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Abstract
Vision Transformer (ViT) models have recently demonstrated strong performance in predict-
ing electric motor cogging torque from visual representations of motor geometry. However, the
high computational cost and memory footprint of ViT architectures hinder their deployment
in resource- constrained environments such as embedded motor drives and real-time digital
twins. This paper investigates post-training model compression techniques for a ViT-based
cogging torque prediction model. Specifically, we evaluate some activation-aware pruning
methods, which leverage activation statistics to identify redundant weights, as well as low-
rank factorization applied to attention and feed-forward layers. Experimental results demon-
strate that substantial reductions in parameter count and inference cost can be achieved with
negligible degradation in prediction performance. These findings highlight the feasibility of
deploying compressed ViT models for efficient and scalable electric motor analysis.
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Abstract—Vision Transformer (ViT) models have recently
demonstrated strong performance in predicting electric motor
cogging torque from visual representations of motor geometry.
However, the high computational cost and memory footprint
of ViT architectures hinder their deployment in resource-
constrained environments such as embedded motor drives and
real-time digital twins. This paper investigates post-training
model compression techniques for a ViT-based cogging torque
prediction model. Specifically, we evaluate some activation-aware
pruning methods, which leverage activation statistics to iden-
tify redundant weights, as well as low-rank factorization ap-
plied to attention and feed-forward layers. Experimental results
demonstrate that substantial reductions in parameter count and
inference cost can be achieved with negligible degradation in
prediction performance. These findings highlight the feasibility
of deploying compressed ViT models for efficient and scalable
electric motor analysis.

Index Terms—model compression, low-rank decomposition,
activation-aware pruning, electric motors, surrogate model, vi-
sion transformer.

I. INTRODUCTION

Cogging torque [1], originating from the interaction between
permanent magnets and stator slots in electric machines,
is a major source of torque ripple, vibration, and acoustic
noise. Accurate prediction of cogging torque is therefore
essential for electric motor design, performance optimization,
and noise–vibration–harshness (NVH) mitigation. Traditional
approaches rely heavily on finite element analysis (FEA) [2],
[3], which, although accurate, are computationally expensive
and unsuitable for rapid design iteration or real-time analysis.

To address these limitations, data-driven methods have been
increasingly explored as efficient alternatives to physics-based
simulations. In particular, recent work [4]–[8] has demon-
strated that deep learning models can learn complex nonlinear
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mappings between motor geometry and cogging torque char-
acteristics directly from data. Among these approaches, Vision
Transformer (ViT) models [9], [10] have demonstrated notable
potential due to their strong global modeling capability and
effectiveness in capturing long-range spatial dependencies in
visual representations of motor geometries.

Sun et al. [10] proposed a ViT-based framework to predict
electric motor cogging torque from motor geometry images
(Motor ViT). By treating motor cross-sectional images as
sequences of visual tokens, the ViT model effectively learns
geometry–torque relationships without manual feature engi-
neering. Experimental results showed that the proposed ViT
model outperformed convolutional neural networks, like VGG
[11] and ResNet [12] in cogging torque prediction accuracy,
highlighting the effectiveness of transformer-based architec-
tures for electric machine analysis.

Despite these performance gains, ViTs are known to be
computationally intensive and parameter-heavy [13]. The high
memory footprint and inference cost of ViT models pose
significant challenges for deployment in practical engineering
settings, such as embedded motor controllers, real-time digital
twins, and large-scale design optimization workflows. In such
scenarios, efficiency, latency, and hardware constraints are
often as critical as prediction accuracy.

Model compression [14], [15] provides a promising pathway
to address these challenges by reducing model size and compu-
tational complexity while preserving predictive performance.
However, most existing studies on ViT compression focus
on image classification tasks and generic computer vision
benchmarks. The effectiveness of advanced compression tech-
niques—particularly activation-aware pruning and activation-
aware low-rank decomposition—in regression problems such
as cogging torque prediction remains largely unexplored.

Motivated by these gaps and the aim to reduce model com-
plexity, this work investigates post-training model compression
techniques of the ViT-based cogging torque prediction model



(Motor ViT) proposed by Sun et al [10]. We systematically
apply activation-aware compression strategies to the model,
including pruning and decomposition methods, and evaluate
their impact on model performance, parameter count, and
computational cost.

