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Abstract—Code-switching, the alternation between languages
within a sentence or discourse, poses significant c hallenges in
Natural Language Processing (NLP). Effective NLP systems
must employ advanced modeling techniques to accurately pro-
cess and generate code-switched text, capturing the linguistic
nuances and contextual dependencies. This study evaluates
five o pen-source L arge L. anguage M odels (LLMs)—Mistral,
SealLLM, Falcon, Phi-3-mini, and Gemma—on their perfor-
mance with code-switched Tagalog-English (Taglish) queries
in a retrieval-augmented generation (RAG) task. Mistral and
SeaLLM outperformed the others in generating contextually
grounded and relevant answers, attributed to their advanced
architectures and extensive multilingual training data. In con-
trast, Falcon, Phi-3-mini, and Gemma struggled with effective
code-switching handling. The models performed best on En-
glish queries, followed by Taglish, with the lowest performance
on Tagalog queries, highlighting the need for more balanced
training data for low-resource languages. Additionally, models
retrieved context better from .pdf documents compared to
.txt files. F uture r esearch s hould f ocus o n a nalyzing lan-
guage composition in datasets, investigating real-world code-
switching behavior, and studying the effects of code-switching
on model understanding to enhance NLP accessibility for
underrepresented languages.

Keywords—Large Language Models (LLM), code switching,
retrieval augmented generation

I. INTRODUCTION

The emergence of Large Language Models (LLMs) has
ushered the unrelenting improvement of Natural Language
Processing (NLP), enabling significant advancements across
a variety of applications [1], from machine translation [2],
[3]] to conversational agents [4], [S]. These models, trained
on vast amounts of text data, have demonstrated an un-
precedented ability to understand and generate human-like
text, making them invaluable tools for numerous NLP tasks.
Among these applications, Retrieval-Augmented Generation
(RAG) stands out as a promising approach that combines the
strengths of retrieval-based and generation-based models to
produce more accurate and contextually relevant responses
[6]. By capitalizing on external knowledge bases during
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the generation process, RAG models can retrieve pertinent
information and seamlessly integrate it into their responses,
enhancing the overall quality and coherence of the generated
text.

However, the challenge of code-switching—where speak-
ers alternate between two or more languages within a sin-
gle conversation or sentence—poses unique difficulties for
LLMs [7]. Code-switching introduces linguistic complexity
that goes beyond simple bilingualism, requiring models to
not only understand multiple languages but also to navigate
the nuanced and dynamic transitions between them [§].
This phenomenon is particularly prevalent in multilingual
societies, such as the Philippines, where Tagalog-English
code-switching (commonly known as “Taglish™) is a com-
mon mode of communication. Taglish reflects the fluid
and adaptive nature of language use in such communities,
where speakers effortlessly blend elements of both lan-
guages in response to social, cultural, and contextual cues
[9]. Additionally, these linguistic complexities also increase
the likelihood of hallucination, where the model generates
plausible but factually incorrect or irrelevant responses [[10].
Hallucination is especially concerning in code-switched
environments, such as Tagalog-English, where the fluid
transition between languages can confuse the model, leading
to the generation of content that does not accurately reflect
the retrieved information.

The ability to effectively process and generate code-
switched text is crucial for creating NLP systems that can
serve multilingual populations in a manner that respects
and reflects their linguistic practices [11]]. In the context of
the Philippines, where Taglish is widely used in everyday
communication, media, and even formal settings, developing
LLMs capable of handling code-switching can significantly
enhance user experience and accessibility. Moreover, the
insights gained from studying Taglish can be extended to
other multilingual contexts, offering broader implications
for the global development of NLP technologies.

In one study, LLM-based QA systems were tested on their
abilities to generate answers in the language of the question,
regardless of the language of the retrieved context [12].
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These QA systems used mBERT, mT5-base, mLUKE, and
XLM-RoBERTa, which are multilanguage-capable models
employed in the context of cross-lingual open-retrieval
question answering. The best-constrained system for tagalog
was mLUKE with FiD which achieved 20.8 F1 on Tagalog.
This is significantly better than other systems with nearly
zero F1 scores. The improvement in Tagalaog performance
was attributed to using entity-aware retrieval representations
and the inclusion of the Tagalog Wikipedia passages for
retrieval while the poor performance of the other systems
is likely due to them not incorporating sufficient Tagalog-
specific resources for retrieval and generation.

