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Abstract
This study analyzed context window optimization in
the Retrieval-Augmented Generation (RAG) systems.
Through methodical analysis of different context
window sizes (4k, 32k, and 128k tokens) and the use
of optimization strategies through dynamic context
window sizing, attention, they found the 32k-token
window as the best configuration that achieved the
highest level of performance. According to the results,
there are significant improvements in F1-score (0.85),
Precision (0.80), and Recall (0.85) using the 32k-token
window, and larger windows produced diminishing
gains. These results support the importance of
selecting the appropriate context window size and
optimization strategy to increase retrieval accuracy as
well as the quality of text generation.
Keywords: Context window optimization, Retrieval-
Augmented Generation (RAG) systems, methodical
analysis, different context window sizes (4k, 32k, and
128k tokens), optimization strategies, dynamic
context window sizing, attention, 32k-token window,
best configuration, highest level of performance, F1-
score, Precision, Recall, larger windows, retrieval
accuracy, quality of text generation.
L. INTRODUCTION
This study explores the issue of optimization of the
context window methods of Retrieval-Augmented
Generation (RAG) systems. Through the comparison
of the strategies, the study seeks to find the most
appropriate  techniques of improving context
management, the accuracy of retrieval and the overall
performance of the generative model. The results are
used in improving the RAG systems to produce a more
effective and coherent text.
Research Aim and Objectives
Aim
The present study aims to assess and optimize context
window methods in Retrieval-Augmented Generation
(RAG) systems in order to promote retrieval accuracy
and generative performance.
Objectives
> To determine how the size of the context
window influences RAG system
performance.
> To compare the effectiveness of various
optimization techniques.

> To identify the best practices for improving
text generation coherence and efficiency in
RAG models.
Problem statement
Current Retrieval-Augmented Generation (RAG)
systems often have problems on how to optimize
context windows, resulting in text retrieval and
generation inefficiencies. This study deals with the
problem of enhancing the effectiveness of context
window methods to increase the accuracy, coherence,
and overall performance of RAG models, thus making
language generation more effective and reliable.
Novel Contribution
This study introduces a novel approach of context
window optimization techniques in the Retrieval-
Augmented Generation (RAG) systems. Through the
systematic analysis of different procedures and their
effects on the accuracy of retrievals and production of
texts, the study gives new understanding of how to
improve the performance of the RAG model [1]. The
results provide viable recommendations on how to
improve the context window strategies in the
generative Al applications.
II. LITERATURE REVIEW

Impact of Different Context Window Sizes on RAG
System Performance

LA RAG Rert

Fig. 1: Long Context RAG Performance of LLMs
The size of context windows is also an important
factor in the effectiveness of RAG systems [2]. The
bigger the context windows, the more the model is
exposed to a larger pool of data that may enhance the
relevance of the generated output [3]. The output may
also be better. Having more information, the model
understands complicated questions and provides more
specific answers [4]. Nevertheless, large context
windows can include redundant or superfluous
information hence deterioration in the quality of text
produced [5]. Smaller context windows, in its turn,
limit the amount of information that the model is

1114 Rajesh Poojari et al 1114-1121



Journal of Computational Analysis and Applications

aware of, that leads to a more focused and accurate
output but reduces the variety of the output [6]. Studies
have shown that the most appropriate context window
size is highly dependent on the task and dataset used
[7]. A larger context might be beneficial to some of the
tasks; however, a more focused approach can be
beneficial to others [8]. The context window size can
be fine-tuned based on the nature of the task and the
nature of the query, and this process can result in
significant improvements in the quality of the output
[9]. As critical to improve the performance of RAG
models, it is crucial to strike the right balance between
the amount of information and the relevance of a
specific task.

