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Abstract 19 

 20 

The classification of plutonic rocks is essential for geological research, mineral 21 

exploration, and petrological analysis. Traditional methods rely on expert interpretation 22 

of thin-section images, making the process time-consuming and necessitates expertise. 23 

Vision Transformers (ViTs) provide promising tools to address these challenges by 24 

enabling automated classification. However, previous studies have focused primarily 25 
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on model accuracy without considering generalization and often lack a large plutonic 26 

rock dataset curated by petrologists. Thus, this study introduces the Petrographic Vision 27 

Transformer (PViT), a family of ViT models designed to automatically classify plutonic 28 

rock types in Thailand with high accuracy and generalization. The proposed models 29 

incorporate a new Gaussian Error Linear Unit (new GELU) activation in the position-30 

wise feed-forward network (FFN) and an optimized multi-head attention mechanism 31 

with merged Query (Q), Key (K), and Value (V) projections. Training using a dataset 32 

of 2,886 thin-section images representing 15 plutonic rock types, PViT-Base achieved 33 

98.34% accuracy, exceeding the standard ViT-Base by 0.62 percentage points when 34 

trained from scratch. Moreover, PViT achieved slightly higher accuracy than the Dual 35 

Attention Vision Transformer (DaViT) and EfficientNetV2, both state-of-the-art 36 

(SOTA) models originally benchmarked on ImageNet-1K. Grad-CAM visualizations 37 

generated by our model highlighted influential regions for classification, corresponding 38 

to key petrographic features, which closely resemble the interpretive approach used by 39 

petrologists. These findings demonstrate the potential of PViT to advance automated 40 

classification and offer strong potential for future geoscience applications. 41 

 42 

Keywords: Deep learning, Vision Transformers, Self-attention mechanism, Plutonic 43 

rock classification, Photomicrography  44 

 45 

1. Introduction 46 

 47 

Rock classification is a fundamental task in geoscience, involving the 48 

observation of thin-sections to identify rock types based on framework minerals, 49 

textures, and internal structures (Streckeisen, 1976). These features, expressed through 50 



shape, color, and microstructural characteristics, provide the basis for classification. 51 

Traditionally, rock samples are sliced into 30-µm-thick thin-sections mounted on glass 52 

slides and examined under polarized light microscopes. Thin-sections are then 53 

photographed as three-channel digital images (RGB photomicrographs), allowing 54 

geoscientists to study mineral composition and internal structures (e.g., Kongsukho and 55 

Kanjanapayont, 2025, Kongsukkho and Kanjanapayont, 2022). Photomicrograph 56 

analysis has consequently become a standard workflow in geological mapping, mineral 57 

exploration, and petroleum systems studies (e.g., Aligholi et al., 2019, Eldosouky et al., 58 

2023, Hussain et al., 2023). Accurate interpretation of these images is essential for 59 

successful mineral exploration and geological assessments (Patel et al., 2017, Perez et 60 

al., 2011). However, the internal structures of rocks are heterogeneous and exhibit 61 

directional variability (Lepistö et al., 2005, Zhu et al., 2019). 62 

Recent advances in artificial intelligence (AI) and machine learning (ML) have 63 

transformed computer vision into a field dominated by deep learning (DL) models 64 

(Krizhevsky et al., 2012, Ren et al., 2015, Shin et al., 2016). In geoscience, DL models 65 

have been increasingly adopted to automate thin-section image classification, 66 

particularly convolutional neural networks (CNNs) (e.g., Guojian and Peisong, 2021, 67 

Pires de Lima and Duarte, 2021, Polat et al., 2021, Qiqi et al., 2024, Seo et al., 2022, 68 

Su et al., 2020, Zheng et al., 2024b). These works demonstrate that CNNs can reduce 69 

network complexity and the number of training parameters, making them easier to train 70 

and optimize. As a result, CNN-based models provide an effective and efficient 71 

framework for automated classification of thin-section images. However, they tend to 72 

extract features from entire images without adequately attending to local detail, which 73 

can lead to misclassification (Seo et al., 2022, Zhang and Wang, 2023). 74 



Recently, Vision Transformers (ViTs) have proven to be highly successful in 75 

computer vision tasks. Transformer architectures can achieve state-of-the-art 76 

performance in thin-section image classification (e.g., Wang et al., 2024, Zhang and 77 

Wang, 2023). The self-attention mechanism enables models to capture both global and 78 

local contextual information by allowing each patch to attend to all others (Vaswani et 79 

al., 2017). This mechanism is effective for modeling long-range dependencies beyond 80 

the local receptive fields of convolutional neural networks (Dosovitskiy et al., 2020). 81 

Consequently, self-attention within Transformer blocks facilitates the extraction of 82 

discriminative petrographic features and has been shown to outperform CNN-based 83 

models in thin-section image classification (e.g., Cai et al., 2024). However, ViTs 84 

typically rely on large-scale datasets for pretraining and require huge computational 85 

resources (Yang et al., 2021). Most previous studies have employed transfer learning 86 

strategies, which often prioritize high accuracy over generalization, both of which are 87 

essential for reliable applications in real-world geoscience (Lei et al., 2019, Yang et al., 88 

2020). Additionally, the lack of training data from expert petrologists remains a major 89 

challenge. Large datasets curated by petrologists can significantly enhance model 90 

tuning and performance (Zheng et al., 2024a). 91 

To address these challenges, this study proposes the Petrographic Vision 92 

Transformer (PViT), a family of Vision Transformer (ViT) models enhanced with two 93 

modifications: (1) a new Gaussian Error Linear Unit (GELU) activation in the position-94 

wise feed-forward network (FFN) and (2) an optimized multi-head attention 95 

mechanism. The models are trained on thin-section images of plutonic rocks captured 96 

under both plane-polarized light (PPL) and cross-polarized light (XPL). The dataset 97 

comprises a total of 2,886 images representing 15 plutonic rock types collected from 98 

three granite belts across Thailand. The key features for classifying these rocks include 99 



grain properties, internal structures, and basic categories, all of which are optical 100 

properties curated by expert petrologists. Model performance is evaluated using 101 

numerous metrics, and the Grad-CAM visualization highlights influential regions for 102 

classification by emphasizing distinguishing framework grains, textures, and 103 

microstructures. The results demonstrate that PViT not only achieves high accuracy but 104 

also extracts interpretable features related to real-world geoscience applications. 105 

 106 

2. Related works 107 

 108 

2.1 A short review of image processing using Vision Transformers 109 

 110 

Vision Transformers (ViTs) have been adapted for image analysis by treating 111 

images as sequences of patch tokens rather than relying on local convolutions, as in 112 

traditional convolutional neural networks (CNNs). Each image is divided into fixed-113 

size patches, which are linearly projected into embeddings and combined with 114 

positional encodings before being processed by Transformer encoder layers 115 

(Dosovitskiy et al., 2020, Vaswani et al., 2017). These encoder layers consist of multi-116 

head attention (MHA) and multi-layer perceptron (MLP), integrated with residual 117 

connections and layer normalization. The MHA mechanism enables each patch token 118 

to attend globally, capturing long-range dependencies within a single layer (Vaswani et 119 

al., 2021, Zhang et al., 2022), unlike CNNs, which aggregate information locally 120 

through convolutional kernels (O'shea and Nash, 2015). After the MHA and MLP 121 

layers, a classification head is applied for downstream tasks. 122 

Tokenization and positional encoding are crucial for preserving spatial 123 

structures. The self-attention mechanism assigns varying levels of importance to 124 



different regions of an image. Within each self-attention block, patch tokens are linearly 125 

transformed into query, key, and value vectors. The attention mechanism computes 126 

similarity scores through query-key dot products and aggregates values accordingly. 127 

