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Abstract — The current state of Large Language Models
is filled with hallucinations and miscalculations, since the
probabilities of the initial prompt and generations are not
completely aligned with the probability distributions of
the hypothetical right answer.

Therefore, a chain of thought process allows the model
probability to align more closely to that of the expected
output by reiterating over internal thoughts. The
framework for inducing chain of thought to Large
Language Model is to, first fine tune the main LLM on
specific data required and further a smaller adapter model
or also called as Tiny Thought Model is obtained from
two-step model distillation process to get a model in the
order of 100M-1B parameters that is focused on creating
thoughts and questions based on inputs.

Finally, the Main LLM and the Tiny Thought Model are
joined together via a router that decides if a thought is
necessary to reiterate over the model answer, hence
generating internal thought. A synthetic question answer
pairs of the order of 5000-10000 QnA’s are generated
using an existing document such as a scientific or
mathematical textbooks to train the Tiny Thought Model
and also finetune the main LLM.

Further SAT Math and science datasets are used for
generalized evaluations and test QnA’s dataset for
document specific evaluation. Measures such as Rouge,
BLEU and Accuracy are going to be used to determine
the quality of the answer. The base LLM with finetuning
and base LLM without fine tuning are to be used as
control measures. Models such as Llama 3.1 8B, Mistral
7B v0.3, Gemma 2 9B, Llama 3.2 10B will be used for
comparisons.
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1. INTRODUCTION

Large Language Models fail to address and provide
correct answers for tasks that are not as simple as token
generations since the model probability distribution does
not align with the probability distribution of the answer.
This can be fixed by providing more internal questions to
allow the attention mechanism to align the model outputs
to more closely match the output for the expected answers.
A solution for this can be achieved by chain of thought
prompting that requires a lot of manual labor for each
prompt and increases the token size of input, or by the
usage of large models that have internally adopted CoT
such as the 01 and Claude models which have large param
count, resource intensive and cost ineffective.

Finally, direct CoT finetuning of smaller LLMSs serves as
a solution for the problem but may cause catastrophically
forgetting of the knowledge gained, hence the proposed
framework adopts regular LLM fine tuning along with
adapter LLM of the order of 100-1B parameters to be
joined via a router to regulate the internal thoughts and
serve as a safe induction of Pseudo Chain of Thought into
smaller LLMs for specific data.

This method has the advantages of leveraging Chain of
Thought for better outputs, with no knowledge loss and a
low inferencing costs due to its smaller parameter count.

This allows the LLM to be finetuned with CoT of specific
data according to the user and be run locally at lower costs
as an alternative of using Retrieval Augmented
Generations with larger LLMs.For the purposes of
evaluation of the results from the proposed framework,
the base LLM with regular finetuning and the base LLM
without finetuning will be used as controls.
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1.1. MOTIVATION

Large Language Models need to be smaller and easier to
inference while having the ability to model the probability
distribution of complex queries for effective usage for user
specific data. We are trying to Improve the user experience
with LLMs for company\user specific data, allow lower
inferencing costs of LLMs and the ability for hosting
locally, Leverage advanced mechanisms such as chain of
thought at low inferencing and resource costs, making
Large Language Models accessible and small, mitigate
hallucinations of small LLMs by adopting Chain of
thought. During the process of constructing this, it is crucial
to optimize the data and architecture and training of these
LLMs so that they can effectively model complex
probability distributions without the need of massive
amounts of resources.

This includes having a balance between reduction in model
size and preservation of its capacity for understanding
complex user queries. The project also seeks to ensure that
these smaller LLMs remain aligned with the specific needs
of users and organizations, providing accurate and context-
aware outputs. When we integrate step-by-step reasoning
into smaller language models, they can generate detailed,
methodical responses while using fewer computational
resources and reducing the likelihood of generating
incorrect information, which frequently occurs in smaller
models.

The proposed strategy will highlight how Al technology
can be made easily available and customizable to a large
scale of users. Implementing our proposed architecture, we
can create efficient, compact language models that can run
locally. This is a paradigm shift not only addressing key
challenges such as cost and scalability but also empowers
users to completely utilize the potential of Al-driven
insights tailored to their unique contexts.