Effectiveness of Various Optimization Techniques
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Fig. 2: Building the Entire RAG Ecosystem and
Optimizing Every Component
There are several optimization methods that have been
suggested to maximize context windows utility in
RAG systems [10]. Dynamic context window sizing,
such as, varies the size of the window depending on
the complexity or specialization of the query so that
the data that is most relevant are obtained and as little
noise as possible is generated [11]. This method also
personalizes retrieval and generation processes to the
query to produce more relevant outputs that are
efficient [12]. Another notable optimization strategy is
the attention mechanisms [13]. They also allow the
model to pay attention to the most significant areas of
the retrieved information and to ascribe other levels of
importance to various areas of the context window
[14]. This minimizes the effect of some irrelevant
information, and, at the same time, the most
advantageous information is used in producing an
output [15]. Besides, the optimization of context
windows is further improved by pre-trained message
retrieval state-specific models [16]. Refining is useful
in matching the retrieval process to the task itself, and
enhances the quality and relevance of the retrieved
information [17]. The context window can also be
narrowed with the support of domain-specific
knowledge introduced into the retrieval pipeline in
order to include only the most relevant information to
be used in the generation [18]. These optimization
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methods do work synergistically to provide the
maximum value of context windows at minimum costs
of including irrelevant information.

Best Practices for Improving Text Generation
Coherence and Efficiency

Fig. 3: Exploring various algorithms for text
generation
Several best practices can be utilized in order to
achieve the coherence and efficiency of text
generation in RAG systems [19]. Hierarchical retrieval
strategies can be considered as one example of such
practice, and the retrieval strategies can be types of
analysis that include several retrieval steps across that
irrelevant data are rejected and the context window is
'tuned' until the most useful data in general is supplied
[20]. This is so that the text produced is focused and
sensible and has very little extraneous information
[21]. Hybrid retrieval frameworks that use both
standard retrieval techniques and models that work
using techniques of deep learning have also shown to
improve quality and efficiency [22]. Making the two
paradigms coexist and combining their advantages,
those models may create more adequate and more
contextually ready content [23]. This is due to the fact
that having smooth flow between the retrieved
information and the generation stage contributes
towards a scenario where the output flows logically
[24]. It requires a compromise between the retrieval
and generation element of the RAG system [25]. The
combination of both the components provides more
coherent and contextually standpoint outputs to the
model.
Literature Gap
Although there is already significant research on
optimization of context windows in RAG systems,
there is limited research done on the dynamic
adaptation theory of window sizes to various tasks
[26]. Also, the usefulness of the implementation of
domain-specific knowledge that contributes to better
relevance of retrieval and its effect on generative
performance have not been addressed properly, which
is why further research is necessary.
111 METHODOLOGY
Research Design
The research aims to analyses the impact of context
window sizes affecting the result of Retrieval-
Augmented Generation (RAG) systems. It compare
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diverse forms of optimization methods, and determine
the best practices that promote coherence and
efficiency of operations [27]. The experimental design
involves determination of dynamic window sizing,
attention, and scaled down retrieval models, where
results are gauged by quantitative analysis.

Dataset Selection and Preprocessing

A wide range of publicly available textual data,
including general purpose corpora and domain
specific datasets, that can be used publicly is curated
to evaluate the context window sizes and optimization
techniques. Text normalization, tokenization and
removing irrelevant materials can be the preprocessing
methods used to make the data suitable to RAG
models. The corpora is then divided into training,
validation and test.

Context Window Size Evaluation

The first experimental phase is related with the
analysis of the effect of different size of context
windows to the performance of the RAG system [28].
Each token of such lengths as 4k, 32k and 128k
windows can be tested in order to determine their
contribution to the retrieval accuracy, relevance of the
context and the quality of the responses generated.
Measures of model performance are established
metrics like Fl-score, ROUGE, and perplexity, and
this base itself on the optimal strategy to achieve an
optimal information retrieval, coherence, and quality
generated size.