Multi-head attention performs this operation across multiple attention heads in parallel, 128 

allowing the model to capture complementary spatial relationships. This architecture 129 

enables ViTs to encode both global and local contextual information, frequently 130 

outperforming CNNs in image classification, object detection, and segmentation, 131 

particularly when pretrained on large-scale datasets with substantial computation 132 

resources (Yang et al., 2021). 133 

Since their introduction, ViTs have been widely adopted for image classification 134 

(e.g., Chen et al., 2021). Subsequent variants such as Data-efficient image Transformers 135 

(DeiT) (Touvron et al., 2021), Token-to-Token ViT (T2T) (Yuan et al., 2021), 136 

Transformer in Transformer (TNT) (Han et al., 2021), and Swin Transformer (Liu et 137 

al., 2021) have improved efficiency by reducing the number of parameters, lowering 138 

computation requirements, increasing classification accuracy, and better handling high-139 

resolution images, thereby addressing several limitations of the standard ViT. 140 

 141 

2.2 Applications of Vision Transformers for Petrographic Image Classification 142 

 143 

Although recent studies have demonstrated the strong potential of Vision 144 

Transformers (ViTs) in various image classification tasks, their application to thin-145 

section image classification remains limited. Zhang and Wang (2023) developed a 146 

hybrid Transformer model that combines Region-to-Region and Token-to-Token 147 

attention, achieving fine-grained mineral classification in sandstone and limestone with 148 

a top-1 accuracy of 88.04%. Cai et al. (2024) applied the Swin Transformer with 149 



transfer learning to classify mineral phases (e.g., arsenopyrite, pyrite, and gold), 150 

achieving 92% accuracy and outperforming CNN-based models such as MobileNetV2 151 

and ResNet50. Wang et al. (2024) introduced Rock-ViT for sandstone classification 152 

and achieved 91.7% accuracy by incorporating supervised contrastive loss. More 153 

recently, Zheng et al. (2024a) proposed Trans-SedNet, a dual-modal ViT trained on 154 

XPL and PPL images, built upon the SegFormer backbone with enhanced attention 155 

mechanisms. This model outperformed CNN-based architectures such as U-Net and 156 

DeepLabV3+ in semantic segmentation by accurately identifying individual mineral 157 

grains. These studies employed simplified classification to distinguish mineral grains 158 

in thin-section images. Although Vision Transformer models have achieved state-of-159 

the-art performance in petrographic image classification, their application to plutonic 160 

rock classification remains unexplored, highlighting a clear research gap. 161 

 162 

3. Data 163 

 164 

3.1 Plutonic rock sampling and thin-section preparation 165 

 166 

Plutonic rocks for this study were collected from three granite belts across 167 

Thailand (Fig. 1), categorized by geochemistry, tectonic settings, and geochronology 168 

(e.g., Charusiri et al., 1993, Cobbing, 2011). These belts correlate with granites in 169 

neighboring countries such as Malaysia, Myanmar, Indonesia, and Lao PDR (Mitchell, 170 

1977). Sampling sites included: (i) the Western Granite Belts in Kanchanaburi Province 171 

(Fig. 1A); (ii) the Eastern and Central Belts in Chachoengsao, Chon Buri, Chanthaburi, 172 

and Rayong Provinces (Fig. 1B); and (iii) the Central and Western Belts in Phetchaburi 173 

and Prachuap Khiri Khan Provinces (Fig. 1C). 174 



The Western Granite Belt, extending along the Thai-Myanmar border, consists 175 

of granodiorite to syenogranite with K-feldspar phenocrysts, quartz, and biotite. Most 176 

samples are S-type peraluminous granites; I-type equigranular varieties also occur. 177 

Ages range from the Cretaceous to the Paleocene (Beckinsale et al., 1979, Charusiri et 178 

al., 1993). The Eastern Granite Belt consists of medium- to coarse-grained syenogranite 179 

and gabbro with accessory hornblende and minor mafic intrusions. Although S-type 180 

and A-type granites are present, most rocks are I-type granites of the magnetite series, 181 

associated with Cu-Au and Mo mineralization (Khin et al., 2014). Ages range from the 182 

Late Carboniferous to the Late Triassic (Gardiner et al., 2018). The Central Granite Belt 183 

comprises large batholiths of syenogranite to monzogranite, often displaying 184 

megacrystic K-feldspar and perthitic textures. Some rocks exhibit gneissic fabric due 185 

to metamorphism (Kongsukkho and Kanjanapayont, 2022), while younger alkaline 186 

plutons intrude the main bodies. These granites are largely S-types (Ilmenite series), 187 

dated to the Late Triassic-Early Jurassic (Nantasin et al., 2012). 188 

All samples were prepared as standard thin-sections (30 µm thickness) and 189 

examined under petrographic microscopes. Rock classification followed the 190 

International Union of Geological Sciences (IUGS) schemes: the QAPF diagram for 191 

granitoids (Fig. 2A), the gabbroic rocks diagram (Fig. 2B), and the ultramafic rock 192 

diagram (Fig. 2C). These diagrams were applied based on modal mineral proportions 193 

following the IUGS classification system (Streckeisen, 1976). 194 

 195 

3.2 Image collection 196 

 197 

Thin-section images were obtained using a polarized light microscope (Nikon 198 

ECLIPSE LV100 POL) at the Department of Geology, Chulalongkorn University. 199 



Magnifications of 1×, 5×, and 10× were employed: lower magnifications (1×, 5×) 200 

provided broader views, whereas 10× captured detailed mineral frameworks. Each 201 

sample was photographed under both plane-polarized light (PPL) and cross-polarized 202 

light (XPL). The original thin-section images had a resolution of 4908 × 3264 pixels 203 

and were acquired in three color channels (RGB). 204 

Polarized light microscopy enables mineral identification by exploiting optical 205 

properties. Under PPL, mineral grains can be distinguished based on petrographic 206 

features such as crystal shape, cleavage, color, and pleochroism. Pleochroism is an 207 

optical property in which a mineral displays different colors depending on the 208 

orientation of incident light. In contrast, under XPL, additional features, including 209 

interference colors, twinning, zoning, and cleavage, become visible. Interference colors 210 

arise when light splits into two rays as it passes through a mineral between crossed 211 

polars; minerals are generally light-colored and exhibit vivid colors that vary with 212 

birefringence. Twinning, often clearly observable under XPL, is particularly useful for 213 

distinguishing feldspars such as alkali feldspar and potassium feldspar. Simple twins 214 

consist of two crystal segments that extinguish at different angles during stage rotation. 215 

Contact twins share a smooth twin plane, whereas penetration twins intersect at 216 

irregular junctions. Polysynthetic twinning, characterized by numerous twin segments 217 

joined along parallel twin planes, is commonly found in plagioclase. Zoning, frequently 218 

observed in plagioclase and potassium feldspar, results from compositional changes 219 

during crystal growth and appears as color bands under XPL. These optical properties 220 

provide essential criteria for mineral identification and are critical for the classification 221 

of plutonic rocks in thin-section images. 222 

 223 

3.3 Image dataset and category distribution � Petrological features 224 



 225 

We collected 1,443 original thin-section images from 15 plutonic rock types, 226 

classified using the IUGS system (Fig. 2). Each rock type was imaged under both plane-227 

polarized (PPL) and cross-polarized light (XPL), with details illustrated in Figure 3. 228 

Anorthosite is dominated by calcic plagioclase feldspar (3-4 mm grains) with 229 

serrated, irregular boundaries, often partially altered to sericite, a fine-grained white 230 

mica (Fig. 3A). Diorite, a fine- to medium-grained mafic rock, contains andesine, 231 

oligoclase, pyroxene, and biotite, together with accessory hornblende, zircon, apatite, 232 

and Fe-Ti oxides; it is characterized by albite twinning in plagioclase and pleochroism 233 

in biotite (Fig. 3B). Dunite, dominated by olivine, displays high birefringence, distinct 234 

fracturing, chemical zoning, and alteration products, with no cleavage (Fig. 3C). 235 

