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H I G H L I G H T S

• We use ML to predict silicon wafer warp 

based on wire saw slicing parameters.

• We focus on the case of Diamond Coated 

Wire (DCW) slicing.

• We extensively test traditional ML 

methods and Tabular Prior-data Fitted 

Network.

• We collect a 1-year dataset of 1098 5-h 

cuts, for a total of 2.9M records.

• Our results provide valuable, and ex­

plainable predictions of the wafer shape.
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A B S T R A C T

High-tech companies that manufacture silicon wafers are nowadays continuously engaged in the effort to produce 

wafers with increasing quality levels, to fulfill the ever-tightening requests from customers, typically manufac­

turers of microchips and electronic devices. One of the main measures of the quality of wafers is their shape, 

specifically their flatness (intended as the characteristic of being as similar as possible to an ideal plane), as flatter 

wafers guarantee more effective lithographic processing. In this paper, we consider one of the main silicon wafer 

production steps, that is, the wire sawing of silicon ingots into wafers, which affects wafer warpage. Focusing on 

Diamond Coated Wire (DCW) slicing, we develop a Machine Learning (ML) pipeline to predict warpage based on 

several machine parameters’ measurements. We test different ML techniques, namely Linear Regression, Random 

Forest, Light Gradient Boosting Machine, Multi-Layer Perceptron, and the recently released Tabular Prior-data 

Fitted Network (TabPFN) on an in-house collected dataset consisting of 1098 5-h cuts, for a total of 2.9M records. 

Across the tested ML models, TabPFN provides better predictions of the average warpage, even with limited pre-

processing, while being less effective at predicting the warpage standard deviation. Overall, this study represents 

a first attempt at using ML to predict wafer warpage based on DCW slicing machine parameters, showing the 

potential to enable, in future work, closed loops where warpage reduction drives the machine settings.
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1 . Introduction

One of the key operations in producing silicon semiconductor wafers 

is slicing silicon ingots into wafers. Those wafers are then processed 

to make them ready to produce microprocessors and other electronic 

devices. Wafer slicing impacts wafer quality mainly in terms of mechani­

cal/geometrical parameters, which are generated during the process and 

typically remain unchanged until the end of the line.

In this regard, the two major quality measures are (1) the warpage

[1,2] (i.e., the wafer general deformation, see Fig. 1) and (2) the waviness

(i.e., the short-range surface modulation, see Fig. 2), which essentially 

measure the flatness of a wafer. Flatness is essential for integrated circuit 

manufacturing, as it ensures that all of the wafer can be effectively used 

for lithographic processing.1

Warpage and waviness are generated during slicing because different 

forces and temperature gradients interact and deflect the slicing from a 

perfectly flat surface. Any deviation means a deviation from the wafer 

ideal plane, which in fact generates warpage and waviness. In the fol­

lowing, we will mainly focus on warpage, since it is the most critical 

parameter, as waviness somehow depends on warpage and is actually 

generated by it.

Any wire saw machine has a set of parameters that are monitored 

during the cutting process, such as the temperatures of the rotating parts, 

the tension and speed of the wire, the movement of the ingot into the cut­

ting section, etc. Proper monitoring of these parameters and the ability 

to link them to the wafer warpage could help improve wafer quality and 

allow for the possibility of predicting the saw performance by analyzing 

the slicing parameters.

The consolidated standard process in the industry is the so-called 

loose abrasive technique, where an abrasive fluid is conveyed toward 

the silicon ingot through a mechanical support (a steel wire). In recent 

years, inputs from the European Community and the Environmental, 

Social and Governance (ESG)2 philosophy to reduce carbon emissions 

and electricity usage during manufacturing steps forced the industry to 

introduce a different type of wire saw slicing, via fixed abrasive, where 

a Diamond Coated Wire (DCW)3 is the slicing vehicle and agent (Fig. 3).

DCW cuts faster than loose abrasive and consumes less electricity. 

However, compared to the traditional technology based on steel wire, 

the wafer quality in terms of flatness achieved with DCW is inferior 

[3,4]. One possible way to improve wafer quality with DCW while also 

reducing manufacturing costs would be to work downstream (i.e., after 

slicing) to reduce the generated warpage and waviness. Typically, new 

manufacturing steps and tools are introduced to this aim, making the 

process more expensive. Another idea is to work on the source of the is­

sue upstream, to prevent it from happening and/or to mitigate its effects. 

This would allow industries to keep the same number of tools, avoid sil­

icon removal, and maintain all the main steps involved in the wafer 

production. This second approach would also guarantee better control 

and know-how of the slicing process, going deeper into the understand­

ing of the mechanisms affecting the wafer warpage. The benefit, besides 

what has been explained above, would be the ability to generate any de­

sired/customized wafer shape, targeting and tweaking the proper slicing 

settings.

This is the direction we investigate in this paper, which is a first 

attempt at using Machine Learning (ML) techniques to generate valu­

able models that link wire saw slicing parameters and wafer warpage. 

Recently, several researchers have used ML techniques to correlate DCW 

slicing with wafer quality. However, to the best of our knowledge, there 

is a relevant gap in the literature concerning works that consider, as the 

output of the ML model, the wafer warpage (which, as mentioned, is 

1 https://vitrek.com/applications/wafer-bow-and-warpage/
2 A list of the abbreviations used throughout the paper is reported in 

Tables A.11 and Table A.10 available in the Appendix.
3 https://www.nature.com/research-intelligence/nri-topic-summaries/

diamond-wire-sawing-of-silicon-wafers-micro-187405

a key quality measure in the silicon semiconductor wafer industry). In 

fact, most of the existing works focus on other mechanical parameters, 

which are not connected to the warpage. We briefly summarize these 

works in the next section.

Therefore, our main contributions are as follows:

1. We explore several ML methods, namely Linear Regression (LR), 

Random Forest (RF), Light Gradient Boosting Machine (LGBM), 

Multi-Layer Perceptron (MLP), and the recently released Tabular 

Prior-data Fitted Network (TabPFN) [5].

2. We show the varying predictive power of the different models and 

provide promising insights into the DCW slicing process, identify­

ing the major slicing parameters correlating with warpage. In the 

near future, these results may be used to control wafer quality.

