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Abstract: This study leverages the NVIDIA platform, a hardware with constrained computational 

resources, to evaluate the real-time performance of various small language models as local assistants, 

functioning without Internet access. The research employed a novel four-phase methodology, beginning 

with the selection of small language models for evaluation, followed by the design of a reproducible test 

protocol for future studies. This protocol incorporates both quantitative and qualitative assessment criteria, 

including latency, power consumption, memory usage, accuracy, creativity, narrative coherence, structural 

adherence, and Spanish performance. In the third phase, the selected models were locally embedded and 

executed on the hardware to compare their respective performances. Finally, the suitability of each model 

for real-time applications was analyzed, leading to the development of a comprehensive test protocol. The 

findings indicate that, of the nine models evaluated, Qwen2.5 with 3 billion parameters emerges as the 

optimal choice when resources allow, while Qwen2.5 with 0.5 billion parameters provides a viable 

alternative for scenarios with severe resource limitations. 
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嵌入式 Nvidia 便携式硬件中的微小大型语言模型对比分析 

摘要： 本研究利用 Nvidia Jetson Xavier平台，该平台具有有限的计算资源，评估

了各种小型语言模型在没有互联网连接的情况下作为本地助手的实时性能。本研究采

用了一种创新的四阶段方法论，首先选择要评估的小型语言模型，其次设计了一个可

重复的测试协议，以便未来的研究使用，该协议包括定量和定性评估元素，主要指标

包括延迟、功耗、内存使用、准确性、创造力、叙事连贯性、结构遵循性以及西班牙

语表现。在第三阶段，选择的模型被嵌入并在硬件上本地执行，以比较它们的性能。

最后，分析了每个模型在实时应用中的适用性，从而制定了全面的测试协议。研究结

果表明，在评估的九个模型中，当资源允许时，具有 30 亿参数的 Qwen2.5 是最佳选

择，而具有 5亿参数的 Qwen2.5则在资源极其有限的情况下提供了可行的替代方案。 

关键词：大型语言模型、tiny LLM、Nvidia jetson Xavier 硬件、Qwen2.5 模型、Phi3.5 模

型、Smollm2 模型、Mistral 模型 

1. Introduction
Long language models (LLMs) are in full

development and application; therefore, their 

understanding is necessary for training tasks or use for 

linguistic inferences [1], from different points of view of 

security [2], privacy [3], and stability [4] to biased or 

prejudiced responses [5]. Thus, LLM models, such as 

ChatGPT, impact user feedback [6] based on their 

responses and vulnerabilities [7], which leads to the 

development and application of various LLM models to 

continue in a growing research boom. 

LLM applications are oriented to geoscientific data 

analysis [8], mathematical reasoning [9], text reordering 

[10], equipment fault diagnosis [11], radio frequency 

circuit design [12], medical reasoning [13] and decision 

making [14] among many others. Although these 

applications are based on existing models, the 

development bases continue to generate new models 

based on encoder–decoder settings [15] and 

optimization of inference models based on transformer 

networks [16]. These advances have impacted small 

models operating as low-parameter LLMs [17], oriented 

to more specific applications, such as clinical tasks [18], 

sentiment analysis [19], and even property prediction in 

solid crystals [20]. 

Robotic assistive systems are already starting to use 

language models for their control [21], such that 

embedded systems based on machine learning 

algorithms and the Internet of Things [22] can be used 

as voice assistants in local hardware without Internet 

connection [23], which has been little studied and whose 

results can benefit remote populations with specific 

needs but with connectivity difficulties and limited 

resources. Some embedded systems such as Nvidia 

Jetson are used for local applications based on deep 

learning algorithms [24], such as urban traffic 

monitoring [25]; for higher robustness requirements, 

cards such as Nvidia Jetson Xavier [26], [27] are used, 

but no documented report on the performance of small 

LLM models on these platforms has been found yet; 

therefore, in this study, a novel methodology is 

established to fill this gap. 

The rise of small language models (maximum 7 

billion parameters) has opened new possibilities in 

embedded systems with limited computational capacity. 

