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Abstract

Small language models (SLMs) are increas-
ingly adopted for machine translation due
to their lower computational and deployment
costs, yet a focused and systematic evalua-
tion for English-to-Portuguese remains limited.
We benchmarked dozens of SLMs (135M-20B
parameters) across multiple architectures and
quantization schemes (FP16, Q8_0, Q4_K_M)
on two datasets: FLORES-101 (Portuguese
subset, 1,012 sentences) and the multidomain
OPUS-100 dataset (~10k sentences). We com-
puted lexical and semantic metrics (BLEU,
chrF, and BERTScore) and assessed statisti-
cal differences using non-parametric Fried-
man tests over paired sentence-level scores,
followed by Wilcoxon signed-rank post-hoc
comparisons with Holm correction. Nor-
mality assumptions are evaluated using the
Shapiro—Wilk test. Our results strongly sug-
gest that 8-bit quantization (Q8_0) preserves
semantic quality with negligible average loss,
while 4-bit quantization (Q4_K_M) reaches sta-
tistical significance in roughly half of model
configurations, paired effect sizes (Cliff’s ¢)
remain negligible to small in magnitude, with
measurable degradation concentrated in lower-
capacity models. Model scale exhibits only
a weak correlation with translation quality:
medium-sized models can match or outperform
larger ones depending on model family and pre-
training. These findings highlight trade-offs be-
tween efficiency and quality and inform the de-
sign of practical English—to-Portuguese transla-
tion pipelines based on SLMs.

1 Introduction

Small and medium-scale language models (SLMs)
have recently achieved competitive performance
on a wide range of natural language processing
tasks, challenging the assumption that high-quality
machine translation requires very large, proprietary
systems. At the same time, practical deployment
constraints—such as memory footprint, latency,

and inference cost—have increased interest in ef-
ficient inference techniques, particularly low-bit
quantization.

Despite extensive multilingual evaluation efforts,
English-to-Portuguese (En-Pt) translation remains
comparatively underexplored in this context. Por-
tuguese exhibits rich morphology and significant
regional variation, and high-quality translation is
critical for real-world applications in Brazil and
Portugal. Understanding how different model fami-
lies and efficiency-oriented configurations behave
on this language pair is therefore important for both
research and deployment.

In this work, we present a large-scale evalua-
tion of En-Pt translation using a diverse set of
SLMs spanning multiple model families (Gemma,
Qwen, LLaMA, Mistral, OLMo, GPT, and oth-
ers), parameter scales (from 135M to 20B), and
inference-time quantization strategies (FP16, Q8_0,
and Q4_K_M). We evaluate performance on two
complementary datasets: FLORES-101, represent-
ing clean and formal text, and the OPUS-100 mul-
tidomain dataset, capturing a diverse range of lin-
guistic registers.

Our analysis focuses on three questions: (i) how
quantization affects semantic and lexical transla-
tion quality across model families, (ii) how model
scale relates to translation performance under real-
istic deployment settings, and (iii) whether strong
open-weight models can match or surpass propri-
etary systems in practice. By combining aggregate
metrics, statistical testing, and effect-size analysis,
we aim to provide empirically grounded guidance
for selecting and deploying SLMs for En-Pt ma-
chine translation.

2 Related Work

Recent work on neural machine translation has in-
creasingly explored the trade-offs between model
size, numerical precision, and translation quality,
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motivated by the need for more efficient yet ac-
curate systems. In particular, quantization has
emerged as a central technique to reduce memory
footprint and computational cost while preserving
performance. Prior studies have investigated quan-
tization at different bit widths, its interaction with
model capacity, and its impact across architectures
and evaluation benchmarks.

Quinn and Ballesteros (2018) are pioneers in ap-
plying 8-bit quantization to neural machine trans-
lation without quality loss. They demonstrate that
8-bit precision matched or exceeded the 32-bit base-
line’s BLEU scores, confirming that reduced pre-
cision can preserve translation accuracy and ade-
quacy.