The rest of the paper is organized as follows. In the next section, we 

briefly overview the related works, specifically focusing on DCW and 

ML studies (covering ML applications outside this domain is beyond the 

scope of this work). Next, in Section 3, we state the main objectives of 

the present work. Then, Section 4 describes the proposed methodology 

and the experiments. Section 5 presents the results and discusses the 

main findings. Finally, Section 6 provides the conclusions of our work.

2 . Related works

Most of the current literature on DCW and applied ML is related to the 

photovoltaic field. A few attempts have also been made at applying ML 

to the slicing of semiconductor wafers and stone blocks. We summarize 

some of the existing works below.

2.1 . DCW and ML for slicing photovoltaic silicon wafers

Some of the existing works used ML techniques to determine/pre­

dict roughness for silicon wafers sliced with DCW. It should be noted 

that roughness is a different concept compared with warpage, since it 

describes the surface finishing and not the wafer shape. It is an im­

portant parameter especially for solar wafers, since it can determine 

the efficiency of the cells, while, for semiconductor materials, it is 

marginal, since the downstream processes (like lapping, polishing) com­

pletely remove it. Warpage, instead, is more relevant for microchip 

manufacturing.

As an example of these works, Kayabasi et al. [6] developed a model 

using an Artificial Neural Network (ANN) to be applied to silicon wafers 

for photovoltaic applications. They considered as inputs only three pa­

rameters (spool speed, which refers to wire speed, z-axis speed, which 

refers to feed unit speed, and oil, which refers to coolant).

Li et al. [3] conducted a thorough study of slicing solar silicon wafers 

with DCW. The purpose of the study was to determine and analyze the 

sub-surface damage (SSD), which consists of microcracks generated un­

derneath the silicon surface by the diamond grains’ scratches. SSD is also 

generated by the scratching action during slicing, and, as for roughness, 

it is only marginally considered when slicing semiconductor wafers, 

since it is removed by the downstream processes.

In this study, the authors used two different methods to determine the 

damage (namely, a Finite Element Method and a Molecular Dynamics 

Model). Moreover, they analyzed the cutting forces and their correlation 

with the Material Removal Rate (MRR) to minimize cracks on the silicon 

surface.

2.2 . DCW and ML for slicing semiconductor wafers

Zhao et al. [7] studied the DCW used for slicing semiconductor 

materials (including silicon) and explored the distribution density of 

abrasives and agglomeration on the surface of the wire, since this is con­

sidered an important index to evaluate its manufacturing quality (i.e., 

surface damage and scratches): during the slicing process, the material 

removal mainly depends on the scratching effect of the abrasives. The 
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Fig. 1. Graphical representation of silicon wafer warpage: given a median ideal wafer plane (red line) and the real median plane (dotted line), the warpage is the 

maximum deflection of the dotted line w.r.t. the ideal one. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 

version of this article.)

Fig. 2. Waviness visible on a wafer 3D map: it is calculated as the derivative of 

the peak and valley shapes along the cutting direction.

existence of agglomeration can have a negative impact on this scratch­

ing. Scratches generate roughness and SSD; as mentioned earlier, they 

are removed during the downstream processes, but if an abnormal slic­

ing process occurs and generates higher roughness and SSD, they may 

persist after the lapping and polishing processes. In this case, wafers are 

rejected. The problem of diamond grain distribution uniformity on the 

wire and agglomeration effects is known to some DCW suppliers, who 

are working on their manufacturing line to prevent or mitigate these 

effects.

To address this problem, a backbone based on a Convolutional Neural 

Network (CNN) was used to extract the shape and location of objects 

(diamond grains) by using representation points and determining the 

grains’ distribution on the wire surface.

2.3 . DCW and ML for slicing stone and marble blocks

Zhang et al. [8] explored three ML models (generalized regres­

sion, backpropagation neural network, and support vector regression) 

to predict the average deflection of the DCW (wire bow) during stone 

machining. This deflection can significantly compromise the geometric 

accuracy of curved surfaces and corner regions of the sliced stone, with 

the possibility of rejecting the workpieces. In semiconductor silicon slic­

ing, wire deflection also occurs, and it could be a source of wafer shape 

degradation when not under control. The modern multi-wire saw ma­

chines, like the ones used for our study, indirectly monitor this bow 

through saw parameters such as the main drive torque.

Jain and Rathore [9] developed an ANN model using certain slic­

ing parameters as input, namely shear strength parameter cohesion and 

machine parameters (peripheral speed and thrust), to predict the cut­

ting performance of a diamond wire saw, with the aim of planning the 

production of marble blocks and cost estimation, organizing a more ef­

ficient marble quarry and reducing cutting costs. They also compared 

the results of the ANN with Multiple Regression Models, and they stated 

that ANN is a better prediction model.

For Mikaeil et al. [10], the focus of the application of ML was in­

stead on predicting the performance of DCW in slicing marble or stones, 

which means to and optimizing the wire wear-out controlling reduce the 

manufacturing cost.

2.4 . Solution proposed in this article

In contrast to the above-mentioned works, the present work, which 

is focused on semiconductor silicon wafers, aims to provide ML-based 

models to link the wafer warpage with about twenty slicing parameters 

(such as bearing boxes and coolant temperatures, coolant density and 

flow, main drive torque, wire tension, etc.). It should also be noted that 

the input parameters we consider in this study are way more than those 

used in previous works, considering both mechanical and thermal ones.

As stated, we specifically focus on the warpage as the output, since 

it is an important parameter for semiconductor wafers to properly man­

ufacture microchips. In contrast, previous works mostly focused on 

parameters like roughness and cutting efficiency.

Finally, concerning the model definition, we used both traditional 

ML models as well as a newly released ML technique (TabPFN), which, 

to the best of our knowledge, does not appear to have been used by 

previous works in this field.

3 . Objectives

Given the availability of a sufficiently large database storing various 

saw parameters and logs related to different cutting processes, our goal 

is to study how wafer warpage is affected by key saw parameters and 

generate a model capable of predicting warpage based on the saw set­

tings and behavior. The model should also allow for verifying whether 

saw parameter shifts or drifts impact wafer warpage, helping in generat­

ing troubleshooting and predictive maintenance actions without waiting 

for failures. This approach can be supported by the use of ML techniques. 

[11,12].

