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 Context—The transformer architecture has occupied a prominent position in recent research due to its 
attention-driven design; however, the role of asymmetric key and value dimensions within its attention 
mechanism remains largely underexplored in the literature despite their potential impact on model 
behavior and performance. 
Objective—This study aims to systematically analyze the effects of key architectural parameters in the 
Transformer architecture on neural machine translation performance. These parameters include 
asymmetric key and value dimensions within the multi-head attention mechanism, embedding 
dimension, number of attention heads and sentence length. 
Method—This study analyses the 
architectural components of the 
Transformer model across three 
neural machine translation 
datasets: English–Turkish, French–
Turkish, and German–Turkish. Six 
fundamental hyperparameters—
source and target embedding 
dimensions, key and value 
dimensions, the number of 
attention heads, and sentence 
length—were assessed at two levels 
each. To address the computational 
complexity of the Transformer's 
modular structure, a fractional 
factorial experimental design was 
employed, reducing the 64 possible 
configurations to 16 experimental 
runs. This approach significantly 
reduced the use of computational 
resources while ensuring a 
comprehensive analysis of both 
individual parameters and their 
pairwise interactions. All models 
were trained for 150 epochs using      
PyTorch with Distributed Data Parallel (DDP) and Automated Mixed Precision (AMP) in an HPC 
environment with NVIDIA A100 GPUs. Finally, statistical evaluation and performance visualization were 
conducted using Minitab. 
Results—The results show that while establishing equivalent key and value dimensions serves as a 
stable default, it does not guarantee optimal performance across linguistic contexts. The model’s 
response to asymmetrical configurations was highly language-specific, with notable variability observed 
in the interaction between the key dimension and the number of attention heads. Furthermore, 
increasing the target embedding dimension consistently improved generalization, whereas a larger 
source embedding dimension led to overfitting across all language pairs. These effects resulted from 
specific combinations of parameters that improved training accuracy but reduced validation 
performance, reflecting limitations in the generalization of language-dependent processes. 
Conclusion—These results emphasize that optimal Transformer performance cannot be achieved 
through a universal hyperparameter configuration and must instead be tailored to the linguistic 
characteristics of each dataset. 

Key Words—Asymmetrical dimensions, Deep Learning, Hyperparameter optimization, Key dimension, 
Multi-head attention, Neural machine translation, Transformer architecture, Value dimension. 
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I. INTRODUCTION 

he transformer architecture [1] has emerged as one of the 
most influential breakthroughs in natural language 

processing (NLP). This architecture enhances the model’s ability 
to represent semantic relationships and to handle complex 
linguistic structures across diverse NLP tasks [2]. In recent years, 
its strong ability to model long-range dependencies and its 
efficiency in training have made it the dominant framework in 
neural machine translation (NMT) [3], [4]. In this context, several 
studies have specifically evaluated the performance of 
transformer-based translation systems across various language 
pairs [5], highlighting their versatility and effectiveness in 
multilingual settings. 

NMT has evolved significantly over the past decade. Early studies 
focused on recurrent neural network (RNN)-based encoder/ 
decoder architectures, which achieved promising results in 
sequence-to-sequence tasks [6], [7]. The introduction of the 
attention mechanism further enhanced these models by allowing 
the decoder to selectively focus on relevant parts of the input 
sequence [8]. However, a major paradigm shift occurred with the 
introduction of the transformer architecture proposed by 
Vaswani et al. [1], which replaced recurrence and convolution 
with self-attention. This design enabled more efficient 
parallelization and improved the ability to model long-range 
dependencies. Since its introduction, the transformer has become 
the backbone of state-of-the-art NMT systems and has strongly 
affected the development of large-scale language models [3], [9]. 

A considerable number of studies have focused on understanding 
the role of attention heads within the multi-head attention 
mechanism. The main objective of these works is to analyze how 
the heads contribute to the overall performance of the 
transformer. Some studies reported that many heads are not 
critical and can be removed without significant degradation in 
performance [10], whereas others found that certain heads are 
essential while the rest can be pruned, emphasizing that not all 
heads contribute equally [11]. In recent years, research has 
increasingly focused on disentangling and rethinking the design 
of queries, keys, and values within attention modules. Ainslie et 
al. (2023) propose multi-query attention (MQA) for faster 
decoding, while introducing grouped-query attention (GQA) to 
maintain quality with intermediate single key-value (KV) heads 
[5]. Another study by Meng et al. (2024) proposes a novel 
approach in which the key component in the self-attention 
mechanism of vision transformers is disentangled from the query 
and value components and modeled independently. Instead of a 
standard linear transformation, the key is represented as a 
manifold composed of multiple local charts, each processed by 
multilayer perceptrons (MLPs) and fused into a meta-
representation. This geometry-aware formulation enables richer 
key representations and improves model performance [12]. Lu et 
al. (2024) leverage multi-head attention in LONGHEADS by 
distributing important context chunks across heads based on 
query-key correlations, enabling LLMs to efficiently process 
much longer inputs without extra training [13]. Jin et al. (2025) 
introduced the Mixture-of-Head (MoH) mechanism, in which 

