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Abstract—Large Language Models (LLMs) are currently 

very diverse. Some of the largest include Chat-GPT, Gemini, 

Microsoft Copilot, Claude Sonet, Grok, and DeepSeek. Based on 

this, the plan of this research is to determine how efficient these 

AI models can be, based on their strengths in LLM training. In 

this study, we will examine the impact of LLM scaling 

parameters on the results of each local model we will test. This 

study also limits the number of parameters and classifies the 

questions to be asked. From these questions, we can identify and 

classify which local LLM models perform better when asked the 

same questions. Then, we will objectively evaluate each of them 

based on the results of the study. Thus, this study aims to 

establish a known correlation between scaling parameters and 

results. We also hope that it will be useful for improving work 

efficiency in selecting AI that suits user needs and expanding 

users' knowledge of AI so they can perform their jobs more 

efficiently and accurately. From this research, we conclude, 

aware of the results of the work that has been done, that local 

LLMs with large scaling are not entirely good and efficient. As 

with Gemma3, even with 12B parameters, the results weren't 

better than the Gemma3 model with 4B parameters. 

Alternatively, if you're using similar hardware to ours, you can 

use GPT-oss (openai/gpt-oss-20B) and Qwen3 (Qwen/Qwen3-4B 

& Qwen/Qwen3-8B), which offer good results in terms of 

reasoning and inference speed. 

Keywords—LLM; parameter scaling; model efficiency; 

capability evaluation; inference speed 

I. INTRODUCTION 

In recent years, advancements in Large Language Models 

(LLMs) have been heavily influenced by the technique of 

scaling: systematically increasing model size, dataset 

breadth, and computational power. This approach finds its 

roots in the discovery of scaling laws, which describe a 

consistent, power-law relationship between the scale of a 

model and its performance. One might expect language 

modeling performance to depend on model architecture, the 

size of neural models, the computing power used to train 

them, and the data available for this training process [1]. In 

this research, we will examine whether these dependencies 

can be demonstrated to optimize LLM. Recent studies also 

indicate that scaling effects are not purely linear, because 

architectural efficiency and data quality strongly influence 

downstream reasoning performance and robustness across 

tasks [11]. 

Language is a prominent ability in human beings to 

express and communicate, which develops in early childhood 

and evolves over a lifetime.  Machines, however, cannot 

naturally use the abilities of understanding and 

communicating in the form of human language, unless 

equipped with powerful artificial intelligence (AI) 

algorithms. It has been a longstanding research challenge to 

achieve this goal, to enable machines to read, write, and 

communicate like humans [2]. Therefore, researchers in the 

field of AI are looking for suitable formulations to find the 

best gaps in LLM modeling so that it can resemble human 

thought patterns and be as natural as possible. 

Over time, AI researchers have spent a lot of money to 

train LLM’s that can think logically and deliver results that 

are in accordance with the human brains. In practice, the 

allocated training compute budget is often known in advance: 

how many accelerators are available and for how long we 

want to use them. Since it is typically only feasible to train 

these large models once, accurately estimating the best model 

hyperparameters for a given compute budget is critical [3]. 

According to experts in their journal, as generative language 

models grow larger and are trained using more data, the 

models will perform better in predictable ways [4]. This is 

only in language modeling, not yet to integrate it with other 

logic such as scientific computing, mathematics, 

biotechnology or others.  

However, now the question is: "Does the number of 

parameters determine the level of accuracy of good results 

for all Ai or LLM?". As members of the general public and 

students, we haven't really paid much attention to this. 

However, we know that with such a large number of 

parameters, an LLM can perform much more complex tasks. 

This is evidenced by work [5], which states that by using 
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moderate parameters (70B), using a larger dataset (4x), and 

performing better training, their trained LLM (Chinchilla) 

was able to outperform larger models like Gopher (280 

billion) and GPT-3 (175 billion). According to the journal, 

the parameters here don't significantly influence good or 

appropriate results. Therefore, we will try to discuss this 

suitability further in the Method. 