The main limitation of this approach is the time lag between slicing 

and wafer measurements, which, however, cannot be eliminated. So, it 

is very important to achieve computationally efficient yet precise pre­

dictions (which are the focus of the present study) of the wafer warpage 

just by analyzing the saw parameters in real-time; in turn, these predic­

tions can be used to change the process settings on-the-fly to reduce the 

wafer warpage without waiting for the wafers to be measured (which 

will be the focus of future studies).

The envisioned generation of this closed loop between the saw pa­

rameters and the “as-cut” (i.e., post-slicing) wafer shape properties 

(warpage and waviness) is shown in Fig. 4.
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Fig. 3. Slicing process using loose abrasive (left) and fixed abrasive (right). Loose abrasive cuts by rolling, while fixed abrasive does so by sliding.

Fig. 4. Closed loop between the saw parameters and the as-cut wafer shape 

properties.

4 . Methodology and experiments

The methodology to generate models capable of predicting the wafer 

warpage based on saw parameters focuses on the steps described next.

4.1 . Data acquisition

The first step is the creation of a database containing the records of 

a set of measurements taken from the slicing process.

We collected, in total, data from 1098 cuts from a single machine. 

For every cut, the dataset contains records taken during the cut of a 

set of measurements (more than 50), such as temperatures, wire speed, 

wire tension, motor torque, coolant pressure, etc. The recording period 

is seven seconds,4 while the total cutting cycle takes between 5 and 10 h, 

depending on the tool and type of silicon to be sliced. In our case, the cut­

ting time was set to 5 h. In total, we collected about 2650 records per cut. 

The samples from each cut were stored in a single CSV file. An example 

of data collected during a cut is shown in Table 1. A detailed explanation 

of each measured parameter is provided in Table A.12 reported in the 

Appendix.

The CSV files were then collected into a database, containing a total 

of about 2.9 M records, which were then used as input for the subsequent 

steps.

4 In this period, the cutting position change is about 100–120 µm, less than a 

wire diameter (which is close to 150 µm). This makes measurements accurate 

enough to evaluate local deformation of the warpage to a level requested by the 

customers.

4.2 . Pre-processing

Some of the parameters were deemed significant from an engineer­

ing point of view, or thought to impact our output of interest (i.e., the 

warpage), while others were considered to have no or limited influence 

on them. This data screening was performed based on previous silicon 

slicing experience, after which the non-impacting parameters were re­

moved from the analysis. Among more than 50 parameters, we found 

about 20 of them with a potential impact on warpage. So, for each 

cut, we considered only the time series associated with those 20 pa­

rameters, and for the subsequent steps, we restricted the analyses only 

to those time series. For example, “slurry temperature”, “slurry flow”, 

and “wire tension” were kept as significant, while “wire breakage and 

ground signal” or “cooling water valve position” were not considered in 

the analyses.

Furthermore, we decided to remove the warm-up phase and the 

wafer’s unloading phase from each time series: the first phase is needed 

to “thermalize” and stabilize the machine before starting cutting, so its 

length depends on the previous conditions rather than the slicing con­

figuration per se; the latter occurs at the end of the cut and as such it 

does not contribute to the warpage.

As output data, we considered warpage measurements of sample 

wafers from each cut. Specifically, for each cut, a certain number of 

wafers (taken from fixed positions of the ingot) were taken and measured 

for warpage. The tool used to measure warpage was a single-station sys­

tem using two non-contact capacitive probes, a standard tool utilized 

in the semiconductor industry for 200 mm as-cut wafers [2].5 The tool 

explores the whole wafer surface during the measurements. More than 

2000 records were taken per wafer to obtain the final warpage value.

An example of warpage measurements is shown in Table 2, organized 

as an output matrix. The first column is simply the wafer ID number, 

indicating the position of the wafer inside the cut; the sequence is re­

peated since the shown cut was composed of two ingots. The second 

column indicates the cut ID. The third column indicates the warpage 

measurement.

As can be noticed by looking at the data, there is no direct link be­

tween rows in the input matrix, which are time-based, thus varying in 

a direction perpendicular to the ingot axis, and the rows in the output 

matrix, which are by wafer number (position along the ingot), and vary 

5 As the tool is used 24/7 in production, a calibration check based on a master 

wafer, generated following the semiconductor industry standards, hence with a 

certified warpage value, was used to validate the accuracy of the tool three times 

per day. In terms of accuracy, the calibration readings were within 1 µm of the 

master warpage value (which is around 10–12 µm).
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Table 1 

Example of slicing parameters collected during a cut. Note that not all columns are shown, due to space limitations.

Time ABS_F REL_V v_Fed v_Wir N3201 N3221 B4003 B4007 B4001 B4005 B1771 B1773

[mm] [mm] [mm/min] [mm/min] [N] [N]

02:30:19 287.924 25.001 −0.49 0.00 2.66 3.08 17.33 17.26 17.53 17.16 15.90 15.81

02:30:26 287.873 24.948 −0.49 −9.59 24.72 25.14 17.33 17.33 17.53 17.16 15.75 15.72

02:30:33 287.830 24.906 −0.49 −15.00 24.78 25.18 17.33 17.33 17.53 17.16 15.49 15.31

02:30:40 287.759 24.836 −0.49 −15.00 24.83 25.18 17.33 17.36 17.53 17.16 15.23 15.02

02:30:47 287.711 24.788 −0.49 −15.00 24.83 25.18 17.33 17.36 17.53 17.16 15.00 14.78

02:30:54 287.647 24.724 −0.49 −15.00 24.89 25.18 17.33 17.36 17.53 17.16 14.81 14.60

02:31:01 287.574 24.652 −0.49 −15.00 24.94 25.20 17.33 17.36 17.53 17.16 14.66 14.44

02:31:08 287.473 24.550 −0.49 −15.00 25.04 25.34 17.36 17.36 17.53 17.16 14.53 14.29

02:31:15 287.360 24.436 −0.49 −15.00 25.14 25.36 17.36 17.36 17.53 17.16 14.41 14.14

02:31:22 287.309 24.386 −0.49 −15.00 25.20 25.40 17.36 17.36 17.53 17.16 14.30 14.00

02:31:29 287.246 24.322 −0.49 −15.00 25.25 25.42 17.36 17.36 17.53 17.16 14.20 13.87