Prato et al. (2020) propose FullyQT, a fully quan-
tized Transformer for NMT. Testing on WMT14
(English—to-French/German), they observe that all
components can be quantized to 8 bits without
degrading quality; the quantized models attained
BLEU scores comparable to or surpassing their
full-precision baselines. This work demonstrates
that aggressive quantization can preserve transla-
tion quality.

Behnke et al. (2021) evaluated smaller mod-
els for the efficient translation task (English-to-
German), focusing on simplified RNNss, distillation,
pruning, and quantization targeting lower latency.
They report that reduced precision impacts smaller
models more strongly—the smaller the original
model, the larger the quality drop after 8-bit quanti-
zation. In contrast, fine-tuning the quantized model
helps recover part of the lost quality. Thus, they em-
pirically confirm that small models suffer greater
degradation under quantization.

Jin et al. (2024) analyzed LLMs of various sizes
(from a few billion to tens of billions of parame-
ters). Their findings suggest that while 4-bit quan-
tized LLMs often retain performance parity with
high-precision versions, model scale plays a crucial
role: larger quantized models frequently outper-
form smaller non-quantized ones, indicating that
capacity can effectively offset the loss in numerical
precision.

While prior studies have established the general
viability of quantization, they predominantly focus
on high-resource pairs like English-German or rely
on findings from earlier architectures and massive
LLMs. To the best of our knowledge, our work dif-
ferentiates itself by conducting a systematic evalua-
tion specifically for English-to-Portuguese trans-
lation within the emerging ecosystem of Small

Language Models (SLMs). We extend the exist-
ing literature by applying rigorous non-parametric
statistical testing to quantify the precise trade-
offs between model scale (135M-20B), aggressive
quantization (down to 4-bit), and semantic qual-
ity, filling a critical gap for efficient deployment in
Portuguese-centric applications.

3 Datasets

We evaluate models on two complementary
datasets to capture different translation conditions.

FLORES-101. We use the Portuguese subset
(por_Latn) of FLORES-101 with 1,012 sentences
from the official test split (Goyal et al., 2022).
This dataset contains high-quality, professionally
curated sentences with a relatively formal style,
making it suitable for controlled evaluation of core
machine translation performance.

OPUS-100. We use the English-to-Portuguese
subset of the OPUS-100 corpus (Zhang et al.,
2020), a large-scale multilingual corpus covering
100 languages. Specifically, we sampled 9,271 par-
allel sentence pairs from the test split to evaluate
performance on a diverse range of domains. OPUS-
100 is constructed by sampling from the broader
OPUS collection (Tiedemann, 2012), which incor-
porates diverse sources such as movie subtitles,
parliamentary proceedings, software documenta-
tion, web crawls, and religious texts, without cu-
ration or domain balancing (Zhang et al., 2020).
This dataset complements the Wikimedia-based
FLORES-101 by providing a more representative
sample of general-domain language and testing
model robustness across different linguistic regis-
ters.

4 Models and Prompting

We evaluated a large set of translation models. All
models were evaluated under a controlled zero-shot
setting using a fixed user-level instruction prompt,
while system-level prompts were either neutral or
model-specific when required by the interface.

The user prompt explicitly specifies the trans-
lation task and output format, ensuring consistent
behavior across models:

Translate the following text from English
to Portuguese.

Return ONLY the translated text with no
explanations.
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Text: {text}

Translation:

We ensured that the source sentence content
was identical across all models, using the same
cleaned input text, so that each translation corre-
sponds to a strict one-to-one pairing. This setup en-
ables reliable per-sentence statistical comparisons
while isolating model effects from prompting vari-
ations.

We evaluate a diverse set of small and medium-
scale language models covering multiple families,
architectural choices, and training paradigms, as
summarized in Table 1. The evaluated models span
open-weight systems, instruction-tuned variants,
and proprietary API-based models, with parame-
ter counts ranging from 135M to 20B. This selec-
tion was designed to reflect the current ecosystem
of Small Language Models (SLMs), emphasizing
practical deployment scenarios where efficiency
and quantization are critical.

