataset using transformation rules, trained adapters
for each linguistic feature, and then fused these
adapters into a single model. Some works adapted
language models for tasks requiring extensive di-
alectal knowledge, however their focus was on
smaller task-specific language models such as mT5,
Flan-T5 rather than recent LLMs (Sun et al., 2023;
Liu et al., 2023). In order to increase robustness to
dialectal variance without impairing downstream
task performance, Sun et al. (2023) proposed a
dialect-robust evaluation metric and NANO, a train-
ing schema which introduces regional and language
information to pretraining. Faisal and Anastasopou-
los (2024) applied LoRA (Hu et al., 2022) to adapt
a multilingual instruction-tuned model to improve
task performance on three South Slavic dialects.

More recently, Srirag et al. (2025a) proposed
a dataset for sentiment and sarcasm classifica-
tion for three varieties of English: Australian, In-
dian, and British, collected from Google Places re-
views and Reddit comments. They evaluated nine
LLMs (6 encoders and 3 decoders) and showed that
models are better at sentiment classification com-
pared to sarcasm detection. They also highlighted
that monolingual models perform slightly better
than multilingual models suggesting that multilin-
gual pre-training does not adequately capture intra-
language variation. The results are reported only
for fine-tuned models, which offers limited insights
into the actual improvements on dialectal variants.

Previous work has not explored recent advances
in LLM fine-tuning including LoRA merging strate-
gies (e.g. CAT (Prabhakar et al., 2025) and TIES
(Yadav et al., 2023)) and parameter efficient imple-
mentations (e.g. MixLoRA (Li et al., 2024)) de-
spite their proven effectiveness in multi-task learn-
ing settings that closely resemble multi-dialect set-
tings. We bridge this gap through a systematic
evaluation of six methods across five LLMs in both
zero-shot and few-shot settings.

3 Methodology

We propose two parameter-efficient approaches to
improve dialect robustness in LLMs:

• DialectFusion trains separate LoRA adapters
for each dialect and then merges them using
two methods: CAT (Prabhakar et al., 2025) or
TIES (Yadav et al., 2023).

• DialectMoE employs mixture-of-experts and
inserts multiple LoRA-based experts within
the feed-forward network blocks of the frozen
pre-trained model with a top-k router to dy-
namically select dialect-specific experts with-
out requiring separate adapter training (Li
et al., 2024).

We focus on three English dialects, specifically
Australian (AU), British (UK), and Indian (IN).

3.1 DialectFusion

DialectFusion is a parameter-efficient method de-
signed to improve dialect robustness of LLMs.
Here, we train multiple LoRA adapters, one for
each target dialect, as shown in Figure 1. This al-
lows the model to capture dialect specific linguistic
features independently.
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Figure 1: Overview of DialectFusion using LoRA merg-
ing (CAT and TIES). αau, αin and αuk highlighted in
blue in case of CAT are trainable. Similarly, Aau, Ain,
Auk, Bau, Bin and Buk highlighted in blue in TIES are
pre-trained dialect-specific LoRA adapters merged with
fixed α weights.

One approach is to keep these adapters sepa-
rate (LoRA Separate) where each dialect-specific
adapter is loaded independently during inference
based on the target dialect. While this maintains
the distinct linguistic characteristics of each dialect,
it requires prior knowledge of the dialect and sep-
arate inference passes for each dialect. Another
approach is to merge the trained adapters using
LoRA merging techniques such as CAT (Prabhakar
et al., 2025) and TIES (Yadav et al., 2023) to pro-
duce a single adapter for all dialects.

CAT CAT is a LoRA merging method that first
trains separate LoRA adapters for each dialect in-
dependently, then learns layer-specific (l) mixing
coefficients to optimally combine these adapters,
enabling the model to handle multiple dialects with-
out retraining the base model. In each standard
LoRA layer, the original weight matrix (W0) stays
frozen, while the update is calculated as ∆W =
BA, where A ∈ Rr×k and B ∈ Rd×r are low-rank
decomposition matrices with r ≪ min(d, k). Here,
k and d are the input and output dimensions of W0

respectively, and r is the low-rank bottleneck di-
mension. For an input vector x, the forward pass
computes W0x+BAx.