02:31:36 287.175 24.250 −0.49 −15.00 25.27 25.42 17.36 17.36 17.53 17.16 14.12 13.75

02:31:43 287.099 24.174 −0.49 −15.00 25.30 25.42 17.36 17.36 17.53 17.16 14.05 13.64

02:31:50 287.018 24.093 −0.49 −15.00 25.32 25.42 17.36 17.36 17.53 17.16 14.00 13.54

02:31:57 286.930 24.005 −0.49 −15.00 25.35 25.42 17.36 17.36 17.53 17.16 13.94 13.44

02:32:04 286.848 23.923 −0.49 −15.00 25.36 25.42 17.36 17.36 17.53 17.16 13.89 13.35

02:32:11 286.764 23.839 −0.49 −15.00 25.38 25.42 17.36 17.36 17.53 17.19 13.85 13.27

02:32:18 286.698 23.774 −0.49 −15.00 25.41 25.42 17.36 17.36 17.55 17.19 14.74 14.52

02:32:25 286.799 23.874 −0.49 −15.00 25.42 25.42 17.36 17.36 17.58 17.19 14.74 14.52

02:32:32 286.734 23.811 −0.49 −15.00 25.24 25.24 17.65 17.79 17.58 17.19 14.70 14.52

02:32:46 286.734 23.811 −0.49 −15.00 25.24 25.24 17.65 17.79 17.58 17.19 14.70 14.52

02:32:53 286.685 23.762 −0.49 −15.00 24.70 24.75 17.70 17.84 17.60 17.19 14.70 14.49

Table 2 

Example of warpage measurements.

WAFER CUT ID warpage [𝝁m]

1 H16_1_002 16.943

2 H16_1_002 9.786

3 H16_1_002 12.223

4 H16_1_002 16.324

5 H16_1_002 14.966

6 H16_1_002 9.821

7 H16_1_002 11.768

8 H16_1_002 11.712

9 H16_1_002 12.374

1 H16_1_002 21.659

2 H16_1_002 21.152

3 H16_1_002 19.170

4 H16_1_002 21.518

5 H16_1_002 18.707

6 H16_1_002 20.874

7 H16_1_002 23.017

in the direction of the ingot axis. As a solution to this issue, we sum­

marized the output data at the cut level, calculating the average (AVE) 

and the standard deviation (STDEV) of the warpage measurements of 

the wafers belonging to each cut. Therefore, we derived for each cut 

two associated output values (AVE and STDEV), hereafter referred to as 

targets, according to common jargon in ML-based regression.

4.3 . Exploratory data analysis and feature engineering

In order to effectively use most ML algorithms, we have built a set of 

derived features from each of the 20 time series considered for each cut; 

for a sample cut, see Figs. 5 and 6. For feature extraction, we leveraged 

the Catch22 Python library [13], generating 20 synthetic time series in­

dicators from each of the input time series, to which we additionally 

added the average and standard deviation of each input time series. 

Eventually, we derived a set of (22 + 2) ⋅ 20 = 480 features for every 

cut.

Eventually, we ended up building an input matrix made up of 1098 

rows (each one corresponding to a separate cut) and 480 columns (one 

column for each of the Catch22-derived features, see Table 3 for a 

sample of the input matrix).

This way, we could obtain input and output matrices with rows repre­

senting cuts, thus being able to associate the set of input data associated 

with each cut with the two outputs AVE and STDEV of the warpage.

4.4 . Assessment of empty and NAN values

As a first step in the exploratory data analysis, we evaluated the 

columns with empty or NAN values. These correspond to pairs (cut, time 

series) for which (part of) the Catch22-derived features could not be 

calculated. We did not focus on the reasons behind these missing cal­

culations, considering the lack of a value as a possible indicator of an 

anomalous time series.

In order to analyze possible specific patterns between the NAN values 

and the target values, we identified the cuts whose target values were 

extreme. For this purpose, we first identified families of cuts with high 

and low target values. These have been defined, respectively, as follows:

• high target cuts: cuts appearing as high outliers in Fig. 7, i.e., cuts 

whose target value is greater than Q3 + 1.5 ∗ IQR;

• low target cuts: as no low outlier appears in Fig. 7, we defined a 

lower threshold as 0.8 ∗ Q1. Cuts whose value is lower than that 

are considered low target cuts.

Based on these definitions, no specific pattern in NAN values distri­

bution was observed. Therefore, we dropped all the columns with more 

than 20% of empty values, keeping 446 remaining features.

4.5 . Feature cleaning

We have focused on columns with fewer than three identical values. 

These columns correspond to Catch22-derived features that take one or 

two unique values among all cuts. This means that, for some specific 

time series, the calculated features yield the same results, which do not 

add any information to the analysis. We decided to remove all these 

features. After this step, we retained 428 cleaned features.

4.6 . Train-test split and data imputation

According to ML best practices, we randomly split the whole dataset 

into a training and a test set (containing respectively 80% and 20% of 

cuts), filling the remaining NAN values with the median calculated over 

the training set (after some preliminary attempts, we eventually decided 

to replace the empty values with the median, instead, e.g., of dropping 
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Fig. 5. Time series of selected features (1-10) for a sample cut, after removal of warm-up and final unload steps. The x-axis indicates the displacement of the ingot 

along the x direction, in mm.

the columns or the cuts; we have observed how this simple imputa­

tion strategy, which is common in data preparation, is sufficient for 

our purposes). There are other techniques to fill up the NAN values (see, 

for example, [14]), yet we considered the median a valuable and easy 

system for this purpose.

4.7 . Feature normalization and correlation analysis

As a last step before evaluation, we have normalized the features and 

calculated the linear correlation coefficients with both targets (AVE and 

STDEV). Normalization has been done according to the values calculated 

on the training set only, to avoid any leakage issues. Tables 4 and 5 show 

the most correlated features with the AVE and STDEV targets.

4.8 . Evaluation

The evaluation phase aims at deriving from the data an empirical re­

lationship between the input features (𝑋𝑖) and a target value (𝑦𝑗). This 

relationship is inferred by using different ML algorithms. The ML task 

to tackle is a regression one, as we are attempting to predict continu­

ous outputs. As we have two independent targets (AVE and STDEV), we 

trained independent models for each target.