Foidolite, a rare feldspathoid-rich rock, is predominantly composed of leucite and 236 

zoned clinopyroxene with iron variations (Fig. 3D). Gabbro primarily consists of 237 

labradorite and bytownite, with amphibole, clinopyroxene, and olivine; plagioclase 238 

shows pericline twinning, while olivine is frequently altered to hematite along cracks 239 

and to chlorite at grain margins (Fig. 3E). Granite, a felsic rock, contains quartz, 240 

plagioclase, alkali feldspar, biotite, and muscovite; feldspars commonly display 241 

exsolution and intergrowth textures, such as perthite and myrmekite (Fig. 3F). 242 

Granodiorite consists primarily of plagioclase and alkali feldspar, resembling granite 243 

but with more plagioclase and less alkali feldspar. It also contains minor minerals such 244 

as biotite, amphibole, and possibly apatite, with biotite grains often showing pleochroic 245 

halos around zircon (Fig. 3G). Greisen, an altered granitic or pegmatitic rock, is 246 

typically characterized by coarse-grained quartz and fine-grained topaz, fluorite, and 247 

tourmaline (Fig. 3H). Harzburgite, an ultramafic rock, is composed mainly of olivine, 248 

enstatite, and bronzite; olivine grains exhibit irregular cracks forming a mesh texture 249 



and high birefringence, while orthopyroxene shows schiller structures and first-order 250 

yellow to low birefringence (Fig. 3I). Hornblendite is primarily composed of 251 

hornblende, appearing as slender prismatic or bladed crystals with a diamond-shaped 252 

cross section; amphibole cleavage is visible at 56o and 124o, with common concentric 253 

or patchy color zoning (Fig. 3J). Lherzolite is dominated by olivine and orthopyroxene, 254 

with minor clinopyroxene, spinel, and garnet, also contains plagioclase (Fig. 3K). 255 

Monzonite is an intermediate rock between syenite and diorite, composed of altered 256 

plagioclase and orthoclase with numerous inclusions, together with biotite and 257 

amphibole, both of which are partly altered to chlorite (Fig. 3L). Norite resembles 258 

gabbro but contains more orthopyroxene, showing augite exsolution lamellae that 259 

appear either tabular or pinched and swollen, forming rows of blebs (Fig. 3M). 260 

Orthopyroxenite is composed entirely of orthopyroxene, characterized by low 261 

birefringence, parallel extinction, pale pink to green pleochroism, two cleavages 262 

intersecting at ~88o, and fine exsolution lamellae (Fig. 3N). Syenite, a felsic rock, is 263 

primarily composed of orthoclase, aegirine, and augite, with minor plagioclase and 264 

accessory minerals such as titanite, actinolite, allanite-(Ce), ilmenite, and zircon. 265 

Orthoclase often shows perthitic texture with exsolution blebs as well as albite lamellae, 266 

while Carlsbad twinning, dividing crystals into two irregular segments, is common (Fig. 267 

3O). 268 

In total, 2,886 images were produced (PPL and XPL). The dataset was divided 269 

into training (70%), validation (15%), and test (15%) sets (Fig. 4). All original images 270 

were split into overlapping patches of 512 × 512 pixels to effectively model local 271 

structural information and enhance feature richness (Yuan et al., 2021). Additionally, 272 

pixel values within each patch were normalized using min-max scaling between 0 and 273 



1 to ensure consistent feature magnitudes and stabilize the learning process (Patro and 274 

Sahu, 2015). 275 

 276 

4 Methods 277 

 278 

4.1 Model implementation 279 

 280 

4.1.1 Overview of the Vision Transformer backbone 281 

 282 

In this study, we modified the standard Vision Transformer (ViT) backbone 283 

from scratch, based on the model developed by Dosovitskiy et al. (2020), to address the 284 

task of plutonic rock classification. The standard ViT model consists of three main 285 

components: (i) a patch embedding layer, (ii) stacked Transformer encoder blocks, and 286 

(iii) an MLP classification head (Fig. 5A). The patch embedding layer divides each 287 

thin-section image into non-overlapping patches of size [P, P]. Each patch is flattened 288 

into a vector of dimension [P x P x C] and transformed into a one-dimensional sequence 289 

of embeddings. A learnable classification token [CLS] is prepended to the sequence to 290 

capture global semantics, and the resulting sequence is then fed into the encoder blocks 291 

(Fig. 5B). 292 

In the encoder, input sequences are projected into Query (Q), Key (K), and 293 

Value (V) vectors. The attention scores are calculated using scaled dot-product attention 294 

as follows: 295 

   (1) 296 



where dk is the dimensionality of the key vectors (Vaswani et al., 2017). The SoftMax 297 

function is applied to these scores to obtain weights for the values. Rather than 298 

performing a single attention function with the same dimensionality for keys, values, 299 

and queries, the standard ViT employs multi-head attention (MHA). In MHA, the Q, 300 

K, and V matrices are each linearly projected h times using different learned projection 301 

matrices, resulting in h parallel attention computations. Each head produces an output 302 

of dimension dv, which is subsequently concatenated and projected back to the original 303 

hidden dimension. After the multi-head attention step, a position-wise feed-forward 304 

network (FFN) is applied independently to each token. The FFN consists of two linear 305 

transformations with a Gaussian Error Linear Unit (GELU) activation function applied 306 

between them. Each encoder block is wrapped with residual connections and layer 307 

normalization (Fig. 5C). 308 

 Finally, the MLP classification head processes the [CLS] token output and maps 309 

it to the predefined class space through a fully connected layer, producing a probability 310 

distribution over the target classes (Fig. 5D). 311 

 312 

4.1.2 Petrographic Vision Transformer (PViT) 313 

 314 

 After implementing the standard Vision Transformer (ViT) from scratch, we 315 

explored an efficient backbone to increase accuracy and generalization in real-world 316 

geosciences, thereby facilitating plutonic rock classification. Each encoder layer 317 

contains a position-wise feed-forward network (FFN) and multi-head attention (MHA) 318 

(Dosovitskiy et al., 2020), both of which play crucial roles in the Transformer neural 319 

network by learning abstract features through the encoder blocks and enabling the 320 

model to capture a variety of spatial relationships in thin-section images. However, the 321 



FFN becomes saturated for very high or very low input values due to the GELU 322 

activation function, leading to the vanishing-gradient problem (e.g., Lee, 2023). 323 

Moreover, self-attention in MHA typically models dependencies for a single position 324 

per layer, requiring substantial computation resources and long training times. To 325 

overcome these limitations associated with the inefficient encoder backbone of standard 326 

ViT, we propose two modifications: (i) a new Gaussian Error Linear Unit (new GELU) 327 

within the FFN, and (ii) an optimized multi-head attention mechanism. These 328 

modifications result in the development of a novel Vision Transformer architecture 329 

(Fig. 6A), hereafter referred to as the Petrographic Vision Transformer (PViT). 330 

 331 

4.1.2.1 New Gaussian Error Linear Unit (GELU) Activation 332 

 333 

 Activation functions (AFs) are nonlinear layers in neural networks. Among 334 

them, the Gaussian Error Linear Unit (GELU) (Hendrycks and Gimpel, 2016) has 335 

gained popularity due to its higher accuracy, training stability, and smoother gradient 336 

behavior compared with classical activation functions such as ReLU (Nair and Hinton, 337 