CAT extends this by merging trained LoRA
adapters. As shown in Figure 1, this approach com-
bines LoRA updates from three dialect adapters
using layer-specific mixing coefficients:

∆W l = αl
auBauA

⊤
au+αl

inBinA
⊤
in+αl

ukBukA
⊤
uk

where αl
au, α

l
in, α

l
uk ∈ [0, 1] are trainable layer-

Figure 2: Overview of DialectMoE. LoRA adapters are
applied to self-attention layers as standard. At the feed-
forward layer, a sparse MoE is formed where all experts
share the base Feed Forward Network weights.

specific merging coefficients for the Australian, In-
dian, and UK dialect adapters respectively, and
Ak, Bk (for k ∈ {au, in, uk}) are the low-rank ma-
trices from each pre-trained dialect-specific LoRA
adapter. Unlike standard LoRA where only A and
B are trained, in CAT the dialect-specific LoRAs
are first trained independently, then frozen, and
only the mixing coefficients αl are learned to opti-
mally combine them at each layer l.

TIES TIES addresses interference between
merged models through a three-step process. This
method applies pre-processing steps before merg-
ing. First, we prune the smallest values in (Ak, Bk)
for k ∈ {au, in, uk}, retaining only the top λ ∈
[0, 1] fraction based on magnitude. Second, we
compute a majority sign mask by summing all
pruned parameters and storing the sign. Finally,
we apply weighted linear merging using only the
parameters matching the majority sign, effectively
resolving conflicts when merging adapters with
overlapping parameters as shown below:

∆W l =(αauBau + αinBin + αukBuk)

(αauAau + αinAin + αukAuk)
⊤

The weights in the equation, αau, αin, and αuk

are fixed hyperparameters which are typically set
uniformly, e.g., αau = αin = αuk = 1/3. (Yadav
et al., 2023)

3.2 DialectMoE
DialectMoE inserts multiple LoRA-based experts
within the feed-forward network blocks of the
frozen pre-trained model, employing a top-k router
mechanism to dynamically select the most relevant
experts for each input (Li et al., 2024). In our case,
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each expert is assumed to be specialized in a dis-
tinct dialect after training, allowing the model to
process dialect-specific nuances without the need
to train separate adapters for each dialect and over-
loading the GPU memory.

As shown in Figure 2, DialectMoE consists of
two parts. The left component is the transformer ar-
chitecture with frozen base model augmented with
LoRA adapters at various layers (Self Attention,
Layer Norm, and Feed-Forward layers). The right
component shows the sparse MoE mechanism with
three dialect-specific experts.

Input tokens first pass through the standard trans-
former layers (Self Attention and Layer Norm) in
the base model. At the feed forward layers, the in-
put tokens corresponding to each dialect are passed
to the top-k router which computes routing proba-
bilities and assigns each token from various tasks
(i.e. in our case dialects: AU, IN, UK) to different
expert modules. The boxes labeled "AU", "IN",
and "UK" below the experts represent the weighted
gating mechanism that determines how much each
expert contributes to the final output.

Each expert module comprises a feed-forward
network with LoRA adapters. The outputs from
the selected adapters are then combined using
weighted sum (

∑
). The weights are determined us-

ing the routing probabilities assigned by the top-k
router. The output is then passed to the next lay-
ers of transformers allowing the model to leverage
dialect-specific knowledge while maintaining the
efficiency of the sparse MoE architecture.

4 Experiments

Models We evaluate five open-source LLMs,
three predominantly pre-trained using English cor-
pora (Mistral-v0.1 7B Instruct (Jiang et al., 2023),
Gemma2-9B Instruct (Team, 2024), Phi-3 Medium
Instruct (et al., 2024)) and two multilingual mod-
els (Llama 3.1 8B Instruct (Weerawardhena et al.,
2025), Qwen 2.5 7B Instruct (Yang et al., 2025).
We conduct experiments in zero-shot and few-shot
settings.

All models are fine-tuned in half-precision for
5 epochs, with a batch size of 8 and Adam op-
timizer. The optimal learning rate is highly de-
pendent on the LLM as well as the technique, but
varies from 1e-5 to 2e-4. Learning rate selection
was based on monitoring training loss convergence
during preliminary runs, with particular attention
to the Mistral-v0.1 7B Instruct which required

lower learning rates (1e-5) across all proposed ap-
proaches for stable training.

All experiments are performed using two
NVIDIA A100 40GB GPUs and two NVIDIA
A100 80GB GPUs. We implemented the proposed
approaches using the MoE-PEFT library2, an LL-
MOps framework designed for high-throughput
fine-tuning, evaluation and inference.3

Dataset All experiments are conducted on
BESSTIE, a dataset for sentiment and sarcasm
classification crawled from Google Places reviews
and Reddit comments (Srirag et al., 2025a). The
dataset is labeled with three varieties of English:
Australian (AU), British (UK), and Indian (IN).