In this paper, we report the results of embedding 

different small language models in an Nvidia Jetson 

Xavier card and analyze their performance for use as 

local assistants without internet connection, evaluating 

key metrics such as latency, power consumption, 

memory usage, accuracy, creativity, narrative coherence, 

adherence to the requested structure, and performance in 

Spanish, validating the functionality of each one for 

real-time applications. These hardware devices are used 

in robotics, computer vision, and artificial intelligence 

(AI) applications. However, as previously discussed, no 

systematic comparison exists that evaluates the 

performance of these models in hardware- and energy-

constrained environments, both quantitatively and 

qualitatively. 
The first section presents the state of the art and 

research objectives, and the second section explains the 

proposed methodology.  The third section presents and 

contrasts the results obtained with each of the nine small 
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language models from a quantitative and qualitative 

perspective. Finally, the fourth section presents the 

conclusions. 

2. Methodology
To provide a rigorous methodological framework to

evaluate the performance of small-language models 

executed locally on embedded hardware, four 

methodological steps were followed. First, different 

small language models susceptible to being embedded 

in the NVIDIA Jetson Xavier hardware were selected.  

Second, a reproducible testing protocol was designed for 

future research, including both quantitative and 

qualitative elements with key metrics such as latency, 

energy consumption, memory usage, accuracy, 

creativity, narrative coherence, adherence to the 

requested structure, and performance in Spanish. Third, 

the designed testing protocol was implemented, starting 

with the installation of the selected small language 

models on NVIDIA Jetson Xavier hardware and the 

configuration of the virtual environments. This allows 

for the execution of batch tests with standardized inputs 

and recording of metrics using monitoring tools. Fourth, 

the results of each model for real-time applications were 

analyzed, and their suitability was compared to draw 

conclusions and make recommendations. 

This methodology is shown in the flow diagram in 

Figure 1. 

Figure 1. Methodology flowchart (Source: 

developed by the authors) 

The language models were embedded on an NVIDIA 

Jetson Xavier AGX hardware platform featuring 512 

CUDA cores, 64 Tensor Cores, 8-core Carmel ARMv8.2 

CPUs and 16GB of RAM operating under Nvidia Jetson 

Linux 35.2.1, Linux 5.10, and Ubuntu 20.04. 

3. Results
The nine language models selected for evaluation

correspond to qwen2.5, with 0.5, 1.5, and 3 billion 

parameters; phi 3, 3.5, and 3.5; smollm2 with 1.7 billion 

parameters; and mistral with 7 billion parameters and its 

OpenOrca version that can be embedded in the Nvidia 

Jetson Xavier board. 

The proposed evaluation protocol encompasses both 

a quantitative and a qualitative part, inference latency 

(time in milliseconds per token generated), generation 

variability (standard deviation), length of generated text 

(number of tokens), narrative coherence (evaluated by 

semi-automated analysis and expert review) are 

determined as evaluation metrics to validate the 

performance of each language model, creativity, RAM 

and VRAM usage (monitored with tegra_stats and jtop), 

adherence to the requested structure, model accuracy in 

text generation and classification tasks and real-time 

performance (responsiveness in interactive 

applications), six tests are designed for their application 

(Table 1).  

Table 1. Test description (Source: developed by the 
authors) 

Test Objective Prompt Procedure 

A: Creative 
Text 

Generation  

Evaluate 
narrative 

coherence, 
fluency, 

creativity and 
structure in 

content 
generation. 

“Write a short 
story about a 
robot and a 
human who 

embark on an 
adventure in a 

post-apocalyptic 
world”. 

Analyze the length 
of generated text 

(tokens), narrative 
coherence 

(assessed through 
semi-automated 

analysis and 
expert review), 
and creativity. 

B: Text 
Summary 

To measure the 
model's ability to 

synthesize 
information 

while 
maintaining the 
essence of the 

content. 

A 300-500 word 
paper on the 

impact of 
artificial 

intelligence on 
education is 

provided.” It then 
requests: 

“Summarize the 
following text in 
a paragraph of 

100 words 
maximum.” 

Compare the 
generated 

summary with a 
reference 

summary prepared 
by experts. 

C: 
Answering 

General 
Knowledge 
Questions 

To assess the 
ability to 

understand and 
respond 

accurately to 
general domain 

questions. 

“What are the 
main ethical 
challenges 

associated with 
artificial 

intelligence in 
medicine?” 

Obtain statistics 
and assess 

consistency of 
responses. 
Compare 

responses with a 
set of responses 
scored by ethics 
and AI experts. 