The benchmark includes distilled reasoning-
oriented models from the DeepSeek R1 family,
instruction-tuned variants of Gemma 3 and Gemma
3n, and multiple generations of the LLaMA family
(3, 3.1, and 3.2), covering both base and instruction-
tuned configurations. We further include Mistral
and OLMo instruction-tuned models, which are
commonly used as strong open-weight baselines, as
well as Qwen 3 base and instruction variants span-
ning sub-billion to mid-sized models. To capture
the behavior of very compact instruction-following
systems, we also evaluate SmolLM?2 models at dif-
ferent parameter scales. Finally, GPT-40 and GPT-
4o-mini are included as reference systems accessed
via API, for which internal numerical precision is
not disclosed.

Across all open-weight models, we evaluate a
consistent set of inference-time quantization for-
mats, including FP16, Q4_K_M, and Q8_0. This
setup allows for controlled comparisons across fam-
ilies and model sizes, isolating the impact of quan-
tization on translation quality while maintaining
architectural diversity.

5 Metrics and Evaluation

To provide a comprehensive and balanced assess-
ment of translation quality, we employ a set of
complementary automatic evaluation metrics that
capture different aspects of system performance.
These metrics jointly evaluate surface-level lexi-

cal overlap, robustness to morphological variation,
structural similarity, and semantic adequacy, allow-
ing for a more nuanced comparison across models.
All metrics are computed under identical input con-
ditions to ensure fair and directly comparable re-
sults. For each evaluated translation, we computed
the following automatic metrics:

* BLEU (Papineni et al., 2002), computed at
the corpus level, with sentence-level approxi-
mations used for fine-grained analysis.

* chrF (Popovié, 2015), a character n-gram F-
score metric that is particularly robust for mor-
phologically rich languages.

* BERTScore (Zhang* et al., 2020), an
embedding-based metric designed to capture
semantic similarity beyond surface-level n-
gram overlap.

All semantic metrics are computed at sentence
level and then aggregated by simple averaging.
BLEU and chrF are additionally reported at cor-
pus level. For pairwise model comparisons, we
compute the paired difference per sentence:

A = Score4 — Scorep

and analyze the distribution of A values across the
test set.

5.1 Statistical testing

Sentence-level machine translation metrics are
bounded and often non-normally distributed, with
strong ceiling effects observed for semantic simi-
larity measures such as BERTScore. We therefore
adopt a non-parametric statistical framework.

For a given experimental factor (e.g., quantiza-
tion format or model size), we construct sentence-
aligned score matrices where each row corresponds
to a sentence and each column to a model configu-
ration. Overall differences are assessed using the
Friedman test over paired sentence-level scores. To
investigate intra-family stability, we further apply
the Friedman test independently within each model
family, treating its various versions and quantiza-
tion levels as experimental conditions.

When the Friedman test indicates significant
differences, we perform pairwise post-hoc com-
parisons using the Wilcoxon signed-rank test. To
control the family-wise error rate across multiple
comparisons, p-values are adjusted using Holm’s
correction. Additionally, as p-values are highly
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Family Model Specifications Quantizations
DeepSeek RI1-Distill-Qwen (1.5B) fpl16, g4_k_m, q8_0
Gemma 3 Instruct (1B, 4B), 3n Instruct (2B, 4B) fp16,g4_k_m, g8_0
GPT 40, 40-mini, OSS (20B) N/A (API/Proprietary)
Llama 3 Base (8B), Inst. (8B) fpl6, g4_k_m, q8_0
Llama 3.1 Base (8B), Inst. (8B) fp16, g4_k_m, q8_0
Llama 3.2 Inst. (1B) fpl16, q4_k_m, g8_0
Mistral Inst. vO.1 (7B), Inst. v0.3 (7B) fpl6, g4_k_m, q8_0
OLMo Inst. 2-1124 (7B), Inst. 3 (7B) fpl16, g4_k_m, q8_0
Qwen 3 Base (600M, 1.7B), 3 Inst. (4B) fp16,q4_k_m, q8_0
SmolLM2 Inst. (135M, 360M, 1.7B) fpl16, g4_k_m, q8_0

Table 1: Overview of evaluated model families, variants, and supported quantization formats.

sensitive to large sample sizes (/V), we report the
paired Cliff’s Delta () to quantify the magnitude
of differences and assess their practical signifi-
cance. This non-parametric effect-size measure
allows for a more nuanced interpretation of per-
formance gaps that reach statistical significance
despite being marginal in absolute terms.