each Query dynamically selects the most relevant heads, only the 
corresponding KV pairs are utilized, and the resulting Value 
outputs are integrated through a weighted summation [14]. More 
recently, Ji et al. (2025) offered the Multi-Head Latent Attention 
(MLA) architecture to reduce memory and computational costs 
during inference. Compared to standard Multi-Head Attention 
(MHA) and its variants (e.g. GQA), MLA achieves more economical 
performance by compressing the KV cache into a latent vector 
representation, which serves as a lower-dimensional and 
summarized form of the original KV cache [15]. 

Table 1 provides a comparative overview of recent variants of the 
multi-head attention mechanism. While the original transformer 
(Vaswani et al., 2017) employs fixed-sized heads operating in 
parallel, subsequent studies have introduced modifications to 
improve efficiency, scalability, or contextual representation. For 
example, Ainslie et al. (2023) offered the GQA approach to reduce 
memory usage, whereas Lu et al. (2024) and Wang et al. (2024) 
enhanced head utilization for long contexts and richer key 
representations, respectively. More recent designs, such as MLA 
and MoH, focus on compressing KV pairs and enabling dynamic 
head selection to further optimize performance. 

Understanding the internal dynamics of deep learning 
architectures, particularly the impact of individual components, 
has become an increasingly vital research focus in recent years. 
This focus stems from the fact that model performance is affected 
not only by individual components but also by their complex 
interactions with one another and with hyperparameters. For 
example, in GRU-based architectures, İşlek et al. (2024) analyzed 
how vocabulary size, corpus size, the choice of optimizer (Adam 
or SGD), number of epochs, batch size, number of units, learning 
rate and embedding dimension jointly influence model accuracy 
[16]. Another line of research extends beyond factorial effect 
analysis by incorporating Response Surface Methodology (RSM) 
for hyperparameter optimization. For instance, Lujan-Moreno et 
al. (2022) employed a designed experimental framework (such 
as central composite designs) to construct a second-order 
regression model that captures both interaction and nonlinear 
effects of hyperparameters on model performance. This 
approach enables not only the assessment of parameter 
interactions but also the identification of optimal 
hyperparameter configurations via response surface modelling 
[17]. Similarly, Pannakkong et al. (2022) applied RSM to ANN, 
SVM, and DBN models, where a second-order response surface 
was constructed to model the relationship between 
hyperparameters and prediction error, facilitating efficient 
hyperparameter optimization [18]. This highlights the worth of 
considering both the effects of individual parameters and the 
combined effects of multiple parameters in deep learning studies. 
Building upon previous findings, this study focuses on 
transformer-specific components, including target embedding 
dimension, key dimension, value dimension, number of heads, 
and sentence length, and investigates both their individual 
impacts and pairwise interactions on translation quality, 
addressing a gap in the analysis of transformer architectures. 
This approach provides a more comprehensive understanding of 
the transformer’s internal mechanisms. 

T 

Table 1. Comparison of multi-head attention variants. 

Study Approach 
Query 
dimension 

Key 
dimension Value dimension Innovation 

Vaswani et al. – MHA Transformer dₘodₑₗ / h dₘodₑₗ / h dₘodₑₗ / h Fixed size, all heads used in parallel 
Ainslie et al. – GQA Multi-Query dₘodₑₗ / h Shared (K) Shared (V) Converts multi-head to GQA, 

improves memory efficiency 
Lu et al. – LONGHEADS Long context dmodel / h modified (correlation-

based) 
standard Efficient head utilization for long 

sequences 
Meng et al. – Manifold Key Vision Transformer dmodel / h manifold-expanded dₘodₑₗ / h Represents keys on a manifold for 

richer feature learning 
Ji et al. – MLA Latent KV standard standard compressed latent representation Reduces KV cache size for efficient 

inference 
Jin et al. – MoH Mixture-of-Head dₘodₑₗ / h dₘodₑₗ / h dₘodₑₗ / h Dynamic query–head selection, 

value-weighted routing 
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The attention mechanism is represented by three vectors for each 
token: a query (Q), a key (K), and a value (V). The transformer 
model employs a scaled dot-product operation to compute the 
similarity between queries and keys, which is then normalized 
using a SoftMax function to determine the attention weights 
assigned to the corresponding values. This process produces a 
weighted sum that forms the output representation. The multi-
head attention mechanism extends this computation by utilizing 
multiple attention heads, each attending to a different contextual 
aspect. The integration of these parallel representations enables 
the model to jointly capture diverse linguistic dependencies, 
thereby enhancing its semantic understanding [1], [19]. 