There are different metrics suitable for regression tasks, such as Root 

Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Absolute 

Percentage Error (MAPE), and coefficient of determination (R2), which 

analyze the model’s predictions from different perspectives. Given the 

range of target values, for the present analysis, we use MAPE and R2

since MAPE is normalized with respect to actual target values.

Models have been trained on the training set and tested on the test 

set to evaluate their generalization capabilities.

We started considering four widely-adopted traditional ML algo­

rithms for tabular data, namely:

• Linear Regression (LR)

• Random Forest (RF)

• Light Gradient Boosting Machine (LGBM)

• Multi-Layer Perceptron (MLP)

Detailed results for the best models can be found in Section 5.1.

Ultimately, we decided to include in our evaluation the recently 

introduced Tabular Prior-data Fitted Network (TabPFN) model [5], 

one of the latest approaches representing a family of models that use 

In-Context Learning (ICL) of foundational models pretrained on large 

(mostly, synthetically generated) sets of tabular data to perform classifi­

cation or regression [15–18]. This model, in particular, has been claimed 

to outperform state-of-the-art gradient boosting models such as LGBM. 

While the inference time and memory footprint of this model are larger 

than those of traditional ML models, it offers various advantages, in 

primis, the fact that it does not require training and that it is essentially 

parameter-free. Moreover, another advantage is that, with this model, 

most of the data pre-processing and cleaning steps required for the tra­

ditional ML algorithms can be skipped. In detail, we tested the TabPFN 

on our data with the following pre-processing steps:

1. after having removed the Catch22-derived features with more 

than 20% of empty values (i.e., by leaving 446 columns in the 

input matrix);

Materials Today Communications 51 (2026) 114857 

6 



C. Zavattari, D. Demaria, F. Bonda et al.

Fig. 6. Time series of selected features (11-20) for a sample cut, after removal of warm-up and final unload steps. The x-axis indicates the displacement of the ingot 

along the x direction, in mm.

Table 3 

Sample of the input data, showing the first cuts and Catch22-derived features.

ID mode_5

[mm]

mode_10

[mm]

stretch_decreasing

[mm]

outlier_timing_pos

[mm]

outlier_timing_neg

[mm]

acf_timescale

[mm]

acf_first_min

[mm]

centroid_freq

[mm]

low_freq_power

H16_1_002 2.00 13.50 1281.0 −0.91 0.56 562.0 2048.0 4746.86 0.0015

H16_1_003 2.00 13.50 1277.0 −0.91 0.56 561.0 2048.0 4751.54 0.0015

H16_1_004 2.00 13.50 1274.0 −0.91 0.56 559.0 2048.0 4755.57 0.0015

H16_1_005 2.00 13.50 1280.0 −0.91 0.56 562.0 2048.0 4748.01 0.0015

H16_1_007 1.97 13.47 1280.0 −0.91 0.56 562.0 2048.0 4747.37 0.0015

H16_2_165 −98.75 −3.13 1124.0 −0.70 0.50 490.0 1618.0 3807.17 0.0015

H16_2_166 −98.76 −3.14 1123.0 −0.97 0.50 490.0 1618.0 3803.20 0.0015

H16_2_167 −98.75 −3.13 1123.0 −0.97 0.50 490.0 1618.0 3806.23 0.0015

2. after having removed the Catch22-derived features with less than 

3 unique values (i.e, by leaving 428 columns in the input matrix);

3. after having filled the remaining NAN values with the median 

calculated over the training set.

Specifically, we tested a model where only the preprocessing step 

(1) was applied; another where steps (1) and (2) were applied; and a 

final one where all steps (1)-(3) were applied. Detailed results for each 

attempt can be found in Section 5.2.

Table 6 shows a summary of the models tested, along with their main 

parameters.

Table 7 shows a rough summary of the methodology with some 

reference numbers and comments. Note, though, that certain property 

details, e.g., some saw parameters, warpage values, and correlations, are 

not disclosed.

5 . Results and discussion

Here we show the most relevant results obtained during the evalua­

tion phase.

5.1 . Results of traditional ML algorithms

As expected, the best-performing ML algorithms for tabular data are 

tree-based algorithms, such as LGBM and RF, which are known to be 

particularly effective on regression tasks on such kinds of data [19–21].

For each of the two targets, we first identified the best model, which 

resulted in LGBM and RF, respectively, for the AVE and STDEV targets. 

For each target, we then used the best-performing model to identify the 

most important features (based on both the highest model-specific im­

portance metrics and the highest correlation coefficients). Eventually, 
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Fig. 7. Distribution of AVE and STDEV warpage values across all the analyzed cuts.

Table 4 

Features with the lowest (top) and highest (bottom) 

correlation with AVE target values.

Feature Correlation

B3901 [Deg. C]__mean −0.26

B4001 [Deg. C]__rs_range −0.23

B4001 [Deg. C]__acf_first_min −0.22

B3901 [Deg. C]__mode_10 −0.21

A1611 [Nm]__std 0.22

B4001 [Deg. C]__mode_10 0.22

B3905 [Deg. C]__mean 0.23

B3905 [Deg. C]__mode_10 0.23

Table 5 

Features with the lowest (top) and highest (bottom) 

correlation with STDEV target values.

Feature Correlation

B3901 [Deg. C]__mean −0.29

B3901 [Deg. C]__mode_5 −0.27

B3901 [Deg. C]__mode_10 −0.26

B3905 [Deg. C]__entropy_pairs −0.25

B3905 [Deg. C]__mean 0.32

B3905 [Deg. C]__centroid_freq 0.33

B3905 [Deg. C]__std 0.32

B3905 [Deg. C]__mode_10 0.32

Table 6 

Summary of the tested ML models with their parameterization.

Model Details

Linear Regression (LR) N/A

Random Forest (RF) - num. estimators = 100

- maximum depth = 4

- minimum samples per leaf = 20

- minimum samples per split = 20

- maximum features per split = 50%

Light Gradient Boosting - maximum training round = 20,000

Machine (LGBM) - early stopping = 100 rounds

Multi-Layer Perceptron (MLP) - 2 hidden layers (resp. 50 and 25 neurons)

- RELU activation function

TabPFN N/A

the same best-performing model was retrained on the same input data, 

this time considering as input features: 

Table 7 

Summary of the methodology flow.