Normality is evaluated using the Shapiro—Wilk
test on sentence-level scores (with subsampling
when necessary due to large sample sizes) and is
used only as a diagnostic; all reported significance
tests are non-parametric.

6 Implementation details and
reproducibility

All experiments were executed with identical
prompts and post-processing of outputs. A
script was used to sanitize the source field
(removing the prompt wrappers) and to re-
compute metrics consistently. BERTScore
was computed with a portuguese encoder
(neuralmind/bert-large-portuguese-cased)
(Souza et al., 2020) and rescaled with baseline as
recommended.

7 Results

7.1 Overview

All reported tests use complete paired sentence sets
after preprocessing: FLORES-101 (N = 1,012)
and OPUS-100 (N = 9,271). Table 2 summa-
rizes per-family performance. For lexical met-
rics (BLEU, chrF), values represent the mean and
standard deviation across the different model vari-
ants and quantization levels within each family.
For BERTScore (F1), we report the mean and
standard deviation computed over all individual

sentence-level scores across all models in the fam-
ily, thus capturing both model-induced variance
and sentence-level difficulty. These aggregated val-
ues provide a compact view of family-level behav-
ior; subsequent paragraphs interpret these aggre-
gates together with the per-family Friedman tests
and the paid-versus-open comparisons.

7.2 Aggregated observations

Overall dataset contrast. Scores on FLORES-
101 are consistently and substantially higher than
on OPUS-100 across all families, reflecting the
difference between a curated, formal benchmark
(FLORES) and the multidomain sources of OPUS-
100. BLEU and chrF show the largest absolute
declines; BERTScore decreases are smaller in ab-
solute terms, indicating that semantic similarity is
better preserved than surface overlap when models
translate multidomain input. This pattern is explic-
itly visualized in the scatter plots of Figure 1, where
the cluster of models shifts leftward (lower BLEU)
on OPUS-100 while maintaining a relatively high
position on the y-axis (BERTScore). The family-
level averages confirming these declines across all
metrics are detailed in Table 2.

Top-performing families. On FLORES-101 the
GPT and Gemma families lead in all metrics
(BERTScore =~ 0.90 for Gemma3n and ~ 0.91
for GPT; BLEU above 40-50), clustering tightly in
the top-right quadrant of Figure 1(a). Gemma3
also performs strongly, with Gemma3 typically
being the single most stable open-weight family
(high mean and low variance, as seen in Table 2).
OLMo and Mistral form a middle tier. SmolLM
and DeepSeek form the lower tier, with substan-
tially lower absolute scores in both metrics.
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Family Dataset BLEU BERTScore (F1) chrF
DeepSeek  FLORES-101 5.81 +0.33 0.66 + 0.07 31.39 £+ 0.28
OPUS-100 2.72+0.35 0.66 &= 0.08 21.06 £+ 0.88
Gemma3 FLORES-101 41.13 £5.75 0.88 +0.06 65.63 + 4.26
OPUS-100 21.17 £ 3.96 0.81 +0.09 47.61 £ 3.41
Gemma3n FLORES-101 47.25 £0.82 0.90 + 0.05 70.00 £+ 0.45
OPUS-100 23.64 +4.14 0.83 £0.09 50.83 £+ 2.28
GPT FLORES-101 50.55 + 2.34 0.91 +0.06 71.98 £1.23
OPUS-100 26.22 £+ 0.96 0.83 £0.10 52.04 +0.29
LLaMA FLORES-101 22.73 4+ 16.42 0.854+0.10 47.87 £18.01
OPUS-100 11.06 &= 9.62 0.78+0.13 30.30 £+ 18.18
Mistral FLORES-101 26.40 £ 7.04 0.84 + 0.08 57.46 &+ 3.87
OPUS-100 13.86 + 2.38 0.79 £ 0.10 41.71+£1.61
OLMo FLORES-101 33.36 £ 1.42 0.85 4+ 0.06 60.95 4+ 0.90
OPUS-100 18.25 4+ 0.29 0.80 + 0.09 44.75 £0.23
Qwen FLORES-101  28.58 4= 14.52 0.84 +£0.09 55.22+13.49
OPUS-100 16.00 £ 7.10 0.78 £0.11 40.25 £ 10.98
SmollLM FLORES-101 4.20 £ 5.18 0.65+0.09 24.23+13.96
OPUS-100 2.44 + 3.40 0.65+0.10 14.70£11.97