This paper aims to benchmark the performance of open-
source large language models on code-switched Tagalog-
English retrieval-augmented generation tasks. Despite the
widespread use of code-switching in multilingual commu-
nities, research on LLMs’ ability to handle such mixed-
language inputs remains limited. By focusing on Tagalog-
English code-switching, this study seeks to address a signif-
icant gap in the current understanding of LLMSs’ capabilities
and limitations.

This work will evaluate several state-of-the-art LLMs, ex-
amining their effectiveness in the generation phase. Through
comprehensive benchmarking, this research aims to provide
valuable insights into the optimization of open-source LLMs
for code-switched environments, thereby enhancing their
applicability in real-world, multilingual settings.

As the demand for multilingual and culturally adaptive Al
grows, understanding and improving LLMs’ performance in
mixed-language contexts becomes increasingly critical. This
research not only addresses a pertinent technical challenge
but also supports the broader goal of fostering inclusive and
accessible Al technologies for diverse linguistic communi-
ties.

II. RELATED WORK

A. A Brief Overview of Retrieval Augmented Generation
(RAG)

Pre-trained language models such as general purpose
seq2seq models are powerful tools in NLP which are
capable of capturing extensive world knowledge within
their parameters. While these models exhibit strong perfor-
mance across a range of tasks, they occasionally produce
plausible but incorrect information. This issue arises from
inherent difficulties in accessing and updating their under-
lying knowledge base. On the other hand, retrieval-based
methods, which use externally retrieved texts, provide a
precise and easily updatable knowledge access mechanism
which is useful for many NLP tasks. In this area, dense
retrieval techniques are increasingly outperforming tradi-
tional information retrieval methods that rely on heuristics
[13]. However, training dense retrievers require labels for
supervision and incorporating them to downstream models
usually require task specific architectures. RAG combines
the strengths of seq2seq models with explicit knowledge
retrieval to potentially address these limitations. This is
achieved by jointly learning end-to-end latent retrieval and
generation [[14].

The process of RAG is defined as the interaction between
two components, namely the retriever and the generator, in
which the retriever augments the output of the generator by

providing contextually relevant information in at least one
step of the generation pipeline [15]]. A basic RAG pipeline
proceeds with the ingestion phase where raw documents
are parsed and broken down into more manageable chunks.
These chunks are converted into meaningful embeddings
using pre-trained transformer-based models [16]]. These em-
beddings are indexed in a vector store to facilitate efficient
retrieval when a query is made. A user or system-generated
query is converted into embeddings using the same pre-
trained transformer-based model. These are then queried in
the vector store using similarity search to retrieve the top
k most relevant chunks. The original query and the top k
retrieved chunks are fed into an LLM where the combined
information is synthesized and a coherent and contextually
relevant response is generated [17].

A common use case of RAG is connecting LLMs with
an organization’s proprietary data [[18]. This integration
allows users to obtain specific information more quickly
and accurately by only parsing through the relevant sections
of documents from the organization’s database. In these
use cases where RAG is productionized, improved retrieval
techniques and evaluation metrics are paramount.

B. Large Language Models for RAG

Retrieval-Augmented Generation (RAG) bring new ad-
vancements to enhance LLMs by incorporating external
sources of knowledge to improve the factual accuracy of the
generated content [6]]. This incorporation has become crucial
for advancing the capabilities of LLMs in real-world ap-
plications, particularly in complex and knowledge-intensive
tasks. The widespread accessibility of LLMs, mainly due to
their open-source nature, has made experimental research
more feasible. As a result, many studies have explored
the effects of RAG on these models. This literature review
assesses the current state and application of RAG in various
LLMs, discussing the benefits and challenges that come with
this technology.

Integrating RAG with many LLMs has led to notable
improvements in accuracy. Gemini models, particularly
Gemini Pro’s (GPro) factual accuracy and context-specific
generation are improved by RAG utilizing relevant external
information and temporal ordering [19]. Without RAG,
GPro performs well but lacks the same level of factual
grounding and contextual accuracy. In multimodal tasks,
such as image understanding and speech recognition, Gem-
ini models show notable improvements with RAG.