In view of the advantages of holistic optimization in deep learning 
architectures, recent research has increasingly emphasized the 
need to analyze the joint behavior of multiple hyperparameters 
rather than isolating them [20]. However, within the transformer 
architecture, such joint analyses remain limited due to the 
model's inherent complexity and the intricate dependencies 
among its components. Consequently, the majority of extant 
studies have focused on individual hyperparameters, such as the 
learning rate [21]-[23] or the activation function [24], [25], 
without analyzing how architectural parameters collectively 
influence model performance. While analyzing the interactions 
among components is relatively straightforward in conventional 
deep learning models [20], the same process becomes 
considerably more challenging in transformer architectures due 
to their large number of interdependent components. To address 
this complexity, the present study employed a fractional factorial 
design, which reduced 64 possible parameter combinations to 16 
experimental runs, enabling an efficient yet comprehensive 
analysis. 

The novelty of this study lies in its systematic exploration of 
asymmetric key and value dimensions within the Transformer's 
multi-head attention mechanism. Whilst preceding studies 
generally presuppose uniform dimensions, this investigation 
explores the impact of disparate KV configurations on translation 
efficacy. The analysis is further expanded to encompass 
additional architectural factors, including embedding dimension, 
number of heads and sentence length. This design-based 
approach facilitates a more holistic understanding of how 
parameter interactions shape the performance of Transformer-
based NMT models across multiple language pairs. 

The remainder of this paper is organized as follows: Section II 
reviews related studies on MHA and hyperparameter 
optimization. Section III explains the methodology and 
experimental design. Section IV presents the results and analysis, 
and Section V discusses key findings. Section VI concludes the 
paper and outlines future research directions. 

II. METHODS 

This section presents a detailed description of the datasets, 
performance metrics, experimental design, and analytical 
methodology employed to evaluate the impact of transformer 
components on model performance and stability. 

A. Dataset and setup 

In this study, three NMT datasets were used for training and 
evaluation: the English–Turkish (EN–TR), French–Turkish (FR–
TR), and German–Turkish (DE–TR) translation datasets. For each 
dataset, a random subset of 200,000 samples was selected to 
ensure balanced and representative data. Reproducibility was 
maintained by setting random_state = 42, a constant commonly 
adopted in the literature. The data were then divided into two 
subsets, with 80% used for training and 20% for validation, to 
facilitate model training and performance assessment. Each 
model was trained for 150 epochs to ensure stable convergence 
and consistent evaluation across all experiments. 

B. Data preprocessing 

The textual data was first cleaned using a predefined filter mask 
to remove punctuation and noise, and the dataset was 
constrained to a slice of 100,000 lines. Following this text 
cleaning step, a word-level tokenization approach was applied 
separately to the source and target languages, ensuring 
vocabulary consistency across translation pairs. The vocabulary 
size was deterministically established by the unique tokens 
remaining after the filtering process. To handle sequence 
boundaries, padding, and out-of-vocabulary words, special 
tokens—specifically <START>, <END>, <PAD>, and <UNK>—
were incorporated into the vocabulary. Finally, to ensure uniform 
sequence lengths within each batch, padding or truncation was 
applied to fix the sequence length at a maximum of 40 tokens. 
Padded tokens were explicitly excluded from the loss 
computation during training. 

C. Training configuration 

The models were trained using the Adam optimizer with an initial 
learning rate of 10-4. The learning rate was adaptively adjusted 
using a ReduceLROnPlateau scheduler, which reduces the 
learning rate by a factor of 0.5 if the validation loss does not 
improve for 10 consecutive epochs, with a minimum learning 
rate threshold of 10-5. The batch size was set to 128, and training 
was conducted for 150 epochs to ensure stable convergence 
across all experimental configurations. Cross-entropy loss with 
label smoothing of 0.1 was used as the objective function, while 
padded tokens were excluded from loss computation. 

The proposed transformer architecture consists of 6 layers for 
both the encoder and decoder stacks, utilizing a multi-head 
attention mechanism with 4 parallel attention heads. The 
dimensionality of the key and value representations, as well as 
the source and target embedding sizes, were uniformly 
configured to 256. The feed-forward network features a forward 
expansion of 2 resulting in a hidden layer dimension of 512 and 
employs the GELU (Gaussian Error Linear Unit) activation 
function. To ensure robust regularization, a dropout rate of 0.1 
was applied to the attention layers and residual connections. 