Table 2: Translation performance by model family (mean =+ std). For BLEU and chrF, statistics reflect variation
across different models within each family. For BERTScore, statistics are computed over all individual sentence-
level scores across all models in the family, capturing both model and sentence-level variance.

Stability and variance. LLaMA and Qwen ex-
hibit large standard deviations (noticeable on
FLORES-101), signaling high sensitivity to vari-
ant choice and quantization; families such as
Gemma3n, GPT and OLMo show comparatively
low variance, indicating stable behavior across
tested variants and quantization formats. See Ta-
ble 2 for aggregated dispersions and Figures 2) for
family-level quantization stability.

7.3 Statistical tests and interpretation

Intra-family variation (Friedman). Per-family
Friedman tests (performed per dataset) indicate
significant intra-family differences for several fam-
ilies: Qwen, LLaMA, Mistral, Gemma3, SmolLM,
OLMo and GPT show statistically significant het-
erogeneity across their variants (FLORES-101 and
OPUS-100; p <« 0.05 in the reported tests).
Gemma3n shows no significant intra-family vari-
ation in either dataset (FLORES-101: p =0.074;
OPUS-100: p=0.868), and DeepSeek is not signif-
icant on FLORES-101 (p =0.536). These results
demonstrate that choosing a variant (or quantiza-
tion) within a family can materially affect transla-
tion quality for some families but not for others.
The per-family differences align with the family
trajectories shown in Figure 4.

Paid models vs. best open models (Wilcoxon).
Using an adversarial baseline composed of the

best open-weight performance per sentence, paired
Wilcoxon signed-rank tests indicate that GPT-40
and GPT-40-mini are, on average, slightly outper-
formed by the best open alternative. The open-
weight ensemble for this comparison includes
the top-ranking configurations in our benchmark:
Gemma 3n (it), Qwen 3 (it), and GPT-OSS (20B),
covering multiple quantization levels (FP16, Q8_0,
and Q4_K_M) where applicable.

« FLORES-101: GPT-40 A = -0.0188
(Wilcoxon p ~ 8.1 x 107%3); GPT-40-mini
A = —0.0196 (p =~ 6.7 x 1077).

e OPUS-100: GPT-40 A = —0.0489 (p <
0.001); GPT-40-mini A = —0.0494 (p <
0.001).

The negative mean differences indicate system-
atic advantages for the best open-weight oracle.
However, it is critical to distinguish between this
ensemble-based oracle and individual model capa-
bilities, as shown in Table 3. Pairwise 1v1l com-
parisons reveal that while GPT-40 holds a con-
sistent statistical edge, the absolute semantic gap
remains marginal. Remarkably, the Gemma 3n
family achieves near-parity with GPT-4o, trail-
ing by only a marginal semantic gap of 0.0095
average BERTScore F1 on FLORES-101 (Win
Rate: 68.8%), and further shrinking to a negli-
gible 0.0013 on OPUS-100 (Win Rate: 53.5%).
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Figure 1: Correlation between lexical overlap (BLEU) and semantic quality (BERTScore F1) across (a) FLORES-
101 and (b) OPUS-100 datasets. Note how BERTScore remains relatively high on OPUS-100 even as BLEU drops

significantly compared to FLORES-101.