1.2. CONTRIBUTION

A comprehensive approach to induce chain of thought
thinking into small scale foundational LLMs without
interfering with its generational capabilities. The approach
consists of fine-tuning the foundational LLMs of size
ranging from 8B — 11B with appropriate data, here we
aimed at creating math and python coding-oriented data
from multiple datasets and created a standard template
according to the Llama 3.1 8B model used and hence the
foundational model is fine tuning using Low Rank
Adaptation (LoRA).

Further, a dataset with the target text being Chain of
Thought (CoT) instructions is created and a new
foundational LLM of size ranging from 8B — 11B is
finetuned using LoRA. This model undergoes a two-step
knowledge distillation process to obtain a Tiny Thought
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Model (TTM) of size ranging from 1B — 3B which is
capable of generating steps or guides for the main model to
follow to arrive at the answer.

Hence by coupling the TTM with the finetuned
foundational LLM via a Router which is a Network that
predicts if a cycle of CoT needs to be induced, a complete
small LLM is obtained that is finetuned on necessary data
and can also perform Chain of Thought reasoning over
multiple cycles without modifying the integrity of the
LLMs generational capabilities.

Since fundamentally these are two LLMs one slightly
bigger than the other, the LLMs along with the router can
be run separately on different Cuda devices and enable
horizontal scalability with very fast inferencing time.

2. OBJECTIVES

e  To define the scope of the thought-specific model,
Identify the domain, specify the tasks, and
determine  the representative dataset for
specialization.

e To distill the large model into a compact thought-
specific model, use knowledge distillation
techniques to transfer reasoning capabilities into a
smaller model (100M—1B).

e To implement an adapter framework for
specialization, incorporate lightweight adapter
layers into the large model and adapt it for the
specific domain.

e To generate synthetic question-answer pairs,
Leverage the large model to create diverse, high-
quality Q&A datasets from document-specific
data.

e To fine-tune the large model on the generated
synthetic data, Train the large model on Q&A
datasets to enhance domain-specific reasoning and
task performance.

e To design a router neural network for reasoning
depth, create a model to determine the optimal
number of intermediate thoughts required for
specific tasks.

e To train the router to connect models dynamically,
Train the router to decide whether to use the large
model or the thought-specific model for each
query.

e To integrate the router with the fine-tuned and
distilled models, Ensure seamless connection
between the large model, the router, and the
thought-specific model.

e To test the complete system for accuracy and
efficiency, Validate the integrated system's
outputs and measure its performance across
diverse tasks.
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e To iteratively refine the system based on
performance feedback, continuously improve the
models, router, and workflows to meet evolving
requirements and optimize task outcomes.

3. METHODOLOGY

This is novel approach to induce a reasoning or thought
process to any pre-trained large language model with small
task specific datasets while also maintaining the knowledge
base integrity of the pre-trained model.

This proposed methodology can quantitatively improve the
accuracy within a large language model can respond with,
since the probability density of the pre-trained model gets
aligned to the hypothetical target probability through the
reasoning steps involved. This alignment of probability will
more closely mimic a problem-solving nature as opposed to
the traditional predicting next token method and hence
improve any base LLM for a certain task through reasoning.
Furthermore, the qualitative nature of the LLMs output will
parallel improve since the step-by-step view of a problem
and the step-by-step solving of a problem inherently
mimics human decision process and hence is proposed to
have a greater resonance with the human chatbot
interaction.

In the proposed approach the first step involves generating
a synthetic dataset that only involves the question and a
reasoning output for a specific question. This dataset is
employed into training an 8-13B (Billion) parameter Large
Language Model. The training process involves the use of
the Low Rank Adaptation 'l (LoRA) method.

After the process of finetuning the Large Language Model
to perform reasoning tasks, the knowledge is distilled using
the Knowledge Distillation method employing KL-
Divergence for Large Language Models ['¥). This process
involves a two-step distillation from the original 8B-13B
model to a 3B model initially and then to a 1B model. This
is done so that knowledge gained from the 8B-13B model
can be easily passed down to a smaller model whereas a
smaller model would be incapable of learning all the
complex relations that can be modeled by the larger model.
The resultant 1B LLM is modeled as the Tiny Thought
Model or the TTM.