Variety Subset Train Valid % Pos. Sent % Pos. Sarcasm
AU Google 946 130 73% 7%

Reddit 1763 241 32% 42%
IN Google 1648 225 75% 1%

Reddit 1686 230 25% 13%
UK Google 1817 248 75% 0%

Reddit 1007 138 12% 22%

Table 1: Dataset statistics for the two tasks: sentiment
and sarcasm classification.

Table 1 shows dataset statistics. BESSTIE com-
prises 11,963 samples across the three English di-
alects. The training set comprises 8,867 samples,
the validation set 1,212 samples, and the test set
2,523 samples. The class distribution varies sig-
nificantly, with the Google-sourced data indicating
high positive sentiment (about 73–75%) and low
sarcasm (0–7%). In contrast, the Reddit-sourced
data for each type shows substantially lower posi-
tivity (varying from 12% to 32%) and greater sar-
castic levels (13–42%). Overall, Google data tends
to be more positive, less sarcastic, and more ver-
bose, while Reddit data is more neutral or negative,
more sarcastic, and more concise.

We utilize the provided training set for fine-
tuning all models, while the validation set is used
for evaluation purposes, as the test set is not in-
cluded in the publicly available version.

Although both the Google and Reddit subsets are
annotated for sentiment and sarcasm, the Google
subset contains very few positive sarcasm instances
across all dialects (0–7%) as evident from Table
1. Due to this extreme class imbalance, we do not
conduct experiments on the sarcasm classification
task using the Google data.

2https://github.com/TUDB-Labs/MoE-PEFT
3Further implementation details, including prompt tem-

plates, are in Appendix A.
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Baselines As there are no baselines with a similar
objective, we compare against the following:

• Zero-shot prompting: We utilise the instruc-
tion variant of LLMs using the same evalua-
tion setup without any additional fine-tuning.

• Few-shot prompting: We give the instruction
variant of LLMs two input-output examples
in the prompt to demonstrate the task before
evaluation, without additional fine-tuning.

• LoRA without dialect separation (LoRA
Grouping): We train LoRA adapters by group-
ing the dialects for a subset of the data. For
each model, we train a single adapter for the
sarcasm classification task and two adapters
for sentiment classification, one for each
source (Google, Reddit).

5 Results and Analysis

The results for sarcasm and sentiment classifica-
tion in zero-shot and few-shot settings are in Table
2 and Table 3, respectively. We report task per-
formance using accuracy and weighted F1 score.
In general, sarcasm classification seems to be the
more challenging task.

5.1 Sarcasm Classification
Which model performs best? In the zero-shot
setting, Gemma-2 achieves the highest average per-
formance across all dialectal variants, with an aver-
age F1 score of 80.79% using LoRA Separate. In
the few-shot setting, Llama 3.1 with DialectMoE
achieves the highest average F1 score of 72.47%
across all dialectal variants, demonstrating substan-
tial improvements, particularly on UK and IN di-
alects. Gemma-2 using LoRA Separate maintains
strong performance with an average F1 score of
76.20%.

How consistent is performance across dialects?
Performance across dialects varies significantly.
Australian English is the most challenging, with an
F1 score generally in the range of 40-75%. Indian
English performs best when fine-tuned (70-80%
F1), but the baseline seems to struggle (10-40%
F1). UK English shows the highest variation in F1

scores, ranging from 20 to 80% F1).

How do proposed techniques compare against
baselines? Baselines generally achieve low F1

scores. For example, the results using Mistral-7B
Instruct in zero-shot (33.34% on AU, 14.67% on

UK, 9.99% on IN) are significantly lower than
those of DialectMoE (66.29% on AU, 79.52%
on UK, 81.0% on IN). This holds true for few-
shot where the Mistral-7B Instruct performs worse
(56.07% on AU, 25.88% on UK, 17.79% on IN)
than LoRA Separate (63.82%, 71.71%, 80.27% on
each dialect respectively).

Which merging technique is most effective in
DialectFusion? LoRA Separate almost always
outperforms CAT and TIES. It achieves the highest
or the near-highest accuracy in almost all cases.
In the zero-shot setting, CAT shows competitive
performance especially for Phi-3 on UK and AU
dialects, but TIES underperforms both LoRA Sep-
arate and CAT, often yielding results closer to the
baseline.

How does DialectFusion compare to Dialect-
MoE? DialectMoE excels for some models in
zero-shot settings, achieving 5-15% F1 improve-
ments over DialectFusion methods, particularly
on UK and IN dialects. DialectFusion (especially
LoRA Separate) provides more consistent and re-
liable performance across both few-shot and zero-
shot scenarios.