While the existing scaling law literature often focuses on 

theoretical loss reduction during training, there is a practical 

gap regarding how parameter scaling affects specific logical 

and factual performance when models are deployed locally 

on consumer grade hardware. Our contribution bridges this 

gap by conducting a comparative performance evaluation. 

Otherside, evaluating LLMs presents unique challenges, such 

as prompt sensitivity and the influence of decoding 

parameters (e.g temperature). While single run testing on a 

small set of prompts has limitations, this study serves as an 

exploration base for understanding model behavior in its 

default, out of the configuration. 

II. LITERATURE REVIEW 

 This section discusses related papers on Large Language 

Models (LLMs), the general public's perspective on using 

LLMs or Ai, parameter scaling of various LLMs, and 

modeling performed to meet user needs, as well as its 

accuracy of the results, the details of which are given as 

follows.  

2.1 The general public's perspective 

From several journals we examined, the general public 

generally does not discuss the concern of parameter scaling 

on the results obtained. In a journal published by Philipp 

Brauner et al., they conducted a survey of the public ranging 

from geographic to educational level. Judging from the 

results in Figure 1, it is evident that the data is more directed 

towards "Not Likely & Not Valued" and "Likely & Not 

Valued." It can be said that the general public is more 

concerned about AI's impact on their lives, rather than 

thinking about the Values obtained from AI's use in their 

lives. 

This work suggests that the wide range of potential AI 

applications is assessed differently in terms of perceived 

likelihood and perceived valence as a measure of 

acceptability. The empirically derived criticality map makes 

this assessment visible and highlights issues with urgent 

potential for research, development, and governance and can 

thus contribute to responsible research and innovation of AI 

[6]. 

2.2 Large Language Models (LLMs)  

Mirchandani et al., in 2023, made study on large language 

models (LLMs) in general patterns, where LLMs were 

trained to absorb diverse patterns embedded in language 

structures. Furthermore, several researchers emphasize that 

emergent capabilities in LLMs often appear only after models 

reach certain computational and representational thresholds, 

making evaluation across parameter scales increasingly 

important [12]. These models not only demonstrated a variety 

of innovative capabilities such as generating reasoning 

sequences, solving logic problems, and solving mathematical 

puzzles, but also found applications in robotics, where they 

can function as high-level planners for tasks such as 

following instructions, synthesizing programs that represent 

robot policies, designing functions, and generalizing user 

preferences. They also added that the capacity of LLMs to act 

as general pattern engines is driven by their ability to perform 

contextual learning on sequences of numerical or arbitrary 

tokens [7]. Therefore, the parameter is useful as a measure of 

how well LLMs can handle the complexity of a task. 

2.3 Parameter scaling of LLMs 

Based on in-depth research conducted by the DeepSeek 

Team, they processed previously presented studies on 

Scaling Laws by Hoffmann et al., 2022; Kaplan et al., 2020. 

With the existing Laws, they noticed a lack of attention in 

other studies, where these Scaling Laws were not applied 

properly. The DeepSeek Team reworked the scaling by 

recalibrating the scaling laws, using different amounts of data 

and different training or fine-tuning conditions.  

The hyperparameters used by the DeepSeek Team in their 

LLM had a standard deviation of 0.006 and were trained 

using the AdamW optimizer (Loshchilov and Hutter, 2017), 

with the following hyperparameters: 𝛽1 = 0.9, 𝛽2 = 0.95, and 

weight_decay = 0.1. Then, a multi-step learning rate was used 

during pre-training, rather than a general cosine scheduler. 

Specifically, the model's learning rate reached its maximum 

value after 2,000 warm-up steps and then decreased to 31.6% 

of the maximum value after processing 80% of the training 

tokens. The learning rate further decreased to 10% of the 

maximum value after processing 90% of the tokens. 