D: 
Execution 

of 
Complex 

Instructions  

Verify the 
model's ability to 
follow specific 
and structured 
instructions. 

“Create a list of 5 
recommendations 

for improving 
energy efficiency 

in homes, 
justifying each 

recommendation 
in two sentences.” 

Evaluate 
variability in 
adherence to 

requested 
structure. 

Check each 
response contains 

five 
recommendations 

and requested 
justification. 

E: 
Robustness 

to Noisy 
Inputs 

Analyze the 
model's ability to 
handle input with 

spelling and 

A deliberately 
altered text is 

submitted, with 
omission of 

Compare the 
output of each 
model with the 
result obtained 
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grammatical 
errors without 

losing coherence. 

vowels, 
consonants, and 

spelling. 

from the original 
text. 

F: Long 
Input 

Handling 
and 

Scalability  

Evaluate the 
model's ability to 

process long 
texts without 

compromising 
the quality of the 

output. 

A 1000-word 
paper on the 

history of 
computing” is 
provided and 

requests: 
“Generate a 200-
word summary of 

the following 
document.” 

Measure 
consistency in the 

response and 
resource use. 

Evaluate 
coherence, 

accuracy, and 
adherence to 
instructions. 

Review expert 
comments on the 

quality of the 
output. 

For each test, the corresponding prompt must be 

executed in each language model to be evaluated, and at 

least 10 executions must be performed to obtain values 

that allow calculating the averages and variability of 

latency and variability in generation. 

According to the designed protocol, each test was run 

ten times with each of the nine models to ensure 

statistical consistency of results and minimize the 

impact of random fluctuations in performance. This 

rigorous methodology allowed us to calculate not only 

the average values, but also to evaluate the variability in 

performance under identical conditions. As shown in 

Table 2, the latency per token (ms) for each model in the 

C test across the ten runs, the qwen2.5:0.5b models 

maintained consistently low latency (16-18 ms/token) 

with minimal standard deviation, while larger models 

such as mistral:7b showed greater variability (52-59 

ms/token). 

Table 2. Behavior of latency per token (ms) (Source: 
developed by the authors) 

Model Average Standard deviation 

Qwen2.5:0.5b 17.24 0.26 

Qwen2.5:1.5b 26.91 0.71 
Smollm2:1.7b 33.26 1.14 
Qwen2.5:3b 39.57 1.06 
Phi3.5:3.8b 43.89 2.28 
Phi3.5:latest 41.21 1.13 
Phi3:latest 55.83 2.16 
Mistral:7b 55.57 2.51 

Mistral-openorca:7b 55.68 2.63 

Performance consistency should also be considered 

when selecting a model for applications that require 

predictable responses in resource-constrained 

environments (see Table 3). where the coefficient of 

variation represents the standard deviation as a 

percentage of the mean, providing a normalized measure 

of dispersion that allows the comparison of stability 

between models of different latency scales. 

Table 3. Stability Metrics (Source: developed by the 
authors) 

Model Minimum Maximum Range 
Variation 

coefficient (%) 

Qwen2.5:0.5b 16.64 17.66 1.02 1.50 

Qwen2.5:1.5b 25.84 27.75 1.92 2.65 
Smollm2:1.7b 32.26 36.31 4.05 3.43 
Qwen2.5:3b 37.92 41.18 3.26 2.68 
Phi3.5:3.8b 38.81 46.51 7.70 5.20 
Phi3.5:latest 39.23 43.30 4.07 2.74 
Phi3:latest 51.12 58.60 7.48 3.87 
Mistral:7b 52.48 60.28 7.81 4.52 

Mistral-openorca:7b 52.56 61.85 9.30 4.72 

The analysis of the evaluated models showed a clear 

relationship between the size of the model and its 

performance characteristics. Where Qwen2.5:0.5b 

stands out as the fastest model with the lowest latency 

(17.24 ms/token) and the highest throughput (58.53 

tokens/second). While the Qwen2.5:1.5b model ranks 

second in speed with 26.91 ms/token and 38.69 

tokens/second. Larger models, such as Mistral:7b and 

Mistral-openorca:7b, have the highest latencies 

(approximately 55.6 ms/token) and the lowest 

throughputs (approximately 18.13 tokens/second). 