Furthermore, another base-LLM is chosen to be the main
responder of the model. This Base-LLM is finetuned using
the LoRA approach for any task specific use cases such as
math, computer science, coding etc. A Router which is a
feed forward network is trained based on the responses of
the Base-LLM to decide when the optimal answer is
reached compared to the question. Finally, the Tiny
Thought Model and the Base-LLM are attached via the
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Router and hence Chain of thought is induced into the base-
LLM.

During the process of a query asked by the user, the Tiny
Thought Model first generates reasoning steps to be
followed by the base model. This is then passed onto the
base-llm and a response it given. Based on the response, the
router either decides to stop the chain of thought process
and serve the output or continues to prompt the Tiny
Thought Model again to retrieve a fresh set of reasoning
steps for the base-1lm to follow.

4. MODEL ARCHITECTURE

The model architecture consists of a Tiny Thought Model
(TTM) with 1B-100M parameters, a fine-tuned LLM with
7-13B parameters and a Router which is a feedforward
MLP network. They are connected such that the overall

b, Two St Distitation
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system mimics a Chain of thought structure with thoughts
and reasoning cycles before providing the final answer,
increasing the accuracy of alignment of model probabilities
with real world probabilities.

This model architecture involves the depiction of the
connections made to the finetuned large language models
to be served. After the connection logic is implemented the
model architecture can be served as a chatbot and overall
model architecture can be thought of as on large language
model that responds to user prompts through the validation
of reasoning steps.
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Fig. 4.1: Two Step Distillation Process.
Fig. 4.2: Distillation Process

Fig. 4.1 represents the process of obtaining the Tiny
Thought Model for a Large Language Model of the order
8B-13B parameters. The process involves Two step
distillation to avoid any knowledge that may occur in direct
distillation from 8B-13B param model to a 100M-1B Tiny
Thought Model. In this process of Two Step distillation
involves first distillation from the Large Language model
to an intermediate student model that is of the order 7B-13B
params, further the intermediate student model is distilled
again to obtain the Tiny Thought Model of 100M-1B
parameter that is capable of closely matching the
probability distribution of the parent model. The knowledge

distillation as shown in Fig. 4.2 loss function combines the
supervised loss with the knowledge distillation loss in a
weighted binary exponential format. Here's the
mathematical formulation:

Let:

e L, note the supervised loss (e.g., cross-entropy
loss between the student’s predicted tokens and
the target tokens).

e L, denote the Kullback-Leibler (KL) divergence
between the logits of the student model and the
teacher model.

e o € [0,1] be the weighting factor controlling the
trade-off between the two loss components.

e y represent the target tokens.

e p, represent the probability distribution (logits)
from the student model.

e p, represent the probability distribution (logits)
from the teacher model.

The loss components are expressed as:

Supervised Loss:
Loy = = ) yilog(ps()))
i

where iii indexes the output tokens.
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KL Divergence Loss:
. Pei)
Ly, = ZPt(OlOg -
- Ps@)

where % is the soft distribution from the teacher model and
itz is the soft distribution from the student model.

Combined Loss: The final loss combines these two
components with exponential weighting:
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Lfinal = aLsup + (1 — )Ly,

Fine-tuning large language models (LLMs) with LoRA
involves adding low-rank updates to pretrained weights.
Below is the concise format:

Base Model Forward Pass:

h=Wx

Where, W € R%ut*din is the pretrained weight matrix, and
x € R%n is the input.

LoRA Weight Update:
W' =W+ AW, AW = A.B
Where:

e A€R%ux"gnd B € R™%n  are learnable
matrices, and ' is the rank (typically small).

LoRA Forward Pass:
h=W'x =W + AB)x = Wx + ABx

Scaled Low-Rank Update (optional):

a
AW = —AB
r

VOL. 34, NO. 5, 2025

Where a is a scaling factor for stability.
Training Objective:

Optimize the loss with respect to A and B, while keeping
W frozen:

L =Loss(f(W'x),y)

Where y is the target, and f is the model function. This
approach reduces the number of trainable parameters to r X
(dout + din) , enabling efficient fine-tuning.