The accuracy improvement is also seen with BLOOM
models. Integrating RAG with BLOOM models enhances
their performance, particularly in handling long-context
scenarios [20]. The effectiveness of RAG in providing
additional contextual information and reducing interference
from irrelevant data are noticeable due to the accuracy im-
provements are consistent across different BLOOM model
sizes. Similarly, the Mistral model also benefits significantly
from RAG integration, showing improvements in precision,
recall, F1-score, BLEU, and ROUGE scores. The use of
external knowledge sources like Wikipedia helps reduce
hallucinations and generate more factually accurate and
coherent responses [21]].

The use of RAG also improves LLaMA-2’s performance
noticeably [22]]. The fine-tuned LLaMA-2 without addi-
tional context answered over half of the questions correctly,
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while LLaMA-2 with RAG showed a slight improvement.
However, the best performance was achieved with the Tree-
RAG (T-RAG) implementation, which combines RAG with
an entities tree for hierarchical context, significantly enhanc-
ing accuracy. T-RAG also demonstrated superior resilience
in the ”"Needle in a Haystack” test compared to RAG alone,
highlighting the benefits of integrating structured contextual
information. With that, it is worth noting that there is a
model called SeaLLLM-13B-vl1, trained with Southeast Asian
languages [23]]. This model was based from the LLaMA-2-
13B architecture.

Interestingly, not all models improve with the incor-
poration of RAG. GPT-4’s integration with RAG shows
mixed results when it comes to accuracy [24]]. The model’s
accuracy decreases slightly when RAG is used, indicating
that external context can sometimes introduce errors. The
model exhibits a high context bias, sometimes relying on
external context, even when it might be incorrect. However,
GPT-4 has a low prior bias, rarely disregarding correct
external context for its own incorrect prior knowledge.

In contrast, Claude Opus outperforms other models with
the highest accuracy and the lowest context bias [25[. It
adheres to incorrect contextual information less than GPT-4.
Claude Opus maintains a high accuracy with and without
RAG, showing strong performance regardless of external
context. The model also exhibits minimal prior bias, indi-
cating effective use of correct external context. Meanwhile,
PalLM achieves moderate accuracy with RAG, indicating
that a substantial portion of the responses generated were
correct when using retrieved chunks [26]. Interestingly,
PalLM’s accuracy increases without RAG, suggesting that
directly providing evidence improves accuracy more effec-
tively than relying on retrieval components.

The integration of RAG with LLMs significantly en-
hances their performance by providing additional context
and reducing the incidence of hallucinations. While RAG
still comes with challenges, such as context bias and po-
tential errors from external sources, the overall benefits in
accuracy and factual correctness contribute greatly to LLM
technology. Continued research and development in RAG
techniques and technology are essential for enhanced capa-
bilities of LLMs in complex and real-world applications.

ITII. METHODOLOGY
A. Selection of Large Language Models

A diverse set of large language models were selected
for performance evaluation on code-switched Tagalog-
English retrieval-augmented generation question answer-
ing task. These models were chosen based on rele-
vance and effectiveness in question answering. The se-
lected models are Mistral AI’'s Mistral-7B-Instruct-v0.3
[27], SealLLMs’ SealLLLMs-v3-1.5B-Chat [23]], TII’s Falcon-
7b-instruct [28]], Microsoft’s Phi-3-mini-4k-instruct [29],
and Google’s Gemma-7b-it [30]. These open-source mod-
els were implemented in the RAG evaluation pipeline as
discussed in the succeeding sub-sections.

Each model has distinct architectural innovations to en-
hance performance in language processing tasks. Mistral
integrates transformers and RNNs to manage long-term
dependencies and improve response accuracy [31]. SeaLLM
employs advanced transformer variants with enhanced at-
tention mechanisms and is fine-tuned for Southeast Asian

languages, excelling in multilingual and code-switched sce-
narios [23[]. Falcon features optimizations like FlashAt-
tention and multi-query attention in its transformer-based
architecture, enhancing memory efficiency and scalability
[32]]. Phi-3-mini uses a dense decoder-only transformer with
3.8 billion parameters, focusing on parameter efficiency
to generate high-quality text [29]. Gemma builds on the
original transformer architecture with positional encodings
and multi-head attention, boosting contextual understanding
and generation efficiency [30].