Regarding the use of hardware resources, the 7 B 

models (Mistral and Mistral-openorca) consume 

significantly more memory (46.5% of the total available 

memory) compared to the smaller models Qwen2.5:0.5b 

and Qwen2.5:1.5b, which consume 22.69% and 

26.58%, respectively. In terms of CPU, smaller models 

such as Qwen2.5:0.5b use more CPU (10.77%) than 

larger models such as Phi3:latest (5.94%) and 

Phi3.5:3.8b (5.93%), suggesting a better CPU/GPU 

balance in larger models. 

The plot of average latency per token for each model 

and test (Figure 3) reveals important patterns, such as 

that in Test F showing latency spikes in several models, 

especially in Phi3, where it reaches 140 ms/token, well 

above its overall average. This indicates that the models 

had difficulties with large inputs. In relation to 

consistency, the Qwen2.5:0.5b and Qwen2.5:1.5b 

models consistently maintained low latencies across the 

different tests, whereas the larger models showed greater 

variability. 

Figure 3. Average latency per token for each model 

and test (Source: developed by the authors) 
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In relation to memory size and performance, a 

positive correlation is evident, that is, there is a clear 

pattern where higher memory usage is associated with 

higher latency. The models were grouped into three main 

categories: high efficiency (Qwen2.5:0.5b and 

Qwen2.5:1.5b with low memory usage and low latency), 

medium efficiency (Smollm2:1.7b, Qwen2.5:3b, 

Phi3.5:latest and phi3.5:3.8b), and high capacity/low 

efficiency (Mistral:7b, Mistral-openorca:7b, and 

Phi3:latest). 

Figure 4 shows that the efficiency decreases 

exponentially, but not linearly, with increasing model 

size. Tests C and D show better performance in tokens/s 

than tests F and E. In small models (0.5B-1.5B), 

performance on different tasks is significantly higher 

(50-60 tokens/second) compared to 7 B models (15-20 

tokens/second). 

Figure 4. Tokens per second vs. Model size (Source: 

developed by the authors) 

The results clearly show that architecture matters 

more than size; Qwen2.5 models consistently 

outperform other models of similar sizes, indicating 

better design and optimization.  There is an inflection 

point around the 1.5-3B parameters, where the trade-off 

between capabilities and performance is maximized for 

embedded systems.  It is also noted that efficiency is 

relative, as smaller new generation models (such as 

Qwen2.5) show efficiencies that rival or exceed older 

models of considerably larger size.  In general, the 

performance does not degrade linearly with model size, 

suggesting that architectural factors may mitigate the 

impact of size. 

Table 4 illustrates the ranking obtained by each of the 

nine models compared according to their technical 

feasibility with weightings proposed by the authors for 

each of the quantitative criteria considered. As latency is 

considered critical for real-time applications, throughput 

is important to achieve efficient processing, memory 

usage is a limited resource in embedded systems, CPU 

usage has an impact on energy consumption, and the 

model size assesses efficiency per parameter.  

 This ranking should be interpreted by considering 

the specific requirements of each application, where 

factors such as output quality, task-specific accuracy, or 

special inference needs could alter the ranking for 

particular use cases. 

Table 4. Comparative ranking of models according 
to their technical feasibility (Source: developed by 

the authors) 

Model 
Latency 

35%  

Throughput 

25%  

Memory 

20%  

CPU 

10% 

Size 

10% 

Total 

(0-10) 

Qwen2.5:0.5b 10.0 10.0 10.0 5.2 9.5 9.2 

Qwen2.5:1.5b 8.5 8.3 8.7 6.0 9.0 8.5 
Smollm2:1.7b 7.7 6.5 7.9 7.8 8.7 7.8 
Qwen2.5:3b 6.9 5.4 6.8 6.0 7.5 7.3 
Phi3.5:3.8b 6.3 5.4 6.2 8.4 7.2 7.1 
Phi3.5:latest 6.5 5.4 6.5 8.2 7.2 7.0 
Phi3:latest 4.9 5.4 6.4 8.3 7.2 6.0 
Mistral:7b 4.9 3.9 5.2 8.1 5.5 5.2 
Mistral-

openorca:7b 
4.9 3.9 5.3 7.6 5.5 5.0 

For the ranking, a normalization of Metrics was 

established for Latency inverse normalized, where 

Qwen2.5:0.5b (17.24ms) = 10.0, and Mistral:7b 

(55.68ms) ≈ 4.9. The throughput was also normalized 

where Qwen2.5:0.5b (58.53 tokens/s) = 10.0, and 

Mistral:7b (18.13 tokens/s) ≈ 3.9. Memory was 

inversely normalized when Qwen2.5:0.5b (22.69%) = 

10.0, and Mistral:7b (46.71%) ≈ 5.2. The CPU was 

normalized considering CPU/GPU balance, where 

Phi3.5:3.8b (5.93%) ≈ 8.4, and size/efficiency, which 

considers relative efficiency per parameter, favoring 

models that achieve more with less. 