D. Transformer hyperparameters and experimental levels 

Table 2 presents a systematic evaluation of the transformer 
hyperparameters and components, including target embedding 
dimension, key dimension, value dimension, number of heads, 
sentence length, and training-related settings. Both individual 
effects and pairwise interactions of these components were 
analyzed to assess their influence on translation performance, 
providing insights into how specific design choices impact model 
accuracy, training stability, and overall efficiency. 

E. Experimental design 

Given the transformer’s highly modular architecture, which 
comprises multiple interdependent components such as 
embedding layers, attention heads, and feed-forward networks, 
conducting a full combinatorial exploration of all possible 
hyperparameter settings becomes computationally infeasible. 
Therefore, integrated analysis of its components remains a 
significant research challenge. To address this limitation, this 
study adopts a Design of Experiments (DOE) framework based on 
a fractional factorial design to systematically investigate the 

Table 2. Hyperparameters and their levels. 

Hyperparameters Level 1 Level 2 

Target Embedding Dimension 256  512 
Source Embedding Dimension 256  512 
Key dimension 256  512 
Value dimension 256  512 
Number of Heads 4 8 
Sentence length 40 80 
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effects of transformer hyperparameters. A 2(6−2) fractional 
factorial design was employed, reducing 64 full factorial 
combinations to 16 experimental runs. The analysis focused on 
main effects and two-factor interaction effects of the 
hyperparameters, which were estimated using ANOVA-based 
factorial decomposition. 

F. Implementation and training 

The models were implemented using PyTorch, chosen for its 
robust parallelization capabilities. Distributed Data Parallel 
(DDP) and Automatic Mixed Precision (AMP) were utilized to 
facilitate efficient training and optimize GPU memory usage. 

In this study, statistical analysis and data visualization were 
performed using Minitab to evaluate the impact of architectural 
and optimization parameters on model performance. The 
experiments were conducted on a high-performance computing 
(HPC) system running Rocky Linux 8.5, powered by AMD EPYC 
7543 processors and equipped with NVIDIA A100 GPUs 
connected via HDR InfiniBand for high-speed data transfer. 

G. Evaluation metrics 

Model performance was evaluated training accuracy, validation 
accuracy, training loss and validation loss. These metrics were 
selected because the primary objective of this study is not to 
maximize translation quality, but rather to systematically analyze 
the effects of transformer architectural components, particularly 
key and value dimensionality, on learning behavior. Accordingly, 
accuracy and loss metrics were considered appropriate for 
isolating and quantifying the effects of architectural variations 
across experimental configurations. 

III. RESULTS and DISCUSSION 

This section presents the results of hyperparameter optimization 
experiments conducted on transformer-based neural machine 
translation models for DE–TR, EN–TR, and FR–TR language pairs. 
The analysis focuses on six key hyperparameters and highlights 
the impact of asymmetrical Key (Dim_Key) and Value (Dim_Val) 
dimensions on model performance. A particular focus is placed 
on analyzing the impact of asymmetrical dimensions for the 
Dim_Key and Dim_Val vectors within the MHA mechanism, 
deviating from their conventional identicality. The analysis is 

based on four key response variables: training accuracy, 
validation accuracy, training loss, and validation loss. 

A. Analysis of main effects for the DE-TR pair 

As illustrated in Fig. 1, the plots of the main effects presented 
demonstrate a clear hierarchy of influence for the tested 
hyperparameters on model performance. The analysis of training 
and validation metrics indicates that the dimensions of the 
embedding layers are the most critical factors, while other 
parameters exhibit more subtle effects. 

The Target Embedding Dimension (Targ_Emb_Dim) emerged as 
the most influential factor across all four response variables. As 
demonstrated in the plot (see Fig. 1), increasing Targ_Emb_Dim 
from 256 to 512 resulted in the most significant performance 
gain: it dramatically increased both training accuracy (from 
approx. 55% to 69.5%, see Fig. 1a) and validation accuracy (from 
approx. 29.0% to 30.0%, see Fig. 1b). Concurrently, it was 
observed that the sharpest decrease in both training loss and 
validation loss. This finding underscores that a richer 
representation space for the target language (Turkish) is crucial 
for the model's learning and generalization capabilities in the DE-
TR context. The effect of Source Embedding Dimension 
(Sour_Emb_Dim) presents a clear case of overfitting. Increasing 
the Sour_Emb_Dim from 256 to 512 led to a strong improvement 
in training metrics (higher accuracy, lower loss). However, this 
trend was reversed for validation metrics, where the same 
change resulted in a significant decrease in validation accuracy 
and an increase in validation loss. This suggests that while a 
larger source embedding dimension helps the model memorize 
the training data, it fails to generalize well to unseen data for this 
language pair, potentially capturing noise rather than meaningful 
linguistic features. 