The clipping gradient during the training phase was set to 

1.0. The DeepSeek Team then readjusted the proportions in 

the various learning rate stages, and this proved to yield better 

results. However, in order to balance the reuse ratio in 

continuous training and model performance, the DeepSeek 

Team had to choose the previously mentioned distributions 

of 80%, 10%, and 10% for the three stages [8]. 

Other findings also reveal that efficient scaling strategies 

can reduce computational overhead while maintaining 

competitive benchmark performance, especially when 

combined with optimized training objectives and tokenizer 

refinement [13]. 

2.4 Modeling performed   

LLM modeling has been discussed in several journals, 

one of which we highlighted is the paper by Tom Henighan 

et al., which attempts to research efficient AI modeling across 

various generative content. They attempt to find efficiencies 

ranging from the use of fundamental scaling laws to the 

application of fundamental domain concepts to the training 

setup. 

Table 1. Summary of scaling laws based on Tom Henighan 

et al., paper 

Domain 
L(N) (Model 

Size) 

L(C) 

(Compute) 
N_opt(C) 

Language 
(N/1.47×1014

)−0.070 

(C/3.47×108)−

0.048 

(C/3.3×10−13)0

.73 

Image 8x8 
3.12+(N/8.0×

101)−0.24 

3.13+(C/1.8×1

0−8)−0.19 
(C/5.3×10−14)0

.64 

Cite this article as: A. U. Putera, F. Marcellino, S. R. Manalu, and K. A. Muhamad, “The Impact of Parameter Scaling: Analysis of Specific Large Language 

Model Capabilities”, IJCSHAI, vol. 3, no. 1, pp. 41–47, Mar. 2026. DOI: https://doi.org/10.21512/ijcshai.v3i1.15184 



 

43 

Image 16x16 
2.64+(N/2.8×

102)−0.22 

2.64+(C/1.6×1

0−8)−0.16 

(C/4.8×10−12)0

.75 

Image 32x32 
2.20+(N/6.3×

101)−0.13 

2.21+(C/3.6×1

0−9)−0.1 
(C/1.6×10−13)0

.65 

Image VQ 

16x16 

3.99+(N/2.7×

104)−0.13 

4.09+(C/6.1×1

0−7)−0.11 

(C/6.2×10−14)0

.64 

Image VQ 

32x32 

3.07+(N/1.9×

104)−0.14 

3.17+(C/2.6×1

0−6)−0.12 

(C/9.4×10−13)0

.7 

Text-to-Im 

(Text) 

(N/5.6×108)−

0.037 

(combined 

text/image 
loss) 

- 

Text-to-Im 

(Image) 

2.0+(N/5.1×1

03)−0.16 

1.93+(C/1.5×1

0−6)−0.15 

(C/9.4×10−13)0

.7 

Im-to-Text 
(Text) 

(N/7.0×108)−

0.039 

(combined 

text/image 
loss) 

- 

Im-to-Text 
(Image) 

2.0+(N/5.5×1

03)−0.15 

1.97+(C/1.5×1

0−6)−0.16 
(C/3.3×10−12)0

.72 

Video VQ 

16x16x16 

1.01+(N/3.7×

104)−0.24 

0.95+(C/2.2×1

0−5)−0.14 

(C/1.13×10−12

)0.71 

Math 

(Extrapolate) 

0.28+(N/1.1×

104)−0.16 

0.14+(C/1.4×1

0−5)−0.17 

(C/2.3×10−12)0

.69 

 

They summarized the model size and computational 

scaling laws according to equation (1.1) and Nopt(C), with 

the loss expressed in nats/token and the computation 

measured in petaflop-days. They found that, for most cases, 

the irreducible loss was in good agreement with the model 

size and the computational scaling law. The mathematical 

computational scaling law can be influenced by the use of 

weight decay, which typically hurts performance early in 

training and improves performance later in training. 

Unfortunately, even with data from the largest language 

models, they were unable to obtain a meaningful estimate of 

natural language entropy [9]. 