II. METHODOLOGY

To compress ViT-based cogging torque prediction model
(we call Motor ViT hereafter), we evaluate four modern
activation-aware compression strategies, namely SparseGPT
[16], Pruning by Weights and Activations (Wanda) [17], Prun-
ing with Projected Gradient Descent (PGD) [18], and rank re-
duction with Activation-aware Singular-Value Decomposition
(ASVD) [19]. The objective of those methods is to reduce
model size and computational complexity while preserving
prediction accuracy.

A. SparseGPT Pruning

SparseGPT [16] is a post-training, activation-aware pruning
method that formulates weight sparsification as a layer-wise
reconstruction problem. Instead of directly optimizing the
global task loss, SparseGPT seeks a sparse approximation of
pretrained weights individually based on optimal brain surgeon
(OBS) to preserve the original module outputs under input
activations obtained in a small set of calibration data.

Given a linear transformation module Y = WX,
SparseGPT aims to find a sparse weight matrix Ŵ that
minimizes the reconstruction error

L(Ŵ) = ∥WX−ŴX∥2 = tr[(W−Ŵ)⊤C(W−Ŵ)], (1)

where W ∈ Rdout×din denotes the original weight matrix and
X represents the matrix of input activations collected from a
calibration dataset. C ≜ XX⊤ ∈ Rdin×din is the empirical
input correlation. This objective induces a quadratic form in
the weight perturbation W − Ŵ, where the empirical input
covariance C captures the sensitivity of the layer output to
individual weight elements.

Pruning is performed in a greedy, sequential manner ac-
cording to the triangularized sensitivity matrix based on
the Cholesky decomposition of C. At each pruning step,
SparseGPT removes weights that contribute least to the re-
construction objective. Importantly, after a weight is pruned,
the remaining weights are locally updated to compensate for
the induced output error. This compensation is computed by
projecting the output error caused by the pruned weight onto
the subspace spanned by the remaining input activations, effec-
tively redistributing the contribution of the removed parameter
across the unpruned weights. By explicitly accounting for the
correlations between input channels, this mechanism prevents
error accumulation during successive pruning steps.

B. Wanda Pruning

Wanda [17] is a simplified yet effective pruning method,
competitive to SparseGPT. Wanda approximates the covari-
ance matrix into a diagonal matrix, which can remove the

sequential operations needed for SparseGPT. Specifically, the
original loss in (1) will be simplified as:

L′(Ŵ) = ∥(W − Ŵ)diag[C]
1
2 ∥2, (2)

where diag[·] is a diagonal matrix, nulling out off-diagonal
elements of an argument matrix. Because there is no cor-
rection, the optimal sparse matrix Ŵ can be obtained in a
straightforward manner. Wanda computes an importance score
for each weight element as:

Qij = |Wij | · |Cjj |
1
2 . (3)

Weight elements with the smallest scores are pruned to achieve
a target sparsity level. Wanda pruning is attractive for post-
training scenarios due to its simplicity, low computational
overhead, and strong empirical performance at moderate spar-
sity levels.

C. AWP Pruning

AWPPGD [18] formulates post-training pruning as a com-
pressed sensing problem, where sparsity is enforced through
iterative projection rather than one-shot weight removal. Since
the pruning problem in ((1)) has no closed-form solution, AW-
PPGD exploits the iterative hard-thresholding (IHT) method
under sparsification constraint:

C :=
{
Ŵ : ∥Ŵ∥0 ≤ ρ dindout

}
, (4)

where ρ is a sparsity value, and ∥ · ∥0 is the ℓ0 pseudo norm
that counts the total number of nonzero elements. This is a
well-studied sparse approximation problem.