B. RAG Pipeline

Langchain’s RecursiveCharacterTextSplitter module [33]]
was used to split the documents into chunks of size 2000
and overlap equal to 100 characters. The document splits
and user queries were embedded using OpenAl embeddings.
The split embeddings were stored using Meta’s FAISS [34]
vector database. Fig. [T] illustrates the prompt template used
in the pipeline.

You are a smart assistant capable of answering
questions given a context derived from multiple
documents-

You will be given a gquestion and relevant
excepts from different documents related to the
guestion-

Please provide short and clear answers based on
the provided context. Be polite and helpful.

Context: {context}
Question: {question}
Answer:

Fig. 1. Prompt template used for the Retrieval Augmented
Generation (RAG) Pipeline.

C. Evaluation Dataset

The evaluation dataset used for this study was derived
from curated .txt and .pdf files spanning various doc-
ument types, including news articles, short stories, and
academic literature, each written in English, Tagalog, or
Taglish. From each file, 15 questions were manually ex-
tracted along with the corresponding answers and the actual
chunk of text from where the questions were derived. Each
of the 15 question and answer pairs are composed of three
groups of five questions, with each query group written in
English, Tagalog, or Taglish, irrespective of the language
of the source document. Adopting this approach allowed
for the dataset to encompass a variety of linguistic contexts
and complexities typical of code-switched interactions.

D. Evaluation Metrics

The similarity between LLM-generated responses and
human-generated responses was assessed using the ROUGE
and BLEU metrics from the evaluate module. These metrics
quantify the overlap between the model’s output and the
reference (human) output. For ROUGE, we obtained the
Fl-scores for unigram, bigram, and longest common sub-
sequence overlaps for each model. In the case of BLEU,
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TABLE 1. BLEU Scores

LLM BLEU 1-gram 2-gram 3-gram 4-gram BP LR
Gemma-7b-it 0.106744  0.207503  0.10953  0.082933  0.068879 1 1.733348
Mistral-7B-Instruct-v0.3 ~ 0.07296 0.15571  0.079069  0.054448  0.042271 1 2.366448
SeaLLMs-v3-1.5B-Chat  0.071617  0.149566  0.077573  0.054071  0.041933 1 3.379995
Phi-3-mini-instruct 0.015101  0.044451 0.014785 0.010182  0.007772 1 4.038158
falcon-7b-instruct 0.013154  0.048097  0.014359  0.007968  0.00544 1 4.187401

both the overall BLEU score and the precision scores for 1-
gram to 4-gram overlaps were extracted. Moreover, the per-
formance of each LLM’s integration into the pipeline were
also evaluated using three metrics, namely the Context Rele-
vance (CR), Answer Relevance (AR), and Groundedness (G)
metrics based on the implementation in BeyondLLM [35].
Each of these metrics form a benchmark that measures
the effectiveness of both the generated outputs based on
their relevance with their corresponding query and generated
context as evaluated by an LLM.

An integer score on the scale of 0 to 10 is assigned based
on an assessment of relevance made by the LLM on each
metric, where 0 corresponds to a generated result that is
least relevant to the context and contains no connections
to it, and 10 is a generated result that is most relevant
and fully supported by the context. The Context Relevance
metric is a rating of the relevance of the generated context
to the initial query, while the Answer Relevance metric
assesses the relevance of the generated answer to the initial
query. The Groundedness metric, on the other hand, is a
measure of the relevance of the generated answer to its
corresponding generated context. The evaluation pipeline
was built on LangChain’s ChatPromtTemplate class [33].
The LLM that was used for the evaluation of the pipeline is
OpenAl’s gpt-4o-mini [[36]] with temperature equal to zero
to avoid randomness. Each question and their corresponding
generated outputs for each of the selected LLMs has its
own scores for Context Relevance, Answer Relevance, and
Groundedness, which are then used to aid the discussion in
the succeeding section.