2010) and ELU (Clevert et al., 2015). Mathematically, the GELU activation function is 338 

based on the Gaussian cumulative distribution function (CDF). The GELU activation 339 

function is formally defined using the Gaussian CDF as: 340 

  (2) 341 

where Φ(x) represents the probability that a standard normal distribution takes on a 342 

value less than or equal to x, and erf is the Gaussian error function. 343 

A widely used approximation of GELU, proposed by Hendrycks and Gimpel 344 

(2016), is given as: 345 



  (3) 346 

This tanh-based approximation is widely used in image classification. However, thin-347 

section images contain diverse and complex features such as shapes, textures, and 348 

microstructures, which differ significantly from those in general datasets such as 349 

ImageNet-21k. To improve the learning of these petrographic features, we implemented 350 

a new GELU variant in the FFN block of each Transformer encoder by adopting a 351 

sigmoid-based approximation. 352 

 The Sigmoid-based GELU is defined as: 353 

    (4) 354 

where σ(x) is the sigmoid function. This approach exhibits a more linear behavior in the 355 

intermediate activation range, which reduces the extreme compression of mid-level 356 

features and yields smoother gradients compared with the tanh-based approximation. 357 

Such behavior is advantageous for capturing petrographic features and leads to 358 

improved classification accuracy. 359 

  360 

4.1.2.2 Optimized multi-head attention  361 

 362 

 Self-attention (SA) is a core component of Transformer-based models, enabling 363 

the modeling of long-range dependencies by computing weighted averages over token 364 

representations (Bahdanau et al., 2014, Graves et al., 2014). Traditional self-attention 365 

typically models dependencies for a single position per layer, whereas multi-head 366 

attention (MHA) improves this by attending to multiple positions simultaneously 367 

(Vaswani et al., 2017), which has been central to the success of Transformer 368 

architectures (Chen et al., 2018). However, in standard MHA, attention heads within 369 



the same layer operate independently, which limits interaction and computational 370 

efficiency. To address this limitation, we optimize the mechanism by fusing the Query 371 

(Q), Key (K), and Value (V) projections into a single joint linear transformation (Fig. 372 

6B). 373 

 Given an input tensor X ∈ ℝ B x L x D, where B is the batch size, L is the sequence 374 

length, and D is the hidden dimension, the Q, K, and V matrices are computed using a 375 

single linear projection (Fig. 7): 376 

   [Q, K, V] = XWqkv,  Wqkv ∈ ℝDx3D   (5) 377 

The resulting tensor is then split into three components and reshaped to support multi-378 

head attention with H heads, where each head has dimension N = D/H: 379 

   [Q, K, V] ∈ ℝ B x H x L x N     (6) 380 

Scaled dot-product attention is applied to compute the attention scores and outputs: 381 

A = QKT / √𝑁, Ac = SoftMax(A), Z = AcV  (7) 382 

Here, O denotes the final output of the multi-head attention layer after concatenating 383 

all attention heads and applying a linear projection back to the original hidden 384 

dimension: 385 

   O = ZWo,  Wo ∈ ℝDxD     (8) 386 

This fused QKV design increases parallelism, enhances GPU memory locality, 387 

and reduces computational overhead while maintaining or improving performance. 388 

 389 

4.2 Attention visualization 390 

 391 

To interpret the internal workings of our models, we apply Gradient-weighted 392 

Class Activation Mapping (Grad-CAM) (Selvaraju et al., 2017, Zhou et al., 2016). This 393 

approach combines classification output gradients with self-attention scores to produce 394 



class-specific heatmaps (Fig. 8). Gradients, backpropagated from the output to each 395 

encoder block, identify the contributions of encoded features, while self-attention 396 

feature maps, normalized by a sigmoid function, suppress sharp activations and retain 397 

meaningful patch correlations (Leem and Seo, 2024). 398 

In the PViT architecture, the [CLS] serves as the learnable classification token; 399 

therefore, only the first row of each attention matrix, representing the connections 400 

between the [CLS] token and all patch tokens, is considered. Through residual 401 

connections, the [CLS]-based representation aggregates information from all encoder 402 

blocks. 403 

Let Ah, 1
k ∈ ℝ N  denote the first row of the self-attention matrix from the hth head 404 

in the kth encoder block. This row represents the attention between the [CLS] token and 405 

all patch tokens. The feature map Fh
k is then defined as:  406 

     (9) 407 

when G () denotes the element-wise sigmoid function, applied to suppress sharp 408 

activations and enhance localization quality. 409 

 To generate the final CAMs, we compute the gradient ߙℎ௞,௖, which represents 410 

the influence of Ah, 1
k on the classification output for class c. We combine this gradient 411 

with the corresponding feature map as follows: 412 

              (10) 413 

where ⨀ denotes the Hadamard product, and the ReLU function ensures that only 414 

positive contributions are retained. The resulting vector Lc ∈ ℝ N is reshaped into a 2D 415 

spatial heatmap and upsampled to the original image resolution, enabling interpretable 416 

visualization of petrographic features relevant to classification. 417 



 418 

5. Experimental setup 419 

 420 

 We evaluated the classification performance of Petrographic Vision 421 

Transformer (PViT) by comparing it with the standard Vision Transformer 422 

(Dosovitskiy et al., 2020) and state-of-the-art (SOTA) models, including DaViT (Ding 423 

et al., 2022), and EfficientNetV2 (Tan and Le, 2021), trained from scratch on our 424 

plutonic rock dataset. In addition, an ablation study was conducted to examine the 425 

effects of the new GELU activation and the optimized multi-head attention. To ensure 426 

a fair comparison, all experiments were trained and tested under the same scheme using 427 

the same dataset. The dataset comprises input images of size [512 x 512 x 3]. 428 

Hyperparameters were adopted from the standard ViT settings (Dosovitskiy et al., 429 

2020), as summarized in Table 1. For instance, PViT-L/16 denotes the �Large� model 430 

variant with a 16 × 16 input patch size. Model performance was evaluated using 431 

accuracy, precision, recall, and F1-score. In addition, attention heatmaps were 432 

generated to interpret key petrographic features. 433 

 All experiments were conducted on a Windows workstation equipped with an 434 

Intel Xeon W5-2445 CPU and an NVIDIA RTX A4500 GPU (CUDA 12.8). All models 435 

were implemented in Python 3.12.7 using the PyTorch framework. AdamW, with a 436 

weight decay of 0.001, was employed to improve model generalization (Loshchilov and 437 

Hutter, 2017). 438 

 439 

6. Results 440 

 441 

6.1 Experimental results of plutonic rock classification 442 



 443 

The performance of the Petrographic Vision Transformer (PViT), the standard 444 

Vision Transformer (ViT), and other state-of-the-art (SOTA) models across different 445 

configurations is summarized in Table 2. The results show that the PViT models 446 

achieved higher classification accuracy than these models when trained from scratch on 447 

the plutonic rock dataset. PViT-Base exhibited the highest classification accuracy of 448 

98.34%, outperforming ViT-Base, DaViT-Base, and EfficientNetV2-M, which have 449 

similar model sizes (86M parameters). The classification accuracies for ViT-Base, 450 

DaViT-Base, and EfficientNetV2-M were 97.72%, 98.14%, and 98.14%, respectively. 451 

Comparing PViT-Large with ViT-Large, the PViT-Large model also achieved higher 452 

accuracy. PViT-Large (307M parameters) yielded an accuracy of 97.52%, while ViT-453 

Large reached only 96.38%. Finally, we also adopted a larger model size of 638M 454 

parameters and obtained an accuracy of 96.07% for both the PViT-Huge and ViT-Huge 455 

models. 456 

The loss and accuracy curves, together with the confusion matrices for test set, 457 

support these results, as shown in Figures 9. The PViT models converged rapidly in 458 

both training and validation curves at around 12 epochs. Similarly, ViT, DaViT, and 459 