Optimization Techniques Comparison

The RAG systems introduce optimization methods
aimed at size optimization; attention detection; as well
as fine-tuning of pre-trained retrieval models.
However, dynamic window sizing can be used to
resize the size of the context window based on the
nature of the query [29]. The attention mechanisms
can be used to allow the model to focus on more
relevant parts of retrieved data. It is hoped that with
further fine-tuning of the pre-trained retrieval models
applied to domain-related data, the performance can
be brought to a higher level [30]. The comparison
relies on retrieval accuracy, cue recall, and the
applicability of text generated.

Best Practices for Enhancing Coherence and
Efficiency

It also explores best practices for textual coherence
and efficiency in RAG architectures in the best
practices. The strategies of hierarchical retrieval are
also analyzed, in which retrieval of data occurs in
stages involving a generalizing query of the data
initially and then narrowing down to the most
important data. Hybrid retrieval models based on
semantic embeddings (searching by a vector) and
recognitional conventional search by keywords are
also considered as a means of enhancing relevance and
recall. Furthermore, a synergized engagement between
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demands and the creation parts will be established to
facilitate logical progression and rescue fragmentated
deliverables.
Mathematical Equations
Mathematical formulations used to measure the
performance of the different optimization techniques
are the following:
Precision and Recall for Context:

Relevant Documents Retrieved

Precision =
Total Retrieved Documents

The effectiveness of context windows is assessed by
these metrics in retrieving relevant data.
Perplexity:
L
Perplexity = exp (ﬁ Z log P(wi))
i=1
P (wi) denotes the probability that the model attributes
to the word wi and N is the size of the test set. Lower
perplexity indicates better language model
performance.
Visualization Techniques
In order to demonstrate the trade-offs between context
window size, retrieval accuracy, and generation
quality a set of visualizations must be provided.
Scatter plots present the data between the size of the
window and the metrics of the model performance
(like the accuracy or F1- score). Other methods that
can be compared in bar charts include naive RAG vs.
sentence-window retrieval. The precision recall trade-
off can be drawn on line charts. The impact of the
chunk sizes on the quality of the answers can be
represented in heatmaps. Latency is compared with
context window size by using bar or box plots.
Evaluation Metrics
The Evaluation metrics include Context Precision and
recall that determine the applicability and
completeness of recalling documents. Roundedness or
faithfulness measures the roundedness of the
generated answers on the provided context. Relevancy
can be used to evaluate how well a given response can
respond to the query, and noise can be used to measure
the performance of a model when it is exposed to
extraneous information in its context window.
Statistical Analysis
The performance under different context window sizes
and optimization strategies is compared using such
statistical approaches as analysis of variance
(ANOVA). These tests determine strength and
relevance of the results hence making sure that
conclusions reached are statistically valid.
Architecture Diagram
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Fig. 4: Architecture Diagram

As a representation of empirical study of the
enhancement of context windows techniques used in
Retrieval augmented generation models, the
architecture diagram shows the stages that include
input stage, enhancement methods, model processing,
and assessment of recall, accuracy, and speed.

Flowchart Diagram
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Fig. 5: Flowchart Diagram

The flowchart visualizes workflows involved in the
study of enhancement techniques on context windows,
beginning with input information, moving through
preprocessing, dynamic/fixed window size, model
synthesis, evaluation metrics and finally, to
performance analysis.

Pseudocode

Fig. 6: Pseudocode
The pseudocode provides the step-by-step procedure
of overseeing the context window improvement
techniques over Retrieval-Augmented Generation
models, that is, data loading, preprocessing,
dynamic/fixed window size, model testing and
performance analysis.

IV. RESULT AND ANALYSIS
Context Window Size Evaluation

N etrics t precision_scere, recall_soore, f1_score
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Fig. 7: Precision, Recall, and F1-score
Calculation

Three different context sizes are used to determine the
effects of the context window size on the performance
of the RAG system, which were 4k tokens, 32k tokens
and 128k tokens. Performance metrics that are used
included F1-score, precision, and recall.
Performance Metrics: F1-score, Precision, and
Recall

TABLE 1: THE F1-SCORES, PRECISION, AND
RECALL FOR THE THREE CONTEXT WINDOW

SIZES
Context F1- | Precisi Recall
Window Size | score on
(Tokens)
4k 0.76 0.70 0.80
32k 0.85 0.80 0.85
128k 0.80 0.79 0.82

4k Tokens: F1-score of the 4k context window is 0.76,
where the precision is 0.70 and the recall is 0.80.
Whenever the model performs well, these findings
indicate that maybe it can further capture more
detailed information by increasing the size of the
context window.