Type Value

Input data Logging period Mar. 2023 – Sept. 2024

Number of cuts 1098

Number of rows in the dataset >2.9 M

Number of significant (for warpage) 20

slicing parameters

Output data Wafer warpage 5–30 µm

Data analysis Time series indicators Catch22-derived

Model types - LR

- RF

- LGBM

- MLP

- TabPFN

Regression metrics - MAPE

- R2

Table 8 

Results of the traditional ML algorithms on the test set 

for the AVE target (top) and the STDEV target (bot­

tom). For each target, we also report the results of 

the best-performing model after retraining on the most 

important features (see the text for details).

Model MAPE R2

LR ≫ 100% < 0
RF 16.1% 0.218

LGBM 16.1% 0.227

MLP 18.9% < 0
LGBM(retrained) 15.7% 0.248

RF 28.8% 0.108

LGBM 29.4% < 0
MLP 3.52% < 0
RF(retrained) 2.84% 0.120

• the top-20 most important features (evaluated according to the 

specific selected model); these features were chosen, respectively, 

using the split gain method for LGBM and the impurity-based 

feature importance for RF;

• the features with correlation coefficients > 0.15 or < −0.15
(thresholds chosen empirically based on the maximum correlation 

coefficient found for each target).

The subset of the best features accounts for 80 features for LGBM 

and 67 features for RF models, out of 428 initial features. This step was 
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taken to verify if feature selection can help with training. Table 8 shows 

a summary of the results of all the tested ML models for both targets.

The best model was found to be the LGBM, related to the AVE tar­

get, yielding a MAPE equal to 15.7% and an R2 value of 24.8%. The 

latter result indicates that about 25% of the variation of the target is 

explained by the model. The MAPE value, instead, indicates that the 

model predictions, on average, are about 15.7% accurate. Visually, this 

can be appreciated in Fig. 8, where the scatterplot between actual and 

predicted values is reported, for each of the two targets, together with 

the 1-to-1 reference line (intuitively, the more the points align with the 

reference line, the more accurate the prediction model).

We then used the best model for each of the two targets to identify the 

most relevant features. A list of the 20 top-scoring features is provided 

in Fig. 9, respectively for LGBM (left) and for RF (right).

Finally, we further explored the interpretation of the MAPE metric 

for the case of the best model, namely LGBM, on the AVE target. We 

recall that the MAPE is defined as follows:

𝑀𝐴𝑃𝐸 = 1
𝑛

𝑛
∑

𝑖=1
𝐴𝑃𝐸𝑖

𝐴𝑃𝐸𝑖 =
|

|

|

|

𝑦̂𝑖 − 𝑦𝑖
𝑦𝑖

|

|

|

|

∗ 100%

where 𝑦̂𝑖 and 𝑦𝑖 are, respectively, the 𝑖-th estimated and actual values, 

and 𝐴𝑃𝐸𝑖 is the Absolute Percentage Error (APE) for the 𝑖-th value. We 

investigated the distribution of 𝐴𝑃𝐸𝑖 across the test data, which can be 

seen in Fig. 10.

Although, as seen in Table 8, the achieved overall MAPE was about 

15.7%, we could observe a specific pattern in the individual values of 

𝐴𝑃𝐸𝑖: they tend to take lower values as more data are collected. This 

tendency becomes even clearer if we observe the kernel density esti­

mation (KDE) of the AVE target values of the test set (see Fig. 11). 

Focusing on the Inter-Quartile Range only (Fig. 10, bottom), we cal­

culated a 𝑀𝐴𝑃𝐸
|𝐼𝑄𝑅| of about 10.1%. If this observed reduction of APE 

in the regions with the highest data density is not a pure statistical co­

incidence, we may expect that increasing the data density by collecting 

future data could further improve the model performance.

5.2 . Results of TabPFN

As discussed earlier, TabPFN leverages ICL to learn complex associa­

tion rules between input and output. It has been pretrained on millions of 

synthetic datasets in order to cover a very wide scope of possible rules. 

In our evaluation, we tested the TabPFN model using the Catch-22-

derived features after the three different levels of feature pre-processing 

discussed above. The results for the AVE target are shown in Table 9. 

Fig. 8. Observed vs. Predicted values for LGBM on the AVE target (left) and for RF for the STDEV target (right).

Fig. 9. Feature importance for LGBM model on the AVE target (left) and for RF model for the STDEV target (right).
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Fig. 10. Absolute percentage error for LGBM on the test set data on the AVE target (on the right, zoom on the inter-quartile range).

Fig. 11. KDE distribution for LGBM on the test set data on the AVE target, with 

inter-quartile range superimposed.

Table 9 

Results of TabPFN on the test set for the AVE target.

Pre-processing level MAPE R2

Removal of Catch-22-derived features with more 

than 20% of empty values

14.8% 0.358

Removal of Catch-22-derived features with less then 

3 unique values

14.7% 0.375

Fill of empty values with median 14.7% 0.374

Analogous attempts for the STDEV target all returned negative R2 val­

ues. Therefore, they are not reported in detail and are not discussed in 

the following.

From the table, we can infer the following main outcomes:

1. TabPFN outperformed the best identified ML algorithm for the 

AVE target prediction (i.e., LGBM) even when trained on a dataset 

with very little pre-processing.

2. After removal of features with less than 3 unique values, the R2

metric achieved the highest value.

3. No improvement was achieved with further pre-processing.

Fig. 12 shows the fitting capability of the TabPFN model visually 

(note that only a single outlier is observed), in an analogous way to 

what has been done for the traditional ML models.

At last, we investigated the interpretability of the TabPFN model. 

This is a crucial aspect as, like any other model based on deep learn­

ing, TabPFN behaves as a black box model. In other words, it is not 

trivial to understand how the model response is produced, as the in­

ner model’s working is basically hidden. However, it is possible to get 

an idea of the most relevant features by calculating, for instance, the 

SHAP (Shapley Additive Explanation) values [22]. This interpretability 

method is available within the TabPFN extension library.6 Intuitively, 

SHAP values represent the contribution of each feature to the response 

of the model: e.g., a positive SHAP value indicates that, for that data 

point, that feature is pushing the output toward values greater than the 

baseline model prediction, the opposite being true for negative SHAP 

values.