Table 5 illustrates the interpretation of the ranking 

scores proposed by the authors, according to their 

technical feasibility and practical usefulness. The results 

show that Qwen2.5 models dominate the ranking owing 

to their excellent optimization.  

Table 5. Interpretation of ranking score (Source: 
developed by the authors) 

Total score Interpretation 

9.0-10.0 Exceptional performance for embedded systems 

8.0-8.9 Excellent balance of performance and resources 
7.0-7.9 Very good performance with some limitations 
6.0-6.9 Acceptable performance with notable compromises 

5.0-5.9 
Significant limitations for resource-constrained 

systems 

<5.0 
Not recommended for most NVIDIA Jetson 

applications 

There is a clear relationship between size and total 

score, with notable exceptions in the Phi3.5 family. 

Efficient CPU usage mainly benefits Phi models, and the 

score drops significantly for models above 3 B 
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parameters. For specific applications, models with lower 

total scores may be preferable if a particular metric (such 

as output quality, not measured here) is critical. 

Based on established benchmarks and the ranking of 

small language models on NVIDIA Jetson embedded 

systems, according to their technical feasibility, it is 

concluded that the Qwen2.5-3B model exhibits the best 

overall performance with an excellent balance between 

quality and size; the Qwen2.5-1.5B model excelled in 

practical tasks with great parameter efficiency; the 

Mistral-OpenOrca-7B model presents good overall 

performance but is larger in size; the Mistral-7B model 

has a solid performance but with some specific errors; 

the Qwen2.5-0.5B model has surprising performance for 

its ultra-compact size; the SmoLLM2-1.7B model has 

significant issues that limit its applicability; and the Phi-

3/Phi-3.5 models are not recommended in their current 

state. 

Additionally, this analysis addresses a critical but 

often underestimated aspect of implementing language 

models: their qualitative performance in languages other 

than English, specifically, Spanish. While quantitative 

metrics such as latency, power consumption, and 

memory utilization are fundamental for assessing 

technical feasibility, linguistic quality ultimately 

determines the practical usefulness of these models in 

real-world applications. 

Tables 6 to 11 present the results of the qualitative 

criteria of tests A to F, which are evaluated using a scale 

of 0 to 10, where an excellent rating is 10, very high is 

9, high is 8, very good is 7, good is 6, average is 5, 

average-low is 4, low is 3, poor is 2, null is 1, and not 

evaluable is equivalent to a score of 0. Table 6 presents 

the results for the elements Narrative Quality, Coherence 

and Spanish to assess Creative Text Generation in test A. 

Table 6. Creative Text Generation Assessment 

(Source: developed by the authors) 

Model 
Creative Text Generation 

Narrative Quality Coherence Spanish 

Qwen2.5:0.5b 5 5 6 

Qwen2.5:1.5b 0 0 6 
Smollm2:1.7b 3 3 2 
Qwen2.5:3b 8 8 7 
Phi3.5:3.8b 5 4 2 
Phi3.5:latest 5 4 2 
Phi3:latest 5 4 2 
Mistral:7b 8 8 6 

Mistral-openorca:7b 8 8 7 

Table 7 presents the assessments of the elements 

Synthesis Capacity, Coherence and Spanish to qualify 

the Text Summary capacity in test B. 

Table 7. Text Summary Assessment (Source: 
developed by the authors) 

Model 
Text Summary 

Synthesis Capacity Coherence Spanish 

Qwen2.5:0.5b 8 8 7 

Qwen2.5:1.5b 8 8 10 
Smollm2:1.7b 5 5 2 
Qwen2.5:3b 9 8 9 
Phi3.5:3.8b 1 1 0 
Phi3.5:latest 1 1 0 
Phi3:latest 3 3 2 
Mistral:7b 8 8 7 

Mistral-openorca:7b 8 8 7 

Table 8 shows the perception regarding the answers 

to the Knowledge Questions, considering precision, 

structure, and Spanish in test C. 