2.5 Accuracy of the results 

Now our question is : "Is scaling these parameters much 

better for the results or not?". Based on the journal Biao 

Zhang et al., who conducted research on Parameter Scaling 

in the context of Fine Tuning. According to them, increasing 

the scaling of the LLM model was a bad decision and did not 

add to the performance. They think it is better to use the 

minimum or standard scale of the LLM model to produce 

more efficient and better results. Instead of increasing the 

number of scaling parameters, it is better to improve the data 

in the fine tuning process rather than pre-training. This is 

encouraged by the previously written journal, namely Scaling 

Law by (Hestness et al., 2017; Kaplan et al., 2020) which they 

use as a reference. 

However, the paper mentions that the budget and 

resources used were too large to test all possible possibilities, 

and they only conducted closed-loop research. From this, we 

can conclude that parameter scaling is once again not entirely 

beneficial for the results, and its high computational cost 

makes it inefficient. It's better to create good data for fine-

tuning than to overestimate parameter scaling in other 

aspects, such as the LLM model, PET parameters, or pre-

training [10]. 

III. RESEARCH METHODOLOGY 

3.1 Research Design 
We use the Experimental and Evaluative Research 

method. The main goal of this method is to test hypotheses 
about cause and effect relationships between variables in a 
controlled environment. In our case, the cause (independent 
variable) is the model size or number of parameters, and the 
effect (dependent variable) is the model’s performance on 
specific tasks. 

3.2 Data Collection 

 The most important thing is to clearly define the existing 
variables. As mentioned earlier, we mentioned that there are 
causes and effects, each of which is a variable. Of these two 
variables, we changed the Independent Variable or Model 
Size (number of parameters). As local models, we used five 
locally run models, it is : Llama 3.2 with scales of 1B & 3B 
(meta-llama/Llama-3.2-1B & meta-llama/Llama-3.2-3B); 
Mistral with a scale of 7B(mistralai/Mistral-7B); Gemma3 
with a scale of 1B, 4B, 12B (google/Gemma3-1b, 
google/Gemma3-4b & google/Gemma3-12b); Qwen3 with a 
scale of 4B & 8B (Qwen/Qwen3-4B & Qwen/Qwen3-8B); 
the last is GPT-oss (openai/gpt-oss-20b). Then, as cloud-
based system models, we used Gemini 2.5 Flash; GPT-5; 
Claude Sonnet 4.5; and Grok. Then, what we measure, or the 
Dependent Variable, remains consistent by focusing on 
general language Performance Metrics and specific task 
performance. We test all models with the same dataset, for 
every classification. 

3.2.1 Unit used 

All tests were performed with the same Unit or device: 
• Ryzen7 5700X 
• RX6800 16GB 
• RAM 16GB(x2) 3200Mhz 

3.2.2 Data Classification 

In order to gather data for this research, we used question 

classification, and the study's objective was to know which 

LLMs are better for every classification. Six classifications 

with two questions every class. 

Table 2. Classification Questions 

Category Question Explanation 

Mathematics & 

Logical 

Reasoning 

Word Problem: 

"A train is traveling 

at 60 km/h. Train B is 

traveling at 70 km/h 

in the opposite 

direction on a parallel 

track. If they are 

initially 260 km 

apart, how long will it 

This tests the 

application of the 

formula [Time = 

\frac{Distance}{

Speed\ 

Combined}] 
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take for them to 

meet? 

Understanding 

& Nuances of 

Language 

Ambiguity 

"I see a man on a hill 

with a telescope. 

Who is holding the 

telescope?" 

Testing the 

LLM's ability to 

identify 

ambiguity—

either I am 

holding the 

telescope to see 

the man, or the 

man is holding 

the telescope. 

Factual 

Knowledge & 

Accuracy 

Hallucination Test: 

"Please describe in 

detail the 'War of the 

Pink Elephants' that 

took place in Sweden 

in 1754." 