EfficientNetV2 converged at approximately 20 training epochs. The confusion matrix 460 

for the test dataset demonstrates that the PViT model made very few mistakes; 461 

hornblendite was misclassified as dunite. 462 

 463 

6.2 Visualization of petrographic features related to plutonic rock classification 464 

 465 

Grad-CAM visualization generated from the Petrographic Vision Transformer 466 

(PViT) effectively highlight influence regions. For anorthosite, the models highlight 467 



albite twinning in plagioclase (Fig. 10A-a, b) and thin, diffuse lamellae intersecting the 468 

twinning at acute angles (Fig. 10A2-c�f). They also identify fine alteration of sericite 469 

and associated fine-grained white mica within plagioclase. In diorite, attention is 470 

focused on exsolution lamellae in augite (Fig. 10B2-a, c), distinct cleavage and 471 

pleochroism in biotite (Fig. 10B2-b), and irregular boundaries of plagioclase (Fig. 472 

10B2-d). In dunite, the models highlight distinctive fracturing (Fig. 10C2-a�c) and 473 

compositional zoning of olivine. In foidolite, the models focus on low-birefringence 474 

colors in leucite (Fig. 10D2-a), complex polysynthetic twinning (Fig. 10D2-b, c), two 475 

intersecting cleavages in clinopyroxene (Fig. 10D2-d), and compositional zoning in 476 

clinopyroxene (Fig. 10D2-e, f). For granodiorite, the heatmaps emphasize pleochroism 477 

in biotite (Fig. 10E2-a�c), albite twinning in plagioclase (Fig. 10E2-d), and quartz 478 

exhibiting undulose extinction (Fig. 10E2-e, f). For harzburgite, the key petrographic 479 

features include undulatory zoning with high birefringence in olivine (Fig. 10F2-a, b) 480 

and irregular cracking with lower birefringence in orthopyroxene (Fig. 10F2-c�e). The 481 

models accurately identify bronzite based on its schiller structure and two perpendicular 482 

cleavages (Fig. 10F2-f), successfully distinguishing hornblende from bronzite due to 483 

their differing cleavage systems. In hornblendite, attention is focused on slender 484 

prismatic and bladed amphibole crystals (Fig. 10G2-a) that exhibit diamond-shaped 485 

cross-sections intersecting at approximately 56o and 124o (Fig. 10G2-b). For lherzolite, 486 

the PViT models highlight high birefringence (Fig. 10H2-a), undulose extinction in 487 

olivine (Fig. 10H2-b�d), and exsolution lamellae in clinopyroxene (Fig. 10H2-e). In 488 

gabbro, our models emphasize exsolution lamellae in clinopyroxene (Fig. 10I2-a�c) 489 

and albite twinning in sodium-rich plagioclase (Fig. 10I2-d, e). They also identified 490 

pericline twinning in calcic plagioclase (Fig. 10I2-f, g). For granite, key features include 491 

grid twinning in microcline (Fig. 10J2-a, b), pleochroism in biotite (Fig. 10J2-c), and 492 



undulose extinction in quartz (Fig. 10J2-d). Some detection of perthite composed of 493 

albite in microcline and/or orthoclase is also noted (Fig. 10J2-e). In syenite, attention is 494 

focused on myrmekite, consisting of irregular plagioclase and/or quartz grains within 495 

orthoclase (Fig. 10K2-a, b), and perthite, which exhibits exsolution lamellae of albite 496 

in orthoclase (Fig. 10K2-c, d). For monzonite, the models concentrate on large quartz 497 

grains (Fig. 10L2-a), exsolution blebs and lamellae of albite in microcline (Fig. 10L2-498 

b), and euhedral crystals of hornblende (Fig. 10L2-c, d). In greisen, the models highlight 499 

cloudy quartz associated with their inclusions (Fig. 10M2-a�d), and patchy brown and 500 

blue tourmaline (Fig. 10M2-e, f). For norite, the models captured orthopyroxene 501 

exhibiting characteristic undulose extinction (Fig. 10N2-a�c) and interstitial 502 

plagioclase (Fig. 10N2-d, e). Finally, in orthopyroxenite, the models emphasize 503 

prismatic cleavages intersecting at nearly 90o and tabular exsolution lamellae of augite 504 

(Fig. 10O2-a�c). 505 

 506 

6.3 Ablation Study 507 

 508 

 The Petrographic Vision Transformer (PViT) is a modified model based on the 509 

Vision Transformer (ViT) architecture, composed of two modifications: a new GELU 510 

and an optimized multi-head attention mechanism, as described in Section 4.1.2. To 511 

optimize the model�s performance for plutonic rock classification, classical activation 512 

functions and attention mechanisms were incorporated into our model architecture for 513 

comparison. All models were implemented under the same training scheme using the 514 

plutonic rock dataset. 515 

From the intensive experiments on different activation functions shown in Table 516 

3, it is apparent that both the new GELU and the optimized multi-head attention 517 



mechanism outperform the standard ViT, which consists of the standard GELU and 518 

standard multi-head attention mechanism, yielding a 0.62% improvement over the 519 

baseline model. When comparing the experimental results of the standard multi-head 520 

attention with different activation functions, the accuracy decreases by 1.03% with 521 

SiLU, 0.41% with Mish, 2.27% with Laplace. Similarly, when SiLU, Mish, and Laplace 522 

adopt the optimized multi-head attention, the accuracy decreases by 1.45%, 1.24%, and 523 

3.72%, respectively. However, the standard GELU combined with the optimized multi-524 

head attention mechanism improves model performance by 0.21% (Table 3; Fig. 11). 525 

Furthermore, intensive experiments on different attention mechanisms were 526 

trained under the same training scheme to further identify the effects of the optimized 527 

multi-head attention mechanism, as summarized in Table 4 and Figure 11. The 528 

optimized multi-head attention mechanisms combined with the new GELU achieve the 529 

highest accuracy, surpassing the standard multi-head attention. The results show that 530 

classical attention mechanisms, including Multi-Query Attention, Talking-Head 531 

Attention, and Flash Attention, are not sufficient to match the performance of GELU in 532 

both Tanh-based and Sigmoid-based approximations. Multi-Query Attention and Flash 533 

Attention can effectively improve throughput, which reduces computational resources 534 

and improves training speed, but their models exhibit lower accuracy compared with 535 

the standard ViT (Table 4; Fig. 11). Talking-Head Attention performs poorly in terms 536 

of accuracy (1.24% decrease), throughput (2.8 image/second decrease), and GPU 537 

memory usage (6.7 GB increase), making it inefficient for our dataset. 538 

 539 

7. Discussion 540 

 541 



7.1 Performance of the Petrographic Vision Transformer (PViT) versus state-of-542 

the-art (SOTA) models for plutonic rock classification 543 

   544 

 Based on the numerical metrics and Grad-CAM visualizations, the Petrographic 545 

Vision Transformer (PViT) demonstrates excellent classification performance on the 546 

plutonic rock dataset from Thailand. PViT consistently achieves higher classification 547 

accuracy than the standard ViT (Dosovitskiy et al., 2020), DaViT (Ding et al., 2022), 548 

and EfficientNetV2 (Tan and Le, 2021) when trained from scratch. Specifically, our 549 

model provides improvements of 0.62% over the standard ViT and 0.2% over both 550 

DaViT and EfficientNetV2. In addition to its accuracy, Grad-CAM visualizations from 551 

PViT reveal influence regions that align with petrologists� knowledge (Fig. 10). The 552 

model focuses on petrographic features, such as cleavage, twinning, zoning, and 553 

extinction to classify the plutonic rocks. This interpretability is crucial, as it 554 

demonstrates that PViT does not rely on random feature extractions but instead learns 555 

petrographic features consistent with established geological knowledge. Integrating 556 

these interpretable regions and the complementary spatial relationships enabled by self-557 

attention probably provides a strong foundation for classifying thin-section images 558 

under both plane-polarized (PPL) and cross-polarized light (XPL), overcoming 559 

limitations reported in previous studies (e.g., Su et al., 2020). 560 

 Although PViT outperforms these SOTA models when all are trained from 561 

scratch on our dataset (Fig. 12A; Table 2), its performance remains slightly lower than 562 

that of SOTA models, which were pretrained on large datasets such as ImageNet-1K 563 

and trained with significantly higher computational resources (Fig. 12B; Table 5). 564 