In the context of the DE-TR task, both Key and Value Dimensions 
(Dim_Key and Dim_Val) demonstrated minimal impact on 
performance, especially when compared to the embedding 
dimensions. Their main effects plots for both training and 
validation metrics are nearly flat, hovering close to the mean. For 
instance, Dim_Key shows a slight negative effect on validation 
accuracy, while Dim_Val has almost no effect on validation loss. 
This suggests that, for DE-TR translation, the model's 
performance is not highly sensitive to the internal dimensions of 

(a) 

 

(b) 

 

Fig. 1. Main effects plots of training and validation accuracy for the DE–TR model: (a) Training accuracy, (b) Validation accuracy. 
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the attention mechanism's Dim_Key and Dim_Val vectors within 
the tested range. 

Increasing the number of attention heads from 4 to 8 yielded a 
moderate improvement in training accuracy and a corresponding 
decrease in training loss. However, its effect on validation metrics 
was negligible. This indicates that more heads help the model 
learn more complex patterns in the training set but do not 
necessarily translate to better generalization performance. 

The sequence length (Seq_Len_Val) showed almost no discernible 
effect on any of the performance metrics, with its effect line 
remaining flat across all plots. This implies that within the tested 
range of 40 to 80 tokens, the model's performance is robust and 
largely independent of sentence length for the DE-TR dataset. 

B. Analysis of main effects for the EN-TR pair 

The hyperparameter sensitivity analysis for the EN-TR 
translation model, detailed illustrated in Fig. 2, reveals trends 
that are broadly consistent with the DE-TR pair, yet with subtle 
distinctions. The embedding dimensions continue to be the 
primary drivers of performance, while the internal dimensions of 
the attention mechanism show a more nuanced impact. 

The analysis of embedding dimensions reveals distinct and 
contrasting roles for the target and source languages. The Target 
Embedding Dimension (Targ_Emb_Dim) is unequivocally the 
most powerful hyperparameter. The value increased from 256 to 
512 results in the largest performance enhancement across the 
board, substantially elevating both training accuracy (from 
approx. 64.5% to 77.8%, see Fig. 2a) and validation accuracy 
(from approx. 33.4% to 34.5%, see Fig. 2b). This change also 
corresponds to the most significant reduction in training and 
validation loss. This reinforces the conclusion that a high-
dimensional representation of the target language is a critical 
prerequisite for achieving optimal performance. 

In contrast, the Source Embedding Dimension (Sour_Emb_Dim) 
exhibits an overfitting behavior in the EN-TR model. Increasing 
this dimension from 256 to 512 improves training accuracy and 
reduces training loss, but it degrades validation performance, as 
evidenced by a drop in validation accuracy and a rise in validation 
loss. This consistent pattern across both DE-TR and EN-TR 
datasets suggests that for translating into Turkish, a more 
compact source language representation may promote better 
generalization by preventing the model from learning spurious 
correlations in the training data. 

The influence of the Key and Value dimensions is more 
discernible in the EN-TR model compared to the DE-TR model, 
though still secondary to embedding sizes. Dim_Key has a 
negligible effect on training metrics but shows a slight negative 
impact on validation accuracy and a moderate positive impact 
(worsening) on validation loss. In contrast, Dim_Val has a 
moderate positive effect on training accuracy and a negative 
effect on training loss, yet it shows a clear negative impact on 
validation accuracy while having no effect on validation loss. This 
asymmetrical and frequently detrimental impact on validation 
suggests that larger internal attention dimensions might 
introduce unnecessary complexity, hindering generalization for 
this specific task. 

The number of attention heads has a moderately positive effect 
on all metrics, including a slight improvement in validation 
accuracy and a slight decrease in validation loss. This indicates 
that, for the EN-TR pair, increasing representational subspaces 
via more heads is beneficial not only for fitting the training data 
but also for generalization. Similar to the DE-TR model, 
Seq_Len_Val exerts almost no influence on model performance, 
with its effect plots remaining largely flat across all metrics. 

C. Analysis of main effects for the FR-TR pair 

The analysis of the FR-TR model (Fig. 3) introduces distinct 
patterns, particularly concerning the internal architecture of the 
attention mechanism, while reaffirming the foundational role of 
embedding dimensions. 

Consistent with the previous language pairs, Targ_Emb_Dim 
remains a critical factor for generalization, being the only 
parameter to cause a substantial decrease in validation loss and 
a corresponding increase in validation accuracy (see Fig. 3b). The 
overfitting pattern associated with Sour_Emb_Dim also persists; 
increasing its size improves training metrics (see Fig. 3a) at the 
expense of validation performance. For the FR-TR pair, both 
source and target embedding dimensions exhibit a very strong 
positive effect on training accuracy, highlighting their importance 
in the initial learning phase. 