5.2 Sentiment Classification

Which model performs best? In the zero-shot
setting, DialectMoE achieves remarkable perfor-
mance on Reddit using Mistral 7B across dialects.
For Google Sentiment, DialectFusion with CAT
merging shows the strongest performance on Phi-
3 and Qwen 2.5 models, with Qwen achieving
98.46% F1 on AU and Phi-3 reaching 99.19% on
UK dialect. In the few-shot setting, Gemma 2 with
LoRA Grouping achieves the best performance on
UK and AU on the Reddit subset, and maintains a
high F1 score on the Google subset.

How consistent is performance across dialects?
Performance across dialects varies significantly. In-
dian English appears to be the most challenging
dialect across sentiment tasks. On the Reddit sub-
set, Mistral 7B shows the weakest results in zero-
shot setting. For Google Sentiment, Llama 3.1
struggles across all dialects in the zero-shot setting.
However, using DialectMoE shows substantial im-
provements, achieving scores above 85%. In both
zero- and few-shot, UK English demonstrates the
strongest and most stable overall performance, with
scores typically ranging from 90-99% F1 across
different models and techniques.
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Reddit Sarcasm Reddit Sentiment Google Sentiment

Model Technique AU UK IN Avg AU UK IN Avg AU UK IN Avg

Mistral-7B

Instruct 33.34 14.67 9.99 19.33 77.51 80.23 73.58 77.11 93.85 94.74 83.60 90.73
LoRA Group 43.63 68.38 80.27 64.09 88.38 94.20 83.44 88.67 96.92 96.32 86.52 93.25

LoRA Sep 63.86 68.38 80.27 70.84 87.38 86.85 84.76 86.33 97.68 95.44 85.88 93.00
CAT 43.63 68.38 80.27 64.09 85.61 88.97 83.71 86.10 97.68 96.72 84.76 93.05
TIES 48.00 18.27 25.02 30.43 80.97 83.51 77.86 80.78 95.34 94.68 83.55 91.19

DialectMoE 66.29 79.52 81.00 75.60 90.91 96.66 90.44 92.67 96.16 97.16 88.16 93.83

Phi-3

Instruct 72.69 44.82 58.53 58.68 86.85 89.54 83.11 86.50 94.76 95.64 86.47 92.29
LoRA Group 57.36 70.22 77.89 68.49 87.90 94.70 85.68 89.43 94.59 96.70 86.99 92.76

LoRA Sep 66.08 68.38 80.27 71.58 88.65 92.13 86.48 89.09 95.38 97.12 87.76 93.42
CAT 50.33 72.06 81.81 68.07 89.25 91.52 88.16 89.64 96.14 99.19 87.55 94.29
TIES 73.41 54.37 66.71 64.83 88.82 91.12 84.98 88.31 94.73 96.43 85.53 92.23

DialectMoE 68.67 58.60 60.83 62.70 86.35 93.84 83.93 88.04 74.79 83.91 50.51 69.74

Qwen 2.5

Instruct 61.25 30.26 46.45 45.99 85.16 91.29 84.67 87.04 96.95 98.01 87.15 94.04
LoRA Group 74.67 73.34 82.22 76.74 89.31 93.84 85.01 89.39 95.38 97.57 86.41 93.12

LoRA Sep 74.67 73.34 82.22 76.74 89.31 93.84 85.01 89.39 95.38 97.57 86.41 93.12
CAT 42.69 69.63 81.06 64.46 88.65 94.03 82.8 88.49 98.46 97.55 86.52 94.18
TIES 59.71 70.44 76.5 68.88 85.16 93.1 86.48 88.25 94.69 97.61 85.69 92.66

DialectMoE 73.17 81.71 83.21 79.36 90.16 96.51 88.56 91.74 94.59 98.79 86.74 93.37

Llama 3.1

Instruct 57.71 23.99 38.28 40.00 78.79 91.12 81.90 83.94 78.32 75.54 76.66 76.84
LoRA Group 51.25 75.18 79.62 68.68 89.04 94.70 84.49 89.41 97.68 97.55 87.55 94.26

LoRA Sep 61.02 68.38 80.27 69.89 88.84 95.38 71.77 85.33 96.89 96.72 87.89 93.83
CAT 42.69 68.38 80.27 63.78 85.55 94.86 81.66 87.36 96.89 97.15 88.06 94.03
TIES 69.15 42.68 61.10 57.64 80.44 91.29 84.06 85.26 96.23 95.23 84.25 91.90

DialectMoE 70.58 78.40 85.08 78.02 91.24 96.42 88.73 92.13 96.89 97.99 88.72 94.53