Fig. 4.3 refers to the overall system architecture of the
pseudo chain of thought fine-tuned model. Here, the base
Large Language Model (LLM) is fine tuned to on the
synthetic data from the document, further a trained Feed
forward network is trained to invoke chain of thought
optimal number of times before providing final improved
response. This Feed Forward Network also called the
Router is used to join the fine-tuned base LLM with the
Tiny Thought Model obtained through two step distillation
process referenced in Fig. 4.1 Therefore, after the system is
constructed as shown in Fig. 4.3, based on an input from
the user, the base LLM provides an output, based on which
the router decides to invoke chain of thought, further the
Tiny Thought Model creates an internal thought/question
which is passed on to base LLM along with previous
outputs and queries. This loop continues until the router
network decides to exit reaching an optimal answer.

i LLM Outputs

8B-13B

Thought Questions

Router Using a

Feed Forward
Network

Adapter Model
(Tiny Thought
Model) 1B

Invoke CoT

Output Verified

4 Provide Final
Result

Fig. 4.3: OVfggiew of model architecture.
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5. IMPLEMENTATION

5.1. DATASET FORMATION

For the purposes of model distillation and creation of a Tiny
Thought Model, a large dataset with reasoning steps for
logical questions is to be generated. Here the target text for
the model should not be the final answer and instead the
intermediate reasoning steps. Hence several small datasets
for math, science and computer science were collected and
formatted with LLM tags, here we use Llama 3 suite of
models hence the tags are <start header id>,
<end header id>, <eot_id>, <end message id> and many
more which signify certain format context to the LLM.
After formatting all the datasets with system instructions,
user responses and assistant responses, they are all merged
and shuffled such that each subset contains the same
percentage of each dataset’s row. Further in the assistant
responses the target text values are striped and hence it only
remains with all the reasoning steps. For the purposes of
model fine tuning similar steps are followed but the target
text remains to be the final correct answer instead. The
dataset is mainly an equally ratioed combination of multiple
datasets consisting for complex mathematical, scientific
questions and python coding along with reasoning steps.

5.2. HYPER PARAMETRIC SETTINGS

5.2.1. LoRA Fine Tuning of Base LLM:

For faster training and resource efficiency a 4-bit quantized
Llama 3.1 8B model is opted to be the base LLM. With the
help of Unsloth fine tuning a QLORA finetuning framework
was developed for the Base LLM with mathematics
expertise dataset. Here, the Query, Key, Value Matrices
along with Up and Down projections were enabled for the
fine-tuning process. It utilized a binary float 16 datatype for
weights with a linear learning rate scheduler with the target
learning rate being 2 * 107, The rank was set to 32 and
alpha to 64 with the batch size being 8 per device. Due to
resource constraints the maximum step size was set to 300.

5.2.2 Knowledge Distillation for TTM:

For the purposes of knowledge distillation, the process of
normal finetuning took place for a Llama 3.1 8B with a
reasoning specialized dataset and hence was used in finally
distilling to a Llama 3.2 1B model. To implement
Knowledge Distillation a standard Supervised Fine-Tuning
Trainer was implemented with the compute class being
overridden to implement the knowledge distillation loss as
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mentioned above in section 4.

Here, only the Query and Key matrices were enabled for
distillation and a batch size of 2 with a maximum training
step size of 200 was implemented. Learning rate schedulers
were similar to the parametric settings in LoRA finetuning
process mentioned in section 5.2.1.

5.3. INFERENCE AND EVALUATION

For the purposes of evaluation, the Base LLM was set to a
greedy decode method, with a top K being 100 and top P
being 0.95, due to resource constraints. For inference
purposes the Base LLM was set to a beam search decode
method with the number of beams being 2. The
Temperature for the base LLM was set to 0.6 with a max
new token of 2048, during both evaluations and inference
to promote more accurate results.

The Tiny Thought Model was set to a beam search decode
method with the number of beams being 2 and a max new
token of 512 during both evaluations and inference.

For evaluation and training both the models were prefixed
with certain system instructions and a 1 shot example for
the output format.