The optimization is carried out using Projected Gradient
Descent (PGD) to deal with such a constraint. The weight pa-
rameters are updated iteratively via gradient descent, followed
by a projection step that enforces sparsity:

Z(t) = Ŵ
(t)

+ η
(
W − Ŵ(t)

)
C, (5)

Ŵ(t+1) = ProjC

(
Z(t)

)
. (6)

where Ŵ(t) ∈ constraint is the compressed weight at the
tth iteration, and η is the step size. In particular, to ensure
Ŵ(0) meets the constraint, we initialize it with Wanda- or
SparseGPT-compressed weights in experiments. This iterative
adaptation mitigates abrupt performance degradation and im-
proves robustness at moderate-to-high sparsity levels. Note
that AWPPGD can incorporate quantization as well as pruning
into a constraint.

D. ASVD Low-Rank Decomposition

Low-rank decomposition [20] reduces model complexity by
factorization. For a linear layer with weight matrix W ∈
Rdout×din , it seeks:

W ≈ BA, B ∈ Rdout×r, A ∈ Rr×din (7)

where r ≪ min{din, dout} is the rank. A natural way to
realize the low-rank approximation is to use the truncated
SVD, which decomposes a matrix W as W = USV⊤, where



U, V are the left and right singular vectors, respectively, and
S is a diagonal matrix of non-negative singular values that
are sorted in descending order. By keeping only the largest r
singular values and corresponding vectors, we can have the
optimal rank-r approximation of W ≈ UrSrV

⊤
r . The low-

rank matrices B and A can be formed, e.g., as follows:

B = UrS
1/2
r , A = S1/2

r V⊤
r (8)

Restricting the approximation to pretrained weights alone
is suboptimal, since the interaction between weight perturba-
tions and activation distributions ultimately determines model
outputs. Consequently, the optimization objective should be
formulated to directly minimize the activation-aware loss in
(1, which can be realized by approximating WC

1
2 [19], [20]:

W = (WC
1
2 )C− 1

2 = svd[WC
1
2 ]C− 1

2 = (USV⊤)C− 1
2 .
(9)

By keeping only the largest r singular values and correspond-
ing vectors, we can have W ≈ UrSrV

⊤
r C

−1/2, and the low-
rank matrices are given, e.g., by

B = UrS
1/2
r , A = S1/2

r V⊤
r C

−1/2 (10)

E. Motor ViT Compression

Activation-aware low-rank decomposition is applied pri-
marily to linear layers, which dominate the parameter count
and computational cost in Motor ViT architectures. Pruning
methods introduce sparsity into the weight matrices; how-
ever, translating this sparsity into inference-time speedups and
model size reduction requires dedicated sparse computation
backends and storage formats. Low-rank decomposition, on
the other hand, provides a structured parameterization that
directly reduces the number of model parameters and inference
floating-point operation per second (FLOPs), independent of
sparse execution support.

After training of the Motor ViT model [10], these four
compression methods are applied to the linear layers within the
multi-head self-attention blocks and the feed-forward network
blocks of the transformer encoders. Activation statistics are
collected using a calibration dataset to guide pruning and
low-rank decomposition decisions. The compressed model is
evaluated with and without fine-tuning.

III. EXPERIMENTAL SETUP

Sun et al. [10] developed the Motor ViT to evaluate the
cogging torque of 4-pole, 24-slot interior permanent magnet
synchronous motor (IPMSM). To prepare the dataset, a total
of 13 geometric design parameters on the rotor and stator are
varied to generate 19,373 distinct design candidates, and finite-
element analysis (FEA) is conducted under no-load conditions
to obtain the torque waveform and induced voltage (EMF) for
each design candidate. Instead of learning a high-dimensional
waveform directly, the torque profile is decomposed into the
dominant Fourier terms,

T (θ) =A12 cos(12θ) +B12 sin(12θ)

+A24 cos(24θ) +B24 sin(24θ), (11)

TABLE I Model Description

Model Name Motor ViT-B-32
Model Input 2D image and 13 design parameters

Model Output 4 cogging torque Fourier coefficients
and electromotive force(EMF)

Number of trainable parameters 88M

such that the waveform can be reconstructed from these
coefficients (A12, B12, A24, B24). The learning target therefore
consists of predicting the Fourier coefficients (for cogging
torque reconstruction) and EMF given the motor design input,
which includes both the 2D cross-section image and the
corresponding design-parameter vector. Finally, the cogging
torque is computed from the reconstructed waveform as the
peak-to-peak difference