Gemma 2

Instruct 54.94 18.89 22.48 32.10 84.89 90.85 87.03 87.59 86.89 88.55 84.37 86.60
LoRA Group 72.18 81.76 83.03 78.99 90.80 94.99 89.50 91.76 96.95 98.40 86.00 93.78

LoRA Sep 78.14 78.98 87.24 81.45 89.17 96.21 87.83 91.07 94.53 97.99 87.41 93.31
CAT 52.43 77.84 83.95 71.41 89.4 94.70 85.55 89.88 96.17 97.18 86.01 93.12
TIES 76.08 50.56 57.10 61.25 87.59 93.23 89.50 90.11 95.50 94.91 87.28 92.56

DialectMoE 46.52 69.24 79.92 65.23 88.74 91.29 82.41 87.48 83.21 89.42 76.56 83.06

Table 2: F1 scores for zero-shot experiments across different models and techniques.

In the few-shot setting, several models (Mistral-
7B Instruct, Gemma 2 with DialectMoE) yield
lower F1 compared to zero-shot. All models show
moderate stability on AU with F1 scores typically
in the 88-90% range for Reddit and 94-99% for
Google. Overall, sentiment classification tasks
show strong dialect robustness, with Google senti-
ment demonstrating superior performance where
most fine-tuned models achieve F1 scores above
95% across dialects, while Reddit sentiment shows
more variation with scores typically in the 85-96%
range.

How do proposed techniques compare against
baselines? In the zero-shot setting, for Reddit
sentiment, Mistral-7B Instruct shows the weakest
results for Indian English with F1 score of 73.58%,
whereas our proposed techniques achieve signif-

icantly higher scores. For instance, DialectMoE
demonstrates remarkable improvements, with Mis-
tral achieving F1 scores above 90% for all dialects.
DialectFusion using CAT merging in Phi-3 per-
forms better than LoRA Grouping and Instruct with
by 2-5% improvements, respectively, on the Indian
English dialect. For Google Sentiment, Llama 3.1
Instruct struggles across all dialects. In contrast, Di-
alectMoE shows significant improvements over the
baseline (∼20% each), demonstrating the effective-
ness of our proposed approach. DialectFusion with
CAT merging shows the strongest performance on
Phi-3, reaching 99.19% on UK, representing the
best results for this dialect. DialectFusion with
CAT and TIES provides robust performance, with
Qwen 2.5 CAT achieving 94.20% F1 on UK and
83.69% F1 on IN on Reddit sentiment, outper-
forming baselines by approximately ∼2%. For
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Reddit Sarcasm Reddit Sentiment Google Sentiment

Model Technique AU UK IN Avg AU UK IN Avg AU UK IN Avg

Mistral-7B

Instruct 56.07 25.88 17.79 33.25 69.36 59.61 65.69 64.89 92.55 90.29 83.33 88.72
LoRA Grouping 58.29 63.28 61.35 60.97 81.54 81.36 73.18 78.69 96.14 95.84 83.46 91.81

LoRA Separate 63.82 71.71 80.27 71.93 79.13 68.95 76.55 74.88 94.64 94.98 84.20 91.27
CAT 52.92 69.74 77.67 66.78 71.93 69.58 73.10 71.54 93.90 95.08 83.98 90.99
TIES 60.02 39.72 33.13 44.29 69.86 59.61 67.43 65.63 93.27 92.53 85.73 90.51

DialectMoE 61.98 68.41 82.29 70.89 79.70 79.60 77.45 78.92 93.27 93.64 86.07 90.99

Phi-3

Instruct 74.76 50.87 59.48 61.70 84.89 91.12 83.24 86.42 94.04 96.06 84.93 91.68
LoRA Grouping 68.84 68.22 74.68 70.58 83.60 91.71 79.76 85.02 94.73 97.20 85.05 92.33

LoRA Separate 67.42 68.38 80.27 72.02 87.92 92.94 83.95 88.27 94.64 96.38 88.16 93.06
CAT 56.07 73.05 79.82 69.65 84.89 93.10 84.05 87.35 96.17 97.61 86.99 93.59
TIES 72.82 55.36 64.14 64.11 84.08 92.32 84.41 86.94 93.27 96.45 85.73 91.82

DialectMoE 64.30 69.32 75.96 69.86 79.32 94.51 82.25 85.36 92.97 93.90 84.90 90.59

Qwen 2.5

Instruct 69.85 53.66 64.30 62.60 84.60 87.98 81.30 84.63 91.11 94.53 86.25 90.63
LoRA Grouping 71.12 76.69 80.97 76.26 86.03 92.32 76.80 85.05 96.17 96.38 87.40 93.32