This demonstrates that mid-sized SLMs can now
achieve semantic scores that are numerically close
to state-of-the-art proprietary systems, although
proprietary models still maintain a consistent sta-
tistical advantage in per-sentence win rates.

Effect-size and practical relevance. Because p-
values are strongly influenced by large N, we re-
port paired Cliff’s delta (§) as a non-parametric
measure of practical significance (Cliff, 1993). In-
dividual pairwise comparisons reveal a more nu-
anced picture than the oracle baseline: GPT-40 ver-
sus Gemma 3n (FP16), the strongest single open-
weight model, yields a medium effect on FLORES-
101 (6 =0.39) but a negligible effect on OPUS-100
(6=0.14). GPT-40 versus GPT-OSS shows a small
effect on FLORES-101 (6 =0.28) and negligible on
OPUS-100 (6 =0.13). These results confirm that
while GPT-40 maintains a consistent statistical ad-
vantage in direct 1v1 comparisons, the absolute gap
remains practically marginal across both datasets.
For quantization comparisons, Cliff’s § was negli-
gible (|6 < 0.147) in 41 of 45 intra-family pairs
on FLORES-101 and 44 of 45 on OPUS-100. The
massive impact of instruction tuning is further evi-
denced by the performance of the LLaMA 3 family,
where the Instruct variant outperforms the Base
variant by a substantial ~ 0.065 BERTScore F1
gap on both datasets.

Qualitative insights. A qualitative review of
translations from high-performing models (GPT-4o,
Gemma 3n) and low-capacity systems (SmolLM2-
135M) reveals sharp behavioral divides. Stronger
models consistently maintain syntactic fluency and
proper terminology in Portuguese, even when their
stylistic choices differ. In contrast, the smallest
models frequently fail to follow instructions, often
including prompt meta-talk or producing incoher-
ent, mixed-language outputs. These failures are par-
ticularly pronounced in formal technical domains,
where low parameter counts appear insufficient to
capture complex grammatical and semantic rela-
tionships.

8 Discussion

The results highlight that model scale correlates
only weakly with translation quality (r = 0.3). Our
findings confirm that mid-sized models in the 2-4B
range often match or exceed 20B-class counter-
parts. This demonstrates that architectural choices,
such as those in the Gemma 3n family, outweigh
raw parameter count for En-Pt translation.
Aggregated analysis (visualized in Figure 2, 3)
confirms that Q8_0 quantization preserves perfor-
mance close to FP16: across all 15 model config-
urations, the maximum observed semantic impact
was only 0.0069 BERTScore F1, and all paired
Cliff’s § values were negligible (|d] < 0.06).
Q4_K_M reached significance more frequently
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Quantization by Family — FLORES-101
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Figure 2: Comparison of quantization stability across model families on FLORES-101 (BERT score).

Comparison Dataset

A BERT Win % Cliff’s ¢

GPT-40 vs Gemma 3n FLORES
GPT-40 vs Gemma 3n  OPUS
GPT-40 vs GPT-OSS FLORES
GPT-40 vs GPT-OSS OPUS

T0.009  688%  0.39 (Medium)
+0.001  53.5%  0.14 (Negligible)
+0.007  642%  0.28 (Small)

4+0.001  52.8%  0.13 (Negligible)

Table 3: Compact win-rate summary comparing GPT-40 against top-ranking open models (Gemma 3n 4B FP16 and

GPT-0SS 20B). Metrics: average BERTScore F1 differ
Medium).

(6/15 on FLORES-101, 9/15 on OPUS-100), but
paired Cliff’s § remained negligible for the majority
of comparisons.

The near-lossless performance of Q8_0 and the
resilience of Q4_K_M quantization are critical for
edge deployment. Since 4B models can maintain
high semantic quality even under 4-bit compres-
sion, professional-grade translation is now feasible
on consumer-grade hardware, eliminating the need
for costly cloud-based APIs.