Among pretrained models, PViT surpasses only the fine-tuned CoCa-Base (Yu et al., 565 

2022). Nevertheless, PViT exhibits strong potential for thin-section image classification 566 



because it requires considerably fewer computational resources and fewer training 567 

samples than the pretrained models. The performance gap between PViT and the 568 

strongest pretrained model is relatively small (less than a 2.0% accuracy gap for base-569 

scale models and less than 4.0% for huge-scale models), highlighting the model�s 570 

ability to learn petrographic features despite the limited dataset sizes, and the gap might 571 

be closed with additional fine-tuning. Lastly, experienced petrologists can easily 572 

classify plutonic rock types based on distinctive grains, textures, and microstructures. 573 

PViT offers an alternative way that reduces the time required for petrographic analysis. 574 

By embedding petrographic knowledge into a single model, PViT has strong potential 575 

to support and accelerate plutonic rock classification in workflows, which further 576 

validates the superiority of our proposed PViT. 577 

 578 

7.2 The impact of a new activation function and optimized multi-head attention: 579 

A case study on a plutonic rock dataset  580 

 581 

 This study presents an image classification using the Petrographic Vision 582 

Transformer (PViT) to automatically classify plutonic rock types in Thailand with high 583 

accuracy and strong generalization. The ablation study shows that the synergistic 584 

potential functions between the new GELU activation function in the position-wise 585 

feed-forward network (FFN) and the optimized multi-head attention mechanism 586 

improve classification accuracy while reducing redundancy by shortening training time 587 

and lowering computational requirements compared with standard Vision Transformer 588 

architectures (Dosovitskiy et al., 2020). This evidence indicates that the combination of 589 

the enhanced activation function in the FFN and the optimized multi-head attention 590 

effectively models structural information in the images and enriches feature 591 



representation, ultimately enabling more accurate classification for plutonic rock types. 592 

The optimized multi-head attention mechanism likely has a greater impact on 593 

performance than the new activation function because self-attention is the core 594 

operation of the Transformer encoder (Vaswani et al., 2017). The modified multi-head 595 

attention with optimization makes it possible for the model to learn rich associations 596 

and local information from different sub-representation spaces at different positions. In 597 

contrast, the new activation function mainly enhances nonlinear mapping within the 598 

FFN. While both components contribute to improved performance, the optimized 599 

multi-head attention appears to be the primary drive behind the observed accuracy 600 

values. 601 

  602 

7.3 Future directions to enhance plutonic rock classification through improving 603 

AI technologies and advancing petrographic techniques. 604 

 605 

 Our study demonstrates the potential of Transformer-based models for 606 

automating plutonic rock classification, supported by a curated dataset of Thai samples. 607 

However, misclassifications persist due to complex internal structures and overlapping 608 

mineralogical features, underscoring the need for more advanced AI methods and 609 

refined petrographic techniques. 610 

Generative AI, particularly GANs, offers a promising direction for augmenting 611 

limited datasets. PetroGAN (Ferreira et al., 2022), for example, has shown success in 612 

generating realistic petrographic images, while GAN-based approaches have been 613 

applied to reconstruct images of hydrothermal rocks (Amiri et al., 2023) and to develop 614 

super-resolution method that enhance the resolution of two-dimensional and three-615 

dimensional volcanic rock images obtained via X-ray microtomography (Buono et al., 616 



2023). These methods can expand training data and improve model robustness. Parallel 617 

efforts with Transformer-based super-resolution methods (Koeshidayatullah et al., 618 

2023) confirm that attention mechanisms improve both image quality and 619 

interpretability. Beyond classification, segmentation models such as Trans-SedNet 620 

(Zheng et al., 2024a) demonstrate the value of dual models using XPL and PPL for 621 

mineral grain identification, a strategy that could be adapted to plutonic rock studies. 622 

Advances in imaging also offer opportunities to improve model performance. 623 

Multi-channel optical imaging (Launeau et al., 1994) and polarized light at multiple 624 

orientations (Barraud, 2006) have already demonstrated improved mineral recognition. 625 

Combining cross-polarized and plane-polarized light has become standard (Zheng et 626 

al., 2024b), but challenges such as interference color overlap and difficulties in 627 

distinguishing clinopyroxene from hornblende remain. To address this, future studies 628 

could incorporate gypsum plates for additional contrast, multi-angle stage rotations, and 629 

varied thin-section orientations, thereby enhancing both mineral discrimination and 630 

model interpretability. Finally, broadening datasets to include more diverse plutonic 631 

rock types and geological settings will improve the generalization of deep learning 632 

models and real-world geoscience applications. 633 

 634 

8. Conclusions 635 

 636 

 This study proposes the Petrographic Vision Transformer (PViT) for 637 

automatically classifying plutonic rock types in thin-section images from Thailand. The 638 

model was trained on a dataset composed of XPL and PPL images with 15 categories. 639 

PViT outperforms the standard ViTs with higher classification accuracy and achieves 640 

comparable performance to DaViT and EfficientNetV2 when trained from scratch on 641 



the plutonic rock dataset under the same scheme using the same dataset. An ablation 642 

analysis was conducted to evaluate the performance of the new GELU with a sigmoid-643 

based approximation in the position-wise feed-forward network (FFN) and the 644 

optimized multi-head attention mechanism in PViT. The combination of these 645 

components effectively improves classification accuracy and reduces redundancy by 646 

shortening training time and lowering computational resources compared with standard 647 

architectures. Additionally, the application of PViT through Grad-CAM visualization 648 

is useful for producing interpretable heatmaps in which characteristic framework 649 

grains, textures, and microstructures are given weight in the classification process. This 650 

study paves the way for further development of Transformer-based models in computer 651 

vision for classifying plutonic rock types in thin-section images. 652 
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 914 

Figure captions 915 

 916 

Fig. 1. Geological map of Thailand showing granite distributions and sampling 917 

locations. Red boxes indicate the study areas: (A) Kanchanaburi Province, representing 918 

the Central Granite Belt; (B) Chachoengsao, Chon Buri, and Chanthaburi Provinces, 919 

representing the Eastern and Central Granite Belts; and (C) Phetchaburi and Prachuap 920 

Khiri Khan Provinces, representing the Western Granite Belt. 921 

 922 

Fig. 2. Diagrams illustrating the International Union of Geological Sciences (IUGS) 923 

classification system for plutonic rocks (after Le Maitre et al. (2005): (A) Granitic and 924 

alkaline rocks, classified based on the modal proportions of quartz (Q), alkali feldspar 925 

(A), plagioclase (P), and feldspathoids (F); (B) Gabbroic rocks, based on the modal 926 

proportions of plagioclase, clinopyroxene (Cpx), and orthopyroxene (Opx); (C) 927 

Ultramafic rocks, based on the modal proportions of olivine (Ol), clinopyroxene (Cpx), 928 

and orthopyroxene (Opx). 929 

 930 

Fig. 3. Fifteen studied plutonic rock types, each illustrated under plane-polarized light 931 

(PPL) and cross-polarized light (XPL). Rock types include: (A) Anorthosite, (B) 932 

Diorite, (C) Dunite, (D) Foidolite, (E) Gabbro, (F) Granite, (G) Granodiorite, (H) 933 

Greisen, (I) Harzburgite, (J) Hornblendite, (K) Lherzolite, (L) Monzonite, (M) Norite, 934 

(N) Orthopyroxenite, and (O) Syenite. 935 

 936 



Fig. 4. Number of thin-section images in the training, validation, and test datasets. AN 937 