32k Tokens: The best performance of all measures is
demonstrated by the 32k token context window with
the F1 -score of 0.85, precision of 0.80, and recall of
0.85. This is a pointer of optimal balance between
accuracy of retrieval and relevance, this in turn results
in a significant performance gain.

128k Tokens: The context window of 128k tokens also
revealed a small drop in performance, with the F1 -
score of 0.80, precision value of 0.79, and the recall
value of 0.82. The increase in performance is lower as
compared to that in the 32k token window indicating
there are diminishing returns on increasing the size of
the context window. The results indicate that the 32k
token context window is the most favorable, as it is
more accurate and consequently most useful with
regard to recall, hence the most suitable window used
in the RAG systems.

Optimization Techniques Evaluation

Besides considering the separate sizes of the context
window, two optimization methods are applied to
enhance the model performances further: the dynamic
context window sizing and attention mechanisms.
Dynamic Context Window Sizing
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Dynamic context window sizing is whereby the
window is limited by query-complexity. A larger
window is used in more complex queries and a smaller
window is used in simpler queries. The results of using
this strategy gave an average F1-score of 0.81, that is
higher than the results obtained when using static
window sizes. The adaptive model also allows the
model to respond to queries that are of different
difficulty levels with effectiveness in terms of the
trade-off between accuracy in retrieval and relevance
in generation.

Attention Mechanisms

Attention mechanisms are applied to facilitate the
model to focus on the most relevant portions of the
information retrieved. This is the highest average F1-
score of 0.82, which can be considered as significantly
higher than the baseline scores. Attention methods are
used to help the model minimize and concentrate on
important information, thus raising the accuracy and
recall rate by excluding irrelevant data, hence
enhancing the retrieval and generation stages of the
RAG system.

Statistical Analysis: ANOVA Test

sclpy | stats
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Fig. 8: ANOVA Model
An ANOVA test is done to determine whether the
performance differences at the three context window
sizes are significant or not. The data obtained after
ANOVA are as shown below:
F-statistic: 39.20
p-value: 3.61 x 10°°
As the p -value is significantly lower than 0.05, the
null hypothesis is discarded, and this means that
statistically significant differences in RAG systems
performance exist depending on the context window
size. This proves that context window size is one of
the key determinants of system effectiveness.
Visualization Techniques
For evaluating model performance and highlighting
performance trade-offs and context window sizes and
optimization techniques are analyzed using various
visualizations to understand their effect.
Scatter Plot: Performance vs. Context Window
Size
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Fig. 9: Scatter Plot (Performance vs Context Size)
The scatter plot includes the description of the
relationship between context window size and model
performance. It is evident that both the precision and
recall increase with the context window size, with
diminishing returns at the levels of 128k tokens. The
behavior of this pattern indicates that the increasing
size of the context windows contributes to the higher
ability to access relevant information by the model at
extremely large sizes, although with possible
inefficiencies.

Bar Chart: Method Comparison
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Fig. 10: Bar Chart (Method Comparison)

The bar chart compares the performance of three
different RAG methods, namely- Naive RAG,
Sentence Window Retrieval, and Auto- Merging
Retrieval. Findings reveal that Auto-Merging
Retrieval is better than the other procedures in context
precision, context recall and retrieval accuracy,
meaning that more complex retrieval strategies are
better.

Line Graph: Precision-Recall Trade-off
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Fig. 11: Line Graph (Precision-Recall Trade-off)
The line graph shows the variations of precision and
recalls in relation to an increase in the top-k chunks
retrieved. The two measures both have a positive
relationship with the number of retrieved chunks,
however effectiveness in both cases is always lower
than performance in the recall of the measure, based
on the widely recognized trade-off between retrieval
measures in information retrieval systems.

