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There are two different approaches to using large language models
(LLMs). One is to scale up the model size and increase the performance of
general-purpose models that can handle various tasks. Large companies
and Al startups are competing via this approach to build the biggest and
most efficacious models such as GPT-4 with over a trillion parameters.
The other approach is to scale down the model size and fine-tune open
access models for specific domains and tasks. Despite its current lack

of popularity, Infosys has used this approach successfully and believes
enterprises will follow suit for customized and cost-effective solutions with
the requisite data privacy and security.

Both scale-up and scale-down approaches have their respective
advantages and objectives. They both work with a base of closed-access
models and open-access models.

Open Closed

Falcon, BLOOM, Whisper OpenAl GPT 4.0, Anthropic

Free Pay-per-use

Programming (high), machine learning (high) Programming (high), prompt engineering (high)
High Medium to low

High Minimum

License Non-commercial use/Apache 2.0 Only API calls
Type of Al roadmap Narrow Al Artificial general intelligence (AGI)
Use cases Business-driven Consumer-driven
Purpose Task or domain-specific General purpose
Internal tools (e.g., MLOps) Very important Not important
Dominant usage pattern Fine-tuned for specific needs with private data Retrieval augmented generation (RAG)
Figure 1: Open-access models versus closed-access models Source: Infosys

Big and powerful models, often proprietary, are good for retrieval-augmented generation (RAG) and are used in business applications

such as dialogue systems, semantic search, question answering, and summarization. They do not require any model adaptation. However,

for specialized tasks where customization and cost are important, fine-tuning of open access models is the path to success. Open-access

models are best suited for auto-completion tasks such as code completion and machine translation. These models are much more efficient

and effective when they are fine-tuned with instructions using supervised learning or through extended pre-training with self-supervised

learning. Figure 2 compares RAG and other model optimization methods.
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Figure 2: Fine-tuning versus RAG Source: Retrieval Augmentation Generation Ushers in a New Generation of Advanced Al

Creating LLMs is difficult, expensive, and time consuming. They
can take months to train on hundreds or thousands of the
most advanced GPUs and then need as many GPUs to deploy
them. LLMs also pose significant challenges when it comes to
performing inference with them, requiring multiple GPUs at
the datacenter level, and backend techniques such as weight
streaming to enable them.

Hence, enterprises are turning to smaller open-source LLMs
customized for specific tasks. For example, with developers
increasingly relying on code assistance, models such as
StarCoderBase [1] or other advanced code models are being used as
a basis to fine-tune LLMs with organization-specific code and data.
This results in better productivity gains compared to generic code
assistance. A specialized fine-tuned large language model built at
Infosys is 20% more accurate than generalized code assistants.

Fine-tuning Large Language Models

LLMs can be fine-tuned using supervised/unsupervised fine-tuning, instruction-tuning, or reinforcement-learning with human feedback
(RLHF). Based on our experience, the true potential of fine-tuning lies in self-supervised fine-tuning (extended pre-training) as shown in
Figure 3.This is a niche area that the industry is struggling with for want of enough knowledge about the process, the required tools, and the

choice of the right base model.
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The base models for fine-tuning must be commercially The Future Of LLMs

permissible, and “truly open” by revealing the data they were

trained on, weights, parameters, and 360 checkpoints at the very Generative Al is undergoing significant change in the way large
least. Without this information, adjusting the base model with the language models (LLMs) work. We are moving from a situation
resources can be very challenging. Projects such as LLM360 Open- where one LLM provides answers based on its vast knowledge
source Initiative [2] are a leap forward in the area as they share base, to a scenario where multiple LLMs, each with different
everything — weights, data, code, h-parameters, 360 checkpoints, skill sets, work together to generate answers. This change marks
exact data sequence, mixing, processing, and evaluation to the shift from a single LLM model to a flexible agent model [5]
enable fine-tuning and thereby cut down on unnecessary work [6]. As this future develops, it is clear that conventional prompt
and carbon emissions. Examples of highly successful fine-tuned engineering based on uniform agents will not be enough to
models include Replit's code generation model [3], Vicuna a provide reliable answers. Instead, we expect these agents to be
“decarbonized” high-performance English LLM [4], and Infosys’ supported by various LLMs. These supporting LLMs will be smaller
fine-tuned model for Finacle, one of the world’s largest digital in size, but carefully fine-tuned for specific tasks or domains,
banking products. making them more effective. In this context, instruction tuning will

become a vital factor. It will influence the behavior and answers
of these agents, making sure they are skilled at dealing with

the specific tasks and domains to which they are assigned. This
transition will not merely increase the accuracy of Al answers but
also widen the range of applications.
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We have curated the from our own learnings and experience into Infosys Topaz,
our Al-first set of services, solutions and platforms using generative Al technologies. With 12,000+ Al

assets, 150+ pre-trained Al models, 10+ Al platforms steered by Al-first specialists and data strategists,
and a ‘responsible by design’approach, Infosys Topaz helps enterprises accelerate growth, unlock
efficiencies at scale and build connected ecosystems. Connect with us at

®

INfosys

For more information, contact askus@infosys.com Navigate your next

© 2024 Infosys Limited, Bengaluru, India. All Rights Reserved. Infosys believes the information in this document is accurate as of its publication date; such information is subject to change without notice. Infosys
acknowledges the proprietary rights of other companies to the trademarks, product names and such other intellectual property rights mentioned in this document. Except as expressly permitted, neither this
documentation nor any part of it may be reproduced, stored in a retrieval system, or transmitted in any form or by any means, electronic, mechanical, printing, photocopying, recording or otherwise, without the
prior permission of Infosys Limited and/ or any named intellectual property rights holders under this document.

Infosys.com | NYSE: INFY stay Connected Y [[f] ©


https://twitter.com/infosys
https://www.linkedin.com/company/infosys
https://www.youtube.com/user/Infosys
https://www.infosys.com/
https://www.infosys.com/services/data-ai-topaz/insights/ai-imperatives-2024.html
https://huggingface.co/bigcode/starcoderbase
https://www.llm360.ai/
https://huggingface.co/replit/replit-code-v1_5-3b
https://huggingface.co/lmsys/vicuna-13b-v1.5
https://arxiv.org/abs/2305.14992
https://arxiv.org/abs/2402.01680
https://arxiv.org/abs/2402.01680