LoRA Separate 70.70 80.14 80.27 77.04 90.37 92.54 83.30 88.74 96.98 95.95 86.47 93.13
CAT 42.69 68.38 80.27 63.78 88.04 94.20 83.69 88.64 96.98 97.58 85.69 93.42
TIES 65.03 70.22 78.25 71.17 83.06 88.67 80.58 84.10 94.76 96.06 89.50 93.44

DialectMoE 52.29 64.33 49.62 55.41 87.42 85.63 76.19 83.08 94.73 95.58 88.10 92.80

Llama 3.1

Instruct 51.48 19.85 19.48 30.27 80.98 92.63 82.96 85.52 90.39 91.12 81.39 87.63
LoRA Grouping 54.81 42.50 62.18 53.16 89.89 92.48 86.13 89.50 92.44 95.62 87.35 91.80

LoRA Separate 61.58 68.38 80.27 70.08 81.16 82.60 73.50 79.09 88.85 94.77 82.40 88.67
CAT 42.69 68.38 80.27 63.78 79.48 86.00 77.47 80.98 86.73 90.32 84.69 87.25
TIES 70.30 43.82 49.14 54.42 78.84 90.85 85.70 85.13 91.77 95.25 84.64 90.55

DialectMoE 53.20 80.82 83.21 72.41 74.56 84.65 70.26 76.49 94.73 96.42 87.87 93.01

Gemma 2

Instruct 72.35 31.48 39.09 47.64 86.85 91.43 85.19 87.82 91.87 93.73 88.83 91.48
LoRA Grouping 57.14 84.80 83.21 75.05 89.64 96.21 84.73 90.19 93.85 99.19 87.40 93.48

LoRA Separate 77.49 73.09 83.21 77.93 89.93 94.35 83.32 89.20 93.85 97.14 85.60 92.20
CAT 45.45 81.61 87.95 71.67 90.77 94.86 85.63 90.42 95.38 97.98 85.60 92.99
TIES 74.79 64.80 69.60 69.73 88.10 93.23 87.33 89.55 94.76 95.64 88.57 92.99

DialectMoE 48.19 69.00 79.70 65.63 84.76 90.45 81.66 85.62 79.43 79.27 79.85 79.52

Table 3: F1 scores for few-shot experiments across different models and techniques.

Google sentiment, Gemma 2 with LoRA Grouping
in the few-shot setting demonstrates strong perfor-
mance with F1 reaching 99.99% for UK. Dialect-
MoE performs considerably better for Llama 3.1,
outperforming both baselines. DialectFusion with
CAT provides robust performance on Gemma 2
and Qwen 2.5.

How does DialectFusion compare to Dialect-
MoE? DialectMoE proves to be effective in zero-
shot setting on both Reddit and Google senti-
ment subsets. For Reddit Sentiment, DialectMoE
achieves remarkable performance across Llama 3.1,
Qwen 2.5, and Mistral-7B, with Mistral-7B show-
ing the strongest performance across dialects. For
Google sentiment, DialectMoE yields high scores
across multiple models, and Llama 3.1 showing sig-
nificant improvements compared to its baselines.

In the few-shot setting, DialectFusion with CAT
and TIES is more consistent and reliable. For
Reddit sentiment, DialectFusion with CAT demon-
strates strong performance compared to Dialect-
MoE, with Qwen 2.5 CAT achieving 88.04% on
AU, 94.20% on UK, and 83.69% on enIN with
∼8% advantage over the latter approach. Gemma
2 shows strong performance with both CAT and
TIES. In contrast, DialectMoE exhibits mixed ef-
fectiveness in the few-shot scenarios. For Reddit
sentiment, Mistral-7B achieves as low as 77.45%
on IN, below results in the zero-shot setting. For
Google sentiment, DialectFusion with CAT pro-
vides robust performance, with Gemma 2 and
Qwen 2.5 achieving high scores. Overall, Dialect-
MoE excels in zero-shot settings, while DialectFu-
sion provides more stable performance across both
settings.
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ID Dialect Domain Task Example True Base LoRA CAT TIES MoE

1 UK Reddit Sentiment "Looks like we got a genius over here" 0 1 1 0 (Phi) 1 0 (Llama)

2 IN Google Sentiment "Very famous and renowned bhaaji box shop. Quality is good.
Little overpriced."

1 0 0 0 0 1 (Llama)

3 UK Google Sentiment "It’s a very good pub. The food is also nice, but the price is too
high for the size you get, so sorry to add this comment. I just
couldn’t believe 7 plus service on chicken strips. It’s just not
worth it eating out. I am not sure how that can be improved"

1 0 0 1 (Qwen) 0 0

4 AU Reddit Sentiment "Urgent care clinics might be your next best option: It emer-
gency but for non life threatening issues, anything life threat-
ening I’d be calling an ambulance."