A unique trend emerges with Dim_Key in the FR-TR model. Unlike 
in the other pairs where its effect was negligible on training, 
increasing Dim_Key from 256 to 512 here leads to a noticeable 
decrease in training accuracy and an increase in training loss. This 
suggests that a larger key dimension actively hinders the model's 
ability to learn from the FR-TR training data. On the validation 

(a) 

 

(b) 

 

Fig. 2. Main effects plots of training and validation accuracy for the EN–TR model: (a) Training accuracy, (b) Validation accuracy. 
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set, its effect is neutral on accuracy and slightly detrimental to the 
loss. The effect of Dim_Val is comparatively minor. It provides a 
slight improvement in training metrics but has a small negative 
impact on validation accuracy, with a negligible effect on 
validation loss. 

This parameter shows the most pronounced overfitting behavior 
besides Sour_Emb_Dim. Increasing the number of heads from 4 
to 8 provides a strong boost to training performance, second only 
to the embedding dimensions. However, this gain is completely 
reversed on the validation set, where more heads lead to a clear 
decrease in accuracy and an increase in loss. This indicates that 
for the FR-TR dataset, a more complex attention configuration 
with 8 heads learns dataset-specific noise, and a simpler 4-head 
architecture generalizes more effectively. The sequence length 
shows a very slight negative trend on training accuracy but has 
no significant impact on any other metric, confirming its limited 
influence on overall performance within the tested range. 

D. Comparative analysis of hyperparameter impact across 
language pairs 

A comparative analysis of the main effects across the DE-TR, EN-
TR, and FR-TR language pairs reveals both universal principles 
and language-specific sensitivities in the transformer model's 
architecture. While the foundational importance of embedding 
dimensions is a consistent theme, the optimal configuration of 
the internal attention mechanism appears to be highly contingent 
on the source language. 

Across all three datasets, two hyperparameters consistently 
demonstrated dominant and predictable effects: 

• Primacy of Target Embedding Dimension (Targ_Emb_Dim): 
The most significant and universally positive factor for model 
performance was the target embedding dimension. For all 
three language pairs, increasing Targ_Emb_Dim from 256 to 
512 resulted in the most substantial improvements in both 
training and validation accuracy, along with the sharpest 
reductions in loss. This universally strong correlation 
underscores that a rich, high-dimensional representation 
space for the target language (Turkish) is a non-negotiable 
prerequisite for effective translation, regardless of the source 
language's linguistic family. 

• Overfitting Tendency of Source Embedding Dimension 
(Sour_Emb_Dim): A clear and consistent pattern of overfitting 
was associated with the source embedding dimension. In 
every language pair, increasing Sour_Emb_Dim from 256 to 
512 improved the model's performance on the training set 

but invariably degraded its performance on the validation set. 
This robust finding suggests a general principle for 
translating into Turkish from these Eurepean languages: A 
more compact source representation (256-dim) fosters 
better generalization, likely by forcing the model to learn 
more robust features instead of memorizing training set 
artifacts. 

• Neutrality of Sequence Length (Seq_Len_Val): The sequence 
length was consistently found to be a neutral factor, showing 
no significant impact on any performance metric for any of 
the language pairs within the tested 40-80 token range. 

The most striking differences among the models were observed 
in their sensitivity to the hyperparameters governing the MHA 
mechanism (Dim_Key, Dim_Val, Heads_Val). 

• The Inconsistent Role of Dim_Key: The effect of the key 
dimension varied significantly. For the DE-TR pair, its impact 
was negligible. For the EN-TR pair, it had a minor negative 
effect on validation metrics. Most notably, for the FR-TR pair, 
a larger Dim_Key actively hindered the model's learning 
process, uniquely causing a drop in training accuracy. This 
suggests that the complexity required for the query-key 
matching process may vary across the evaluated language 
pairs within the scope of this study. 

• The Overfitting Behavior of Heads_Val: The number of 
attention heads also showed divergent effects on 
generalization. While more heads (8 vs. 4) moderately 
improved training performance across all pairs, their effect 
on validation varied: 

o DE-TR: Neutral effect on validation. 
o EN-TR: Slightly positive effect on validation, the only case 

where more heads aided generalization. 
o FR-TR: Strong negative effect on validation, indicating 

that a more complex, multi-headed attention structure led 
to significant overfitting for this pair. 

This variability implies that the optimal number of 
representational subspaces (heads) is not universal but is instead 
tied to the specific linguistic characteristics of the source-target 
language pair. 