Only LLaMA 3.2 (1B) showed a consistent
small effect across datasets (6 ~ 0.18-0.23), con-
firming that 4-bit degradation is concentrated in
lower-capacity models. This observation is con-
sistent with the trends reported by Behnke et al.
(2021), suggesting that models with lower parame-
ter counts possess less redundant capacity to absorb
the quantization errors introduced by 4-bit preci-
sion. The impact of quantization remains model-
dependent: families such as Gemma3n are resilient
across all tested formats, while LLaMA and Qwen
exhibit higher sensitivity.

ence, GPT-40 win rate, and Cliff’s delta (Negligible, Small,

Model scale and trajectories. Model size cor-
relates weakly with BERTScore (observed Pear-
son r =~ 0.3 in our size-vs-quality plots; see Fig-
ure 4). Several mid-sized models (2-4B Gemma
variants) match or outperform certain 20B-class
models, showing that architecture and training
regime can outweigh raw parameter count. Notably,
the Gemma 3n family displays atypical trajectories,
where smaller variants maintain near-parity with
larger counterparts, a behavior consistent with its
nested architectural design (see Section 9). Effect-
size analysis confirms that size differences pro-
duce large effects only at extreme scale gaps (e.g.,
SmollLM 135M vs. 1.7B, Cliff’s § = 0.99; Qwen
600M vs. 4B, § = 0.96), while models within the
same order of magnitude show negligible to small
differences.

9 Architectural Considerations and
Quantization Robustness

Our results highlight how specific architectural
choices influence translation quality and robustness
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Quantization by Family — OPUS-100
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Figure 3: Comparison of quantization stability across model families on OPUS-100 (BERT score).

to quantization. In particular, the anomalies ob-
served in Gemma 3n’s performance—specifically
the near-zero variance across different quantization
levels and sizes (see Figure 2)—can be explained
by its specialized MatFormer and Per-Layer Em-
bedding (PLE) architecture (Gemma Team, 2025).
While standard dense transformers like Llama or
Mistral exhibit significant performance drops under
aggressive quantization, the "nested" weight struc-
tures of MatFormer are optimized for consistency
across scales and precision formats. This architec-
tural robustness results in the overlapping perfor-
mance clusters seen in our figures, which may ap-
pear atypical when compared to traditional model
families but represent a key efficiency feature of the
Gemma 3 generation. Furthermore, the strong mul-
tilingual performance of families like Qwen 3 likely
stems from their broad pre-training on 119 lan-
guages and dialects (Yang et al., 2025), including
Portuguese, which contrasts with English-centric
models like SmolLM2.

10 Limitations and Future Work

While our evaluation employs a broad suite of au-
tomatic metrics and rigorous statistical testing, it
is subject to several limitations. First, the lack
of human evaluation is a known constraint; while
BERTScore captures semantic adequacy, small ab-
solute differences require further qualitative valida-
tion to confirm their practical impact. Second, our
zero-shot instruction setting may naturally favor

models optimized for instruction-following over
those primarily trained for raw translation tasks.

Additionally, our study uses datasets whose Por-
tuguese portions are labeled generically as pt, with-
out explicit annotation of regional variants. In prac-
tice, the distributions are likely skewed towards
Brazilian Portuguese, but this has not been quanti-
fied. Future work should explicitly assess perfor-
mance across regional variants (such as European
and African Portuguese), extend this analysis to ad-
ditional language pairs, include human evaluation,
and integrate latency and energy measurements to
better align MT evaluation with real deployment
constraints.

11 Conclusion

In conclusion, the current generation of SLMs, par-
ticularly the 4B Gemma 3n, has reached a level
of quality where deployment constraints—such as
latency, cost, and local execution—become the pri-
mary decision factors. Our study reinforces that
localized, quantized SLMs provide a transparent
and efficient alternative to proprietary systems for
the En-Pt pair. By demonstrating that a 4B pa-
rameter model like Gemma 3n can maintain high
semantic quality even under 4-bit quantization, our
findings suggest that "proprietary-class" translation
performance is now feasible on consumer-grade
local hardware, significantly lowering the barrier
to professional-quality translation tools.
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