Tc = max(T (θ))−min(T (θ)), (12)

Truncation error of the Fourier method is negligible compared
with computation directly from original torque waveform on
the dataset. The cogging torque prediction error is computed
as:

Error = RMSE
(
T target
c , T predicted

c

)
. (13)

We evaluate the model compression for Motor ViT [10] for
motor cogging torque prediction. Among the four model
variants in [10], we use the trained Motor ViT-B-32 model
(TABLE I). The dataset contains 19,373 samples, split into
training, validation, and test sets with a ratio of 70%, 10%, and
20%, respectively. Next, the model is trained for 300 epochs
with a batch size of 128 and evaluated on the test set. More
details of Motor ViT are provided in [10].

The four compression methods described in Section II are
implemented and evaluated at three different sparsity levels
(0.4, 0.5, 0.6), which indicates that (40%, 50%, 60%) of the
model weights are non-zero after compression respectively.
We apply these compression methods to most of the linear
modules in the Motor ViT. In particular, for ASVD, the
sparsity is used to compute the decomposition rank such that
the resulting compressed layer achieves a parameter reduction
level comparable to that of the pruning-based methods under
the same reported sparsity setting. In addition, we randomly
selected 200 samples from the training set as the calibration
set.

Next, we consider two experimental settings: compression
without fine-tuning and compression followed by fine-tuning.
For fair comparison, all compressed models use the same fine-
tuning configuration. Specifically, fine-tuning is performed on
the training set for 300 epochs with a learning rate of 0.01
and a batch size of 128. During the fine-tuning stage, we
first initialized the model with compressed weights and only
updated the non-zero elements in these weights to maintain
the weight sparsity through masked gradient update. The mask
matrices were saved during the model compression stage and
element-wise multiplications were conducted between mask
matrices and gradient matrices.



IV. RESULTS AND DISCUSSION

A. Model Compression w/o Fine-Tuning
In this experiment, we apply compression methods to

trained Motor ViT without fine-tuning under three sparsity
values. Fig. 1 illustrates the performance comparison between
the original model and four compressed models obtained using
different compression techniques. In addition, TABLE II-IV
present the corresponding numeric values as a reference.
We also provided the standard deviation for RMSE in these
tables and it shows the stability of model output. It can
be observed that across all compression methods, when we
change the sparsity levels from 0.6 (40% weights to 0) to
0.4 (60% weights to 0), the model weights become sparser,
the model size decreases, and the performance declines. The
most noticeable drops occur when the sparsity value changes
from 0.5 to 0.4.

In addition, different compression methods exhibit vary-
ing degrees of performance degradation. Wanda exhibits the
largest performance degradation for cogging torque and EMF
predictions among all compression methods across all sparsity
values, while SparseGPT consistently achieves the best perfor-
mance. At sparsity 0.4 (60% weights to 0), SparseGPT yields
substantially lower RMSE and higher R-squared value than
the other three compression methods, especially in cogging
torque prediction, indicating stronger robustness under aggres-
sive pruning. This advantage is expected because SparseGPT
minimizes layer-wise reconstruction error under calibration
activations and applies a compensation update after pruning,
which helps preserve the functional behavior of transformer
linear layers.

ASVD and AWPPGD show competitive performance at
moderate-to-high sparsity (0.5–0.6). Wanda shows the high-
est degradation at low sparsity values (high sparsity level).
However, it improves rapidly as the sparsity level decreases
(from 0.4 to 0.6) and catches up with the other methods at
sparsity 0.6. This behavior may imply that simple activation-
weight scoring is sensitive to aggressive pruning but becomes
more reliable when the target sparsity is less challenging.

For EMF prediction, all methods achieve very high R-
squared values close to 1.0 (Fig. 1(D)) and relatively small
RMSE even at sparsity 0.4, indicating that EMF is an easier
target for the model to learn and preserve under compression.
Nevertheless, clear differences still can be observed.

Finally, we can tell that in compression-only case,
SparseGPT is more suitable for the compression of Motor ViT,
followed by ASVD and AWPPGD, while Wanda exhibits the
poorest performance.