IV. RESULTS AND DISCUSSION
A. BLEU

The summary of results is shown in Table [l The BLEU
metric reveals a nuanced hierarchy among evaluated models.
Gemma-7b-it consistently achieves the highest scores, sur-
passing both Mistral-7b-instruct-v0.3 and seallms-v3-1.5b-
chat, which are closely matched. An important observation
is that Gemma-7b-it generates the shortest responses in
comparison to the other models. This result is closely tied to
BLEU’s nature as a precision-oriented metric, which tends
to penalize excessively verbose outputs. As the length of
the generated text increases relative to the reference, the
likelihood of producing non-matching n-grams also rises,
thereby diluting the proportion of correct n-grams and
reducing the overall precision score. Thus, brevity can lead
to improved BLEU scores by limiting potential mismatches
with the reference text.

B. ROUGE

The summary of results is shown in Table The
Seallms-v3-1.5b-chat model emerged as the top performer

across all three scores, demonstrating a commendable ability
to extract and present key information. This was evidenced
by a moderate level of content similarity with reference
answers. It was closely followed by the Mistral-7b-instruct-
v0.3 and Gemma-7b-it models. Conversely, Falcon-7b-
instruct and Phi-3-mini-4k-instruct lagged behind, produc-
ing more unintelligible responses than coherent ones. Both
Falcon and Phi struggled with fact recall and contextual
understanding, resulting in outputs that did not align well
with the reference materials. Notably, Mistral-7b-instruct-
v0.3 performed best when the questions and contexts were
presented in plain English, followed by Gemma-7b-it and
Seallms-v3-1.5b-chat. However, when both questions and
contexts were in Tagalog, Seallms-v3-1.5b-chat took the
lead, with Gemma-7b-it and Mistral-7b-instruct-v0.3 trail-
ing by a significant margin. A dditionally, Seallms-v3-1.5b-
chat excelled in code-switched Tagalog-English scenarios,
outperforming the competition and followed by Mistral-7b-
instruct-v0.3 and Gemma-7b-it.

TABLE II. ROUGE Scores

LLM Rouge-1  Rouge-2  Rouge-L
SealLLMs-v3-1.5B-Chat  0.234581  0.137146  0.208251
Mistral-7b-instruct-v0.3 ~ 0.210862  0.121331  0.197133

Gemma-7b-it 0.205109  0.121382  0.187456
Falcon-7b-instruct 0.075681 0.22684 0.069577
Phi-3-mini-instruct 0.054189  0.022935  0.048623

C. RAG Triad

Since BLEU and ROUGE have their limitations, the RAG
triad was also employed for evaluation to account for se-
mantic meaning and sentence structure. The distribution of
scores across three languages are visualized in Fig. 2] with
Fig.[24] Fig.[2b] and Fig. 2c|showing Groundedness, Context
Relevance, and Answer Relevance, respectively. Most of the
generated responses for both Mistral and SeaLLM show
good alignment with the given context, suggesting that both
models are generally successful in generating grounded
responses. On the other hand, the models Falcon, Phi-
3-mini, and Gemma typically exhibit subpar performance
in this aspect, with the majority of their scores centered
around zero. The remainder of the scores for these models
exhibit a sparse distribution across various values, implying
a deficiency in producing answers that are pertinent and
contextually grounded.

All five LLMs could retrieve relevant chunks for most
queries particularly when fed with English and Taglish
queries, as evidenced by the high Context Relevance for
these languages in Fig. 2b] This high context retrieval
performance may be helped by the emergent multilinguality
of LLMs, due to the fact that they are pre-trained on
inherently multilingual data [37]], although skewed toward
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10 corresponds to a generated output being completely relevant to the context or query, while a score of zero corresponds
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Fig. 3. Average Groundedness, Context Relevance, and Answer Relevance of each LLM.
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high-resource languages that are well represented in the
training data, such as English [38]], [39]. The retrieval
performance for purely Tagalog queries highlights this gap
in monolingual performance, with a greater frequency value
of zero-rated Context Relevance than other scores.