In Fig. 13, we show an example of SHAP values calculated on a ran­

dom subset of the test dataset for the TabPFN model tested after removal 

of Catch-22-derived features with less than 3 unique values. In partic­

ular, the figure shows both the extent and the type of the contribution 

of the top ranking features to the prediction (positive or negative): each 

dot represents the SHAP value of a specific feature of a specific cut; the 

highest the absolute value, the highest the impact of that feature for pre­

dicting that point target; the redder the dot, the highest the value of the 

feature. As a consequence, when reddish dots are mainly placed on pos­

itive SHAP values, that feature’s correlation with the target is mainly 

positive (as the feature increases, the target increases); on the other 

6 https://github.com/PriorLabs/tabpfn-extensions
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Fig. 12. Actual vs. predicted values for TabPFN on the AVE target.

Fig. 13. SHAP values (highest ranking features).

hand, when blueish dots are mainly placed on positive SHAP values, 

that feature’s correlation is mainly negative (as the feature increases, 

the target decreases).

5.3 . Physical interpretation and discussion

During slicing, the relative movement of the DCW and the ingot cre­

ates friction and abrasion of silicon, inducing alterations in the wire 

saw machine: the generated heat diffuses along the silicon ingot, the 

wire guides supporting the wire, the feed unit, etc. The saw undergoes 

stresses that induce radial and axial forces. Thus, both heat and mechan­

ical forces tend to deflect the wafers from a perfectly flat plane: this is 

called warpage.

As shown in Fig. 14, the involved forces can be divided into three 

groups: vertical radial, horizontal radial, and axial.

Since warpage is essentially an axial deformation, the projection of 

the resultant of all the forces along the axial direction can provide an 

indication of what the resulting wafer warpage will be.

As mentioned earlier, using the traditional ML techniques, the pa­

rameters with the highest correlation with warpage were found to be 

the main drive torque (recorded as time series A1601 and A1611) and 

some temperatures, mainly the coolant ones (B3901, i.e., the tempera­

ture after the heat exchanger, and B3905, i.e., the temperature of the 

coolant after slicing). The analysis using TabPFN highlighted another 

parameter correlated with warpage: coolant density.

The main drive torque is an indication of the friction (or abrasion 

force) generated during cutting, which increases the ingot temperature 

and expansion, as the machine has to apply a torque to the main drive 

to keep the wire speed at a desired value to continue cutting. An in­

crease in this torque means an abnormal increase in the friction, which 

indicates that it is more difficult to slice the wafers (see Table 4, where 

the torque standard deviation is one of the most correlated parameters 

with warpage average). This may result in a higher wafer deformation 

(higher warpage).

Friction is also responsible for another phenomenon: diamond is 

much harder than silicon, but during slicing, the wire coating degrades, 

and the cutting ability of the new wire (inlet side) is higher than that 

of the used wire (outlet side). In fact, during cutting, the downward 

movement of the feed unit generates a wire bow, and the wire wear-out 

between the inlet and outlet sides induces a difference in the wire de­

flection. This difference generates an unbalanced situation between the 

two sides in terms of applied force, yielding an axial force pushing to­

ward the used wire side. This force is one of the reasons why, in general, 

the warpage of the wafers sliced in the new wire section is lower than 

that of the ones sliced in the used wire section, since in the first section, 

this force is counteracting the heat force, while in the other section, they 

sum up.

Moreover, the increase in temperature due to friction expands the 

silicon ingot in all directions, including the axial one. The expansion is 

higher at the two ends of the ingot, compared with the center, and it 

is responsible for the deflection from a straight line during the wafer 

generation. This force varies during slicing because of the variation in 

Fig. 14. Sketch of a wire saw with a schematic indication of how warpage is 

generated due to forces acting on the ingot.
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the delta temperature reached by the ingot and the change in the friction 

force, due to the change in the total silicon surface to be sliced, the 

ingot being round. More details about the importance of friction and 

the resulting heat generation are explained and demonstrated in [23]. 

This is also the confirmation that our models (mainly TabPFN, but also 

LGBM) link the appropriate parameters to warpage.

As for what concerns the coolant temperatures (B3901 and B3905 in 

Table 4), these are also strictly connected to the friction, and they can be 

used as an indication of abnormal behavior during slicing. It is intuitive 

to understand that if extra friction occurs, more heat is generated, hence 

the coolant temperature after slicing (B3905) increases, so it needs more 

cooling to bring it back to the set/desired value. This means the coolant 

temperature after going through the heat exchanger (B3901) will also 

depend on the generated friction: the higher the friction, the lower the 

outcome temperature. In fact, with SHAP analysis, we found a positive 

correlation between warpage and B3905 (coolant temperature out of the 

slicing location), and a negative correlation with B3901 (coolant temper­

ature out of the heat exchanger). This dynamic is clearly demonstrated 

by the wavy behavior of both the temperatures (see Fig. 6), which is 

due to the PID settings of the saw machine, and it is designed in such 

a way to keep the coolant inlet (the one used for slicing) temperature 

as constant as possible, considering the wire moves in a pilgrim mode, 

and, during the wire direction change, the speed is reduced to zero.

Other monitored temperatures also appeared to have an effect on 

warpage, such as that of the bearing box (B4001), although with a lower 

correlation compared to the coolant temperatures. An existing correla­

tion between warpage and bearing box temperature had already been 

explored in previous work [24], where it was found that it is possible to 

control warpage during cutting just by changing the bearing box tem­

perature settings and profiles. However, that previous study could be 

used only to fine-tune the slicing recipe, but not to predict the effects of 

slicing parameters on warpage.

Finally, the coolant density (B3803 in Fig. 13) also had a high cor­

relation with warpage, as identified by TabPFN. The coolant density 

is an indication of how much silicon kerf is generated during cutting; 

accumulation of swarf occurs because of slicing, but if any abnormal ac­

cumulation happens, it can result from an abnormal kerf removal due to 

the variability of diamond grain distribution on the wire or a fluctuation 

in grain size range, even within the supplier’s specification.

Beyond these aspects, other forces contribute to determining the 

warpage, and the resultant of the axial forces also depends on the in­

got position, increasing from the new wire side (inlet) to the used wire 

side (outlet). An example of such variation is shown in Fig. 15, where 

the resultant of the axial forces has been determined for three different 

wire conditions (inlet, central section, and outlet).