B. Model Compression with Fine-Tuning
In this experiment, Motor ViT is first compressed at three

sparsity levels and then fine-tuned on the training set. Fig. 2
compares the performance of the fine-tuned compressed mod-
els, while TABLE II-IV report the corresponding numerical
results.

A key observation from Fig. 2 is that fine-tuning con-
sistently improves the compressed models, leading to lower

RMSE and higher R-squared values across almost all methods
and sparsity levels. More importantly, after fine-tuning, the
performance of several compressed models match or even
surpass the dense baseline model (no compression) in cogging
torque prediction. This demonstrates that the dense Motor
ViT may be over-parameterized and the sparsification can
act as an effective form of regularization when followed by
brief adaptation. This behavior contrasts with the compression-
only results in Fig. 1, where aggressive sparsity—especially at
0.4—causes notable degradation for methods such as Wanda.
Fine-tuning substantially reduces these gaps, indicating that
the remaining non-zero weight elements can be reconfigured
to compensate for the pruning-induced performance loss.

Similarly, The compressed-and-fine-tuned models show
monotonic degradation as the sparsity level increases from
0.6 (40%) to 0.4 (60%), with RMSE increasing and R-squared
values decreasing for all methods. The ASVD + fine-tuning (ft)
achieves the highest prediction accuracy for both the cogging
torque and the EMF at sparsity 0.5. At sparsity 0.4 and
0.6, ASVD + ft attains the lowest RMSE (highest R-squared
values) among different approaches in EMF prediction and
cogging torque prediction, respectively. In addition, AWPPGD
+ ft and SparseGPT + ft show competitive performance for
both EMF and cogging torque prediction at all sparsity levels.
In contrast, Wanda + ft, while significantly improved over
its compression-only counterpart, remains more sensitive at
sparsity 0.4, exhibiting the largest RMSE and lowest R-
squared value at that setting. However, its performance im-
proves steadily with the reduced sparsity level (0.4→0.6) and
becomes comparable to the other approaches at sparsity 0.6,
implying that fine-tuning partially mitigates suboptimal one-
shot pruning decisions.

V. CONCLUSIONS

This work investigated post-training compression of the
Motor ViT model [10], with the goal of reducing model
complexity while maintaining prediction fidelity for both cog-
ging torque and electromotive force (EMF). Four activation-
aware compression strategies—SparseGPT, Wanda, AW-
PPGD, and activation-aware SVD-based low-rank decompo-
sition (ASVD)—were applied to the linear modules of Motor
ViT-B-32 (88M parameters) and evaluated in three sparsity
settings (0.4/0.5/0.6).

In the case of compression only without fine-tuning, pre-
dictive performance decreased as the sparsity level increased
(0.6→0.4), with the largest drops observed in the most ag-
gressive sparsity setting (0.4, 60%). SparseGPT consistently
delivered the best accuracy among the evaluated methods,
particularly under aggressive pruning. When fine-tuning was
introduced after compression, compressed models showed
systematic performance recovery and multiple configurations
matched or exceeded the dense baseline in cogging torque
prediction. Notably, ASVD with fine-tuning achieved the
strongest overall performance in several settings.

Overall, the findings demonstrate the feasibility of de-
ploying compressed ViT-based surrogate models for efficient



Fig. 1: Performance comparison of compressed models (Motor ViT) under different compression methods. (A) and (B) show
the root mean square error (RMSE) of cogging torque and EMF predictions, respectively. (C) and (D) present the R-squared
values of cogging torque and EMF predictions, respectively. The sparsity value of 0.4 means that 60% ((1− 0.4)× 100%) of
weight elements in linear modules are reduced to 0. The horizontal line of Dense model represent the prediction performance
of uncompressed/original Motor ViT.