The scores for Answer Relevance in Fig. |[2c| vary widely
between two groups of LLMs, with Mistral and SeaLLM
exhibiting a higher frequency of high scores than those of
Falcon, Phi-3-mini, and Gemma, whose Answer Relevance
score frequency skews toward zero. A low Answer Rel-
evance score reflects the model’s inability to generate an
appropriate answer to the given query [35]], which indicates
lacking performance in what’s regarded as an important
component of a question answering task. The low scores
of the latter group of three LLMs are manifested similarly
to their low Groundedness score, further highlighting issues
in the generated answers for these LLMs.

D. Performance Across Languages

The benchmark results of each LLM on their integra-
tion into the pipeline are presented in Fig. It reveals
a clear trend in the performance of the models across
different languages, particularly in terms of Groundedness
and Answer Relevance. The models generally perform best
on English queries, followed by Taglish, with Tagalog
queries yielding the lowest performance. Notably, Mistral-
7B-Instruct-v0.3 demonstrates a strong ability to provide
query-relevant answers when the queries are in Taglish.
Mistral and SealLLM stand out as the top performers in both
Groundedness and Answer Relevance across languages. In
contrast, when considering Context Relevance, the models
are largely comparable, with only a slight edge observed in
Taglish queries over English ones. Regarding consistency
across languages, Gemma-7b-it exhibits the most stable
performance in Groundedness, while Mistral-7b-instruct-
v0.3 is the most consistent in Context Relevance. Phi-3-
mini-instruct is most consistent in Answer Relevance, as
shown in Table However, Falcon-7b-instruct emerges
as the overall most consistent model across all three metrics,
demonstrating balanced performance regardless of the query
language.

TABLE III. Standard Deviation of Groundedness, Context
Relevance, and Answer Relevance for Various LLMs

LLM Standard Deviation
G CR AR
Mistral-7b-instruct-v0.3 ~ 4.2243  4.1599  3.3926
SeaLLMs-v3-1.5B-Chat  4.2268 4.1665 3.3816
Falcon-7b-instruct 3.5969  4.1673  2.9903
Phi-3-mini-instruct 4.1781  4.1817  2.7140
Gemma-7b-it 3.5648 4.1736  3.0498

E. Comparative Performance Across Document Types

To investigate whether the file format of the original
document may affect the performance of each LLM in the
pipeline, Fig. [] presents the average metric scores of each
LLM based on document type, whether .txt or .pdf.
The differences in metric scores between document types
across all LLMs are normally distributed based on Shapiro-
Wilk Tests. However, based on paired t-tests, the models are

generally better at retrieving query-relevant contexts from
.pdf documents. In terms of Groundedness and Answer
Relevance, the differences in scores for these metrics based
on file format are not significant.

FE Impact of Code-Switching on Performance

For this section, the impact of intra-sentence code-
switching and the combination of intra-sentence and intra-
word code-switching on answer relevance is examined first.
The summary is shown in Table Among the models
tested, mistral-7b-instruct-v0.3 demonstrated the best over-
all performance across different languages, maintaining con-
sistency in both English and code-switched Taglish queries.
SealLLMs-v3-1.5b-chat followed closely, with consistent
performance on both Tagalog and Taglish inputs. Mean-
while, Gemma-7b-it and falcon-7b-instruct showed com-
parable performance, while phi-3-mini-instruct performed
the poorest among the models. In general, a decline in
performance was observed when the models were presented
with code-switched questions compared to questions posed
in pure English. However, the models performed better
on Taglish (code-switched) questions than on questions
presented entirely in Tagalog. Additionally, performance
slightly improved when the questions involved both intra-
sentence and intra-word code-switching, as opposed to intra-
sentence code-switching alone. Notably, mistral-7b-instruct-
v0.3 showed enhanced responses to questions containing
both types of code-switching. It is also worth noting that 4
out of the 9 documents used for this evaluation contained
code-switching between English and Tagalog.