E. Discussion of potential hyperparameter interactions and 
overfitting 

The interaction plots provide critical insights into how pairs of 
hyperparameters jointly influence model performance, revealing 
complex relationships that are not apparent from main effects 

(a) 

 

(b) 

 

Fig. 3. Main effects plots of training and validation accuracy for the FR–TR model: (a) Training accuracy, (b) Validation accuracy. 
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alone. The visualizations facilitate the identification of specific 
parameter combinations that contribute to overfitting by 
illustrating how the impact of one hyperparameter varies 
depending on the level of another. The complete set of interaction 
plots for both training and validation accuracy across all tested 
hyperparameters is provided for all language pairs analyzed in 
this study, in the file designated as the 'Supplementary Materials'. 
A consistent pattern observed during training across all language 
pairs is a synergistic interaction between the target embedding 
dimension (Targ_Emb_Dim) and other parameters. The beneficial 
effects of increasing other parameters are often amplified when 
Targ_Emb_Dim is set to its higher level (512). For example, in the 
DE-TR training accuracy plot, the positive impact of increasing 
Dim_Key is significantly more pronounced when Targ_Emb_Dim 
is 512 compared to when it is 256. Similarly, for the FR-TR model, 
the performance boost from increasing Heads_Val to 8 is 
substantially greater with a Targ_Emb_Dim of 512. This suggests 
that a large target representation space is a foundational element 
that enables the model to effectively leverage other architectural 
complexities during the learning phase. 

The most crucial findings emerge from comparing the training 
interactions with their validation counterparts, as this directly 
exposes the parameter combinations that hinder generalization. 

The FR-TR dataset provides the clearest example of a detrimental 
interaction leading to overfitting. A strong, crossing interaction is 
visible between Heads_Val and Dim_Key (see Fig. 4). 

• During training, the combination of a low Dim_Key (256) and 
a high Heads_Val (8) results in a significant accuracy increase. 

• However, this relationship reverses dramatically for 
validation accuracy. For the validation set, the combination of 
a high Dim_Key (512) and a high Heads_Val (8) is the most 
harmful, causing the steepest decline in performance. This 
demonstrates that overfitting in the FR-TR model is not 
merely an additive effect of complex parameters but is 
specifically triggered by the interaction of a high-dimensional 
key dimension (Dim_Key) with a large number of attention 
heads. 

The interaction analysis between the key dimension (Dim_Key) 
and the number of attention heads (Heads_Val) reveals a 
significant joint influence on model performance. Similar 
interaction patterns in the FR–TR model are also evident in the 
EN–TR and DE–TR models. This consistency is reflected in both 
training and validation accuracies, suggesting that the combined 
effect of Dim_Key and Heads_Val exhibits a stable pattern across 
the three evaluated language pairs, with a relatively consistent 
influence on overall performance within the scope of this study. 

F. Discussion on the role of asymmetrical key-value 
dimensions 

A central motivation for this study was to challenge the 
conventional architectural assumption in the transformer model 
where the dimensions of the Key (d_k) and Value (d_v) vectors 
are typically kept identical. By decoupling these two 
hyperparameters, our experiments reveal that the impact of 
asymmetrical KV dimensions is not uniform but is highly 
dependent on the linguistic characteristics of the source-target 
language pair, offering new avenues for model optimization. 

The results indicate that there is no universal benefit or 
detriment to using asymmetrical dimensions; rather, the optimal 
configuration is context specific. For the DE-TR model, the 
performance was largely insensitive to the dimensions of either 
Key or Value vectors. The main effects plots for both parameters 
were nearly flat, suggesting that for this language pair, the model 
is robust to such architectural variations, and asymmetrical 
configurations do not compromise performance. 

In contrast, for the EN-TR pair, the effects became more 
pronounced and were generally detrimental to generalization. 
Increasing either Dim_Key or Dim_Val tended to degrade 
validation accuracy, suggesting that for EN-TR, larger and 
potentially asymmetrical internal attention dimensions 
introduce a complexity that hinders, rather than helps, the 
model's ability to generalize. 

The most compelling evidence for the importance of this 
decoupling emerged from the FR-TR model. This was the only 
language pair where a specific architectural choice—a larger 
Dim_Key—was found to be actively harmful even during the 
training phase, uniquely causing a drop in training accuracy. 
Furthermore, the interaction analysis revealed that a specific 
combination of a high Dim_Val (512) and a high Heads_Val (8) 
was the primary trigger for severe overfitting in the FR-TR model. 
This strongly suggests that for certain language pairs, a more 
constrained attention mechanism, potentially with smaller or 
carefully chosen asymmetrical dimensions, is crucial for 
preventing the model from learning spurious correlations. 