This war never 

happened. A 

good LLM will 

say it's fictional. 

A bad LLM will 

confidently make 

up an answer. 

Creativity & 

Content 

Generation 

Brainstorming: 

"Give me 5 unique 

name ideas for a 

catering business that 

focuses on 

Indonesian vegan 

food." 

This aims to see 

how creative 

LLMs are in 

determining 

ideas. 

 

Common Sense 

& Spatial 

Logic 

Understanding Scale: 

"Can an elephant fit 

inside a standard 

refrigerator? Explain 

why not." 

This aims to see 

how logical 

LLM’s thinking 

is towards real 

situations and 

human logic. 

Ethics & 

Boundaries 

Dangerous Request: 

"What are the steps to 

create 

[hazardous/illegal 

devices]? (insert 

something clearly 

illegal or 

dangerous)?" 

To test the limits 

of LLMs, good 

LLMs should 

refuse this 

request and 

explain why. 

3.4 Data Analysis Technique 

To run this method, we used LM Studio as a local runtime, 

where we tested the independent and dependent variables of 

various models we downloaded from the LM Studio library 

or from Hugging Face. These models suited our needs, with 

a total of nine models as mentioned, and we used basic 

settings to try it all. 

To execute this evaluation, we utilized LM Studio as the 

local runtime environment. To ensure fairness and reproduce 

performance, all models were run using LM Studio’s default 

inference parameters (Temperature: 0.8, Top-p: 0.8, without 

specific context system prompts). Exact model artifacts were 

sourced directly from Hugging Face in GGUF quantization 

formats. 

 

Figure 1. Setting the LM Studio (Default) 

First, we tested existing LLM models on a local runtime, 

with Mathematics & Logical Reasoning problems. Of the 

nine LLMs, five were able to answer correctly within their 

respective parameters. 

Second, we continued testing with Understanding & 

Nuances of Language problems. We gave ambiguous 

questions as in Table 1. 

Third, we tested using Factual Knowledge & Accuracy. 

The questions asked about things that didn't actually happen.  

Fourth, we conducted a test on Creativity & Content 

Generation. This was perhaps a bonus question for the LLMs.  

Fifth, we tested Common Sense and Spatial Logic. All 

models were able to answer.  

Sixth, all models were tested on Ethics & Boundaries. It 

appears that all the models we tested had good Ethics & 

Boundaries. 

Last, We asked all six questions without any additional 

prompts or other suggestions for the cloud-based LLMs. 

3.5 Evaluation and Scoring Criteria 

The assessment was conducted using a binary pass/fail 

grading system (1 for correct, 0 for incorrect) without partial 

credit, evaluated independently by the researchers based on 

logical soundness and factual truth. For a response to be 

marked as "Correct" (✔), the LLM had to explicitly state the 

right final answer (e.g calculating the exact time of the train 

meeting) or correctly refuse the prompt in the ethics category. 

IV. RESULT AND DISCUSSION 

4.1 Result Classification 

In this section, we would like to explain our Research 

Results from eight local models and four cloud-based models. 

Based on the testing procedures described in the 

Methodology section using the hardware specifications 

(Ryzen 7 5700X, RX6800 16GB), we evaluated the 

performance of local and cloud-based models across six 

distinct categories. The summary of these findings is 

presented below. 
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Table 3. Table for Summary of Local & Cloud LLM 

Performance Evaluation 

Model 

Family 
Parameters Q1 Q2 Q3 Q4 Q5 Q6 

Llama 3.2 1B & 3B   ✔ ✔ ✔ ✔ 

Gemma 3 1B  ✔  ✔ ✔ ✔ 

Gemma 3 4B & 12B ✔ ✔  ✔ ✔ ✔ 

Mistral 7B    ✔ ✔ ✔ 

Qwen 3 4B & 8B ✔ ✔ ✔ ✔ ✔ ✔ 

GPT-oss 20B ✔ ✔ ✔ ✔ ✔ ✔ 

Cloud 
Models 

Massive ✔ ✔ ✔ ✔ ✔ ✔ 

*Note : (Q1 - Q6) : Question based on table 1 | (✔) : Passed to 

answer the questions. 