This time, the effect of code-switching in general to
RAG triad results is examined. As seen in Fig. [3] there
is a high average performance for English language queries
as opposed to Tagalog or queries across all LLMs. This
is an expected result for high-resource languages such
as English when compared to medium- or low-resource
languages such as Tagalog, where a large gap exists between
different resource levels in their relative performance of
basic NLP tasks [40]. Table [V] compares the performance
of English, Tagalog, and code-switched Taglish queries
across three metrics: Groundedness, Context Relevance,
and Answer Relevance. The results indicate that models
generally perform best on purely English queries, especially
regarding Groundedness and Answer Relevance. This supe-
rior performance is likely due to the extensive availability
of English training data, which enables models to generate
more accurate and contextually relevant responses.

Interestingly, models also perform better on Taglish
queries compared to pure Tagalog queries. This enhanced
performance can be attributed to the integration of English
terms and syntactic structures within Taglish, which aligns
more closely with the models’ training data. In contrast,
the performance on pure Tagalog queries is comparatively
lower, reflecting the limited availability of training data in
Tagalog, which hinders the models’ ability to produce pre-
cise and relevant answers. Although these values are fairly
significant, ANOVA suggests that only context relevance
is significantly affected by code-switching with a p-value
of 5.04 x 10"'7. Tukey’s HSD test further suggests that
the models’ performance on Taglish queries is significantly
better than on both English and Tagalog queries.
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TABLE IV. Impact of Code-switching Types on Performance

LLM Intra-sentence Intra-sentence and Intra-word

English Tagalog Taglish English  Tagalog Taglish
Mistral-7B-Instruct-v0.3 ~ 7.416667 0.625 1.125 3.8 0.8 1.5
SealLLMs-v3-1.5B-Chat 7.5 5.041667  5.833333 7.1 5.3 5.6
falcon-7b-instruct 2.958333 0.625 1.125 3.8 0.8 1.5
gemma-7b-it 2.916667 0.583333 1.125 3.9 0.85 1.9
Phi-3-mini-instruct 0.541667 0.875 0.75 2.8 0.7 1.1
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Fig. 4. Performance of the five open-source LLMs on different file types, namely .txt and .pdf files.

G. Model Size and Performance

The selection of LLMs in this work represents vari-
ous model sizes and complexities among the current and
state-of-the-art. It is prudent to assess the possibility of
a correlation between model size and RAG performance,
and whether ‘lighter’ models that can run on minimal or
constrained resources can perform as well as “heavier”
models, which may require more resources, incur higher
operating costs or necessitate a reliance on paid third-party
or private entities. For instance, the two LLMs with high
average Groundedness and Answer Relevance across each
language according to Fig. 3] are Mistral and SeaLLM. Both
have different model sizes at 7 billion and 1.5 billion pa-
rameters respectively, while maintaining comparably similar
performance over all evaluation metrics.

Overall, the performance gap between the two groups of
LLMs (Mistral and SeaLLM vs. Falcon, Phi-3-mini, and
Gemma) across all three metrics—groundedness, context
relevance, and answer relevance—highlights a few critical
insights:

Multilingual Capabilities: Models pre-trained on multi-
lingual data, particularly Mistral and SealLLM, show bet-
ter performance in code-switched scenarios like Tagalog-
English. Their higher Groundedness and relevance scores

suggest that they are better equipped to handle linguistic
transitions in mixed-language environments, making them
more effective for multilingual NLP tasks.

Handling Lower-Resource Languages: The low scores
of all models on purely Tagalog queries emphasize the
persistent challenges in handling lower-resource languages.
This issue is especially apparent in context relevance, where
models often fail to retrieve or generate relevant information
for Tagalog queries, likely due to the underrepresentation of
the language in training data.

Hallucination Risk: Lower Groundedness and answer
relevance scores for models like Falcon and Phi-3-mini point
to a higher risk of hallucination, where the model generates
responses that are either factually incorrect or contextually
inappropriate. Improving Groundedness by fine-tuning these
models on domain-specific or code-switched datasets may
help mitigate this issue.