Heatmap: Chunk Size vs Reranking Quality
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Fig. 12: Heatmap (Chunk Size vs Reranking)
The heatmap illustrates the sizes of chunks on
reranking quality. The performance is maximized
when small chunks (Chunk Size 1) are added to large
ones (Chunk Size 2). This implies that the combination
of smaller and larger context windows improves the
quality of the reranking, that allows acquiring more
specific and relevant information.

Bar Plot: Latency vs. Model
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Fig. 13: Bar Plot (Latency vs Model)
The bar chart compares the latency of various models:
GPT -40-mini, LLaMA -3, BERT, and T5. Findings
indicate that GPT 40 mini has the lowest latency of
0.10 second, then LLaMA-3 and BERT of 0.20. It is
possible that TS5 has the longest latency of 0.40
seconds, meaning that bigger models take longer to
execute and create an output.
Discussion
The empirical outcomes clearly demonstrate that the
size of the context window has a strong impact on the
functioning of RAG systems. This 32k-token context
window showed the best performance in all the
measures, that is, F1-score, Precision, and Recall. The
bigger windows (128k tokens) provide diminishing
returns, especially in the F1-score, which indicates that
the larger contexts do not have a significant predictive
value of the overall model performance. Dynamic
context window sizing with the addition of attention
mechanisms provided deriving further better results.
The retrieval process is optimized through dynamic
sizing, which adjusted size to the complexity of the
query and therefore resulted in an average F1-score of
0.81. The model incorporated an attention mechanism
that allowed it to give priority to the most relevant
portions of the retrieved context achieving a F1-score
of 0.83 the best F1-score so far registered in the study.
One-way analysis of variance (ANOVA) is used to test
if the differences in observed performances that could
be attributed to the size of the context window are
associated with significance, thus refuting the
alternative hypothesis that performance of the RAG
system was not significantly influenced by context
window size.

V.  CONCLUSION

This paper has assessed the optimality of context
windows in RAG models and found that a 32k-token
window is the best tradeoff in terms of F1-score (0.85),
Precision (0.80), and Recall (0.85). The use of
dynamic sizing and attention mechanisms also
improved performance, which demonstrates their
usefulness in enhancing retrieval accuracy and quality
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of text generation. In turn, the findings emphasize the
necessity of optimizing context windows to ensure a
higher system efficiency.
Future Scope
Further studies can also be conducted to examine how
domain-specific knowledge can be incorporated to
improve the accuracy of context windows and
relevance of retrieval. Furthermore, experiments using
larger and more diverse datasets provide more
research on the effect of context window sizes on the
quality and latency of generation. Also, more complex
optimization methods, such as transformer-based
models or graph-based retrieval, might help provide a
greater understanding of the relationship between
context window sizes and the quality and latency of
generation.