Of note, the warpage displays a similar trend as the axial force resul­

tant; in other words, the warpage along the cutting direction correlates 

with the force resultant along the same direction. Fig. 16 shows an 

example of a typical warpage profile.

Fig. 15. Axial force resultant applied along the cutting direction at different 

ingot locations.

Fig. 16. Warpage cross-section along the cutting direction.

6 . Conclusions and future works

Wire sawing is a key process to produce semiconductor silicon 

wafers. Slicing induces a wafer shape deformation, which is difficult to 

correct or mitigate. In this work, we applied several ML techniques to 

help identify the correlation between the saw machine parameters and 

the warpage. The models generated in this study can be used as a good 

tool to predict warpage values of as-cut wafers before they are physi­

cally measured. Of note, the most efficient model was generated using 

the recent Tabular Prior-data Fitted Network (TabPFN) [5], which pro­

duced effective results even with limited pre-processing on the warpage 

AVE target, although it exhibited quite unsatisfactory behavior on the 

STDEV target.

Other models were generated using traditional ML techniques: while 

LR and MLP did not show any particularly useful predictive ability, 

others, namely RF and LGBM, performed better, although with a not-

so-strong correlation. In particular, the model generated with LGBM 

showed an R2 of 24.8% with an MAPE of 15.7%. In contrast, TabPFN 

showed an ability to predict warpage with an MAPE as low as 14.7% and 

R2 of up to 37.5%. This means that about half of the warpage AVG vari­

ability is explained by the model. On the other hand, the TabPFN model 

predicting warpage STDEV returned a negative R2, indicating an inabil­

ity to properly model this target variable. One possible reason to explain 

this can be traced to the approximations made during data preparation, 

where we had to use summary variables to allow for a match between 

input and output data.

Overall, the major slicing parameters correlating with warpage, high­

lighted by the TabPFN model, were found to be the coolant density, 

its temperature after slicing, the temperature of the coolant after the 

heat exchanger, and the amount of main drive torque to be applied to 

the system to overcome the slicing friction. Furthermore, looking at the 

LGBM results, we found another variable correlating with warpage: the 

bearing boxes’ temperature. SHAP values confirmed a positive correla­

tion between warpage average and coolant density, its temperature after 

slicing, and main drive torque, while the correlation with the coolant 

temperature after the heat exchanger is opposite.

To conclude, this article represents a first attempt to connect saw pa­

rameters and warpage using an ML approach; our main goal is to under­

stand the main acting mechanisms, assessing the feasibility of ML-based 

approaches for the problem at hand, with the future goal of approaching 

the problem using more data and, possibly, more sophisticated models.

For instance, one possible approach to further improve our results 

could be to consider, as output, the warpage trend along the ingot 

(instead of the average warpage per cut, as we did in this study); more­

over, by increasing the dataset size by collecting more data/cuts, the 

model performance should further improve. Another possibility would 

be to use raw data, instead of Catch22-derived features, as input to 

the ML model, and use ML models such as Multi-head CNN-LSTMs 

[25] or Transformers [26], which have shown promising results in 

similar time-series-related tasks like remaining useful life prediction. 

Finally, another way to further improve accuracy would be to go be­

yond a purely data-driven approach and consider the knowledge about 
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the physical mechanisms underlying wafer warpage [23] to develop a 

Physics-Informed Neural Network (PINN) [27]. Such a hybrid approach 

may not only improve prediction accuracy but also yield results that are 

more physically interpretable and insightful.

Besides attempting to improve the results, the most appealing future 

development of this study could be to use ML to modify the slicing recipe 

and parameters to control the warpage: since the slicing recipe controls 

the coolant and bearing boxes’ temperatures, one could tune and modify 

their settings based on the model’s output. For instance, the main drive 

torque could be controlled by changing the cutting time (i.e., increasing 

it to reduce the torque) or modifying the table feed speed profile.
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Appendix A . List of abbreviations used in the paper

Table A.10 

Industry- and wafer-related abbreviations.

Abbreviation Explanation

ESG Environment, Social and Governance

DCW Diamond Coated Wire

MRR Material Removal Rate

SSD Sub Surface Damage

Table A.11 

Statistics- and Machine Learning-related abbreviations.

Abbreviation Explanation

ANN Artificial Neural Network

APE Absolute Percentage Error

AVE Average Target

CNN Convolutional Neural Network

ICL In-Context Learning

IQR Inter-Quartile Range

KDE Kernel Density Estimation

LGBM Light Gradient Boosting Machine

LR Linear Regression

LSTM Long-Short Time Memory

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error

ML Machine Learning

MLP Multi-Layer Perceptron

NAN Not A Number/empty value

PFN Prior Fitted Network

R^2 Coefficient of determination

RELU REctified Linear Unit

RF Random Forest

RMSE Root Mean Square Error

SHAP SHaply Additive ExPlanation

STDEV Standard Deviation Target

TabPFN Tabular Prior-data Fitted Network

Table A.12 

Wire saw parameters.

Abbreviation Explanation

ABS_F mm] feed unit absolute position during slicing

REL_V [mm] relative feed unit position from (0 mm = cut starting position)

v_FED [mm/min] table feed speed

v_Wir [mm/min] wire speed

N3201 [N] wire tension (used wire side)

N3221 [N] wire tension (new wire side)

B4003 [Deg. C] left fixed bearing temperature

B4007 [Deg. C] right fixed bearing temperature

B4001 [Deg. C] left movable bearing temperature

B4005 [Deg. C] right movable bearing temperature

B3801 [Deg. C] left coolant temperature

B3803 [Deg. C] right coolant temperature

B3793 [mbar] coolant pump pressure

B3905 [Deg. C] coolant temperature (return to tank)

B3901 [Deg. C] coolant temperature after heat exchanger

B1771 [Deg. C] left coolant inlet temperature

B1773 [Deg. C] right coolant inlet temperature

B3801 [kg/h] left coolant flow

B3803 [kg/h] right coolant flow

B3801 [kg/l] left coolant density

B3803 [kg/l] right coolant density

A1601 [Nm] left main motor torque

A1611 [Nm] right main motor torque

Data availability

Data will be made available on request.
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