0 1 1 0 (Phi) 1 1

5 AU Reddit Sarcasm "They present *opinion* from those sources. But of course,
opinion that aligns with one’s ideology is *analysis*. As you
said, you shouldn’t give credit to the news source for referring
to *analysis* of others. Glad we agree those two measures
quoted by The Spectator and The Guardian are inflationary (or
at least I think we agreed, you haven’t moved past the whole
media watch thing yet)."

0 1 1 0 (Gemma) 1 0

6 AU Reddit Sarcasm "The Decepticons are infiltrating and taking over" 1 1 1 0 1 (Gemma) 0

7 IN Reddit Sarcasm "Was she playing pub G? On a serious note tho, om Shanti." 1 0 0 0 0 0

8 IN Reddit Sentiment "bro woke up to revenge the out of context use of his speech" 1 0 0 0 0 0

Table 4: Behavior of different methods across different dialects, domains, and tasks. Base denotes the Instruct
variant, LoRA denotes LoRA Grouping, CAT and TIES refer to DialectFusion, and MoE refers to DialectMoE.
Examples demonstrate cases where: baselines fail but proposed methods succeed (1-4), CAT vs TIES divergence
(5-6), and all methods fail (7-8).

5.3 Qualitative Analysis

Next, we provide a qualitative analysis of the be-
havior of baselines and our proposed methods, with
examples shown in Table 4.

The first three examples show the case where
the baselines fail, but our proposed methods, Di-
alectMoE on Qwen 2.5 and Llama 3.1 as well as
DialectFusion with CAT merging on Phi-3 classify
the sentiment correctly. Example 2 contains di-
alectal vocabulary ("bhaaji") and mixed sentiment.
While baselines fail, DialectMoE on Llama 3.1
correctly classifies the sentiment to be positive (1),
suggesting its dialect-specific experts better capture
regional linguistic patterns and sentiment expres-
sions. Example 3 illustrates the peformance of Di-
alectFusion with CAT in correctly identifying the
overall positive sentiment, while all other methods
fail. This demonstrates CAT’s effective merging of
dialect-specific knowledge, which appears particu-
larly valuable for expressions in British English.

Examples 5-6 illustrate the case where CAT
succeeds but TIES fails, and vice versa. Exam-
ple 5 illustrates DialectFusion with CAT correctly
identifying sarcasm distributed across multiple sen-
tences with embedded quotes, whereas DialectFu-
sion with TIES fails. On the other hand, Example
6 shows CAT failing on brief statements with clear
cultural markers, whereas TIES correctly identifies
this "pop culture" reference as sarcastic.

Example 2 demonstrates the case where Dialect-
MoE performs correct classification while CAT and
TIES fail. The reason may be that the routing mech-
anism successfully directs examples to specialized
experts, whereas merging approaches fail to aggre-
gate the distributed knowledge effectively when
dialectal signals ("bhaaji") are strong. However,
CAT demonstrates superiority when dialectal sig-
nals are ambiguous, as evident from Example 4.
While DialectMoE fails across all models, CAT
succeeds consistently.

Error Analysis We also present error cases (Ex-
amples 7 and 8) in Table 4 to reveal limitations of
proposed approaches. In Example 7, all the models
misclassify the example as non-sarcastic (0); this
may be due to models focusing on surface level
lexical cues such as "serious" and "Om Shanti",
failing to capture the pop culture reference of the
game called PubG which provides the sarcastic
intent. Similarly, for the informal Indian English
expression (Example 8) "bro woke up to revenge",
all proposed methods, including baselines, fail to
capture the positive sentiment towards defensive
action.

Overall, the proposed approaches demonstrate
promising advantages for dialect adaptation, with
effectiveness varying across zero-shot and few-shot
settings as well as task. For instance, Dialect-
MoE performs best for both tasks in zero-shot, Di-
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alectFusion using CAT merging is competitive on
the sentiment classification task, especially on the
Google subset, and LoRA Separate is especially
effective in the few-shot setting where other ap-
proaches under-perform.