All the above settings were constant for all the comparison
models used to establish a control in the environment.

6. RESULTS AND DISCUSSION

Finally, after the process of two step knowledge distillation
using a combination of cross entropy loss and reverse kl
divergence loss, we obtain a Tiny Thought Model of size
1B reduced from 8B. The Base LLM can be unaltered but
for task specific applications such as math and reasoning
fine tuning on an appropriately large dataset for the task
improves the overall answering capacity and internal
knowledge in the probability distribution of the LLM.

6.1. METRIC DESCRIPTION.

Finally, after the process of two step knowledge distillation
using a combination of cross entropy loss and reverse kl
divergence loss, we obtain a Tiny Thought Model of size
1B reduced from &B.

The Base LLM can be unaltered but for task specific
applications such as math and reasoning fine tuning on an
appropriately large dataset for the task improves the overall
answering capacity and internal knowledge in the
probability distribution of the LLM.

After Combining both these models as mentioned in the
proposed methodology, evaluation on standard datasets
such as Massive Multitask Language Understanding

Meaning (MMLU), with the college math and college
computer science split, is carried out with metrics being
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Accuracy, bilingual evaluation understudy (BLEU),
Recall-Oriented Understudy for Gisting Evaluation
(ROUGE).

The Bilingual Evaluation Understudy (BLEU) has gained a
lot of popularity as a metric used in evaluating machine
translators as well as text generation models. It calculates
n-gram matches with various reference texts and
implements a precision measure at the same time taking
into account a brevity penalty for short generated outputs.

6.2. COMPARISON OF MODELS

VOL. 34, NO. 5, 2025

The Recall-Oriented Understudy for Gisting Evaluation
(ROUGE) on the other hand is used for the assessment of
text summarization and generation on a recall basis with n-
grams overlapping. Some of the families which ROUGE is
composed of are ROUGE-N, ROUGE-L, and ROUGE-W
which check for n, longest and weighted sequences
respectively

MMLU COLLEGE MATHS MMLU COLLEGE CS
S.NO. MODELS
ACCURACY % | BLEU ROUGE | ACCURACY % | BLEU ROUGE
1 Llama 3.1 8B
22 0.1300 0.0500 49 0.1700 0.1900
2 Llama 3.1 8B
CoT 32 0.5300 0.5000 50 0.6800 0.6800
3 Llama 3 8b math
finetuned 26 0.1298 0.0313 22 0.0590 0.0201
4 Llama 3 8b math
finetuned with
CoT 37 0.1158 0.0137 33 0.0652 0.0233
5 Mistral 7b v0.3 27 0.1174 0.0139 30 0.0656 0.0203
6 Gemma 2 9B 29 0.1134 0.0129 39 0.0615 0.0190

Table 6.1: Quantitative results of evaluation over selected benchmark

The table 6.1 depicts the values achieved by each of the
selected models for the benchmark of MMLU Mathematics
and MMLU Computer Science, each being at college level.
The Models chosen for the purpose of comparison involves
the base models (Llama 3 8B) to establish a control and
some commercially available models of comparable
parameter counts such as the Mistral 7B v0.3, Gemma 2 9B.
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The metrics used here are Accuracy percentage, BLEU and
ROUGE L1. The highlighted values at each of the metric
section for each of the selected benchmark depicts the
highest score achieved in the respective benchmark for the
respective metric.

As observed the highlighted values are skewed towards
models with an ability to have a chain of thought. Hence a
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Fig. 6.2: Comparison of College Computer Science Scores with other models

Rudimentary analysis results in association of better
performance with Chain of thought. Hence with the
proposed methodology the models with induced chain of
thought have achieved higher scores as compared to the
control base large language models while also achieving
better performance as compared to other open-source
models of comparable parameter count such as Mistral 7b
and Gemma 2 9b.