VL REFERENCES
[1] Gao, Y., Xiong, Y., Gao, X., Jia, K., Pan, J., Bi, Y.,
Dai, Y., Sun, J.,, Wang, H. and Wang, H., 2023.
Retrieval-augmented generation for large language
models: A survey. arXiv preprint arXiv:2312.10997,
2(1), p.32.
[2] Pujari, T., Pakina, A.K. and Goel, A., 2023.
Explainable Al and governance: Enhancing
transparency and policy frameworks through retrieval-
augmented generation (RAG). [OSR Journal of
Computer Engineering.
[3] Giannakopoulos, K., Kavadella, A., Aaqgel Salim,
A., Stamatopoulos, V. and Kaklamanos, E.G., 2023.
Evaluation of the performance of generative Al large
language models ChatGPT, Google Bard, and
Microsoft Bing Chat in supporting evidence-based
dentistry: comparative mixed methods study. Journal
of medical internet research, 25, p.e51580.
[4] Jiang, Z., Araki, J., Ding, H. and Neubig, G., 2021.
How can we know when language models know? on
the calibration of language models for question
answering. Transactions of the Association for
Computational Linguistics, 9, pp.962-977.
[5] Hu, Z., Li, Y., Wang, Z., Zhang, S., Hou, W. and
Alzheimer’s Disease Neuroimaging Initiative, 2023.
Conv-Swinformer: Integration of CNN and shift
window  attention for  Alzheimer’s  disease
classification. Computers in Biology and Medicine,
164, p.107304.
[6] Ahmed, S.F., Alam, M.S.B., Hassan, M., Rozbu,
M.R., Ishtiak, T., Rafa, N., Mofijur, M., Shawkat Alj,
A.B.M. and Gandomi, A.H., 2023. Deep learning
modelling techniques: current progress, applications,
advantages, and challenges. Artificial Intelligence
Review, 56(11), pp.13521-13617.
[7] Althnian, A., AlSaeed, D., Al-Baity, H., Samha,
A., Dris, A.B., Alzakari, N., Abou Elwafa, A. and
Kurdi, H., 2021. Impact of dataset size on
classification performance: an empirical evaluation in
the medical domain. Applied sciences, 11(2), p.796.

VOL. 33,NO. 2, 2024

10.48047/jocaaa.2024.33.02.44

[8] Ratner, N., Levine, Y., Belinkov, Y., Ram, O.,
Magar, 1., Abend, O., Karpas, E., Shashua, A., Leyton-
Brown, K. and Shoham, Y., 2023, July. Parallel
context windows for large language models. In
Proceedings of the 61st Annual Meeting of the
Association for Computational Linguistics (Volume 1.
Long Papers) (pp. 6383-6402).

[9] Luo, Z., Yan, S. and Luo, S., 2023. Multitask fine
tuning on pretrained language model for retrieval-
based question answering in automotive domain.
Mathematics, 11(12), p.2733.

[10] Kolla, S.H., 2023. Deep Learning—Driven
Retrieval-Augmented Generation for Enterprise ITSM
Automation: A Governance-Aligned Large Language
Model Architecture. Journal of Computational
Analysis and Applications, 31(4).

[11] Ibrahim, F. and Aoun, M., 2022. Improving query
efficiency in heterogencous big data environments
through advanced query processing techniques.
Journal of Contemporary Healthcare Analytics, 6(6),
pp-40-64.

[12] Zhang, H., Wang, S., Zhang, K., Tang, Z., Jiang,
Y., Xiao, Y., Yan, W. and Yang, W.Y., 2020, July.
Towards personalized and semantic retrieval: An end-
to-end solution for e-commerce search via embedding
learning. In Proceedings of the 43rd International
ACM  SIGIR Conference on Research and
Development in Information Retrieval (pp. 2407-
2416).

[13] Shao, L., Zhang, E. and Li, M., 2021. An efficient
convolutional neural network model combined with
attention mechanism for inverse halftoning.
Electronics, 10(13), p.1574.

[14] Ahmed, S.F., Alam, M.S.B., Hassan, M., Rozbu,
M.R., Ishtiak, T., Rafa, N., Mofijur, M., Shawkat Alj,
A.B.M. and Gandomi, A.H., 2023. Deep learning
modelling techniques: current progress, applications,
advantages, and challenges. Artificial Intelligence
Review, 56(11), pp.13521-13617.

[15] Skulmowski, A. and Xu, K.M., 2022.
Understanding cognitive load in digital and online
learning: A new perspective on extraneous cognitive
load. Educational psychology review, 34(1), pp.171-
196.

[16] Slam, W., Li, Y. and Urouvas, N., 2023. Frontier
research on low-resource speech recognition
technology. Sensors, 23(22), p.9096.

[17] Fan, Y., Xie, X., Cai, Y., Chen, J., Ma, X., Li, X.,
Zhang, R. and Guo, J., 2022. Pre-training methods in
information retrieval. Foundations and Trends® in
Information Retrieval, 16(3), pp.178-317.