Although LoRA Separate achieves robust per-
formance in most settings since each dialect has
its own dedicated adapter trained on isolated di-
alectal examples without parameter-sharing con-
straints, this causes difficulties at inference time,
particularly when inputs are from mixed dialects.
In contrast, fusion-based approaches produce a sin-
gle model, eliminating the need for adapter selec-
tion during inference and thus reducing deployment
complexities and memory overhead. These meth-
ods better handle mixed or unknown dialectal in-
puts. While our results indicate that merging strate-
gies do not consistently yield positive transfer, the
competitive performance of CAT demonstrates an
effective strategy for translating separately trained
adapters into practical systems.

DialectMoE demonstrates positive transfer, par-
ticularly in zero-shot settings, indicating that the
routing mechanism enables expert specialization
by directing each token to the most suitable expert.
The shared feed forward network captures univer-
sal English patterns, while the LoRA experts seems
to specialize in dialect-specific features. Moreover,
the gating mechanism can leverage multiple experts
when inputs exhibit cross-dialectal characteristics.
The observed performance degradation in few-shot
settings may stem from overfitting due to limited
few-shot examples, causing the router to focus on
in-context learning as opposed to the generaliza-
tion acquired during training. DialectMoE does not
encounter difficulties when handling mixed-dialect
inputs as there is a single adapter for multiple di-
alects where experts represent the differentiating
factor. Although DialectMoE incurs routing com-
putation costs, it activates only the top-k experts
per token, resulting in more efficient inference time
than full multi-adapter approaches, while maintain-
ing dynamic adaptation capabilities.

6 Conclusion

In this paper, we evaluated the performance of
five open-source LLMs across Australian, British,
and Indian English dialects, and proposed two
parameter-efficient frameworks based on LoRA
adapters and mixture of experts to enhance their
robustness. Our first approach, DialectFusion in-

volves training separate LoRA adapters for each
dialect and merging them using two techniques,
CAT and TIES. Among these, CAT demonstrates
stable performance improvements across most of
the LLMs. Our second approach, DialectMoE,
based on mixture-of-experts framework, shows
strong overall performance, with particularly no-
table gains for Qwen 2.5, LLaMA 3.1, and Mistral-
7B. Experimental results indicate that both ap-
proaches consistently outperform baseline methods
including instruction-tuned models and standard
LoRA fine-tuning, which demonstrate the effective-
ness of parameter-efficient strategies for improving
dialect robustness.

Limitations

Our work has several limitations. First, Dialect-
MoE does not support all the models and custom
implementation is needed for extending beyond the
provided models which might not be a scalable
approach. Additionally, our error analysis reveals
that all our methods, including DialectMoE, strug-
gle possibly because of their reliance on surface
level lexical cues indicating limited contextual un-
derstanding. This suggests that parameter-efficient
adaptation on its own might not be sufficient for
capturing culture specific intent without having a
complementary mechanism for external knowledge
and reasoning.
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original implementations to account for prompt
templates of various instruct models so the fine-
tuning remains consistent. In case of DialectMoE,
to represent number of dialects (en-AU, en-UK,
en-IN), we set the number of experts to 3 for ev-
ery LLM except Mistral. We assign the number
of experts to 6 for sarcasm classification and 8 for
sentiment classification because the lower number
of experts did not result in convergence. Similarly,
the learning rates were lowered to 1e-5 from 2e-4
for convergence (DialectMoE).

Since our experiments focus on instruction-
tuned LLMs, it was important to prevent catas-
trophic forgetting of their instruction-following ca-
pabilities while fine-tuning them on the BESSTIE
dataset (van de Ven et al., 2025). For this reason,
we augment the BESSTIE dataset with FineTome-
100k. The FineTome-100k dataset is a filtered ver-
sion of The Tome dataset, which consisted of high
quality multi-turn conversation compiled from 9
public datasets and curated using a reranker, educa-
tional value scoring and composite scoring (arcee-
ai, 2024). We augment all our training datasets with
2000 samples of FineTome-100k (Ding and Wang,
2025) and also transformed each sample into a user-
assistant message pair with task-specific prompts
as mentioned below. Finally, we also validate that
all conversations maintain proper role alternation
i.e. starting with user, ending with assistant and
no consecutive messages from the same role. This
helps in filtering out any malformed example and
also perform de-duplication.

A.1 Prompt Templates
We use two task-specific prompts as outlined in
the BESSTIE paper, one for each task. For sen-
timent classification, we then prompt the model
with: “Generate the sentiment of the given text. 1
for positive sentiment, and 0 for negative sentiment.
Do not give an explanation.”

Similarly, for sarcasm classification, we use:
“Predict if the given text is sarcastic. 1 if the text is
sarcastic, and 0 if the text is not sarcastic. Do not
give an explanation.”

Given the text and a task-specific prompt, the
expected behavior of the LLM is to generate either
1 (for positive) or 0 (for negative).
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