In summary, this study provides empirical evidence that the 
practice of setting d_k = d_v should be viewed as a safe default 
rather than a strict necessity. The performance sensitivity to 
asymmetrical Key and Value dimensions shows variation across 
the three evaluated language pairs, indicating that the observed 
effects are dependent on the specific architectural configurations 
considered in this study. Our findings indicate that for some 
translation tasks, particularly those prone to overfitting like FR-
TR, deliberately constraining the model by using smaller or 
asymmetrical KV dimensions could be a viable strategy to 
improve generalization. This highlights the potential of exploring 
the d_k and d_v space independently as a valuable, albeit complex, 
dimension of hyperparameter tuning. 

IV. CONCLUSION 

The aim of this study was not to achieve state-of-the-art accuracy, 
but to conduct a foundational, exploratory investigation into the 
behavior of key hyperparameters within the Transformer 
architecture for neural machine translation. The primary 
objective was to systematically analyze the individual and joint 

(a) 

 

(b) 

 

Fig. 4. Interaction plots of the FR–TR model, illustrating the joint effect of key 
dimension (Dim_Key) and number of attention heads (Heads_Val): (a) 
Training accuracy, (b) Validation accuracy 
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effects of these parameters on model performance, particularly 
in the context of limited data availability for DE-TR, EN-TR, and 
FR-TR language pairs. 

Our findings reveal a clear distinction between universally 
impactful parameters and those with language-specific 
sensitivities. We consistently observed two dominant, opposing 
forces affecting generalization across all language pairs: a large 
target embedding dimension (Targ_Emb_Dim) was universally 
beneficial, acting as a prerequisite for effective learning, while a 
large source embedding dimension (Sour_Emb_Dim) was 
universally detrimental, consistently inducing overfitting. 

The most novel contribution of this work lies in the deliberate 
decoupling and analysis of asymmetrical Key (d_k) and Value 
(d_v) dimensions—an area largely unexplored in existing 
literature. The results demonstrate that the conventional practice 
of setting d_k = d_v is a safe but not necessarily optimal default. 
The model's sensitivity to asymmetrical configurations was 
found to be highly language-pair dependent. For instance, the FR-
TR model showed a unique vulnerability to specific combinations 
of attention-related hyperparameters, where a larger Dim_Key 
hindered learning and its interaction with other parameters 
triggered severe overfitting. This suggests that for certain 
linguistic contexts, a more constrained or deliberately 
asymmetrical attention mechanism could be a key strategy for 
improving generalization. 

A limitation of this study is that the evaluation does not include 
explicit translation-quality metrics such as BLEU or chrF. While 
the selected metrics (training and validation accuracy and loss) 
are appropriate for analyzing architectural effects on learning 
dynamics and stability, they may not fully capture the linguistic 
quality of generated translations. Consequently, the reported 
findings primarily reflect model behavior from an optimization 
and convergence perspective rather than direct translation 
quality. Future work may integrate BLEU, chrF, or related metrics 
to enable a more comprehensive evaluation of translation 
performance and to complement the architectural analysis 
presented in this study. 

Ultimately, this research emphasizes that hyperparameter tuning 
is not a one-size-fits-all process. Instead of presenting an 
optimized set of parameters, the study sheds light on the complex 
interplay and trade-offs inherent in the transformer architecture. 
The study serves as an empirical guide, emphasizing the 
importance of understanding these individual and interactive 
effects to design powerful models that are well-suited to the 
specific characteristics of the translation task at hand. 
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APPENDIX 

This supplementary section provides detailed training and 
validation accuracy plots for all three language pairs (DE–TR, EN–
TR and FR–TR). Specifically, interaction plots are presented to 
demonstrate the combined effects of six core transformer 
hyperparameters—source embedding dimension, target 
embedding dimension, key dimension, value dimension, number 
of attention heads and sequence length—are presented to 
demonstrate how these architectural parameters jointly 
influence model performance. These figures support the main 
findings presented in Section III by providing additional insights 
into the learning dynamics and convergence behavior observed 
during both training and validation phases. As shown in Fig. A1–
A3, the interactions between model parameters exhibit 
consistent trends across language configurations, highlighting 
nonlinear effects that underscore the importance of proper 
hyperparameter tuning for achieving optimal translation 
accuracy. 

(a) 

 

(b) 

 

Fig. A1. DE-TR interaction plots for: (a) Training accuracy, (b) Validation accuracy. 
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(a) 

 

(b) 

 

Fig. A2. EN-TR interaction plots for: (a) Training accuracy, (b) Validation accuracy. 
 

(a) 

 

(b) 

 

Fig. A3. FR-TR interaction plots for: (a) Training accuracy, (b) Validation accuracy. 
 