However, the increase in performance comes with an
additional parameter count of 1 billion parameters to
account for the Tiny Thought Model. But even with the
higher parameter count the accuracy achieved is higher
even with similar parameter count models such as the
Gemma 2 9b.
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Fig. 6.3: Comparison of College Mathematics Scores with other models
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The Fig. 6.1 shows the comparison between the base LLM
and CoT fine-tuned LLM. This shows a significant
improvement of the CoT induced LLM in math with a 10%
increase in accuracy rates and significantly higher BLEU
and ROUGE scores which indicate better explainability of
LLM for the answer. This shows that even without any
Knowledge finetuning of base LLM, and only by inducing
Chain of Thought TTM, the model performance is
perceivably better.

The Fig. 6.2 Shows the comparison of the MMLU College
level computer science evaluations of the proposed Pseudo
CoT induced model with the publicly available models
while using the base model as comparison. Here due to lack
of fine-tuning knowledge of the distribution of data, the
non-fine-tuned, Chain of Thought induced model performs
the best while also performing better than all the other
models such as Gemma 2 9B, Mistral 7B v0.3. The Fig. 6.3
also shows similar results but comparison of MMLU
Mathematics yields the Fine-Tuned Pseudo CoT model as
the victor due to training on similar distribution data. Hence
this shows the models capability on task specific operations
which require reasoning.

The Fig. 6.4. depicts the comparison between the model
size over the model accuracy achieved on each of the bench
marks. The models with CoT induced finetuning have been
increased by 1B parameters accounting for the Tiny
Thought Model. Even with this slight initial increase, we
can deduce that there exists a large improvement over the
accuracy compared to the base model aswell as the
finetuned model, hence making the trade off between the
between increased model size to accuracy is validated and
justified. Further compared to models of similar parameters
size and higher parameter size compared to the base model
chosen, it is observed to have a substantial improvement,
hence validating the additional resources to induce chain of
thought to a smaller model as opposed to using a
commercially available larger model.

Therefore, as seen by the evaluation, through the process of
chain of thought induction as proposed in the methodology
the Large Language Model clearly outperforms the Base-
LLM itself as well as improve over certain models available
apart from the base model with equal or slightly greater
parameter. Hence for the use for real world applications,
this process can be applied to improve certain areas of
knowledge and responses such as mathematics and
computer science as shown in the evaluations.

However since the training process was done for a
relatively small amount of time, the chain of thought
induced models are not at peak performance, and hence the
evaluation shows better performance increase towards
mathematics and numerical data over textual data.
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7. CONCLUSION
7.1. SUMMARY

The proposed Pseudo Chain of Thought Induced
Finetuning of model is a significant advancement in
improving the reasoning and task-specific capabilities of
large language models (LLMs). Through the two-step
knowledge distillation process, the Tiny Thought Model
(TTM) is reduced from 8B to 1B parameters. Further, fine-
tuning the Base LLM on task-specific datasets, particularly
in mathematics and reasoning, has significantly improved
the model's answering capability.

Evaluation using the Massive Multitask Language
Understanding (MMLU) dataset revealed key findings In
mathematics performance a 10% increase in accuracy
compared to the Base LLM is observed, with higher BLEU
and ROUGE scores, highlights improved explainability and
reasoning, Computer Science Performance without
knowledge fine-tuning, the CoT-induced model
outperforms all publicly available alternatives such as
Gemma 2 9B and Mistral 7B v0.3.

These results underscore the efficacy of combining the
distilled TTM and a fine-tuned Base LLM for achieving
superior performance in both general and task-specific
reasoning challenges but there exists a lot of scope for
improvement of the current results which let the model
outperform higher parameterized models as well.

7.2. FUTURE WORK

These improvements mainly are, scaling model size of the
TTM and the Base LLM have substantial performance
gains. Exploring TTM sizes of 3B or 4B could balance
efficiency with reasoning depth, while scaling the Base
LLM to 13B or larger.

Increasing Training Time for the distillation and fine-
tuning process, especially with larger datasets, can improve
the alignment of the TTM's reasoning capabilities and the
Base LLM's knowledge.

Dynamic Routing Optimization between the TTM and the
Base LLM to better identify tasks requiring detailed
reasoning could speed up performance. Adaptive
mechanisms could be developed for selecting reasoning
depth based on task complexity. Specialized CoT
Techniques exploring domain-specific Chain of Thought
patterns.