Table 8. Answering Knowledge Questions 
Assessment (Source: developed by the authors) 

Model 
Answering Knowledge Questions 
Precision Structure Spanish 

Qwen2.5:0.5b 8 8 6 

Qwen2.5:1.5b 8 8 7 
Smollm2:1.7b 3 5 2 
Qwen2.5:3b 9 8 7 
Phi3.5:3.8b 1 1 0 
Phi3.5:latest 1 1 0 
Phi3:latest 1 1 0 
Mistral:7b 8 8 6 

Mistral-openorca:7b 8 5 6 

Table 9 assesses the Execution of Complex 

Instructions with the elements’ adherence, coherence, 

and Spanish in Test D. 

Table 9. Execution of Complex Instructions 
Assessment (Source: developed by the authors) 

Model 
Execution of Complex Instructions 
Adherence Coherence Spanish 

Qwen2.5:0.5b 5 5 2 

Qwen2.5:1.5b 8 8 7 
Smollm2:1.7b 3 3 2 
Qwen2.5:3b 8 8 6 
Phi3.5:3.8b 1 1 0 
Phi3.5:latest 1 1 0 
Phi3:latest 1 1 0 
Mistral:7b 5 5 2 

Mistral-openorca:7b 8 8 6 

Table 10 presents the results for the elements 

Effectiveness, Correctness, and Spanish to assess the 

robustness against noisy inputs in test E. 

Table 10. Execution of Complex Instructions 
Assessment (Source: developed by the authors) 

Model 
Execution of Complex Instructions 
Effectivity Correction Spanish 

Qwen2.5:0.5b 9 8 10 

Qwen2.5:1.5b 9 8 10 
Smollm2:1.7b 1 1 0 
Qwen2.5:3b 9 8 10 
Phi3.5:3.8b 1 1 0 
Phi3.5:latest 1 1 0 
Phi3:latest 1 1 0 
Mistral:7b 8 8 7 

Mistral-openorca:7b 8 8 7 



Journal of Hunan University (Natural Sciences）  Vol. 52 No. 4, April 2025 

Page | 17 

Finally, Table 11 presents the assessments of the 

elements (Synthesis Capacity, Coherence and Spanish) 

to qualify for the handling of extensive entries in the F 

test. 

In general, the F test (long input processing) is the 

most demanding for all the models compared, both 

quantitatively and qualitatively. 

Table 11. Handling Long Entries Assessment 
(Source: developed by the authors) 

Model 
Handling long entries 

Synthesis Coherence Spanish 

Qwen2.5:0.5b 8 8 6 

Qwen2.5:1.5b 8 8 7 
Smollm2:1.7b 3 5 2 
Qwen2.5:3b 8 8 7 
Phi3.5:3.8b 1 1 0 
Phi3.5:latest 1 1 0 
Phi3:latest 1 1 0 
Mistral:7b 8 8 7 

Mistral-openorca:7b 5 8 7 

After this analysis, a ranking is made with respect to 

the practical usefulness of these models, which is 

presented in Table 12, where the numerical rating (0-10) 

reflects both the linguistic performance and the 

efficiency of parameters for implementation in 

embedded systems on NVIDIA Jetson hardware. 

Table 12. Comparative ranking of models according 
to their practical usefulness (Source: developed by 

the authors) 

Model Size Strengths Limitations 
Total 
(0-10) 

Qwen 
2.5-3B 

3B Excellent narrative 
generation, 
exceptional 

synthesis, in-depth 
responses, 

robustness in the 
face of errors 

Occasional minor 
errors, formatting 

inconsistencies 

9,4 

Qwen 
2.5-
1.5B 

1.5B Exceptional 
synthesis and 

correction, clear 
structuring, high-
quality Spanish 

Excessive caution 
in creative 
generation 

8,7 

Mistral
-

OpenO
rca-7B 

7B Structured 
narrative, good 

synthesis, 
complete, 

informative 
responses 

Larger size, some 
translation errors 

8,3 

Mistral
-7B

7B Excellent narrative 
ability, good 

synthesis, 
effective error 

correction 

Occasional 
grammatical 

errors, Anglicisms 

8,0 

Qwen 
2.5-
0.5B 

0.5B Surprising 
performance for 

its size, good 
synthesis and 

correction 

Logical 
inconsistencies, 

errors in complex 
tasks 

7,2 

SmoLL
M2-
1.7B 

1.7B Recognizable 
structure, 

identification of 
main themes 

Serious 
grammatical 

problems, 
language 
switching 

4,5 

Phi-3.5 
(3.8B) 