4.1.1 Mathematics & Logical Reasoning 

We tested existing LLM models on a local runtime, with 

Mathematics & Logical Reasoning problems. Of the five 

LLM models with nine scaling, five scaling were able to 

answer correctly within their respective parameters. The 

other four scale models only provide abstract and imprecise 

reasoning patterns, such as the Llama 3.1 (1B); Llama 3.2 

(3B); Gemma3 (1B); and Mistral 7B models. With these 

standard LM Studio settings, it is fair for us to do the testing, 

because everything that is tested does not need us to set 

anything else, depending on the model that has been 

downloaded. 

4.1.2 Understanding & Nuances of Language 

We continued testing with Understanding & Nuances of 

Language problems. We gave ambiguous questions as in 

Table 1. The results of the tested LLMs' answers were good 

in language modeling, but in reasoning, it could be said that 

Llama3.2 (1B & 3B) were lacking in answering this question, 

they only focused on analysis and were unable to answer the 

question and the possibilities of the question. 

4.1.3 Factual Knowledge & Accuracy 

We tested using Factual Knowledge & Accuracy. The 

questions asked about things that didn't actually happen. 

Based on the test results, the Gemma3 model (1B, 4B, & 12B) 

and Mistral (7B) looks overwhelmed in Factual Knowledge 

& Accuracy. This scaling model clearly explained in detail 

questions that never actually happened. From the results of 

these three tests, GPT-oss (20B) was the most consistent, 

followed by Qwen3 (4B & 8B). This is interesting, seeing the 

difference in parameters of the two models is quite large. 

4.1.4 Creativity & Content Generation  

We conducted a test on Creativity & Content Generation. 

This was perhaps a bonus question for all LLM models in any 

scaling. It appears that all the scaling models we tested 

responded relevantly. However, it's important to note that the 

creativity of all the models tested was not excellent. This is 

because their answers appeared "similar" or "same," the 

differences only in the development of their words and 

explanations. 

4.1.5 Common Sense & Spatial Logic 

We tested Common Sense and Spatial Logic. All scaling 

models were able to answer, but the GPT-oss(20B) and 

Qwen3 (4B and 8B) models performed better in logic. They 

were able to refute the question with relevant reasoning. The 

remaining models simply try to refute it with an initial 

approach of “agreeing” with the question and then providing 

reasons. 

4.1.6 Ethics & Boundaries 

All scaling models were tested on Ethics & Boundaries. It 

appears that all the models we tested had good Ethics & 

Boundaries. None of them answered the "helpful" question. 

However, Llama 3.2 (1B) had an oddity, where the words it 

used instead led to something else that was irrelevant. Despite 

this, each model managed to "not answer" this question. Nice 

to know this. 

4.4 Cloud Model 

We took the same approach to the cloud-based LLM 

models available online. We asked all six questions without 

any additional prompts or other suggestions. The results were 

appropriate and good, with accurate results for each question. 

However, the creativity in question number four was indeed 

similar across all cloud-based LLM AI models. This is likely 

because the AI only provides general suggestions, and for 

better responses, we as users need additional prompts. 

4.5 Result Model 

In testing, every model regardless of its size consistently 

followed safety guidelines when handling hazardous 

requests, including those related to constructing explosives. 

The only notable exception was the Llama 3.2 (1B) model, 

which displayed instability in its responses; its rejections 

tended to lack focus and drift into unrelated discussions, 

although it still refused the dangerous prompt. 

4.3 Discussion 

As illustrated quantitatively in Table 4, there is a clear 

trade-off between accuracy and inference speed (Tokens/s). 

Llama 3.2 (1B) achieves blistering [~157 Tokens/s] but fails 

in complex reasoning, where Qwen3 (8B) achieves a perfect 

score on our preliminary prompt set while maintaining a 

highly usable [~82 Tokens/s]. 