In conclusion the proposed model marks a substantial leap
in reasoning and task-specific performance, paving the way
for future advancements that scale both the architecture and
its training paradigm.
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7.3. QUALITATIVE ANALYSIS.
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From the above figure, fig. 7.1, we can an observe how a

model, that has been induced with Chain of Thought >
through processes that have been proposed in the section 4

of this paper, can be deployed locally. This can be

considered a reference user interface that shows the output

of the tiny thought model and the main model. When Fig. 7.2: Sample Output of CoT Induced LLM
prompted with a physics question. We can observe that

Tiny Thought model provides a list of steps to follow that

might lead to the correct answer. Finally, the main model

interprets the steps and hence provides a comprehensive

answer.

As observed the internal thoughts that are produced by the
Tiny Thought Model, provides a step-by-step guide for the
main model to understand and hence perform task and
provide outputs beyond its normal capabilities

7.4. REAL WORLD APPLICATIONS.

The combination of the two Large Language Models is
negligible since the distilled Tiny Thought Model only
constitutes to 1.2GB of additional memory in comparison
to the ~ 6-7GB of memory utilized by the Main model.

Hence due to the relatively small size and performance
boost the combined model architecture can be used for
various small to medium tasks, some of them being, Code
base reviewing, Customer Care Agents, Customer
Relations handling and many more.

The small size and parallelizable properties of the proposed
architecture allows the model to be self-hosted at minimal
cost for small and medium tasks that are not at the highest
of priorities and provide great cost-effective solutions
compared to the utilizing Large Foundational Models of the
order 50-100B for tasks that do not require large models
and instead requires reasoning abilities. The integration of
the Pseudo Chain of Thought (Pseudo-CoT) technique into
Large Language Models (LLMs) offers several pragmatic
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real-world uses for sectors that require improved reasoning,
efficiency, and cost savings. The combination of a
compressed Tiny Thought Model (TTM) and Base LLM
fine-tuned is intended to improve computational efficiency
with high task completion accuracy rates. A Subset of such
usage is illustrated below:

o Automated Review and Debugging of Code

e Pseudo-CoT framework's ability to generate
step-by-step reasoning makes it extremely
valuable in coding and debugging.

e The TTM can identify logical errors in pieces
of code through breaking the problem down
into fragments.

e The Base LLM can then examine the
suggested solution and check for correctness
against best practice and coding guidelines.

e The system can be implemented as virtual
assistants in IDEs for live coding optimization
recommendations.

e Virtual Assistants and Customer Support

e The ability of the system to minimize
hallucinations and  facilitate  rational
coherence is applicable to the needs of virtual
customer support assistants.

e The TTM is able to parse customer questions
and create a rational thought process to solve
intricate customer queries.

e The Base LLM helps ensure that answers are
contextually relevant and policy compliant
for companies.

e This technique greatly enhances accuracy of
responses and minimizes human agent
dependency, decreasing operational
expenditures.

e Educational Tutoring Systems

e Using its improved reasonability, the Pseudo-
CoT model has the potential to transform
personalized learning platforms by rendering
elaborate explanations for intricate ideas.The
TTM produces intermediate reasonability
steps in order to answer questions, and
therefore is ideally suited for usage in
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mathematics and science education.

e The Base LLM provides reliable final
answers, minimizing the possibility of
presenting false information to students.
Adaptive learning technology may utilize this
model to modify levels of difficulty
dynamically in accordance with students.

e Medical Diagnosis Support

e Pseudo Chain of Thought step-by-step
reasoning style may be applied in medical
diagnosis systems through Al. The TTM
helps break down symptoms into potential
underlying conditions.

e The Base LLM, being trained on healthcare
data, is able to provide a probabilistic
diagnosis in such a manner that practitioners
receive structured guidance. It is particularly
useful in telemedicine applications where live
Al assistance required.

¢ Financial and Legal Document Analysis

e Legal and finance sectors rely on the
extensive explanation for contract analysis,
compliances, and fraud detection.

e The TTM s capable of extracting and
generating step-by-step logical interpretations
of legal document clauses.

e The Base LLM verifies compliance with
regulatory rules for contractual correctness.
The model may be integrated into automated
compliance applications used by banks and
law firms.
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