3.8B Partially coherent 
generation of 
creative text 

Severe 
inconsistency in 

most tasks, 
language mixing 

2,8 

Phi-3.5 
Latest 

3.8B Like the previous 
position with 

slight 
improvements 

Severe 
inconsistency, 

chaotic 
multilingualism 

2,6 

Phi-3 
Latest 

- Narrative
beginnings with
some coherence

Truncations with 
numerical codes, 

general 
inconsistency 

2,1 

For its interpretation, Table 5 is used, pointing out 

that the Qwen 2.5-3B model presents an exceptional 

performance for embedded systems, the Qwen 2.5-1.5B, 

Mistral-OpenOrca-7B and Mistral-7B models exhibit an 

excellent balance of performance and resources, the 

Qwen 2.5-0.5B model has a very good performance with 

some limitations, while the SmoLLM2-1.7B, Phi-3.5 

(3.8B), Phi-3.5 Latest and Phi-3 Latest models are not 

recommended for NVIDIA Jetson applications. 

4. Discussion
It is acknowledged that natural language processing

has had differential advances that depend largely on the 

language; the greatest progress corresponds to the 

English language, with which most models have been 

trained. However, in [17], the authors presented the 

development of two compact models for text generation 

in Brazilian Portuguese. In this study, the linguistic 

performance of nine Tiny LLMs in Spanish embedded 

in Nvidia Portable Hardware was analyzed both 

quantitatively and qualitatively. 

In [9], the performances of different LLMs in Catalan 

were compared considering the accuracy of the answers 

to mathematical problems, together with parameter 

sizes. In [11], the LLM comparison criteria were 

parameters, single inference time (50 tokens), memory 

usage, accuracy, precision, and F1 score, all of which 

were quantitative. In addition, in [15], open- and closed-

source LLM models were evaluated in STEM tasks 

using measures of mean average precision, perplexity, 

Spearman correlation, and Kendall correlation. In [18], 

the Macro-averaged Receiver Operating Characteristic 

area under the curve, F1 scores, training time, sizes, 

inference time, and total cost for the triage task were 

used. In addition, in [17], several of the quantitative 

criteria proposed in this article were used; however, the 

qualitative criteria are novel at this level. 

In this study, an evaluation protocol was established 

that contains both qualitative and quantitative elements 

to systematically compare the performance of language 

models. which If rigorously applied, it guarantees the 

statistical consistency of the results when obtained under 

identical conditions and minimizes the impact of 
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random variations in performance, calculating average, 

values, and variability in performance. 

The weighting of quantitative and qualitative criteria 

can be modified for future research, considering the type 

of application for which the model will be used. 

Normalizing the data before calculating the total score 

ensured consistency of the evaluation scale. The authors 

also proposed a guide that facilitates and standardizes 

the interpretation of total score values in ranking 

according to their technical feasibility and practical 

utility. 

5. Conclusion
The rankings obtained reflect not only the absolute

linguistic quality but also the parameter efficiency, 

which is a crucial factor for resource-constrained 

embedded systems. Finally, we conclude that the 

Qwen2.5 family stands out significantly, demonstrating 

exceptional optimization for resource-constrained 

Spanish processing. By contrast, Phi models exhibit 

fundamental issues that compromise their practical 

usefulness in this specific context. For implementations 

on NVIDIA Jetson hardware, Qwen2.5-3B currently 

represents the best choice when resources permit, 

whereas Qwen2.5-0.5B offers a surprisingly capable 

alternative for extremely resource-constrained systems. 

The results of this study contribute to a deeper 

understanding of the inherent trade-offs between model 

capacity, performance, and energy efficiency by 

exploring their distinctive features, linguistic 

capabilities, and application potential. This allows for 

benchmarking, which guides model selection for 

specific applications in embedded systems. This 

knowledge is critical for driving the next generation of 

smart devices capable of processing and generating 

high-quality natural language without requiring a cloud 

infrastructure. 
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