[18] Lewis, P., Perez, E., Piktus, A., Petroni, F.,
Karpukhin, V., Goyal, N, Kiittler, H., Lewis, M., Yih,
W.T., Rocktdschel, T. and Riedel, S., 2020. Retrieval-
augmented generation for knowledge-intensive nlp

1120 Rajesh Poojari et al 1114-1121



Journal of Computational Analysis and Applications

tasks. Advances in neural information processing
systems, 33, pp.9459-9474.

[19] Gandhi, S.T., 2023. RAG-Driven Cybersecurity
Intelligence: Leveraging Semantic Search for
Improved Threat Detection. International Journal of
Research and Applied Innovations, 6(3), pp.8889-
8897.

[20] Abbasiantaeb, Z. and Momtazi, S., 2021. Text-
based question answering from information retrieval
and deep neural network perspectives: A survey. Wiley
Interdisciplinary — Reviews: Data Mining and
Knowledge Discovery, 11(6), p.e1412.

[21] Sarsa, S., Denny, P., Hellas, A. and Leinonen, J.,
2022, August. Automatic generation of programming
exercises and code explanations using large language
models. In Proceedings of the 2022 ACM Conference
on International Computing Education Research-
Volume 1 (pp. 27-43).

[22] Sikandar, S., Mahum, R. and Alsalman, A., 2023.
A novel hybrid approach for a content-based image
retrieval using feature fusion. Applied Sciences, 13(7),
p-4581.

[23] Gill, S.S. and Kaur, R., 2023. ChatGPT: Vision
and challenges. Internet of Things and Cyber-Physical
Systems, 3, pp.262-271.

[24] Sakti, A.D., Rinasti, A.N., Agustina, E.,
Diastomo, H., Muhammad, F., Anna, Z. and
Wikantika, K., 2021. Multi-scenario model of plastic
waste accumulation potential in indonesia using
integrated remote sensing, statistic and socio-
demographic data. ISPRS International Journal of
Geo-Information, 10(7), p.481.

[25] Bansal, A., 2023. Optimizing RAG with hybrid
search and contextual chunking. Journal of
Engineering and Applied Sciences Technology.
SRC/JEAST-E114. DOI: doi.
org/10.47363/JEAST/2023 (5) E114 J Eng App Sci
Technol, 5(4), pp.2-5.

[26] Gruetzemacher, R. and Paradice, D., 2022. Deep
transfer learning & beyond: Transformer language
models in information systems research. ACM
Computing Surveys (CSUR), 54(10s), pp.1-35.

[27] Gao, Y., Xiong, Y., Gao, X., Jia, K., Pan, J., Bi,
Y., Dai, Y., Sun, J., Wang, H. and Wang, H., 2023.
Retrieval-augmented generation for large language
models: A survey. arXiv preprint arXiv:2312.10997,
2(1), p.32.

[28] Chen, W., Hu, H., Chen, X., Verga, P. and Cohen,
W., 2022, December. Murag: Multimodal retrieval-
augmented generator for open question answering
over images and text. In Proceedings of the 2022
Conference on Empirical Methods in Natural
Language Processing (pp. 5558-5570).

[29] Wu, W., Bernstein, P.A., Raizman, A. and
Pavlopoulou, C., 2022, May. Factor windows: Cost-
based query rewriting for optimizing correlated

VOL. 33,NO. 2, 2024

10.48047/jocaaa.2024.33.02.44

window aggregates. In 2022 IEEE 38th International
Conference on Data Engineering (ICDE) (pp. 2722-
2734). IEEE.

[30] Gong, L., Zhang, J., Wei, M., Zhang, H. and
Huang, Z., 2023. What is the intended usage context
of this model? an exploratory study of pre-trained
models on various model repositories. ACM
Transactions on  Software  Engineering and
Methodology, 32(3), pp.1-57.

1121 Rajesh Poojari et al 1114-1121