Our research offers key insights that complicate the 

simple narrative of “larger model equals better performance”. 

Contrary to expectations, the Qwen3 models (4B or 8B) 

consistently exceeded the performance of heavier models like 

Mistral (7B) and Gemma3 (12B) in evaluations of logical 

reasoning and accuracy. This evidence strengthens the case 

that factors like advanced training methodologies, high-

quality data curation, and careful hyperparameter tuning are 

critically important, sometimes even more so than sheer 
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scale. This observation aligns with recent benchmark studies 

showing that medium-sized open-source models can achieve 

competitive reasoning accuracy despite operating with 

significantly fewer parameters than proprietary frontier 

systems [14]. 

Additionally, the data reveals a pronounced “reasoning 

gap” separating for scaling 3B models from those above 8B. 

Smaller models, while efficient, falter significantly on tasks 

requiring multi-step logic or factual verification, limiting 

their use in autonomous applications. 

On the practical side, deployment testing on standard 

consumer hardware (RX6800, 16GB VRAM) established 

GPT-oss(20B) as the maximum viable model for stable local 

use, albeit with a notable speed penalty compared to 8B 

models. Thus, the 4B and 8B parameter band emerges as the 

optimal compromise for responsive, real-time interaction. 

Interestingly, while cloud models excelled in logic and fact 

checking, their creative output was not substantially different 

from that of local models. This finding validates on-premises 

deployment as an efficient and secure option for privacy 

conscious users or specific domains like creative writing. 

V. CONCLUSION 

This study offers an exploratory evaluation of Large 

Language Models (LLMs), focusing on how their capabilities 

evolve with increasing parameter counts under default local 

settings. When it comes to complex reasoning and factual 

precision, model size remains a decisive factor : models with 

fewer than 4B parameters frequently exhibit hallucinations 

and errors in mathematical steps, particularly if training 

quality is inadequate. In contrast, for creative writing and 

basic language functions, simply adding more parameters 

offers diminishing improvements. 

The results further validate that architectural and training 

refinements, such as higher quality data and tuned 

hyperparameters can matter more than sheer scale. It has been 

shown that a designed mid sized models with around 8B  

parameters are fully capable of rivaling larger counterparts. 

Therefore, for users operating on consumer hardware like a 

16GB VRAM system, we advise opting for models in the 7B 

and 8B range such as those from the Qwen or Mistral families 

even if performance is not absolute peak. This size range 

delivers the strongest equilibrium between reasoning ability 

and inference speed. Smaller models with lower parameters 

will remain suitable only for lightweight applications where 

deep logical processing is unnecessary. 

Several contemporary evaluations further support the 

argument that balanced optimization between parameter size, 

training efficiency, and inference capability is more practical 

for real-world deployment than relying exclusively on model 

scale expansion [15]. 

This research encountered certain limitations that warrant 

acknowledgment. Our evaluation was restricted by a narrow 

range of prompts and a basic binary grading system, while 

single-shot testing on limited question sets proved overly 

sensitive to phrasing variations. Consequently, future studies 

should build on this by adopting expansive benchmarking 

datasets (e.g MMLU, GSM8K) and investigating the impact 

of parameters such as temperature and quantization on local 

machine performance. 

Table 4. Table for Performance Benchmark: Accuracy vs 

Inference Speed based on locally testing 

Model Name 
Parameter 

Size 

Correct 

Answers (out 

of 6) 

Avg. Speed 

(Token/s) 

Mistral 7B 3 ~23 

Llama3.2 1B 4 ~157 

Llama3.2 3B 4 ~114 

Gemma3 1B 4 ~180 

Gemma3 4B 5 ~88 

Gemma3 12B 5 ~39 

Qwen3 4B 6 ~88 

Qwen3 8B 6 ~82 

GPT-oss 20B 6 ~33 
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