H. Text Generation Errors

The five models demonstrate varying error types that
highlight different areas for improvement in text generation
and comprehension. Common error types include contextual
inaccuracies, semantic misinterpretation of context, and
issues with syntactic coherence and relevance. Contextual
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TABLE V. Comparative Performance of Monolingual English (EN) and Tagalog (TL) Queries versus Taglish Queries

Model Groundedness Context Relevance Answer Relevance
EN vs Taglish TL vs Taglish EN vs Taglish TL vs Taglish EN vs Taglish TL vs Taglish
Mistral-7B-Instruct-v0.3 —-7.12% 21.53% 1.77% 36.29% 3.92% 29.06%
SealLLMs-v3-1.5B-Chat —6.42% 22.62% 2.94% 37.77% —19.70% 27.06%
falcon-7b-instruct —27.56% 26.26% 1.45% 35.19% —47.97% 127.78%
Phi-3-mini-instruct —44.39% 48.67% 1.12% 35.78% —40.51% 43.21%
gemma-7b-it —23.68% 37.28% 3.26% 39.34% —46.46% 132.97%

inaccuracies can be observed across all models where they
provide specific but inaccurate answers. Generally, semantic
and contextual misinterpretations are common where mod-
els sometimes struggle with matching the details in the con-
text with the specific queries. The higher tier models such as
Mistral, SeaLLM, and Gemma usually exhibit this by stating
that the answer was not found in the given context. Phi3mini
and Falcon on the other hand often fail to extract or correctly
infer information from the provided context. These models
tend to struggle particularly when the questions require
detailed extraction or precise interpretation. Additionally,
syntactic coherence and generation issues vary in severity
but are especially pronounced in Phi3mini, Falcon, and
Gemma, which often produces fragmented or repetitive
responses that do not answer the questions directly or does
not make any sense at all. These indicate breakdowns in
the generation process. These errors are more pronounced
when the queries or contexts are in Tagalog or Taglish
where the generated answers are gibberish. Syntactic errors
can be mitigated through fine-tuning with language-specific
grammar-focused data which emphasizes proper grammar
and sentence structure such as grammar correction corpora
or educational materials designed for language learners.
Contrastive learning can also be employed to help the model
distinguish between syntactically correct and incorrect sen-
tences. Semantic errors on the other hand can be mitigated
through better embedding process. Improperly parsed doc-
uments may lead to semantically inaccurate context chunks
which can greatly influence the LLM’s response.

V. CONCLUSION

In this work, five open-source LLMs are evaluated for
their RAG performance on code-switched English-Tagalog
queries. Our results have led to a greater understanding of
the dynamics of LLM-based RAG pipelines on both varied
query language, code-switching, and model complexity,
prompting the selection of appropriate models based on
their performance in this particular task. The study revealed
Mistral and SealLLLM consistently outperformed the others
in generating contextually grounded and relevant answers,
attributable to their advanced architectures and extensive
multilingual training data. Performance analysis indicated
that the models excelled with English queries, followed by
Taglish, and performed the worst with Tagalog queries, un-
derscoring the need for more balanced training data that in-
cludes low-resource languages. Additionally, models gener-
ally retrieved query-relevant contexts more effectively from
.pdf documents compared to .txt files. The evaluation
considered three criteria: Groundedness, Context Relevance
and Answer Relevance, with Mistral and SealLL.M excelling
in all three. ANOVA analysis demonstrated that Context
Relevance is significantly affected by code-switching, with

Taglish queries outperforming both English and Tagalog
queries, indicating a statistically significant difference.

The researchers suggest focusing on key areas to improve
language models in multilingual and code-switched con-
texts. First, a detailed analysis of the language composition
within training datasets is essential to identify and mitigate
potential biases, particularly by quantifying the proportions
of English, Tagalog, and Taglish present. Expanding the
Tagalog dataset by including diverse sources like literature,
news, and social media can enhance the model’s accuracy
and relevance for Tagalog queries. Additionally, studying
the effects of code-switching in Taglish on models’ under-
standing could reveal how mixed-language elements impact
comprehension and retrieval, guiding the development of
more effective multilingual models. Investigating user code-
switching behavior will provide insights into real-world
language use, enabling the design of models better suited
to actual usage patterns. Among further potential research
directions, a survey of RAG performance for queries and
documents of other code-switched language pairs, dialects,
creole languages, or low-resource languages remains rel-
atively unexplored. Research efforts in these areas would
greatly contribute to the accessibility of RAG among differ-
ent NLP applications, benefiting the broader community of
underrepresented language users.
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