TABLE II PERFORMANCE COMPARISON OF COMPRESSION METHODS WITH THE SPARSITY VALUE = 0.4

Method RMSE of Cogging
Torque

R2 of Cogging Torque RMSE of EMF R2 of EMF

Dense Model (no compression) 0.3924± 0.3542 0.9887 0.0957± 0.0620 0.9995
ASVD 0.8270± 0.7186 0.9499 0.1696± 0.1186 0.9984
AWPPGD 1.0051± 0.8170 0.9261 0.2978± 0.2073 0.9951
SparseGPT 0.6912± 0.5890 0.9650 0.1654± 0.1102 0.9985
Wanda 1.2628± 1.0224 0.8834 0.4526± 0.2811 0.9887
ASVD + ft 0.3894± 0.3296 0.9889 0.1241± 0.0801 0.9992
AWPPGD + ft 0.3874± 0.3239 0.9890 0.1333± 0.0865 0.9990
SparseGPT + ft 0.3833± 0.3248 0.9893 0.1319± 0.0854 0.9990
Wanda + ft 0.4201± 0.3463 0.9871 0.1467± 0.0950 0.9988

Fig. 2: Performance comparison of compressed models (Motor ViT) under different compression methods and the same fine-
tuning (ft) strategy. (A) and (B) show the root mean square error (RMSE) of cogging torque and EMF predictions, respectively.
(C) and (D) present the R-squared values of cogging torque and EMF predictions, respectively. The sparsity value of 0.4 means
that 60% ((1 − 0.4) × 100%) of weight elements in linear modules are reduced to 0. The horizontal line of Dense model
represent the prediction performance of uncompressed/original Motor ViT.



TABLE III PERFORMANCE COMPARISON OF COMPRESSION METHODS WITH THE SPARSITY VALUE = 0.5)

Method RMSE of Cogging
Torque

R2 of Cogging Torque RMSE of EMF R2 of EMF

Dense Model (no compression) 0.3924± 0.3542 0.9887 0.0957± 0.0620 0.9995
ASVD 0.6079± 0.5305 0.9730 0.1316± 0.0894 0.9990
AWPPGD 0.6183± 0.5183 0.9720 0.1701± 0.1159 0.9984
SparseGPT 0.4937± 0.4325 0.9822 0.1137± 0.0747 0.9993
Wanda 0.7498± 0.6070 0.9589 0.2407± 0.1480 0.9968
ASVD + ft 0.3695± 0.3148 0.9900 0.1152± 0.0740 0.9993
AWPPGD + ft 0.3731± 0.3199 0.9898 0.1170± 0.0759 0.9992
SparseGPT + ft 0.3736± 0.3225 0.9898 0.1184± 0.0766 0.9992
Wanda + ft 0.3887± 0.3292 0.9890 0.1287± 0.0836 0.9991

TABLE IV PERFORMANCE COMPARISON OF COMPRESSION METHODS WITH THE SPARSITY VALUE = 0.6

Method RMSE of Cogging
Torque

R2 of Cogging Torque RMSE of EMF R2 of EMF

Dense Model (no compression) 0.3924± 0.3542 0.9887 0.0957± 0.0620 0.9995
ASVD 0.5059± 0.4470 0.9813 0.1181± 0.0788 0.9992
AWPPGD 0.4517± 0.4007 0.9851 0.1171± 0.0769 0.9992
SparseGPT 0.4161± 0.3739 0.9873 0.0993± 0.0658 0.9995
Wanda 0.4905± 0.4225 0.9824 0.1439± 0.0896 0.9989
ASVD + ft 0.3608± 0.3099 0.9905 0.1116± 0.0718 0.9993
AWPPGD + ft 0.3682± 0.3204 0.9901 0.1092± 0.0706 0.9993
SparseGPT + ft 0.3709± 0.3233 0.9899 0.1108± 0.0717 0.9993
Wanda + ft 0.3673± 0.3167 0.9901 0.1148± 0.0739 0.9993

electric machine analysis in resource-constrained environ-
ments.However, the robustness of the conclusions across other
motor types, geometries, and operating conditions has not
yet been fully verified. Future work will focus on: (1) the
development of sparse computation techniques to translate
model sparsity into inference-time speedups; (2) trying other
recent model compression methods, like hybrid compression
strategies that combines structured sparsity with low-rank
factorization; (3) the development of advanced compression
methods that account for weight sharing; and (4) broader
compression validation on other models or motor types.
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