= Anorthosite, DI = Diorite, DU = Dunite, FO = Foidolite, GA = Gabbro, GR = Granite, 938 

GD = Granodiorite, GS = Greisen, HZ = Harzburgite, HB = Hornblendite, LH = 939 

Lherzolite, MO = Monzonite, NO = Norite, PY = Orthopyroxenite, and SY = Syenite. 940 

 941 

Fig. 5. Overall architecture of Vision Transformer (ViT). (A) Simplified architecture 942 

of Vision Transformer based on the model developed by Dosovitskiy et al. (2020). (B) 943 

Details of the patch embedding layer. (C) Explanation of the self-attention mechanism 944 

within a Transformer encoder block. (D) Internal workflow of the MLP classification 945 

head.  946 

 947 

Fig. 6. Overview of the Petrographic Vision Transformer (PViT) backbone. (A) 948 

Simplified architectures of PViT with two modifications, which are New GELU within 949 

the feed-forward network (FFN) and optimized multi-head attention mechanism. (B) 950 

The details of the optimized multi-head attention mechanism by fusing the Query (Q), 951 

Key (K), and Value (V) projections into a single joint linear transformation. 952 

 953 

Fig. 7. Explanation of optimized multi-head attention. 954 

 955 

Fig. 8. Workflow for generating visualization heatmaps, adapted from Leem and Seo 956 

(2024). 957 

 958 

Fig. 9. (A) Loss curves (B) accuracy curves of Petrographic Vision Transformer 959 

(PViT), Vision Transformer (ViT), Dual Attention Vision Transformer (DaViT), and 960 

EfficientNetV2. The results of the training dataset are represented in solid lines, and the 961 



results of the validation dataset are represented in dashed lines. (C) confusion matrices 962 

of PViT using the training dataset, and (D) confusion matrices of PViT using the test 963 

dataset. AN = Anorthosite, DI = Diorite, DU = Dunite, FO = Foidolite, GA = Gabbro, 964 

GR = Granite, GD = Granodiorite, GS = Greisen, HZ = Harzburgite, HB = 965 

Hornblendite, LH = Lherzolite, MO = Monzonite, NO = Norite, PY = Orthopyroxenite, 966 

SY = Syenite. 967 

 968 

Fig. 10. Grad-CAM visualizations of Petrographic Vision Transformer (PViT), the 969 

heatmap highlights influential regions where models give more weight. (A) 970 

Anorthosite; (B) Diorite; (C) Dunite; (D) Foidolite; (E) Granodiorite; (F) Harzburgite; 971 

(G) Hornblendite; (H) Lherzolite; (I) Gabbro; (J) Granite; (K) Syenite; (L) Monzonite; 972 

(M) Greisen; (N) Norite; and (O) Orthopyroxenite. 973 

 974 

Fig. 11. Performance of activation functions and attention mechanisms. (A) Accuracy 975 

across activation functions. (B) Accuracy versus throughput for different activation 976 

functions. (C) Accuracy across attention mechanisms with GELU and New GELU. (D) 977 

Accuracy versus throughput for different attention mechanisms. 978 

 979 

Fig. 12. Comparison of model performance. (A) Accuracy versus number of parameters 980 

for PViT and stage-of-the-art (SOTA) models trained from scratch on plutonic rock 981 

datasets. (B) Accuracy versus number of parameters for PViT with state-of-the-art 982 

(SOTA) models pretrained on ImageNet-1K and fine-tuned with a linear head on the 983 

same dataset. 984 

 985 

Table caption 986 



 987 

Table 1. Configurations of the Petrographic Vision Transformer (PViT). 988 

 989 

Model Layers Hidden size D MLP size Heads Params 

PViT-Base 12 768 3072 12 86 M 

PViT-Large 24 1024 4096 16 307 M 

PViT-Huge 32 1280 5120 16 632 M 

 990 

Table 2. Performance comparison of Petrographic Vision Transformer (PViT) and 991 

state-of-the-art (SOTA) trained from scratch on the plutonic rock dataset. 992 

 993 

Model 

Model evaluation 

Accuracy Precision Recall F1-Score 

Train Test Train Test Train Test Train Test 

Petrographic Vision Transformer: PViT (our study) 

PViT-Base 99.97 98.34 99.97 98.45 99.97 98.33 99.97 98.34 

PViT-Large 99.96 97.52 99.97 97.61 99.97 97.52 99.97 97.51 

PViT-Huge 98.05 96.07 97.66 95.56 97.83 95.11 97.72 95.17 

Vision Transformer: ViT (Dosovitskiy et al., 2020) 

ViT-Base 99.63 97.72 99.64 97.89 99.63 97.72 99.63 97.66 

ViT-Large 99.30 96.07 99.32 96.38 99.30 96.07 99.30 96.02 

ViT-Huge 99.27 96.07 99.28 96.18 99.27 96.07 99.27 96.04 

Dual Attention Vision Transformer: DaViT (Ding et al., 2022) 

DaViT-Base 100.00 96.27 100.00 95.71 100.00 93.54 100.00 94.30 

DaViT-Large 100.00 98.34 100.00 98.44 100.00 98.34 100.00 98.34 

EfficientNetV2 (Tan and Le, 2021) 

EfficientNetV2-M 100.00 98.14 100.00 98.21 100.00 98.17 100.00 98.12 

EfficientNetV2-L 99.99 98.34 99.96 98.45 99.97 98.34 99.97 98.34 



 994 

Table 3. Comparison of optimized multi-head attention and standard multi-head 995 

attention across different activation functions trained from scratch on the plutonic rock 996 

dataset. The PViT-B/16 serves as the baseline with the same training scheme applied 997 

for a fair comparison. 998 

 999 

PViT- Base model 

86M Parameters 

Standard multi-head attention 

Vaswani et al. (2017) 

Optimized multi-head attention 

(our study) 

Accuracy  

(Top1 %) 

Throughput 

(image/second) 

Training Time 

(second/image) 

Maximum 

GPU Memory 

(GB) 

Accuracy  

(Top1 %) 

Throughput 

(image/second) 

Training Time 

(second/image) 

Maximum 

GPU Memory 

(GB) 

Standard GELU 

Tanh-based approximation 

Hendrycks and Gimpel (2016) 

97.72 14.50 0.069 19.70 
97.93 

(+0.21) 

18.00 

(+3.5) 

0.056 

(-0.013) 

19.70 

(0) 

SiLU 

Sigmoid-Weighted Linear Unit 

Elfwing et al. (2018) 

96.69 

(-1.03) 

14.80 

(+0.3) 

0.068 

(-0.001) 

16.00 

(-3.7) 

96.27 

(-1.45) 

19.00 

(+4.5) 

0.053 

(-0.016) 

16.20 

(-3.5) 

Mish 

Mish activation function 

Misra (2019) 

97.31 

(-0.41) 

15.30 

(+0.8) 

0.065 

(-0.004) 

17.30 

(-2.4) 

96.48 

(-1.24) 

19.10 

(+4.6) 

0.052 

(-0.017) 

17.70 

(-2.0) 

Laplace 

Laplace activation function 

Ma et al. (2022) 

95.45 

(-2.27) 

14.90 

(+0.4) 

0.067 

(-0.002) 

17.60 

(-2.1) 

94.00 

(-3.72) 

18.40 

(+3.9) 

0.054 

(-0.015) 

16.30 

(-3.4) 

New GELU 

Sigmoid-based approximation 

(our study) 

97.31 

(-0.41) 

15.00 

(+0.5) 

0.067 

(-0.002) 

17.50 

(-2.2) 

98.34 

(+0.62) 

18.70 

(+4.2) 

0.053 

(-0.016) 

17.20 

(-2.5) 

 1000 

Table 4. Comparison of standard GELU and New GELU across different attention 1001 

mechanisms trained from scratch on the plutonic rock dataset. The PViT-B/16 serves 1002 

as the baseline with the same training scheme applied for a fair comparison. 1003 

 1004 

PViT- Base model 

86M Parameters 

Standard GELU: Tanh-based approximation 

Hendrycks and Gimpel (2016) 

NewGELU: Sigmoid-based approximation 

(our study) 

Accuracy  

(Top1 %) 

Throughput 

(image/second) 

Training Time 

(second/image) 

Maximum 

GPU Memory 

(GB) 

Accuracy  

(Top1 %) 

Throughput 

(image/second) 

Training Time 

(second/image) 

Maximum 

GPU 

Memory 

(GB) 



Standard  

Multi-Head Attention  

Vaswani et al. (2017) 

97.72 14.50 0.069 19.70 
97.31 

(-0.41) 

15.00 

(+0.5) 

0.067 

(-0.002) 

17.50 

(-2.2) 

Multi-Query attention 

Ainslie et al. (2023) 

97.31 

(-0.41) 

19.40 

(+4.9) 

0.052 

(-0.017) 

19.20 

(-0.5) 

96.69 

(-1.03) 

20.20 

(+5.7) 

0.050 

(-0.019) 

17.00 

(-2.7) 

Talking Head attention 

Shazeer et al. (2020) 

96.89 

(-0.83) 

11.30 

(-3.2) 

0.088 

(+0.019) 

28.50 

(+8.8) 

96.48 

(-1.24) 

11.67 

(-2.8) 

0.086 

(+0.017) 

26.41 

(+6.7) 

FlashAttention 

Dao et al. (2022) 

93.79 

(-3.93) 

21.40 

(+6.9) 

0.047 

(-0.022) 

9.20 

(-10.5) 

97.31 

(-0.41) 

22.40 

(+7.9) 

0.045 

(-0.024) 

6.90 

(-12.8) 

Optimized  

Multi-Head Attention 

(our study) 

97.93 

(+0.21) 

18.00 

(+3.5) 

0.056 

(-0.013) 

19.70 

(0) 

98.34 

(+0.62%) 

18.70 

(+4.2) 

0.053 

(-0.016) 

17.20 

(-2.5) 

 1005 

Table 5. Performance comparison between Petrographic Vision Transformer (PViT) 1006 

and state-of-the-art (SOTA) models pretrained on ImageNet and fine-tuned with a 1007 

linear head on the same dataset. 1008 

 1009 

Model 

Model evaluation 

Parameter (M) Accuracy Precision Recall F1-Score 

Train Test Train Test Train Test Train Test 

(a) Training from scratch on the plutonic rock dataset 

PViT-B (Our study) 99.97 98.34 99.97 98.45 99.97 98.33 99.97 98.34 86 

PViT-L (Our study) 99.96 97.52 99.97 97.61 99.97 97.52 99.97 97.51 307 

PViT-H (Our study) 98.05 96.07 97.66 95.56 97.83 95.11 97.72 95.17 632 

ViT-B/32 

Dosovitskiy et al. (2020) 
99.70 94.82 99.70 95.08 99.70 94.82 99.70 94.85 86 

ViT-B/16 

Dosovitskiy et al. (2020) 
99.63 97.72 99.64 97.89 99.63 97.72 99.63 97.66 86 

ViT-L/32 

Dosovitskiy et al. (2020) 
99.82 92.96 99.82 93.33 99.82 92.96 99.82 92.88 307 

ViT-L/16 

Dosovitskiy et al. (2020) 
99.30 96.07 99.32 96.38 99.30 96.07 99.30 96.02 307 

ViT-H/32 

Dosovitskiy et al. (2020) 
99.36 92.75 99.37 93.41 99.36 92.75 99.36 92.77 632 

ViT-H/16 

Dosovitskiy et al. (2020) 
99.27 96.07 99.28 96.18 99.27 96.07 99.27 96.04 632 

(b) ImageNet pre-trained models and fine-tuned with a linear head on the plutonic rock dataset 



DeiT-T/16 (Distillation) 

Touvron et al. (2021) 
99.03 97.10 99.04 97.16 99.03 97.10 99.03 97.09 6 

DeiT-S/16 (Distillation) 

Touvron et al. (2021) 
99.85 98.76 99.85 98.81 99.85 98.76 99.85 98.76 22 

DeiT-B/16 (Distillation) 

Touvron et al. (2021) 
99.79 99.38 99.79 99.39 99.79 99.38 99.79 99.38 87 

DeiT-B/16 (Distillation-384) 

Touvron et al. (2021) 
1.00 99.59 1.00 99.61 1.00 99.59 1.00 99.59 87 

Swin-Ti (224 x 224-input) 

Liu et al. (2021) 
1.00 99.38 1.00 99.38 1.00 99.38 1.00 99.38 28 

Swin-S (224 x 224-input) 

Liu et al. (2021) 
99.85 99.38 99.85 99.41 99.85 99.38 99.85 99.37 50 

Swin-B (224 x 224-input) 

Liu et al. (2021) 
99.94 98.96 99.94 99.03 99.94 98.96 99.94 98.96 88 

Swin-L (224 x 224-input) 

Liu et al. (2021) 
99.97 99.59 99.6 99.97 99.59 99.97 99.59 99.97 197 

Swin-B (384 x 384-input) 

Liu et al. (2021) 
99.94 99.17 99.94 99.23 99.94 99.17 99.94 99.17 88 

Swin-L (384 x 384-input) 

Liu et al. (2021) 
99.91 1.00 99.91 1.00 99.91 1.00 99.91 1.00 197 

SwinV2-Ti (window8) 

Liu et al. (2021) 
1.00 99.79 1.00 99.80 1.00 99.79 1.00 99.79 28 

SwinV2-S (window8) 

Liu et al. (2021) 
99.94 1.00 99.94 1.00 99.94 1.00 99.94 1.00 50 

SwinV2-B (window8) 

Liu et al. (2021) 
99.94 1.00 99.94 1.00 99.94 1.00 99.94 1.00 88 

SwinV2-Ti (window16) 

Liu et al. (2021) 
99.88 99.79 99.88 99.80 99.88 99.79 99.88 99.79 28 

SwinV2-S (window16) 

Liu et al. (2021) 
1.00 99.79 1.00 99.80 1.00 99.79 1.00 99.79 50 

SwinV2-B (window16) 

Liu et al. (2021) 
99.97 99.79 99.97 99.80 99.97 99.79 99.97 99.79 88 

DaViT-Ti 

Ding et al. (2022) 
1.00 99.79 1.00 99.80 1.00 99.79 1.00 99.79 28 

DaViT-S 

Ding et al. (2022) 
1.00 99.79 1.00 99.80 1.00 99.79 1.00 99.79 50 



DaViT-B 

Ding et al. (2022) 
99.91 1.00 99.91 1.00 99.91 1.00 99.91 1.00 88 

CoCa-B/32 (Finetune) 

Yu et al. (2022) 
94.39 86.54 95.51 90.04 94.39 86.54 93.89 85.82 86 

CoCa-L/14 (Finetune) 

Yu et al. (2022) 
99.73 98.96 99.74 99.13 99.73 98.96 99.73 98.97 303 

EfficientNetV2-S 

Tan and Le (2021) 
1.00 99.59 1.00 99.60 1.00 99.59 1.00 99.59 22 

EfficientNetV2-M 

Tan and Le (2021) 
1.00 99.17 1.00 99.23 1.00 99.17 1.00 99.18 54 

EfficientNetV2-L 

Tan and Le (2021) 
1.00 99.79 1.00 99.80 1.00 99.79 1.00 99.79 120 

EfficientNetV2-XL 

Tan and Le (2021) 
1.00 99.79 1.00 99.71 1.00 99.79 1.00 99.79 208 

 1010 
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